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Abstract

People are sensitive to unequal outcomes. Recent studies show
that people’s ability to learn action-reward mappings depends
on the percentage of the reward amount they receive (compared
to another person), even when such information does not change
which actions are the most rewarding for the learner. However,
questions remain about the degree to which this sensitivity to
inequity depends on the broader inequity context. We report
results from two additional experiments in which participants
had the opportunity to learn action-reward mappings, with only
part of the reward going to the participant. Crucially, we manip-
ulated whether participants encountered both advantageous and
disadvantageous inequity, or only one type of inequity, within
the same learning block. We found that the effect of inequity
differed between these two designs, suggesting that inequity af-
fects learning in at least partly a context-dependent way. We
formalized context-dependency into a new computational model
which outperformed its context-independent counterpart.

Keywords: reinforcement learning; social decision-making;
inequity; reward-based learning; range adaptation

Introduction
Imagine a hypothetical scenario where there are two projects
you can choose to join. One project gives you 30% of its
revenue, and the other gives you 90%. The rest of the revenue
is given to someone else. Which project would you choose to
join? Many people would probably choose to join the second
one, even when the first project may potentially be more prof-
itable overall. This example demonstrates a simple principle
that people have preferences regarding how resources should
be divided between themselves and others, which has been
widely investigated by research in social decision-making.
Overall, people display social preferences for equity and fair-
ness by making decisions that promote equal and fair distribu-
tions of resources (Fehr & Camerer, 2007). People generally
derive greater value from equal (or fair) distributions of re-
sources than from unequal ones, but if resources are divided
unequally, people generally prefer to receive the larger share.
This preference arises in a variety of decision contexts and
can be moderated by factors such as social distance (Strom-
bach et al., 2015) and social group membership (Hackel et al.,
2022; Jenkins et al., 2018; Kobayashi et al., 2022)

Now, imagine a second scenario in which you do not have a
choice of which project to join; rather, the amount of revenue
generated by the project depends directly on the actions you
take: some actions generate more revenue than others. How-

ever, you would need to learn which actions generate more
revenue than others through trial and error. Would your abil-
ity to do so be affected by whether you get to keep 30% versus
90% of the revenue you generate for the project? Under this
scenario, the question has transitioned from a question about
decision-making to a question about reinforcement learning
– the ability to learn the relationship between actions and the
outcomes they produce (Sutton, Barto, et al., 1998). At first
glance, it seems that inequity should have no effect because
learning the most rewarding action is beneficial regardless of
what percentage you get to keep. Moreover, humans and other
animals can often learn from rewards implicitly (Bayley et al.,
2005; Cortese et al., 2020; Pessiglione et al., 2008). De-
spite the difference between the two scenarios, previous work
has interestingly found that social inequity not only shapes
decision-making but also drives reinforcement learning (Ham
& Jenkins, 2025). Specifically, people learn substantially bet-
ter and faster when they get to keep more than 50% of the
reward (advantageous inequity) as opposed to less than 50%
(disadvantageous inequity).

However, what remains unclear is how contextually flexi-
ble the effect of reward inequity is on reinforcement learning.
Suppose you currently work on a project where you get to
keep 30% of the revenue. Maybe 30% feels not as bad if you
have already worked on another project from which you only
got to keep 10% and much worse if you have already worked
on one from which you got to keep 90%. Evidence suggests
that human reinforcement learning can be context-dependent
(Palminteri & Lebreton, 2021; Suzuki & O’Doherty, 2020),
just as economic decision-making is contextual. The effect of
reward on learning depends not only on the objective magni-
tude of the reward but also on the reference point (whether the
reward is framed as loss or gain) as well as the range of possi-
ble rewards of which the person is aware. This phenomenon is
known as range adaptation (Bavard et al., 2018, 2021; Moli-
naro & Collins, 2023). If reinforcement learning adapts to
the context of the magnitude and valence of economic reward,
it may also adapt to the range of possible levels of inequity.
Social evaluations follow similar principles (Chang & Sanfey,
2013). Fairness is rarely judged in isolation. Instead, internal
expectations create dynamic reference points for these evalu-
ations (Vavra et al., 2018). While such context-dependency
is well-documented in social decision-making, its impact on
iterative reward-based learning remains unclear.

