PLO&Z

Biology

Check for
updates

E OPEN ACCESS

Citation: Morishita G, Murawski C, Yadav
N, Suzuki S (2025) Whom do we prefer to
learn from in observational reinforcement
learning?. PLoS Comput Biol 21(12):

e1013143. https://doi.org/10.1371/journal.

pcbi. 1013143

Editor: Bastien Blain,

Pantheon-Sorbonne University: Universite

Paris 1 Pantheon-Sorbonne, FRANCE
Received: May 15, 2025

Accepted: November 28, 2025
Published: December 8, 2025

Peer Review History: PLOS recognizes
the benefits of transparency in the peer
review process; therefore, we enable the
publication of all of the content of peer
review and author responses alongside
final, published articles. The editorial
history of this article is available here:
https://doi.org/10.1371/journal.pcbi.
1013143

Computational

RESEARCH ARTICLE

Whom do we prefer to learn from in observational
reinforcement learning?

1,2,3%

Gota Morishitaq®'*, Carsten Murawski®', Nitin Yadav', Shinsuke Suzuki

1 Centre for Brain, Mind and Markets, The University of Melbourne, Parkville, Victoria, Australia,
2 Faculty of Social Data Science, Hitotsubashi University, Kunitachi, Tokyo, Japan, 3 HIAS Brain
Research Center, Hitotsubashi University, Kunitachi, Tokyo, Japan

* gota.morishita@gmail.com(GM); shinsuke.szk@gmail.com(SS)

Abstract

Learning by observing others’ experiences is a hallmark of human intelligence. While
the neurocomputational mechanisms underlying observational learning are well
understood, less is known about whom people prefer to learn from in the context of
observational learning. One hypothesis posits that learners prefer individuals who
exhibit a high degree of decision noise, ‘free riding’ on the costly exploration of oth-
ers. An alternative hypothesis is that learners prefer individuals with low decision
noise, as lower decision noise is often associated with better performance. In a pre-
registered experiment, we found that most participants preferred to learn from low-
noise (high-performing) individuals. Furthermore, exploratory analyses revealed that
participants who preferred low-noise individuals tended to rely on imitation of others’
actions. These findings offer a potential computational account of how learning styles
are related to partner selection in social learning.

Author summary

In our daily lives, we often learn by watching others. For example, when starting
a new job, we might watch an experienced colleague to learn effective strategies,
or an inexperienced coworker to avoid common mistakes. While previous stud-
ies have examined how people learn by observing others, less is known about
how we decide whom to observe. This study explored whether people prefer to
learn from individuals who make consistent choices or those who behave more
randomly. At first glance, the answer seems obvious: we would naturally prefer
to learn from those who make consistent, reliable decisions. However, there can
also be value in learning from someone who behaves unpredictably. For exam-
ple, when searching for a good restaurant, observing an adventurous friend who
tries unfamiliar places might help us discover hidden gems. Despite this potential
advantage, we found that most participants preferred consistent decision-makers.
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Further analysis revealed that participants who favored reliable partners tended
to imitate their actions. Our findings suggest that personal learning styles shape
partner preferences. These insights could help us understand how people choose
whom to learn from in everyday settings like classrooms, or workplaces.

Introduction

Observational learning, the process through which individuals acquire knowledge and
skills by observing others, is a critical ability for social animals, including humans,

to survive in uncertain environments [1,2]. For instance, Adelie penguins utilize
observational learning to determine whether there are any predators in the sea
before entering the water themselves to forage for food [3]. Instead of diving in right
away, they watch how the first penguin reacts after diving in the water. If no preda-
tor appears, the rest follow, using this observation to judge whether the environ-
ment seems relatively safe. Similarly, humans often rely on observational learning in
decision-making processes. For example, when choosing a restaurant, people often
read online reviews or consider friends’ recommendations using others’ experiences
to identify high-quality restaurants while minimizing the risk of choosing a poor dining
experience [4].

Given the ubiquity of observational learning, numerous studies across disciplines
have investigated its computational and neural mechanisms [5-16]. Research has
shown that individuals use both reward outcomes and actions of others to guide
their own decisions [8,9,11]. Specifically, when making choices, people not only rely
on action values learned through observing the reward outcomes associated with
others’ actions (learning from reward outcomes of others), but they also exhibit a
separate bias toward actions frequently chosen by others (learning from actions
of others). However, most of these studies predetermined the partners that partic-
ipants observed, offering limited insight into how learners choose whom to learn
from—a crucial aspect in real-world settings, where individuals often have the auton-
omy to decide whom to learn from. For instance, in workplace settings, individu-
als may selectively observe experienced colleagues to identify actions that lead to
good results, or less experienced peers to recognize and avoid ones that lead to
bad results. Nonetheless, little is known about individuals’ preferences for selecting
observational partners.

To fill this gap, we examined individuals’ preferences for observational partners,
specifically focusing on their preferences regarding a partner’s level of decision noise
(i.e., randomness in action selection). From a computational perspective, decision
noise modulates the degree of random exploration [17]: higher decision noise leads
to greater exploration, whereas lower decision noise corresponds to reduced explo-
ration. In sequential value-based decision-making, individuals face a fundamen-
tal trade-off between exploring unfamiliar options to gain information and exploiting
familiar options to maximize immediate rewards [18]. Thus, observing partners with
different levels of decision noise may influence how individuals learn and adjust their
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own decision-making, as partners with higher or lower decision noise provide varying amounts of information about avail-
able options. Moreover, individual differences in learning styles may lead to differential selection of observational partners
based on their decision-noise characteristics.

We hypothesized that individuals would prefer high-noise partners (i.e., partners who exhibit a high degree of explo-
ration). Learning from such partners may provide advantages by allowing observers to gain information about a wider
range of unfamiliar options without directly incurring risk. Economic theory supports this notion, demonstrating that
observing highly explorative partners can yield greater informational benefits, ultimately leading to higher total rewards
[19,20]

An alternative possibility is that individuals prefer low-noise partners. Such a preference would be advantageous if they
imitate their partners’ behavior, as low-noise partners tend to appear more consistent and successful, whereas high-noise
partners may be perceived as less competent. Prior work on social learning shows that people are likely to imitate those
viewed as more successful [21]. From this perspective, a competing hypothesis is that individuals would prefer low-noise
(and thus high-performing) partners.

To distinguish between these competing hypotheses, we designed a novel behavioral experiment in which participants
chose between two potential partners categorized as either high-noise or low-noise. Participants subsequently engaged in
an observational learning task with their selected partner.

We found that the majority of participants exhibited a preference for selecting a low-noise (high-performing) partner.

