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Abstract

Large Language Model (LLM)-based multi-agent systems
are increasingly used to simulate human interactions and
solve collaborative tasks. A common practice is to assign
agents with personas to encourage behavioral diversity. How-
ever, this raises a critical yet underexplored question: do per-
sonas introduce biases into multi-agent interactions? This pa-
per presents a systematic investigation into persona-induced
biases in multi-agent interactions, with a focus on social traits
like trustworthiness (how an agent’s opinion is received by
others) and insistence (how strongly an agent advocates for
its opinion). Through a series of controlled experiments in
collaborative problem-solving and persuasion tasks, we re-
veal that (1) LLM-based agents exhibit biases in both trust-
worthiness and insistence, with personas from historically ad-
vantaged groups (e.g., men and White individuals) perceived
as less trustworthy and demonstrating less insistence; and
(2) agents exhibit significant in-group favoritism, showing a
higher tendency to conform to others who share the same per-
sona. These biases persist across various LLMs, group sizes,
and numbers of interaction rounds, highlighting an urgent
need for awareness and mitigation to ensure the fairness and
reliability of multi-agent systems.

Code — https://github.com/Jiayi-LizzZ/Persona-Induced-
Bias-in-MAS.git

Extended version — https://arxiv.org/abs/2511.11789

1 Introduction
With the rapid growth of Large Language Models (LLMs),
LLM-based multi-agent systems have become a powerful
paradigm for simulating human-like interactions and solv-
ing collaborative tasks (Guo et al. 2024; Mou et al. 2024).
By modeling intricate group behaviors and facilitating dis-
tributed decision-making, these systems become invaluable
for enhancing the reasoning abilities of LLMs. A common
practice in these systems is to equip each agent with dis-
tinct personas, such as demographic information, person-
ality traits, and domain expertise, allowing them to exhibit
diverse behaviors (Bhandari et al. 2025).
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However, while personas enrich agent behavior, they also
introduce a critical concern: the potential for inducing bias.
Previous works have demonstrated that assigning different
personas to individual LLMs can significantly affect their
problem-solving performances (Gupta et al. 2024), reveal-
ing stereotypical views like Black people are not good at
math. In this work, we explore a crucial yet underexplored
question: Does persona-induced bias also exist in multi-
agent interactions? Understanding the potential bias is vital
for developing reliable and robust multi-agent systems that
equally treat different personas.

Our preliminary experiments reveal behavioral inconsis-
tencies when assigning different personas to agents. For in-
stance, in the illustrative example of Figure 1, simply ex-
changing gender personas while keeping initial responses
unchanged leads to different consensus outcomes, with
woman personas being 8.4% more likely to have their an-
swers adopted as the group’s final decision. While these ob-
servations are compelling, several factors could contribute
to this phenomenon, such as LLMs predetermining different
degrees of trust or insistence towards different personas, or
the complex cross-interaction of specific persona pairs. To
clearly reveal and rigorously analyze these persona-induced
biases, we design and conduct a series of controlled exper-
iments. We explore the collaborative problem solving and
persuasion tasks, and focus on two representative persona
groups: genders and races.

We begin our investigation by measuring the impact of
a single assigned persona in dyadic interactions. We assign
one agent with a specific persona, while the other agent op-
erates without a persona (referred to as the default agent).
To measure LLMs’ inherent trustworthiness towards differ-
ent personas, we observe how likely the default agent con-
forms to the persona-assigned agent. Subsequently, we ex-
change the roles, measure the degree of insistence associated
with different personas by observing how likely the persona-
assigned agent conforms to the default agent. Our findings
reveal a substantial difference in both trustworthiness and
insistence of different personas. Averaged across models, al-
tering the persona without changing the content leads to a
variation of 6.7% in trustworthiness and 4.7% in insistence.
Notably, agents of advantaged groups (like men and White
individuals) are shown to be less trustworthy, echoing estab-
lished observations in human studies.

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

31609



Let's go through the calculation one last time, very 
carefully: ... This is closest to option B.

You are absolutely right! … This simplifies to 4.9 * 
10^30, which is closest to option B.

After several rounds of discussions:

… Based on the calculation of  the initial mass and 
entropy, and the change over time, the answer is D.

