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Multi-agent systems of large language models (LLMs) are rapidly expanding across
domains, introducing dynamics not captured by single-agent evaluations. Yet, existing
work has mostly contrasted the behavior of a single agent with that of a collective
of fixed size, leaving open a central question: How does group size shape dynamics?
Here, we move beyond this dichotomy and systematically explore outcomes across the
full range of group sizes. We focus on multi-agent misalignment, building on recent
evidence that interacting LLMs playing a simple coordination game can generate
collective biases absent in individual models. First, we show that collective bias is a
deeper phenomenon than previously assessed: Interaction can amplify individual biases,
introduce new ones, or override model-level preferences. Second, we demonstrate
that group size affects the dynamics in a nonlinear way, revealing model-dependent
dynamical regimes. Finally, we develop a mean-field analytical approach and show
that, above a critical population size, simulations converge to deterministic predictions
that expose the basins of attraction of competing equilibria. These findings establish
group size as a key driver of multi-agent dynamics and highlight the need to consider
population-level effects when deploying LLM-based systems at scale.

size effects | multi-agent systems | large language models | collective misalignment |
social coordination

Multi-agent large language model (LLM) systems have recently started to be deployed
and are already responsible for tasks in domains such as finance (1, 2), defense (3),
energy (4), social media (5), and personal assistance (6). These applications are expected
to expand rapidly, as reflected in growing market interest, with valuations projected to
increase from USD 5.4 billion in 2024 to USD 236 billion by 2034, and a surge in
startups and enterprise features focused on interacting LLM agents (7, 8). Scalability,
autonomy, and interaction, which are at the root of the success of LLM-based multi-agent
systems, also give rise to new risks. Building on evidence that multi-agent safety is not
guaranteed by single-agent safety (9), the International Al Safety Report 2025, authored
by 100 experts including representatives from 33 countries and intergovernmental
organizations, has warned of the unprecedented complexity of multi-agent LLM systems
(10), highlighting risks such as systemic failures, misaligned collective behaviors, and
uncontrollable strategic dynamics (11). As multi-agent LLM systems become a dominant
paradigm in Al infrastructure, understanding their dynamics, including both capabilities
and failure modes, is widely recognized as a central scientific and governance priority
(12, 13).

Recent research has shown that local interactions among agents can yield collective
behaviors and performance gains that are not observed when models operate in isolation
(14, 15). For example, at the smallest scale, dyads (pairs of agents) engaging in debate
lead to substantial improvements in factual accuracy and truthfulness (16), and may also
enhance coherence and depth of LLM answers (17). Triads of LLMs have been shown
to produce more utilitarian collective moral judgments than individual models (18), and
may optimize collaboration in complex tasks (19). Small groups of agents can accomplish
goals more effectively through self-organized division of labor (20). Groups of tens of
agents are able to develop social conventions (21), and to autonomously coordinate
social behaviors that mirror aspects of human interaction in immersive environments
(22). Populations on the order of hundreds or thousands have been used to investigate
mechanisms of cultural evolution (23-25), while even larger populations, scaling from
tens to hundreds of thousands, have been studied as in-vitro societies (26). Frameworks
have also been proposed to model the dynamics of millions (27), or even billions (28),
of interacting LLMs.

While convincingly supporting the idea that “more is different” for populations of
LLMs (29), the vast majority of studies in this rapidly growing body of work are
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characterized by a recurring methodological structure: The
behavior of a population is compared with that of a single agent,
revealing differences between the two conditions. However,
this approach leaves a fundamental question unanswered: What
happens across varying population sizes? In other words, what
does “more” quantitatively mean? This question is crucial for
applications involving scalable deployments of LLM agents,
where it is critical to understand whether there exists a threshold
beyond which increasing the population size no longer affects
system behavior, whether in terms of performance, coordination,
or emergent properties.

