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?Institute for Computational Linguistics "A. Zampolli” (CNR-ILC) - ItaliaNLP Lab, Pisa, Italy
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’Department of Computer Science, University of Bari Aldo Moro, Bari, Italy

%Universita degli Studi di Torino, Torino, Italy

7aequa—tech, Torino, Italy

1. Preface

EVALITA 2026 is an initiative of AILC (Associazione Italiana di Linguistica Computazionale)’, and it
is endorsed by the Italian Association for Artificial Intelligence (AIXIA)? and the Italian Association
for Speech Sciences (AISV)®. As in the previous editions (http://www.evalita.it/), EVALITA 2026 is
organized along a set of selected tasks, which provide participants with opportunities to discuss and
explore both emerging and traditional areas of Natural Language Processing (NLP) and Speech for
Italian. The participation is encouraged for teams working both in academic institutions and industrial
organizations.

This volume includes the reports of both task organizers and participants to all of the EVALITA 2026
challenges. In the 2026 edition, we coordinated the organization of 10 different tasks belonging to five
research areas, being:

Authorship Analysis

+ DeSegMa-It: DEtection and SEgmentation of MAchine generated texts in Italian (G. Puccetti, A.
Pedrotti, A. Esuli)

Computational Ethics

« GSLdetect — Detecting Gender Stereotypes in Italian (G. Comandini, M. Speranza, S. Brenna, D.
Testa, S. Cavagnoli, B. Magnini)

« MultiPRIDE: Multilingual Automatic Detection of Reclamation of Slurs in the LGBTQ+ Context (C.
Ferrando, L. Draetta, M. Madeddu, M. Sosto, V. Patti, P. Rosso, C. Bosco, J. Mata, E. Gualda)

Emerging Tasks

« Cruciverb-IT: Crossword Solving (C. Ciaccio, G. Sarti, A. Miaschi, F. Dell’Orletta, M. Nissim)
« SVELA: Selective Verification of Erasure from LLM Answers (C. Savelli, M. La Quatra, A. Koudounas,
F. Giobergia)
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Multimodality

« EVWSD-ITA: Enhanced Visual Word Sense Disambiguation for Italian (E. Musacchio, L. Siciliani, P.
Basile, G. Semeraro)

New Challenges in Long-Standing Tasks

o ATE-IT: Automatic Term Extraction — Italian Testbed (N. Cirillo, G. M. Di Nunzio, F. Vezzani)

« PFB: Prometeia Financial Benchmark — Benchmarking Language Models in the Financial Domain (A.
P. Bardelli, T. Cekig, I. Demirtas, M. Filannino, S. Scala, A. Galassi, G. Pappacoda, P. Torroni)

Pragmatics

« FadelT: Fallacy Detection in Italian Social Media Texts (A. Ramponi, S. Tonelli)
« IMPOLS: IMplicit contents in POLitical Speech (L. Gregori, W. Paci, V. Saccone)

The workshop took place in Bari on 26-27 February 2026 and provided a valuable opportunity for
participants from both academia and industry to present their work, exchange ideas, and discuss results
within task-oriented sessions as well as during the final plenary discussion. As in previous editions,
we continued the tradition of the Best System award, which this year was dedicated to the memory
of Federico Sangati. The award aimed to encourage students, developers, and researchers to explore
innovative approaches and to challenge the current state of the art, regardless of the final outcome.

We would like to express our sincere thanks to our supporters, AI2B*, Aptus.ai® and Prometeia®, and
to the University of Bari “Aldo Moro” for hosting the event. We are also grateful to the members of the
“Federico Sangati” Best System Across Tasks Awards committee (Dominique Brunato, Camilla Casula,
Alessandro Mazzei, Marco Polignano) for their commitment and expertise. Our thanks also go to the
AILC Board for their continued trust and support. We warmly thank our invited speaker, Paolo Rosso,
for sharing his experience and insights, and we finally acknowledge all task organizers and participants
whose enthusiasm and creativity made this edition particularly successful.
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Abstract

EVALITA is a shared evaluation campaign designed to assess and compare Natural Language Processing (NLP)
and Speech Technologies through tasks proposed by the Italian research community. It provides a common
framework for addressing open linguistic challenges and real-world applications, with increasing attention to
multilingual and multimodal settings. The 2026 edition included 10 tasks and attracted 54 participating groups
from 13 countries, confirming the growing international interest in the initiative. The workshop presents the
results of the evaluation campaign, highlighting the widespread adoption of Large Language Models and the
organizers’ effort in designing challenging tasks aimed at meaningfully evaluating and stress-testing such models.

Keywords
NLP, Evaluation, Italian, Language Models

1. Introduction

The Evaluation Campaign of Natural Language Processing and Speech Tools for Italian (EVALITA) is
the biennial initiative aimed at promoting the development of language and speech technologies for
the Italian language. EVALITA is promoted by the Italian Association of Computational Linguistics
(AILC)! and it is endorsed by the Italian Association for Artificial Intelligence (AIxIA)? and the Italian
Association for Speech Sciences (AISV)>.

EVALITA provides a shared framework where different systems and approaches can be scientifically
evaluated and compared across a diverse set of tasks, proposed and structured by the Italian research
community. The tasks are designed to represent significant scientific challenges, allowing methods,
resources, and systems to be tested against shared benchmarks that capture both linguistic open
issues and real-world applications. In the current NLP landscape, increasingly shaped by the advent
of Large Language Models (LLMs), the organization of these tasks offers a unique opportunity to
investigate how traditional and modern approaches perform in a rapidly evolving domain. The collected
datasets continue to provide valuable resources for researchers to explore both established and emerging
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problems in Italian NLP, fostering the development of innovative solutions and enabling a community-
wide discussion on the evolving capabilities and limitations of modern language technologies. While
some tasks remain a core element of the evaluation campaign, new challenges are regularly introduced
to reflect the changing research priorities and technological advances in the field.

This paper introduces the tasks proposed at EVALITA 2026 and provides an overview of the partic-
ipants and systems whose descriptions and obtained results are reported in these Proceedings. The
EVALITA 2026 final workshop, held in Bari on February 26-27th, counts 10 different tasks. In partic-
ular, the selected tasks are grouped into four research areas (tracks) according to their objective and
characteristics, namely: (i) Authorship Analysis; (ii) Computational Ethics; (iii) Emerging Tasks; (iv)
Multimodality; (v) New Challenges in Long-Standing Tasks; (vi) Pragmatics.

2. EVALITA 2026 Tracks and Tasks

In the 2026 edition of EVALITA, 11 different tasks were proposed, peer-reviewed, and accepted. Subse-
quently, one organizing team withdrew, and as a result, 10 tasks were ultimately presented at EVALITA.
Data were produced by the task organizers and made available to the participants. For the future
availability of this data, we are going to release them on GitHub*, in accordance with the terms and
conditions of the respective data sources. Such a repository will also reference alternative repositories
managed by the task organizers. The tasks of EVALITA 2026 are grouped according to the following
tracks corresponding to five broad research areas:

Authorship Analysis

DeSegMa-It: DEtection and SEgmentation of MAchine generated texts in Italian [1]. DeSegMa-It is the
first shared task aimed at testing the robustness of machine-generated text (MGT) detectors
by evaluating their performance under settings where the IID (i.e. independent and identically
distributed) assumption does not hold. In particular, the shared task was organized around two
subtasks: i) document-level detection of MGTs and ii) human-machine text segmentation.

Computational Ethics

GSI:detect — Detecting Gender Stereotypes in Italian [2]. GSL:detect is the shared task for the recognition
and classification of gender stereotypes (GSs). The task is organized into two subtasks: i) GS
detection, in which systems have to assign to a text a GS value and ii) GS classification, in which
systems are required to assign a score to each input text from a set of six predefined categories
(e.g. role, relational, etc.).

MultiPRIDE: Multilingual Automatic Detection of Reclamation of Slurs in the LGBTQ+ Context [3].
MultiPRIDE is the shared task focused on the detection of slur reclamation, a linguistic phe-
nomenon in which derogatory terms are reappropriated by members of a community. The task
is divided into two main tasks: i) binary detection of reclamation in social media posts and ii)
contextual detection of reclamation considering users’ biographies. Each task is further divided
into language-specific subtasks (Italian, Spanish and English).

Emerging Tasks

Cruciverb-IT: Crossword Solving [4]. Cruciverb-IT is the first shared task on Italian crossword solving.
The task comprises two subtasks: 1) clue answering, aimed at answering individual crossword
clues given the expected answer length, and 2) grid solving, focused on autonomously solving
complete crossword grids of varying sizes.

*https://github.com/evalita.



SVELA: Selective Verification of Erasure from LLM Answers [5]. SVELA is the shared task on machine
unlearning verification in Large Language Models. Participants must determine whether specific
fictional identities are retained, forgotten (targeted by unlearning), or never seen during training.
The evaluation is multilingual (Italian, Spanish, French, German) and tests both entity-level and
instance-level detection.

Multimodality

EVWSD-ITA: Enhanced Visual Word Sense Disambiguation for Italian [6]. EVWSD-ITA is the shared task
on Visual Word Sense Disambiguation (VWSD). Specifically, the task involves selecting the most
appropriate image for a target word within a given context, specifically designed to include “hard
negatives” (i.e. co-hyponyms that share a common hyperonym but represent distinct concepts).

New Challenges in Long-Standing Tasks

ATE-IT: Automatic Term Extraction — Italian Testbed [7]. ATE-IT is the shared task on Automatic Term
Extraction (ATE) for Italian, focused on the domain of municipal waste management. The task
is organized into two subtasks: i) Term extraction, aiming at identifying domain-specific terms
in instructional texts and ii) Term Variants Clustering, focusing on grouping morphological and
semantic term variants.

PFB: Prometeia Financial Benchmark — Benchmarking Language Models in the Financial Domain [8].
The Prometeia Financial Benchmark task evaluates how well large and small language models
understand financial-domain content. It introduces a multilingual benchmark of about 1,000
multiple-choice questions, each with a correct answer and difficulty level. Participants are asked
to build or adapt systems to answer these domain-specific MCQs. Two tracks are available: (i) an
Italian-only corpus; (ii) a multilingual corpus (Italian, English, Turkish).

Pragmatics

FadelT: Fallacy Detection in Italian Social Media Texts [9]. FadelT is the first shared task on fallacy
detection in social media texts in Italian. The shared task is articulated into two subtasks: 1)
post-level fallacy detection, aiming at predicting the fallacy types expressed in each input post,
and ii) span-level fallacy detection, aiming at predicting all text segments expressing any given
fallacy type in each input post.

IMPOLS: IMplicit contents in POLitical Speech [10]. IMPOLS is the shared task on automatic detection
and classification of implicit contents in political speeches. The task is divided into three subtasks:
i) implicit content detection; ii) implicit classification and iii) implicature type classification.

3. Participation

EVALITA 2026 attracted the interest of a large number of researchers from academia and industry, for
a total of 54 single teams composed of about 127 individuals participating in one or more of the 10
proposed tasks. After the evaluation period, 57 system descriptions were submitted (reported in these
proceedings), i.e., a 11.8% increase with respect to the previous EVALITA edition [11]. Moreover, task
organizers allowed participants to submit more than one system result (called runs), for a total of 274
submitted runs.

Overall, EVALITA 2026 involved participants from 13 different countries. As expected, Italy was the
most represented country, with a total of 44 teams having at least one Italian affiliation. Figure 1 shows
the geographical distribution of participating teams excluding Italy, highlighting the international
reach of the campaign. Contributions originated from several regions worldwide, with Vietnam being
the most represented foreign country, accounting for 5 teams with at least one affiliated author. This



Track Task Teams Runs

Authorship Analysis DeSegMa-It 6 21
. . GSl:detect 6 91
Computational Ethics MultiPRIDE 13 33
. Cruciverb-IT 5 17
Emerging Tasks SVELA 4 14
Multimodality EVWSD-ITA 1 3
. . ATE-IT 9 13

New Challenges in Long-Standing Tasks PFB 5 4
p i FadelT 7 25
ragmatics IMPOLS 2 3

Table 1

Number of participating teams and number of runs organized by track and task. The data reported is an
overestimation with respect to the systems described in the proceedings (e.g. teams participating in more than a
task are counted according to the number of tasks they participated in).

1 ]

Figure 1: Number of teams per country (excluding Italy).

is followed by Iran, and by India, Japan, Mexico, and the Netherlands with 2 teams each, while all
remaining countries are represented by a single team. Among the proposed tasks, MultiPRIDE stands
out as the one attracting the largest international participation, with 8 teams from eight different
non-Italian countries. This is followed by Fade-IT and GSI:detect, which also show a notable level
of international engagement. From an institutional perspective, EVALITA 2026 involved a total of 35
affiliations, including 29 academic institutions and 6 industrial organizations, further confirming the
predominantly academic nature of the participation, with a non-negligible contribution from industry.