To examine individual differences in partner selection and learning styles, we conducted regression analyses along with
model-based exploratory analyses. These analyses revealed that individuals who preferred low-noise partners demon-
strated a greater reliance on imitative learning. These findings offer a computational perspective on the mechanisms
underlying partner preference in social learning contexts, shedding light on how individuals determine whom to observe
for informed decision-making.

Results
Overview of experimental design

We conducted two independent studies using the same experimental design: a pilot study and a main study. In both, the
behavioral experiment comprised four blocks (see Methods for details). In each block, participants completed the Passive
Observation task twice, and the Partner Selection and Observational Learning tasks once each (Fig 1). Prior to these four
blocks, participants performed the Individual Learning task as a practice block, allowing them to become familiar with the
basic task structure (see Methods for details).

In each of the two Passive Observation tasks, participants observed one potential partner performing a three-armed
bandit task (i.e., repeatedly choosing one of the three options and receiving a reward based on the probability associated
with the chosen option; Fig 1A) [22—24]. The potential partner differed between the first and second Passive Observa-
tion tasks: one demonstrated a high degree of decision noise, while the other exhibited a low degree of decision noise
(Fig 1E). The presentation order of the two types of potential partners was counterbalanced across the four main blocks.

In the Partner Selection task, participants selected one of the two potential partners to learn from in the subsequent
Observational Learning task (Fig 1B). During the Observational Learning task, participants performed a three-armed ban-
dit task side by side with their chosen partner (Fig 1C). On each trial, participants observed their partner’s action (i.e.,
selection of an option) and its outcome (i.e., rewarded or not) before making their own choice. Notably, the outcomes of
the participants’ own choices were not displayed, thereby preventing learning from direct reward experiences.

Importantly, the set of reward probabilities (0.25, 0.50, and 0.75) was identical in both the Passive Observation task
and the subsequent Observational Learning task. However, the fractal stimuli and screen positions associated with these
probabilities were randomized across tasks, both within and across blocks.
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Fig 1. Experimental task and basic behavior. (a) Timeline of each trial in the Passive Observation task. Participants observed a potential partner
choose between three options and receive a reward or not over 30 trials. (b) Partner Selection task. Participants chose between two potential partners
they had observed in the Passive Observation task as the partner with whom they would perform the Observational Learning task. (c) Timeline of each
trial in the Observational Learning task. Participants observed the partner’s choice and outcome, and then made their own choice between the same set
of options, without observing their own outcome over 60 trials. (d) Timeline of the entire experiment. In each block, participants completed two Passive
Observation tasks, observed two potential partners with differing levels of decision noise, and then performed a Partner Selection task. Finally, they
completed an Observational Learning task with the selected partner. The order of blocks was randomized across participants. (e) Proportions of correct
choices (i.e., choosing the option with the highest reward probability) generated by a reinforcement learning algorithm with different degrees of decision-
noise (i.e., inverse temperature 8). The green line represents the low-noise partner’s learning curve (3 = 20.0), while the orange line represents the
high-noise partner’s curve (8 = 1.5).

https://doi.org/10.1371/journal.pcbi.1013143.g001

Basic behavior

We first confirmed that participants learned to select the most rewarding option, verifying their comprehension of the task
structure. The proportion of correct choices (i.e., choosing the option with the highest reward probability) significantly
exceeded chance levels in the practice Individual and Observational Learning tasks, as well as in the main Observa-
tional Learning task (S1 Fig: average proportion over 60 trials =0.73 + 0.03 (Mean and SEM across participants), {(55) =
12.99, p < 0.001 for the practice Individual Learning task; proportion = 0.76 + 0.03, #{(55) = 13.78, p < 0.001 for the practice
Observational Learning task; and proportion = 0.71 + 0.02, {(55) = 15.59, p < 0.001 for the main Observational Learning
task).
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Partner selection for observational learning

We next examined the main research question of whom individuals prefer to learn from in the context of observational
learning. We found that the majority of participants preferred the low-noise partner over the high-noise partner (Fig 2).
Pilot data (N = 20) showed that in the Partner Selection task, 13 out of 20 participants were more likely to select the
low-noise partner (i.e., the proportion of selecting the high-noise partner across the four blocks was less than 0.5: see
the green bars in Fig 2A), 5 participants selected the high-noise partner (i.e., the proportion was greater than 0.5: see the
orange bars in Fig 2A), and 2 participants exhibited no preference (i.e., the proportion was equal to 0.5: see the white bar
in Fig 2A).

To rigorously evaluate the findings of the pilot study, we conducted a preregistered main experiment. Consistent with
the pilot data, participants in the main experiment demonstrated a preference for the low-noise partner in the Partner
Selection task (Fig 2B and 2C). That is, most participants were more likely to select the low-noise partner to learn from
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Fig 2. Partner preference results. (a) Histogram of the proportions of selecting the high-noise partner for the pilot data (N = 20). (b) Histogram of the
proportions of selecting the high-noise partner for the main data (N = 55). In both (a) and (b), bar colors represent levels of preference: green bars indi-
cate a low preference for selecting the high-noise partner, the white bar represents neutral preference (0.5), and orange bars indicate a high preference
for selecting the high-noise partner. (c) Effects on partner selection in the main study (Mean + SEM, N = 55). The leftmost bar shows a significant neg-
ative effect of the partner’s noise level on selection probability (p < 0.001), indicating that participants were less likely to choose the high-noise partner.
The other bars show non-significant effects of spatial position and presentation order. The means and SEMs were estimated with a generalized linear
mixed model (GLMM). P-values were obtained using two-tailed t-tests. (d) Effects on partner selection in the combined data (Mean + SEM, N = 74).
We tested three factors underlying the decision noise manipulation: performance, predictability, and information gain of the partner. P-values are not
reported as the analysis is exploratory.

https://doi.org/10.1371/journal.pcbi.1013143.9g002
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for the subsequent Observational Learning task (proportion of selecting the high-noise partner over the four blocks was
less than 0.5; Fig 2B). A mixed-effects logistic regression analysis revealed a significant negative effect of the partner’s
decision-noise level on partner selection (b = —0.97 + 0.213, {(55) = —4.557, p < 0.001; S1 Table), while controlling for

a potential confounding effect of the spatial position of the partner (i.e., whether the potential partner was displayed on
the left or right side of the screen in the Partner Selection task; see Fig 1B). This effect remained significant (b = —1.06
+ 0.25,#55) = —4.27, p < 0.001; Fig 2C), even after additionally controlling for another potentially confounding effect of
the presentation order (i.e., whether the potential partner was presented in the first or second Passive Observation task).
These results collectively show that most participants preferred to learn from the low-noise partner.

