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Abstract

Roles are a pervasive part of our social landscape, but little
is known about the mental models people use to reason about
agents who occupy roles. In this paper, we test three com-
putational models for role-based reasoning against participant
performance in a social inference task. We find evidence that
people exhibit mixed approaches which broadly track the com-
putational efficiency of simpler models, but still retaining the
structure of Bayesian inference models. These findings shed
light on the mechanics of this important social cognitive sys-
tem and pave the way for future work in this area.
Keywords: roles, Bayesian models, social inference

Introduction
Imagine it is your first day volunteering with an organization
that builds houses and you’re looking for a mentor. You want
to do a good job, but there are dozens of other volunteers to
choose from. You notice one volunteer hammers nails some
of the time and scrolls on their phone otherwise. Another vol-
unteer paints walls sometimes and hammers nails otherwise.
How do you decide who is the more dedicated volunteer to be
your mentor? This example taps into the intuitive dynamics
at play when reasoning about agents who occupy roles.

One of the most important skills in our social cognitive
toolkit is figuring out what people like and how much they
like it. Research has shown that both adults and children ra-
tionally infer people’s preferences by inverting causal mod-
els of decision-making (C. L. Baker, Saxe, & Tenenbaum,
2009; Kushnir, Xu, & Wellman, 2010; Jara-Ettinger, Gweon,
Schulz, & Tenenbaum, 2016). This ability to infer the prefer-
ences of others underpins a wide variety of social interactions.
It guides how and when we help others (Gweon & Schulz,
2019), how we predict their behavior (Ho, Saxe, & Cushman,
2022), and how influence them (Wu, Schulz, & Saxe, 2024).
While these inferential processes are robust, they can be com-
putationally expensive (Jara-Ettinger, 2019; Ho et al., 2022).
However, all of this research has been done in contexts where
personal desire is isolated as the only motivation behind peo-
ple’s actions. But very often people do things not because
they have a direct desire to do so, but because it’s their job.

Roles are a pervasive part of our social lives. Many of the
people we interact with every day occupy roles, such as bus
drivers, doctors, and security guards. Recent work has ar-
gued that roles constitute an critical yet relatively understud-
ied part of our social cognition (Jara-Ettinger & Dunham,

2024; Tomasello, 2020), and that understanding human so-
ciality requires a robust understanding of how roles operate
in cognition. Some empirical work has shown that people
can readily infer the roles people occupy within an institu-
tion (Davis, Dunham, & Jara-Ettinger, 2022) and use roles
to make quick and generalizable inferences about the peo-
ple who occupy them (A. Baker, Dunham, & Jara-Ettinger,
2024; Noyes, Dunham, Keil, & Ritchie, 2021). However, lit-
tle is known about how these representations precisely inter-
act with mental state representations. This gap is a crucial
piece of the puzzle: How do we negotiate whether an agent’s
behavior should attributed to their mental states (i.e. desires)
or the role they occupy? This is a challenging problem be-
cause it is under-determined. Any behavior from someone
occupying a role can be explained by fully appealing to per-
sonal preference, fully appealing to institutional roles, or a
combination of both.

In the volunteer example, we intuitively consider how a
volunteer’s obligations interact with their personal desires.
For example, if a volunteer spends as much time scrolling
on their phone as painting walls, we can assume that they like
scrolling on their phone more. In this way, role-based reason-
ing requires people to perform joint inferences over an agent’s
relationship to the role and their personal desires. But this can
be achieved in many ways. Following from Bayesian models
of Theory of Mind, one possibility is that people implement
a process of inverse decision-making to infer these joint mo-
tivations. But these algorithms are costly, and adding another
causal factor (the influence of the role on decisions) can make
them costlier. Therefore, it is important to also consider ways
people might reason in these contexts in more efficient ways.