Table 1 shows the different tracks and tasks along with the number of participating teams and
submitted runs. The data reported in the table is based on information provided by the task organizers
at the end of the evaluation process. Such data represents an overestimation with respect to the systems
described in the proceedings. Participation was quite imbalanced across different tracks and tasks, as
reported in Figure 2: each rectangle represents a task whose size reflects the number of participants,
while the color indicates the corresponding track. The Computational Ethics track emerges as the
most attended overall, with MultiPRIDE and GSIL:detect standing out as the two most participated
tasks of the campaign. While MultiPRIDE attracted the largest number of teams, GSI:detect resulted in
a higher number of submitted runs, indicating a particularly strong engagement from participating
groups. This interest can be linked to the societal relevance of the addressed phenomena, as well as to
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Figure 2: Number of participating teams organized by track (color) and task.

the multilingual and classification-oriented nature of the tasks. A substantial level of participation is
observed in the Pragmatics track, where FadeIT attracted a relatively large number of teams, reflecting
the strong interest in challenges related to fallacy detection and the analysis of pragmatic phenomena
in social media. In the same track, IMPOLS shows a more limited participation, possibly reflecting
both the higher complexity of modeling implicit meaning in political discourse and the additional
challenges posed by its multimodal setting, which involves the joint processing of speech audio and
textual transcriptions. The Authorship Analysis track, which in this edition includes DeSegMa-It, still
exhibits a solid level of participation, confirming the relevance of research on machine-generated text
detection within the Italian NLP community. Among the Emerging Tasks, Cruciverb-IT and SVELA
exhibit different participation patterns. Cruciverb-IT attracted a moderate number of teams, likely
due to the novelty and specificity of crossword solving in Italian, while SVELA reflects a growing
interest in machine unlearning and verification in Large Language Models. The Multimodality track,
represented by EVWSD-ITA, shows a more contained participation, consistent with the higher entry
barriers typically associated with multimodal evaluation settings. Finally, tasks belonging to the New
Challenges in Long-Standing Tasks track display heterogeneous participation. ATE-IT continues to
attract a solid number of teams, confirming sustained interest in automatic term extraction, whereas PFB,
despite its industrial relevance and multilingual design, involves a smaller number of participants, likely
due to the domain-specific nature of the benchmark. In line with the effort to foster a more international
and inclusive evaluation campaign, task organizers were encouraged to propose multilingual tasks,
providing datasets in Italian and in one or more additional languages. In the 2026 edition, two tasks
explicitly adopted a multilingual setting, namely MultiPRIDE, which includes Italian, Spanish and
English, and PFB, which covers Italian, English and Turkish. Although the number of multilingual
tasks is still limited, this represents a further step towards strengthening the international profile of
EVALITA and broadening its impact beyond the Italian-speaking research community:.

Turning to the types of systems submitted by participants, several interesting patterns emerge from
the analysis. As shown in Figure 3, decoder-only approaches are not the most widely adopted, despite
their prominence in recent NLP research. Encoder-only architectures remain the predominant choice,
while a non-negligible number of teams also rely on non-LLM-based, symbolic, and encoder—decoder
approaches. This distribution indicates that participants did not simply apply Large Language Models in
inference-only settings, but instead explored task-specific modeling strategies aimed at building effective
systems. In turn, this reflects the fact that the proposed tasks were, on average, sufficiently challenging
and, in many cases, not readily solvable by directly applying Large Language Models without additional

9
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Figure 3: Percentage of the systems submitted to EVALITA 2026 according to the five categories of: symbolic,
non-LM, encoder-only, encoder-decoder, decoder-only.

modeling choices. In this respect, it is worth noting that several teams still adopted traditional machine
learning pipelines based on feature extraction, often leveraging linguistically motivated or task-specific
features, rather than relying exclusively on end-to-end neural architectures. Moreover, a substantial
number of submissions made use of data augmentation strategies, frequently involving the generation
of synthetic data to enrich the training material. This practice represents an emerging trend in the
campaign and is in line with recent work exploring the use of synthetic data to improve robustness and
generalization in NLP systems.

As a final remark, we highlight the case of a team that participated in multiple tasks (i.e. DeSegMa,
MultiPRIDE, IMPOLS and FadelT), which submitted systems for four different tasks while adopting
a unified modeling approach. In particular, the team relied on the same core architecture across all
submissions, leveraging a BabyLM model pre-trained on a dedicated Italian dataset.

4. “Federico Sangati” Best System Across Tasks Awards

In line with the previous edition, we confirmed the award for the best system across-task. Starting from
this year, the award is dedicated to the memory of Federico Sangati. The award was introduced with the
aim of fostering student participation in the evaluation campaign and in the workshop. A committee
of 4 members (Dominique Brunato, Camilla Casula, Alessandro Mazzei and Marco Polignano) was
asked to choose the best system across tasks. The composition of the committee is balanced with
respect to the level of seniority as well as to their academic background (computer science-oriented vs.
humanities-oriented). In order to select a short list of candidates, the task organizers were invited to
propose candidate system participating in their tasks during the reviewing process (not necessarily
top-ranking). The committee was provided with the list of candidate systems and the criteria for
eligibility, based on:

« novelty with respect to the state of the art;

« originality, in terms of identification of new linguistic resources, identification of linguistically
motivated features, and implementation of a theoretical framework grounded in linguistics;

« critical insight, paving the way to future challenges (deep error analysis, discussion on the limits
of the proposed system, discussion of the inherent challenges of the task);

« technical soundness and methodological rigor.

10



We collected 13 system nominations from the organizers of 9 tasks from across all tracks. The
candidate systems are authored by 45 authors, among whom 24 are students, either at the master’s or
PhD level. The award recipient(s) will be announced during the final EVALITA workshop, during the
”Awards Session” plenary session.

5. Final Remarks

The outcomes of the EVALITA 2026 campaign provide a timely snapshot of how the Italian NLP
community is currently positioning itself with respect to the rapid evolution of language technologies.
While Large Language Models continue to play a central role in contemporary research, an important
finding of this edition is that decoder-only architectures are not the dominant modeling choice among
participating systems. Instead, encoder-only models remain the most widely adopted approach, and a
substantial number of teams still rely on encoder—decoder, non-LLM-based and symbolic pipelines. This
distribution clearly indicates that, rather than simply applying large generative models in inference-only
settings, participants favored task-oriented modeling strategies tailored to the specific linguistic and
computational challenges posed by each task. This trend highlights an important shift with respect
to recent editions: the proposed tasks appear, on average, not to be directly solvable by off-the-shelf
large language models without additional modeling choices. As a consequence, many submissions
combine neural architectures with task-specific components and linguistically motivated features, and
several systems still follow more traditional machine learning pipelines. In this sense, EVALITA 2026
confirms the continued relevance of hybrid and feature-based approaches, especially when dealing with
fine-grained phenomena such as fallacy detection, implicit content classification, gender stereotypes,
and term variation.

Another emerging pattern concerns the increasing use of data augmentation strategies, often based
on the generation of synthetic training material. A non-negligible number of systems exploit auto-
matically generated data to compensate for limited annotated resources and to improve robustness
and generalization. This practice reflects a growing interest in exploiting generative models as data
producers rather than solely as end-to-end predictors, and represents a promising direction for future
editions of the campaign.

From a thematic perspective, participation across tracks remains heterogeneous. The Computational
Ethics track stands out as the most attended, with MultiPRIDE and GSl:detect attracting the largest
number of teams and runs. This result confirms the strong interest of the community in socially
relevant NLP applications, such as stereotype recognition and the analysis of reclaimed slurs in online
communication. A similarly high level of engagement is observed for tasks dealing with machine-
generated text and fallacies in social media, which directly address pressing challenges related to content
authenticity and online discourse. In contrast, tasks requiring deeper modeling of implicit meaning or
multimodal reasoning show lower participation, likely reflecting both the higher conceptual complexity
of the phenomena and the higher technical barriers associated with these settings. EVALITA 2026
also strengthens the role of the campaign as a testbed for novel and emerging research directions.
The introduction of tasks such as Italian crossword solving and selective verification of unlearning in
LLMs demonstrates a growing interest in moving beyond traditional classification benchmarks, towards
evaluation scenarios that explicitly target reasoning, memorization, and controllability of language
models.

With respect to the international dimension, the 2026 edition confirms the growing involvement of
research groups from outside Italy, with contributions from thirteen different countries. Although the
majority of teams still include at least one Italian affiliation, the geographical distribution of participants
and the strong international participation in some tasks indicate a steadily increasing visibility of the
EVALITA initiative within the broader NLP community.

Overall, the results of EVALITA 2026 underline a mature and diversified research landscape, in which
LLMs coexist with more traditional approaches, and where linguistic insight, task-specific modeling
and evaluation-driven design continue to play a crucial role. The campaign confirms the importance
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of shared evaluation initiatives as a means to foster methodological rigor, stimulate the exploration
of emerging challenges, and support the development of robust and socially responsible language
technologies for Italian and beyond.
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Tu chiamale se vuoi emozioni: The impact of emotions on
disinformation and sexism identification
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1. Abstract

Harmful information in social media, both disinformation and hate speech, is pervasive. Emotional
content can be exploited by malicious agents to provoke inflammatory responses and exacerbate
polarisation in online debate. Disinformation often is conveyed through text with a high emotional
valence. Emotions have in fact a key role: fake news tend to trigger different emotions and of different
intensity to the users compared to texts containing truthful information. Readers prefer high arousal
news, which catches more attention than regular news and sticks easily on mind. Moreover, the
emotional bias may distort the perception of argumentation, for instance bringing one person to refute
to acknowledge facts that upset them. In this talk I will mainly focus on disinformation and how
this problem is perceived and addressed at EU level, being disinformation campaigns (often from
abroad) considered as a form of information warfare and an attempt to trigger negative emotions and
create polarization in our democracies. I will also show what kind of emotional responses may trigger
narratives where conspiracy theories are mentioned. The language of these narratives is inherently
different, and it works on a subconscious, emotional layer, exploiting the readers’ biases that may
distort the perception of argumentation, for instance bringing one person to refute to acknowledge
facts that upset them. In the last part of the talk, I will address the problem of sexism identification in
memes, showing what kind of emotions are triggered and how emotional signals can be extracted with
physiological data collected via eye-tracking, heart rate, and EEG signals.

2. Short Bio

Paolo Rosso studied Computer Science in Italy at the University of Pisa, did his PhD in Ireland at
the Trinity College Dublin, and ended up in Spain at the Technical University of Valencia where he’s
Full Professor and a member of the Pattern Recognition and Human Language Technology (PRHLT)
Research Center and the Valencian Graduate School and Research Network of Artificial Intelligence
(ValgrAl). He was advisor of 30 PhD students and at the moment he is of seven. He published more
than 400 peer-reviewed papers in conferences and journals. During the last years, he was the PI of
several research projects, such as FairTransNLP_Stereotypes: Fairness and Transparency for equitable
NLP applications in social media-Identifying stereotypes and prejudices and developing equitable
systems, FAKEnHATE-PoC: FAKE news and HATE speech, and XAI-DisInfodemics: eXplainable Al for
disinformation and conspiracy detection during infodemics, funded by MCIN/AEI and by European
Union NextGenerationEU/PRTR. His research interests focus on Al for social media related tasks such as
the detection of harmful information, both fake news and hate speech. He collaborated with the Spanish
National Security Department and with the Science and Technology Office (Oficina-C) of the Spanish
Congress of Deputies in topics related to disinformation campaigns and Al, and with the Spanish
Observatory on racism and xenophobia (OBERAXE). He helped in the organisation of more than 50
shared tasks in evaluation forums such as SemEval, CLEF, FIRE, IberEval/Iberlef and of course Evalita
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(MultiPRIDE, AMI, SardiStance, IronITA, SENTIPOLC). At the moment he is actively involved in the
analysis of physiological signals (EEG variables, heart rate, blinks, fixations, saccades) collected during

the viewing of sexist memes and videos. He currently serves as Associate Editor at IEEE Transactions
on Affective Computing.

Personal Webiste. https://personales.upv.es/prosso/

15



CEUR-WS.org/Vol-4195/36.pdf

CEUR
E Workshop
Proceedings

published 2026-04-16

Kenji-Endo: a BabyLM @EVALITA
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Abstract

We present Kenji-Endo, a BabyLM pretrained on a dedicated Italian dataset, which participated in four tasks
at the 9th edition of EVALITA: DeSegMa, MultiPRIDE, IMPOLS, and FadelT. Kenji-Endo achieved competitive
performance across all tasks, demonstrating that language modeling with limited data and compact model sizes
can represent a viable alternative to Large Language Models.

Keywords
NLP, Evaluation, Italian, Language Models, BabyLM

Katsumata: Senti, diventeresti mio amico?
Kenji-Endo: Mi va anche bene, pero diventare amici non e una cosa che si decide, sai?

Naoki Urasawa

1. Introduction

Large Language Models (LLMs) have become a dominant paradigm in Natural Language Processing and
their adoption has gone beyond the academic field, supporting a high number of real-life applications.
For a long time, the development of these models followed the scaling law principle [1], according to
which bigger models and datasets would have led to better performance. LLMs dramatically increased
in the number of parameters: BERT [2] and GPT-2 [3], both released in 2019, counted 110M and 124M
parameters; Llama4 Behemoth, released in 2025, 2T parameters [4]. This growth has also been facilitated
by architectural innovations such as the Mixture-of-Experts (MoE) paradigm [5, 6]. In MoE models,
the standard feed-forward layers are replaced by multiple parallel “expert” networks, and a routing
mechanism dynamically selects a small subset of them for each input token. As a result, only a fraction
of the total parameters is activated at each forward pass, allowing the model to scale to very large
parameter counts while keeping computational costs relatively limited. The same happened for datasets’
size, which scaled from billions [7] to trillions of tokens [8].

