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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
Overall, this is very nice work, with an experiment in a virtual foraging environment showing different foraging strategies for
smooth (clumpy) and random resource distributions, as well as a difference in asocial and social environments. When
foragers were in social environments, they used social cues in the smooth environment when their own performance was
poor and other foragers were doing well. The authors use a model competition to identify an area-restricted search strategy
that is also conditionally social as the best strategy in smooth and social environments. 

I have very few comments on this work as I think it is already in excellent shape. 

1. I recall some additional work by Goldstone and Roberts that provides a model of social foraging, EPICURE, and several
virtual social foraging experiments. The results provided here are consistent with those, somewhat, but it might be worth
discussing them in context to draw out some of the (dis)similarities. Roberts, M. E., & Goldstone, R. L. (2006). EPICURE:
Spatial and knowledge limitations in group foraging. Adaptive Behavior, 14(4), 291-313. Goldstone, R. L., Ashpole, B. C., &
Roberts, M. E. (2005). Knowledge of resources and competitors in human foraging. Psychonomic Bulletin & Review, 12(1),
81-87. 
2. Social learning can be maladaptive if foraging is destructive as one will simply travel to a location where others have
already harvested resources, this is especially true in the random environments. As I understand the results, people were
somewhat pulled even in random environments. What might be the explanation here? 
3. One explanation is that people did not know that the resources were or were not clustered and this took time to detect? Is
there evidence of learning within an environment? 
4. For future work, one could investigate anti-correlated spatial distributions, where targets are not near other targets. Then
social learning would be at its worst. 
5. The authors might want to connect this to the group problem solving literature. Goldstone, R. L., & Gureckis, T. M. (2009).
Collective behavior. Topics in cognitive science, 1(3), 412-438. Barkoczi, D., & Galesic, M. (2016). Social learning strategies
modify the effect of network structure on group performance. Nature communications, 7(1), 13109. 
6. Related to the above, Figure 2a might be interpreted to suggest that social groups are really no better than groups of
individuals in this world---harvest rates aren't higher. Perhaps there is a better way to show that, if it's true. That might be
related to a notion in Giraldeau, L. A., & Caraco, T. (2000). Social foraging theory (Vol. 73). Princeton University Press,
which points out that social groups can often be no better than individuals because as long as they are better, new
individuals will join them until the benefits of social foraging are equivalent to solo foraging. 
7. The authors might want to point out the evolutionary generalizability of area-restricted search. This isn't entirely relevant
on the face of it, but note that area-restricted search can easily be generalized to 'social' resources. People can perseverate
on social evidence of resource collection, even when they are not receiving it themselves. This merely requires a method for
attaching social evidence of resources to 'reward detection'. I think this complicates and enhances the idea of area-restricted
search and goal-directed cognition I set out here: Hills, T. T. (2006). Animal foraging and the evolution of goal‐directed
cognition. Cognitive science, 30(1), 3-41. Note in that work that I talk about the evolution of the area-restricted search system
to talk about the "expectation of a reward", which can lead to local search around the expectation. 

Thomas Hills 



(Remarks on code availability) 
I looked over the code but did not run it. It seems well commented and fairly clear. 

Reviewer #2 

(Remarks to the Author) 

The paper developed a novel Minecraft-inspired collective foraging experiment in an immersive environment to investigate
the mechanisms behind adaptive social learning. The task creates a realistic situation in capturing human social foraging
behavior and the task design can be an important contribution to the field. The study replicates findings from previous
models and theories about foraging behavior and the use of social learning strategies (eg, success biased copy,
performance adaptive copying). Although we like the task design, we believe that the motivations behind it and then
analyses done leave a few questions unanswered, and some conclusions are not well-supported by the analyses. Mainly,
the lack of “adaptive” nature of social learning in this task and comparisons between solo and group foraging, and the
general unification of social and asocial learning raise questions. 

General comments: 

1.General framework and motivations: The paper’s main motivation is pitched as broad implications for social learning, i.e.,
what kind of cues underlie adaptive social learning in a foraging context and there is an attempt to distinguish between
asocial and social cues, and to unify asocial and social learning in a broad manner. Why is an immersive Minecraft style
experiment required to study this? The authors say that the virtual environment poses a limited field of view which creates a
natural trade-off between individual search and social learning. Sure, it creates a natural trade-off, but why should we care
about visual-spatial dynamics in social learning? For example, in the abstract, the authors start with talking about adaptation
to different environments and adaptive behavior and highlight that an integrated framework is missing. They then jump
directly to describing the Minecraft environment and the visual field and spatial data they gain from it. How are visual and
spatial data related to adaptive behavior in social and asocial context? Why does visual attention matter? 

2. “Adaptive social learning”: The paper claims that visual spatial information drives adaptive social learning. But at group
level, there is no difference in normalized reward rate between solo and group condition. Thus it seems that providing social
information does not increase individual foraging performance. Because a person can not individually explore and learn
socially at the same time, it is natural for people to switch between social and asocial learning in the group condition
compared to solo condition. It remains unclear what is adaptive about social learning. We talk about this point more in the
section on Results. 

3. Solo vs social: The authors compared between as-if solo condition and group condition in many (fig a-f) but not all (fig g-i)
analyses. We believe some analyses lack controls. In this task, all participants have the same goal and thus in the smooth
environment people would gather at the same rewarding location no matter if they were independently exploring or following
others. Thus, it is critical to show what effect is driven by social learning and not the environment structure. Please see the
later sections for detailed opinions. 

4. “Unifying asocial and social”: 
a)The paper starts with an ambitious goal of unifying social and asocial theories of learning and decision-making but while
the computational model combines social information and personal information, it does not really unify it meaningfully. Many
past studies have shown that people balance between social and asocial information (eg Tump et al 2020, Toyokawa et al
2019) and many models have done so to, so what is this paper’s contribution to the “unification”? 

b)In addition, the authors refer to ARS for asocial adaptive strategy and critical/conditional social learning as social adaptive
strategy and pit them against each other, while they are not really opposing strategies. The basic mechanism of ARS or
general optimal foraging theory is related to adapting search state based on the rate of current rewards (or expectation of
future rewards). Same goes for critical/conditional social learning, which is based on switching between asocial or social
strategy based on reward rate of self (and social partner). They both hinge on the same mechanism, but the only difference
lies in where the information about reward is coming from. ARS might as well be called “success-biased” asocial learning
because it is biased towards success. 

Results: 

1. A basic expectation from social learning would have been that players are better at finding rewards with social
information. But that is not the case, there is no reliable difference between solo and social condition in the normalized
reward rate provided here. What did the overall score look like per participant? Supplementary results say that for smooth
environments, participants performed equally well in solo and group condition in terms of normalized reward rate. So how is
this adaptive social learning? If there is adaptive social learning indeed, there should be an increase in at least the rate of



finding rewards, or in the ratio of reward blocks found / total blocks destroyed. What is the extent of space covered by the
participants? If there is no difference in the space covered between social and solo conditions, i.e., they cover the same
ground then maybe it can explain why there is no difference in reward rate. 

2. The authors found that there are no visual differences in the smooth environment between as-if solo and group conditions,
but participants reduced social visibility in random environments. This seems to suggest that people use visual spatial
information to avoid competition rather than social learning. In addition, the predictor in the regression is undirectional
pairwise distance, but later analyses use directional data. So why not separate in-degree and out-degree in this regression
analysis? 

3. “As-if” solo rounds: a)Can authors clarify how the as-if rounds were constructed? The task structure is a little confusing -
there were 16 rounds in the main task, were they all on different environment structures? Or were there 4 randomly picked
environments for each condition (solo vs group, random vs smooth)? Or were there 2 randomly picked environments for
random vs smooth, and participants played both solo and group conditions on just these two environments. The “as-if”
rounds will only make sense if the environment structure was completely identical between solo and group (for a given
resource condition, that is). If that is indeed the case, is there any effect of learning or memory? 

b) Plus, why should there be any expectation of meaningful visibility/proximity networks in the as-if models? Better analyses
would be to compare how individual foraging behavior changes when in groups – for example through ARS etc. In the
smooth environment, there seems to be clear clusters of rewards so do players aggregate on a cluster? One can imagine a
cluster of blocks to be a patch and then compare their patch leaving time in solo vs group rounds. In solo foraging, it will be
solely based on their “asocial cue” i.e., reward rate, while in group, it will be based on self’s reward rate and others’ reward
rate. 

c) It is unclear whether the effects reported here are simply due to the task structure or due to social adaptations. For
example, average proximity is higher in smooth rounds than in random rounds. There is a higher likelihood for people to end
up on the same cluster of blocks. In addition, due to the solo rounds, they know whether to expect more rewards nearby
previous rewards or not based on the color of the blocks. So irrespective of social adaptations or not, they will overlap or not
overlap based on the foraging expectations. 

4. Proximity and visibility networks: 
a) Are the network weights static and averaged over the whole experiment or are they dynamic? 
b) Visibility networks: The authors found an asymmetry between the in- and out-degree are more in the group+smooth
sections. How does an inverse relationship suggest "specialization of social learning strategies"? What is the strategy that is
being discussed and what does it mean for it to be specialized? This effect can also be driven by the spread of players, if
there are some players who are more ahead of others or moving in a different direction then others can see them but they
can’t see others much. Alternatively, this could also be driven by the fact that in general some participants looked more in the
group section and thus other participants got more social attention. This would explain the effect of out- and in-degree in
random environments and not just in smooth. In smooth, this would lead to a stronger effect because most people are
localized near each other and the few people who are away from the rest of the group will have a high in-degree. In random,
because people are dispersed and not synchronized the effect is weaker. 

5. Temporal analyses: 
a)The authors need to better explain the clusters and correlations and offsets, it is hard to follow. For example, what are
“chance corrections”? What are predictive clusters and how were they chosen? 

b)Again, why will the as-if condition show any effect of proximity and reward temporality? A better comparison would be to
see what individual players do when they have low reward rate and high reward rate in solo vs group. If the behavior
(movement, head turns or something) is different between solo and group, only then there would be clear proof that players
socially adapted the strategy. The authors mention ARS but then it is only discussed in the computational results. The
“performance-adaptive-social-cycling” is attributed to social adaptation: poor rewards lead to increased future proximity and
high rewards lead to decreased future proximity. While we agree that people follow a player who has found something, the
“social-cycling” need not be purposeful – the destructive blocks will inadvertently lead to that effect because after exhausting
the rewards in an area (high rewards), the strategy can be to move away from that area (like in ARS) and proximity reduction
will be a side-effect. Then when they see someone else find a reward, they converge to a local area. Is there a social and
asocial comparison to get at the behavior? 

c)Similarly for adaptive social attention, low rewards predicted seeing more peers in the immediate future and vice-versa,
this can be very well driven by the destructive structure and the expectation of reward structure which will lead them to move
away or look away after destroying enough rewards in the local area. How do head turns or rotations in social rounds
compare with solo because that is the meaningful comparison. 

6. Computational modeling: 
a)The comparisons between behavioral results and the model seem disjointed. We’d like to see more connections of the
model to the behavioral results (eg, what distinctive behavioral patterns do different models predict?) and other visibility
analyses (eg, does the model predict more pull behavior / more in degree / ect?). In addition, ARS was used in the model but



there is no discussion in the behavioral results. 

b)The winning model combines ARS and conditional social learning, which hints at the precedence of individual success
rate in deciding the next step. However, this may not be as general an effect as the paper makes it out to be. In environments
where individual search is costlier or when there are no prior expectations from the environment, critical social learning
would be more adaptive. The effect of task design in the “general” features of adaptive behavior need to be specified. 

Other minor comments: 
a)The authors wrote “Whereas high centrality tended to correspond to low rewards in random environments (group: -7.6
[-16.6,0.6]; solo: -7.6 [-16.1,0.8]; all slopes overlap with 0)”. Although the authors used the word “tended”, I don’t think they
can draw any conclusion from a confidence interval overlapping with 0. 

b)The introduction can be better set up. Many terms are dropped in without context or explanation of what they mean. For
example, what social or asocial cues or factors should we expect in the following sections? What does “influence and
selectivity” of social learning mean? 

c)The papers cited in the first line of Discussion do not really refer to collective foraging as a metaphor for social learning to
my knowledge. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 

Reviewer #4 

(Remarks to the Author) 
NCOMMS-24-13967 
Visual-spatial dynamics drive adaptive social learning in immersive environments 

Upfront, I’m a statistician with no expertise in the content area of the paper. My area of expertise is hierarchical modeling and
I was asked to review those aspects of the paper. To be frank, although I am passively familiar with agent-based modeling
and network modeling, I don’t have much expertise in this area and am not familiar with nuances and best practices, so I am
not sure how relevant or informative my review will be. 