To test whether inequity affects learning in a context de-
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Figure 1: Experimental design: A. Block structures: The
task was grouped into 8 independent blocks. Before each
block, participants saw all stimuli they may encounter, and
the occupation of the social target that would receive a share
of the reward. B. Trial structures: Each image stimulus would
appear for 16 trials in total and corresponded to one percentage
of the split. The trials for all 2 stimuli were randomly shuffled.
C Testing phase: All images where presented again (4 times
for each image) and participants needed to recall which key
generates the highest reward ($2). No feedback was given.

pendent manner, we designed two experiments in which we
manipulated the inequity levels as conditions within subjects
in two different ways. We found that if a participant has en-
countered a wider range of inequity in the recent past, the im-
pact of inequity on learning is exaggerated. A computational
model that considers context-sensitive adaptation explains the
data better than one that does not. Analysis and task code for
this project can be found at https://osf.io/ew5pu.

Methods
Participants
A total of 103 participants were recruited through Prolific and
randomly assigned to either Experiment 1 or Experiment 2.
All participants provided their informed consent prior to par-
ticipation and study procedures were approved by the Institu-
tional Review Board (IRB) of the University of Pennsylvania.
Participants were prescreened on Prolific to be at least 18

years old and fluent in English. Those who failed to respond
on more than 5% of trials were excluded from analysis. After
applying these criteria, we retained 98 participants (Experi-
ment 1: n=54, 29 identified as female, 25 identified as male,
mean age = 34.9 years ; Experiment 2: n=44, 21 identified as
female, 23 identified as male, mean age = 34.0 years).

Procedures
Participants completed a reinforcement-learning task, adapted
from Ham and Jenkins (2025), which was implemented in
PsychoPy (Peirce et al., 2019) and hosted online via Pavlovia.
Choices led to outcomes that were split between the participant
and another individual. The task consisted of eight blocks,
each introducing a new set of reward contingencies. In each
block, participants interacted with one stimulus set composed
of two images. Across the entire experiment, there were eight
distinct stimulus sets, randomly assigned to the eight blocks.
Within each block, both images were presented 16 times (32
trials per block), with trial order fully randomized. Each image
was associated with a fixed reward split percentage between
the participant and the other person, with four possible levels:
0.1, 0.3, 0.7, and 0.9. All stimuli were images of objects
adapted from multiple existing object image databases used
in prior studies (Collins et al., 2017; Ham & Jenkins, 2025;
Konkle & Oliva, 2012).

Experiment 1 Blocks were designated as advantageous
(0.7, 0.9) or disadvantageous (0.1, 0.3), with each participant
completing four blocks of each type. Block order and social
target identity were randomized across participants. Social
targets were indicated by an occupation label displayed at the
beginning of each block to provide contextual information for
the shared reward (Figure 1 A).

Every trial proceeded through the following steps (Figure 1
B). A fixation cross appeared for 1 s, after which a stimulus
image was shown. The image remained on the screen until
the participant pressed one of three keys (J, K, or L) or until
1.5 s had passed. For each stimulus, the three keys corre-
sponded to three different reward amounts ($0, $1, or $2),
and this key-reward mapping was randomized across stim-
uli. After a response, a feedback screen was presented for 2
s. The feedback displayed the amount earned by the partic-
ipant and the social target, shown as bar graphs (e.g., "You:
+$1.40; The nurse: +$0.60"). These values were determined
by applying the reward split percentage associated with the
stimulus. If participants did not respond within 1.5 s, the
message "please respond faster" appeared. Responses faster
than 0.15 s were not recorded, and participants were prompted
to respond again.