Alongside this significant growth, new approaches are emerging as critical alternatives focused on
environmental impact [9] and more cognitively inspired architectures [10]. Among these approaches,
the BabyLM challenge [11, 12, 13] is emerging as a novel line of research in sample-efficient language
modeling. The initiative calls for small architectures that aim to simulate developmental learning
processes by limiting the amount of pretraining data to developmentally plausible quantities, typically
enforcing budgets of 10M and 100M words of text-only data. In addition to data constraints, the challenge
also encourages limited training durations, further emphasizing efficiency in learning. Initially conceived
as an English-based project, BabyLM models have been proposed for Italian [14], bilingual [15], and
multilingual [16] settings.

In this paper we present Kenji-Endo: a BabyLM system presented at the 9th edition of EVALITA [17].
Whilst inspired by BabyLM, the focus on Kenji-Endo is not on developmental learning but on testing
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Group Tokens

Books 18.1M
Conversations 3.4M
Forums 13.2M
Laws 5.5M
News 18.4M
Social Media 273K
Subtitles 43M
Wikipedia 13.8M

Table 1
Composition of the Kenji-Endo corpus by text group, source, and total number of characters.

the ability of a small architecture against larger LLMs. To this extent, we developed the Kenji-Endo
dataset, a corpus of approximately 135 million tokens collected from different sources (e.g., legal texts,
subtitles) and filtered using a text readability criterion. This dataset was used to pretrain Kenji-Endo
from scratch. We adopted three pretraining settings: two standard dense transformer architecture and
a Mixture-of-Experts (MoE) variant.

Kenji Endo has been tested on the following EVALITA tasks: DeSegMa-IT [18], MultiPRIDE [19],
IMPOLS, and FadelT [20]. Results obtained by our system show that Kenji-Endo achieves competitive
performance across multiple EVALITA tasks, including the second-best accuracy on DeSegMa-IT Subtask
A and the best score on IMPOLS Subtask 1, despite its small size and limited pretraining computation.
However, performance degrades in settings that require the exploitation of noisy or highly abstract
contextual information, highlighting limitations in handling complex pragmatic phenomena. Despite
these limitations, Kenji-Endo demonstrates that small models can remain effective and competitive
when carefully pretrained and adapted to downstream tasks.’

2. System Description

In this section, we describe the architecture and training pipeline of the proposed system. We first
introduce the Kenji-Endo corpus developed for pretraining, detailing its composition and data selection
criteria. We then describe the pretraining setup and the resulting pretrained models, followed by the
fine-tuning and prompt-based strategies employed to adapt the models to the downstream classification
tasks.

2.1. The Kenji-Endo Corpus

In order to pretrain our system, we developed the Kenji-Endo corpus, a dedicated dataset composed of
documents selected from different sources and belonging to different text types. Particular attention
was paid to choosing datasets that may be small in terms of token count but capable of providing
a diverse and peculiar data mixture. Given that the object of the work is a BabyLM, CHILDEES, a
corpus focused on children’s language, was included.? We also included Kiparla [21] and VoLip [22]
as examples of spoken text transcriptions, as well as [23] and [24], two corpora derived from tweets.
Parts of Furlex and Gazzetta Ufficiale [25] were also incorporated. We included a dump of articles from
DueParole,® given its focus on easy-to-read Italian. News, blog posts and discussion board posts were
obtained from TestiMole [26], alongside public domain books sourced mainly from LiberLiber* and
the clean Wikipedia dump contained in TestiMole. A synthetic description of the Kenji-Endo corpus is
reported in Table 1.

!Code and data of our system are available at https://github.com/neurosymbolic-unito/kenji-endo-at-evalita
*The corpus was obtained from the Italian language section of https://talkbank.org/childes/access/Romance/
3Articles accessible at http://dueparole.it

*https://liberliber.it/, included in TestiMole

17



An additional criterion adopted in the construction of the Kenji-Endo dataset was a filtering process
based on text readability. To this extent, we exploited Il Nuovo Vocabolario di Base della Lingua Italiana®,
a dictionary of high-frequency Italian words developed by Tullio De Mauro. We used the vocabulary to
classify documents according to their readability by computing the relative frequency of high-occurring
terms within each document. For each document type, we computed the third-quartile threshold of this
distribution and retained only documents whose values exceeded this threshold, corresponding to texts
with a higher presence of high-frequency terms. The final corpus is composed of 184, 000 documents
and 83.80 millions of tokens.

2.2. Pre-Training Setup

The BabyLM pre-training is run on a single NVIDIA Grace Hopper Superchip (1x Grace A02 CPU 72
cores + 1x NVIDIA H100 GPU) on the HPC4AI research cluster hosted by the University of Turin,
Italy [27]. The training code is based on PyTorch exploiting the xFFL framework, which allows high-
performance, effortless deployment of Al training on distributed infrastructures [28]. From a technical
perspective, the whole computation exploits the half-precision bfloat16 data format to reduce GPU RAM
impact, halving the memory required to store the model’s parameters, activations, and gradients, while
improving the overall computational performance, since the GH100 can process such low-precision
data more than one order of magnitude faster than standard FP32 [29]. Activation checkpointing is
also adopted to save additional GPU RAM and thus allowing even larger batch sizes, which empirically
provide better learning convergence; the final training batch size used is 64 samples. AdamW is used as
optimizer, as common in contemporary practice, with a starting learning rate of 2¢~*, weight decay
of 0.1, and betas of (0.9,0.95). A warmup-cosine-decay learning rate scheduler is adopted to obtain
improved and more stable learning convergence, using 1% of the available batches for the warmup
phase, and then decreasing the learning rate to 1% of its initial value over a single training epoch (1,272
batches in total). During pre-training, we used a maximum context window of 1024 tokens and trained
the models for a total of 10 epochs. Gradient clipping is set to 1.0, and no further gradient accumulation
is used.

This pre-training procedure resulted in two pretrained language models, differing in their architectural
design:

« KeNjI-ENDO VANILLA®: a dense transformer-based causal language model with 12 layers and
a hidden size of 768, trained using full causal self-attention at every layer and based on the
Qwen3ForCausalLM architecture. This model follows a standard decoder-only architecture and
has approximately 130M parameters.

« Kenj1-ENDO MOE’: a Mixture-of-Experts (MoE) variant with the same number of layers and hidden
dimensionality as the vanilla model, in which the standard feed-forward blocks are replaced by
sparse expert routing, based on the Qwen2MoeForCausallM architecture. At each token, a single
expert is selected among 7 available experts, together with one shared expert that is always active,
enabling increased model capacity while maintaining a comparable computational cost, for a
total of approximately 240M parameters.

Additionally, we pretrained a further model variant employing more recent architectural features:
KENJI-ENDO ALIBL® This model was trained using the Matformer® framework instead of the Hugging
Face Trainer. Matformer is a new in-house developed library that focuses on better modularity and
code readability, while providing readily available support for different configurations and optimization
strategies. KENJI-ENDO ALIBI was trained for 8 hours on a single Nvidia 3090 GPU connected to a
Thinkpad R61 laptop, an extremely economical setting that highlights the low access barrier needed for

Shttps://github.com/marcostranisci/babyL.M/blob/main/resources/nvdb.csv
®https://huggingface.co/CCC-Unito/kenji-endo-1.0-vanilla
"https://huggingface.co/CCC-Unito/kenji-endo-1.0-moe
8https://huggingface.co/CCC-Unito/kenji-endo-1.0
*https://github.com/mrinaldi97/matformer
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developing BabyLMs. It consists of 12 layers, a hidden size of 768, a SwiGLU feed-forward network with
an intermediate size set to three times the hidden size, and uses RMSNorm for layer normalization. The
model was trained for 10 epochs with a batch size of 16 and a gradient accumulation of 12, adopting a
warmup-hold-cosine decay Ir scheduling that peaked at 1e — 3 and decayed until 8¢ — 5. As a positional
embedding strategy, AliBi [30] was used instead of RoPe [31] to enable generalization and scaling
beyond the 1024 token sequence length employed during training. Flash attention 2, Liger Kernels
and Nvidia’s transformer-engine are natively supported by the Matformer library and were used to
speed up training. Finally, Muon [32] was used instead of AdamW as optimizer, with a Nesterov-style
momentum of 0.95 and 5 Newton—-Schulz iteration steps. Compared to AdamW, Muon allows for faster
convergence, an aspect that may be crucial in the development of Baby-LMs. The final model achieved
performance comparable to that of KEnj1-ENDO VANILLA; however we reserve for the future to conduct
more tests especially to compare the performances in long context scenario.

2.3. Fine-Tuning and Prompt-Tuning Setup

The pretrained models are trained with next-token prediction objective. However, the tasks addressed
in this work are framed as classification problems, which require an additional adaptation step in order
to map the model outputs to discrete class labels. To this end, we explored two classification strategies
on the KeEnjI-ENDO vANILLA and KENJI-ENDO MOE models: a discriminative fine-tuning approach and
a generative, prompt-based approach. In the discriminative setting, we fine-tuned the models using
a batch size of 8 and the AutoModelForSequenceClassif ication!? framework, which connects the
pretrained model to a classification head. The classification head consists of a linear layer applied to
the hidden representation of the last token of the input sentence, producing class logits. The model is
trained by directly optimizing a cross-entropy loss over the class labels. All model parameters were
updated during fine-tuning. This configuration was applied only to the vanilla model, as the MoE
architecture employed does not support this class. Training was carried out for 3 epochs on a single
NVIDIA T4 GPU. In the generative setting, no fine-tuning was performed. Instead, we adopted a
prompt-based approach applicable to both vanilla and MoE models, casting the classification task as
text generation. We used a batch size of 4 and a simple prompt that includes the input text followed by
a class label request (e.g., “Testo: {text] Classe:”).

For all experiments, we fixed the maximum sequence length to 1024 tokens, including tasks in which
a portion of the instances exceeded this length. For each task, we split the original training set into
80% training and 20% validation data. This split was used to fine-tune and select the best checkpoint
in the discriminative setting. In the generative setting, no parameter updates were performed, as the
models were evaluated in a zero-shot fashion. The validation split was used solely for configuration
comparison and model selection. During fine-tuning, model checkpoints were saved at each epoch, and
the checkpoint achieving the best performance on the validation set was selected. Unless otherwise
specified, we relied on the default hyperparameter settings provided by the Hugging Face Trainer.!!
Fine-tuning was carried out on NVIDIA A40 GPUs available on the HPC4Al infrastructure. The compute
time of each model has been 1110.70 seconds on average.

3. Results Overview

In this section, we present an overview of the tasks in which our team participated and report the
corresponding experimental results. For each task, we provide a brief description and compare our per-
formance against other participating systems using the official evaluation metrics. Table 2 summarizes
the final configurations adopted for each subtask.

Yhttps://huggingface.co/transformers/v3.0.2/model_doc/auto.html#automodelforsequenceclassification
"https://huggingface.co/docs/transformers/main_classes/trainer
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Task Subtask Strategy Model

DeSegMa A Discriminative  KENjJI-ENDO VANILLA
MultiPRIDE A Discriminative  KENJI-ENDO VANILLA
MultiPRIDE B Discriminative  KENjJI-ENDO VANILLA
IMPOLS 1 Discriminative  KENJI-ENDO VANILLA
IMPOLS 2 Generative KENJI-ENDO VANILLA
FadelT A Discriminative  Kenji-ENDO ALIBI

Table 2
Overview of the tasks and subtasks in which Kenji-Endo participated, including the strategy and model variant
used for the final submission.

Position Team Accuracy
1 Gradient Descenders 0.9458
2 Kenji Endo 0.9426
3 UniTor 0.9288
4 Nicla 0.9243
5 Stochastic Gradient Descenders 0.9216

Table 3
Results of DeSegMa-IT Subtask A ranked by accuracy.

3.1. DeSegMa

DeSegMa-IT (Detection and Segmentation of Machine Generated Text in Italian) [18] focuses on the
detection of machine-generated text in Italian. It is composed of two subtasks: Subtask A, where
given an input text, systems are required to perform binary classification, distinguishing between
human-written and machine-generated content; and Subtask B, where participants are required to
detect the boundary between human-written text and its machine-generated continuation by identifying
the character index marking the beginning of the machine-generated content. Our participation was
limited to Subtask A.

Due to the large size of the DeSegMa-IT training set, under the discriminative strategy we explored
two training configurations: i) training for a single epoch on the full dataset, and ii) training for three
epochs on a reduced subset of 3,000 instances. Overall, we evaluated four experimental configurations:
i) vanilla discriminative training on the full dataset, ii) vanilla discriminative training for three epochs
on the reduced subset, iii) vanilla generative inference, and iv) MoE generative inference. Based on
validation performance, the vanilla discriminative model trained for a single epoch on the full dataset
achieved the best results (Accuracy: 0.9952, F1-score: 0.9952) and was therefore selected for the final
submission.

