Can LLMs Really Judge? A Progressive Argumentation-Mining
Framework for Distinguishing Understanding from Aggregation

Fuyu Wang'?, Jiangtong Li*?*, Kun Zhu'?, Changjun Jiang'>
1. Key Laboratory of Embedded System and Service Computing,
Ministry of Education, Tongji University
2. School of Computer Science and Technology, Tongji University
{fywang, jiangtongli, kzhu@@, cjjiang}@tongji.edu.cn

Abstract

Current evaluations of large language models
(LLMs) mainly rely on dataset-based gener-
ation accuracy. However, generative correct-
ness does not guarantee the discriminative ca-
pability required to verify solutions, frequently
masking an inability to distinguish valid reason-
ing from plausible errors. While multi-agent
debate inherently entails judgment, we show
that uncontrolled context growth and conver-
gence to majority voting introduce significant
noise, obscuring intrinsic model judgment. To
address these limitations, we propose a pro-
gressive argumentation-mining diagnostic
framework designed to explicitly control con-
text and isolate discriminative behaviors. In-
stead of indiscriminate aggregation, our ap-
proach distills and retains only the single most
well-supported rationale per answer, preventing
context dilution while enforcing strict quality-
based selection. Applying this framework re-
veals a fundamental cognitive divergence: mod-
els exhibit structural susceptibility to plausible
misinformation in knowledge tasks, whereas in
reasoning tasks they demonstrate latent discrim-
inative potential that remains fragile under pres-
sure. These findings underscore the fragility of
discriminative capabilities, advocating for diag-
nostic methodologies that prioritize judgment
stability over simple generation performance.

1 Introduction

Large language models demonstrate strong per-
formance across diverse domains as indicated by
benchmark evaluations. However, existing dataset-
based evaluation practices are limited, as they
largely assume that generation performance alone
is sufficient to define model capability (Wu et al.,
2024; Liu et al., 2025a; West et al., 2024). These
methods primarily assess the capacity to produce re-
sponses, often overlooking the discriminative abil-
ity of LLMs to verify information. This oversight is
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Model Name Gen. Maj. Vote Self-Sel. Conv.

qwen-2.5-7b-instruct  74.5 79.0 78.7 96.4
qwen-2.5-14b-instruct 85.3 86.4 857 985
qwen-2.5-32b-instruct 88.3 90.4 904 982
qwen3-8b 78.2 90.1 739 899
qwen3-4b 69.7 79.4 69.1 85.3

Table 1: Performance comparison of selection strategies
in the Best-of-n setting. Gen.: Mean accuracy across all
generated candidates; Maj. Vote: Accuracy determined
by majority voting over the candidate set; Self-Sel.:
Accuracy of the answer chosen by the model from the
candidate pool; Conv.: Convergence rate measuring the
agreement between majority voting and self-selection.

Model Initial Acc 3 Agents 5 Agents 7 Agents
qwen3-4b 69.7 71.9 72.2 69.7
qwen3-8b 78.2 78.9 75.7 73.8

Table 2: Impact of agent count on accuracy in a standard
multi-agent debate setting.

critical because reasoning, akin to human cognition,
typically involves a cycle of generation followed
by reflection and selection (Shleifer, 2012; Li et al.,
2021). As a result, the ability to judge a solution’s
correctness often better indicates understanding
than directly generating an answer.

To emulate this reflective process, multi-agent
debate frameworks (Du et al., 2024; Singhal et al.,
2025; Chistova et al., 2025) have been developed
to enhance model performance, allowing agents to
refine their answers based on peer responses. This
interaction requires both generative and discrim-
inative skills, as models must propose candidate
solutions while simultaneously evaluating those
provided by others. However, current approaches
primarily utilize these mechanisms to boost final
accuracy rather than explicitly isolating and mea-
suring the discriminative capability. First, the de-
bate process often generates extended contexts, in-
troducing noise that complicates assessing the in-



trinsic judgment ability of LLMs. Second, the re-
liance on consensus frequently leads to conformity,
making it difficult to distinguish genuine identifi-
cation of correct answers from simple aggregation
effects (Choi et al., 2025; Estornell and Liu, 2024;
Kaesberg et al., 2025).

To validate these limitations, we conduct two pre-
liminary experiments assessing selection behavior
and context length effects. In the first experiment
(Table 1), we employ a best-of-n (n = 7) setting
to compare mean generation accuracy against self-
selection (model-chosen answer) and majority vot-
ing. Results indicate that self-selection closely mir-
rors majority voting, suggesting that the selection
process acts as simple aggregation rather than evi-
dence of independent discriminative reasoning. In
the second experiment (Table 2), we analyze a stan-
dard multi-agent debate (MAD) setting (Du et al.,
2024) by varying the agent count (3, 5, and 7) over
two debate rounds. While accuracy initially im-
proves with fewer agents, it degrades as the count
increases, revealing a non-monotonic trend as the
context length expands with additional references.
This suggests that while limited references aid rea-
soning, excessive context hinders the information
processing capability of LLMs. The convergence
toward majority voting and uncontrolled context
growth prevent MAD frameworks from effectively
isolating and evaluating discriminative ability.

Building on this analysis, we propose a progres-
sive argumentation-mining diagnostic frame-
work designed to explicitly control reasoning con-
text and evaluation difficulty. Instead of aggregat-
ing all generated outputs, which introduces noise
and favors majority voting, our approach groups
responses by answer and employs a scoring mech-
anism to mine and retain only the most well-
supported rationale for each distinct answer. This
design enables the progressive refinement of rea-
soning quality while maintaining a concise context,
allowing us to examine whether models improve
their judgments when exposed to stronger argu-
ments rather than simply a higher volume of infor-
mation. We apply this framework to two distinct
evaluation scenarios: reasoning-centric tasks (e.g.,
mathematical reasoning) and knowledge-centric
tasks (e.g., professional question answering).

Experimental results reveal a fundamental cog-
nitive divergence in model capabilities across these
domains. In knowledge-centric tasks, models ex-
hibit high susceptibility to misleading information,
failing to rectify errors even under ideal evidence

conditions, confirming that reasoning cannot com-
pensate for knowledge deficits. In contrast, in
reasoning-centric tasks, models demonstrate latent
discriminative potential, effectively improving de-
cisions through internal verification when exposed
to high-quality argumentation. However, this capa-
bility remains fragile, degrading significantly as
the density of plausible but incorrect reasoning
paths increases. Overall, these findings suggest
that while generative capabilities have advanced,
the discriminative stability required to reject plau-
sible misinformation remains a critical bottleneck.
This limitation motivates the need for diagnostic
frameworks that prioritize judgment consistency
over simple outcome accuracy, isolating genuine
understanding from rote memorization. Our contri-
butions are summarized as:

* We distinguish discriminative capability from
generative performance, demonstrating that
correct generation often masks an inability to
verify solutions against competing errors.

* Through experiments, we reveal that standard
self-selection mechanisms often collapse into
simple aggregation, failing to reflect indepen-
dent judgment when facing distractors.

* We propose a progressive argumentation-
mining framework that integrates debate with
quality-based selection. By filtering for high-
quality reasoning, this approach controls con-
text noise to isolate discriminative bounds.

* We analyze discriminative behavior across
domains, identifying a structural failure in
knowledge-centric tasks where models mis-
lead by hallucinations, contrasting with the
fragile but present potential in reasoning tasks.

2 Related Work

2.1 LLM Evaluation

LLM evaluation methodologies typically fall into
three categories, starting with task-oriented auto-
matic metrics that compare outputs against refer-
ences using standards like accuracy, BLEU (Pap-
ineni et al., 2002), or ROUGE (Lin, 2004). Human-
centered approaches employ annotators to assess
qualities like coherence (Do et al., 2025), though
they remain costly and prone to inter-annotator
variability (Piot et al., 2025). Behavioral eval-
uations probe model stability under controlled
perturbations, including paraphrasing (Chataigner



et al., 2025), adversarial inputs (Raina et al., 2024),
and distribution shifts (Blanchet et al., 2024).
Within the first category, benchmark-based eval-
uation remains the dominant paradigm, utilizing
general-purpose suites like MMLU (Hendrycks
et al., 2021), BIG-Bench (Suzgun et al., 2023),
and C-Eval (Huang et al., 2023) for standardized
comparisons. As performance on early bench-
marks saturates, challenging suites like BIG-Bench
Hard (Kazemi et al., 2025) have been introduced
to test advanced reasoning capabilities. In paral-
lel, domain-specific benchmarks have emerged for
specialized fields, including medicine (Cai et al.,
2024), law (Fei et al., 2024), mathematics (Light-
man et al., 2024), and science (Wang et al., 2024).
However, despite this diversity, most benchmarks
rely on final-answer correctness, assuming that suc-
cessful generation equates to understanding.

Exiting frameworks conflate generative and dis-
criminative capabilities (West et al., 2024; Wu et al.,
2024), measuring correctness without verifying the
ability to distinguish valid reasoning from errors.
High benchmark accuracy often reflects shallow
heuristics or memorization rather than stable rea-
soning criteria (West et al., 2024). This fragility
appears in performance drops under semantic refor-
mulations, highlighting sensitivity to surface forms
despite unchanged meaning (Salido et al., 2025).
As a result, accuracy metrics may overstate true
understanding and obscure important differences
in discriminative capability between models with
similar scores (Jiang et al., 2025). Recent studies
therefore advocate jointly assessing generation and
discrimination to evaluate reasoning stability (Lin
et al., 2024; Tyen et al., 2024).