… The entropy change is negligible given the vast 
timescale, so the answer is the smallest option B.

I understand your point about the vast difference in 
timescales.  However, we need to be careful about 
prematurely simplifying. … The answer is D.

It seems we're both oscillating a bit on this! Let's 
recap and solidify the reasoning: … The answer is 
most likely D.

After several rounds of discussions:

The man agent conforms to the woman agent, and the consensus answer is correct!

The man agent conforms to the woman agent, but the consensus answer is wrong!

Assign Initial Responses (Collected for Controlled Experiments)

Exchange the Persona Assignments while Keeping the Initial Responses Unchanged

Question: For a Black Hole with an evaporation time of 10^20 years, what is the difference in the order of entropy at t=10^9 
years of evaporation? A. 5.3*1e87 B. 9.1*1e29 C. 7.4*1e42 D. 2.9*1e51

Persona: Woman Persona: Man

… Based on the calculation of  the initial mass and 
entropy, and the change over time, the answer is D.

… The entropy change is negligible given the vast 
timescale, so the answer is the smallest option B.

Figure 1: Illustrative example of how exchanging the persona assignments of woman and man changes the final concensus.

Next, we turn to the interaction of persona pairs by assign-
ing both agents with personas. We observe that the trustwor-
thiness and insistence biases identified in our single-persona
experiments remain consistent and can aggregate. For in-
stance, when a less insistent agent encounters a highly trust-
worthy agent, it is more likely to conform. We also observe
a clear favoritism towards agents of identical groups: agents
exhibit higher conformity when interacting with others shar-
ing the same persona, a phenomenon mirroring Social Iden-
tity Theory of human behaviors (Hogg 2016).

Finally, we explore whether these observations general-
ize to more complex scenarios involving multiple agents
and extended rounds of interactions. Across diverse settings
and with different LLMs, we consistently find that persona-
induced biases persist, and patterns like in-group favoritism
are robustly observed. These findings underscore the perva-
sive nature of biases in multi-agent systems, calling for the
effort for bias mitigation in increasingly autonomous and in-
teractive agent environments.

Our contributions are as follows: (1) We present a system-
atic investigation of persona-induced biases in LLM-based
multi-agent interactions. (2) We provide strong empirical ev-
idence demonstrating how personas influence agent behav-
ior, in terms of both trustworthiness towards other agents and
the insistence on one’s own opinions. (3) We uncover dis-
tinct behavioral phenomena, including in-group favoritism
and the lower trustworthiness of advantaged groups, draw-
ing parallels to studies within human behavior.

2 Related Work
Multi-Agent Interactions LLM-based multi-agent sys-
tems have been applied across a wide range of domains,

ranging from question answering (Tao, Zhao, and Feng
2025) and software development (Hong et al. 2023) to game
simulation (Feng et al. 2024) and policy making (Hou et al.
2025). Recent studies show that LLM agents can sponta-
neously develop social conventions and group norms with-
out explicit programming (Borah and Mihalcea 2024), with
emergent behaviors such as conformity effects mirroring hu-
man groups (Zhang et al. 2024).

There are works examining fairness in multi-agent in-
teractions. Borah and Mihalcea (2024) show that biases in
LLM-generated outputs can intensify through agent interac-
tions, while Ashery, Aiello, and Baronchelli (2025) find that
collective biases may emerge even when individual agents
are initially unbiased. However, these works primarily fo-
cus on discourse-level biases among default (non-persona)
agents, without investigating how personas may introduce
or shape bias in interactions.

Persona-Induced Bias Another line of research inves-
tigates how persona assignments affect LLM behavior.
Prompting models with demographic personas can surface
latent stereotypes in discourses (Wan et al. 2023; Deshpande
et al. 2023; Liu, Diab, and Fried 2024) and degrade rea-
soning performance according to stereotypes towards per-
sonas (Gupta et al. 2024). However, these studies largely fo-
cus on single-agent settings.

Only recently have researchers begun exploring persona-
induced biases in multi-agent systems, but they mainly focus
on response quality (Tan and Lee 2025) or LLM judge pref-
erences across personas (Vasista et al. 2025). In contrast, our
work provides a systematic investigation of how personas in-
fluence interactive social behaviors, like trust and insistence,
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which only emerge through interactions.

