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COMPUTATIONAL SOCIAL SCIENCE

Al agents can coordinate via majority-following beyond

human scale

Giordano De Marzo"?*3, Claudio Castellano*?, David Garcia'3*

Large language models (LLMs) are increasingly deployed in collaborative tasks forming “Al agent societies” where
agents interact and influence one another. Whether such groups can spontaneously coordinate without external
influence, a hallmark of self-organized regulation in human societies, remains an open question. Here, we use prin-
ciples from complexity and behavioral science to investigate coordination in Al agent groups through majority-
following, a fundamental mechanism for spontaneous consensus formation. Using binary opinion dynamics
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experiments across multiple LLM architectures and group sizes, we find that agents exhibit majority-following
characterized by a universal functional form with a single parameter, the “majority force.” This majority force dimin-
ishes as group size increases, leading to a critical size beyond which coordination becomes unattainable. The criti-
cal group size grows rapidly with model capabilities and, for advanced LLMs, exceeds 1000 agents, larger than
typical human informal groups. Our findings have implications for designing collaborative Al systems where coor-

dination could be beneficial or pose safety threats.

INTRODUCTION
The rise of our species did not stem from superior individual intelli-
gence only. Instead, humanity’s unprecedented success emerged from
a unique capacity: the ability to coordinate and cooperate in large
groups (1). Our ancestors developed sophisticated mechanisms for
collective decision-making, like language and writing, that enabled
unprecedented scales of collaboration (2). Current large language
models (LLMs) demonstrate remarkable individual capabilities across
code generation (3), medical diagnosis (4), legal domain (5), senti-
ment analysis (6), scientific research (7), and mathematical reasoning
(8) among others. In many tasks, they have human or even super-
human capabilities (9). Yet, despite recent advances in multiagent
frameworks (10), today’s LLMs lack the sophisticated coordination
mechanisms that enable human groups to tackle complex collabora-
tive tasks (11). The future of artificial intelligence (AI) may thus de-
pend not on creating ever-more-capable individual models but on
developing systems of agents that coordinate effectively at scale. This
vision is emerging in frameworks such as AutoGPT (https://github.
com/Significant-Gravitas/AutoGPT), Microsoft’s AutoGen (12), and
OpenAl SWARM (https://github.com/openai/swarm), which enable
meaningful interaction between models rather than simple ensem-
bling (13). Recent advances in on-device LLMs and AI-powered as-
sistants are accelerating this transition, with agents beginning to
coordinate tasks and make collective decisions on behalf of users
(14-16). Trading bots already demonstrated how agent interactions
can produce emergent behaviors like flash crashes (17), while re-
cent releases of Google’s Agent2Agent protocol (https://github.com/
google/A2A) and dedicated multiagent libraries like Concordia (18)
signal growing industry recognition of this paradigm shift.

Just as we study animal behavior without fully understanding
neural mechanisms, we need to examine Al agents as social actors
whose collective patterns can be systematically analyzed despite
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opaque internal workings. In this piece, we adopt language that has
a certain degree of anthropomorphizing as an abstraction to explain
AT agents as in https://huggingface.co/blog/ethics-soc-7. We do not
mean that AT has a mind of itself but find this language useful to ex-
plain complex topics. We adopt this behavioral, phenomenological
approach to studying Al collectives, analogous to how collective ani-
mal behavior is characterized in biology using statistical physics (19).
This perspective aligns with the framework of collective machine
behavior (20), which examines the interactive and system-wide prop-
erties of collections of machine agents. In this framework, under-
standing observable behavioral patterns and their consequences
takes precedence over resolving underlying cognitive mechanisms.
Whether Al agents’ coordination behaviors arise from learned pat-
terns in training data, system prompt engineering, or emergent com-
putational properties is an important question for future research.
However, for the purposes of characterizing collective dynamics and
their implications for multiagent deployment and safety, what mat-
ters is that these patterns exist and can be systematically measured.

Current research on LLM behavior has predominantly focused on
individual model behavior (21-26). Collective behavior remains un-
derexplored (27-30), and existing studies focus mainly on using LLMs
to simulate humans rather than understanding the behavioral proper-
ties of Al agent collectives. LLMs have been used in social simulations
(31-33), online social network simulations (34-36), and information
spreading (37-39). Only recently has interest emerged in studying Al
societies themselves, with work showing that they can develop shared
norms when given explicit coordination rewards (40). Whether sim-
ple coordination behaviors can emerge spontaneously without such
incentives remains largely unclear (41). This research gap is notable
given the rapid deployment of multiagent AI systems and the poten-
tial for emergent, potentially harmful, collective behaviors.

