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Abstract

Computational models of social learning often assume learn-
ers and demonstrators share identical or at least positively cor-
related goals. Yet this assumption limits applications to real-
world scenarios, where preferences may be misaligned or even
opposed. We address this gap by extending the socially corre-
lated bandit task to settings where agents need to learn when
social information is positively correlated, uncorrelated, or
negatively correlated, analogous to learning whom to trust or
distrust. We introduce Social Correlation–Adjusted LEarning
(SCALE), a multi-output Gaussian Process model that learns
the covariance structure between agents’ preferences. Using
simulations, we characterize the model’s performance across
social environments and outline a path toward agents that can
dynamically infer social correlations from experience. Our
model allows us to reframe prior experimental observations,
and lays the groundwork for future experimental work on the
integration of preferences into individual decision-making.

Keywords: social learning; generalization; agent-based mod-
eling; trust learning

Introduction
Imagine you are going to the cinema to watch a movie. While
you could choose blindly, you might also leverage social in-
formation to make a more informed choice. You can check
online reviews under the assumption that they reflect the qual-
ity of the movie. But maybe you have a friend with immacu-
late taste from whom you would rather solicit a recommenda-
tion, expecting it to be more aligned with your taste than any
random reviewer. Or perhaps you unironically enjoy “bad”
movies and would rather choose the one with the lowest rat-
ing instead. In each case, the same social signal carries dif-
ferent informational value, depending on how others’ prefer-
ences relate to one’s own. Effective social learning therefore
requires learning when to trust, ignore, or invert social infor-
mation (Fig. 1a).

While this type of choice problem is well-studied in rec-
ommender systems, where collaborative filtering leverages
large-scale datasets of user preferences to generate recom-
mendations (Papadakis et al., 2022), such approaches typi-
cally require extensive prior data. In contrast, research on
social learning focuses on sparse data settings, where agents
integrate social information with their individual decision-
making process, often from only one or a few demonstrators
(e.g., McElreath et al., 2008; Molleman et al., 2020; Najar et
al., 2020; Toyokawa et al., 2019; Wu, Deffner, et al., 2025).

However, in this endeavor to understand social learning
from sparse data, much of the literature has relied on simpli-
fied settings. Most commonly, demonstrator and observer are
assumed to share the same goal and value function. In such
experimental settings, we commonly find under-use of so-
cial information compared to normative performance (Acerbi
et al., 2016; Mesoudi, 2011; Molleman et al., 2020; Morin
et al., 2021; Tump et al., 2018), while the opposite appears
to be true for real-world social learning, where we find (of-
ten anecdotal) evidence for the overuse of social information
(Henrich, 2015; Mesoudi, 2009). One possible explanation
for this discrepancy is that humans may be adapted to learn-
ing from others with distinct preferences, which is rarely cap-
tured in experimental paradigms (although see Collette et al.,
2017). When different preferences are considered, prior work
has generally focused on how observers infer others’ prefer-
ences, rather than on how such inferences shape the use of so-
cial information (Fujisaki et al., 2022; Tarantola et al., 2017).

Witt et al. (2024) took an important first step towards intro-
ducing differing preferences into decision-making by investi-
gating social learning in positively correlated environments.
Their Social Generalization (SG) model treats social informa-
tion as uniformly noisier than individual information, yield-
ing a normative solution under fixed positive correlations, and
providing the best descriptive account of participant behav-
ior. While these results show that people can flexibly use
social information, there are two key limitations. First, cor-
relations were fixed and positive across all participants, de-
spite the fact that preference similarity varies widely and can
even be negative, which substantially alters the optimal social
learning strategy (Analytis et al., 2018). Second, SG does
not explicitly model correlation structure, instead absorbing
preference differences into undifferentiated noise. As a re-
sult, it remains unclear how knowledge about others’ pref-
erences should guide individual decision-making in settings
where preferences may be unrelated or even misaligned.

