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ABSTRACT

Non-Bayesian social learning (NBSL) is a framework in distributed
inference that describes how agents in a network combine local ob-
servations and their neighbors’ beliefs to infer a hidden state. While
the framework has been extensively analyzed in theory, its role as
a model of belief formation in realistic multi-agent systems remains
under-explored. In this work, we investigate whether NBSL can cap-
ture the belief dynamics of interacting large language model (LLM)
agents. We design controlled experiments in which LLM agents re-
vise their beliefs sequentially based on local evidence and exchanges
with their neighbors. Then, we compare their belief trajectories
to those predicted by NBSL. Our results provide the first empiri-
cal evaluations of NBSL on modern Al collectives, and show that
LLM networks can exhibit belief evolution patterns that closely fol-
low NBSL dynamics.

Index Terms— Non-Bayesian social learning, multi-agent sys-
tems, LLM agents, opinion dynamics, information aggregation.

1. INTRODUCTION

Non-Bayesian social learning (NBSL)[1H3] models how agents in
a network collectively perform global inference through local inter-
actions. It applies in settings where each agent repeatedly observes
private signals about an unknown phenomenon and exchanges in-
formation with its neighbors to improve its belief about that phe-
nomenon.

The framework of NBSL has been examined from two comple-
mentary perspectives. The first perspective is engineering and con-
trol, where NBSL is studied as a distributed inference algorithm in
the context of multi-agent decisions making: the agents can be nodes
equipped with sensors, and they collaboratively estimate a hidden
state by combining local measurements with information received
from neighboring sensors. The second perspective is economics,
where NBSL is seen as a behavioral model of belief dynamics, in-
tended to capture how individuals update their views when exposed
to private information and the opinions of others.

Over the past two decades, this dual perspective has motivated
an extensive theoretical literature on NBSL. Under mild assump-
tions, results in [1H8] established that agents identify the true state
almost surely, with well-characterized convergence rates and error
decay. Consequently, NBSL stands as a theoretically mature frame-
work for distributed inference and belief formation over networks.

However, an important gap remains. NBSL can be tested for
control and engineering applications, for instance, in sensor net-
works where agents’ observations directly correspond to sensor mea-
surements. In contrast, its interpretation as a model of belief forma-
tion has not been sufficiently validated on empirical data. This is
because NBSL is a model of how private information and interac-
tions with neighbors shape one’s belief about the truth, and the main

difficulty about validating such model lies in observability: agents’
private information (e.g., what an individual is exposed to) cannot be
tracked, and the likelihood models that govern belief updates (e.g.,
an individual’s cognitive processes) cannot be specified or measured.
These limitations have so far made the direct empirical validation of
NBSL as a model of opinion dynamics challenging.

Recent developments in multi-agent large language models
(LLMs) offer an opportunity to bridge this gap. LLMs are now
increasingly deployed as autonomous agents that interact with each
other and humans in open-ended environments, giving rise to be-
haviors that surpass simple question-answer exchanges. Much of
this work has focused on designing collaborative protocols—such as
debate, voting, or role specialization—to improve the reasoning and
factual accuracy of LLM models [9H12]. On the other hand, multi-
agent LLM environments are increasingly attracting attention as
proxies for human societies, providing a way to explore phenomena
such as polarization, convention formation, and cooperation [13-
15]]. A distinctive advantage of these systems is that both their inputs
and outputs can be fully observed, in contrast to human or economic
networks, where private information and cognitive processes are
hidden. This makes multi-agent LLMs an attractive experimental
platform for the empirical validation of opinion dynamics models
such as NBSL.

The contribution of this paper is to use multi-agent LLM sys-
tems as a testbed to empirically validate NBSL as a model of belief
dynamics. We design a protocol in which LLM agents receive local
observations and exchange their beliefs with neighbors. This envi-
ronment enables us to assess whether the trajectories of their beliefs
align with those predicted by NBSL. In doing so, we aim to connect
the mature body of theory from NBSL with the emerging study of
LLM collectives.

