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Abstract

Multi-Agent Debate (MAD) has emerged as a promising paradigm for improving
the performance of large language models through collaborative reasoning. Despite
recent advances, the key factors driving MAD’s effectiveness remain unclear. In
this work, we disentangle MAD into two key components—Majority Voting and
inter-agent Debate—and assess their respective contributions. Through extensive
experiments across seven NLP benchmarks, we find that Majority Voting alone
accounts for most of the performance gains typically attributed to MAD. To explain
this, we propose a theoretical framework that models debate as a stochastic process.
We prove that it induces a martingale over agents’ belief trajectories, implying that
debate alone does not improve expected correctness. Guided by these insights,
we demonstrate that targeted interventions, by biasing the belief update toward
correction, can meaningfully enhance debate effectiveness. Overall, our findings
suggest that while MAD has potential, simple ensembling methods remain strong
and more reliable alternatives in many practical settings. Code is released in
https://github.com/deeplearning-wisc/debate-or-vote.

1 Introduction

“Out of intense complexities, intense simplicities emerge.”
— W. CHURCHILL

Throughout history, humans have relied on deliberation to resolve ambiguity, challenge assumptions,
and seek better answers. From courtrooms and panels to scientific collaborations, group reasoning
plays a central role in decision-making. This process—where individuals reflect, revise, and converge
through interaction—has long been seen as a hallmark of intelligent behavior. Inspired by this, recent
work has explored whether large language models (LLMs) might similarly benefit from structured
interaction. Multi-Agent Debate (MAD) has emerged as a popular framework: multiple LLM agents
are prompted to discuss a shared question, each updating their answer based on the responses of their
peers [ 1-6]. The hope is that, like human deliberation, such interaction will improve reasoning and
lead to better outcomes.

At its core, MAD integrates two key ingredients: the use of multiple agents (“Multi-Agent”) and
their interaction through iterative discussions (“Debate”). Recent work has introduced increasingly
sophisticated variants—ranging from diverse communication protocols [3, 7, 8], designing efficient
and effective system architectures [1, 2, 9, 10], and assigning varied roles or personas to agents 11—
13]. Despite these advances, the underlying mechanisms behind MAD’s effectiveness remain unclear.
A natural step toward understanding MAD’s performance is to disentangle the contribution of
each component—are the gains primarily due to meaningful communication between agents, or
simply the result of aggregating multiple outputs? Answering this question is important because it
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Figure 1: Majority Voting vs. MAD overview.  Figure 2: Majority Voting is the main contributor to MAD.

informs whether the growing complexity of MAD design is justified by tangible benefits. If most of
the performance gain stems from ensembling—i.e., aggregating diverse outputs from independent
agents—then simpler methods like majority voting may suffice, avoiding additional computational
and architectural overhead (see Figure 1 for visual comparison).

To better understand the relative contributions of ensembling vs. interaction, we conduct an extensive
empirical study quantifying each component’s effect. Specifically, we measure the contribution of
the “Multi-Agent” component using the performance achieved through Majority Voting, i.e., the
aggregated output of agents before any debate rounds occur. We then compare this baseline to the
final performance after multiple rounds of “Debate”, allowing us to isolate the additional benefit
introduced by inter-agent communications. Surprisingly, we find that Majority Voting accounts for
most of the performance gains in MAD. In fact, in most cases, majority voting without any debate
performs on par with MAD, as seen in Figure 2. To ensure the broad applicability of our findings, our
evaluation spans seven diverse benchmarks across multiple tasks and models.

Beyond empirical observations, we introduce a theoretical framework in Section 4 that rigorously
explains how agents’ uncertainty and belief updates shape collective decision-making in both voting
and debate. At its core, the framework models each agent as a stochastic process governed by
a Dirichlet-Compound-Multinomial (DCM) distribution, capturing internal uncertainty through
a Dirichlet belief prior and output randomness via Multinomial sampling. This closely mirrors
the behavior of real-world LLMs, which produce different outputs for the same question due to
uncertainty and stochastic generation process (e.g., via temperature or nucleus sampling). Within
this framework, we characterize MAD as a Bayesian posterior belief update process and prove that it
induces a martingale over agents’ belief in the correct answer—meaning the expected belief remains
unchanged over debate rounds. This implies that debate itself does not systematically improve
or degrade beliefs on average; rather, belief evolution is driven by stochastic peer influence. In
other words, we prove formally that majority vote does essentially all the work, which explains our
empirical findings.

Our theoretical framework further sheds light on the new design principles to improve MAD
(Section 5). In particular, it highlights the importance of controlling the martingale by biasing
belief updates toward correct signals during debate. We operationalize this insight through several
interventions, where correct responses exert more influence than misleading ones, leading to
improvements over standard MAD. We summarize our contributions and significance as follows:

1. We comprehensively demonstrate that Majority Voting is as effective as Multi-Agent Debate,
when evaluated across seven representative benchmark datasets. We further expand our
investigation to more general MAD settings, including configurations with larger and more
capable agents, heterogeneous agent populations, and open-ended natural language tasks.

2. We develop a new theoretical framework that reveals majority voting’s success probability,
and rigorously characterizes multi-agent debate as a martingale process. This framework
lays a principled foundation for future work to better understand MAD systems.

3. Our theoretical analysis informs that debate alone does not improve beyond majority voting.
By designing strategies that help preserve correct responses across debate rounds, we achieve



notable improvements in multi-agent debate performance. This sheds light on future research
to effectively improve MAD systems.

2 Preliminaries

Multi-Agent Debate is a collaborative framework in which multiple language model agents engage
in structured interaction—typically in the form of iterative exchanges or discussions—to solve a
task such as question answering or text generation [1-6]. In a typical MAD protocol, each agent
independently generates an initial response and then engages in a series of debate rounds. At round ¢,
an agent receives the original question along with responses from its peers at round ¢ — 1, prompting
the model to update its response accordingly. This iterative process is designed to leverage diverse
reasoning paths and peer wisdom, potentially enhancing the overall decision quality. After all rounds
of debate, the final answer is typically derived through an aggregation mechanism, such as majority
voting. Specific prompts are provided in Appendix B.1.

Debate vs. Voting: Formalization. Let X denote the input space (e.g., natural language questions),
and Y the output space (e.g., free-form or multiple-choice answers). We consider a set of N language
model agents, denoted by {a1, ..., an}, where each agent defines a stochastic function f; : X — )
that produces an initial response y; o ~ f;(z) for input z € X.

In the Majority Voting setting, the initial responses {yi70}£\;1 are directly aggregated using a voting
function V : Y — ) to obtain the final prediction, typically returning the most frequent answer:

Yo = V(yl,o, cee ,yN,o)-

In contrast, Multi-Agent Debate introduces T rounds of iterative communication. We formalize the
communication structure of debate as an undirected graph G, where each node corresponds to an
agent and edges indicate which agents observe one another. At round ¢ > 1, each agent a; observes
responses from a set of neighboring agents at the previous round and updates its answer accordingly.
We define the response set of neighbors available to agent a; at round ¢ as:

R = {yje-1 | J €N},
where N'(7) C {1,..., N} is the index set of neighbors observable to agent a;, including itself (e.g.,
in the fully connected setting, (i) = {1, ..., N}). The response update is given by:

yia =D (a:R")

where D denotes a single round of debate. The iterative debate process over 7' rounds can be
expressed as a function composition:

yir = (DoDo---0D)(x;Ri) = DD (x;Ry).
The final aggregated output after 7" rounds is:
yr = V(Yi,1,Y2,1: " YN,T)-

We adopt the simultaneous-talk protocol [3], where all agents update in parallel based on the previous
round’s responses. Following the common setup in prior works, we focus on homogeneous agent
settings, i.e., all agents share the same underlying model architecture or behavior. This allows us
to isolate the effect of inter-agent communication and contrast MAD directly with simple majority
voting. Our goal is to contrast the performance of MAD against simple majority voting and assess
whether iterative inter-agent communication provides measurable improvements beyond ensembling
alone. We will extend to the heterogeneous setting in Section 6.

3 Is Debate Really Necessary? A Closer Look at Debate vs. Voting

Multi-agent debate is often regarded as a promising mechanism for enhancing LLM performance via
collaborative deliberation. But how much of its effectiveness truly comes from the debate itself—and
how much is simply due to aggregating multiple answers? To address this question, we dissect
MAD into two components—multi-agent ensembling and inter-agent communication—and present
empirical evidence revealing that simple majority voting accounts for most of the observed gains. We
begin by explaining the experimental setup in the following section.



