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ABSTRACT multi-round simulations, and assign opinion scores to all responses

Can classical consensus models predict the group behavior of
large language models (LLMs)? We examine multi-round interac-
tions among LLM agents through the DeGroot framework, where
agents exchange text-based messages over diverse communication
graphs. To track opinion evolution, we map each message to an
opinion score via sentiment analysis. We find that agents typically
reach consensus and the disagreement between the agents decays ex-
ponentially. However, the limiting opinion departs from DeGroot’s
network-centrality-weighted forecast. The consensus between LLM
agents turns out to be largely insensitive to initial conditions and
instead depends strongly on the discussion subject and inherent bi-
ases. Nevertheless, transient dynamics align with classical graph
theory and the convergence rate of opinions is closely related to the
second-largest eigenvalue of the graph’s combination matrix. To-
gether, these findings can be useful for LLM-driven social-network
simulations and the design of resource-efficient multi-agent LLM
applications.

Index Terms— opinion dynamics, social networks, consensus,
large language models, multi-agent networks

1. INTRODUCTION

Mathematical models of opinion formation have been instrumental
in understanding social network behavior and in designing multi-
agent information-processing systems. The DeGroot consensus
model [1], in particular, has received a lot of attention from the sig-
nal processing, microeconomics, and control communities, where
many variants [2} 3, 4] S 16, [7]] have been proposed to better reflect
group decision dynamics and to design better decentralized signal
processing and optimization algorithms.

In this work, we study social interactions among large language
models (LLMs) through the lens of the DeGroot framework. Our
goals are twofold. First, despite a rich theoretical literature, empir-
ical validation in real-world social settings remains limited, largely
because collecting behavioral data from human subjects is costly and
time-consuming. We examine whether LLMs can provide a control-
lable and low-cost testbed for modeling the dynamics observed in
human social networks. Second, as LLMs are increasingly deployed
in real applications, including social media platforms, it becomes im-
portant to understand how opinions evolve within networks of LLM-
based agents.

To that end, we conduct experiments where LLM agents interact
on communication graphs, and exchange text-based statements with
their immediate neighbors over multiple rounds. We enforce the net-
work weights and agent characters through system prompts, conduct
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via sentiment analysis. We vary the topics and graph topology, and
compile the resulting conversations into a dataset. We then analyze
the underlying opinion dynamics.

We find that agents typically converge to a consensus. Some-
what surprisingly, however, the final beliefs are largely insensitive to
their initial positions, which is a departure from the DeGroot predic-
tion that consensus should equal a network-centrality—weighted av-
erage of initial opinions. Instead, the consensus point appears to be
dependent on the discussion subject and on biases the LLM carries,
possibly from pretraining and alignment phases of their training. De-
spite this mismatch, the rate of convergence to the consensus agrees
with well-established graph-theoretical results: it is related to the
second-largest modulus eigenvalue of the combination matrix [8}9].
Moreover, we find that when the combination matrix’s weights are
instructed to the LLM agents through system prompts, agents are
more likely to reach a consensus. In order to stimulate further re-
search, we open-source our dataset totaling 764 experiments with 8
different topics, containing more than 1,200,000 LLM responses. It
is available on Hugging Face

1.1. Related Work

Models of opinion dynamics and distributed inference study how a
network of agents aggregates and updates its beliefs by repeatedly
incorporating others’ views. The standard DeGroot model [1]] cap-
tures this via repeated averaging, where each agent forms a weighted
average of neighbors’ opinions over time. Beyond DeGroot, richer
variants allow for Bayesian reasoning at the agent level [10]] and for
distinct communication patterns, such as private interactions [5] or
randomized processes [0, [7]. There is also experimental work eval-
vating these mechanisms in real-world social settings [11} [12} [13]],
though such empirical tests remain relatively rare.

Because experiments within human social networks are difficult
to run, recent work examines the use of LLMs for simulation. They
have been used for political processes [[14], social-platform design
choices [15], spread of misinformation [16]], and for replicating clas-
sical social-psychology experiments [[17]. Motivated by the emer-
gence of human-LLM collectives, there is also a line of work that
frames LLMs as “distributed sensor networks” integrating textual
inputs [18]].

Likewise, opinion dynamics among LLMs have been studied
to assess how closely they mirror social networks. For example,
[19] finds that standard LLMs initialized with human-like personas
tend to reach factual consensus, likely due to their knowledge priors.
Similarly, [20] shows intrinsic training-induced biases: alignment-
trained models exhibit a consensus-seeking tendency even when
used as-is, without persona prompts. In comparison, we analyze
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opinion dynamics from a DeGroot perspective, and focus on topics
that are also debated in real-world social networks rather than fac-
tual questions with ground-truth answers. Furthermore, we study the
impact of the communication network topology by evaluating the
consensus rate among LLMs. Doing so assists in clarifying the po-
tential of LLMs for social-simulation research, and also helps guide
the design of multi-agent LLM systems that are resource-efficient in
both communication and context-length.