3 Analytical Methodology
In this section, we outline the task scenarios, describe how
we simulate multi-agent interactions, and detail the three
progressive stages of our analysis.

3.1 Tasks
We explore multi-agent interactions through two distinct
tasks: collaborative problem-solving and persuasion. These
tasks serve as clear exemplars of two primary agent behavior
patterns: cooperative and persuasive.

In the cooperative pattern, agents operate with aligned
goals, pooling their knowledge and capabilities to maximize
a shared objective. Communication in this mode is aimed
at achieving a better consensus. In the persuasive pattern,
an agent’s primary goal is to influence the beliefs of others
to align with its own objectives. Here, communication be-
comes strategic and selective, involving argumentation, ne-
gotiation, and other influence tactics. These behaviors define
a fundamental axis of social interaction for agents, ranging
from pure collaboration to direct conflict.

Collaborative Problem Solving (CPS) In this task, a
group of agents communicates and reasons together to solve
a complex problem. We implement this task using questions
from GPQA (Rein et al. 2024), a benchmark of graduate-
level problems in biology, physics, and chemistry. Each
problem is a multiple-choice question with one correct an-
swer among four options (see Figure 1 for an example). With
this task, we examine how assigning different personas af-
fects the final consensus.

Persuasion This task models a multi-agent debate over
subjective claims. One agent is designated the persuadee,
and the remaining agents act as persuaders. For a given
claim, the persuadee is initialized with a stance (support
or oppose), and the persuaders attempt to convince it to
change its mind. We use claims from the PMIYC frame-
work (Bozdag et al. 2025), originally sourced from Durmus
et al. (2024) and the Perspectrum dataset (Chen et al. 2019).
These claims cover a wide variety of subjects, including po-
litical, ethical, and social issues, such as requiring all police
officers to wear body cameras should not be mandated. With
this task, we seek to understand how persona assignments
affect persuasion effectiveness.

3.2 Multi-Agent Interactions
The top half of Figure 2 illustrates our multi-agent inter-
action framework. We first provide each agent with a pre-
generated initial response. This allows us to control the
agents’ starting points and more accurately compare the in-
fluence of personas with fewer confounding factors.

In each round of interaction, agents communicate in a de-
centralized manner. For the CPS task, all agents speak si-
multaneously. This ensures that all agents have equal status,
avoiding biases that could arise from a fixed speaking order.
Each agent can see the full message history and is prompted
with: Considering both your answer and the other agents’

answers, please provide an updated answer. You may choose
to revise your previous answer or stand by it.

For the persuasion task, the initial statement of the per-
suadee and the initial persuasive arguments of persuaders
are pre-generated. Each round begins with the persuadee re-
viewing the persuaders’ arguments from the previous round.
The persuadee is instructed to make a decision on whether
you support the claim or not, and is free to change its de-
cision based on the persuaders’ arguments presented. After-
ward, all persuaders generate new arguments simultaneously
based on the persuadee’s response. They are prompted to use
supporting facts and evidence to argue for the claim. De-
tailed prompts and implementation details are available in
Appendix A.1

The interaction ends when a final consensus is reached
or the maximum number of rounds is completed. For the
CPS task, a consensus means all agents agree on the same
answer, while for the persuasion task, it means the persuadee
changes its stance.

Personas We assign personas to agents by setting a sys-
tem prompt: You are [the persona]. Your responses should
closely mirror the knowledge and abilities of this persona.
We conduct experiments with two common and represen-
tative persona sets: Pgender = (woman, man, trans woman,
trans man, non-binary) and Prace = (White, Black, Asian,
Hispanic). The personas of other agents are explicitly men-
tioned in the conversations so that each agent is aware of its
own persona and the personas of others.

Models We conduct experiments on three prevalent
LLMs: GPT-4o, Gemini-1.5-Pro, and Deepseek-V3. The
specific versions used are gpt-4o-2024-08-06,
gemini-1.5-pro-002, and DeepSeek-V3-0324.
We set the temperature to 0 for all models to ensure result
stability, and limit the output length to 1500 tokens for the
CPS task and 400 tokens for the persuasion task.

Collection of Initial Responses To ensure that the as-
signed persona is the only variable influencing the interac-
tion outcomes, we preprocess the original datasets and col-
lect a set of initial responses in advance.