Table 1: Majority Voting vs. Multi-Agent Debate. Benchmark performances are measured in Accuracy.

Qwen2.5-7B-Instruct

Methods Arithmetics GSMS8K  MMLU MMLU HellaSwag CommonSense HH-RLHF | Average
(Pro.Med.) (Form.Log.) QA
Single-Agent
Single-agent baseline 0.8140 £ .04 0.8713 +.00 0.7868 + .01 0.4905 £.03 0.7880 +.01 0.8153 .01  0.4773 + 01| 0.7205
Multi-Agent
Decentralized MAD (' =2)  0.7600 0.8867 0.8051 0.5556 0.8033 0.8567 0.4967 0.7377
Decentralized MAD ("= 3)  0.6700 0.8533 0.8051 0.5000 0.8000 0.8500 0.5000 | 0.7112
Decentralized MAD (T'=5)  0.6700 0.8333 0.8051 0.4762 0.8000 0.8433 0.5067 | 0.7050
Sparse MAD (T' = 2) 0.8400 0.9033 0.8051 0.4762 0.7967 0.8367 0.4733 0.7330
Sparse MAD (T" = 3) 0.8100 0.8833 0.8162 0.4365 0.7967 0.8367 0.4733 0.7218
Sparse MAD (T = 5) 0.7900 0.8700 0.8088 0.4365 0.7900 0.8333 0.4833 0.7160
Centralized MAD (T = 2) 0.4300 0.7300 0.8162 0.4762 0.8100 0.8567 0.4667 0.6551
Centralized MAD (T = 3) 0.4800 0.7367 0.8162 0.4603 0.8100 0.8500 0.4733 0.6609
Centralized MAD (T = 5) 0.5500 0.7200 0.8125 0.4444 0.8133 0.8467 0.4833 0.6672
Majority Voting 0.9900 0.9400 0.7941 0.5397 0.8033 0.8300 0.4867 | 0.7691
Methods Llama3.1-8B-Instruct
Arithmetics GSMSK MMLU MMLU HellaSwag CommonSense HH-RLHF | Average
(Pro.Med.) (Form.Log.) QA
Single-Agent
Single-agent baseline 0.7320 + .03 0.7393 + .01 0.7441 + .01 0.3794 + .02 0.6267 +.03 0.6767 +.01  0.4440 + .02\ 0.6203
Multi-Agent
Decentralized MAD (1" =2)  0.8200 0.7933 0.7868 0.5238 0.6767 0.7267 0.5233 0.6929
Decentralized MAD (T' = 3)  0.8300 0.7933 0.7684 0.5000 0.6300 0.7033 0.5267 0.6788
Decentralized MAD (I" = 5)  0.8500 0.7800 0.7463 0.5000 0.6300 0.7000 0.5267 0.6761
Sparse MAD (T = 2) 0.8500 0.8133 0.8015 0.4683 0.6767 0.7567 0.5267 0.6990
Sparse MAD (T = 3) 0.8500 0.7967 0.7831 0.4206 0.6233 0.7467 0.5333 0.6791
Sparse MAD (T" = 5) 0.8500 0.7667 0.7868 0.4365 0.6233 0.7233 0.5400 | 0.6752
Centralized MAD (T = 2) 0.7300 0.6400 0.6949 0.3810 0.6000 0.7400 0.4800 | 0.6094
Centralized MAD (T = 3) 0.7700 0.6200 0.6507 0.3730 0.6133 0.7200 0.4900 | 0.6053
Centralized MAD (T = 5) 0.7300 0.5933 0.5846 0.3413 0.5800 0.6967 0.4433 0.5670
Majority Voting 0.8900 0.8733 0.8199 0.5159 0.6933 0.7800 0.4967 | 0.7242

3.1 Experimental Setup

Baselines. The key distinction among multi-agent debate methods typically lies in the design
of the debate function D, particularly in how agents communicate and the roles they assume. To
comprehensively evaluate these variations, we consider the following representative approaches: (1)
Decentralized MAD [2], where each agent observes all other agents’ responses from the previous
round. (2) Sparse MAD [10], a variant of Decentralized MAD with a sparse communication topology
to enhance efficiency. (3) Centralized MAD [14], where a central agent aggregates peer responses
and generates the updated response at each round. (4) Majority Voting, which selects the final answer
by aggregating initial responses from multiple agents without any debate. This can be viewed as a
special case with 7' = 0. For all the multi-agent approaches, we adopt N = 5 in our main comparison
and will ablate on the effect of V. For single-agent baselines, we average across 5 independent runs.

Benchmarks. Following previous MAD literature, we focus on solving six natural language
question answering tasks by conducting extensive evaluations across benchmark datasets: (1)
Arithmetics, (2) Mathematical Reasoning (Grade School Math 8k [15]), (3) Factual Question
Answering (MMLU Professional Medicine and Formal Logics [16, 17]), (4) Natural Langauge
Inference (HellaSwag [18]), (5) Commonsense Reasoning (CommonsenseQA [19]), and (6) Alignment
Labeling (HH-RLHF [20]), where we adopt the “Al labeler alignment” practice [21], similar to [10].
For fairness in comparison, all baselines are evaluated on the same data subsets. More details are
provided in Appendix A.2.

3.2 Key Observations

Majority voting is surprisingly strong. In Table 1, we compare the performance of single-agent,
MAD, and majority voting approaches across seven benchmark datasets using the Qwen2.5-7B-
Instruct [22] and Llama3.1-8B-Instruct [23] models. Consistent with the typical choice of existing
literature, we compare 2- and 3-round, along with a prolonged 5-round debate setting among five
agents. Interestingly, while MAD consistently outperforms the single-agent baseline, it does not



reliably surpass the much simpler majority voting strategy. Notably, in most cases, majority voting
performs on par with MAD. To further assess the impact of model capacity, we additionally evaluate
the more capable Qwen2.5-32B-Instruct model in Section 6. Although overall performance improves
in the MAD setting, the majority voting strategy continues to account for most of the performance
gains. These findings suggest that the effectiveness of MAD is largely driven by model ensembling,
rather than the iterative debate process itself.

To gain deeper insight into the effect of MAD T arthmetics
components, we present an ablation study in Figure 3. It T e
illustrates the effect of varying the number of Qwen2.5 B

agents participating in each round of debate, from Gowo

of agents generally leads to improved performance.
The trend suggests that MAD’s effectiveness may stem
primarily from the ensemble effect of multiple agents.
Our next section formalizes our observations.
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Figure 3: Accuracy improves with more agents.
4 Theoretical Analysis

To better understand the dynamics underlying our empirical findings in Section 3, we now turn to a
formal analysis of multi-agent debate and majority voting. Our theoretical framework allows us to
capture how agent uncertainty and belief updates shape the collective decision-making in both debate
and voting, grounded in Bayesian principles. Specifically, for a given input question, we consider
a population of N agents, each generating a response from a finite set A, which may represent
multiple-choice question options or a set of plausible completions for open-ended tasks. We model
each agent as an idealized generative model governed by a Dirichlet-Compound-Multinomial (DCM)
distribution. This closely mirrors how practical LLM systems produce different outputs for the same
question due to uncertainty and sampling variability. In particular, the Dirichlet prior captures the
agent’s internal belief over possible answers, while the Multinomial models the stochastic generation
process (e.g., via temperature or nucleus sampling). This distribution is thus a natural choice because
it encapsulates both internal uncertainty and output randomness, while also providing a principled
Bayesian framework for belief updates across debate rounds—enabling analytical study of dynamics
during the debate process. Below we provide the mathematical details of the DCM model.

Definition 1. (Agent Response Generation via DCM) Af round t, each agent 1 is associated with
a belief vector a; 4 = (aﬁ), ceey agf)) € Rf, where each entry ag? reflects the agent’s belief in

response option k € A. To generate a response y; ¢, the agent follows a two-step process:

(Belief sampling) 0, , ~ Dirichlet(c; ),
(Response generation) y; , ~ Categorical(0; ).

The marginal probability of generating any particular response y; ; € A—after integrating out the
(4)

randomness in 0; ;—is given by P(y; s = k | o ;) = agi)/ ZjeA -

Before analyzing the dynamics of debate, we first consider the base case where agents respond
independently without interaction. The following characterizes the success probability of majority
voting under this condition, based solely on the agents’ homogeneous initial beliefs, a; g = o =

(a(l), ...,a)). Without loss of generality, let answer index 1 be the correct option. We assume

that the correct answer has the largest belief oM and all the other beliefs are ordered such that
a(l) > a(2) Z e Z a(K).

