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Abstract. We present DebateRu, annotated dataset of Russian-language
student debates designed for argument mining in culturally specific con-
texts. Comprising 10 hours of spontaneous televised debates (429 argu-
ments across 10 topics), the corpus captures authentic rhetorical strate-
gies and socio-political discourse patterns unique to Russian youth cul-
ture. Unlike scripted debate datasets, DebateRu preserves the emotional
intensity and contextual nuances of real-world argumentation, addressing
a critical gap in non-English resources. We evaluate the dataset through
two tasks: stance detection and argument generation, testing several
state-of-the-art Russian-adapted large language models. DebateRu pro-
vides a benchmark for developing context-aware argumentation systems
and studying cross-cultural discourse patterns. We release the dataset to
support research in multilingual NLP, rhetorical education, and compu-
tational social science. Collected dataset is publicly available on github.3

Keywords: Argument Mining · Stance Detection · Argument Genera-
tion · Large Language Models

1 Introduction

Argument mining remains critical for developing language models (LLMs) ca-
pable of nuanced reasoning in culturally specific contexts. Although existing
datasets like DebateSum[2] focus on structured debate evidence, they often over-
look the dynamic, emotionally charged nature of real-world discourse, particu-
larly in non-English settings. This limits their utility for training models to
analyze organic and culturally situated arguments.

To address this gap, we introduce DebateRu, a meticulously annotated dataset
of Russian-language student debates from a popular television show. Although
it is relatively small in scale, covering 10 debate topics and spanning 10 hours
of dialogue, DebateRu provides distinctive advantages.

First, it captures cultural specificity by reflecting Russian socio-political con-
texts, thereby addressing a critical lack of non-English argument mining re-
sources. Second, it features organic discourse, with unscripted and emotionally
charged exchanges that serve as a realistic benchmark for modeling human-like
3 https://github.com/rodion-s/DebateRu
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argumentation. Third, it includes high-quality markup, with annotated argu-
ment structures allowing for fine-grained evaluation.

We evaluate DebateRu’s potential through two tasks. First, stance detec-
tion with Russian-adapted LLMs: RuadaptQwen2.5-32B-Pro-Beta4, tlite5, clas-
sic state-of-the-art models qwen2.5-72b6, llama3-70b7 and fine-tuned BERT8 as
a baseline. Second, argument generation with the same models and GPT-4 as a
judge. To complement automated judging, we additionally conducted a small-
scale human evaluation, where a single assessor compared model outputs against
reference debate arguments across the same qualitative dimensions, providing an
independent check of the automatic scores.

2 Related Works

Several existing datasets address argument mining and debate analysis. Current
argument mining datasets primarily focus on structured, evidence-based debates,
often neglecting spontaneous and culturally specific discourse. Key resources
include:

1. IBM Debater[3]: A well-known argument mining dataset featuring struc-
tured claims and evidence, but limited to formalized, English-centric debates.

2. ArgAnalysis35K[4]: A dataset of 35,000 single argument pairs from par-
liamentary debates, useful for claim detection but lacking multi-turn inter-
actions.

3. IAM (Integrated Argument Mining)[5]: A richly annotated dataset for
holistic argument analysis, but small in scale (1,000 articles).

4. DebateSum[2]: A large corpus of pre-season debate evidence (240,566 ex-
amples), capturing structured arguments but omitting live, unscripted dis-
course.

5. OpenDebateEvidence[6]: One of the largest English debate datasets (3.5M
documents), yet still focused on U.S. high school policy debates, with no
Russian-language representation.

While these resources have advanced argument mining substantially, they are
predominantly English-language and drawn from highly formalized settings,
leaving limited coverage of spontaneous, culturally specific debate practices.

