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Abstract

Multi-agent systems utilizing large language
models often assign authoritative roles to im-
prove performance, yet the impact of author-
ity bias on agent interactions remains un-
derexplored. We present the first system-
atic analysis of role-based authority bias in
free-form multi-agent evaluation using Chat-
Eval. Applying French and Raven’s power-
based theory, we classify authoritative roles
into legitimate, referent, and expert types and
analyze their influence across 12-turn con-
versations. Experiments with GPT-40 and
DeepSeek R1 reveal that Expert and Refer-
ent power roles exert stronger influence than
Legitimate power roles. Crucially, authority
bias emerges not through active conformity by
general agents, but through authoritative roles
consistently maintaining their positions while
general agents demonstrate flexibility. Further-
more, authority influence requires clear posi-
tion statements, as neutral responses fail to
generate bias. These findings provide key in-
sights for designing multi-agent frameworks
with asymmetric interaction patterns.

1 Introduction

Recently, Large Language Model (LLM)-based
agents have demonstrated the potential to simulate
human social behaviors (Park et al., 2023, 2024),
leading to a rapid increase in research utilizing
Multi-Agent Systems (MAS). These systems lever-
age agents assigned with diverse roles to solve com-
plex problems such as evaluation tasks through
interactions like discussion and collaboration (Li
et al., 2024; Dong et al., 2024; Huang et al., 2024;
Li et al., 2023; Wang et al., 2023). In particular,
previous studies have consistently demonstrated
improved performance compared to single models
by assigning specific roles that incorporate author-
itative elements such as experts, evaluators, and
moderators (Qian et al., 2023; Hong et al., 2023;
Schmidgall et al.; Wu et al., 2023; Chan et al.,

2023; Wang et al., 2025). However, roles estab-
lished in previous research often include authorita-
tive roles such as experts. Given that research find-
ings have revealed authority bias in single LL.Ms,
where models excessively rely on information from
specific sources or authorities (Chen et al., 2024;
Ye et al., 2024; Liu et al., 2024; Filandrianos et al.,
2025), there exists a risk that such bias may distort
decision-making processes or impede collaborative
interactions based on the authority assigned to spe-
cific roles in MAS. However, systematic analysis of
how role-based authority bias affects agent interac-
tions in Multi-Agent contexts remains insufficient.

The limitations of previous research can be sum-
marized into four main categories. First, MAS
research has overlooked the potential impact of au-
thority bias when assigning roles (Qian et al., 2023;
Hong et al., 2023; Schmidgall et al.; Rasal, 2024;
Wu et al., 2023; Chan et al., 2023; Wang et al.,
2025). Most studies have focused on the positive
effects of role assignment on performance improve-
ment, failing to adequately consider the biasing
influence that the authoritative characteristics of
specific roles may have on agent interactions.

Second, existing authority bias research has
failed to properly reflect the interactive characteris-
tics of Multi-Agent environments operating in free-
form (Chen et al., 2024; Ye et al., 2024; Liu et al.,
2024). Previous studies have primarily adopted
approaches that deliberately insert specific phrases
that could induce authority bias and analyze struc-
tured responses from single LL.Ms (Chen et al.,
2024; Ye et al., 2024; Liu et al., 2024). Such ap-
proaches have limitations in constraining LLMs
free-form setting and capturing natural bias pat-
terns that emerge in real-world situations.

Third, most existing studies examining authority
bias have relied on one-shot measurements rather
than observations through sustained dialogue, mak-
ing them limited in systematically analyzing dy-
namic authority bias that emerges through interac-



tions in MAS (Choi et al., 2025; Filandrianos et al.,
2025; Moon et al., 2025). While identifying the
specific causes and mechanisms underlying bias
occurrence is essential for systematic MAS design,
previous research has predominantly remained fo-
cused on static authority bias identification.

Fourth, existing research tends to treat the con-
cept of authority as singular and abstract, failing to
classify authority types or analyze their influence
by type. Human social psychology categorizes au-
thority into various components (French, 1959).
However, existing studies have primarily relied on
single authority cues such as ‘expert’ or ‘source’
(Chen et al., 2024; Ye et al., 2024; Liu et al., 2024),
and such approaches have limitations in analyzing
bias differences according to authority types.

To address these limitations, we propose an ex-
perimental design that systematically examines
how authority bias manifests in dynamic free-
response situations within multi-agent contexts.
Applying French and Raven’s power-based the-
ory (French, 1959), we classify authoritative roles
into legitimate, referent, and expert power types,
and conduct experiments utilizing ChatEval (Chan
et al., 2023), a multi-agent evaluation framework
that enables observation of natural bias patterns
without manipulating conversations. This study
comprises two experiments: (1) a free-form con-
dition where authoritative roles participate from
the beginning in free dialogue, and (2) a content-
controlled condition where only role labels are
changed while conversational content remains iden-
tical. Additionally, we track decisions across 12
conversational turns to capture dynamic changes in
authority bias and compare pattern between LLM:s.

Our study makes three contributions. First, our
paper is the first study to systematically analyze
role-based authority bias in free-form situations
utilizing MAS. Second, by observing dynamic
changes in continuous interaction processes beyond
existing one-shot authority bias measurement ap-
proaches, we provide new insights into authority
bias mechanisms in MAS. Third, by applying the
power-based theory to Al systems and analyzing
differences in bias patterns across authority types,
we provide important foundational data for bias
mitigation strategies in future MAS construction.

2 Related Work

In this section, we review prior work on role as-
signment in multi-agent systems and authority bias

in LLMs. We highlight two key gaps: (1) MAS re-
search has overlooked the potential biasing effects
of authoritative roles, and (2) existing authority
bias studies rely on artificial interventions and one-
shot measurements that fail to capture dynamic,
naturalistic interactions.