2. NON-BAYESIAN SOCIAL LEARNING

We start by presenting the NBSL model, which we aim to empiri-
cally validate in this work. Consider a set of K agents connected
through a directed graph G = (X, E), where X = {1, ..., K} de-
notes the set of agents and £ C K x X the set of edges. An edge
(¢,k) € F indicates that agent ¢ is a neighbor of agent k, and infor-
mation can flow from ¢ to k. We denote by Ny, the set of neighbors
of agent k including k itself. Interactions among agents are governed
by a combination matrix A = [ae), where ag, > 0if (L, k) € E
and agr, = 0 otherwise. Each column of A sums to one, so that agent
k forms a convex combination of the information received from its
neighbors. The weights asi capture the level of trust that agent k
assigns to agent /.

The agents face an unknown state of the world 8* that belongs
to a finite set of hypotheses ©. At each time ¢ = 1,2,..., each
agent k observes a private signal xy ;, drawn independently from
the distribution Ly (- | 6*). Each agent is equipped with a collec-



tion of likelihood models { L (- | 6)}, g, which specify, for every
hypothesis 6, the probability of observing any given signal. This en-
ables each agent to assess how consistent its private observations are
with the competing hypotheses in ©.

At each time 4, agent k holds a belief p;, ; € A(©), where
A(©) denotes the probability simplex over the set of hypotheses ©.
Upon receiving a new signal at time ¢, each agent k updates its belief
in two stages. First, each agent performs a self-learning step, where
the new observation is incorporated into the belief by means of a
local Bayesian update:
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Second, each agent performs a combination step to aggregate beliefs
from its neighbors:
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Thus, the NBSL model describes belief dynamics in which agents
iteratively alternate between a local Bayesian update and a social
aggregation step, refining their beliefs over time. Standard conver-
gence guarantees for this model rely on the following assumptions.

Assumption 1 (Strong Connectivity). The graph G is strongly con-
nected, which means that there exists a directed path between any
agent pair and there is at least one agent that does not discard its
own information.

This ensures that information from any agent can eventually reach
every other agent in the network.

Assumption 2 (Finiteness of the KL divergence). For all 0 # 0’
and all k € X, the Kullback—Leibler (KL) divergence between Ly, (- |
0) and Ly (- | 0') is finite.

This condition ensures that no single observation can fully determine
the truth, so agents update their beliefs in a well-defined and incre-
mental way.

Assumption 3 (Global Identifiability). For any 6 # 0*, there ex-
ists at least one agent k € X such that the KL divergence between
Li(- | 0) and L (- | 0%) is positive.

This condition rules out degenerate cases by requiring that the true
state is distinguishable from any false hypothesis by at least one
agent.

Assumption 4 (Positive Initial Beliefs). The initial belief of all
agents assigns strictly positive probability to every hypothesis in ©.

This prevents the true state from being excluded at the start of the
belief formation process.

Theorem 1 (Truth Learning [3]). Under Assumptions |[IH4] we
have
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That is, as time progresses, the beliefs of all agents concentrate al-
most surely on the true state 6.

3. EMPIRICAL VALIDATION

In order to empirically validate NBSL as a model of opinion dy-
namics, we design controlled experiments in which a set of LLM
agents interact over a network over multiple rounds. At each round,
each LLM agent updates its belief based on two sources of informa-
tion: (i) private text evidence related to an unknown state and (ii)
the current beliefs of their neighbors. Then, we compare the result-
ing belief trajectories of the LLM agents with the predictions of the
NBSL model presented in (I)-(2).

3.1. Experimental Set up

We consider a movie classification task. Movies offer a natural, dis-
crete hypothesis space. Moreover, each movie can be characterized
by textual attributes or tags (e.g., crime, romance, violence) that
capture thematic or stylistic elements. These tags, obtained from
datasets linking movies to descriptive terms, serve as partially infor-
mative private observations for the agents. Within this formulation,
the unknown state 6* corresponds to the identity of a movie, and
the agents’ objective is to infer this state by combining their private
observations with information exchanged with their neighbors.

We conduct two experiments, each defined on a different random
network and dataset. Both datasets are selected from the MovieLens
collection [16]. In the first experiment, we consider K1 = 12 agents
connected according to the graph shown in Fig. [T] where all agents
have a self-loop that is not depicted. The set of hypotheses is chosen
as ©1 = {1,2,3}, corresponding to the movies Pulp Fiction (0 =
1), Forrest Gump (0 = 2), and Jurassic Park (6 = 3), with the true
state fixed to 8* = 1 (Pulp Fiction). Private observations {x ; } for
each agent k consist of textual tags from the m1-20m dataset [[16].