2.2 Multi-Agent Debate

Multi-Agent Debate (MAD) has established it-
self as a paradigm leveraging inter-model inter-
actions to enhance both task performance and anal-
ysis. Early research primarily utilized debate to
improve accuracy on complex reasoning tasks,
such as mathematics and multi-step inference (Du
et al., 2024). Subsequent work further explored
the role of diverse strategies in multi-agent debate,
by encouraging agents to adopt distinct problem-
solving approaches rather than merely different per-
sonas, so as to break homogeneous reasoning pat-
terns and improve debate effectiveness with fewer
rounds (Liu et al., 2025b). Studies demonstrate
that iterative argumentation reveals diverse solu-
tion paths and mitigates single-model reasoning

errors (Liang et al., 2024). Recent work extends
MAD to probe capabilities beyond accuracy, in-
cluding stability, self-correction, and consistency
across competing explanations (Xiong et al., 2023),
while also applying debate frameworks to bet-
ter approximate real-world debate settings (Wang
et al., 2025). As an evaluative setting, debate com-
bines both generation and discrimination. Agents
must produce answers while judging competing
responses, even when those responses appear plau-
sible. This discrimination is embedded in the in-
teraction rather than separated into an independent
judging stage. This coupling makes MAD an ideal
framework for evaluating whether models can dis-
tinguish valid reasoning under contextual pressure.

Recent research utilizes debate frameworks for
evaluation, moving beyond simple answer refine-
ment. Methods range from adversarial argument
selection (Chan et al., 2024) to factuality assess-
ments challenging unsupported claims (Khan et al.,
2024). However, current approaches often lack
interpretability and rigorous process control. Sim-
ply accumulating arguments introduces noise and
context sensitivity, making it difficult to distinguish
genuine reasoning from input complexity(Kaesberg
et al., 2025). Therefore, models are overwhelmed
by argument quantity rather than quality, impeding
the assessment of judgment stability.

3 Diagnostic Framework

Existing evaluation paradigms primarily focus on
generative accuracy, often neglecting the model’s
capacity to distinguish valid reasoning from plau-
sible alternatives. We introduce a progressive
argumentation-mining framework that integrates
discriminative tasks within a controlled multi-agent
debate. This design isolates judgment capability
by measuring how models adjust their decisions
in response to high-quality arguments rather than
expanded context volume.

3.1 Candidate Reference Construction

A primary challenge in debate-based evaluation lies
in balancing reference quality with context con-
straints, as indiscriminate retention of responses
causes rapid context expansion, confounding judg-
ment with noise and excessive length. To ad-
dress this, we implement a quality-controlled
argumentation-mining mechanism that filters candi-
date integration across debate rounds. Specifically,
we maintain a candidate list where each unique
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b) Progressive Discriminative Evaluation
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Figure 1: Overview of the Progressive Argumentation-Mining Framework. (a) Candidate Reference Con-
struction: Responses are clustered by answer, and a judge mines the optimal argument per cluster to form a concise,
quality-controlled reference queue. (b) Progressive Discriminative Evaluation: Models evaluate these references,
prioritizing selection over generation. This cycle progressively tests whether exposure to mined, high-quality
arguments improves judgment stability compared to simple information accumulation.

final answer is paired with a single rationale. In
each round, generated responses along with candi-
date list are grouped by their final answer, and a
judge model selects the single most well-supported
rationale to represent each unique answer, updat-
ing the list to retain only the optimal rationale for
each answer (See Appendix A.1 for judge prompt).
This strategy achieves a dual objective: first, it
curbs uncontrolled context expansion by filtering
redundant or weak responses, ensuring concise and
comparable inputs across rounds; second, by pri-
oritizing quality over quantity, it attributes perfor-
mance shifts to stronger reasoning exposure rather
than context length or noise. This pipeline is rig-
orous for isolating discriminative behavior under
progressively refined evidence.

3.2 Progressive Discriminative Diagnosis

Building on the updating candidate list, we inte-
grate discriminative diagnosis directly within the
multi-agent debate workflow. In each round, the
model first evaluates whether any existing candi-
date aligns with its judgment; if a match is found, it
is selected, otherwise, the model generates a new re-
sponse. This structure explicitly prioritizes discrim-
ination, compelling the model to assess competing
alternatives before resorting to generation. By iter-
ating between selection and conditional generation,
the framework tightly couples discriminative judg-

ment with generative action in a unified process.
Furthermore, this design facilitates fine-grained
analysis of judgment dynamics across rounds. It
allows us to observe whether models leverage high-
quality references, persist in redundant generation,
or succumb to plausible misinformation. Therefore,
the framework offers a principled, interpretable
method to evaluate discriminative capability and
judgment stability under controlled conditions (see
Appendix A.2 for prompts).

3.3 Metrics for Discriminative Diagnosis

We propose a hierarchical metric framework
aligned with our progressive debate structure, span-
ning individual rounds, cross-round dynamics, and
cross-dataset distributions. This design assesses
not only outcome correctness but also the evolution
of model judgment as argument quality improves.

At the round level, we quantify how effectively
a model utilizes available reference evidence via
the upper-bound gap. Let m denote a model, d
a dataset, and r € {0,..., R} the debate round.
We define model accuracy at round 7 as Accy, 4.r,
and the corresponding upper bound determined by
the available reference candidates as UB,;, 4. The
per-round gap is defined as:

= UBm,d,r

Gapmvdvr — AcCry g - (1)

This metric measures the disparity between actual



performance and the maximum potential achiev-
able with the candidate set. Narrower gaps indicate
superior utilization of high-quality arguments.

At the cross-round level, we assess the correla-
tion between evidence quality and model perfor-
mance using Trend Alignment (TA). For model m
and dataset d, we analyze the accuracy sequence
{Accy a2 ) against the upper-bound sequence
{UB,.a.} 2. Trend Alignment is defined as:

TAm,a=cort ({AcC,ar 1o {UBm.atig), (2)

where corr(+, -) denotes the Pearson correlation co-
efficient. This metric determines whether improve-
ments in argument quality consistently translate
into accuracy gains. High TA indicates judgment
responsive to evidence, whereas low or negative
TA suggests that stronger references fail to reliably
improve decision-making.

At the dataset level, we analyze systematic diver-
gences between reasoning-centric and knowledge-
centric tasks. We classify datasets into reasoning-
centric (D) and knowledge-centric (D) cate-
gories, defining Category Separation as:

Sepm(s) = gm,DR - gm,DKa (3)

where Sy, p, = {TA, d}dep, and the overline
denotes averaging over datasets within each cate-
gory. This metric captures process-level differences
in how consistently model judgments improve as
argument quality increases across task categories.
Together, these metrics provide a unified assess-
ment of judgment quality, temporal dynamics, and
task-dependent behavior within our framework.

4 Experiments and Results

4.1 Experiments Setting

Compared Method. We evaluate our frame-
work using seven LLMs covering diverse pa-
rameter scales and training iterations. Specifi-
cally, we select six open-source models (Qwen-
2.5-7B-Instruct (Yang et al., 2024), Qwen-2.5-14B-
Instruct, Qwen-2.5-32B-Instruct, Qwen3-4B (Yang
et al., 2025), Qwen3-8B, and glm-4-9b-chat (GLM
et al.,, 2024)) alongside one proprietary model,
doubao-1.5-pro-32k. These models vary in scale
and architecture yet exhibit comparable instruction-
following capabilities, allowing for controlled com-
parison under a unified protocol. We assess all mod-
els in inference-only mode, without fine-tuning.
During the debate, gemini-2.5-pro and gpt-5.1

serve as external judges, tasked with curating high-
quality reasoning references for subsequent rounds.
Dataset. To examine model behavior across dis-
tinct capability domains, we employ four bench-
mark datasets categorized by their demands.
Knowledge-centric datasets prioritize domain-
specific factual mastery. We utilize two MMLU
subsets (Hendrycks et al., 2021), Professional
Medicine and Virology, which demand precise in-
terpretation of specialized concepts and expose sus-
ceptibility to misinformation.

Reasoning-centric datasets target logical consis-
tency and multi-step inference. Evaluations include
MMLU-Formal Logic for abstract reasoning and
Math500 (Lightman et al., 2024) for complex math-
ematical problem solving.

We maintain identical inference settings across
all datasets. Unless noted otherwise, we set the
temperature to 1.0 and conduct three independent
inference trials per model.

4.2 Discriminative Capability Analysis
4.2.1 Round-Level Dynamics

At the round level, we quantify evidence utilization
using the upper-bound gap. This metric measures
the difference between accuracy and the maximum
potential performance within candidates.

