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Abstract

Multi-Agent Debate (MAD) is an emerging paradigm that
leverages the reasoning abilities of Large Language Mod-
els (LLMs) by encouraging them to collaboratively solve
problems through human-like discussions. However, current
MAD methods typically constrain agents to follow fixed
discussion pipelines, repeatedly applying the same discus-
sion act for a predetermined number of rounds, which lim-
its their effectiveness and adaptability in complex and di-
verse tasks. To address this limitation, we propose Ana-
lyze—-Compose—Execute (ACE), a novel debate framework in
which agents dynamically execute the discussion actions ac-
cording to the dialogue context. By analyzing the current re-
sponses of agents, ACE selects appropriate acts from a pre-
defined Atomic Discussion Acts Library (ADAL), which are
composed into a discussion action to be executed in the next
round, to enable truly dynamic debate. We conduct extensive
experiments on the challenging benchmark Big-Bench Hard
(BBH) benchmark. ACE achieves state-of-the-art results on
17 out of 23 tasks, with an average performance gain of 8.5%
across all tasks, demonstrating the effectiveness and robust-
ness of our approach.

Introduction

Large language models (LLMs) (Brown et al. 2020a; Tou-
vron et al. 2023; Touvron and Martin 2023; Achiam et al.
2023; Chowdhery et al. 2023) have demonstrated impressive
capabilities across a wide range of natural language under-
standing and reasoning(Sun et al. 2021; Wang et al. 2023a;
Chawla et al. 2023). Numerous studies have explored col-
laboration among multiple LLMs to enhance performance
(Zhang et al. 2024a; Lu et al. 2025; Cai et al. 2025), with
Multi-Agent Debate (MAD)(Li et al. 2023) emerging as a
particularly prominent paradigm. In MAD, multiple LLM-
based agents participate in the discussion process by itera-
tively revising their responses by incorporating insights from
peer agents. Through several rounds of interaction, agents
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Figure 1: Comparison between existing fixed MAD methods
and our proposed dynamic debate method.

refine their reasoning and converge on more robust outputs
(Tran et al. 2025; Hua et al. 2023).

Through an in-depth analysis of MAD approaches (Park
et al. 2022; Hong et al. 2024; Chen et al. 2023; Gu
et al. 2024), we categorize existing methods into two main
paradigms. (1) Convergent debate, in which agents revise
their responses by incorporating information or reasoning
from other agents, such as multi-role discussions, roundtable
meetings(Chan et al. 2023; Chen, Saha, and Bansal 2023;
Zhang et al. 2024b; Li et al. 2024). (2) Competition de-
bate, where agents adhere to their initial responses while
engaging in mutual critique of opposing viewpoints, such
as refutation-based discussion(Liang et al. 2023; Fan et al.
2024). As shown in Figure 1. Despite variations in discus-
sion formats, these methods uniformly follow a predeter-
mined, fixed discussion pipeline. Specifically, current MAD
methods (Wang et al. 2025; Siyu Li and Zhao 2023) typi-
cally predefine a single discussion action for agents, such as
repeatedly refuting the answers of each other, and require
agents to perform this action throughout the entire discus-
sion. Such fixed discussion procedures restrict agents from



adapting to complex and dynamic tasks. Under convergent
debate, agents iteratively revise their answers by referenc-
ing peer responses, aiming to converge toward a collectively
optimal solution. However, Xiong et al. (2023) shows that
discussions are frequently terminated before consensus is
reached. In some extreme cases, we observe that agents ex-
cessively reference the answers of each other, leading to an
endless loop of response swapping, ultimately preventing
convergence altogether. Within competition debate, agents
engage in persistent opposition by defending their own an-
swers, and the ultimate answer is selected from the set of
competing responses. While this approach may be some-
what effective for binary classification tasks, it becomes
problematic in multi-class or generative tasks. In scenar-
ios where all agents start with incorrect answers, the rigid
process of mutual defense and refutation may trap the dis-
cussion in a loop of invalid reasoning, ultimately forcing
the selection of an incorrect final answer. Overall, regard-
less of whether the debate takes a convergent or competi-
tion paradigms, existing MAD approaches suffer from a fun-
damental, shared limitation: fixed process design prevents
agents from handling dynamically complex tasks.