Theorem 1. (Majority Voting Success Probability) Let6 = (A1), ... 0(5)) = o/ Zszl o

denote the mean of the Dirichlet distribution, Dirichlet(«), and define the margin A := 01 — 0. If
N > K/AZ? then the probability that majority voting selects the answer 1 is lower bounded as:

P(ymy = 1) > 1 — exp (N (\% _ \;N)Q> .
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Figure 4: Martingale process of the mean agent accuracy across debate rounds.

Remark 1. This result highlights the magnifying effect of majority voting: even when the correct
answer is only marginally more likely than the alternative answers, the lower bound on the success
probability asymptotlcally approaches 1 as N scales. Notably, this holds even when 6; < 2, as
long as it remains the most probable choice option. In practice, we recognize that MAD systems
often operate with a small number of agents due to computational constraints. We provide a sharper
analysis specialized to this realistic regime that applies to arbitrary IV in Theorem 1.A (Appendix C),
without constraining its size. This complementary result provides insights into the reliability of
majority voting in more practical, resource-constrained settings.

Next, we analyze the multi-agent debate performance by formalizing how each agent’s belief a; ¢
evolves through debate. Specifically, each agent observes its neighbors’ responses and performs a
Bayesian posterior update of its belief accordingly.

Definition 2. (Bayesian Belief Update from Neighbor Responses) Ler {y; 1 | j € N (i)} be
the set of responses observed by agent i from its neighbors N () at round t. These responses induce a
count vector ¢; y = (c glt), cey cl(f)) € NX where cgﬁ) denotes the number of neighbors who selected

response k. Then, the agent updates its Dirichlet parameter as: o = o 4—1 + Ci¢.

Under this formulation, each round of multi-agent debate corresponds to a Bayesian update step
under the conjugacy of the Dirichlet-Multinomial model.

Lemma 1. (Bayesian Conjugacy in Multi-Agent Debate) At round t, after observing responses
from its neighbors N (i), the agent i aggregates these into a count vector ¢; ; as in Definition 2. Then,
by Bayesian conjugacy, the posterior distribution over 0; ; remains Dirichlet:

it | {yj,t—1}jeni) ~ Dirichlet(a ;1 + ¢; ).

Then, for an agent ¢ with neighbors N (i), let p; ; := 0( ) denote its belief in the correct answer at
debate round ¢. Under Bayesian conjugacy,

gV Elt) Elt) 1t C(l)

(R —e K

ZJ 1 O‘fjt) Zj:l( Ejt) 1T CE t))
This agent belief’s evolution throughout debate forms a martingale process (Theorem 2), with full
proof in Appendix D.

Dit =

Theorem 2. (Martingale Behavior of Multi-Agent Debate) For any agent i at round t > 0, if

W Z Pit—1 = Pia—1, 0]
JEN()

then sequence {p; 1 }+>o forms a martingale. That is, the expected belief at the next round equals the
current belief:
E[Pz’,t | Ott—ﬂ = Pijt—1-



Theoretical insights: Majority vote does essentially all the work. This theorem highlights a
fundamental property of multi-agent debate under Bayesian update of the DCM model: the agent’s
belief in the correct answer behaves like a martingale—that is, its expected value remains unchanged
across rounds. This result is closely related to the classical Pélya Urn scheme [24]. Intuitively, this
means that debate itself does not systematically improve or degrade an agent’s belief on average;
instead, belief updates are driven entirely by the stochastic influence of peer responses. While some
debate trajectories may lead to stronger belief in the correct answer (i.e., correction), others may
lead to weaker belief (i.e., subversion). While these local fluctuations affect the posterior counts,

the expected belief in the correct answer remains equal to the initial p; o = 9§10), without any debate,
when agents are homogeneous and fully-connected (Appendix D.3.1). This implies that, under our
theoretical model, debate alone does not necessarily improve the initial accuracy—majority voting
accounts for the primary performance gains. Our theory thus aligns well with our empirical findings
in Section 3. Furthermore, in Appendix D.4, we extend our analysis to a more general setting in
which each agent’s expected belief evolves over the course of the debate, such that the condition in
Theorem 2 may no longer hold. In this context, we introduce the notion of “collective intelligence"
and demonstrate that it forms a martingale process even with heterogeneous agents.

Martingale behavior is supported empirically. We empirically examine whether the sequence
{Ppi,i }+>0 exhibits martingale behavior. For each benchmark and debate round ¢, we estimate p; as
the mean accuracy of the five agents®. As shown in Figure 4, the resulting trajectories are essentially
flat, which is consistent with the theoretical property that the expected value of a martingale remains
unchanged over time. Raw values for mean accuracy are provided in Table 6 (Appendix E).

Generalized interpretation of the Bayesian update step. In Lemma 1 and Theorem 2, we
define the update dynamics in terms of the count vector c; ;. Our framework can be generalized
to open-ended tasks and capture the heterogeneous influence of each agent’s response, with minor
interpretational adjustments. For open-ended tasks, although responses are not strictly countable
in categorical form, they can be represented in distributional or similarity-based spaces. Here, the
count vector can be viewed more broadly, e.g., as a soft histogram over clustered response types,
an embedding-based semantic agreement measure, or a weighted similarity score between textual
outputs. In such settings, “consensus” is better defined semantically rather than symbolically: if
agents independently produce explanations or rationales that are semantically aligned, this can be
considered consensus even when surface forms differ. This notion can be operationalized using
thresholds on embedding similarity, Levenshtein distance, or overlap in reasoning chains, among
other metrics.

S How Does Theory Inform Improved Design of MAD?

The martingale property in our theory reflects a neutral expectation over time, underscoring that
without additional bias towards correct signals, debate alone does not guarantee convergence to
the truth. Any additional benefit arises from local asymmetries in the observed stochastic process
{p+}+>0. Hence, to improve the effectiveness of MAD, we explore alternative designs that facilitate
correction and/or suppress subversion in the debate process.

5.1 Belief Update by Biasing Towards Correct Signal

To investigate how targeted intervention in the belief update process can promote convergence to
the correct answer, we first consider an oracle-style method that explicitly biases updates toward
the correct signal. In this variant, once an agent produces the correct answer in any debate round,
it becomes “locked” in that state; that is, its belief vector is no longer updated by subsequent peer
responses. Formally, if agent ¢ outputs the correct answer at round ¢, we use this response in all
subsequent rounds ¢’ > ¢. This update mechanism amplifies the asymmetry in favor of correction:
correct signals persist and accumulate over rounds, while incorrect signals can still be revised.
Consequently, the system’s dynamics depart from the neutral martingale behavior discussed in
Section 4 and instead exhibit a directional drift toward the correct answer.

Note that this quantity is different from the accuracy in Table 1, which is the ratio of correct responses affer
voting.



Table 2: Improved design of MAD. The model is Qwen2.5-7B-Instruct.

