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ABSTRACT

Human cognition is distinguished by our ability to adapt to different environments and circumstances. Yet the mechanisms
driving adaptive behavior have predominantly been studied in separate asocial and social contexts, with an integrated
framework remaining elusive. Here, we use a collective foraging task in a virtual Minecraft environment to integrate these
two fields, by leveraging automated transcriptions of visual field data combined with high-resolution spatial trajectories. Our
behavioral analyses capture both the structure and temporal dynamics of social interactions, which are then directly tested
using computational models sequentially predicting each foraging decision. These results reveal that adaptation mechanisms
of both asocial foraging and selective social learning are driven by individual foraging success (rather than social factors).
Furthermore, it is the degree of adaptivity—of both asocial and social learning—that best predicts individual performance.
These findings not only integrate theories across asocial and social domains, but also provide key insights into the adaptability

of human decision-making in complex and dynamic social landscapes.

Introduction

Humans have a unique capacity for social learning that differ-
entiates us from other animals'-2. We are remarkably flexible
in how we learn from others®~, dynamically integrate per-
sonal and social information®3, and selectively favor social
learning when our own capabilities seem lacking®!1°. And
while a number of recent studies have begun to bridge indi-
vidual and social decision-making’-'!=13, they either assume
fixed strategies or arbitrary mixtures of social and asocial
learning. Thus, we still know very little about the mecha-
nisms driving adaptation to different environments and cir-
cumstances, allowing us to dynamically arbitrate and integrate
both asocial and social learning strategies'*~'6.

Historically, research on asocial and social learning has
progressed largely independently from one another. Theo-
ries of asocial learning typically assume that decision makers
operate alone in a vacuum!”-18_ while theories of social learn-
ing!%~! often greatly simplify—or entirely omit—individual
learning mechanisms. Early work investigated the trade-off
between individual and social learning through the lens of the
producer vs. scrounger dilemma®>~2>| assuming either pure in-
dividual learning (i.e., producing) or pure social learning (i.e.,
scrounging)®®. In this setting, scrounging comes at the cost of
reduced opportunities for producing, with any strategy having
frequency-dependent fitness, meaning one’s performance de-

pends on the ratio of strategies in one’s group. This dynamic is
illustrated in Roger’s Paradox?’, where too many imitators in a
group leads to both lower individual and group fitness. While
theoretical models often show that an intermediate balance
of social and asocial learners leads to the best outcomes?3-29,
it is still largely unknown how people dynamically negotiate
this balance under realistic conditions and how they adapt
to different environmental contexts. For instance, whether
adaptation is driven by asocial or social cues, and whether
these mechanisms operate independently or interactively with
one another. Modeling dynamic strategy selection in social
contexts is particularly difficult, because the availability and
quality of social information constantly changes as result of
both individual decisions and group dynamics®°. Thus, this
gap represents both theoretical and empirical challenges, re-
quiring new methods to capture the complex and dynamic
nature of human adaptability, which we seek to address in this
current study.

Here, we use a collective foraging task programmed in an
immersive Minecraft environment (Fig. 1a-d) to study how
people adapt their asocial and social learning strategies to dif-
ferent resource distributions (random vs. smooth; Fig. 1e) and
to different dynamic contexts (e.g., individual performance
and social observations of success). The virtual environment
imposes a limited field of view, creating a natural trade-off



Figure 1. Collective foraging task implemented in the Minecraft game engine(a) Participants foraged for hidden

rewards in a eld with 20x20 resource blocks. Each round took 120 seconds, with players starting from random locations
(crosses) and heading directions (arrowb).gcreenshot from a player's perspective. Rewards (blue splash) are visible to other
players, providing relevant social information for predicting nearby rewards in smooth—but not random—environments (Panel
e). () Automated transcription of each player's eld of view (FOV) used in visibility and model-based analyses (see Methods).
(d) Participants learned about the task in an interactive tutorial (Supplementary Video 1) before completing two practice rounds.
The main experiment consisted of 16 rounds (counterbalanced order), manipulated across condition (solo vs. group) and reward
structure (random vs. smooth) with four consecutive rounds of the same type (Supplementary Videey Rad)dgm

environments had uniformly sampled rewards, while smooth environments had spatially clustered rewards. Each black pixel
indicates a reward from a representative sample, with both environments having the same lgeewatdy :25. The

mapping to pumpkins and watermelons were counterbalanced between se$sibgsen{-based simulations (see Methods)

show a bene t for success-biased social learning over asocial learning in smooth, but not random environments, whereas
unbiased social learning performs poorly in both. Dots show the mean and error bars show the 95% CI over 10k simulations.
This study is not approved by or associated with Mojang or Microsoft. Screenshots and images are used according to the
Minecraft usage guidelines.

between allocating visual attention towards individual searctistances. Although ARS is able to account for highly adap-
or towards peers for social learning (in contrast to REF9).  tive search patterns, it has yet to be integrated with social
Using a novel method for automating the transcription of vilearning®. Adaptive mechanisms have also been proposed
sual eld data (Fig. 1c; see Methods), we can identify whichin social settings, based on context-dependent strategies that
participants and which elements of the environment wereompare the quality of individual vs. social informatioh™®.
visible at any point in time. This allows us to dynamicallyEnquist et af: proposed two adaptive strategies: a critical
integrate visual attention with spatial trajectories and foragingocial learner that rst tries social learning, but switches to
decisions, providing a common framework for studying thendividual learning if social learning proves unsatisfactory,
drivers of adaptive behavior. and a conditional social learner, that conversely tries individ-

] ] ) ~ual learning rst, but switches to social learning if necessary.
Adaptive mechanisms have been independently studied{fyjle more exible than strategies with a xed level of so-

both asocial foraging and social learning, however the twgj| jearning’, these approaches still lack an account of the
approaches have yet to be integrated in a single framéiorksejectivity of social learning with respect to whom to leamn
In asocial foragingarea-restricted search (ARS) has been from®:36 and have yet to be integrated with asocial foraging
used to describe an adaptive search strategy from specigsy reward prediction mechanisthsHere, we bridge this

as diverse as bacteffato hum.an§ where the locality of a5 through integrative behavioral and model-based analyses.
search is modulated by foraging success: rich rewards drive

local search, while poor rewards promote increased searchin this study, we combine visual eld analysis with high-
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