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Abstract

Competitive debate is a multi-turn, zero-sum
adversarial task with opposing stances that re-
quires debaters to anticipate opponents’ coun-
terarguments in real-time interactions and se-
lect strategies yielding long-term advantages.
Existing large language model debate meth-
ods predominantly adopt a greedy generation
paradigm that optimizes only the immediate
effectiveness of the current rebuttal while lack-
ing forward-looking planning for the overall
debate trajectory. To address this limitation, we
propose MCTS-Debater, a Monte Carlo Tree
Search framework that models competitive de-
bate as a Markov Decision Process. Rather
than selecting a single locally optimal response,
MCTS-Debater systematically simulates multi-
step adversarial interactions under diverse re-
buttal strategies, estimates their long-term ex-
pected win rates via tree search, and synthe-
sizes the top-performing strategies into a co-
herent final rebuttal through multi-strategy fu-
sion. Experimental results on the ORCHID and
1Q2 datasets demonstrate that MCTS-Debater
significantly outperforms existing baselines in
logical validity, factual accuracy, and overall
persuasiveness.

1 Introduction

Competitive debate is a rule-governed, topic-
centered adversarial argumentation activity. De-
baters employ logical reasoning, factual evidence,
and rhetorical strategies to persuade judges or audi-
ences to accept their position. Unlike everyday dis-
cussions or informal arguments, competitive debate
places a premium on argumentative rigor, targeted
rebuttals, and strategic adaptability. These qualities
collectively embody critical thinking, information
synthesis, and impromptu expression skills (Free-
ley, 2009). Competitive debate has emerged as a
significant research topic within natural language
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processing. Early work primarily focused on sub-
tasks such as end-to-end debate systems (Slonim
et al., 2021), argument identification (Cheng et al.,
2021; Bao et al., 2022), and counterargument gener-
ation (Alshomary et al., 2021), achieving promising
results. In recent years, with the continuous break-
throughs in large language models (LLMs) (Xu
et al., 2025; Gu et al., 2026; Sun et al., 2025), re-
searchers have begun to apply these models to more
advanced tasks, including argument quality assess-
ment (Deshpande et al., 2024), debate process sim-
ulation (Zhang et al., 2024), and structured debate
performance analysis (Wang et al., 2025b; Liang
et al., 2024), thereby advancing the field.
However, existing LLM-based debate systems
often limit their decision making to immediate re-
sponses in the current turn, lacking strategic fore-
sight over the overall debate trajectory, which pre-
vents them from evaluating how current moves af-
fect the final outcome. Representative works illus-
trate this limitation. InspireDebate (Wang et al.,
2025b) employs chain-of-thought (CoT) (?) rea-
soning to enhance single-step inference but does
not model future interactions. R-Debater (Li et al.,
2025a) relies on external knowledge retrieval to
generate rebuttals without considering long-term
strategy. TreeDebater (Wang et al., 2025a) intro-
duces tree structures to anticipate opponent argu-
ments and performs multi-step planning, yet its
search horizon remains limited, failing to capture
the long-term strategic dependencies across the full
debate trajectory. These methods essentially fol-
low a greedy decision paradigm: each turn aims to
maximize the local persuasiveness of the current
rebuttal without estimating the risk that it might
be refuted in subsequent rounds. Crucially, the
outcome of a competitive debate often depends on
comprehensive performance across multiple inter-
actions. A seemingly moderate argument that ef-
fectively blocks the opponent’s future attack paths
may hold far greater long-term value than a sharp
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but easily countered rebuttal. In other words, de-
bating requires not only “speaking well” but also
“seeing far.”

To equip LLMs with forward-looking planning
capability, we propose MCTS-Debater, a debate
rebuttal framework based on Monte Carlo Tree
Search (MCTYS) (Swiechowski et al., 2023). We
model a single debate as a game tree where each
rebuttal round corresponds to a decision node. The
framework explores future multi-step interactions
through MCTS-guided search, covering our re-
buttal, the opponent’s response, and subsequent
counter-rebuttals. During rollout, we introduce a
quantifiable opponent style model characterizing
adversaries along five dimensions (logical rigor,
evidence reliance, emotional appeal, analogy ten-
dency, and strategy diversity) to yield more realistic
simulated responses. By repeatedly sampling tra-
jectories, MCTS estimates the expected win rate
of each argumentative move over the entire debate
rather than assessing only its immediate impact.
Finally, we fuse multiple top-ranked candidates
into a single output to enhance robustness against
overreliance on any individual strategy.

We conduct extensive experiments on the OR-
CHID (Zhao et al., 2023) and IQ2 (Zhang et al.,
2016) datasets. Evaluation results show that, com-
pared to existing LL.M-based methods, MCTS-
Debater generates higher-quality arguments.

2 Related Work

2.1 Computational Argumentation

Computational argumentation (Baroni et al., 2018)
studies the representation and reasoning of ar-
guments in artificial intelligence, encompassing
structured argumentation (Besnard et al., 2014)
and abstract argumentation (Dung, 1995). Struc-
tured argumentation specifies formal connective
relations among arguments, whereas abstract ar-
gumentation attends only to abstract arguments
and their relationships. With the advancement of
large language models, LLM-based argument gen-
eration has attracted considerable attention (Hu
et al.,, 2024, 2025). In competitive debating,
Agent4Debate (Zhang et al., 2024) pioneered the
use of multi-agent interaction to simulate the debate
preparation workflow; InspireDebate (Wang et al.,
2025b) introduced chain-of-thought augmentation
and multi-dimensional direct preference optimiza-
tion to improve argument quality; R-Debater (Li
et al., 2025a) frames debating as a process of recall-

ing and adjusting arguments grounded in argumen-
tative memory and rhetoric; TreeDebater (Wang
et al., 2025a) designed the Rehearsal Tree and De-
bate Flow Tree to anticipate rebuttal and defense
strength and to track the dynamic evolution of de-
bate states, respectively. However, when gener-
ating rebuttals, these methods rely solely on the
current dialogue history and do not simulate the
recursive reasoning process of “if I adopt strategy
A, how will the opponent counter, and how should
I respond in turn,” thus tending to fall into local
optima.