Table 3 and Table 4 present the gap dynam-
ics across dataset categories. (Computation de-
tails provided in Appendix B.1). In knowledge-
centric datasets (MMLU-Professional Medicine
and MMLU-Virology), the upper-bound gap con-
sistently widens across debate rounds for most mod-
els. Although the upper bound improves with ad-
ditional references, model accuracy lags, causing
the gap to expand. This trend is evident in mid-
and small-scale models (e.g., Qwen3-4B, GLM-4-
9B), suggesting that reference noise in later rounds
impedes informational gains in expert domains.
Conversely, reasoning-centric datasets (Math500
and MMLU-Formal Logic) display varied gap dy-
namics. Stronger models (e.g., Qwen-2.5-32B)
maintain stable gaps, indicating effective utiliza-
tion of refined reasoning traces. However, weaker
models show expanding gaps, particularly on For-
mal Logic, where accuracy plateaus despite rapid
upper-bound growth. This distinction underscores
a capacity dependency: additional rounds bene-
fit performance only when the model reliably dis-
tinguishes high-quality reasoning from distractors.
Reasoning-centric datasets typically exhibit larger



MMLU-profession medicine

MMLU-virology

Model Setting roundl round2 round3 round4 round5S roundl round2 round3 round4 round5S
gwen-2.5-7b-instruct 19.8 20.9 22.8 24.2 25.3 10.4 11.5 15.1 15.6 15.1
qwen-2.5-14b-instruct 10.3 11.8 11.8 12.2 12.1 6.8 6.7 6.3 6.9 7.5
qwen-2.5-32b-instruct 6.3 7.7 7.2 6.4 6.7 7.5 8.1 9.0 10.2 8.8
qwen3-4b 28.6 333 33.7 41.4 43.7 21.6 27.5 324 34.0 329
qwen3-8b 24.0 27.0 27.9 30.6 33.6 18.2 21.5 21.8 25.6 28.4
doubao-1.5pro-32k 2.8 2.8 29 2.9 3.1 1.3 1.0 1.3 1.1 1.6
glm-4-9b-chat 24.3 26.1 29.4 30.4 33.5 17.5 19.3 21.8 20.6 23.1
Table 3: Upper-bound gaps across debate rounds on knowledge-centric datasets.

Model Setting MathS00 MMLU-formal logic

roundl round2 round3 round4 round5 roundl round2 round3 round4 round5
qwen-2.5-7b-instruct 14.3 15.7 17.0 159 16.6 20.4 23.0 222 24.6 26.2
qwen-2.5-14b-instruct 10.3 10.6 10.2 10.4 11.7 17.1 17.6 15.7 14.1 15.4
qwen-2.5-32b-instruct 8.2 8.3 8.8 9.1 9.6 15.9 13.5 11.1 11.9 14.0
qwen3-4b 53 7.0 7.6 7.9 8.0 21.8 31.2 30.8 323 329
qwen3-8b 49 8.2 9.5 9.8 10.1 16.6 26.0 25.2 28.4 27.0
doubao-1.5pro-32k 4.4 6.0 6.6 6.8 7.4 1.6 1.7 1.6 1.6 1.6
glm-4-9b-chat 23.4 26.3 31.3 31.3 342 28.1 333 33.8 34.0 37.2

Table 4: Upper-bound gaps across debate rounds on reasoning-centric datasets.

absolute gaps than knowledge-centric ones, even
among stronger models. This does not imply in-
ferior reasoning; rather, it results from the rapid
expansion of the attainable upper bound in reason-
ing tasks. As rounds progress, the candidate set
accumulates diverse reasoning paths with varying
lengths, structures, and assumptions. While this
diversity raises the upper bound, it challenges the
model’s discriminative capacity to identify the most
effective reasoning. When this capacity is insuffi-
cient, the upper bound grows faster than realized
accuracy, resulting in a larger observed gap.

In summary, round-level gap analysis demon-
strates that increasing debate rounds does not uni-
versally improve performance. While later rounds
expand potential performance, only models with
sufficient discriminative ability translate this po-
tential into actual gains. Otherwise, the widening
gap reveals a failure mode where iterative aggrega-
tion increases inefficiency, an effect masked when
analyzing accuracy or upper bounds in isolation.

4.2.2 Cross-Round Level Dynamics

At the cross-round level, we analyze performance
evolution through the trend alignment between the
upper bound (e.g., the maximum achievable accu-
racy within the candidate set) and the mean accu-
racy across rounds. This reveals whether models
convert the expanding candidate space into realized
gains or instead undergo systematic degradation.
As shown in Figure 2, this alignment varies sub-

stantially across task categories.

In reasoning-centric domains (Math500 and
MMLU-Formal Logic), the pattern is not deter-
mined by model capability alone. Qwen-2.5-32B,
despite its relatively strong initial capability, shows
positive alignment on Formal Logic (TA=0.788)
but negative alignment on Math500 (TA=—0.775),
indicating that higher capability does not guaran-
tee consistent gains from the expanding solution
space. Models with relatively lower initial capabil-
ity can exhibit even stronger negative alignment,
such as glm-4-9b-chat on Math500 (TA=—0.946)
and Qwen3-4B on Formal Logic (TA=—0.976).

In knowledge-intensive domains, both nega-
tive alignment and weak positive alignment are
observed. On MMLU-Professional Medicine,
Qwen-2.5-14B shows severe negative alignment
(TA=—-0.960), whereas Qwen-2.5-32B exhibits
only modest positive alignment (TA=0.657).
A similar pattern appears in MMLU-Virology:
Qwen3-8B shows strong negative alignment
(TA=—0.995), while Qwen-2.5-14B displays weak
positive alignment (TA=0.501).

Overall, these results suggest that cross-round
dynamics are shaped by task characteristics and
model-specific robustness rather than model capa-
bility alone. While additional debate rounds con-
sistently raise the upper bound, this potential trans-
lates into actual gains only when models can stably
retain and exploit useful evidence across rounds.
Detailed results are in Appendix B.2.
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Figure 2: Analysis of Trend Alignment (TA) between Upper Bound and Mean Accuracy. Positive TA indicates
that the model successfully tracks the expanding solution space. Negative TA reveals systematic degradation where

accuracy declines despite improved potential evidence.

4.2.3 Dataset-Level Distribution

We use Sep(S) to measure dataset-level differ-
ences between reasoning-centric and knowledge-
centric domains, where positive values indicate
stronger alignment in reasoning-centric tasks and
negative values indicate a more generalized fail-
ure to track evidence quality across domains. Ta-
ble 5 shows that most models yield positive sepa-
ration, indicating that their trend alignment is gen-
erally stronger in reasoning-centric tasks than in
knowledge-centric ones. Qwen-2.5-32B achieves
the largest separation (0.638), suggesting the clear-
est relative advantage in tracking evidence qual-
ity under reasoning-focused settings. Qwen-2.5-
14B (0.377), Qwen-2.5-7B (0.211), and GLM-
4-9B-Chat (0.237) also exhibit positive separa-
tion, although the magnitude varies across mod-
els. In contrast, Qwen3-4B (—0.067) and Qwen3-
8B (—0.056) show negative separation, indicat-
ing that their alignment difficulties are not con-
fined to knowledge-centric tasks but also extend to
reasoning-centric ones.

4.3 Ablation Experiment
4.3.1 Effect of Different Judge Models

We assess the impact of judge models using the
upper-bound gap . On MMLU-Virology (Table 25),
gaps consistently widen for most models regard-
less of the judge. For instance, Qwen3-4b exhibits
expanding gaps under both OpenAl (22.9 — 28.0)
and Gemini (21.6 — 32.4) judges, indicating a
failure to convert raised upper bounds into accu-
racy. Conversely, Doubao-1.5-pro-32k maintains

Model Sep(S)
qwen-2.5-7b-instruct  0.211
qwen-2.5-14b-instruct  0.377
qwen-2.5-32b-instruct  0.638
qwen3-4b -0.067
qwen3-8b -0.056
glm-4-9b-chat 0.237

Table 5: Category Separation based on Sep(S). Posi-
tive values indicate superior evidence utilization in rea-
soning tasks, while negative values suggest a general-
ized failure to track evidence quality across domains.

minimal gaps (< 1.3) across all settings, reflecting
efficient evidence utilization. On MMLU-Formal
Logic (Table 26), gap dynamics strictly follow
model capacity. Strong models like Qwen-2.5-32B
maintain stable gaps (11.1-15.9), while weaker
models like Qwen3-4b see significant expansion
(21.8 — 32.2). Doubao-1.5-pro-32k again demon-
strates robust utilization with gaps remaining nar-
row (1.6-1.9). These consistent patterns confirm
that while judge models elevate the attainable up-
per bound, the limiting factor remains the model’s
discriminative capacity to exploit these references.

4.3.2 Effect of Candidate Reference Quality

We examine the impact of reference quality on
upper-bound gaps using Tables 27 and 28 . Weakly
supported references systematically widen gaps,
particularly for weaker models. On Formal Logic,
Qwen3-4b’s gap expands significantly under weak
support (22.6 — 32.2), whereas well-supported
references allow stronger models like Qwen-2.5-
32B to narrow the gap (15.9 — 11.1). Overall,



Case study: round-wise candidate refinement for
MMLU-formal logic question_19 (GT: (B))

Case study: round-wise candidate refinement for
MMLU-Virology question_130 (GT: (A))

Question: Select the best translation into predicate logic:
No artifacts are people.

(A) ~P(a)

B) (Vz) (A(z) = —~P(z))

(©) =A(p)

(D) (V) (A(z) A =P(z))

Candidate reference update log:

"Action": "added","Round":1," Answer":"(D)"

"Action": "discarded","Round":1

"ExistingScore": 8.5, "CandidateScore": 8, "Reason":
"Both reasonings are clear and rigorous. However, Option
1 is more detailed in explaining why Option (D) is incor-
rect by explicitly stating that it makes a stronger claim
than the original statement. The additional clarity gives
Option 1 a slight edge".