To address this issue, agents should be allowed to
adaptively choose their discussion strategies according
to the situation, instead of blindly following a fixed
and inflexible process. Drawing inspiration from Sense-
Plan-Act(Brooks 1986), a well-established framework in
robotics where agents perceive environmental dynamics to
plan and perform actions adaptively. We introduce Ana-
lyze—Compose—Execute (ACE), a novel framework for im-
plementing dynamic MAD, which consists of three core
modules. (1) Analyze: agents examine the current responses
to construct auxiliary information which supports the dy-
namic composition of discussion actions. This module also
assesses whether the existing answers are sufficient to con-
clude the discussion or not. (2) Compose: we construct the
Atomic Discussion Act Library (ADAL), which comprises
a set of atomic discussion acts. Agents autonomously se-
lect and compose atomic acts, along with auxiliary informa-
tion, to generate the discussion action to be executed. (3)
Execute: agents execute the composed discussion actions to
generate new answers and explanations. Compared to ex-
isting MAD approaches, our method breaks the limitations
imposed by fixed pipeline with a dynamic MAD framework.

We summarize our contributions as follows.

* We propose a novel dynamic MAD framework consist-
ing of three modules: Analyze, Compose, and Execute.
This framework enables agents to dynamically compose
and execute discussion actions based on the analysis of
current responses.

We design and construct an ADAL consisting of a set
of atomic discussion acts, and develop a mechanism for
agents to dynamically compose these discussion actions
based on ADAL.

Both qualitative and quantitative evaluations on the chal-
lenging BBH benchmark validate the effectiveness and
scalability of our proposed method.
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Methods
Overview

We propose a novel ACE framework that enables agents
to flexibly solve complex and diverse problems through dy-
namic discussions. As shown in Figure 2. Within this frame-
work, agents dynamically compose the discussion actions
based on the current outcomes, aiming to collaboratively
produce both accurate answers and coherent explanations.
To facilitate this process, we divide agents into debaters
and observers based on their responsibilities, denoted as
{Aq4, A}

* Debaters A,, as the agents responsible for conducting
the discussion, are tasked with composing the next-round
discussion actions based on the responses generated by
agents during the current discussion. A, then execute
these actions to generate new answers, repeating this pro-
cess until the discussion concludes.

Observer A,, in contrast, do not directly participate
in the discussion, ensuring the objectivity of the gener-
ated content. Instead, A, analyze the answers produced
by A, to identify both their similarities and differences,
which serve as auxiliary information for A, to dynam-
ically generate discussion actions. Additionally, A, de-
termine whether the current answers satisfy the task re-
quirements, thereby flexibly controlling whether the dis-
cussion should be terminated.

Specifically, our framework is composed of three mod-
ules: Analyze, Compose and Execute. Through the coordi-
nated operation of the three modules, our framework enables
dynamic MAD and flexible control over the discussion pro-
cess.

Analyze Module

The correlation among the responses of A4 constitutes a key
determinant in composing discussion actions. Strong cor-
relation tends to promote the use of cooperative strategies,
whereas weak correlation motivates more confrontational
approaches. The Analyze module is designed to extract cor-
relation signals from the responses of A4, which are opera-
tionalized as answer agreement and explanation similarity.

Consequently, we require A, to generate both answers a
and explanations E given the input question q. Specially,
the explanations E are structured as itemized entries e(®) to
enable fine-grained comparison.

(ai, i) = Aai(q)
E;, = {e(-l) e? . e(k)}
where N denotes the number of A,.
Then, the observer A, should compare the answers and
explanations (a, F') provided by A,. Specifically, we require
A, to evaluate pairs of explanation entries ¢(*) generated

by different agents and produce two sets containing similar
explanation entries S and dissimilar explanation entries D.