2.2 LLM-based Tree Search Methods

Tree search methods have become a key paradigm
for overcoming the linear reasoning limitations of
LLMs. CoT (?) improves performance on com-
plex tasks by generating intermediate reasoning
steps, yet explores only a single linear path. Tree-
of-Thoughts (Yao et al., 2023) models reasoning
as a search tree, enabling systematic exploration,
lookahead, and backtracking across multiple co-
herent “thought” units, thereby achieving a shift
from single-path reasoning to multi-path structured
search. Graph-of-Thoughts (Besta et al., 2024)
further represents thought units and their depen-
dencies as graph vertices and edges, breaking free
from tree-structured constraints. MCTS has been
introduced to guide the structured exploration of
multi-step reasoning paths (Ha et al., 2025; Li et al.,
2025b). The methods target general reasoning or
planning tasks. Applying them to competitive de-
bating poses two unique challenges: first, the out-
come of a debate hinges on the cumulative persua-
siveness after multiple rounds of interaction rather
than a single “correct” answer, requiring the search
method to project long-term offensive and defen-
sive dynamics; second, the opponent is an active
and strategically adaptive adversary, and random
simulation cannot faithfully capture the opponent’s
real behavior. To address these challenges, this
paper integrates MCTS with multi-dimensional op-
ponent style analysis to prospectively estimate the
expected win rate of different rebuttal strategies
over an entire debate, thereby bridging the gap be-
tween general tree search methods and the demands
of competitive debating.

3 Methods

This section presents MCTS-Debater, a frame-
work that treats competitive debate as a sequen-
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tial decision-making problem under uncertainty.
Rather than generating rebuttals myopically, our
approach employs MCTS to prospectively evalu-
ate the long-term strategic value of candidate ar-
guments against an adaptive opponent. We first
formalize the debate task and model it as a Markov
Decision Process (MDP). We then detail the MCTS
framework augmented with opponent style model-
ing and multi-strategy fusion. The overall architec-
ture is illustrated in Figure 1.

3.1 Task Formalization

We formalize competitive debate generation as a
multi-turn, stance-opposed, and strategy-driven in-
teractive text generation task. Given a debate topic
T and a set of two mutually exclusive stances
L = {lpro, lcon }, the system adopts a designated
stance ¢ € L and engages in up to Ky, alter-
nating turns with an external opponent. A debate
transcript is represented as an ordered utterance his-
tory H,, = {u1,ua,...,u,}, where u; denotes the
natural language utterance at turn ¢. By convention,
the proponent (supporting side) speaks first; thus,
odd-numbered turns correspond to £, and even-
numbered turns correspond to fcon. Atstep t + 1,
the system generates its response conditioned on
the dialogue history H; = {u1, ua, ..., u;}, where
Ho = 0. The system’s objective is to maximize the
probability of winning the debate within the finite
horizon K ax.

Unlike conventional sequence generation tasks,
competitive debate requires each utterance not only
to effectively counter the opponent’s immediate
argument but also to anticipate potential future re-
buttals, thereby selecting strategies that yield long-
term advantages. To this end, we formulate the task
as an MDP and employ MCTS to approximate the
optimal policy.

3.2 Modeling Debate as a Markov Decision
Process

We model the decision process at each debate turn
as an MDP tuple (S, A, P, R,~):

State Space S: A state s; € S encapsulates the
complete debate context up to the current turn, for-
mally defined as s; = {7, £, Hy, uopp, 7, 7'}, where
Uopp 18 the latest opponent utterance, ¢ is the num-
ber of completed turns, and 7’ denotes the oppo-
nent’s stylistic features extracted from H,.

Action Space A: An action a € A corresponds
to a specific rebuttal strategy. Grounded in argu-
mentation theory(Macagno, 2025), we define five

strategies: exemplification, causal reasoning, ana-
logical reasoning, value-based argumentation, and
expert opinion. Each strategy is paired with a ded-
icated prompt template to guide the LLM in gen-
erating rebuttals consistent with the intended argu-
mentative style.

Transition Dynamics P: Given the current state
s¢ and action ay, the system invokes an LLM to gen-
erate a rebuttal uepye according to the chosen strat-
egy. Subsequently, an opponent modeling module
simulates the opponent’s next response ugpp, yield-
ing the next state s;+1 ~ P(- | s¢, ay).

Reward Function R: We assign zero immediate
reward for non-terminal states. Only upon reaching
a terminal state (i.e., after K, turns or early ter-
mination) does a judge model evaluate the debate
outcome and assign a reward: +1 for a win, O for a
loss, and 0.5 for a draw.

Discount factor ~+: Since the debate outcome
depends solely on the final result and the horizon
is finite, we set v = 1, implying no discounting of
future rewards.

3.3 Monte Carlo Tree Search Framework

We adopt the standard four-phase MCTS loop of
selection, expansion, rollout, and backpropagation
to search for the optimal rebuttal strategy. Each
node in the tree corresponds to a debate state si,
with the root initialized to sg.

3.3.1 Selection

Starting from the root, we recursively select the
child node with the highest Upper Confidence
Bound (UCB) score until reaching a non-fully-
expanded node or a leaf. The UCB value is com-
puted as:

Q(n)

UCB(n) = + )

C'\/lnN(parent(n))? 0

N(n)

where (n) is the cumulative reward of node n,
N(n) is its visit count, and C' is the exploration
constant.

3.3.2 Expansion

If the current node is non-terminal and has unex-
plored actions, we select one such action for expan-
sion. Specifically, we first invoke an LLM to gener-
ate retrieval keywords based on the chosen strategy,
fetch relevant evidence from external knowledge
sources, and synthesize a rebuttal by combining the
strategy template with the retrieved content.
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Figure 1: The overall architecture of MCTS-Debater.

Subsequently, we simulate the opponent’s next
response to create a new child node. The simula-
tion mechanism adapts based on the availability
of opponent history. In the initial turn where no
opponent history exists, we cannot extract stylistic
features. Therefore, we employ a CoT prompt-
ing strategy to simulate the opponent. CoT pro-
vides a principled, style-agnostic baseline by gen-
erating step-by-step reasoning without any prior
interaction. It has been shown to serve as a
strong zero-shot baseline for reasoning tasks (Ko-
jima et al., 2022), making it a natural choice for
cold-start opponent simulation.

Once at least one opponent speech becomes
available, we activate the five-dimensional debate
style analysis module. Given the opponent’s his-
torical utterances, this module uses an LLM to
quantify stylistic features 7’ along the following
dimensions:

Logical Rigor: whether arguments are logically
sound and free of fallacies;

Evidence Reliance: the degree of dependence
on facts, data, or case studies;

Emotional Appeal: the frequency of emotive or
moralistic language;

Analogy Tendency: the propensity to use analo-
gies or metaphors;

Strategy Diversity: whether multiple argumen-
tation strategies are employed.