Table 3 reports the official results on the DeSegMa-IT Subtask A test set. Our system achieved
the second-best performance among the participating teams, with an accuracy of 0.9426 and, ranking
closely behind the top-performing approach. A closer inspection of the classification results shows
a generally balanced performance across the two classes. Overall precision, recall, and F1-score are
comparable (Precision: 0.9455, Recall: 0.9426, F1-score: 0.9426), with only minor differences in class-
wise metrics. For the human-written class, recall is higher (0.9824) than precision (0.91), while for the
machine-generated class, precision (0.98) is higher than recall (0.9031). This behavior shows a cautious
tendency in assigning the machine-generated label, characterized by higher precision than recall. For
completeness, we conducted a full analysis by evaluating the performance of all four experimental
configurations. The submitted configuration achieved the best overall performance (F1-score: 0.9426).
The discriminative configuration trained for three epochs on the reduced subset showed slightly lower
results (F1-score: 0.9207), suggesting that exposure to the full training data was more beneficial than
additional epochs on a smaller subset. The generative approaches, using the vanilla and MoE models,
achieved competitive but lower scores (F1-scores of 0.9207 and 0.9225, respectively), indicating that the
prompt-based formulation did not match the performance of full discriminative fine-tuning on this task.

20



3.2. MultiPRIDE

MultiPRIDE is a binary classification task in which systems are required to determine whether a term
related to an LGBTQ+ context in a sentence is used with a reclamatory intent. The task is structured into
two subtasks: Subtask A, where only the textual content of the tweet is provided; and Subtask B, where,
in addition to the tweet content, participants have access to optional contextual information related to
the author’s profile, such as their biography, when available. The task is proposed in a multilingual
setting, encompassing data in Italian, Spanish, and English. Our team participated in Subtasks A and B
for the Italian language.

For each subtask, we evaluated three experimental configurations, corresponding to the vanilla
discriminative setting and the two generative inference setups described in Section 2.3. In both cases,
the discriminative KENJI-ENDO vANILLA model achieved the best performance on the development set
and was therefore selected for the final submission. Specifically, for Subtask A, the selected model
obtained a development set Accuracy of 0.9174 and an F1-score of 0.7429, while for Subtask B it achieved
a development set Accuracy of 0.8394 and an F1-score of 0.6316.

Table 4 reports the official rankings for Subtasks A and B on the Italian language, evaluated in terms
of macro F1-score. Our system achieved a macro F1-score of 0.8360 in Subtask A and 0.7489 in Subtask
B, placing in the mid-to-lower range of participating systems.

Analyzing results, it is possible to observe that the model’s performance is skewed towards precision
in the Subtask A while the opposite happens for Subtask B. Besides being detrimental in the overall
performance, the additional context appears to produce a greater number of false positive (+0.13) than
false negatives (+0.2). To further investigate this behavior, we analyzed the tokenization characteristics
of the inputs. We observed that the biography field contains a substantially higher proportion of
byte-fallback tokens (e.g., emojis and flag symbols) than the tweet text. Specifically, the mean byte-
fallback ratio is 0.1149 for biographies compared to 0.0134 for tweet text, and 34.3% of biography entries
contain at least one such token (versus 9.9% for tweet text). This suggests that the additional contextual
information in Subtask B may introduce noisy and semantically fragmented token sequences, which
can dilute the useful signal and provide a plausible explanation for the lower F1-score despite the richer
input.

3.3. IMPOLS

IMPOLS focuses on the automatic recognition of implicit content in Italian political speech. Given
an utterance within its context, systems are required to detect and classify implicit, non-bona fide
contents, i.e., questionable information that is not explicitly stated but is implicitly conveyed and
understood as true. Such content is commonly used in political communication to convey potentially
manipulative messages implicitly. The task is structured into three subtasks: 1) a binary detection
task aimed at identifying the presence of questionable implicit content; 2) a binary classification task
distinguishing between implicatures and presuppositions; and 3) a multiclass classification task focusing
on the categorization of implicatures into particularized conversational, generalized conversational,
or conventional. Our team participated in Subtasks 1 and 2. For each subtask, we evaluated multiple
experimental configurations, similarly to the previous tasks. For Subtask 1, the discriminative Kenji-
ENDO vANILLA model achieved the best performance on the development set and was therefore selected
for the final submission. Specifically, the selected model obtained a development set accuracy of
0.9507 and an F1-score of 0.9521. For Subtask 2, the generative KENJI-ENDO VANILLA model achieved a
development set accuracy of 0.5027 and an F1-score of 0.4417.

Table 5 reports the official results obtained on the IMPOLS test set. Our system achieved the best
performance in Subtask 1, obtaining an F1-score of 0.9496 and ranking first among the participating
teams. From a closer look at model’s performance two main aspects emerge: i. Most of the errors are
false negatives (63%), showing that the model lacks of recall; ii. The model struggles with discourses
from a specific speaker - Pierluigi Bersani - whose speech excerpts represent 29.2% of all the wrong
prediction. The second speaker with the highest number of wrong predictions is Mario Draghi (4, 9.7%).
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Pos. Team (Run) F1

1 Ghavidel-Rajabi (1) 0.8981
2 MilaNLP (1) 0.8959
3 Ghavidel-Rajabi (2) 0.8909 Pos. Team (Run) F1
4 SaFe Tweets (1) 0.8895 1 LlaNa (1) 0.9021
5 LlaNa (1) 0.8835 2 baseline (1) 0.8981
6 GRUPPETTOZZO (1) 0.8834 3 GRUPPETTOZZO (1)  0.8979
7 Challenger (1) 0.8816 4 The Hate Busters (2)  0.8827
8 HateltOff (1) 0.8809 5 MilaNLP (1) 0.8827
9 GRUPPETTOZZO (2)  0.8735 6 GRUPPETTOZZO (2)  0.8681
10 baseline (1) 0.8731 7 UniBO-FICLIT (1) 0.8644
11 UniBO-FICLIT (1) 0.8707 8 MilaNLP (2) 0.8641
12 NamDang (2) 0.8589 9 AlWizards (1) 0.8564
13 HateltOff (2) 0.8584 10 AlWizards (2) 0.8549
14 NetGuardAl (1) 0.8537 11 HateltOff (2) 0.8462
15 The Hate Busters (2)  0.8503 12 The Hate Busters (1)  0.8324
16 12C(2) 0.8435 13 HateltOff (1) 0.8319
17 NamDang (1) 0.8407 14 SaFe Tweets (1) 0.8164
18 Kenji-Endo (1) 0.8360 15 Avahi (1) 0.8031
19 The Hate Busters (1)  0.8345 16 DataSummit (1) 0.7734
20 MilaNLP (2) 0.8306 17 Kenji-Endo (1) 0.7489
21 KIT-TIP-NLP (2) 0.8103 18 NetGuardAl (1) 0.7405
22 Avabhi (1) 0.7904
23 KIT-TIP-NLP (1) 0.7659 (b) Subtask B
24 12C(1) 0.6202
(a) Subtask A
Table 4

Official rankings for MultiPRIDE (Italian) in terms of macro F1-score for Subtasks A (left) and B (right). The
number in parentheses indicates the submitted run identifier.

Team Subtask 1 Subtask 2 Subtask 3
kenji-endo 0.9496 0.2226 -
RES2 0.9089 0.8762 0.6369
Baseline 0.4602 0.3352 0.2942

Table 5
Results on the IMPOLS task in terms of F1-score across the three subtasks.

Performance on Subtask 2 was substantially lower (F1-score of 0.2226). An inspection of the model
predictions revealed a degenerate behavior, with the model predicting a single class, which negatively
impacted the overall performance on this subtask. The drop of performance might suggest the lack of
model’s ability to distinguish between more abstract concepts related to pragmatics, due to the limited
amount of pretraining data that does not include discipline-specific knowledge.

3.4. FadelT

FadelT is a task focused on the detection of fallacies expressed in Italian social media texts and is
based on the FAINA dataset [33]. AINA consists of Italian social media posts manually annotated by
expert annotators for the presence of argumentative fallacies, with over 11,000 span-level annotations
spanning 20 different fallacy types (e.g., ad hominem, strawman). The criterion for selecting the texts
was their belonging to three specific categories: migration, climate change and public health. Each
text can be classified as expressing zero, one, or multiple fallacy types. The annotations also account
for human label variation, highlighting the intrinsic subjectivity of fallacy identification. The task
is structured into two subtasks: Subtask A, “post-level fallacy detection”, is framed as a multi-label
classification tasks in which the model should correctly detect the fallacies expressed in a given text.
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Position Team (Run) P R F1

1 TiGRO (3) 5324 59.99 56.39
2 MALTO (2) 5575 53.60 54.63
3 TiGRO (2) 5343 5148 5241
4 UNICA (1) 5522 4523  49.71
5 TiGRO (1) 62.52 39.85  48.65
6 UNICA (3) 51.19  44.26  47.45
7 Kenji-Endo (1) 4938 4555 47.37
8 UNICA (2) 58.70 38.44  46.44
9 MALTO (1) 46.56  43.65  45.05
10 RBG-Al (2) 33.09 57.78  42.07
11 RBG-AI (3) 30.65 57.62  40.00
12 Label (3) 2760 68.08 39.26
13 Label (1) 52.82  30.94 38.96
14 RBG-AI (1) 3635 41.11  38.57
15 Label (2) 5276 30.11 3832
16 Baseline 3853 1428  20.84

Table 6
Test set results for FadelT Subtask A. Systems are ranked by decreasing micro F1-score. The number in parentheses
indicates the submitted run identifier.

Subtask B, “fine-grained fallacy detection”, instead, is framed as a multilabel span classification task
in which the goal is do detect the specific text segments in which the fallacy is expressed. Our team
participated in subtask A. For this purpose, the decoder head of the autoregressive model was replaced
with a linear classification head, taking as input the output of a mean pooling applied to the models’
last layer. To stabilize training and avoid overfitting, we set dropout at 0.5.

Results of Table 6 show that our system ranked 7 out of 15 runs (16 including the baseline) with a
micro F1-score of 47.37, with a precision of 49.38 and a recall of 45.55. Compared to the baseline (F1:
20.84), this corresponds to a substantial improvement of +26.53 points. The finer-grained analysis of
results shows important limitations in our system, though. Kenji-Endo was not able to identify 14
fallacy-types out of 19 confirming the issues encountered in other tasks where models have to deal with
more complex phenomena.

4. Conclusion and Future Work

In this paper, we presented Kenji-Endo, a BabyLM system that participated in four EVALITA tasks:
DeSegMa, MultiPRIDE, IMPOLS, and FadeIT. The system was pretrained from scratch on a dedicated
corpus using two architectures (simple auto-regressive and Mixture of Experts). Across tasks, Kenji-
Endo achieved competitive results, ranking second in DeSegMa Subtask A and first in IMPOLS Subtask
1, while obtaining solid mid-range performance in MultiPRIDE and FadeIT. However, it systematically
struggles with context-dependent tasks, as it fails to distinguish pragmatics concepts (implicatures
versus presupposition) and to handle noisy autobiographical signals such as emojis. Despite the
existing limitation, Kenji-Endo demonstrates that small models can remain effective and competitive
when carefully pretrained and adapted to downstream tasks. Future work will proceed along two
main directions. We will investigate methods to improve performance on more complex and abstract
linguistic phenomena, such as the detection of cultural and intertextual references, which remain
challenging for models at this scale. We will systematically study the interaction between data recipes
and model learning by conducting extensive ablation experiments, with the goal of disentangling the
effects of training procedures from those of data composition on downstream task performance.
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During the preparation of this work, the author(s) used ChatGPT (OpenAl) and Grammarly in order
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author(s) reviewed and edited the content as needed and take(s) full responsibility for the publication’s
content.
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Abstract

DeSegMa-IT’s shared tasks aim to test the robustness of machine-generated text (MGT) detectors by evaluating
their performance under settings where the IID assumption does not hold. While state-of-the-art MGT detectors
report high accuracy, such results often rely on unrealistic experimental settings: for example, relying on prior
knowledge of the text generator, or failing to consider domain shifts and efficient fine-tuning - or post-tuning -
strategies. In DeSegMa-IT, participants are challenged with two sub-tasks: (i) document-level detection of MGTs
and the (ii) human-machine text segmentation. This paper describes the released dataset, discusses the systems
submitted by participants, and provides an initial analysis of the obtained results.
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1. Introduction and Motivation

Recent advancements in Generative Al and Large Language Models (LLMs) have led to the development
of systems, such as GPT-4 [1], Claude', Llama-3 [2] and DeepSeek-V3 [3] among others, that can
generate text that is often indistinguishable from human-written content [4].

This capability, along with the many beneficial applications of LLMs, also enables malicious actors to
create Machine Generated Text (MGT) for deceptive purposes. For example, it can be used to manipulate
online traffic and spread misinformation through content farms [5] or to influence human revisions of
sensitive documents in critical domains, such as scientific peer review.?

Beyond malicious use, the widespread adoption of LLMs into everyday tools raises concerns related
to authorship attribution, intellectual property, and the transparency of human-AI collaboration. In
journalistic [5], educational [6], and governmental settings [7], the ability to distinguish between
human-written and machine-generated content has become of uttermost importance to preserve the
essential features of trust for such sensible domains, while also allowing for responsible Al deployment.