It is worth noting that decision noise can arise from multiple underlying factors, such as performance and predictabil-
ity. To examine which factor best accounted for partner selection, we ran an exploratory mixed-effects logistic regression
with three predictors: partner performance, predictability, and information gain (a proxy for directed exploration level) esti-
mated from the Passive Observation tasks (see Methods for details). In this exploratory analysis, we combined data from
the pilot and main studies, yielding N = 74 after excluding one pilot participant who completed only two of the four blocks.
We reported effect sizes and standard errors rather than p-values, as p-values are more appropriate for statistical infer-
ence based on a priori hypotheses [25,26] (same for the subsequent analyses). The analysis showed that performance
was the strongest positive predictor of partner selection (b = 0.759 + 0.169; Fig 2D), followed by a weaker effect of pre-
dictability (b =0.389 + 0.161; Fig 2D). In contrast, information gain had no reliable effect (b = —0.142 + 0.193; Fig 2D).
Taken together, these results suggest that participants preferentially selected low-noise partners primarily because those
partners performed better.

Individual differences in the partner selection and style of observational learning

The preregistered experiment above revealed that the majority of participants preferred learning from the low-noise (high-
performing) partner, while others preferred the high-noise (low-performing) partner. However, what mechanism under-
lies the individual differences in partner selection for observational learning? We reasoned that these differences reflect
participants’ learning styles. Specifically, participants who preferred the low-noise partner may have relied more on learn-
ing from the partner’s actions (i.e., imitation), as low-noise partners consistently made good choices, making the partners
more consistent and reliable for imitation. In contrast, participants who preferred the high-noise partner may have relied
more on learning from the partner’s reward outcomes, since high-noise partners explored a broader range of options,
enabling observers to learn about the rewards associated with different choices and discover better options themselves.
To test this reasoning, we conducted exploratory regression analysis along with computational modeling analysis.

Using a generalized linear mixed model (GLMM), we assessed the extent to which each participant relied on learn-
ing from the partner’s action and reward, as well as how this learning style was related to individual differences in partner
selection. The GLMM quantified that, in the Observational Learning task, how much participants’ trial-by-trial behavior was
influenced by the partner’s past action and reward. In addition to the main effects of the partner’s past action and reward,
the GLMM included the interaction terms with the individual difference in partner selection (i.e., the proportion of blocks in
which the participant selected the high-noise partner in the Partner Selection task). Crucially, the interaction terms allowed
us to quantify how learning styles (i.e., the effects of the partner’s past action and reward) were associated with partner
selection across participants.

The GLMM revealed that, on average, participants in the Observational Learning task learned from both the part-
ner’s past action and reward. The partner’s past action and reward had positive effects on participants’ behavior
(b=0.83+0.06 for the action effect; b =1.63 + 0.11 for the reward effect; Fig 3A), consistent with prior research on
observational learning [8,9,15]. Moreover, the effects of the partner’s past action on participants’ behavior in the Obser-
vational Learning task were modulated by individual differences in partner selection, as indicated by the interaction effect
(Fig 3A and 3B). That is, the effect of the partner’s past action was negatively modulated by the participants’ proportion
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Fig 3. Exploratory analyses of individual learning styles. (a) Effects of partner-related variables on participants’ behavior (Mean + SEM, N = 74).
The first and second bars represent the main effects of the partner’s action and reward, respectively. The third bar shows the interaction between part-

ner’s action and partner selection (defined as the proportion of blocks in which the high-noise partner was chosen), indicating that imitation behavior

varied with partner selection. The fourth bar reflects the interaction between partner’s reward and partner selection. The means and SEMs were esti-
mated with a generalized linear mixed effects model (GLMM). We did not report p-values as the regression analysis was exploratory. (b) Marginal effects
(simple slopes) from the GLMM. Effects of the partner’s action (solid) and partner’s reward (dashed) evaluated at five levels of high-noise preference.
Error bars show + SEM. (c) Model comparison using Widely-applicable Akaike Information Criterion (WAIC). The Full model, which includes both action
and reward learning styles, provides the best fit to the data. (d) Relative weight of learning from actions (vs rewards) estimated from the Full model,
grouped by partner preference (low-noise, no-preference, high-noise). Each color dot depicts one participant (green = low-noise preference, gray = no
preference, orange = high-noise preference); black diamonds and vertical lines show the group mean + SEM. Brackets report Cohen’s d for the pairwise

contrasts.

https://doi.org/10.1371/journal.pcbi.1013143.9g003
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of selecting the high-noise partner (b =—-1.69 + 0.15). The interaction effect supports our reasoning that participants who
selected the low-noise partner relied more on learning from the partner’s past action compared with those who selected
the high-noise partner.

This reasoning is further supported by computational modeling. We compared three computational models of obser-
vational learning based on their goodness of fit to participants’ actual choice data in the Observational Learning task. We
then compared parameter estimates in the best-fitted model between participants who preferred to learn from the low-
noise partner and those who preferred the high-noise partner.

Inspired by previous studies on observational learning [15,16,27], our Full model assumes that an agent combines
two learning systems with a certain weight: learning from the partner’s actions (i.e., imitation) and learning from the part-
ner’s rewards (See Methods for details). Note that the main parameter of interest in the Full model is the weight of the two
learning systems. We also tested for alternative partial models that include only one of the two learning systems (i.e., the
Action Learning model and Reward Learning model).

Those models were fitted using a hierarchical modeling approach [28,29], and their goodness of fit was assessed
based on the Widely-applicable Akaike Information Criterion (WAIC) [30]. The model-fitting procedure was validated
through model-recovery and parameter-recovery analyses on synthesized data [31]. The model-recovery analysis con-
firmed the identifiability of the competing models: simulation data generated by each model were better captured by the
corresponding model than by the other models, as evidenced by the confusion matrix being close to the identity matrix
[31] (S2A Fig). The parameter-recovery analysis demonstrated that estimated values of the model parameters aligned
well with the true generative values used in the simulation (S2B Fig). We also conducted posterior predictive checks to
examine whether the Full model could reproduce the empirical behavioral patterns (i.e., the learning curve (S1C Fig) and
the effects of observed reward and action on the behavior in the Observational Learning tasks (Fig 3A)), supporting that
the model captures key behavioral tendencies (S3 Fig). These simulation results support the validity of our model-fitting
procedure.

The model comparison indicated that the Full model provided a better fit compared to the other competing partial mod-
els (Fig 3C). We also conducted model comparisons separately for participants who preferred low-noise versus high-
noise partners, and confirmed that the Full model provided the best fit in both of the groups (S4 Fig). Furthermore, we
tested for a dynamic-weight model that captures flexible learning styles in which participants initially learn from observed
rewards and later switch to imitation (see S1 Text for details). We found that the model did not outperform the original
Full model. These findings suggest that participants employed both learning from the partner’s actions and rewards for
decision-making in the Observational Learning task (see S5 Fig for posterior densities of the population-level parameters),
consistent with the results of the GLMM analysis (Fig 3A) and prior studies [8,9,15].

