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Abstract

Humans learn through individual experimentation and social observation, with1

different strategies carrying distinct costs and success rates. Rogers’ Paradox2

demonstrated that in simple population simulations, cheap social learning provides3

no fitness advantage over individual learning alone—a counterintuitive result given4

centuries of human social learning success. As AI systems increasingly serve5

as sources of social learning while simultaneously learning from humans, we6

revisit Rogers’ Paradox in the context of human-AI interaction. We extend Rogers’7

original simulations to examine networks where humans and AI systems learn8

together about an uncertain world. We propose and evaluate learning strategies9

across three stakeholder levels: individual humans, AI model builders, and society10

or regulators. Our analysis examines how these strategies impact the quality of11

society’s collective world model, including potential negative feedback loops where12

learning from AI may hinder humans’ individual learning abilities.13

1 Introduction14

For centuries, humans have learned about the world in different ways: from each other, and from15

individually conducting experiments and exploring the world around us. From young children [23]16

to pioneers like Isaac Newton, Marie Curie and Archimedes, humans have long engaged with the17

world and each other in many ways like scientists – tinkering with our models of the world [7, 58]18

and sharing this knowledge to impact society’s collective understanding of the world. But conducting19

experiments yourself – whether exploring out in the world, or thinking really hard to process what20

you have already observed – often comes with costs. It takes time and energy to think and to explore,21

and we have fundamental constraints on such resources [44, 24]. Sometimes, it is easier to just build22

on the behavior or insights from another person; to update your understanding of the world based on23

what someone else has done [55].24

The question of the relative advantage of social versus individual learning among humans was thrown25

for a loop when Alan Rogers uncovered a seeming paradox: the availability of cheap social learning26

does not increase the relative fitness of a population compared to a population consisting entirely of27

individual learners [57]. This has led to many follow-ups exploring what strategies any single learner28

can employ to mitigate this challenge [21, 42, 15, 16, 50]. Here, we reconsider Rogers’ Paradox in29

the context of today’s more powerful and, at the surface, human-compatible AI systems, specifically30

systems that can engage with language. To date, we can think of these systems as having “socially31

learned” from us: they have been trained on effectively all of what we humans have written on the32

web [2]. To an extent, any “world model” or other “understanding of the world” that may or may not33

have been implicitly learned within one of these models [78, 27, 33, 48, 43, 49, 26, 73] could then34

arguably have been socially learned from our actions and experiments in the world, that we wrote35
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Figure 1: Traditional Rogers’ Paradox. In the leftmost panel, we depict individual learning (blue
arrows). In the second panel, we depict social learning (purple arrows), which is delayed by one
timestep. In the third panel, we depict an example of humans oscillating between individual and
social learning. Agents are colored by the behavior they adopt in the current timestep. Agents are
considered “adapted” if their behavior matches the current state of the world, and have an increased
probability of surviving to the next timestep. In the rightmost panel, humans can perform individual
learning or learn from the AI system, which reverts to the population mean of the previous timestep.

about in language1. The fluency with which these systems can engage with natural language, and36

therefore us, raises the prospect that now and in the ensuing years, the directionality of learning may37

flip: humans may increasingly socially learn from these systems [13, 8]. While work has already38

begun to explore what may unfold if AI systems learn from their own output, or the output of other AI39

systems [62] — in this work, we focus on possible trajectories from humans and AI systems learning40

together.41

We take preliminary steps to understand a network of agents, wherein many humans interact with42

a single AI system (where the AI system also learns from people), and characterize interconnected43

ripple effects on a society of such learning agents. To start probing possible network effects, we44

extend the population model introduced in Rogers Paradox with a simulated AI agent: an agent that45

learns from all other agents. We emphasize that our work then focuses on possible learning equilibria46

induced by a society of different agents, with distinct learning strategies and costs, in a way that could47

mimic an abstract network model of humans engaging with an AI system. We emphasize, however,48

that our “AI system” and simulated “human-AI interactions” are highly simplistic, abstract models of49

agents and their interaction; part of the power, as in much complex systems research, comes from50

the simulation of many such interactions with simple components [41, 47]. Rogers’ Paradox and51

the follow-up works spawned to understand and mitigate Rogers’ Paradox have contributed to a52

richer conceptual understanding of collective behavior and inspired new empirical work, despite –53

and sometimes because of – necessarily simplistic simulations [76, 52, 54, 55]. Here, we too hope54

that revisiting Rogers’ Paradox in the context of human-AI interaction will inspire new ways of55

thinking about and studying possible network propagation effects of AI systems among previously56

well-characterized networks of human individual and social learners where the world is fundamentally57

uncertain and dynamic.58

This work is structured as follows. We first (Section 2) review Rogers’ Paradox and extend the59

network model to consider an AI system (with different costs) that learns from the entire population60

at once is introduced into the network. We then (Section 3) consider possible strategies that can be61

enacted by different actors involved in the interaction and network of interactions: the human, the62

AI model builders, the interface designers around the moment of interaction, and policymakers writ63

large. We then turn to a different model of network dynamics (Section 4) wherein interacting with an64

AI system impacts an agent’s ability to individually learn.65

2 Integrating Human-AI Interaction in Rogers’ Paradox66

Rogers’ Paradox [57] considers the case where agents in a changing environment try to adapt their67

individual (simplified) “world models” by either learning about the environment individually or by68

learning socially from a number of other agents (e.g., their cultural parents). The underlying “true”69

1Here, we define “world model” as queryable understanding of the world. We refer to AI systems learning
a collective world model abstractly (as if there were a single, global “ideal” model). We are not claiming that
current large language models have or have not learned such a world model, nor whether such a global model is
feasible.
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environment, or world, is continually changing; a behavior that may be adaptive in one moment in70

time may no longer be advantageous if this world changes. The population has some average level of71

fitness which can be thought of as the quality of a collective “understanding” of the world (see72

