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Abstract

Multi-agent debate systems are used to com-
petitively discuss and resolve complex tasks.
However, existing approaches often exhibit
pseudo-debate behavior: agents either ignore
opponents’ arguments or compromise too read-
ily without critical evaluation. To address
this, we propose a three-stage debate frame-
work grounded in abstract argumentation the-
ory. First, Debate Structuring uses principled
prompts to elicit well-formed debate interac-
tions. Second, Debate Imitation filters high-
quality debates to fine-tune LLMs on proper
argumentative conduct. Third, Debate Inter-
nalization employs a debate-aware reinforce-
ment learning objective to instill adversarial
reasoning patterns. To better quantify debate
capability, we introduce two novel metrics: Re-
buttal Engagement Score (RES), assessing how
thoroughly models engage with opposing ar-
guments, and Belief Governance Score (BGS),
evaluating whether models appropriately retain
or revise beliefs based on argument strength.
Extensive evaluations across six benchmarks
show that our framework not only improves
task performance but also cultivates more au-
thentic and robust debate behavior in LLMs.
Our work contributes a theory-inspired training
framework and evaluation suite for advancing
multi-agent debate systems.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable problem-solving capabili-
ties (Tang et al., 2024; Xiong et al., 2024) and have
been applied across a wide range of domains (Zhao
et al., 2024; Shool et al., 2025). To further solve
complex tasks, multi-agent debate systems (Chan
et al., 2024; Becker et al., 2025) are propsed to
discuss and solve problems in a competitive way,
expecting LLM-based agents can achieve a uni-
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(a) Self-contained response (b) Uncritical compromise

Figure 1: (a) Self-contained response and (b) uncritical
compromise in multi-agent systems.

fied objective through alternative presentation of
evidence and rebuttal.

Existing multi-agent debate methods (Xiong
et al., 2023; Liang et al., 2024) mainly use prede-
fined stance to prompt LLMs to debate or generate
debate data for fine-tuning. Although they have
made some progress, LLMs in multi-agent debate
systems often exhibit a pseudo-debate behavior,
where participants assume opposing roles within a
debate-like structure without engaging in a genuine
adversarial process. As shown in Figure 1, this
phenomenon manifests in two aspects. On the one
hand, LLMs fail to fully take other agents’ opin-
ions into consideration, frequently responding in
a self-contained manner that prioritizes their own
prior reasoning over the newly introduced argu-
ments. On the other hand, LLMs are prone to read-
ily conceding to others’ opinions without sufficient
scrutiny, exhibiting a tendency to compromise or
conform even when the opposing arguments are
weak or flawed.

The pseudo-debate behavior is mainly due to
the training strategies of LLMs. They encour-
age LLMs to become strong independent problem
solvers (Liu et al., 2024; Guo et al., 2025), leaving
little room for learning how to properly engage with
and critically evaluate others’ arguments. Further-
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more, some training paradigms such as RLHF (Bai
et al., 2022) and DPO (Rafailov et al., 2023) would
implicitly bias LLMs toward being overly agree-
able conversational partners. Under such settings,
LLMs are prone to uncritically conceding to oppos-
ing views without sufficient scrutiny.

To solve the above problems, we follow the Ab-
stract Argumentation Frameworks (Dung, 1995)
and design a three-stage debate framework in this
paper: (1) Debate Structuring utilizes a carefully
devised prompt grounded in debate principles to
elicit well-formed, theory-guided debate interac-
tions between LLMs; (2) Debate Imitation filters
high-quality debate trajectories generated in the
first stage and employs supervised fine-tuning to
teach LLMs to reproduce proper debate behav-
iors; (3) Debate Internalization further introduces
a debate-aware reinforcement learning algorithm
to internalize adversarial reasoning patterns, en-
abling LLMs to engage in genuine argumentative
exchanges rather than superficial role-playing.

Furthermore, to better measure the debate abil-
ity of LLMs, we design two metrics: (1) a Rebut-
tal Engagement Score (RES) to evaluate whether
the model truly engages with the opponent’s argu-
ments, (2) a Belief Governance Score (BGS) to
measure whether the model holds its ground when
correct and revises its stance when mistaken.

We conduct extensive experiments across six
reasoning and language understanding benchmarks.
The results consistently demonstrate the superior-
ity of our proposed three-stage debate framework.
Moreover, performance on our two newly intro-
duced metrics further indicates that our method en-
ables LLMs to engage in more human-like debate
behaviors, moving beyond superficial role-playing
toward genuine adversarial reasoning. The code
will be made publicly available at GitHub.

Our contributions are summarized as follows:

* We adopt debate theory and design a three-stage
debate framework to address the pseudo-debate
issues in multi-agent debate systems.

* We propose two new metrics to quantify the
debate capabilities of LLMs.

* Our proposed framework could achieve better
performance and stronger debate skills.

2 Method

In this section, we present the proposed three-
stage debate framework, as shown in Figure 2.

The framework first structures open-ended inter-
action into commitment-centered attack-defense
moves, then filters high-quality trajectories for su-
pervised imitation learning, and finally applies
debate-oriented reinforcement learning to internal-
ize when to maintain, revise, or challenge beliefs.

2.1 Problem Formulation

Given a reasoning question x with candidate op-
tions O, the goal of debate-based reasoning is to
obtain the final answer y* through multi-agent in-
teraction. A debate process is represented as a
trajectory:

_ o,0 .1 1 T T
T = {'U,l,UQ,Ul,UQ,...,Ul,UQ},

where u! denotes the utterance of agent i at turn ¢,
including its commitments, argumentative moves,
and current answer. Different from conventional
debate methods that only optimize final answer
accuracy, we aim to train agents that can appropri-
ately maintain, revise, or challenge beliefs during
the interaction.

2.2 Debate Structuring

To address pseudo-debate behavior, we first intro-
duce Debate Structuring. Grounded in Abstract Ar-
gumentation Theory, this stage organizes the inter-
action around claims, supporting grounds, attacks,
and defenses, requiring each response to expose
its current beliefs and explicitly engage with the
opponent’s arguments.

For each non-initial turn, the model receives the
task input, the answer options, and the full debate
history. Its output is a structured debate move:

up = (DL, ALCL Y, =1 (1)

Here, D! denotes the defense part, A denotes
the attack part, C! denotes the updated commit-
ment set, and y! denotes the current answer. The
defense part asks the model to respond to previous
challenges, explaining whether the attacked com-
mitment should be kept, modified, or retracted. The
attack part asks the model to challenge the oppo-
nent’s commitments or reasoning, such as factual
errors, invalid reasoning links, unsupported rules,
counterexamples, or missing conditions. The up-
dated commitment set records the beliefs the model
still accepts after considering the debate, and the fi-
nal answer should be consistent with these updated
commitments.
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Figure 2: Overview of the three-stage-debate framework. (a) Debate Structuring converts open-ended dialogue
into structured argumentative moves grounded in commitments, attacks, and defenses. (b) Debate Imitation filters
high-quality debate trajectories and uses them for supervised fine-tuning as a warm-up for the debate protocol. (c)
Debate Internalization applies debate-oriented reinforcement learning to optimize argumentative actions and belief
transitions, enabling the model to learn when to maintain, revise, or challenge beliefs.

The initial turn is treated as a special case be-
cause no complete debate history is available. The
first agent independently produces initial commit-
ments and an answer, while the second agent first
forms its own answer and then may rebut the first
agent’s commitments. After initialization, agents
take turns producing structured moves based on the
accumulated history, forming a debate trajectory:

m={ul,ud, ud,ud, et udy ()
The debate stops when the agents reach answer
agreement or the maximum number of turns is
reached.

This protocol keeps the debate close to the theo-
retical requirements of argumentation: each answer
is supported by commitments, each disagreement
targets a specific claim, and each challenged belief
must be defended or revised. The complete prompt
templates are provided in Appendix A.

2.3 Debate Imitation

To transfer the structured behaviors elicited in De-
bate Structuring into the model itself, we intro-
duce Debate Imitation as the second stage. It fil-
ters trajectories that are both outcome-correct and
argumentatively well-formed, and uses them for
supervised fine-tuning as a warm-up before rein-
forcement learning.

For each trajectory 7 defined in Section 2.2, we
compute a quality score:

Q(T) = Qans(T) + Qfmt(T>
+ Qarg (7—) + Qcontrib(T)-

Here, Qans measures final-answer correctness,
Qtmt checks whether the required structured fields
are present, (0, verifies whether attacks and de-
fenses are grounded in the corresponding com-
mitments, and Q¢ontrin rewards useful debate be-
haviors such as valid rebuttal, belief revision, be-
lief maintenance, and acceptance of stronger argu-
ments. We retain trajectories whose overall quality
satisfies the filtering criteria.Detailed filtering rules
and turn-level SFT construction are provided in
Appendix B.