Here, we study one fundamental coordination mechanism: majority-
following. When agents preferentially adopt the opinion held by the
majority of their group, they can spontaneously reach consensus even
in the absence of objective information about which choice is better.
This is among the simplest forms of collective coordination, observed
across biological systems from fish schools to bird groups (19, 42, 43).
Such a mechanism is not limited to the biological domain, being the
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basis for the emergence of order in systems as simple as ferromag-
nets (44, 45). As a consequence, it is important to note that majority-
following alone does not constitute social intelligence in its full sense
(46). Despite these limits, majority-following, if present, could still
allow spontaneous coordination among Al agents. To test this, we
develop an experimental framework to measure majority-following
behavior in different LLM architectures across varying group sizes.
We characterize coordination using a “majority force” parameter that
quantifies the strength of majority-following behavior. Our analysis
reveals that this behavior follows a universal functional form across
models, enabling us to identify critical group sizes beyond which co-
ordination becomes exponentially unlikely. Advanced LLMs exhibit
coordination at scales exceeding typical human informal groups,
with some models maintaining coordination in groups of 1000+
agents. These findings, interpreted through a collective behavior lens,
have implications for designing multiagent AI systems where sponta-
neous coordination could be beneficial or, alternatively, where emer-
gent norm formation could pose safety challenges.

RESULTS

Stability of groups of Al agents

To investigate the coordination abilities of AI agent societies, we
perform experiments in a simplified setting using agents guided by
various LLMs, belonging to the generative pretrained transformer
(GPT), Claude, and Llama families. The experiments run as follows
(see Materials and Methods for more details and for the full prompt).
We start with an initial group with N agents. Each agent is assigned
an initial opinion randomly chosen from a binary set (e.g., “Opinion
A” and “Opinion B”). We then simulate a decision process with bi-
nary options, where there is no reason to favor the former over the
latter and vice versa. At each time step, a single agent is randomly
selected to update their opinion. The selected agent receives the list
of all other agents with their current opinions and is then prompted

to choose their new opinion based on this information. Our approach
mirrors the spontaneous coordination process in binary opinion dy-
namics such as the voter model or Glauber dynamics (44), where
agents update their opinions based only on peer interactions. As de-
tailed in Materials and Methods, we provide no explicit guidance in
the prompt, we only provide the list of all opinions and we ask the
agents to choose their new opinion accordingly.

Agents are given some time to coordinate (in our experiments
t = 10, meaning that each agent is updated, on average, 10 times),
and then the process is stopped and the state of the system is evalu-
ated. If agents coordinate, i.e., they all agree on the same opinion,
then the group remains cohesive. On the other hand, if both opin-
ions survive and the Al agents do not all take the same decision, the
group splits according to the opinion of the agents. The process is
then iterated for the new groups that formed. We stop the evolution
of the groups if they remain cohesive for two iterations in a row and
stop the process when all groups have stopped this way. This stopping
criterion is somehow arbitrary, but analogous results are obtained if
we let all groups be free to evolve (see Materials and Methods and
the Supplementary Materials). This process mimics a group of indi-
viduals that undergoes a series of important decisions, each poten-
tially leading to a split. We show in Fig. 1 the result of such a process
for Llama 3 70B and initial group size of N = 150. As can be seen, the
group is initially unstable and splits step after step. However, the groups
that result from these splits, when sufficiently small, show stability
and do not split further. A detailed analysis of the splitting probabil-
ity as function of group size is reported in Materials and Methods
and shows the gradual emergence of stability as groups gets smaller,
with a transition around N & 30. This confirms that while large groups
are unstable, on smaller scales, Al agents are able to coordinate and
form cohesive social groups.

