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Abstract

LLMs are ubiquitous in modern NLP, and
while their applicability extends to texts pro-
duced for democratic activities such as online
deliberations or large-scale citizen consulta-
tions, ethical questions have been raised for
their usage as analysis tools. We continue this
line of research with two main goals: (a) to
develop resources that can help standardize
citizen contributions in public forums at the
pragmatic level, and make them easier to use
in topic modeling and political analysis; (b)
to study how well this standardization can re-
liably be performed by small, open-weights
LLMs, i.e. models that can be run locally and
transparently with limited resources. Accord-
ingly, we introduce Corpus Clarification as a
preprocessing framework for large-scale con-
sultation data that transforms noisy, multi-topic
contributions into structured, self-contained ar-
gumentative units ready for downstream analy-
sis. We present GDN-CC, a manually-curated
dataset of 1,231 contributions to the French
Grand Débat National, comprising 2,285 ar-
gumentative units annotated for argumentative
structure and manually clarified. We then show
that finetuned Small Language Models match
or outperform LLMs on reproducing these an-
notations, and measure their usability for an
opinion clustering task. We finally release
GDN-CC-large, an automatically annotated
corpus of 240k contributions, the largest anno-
tated democratic consultation dataset to date.

1 Introduction

The huge improvement of Natural Language Pro-
cessing (NLP) systems in the last decade, owing to
the rapid adoption of the transformer architecture
(Vaswani et al., 2017), has made Large Language
Models (LLMs) a key component for processing
texts in fields such as healthcare (Nazi and Peng,
2024), education (Yan et al., 2024), or business and
industry decision-making (Chkirbene et al., 2024).

Applications of LLMs in the context of politics and
democratic activities have also quickly been con-
sidered (Aoki, 2024; Coeckelbergh, 2025; Summer-
field et al., 2024). However, using such powerful
tools in end-to-end systems for political analysis
and decision-making raises serious ethical ques-
tions (Galariotis, 2024; Revel and Pénigaud, 2025).
This is due to the opacity of the decision-making
process and the difficulty to steer it through human
intervention. Explanations delivered by Chain-of-
Thought methods hardly mitigate these defects,
as discussed, inter alia, by Barez et al. (2025).
LLMs outputs also tend to be heavily biased along
multiple dimensions such as gender, age, social
background; culturally, they mostly reflect the val-
ues of developed western countries (Zhao et al.,
2024; Arzaghi et al., 2024; Ranjan et al., 2024)
in their decisions and generations, a problem yet
to be fully tackled. Moreover, the most popular
models are proprietary and their behavior is poorly
documented, which could create a dangerous de-
pendence on private companies if they were used
to assist democratic processes (Feldstein, 2023).
Democratic decision-making requires a fully in-
telligible and transparent process that humans can
supervise, judge, and modify. Each step must be
criticizable with a clear entity to hold accountable.

Still, LLMs bring new opportunities for monitor-
ing democratic activities. In particular for partici-
patory democracy and citizen consultations, such
as Taiwan’s vIaiwan platform1 (2014), the Euro-
pean Citizens’ Consultations? (2018), or France’s
Grand Débat National® (Great National Debate,
2019), LLMs can help decipher the large amount
of contributions through topic-modeling, summa-
rization, and community detection (Small et al.,
2023; Galariotis, 2024; Guembour et al., 2025).

"info.vtaiwan. tw/

20ecd-opsi.org/innovations/
the-european-citizens-consultations-eccs/

Shttps://granddebat.fr/
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Figure 1: The Corpus Clarification task applied to one contribution. The original contribution (left) is segmented in
topics, then in argumentative units (middle), which are automatically reformulated to generate clearer versions of
the expressed opinions (right). The contribution was translated to English and simplified for illustrative purposes.

Previous works have explored the usage of LLMs
in democratic deliberations analysis (Tessler et al.,
2024; Fish et al., 2025). However, these studies
focus on relatively small assemblies of up to a hun-
dred participants, with clear on-topic statements.
Small et al. (2023) explore larger consultations, but
rely on LLM-based* clustering and analyses.

Large-scale consultations are notably difficult to
process due to the diversity and sometimes noisi-
ness of real-world citizen contributions (Guembour
et al., 2025), which can simultaneously address
multiple topics and policies, mixing-up facts, vin-
dications, criticisms, proposals, and demands. The
consequences are twofold: the synthesis or aggre-
gation of a set of diverse contributions is difficult
to explain or inspect; it requires extremely pow-
erful NLP tools, capable of seamlessly handling
such textual variability — at the expense, however,
of transparency and with increased dependence on
very large, closed-weights LLMs.

To avoid this problem, we propose the novel task
of Corpus Clarification, illustrated in Figure 1. It
aims at refining the initial corpus into a set of clear
mono-topic opinions that are easier to process, ana-
lyze and inspect, even with small models. We first
define the multiple steps of the task in Section 3.
We then manually annotate French contributions
to the Grand Débat National for this task. Our Al-
human collaborative annotation process, detailed
in Section 4, ensures high-quality annotations. It
also allows us to evaluate the capacities of multiple
LLMs. We explore the resulting corpus GDN-CC
in Section 5. We then evaluate the capacities of
locally-runnable models for Corpus Clarification
in Section 6 and show that, when finetuned, they
can perform on par or better than large API-based
LLMs. We use these models to create GDN-CC-

*Using Anthropic’s Claude model (Bai et al., 2022).

large® by automatically annotating 240k contribu-
tions of the Grand Débat National as a resource
for both political scientists and NLP researchers.
Finally, we showcase the importance of Corpus
Clarification on an opinion clustering task, obtain-
ing better clusters after clarification than with the
original contributions.

2 Related Work

LLMs and citizen consultations Recent works
have explored LLMs for enhanced deliberation,
from both experimental and ethical standpoints.
Small et al. (2023) conducted an extensive explo-
ration of the usage of LLMs for deliberation as
a complement to the Polis platform (Small et al.,
2021),% focusing on topic modeling, summariza-
tion, prediction of votes and moderation. They
highlighted the importance of human supervision
in these tasks, for example by validating summaries
to ensure accuracy and fairness. Lazar and Man-
uali (2024) argue that LLMs should be used to
enhance non-instrumental values of democracy,
values that are intrinsically worthwhile such as
deliberating or informing (Anderson, 2009). How-
ever, as highlighted by Revel and Pénigaud (2025),
LLM-based systems for democratic deliberation
exist, but they focus on small-scale processes.
Tessler et al. (2024) identify common ground in
groups of five citizens using an iterative human
feedback loop grounded in Jiirgen Habermas’s the-
ory of deliberative democracy (Habermas, 1985).
Fish et al. (2025) use LLMs to aggregate opinions
for groups of up to 100 participants within a frame-
work based on Social Choice theory (Sen, 1986).
Although built on strong theoretical backbones,
these works explore Al for deliberation in con-

3datasets and models available at https: //huggingface.
co/collections/LequeuISIR/gdn-cc
%pol.is/
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trolled and strongly constrained scenarios, which
are difficult to scale to real-life large-scale deliber-
ations.

Existing work on democratic discourse either
(i) focuses on small, manually curated datasets
(Tessler et al., 2024; Fish et al., 2025), or (ii) relies
on end-to-end LLM-based aggregation and anal-
ysis (Small et al., 2023). In contrast, our work
focuses on scalable processing that enables tradi-
tional, more transparent NLP methods on large cor-
pora, without involving LL.Ms in the decision loop.
This work brings together political science and
philosophical recommendations on the use of Al
for democracy (Revel and Pénigaud, 2025; Galar-
iotis, 2024; Lazar and Manuali, 2024) with the
technological constraints of analyzing large-scale
consultation corpora.

Argument mining Many recent works explore
LLMs for opinion argument mining (Chen et al.,
2024; Guida et al., 2025). This is for instance the
case of Ding et al. (2023); Favero et al. (2025) who
applied it to the evaluation of opinion essays in edu-
cation. Our work is also specifically related to argu-
ment mining in text written by citizens rather than
argumentation professionals. Many works study
this setting in tweets (Schaefer and Stede, 2020;
Dutta et al., 2020; Iskender et al., 2021) or in citi-
zen consultations (Liebeck et al., 2016; Fierro et al.,
2017; Romberg and Conrad, 2021). Additionally,
The Key Point Analysis (KPA) task (Friedman
et al., 2021) aims at extracting the most prominent
key-points representative of sets of opinions, either
as an extractive or abstractive task. Finally, The
concept of argumentative units segmentation has
been explored in previous work, e.g (Ajjour et al.,
2017) which used Bi-LSTMs to segment essays
and editorials, and use a four-class span classifica-
tion framework (claims, premises, anecdotes and
assumptions). We contribute to the argument min-
ing literature with a manually-annotated and a large
automatically-annotated corpora in French, using a
three-class span classification designed specifically
for citizen consultations and to be actionable for
downstream tasks.

Citizen Consultations Datasets In the last few
years, multiple works have published citizen con-
sultations: Polis (Small et al., 2021) openly shared
twenty of their consultations.” Similarly, CoFE
(Barriere et al., 2022b) contains 4.2k proposals

"github.com/compdemocracy/openData/

on the Conference on the Future of Europe con-
sultation® and the Debating Europe dataset (Bar-
riere et al., 2022a) contains 2.6k opinions from
18 debates related to the European Green Deal.”
Romberg and Conrad (2021) published five public
consultations in German related to mobility tran-
sitions. More broadly, political tweets corpora on
specific subjects have been released (Li et al., 2021;
Iskender et al., 2021; Bilal et al., 2022; Fourati
et al., 2024), which are relatively close to citizen
consultations.

Our work brings a new large-scale opin-
ion corpus, the first processed specifically for
democratically-acceptable downstream tasks. We
share both a high-quality manually annotated
dataset of 1,231 French contributions, as well as an
additional set of 240k automatically annotated con-
tributions from the Grand Débat National, respec-
tively GDN-CC and GDN-CC-large. The result-
ing corpus is, to our knowledge, the largest anno-
tated democratic citizen consultation corpus shared
to the community, and the only one in French.