Participants received general instructions explaining the re-
ward structure and were informed that one randomly selected
trial would determine their bonus payment. To implement the
shared-reward component, one of the eight occupations was
randomly selected at the end of the experiment, and the bonus
from the selected trial was split equally among participants
assigned to that occupation, thereby determining eligibility
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for an additional bonus. The instructions did not explicitly
emphasize maximizing earnings in order to avoid directing
participants toward a purely self-interested strategy. Before
the main task, participants completed a 16-trial practice block
using a separate set of stimuli and a social target labeled
“singer,” which did not appear in the main experiment.

After completing all experimental blocks, participants un-
expectedly completed a surprise post-test assessing their mem-
ory for the reward structure (Figure 1 C). On each trial of the
post-test, a previously seen stimulus was presented for up to
1.5 s or until a response was made, after which the next trial
began immediately. Unlike in the previous learning phase,
participants were explicitly instructed to select the key that
produced the highest reward, and no feedback was provided
during the post-test. Each stimulus appeared four times in
randomized order. Finally, participants completed a demo-
graphic questionnaire and rated the warmth and competence
of the eight occupations that served as social targets in the
experiment. Ratings were provided on separate 0–100 scales.
The order of occupations and the order of the two social per-
ception questions were fully randomized.

Experiment 2 Experiment 2 was identical to Experiment 1,
except for the manner in which reward splits were configured
within each block. Rather than designating entire blocks as
either advantageous or disadvantageous, each block in Exper-
iment 2 was assigned two reward split percentages, randomly
drawn from 0.1, 0.3, 0.7, 0.9, allowing advantageous and dis-
advantageous trials to occur within the same block. At the
experiment level, the sampling scheme was constrained such
that each split percentage appeared an equal number of times.
All other procedures and task components were consistent
with those used in Experiment 1.

Model Framework
The inequity-weighted model The inequity-weighted rein-
forcement learning model (IRL1) proceeds in two stages: the
value updating stage and the policy formation stage. In the
value updating stage, for stimulus 𝑠 and action 𝑎 on trial 𝑡, the
model estimates an expected value (i.e., the Q value)𝑄(𝑠𝑡 , 𝑎𝑡 )
by performing an update using the delta rule (Equation 2):

𝑄𝑡+1 (𝑠𝑡 , 𝑎𝑡 ) = 𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼𝛿𝑡 (1)

𝛿𝑡 = 𝑢𝑡 −𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 ) (2)
where 𝛼 represents the learning rate and 𝑄𝑡 represents a
|𝑆 | × |𝐴| matrix encoding all Q values given a trial 𝑡. 𝑆

represents the full stimulus/state space within a block (i.e., all
the possible images that could appear). In our experiments,
|𝑆 | = 2. 𝐴 is the full action space. In our experiment,
|𝐴| = 3 because there were three possible buttons to press.
The algorithm 𝑄0 is initialized as a uniform matrix of the
expected values of random guessing. 𝛿 ∈ R is the reward

1IRL does not mean inverse reinforcement learning here. We
kept this acronym to be consistent with previous publications on the
model.

prediction error, and 𝑢𝑡 is the utility received at trial 𝑡 which
depends on the reward 𝑟𝑡 ∈ {0, 1, 2} and the percentage of the
reward given to the participant at that trial 𝑝self

𝑡 ∈ [0, 1] . We
formalize the effect of inequity using the Fehr-Schmidt utility
function (Rohde, 2010):

𝑢𝑡 = 𝑟𝑡 ∗ (𝑝self
𝑡 + 𝛾 ∗ (𝑝target

𝑡 − 𝑝self
𝑡 )) (3)

where in our task, 𝑝target
𝑡 = 1 − 𝑝self

𝑡 is simply the percentage
of reward given to the recipient, and the inequity weight
𝛾 ∈ R controls the influence of the inequity, which we fit
separately to the advantageous condition (𝛾 = 𝛾𝑎𝑑𝑣) and the
disadvantageous condition (𝛾 = 𝛾𝑑𝑖𝑠). 𝑄0 is initialized to be
the expected utility corresponding to the trial where a new
stimulus first appears: if ∀𝑡′ < 𝑡, 𝑠𝑡 ′ ≠ 𝑠𝑡 , we have ∀𝑎 ∈ 𝐴,

𝑄0 (𝑠𝑡 , 𝑎) = 𝑝self
𝑡 + 𝛾 ∗ (𝑝target

𝑡 − 𝑝self
𝑡 ) (4)

In the policy formation stage, Q values are transformed by
the Softmax function into a policy, i.e., a vector of probabilities
of taking each action (represented by ®𝜋𝑡 ).

