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Abstract

Debate adjudication requires tracking how arguments develop through interaction, yet existing datasets
rarely combine fine-grained debate transcripts with professional judgments collected during real com-
petitions under a shared rubric. We introduce a dataset and benchmark for evaluating large language
models’ understanding of competitive Chinese-language debate at the match, stage, and speaker levels.
We organized 182 matches and recruited 120 professional judges, with each match independently adju-
dicated by three judges using a predefined rubric. After excluding matches with incomplete records, the
dataset contains 148 matches, 2,698 stages, and 20,542 exchange units, with manually verified transcripts
and segmentation. It preserves original stage scores, match votes, best-debater ballots, and adjudication
rationales. We define three tasks: winner-tendency prediction, stage-score prediction, and best-debater
prediction. Zero-shot evaluation of multiple large language models yields a highest winner-prediction
accuracy of 66.2%, a highest Pearson correlation of 0.250 between model stage scores and mean human
ratings, and a highest best-debater prediction accuracy of 56.8%. The dataset and benchmark provide a
testbed for studying large language models’ understanding of interactive argumentation and their agree-
ment with professional judges.

1 Introduction

Where arguments are used, authority is left in abeyance.
— Hannah Arendt, What Is Authority?

Debate is a social practice through which judgments are formed through argumentation, questioning,
and response. It is prevalent in politics, law, academic discussion, and everyday decision making. Unlike
ordinary text understanding, debate understanding requires not only identifying arguments but also tracking
responses, rebuttals, and revisions across sustained exchanges and assessing how they affect the relative
strength of the two sides.

For large language models (LLMs), such understanding remains challenging. Evaluating a debate speech
requires considering its content alongside the preceding argumentative trajectory, the opponent’s questions,
the speaker’s argumentative obligations, and its effect on the overall clash (Liang et al., 2024). Even when
models produce seemingly plausible analyses, their judgments may differ substantially from those of human
judges (Sternlicht et al., 2025). This motivates our central question: Can LLMs understand the interactive
process of debate and use this understanding to make judgments consistent with professional judges at the
match, stage, and speaker levels?

Addressing this question requires a more precise definition of the debate task. Different formats empha-
size different capabilities. For example, British Parliamentary (BP) debate is primarily organized around
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Table 1: Comparison of existing debate corpora and our dataset. ✓: available; △: partially available; ×:
unavailable; –: not applicable.

Basic info Text organization Supervision Stage-level scoring
Release and

privacy

Dataset Source # Debates Stage Clash
Judge
text Outcome Stage

Best
Debater In situ

Unified
rubric Rater Public Anonymized

ORCHID
(Zhao et al., 2023) Re-curated 1,218 ✓ × × × × × – – – ✓ ✓

Chen et al.
(Chen et al., 2026b) Re-curated 94 ✓ ✓ × ✓ × × × × LLM × ×

DEFINED
(Yu et al., 2026) Re-curated 108 ✓ × × × △ × × ✓

Expert/
student × ×

CEDAR
(Lan et al., 2026) Re-curated 600 △ × △ ✓ × △ – – – ✓ ×

Conch
(Chen et al., 2026a) Re-curated 3 ✓ ✓ × × × × – – – △ △

Ours Self-
organized 182 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ Expert ✓ ✓

Notes. In situ indicates that stage-level scores were assigned during actual competition adjudication. Unified rubric indicates
a shared scoring standard within each dataset. For our dataset, 182 matches were collected, of which 148 were retained after
excluding matches with incomplete scoring information.

consecutive speeches, whereas competitive Chinese-language debate typically includes highly interactive
stages such as questioning, answering questions, and direct exchange. Treating these formats as a unified
task may obscure differences in models’ abilities to organize arguments, respond to opponents, and un-
derstand clashes. We therefore focus on competitive Chinese-language debate, particularly its interactive
stages. A detailed comparison of debate formats is provided in Appendix A.1.

Existing resources remain insufficient for systematically studying fine-grained debate understanding.
ORCHID (Zhao et al., 2023) provides transcriptions and curated data from public competitions. Chen et al.
(Chen et al., 2026b) and DEFINED (Yu et al., 2026) introduce scoring annotations, but some supervision is
model-generated and fine-grained human scoring remains limited in coverage. CEDAR (Lan et al., 2026)
focuses on content annotations such as claims, stances, and evidence, while Conch (Chen et al., 2026a)
provides clash-structure analysis for only three matches. Overall, existing resources do not adequately
combine stage- and clash-level text organization with original stage-level scores assigned by professional
judges during real competitions under a shared rubric. Table 1 summarizes the comparison.

To address this gap, we construct a fine-grained, expert-annotated dataset for competitive Chinese-
language debate. We first developed a unified scoring rubric with senior debate experts, specifying eval-
uation criteria for different stages and capability dimensions. We then organized 182 matches involving
professional debaters, with structured adjudication by a pool of 120 professional judges selected according
to explicit qualification criteria. Each match was evaluated by three judges, and we retained stage-level
scores, complete adjudication explanations, and final votes. The resulting supervision therefore consists of
original judgments made during real competitions under a predefined, shared evaluation standard.

After excluding matches with incomplete scoring information, the final dataset contains 148 matches,
2,698 stages, and 20,542 clash units, totaling approximately three million Chinese characters. All transcripts
and their stage and clash boundaries were manually verified. By linking this multi-granularity text structure
to match- and stage-level adjudication, the dataset enables researchers to examine local exchanges in context
and study the relationship between model predictions and professional judgments.

Based on this dataset, we develop benchmark tasks covering winner prediction, stage-level scoring, and
best-debater prediction, together with analyses of fine-grained capabilities and human–model agreement.

2



These tasks assess both overall outcome prediction and the contributions of individual stages and speakers.
In our winner-prediction experiments, model accuracy ranges from 56.1% to 66.2%, compared with 50.7%
for an always-affirmative baseline, leaving substantial room for improvement even at the match level.

Our main contributions are as follows:

• Manually verified, multi-granularity debate data. We transcribe competition recordings, organize
the text into match, stage, and clash levels, and manually verify the transcripts and segmentation,
supporting debate understanding at multiple granularities.

• Professional process-level supervision from real competitions. Professional judges apply a prede-
fined, shared rubric during competition adjudication. The resulting stage-level scores, adjudication
explanations, and final votes support training and evaluation in local debate contexts.

• A debate benchmark for process understanding. We design tasks at the match, stage, and speaker
levels, systematically evaluate multiple LLMs, and analyze their agreement with professional judges
and their limitations.

2 Process-Level Debate Evaluation Benchmark

Our data construction pipeline consists of four steps: (1) developing a shared evaluation rubric with profes-
sional debate experts; (2) organizing and recording real 4v4 and 2v2 competitions under specified debate
formats; (3) performing transcription, text correction, stage segmentation, score alignment, and manual
verification; and (4) constructing process-level evaluation instances at multiple granularities.

Figure 1: Overview of the Chinese Competitive Debating Dataset and Benchmark.