%7 = {(k,g) | sim(e[”), ) = 1,i # j}

J

D" = {(k,g) | sim(ef”), ")) = 0,i # j}

ie{1,2,...,N}
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Figure 2: An overview of the ACE framework with three modules running in three discussion rounds. In the first round, the
Execute module initializes the discussion by prompting debaters to directly generate their answers. The observer produces two
types of outputs: solid boxes represent the observer’s analysis of debater responses, while dashed boxes indicate its judgment
on whether further discussion is required. Green bold text denotes correct answers, and red bold text denotes incorrect ones.

where sim(-, -) is a function that indicates whether two ex-
planation entries are semantically similar accomplished by
A,. Based on the sets S and D, A, ultimately determine

whether the explanations of A4 exhibit similarity (5(Ei’j ), and

determine answer agreement 5((f7j ) by directly comparing the
answers.

(659,857, S, D) = A,(q|| E:l| Ey)

(6809, 5%’”) € {True, False}
Additionally, A4 is responsible for analyzing whether the
current responses of Ay sufficiently fulfill the task require-
ments, thereby determining whether further discussion is
necessary.

Compose Module

We argue that achieving truly dynamic discussion requires
agents to autonomously determine which discussion actions
to take. However, due to the hallucination issues inherent
in LLMs(Rawte et al. 2023), directly prompting agents to
generate discussion actions may lead to highly uncontrol-
lable and unreliable discussion trajectories. To enable con-
trollable and dynamic discussions, we design a composi-
tional scheme where agents construct discussion actions by
selecting atomic acts from a predefined ADAL, guided by
structured auxiliary information.

To construct ADAL, we decompose existing patterns of
human and agent discussions and identify two fundamental
dimensions of discussion acts: Self-Oriented Acts, whether
to revise one’s own answer and Peer-Oriented Acts, whether
to provide feedback on others’ answers. There are three
atomic acts under self-oriented acts. Adapt. The agent up-
dates its response based on the responses provided by other
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agents. Revise. The agent independently updates its answer
without relying on external input. Retain. The agent keeps
its original answer unchanged. And two atomic acts under
peer-oriented acts. Comment. The agent provides feedback
or suggestions on other agents’ responses. Withhold. The
agent does not comment on other agents’ responses. To help
LLMs better understand acts and reduce the gap between
humans and LLMs, we provide necessary descriptions and
illustrative examples for each atomic act.

Concretely, following the Analyze module, each debater
Ag; receives a set of auxiliary information Z; aggregated
from all other debaters Ag; (j # 7), which includes the cor-
relation among agents and detailed explanation matches.

7, = {(53‘4)’ §(d), 5@ plid) g Ej) ‘je j}

Ji={j1jell,N], j#i}
Subsequently, A, are required to select acts from ADAL
based on the Z; and compose them into discussion actions.

action = Aq(ADAL||Z;)

For instance, when both (5,(12’] ), 521’] )) are true, A, deter-
mine that their responses is highly aligned with those of
other agents. In this case, A; may choose the adapt and with-
hold acts, using information from D7) for the adapt act.
The resulting discussion action would involve updating parts
of their own responses that differ from the other agents’,
while withholding comments on the peers’ responses. In
contrast, when when both (5&” ), 521’] )) are false, indicat-
ing a strong conflict between responses, A; may compose
more assertive actions, such as rethinking its answer inde-
pendently without referencing others (revise), or explicitly
expressing disagreement with peer responses (comment +
a; + Ej)



Execute Module

After composing the discussion actions, A, execute them
and generate responses, which consist of the answer a, the
explanation E, and comments ¢ on the responses of other
agents. To extract the final answer from our framework for
performance evaluation, we prompt the Ay to output their
responses in JSON format.

(a, E,c) = Ag(pexel| action)

Prompt: You will be given an **action** describing what
to do. Please execute it to generate a response with three
parts:1.answer 2.explanation 3.comments(if any) Output

99, €6 99 G 99,6

the result in JSON format:“answer’: ,“‘explanation”:

99

J“‘comments™:“” } Here is the action:{}

Subsequently, agents start a new round of discussion and it-
eratively follows the Analyze-Compose-Execute loop until
A, determine that the discussion can be terminated, at which
point the final answer is produced.

