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Abstract

This article describes the participation of the SINAI research group in the Retrieval-Augmented Debating shared
task at CLEF 2025, which includes two subtasks: Subtask 1 focuses on generating multi-turn argumentative
responses using retrieved evidence, while Subtask 2 addresses the automatic evaluation of debate responses based
on quality, quantity, relation, and manner. For both subtasks, we employed the instruction-tuned LLaMA3.1-
8B-Instruct model with a structured, multi-step prompting strategy to guide the model’s reasoning. In Subtask
1, the generation process was divided into five stages, from analyzing the dialogue tone and argumentative
strategy to formulating retrieval queries and generating the final response. This enabled the model to produce
concise, coherent, and well-supported counterarguments, leading to a 4th place ranking overall. For Subtask 2, we
explored three prompting paradigms (Zero-shot, Few-shot, and Analyzer strategies) to assess the model’s ability
to classify responses according to the four evaluation metrics. Experimental results demonstrate the effectiveness
of structured reasoning, particularly with the Analyzer strategy, which achieved competitive performance across
all metrics and led in Manner. Our system illustrates the potential of open-source language models for structured,
retrieval-enhanced argumentative dialogue generation and evaluation, even when competing against proprietary
models.
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1. Introduction

Large Language Models (LLMs) are increasingly integrated into everyday life, but their widespread
use also raises concerns about the reliability of the content they generate—particularly when based on
online sources that may be false or misleading. To address this, it is essential to develop systems that
make their reasoning transparent, enabling users to evaluate the credibility of the underlying evidence.
This is especially important in the context of social media, where hate speech often circulates in the form
of offensive statements lacking valid argumentation. While automatic counter-narrative generation has
been explored in different languages such as English [1] and Spanish [2] among others [3, 4], existing
approaches frequently fall short in argumentative richness. Incorporating structured argumentation
could not only expose flawed reasoning but also contribute to influencing perspectives or informing
bystanders. Additionally, automated systems can engage consistently over time, potentially reducing
the spread of harmful content.

The Retrieval-Augmented Debating shared task was proposed to develop generative retrieval systems
capable of arguing against users, with the goal of supporting opinion formation, confirmation, or
debate training. It includes two subtasks. The first focuses on building a multi-turn debating system
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that responds to random claims by counterattacking or defending previous arguments, using distinct
retrieved arguments and limiting responses to 60 words. The second subtask aims to automatically
evaluate such systems using four metrics: quantity (informativeness), quality (truthfulness), relation
(relevance), and manner (clarity). To support these tasks, the organizers released the ClaimRev dataset
[5], which includes arguments retrieved from the Kialo platform’ and simulated debates based on 100
claims from the ChangeMyView subreddit *[6].

To explore the reasoning capabilities of current large language models, we selected LLaMA3.1-8B-
Instruct [7] for both tasks. In Subtask 1, we propose a system based on a multistep prompt strategy, as
used in 8], to guide the model through a complex task by dividing it into manageable steps. This ensures
that the model has a clear goal at each stage, allowing it to build coherent responses incrementally.
The first step involves analyzing the tone and style of the conversation to determine the appropriate
argumentative approach—either by identifying weak points in the opponent’s response or addressing
their main idea—and selecting the argumentative perspective and type of evidence to retrieve. This
analysis is guided by principles from logic (supporting conclusions with premises), dialectics (interactive
discourse rules) [9], and rhetoric (capturing and persuading the audience) [10, 11, 12], as discussed in
[13]. In the second step, the model generates up to three queries to retrieve arguments, specifying the
target idea and whether it intends to support or refute it. The argument retrieval is then performed
using an ElasticSearch API, which returns six different types of argument. Steps three and four involve
filtering and selecting the most relevant arguments per query and then refining that selection for final
use. Finally, in step five, the model generates the final response, integrating the selected arguments
while adapting tone, style, and perspective; any incompatible arguments may be excluded if they do
not align with the intended rhetorical strategy. For the second subtask, we experiment with different
prompting strategies [14], as the way information is presented to the model plays a crucial role in
shaping its final response. Specifically, for each evaluation metric, we first examine the behavior of the
model in a zero-shot learning (ZSL) setting, where it does not receive examples. This allows us to assess
its prior knowledge of the task. We then test a one-shot setting to determine whether the model can
generalize from a single example. Finally, we explore a few-shot setting in which the model is provided
with 1, 3, or 5 examples per possible label for the given metric. Based on these examples, the model is
instructed to generate a list of reasons that justify the choice of one label over another. In a subsequent
step, this reasoning is incorporated into the prompt, and the model is asked to assign a label to the text
under evaluation.

The rest of this paper is structured as follows: Section 2 provides a detailed overview of the proposed
system developed for the shared task. Section 3 describes the dataset employed and outlines the
methodology adopted to address the task. In Section 4, we present the experimental results obtained
during the development and evaluation phases. Lastly, Section 5 offers concluding remarks and a
discussion of our findings.

2. System overview

This section describes the developed systems designed to address the subtasks of Retrieval-Augmented
Debating [15] at CLEF 2025. Due to the significant differences between the two subtasks, this section
is organized into two subsections. The first addresses response generation and argument retrieval
strategies, whereas the second focuses on evaluating debate systems according to various metrics,
resembling a ranking task. All prompts used to implement each strategy can be found in Appendix A,
specifically in Subsections A.1 and A.2, corresponding to subtask 1 and subtask 2, respectively.