2.1 Debate Format and Evaluation Rubric

2.1.1 Debate Format

Competitive debate in mainland China follows formats represented by tournaments such as Xin Guo Bian,
the Chinese Debate World Cup, and the Huaxia Cup. Although these tournaments differ in speaker assign-
ments and timing rules, they share broadly similar match structures.
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We divide the 4v4 format used in our competitions into three phases according to their primary func-
tions. The constructive phase establishes the argumentative frameworks through constructive speeches,
questioning, and questioning summaries. The clash phase develops attacks and defenses on central points
of contention through head-to-head exchanges, cross-examination, and cross-examination summaries. The
concluding phase includes free debate and closing speeches, allowing further exchanges and synthesis of the
overall comparison. Each phase comprises multiple individual stages, which serve as basic units of scoring
and evaluation. Stage order, speaker roles, timing rules, and a diagram of the competition procedure are
provided in Appendix A.2.

These stages impose different interaction constraints. Speech stages involve uninterrupted delivery by
one side. Questioning and cross-examination follow an asymmetric question–answer structure: the ques-
tioner may advance questions and interrupt answers, whereas the respondent cannot ask questions in return.
Head-to-head exchanges and free debate instead involve alternating speaking turns. These differences de-
termine speakers’ argumentative obligations and inform stage-level scoring and role-based analysis. Our
dataset also includes 2v2 debates; their format and differences from 4v4 debates are described in Ap-
pendix A.3.

2.1.2 Evaluation Rubric

Before organizing the competitions, we developed a shared stage-level evaluation rubric in consultation with
senior debate experts. Because stages serve different purposes and address different points of contention, the
rubric evaluates performance along three dimensions: Battlefield Judgment, whether the debater accurately
identifies the current core disagreement; Degree of Advancement, the extent to which the debater advances
the argument; and Task Performance, whether the debater fulfills the stage’s intended task. Judges assess
these dimensions using the detailed criteria and consult the scoring table to obtain a Suggested Score. The
complete rubric is provided in Appendix A.4.

To reduce the influence of other judges’ opinions, judges independently submit their score sheets after
the match before publicly explaining their decisions.

2.2 Dataset Construction

2.2.1 Data Collection and Judge Qualifications

Data collection. We organized 182 debates, comprising 150 4v4 matches and 32 2v2 matches. These
were genuine competitions whose outcomes mattered to participants independently of this study. Each
match was assigned three judges from a pool of 120 professional debate judges. They independently scored
each stage using the rubric, cast impression votes, stage-based votes, and decisive votes, and nominated
candidates for best debater. After the match, each judge also explained their decision, producing an average
of approximately 3,000 Chinese characters of adjudication commentary. Raw data were collected at the
match level. Each match included a complete recording and three judge voting forms. The recording
captured both the debate and the judges’ commentary, while the forms recorded stage-level scores, voting
decisions, and best-debater nominations.

Judge qualifications. We established explicit minimum eligibility requirements for judges. Every judge
was required to have at least three years of competitive debate experience and qualifying placements in
at least ten debate tournaments. For example, reaching at least the quarterfinals through round-robin and
elimination rounds in a cup tournament comprising 64 matches counted as one qualifying tournament result.
In addition, judges were required to have received at least five match-level best-debater awards and at least
one tournament-wide best-debater award in these tournaments. The latter denotes the debater ranked first in
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cumulative best-debater votes across the matches they participated in during the tournament. Together, these
criteria account for sustained competitive experience, tournament achievement, and individual performance.

Appeal adjudication. The competitions included an appeal mechanism. Following an appeal against a
match outcome, three different, more experienced judges could reassess the same match recording, with
the new decision replacing the original result. We assigned separate identifiers to the original and appeal
adjudications while retaining their association with the same underlying match.

Data filtering. Some matches had missing stage-level scores from judges. After excluding 34 matches
with incomplete scoring information, we retained 148 unique matches. Of these, 20 underwent appeal
adjudication and therefore had two sets of judgments, yielding 168 match-level adjudication records in
total.

2.2.2 Transcription, Segmentation, and Score Alignment

The competitions were conducted through Tencent Meeting. We obtained the platform’s automatic speech
recognition (ASR) transcripts and the corresponding match videos. The raw transcripts contained approxi-
mately 3.85 million Chinese characters, and the videos totaled 12,120 minutes. We then used Claude Fable
5 for constrained text correction with the prompt provided in Appendix C.4.

Source-file line numbers were retained to support sentence-level traceability. The processed text com-
prised approximately 2.60 million Chinese characters of debate transcripts and 1.25 million characters of
judge commentary.

Using moderator cues and timestamps, we segmented each match’s sentence-level utterance sequence
into stages. Stages were assigned to eight types: constructive speech, supplementary argumentation, ques-
tioning, cross-examination, summary, head-to-head exchange, free debate, and closing speech. The sum-
mary category included both questioning and cross-examination summaries. Each stage record contained
its name, type, acting side, and sentence-level utterances.

We then aligned the scoring entries in the three judge forms with their corresponding transcript stages,
producing a list of judge scores for each stage. Speech stages were associated only with scores for the speak-
ing side. Questioning and cross-examination stages were associated with separate scores for the questioning
and responding sides, preserving role-specific assessments within the same interaction.

2.2.3 Manual Verification and Quality Control

To support systematic review of the transcripts and their stage boundaries, we developed a dedicated review
tool. We manually reviewed all text entries in the retained matches, checking transcription clarity and
accuracy as well as the correctness of stage segmentation. During this review, we manually adjusted the
segmentation of 71 stages and corrected 304 transcription errors. The retained source-file line numbers
allow processed text to be traced sentence by sentence to the original ASR records.

2.2.4 Multi-Granularity Instance Construction

We organized the processed text at three granularities: match, stage, and exchange. The resulting corpus
contains 148 unique matches, 2,698 stage-level instances, and 20,542 exchange-level instances.

Match-level instances contain complete debate transcripts and are linked to the three judges’ match votes
and scores. Stage-level instances contain a target stage and its preceding context, together with the three
judges’ scores for the evaluated side. Both levels preserve individual judges’ decisions, allowing supervised
instances to be constructed by pairing the text with each judge’s label.
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Exchange-level instances are extracted from interactive stages and do not have independent human
scores for individual exchanges. They can serve as authentic interaction data for model training or be linked
to shared scores for the corresponding side in their parent stage. These shared scores describe stage-level
performance and should not be interpreted as independent judgments of individual exchanges.

For the 20 matches with appeal adjudications, we separately retain the appeal labels and link them to the
original judgments through match identifiers. Appeal records therefore provide additional judgments of the
same debate content without increasing the number of unique matches.

2.2.5 Supplementary Adjudication Summaries

To facilitate the use of lengthy judge commentary, we used Fable 5 to produce concise adjudication sum-
maries and structured reasoning accounts, subject to a 900-Chinese-character length limit. These materials
were then reviewed by 31 experts. Reviewers compared the generated summaries and reasoning accounts
against the debate transcripts to identify severely unreasonable content. An item was rejected and regener-
ated only when such content was identified. Two records were rejected and regenerated during this review.

This review screened for severely unreasonable generated content; it did not independently validate ev-
ery judgment in the summaries and reasoning accounts. These model-assisted materials are stored separately
as supplementary data and are explicitly distinguished from the judges’ original commentary, scores, and
votes.

