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Abstract—Multi-agent large language model (LLM) systems
have shown promising results by dividing tasks among multiple
agents with different roles. However, many existing approaches
focus mainly on collaboration and lack a dedicated mechanism
for critically evaluating and improving generated responses. In
this article, a multi-agent framework known as AdversarialMAS
is introduced, which presents an adversarial critique stage to
improve output quality. The framework consists of a Generator
Agent that creates an initial response, a Critic Agent that
analyzes the response, and a Revision Agent that refines the
final output based on the feedback. Further AdversarialMAS
is evaluated against three approaches: a Single-Agent LLM, a
Sequential Multi-Agent pipeline, and a Self-Refine method. The
evaluation is conducted across three domains—startup strategy
development, research proposal generation, and software system
design. Experimental results from automated metrics and LLM-
based evaluation show that the proposed approach achieves the
highest overall score of 4.19, with improvements in consistency,
completeness, and faithfulness. The results suggest that adver-
sarial critique can be an effective approach for improving the
reliability and quality of multi-agent LLM outputs.

Index Terms—Multi-agent systems, Large Language Models,
adversarial critique, iterative refinement, LLM evaluation

I. INTRODUCTION

Large language models (LLMs) have proved strong potential
in generation, reasoning, and solving complex tasks across
various domains [1]. However, single-agent LLM systems
primarily rely on a single generation process and offer limited
support for error detection, response validation, or content
improvement. These limitations can be overcome by recent
studies that have explored multi-agent LLM systems, where
multiple agents collaborate by dividing tasks or adopting
specialized roles [4], [5], [7].

Although role-based collaboration enhances task organi-
zation, assigning different roles alone does not always im-
prove output quality. However, recent LLM-based multi-
agent systems can be affected by adversarial influence and
communication-level errors, especially in complex problem-
solving scenarios [20]. Many existing multi-agent frameworks
focus on information exchange and sequential task execution
without explicitly challenging or evaluating intermediate re-

sults. As a result, incorrect assumptions or incomplete reason-
ing may continue through the generation process. This creates
a need for stronger feedback mechanisms where outputs are
critically analyzed and refined.

Self-refinement and feedback-driven generation approaches
have demonstrated that iterative evaluation can improve LLM
responses [2], [10]. However, existing approaches often com-
bine generation and evaluation within the same model or
provide limited separation between creation and critique. The
use of independent agents dedicated to adversarial evaluation
remains an important area for further investigation.

This article explains AdversarialMAS, a critique-based
multi-agent framework that aims to enhance the output quality
of LLMs through separated generation, evaluation, and revi-
sion stages. The framework consists of a Generator Agent that
crafts the first output, an Adversarial Critic Agent that detects
the output’s flaws, and a Revision Agent that alters the output
based on the given critique. The primary differentiation of
our framework compared to cooperative pipelines is that our
framework uses critique as a productive component of the
generation process. Several review strategies that employ an
adversarial approach have shown that the critique of interme-
diate output assists in the reliability of LLM for a given task
[19].

Existing multi-agent architectures mainly emphasize task
decomposition and collaboration, while limited work evalu-
ates adversarial critique as a systematic quality improvement
mechanism. To study this effect, AdversarialMAS is com-
pared with a Single-Agent LLM baseline, a Sequential Multi-
Agent pipeline, and a Self-Refine approach across different
application domains. The main contributions ot this work are
summarized as follows:

• A critique-driven multi-agent framework that separates
generation, evaluation, and revision.

• A cross-domain evaluation of AdversarialMAS across
different task complexities.

• A comparative analysis against single-agent, sequential
multi-agent, and self-refinement approaches.



The remainder of this paper is organized as follows. Section
II discusses related work on multi-agent LLM systems and
refinement approaches. Section III introduces the proposed
AdversarialMAS framework. Section IV describes the experi-
mental setup and evaluation methodology. Section V presents
results and discussion, which is followed by conclusions and
future directions in Section VI.

II. RELATED WORK

Multi-agent LLM systems have recently gained attention as
a way to improve task solving by distributing responsibilities
among multiple agents. Similarly distributed intelligent sys-
tems require reliable coordination and trust-aware decision-
making mechanisms to improve overall system performance
[16]. Frameworks such as MetaGPT [4] and AutoGen [5] in-
troduced structured agent collaboration, where different agents
perform specialized tasks and communicate to complete com-
plex objectives. Similar collaborative approaches have been
explored through agent-based systems such as CAMEL [7]
and AgentVerse [8]. These methods demonstrate that role
assignments and interaction between agents can improve task
organization and problem-solving. However, most existing
multi-agent frameworks primarily focus on cooperation and
task completion rather than explicitly evaluating and correcting
generated output through adversarial feedback.