"Action": "replaced","Round":1

"BetterOption": 2, "ExistingScore": 8, "CandidateScore":
9, "Reason": "Both reasonings are clear and rigorous.
However, Option 2 has a more concise and well - struc-
tured presentation. It directly dives into analyzing each
option without a separate *Understanding the statement’
section, which makes the overall reasoning flow more
smoothly and is easier to follow."

Table 6: Case study from MMLU-Formal logic.

strong models like Doubao-1.5-pro-32k demon-
strate robust discriminative utilization, maintain-
ing negligible gaps (= 1-2) regardless of reference
quality. This confirms that while reference quality
establishes the performance ceiling, the model’s
intrinsic discriminative capability ultimately deter-
mines whether that potential is realized.

4.3.3 Effect of Different Number of Agents

We analyze the impact of agent count via the
upper-bound gap, as shown in Tables 29 and 30.
Increasing the number of agents systematically
widens the gap between the model’s performance
and its upper bound. On Formal Logic, Qwen3-
4b’s gap expands monotonically from 7.7-16.1 (3
agents) to 26.9-34.1 (7 agents). This trend inten-
sifies on Virology, where the gap nearly doubles
(16.6 — 40.1). This indicates that while adding
agents raises the performance ceiling, most models
fail to utilize this potential, instead succumbing
to the increased noise. Uniquely, Doubao-1.5-pro-
32k maintains narrow gaps (1-5) across all scales,
demonstrating robust evidence utilization. Con-
versely, the rapid gap expansion in weaker models
highlights that the bottleneck is discriminative ca-
pacity, not evidence availability.

Question: The successful anti-cancer HPV vaccine con-
sists of:

(A) Live virus attenuated by specific mutagenesis

(B) Whole virus chemically inactivated vaccine

(C) Self-assemble of virus L1 protein into VLP

(D) Sub unit chemically inactivated vaccine

Candidate reference update log:

"Action": "added", "Round": 1, "Answer": "(C)"
"Action": "added", "Round": 1, "Answer": "(D)"
"Action": "replaced”, "Round": 1

"ExistingScore": 7.5, "CandidateScore": 8.5, "Reason":
"Option 2 provides more in-depth details about the im-
munogenicity of VLPs and offers a more rigorous expla-
nation."

"Action": "discarded", "Round": 2

"ExistingScore": 8, "CandidateScore": 3, "Reason": "Op-
tion 1 directly analyzes each option to reach the answer,
while Option 2 mainly evaluates other references rather
than solving the problem."

Table 7: Case study from MMLU-Virology.

Qwen3-4B Model Roundl Round2 Round3 Round4 Round5

Overlap (H-M) 0.90 0.92 0.93 0.93 0.93
Acc. (LLM-Curated) 63.7 65.9 62.2 62.2 62.2
Acc. (Human-Curated) 62.2 65.2 63.0 63.7 61.5

Table 8: Comparison between Human and LLM-
Curated Candidate Queues.

4.4 Candidate Curation with a Strong Judge

To construct a stable candidate queue, we use a
stronger model as a judge to select higher-quality
reasoning trajectories. The goal is not to supply
oracle correctness, but to control context so that
behavior below the tested model’s discriminative
capacity is not confounded by uncontrolled context
growth or a tendency toward majority voting. By
retaining only the single most well-supported ra-
tionale for each answer, the framework stabilizes
the candidate set and enables a cleaner diagnosis
of intrinsic discriminative behavior.

We further validate this design with human anno-
tation on the MMLU-Professional Medicine subset.
Specifically, 50% of the candidate-update instances
are sampled, and the full five-round candidate-
update process is replicated using human anno-
tators as judges. As shown in Table 8, the hu-
man—model overlap (H-M) remains consistently
high (0.90-0.93 across rounds), indicating strong
agreement in candidate selection. We then eval-
uate the same model under both human-curated
and LLM-curated candidate queues and observe
closely aligned accuracy trends across all rounds.



This consistency suggests that the stronger judge
approximates human-level candidate filtering well,
without introducing artificial performance gains.

4.5 Case Study

Table 6 illustrates a trajectory where the candidate
queue is constructed incrementally within the first
round through sequential updates from three agent
responses. An initial candidate is added first, and
later candidates are then either discarded or used
to replace the retained reference according to the
judge’s comparison. As the debate progresses, the
candidate queue is incrementally updated by com-
paring newly generated candidates against the re-
tained references from previous rounds. The can-
didate queue continues to receive newly generated
candidates in later rounds. The table shown here
presents only an abbreviated snapshot of this ongo-
ing process and therefore omits additional candi-
date comparisons and queue updates that occur in
subsequent rounds.

Table 7 illustrates a contrasting failure trajectory
in which the candidate queue is updated incremen-
tally, but the retained references remain incorrect
throughout the process. In the first round, mul-
tiple incorrect candidates enter the queue, and a
later candidate replaces the retained reference be-
cause its explanation is judged more detailed and
rigorous. However, this replacement improves only
the presentation of the reasoning in surface form,
without correcting the underlying conclusion. In
later rounds, additional candidates continue to be
evaluated against the retained references, yet the
shortened record shows that no retained reference
corresponds to the correct answer at any stage, in-
dicating that the update process never succeeds in
producing a correct trajectory.

5 Conclusion

We introduced a Progressive Argumentation-
Mining Framework designed to serve as a rig-
orous diagnostic tool for LLM capabilities. By
strictly controlling reference quality and filtering
contextual noise, our approach effectively isolates
discriminative capability from generative random-
ness. Our experiments expose a fundamental cogni-
tive fracture in current LLMs: (1) In Reasoning-
centric domains, strong models demonstrate a la-
tent ability to improve judgments when exposed
to high-quality argumentation, validating the util-
ity of debate for logic refinement. (2) In contrast,

Knowledge-centric domains reveal a systemic
failure mode. Regardless of evidence quality, mod-
els exhibit high susceptibility to plausible misinfor-
mation, indicating that reasoning cannot compen-
sate for knowledge deficits. These findings serve
as a cautionary tale: current multi-agent paradigms
relying on “collective intelligence” may amplify
hallucinations in knowledge-heavy tasks. Future
evaluations should focus on stability metrics to dis-
tinguish understanding from memorization.

Limitations

While our framework enables a more controlled
and process-aware evaluation of LLM judgment, it
still has several limitations. The reliance on multi-
agent debate and external judges introduces ad-
ditional computational cost, which may restrict
scalability to larger models or broader bench-
marks. Moreover, although our analysis distin-
guishes knowledge-centric and reasoning-centric
behaviors, the framework does not directly explain
the underlying causes of these differences at the
representation or training level. Finally, our exper-
iments are limited to a small set of datasets and
configurations. Extending the framework to more
diverse tasks and adaptive debate settings remains
an important direction for future work.

Ethical Considerations

Our work focuses exclusively on technical and
methodological aspects of large language model
evaluation. The proposed framework targets the
assessment of models’ judgment and discrimi-
nation capabilities in controlled debate settings
and does not involve sensitive political, social,
or cultural content. By emphasizing controlled
context and progressively refined arguments, the
framework encourages more cautious and evidence-
based decision-making, which can help reduce the
influence of misleading information. Moreover, it
is intended as a diagnostic methodology for model
behavior rather than a mechanism for producing or
amplifying harmful content. Overall, our evalua-
tion design supports safer and more reliable model
assessment without introducing ethical risks.
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A System Prompt

A.1 Candidate Reference Evaluation Prompt
for Judge Models

To systematically filter candidate reasoning refer-
ences, we employ a judge prompt that prioritizes
reasoning quality over answer accuracy. For each
instance, the judge compares two reasoning traces
arriving at an identical final answer: an established
reference and a new candidate. The evaluation de-
termines the superior reasoning based on clarity,
logical flow, and the identification of flawed or un-
supported steps. Since both candidates share the
same result, the assessment targets only the internal
coherence and validity of the derivation. The model
allocates a 0-10 score to each path and chooses the
preferred option, outputting a JSON object with the
selection, scores, and a short rationale. We use this
judge model strictly to maintain reference quality
during evaluation; it remains separate from the set
of models being tested. The full judge prompt used
in our experiments is shown in Table 9.

Prompt for Judger

System prompt:

You are acting as a judge to evaluate which reasoning
is better. Both reasonings lead to the same answer, but
you need to determine which one is more clear, rigorous,
and has fewer logical gaps. Give each option an overall
score (0-10).

Respond strictly in JSON format:

{"BetterOption": 1 or 2, "ExistingScore": <float>, "Can-
didateScore": <float>, "Reason": brief explanation}

Option 1 is the existing reasoning, Option 2 is the candi-
date reasoning. Prefer higher score and better reasoning

User Prompt:

Problem: {question}

Answer: {answer}

Option 1 (Existing - {existing source}):{existing rea-
soning}

Option 2 (Candidate - {candidate source}):{candidate
reasoning }

Which reasoning is better? Respond with JSON:
{"BetterOption": 1 or 2, "Reasoning":...}

Table 9: Prompt for judge to filter candidates

A.2  Prompts for Multi-Agent Debate Process

We execute the multi-agent debate (MAD) via a
unified prompting strategy where agents, given ref-
erence candidates, evaluate existing solutions to
adopt a suitable match or generate a fresh response
otherwise. In the absence of references, the agents
directly derive the solution. Table 10 outlines the
specific prompt employed for this procedure.