Additionally, the model identifies the opponent’s

most frequently used core strategies and generates
a concise stylistic summary. During simulation,
these features are injected into the LLM’s prompt
to enforce style-consistent generation of ugpp. For
instance, a highly logical opponent triggers re-
sponses with extended reasoning chains, whereas a
high-emotion opponent elicits more affective lan-
guage. This approach ensures that the newly gen-
erated state sy faithfully reflects plausible adver-
sarial trajectories, thereby enhancing the reliability
of style estimation.

3.3.3 Rollout

From the newly expanded node, we randomly se-
lect rebuttal strategies and alternately simulate both
sides’ utterances until a terminal state is reached.
To balance efficiency and exploration, we limit
the rollout depth to K.« and keep the opponent’s
style parameters 7’ fixed throughout a single roll-
out.

Upon termination, an LL.M-based judge eval-
uates the debate outcome by scoring both sides
on four dimensions: Emotional Appeal, Argument
Clarity, Logical Arrangement, and Relevance to
Topic. The total score for each side is the sum of
its dimension scores. The system’s win rate is then
computed as:

SCOT€system

win_rate — .
Scoresystem + Scoreopponent

2

If both scores are zero, the win rate defaults to 0.5.
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This value serves as the rollout reward r € [0, 1]
for backpropagation.

3.3.4 Backpropagation

The rollout reward r is propagated backward along
the selection path, updating the cumulative reward
and visit count for all traversed nodes:

Q(n) «+ Q(n)+r, N(n)« N(n)+1. (3)
3.3.5 Multi-Strategy Fusion

After a fixed budget of MCTS iterations, each child
of the root node represents a distinct strategy and
its simulated trajectory. The long-term value of
each strategy is estimated by its average reward
Q(n) = Q(n)/N(n). However, single-strategy
rebuttals often exhibit limitations: causal reason-
ing may be logically rigorous but lack emotional
resonance, while value-based arguments may be
persuasive yet weak in evidential support. To har-
ness complementary strengths, we select the top-3
child nodes with the highest Q(n) and feed their
generated rebuttals into an LLM for fusion. The fu-
sion instruction directs the model to extract salient
elements, such as rigorous reasoning chains, com-
pelling evidence, and effective rhetoric, and syn-
thesize them into a coherent, well-supported, and
persuasive final rebuttal. This multi-strategy fusion
mechanism mitigates the blind spots of individual
strategies and enhances output robustness. Finally,
the fused rebuttal is appended to H; and returned
to the external opponent.

4 Experimental Setup
4.1 Datasets

We evaluate on two public debate datasets: OR-
CHID (Zhao et al., 2023) and 1Q2 (Zhang et al.,
2016). ORCHID is a large-scale Chinese competi-
tive debate corpus. To prevent data contamination,
we exclude all debates used in R-Debater’s retrieval
corpus (Li et al., 2025a) and curate a test set of 35
high-quality debates. These span seven thematic
domains with five distinct motions per domain, en-
suring topical diversity and zero overlap with prior
retrieval corpora. Full motion details are provided
in Appendix A.1. IQ2 comprises 108 Oxford-style
English debates with audience voting outcomes
and is widely adopted for persuasiveness evalua-
tion. We utilize the complete set of 108 motions.

4.2 Baseline Methods

We compare MCTS-Debater against three repre-
sentative baselines:

(1) Direct: A direct prompting approach that
relies solely on an LLM to generate debate re-
sponses, without external knowledge retrieval or
structured reasoning. (2) Inspire-CoT (Wang et al.,
2025b): Integrates CoT reasoning with external
knowledge retrieval to produce stepwise, formal-
ized arguments. (3) R-Debater (Li et al., 2025a): A
multi-turn debate framework grounded in rhetoric
and argument memory theory, which retrieves sup-
porting evidence from a custom-built corpus via
keyword aggregation to generate rebuttals.

To ensure fair comparison, all methods operate
under a zero-shot setting using the same two back-
bone LLMs: GPT-40-mini (OpenAl et al., 2024)
and Qwen3-8B (Yang et al., 2025). Furthermore, to
maximize performance while controlling variables,
both MCTS-Debater and Inspire-CoT share iden-
tical external knowledge source (Wikipedia 2018
snapshot (Karpukhin et al., 2020)) and retriever
(ES5 embedding model (Wang et al., 2024)) to iso-
late the impact of strategic planning. In contrast,
R-Debater retains its original ORCHID-derived
retrieval corpus as specified in its seminal work to
preserve implementation fidelity. The implementa-
tion details are provided in Appendix A.3.

4.3 Experimental Design

We design two complementary experiments to eval-
uate both immediate argumentation quality and
long-term strategic capability:

Task 1: Next-Turn Rebuttal Generation: We
truncate existing debate histories from the OR-
CHID test set at turn k£ and require each model
to generate the (k + 1)-th rebuttal from a specified
stance (pro or con). This task isolates single-turn
generation quality within a controlled context, en-
abling a fair comparison of immediate argumenta-
tive competence. Detailed truncation strategies and
input formatting are described in Appendix A.2.

Task 2: End-to-End Adversarial Debate Sim-
ulation: To evaluate long-term strategic plan-
ning and interactive coherence, we conduct fully
automated three-round debates between MCTS-
Debater and two baselines (Inspire-CoT and R-
Debater) with opposing stances. Each debate con-
sists of six turns (three per side), yielding 1,144
debates across ORCHID and 1Q2. System receive
only the motion and assigned stance, generating
all utterances autonomously without human inter-
vention, pre-defined arguments, or external guid-
ance. This open adversarial setup faithfully cap-
tures comprehensive debating capability under dy-
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BaseModel Method PRO CON ALL
Subj. LV FA Inspire Subj. LV  FA [Inspire Subj. LV FA Inspire
Direct 90.58 70.71 36.30 72.04 86.25 42.06 31.17 61.43 8842 56.39 33.74 66.74
Qwen3-8B Inspire-CoT 91.24 75.14 68.44 81.51 89.68 78.89 65.70 80.99 90.46 77.02 67.07 81.25
en- R-Debater 9091 68.77 63.49 76.78 87.96 72.66 67.03 71.21 86.76 70.72 65.26 75.71
MCTS-Debater 92.45 76.47 69.02 82.60 91.00 78.12 67.65 81.94 91.73 77.30 68.34 82.27
Direct 89.36 71.83 3471 7131 87.76 70.14 30.44 69.03 88.56 70.99 32.58 70.17
GPT-40-mini Inspire-CoT 85.89 50.94 60.00 70.68 87.16 76.54 61.10 77.99 86.53 63.74 60.55 74.34
R-Debater 90.16 71.22 70.31 80.46 89.50 68.54 65.86 78.35 89.83 69.43 68.09 79.29
MCTS-Debater 91.72 69.78 71.70 81.23 90.57 76.64 64.99 80.69 91.14 73.21 68.35 80.96

Table 1: Evaluation results on the next-turn rebuttal generation task.

namic, competitive interaction.