Methods Arithmetics GSMSK MMLU MMLU HellaSwag CommonSense HH-RLHF | Average
(Pro.Med.) (Form.Log.) QA
Decentralized MAD (T" = 2)
MAD-vanilla 0.7600 0.8867 0.8051 0.5238 0.8033 0.8567 0.4967 0.7332
MAD-Conformist 0.9200 0.9200 0.8015 0.5397 0.8000 0.8600 0.4967 0.7625
MAD-Follower 0.9200 0.9300 0.8088 0.5317 0.8100 0.8500 0.4900 0.7629
MAD-oracle 0.9400 0.9667 0.8897 0.6587 0.8333 0.8933 0.5833 0.8236
Decentralized MAD (T = 3)
MAD-vanilla 0.6700 0.8533 0.8051 0.5000 0.8000 0.8500 0.5000 0.7112
MAD-Conformist 0.9000 0.9133 0.8015 0.5635 0.8033 0.8567 0.4933 0.7617
MAD-Follower 0.9100 0.9200 0.8015 0.5476 0.8067 0.8567 0.5000 0.7632
MAD-oracle 0.9400 0.9667 0.8897 0.6746 0.8333 0.8933 0.5833 0.8259
Decentralized MAD (T" = 5)
MAD-vanilla 0.6700 0.8333 0.8051 0.5000 0.8000 0.8433 0.5067 0.7084
MAD-Conformist 0.8900 0.9133 0.8088 0.5079 0.8000 0.8500 0.4967 0.7524
MAD-Follower 0.9000 0.9133 0.7978 0.5397 0.8033 0.8533 0.4967 0.7577
MAD-oracle 0.9400 0.9667 0.8897 0.6825 0.8333 0.8933 0.5967 0.8289
Sparse MAD (T" = 2)
MAD-vanilla 0.8400 0.9033 0.8051 0.4683 0.7967 0.8367 0.4733 0.7319
MAD-Conformist 0.9100 0.9233 0.8015 0.5238 0.8000 0.8300 0.4833 0.7531
MAD-Follower 0.9200 0.9233 0.7941 0.5079 0.8000 0.8267 0.4833 0.7508
MAD-oracle 0.9200 0.9733 0.9007 0.6111 0.8267 0.9000 0.6333 0.8236
Sparse MAD (T = 3)
MAD-vanilla 0.8100 0.8833 0.8162 0.4206 0.7967 0.8367 0.4733 0.7195
MAD-Conformist 0.9100 0.9233 0.8125 0.5000 0.8033 0.8367 0.4633 0.7499
MAD-Follower 0.9100 0.9267 0.8015 0.5159 0.8000 0.8267 0.4667 0.7496
MAD-oracle 0.9200 0.9733 0.9007 0.6429 0.8267 0.9000 0.6467 0.8300
Sparse MAD (T = 5)
MAD-vanilla 0.7900 0.8700 0.8088 0.4365 0.7900 0.8333 0.4833 0.7160
MAD-Conformist 0.9200 0.9200 0.8162 0.4444 0.7967 0.8333 0.4767 0.7439
MAD-Follower 0.9200 0.9233 0.8125 0.5000 0.8033 0.8333 0.4767 0.7527
MAD-oracle 0.9400 0.9767 0.9007 0.6508 0.8267 0.9000 0.6600 0.8364

We refer to this method as MAD-oracle, and report its performance in Table 2. This variant yields
substantial improvements over standard MAD, and always surpasses the Majority Voting baseline by
a large margin. For instance, in Decentralized MAD with T' = 5 rounds, accuracy on MMLU (Form.
Log.) increases from 0.5000 to 0.6825. Although this approach is not feasible in practice—since the
true answer is not available—it reveals an upper bound on the benefit achievable by incorporating
bias toward correct signals in the belief update process. In the next subsection, we investigate a more
realistic alternative that aims to suppress subversion without direct access to ground truth.

5.2 Belief Update Guided by the Majority Vote

In practice, one would not have access to the oracle setting where correct answers are preserved by
assumption. To approximate this behavior, we introduce simple modifications to the MAD update
rule that leverage the positive signals from majority voting. Our design rationale is guided by our
theoretical analysis—which shows that majority voting provides a more reliable estimate of the
correct answer than any single agent, as it aggregates marginal advantages across the population. This
suggests that using the majority response as a proxy for the ground truth can help steer belief updates
in the right direction—effectively biasing the system toward correction without needing oracle access.
To explore this idea, we propose two lightweight interventions that incorporate the majority vote into
agents’ belief dynamics. Specifically, we evaluate two strategies: (1) MAD-Conformist: if an agent’s
response matches the majority vote in the previous round, it retains that response; (2) MAD-Follower:
with 30% probability, the agent adopts the majority response from the previous round, and otherwise
samples a new one. As shown in Table 2, these strategies consistently outperform the MAD-vanilla
baseline. While they do not reach the oracle’s upper bound performance, they demonstrate that
simple, theory-informed modifications can yield meaningful improvements—pointing to a promising
direction for future work to close the gap.



Table 3: Results on a larger model. Table 4: Heterogeneous persona agents. Single-
agent is averaged over 5 personas (prompts in B.3).

Qwen2.5-32B-Instruct

Methods GSMSK HellaSwag Methods Qwen2.5-7B-Instruct

T GSMSK  MMLU (Pro.Med.)
Single-agent baseline 0.7566 + .01 0.8620 =+ .01 Single-Agent

Multi-Agent Single-agent baseline 0.8047+ .05 0.7890 + .01
Decentralized MAD (T’ =2)  0.9400 0.8633 ) Multi-Agent
Decentralized MAD (I'=3)  0.9367 0.8600 Decentralized MAD (I"=2)  0.8033 0.8419
Decentralized MAD (T = 5) 0.9367 0.8600 Decenlral;zed MAD (T = 3) 0.7733 0.8382

o Decentralized MAD (T = 5) 0.7433 0.8382

Sparse MAD (T" = 2) 0.8433 0.8667 Sparse MAD (T = 2) 0.8900 0.8346
Sparse MAD (T' = 3) 0.9367 0.8633 Sparse MAD (T = 3) 0.8667 0.8346
Sparse MAD (T = 5) 0.9333 0.8667 Sparse MAD (T’ = 5) 0.8567 0.8382
Centralized MAD (T = 2) 0.8000 0.8667 Centralized MAD (T = 2) 05933 0.8051
Centralized MAD (T = 3) 0.8333 0.8667 Centralized MAD (T = 3) 0.5900 0.7978
Centralized MAD (T" = 5) 0.8333 0.8667 Centralized MAD (T = 5) 0.6000 0.7978
Majority Voting 0.9433 0.8667 Majority Voting 0.9367 0.8235

6 Extended Experiments to General Settings

In this section, we broaden the scope of our investigation in Section 3 to more general settings,
evaluating whether the key observation (i.e., majority vote is as effective as debate) holds on larger
model size, heterogeneous agents, and open-ended question formats.

Consistent observations in a larger and more capable model. To assess the generality of our
findings, we extend our evaluation to more capable language models. Specifically, we test our setup
on the Qwen2.5-32B-Instruct model [22], using two representative tasks: GSM8K and HellaSwag.
As shown in Table 3, the results confirm our earlier observations that the performance of Majority
Voting remains comparable to that of multi-agent methods. This suggests that our claim is not limited
to smaller models, but also holds in high-capacity LLMs.

Heterogeneous Agents. While our primary focus has been on homogeneous agent settings, an
important question remains: Do our findings also extend to heterogeneous agent configurations? To
investigate this, we evaluate MAD systems composed of agents with distinct personas, as shown
in Table 4. Following the optimal persona sets identified for “college mathematics” and “clinical
knowledge” via the “agent selection algorithm” introduced in [9], we construct diverse agent roles
for each task. For GSM8K, the team includes a general-purpose “Assistant” alongside specialized
roles: “Mathematician”, “Lawyer”, “Economist”, and “Programmer”. For the MMLU Professional
Medicine subset, we include “Doctor”, “Psychologist”, “Mathematician”, and “Programmer”. In
practice, we implement this by assigning each agent a system prompt that encodes a specific role or
persona—e. g., Mathematician, Programmer, Lawyer—using the same prompt templates provided
in [9] (see Appendix B.3 for the prompts). Even in these heterogeneous settings, Majority Voting
mostly paralleled MAD variants. However, several MAD results on Pro. Med. show larger gains,
suggesting the potential benefit of assigning diverse personas in task-specific MAD systems.

Eva!uatlon oniopen-ended tgxt generation tasks. Inour .. s Open-ended text generation.
previous experiments, we mainly focused on closed-ended Qwen2.5-7B-Instruct on Decentralized
question answering tasks, which are the primary focus of pMAD.

previous works on MAD. A natural follow-up question is

whether our findings will hold in open-ended tasks, such as Methods Rouge-1 Rouge-L
free-form text generation. To explore this, we evaluate MAD Beg; Single-agent  0.2760  0.1871
on a text summarization task using a subset of CNN/DailyMail =~ MAD (T = 1) 0.2686  0.1814

dataset [25]. Unlike classification tasks, applying Majority =~ MAD (" =2) 02773 0.1867
Voting in summarization is not straightforward due to the MAD (T =3) 02825 0.18%2
lack of discrete answer choices. Instead, we report the best-

performing agent at each debate round, as shown in Table 5. Interestingly, we observe that ROUGE-1
and ROUGE-L scores remain relatively invariant across rounds, suggesting that the key observations
from closed-ended tasks may also extend to open-ended tasks like summarization.




7 Related Works

Recently, there has been growing interest in multi-agent systems (MAS). Several survey papers have
reviewed state-of-the-art LLM-based MAS approaches [14, 26-28]. Within MAS, MAD has emerged
as a particularly promising approach for enhancing the performance of single-agent benchmarks. In
the following, we discuss the strengths and limitations of current MAD systems.