Experiments
Tasks

The primary motivation for proposing MAD methods is to
tackle complex and challenging problems which are diffi-
cult for a single LLMs. However, prior MAD approaches are
often evaluated on general-purpose datasets originally de-
signed to test the performance of individual models, which
limits their ability to reflect the potential of multi-agent
frameworks. Therefore, we adopt BIG-Bench Hard (BBH),
a benchmark featuring more diverse and difficult problems,
to better assess the capabilities of MAD methods. Addition-
ally, to ensure fair comparison and maintain continuity with
prior work, we incorporate selected subsets from datasets
previously used in MAD studies as supplementary datasets
alongside BBH.

BIG-Bench Hard. Suzgun et al. (2023) select a subset of
23 particularly challenging tasks on BIG-Bench and group
the subset into a new benchmark referred as BIG-Bench
Hard (BBH), including mathematical reasoning tasks, com-
monsense Understanding tasks, and scenario-based question
answering. Experimental results from (Suzgun et al. 2023)
indicate that a single LLLM struggles to achieve satisfactory
performance on BBH without the support of additional rea-
soning mechanisms.

Supplementary datasets The selection criteria of sup-
plementary datasets requires that the dataset is not only
representative but also serves as a complementary re-
source to BBH. MMLU, used in (Du et al. 2023), is a
multi-task dataset that contains a large number of factual
knowledge questions, making it a suitable complement to
BBH'’s coverage of general knowledge. StrategyQA, used
in (Chen, Saha, and Bansal 2023), primarily focuses on log-
ical reasoning tasks, which are relatively underrepresented
in BBH. Commonsense Machine Translation (Common
MT), used in (Liang et al. 2023), is a machine translation
dataset featuring ambiguous translation problems that are
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particularly challenging for single LLMs, serves as a com-
plement to BBH in the cross-lingual setting, addressing the
absence of translation tasks in the original BBH benchmark.

Implementation Details

We follow the experimental setup of previous methods by
using the zero-shot setting and avoiding the use of prompt
engineering techniques such as chain-of-thought (CoT). To
ensure consistency with baselines, which all adopt 3 agents
settings, our method also employs 3 agents, including 2 de-
baters and 1 observer. Since all baselines require a prede-
fined number of discussion rounds, we set the number of
rounds to 4, balancing performance and cost. Additionally,
to evaluate each method fairly on the BBH benchmark, we
design a set of prompts that constrain the output format
of LLMs. These prompts are tailored to the specific task
types in BBH, such as classification, multiple choice, and
text generation, to ensure that the generated answers adhere
to the required formats. We conduct experiments mainly on
the GPT-3.5-turbo model and set the temperature of LLMs
to 0.0 following prior work for reproducibility. We did not
modify other parameters, such as top_p, to ensure that the
agents can still generate diverse content. All parameter set-
tings are kept identical to previous work to ensure fairness
(Du et al. 2023). All baseline methods are evaluated using
their original prompts, with the only modification being the
use of our format-constraining prompts to ensure consistent
answer formatting on BBH. This setup is intended to faith-
fully reproduce their performance under fair and comparable
conditions.

Baselines

To ensure the generality of our experimental results, we
select both convergent and competition MAD methods as
baselines.

Peer-Aware Revision (PAR)(Du et al. 2023). The PAR
framework requires multiple agents to first independently
answer a question, generating their initial responses. Then,
a collaborative discussion phase begins, during which each
agent revises its own answer by referencing the responses of
others. This process reflects mutual assistance and iterative
refinement among agents. The discussion continues until a
predefined number of rounds is reached.

Role-Playing Debate (RPD)(Chan et al. 2023). RPD
also adopts a cooperative multi-agent approach, with its
main innovation being the assignment of distinct roles, such
scientist, to participating agents. Notably, in RPD, these
roles are intended to induce diverse perspectives, thereby
enriching the debate through varied content generation. This
design fundamentally differs from our approach, where roles
are functionally defined.