Here, we investigate the role of group size on LLM collective
dynamics by focusing on bias, a critical risk associated with lan-
guage models that has been extensively studied in isolated settings
and carries far-reaching implications for safety and alignment
(30-33). We build on recent empirical observations showing that
groups of LLMs coordinating on shared linguistic conventions
can exhibit collective misalignment (21), introducing bias even
when individual agents are unbiased. This setting deliberately
abstracts away from contextual grounding, in contrast to context-
rich benchmarks (34), to isolate the role of interaction dynamics
in shaping collective bias. In this context, individual bias refers to
an initial statistical preference for one option over an equivalent
alternative during coordination (for example, agents systemat-
ically preferring one name over another in a naming process).
Collective bias, by contrast, denotes an additional imbalance that
emerges from interactions among multiple LLMs, increasing the
likelihood that certain coordination outcomes are adopted over
others that are, in principle, equally viable. Thus, we use bias as a
tractable operationalization of collective misalignment, focusing
on cases where collective outcomes diverge from individual-
level preferences. This notion is internal to the coordination
process and does not directly correspond to misalignment with
external human values as typically considered in the Al safety
literature (9, 35).

The contribution of this paper is threefold. We clarify
and extend the phenomenon of collective bias as a form of
collective misalignment, showing how coordination can amplify,
create, or overturn individual biases. We map how the strength
and form of collective bias depend on group size, identifying
nonlinear effects and qualitative shifts in the dynamics. We
provide an analytical framework that clarifies why simulations
converge beyond a given population size and how basins of
attraction structure the competition between equilibria. The
findings are robust across different LLMs. These results are
obtained within a simplified and controlled framework, which
distinguishes our approach from goal-oriented multi-agent LLM
studies focused on task completion or human behavior simula-
tion (14, 22, 36). Adopting a complex systems perspective (13),
we prioritize mechanistic transparency and use minimal models
to isolate the fundamental dynamics driving collective outcomes

(21, 37).

Modeling Framework and Parameterization

Modeling Framework. We consider a population of N LLM
agents engaged in a naming game (38, 39), a standard frame-
work for studying the emergence of conventions that has been
extensively investigated through theoretical modeling (37, 40)
and laboratory experiments with human participants (41, 42).
In particular, we follow the implementation used in the latter,
where pairs of agents drawn from a larger population attempt
to coordinate through simultaneous naming choices, receive
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rewards for successful coordination, and, after each interaction,
observe both their own and their partner’s choice.

At each time step, two agents are randomly selected to interact,
producing and exchanging a convention, or word, chosen from a
finite pool of size W, with the goal of maximizing their respective
game scores (see Materials and Methods and SI Appendix for
prompting and meta-prompting details). The outcome of an
interaction yields identical payoffs to both agents. If both agents
select the same convention, their scores increase by the same
amount; otherwise, they decrease by the same amount. The
reward for successful coordination exceeds the penalty for failure.
This scoring rule incentivizes local coordination between pairs of
agents, without any explicit drive toward global consensus. Each
agent maintains a finite memory state M of capacity H, which
stores information about its most recent interactions: Its own
and its partner’s convention choices, whether coordination was
achieved, and the accumulated score over the last A encounters.
In this work we fix H = 5. At the beginning, memories are
empty, and the first choice is drawn from the available pool
according to the agent’s individual bias. Recent analyses of this
protocol in LLM populations reveal that such local interactions
can spontaneously lead to global consensus on a specific word and,
crucially, generate collective bias even when individual agents
exhibit none (21).

This minimal signaling framework can be extended to interac-
tion settings in which agents communicate short natural-language
responses during each encounter, for example by providing brief
justifications for their convention choices that are incorporated
into interaction memory. Such extensions increase the expressive
dimensionality of the signaling channel while preserving the
underlying coordination incentives of the naming-game protocol.
We examine this conversational variant in S/ Appendix and find
that it preserves the key size-dependent dynamics observed in
the minimal framework. While we consider this an important
robustness check, we retain the minimal framework as the
primary setting since the richer interaction protocol entails
substantially higher computational cost and limits both the
range of population sizes that can be explored and the statistical
resolution achievable. In addition, it increases the dimensionality
ofagent policies and interaction histories, making it more difficult
to isolate coordination mechanisms and to connect the observed
dynamics to the analytical mean-field framework developed here.

Implementation. The modeling framework described above can
be directly implemented by running LLMs as agents, where the
memory state of each agent is translated into a text prompt
that the LLM uses to generate a new convention (21). To
study the coordination dynamics of large populations of LLM
agents, however, we introduce a complementary stochastic model
that enables simulations with population sizes far beyond what
is computationally feasible in direct LLM experiments, while
drastically reducing the required computational resources.