As a consequence, the task of machine-generated text (MGT) detection has received increasing atten-
tion throughout the years. With the rapid proliferation of Al-based assistants, the need for automatic
tools to detect their outputs has become more urgent, leading to the proposal of numerous detection
methods [8, 9, 10]. However most existing work focuses on English, highlighting the importance to
develop MGT detection systems for other languages as well. Furthermore, the widespread availability
of open-weight LLMs poses existing detection methods with the challenge of an ever-growing array
of fine-tuned models, making the detection task increasingly non-IID (independent and identically
distributed) and stressing their generalization capabilities to account for subtle shifts in writing style
[11].

To address this gap, the community proposed shared tasks focused on the detection of MGT texts
mainly focused on English or on multilingual settings [12, 13] along with the release of benchmark
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Sub-Task A Example

Human Text: Viktor Orban, da quando il leghista & diventato ministro dell’Interno, si mandano segnali di
apprezzamento reciproco. Un’alleanza che potrebbe portare I'ltalia al fianco dei Paesi di Visegrad e che gia
- in occasione della discussione sulla riforma di Dublino - ha messo in difficolta gli altri partner dell’Ue. Il
primo ad allacciare rapporti era stato Salvini. Da Frosinone il ministro aveva parlato dell’Ungheria come di
un paese con cui I’ltalia potra cambiare I’Europa. Entrambi, in fondo, sono dichiaratamente euroscettici. E
sia Orban che il leghista ... Label: 0

Machine Text: Viktor Orban, dopo anni di duri scontri diplomatici, sono pronti a unire le loro
forze per riscrivere I’agenda di Bruxelles. Il leader di Fratelli d’Italia Giorgia Meloni e il presidente del
governo ungherese si sono visti a Vienna, in un vertice di "centrodestra, identita italiana e sovranita
italiana". Dopo un incontro di ben tre ore i due hanno spiegato come si possano conciliare politicamente le
due visioni d’Europa ... Label: 1

Figure 1: Sub-task A Example.

Sub-task B Example

Text: Il presidente del Tribunale internazionale del diritto del mare (Itlos), Vladimir Golitsyn, ha fissato al 10
agosto la data in cui il tribunale arbitrale di Amburgo esaminera le informazioni che Ultalia intende raccogliere
in India per scagionare i Maro . Nei giorni scorsi su vari quotidiani erano uscite indiscrezioni circa la data di un
eventuale incontro tra i due fucilieri di Marina e i loro avvocati e i funzionari del ministero dell’Interno indiano,
che dovrebbero rilasciare a loro una sorta di "licenza" temporanea cosi che i due marinai possano recarsi in India.

Target Character Index: 103

Figure 2: Sub-task B Example. Non-italic text represents the human segment, while the italic text denotes the
continuation generated by a LLM.

datasets [14]. To extend these efforts to the Italian language, the EVALITA 2026 [15] shared task
DeSegMa-IT aims to foster research on Italian MGTs by providing the research community with a
benchmark dataset and a standardized evaluation framework.

2. Tasks Definitions

DeSegMa-IT® shared task is organized into two sub-tasks: (i) MGT detection and (ii) human-machine
text segmentation. The first sub-task evaluates detection accuracy at the document level and aims
to test the robustness of machine-generated text detectors under realistic, non-IID conditions. While
state-of-the-art MGT detectors report high accuracy, such results often rely on unrealistic experimental
settings—for example, depending on prior knowledge of the text generator (e.g., [16]) or ignoring
domain shifts and fine-tuning strategies. To address this, we simulate real-world non-IID conditions by
generating the training and testing datasets from different LLMs.

In contrast, the segmentation sub-task focuses on identifying machine-generated text within a human-
written document. For this task, both dataset splits share the same LLM generators due to its inherently
higher difficulty.

2.1. Sub-task A: MGT Detection in the Wild

In sub-task A, we simulate the challenge posed by the ever-shifting domain of MGT detection by
sampling train and test documents from two disjunct sets of generating LLMs. The task is structured as
a binary-classification problem and defined as follows: “Given a piece of text t, assign it the label 0, if the
text is written by a human, and 1 otherwise.” We provide an example in Figure 1.

*https://desegma.github.io/
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Source Prompt
Il Giornale Sei un giornalista italiano che scrive sul giornale conservatore di destra
"Il Giornale". Scrivi un articolo di giornale a partire da questo titolo:
<NEWS TITLE>. Evita qualsiasi tipo di formattazione. Non generare il
titolo, inizia direttamente dal corpo dell’articolo.
La Repubblica | Sei un giornalista italiano che scrive sul giornale progressista di sinistra
"La Repubblica”. Scrivi un articolo di giornale a partire da questo titolo:
<NEWS TITLE>. Evita qualsiasi tipo di formattazione. Non generare il
titolo, inizia direttamente dal corpo dell’articolo.

Table 1
Prompts used for the generations.

2.2. Sub-task B: Human - Machine Text Segmentation

In the second sub-task, participants are required to detect the boundary between the human-written
text and the machine-generated continuation by identifying the index of the character that marks the
beginning of the MGT content. Each data sample consists of a variable-length human-written prompt,
always followed by a variable-length continuation produced by the model. Unlike traditional MGT
detection tasks that require document-level binary classification, this sub-task focuses on segmentation:
participants must pinpoint the beginning of the text generated by the LLM.

The task is defined as follows: “Given a piece of text t, return the index of the first character that is
generated by an LLM.” To ensure a statistically robust evaluation, the length of the human-written
sub-string is uniformly sampled from a range of 64 to 512 characters. This setup simulates real-world
scenarios in which MGT may be inserted into otherwise human-written content. We provide an example
in Figure 2.

3. Dataset

For each of the two sub-tasks, we provide participants with training and evaluation specific data. In
this section, we describe the two datasets in details.

3.1. Sub-task A: MGT Detection

The dataset for sub-task A consists of both human-written and machine-generated texts. Human texts
are sampled from the Change-IT dataset [17]. The original dataset consists of news articles collected
from two Italian outlets: the La Repubblica® newspaper and the Il Giornale® newspaper. From the dataset,
we retain the headline field, storing the title of the news articles and the human-written article itself. We
use the headline to prompt a pool of LLMs to generate an synthetic version of the article. Furthermore,
we provide the LLM with guidelines regarding the political agenda of the original news outlet. We
also prompt the model to avoid any formatting style (e.g., retain from using bullet points, markdown
sections, etc.) to adhere more closely to the style of the human-written articles. All models are prompted
with their respective default generation parameters. We report the prompts used in Table 1. We sample
a random balanced selection of human-written and machine-generated texts to construct the task’
datasets.

Training dataset We collect 33,138 news articles, equally split between human and machine-
generated texts, while preserving a 1:1 ratio for each news outlet. The models used to create the
machine generated part of the training dataset are reported in Appendix A.1.

*https://www.repubblica.it/
*https://www.ilgiornale.it/
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Figure 4: Text statistics for sub-task A test data.

We sample texts from the generators to maintain a balanced distributions among LLMs. Figure 3a
reports the distribution of text lengths and Figure 3b shows the generating LLMs distribution. We
include 15,135 articles, balanced according to the target classes and evenly split among generators.

Test dataset We include 13,268 articles evenly balanced across news outlets. Figure 4a reports text
length statistics and Figure 4b shows the distribution of texts with respect to the generating LLMs.
Selected generators are reported in Appendix A.1.

3.2. Filtering by Perplexity

To make the classification more challenging, we compute with a held-out model, gemma-3-12b-it,
the mean perplexity score for the human-written texts. We use this mean value to filter out MGTs that
drift too far away from the selected filtering score. This process allows us to select documents that are
similar in style according to the evaluator LLM, shrinking the classification boundary between the two
classes.

3.3. Sub-task B: Human-MGT Segmentation

Data for the sub-task B consist of news articles switching from human written content to machine-
generated continuation. Each text is paired with an integer denoting the length of the human written
part. To generate plausible continuations, we select a human-written article and discard up to the first
three sentences of the text. The remaining segment is used as an input prompt and fed to one of nine
LLMs. The rationale for discarding the initial portion of the article is to present participants with a more
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Figure 6: Text length statistics for sub-task B test data.

challenging scenario, designed to mimic the detection of machine-generated text segments appearing
at arbitrary positions within an article, rather than only at its beginning.

Training dataset This split consists of 19,945 news articles. Generating LLMs are reported in
Appendix A.2. We set the minimum length of the human-written to 64 characters, and the maximum
length to 512 characters. The length distribution of human-written segments is shows in Figure 5a and
the length distribution of full human-written and machine-continued texts is reported in Figure 6b.

Test dataset For the test set, we keep the same LLMs and select 23,211 new samples, while maintaining
an even distribution among models. Figure 6a shows the length distribution of the human segments at
the beginning of each sample and Figure 6b the length distribution of the joined human-written and
machine-continued texts.

4. Evaluation Metrics

We define the following evaluation metrics for each sub-task:

« For sub-task A: the main evaluation metric is Accuracy obtained by each system in the test set.
Furthermore, we also report True Positive Rate (TPR) and False Positive Rate (FPR) for all systems.
« For sub-task B: the evaluation metric is the Mean Absolute Error (MAE) computed as follows:

1 n
MAE = EZ lyi — x4
i=1
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Sub-task  Runs

Team S Affiliations A B | AlB
Gradient Descenders 3 University of Information Technology, HoChi v | v | 3 | 1
Minh City, Vietnam; Vietnam National Uni-
versity, Ho Chi Minh City, Vietnam
Kenji-Endo 4 University of Turin, Turin, Italy; aequa-tech, v 1
Turin, Italy
MINDS 1 Politecnico di Torino, Turin, Italy v 2
Nicla 1 Independent V| v 1]
UniTor 5 University of Rome Tor Vergata, Rome, Italy v | v | 6 | 2
Stochastic Gradient 3 University of Information Technology, HoChi v | v | 2 | 2
Descenders Minh City, Vietnam; Vietnam National Uni-
versity, Ho Chi Minh City, Vietnam
Pangram Pangram Labs v 1

Table 2
Team members, affiliations, participation, and number of submission for the test-phase. Column S reports the
number of team members.

5. Participants

We received a total of 35 submissions from six unique teams. Each team could submit up to 10 runs per
sub-task, with the best-performing one automatically selected as the final score. To handle submissions
we use the Codabench platform [18].

Furthermore, the DeSegMa-IT task was joined by Pangram Labs® as a non-competing industrial
participant. In Table 2, we provide an overview of the participants’ affiliations, team composition, joined
sub-tasks, and number of test-run submitted.

Gradient Descenders For the sub-task A: The team [19] employs the UnBERTo model” an encoder
only language model trained on Italian data. The authors add Multi Layer Perceptron with two dense
layers and tanh activation as a classification head that takes the model [CLS] token as input.

For the sub-task B: The team approaches segmentation as a token level binary-classification task.
They assign to each token a human-written or machine-generated text and a train a binary classifier.
At inference time, the first token in the sequence classified as human-written is selected and set as the
boundary index by mapping the token boundary to its respective character. For binary classification
they rely on a DeBERTa model fine-tuned for the Italian language.®

Kenji Endo For the sub-task A: The team [20] employs a decoder-only transformer architecture pre-
trained from scratch on the Kenji-Endo dataset, exploring both a dense model and a Mixture-of-Experts
(MoE) variant. The team investigates two classification paradigms for this sub-task: a discriminative fine-
tuning approach, in which a classification head is trained on top of the dense model, and a generative,
prompt-based approach, applicable to both the dense and MoE models. For discriminative training, the
dense model is fine-tuned either for a single epoch on the full training set or for multiple epochs on
a reduced subset, while the generative setting performs inference via prompting without additional
fine-tuning. The dense discriminative model trained for a single epoch on the full dataset was selected
for submission.

UniTor For the sub-task A: The system submitted by the team [21] consists of a fine-tuned version of
ModernBERT-large trained on an augmented’ dataset. This augmented dataset consists of 14.000 ad-

Shttps://www.pangram.com/

"https://github.com/musixmatchresearch/umberto

®https://huggingface.co/osiria/deberta-base-italian

°Note that this was not allowed by the competition rules, as reported in the website (https://desegma.github.io/): "Keep in
mind that you should only use the training dataset we make available to train your detectors."
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ditional instances: 7,000 human-written articles from the CHANGE-IT [22] corpus of Italian newspaper
articles and 7,000 synthetic samples generated by translating the English RAID benchmark [23].

For the sub-task B: The team leverages ModernBERT-large fine-tuned for token-level binary
classification, where each token is labeled as human-authored or machine-generated. A two-layer
MLP classification head produces per-token probabilities. Rather than thresholding individual token
predictions, boundary localization is performed via a change point detection procedure: the boundary
token is selected by maximizing a score that aggregates log-likelihood evidence for human-authored
tokens before the boundary and machine-generated tokens after it.

Nicla For the sub-task A: Team [24] addresses the task using DistilBERT-base fine-tuned for
binary text classification. The model employs a standard sequence classification head, with hyperpa-
rameters selected via Bayesian optimization on a held-out validation subset to improve accuracy and
generalization.

For the sub-task B: The team addresses the task by training a LightGBM regressor on sentence em-
beddings produced by a frozen Sentence-BERT model based on al11-MiniLM-L6-v2, directly predicting
the character index of the human-machine boundary.