3 The Corpus Clarification task

The analysis of citizen consultations’ corpora
strongly relies on aggregating similar opinions to-
gether (Small et al., 2023; Galariotis, 2024; Guem-
bour et al., 2025). However, ethics-oriented works
do not take into account the noisy reality of such
free-form corpora (Galariotis, 2024), and practical
works rely heavily on proprietary LLMs to group
(Small et al., 2023) or aggregate (Tessler et al.,
2024; Fish et al., 2025) opinions. We designed the
task of Corpus Clarification to turn a large noisy
set of opinions into a clear standardized dataset
that can be processed with more traditional and
explainable NLP approaches such as embedding-
based clustering. We achieve this transformation
through a structured, three-step process, illustrated
in Figure 1, and detailed below.

The first step is the Argumentative Units (AU)
extraction. This step aims to identify the vari-
ous themes or points covered within a contribu-
tion. This process breaks down the source material
into smaller, distinct Argumentative Units, each
focused on a single coherent topic. AUs are not

8commission.europa.eu/
strategy-and-policy/priorities-2019-2024/
new-push-european-democracy/
conference-future-europe_en

9commission.europa.eu/strategy—and—policy/
priorities-2019-2024/european-green-deal_en
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necessarily contiguous, and some segments of the
text might not be part of any AU.

The second step is the Argumentative Struc-
ture (AS) detection inside argumentative units.
This task identifies the specific discourse types
present within each Argumentative Unit, which
provides fine-grained information for argument
mining analysis. While the argument mining lit-
erature mostly uses a claim-premise classification
(Chen et al., 2024), we adopt a three-type classi-
fication to better align with the requirements of
downstream tasks that focus mostly on either pol-
icy proposals or citizens’ feelings:

* Statement: The expression of a sentiment or

an observation;

* Solution: A proposal for action or policy
change;

* Premise: A segment providing justification,
evidence, or an example to support a state-
ment or solution.

While Solutions function similarly to claims in
traditional argument mining, we adopt this specific
terminology to eliminate the ambiguity between
statements and claims that often arises in citizens’
contributions.

The final step, Argumentative Unit Clarifica-
tion, aims at both forming context-independent
argumentative units and normalizing the style to
remove linguistic markers of the writers. Before
clarification, AUs may lack self-sufficiency if they
rely on context provided outside their boundaries
(such as in the preceding text). The clarification
process adds this necessary context to ensure that
every AU is a fully comprehensible text, indepen-
dent from its original contribution. Moreover, this
step standardizes texts to a shared style and quality,
similar to the task of style transfer (Toshevska and
Gievska, 2025). This ensures that all citizens are
handled similarly in downstream tasks. This is cru-
cial since writing clarity was shown to be related
to socioeconomic status (Dolek and Hamzadayi,
2018).

4 Annotation Process

4.1 The Grand Débat National corpus

The Grand Débat National (GDN) is a nation-
wide citizen consultation held in France in 2019.
The consultation prompted citizens to express their
views across four main themes: Taxation and pub-
lic spending, Organization of the state and public
services, Democracy and citizenship, and Ecolog-

ical transition. A significant portion of this con-
sultation involved online questionnaires, each con-
cluding with a critical open-ended prompt: "Do
you have anything to add about [theme]?". Our
starting point are the responses to these open-ended
questions. These specific contributions are valu-
able as they allow citizens to freely express their
opinions. The complete anonymized corpus is pub-
licly available for download, use and sharing via
the French Grand Débat platform.'”

Data Preparation The original dataset com-
prises 355k individual contributions. To ensure
data quality and relevance, we applied several fil-
tering steps. After removing duplicate entries, we
excluded contributions shorter than 30 characters
or longer than 600 characters to focus on responses
with meaningful content that were not excessively
long for annotation, resulting in 240k contributions.
Finally, aiming for diversity in response complex-
ity, we ensured a uniform distribution across the
four themes and across lengths of contributions.
We used the French sentencizer provided by the
spaCy library (Vasiliev, 2020) to estimate the num-
ber of sentences in each text, as sentences were
used as an approximation of opinions in a previous
analysis (Guembour et al., 2025).

4.2 Annotation guidelines and process

Five native French speakers specializing in polit-
ical science were hired to annotate 300 contribu-
tions each. The annotation was performed in two
main steps: segmentation and clarification.

Contributions segmentations The tasks of Ar-
gumentative unit segmentation and Argumentative
structure detection were performed jointly. An-
notators were instructed to parse the raw text and
identify three primary segment types: Premises,
Statements, and Solutions. These segments were
grouped into topically coherent Argumentative
Units. This combined segmentation and detection
process was designed to accelerate the annotation
process and to ensure that each AU contains only
salient, argument-relevant information.

Argumentative units clarification Once the ini-
tial segmentation step was complete, the argumen-
tative units were processed for clarification by a
randomly selected LLM in a pool of four. The
resulting clarifications were then displayed to an-
notators, who were asked to revise them if neces-

"https://granddebat.fr/pages/donnees-ouvertes
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sary. This hybrid human-LLM process allowed us
to speed-up the annotation. It also yielded useful
data to compare the ability of the various LLMs
systems to clarify argumentative units.
Annotation was performed in two phases. In the
first phase, annotators could regenerate clarifica-
tions using different LLMs to maximize annotation
quality. During the second phase, which took place
during the annotation of the last quarter of the con-
tributions, annotators were asked to modify the
first generated clarification, even when its quality
was poor. This allowed us to characterize the types
and frequency of errors made by LLM systems,
which we report in Section 5.4.
The process totaled 1,553 annotations of 1,231 in-
dividual contributions, the remaining allowing for
the computation of inter-annotator agreement. We
describe the annotators’ training and monitoring in
Appendix A.2.

4.3 Annotation tool

As there was, to our knowledge, no existing tool
suitable for our two-step annotation process, we
implemented our own. This interface'! enables
the annotators to perform segmentation and rewrit-
ing in a single step, so that the clarification can
benefit from the understanding of the contribu-
tion gained during segmentation. To generate the
initial automatic clarifications, we relied on four
families and sizes of models: GPT-4.1 (Achiam
et al., 2023), Qwen-3-32b (Yang et al., 2025),
Llama-3.1-8b and Llama-3.3-70b (Grattafiori
et al., 2024). More information regarding the anno-
tation tool, its implementation and the annotation
process is in Appendix A.1.

5 GDN-CC: A French Dataset for the
task of Corpus Clarification

5.1 Statistics of the dataset

GDN-CC consists of 1,231 contributions that have
been manually-annotated for the Corpus Clarifica-
tion task. Table 1 reports basic statistics regarding
this dataset. Overall, GDN-CC contains signif-
icantly more solutions (57.9%) than statements
(21.2%) and premises (20.9%). This result is ex-
pected, as citizens who are actively going to the
consultation platform expect to be heard and to in-
fluence the decision-making process. Interestingly,
the Democracy and Citizenship theme contains

Uavailable at  https://github.com/LequeuISIR/
GDNAnnotationPlatform

fewer argumentative units, and in proportion fewer
solutions (54% versus 58-60%) and more state-
ments (24% versus 19-21%) than the other themes.
Participants may struggle to express solutions for
these less-discussed topics, resulting in more de-
scriptive statements. The number of argumentative
units per contribution spans from one to eleven,
and the number of argumentative segments from
one to twelve. This highlights the complex and
variable nature of the corpus.

5.2 Discrepancies and agreements between
annotators

We evaluated the inter-annotator agreement sepa-
rately for the two tasks of argumentative unit (AU)
extraction and argumentative structure (AS) detec-
tion.

AU extraction For AU extraction, we rely
on a span-limitation based metric, WindowDiff
(Pevzner and Hearst, 2002), used in previous stud-
ies for inter-annotator agreements of span anno-
tations (Javorsky et al., 2025). It uses a sliding
window of size k£ (k = 15 tokens in our case) and
evaluates, at each step, how many boundaries the
two annotations have within the window. These
are aggregated in a probability of boundary dis-
agreement within a sliding window, with lower
values indicating greater consistency of the seg-
mentation. Following recent works on segmenta-
tion (Ding et al., 2023; Favero et al., 2025), we also
compute a token-overlap metric: Given two spans
S1 and S, annotated by two annotators, we evalu-
ate s(S1,52) = min('sl||§1||52|, ‘Sl‘g‘fﬂ) for each
pair of spans in the annotation. To ensure optimal
matching, we solve the span-pair assignment prob-
lem using the SciPy package!? (Virtanen et al.,
2020). A match is defined if s(S7, S2) is above a
set threshold .

We observe a strong level of agreement between
annotators with both metrics. The mean and me-
dian WindowDiff values over all annotations are
0.09 and 0.08 respectively. Similarly, the token
overlap metric yields micro- and macro-F1 of 0.72
and 0.77 for a 50% overlap threshold (A = 0.5),
and 0.42 and 0.44 for perfect alignment (A = 1).
Table 4 in Appendix A.3 also reports precision and
recall.

AS detection For AS detection, we compute the
inter-annotator agreement independently of the ex-

"using the linear_sum_assignment method
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Theme contribs. | AUs | statements solutions premises
Taxation and Public Spending 312 594 175 as79) 556(s9.6%) 202 @19
Ecological Transition 305 590 187 (20.5%) 543 (59.5%) 183 (20.0%)
Organization of the State 308 577 197 cra%) 532 519 190 @079
Democracy and Citizenship 306 524 212 a2%) 474 (sa2%) 187 1.4%)
Total 1231 2285 771 (21.2%) 2105 (57.9%) 762 (20.9%)

Table 1: Number of contributions, argumentative units, statements, solutions, and premises per theme and in total
in GDN-CC, the manually-annotated corpus. Percentages are calculated row-wise.

tracted argumentative units. We considered the
task as a token tagging problem: for each token,
annotators classified it as statement, premise, so-
lution, or did not classify it (considered a none
class). We compute the Cohen’s kappa of the clas-
sification task and obtain x = 0.54, corresponding
to a moderate agreement according to Landis and
Koch (1977). We also compute the F1 score for the
three classes, and find thar the agreement varies
significantly between classes, reflecting the nature
of citizen speech. We found the strongest agree-
ment for solutions, reaching F'1 = 0.80. This
category is the most critical for downstream policy
analysis, and its high reliability demonstrates that
annotators can consistently identify actionable citi-
zen proposals. However, scores for premises and
statements were lower (0.61 and 0.52 respectively).
This discrepancy stems from a structural confusion
between the two classes: in non-expert discourse,
a sentiment or observation (statement) frequently
acts as a justification (premise) for a solution. Such
confusions were similar to those observed in pre-
vious argument mining studies (Ding et al., 2023).
By merging statements and premises into a single
class, we obtain a 0.78 score for the joint class.
Although we kept the three-class granularity in
the rest of this study, future work could consider
merging them into a single class. Examples of
confusions between statements and premises, and
the confusion matrix for the three classes is in Ap-
pendix A.3.