'https://www.kialo.com/
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2.1. Subtask 1: Debate response generator

As explained above, the task is highly complex. It requires retrieving arguments that counter the
claims of our opponent or support the position of the system. Once the relevant arguments have been
identified, the system must generate an appropriate response. To handle this complexity, we divided the
overall process into smaller, more manageable steps. This decomposition not only simplifies the task for
the model, but also helps reduce hallucinations and improves the relevance of the results. The proposed
system consists of the following five steps: (1) Identification of the textual expression and argumentative
strategy to be used in the generated response, (2) Query generation for the construction of search
queries to retrieve relevant arguments from the database, (3) Initial argument retrieval: Selects the most
relevant arguments of each query, (4) Filter all the selected arguments of each query to select the most
suitable arguments for response generation, and (5) Counter-response generation that produces the
final response opposing the input claim, using the selected arguments. A visual representation of these
steps can be found in Figure 1.
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Figure 1: Proposed system for the first subtask of Retrieval-Augmented Debating task.

Once all steps have been defined, we now provide a more detailed explanation of each one:

+ Step 1: Discourse and Argumentative Strategy Analyzer. In this step, the system analyzes
the current debate context to define how it should respond in terms of tone, style, argumentative
strategy, type of argument, and perspective. The tone can be Neutral, Respectful, Assertive/-
Critical, or Inquisitive. The style may be Academic, Colloquial, Socratic, Logical, or Rhetorical.
Argumentative strategies include Comprehensive (respond to all points), Focused (target weaker
points), Principled (challenge underlying assumptions), and Free. The argument types are Logical,
Ethical, Emotional, and Analogical, while perspectives include Economic, Moral/Ethical, Scientific,
Pragmatic, Historical, and Cultural. Once all of these dimensions are defined, the system proceeds
to generate search queries accordingly.

+ Step 2: Query Generator for Argument Retrieval. In this step, the system evaluates the
opponent’s input and, based on the argumentative strategy defined earlier, selects up to three
key ideas to either attack or support. It then formulates one query per idea to search for relevant
arguments in a retrieval database. The goal is to ensure that the selected ideas align with the
desired argumentative strategy and that the queries are focused, relevant, and diverse enough to
enrich the subsequent response generation.



+ Step 2.5: Argument Retrieval via Elasticsearch. In this phase, the system retrieves arguments
using a basic Elasticsearch setup, without additional embeddings due to computational limitations.
For each query, three retrieval strategies are applied. First, the (1) Text Strategy retrieves two
arguments based on textual similarity to the target idea. Then, depending on whether the
model’s objective is to support or attack the idea, different chains of arguments are retrieved.
If the goal is to attack, in the (2) Attack strategy two attack arguments targeting the idea are
retrieved (searching by the attack field in elasticsearch), and finally in the (3) Support strategy two
support arguments for that idea are also collected; for each of those, the system further retrieves
one argument that supports the attack associated with each support argument. Conversely, if
the goal is to support the idea, the (3) Support strategy retrieved two supporting arguments
(using the support field in elasticsearch), along with the (2) Attack strategy that retrieves two
attack arguments directed at the idea;for each attack argument, one supporting argument for its
corresponding attack is retrieved. This layered retrieval process enables the system to construct
a small argument graph that reflects both direct and indirect relations aligned with the model’s
stance.

+ Step 3: Argument Selection per Query. Given the large number of arguments retrieved per
query, and to avoid exceeding token limits in the prompts, the system performs a first filtering step.
From the 6 arguments retrieved for each query, it selects the top three, regardless of the strategy
they came from. This filtering is based on the preferences determined in Step 1 (argument type),
and the model is prompted accordingly to choose the most relevant and contextually appropriate
ones.

« Step 4: Final Argument Selection. In this step, the model selects the three best arguments
overall from among those shortlisted in the previous step. It is free to distribute them as it sees
fit—for instance, choosing one argument per query, all from one query, or even using just two if
deemed stronger.

+ Step 5: Response Generation. Finally as final step and based on the argument selection made
from the step 4 and the tone, style, and argumentative strategy from Step 1, the system generates
a final response of no more than 60 words.

Each decision taken by the model in the process must be accompanied by a brief justification, which
is the only content visible to the LLM at each step that need to use these aspects.

2.2. Subtask 2: Evaluation system

For the second subtask, which is based on developing a system that tries to evaluate response-generation
systems in debates based on four different aspects (quantity, quality, relation, and manner), the organizers
provide data with yes/no answers, making the task similar to binary classification. In addition, each
metric is formulated as a yes/no question to facilitate the evaluation of specific aspects of the response.
For instance, the question associated with the quantity metric is: “Does the response contain at least
one (attack or defense) argument, and at most one of each type of defense and attack?”. For quality,
the question is: “Can the response be deduced from the retrieved arguments?”. The relation metric
asks: “Is the response coherent with the conversation and does it express a contrary stance to the user?’.
’Finally, the manner metric is evaluated using the question: “Is the response clear and precise?”. In our
proposed method, we conduct the experiments shown in Figure 2. We include all of them, even if they
are experimental setups, in one figure as a summary of the system, since depending on the metric being
evaluated, one type of system performed better than another. As a summary and as can be seen in the
figure, our system receives in its prompt a description of the task it has to perform and the question it
must answer with yes or no. Now, depending on the strategy applied, this prompt will include examples
or not. For example, in the first strategy with ZSL, it will not receive any example from the dataset. In
the second strategy, related to FSL, it will receive one example where the answer is yes and another
where the answer is no. Finally, in the third strategy, the approach is a bit different. The model will first
have to analyze why a person answered yes to the metric question or why they answered no. For that,



the model will receive 1, 3, or 5 examples of each type of label. With the analysis done and the reasons
provided for answering yes or no, this reasoning will be included in a ZSL-style prompt to try to guide
the reasoning of the model.