In this paper, we test possible algorithms people use to
make these joint role-desire inferences. We use a simple
paradigm where participants observe an agent in a role choos-
ing between tasks and make judgments about their personal
preferences and their affinity for the role. We evaluate their
performance by comparing it to a normative model that ex-
plains judgments as a process of inverse decision-making.
This model is compared with two alternative models which
explain participant judgments as quick but coarse estimations.
If people are making structured inferences about the agent’s
desires and attitude about the role, our main model should
match participant responses more closely than our alternative
models across a wide range of judgments.
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Figure 1: A) Task Backstory: Participants are introduced to Teal, who chooses tasks to complete based on how much they like
a task and how much they care about doing tasks that pay as a freelance worker. B) Main Activity: Participants complete 21
trials (20 trials in Experiment 2) in random order. In each trial, participants see four choices Teal makes. They then rate how
much Teal cares about the freelance worker job (from 0 to 10) and how much Teal likes or dislikes each task (from -10 to 10).

Paradigm
In our paradigm, participants are introduced to agents who
choose one task to complete every hour (Figure1A). There
are four tasks total in the paradigm, but every hour the agent
is only offered two to choose from. Agents are described
as having preferences for which tasks they like and dislike
doing. Importantly, agents are also described as “freelance
workers” who can complete two of the four tasks for pay.
When they complete one of the two freelance worker tasks,
they receive some fixed pay. When they complete one of the
other two tasks they receive no pay, but they still enjoy any
task according to their preferences regardless of pay. In each
trial, participants and models observe four choices made by
an agent and use slider scales to make judgments about how
much the agent cares about doing the job and likes each indi-
vidual task (a total of 5 judgments per trial).

To make this clearer, consider the stimuli in Figure 1B. The
agent chooses the test tube task (a role task) every time it is
offered, but also chooses the paints task (a non-role task) over
the microscope task (the other role task). Intuitively, there are
many ways to explain this pattern. For example, we could
say that the agent likes the test tube task the most and the
paints task the second most. Alternatively, we could say that
the agent cares about doing the job, but really hates the mi-
croscope task. By having participants offer judgments over
many trials, we can see which models best capture the strate-
gies participants use with these role agents more generally.

Main Model
Our main model is based on Bayesian models of cognition1,
which have been shown to effectively capture human The-
ory of Mind (Jern, Lucas, & Kemp, 2017; C. L. Baker, Jara-
Ettinger, Saxe, & Tenenbaum, 2017) and institutional reason-

1Code for all models is available at https://osf.io/b7tjf/

ing (Davis et al., 2022). In these models, observers assume
agents use a “forward model” of decision-making in which
they choose actions that maximize some rewards. Then, by
observing a set of choices, the observer uses Bayesian infer-
ence to estimate what an agent’s set of rewards must be. Our
model builds on this framework by assuming an agent who
occupies a role gets additional reward for the actions that are
required of the role.

Our model uses tasks T = {A,B,C,D} where some tasks
are explicitly associated with the role Trole = {A,B}. Each
agent has a “personal” reward they get from each task t: Rp,t ∼
U(−1,1) and a reward for any time they complete a role task:
Rrole ∼U(0,1). The overall reward an agent gets for choosing
a task t is given by the following reward function:

Rt = Rp,t +

{
Rrole t ∈ Trole

0 otherwise

This forward model takes in four task pairs as input to gen-
erate four choices. To do this, the model samples values for
Rp,t for all t ∈ Trole and Rrole. Then, for each task pair, the
model probabilistically chooses one of the two tasks in pro-
portion to it’s overall reward. These probabilities are given
by a softmax function over the two reward values, which uses
a rationality parameter τ = 0.4. This value for τ was chosen
based on a pilot experiment which ran a different set of trials
and showed little qualitative difference in model fit using τ

between 0.1 to 0.7, and so we selected the midpoint of 0.4.
This forward model is used with a series of observed

choices (C) to jointly infer the most likely values for an
agent’s personal task rewards (Rp,t∈T ) and role reward (Rrole).
The probability of the agent having a set of reward values
given a set of observed choices is given by Bayes’ theorem:

P(Rrole,Rp,t∈T |C) ∝ P(C|Rrole,Rp,t∈T )P(Rrole,Rp,t∈T )

6068



Where P(C|Rrole,Rp,t∈T ) is the likelihood of making
choices C given some reward values, and the prior proba-
bilities of selecting a set of reward values P(Rrole,Rp,t∈T ) is
constant because all rewards are sampled from uniform dis-
tributions. The final reward estimates are the expected values
calculated using importance sampling over 10,000 samples.