For the CPS task, we use GPT-4o, Gemini-1.5-Pro, and
DeepSeek-V3 to generate multiple correct and incorrect re-
sponses for every question in the GPQA dataset. We then fil-
ter out questions that all models consistently answered cor-
rectly or incorrectly, resulting in a final set of 455 questions.

For the persuasion task, we first use GPT-4o to remove
claims explicitly involving gender or race, to prevent per-
sonas from strongly influencing the models’ positions. This
yields a final set of 854 claims. For each claim, we then use
all three models to generate statements for both support and
opposition stances, along with corresponding persuasive ar-
guments for the opposite stance.

Assignment of Personas and Initial Responses We as-
sign personas to all agents, except in the experiment de-
scribed in §4, where one agent serves as a default agent with-
out a persona.

1The appendix is in the extended version on Arxiv.
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Task 1. Collaborative Problem Solving

Do LLMs associate varying levels of trustworthiness 
and insistence with different personas?

2 agents  , all of them with personas        , 1 round
How do individual persona biases aggregate when 
two agents with assigned personas interact?

Are the observed persona-induced biases consistent 
and generalizable across more complex scenarios?

3-6 agents    , all of them with personas          , ~5 rounds

2 agents  , 1 of them with a persona       , 1 round§4

§5

§6

RQ: Does persona-induced bias exist in multi-agent interactions?

Initial Response
(Assigned) Round 1 … Round M

Agent 1

Agent 2

Agent N

…

N agents solve a graduate-level problem with 
discussions.

Task 2. Persuasion

N-1 agents persuade one agent to 
support/oppose to a given claim.

…

The interaction ends when 
consensus is reached or the 
maximum number of rounds is 
reached.

Figure 2: An overview of the multi-agent interaction framework and the roadmap of our analysis.

For the CPS task, we establish a balanced conflict sce-
nario using an even number of agents. The agents are di-
vided into two equal groups: one group is assigned persona
p1 and initialized with responses leading to the correct an-
swer, while the other group is assigned persona p2 and starts
with responses leading to an identical incorrect answer. This
balanced design neutralizes the conformity bias that agents
have the tendency to follow the majority (Weng, Chen, and
Wang 2025).

For the persuasion task, the setup is asymmetrical. A sin-
gle persuadee agent is assigned persona p1 and initialized
with a sampled statement aligned with a given stance. All
persuader agents are assigned persona p2, and each is ini-
tialized with a unique persuasive argument designed to chal-
lenge the persuadee’s position.

To ensure robustness, we counterbalance the initial re-
sponses in both tasks. In the CPS task, we aggregate results
from trials where agents with persona p1 initially hold the
correct answer and those with persona p2 hold the incorrect
one, as well as trials with the roles reversed. In the persua-
sion task, we aggregate results across trials in which agents
of each persona are initialized with both supportive and op-
posing stances.

3.3 Analysis Roadmap
Our analysis follows a structured roadmap as shown in the
bottom half of Figure 2. We structure our investigation as a
progressive inquiry, breaking the general research question
down into three specific sub-questions, each addressed in a
dedicated stage of our experiment. We begin by isolating the
biases of individual personas, then examine how these biases
interact, and finally test the generalizability of our findings
in more complex scenarios.

First, we investigate whether LLMs associate varying lev-
els of traits like trustworthiness and insistence with differ-
ent personas. To isolate these effects, we set up a controlled
two-agent, single-round interaction where one agent Ap is

assigned a persona p and the other acts as a default agent
Ad. We quantify a persona’s perceived trustworthiness by
the default agent’s willingness to conform to it, and its insis-
tence by its resistance to conforming to the default agent.

Having measured these individual effects, we next ask:
how do individual biases aggregate when two agents with
assigned personas interact? To explore this, we examine in-
teractions between two agents, Ap1 and Ap2, with distinct
personas. By observing the likelihood that one agent con-
forms to the other, we assess the relative influence of per-
sona pairs, and explore whether the combined tendency am-
plifies or counteracts the individual tendencies in trust and
insistence.