Exploring the individual differences in the parameter estimate of interest in the best-fitting Full model, we then found
that the relative weight of learning from the actions (vs the rewards) was greater in participants who preferred the low-
noise partner compared to those who preferred the high-noise partner (Cohen’s d = 0.58; Fig 3D; see S6 Fig for compar-
ison of other parameters). These results from the model-based analysis were consistent with our reasoning that partici-
pants who preferred the low-noise partner more, learned from the partner’s actions (compared with those who preferred
the high-noise partner) and that those who preferred the high-noise partner more, learned from the partner’s rewards.

Finally, we examined whether and how participants adjusted their learning style according to the partner’s noise
level (i.e., a within-participant effect). To this end, we analyzed trial-by-trial behavior in the Observational Learning task
among participants who selected both high- and low-noise partners at least once (N = 52). This additional GLMM analy-
sis revealed that the reward effect was attenuated when participants observed a high-noise partner (b = —0.113 + 0.025;
Fig 4). More critically, the influence of the partner’s actions on participants’ choices varied markedly with the partner’s
noise level, as reflected by a strong negative interaction (b = —0.375 + 0.021; Fig 4). This pattern indicates that the same
participants relied more heavily on their partner’s actions when the partner was low-noise, and suppressed imitation when
the partner was high-noise.
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Fig 4. Exploratory analyses of within-participant changes in learning style by the partner’s noise level (N = 52 participants, who selected both
high- and low-noise partners at least once). (a) Effects on participants’ trial-by-trial behavior in the Observational Learning task (mean + SEM). The
first and second bars represent the main effects of the partner’s action and reward, respectively, while the third bar shows the interaction between the
partner’s action and the partner’s noise level. Means and SEMs were estimated using a GLMM. P-values are not reported as the regression analysis
was exploratory. (b) Marginal effects (simple slopes) from the GLMM. Effects of the partner’s action (solid line) and the partner’s reward (dashed line)
are shown at two different levels of partner decision noise.

https://doi.org/10.1371/journal.pcbi.1013143.9g004

Discussion

Observational learning is a fundamental cognitive ability that enables individuals to acquire knowledge and skills by
observing others. Given its significance, numerous studies across various disciplines have examined the mechanisms
underlying observational learning. However, few studies have directly addressed the critical question of whom individu-
als prefer to learn from. To address this question, we developed a novel behavioral paradigm where participants selected
between two potential learning partners who differed in their level of decision noise for observational learning. We found
out that participants, on average, preferred to learn from the partner with lower decision noise.

The finding that participants preferred a low-noise (high-performing) partner might initially seem intuitive and straightfor-
ward. However, from a learning and information acquisition perspective, lower decision noise, meaning less exploration,
can hinder effective learning. In many learning contexts, especially those involving uncertainty, exploration is essential
for identifying which actions yield the highest rewards. Without exploration, learners risk overlooking better alternatives.
However, exploration also entails risks and, more importantly, can lead to missed opportunities for exploiting the option
currently believed to be the best. A fundamental advantage of observational learning is that individuals can learn about
the consequences of actions without being exposed to the risks associated with exploration or sacrificing exploitation
opportunities. From this normative standpoint, observing a high-noise partner should be beneficial, as higher decision
noise indicates greater exploration, offering more opportunities to learn about unfamiliar options without personally incur-
ring exploration risks. Indeed, formal economic models of strategic learning support this view, demonstrating that individu-
als can optimize their own reward outcomes by minimizing personal exploration when observing a partner who exhibits a
higher degree of exploration [19,20]. These theoretical predictions raise an important question: why did participants in our
study prefer a low-noise partner?

One possible explanation is that, while exploration is necessary to solve the three-armed bandit task used in our exper-
iment, participants may have perceived that extensive exploration was not essential for optimal performance. If the task
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structure did not strongly incentivize exploration, participants may have been less motivated to select a high-noise part-
ner. Future research could further investigate this possibility by modifying the task to increase the necessity of exploration.
For instance, associations between choices and reward probabilities could be swapped midway through the task, or the
reward probabilities systematically altered over time. These manipulations would potentially make a high-noise partner
more valuable.

Another alternative explanation is that participants may have favored the low-noise partner because their behavior
more closely matched their own decision-making style. In our data, participants’ learning curves during the individual task
looked very similar to those of the low-noise partner (S1A Fig vs. Fig 1E), suggesting a match in behavior. This is in line
with recent research showing that learners benefit more when learning from partners whose actions are predictable [14],
suggesting that perceived behavioral similarity may enhance the effectiveness of social learning.

Another interpretation is that participants may have simply chosen the partner who performed better. In our experiment,
the low-noise partner earned more reward than the high-noise partner (Fig 1E), although this is not necessarily always the
case, as a low-noise partner might ultimately settle on a suboptimal choice due to insufficient exploration. Prior research
has shown that individuals tend to learn more quickly and effectively when learning from someone who is skilled or suc-
cessful, as opposed to someone who performs poorly or inconsistently [32—-35]. In our design, we manipulated the level
of decision noise (i.e., random exploration), but decision noise and performance were inherently linked—lower decision
noise led to better performance—making it difficult to determine whether participants’ preferences were driven by the
partner’s exploration style or by their observed success.

To disentangle these possibilities, we estimated the effects of three potential factors on partner selection: partner per-
formance, predictability, and information gain (proxy for directed exploration level). The results indicated that partner per-
formance was the strongest predictor of choice, followed by predictability, while the effect of information gain had no reli-
able effect (Fig 2D). These findings align with prior studies that people learn more efficiently from high-performing or pre-
dictable individuals [14,32-35], suggesting that learners preferentially select partners from whom they expect to learn
effectively.

To better tease apart these influences, future studies should experimentally decouple exploration from performance
and predictability. One approach would be to design tasks in which partners with different levels of exploration nonethe-
less achieve comparable accuracy and predictability, for example, by manipulating the degree of directed exploration so
that both high- and low-explorative partners obtain similar amounts of rewards. Such designs would more cleanly isolate
the unique effect of exploration on partner selection.

Beyond exploration, performance, and predictability, other unmeasured factors might have affected partner selection.
One illustrative factor is cognitive load: tracking a high-noise partner likely imposes greater working-memory and com-
putational demands because participants must track a more diverse set of actions and outcomes. Consistent with this,
models that include memory limits (e.g., forgetting-based Q-learning) often fit human choices better in sequential tasks
[36—40], suggesting that individuals may struggle to accurately retain and update information when the number of dis-
tinct observations increases. From this perspective, a low-noise partner may be preferred simply because their behavior
is easier to follow. More broadly, potential influences like cognitive load highlight the need for future work to account for a
wider range of factors in partner selection.