To address this gap, we introduce Social Correla-
tion–Adjusted LEarning (SCALE) as a model that explicitly
represents and exploits varied correlations across demonstra-
tors. We test it in an extension of the socially correlated ban-
dit task (Witt et al., 2024) with differing correlations between
the agent and demonstrators, describing its characteristics and
performance in comparison to SG. Our work aims to elucidate
the benefits of social learning in more complex, naturalistic
settings than previously investigated in the literature.
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Figure 1: a) In real-world social learning, we often have to integrate information from others with varied preferences. b)
Environmental structure of the task. One social learning agent observes three asocial agents with varying correlations. c)
Differences in social information use. Given the same observational data, SG overfits to trusted agents’ observations, while
disregarding others. SCALE can incorporate observations from anticorrelated agents, and does not overrely on correlated
observations. d) Concepts underlying the different models. In SG, individual and social information are treated as information
sources with different noise levels. In SCALE, each agent’s environment is estimated separately based on observations across
all agents and a coregionalization matrix.

Methods
We conducted agent-based simulations to evaluate SCALE’s
performance when learning from demonstrators with differ-
ent social correlations and to test whether agents can learn
and transfer correlation knowledge across environments. Our
simulations build on the spatially correlated bandit task (Wu
et al., 2018), where agents explore a large grid with nearby
options tending to have similar rewards. Because the search
horizon is too short to sample all options, agents can use these
spatial correlations to generalize from observed to unseen op-
tions. We then place this task in a social setting, following
the socially correlated bandit (Witt et al., 2024), where mul-
tiple agents explore grids that are positively correlated with
each other. In this setting, spatial correlations determine the
environmental structure (for individual generalization), while
social correlations determine how informative other agents’
choices and outcomes are for individual decision-making (so-
cial generalization). Here, we further extend the task to het-
erogeneous social correlations, which can be positive, uncor-
related, or even negatively correlated (Fig. 1b).

Environment Generation
To generate socially correlated reward environments, we used
a two-stage Gaussian Process (GP; Rasmussen & Williams,
2006) sampling procedure. Following Witt et al. (2024),
we first sampled a parent reward function from a GP prior
fparent ∼ GP(0,kRBF(x,x′)) parameterized by a radial basis

function (RBF) kernel:

kRBF(x,x′) = exp
(
−∥x−x′∥2

2λ2

)
, (1)

with length scale λ = 2 and observation noise σ2
ε = 0.0001.

We then generated child reward functions for each agent us-
ing a Cholesky decomposition method to enforce the corre-
lation structure. Maps were iteratively generated to ensure
correlations matched the target values ρ ∈ {+0.6,0.0,−0.6}
within a tolerance of ±0.1.1 The positive case matches pre-
vious work (Witt et al., 2024), but we add an irrelevant agent
and one with symmetric inverse correlations. All reward
functions were min-max normalized to the range [0,1] and
defined on an 11×11 spatial grid.

Computational Models
Building on prior work (Witt et al., 2024; Wu, Meder, &
Schulz, 2025), we introduce a family of GP–based reinforce-
ment learning models that formalize how participants inte-
grate individual and social observations, while also aligning
with the environmental generation process. We present two
baseline models from prior literature: Asocial Learning (AS),

1This iterative generation process was required because any valid
correlation matrix—both the one used for environment generation
and the co-regionalization matrix B in the SCALE model—must be
positive semi-definite. This constraint also enforces strict bounds
on the correlation ranges between agents, making the generation of
environments with more extreme correlation values infeasible.



which ignores social information, and Social Generalization
(SG) (Witt et al., 2024), which treats social observations
as noisier but structurally identical to individual samples.
Finally, we present our novel Social Correlation–Adjusted
LEarning (SCALE) model, which exploits the environmental
structure by modeling how similar each demonstrator’s re-
ward function is to the learner’s own, and allows agents to
learn these correlations from experience.

Asocial Learning (AS). As a baseline for performance
without social influence, we modeled AS agents using GP re-
gression. This model assumes that each agent learns a latent
reward function f (x) mapping spatial inputs x ∈ X to reward
observations y ∈ yt , based on its own history of observations
Dt = {Xt ,yt}. The agent’s belief about the reward landscape
is represented by a posterior distribution characterized by a
mean m(x∗) and variance v(x∗) for any given option x∗:

m(x∗) = k⊤∗,t
(
K +σ

2
εI
)−1 yt ,

v(x∗) = k(x∗,x∗)− k⊤∗,t
(
K +σ

2
εI
)−1

k∗,t .
(2)

Here, K+σ2
εI represents the covariance matrix (Eq. 1) of ob-

served locations, accounting for observation noise σ2
ε . The

term k∗,t is the covariance vector representing the similarity
between the target location x∗ and all previously sampled lo-
cations Xt , while k(x∗,x∗) is the prior variance at the target
location. Learning uses the same RBF kernel as environment
generation (Eq. 1), where larger values of λ generalize obser-
vations over greater distances.