To characterize the evolution of the system, we need to focus on
the dynamics within single groups. To this goal, we define the aver-
age group opinion
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Fig. 1. Emergence of stable groups in Al agent societies. Experiment with a group of 150 Al agents powered by Llama 3 70B undergoing iterative opinion formation
and splitting. The tree diagram (middle) shows how the initial unstable large group progressively fragments into smaller stable cohesive groups through 10 iterations. We
consider a group as stable if it does not split after two iterations. Circle size and color represent group population. The left inset shows the average opinion over time for
the initial 150-agent group. The right inset displays the average opinion for the 25-agent subgroup, which quickly fully coordinates.
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Here, s; is the opinion of agent i, the first opinion is s; = + 1and
the second is s; = —1 (i.e., in favor and against the first option). N,
and N_ are the number of agents supporting the first and second
opinion, respectively, while N is the total number of agents. In these
terms, we can define the coordination level C =|m| that quantifies
the level of agreement among agents. Full coordination corresponds
to C = 1, while C = 0 means that the system is split in two groups of
equal size and opposite opinion, thus coordination is absent. Partial
coordination is achieved for intermediate values.

We show in Fig. 2 the evolution of the coordination level in soci-
eties of N = 50 agents and five different models, where the boxplot
shows C(t =10) over 20 realizations. The two most advanced models
considered, Claude 3 Opus and GPT-4 Turbo, coordinate in all ex-
periments, which corresponds to |m| = 1in the boxplot. On the other
hand, less advanced models (Claude 3 Haiku and GPT-3.5 Turbo)
do not reach coordination in any of the experiments and show an
erratic behavior in their coordination level. Last, Llama 3 70B, a
model with intermediate capabilities, shows a clear tendency toward
full coordination but does not reach it within 10 iterations.

The majority force and its determinants

We can get a deeper understanding of the underlying opinion dy-
namics by looking at the adoption probability P(m), defined as the
probability of an agent to adopt the first option as function of the
average group opinion m. The left of Fig. 3 shows P(m) for 10 of the
most popular LLMs and N = 50 agents. The adoption probability is
an increasing function of m that approaches 1 when m = 1 and zero
when m = —1. The most advanced models (GPT-4 family, Llama 3
70B, Claude 3 Sonnet, and Opus) show a stronger tendency to follow
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== GPT-3.5 Turbo

=p=—GPT-4 Turbo
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Time t

Fig. 2. Coordination dynamics across different LLM architectures. Evolution of
the coordination level over time for five different models and group size N = 50.The
boxplots on the right show the final coordination level over 20 realizations of the
experiment. Some models always fully coordinate, while the others never do so.
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the majority, with more pronounced S-shaped curves. On the other
hand, less advanced models (GPT-3.5 Turbo and Claude 3 Haiku)
have a weaker tendency to follow the majority, with GPT-3.5 Turbo
going, to some extent, against the majority for small values of m.

The dependence of the adoption probability as a function of m
approximately follows the function

P(m) =

% [tanh(Bm)+1] 1)

This is a good fit in all cases except GPT-3.5 Turbo. This can also
be seen by looking at the collapse plot showing P(#1) as a function of
the rescaled average opinion 7 = mf, shown in the inset of Fig. 3.
All adoption probabilities (except GPT-3.5 Turbo) collapse on the
same curve showing a universal behavior. The parameter f3, the ma-
jority force, gauges the tendency to follow the majority versus ran-
domness in agent’s choices. For p = 0 then P(m) = 1/2: Each agent
behaves fully randomly (the new opinion is selected by coin-tossing),
and coordination can be reached only by chance. This means that
the expected time to coordinate grows exponentially with N. For
B = o0, agents always align with the global majority, and coordina-
tion is achieved very quickly, on a timescale growing logarithmically
with N (47).

The adoption probability in Eq. 1 is equal to the transition prob-
ability for the Curie-Weiss (CW) model of a ferromagnet evolving
according to Glauber dynamics (45, 48). This model describes a ma-
terial whose atomic spins can assume two values +1, and each spin
tends to align with the majority (measured by the magnetization m)
with probability P(m). This tendency is analogous to what we ob-
served among Al agents. More precisely, the binary opinions can be
mapped to +1 spin variables and the majority force to an inverse tem-
perature. Given the equivalence between the two probabilities, we
can apply the well-known results from the theory of the CW model
to the system of Al agents. In particular, the equilibrium collective
opinion m* can then be obtained from the self-consistency equation

= tanh(pm”)

from which the existence of a transition value . = 1 can be derived
(see Materials and Methods). This is a second-order phase transi-
tion, where order emerges (continuously) for § > f. (45).