4.4 Evaluation Metrics

We adopt InspireScore (Wang et al., 2025b) as our
primary evaluation framework, which assesses de-
bate quality across six dimensions: four subjective
(Emotional Appeal, Argument Clarity, Argument
Arrangement, Topic Relevance) and two objective
(Fact Authenticity, FA; Logical Validity, LV). For
Task 1, evaluation focuses on the single generated
utterance. For Task 2, the entire multi-turn dialogue
is evaluated holistically, with a judge model inde-
pendently scoring both sides’ overall performance.
All scores are produced by GPT-40 (OpenAl et al.,
2024) using a standardized prompt template to en-
sure consistency and reliability. For each task, we
report mean subjective scores, FA, LV, and com-
posite InspireScore, stratified by PRO stance, CON
stance, and overall (ALL).

5 Experimental Result

5.1 Next-Turn Rebuttal Generation

As shown in Table 1, MCTS-Debater achieves the
best or second-best overall performance in most set-
tings. Taking Qwen3-8B as an example, under PRO
stance MCTS-Debater outperforms Inspire-CoT by
1.09 points in InspireScore, with improvements of
1.21 in Subjective and 1.33 in LV. In the ALL sce-
nario, it exceeds the second-best method by 1.02
points. For GPT-40-mini, MCTS-Debater leads
the best baseline by 1.67 points in InspireScore,
with a notable 3.78-point gain in LV. Across both
base models, MCTS-Debater attains the highest
average InspireScore, confirming that MCTS with
opponent style modeling yields LV and subjectively
preferable rebuttals. The Direct baseline exhibits
low factual accuracy, whereas retrieval-augmented
methods (MCTS-Debater and R-Debater) substan-
tially improve this metric, underscoring the value
of external knowledge. Although MCTS-Debater’s

FA is slightly below R-Debater on GPT-40-mini,
its overall composite score remains superior, indi-
cating gains in logic and emotional appeal com-
pensate for minor factual gap. Overall, MCTS-
Debater demonstrates stable and leading perfor-
mance across models and stances, validating the
integration of game-theoretic planning and oppo-
nent style modeling.

5.2 End-to-End Adversarial Debate
Simulation

Table 2 presents end-to-end adversarial debate sim-
ulation results. MCTS-Debater is paired with
Inspire-CoT and R-Debater as opponents. Across
all settings, MCTS-Debater never scores below
its opponent and achieves a comprehensive lead
in most cases. For Qwen3-8B, MCTS-Debater
outperforms its opponent by an average of 6.2
points in LV, with higher FA. This confirms that
MCTS-based multi-step planning helps anticipate
opponent counterarguments and build logically
coherent rebuttals, while opponent style model-
ing improves simulation realism and long-term
value estimation. Compared to retrieval-only R-
Debater, MCTS-Debater maintains an advantage
in most matchups, showing evidence alone can-
not replace strategic planning. On GPT-40-mini,
MCTS-Debater wins all pairwise confrontations,
with the largest gain in LV. These results strongly
validate the effectiveness of integrating multi-step
planning and opponent style modeling for debate
rebuttal generation.

5.3 Human Evaluation

To further validate the strategic effectiveness of
MCTS-Debater in realistic debate interactions, we
conducted a human evaluation study. Three hu-
man judges determined the winner (Pro or Con)
of each debate under fully double-blind condi-
tions, with no knowledge of the participating mod-
els. The detailed evaluation protocol is provided
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BaseModel Side Method ORCHID 1Q2
Subjective LV FA  InspireScore Subjective LV FA  InspireScore
CON  Inspire-CoT 9296 6420 51.73 75.46 91.28 6393 63.54 7751
PRO MCTS-Debater  93.67  68.80 56.26 78.10 9311 7175 76.10 83.52
PRO  Inspire-CoT 92.12 6371 5276 75.18 91.14 7167 61.26 78.80
Qwen3-8B CON MCTS-Debater  93.34  70.65 65.32 80.66 9244  78.03 64.86 81.94
CON R-Debater 93.60  63.54 48.28 7476 88.65  64.75 54.24 74.07
PRO MCTS-Debater ~ 89.94  65.20 57.43 75.63 9235  79.32 63.04 81.77
PRO R-Debater 90.51  58.15 51.68 7271 89.21  59.31 59.05 74.19
CON MCTS-Debater ~ 92.04  72.52 61.87 79.62 9243 7618 58.50 79.89
CON  Inspire-CoT 91.09  55.54 5270 72.60 90.90  66.82 64.90 78.38
PRO MCTS-Debater ~ 93.21  68.87 60.08 78.84 92.52 7420 69.98 82.30
~ PRO Inspire-CoT 91.21  53.48 58.48 73.59 9126 6436 62.03 77.23
GPT-40-mini CON MCTS-Debater 9298  68.48 61.42 78.96 91.91  70.72 64.69 79.81
CON R-Debater 89.83 5040 57.57 71.91 88.65  64.75 64.24 76.57
PRO MCTS-Debater  92.87  61.12 66.61 78.37 9235  69.32 73.04 81.77
PRO R-Debater 91.58  57.62 51.42 73.05 90.52 6196 58.07 75.27
CON MCTS-Debater ~ 92.64  67.72 65.95 79.74 91.68  72.12 68.22 80.92

Table 2: Results of End-to-End Adversarial Debate Simulation Evaluation.