4 https://huggingface.co/RefalMachine/RuadaptQwen2.5-32B-Pro-Beta
5 https://huggingface.co/AnatoliiPotapov/T-lite-instruct-0.1
6 https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
7 https://huggingface.co/meta-llama/Meta-Llama-3-70B
8 https://huggingface.co/google-bert/bert-base-multilingual-cased
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Russian-language resource gap. As highlighted by Kotelnikov et al.[7, 8], the
scarcity of Russian argument-annotated corpora has long constrained progress
on Slavic-language argument mining. Although repositories such as AIFdb[9]
host over 150 annotated corpora, until recently none targeted Russian-language
materials at scale. Attempts to address this gap typically rely on either manual
annotation of native texts—an intensive process requiring approximately 270
hours per corpus[10]—or professional translation of existing English datasets at
substantial costs (around $3,000 per 7,000 sentences). Machine translation (e.g.,
Google Translate9, Yandex.Translate10, Promt11) is a potential shortcut but still
requires rigorous human validation to ensure label and discourse fidelity. This
underscores the need for native Russian-language resources that directly capture
authentic argumentative discourse.

RuArg. An important step in this direction is RuArg [11], introduced in the first
Russian shared task on argument mining at the Dialogue conference. RuArg con-
tains 9,550 sentences from social media posts on COVID-19 (vaccination, quar-
antine, masks), annotated for stance detection and argument (premise) classifi-
cation; top systems achieved macro F1 of 0.6968 (stance) and 0.7404 (argument
classification). RuArg represents a valuable starting point for Russian-language
argument mining, though its scope remains limited to short, sentence-level so-
cial media comments within a single topical domain. Broader, multi-turn, and
speech-based corpora remain largely unexplored, leaving open opportunities for
expanding coverage across genres, modalities, and domains.

3 Russian Student Debates Dataset

3.1 Data Collection

The DebateRu dataset originates from Debattle12, a Russian-language student
debate program designed to cultivate rhetorical and critical thinking skills through
structured discourse. The episodes feature two teams engaging with socially sig-
nificant topics over approximately one hour of real-time debate. The format
consists of two primary phases: an initial round where each team presents one-
minute opening arguments sequentially, followed by a dynamic cross-examination
round where teams exchange three questions each while delivering spontaneous
rebuttals.

We selected Debattle as a data source because it offers full-length and pub-
licly accessible recordings, which ensures reproducibility of research results. Its
debate format promotes both structured stance-bearing arguments and sponta-
neous exchanges, providing a natural setting for argumentation analysis. Fur-
thermore, the topics addressed in the program reflect socially relevant issues for
9 https://translate.google.com/

10 https://translate.yandex.ru/
11 https://www.translate.ru/
12 https://mosmolodezh.ru/projects/debattl/
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the target population, and the audio quality of the recordings is adequate for
reliable automatic speech recognition.

The video content was systematically sourced from the show’s official YouTube
channel13, selected to capture culturally grounded argument styles specific to the
socio-political contexts of Russia. The final corpus comprises ten full-length de-
bates totaling ten hours of dialogue, with topics reflecting contemporary youth
concerns in Russia. This selection criteria prioritizes authentic, unscripted in-
teractions over rehearsed performances, distinguishing DebateRu from scripted
debate datasets.

3.2 Data Preproccessing

Audio processing leveraged OpenAI’s Whisper-large model[12] for its demon-
strated proficiency in multilingual speech recognition and structural preserva-
tion, including accurate punctuation and speaker diarization. Comparative eval-
uation against GigaAM (SberAI)14 revealed Whisper’s superior performance.
Transcripts underwent subsequent refinement using DeepSeek[13] for lexical and
grammatical correction, particularly addressing colloquialisms and domain-specific
terminology prevalent in youth discourse.

3.3 Annotation Protocol

The dataset was annotated by a single annotator with prior experience in text
analysis. The annotation process was relatively straightforward, as the debate
format is highly structured: one team consistently argues in favor of the motion
while the other argues against it. This setting makes stance identification unam-
biguous, since the team affiliation directly determines the stance. The main chal-
lenge consisted in segmenting the transcripts into individual arguments, which
required determining coherent units of reasoning. In practice, this was achieved
by splitting the text into argumentative segments (typically corresponding to
short passages or paragraphs) that each expressed a distinct claim supported by
justification. Given the single-annotator setup, inter-annotator agreement is not
reported in the current version; however, future extensions of the dataset will
involve multiple annotators to enable reliability assessment.