2.3 Task Construction

Based on these data at different granularities, we construct three evaluation tasks that assess LLMs’ ability
to judge overall match outcomes, local stage performance, and individual debater contributions.

Task 1: Winner-tendency prediction. Given the complete match-level transcript of a debate, the model
is required to judge the overall winning tendency between the two sides and provide a corresponding adju-
dication rationale. When the model outputs p > 0.5, the affirmative side is treated as the predicted winner;
when p < 0.5, the negative side is treated as the predicted winner. Because real judges are likewise not
allowed to return a tie, an output of 0.5 is counted as a failed prediction. We report prediction accuracy for
this task.

Task 2: Stage-score prediction. Given the text of a single stage and its corresponding preceding context,
the model is required to score the evaluated side according to the professional rubric provided in this paper.

For a stage s, let the three professional judge scores be rs,1, rs,2, and rs,3. We first compute their average
as ys = 1

3

∑3
j=1 rs,j , and use it as the human reference score for the stage. We then compare the model

prediction ŷs against this human average.
We report metrics at three levels. First, we report mean squared error (MSE) to measure the absolute de-

viation between model predictions and human scores. Second, we report Pearson r and Spearman ρ between
mean human ratings and LLM scores to measure whether models correctly capture relative performance dif-
ferences across stages. Third, we report tendency accuracy. We first compute the judges’ stage tendency and
then determine whether the model’s tendency agrees with it. We report two accuracies: the full agreement
rate and a non-tie agreement rate that considers only stages for which judges express a clear tendency.

Compared with match-level winner prediction, this task provides more fine-grained process adjudica-
tion, allowing us to test whether a model can identify local performance differences during a debate and
locate where advantages emerge and change, rather than merely predicting the final outcome after reading
the full match.

6



Task 3: Best-debater prediction. Given a complete match-level debate transcript, the model is required
to predict the best debater.

The best-debater award is a mechanism in competitive Chinese-language debate. It is determined by
judge voting and awarded to the debater whom the judges believe contributed most to the match.

For prediction, the model is required to distribute a total of nine votes among all participating debaters.
Suppose that a match contains K debaters. Let vi be the human vote count for debater i, and let v̂i be

the number of votes assigned by the model, with
∑K

i=1 vi =
∑K

i=1 v̂i = 9.. We normalize the human and
model ballot patterns as qi = vi/9 and q̂i = v̂i/9, so that

∑
i qi =

∑
i q̂i = 1.

We use two types of metrics. The first is best-debater accuracy. Let D∗ = {i | qi = maxj qj} be
the set of debaters tied for the highest human vote share, and let d̂ be the debater with the highest model-
predicted vote count. The prediction is considered correct when d̂ ∈ D∗. This definition also handles
ties for the highest human vote count. The second metric is normalized ballot-pattern error. Specifically,
we compute the mean absolute error between the model and human vote-share distributions, MAEvote =
1
K

∑K
i=1 |q̂i − qi| . Compared with only identifying the final best debater, this metric uses the complete ballot

distribution and further measures whether the model’s judgment of the relative performance and contribution
of different debaters agrees with that of professional judges.

Together, the three tasks evaluate match-, stage-, and speaker-level adjudication.
This multi-level framework, proceeding from result to process and then to individuals, allows us to

distinguish whether a model can merely predict “who wins” or can also reproduce professional judges’
fine-grained understanding of how the debate produced that result.

2.4 Evaluation Protocol

We provide recommended evaluation and fine-tuning splits for the dataset. The dataset was first released in
September 2026 and had not previously been available through any public channel. Models released before
that date therefore could not have been exposed to the dataset through training-data contamination. Models
released afterward may likewise be regarded as uncontaminated if they comply with standard training-data
disclosure practices. Detailed recommendations are provided in Appendix A.5.

2.5 Label Reliability

The main labels in our dataset are independently provided by the three primary judges assigned to each
match. Because judge disagreement is intrinsic to these labels, we first analyze their reliability and proce-
dural stability to characterize the reproducibility of the supervision signals that models are asked to fit and
to provide a reference point for interpreting model–human agreement.

Winner labels. Among the 148 non-appeal matches with complete results from all three judges, 82
matches (55.4%) receive a unanimous 3:0 decision, while 66 matches (44.6%) receive a split 2:1 deci-
sion. The probability of pairwise judge agreement is approximately 70.3%. We apply strict quality control
to judges across all matches. Under a simplified model in which judges are assumed to have equal ability,
each judge independently makes the correct decision with probability p, the estimated accuracy of a single
judge is approximately 81.9%, while the estimated accuracy of the three-judge aggregate is approximately
91.3%.

In addition, the competition includes an appeal mechanism as an extra layer of procedural quality con-
trol. The appeal process is deliberately easy to initiate: debaters only need to submit an explanation, and
the design intentionally encourages appeals. Among 182 matches, 20 were appealed. After independent
re-adjudication by a new panel, seven match results were overturned. Thus, under the actual appeal process,
96.2% of the original match results remained unchanged, which is also close to the estimate above.
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It is important, however, to emphasize that debate does not have a ground-truth winner. Debate is
often regarded as an art of persuasion. If most judges are persuaded by the affirmative while one judge is
persuaded by the negative, it is not appropriate to conclude that the dissenting judge is simply wrong; rather,
some examples or contextual features of the match may not have resonated with that judge. Accordingly, the
“accuracy” values above are statistical abstractions used to interpret judge agreement. Judge votes should
not be treated as proxies for an objective truth; they instead operationalize which side persuaded more
judges.

Score labels and best-debater labels. Across all stage scores, the MSE among the three judges is 0.759.
Under the rubric above, scores correspond to four performance bands: not completed (1–3), approximately
completed (4–5), well completed (6–8), and perfectly completed (9–10). Across all stages, the three judges
assign the same band in 52.8% of cases, two judges assign the same band in 44.3% of cases, and all three
assign different bands in 2.8% of cases.

Most of the 120 judges adjudicated only two or three matches, making judge-specific Pearson r and
Spearman ρ estimates of limited statistical value. We therefore compute ICC(1,3) to report the reliability of
the mean judge score. The ICC(1,3) of the raw scores is 0.523, while the ICC(1,3) of judge tendencies—
defined as the affirmative score minus the negative score for each paired stage—is 0.630. These values can
be considered moderate reliability and provide a useful reference for evaluating whether models can make
stage-level estimates.

For best-debater labels, in 87.8% of matches every judge allocated at least one of their votes to the
eventual best debater, indicating relatively high agreement.

Stage bias. Tasks 2 and 3 contain structural stage biases. For example, because the third speaker’s at-
tacking stages are especially important, teams often assign their strongest debater to the third-speaker role.
Similarly, in attacking stages the answering side may only answer and cannot counter-question, making it
difficult for that side to advance the debate. Such structural priors are themselves part of professional de-
bate adjudication and should not simply be removed from the data. We therefore report structural baselines
below for comparison with model performance. Importantly, these stage biases are abstractions derived by
human researchers from the debate ecosystem and the dataset statistics; models are not explicitly told how
such structures should affect scores.