®𝜋𝑡 = 𝑝( ®𝐴|𝑠𝑡 ) =
𝑒𝛽𝑄𝑡 (𝑠𝑡 )∑

𝑎∈𝐴 𝑒𝛽𝑄𝑡 (𝑠𝑡 ,𝑎)
(5)

where 𝛽 ∈ [0,∞) represents the inverse softmax tempera-
ture. Finally, we allow all Q values to decay back to the initial
Q values with a decay rate (𝜙 ∈ [0, 1]) to capture subjects’
forgetting process.

𝑄𝑡+1 (𝑠𝑡 , 𝑎𝑡 ) = 𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 ) + 𝜙(𝑄0 (𝑠𝑡 , 𝑎𝑡 ) −𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 )) (6)

The context-dependent inequity-weighted model The
context-dependent inequity-weighted reinforcement learning
(CIRL) model extends the IRL model with three additional
mechanisms: (1) a dynamic reference point that adapts to the
distribution of experienced splits, (2) a compression mech-
anism that contracts perceived splits toward this reference
point, and (3) a range adaptation mechanism that modulates
sensitivity to inequity based on the range of experienced splits.

First, rather than treating splits as absolute values, the CIRL
model maintains a reference point 𝑅𝑡 that tracks the central
tendency of experienced splits. The reference point updates
according to:

𝑅𝑡+1 = 𝑅𝑡 + 𝜂(𝑝self
𝑡 − 𝑅𝑡 ) (7)

where 𝜂 ∈ [0, 1] is the reference point learning rate and
𝑅0 = 0.5. Perceived splits are compressed toward the cur-
rent reference point, reflecting the psychological tendency for
contextual contrast effects:

𝑝self
𝑡 = 𝑝self

𝑡 + 𝑐(𝑅𝑡 − 𝑝self
𝑡 ) (8)

where 𝑐 ∈ [0, 1] is the compression parameter. When 𝑐 = 0,
no compression occurs; when 𝑐 = 1, all splits are perceived
as equal to the reference point.

Besides adaptation to the changing reference point, the
model incorporates a range adaptation mechanism that mod-
ulates sensitivity to the inequity term based on the range of
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splits encountered. We parameterize this as a range-adaptive
“lift” term 𝐿𝑡 which updates according to:

𝐿𝑡+1 = 𝐿𝑡 + 𝑔(1 − 𝐿𝑡 · Δ𝑡 ) (9)

where 𝑔 ∈ [0, 1] is the lift learning rate, Δ𝑡 =

max𝑡 ′≤𝑡 (𝑝self
𝑡 ′ ) − min𝑡 ′≤𝑡 (𝑝self

𝑡 ′ ) is the range of splits experi-
enced up to trial 𝑡, and 𝐿0 = 1. This mechanism causes the
lift to adapt toward 1/Δ𝑡 , normalizing sensitivity to the experi-
enced range of splits. Therefore the utility function extends the
Fehr-Schmidt formulation by operating on compressed splits
and applying the lift selectively to disadvantageous trials:

𝑢𝑡 = 𝑟𝑡 ·

𝑝self
𝑡 + 𝛾adv (𝑝target

𝑡 − 𝑝self
𝑡 ) if 𝑝self

𝑡 > 0.5

𝑝self
𝑡 + 𝛾dis (𝑝target

𝑡 − 𝑝self
𝑡 ) · 𝐿𝑡 if 𝑝self

𝑡 ≤ 0.5
(10)

where 𝑝
target
𝑡 = 1 − 𝑝self

𝑡 . Note that the condition for selecting
𝛾adv versus 𝛾dis is based on the original (uncompressed) split
𝑝self
𝑡 , preserving the categorical distinction between advanta-

geous and disadvantageous conditions.
The Q-learning update rule (Equation 1), decay mechanism

(Equation 6), and softmax policy (Equation 5) remain identical
to the IRL model. The initial Q-values are set according to:

𝑄0 (𝑠𝑡 , 𝑎) = 𝑝self
𝑡 + 𝛾(𝑝target

𝑡 − 𝑝self
𝑡 ) · 1[𝑝self

𝑡 ≤ 0.5] · 𝐿𝑡 (11)

where 𝛾 = 𝛾adv if 𝑝self
𝑡 > 0.5 and 𝛾 = 𝛾dis otherwise. 1

denotes the indicator function. In total, the CIRL model has
eight free parameters: 𝛼 (learning rate), 𝛽 (inverse tempera-
ture), 𝜙 (decay rate), 𝛾adv (advantageous inequity weight), 𝛾dis
(disadvantageous inequity weight), 𝜂 (reference point learning
rate), 𝑐 (compression), and 𝑔 (lift learning rate).

Modeling Procedure
We fitted all model parameters using hierarchical Bayesian
methods. Compared to maximum likelihood estimation,

Bayesian methods not only provide a full posterior distri-
bution over the fitted parameters (instead of simply one point
estimate), but also yield superior parameter and model recov-
ery (Baribault & Collins, 2025; Eckstein et al., 2022). The
population-level priors we used are:

𝛼, 𝜂, 𝜆, 𝜔 ∼ Beta(𝛼 = 1, 𝛽 = 1)

𝛽 ∼ Gamma(𝛼 = 3, 𝛽 = 0.5)

𝜙 ∼ Beta(𝛼 = 2, 𝛽 = 15)

𝛾adv, 𝛾dis ∼ Normal(𝜇 = 0, 𝜎 = 1)
We performed fitting using the python PyMC5 package ver-

sion 5.26.1 (Salvatier et al., 2016) via the no-U-Turn sampler.
For each model, we ran 3 chains of 1000 tuning samples
(which were discarded) and 1000 samples were kept. There-
fore, 3000 samples in total were used to represent each pa-
rameter’s posterior distribution, the mean of which was used
as the point estimate of parameter values per participant. We
simulated each model 20 times using the point estimates and
compared models using the Widely Applicable Information
Criterion (WAIC; Watanabe, 2013). The human data used
for model fitting did not include the first iteration because
the learning performance should be chance level at the first
iteration and thus was not informative to model fitting.

Results
Model-free results
We first analyzed the data from the learning phase (Figure
2) using linear mixed-effects regression with the subject ID
as the random intercept and the total reward amount gen-
erated per trial as the dependent variable ($0, $1, or $2).
The independent variables are inequity type (advantageous
or disadvantageous), iteration (1 to 16), and their interaction.
We used the lmer function from the lmerTest package in R

Figure 2: Learning curve: Participants overall converged on generating a higher total reward. Curves reflect the average total
reward per trial as a function of the number of times that each stimulus was presented, plotted separately for each split condition
(percentage of reward given to the participant). Dashed lines are the simulated learning curve by the best-fitting CIRL model.
Error bars are standard error of the mean.
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Figure 3: Testing phase: Participants were more likely to
recall the most rewarding key response under advantageous
inequity, especially in experiment 2. Each dot shows the
mean rewardingness of the key press for each participants.
Diamond reflects the population average and the middle line
reflects the median. The black diamonds reflect the mean
rewardingness from the last 3 iterations in the learning phase.
Error bars are standard error of the mean.