From the selected trajectories, we construct turn-
level imitation examples. For each agent, the in-
put state s; consists of the original question, op-
tions, and the debate history before the current turn,
while the target output u; is the agent’s structured
response. Each model is trained only on its own
utterances, with the other agent’s responses treated
as dialogue context. The supervised objective is:

LspT = — Z log mg(us | s¢).  (4)

(st,ut)E€Dsty

3)

This stage teaches the model to follow the struc-
tured debate protocol, but it does not directly opti-
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mize when to maintain, revise, or reject beliefs. We
therefore introduce debate-oriented reinforcement
learning in the next stage.

2.4 Debate Internalization

Although imitation learning provides well-formed
debate examples, it does not directly optimize when
to maintain, revise, or challenge beliefs during in-
teraction. We therefore introduce debate-oriented
reinforcement learning. The SFT-trained Qwen
model is optimized as the trainable policy, while
the SFT-trained Llama model is kept frozen as the
opponent. For each training instance x, we sample
GG = 4 complete debate rollouts:

G(z) = {r}5 s (5)

Each rollout contains the full interaction between
the trainable agent p and the opponent o. Rewards
are computed over the full debate process, but
policy gradients are applied only to the trainable
agent’s utterances.

For each utterance u!, we first compute an
utterance-level reward that evaluates the local qual-
ity of a single debate move:

t
Tutt (uz) = W1Tans + W2Treason

+ W3rtmt + W4Tcons + W5Tinfo-

(6)

This reward combines answer correctness with
process-level debate quality. Specifically, 7reason
captures belief maintenance, rebuttal, compromise,
or correction; 7y, checks structural compliance;
Teons verifies attack-defense grounding; and rjs,
encourages useful non-redundant information.

In addition to local utterance quality, we define
a trajectory-level reward to evaluate whether the
whole debate leads to a desirable belief transition.
Let y* denote the ground-truth answer, and let yg g
and yg, 4 denote the initial answers of the trainable
agent and the opponent in rollout 7,. We categorize
each rollout by the initial correctness pattern:

BC, yp,=v" Yo, =y

- TC, Ypy=U" Yoy, # Y o
OC, yp, V" Yoy, ="
BW, o, # Y% yo, #

These categories correspond to different desired
belief transitions. Both Correct (BC) emphasizes
stability, since both agents start correctly. Trainable
Correct (TC) requires the trainable agent to resist
invalid compromise, while Opponent Correct (OC)

requires it to revise its belief by accepting the cor-
rect opposing argument. Both Wrong (BW) evalu-
ates whether the debate can recover from initially
wrong answers. We therefore define the trajectory
reward as a category-aware function:

Ttraj(Tg) = F(cg, ygT, Agree,), (8)

where ygT is the final answer of the rollout, and
Agree, indicates whether the two agents reach
agreement. This reward is used only for rollout-
level advantage estimation, rather than being di-
rectly assigned to any single utterance.

To combine local and global signals, we compute
a train-side mean reward for each rollout by aver-
aging the utterance-level rewards over the trainable
agent’s turns:

1
'Ftrain(Tg) = m Z Tutt (u;g), )
p

teTp

where 7, denotes the set of trainable-agent turns.
The rollout score is then defined as:

5(1g) = 0.7 X 7tzaj(79) + 0.3 X Tirain(74). (10)

This design allows the trajectory-level reward
to determine whether the overall debate follows
a desirable belief transition, while the train-side
mean reward reflects the local quality of the train-
able agent’s own utterances.The concrete utterance-
level and trajectory-level reward rules are provided
in Appendix C.

Standard group-relative normalization can be
unstable when all rollouts share the same correct-
ness outcome. We therefore stabilize the advan-
tage computation by adding a pseudo reference
only to the group statistics: mixed groups use the
original rollout scores, all-correct groups add a
pseudo-negative score s—, and all-wrong groups
add a pseudo-positive score sT. Let S’ denote the
resulting score set. The rollout advantage is com-
puted as:

. S(Tg) — ps
g os +e

(1D

The pseudo references are used only to compute
us and og/, and are not treated as real training
samples.

Finally, we assign credit to each trainable-agent
utterance. Let

gt = rue(up, ) (12)
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denote the local utterance credit. The effective

advantage for utterance u}, , is:

Agﬂg == Ag *Cgt- (13)

Thus, the rollout advantage determines whether
the whole trajectory should be encouraged or dis-
couraged, while the utterance-level credit controls
how strongly each trainable-agent turn contributes
to the update.

We optimize the trainable policy using a clipped
policy objective with KL regularization against the
SFT reference policy. The loss is applied only to
the trainable agent’s utterance tokens, while the
frozen opponent is used only to generate debate
context and rewards. In this way, the model is
optimized not only for answer correctness, but also
for maintaining, revising, and defending beliefs
through explicit argumentative interaction.

3 Experiments

3.1 Evaluation Metrics

Task accuracy only measures whether the final an-
swer is correct, but it does not reveal whether the
model genuinely engages in debate. We therefore
introduce two process-level metrics for the train-
able agent: Belief Governance Score (BGS), which
evaluates whether the model updates its beliefs
properly, and Rebuttal Engagement Score (RES),
which evaluates whether the model substantively
responds to the opponent.

3.1.1 Belief Governance Score

BGS measures whether the model can maintain
correct beliefs, revise incorrect ones, and avoid un-
stable answer changes. For each sample, we extract
the answer sequence from the debate context and
compare each answer with the ground-truth answer
y*. According to the correctness of the first two
answers, we categorize each debate into four initial
states: both agents correct, only the trainable agent
correct, only the opponent correct, and both agents
wrong. Based on these states, we compute state
transition reliability:

STR = 0.6 - Keepgc + 0.3 - PairChoicero
+ 0.1 - Recoverpgyy .
(14)
Here, Keeppg( is the final accuracy when both
agents are initially correct, and Recoverpy is
the final accuracy when both agents are initially

wrong. PairChoicero measures whether the train-
able agent selects the correct side when exactly
one agent is initially correct; it is computed as the
sample-count-weighted average of Resistr¢ and
Learnpc, where Resist7c measures final accu-
racy when only the trainable agent is initially cor-
rect, and Learnpc measures final accuracy when
only the opponent is initially correct.

We also compute selective update reliability,
which measures whether answer changes are valid
and stable:

VSR + TSR + OSR
3 .

VSR is the valid shift rate and is computed only
over transitions where the answer changes: wrong-
to-correct receives 1, correct-to-wrong receives 0,
and wrong-to-wrong receives 0.5. TSR is the ter-
minal stability rate: it is 1 if the last two answers are
identical, 0.5 if the final answer changes only once,
and O if the final stage remains unstable. OSR is
the oscillation suppression rate, defined as 1 — OR,
where OR maps zero or one answer change to O,
two changes to 0.5, and three or more changes to 1.

The final BGS is defined as:

SUR =

(15)

BGS = 0.50 - STR + 0.50 - SUR. (16)

3.1.2 Rebuttal Engagement Score

RES measures whether the model substantively
engages with the opponent’s arguments. For each
trainable-agent response turn, we extract attack and
defense units and compare them with the previous
turn’s commitments and argument units. We first
compute:

TH + UR 4+ FC
5 .

Here, TH measures whether the current attack
or defense targets the opponent’s previous commit-
ments or core arguments, UR measures whether
the model gives a substantive response to the tar-
geted argument, and FC measures whether the de-
bate remains focused on the same disputed point.
These scores are computed by rule-based extrac-
tion and semantic similarity matching, and mapped
to {0,0.5,1}.

To discourage overly short or empty rebuttals,
we also include an argument-unit quantity score
ADQ), defined as the clipped ratio between the
number of extracted attack/defense units and the
expected number of units. The final RES is:

RES = (1 — 7)RES¢ore + nADQ.

REScore =

(17)

(18)
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In our implementation, = 0.15. All RES com-
ponents are averaged over valid trainable-agent re-
sponse turns. The calculation does not rely on an
LLM judge.