2.1 Multi-Agent Role

Research on solving problems by assigning roles to
agents in MAS has been actively conducted across
various domains, yet most studies have overlooked
authority bias in role assignment. In software de-
velopment, ChatDev and MetaGPT utilize roles
such as CTO, Programmer, and Product Manager
(Qian et al., 2023; Hong et al., 2023); in academic
research, systems employ PostDoc, PhD Student,
and Teacher roles (Schmidgall et al.; Rasal, 2024).
For collaborative and evaluation tasks, AutoGen
uses Commander and Writer roles (Wu et al., 2023),
while ChatEval (Chan et al., 2023) and Wang et al.
(2025) construct evaluation systems with roles in-
cluding Supervisor, Evaluator, and Revisor. These
studies report improved performance through au-
thoritative role assignment, but they do not consider
the biasing effects that authority inherent in roles
may have on agent interactions.

2.2 Authority Bias

Existing studies measuring authority bias in LLMs
have primarily adopted approaches that artificially
insert authority cues. Chen et al. (2024) added
fake references to paired answers, Ye et al. (2024)
inserted expert information to identical sentence
pairs, and Liu et al. (2024) presented authority
prompts such as "I am an expert." However, these
artificially inserted settings have low realism and
constrain LLMs’ free-form responses, failing to
capture natural bias patterns emerging in practice.

Furthermore, most authority bias studies have
remained limited to one-shot measurements. Choi
et al. (2025) quantified position changes of neu-
tral agents in simulated debates but used single-
turn designs. Similarly, Filandrianos et al. (2025)
and Moon et al. (2025) measured authority bias
through recommendation rankings and code eval-
uation scores respectively, but only evaluated one-
shot results. These studies confirmed the existence
of bias without analyzing the specific mechanisms
through which bias occurs or its temporal change
patterns across sustained multi-agent interactions.

Existing studies show limitations of either focus-
ing only on the positive effects of role assignment
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Figure 1: Overview of experimental framework with authoritative roles classified into three power types and 12-turn
conversations between General Public and Authoritative role agents.

in MAS or measuring authority bias through arti-
ficially manipulated one-shot experiments. These
approaches fail to provide systematic understand-
ing of how role-based authority bias occurs and
changes in multi-agent environments.

3 Experimentl : Free Form Experiment

To address these limitations, we systematically an-
alyze how role-based authority bias affects agent
interactions in Multi-Agent environments. This sec-
tion examines patterns of authority bias in LLMs
under free-form conditions. Specifically, we de-
scribe how we designed authoritative roles based
on French and Raven’s power theory used in the
experiments, the construction of free-form condi-
tions utilizing the ChatEval framework, experimen-
tal procedures, and results. Detailed experimental
setups are provided in Appendix A.

3.1 Design of Authoritative Roles

To select authoritative roles to assign to LLMs, we
identified three authority types that can naturally
manifest in role-based contexts from French and
Raven’s five power types and utilized them in our
experiments (French, 1959). We used three roles
for each of three power types to capture diverse as-
pects of authority. First, Legitimate Power derives
from formal position or legal authority, for which
we established Judge, Foreman, and Management
roles (French, 1959). Second, Referent Power
stems from personal appeal or respect, for which
we used Supervisor, Leader, and Mentor roles
(Peyton et al., 2019; Haller et al., 2018; Godshalk
and Sosik, 2000). Third, Expert Power is based on
specialized knowledge or technical skills, for which

we assigned Specialist, Expert, and Attorney
roles (French, 1959). Detailed role selection can
be found in supplementary material.

3.2 Generation of Chat Data

We collected chat data utilizing the free-form di-
alogue of ChatEval (Chan et al., 2023), a Multi-
Agent-based evaluation framework aligned with
the LLM-as-Judge paradigm. We intentionally se-
lected this evaluation task because it has no defini-
tive correct answer. As tasks with ground truth
answers would lead agents to converge on correct
responses of authority, it could be difficult to isolate
convergence due to authority influence from natu-
ral convergence. As evaluation task that we used
in this study seldom have such common ground
truth, it is much easier to watch authority influence.
Using natural interactions between agents, Chat-
Eval asks agents to discuss two writing options
and choose the best quality. In our experiment, we
used two agents, General Public and an authorita-
tive role, discussing two options using the same
two datasets: FairEval (Wang et al., 2024) with 80
examples and Topical-Chat (Gopalakrishnan et al.,
2023) with 60 examples.

Specifically, for each pair of writing options,
agents had a 12-turn conversation session and
we collected the dialogue. The General Public
agent initiates the conversation, after which the
two agents alternate for a total of 12 turns. Ex-
periments are conducted individually for each of
the nine authoritative roles designed previously.
In each dialogue session, agents freely exchange
opinions and engage in discussions about the given
evaluation task. To control other possible factors



during the experiment, we preserved the ChatEval
framework code, modifying only the role names
(General Public) to authoritative roles (e.g., Judge,
Expert) while keeping all instructions and system
configurations identical.

3.3 Experimental Procedure

During the free-form conversation, we track deci-
sion changes of General Public. Following Chat-
Eval framework (Chan et al., 2023), we can ask
each agent to evaluate two writing options after
each turn based on the current conversation. Each
agent evaluates the quality of each option using
a 10-point scale, and decides the highest-scoring
option as the writing with the best quality. When
both options receive identical scores, the response
is classified as neutral. By tracking changes in
these decision, we can observe authority bias.

To track temporal changes in authority bias, we
collect decisions from two agents. For the initial de-
cision of General Public, we collected its decision
S(Gl 1)3 at turn 1, which is the beginning of the discus-
sion and without the authority influence. Similarly,
we collected initial decision of the authoritative
role S,(4212th at turn 2, after its first utterance. We
further measured the decision of General Public
Sggg at turns ¢t = 4, 8, and 12, to identify changes.

To prevent evaluations of prior turns from influ-
encing subsequent interactions or judgments, eval-
uation scores are not recorded in the chat log. This
allows us to how the interaction between two agents
impacts on the General Public’s decision and how
such influence changes as the conversation.