Critique-based refinement has been studied as an effective
approach for improving LLM responses. Prompt engineering
techniques have also been discovered to enhance interaction
quality and guide LLM behavior through structured prompting
patterns [9]. An iterative process where a model generates an
output, provides feedback on its own response, and revises
the result based on that feedback is introduced as Self-Refine
[2]. Similar feedback-driven strategies, including Reflexion
[10] and automated correction methods [11], have shown that
iterative improvement can enhance model performance on
complex tasks. However, these approaches generally rely on
the same model for both generation and evaluation, which may
limit the diversity and effectiveness of the critique process.
The separation of generation and evaluation into independent
agents provides an alternative direction for improving output
quality.

LLM-based evaluation has also become an important area
for assessing generated content quality [13]. LLM-as-a-Judge
approaches enable automated evaluation by using language
models to score and compare responses based on human-
aligned criteria [3]. Other studies have explored the reliability
and alignment of LLM-based evaluation methods for measur-
ing model performance [12], [14]. While these approaches
provide useful quality assessment, evaluation is usually per-
formed after generation rather than being integrated into the
generation process itself.

Existing studies show that multi-agent collaboration, iter-
ative improvement, and automated evaluation can enhance
generated outputs. However, limited research has explored
adversarial critique as part of a multi-agent generation process.

Most current approaches rely on cooperative agents or self-
feedback, where the same model generates and evaluates the
response. The proposed AdversarialMAS framework addresses
this limitation by introducing a separate critic agent that
reviews generated outputs and provides structured feedback
to improve the final result.

III. PROPOSED ADVERSARIALMAS FRAMEWORK

The proposed AdversarialMAS framework introduces ad-
versarial critique as an integrated mechanism for improving
multi-agent LLM output quality. Unlike traditional multi-agent
workflows that mainly rely on cooperation and information
exchange [4], [5], AdversarialMAS separates generation, eval-
uation, and revision into independent agent roles. This design
enables generated responses to be critically examined and
refined before producing the final output.

A. Framework Overview

AdversarialMAS consists of three specialized agents: a
Generator Agent, an Adversarial Critic Agent, and a Revision
Agent. These agents are assigned a domain-specific task
prompt; the Generator Agent [6] creates an initial response
based on the required objectives. These generated responses
are then passed to the Adversarial Critic Agent, which analyzes

Fig. 1. Proposed AdversarialMAS framework consisting of generation,
adversarial critique, and iterative revision stages.



Fig. 2. Architectural comparison of the evaluated approaches.

the output to identify missing information, inconsistencies,
and feasible improvements. Both the original response and
structured critic feedback are utilized by the Revision Agent,
and produce an enhanced version by addressing the identified
limitations. This creates a feedback-driven generation process
where critique directly influences the final response rather than
being used only as an external evaluation step.

The proposed framework workflow is illustrated in Fig. 1.
The architecture follows three main stages: response genera-
tion, adversarial evaluation, and iterative revision. The process
is repeated for multiple cycles, which allows the technique to
gradually improve output quality.

B. Agent Roles and Interactions

The Generator Agent creates the first output for a given task
in a structured format. Its role is only to generate the output
content, as the self-evaluation of the output will be performed
by the Adversarial Critic Agent.

The Adversarial Critic Agent takes the role of an inde-
pendent evaluator. Instead of endorsing the output, the Critic
identifies possible shortcomings of the output and composes
critique. The output is evaluated along five dimensions of
quality: completeness, consistency, feasibility, specificity, and
clarity.

The Revision Agent alters the response based on the pro-
vided critique. It is given both the original response and the
output of the Critic, and as a result, it is able to address the
critiqued shortcomings while retaining the output.

C. Iterative Critique and Revision Process

The framework operates through an iterative refinement
cycle [21], where the current response is evaluated by the
Adversarial Critic Agent and revised according to the gen-
erated feedback during each iteration. The updated response
becomes the input for the next cycle. Three revision iterations
are used to maintain a balance between quality improvement
and computational efficiency. The iterative process allows the
framework to progressively reduce incomplete information,
improve logical consistency, and enhance overall response
quality.

D. Compared Architectures

To evaluate the impact of adversarial critique, Adversar-
ialMAS is compared with three alternative generation strate-
gies: Single-Agent LLM, Sequential Multi-Agent Pipeline, and
Self-Refine.

The Single-Agent method generates a response using only
one model call, without any additional feedback or review.
While the Sequential Multi-Agent method divides the task
among multiple specialized agents that operate in a fixed
workflow. Each agent enhances the output based only on the
previous agent’s result, without directly identifying errors or
providing criticism. This method follows role-based multi-
agent collaboration approaches, such as MetaGPT [4].