2. PROBLEM FORMULATION

We consider a network of K agents. Initially, each agent k has a be-
lief vector (i.e., opinion) px, 0, Which it updates based on the opinions
of its neighbors. The peer-to-peer communication is constrained on
a weighted and directed graph topology. Each agent & receives infor-
mation from its neighbors Ny. In the DeGroot model [1]], agents re-
peatedly average their neighbors’ opinions in order to update theirs.
Namely, at each time instant ¢, agent k updates its belief with
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where asr denotes the level of trust agent k£ assigns to the belief
vector it receives from agent ¢. These coefficients satisfy
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where the combination matrix A = [agg] is left-stochastic. If the
underlying graph is also strongly connected [2]], that is, if there exists
a path between any agent pair (¢, k) and there exists at least one
agent k that does not discard its own information (i.e., 3k arr > 0),
then, the matrix A becomes both aperiodic and irreducible. This
implies that under @) and by the Perron-Frobenius theorem [2} 21]],
all agents will reach consensus with asymptotic beliefs given by

K
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Here, 7 denotes the Perron eigenvector of the combination matrix A
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Entry 7, represents how central agent k is in the network. Equation
then means that the final opinions of all agents are going to be
the same and equal to a weighted average of initial opinions.

A strongly connected graph also implies that the matrix A has
a unique eigenvalue at 1 and all its other eigenvalues are strictly
smaller than 1 in absolute value. It is also known that the second-
largest magnitude eigenvalue |[A2| < 1 of A controls the conver-
gence time. This follows from [22 Chapter 8]
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which holds for any o that satisfies [A2] < o < 1 and for some
constant C,, that does not depend on ¢. Therefore, the convergence
to consensus is exponentially fast and the rate of convergence is in-
versely proportional to A2. Note that, in general, A2 decreases with
increasing network connectivity, and attains its minimum value at O
if, and only if, the underlying graph is fully-connected with a rank-
one combination matrix.

2.1. Networked LLM agents

In this work, we evaluate LLM-based agents under the DeGroot
framework. For the graph topology, we use Erd6s—Rényi random
graphs with varying connectivity parameter p. In the Erd6s—Rényi
graph model G(K, p), each possible directed edge between a pair
of nodes is included independently with probability p. To ensure
the networks constructed in this manner are highly likely to be con-
nected, and also to avoid trivial cases with isolated agents, we use
the following lower bound for p:
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where p* is known to be the connectivity threshold. Specifically,
an Erdés—Rényi random graph is known to be connected with high
probability if p > p* as K — oo [23]). In addition to Erd6s—Rényi
random graphs, we also consider two extreme cases, a fully con-
nected and a circular graph topology, to better examine the effect of
network connectivity.

As in the DeGroot framework, communication networks are di-
rected, weighted. The combination matrix’s weights (i.e., interac-
tion weights and self-weights) are enforced through system prompts,
which are provided to the LLMs repeatedly after each interaction
round. Note that during an experiment, the graph combination ma-
trix is held constant. We create two kinds of agent characters de-
pending on the self-weights: Self-confident agents are instructed to
rely more on their own previous opinions in comparison to open-
minded agents. The remaining weights, that is, the portion that is not
assigned to the individual self-weights, is then distributed equally
among the agent’s neighbors, as specified by the system prompt.

During the interactions, in addition to this system prompt, an
agent’s own previous response and its neighboring agents’ responses
are provided to it so that it can form its new opinion accordingly.
Moreover, during the initialization phase, each LLM agent starts
with an initial opinion over a topic of discussion, which is also a
debatable topic between humans over real social networks. Agents
are initially either for, neutral, or against the topic, and this stance
is enforced through the initial prompt.

For our experiments, we utilize AutoGen [24], which is a pro-
gramming framework for multi-agent applications. To map LLM
agents’ text responses to beliefs (i.e., opinion scores), we employ a
separate LLM, independent of the agents’ interactions, to perform
sentiment analysis.

3. EXPERIMENTS

3.1. Implementation details

We now detail the settings used for the variables introduced above.
We set K = 20 and run 80 interaction rounds, which we have empir-
ically found to be sufficient for convergence. We employ Google’s
Gemini 2.0 Flash for conversation generation due to its cost
efficiency and speed.