We next examined the relation between partner selection and learning style across participants. We reasoned that
those who preferred low-noise partners relied more on imitation: low-noise partners more consistently choose the cur-
rently best option, making them easier and more advantageous to imitate. To probe this possibility, we employed com-
putational modeling analysis as well as model-free regression analysis. The results indicate that participants indeed dif-
fered in their learning styles based on partner preferences. Participants who preferred the low-noise partner had a higher
weight on the Action Learning component (see Methods for details), relying more on learning from their partner’s actions
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rather than learning from their partner’s reward outcomes, compared to those who preferred the high-noise partner
(Fig 3A and 3D).

However, this analysis cannot determine whether individual differences in learning style reflect partner preferences or
are induced by differences in the partner’s noise level. Two possibilities remain. First, a stable tendency to imitate may
drive the preference for low-noise partners. Second, the behavior of a low-noise (high-performing) partner may shift par-
ticipants toward imitation more than the behavior of a high-noise (low-performing) partner.

To distinguish between these two accounts, we tested whether participants’ learning style changed with the noise level
of the selected partner within a participant. Restricting the analysis to participants who selected both high- and low-noise
partners at least once, we estimated within-participant changes in learning style. Participants showed greater reliance on
imitation when observing low-noise partners, consistent with prior studies showing selective imitation of low-noise (high-
performing) partners [32—-35]. This finding supports the second explanation: the behavior of a low-noise (high-performing)
partner may shift participants toward imitation. However, this approach has an important limitation: because it requires
exposure to both high- and low-noise partners, it includes only a subset of participants, raising the possibility of selec-
tion bias. To address this issue more directly, future work should systematically manipulate partner noise levels within
participants.

An intriguing direction for future research might be exploring how social and psychological traits may impact partner
preference in value-based decision making. Specifically, attributes such as perceived trustworthiness or ideological align-
ment could meaningfully shape preferences during observational learning. Prior research across diverse disciplines has
highlighted the importance of such factors in shaping partner preference. For example, studies in mate preference have
consistently demonstrated the significance of traits such as trustworthiness, attractiveness, and status in romantic part-
ner selection [41,42]. In songbird studies, juvenile male zebra finches exposed to two adult males exhibited a preference
for learning songs from tutors who displayed more aggressive behavior toward them [43]. Although not focused explic-
itly on preference, research in observational learning has shown that individuals are more likely to learn from others who
share their political views [12]. Despite the extensive literature on partner preference in other domains, limited attention
has been devoted to understanding the role of these social and relational attributes in decision-making contexts. Inves-
tigating how attributes such as trustworthiness or political alignment affect partner preference in observational learning
could yield critical insights into the mechanisms of social learning and decision-making.

Another promising direction for future research involves investigating how preferences for learning partners evolve over
time through repeated interactions. In the current experimental design, participants made a one-time choice between two
potential partners and did not return to those options in later blocks. However, in real-world social learning scenarios, indi-
viduals often have repeated opportunities to choose whom to learn from, allowing for the gradual development of prefer-
ence for a partner over time. For instance, in workplace environments, employees may initially consult multiple colleagues
when tackling unfamiliar tasks. Over time, they tend to rely more on those who consistently provide accurate or help-
ful advice, leading to the emergence of trusted collaborators. This process reflects a dynamic updating of partner value
based on repeated interactions and feedback. Investigating how such long-term relationships form and influence partner
preference could provide valuable insights into the mechanisms of social learning.

In conclusion, our study investigated from whom individuals prefer to learn in observational learning contexts and found
a clear preference for low-noise (high-performing) partners, contrary to theoretical predictions emphasizing the benefits of
observing high-noise partners. Our computational modeling further indicates that learning style varies with partner prefer-
ence: participants who preferred low-noise partners showed greater reliance on observed actions (imitation). We believe
these findings offer valuable insights into the computational mechanisms underlying partner preference, contributing to
our understanding of how social learning networks might be constructed and how collective behaviors emerge in social
groups.
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Materials and methods
Ethics statement

The experimental protocol was approved by the University of Melbourne Human Research Ethics Committee (Ethics ID
26997). All participants provided written informed consent before the experimental session commenced.

Preregistration
The experimental plan was preregistered on the Open Science Framework (OSF) and can be accessed at https://osf.io/
g6etf.

Participants

Participants were recruited through advertisements on the University of Melbourne’s student portal. Eligible participants
were aged 18 to 35 years. Each participant received a A$10 show-up fee and additional performance-based compen-
sation. Twenty participants took part in the pilot experiment (15 females, 4 males, and 1 unidentified; age range, 18-28
years; mean age + SD, 22.5 + 2.86), and 55 were recruited for the main experiment (35 females, and 20 males; age
range, 18-29 years; mean age = SD, 22.98 + 3.25). Participants received instructions via slides and completed compre-
hension quizzes to ensure they correctly understood the experimental task. Every participant answered all the questions
correctly.

Participants were told their partners were previous human participants in the Observational Learning tasks, but in real-
ity, the partners were simulated agents using a Q-learning algorithm (See “Observational Learning task”). After the experi-
ment, participants were debriefed about the deception and could withdraw their data if desired. Additionally, we conducted
brief interviews to assess whether participants had suspected that the partner choices were not generated by real individ-
uals. No participants expressed strong doubts regarding the authenticity of their partners.

We did not exclude any participants from the main dataset. For exploratory analyses, we excluded one pilot participant
who completed only two of four blocks.

Experimental design

We conducted both a pilot behavioral experiment and a preregistered confirmatory behavioral experiment, in which partic-
ipants engaged in observational learning alongside partners they selected themselves (Fig 1). The experimental protocol
consisted of two preparatory blocks followed by four main task blocks.

In the first preparatory block, participants independently performed a three-armed bandit task (see the “Individual
Learning task” subsection below). In the second preparatory block, they participated in an observational learning task
(see the “Observational Learning task” subsection below) with a pre-determined partner. During each of the main blocks,
participants initially observed two potential partners executing the individual learning task (see the “Passive Observation
task” subsection below). Following the observation, participants selected one of the observed individuals as their partner
for the subsequent Observational Learning task (see the “Partner Selection task” subsection below). Finally, participants
engaged in the Observational Learning task with their chosen partner.

Individual learning task. Participants performed a three-armed bandit task, where they repeatedly chose between
three stimuli (fractal images) for 60 trials. Each stimulus was associated with a hidden reward probability of 0.25, 0.5, or
0.75, respectively. The associations between stimuli and reward probabilities were randomized across participants. Partic-
ipants were explicitly informed that the set of stimuli, their positions on the screen, and the associated reward probabilities
would remain constant within a task.