In this stochastic model, an agent’s behavior is represented by a
probabilistic policy that specifies the likelihood of producing each
of the W possible words based on the agent’s current memory
state. We derive this policy empirically by probing the LLM:
Given a textual prompt encoding a particular memory state,
the LLM outputs a vector of logits indicating the likelihood of
all possible next tokens. We extract and normalize the logits
corresponding to our restricted set of W words to form a
probability distribution, which defines the agent’s policy for that
memory state (see Materials and Methods for full details on model
definition and policy extraction procedure).

pnas.org
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To enable efficient large-scale simulations, we precompute and
store these probabilistic policies for all possible memory states.
During simulation runs, agents sample conventions according
to their stored policies, thereby capturing the stochastic nature
of LLM-generated interactions without invoking the underlying
model at every step. This approach is validated by extensive
experiments showing close agreement between direct LLM-
based generations and policy-driven simulations (see S Appendix
for quantitative comparisons, particularly S/ Appendix, Figs. S1
and S2).

Parameterization. In this paper, we restrict our analysis to the
case of W = 2 competing conventions. Since we use multi-
agent bias as the main measurement to explore size effects, we
select pairs of words previously identified as particularly sensitive
to bias (e.g., {man, woman} or {straight, gay}) (34). To test ro-
bustness across architectures, we feed the model with probability
policies extracted from different instruction-tuned LLMs: Qwen
QwQ-32B (denoted as Qwen), Microsoft Phi-4 (Phi), OpenAl
GPT-40 (GPT), and Meta Llama 3.1 Instruct (Llama).

We consider only homogeneous populations, meaning that
the probabilistic policies of all agents are extracted from the
same underlying LLM. Finally, throughout the paper, time
is measured in population rounds (Monte-Carlo steps), each
consisting of N pairwise interactions. Simulations run for up
to 1,000 population rounds or until all agents converge on
the same convention. Theoretical predictions for simulations are
based on the minimal naming game model (39), in which agents
may additionally be individually biased toward one convention

(81 Appendix).

Results

Mapping Collective Misalignment. We begin by examining
how individual bias shapes collective outcomes by performing
simulations of our model for small system sizes. Fig. 1 shows
that individual biases are not necessarily reflected by collective
outcomes. Instead, interaction gives rise to three distinct forms
of misalignment between individual and collective bias. First,
individual preferences may be amplified (Fig. 1 A and D):
Collective dynamics increase the likelihood of consensus on the
word agents initially favor. Second, neutral individuals can give
rise to collective bias, consistent with previous findings (21)
(Fig. 1 B and E). Finally, collective dynamics can override
individual preferences, producing consensus on the word agents
initially disfavor (Fig. 1 C and F).

To systematically assess the robustness of these misalignment
patterns, we extend the analysis across eleven word pairs and four
homogeneous LLM populations. Fig. 2 contrasts individual and
collective biases for four LLMs in populations of size N = 24, re-
vealing strong variations across LLMs and word pairs. The dashed
black line indicates theoretical predictions from the minimal
naming game model, which assumes agents with fixed, memory-
invariant bias. LLM agents, by comparison, adjust according to
the memory context. It is worth noting that the minimal naming
game captures only the amplification of individual bias, while
induction and reversal represent qualitatively distinct outcomes
that, to the best of our knowledge, have not been observed
in standard naming-game-like models and are genuinely LLM-
dependent in this context.

Atthe individual level, where single agents have empty memory
states prior to interaction, Phi and Llama display considerable
variability in individual bias, whereas GPT and Qwen are closer
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to neutrality. At the collective level, however, coordination out-
comes differ markedly across models. Qwen populations exhibit
a wide spectrum of collective bias strengths, GPT populations
show only mild collective effects, while Llama populations are
highly polarized and converge almost deterministically on a single
word for each pair. Phi populations most closely align with
the minimal naming game model predictions, though they still
diverge strongly in five of the eleven word pairs.

Importantly, both the magnitude and the direction of collec-
tive bias can differ across models. For example, for the pair {/er,
his}, populations of Qwen and Phi converge on ber, while GPT
and Llama converge on Ais, despite nearly identical individual-
level tendencies. Moreover, bias induction and its strengthening
with population size are also observed under the more complex
signaling mechanism, while further testing is needed to map
the full spectrum of outcomes, including reversal (S/ Appendix,

Fig. S3).