Figure 1).73

In this world, individual learning is often considered costly and risky: the environment is stochastic,74

and the agent has some chance of failing to adapt to individual learning. Social learning may be75

cheaper and uncertainty-reducing, if many other agents have the same strategy then that may provide76

a signal of the quality of that strategy. However, social learning in a changing environment relies on77

some other agents having already successfully individually learned the adaptation and as a result,78

social learning is time-lagged compared to individual learning (providing a potentially outdated79

“world model” if the environment has changed). Intuitively, the availability of cheap social learning80

ought to be helpful for improving quality of collective world model by allowing efficient propagation81

of information; yet, the cheapness creates an incentive for individual learners to become social82

learners. Accordingly, a relative shift in the proportion of individual learners in a network reduces the83

availability of timely new information. The fitness of the population at the resulting equilibrium is84

the same as if there were only individual learners meaning cheap social learning does not improve85

the collective world model: this is Rogers’ paradox [57], which we re-instantiate through simulations,86

as discussed in Supplement B.87

In this work, we extend the simulations to introduce an abstract “AI model” into the network. With the88

propagation of AI systems like GPT, we increasingly see people using these systems for knowledge89

retrieval, decision-making, and problem-solving - a clear form of social learning. However, these AI90

systems themselves are trained on virtually all the text ever produced by humans. Books, text, and the91

Internet can be thought of as cultural artifacts that reflect our collective world model; accordingly, AI92

systems can be thought of as simultaneously doing social learning from the entire population at once.93

The increased availability of these systems makes social learning from the AI system (and by virtue of94

the way the model is trained, the population therein) very cheap, and the fact that they could be viewed95

as reflecting a collective world model of the entire population maximizes the uncertainty-reducing96

effect of social learning; however, we hypothesize that these qualities alone are insufficient to resolve97

Roger’s Paradox. We include more specifics on the network in the Supplement.98

3 Exploring Strategies for AI Rogers’ Paradox99

When there is an AI agent introduced into the network (that learns from us), how can we design for100

positive learning outcomes across the population? There are multiple parties that can help make101

human-AI interaction “go right”: the human, the developer of the AI model, and the developer102

of the infrastructure around the model (e.g., the interface builder, even “society” that may change103

affordances that guide use of an AI system). We consider several strategies that are motivated by104

the literature on human-AI interaction. For each strategy, we explore how one possible instantiation105

in our simulation framework may modify the collective “world model” acquisition and quality. We106

emphasize that our simulations act as a guide for imagining the impact that these strategies may107

have on population dynamics (not just the individual interacting with the AI system), as they have108

in evolutionary biology, anthropology, and other disciplines, extending to thinking about human-AI109

interaction.110

3.1 Human- and Interaction-Centric Strategies111

We first consider strategies that can be undertaken by the individual human or addressed in the112

infrastructure around learning, e.g., by organizations, developers, or regulators.113

3.1.1 When Should You Learn from an AI System?114

Deciding who to learn from and when is not always an easy task with humans [61, 35]. Deciding when115

(and when not) to learn from an AI system is an ever more important question as these tools grow116

more powerful and accessible. In the context of human-AI interaction, there is a burgeoning literature117

for approaches that encourage the non-use of AI assistance in favor of human judgment [51, 3, 68].118

Within the network models around Rogers’ Paradox, this equates to humans choosing to engage119

with individual learning over social learning from the AI system. We as authors certainly advocate120

for critically appraising whether to engage with an AI system. We consider this idea in the context121
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Figure 2: Impact of critical social learning (thatched) from the AI over the baseline learning strategy in
the presence of AI (filled). Critical social learning leads to increased population world understanding,
across varying rates of world change (u = 0.01, 0.1, 0.5); however, critical social learning is a less
powerful strategy if the world is changing very rapidly.

of our simulations by assuming that each agent can assess the relative expected utility of a given122

computation: accounting for their likely world knowledge versus that of the model, and the cost of123

individually boosting their knowledge versus engaging with the AI system. This appraisal could be124

done by each individual, but also may come with a cost (e.g., monitoring the quality of the AI system125

at test-time and assessing one’s own abilities).126

One could imagine then that humans are told a priori about the AI system’s ability, quality, or cost and127

can use this information to decide where they should perform individual learning or social learning,128

which would correspond to engaging with the AI system. However, when we implement such a129

strategy – by making the AI system unavailable when the expected adaptation value of learning from130

it is lower than the expected adaptation value of learning individually – into our network model,131

we find that the population equilibria of world understanding do not change. This lack of a change132

to long-term equilibria from such a strategy is in line with other simulations extending the Rogers’133

Paradox formalism with strategies that turn out to improve individual but not collective fitness [6];134

we may imagine that introducing an AI system with different relative costs may change such network135

equilibria but do not find that is the case. While the research we discuss above fairly definitively136

identifies the individual benefits of this type of strategy, here, we see that it does not translate into137

improvement in the collective world understanding, but it does greatly reduce reliance on the AI138

system. Future work is well-poised to consider what collective impacts may arise from alternate139

“who” strategies, e.g., based on model transparency (see Section E).140

3.1.2 When Should You Override the Output of an AI System?141

After you have decided to engage with an AI system for learning, humans still have agency to142

decide whether or not to uptake the system’s output into their thinking. While the decision around143

whether to engage with an AI system does not necessarily impact the equilibria of population world144

understanding in our current simulations, we next consider the impact of the decision to update one’s145

knowledge of the world upon accessing the model. Any human who uses an AI system for learning146

will be affronted with a decision on whether they integrate a system’s output into their beliefs. We147

implement this in our simulations with a critical social learning strategy: a human can decide to148

access the AI system, and based on its output, can decide instead to switch to individually learning149

instead. We find that a critical social learning strategy (see Figure 2) yields a higher equilibrial state150

of collective world understanding. Simulation details can be found in Supplement C.151

3.2 Model-Centric Strategies152

We next explore some strategies that can be applied at the level of the model. a series of questions153

that warrant consideration to help guide the possible futures we laid out above in a positive direction.154

We include simulations for several other possible model-centric strategies in the Supplement.155
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Figure 3: Impact of the update schedule of AI on the collective world understanding. Each dot
represents the average population world understanding quality attained with the specific update
schedule, in a world of a particular change rate. We consider three different rates of environment
(world) change (u). Update rate signifies the probability that the AI will “update” (social learn) on
any given timestep.