3.4 Evaluation

To measure authority bias, we defined response
selection agreement A; and Cohen’s Kappa co-
efficient x; between two agents, for each turn
t=1,4,8and 12:

A, = Agreement(Sg}:,S,(fqzth)
k¢ = Cohen’s Kappa(nga’S,(AzL)tth)

Specifically, using the authority agent’s decision
at turn 2 as a fixed reference point, we measured
the degree of agreement with the General Public’s
decision at turns 1, 4, 8, and 12; thereby, we could
track changes in authority bias as conversations
progressed. Note that we can identify a increasing
conformity to authority judgments when A; and k¢
(t = 4,8,12) is higher than A; and k1, respectively.
So, we operationally define this phenomenon of

increasing agreement levels from A; to subsequent
turns as authority bias.

3.5 Selected Models

After conducting preliminary experiments with var-
ious state-of-the-art LLMs, we selected models
capable of maintaining fluent and consistent dia-
logue in extended 12-turn discussions. Though we
initially tested five models including QwQ (Team,
2025), Gemini 2.5 Pro (Comanici et al., 2025) and
Mixtral (Jiang et al., 2024), we found that only
DeepSeek R1 (Guo et al., 2025) and GPT-40 (Hurst
et al., 2024) successfully finished all tasks without
generating repeated responses. Consequently, we
utilized DeepSeek R1 and GPT-40, which demon-
strated fluent conversational abilities. All experi-
ments were conducted with temperature set to 0 for
reproducibility, and model calls were made through
the OpenRouter API (OpenRouter, 2025).

3.6 Result and Discussion

Referring to Table 1, General Public follow the
opinions of authority roles in most results. Across
all experimental conditions, the agreement in A
was measured lower than subsequent turns (A4, As,
Aj2), clearly confirming the presence of authority
influence. Particularly, differences between models
and roles were prominently observed, while differ-
ences between turn numbers were not observed.

Model In the model comparative analysis,
DeepSeek R1 showed significantly higher agree-
ment levels than GPT-40. For example, DeepSeek
R1 showed A; of 100% at least once in 6 out of
9 roles on Topical-Chat dataset, indicating greater
susceptibility to authority influence compared to
GPT-40. Additionally, DeepSeek R1’s initial agree-
ment (A1) was higher than GPT-40’s, suggesting
differences in the models’ inherent sensitivity to
authority. Particularly for GPT-4o, it was difficult
to definitively conclude that authority influence
occurred for roles with Legitimate Power (Judge,
Foreman, Management). Examining the agreement
change patterns for Legitimate Power roles, 5 out
of 6 cases showed phenomena where agreement
partially decreased as turns increased. When com-
pared with DeepSeek R1 under identical condi-
tions, GPT-40 consistently showed lower agree-
ment levels across all turns. To identify the causes
of these inter-model differences, we analyzed ac-
tual response distributions and found that GPT-40
had a tendency to excessively select neutral opin-



GPT-40 Deepseek R1
FairEval Topical-Chat FairEval Topical-Chat

t1 t4 ts t12 tl t4 tg t12 tl t4 ts t12 tl t4 t8 t12

Judge A: | 863 85.0 83.8 85.0 | 58.3 65.0 60.0 56.7 | 85.0 93.8 95.0 95.0 | 83.3 96.7 96.7 96.7
ke | 0.71 0.68 0.65 0.68 | 0.37 0.47 0.40 0.35 | 0.72 0.87 0.90 0.90 | 0.72 0.94 0.94 0.94

Foreman A | 663 70.0 73.8 73.8 | 46.7 61.7 66.7 58.3 | 80.0 90.0 95.0 95.0 | 90.0 100 96.7 98.3
ke | 0.43 047 0.53 0.54 | 0.19 0.42 0.49 0.37 | 0.64 0.81 0.90 0.90 | 0.81 1.00 0.93 0.96
Management A; | 68.8 71.3 70.0 71.3 | 50.0 58.3 60.0 56.7 | 78.1 90.6 90.6 93.8 | 90.0 98.3 98.3 98.3
ke | 0.45 047 0.44 047 | 0.19 0.39 0.41 0.36 | 0.61 0.83 0.82 0.88 | 0.82 0.97 0.97 0.97

Supervisor A | 66.3 76.3 75.0 73.8 | 50.0 68.3 65.0 70.0 | 82.5 93.8 95.0 95.0 | 91.7 100 96.7 98.3
ke | 0.38 0.54 0.52 0.50 | 0.27 0.49 0.44 0.52 | 0.68 0.88 0.90 0.90 | 0.83 1.00 0.93 0.97

Leader A | 62.5 68.8 68.8 70.0 | 46.7 65.0 66.7 63.3 | 81.3 96.3 96.3 93.8 | 85.0 98.3 98.3 100
ke | 0.37 046 0.46 0.49 | 0.20 0.47 0.49 0.44 | 0.66 0.92 0.92 0.87 | 0.73 0.97 0.97 1.00

Mentor A | 625 71.3 72.5 68.8 | 38.3 56.7 56.7 61.7 | 81.3 90.0 91.3 91.3 | 90.0 96.7 96.7 95.0
ke | 0.38 0.50 0.53 0.47 | 0.10 0.33 0.33 0.40 | 0.67 0.80 0.83 0.83 | 0.81 0.93 0.93 0.90

Specialist ~ A; | 63.8 71.3 71.3 71.3 | 46.7 58.3 56.7 56.7 | 81.3 96.3 95.0 95.0 | 93.3 100 100 100
ke | 035 0.47 0.46 0.48 | 0.18 0.40 0.37 0.37 | 0.65 0.92 0.89 0.89 | 0.87 1.00 1.00 1.00

Expert A | 70.0 76.3 75.0 76.3 | 50.0 63.3 65.0 63.3 | 82.5 92.5 95.0 95.0 | 91.7 100 100 100
ke | 0.49 0.58 0.56 0.58 | 0.24 0.45 0.47 0.45 | 0.67 0.84 0.90 0.90 | 0.84 1.00 1.00 1.00

Attorney A | 60.0 70.0 70.0 68.8 | 38.3 56.7 55.0 55.0 | 85.0 91.3 93.8 91.3 | 90.0 100 100 100
ke | 0.32 048 0.48 0.46 | 0.01 0.40 0.37 0.38 | 0.71 0.82 0.87 0.82 | 0.81 1.00 1.00 1.00

Table 1: Experimental result of Free-form analysis. For each time step t; (i = 1,4,8,12), each row present
agreement (A;) and Cohen’s Kappa (x;) values between General Public and authority roles at ¢;.