That said, I thought the detail on the hierarchical models looked pretty good. I thought the number of MCMC iterations
(4,000) looked a little low for this kind of model, but the authors did a convincing job reporting convergence/diagnostic
information on p. 13 to demonstrate that the results are reasonably trustworthy. The models were also described completely
and it was generally clear to me how things were set up. 

As a moderately important comment, the description on p. 11 says the random effects in the model control for participant
characteristics. This is a common misconception, but it is not actually true. The random effects serve to partition the
unexplained variance into different sources (e.g., within-unit vs between-unit), but the variance is still unexplained and
participant characteristics are not conditioned out. If you truly wanted to control for participant characteristics, you’d have to
use a fixed effect approach (e.g., include dummy variables for each unit) to absorb the participant sources of variance or
you’d have to center the predictors in a way that make the within-unit and between-unit submodels orthogonal such that
participant characteristics could not affect within-unit associations (e.g., a within-between specification where within-unit
predictors are unit-mean centered and the unit-mean is included as a between-unit predictor; e.g., Bell & Jones, 2015,
Political Science Research & Methods; McNeish & Kelly, 2019, Psychological Methods). To be clear, I’m not saying that the
model is wrong or inappropriate, just that I don’t believe the description matches what the model is doing. 

As some minor comments, it’d be helpful to report the argument for the LKJ prior (typically referred to as eta). I’m guessing it
was 1 since that is commonly used so that the prior is a random correlation matrix of a particular dimension, but different
arguments for LKJ correspond to correlation matrices with different properties that may not necessarily be diffuse/non-
informative. 



Additionally, CIs are mentioned in a few places but it is not defined (confidence intervals or credible interval? CI can be used
for both). If credible interval, it would be useful to mention what kind of interval (e.g., symmetric, highest posterior density).
P.2 mentions highest density intervals, but it wasn’t clear if this referred to just those values or to any CI throughout the paper
and in the figures. 

(Remarks on code availability) 

Reviewer #5 

(Remarks to the Author) 
The paper aims to elucidate the mechanisms of social and asocial learning within a unified framework. The study integrates
both non-social and social learning strategies within a virtual Minecraft environment, where participants engage in collective
foraging tasks. Automated transcription of visual field data and high-resolution spatial trajectories are used to analyze social
interaction dynamics. The paper demonstrates that people dynamically adapt their non-social and social learning
mechanisms based on environmental conditions and personal performance, specializing their social attention patterns and
selectively directing social learning toward successful individuals. Additionally, the study introduces a computational
modelling framework that integrates various combinations of non-social and social learning mechanisms to predict
individual foraging decisions sequentially. 

The primary strength of this paper lies in its practical experimental framework, which allows for a comparative analysis of
social and asocial learning. The use of a Minecraft-based foraging game is particularly clever, as it enables participants to
engage in both learning strategies and provides a rich experimental setup that mirrors real-world social interactions. This
framework facilitates dynamic analysis of decision-making processes at each time point. By quantifying abstract human
learning strategies through experimental results, the study establishes a solid foundation for future experimental modelling.
Incorporating computational models adds depth to the behavioural analysis, offering a new understanding of cognitive
processes. This methodological approach provides significant insights and inspiration for future research, demonstrating a
multidimensional strategy that could have a profound impact on social science studies. 

However, several concerns need to be addressed before the paper can be recommended for publication. 
1. Theoretical Contributions: The paper's theoretical contributions are not clearly articulated. The experimental results are
somewhat broad and scattered, making it unclear what key scientific question the authors are addressing. Are they
attempting to show that individuals can balance social and asocial learning based on their goal of maximizing personal
performance? This may not be a novel finding, as from an evolutionary perspective, striving for optimal performance is a
natural expectation for enhancing foraging efficiency. It gives the impression that, despite the authors employing new
designs and conducting extensive data analyses and modeling, these efforts have not yielded new scientific insights for the
field. In other words, the authors should clarify how their approach addresses gaps left by existing theoretical and
experimental frameworks and what significant theoretical conflicts have been resolved through their methodology. 

2. The purpose of analyzing leadership: While the analysis of leadership effects on social learning is interesting, its
relevance to the paper's main argument—that individual performance drives the adaptivity of both local foraging and
selective social learning—is unclear. The implications of leadership positions on social attention and behaviour are not well-
integrated into the core thesis. This aspect might be more appropriately explored as a separate study to better understand its
significance and impact. 

3. Gaze vs. Heading: The paper should distinguish between "gaze" and "heading." In real-world scenarios, gaze and
heading are not always aligned due to differences in eye orientation, head direction, and body orientation. Since participants
in the study used a screen and mouse and keyboard controls, their gaze and heading are likely to be consistent, which does
not fully reflect real-world conditions. Although the authors chose this approach to avoid VR motion sickness, it may lead to
discrepancies between participants' actual walking trajectories and the avatars' movements. Given that data collection likely
began in 2019 (as indicated by the ethics approval number) and considering the advancements in VR technology over the
past five years, including improvements that mitigate motion sickness, modern all-in-one VR headsets now allow users to
walk freely in an unlimited virtual space. Incorporating this technology could significantly enhance the naturalness of the
experiment by enabling participants to walk within the virtual environment while interacting with the game. I recommend that
the authors utilize VR headsets that support free movement in virtual spaces to improve the experiment’s realism and
potentially achieve more accurate results. 

4. Concept of Social Interaction: The paper should clarify what is meant by "social interaction," as it is a broad concept. It
appears to use an abstract notion rather than specifying whether it refers to direct face-to-face interaction or verbal
communication. The authors should clearly define what "social interaction" specifically represents in their study. 

5. Data Analysis Justification: Given the complexity of the data analyses, the authors should provide more details at the
beginning of each results section about the necessity of each analysis. This includes explaining the rationale behind each
analysis, the hypotheses being tested, and the insights that the results reveal. 

In sum, while the paper presents a sophisticated experimental design and innovative methodology, it needs to clarify its
theoretical contributions and ensure that all aspects of the research, including leadership analysis and technology choices,
are well-justified and contribute to the main thesis. Addressing these concerns will strengthen the paper and its impact on



the field of social and asocial learning research. 

(Remarks on code availability) 
The code includes a comprehensive README file with detailed instructions for installation and running the application. 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
I'm very satisifed with the revision. It's sophisticated and enlightening and demonstrates a nice potential interaction between
social and asocial area-restricted search. The next step will be to see if they share underlying mechanisms. How nice it
would be to show that the evolution of spatial search is somehow related to social learning and mental search more
generally, and perhaps shares fundamental dimensions. 

(Remarks on code availability) 

Reviewer #2 

(Remarks to the Author) 
We thank the authors for addressing our comments, especially by tying their motivations closer to the experiment and
results. We agree that the integration of asocial foraging and social information is novel, and this new virtual foraging
paradigm is a good way to study this question. The comparison with as-if solo rounds is also explained more clearly in this
revision. 

We only have two minor comments: 
1. The authors started from the assumption that these are adaptive and showed that people employed these computations in
social foraging, and employed them differently in different environments. And the computational models provide a proof for
this assumption. The authors also showed that greater adaptive weights predict better performance in social foraging. We
think this is a major finding supporting the main motivation and title, and could be emphasized more. 

2. The authors also talked about how people with greater centrality performed better, and leaders achieved higher
instantaneous reward. But these are effects instead of mechanisms. We hope these could be tied more to the main
motivation, or addressed in the Discussion. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I co-reviewed this manuscript with one of the reviewers who provided the listed reports. This is part of the Nature
Communications initiative to facilitate training in peer review and to provide appropriate recognition for Early Career
Researchers who co-review manuscripts. 

(Remarks on code availability) 

Reviewer #4 

(Remarks to the Author) 
I was Reviewer 4 on the original submission. All of my comments related to the statistical analyses were satisfactorily
addressed and I have no further comments on this version of the paper. 

(Remarks on code availability) 

Reviewer #5 

(Remarks to the Author) 
The author addressed most of my questions, leaving only one remaining: I don’t see a strong reason why this experiment
couldn’t be conducted using VR setups. 
The author mentions "blinking out of the visual field," which is not a severe issue in most current VR systems, and



"unrealistic spatial trajectories," where minor spatial distortion may occur but generally remains limited. I do not feel that
these issues would impact the feasibility of running the experiment in a VR environment. In contrast, for a study focused on
foraging behavior, using a screen with mouse and keyboard controls diverges significantly from realistic human behavior.
Weighing the pros and cons, conducting this experiment in VR could still offer considerable scientific value, enhancing
ecological validity and strengthening the interpretability of the findings. I would encourage the authors to consider revisiting
a VR-based setup. 

(Remarks on code availability) 
The code provides a README file with enough instructions. 
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2 Reviewer 1

2.1 General remarks

R1: Overall, this is very nice work, with an experiment in a virtual foraging environment
showing different foraging strategies for smooth (clumpy) and random resource distributions,
as well as a difference in asocial and social environments. When foragers were in social
environments, they used social cues in the smooth environment when their own performance
was poor and other foragers were doing well. The authors use a model competition to identify
an area-restricted search strategy that is also conditionally social as the best strategy in smooth
and social environments.

I have very few comments on this work as I think it is already in excellent shape.

We thank the reviewer for the thoughtful feedback which has contributed to a much improved manuscript,
and for the positive evaluation of our contributions.

2.2 Goldstone and Roberts references

R1: I recall some additional work by Goldstone and Roberts that provides a model of social
foraging, EPICURE, and several virtual social foraging experiments. The results provided
here are consistent with those, somewhat, but it might be worth discussing them in context to
draw out some of the (dis)similarities. Roberts, M. E., & Goldstone, R. L. (2006). EPICURE:
Spatial and knowledge limitations in group foraging. Adaptive Behavior, 14(4), 291-313.
Goldstone, R. L., Ashpole, B. C., & Roberts, M. E. (2005). Knowledge of resources and
competitors in human foraging. Psychonomic Bulletin & Review, 12(1), 81-87.

We thank the reviewer for pointing out these references. We have now cite these and the Goldstone &
Ashpole (2004) paper in the introduction and results sections, which we quote below for ease of reference.

Intro

The virtual environment imposes a limited field of view, creating a natural trade-off between
allocating visual attention towards individual search or towards peers for social learning (in
contrast to Goldstone and Ashpole (2004); Goldstone, Ashpole, and Roberts (2005)).

Results

This emphasizes the need to adapt learning to a dynamically changing information environ-
ment, with similar real-world dynamics as developing marketplace innovations or engaging
in scientific research (Goldstone et al., 2005; Hills, Todd, Lazer, Redish, & Couzin, 2015;
Roberts & Goldstone, 2006).

2.3 Destructive foraging

R1: Social learning can be maladaptive if foraging is destructive as one will simply travel to
a location where others have already harvested resources, this is especially true in the random
environments. As I understand the results, people were somewhat pulled even in random
environments. What might be the explanation here? One explanation is that people did not
know that the resources were or were not clustered and this took time to detect? Is there
evidence of learning within an environment?

4



Given the complexity of the study, we wanted to minimize the effect of learning. Hence, we did
our best to ensure participants understood the reward structure for both smooth and random environ-
ments prior to starting the experiment. This included an interactive tutorial (Supplementary Movie S1:
www.youtube.com/watch?v=QksKYOoElxg), where participants were shown a birds-eye illustration of
representative environments (similar to the black and white visuals in Fig. 1e and Fig. S14) and were
also required to destroy a small group of blocks for each type of environment. In addition, participants
completed two practice rounds (asocially) in the different environments to facilitate comprehension of
resource distribution. We have emphasized this aspect more clearly now in the main text. Despite our
efforts, participants could still have learned about the resource distribution across trials. We tested this
using the same hierarchical Bayesian regression as previously reported but adding round as an additional
predictor, but found no evidence for any such learning across rounds. This has now been included in the
main text.