3.4 Dataset Description

The DebateRu dataset comprises 10 debate topics with 429 annotated argu-
ments, featuring an average argument length of 386 characters. Following de-
bate convention, we designate the team supporting the motion as Team A (af-
firmative) and the opposing team as Team B (negative). This labeling persists
regardless of the specific topic being debated. An example of the layout of the
arguments for the first and second rounds is given in the Appendix Fig.1-2.

The dataset covers ten socially significant topics in Russian context:
13 https://www.youtube.com/@debatelleague
14 https://github.com/salute-developers/GigaAM
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Table 1. Dataset Schema

Field Description
Topic Debate motion (e.g., "Weapon legalization")
Team_name_support Team A (affirming the motion)
Team_name_opposite Team B (opposing the motion)
Markup Full annotated transcript with speaker tags
First_round Verbatim transcript of opening arguments
Second_round Complete Q&A round transcript
First_round_support_args Extracted affirmative arguments from Team A
First_round_opposite_args Extracted negative arguments from Team B
Second_round_AtoB_[1-3] Team A’s questions to Team B with full dialogue chains
Second_round_BtoA_[1-3] Team B’s questions to Team A with full dialogue chains

– Weapon legalization
– Capital punishment introduction
– Same-sex marriage legalization
– Childlessness tax
– Mandatory higher education
– Credit systems
– AI: Beneficial or harmful
– Nuclear weapons abolition
– Casino legalization
– Universal basic income

4 Experiments

4.1 Experimental setup

We evaluated our dataset on two key tasks: stance detection (first round) and
argument generation (second round). All experiments were conducted using zero-
shot learning methodology. The computational experiments were performed on
a DGX-2 cluster where all models were deployed.

We evaluated a mix of Russian-adapted and multilingual instruction-tuned
LLMs of different sizes to probe size effects and accessibility. Models were chosen
based on public availability of inference endpoints or weights and their reported
performance on Russian-language tasks, enabling replication.

For the stance detection task, models were instructed to determine whether
each argument supported or opposed the debate topic ("for" or "against"). The
dataset was divided into 80% training and 20% test data. The fine-tuned BERT
baseline (bert-base-multilingual-cased) was trained for binary classification using
the following hyperparameters: a learning rate of 3e-4, 3 training epochs, a batch
size of 16, 500 warmup steps, and a weight decay of 0.01.

In the argument generation task, models were prompted to generate coun-
terarguments based on given cross-examination arguments from the second de-
bate round. The generated arguments were evaluated against human-produced
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responses from real debates using GPT-4 as a judge model (LLM-as-Judge ap-
proach). The evaluation employed five criteria:

1. Position Consistency (1-5): Adherence to the assigned stance
2. Human Persuasiveness (1-5): Emotional impact rather than logical rigor
3. Argument Uniqueness (1-5): Avoidance of template responses
4. Contextual Relevance (1-5): Use of specific references
5. Realism (1-5): Resemblance to authentic debate content

Detailed prompting strategies are provided in the Appendix A-C.

4.2 Experimental results

In the stance detection task, models demonstrated reasonable but not excep-
tional performance – particularly notable given the binary nature of the classi-
fication task.

Table 2. Stance detection performance across evaluated models

Model Precision Recall F1-score
Fine-tuned BERT 0.51 0.89 0.64
RuadaptQwen2.5-32B-Pro-Beta 0.86 0.80 0.80
Qwen2.5-72b 0.92 0.90 0.90
Tlite 0.87 0.84 0.84
Llama3-70b 0.89 0.88 0.89

For the argument generation task, we employed a comparative evaluation
metric measuring the win rate – the proportion of cases where the model-
generated response received a higher average score than the gold-standard refer-
ence response. Our analysis revealed Qwen2.5-72b as the top-performing model,
achieving a 42% win rate against human-generated arguments. While all models
demonstrated strong performance across evaluation criteria (scoring consistently
above 3.7 on our 5-point scale), qualitative analysis identified a key limitation:
the tendency of LLMs to produce generic, contextually-disengaged arguments
rather than position-specific responses tailored to the debate’s nuanced context.