Round Table Conference (RTC)(Chen, Saha, and Bansal
2023). Unlike other methods, RTC leverages multiple
large language models of different architectures, such as
ChatGPT, Bard, and Claude. These heterogeneous agents
collaborate through discussion, and the final answer is com-



BIG -Bench Hard Task Cooperative

Competitive Analyze—Compose—Execute (ours)

PAR RPD RTC  Triadic Adversarial Reasoing
Boolean Expressions 74.3+1.1 78.9+0.9 81.2+3.1 80.4+1.5 84.3+0.9
'S Dyck Languages 25.14+0.9 24.3+1.1 26.5+1.5 23.1+0.9 25.9+1.1
'S Multi-Step Arithmetic [Two] 33.14+1.1 35.1+0.5 36.2+1.2 32.1+0.8 65.9+1.0
E Navigate 54.5+0.5 56.5+0.8 60.1+1.2 58.9+2.1 67.8+0.4
§ Object Counting 45.34+1.1 43.44+0.7 46.7+0.9 50.1+1.2 53.8+0.7
= Word Sorting 66.8+0.7 65.3+0.2 67.0+1.4 66.7+1.2 71.2+1.1
Avg 48.24+3.9 49.6+3.4 53.1+3.0 52.0+3.1 61.7+2.9
Causal Judgement 55.940.7 54.841.1 57.9+2.1 58.1+1.7 59.1+1.2
Date Understanding 50.14£2.1 52.141.7 53.241.9 49.340.5 71.0+0.3
 Disambiguation QA 68.5+1.9 67.1+1.1 64.5+1.8 64.2+1.5 66.3+0.5
Z Formal Fallacies 48.6+1.1 50.940.7 52.14+2.0 47.1+2.0 49.2+0.3
2 Geometric Shapes 27.841.0 25.6+1.1 28.1+1.2 26.340.9 32.9+0.7
g Hyperbaton 76.840.3 75.1+1.0 74.3+1.3 77.6+0.7 77.0+0.9
£ Movie Recommendation 65.6+1.2 64.3+1.2 67.0+1.2 66.8+2.1 66.0+1.0
& Salient Translation Error Detection 44.8+0.5 46.1+1.1 45.2+1.1 439+1.9 49.7+1.1
Snarks 729402 74.84+1.1 75.1+1.2 71.4+1.8 76.3+0.9
Sports Understanding 69.3+0.5 68.1+1.2 70.14+0.5 70.4+1.2 79.0+1.1
Avg 58.6+3.3 57.2+2.1 57.8+3.6 56.4+1.9 63.0+3.1
Logical Deduction (avg) 36.54+1.1 37.84+1.5 39.1+0.9 41.241.1 54.1+0.5
3 Penguins in a Table 57.8+0.5 53.4+0.2 58.9+1.1 60.1+1.2 70.1+2.5
§ Reasoning about Colored Objects  50.14+1.1 51.2+1.3 54.3+1.2 52.5+0.7 74.5+1.5
& Ruin Names 64.54+1.2 63.44+0.5 67.0+1.1 68.9+1.2 68.1+1.1
'S Temporal Sequences 544405 53.4405 56.3+1.1 57.2+0.5 59.1+0.7
§ Tracking Shuffled Objects (avg) 27.34+1.1 21.240.7 20.140.9 22.3+0.5 37.1+0.9
“2 Web of Lies 43.1+£1.2 42.9+0.5 45.1+1.2 41.2+0.2 57.1+1.2
Avg 472432 46.0+3.2 48.243.2 49.3+2.7 61.0+3.7
All Tasks (avg) 50.2+2.9 51.643.1 52.5+1.5 52.1+2.6 61.0+2.6

Table 1: Zero-shot prompting performance of several MAD methods on BBH. We report the mean and standard deviation
performance of Accuracy (%) on 23 tasks in three categories. Best numbers are highlighted in each column.

puted by aggregating their individual responses using a
confidence-weighted scheme.

Triadic Adversarial Reasoning (TAR)(Liang et al. 2023).
TAR is the only adversarial approach that adopts an compe-
tition discussion paradigm. The process begins with agents
proposing their initial answers, followed by multiple rounds
of mutual rebuttal. The final answer is then selected by a
judge agent.

