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Abstract

Recent studies on LLM agent scaling have highlighted the
potential of Multi-Agent Debate (MAD) to enhance reason-
ing abilities. However, the critical aspects of role allocation
strategies remain underexplored. In this study, we demon-
strate that allocating roles with differing viewpoints to spe-
cific positions significantly impacts MAD’s performance in
reasoning tasks. Specifically, we find a novel role alloca-
tion strategy, “Truth Last”, which can improve MAD per-
formance by up to 22% in reasoning tasks. To address the
issue of unknown truth in practical applications, we pro-
pose the Multi-Agent Debate Consistency (MADC) strategy,
which systematically simulates and optimizes the core mech-
anisms of MAD. MADC incorporates path consistency to
assess agreement among independent roles, simulating the
role with the highest consistency score as the truth. We val-
idate MADC across a range of LLMs (9 models), including
the DeepSeek-R1 Distilled Models, on challenging reason-
ing tasks. MADC consistently demonstrated strong perfor-
mance, effectively overcoming MAD’s performance bottle-
necks and providing a crucial pathway for further improve-
ments in LLM agent scaling.

Code — https://github.com/SG-XM/AAAI2026-MADC

Introduction

Although Large Language Model (LLM) agents have shown
remarkable performance in logical reasoning (Shinn et al.
2023; DeepSeek-Al et al. 2024), natural language pro-
cessing tasks and specific domains (Liu et al. 2025; Xiao
et al. 2024; Chen et al. 2024b; Reddy et al. 2024), they
struggle with more complex tasks (Gou et al. 2024; Chen
et al. 2024a). To further improve the performance, numer-
ous multi-agent frameworks have been proposed, such as
CAMEL (Li et al. 2023), LLM-Blender (Jiang, Ren, and Lin
2023), CMD (Wang et al. 2024), Debate (Liang et al. 2024),
CIPHER (Pham et al. 2024), Socialized Learning (Yao et al.
2024), RECONCILE (Chen, Saha, and Bansal 2024). In par-
ticular, several works have studied scaling laws for language
models and multi-agent systems (Kaplan et al. 2020; Wang
et al. 2025).
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Figure 1: Comparative performance of single-agent and dif-
ferent MAD allocation strategies using the Qwen2.5-7B-
Instruct model on BBH’s Logical Deduction and Geometric
Shapes tasks.

Recent studies explore multi-agent scaling principles. Du
et al. (2023) proposed a MAD framework, showing perfor-
mance gains with more agents and debate rounds. Agent
Forest (Li et al. 2024a) scales agents to boost LLM results,
aligned with task difficulty. Traditionally, some approaches
in Multi-Agent System (MAS) have leveraged reinforce-
ment learning (RL) to enhance performance (Yang et al.
2021, 2025; Zheng et al. 2019), while recent work has pro-
posed post-training methods for LLM-driven MAS (Cheng
et al. 2025).

However, stable scaling faces challenges: Wang et al.
(2024) found strong single-agent prompts match top multi-
agent methods on many reasoning tasks; Smit et al. (2024)
noted multi-agent debating systems do not consistently out-
perform strategies like self-consistency (SC), though some
MAD systems improve with hyperparameter tuning. Li et al.
(2024b) showed more reference solutions aid easier ques-
tions but mislead on harder ones, reducing accuracy. These
findings reveal that MA scaling can be unstable due to sen-
sitivity to hyperparameters and task complexity.

Figure 1 presents a comparison of the performance of
Single-Agent and Multi-Agent Debate frameworks with
varying role allocation strategies. In this figure, ‘Single’ rep-
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Figure 2: In the initial round of the MAD framework, each role independently uses CoT. During the debate round, roles exchange
viewpoints in a fully connected manner to update their viewpoints. In the default Fixed strategy, roles speak in a consistent order
each round and receive others’ viewpoints in a fixed sequence (A)-(E). The Random strategy disrupts both the speaking order
and the relative positions during the debate. Green represents correct viewpoints, while orange indicates incorrect viewpoints.