We model the exploration–exploitation trade-off using an
Upper Confidence Bound (UCB) value function:

V (x) = m(x)+β
√

v(x), (3)

where directed exploration parameter β determines how much
weight an agent puts on exploration. Actions are selected
probabilistically using a softmax rule, πind(x)∝ exp

(
V (x)/τ

)
,

where temperature τ determines choice stochasticity.

Social Generalization (SG). The SG model (Witt et al.,
2024) integrates social observations directly into the GP by
assuming heteroskedasticity: socially acquired observations
are assumed to be structurally identical, but noisier than indi-
vidual samples (Fig. 1c blue line, d top). This is implemented
by assigning observation-specific noise variances to the co-
variance update:

σ
2
ε = εind +δsoc εsoc, (4)

Here, εind represents the baseline noise for individual obser-
vations, and δsoc is an indicator function taking the value of 1
for social observations and 0 otherwise. A larger εsoc reduces
the influence of social observations by reducing their contri-
bution to both the posterior mean estimate and the reduction
of predictive uncertainty. Apart from this weighted social in-
formation integration, the SG model retains the same spatial
generalization mechanisms (RBF kernel) and decision policy
(UCB-softmax) as the AS model.

Social Correlation–Adjusted LEarning (SCALE). To ac-
count for diverse social environments where preferences may
be misaligned, we introduce SCALE. Unlike SG, which treats
all social information as uniformly noisy, SCALE embeds
the reward functions of all agents into a Multi-Output Gaus-
sian Process with a learnable co-regionalization matrix B
that explicitly represents pairwise correlations. This covari-
ance structure corresponds to the Intrinsic Coregionalization
Model (Bonilla et al., 2007; Goovaerts and Goovaerts, 1997;
Rasmussen and Williams, 2006).

Multi-output kernel. The covariance function in this
framework factorizes into spatial and social components. For
each observation at location x by agent i and location x′ by
agent j, the kernel is defined as:

k
(
(x, i),(x′, j)

)
= kRBF(x,x′)Bi j. (5)

Here, kRBF handles spatial generalization and B is the sym-
metric coregionalization matrix. The diagonal entries Bii = 1
represent individual variance, while the off-diagonal entries
Bi j = ρi j encode the correlation between the learner i and
demonstrator j. Correlation ρi j acts as the dynamic trust pa-
rameter updated through experience.

SCALE differs in key respects from SG’s noise-based
weighting: while SG can only downweight social observa-
tions, SCALE can amplify information from positively cor-
related peers, invert signals from negatively correlated peers,
and ignore uncorrelated peers (Fig. 1c red line, d bottom).
This enables more optimal use of diverse social information,
rather than treating all differences as noise.

Learning trust. The learning agent estimates pairwise cor-
relations ρi j by assessing the similarity between its own pref-
erences and those of each demonstrator. The intuition mir-
rors everyday similarity judgments: if you and a friend both
enjoyed The Matrix, did your preferences align by chance, or
did you genuinely share taste? To answer this, the agent com-
pares its own latent reward estimates to the values implied by
the demonstrator’s observations, specifically at the locations
X j the demonstrator has visited.

For each demonstrator j, the agent computes two posterior
estimates restricted to these visited locations. First, it pre-
dicts rewards based on its own private observations mi(X j)
(see Eq. 2). Second, it estimates the rewards based solely on
the demonstrator’s observations, m j(X j), effectively filtering
the social data through its own GP kernel (i.e., using their
own λ). This comparison allows the agent to check for align-
ment without needing to simulate the demonstrator’s beliefs
across the entire unobserved grid or having direct access to
the demonstrator’s internal beliefs.

The agent then computes a variance-weighted correlation
between these two local estimates (mi(X j) and m j(X j)):

r̂ j
weighted = CorrW j (mi(X j),m j(X j)) (6)

with elements weighted by Wj = 1/(vi(X j) + v j(X j) + ε),
which is inversely proportional to the combined predictive



uncertainty, with ε added for numerical stability. This cor-
relation estimate serves as the evidence for updating trust.
If r̂ j

weighted is positive, the agent infers similar preferences;
if negative, opposing preferences; if near zero, independent
preferences. The trust parameter is then updated via a delta
rule with fixed learning rate α:

ρ̂
j
t+1 = ρ̂

j
t +α(r̂ j

weighted − ρ̂
j
t ). (7)

Critically, the learned ρ̂
j
t directly parameterizes the coregion-

alization matrix Bi j in the multi-output kernel (Eq. 5), which
governs how social observations influence the agent’s spatial
predictions on all subsequent trials. As the agent refines its
estimates of whom to trust, these beliefs automatically prop-
agate through the GP to adjust how strongly it weighs each
demonstrator’s observations when generalizing across space.