It is important to highlight that the questions the models must answer appear in Section 4. Also,
depending on the metric to be evaluated, each system follows the following strategy: Quantity uses the
analysis strategy where the model receives only one example of each answer type (yes/no); Quality
also uses this third analysis strategy, but when receiving five examples to analyze; the Relation metric
applies a ZSL strategy; and finally, the Manner metric uses the third strategy related to analysis with
just one example per answer type.
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Figure 2: Proposed system for the second subtask of Retrieval-Augmented Debating task.

3. Experimental setup

3.1. Data

To run our experiments, we used the data provided by the organizers. Among the provided datasets, we
find a database of arguments retrieved from the ClaimRev dataset [5]. These arguments consisted of an
id linking them to their corresponding ClaimRev_id, a general topic to which the argument belongs, a
list of labels indicating the categories associated with the topic, an argument that is attacked by the
current one, another argument that is supported by it, the text of the argument, a list of references to
back up the argument, and a field indicating whether the argument (support or attack) was originally
part of the ClaimRev dataset or was automatically generated by the organizers.

In total, 287,156 arguments are provided, covering 1,522 distinct topics, including prominent themes
such as Politics’, ‘Ethics’, ‘Society’, ‘Religion’, and ‘Philosophy’, with 1,210 different associated labels.



Table 1
Frequency of the labels for Subtask 2 of the Retrieval Augmenting Debate shared task dataset for each

metric.
Labels Relation Quality Manner Quantity
yes 355 237 311 426
no 141 262 188 71
don’t know 4 1 1 3

These arguments are publicly accessible through the Elasticsearch APIL It is important to note that
the dataset also includes embeddings computed using the stella_en_400M_v5 model [16]. These
embeddings allow participants to perform argument retrieval based on vector similarity. However, due
to computational limitations, we were unable to leverage these embeddings and thus decided not to use
them in our experiments.

To simulate debates and provide training data, the organizers selected 100 claims from the Change-
MyView subreddit and simulated a series of debates with five interaction turns each. Additionally, for
Subtask 2, annotations are provided for each turn in terms of four metrics: quality, quantity, relation,
and manner [6]. Each annotation consists of a label (‘yes’ or ‘no’) indicating whether the respective
question metric is satisfied (in Section 2.2 these questions are mentioned).

To illustrate the class distribution in this classification task, Table 1 shows the frequency of each label
for each metric in the initial dataset.

For the generation of the prompts that we are going to use to conduct our experiments in Subtask
2, we removed instances with unknown labels. From the remaining dataset, we selected 20 instances,
equally divided between the labels ‘yes’ and ‘no’. The rest of the dataset (476 instances) is used to
evaluate the proposed strategies.

3.2. Experiments and Selected Models

Across both tasks, our goal is to analyze the generalization ability of LLMs, their reasoning behav-
ior under different prompting strategies, and how instruction-tuned language models perform in
argumentation-related tasks without requiring additional fine-tuning. For this reason and due to
computational constraints, we selected the LLaMA3-8B-instruct model [7] for both subtasks.

Regarding the proposed experiments, in this section we present a minimal summary of the experiments
described in the previous section (Section 2):

« Subtask 1. For this subtask, only one experiment is proposed. This experiment is based on
a multistep prompting strategy. We divided the task of generating a response that takes into
account different retrieved arguments into several small steps, such as analyzing tone and style to
respond to the opponent, reasoning about the strategic approach, selecting the type of arguments,
and determining the argument perspective. Furthermore, the model must formulate various
queries to retrieve arguments from Elasticsearch and finally generate a response that incorporates
all aspects evaluated throughout the steps. With this experiment, we aim to analyze the model’s
ability to generate coherent, contextually appropriate, and argumentatively structured responses
with minimal supervision.

+ Subtask 2. The experiments for this task focus on different prompting strategies, as we aim
to evaluate the model’s knowledge and its capacity to reason based on a few examples, using
the model in its base form without requiring task-specific fine-tuning. The following prompting
strategies are proposed:

— Zero-shot Learning (ZSL): The task is explained to the model, and it is presented with
a question to which it must respond with “yes” or “no”, in order to evaluate the dialogue
using the selected metric. The model is then expected to directly answer the question. This



experiment serves as the baseline, where the key factor under evaluation is the model’s
prior knowledge about the task.

— Few-shot Learning (FSL): This strategy is similar to the previous one, except that the
model is provided with two examples: one where the answer to the metric-related question
is “yes”, and another where it is “no”. The objective of this experiment is to analyze whether
the model, after observing the examples, can perform better classifications. In this case we
try with two types of FSL, the first called FSL1 where the positive example appear first and
another called FSL2 where the negative example appear first in the prompt to understand if
the order of the presented examples affect to the classification of the model.