3.2 Evaluation Benchmarks

To comprehensively assess reasoning and language
understanding capabilities of all methods across
diverse domains, we select 6 widely used eval-
uation benchmarks for evaluation: (1) an ab-
ductive reasoning benchmark aNLI (Bhagavat-
ula et al., 2020); (2) a language understanding
benchmark MMLU (Hendrycks et al., 2021); (3) a
natural-language-form logical reasoning bench-
mark LogiQA2 (Liu et al., 2023); (4) a causal rea-
soning benchmark e-CARE (Du et al., 2022); (5) a
complex reasoning benchmark BIG-Bench (Srivas-
tava et al., 2023); (6) an analytical reasoning bench-
mark AR-LSAT (Zhong et al., 2021). Together,
these benchmarks provide a representative and chal-
lenging set of tests for inference, knowledge, logic,
causality, and structured problem solving.

3.3 Baselines

We adopt a series of baselines for comparisons:
(1) Single LLM utilizes base LLMs to answer ques-
tions with CoT, we use Qwen-3 (Yang et al., 2025)
and LLaMA-3 (Grattafiori et al., 2024) for exper-
iments; (2) Majority Voting (Choi et al., 2026)
follows majority voting across multiple reason-
ing runs to obtain the final answers; (3) Self-
consistency (Wang et al., 2023) adopt majority
voting across multiple rollouts to obtain the final
answers; (4) FORD (Xiong et al., 2023) adopts a
formal debate framework to solve problems with a
carefully designed prompt; (5) MAD (Liang et al.,
2024) employs a debate prompt to answer ques-
tions, similar to FORD; (6) GRPO (Guo et al.,
2025) uses rule-based rewards for RL training.All
baselines are reimplemented and evaluated under
the same experimental setting. We use the same test
instances, backbone models, decoding strategies,
and evaluation protocols for fair comparison.

3.4 Implementation Details
3.4.1 Debate Structuring

We use Qwen3-4B-Instruct-2507 and Meta-Llama-
3-8B-Instruct as the two debating agents. For each
task instance, the agents conduct a structured de-
bate following the protocol in Section 2.2. The
maximum number of utterances is set to 6, and
the debate stops early once the two agents reach

answer agreement. During debate generation, we
use temperature 0, top-p 0.9, and a maximum gen-
eration length of 4096 tokens. The same decoding
setting is used during evaluation.

3.4.2 Debate Imitation

For Debate Imitation, we fine-tune both Qwen and
Llama on the filtered debate trajectories. Each
model is trained only on its own utterances, while
the other agent’s utterances are used as dialogue
context. The input consists of the question, answer
options, and previous debate history, and the target
is the current structured response. We train both
models with the same SFT setting: learning rate
1 x 1072, batch size 4, 3 epochs, warmup steps 50,
and maximum sequence length 5120.

3.4.3 Debate Internalization

For Debate Internalization, we initialize the train-
able policy from the SFT-trained Qwen checkpoint
and use the SFT-trained Llama as a frozen oppo-
nent. For each training instance, we sample 4 com-
plete debate rollouts with maximum 6 utterances,
temperature 0.8, top-p 0.95, and maximum 800 new
tokens per utterance. The rollout score combines
the dialogue-level reward and the train-side utter-
ance reward with weights 0.7 and 0.3. We update
only Qwen utterance tokens using clipped policy
optimization with KL regularization. The RL train-
ing uses learning rate 5 x 1075, KL coefficient 0.02,
clipping threshold 0.2, update epochs 2, minibatch
size 4 utterances, and gradient accumulation 2. We
use checkpoint-1200 for final evaluation. All train-
ing is conducted on A100-80GB GPUs.The total
computational budget is approximately 450 A100-
80GB GPU hours. Detailed computational budget,
package settings, and implementation parameters
are provided in Appendix D.3 and Appendix D.4.

4 Results

We have evaluate reasoning and debate capabilities
of all methods, results are shown in Table 1.Un-
less otherwise stated, we report single-run results
due to the computational cost of debate-oriented
reinforcement learning. We can have the following
observations:

4.1 Reasoning Capability: Accuracy

As shown in Table 1 (a):

(1) Our proposed three-stage framework consis-
tently improves the overall performance across six
benchmarks. In particular, Debate Internalization

43455



Method aNLI MMLU LogiQA2 e-CARE BIG-bench AR-LSAT Average
(a) Accuracy 1
Qwen3 (Yang et al., 2025) 78.4 77.2 73.2 82.8 91.6 46.4 74.9
LLaMA-3 (Grattafiori et al., 2024) 72.4 71.2 56.4 77.6 35.6 22.8 56.0
Majority Voting (Choi et al., 2026) 79.2 80.4 71.6 83.2 86.8 54.8 76.1
Self-consistency (Wang et al., 2023)  78.0 79.6 74.0 82.0 91.6 56.0 76.9
FORD (Xiong et al., 2023) 76.0 76.8 67.2 80.0 90.4 61.6 75.3
MAD (Liang et al., 2024) 78.4 80.0 64.8 80.0 93.6 58.8 75.8
GRPO (Guo et al., 2025) 78.4 78.4 74.0 79.6 92.4 64.8 77.9
Debate Structuring (Ours) 78.4 77.6 70.8 79.2 93.6 67.6 77.8
Debate Imitation (Ours) 78.4 77.6 70.8 79.6 93.2 64.4 71.3
Debate Internalization (Ours) 75.6 80.4 74.4 81.2 94.4 68.0 79.0
(b) Rebuttal Engagement Score (RES) 1
FORD (Xiong et al., 2023) 88.8 65.6 43.9 63.3 47.2 48.7 59.6
MAD (Liang et al., 2024) 88.5 66.6 45.8 66.3 49.3 50.8 61.2
GRPO (Guo et al., 2025) 78.9 79.7 77.8 78.5 73.4 62.8 75.2
Debate Structuring (Ours) 72.3 65.9 54.5 72.5 61.9 524 63.2
Debate Imitation (Ours) 77.7 78.6 76.6 77.0 72.7 70.5 75.5
Debate Internalization (Ours) 82.0 81.8 81.1 80.6 77.6 70.1 78.9
(c) Belief Governance Score (BGS) T
FORD (Xiong et al., 2023) 76.6 79.0 76.0 76.4 79.6 77.6 77.5
MAD (Liang et al., 2024) 77.0 80.7 73.9 77 82.4 77.6 78.1
GRPO (Guo et al., 2025) 83.5 79.6 77.9 79.1 90.2 73.6 80.6
Debate Structuring (Ours) 78.8 79.7 77.1 79.8 88.9 76.5 80.1
Debate Imitation (Ours) 80.4 80.0 75.8 76.3 89.4 754 79.6
Debate Internalization (Ours) 88.2 80.5 78.9 73.9 86.0 80.1 81.3

Table 1: Overall evaluation results across 6 benchmarks. The improvements of Debate Internalization over the
strongest baseline are statistically significant under paired t-test (p < 0.05).

achieves the best average accuracy, outperforming
all baseline methods.

(2) Existing debate methods such as FORD and
MAD yield unstable improvements, suggesting that
genuine debate requires more careful guidance.

(3) Debate Structuring already outperforms
most baselines, this is because that theory-guided
prompts can substantially improve debate quality.

(4) Our framework achieves particularly large
improvements on challenging reasoning bench-
marks such as AR-LSAT. This suggests that proper
debate behaviors are especially beneficial for com-
plex logical reasoning.

4.2 Debate Capability: Rebuttal Engagement

As shown in Table 1 (b):

(1) Debate Internalization achieves the highest
RES, indicating that debate-aware RL helps models
better engage with opponents’ arguments.

(2) Debate Imitation significantly improves RES
over Debate Structuring, showing that high-quality
debate trajectories effectively teach rebuttal behav-
iors.

(3) FORD and MAD achieve low RES, suggest-
ing that naive role-playing cannot guarantee deep
argumentative interaction.

(4) Debate Structuring already improves RES on
datasets such as e-CARE and BIG-bench, demon-

strating that theory-guided prompts can encourage
more opponent-aware responses.

(5) The consistent RES improvements across all
benchmarks indicate that our framework effectively
alleviates the self-contained response problem.

4.3 Debate Capability: Belief Governance

As shown in Table 1 (c):

(1) Debate Internalization achieves the best
BGS, indicating that debate-aware RL improves
the model’s ability to maintain or revise beliefs
appropriately.

(2) Debate Structuring already surpasses FORD
and MAD on most datasets, suggesting that theory-
guided debate prompts can reduce uncritical com-
promise.

(3) Debate Imitation does not consistently im-
prove BGS, showing that supervised fine-tuning
alone is insufficient for learning robust belief gov-
ernance behaviors.

(4) Our method achieves particularly strong
gains on aNLI and AR-LSAT, because these tasks
require careful evaluation of conflicting arguments.