GPT-40 Deepseek R1
FairEval TopicalChat | FairEval TopicalChat

Judege 0.12 0.37 0.04 0.04
Foreman 0.25 0.35 0.04 0.00
Management| 0.29 0.45 0.06 0.02
Supervisor 0.24 0.27 0.04 0.00
Leader 0.29 0.34 0.00 0.00
Mentor 0.29 0.30 0.05 0.00
Specialist 0.28 0.40 0.03 0.00
Expert 0.24 0.35 0.03 0.00
Attoney 0.30 0.45 0.00 0.00

Table 2: Neutral response selection rates by authoritative
roles at A5 across models and datasets.

ions, as confirmed in Table 2: GPT-40 selected
neutral options in 12%-45% cases, and Deepseek
R1 selected them in less than 6%. So, we suspect
that the neutral responses might affect the outcome
of this model comparative analysis.

Neutral Option To further investigate this phe-
nomenon, we separated GPT-40’s responses into
two groups: cases where authoritative roles se-
lected neutral options and cases where they selected
non-neutral options, then measured authority bias
for each group. Due to the space limitation, we de-
scribe some significant results here, to help readers
understand the phenomenon. Appendix C presents
detailed results for each case.

In the group where authoritative roles selected
only neutral options, the average differences be-
tween A; and A4 for each authority type were:
Legitimate group 36%, Referent group 32.6%, and
Expert group 31.1%. All roles showed notably de-
creased A; values in turns 4, 8, and 12 compared
to turn 1. This confirms that General Public agents
with GPT-40 are not actually influenced by author-
ity when Authority roles makes neutral selections.

Conversely, in the group excluding neutral op-
tions, the average differences between A, and A4
for each authority type showed increases: Legiti-
mate group 28.7%, Referent group 32.3%, and Ex-
pert group 35.9%. Most roles demonstrated sharp
increases in A; and x; values in turns 4, 8, and 12
compared to turn 1, confirming that General Public
agents with GPT-4o follow Authority’s opinions
when Authority roles took definite positions.

Overall, the difference between DeepSeek R1
and GPT-4o0 can be attributed to GPT-40’s higher
rate of neutral responses. When authoritative roles
provide neutral responses, General Public agents
do not follow those opinions, representing an ex-
ceptional phenomenon where authority influence
is negated. When agreement was remeasured ex-
cluding neutral options, GPT-40’s indicators were
adjusted to levels similar to DeepSeek R1.



Role Through the results in Table 1, we can ob-
serve patterns where authority influence varies ac-
cording to roles. Analysis results show that role
groups with Legitimate Power (Judge, Foreman,
Management) exhibited relatively lower influence
compared to other authority groups. Specifically,
in GPT-40 on Faireval dataset, the average differ-
ence between A; and A4 for the Legitimate Power
group was 2.8%, while the Referent Power group
(Supervisor, Leader, Mentor) showed 7.5%, and
the Expert Power group (Specialist, Expert, At-
torney) showed 7.2% difference. This pattern ap-
pears consistently in DeepSeek R1 as well, and
similar tendencies can be confirmed in the Topical-
Chat dataset. Particularly, roles with Expert Power
(Specialist, Expert, Attorney) were observed to
reach complete agreement in all three roles under
DeepSeek R1’s Topical-Chat conditions.

To identify the causes of these differences be-
tween authority groups, we reviewed psychological
literature and confirmed the characteristics of each
authority type. According to Carson et al. (1993),
Legitimate Power is authority based on formal po-
sition or social status, Referent Power is authority
derived from personal appeal or trust, and Expert
Power is authority based on specialized knowledge
or technical competence. Considering that this
study dealt with evaluation tasks, evaluation situa-
tions have characteristics where accurate judgment
and reliability are emphasized. Therefore, there is a
possibility that Expert Power based on specialized
knowledge or Referent Power based on trust may
be perceived as more persuasive in evaluation con-
texts than Legitimate Power that relies on simple
formal position. However, while we can consider
the possibility that the patterns observed in this
study may be related to the inherent differences
between these authority types, further research is
needed to draw clear conclusions.

When examining the results after excluding neu-
tral options, these role-based differences become
even more pronounced. Due to the space limita-
tion, we only describe some significant results here.
For instance, the Judge role in Faireval showed no
change or even a 1.4% decrease between turn 1 and
subsequent turns 4, 8, and 12. Similarly, other Le-
gitimate Group roles including Foreman and Man-
agement exhibited minimal agreement changes
compared to other role groups. Conversely, Ex-
pert Group roles demonstrated the largest change
magnitude among all groups. From a temporal
perspective, the average changes after turn 4 were:

Legitimate group 2.5%, Referent group 2.8%, and
Expert group 3%, maintaining consistently similar
values throughout subsequent turns.