to perform regression. We found a positive effect of itera-
tion in experiment 1 (b = .036, p < 0.001) and experiment
2 (b = .036, p < 0.001), suggesting that participants are
gradually learning which key press yields a greater monetary
reward over time. We also found that participants yielded a
lower monetary reward overall in the disadvantageous condi-
tion in experiment 1 (b = −.205, p < 0.001) and experiment
2 (b = −.247, p < 0.001), replicating previous findings that
participants learn better when they receive more than 50% of
the reward. We further found significant interaction effects
but in opposite directions in both experiments. In experiment
1, the effect of inequity decreases over iterations (b = .010,
p < 0.001) but in experiment 2, the effect became stronger
(b = −.012, p < 0.001). We next examined the effect of
split percentage using another regression analysis with exper-
iment ID, split percentage (0.1, 0.3, 0.7, or 0.9), iteration,
and all interactions as regressors for advantageous and dis-
advantageous trials respectively. We found no main effect
of split percentage under advantageous inequity (𝑝 = 0.753),
but we found a positive effect under disadvantageous inequity
(b = .402, p = 0.017), replicating previous findings. How-
ever, this effect seems to reduce over iterations as indicated by
the negative interaction effect (b = −.048, p = 0.005).

We next analyzed whether similar effects hold in the testing
phase (Figure 3) where we explicitly instructed participants to
ignore the inequity information. We averaged the total reward
amount corresponding to participant’s responses to each stim-
ulus in the testing phase and predicted it using inequity type
and experiment ID in a linear mixed-effects model. We found
that the effect of inequity remained (b = −.093, p = 0.014),
suggesting that disadvantageous inequity genuinely impaired
learning. Moreover, this effect is stronger in experiment 2
(b = −.215, p < 0.001). This pattern in the testing phase
mirrors participant’s performance at the end of the learning
phase (calculated as the averaged reward amount generated by

Figure 4: The trial-by-trial mean difference in WAIC between
CIRL and IRL increases over the course of learning, suggest-
ing the contextual effect enhances over learning. Error bars
are standard error of the mean.

participants at the last 3 iterations of each stimulus), where
we found a significant effect of inequity type, although only
in experiment 2 (b = −.312, p < 0.001). The fact that these
results still stand in the testing phase where we unequivocally
instructed participants to ignore inequity further strengthens
the claim that social inequity genuinely impairs learning.

We also found similar patterns in the reaction time data, us-
ing similar linear mixed-effects regression models with reac-
tion time as the dependent variable. We first found a negative
interaction effect in experiment 1 (b = −.006, p < 0.001) and
experiment 2 (b = −.005, p < 0.001), confirming that partic-
ipants responded faster in later trials because they learned the
reward contingencies better. We also found that reaction times
were higher overall in the disadvantageous condition in exper-
iment 1 (b = .018, p = 0.015) and experiment 2 (b = .024,
p = 0.003), suggesting worse learning in the disadvantageous
condition. In the testing phase, however, we only found a
significant effect on reaction time in experiment 2 (b = .033,
p = 0.003), with slower reaction times in the disadvantageous
condition. However, the direction of the effect is the same in
experiment 1 (b = .015, p = 0.103).

Modeling results
We found that the CIRL model out-performed the IRL model
in both inequity conditions and experiments (𝑡𝑠 > 2, 𝑝𝑠 <

0.008). This suggests that a model that assumes context sen-
sitivity of inequity outperforms a baseline model that assumes
inequity having a fixed effect on learning. The CIRL model
also outperforms the truncated versions where we fix either 𝜂,
𝑐, or 𝑔 to be 0 (𝑡𝑠 > 3.7, 𝑝𝑠 < 0.001), indicating that all these
additional mechanisms included in the CIRL contributed to
explaining the data. Moreover, CIRL model outperforms IRL
more in later iterations of learning. To show this, we pre-
dicted the difference in WAIC (Figure 4) using experiment
ID, inequity type, iteration, and their interactions in a linear
mixed-effects regression. We found a significant positive ef-
fect of iteration (b = .005, p < 0.001) and this effect was
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Figure 5: Parameters of CIRL: Each dot shows the fitted posterior mean for each participant. Diamonds reflect the population
average and the middle line reflects the median. Error bars are standard error of the mean.