(5) The consistent improvement of BGS demon-
strates that our framework enables models to crit-
ically evaluate opponents’ arguments instead of
blindly conceding.
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Method Accuracy
MAD 75.8
Debate Imitation + MAD 759
Debate Internalization + MAD 76.7

Table 2: Transfer capabilities on different prompt.

Method Accuracy
Qwen3 76.8
Majority Voting 75.3
Self-consistency 81.3
MAD 81.8
Debate Internalization (Ours) 84.9

Table 3: OOD generalization results.

5 Analysis

5.1 Debate Imitation Transfer Analysis

We conduct this analysis to investigate the gener-
alization ability of Debate Imitation to other de-
bate prompts. Specifically, we adopt the prompt
of MAD (Liang et al., 2024) to debate based on
the LLMs after Debate Imitation. The results are
shown in Table 2. LLMs after Debate Imitation
can properly applied to other debate prompts, indi-
cating that the debate capability learned from our
structured debate data is transferable rather than
overfitted to a specific prompting protocol.

5.2 Debate Internalization Transfer Analysis

Specifically, we further apply the LLMs after De-
bate Internalization to the debate framework of
MAD (Liang et al., 2024). As shown in Table 2,
Debate Internalization achieves a larger improve-
ment compared with Debate Imitation, demonstrat-
ing that debate-aware RL further strengthens the
model’s intrinsic debate capability. These results
suggest that the debate behaviors learned in our
framework can generalize across different debate
prompting protocols, rather than being tightly cou-
pled with our proposed debate structure.

5.3 Out-of-domain Generalization

To further investigate the generalization perfor-
mance of our proposed method, we choose three
out-of-domain math benchmarks for OOD evalu-
ation: (1) AMC 12%; (2) CompMath (Raimondi
et al., 2026); (3) TAL-ACQ5k'. The averaged
performance across all benchmark are shown in

“https://huggingface.co/datasets/edev2000/amc 12-full
"https://github.com/math-eval/TAL-SCQ5K

Setting Metric Agreement

DI(ours) vs. GRPO - 67.50% (81/120)
Same-question BGS  82.50% (99/120)
Same-question RES 80.83% (97/120)
Cross-question BGS 76.67% (46/60)
Cross-question RES 73.33% (44/60)

Table 4: Human validation of debate quality metrics and
method preference.

Table 3, our method achieves the best OOD per-
formance. The results indicate that Debate Inter-
nalization enables LLMs to acquire more robust
and transferable reasoning behaviors, leading to
stronger generalization under distribution shifts.

5.4 Human Validation

To validate whether RES and BGS accurately re-
flect human judgments of debate quality, we con-
duct a blinded human evaluation. We denote
our full method, Debate Internalization, as DI for
brevity. We randomly sample 20 questions from
each of the six benchmarks, resulting in 120 ques-
tions in total, and collect the corresponding debate
trajectories produced by DI and GRPO. Three an-
notators with backgrounds in LLM reasoning and
debate independently compare the anonymized de-
bate results.

For each comparison, annotators evaluate three
aspects: overall debate quality, rebuttal persuasive-
ness, and the appropriateness of belief updates. The
first dimension is used for direct preference compar-
ison between DI and GRPO, while the latter two
are used to validate RES and BGS, respectively.
We additionally construct 60 cross-question pairs
within Debate Internalization to evaluate metric-
human agreement beyond direct method compar-
isons. Detailed annotation instructions, recruitment
and compensation information, and consent proce-
dures are provided in Appendix D.5.

As shown in Table 4, both proposed metrics
show strong agreement with human judgments.
BGS and RES achieve 82.50% and 80.83% agree-
ment in same-question comparisons, and maintain
76.67% and 73.33% agreement in cross-question
rankings. These indicate that the proposed metrics
are not merely capturing differences between meth-
ods but also reflect human-perceived debate quality.
Moreover, human evaluators prefer Debate Inter-
nalization over GRPO in 67.50% of direct com-
parisons, providing additional evidence that our
method improves argumentative interaction.
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6 Related Works
6.1 Multi-agent Debate for Reasoning

To address complex tasks, multi-agent debate is
proposed to discuss in a competitive way.

Xiong et al. (2023) adopted formal debate frame-
work to employ dual debate and roundtable debate
in LMMs, achieving performance gain in various
commonsense reasoning benchmarks. Du et al.
(2024) presented a multi-agent debate framework,
in which multiple agents independently generate
proposals and collaboratively engage in deliber-
ation on their respective reasoning processes to
reach a consensus on a unified response. Liang et al.
(2024) further proposed to encourage divergent
thinking in LLMs with debate workflow. Samanta
et al. (2025) utilized multi-agent debate to iterative
improve LLMs. Wynn et al. (2025) analyzed the
failure modes in multi-agent debate. Zhang and
Xiong (2025) adopted multi-agent debate for im-
proved fine-grained reasoning in math. Wu et al.
(2025) discussed debate capability of LLMs in log-
ical reasoning scenario. Zhang et al. (2026) made
LLMs play diefferent roles for better debate.

We propose a three-stage framework to address
the pesudo-debate issues in existing multi-agent
debate frameworks.

6.2 Multi-agent Debate for Application

Since multi-agent debate can exchange opinions
among different expert agents, it is employed to
solve complex tasks in real applications.

Jeptoo and Sun (2024) and Liu et al. (2025) uti-
lized multi-agent debate for fake news detection.
Zhou and Chen (2025) and Du et al. (2025) focused
on eduction area and enhanced it with multi-agent
debate. Smit et al. (2023) and Lu et al. (2026)
respectively evaluated and improved multi-agente
debate frameworks for medical question answering,
while Zhao et al. (2025) proposed a layered debat-
ing multi-agent system for similar disease diagno-
sis. Furthermore, some works conduct software
engeering with multi-agent debate frameworks (Li
et al., 2025; Lin et al., 2025).

We focus on the fundemental debate capabilities
of LL.Ms, which can be used to improve various
applications with multi-agent debate.

7 Conclusion

In this paper, we investigate the limitations of exist-
ing multi-agent debate systems and identify pseudo-
debate behaviors as a major obstacle to effective

collaborative reasoning. To address this issue, we
propose a three-stage debate framework consist-
ing of Debate Structuring, Debate Imitation, and
Debate Internalization, which progressively guides
LLMs from external debate prompting to intrinsic
adversarial reasoning. Furthermore, we introduce
two new metrics, RES and BGS, to quantitatively
evaluate debate quality beyond final task accuracy.
Experimental results across multiple benchmarks
demonstrate that our framework not only improves
reasoning performance, but also enables LLMs
to engage in more critical, responsive, and belief-
consistent debate behaviors. We hope our work can
provide a foundation for developing more authen-
tic and theoretically grounded multi-agent debate
systems in future research.
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Limitations

Although our framework improves both debate
quality and task performance, several limitations
remain. First, our method mainly focuses on two-
agent debate settings, while more complex multi-
party interactions are not fully explored. Second,
the proposed RES and BGS metrics primarily eval-
uate interaction behaviors at the response level and
may not completely capture deeper argumentative
structures. In addition, the reinforcement learn-
ing stage introduces additional training cost com-
pared with prompt-based debate methods. Finally,
although our framework alleviates self-contained
responses and uncritical compromise, models may
still exhibit suboptimal belief updates when facing
highly ambiguous or misleading arguments.
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A Prompt Templates

This appendix lists the prompt templates used in
our method and baseline methods. For our method,
we provide the initial debate prompt and the struc-
tured debate-turn prompt. For baselines, we im-
plement task-specific prompt templates following
the corresponding original methods, including Ma-
jority Voting, Self-Consistency, FORD, and MAD.
Since these methods were originally proposed un-
der different settings, we adapt their prompts to the
same multiple-choice reasoning format. For fair
comparison and stable answer extraction, all meth-
ods are required to output responses in a unified
Analysis + Answer format.

In the following templates, {question} denotes
the input question, {options} denotes the answer
options, {allowed_labels} denotes the valid op-
tion labels, and {debate_history} denotes the
previous debate context.

A.1 Initial Debate Prompt of Our Method

Our method treats the initial turn as a special case.
The first agent independently analyzes the question
and outputs its initial commitments and answer.
The second agent also forms its own answer in-
dependently, and then compares it with the first
agent’s response to optionally provide rebuttals.

A.1.1 First Agent Initial Prompt
System Prompt

You are the PRO debating agent. Your job is to answer a
multiple-choice reasoning question.