3.2.1 How Often Should an AI System Update Its Understanding of the World?156

While humans can dynamically update their understanding of the world on-the-fly, the process by157

which an AI system can efficiently update its model remains in question [75]. In practice, however,158

there are very real costs to AI systems updating its understanding of the world [31, 36, 56]. This159

raises a question of strategy: in an ever-changing, interconnected world of learners, what is the impact160

of variable update schedules on collective world understanding? Thus far, we have assumed that161

the AI system snaps to the population mean on each iteration (t). We next consider the impact of162

the AI systems’ “update schedule”. We find in Figure 3 that there is a saturation point at which the163

frequency of updates has minimal impact on the equilibrium of the population’s collective world164

model understanding (thereby, costs could be saved by a model builder from less frequent updates)165

that depends on the base rate of change in the environment. Yet, with too infrequent updates, we see166

deleterious impacts on the equilibria of collective world understanding. These impacts are exacerbated167

in a base world that is changing more rapidly, rendering learned knowledge and behaviors quickly168

obsolete, as we see in Figure 3. Simulation details can be found in Supplement C.169

4 When Interactions Change Learning Efficacy170

Now, imagine if you could at the snap of a finger engage instantly with an expert to learn about the171

world? What if you never needed to pore over a textbook for hours on your own to learn a new concept172

– to get stuck and need to start again? While to (hopefully) many, this would not be a particularly fun or173

fulfilling future: if you can always socially learn for cheap and therefore “avoid” individual learning,174

your future ability to re-engage with individual learning may be substantially weakened. Thus far,175

we have focused on the impact of various learning strategies in a modified version of the original176

Rogers Paradox setting wherein a human attempting to improve their understanding of the world can177

choose to learn individually or socially from another agent (human or AI). However, this choice has178

no impact on the human other than improving (or failing to improve) that person’s understanding of179

the world. Whichever way you choose to learn, you will always have the same expected learning180

success. Yet, the ways that you choose to learn can impact how successful your future learning181

may be. This is especially a concern with AI tools or possible “cognitive extenders” [29]. Several182

works have raised concerns about the impact of AI tools on our cognition and relative self-appraisal:183

these include algorithm appreciation [46], loafing [32, 60], algorithm aversion [17, 18], algorithmic184

vigilance [80], de-skilling [53, 22]. We therefore next introduce a slightly richer network of agent185

interactions into our simulations: negative feedback upon interaction.186

The simulation framework spawned from Rogers’ Paradox offers a fruitful environment to explore187

the impact of this kind of negative feedback-induced deskilling. We take a step toward exploring this188

idea by implementing a negative feedback loop: when a human chooses to learn socially from the AI189
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Figure 4: Left: Critical social learning with access only to AI and there is negative feedback (learning
from AI makes you worse at individual learning). Center: Critical social learning with access to both
AI and humans (with negative feedback from AI). Right: Learners start in the low equilibrium but
phase out the AI after a period of time to reach the high equilibrium.

system, the success rate of their own individual learning decreases . To our knowledge, this is a new190

innovation on top of the base Rogers’ Paradox, whereby engaging with another entity in the network191

change the learning efficacy of a given agent. We see in Figure 4 (left) that when there is negative192

feedback from learning from the AI, the equilibrium collective world understanding dips below that193

of baseline critical social learning. This makes sense: access to another agent who makes you worse194

at your own ability to learn (and who too is influenced by your understanding of the world) will run195

themselves downward to a globally poorer equilibrium. However, in Figure 4 (middle), we see that196

allowing agents two options for social learning: a more expensive human versus a cheaper AI (which197

degrades your own ability to learn) can maintain high collective world understanding. As depicted198

in Figure 4, the population adapts to which source to learn from socially. Over time, the agents199

determine that they are better off learning from the agent that does not weaken their own ability200

to individually learn when they need to. We could imagine more intricate and realistic extensions201

upon this framework, wherein an agent may shift from negative to positive reinforcement: if so,202

humans may benefit from a signal (e.g., a nudge [70]) that it is worth learning from the AI to sidestep203

algorithmic aversion [17]. Details on our negative feedback simulation can be found in Supplement D.204

We then consider how the choice of method for how the AI system updates its world model effects205

the population in Supplement C.206

5 Conclusion207

Rogers’ Paradox spawned a rich line of work exploring the relative benefits of individual versus208

social learning among networks of humans in a dynamic, uncertain world. The introduction of209

powerful AI systems, which learn from us and which we now may increasingly learn from, opens210

up new questions about the ripple effects on our collective understanding. Our preliminary network211

simulations shed light on the importance of critically appraising whether learning from an AI system212

is sensible – where that appraisal can be made by a human, the AI model builder, or introduced213

through other scaffolding around the moment of the human-AI interaction (e.g., in the design of214

interfaces, or regulation).We offer a new extension of these simulations that also models the potential215

of an AI system impacting the efficacy by which we can in turn, individually learn about the world.216

However, the simulations we introduce and extend here are necessarily simplistic and only a first step.217