5.3 Evaluating the capacities of models for
Clarification

During the first annotation phase, we considered
four models: GPT-4.1, Qwen-32b, Llama-70@b,
and Llama-8b for AU clarification. Annotators
could iterate through multiple Al-generated clari-
fications from randomly-chosen LLMs before ac-
cepting the one they edit. Observing this process
allows us to derive a comparative evaluation of
these models using a probabilistic model of annota-

tors’ behavior. In summary, we treat the unknown
quality of each model [ as a parametric distribu-
tion ;. A user accepts the LLM clarification if
(Q; exceeds a threshold 7y, which varies with the
number of clarification attempts k. If an output is
accepted, its quality g; is observed via the ROUGE-
L score against the final human-validated text. By
jointly optimizing the parameters of (); and 7, to
maximize the likelihood of user actions, we found
that GPT-4.1 performed best (¢ = 0.94), closely
followed by L1ama-70B (u = 0.93) and Qwen-32B
(1 = 0.92) which proved to be close competitors
for zero-shot clarification. Llama-8B (x = 0.90)
yielded good performances despite its limited size.
This finding provides a first hint at the abilities of
smaller models for the task, that we further observe
in Section 6. A detailed explanation of the proba-
bilistic model and its estimation is in Appendix D.

5.4 Qualitative exploration of the
clarifications corrections

Although the first phase of the annotation delivered
high-quality clarifications and an evaluation of the
LLMs systems, it made it difficult to perform a
qualitative analysis of clarification errors. This is
because annotators were permitted to reject some
low-quality LLM outputs in their revision process.
The second annotation phase required annotators
to accept (and edit when necessary) the first auto-
matically generated clarification, irrespective of its
quality. We manually examined 100 argumenta-
tive units annotated during this phase (25 for each
LLM) for which the clarification was edited by the
annotator. We identified four main types of errors:

* Over-analysis: LLM added analysis or a con-
clusion absent from the original text;

* Miscomprehension: LL.M did not fully re-
generate the opinion, by being wrong or by
omitting important information;

* Over-specificity: LLM added information
present in the text but removed by the anno-
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tator, such as unimportant details or content
from other AUs;

* Misformulation: LLM output contained the
right information, but its phrasing was unnat-
ural or contained an extraneous introductory
phrase.!3

Table 9 in Appendix B presents an example of
each type of error, while Table 8 reports the propor-
tion of each error for each model. Over-specificity,
miscomprehension and misformulation are seldom
found (respectively 3%, 12% and 13% of all er-
rors) but all four models consistently struggle with
over-analysis (72% of all errors), even when specif-
ically prompted not to add any information not
expressed in the text. This behavior is highly detri-
mental in the context of democratic processes, es-
pecially when models add justifications that were
not present in the author’s contribution. Comple-
menting this finding, further analyses presented in
Appendix B.2 suggest that a significant part of the
human annotation effort of clarifications was to
remove information added by the LLMs.

6 Experiments

Focusing on having locally-runnable systems and
not relying on large proprietary LLMs, we explore
the use of different systems to automate the tasks
of AU extraction and AS detection. In particular,
we evaluate the capacities of Small Language Mod-
els (SLMs, < 10B parameters), including their
instruct and task-specific finetuned variants. For
all three tasks, we thus evaluated L1ama-3.1-8B
(Grattafiori et al., 2024), Mistral-7B-v@. 3 (Jiang
et al., 2023), Qwen2.5-7B (Team et al., 2024b) and
Gemma-2-9b (Team et al., 2024a) families of mod-
els. We used 70% of the data for training and 15%
each for validation and testing. We used GPT-4.1
as a comparison baseline for all tasks. Results
are reported in Table 2. For finetuned models, we
report the results of the best-performing learning
rate. See Appendix C for finetuning details and
figures.'*

6.1 Argumentative Units segmentation

Given a written contribution to the citizen consulta-
tion, the system has to extract the spans of texts cor-
responding to different argumentative units. More

3Such as "here is the argument: **{{argument} } **".
Hall experiments are available at https://github.com/
LequeuISIR/GDNCorpusClarification

specifically, we prompt the models to output argu-
mentative units as a list. Table 2’s first row dis-
plays the Macro-F1 and Micro-F1 using the token
overlap metric used for inter-annotator agreement
(Section 5.2). While the base models mostly failed
this task, instruct models perform better, with su-
pervised finetuning further improving the results.
Interestingly, encoder-based models outperformed
decoder models including GPT-4.1 for this task
when train as a BIO (beginning, Inside, Outside a
span, further explained in appendix C.2.1) token
tagger. Cambertav2-base (Antoun et al., 2024)
displayed Micro-F1 and Macro-F1 of 0.82 and
0.83.

6.2 Argumentative Structure detection

Given an argumentative unit, the system has to ex-
tract and classify the spans as statement, a premise
or a solution. We provide the LLMs both the ini-
tial contribution and the argumentative unit from
which spans need to be extracted. The second row
in Table 2 shows the Macro-F1 and Micro-F1 us-
ing a label-constrained version of the token overlap
metric used for AU segmentation:

Scons(S1,.82) = Sjapel(s1),1abel(s52) X $(S1,52),

where 0;; = 1if ¢ = j else 0. As for argu-
mentative units segmentation, non-instruct SLMs
are unable to perform this task, while instruct
models achieve much better results. Regarding
finetuned models, Gemma-2-9B (Macro-F1: 0.79,
Micro-F1: 0.73) outperforms other SLMs and
performs on par with gpt-4.1 (Macro-F1: 0.76,
Micro-F1: 0.76). Experiments with encoder-based
models as a span extraction and tagging task (de-
tailed in Appendix C.2.1) showed that while giv-
ing lower results, Cambertav2-base proved effec-
tive for resource-constrained scenarios (Macro-F1:
0.76, Micro-F1: 0.70).

6.3 Argumentative Unit clarification

Given an argumentative unit, the system has to
rewrite it as a clear, self-sufficient argument by
extracting only the important information from
the text. We provided the models with the ini-
tial contribution for context and the argumentative
unit to clarify. We report BERTScore!® (Zhang
et al., 2020) and Rouge-L'® (Lin, 2004) for all
models in Table 2’s last row. While all fine-
tuned SLMs achieve comparable performance in

5Using bert-base-multilingual-cased as backbone.
"using the rouge-score 0.1.2 package
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. GPT-4.1 Llama-8b Mistral-7b Qwen-7b Gemma-9b Encoder
Task Metric
- |Base Inst. Ft. |Base Inst. Ft. |Base Inst. Ft. |Base Inst. Ft. | -
AU Extract Micro-F1 0.75 10.09 054 0.61]0.04 062 071|046 0.66 0.75]|0.03 0.67 0.66 0.82
" Macro-F1 0.73 0.10 0.59 0.72]10.03 058 0.78 040 0.66 0.81|0.04 0.69 0.76 0.83
AS Detect Micro-F1 0.76 0.12 0.31 0.65|0.02 0.17 0.70 | 0.34 0.56 0.67 | 0.00 0.49 0.73 0.70
etect. Macro-F1 0.76 0.12 0.36 0.71]0.01 0.15 0.78 | 0.37 0.64 0.75|0.00 0.57 0.79 0.76
AU Clarif BERTScore 0.81 0.64 0.79 085|026 0.77 0.86|0.65 0.82 0.85]0.59 0.80 0.86 -
" Rouge-L 0.45 0.19 0.39 0.56|0.05 0.33 0.56|0.18 0.52 0.54|0.21 039 0.60 -

Table 2: Performance metrics across models and tasks with the best values for each metric in bold and the second
best values underlined. Low performance of Base models are due to their inability to consistently generate the

expected output format.

terms of BERTScore, slightly exceeding GPT-4.1,
more pronounced disparities are observed for the
ROUGE-L metric. We hypothesize that informa-
tional content remains consistent across models
but those with higher ROUGE-L scores produce a
semantic structure that more closely aligns with the
style of human annotators, explaining lower scores
of non-finetuned models. We find Gemma-2-9B
(BERTScore: 0.86, ROUGE-L: 0.60) to outper-
form other systems including GPT-4.1.

Using GPT-4.1-nano as a judge, we compared
finetuned clarifications against initial LLM outputs.
Finetuned Gemma-2-9b was preferred 66% of the
time, initial outputs 26% of the time. Addition-
ally, we manually overviewed 100 clarifications
from Gemma-2-9b for the four types of errors in-
troduced in Section 5.4. We find that finetuning
significantly mitiged the over-analysis issue, from
19% in GPT-4.1 outputs down to 2%. The mis-
comprehension error is the most common (12%),
but mostly stems from over-simplifying the argu-
mentative unit rather than adding false informa-
tion. Over-specificity and misformulation (3 ex-
amples each) are seldom found. The last three
types are less concerning than the over-analysis
for democratic processes, as they do not add unex-
pressed information. See Appendix E for the eval-
uation prompt and comparison examples between
GPT-4.1 and Gemma-2-9b for which over-analysis
was corrected.

6.4 Implication for downstream tasks

Clustering similar opinions is a key step in many
downstream tasks such as topic modeling or sum-
marization (Small et al., 2023).