You should read the question and options carefully, rea-
son step by step in natural language, and then explicitly
state your COMMITMENTS and your final answer.
When reasoning, you may implicitly consider Toulmin-
style elements such as data, reasoning links, background
rules, confidence, and possible counterconditions. You
do not need to strictly follow a Toulmin format.

Commitments. You must explicitly write your commit-
ments using the following four types:
1. Factual commitments: concrete facts from the ques-
tion you accept as true.

2. Inferential commitments: inferences you accept.

3. Normative/rule commitments: general rules or prin-
ciples you rely on.

4. Claim commitments: your stance on which option is
correct.

Characteristics of commitments.

* They are publicly accepted assumptions that remain
in force unless you retract them.

* They should be internally consistent.

* The opponent can later attack these commitments, so
make them precise and well grounded.

¢ Multiple commitments must be separated by periods.
At the very end, give your current chosen option in the
following format:
Answer: (X)
where X must be exactly one of {allowed_labels}. If

there is no clearly correct option, choose the one that you
think is the most reasonable.

User Prompt

Question:
{question}

Options:
{options}

Please respond in the following format:

Analysis: <your free-form reasoning in natural
language>

Commitments:

* Factual commitments: c1. c2. c3.

e Inferential commitments: i1. i2. i3.
e Normative/rule commitments: nl. n2. n3.

e Claim commitments: cl1. cl2.
You must separate multiple commitments with periods.

Answer: (X)

where X must be exactly one of {allowed_labels}. If
there is no clearly correct option, choose the one that you
think is the most reasonable.

A.1.2 Second Agent Initial Prompt
System Prompt

You are a debating agent participating in solving a
multiple-choice reasoning problem.

Very important.
* When answering the question, you must reason inde-
pendently.

* Do not treat the other agent’s analysis or answer as
evidence.

* First, decide your own answer based only on the ques-
tion and options.

* Only after you have formed your own view, you may
compare it with the other agent and optionally rebut.

Your goals in each response are:
1. Think independently and decide which option you
find most reasonable.

2. Write your own analysis based on the question.

3. Compare your answer with the other agent’s answer.
If you agree, you may skip rebuttal. If you disagree,
provide one or more rebuttals targeting the other
agent’s arguments or commitments.

4. Output your updated commitments and your final
answer.

Rebuttal guideline. If you choose to rebut, you may use
one or more of the following attack types:
¢ factual attack;

e warrant attack;
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* backing attack;
* counterexample;

* qualifier/condition attack.
Commitments. You must always output four types of
commitments:

1. Factual commitments: concrete facts from the ques-
tion you accept as true.

2. Inferential commitments: inferences you accept.

3. Normative/rule commitments: general rules or prin-
ciples you rely on.

4. Claim commitments: your stance on which option is

correct.

Multiple commitments must be separated by periods.
At the end of your response, always provide:

Updated Commitments
Answer: (X)

where X must be exactly one of {allowed_labels}. If
there is no clearly correct option, choose the one that you
think is the most reasonable.

User Prompt

Question:
{question}

Options:
{options}

Your response must contain the following parts:

1. Analysis. First, reason about the question and op-
tions independently. Do not copy or rely on any
other agent’s analysis as evidence. Write your own
free-form reasoning based only on the question and
options.

2. Provisional Answer. Based on your independent
analysis, give a provisional answer in the format:

Answer: (X)

where X must be exactly one of {allowed_labels}.

3. Other agent’s answer for comparison and possible
rebuttal.

{first_agent_response}

4. Rebuttal. Compare your provisional answer and
reasoning with the other agent’s answer. If your an-
swer is the same and you agree with the other agent’s
reasoning, write:

Rebuttal: I agree. No rebuttal.

Otherwise, provide one or more rebuttals in the fol-
lowing lightweight format:
Rebuttal 1:

Target: which part of the other agent’s
argument or which commitment you attack

Grounds: why this target is problematic

Attack Type: factual / warrant / backing
/ counterexample / qualifier/condition

Effect: how this affects the plausibility
of the other agent’s claim

5. Updated Commitments.
e Factual commitments: cl1. c2. c3.
e Inferential commitments: i1. i2. i3.
* Normative/rule commitments: nl. n2. n3.

e Claim commitments: cl1. cl2.

You must separate multiple commitments with peri-
ods.

6. Final Answer.
Answer: (X)

where X must be exactly one of {allowed_labels}.
If there is no clearly correct option, choose the one
that you think is the most reasonable.

A.2 Structured Debate-turn Prompt of Our
Method

After the initial turn, each agent receives the ques-
tion and the full debate history, and then produces
a structured debate move. The prompt explicitly
requires the model to defend its own challenged
commitments, attack the opponent’s commitments,
update its commitment set, and provide a final an-
SWer.

System Prompt

You are now participating in a debate about a reasoning
question. The debate has been transformed into an attack-
defense process over commitment sets.

Commitments come in four types:
1. Factual commitments: concrete facts accepted from
the question.

2. Inferential commitments: accepted inferences.

3. Normative/rule commitments: general rules or prin-
ciples.

4. Claim commitments: stance on which answer option
is correct.
You can respond with both defense and attack moves.

Defense.
* Correct misunderstanding of your commitments.

* Provide justification for disputed commitments.

¢ Retract or revise commitments if the opponent’s at-
tack is valid.
Attack.
* Factual attack: challenge the accuracy or complete-
ness of the opponent’s facts.

¢ Warrant attack: challenge the logical link between
data and claim.

* Backing attack: question the general rule or back-
ground assumption.

* Counterexample: provide an example contradicting
the opponent’s claim.
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* Qualifier/condition attack: show that required condi-
tions do not hold.

Your answer must follow this structure:
1. Defense. If the opponent has attacked your commit-

ments, list your defenses as Defense 1, Defense 2,
etc. Each defense must contain:

 Target: which commitment or part of your argu-
ment you are defending.

* Response: how you correct, justify, or adjust this
commitment.

* Decision: explicitly say keep, modify, or retract
this commitment.

If no defense is needed, write: Defense: No

defense needed.

. Attack. List your attacks as Attack 1, Attack 2, etc.
Each attack must contain:

* Target: which opponent commitment or argument
you attack.

* Grounds: why this target is problematic.

Attack Type: one of factual attack, warrant attack,
backing attack, counterexample, qualifier/condi-
tion attack.

 Effect on Opponent Claim: how this attack
changes the plausibility of the opponent’s claim.

If you decide not to attack, write: Attack: No

attack.

. Updated Commitments. After defense and attack,
list your updated commitments by type. Each type
must be written in one line, with multiple commit-
ments separated by periods:

e Factual commitments: cl1. c2. c3.
e Inferential commitments: i1. i2. i3.
e Normative/rule commitments: n1. n2. n3.

e Claim commitments: cl1. cl2.

. Final Answer. At the very end, give your current
chosen option in the format:

Answer: (X)

where X must be exactly one of {allowed_labels}. If
there is no clearly correct option, choose the one that you
think is the most reasonable.

User Prompt

Question:
{question}

Debate History:
{debate_history}

Now produce your next move.
Follow this exact reply format:
1. Defense. Defense k, if any:
 Target: which commitment or part of your argu-
ment you are defending.

* Response: how you correct, justify, or adjust this
commitment.

» Decision: explicitly say keep, modify, or retract
this commitment.

2. Attack. Attack k, if any:

¢ Target: which opponent commitment or argument
you attack.

* Grounds: why this target is problematic.

Attack Type: one of factual attack, warrant attack,
backing attack, counterexample, qualifier/condi-
tion attack.

» Effect on Opponent Claim: how this attack
changes the plausibility of the opponent’s claim.

If you decide not to attack, explicitly write: Attack:
No attack.

3. Updated Commitments.

* Factual commitments: cl1. c2. c3.

* Inferential commitments: i1. i2. i3.

e Normative/rule commitments: n1. n2. n3.
e Claim commitments: cl1. cl2.

4. Final Answer.

Answer: (X)
where X must be exactly one of {allowed_labels}. If
there is no clearly correct option, choose the one that you
think is the most reasonable.

A.3 Majority Voting Prompt

The Majority Voting baseline samples multiple in-
dependent answers using the following prompt and
selects the final answer by majority vote. The
prompt follows the standard independent-answer
setting and uses the same output format as other
methods.

System Prompt

You are an Al agent answering a multiple-choice question
independently. Select the best answer based only on the
given question and options.

User Prompt

Answer the following multiple-choice question.