Through this process, agents adaptively discover whom to
trust (positive ρ), whom to distrust (negative ρ), and whom
to ignore (zero ρ), starting from ρ = 0 with no prior knowl-
edge and approaching the performance of agents with perfect
a priori knowledge of the correlation structure.

Simulation Design. All simulations involved one focal
agent observing three asocial demonstrators whose reward
functions were correlated with the focal agent’s at ρ =
{+0.6,0.0,−0.6}. In each trial, the focal agent observes both
its own outcome, and all demonstrator choices and outcomes.
It then uses this information to make its next choice.

We ran two simulation regimes. To assess learning within
a single environment, we ran 50,000 independent simula-
tions of 30 trials each. To assess transfer learning, we ran
50,000 multi-round chains, each consisting of 5 sequential
rounds of 15 trials, with new reward landscapes resampled in
each round while the correlation structure was held constant.
For learning agents, final correlation estimates from round r
served as initial priors for round r + 1. Model parameters
were sampled from priors following Witt et al. (2024) when
available: length scale λ ∼ LogNormal(−0.75,0.5), explo-
ration parameter β ∼ LogNormal(−0.75,0.5), temperature
τ ∼ LogNormal(−4.5,0.9); otherwise, for all simulations we
fix observation noise σ2

ε = 0.1 and correlation learning rate
α = 0.05 for stability. We additionally conducted a sensi-
tivity analysis varying α ∈ {0.01,0.02,0.05,0.10,0.20} and
σ2

ε ∈ {0.010,0.032,0.100,0.316,1.000} to assess robustness
of the main findings.

Results
We evaluate AS, SG, and SCALE focusing on three ques-
tions: (1) How much benefit does explicitly modeling het-
erogeneous correlation structure provide vs. treating all so-
cial information as uniformly noisy? (2) Can agents adap-
tively infer social correlations from experience without prior
knowledge? (3) How does performance change across multi-
ple rounds when correlation estimates carry over?
Agents. We test seven different agent types. AS is a base-
line agent that ignores all social information. SG fixed is

c

b
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Figure 2: Performance and learning dynamics of the seven
candidate models. a) Mean cumulative reward over time
(main plot) and total performance (inset). b) Exploration
distance over time, measured as Euclidean distance between
consecutive choices. c) Estimated correlation parameters (ρ̂)
for the SCALE model. Dashed lines indicate true values.

the model as described by Witt et al. (2024), with social ob-
servation noise stable for all demonstrators (εsoc = {3,3,3}).
To compare best- and worst-case versions of SG, we de-
fine SG oracle as an agent with observation noise param-
eters tuned to appropriately weight the three demonstrators
(εsoc = {0.01,20,20}), while SG anti-oracle used inverted
noise parameters (εsoc = {20,0.01,0.01}). Analogously, we
use SCALE oracle as an oracle agent with perfect knowl-
edge of the true correlation structure (ρ = {+0.6,0.0,−0.6}),
while SCALE anti-oracle is an agent with inverted beliefs
about correlation structure (ρ = {−0.6,0.0,+0.6}), repre-
senting maximally miscalibrated social learning. Lastly, our
SCALE model defines an agent that adaptively infers correla-