Main Results

We conduct extensive experiments to assess the performance
of PAR, RPD, RTC, TAR and ACE (ours) on BBH bench-
mark. Overall, our method obtains the best accuracy on
17/23 tasks and shows significant improvement on the un-
weighted average of 23 tasks (8.5% 7). Next, we discuss the
performance presented in Table 1 divided into three cate-
gories.

Mathematical Reasoning. Some tasks in BBH, such as
Multi-Step Arithmetic and Obejct Counting, require complex
mathematical reasoning. Multi-Step Arithmetic, in particu-
lar, remains highly challenging for LLMs, which contributes
to the limited performance of existing MAD approaches on
such tasks. Compared to the strongest baseline, our method
yields a substantial improvement of 29.7%. We attribute this
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to our method decomposing complex problems, enabling
agents to collaborate on tasks that individual agents cannot
accomplish independently. We attribute this improvement to
the Analyze module in our method, which performs fine-
grained analysis of responses. This facilitates mutual un-
derstanding among agents by revealing the problem-solving
steps of each other , enabling them to align on correct rea-
soning paths while preserving diverse perspectives.

Commonsense Understanding. Some tasks in BBH re-
quire agents to possess extensive world knowledge (e.g.,
Movie Recommendation). We observe that on such tasks,
it is often difficult for MAD methods to achieve significant
gains, as LLMs already possess strong world knowledge.
As a result, simply testing for commonsense recall may
have limited value. However, certain tasks in BBH, such
as Date Understanding, require LLMs to perform reasoning
grounded in commonsense, rather than mere retrieval. Our
method achieves a 7% improvement on Date Understand-
ing and an 8% gain on Sports Understanding. Notably, TAR
performs the worst on these tasks, likely due to the fact that
they are mostly multiple-choice or generation, which poses
a challenge for TAR as discussed earlier.

Scenario-based Question Answering. Several tasks in
BBH simulate real-world scenarios and pose questions (e.g.,
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Figure 3: The performance of several MAD methods on sup-
plementary datasets. The y-axis represents the performance
of each method.

Ruin Names). These tasks are more grounded in real-
world contexts, posing additional challenges for LLMs. Our
method achieves the best performance on these challenging,
real-world-aligned tasks, outperforming the baseline by an
average of 11%. We attribute this performance to the dy-
namic nature of our debate framework, which allows agents
to effectively adapt to diverse and evolving real-world sce-
narios.

Results on supplementary datasets. We conduct com-
prehensive experiments on the supplementary datasets, as
shown in Figure 3. The evaluation metrics are kept con-
sistent with those used in the original papers: accuracy is
adopted for MMLU and StrategyQA, while COMET is used
as the dynamic metric for Common MT. Notably, PAR em-
ploys MMLU to validate its method, whereas RTC does not;
however, experimental results show that RTC outperforms
PAR on MMLU, further supporting the potential of these
supplementary datasets as effective benchmarks for evaluat-
ing MAD methods. Importantly, our ACE method achieves
the best performance across all three datasets.

Ablation Study

We conducted ablation experiments on Tracking Shuffled
Objects (TSO), Date Understanding (DU), Penguins in a Ta-
ble (PIA) and Geometric Shapes (GS) tasks presented in
Table 2.

w/o Analyze. When the Analyze module is removed, the
framework skips the analysis of the current response and di-
rectly compose discussion actions. As a result, agents lack
both reference information for acts selection and the ability
to operate on fine-grained discussion content. Experimental
results on the PIA task show a 10% performance drop with-
out the Analyze module, demonstrating its necessity.

w/o Compose. When the Compose module is removed,
the framework no longer considers how to compose actions.
Instead, it randomly selects and combines atomic acts from
ADAL. This leads to the most significant performance drop
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Tasks
TSO DU PIA GS

w/o Analyze 23.14+1.8 53.3+1.0 60.3+1.0 22.34+0.3
w/o Compose 21.640.7 47.0+0.5 49.7+1.2 17.3+£1.4
w/o Execute 25.8+1.1 67.44+0.5 66.1+0.7 27.7+0.3
A+C+E 371409 71.0+0.3 70.1+2.5 32.9+0.7

Methods

Table 2: The Ablation study on the Analyze, Compose, Ex-
ecute modules.