Prompt for the Multi-Agent Debate (MAD) Process

Reference-aware debate.

When reference candidates are available, agents exam-
ine each reference solution step by step, evaluate its
reasoning process and final answer, and select an an-
swer if a suitable reference is identified. If none of the
references are considered correct, agents generate a new
answer based on their own analysis.

System prompt:

You are a assistant. Your task is to carefully examine
each reference solution’s analysis process and answer.
Evaluate each reference step by step to determine which
one provides the correct answer. If none of the refer-
ences contain the correct answer, you should generate
your own correct answer based on your medical knowl-
edge. Your final answer should be in the form (X) at the
end of your response, where X is one of A, B, C, or D.
User Prompt:

{reference context}

Problem: {question}

Please examine each reference solution’s analysis pro-
cess and answer one by one. Evaluate whether each
reference’s reasoning is sound and whether its final an-
swer is correct. If you find a reference with the correct
answer, select that answer. If none of the references
contain the correct answer, generate your own correct
answer based on your analysis. Explain your evaluation
process and reasoning. Finish with (X) at the end of
your response, where X is one of A, B, C, or D.

Reference-free generation.

When no reference candidates are provided, agents solve
the given multiple-choice question independently and
produce a reasoned answer without relying on external
references.

System prompt:

You are a assistant. Answer the multiple-choice question
carefully and explain your reasoning. Your final answer
should be in the form (X) at the end of your response,
where X is one of A, B, C, or D.

User Prompt:

Problem:{question}. Solve this multiple-choice ques-
tion carefully and finish with (X) at the end of your
response, where X is one of A, B, C, or D.

Table 10: Prompt design used in the multi-agent debate
(MAD) process. The table summarizes agent behavior
under reference-aware and reference-free settings.

B Experimental Results

B.1 Results of accuracy changing with rounds

Tables 15 and 16 present model accuracy across de-
bate rounds alongside corresponding upper bounds
(parenthesized), facilitating analysis of discrimi-
native capability with progressively refined refer-
ences. Tables 17 and 18 provide detailed results for
the five debate rounds.

B.1.1 Knowledge-centric Datasets

For MMLU-Professional Medicine (Table 15), the
upper bound rises consistently across rounds, gen-
erally moving from the 93-94 range in Round 1 to



Model Setting initial acc roundl round2 round3 round4 round5

qwen-2.5-7b-instruct 74.5 73.6 (93.4) 73.6 (94.5) 72.1(94.9) 71.0 (95.2) 70.3 (95.6)
qwen-2.5-14b-instruct 85.3 85.7 (96.0) 84.5 (96.3) 84.5 (96.3) 84.1 (96.3) 84.2 (96.3)
qwen-2.5-32b-instruct 88.3 89.7 (96.0) 88.3 (96.0) 88.8 (96.0) 89.9 (96.3) 89.6 (96.3)
qwen3-4b 69.7 66.3 (94.9) 62.3 (95.6) 62.3 (96.0) 54.6 (96.0) 52.3 (96.0)
qwen3-8b 78.2 73.4(97.4) 71.5(98.5) 70.2 (98.5) 67.9 (98.5) 64.9 (98.5)
doubao-1.5pro-32k 95.7 95.7 (98.5) 95.7 (98.5) 95.6 (98.5) 95.6 (98.5) 95.4 (98.5)
glm-4-9b-chat 70.4 72.4 (96.7) 70.9 (97.0) 68.0 (97.4) 67.4 (97.8) 64.3 (97.8)

Table 11: Model performance dynamics across debate rounds on MMLU-professional medicine. Performance on

each round are represented as Averaged Acc (Upper Bound).

Model Setting initial acc roundl1 round2 round3 round4 round$S

qwen-2.5-7b-instruct 51.0 52.3 (62.7) 52.4(63.9) 51.2 (66.3) 50.7 (66.3) 51.2 (66.3)
qwen-2.5-14b-instruct 51.2 52.8 (59.6) 52.9(59.6) 53.9(60.2) 53.3(60.2) 52.7 (60.2)
qwen-2.5-32b-instruct 53.0 52.7 (60.2) 52.7 (60.8) 52.5(61.5) 51.3 (61.5) 52.7 (61.5)
qwen3-4b 45.5 42.3 (63.9) 40.0 (67.5) 36.9 (69.3) 35.3(69.3) 36.4 (69.3)
qwen3-8b 50.1 50.5 (68.7) 48.4 (69.9) 48.1(69.9) 45.5(71.1) 43.9 (72.3)
doubao-1.5pro-32k 59.5 60.8 (62.1) 61.1(62.1) 60.8 (62.1) 61.0 (62.1) 60.5 (62.1)
glm-4-9b-chat 45.5 48.8 (66.3) 48.8 (68.1) 46.9 (68.7) 48.1 (68.7) 48.0 (71.1)

Table 12: Model performance dynamics across debate rounds on MMLU-virology. Performance on each round are

represented as Averaged Acc (Upper Bound).

9698 in Round 3. Observed accuracy, however,
diverges from this trajectory. For instance, qwen-
2.5-7b-instruct holds steady at 73.6 through Round
2 before falling to 72.1 in Round 3, even as the
upper bound climbs from 93.4 to 94.9. Therefore,
the performance gap relative to the upper bound
widens from 19.8 in Round 1 to 22.8 by Round
3. Qwen3-4b displays a similar pattern; its accu-
racy declines from 66.3 to 62.3 while the upper
bound improves from 94.9 to 96.0, expanding the
gap from 28.6 to 33.7. Gains remain marginal
even for capable models. Qwen-2.5-32b-instruct
rises slightly to 89.7 in Round 1 but settles at 88.8
in Round 3, despite a stable upper bound of 96.0.
Only doubao-1.5-pro-32k approaches saturation,
maintaining a minimal gap of approximately 2.8—
2.9 throughout the rounds.

This divergence is more acute on MMLU-
Virology. Qwen3-8b accuracy falls from 50.5 in
Round 1 to 48.1 in Round 3, whereas the upper
bound grows from 68.7 to 69.9, stretching the gap
from 18.2 to 21.8. Smaller models like qwen3-4b
suffer a continuous decline (42.3 to 36.9), despite
the upper bound rising from 63.9 to 69.3. Overall,
while stronger reference arguments consistently el-
evate the upper bound, most models fail to narrow
the performance gap. The gap frequently persists or
expands during the debate, suggesting that the mod-
els struggle to leverage stronger evidence and lack
sufficient discriminative capability in knowledge-

centric contexts.

B.1.2 Reasoning-centric Datasets

In contrast, reasoning-centric datasets (Table 16)
display distinct round-level dynamics, defined
by early and sustained reductions in the upper-
bound gap. On Math500, several models convert
stronger reference arguments into immediate accu-
racy gains. For instance, Qwen-2.5-32b-instruct
improves from an initial 75.2 to 78.4 in Round
1, whereas the upper bound increases marginally
from 86.6 to 86.8, narrowing the per-round gap
from 11.4 to 8.4. Although accuracy dips to 78.0
by Round 3, the final gap (8.8) remains well be-
low the initial value, reflecting persistent utilization
of stronger references. Qwen3-4b follows a simi-
lar trajectory; accuracy rises from 77.7 to 81.3 in
Round 1 as the upper bound moves from 86.6 to
88.0, compressing the gap from 8.9 to 6.7. Even
if accuracy stabilizes or declines slightly in later
rounds, the gap stays consistently smaller than at
initialization, implying the model capitalizes on
higher-quality reasoning early in the process. On
MMLU-Formal Logic, round-level gap reduction
becomes more distinct for larger models. Qwen-
2.5-32b-instruct shows a monotonic accuracy in-
crease from 74.3 to 81.8, while the upper bound
rises modestly from 92.1 to 92.9, shrinking the
gap from 17.8 to 11.1. Qwen-2.5-14b-instruct ex-
hibits a comparable, though smaller, gap reduction
from 17.5 to 15.7. These results suggest that in



Model Setting initial acc roundl round2 round3 round4 round5

qwen-2.5-7b-instruct 70.6 71.9 (86.2) 70.7 (86.4) 69.6 (86.6) 70.9 (86.8) 70.2 (86.8)
qwen-2.5-14b-instruct 73.1 74.5 (84.8) 74.4 (85.0) 74.8 (85.0) 74.8 (85.2) 73.9 (85.6)
qwen-2.5-32b-instruct 75.2 78.4 (86.6) 78.5 (86.8) 78.0 (86.8) 77.9 (87.0) 77.4 (87.0)
qwen3-4b 777 81.3 (86.6) 81.0 (88.0) 80.8 (88.4) 80.5 (88.4) 80.4 (88.4)
qwen3-8b 73.9 78.3(83.2) 77.4 (85.6) 76.3 (85.8) 76.0 (85.8) 75.7 (85.8)
doubao-1.5pro-32k 84.2 85.2 (89.6) 84.8 (90.8) 84.2 (90.8) 84.0 (90.8) 83.4(90.8)
glm-4-9b-chat 42.5 43.2 (66.6) 41.5(67.8) 38.5(69.8) 39.5(70.8) 37.6 (71.8)

Table 13: Model performance dynamics across debate rounds on Math500. Performance on each round are

represented as Averaged Acc (Upper Bound).