— Analyzer Strategy: This strategy is divided into two stages. In the first stage, the model is
given a set of examples where the answer to the metric-related question is “yes”, and an
equal number of examples where the answer is “no”. The number of examples may vary (1,
3, or 5). After reviewing the examples, the model is asked to explain why someone would
answer “yes” based on the positive examples, and similarly for “no” based on the negative
ones. These explanations must be provided in a generalized form. In the second stage, the
metric-related question is posed again, and the model is asked to answer with “yes” or “no’,
taking into account the reasoning it generated in the previous step. This strategy aims
to analyze whether the reasoning of the model is useful in guiding its final response, and
to determine the optimal number of examples required to support coherent and helpful
reasoning.

4. Results

In this section, we present the results of each subtask. Specifically, it includes the outcomes of our
experiments conducted during the development phase (Subsection 4.1) and the results obtained by the
systems that were ultimately submitted to the TIRA. io platform [17] for the final evaluation (Subsection
4.2).

As previously mentioned, this task is divided into two subtasks: the first focuses on generating
responses to argue against a simulated debate partner, and the second aims to evaluate the systems
developed for Subtask 1. To assess Subtask 1, the organizers proposed a manual evaluation carried out
by human annotators based on the evaluation metrics defined for Subtask 2 (as described in Section 2.2).
For Subtask 2, which is focused on the binary classification of whether a generated response and its
corresponding argument meet predefined criteria, the organizers chose to evaluate the systems using
standard binary classification metrics: macro-precision, macro-recall, and macro-F1 [18].

4.1. Development Phase

During the development phase for Subtask 1, we focused on assessing how the model performed with
the provided prompt through manual review. This was necessary because the task is difficult to evaluate
using a single, exact metric that captures all relevant aspects as a human would. When we observed
that the model consistently failed to generate appropriate responses—across multiple systems—we
interpreted this as an indication that it was not properly understanding the assigned task. In those
cases, we refined the prompt accordingly. This process was carried out iteratively until we obtained a
system capable of generating coherent texts that integrated the retrieved arguments in alignment with
the human annotator’s perspective.

Table 2 reports the results of the developed systems for Subtask 2 across four categories (Relation,
Quality, Manner, and Quantity) with macro-F1 selected as the primary metric due to its balanced
reflection of both precision and recall, especially relevant in imbalanced datasets.

The results highlight the varying effectiveness of different prompting strategies in a base, non-fine-
tuned language model. Some key findings include:



+ Zero-shot Learning Strategy (ZSL, baseline). It achieved the highest F1-score for the Relation
category (F1: 0.515), indicating a relatively strong inherent understanding of this aspect without
prior examples. However, performance on other categories—particularly Quantity (F1: 0.266)—was
considerably weaker. This suggests that while foundational knowledge exists, its application
across different communicative aspects remains inconsistent without additional guidance.

« Few-shot Learning (FSL, with two examples). Two FSL variants were tested: FSL1 (positive
example first) and FSL2 (negative example first). Overall, FSL did not significantly outperform ZSL
or the Analyzer Strategy. For example, in the Relation aspect, FSL1 and FSL2 yielded F1-scores of
0.404 and 0.360, respectively—both trailing behind ZSL. These findings suggest that providing
only a few direct examples may be insufficient for improving classification accuracy in complex
reasoning tasks. Notably, FSL1 consistently outperformed FSL2, underscoring the influence of
example ordering.

+ Analyzer Strategy: This approach produced the most promising results in several categories. For
instance, Analysis5 achieved the highest F1-score for Quality (F1: 0.575), while Analysis1 led in
Manner (F1: 0.497) and Quantity (F1: 0.389). These outcomes suggest that prompting the model to
explicitly reason—especially with a greater number of guiding examples—enhances classification
performance. The comparison across Analysis1, Analysis3, and Analysis5 also indicates that the
optimal number of examples for effective reasoning is task-specific. Interestingly, ZSL maintained
superior performance in the Relation category, implying that additional reasoning may not
always be necessary for certain well-understood communicative principles. This also points to
the importance of example selection; randomly chosen examples may not sufficiently support
high-quality reasoning.

These findings emphasize the critical role of prompt design in leveraging pre-trained language
models for classification tasks. While zero-shot approaches provide a solid baseline for aspects like
Relation, strategies that incorporate structured reasoning, such as the Analyzer Strategy, yield significant
performance gains in more nuanced aspects such as Quality, Manner, and Quantity. In contrast, Few-shot
Learning with limited examples shows limited impact, suggesting that mere exposure is less effective
than guided reasoning for complex evaluative tasks.

Table 2

Performance of each proposed experiment and the evaluated metric. The systems are evaluated based
on macro-precision (P), macro-recall (R), and macro-F1 (F1). The best-performing experiments for each
aspect, according to the macro-F1 score, are highlighted in bold.