resents the performance of a single agent using Chain of
Thought (CoT) (Wei et al. 2022), while ‘MAD’ refers to
the framework proposed by Du et al. (2023). In this con-
text, ‘Fixed’ indicates roles placed in predetermined posi-
tions, ‘Random’ denotes roles arranged in a random order
during the debate, ‘Truth Last’ refers to arranging agents
with correct viewpoints at the end, while ‘Truth First’ does
the opposite (see Appendix A.1.7 for details). Our observa-
tions reveal that, with the Qwen2.5-7B-Instruct model, the
existing fixed role allocation strategy outperforms the single
agent, and there are significant differences between various
role allocation strategies.

Based on observations from Figure 1, we conducted sys-
tematic experiments for in-depth analysis. Although many
MA discussion, debate, and collaboration frameworks exist,
they often overlook role allocation strategies. For example,
in Du’s MAD framework, role positions are fixed in the im-
plementation shown in Figure 2.

We found that when role allocation is more ordered by
viewpoints, debate results show lower entropy, without im-
pacting the accuracy of conclusions. Our results also demon-
strate that using a white-box allocation strategy “Truth Last”
significantly enhances accuracy in reasoning tasks, and this
improvement is orthogonal to existing MAD frameworks,
requiring no changes to context or prompts. Then we pro-
pose a Multi-Agent Debate Consistency allocation strategy
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to simulate the “Truth Last”. This method effectively en-
hances MAD performance and efficiency. Additionally, we
discovered that under ideal conditions, only half the num-
ber of agents is needed to reverse a debate outcome, further
deepening our understanding of role allocation strategies in
scaling laws.

In summary, our contributions are:

(1) Key Insight: We identify role allocation strategy as
a novel scaling dimension for MAD frameworks, revealing
that later-positioned roles exert greater influence on final de-
cisions through analysis of debate entropy and positional
bias.

(2) Methodological Innovation: We propose the Multi-
Agent Debate Consistency (MADC) allocation strategy, a
novel approach that optimizes role arrangement without
modifying prompts or context, effectively unlocking MAD’s
potential. This method is completely orthogonal to existing
MA frameworks.

(3) Empirical Validation: We evaluated 9 different
LLM models, including open-source models like Qwen2.5,
DeepSeek-R1-Distill, and closed-source models like GPT-
4o-mini. Our comprehensive tests across three diverse tasks,
logical deduction, geometric shapes, and MATH500, which
highlight the broad applicability and robustness of our find-
ings.



Preliminary

To study the impact of allocation strategy on the multi-agent
(MA) framework, we need to control other influencing fac-
tors. We must select the most representative parameter set-
tings to ensure our findings are comprehensive and applica-
ble.

Factors Affecting the Performance of MAD

In MAD, the factors affecting performance mainly include
the following aspects.

Communication Strategy: Existing work explores var-
ious strategies (see Appendix A.1.7 for details) such as
Talk One-by-One, Simultaneous-Talk, Simultaneous-Talk-
with-Summarizer (Chan et al. 2024), exchanging natural
language, and exchanging raw transformer output embed-
dings (Pham et al. 2024). In our study, we choose the basic
Simultaneous-Talk strategy and exchange natural language.

Topology and Connectivity: Another key factor is the
topology and connectivity among agents. Some studies pro-
pose group discussion structures (Wang et al. 2024), tree
structures, and dynamically adjusting the topology by re-
moving agents during discussions (Liu et al. 2024). In our
work, we choose the traditional method of full connectivity,
where all agents communicate with each other.

Agents Profiling: Profiling prompts are also a critical
factor influencing multi-agent systems (Hong et al. 2023;
Li, Yang, and Zhao 2023; Chen et al. 2023; Park et al.
2023, 2024). Common prompts settings include collabo-
rative (Zhang et al. 2024; Chen, Fried, and Topcu 2024),
adversarial (Chan et al. 2024) and judgment (Wang et al.
2024) prompts. In our work, we do not use special profiling
prompts in order to eliminate their influence.