Observational learning task. Participants repeatedly made choices between three stimuli, not based on their reward
outcomes, but by observing their partner’s choices and outcomes (Fig 1C). Similar to the Individual Learning task,
the three stimuli were paired with hidden reward probabilities of 0.25, 0.5, and 0.75, respectively. These associations
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remained constant within a task but were randomized across blocks and across tasks. It is important to note that partici-
pants were informed that both they and their partner were faced with the same stimulus-reward associations.

In each of the 60 trials, participants first observed their partner’s choice and its outcome. The chosen stimulus was
highlighted with a black frame for 1 second, followed by the display of the outcome for 1.5 seconds. Afterward, a fixation
cross appeared for a variable duration ranging from 1 to 2 seconds. Subsequently, participants made their own choice.
The chosen stimulus was also highlighted with a black frame for 1 second. However, unlike their partner’s choice, the
outcome of the participant’s choice was not revealed.

Crucially, in the preparatory block, participants observed a pre-determined partner. They were informed that this partner
was another individual who had participated in the individual learning task on a previous day. However, the ‘partner’ was
a simulated agent operating on a standard Q-learning algorithm with a learning rate set to 0.3 and an inverse temperature
parameter of 7.0. In contrast, during the main blocks, participants selected their partners (see "Passive Observation task”
and "Partner Selection task” subsections below).

Passive observation task. Within each block, participants completed two Passive Observation tasks. In each task,
they watched a simulated partner perform 30 trials of a three-armed bandit. The two partners differed only in decision
noise (undisclosed to participants): a high-noise partner simulated with a standard Q-learning model (learning rate o =
0.3; inverse temperature g = 1.5) and a low-noise partner with inverse temperature g8 = 20.0 (Fig 1E). Stimulus—reward
mappings and the spatial assignment of reward probabilities (0.25, 0.50, 0.75) to the three options were randomized
across participants and across the two tasks within each block.

To help participants differentiate between the two potential partners, distinct real human face images were used (all of
the same sex, with a multi-racial face image dataset employed to minimize potential sex and racial biases) [44]. However,
to protect the identities of the individuals in the face images, we replaced the face images used in the experiment with Al-
generated face drawings (created using OpenAl’'s ChatGPT) in Fig 1. These drawings are used solely for illustrative pur-
poses and were not used in the actual experiments. Each participant first observed one potential partner completing 30 tri-
als of the Individual Learning task, followed by the observation of the other partner. The presentation order of the partners
was counterbalanced across the four main blocks, while their corresponding face images were counterbalanced across
participants.

Partner selection task. For the subsequent Observational Learning task, participants chose between two potential
partners: a high-noise partner and a low-noise partner, both of whom they had observed in the preceding Passive Obser-
vation task. In this task, the two facial images representing the potential partners were displayed side by side in a horizon-
tal layout. The associations between the presentation positions of these images and the exploration levels of the poten-
tial partners were counterbalanced across blocks. Participants made their selection by clicking on the face image of the
partner they preferred.

Software. We coded the experimental tasks using Node.js (https://nodejs.org/en) in MacOS.

Statistical analysis

Regression analysis. To address whom participants preferred to learn from during observational learning, we fit
mixed-effects logistic regressions with glmer from the 1me4 package (version 1.1-35) in R [45,46]. As preregistered, we
analyzed only data from the main experiment (N = 55).

The dependent variable Y was coded 1 if the left-hand partner was chosen in the Partner Selection task and 0 other-
wise. We defined two predictors:

1. Xj: coded +1 if the high-noise partner appeared on the left and —1 if on the right. The coefficient 3, indexes the
effect of partner decision noise on choice (with 8, > 0 indicating a preference for the high-noise partner).

2. X5: coded +1 if the left-hand partner was presented first in the preceding Passive Observation task and —1 other-
wise, controlling for presentation order bias.
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The intercept captures any overall spatial bias toward choosing the left option (see Fig 1B).

We estimated two models: Model 1 included X;; Model 2 additionally included X;. Participants were treated as random
factors, with by-participant random intercepts and random slopes for each fixed effect. We reported point estimates and
standard errors of fixed effects, and assessed significance with two-tailed t-tests of coefficients against zero.

Using pilot data, we estimated the effect size for Model 1 (S1 Table). Based on this estimate, a bootstrap power anal-
ysis [47] indicated that a sample size of N = 55 provides at least 80% power to detect the Model 1 effect at a two-tailed
significance level of « = 0.05 (S2 Table).

We examined whether partner selections were better explained by factors underlying the decision noise manipulation.
In the first step of this analysis, we derived three partner-level indices for each potential partner from the Passive Obser-
vation data in each block: performance, predictability, and information gain.

Performance. We defined performance of the partner as the total obtained reward during the Passive Observation
task.

Predictability. The perceived predictability was defined as the extent to which the partner’s observed behavior could
be predicted from the participant’s own decision process. To estimate the process that the participant would adopt, we
used a reinforcement learning (RL) model with an information bonus parameter x € [0, 1] [17], such that an information
bonus term x/\/WX was added to the action value of option X, where Ny denotes the number of times option X had pre-
viously been chosen. The RL model was fit hierarchically to each participant’s data from the Individual Learning task in
the practice block, using the same weakly informative priors and transformation procedure as in the observational learn-
ing analysis (see Computational models subsection). Predictability was then quantified as the log likelihood that the
participant-specific RL model would generate the partner’s observed choices in the Passive Observation task. In other
words, higher log likelihood values indicate that the partner’s behavior was more consistent and predictable with the deci-
sion process estimated for that participant.

Information gain. The perceived information gain was defined as the extent to which the partner’s observed behav-
ior reduced the participant’s uncertainty about the available options. To capture this, we used the same RL model
with an information bonus parameter. In this model, the information bonus associated with an option decreases by

1 1 I : _ L .
K(W — \/W) as that option is chosen. Information gain is therefore computed as the total reduction in information
bonus induced by the partner’s observed behavior.

For each of the three factors, we subtracted the partner-level score (performance, predictability, or information gain) of
the potential partner on the left from that of the potential partner on the right. We then replaced the partner’s noise-level
dummy variable X, in Model 2 with these three difference scores. All independent variables were z-standardized. In this
exploratory analysis, we combined the pilot data with the main data (N = 74). We also reported effect sizes (standardized
regression coefficients for regression analyses) and standard errors rather than p-values, as p-values are more appro-
priate for statistical inferences based on a priori hypotheses [25,26]. Accordingly, since all subsequent analyses were
exploratory, we adopted this practice throughout.