Initial opinions are drawn uniformly from {for, neutral, against},
agent types are drawn uniformly from {self-confident, open-minded};
and discussion topics are drawn uniformly from {Bitcoin, Euthana-
sia, Veganism, Vaping, Gene editing, Ghosting, C. Ronaldo, Remote
Work}. The communication graph is selected as follows: an Erd6s—
Rényi graph with probability 0.92, a fully connected graph with
probability 0.04, and a circular graph (ring topology) with prob-
ability 0.04. For the ErdSs—Rényi case, p € (0.15, 0.35) with
probability 0.9, with the lower bound chosen according to (6), and



p € (0.35, 1) with probability 0.1, since less connected graphs
exhibit subtler convergence behavior.

All parameters, including initial and system prompts, graph
topology, and agent responses are logged to a JSON file for each
experiment, which can be found in the provided dataset and are
used in the subsequent analyses. For sentiment analysis, we prompt
OpenAl’s gpt—5-nano to assign an integer score in the range of
[—3, 3], where —3 corresponds to “against” end and 3 corresponds
to “for” end. These scores are also appended to the corresponding
JSON files. For all the following analyses in this paper, we use
sentiment scores after normalizing them into the interval [0, 1].

3.2. Consensus across the agents

In order to investigate whether agents’ reach a consensus, we con-
duct 315 experiments with self-confident and open-minded self
weights enforced through system prompts (respectively 80% and
60%), and use the standard deviation (STD) of agents’ sentiment
scores as a measure of opinion deviation in each round of conver-
sation. Figure E] shows that, for the discussion topic of “bitcoin”,
the average STD across different experiments starts from around
0.4, decreases exponentially (with coefficient of determination
R? = 0.965), and approaches a steady state value close to 0.1,
demonstrating how disagreement between agents becomes negligi-
ble and a consensus is attained.
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Fig. 1. The average standard deviation of agents’ opinions with re-
spect to the number of iterations across 50 bitcoin-related experi-
ments. The shaded region indicates the standard error of the mean
(SEM) across 50 simulations.

Moreover, in Table [T} we report the average final STD across
all simulations. In order to reduce the effect of the noise during
sentiment analysis, we take an agent’s average sentiment score over
the last 10 rounds as its final opinion. It can be seen that the aver-
age final disagreement between the agents, namely STD = 0.083,
is almost negligible in the range of sentiment scores [0,1]. Note
that in these experiments, weights were assigned through the system
prompts (hence the name weighted experiments). We repeat the ex-
periments by removing the self-weights assigned respectively to self-
confident and open-minded agents in the system prompts. Namely,
we run 108 “weightless” experiments, where we modify the system
prompts so that even though there are still distinct self-confident /
open-minded agents, specific self-weights are not assigned through
the system prompts. We observe that the weightless experiments ex-
hibit a higher final diversity (0.165 = 0.008 SEM) compared to the
weighted experiments (0.083 £ 0.004 SEM). The difference (A =
0.082) corresponds to 9.17 standard errors of the difference (SEA =

0.00894), yielding a p-value of ~ 2.4 x 1072 under the null hy-
pothesis (Ho : [tweightless = [hweighted), indicating a statistically signif-
icant increase in dispersion. Therefore, we conclude that enforcing
weights through system prompts can increase the chances of consen-
sus in LLM-interactions.

Table 1. Average final disagreement of agents. Experiment types
are based on if the system prompts include instructions about self-
weights.

Experiment Type Average STD + SEM
Weighted Experiments 0.083 £ 0.004
Weightless Experiments 0.165 £ 0.008

Although we have found that agents reach a consensus, it is still
not clear whether this is in line with the DeGroot consensus model.
To test the fit of the data to the DeGroot consensus, we compute the
root mean squared error (RMSE) between final opinions of agents
and the predicted consensus values according to (3). This yields
an average RMSE of 0.32 which shows a significant mismatch be-
tween the two. In addition, if the sentiment scores are discretized
into {for, neutral, against} categories, the average classification ac-
curacy based on the DeGroot model is 32%, same as random guess-
ing accuracy of 33%. A similar conclusion holds when the task is
reduced to a binary classification between {for, against}. The ac-
curacy here improves only to 60%, not significantly better than ran-
dom guessing accuracy of 50%. Collectively, these results show that
the DeGroot model’s consensus prediction in (3) fails to capture the
steady-state consensus beliefs observed in our experiments.

3.3. Topic-dependent bias in final opinion distribution

Observing that the agents typically exhibit consensus behavior but
it mismatches with the DeGroot prediction in (3), in this section,
we further investigate whether LLMs have an inherent and topic-
dependent bias. To that end, we run a total of 150 experiments on
“bitcoin” and “veganism” subjects. We purposefully start these sim-
ulations with a high majority “for” or a high majority “against” ini-
tial opinion distribution, as demonstrated in the first column of Fig-
ure[2] The corresponding final opinion distributions are given on the
right column.