To assess the potential improvements for demo-
cratic downstream tasks, we evaluate the effect
on clustering quality of (i) AU segmentation and
(i1) AU clarification. We use UMAP (Mclnnes

et al., 2018) for dimension reduction and HDB-
SCAN (Mclnnes et al., 2017) for clustering on
the three types of texts — namely, the initial con-
tributions, the extracted AUs, and the associated
clarifications. We evaluate clustering quality using
(1) unsupervised clustering metrics, namely the
silhouette (Rousseeuw, 1987) and Davies-Bouldin
(DB) (Davies and Bouldin, 2009) scores, and (2)
GPT-4.1-nano as a judge in a pairwise compari-
son setup.

For the former, we compare the clusters created
from the argumentative units and from their clarifi-
cations on each of the four themes of the consulta-
tion. The results showed a consistent improvement
in both scores when using the clarifications instead
of their associated argumentative units: the average
silhouette score went from 0.46 to 0.59 (higher is
better) and DB score from 0.48 to 0.46 (lower is
better).

For the latter, we sample pairs of texts coming
from the same cluster. The model is then presented
with pairs from two different clusterings (contribu-
tions, AUs, or clarification); the task is to identify
the most coherent pair based on thematic speci-
ficity and consistency. We tested three settings
with 100 sampled pairs per theme:

1. Initial contributions vs. Argumentative units;

2. Argumentative units vs. Clarifications;

3. Argumentative units vs. Argumentative units,
using the clusters based on clarifications.

The third setting serves as a control to ensure the
judge’s preference is driven by thematic coherence
rather than by the improved syntax of clarifications.

The LLM judge showed a near-total preference
for the more granular units in all settings. In Set-
ting 1, argumentative units were prefered over raw
contributions in 84% of cases. Setting 2 showed
a 91% preference for clarifications. Setting 3 con-
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Theme Contribs. AUs statements solutions premises

Taxation and Public Spending 95,689 120,902 | 56,709¢82%  118,399¢90% 25,666(12.8%)
Ecological Transition 77,944 100,442 | 50,872313%) 92,587 s6.9%  19,18211.8%)
Organization of the State 28,584 35,204 | 19,948z26%  32,826¢36%  8,418a3s%)
Democracy and Citizenship 37,581 44,200 28,21737.1%) 37,854 s0.6%) 8, 771a179%)
Total 239,798 | 300,748 | 155,746:12%) 281,666¢64%) 62,037 12.4%)

Table 3: Number of contributions, argumentative units, statements, solutions, and premises per theme and in total
in GDN-CC-large, the automatically-annotated corpus. Percentages are calculated row-wise.

firmed this trend (90% preference), showing that
the coherence gain persists even when evaluating
the same text type (AU) rearranged into clusters
from clarifications. All results are statistically sig-
nificant (p < 0.001 in all settings). Prompts and
statistical analyses are given in Appendix F.

6.5 Annotating GDN-CC-large

Having shown that finetuned SLMs were reliable
for the task of Corpus Clarification, and that this
task was actually helping clustering and potentially
other downstream tasks, we applied our pipeline us-
ing the best-performing finetuned SLMs (Qwen-7b
for AU extraction and Gemma-9b for AS detection
and AU clarification)!” to the full corpus consist-
ing of 240k contributions, yiedling a dataset of
300k argumentative units, split into 155k state-
ments, 282k solutions and 62k premises. Table
3 displays the corpus statistics per theme and in
total. This annotation reinforce the analysis made
in Section 5, showing that Democracy and Citizen-
ship contains proportionally fewer solutions and
more statements. We can also see that Ecologi-
cal Transition and Taxation and Public Spending
got significantly more contributions (72.4% of all
contributions and 73.6% of all argumentative units
in the corpus) than the two other themes. These
themes are strongly related to the context in which
the Grand Débat National was organized, follow-
ing the Yellow Vest movement which started due to
a raise in taxes.

7 Conclusion

In this work, we formalized Corpus Clarification
as a first step for the automated analysis of large-
scale democratic consultations. By defining and
evaluating a three-step pipeline, we have devel-
oped a structured methodology to transform noisy,

""Further experiments with finetuned encoders displayed
better results for AU extraction, and another version of GDN-
CC-large will be shared.

multi-topic citizen contributions into standardized,
self-sufficient opinions. Our results, based on the
manual annotation of GDN-CC demonstrate that
finetuned encoders or SLMs match or outperform
large proprietary models. Specifically, derivatives
from Qwen2.5-7b and Gemma-2-9b proved amply
sufficient to obtain high quality annotations. Fur-
thermore, we provided empirical evidence that this
clarification process significantly enhances the per-
formance of embedding-based clustering, a critical
prerequisite for reliable topic modeling and debate
facilitation at scale. By releasing the 240k pro-
cessed contributions GDN-CC-large, we provide
the research community with the largest demo-
cratic consultation corpus annotated for down-
stream tasks.

Limitations

Though we bring a new approach to LLM:s for citi-
zen consultation analysis, we acknowledge some
limitations to our work. While the Corpus Clarifi-
cation task was thought of as language and topic-
agnostic, our work only focus on French contri-
butions for the Grand Débat National and do not
explore other languages or other types of consul-
tations, with potential unforeseen language- or
consultation-specific limitations to this framework.
Moreover, we did not perform any extensive ex-
ploration of LLM’s prompts, which could further
improve their capacities for the Corpus Clarifica-
tion task. We also focus on a restricted set of LLMs
systems (both for the manual annotation and the
automatic annotation). Considering a larger set
could bring deeper insights about the capacities
of various systems for this task. Finally, some
evaluations rely on LLM-as-a-Judge which, while
giving statistically significant results, is known to
be sensitive to prompting.
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Ethical Considerations

The deployment of Al in democratic processes ne-
cessitates a rigorous examination of the trade-offs
between computational efficiency and representa-
tional fidelity. The argumentative unit clarification
step of our pipeline prioritizes legibility to facili-
tate large-scale analysis. However, standardizing
raw expression carries the inherent risk of discard-
ing sentiment, nuance, or the unique "voice" of the
contributor. While we demonstrate that this pro-
cess significantly improves downstream clustering,
an ideal democratic analysis should not completely
forget the original form of expression. Moreover,
while finetuned LLMs reduce reliance on opaque
systems for analysis, the models we used are still
developed by private entities. This does not fully
resolve the problem of private dependence in pub-
lic democratic infrastructure.

Concerning the data from the Grand Débat Na-
tional that we use, all participants were aware that
their answers would be shared publicly. While
anonymity and the removal of hate speech was en-
sured for the manual annotation, we did not further
check if there was potential identifying informa-
tion or hate speech in the automatically-annotated
data. However, the original data source from the
French open data platform affirms that the data has
been anonymized.
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A Annotation process and platform

A.1 Annotation Platform

The annotation platform was developed in
javascript, using the React.js'® and Next.js frame-
works!?. The back-end server to handle contribu-
tions distributions, annotator accounts, and saving
the annotations was developed in Python, using the
Flask framework (Grinberg, 2018). For the auto-
matic clarification, we use the Open AI's API?
for GPT-4.1 and Groq inference provider?! for the
three other models.

The platform contains a welcome/tutorial page
accessible to all (Figure 3), as well as an exam-
ple page to see some annotations already done
(Figure 4). Annotators are given a unique token.
They must validate three examples for which the
expected annotation is given and explained before
having access to the annotation interface shown
in Figure 2. Annotators also have access to an ac-
count page (Figure 5), from which they can see the
number of annotations they have done so far, as
well as all the examples they annotated. They are
allowed to go back to previous annotations to re-do
them if needed. The interface also implements an
administration page for the allowed tokens to see
all done annotations (Figure 6). During the anno-
tation, annotators were allowed to report and skip
contributions to annotate if they were not under-
standable, contained hate speech, were too long, or
if they contained personal information.

We share our code for the platform to the com-
munity??. While all written parts are in French,
They can easily be modified to fit other annotations
needs in other languages.

A.2 Annotators Training and Monitoring

Annotators are graduate students in political sci-
ence who were paid 25 euros an hour for the anno-
tation (300 euros each in total), above the minimum
wage in France. All annotators participated in a
live presentation of the task before having access
to the platform. The platform, tasks, and expecta-
tions were explained to them. Examples of gold
annotations were provided to further explain the
task. After the meeting, annotators had to annotate
three controlled examples before starting the real

Breact.dev/

Pnextjs.org/

20platfor‘m.openai .com/

21groq .com/

21n the camera-ready version of the paper
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S unite tatives de I' érente de chaque unité. Cliquez ensuite sur

Imposer un nombre maximum de mandat consécutifs surtout pour les
communes, car cela favorise les réseaux, le copinage et in fine c'est une forme
de confiscation de la démocratie locale par un petit nombre pour un petit
nombre.

D IE_ET_CITOYEN 7 Les dirigeants des EPCI doivent pouvoir étre élus au suffrage universel direct et
non plus étre désignés par les maires et surtout entre eux.

Imposer un nombre maximum de mandat consécutifs surtout pour les communes, il <

n'est pas concevable qu'un maire soit aux commandes depuis parfois plus de 30 ans.

cela favorise les réseaux, le copinage et in fine c'est une forme de confiscation de la

démocratie locale par un petit nombre pour un petit nombre. enfin, les dirigeants des

EPCI doivent pouvoir étre élus au suffrage universel direct et non plus étre désignés par

les maires et surtout entre eux. cela s'apparente a une véritable mafia pseudo Iégale.

Signaler

Figure 2: Annotation interface. On the left is the segmented contribution, and on the right the clarification for each
argumentative unit.

Annotation du Grand Débat National

§ Bienvenue
Merci de participer a I'annotation des opinions exprimées dans le cadre du Grand Débat National.
Ce débat, organisé en 2019 a I'échelle nationale, a permis & des centaines de milliers de citoyens de partager en ligne leurs idées, leurs préoccupations et leurs
propositions sur des sujets variés (fiscalité, services publics, environnement, démocratie...). Vous trouverez plus d'informations sur https://granddebat.frj.
Votre role est d'aider a rendre ces contributions plus claires afin de mieux comprendre la diversité des opinions citoyennes en aidant les chercheurs a analyser le contenu
du débat.

