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Solving strategic social coordination via Bayesian learning

Amrita Lamba! (a_lamba@mit.edu),

Sean Dae Houlihan? (dae.houlihan @dartmouth.edu),

Rebecca Saxe! (saxe @mit.edu)
IBrain and Cognitive Sciences, Massachusetts Institute of Technology
ZDepartment of Computer Science, Dartmouth College

Abstract

Repeated social coordination is a crucial aspect of daily life in
which individuals strategically distribute labor and resources,
often to accomplish complex tasks and goals. However, social
coordination is also very challenging because humans often
have competing interests, especially when successful coordina-
tion persistently leaves one party better off, entrenching inequal-
ity. Here we use a novel task, the Asymmetric Social Exchange
(ASE) Game, to study how individuals learn to coordinate with
different kinds of social partners and how individual trait vari-
ability on key social dimensions related to negative evaluation
(i.e., social anxiety), impacts compliance with disadvantageous
conventions (N = 675). Using two kinds of Bayesian models,
one that learns from experience and one that builds a causal
model of others’ hidden motivations, we show that differences
in coordination strategies arise from both individual learning
differences and from expressed social preferences. Further, we
find that social anxiety increases compliance with disadvanta-
geous payoffs.

Keywords: asymmetric social coordination; social learning;
social anxiety; hierarchical Bayesian model; Bayesian causal
model; reinforcement learning

Introduction

In daily life, people regularly coordinate social interactions
that accomplish what would otherwise be difficult or impossi-
ble to manage alone. For example, families distribute chores
amongst members and nations establish agreements to tackle
major issues, such as climate change. In entering such so-
cial arrangements, especially repeatedly, labor and resources
are often difficult to evenly split (Sdkovics & Steiner, 2012).
Asymmetric divisions of labor and resources can perpetuate in-
equality when one party benefits more from joint coordination,
increasing tension between individuals and making sustained
coordination more difficult to achieve. For instance, unevenly
distributing household chores can result in interpersonal ten-
sion when inequality persists. In such cases, individual vari-
ability in one’s desire to smooth social tension can impact
how people manage disadvantageous roles. Thus, when we
repeatedly coordinate with others to achieve a common goal
or task, we may experience tension between advancing our
own interests while also being helpful to others.

There is much to learn about the cognitive processes that
influence how people respond to different kinds of inequality
perpetuated in asymmetric coordination problems, an issue of
increased relevance in an era where many of the most pressing
problems, such as mitigating climate change, require sustained
coordination. In the current study, we investigate how people

dynamically form coordination strategies from direct experi-
ence interacting with different kinds of social partners. We
also study how trait variability on key individual dimensions
related to fear of negative evaluation are related to compliance
with disadvantageous social conventions. As one index of
individual variability we consider how social anxiety—a trait
associated with negative social theories of others (Kocovski &
Endler, 2000)—relates to compliance with unfair terms.

The cognitive challenge of repeated social coordination. A
major challenge for adaptively managing social interactions
is inferring the hidden intentions and motivations of others,
crucial social variables that cannot be directly observed. This
presents several unique challenges for social interaction: each
individual we meet must be evaluated so we can tailor our
behavior appropriately. A wealth of prior work has shown
that humans leverage extensive social learning mechanisms
to build generative causal models of other people’s behavior
(Houlihan et al., 2023; Kleiman-Weiner et al., 2016), and to
incrementally learn the behavior of others through observation
and interaction (Lamba et al., 2023, 2024; Yu & Thompson,
2024).

Moreover, repeated social coordination frequently results in
the personal dilemma of advancing one’s own interests or be-
ing a team player. Prior work from behavioral economics has
extensively studied how people weigh out such interpersonal
costs and benefits. In behavioral economics, rational choice
in social dilemmas can be captured through utility functions
which capture the linear combination of weights on inequal-
ity aversion and expected rewards, in which individuals can
express preferences as disadvantageous inequality aversion
(DIA) and advantageous inequality aversion (AIA) through
weights on these utilities (Fehr & Schmidt, 1999; Fehr et al.,
2005). Thus, the cognitive challenge of repeated social coor-
dination is learning the hidden intentions and motivations of
others and then tailoring a strategic response that reflects the
learned values of others.