ORCHID

1Q2

PRO Win CON Win Winner PRO Win CON Win Winner

PRO CON

MCTS-Debater Inspire-CoT 0.800
Inspire-CoT MCTS-Debater  0.486
MCTS-Debater R-Debater 0.829
R-Debater MCTS-Debater  0.343

0.200
0.514
0.171
0.657

PRO 0.686 0.314 PRO
CON 0.400 0.600 CON
PRO 0.657 0.343 PRO
CON 0.286 0.714 CON

Table 3: Winning rates in human evaluation.

in Appendix B. The evaluation covered both the
ORCHID and 1Q2 datasets across four distinct
model-pair configurations. Inter-annotator agree-
ment, measured by Fleiss” Kappa, was 0.65, indi-
cating substantial consistency among the judges.
As reported in Table 3, MCTS-Debater consis-
tently outperformed both baselines, regardless of
its assigned stance. Notably, when arguing as Pro
against Inspire-CoT (Con), MCTS-Debater won
80.0% of debates on ORCHID and 68.6% on 1Q?2.
Its advantage persisted when acting as Con, secur-
ing win rates of 51.4% (ORCHID) and 60.0% (1Q2)
against the same baseline. Similar trends were ob-
served against R-Debater, where MCTS-Debater
achieved win rates of 82.9% and 65.7% as Pro
and Con respectively on ORCHID, and 65.7% and
71.4% on 1Q2. These results collectively demon-
strate that MCTS-Debater’s multi-step game plan-
ning and opponent style modeling significantly en-
hance its persuasive power in competitive debate,
with this advantage holding robustly across differ-
ent datasets and argumentative stances.

5.4 Ablation Study

To thoroughly investigate the contribution of each
core component of MCTS-Debater, we designed

Table 4: Ablation study comparing MCTS-Debater with
alternative designs.

Method Sub LV FA All

Multi-random 86.71 7322 6743 78.52
Five-fuse 82.66 6141 6743 7354
Immediate-only 88.47 73.22 66.59 79.18
MCTS-Debater 91.14 73.21 68.35 80.96

four ablation variants on the next-turn rebuttal gen-
eration task, using GPT-40-mini as the base model
under the ALL scenario. W/o MCTS means MCTS
is disabled and a randomly selected fixed strategy
is used for rebuttal. W/o Style means opponent
style modeling is removed and the opponent re-
sponds using CoT prompting. W/o Fusion means
multi-strategy fusion is disabled and only the best
child node is used. W/o Retrieval means evidence
retrieval is turned off and the system relies solely
on the LLM’s internal knowledge.

In addition to these component-level ablations,
we further compare against three alternative de-
signs to verify the superiority of our approach.
Multi-random uses multiple random strategies with-
out MCTS-guided selection. Five-fuse fuses all
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Topic: Do advanced social media platforms benefit or harm the mental health of contemporary people?

Method Excerpt from the Generated Re- Rebuttal Features Strengths or Weaknesses
buttal
Inspire-CoT “While you mention that some con- Causal reasoning, concession, Weakness: Falls into “appeal to

tent creators use self-deprecation
or humor to gain popularity, this
is not the overarching trend on so-
cial media. ... The algorithms are
designed to maximize engagement,
which often leads to sensational-
ism and conflict.”

R-Debater “Dr. John Cacioppo ... highlights
the concept of social connectiv-
ity ... Research conducted by the
University of Pennsylvania demon-
strates that participation in online
communities can lead to increased

self-worth.”

MCTS-Debater “Counterexample 1: Social me-
dia as a supportive community ...
A study in the Journal of Health
Communication found a signifi-
cant decrease in feelings of isola-
tion. Counterexample 2: #BellLet-
sTalk ... Counterexample 3: Dr.
Julie Smith shares coping strate-
gies that promote resilience.”

backed

negation, no external evidence.

Heavy reliance on expert opinions;
loosely structured.

Multi-strategy fusion;

counter-arguments.

exception” logic; arguments spec-
ulative; lacks factual support.

Weakness: Evidence weakly
linked to opponent’s claims; lacks
logical coherence.

source-
anticipates

Strength: Concrete examples +
evidence + reasoning; preemp-
tively blocks potential rebuttals;
high logical rigor.

claims;

Figure 2: Qualitative comparison of rebuttals generated by different methods on a debate topic.
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Figure 3: Ablation Study on GPT-40-mini.

five strategies uniformly without adaptive weight-
ing. Immediate-only generates rebuttals directly
without any iterative refinement.

As shown in Figure 3 and Table 4, removing
any component leads to performance degradation.
The removal of evidence retrieval causes the most
significant drop in factual accuracy, highlighting
its critical role for credibility. Disabling MCTS
results in the largest decline in subjective quality,
confirming the necessity of multi-step planning
for persuasive rebuttals. Opponent style modeling
and multi-strategy fusion also provide consistent,
positive gains.

Among the additional baselines, MCTS-
Debater consistently outperforms all alternatives.
Immediate-only achieves competitive results on
Sub but falls short on FA and All, demonstrating
the importance of iterative reasoning for factual
grounding. Multi-random shows reasonable perfor-
mance but lacks the structured exploration provided
by MCTS. Five-fuse performs the worst across all
metrics, particularly on LV and All, indicating that
naive uniform fusion introduces noise and degrades
response quality. These results collectively validate
the design and effectiveness of all proposed mod-
ules.

5.5 Case Study

To further demonstrate the effectiveness of MCTS-
Debater, we conduct a case study on Task 1 with
the topic: “Do advanced social media platforms
benefit or harm the mental health of contemporary
people?”. As shown in Figure 2, the three systems
exhibit starkly different argumentation patterns:
(1) Strategy diversity. Inspire-CoT employs
basic causal reasoning but fails to construct affir-
mative counterpoints, resorting to negation with-
out substantiation. R-Debater cites authorities but
does so in a contextually disconnected manner. In
contrast, MCTS-Debater synthesizes multiple argu-
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mentative strategies (exemplification, causal analy-
sis, normative appeal), structuring each rebuttal as
a tripartite unit comprising a concrete example, a
verifiable source, and logical linkage.

(2) Evidential integration. Only MCTS-
Debater grounds every claim in domain-relevant,
verifiable evidence (e.g., peer-reviewed studies,
public health campaigns, practitioner content).
The other baselines either omit evidence entirely
(Inspire-CoT) or deploy it generically (R-Debater),
resulting in weak rebuttal-to-claim alignment.

(3) Forward-looking planning. Critically,
MCTS-Debater preemptively addresses potential
counter-responses by citing statistical evidence to
neutralize the “rare exception” objection. This fore-
sight stems directly from the multi-step opponent
reactions simulation of MCTS, a capability absent
in both baselines.