Pros of Multi-Agent Debate. A key strength of MAD lies in its iterative discussion process, which
has the potential to enhance both factual accuracy and reasoning quality. Building on this paradigm,
several works have proposed MAD-based approaches for a variety of tasks [1-6]. To further advance
MAD systems, [7] introduced enhancements grounded in debate theory, while [29] developed the
Peer Rank and Peer Discussion mechanisms to select appropriate agent pairs for debate. Many
studies have focused on designing effective communication architectures and protocols to improve
efficiency and effectiveness [3, 8—10, 30, 31]. Other works have emphasized the importance of
diversity in MAD systems, leveraging heterogeneous LLM agents [ 1], injecting distinct personas
into each agent [9, 12, 13], or enabling text generation with controlled diversity [32, 33]. Additionally,
learning-based methods have been explored to optimize MAD dynamics [9, 34, 35].

Cons of Multi-Agent Debate. While MAD systems are widely used as effective tools for solving
various tasks, recent studies have raised concerns about their actual effectiveness. For instance, [36]
conducted an in-depth analysis identifying 14 distinct failure modes in MAD systems, and [37] found
that MAD does not consistently outperform single-agent approaches. Similarly, [38] showed that
LLM agents are not self-corrective enough for MAD to be successful, and [39] reported that MAD
performs no better than advanced single-agent reasoning methods and highlighted its sensitivity
to hyperparameters. [40] echoed these concerns, showing that well-prompted single agents can
sometimes outperform MAD. More specifically, [7] and [37] observed occurrences of subverted or
incorrect answers in MAD debates, while [41] showed that MAD systems often converge to the
majority opinion, even when that opinion reflects common misconceptions. On a slightly different
gear, [42] compared various decision protocols and showed that multiple rounds of MAD actually
decreases performance. In this work, we perform a systematic comparison between MAD and simple
majority vote, and provide theoretical foundation to understand how the success probability evolves
throughout debate, shedding light on future design of improved MAD.

8 Conclusion

In this study, we provided comprehensive analysis of MAD and its core components. To investigate
this, we conducted extensive experiments on seven benchmarks. Contrary to prevailing assumptions,
we observe that most performance gains of MAD stem from majority voting rather than the debate
process itself. To support this finding, we introduce a theoretical framework that characterizes debate
dynamics as a martingale process, which preserves the expected success probability of each agent
over time. These insights suggest that ensembling strategies like majority voting remain strong and
often more reliable, highlighting the need to preserve correct answers during inter-agent debate.
Overall, our work sheds light on the key mechanisms underlying MAD and offers concrete directions
for improving its design.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The main claims in the abstract and introduction are consistent with our
empirical and theoretical findings in Section 3.1 and Section 4.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We describe limitations in Appendix H.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used
by reviewers as grounds for rejection, a worse outcome might be that reviewers
discover limitations that aren’t acknowledged in the paper. The authors should use
their best judgment and recognize that individual actions in favor of transparency play
an important role in developing norms that preserve the integrity of the community.
Reviewers will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: Proofs for theorems are in Appendix D. Assumptions are clearly stated in
Section 4.

Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the
main experimental results of the paper to the extent that it affects the main claims and/or
conclusions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Detailed experimental setup are described in Section 3.1 and Appendix A.1.
Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all

submissions to provide some reasonable avenue for reproducibility, which may depend

on the nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient
instructions to faithfully reproduce the main experimental results, as described in
supplemental material?
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Answer: [Yes]
Justification: Code will be released for reproducible research.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits,
hyperparameters, how they were chosen, type of optimizer, etc.) necessary to understand
the results?

Answer: [Yes]

Justification: Hyperparameter details are in Appendix A.l, and dataset details are in
Appendix A.2.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We show standard deviations in tables.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars,
confidence intervals, or statistical significance tests, at least for the experiments that
support the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the
computer resources (type of compute workers, memory, time of execution) needed to
reproduce the experiments?

Answer: [Yes]
Justification: Resource details are in Appendix A.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: Our research adheres to the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special
consideration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: Broader Impact statement is in Appendix ??.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our work does not release data or models that have a high risk for misuse.
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» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All assets used are cited properly.
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
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provided alongside the assets?

Answer: [NA]
Justification: We do not introduce new assets.
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* The answer NA means that the paper does not release new assets.
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limitations, etc.
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Crowdsourcing and research with human subjects
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include the full text of instructions given to participants and screenshots, if applicable, as
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Answer: [NA]
Justification: We did not conduct research on human subjects.
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* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: We did not conduct research on human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: LLMs are not used for core method development.
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* The answer NA means that the core method development in this research does not
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¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
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A Experimental Details

A.1 Hyperparameters and Resources

Hyperparameters. To enable stochastic sampling from homogeneous agents, we set the sampling
temperature to 1.0, and use nucleus sampling probability of 0.9, which means that sampling is done a
dynamic set of likely tokens that together account for 90% of the total probability. Furthermore, we
generate a maximum of 512 tokens for all models experimented in the paper.

Resources. All experiments were conducted using either RTX A6000 or RTX A100 GPUs.

A.2 Dataset Details

Here, we provide dataset details and the number of samples utilized in our experiments.

Arithmetics comprises 100 arithmetic questions, in the form of “What is the result of a + b * c + d —
e/ f?" The values a to f are randomly sampled from integers between 0O to 30.

GSMBSK [15] comprises high-quality grade school math word problems intended to test mathematical
multi-step reasoning. We randomly subsample 300 questions from the original test split.

MMLU (Professional Medicine) [16, 17] is a benchmark specialized in evaluating reasoning abilities
in medical domains at a professional level. Specifically, the dataset requires medical concepts, clinical
reasoning, and biomedical knowledge to answer questions. We use the entire test split comprised of
272 questions.
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MMLU (Formal Logic) [16, 17] is designed to evaluate a model’s proficiency in formal reasoning,
symbolic manipulation, and logical analysis. We use the entire test split comprised of 126 question
for evaluation.

HellaSwag [ 18] is a natural language inference (NLI) benchmark dataset, in the context of sentence
completion tasks. That is, the benchmark tests whether a model can choose the most plausible
continuation of a given context from multiple options, which is a task that demands not just linguistic
proficiency but also real-world knowledge and reasoning. We randomly subsample 300 questions
from the original test split.

CommonsenseQA [19] is a multiple-choice question answering dataset designed to evaluate a
model’s ability to apply commonsense knowledge in natural language understanding. We randomly
subsample 300 questions from the original validation split.

HH-RLHF [20] is a collection of human-annotated data designed to train and evaluate language
models for alignment with human preferences, focusing on helpfulness and harmlessness. The dataset
is annotated with relative preferences, comprising ‘chosen’ and ‘rejected’ sample pairs. Similar to
the “Al labeler alignment” practice [21], we ask the LLM agent to select the example that is more
helpful and less harmful. To avoid selection bias [43—-45], we randomly shuffle the order of “chosen"
and “rejected" in the input prompt. We use a random subset of 300 pairs from the original test split.

CNN/DailyMails [25] is a dataset for abstractive text summarization. It was originally constructed
from news articles published by CNN and the Daily Mail, aimed for evaluating models that generate
concise summaries of long-form text. We use a random subset of 30 samples from the test split of
dataset version 3.0.0.

B Prompt Templates
Here, we provide all the prompt templates used for our experiments.

B.1 MAD Templates

The following is the prompt template for multi-agent debate. For brevity, assume 3 agents are in the
debate.

These are the recent opinions from other agents:

One of the agents’ response:

<agent 2’s response from the previous round>
One of the agents’ response:

<agent 3’s response from the previous round>
This was your most recent opinion:

<agent 1’s response from the previous round>

Use these opinions carefully as additional advice to revise your recent opinion to give your final
answer to the question:

<question>

Make sure to state your final answer in curly brackets at the very end of your response, just like:
"{final answer: 12.34}".

For GSMSK, we give a slightly different demonstrative example: “{final answer: 123}", and for the
other MCQ datasets, we give: “{final answer: (A)}". For the CNN/Daily Mail dataset, we instruct
the model to ‘Make sure to provide your summary after stating "# Summary #".’

B.2 Task Templates
For completeness, we provide the exact input format used for each dataset. These templates

correspond to the <question> field in the MAD prompt structure. Datasets not listed below follow
the original question format as provided in their respective sources without modification.
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Arithmetics
What is the result of a+b*c+d-e=f?

MMLU Professional Medicine & Formal Logic

<question>

(A) <option 1>
(B) <option 2>
(C) <option 3>
(D) <option 4>

HellaSwag

Can you choose the option that best follows:
"<context>"?