In the second experiment, we use a larger network of Ko = 23
agents connected according to the graph shown in Fig. [I| where all
agents have a self-loop that is not displayed. The set of hypotheses
is chosen as ©2 = {1,2, 4}, where 6 = 4 corresponds to the movie
Fight Club, and the true state is again fixed to 6* = 1 (Pulp Fiction).
Here, private observations xy, ; for each agent k are drawn from the
ml-32m dataset [16]. To make the inference task more challenging,
we introduce additional noise into these collections in two ways: (i)
a subset of multi-word tags is split into single-word tokens, reduc-
ing their informativeness, and (ii) with a small probability, agents
receive a tag associated with an incorrect movie. As a result, each
clue offers only partial and potentially misleading evidence about the
true state, forcing agents to rely more heavily on social interactions
to refine their beliefs.

3.1.1. Data Preprocessing

The m1-20m dataset that we use for the first experiment provides
approximately 1100 unique tags for the three selected movies in ©;.
Each tag and movie pair is given a relevance score that quantifies
how well the tag fits the movie. For our experiment, we retain only
tags with a relevance score greater than or equal to 0.145, thereby
filtering some of the weak associations. This results in 691 tags for
the three movies, which are then grouped into K1 = 12 groups,
each group serving as the pool of private observations for one of the
agents.

The m1-32m dataset provides approximately 2058 unique tags
for the three selected movies in ©5. Unlike the m1-20m dataset,
this dataset does not assign relevance scores for each movie and tag;
instead, each movie is associated with a fixed collection of tags.
For the experiment, we partition these tags into K> = 23 random
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Fig. 1: Network structures for the first and second experiments, re-
spectively. Self-loops are omitted for visual clarity.

groups, one per agent. To further increase the difficulty of the in-
ference task, we take a subset of multi-word tags associated with
the true movie 6*, split them into single-word tokens, and randomly
select 140 of these tokens to augment the tag collection of 6*.

3.1.2. LLM Belief Evolution

We elicit belief trajectories from the LLM agents using the protocol
in Algorithm[T] At round ¢ = 0, each agent is prompted to set its
belief distribution uniformly over the three candidate movies, which
we record as the initial belief vector ;J,LLM For each subsequent
round ¢ > 1, each agent £ is prompted twice. Each prompt provides
the agent with specific information and instructs it to output a prob-
ability distribution over the candidate movies, which we then record
as a belief vector. In the first prompt, agent k is given its belief vec-
tor from the previous round uka‘f ; together with a new private tag
x,,;, randomly sampled at test time from the pool of tags assigned
to that agent. The LLM is instructed to update its belief based on
this information, and its output is recorded as the intermediate belief
1/JLLM In the second prompt, agent k is provided with its intermedi-
ate belief 1/JLLM along with the set of neighbor beliefs {WgLIM} LEN
all obtained from the first prompt. The LLM is instructed to revise
its belief in light of both its own and its neighbors’ beliefs, and the
resulting output is recorded as the updated belief uLLM.

Repeating this procedure for ¢ = 1,...,7T = 15 allows us to
record a sequence of beliefs for each agent {1/:LLM T forkeX.
To account for stochasticity in the LLM’s outputs, each experiment
is repeated L = 10 times and the reported trajectories correspond to
the average across simulation runs.

Algorithm 1: LLM Protocol
LLM

Input: Number of iterations 7, initial belief gt 0 >
neighbors Ny, for every k € K

Output: Belief trajectory {1}, }7_,

for i < 1to T do

// Self-learning step

for k <+ 1to K do

LLM < LLM output when prompted with: its

prev1ous belief pk"M | and its new tag @y ;;

// Combination step

for k <+ 1to K do

ukLZM < LLM output when prompted with: its

own and neighbors’ beliefs {U’IZ,LiM

}ZENk;

3.1.3. NBSL Belief Evolution

We compute the model-predicted belief trajectories using the NBSL
update rules (I)—@). This requires specifying both the likelihood
models {L(- | #)} and the combination matrix A.

Likelihood approximation. The likelihood Ly (xk,; | 6) rep-
resents the probability that the LLM assigns to observing the tag
a,; under hypothesis 6. This quantity required to run NBSL can-
not be accessed directly. What we can elicit instead is the posterior
P[0 | k], which represents the probability that the movie is 6 given
that the tag xx ; was observed. In practice, this posterior can be ob-
tained by prompting the LLM with the tag ,; and instructing it to
output the probabilities assigned to each 6 € ©.