Role Allocation Strategies: Based on the settings men-
tioned above, we conduct experiments within the MAD
framework (Du et al. 2023). Within the MAD framework,
we define four role allocation strategies for the debate pro-
cess. (1) Fixed: The position of roles is fixed once allocated.
(2) Random: Roles are randomly allocated before each de-
bate. (3) Truth First: Roles with the correct answer are al-
located at the beginning. (4) Truth Last: Roles with the cor-
rect answer are allocated at the end.

Formulation of MAD Scaling

In the MAD framework, we define mn agents
Ag, A1, Ag, ..., Ay, each generating a viewpoint
Vi,; in every round of debate, where ¢ denotes the agent
index and j represents the debate round.

Figure 2 illustrates the MAD framework. During each
round of discussion and debate, the agents maintain fixed
positions throughout. For instance, in the first round, Ay
to As express V' as follows: (A), (A), (A), (B), (C), (D).
In subsequent rounds, the agent with viewpoint D consis-
tently follows the agent with viewpoint C during discussions
and debates. In a multi-persona context, this means that the
agent corresponding to roles always follows roley. Practi-
cally, this could result in a critic always speaking after an
advisor, or a programmer consistently following a product
manager.
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Figure 3: Experimental results showing the accuracy met-
rics across different allocation strategies, with experiments
repeated 20 times.

Methodology
Does Role Allocation Strategy Impact MAD?

The conclusions from Figure 1 are clear but not comprehen-
sive or robust enough. Firstly, we propose a null hypothesis,
which we will attempt to falsify:

Null Hypothesis 1 (Non-impactfulness, Hy). The position
of roles has no impact on the final outcome in a debate.

To falsify Hp, we must demonstrate that there exists at
least one allocation strategy, .S, such that the outcome using
S differs significantly from outcomes over Fixed or Random
strategy with p-value < 0.001.

Challenging the Null Hypothesis: Impactful
Allocation Strategies

To find sufficient evidence to reject Hy, we evaluated the ac-
curacy metric of MAD after one round of debate under dif-
ferent allocation strategies. Additionally, we examined the
log-likelihood (See Appendix A.1.1 for details.) and entropy
(See Appendix A.1.2 for details.) metrics. Accuracy rep-
resents the number of correctly answered questions, while
log-likelihood indicates the number of roles with correct an-
SWers.

To test this, we conducted 20 repeated experiments using
four allocation strategies outlined in preliminary, focusing
on Logical Deduction and Geometric Shapes tasks. The re-
sults are shown in Figure 3.

We observed no significant difference between the ran-
dom and fixed strategies in the experiments, which is reason-
able since the fixed strategy can be seen as a single sample
of the random strategy. Noting that the Truth Last strategy
outperformed others significantly with p-value <0.0001.

Figures 3 and 4 demonstrate that the Truth Last strategy
significantly outperforms other strategies, which disproves
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Figure 4: Experimental results showing the log-likelihood
metrics across different allocation strategies, with experi-
ments repeated 20 times.

the Hy. To further challenge the Hj, we examine how al-
location strategies affect viewpoint convergence. Lower en-
tropy reflects higher consensus (See Appendix A.1.2 for de-
tails.), suggesting that role allocation strategy affects debate
process and thus challenges the Hy.
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Figure 5: Experimental results showing the entropy metrics
across different allocation strategies, with experiments re-
peated 20 times.

Figure 5 presents the entropy metrics for various strate-
gies, showing interesting results: the Truth Last strategy has
the lowest entropy, followed by fixed, and then random.
Truth First, although resulting in lower accuracy, makes it
easier for debates to reach consensus, showing lower en-
tropy. For example, on the geometry dataset, the 3B model
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with Truth First exhibited lower entropy compared to ran-
dom and fixed strategies. Despite similar accuracy and log-
likelihood metrics, random and fixed strategies show signif-
icant differences in entropy, further challenging the null hy-
pothesis. Additionally, the Truth Last can be seen as a sorted
version of fixed, demonstrating that entropy decreases as the
orderliness of agent allocation increases.

Takeaway:

(1) Allocating the role with the correct viewpoint last
can enhance the effectiveness of MAD.