Stochastic Gradient Descenders For the sub-task A: Team [25] frames sub-task A as a conditional
single-token generation task using a decoder-only instruction-following LLM. The team fine-tunes
Qwen2.5-0.5B-Instruct via supervised instruction tuning (SFT) with a conversation-style prompt,
where the model outputs "0" for human-written or "1" for machine-generated text. Low-Rank Adaptation
(LoRA) is applied to all linear layers to reduce computational cost and mitigate forgetting. At inference,
predictions are obtained through greedy decoding of the first token, with a fallback to inspect raw logits
if the model outputs non-numeric text.

For the sub-task B: The team reformulates the task as a token-level sequence labeling problem,
labeling each token as human-written or machine-generated. The team fine-tunes UnBERTo [26] with a
standard token-level classification head on top of the encoder. During inference, the model predicts
per-token labels, and the boundary is extracted as the start character of the first token classified as
machine-generated. Full fine-tuning is performed with standard optimization and mixed-precision
training.

MINDS For the sub-task B: The team [27] framed the task as a token-level sequence labeling problem,
using an encoder-only transformer architecture to predict human-LLM segment boundaries. They
experimented with different pretrained backbones, including BERT and RoBERTa variants, under a
shared training setup, finding that an Italian-specific BERT'" model yielded the best performance.
Token-level predictions are converted into hard labels via a post-training threshold selection step, where
the decision threshold is tuned on a validation set.

Baseline For the sub-task A: The baseline system is based on a multilingual version of DeBERTa-v3
(28] with a classification head. During training the backbone model is kept frozen, and only head’s
parameters are updated. The baseline is trained for one epoch on the whole training set.

For the sub-task B: The baseline system is based on a multilingual version of DeBERTa-v3 [28]
with a token-level classification head. During training the backbone model is kept frozen, and only
head’s parameters are updated. The baseline is trained for one epoch on the whole training set. To
select the switching token, the leftmost machine-generated token is selected, and mapped to its starting
character index.

"https://huggingface.co/dbmdz/bert-base-italian-cased
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Rank Team Accuracy | TPRT  FPR{
1 Gradient Descenders 0.9458 0.8965  0.0048
2 Kenji-Endo 0.9426 0.9031 0.0176
3 UniTor* 0.9288 0.8621 0.0042
4 Nicla 0.9243 0.8598 0.0109
5 Stochastic Gradient Descenders 0.9216 0.8468  0.0032

Baseline 0.8769 0.7857 0.0315
Pangram 0.8893 0.7791  0.0000
UniTor (late) 0.9578 0.9238 0.0081

Table 3
Team rankings and accuracies on sub-task A. Rows with a gray background indicate non-competing results.

Bold scores indicate best results among competing participants, an underlined one indicates best results among
both competing and non-competing systems.
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Sub-task A Sub-task B

Gradient Descenders v v v v

Kenji-Endo |/

MINDS v v

Nicla v v |/ v

UniTor v v v v

Stochastic Gradient Descenders v v v v

Baseline v v v v

Table 4
Participants’ design choices.

6. Results

Most teams participated in both sub-tasks, with the exception of the Kenji-Endo team which participated
only in sub-task A and the MINDS team which only participated in sub-task B. We describe the results
of the two sub-tasks separately.

6.1. Sub-task A

Table 3 reports the results obtained by participants on sub-task A and B, respectively. Note that, for the
ranking of submitted systems, we consider the accuracy score. All submitted systems outperform the
baseline model. The best-performing system was submitted by the team Gradient Descenders, which
fine-tuned the Italian only LLM UmBERTo with a two-layer classification head. Notably, the second-best
submission, by team Kenji-Endo, is achieved by the only system based on a decoder-only transformer.
The decoder is pre-trained from scratch on an Italian-only corpus to assess the effectiveness of smaller
LM trained on curated, language-specific data. This result underscores the potential for decoder-only
models to be used for document-level tasks, such as machine-generated text detection.

The two best performing participating submissions report an accuracy marginally above 0.94 with
the highest being 0.9458. This indicates that while developed systems are effective at detecting machine
generated texts approximately 5% of the texts are misclassified, i.e. human-written texts are classified as
machine-generated or the opposite. This is a significant limitation for a sensitive task such as detecting
machine generated texts. For example an error of this kind can impact school- or work-related grading
or performance reviews. Table 3 also reports a late submission from the UniTor team (which does
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Rank Team Name MAE |
1 Stochastic Gradient Descenders  52.54

2 MINDS 56.53
3 Gradient Descenders 62.66
4 UniTor 81.60
5 Nicla 102.04

Baseline 57.56

Table 5
Team rankings and Mean Absolute Precision scores on sub-task B. Rows with a gray background indicate
non-competing results.

not count for the ranking) shows that higher accuracies are possible in our dataset, in particular they
achieve an accuracy of 0.9578 supporting that novel techniques can further improve the leader-board of
the DeSegMa-IT task.

To provide a deeper analysis of the kind of errors made by participating teams, it is worth analyzing
models’ predictions through the lens of additional metrics in addition to accuracy. For this reason, in
Table 3 we report False Positive and True Positive Rates (FPR and TPR respectively).

We see that all systems have and FPR lower than 2% with the highest value 0.178 shown by Kenji-Endo
and the lowest by Stochastic Gradient Descenders 0.0033. Based on these results, in the best case scenario
every 1,000 human texts, 3 would be wrongly attributed to generative Al, while in the worst case this
would happen for about 18 human-written texts. These results highlight that participating systems
occasionally attribute human-written texts to Al systems, this is not desirable as it undermines the
authorship of “authentic” content created by humans.

We also investigate which participants’ choices resulted in better performance. Specifically, Table 4
reports the main decisions made by each team when developing their system. As expected all teams
used language models to tackle DeSegMa-IT, therefore we report which teams used encoder-only and/or
decoder-only language models and the language each model is trained on. For sub-task A we see an
almost even split between encoder- and decoder-only language models (3 encoder and 2 decoder) and
interestingly the first and second best performing results are obtained by teams using an encoder-only
and a decoder-only language model respectively. Concerning the model language, we see a clear benefit
from using models that have been trained on Italian texts, a choice made by the two best-performing
submissions.

6.1.1. Pangram Labs’ Participation

Pangram'! is an online tool for the automatic detection of Machine generated texts. They adopt a
transformer-based classifier trained on a dataset they develop to detect both closed source Generative Al
systems such as GPT-4-0613 and open-source ones such as Llama-2-70b-chat [29]. Their approach
to the DeSegMa-IT task is different from others because their system does not have access to the
training set which was released at a time when the Pangram detector was already available. Due to
this difference, their results are reported in Table 3 as non-competing. They have lower accuracy than
models trained on the training set developed specifically for the DeSegMa-IT task, however they are
the only system with 0 FPR. This result indicates that their system never attributes human-written texts
to Generative Al

6.2. Sub-task B

Table 5 reports the results for Sub-task B. Two out of the five submitted systems outperform the baseline.
The best performing system was submitted by the Stochastic Gradient Descenders team, the team fine-
tuned the Italian only LLM UmBERTo and adopted a leftmost machine-generated token decision strategy.
The second-best system, by team MINDS, also relies on an Italian-specific variant of BERT, confirming

"https://www.pangram.com/
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Figure 7: Sub-task A: Per-generator recall for each participant.

the relevance of language-specific pre-training for fine-grained tasks such as the human-MGT text
segmentation. Among the remaining teams, the regression-based approach proposed by team Nicla
does not achieve competitive performance, highlighting the effectiveness of framing the segmentation
task as a sequence-labeling problem.

Also for sub-task B Table 4 reports the design choices, in this case there is a clear preference for
encoder-only language models. Same as for sub-task A there is and advantage in using Italian-first
models, the choice made by the two best-performing teams.

7. Discussion

The task of detecting machine-generated texts is a challenging tasks mostly due to the general purpose
abilities of modern LLMs and because of the large number of available models. DeSegMa-IT’s sub-task A
challenged participants to train detectors that are able to address specifically this difficulty by including
synthetic texts generated by different systems. In particular, while train and test set do not share any
data, they share some of the LLMs used to generate synthetic texts. As a result, the accuracy of the
detectors is high but not close to a perfect score. Highlighting that sensitivity to the LLM used to
generate texts is a key factor to account for when training MGT detectors.

To better understand how different generators affect detection performance, we analyze systems
separately for each generator, as reported in Figure 7. This analysis is conducted exclusively on the
subset of machine-generated texts, with human-authored texts excluded. As no negative instances are
present in this setting, we report recall (i.e., the true positive rate) for each generator. This analysis
reveals interesting patterns. All systems achieve high recall on texts generated by models based on
English-first pretrained models: on texts generated by Llama-3.3-70B, and Gemma-3-27B the average
recall exceeds 90%. Similar results are observed for English pretrained models later fine-tuned on Italian,
ANITA-Next-24B is easy to detect, with systems maintaining a recall above 90%. In contrast, models
pre-trained from scratch on Italian data are more challenging to detect, resulting in lower recall scores,
close to 50%. The only model that deviates from this pattern is Llama-3. 1-8B which, despite being
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Figure 8: Sub-task B: Per-generator MAE for each participant.

pretrained on English, evades some of the detectors. We interpret this as evidence of unexpected
generation patterns when the model produces Italian texts.

When performing MGT detection there are two possible errors, human-written texts classified as
Al-generated and the opposite, Al-generated texts classified as human-written. In real applications the
first type of error can be more harmful, since it results in genuine human effort being misattributed to
Al systems. To quantify how often this happens we compute the FPR of participating systems and we
find that all systems are between 0.3% and 2% FPR. While this shows that the proposed systems rarely
make this type of error there are instances of human-written texts attributed to Al

The only system showing 0 FPR is the Pangram detector which is however less accurate than others,
this can be due to not relying on the DeSegMa-IT training set. Restricted to our test set, Pangram never
attributes human-written texts to Al but it is more prone to attributing MGT texts to humans. This is a
desirable design choice necessary for responsible deployment of MGT detectors.

Sub-task B, segmenting human-written and machine-generated texts, requires participants to identify
the character where a text that is human-written in its first part switches to machine-generated. For
this task, we measure performance through character-level mean absolute error, which corresponds to
the number of offset characters between the predicted switch and the real one. We see that achieving an
error inferior to 50 characters has proven challenging for participants, with the best system achieving
a MAE of 52.54. Unlike sub-task A, identifying which models are harder to segment is not evident.
Figure 8 shows the MAE achieved by each participant submission restricted to single models. There
are fewer clear patterns compared to sub-task A, the main observations we draw is that Smo1LM3-3B
and Minerva 7B are more difficult to segment, with an average MAE above 70 characters, while
GPT-0SS-20B is relatively easier with average MAE close to 40. On the remaining models, the average
MAE of participants is evenly spread between 40 and 70, showing that the text generated by all models
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is comparably challenging to segment from human-written text.
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Generative Models Details

Table 6 reports the four models used to create the machine-generated part of the training set of Sub-task
A. Table 7 reports the four models used to create the machine-generated part of the test set of Sub-task

A.

A.1. Sub-task A
Model Hugging Face URL
Qwen3-4B-Instruct Qwen/Qwen3-4B-Instruct-2507
Gemma-3-4B-it google/gemma-3-4b-it
Nemo-Instruct mistralai/Mistral-Nemo-Instruct-2407
Gpt-0ss-20B openai/gpt-0ss-20b

Table 6

Training models used, with their relative Hugging Face URLs.
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Model Relative URL

ANITA-NEXT-24B m-polignano/ANITA-NEXT-24B-Magistral-2506-ITA
Llama-3.3-70B-Instruct meta-llama/Llama-3.3-70B-Instruct

Minerva-7B sapienzanlp/Minerva-7B-instruct-v1.0
Gemma-3-27B-it google/gemma-3-27b-it

Table 7
Models selected for evaluation, with Hugging Face relative URLs.

A.2. Sub-task B

Table 8 reports the nine models used to generate the continuation of human-written news in the train
and test sets of Sub-task B.

Model Relative URL

SmolLM3-3B HuggingFaceTB/SmolLM3-3B
Qwen3-4B-Instruct Qwen/Qwen3-4B-Instruct-2507

Gemma-3-27b-it google/gemma-3-27b-it

ANITA-NEXT-24B m-polignano/ANITA-NEXT-24B-Magistral-2506-1TA
Llama-3.1-8B-Instruct meta-llama/Llama-3.1-8B-Instruct
Llama-3.3-70B-Instruct meta-llama/Llama-3.3-70B-Instruct
Nemo-Instruct mistralai/Mistral-Nemo-Instruct-2407
Gpt-oss-20b openai/gpt-oss-20b

Minerva-7B sapienzanlp/Minerva-7B-instruct-v1.0

Table 8
Generator models used in sub-task B, with Hugging Face relative URLs.
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Abstract

In this paper, we present the Gradient Descenders systems developed for the DeSegMa-IT shared task at EVALITA
2026. Our approach yielded highly competitive results: we achieved the 1st rank in Subtask A with an accuracy
of 94.58% and secured the 3rd rank in Subtask B with a Mean Absolute Error (MAE) of 62.66. In the Machine-
Generated Text (MGT) detection task, we demonstrated the effectiveness of UmBERTo, a RoBERTa-based model
pre-trained on Italian text, validating the advantage of monolingual baselines over multilingual counterparts.
In the Boundary Detection task, we approached the problem as a fine-grained token classification task using
DeBERTa-base-Italian as the backbone encoder. Looking ahead, we aim to address the identified limitations
regarding domain generalization and sequence dependency. Future work will focus on integrating Domain-
Adversarial Neural Networks (DANN) to handle domain shifts and exploring more complex classification layers,
such as Bi-LSTM, to further refine boundary localization precision.