Behavioral results

We also did not find increases in foraging success over rounds (random: 0.00 [-0.01, 0.02];
smooth: 0.01 [-0.01, 0.04]), suggesting no substantial meta-learning during the task.

This still leaves the question as to why participants were somewhat pulled to successful others in
random environments (Fig. 4d). This indeed is maladaptive in a random environment, but it is possible
that such a success-biased copying is hard for people to completely unlearn as it may be deeply ingrained
as a strategy as it is beneficial in many environments. Alternatively, people may still have believed that
there is some structure present, even in random environments, as people are generally known to see and
search for structure, even in random environments. We have added both possible explanations to the
discussion.

Limitations and future directions

Thus, despite resources being distributed randomly, participants were still somewhat drawn
towards successful peers. One explanation is that success-biased copying is hard for people
to unlearn (e.g., similar to imitation Clay & Tennie, 2018; Lyons, Young, & Keil, 2007),
since it is beneficial in many settings. Alternatively, participants may have believed there
to be structure in random environments, as is often the case when observing random events
(e.g., the gambler’s fallacy Hahn & Warren, 2009). Either way, these results suggest potential
limitations to the degree of human adaptability and a lingering bias towards social learning.

2.4 Anti-correlated environments

R1: For future work, one could investigate anti-correlated spatial distributions, where targets
are not near other targets. Then social learning would be at its worst.

This would indeed be an interesting extension, and we have added this to the discussion on the persis-
tence of success-biased copying in random environments.

Limitations and future directions

An extreme test could be to use anti-correlated environments to observe if success-biased
social learning still persists in the most non-adaptive settings.

5



2.5 Group problem solving

R1: The authors might want to connect this to the group problem solving literature. Gold-
stone, R. L., & Gureckis, T. M. (2009). Collective behavior. Topics in cognitive science, 1(3),
412-438. Barkoczi, D., & Galesic, M. (2016). Social learning strategies modify the effect of
network structure on group performance. Nature communications, 7(1), 13109

We now connect to these relevant studies in the Discussion.

Discussion

Future work may consider using a non-depleting reward environment, where collective coor-
dination can yield additive benefits to individual search (Barkoczi & Galesic, 2016; Berdahl,
Torney, Ioannou, Faria, & Couzin, 2013; Goldstone & Gureckis, 2009; Hawkins et al., 2023)

2.6 Benefits of social foraging

R1: Related to the above, Figure 2a might be interpreted to suggest that social groups are
really no better than groups of individuals in this world—harvest rates aren’t higher. Perhaps
there is a better way to show that, if it’s true. That might be related to a notion in Giraldeau, L.
A., & Caraco, T. (2000). Social foraging theory (Vol. 73). Princeton University Press, which
points out that social groups can often be no better than individuals because as long as they
are better, new individuals will join them until the benefits of social foraging are equivalent
to solo foraging.

Figure 2a indeed shows that there was no difference in normalized reward rates between individuals
and groups. Though we see the connection with the mentioned work on social foraging theory, we decided
to not refer to this argument, as we did not allow individuals to join/leave groups. Therefore, although this
would be an interesting research question in itself, our study was not designed to test the process of group
formation.

However, we have clarified the expectations that the social setting comes with both benefits and costs,
in contrast to other commonly used settings without depleting resources.

Results

In contrast to non-competitive contexts (Rendell et al., 2010; Toyokawa, Whalen, & Laland,
2019), where the social setting generally leads to better performance, here peers are both
valuable sources of social information (in smooth environments) but also competitors for the
same limited resources (Kendal et al., 2018; Laland, 2004) (Fig. S1). This emphasizes the
need to adapt learning to a dynamically changing information environment,with similar real-
world dynamics as developing marketplace innovations or engaging in scientific research

2.7 Evolutionary generalizability of area-restricted search

R1: The authors might want to point out the evolutionary generalizability of area-
restricted search. This isn’t entirely relevant on the face of it, but note that area-
restricted search can easily be generalized to ’social’ resources. People can perse-
verate on social evidence of resource collection, even when they are not receiving
it themselves. This merely requires a method for attaching social evidence of
resources to ’reward detection’. I think this complicates and enhances the idea of
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area-restricted search and goal-directed cognition I set out here: Hills, T. T. (2006).
Animal foraging and the evolution of goal-directed cognition. Cognitive science,
30(1), 3-41. Note in that work that I talk about the evolution of the area-restricted
search system to talk about the "expectation of a reward", which can lead to local
search around the expectation.

This is an interesting generalization of area-restricted search, which we now touch upon in the
discussion. In response to another reviewer comments, we also added one more behavioral
results on area-restricted search (Fig. 2b). This figure shows (on a behavioral level) that
individuals in smooth (but not random) environments, move further away for the next block
after being unsuccessful, while moving shorter distances after finding a reward. We find
similar results when looking at turning angles (Fig. S2), while the degree of adaptivity for
both foraging distance and turning angles predict individual performance (Figs. S3-S4).

Discussion

A long tradition of research has successfully generalized findings from spatial for-
aging to more abstract and general settings, such as searching for information on
the internet (Pirolli & Card, 1999) or recovering internal memories (Hills, Jones,
& Todd, 2012). Since then, recent advances in animal research have incorporated
rich behavioral data from visual field analysis (Rahmani, Peruani, & Romanczuk,
2020), spatial trajectories (Sridhar et al., 2021), and network dynamics (Fisher,
Ilany, Silk, & Tregenza, 2017) with important new implications, showing how
simple (and sometimes seemingly maladaptive) social learning mechanisms can
give rise to intelligent behavior in dynamic and ecological environments. Yet,
prior to this work, we have lacked behavioral data from humans in an equally im-
mersive setting, which would allow us to account for similar mechanisms. Here,
our immersive Minecraft setting has allowed us to address this gap, linking asocial
and social mechanisms of adaptive behavior with potential future implications for
human social learning beyond a spatial foraging context (Hills, 2006)
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3 Reviewers 2 & 3

3.1 General remarks

R2/3: The paper developed a novel Minecraft-inspired collective foraging experi-
ment in an immersive environment to investigate the mechanisms behind adaptive
social learning. The task creates a realistic situation in capturing human social for-
aging behavior and the task design can be an important contribution to the field.
The study replicates findings from previous models and theories about foraging
behavior and the use of social learning strategies (eg, success biased copy, perfor-
mance adaptive copying). Although we like the task design, we believe that the
motivations behind it and then analyses done leave a few questions unanswered,
and some conclusions are not well-supported by the analyses. Mainly, the lack
of “adaptive” nature of social learning in this task and comparisons between solo
and group foraging, and the general unification of social and asocial learning raise
questions.

We thank Reviewers 2 & 3 for the thoughtful and thorough feedback, which has contributed
to a substantially improved manuscript. We provide detailed replies below, but as a brief
summary, we have:

• Re-written the abstract, introduction, and discussion to redefine goals and contributions

• Performed new analyses on adaptive foraging distance (Fig 2b; reproduced here as
Fig. R1) and turning rate (Fig. S2; reproduced here as Fig. R3), which are predictive
of individual performance (Figs. S3-S4; reproduced here as Figs. R4-R5)

• Added Fig. 2h (reproduced here as Fig. R1 for ease of reference) to better interpret the
methods and results of the temporal analyses

• Added new Bayesian mixed effects regressions, linking model weights to individual
performance (Fig. S14; reproduced here as Fig. R2), specifically showing that adaptive
social learning weights in group rounds and adaptive asocial weights in solo rounds
predict better performance

3.2 General framework and motivations

R2/3: The paper’s main motivation is pitched as broad implications for social
learning, i.e., what kind of cues underlie adaptive social learning in a foraging
context and there is an attempt to distinguish between asocial and social cues,
and to unify asocial and social learning in a broad manner. Why is an immersive
Minecraft style experiment required to study this? The authors say that the vir-
tual environment poses a limited field of view which creates a natural trade-off
between individual search and social learning. Sure, it creates a natural trade-off,
but why should we care about visual-spatial dynamics in social learning? For ex-
ample, in the abstract, the authors start with talking about adaptation to different
environments and adaptive behavior and highlight that an integrated framework is
missing. They then jump directly to describing the Minecraft environment and the

8



visual field and spatial data they gain from it. How are visual and spatial data re-
lated to adaptive behavior in social and asocial context? Why does visual attention
matter?

We are grateful for the reviewers for pointing out this missing link in our argument. A long
tradition of research has successfully generalized findings from spatial foraging to more ab-
stract and general settings, such as searching for information on the internet (Pirolli & Card,
1999) or retrieving memories (Hills et al., 2012). It is no accident that these behaviors were
first studied in spatial settings and then generalized to other domains. Indeed, in many real-
world contexts, space is extremely important and a key mediator of social interactions—from
how violent protests erupt in crowds, to how medical teams cooperate, or how human foragers
cooperate and compete. In such spatial situations, the environment creates key constraints,
such as a trade-off between collecting individual information, or looking towards peers for
social information. Yet, these spatial and attentional constraints have yet to be incorporated
in research on human social learning.

Meanwhile, animal researchers have recently begun begun to incorporate behavioral data
from visual field analysis (Rahmani et al., 2020), spatial trajectories (Sridhar et al., 2021), and
network dynamics (Fisher et al., 2017). These results have raised important new implications,
showing how simple (and sometimes seemingly maladaptive) social learning mechanisms can
give rise to intelligent behavior in dynamic and ecological environments.

Yet, prior to our work, we have lacked behavioral data from humans in an equally immersive
setting, which would allow us to study similar mechanisms. And far from being an auxiliary
variable, how individuals use their visual attention has immediate repercussions for their own
behavior, and the behavior of others, since individuals co-create their own social environment.
These fundamental characteristics of many real-world settings are typically stripped away in
experiments on social learning, making it unclear how the mechanisms found in such studies
translate to more realistic, real-world environments.

Thus, our goal here is use the immersive Minecraft setting to address this gap, with potential
future implications for human social learning beyond only spatial environments. To address
this popint, we have rewritten the discussion to better clarify this goal (below), while in reply
to other related comments (e.g., 3.5) we have also rewritten large parts of the abstract and
introduction to clarify our goals and scope. .

Discussion

Our results shed light on the adaptive mechanisms driving collective human be-
havior, integrating past theories from asocial foraging (Dorfman, Hills, & Scharf,
2022) with context-dependent (Enquist & Ghirlanda, 2007; Morgan, Rendell, Ehn,
Hoppitt, & Laland, 2012; Toelch, Bruce, Newson, Richerson, & Reader, 2014) and
selective (Garg, Kello, & Smaldino, 2022; Hawkins et al., 2023; Henrich & McEl-
reath, 2003) mechanisms of social learning, which have yet to be combined in a
single framework. This integration reveals how these asocial and social mecha-
nisms amplify one another, and are driven by a common currency of individual
performance, instead of being governed by separate cues that mutually compen-
sate for one another.
[...]
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A long tradition of research has successfully generalized findings from spatial for-
aging to more abstract and general settings, such as searching for information on
the internet (Pirolli & Card, 1999) or recovering internal memories (Hills et al.,
2012). Since then, recent advances in animal research have incorporated rich be-
havioral data from visual field analysis (Rahmani et al., 2020), spatial trajectories
(Sridhar et al., 2021), and network dynamics (Fisher et al., 2017) with important
new implications, showing how simple (and sometimes seemingly maladaptive)
social learning mechanisms can give rise to intelligent behavior in dynamic and
ecological environments. Yet, prior to this work, we have lacked behavioral data
from humans in an equally immersive setting, which would allow us to account
for similar mechanisms. Here, our immersive Minecraft setting has allowed us to
address this gap, linking asocial and social mechanisms of adaptive behavior with
potential future implications for human social learning (Hills, 2006).

3.3 Adaptive social learning

R2/3: The paper claims that visual spatial information drives adaptive social learn-
ing. But at group level, there is no difference in normalized reward rate between
solo and group condition. Thus it seems that providing social information does
not increase individual foraging performance. Because a person can not individu-
ally explore and learn socially at the same time, it is natural for people to switch
between social and asocial learning in the group condition compared to solo con-
dition. It remains unclear what is adaptive about social learning. We talk about
this point more in the section on Results.

We grateful to the reviewers for raising this important point. We have both clarified the theory
in the main text, together with adding new analyses that more clearly establish a link between
adaptive social learning and individual performance.