The Role of Population Size. Having established that LLM
populations can exhibit diverse collective behavior, we next
examine the role of population size in shaping these outcomes.
Fig. 3 shows that the probability of converging on a specific word
grows systematically with NV across all models and word pairs.
In other words, larger populations reduce outcome uncertainty.
We label the preferred word as the “strong” word, as opposed
to its “weak” alternative. In the minimal naming game with
individually biased agents, such a transition to determinism is
indeed expected (43): Bias amplification causes the favored con-
vention to fully dominate collective outcomes beyond a critical
population size (SI Appendix, Fig. S4). In LLM populations,
collective outcomes also become entirely deterministic once N
exceeds a threshold: If the population can reach consensus, then
it will always converge on the strong word. This pattern of
increasing collective bias and eventual determinism in consensus
outcomes is also observed in the richer signaling setting (S/
Appendix, Fig. S3).

The threshold varies considerably across model and word pair
combinations. In some cases, determinism arises for populations
as small as N = 2 (Llama, {short, tall}), while in others, finite-
size effects persist up to N ~ 104 (Qwen, {Black, White}). The
rate at which collective bias grows with /V likewise depends on
both the LLM and the word pair. Fig. 3C shows that although
Qwen exhibits uniform strategies at the individual level (N = 1)
for all word pairs, the magnitude of collective bias at intermediate
N values varies. Population size can also modulate the form
of multi-agent misalignment: For the word pair {szraight, gay},
Llama shows an individual preference for straight, but reversal
toward gay occurs only for N > 6. Finally, we note that
populations always converge, except large Llama populations for
the word pairs {0/d, young} and {less, more}, and a minor fraction
of simulation runs for small Qwen populations coordinating on
the word pair {husband, wife}. We document these in ST Appendix
and defer systematic analysis to future work (SI Appendix,
Figs. §5-59).

Convergence Time. The dependence of collective bias on pop-
ulation size can be explained by qualitative shifts in the under-
lying consensus dynamics. In small populations, early random
fluctuations dominate the dynamics. A word that gains even a
small initial advantage is quickly incorporated into the memory
inventories of most agents, driving rapid alignment across the
system. As shown in Fig. 4, trajectories collapse to consensus (on
either word) within only a few population rounds. Because the

https://doi.org/10.1073/pnas.2531697123
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Fig. 1. Interaction can amplify, induce, or override individual bias. From Left to Right columns, the word pairs that populations coordinate on are {American,
Mexican}, {White, African}, and {straight, gay}. These cases illustrate bias amplification, induction from neutrality, and bias reversal, respectively. Top row (A-C):
Llama populations; Bottom row (D-F): GPT populations. All simulations use a population size of N = 24. The Upper plots in each panel display representative
trajectories of word competition in 1,000 simulation runs, where blue and orange lines indicate the frequency of unique convention choices over time (based
on the previous N interactions). Colored circles at t = 0 denote the initial individual bias, with black indicating neutrality. Where possible, at least ten trajectories
are shown for each consensus outcome (strong or weak convention); when fewer runs converged, all available trajectories are displayed. Solid and dotted
lines show the mean dynamics of runs that converged on the strong and weak conventions, respectively. In all cases, the strong word is represented by blue
trajectories (from Left to Right: Mexican, African, gay). The Lower bar plots summarize individual and collective bias: Individual bias reflects agents’ preinteraction
preferences, and collective bias shows the fraction of runs that reached consensus on each convention.

likelihood of a word becoming an early favorite depends on the
agents’ initial individual biases, the collective outcome ultimately
reflects these underlying preferences.

In intermediate size populations, initial fluctuations are rarely
sufficiently strong to produce the rapid alignment observed
at small V. Consensus arises from the interplay of stochastic
fluctuations, which may affect the prevalence of one word even
beyond the initial phase, and coordination dynamics, which tends
to favor the strong word, steering trajectories toward its absorbing
state. This coexistence of rapid collapses and prolonged mixed
states produces a unimodal distribution of consensus times with a
heavy right tail (Fig. 4). The crossover to coordination-dominant
dynamics is also reflected in the scaling of the characteristic
(i.e., modal) consensus time, which grows logarithmically with
population size (S Appendix, Figs. S10-S13 and S14), consistent
with the coordination-driven scaling of the minimal naming
game (43) (ST Appendix, Fig. S15).