Social tension and fear of negative evaluation. Repeated
coordination may also tap into a unique dimension of popu-
lation phenotypic variation, namely how individuals respond
to social tension. When it is clear that a social partner will
persistently pursue the advantageous position, the resulting
social tension can spark conflict. Individuals with increased
desire to mitigate social tension may be more likely to com-

6117
In D. Barner, N.R. Bramley, A. Ruggeri and C.M. Walker (Eds.), Proceedings of the 47th Annual Conference of the Cognitive Science
Society ©2025 the author(s). This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY).



ply with disadvantageous social conventions to avoid conflict.
Social anxiety, a form of pathological anxiety characterized
by excessive social avoidance behavior and irrational fear of
negative evaluation, can increase compliance with unfair so-
cial conventions. Although symptoms associated with social
anxiety have been well-established in the clinical literature
(Carleton et al., 2007), little is known about the cognitive and
behavioral effects of social anxiety in the context of strate-
gic coordination, where a reduced tendency to advocate for
yourself could adversely affect one’s well-being. In the cur-
rent work, we examine the relationship between self-reported
levels of social anxiety and compliance with disadvantageous
social conventions.

Cognitive models of repeated coordination. Given the dis-
tinct challenges of social interaction, people likely recruit
multiple learning mechanisms to solve strategic coordination
(Kleiman-Weiner et al., 2018). Specifically, we may form dis-
tinct representations of other individuals through incremental
learning and by constructing a mental causal model of their
behavior to infer their motivations and intentions. Different
modeling architectures can provide clarity on distinct aspects
of this social reasoning process.

Bayesian Reinforcement Learning (B-RL). B-RL, a form
of RL that updates belief distributions over a partner agent’s
expected actions based on observation (Dayan & Daw, 2008),
can expediently learn optimal choice policies (i.e. what to do
to maximize outcomes). Critically, B-RL is model-free and
thus treats the partner agent’s internal state as a black box, and
is therefore only capable of forming a choice policy based on
observed outcome history. However, in our model described
in this work, B-RL can capture the distinct contributions of the
learned action values and an individual’s expressed social pref-
erences by forming a choice policy aligned with one’s goals.
By orthogonalizing the distinct contributions of incremental
learning and the expression of social preferences, B-RL can
evaluate (1) whether these processes are sufficient to recapitu-
late human coordination dynamics and (2) how trait variability
on the desire to smooth social tension (i.e., social anxiety) is
related to these distinct components.

Bayesian causal model. Accurate prediction is no guarantee
of ontological correctness—a model can make arbitrarily pre-
cise predictions without necessarily being structurally similar
to the process being modeled. For Bayesian causal models,
prediction is insufficient without understanding. These models
target isomorphism with the abstract causal structure of an
information processing system. Applied to human behavior,
a model of this type formalizes a hypothesis, expressed in
cognitive terms, about the computational structure of the mind.
Behavior is treated as the output of approximately-rational
reasoning over a mental model (an “intuitive theory”). By
explicitly representing causal relationships between the world,
mental states (like preferences and beliefs), and behavior, a
Bayesian causal model aims to recapitulate human cognition.

In the context of strategic coordination, simulated players

are endowed with preferences for monetary and social out-
comes, along with beliefs about the world and their social part-
ners. They choose actions that noisily maximize their expected
utilities given their preferences and beliefs. These models are
naturally recursive; simulated players choose actions based
on predictions of their partners’ choices by reasoning over
an embedded mental model that represents their beliefs about
their partners’ preferences and beliefs, which can recursively
include their partners’ beliefs about the player (and so on).
Over iterated trials with multiple partners, simulated players
hierarchically update their beliefs, simultaneously learning
about specific partners and the broader population. For ex-
ample, inferring that one partner is highly motivated to avoid
disadvantageous inequity will lead a player to think it is more
probable that other partners are similarly motivated, and the
player will require stronger evidence to believe otherwise.
Like B-RL, the Bayesian causal modeling approach predicts
what participants chose, trial by trial, by modeling participants’
learning, preferences and utility-based decisions. However,
whereas B-RL is model-free, a Bayesian causal model instanti-
ates a richly structured model of players’ minds to recapitulate
how people learn, strategize, and act, and thereby explain why
players behaved as they did.