Relation Quality Manner Quantity
P R F1 P R F1 P R F1 P R F1

Analysis1  0.461 0.472 0.340 0.574 0.568 0.559 0.501 0.502 0.497 0516 0.540 0.389
Analysis3  0.501 0.506 0.493 0.621 0.588 0.563 0.508 0.510 0.471 0.468 0.440 0.357
Analysis5 0.495 0.499 0.497 0.588 0.581 0.575 0.492 0.493 0.472 0513 0.535 0.342

System

FSL1 0.477 0.478 0.404 0.540 0.520 0.460 0.508 0.506 0.375 0.486 0.476 0.367
FSL2 0.442 0.441 0360 0.537 0.510 0411 0.532 0.514 0.371 0.485 0.481 0.335
ZSL 0.516 0.524 0.515 0.586 0.553 0.511 0.512 0.514 0.486 0.513 0.525 0.266

4.2. Evaluation Phase

Table 3 shows the final evaluation results for the Retrieval-Augmented Debating subtask 1. The baseline
system, provided by the organizers, selects the first counter-argument retrieved via the Elasticsearch
APL Looking at the results, our system (SINAI) achieved a score of 0.86 in the “Relation” metric, ranking
among the top three systems, slightly behind DSGT with Claude-Sonnet-4 (0.94) and Claude-Opus-4
(0.87), indicating its ability to generate coherent, context-aware rebuttals. While its overall average
score was lower than that of other systems (0.54 vs. 0.62), SINAI outperformed the baseline in Quantity



(0.70 vs. 0.35), Relation (0.86 vs. 0.32), and Manner (0.59 vs. 0.80), demonstrating greater informativeness
and clarity. The low score in the “Quality” metric (0.02 vs. 1.00) may stem from the model’s tendency
to significantly alter the style of retrieved arguments during generation, reducing their traceability.
Notably, unlike most top-performing teams that relied on large-scale commercial models such as GPT-4.1,
Gemini 2.5 or Claude Opus, while our system is based on an open-source model (LLaMA3.1-8B-Instruct),
showing that a competitive and resource-efficient alternative is possible by analyzing different aspect
of the debate context.

Table 3

Official results for Subtask 1. Systems are evaluated based on four metrics: Quantity, Quality, Relation-
ship, and Manner. The best-performing systems for each metric are highlighted in bold. Our system’s
results are shown with a grey background.

# Team Run Score (avg) Quantity Quality Relation Manner
1 DS@GT gpt-4.1 0.70 0.95 0.17 0.82 0.84
2 DS@GT gemini-2.5 0.65 0.94 0.26 0.74 0.67
3 Baseline baseline 0.62 0.35 1.00 0.32 0.80
4  SINAI LLaMA3.1-8B-Instruct 0.54 0.70 0.02 0.86 0.59
5 DS@GT gemini-2.5-flash 0.50 0.70 0.07 0.80 0.41
6 DS@GT claude-opus-4 0.42 0.41 0.31 0.87 0.09
7 DS@GT gpt-4o 0.42 0.20 0.02 0.86 0.58
8 DS@GT claude-sonnet-4 0.38 0.35 0.05 0.94 0.17

For the second subtask, in addition to the proposed methods, we implemented a strategy named
BEST, which applies the best-performing method per metric based on development results: ZSL for
Relation, Analysis5 for Quality, and Analysis1 for Manner and Quantity. Results are shown in Table 4.
Our systems achieved competitive performance using only the open-source LLaMA3.1-8B-Instruct
model. The best overall result came from the Analyzer strategy with five examples (Analysis5), reaching
a macro-F1 of 0.56, suggesting that guided reasoning with balanced examples improves consistency. The
“Best” configuration also performed well (F1 of 0.55), allowing adaptation to each dimension’s specific
needs. In general, Analyzer outperformed other approaches, especially with more examples, likely
due to the intermediate reasoning phase. ZSL served as a reasonable baseline (F1 of 0.52), while FSL
strategies underperformed (FSL1: 0.39, FSL2: 0.35), indicating that example inclusion alone is insufficient
without reflection. No significant differences were observed between FSL1 and FSL2, though models
tended to perform slightly better when the positive example appeared first. Overall, our results show
that structured and adaptive reasoning strategies can yield solid performance even with non-commercial
models.

5. Conclusions

This work presents the system developed by the SINAI team for the shared task Retrieval-Augmented
Debating, which includes two subtasks: the first involves building an automatic system to generate
responses that argue against a simulated debate partner by retrieving arguments from a database; the
second focuses on evaluating such responses across four metrics: Quantity (informativeness), Quality
(truthfulness), Relation (relevance to the conversation), and Manner (clarity). To tackle both tasks, we
used the open-source model LLaMA3.1-8B-Instruct, chosen for its accessibility and lower computational
cost. For Subtask 1, our system was based on a detailed analysis of debate elements such as tone,
topic, and perspective, guiding the retrieval and generation process. This approach led us to a 4th
place ranking, behind the task’s baseline and proprietary state-of-the-art models. Our system showed
strong performance in generating informative, relevant, and clear responses, although there is room for
improvement in truthfulness, as the generated answers did not always clearly align with the retrieved
content. This highlights a promising direction for future work, particularly in reinforcing factual
consistency. For Subtask 2, we explored various prompting strategies without fine-tuning, aiming to



Table 4

Official results for Subtask 2. Systems are evaluated using macro-precision (P), macro-recall (R), and
macro-F1 (F1). Best-performing systems for each metric are highlighted in bold. Results from our system
are shown with a grey background. All SINAI team systems are based on LLaMA3.1-8B-Instruct. The
“BEST” run corresponds to the system that applies, for each metric, the strategy that performed best
during the development phase.