As shown in Table 3, the marginal superiority of generated arguments (win
rates ranging 29.6-42.6%) suggests that while modern LLMs can produce rhetor-
ically competent outputs, they still struggle to match the contextual precision
and tactical relevance of human debaters. This performance gap is particularly
evident in the "Contextual Appropriateness" metric, where all models under-
performed relative to other criteria. More detailed examples of the algorithm’s
results are available on GitHub at the same repository where the dataset is
uploaded15.
15 https://github.com/rodion-s/DebateRu
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Table 3. Argument generation performance across evaluated models
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RuadaptQwen2.5-32B-Pro-Beta 0.35 3.93 4.85 3.76 3.43 3.30 3.76
Qwen2.5-72b 0.42 4.09 4.93 3.91 3.50 3.35 3.93
Tlite 0.30 3.85 4.83 3.63 3.31 3.19 3.76
Llama3-70b 0.37 4.00 4.83 3.83 3.50 3.41 3.89

4.3 Human Evaluation

In addition to LLM-as-a-Judge evaluation, we conducted a small-scale human
assessment of generated arguments. We selected 20 reference arguments from
DebateRu and compared them against 80 model-generated counterparts (20 per
model). A single assessor with background in NLP rated all arguments on the
same five criteria as in the LLM-based evaluation, using a 1–5 scale.

Table 4 reports the average scores and pairwise win rates, computed analo-
gously to the LLM-based evaluation. The results confirm the general trends ob-
served with automated judging: although model outputs occasionally approached
or even exceeded gold references in terms of persuasiveness and surface-level va-
riety, they systematically underperformed in stance consistency and contextual
grounding. These deficits suggest that current LLMs, despite their fluency, strug-
gle to sustain debate-specific constraints such as strict adherence to side and
topical anchoring. Among the evaluated systems, Qwen2.5-72B and Llama3-70B
achieved the strongest overall results, whereas Tlite and RuAdaptQwen2.5-32B-
Pro-Beta lagged behind. This superiority of Qwen2.5-72B is likely attributable
not only to its scale (substantially larger parameter count) but also to the broader
and more domain-adapted training data available to the Qwen family, which to-
gether contribute to its strong performance in argumentation tasks. Nevertheless,
human evaluation still showed a clear and statistically consistent preference for
authentic debate arguments, highlighting the gap between generated text and
the realism of naturally occurring discourse.

5 Conclusion and Future Work

In this paper, we presented DebateRu, a novel Russian-language debate dataset
that captures culturally situated argumentation patterns through authentic stu-
dent discourse. Unlike existing resources focused on English-language contexts or
scripted debates, DebateRu provides: annotated scripts for 10 hours of sponta-
neous, emotionally charged exchanges reflecting Russian socio-cultural dynam-
ics; meticulous annotation of 429 arguments with structural and pragmatic fea-
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Table 4. Human evaluation of generated arguments
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Reference (debates) – 4.96 5.00 4.60 4.70 4.50 5.00
RuAdaptQwen2.5-32B-Pro-Beta 0.33 3.62 3.90 3.20 4.10 1.70 3.20
Qwen2.5-72B 0.45 3.90 4.80 4.10 4.40 2.30 3.90
Tlite 0.28 3.34 3.50 2.90 4.00 1.50 2.80
Llama3-70B 0.36 3.84 4.60 3.80 4.20 1.90 3.70

tures; and a benchmark for evaluating context-aware argument generation in
non-English settings.

The study’s findings should be considered in light of certain methodological
constraints. While the dataset offers substantial qualitative depth through its
carefully curated debates, its relatively limited scale of ten debates imposes re-
strictions on the types of statistical analyses that can be meaningfully performed.
Future expansions incorporating regional debate formats from across Russia’s
diverse cultural landscape would significantly strengthen the dataset’s repre-
sentational breadth and analytical utility. Additionally, our evaluation focused
exclusively on zero-shot learning scenarios, leaving open important questions
about how specialized fine-tuning techniques tailored specifically for argumen-
tative contexts might enhance model performance beyond the current baseline
results. Such adaptation methods could potentially bridge the observed gap in
contextual relevance that persisted across all evaluated models.