Model Setting initial acc roundl round2 round3 round4 round5

qwen-2.5-7b-instruct 59.1 61.4 (81.8) 60.3 (83.3) 61.1(83.3) 60.3 (84.9) 60.3 (86.5)
qwen-2.5-14b-instruct 69.8 70.2 (87.3) 69.7 (87.3) 71.6 (87.3) 73.2 (87.3) 73.5(88.9)
qwen-2.5-32b-instruct 743 76.2 (92.1) 78.6 (92.1) 81.8 (92.9) 81.0 (92.9) 78.9 (92.9)
qwen3-4b 66.0 70.3 (92.1) 62.5(93.7) 62.9 (93.7) 61.4(93.7) 60.8 (93.7)
qwen3-8b 72.1 78.6 (95.2) 74.0 (100) 74.8 (100) 71.6 (100) 73.0 (100)
doubao-1.5pro-32k 9.1 95.2 (96.8) 95.1 (96.8) 95.2 (96.8) 95.2 (96.8) 95.2 (96.8)
glm-4-9b-chat 56.7 56.8 (84.9) 54.0 (87.3) 56.7 (90.5) 57.3(91.3) 54.9 (92.1)

Table 14: Model performance dynamics across debate rounds on MMLU-formal logic. Performance on each round

are represented as Averaged Acc (Upper Bound).

reasoning-centric tasks, models consistently trans-
late stronger references into improved decisions
rather than absorbing them as noise. Reasoning-
centric datasets feature systematic gap compres-
sion rather than expansion at the round level. As
stronger reference arguments appear, most models
narrow or maintain the upper-bound gap instead of
diverging from the optimum. This behavior con-
trasts with knowledge-centric settings, indicating
that discriminative capability is far more stable
when evaluation emphasizes structured reasoning
over factual recall.

Jointly, Tables 15 and 16 reveal a clear category-
level separation in discriminative behavior. Mea-
sured by final accuracy, models consistently out-
perform on reasoning-centric tasks compared to
knowledge-centric ones. Importantly, when evalu-
ated via process-level metrics like trend alignment,
models show a superior ability to track and respond
to argument quality improvements in reasoning
contexts. In contrast, knowledge-centric tasks ex-
pose a structural weakness: models frequently fail
to distinguish correct information from plausible
distractors, even when higher-quality references
are explicitly available. This analysis demonstrates
that progressive debate does not uniformly improve
model performance. Instead, it functions as a di-
agnostic mechanism exposing where discrimina-
tive capability genuinely exists and where it col-
lapses. While current LLMs can use structured
reasoning to refine judgments under argumentative

pressure, they remain highly susceptible to noise
in knowledge-intensive scenarios. These findings
emphasize the necessity of evaluating LLMs not
only by their generation output but by their reliabil-
ity in discriminating among competing alternatives
under controlled conditions.

B.2 Trend Alignment Visualizations

We provide complete trend alignment (TA) visu-
alizations for all evaluated datasets and models.
Figures 3, 4, 5, and 6 display the Pearson correla-
tion between the per-round upper bound and model
accuracy, quantifying the adherence of model per-
formance to the attainable frontier across rounds.
These plots supplement the aggregated statistics
in the main text by isolating alignment patterns
specific to each model and dataset.

B.3 Effect of Different Judge Models

To evaluate the sensitivity of our framework regard-
ing the judge model selection, we execute a con-
trolled comparison on two representative datasets:
MMLU-Virology (knowledge-centric) and MMLU-
Formal Logic (reasoning-centric). For each dataset,
we perform parallel evaluations employing gemini-
2.5-pro and openai-5.1pro as external judges. In
both configurations, the judge functions solely to
filter and select the best-supported candidate refer-
ences, serving as progressively stronger evidence
in subsequent debate rounds. We analyze the per-
formance dynamics of four evaluated models under



MMLU-profession medicine

MMLU-virology

Model Setting initial acc  roundl round2 round3 initial acc  roundl round2 round3

gwen-2.5-7b-instruct 74.5 73.6(93.4) 73.6(94.5) 72.1(94.9) 51.0 52.3(62.7) 52.4(63.9) 51.2(66.3)
gwen-2.5-14b-instruct 85.3 85.7(96.0) 84.5(96.3) 84.5(96.3) 51.2 52.8(59.6) 52.9(59.6) 53.9(60.2)
gwen-2.5-32b-instruct 88.3 89.7(96.0) 88.3(96.0) 88.8(96.0) 53.0 52.7(60.2) 52.7(60.8) 52.5(61.5)
qwen3-4b 69.7 66.3(94.9) 62.3(95.6) 62.3(96.0) 45.5 42.3(63.9) 40.0(67.5) 36.9(69.3)
qwen3-8b 78.2 73.4(97.4) 71.5(98.5) 70.2(98.5) 50.1 50.5(68.7) 48.4(69.9) 48.1(69.9)
doubao-1.5pro-32k 95.7 95.7(98.5) 95.7(98.5) 95.6(98.5) 59.5 60.8(62.1) 61.1(62.1) 60.8(62.1)
glm-4-9b-chat 70.4 72.4(96.7) 70.9(97.0) 68.0(97.4) 455 48.8(66.3) 48.8(68.1) 46.9(68.7)

Table 15: Model performance dynamics across debate rounds on knowledge-centric datasets under our evaluation
framework. The table reports how model capabilities evolve as progressively stronger reference arguments are

introduced.
. Math500 MMLU-formal logic

Model Setting initial acc  roundl round2 round3 initial acc  roundl round2 round3

gwen-2.5-7b-instruct 70.6 71.9(86.2) 70.7(86.4) 69.6(86.6) 59.1 61.4(81.8) 60.3(83.3) 61.1(83.3)
qwen-2.5-14b-instruct 73.1 74.5(84.8) 74.4(85.0) 74.8(85.0) 69.8 70.2(87.3) 69.7(87.3) 71.6(87.3)
gqwen-2.5-32b-instruct 75.2 78.4(86.6) 78.5(86.8) 78.0(86.8) 74.3 76.2(92.1) 78.6(92.1) 81.8(92.9)
gwen3-4b 77.7 81.3(86.6) 81.0(88.0) 80.8(88.4) 66.0 70.3(92.1) 62.5(93.7) 62.9(93.7)
gwen3-8b 73.9 78.3(83.2) 77.4(85.6) 76.3(85.8) 72.1 78.6(95.2) 74.0(100) 74.8(100)
doubao-1.5pro-32k 84.2 85.2(89.6) 84.8(90.8) 84.2(90.8) 94.1 95.2(96.8) 95.1(96.8) 95.2(96.8)
glm-4-9b-chat 42.5 43.2(66.6) 41.5(67.8) 38.5(69.8) 56.7 56.8(84.9) 54.0(87.3) 56.7(90.5)

Table 16: Model performance dynamics across debate rounds on reasoning-centric datasets under our evaluation
framework. The table illustrates how judgment quality changes as models are exposed to progressively refined

reasoning rather than increased context.

these two judge configurations. Tables 19 and 20
summarize the results for MMLU-Virology and
MMLU-Formal Logic, respectively.

The data reveal a distinct contrast in model be-
havior between knowledge-centric and reasoning-
centric environments under different judge mod-
els. For MMLU-Virology (19), model performance
appears unstable across debate rounds and sensi-
tive to reference selection quality. Even with the
introduction of progressively stronger references,
most models fail to consistently surpass their initial
accuracy. Specifically, Qwen3-4b and GLM-4-9b-
chat exhibit noticeable degradation across rounds
under both judges; this suggests that exposure to
additional arguments, despite filtration, can mis-
lead models in knowledge-heavy scenarios. Al-
though doubao-1.5-pro-32k shows modest gains
under both judges, these improvements remain lim-
ited, suggesting that current models struggle to
distinguish correct domain knowledge from plau-
sible but incorrect alternatives. In contrast, results
on the MMLU-Formal Logic dataset (Table 20)
display a divergent pattern. For several models,
particularly qwen-2.5-32b-instruct and doubao-1.5-
pro-32k, accuracy improves in early debate rounds,
indicating that models utilize progressively refined
reasoning references to refine judgment in logic-

intensive tasks. Although performance fluctuates or
degrades slightly in later rounds for some models,
the general trend implies stronger discriminative
capability when reasoning structure, rather than
factual recall, constitutes the primary requirement.
Crucially, these trends are consistent across both
gemini-2.5-pro and openai-5.1 judges, implying
that the observed differences arise from task char-
acteristics rather than judge-specific biases. Collec-
tively, these results expose a structural asymmetry:
current LLMs exhibit stronger yet fragile judgment
ability in reasoning-centric settings, while remain-
ing highly vulnerable to misinformation and refer-
ence noise in knowledge-centric evaluation.