Now note that, under a uniform prior P[] = 1/|0©|, Bayes’ rule
gives
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This shows that under a uniform prior, the posterior P[0 | x| is
proportional to the likelihood Ly (x,; | 0). Therefore, we approx-
imate the likelihood of the LLM by the posterior. To enforce a uni-
form prior, each query is run in a fresh context so the model has no
memory of earlier tags, and the LLM is instructed to treat all movies
as equally likely before observing xy,;. We denote the resulting es-
timate by Li (k. | 6) = P[0 | @x.:], and collect these values for
all agents k£ € X, hypotheses 6 € ©, and tags xx ; in the dataset.
Combination matrix. For the aggregation step (2)), we adopt
equal neighbor weights, i.e., agx = 1/|Ny| for £ € Ny, reflecting
the assumption that agents assign equal credibility to all neighbors.
Given the estimated likelihoods and the combination matrix, the
NBSL recursion is implemented following the recursions (I)-(2),
producing a trajectory {1/)?&1-}?:1 for each agent k, and for 7' = 15.
To account for stochasticity in the LLM’s outputs in likelihood esti-
mation, each experiment is repeated L = 10 times and the reported
trajectories correspond to the average across simulation runs.

3.2. Results

To evaluate the agreement between the belief dynamics of LLM
agents and the predictions of the NBSL model, Fig. 2] shows the
belief evolution of eight representative agents from the networks in
Fig.[T] Two main observations emerge. First, the belief trajectories
of the LLM agents (dashed lines) closely follow the predictions of
NBSL (continuous lines), indicating that the model accurately cap-
tures their dynamics. Second, in both networks the beliefs concen-
trate on the correct hypothesis, 8 = 1 (Pulp Fiction). These exper-
iments are designed so that Assumptions [[H4] hold. Therefore, as
established by Theorem [I] the agents uncover the true hypothesis
0*, further supporting that the behavior of LLM agents is consistent
with the theory of NBSL.

Furthermore, we compute the total variation (TV) distance [3]
between the beliefs of each LLM agent 'd)LLM and the corresponding

NBSL prediction 15" kit
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We then plot in Fig. [3|the average TV distance across agents:
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Fig. 2: Belief evolutions for agents 1, 4, 7 and 10 in network 1, and for agents 1, 8, 10, and 18 in network 2.
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Fig. 3: Total variation evolution of agents over 7' = 15 time steps
with confidence interval computed with Student’s t-test [17]].

together with a shaded area representing the 90% confidence interval
(CI) obtained from a Student’s t-test [17] over all agents. First, we
observe that dv (7) remains relatively stable over time, indicating
that the NBSL model consistently tracks the belief evolution without
accumulating error. In addition, the confidence interval is narrow,
suggesting that agents exhibit similar behavior across the network.

Finally, to examine the results at a finer granularity, we plot a
heat map where rows correspond to each agent k, columns to each
time step 4, and cell values to the TV distance drv (k,%). The heat
map confirms that the TV distance remains stable across agents and
over time, providing further evidence that NBSL reliably captures
the belief dynamics of the LLM agents.

Reproducibility & Artifacts

We use OpenAl’s framework and the gpt-oss-120b model with tem-
perature set to 0 and top_p set to 0.5 [18]. The full code, prompt
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Fig. 4: Total variation evolution for every agent over all T' = 15
time steps.

templates, and evaluation scripts are available at: |GitHub,

4. CONCLUSION

In this paper, we empirically validate NBSL as a model of belief dy-
namics in multi-agent LLM environments. By comparing belief tra-
jectories from LLM agents with the predictions of NBSL, we showed
that the model reliably tracks the evolution of LLM agents’ beliefs
across different networks and datasets. In our experiments, tasks
were selected at random at test time. Consequently, the LLM agents
could not rely on information memorized during pretraining, which
minimizes potential bias in the results. Moreover, we assumed that
all agents use constant, uniform confidence weights when aggregat-
ing information. Exploring how to model biases in LLM behavior
and how to capture heterogeneous or adaptive aggregation of infor-
mation remains an important direction for future research.


https://github.com/x3yz/NBSL_modeling_LLMs
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