(A) <option 1>

(B) <option 2>

(C) <option 3>

(D) <option 4>

CommonsenseQA

<question>

(A) <option 1>
(B) <option 2>
(C) <option 3>
(D) <option 4>
(E) <option 5>

HH-RLHF
Which of the following is relatively more helpful and/or harmless data?
(A) <chosen> or <rejected>

(B) <rejected> or <chosen>

CNN/DailyMails

Summarize the following in three sentences:

<article>

B.3 Persona Prompts

To assign heterogeneous personas to agents, we use a system prompt that specifies the role each agent
should assume. We adopt the persona descriptions from [9], which are provided below:

* Assistant: You are a super-intelligent Al assistant capable of performing tasks more effectively
than humans.

* Mathematician: You are a mathematician. You are good at math games, arithmetic calculation, and
long-term planning.

23



» Economist: You are an economist. You are good at economics, finance, and business. You have
experience on understanding charts while interpreting the macroeconomic environment prevailing
across world economies.

* Programmer: You are a programmer. You are good at computer science, engineering, and physics.
You have experience in designing and developing computer software and hardware.

* Lawyer: You are a lawyer. You are good at law, politics, and history.

* Psychologist: You are a psychologist. You are good at psychology, sociology, and philosophy. You
give people scientific suggestions that will make them feel better.

* Doctor: You are a doctor and come up with creative treatments for illnesses or diseases. You are
able to recommend conventional medicines, herbal remedies and other natural alternatives. You
also consider the patient’s age, lifestyle and medical history when providing your recommendations.

C Special Case of Theorem 1

In this section, we analyze a special case of Theorem 1, where the probability of the correct answer,
denoted by 61, exceeds % In other words, each agent independently makes a correct decision with
probability at least 0.5. It naturally follows that % >1-6, = Zf:z i > max;e (s, k) 0, indicating
that the margin term A in Theorem 1 requires A > 0, which does not rely on the number of agents

N or the set size of possible answers k.

To formalize this, we define py := 61 to represent the initial probability that an individual agent
selects the correct answer. Also, for simplicity, let X1, X5, ..., Xy be independent Bernoulli random
variables, where X; ~ Bernoulli(py). The average correctness across agents is then given by the

empirical mean X = % Zil X;, which corresponds to the fraction of agents who vote correctly.
Under this setup, we analyze the lower bound of the Majority Voting success probability as follows:
Theorem 1.A (Majority Voting Success Probability). Ler X1, X5, ..., X, be independent Bernoulli
random variables with X; ~ Bernoulli(py), where py € (0, 1) is the probability that each agent is
correct. Let X = % Zf\; X; be the fraction of correct agents among N independent agents. If
po > % the probability that a majority vote is successful is lower bounded as follows:

p<x> ;) > 1 exp (—QN (po—;)2>.

Proof of Theorem 1.A. Since X; ~ Bernoulli(p), we have E[X;] = p, and the variables are
independent and bounded: 0 < X; < 1. Define S,, = Y., X;, so E[S,] = np,and X = Sn 50

n’

E[X]=0p.

We apply Hoeffding’s Inequality to bound the deviation of S, from its mean. Hoeffding’s Inequality
states that for independent random variables X; with a; < X; < b;,and S,, = Z?:l X;:

2
P(S, — E[S,] > 1) < exp (‘z"l(zbt—a)?>
P(Sy — E[S,] < —t) < exp (—z_létw)z‘)

Here,a; = 0,b; = 1,50 (b; —a;)? = 1,and Y, (b; — a;)? = n. Lett = en:

2(en)?

P(S, —np < —en) < exp <
n

) = exp(—2ne?)

Rewrite in terms of X:

P(Sn—npg—en):P<5;;—p§—e):P()_(gp—e)
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P(X <p—¢) < exp(—2ne?)

We want the majority vote to be successful, i.e., X > %

First, consider the complementary event:

r(ret)-r(xsr (1)

and sete =p — 1:

Since p > % € > 0. Substitute €:

P(x<3)<en (‘2” (o ;>2>

Thus, the probability of a successful majority vote is:

p(x23)-1-r(xe) =1 om(an(o-}))

Proof completed. |

Under this alternative formulation, the term p — % serves as a conservative approximation of the

margin A, since all competing answer choices are necessarily assigned probabilities less than %
Then, note that the dominant term in the resulting lower bound remains consistent with that of the
orignal Theorem 1, scaling as O(N - A?).

D Proofs

D.1 Proof of Theorem 1

Theorem 1. (Majority Voting Success Probability) Ler 8 = (A1), ..., 0(5)) = a/ Z]K:1 o
denote the mean of the Dirichlet distribution, Dirichlet(«), and define the margin A := 61 — 0y. If
N > k/AZ, then the probability that majority voting selects the answer 1 is lower bounded as:

P(ymy = 1) > 1 — exp <N (\% _ \/1N>2> .

Proof of Theorem 1. We proceed in several steps to establish the result.

Step 1: Define the Empirical Distribution

The empirical distribution of votes is given by p = ¢/N = (p1, P2, ..., P ), where p; = ¢;/N
is the fraction of agents selecting answer j. The true distribution is p = 6, so E[p,] = 6;. The
majority-voted answer corresponds to the index with the largest p;:

Ymy = argmax p;j.
je{l,....K}

Our goal is to show that p; > p; for all j # 1 with high probability under the given conditions.
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Step 2: Establish a Key Lemma

To connect the empirical distribution to majority voting, we introduce the following lemma.
Lemma 2. If |p — p|1 < A, then yny = 1.

Proof of Lemma 2. We prove this by contrapositive. Suppose 4, # 1. Then, there exists some j # 1
such that p; > p;. Compute the L; norm contribution involving classes 1 and j:

Ip1 — 1| + [pj — pjl = [(p1 — P1) — (pj — P3)| = Ipr — pj — (Br — By)I-

§ince7p1 = 6,, pj = éj, elnd A =60, — 05, and given 0, > 0} forall j > 2, we have p; — p; >
01 — 02 = A (since 62 > 0; for j > 2). Given p; > p1, compute:

P1—p; <0 and p; —p; > A,

SO:
p1—p;— (1 —pj) > A-0=A.
Thus:
|(p1 — 1) — (pj — Bj)| = A,
implying:

Ip1 — 1] + |pj — Pj| = A.
Since ||p — p|l1 = Zil; |pi — Dil > |p1 — P1| + [pj — Dy, it follows that:
b —pl: > A.

Hence, if ¥y # 1, then ||p — plj1 > A. Conversely, if ||p — p|j1 < A, then y,y = 1. Proof of
Lemma 2 completed. O

This lemma implies:
P(ymv = 1) > P([|p — pl1 < A).

Step 3: Bound the L; Deviation

Since 6 = o/ Zfil «a; is the mean of the categorical distribution induced by the Dirichlet model,

and agents draw answers independently from @, the counts ¢ ~ Multinomial(N, 8). Note that the
Dirichlet-multinomial assumption in the original proof simplifies to a multinomial distribution here
because 0 is fixed as the mean.

We need to bound P(||p —p||1 > A). We use a concentration inequality for multinomial distributions.
A known result (e.g., Proposition 19 in [46]) provides:

P (Ip—ph 2 VE (= +o) ) <ew-Ne),

for some € > (. This bound accounts for the K -dimensional nature of the distribution.

Set the threshold equal to A:

\/E<\/1N+6>:A
Solve for e:
1 A
N TR
A 1
e_ﬁ_ﬁ'
The condition N > K/A? ensures ¢ > 0:
\;AE>\/1N implies VNA >VK or NA?>K,

which matches the theorem’s condition. Since A > 0, this condition guarantees the bound is
meaningful.
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Substitute € into the inequality:

P([[p —pl1 > A) <exp (N <\/AI? - 1N> ) .
Thus:

p A
P(|[p—plh <A) >1—exp <_N =

—
=
s
%

—

Step 4: Conclusion

From Lemma 2:
P(ymy =1) 2 P(lp — pl1 < A).
Combining with the probability bound, we derive:

P(yy = 1) > 1 — exp (—N (\;} — \}N>Q> )

This matches the statement of Theorem 1. Proof completed. |

D.2 Proof of Lemma 1

Lemma 1. (Bayesian Conjugacy in Multi-Agent Debate) At round t, after observing responses
from its neighbors N (i), the agent i aggregates these into a count vector c; ¢ as in Definition 2. Then,
by Bayesian conjugacy, the posterior distribution over 0; ; remains Dirichlet:

;¢ | {yjt—1}jen(s) ~ Dirichlet(ov i1 + C;4).