Whether a group of Al agents can coordinate will then depend
on the value of , determining the equilibrium value of the collective
opinion ™ and on the fluctuations around this value. As we detail in
Materials and Methods, we can identify three different regimes:

1) Absence of coordination: The majority force  is below the crit-
ical value p, = 1. The equilibrium collective opinion is null, so the
coordination level C keeps fluctuating close to zero. This means that
order is completely absent and the group is constantly in an uncoor-
dinated state;

2) Partial coordination: The majority force satisfies f, < p < f,,
where B, ~ (logN') /2. The equilibrium collective opinion m* is larger
than zero but smaller than one. Statistical fluctuations are not strong
enough for the system to coordinate. As a consequence, C fluctuates
around a value greater than 0 without ever reaching 1;

3) Coordination: For f > f,, the equilibrium collective opinion is
close to one, and fluctuations are enough to lead to coordination.
The coordination level quickly converges to C = 1.

The different behaviors observed in Fig. 2 can then be explained
as a direct result of the various LLMs having different majority forces,
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Fig. 3. Adoption probability and majority force. (A) Adoption probability P(m) as function of the collective opinion m in a group of size N = 50. Solid lines are fits of the
curve P(m) = 0.5 [tanh([}~m) + 1]to the empirical data. The inset shows rescaled probabilities P(r) (M = pm) and confirms that all LLMs follow the same universal function.
(B) Majority force f as a function of the group size N for various models. The majority force decreases in larger groups of Al agents. The horizontal dashed line corresponds
to pc = 1, the transition point of the Curie-Weiss (CW) model below which no order is present. The growing dot-dashed line indicates p,(N), the crossover point above

which fluctuations lead to coordination.

some of which below the critical value B, or the threshold value ,.
More details are reported in Materials and Methods.

The majority force does not depend only on the type of LLM.
The right of Fig. 3 shows the estimated f as a function of N for
various LLMs. We also show the three different regions in which
the f — N plane is divided and that correspond to the three differ-
ent regimes we discussed above. Given the cost of performing ex-
periments with proprietary models, we analyzed increasing values
from N = 10 and stopped the analysis when f reached values clear-
ly below 1, also excluding Claude 3 Opus in this analysis of N due
to its high cost. For most models, there is a tendency for sufficient-
ly large N: the larger the group, the weaker the majority force f. It
is important to remark that this behavior is connected to the social
aspect of the experiment and to the prompt provided to the LLMs.
No major performance difference is observed in simple counting
tasks when varying model or length. Details are reported in the
Supplementary Materials. We argue that the majority force decrease
in large groups may be due to the fact that conforming to a major-
ity may carry less perceived importance in larger groups, perhaps
due to weaker social pressure. For example, a minority of 100 among
900 may feel more stable than a minority of 2 among 18, despite
identical proportions.

In animal (human and nonhuman) societies, the size of the group
plays a crucial role, with a progressive loss of stability of informal
groups as the number of individuals increases (49). Figure 3 sug-
gests that a similar phenomenon may occur also in Al agent societ-
ies, with the ability of agents to coordinate limited by the size of their
group. This would explain the behavior observed in Fig. 1, with sta-
bility emerging in small but not in large groups.

Critical group size
We can characterize more precisely the transition from stable to un-
stable groups by inspecting, as a function of N, the mean time to

De Marzo et al., Sci. Adv. 12, eaea6091 (2026) 14 August 2026

coordinate starting from random initial opinions. As shown in Ma-
terials and Methods, this time grows with N differently, depending
on whether p is larger or smaller than f,. If p > f,, the coordination
time grows logarithmically with N (47), meaning that even a very
large group is stable and requires a short time to coordinate. This is
the case for GPT-4 Turbo, as shown in Fig. 4, which perfectly follows
the theoretical prediction of the CW model.

When f < B, instead, the coordination time grows exponentially
with N, implying in practice that large groups remain incohesive for
any reasonable time interval. The behavior for Llama 3 70B and
GPT-4o0 exhibits both regimes: When N is small, the coordination
time grows slowly, while for larger N, it diverges extremely fast. This
confirms the presence of a size-induced transition occurring for some
critical N.. We can estimate this value from the size dependence of
by settingp(N,) = B, (N, ). For Llama 3 70B N, & 30, while for GPT-40
N, = 80 (see Fig. 3).