Alternative Models
While Bayesian inference algorithms are robust tools for so-
cial reasoning, they can be computationally demanding. Be-
cause of this, we wanted to explore two additional questions
in this paper. First, is it possible that people are using a sim-
pler strategy to make these inferences which reduces the com-
putational burden? Second, if so, is it possible that these are
approximations of inverse decision-making? To answer these
questions, we designed two alternative models that imple-
ment simpler strategies for estimating an agent’s motivations
in a role.

Alternative model 1: Ratio Tracking
In this model, each task estimate is calculated by summing the
number of times that task was chosen divided by the number
of times it was offered to the character (or 0 if it was never
offered). Similarly, the role estimate is calculated by counting
the number of times either role task was chosen divided by the
number of times at least one role task was offered.

Alternative Model 2: Frequency Tracking
In this model, each task estimate is calculated by summing the
number of times that task was chosen overall. Similarly, the
role estimate is calculated by counting the number of times
any role task was chosen overall.

Experiment 1
In this experiment, participants observed agents in a role mak-
ing decisions about which tasks to complete. From these
observations, participants made inferences about the agent’s
personal desires and their affinity for the role, which can be
directly compared to model predictions. All aspects of the
study were preregistered unless explicitly noted2.

Participants
We recruited 50 adult participants from the US via Prolific to
complete the experiment online (Mage=32.92, SDage=12.50;
52% Female, 46% Male, 2% Non-binary). An additional 16
participants were excluded due to comprehension check fail-
ures. In a small deviation from our preregistration language,
we resampled participants to compensate for exclusions until
reaching our target sample of N=50.

Materials
The study was made up of 21 trials, where one trial consisted
of seeing a new character choose one of two tasks over 4
hours (Figure 1B). Based on these four choices, participants

2Materials and preregistrations for both studies are available at
https://osf.io/b7tjf/

were asked to rate 5 things about the character: How much
they care about doing the freelance job (1 scale from 0 to 10)
and how much they like doing each individual task (4 scales
from -10 to 10). Participants had to click each of the sliders
at least once before moving on to the next trial.

Trials were sampled from a compiled set of all trial permu-
tations that can be made with the 4 tasks3. This process led
to an overall set of 2,016 possible trials to sample from.

The sampling process used estimates from our main model
run over all trials. The trials were grouped based on key es-
timates (judgments about role, judgments about role tasks,
judgments about non-role tasks). One trial was sampled from
each of these groups to ensure a substantial spread of trials
along the ranges of these key model estimates. This process
resulted in a final set of 21 trials used in the experiment.

Procedure
After providing consent, participants were introduced to our
character Teal and the background story of the task (see
Paradigm and Figure 1A). During the introduction, partici-
pants answered three comprehension checks about key details
of the task (e.g. “Select all of the tasks a freelance worker can
complete for pay”). Participants had to answer these compre-
hension checks correctly before moving forward. Participant
who answered any one of the comprehension checks incor-
rectly more than twice were excluded. After the introduc-
tion, participants were familiarized with trial formatting and
slider mechanics before beginning the main activity. In the
main activity, participants completed 21 trials in random or-
der (Figure 1B). Participants then answered optional demo-
graphic questions before finishing and collecting compensa-
tion.