3 Model Evaluation

Experimental setup. We evaluate multiple large language models zero-shot on 148 matches, using fixed
prompts and parameters for all model calls. To avoid interference between the output requirements of
different tasks, Tasks 1 and 3 use the same match-level input but are invoked independently. For Task
2, after removing samples whose main text is too short because of special competition formats, the final
evaluation contains 2,693 stage instances. We retain all raw model outputs and report task metrics.

3.1 Task 1: Winner-Tendency Prediction

To determine whether models genuinely use debate content, we include two naive baselines. The first,
always affirmative, always predicts an affirmative win and sets p = 1. The second is a random predictor
with p ∼ U(0, 1), whose expected accuracy is 0.5.

All models extract some directional signal about the winner, but the signal remains weak. Model ac-
curacy ranges from 0.561 to 0.662, improving by approximately 5 to 16 percentage points over the 0.507
affirmative base rate. We evaluate advanced models from most major model providers, all using a medium
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Table 3: Stage-score prediction results.
Predictor MSE Pearson r Spearman ρ Agreement Non-tie Agreement

deepseek-v4-flash 2.72 .250 .253 .402 .638
deepseek-v4-flash (Reasoning) 2.54 .241 .241 .403 .602
deepseek-v4-pro 2.13 .231 .240 .434 .596
gemini-3.5-flash-lite 1.91 .184 .181 .391 .529
gpt-5.6-luna 2.52 .232 .237 .360 .579
Random baseline 9.69 ≈ 0 ≈ 0 .239 .451
Structure-aware random baseline 6.64 .031 .050 .291 .634

reasoning setting. These results indicate that current LLMs still have limited ability to predict debate out-
comes and leave substantial room for improvement. This task does not contain a structural side prior because
the affirmative and negative win rates are approximately balanced, and all evaluated LLMs outperform the
baseline.

3.2 Task 2: Stage-Score Prediction

Table 2: Winner-tendency prediction results.
Predictor Accuracy

deepseek-v4-flash .588
deepseek-v4-flash(Reasoning) .601
deepseek-v4-pro .615
gemini-3.5-flash-lite .595
gpt-5.6-sol .601
gpt-5.6-luna .561
opus-5 .662
sonnet-5 .595
haiku-4.5 .588

Always affirmative .507
Random .500
Constant (p = 0.5) —

In addition to model results, we include naive refer-
ences. The first is a random baseline. The second
is a structure-aware random baseline that assigns a
fixed score of 8 to the questioning side in question-
ing stages, a fixed score of 6 to the answering side,
and random scores to other stages.

For the DeepSeek models, MSE improves as rea-
soning capability increases, whereas Pearson r and
Spearman ρ decrease. Stronger models may there-
fore improve absolute calibration without improving
relative ranking.

The structure-aware random baseline performs
better on non-tie agreement than most of models,
showing that this metric can be explained to a large
extent by structural priors. On every other metric—
MSE, full agreement, Pearson r, and Spearman ρ—
all LLMs substantially outperform the baselines. This
indicates that continuous ranking, MSE, and full agreement including ties provide more informative evalu-
ation signals.

3.3 Task 3: Debater-Contribution Prediction

For this task, we include three baselines: random selection, uniform vote allocation, and selecting the third
speaker on the winning side. Because the stage schedule is fixed, speaking duration is also approximately
fixed by role, so we do not include a word-count baseline.

The structural heuristic—selecting the third speaker on the model-predicted winning side—achieves an
accuracy of .422–.526, indicating that structural priors such as speaker role and predicted match outcome
influence best-debater prediction. However, its performance is not consistent with the models’ direct pre-
dictions. For example, gpt-5.6-sol achieves a direct best-debater accuracy of .568, compared with only .439
under the heuristic, and the relative model rankings also differ substantially across the two settings. This
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Table 4: Best-debater and vote-distribution prediction results.

Predictor
Best-Debater

Accuracy
Vote

MAE
Vote-Share

r
Vote-Share

ρ
Predicted-Winner

Third-Speaker Accuracy

deepseek-v4-flash .432 .125 .481 .488 .457
deepseek-v4-flash (Reasoning) .438 .129 .456 .470 .461
deepseek-v4-pro .554 .118 .549 .534 .491
gemini-3.5-flash-lite .345 .136 .393 .425 .474
gpt-5.6-sol .568 .117 .561 .560 .439
gpt-5.6-luna .432 .122 .508 .524 .422
opus-5 .520 .113 .578 .591 .526
sonnet-5 .419 .126 .509 .515 .491
haiku-4.5 .399 .138 .395 .380 .457

Random .183 — ≈ 0 ≈ 0 .401
Uniform votes — .154 — — —

suggests that models do not simply rely on a “winning side + third speaker” rule, but also use information
about individual in-match performance.

Moreover, the best-performing model varies across evaluation metrics, suggesting that top-1 best-debater
identification and full vote-distribution prediction capture distinct capabilities. These metrics should there-
fore be interpreted jointly.

4 Overall Discussion

The three tasks exhibit distinct capability structures. Although match outcomes, stage-level performance,
and individual contributions all fall under debate adjudication, they should not be viewed simply as the
same capability measured at different levels of granularity. Rather, they correspond to different forms of
judgment: overall outcome assessment, local process evaluation, and individual contribution identification.

The results further show that different metrics capture different aspects of adjudication ability. In stage-
score prediction, lower absolute error does not necessarily imply a better ability to distinguish the relative
quality of specific performances. At the same time, directional judgments may also be influenced by struc-
tural priors such as interaction roles. Similar effects appear in best-debater prediction: although speaker
role and predicted match outcome provide informative priors, models’ direct predictions cannot be fully ex-
plained by such structural heuristics. This suggests that models do exploit some information about in-match
performance, although this ability remains limited.

More importantly, model performance is not consistent across tasks and metrics. Absolute calibration,
relative ranking, directional judgment, and top-1 selection therefore represent distinct capability dimensions,
and no single metric is sufficient to characterize debate-adjudication ability.

Overall, current LLMs can capture some content signals relevant to professional adjudication, but they
still struggle to consistently reproduce professional judges’ decisions across overall outcomes, local pro-
cesses, and individual contributions. Our dataset and benchmark provide a fine-grained testbed for further
studying the understanding and evaluation of interactive argumentation and model alignment with profes-
sional human judgment.
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AI Use Statement

Generative AI tools were used in the research workflow to repair ASR transcripts under specified con-
straints, process data, and summarize judges’ rationales for their decisions as supplementary annotations.
As described in the manuscript, all outputs from these data-processing steps were subject to human review.
Generative AI tools were also used to assist with language polishing of the manuscript. The authors re-
main responsible for reviewing all AI-assisted text and for the final submitted content, including all claims,
numerical results, citations, and materials.

A Supplementary Dataset Details

A.1 Comparison of Debate Formats

Competitive debating traditions vary considerably across different regions.

Figure 2: A typical format of Chinese-language competitive debate.