Future work is well-served to explore the impacts of other modifications to such network models218

(e.g., introducing multiple AI systems with different costs, or a wider range of possible behaviors in219

the world). We include a more expansive overview of possible future directions in Supplement E. AI220

systems are increasingly transforming our understanding of the world and each other. The coming221

years demand work across multiple levels of abstraction and fields to understand the requirements for,222

and effects of, deploying evermore capable AI systems into our cultural fabric.223
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A Additional Background on Rogers’ Paradox428

Consider the following thought experiment (setup adapted from Deffner and McElreath [15] and429

notation adapted from Enquist et al. [21]). Suppose we have agents (N = 1000) in a world that430

is slowly changing over time, with a fixed probability (u = 0.01) that the optimal behavior for431

succeeding in this world changes at each time step (e.g., due to some weather event or other change432

to the affordances in the world). Agents in this environment who discover the optimal behavior433

(consistent with Enquist et al. [21] we call this the “OK” behavior) for a given timestep are “adapted”434

and have an increased probability of surviving (sOK := P (survival|OK) = 0.93) compared to435

non-adapted individuals (s¬OK := P (survival|not OK) = 0.85). To discover the current optimal436

behavior, agents can attempt to learn about the current state of the world at a cost (cI = 0.05) and437

with some risk of failure (success probability zi := P (OK|individual learning = 0.66, pOK
i :=438

(1 − cI)zi = 0.95 ∗ 0.66 = 0.627. At the end of each timestep, agents survive according to their439

survival probability, and the environment is replenished back to its original size with new agents. At440

the end of each timestep after this process, we measure the proportion of agents who are adapted441

(qOK ), and we track this quantity over many timesteps (T = 200000) to find the long-run equilibrium442

fitness of the population: E[qOK ] = pOK
i sOK2.443

Now suppose that we introduce a second learning strategy into this environment: we allow some444

agents to learn socially by copying the behaviors they observe from another randomly selected agent.445

We assume social learning is much cheaper (cS = 0) and more reliable than individual learning,446

such that an agent is guaranteed to learn the optimal behavior if they observed another agent per-447

forming it and the environment has not changed that timestep, pOK→OK
s := P (OK|observed OK) =448

P (unchanged)P (copied successfully) = (1 − u) ∗ 1 = 0.99. Thus, the probability of becom-449

ing adapted when social learning is equal to the proportion of adapted agents in the environment,450

pOK
s := (1−cS)q

OKpOK→OK
s ). Agents can either be individual or social learners (with proportions451

of qi, qs = 1− qi of each type in the environment, respectively), but when new agents are added to452

the environment at the end of each timestep, they inherit their learning strategy from the surviving453

agents. Intuitively, we would expect that adding social learning, a cheap and reliable method of454

learning behaviors, would increase the average fitness; but surprisingly, the equilibrium reached by455

this network has the same average fitness as when the agents only had access to individual learning.456

This is Rogers’ Paradox [57]. We visualize this setup in Figure 1.457

While initially unintuitive, Rogers’ Paradox can be understood as arising from the tension between458

individual learners having an incentive to become social learners when social learning has higher459

expected fitness (E[qOK
s ] = E[pOK

s ]sOK) than individual learning (E[qOK
i ] = pOK

i sOK), and the460

expected fitness of social learners depending on the number of individual learners in the network.461

E[qOK ] =
pOK
i sOKE[qi]

[1− (1− cS)pOK→OK
s sOKE[1− qi]]

(1)

We can see in Equation 4 that the expected mean fitness across all agents in this case depends on the462

proportion of individual learners. The expected mean fitness of just social learners (Equation 5) thus463

also depends on the proportion of individual learners.464

E[qOK
s ] =

(1− cS)p
OK→OK
s sOKpOK

i sOKE[qi]

[1− (1− cS)pOK→OK
s sOKE[1− qi]]

(2)

As this network evolves over time, if the fitness of social learners is higher than individual learners, the465

proportion of individual learners will decrease until their propagation rates are equal resulting in the466

same mean fitness at equilibrium as when only individual learning was available – even though both467

individual and social learners are present in the network. These results can be validated empirically468

by running simulations. We run simulations adapted from Enquist et al. [21] and [15] and visualize469

the results of these baseline simulations in Figure 6 (left) and Supplement Figure 5. We provide470

implementation details in Supplement B, as well as derivations.471

2In all simulations we explore in this paper, as discussed in the Supplement, the base E[qOK ] = 0.58.
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A.1 Introducing AI into the Network472

We extend our simulations for studying Roger’s Paradox to give agents in a slowly changing en-473

vironment three choices: learn individually (has cost - ci = 0.05, may fail resulting in agent not474

adapting - zi = 0.66 - with overall success probability pOK
i = (1− ci)zi = 0.627), socially from475

a randomly selected other agent (no cost - cs = 0, succeeds only if the other agent is adapted -476

pOK
s = (1 − cs)q

OKpOK→OK
s ), or socially from an AI system (no cost - cAI = 0, succeeds with477

probability equal to adaptation level of the AI, pOK
AI := qOK - see below). At the end of each timestep,478

the AI system learns socially from the entire population and matches the corresponding prob-479

ability distribution of strategies (i.e., the AI’s adaptation level is set to the mean adaptation480

status of the population). Agents are operationalized as being individual or social learners, and481

social learning agents have a propensity for learning from other agents versus from the AI system.482