B Votre tache

Chague opinion contient une ou plusieurs unités argumentatives (chaque idée exprimée correspond a une unité argumentative). Dans chaque unité, vous pouvez trouver
trois types de segments:
— l'auteur exprime son opinion qui n'est ni un argument ni une solution (“je pense que.

4 — une proposition concréte pour résoudre un probléme.

4 — une justification ou un exemple qui soutient une affirmation ou une solution.
Toutes les unités argumentatives comprennent au moins I'un des trois rdles, mais peuvent ne pas contenir les trois. Plusieurs segments d'une méme unité argumentative
peuvent aussi avoir le méme réle (par exemples, plusieurs arguments).

De plus, un méme texte peut avoir un role différent en fonction du reste de son unité argumentative. Par exemple, une affirmation peut devenir un argument si elle est
utilisée pour appuyer une solution.

Votre tache consiste a identifier et annoter toutes les unités argumentatives présentes dans chaque opinions, et d'annoter leurs sous-segments de texte selon les
trois types ci-dessus.

Ensuite, chaque unité argumentative sera réécrite par un systeme d'intelligence artificielle générative. Vous devez vérifier et modifier ces textes générés par le systéme
d'lA pour qu'ils représentent parfaitement I'idée exprimée par le citoyen.

% Comment annoter ?

. Le texte du citoyen apparait dans un cadre bleu avec son théme général en haut @ gauche (ex. ORGANISATION_DE_LETAT_ET_DES_SERVICES_PUBLICS).

. Chaque Unité argumentative est représentée par une couleur. Dans I'exemple ci-dessous, Iereprésente une unité argumentative. en appuyant sur le bouton
+, VOUS pouvez ajouter un nouveau cadre, c'est a dire une nouvelle idée abordée par le citoyen.

. Pour annoter, trouvez d'abord les différentes idées abordées dans le texte. Chaque idée correspondra & un cadre de couleur différente. Ensuite, pour chaque idée, trouvez
le type des différentes sous-parties du texte correspondant. Pour chaque sous-partie, surlignez-la et cliquez sur le type correspondant dans le cadre qui apparait

( . o ).

Figure 3: Welcome page. See Figure 7 for translation of the task explanation.
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Voici quelques exemples pour comprendre la tache :

(" affrm. \ "Argum )

Globalement I'impét, quel qu'il soit doit étre plus équitable. Il faut limiter les possibilités d'y échapper (évasion fiscale / niches fiscales /
fraudes). L'imp6t doit étre simplifié, en limitant le nombre de prélévement ou de taxes pour faciliter la compréhension de tous. Les aides
sociales doivent également étre plus lisibles : exemple, une aide familiale reprenant toutes celles existantes. Les dépenses doivent également
étre réalisées avec plus d'équité (ne pas faire profiter qu'un petite partie de la population).

Signaler

Analyse

Cet exemple a des idées plutdt claires sur la fiscalité. Il illustre bien les différences entre affirmation, argument et solution.

Unité argumentative 1
"Globalement I'impét, quel qu'il soit doit étre plus équitable. Il faut limiter les possibilités d'y échapper (évasion fiscale / niches fiscales / fraudes )."

‘Segmentation:

Figure 4: Example page.

Espace utilisateur

Token: bkFRSCVFOW

Annotation en cours: 224152

Annotations terminées (300 au total):

= 22/1/2025 14:59:56
Le gouvernement Macron, comme tous ses prédécesseurs depuis des décennies, néglige les questions environnementales. Il est temps pour la France de faire sa Révolution Verte vers une consommation plus
durable et responsable. Cela demande du courage politique pour agir vite et dans la durée ! Face au péril climatique et écologique, nous devons courir  la fois un sprint et un marathon. Il faut placer I'écologie au
centre du débat et des actions concrétes. Sinon, dans moins de 10 ans, nous connaitrons le grand effondrement de notre société et peut-étre de notre civilisation dite "moderne”..

Refaire

id: € 22/11/2025 14:59:12
Réformer les institutions - Deux-tiers des députés tirés au sort, mandat de 6 ans, renouvellement par tiers - Supprimer les communes aux profits des communautés de communes et d'agglomération - Maintien

transitoire de circonscription électorale a I'échelle communale - Conseils communautaires élus au suffrage directe - Ouvrir le recrutement des hauts fonctionnaires (accés des fonctionnaires territoriaux, des
universitaires par ex.), contrdlé par le Conseil économique, social et environnemental.

Refaire

id: 267096 22/1/2025 14:55:58
Le travail ne paie pas! Revenir au 39 heures! Baisser les charges sur les salaires! Le co(t de la vie augmente trés vite et les salaires ne suivent pas!!!

Refaire

id: 115405 22/1/2025 14:55:20
La transition écologique demande un réel changement de vie. La société de consommation doit &tre revue avec par exemple la durée de vie des appareils modernes allongée, I'éducation  bien se nourrir, 4 ne pas
dépenser inconsidérément dans les grandes surfaces, sur Internet, a respecter I'environnement, I'étre humain, le travail. Que penser de ceux qui brilent des éoliennes alors que certains s'engagent a faire mieux ?

Des lobbies qui imposent des produits dangereux ? Le citoyen de base n'a plus envie d'étre berné mais il doit étre aussi acteur et respectueux.

Refaire

Figure 5: Account page.
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Annotation du Grand Débat National

Admin Review
Select Opinion:

Annotator: frfYILkoCy
LLM: qwen/qwen3-32b
Time: 09/11/2025 19:23:34

Opinions

PUBLICS id: 14
. Il faut aussi légaliser le droit de choisir de

mourir dans la dignité. Légaliser I'euthanasie choisie. La loi Leoneti Clayes est a
revoir absolument. Il faut également en finir avec les emplois "a vie" des
fonctionnaires. Ce statut tue la motivation, beaucoup ne sont pas incités a donner
le meilleurs d'eux méme. Leurs performances doivent étre régulierement réévaluée
et ces réévaluations doivent influencer leur carriére. C'est un ancien fonctionnaire
qui vous le dit!

Signaler

| Envoyer

réinitialiser

Tutoriel Exemples Annotations Profil Contact

renforcées par une réévaluation réguliére influengant leur carriére, afin de
remédier au manque d'incitation & se surpasser lié au statut d'emploi a vie.

. La motivation et les performances des fonctionnaires doivent étre

La loi Leoneti Clayes est a revoir absolument, car il faut Iégaliser le droit de
choisir de mourir dans la dignité, c'est-a-dire Iégaliser I'euthanasie choisie.

Les emplois a vie des fonctionnaires doivent étre abolis car ils tuent la
motivation et ne favorisent pas I'excellence ; il convient donc de réévaluer
réguliérement leurs performances et d'en faire dépendre leur carriére.

| Accepter les résumés

Figure 6: Administration page.

annotation process.

After a third of the annotation was done, a meet-
ing was held with four of the five annotators. The
fifth annotator could not attend, but was sent a re-
port of the meeting afterwards. The objective of
this meeting was to discuss annotation difficulties
and methods and to discuss some contributions for
which two annotations by two different annotators
were significantly different. This meeting greatly
helped with improving the quality of annotations:
The mean WindowDiff agreement went from 0.10
before the meeting to 0.08 (median 0.09 to 0.06).
The token-overlap metric went from 0.74 and 0.69
macro-F1 and micro-F1 to 0.83 and 0.80 respec-
tively. The mean and median accuracy of span
types (statement/premise/solution) went from 0.64
and 0.63 to 0.66 and 0.77.

A.3 Inter-Annotator Agreement

Table 4 provides micro and macro precision, recall,
and F1 for the task of Argumentative Units seg-
mentation. Figure 8 shows the proportions of each
annotated type pairs for tokens’ argumentative type.
We find that 36% of the text tokens are annotated
twice as solutions, showing both the importance of
this type and the strong agreement between anno-
tators. This figure also displays the rather strong
confusion between statements and premises.

A=05 A=1

precision micro 0.78 0.45
macro 0.80 0.42

recall micro 0.65 0.38
macro 0.76 0.41

F1 micro 0.71 0.41
macro 0.76 0.42

Table 4: Argumentative Units match between annota-
tors.

We provide some examples of confusions be-
tween statements and premises. All texts are orig-
inally French and translated to English. In many
cases, the confusion is made when the citizen uses
its own belief or experience as justification:

» "Every country has its own history and cus-
toms." in "Every country has its own history
and customs. When integrating into a country,
you must be able to respect and accept those
of the host country.";

* "Over 3 km near my house: 70-90-70-90-80-
70-50" in "You have to stop changing speed
limits too often. Over 3 km near my house:
70-90-70-90-80-70-50";

* "There have been more significant climate
variations throughout history." in "Let’s stop
focusing on humanity’s ability to influence
“climate change.” There have been more signif-
icant climate variations throughout history.".
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three types of segments:

solution (“I think that...”).

Each opinion contains one or more argumentative units (each idea expressed
corresponds to one argumentative unit). In each unit, you can find

Statement(s): the author expresses their opinion, which is neither an argument nor

Solution(s): a concrete proposal to solve a problem.
Argument(s): a justification or example that supports a statement or solution.

All argumentative units include at least one of the three roles, but may not contain
all three. Several segments of the same argumentative unit may also have the
same role (for example, several arguments). In addition, the same text may have a
different role depending on the rest of its argumentative unit.

For example, a statement can become an argument if it is used to support a solution.

Your task is to identify and annotate all argumentative units present in each
opinion, and to annotate their text sub-segments according to the three types
above. Each argumentative unit will then be rewritten by a generative
artificial intelligence system. You must check and modify these texts generated by
the AI system so that they perfectly represent the idea expressed by the citizen.

Figure 7: Translation of the task explanation on the annotation platform.

B Complementary Analysis of the
Manually-Annotated Corpus

B.1 Statistics of the Corpus

In this section, we provide more statistics about
the manually-annotated corpus. Figures 9 and 10
respectively displays the distributions of number
of argumentative units and of argumentative spans
types per contribution.