We release DebateRu to support: development of culturally-aware argumen-
tation systems, comparative studies of cross-linguistic debate strategies, and
educational applications for rhetoric training. In future work, we plan to ex-
pand the dataset both in the number of topics and in the volume of annotated
arguments, as well as to include multiple annotators to enable inter-annotator
agreement measurement. We also aim to integrate human evaluation more sys-
tematically and to benchmark fine-tuned models alongside zero-shot settings,
providing a clearer picture of how DebateRu can advance argument mining in
Russian.
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Appendices

A: Stance Detection Prompt

Determine whether the following argument represents a position "for"
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or "against" the topic "{topic}".
Respond only with "for" or "against".

Topic: {topic}
Argument: {argument}
Answer:

B: Argument Generation Prompt

Debate Topic: {topic}
Your Position: {stance}
Opponent’s Question: {question}
Formulate a persuasive response while maintaining the {stance} position:

C: LLM-as-Judge Evaluation Prompt

You are a debate analysis expert.
Evaluate this argument against strict criteria:

Topic: {topic}
Question: {question}

Argument:
{generated}

Rate on a 5-point scale:
1. Position consistency (for/against) - strict adherence
2. Human persuasiveness - emotional impact (not logic)
3. Argument uniqueness - non-templated
4. Contextual relevance - specific references
5. Realism - resembles real debates

Output ONLY JSON with:
- scores by criteria
- brief explanation
- final_score (weighted average with weight 3 for #2 and #5)
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Fig. 1. First round markup example
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Fig. 2. Second round markup example
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Review answers

———————– REVIEW 1 ———————
SUBMISSION: 38
TITLE: A Dataset of Russian-Language Debates For Argument Mining
AUTHORS: Rodion Sulzhenko and Boris Dobrov

———– Overall evaluation ———–
SCORE: 0 (borderline paper)
—– TEXT:
The paper addresses the lack of Russian-language datasets for argument min-
ing. The authors collected and annotated student debates, resulting in 429 argu-
ments, and evaluated the dataset on stance detection and argument generation
tasks.

Issues:

– The abstract contains line breaks and an inline GitHub link.
– The claim that "Argument mining remains critical for developing language

models (LLMs) capable of nuanced reasoning in culturally specific contexts"
is questionable. To my knowledge, argument mining datasets are not directly
used to enhance LLMs’ reasoning capabilities.

– The second paragraph of the introduction is duplicated.
– Footnotes begin with number 3.
– The terms “West” and “Western” are not scientific descriptors.
– It is evident that Generative AI was used in preparing the paper. While I

am not opposed to this, such use should be explicitly acknowledged.
– The generated arguments were evaluated using an LLM-as-Judge approach.

Since LLMs are not fully reliable, this method is not a robust evaluation
metric.

– There is no evaluation of the annotation process itself, for example, in terms
of inter-annotator agreement.

– The paper contains only 10 pages, of which 3 are appendices, making it a
short paper.

– The claim that “the absence of Russian argument-annotated corpora severely
limits Argumentation Mining development for Slavic languages... none cur-
rently exist for Russian-language materials” is inaccurate. Paper [7] already
presents a Russian-language dataset. Moreover, the RuArg competition
(https://github.com/dialogue-evaluation/RuArg), in which one of the au-
thors of this paper is listed as an organizer, also features a Russian-language
argument mining dataset.

Overall, I acknowledge that any Russian-language resources for argument
mining are valuable. However, this paper should be considered for acceptance as
a short paper only after the identified issues are addressed.

Answers:

– Abstract formatting. We revised the abstract to remove line breaks and
moved the GitHub link into a footnote for clarity.
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– Claim about LLM reasoning. We softened this statement to emphasize
that argument mining resources can inform research on culturally specific
discourse, but do not directly enhance LLM reasoning capabilities.

– Duplicated paragraph. The repeated paragraph in the introduction has
been removed.