(2) An orderly allocation of roles is more conducive to
reach an agreement in the debate.

Multi-Agent Debate Consistency Strategy

In previous experiments, we demonstrated the importance of
allocation strategies in MAD settings and found that Truth
Last consistently yields better results. However, in practical
applications, the truth is unknown. To address this, we pro-
pose a method called MADC to approximate the truth using
confidence levels.

Path Consistency. After each round, agents may arrive at
an intermediate result V; ;, with each result serving as a can-
didate for final decision-making.

Definition 1 (Debating Path). A Path P; is the sequence of
viewpoints or intermediate results generated by an agent A;
during the debate process. Formally, it is represented as:

Piz(‘/i,h‘/iﬂr--a‘/i,m)a (1)

where V; ; is the viewpoint of agent A; at round j, and m is
the total number of rounds.

For V; ;, when j < m, V;; is considered an intermedi-
ate result, and when j m, it is the final result. For any
Vi.;» there exists a corresponding intermediate path P; ; =
(Vi1, Vi, ..., Vi ), representing the sequence of results up
to that round.

Definition 2 (Path Consistency). Path Consistency mea-
sures how likely different paths produce the same result at a

specific round j. Consider paths Py ;, Py j,..., Py, ;. These
are followed by agents Ay, Ao, ..., A,. Path Consistency
is the probability that their results V1 ;,Va 4,...,Vy ; are

equal. This occurs at round j, where j < m. We define it as:
= Pr(Vi; = Vi)
k#i

Here, V; ; is the result of agent A; at round j.

Consistency(P,

2)

To approximate the ground truth, we use path consistency
to enhance result accuracy. For each reasoning path P; ;,
we calculate the consistency of its result V; ; at round j as
Consistency(P; ;). The result corresponding to the path with
the highest path consistency score is selected.:

V* =arg max Consistency (P ;). 3)

i
Path Consistency indicates the level of agreement among
different agents’ debating paths at a specific round. When



Algorithm 1: Multi-Agent Debate Consistency

Require: Agent set A = {Aj,..., A, } with initial paths
{P;1}},, total rounds m
Ensure: Consistency ordered list £
1: Initialize path matrix P! < [Py 1+ P, 1
path of A; at round j
Initialize consistency list £! < ()
for round j < 1 to m — 1 do > Consistency evaluation
phase
Compute path consistency:
(P j) = Dpps Pr(Vij = Vi j)
to Eq. 2

]T l>Pi7jZ

2:
3:

ook

> According

6: Identify max-consistency agent:

7: A* «— argmaxa,ca (P )

8: Update debate ordering:

9: Liemp < argsort({®(Py ;)| Ar € A\ A*})
10: LI (Liemp o A*)

11: Propagate consistency:

12: P/*! + Debate(P7, £7)

13: end for

the consistency is high, it suggests that multiple independent
agents have converged on the same result. This convergence
implies robustness and reliability, as it reduces the likelihood
of individual biases or errors impacting the outcome.

Debating Strategy Guided by Path Consistency. Multi-
Agent Debate Consistency (MADC) is designed to enhance
the adaptability and effectiveness of multi-agent systems
by leveraging consistency metrics during debates. One of
the key advantages of MADC is its orthogonality to other
multi-agent methods, meaning it can be integrated without
altering existing prompts or context.

Algorithm 1 outlines the MADC process in a structured
manner. Initially, consistency scores are calculated for each
round using Equation 2 (Lines 5-6). Agents are then re-
ordered based on these scores (Lines 8-9). This reordering
allows all agents to update their paths effectively (Line 11).

MADC integrates seamlessly with existing systems
through two key features. Its plug-in design introduces
dynamic allocation without altering the internal mecha-
nisms of the agents. Additionally, MADC promotes self-
improvement by ensuring that more reliable viewpoints
have a greater influence, thereby enhancing decision-making
without modifying the existing framework.

Experiments

To validate the effectiveness of our method and gain deeper
insights into how allocation strategies impact the debate pro-
cess and outcomes, we focus on the following research ques-
tions:

RQ1 (Applicability and Potential): 1s MADC robust
enough across various models and tasks?