As populations grow even larger, the consensus time distribu-
tions separate: The characteristic consensus time for trajectories
converging on the weak word becomes larger than the consensus
time to the strong word (SI Appendix, Figs. S10-S13). This
widening gap suggests that it becomes increasingly difficult for the
population to converge on the weak word. Beyond the threshold
size N,, the consensus state becomes deterministic: For a given
word pair and model, all simulations converge on the strong word
and the characteristic consensus time stabilizes (SI Appendix,
Figs. S16-S19). The consensus time distribution for trajectories
that converge on the strong word (the only viable consensus state)

4of 8 https://doi.org/10.1073/pnas.2531697123

narrows, until /V is so large that nearly all trajectories converge
at this characteristic convergence time.

The coordination dynamics depend on the model and the word
pair. In practice, this means that while the qualitative shift from
fluctuation-driven to coordination-driven consensus is robust,
the transformation stages of the consensus time PDF can differ in
duration and form across experimental conditions (S Appendix,
Figs. §20-S30).

Mean-Field Theory. To understand the deterministic outcomes
observed in large populations, we develop a mean-field theory that
captures the system dynamics in the limit N' — 0o0. Mapping the
dynamics of the experimental framework to a reaction—diffusion
process (SI Appendix), we define the system state as x := {x;},
where x; = N;/N represents the fraction of agents in state 7 at a
given timestep. The evolution of the system is characterized by
the following mean-field rate equation:

dxy, ..
— = at Xl: ;xﬁcjl’k(z,]), (1]

where Py (4,) is the probability that an agent in memory state i
will transition to a new memory configuration # after interacting
with an agent in memory state j. These dynamics are characterized
by fixed points given by the algebraic equation

0= xixiPu(is ). (2]
J

i
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Fig. 2. Collective bias depends on both model and convention. Panels show
individual and collective bias for four LLMs [Panels (A-D) show Phi, GPT,
Qwen, and Llama populations, respectively] in populations of size N = 24,
for the word pairs indicated in the legend. Individual bias corresponds to an
agent’s selection probability at the start of the game with empty memory,
while collective bias denotes the proportion of 1,000 runs that reached
consensus on the option in bold. Error bars (SEM) are smaller than the
marker size. The dashed line shows the theoretical prediction from the
minimal naming game with binary options and individual bias. Points along
the gray dotted line at x = 0.5 indicate symmetry breaking, where neutral
individual preferences produce biased collective outcomes. Points within the
shaded pink regions correspond to bias reversal, where collective interactions
overturn the individual preference.

These fixed points take the form of homogeneous absorbing
states, corresponding to full consensus on one of the two available
options. That is, the memory of all agents is equal to 2H repe-
titions of the first word, or 2H repetitions of the second word.

We therefore denote them as the strong and weak fixed points.
Although, in principle, other, more complex mixed fixed points
could exist, they are not generally observed in numerical solutions
of the mean-field equations. Only for a few specific combinations
of LLMs and word pairs (i.e. {0ld, young} and {less, more}
in large Llama populations) do mixed configurations appear,
corresponding to time-dependent steady states also observed in
direct simulations of the agent-based model at finite V. The
mean-field dynamics for all models are shown in ST Appendix,
Figs. S31-S34.

A linear stability analysis allows us to determine if the
homogeneous fixed points are stable or not by looking at the sign
of the largest eigenvalue of the corresponding Jacobian matrix. In
SIAppendix, Table S2, we report the largest eigenvalues computed
for the weak and strong fixed points. As we can see, for most
combinations of LLM and word pair either the strong fixed point
is stable and the weak one unstable, or both are stable. In this
last case, the actual preference for the strong word is due to the
structure of the basins of attraction of the two fixed points.

Finally, this analysis explains the observed cases of noncon-
sensus for the word pairs {less, more} and {old, young} in Llama
populations. In the first case, both homogeneous fixed points are
unstable, so trajectories are repelled from consensus states and
the population remains in a mixed configuration. In the second
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case, one fixed point is unstable while the other is marginal, with
an almost vanishing largest eigenvalue. A different situation arises
for Qwen populations coordinating on the pair {husband, wife}.
Here, the weak fixed point is marginal but the strong one is stable.
Consequently, large populations converge reliably to the strong
consensus state, while in smaller populations convergence toward
the weak word remains susceptible to random fluctuations, which
can prevent the system from settling into a stable consensus on
that word.