By studying the values of p as a function of N, we can determine,
for each model, the critical group size N, where f = f,. We can then
compare these values with a measure of models’ intelligence. Here,
we focus on the score in the MMLU (massive multitask language
understanding) benchmark (50). This is a comprehensive evaluation
of a language model’s knowledge and reasoning abilities across 57
subjects, ranging from mathematics and law to history and medi-
cine, using multiple-choice questions. Similar results are obtained
using other measures, as detailed in the Supplementary Materials.
We show a comparison of MMLU versus N, on the right of Fig. 4. In
the case of Claude 3.5 Sonnet, this provides a lower bound for this
quantity as our analysis could not find values p ~ B,, even for large
groups with N = 1000. The performance of models on the MMLU
benchmark have been obtained from technical reports and indepen-
dent evaluation (see the Supplementary Materials for detailed refer-
ences) (51). We also plot for reference, in the same figure, the critical
size for human informal groups as Dunbar’s limit N, = 200 (49).
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case of GPT-4 Turbo), and error bars show the range of values. (B) Critical group size N, of LLMs, shown as a function of the MMLU benchmark score, after which coordina-
tion gets (exponentially) unlikely. For humans, we report as a reference Dunbar’s number, but it should be noted that the informal coordination in humans is not directly
equivalent to that of LLMs. For Claude 3.5 Sonnet, we can only report a lower bound, since for N up to 1000 the majority force is well above the threshold value
$:(1000) = 3.5.The solid line represents an exponential fit of all points, excluding Claude 3.5 Sonnet and humans. The figure shows that the most capable models exhibit

an N, value much larger than the scale of human informal groups.

LLMs display a remarkable trend, with intelligence predicting
the limit of coordination size, i.e., the size of groups above which
coordination by majority-following becomes unlikely. AI agents
seem to show a good agreement with an exponentially growing N,
with a Pearson correlation between the MMLU value and log (N C) of
0.8178 (P value, 0.013). Similarly, we observe a correlation of 0.7910
(P value, 0.006) between the MMLU value and p. Still, it is impor-
tant to stress that the correlation with the critical group size is not
significant for most of the other benchmarks considered in the Sup-
plementary Materials, mainly due to the fact that the benchmarks
are only available for a limited number of models and thus more
analysis would be required to strengthen our finding. On the other
hand, the correlation between benchmarks and p, is statistically sig-
nificant for most benchmarks considered, supporting the robust-
ness of our results. The rapid growth of the maximal group size with
the model performance leads to coordination emerging also in very
large groups, above the typical scale of informal human societies.
This is the case for Claude 3.5 Sonnet, that is well above f, also for
N = 1000, the largest system we considered, and GPT-4 Turbo, for
which N, = 1000. These results suggest that majority-following and
thus the emergent ability to coordinate in large groups are strongly
tied to the capabilities of LLMs.

DISCUSSION
Human societies are characterized by emergent behavior that can-
not be understood by studying only individuals in isolation. The

De Marzo et al., Sci. Adv. 12, eaea6091 (2026) 14 August 2026

ability to coordinate is one of these emergent group properties that
is crucial in the development of languages, social norms, and collec-
tive decisions. Understanding whether and how Al agent collectives
exhibit similar coordination patterns is essential as multiagent sys-
tems become increasingly deployed in real-world applications.

In this work, we focus on majority-following, one of the most
simple yet powerful coordination mechanisms, both in physical and
biological systems. As a first result, we show that all the most ad-
vanced LLMs are characterized by a majority-following trend de-
scribed by a universal function with a single parameter f, the majority
force. This function depends on the specific model, but its analytic
form is the same describing magnetic spin systems. Different mod-
els typically have different p, with the less sophisticated ones show-
ing smaller P, i.e., a weaker majority force and thus a more erratic
behavior that prevents coordination. The majority force depends not
only on the LLM but also on the group size: It tends to be larger in
smaller groups. This evidence and the analogy with the CW model
allowed us to compute the critical group size of each LLM, a size
threshold above which a society of agents driven by that LLM can no
longer be cohesive just relying on majority-following.

The emergence of coordination we observe shows some intrigu-
ing similarities to patterns documented in biological systems. Re-
search on human and primate groups has identified relationships
between cognitive capabilities and sustainable group sizes, with hu-
mans typically maintaining stable informal coordination in groups
of 150 to 300 individuals, often referenced as Dunbar’s number (49).
While this specific numerical estimate has faced recent criticism
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(52, 53), the general principle that cognitive constraints limit infor-
mal group coordination appears robust across human and animal
societies (54, 55). This pattern resembles what we observe in Al
agents, with critical group sizes correlating with model capabilities.
Notably, advanced LLMs such as Claude 3.5 Sonnet and GPT-4 Tur-
bo exhibit critical group sizes exceeding 1000 agents. This is sub-
stantially beyond typical human informal group scales of 150 to 300
individuals, suggesting that powerful Al agents could coordinate at
scales beyond human possibilities.