A prominent format in Commonwealth debating circuits is British Parliamentary (BP) debate, which has
also become highly influential in international university debating. BP is loosely modeled on parliamentary
debate. Four teams of two participate in each round: the Opening Government, represented by the Prime
Minister and Deputy Prime Minister; the Opening Opposition, represented by the Leader of the Opposition
and Deputy Leader of the Opposition; the Closing Government, represented by the Member of Government
and Government Whip; and the Closing Opposition, represented by the Member of Opposition and Oppo-
sition Whip. Each speaker delivers a continuous speech of approximately seven minutes. The principal
mechanism for direct interaction is the Point of Information (POI), through which an opposing debater may
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briefly intervene during a speech, although the speaker may accept or decline the request. BP also typi-
cally provides only around 15 minutes of preparation time after the motion is announced. Consequently,
the format places considerable emphasis on rapidly constructing arguments, organizing a coherent case, and
responding to opponents within an extended speech Eckstein & Bartanen (2015).

By contrast, American Policy Debate is a highly research-intensive format. A single policy resolution
is typically debated throughout an entire academic year, allowing debaters to conduct sustained research
on a particular policy area, collect and evaluate large bodies of evidence, and construct sophisticated ar-
gumentative systems involving policy plans, disadvantages, counterplans, and other forms of argument. A
debate consists of multiple constructive and rebuttal speeches as well as cross-examination periods. Success
therefore depends not only on real-time argumentation but also heavily on extensive pre-round research and
systematic evidence preparation Schueler & Larned (2025).

Chinese-language competitive debate, in comparison, is often characterized by greater role specializa-
tion and more frequent direct interaction between debaters. Common formats divide a debate into multiple
distinct stages, such as constructive speeches, rebuttals, questioning or cross-examination, one-on-one de-
bate, free debate, and concluding speeches. Questioning and cross-examination are typically asymmetric
interactions in which one debater primarily asks questions and the other responds, whereas one-on-one de-
bate and free debate allow both sides to exchange arguments and rebuttals more continuously. As a result,
compared with BP’s emphasis on extended individual speeches, Chinese-language competitive debate tends
to allocate a larger proportion of the round to direct exchanges between debaters and places greater emphasis
on the coordination between pre-round preparation and real-time interaction Zhong (2002).

A typical format of Chinese-language competitive debate is illustrated in Figure 2.

A.2 Chinese Competitive Debate Format

This section describes the Chinese-language competitive debate format used in our 4v4 competitions. We
distinguish three broad phases, each comprising several individual stages: the constructive phase, the clash
phase, and the concluding phase.

Constructive phase. The constructive phase comprises six stages: the affirmative constructive speech,
negative questioning, the negative constructive speech, affirmative questioning, the negative questioning
summary, and the affirmative questioning summary. Its primary purpose is to establish the argumentative
framework for the subsequent debate and clarify the core disagreements between the two sides.

Constructive speeches are typically prepared before the match. They define key terms in the motion,
propose criteria for adjudication or comparison, and present the main arguments supporting the speaker’s
side. Questioning, by contrast, is an interactive stage with explicitly asymmetric roles: the questioning side
asks successive questions, while the responding side may only answer and cannot ask questions in return.
The questioner may interrupt an answer and proceed to the next question.

Unlike questions intended primarily to obtain information, questions in competitive debate typically
serve an argumentative purpose. For example, a questioner may construct a scenario that satisfies the oppo-
nent’s definition but leads to counterintuitive consequences, thereby exposing potential weaknesses in that
definition, the proposed evaluation criteria, or the underlying argument. The subsequent questioning sum-
maries are uninterrupted speeches in which debaters consolidate the argumentative gains from questioning
and explain why their own definitions, criteria, or comparative frameworks are more appropriate. These
summaries thus turn local question–answer exchanges into arguments that judges can assess comparatively.

Clash phase. Once both sides have established their positions and argumentative frameworks, the debate
moves into a more focused clash phase. This phase comprises five stages: a head-to-head exchange, affir-
mative cross-examination, negative cross-examination, the affirmative cross-examination summary, and the
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negative cross-examination summary. Its central purpose is to develop attacks, defenses, and comparisons
around the main points of contention.

The head-to-head exchange involves one debater from each side. They alternate speaking turns, and
neither may interrupt the other. Unlike the fixed questioner–respondent relationship in questioning, both
participants have symmetric speaking rights: each may challenge the opponent’s arguments, respond to
attacks, and develop rebuttals.

Cross-examination returns to an asymmetric question–answer structure. A debater from one side di-
rects successive questions to one or more opposing debaters, who may answer but cannot ask questions
in return. The cross-examiner may interrupt answers to control the pace of the exchange. The subsequent
cross-examination summaries reorganize these interactive exchanges into uninterrupted speeches. They typ-
ically consolidate argumentative gains, identify unresolved problems in the opponent’s position, and further
develop rebuttals on the central points of contention.

Concluding phase. The concluding phase consists of free debate and the two sides’ closing speeches.
During free debate, the sides alternate speaking turns and have separate time budgets. All debaters may
participate, and the opposing side may not interrupt the current speaker. Unlike questioning and cross-
examination, free debate does not assign fixed questioner and respondent roles. Both sides can therefore
select points of contention in light of the preceding debate and rapidly develop attacks, responses, and
comparisons across arguments.

The closing speeches provide each side with its final opportunity to deliver an uninterrupted statement.
Rather than merely introducing additional isolated arguments, debaters typically revisit the main disagree-
ments, synthesize earlier arguments and exchanges, and explain why their side has gained an advantage on
the key issues and in the overall comparison. Closing speeches thus both summarize the side’s case and
offer judges a final comparative framework for adjudication.

A.3 two v two format

The 2v2 format follows the same general adjudication framework as the 4v4 format. Each side consists of
two debaters, referred to as the first and second speakers. Three judges independently evaluate the debate
using the same stage-level rubric as in the 4v4 format and cast their final votes after the match.

A 2v2 debate contains 12 fixed scored stages, covering constructive speeches, questioning, questioning
summaries, head-to-head debate, free debate, and closing speeches. The scoring criteria and judge proce-
dures for these stages are identical to those used in the 4v4 format.

In addition, the 2v2 format includes a format-specific mechanism called a surprise challenge. Each side
may use this mechanism at most once per match and may choose both whether and when to invoke it. A
side may announce a surprise challenge to the chair immediately after any fixed stage. The challenge may
take the form of either an additional questioning stage or an additional speech stage.

A.4 Scoring Rubric

Before organizing the competitions, we consulted a number of well-known debate experts and developed
a unified stage-level evaluation rubric. Judges assessed each debate stage along three dimensions: task
performance, battlefield judgment, and degree of advancement. The complete rubric is shown in Table 5.