Asymmetric Social Exchange Game. In the current study
we use a novel task, the asymmetric social exchange (ASE)
game, to study repeated coordination. The ASE game is a mod-
ified and iterated version of the two-player Leader-Follower
game (Leitmann, 1978) in which players can only coordi-
nate by accepting uneven payouts, a situation which forces
inequality. In this task, we show that learning dynamics and
utility-based social preferences play a key role in shaping
strategic coordination in both advantageous and disadvanta-
geous inequality scenarios. Further, participants coordinate at
significantly lower rates when a partner forces the individual
to accept a disadvantageous social convention. In this vein,
individuals with increased social anxiety are especially likely
to comply with disadvantageous social conventions, accepting
lower payouts compared to their partner.

With our B-RL model, we show that learning and utility-
based social preferences exert distinct influences on strate-
gic coordination. By decoupling learning mechanisms from
utility-based preferences, we compare the distinct influence
of social anxiety on these factors, namely in responding to
disadvantageous inequality. We show that people with social
anxiety exhibit increased compliance with disadvantageous
inequality due to lower expression of inequality aversion, not
from a learning bias. The Bayesian causal model infers the
hidden motivations of each partner by learning about each
agent’s social preferences. This causal model recapitulates our
key finding, that social anxiety is associated with reduced ex-
pression of social preferences. This hints that the pathology of
social anxiety is related to negative social theories and expec-
tations, leading to increased compliance with disadvantageous
outcomes.
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Figure 1: Asymmetric social exchange (ASE) game. A. Example pot sizes and offers. B. ASE game payoff matrix. Players only
earn their bids by coordinating on the off-diagonal strategy, one partner bidding high and one partner bidding low. C. Task trial
structure. Participants are given 4 seconds to place their bid simultaneously with their partner, before observing the trial outcome.
Interactions with each partner algorithm are randomly interleaved. D. Coordination rates across task blocks. Participants learn
to play the complementary policy with each agents but show significantly lower coordination with the high bidding agent. E.
Distribution of individual coordination rates with each partner agent. Participants showed the most variability on trials with the
high bidding agent. F. Effect of trait variability on coordination. Social anxiety predicts increased coordination with the high

bidding agent, but not with the low bidding agent.

Methods

Participants. Data was collected from the Prolific online
recruitment platform (N = 675). Study participants were
required to reside within the United States and indicate pro-
ficiency in English. The experiment was approximately 45
minutes long, and all participants were paid $12 in compensa-
tion. Task performance was incentivized, the outcome of one
trial was randomly selected for a bonus payment (mean bonus
was $5). Our study protocol was approved by Massachusetts
Institute of Technology’s Institutional Review Board.

ASE Game. Participants completed 136 trials of the ASE
game. On each trial, participants were shown a pot, repre-
sented as a horizontal bar, split into two portions, option A
(beige) and option B (gray). The bar was always divided into
unequal portions to create two uneven offers, a high offer and
a low offer (e.g., $8-$4, see Fig. 1A). Participants were paired
with one of four possible stimuli, three of which were “online
partners”, actually preprogrammed agents, and one explicitly
randomized computer trial. The payoff matrix of the game
was a two-by-two design in which each player could make a
binary choice to select the high or low option through selecting
option A or B. If both players selected the same bid, the round
would result in a $0 payout (Fig. 1B).

Partner-stimuli. The partner algorithms were designed to
emulate different kinds of strategies. Two of the partners
played fixed policies throughout the task. One partner always
selected the high bid, implementing a greedy strategy. Another
partner always selected the low bid, resembling a deferential

strategy. We designed another algorithm that attempts to im-
plement an equitable strategy by alternating between selecting
the high and low offer (high, low, high, low), similar to how
people may attempt to equalize resources over time!. As a
nonsocial and random control, participants also played com-
puter trials which were explicitly randomized. To simulate
online game play, participants were asked to generate a user-
name consisting of the first two letters of their first name, the
first two letters of their last name, and two digits. Partner iden-
tities were randomly assigned to colored avatars (red, green,
and yellow) and usernames (“AnPr55”, “LuTe61”, “GrBa49”).
Participants encountered each stimulus once every four trials
to reduce memory load between exposures to the stimulus, in
random interleaved order (Fig. 1C).

Trial structure. At the onset of each round, participants
were paired with a partner and saw the available offers. Par-
ticipants were given a 4-second decision deadline to indicate
their choice (option A or B). After a brief 2-second interstimu-
lus interval (ITI), participants were shown their outcome and
their partner’s outcome. After feedback was presented for 3
seconds, participants experienced a randomly distributed 2-4
second delay while the next round was being “setup”. If partic-
ipants did not respond within the 4-second response window,
both players earned $0 on that round. Participants completed
34 rounds with each stimulus (136 rounds total).