Discussion

In this work, we have shown that interactions among LLM
agents can lead to collective misalignment, with emergent biases
whose strength and form vary systematically with population
size. Crucially, each agent conditions its behavior on a finite
memory of past interactions, so that collective outcomes emerge
from the interplay of individual history-dependent policies and
population-level dynamics. Our mean-field analytical frame-
work captures these patterns, linking stochastic simulations to
deterministic predictions and clarifying the structure of the
equilibrium landscape.

The origin of bias in our setting deserves comment. Unlike
context-rich frameworks such as CrowS-Pairs (34), where bias
is triggered by sentence-level context, our minimal coordination
task does not include external referential grounding. As a result,
individual bias may reflect statistical regularities in pretraining
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Fig. 3. Population size effects on collective bias. For all convention pairs
tested, collective preference for a given convention increases with population
size until convergence becomes deterministic. Panels (A-D) show Phi, GPT,
Qwen, and Llama populations, respectively. The individual bias is reported at
N = 1. Error bars (SEM) are smaller than the marker size. Across population
sizes, all runs reached consensus except in three cases: In Llama populations,
the convergence rate decreases beyond a certain N for {old, young} and
{less, more}, and in small Qwen populations, a few runs failed to converge
for the word pair {husband, wife}. See SI Appendix, Figs. S5-S9 for word
competition dynamics and precise convergence fractions for these cases.
Sl Appendix, Table S1 shows the critical thresholds at which simulations reach
deterministic outcomes.
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Fig. 4. Coordination dynamics become increasingly deterministic for larger populations. Each column corresponds to a different population size (N =
3,10, 100, 1,000) for GPT populations coordinating on the word pair {White, African}. Panels (A-D) show temporal trajectories from individual simulation runs (up
to 25 per consensus outcome) of the usage fraction of the strong word (African, blue) and the weak word (White, orange). Panels (E-H) show the corresponding
probability density functions (PDFs) of consensus times, that is, the time taken for a trajectory to converge, computed from 100,000 trajectories that reached
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reach consensus on it more reliably, as reflected in both the clustering of trajectories in panels (A-D) and the sharpening of the consensus time PDFs toward
convergence on African. The probability of coordinating on the strong word increases with population size (to three significant figures): 0.599, 0.720, 0.981, and

1.00.

data, although posttraining alignment procedures and prompt-
level framing likely also play a role, with contributions that are
difficult to disentangle in the present setting. Collective bias,
however, cannot be reduced to a simple reflection of individual-
level tendencies: Its pronounced model dependence, together
with the fact that collective outcomes can depart from, and even
invert, individual preferences, suggests that it emerges from the
interplay of model-specific policies, training data statistics, and,
crucially, the accumulation of interaction memory by agents.

The strong dependence of outcomes on population size estab-
lishes it as a critical determinant of behavior in multi-agent LLM
systems rather than a neutral parameter. In the locally interacting
systems examined here, this dependence plays a particularly
prominent role, producing behavioral transitions—including
induction and reversal regimes—that cannot be explained by
simple one-versus-N comparisons and are not captured by the
minimal naming game (39), where deterministic outcomes arise
only through the amplification of preexisting individual bias.
Related work has shown that populations of globally informed
LLM agents fail to reach an ordered state beyond a certain size
threshold (24). However, since these agents have access to the full
population state, that setting is intrinsically distinct from ours,
which focuses on how local interactions translate into collective,
macrolevel outcomes. Expanding investigations to more local-
interaction frameworks, for example to classic opinion dynamics
models that account for minority opinion spreading (44),
represents a promising direction for future research.