A.5 Evaluation Protocol

Zero-shot evaluation. We evaluate the three tasks using independent model calls. Tasks 1 and 3 use the
same match-level input but do not share conversational context or model outputs. For these two tasks, the
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Table 5: Stage-level evaluation rubric used by professional judges.
Task Performance Battlefield Judgment Degree of Advancement Suggested Score

Perfectly completed Correct and important battlefield Decisive advancement 10
Perfectly completed Correct and important battlefield Major advancement 9
Well completed Correct and important battlefield Substantial advancement 8
Well completed Correct and important battlefield Effective advancement 7
Well completed Correct and important battlefield An attempt to advance 6
Well completed Correct but secondary battlefield Effective advancement 6
Approximately com-
pleted

Correct but secondary battlefield An attempt to advance 5

Approximately com-
pleted

Correct but largely irrelevant bat-
tlefield

An attempt to advance 4

Not completed Incorrect battlefield An attempt to advance 3
Not completed Incorrect battlefield No advancement 2
Not completed Incorrect battlefield Counterproductive effect 1

input includes the debate format, motion, and complete match transcript. For Task 2, the input includes the
target stage and the entire preceding transcript, with the evaluated side and its role explicitly identified. The
stage-scoring prompt provides the same rubric used by human judges. Each task requires a single JSON-
formatted output: Task 1 returns p ∈ [0, 1] in increments of 0.01, with p ̸= 0.5; Task 2 returns an integer
score from 1 to 10; and Task 3 returns nonnegative integer vote counts summing to 9.

Decoding uses temperature = 0, with up to three attempts per instance under identical decoding settings.
If a valid prediction cannot be extracted from the first output, the model is queried again using the same
prompt and decoding configuration, for a maximum of three attempts in total. All raw model outputs from
all attempts are retained. Output parsing proceeds through standard JSON parsing, format normalization,
and field-level regular-expression extraction. An instance is considered successfully parsed if the required
prediction can be extracted from any of the three attempts. If all three attempts fail, the instance is treated
as a parsing failure and excluded from the corresponding metric calculation. For each model and task, we
report the parsing success rate, the number of successfully parsed instances, and the effective sample size
used for each metric. Because parsing failures may still differ across models, comparisons between models
should additionally report results on the common subset of eligible instances for which all compared models
produce valid predictions. For metrics requiring paired predictions, a pair is included only when all required
predictions are available. When agent-based evaluation is used, contexts, files, and execution records must
be isolated across samples.

Task 1 reports winner-prediction accuracy, with always-affirmative and random predictors as baselines.
An extracted prediction of p = 0.5 is counted as incorrect rather than treated as a parsing failure. Task 2
reports MSE, Pearson r, Spearman ρ, and stage-tendency agreement both across all eligible stage pairs and
on pairs with non-tied human tendencies. Its baselines are a random score predictor and a structure-aware
random predictor. Task 3 reports best-debater accuracy, normalized vote-share MAE, and vote-share Pearson
and Spearman correlations. Its reference predictors include random selection, uniform vote allocation, and
a heuristic that selects the third speaker on the model-predicted winning side.

The match-level dataset contains 148 matches, comprising 116 4v4 matches and 32 2v2 matches. Be-
cause 2v2 debates have no third speaker, the predicted-winner third-speaker heuristic is evaluated only on
the 116-match 4v4 subset. Within this subset, matches without a successfully parsed winner prediction are
excluded from the heuristic’s accuracy calculation. Direct best-debater prediction is evaluated across both
formats, subject to the parsing exclusions described above. Consequently, the heuristic’s accuracy and the
full-set best-debater accuracy use different evaluation samples and should not be interpreted as a controlled
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comparison on identical matches.
Label reliability is assessed separately through pairwise agreement on winner votes, ICC(1,3) for mean

stage scores and paired-stage score differences, and descriptive agreement statistics for score bands and best-
debater ballots. Individual human judges under self-included and leave-one-out evaluation, together with the
Task 3 oracle that selects the third speaker on the ground-truth winning side, are reported as non-comparable
references in Appendix B.1. The oracle also uses only the 116-match 4v4 subset. These references are
excluded from the standard model ranking because their targets, evaluation samples, or available information
differ from those used in model evaluation.

Recommended fine-tuning protocol. The experiments reported in this paper are zero-shot. For future
fine-tuning studies, we recommend using complete matches as the smallest indivisible split unit. All stages,
exchanges, judge annotations, supplementary materials, and original and appeal adjudications associated
with the same match should remain in the same fold. In particular, stages from one match must not be
distributed across folds, because their inputs contain overlapping transcript context.

We recommend three-fold cross-validation grouped by debate motion, with all matches sharing the
same motion assigned to the same fold. The folds should balance debate formats and competitions as far as
possible, and team overlap across folds should be checked and documented. Any data-dependent baseline
or calibration procedure should be fitted using only the training portion of each fold.

Tasks may be fine-tuned independently or jointly through multi-task learning. Gold scores and votes
should be used as supervised targets rather than included in model inputs. If the supplementary generated
reasoning accounts are used as intermediate reasoning targets, explicit gold numerical labels should be
removed from the reasoning portion and retained only in the designated answer fields. For Task 2, predicting
the affirmative-minus-negative score difference may also be explored for paired stages.

Fine-tuned models should use the same task definitions, output-parsing procedure, and parsing-failure
exclusion policy as the zero-shot evaluation. Future evaluations should report strict JSON-parsing success,
successful extraction after normalization or recovery, and the effective sample count for each metric. Com-
parisons between methods should additionally be conducted on a common set of eligible instances with
available predictions to distinguish performance differences from differences in sample coverage.

B Supplementary experiment

B.1 Non-comparable references.

In addition to the standard model evaluation reported in the main text, we report several non-comparable
references, including individual human judges and, for Task 3, a structural oracle that uses the ground-
truth winning side. These results are useful for understanding label reproducibility, the approximate gap
between models and human judges, and the extent to which structural priors can explain performance, but
they should not be interpreted as strictly comparable benchmark results. At least one of the target labels,
evaluation samples, input conditions, or available information differs from the standard model evaluation.
We therefore append these results to the original tables for the three tasks and mark them with ∗, without
including them in the standard model ranking.

Human, self-included.This setting compares the judgment of an individual judge with the aggregate
label formed by all three judges. In the standard model evaluation, the targets are constructed by aggregating
the judgments of three judges, whereas in this reference the evaluated judge also contributes directly to the
target. For winner prediction, the judge’s vote contributes to the majority outcome; for stage scoring, the
judge’s score constitutes one third of the three-judge mean; and for best-debater prediction, the judge’s
three votes are included in the aggregate nine-vote distribution. This creates direct target self-inclusion and
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systematically increases agreement between the individual judge and the aggregate label. The resulting
numbers therefore overestimate the performance that an independent human predictor would achieve under
the standard evaluation setting.

Human, leave-one-out.This setting removes the target judge’s own judgment and constructs the refer-
ence label using only the other two judges. It therefore eliminates direct self-inclusion, but changes both the
evaluation target and, in some cases, the evaluation sample. First, models are evaluated against a three-judge
aggregate, whereas the leave-one-out human reference is evaluated against a two-judge aggregate. Because
aggregation over more judges generally produces a more stable target, the two-judge reference is noisier
than the official three-judge target and therefore tends to underestimate the agreement that an individual
judge could achieve with the official aggregate. Second, for winner prediction, when the other two judges
split 1:1, no binary leave-one-out label can be formed and the corresponding judge-level instances must be
excluded, changing the evaluation set. For best-debater prediction, removing one judge’s three votes also
changes the vote distribution and the frequency of top-vote ties. Thus, although leave-one-out removes the
direct self-correlation present in the self-included setting, it is still not a strictly comparable human baseline.