RQ?2 (Scaling Impact): 1s the allocation strategy still cru-
cial in round and agent count scaling?

RQ3 (Quantitative Analysis): Can just half the agents re-
verse a debate outcome?
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Experiment Setup

Language Model. To validate the MADC strategy, we
tested multiple models (OpenAlI 2023; Bai et al. 2023; Qwen
et al. 2025; Zeng et al. 2022): GPT, Qwen GLM, DeepSeek.
These models include both open-source and closed-source
options. For closed-source models, we conducted experi-
ments using API calls, covering both free and paid versions.
And we adopted very simple prompt settings (See Appendix
A.1.4 for details.).

Tasks and Dataset. MATHS500 (HuggingFaceH4 2024):
A specialized dataset of 500 diverse mathematical problems.
Logical Deduction: A subtask of Big-Bench Hard (BBH)
(Suzgun et al. 2022).
Geometric Shapes: Another BBH subtask.

Settings (RQ3): Evaluating the Agent Threshold for Re-
versing Debate Outcomes. We constructed a specific sce-
nario shown as Figure 6. We constructed two groups of
agents: 40 with correct viewpoints and 40 with incorrect
viewpoints. In the most extreme scenario, we first allocated
the 40 agents with correct viewpoints, then gradually added
agents with incorrect viewpoints. Each configuration was
tested in 10 debate repetitions to calculate accuracy under
the current setup, and the entire experiment was repeated 5
times. For comparison, we implemented three scaling meth-
ods:

Correct Viewpoint First: Scaling agents with correct
viewpoints first.

Incorrect Viewpoint First: Scaling agents with incorrect
viewpoints first.

Alternating Scale: Alternately scaling agents with cor-
rect and incorrect viewpoints.

When constructing the agents, we used Qwen2.5-7B-
Instruct to perform chain-of-thought (CoT) sampling 400
times for each question. This ensured a sufficient number
of agents with diverse viewpoints.

Performance of Role Allocation Strategy (RQ1)

As shown in Table ??, our MADC strategy achieves con-
sistent improvements across major model families. For
Qwen series, MADC enhances accuracy by +8.8% (3B) and
+3.6% (7B) on Logical Deduction, with DeepSeek-Qwen-
7B showing +9.6% improvement on Geometric Shapes. The
GLM family attains +3.6% (Flash) and +1.2% (FlashX)
gains on logic tasks, while GPT-40-mini maintains +2.0%
improvement.

To explore the potential for improvement in MADC, we
implement the Truth Last strategy as an idealized refer-
ence. Experimental results show significant room for im-
provement: Truth Last achieves remarkable gains of 22.8%
on both Logical Deduction and Geometric Shapes for
Qwen-2.5-3B-Instruct, and 24.4% on Geometric Shapes
for DeepSeek-R1-Qwen-7B. Even high-performance mod-
els like GPT-40-mini show additional improvements of
3.2%-4.0% through this strategy. Notably, the DeepSeek-
R1-Qwen-14B model reaches 99.6% accuracy on Logical
Deduction under Truth Last, highlighting the significant
room for improvement in black-box implementations.
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Scaling Experiment (RQ2)
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Figure 7: Performance of round scaling.

In the context of MAD frameworks, understanding de-
bate round scaling is crucial to validate our conclusions and
methods. We examined whether allocation strategies remain
effective and consistent as the number of debate rounds in-
creases. Figure 7 shows that as debate rounds scale, the
“Truth Last” strategy significantly outperforms the standard
MAD approach. Additionally, the MADC method remains
effective as the round scale increases. At the same time,
we also validated the performance of MADC as the num-
ber of agents scales. The experimental results indicate that
MADC remains effective for different numbers of agents,
and MADC ‘s effectiveness gradually becomes more signifi-
cant than MAD as the number of agents increases. (See Ap-
pendix A.1.3 for details.)
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Experiment on Agent Requirements for Reversing
Debate Outcome (RQ3)
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Figure 8: We selected cases whose correct and incorrect
viewpoints have similar distributions in the 7B model. How-
ever, for the same questions in the 3B model, the distribu-
tions differ.