Next, we investigated the individual learning style, that is, how the partner’s actions and rewards influenced the partic-
ipant’s current choice within each trial. Following previous studies using a three-armed bandit task [22—24], we ran three
separate GLMMs, one for each option (X, Y, and Z). Each GLMM estimated the probability that participants chose option
X(Y, or Z) on each trial. Each model took the following form in Wilkinson notation (using option X as an example):

logitP(choice = X) ~ 1+ (C; + R) * P+ (1 + C; + Ry|ID), (1)

where the dependent variable was coded as 1 if the partner’s choice was X on trial £, or 0 if the participant chose Y or Z.
Here, C; represents the partner’s recent choice, coded as +1 if the partner chose option X, —1 if the partner chose
any other option. R; captures the partner’s recent outcome on trial t and was coded as +1 if the partner was rewarded for
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selecting X, —1 if rewarded for a different option, or 0 when no reward was given. The continuous variable P represents
the participant’s preference for choosing high-noise partners, which was defined as a ratio of the number of blocks where
a participant chose a high-noise partner. ID is the participant identity.

We repeated this model specification for option Y and option Z. We derived a mean effect of each predictor across the
three models. Specifically, we obtained the variance-weighted average of its coefficients (and corresponding standard
errors) across X, Y, and Z models and its variance.

To test whether learning style varied with the noise level of the currently chosen partner within a participant, we fit a
within-participant GLMM analogous to the option-wise models above. For participants who chose both high- and low-
noise partners at least once, we ran three separate mixed-effects logistic regressions (one per option X, Y, Z) and then
pooled coefficients across options by variance-weighted averaging. Using option X as an example, the model in Wilkinson
notation was:

logit P(choice = X) ~ 1 + (C; + Ry) # D+ (1 + (C; + R) = D | ID), 2)

where C; indicates whether the partner chose X on trial t (+1 if the partner chose X, —1 otherwise), R; encodes the part-
ner’s reward on trial t relative to X (as defined above), and D is a block-level indicator of the currently chosen partner’s
decision-noise level (effect coded: D = +1 for high-noise, D = —1 for low-noise). Random intercepts and random slopes for
C; and R; were included for participant (ID).

Computational models. To identify a participant’s learning style for observational learning, we considered three com-
putational models. These models were fitted to the choice data in the Observational Learning task and compared based
on their goodness of fit. We then examined differences in parameter estimates from the best-fitting model between partici-
pants who chose to learn from the low-noise partner and those who opted for the high-noise partner.

Full model. This model integrated two learning styles: learning from a partner’s actions and learning from a partner’s
rewards. Specifically, it learned the partner’s action tendencies (i.e., which action the partner tends to choose) from their
actions and learned action values of available options from their reward outcomes through reinforcement learning. The
model assigns two key quantities to each option X, Y, Z:

» Action values (Vy, Vy, V) representing learned action values from observational learning.
+ Action tendencies (Ay, Ay, A7) capturing the tendency to imitate a partner’s actions.

Each of these is initialized as follows: Vy=Vy=V;=1/2and Ay=Ay=A,=1/3.

The model updates these values separately, following the learning rules of its two components: Reward Learning and
Action Learning components. The Reward Learning component updates action values based on observed rewards. If a
partner chooses option X on trial ¢, the update follows:

Vit < V-1 + av(Ri — Vxt—1), (3)
where R; € {0, 1} is the observed reward, and ay € [0, 1] is the learning rate.

The Action Learning component updates action tendencies based on a partner’s choices, reinforcing chosen actions
while decreasing the tendency for unchosen ones:

Achosen,t « Achosen,t—1

+ aA(1 - Achosen,t—1)’ (4)
Aunchosen,t « Aunchosen,t—1
+ aA(O - Aunchosen,t—1 ) (5)
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Here, a4 €0, 1] is the learning rate for action tendencies.
To determine which option to choose, the model combines both learned action values and action tendencies using a
weighting parameter w, € [0, 1]:

Qx=(1—wg) - Vx+wu-Ayx. (6)
The probabilities of selecting an option were calculated using the softmax rule:

exp(B - Qx)

Pr(choice = X) = S exp(8 - Q)
j |

(7)

where 8 > 0 is an inverse temperature parameter controlling decision-noise (higher 3 leads to more deterministic choices).

Action learning model. This model only learned from a partner’s actions to imitate their choices. It is a partial model
in a way that it lacked the Reward Learning component of the Full model. The action tendency updates were done in the
same manner as the Full model. The choice probabilities were computed in the same manner except this model used the
action tendency A instead of the combined value Q.

Reward learning model. This model only learned from a partner’s rewards. It is also a partial model because it lacked
the Action Learning component compared to Full model. The action value updates occurred in the same manner as Full
model. The choice probabilities were calculated using the softmax rule except this model only used the action value V
instead of Q.

Model fitting. To fit the different computational models to participants’ choice data in the Observational Learning task,
we employed a Bayesian hierarchical modeling approach. This was done using Markov chain Monte Carlo (MCMC) sam-
pling implemented in Stan (version 2.35.0) via the Python interface CmdStanPy (version 1.2.1). Four independent chains
were run with 1,000 warm-up iterations followed by 1,000 sampling iterations, resulting in a total of 4,000 posterior sam-
ples per parameter.

In this hierarchical framework, individual-level parameters are first defined on an unconstrained (real-valued) scale and
then transformed to respect their respective domains. For parameters constrained to the unit interval, such as the learning
rate for imitation a4, we define raw parameters a4 o, On the real-valued line and apply a logistic transformation:

1

an = 1+ e~ %A raw ’

(8)

to ensure that a4 € [0, 1]. For strictly positive parameters, such as the inverse temperature 3, we define a raw parameter
Braw ON the real-value line and map it via an exponential transformation:

6 = exp(ﬁraw)- (9)
At the group level, the raw parameters are modeled as drawn from normal distributions:
eraw,i ~ N(ug, Ug)’ (10)

where 6 stands in for any transformed parameter (e.g., a4, ay, or 8). Hyperparameters are given weakly informative pri-
ors:

Mg ~ N(0, 1), (11)
o ~ Half-Cauchy(0, 3), (12)
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a choice that enforces non-negativity while allowing for substantial variation in individual-level estimates [28].

Model recovery analysis. To ensure the robustness and reliability of our model comparison, we performed a model
recovery analysis [31]. Simulated choice data were generated using each model under experimental conditions mirror-
ing the study design (74 participants, 60 trials per block, and four blocks). The simulated data assumed that the proba-
bility of a partner being low explorative was 0.7, and the probability of a partner being high explorative was 0.3, reflect-
ing the empirical partner selection distribution (Fig 2A and 2B).Parameter values were drawn from Beta distributions
(Beta(1.1,1.1)) for learning rates and the weight and a Uniform distribution (U(0, 30)) for the inverse temperature.