IGiven the additional complexity of evaluating performance with
alternator, we save discussion and analysis of performance with the
alternator for future work.
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Experiment setup. All participants were instructed about
the payoff matrix at the beginning of the experiment. To be
admitted into the study, participants needed to answer all three
questions of a comprehension quiz correctly. To estimate
social anxiety levels we used the Social Interaction Anxiety
Scale (SIAS; Peters, 2000). All participants were debriefed
about the use of deception at the end of the experiment. Prior
to online data collection all intended statistical analyses and
predicted behavioral effects were preregistered on the Open
Science Framework (OSF) repository. The study preregistra-
tion can be found here: https://osf.io/9u32k.

Results

Coordination. We expected coordination rates, the portion
of trials in which participant’s enacted the complementary
policy, to differ across high and low bidding agents as partici-
pants could be more averse to accepting lower payouts. We
observed exactly this, participants coordinated at significantly
lower rates with the high bidding agent compared to the low
bidding agent (r = 41.40, p < .001; Fig. 1D). Further, partici-
pants substantially varied in how they managed coordination
strategies with the high bidding agent (Fig. 1E) with some
participants accepting lower payouts while others resisted this
convention.

Social anxiety measures. We next examined the impact of
social anxiety levels on coordination, with the prediction that
social anxiety would increase compliance with disadvanta-
geous inequality. Those with increased social anxiety were
indeed more likely to coordinate with the high bidding agent
and thus comply with disadvantageous inequality (t = 4.76, p
<.001; Fig. 1F). Further, this effect was selective, there was no
effect of social anxiety on coordination with the low bidding
agent. Our behavioral results reveal two key findings. First,
people spontaneously coordinate with different kinds of part-
ners that play different strategies, however, coercive strategies
that force an individual to accept lower payouts drastically
reduce coordination. However, individuals substantially vary
in how they respond to disadvantageous conventions. Specifi-
cally, social anxiety was associated with increased compliance
with disadvantageous inequality.

Computational Modeling

B-RL. Differences in coordination rates with high and low
bidding strategies could indicate asymmetries in learning when
the high versus low offer results in a payout. In contrast, dif-
ferences in coordination rates could be independent of learn-
ing and instead reflect utility-based social preferences—one
might perfectly learn when a low bidding strategy maximizes
monetary returns but refuse to accept this convention. To
tease out the individual contributions of learning versus social
preferences, we used a B-RL model to dissociate the relative
influence of these components on choice. Our base model, M1,
was adapted from a similar B-RL model developed in prior
work to model trust choices (Lamba et al., 2020). We assume
approximately Bayesian beliefs about selecting the high ver-

sus low offer, represented probabilistically and updated with
observed trial outcomes.

p(Bloutcomey, .. .outcomer,) =

p (outcome .. .outcome;,|0) x p(0)

ploutcomey .. .outcomey,)

Given that the likelihood of any observation (the partner
agent will select the high or low bid) is Bernoulli, we modeled
the belief about this probability, p(0), as the conjugate, a
beta distribution. Each time the high bid strategy resulted
in coordination, alpha was incremented +1, and beta was
incremented +1 for the low bid strategy. Alpha and beta values
were used to update the mean and variance of the posterior
distribution at the end of each trial.

2 o B

o
o (M)’G’ N ((Oc+[3)2*(0c+[3+1)>

Each agent was individually modeled in separate distribu-
tions and all priors were initialized using the beta distribution
conjugate prior (beta 1,1; i.e. uniform). Individual choice prob-
abilities were modeled through a softmax logistic function,
comparing the mean value of the posterior distribution where
€ and  are inverse temperature and choice bias parameters,
respectively.

high bid) — ——
p( 24 1 ) - €§*‘uﬂ +€€*W

p(low bid) =1 — p (high bid)

The effective learning rate from trial outcome history was
captured through the decay parameter, . When observed
outcomes are not decayed (y = 1), the beta distribution is
maximally updated with each observation through the alpha
and beta hyperparameters. Lower decay parameters (y = 0)
inject noise into the posterior distribution, mixing the posterior
distribution with the uniform prior and “forgetting” previously
observed outcomes. We implemented two decay parameters
to capture potential asymmetries in learning from low versus
high bid strategies. Here, Y,,,, can reinforce or decay the
action of selecting the lower offer when it results in successful
coordination, whereas Yo, . can reinforce or decay selecting
the higher offer.