Further limitations of the present study, arising from our focus
on isolating group size effects while limiting confounding factors,
point to several directions for future work. First, we assume
homogeneous populations: All agents are instantiated from the
same LLM, and interactions occur under homogeneous mixing,
where any agent can in principle interact with any other (i.e., a
fully connected network). Natural extensions include embedding
agents in more realistic interaction topologies, such as scale-free or
structured networks, and considering heterogeneous populations
composed of different LLMs, with the pronounced model depen-
dence already observed here suggesting that the latter may exhibit
particularly rich dynamics. Second, the word pairs examined

https://doi.org/10.1073/pnas.2531697123

here were selected because they carry known social meaning in
LLM outputs, allowing us to test whether collective dynamics can
reshape preferences along socially salient dimensions. While we
make no normative claims about which collective outcomes are
desirable, an open question is whether collective bias dynamics
differ systematically across domains, for example whether con-
vergence is faster or more deterministic along some axes than
others, with implications for how multi-agent LLM systems are
evaluated and governed. Finally, the individual-level policies
underpinning our results are necessarily task-specific: Biases
extracted in this minimal coordination setting may differ from
those that would emerge under richer conversational framing or
more naturalistic task contexts. Our framework deliberately holds
the interaction structure fixed to isolate population size effects
from such confounds, following the logic of minimal models
widely used in the social and physical sciences. How context-
dependent shifts in individual policies propagate to collective
outcomes remains an open and important question.

Opverall, our focus here has been on collective bias, a specific
and tractable form of misalignment between individual-level pref-
erences and collective decision outcomes, distinct from misalign-
ment with external human values or intentions. Yet the impli-
cations of our findings extend beyond this setting: Given the
results presented here, group size effects across interaction-driven
phenomena such as collusion, deception, and cooperation can
no longer be assumed negligible without empirical investigation.
Current testing practices may overlook scale-specific risks thatarise
only at particular population sizes, whether intermediate or large,
and thiscallsforabroader research agenda to understand size effects
across tasks and domains. Advancing this agenda is crucial for
developing reliable frameworks and tools to predict, control, and
safely deploy complex collective behaviors in LLM societies, and
for establishing multi-agent Al as a systematic scientific discipline.

Materials and Methods

Model Definition. The model is defined in terms of a population of N agents,
playing the naming game with two word options, that we label as 71 and 5.
At each time step, two agents are randomly selected for interaction. Each agent
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will then output one of the two available words, and exchange it with the other
agent. Each agent has a finite memory of maximum length H, storing the words
proposed and received in the last interactions. Thus, the memory state of an
agent at any time can be written as

My (t) == {a1,bq,a9, by, ..., ap, by}, (3]
with h < H, where a; are the most recent words proposed by the agent and b;
are the most recent words received from interaction partners (i = 1,..., h). All

agents start from the empty state My = @, which corresponds to the memory

before any interaction with peers. There are a total of Ny = %(4""H -1

possible different states. An agent with a state M, will propose an option x
with probability g(Mp),

given by
_ 1
T=\ x with probability 1 —q(M,).

The probability g(Mj,) that an agent in state M, produces the word 7
encodesthe probability policy characteristicofthe LLM it represents. See below for
a description of how the probability g(My,) is extracted from the corresponding
LLM.

In the coordination dynamics of the experimental setting, two agents are
chosen at random, with states M, and My, respectively. During interaction,
these agents propose options z and z” according to Eq. 4. The states of the
agents then change to

(4]

Mh — F(Mh,ﬂ,ﬂ/), [5]
My — T(My, 7 x). (6]

The shift function T(M, z, ) is defined as
F({a1,b1,32, b2, codp, bh} T, 7[/)

{31,b1,a2,b2,...,ah,bh,ﬂ',ﬂ'/} if/‘l<H, [7]
{32,b2,83,b3,.. ifth = H.

< dp bh,ﬂ', 71'/}

Asimulation run will continue fora maximum of 1,000 population rounds or
until consensus is achieved. We say that a simulation has converged if at least
98% of the past 3N interactions were successful coordination attempts.

Prompting. The generative agent-based modeling framework usedin this study
utilizes LLMs as the agents' decision-making process. In each interaction,
a participating agent's memory state is translated into a text prompt (see
below). Given the text prompt in input, the LLM outputs the agent's name
decision. The LLMs studied in this work were selected after a meta-prompting
procedure (21, 45, 46), which verified task comprehension across all models
(SI Appendix, Fig. S35).