Question:
{question}

Options:
{options}

Give a brief analysis if needed, then state your final
answer at the very end.
Use exactly the following format:

(brief reason for your choice)
(Your selected option letter,

Analysis:
Answer:

(A)

e.g.,

A4 Self-Consistency Prompt

The Self-Consistency baseline follows the idea of
sampling multiple reasoning paths and aggregating
the final answers by majority vote. We adapt it to
our multiple-choice reasoning setting and use the
same answer extraction format.
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System Prompt

You are a reasoning model. For each question, generate
a clear reasoning process before giving the final answer.
The final answer must be one option letter.

User Prompt

Answer the following multiple-choice question.

Question:
{question}

Options:
{options}

Let’s think step by step. Analyze the problem carefully,
compare the options, and derive the answer through rea-
soning.

Use exactly the following format:

Analysis: (your step-by-step reasoning)
Answer: (Your selected option letter, e.g.

(A))

’

A.5 MAD-style Debate Prompt

We construct the MAD-style debate prompt by
adapting the debate setting of Encouraging Diver-

A.5.2 Later MAD-style Debate Prompt

For later debate turns, we append the previous de-
bate history before the current instruction. The
model is then asked to continue the debate and
output a concise response in the unified format.

System Prompt

You are in a debate now. The other agent’s opinion
is not always true, and you can ignore any incorrect
part of it. You may refer to the other agent’s opinion to
revise your choice or defend your own. Use your general
knowledge and understanding to read the other agent’s
opinion carefully and compare it with your own opinion
based on the question. There should be a more plausible
answer among the choices.

User Prompt

Question:
{question}

Options:
{options}

Debate History:
{debate_history}

Please continue the debate based on the previous context.

gent Thinking in Large Language Models through You may defend your own opinion or revise your answer
Multi-Agent Debate to our multiple-choice reason- if the other agent’s reasoning is stronger.

ing tasks. The prompt is task-specific and uses
the same unified answer format for stable answer

extraction.

A.5.1 Initial MAD-style Prompt

System Prompt

You are in a debate now. The other agent’s opinion
is not always true, and you can ignore any incorrect
part of it. You may refer to the other agent’s opinion to
revise your choice or defend your own. Use your general
knowledge and understanding to read the other agent’s
opinion carefully and compare it with your own opinion
based on the question. There should be a more plausible
answer among the choices.

User Prompt

Question:
{question}

Options:
{options}

Please defend your opinion or give in to the other agent’s
opinion. Give your final explanation. Do not copy the
other agent’s opinion.

Use the following format:

Analysis: (your concise reasoning)
Answer: (X)

where X must be exactly one of the valid option labels.
If there is no clearly correct option, choose the one that
you think is the most reasonable.

Use the following format:

Analysis: (concise reasoning)
Answer: (Your selected option letter, e.g

(A))

L

A.6 FORD-style Debate Prompt

We construct the FORD-style baseline by adapting
the formal debate setting of FORD to our multiple-
choice reasoning tasks. The initial turn asks each
model to independently answer the question, and
later turns ask the model to evaluate the opponent’s
reasoning and defend its own answer.

A.6.1 Initial FORD-style Prompt
System Prompt

You are a deductive reasoning model. Your task is to
analyze the question carefully, consider all options, and
choose the most logically correct answer.

User Prompt

You need to answer the following question and choose
one of the following options as your answer.

Question:
{question}

Options:
{options}

You must first write a short reasoning section labeled
Analysis, explaining your reasoning process.
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Use the following format:

Analysis: (your reasoning)
Answer: (X)

where X must be exactly one of the valid option labels.
If there is no clearly correct option, choose the one that
you think is the most reasonable.

A.6.2 Later FORD-style Debate Prompt

For later debate turns, we append the previous de-
bate history to the input. The model is asked to
analyze the opponent’s argument, defend its own
answer when appropriate, and provide a final an-
swer in the unified format.

System Prompt

You are a reasoning model participating in a debate with
another model.

Both agents propose answers based on the question and
options. The goal is to defend your choice robustly and
evaluate the reasoning behind the opponent’s choice.
During the debate:

* Analyze the opponent’s argument before crafting your
own response.

* Provide a clear explanation for your answer.
* Focus on logical reasoning and common sense.
* Do not settle for weak or poorly reasoned arguments.

* Revise your answer only when the opponent’s reason-
ing is stronger.

User Prompt

Question:
{question}

Options:
{options}

Debate History:
{debate_history}

Please continue the debate based on the previous context.
Evaluate the opponent’s argument, defend or revise your
own answer, and give your final response.

Use the following format:

Analysis: (concise reasoning)
Answer: (Your selected option letter, e.g.,

(A))

B Data Construction and Filtering Details

This appendix provides additional details on how
we construct, filter, and transform debate trajecto-
ries for supervised imitation learning. The filtering
process is designed to retain trajectories that are not
only outcome-correct, but also structurally valid
and argumentatively meaningful.

B.1 Filtering Rules

Given a generated debate trajectory, we apply a set
of rule-based filters to select high-quality training
data. The filtering process considers five aspects:
final-answer correctness, structured format valid-
ity, attack-defense grounding, final commitment
consistency, and contribution quality.

First, we require the final answer of the trajectory
to be correct, so that the retained trajectories pro-
vide useful supervision for task solving. Second,
we check whether the generated responses follow
the required structured format. Specifically, each
response should contain commitments or updated
commitments, and each non-initial debate response
should contain both defense and attack blocks. A
defense block is considered valid if it contains the
fields Defense, Target, Response, and Decision.
An attack block is considered valid if it contains
the fields Attack, Target, Grounds, Attack Type,
and Effect on Opponent Claim.

Third, we check whether attacks and defenses
are grounded in relevant argumentative content. We
first extract the target text from each defense or at-
tack unit. Defense targets are compared with the
model’s earlier commitments, while attack targets
are compared with the opponent’s previous commit-
ments. We compute semantic similarity between
each target and the corresponding commitment set,
and use the best-matched commitment to score
grounding quality. The average best-match seman-
tic similarity should be at least 0.65.

Fourth, we check final commitment consistency.
This constraint is applied only when the last two re-
sponses produce the same answer. In this case, their
commitment sets should have a semantic similarity
of at least 0.8. The similarity between two commit-
ment sets is computed by bidirectional best-match
averaging. If the last two answers are different, this
constraint is not triggered.

Finally, we compute a contribution score to re-
tain trajectories with useful belief-transition be-
havior. The score is computed from non-initial
responses. If the current answer is wrong, the con-
tribution score is —1. If the current answer is cor-
rect and the previous two answers are both correct,
the score is 0.1, which represents stable mainte-
nance of a correct belief. If the current answer is
correct, the previous answer is correct, the earlier
answer is wrong, and the current turn contains a
revision signal such as retract, modify, revised,
or withdraw, the score is 1. If the current answer
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is correct, the previous answer is wrong, and the
current turn contains an attack with an explicit tar-
get, the score is also 1. All other cases receive a
score of 0.

The final contribution score of a trajectory is
the average score over its non-initial responses. We
retain trajectories whose average contribution score
is larger than 0.

B.2 Statistics of Constructed Debate Data

Before filtering, we first generate structured debate
trajectories on the training split. Table B.1 reports
the accuracy of different agents or debate meth-
ods during this stage. Size denotes the number of
training instances in each dataset.

We then apply the filtering rules described in
Section B.1. Table B.2 summarizes the number of
retained trajectories under different filtering stages.
Both Correct — Correct denotes trajectories where
both agents are initially correct and the final answer
remains correct. Both Wrong — Correct denotes
trajectories where both agents are initially wrong
but the final answer becomes correct. Format-
valid denotes trajectories that pass the structural
and consistency filters, including format validity,
attack-defense grounding, and final commitment
consistency. High-quality denotes the final retained
trajectories used for supervised imitation learning.
Specifically, after obtaining the format-valid trajec-
tories, we compute a contribution score for each
non-initial response from context[2] onward, av-
erage these scores within each trajectory, and retain
only trajectories whose average contribution score
is larger than 0.

B.3 Turn-level SFT Sample Construction

After filtering, we convert each high-quality debate
trajectory into turn-level supervised fine-tuning ex-
amples. Each trajectory contains the original ques-
tion, answer options, and a sequence of debate
responses. We expand each trajectory by treating
each target-agent turn as one training example.

For Qwen, even-indexed turns are used as target
responses. For Llama, odd-indexed turns are used
as target responses. Thus, each model is trained
only on its own utterances, while the other agent’s
utterances are treated as dialogue context.

For each training example, the input consists
of the question, answer options, and all previous
debate turns before the current response. The target
output is the current response of the target agent.