tions from observed alignment between predictions and social
observations (initialized at ρ = 0 for all demonstrators).
Calibrated Beliefs Enable Optimal Social Learning.
SCALE oracle achieved the highest performance across all
agents, while SG oracle achieved similar performance to AS
(Fig. 2a). SCALE achieved the second-best performance,
outperforming SG oracle from around trial 10 and approach-
ing the performance of the SG oracle model near the end
(Fig. 2a inset). Both anti-oracle models performed similarly
poorly, confirming how miscalibrated weighting schemes,
whether implemented via observation noise or correlation
structure, lead to systematic exploitation of misleading infor-
mation, with greater losses by flipping the correlation struc-
ture (SCALE anti-oracle).
Exploration and Exploitation Dynamics. To understand
these performance results in more detail, we next investi-
gate the exploration dynamics of the different models. All
models exhibited a characteristic decline in exploration dis-
tance as agents transitioned from exploration to exploitation
(Fig. 2b). However, the rate and asymptotic level of this
decline varied across models, which explains their relative
performance. Well-calibrated models (AS, SG and SCALE
oracle, and SCALE) identified high-value regions more effi-
ciently and subsequently exploited them, while miscalibrated
models (SG and SCALE anti-oracle) maintained higher ex-
ploration distances throughout the session, reflecting persis-
tent uncertainty due to contradictory social information that
misled the agent away from promising areas of the search
space.
Learning Trust from Experience. Finally, we investigate
how SCALE approaches oracle-level performance over time.
Although it starts with no prior knowledge of demonstrator
correlations (ρinit = 0), the agent’s estimated correlation (ρ̂)
systematically approached the true values over time (Fig. 2c).
The mean absolute error (MAE) of correlation estimates de-
clined systematically from approximately 0.4 at trial 1 (when
initialized at ρ = 0) to approximately 0.2 by trial 30. Al-
though estimates exhibited some variability and did not fully
converge to the true values within 30 trials, they were suffi-
cient to support near-optimal decision-making, explaining the
comparable performance of the calibrated variant SCALE or-
acle and SCALE at the end of the learning process.
Transfer of Learned Trust. While SCALE oracle naturally
outperforms SCALE in one-shot scenarios, we often learn
from the same group of people repeatedly, which makes it
worthwhile to invest effort into understanding demonstrator
preferences for higher payoffs in the future. To test this intu-
ition, we investigate SCALE performance across different re-
ward environments with the same correlation structure across
demonstrators. We conducted a multi-round simulation with
50,000 independent chains, each consisting of 5 sequential
rounds of 15 trials. In each round, a new environment was
generated with different reward functions, but a constant cor-
relation structure (ρ = {+0.6,0.0,−0.6}). For the SCALE
model, the final estimated correlation parameters from round
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Figure 3: Transfer learning across environments. a) Learn-
ing dynamics within round (main plot) and total performance
across rounds (inset). Error bars represent 95% confidence
intervals. b) Evolution of correlation estimates (ρ̂) for the
three demonstrators (colored by correlation).

r were used as the initial priors for round r+1, simulating an
agent that carries forward its beliefs about demonstrator re-
liability across contexts. Baseline conditions (SCALE oracle
and AS) maintained fixed parameters throughout, and showed
stable performance.

As expected, SCALE exhibits substantial improvement
over successive rounds as seen in an increase in final cumula-
tive rewards (Figure 3a). By round 5, the learning agent’s per-
formance starts to plateau, notably closer to that of SCALE
oracle than in round 1.

MAE of correlation estimates at the start of each round
declined systematically from approximately 0.4 in round 1
(when initialized at ρ = 0) to approximately 0.25 by round 5,
indicating that agents developed increasingly accurate priors
with experience. However, we observed that these estimates
plateaued after round 5 without further improvement. This
ceiling effect likely arises from learning fluctuations within
individual rounds, where noisy trial-by-trial observations pre-
vent the estimate from fully stabilizing. Decoupling trust
updates onto a slower timescale could potentially dampen
these fluctuations, enabling more precise long-term conver-
gence (see Discussion). This pattern demonstrates that cor-



relation learning exhibits a classic transfer learning profile:
knowledge acquired in one environment accelerates learning
in subsequent environments that share the same underlying
structure.

Thus, we show that learning the social correlation struc-
ture can be advantageously transferred across multiple rounds
with the same agents. This shows a benefit to SCALE despite
the increased cognitive load early on when learning from the
same social partners repeatedly, and potentially across corre-
lated domains. The ability to learn whom to trust or distrust in
one domain and apply that knowledge to another represents
a critical form of meta-learning that enables efficient social
information use.

Discussion
We introduced Social Correlation–Adjusted LEarning
(SCALE) as a computational model that explicitly represents
heterogeneous correlation structure among demonstrators.
Through simulations, we show how agents can learn corre-
lations from experience, which improves their performance
compared to models from prior literature, especially with
repeat interactions. These findings extend prior work on
social generalization (Witt et al., 2024) by showing how
agents can adaptively navigate social information landscapes
where different sources vary systematically in their relevance
to the learner’s preferences.