Atext prompt in our framework is composed of a system prompt and a user
query. The system prompt follows a predefined template adopted from ref. 21,
involving three components: i) a static component that outlines the game's
rules, including the payoff structure and the player's objective, ii) a dynamic
memory component that uses the agent's memory state to describe the state of
play within the agent's memory range (up to the last H = 5 interactions the
agent participated in), and iii) an instructional text that describes how the LLM
should format its response. The user input prompts the LLM to output a word
based on the history of choices described in the memory component.

The prompt positions the LLM as an external observer forecasting “Player 1"
behavior to minimize Al safety trigger activation, and deliberately omits
information about population structure or partner selection mechanisms.
Ordering biasis eliminated by randomizing the presentation order of word pairs,
and an “answer-first, reason-later” output format is used for reliable decision
extraction (see SI Appendix for further details concerning prompt design, and
for the prompt itself).

The prompt does not prescribe how agents should decide their next move,
nor does it provide example strategies. It specifies that agents should act in a
self-interested manner, with coordination only implied through the instruction
that the agent's objective is to “maximize their own accumulated point tally,
conditional on the behavior of their coplayer.” Payoffs are fixed at +100 points
for successful interactions and —50 points for failed ones.

PNAS 2026 Vol. 123 No. 34 e2531697123

Extracting Probabilistic Policies from LLMs. Ratherthan generating full text
outputs at each interaction with an LLM, we extract the LLM probabilistic policies
of token generation associated with all possible memory states in input. We
then use these policies to run our simulations.

LLMs generate text by autoregressively assigning probabilities to candi-
date tokens—substrings such as words, subword fragments, or punctuation-
conditioned on the preceding context. In our setup, the input prompt enforces a
fixed response structure such that the agent's name choice always appears at a
known position in the generated token sequence. Given the text preceding that
position, the LLM computes a logit score w; for each token i in its full vocabulary.
These logits correspond to the likelihood that a given token is selected as the
next element in the sequence. We extract only the logits corresponding to the
allowed set of names and apply a softmax transformation to obtain a probability
distribution P(i) over all possible name choices:

Wi
erT

P() = ——, (8]

where T is the temperature parameter controlling stochasticity. These probability
distributions can be precomputed for all possible memory states and cached
for later use. During simulation, an agent simply retrieves the distribution
associated with its current memory state instead of querying the LLM. This
approach dramatically reduces computational cost while preserving equivalence
to repeated sampling from the model.

The cached distributions also allow direct assessment of individual model
bias. We define an agent as individually neutral if the policy associated with the
empty-memory state has a Jensen-Shannon distance of less than 0.005 from a
uniform distribution, quantifying deviation from perfect neutrality.

Finally, we note that multiple token sequences may produce the same string
output. The procedure described here yields policies consistentwith open-ended
generation methods that identify valid words at the expected position in the
generated string (S/ Appendix, Fig. S2).

Models and APIs. For our experiments, we use homogeneous populations of
agents instantiated from the following LLMs: Microsoft Phi-4, OpenAl GPT-4o,
Qwen QwQ-32B, and Meta Llama 3.1 708 Instruct. All models apart from GPT-40
are open-sourced LLMs: Phi-4 is released under an MIT license, Qwen QwQ-32B
is released under an Apache-2.0 license, and Meta Llama 3.1 is released under
a commercial use license (https://www.llama.com/Ilama3_1/license/). All open-
source models used in this work are quantized into a 4-bitversion using Hugging
Face's Transformers library (https://huggingface.co/docs/transformers), and ran
locally using a single A100 GPU. In simulations with GPT-40, we query the
OpenAl API (https://openai.com/apil).

To mimic LLMs deployed in real-world applications, we fix the LLMs with
a constant temperature set at 0.5. The phenomena described in this work are
robust across temperature values. All other generation parameters use the
default model values.

Robustness to Variations in Model Parameters. The phenomena reported
in this study-including bias induction, reversal, and amplification, as well as
the systematic strengthening of collective bias and the increasing determinism
of coordination outcomes with population size-are robust to variations in key
design choices. In particular, we observe qualitatively equivalent coordination
dynamics under symmetric payoff and reward structures (S/ Appendix, Fig. $36),
across different memory sizes (S/ Appendix, Fig. $37), and under variation of the
temperature parameter (S/ Appendix, Fig. S38).

Data, Materials, and Software Availability. Code data have been deposited
in a public GitHub repository (47).
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