Agents who successfully learn the correct strategy become adapted and have a slightly higher survival483

probability - so every timestep, the population-level propensity, for individual versus social learning484

and for social learning from agents vs from the AI, is updated. Running these extended simulations485

we again find that the average population fitness does not increase relative to the individual learning-486

only case (see Figure 6). In fact, even if we decrease the relative cost of learning from the AI (by487

increasing cs, the cost of socially learning from other agents) or increase the relative transmission488

success probability when learning from the AI (by decreasing pOK→OK
s ) the mean population fitness489

at equilibrium (Equation 3) remains unchanged.490

E[qOK ] = pOK
i sOKE[qi] + E[pOK

s ]sOKE[qs] + E[pOK
AI ]sOKE[qAI ] (3)

This suggests a novel form of Roger’s Paradox for the AI age: the widespread availability of cheap491

AI systems trained on all human data in the world may not, on its own in the long-term, improve492

our collective world model. In the following section, we consider existing and novel directions in493

human-AI interaction and foundation model research through the lens of Roger’s Paradox to evaluate494

their potential effect on our ability to leverage AI for improving our collective world model. We495

include additional details on the simulation environment in Supplement B.496

B Additional Details on Base Simulations497

We include additional details on our simulations. All code will be open-sourced upon publication at498

the following repository: https://github.com/collinskatie/ai-rogers-paradox.499

Base Network Model500

We first set up social learning simulations in the style of the original Rogers’ Paradox designs, as501

discussed in Section 2. We simulate 1000 agents in a slowly-changing, stochastic environment (P of502

0.01 that the environment changes at each timestep). Agents who are adapted to the environment503

at each timestep have a slightly increased chance of continuing to the next timestep (P of not being504

eliminated 0.93 instead of 0.85), but when the environment changes, all agents become maladapted505

until they learn the new strategy. We consider two types of agents: individual learners and social506

learners. At each timestep, depending on their type agents can either attempt to learn individually507

to try to adapt to the environment, or to learn socially and copy another agent’s strategy. Learning508

individually from the environment has a cost and a risk of failure (P of success = 0.66) but if509

successful, provides up-to-date information on the environment making the agent adapted. Learning510

socially from another (randomly selected) agent is free, but the learner only becomes adapted if the511

teacher was adapted, relying on potentially stale information from a previous round. At the end512

of each timestep, the population is replenished back up to 1000 agents with new agents descended513

from the remaining ones with a small mutation rate causing them to flip their learning strategy (P of514

mutation is 0.005).515

We run one simulation where social learning is unavailable and there are only individual learners,516

and a second simulation as described above where both social and individual learners are present517

(see Figure 5. We run each simulation for 200,000 timesteps and measure the proportion of adapted518

agents at each time step. We average the proportion over the final 50,000 steps to get the population519

fitness (collective world “understanding”).520
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Figure 5: Quality of population world understanding in the original baseline Rogers’ Paradox setting:
only individual or social learning from other humans allowed. This is identical, in equilibrium, to a
network of only individual learners, or a network of humans and an AI social learner.

We also include a derivation of expected fitness, as introduced in Section 2, including the expected521

mean for all agents:522

E[qOK ] = pOK
i sOKE[qi] + E[pOK

s ]sOKE[qs]

= pOK
i sOKE[qi] + (1− cS)p

OK→OK
s sOKE[qOK ]E[1− qi]

=
pOK
i sOKE[qi]

[1− (1− cS)pOK→OK
s sOKE[1− qi]]

(4)

And the expectation for just social learners:523

E[qOK
s ] = E[pOK

s ]sOK

= (1− cS)p
OK→OK
s sOKE[qOK ]

=
(1− cS)p

OK→OK
s sOKpOK

i sOKE[qi]

[1− (1− cS)pOK→OK
s sOKE[1− qi]]

(5)

Introducing AI to the Network524

We extend the base simulations to modify how the AI system learns at each step (Figure 6). The525

AI system either learns by snapping to the mean of the population, or “pays” a cost of individually526

learning. We vary the cost of individual learning and expected accuracy of the AI system individually527

learning. We assess the relative gains in the base Rogers’ Paradox scenario (when humans either528

individually or socially learn based on their reliance propensity) versus a population wherein people529

engage in critical learning. We illustrate additional network dynamics in Figure 7. We use the same530

parameters controlling world dynamism, human preferences, and human learning quality as in the531

previous sections.532

C Additional Details on Strategy Simulations533

When Should You Learn from an AI System?534

We assume that the individual learning success probability is known, and performance of AI system535

(i.e., conditional probability of success when learning from AI assuming the environment has not536

changed) can be evaluated. We extend the simulation to consider the case where social learning from537

the AI is only available when the probability of becoming adapted after learning from the AI exceeds538

the probability of becoming adapted after learning individually. This can be considered a form of539
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Figure 6: Comparing the collective world understanding over time, in a network where agents can
only learn individually and do so at a cost (left) versus a network where agents can learn individually
at the same cost or learn socially for free from an AI system that socially learns from all agents in the
network (right). Each network attains the same baseline expected collective world understanding:
recovering the classic Rogers’ Paradox finding, even with an AI node.

Figure 7: Social learning frequency versus population world understanding for the baseline AI
Rogers’ Paradox case from Section 2. The dashed line indicates the equilibrium of collective world
understanding from a network of purely individual learners. Black indicates mean understanding of all
learners; gray indicates mean of just social learners. When expected value of social learning exceeds
that of individual learning, individual learners become social learners and vice-versa, resulting in the
same equilibrium as in the individual learning case.

conditional social learning where the agent always attempts to social learn, unless it is known that540

social learning is unlikely to succeed relative to individual learning. Unlike typical conditional social541

learning strategies, here the agent decides whether to social learn or individual learn before seeing the542

output of the teacher (in this case the AI). This particular strategy has no net impact on the equilibria543

of collective world understanding, as depicted in Figure 8.544

When Should You Override from an AI System?545

We next imagine that the agent can tell whether they became adapted after attempting to learn: that is,546

the agent can evaluate how successful a learning interaction was, in line with [21]. We extend the547

simulation to consider the case where agents can override the outputs of the AI system by learning548

individually if social learning first fails. All other parameters are the same.549