Turn When observing changes according to
turns, we analyzed the change patterns of A4, Ag
and Ais, excluding A; which was not influenced
by authoritative roles. As a result, we did not ob-
serve typical authority bias patterns where agree-
ment continuously increased with increasing turn
numbers. Instead, the following two patterns fre-
quently appeared: 1) A4y = Ag = Aj2 and 2)
Ay < Ag = Ajo, which occurred in 5 and 10 cases
for DeepSeek R1, and 2 cases each for GPT-4o.
The emergence of these irregular patterns suggests
the possibility that they were influenced by con-
versational content rather than pure authority influ-
ence. In free-form conversations, new information
or arguments are presented at each turn, and these
content-related factors are presumed to have af-
fected changes in A;. These findings indicate the
necessity for a controlled experiment to isolate the
pure effect of authoritative role from content.

4 Experiment 2 : Controlling Content

Experiment 2 was designed to extend the findings
of Experiment 1 and identify where authority bias
specifically manifests. To distinguish whether the
observed authority bias stems from roles them-
selves or conversational content differences, we
conducted a controlled experiment that regulates
conversational content. Through this approach, we
aim to more accurately identify the causes of au-
thority bias and provide in-depth analysis of the
sources of authority bias arising from roles in MAS.

4.1 Experiment Procedure

The experimental procedure was identical to Ex-
periment 1 except how we used the authoritative
roles. In this experiment, we utilized conversa-
tion datasets between two General Public agents,
instead of using conversation between General Pub-
lic and authoritative roles. For Public-Authoritative
conversations, we only altered the second agent’s
role from General Public to one of the nine au-
thoritative roles while maintaining the contents of
Public-Public conversation unchanged. This de-
sign allows us to isolate and observe the pure ef-
fect of role labeling on decisions while eliminating
the influence of conversational content. The mod-
els used, datasets, evaluation turns, and evaluation
score collection methods were all applied identi-



GPT-40 Deepseek R1
FairEval Topical-Chat FairEval Topical-Chat
tl t4 tg t12 tl t4 ts t12 t1 t4 tg t12 tl t4 ts t12
General Al 91.3 988 975 975 | 71.7 750 733 733 | 93.8 98.8 98.8 98.7 | 86.7 91.7 90.0 90.0
Public ke | 0.81 097 0.94 094 | 0.58 0.61 0.58 0.58 | 0.89 098 098 098 | 0.75 0.84 0.81 0.81
Judge Al 53.8 625 613 60.0 | 633 61.7 633 66.7 | 87.5 98.8 98.8 98.8 | 85.0 96.7 96.7 98.3
ke | 027 041 039 038 | 045 044 046 051 | 0.77 097 097 097 | 0.73 0.93 093 0.97
Foreman A¢| 68.8 70.0 70.0 70.0 | 53.3 60.0 60.0 63.3 | 87.5 98.8 98.8 100.0 | 88.3 98.3 98.3 98.3
ke | 047 048 048 048 | 0.28 042 042 047 | 077 097 097 1.00 | 0.79 0.97 097 0.97
Management A;| 55.0 48.3 51.7 48.3 | 70.0 75.0 73.8 70.0 | 86.3 963 97.5 97.5 | 90.0 96.7 983 98.3
ke | 036 047 043 045 | 029 030 034 030 | 075 093 095 095 | 0.82 0.93 097 0.97
Supervisor  A;| 65.0 68.8 70.0 71.3 | 46.7 58.3 63.3 61.7 | 86.3 97.5 98.8 975 | 88.3 98.3 96.7 96.7
ke | 039 045 047 049 | 020 0.38 045 043 | 0.75 095 097 095 | 0.79 0.97 094 094
Leader A 700 75.0 73.8 70.0 | 483 66.7 66.7 66.7 | 81.3 100.0 98.8 98.8 | 86.7 96.7 98.3 98.3
ke | 0.50 0.58 0.55 049 | 0.22 0.50 0.50 0.50 | 0.67 1.00 097 097 | 0.76 0.93 097 0.97
Mentor Al 738 763 750 75.0 | 533 71.7 66.7 683 | 81.3 97.5 963 96.3 | 90.0 96.7 96.7 98.3
ke | 0.54 0.58 0.56 032 | 0.32 0.55 048 050 | 0.67 095 093 092 | 0.81 0.93 093 097
Specialist  A;| 61.3 65.0 65.0 663 | 55.0 63.3 66.7 633 | 80.0 975 963 963 | 85.0 96.7 98.3 98.3
ke | 0.37 042 042 045 | 032 045 051 046 | 0.64 095 093 092 | 0.74 093 097 0.97
Expert A¢| 65.0 70.0 70.0 70.0 | 56.7 51.7 55.0 533 | 85.0 98.8 98.8 100.0 | 86.7 95.0 98.3 98.3
ke | 043 050 0.50 0.50 | 0.32 0.31 037 034 | 0.73 097 097 1.00 | 0.76 0.90 0.97 0.97
Attorney Al 663 775 775 763 | 467 733 750 75.0 | 825 98.8 975 97.5 | 91.7 98.3 96.7 96.7
ke | 040 059 0.59 0.56 | 0.24 0.57 0.60 0.60 | 0.70 097 095 095 | 0.84 0.97 093 0.93

Table 3: Experimental result of Content-controlled analysis. For each time step ¢; (: = 1,4, 8, 12), each row present

agreement (A;) and Cohen’s Kappa (x;) values between General Public and authority roles at ¢;.

cally to Experiment 1. The authority bias measure-
ment methodology also utilized the same formulas
from Experiment 1 to ensure consistency of results.

4.2 Result and Discussion

As shown in Table 3, we observed conversations
between General Public agents where only one
agent’s role name was changed to an Authoritative
role. As a result, two major findings emerged. First,
there were significant differences between Public-
Public conversations and Public-Authoritative con-
versations. Second, Similar patterns to experiment
1 results appeared despite controlling for content.

Overall Upon comparing the results be-
tween Public-Public conversation and Public-
Authoritative conversation, notable differences
were confirmed in A; and x; values. The A;
values for non-authoritative General Public agents
were significantly higher than those in cases with
authoritative roles. Based on these observations, it
can be interpreted that while the second General
Public was influenced by opinion of the first
General Public, Authoritative roles may not have
been influenced by General Public responses,
which is similar result to Experiment 1. Analyzing
these patterns, it could be interpreted that rather

than General Public agents being influenced by
Authority, Authoritative roles tend to show less
conformity to General Public opinions.