First of all, the equivalent performance between solo and group conditions is not necessarily
surprising, because our naturalistic social context provides both benefits of social learning
via imitation, but also costs due to increased competition for shared and depleting resources.
This is in contrast to other simpler settings without competition, such as in social multi-
armed bandit tasks (Rendell et al., 2010; Toyokawa et al., 2019) where social information is
almost always beneficial. However, in order to study adaptive social learning, we specifically
required naturalistic dynamics with both benefits and costs for social learning, since a simpler
setting where social learning is always beneficial would not impose the same requirements
for adaptive learning mechanisms. We have clarified these expectations at the beginning of
the results section:

Results

In contrast to non-competitive contexts (Rendell et al., 2010; Toyokawa et al.,
2019), where the social setting generally leads to better performance, here peers
are both valuable sources of social information (in smooth environments) but also
competitors for the same limited resources (Kendal et al., 2018; Laland, 2004)
(Fig. S1). This emphasizes the need to adapt learning to a dynamically changing
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information environment, with similar real-world dynamics as developing market-
place innovations or engaging in scientific research (Goldstone et al., 2005; Hills
et al., 2015; Roberts & Goldstone, 2006).

Thus, the relevant tests for determining whether there is evidence for adaptive social learning
or not does not reside in comparing foraging success of individuals and groups. But rather,
in studying how individuals changed their strategies between the four different conditions—
particularly in comparing the solo vs. group conditions—and the resulting effects of such
strategies. Thus, we have improved our presentation of these results, where our data clearly
shows how that adaptive social learning is linked to better individual performance.

Already in our original submission, we reported behavioral signatures of adaptive social
learning by showing that visual attention is selectively directed towards successful individ-
uals (Fig. 2k; reproduced here as Fig. R1 for ease of reference) and adapts to individual
performance (Fig. 2j), where a lower reward rate is predictive of greater visibility of peers in
the future (only in smooth environments). These mechanisms were then implemented in our
computational model, where from the estimated weights, we previously reported correlations
to a number of behavioral variables, including how greater social adaptivity was correlated
with better individual performance.

However, to better emphasize these results, we have now replaced the previous analyses
reporting correlations between model weights and individual performance with a Bayesian
mixed effects regression approach (Fig. S14; reproduced here as Fig. R2 for ease of refer-
ence). Here, the regression simultaneously accounts for all model weights (and for individual
and group-level variability as random effects). One key result is that greater adaptivity of suc-
cess weights (i.e., greater slope of success-biased imitation weight as a function of elapsed
time since individual reward) predicts better individual performance (effect in smooth rounds:
2.99 [0.41, 5.58]; Fig. S14). Since other model weights (e.g., asocial mechanisms) are also
accounted for in the regression, we can now confidently credit this effect on individual per-
formance to the adaptive mechanisms of social learning.

We are grateful for the reviewers pointing out how this point was not made more clear, and
we have now updated the text in several places to i) better communicate the theoretical ex-
pectations that a social setting is not expected to only improve performance, and ii) clarify
the finding that adpative social learning leads to improvement in individual performance.

Behavioral results:
Thus, both individuals and groups achieved higher foraging success in smooth en-
vironments, whereas the simultaneous benefits and drawbacks of social foraging
balanced out at this aggregate level.

Model weights:
Notably, greater social adaptation predicted better performance in group rounds
(Adapt. Success: 2.99 [0.41, 5.58]; smooth rounds), while greater asocial adap-
tation weights predicted better performance in solo rounds (Adapt. Prox: -2.34
[-3.72,-1.03]; smooth rounds).

3.4 Solo vs social
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Figure R1: Behavioral results. a) Normalized reward rate controlling for reward depletion (see Fig. S1).
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versa for negative effects. Figure 2 in the revised manuscript, reproduced here for ease of access.
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R2/3: The authors compared between as-if solo condition and group condition
in many (fig a-f) but not all (fig g-i) analyses. We believe some analyses lack
controls. In this task, all participants have the same goal and thus in the smooth
environment people would gather at the same rewarding location no matter if they
were independently exploring or following others. Thus, it is critical to show what
effect is driven by social learning and not the environment structure. Please see
the later sections for detailed opinions.

We apologize for the confusion on this issue, but the environmental structure was identical
across the asocial and social condition, and thus provides exactly the kind of control requested
by the reviewers. In the asocial baseline (i.e., solo rounds) each of the four individuals for-
aged on four exact replications of the same environment (either smooth or random). This
allowed us to superimpose the spatial coordinates of each individual, and compute the vari-
ous measures, such as pairwise distance or visibility as if they were in the same environment.
Thus, through comparison to the group rounds, which used the same distribution of smooth
or random environments, we could ascribe differences in behavioral measures as being due
to social interactions, while behavioral measures that remained the same could be explained
away as being due to the structure of the environment. Please note that this asocial baseline
was also applied to the temporal analyses, where Figure S4 contrasts the group round effects
reported in the main text (Fig. 2i-k) with solo rounds effects. Also, please see our response to
comment 3.8a for a related issue regarding the sampling of environments.

We have substantially rewritten our description of the methods and analyses to clarify this
key point, and removed the potentially confusing use of “as-if” with scare quotes. We have
quoted some selected passages below.

Results:
In solo rounds, the four participants foraged on separate but identical fields, allow-
ing us to calculate an asocial baseline by superimposing their spatial coordinates
as if they were on the same field.
...
Crucially, this pattern is absent in random environments (flat effect) and qualita-
tively different in the asocial baseline (unimodal positive correlations centered at
0s; see Fig. S4), allowing us to rule out the role of the smooth resource distribu-
tions.
...
Methods: Automated transcription of visual field data:
We used a similar procedure for the solo rounds to establish an asocial baseline
for our analyses. Whereas all four players searched on different replications of the
same field, we simulated the solo as if they were superimposed on the same field.

3.5 Unifying asocial and social

R2/3: a) The paper starts with an ambitious goal of unifying social and asocial
theories of learning and decision-making but while the computational model com-
bines social information and personal information, it does not really unify it mean-
ingfully. Many past studies have shown that people balance between social and
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asocial information (eg Tump et al 2020, Toyokawa et al 2019) and many models
have done so to, so what is this paper’s contribution to the “unification”?
b) In addition, the authors refer to ARS for asocial adaptive strategy and crit-
ical/conditional social learning as social adaptive strategy and pit them against
each other, while they are not really opposing strategies. The basic mechanism of
ARS or general optimal foraging theory is related to adapting search state based
on the rate of current rewards (or expectation of future rewards). Same goes for
critical/conditional social learning, which is based on switching between asocial
or social strategy based on reward rate of self (and social partner). They both
hinge on the same mechanism, but the only difference lies in where the informa-
tion about reward is coming from. ARS might as well be called “success-biased”
asocial learning because it is biased towards success.

a) We are grateful to the reviewers for pointing out that our key contribution was unclear
and that the goal of unification was perhaps too lofty. The reviewers are indeed correct that
past research has studied how people integrate and balance social and asocial information,
such as in the Tump, Pleskac, and Kurvers (2020) and Toyokawa et al. (2019) papers we cite.
However, neither of these are in a foraging context, where peers can be both useful targets
for social learning but also competitors for the same limited resources. Thus, mechanisms
like ARS that arise from a foraging context are not always appropriate in simple bandit tasks
(Toyokawa et al., 2019) or in collective decision-making with individual payoffs (Tump et al.,
2020).

Thus, we have removed any reference to unification and refocused clarified our contributions
as an integration of social and asocial mechanisms of adaptation that have not previously been
brought to bear on the same task.

Abstract

Here, we use a collective foraging task in a virtual Minecraft environment to inte-
grate these two fields, by leveraging automated transcriptions of visual field data
combined with high-resolution spatial trajectories[....] These findings not only in-
tegrate 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

Adaptive mechanisms have been independently studied in both asocial foraging
and social learning, however the two approaches have yet to be integrated in a
single framework (Dorfman et al., 2022).
[...]
Goals and scope

Our winning model integrates adaptive mechanisms of asocial and social learning
under a single framework, revealing that individual success (rather than social
factors) drives changes in asocial foraging patterns and increases both the amount
of social learning and selectivity towards successful individuals.
[...]
Discussion
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Our results shed light on the adaptive mechanisms driving collective human be-
havior, integrating past theories from asocial foraging (Dorfman et al., 2022) with
context-dependent (Enquist & Ghirlanda, 2007; Morgan et al., 2012; Toelch et al.,
2014) and selective (Garg et al., 2022; Hawkins et al., 2023; Henrich & McElreath,
2003) mechanisms of social learning, which have yet to be combined in a single
framework.
[...]
This integration reveals how these asocial and social mechanisms amplify one
another, and are driven by a common currency of individual performance, instead
of being governed by separate cues that mutually compensate for one another.

b) We agree with the reviewers that ARS and critical/conditional social learning are not op-
posing strategies, which is why our winning model is indeed a combination of ARS with
conditional social learning. To our knowledge (and as reviewed in Dorfman et al., 2022), no
other past work has integrated these adaptive asocial and social mechanisms together into a
single model. Additionally, there is no clear a priori prediction from the theory that would
have suggested that the combination of ARS and conditional social learning would perform
best. Indeed, Enquist and Ghirlanda (2007) proposed two forms of adaptive social learning,
where the alternative critical social learning (adapting asocial learning depending on social
learning success) could have just as easily been the winning model. However, we find that
both ARS and conditional social learning together achieve more than the sum of their parts in
improving model predictions, thus providing evidence that both asocial and social adaptation
are driven by a similar performance-dependent mechanism. We believe this to be a novel and
important contribution of our work, which has been further clarified in the discussion

Discussion

Overall, this work integrates previously disparate theories of adaptive mechanisms
of asocial and social learning, providing new evidence that they are driven by a
common mechanism of individual performance, with their interaction yielding an
amplification of adaptivity and selectivity..
[...]
This integration reveals how these asocial and social mechanisms amplify one
another, and are driven by a common currency of individual performance, instead
of being governed by separate cues that mutually compensate for one another.
[...]
An extreme test could be to use anti-correlated environments to observe if success-
biased social learning still persists in the most non-adaptive settings. Indeed, dif-
ferent environments could also yield greater evidence for critical social learning
over conditional social learning (Enquist & Ghirlanda, 2007), where costlier aso-
cial learning may prioritize using social cues to adapt learning mechanisms.

We also wanted to comment that one could call ARS “success-biased” asocial learning, al-
though a key difference is that the bias is based on personal performance, whereas the classical
use of the term “success-bias” refers to the target of social learning, which is the social peer.
Thus, we did not use this term to avoid confusion. However, please also see our reply to
comment 2.7, where another reviewer proposed how our work offers a generalization of ARS
to a social setting.
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3.6 Performance and foraging differences

R2/3: A basic expectation from social learning would have been that players are
better at finding rewards with social information. But that is not the case, there is
no reliable difference between solo and social condition in the normalized reward
rate provided here. What did the overall score look like per participant? Supple-
mentary results say that for smooth environments, participants performed equally
well in solo and group condition in terms of normalized reward rate. So how is this
adaptive social learning? If there is adaptive social learning indeed, there should
be an increase in at least the rate of finding rewards, or in the ratio of reward
blocks found / total blocks destroyed. What is the extent of space covered by the
participants? If there is no difference in the space covered between social and solo
conditions, i.e., they cover the same ground then maybe it can explain why there
is no difference in reward rate.

In our reply to comment 3.3, we hope we were able to clarify that the expectation “social is
always better” is the case in simple bandit tasks, but not in a foraging/competitive context with
depleting rewards. We have clarified this expectation in the introduction, with the changes
quoted in response to comment 3.3.