Each simulated dataset was then fit using all three candidate models, and WAIC was calculated to identify the best-
fitting model. This procedure was repeated 40 times, allowing us to construct a confusion matrix representing the propor-
tion of times the generating model was correcitly identified (S2A Fig).

Parameter recovery analysis. To further assess the validity of our parameter estimates, we conducted a parameter
recovery analysis using the Full model, which was identified as the best-fitting model. Simulated choice data were gen-
erated using parameter values drawn from the same population-level distributions described above. The Full model was
then fit to the simulated data using the same MCMC procedure.

We were interested in individual weighting parameters for imitation w, (see Computational models), so we evaluated
individual parameter recovery by computing Pearson correlation coefficients between the true simulated parameters
and the corresponding estimated parameters. This process was repeated 40 times to ensure robust results. Strong pos-
itive correlations would indicate reliable parameter recovery, supporting the validity of the model’s parameter estimates
(S2B Fig).

To test whether differences in partner noise-level preference could affect parameter recoverability of the Full model, we
also conducted a group-stratified assessment. Simulated participants were divided into high-noise preference (choosing
high-noise partners more than twice) and low-noise preference (choosing low-noise partners more than twice) groups, dis-
carding no-preference participants (choosing high- and low-noise partners equally). We computed the same parameter-
wise Pearson correlations between true and estimated values, and additionally examined the distribution of signed esti-
mation errors separately within each group (S2C Fig). Strong positive correlations in both groups, coupled with estima-
tion error distributions centered near zero, indicate that parameter recovery works equally well across the two noise-level
preference groups.

Posterior predictive checks. We conducted posterior predictive checks to assess whether the Full model could
reproduce key behavioral patterns. Specifically, we examined whether model-generated choices recovered the learn-
ing curve (S1C Fig) and the effects of the partner’s actions and rewards on the participant’s behavior in the Observa-
tional Learning task (Fig 3A). To this end, we drew individual parameter estimates for all 74 participants from the fit-
ted Full model and simulated choice data for four blocks of the task under the same empirical conditions (trial struc-
ture, reward contingencies, and partner noise level). We then computed the learning curve averaged across participants
(S3A Fig). In addition, we fitted the simulated choice data using the same GLMM used for the empirical data analysis
(Fig 3A). Repeating this procedure 500 times yielded the means and standard deviations of the fixed-effect estimates

(S3B Fig).

Supporting information

S$1 Text. Dynamic-weight model.
(DOCX)

S2 Text. Correlation between participants’ noise level and partner preference.
(DOCX)
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S1 Table. Partner selection GLMM results: pilot and main experiments. Reported are fixed-effect estimates, SEM,
t-statistics, and p-values. Negative coefficients indicate a decreased likelihood of selecting the higher-noise partner.
(XLSX)

S2 Table. Power analysis for the partner selection GLMM. Power was computed based on the estimated effect size
in Model 1, which included only the partner’s noise level as a predictor (see S1 Table). Statistical power estimates are
reported for different sample sizes at a two-tailed significance threshold of « = 0.05.

(XLSX)

S$1 Fig Proportions of correct choices. Each panel contains two plots: on the left, the proportion of correct choices
across frials (chance level = 1/3); on the right, overall accuracy (mean + SEM). (a) Individual Learning (main study, prac-
tice block). Accuracy increased over trials. (b) Observational Learning (main study, practice block). Accuracy increased
over trials. (c) Observational Learning with selected partner (main study; N = 55). Accuracy (mean across 4 blocks *
SEM) increased over trials. (d) Observational Learning (main + pilot), stratified by partner preference. High-noise (orange
dashed) vs. low-noise (green solid). (e) Observational Learning (main + pilot), stratified by block. Results for Blocks 1—4
(distinct colors).

(TIFF)

S2 Fig Model and parameter recovery analyses. (a) Confusion matrix showing the proportion of times each genera-
tive model (rows) was correctly identified by model fitting (columns) based on WAIC. Simulated datasets were generated
under conditions matching the empirical design (74 participants, 60 trials per block, 4 blocks) and repeated 40 times. (b)
Parameter recovery for the full model. Top: Scatter plots show the correspondence between true (simulated) and esti-
mated values for four parameters: the relative weight of learning from the partner’s action (vs reward), the learning rate
for the partner’s action, the learning rate for the partner’s reward, and the inverse temperature (log scale). Bottom: His-
tograms of Pearson correlation coefficients between true and estimated parameters across 40 simulations. (c) Distribution
of parameter-recovery correlations (left) and biases (right) stratified by partner preference. Each row corresponds to one
recovered parameter: the relative weight of learning from the partner’s action (vs reward), the learning rate for the part-
ner’s action, the learning rate for the partner’s reward, and the inverse temperature (log scale). For correlations (two left
columns), each histogram shows the distribution of Pearson correlation coefficients between true and estimated param-
eters across 40 simulated datasets, separately for high-noise preference and low-noise preference groups. For biases
(two right columns), each histogram shows the distribution of signed estimation errors (estimated - true) under the same
stratification. Correlation distributions are strongly shifted toward positive values in both groups, and bias distributions are
tightly centered around zero, indicating reliable recovery without systematic over- or under-estimation in either stratum.
(TIFF)

S3 Fig Posterior predictive checks for the Full model. (a) Simulated learning curve and overall accuracy in the Obser-
vational Learning task (S1C Fig). Left panel: the simulated proportion of correct choices (mean across 4 blocks + SEMs).
Right panel: simulated overall accuracy (Mean + SEM) (b) Simulated effects of partner-related variables on participants’
behavior (Mean + SEM). For different simulated choice data, we re-fit the same generalized linear mixed-effects model
(Fig 3A) 500 times, obtaining the means and SEMs of simulated effects.

(TIFF)

S4 Fig Model comparison stratified by partner preference. We conducted model comparisons separately for partici-
pants who preferred low-noise partners and those who preferred high-noise partners (Fig 2A and 2B in the main text). The
Full model provided the best fit according to WAIC in both of the groups.

(TIFF)
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S5 Fig Posterior population-level distributions of parameters in the Full model. Density plots show the population-
level posterior distributions for each parameter estimated in the Full model: the relative weight of learning from the part-
ner’s action (vs reward), the learning rates for the partner’s action and reward, and the inverse temperature (log scale).

(TIFF)

S$6 Fig Individual parameter estimates from the Full model, stratified by partner preference (Low-noise, No pref-
erence, High-noise). Left: the learning rate for the partner’s action (imitation); middle: the learning rate for the partner’s
reward; right: the inverse temperature (log scale). Dots show participants; black diamonds indicate group means + SEM.
Brackets report Cohen’s d for pairwise contrasts.

(TIFF)
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