Finally, to understand the broader implications, we ex-
amine whether the observed persona-induced biases are
consistent and generalizable across more complex scenar-
ios. This final stage tests the robustness of our findings in
scaled-up simulations involving multiple agents and multi-
ple rounds. We track which persona’s initial position is more
likely to become the group’s final consensus in collaborative
settings, and which persona is more successful in persua-
sion. These measures allow us to assess whether the bias pat-
terns observed in simple dyadic interactions persist in larger
and more dynamic social environments.

4 Impact of a Single Assigned Persona in
Dyadic Interactions

We begin our analysis by investigating whether LLMs at-
tribute social traits like trustworthiness and insistence to in-
dividual personas.

4.1 Experimental Setup
To isolate the effect of a single persona, we design a con-
trolled dyadic interaction between a persona-assigned agent
(Ap) and a default agent (Ad). The interaction lasts for a
single round. We quantify two social traits of the persona:
trustworthiness and insistence.

31612



Task Model Gender Race

∆max-min ∆avg ∆max-min ∆avg

CPS
GPT-4o 1.30 3.58 4.95 1.60

Gemini-1.5-Pro 10.80 9.93 8.45 10.01
Deepseek-V3 2.60 3.50 2.40 2.73

Persuasion
GPT-4o 5.40 6.01 12.30 7.59

Gemini-1.5-Pro 4.80 5.84 12.90 4.81
Deepseek-V3 4.45 3.10 9.55 4.34

(a) Trustworthiness

Task Model Gender Race

∆max-min ∆avg ∆max-min ∆avg

CPS
GPT-4o 2.10 2.90 1.85 2.36

Gemini-1.5-Pro 4.85 9.33 6.40 13.71
Deepseek-V3 2.65 3.41 2.30 2.11

Persuasion
GPT-4o 5.70 2.09 6.85 2.98

Gemini-1.5-Pro 9.60 3.01 5.65 5.95
Deepseek-V3 4.25 1.77 4.75 1.58

(b) Insistence

Table 1: Persona-induced variations in trustworthiness and insistence across models, tasks, and demographic attributes. Num-
bers are in percentages (%), and larger numbers indicate larger variations.

The trustworthiness T (p) of a persona p is measured by
the probability that the default agent Ad revises its initial
position to align with the position of Ap. Formally:

T (p) =
1

N

N∑
i=1

I(Ad conforms to Ap on casei),

where I(·) is the indicator function and N is the total number
of test cases.

Conversely, the insistence I(p) of a persona quantifies the
likelihood that Ap resists conforming to Ad’s position:

I(p) = 1− 1

N

N∑
i=1

I(Ap conforms to Ad on casei).

A higher insistence score signifies that the persona is more
steadfast in its initial position.

In the persuation task, Ap serves as the persuader when
measuring trustworthiness and as the persuadee when mea-
suring insistence.

Metrics for Quantifying Variations To assess persona-
induced variations in trustworthiness and insistence, we em-
ploy two complementary metrics:
1. Max-min difference ∆max-min: captures the range of vari-

ation across all gender or race personas, reflecting the
maximum disparity. For example, the max-min differ-
ence in trustworthiness across race personas is defined
as ∆race

max-min(T ) = maxp∈Prace
T (p)−minp∈Prace

T (p).
2. Average absolute difference ∆avg: measures the average

deviation from the no-persona baseline (i.e., when nei-
ther agent is assigned a persona), indicating the typical
behavioral shift induced by persona assignment.

4.2 Results
Table 1 presents the extent of persona-induced variations
across models and tasks, with raw trustworthiness and in-
sistence scores provided in Appendix B.

On average, the average absolute difference is 5.3% for
trustworthiness and 4.3% for insistence, highlighting that
simply assigning a persona consistently alters agent behav-
ior. The max-min difference averages 6.7% for trustworthi-
ness and 4.7% for insistence, indicating notable disparities
in how different demographic groups are treated.

Model-Wise Comparison Gemini-1.5-Pro exhibits the
highest degree of bias across nearly all settings. For exam-
ple, in the CPS task, its max-min difference in trustworthi-
ness across gender personas reaches 10.8%, substantially
higher than GPT-4o and Deepseek-V3. While GPT-4o and
Deepseek-V3 show relatively modest bias in the CPS task,
both models demonstrate larger disparities in the persuasion
task. For instance, GPT-4o’s max-min difference in racial
trustworthiness rises to 12.3% and Deepseek-V3’s to 9.6%.
For all models, the differences in trustworthiness and insis-
tence between the most disparate personas are statistically
significant at alpha = 0.01 in the persuasion task, indicating
that persona-induced bias is a severe problem for all models
evaluated.