B.2 Characterization of Annotators
Corrections

In this section, we explore the corrections made by
the annotators in details by computing the differ-
ences between the Argumentative Units, the clar-
ification generated by Al systems, and the final
clarifications accepted by the annotators using dif-
ferent metrics and systems.

Levenshtein edit distance To better understand
the modifications introduced by human annotators,
we computed the edit distance between: (i) the
original argumentative unit and the LLM clarifi-
cation, (ii) the original argumentative unit and the
final clarification, and (iii) the LLM clarification
and the final clarification.

The edit distance, also known as Levenshtein dis-
tance, measures the similarity between two strings
by counting the minimum number of character-
level insertions, deletions, and substitutions re-
quired to transform one string into the other. The
results are presented in Table 5.

On average, the edit distance between the orig-
inal text and the LLM clarification is higher than
between the original text and the final clarifica-
tion. This suggests that LLMs tend to introduce
additional information that is later removed by hu-
man annotators. This interpretation is consistent
with the smaller edit distance observed between
the LLM clarification and the final clarification.

Furthermore, 40% of the final clarifications (331
out of 828) are entirely contained within the cor-
responding LLLM clarification, ignoring punctua-
tion. This indicates that, in many cases, the an-
notator’s intervention consists mainly in deleting
superfluous content rather than rewriting the clari-
fication. We further compare these results with the
edit distances computed for argumentative units
whose clarifications were not modified by anno-
tators, shown in the last row of Table 5. The edit
distances in this case are relatively high and compa-
rable to those observed between the original units
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GPT-4.1 qwen3-32b llama3.3-70b llama3.1-8b | Mean
AU — LLM 125 135 134 119 128
AU — Clarif. 81 88 93 85 87
LLM — Clarif. 78 81 71 74 76
AU — LLM=Clarif. 134 166 139 141 \ 145

Table 5: edit distance between the original argumentative unit (UA), the LLM clarification (LLM), and the final
clarification (Clarif.). The last row corresponds to the cases for which the LLM output was accepted as-is by the

annotator.

and the LLM clarifications in Table 5. This sug-
gests that LLMs systematically attempt to reformu-
late the original text, even when no modification
is ultimately necessary. When such changes are
appropriate, the clarification is kept; otherwise,
it is corrected. This observation is supported by
length statistics. Argumentative units with modi-
fied clarifications are shorter on average (143 char-
acters) than those with unmodified clarifications
(203 characters). However, the LLM clarifications
have a similar average length in both cases (178
characters). The final clarifications, after human
correction, are significantly shorter, with an aver-
age length of 120 characters, reinforcing the hy-
pothesis that human corrections primarily involve
removing unnecessary content.

ROUGE scores ROUGE (Recall-Oriented Un-
derstudy for Gisting Evaluation) scores measure
textual similarity by comparing overlapping units
such as n-grams and longest common subse-
quences, typically between an automatically gen-
erated summary and a human reference summary.
ROUGE scores range from 0 to 1, with higher val-
ues indicating greater similarity.

We report ROUGE-1 (unigram overlap),
ROUGE-2 (bigram overlap), and ROUGE-L
(longest common subsequence) scores. The re-
sults are shown in Table 6. Once again, the final
clarifications appear more similar to the original
argumentative units than the LLM clarifications.

For argumentative units with unmodified clarifi-
cations, ROUGE scores between the clarification
and the original unit (last row of Table 6) are close
to the LLM-original scores observed above, which
is consistent with our previous findings.

Perplexity Perplexity measures the uncer-
tainty of a language model when predicting the
next token in a sequence. We computed the
perplexity of four LLMs (gemma-2-9b-it,
Meta-Llama-3.1-8B-Instruct,

solution

€
[}
§ 009 0.13
i)
%]
2
g 0.06 0.11 0.15
IS
o)
5 0.03 0.04 0.03 0.02
c
solution statement premise none

Figure 8: Proportions of tokens labels pairs in all con-
tributions annotated by two different annotators.

Mistral-7B-Instruct-v@.3, and
Qwen2.5-7B-Instruct) on the original ar-
gumentative units, the LLM clarifications, and the
final clarifications. Results are shown in Table 7.
Across all models, the lowest perplexity is ob-
served for the LLM clarifications, which is ex-
pected since these texts are generated by LLMs.

B.3 Clarification Errors

Table 9 provides an example of LLLM output and
annotator correction for each error type, in French
and with their English translations. The informa-
tion removed by the annotator is displayed in red
while the information added by the annotator is
shown in green. Table 8 displays the proportion of
types of errors for each model and in total found
in the manually overviewed corrections.

C Experiments

In this section, we give details and complementary
results of the experiments described in Section 6.
C.1 Finetuning details

All models are trained for up to 5 epochs with a
batch size of 2 and 8 steps of gradient accumula-
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ROUGE-1 ROUGE-2 ROUGE-L

LLM < Clarif. 0.68 0.63 0.67
LLM <> AU 0.53 0.40 0.46
Clarif. <> AU 0.62 0.48 0.56
LLM=Clarif. <+ AU [ 057 0.42 0.47

Table 6: ROUGE scores between the LLM clarification (LLM), the final clarification (Clarif.), and the original
argumentative unit (AU). The last row corresponds to the cases for which the LLM output was accepted as-is by the

annotator.

gemma-9b Llama-8B Mistral-7B  Qwen2.5-7B

AU 96.5 10.0 7.5 10.3
LLM clarification 41.9 4.6 4.0 4.9
final clarification 30.0 5.9 4.7 6.1

Table 7: Perplexity of the original argumentative unit, the LLM clarification, and the final clarification. We use the

Instruct variant for all models.

GPT-4.1 Qwen-32b Llama-70b Llama-8b || Total
% of corrected output | 20.3% 27.8% 29.9% 29.7% 26.7%
Over-analysis 76% 72% 80% 60% 72%
Miscomprehension 8% 16% 0% 24% 12%
Over-specificity 4% 4% 4% 0% 3%
Misformulation 12% 8% 16% 16% 13%

Table 8: Proportions of types of error per theme for each Al system during the second annotation phase.

1000

800

600

Frequency

400

200

0 1 2 3 4 5 6

Distribution of Argumentative Units

7 8 9 10 "
Number of Units (Segments)

Figure 9: Distribution of numbers of Argumentative Units in the manually-annotated corpus.
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Error type

Output

Correction

Over-analysis

Réduire les frais de fonctionnement,
les avantages et le nombre d’€élus
permettrait de faire des économies

significatives dans les dépenses
publiques.
Reducing operating costs, benefits, and

the number of elected officials would lead to
significant savings in public spending.

Il faut réduire les frais de fonction-
nement, les avantages et le nombre
d’élus.

Operating costs, benefits, and the num-
ber of elected officials must be reduced.

Miscomprehension

Développer un navigateur, un moteur
de recherche et une messagerie open
source pour concurrencer les géants
de I’internet actuels.

Develop an open source browser, search
engine, and email service to compete with the
current internet giants.

Développer un navigateur, un moteur
de recherche et une messagerie open
source pour concurrencer les géants
de D'internet actuels,

Develop an open source browser, search
engine, and email service to compete with
the current internet giants,

Over-specificity

La solution est de respecter le vote
des citoyens et le référendum, sans
plan B, plutdt que de supprimer une
ville entiere pour des zadistes.

The solution is to respect the citizens’
vote and the referendum, without a plan B,
rather than removing an entire city for the
sake of protesters.

La solution est de respecter le vote des
citoyens et le référendum, sans plan B.

The solution is to respect the citizens’
vote and the referendum, without a plan B.

Misformulation

L’argument clair et auto-suffisant
sous-jacent est : **Les plus pollueurs
devraient payer plus, selon un sys-
teme proportionnel a leur degré de
pollution.**

The clear and self-sufficient underlying
pay more, according to a system proportional
to their degree of pollution.**

Les plus pollueurs devraient payer
plus, selon un systéme proportionnel
a leur degré de pollution.

The biggest polluters should pay more,
according to a system proportional to their
degree of pollution.

Table 9: Example of Al system output and correction by the annotators for each type of error. In over-analysis, the
removed text was not present in the initial contribution. In Over-specificity, it was present in the contribution but
not in the argumentative unit.
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Figure 10: Distribution of numbers of argumentative spans types in the manually-annotated corpus.

tion. We report the best results for all model trying
learning rates in [le —5,3e —5, 5e —5, le —4]. We
set the learning rate warm-up ratio at 5%. All mod-
els have an early stopping callback based on the
evaluation set loss, and most stopped training after
2 to 3 epochs for all tasks. We use the TRL package
(von Werra et al., 2020) for the supervised finetun-
ing. All models were finetuned on one H100 GPU
and evaluated using one A100 GPU, and the full
finetuning and evaluation pipeline took a couple
of hours per model, which totals around 100 hours
of GPU runtime for all experiments. We use Ope-
nAl’s GPT-4.1 as a comparison point, prompted
in a one-shot manner. We report all the prompts
used for all tasks in appendix G. Figures 11, 12
and 13 display the results of base, instruct and fine-
tuned SLMs on the three tasks of AU extraction,
AS detection and AU clarification compared to the
GPT-4.1 baseline.

The selected models for each task are Qwen-7B
(Ir = 5e — 5) for AU extraction, Gemma-9B (Ir =
5e — 5) for AS Detection and Gemma-9B (Ir
3e — 5) for AU Clarification.

C.2 Encoder-based Approaches
C.2.1 Argument Unit Detection

Argumentative Unit Detection amounts to identify-
ing content containing argumentative structure in
texts, which can be performed using encoders in
several ways. We experimented with two encoder-
based formulations for argumentative unit (AU) ex-
traction: a BIO token classifier where every token

is labeled as outside (O), inside (I) or the begin-
ning of a relevant sequence and an enumerative
span classifier, which scores all possible spans up
to a maximum length. Overall, BIO models per-
formed better.

All models are trained with AdamW, a linear
warmup scheduler, gradient clipping, and early
stopping on validation micro-F1. We convert to-
ken index predictions into textual spans to use
the same evaluation functions as those used for
decoder-based segmentations.