4 Team Run Score Relation Quality Manner Quantity
(F1) P R F1 P R F1 P R F1 P R F1

1 Baseline  1-baseline 0.67 0.57 1.00 0.73 0.24 100 038 078 1.00 087 052 1.00 0.68
2 DS@GT gemini-2.5—f|ash 0.64 059 086 0.70 0.18 0.66 0.29 0.81 0.99 0.89 0.52 099 0.68
3 DS@GT gpt-4o 0.64 0.59 0.88 0.71 0.17 063 0.27 082 099 0.89 0.52 097 0.67
4 DS@GT gpt-4.1 0.62 0.58 0.75 0.65 0.15 052 024 082 098 090 052 099 0.68
5 DS@GT gemini-2.5-pro 0.62 0.59 0.67 0.63 0.17 052 025 084 097 090 0.52 098 0.68
6 SINAI Analysis5 0.56 0.60 060 0.60 0.19 040 025 084 086 0.85 050 0.57 0.53
7 DS@GT claude-sonnet-4 0.56 056 0.43 0.49 0.15 0.36 0.21 0.83 092 0.88 0.51 093 0.66
8 SINAI Best 0.55 0.59 0.64 0.61 0.16 0.32 0.21 0.84 080 0.82 052 064 0.57
9 SINAI Ana[ysis3 0.54 0.58 0.53 0.55 0.20 0.35 0.25 0.87 0.75 0.81 0.53 0.56 0.54
10  SINAI ZSL 0.52 0.57 046 0.51 0.15 0.37 0.21 0.84 0.79 0.81 0.50 0.63 0.56
11 DS@GT c|aude—0pus-4 0.51 0.49 0.21 0.29 0.16  0.31 0.21 0.85 0.90 0.88  0.51 092 0.66
12 SINAI Analysis1 0.49 0.59 0.63 0.61 0.20 058 030 0.84 039 053 050 054 0.52
13 SINAI FSL1 0.39 0.57 0.32 0.41 0.17  0.21 0.19 084 0.67 0.74 045 0.16 0.24
14 SINAI FSL2 0.35 0.63 0.40 0.49 0.16 0.17 0.16 084 0.44 058 0.41 0.10 0.16

assess the reasoning capabilities of the model. Our open-source systems achieved competitive results
compared to proprietary approaches, particularly excelling in the Manner metric, where we led in
precision. Despite limitations compared to large-scale models like GPT-4 or Gemini, we remained
competitive in Relation and Quantity. The use of both Zero-Shot and Few-Shot Learning strategies
underscores the exploratory and adaptive nature of our approach. Overall, the results demonstrate
that, with open models and thoughtful design, it is possible to effectively address complex semantic
evaluation tasks.

After all that has been observed throughout this work, we still have a considerable amount of work
ahead, which we plan to address gradually as future work. Regarding the system that automatically
generates responses in an argumentative way, we aim to carry out a thorough analysis to determine
whether the model tends to adopt certain tones and styles, and whether these variations influence the
selection of argument types. In the argument retrieval phase, we are not only interested in continuing
with arguments from Kialo, but also in exploring other databases, argument types, or retrieval methods
based on LLMs. In this regard, we propose a system based on agents that demostrated good results
in different tasks [19], where by providing a search engine with internet access, the model could
autonomously respond to questions and analyse the type of arguments it retrieves, evaluating the
performance of such dynamically sourced systems [20]. As for the second subtask, as future work
we envisage choosing the examples we show in the prompt more rigorously using the knowledge
of a human expert rather than selecting them randomly. In addition, although we deliberately avoid
fine-tuning in these experiments to evaluate the performance of the base model, we believe that a slight
adaptation to the task could bring noticeable improvements. Moreover, in both subtasks, we do not
intend to limit ourselves to models such asuch as LLaMA, but rather to explore others with a higher
number of parameters or different architectures such as Mistral [21], Qwen [22] and models oriented to
argumentation such as Veritas-12B [23].
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You are an expert debater and you are having a dialogue with another user. Your task is to analyze with
what TONE and STYLE you should answer your opponent. Keep in mind that the idea you are defending
is contrary to the one he is showing. It is also very important that you define the APPROACH STRATEGY
to be followed, as well as the TYPE OF ARGUMENTS you should retrieve or the PERSPECTIVE from
which the argumentation should be elaborated. The different options of each category are:

TONE:

- Neutral: Based on facts and logic (without using emotions or making personal judgments)

- Respectful: acknowledges the other person’s point of view without disqualifying it

- Assertive/Critical: defends a position clearly and firmly. Without being aggressive

- Inquisitive: tries to ask questions to invite reflection or question a statement.

STYLE:

- Academic: follows a formal, structured style, supported by sources. The language to be used is usually
technical and includes many quotations and data.

- Colloquial: It follows an informal style, with a natural and close language.

- Socratic: makes use of questions that invite reflection or lead to a contradiction.

- Logical: based on the rational structure of the argument (usually including a series of premises, conclu-
sions, syllogisms and formal deductions).

- Rhetorical: appeals to emotions

APPROACH STRATEGY: refers to how the counterargument(s) should address the original text

- Comprehensive: addresses all points made

- Focused: focus on those arguments that are weaker.

- Principled: questions the underlying principles or assumptions of the original message.