How Often Should an AI System Update Its Model of the World?550

Rather than having the AI system socially learn on every iteration, we consider a variable update551

schedule where the model socially learns with probability u on each iteration. We sweep over possible552
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Figure 8: Impact of permitting an agent to decide whether to learn individually or socially from the
AI; there is no net impact on collective world understanding.

update schedules u and assume the population has implemented critical social learning. All other553

simulation parameters are the same.554

How Should an AI System Update Its Understanding of the World: Socially or Individually?555

While many popular AI systems today (e.g., several large language models) may be viewed as having556

socially learned from us, the quality of such an AI system’s “understanding” of the world is then557

based on the knowledge of the individual humans in the system: the advantage to the population558

comes from the AI system’s ability to consolidate and provide access to this knowledge at a cheap559

cost to other humans, not “new” knowledge per say. To go beyond what humans know to bring our560

collective “world model” closer to the actual world, we may also consider an AI system which updates561

based on its individual interactions with the world. Many researchers in AI have, and are, pursuing562

alternate training schemes, wherein AI systems learn from non-human generated data (e.g., distilling563

information from from other AI models [30], engaging with explicit simulators of the world [1, 28],564

or relying on self-play [63]). Recent approaches have begun examining test-time compute scaling as565

an additional way to improve AI performance (albeit at a fairly steep cost) by letting the AI ‘think’566

for extended periods of time before responding [64]. Increasing discussion around “agentic” AI567

also opens up the possibilities that AI systems individually learn about the world by taking action in568

that world, for instance, iteratively checking code against a compiler, searching the web, or taking569

physical action.570

Whether an AI system has learned socially (from us) or individually (from self-play or other actions),571

we may learn from such an AI system through the same mechanisms. We explore this idea by572

considering an AI agent in our population network which can learn individually, with some cost573

relative to social learning. But in practice, just because an agent can individually learn does not574

mean that such learning will be successful. We take first steps to explore the impact of varied575

individual learning success rates and varied individual learning costs on population dynamics in576

Figure 9. We see that when the AI system has a low cost to individually learning and a high success577

rate when pursuing individual learning – the population’s net collective understanding of the world578

can improve substantially, regardless of whether the population (or infrastructure around users’579

interactions with the AI) involves critical evaluation of use. However, we see that when the AI is580

often unsuccessful with individual learning (i.e., it comes to a bad conclusion about the world) and581

particularly when costs to individual learning are low such that the model is frequently individual582

learning, then population world understanding is hampered, unless the human agents have not already583

shifted to critically appraising the model’s output. These data further drive home the intuition that if584

the AI’s individual learning is unsuccessful, it is all the more crucial that an individual human, or585

infrastructure around their access, e.g., including transparency, critically assess whether it is worth586

uptaking the output of an AI system. Notably, we see that the composition of strategies is especially587

crucial when the AI system either has a higher cost to individual learning, or lower success rate: it588

remains important that the population engages in some form of critical appraisal on whether or not589

to override the output of the AI system. Exploring the relative benefits of compositions of human-590
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Figure 9: Allowing the AI system to either individually learn or socially learn on each turn. Impact
on collective world understanding (color of cells), depending on the cost to the AI individually
learning (x axis) and the expected quality of the AI individually learning about the world (y axis).
Left: baseline network wherein agents either individually learn or socially learn from the AI; Right:
network where agents critically social learning from the AI.

and model-centric strategies demands further study, especially as it may inform whether it is worth591

“paying” for more particular kinds of AI updates or modes of learning. These questions grow ever592

more pertinent when considering potential relative risks of “agentic” AI systems [10].593

Specifically, we then extend the base simulations to modify how the AI system learns at each step.594

The AI system either learns by snapping to the mean of the population, or “pays” a cost of individually595

learning. We vary the cost of individual learning and expected accuracy of the AI system individually596

learning. We assess the relative gains in the base scenario (when humans either individually or597

socially learn based on their reliance propensity) versus a population wherein people engage in598

critical social learning (i.e., they can switch strategies based on the success of social learning from599

the AI). We use the same parameters as in the previous sections.600

D Additional Details on Negative Feedback Environment Model601

We extend the base simulations by adding an additional “individual learning penalty” property to602

each agent. The default value of this property is κ = 1 in all previous simulations (i.e., social learning603

from the AI has no impact on an agent’s ability to individually learn); here, we consider that each604

time an agent learns from the AI system, we multiply their penalty parameter by a scaling factor605

(κ0
j = 1, κt+1

j = 0.9κt
j for agent j who learns from the AI). An agent’s individual learning success606

probability is then the product of their parameter value and the base individual learning success607

probability in the environment (pOK
ij = (1− ci)ziκj). All other parameters are held the same as in608

the base simulations.609

E Looking Ahead610

We close by noting several open directions that excite us about studying human-AI interaction in611

the context of collaborative learning in these kind of network models, which we believe are ripe for612

richer representations of our uncertain, dynamic world. To support further exploration of and around613

AI Rogers’ Paradox, we make all simulation code open-source upon publication.614

E.1 Handling Different “Classes” of AI Systems615

Our analyses thus far have focused on a single aggregate, abstract “kind” of AI system. However,616

at the time of writing, there is a burgeoning offshoot of more traditional large language models that617

undertake more compute at inference-time returning an output to the human (e.g., o1 [34]). These618

models may come with higher costs for the human to learn from (e.g., longer time for a response;619
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higher energy costs to providing the output), yet also produce a “higher quality” response. Just as620

humans then often make decisions about which humans to learn from [61, 35], we may increasingly621

have a second order question of not only when to engage with an AI system for learning about the622

world — but which AI system to engage with. This puts an even stronger emphasis on the human623

being able to appraise the relative cost of their individual learning with the costs of engaging with an624