Disadvantaged Trust for Advantaged Groups A closer
examination of individual personas reveals a consistent pat-
tern: advantaged groups, specifically men and White indi-
viduals, tend to receive lower trustworthiness scores. For ex-
ample, in the persuasion task, the trustworthiness score for
White individuals on GPT-4o is merely 66.4%, at least 9.9%
lower than that of any other racial persona. Similarly, man
receives a trustworthiness score of just 40.8% on Gemini-
1.5-Pro, at least 3.8% lower than any other gender. This ob-
servation aligns with findings in sociology on real people,
where elites are facing growing public distrust (Kaina 2008;
Lind 2020).

5 Inter-Persona Dynamics: When Two
Personas Meet

Based on the previous findings, this section investigates the
interaction dynamics between two persona-assigned agents.

5.1 Experimental Setup
To analyze inter-persona dynamics, we pair two agents with
personas p1 and p2, respectively, and observe their behavior
in a single-round interaction. We define the conformity rate
C(p1 → p2) as the probability that an agent with persona p1
adopts the stance of an agent with persona p2:

C(p1 → p2) =
1

N

N∑
i=1

I(Ap1 conforms to Ap2 on casei).
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(a) GPT-4o (b) Gemini-1.5-Pro (c) Deepseek-V3

Figure 3: Conformity rates among gender personas in the persuasion task. The horizontal axis is ordered by decreasing trust-
worthiness, and the vertical axis by increasing insistence, as measured in §4. Each value (%) represents the conformity rate from
the vertical-axis persona to the horizontal-axis persona. Darker shades indicate higher conformity, and intra-persona conformity
rates are shown in gray.

5.2 Results

To examine how traits of individual personas correlate with
the inter-persona conformity rate, we visualize the confor-
mity rates as heatmaps, with decreasing trustworthiness on
the horizontal axis and increasing insistence on the vertical
axis. Figure 3 shows results for gender personas in the per-
suasion task; results for race personas and the CPS task are
provided in Appendix B. We find that persona-induced bi-
ases persist when both agents are assigned personas. The
conformity rate between persona pairs varies widely, for ex-
ample, from 59.8% to 73.9% on GPT-4o, and from 33.3% to
52.4% on Gemini-1.5-Pro.

Aggregation of Trustworthiness and Insistence The ef-
fects of trustworthiness and insistence appear to be addi-
tive: conformity rates are generally higher in the upper-left
corner, where less insistent personas interact with higher
trustworthy ones. For example, in Figure 3c, the least in-
sistent persona man conforms to the most trustworthy per-
sona woman in 78.8% cases, while the most insistent per-
sona transwoman conform to the least trusted persona non-
binary in only 71.8% cases.

Advantaged Groups Conform More Distrust towards
advantaged groups persists, exhibited as lower conformity
towards advantaged personas. And notably, in the CPS task,
advantaged groups also show a higher willingness to con-
form. Across models, men and White individuals are more
likely to adopt their partner’s view. For instance, on Gemini-
1.5-Pro, men exhibit a 60.7% conformity rate on average
(compared to an average of 56.3% among all genders), and
White individuals reach 66.1% (compared to an average
of 60.5% among all races). This challenges the stereotype
that men are more stubborn, yet aligns with empirical find-
ings in social science that advantaged groups tend to exhibit
greater trust (Taylor, Funk, and Clark 2007), explained by
the “resource buffer” theory, where individuals with more
resources face lower risks when extending trust, making it a
safer and more rewarding behavior (Hamamura 2012).

Task Model Gender Race

All Intra All Intra

CPS
GPT-4o 85.9 86.3 84.6 86.5

Gemini-1.5-Pro 56.3 56.5 60.5 58.0
Deepseek-V3 54.7 56.9 56.9 62.6

Persuasion
GPT-4o 68.1 71.8 64.0 69.8

Gemini-1.5-Pro 43.5 48.8 33.7 46.0
Deepseek-V3 72.3 79.8 75.9 79.2

Table 2: Average conformity rates (%) between all persona
pairs (“All”) and within the same persona (“Intra”).