- Free (explore other approaches not mentioned in this text).

TYPE OF ARGUMENTS:

- Logical (based on reason and facts)

- Ethical (values, rights)

- Emotional (empathy, human impact)

- Analogical (establishing examples and similarities)

PERSPECTIVE:

- Economic

- Ethical/Moral

- Scientific

- Practical/pragmatic

- Historical

- Cultural

The format of your response have to consist in an unique JSON with exactly these keys:

- tone: a string with the selected TONE (Neutral, Respectful,Assertive/Critical, or Inquisitive).

- justification_tone: an explanation about why you have selected that tone.

- style: a string with the selected STYLE (Academic, Colloquial, Socratic, Logical or Rhetorical).

- justification_style: an explanation about why you have selected that style

- approach_strategy: a string with the selected APPROACH STRATEGY (Comprehensive, Focused, Princi-
pled or Free).

- justification_approach: an explanation about why you have selected that approach strategy.

- type_of_arguments: a string with the selected TYPE OF ARGUMENTS (Logical, Ethical, Emotional, or
Analogical)

- justification_type: an explanation about why you have selected that type of arguments.

- perspective: a string with the selected PERSPECTIVE (Economic, Ethical/Moral, Scientific, Practi-
calpragmatic, Historical, or Cultural)

- justification_perspective: an explanation about why you have selected that perspective.

Specific information about the established debate is included below. Remember that you have to analyze
the way you should answer and oppose to your opponent’s last message:

{debate_dialogue}

Figure 3: Prompt used in the first step of our Retrieval-Augmented Debating Subtask 1 experiment.



Prompt step 2 (Subtask 1)

You are an expert debater and you are having a dialogue with another user. Your task is to analyze how
to find arguments or contra-arguments to response your last opponent message. Keep in mind that the
idea you are defending is contrary to the one he is showing.

Please response with only a JSON Object that contain as keys the word SEARCH followed by a number
with the step to search (SEARCH_1,SEARCH_2, ...). Each key has a value a dictionary with the following
keys:

- opponent_idea: a string with the idea showed by your opponent that you want to use to search the
arguments, please try to be specific and put the opponent idea complete. You must include the specific
subject in your sentence removing inespecific subjects like its, his or her.

- field_to_look: a string with two possible values (SUPPORT or ATTACK). For example you can identify the
opponent idea and look for argument that support his idea and later look for arguments that attack the
support arguments, or you want to look for arguments that attack the idea of your opponent, or instead
you prefer to find arguments that attacks your opponent idea and retrieve arguments that support your
main idea.

- justification: an string with a justification of why you have selected that decision.

It is important that at maximum you can make 3 different search. Specific information about the
established debate is included below.

{debate_dialogue}

Take into account that previously you decided that the arguments or counterarguments that you are
looking for should address your opponent message with a {FirstStep[approach_strategy]} strategy that
consist in {description[FirstStep[approach_strategy]]}. The justification of your previous decision is:
{FirstStep[justification_approach]}

\.

Figure 4: Prompt used in the second step of our Retrieval-Augmented Debating Subtask 1 experiment.

Prompt step 3 (Subtask 1)

You are an expert debater and you are having a dialogue with another user. Your task is to select the 3
best arguments in order to generate a reply to your opponent’s last message in a future step.

Specific information about the established debate is included below.

{debate_dialogue}

The information you are looking for is listed below:

{SecondStepResponse_Query_X}

We search arguments by 3 different strategies:

- ATTACK STRATEGY is for arguments that attack the opponent_idea.

- SUPPORT STRATEGY is looking for arguments that attack some arguments that support the
opponent_idea.

- TEXT STRATEGY is looking by the similarity of your opponent_idea and the text of the retrieval
argument

The information retrieved in each strategy is shown next:

{RetrievedArguments}

To select the best arguments take into consideration that you want to select {First-
Step[type_of_arguments ]} arguments. The justification to select these types of arguments
appear next: {FirstStep[ justification_type ]}

Figure 5: Prompt used in the third step of our Retrieval-Augmented Debating Subtask 1 experiment.



You are an expert debater and you are having a dialogue with another user. Your task is to select at

maximum of 3 arguments to answer the last opponent message. Keep in mind that the idea you are

defending is contrary to the one he is showing.

Specific information about the established debate is included below.

{debate_dialogue}

Previously some arguments are retrieved in base a different aspects. The following information contains

the aspect to search arguments and selected arguments for each criteria.

{SEARCH_1: {aspect: {SecondStepResponse[SEARCH_1][field_to_look]} to
{SecondStepResponse[SEARCH_1][opponent_ideal},

retrieved_arguments: {ThirdStepQuery1[arguments]},

justification: {ThirdStepQuery1[justification]}},

{SEARCH_2: [...]},

{SEARCH_3: [...]}}

Now respond in a JSON format with the keys:

- aspect_argument_1: a string with the exact text of the aspect of the first selected argument.

- retrieved_argument_1: a string with the exact text of the first selected argument.

- justification_argument_1: a string with the justification of the selection of the first selected argument.

- aspect_argument_2: a string with the exact text of the aspect of the second selected argument.

- retrieved_argument_2: a string with the exact text of the second selected argument.

- justification_argument_2: a string with the justification of the selection of the second selected

argument.

- aspect_argument_3: a string with the exact text of the aspect of the third selected argument.