In terms of overall scores per participant and adaptive learning, we have also largely ad-
dressed this issue in response to comment 3.3 by clarifying how greater adaptive social learn-
ing weights are predictive of better individual performance. However, the questions con-
cerning coverage motivated us to conduct several new analyses that show adaptive changes
(i.e., after successful vs. non-successful foraging decisions; Fig. 2b & Fig. S2; the latter is
reproduced here as Fig. R3 for ease of reference) in foraging distance between blocks (Fig.
S3; reproduced here as Fig. R4) and turning angle (Fig. S4; reproduced here as Fig. R5)
predict individual performance in smooth rounds, but not random rounds. These analyses
provide preliminary behavioral evidence that helps motivate our inclusion of ARS in our
modeling framework, where for our winning model, the adaptivity weights for locality (i.e.,
ARS mechanism) predicts individual performance in solo rounds (Fig. S14). We include
these new results below:

Behavioral results

Yet, individual performance could be improved through adaptive foraging.To test
this hypothesis, we first measured how foraging distance changes depending on
whether the previous block yielded a reward (Fig. 2b). In smooth environments,
participants foraged more locally after acquiring a reward (-1.6 [-2.0, -1.3]; no
effect of group, see Fig. S2a). In contrast, this effect was reversed in random en-
vironments, where participants foraged over larger distances after a reward (0.3
[0.1, 0.6]; no effect of group). In turn, greater adaptivity (i.e., difference in for-
aging distance) predicted better individual performance (Fig. S3) in smooth (solo:
rt = .20, p < .001, BF = 32; group: rt = .18, p = .003, BF = 9.9; Kendall’s tau)
but not random environments (all p > .05; BF < 1). We obtained equivalent re-
sults when measuring the turning angle between blocks (Figs. S2-S4), consistent
with the theoretical mechanisms of ARS (Dorfman et al., 2022).

Model weights
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Figure R3: Adaptive foraging. a) Coefficient plot of a hierarchical Bayesian regression on foraging dis-
tance (between blocks). Each dot is the posterior mean and error bars show the 95% CIs. b) Turning angle
(Eq. ??) as a function of success. Each dot is a group mean with error bars indicating the SEM. c) Coef-
ficient plot of a hierarchical Bayesian regression on turning angle. Figure S2 in the revised manuscript,
reproduced here for ease of access.

[...] greater asocial adaptation weights predicted better performance in solo rounds
(Adapt. Prox: -2.34 [-3.72,-1.03]; smooth rounds).

3.7 Visibility differences

R2/3: The authors found that there are no visual differences in the smooth envi-
ronment between as-if solo and group conditions, but participants reduced social
visibility in random environments. This seems to suggest that people use visual
spatial information to avoid competition rather than social learning. In addition,
the predictor in the regression is undirectional pairwise distance, but later anal-
yses use directional data. So why not separate in-degree and out-degree in this
regression analysis?

Figure 2d does indeed shows that there are no differences in the mean number of visible
peers in the smooth environment between the solo and group conditions, whereas participants
reduced social visibility in random environments (but see the strong solo vs. group differences
in visibility in the temporal dynamics analysis; Fig. 2h-k). We also agree that this lends more
support for active avoidance of others in the group:random condition, which is also discussed
in the social distance results (Fig. 2c). We have now linked these two patterns together more
prominently in the results:

Behavioral results

This analysis revealed greater social distancing in random compared to smooth
environments (0.6 [0.8,0.4]; Fig. S5a), which was reliably larger when comparing
group rounds to the asocial baseline (0.3 [0.1, 0.5]), suggesting an active increase
in avoidance.
...
In contrast, participants reliably reduced social visibility in random environments
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Figure R4: Adaptive foraging distance and performance. Adaptive foraging distance is the mean
difference of foraging distance (i.e., between consecutive blocks) after a failing to acquire a reward and
after successfully acquiring a reward (larger values indicate a decrease of foraging distance after success).
Rewards are averaged across the four rounds of each condition. Rewards were correlated to the adaptive
distance in smooth (solo: rt = .20, p < .001, BF = 32; group: rt = .18, p = .003, BF = 9.9; Kendall’s
tau) but not random environments (solo: rt = �.00, p = .993, BF = .12; group: rt = �.06, p = .328,
BF = .19). Each dot is a participant, while the lines and ribbons are a linear regression (± 95% CI). A
single outlier in smooth:solo was omitted from the linear regression line (around 10 on the x-axis), but not
from the rank correlations. Figure S3 in the revised manuscript, reproduced here for ease of access.

compared to the asocial baseline (-0.01 [-0.02, -0.00005]), again showing active
avoidance.

Lastly, the question was raised about why some analyses use unidirectional measures, while
others use directional measures. The answer is that we started with the most simple approach
(often unidirectional), and then moved to more complex analyses when necessary. Indeed, the
suggestion of using separate in-degree and out-degree is exactly what the visibility network
analysis results in Figure 2g describe (reproduced here as Fig. R1 for ease of reference). Note
that this analysis focuses on the relationship between individual in- vs. out- degree, since
analysing the overall in- or out-degree (as a function of environment or condition) would
simply reduce to the unidirectional regression shown in Figure 2d. We have now changed the
text to better communicate this equivalency:

19



random smooth
group

solo

−0.10 −0.05 0.00 0.05 0.10 0.15 −0.2 −0.1 0.0 0.1 0.2

5

10

15

5

10

15

20

Adaptive Turning Angle
 Angle(Failure) − Angle(Success)

Av
g.

 R
ew

ar
ds

 p
er

 R
ou

nd

Figure R5: Adaptive turning angle and performance. Turning angle (Eq.14) is commonly used to
measure foraging trajectories in the context of area restricted search (Dorfman et al., 2022; Pacheco-Cobos
et al., 2019), where greater angles correspond to more local search. We measured the mean difference of
turning angles after a failing to acquire a reward vs. after successfully acquiring a reward (more negative
values indicate a larger increase of turning angle after success, i.e., more local search following success).
Rewards are averaged across the four rounds of each condition. Rewards were correlated to the adaptive
turning angle in smooth (solo: rt =�.14, p = .020, BF = 1.8; group: rt =�.18, p = .003, BF = 10) but
not random environments (solo: rt = �.08, p = .176, BF = .30; group: rt = .01, p = .892, BF = .12).
Each dot is a participant, while the lines and ribbons are a linear regression (± 95% CI). Figure S4 in the
revised manuscript, reproduced here for ease of access.

Behavioral results

Note that when comparing how visibility changes across conditions at the aggre-
gate level, inbound and outbound social visibility are equivalent, masking individ-
ual differences and context-dependent adaptation. We now turn to network anal-
yses to provide a better understanding of the structure and asymmetries of social
interactions through visibility

3.8 Asocial baseline

R2/3: a) Can authors clarify how the as-if rounds were constructed? The task
structure is a little confusing - there were 16 rounds in the main task, were they
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all on different environment structures? Or were there 4 randomly picked envi-
ronments for each condition (solo vs group, random vs smooth)? Or were there 2
randomly picked environments for random vs smooth, and participants played both
solo and group conditions on just these two environments. The “as-if” rounds will
only make sense if the environment structure was completely identical between
solo and group (for a given resource condition, that is). If that is indeed the case,
is there any effect of learning or memory?
b) Plus, why should there be any expectation of meaningful visibility/proximity
networks in the as-if models? Better analyses would be to compare how individual
foraging behavior changes when in groups – for example through ARS etc. In the
smooth environment, there seems to be clear clusters of rewards so do players
aggregate on a cluster? One can imagine a cluster of blocks to be a patch and then
compare their patch leaving time in solo vs group rounds. In solo foraging, it will
be solely based on their “asocial cue” i.e., reward rate, while in group, it will be
based on self’s reward rate and others’ reward rate.
c) It is unclear whether the effects reported here are simply due to the task structure
or due to social adaptations. For example, average proximity is higher in smooth
rounds than in random rounds. There is a higher likelihood for people to end up on
the same cluster of blocks. In addition, due to the solo rounds, they know whether
to expect more rewards nearby previous rewards or not based on the color of the
blocks. So irrespective of social adaptations or not, they will overlap or not overlap
based on the foraging expectations.

a) While a key aspect of this issue was already addressed in response to comment 3.4, here the
reviewers raise another key point regarding the sampling of environments. We have now clar-
ified in the methods that participants did not experience any repeat environments in the exper-
iment. Rather, we sampled (without replacement) 8 smooth and 8 random environments (plus
1 additional environment of each type for the practice rounds) from a set of pre-generated en-
vironments (Fig S15) containing 20 of each environment type. We have updated the Methods
section to make this point more clear.

Participants and design

We generated 20 environments for both smooth and random conditions (Fig. S15),
with each session (i.e., group) sampling without replacement 1 (practice) + 8 (main
task) = 9 environments of each class with pseudorandom assignments that were
pregenerated prior to the experiment.

Thus, while solo and group rounds were not performed on the exact same environment, they
were sampled from the same stationary distributions for each environment generating process.
Although the reviewers suggest that a comparison between solo and group rounds requires the
environment to be exactly identical, we believe that this would be less reliable and introduce a
critical confound. If participants foraged over the same environments in both solo and group
rounds, there could be a learning effect, since the second time in the same environment would
confer advantages. And since round order could only be counterbalanced across groups of
participants, this would make it impossible to compare solo vs. group rounds at the individual
level. However, we do not currently observe any learning over rounds (without repeating
environments), which is an important sanity check to ensure our analyses across environments
and between conditions is valid. We have now added this null result in the text:
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Behavioral results

We also did not find increases in foraging success over rounds (random: 0.00 [-
0.01, 0.02]; smooth: 0.01 [-0.01, 0.04]), suggesting no substantial meta-learning
during the task.

b) We hope that our clarifications about how we computed the asocial baselines ("as-if"
rounds) in reply 3.4 should have already addressed this issue, since we are able to uniquely
identify which changes in behavior are due to the environment (comparing rough vs. smooth)
and which changes are due to the social structure (solo vs. group). Additionally, our new
analyses on adaptive foraging distance and turning angle (Figs. 2b, S2-S5) are quite sim-
ilar to the suggested new analyses, thus providing early behavioral evidence for ARS and
converging towards the same interpretation as the rest of our analyses.

c) The result that the reviewers point out about how people are closer together in smooth
rounds is a good example of how we can use our 2x2 design to distinguish environmental
vs. social effect. We do not see any difference in social proximity between solo vs. group
rounds for smooth environments, where participants in solo rounds are foraging individually
on replicated versions of the same environment. Thus, we can conclude that the social con-
dition did not lead to any aggregate changes in social proximity. However, as later analyses
looking at social structure and temporal dynamics reveal, there are unique social effects (not
found in solo rounds) such as greater centrality predicting better individual rewards (Fig. 2f)
and success-dependent spatial cycling (Fig. 2i).

3.9 Proximity and visibility networks

R2/3: a) Are the network weights static and averaged over the whole experiment
or are they dynamic?
b) Visibility networks: The authors found an asymmetry between the in- and out-
degree are more in the group+smooth sections. How does an inverse relationship
suggest "specialization of social learning strategies"? What is the strategy that is
being discussed and what does it mean for it to be specialized? This effect can
also be driven by the spread of players, if there are some players who are more
ahead of others or moving in a different direction then others can see them but
they can’t see others much. Alternatively, this could also be driven by the fact
that in general some participants looked more in the group section and thus other
participants got more social attention. This would explain the effect of out- and
in-degree in random environments and not just in smooth. In smooth, this would
lead to a stronger effect because most people are localized near each other and the
few people who are away from the rest of the group will have a high in-degree. In
random, because people are dispersed and not synchronized the effect is weaker.

a) Sorry for not clarifying this point. Network weights are static and and computed over
rounds, which are then averaged over participants for our statistical analyses. We have clari-
fied this in the results section

Proximity and visibility networks

Network weights are computed per individual per round, and then averaged per
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individual (within each condition), with the same analyses also applied to solo
rounds to provide an asocial baseline.

b) Thank you for raising some interesting hypotheses regarding these results. Here, special-
ization refers to the fact that rather than clustering together in the center of Fig. 2g with
similar in- and out- degrees, they become spread to the extremes as either strongly individual
learners with high in-degree but low out-degree (i.e., “producers”), or as strongly social learn-
ers with low in-degree and high out-degree (i.e., “scroungers”). Thus, your first hypothesis
about how some players who move ahead ahead of the pack and are thus not observed, would
be consistent with this story. We have now updated the text to clarify this interpretation:

Proximity and visibility networks

This suggests an increased specialization of social learning strategies (i.e., “pro-
ducers” with low out-degree and high in-degree or “scroungers” with high out-
degree and low in-degree) and asymmetry of social attention in settings where
social information was useful.