B.4 Effect of Candidate Reference Quality

Tables 21 and 22 examine the impact of candi-
date reference quality by contrasting debate dynam-
ics between weakly supported and well-supported
reference queues across reasoning-centric and
knowledge-centric tasks. This controlled reverse-
selection setup enables a direct assessment of
whether improvements in debate-based evaluation
stem from stronger arguments or merely from addi-
tional interaction. A consistent pattern appears
across both datasets: well-supported references
yield stable, superior performance trajectories,



MMLU-profession medicine

MMLU-virology

Model Setting round1 round2 round3 round4 round5 round1 round2 round3 round4 round5
qwen-2.5-7b-instruct  73.6(93.4) 73.6(94.5) 72.1(94.9) 71.0(95.2) 70.3(95.6) 52.3(62.7) 52.4(63.9) 51.2(66.3) 50.7(66.3) 51.2(66.3)
qwen-2.5-14b-instruct 85.7(96.0) 84.5(96.3) 84.5(96.3) 84.1(96.3) 84.2(96.3) 52.8(59.6) 52.9(59.6) 53.9(60.2) 53.3(60.2) 52.7(60.2)
qwen-2.5-32b-instruct 89.7(96.0) 88.3(96.0) 88.8(96.0) 89.9(96.3) 89.6(96.3) 52.7(60.2) 52.7(60.8) 52.5(61.5) 51.3(61.5) 52.7(61.5)
qwen3-4b 66.3(94.9) 62.3(95.6) 62.3(96.0) 54.6(96.0) 52.3(96.0) 42.3(63.9) 40.0(67.5) 36.9(69.3) 35.3(69.3) 36.4(69.3)
qwen3-8b 73.4(97.4) 71.5(98.5) 70.6(98.5) 67.9(98.5) 64.9(98.5) 50.5(68.7) 48.4(69.9) 48.1(69.9) 45.5(71.1) 43.9(72.3)
doubao-1.5pro-32k 95.7(98.5) 95.7(98.5) 95.6(98.5) 95.6(98.5) 95.4(98.5) 60.8(62.1) 61.1(62.1) 60.8(62.1) 61.0(62.1) 60.5(62.1)
glm-4-9b-chat 72.4(96.7) 70.9(97.0) 68.0(97.4) 67.4(97.8) 64.3(97.8) 48.8(66.3) 48.8(68.1) 46.9(68.7) 48.1(68.7) 48.0(71.1)

Table 17: Model performance dynamics across five debate rounds on knowledge-centric datasets under our
evaluation framework. The table reports how model capabilities evolve as progressively stronger reference arguments

are introduced.

Model Setting Math500 MMLU-formal logic

roundl round2 round3 round4 round5S roundl round2 round3 round4 round5
qwen-2.5-7b-instruct  71.9(86.2) 70.7(86.4) 69.6(86.6) 70.9(86.8) 70.2(86.8) 61.4(81.8) 60.3(83.3) 61.1(83.3) 60.3(84.9) 60.3(86.5)
qwen-2.5-14b-instruct 74.5(84.8) 74.4(85.0) 74.8(85.0) 74.8(87.0) 73.9(87.0) 70.2(87.3) 69.7(87.3) 71.6(87.3) 73.2(87.3) 73.5(88.9)
qwen-2.5-32b-instruct 78.4(86.6) 78.5(86.8) 78.0(86.8) 77.9(85.2) 77.4(85.6) 76.2(92.1) 78.6(92.1) 81.8(92.9) 81.0(92.9) 78.9(92.9)
qwen3-4b 81.3(86.6) 81.0(88.0) 80.8(88.4) 80.5(88.4) 80.4(88.4) 70.3(92.1) 62.5(93.7) 62.9(93.7) 61.4(93.7) 60.8(93.7)
qwen3-8b 78.3(83.2) 77.4(85.6) 76.3(85.8) 76.0(85.8) 75.7(85.8) 78.6(95.2) 74.0(100) 74.8(100) 71.6(100) 73.0(100)
doubao-1.5pro-32k 85.2(89.6) 84.8(90.8) 84.2(90.8) 84.0(90.8) 83.4(90.8) 95.2(96.8) 95.1(96.8) 95.2(96.8) 95.2(96.8) 95.2(96.8)
glm-4-9b-chat 43.2(66.6) 41.5(67.8) 38.5(69.8) 39.5(70.8) 37.6(71.8) 56.8(84.9) 54.0(87.3) 56.7(90.5) 57.3(91.3) 54.9(92.1)

Table 18: Model performance dynamics across five debate rounds on reasoning-centric datasets under our
evaluation framework. The table illustrates how judgment quality changes as models are exposed to progressively

refined reasoning rather than increased context.

whereas weakly supported references frequently de-
grade model accuracy over the debate rounds. On
the reasoning-centric MMLU-Formal Logic dataset
(Table 21), several models maintain or modestly im-
prove performance given high-quality references,
suggesting they utilize structured, reliable reason-
ing to refine judgments. In contrast, under exposure
to weakly supported candidates, performance fre-
quently stagnates or declines, indicating that low-
quality reasoning disrupts the refinement process
even in logic-oriented tasks. This divergence inten-
sifies on the knowledge-centric MMLU-Virology
dataset (Table 22). With weakly supported ref-
erences, most models suffer pronounced perfor-
mance drops across debate rounds, reflecting high
vulnerability to misleading or poorly grounded in-
formation. Although well-supported references par-
tially mitigate this effect to yield stable outcomes,
gains remain limited, exposing the inherent diffi-
culty models face in distinguishing correct domain
knowledge from plausible incorrect alternatives.

Collectively, these results demonstrate that de-
bate effectiveness depends critically on reference
quality rather than the debate process itself. Poor-
quality references can actively mislead models
and mask true judgment capability, whereas well-
supported candidates create conditions where dis-
criminative behavior is observable. This finding

reinforces the necessity of quality-aware candidate
selection, validating our framework’s focus on pro-
gressive argument refinement over indiscriminate
context accumulation.

B.5 Effect of Different Number of Agent

To examine the influence of debate scale on model
behavior, we conduct an ablation study by vary-
ing the number of participating agents. We eval-
uate each model using 3, 5, and 7 agents on
both a reasoning-centric dataset (MMLU-Formal
Logic) and a knowledge-centric dataset (MMLU-
Virology). This experiment investigates whether
increasing the agent count improves judgment qual-
ity or introduces noise that impedes effective dis-
crimination. On the MMLU-Formal Logic dataset
(Table 23), moderate agent counts yield perfor-
mance superior to or more stable than smaller or
larger configurations. With 3 agents, several mod-
els (e.g., qwen-2.5-32b-instruct and doubao-1.5-
pro-32k) show clear improvements over initial ac-
curacy, indicating that limited debate aids models
in utilizing refined reasoning references. Increas-
ing the agent count to 5 maintains or improves
performance for select models, whereas scaling to
7 often results in stagnation or mild degradation.
This trend suggests that while additional agents
introduce diverse reasoning paths, excessive inter-



MMLU-virology(openai-5.1) MMLU-virology(gemini-2.5-pro)

Model Setting

initial acc round1 round2 round3 initial acc roundl round2 round3
qwen-2.5-32b-instruct 53.0 53.3(60.2) 53.0(61.5) 53.4(62.1) 53.0 52.7(60.2)  52.7(60.8)  52.5(61.5)
qwen3-4b 45.5 41.0(63.9) 41.5(67.5) 40.1(68.1) 45.5 42.3(63.9) 40.0(67.5) 36.9(69.3)
doubao-1.5pro-32k 59.5 60.8(62.1) 61.0(62.1) 61.2(62.1) 59.5 60.8(62.1)  61.1(62.1)  60.8(62.1)
glm-4-9b-chat 45.5 50.7(66.3)  48.9(69.7)  49.5(70.5) 45.5 48.8(66.3) 48.8(68.1) 46.9(68.7)

Table 19: Performance dynamics under different judge models on the MMLU-Virology dataset. Results compare
four evaluated models across debate rounds when using gemini-2.5-pro and openai-5.1 as the external judge.

Model Setting MMLU-formal logic(openai-5.1) MMLU-formal logic(gemini-2.5-pro)

initial acc round1 round2 round3 initial acc roundl round2 round3
qwen-2.5-32b-instruct 74.3 80.0(92.1) 78.6(93.7) 78.4(93.7) 74.3 76.2(92.1)  78.6(92.1)  81.8(92.9)
qwen3-4b 66.0 69.5(92.1)  67.9(96.8)  64.6(96.8) 66.0 70.3(92.1)  62.5(93.7)  62.9(93.7)
doubao-1.5pro-32k 94.0 95.1(96.8)  95.1(96.8)  94.9(96.8) 94.1 95.2(96.8)  95.1(96.8)  95.2(96.8)
glm-4-9b-chat 56.7 52.4(84.9) 54.9(88.1) 54.4(88.9) 56.7 56.8 (84.9) 54.0(87.3) 56.7(90.5)

Table 20: Performance dynamics under different judge models on the MMLU-Formal Logic dataset. Results
compare four evaluated models across debate rounds when using gemini-2.5-pro and openai-5.1 as the external
judge.

action may dilute the value of refined arguments,
complicating the judgment process. In contrast,
results on the MMLU-Virology dataset (Table 24)
show a more acute sensitivity to agent count. For
most models, increasing the agent count fails to
yield consistent gains and often causes performance
degradation, particularly in later rounds. Even ca-
pable models show limited improvement beyond
the initial round, whereas smaller models become
increasingly susceptible to errors as the agent count
rises. This behavior indicates that in knowledge-
intensive settings, additional agents introduce noise
that overwhelms discriminative capacity rather than
reinforcing judgment.