Keywords
Machine-Generated Text Detection, Boundary Identification, Transformer Models, Italian NLP

1. Introduction

The rapid proliferation of Large Language Models (LLMs), such as GPT-4, Claude, and LlaMa [1],
has fundamentally transformed the landscape of digital content creation. While these models offer
unprecedented capabilities in generating coherent and contextually relevant text, they also introduce
significant challenges regarding information integrity, academic honesty, and the potential for large-
scale misinformation. As Machine-generated content becomes increasingly indistinguishable from
human-written text, the need for robust, automated detection systems has never been more urgent.

To address these challenges within the Italian landscape, the DeSegMa-IT [2] shared task at EVALITA
2026 [3] has been established. The task focuses on the nuanced differentiation between human and
machine authorship and is structured into two distinct but complementary subtasks:

+ Subtask A: MGT Detection in the Wild. This subtask requires systems to determine whether
a given text snippet was authored by a human or generated by an LLM.

+ Subtask B: Human-Machine Text Segmentation. This subtask proposes human-machine
mixed text detection, which provides a text where the first part is human-written and the second
part is LLM-generated. The goal is to identify the exact point where the transition occurs.

In this paper, we describe our participation in both of the subtasks of the DeSegMa-IT Shared Task.
Our core philosophy involves moving away from generic multilingual models to leverage language-
specific adaptations that better capture the morphological richness of Italian. In the context of the
DeSegMa-IT shared task, which focuses on Italian, using multilingual models such as XLM-RoBERTa [4]
and mDeBERTa [5] may fail to capture the subtle linguistic nuances and morphological richness of
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the language. Therefore, we propose a language-specific approach leveraging monolingual Italian
pre-trained models.

For subtask A, we treat the problem as a sequence classification task. We employ UmBERTo [6], a
RoBERTa-based model trained on the massive Italian component of the OSCAR corpus (Open Super-
large Crawled ALMAnaCH coRpus). This choice is motivated by UmBERTo’s superior ability to model
Italian syntax and semantics compared to standard multilingual baselines, allowing for more accurate
discrimination between human and machine stylistic patterns.

For subtask B, we approach the boundary detection challenge as a fine-grained Token classification
problem. We utilize DeBERTa-base-Italian [7] as our backbone encoder. Technically, this model is built
upon the mDeBERTa-v3-base [5] architecture. To focus on the Italian language, the backbone has been
adapted to Italian by replacing the original embedding layer [8] and undergoing continued pre-training
on Italian data. By attaching a linear classification head on top of this specialized backbone, our system
predicts a binary label for every token, enabling it to pinpoint the precise transition index where the
authorship shifts from human to machine with high granularity.

The effectiveness of our proposed approaches is validated through extensive experiments on the
official datasets provided by the DeSegMa-IT shared task. Our systems demonstrated strong performance
in both subtasks:

+ For Subtask A: Our UmBERTo-based approach achieved state-of-the-art results, securing the 1st
rank on the leaderboard with an accuracy of 0.945755.

+ For Subtask B: Our token classification strategy using DeBERTa backbone yielded competitive
results, achieving a Mean Absolute Error (MAE) of 62.66, placing us 3rd on the leaderboard.

This paper is structured as follows: In Section 2, we review related work on LLM-generated text
detection and boundary detection in human-machine mixed texts. We also highlight some studies and
their limitations, then position our work in this context. In Section 3, we provide a detailed overview
of our proposed systems for both subtasks, including model architectures and training strategies. In
Section 4, we describe the datasets used, evaluation metrics for each subtask, and our experimental
setup. In Section 5, we present and discuss the results obtained by our systems on the official test sets.
In Section 6, we analyze the strengths and limitations of our approaches and suggest potential avenues
for future research. Finally, we conclude the paper in Section 7 and summarize our findings.

2. Related Work

2.1. Detecting LLM-Generated Text

The detection of LLM-generated text is often framed as a binary classification problem, where the
objective is to train a classifier to distinguish between human-written text and LLM-generated text [9].
One traditional approach involves employing statistical techniques to identify generation artifacts. Such
approaches utilize features including perplexity, entropy, Zipfian distribution of words, and n-gram
frequency analysis. Feature-based methodologies typically operate by constructing high-dimensional
vectors representing various stylistic and statistical properties of the text. Once extracted, these feature
vectors serve as inputs for traditional machine learning classification algorithms, such as a support-
vector machine (SVM), random forest (RF). For instance, Gehrmann et al. [10] developed a system
that combines logistic regression with GLTR, a tool employing baseline statistical methods to detect
generation artifacts across common sampling schemes.

Another prominent line of research involves leveraging Neural Language Models (NLMs) for text
classification. Several works have fine-tuned large bidirectional language models, such as BERT and
RoBERTa [11], on datasets containing both human-written and machine-generated text. These models
utilize self-attention mechanisms to capture long-range dependencies and semantic coherence, which
are often the hallmarks of neural generation. For example, Solaiman et al. [12] demonstrated that a
fine-tuned RoBERTa model could achieve detection accuracy upward of 90% on GPT-2 generated text,
significantly outperforming statistical baselines like GLTR. Adopting a generative approach, Chen et
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al. [13] utilized the Text-to-Text Transfer Transformer (T5) classifier on a dataset named OpenLLMText,
and then used these classifiers to predict the conditional probability of the next word, thereby classifying
multiple text sources. By framing MGT detection as a text-to-text generation task, they utilized the
model’s perplexity and next-token probabilities to classify texts from diverse sources, demonstrating
superior generalization compared to traditional classification heads. Zellers et al. [14] introduced
‘Grover’, a model designed to defend against neural fake news. They empirically showed that the most
effective detector for a specific generator is often the generator itself, fine-tuned as a discriminator.
Wang et al. [15] proposed SeqX-GPT, a method that utilizes log probability lists from white-box LLMs
as features for sentence-level AIGT detection.

Furthermore, while multilingual models like mBERT [16] and XLM-RoBERTa [4] provide strong
baselines, previous studies on the ‘curse of multilinguality’ [4] indicate that allocating model capacity
across too many languages can dilute performance on individual ones. Empirical evidence was provided
by Martin et al. [17] in the context of French NLP tasks, where they demonstrated that CamemBERT, a
RoBERTa-based model trained exclusively on French text, outperformed multilingual counterparts by a
significant margin.

2.2. Boundary Detection for Human-Machine Mixed Text

Beyond numerous studies focused on machine-generated text detection, a less-explored yet significant
challenge lies in identifying precise boundaries within machine-human mixed texts. These texts consist
of two segments: the first part is human-written, and the second part is generated by LLMs. Dugan et
al. [18] conducted a comprehensive study to understand human ability to discern boundaries between
human-written and machine-generated text. Their findings revealed significant variations in annotator
proficiency and highlighted the impact of various factors on detection accuracy, such as model size,
decoding strategy, fine-tuning,... etc. Zeng et al. [19] were among the first to formally define the task
of identifying transition points between human-written and LLM-generated content. They proposed a
two-step approach aimed to separate human and machine representations. First, they separate the LLM-
generated text from human-written text during the encoder training process. Second, they calculated
the distances between adjacent text prototypes, positing that the transition boundary is located between
the two prototypes exhibiting the furthest distance from each other.

While these pioneering studies have proposed effective methodologies for boundary detection in
hybrid texts, they were typically limited to the sentence level rather than at the token level. As a
consequence, they may lead to poor granularity in realistic writing scenarios, where an LLM might
complete a sentence started by a user. Addressing this gap, we approach boundary detection as a
sequence labeling problem, enabling precise identification of transitions at the token level.

3. System Overview

Our systems for both subtasks are built upon pre-trained Italian transformer-based models. We utilize
these models as backbone encoders and attach task-specific heads to adapt them to the respective tasks.

In Subtask A, we employ UmBERTo [6] as our backbone encoder for binary classification. We append
a linear classification head on top of the [CLS] token representation to predict whether the input text is
human-written or LLM-generated. See Section 3.1 for more details.

In Subtask B, the target is to identify the exact token index where the transition from human-written
to machine-generated text occurs. As mentioned in Section 2.2, previous studies typically approached
this problem at the sentence level, which may not provide sufficient granularity for practical applications.
Therefore, we approach this task as a sequence labeling problem, employing DeBERTa-base-Italian [7]
as our backbone encoder and attaching a token-level classification head to predict binary labels for each
token. See Section 3.2 for more details.
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Figure 1: System overview for Subtask A

3.1. Subtask A: Binary Classification with UmBERTo

The overview of our system is illustrated in Figure 1. Our proposed system for Subtask A consists of
two main components: a feature extractor layer (such as UmBERTo) that acquires text representation
and a category classifier that predicts whether the input text is human-written or LLM-generated.

The feature extractor and the category classifier constitute a feedforward neural network architecture.
Specifically, the feature extractor G ¢(-) initially receives the text input, which consists of n tokens
x = {x1,...,Xp}, and then transforms it into high-dimensional contextualized embeddings. We utilize
the output vector corresponding to the CLS token as the aggregate semantic summary of the entire
sequence, denoted as G' s (x). Subsequently, this semantic representation G s (x) is passed to the category
classifier G (-), yielding G (G s(x)), representing the predicted probability of two labels through the
Softmax function. Finally, the predicted label 4 is determined by selecting the class with the highest
probability.

In the category classifier, we employ a two-layer Multi-Layer Perceptron (MLP) with a Tanh activation
function between the layers. We then apply a Dropout operation to mitigate overfitting before passing
the features through a second linear layer to map them to the binary label space.

To train the model, we employ the Cross-Entropy loss function, which minimizes the discrepancy
between the predicted probabilities and the true labels. The loss function is defined as follows:

1 N C
L=—5>D vijlog(iiy) (1)

i=1 j=1

where N is the number of samples in the batch, C' is the number of classes (2 in this case), y;; is the
true label (one-hot encoded) for class j of sample %, and §;; is the predicted probability for class j of
sample i (obtained through the Softmax function).

3.2. Subtask B: Fine-Grained Boundary Detection via Token Classification

In subtask B, the objective is to identify the exact token index where the transition from human-written
text to machine-generated text occurs. As mentioned in Section 2.2, we approach this task as a sequence
labeling problem at the token level.

One of the main challenges in this subtask is aligning the ground-truth boundary index with the
tokenized sequence produced by the tokenizer of the pre-trained model. To address this, we utilize the
tokenizer’s offset mapping feature, which provides the start and end character positions of each token
in the original text. For each input sentence, the tokenizer generates a mapping (s;, e;) for each token ¢;,
where s; and e; denote the start and end character indices of the token in the original text, respectively.
Then each token ¢; is assigned a binary label y; based on the ground-truth boundary index as follows:

o O(Human) if s; < Cirans @)
* | 1(Machine) else

where Cipans is the ground-truth character index of the transition point.
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Table 1
Statistics of the DeSegMa-IT datasets for Subtask A and Subtask B

Subtask  Category Train Dev Test

Human 16,569 - -
Subtask A Machine 16,569 - -
Total 33,138 5,059 15,135

Subtask B Total 19,945 4,579 23,211

We employ DeBERTa-base-Italian [7] as our backbone encoder for feature extraction. On top of the
feature extractor, we attach a linear classification head that predicts binary labels for each token in the
input sequence. Technically, the input sequence is initially encoded into hidden state H = {h1,..., h,}.
These states are then passed through the classification head, which consists of a single linear layer
followed by a Softmax function, yielding predicted probabilities for each token:

P(y;|x;) = softmax(W - h; + b) (3)

Between the backbone encoder and the classification head, we apply a Dropout layer to mitigate
overfitting.

4. Experimental setup

4.1. Datasets and Evaluation Metrics

Datasets We utilized the official datasets provided by organizers of the DeSegMa-IT [2] shared task.
The corpus is exclusively in Italian for both subtasks.

« For subtask A: The dataset consists of over 33000 unique text samples, which are labeled as
either human-written (0) or LLM-generated (1). The dataset is split into training, validation, and
test sets. The texts vary in length from short paragraphs to longer articles, covering a diverse
range of topics and styles.

+ For subtask B: The dataset contains nearly 20000 text samples. Each document begins with a
human-authored segment and transitions into machine-generated text at a specific, unmarked
boundary. The objective is to pinpoint the exact token index of this transition.

See Table 1 for more details about the datasets of both Subtask A and Subtask B.

Evaluation Metrics The evaluation metric used in subtask A is accuracy, which is defined as the
ratio of correctly predicted samples to the total number of samples. For subtask B, the evaluation metric
is Mean Absolute Error (MAE), which measures the average absolute difference between the predicted
boundary index and the actual boundary index. The performance is better when the MAE value is
lower.