This case corroborates our quantitative findings:
MCTS-Debater’s superiority arises from its inte-
grated architecture that jointly optimizes strategy
selection, evidence retrieval, and long-horizon plan-
ning, enabling rebuttals that are both factually ac-
curate and strategically robust.

5.6 Hyperparameter Analysis

To investigate the impact of the number of MCTS
interactions on debate generation performance, we
conducted a hyperparameter analysis on Task 1.
The number of MCTS interactions was set to 1, 2,
4, 8, and 16, while keeping GPT-40-mini as the
base model. The experimental results are shown in
Table 5.

Table 5: Results of hyperparameter analysis on MCTS
interaction times.

Iterations | Sub LV FA All
1 88.47 7322 6659 79.18
2 89.32 7254 6741 79.65
4 90.73 74.16 68.03 80.91
8 91.14 7321 68.35 80.96
16 91.11 73.05 6791 80.80

From the results, it can be observed that as the
number of interactions increases from 1 to 4, all
metrics exhibit a steady upward trend. This indi-
cates that a moderate search depth helps the model
more fully explore the debate space and capture
critical long-range dependencies.

However, when the number of interactions is
further increased to 8 and 16, performance gains

level off or even slightly decline. This phenomenon
suggests that excessive search depth not only fails
to bring significant performance improvements but
may also introduce redundant information or noise,
leading to diminishing marginal returns.

In summary, a larger number of MCTS interac-
tions does not always yield better performance. In
this task, 8 interactions strike a good balance be-
tween performance and computational cost, being
sufficient to capture the key long-range dependen-
cies required for debate generation. Therefore, sub-
sequent experiments adopt 8 MCTS interactions by
default.

6 Conclusion

In this paper, we presented MCTS-Debater, a novel
framework for competitive debate rebuttal genera-
tion that integrates Monte Carlo Tree Search with
multi-strategy reasoning, opponent style modeling,
and evidence retrieval. Extensive experiments on
two real-world debate datasets demonstrate that
MCTS-Debater consistently outperforms strong
baselines, including LLM-based chain-of-thought
methods and retrieval-augmented models, across
both next-turn rebuttal and end-to-end adversarial
debate settings. Ablation studies and qualitative
case analyses further confirm the essential contribu-
tions of strategic planning, style-aware simulation,
and multi-strategy fusion. Our work highlights the
value of forward-looking game-theoretic planning
in argumentative dialogue systems and opens new
avenues for applying LLMs to complex, multi-turn
adversarial tasks.
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Limitations

Despite the promising results, our approach has
certain limitations. In most competitive debates, a
debater’s argumentative style tends to remain rel-
atively stable throughout a single debate, which
justifies our use of a static five-dimensional profile
extracted from historical utterances. However, it
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is still possible that an opponent may deliberately
shift strategies across rounds or exhibit inconsistent
stylistic patterns, especially in high-stakes or adap-
tive debating scenarios. Our current opponent style
model, which assumes stylistic consistency after
the initial analysis, may not fully capture such dy-
namic changes. Future work could address this by
incorporating online adaptation mechanisms, such
as updating style estimates incrementally after each
round using few-shot prompting or lightweight
fine-tuning.

Ethics Statement

This work focuses on computational argumenta-
tion and debate generation, with no involvement
of human participants, personally identifiable in-
formation, or sensitive data collection. All exper-
iments are conducted exclusively on the publicly
available ORCHID and IQ2 datasets, which has
been previously released under permissive licenses
for academic research and contains no private or
protected content.

We acknowledge that automated debate systems
carry potential risks of misuse, including the gener-
ation of persuasive misinformation or manipulative
rhetoric. To mitigate these concerns, we do not
release any standalone generation tools or unmod-
erated model checkpoints. All code and evalua-
tion protocols are provided solely for reproducible
research and include explicit safeguards against
out-of-context deployment. Furthermore, our eval-
uation framework prioritizes factual authenticity
and logical validity alongside rhetorical quality, re-
inforcing responsible development practices within
the field.

This research complies with institutional guide-
lines for ethical Al research and does not require
formal ethics board approval, as it involves only
secondary analysis of existing public datasets with-
out human subject interaction.
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A Experimental Setup Details

A.1 Dataset Details

ORCHID (Zhao et al., 2023) is a large-scale Chi-
nese competitive debate corpus comprising 1,134
real-world debate transcripts. Each transcript is
annotated with the debate motion, participating
institutions, speaker identities, explicit stances
(pro/con), and turn-by-turn utterances. To con-
struct our test set, we first exclude the 1,000 de-
bates used by R-Debater (Li et al., 2025a) to build
its dedicated retrieval corpus. From the remain-
ing data, we select 35 complete, high-quality de-
bates, ensuring no overlap with existing retrieval
corpora. These debates cover seven representative
thematic domains: Society and Livelihood, Poli-
tics and Governance, Economy and Development,
Technology and Future, Ethics and Values, Educa-
tion and Youth, and International Relations. Each
domain contains five distinct motions. The list of
motions in the test set is shown in table 6.

A.2 Next-Turn Rebuttal Generation Task
Design

This experiment assesses single-turn argument gen-
eration under controlled contexts using two evalu-
ation scenarios derived from the ORCHID debate
dataset. We truncate debate histories after Round
3 and Round 5, requiring models to generate the
subsequent Round 4 response as PRO and Round
6 response as CON, respectively. The ORCHID
dataset organizes debates into three phases: an
initial structured phase (Rounds 1-4) with fixed
roles and clear stances, a middle free-exchange
segment featuring rapid alternation and ambiguous
positional boundaries, and a closing phase with
renewed stance clarity.

In the Round-3 truncation setting, the input con-
cludes with the first CON rebuttal. The model then
acts as PRO to generate Round 4, which is the
final turn of the initial structured phase. This sce-
nario tests targeted counter-argumentation against
explicit opponent claims. In the Round-5 trunca-
tion setting, the input encompasses the complete
initial phase plus the opening turn of the closing
phase delivered by PRO. The model subsequently
acts as CON to generate Round 6, evaluating strate-
gic coherence maintenance after re-establishing
stance clarity following the free-exchange segment.

These two time points correspond to the early
engagement and strategic equilibrium stages. Fix-
ing the input history while excluding the ambigu-

ous free-exchange segment ensures reproducibility,
minimizes noise, and enables fair comparison of
strategic reasoning capabilities across systems.