Social Utility B-RL. The social utility-based Bayesian RL
model, M2, augments M1 with additional utility parameters
that allow choice policies (i.e., strategies) to be further modu-
lated by social preferences. Based on social utility equations
proposed by Fehr and Schmidt (1999), we calculated the ad-
vantageous and disadvantageous inequality in payoffs on each
trial, uqq, and ugisaaqy, as the difference between participant
and partner earnings. We then estimated the extent to which
advantageous and disadvantageous inequality aversion (ATA
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Figure 2: A.MLE simulations from the B-RL model. Group aggregated model simulations from the MLE-optimized parameters
are plotted as the dotted lines. Empirical data is plotted as solid lines. B. Model validation. Optimized model parameters show
the predicted association with task performance. C. Selective effect of social anxiety on DIA. Social anxiety is associated with
reduced expression of DIA but not with AIA, a pattern which results in increased compliance with disadvantageous inequality.

and DIA, respectively) influence posterior beliefs by decay-
ing the complementary policy. Through 7y and social utility
parameters, participants can form the complementary coor-
dination strategy with their partner or resists inequality by
miscoordinating.

Yhigh = Yohigh —AlA xuqqy 5 Yiow = Y00, — DIA * ugisaay

Oy+1 = O *Ynigh » Brr1 = Br *Yiow

Model performance. Our baseline B-RL model (M1), and
social utility-based B-RL (M2) model fit the data approxi-
mately equally in terms of mean AIC, though Bayesian model
comparison favored M1 (pxp > .99) which had 2 fewer pa-
rameters. However, the model fit advantage of M1 vs. M2
depended on whether individual AIA (r = 5.67, p < .001) or
DIA (r =5.62, p <.001) weights were greater than 0. Maxi-
mum likelihood estimation (MLE) simulations from the social
utility B-RL model recapitulates mean coordination rates with
each partner agent (Fig. 2A).

Effect of decay and social utility on coordination. The
decay terms in the model, Yo;o, and Yonign, function as the
effective learning rate, governing how much posterior beliefs
are updated from observing the partner agent’s actions. As
expected, higher y parameters (i.e., increased updating from
each observation) were associated with increased coordination
with the relevant agent identity: Yy, increased coordination
with the high bidding agent (¢ = 8.71, p < .001) and Yopign
increased coordination with the low bidding agent (r = 3.71,
p <.001; Fig. 2B). We also observed a significant difference
in 1y for each strategy, such that participants learned to take
the higher offer more quickly than they learned to take the
lower offer (mean Yop;gn = 0.51, mean Yoo, = 0.39, £ = 7.74,
p <.001). These results indicate that learning differs across
strategies, favoring learning to take higher payouts over lower
payouts.

Next, we tested the extent to which social utility weights,
ATA and DIA, affected coordination rates. As expected,

greater weights on DIA decreased coordination with the high
bidding agent (r = -8.90, p < .001), whereas greater weights
on AIA decreased coordination with the low bidding agent
(t = -7.28; p < .001; Fig. 2B). At the group level, AIA and
DIA weights did not significantly differ. These findings sug-
gest that updating biases towards the high and low policy, and
utility-based preferences both distinctly drive coordination
strategies.

Trait-based individual differences. The B-RL model also
allowed us to test whether the effect of social anxiety on
coordination was related to learning or expression of social
preferences. Participants with increased social anxiety showed
lower weights on DIA (r = -3.00, p < .01), but social anxiety
was not related to AIA. Social anxiety was not significantly
related to high or low decay parameters. These findings reveal
that social anxiety increases compliance with disadvantageous
outcomes through reduced expression of social preferences,
rather than through learning differences.