Formally, for a trajectory with context sequence

H= .. . ul), (19)
we construct a training pair for a target-agent turn
t as

t—l) t t

st=(z,0,d° ..., ut™Y), Y=l (20)

where z is the question, O denotes the answer op-
tions, s! is the input context, and y' is the super-
vised target response.

During training, all tokens in the input context
are masked with -100, and the loss is computed
only on the target response tokens. This ensures
that the model learns to generate its own structured
debate move based on the previous debate history,
rather than being optimized to reproduce the entire
dialogue context.

C Reward and Metric Details

This appendix provides implementation details for
the reward design used in Debate Internalization
and the rule-based RES computation. The main
text presents the overall reward formulation, while
this appendix specifies the concrete scoring rules
used in our implementation.

C.1 Utterance-level Reward Rules

For each generated utterance, we compute an
utterance-level reward from five components:

Tutt = W1Tans T W2Treason T W37 tmt @1)
+ W4T cons + WsTinfo-

The weights are set to w; = 0.7, wy = 0.5,
wg = 0.12, wy = 0.15, and ws = 0.1. The five
components are summarized in Table C.1.

The reasoning-quality reward is computed from
the correctness pattern of the model’s previous an-
swer, the opponent’s previous answer, and the cur-
rent answer. For a non-initial turn ¢, the model’s
previous answer is taken from turn ¢ — 2, and the
opponent’s previous answer is taken from turn ¢t — 1.

The scoring rules are category-aware. When
both the model and the opponent were previously
correct, the desired behavior is to keep the correct
belief. In this case, a current correct answer re-
ceives 0.8 4+ 0.5 x conf, where conf is the model’s
confidence in the correct answer, while a current
wrong answer receives 0.05. When the model was
previously correct but the opponent was wrong, the
model should resist invalid compromise. Keeping
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Dataset Size Llama Qwen MAD Our Method
aNLI 1006 73.36 77.13 77.83 77.99
MMLU 1300 67.54 79.69 75.00 79.92
LogiQA2 1140 51.05 74.21 62.37 77.19
e-CARE 1622 77.44 81.38 77.99 81.20
BIG-bench 1200 43.25 77.92 77.50 82.17
AR-LSAT 1585 24.04 71.67 62.52 78.62
Table B.1: Accuracy of generated debate trajectories before filtering.
Both Correct Both Wrong . . .
Dataset —s Correct —s Correct Format-valid High-quality
aNLI 670 78 550 539
BIG-bench 954 13 757 633
MMLU 902 92 771 766
LogiQA2 773 53 670 663
AR-LSAT 793 39 371 344
e-CARE 1123 127 930 918
Total 5215 402 4049 3863

Table B.2: Statistics of filtered debate trajectories.

its own correct answer receives 1.55, switching to
the opponent’s wrong answer receives (.10, and
other answers receive 0.22. When the model was
previously wrong but the opponent was correct,
the desired behavior is to accept the stronger argu-
ment. Switching to the opponent’s correct answer
receives 1.78, keeping its own wrong answer re-
ceives 0.30, and other answers receive 0.42. When
both were previously wrong, the model is encour-
aged to recover from wrong beliefs: a current cor-
rect answer receives 1.55, repeating a previous
wrong answer receives 0.52, and choosing another
wrong answer receives 0.64.

The format reward is normalized to [0, 1]. For
initial responses, it checks whether the model pro-
vides an extractable answer and commitments. For
later debate turns, it additionally checks whether
the response contains attack or defense structures.
A small penalty is applied when the response re-
peatedly outputs multiple Answer: fields.

The consistency reward checks whether the cur-
rent defense targets the model’s own earlier com-
mitments and whether the current attack targets the
opponent’s previous commitments. We compute
the best semantic similarity between each target
and the corresponding commitment set. If the aver-
age similarity is at least 0.7, r¢ons = 1; otherwise,
Tcons = 0.

The new-information reward is computed with
text-based heuristics. It rewards expressions that
introduce new examples, conditions, qualifica-

tions, context, or alternative explanations, such as
for example, not necessarily, depends on,
without specifying, and could still. Re-
peated cue phrases are down-weighted to reduce
template-like reward hacking.

C.2 Trajectory-level Reward Rules

In addition to utterance-level rewards, we compute
a dialogue-level reward to evaluate whether the
whole debate produces a desirable belief transition.
The reward depends on the initial correctness state,
final correctness, and whether the two agents reach
agreement.

The dialogue-level reward is defined over four
initial states. In Both Correct (BC), both agents
are initially correct. If the final answer remains
correct, the reward is 1.35 when the agents reach
consensus and 1.20 when they do not; if the final
answer is wrong, the reward is 0. In Trainable
Correct (TC), the trainable agent is initially cor-
rect while the opponent is wrong. A correct final
answer receives 1.65 with consensus and 1.45 with-
out consensus, while a wrong final answer receives
0.05 with consensus and 0.10 without consensus.
In Opponent Correct (OC), the trainable agent is
initially wrong while the opponent is correct. A
correct final answer receives 1.85 with consensus
and 1.65 without consensus, while a wrong final
answer receives 0.20 with consensus and 0.30 with-
out consensus. In Both Wrong (BW), both agents
are initially wrong. A correct final answer receives
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Component Meaning Rule

Tans Answer correctness 1 if the extracted answer matches the ground-truth answer, otherwise
0.

Treason Debate reasoning quality Rewards proper belief maintenance, rebuttal, compromise, or
recovery according to the previous two answers.

Ttmt Format validity Checks whether the response contains the required answer,
commitments, and attack/defense structure.

Tcons Argumentative consistency ~ Checks whether attack/defense targets are semantically grounded in
the corresponding commitment sets.

Tinfo New information Rewards useful new conditions, counterexamples, qualifications, or

alternative reasoning paths.

Table C.1: Utterance-level reward components.

2.00 with consensus and 1.80 without consensus,
while a wrong final answer receives 0.45 with con-
sensus and 0.55 without consensus.

For each rollout 74, we also compute the mean
utterance-level reward over the trainable agent’s
turns:

1
'Ftrain(Tg) = m Z Tutt (u;g)) (22)
p

teT,

where T}, denotes the set of trainable-agent turns.
The final rollout score is:

5(1g) = 0.7 - 7t2aj(7g) + 0.3 - Tirain(74).  (23)

For group-relative advantage estimation, mixed
groups use standard normalization. When all roll-
outs in a group are correct, we add a pseudo-
negative reference score s~ = 1.22 to compute the
group statistics. When all rollouts are wrong, we
add a pseudo-positive reference score st = 0.60.
These pseudo references are used only for comput-
ing the mean and standard deviation; they are not
used as real training samples.

The rollout-level advantage determines whether
a trajectory should be encouraged or discouraged.
For each trainable-agent utterance, we further mul-
tiply the rollout advantage by its local utterance
score, so that higher-quality utterances receive
stronger credit during policy optimization.

C.3 Rule-based RES Scoring Details

Since BGS is fully defined in the main text, this
section focuses on the implementation of Rebut-
tal Engagement Score (RES). RES is computed
only on trainable-agent response turns, excluding
the initial answer. In our two-agent setting, this
corresponds to Qwen-side later debate turns.

For each selected turn, we extract attack and
defense units. Each unit contains its type, target, re-
sponse, and decision when available. If a response

does not contain explicit attack or defense fields but
includes a rebuttal section, we treat it as a weakly
structured attack unit.

We compute three core scores: target hit (TH),
uptake response (UR), and focus continuity (FC).
The similarity function uses rule-based matching
by default, combining token-level overlap and char-
acter n-gram overlap. A continuous similarity score
is mapped to a discrete score as follows: a similar-
ity score of at least 0.42 is mapped to 1.0; a score
between 0.20 and 0.42 is mapped to 0.5; and a
score below 0.20 is mapped to 0.0.

TH measures whether the current attack or de-
fense targets the opponent’s previous commitments
or core arguments. If an explicit target is available,
we compare it with the previous commitments and
assign a score using the similarity mapping above.
If no explicit target is available but the response
explicitly refers to the opponent or the other agent,
we assign a weak target-hit score of 0.5.

UR measures whether the model gives a substan-
tive response after hitting the target. It combines
target hit, response substance, and a small bonus
for explicit decisions:

UR = clipyg j (0.45 - TH 4 0.55 - Substance

+ DecisionBonus).
(24)

The substance score depends on response length
and argumentative cues such as because,
therefore, however, weaken, support,
contradict, revise, claim, and reasoning.

FC measures whether the current turn continues
the same disputed point rather than shifting to an
unrelated topic. We compare the current target
or response with previous targets, responses, and
commitments, and map the maximum similarity
using the same threshold rule.