Results
In Figure 2 we see participant responses and model estimates
for individual trials. A positive value on the y-axis indicates
a higher rating than average for that slider (Teal likes that
task more than average or cares about the job more than av-
erage). A negative rating indicates a lower ratings than av-
erage. Before being compared to model predictions, partic-
ipant responses were z-scored at the subject level and slider
level (role vs task) then averaged. This resulted in a total of
105 data points to be compared with model estimates. Each
model’s estimates were also grouped by slider type and z-
scored before comparison.

We first tested how participant judgments correlated with
our main model (Figure 3). The main model showed a high
quantitative fit with participant responses (r = 0.87,CI95% :
(0.82,0.91)), suggesting that our main model explains partic-
ipant responses well across a wide range of possible choice
patterns. Next, we correlated our alternative models with par-
ticipant responses to test whether they can also be explained
by by computationally cheaper strategies. Both the Ratio

3Trial generation and selection code is available at
https://osf.io/b7tjf/
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Figure 2: Example Trials. For each Trial, the character’s choices can be seen on the left. On the right are average participant
responses (with 95% confidence intervals) and model estimates for each measure. To better visualize the relationship between
participants and the models, model estimates have been linearly transformed to fit the same scale as participant responses.

Tracking Model (r = 0.89,CI95% : (0.84,0.92)) and the Fre-
quency Tracking Model (r = 0.92,CI95% : (0.89,0.95)) also
showed high quantitative fits with participant responses (Fig-
ure 3). We used bootstrapped differences to test whether ei-
ther of the alternative models show a significantly higher cor-
relation than the main model. Neither the Ratio Tracking
Model (CI95% : (−0.05,0.02)) nor the Frequency Tracking
Model (CI95% : (−0.10,0.01)) showed a significantly higher
correlation. These results indicate that all models explain
participant judgments at a high level. Because the results
from these models are so tightly matched, we investigated
whether the alternative models could be approximating the
main model by directly comparing the models to one another.

To test the relationships between our models, we ran ex-
ploratory analyses correlating the main model to the two al-
ternative models. For the trials in Experiment 1, we found
that the main model has a strong correlation with both the
Ratio Tracking Model (r = 0.92,CI95% : (0.89,0.95)) and the
Frequency Tracking Model (r = 0.81,CI95% : (0.74,0.87)).
However, these trials are a subset of all the possible trials this
paradigm allows. Therefore, we also tested how these mod-
els correlate across all 2,016 trials we generated in the trial
selection process (see Materials). The correlation between
the models remain relatively strong across all trials (Main
Model and Ratio Tracking: r = 0.87,CI95% : (0.87,0.88));
Main Model and Frequency Tracking: r = 0.68,CI95% :
(0.67,0.67)). These results support the notion that the alter-
native models effectively estimate the main model.

Although the alternative models correlate highly with par-
ticipant responses, both suffer from coarse predictions. Each
alternative model only give a handful of estimate values, so
the data for each of them are clustered into groups (see Fig-
ure 3). These patterns imply that the alternative models treat
the data points in these clusters as indistinguishable, and so
participant responses for them should not meaningfully vary.

The main model, on the other hand, produces a continuous
range of estimates, which affords us an opportunity to test
whether the main model captures something the alternative
models miss. In a preregistered analysis, we partitioned our
data into subsets based on these alternative model clusters.
Then, for each subset, we correlated participant responses
with the main model to see if it made predictions that the
alternative model was missing. In our preregistration, we did
not specify how many data points were sufficient for a clus-
ter to be included in the analysis, so for this paper we ex-
cluded clusters with less than 10 data points. This yielded
six total clusters, three from the Ratio Tracking Model and
three from the Frequency Tracking Model. For five out of six
of these clusters, the main model showed significant positive
correlations with participant responses (Ratio Tracking clus-
ters: r = [0.57∗∗,−0.02,0.71∗∗∗]; Frequency Tracking clus-
ters: r = [0.63∗∗∗,0.67∗∗∗,0.53∗]). These results suggest that,
although all models follow the general trend of participant
responses, the alternative models miss important nuance cap-
tured by the main model.