Neutral Option These results became more pro-
nounced when removing GPT-40’s neutral option
responses, as mentioned in experiment 1. Due to
the space limitation, we describe some significant
results here, and detailed results are presented in
Appendix D.

When measuring authority bias in GPT-40’s neu-
tral option group versus non-neutral options, the
neutral group showed decreased A; values in turns
4, 8, and 12 compared to turn 1 across most roles.
This suggests a phenomenon similar to experiment
1, where GPT-40 may not actually be influenced by
authority when making neutral choices.

In the group excluding neutral options, sharp
increases in both A; values and x; values were ob-
served in turns 4, 8, and 12 compared to turn 1.
This could suggest that General Public agents fol-
low Authority opinions. Comprehensively consid-
ering this phenomena on non-neutral option, GPT-
40 becomes showing similar patterns to DeepSeek
R1. Detailed results are in Appendix C and D.



Role Role effects also demonstrate similar pat-
terns to experiment 1. Despite controlling for con-
tent influence, Legitimate roles (Judge, Foreman,
Management) showed weaker impact compared to
other authority types. Analysis of Table 3 reveals
that both GPT-40 and DeepSeek R1 exhibited rel-
atively lower increases in A; for the Legitimate
Power group compared to other authority types.
Notably, Expert Power roles in DeepSeek R1 main-
tained high agreement levels above 95% even when
controlling contents, reconfirming strong expertise-
based authority in evaluation tasks. When com-
pared to Public-Public conversations, the inclu-
sion of Authoritative roles consistently resulted
in markedly lower A; values across all authority
types. This suggests that authority bias stems from
the authoritative characteristics of roles themselves
rather than conversational content. Particularly,
the pattern observed in human social psychology
where Expert and Referent Power exert stronger
influence than Legitimate Power in evaluation con-
texts (Carson et al., 1993) is reproduced in LLMs.

Turn The temporal dynamics of authority bias
in experiment 2 mirror the patterns observed in ex-
periment 1. When examining turn-by-turn changes,
we did not observe typical patterns of authority
bias, i.e., continuously increasing agreement. In-
stead, two patterns emerged as in experiment 1: 1)
Ay = Ag = Ao and 2) Ay < Ag = Aio, appear-
ing in 8 cases for DeepSeek R1 and 3 cases for GPT-
4o0. Critically, when considering Ay, authority-
absent conversations maintained high initial agree-
ment throughout subsequent turns, while authority-
present conversations showed persistent low agree-
ment. This suggests that in authority-absent dia-
logues, initial content continues to influence de-
cision making through the conformity of General
Public agents. Whereas, in authority-present di-
alogues, the independent nature of authoritative
roles from General Public opinions weakens the
influence of turn 1 while amplifying the impact of
turn 2. This pattern remained consistent even when
controlling contents in experiment 2, confirming
that temporal dynamics of authority bias may stem
from structural power relationships rather than con-
versational content.

Overall Discussion Results of experiment 2 pro-
vide important insights into the nature of authority
bias in MAS. The most significant finding is that
the mechanism of authority bias differs from pre-
vious assumptions. While existing study assumed

that General Public agents are actively influenced
by Authority opinions, our results revealed differ-
ent pattern. Public-Public conversations show high
initial agreement A, whereas conversations includ-
ing Authoritative roles exhibit markedly lower A;
values. This suggests that Authoritative roles tend
to maintain their positions without being influenced
by other opinions. Consequently, the observed au-
thority bias can be interpreted not as General Public
agents actively conforming to Authority, but as a
phenomenon resulting from the combination of two
tendencies: (1) Authority agent persists in main-
taining its position, and (2) General Public agent is
too flexible to agree with others’ opinion.

Also, the emergence of identical patterns to ex-
periment 1 despite controlling for conversational
content confirms that such authority bias stems
from role labels themselves rather than content.
This indicates that LLMs recognize the social au-
thority structures inherent in roles and exhibit cor-
responding behavioral patterns. Moreover, neutral
option analysis and temporal patterns demonstrate
that this mechanism is established early and per-
sists over time. Authoritative roles’ position main-
tenance and General Public’s gradual conformity
are formed in the early stages of content and subse-
quently stabilize throughout the discussion.

These results present a new perspective that au-
thority bias in MAS is based on independence and
consistency of Authoritative roles rather than mu-
tual influence, suggesting that future MAS design
requires bias mitigation strategies that consider
such asymmetric interaction patterns.

5 Conclusion

Our study presents the first systematic analysis of
role-based authority bias in Multi-agent systems.
Through free-form and content-controlled exper-
iments using ChatEval, we demonstrated that au-
thority bias stems from inherent role characteristics
rather than conversational content. Our findings
reveal that referent and expert power roles exert
stronger influence than legitimate power roles, mir-
roring human social psychology theory. Crucially,
authority bias operates not through active confor-
mity by general agents, but through a mechanism
where authoritative roles maintain their positions
while general agents demonstrate flexibility. These
insights provide foundational knowledge for de-
signing multi-agent frameworks where asymmetric
interaction patterns significantly affect outcomes.



Limitations

This study systematically analyzes role-based au-
thority bias in multi-agent evaluation systems, but
two key limitations should be acknowledged. First,
experiments were conducted using GPT-4o0 and
DeepSeek R1, selected for their capability to main-
tain fluent dialogue across 12-turn conversations;
however, this requirement constrained the diversity
of models examined. Second, our ChatEval-based
framework was designed to capture authority bias
in evaluation tasks, yet multi-agent systems are de-
ployed across diverse domains such as creative col-
laboration, technical problem-solving, and strategic
planning. These domains may exhibit different au-
thority bias patterns that our evaluation-focused
design does not address.
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The Use of Large Language Models

We used Al assistance tools during the writing pro-
cess of this manuscript. Specifically, we employed
Grammarly for grammar checking, and GPT-5 for
language polishing and improving clarity of expres-
sion. These tools were used for editorial purposes.