Bayesian Causal Model. The Bayesian causal model pre-
dicts a participant’s choice on every trial by emulating
how the participant reasons about the expected utility as-
sociated with each option. Expected utility is a function
of the simulated player’s preferences, which are constant
across trials, and beliefs, which update over time based
on the player’s experience. The utility of an outcome is
U(a,dother ; ®) = ©° Money — o' DI — @ AI, where a and
aoher are the actions of the player and the partner, respectively,
® is a vector of the player’s preferences?, and Money, DI, Al
are the objective features of the outcome (how much money
the player received, how much less they received than their
partner, and how much more they received than their partner,
respectively), which are functions of a and a,p.,. To predict a
partner’s choice, simulated players reason about the partner’s
expected utility-based decisions (Baker et al., 2009, 2017; Jern
et al., 2017). Integrating over their beliefs about their partner’s

ZPreference weights are constrained to the interval (0,1)3 by a
logit-normal prior.
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Figure 3: Bayesian causal model. A. Predicted probability of participants’ actual choices, stratified by partner. Points give the
average probability for each participant across all trials. Bars give the average across all participants and trials. Error bars are
95% bs CI. Chance level prediction shown in red. B. Predicted probability of participants’ actual choices by trial, averaged across
participants. C. Association between self-reported social anxiety and social preferences learned by the Bayesian causal model.

mental contents and likely decisions, players estimate the ex-
pected utility of the available actions. A simulated player’s
decisions follow probabilistically from the softmax of the ex-
pected utilities. When the partner’s action is revealed, the
simulated player inverts their mental model of the partner’s
mind to infer what latent mental states led to the observed
action and updates their beliefs given this new evidence.
Simulated players’ beliefs are hierarchically structured;
players represent the preferences and rationality of part-
ners at multiple levels of abstraction. For instance, a sim-
ulated player’s prior belief about partner j’s disadvanta-
geous inequality aversion is represented as the distribution

o' ~ LogitNormal(u"',t""). The hyperparameters u"' and

P! are themselves given hyperpriors, representing a player’s

beliefs about the population of partners. Beliefs are updated
according to Bayes’ rule. Based on the previous interactions
with partner j, the player’s posterior belief about the partner’s
preferences is given by

T;
P(0;,B, |Dj, u, 1) [I}P(a/’,t | 03]'7[31)} P(®;,B; | u,1),

where D is the observed actions of partner j up to the present
trial, 7;. Based on the history of interactions with all partners
(D =UD;), the posterior belief about the hyperparameters is
given by

P(u,T|D)
J
P(u,1) H/P(Dj | ;,B;) P(®;,B; | u,T) do; dB;
j=1

This hierarchical structure offers a cognitively natural way to
model how participants form beliefs about multiple partners,
simultaneously learning about individuals and making induc-
tive inferences about people’s decision-making in general (see
Gelman, 2014; Tenenbaum et al., 2011; Zhi-Xuan et al., 2022).
The hierarchical Bayesian model uses every interaction to up-
date beliefs about all partners according to the strength of the
evidence, with the hyperpriors modulating transfer learning.

Bayesian causal model results. The model predicts the prob-
ability of a participant’s choice in every trial. Comparing
these predictions to participants’ actual behavior shows that
the model reliably predicts the empirically observed choice
to be more likely than the alternative action (i.e., the pre-
dicted probability of the observed choice is > 0.5). Fig. 3A
shows the predicted probability of each participant’s actual
choices, averaged across all trials. In early rounds, when there
is little information about each partner’s decision process,
the model performs near chance at predicting participants’
choices (Fig. 3B). As evidence accumulates, the model emu-
lates how participants learn about their partners, and how they
incorporate this information, along with their own preferences
and rationality, to choose actions that noisily maximize their
expected utilities. We fit individual priors over each partic-
ipant’s preferences and rationality via gradient descent. In
convergence with the results of the B-RL model, comparing
the inferred preferences to participants’ self-reported social
anxiety reveals that participants’ inferred aversion to disadvan-
tageous inequality is negatively correlated with social anxiety
(t=—5.18, p < .001), while advantageous inequality aver-
sion is not (t=1.84, p > .05, n.s.) (Fig. 3C). The model also
shows positive associations between social anxiety and partic-
ipants’ preference for monetary reward (irrespective of equity;
t=4.54, p < .001) and their rationality (r=2.14, p < .05).

Conclusions and Future Direction. In sum, our work ad-
vances knowledge on how humans navigate the complexities
of asymmetric coordination. We show that learning dynam-
ics and social utility jointly inform how people respond to
advantageous and disadvantageous conventions. Further, so-
cial anxiety increases compliance with disadvantageous roles,
which our computational models link to reduced expressed of
social preferences rather than learning biases. In future work,
we aim to investigate how neural representations of partner
strategies and individual social preferences shape strategic
coordination.

3This plot shows the location parameter of the logit-normal prior.
Unlike the preference weight, the location parameter is unbounded.
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