Discussion

In Experiment 1, we found that all three of our models
broadly captured how participants reasoned about an agent
occupying a role. However, the main model showed more
nuance than the alternative models, fitting participant data in
places where the alternative models make no distinctions.

We also found that these models correlate with one another,
making it hard to distinguish between two general possibil-
ities. The first is that participants are using the Bayesian
model, and the two alternative models happen to approxi-
mate that pattern well. The second is that participants are
using one of the more efficient alternative models, but they
also take care in making small distinctions that the Bayesian
model captures well and the alternative models miss.
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Figure 3: Experiment 1 Results. Each subplot contains 105 data points corresponding to one of the five measures (role and four
tasks) for all 21 trials. All models show high overall fit with participants. However, both alternative models are grouped into
vertical clusters which fail to capture meaningful meaningful variation in participant responses. For 5/6 of the larger clusters
the main model positively correlates with participant responses, indicating a more nuanced fit with participant judgments.

In order to test these hypothesis further, we ran a second
experiment, which is identical except that it deliberately uses
trials that minimize the correlations between model predic-
tions. By using trials where the models disagree, we can more
clearly see which models align with participant intuitions.

Experiment 2
In Experiment 2, we tested a new set of participants in the
same paradigm as Experiment 1, but with trials systematically
selected to minimize similarities between model predictions.
All aspects of the study were pre-registered unless explicitly
noted4.

Participants
We recruited 50 adult participants from the US via Prolific to
complete the experiment online (Mage=37.44, SDage=14.01;
52% Female, 46% Male, 2% Non-binary). An additional 4
participants were excluded due to comprehension check fail-
ures. We resampled participants to compensate for exclusions
until reaching our target sample of N=50.

Materials
The study was made up of 20 trials and followed the structure
and formatting as Experiment 1 (Figure 1B).

The key difference between Experiment 1 and Experiment
2 is how the trials were sampled. In Experiment 2, trials were
selected to intentionally minimize the correlation between the
main model and each of the alternative models5.

4Materials and pre-registrations for both studies are available at
https://osf.io/b7tjf/

5Trial generation and selection code is available at
https://tinyurl.com/rolemodelsfiles

Like Experiment 1, we first compiled a list of all permuta-
tions of 4 task pairs (the two tasks that are offered) and 4 task
choices, leading to a total 2,016 trials. However, we identi-
fied that this list contained trials made up of the same pairs
and choices but in different orders. Because our predictions
do not consider the order of the pairs and choices, we re-
moved all duplicates. This left us with a total of 1,365 trials
to consider.

We then ran our main model and alternative models over
these 1,365 trials. Using these model estimates, we selected
trials in two steps: first we selected 10 trials that yielded the
lowest overall correlation between the main model and the
Ratio Tracking Model, then we removed these trials from
the overall pool and selected 10 trials that yielded the low-
est overall correlation between the main model and the Fre-
quency Tracking Model. We combined these two groups of
10 trials, giving us a total of 20 trials for Experiment 2 that
had correlations close to 0 for both model comparisons (see
Results).

Procedure
Experiment 2 follows the exact same procedure as Exper-
iment 1. Participants were introduced to the task (see
Paradigm and Figure 1A), answered comprehension check
questions, and were familiarized with trial mechanics. In the
main activity, participants completed 20 trials in random or-
der (Figure 1B). Participants then answered optional demo-
graphic questions before claiming their compensation.

Results
As in Experiment 1, participant responses were z-scored at
the subject and slider (role vs tasks) level and averaged. This
yielded one value for each measure across all 20 tasks, a total
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Figure 4: Experiment 2 results. A) Model correlations with
participant responses, where Frequency tracking shows the
highest overall model fit. B) Main model correlations with
participant responses for clusters of data in the Frequency
Tracking model. The main model demonstrates strong pre-
dictive power in these subsets, which appears driven by the
main model’s ability to infer that agents tend to like role tasks
less than non-role tasks.

of 100 data points. Model estimates were also z-scored at the
slider level before being compared to participant ratings.