We see that in bitcoin-related experiments, the LLMs show an
inherent negative bias: if they are initialized with against beliefs,
they tend to stay like that, but if they are initialized with for beliefs,
they can still change their opinions to against. On the contrary, in
veganism-related experiments, they have an inherent positive bias,
as is evident from the final opinion distributions. Therefore, we find
that the final opinion distributions show topic-dependent bias, even
if these topics are also a part of the debate between humans. As other
works suggested for factual-bias, the biases we observe can also be
due to LLMs’ preference and biases obtained during pretraining and
RL-based alignment phases. Note that we observed cognitive biases
in LLMs other than Gemini as well.

3.4. Impact of the communication graph

In this section, we analyze the effect of the communication topol-
ogy on the opinion dynamics of LLMs. First, we evaluate the effect
of the connectivity parameter p of Erd6s—Rényi random graphs on
the rate of convergence. By definition, larger p implies higher graph
connectivity, and hence, we expect the convergence to be faster. Fig-
ure [3| shows the disagreement between the opinions with respect to
time, where each curve belongs to a specific interval of p-values. We
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Fig. 2. Left: Initial opinion distributions, Right: Final opinion dis-
tributions. Each row belongs to a set of experiments with a different
topic and initial opinion distribution. For example, the first row de-
notes a set of experiments where the initial opinion distribution is
highly skewed towards “for” on bitcoin sentiment, while for the sec-
ond row, the initial majority is “against”. The error bars denote the
SEM with respect to a total of 150 experiments.

can see that higher p associates with faster and stronger convergence,
as expected.

Average Opinion Deviation Over Time for Different p Ranges
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Fig. 3. Average standard deviation of agents’ opinions over inter-
action rounds for different values of Erd6s—Rényi p. Each curve
corresponds to a group of simulations within the indicated p range,
with n denoting the number of experiments. Larger p values result
in faster convergence to the consensus with less disagreement.

Next, we turn our attention to the second-largest modulus eigen-
value A2 of A as a measure of convergence rate, as explained in Sec-
tion@ The eigenvalue A7 is affected by the self-confidence weights
of the agents in the combination matrix as well as different p val-
ues. Therefore, to have a wider range of A2 values across exper-
iments, we conduct 113 additional experiments with self-confident
self-weight also varying between 65% and 90%. According to (3),
the disagreement of opinions decrease exponentially, with A2 con-
trolling the mixing rate. In order to test whether this is also the case
for LLM interactions, we compute the halving time of disagreement,
that is, we compute the number of interaction rounds it takes for

the standard deviation between discussing agents’ opinions halves
compared to the initial standard deviation. Following the theory de-
scribed in Sec. |ZL we expect this quantity to be proportional to [9]]:
s In2
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Figure [4] shows the mean of the empirical halving times as a func-
tion of |A2|, as well as the function in (7). The empirical results
closely match the theory, which indicates that LLM-networks’ con-
vergence behavior follows the results from spectral graph theory. In
other words, although the Perron eigenvector-based average consen-
sus in (@) does not align with the networked LLM simulations, the
corresponding rate of convergence closely matches the experimental
behavior.
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Fig. 4. Halving time of disagreement between LLM agents, chang-
ing with respect to the second eigenvalue of the combination ma-
trix. The eigenvalues are arranged into 30 discrete bins, and the total
number of experiments is 110. The halving time shown on the y-axis
is the mean across all experiments. SEM is denoted with bars around
the mean. The dashed red curve shows the theoretical halving time.

4. CONCLUDING REMARKS

In this work, we constructed a dataset of LLM agents interact-
ing over randomized network topologies, across diverse topics
and prompting strategies. Sentiment analysis of these interactions
revealed that while the agents do not conform to the DeGroot con-
sensus model, consensus still emerges as the deviation of opinions
decreases exponentially through interaction rounds. This consen-
sus is strongly influenced by inherent, topic-dependent biases ac-
quired during pretraining, and its strength increases when interaction
weights are imposed through system prompts. Furthermore, we ob-
served that both the convergence rate and consensus strength grow
with higher Erd6s—Rényi connectivity probabilities. The halving
time of disagreement between agents was found to increase with
the second-largest modulus eigenvalue of the graph combination
matrix, and experimental results matched theoretical expectations
based on spectral graph properties. Understanding the convergence
rate of networked LLMs might be important for multi-agent system
design, particularly in estimating the number of interaction rounds
required for consensus under cost constraints. Though we qual-
itatively observed similar results with other LLMs than Gemini,
further simulations could be done to explore other LLMs’ conver-
gence behavior. Future work could also consider strategic agents
with incentives or propaganda-sharing agents.
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