Proof of Lemma 1. We aim to show that the posterior distribution of 8, ;, the agent i’s belief over
the answer space at round ¢, given the observed responses {; :—1}jenr(;) from its neighbors, is a
Dirichlet distribution with updated parameters o; ;—1 + C; .

First, consider the prior belief of agent ¢ at the start of round ¢, which is based on its belief from the
previous round ¢ — 1. The prior distribution over the parameter 6, ; is:

oL 1 K
0+~ Dlrlchlet(al(-yt)fl, e, ag_’tll),
where o; 1 = (az(lt)_l, cee aglt(_)l) are positive real numbers representing the prior parameters

inherited from the previous round, and the density is proportional to:

(m)

i,t—1"

K
p(8:) o T 67 ,
m=1

with 3K gm) — 1,

m=1 "14,t

At round ¢, agent 7 observes the responses {y;:—1}jen ;) from its neighbors, where y;; 1 €

{1,..., K} represents the answer chosen by neighbor j at round ¢ — 1. According to Definition 2,
these responses are aggregated into a count vector ¢; ; = (cz(v’lt), . ,cgi)), where:
e = 37 Ay =ml,
JEN (@)

and Z’fn:l cgzl) = |N(7)], the number of neighbors. Assuming each neighbor’s response y; ;1 is

drawn independently from a categorical distribution parameterized by ; ., the likelihood of observing
the count vector c; ; given 6; ; follows a multinomial distribution:

it | 0;¢ ~ Multinomial(|\(7)[,0; ;).
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with the likelihood proportional to:
sz|01t .8 H 9<m)1f .

By Bayesian conjugacy, the posterior distribution of 8; ; given the observed counts is proportional to
the product of the prior and the likelihood:
p(0ic | cit) < p(0i) plcie| Oir)

Substituting the expressions:

<H (m)® 5"5 17t H (m)© E"tL) ﬁ (m E"Z) 1ted (m) -1
(@i | ciy) 0,7 0,7 = 91', )
m=1

This form is characteristic of a Dirichlet distribution. Thus, the posterior is:

.. 1 K K
0i: | {yj.t—1}jen(i) ~ Dirichlet(a Et) 1+ c( t) a(t )1 + cgt )),

or equivalently:
0t | {yjt—1}jeni) ~ Dirichlet(evt—1 + ¢; ).

Since c; ; is derived from the neighbor responses {; :—1};cr(;) as specified, and the update follows
from the conjugacy property of the Dirichlet and multinomial distributions, the lemma holds. Proof
completed. ]

D.3 Proof of Theorem 2

Theorem 2. (Martingale Behavior of Multi-Agent Debate) For any agent i at round t > 0, if

Z Pjt—1 = Dit—1,

JEN(4)

then sequence {p; 1 }+>0 forms a martingale. That is, the expected belief at the next round equals the
current belief:

E[pi,t | Oét—l] = Dijt—1-

Proof of Theorem 2. For agent ¢ with neighbors N/ (i), let p; ; := 971%) denote its belief in the correct
answer at debate round ¢. Under Bayesian conjugacy,

o oW (1)

z t z t—1 + Cz t

p» ¢ = 97(1):) =
it =0, = = — .
ZJ 1 O%(Jt) Zj:l( z(Jt) 1t Cz(‘,t))

Here, we prove that the sequence {p; ; }+>0 is a martingale by showing that the conditional expectation
of the belief in the correct answer at round ¢ given the filtration up to round ¢ — 1 equals the
current belief. A sequence {X;};>¢ is a martingale if E[X; | F;_1] = X;_1, where F;_; =
(g, a1, -+ - , ¢y ) represents the history of belief parameters.

By definition, we can write an agent’s belief in the correct answer at timestep ¢ — 1 and ¢ as:

ot

ztl

Pigot = —t @
Z] 10‘£jt) 1
oD )
R Q-1 + Cz t 3
Dit = K ) ) ( )

Z] 1 G 1+ V(@)
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where c(lt) is the number of neighboring agents that has selected the correct answer at the previous

debate round. Then, the expectation of p; conditioned on the filtration F;_1 is:
Bl | Fisl =B | e Fo 7 @
Pit | Ji—1] = I ; t—1
i a§’2 L+ VG

ol +EE) | R )
zf Lol V)]

) HE en Uy = 1} | Fid] ©

- ZJK 1 az(jt) L+ IV

_ O‘E,lt)—l + 2 jeni) Pit—1 -
Zj‘ Lol + NG

o1+ IV @) P

= (by the condition in Theorem 2). (8)
K
S jer o HING))
From equation (2), we have
K

= pie Y o) ©)

and by plugging equation (9) into equation (8), we arrive at
Elpis | Fie1] = pit—1- (10)
Proof completed. ]

D.3.1 When does (1) in Theorem 2 Hold?

In order for a multi-agent debate to be a martingale process, the condition in Theorem 2, equation (1),
which states the relation between the belief of an agent with its peers’ beliefs, should hold. Here,
we expand our discussion to exploring debate topologies that satisfy (1), therefore the martingale

property.

Proposition 1. (Sufficient Conditions for (1)) If the debate topology consists of agents that either
(i) are homogeneous and fully-connected, or (ii) are fully-isolated, or (iii) form isolated cliques whose
agents in each clique are homogeneous, then the debate process is a martingale.

proof of Proposition 1. We prove one by one that each case satisfies (1).
(i) Homogeneous agents with fully-connected communication topology

This setting best represents our core experimental setting: Decentralized MAD [2]. In this setup,
since the agents are homogeneous their initial beliefs are identical: a1 9 = a9 = -+ = ay 0.
Also, since we are assuming a fully-connected communication topology, the count vector c; ; that
counts the neighboring agents’ answers (including itself), is identical across agents. Therefore,
a;r = a1 + ¢ = oy holds for all 4,¢. By dividing the equation with [|c. ;||1, we get
Di,t = Pir ¢ Vi . Then, (1) is satisfied.

(i) Fully-isolated structure with A/ (7) = {i} for all ¢

This is an extreme case where none of the agent is connected to a peer. That is, an agent will
only refer to its own previous answer to update its response, which is effectively an iterative self-
refinement approach. In this case, each agent’s belief parameter evolves independently through
a; ¢ = a;4—1 + 1{y; .—1 = 1}, where without loss of generality, answer 1 is the correct answer.
Hence, it can be easily shown that each agent follows a martingale process, satisfying (1). Note that
this holds regardless of the homogeneity and heterogeneity of the agents.

(iii) Isolated cliques, where agents in a clique are homogeneous

This scenario is a mixture of the above two cases. Within each clique, the agents’ belief vectors
evolve with respect to case 1 above. Then, the entire topology of multiple cliques will follow case 2,
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where each clique’s collective belief evolves independently of other cliques. Hence, as a whole, (1) is
satisfied. |

In all three cases (i)-(iii), (1) is satisfied. Then, by Theorem 2, a multi-agent debate system with
debate topologies equivalent to (i)-(iii) will have the martingale property. ]

Remark 2. Proposition 1 provides several sufficient conditions under which equation (1) holds.
There may, however, exist other debate graph topologies that also satisfy this condition. A complete
characterization of such cases is left for future work.

D.3.2 When does (1) in Theorem 2 Not hold?

In addition to the cases where the condition in Theorem 2 hold, it is also important to examine the
debate topologies under which (1) does not hold. Here, we discuss two cases: line graph and ring
graph.

1. Line graph

A debate topology that consists of three agents connected as a line may not satisfy (1), as shown
below:

@ @ ©)

Let the agents be homogeneous and their initial beliefs in the correct answer be oz&)) = ozg()) =

agg = 1, and assume ||a 0|1 = ||az,0/l1 = ||ees,0ll1 = 2. Since the count vector ¢ is randomly

generated, it could happen that ¢ = (1,0, 0). This means only agent 1 produced the correct answer.
In terms of Dirichlet parameter updates, we have:

€]

ajotl 1

P11 = m = 5 (11)
aby+1 2

P21 = 7”“270 73 5 (12)
afig 1

P31 = m =1 (13)

In this case, pa,1 # % (p1,1 + p2,1 + p3.1). Hence, this serves as a counterexample to condition (1)
for future time steps.