We also compute an argument-unit quantity
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Score:

ADQ = min (N‘”‘it , 1) , (25)
Eunit

where Nypnit 18 the number of extracted attack or

defense units, and Fy,;; = 2 is the expected num-

ber of argument units per response turn. The final

turn-level RES is:

TH + UR 4 FC
‘ 3
where n = 0.15. The final dataset-level RES is
obtained by averaging over all valid trainable-agent
response turns. The whole RES computation is
rule-based and does not rely on an LLM judge.

RES = (1-7) 11-ADQ, (26)

D Responsible Use and Reproducibility
Details

D.1 Artifact Licenses, Intended Use, and Data
Risks

We use six publicly available multiple-choice rea-
soning benchmarks: aNLI, MMLU, LogiQAZ2,
e-CARE, BIG-bench, and AR-LSAT. We follow
the licenses or terms reported by the original pub-
lic repositories or dataset cards. The datasets are
used only for research-oriented training and evalu-
ation, and our use is consistent with their intended
purpose as reasoning and language understanding
benchmarks.

Our work creates derived artifacts, including
generated debate trajectories, filtered training data,
evaluation outputs, and implementation code. We
plan to release the code and derived data artifacts
when permitted by the original dataset licenses and
terms. Full model checkpoints are not released at
this stage, but may be released separately subject to
the original model licenses and hosting constraints.

We do not collect new user data, or introduce ad-
ditional personally identifying information. Since
the data are drawn from public benchmarks, the
original datasets may still contain sensitive, biased,
or potentially offensive content inherited from their
sources. We do not add such content during data
construction, and all generated trajectories are used
only for research evaluation and model training.
Before use, we reviewed the documentation and
dataset cards of all benchmarks for known privacy
and content risks. We also checked the constructed
training artifacts to ensure that our data-generation
pipeline did not introduce additional personally
identifying information; no newly collected per-
sonal information is included, and therefore no
additional anonymization was required.

Dataset Train Size  Test Size
aNLI 1006 250
MMLU 1300 250
LogiQA2 1140 250
e-CARE 1622 250
BIG-bench 1200 250
AR-LSAT 1585 250
Total 7853 1500

Table D.1: Dataset statistics used in training and evalua-
tion.

Stage GPUs Hours GPU Hours
Qwen SFT 4 10 40
Llama SFT 4 10 40
RL training 4 75 300
Evaluation 1 70 70
Total 13 165 450

Table D.2: Approximate computational budget.

D.2 Benchmark and Dataset Statistics

Table D.1 summarizes the benchmark-level data
statistics used in our experiments. The training
sizes correspond to randomly sampled subsets from
the original training sets. For evaluation, we use
250 test instances from each benchmark, resulting
in 1,500 test instances in total. We do not use a
separate development set.

D.3 Computational Budget

All main experiments are conducted on NVIDIA
A100-80GB GPUs. For supervised imitation learn-
ing, we fine-tune Qwen3-4B-Instruct-2507 and
Meta-Llama-3-8B-Instruct separately. Each SFT
run uses 4 A100-80GB GPUs for approximately
10 hours. Debate Internalization is trained on 4
A100-80GB GPUs for approximately 75 hours and
is evaluated at checkpoint-1200. A full evaluation
run of our method requires approximately 70 A100-
80GB GPU hours. The total computational budget
is therefore approximately 450 A100-80GB GPU
hours.

D.4 Implementation Packages and
Parameters

Our implementation is based on PyTorch and
HuggingFace Transformers. The SFT stage
uses the HuggingFace Trainer interface with
AutoTokenizer, AutoModelForCausallLM, and
TrainingArguments. The RL stage uses a custom
implementation built on PyTorch and Transformers.
For semantic matching in filtering and reward com-
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putation, we use sentence-transformers with
bge-base-en-v1.5 when available; otherwise, the
implementation falls back to token-overlap match-
ing. Evaluation metrics are computed with rule-
based extraction scripts and do not rely on an LLM
judge.

The main hyperparameters are summarized be-
low. For SFT, we use a learning rate of 1 x 1075,
batch size 4, 3 epochs, warmup steps 50, and maxi-
mum sequence length 5120. For Debate Internal-
ization, we use group size 4, maximum turns 6,
temperature 0.8, top-p 0.95, maximum new tokens
per turn 800, learning rate 5 x 1075, KL coefficient
0.02, clip threshold 0.2, update epochs 2, mini-
batch utterances 4, gradient accumulation 2, and
checkpoint-1200 for final evaluation. During de-
bate evaluation, we use maximum turns 6, temper-
ature 0, top-p 0.9, maximum new tokens 4096, and
stop-on-consensus decoding.

For rule-based filtering and scoring, the attack-
defense grounding threshold is 0.65, the final com-
mitment consistency threshold is 0.8, and the con-
sistency reward threshold is 0.7. For RES, the
high and middle similarity thresholds are 0.42 and
0.20, respectively; the expected number of argu-
ment units is 2, and the argument-unit weight is
n = 0.15.

D.5 Human Evaluation Details

Evaluation Setup. For the human evaluation in
Section 5.4, we randomly sample 20 questions
from each of the six evaluation benchmarks, re-
sulting in 120 questions in total. For each question,
we collect the debate trajectories produced by De-
bate Internalization (DI) and GRPO. The method
identities are hidden from the annotators during
evaluation. Three annotators independently evalu-
ate each comparison.

Annotators are provided with the original ques-
tion, answer options, and two anonymized debate
trajectories, denoted as Debate A and Debate B.
The ground-truth answer is not provided to the
annotators. The ordering of the two debate trajecto-
ries is anonymized so that annotators do not know
which method produces either trajectory.

Annotation Instructions. For each pair of de-
bate trajectories, annotators evaluate the following
three aspects:
1. Overall debate quality: Which debate exhibits
better overall debate quality?

2. Rebuttal engagement: Which debate more

directly and substantively engages with the op-
ponent’s arguments?

3. Belief update quality: Which debate main-
tains or updates its stance more reasonably ac-
cording to the arguments presented during the
interaction?

For each aspect, annotators perform two types of
assessment. First, they make a pairwise preference
judgment and explicitly select either Debate A or
Debate B as better; ties are not allowed. Second,
they independently assign a quality score from 1
to 5 to each debate, where a higher score indicates
better performance on the corresponding aspect.
The two debates in the same comparison are not
allowed to receive the same score.

The first aspect is used to measure direct human
preference between DI and GRPO. The second as-
pect is used to validate the Rebuttal Engagement
Score (RES), while the third aspect is used to val-
idate the Belief Governance Score (BGS). Since
annotators are not given the ground-truth answer,
their judgments of belief update quality are based
on whether stance maintenance or revision is rea-
sonable given the arguments presented during the
debate.

Agreement Computation. For each comparison
and each evaluation aspect, the sample-level human
preference is determined by majority vote among
the three annotators. Since each annotator must
choose either Debate A or Debate B, every compar-
ison yields a unique majority preference.

For the direct DI-versus-GRPO comparison, we
use the majority judgment on overall debate quality
and report the proportion of samples for which DI
is preferred.

For RES and BGS validation, we compare the
pairwise ranking induced by the corresponding au-
tomatic metric with the majority human preference
on rebuttal engagement and belief update quality,
respectively. A comparison is counted as agree-
ment when the automatic metric assigns a higher
score to the same debate preferred by the majority
of human annotators.

We consider two settings. In the same-question
setting, DI and GRPO debate trajectories gener-
ated for the same question are compared. In the
cross-question setting, we additionally construct
60 pairs of different questions within DI. The same
three annotators evaluate these pairs using the same
rebuttal-engagement and belief-update criteria, and
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we measure whether the human and automatic met-
ric rankings agree.

Annotator Recruitment and Compensation.
We recruit three annotators with backgrounds in
LLM reasoning and debate research. Each annota-
tor is paid $10 per hour, while the minimum hourly
wage in our country is $5. Thus, the compensation
provided for the annotation task is above the local
minimum wage.

Consent and Privacy. Before annotation, all an-
notators are informed that their judgments will be
used for research and publication purposes, and
all annotators agree to the use of their annotations.
The reported results contain only aggregated an-
notation judgments and do not include personally
identifying or sensitive information about the anno-
tators.

D.6 Use of AI Assistants

Al assistants were used only for language polish-
ing and grammatical refinement during manuscript
preparation. They were not used to generate experi-
mental results, perform evaluations, make scientific
conclusions, or replace the authors’ analysis. All
Al-assisted revisions were reviewed and verified
by the authors, who take full responsibility for the
final content.
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