PAR RPD
60 o
— 60
501 '\‘\,/'\.”‘ >~<::::7
T T T T T T 50 1 T T T T T T
1 2 3 4 5 6 1 2 3 4 5 6
RTC TAR
././\/-/‘ 704 ./‘\f/‘/t‘*—"
704 — P T
—0—0—
L o 60
60 ‘_\/‘\-’——*
$§> 501
501 —— T —

EN

—e— Causal_Judgement —e— Ruin_Names

—e— Formal Fallacies Movie_Recommendation

—e— Sports_Understanding

Figure 4: The impact of discussion rounds on performance.
The x-axis represents the number of discussion rounds, and
the y-axis represents accuracy.

among all ablations, highlighting the critical role of enabling
agents to reason about action composition.

w/o Execute. When the Execute module is removed, the
framework generates answers directly during the action
composition phase, without explicitly executing the com-
posed actions. Experimental results show that this ablation
has the least impact on overall performance, though a per-
formance drop is still observed. We attribute this to the lack
of separation between action composition and execution,
which increases the cognitive load on the LLMs and leads
to longer context generation, thereby affecting performance.

Impact of Rounds on Performance

We evaluate the impact of the discussion rounds hyperpa-
rameter on the performance of baseline methods on Causal
Judgement (CJ), Formal Fallacies (FF), Sports Understand-
ing (SU), Ruin Names (RN) and Movie Recommendation
(MR), see Figure 4. First, while the PAR method demon-
strates optimal performance at four discussion rounds on its
own dataset, as reported in the original paper, this conclu-
sion does not hold when the method is transferred to the
more complex and diverse BBH benchmark. Besides, al-
though some results reveal patterns where a specific number
of rounds leads to locally optimal performance (e.g., TAR
on CJ), many others highlight the instability of this hyperpa-
rameter (e.g., RTC on SU, PAR on FF, RPD on MR). These



Model  Method Tasks
TSO DU PIA GS

3 gﬁ:bo) ours  37.140.9 71.0£03 70.1+25 32.940.7
PAR 35.1+0.5 72.14£0.9 69.1+0.5 39.1+0.1
GPT RPD 46.2+0.1 74.0+1.1 70.24+0.3 38.2+0.3
(4.0) RTC 49.040.3 73.2+1.4 74.3+0.7 40.0+0.3
’ TAR 42.040.3 67.2+1.4 76.3+0.7 39.0+0.3
ours 54.2+0.5 78.0+0.9 81.0+0.8 48.240.7
PAR 24.1+0.7 51.240.5 49.9+0.2 24.540.3
LLama RPD 22.34+0.9 55.340.1 52.1+0.8 25.0+1.1
(2-13B) RTC 23.1+0.7 57.240.9 58.4+1.1 26.140.9
TAR 26.1+0.4 53.240.5 55.4+1.2 23.14+1.9
ours 359+1.1 66.4+1.1 69.5+0.9 36.2+1.3

Table 3: The performance of MAD methods adopted to dif-
ferent LLMs (GPT-3.5-turbo, GPT-4.0 and LLama-2-13B).

findings indicate that the number of discussion rounds can
significantly affect the practical performance of MAD meth-
ods. This further validates the advantage of our design, in
which agents autonomously determine the discussion pro-
cess without relying on a fixed rounds parameter, thereby
enhancing the generalizability of our approach.

Adaptation to Alternative LLMs

Results on other LLMs are shown in the Table 3. Our method
achieves the best overall performance when using GPT-4.0.
Notably, a comparison between our method on GPT-3.5-
turbo and the baseline on GPT-4.0 reveals that our approach
matches or surpasses the baseline in some cases,such as on
task TSO, our method performs comparably to PAR, demon-
strating its effectiveness. Furthermore, strong performance
on the open-source model LLama-2-13B indicates the gen-
erality of our method across different model backbones.