A Experiment Setup

A.1 Experimental Framework

All experiments were conducted using the Chat-
Eval (Chan et al., 2023) framework, maintaining
identical configurations to the original implementa-
tion. We preserved all system prompts, instructions,
and dialogue structures from ChatEval, modifying
only the role assignments to examine authority ef-
fects. Detailed implementation and prompts can be
found in our code: [Under Review].

A.2 Prompt Setup

To isolate the effect of role-based authority, we
kept all prompt components constant except for
the role name and its co-reference in the role de-
scription. The following templates compares the
original attempt and our approach. The first tem-
plate indicates general public agent specified in the
original ChatEval framework:

Name: General Public
Role description:

You are now General Public, one of the refer-
ees in this task. You are interested in the story
and looking for updates on the investigation.
Please think critically by yourself and note
that it is your responsibility to choose which
response is better.

And, the next template shows how we modified
the basic template with authority roles.

Name: [Authority Role]
Role description:
You are now [Authority Role], one of the ref-
erees in this task. You are interested in the
story and looking for updates on the investi-
gation. Please think critically by yourself and
note that it is your responsibility to choose
which response is better.

Where [Authority Role] is replaced with one of
the nine authoritative roles: Judge, Foreman, Man-
agement, Supervisor, Leader, Mentor, Specialist,
Expert, or Attorney.
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B Proof of Authority Role Design

In this section, we describe the detailed justification
for our selection of nine authority roles inspired by
French (1959).

B.1 Legiminage Power

French (1959) defined legitimate power as the in-
fluence that emerges when P accepts that O has
rightful authority to give directives and feels obli-
gated to comply. This power stems from social and
normative approval granted to positions, creating
voluntary compliance because individuals perceive
the authority as rightful.

Judge A judge represents a role with institution-
ally granted authority to make definitive judgments
and render final decisions that others are expected
to accept. This role embodies the power to evalu-
ate situations and pronounce authoritative verdicts
based on recognized legitimate right to make bind-
ing determinations. French (1959) presented judge
as an exemplary profession where legitimate power
manifests through formal position-based authority.

Foreman A foreman represents a role with for-
mally designated authority to direct and coordinate
others’ actions within structured hierarchies. This
position embodies the power to assign tasks and en-
sure compliance through officially recognized right
to make operational decisions. French (1959) de-
scribed foreman as demonstrating legitimate power
through institutionally sanctioned supervisory au-
thority.

Management Management represents roles with
institutionally sanctioned authority to make strate-
gic decisions and control organizational resources.
This encompasses positions with formal power
to set policies and direct organizational behav-
ior through recognized executive decision-making
rights. French (1959) identified management as ex-
emplifying legitimate power through institutional
mandate to make authoritative choices.

B.2 Reference Power

French (1959) defined referent power as influence
that emerges when P seeks to identify with O and
feels attraction and respect toward O. This rep-
resents power arising from voluntary compliance
driven by P’s motivation to become like O.

Supervisor A supervisor embodies a role that
commands respect and voluntary compliance



through demonstrating exemplary work practices
and care for team development. This position rep-
resents the power to influence through being per-
ceived as someone whose methods and approaches
others want to emulate and Haller et al. (2018)
identified supervisors as roles that team members
respect and wish to model their work practices after,
establishing supervisor as a position where referent
power manifests.

Leader A leader represents a role that influences
others through vision and inspiration, creating vol-
untary followership based on admiration for their
character and direction. This position embodies the
power to guide groups through personal magnetism
and the ability to make others want to align them-
selves with the leader’s mission. French (1959)
noted that referent power emerges when followers
admire leaders and seek to identify with them as
role models, positioning leader as an exemplar of
referent power.

Mentor A mentor represents a role that wields
influence through being perceived as a wise guide
whose experience and counsel others actively seek
and value. This position embodies the power to
shape development through being seen as someone
worth emulating in both professional and personal
growth. Godshalk and Sosik (2000) observed that
mentees commonly attribute referent power to men-
tors, establishing mentor as a role where referent
power naturally emerges.

B.3 Expert Power

French (1959) defined expert power as influence
that forms when someone is perceived to possess
special knowledge or expertise. When P believes
O has superior knowledge and credible expertise,
P voluntarily follows O’s guidance, maintaining
compliance even without rewards or punishments.

Specialist A specialist represents a role that com-
mands deference through possessing concentrated,
domain-specific knowledge that others recognize
as superior in particular areas. This position em-
bodies the power to influence decisions through
demonstrated mastery of specialized information
and techniques. French (1959) noted that expert
power emerges specifically when others perceive
someone as having special knowledge in defined
domains, making the specialist role a direct man-
ifestation of expertise-based influence within lim-
ited fields.
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Expert An expert embodies a role with compre-
hensive mastery that others acknowledge as author-
itative within specific domains. This position repre-
sents the power to shape opinions through demon-
strated competence and superior analytical capa-
bility that provides persuasive decision-making re-
sources. French (1959) emphasized that expert
power stems from recognized superior knowledge
and judgment abilities across broader areas of ex-
pertise, positioning the expert role as the archetypal
example of comprehensive expertise-based author-
ity.

Attorney An attorney represents a role with
specialized analytical and argumentative capa-
bilities that others recognize as essential for
navigating complex evaluative processes. This
position embodies the power to influence through
systematic reasoning and structured analysis that
others find compelling and trustworthy. French
(1959) specifically cited accepting legal counsel as
a common example of expert influence in action,
identifying the attorney role as a prime illustration
of how specialized knowledge creates authoritative
influence in decision-making contexts.