Our key contribution is the novel SCALE model, which al-
lows for the integration of varied preferences to learn from
with interpretable parameters. Our simulation results also
help reframe the previously observed under-reliance on so-
cial information in laboratory settings (Molleman et al., 2020;
Morin et al., 2021) by showing that conservative social learn-
ing may be adaptive under uncertainty.

While a model of social generalization (SG) from previous
literature (Witt et al., 2024) performs well when all demon-
strators have the same positive correlation, we show that this
performance does not carry over to settings with more diverse
social correlations. In contrast, SCALE can exploit even neg-
ative correlation structures, and provides a framework with
clearly interpretable parameters for studying diverse relation-
ships between social peers. However, we do also find similar
exploration patterns in oracle models of both types, support-
ing the hypothesis that social information may be used as an
exploration device (Wu, Deffner, et al., 2025), thus offloading
otherwise costly computations (Cogliati Dezza et al., 2019;
Wu et al., 2022) on others.

When learning the correlation structure, SCALE agents es-
timate the demonstrator’s posterior using their own general-
ization parameter λ. This connects our work to simulation
theory of mind (Shanton & Goldman, 2010), which posits
that we infer the internal states of others by simulating our
own internal states if we were in their position. Future work
could investigate the cost-benefit trade-off of this heuristic vs.
trying to infer the other agent’s degree of generalization, and
test whether this assumption holds in real human behavior.

We currently present only simulation-based results, mak-
ing empirical validation a critical next step. Behavioral ex-
periments should test whether humans can learn and trans-
fer correlation structure as SCALE predicts, and whether the
model captures human performance in environments with
heterogeneous demonstrators. Our learning mechanism as-
sumed a specific functional form (alignment-based updating
with fixed learning rates), but alternative mechanisms warrant
comparison. For instance, people might employ categoriza-
tion strategies (e.g., Davis et al., 2026) or learn predictive
features of trust (Schultner et al., 2025; Smith et al., 2023),
rather than on an individual basis. Testing these alternatives
on human data would identify which best captures the social
learning of trust.

While aggregate performance remained robust across simu-
lations, individual learning trajectories revealed a fundamen-
tal speed-accuracy trade-off: high learning rates offer rapid
adaptation but render correlation estimates vulnerable to tran-
sient noise (Wickelgren, 1977). SCALE outperformed AS
across all tested combinations of learning rate and observa-
tion noise, confirming that the main findings are not con-
tingent on the specific hyperparameter values chosen. To
resolve the speed-accuracy tension, future work could ad-
dress the stability-plasticity dilemma through time-scale sep-
aration, which is a ubiquitous principle across neuroscience
and reinforcement learning (Konda & Tsitsiklis, 1999; Mc-
Clelland et al., 1995; Purcell & Kiani, 2016). By decou-
pling slow trust updates from fast choice dynamics, agents
can prevent short-term fluctuations from destabilizing long-
term beliefs about whom to trust. More broadly, related work
(Ten et al., 2025) has linked σ2

ε to Tikhonov regularization
(Tikhonov, 1977), offering the intuition that it prevents the
model from overfitting to observed data and taking social in-
formation with “a grain of salt” (Witt et al., 2024).

Future studies should also examine how trust learning in-
teracts with participants’ prior beliefs, such as optimism or
pessimism about trusting others (Schulz et al., 2025), which
may be beneficial in certain environments. Here, we also
assumed correlation structures remain constant across envi-
ronments, which is appropriate for stable interpersonal re-
lationships, but unrealistic if preferences shift over time or
vary by context (Schakowski et al., 2026; Wu, Deffner, et
al., 2025). Extending SCALE to handle time-varying correla-
tions would increase ecological validity. Finally, our demon-
strators were asocial, but real social learners interact with
others who themselves learn socially, creating complex inter-
dependencies. Examining SCALE in networks of mutually
learning agents represents an important extension.

In sum, social learning effectiveness depends critically on
knowing whom to learn from. We showed that agents can
learn this from experience and apply it across contexts, pro-
viding a normative foundation for understanding adaptive so-
cial learning in realistic environments where preferences vary
systematically across individuals.



Code and Data Availability
All materials required to replicate the results are publicly
available at https://doi.org/10.5281/zenodo.20053032.
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