BIO token classification Our main model casts
AU extraction as sequence labeling with three la-
bels: 0, B-AU, and I-AU. Given an input sequence
x = (1, ...,x7), the encoder produces contextu-
alized token representations hq, ..., hr, and a lin-
ear classifier predicts a label distribution for each
token:

p(yt | ) = softmax(Why + b).

Gold spans are projected onto token indices: the
first token of a span receives B-AU, following to-
kens receive I-AU, and all others receive 0. Special
tokens and padding are ignored in the loss. Train-
ing uses standard token-level cross-entropy. At
inference time, predicted BIO sequences are con-
verted back into spans using tokenizer offsets.

Span classification We also implemented a span
classifier that scores candidate spans directly.
Given an input sequence of tokens (t1, ..., %), the
encoder produces contextualized representations
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Hyperparameter Value

Model almanach/camembertav2-base
Learning rate 2x107°

Dropout 0.1

Batch size 4

Table 10: Best Hyperparameter Configuration for
Encoder-based Argument Unit Detection

(hy,...,h,). For each candidate segment (i, ;)
with 1 < ¢ < j < n, we construct a segment rep-
resentation by concatenating the representation of
the start token h;, the representation of the end to-
ken h;, the average representation of tokens within
the span j_zl. i} Zi:z hy,, and the representation of
the special [CLS] token hg. This representation is
passed to a small feed-forward classifier producing
a scalar span score. Training uses binary cross-
entropy over candidate spans, with positive-class
reweighting to address class imbalance.

At inference time, spans are decoded greedily
from left to right using a score threshold. Although
this formulation predicts spans directly, it is com-
putationally more expensive and performed worse
than BIO in our experiments.

Model selection We tuned encoder backbone,
learning rate, batch size, and dropout for both mod-
els, and additionally varied maximum span length
for the span classifier. The BIO formulation gave
the best validation performance, so we retain it
as our main encoder-based AU extraction model.
Best results are displayed in Table 11.

Metric Precision Recall F1
Macro 0.879 0.824 0.831
Micro 0.869 0.782 0.823

Table 11: Macro and Micro F1-scores on the Test Set
for Encoder-based Argument Unit Detection

()\overlap =0.9)

C.2.2 Argument Structure Detection

As Argumentative Structure Detection can be for-
mulated as a span extraction and tagging task, we
explore the capacities of an encoder-based model
for this task, which is faster and more memory-
efficient to train and use. This type of models
could be useful in resource-constrained scenarios,
and prove to be reliable for this task.

Model Architecture We use a span representa-
tion similar to that of the span-based encoder ap-
proach for AU detection. For each candidate span
(s,e) up to a maximum length, we build a rep-
resentation by concatenating the start token, end
token, mean-pooled span representation, and CLS
representation:

Tse = [hs; he; hs:e; hO]

This results in a fixed-size representation for each
candidate span, independently of its length.

Training Objective The model is trained to
jointly predict the end position and the type of
each gold span. For each gold segment (s, e, Tx)
in the training set, the start token is fixed to its gold
value sj, (the beginning of the gold span), and we
enumerate all candidate ends, thereby considering
all possible spans up to a maximum span length,
compute their representations and their scores us-
ing a feedforward scoring head. We use a cross-
entropy loss over candidate ends with the gold end
token ey as reference. Similarly, a cross-entropy
loss is performed over types using the gold type 7.
The total loss is defined as:

L= Eend +A- Etype

where Lenq is the average loss for end prediction,
Lyype 1s the average loss for type classification, and
A is a tunable weight (type_loss_weight, set via
hyperparameter optimization).

Inference Procedure Since each Argumentative
Unit (AU) is assumed to contain only relevant
argumentative material (as opposed to full-text
detection), we adopt a greedy decoding strategy
that sequentially consumes the entire sequence
without leaving gaps. This design reflects the
annotation convention of the corpus, in which
AUs are extracted first and every token inside an
AU belongs to exactly one argumentative span.
Accordingly, we perform inference using a se-
quential greedy strategy to extract text spans and
assign each one an argument type. Let x
[CLS], x1, 22, ..., 2T, [SEP] be the tokenized in-
put sequence, and H = [hg, hy,... hy] be the
corresponding contextual representations obtained
from the encoder, where hg corresponds to the
[CLS] token. Given a start token index s, we enu-
merate all possible spans (s, e) up to the maximum
possible length (or end of the whole sequence) and
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Hyperparameter Value

Model almanach/camembertav2-base
Learning rate 5.379 x 1075
Dropout 0.202

Type loss weight 0.878

Max span length 261

Table 12: Best Hyperparameter Configuration for
Encoder-based Argument Structure Detection selected
via Optuna

compute their scores for span and type as:

(SCOI’CSVe, 7'573) = fspan<h57 h67 hmean; hO)

where fspan is a span scoring function and hye,, is
the mean-pooled representation of all token hidden
states from index s to e. The score score, . assesses
the likelihood of the span being argumentative, and
Ts,e denotes its associated type. We select the best
end point based on the span score:

(€, Tser) = argmax scores e
€

Hyperparameter Tuning We optimize all hy-
perparameters with Optuna (Akiba et al., 2019).
The search space includes the choice of encoder
(camembertav2-base (Antoun et al., 2024) or
moderncamembert-base (Antoun et al., 2025)),
learning rate (log-uniform), dropout rate, maxi-
mum span length, and the weighting of the type-
classification loss. We use Optuna’s Median Pruner
to discard low-performing configurations early
based on development micro-F1. For each trial,
models are trained with a batch size of 4 examples
and using early stopping, for up to a maximum of
10 epochs. The final selected configuration yielded
a micro-F1 score of 0.704 over the development
set after 4 epochs, and is shown in Table 12.

Encoder Performances Micro- and macro-
metrics similar to those presented for decoder-
based approaches are reported in Table 13.

Metric Precision Recall F1
Macro 0.769 0.779 0.765
Micro 0.697 0.711 0.704

Table 13: Macro and Micro F1-scores on the Test Set
for Encoder-based Argument Structure Detection
()\overlap =0.9)

D Statistical Model for LLMs

clarification qualities

In this appendix, we elaborate the statistical model
introduced in Section 5.

We formalize the Al-human hybrid annotation
process as a decision model to evaluate the intrin-
sic quality of the four clarification systems. Fol-
lowing the argumentative segmentation, an anno-
tator requests an automated clarification from a
model [, where [ is sampled from a discrete uni-
form distribution L ~ U{1,...,4}. The annotator
then makes a binary decision based on an internal
quality threshold 7%, which varies depending on
the number of attempts k. If the generated clari-
fication quality e meets or exceeds the threshold
(e > 1), the annotator accepts the output. In
this case, we directly observe the quality e as the
ROUGE-L score between the model’s output and
the final human-validated text. Else, if the quality
falls below the threshold (¢ < 7), the annota-
tor rejects the output and requests a new genera-
tion, leaving the specific value of e unknown. We
model the quality e for each model [ using a Beta
distribution, e ~ Beta(ay, §;). Observations are
D = {(k,l,r,e)j}jcdata Where r € {0,1} is the
acceptance indicator and 7 is modeled as a Dirac
distribution dependent on the attempt index k. The
total log-likelihood for our observations D is de-
fined as follows:

log L Z log p(7, ejlkj,1;)

> logp(ejlk;, 1) - ple > i, |kj, 1)
jlr=0

+ Z log p(e < 71;1kj,15)
jlr=1

)

We jointly optimize the parameters «; and 3; and
the acceptance thresholds 7 via gradient ascent
to find the maximum likelihood estimates for each
system.

As the Beta distribution’s cumulative distribu-
tion function (defined as the regularized incom-
plete beta function I,(a,b) = Bé‘f;f’b’f )y does not
have a closed form and its partial derivatives are
not tractable, we approximate its value through nu-
merical integration and compute the gradients by
implementing it with torch.

The final o; and f; after optimization are re-
ported in Table 14. The associated means com-
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o B
GPT-4.1 1.75 1.12e-1
Llama-70B | 1.80 1.22e-1
Qwen-32B 1.57 1.19e-1
Llama-8B 1.10 1.16e-1

Table 14: «; and j; for all four models.

a
a+p6

puted as are reported in Section 4.

E Clarification Improvements after
finetuning

Figure 14 shows the prompt used for LL.M-as-a-
Judge for the clarification evaluation. Over the 348
examples of the test set, the preferred clarification
was the one of the LLM during the annotation 91
of the time, the one of the finetuned model 231
times, and a draw 26 times.

We use the statistical test 2, where H is the
fact that all three possible outcomes are equally
likely, and the binomial statistical tests by elimi-
nating the draw option and considering Hy as A
and B are equally likely. For both tests, the null
hypothesis Hy can be rejected (p < 0.001).

Interestingly, by doing the same evaluation by
comparing the finetuned SLMs and annotators’
clarifications, the finetuned SLMs are preferred in
194 examples (111 for annotators, 43 draws). this
result is also statistically significant (p < 0.001).
We find that the finetuned SLM tends to rephrase
the argumentative unit texts less than the LLMs,
and therefore of annotators clarifications (which
are usually modifications of LLMs output, as high-
lighted in appendix B). This makes their clarifi-
cations closer to the original meaning of the AUs
while correcting their writing mistakes and unnat-
ural phrasings. Table 15 provides examples of
SLMs output that avoid the over-analysis of the
LLM model.

F Clustering Improvements

Technical details We use the
paraphrase-multilingual-MinilLM-L12-v2
sentence transformer model (Reimers and

Gurevych, 2019) as embedding model, UMAP
(Sainburg et al., 2021) as a dimension reduction
algorithm and HDBSCAN (Campello et al., 2013)
as the clustering method.