It is essential to stress that what we observed are phenomeno-
logical similarities in behavioral patterns, rather than evidence of
biological-like cognitive processes. Real human and primate infor-
mal groups involve far richer dynamics than those captured by our
simplified binary-opinion framework, and our behavioral approach
does not explain why LLMs exhibit majority-following. The under-
lying mechanism could differ fundamentally from biological sys-
tems. It could involve learned patterns from training data (models
may have encountered descriptions of collective behavior in texts),
system prompt effects, Reinforcement Learning with Human Feed-
back (models trained to be “helpful” and “collaborative”), emergent
computational properties, or some combination of these factors. The
only explanation we could at least partially rule out is the presence
of explicit guidance in the system prompt, as for an open model like
Llama we have full control on it. Repeating our experiments with
base models would allow to understand the specific role of Rein-
forcement Learning with Human Feedback and further restrict the
list of potential explanations. This would be a relatively easy ex-
periment to perform with a local model like Llama, even if it would
require some instruction fine-tuning to make the model behave
correctly and follow the instructions. While understanding these
mechanisms is important for future research, our findings demon-
strate that majority-following behavior exists and follows predict-
able patterns regardless of its underlying cause.

It is important to remark that we analyzed an extremely simpli-
fied scenario: binary opinions with no objective correct response, no
memory, no explicit incentives, and no stakes. We argue that adding
these factors would only facilitate coordination: Our framework pro-
vides a minimalist scenario where coordination can emerge without
more complex ingredients. However, how our findings translate into
realistic coordination challenges remains largely unclear. Further-
more, majority-following is among the simplest coordination mech-
anisms, analogous to ferromagnetic ordering in physics or schooling
in fish. True social intelligence encompasses far more sophisticated
capabilities: theory of mind, strategic reasoning, understanding others’
intentions, and flexible adaptation to context (46). Our work thus
represents a first step with important limitations. Introducing stub-
born agents or opinion leaders, analogous to external fields in the
Ising model, could be an interesting next step and reveal whether
LLM collectives are susceptible to targeted influence, with implica-
tions for the robustness of Al-assisted deliberation. Future studies
could also involve more complex coordination scenarios, where con-
sensus is detrimental and group success can only be achieved when
individual agents take different choices. This is the case, for instance,
of the stock market, where consensus and majority-following can
lead to flash crashes. The recent development of Al-populated social
networks like Moltbook and Chirper could also allow to test our find-
ings in the wild, looking for majority-following behaviors in much
larger groups of Al agents and potentially explaining the scale-free
distributions observed in such social networks (56, 57). In particular,
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sequential settings, where agents observe predecessors’ choices be-
fore deciding rather than having full information simultaneously, could
generate information cascades (58), potentially underlying the popu-
larity patterns and attention decay already observed in Moltbook (56).

To work toward responsible multiagent Al systems, we need com-
prehensive understanding of collective machine behavior. Our work
demonstrates that even basic coordination mechanisms produce sub-
stantial emergent dynamics in Al agent societies. Spontaneous coor-
dination could enable valuable applications like collaborative software
development, where thousands of agents work together without cen-
tral control. However, majority-following also carries risks: Agents
might converge on suboptimal solutions simply because they repre-
sent the majority choice. For instance, in collaborative coding, agents
might perpetuate inefficient functions or design patterns merely be-
cause they are already widely used in the codebase. This same dy-
namic applies beyond technical choices, as norms emerging through
majority-following need not align with human values and could make
coordinated Al collectives harder to redirect than independent agents.
Future research should test coordination in richer scenarios, investigate
capabilities beyond majority-following, explore network structure
effects, examine heterogeneous populations, and develop methods
to steer spontaneous coordination toward aligned objectives. As mod-
els become more capable and multiagent deployments more common,
characterizing, predicting, and controlling collective AI behaviors
will become increasingly important for both leveraging opportuni-
ties and mitigating risks.

MATERIALS AND METHODS

Opinion dynamics process

We implement an opinion dynamics process with binary opinions
for memoryless AI agents.

1) At each step, an agent is randomly selected and time is incre-
mented by dt = 1/N;

2) the agent is given the full list of all agents in the system, each
identified by a random name, and the opinions they support. Note
that the agent’s own opinion is not included in this prompt;

3) the selected agent is asked to reply with the opinion they want
to support and their opinion is updated correspondingly;

4) the process is then iterated until coordination is reached or
until the time reaches the maximum preset limit.