Collectively, these findings expose a dis-
tinct asymmetry between reasoning-centric and
knowledge-centric tasks. For reasoning tasks, a
moderate agent count supports better judgment
by presenting complementary reasoning structures,
yet this benefit diminishes as the scale grows. In
knowledge-centric tasks, a higher agent count typ-
ically exacerbates misinformation and reference
noise, undermining discriminative performance.
These results validate the necessity of controlling
debate scale and context complexity, supporting
our progressive argument refinement design over
unconstrained multi-agent expansion.
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Figure 4: Trend alignment between upper bound and accuracy across debate rounds on MMLU-Formal Logic.
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Figure 5: Trend alignment between upper bound and accuracy across debate rounds on MMLU-Professional
Medicine.
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Figure 6: Trend alignment between upper bound and accuracy across debate rounds on MMLU-Virology.




MMLU-formal logic(wak supported)

MMLU-formal logic(well-supported)

Model Setting initial acc round1 round2 round3 initial acc roundl round2 round3

qwen-2.5-32b-instruct 74.3 80.0(92.1) 78.6(95.2) 78.4(95.2) 74.3 76.2(92.1)  78.6(92.1)  81.8(92.9)
qwen3-4b 66.0 69.5(92.1)  67.9(95.2) 64.6(96.8) 66.0 70.3(92.1)  62.5(93.7)  62.9(93.7)
doubao-1.5pro-32k 94.0 95.1(96.8)  95.1(97.6)  94.9(97.6) 94.1 95.2(96.8)  95.1(96.8)  95.2(96.8)
glm-4-9b-chat 56.7 52.4(84.9) 54.9(88.9) 54.4(90.5) 56.7 56.8 (84.9) 54.0(87.3) 56.7(90.5)

Table 21: Performance dynamics on MMLU-Formal Logic under different candidate reference qualities. We
compare debate-round accuracy trajectories when the reference queue is constructed using weakly supported
(low-scoring) versus well-supported (high-scoring) candidates.

MMLU-virology (weak supported)

MMLU-virology (well-supported)

Model Setting initial acc. round1 round2 round3 initial acc. round1 round2 round3

qwen-2.5-32b-instruct 53.0 53.1(60.2) 51.5(62.1) 51.0(62.1) 53.0 52.7(60.2)  52.7(60.8)  52.5(61.5)
qwen3-4b 45.5 44.9(63.9) 38.4(68.1)  39.3(68.7) 45.5 42.3(63.9) 40.0(67.5)  36.9(69.3)
doubao-1.5pro-32k 59.5 60.8(61.2) 60.2(62.1) 60.2(62.1) 59.5 60.8(62.1) 61.1(62.1)  60.8(62.1)
glm-4-9b-chat 45.5 48.8(66.3)  45.9(69.3) 42.8(71.7) 45.5 48.8(66.3)  48.8(68.1)  46.9(68.7)

Table 22: Performance dynamics on MMLU-Virology under different candidate reference qualities. We compare
debate-round accuracy trajectories when the reference queue is constructed using weakly supported (low-scoring)
versus well-supported (high-scoring) candidates.

Model Setting

3 Agents

5 Agents

7 Agents

initial acc

roundl round 2 initial acc

round 1 round2

initial acc roundl round2

qwen-2.5-32b-instruct ~ 78.0

qwen3-4b 76.5
doubao-1.5pro-32k 93.9
glm-4-9b-chat 55.0

81.8(90.5) 80.7(90.5)
81.2(88.9) 79.4(95.2)
95.0(96.8) 94.2(96.8)
55.0(78.6) 54.0(79.4)

74.3
66.0
94.1
56.7

76.2(92.1) 78.6(92.1)
70.3(92.1) 62.5(93.7)
95.2(96.8) 95.1(96.8)
56.8 (84.9) 54.0(87.3)

75.3
66.2
93.7
57.1

77.0(96.8) 76.5(96.8)
68.3(95.2) 66.0(98.4)
93.0(97.6) 92.6(97.6)
56.7(89.7) 56.0(92.9)

Table 23: Impact of agent count on model performance on the MMLU-Formal Logic dataset under the proposed

evaluation framework.

Model Setting

3 Agents

5 Agents

7 Agents

initial acc

roundl round2 initialacc round1 round2

initial acc

round1 round2

gwen-2.5-32b-instruct ~ 53.0

qwen3-4b 44.6
doubao-1.5pro-32k 59.8
glm-4-9b-chat 43.0

54.0(59.0) 53.4(59.6)
42.4(59.0) 42.8(62.1)
60.4(62.1) 60.4(62.1)
47.8(61.5) 50.4(63.3)

53.0
455
59.5
455

52.7(60.2) 52.7(60.8)
42.3(63.9) 40.0(67.5)
60.8(62.1) 61.1(62.1)
48.8(66.3) 48.8(68.1)

51.7
50.3
59.7
45.0

52.2(57.8) 52.2(58.4)
43.9(68.1) 38.4(73.5)
58.9(62.7) 59.0(62.7)
47.1(67.5) 45.9(69.9)

Table 24: Impact of agent count on model performance on the MMLU-Virology dataset under the proposed

evaluation framework.

MMLU-virology (openai-5.1)

MMLU-virology (gemini-2.5-pro)

Model Setting round1 round?2 round3 round1 round?2 round3
gwen-2.5-32b-instruct 6.9 8.5 8.7 7.5 8.1 9.0
gwen3-4b 229 26.0 28.0 21.6 27.5 324
doubao-1.5pro-32k 1.3 1.1 0.9 1.3 1.0 1.3
glm-4-9b-chat 15.6 20.8 21.0 17.5 19.3 21.8

Table 25: Upper-bound gaps across debate rounds on MMLU-Virology, under different judge models.

MMLU-formal logic (openai-5.1)

MMLU-formal logic (gemini-2.5-pro)

Model Setting roundl1 round2 round3 roundl1 round2 round3
gwen-2.5-32b-instruct 12.1 15.1 15.3 159 13.5 11.1
qwen3-4b 22.6 289 322 21.8 31.2 30.8
doubao-1.5pro-32k 1.7 1.7 1.9 1.6 1.7 1.6
glm-4-9b-chat 32.5 332 34.5 28.1 33.3 33.8

Table 26: Upper-bound gaps across debate rounds on MMLU-Formal Logic, under different judge models.



MMLU-formal logic (weak supported) MMLU-formal logic (well-supported)

Model Setting roundl  round2 round3 roundl round2 round3
qwen-2.5-32b-instruct 12.1 16.6 16.8 159 13.5 11.1
gqwen3-4b 22.6 27.3 322 21.8 31.2 30.8
doubao-1.5pro-32k 1.7 2.5 2.7 1.6 1.7 1.6
glm-4-9b-chat 32.5 34.0 36.1 28.1 33.3 33.8

Table 27: Upper-bound gaps on MMLU-Formal Logic under different candidate reference qualities. Results
compare gap dynamics when the reference queue is constructed from weakly supported versus well-supported
candidates.

. MMULU-virology (weak supported) MMLU-virology (well-supported)
Model Setting roundl round2 round3 roundl round2 round3
gwen-2.5-32b-instruct 7.1 10.6 11.1 7.5 8.1 9.0
qwen3-4b 19.0 29.7 29.4 21.6 27.5 32.4
doubao-1.5pro-32k 0.4 1.9 1.9 1.3 1.0 1.3
glm-4-9b-chat 17.5 234 28.9 17.5 19.3 21.8

Table 28: Upper-bound gaps on MMLU-Virology under different candidate reference qualities. Results compare
gap dynamics when the reference queue is constructed from weakly supported versus well-supported candidates.

3 Agents 5 Agents 7 Agents
roundl round2 round3 roundl round2 round3 roundl round2 round3

gwen-2.5-32b-instruct 8.7 9.8 10.1 15.9 13.5 11.1 19.8 20.3 18.1

Model Setting

qwen3-4b 7.7 15.8 16.1 21.8 31.2 30.8 26.9 324 34.1
doubao-1.5pro-32k 1.8 2.6 1.8 1.6 1.7 1.6 4.6 5.0 52
glm-4-9b-chat 23.6 254 29.6 28.1 333 33.8 33.0 36.9 37.7

Table 29: Upper-bound gaps (upper bound minus mean accuracy) on the MMLU-Formal Logic dataset under
different agent counts.

. 3 Agents 5 Agents 7 Agents
Model Setting initial acc round1 round 2 initial acc round 1 round2 initial acc round3 round2
qwen-2.5-32b-instruct 5.0 6.2 6.2 1.5 8.1 9.0 5.6 6.2 59
qwen3-4b 16.6 19.3 21.1 21.6 27.5 324 24.2 35.1 40.1
doubao-1.5pro-32k 1.7 1.7 1.5 1.3 1.0 1.3 3.8 3.7 35
glm-4-9b-chat 13.7 12.9 19.3 17.5 19.3 21.8 20.4 24.0 25.2

Table 30: Upper-bound gaps (upper bound minus mean accuracy) on the MMLU-Virology dataset under different
agent counts.
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