A.3 Implementation Details

All experiments were conducted on a server
equipped with two NVIDIA A100 (40GB) GPUs,
running PyTorch 2.10. The open-source model
Qwen3-8B was deployed using vLLM(Li et al.,
2025b) for efficient inference, while GPT-40-mini
and GPT-40 were accessed via the official OpenAl
APL

Given that competitive debates are often struc-
tured into three alternating turns per side, we set the
maximum number of interaction rounds R,,x = 3.
All baseline methods share the same temperature
setting of 0.7 to balance randomness and determin-
ism, and no task-specific fine-tuning was applied.

B Human Evaluation Setup

To assess the strategic effectiveness and persua-
siveness of MCTSDebater in full multi-turn de-
bates, we conducted a human evaluation on Ex-
periment 2 (End-to-End Adversarial Debate Sim-
ulation) using GPT-40-mini as the base model for
debate generation. We randomly selected 35 debate
motions from the ORCHID dataset and 35 from
the 1Q2 dataset. For each motion, we generated
complete six-turn debates (three rounds per side)
for two head-to-head matchups: MCTSDebater
vs. Inspire-CoT and MCTSDebater vs. R-Debater,
covering both stance assignments (MCTSDebater
as PRO and as CON). This resulted in a total of
140 full-length debate transcripts (70 per dataset).

Three volunteers (all holding a bachelor’s de-
gree, with basic experience in logical reasoning)
participated as judges. Each debate transcript was
anonymized with a random identifier, and the or-
der of transcripts was shuffled per judge. Eval-
uators were asked to decide which side (PRO or
CON) won the overall debate, based on persua-
siveness, logical coherence, factual accuracy, and
strategic progression over the three rounds. For
each matchup and stance configuration, we com-
puted the number of debates in which the majority
(>2 out of 3) of judges favored MCTSDebater. Win
rate is defined as majority-win debates divided by
total debates in that condition. Inter-rater agree-
ment was measured using Fleiss’ Kappa. The eval-
uation interface is shown in Figure 4.
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You will see a complete debate transcript containing three ronnds of speeches from both PRO and CON. Please read the entire debate carefally and judge which side wins the overall debate based on the following eriteria:
Overall persuasiveness: Which side presents sironger, more convincing arsuments?

Logical coberence: Are the arzumenis internally consisient across rounds? Is the reasoning rigorous?

Factual accuracy: Are the facts or evidence cited relinble and appropriate?

Strategic progression: Does the side effectively refute the opponent's weaknesses while consistently advancing its own core narrative?

When making your judgment, consider all four dimensions holistically rather than relying on a single round of speech. Finally, select PRO or CON as the winning side below.

Note: All debate content waz automatically generated by different models. The debater identities have baen anonymized. Please make your judgment independently and aveid discuzsion.

Topic

|Oriental Selection’ Model Shows Promise vs. Unlikely to Last

Figure 4: The evaluation interface.

C Prompts

In the implementation of our method, we design
and employ multiple prompt templates serving key
modules such as opponent style analysis, retrieval
query generation, strategy-driven rebuttal genera-
tion, style-conditioned opponent simulation, and
multi-strategy fusion. The detailed content of all
prompt templates and their invocation locations
within the MCTS-Debater framework are illus-
trated in Figures 5 to 10. These prompts are de-
signed following the argumentation logic of each
respective strategy and adopt a unified structured
format to ensure the stability of LLM outputs.

D AI Assistant Usage Statement

In the course of this research, we employed
AI assistants, including ChatGPT', Qwen?, and
DeepSeek?, strictly as auxiliary tools for code
implementation and manuscript polishing. The
core research idea, experimental design, theoretical
framework, and all substantive intellectual contri-
butions were conceived and executed entirely by
the authors. We affirm that all scientific conclu-
sions, data analyses, and creative decisions remain
the sole responsibility of the authors.

1h‘ctps://chatgpt.com
Zhttps://www.gianwen. com
Shttps://www.deepseek.com/

12652



https://chatgpt.com
https://www.qianwen.com
https://www.deepseek.com/

Prompt Template for Opponent Style Analysis

System Prompt:

You are an expert in debate style analysis. Based on the following speech, rate it across the five dimensions:
logical_rigor: How rigorous the argument is, and whether it contains logical fallacies.
evidence_reliance: The extent to which the argument relies on data, facts, or examples.

1.
2.
3. emotional_appeal: The degree of emotional language or moral judgment used.
4. analogy_tendency: The frequency of using analogies or metaphors.

5.

strategy_diversity: Whether different debate strategies (causal reasoning, exemplification, value-based argumentation,
etc.) are mixed.

Additionally, identify the 1-2 most frequently used concrete strategies from the list: [causal reasoning, exemplification,
analogical reasoning, value-based argumentation, expert opinion].

Output in JSON format, containing the five fields above, plus "dominant_strategies" (as a list) and "summary" (a
one-sentence conclusion).

Output only JSON, no extra text.

User Prompt:
Debate speech: [opponent’s recent utterances]

Figure 5: Example prompt used for the five-dimensional opponent style analysis module. The module is invoked
during the rollout phase of MCTS to estimate the opponent’s stylistic features from historical utterances.

Strategy Prompt Template

Exemplification Refute the following opponent’s speech using the [Exemplification] strategy. Requirement:
Provide at least one specific counterexample to prove that the opponent’s general conclusion
does not hold. The counterexample should be realistic, relevant, and persuasive.

Opponent’s speech: {opponent_speech}

Causal Reasoning Refute the following opponent’s speech using the [Causal Reasoning] strategy. Requirement:
Point out logical flaws in the opponent’s causal reasoning (e.g., confusing correlation with
causation, omitted variables, reversed causality) and propose an alternative explanation.

Opponent’s speech: {opponent_speech}

Analogical Reasoning Refute the following opponent’s speech using the [Analogical Reasoning] strategy. Requirement:
Construct an analogy with the same structure but an absurd conclusion, revealing the error in
the opponent’s reasoning. The analogy must maintain logical isomorphism.

Opponent’s speech: {opponent_speech}

Value-based Argumentation Refute the following opponent’s speech using the [Value-based Argumentation] strategy. Re-
quirement: Identify the implicit value conflict in the opponent’s argument and demonstrate
why the value we advocate (e.g., fairness, efficiency, freedom) should take precedence over the
opponent’s value.