Note that in one time unit, t — ¢ + 1, N updates are performed, so
that, on average, each LLM is selected once. In all experiments, the ini-
tial collective opinion m is set to zero, i.e., initially the same number of
agents supports each of the two opinions. Following the framework
introduced in (34), steps 2 and 3 are performed using this prompt:

Below you can see the list of all your friends together with the opinion
they support.

You must reply with the opinion you want to support.

The opinion must be reported between square brackets.

X7v A

keY B

9IcB

gewA

410 B

Reply only with the opinion you want to support, between square
brackets.
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As detailed in the Supplementary Materials, consistent results are
obtained using variations of this prompt. A and B are the opinion
names. Most LLMs exhibit an opinion bias, with a tendency to pre-
fer one opinion name over the other. This bias is particularly strong
when the names have an intrinsic meaning, like for instance “Yes”
and “No” In such a case, LLMs display a strong preference toward
the more “positive” opinion, preferring Yes over No (see the Supple-
mentary Materials). For this reason, it is important to use letters or
random combinations of them as opinion names. Even doing so,
small biases are typically present. However, they are much weaker
than for meaningful names, and they can be easily removed by per-
forming a random shuftling of opinion names at each iteration. For
instance, at t = 0, the first opinion may be called k and the second z,
while att = dt, these names are swapped with probability 0.5, mean-
ing that the first opinion is now called z and the second k, while
keeping the reference unchanged in our analysis. In all our experi-
ments, we used the opinion names k and z; we tested that using dif-
ferent opinion names does not cause any significant difference. We
also tested the robustness to prompts variation observing an overall
stability, with the most advanced models showing little to no vari-
ability and less advanced models presenting some variations in the
behavior. Details on the robustness tests are reported in the Supple-
mentary Materials.

Group splitting

As detailed in Results, we can use the opinion dynamics process to
simulate a group splitting process. We start with a large group of Al
agents whose initial collective opinion is m = 0. They are given a
time ¢ = 10 to coordinate, and if they fail to do so, the group splits
following the agents’ opinion. The process is then iterated in the re-
sulting groups. In Fig. 1, we stop the evolution of the groups if they
remain cohesive for two iterations in a row and stop the process
when all groups have stopped this way. To characterize more quan-
titatively the splitting process, we can remove the stopping criterion,

A

25
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Zz 0.8 4 15
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Q’
Foy 10
= 0.6 1
o]
©
Qo
e L 5
g 0.4 - @)
£ o O
+J
=
g R
o
@
0.0 T i T T T T T —
0 20 40 60 80 100 120 140 160

Group size N

letting all groups perform the opinion dynamics process at each it-
eration. In this way, we can compute the splitting probability as a
function of the group size. We simulate 5 group splitting experiments
using an initial group size of N = 150 Al agents powered by Llama 3
70B, for a total of 10 group splitting iterations each. This results in a
total of 54 splitting events that allow us to derive the splitting prob-
ability reported in Fig. 5. It shows that the probability for a group to
split is one for large groups, while it approaches zero for groups with
N = 30. This is further evidence of the presence of a transition to
coordination determined by the group size.

Details on the LLMs

Table 1 reports the model version of all the LLMs considered. LLMs
are characterized by a temperature parameter T determining the
variance in the sampling of tokens when they respond to prompts,
such that higher temperatures sample with more variance to the same
prompt. In all the experiments reported in the main text, we used
T = 0.2. As detailed in the Supplementary Materials, there are no
relevant changes when different values of T are used, but a low tem-
perature ensures reliability in the output format.

CW model

The CW model is arguably the simplest model of a ferromagnet. It de-
scribes a system of N spins that can only have two states, eithers; = +1
(up) or s; = —1 (down), coupled with ferromagnetic interactions, i.e.,
favoring mutual alignment. Each spin interacts with all the others, as
the interaction pattern is a fully connected network. The CW model is
the mean-field limit of the well-known Ising model. The magnetization
m, defined as the average of the spin values m = (s;), is the equivalent
of the average group opinion. The connection between our LLM-
based opinion dynamics and the CW model derives from the tran-
sition probability defined by Eq. 1. This expression is equal to the
transition probability of Glauber dynamics (48), which allows to simu-
late the CW model by means of a Markov chain Monte Carlo approach.