The Self-Refine method allows a single model to generate a
response, evaluate it, and revise its own response through iter-
ative feedback [2]. However, AdversarialMAS uses a separate
critic agent to review the generated response independently, in



contrast to Self-Refine. This helps to reduce dependence on
the same model’s reasoning process.

Figure 2 presents the workflow comparison between the four
evaluated approaches. The comparison demonstrates that Ad-
versarialMAS introduces a dedicated critic agent, while other
methods either use direct generation, sequential collaboration,
or self-evaluation.

IV. EXPERIMENTAL SETUP

To evaluate the effectiveness of AdversarialMAS, the eval-
uation compares four generation strategies across multiple do-
mains with different structural requirements. All methods use
the same base model and evaluation conditions to ensure that
performance differences are primarily caused by architectural
design.

A. Evaluation Domains

Startup strategy development, research proposal generation,
and software system design domains are selected to represent
different levels of structural complexity. These domains were
chosen because they require different types of reasoning,
ranging from creative planning to highly structured technical
specifications.

Output depends mainly on creativity, reasoning, and prac-
tical decision-making in a low-constraint domain, such as
a startup strategy. However, research proposal generation
represents a medium-constraint domain with expected aca-
demic structure, including problem definition, methodology,
and expected contribution. Software system design represents a
high-constraint domain where responses must satisfy technical
requirements such as architecture, scalability, and component
interactions. These domains were selected to evaluate LLM
capabilities across different reasoning requirements and levels
of task complexity [1], [14], [22].

Four approaches are evaluated under identical experimental
conditions. The proposed AdversarialMAS framework intro-
duces a separate critic agent between generation and revision,
enabling independent evaluation before producing the final
output.

B. Experimental Configuration

All experiments were performed using Llama 3.1 8B [17],
[18] Instruct as the base language model. The model was
accessed through the Groq API and used consistently across
all approaches and agent roles. Using the same model con-
figuration ensured that observed differences were related to
system architecture rather than model capability differences.
For each domain, five prompts were created, resulting in
15 total prompts. Each prompt was evaluated using all four
methods, producing 60 experimental runs. AdversarialMAS
and Self-Refine were used with three refinement iterations to
maintain a consistent comparison.

C. Evaluation Methodology

Automated structural analysis and LLM-based quality as-
sessment to measure different aspects of generated responses

are combined in the evaluation. Feature-based analysis and
classification approaches have also been explored for identi-
fying important characteristics in textual data and improving
automated decision processes [15].

Automated evaluation measures the structural properties of
generated outputs. Structural completeness evaluates whether
the required information and domain-specific components are
present. Thematic coherence measures consistency between
different parts of the response. Normalized length evaluates
whether generated outputs maintain an appropriate level of
detail.

In addition to automated metrics, an LLM-based judge eval-
uates response quality across multiple dimensions. Each out-
put is assessed based on coherence, completeness, relevance,
correctness, and faithfulness to the original task requirements.
The judge receives the task prompt and generates a response
without information about the producing method to reduce
evaluation bias. This evaluation approach follows the LLM-
as-a-Judge methodology introduced in previous studies [3],
[12].

The final comparison considers both overall quality scores
and improvement obtained through refinement. For Adversar-
ialMAS and Self-Refine, the difference between initial and
final outputs is analyzed to measure the effect of the critique
process.

V. RESULTS AND DISCUSSION

This section presents the experimental results of Adversar-
ialMAS compared with Single-Agent LLM, Sequential Multi-
Agent, and Self-Refine approaches. The evaluation combines
automated structural metrics and LLM-based judgment to
analyze response quality from quantitative and qualitative
perspectives. The analysis further investigates performance
variations across domains and measures the effectiveness of
adversarial revision.

A. Automated Evaluation

Automated evaluation measures structural properties of gen-
erated responses, including completeness, thematic consis-
tency, and normalized response structure. Figure 3 presents the
automated metric comparison across all evaluation domains.

The automated evaluation shows that the Sequential ap-
proach achieves the highest average structural score (0.72),
followed by AdversarialMAS and Self-Refine with 0.70. The

Fig. 3. Automated metric comparison across domains and methods.



TABLE I
LLM JUDGE SCORES BY DOMAIN (1–5)

Domain Single LLM Sequential AdversarialMAS Self-Refine
Startup 4.00 4.00 4.08 4.00
Research 4.00 4.00 4.20 4.00
Software 4.00 4.00 4.30 4.40
Average 4.00 4.00 4.19 4.13

improved structural performance of Sequential is mainly due
to its multi-stage generation process, where multiple agents
organize and expand responses before final generation.