– Terminology (“West/Western”). We replaced informal terms with pre-
cise references to “English-language” or “Anglophone” resources.

– Use of Generative AI. As requested, we explicitly acknowledged in the
Acknowledgements section that generative AI tools were used for English
proofreading and formatting only.

– Evaluation with LLM-as-Judge. We agree that LLM-based judging has
limitations. To mitigate this, we added a complementary human evaluation
on a 20-argument subset, described in a new section.

– Annotation evaluation. The dataset was annotated by a single annotator.
We clarified this process in corresponding section and explained why stance
labeling was relatively straightforward. Future releases will involve multiple
annotators to allow inter-annotator agreement measurement.

– Length of paper. While the main text is concise, we expanded Related
Work, Annotation, and Evaluation sections, bringing the total length closer
to the standard.

– Russian-language corpora. We corrected our earlier claim and now ex-
plicitly discuss RuArg [11] as a key Russian-language dataset, contrasting it
with DebateRu.

———————– REVIEW 2 ———————

SUBMISSION: 38
TITLE: A Dataset of Russian-Language Debates For Argument Mining
AUTHORS: Rodion Sulzhenko and Boris Dobrov

———– Overall evaluation ———–
SCORE: 1 (weak accept)
—– TEXT:
The paper introduces DebateRu, a novel dataset of Russian-language student
debates, annotated for argument mining tasks. The dataset addresses a research
gap in non-Western, culturally specific resources for argumentation analysis. The
authors evaluate the dataset on stance detection and argument generation tasks
using state-of-the-art language models and highlight the challenges LLMs face
in capturing contextual and culturally nuanced argumentation.

The paper is of scientific and practical interest. However, some details need
to be specified. In particular, the work provides a few information regarding the
annotation process.

1. The related work section does not mention the RuArg dataset. It covers
another domain, however, RuArg is a notable source for the argument mining
task in Russian.
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2. The selection of data source (Debattle) is not explained.
3. The annotation process is described very briefly. How was the annotation per-

formed? How many annotators were involved? How was the inter-annotator
agreement calculated? How were the topics selected?

4. The evaluation revealed the superiority of the Qwen model, which was the
largest in the evaluation. Is this superiority related to the model size or any
other characteristics?

5. The authors indicate the small size of the dataset. Please clarify your plans
on dataset expansion.

Answers:

1. RuArg. We added discussion of RuArg in the Related Work section and
compared it with DebateRu.

2. Data source (Debattle). We explained our rationale for choosing Debat-
tle: reproducibility, structured stance-bearing format, topical relevance, and
audio quality.

3. Annotation details. We expanded the description of annotation, including
challenges, single-annotator setup, and future plans for multiple annotators.

4. Qwen model performance. In the Human Evaluation section, we added
that Qwen2.5-72B’s superiority is likely due to model scale but may also
reflect training data adaptation.

5. Dataset expansion. We clarified in the Conclusion that we plan to increase
the dataset size, cover more debate formats, and include multiple annotators.

———————– REVIEW 3 ———————

SUBMISSION: 38
TITLE: A Dataset of Russian-Language Debates For Argument Mining
AUTHORS: Rodion Sulzhenko and Boris Dobrov

———– Overall evaluation ———–
SCORE: 2 (accept)
—– TEXT:
The paper proposes a new open dataset to train and test argument mining
models on Russian texts. The paper is well-written. It describes in detail the
dataset, the procedures of obtaining the data, making scripts, and labeling. The
paper also provides results of several baseline experiments on the new dataset.

The paper has a couple of minor issues to be taken care of:

1. Introduction. The passage "To address this gap, we introduce DebateRu...."
is repeated twice.

2. The scores for the "Argument generation" subtask are obtained with a third-
party LLM-based tool. Therefore, the scores might be biased, showing more
GPT-4 vision of consistency and persuasiveness of the generated than the
real scores. It would be nice to have some human validation, at least for a
test subset.
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Answers:

1. Duplicated introduction passage. Corrected as noted.
2. Argument generation evaluation. In addition to LLM-as-Judge, we now

report results of a small-scale human evaluation, which confirms the main
trends.