I

1.0 1 Always split
0.8

0.6

Sample size

0.4

0.2

Splitting probability Pspit(N)

Stable
0.0 § T T T T T T T T

0 20 40 60 80 100 120 140 160
Group size N (binned)

Fig. 5. Splitting probability in Al agent groups. (A) Splitting probability for individual group sizes observed across all five simulation cases. Each point represents a
unique group size, with color indicating the number of observations (sample size). Groups smaller than N = 15 exhibit near-zero splitting probability (highly stable), while
groups larger than N = 60 always split. (B) Binned splitting probability with 20-unit intervals showing the sharp transition from stable to fragmenting regimes. Error bars
represent 95 % Wilson score confidence intervals. For N < 30, groups are highly stable, while they are highly unstable as soon as N > 50. This size-dependent splitting
behavior suggests an intrinsic scale limit for stable group formation in Al agent societies.
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Table 1. Specific model versions used in experiments. Complete list of
all LLM model versions analyzed in our experiments.

Model name Model version

Claude 3.5 Sonnet claude-3-5-sonnet-20240620

Llama 3 70B meta-llama-3-70b-instruct

The equilibrium value of the magnetization in the CW model,
which is reached from any initial configuration, is given by the self-
consistency equation

m™* = tanh(pm”™) ()

The solution of this equation depends on the value of the inverse
temperature 3 (which corresponds, in the opinion dynamics frame-
work, to the majority force). For p < 1, the only solution is m* =0,
while for p > 1, m* = 0 is an unstable solution, while two new solu-
tions +m*(P) appear. The value . = 1 is the critical point of a second-
order phase transition. This means that as soon as p > 1, m* grows
gradually from zero with f, tending to m™ = 1 for large values of
B, while following approximately the equation (see the Supplemen-

tary Materials)
m*=4/3(B-1)

for B close to 1.

Critical group size

For f > B, the equilibrium value of the magnetization is [m*| > 0,
but this does not mean that coordination (|m| = 1) is reached. The
magnetization fluctuates over time around m*, and the amplitude of
fluctuations decreases with the number of agents N. Full coordina-
tion is reached when a fluctuation leads from m* to |m| = 1. There-
fore, the ability to coordinate crucially depends on the interplay
between the value of m* and N. If N is not too “large” (in a sense
specified below), then normal fluctuations are sufficient to rapidly
lead to a fully ordered configuration with |m| = 1. In this case, the
time to coordinate grows logarithmically with N. On the other hand,
if N'is too large, coordination can be achieved only when a large and
extremely rare fluctuation around m* occurs. The average time for
this rare fluctuation grows exponentially with N, and hence coordi-
nation becomes practically unreachable in reasonable times. Since
the equilibrium collective opinion m* is determined by p, this im-
plies that a crossover value ,(IN) separates the two regimes.

To get a more precise picture, we need to study the stochastic dif-
ferential equation governing the out of equilibrium evolution of m. If
we are interested in the behavior around the equilibrium magnetization
m* = 1, we can approximate it with an Ornstein-Uhlenbeck process

De Marzo et al., Sci. Adv. 12, eaea6091 (2026) 14 August 2026

dm = —(m—m*)dt + V2DdW(t)
with

Dr 2
N

More detailed computations are reported in the Supplementary
Materials. The collective opinion will move randomly around m*
with fluctuations of the order of the variance of m, that satisfies

2
Vv ~D~ —
ar[m] NE (3)

This estimate of the typical fluctuations allows to determine the
crossover value B, separating a regime (p > p,) where fluctuations of
the size of the variance lead to coordination, from a regime (p < f,)
where a large rare fluctuation is instead necessary. As shown in the
Supplementary Materials, it holds

1
P~ ElogN (4)

Equation 4 is reported in Fig. 3. As expected, B, > p, =1for N
larger than a few units. Note that for what concerns the time to co-
ordinate there is little difference between systems with . < f < f,
and “disordered” ones with B < f.. In the former case, fluctuations
occur around a finite value of the magnetization, in the latter around
m* = 0. However, in both cases, coordination can be achieved only
because of an anomalously large rare fluctuation, requiring expo-
nentially large times to develop. Last, we can estimate the critical
group size N, of Al agents as the size for which the majority force
reaches f3,

1
ﬁ(Nc) = Eloch

Supplementary Materials
This PDF file includes:

Figs. S1to S6

Supplementary Text

Tables S1to S3
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