However, structural improvement does not always cor-
respond to higher content quality. Sequential optimization
mainly improves response organization, coverage, and for-
matting but does not include an explicit mechanism for
identifying incorrect assumptions or weak reasoning. This
limitation becomes visible in the LLM Judge evaluation,
where AdversarialMAS achieves better overall quality despite
a slightly lower automated score.

The Research domain achieves the highest automated per-
formance because academic proposal generation follows pre-
defined structures and expected sections. In contrast, Startup
Strategy requires more creative reasoning and domain un-
derstanding, making structural metrics less representative of
actual usefulness.

B. LLM Judge Evaluation

AdversarialMAS was assessed using LLM-based metrics to
quantify response quality with respect to coherence, complete-
ness, relevance, correctness, and faithfulness. The domain-
wise evaluation scores are shown in Table I.

As seen in figure 4, of the methods evaluated, Adversar-
ialMAS obtained the best overall judge score at 4.19, whereas
the other evaluated approaches (Single-Agent LLM, Sequential
Multi-Agent, and Self-Refine) obtained lower scores. This
shows that the addition of an independent critic agent adds
another layer of quality control that is beyond the benefits
seen from collaboration or self-evaluation.

The most notable improvements in score occurred in the
Startup and Research domains. In these domains, the iden-

Fig. 4. Average LLM Judge scores across all domains.

Fig. 5. Dimension-wise comparison across evaluation criteria.

tification of gaps in reasoning through the use of adversarial
feedback resulted in a greater explanation depth and improved
task alignment. The Software domain presents a different case
which is Self-Refine (4.40) over AdversarialMAS (4.30). This
may show that in highly structured and technical domains,
self-evaluation may be beneficial as the agent is able to
directly meet specific requirements of the domain through a
comparison of generated outputs and the task requirements.

C. Cross-Domain Analysis

Figure 5 presents the dimension-wise comparison across all
evaluation criteria averaged over the three domains.

AdversarialMAS achieves the highest performance in Co-
herence (4.53) and Faithfulness (4.60). These improvements
are directly associated with the adversarial critique stage,
where the critic agent evaluates logical consistency, missing
information, and deviations from task requirements.

Self-Refine also improves output quality through iterative
feedback. However, because the same model performs gener-
ation and evaluation, the critique process may remain influ-
enced by the original response assumptions. AdversarialMAS
reduces this limitation by separating generation and criticism
into independent agents.

Sequential Multi-Agent does not achieve similar improve-
ments despite using multiple agents. The results indicate that
increasing the number of agents alone does not guarantee
higher quality. Effective feedback mechanisms are more im-
portant than simple role distribution.

D. Revision Effectiveness

The effectiveness of the refinement process is measured us-
ing the difference between initial and final responses. Table II
presents the revision delta values for AdversarialMAS.

TABLE II
REVISION DELTA BY DOMAIN (ADVERSARIALMAS)

Domain Average Delta
Startup 0.14
Research 0.12
Software 0.13

The revision delta values remain consistent across domains,
ranging between 0.12 and 0.14. Although the magnitude
of changes is moderate, the improvements mainly occur in



important areas such as completeness, reasoning consistency,
and requirement alignment rather than unnecessary rewriting.

The findings demonstrate that adversarial critique improves
final responses by providing targeted corrections. The critic
agent identifies weaknesses, and the revision agent incorpo-
rates this feedback to generate higher-quality outputs.

Overall, AdversarialMAS performs best because it treats
adversarial evaluation as an active generation component
rather than a final inspection stage. The results suggest that
multi-agent systems benefit more from structured critique than
from additional cooperative agents alone. Self-Refine remains
competitive, particularly in highly constrained technical do-
mains, but independent adversarial feedback provides stronger
improvements for open-ended reasoning tasks.

VI. CONCLUSION

This paper presents AdversarialMAS, a multi-agent LLM
framework that improves generated responses through adver-
sarial feedback. The framework separates the process into
three different roles: generating responses, reviewing them,
and making improvements. Experimental results on startup
strategy, research proposal, and software design tasks show
that AdversarialMAS produces better results than Single-
Agent LLM, Sequential Multi-Agent, and Self-Refine meth-
ods. The approach achieved the highest average LLM Judge
score of 4.19, showing improvements in response quality,
completeness, and accuracy.

The evaluation across different domains shows that adver-
sarial critique can improve LLM-generated responses, espe-
cially for tasks that require deeper reasoning and better under-
standing of requirements. While Self-Refine performed well on
some structured tasks, the results suggest that an independent
critic agent provides stronger feedback than simple multi-
agent cooperation. In future work, AdversarialMAS can be
evaluated with larger language models, more diverse datasets,
and human-based evaluation to further analyze its performance
and ability to generalize.
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