However, your second hypothesis is inconsistent with our data, since the group setting did
not increase social visibility overall (Fig. 2d). Rather, the visibility networks suggest only
an increase in specialization, where some individuals became more strongly social and some
became more strongly individual, while at the aggregate level, the amount of social visibility
remained the same. The hypothesis of there still being an effect in the random environment is
intriguing, but runs contrary to the statistics, since it is a very robust null result, and is further
corroborated by consistent social vs. asocial differences in the temporal dynamics (Fig. 2h-
k), pull analyses (Fig. 3) and computational modeling results (Fig. 4). Nevertheless, we have
de-emphasized the importance of this specialization result, since it is not such a central part
of our findings.

3.10 Temporal analyses

R2/3: a) The authors need to better explain the clusters and correlations and off-
sets, it is hard to follow. For example, what are “chance corrections”? What are
predictive clusters and how were they chosen?
b) Again, why will the as-if condition show any effect of proximity and reward
temporality? A better comparison would be to see what individual players do when
they have low reward rate and high reward rate in solo vs group. If the behavior
(movement, head turns or something) is different between solo and group, only
then there would be clear proof that players socially adapted the strategy. The au-
thors mention ARS but then it is only discussed in the computational results. The
“performance-adaptive-social-cycling” is attributed to social adaptation: poor re-
wards lead to increased future proximity and high rewards lead to decreased future
proximity. While we agree that people follow a player who has found something,
the “social-cycling” need not be purposeful – the destructive blocks will inadver-
tently lead to that effect because after exhausting the rewards in an area (high
rewards), the strategy can be to move away from that area (like in ARS) and prox-
imity reduction will be a side-effect. Then when they see someone else find a
reward, they converge to a local area. Is there a social and asocial comparison to
get at the behavior?
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c) Similarly for adaptive social attention, low rewards predicted seeing more peers
in the immediate future and vice-versa, this can be very well driven by the de-
structive structure and the expectation of reward structure which will lead them to
move away or look away after destroying enough rewards in the local area. How
do head turns or rotations in social rounds compare with solo because that is the
meaningful comparison.

a) We are grateful for the reviewers for pointing this out, and have now added Figure 2h as
a visual description about how the analyses are performed and how to interpret the results.
We have also further clarified the meaning of chance corrections and predictive clusters in the
main text and methods sections.

Temporal dynamics

More precisely, we computed correlations between time-series at different tem-
poral offsets (Fig. 2h), and searched for temporally continuous clusters of signifi-
cance (indicated by bold lines in Fig. 2i-k) that survived multiple forms of chance
correction (see Methods). At negative offsets, these clusters indicate that rewards
predicts predicts future proximity/visibility (either positive or negative correlations
depending on the sign), while positive offsets indicate that proximity/visibility pre-
dicts future reward.
Methods: Temporal dynamics

Each correlation was then z-transformed and corrected for chance using a per-
mutation baseline (i.e., permutation chance correction). This chance correction
is based on iteratively permuting the order of V2 and computing the correlation
cor(V1,V2_permuted) over 100 different permutations (for each correlation).
We then subtracted the z-transformed mean of the permutation correlations from
the target correlation. These permutation corrected correlations are reported as a
population-level mean (±95% CI) in Figure 2i-k and Figure S7. [...]
Lastly, to provide better interpretability of these results, we used a maximum clus-
ter mass statistic (Nichols & Holmes, 2002) to discover temporally continuous
clusters of significance at the population level. For each pair of variables [V 1,V 2]
and within each combination of condition (solo vs. group) and environment (ran-
dom vs. smooth), we used a cluster permutation test to find a threshold for random
clusters. This analysis used 10,000 permutations, where for each, we iterated over
each individual time series of z-transformed (and chance-corrected) correlations,
randomly flipping the sign at each time point. We then used a single-sample t-test
with a = .05 to compute which time points (at the population level) were signifi-
cantly different from 0. This provided a distribution of the duration of temporally
continuous clusters of significance in the randomly permuted data. We then used
the upper 95% CI of this distribution as a minimum threshold for the actual data,
where we applied the same significance testing procedure, but discarded all clus-
ters shorter in duration than the permutation threshold. The surviving clusters are
illustrated with bold lines in Figure 2i-k and Figure S7.

Please also note that we identified and fixed a bug with the previously reported analyses. They
have been corrected in Figure 2i-k and we have rewritten the corresponding interpretation of
the results, which we quote. However, the main story of the manuscript remains unchanged.
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Temporal dynamics

First, the dynamics of individual reward (i.e., foraging success) and spatial prox-
imity to other players revealed a pattern of success-dependent spatial cycling in
smooth (but not random) environments (Fig. 2i). The positive correlation at offset
-19s to -2s (bold line) indicates that greater reward predicted greater proximity
at long timescales into the future. Since previous analyses showed that success
corresponded to reduced foraging distances (Fig. 2b) and increased turning angles
(Fig. 2b), the greater proximity predicted by reward is more likely due to attract-
ing peers when successful. Subsequently, this creates a cyclical pattern, where
the negative correlation at offset 9s to 20s indicates that greater proximity predicts
lower future rewards, likely due to depletion. Lower rewards then drives reduced
proximity (i.e., reward!proximity effect at negative offsets), with reduced prox-
imity driving increased rewards, thus continuing the cycle. Crucially, this pattern
is absent in random environments (flat effect) and qualitatively different in the aso-
cial baseline (unimodal positive correlations centered at 0s; see Fig. S7), allowing
us to rule out the role of the smooth resource distributions. These dynamics re-
veal the process behind why greater centrality was correlated with performance
(Fig. 2f), showing that success temporarily attracts imitators, who then dissipate
when the resources are depleted.
Next, we looked at the dynamics of reward and visual field data, where we an-
alyzed the number of visible peers (outbound social attention towards others;
Fig. 2j) and the number of observers (inbound social attention; Fig. 2k) at ev-
ery timepoint. Starting with outbound visibility of peers (Fig. 2j), we found ev-
idence for adaptive social attention. First, we found several negative correlation
clusters at negative offsets for both environments, indicating that low rewards pre-
dicted greater visual attention towards others (and vice versa). However, only the
cluster in smooth environments survives (from -2.85s to -0.45s) when computing
the contrast between group and solo rounds (Fig. S7). Thus, our comparison to
the asocial baseline allows us to identify that social attention adapts to individ-
ual performance, above and beyond the generic effects of the task structure (i.e.,
reduced visibility when destroying a block). Additionally, we also observe oppor-
tunity costs of social attention in smooth rounds (1.3s to 2.3s), where the negative
correlation indicates that more visible peers predicted lower rewards. This effect
is absent in random environments and reversed in the asocial baseline (Fig. S7),
which accounts for the shared reward structure, indicating it is a distinctly social
phenomenon.
Lastly, the dynamics of reward and inbound visibility (number of observers) in-
dicate success-biased selectivity, where participants who acquired higher rewards
were the target of social attention (Fig. 2i). In smooth environments, we observed
two clusters at negative offsets (-13.6s to -3.7s and -3.0s to -1.0s) with positive
correlations, indicating that greater rewards predicted more observers in the future.
This success-biased selectivity was absent in random environments and inverted
in the asocial baseline (Fig. S7). The strong dip approaching offset = 0s is due to
the visual dynamics of the task, since the splash animation temporarily obscured
the avatar when acquiring a reward. Additionally, we observe another positive cor-
relation cluster at offsets 1.0s to 2.2s in smooth environments, indicating having
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more observers predicted greater future rewards. This effect was again absent in
random environments and inverted in the asocial baseline (Fig. S7).
In sum, these temporal dynamics reveal how individual performance is the key
driver of adaptive mechanisms, driving changes in social proximity (Fig. 2i) and
social attention—both when (Fig. 2j) and towards whom (Fig. 2k) it is directed.

b) We hope we have clarified the asocial baseline comparisons in response to previous com-
ments. The new Figure 2b analyses we conducted in response to comment 3.6 now provides
exactly the analysis requested, about how foraging distance and turning rate change as a func-
tion of reward rate, across both environments and for solo vs. group.

Here, the reviewers raise an interesting hypothesis regarding our adaptive cycling result in
Figure 2i, suggesting that it might be solely due to block destruction that drives the effect
rather than purposeful social imitation. It is indeed true that in the temporal dynamics analysis
of reward⇠proximity, we are not able to pinpoint the specific mechanisms that drive this
affect. However, subsequent analyses show that participants display purposeful increases in
social visibility as a function of lower reward (Fig. 2j), are more likely to be “pulled” in
leader-follower dynamics (Fig. 3), and are selectively reducing their distance to successful
individuals in our trial-by-trial modeling of foraging decisions (Fig. 4)—with each analysis
surviving comparison to an asocial baseline. Thus, the overwhelming evidence suggests that
this is purposeful adaptation to the social setting.

c) Here, these concerns can be addressed by controlling for the asocial baseline, where despite
having the exact same reward structure and task dynamics (i.e., destroying blocks impacting
visibility), we still see a reliable effect. We quote the updated text below for clarification:

Temporal dynamics

First, we found several negative correlation clusters at negative offsets for both
environments, indicating that low rewards predicted greater visual attention to-
wards others (and vice versa). However, only the cluster in smooth environments
survives (from -2.85s to -0.45s) when computing the contrast between group and
solo rounds (Fig. S7). Thus, our comparison to the asocial baseline allows us to
identify that social attention adapts to individual performance, above and beyond
the generic effects of the task structure (i.e., reduced visibility when destroying a
block).

Additionally, the reviewers asked about head turns or rotations. While we have added an
analysis of turning rate (Fig. S2 and S4), these are necessarily computed across multiple
block destruction events for stability (following Pacheco-Cobos et al., 2019) and to avoid
sensitivity to overly noisy measurements. Thus, we believe that our current analyses of peer
visibility provide the most effective and consequential way to address these questions, and
which have already been utilized across all levels of analysis in the manuscript: total visibility
(Fig. 2d), bidirectional visibility network analysis (Fig. 2g), temporal dynamics (Fig. 2j-k),
and computational modeling of trial-by-trial choices (Fig. 4).

3.11 Computational modeling

R2/3: a) The comparisons between behavioral results and the model seem dis-
jointed. We’d like to see more connections of the model to the behavioral results
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(eg, what distinctive behavioral patterns do different models predict?) and other
visibility analyses (eg, does the model predict more pull behavior / more in degree
/ ect?). In addition, ARS was used in the model but there is no discussion in the
behavioral results.
b) The winning model combines ARS and conditional social learning, which hints
at the precedence of individual success rate in deciding the next step. However,
this may not be as general an effect as the paper makes it out to be. In environments
where individual search is costlier or when there are no prior expectations from the
environment, critical social learning would be more adaptive. The effect of task
design in the “general” features of adaptive behavior need to be specified.

a) We are grateful to the reviewers for their suggestions which have allowed us to make more
concrete connections between our behavioral results and our models. First, we have added
new adaptive foraging distance (Fig. 2b) and turning rate analyses (Fig. S2) that both predict
individual performance (Figs. S3-S4) and provide initial evidence for ARS-like mechanisms.
Additionally, the spatial cycling pattern (Fig. 2h) motivates our decision to implement social
mechanisms based on proximity-based imitation. And lastly, the success-driven selectivity of
social attention from the visibility network (Fig. 2g), temporal dynamics (Fig. 2k), and pull
analyses (Fig. 3d) all help motivate us distinguishing between successful vs. unsuccessful
social proximity in the models. We have now modified the text in numerous locations to
better clarify these connections.