stronger in experiment 1 (b = −.003, p = 0.010). This is
consistent with the finding how range adaptation exaggerates
over the course of learning (Bavard et al., 2018). Simulating
the CIRL model (Figure 2) shows that it captures the main be-
havioral patterns, especially where the inequity effect shrinks
over learning in experiment 1 (b = 0.005, p < 0.001) but
grows over learning in experiment 2 (b = −0.016, p < 0.001).
While the IRL also produces the same pattern in experiment 2
(b = −0.019, p < 0.001), it does not show the same negative
interaction effect in experiment 1 (b = −0.001, p = 0.253).
Lastly, we compared the fitted model parameters of the CIRL
model in both experiments using Wilcoxon test. We found
that participants in experiment 1 overall had higher learning
rate (𝑈 = 1716, 𝑝 < 0.001), lower inverse softmax tempera-
ture (𝑈 = 696, 𝑝 < 0.001), higher 𝛾 only for the disadvan-
tageous condition (𝑈 = 1602, 𝑝 = 0.003), higher compres-
sion (𝑈 = 2144, 𝑝 < 0.001), and higher lift learning rate
(𝑈 = 1486, 𝑝 = 0.034).

Discussion
Inequity shapes how people value distributions of resources,
which in turn impacts not only decision-making, but also
reward-based learning. In this paper, we show that the effect
of inequity on reward learning is not fixed, but dependent on
the surrounding inequity context. Across two experiments,
we manipulated the inequity context in different ways: in one,
participants always encountered only one type of inequity
within each learning block; in the other, inequity types were
intermixed. We found that the effect of inequity on learn-
ing progresses differently in these two contexts. We further
designed a computational model that implements context-
dependent mechanisms and showed that it outperforms the
original inequity-weighted reinforcement learning model.

A notable contribution of these experiments is the inclusion
of a testing phase where participants were explicitly instructed
to recall the most rewarding options, regardless of the inequity.
This serves as a direct test of the outcome of learning, ad-

dressing one limitation of Ham and Jenkins (2025). We found
the same effect of inequity on participants’ performance in
the testing phase, showing that social inequity fundamentally
impacts one’s ability to learn, instead of simply biasing the
choices during the learning phase.

One limitation of the current studies is that the inequity
manipulation is confounded by the reward magnitude given to
the participant. While we showed in our prior studies (Ham
& Jenkins, 2025) that the inequity effect held as strongly
when this confound is not present, better control is needed to
ascertain whether the contextual effects hold specifically for
the variations in social inequity. Another unresolved ques-
tion is why social inequity impacts reinforcement learning in
this way. One possibility is that disadvantageous inequity de-
motivates participants from exerting cognitive effort to learn.
Another possibility is that participants implicitly represent
disadvantageously unequal options as less rewarding, despite
trying to learn from them with similar effort. Future stud-
ies can focus on teasing apart these two mechanisms, either
through behavioral studies or neuroimaging.

While our behavioral and computational results point to-
ward a context-sensitive effect of inequity on learning, the
neural implementation of such sensitivity remains an open
question. Future fMRI studies could test predictions of our
CIRL model on brain activity in the reward system. Specif-
ically, given its role in representing reward prediction errors,
the ventral striatum may show attenuated RPE signaling in
response to disadvantageous inequity. Furthermore, drawing
upon the framework (Chang & Sanfey, 2013), the anterior
insula and anterior cingulate cortex are likely candidates for
tracking dynamic reference points (𝑅𝑡 ) and social expecta-
tions. That the range adaptive lift (𝐿𝑡 ) is implemented through
a range-scaling of neural responses in the ventromedial pre-
frontal cortex is another compelling possibility. Characteriz-
ing the degree to which activity in these brain regions is pre-
dicted by the model would provide significant insight into the
biological plausibility of the observed context-dependency.
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