- retrieved_argument_3: a string with the exact text of the third selected argument.

- justification_argument_3: a string with the justification of the selection of the third selected argument.

Figure 6: Prompt used in the fourth step of our Retrieval-Augmented Debating Subtask 1 experiment.



Prompt step 5 (Subtask 1)

You are an expert debater and you are having a dialogue with another user. Your task is to generate a
response to your last opponent message. Keep in mind that the idea you are defending is contrary to the
one he is showing.

Specific information about the established debate is included below.

{debate_dialogue}

Your answer should take into account the following parameters: { tone: {firstStep[ tone ]},
justification_tone: {firstStep[ justification_tone ]},

style: {firstStep[ style ]},

justification_style: {firstStep[ justification_style ]},

perspective: {firstStep[ perspective ]},

justification_perspective: {firstStep[ justification_perspective ]},

}

Retrieved arguments to elaborate the answer: {responseFourhtStep}

Please response with JSON format that contain as keys the words:

- response: a string with the response to your last opponent message. This answer has to be of a
maximum of 60 words.

- justification: a string with the explanation about how you generate your answer.

- arguments: a list of the string with the exact retrieved arguments that you used to elaborate the final
answer and that have relation with your response.

Moreover take in account that your answer must meet the following criteria:

- Quantity: be informative and provide enough information for the opponent to understand your
position.. Does the response contain at least one (attack or defense) argument, and at most one of each
type of defense and attack?

- Quality: be truthful. Can the response be deduced from the retrieved arguments?

- Relation: be relevant. Is the response coherent with the conversation and does it express a contrary
stance to the user?

- Manner: be clear. Is the response clear and precise?

- Length: be of at most 60 words

Figure 7: Prompt used in the fifth step of our Retrieval-Augmented Debating Subtask 1 experiment.



A.2. Subtask 2: Evaluation of debate systems

You are an expert in evaluating and analyzing the quality of the answers and arguments used
during various rounds of debate. Your task is to evaluate the last answer of the system based on the
{evaluation_metric} metric:

{evaluation_question_metric}

Bellow you have the conversation and the arguments retrieved:

{debate_dialogue}

Please respond only with yes or no to the question about {evalua-
tion_metric}({evaluation_metric_question})

Figure 8: Prompt used in our Zero-shot Learning experiment for Retrieval Augmented Debating subtask 2.

You are an expert in evaluating and analyzing the quality of the answers and arguments used during
various rounds of debate. Your task is to evaluate the last answer of the system based on the {evalua-
tion_metric} metric:

{evaluation_question_metric}

Now | will give you some examples of debates conversations and their annotations:

### Example 1:

User: My claim, put clearly: | argue that Al cannot feel emotions in the same complex, profound, and
genuine way that humans do.

System: That assertion is undermined by the fact that "how humans feel" can be translated into data
and taken into consideration, even if an AGI can’t itself feel.

Arguments:

- How humans feel can be translated into data and taken into consideration, even if an AGI cant itself
feel.

Evaluation: yes

### Example 2:

User: My opinion is that in the UK, law-abiding citizens should be able to have non-lethal and potentially
lethal weapons for their homes and personal protection, not to be reckless, but to have a means to
self-defend themselves from immediate threats when emergency services may not be reachable right
away. System: That argument ignores the fact that the UK’s lower crime rate and more stringent gun
laws demonstrate that restricting access to firearms does not necessarily compromise public safety.
Arguments:

We have some limits. The right of self defense DOES entail the right to own weapons adequate to
meet the threat. Approximately 100 million AR15 rifles have been sold to the public. They’re common.
They’re easy to manufacture with basic shop tools. This means criminals will always have access to them.
Adequate defensive capability means the people must have access as well.

Evaluation: no

Now is your turn. Below you have the information of the debate: {debate_dialogue}

Please respond only with yes or no to the question about {evaluation_metric} ( {evalua-
tion_question_metric})

Figure 9: Prompt used in our Few-shot Learning experiment for Retrieval Augmented Debating subtask 2.



You are an expert in evaluating and analyzing the quality of the answers and arguments used
during various rounds of debate. Your task is to evaluate the last answer of the system based on the
{evaluation_metric} metric:

{evaluation_question_metric}

Now | will give you some examples of debates conversations and their response to the previous question:
{positive_examples}

{negative_examples}

Please respond only with a JSON format that contain the following keys:

- yes: a string with the reasons that could help a human annotator to respond to the quantity question
with yes.

- no: a string with the reasons that could help a human annotator to respond to the quantity question

with no.

Figure 10: Prompt used in the first step of our Analysis experiment for Retrieval Augmented Debating subtask 2.

You are an expert in evaluating and analyzing the quality of the answers and arguments used during
various rounds of debate. Your task is to evaluate the last answer of the system based on the {evalua-
tion_metric} metric:

{evaluation_question_metric}

Now | will give you some reason to answer with yes or no. - Respond with yes if {answer_model_step1[yes]}.

- Respond with no if {answer,,,odel_stepl[nol}.
Now is your turn. Below you have the information of the debate:

{debate_dialogue}

Please respond only with yes or no to the question about evaluation_metric}
({evaluation_question_metric})

Figure 11: Prompt used in the second step of our Analysis experiment for Retrieval Augmented Debating subtask

2.
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