Because trials were selected to intentionally minimize the
correlation between the main model and alternative mod-
els, correlations between models for the trials used in this
task were weak (Main Model and Ratio Tracking: r =
0.12,CI95% = (−0.08,0.31); Main Model and Frequency
Tracking: r = 0.00,CI95% = (−0.20,0.19)). However, it’s
worth noting that the models still correlate strongly with one
another over all possible trials, even after removing order
duplicates (see Materials; Main Model and Ratio Tracking:
r = 0.89,CI95% = (0.89,0.90); Main Model and Frequency
Tracking: r = 0.74,CI95% = (0.73,0.75)).

For our primary analysis, we tested the overall corre-
lations between participants and models (Figure 4A). The
main model showed no significant overall correlation with
participant responses (r = 0.16,CI95% : (−0.03,0.35)), the
Ratio Tracking model showed a weak positive correlation
(r = 0.31,CI95% : (0.12,0.48)), and the Frequency Tracking
model showed a strong positive correlation (r = 0.95,CI95% :
(0.92,0.96)). Bootstrapped differences revealed that the Fre-
quency Tracking Model showed a significantly higher corre-
lation than the main model (CI95% : (−0.97,−0.58)) but the
Ratio Tracking Model did not (CI95% : (−0.41,0.12)). These
results show that the Frequency Tracking model very closely
captures participants overall pattern of responses.

To investigate these results deeper, we replicated the analy-
sis from Experiment 1 in which we correlate the main model
with participant responses for clusters of data in the Fre-
quency Tracking model (Figure 4B). In this exploratory anal-
ysis, we found an interesting pattern: in each of large clusters,
where the Frequency Tracking model predicts no variance in
participant responses (r = 0), the main model positively cor-
relates with with participant responses. Two of these correla-
tions are small and not significant, but two of them are sub-
stantial (r = 0.71,CI95% : (0.51,0.84) and r = 0.75,CI95% :
(0.44,0.90)). Looking closer, we found that the data in these
clusters organized neatly into role tasks and non-role tasks.
This pattern shows that participants and the main model make
inferences about role tasks and non-role tasks as categories,
a distinction that the Frequency Tracking model completely
misses.

General Discussion
Across two experiments, this paper investigates how people
make intuitive judgments about agents occupying roles. We
found that judgments are broadly consistent with the more
efficient method of Frequency Tracking, and that Frequency
Tracking serves as an effective approximation of the Bayesian
model. However, participants also reliably made nuanced
distinctions captured by the main model which Frequency
Tracking alone cannot account for.

These results suggest that participants are using mixed
strategies that are not fully accounted for in any one of the
models tested. Here we entertain two possibilities for what
this strategy could be.

One possibility is that people combine these two models in
a way that plays to their strengths. Frequency Tracking allows
them to arrive at a reasonable estimate in a more computa-
tionally efficient way. Then, Bayesian inference allows them
to fine-tune these estimates and capture more nuance. This
approach could resemble amortized inference (Gershman &
Goodman, 2014), which has been proposed as a way that cog-
nition can save computational resources in inference contexts
such as these. Another possibility is that people are using a
more sophisticated variant of frequency tracking which cap-
tures more nuance than the implementation used here and by-
passes Bayesian inference entirely.

This project provides initial insights into the cognitive
mechanisms of role-based reasoning. And yet, there is still
much more to explore. First, we will test how people make
predictions about what an agent will do when they exit a role.
If people treat roles as causally distinct from personal desire,
then predictions about what an agent will do next should de-
pend on whether they are still in the role or not. Second, these
experiments probe role motivation in a broad way, by asking
how much the agent ”cares” about the role. In reality, peo-
ple can have many motivations for executing a role, such as
money or status. Future work should disentangle these intu-
itions and shed light on specific motivations related to roles
and their occupants.
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