Experiments and results Table 16 displays the
results of the LLM-as-a-Judge. the lines Tax., Eco.,

Org. and Dem. respectively correspond to the
themes Taxation and Public Spending, Ecological
Transition, Organization of The State and Democ-
racy and Citizenship. The three columns are the
three experimental settings:
* Setting 1: Initial contributions (A) vs. Argu-
mentative units (B)
* Setting 2: Argumentative units (A) vs. Clari-
fications (B)
* Setting 3: Argumentative units (A) vs. AU
using clarification-based clusters (B)
in all three settings, D means Draw. We evaluate
the 2 and binomial statistical tests with the same
null hypothesis Hy as done in Appendix E. For
both tests, in all settings, and for all themes the
null hypothesis Hy can be rejected (p < 0.001).

Setting 1 Setting 2 Setting 3

A B D A B D A B D
Tax 15 8 4 6 92 2 13 8 0
Eco 22 77 1 14 84 2 8 91 1
Org 7 9 3 6 9% 4 1 95 4
Dem 10 88 2 1 98 1 88 8
Tot. 54 336 10 27 364 9 26 361 13
Table 16: LLM-as-a-Judge preference distribution

across four themes and three experimental settings.

Because the text type (segmented AUs) evalu-
ated by the LLLM-Judge was identical in Setting 3,
the 90% preference confirms that the improvement
stems entirely from better cluster organization, not
just linguistic clarity.

G Annotation and Finetuning Prompts

We display in this appendix the prompts used dur-
ing the annotation (Figure 15), for the Argumen-
tative Unit extraction task (Figure 16), the Argu-
mentative Structure detection task (Figure 17) and
the Argumentative Unit extraction task (Figure 18).
Figure 19 displays the LL.M-as-a-Judge prompt
used for the evaluation of clustering.

All prompts were given in French to Al mod-
els in order to limit code switching, but are here
given in English. For GPT-4.1 prompting as a
comparison baseline, we added one example in
each prompt before giving the actual contribution
to process.
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Initial AU

LLM output

Finetuned SLM output

Mettre en place des centres de
collecte (vétements matériels
puériculture jouets) pour les
enfants malades ou placés. Idem
pour les animaux. Idem pour le
recyclage.

Set up collection centers (cloth-
ing, childcare items, toys) for sick
or foster children. The same applies
to animals. The same applies to
recycling.

Mettre en place des centres
de collecte pour vétements,
matériel de puériculture et
jouets destinés aux enfants
malades ou placés, ainsi que
pour les animaux et le recyclage,
permettrait d’apporter une aide
concrete et ciblée en complé-
ment de la fiscalité classique.

Setting up collection centers for
clothing, childcare equipment, and
toys for sick or foster children, as
well as for animals and recycling,
would provide concrete and targeted
assistance in addition to traditional
taxation.

Il faut mettre en place des
centres de collecte pour les
enfants malades ou placés, les
animaux et le recyclage.

Collection centers must be set
up for sick or foster children, animals,
and recycling.

Taxer les propriétaires des

grosses cylindrées.

Tax owners of large-engine vehi-
cles.

Il faut taxer les propriétaires
des grosses cylindrées pour en-
courager des choix de véhicules
moins polluants.’

Owners of large-engine vehicles
should be taxed to encourage the
choice of less polluting vehicles.

Taxer les propriétaires des

grosses cylindrées.

Tax owners of large-engine vehi-
cles.

Subventions état pour stérilisa-
tion chats errants .
Government subsidies steril-
ization stray cats .

for

L’Etat devrait accorder des
subventions pour la stérilisation
des chats errants afin de mieux
protéger les animaux.

The government should provide
subsidies for the sterilization of stray
cats in order to better protect animals.

11 faut accorder des subventions
publiques pour la stérilisation
des chats errants.

Public subsidies should be granted for
the sterilization of stray cats.

Table 15: Some example clarifications from the test set given by the LLMs during the annotation and by the

finetuned SLM after finetuning.
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### Role
You are an expert in rewriting and clarification. Your task is to judge the
clarity of a given text.

### Strict instructions

The user will give you a text, a segment of that text (which may

potentially be the entire text), and two clarifications, A and B, of that segment.
A clarification must transform the initial text into a clear and self-sufficient
text that can be understood without the context of the initial text.

This clarification may add this context if it is contained in the initial text
and rephrase the segment. However, it must not add

justifications if the text does not mention them. You must judge which of the two
clarifications is the best.

Answer ONLY with “A,” “B,” or “TIE.” Answer “TIE” only if there is

no difference between the two. Prefer “A” or “B.”

### Reference examples:

Example 1 (adding justification):

Text:

I don't understand how anyone can be so out of touch with reality. THE PRESIDENT'S
SALARY MUST BE REDUCED!!

Segment:

THE PRESIDENT'S SALARY MUST BE REDUCED!!

Clarifications:

A- The president's salary must be lowered.

B- The president's salary must be lowered to limit public spending.
Answer: A

Example 2 (one of the two adds important context):

Text:

Inequalities are too great; aid must be increased. The same goes for tax audits.
Segment:

Segment:

The same applies to tax control.

Clarification:

A- Tax control must be strengthened.

B- Tax control must be strengthened because inequality is too high.

Answer: B

Example 3 (equality):

Text:

Lower the allowances of parliamentarians.

Segment:

Lower the allowances of parliamentarians.
Clarification:

- The allowances of parliamentarians must be lowered.
- Lower the allowances of parliamentarians.

Answer: EQUALITY

Figure 14: LLM-as-a-judge prompt for clarification evaluation (translated from French to English).
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You are an argument clarification portal. The user will give you a written opinion
on a given topic, as well as the segmentation of one of the arguments in that
opinion into three types of segments: statement(s), argument(s), and solution(s).
Extract, in one sentence, the clear and self-sufficient argument underlying this
segmentation. Prioritize the solution, and include arguments and statements
only if they seem relevant to you. You can use the context of the entire opinion
to help you, but do not include any information that is not present

in the segments. Respond only with the clear and self-sufficient argument, and
nothing else. If the argument is already clear and well written, you can refer
directly to that argument.

Given the opinion:
{{contribution}}

on the topic {{theme}}

Extract, in one sentence, the underlying argument consisting of:
- Statements: {{statements}}

- Arguments: {{premises}}

- Solutions: {{solutions}}

Figure 15: System Prompt for the clarification task used during the annotation (translated from French to English).

I am going to give you an opinion piece in French. Your task is to segment this
text into argumentative units. We define an argumentative unit as one

or more segments of the text that focus on a particular topic. It may consist of
solutions, arguments, or simple statements. An argumentative unit

is not necessarily contiguous: it can join segments that do not follow each other.

This task is EXTRACTIVE. You must COPY and only copy the text of the argumentative
unit exactly as it is written, including capital letters and punctuation.

If the argumentative unit is composed of several non-contiguous segments,

you can concatenate them by simply separating them with a space. There is at
least one argumentative unit in the text, but no maximum number. Highlight the
argumentative units in the form of a list as shown in the example.

Not all segments of the text are necessarily part of an argumentative unit.

You must give the argumentative units in the form of a list:
- argumentative unit 1
- argumentative unit 2...

Do NOT output ANYTHING OTHER than the list of argumentative units.
Here is the text:
{{contribution}}

Figure 16: System Prompt for the Argumentative Units extraction tasks (translated from French to English).
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I am going to give you a segment of text containing opinions in French. Your task is
to segment this text and assign each segment a type. The possible types are
STATEMENT, PREMISE, and SOLUTION, and ONLY those. Below is the definition of
each type:

- SOLUTION: a proposal for action (whether concrete and feasible or not) to be
taken to solve a problem.

- STATEMENT: the expression of an opinion as an assertion, which does not provide a
solution but rather expresses a feeling.

- PREMISE: a justification, argument, or example that supports an

assertion or solution.

This task is EXTRACTIVE; you must copy the text of each segment exactly

as it is written, including capital letters and punctuation.

The entire text must be segmented. Not all types of

segments are necessarily present, and several segments may be of the same type.
You MUST highlight the segmentation by following the exact format of the example,
including the “-” for each segment.

- [STATEMENT] Statement 1
- [SOLUTION] Solution 1

- [STATEMENT] Statement 2
- [PREMISE] Argument 1...

I will give you the original text and the segment, and you must output the list of
segments and their types in the form “- [TYPE] SEGMENT,” and nothing else.

Original text:
{{contribution}}

Segment:
{{argumentative unit}}

Figure 17: System Prompt for the Argumentative Structure detection task (translated from French to English).
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I will give you a segment of opinion text in French, as well as the original text
from which it is taken. Your job is to rewrite this opinion segment

clearly. In particular, you must first correct spelling,

grammar, and syntax errors. You must also add the context present in the original
text if it is important for understanding the segment. The final

clarified text must be understandable without access to either the original text or
its sub-segment. If the segment is already clear and well written, you should
simply copy it. You should ONLY highlight the clarification of the segment and
nothing else.

Original text:
{{contribution}}

Segment to be clarified:
{{argumentative unit}}

Figure 18: System Prompt for the Argumentative Unit clarification task (translated from French to English.
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### Role
You are an expert judge of thematic consistency. Your task is to compare two
clusters of texts (A and B).

### Strict instructions

1. A group is “better” if it is more specific, more precise, and if ALL

texts deal with the same subject using the same approach.

2. If a group contains different subjects (even if they are vaguely related to
politics or money), it must be penalized.

3. Respond ONLY with “A,” “B,” or “TIE.” Respond with “TIE” only if there is
no difference between the two. Give preference to “A” or “B.”

No explanations will be tolerated.

### Reference examples:
Example 1 (Divergent topics vs. Identical topics):

A:

- “Reform public inquiries”
- “Limit aid to foreigners”
- “Climate change”

B:

- “Tax kerosene,”

- “Tax polluting companies”
Verdict: B

Example 2 (Similar but different topics vs. Identical topics):

- “Inheritance and estate taxes,”
- “Cost of retirement homes/nursing homes”

B:

- “Eliminate compensation for former presidents,”
- “Reduce benefits for former presidents”
Verdict: B

Example 3 (Total consistency on both sides):

- “Legalize cannabis”
- “Sell cannabis in pharmacies”

- “Increase the minimum wage,”
- “Raise the minimum wage”
Verdict: TIE

Figure 19: System Prompt for the LLM-as-a-Judge evaluation of clustering (translated from French to English).
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