C Neutral response on Experiment 1

Table 4 shows GPT-40 authority bias results
from Experiment 1, separated by neutral versus
non-neutral response conditions. Authority bias
emerges only when authoritative roles take clear
positions, not when providing neutral responses.
See Table 4 on page 13 for detailed analysis.

D Neutral response on Experiment 2

Table 5 shows GPT-40 authority bias results from
Experiment 2’s content-controlled conversations,
separated by neutral versus non-neutral response
conditions. This experiment isolates role-based
authority effects by controlling conversational con-
tent while varying only role labels. See Table 5 on
page 13 for detailed analysis.



GPT-40 non-neutral option
FairEval Topical-Chat

GPT-40 neutral option
FairEval Topical-Chat

t1 t4 ts  ti2 t1 ta ts  ti2 t1 ta ts  ti2 t1 tq ts  ti2
Judge A | 958 958 944 958 | 553 974 947 89.5 | 11.1 0.00 0.00 0.00 | 63.6 9.1 0.00 0.00
ke | 0.89 0.89 0.86 0.89 | 0.38 0.95 0.90 0.80 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Foreman A; | 80.0 933 983 98.3 | 48.7 923 87.2 84.6 | 350 0.00 0.00 0.00 | 429 4.8 286 9.5
Kt 0.60 0.84 096 096 | 0.31 0.84 0.75 0.70 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Management A; | 87.7 100 98.2 100 | 39.4 100 100 97.0 | 21.7 0.00 0.00 0.00 | 63.0 7.4 11.1 7.4
k¢ | 0.72 1.00 095 1.00 | 0.23 1.00 1.00 0.93 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Supervisor A | 83.6 100 984 96.7 | 455 90.9 88.6 90.9 | 10.5 0.00 0.00 0.00 | 625 6.3 0.00 12.5
ke | 0.64 1.00 095 091 | 0.28 0.82 0.79 0.83 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00
Leader Ay | 789 96.5 96.5 96.5 | 45.0 92.5 95.0 87.5 | 21.7 0.00 0.00 4.3 50.0 10.0 10.0 15.0
ke | 0.60 092 092 092 | 027 085 0.90 0.77 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Mentor Ay | 789 100 100 96.5 | 33.3 786 76.2 857 | 21.7 0.00 43 0.00 | 50.0 5.6 11.1 5.6
ke | 0.61 1.00 1.00 0.92 | 0.18 0.61 0.57 0.71 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Specialist A; | 81.0 98.3 96.6 94.8 | 41.7 972 944 91.7 | 182 0.00 45 9.1 | 542 0.00 0.00 4.2
ke | 0.59 095 091 0.87 | 0.23 0.94 0.88 0.83 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Expert Ay | 852 100 984 100 | 48.7 949 97.4 89.7 | 21.1 0.00 0.00 0.00 | 52.4 48 4.8 143
Kt 0.71 1.00 0.96 1.00 | 0.32 0.90 095 0.80 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00
Attorney A; | 82.1 100 100 96.4 | 33.3 97.0 939 100 | 83 0.00 000 42 | 444 74 74 0.00
kt | 0.63 1.00 1.00 091 | 0.19 094 0.88 1.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Table 4: Comparison between two responses in GPT-4o,

response versus Non-Neutral response

Experiment 1: Authority initially responds with Neutral

GPT-40 non-neutral option
FairEval Topical-Chat

GPT-40 neutral option
FairEval Topical-Chat

tl t4 tg t12 t1 t4 ts t12 tl t4 ts t12 tl t4 t8 t12

Judge A | 81.6 100 100 98.0 | 622 973 100 100 | 96.8 322 0.00 0.00 | 652 43 43 13.0
ke | 0.65 1.00 1.00 095 | 045 095 1.00 1.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Foreman A: | 895 982 982 982 | 556 972 100 100 | 17.4 0.00 0.00 0.00 | 50.0 4.2 0.00 8.3
ke | 077 096 096 0.96 | 0.37 094 1.00 1.00 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Management A¢ | 852 100 98.1 100 | 54.8 90.3 93.5 90.3 | 11.5 3.8 0.00 0.00 | 552 34 69 34
ke | 0.69 1.00 095 1.00 | 0.36 0.82 0.88 0.82 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Supervisor A; | 879 948 96.6 98.3 | 45.0 85.0 90.0 90.0 | 45 0.00 0.00 0.00 | 50.0 5.0 10.0 5.0
ke | 074 0.88 092 096 | 0.28 0.72 0.81 0.81 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Leader A | 897 100 100 96.6 | 40.0 100 97.5 95.0 | 182 9.1 45 0.00 | 650 0.00 5.0 10.0
ke | 0.78 1.00 1.00 0.93 | 0.25 1.00 0.95 090 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Mentor A: | 91.7 100 100 100 | 47.7 97.7 909 93.2 | 200 5.0 0.00 0.00 | 68.8 0.00 0.00 0.00
ke | 0.81 1.00 1.00 1.00 | 0.32 096 0.83 0.87 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Specialist A: | 865 98.1 100 100 | 47.4 92.1 100 92.1 | 143 3.6 0.00 36 | 682 13.6 9.1 13.6
ke | 070 095 1.00 1.00 | 0.31 0.85 1.00 0.85 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Expert A | 839 100 100 100 | 545 879 939 939 | 20.8 0.00 0.00 0.00 | 593 74 74 37
k¢ | 0.70 1.00 1.00 1.00 | 0.38 0.77 0.88 0.88 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Attorney A¢ | 839 984 984 984 | 444 978 956 956 | 56 56 56 0.00 | 533 0.00 133 133
ke | 0.68 096 096 0.96 | 0.29 095 091 091 | 0.00 0.00 0.00 0.00 | 0.00 0.00 0.00 0.00

Table 5: Comparison between two responses in GPT-4o,

response versus Non-Neutral response
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Experiment 2: Authority initially responds with Neutral
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