As discussed on the experimental setup section, we sam-
pled each question 400 times. For the 7B model, we selected
three cases with a similar distribution of correct and incor-
rect viewpoints, which is shown in Figure 8.

We repeated the same experiment using Qwen-2.5-3B-
Instruct. It is important to note that, in the 3B model, the
distribution of correct and incorrect viewpoints was not sim-
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MAD GLM-4- 58.4 50.8 512 Qwen2.5- 704 64.8 74.4
MAD+Truth Flash 72.8 1144 62.4 1116 53.2 11.6 7B-Instruct 81.8 1114  76.0 t11.2 80.4 16.0
MAD+MADC 62.0 136 52.4 112 52.2 11.0 720116 68.4 136 76.8 124
Single CoT 42.4 42.4 42.8 71.2 53.2 73.2

SC LM.4 57.2 50.8 53.8 82.8 55.6 76.8
MAD GLM-4- 60.4 49.2 53.4 qwen-turbo  82.4 58.4 78.2
MAD+Truth FashX 70.0 196  62.0 1128 55.2 11.8 91.6 192  64.8 164 80.2 12.0
MAD+MADC 61.611.2 51.2 12.0 55.0 11.6 83.2 108  60.4 2.0 782 --
Single CoT 61.2 62.4 86.2 84.8 524 77.0

SC DeepSeek-  86.8 74.0 90.6 92.0 54.8 80.0
MAD R1-Distill-  76.0 65.2 87.2 gwen-plus 94.0 65.2 79.8
MAD+Truth Qwen-7B 89.6 1136  89.6 124.4 91.8 14.6 94.0 00  69.6 14.4 80.8 11.0
MAD+MADC 85.219.2 74.8 19.6 90.2 13.0 94.4 104  66.0 108 80.8 11.0
Single CoT 92.4 75.2 87.2

SC DeepSeek-  99.2 79.2 90.8

MAD R1-Distill- 99.6 79.6 90.2

MAD+Truth Qwen-14B 99.6 - - 81.6 12.0 92.2 12.0

MAD+MADC 99.6 - - 80.4 108 90.8 0.6

Table 1: Performance of Role Allocation Strategy (10 agents 1 debate round)

ilar for these cases.
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Figure 9: Accuracy variation curves of agent count scaling.

Figure 9 presents the experimental results for different
scaling methods. From this, we can conclude the following:

(1) Allocation strategies significantly impact the MAD
scaling law. This is evident as the different strategies do not
converge to the same point when scaled to 80 agents.

(2) Agents positioned later have a greater influence on the
debate outcome. Given the same context, the results tend to
favor the viewpoints of agents speaking later, regardless of
whether their viewpoints are correct.

(3) Reversing a conclusion is considerably easier than up-

holding one. With just 20 agents, we can achieve a 50%
change, even with a base of 40 agents. (See Appendix A.1.6
for details.)

When examining the ‘alternating scale method’, we ob-
serve that it consistently falls between the other two methods
as the number increases, aligning with our intuition. How-
ever, the debate outcomes do not stabilize as the number
of agents increases. Additionally, there is significant fluc-
tuation when the agent count is low, indicating that ‘alter-
nating’ is a highly suboptimal allocation strategy. Further-
more, even though these viewpoints have different distribu-
tions in the Qwen2.5-3B-Instruct, the conclusions we previ-
ously reached still hold.

Conclusion

In our study, we examined the impact of role allocation
strategies within the multi-agent framework and scaling
laws, thoroughly validating our conclusions. Through exper-
iments on 9 models, we discovered that role allocation is a
critical factor influencing scaling laws in MA. Allocating the
role with the correct viewpoint last enhances MAD effec-
tiveness, and an orderly role arrangement facilitates reach-
ing agreement in debates. We propose the MADC method,
an orthogonal approach that significantly improves MAD
outcomes and is widely applicable within the multi-agent
framework.
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