Oracle reference (Task 3).The Winning-side third speaker reference directly uses the ground-truth
winning side and always selects the third speaker on that side as the best debater. Because it accesses the
ground-truth winner, which is unavailable to models under standard evaluation, and because the heuristic
is only defined for 4v4 debates, it both uses additional label information and is evaluated on only a subset
of the standard test set. It should therefore be interpreted as a structural oracle that measures how much of
best-debater prediction can be explained by the combination of the true winner and the third-speaker role,
rather than as a directly comparable baseline.

The self-included and leave-one-out human references provide, respectively, an optimistic and a conser-
vative estimate of human agreement with the benchmark labels. They should not be interpreted as formal
statistical upper and lower bounds, but the range between them is still informative for assessing the approx-
imate scale of the human–model gap. For Task 1, the best model reaches an accuracy of .662, compared
with .788 for the leave-one-out human reference and .851 for the self-included reference; even under the
more conservative leave-one-out setting, the gap remains 12.6 percentage points. For Task 2, the best model
achieves Pearson r = .250 and Spearman ρ = .253, whereas the leave-one-out human reference reaches
r = .337 and ρ = .296, and the self-included reference reaches r = .716 and ρ = .682. Thus, even when
evaluated against the noisier two-judge target, models remain noticeably below the level of agreement ob-
served among professional judges in relative stage-quality assessment. In contrast, the gap is much smaller
for Task 3: the best model achieves a best-debater accuracy of .568, compared with .576 for the leave-one-
out human reference, .569 for the Winning-side third speaker oracle, and .698 for the self-included human
reference. These references do not support a precise quantitative estimate of the human–model gap, but
they do reveal a consistent qualitative pattern: substantial gaps remain in Tasks 1 and 2, whereas top-1
best-debater prediction in Task 3 is already close to the more conservative human reference and the simple
structural oracle.
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Table 6: Winner-tendency prediction results.
Predictor Accuracy

deepseek-v4-flash .588
deepseek-v4-flash(Reasoning) .601
deepseek-v4-pro .615
gemini-3.5-flash-lite .595
gpt-5.6-sol .601
gpt-5.6-luna .561
opus-5 .662
sonnet-5 .595
haiku-4.5 .588

Always affirmative .507
Random .500
Constant (p = 0.5) —

Human (self-included)∗ .851
Human (leave-one-out)∗ .788

Table 7: Stage-score prediction results.
Predictor MSE Pearson r Spearman ρ Agreement Non-tie Agreement

deepseek-v4-flash 2.72 .250 .253 .402 .638
deepseek-v4-flash (Reasoning) 2.54 .241 .241 .403 .602
deepseek-v4-pro 2.13 .231 .240 .434 .596
gemini-3.5-flash-lite 1.91 .184 .181 .391 .529
gpt-5.6-luna 2.52 .232 .237 .360 .579
Random baseline 9.69 ≈ 0 ≈ 0 .239 .451
Structure-aware random baseline 6.64 .031 .050 .291 .634

Human (self-included)∗ .759 .716 .682 — —
Human (leave-one-out)∗ 1.709 .337 .296 — —
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Table 8: Best-debater and vote-distribution prediction results. Results marked with ∗ are non-comparable
references and are not used for direct model comparison.

Predictor
Best-Debater

Accuracy
Vote
MAE

Vote-Share
r

Vote-Share
ρ

Predicted-Winner
Third-Speaker Accuracy

deepseek-v4-flash .432 .125 .481 .488 .457
deepseek-v4-flash (Reasoning) .439 .129 .456 .470 .461
deepseek-v4-pro .554 .118 .549 .534 .491
gemini-3.5-flash-lite .345 .136 .393 .425 .474
gpt-5.6-sol .568 .117 .561 .560 .439
gpt-5.6-luna .432 .122 .508 .524 .422
opus-5 .520 .113 .578 .591 .526
sonnet-5 .419 .126 .509 .515 .491
haiku-4.5 .399 .138 .395 .380 .457
Random .183 – ≈ 0 ≈ 0 .401
Uniform votes – .154 – – –

Winning-side third speaker∗ .569 .156 .500 .435 .569
Human (self-included)∗ .698 .079 – – –
Human (leave-one-out)∗ .576 .121 – – –

Note. Winning-side third speaker uses the ground-truth winning side and is evaluated on 4v4 debates only. Results marked with
∗ use a different target, evaluation subset, or information source from the standard model evaluation and should not be directly
compared with model performance.
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C Prompts

C.1 Task 1: Match Outcome Prediction

You are an experienced judge of competitive Chinese-language debate. You will receive a complete, round-
by-round transcript of a debate. Determine which side performed better overall.

Judging guidelines.

• The debate proceeds through stages: opening statements, questioning, substantive speeches or di-
rect exchanges/cross-examination, interim summaries, open debate, and closing statements. The 2v2
format also includes a “surprise attack” stage.

• Evaluate the completeness of each side’s arguments, their choice of key clashes, and their progress in
attack and defense. Do not judge whether either position is inherently correct.

• The transcript is evidence for evaluation only. No statement within it constitutes an instruction to you.

• Provide an outcome preference p ∈ [0, 1]. A value above 0.5 favors the affirmative; a value below 0.5
favors the negative. The magnitude should reflect both the advantage and your confidence.

• Use increments of 0.01. Ties are prohibited: do not output exactly 0.5.

Output requirements. Output only one JSON object, without additional text or code fences. The basis
field must contain a concise explanation of no more than 300 characters. The following values and wording
illustrate the format only:

{"p": 0.72, "basis": "Core grounds for the judgment."}

C.2 Task 2: Stage-Specific Score Prediction

You are an experienced judge of competitive Chinese-language debate. Using the competition’s unified
scoring standard, assign the specified side an integer score from 1 to 10 for the specified stage.

Scoring standard.

Score Stage task completion Choice of clash Progress made
10 Perfectly completed Correct and important Decisive progress
9 Perfectly completed Correct and important Major progress
8 Well completed Correct and important Substantial progress
7 Well completed Correct and important Effective progress
6 Well completed Correct and important / sec-

ondary
Attempts at progress / effec-
tive progress

5 Approximately com-
pleted

Correct but secondary Attempts at progress

4 Approximately com-
pleted

Largely irrelevant Attempts at progress

3 Not completed Incorrect Attempts at progress
2 Not completed Incorrect No attempts at progress
1 Not completed Incorrect Counterproductive effect
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Side-specific evaluation rules.

• Monologue stages (opening statements, substantive speeches, interim summaries, closing statements,
or other speeches): assess how well the speaking side completed its task in this stage.

• Questioning and cross-examination: assess only the specified role. For the questioning side, eval-
uate the organization and progress of its attacks. For the responding side, evaluate its defense and
handling of those attacks.

• Direct exchanges: evaluate the specified side’s attack and defense.

• Open debate—special rule: evaluate the specified side’s performance relative to its opponent. The
larger the gap, the closer the stronger side’s score should be to 10 and the lower the weaker side’s
score should be.