Related Work
Large Language Models

Large Language Models (LLMs), often containing hun-
dreds of billions of parameters, have become a promising
path toward General Artificial Intelligence (GAI) (Wang
et al. 2023b; Agrawal et al. 2022). Modern LLMs typ-
ically consist of an enormous number of parameters,
such as GPT-3(Brown et al. 2020b), GLM(Zeng et al.
2023),LLaMA(Touvron et al. 2023) and Galactica(Taylor
et al. 2022). Through the expansion of model size and train-
ing data, LLMs have demonstrated outstanding capabili-
ties on downstream tasks, in some cases matching or out-
performing humans. To further unleash the LLMs’ poten-
tial, prompt engineering(Liu et al. 2023) is extensively em-
ployed, which significantly enhances model performance
without altering the model parameters themselves, thus
markedly reducing the costs of fine-tuning. Moreover, to fur-
ther enhance model performance on complex tasks, prompts
constructed via the Chain of Thought (COT)(Wei et al.
2022) approach are utilized to guide the LLMs in accom-
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plishing intricate reasoning tasks. However, these methods
are designed specifically for individual LLMs.

Multi-Agent Debate

Inspired by ”The Society of Mind” (Minsky 1988), Du et al.
(2023) has proposed a novel debate approach for large mod-
els , where a single large model iteratively refines its reason-
ing process by reading the outputs of other models multi-
ple times, ultimately converging on a more accurate answer.
Similarly, Tencent has introduced a Multi-Agent Debate
(MAD) framework (Liang et al. 2023), wherein multiple
agents articulate their arguments while a judge orchestrates
the debate to reach a conclusive resolution. This framework
addresses the Degeneration-of-Thought (DoT) problem that
can occur when a single model undergoes self-iteration. Fur-
thermore, Du et al. (2023) has advanced the field by utilizing
an enhanced language response methodology wherein mul-
tiple language model instances engage in iterative debate to
refine their contributions, culminating in a consensus final
answer. In addition, Chan et al. (2023) has constructed Chat-
Eval, a multi-agent referee team, to autonomously deliber-
ate and assess the quality of responses from various mod-
els on open-ended questions and Natural Language Genera-
tion (NLG) tasks. Recently, Chen, Saha, and Bansal (2023)
has proposed ReConcile, multi-agent framework that emu-
lates a round table conference, enhancing collaborative rea-
soning among diverse LLM agents through iterative discus-
sions, persuasive strategies, and a confidence-weighted vot-
ing mechanism to achieve a more robust consensus. To fur-
ther unleash the potential of cognitive synergy in Large Lan-
guage Models (LLMs), Wang et al. (2023c) has proposed
Solo Performance Prompting (SPP), which dynamically as-
signs multiple fine-grained personas to LLMs based on task
inputs. This approach collaboratively combines the strengths
and knowledge of various perspectives to effectively reduce
factual hallucination while maintaining the robust reasoning
capabilities of the original model (Chen et al. 2024). These
studies have amply demonstrated that multi-agent systems
can enhance individual performance by emulating the cogni-
tive synergy observed in human cognition, thereby address-
ing more complex reasoning tasks (Zhao et al. 2024).

Conclusion

This paper presents a systematic analysis of existing MAD
methods and observes that they typically require agents to
repeat a fixed discussion pattern until termination. Such rigid
discussion workflows limit their effectiveness on complex
tasks. Therefore, we propose ACE, a framework designed
to enable dynamic discussions. Our method enables truly
flexible and dynamic discussions by analyzing the responses
of agents, selecting atomic operations and composing them
into actions, then executing these actions.

In future work, we plan to further refine the ADAL li-
brary and explore methods for dynamically constructing it.
Additionally, we will focus on optimizing the framework to
reduce computational overhead. In future work, we plan to
further refine the ADAL library and explore methods for its
dynamic construction. Additionally, we aim to optimize the
framework to achieve better performance.
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