Behavioral results

Yet, individual performance could be improved through adaptive foraging. To test
this hypothesis, we first measured how foraging distance changes depending on
whether the previous block yielded a reward (Fig. 2b). In smooth environments,
participants foraged more locally after acquiring a reward (-1.6 [-2.0, -1.3]; no
effect of group, see Fig. S2a). In contrast, this effect was reversed in random en-
vironments, where participants foraged over larger distances after a reward (0.3
[0.1, 0.6]; no effect of group). In turn, greater adaptivity (i.e., difference in for-
aging distance) predicted better individual performance (Fig. S3) in smooth (solo:
rt = .20, p < .001, BF = 32; group: rt = .18, p = .003, BF = 9.9; Kendall’s
tau) but not random environments (all p > .05; BF < 1). We obtained equivalent
results when measuring the turning angle between blocks (Figs. S2-S4, consistent
with the theoretical mechanisms of ARS (Dorfman et al., 2022).
Behavioral summary

Overall, participants adaptively deployed both asocial and social learning mech-
anisms according to the environment and depending on individual performance,
and selectively directed social attention towards successful individuals. These be-
havioral results provide a lens into the dynamics of how asocial and social learning
interact and feedback onto each other. However, they only indirectly speak to the
individual-level cognitive processes that drive decision making in our experiment.
Therefore, we next turn to computational models integrating different combina-
tions of asocial and social learning mechanisms to predict individual foraging de-
cisions.
Social features

We then incorporate social features based on proximity to different subsets of play-
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ers, motivated by our results showing selective visual attention (Fig. 2j) and a sus-
ceptibility to being “pulled” (Fig. 3d) towards successful individuals.
Model comparison

ARS is based on past work using area-restricted search (Dorfman et al., 2022;
Tinbergen, Impekoven, & Franck, 1967), and uses only asocial features, but with
the locality weight changing as a function of time since the last individual reward.
This corresponds to the common finding (Hills et al., 2015) that search distance
adapts to foraging success (Fig. 2b), and was the best model in solo rounds and
the second best in group rounds (Fig. 4b-c)

b) We agree with the reviewers about potential limits to this interpretation, where different
environments or different tasks may support a critical social learner over a conditional social
learner. The hypothesis that the relative costs of individual vs. social learning may be the
driving factor behind which form of learning is considered first sounds very appealing, and
we have incorporated this suggestion into the general discussion:

Limitations and future directions

An extreme test could be to use anti-correlated environments to observe if success-
biased social learning still persists in the most non-adaptive settings. Indeed, dif-
ferent environments could also yield greater evidence for critical social learning
over conditional social learning (Enquist & Ghirlanda, 2007), where costlier aso-
cial learning may prioritize using social cues to adapt learning mechanisms.

3.12 Minor comments

R2/3: a) The authors wrote “Whereas high centrality tended to correspond to low
rewards in random environments (group: -7.6 [-16.6,0.6]; solo: -7.6 [-16.1,0.8];
all slopes overlap with 0)”. Although the authors used the word “tended”, I don’t
think they can draw any conclusion from a confidence interval overlapping with 0.
b)The introduction can be better set up. Many terms are dropped in without context
or explanation of what they mean. For example, what social or asocial cues or
factors should we expect in the following sections? What does “influence and
selectivity” of social learning mean?
c)The papers cited in the first line of Discussion do not really refer to collective
foraging as a metaphor for social learning to my knowledge.

a) Thank you for pointing this out. The intention was to indicate this as a null effect, but also
to highlight that the overall direction was reversed compared to our main effect (which was
reliable). We have now rewritten it to be more clear:

Whereas centrality did not predict rewards in random environments (group: -7.6
[-16.6,0.6]; solo: -7.6 [-16.1,0.8]; all slopes overlap with 0), we found a robust in-
version in smooth environments, where higher centrality predicted higher rewards
in group rounds (7.9 [1.6,14.0]; Fig. 2f)

b) Together with the more general comments and feedback from other reviewers, the intro-
duction has been substantially rewritten. Specifically we have rewritten the section using
“influence and selectivity” of social learning to be more clear:
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Goals and scope

Our winning model integrates adaptive mechanisms of asocial and social learning
under a single framework, revealing that individual success (rather than social
factors) drives changes in asocial foraging patterns and increases both the amount
of social learning and selectivity towards successful individuals. Furthermore, it
is the degree of adaptivity—of both asocial and social learning—that best predicts
individual performance.

However, we believe it would be misleading to introduce the different asocial and social
“cues” in the introduction, since the different aspects of the model correspond to “mecha-
nisms”. Using the concept of cues, may mislead the reader to expect them to come from
different modalities or variables, whereas these are often overlapping. For instance, both vis-
ibility (asocial) and successful vs. unsuccessful proximity (social) are defined based on the
visual field transcription, whereas the latter social mechanisms also integrate spatial location
as well.

Thus, we believe that introducing ARS and conditional/critical social learning mechanisms
in the introduction provides the correct theoretical framing. Whereas other mechanisms, such
as selectivity and locality are motivated through the early behavioral analyses.

c) We have modified the citations in the discussion to more directly, together with references
suggested by the other reviewers. We have kept however, the Hills et al., (2015) paper due to
the numerous references to social and spatial foraging.

Collective foraging is a common metaphor for human social learning (Garg et al.,
2022; Hills et al., 2015; Roberts & Goldstone, 2006).
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4 Reviewer 4

4.1 General remarks

R4: Upfront, I’m a statistician with no expertise in the content area of the paper.
My area of expertise is hierarchical modeling and I was asked to review those
aspects of the paper. To be frank, although I am passively familiar with agent-
based modeling and network modeling, I don’t have much expertise in this area
and am not familiar with nuances and best practices, so I am not sure how relevant
or informative my review will be.
That said, I thought the detail on the hierarchical models looked pretty good. I
thought the number of MCMC iterations (4,000) looked a little low for this kind
of model, but the authors did a convincing job reporting convergence/diagnostic
information on p. 13 to demonstrate that the results are reasonably trustworthy.
The models were also described completely and it was generally clear to me how
things were set up.

We thank Reviewer 4 for their thoughtful comments on our statistical analyses. The number
of MCMC iterations was chosen to ensure sufficient coverage of the posterior distribution
while minimizing computational costs. Note that, even with massive parallel evaluation of the
likelihood on a computing cluster, each of those models took several days to finish. However,
as noted by the reviewer, all convergence diagnostics confirm that the number of iterations
was sufficient for reliable inference.

4.2 Random effects

R4: As a moderately important comment, the description on p. 11 says the ran-
dom effects in the model control for participant characteristics. This is a common
misconception, but it is not actually true. The random effects serve to partition the
unexplained variance into different sources (e.g., within-unit vs between-unit), but
the variance is still unexplained and participant characteristics are not conditioned
out. If you truly wanted to control for participant characteristics, you’d have to
use a fixed effect approach (e.g., include dummy variables for each unit) to ab-
sorb the participant sources of variance or you’d have to center the predictors in a
way that make the within-unit and between-unit submodels orthogonal such that
participant characteristics could not affect within-unit associations (e.g., a within-
between specification where within-unit predictors are unit-mean centered and the
unit-mean is included as a between-unit predictor; e.g., Bell & Jones, 2015, Polit-
ical Science Research & Methods; McNeish & Kelly, 2019, Psychological Meth-
ods). To be clear, I’m not saying that the model is wrong or inappropriate, just that
I don’t believe the description matches what the model is doing.

Thank you for this comment. We agree that the previous language implied a strict sense
of causal “control” for unobserved participant- and group-level characteristics, which our
models cannot necessarily achieve. Therefore, throughout the text (see below), we now only
speak of multilevel models “accounting for” participant-/group-level variability, which does
not imply that we strictly explain such variability, only that it is partitioned out in the model.
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Results: Computational modeling of choices

Block features f capture hypotheses about individual and social learning mech-
anisms (see below), while weights w are estimated using hierarchical Bayesian
methods, accounting for individual and group variability as random effects (see
Methods).

Methods: Hierarchical Bayesian regressions

Statistical analyses were conducted using hierarchical Bayesian regressions to si-
multaneously model the effects of the experimental manipulations (smooth vs.
random and solo vs. group), while accounting for participant- and group-level
variability.

4.3 LKJ prior

R4: As some minor comments, it’d be helpful to report the argument for the LKJ
prior (typically referred to as eta). I’m guessing it was 1 since that is commonly
used so that the prior is a random correlation matrix of a particular dimension,
but different arguments for LKJ correspond to correlation matrices with different
properties that may not necessarily be diffuse/non-informative.

We apologize for omitting this important information. We used weakly informative LKJ
priors with shape parameter h = 4 for all random-effect correlation matrices, which put less
weight on extreme correlations of 1 or -1 (see Fig. R6 for reference). We have now also
clarified that we used standard normal priors for feature weight parameters and exponential
priors with l = 1 for the random-effect standard deviations:

Methods: Computational modeling

To minimize the risk of overfitting the data, we used weakly informative priors
for all parameters. We used weakly informative standard normal priors centered
on 0 for all weight parameters, exponential priors for scale parameters (with rate
parameter l = 1) and LKJ priors (with shape parameter h = 4) for correlations
matrices (Lewandowski, Kurowicka, & Joe, 2009).

4.4 CIs

R4: Additionally, CIs are mentioned in a few places but it is not defined (confi-
dence intervals or credible interval? CI can be used for both). If credible interval,
it would be useful to mention what kind of interval (e.g., symmetric, highest pos-
terior density). P.2 mentions highest density intervals, but it wasn’t clear if this
referred to just those values or to any CI throughout the paper and in the figures.

Results in the main text are reported as posterior means and 95% Highest Posterior Density
Intervals. We have now also added this information in the Methods section.

Methods: Hierarchical Bayesian regressions

Effects are reported as the posterior mean and 95% Highest Posterior Density In-
terval.
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Figure R6: LKJ prior for correlation matrices.

5 Reviewer 5

5.1 General remarks

R5: The paper aims to elucidate the mechanisms of social and asocial learn-
ing within a unified framework. The study integrates both non-social and social
learning strategies within a virtual Minecraft environment, where participants en-
gage in collective foraging tasks. Automated transcription of visual field data
and high-resolution spatial trajectories are used to analyze social interaction dy-
namics. The paper demonstrates that people dynamically adapt their non-social
and social learning mechanisms based on environmental conditions and personal
performance, specializing their social attention patterns and selectively directing
social learning toward successful individuals. Additionally, the study introduces a
computational modelling framework that integrates various combinations of non-
social and social learning mechanisms to predict individual foraging decisions se-
quentially.
The primary strength of this paper lies in its practical experimental framework,
which allows for a comparative analysis of social and asocial learning. The use of
a Minecraft-based foraging game is particularly clever, as it enables participants
to engage in both learning strategies and provides a rich experimental setup that
mirrors real-world social interactions. This framework facilitates dynamic anal-
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ysis of decision-making processes at each time point. By quantifying abstract
human learning strategies through experimental results, the study establishes a
solid foundation for future experimental modelling. Incorporating computational
models adds depth to the behavioural analysis, offering a new understanding of
cognitive processes. This methodological approach provides significant insights
and inspiration for future research, demonstrating a multidimensional strategy that
could have a profound impact on social science studies.

We thank the Reviewer for their insightful comments which have improved the manuscript,
and their positive evaluation of our work.

5.2 Theoretical Contributions

R5: The paper’s theoretical contributions are not clearly articulated. The exper-
imental results are somewhat broad and scattered, making it unclear what key
scientific question the authors are addressing. Are they attempting to show that
individuals can balance social and asocial learning based on their goal of maxi-
mizing personal performance? This may not be a novel finding, as from an evo-
lutionary perspective, striving for optimal performance is a natural expectation for
enhancing foraging efficiency. It gives the impression that, despite the authors em-
ploying new designs and conducting extensive data analyses and modeling, these
efforts have not yielded new scientific insights for the field. In other words, the au-
thors should clarify how their approach addresses gaps left by existing theoretical
and experimental frameworks and what significant theoretical conflicts have been
resolved through their methodology.

We are grateful for the reviewers comments, which have been immensely helpful in improving
how we communicate our theoretical contributions. The reviewer is correct in identifying our
contribution as understanding how individuals balance social and asocial learning with the
goal of maximizing personal performance. However, our results reveal novel insights about
the dynamics of adaptive learning and the specific mechanisms driving this balance, which
cannot simply be derived from existing evolutionary approaches.

Specifically, our analyses provide a novel understanding of i) how the dynamic adaptation of
social and asocial mechanisms stem from a shared criterion based on personal performance,
and ii) the degree of this dynamic adaptation is what predicts individual performance, rather
than other predictors of behavior that omit these dynamics.