AI system, and being able to understand the expected utility of the different model classes.625

E.2 Transparency and Information Communication626

Humans frequently employ explanations to justify our recommendations and choices when learning627

from each other. Our analyses here do not account for (1) what potential information humans can628

access about AI systems, and (2) how access to that information affects their decision to engage in629

social learning. More broadly, AI systems may communicate their understanding of the world to630

humans in an attempt to modulate when and how humans integrate an AI system into their learning631

process. There is a large literature on the transparency of AI systems, which could potentially be632

repurposed for world model communication [25, 20]. Much of this work refers to obtaining and633

designing explanations of the behavior of an AI system in humans [19]. The goal of such transparency634

is often to modulate how and when humans elect to learn from an AI system [80]. This transparency635

information could span from the communication of uncertainty information [4] to natural language636

explanations of behavior [79] to representations of the systems’ world model via explicit probabilistic637

programs [74, 75, 13, 14], or other indications of each agents’ representation of the world as it relates638

to how that agent may communicate with another agent [66, 67]. Thus far, our network simulations639

have focused on a single determiner of success: whether you can “play” the right strategy or not,640

based on your understanding of the world. Future work could separate out these components of641

deciding what to do and what is known about the world, as they relate to what you know about642

another agent. Transparency into an AI system’s understanding of the world may also be used to643

deter from social learning [17, 80]. In the settings we have considered here, the “use” of an AI644

system is resigned in favor of human judgment and individual learning based entirely on the relative645

success probabilities of “playing” a certain learned strategy. In our current instantiation of a form646

of selective use, we have assumed humans are only provided with the option to see and disregard647

the AI system output; transparency information instead permits the communication of why an output648

was shown or not shown (e.g., the AI system’s understanding of the world is knowingly flawed, e.g.,649

due to infrequent updates or the uncertainty is too high). Although our simulations find that such650

interventions do not affect population equilibrium, future work can account for alternate veils of651

transparency and known confounding effects for how humans update their decisions to learn upon652

receiving information from an AI system during learning [9, 5]. We may also consider varying653

degrees of information richness passed between agents about the world, which could include, for654

example, soft labels that capture a human’s uncertainty on the task at hand [12, 65].655

E.3 Collaborative Learning with Human-AI Thought Partners656

The bulk of analyses related to Rogers’ Paradox focus on agents as “lone explorers” engaging with657

the world, or agents learning hierarchically from another agent (akin to a child learning from a parent658

or student learning from a teacher). However, humans also learn about the world by partnering with659

each other [71] or other forms of “peer learning” [42]. Much good science has been done by two660

or more scientists thinking together [77] and even interaction between a teacher and student is not661

unidirectional [11]. Partnering often involves some kind of bidirectional intentionality: reasoning662

about the others’ goals and what they know and do not know [72]. Humans and AI systems though do663

not necessarily have the same structure to any kind of “world model” [73, 48], ability to communicate664

understanding in mutually compatible ways [39, 13, 45], or costs around modes of engagement.665

What possibilities (and risks) may arise for different flavors of co-learning agents? One could imagine666

extending the negative feedback modifications we made in Section 4 to explore positive feedback,667

e.g., where co-learning with an AI system may boost an agent’s ability to individually learn and vice668

versa.669

E.4 Lowering Barriers to Human-Human Social Learning670

Our simulations also spotlight the question around who you choose to partner with and when: if671

your goal is to develop a faithful understanding of the world, when do you engage in partnering over672
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vertical social learning versus individual learning? Presently, good human partnering is partly limited673

by access: in science, it can be hard, though a gift, to find good collaborators. And the human partners674

that we find may generally be “like” us in many ways, likely a byproduct of how we found the partner675

in the first place (e.g., same lab or university). The introduction of AI systems into networks of676

human learners may not only impact collective world model building by increasing the ease of access677

of good AI-based thought partners to human learners to ameliorate challenges of finding good human678

thought partners — AI systems in these networks can also make it easier to engage with a wide range679

of human thought partners. For instance, humans have, to an extent, been limited by how many other680

humans we can engage with at the same time in learning. AI systems, however, raise the prospect681

that humans can actually learn more efficiently from many humans. For instance, an AI system could682

summarize many different humans’ responses, as in [69], allowing humans to consider the thoughts683

of many other humans more quickly. Future work can explore incorporating other actions of AI684

systems (e.g., as summarizers) in these agent-based population models.685

E.5 Environmental Change and AI686

The above possibility (introducing AI systems to change the relative costs of human interaction)687

underlies another important direction of study building off the Rogers’ Paradox-inspired network688

models we consider here: what happens when an AI system changes the environment by its “pres-689

ence”? Thus far, we have considered how the introduction of AI systems into networks of human690

and AI is impacted by changes in the environment – when we assume unidirectional impact from691

environment change on the world model of an agent. However, it is possible – and one may argue,692

even the current state of society – where changes from the AI system change the rate of change in the693

environment. Future work could explore the network effects of such dynamics.694

E.6 Revisiting our Definition of “Fitness” and Notion of a Collective World Model695

We close by noting an important assumption that has been baked into our discussion thus far: that696

there is a “single collective world model” that can be learned and that society’s overall “fitness”697

is based on the quality of this learned world model. This is sensible in the context of our coarse698

environment model: there is only “one” world with an oracle strategy for agents to deploy in this699

world. However, human societies are immensely diverse, and it is highly simplistic to assume that700

AI systems and any one human easily learn a good model of the world that captures this diversity.701