In-Group Favoritism We also observe a clear pattern of
in-group favoritism: agents are more likely to agree with oth-
ers who share the same persona. As shown in Table 2, this
tendency appears across nearly all settings and is especially
pronounced in the persuasion task. This aligns with Social
Identity Theory (Hogg 2016), which posits that individuals
favor members of their perceived ingroup over those of out-
groups.

6 Generalization to More Complex Scenarios
In the final stage of our analysis, we examine whether the bi-
ases and behavioral patterns observed in simple dyads gen-
eralize to more complex interaction scenarios.

6.1 Experimental Setup
We simulate more complex social dynamics by scaling up
the number of agents and interaction rounds. For simplicity
of analysis, all agents are assigned one of two personas, p1 or
p2. Due to cost constraints, we focus on two representative
persona pairs: (man, woman) and (White, Black).

We define task-specific metrics to measure the influence
of persona groups. In the CPS task, we calculate the Win
Rate (WR), which measures the probability that a group’s
initial answer becomes the final consensus, conditioned on a
consensus being reached. We also report the consensus rate
and the accuracy among consensus cases.
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(a) GPT-4o (b) Gemini-1.5-Pro (c) Deepseek-V3

Figure 4: Persuasion effectiveness over 5 interaction rounds for race personas.

(a) GPT-4o (b) Gemini-1.5-Pro (c) Deepseek-V3

Figure 5: Persuasion effectiveness as the number of persuaders increases for race personas. The results are after 5 rounds.

For the persuasion task, we measure the Persuasion Ef-
fectiveness (PE). This is the success rate of a group of per-
suaders with persona p1 in convincing a persuadee with
persona p2 to change their stance: PE(p1 → p2) =
1
N#(successful p1 → p2 persuasions), where #(·) denotes
the number of cases satisfying the condition.

6.2 Results
Increasing Interaction Rounds We first vary the number
of interaction rounds up to 5, while keeping the number of
agents fixed at 2. Figure 4 shows the persuasion effective-
ness by round for each model for race personas. Additional
results are in Appendix B.

While persuasion effectiveness generally increases with
more rounds, persona-induced biases remain consistent. On
both GPT-4o and Gemini-1.5-Pro, by the fifth round, the
success rate of Black agents persuading White agents is
nearly 10% higher than the reverse. On Deepseek-V3, this
disparity widens from 20% in the first round to 24% in the
fifth round.

In-group favoritism also persists. Across all three mod-
els, White agents consistently perform better at persuading
other White agents than persuading Black agents, with the
gap slightly widening over time.

Scaling Group Size Next, we fix the number of rounds
at 5 and increase the number of participating agents. As
shown in Figure 5, persona-induced biases remain even as
the number of persuaders increases. On Gemini-1.5-Pro,

for example, the gap between PE(Black → White) and
PE(White → Black) increases from 10% to 27% as the
number of persuaders grows. Moreover, in-group favoritism
continues to shape group dynamics.

Results of the CPS task are in Appendix B, and we
demonstrate interaction cases in Appendix C. After 5 rounds
of interaction, the probability of adopting the woman’s an-
swer as the group’s final decision is on average 8% higher
than that of the man’s.We also observe notable accuracy dif-
ferences among consensus cases when persona assignments
are exchanged while keeping initial responses fixed. For in-
stance, with GPT-4o, the final accuracy is 10% higher when
Black individuals hold the correct answer initially and White
individuals hold the incorrect one, compared to the reverse.

7 Conclusion
This paper presents a systematic study of persona-induced
biases in LLM-based multi-agent interactions. Across tasks,
models, and persona groups, we find that agent social behav-
ior is strongly influenced by assigned personas. Advantaged
groups (e.g., men and white individuals) are perceived as
less trustworthy and less insistent, while in-group favoritism
emerges in different demographic groups. These biases per-
sist in both dyadic and multi-agent scenarios and generalize
to more complex, multi-round interactions. Our findings call
attention to a critical challenge in multi-agent system design:
the need to recognize and mitigate social biases arising from
persona assignments.
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