To better clarify our contributions, we have rewritten the introduction and discussion to better
reflect these arguments:

Goals and scope

By combining visual field analysis with high-resolution spatial trajectories, we
provide new perspectives about how asocial and social learning mechanisms com-
plement one another in a dynamic and integrative fashion. Our results show that
people dynamically adapt asocial and social learning mechanisms to both the envi-
ronment and individual performance and selectively direct social learning towards
successful individuals (Fig. 2). Our behavioral analyses capture both the structure
and temporal dynamics of social interactions (Fig. 2-3), which are then directly

33



tested using computational models sequentially predicting each foraging decision
(Fig. 4). Our winning model integrates adaptive mechanisms of asocial and social
learning under a single framework, revealing that individual success (rather than
social factors) drives changes in asocial foraging patterns and increases both the
amount of social learning and selectivity towards successful individuals. Further-
more, it is the degree of adaptivity—of both asocial and social learning—that best
predicts individual performance.
Discussion

Our results shed light on the adaptive mechanisms driving collective human be-
havior, integrating past theories from asocial foraging (Dorfman et al., 2022) with
context-dependent (Enquist & Ghirlanda, 2007; Morgan et al., 2012; Toelch et al.,
2014) and selective (Garg et al., 2022; Hawkins et al., 2023; Henrich & McEl-
reath, 2003) mechanisms of social learning, which have yet to be combined in a
single framework. This integration reveals how these asocial and social mecha-
nisms amplify one another, and are driven by a common currency of individual
performance, instead of being governed by separate cues that mutually compen-
sate for one another.
[...]
Notably, individual estimates of adaptivity of both asocial (i.e., ARS) and social
learning mechanisms (i.e., success-biased imitation) predicted better individual
performance (Figs. S3,S4, & S14). Overall, this work integrates previously dis-
parate theories of adaptive mechanisms of asocial and social learning, providing
new evidence that they are driven by a common mechanism of individual perfor-
mance, with their interaction yielding an amplification of adaptivity and selectiv-
ity.

5.3 Leadership

R5: While the analysis of leadership effects on social learning is interesting, its
relevance to the paper’s main argument—that individual performance drives the
adaptivity of both local foraging and selective social learning—is unclear. The
implications of leadership positions on social attention and behaviour are not well-
integrated into the core thesis. This aspect might be more appropriately explored
as a separate study to better understand its significance and impact.

We believe the leadership aspect is important because it identifies concrete events where a
person was drawn to another individual. In the other behavioral results (i.e., Fig. 2), we
present proxies/correlates of possible social information use (e.g., visual attention or proxim-
ity to others), but the leadership analysis identifies concrete incidences where an individual’s
foraging trajectory was influenced by another. Hence, we believe it plays an important role in
our argument on social learning, where we can relate leadership scores to these other behav-
ioral measures (Fig. S9). We have now clarified prior to the leadership section what role this
analysis plays in the paper. Moreover, we now draw the link between pulls in the leadership
events (Fig. 3), and weighting of successful others in the computational modeling (Fig. 4d),
which approximate the same phenomenon (i.e., approaching successful others), to clarify the
links between the behavioral results and the computational modeling.
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Temporal dynamics

We next relate these social attention processes to social interactions characterized
by concrete leader-follower dynamics.
Computational modeling of choices: Social features

We then incorporate social features based on proximity to different subsets of play-
ers, motivated by our results showing selective visual attention (Fig. 2j) and a sus-
ceptibility to being “pulled” (Fig.3d) towards successful individuals.

5.4 Gaze vs. Heading

R5: The paper should distinguish between "gaze" and "heading." In real-world
scenarios, gaze and heading are not always aligned due to differences in eye ori-
entation, head direction, and body orientation. Since participants in the study used
a screen and mouse and keyboard controls, their gaze and heading are likely to be
consistent, which does not fully reflect real-world conditions. Although the au-
thors chose this approach to avoid VR motion sickness, it may lead to discrepan-
cies between participants’ actual walking trajectories and the avatars’ movements.
Given that data collection likely began in 2019 (as indicated by the ethics ap-
proval number) and considering the advancements in VR technology over the past
five years, including improvements that mitigate motion sickness, modern all-in-
one VR headsets now allow users to walk freely in an unlimited virtual space.
Incorporating this technology could significantly enhance the naturalness of the
experiment by enabling participants to walk within the virtual environment while
interacting with the game. I recommend that the authors utilize VR headsets that
support free movement in virtual spaces to improve the experiment’s realism and
potentially achieve more accurate results.

We are grateful for these comments. First of all, we have replaced all mention of gaze with
heading to be more accurate.

Secondly, as mentioned in the Methods section, we originally designed the experiment for
use with VR headsets. Indeed, we even tested the experiment using multiple forms of VR
locomotion technology, including with harnesses and a slippery walking surface (and special
shoes or shoe covers) to allow for unrestricted locomotion. However, each of these methods
had significant drawbacks, as is evident by their lack of adoption in a commercial setting.
The VR headsets we used were HTC Vive headsets, which are still relatively state-of-the-
art, and the most common form of unlimited locomotion that avoids VR motion sickness
is to use teleportation over short distances. However, by design, this results in a blinking
out of the visual field (to avoid the feeling of acceleration) and also produces unrealistic
spatial trajectories. Thus, we really exhausted all available VR options before deciding that
our research questions would be best served using desktop computers to provide the most
realistic medium to capture visual and spatial data in an immersive foraging setting.

Although we hope new advances in technology will allow us to address related research ques-
tions in a truly VR setup, we nevertheless believe that our experiments is able to provide im-
portant scientific contributions while also raising the bar in terms of realism and immersion.
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5.5 Concept of Social Interaction

R5: The paper should clarify what is meant by "social interaction," as it is a broad
concept. It appears to use an abstract notion rather than specifying whether it refers
to direct face-to-face interaction or verbal communication. The authors should
clearly define what "social interaction" specifically represents in their study.

We are grateful for this suggestion. We define “social interactions” via the various methods
we can measure them, based on spatial distance, visibility, and detecting leader-follower dy-
namics in our “pull” analyses. To clarify this multi-faceted approach, we have modified the
text to indicate that each of these analyses are designed to analyze social interactions, but that
none of them is wholly sufficient:

Behavioral results

Next, as an initial analysis of social interactions, we computed the average pair-
wise distance between participants across conditions (Fig 2c).
[...]
Note that when comparing how visibility changes across conditions at the aggre-
gate level, inbound and outbound social visibility are equivalent, masking individ-
ual differences and context-dependent adaptation. We now turn to network anal-
yses to provide a better understanding of the structure and asymmetries of social
interactions through visibility

Temporal dynamics

We next relate these social attention processes to social interactions characterized
by concrete leader-follower dynamics.

5.6 Data Analysis Justification

R5: Given the complexity of the data analyses, the authors should provide more
details at the beginning of each results section about the necessity of each analysis.
This includes explaining the rationale behind each analysis, the hypotheses being
tested, and the insights that the results reveal.

We are grateful for this suggestion and have now changed the text throughout the results
section to clarify the main aim of different analyses, along with a new Figure 2h panel that
visually explains how we conducted the temporal dynamics analysis. We quote some of these
changes below:

Behavioral results

To understand how the environment and social interactions impacted performance,
we examine the normalized reward rate (Fig. 2a), which controls for faster reward
depletion in group rounds with more individuals searching for the same number of
finite rewards (see Fig. S1).
[...]
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Yet, individual performance could be improved through adaptive foraging. To test
this hypothesis, we first measured how foraging distance changes depending on
whether the previous block yielded a reward (Fig. 2b).
[...]
Next, as an initial analysis of social interactions, we computed the average pair-
wise distance between participants across conditions (Fig. 2c).
[...]
We first used the proximity network to compute the Eigenvector centrality for each
participant, providing a holistic measure of the influence each node exerts on the
network.
Temporal dynamics

To analyze the dynamics of social interactions, we searched for temporally predic-
tive clusters relating individual reward to our high-resolution spatial-visual data
(Fig. 2h-k; see Methods). More precisely, we computed correlations between
time-series at different temporal offsets (Fig. 2h), and searched for temporally
continuous clusters of significance (indicated by bold lines in Fig. 2i-k) that sur-
vived multiple forms of chance correction (see Methods). At negative offsets,
these clusters indicate that reward predicts future proximity/visibility (either posi-
tive or negative correlations depending on the sign), while positive offsets indicate
that proximity/visibility predicts future reward.

5.7 Closing remarks:

R5: In sum, while the paper presents a sophisticated experimental design and
innovative methodology, it needs to clarify its theoretical contributions and en-
sure that all aspects of the research, including leadership analysis and technology
choices, are well-justified and contribute to the main thesis. Addressing these con-
cerns will strengthen the paper and its impact on the field of social and asocial
learning research.

We hope that our replies above and the associated changes in the text have clarified these
important issues, and agree that addressing these has helped improve the manuscript.
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1 Reviewer 1

1.1 General remarks

R1: I’m very satisifed with the revision. It’s sophisticated and enlightening and demonstrates
a nice potential interaction between social and asocial area-restricted search. The next step
will be to see if they share underlying mechanisms. How nice it would be to show that the
evolution of spatial search is somehow related to social learning and mental search more
generally, and perhaps shares fundamental dimensions.

We are very grateful to the reviewer for the valuable feedback which has greatly improved our manuscript.
We also share the same enthusiasm for these future questions about the evolution of search strategies that
we hope our contributions may help unlock.

2 Reviewers 2 & 3

2.1 General remarks

R2/3: We thank the authors for addressing our comments, especially by tying their motiva-
tions closer to the experiment and results. We agree that the integration of asocial foraging
and social information is novel, and this new virtual foraging paradigm is a good way to study
this question. The comparison with as-if solo rounds is also explained more clearly in this
revision.

We thank Reviewers 2 & 3 for their detailed feedback, which has helped us greatly improve the
motivations and clarity of the presentation of our results.

2.2 Greater emphasis on contributions

R2/3: The authors started from the assumption that these are adaptive and showed that people
employed these computations in social foraging, and employed them differently in different
environments. And the computational models provide a proof for this assumption. The au-
thors also showed that greater adaptive weights predict better performance in social foraging.
We think this is a major finding supporting the main motivation and title, and could be em-
phasized more.

We are very glad the reviewers found these to be major findings, and we have now tweaked the
manuscript to improve our emphasis on these factors.

Results: Computational modeling of choices
Thus adaptivity of both social and asocial learning mechanisms is what predicts individual
performance.

Discussion
Furthermore, it is the degree of adaptivity—for both social and asocial learning mechanisms—
that best predicts individual performance.
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2.3 Mechanisms and effects

R2/3: The authors also talked about how people with greater centrality performed better, and
leaders achieved higher instantaneous reward. But these are effects instead of mechanisms.
We hope these could be tied more to the main motivation, or addressed in the Discussion.

We thank the reviewers for raising this issue, which we have now clarified in the manuscript.

Behavioral results: Temporal dynamics
These dynamics reveal the mechanisms behind why greater centrality was correlated with
performance (Fig.2f), showing that success temporarily attracts imitators, who then dissipate
when resources are depleted.

3 Reviewer 4

3.1 General remarks

R4: I was Reviewer 4 on the original submission. All of my comments related to the statistical
analyses were satisfactorily addressed and I have no further comments on this version of the
paper.

We thank Reviewer 4 for their helpful comments in clarifying our statistical analyses.

4 Reviewer 5

4.1 Remaining question about VR

R5: The author addressed most of my questions, leaving only one remaining: I don’t see a
strong reason why this experiment couldn’t be conducted using VR setups. The author men-
tions "blinking out of the visual field," which is not a severe issue in most current VR systems,
and "unrealistic spatial trajectories," where minor spatial distortion may occur but generally
remains limited. I do not feel that these issues would impact the feasibility of running the
experiment in a VR environment. In contrast, for a study focused on foraging behavior,
using a screen with mouse and keyboard controls diverges significantly from realistic human
behavior. Weighing the pros and cons, conducting this experiment in VR could still offer con-
siderable scientific value, enhancing ecological validity and strengthening the interpretability
of the findings. I would encourage the authors to consider revisiting a VR-based setup.

We thank the Reviewer for their valuable comments which have greatly improved the manuscript.
Regarding this remaining question, we added more clarification about this point in the discussion (moving
some text from the methods).

Discussion: Limitations and future directions.

Our task was originally designed for data collection using a virtual reality (VR) headset in-
stead of a mouse and keyboard. However, preliminary testing revealed that locomotion via
teleportation (the preferred method to avoid VR motion sickness) resulted in less naturalistic
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spatial trajectories and interfered with visual field analyses due to the field of view temporarily
fading to black during movement. Several VR treadmill products were also tested as an alter-
native form of locomotion, but required substantial training and resulted in large individual
differences in navigation ability. In contrast, the current computer-based modality captured
naturalistic trajectories in both space and heading direction. However, future studies should
continue to strive for greater ecological validity using new advances in VR.
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