More likely, a collective world model will disproportionately represent some experiences and cultures702

over others, and an “aggregate” fitness metric washes out much of this potentially heterogeneous703

dispersion of understanding [38, 37]. At present, our simulations have assumed that AI systems learn704

from the mean of the population of learners – but in practice, AI systems (often) learn from whatever705

data is most available, which regularly is enriched with particular biases [40, 59]. Data collection706

fails to represent the global majority, who may increasingly begin to interact with and learn from707

AI systems in the coming half-century [81]. We urge caution in interpreting these kind of simple708

network models, using them to fan intuition nad further thinking, rather than a rote guide. We also709

offer a hopeful note that one positive use of AI systems in networks of learners, as we discuss above710

in the context of lowering barriers to learning from other humans, is that AI systems may enable us711

to scale and diversify our understanding from a broader space of humans with whom we may not712

otherwise have engaged.713
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that a generic algorithm for optimizing neural networks could enable people to train928

models that generate Deepfakes faster.929

• The authors should consider possible harms that could arise when the technology is930

being used as intended and functioning correctly, harms that could arise when the931

technology is being used as intended but gives incorrect results, and harms following932

from (intentional or unintentional) misuse of the technology.933

• If there are negative societal impacts, the authors could also discuss possible mitigation934

strategies (e.g., gated release of models, providing defenses in addition to attacks,935

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from936

feedback over time, improving the efficiency and accessibility of ML).937

11. Safeguards938

Question: Does the paper describe safeguards that have been put in place for responsible939

release of data or models that have a high risk for misuse (e.g., pretrained language models,940

image generators, or scraped datasets)?941

Answer: [NA]942

Justification: Our work only contains model simulations.943

Guidelines:944

• The answer NA means that the paper poses no such risks.945

• Released models that have a high risk for misuse or dual-use should be released with946

necessary safeguards to allow for controlled use of the model, for example by requiring947

that users adhere to usage guidelines or restrictions to access the model or implementing948

safety filters.949

• Datasets that have been scraped from the Internet could pose safety risks. The authors950

should describe how they avoided releasing unsafe images.951

• We recognize that providing effective safeguards is challenging, and many papers do952

not require this, but we encourage authors to take this into account and make a best953

faith effort.954

12. Licenses for existing assets955

Question: Are the creators or original owners of assets (e.g., code, data, models), used in956

the paper, properly credited and are the license and terms of use explicitly mentioned and957

properly respected?958

Answer: [NA]959

Justification: Our work only contains our own model simulations.960

Guidelines:961

• The answer NA means that the paper does not use existing assets.962

• The authors should cite the original paper that produced the code package or dataset.963

• The authors should state which version of the asset is used and, if possible, include a964

URL.965

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.966

• For scraped data from a particular source (e.g., website), the copyright and terms of967

service of that source should be provided.968

• If assets are released, the license, copyright information, and terms of use in the969

package should be provided. For popular datasets, paperswithcode.com/datasets970

has curated licenses for some datasets. Their licensing guide can help determine the971

license of a dataset.972

24

paperswithcode.com/datasets


• For existing datasets that are re-packaged, both the original license and the license of973

the derived asset (if it has changed) should be provided.974

• If this information is not available online, the authors are encouraged to reach out to975

the asset’s creators.976

13. New assets977

Question: Are new assets introduced in the paper well documented and is the documentation978

provided alongside the assets?979

Answer: [NA]980

Justification: We develop our own model simulations. Data/code will be released upon981

publication.982

Guidelines:983

• The answer NA means that the paper does not release new assets.984

• Researchers should communicate the details of the dataset/code/model as part of their985

submissions via structured templates. This includes details about training, license,986

limitations, etc.987

• The paper should discuss whether and how consent was obtained from people whose988

asset is used.989

• At submission time, remember to anonymize your assets (if applicable). You can either990

create an anonymized URL or include an anonymized zip file.991

14. Crowdsourcing and research with human subjects992

Question: For crowdsourcing experiments and research with human subjects, does the paper993

include the full text of instructions given to participants and screenshots, if applicable, as994

well as details about compensation (if any)?995

Answer: [NA]996

Justification: We did not run any human experiments.997

Guidelines:998

• The answer NA means that the paper does not involve crowdsourcing nor research with999

human subjects.1000

• Including this information in the supplemental material is fine, but if the main contribu-1001

tion of the paper involves human subjects, then as much detail as possible should be1002

included in the main paper.1003

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,1004

or other labor should be paid at least the minimum wage in the country of the data1005

collector.1006

15. Institutional review board (IRB) approvals or equivalent for research with human1007

subjects1008

Question: Does the paper describe potential risks incurred by study participants, whether1009

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)1010

approvals (or an equivalent approval/review based on the requirements of your country or1011

institution) were obtained?1012

Answer: [NA]1013

Justification: We did not run any human experiments.1014

Guidelines:1015

• The answer NA means that the paper does not involve crowdsourcing nor research with1016

human subjects.1017

• Depending on the country in which research is conducted, IRB approval (or equivalent)1018

may be required for any human subjects research. If you obtained IRB approval, you1019

should clearly state this in the paper.1020

• We recognize that the procedures for this may vary significantly between institutions1021

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the1022

guidelines for their institution.1023
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• For initial submissions, do not include any information that would break anonymity (if1024

applicable), such as the institution conducting the review.1025

16. Declaration of LLM usage1026

Question: Does the paper describe the usage of LLMs if it is an important, original, or1027

non-standard component of the core methods in this research? Note that if the LLM is used1028

only for writing, editing, or formatting purposes and does not impact the core methodology,1029

scientific rigorousness, or originality of the research, declaration is not required.1030

Answer: [Yes]1031

Justification: We used LLMs to help with some of the coding.1032

Guidelines:1033

• The answer NA means that the core method development in this research does not1034

involve LLMs as any important, original, or non-standard components.1035

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)1036

for what should or should not be described.1037
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