2. Ring graph

A debate topology that consists of four agents forming a ring graph may not satisfy (1), as shown
below:

Let the agents be homogeneous and their initial beliefs in the correct answer be agl()] = aél()) =

agg = a&)) =1, and assume ||au1 0|1 = [|a20

l1 = |las,olln = ||eaoll1 = 2. If only agent 1 got

30



the answer correct at ¢t = 0,

©)

a;q+1 2
pi1 = 7|\a11,50|1 S5 (14)
B agg +1 B g 5
P21 = 7”“20”1 375 (15)
e 1
P31 = m == (16)
ol + 1 2
Par= LTS T (17)

In this case, p31 # % (p2,1 + ps3,1 + pa,1). Hence, this serves as a counterexample to (1). Notably,
this ring graph corresponds to the Sparse MAD baseline [10]. Although this topology does not
theoretically guarantee the martingale property, we empirically demonstrate in Appendix E that it
holds approximately. We conjecture that the dynamics for short debate rounds does not deviate
greatly from a martingale.

D.4 Collective Intelligence

If the agents are heterogeneous and fully-connected, the debate is not necessarily a martingale since
the condition (1) for individual agent beliefs may not hold. However, we find that the "collective
intelligence" may follow a martingale. Let’s define the collective belief of the correct answer as:

1
G = Za({; (18)
Zi,k Q¢
Then, the expected collective belief is:
Elg: | 7] = 2i <a§’1t)71 +E[Cg’lt) | ]:t_l}) (19)
Dk az(‘,kt)q + 32 IN ()
B 2o (0%(',12_1 +ERjeny Hyj—1 =1} | ft—l])
l Soral s+ 2N | =
This collective belief will be a martingale if and only if
2 2jeny EMyj 1 = 1} [ Fi]
=G o b
is satisfied in (20). This condition is equivalent to
> Zje/\/(i) Pjt-1 2o az(',lt)fl 22)

. - k‘ .
Zi V(@] Zi,k O‘E,t)q
Then, a sufficient condition for this to hold is, for all i,

>k agﬁll = Constant,
N (@) =n,

meaning that the magnitude of the belief vector should be constant across agents, and that all agents
should be connected to each other. When these conditions are met, {g; };>¢ follows a martingale
process.
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E Martingale Process Empirical Investigation

Here, we provide the raw mean accuracy values used for Figure 4 is provided in Table 6.

As further investigation, we directly evaluate the martingale process by comparing the p; ;—1, as
measured by the mean accuracy values across agents at step ¢ — 1, with the expected value of the next
step E[p;+ | Fi—1], which is measured by running 5 independent runs on the subsequent debate round.
In the following two tables, we report the results with Sparse MAD [10], consisting of Qwen2.5-7B
agents and Llama3.1-8B agents, on three rounds of debate evaluated on the Formal Logic benchmark.
We observe that p; ;1 ~ E[p; + | F+—1] in both cases.

Table 6: Raw mean accuracy values for Figure 4. Top row is from Qwen2.5-7B-Instruct, and the bottom row is
from Llama3.1-8B-Instruct. The MAD structure is the fully connected Decentralized MAD [2].

Rounds \ Arithmetics GSMSK Pro. Med. Formal Logic HellaSwag CommonsenseQA HH-RLHF

1 0.5400 0.7740 0.8022 0.4937 0.7900 0.8233 0.4613
2 0.4880 0.7267 0.8015 0.4492 0.7880 0.8280 0.4600
3 0.4880 0.7240 0.8029 0.4254 0.7880 0.8333 0.4547
4 0.4860 0.7287 0.8015 0.4159 0.7880 0.8340 0.4560
5 0.4940 0.7293 0.8015 0.4048 0.7873 0.8340 0.4560
Rounds | Arithmetics GSMS8K Pro. Med. Formal Logic HellaSwag CommonsenseQA HH-RLHF
1 0.6340 0.6553 0.7199 0.3667 0.6487 0.7167 0.5060
2 0.6980 0.6533 0.6978 0.3492 0.6287 0.7307 0.5173
3 0.6920 0.6520 0.6728 0.3397 0.5953 0.7220 0.5060
4 0.7300 0.6413 0.6662 0.3254 0.5820 0.7067 0.4987
5 0.7280 0.6380 0.6581 0.3175 0.5647 0.6953 0.4973
Table 7: Qwen2.5-7B-Instruct on Formal Logic Table 8: Llama3.1-8B-Instruct on Formal Logic
Round ¢ Dit—1 Epis | Fip-1] Round ¢ Dit—1 Elpi | Fit—1]
1 0.363 0.386 (0.024) 1 0.451 0.446 (0.016)
2 0.400 0.410 (0.011) 2 0.443 0.452 (0.003)
3 0.371 0.379 (0.011) 3 0.479 0.490 (0.016)

F Proper Evaluation Matters

Another key takeaway from our study is that careful evaluation is critical for accurately assessing the
utility of MAD. We find that the method used to extract final answers from free-form model responses
can significantly affect measured performance—sometimes even reversing conclusions. While prior
works have reported consistent gains from MAD over majority voting [2, 3, 10], we find these results
may be partially driven by error-prone answer extraction, where rule-based parsing can fail even
when the model’s response is correct. For example, a model’s output may be correct, but incorrectly
marked as incorrect purely due to failures in parsing, rather than actual reasoning mistakes.

To improve the reliability of answer extraction, we explicitly Table 9: Effect of different answer
instructed each agent to append its final answer using a extractors. Qwen2.5-7B-Instruct on
standardized format—for example, “{final answer: g}". This Decentralized MAD.

strategy substantially reduces parsing failures and yields more GSMSK
reliable evaluations (see Appendix B.1 for prompt details). Methods Ours Prior [2]
Once final answers are extracted from each agent using the  Single-agent ~ 0.8713 £.00 0.6620 +.01
same protocol, we select the majority answer as the final MADT'=2) 038867 0.7533

p ’ jority Majority Voting ~ 0.9400 0.6700
response.

Table 9 shows that the extraction strategy significantly impacts performance. Our evaluation protocol
improves single-agent accuracy and, on GSMS8K, even outperforms MAD when the latter is evaluated
using the prior strategy from [2]. These results show that our strategy reveals model’s true capability
more faithfully, and caution against attributing improvements to debate when they may stem from
superficial formatting gains. Without rigorous and consistent evaluation, we may incorrectly estimate
MAD?’s benefits and obscure whether inter-agent communication truly enhances decision quality.
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G Closed-source LLM Evaluation

We extend our experiments to a closed-source LLM setting. Specifically, we conducted additional
evaluations using three GPT-4 agents across four benchmarks. In Table 10, the overall trends remain
consistent with those observed in our open-source model experiments, supporting the generality of
our findings.

Table 10: Further experiments on GPT-4

Arithmetics CSQA HellaSwag HH-RLHF

Majority Voting 0.9967 0.8721 0.9078 0.5612
Decentralized MAD (T' = 1) 0.9867 0.8788 0.9078 0.5580
Decentralized MAD (T = 2) 0.9867 0.8784 0.9044 0.5577
Decentralized MAD (T = 3) 0.9833 0.8780 0.9044 0.5459

H Broader Impact, Limitations and Future Works

Broader Impact. Our findings highlight an important perspective on Multi-Agent Debate, showing
that much of its effectiveness can be achieved through simpler, more accessible methods like Majority
Voting. This opens the door to building more efficient and scalable collaborative Al systems without
sacrificing performance. Moreover, by identifying the MAD as a martingale process, we offer
actionable insights that can help make future MAD systems more robust and trustworthy. We believe
our work contributes to a new perspective on debate-based Al frameworks that are both principled and
practical. Ultimately, this supports the broader goal of making Al systems more reliable, collaborative,
and aligned with human reasoning.

Limitations and Future Works. As discussed in Section 2, our study primarily focuses on the
Simultaneous Talk protocol [3], where all agents generate and share their responses concurrently in
each debate round. While this setting is widely adopted in prior work, it does not capture the full
spectrum of possible communication strategies within multi-agent systems. Alternative protocols,
such as One-by-One, where agents respond sequentially, or Simultaneous-Talk-with-Summarizer,
where a summarizer agent oversees and summarizes the state of the debate, introduce different
dynamics that may influence the rates of subversion and correction. Investigating these alternative
protocols in depth remains an important direction for future work. Furthermore, our theoretical
framework relies on the assumption of agent homogeneity and may not directly generalize to
heterogeneous settings. A promising direction for future work is to extend the martingale analysis to
account for heterogeneous agents with differing prior beliefs or reasoning capabilities.
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