Opponent’s speech: {opponent_speech}

Expert Opinion Refute the following opponent’s speech using the [Expert Opinion] strategy. Requirement: Cite
authoritative experts, institutions, or research findings to directly counter the opponent’s point.
Provide sources (may be reasonably fabricated but must be credible).

Opponent’s speech: {opponent_speech}

Figure 6: Prompt templates for the five rebuttal strategies used in the action space of MCTS-Debater. Each template
is instantiated with the actual opponent speech during the expansion phase.
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# Topic Category
1 The participation of top celebrities in theater plays revitalizes/disrupts the theater Economy & Development
market
2 ‘Oriental Selection’ Model Shows Promise vs. Unlikely to Last Economy & Development
3 Should or should not encourage Gen-Z to reform the workplace Society & Livelihood
4 Choosing to pursue a master’s degree due to the difficulty of finding a job is a wise Education & Youth
choice for current college students.
5 Love_Hate is more unforgettable Morality & Values
6 Atage 20, if you have an opportunity to become famous overnight, should you take ~Morality & Values
it or not?
7 Is pain necessary for growth? Morality & Values
8 In contemporary society, making life ‘faster’ vs. ‘slower’ is more desirable Society & Livelihood
9 Love is Restraint vs. Indulgence Morality & Values
10 The Romance of Chinese Culture Lies in Complexity_Simplicity Education & Youth
11  Self-interest/Altruism as a Better Survival Strategy Morality & Values
12 Fragmentation of Information Enhances/Decreases the Cognitive Level of Contem- Society & Livelihood
porary People
13 Online public opinion makes our thinking more diverse/single-minded Society & Livelihood
14  In advancing the evolution of social institutions, should or should not the pursuit of ~Society & Livelihood
social welfare be prioritized?
15 Should social development be guided by the current will of the people/national Politics & Governance
long-term well-being
16 The development and popularization of ChatGPT-like tools will enhance/weaken Technology & Future
the cognitive abilities of ordinary people
17  The prevalence of beauty technology is good/bad for human aesthetics Technology & Future
18 Do advanced social media platforms benefit or harm the mental health of contempo- Technology & Future
rary people?
19 In the face of AIGC technology development, should we prioritize copyright protec- Technology & Future
tion or promoting innovation?
20  Should AI Have Legal Personality Politics & Governance
21 Campus competitive debate is more meaningful to students for its practicality/non- Education & Youth
practicality
22 Should Chinese Esports Encourage the Introduction of Foreign Players Economy & Development
23 Is Al replacing human labor a blessing or a death knell for human civilization? Economy & Development
24 Should electronic devices have standardized charging ports? Technology & Future
25  Should private enterprises be involved in China’s space industry? Economy & Development
26  E-sports should or should not enter the Olympic Games International Relations
27  Should Chinese Language be _ Should not be included as a compulsory university Education & Youth
course
28  Should Mainland China raise admission standards for international students? Education & Youth
29 Heroes Create the Times _ Times Create Heroes Politics & Governance
30 Should Marijuana Transactions in Mainland China Be Legalized? Politics & Governance
31 Social media is/is not an important driver of social democratization Politics & Governance
32 “The Clash of Civilizations” can_be_avoided / cannot_be_avoided International Relations
33 Resettling foreign refugees is/is not a national obligation International Relations
34  The primary cause of rampant terrorism lies with Middle Eastern countries / Western  International Relations
countries
35 Reducing U.S. involvement in Asian affairs is more beneficial than harmful / more International Relations

harmful than beneficial to the international situation

Table 6: Complete list of 35 debate motions in the ORCHID test set.
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Prompt Template for Retrieval Query Generation

System Prompt: (implicit) You are a debate argument analysis assistant.
User Prompt:

Based on the following opponent’s speech and the rebuttal strategy we are about to use, list the key facts or data premises
you need to verify in order to support your rebuttal.

Debate topic: {topic}

Our stance: {stance}

Rebuttal strategy to be used: {strategy['name’]}
Opponent’s speech: {opponent_speech}

Please output the key premises to be retrieved, one per line (at most 3). Output only the premises, without any additional
explanation.

Example format:
Premise 1: ...
Premise 2: ...
Premise 3: ...

Figure 7: Prompt used to generate retrieval queries during the expansion phase.

Prompt Template for Style-Conditioned Opponent Simulation

System Prompt:
You are an Al capable of imitating specific debate styles.

User Prompt:

You must imitate the following style to respond:

Your debate style parameters:

- Logical rigor: {logical_rigor}

- Evidence reliance: {evidence_reliance}

- Emotional appeal: {emotional_appeal}

- Analogy tendency: {analogy_tendency}

- Strategy diversity: {strategy_diversity}

- Dominant strategies: {dominant_strategies }

Style summary: {summary}

Debate topic: {topic}

Your previous speech: {last_opponent_speech}

The opponent just refuted: {rebuttal}

Please strictly follow the above style parameters to generate a natural and persuasive response to refute the opponent’s
speech.

Note: If your debate style tends to be logically rigorous, use more reasoning chains; if evidence-oriented, fabricate or cite
reasonable data; if emotion-oriented, add emotional coloring.

Figure 8: Prompt used during the MCTS rollout phase to simulate the opponent’s next response conditioned on the
estimated five-dimensional style features.
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Prompt Template for Rebuttal Generation (with Evidence and Strategy)

System Prompt:
You are a debate expert. Please generate a powerful refutation according to the specified strategy.

User Prompt:
Debate topic: {topic}
Our stance: {stance}
Reference materials:
{evidence_section}
Debate strategy:
{strategy_prompt}
Opponent’s speech:
{opponent_speech}

Please make full use of the above evidence and strategy (if any) to refute your opponent and give your opinion and
reasoning.

Figure 9: Complete prompt used during the expansion phase to generate a rebuttal. It combines the strategy-specific
instruction, retrieved evidence, and opponent’s speech. The placeholders are dynamically filled.

Prompt Template for Multi-Strategy Fusion

User Prompt:

You are given three alternative rebuttals to the same opponent speech. Combine their strengths into a single, more powerful
rebuttal. Preserve logical force, evidence, and persuasive language. Avoid repetition.

Opponent speech: {opponent_speech}
Rebuttal A: {rebuttal _A}

Rebuttal B: {rebuttal_B}

Rebuttal C: {rebuttal_C}

Fused rebuttal:

Figure 10: Prompt used to fuse the top-3 candidate rebuttals.
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