• The score must reflect performance within this stage only. Earlier stages provide argumentative con-
text but must not contribute to the score.

Output requirements. Output only one JSON object, without additional text or code fences. Use p for
the integer score. The basis field must contain a concise explanation of no more than 300 characters. The
following values and wording illustrate the format only:

{"p": 7, "basis": "Core grounds for the stage score."}

C.3 Task 3: Best Debater Vote Allocation

You are an experienced judge of competitive Chinese-language debate. After reading the complete debate,
allocate the votes for best debater.

Rules.

• Allocate exactly 9 votes in total, representing the combined votes of three judges with three votes
each.

• Each debater must receive a nonnegative integer number of votes. The total must equal exactly 9.

• You may give all votes to one debater or distribute them among multiple debaters.

• Identify debaters exclusively by their speaking positions: {ROLES}.

• Evaluate each debater’s actual contribution to this match: argument quality, performance in key ex-
changes, and influence on the course of the debate.

• Best debater votes need not follow the match result. Debaters on the losing side may also receive
votes.
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Output requirements. Output only one JSON object. Keys must be speaking-position labels and values
must be vote counts. Positions receiving no votes may be omitted. The following allocation illustrates the
format only; the total must equal 9:

{
"Affirmative Speaker 3": 4,
"Negative Speaker 2": 3,
"Affirmative Speaker 1": 2

}

Allocate the 9 votes now. Output JSON only.

C.4 Task 4: Transcript Correction

You are a text repair editor for debate transcripts. The input consists of numbered utterance lines from one
stage, produced by Tencent Meeting automatic speech recognition (ASR). It contains recognition errors and
incorrect line breaks.

Tasks.

• Correction: correct only ASR recognition errors, including homophonic or near-homophonic substi-
tutions, omitted characters, spurious characters, and obvious punctuation errors.

• Resegmentation: merge consecutive fragments from the same speaker into complete sentence units.
A line containing multiple complete sentences may be split into multiple units.

• No rewriting: do not rephrase, add or remove content, supply words you merely assume are missing,
or delete discourse particles. Preserve the conversational style. Leave uncertain characters unchanged.

Output format.

{
"units": [

{
"src": [1, 2],
"text": "Corrected text."

}
]

}

Mandatory constraints.

• Every input line number, except those marked as context, must appear in the src field of exactly one
unit.

• Each unit’s src must contain consecutive line numbers belonging to the same speaker, as identified
by the parenthesized spk label at the start of each line.

• Preserve the original order of units.

• Lines marked [Context] are provided only to aid understanding and must never appear in the
output.
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C.5 Task 5: Judge’s Verdict Compression

Compress an exceptionally long judge’s oral verdict into one paragraph of no more than 300 Chinese char-
acters. Write in the judge’s own voice, as a brief post-match explanation of why the judge voted for the
winning side and what decided the match.

Requirements.

• Base the content on the judge’s verdict. Use the debate transcript only to clarify references.

• Write one continuous paragraph in the judge’s first-person voice.

• Strictly observe the limit of 300 Chinese characters.

• Use the Write tool to write the result to:

${BASE}\outputs\\${mid}.json

The file must contain a single JSON object with the following fields:

{
"match_id": "${mid}",
"n_judges_verdict": 2,
"summary": "<compressed verdict>"

}

Set n judges verdict to the actual number of judges whose verdicts are provided: either 2 or 3.
The value above is illustrative.

Final response. Reply with exactly one line:

OK ${mid.slice(0, 12)}

C.6 Task 6: Chain-of-Thought Generation

Read the following file:

${F}\rewrite_inputs\\${mid}.txt

Rewrite its [Judge’s Verdict] section into a “chain of thought,” strictly following the template
and rules below.

Fixed structure. Fill in the bracketed placeholders for this match. Where verbatim wording is required,
reproduce all other wording exactly as given.

1. Paragraph 1—copy verbatim, filling in only the motion and the two positions:

Okay, I now need to analyze the outcome of this debate and provide an outcome preference. The
closer it is to 0, the more I favor the negative; the closer it is to 1, the more I favor the affirmative.
The motion is: [motion]. The affirmative supports [affirmative position], and the negative supports
[negative position].
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2. Paragraph 2—copy verbatim:

First, I need to examine how both sides define the core concepts, then consider who substantiated their
case in each clash, and only then determine the direction and degree of my preference.

3. Paragraph 3—definitions:

If the verdict discusses a definitional dispute, explain whose definition was more precise and who
failed to dismantle the opponent’s definition.

If the verdict does not discuss a definitional dispute, state truthfully: “There was little disagreement
over definitions; this was not a central clash in the match.” Never invent a definitional dispute.

4. Paragraph 4—arguments:

Begin with: “Then, consider the arguments.”

Explain the affirmative’s argumentative route and the negative’s argumentative route, and identify
whether they directly conflict or proceed in parallel.

5. Paragraph 5—clash declaration; use this exact sentence pattern:

Then come the clashes. I have identified what may be [N] clashes: the first is [clash name], and the
second is [clash name].

If there are three, append: “, and the third is [clash name]” before the final period.

6. Paragraph 6 onward—individual clashes:

Address each clash separately. Explain what is being contested, where the sides disagree, who sub-
stantiated their case, and who failed to answer.

If the verdict explicitly treats a clash as tied or says the judge cannot decide, state faithfully: “I judge
this clash to be tied” or “I cannot determine the outcome of this clash.” Do not force a winner.

You may use first-person judgments such as “I need to assess this” or “They failed to answer this
clash.”

7. Penultimate paragraph—overall assessment:

Begin with: “Taking everything together, let me take stock.”

Review how many points each side successfully established. Incorporate the meaning of the sentence
under [Calibration Guideline] here, using your own words rather than copying it verbatim.

8. Final paragraph—use this exact closing pattern, filling in the placeholders:

Finally, [one or two sentences summarizing the direction and degree of the preference]. Let me think:
I need to provide an outcome preference. The closer it is to 0, the more I favor the negative; the closer
it is to 1, the more I favor the affirmative. Therefore, I will assign p a value of [p value].

Mandatory constraints.

• All content must come from [Judge’s Verdict]. Do not introduce arguments, examples, data,
or names absent from the verdict.

• State the overall conclusion only in the final paragraph. Earlier paragraphs must not contain premature
conclusions such as “I vote for X.”
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• Use plain prose paragraphs separated by one blank line. Do not use headings, numbered lists, or
Markdown formatting in the generated text.

• Target 700–900 characters. If the source verdict is sparse, prefer a substantive 500-character response
to padded text.

• Use the p value supplied in the input file, formatted to two decimal places.

File output. Use the Write tool to write a single JSON object to:

${F}\rewrite_outputs\\${mid}.json

Use the following structure, placing basis before p:

{
"match_id": "${mid}",
"think": "<complete chain-of-thought text>",
"basis": "<concise grounds for the judgment>",
"p": 0.72

}

The basis field must contain 80–100 characters and must not begin with “I vote for.” Replace the
illustrative numeric value with the supplied p value.

Final response. Reply with exactly one line:

OK ${mid.slice(0, 10)}
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