4.2. Training

Subtask A In subtask A, we divided the training into two phases: (1) fine-tuning the UmBERTo [6]
model on the training set and (2) hyperparameter tuning on the validation set with the ratio of 80:20.
For input processing in Subtask A, given the maximum context window of 512 tokens inherent to
UmBERTo, we employed a standard truncation strategy, retaining only the initial 512 tokens of each
document. The entire model, including both the UmBERTo backbone and the classification head, was
fine-tuned end-to-end using the AdamW [20] optimizer coupled with a linear learning rate scheduler.
The learning rate scheduler was configured with a fixed warm-up period of 100 steps. The model
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Table 2
Official Leaderboard Results for Subtask A.

Team Accuracy Rank
Kenji Endo 0.9426 2
UniTor 0.9288 3
Niclas 0.9243 4
Stochastic G.D. 0.9216 5
Gradient Descenders 0.9458 1
Table 3
Ablation Study: Monolingual vs. Multilingual.
Model Accuracy Macro-F1  Micro-F1
mBERT (Base) 0.9393 0.9392 0.9393
XLM-RoBERTa (Base) 0.9397 0.9396 0.9397
mDeBERTa (Base) 0.9248 0.9245 0.9248
UmBERTo (Ours) 0.9458 0.9376 0.9378

is optimized by minimizing the Cross-Entropy loss function. To mitigate overfitting, we applied an
Early Stopping strategy based on the validation loss, with a patience of 5 epochs. Furthermore, we
incorporated a Dropout layer within the classification head and weight decay during optimization. For
reproducibility, a comprehensive list of all hyperparameters, search spaces, and hardware specifications
is provided in Appendix A.1

Subtask B In subtask B, we followed a similar training procedure as in Subtask A. We divided the
dataset into training and validation sets with an 80:20 ratio. For input processing in Subtask B, we also
truncated the input sequences to a maximum length of 512 tokens and assigned the special tokens ([CLS],
[SEP]) with the label -100 to exclude them from loss computation. The entire model, including the
DeBERTa-base-Italian [7] model and classification layer, was trained by minimizing the Cross-Entropy
loss function using the AdamW [20] optimizer with weight decay. We also maintained the linear
learning rate scheduler with a fixed warm-up period of 100 steps. During the evaluation, we observed
that the token-level predictions can be noisy, resulting in unstable boundary detection and spurious
label flipping. To address this issue, we implemented a consecutive consistency constraint during the
inference phase. Specifically, a token at index k was identified as the transition point only if the model
predicted the label 1 (Machine) for at least m consecutive tokens starting from index k. This approach
effectively filters out isolated misclassifications and enhances the robustness of boundary detection. For
reproducibility, more details about the hyperparameters and hardware specifications are provided in
Appendix A.2.

5. Results

In this section, we present and discuss the results obtained by our proposed systems on both subtasks
of the DeSegMa-IT [2] shared task. In subtask A, our system achieved the highest accuracy on the
official test set, securing the 1st position on the leaderboard. In subtask B, our approach demonstrated
competitive performance, achieving the 3rd rank on the leaderboard.

5.1. Subtask A: MGT Detection in the Wild

Table 2 presents the official leaderboard for Subtask A. Our proposed system, submitted under the team
name Gradient Descenders, achieved the top position with an accuracy of 0.945755. As observed, the
competition was intense, particularly between our system and the runner-up (Kenji Endo), with a margin
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Table 4 Table 5

Official Leaderboard Results for Subtask B. Ablation Study: Backbone Comparison.
Team MAE Rank Model MAE
Stochastic G.D. 52.54 1 UmBERTo (Base) 65.22
MINDS 56.53 2 mDeBERTa-v3 (Base) 63.34
UniTor 81.6 4 DeBERTa-IT (Ours) 62.66
Nicla 102.04 5
Gradient Descenders  62.66 3

of approximately 0.3%. However, our model demonstrated a significant lead over other competitors,
outperforming the third-ranked team (UniTor) by over 1.7 percentage points.

To validate the effectiveness of our design choices, Table 3 compares our monolingual backbone
against various baselines. The result empirically supports our hypothesis that leveraging a monolingual
Italian pre-trained model, specifically UmBERTo [6], provides a substantial advantage in capturing the
linguistic nuances necessary for effective discrimination between human and machine-generated text.
Notably, UnBERTo outperforms the multilingual XLM-RoBERTa, which shares a similar architecture, by
a margin of 0.64%, highlighting the benefit of language-specific pre-training. Moreover, it is particularly
instructive to compare our system with Stochastic Gradient Descenders, a team from our same research
group that employed a fundamentally different approach. While our system relies on an encoder-only
architecture with full fine-tuning, the Stochastic Gradient Descenders team employed a generative Large
Language Model (LLM) (Qwen2.5-0.5B model [21]) adapted via Low-Rank Adaptation (LoRA) [22].
Although Qwen2.5-0.5B is a highly effective multilingual model, our proposed system outperforms
it by 2.42%. This result indicates that for the specific task of MGT detection in Italian, a well-tuned
encoder-based model can outperform a generative LLM approach.

5.2. Subtask B: Human-Machine Text Segmentation

Table 4 shows the official leaderboard for Subtask B. Our system, Gradient Descenders, secured the
3rd position with a Mean Absolute Error (MAE) of 62.66. The system exhibited strong performance,
establishing a significant gap over lower-ranked teams; specifically, we outperformed Nicla and UniTor
by margins of 39.38 and 18.94 points, respectively.

Table 5 presents an ablation study comparing different backbone architectures for the boundary detec-
tion task. The empirical experiments have presented the effectiveness of both the DeBERTa architecture
and monolingual pre-training. DeBERTa-IT surpasses its multilingual counterparts, mDeBERTa-V3
(63.34), restating the “monolingual advantage” observed in Subtask A.

It is noteworthy that our proposed system solely relied on a simple token classification layer, without
incorporating more sophisticated techniques such as Conditional Random Fields (CRF) [23] or Bi-
LSTM [24] layers. While computational budget constraints limited our exploration of larger backbones or
more complex architectures, this result confirms that a well-tuned baseline with robust post-processing
can achieve top-tier performance. Consequently, we believe there is ample room for improvement by
scaling up the model size or integrating sequence modeling layers in future work.

6. Discussion

6.1. Subtask A Analysis

Our performance in Subtask A demonstrates the effectiveness of using a monolingual Italian pre-trained
model, UnBERTo [6], for the task of MGT detection. These results align with prior findings on the ‘curse
of multilinguality’ [4], which suggest that language-specific models can better capture linguistic nuances
compared to multilingual counterparts. Although the performance gap is modest and comparable in
terms of F1-score, we hypothesize that scaling up the volume and diversity of the Italian pre-training
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data could significantly amplify this advantage, allowing the monolingual model to fully leverage its
specialized capacity.

However, a notable challenge observed is the system’s sensitivity to domain shift, where the distribu-
tion of the test data diverges from the training set. This is a challenge commonly faced in real-world
applications, where the distribution of test data may differ significantly from the training data. To
mitigate this limitation in future work, we propose exploring domain adaptation techniques. Guo et
al. [25] addressed this issue by employing DANN (Domain-Adversarial Neural Networks) [26] to learn
domain-invariant features, thereby enhancing the model’s robustness to domain shifts. By employing a
gradient reversal layer, such architectures can effectively align feature distributions across domains,
thereby enhancing robustness.

Furthermore, augmenting the training data with synthetic examples generated by various LLMs
could further enhance the model’s generalization capabilities. The diversity in generation styles and
artifacts in different LLMs can provide a richer training signal, enabling the model to generalize better
to unseen data.

6.2. Subtask B Analysis

As discussed in Section 5, our approach for Subtask B, which treats boundary detection as a token
classification problem, yielded competitive results despite its simplicity. The performance shows the
strong ability of DeBERTa-base-Italian [7] in capturing token-level nuances necessary for identifying
transition points between human and machine-generated text. Furthermore, this also validates our
hypothesis that token-level classification can provide finer granularity compared to sentence-level
approaches discussed in Section 2.2.

Despite these strengths, we acknowledge several limitations. First, our backbone model (DeBERTa-
base-Italian) was fine-tuned on a limited corpus, which may limit its generalization capabilities. Second,
while the DeBERTa encoder captures input context effectively, the simple linear classification head
treats each token’s prediction independently. It lacks the mechanism to explicitly model output label
dependencies, potentially leading to misclassifications around the transition boundary. Guo et al. [25]
have experimented by using Bi-LSTM [24] layers on top of pre-trained models for similar token-level
tasks, providing a significant performance boost rather than using only linear layers. Finally, the fixed
truncation at 512 tokens is a bottleneck for long-document analysis. Future iterations will investigate
models with extended context windows (e.g., Longformer) or sliding window inference strategies to
address boundaries situated deep within the text.

7. Conclusion

In this paper, we presented the Gradient Descenders systems developed for the DeSegMa-IT [2] shared
task at EVALITA 2026 [3]. Our approach yielded highly competitive results: we achieved the 1st
rank in Subtask A with an accuracy of 94.58% and secured the 3rd rank in Subtask B with a Mean
Absolute Error (MAE) of 62.66. These findings empirically demonstrate the effectiveness of leveraging
monolingual Italian pre-trained models, specifically UmBERTo [6] and DeBERTa-base-Italian [7], for
MGT detection and boundary detection tasks, respectively. We also discussed the strengths and
limitations of our approaches, providing insights into potential avenues for future research. Looking
ahead, we plan to enhance model robustness against domain shifts using Domain-Adversarial Neural
Networks (DANN) [26] and to refine boundary precision by integrating structured prediction layers,
such as Bi-LSTM [24], into our pipeline.

Declaration on Generative Al

Generative Al tools were employed only to enhance linguistic clarity. All data, analyses, and conclusions
were conceived, executed, and validated by the authors. The authors retain full accountability for every
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aspect of the manuscript’s content.
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A. Detailed Experimental Setup

A.1. Subtask A: Binary Classification with UmBERTo

We utilized UmBERTo (Cased-v1) [6] as our backbone encoder for Subtask A, coupled with the two-
layer MLP classification head described previously. The model was fine-tuned using the AdamW [20]
optimizer with a weight decay of le-2 to regularize the weights. We employed a linear learning rate
scheduler with a warm-up period of 100 steps. After the warm-up phase, the learning rate decayed
linearly to zero.

Regarding hyperparameters, the peak learning rate was set to 2e-5 with a batch size of 8. The input
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sequences were truncated to a maximum length of 512 tokens. As mentioned in Section 4, we employed
an Early Stopping strategy based on the validation loss, with a patience of 5 epochs. The Dropout rate in
the classification head was set to 0.2. We conducted training for 10 epochs on NVIDIA Tesla T4 GPUs.

A.2. Subtask B: Human-Machine Text Segmentation

We utilized DeBERTa-base-Italian [7] as our backbone encoder for Subtask B, along with the token-level
classification head described previously. The model was trained using the AdamW [20] optimizer with
a weight decay of 1e-2. We employed a linear learning rate scheduler with a warm-up period of 100
steps, similar to Subtask A.

Regarding hyperparameters, the learning rate was set at le-5, and the batch size was 8. Input
sequences were truncated to a maximum length of 512 tokens, with special tokens ([CLS], [SEP])
assigned a label of -100 to exclude them from loss computation. A dropout with a rate of 0.3 was applied
before the classification head to mitigate overfitting. For the consecutive consistency constraint during
inference, we set the parameter m to 2, meaning that a token is classified as the transition point only if
at least 2 consecutive tokens are predicted as machine-generated starting from that token. The training
phase was conducted for 6 epochs on NVIDIA Tesla T4 GPUs.
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Abstract

We address the DeSegMa-IT shared task at EVALITA, which aims to identify and segment mixed-authorship Italian
text, where generation switches from a human prompt to a large language model continuation. We address the
problem as a token-level sequence labeling, where each token is labelled as either human- or machine-generated.
To this end, we use an encoder-only transformer, fine-tuned for token-level binary token classification (human vs.
LLM), with a post-hoc threshold tuning step to improve boundary localization. Our system achieves competitive
performance, ranking second in the official evaluation. In this report, we summarize the proposed solution, and
explore additional options considered during the challenge.

Keywords

machine-generated text detection, authorship segmentation, large language models

1. Introduction

In recent years, rapid progress in generative artificial intelligence has led to the widespread adoption
of large language models (LLMs) capable of producing text that is often difficult to distinguish from
human-written content. Such models are now routinely employed in applications ranging from cre-
ative writing [1] and customer support tasks [2], to the drafting [3] and reviewing [4] of scientific
papers. However, alongside these benefits, the usage of LLMs raises increasing concerns related to
transparency, accountability, factual validity and misuse. Indeed, language models can be used to
generate misinformation, fake news, conspiracy theories and hate content at a previously impossible
rate. Such contents already flood places such as news outlets or social media. In response to these risks,
regulatory frameworks — most notably the European AI Act — are increasingly emphasizing the need
for mechanisms that automatically recognize machine-generated contents reliably.

Within this context, the DeSegMa-IT [5] shared task at EVALITA 2026 [6] addresses the challenge
of machine-generated text detection for the Italian language, with a particular focus on “non-ideal”
settings. Rather than operating under fully controlled conditions, the task is designed to evaluate the
robustness of detection systems in scenarios where prior knowledge of the generation process may be
unavailable. Among the proposed subtasks, Task B focuses on a segmentation problem: given a single
text composed of an initial human-written prefix followed by an LLM-generated continuation, the goal
is to identify the precise point at which authorship changes.

Unlike document-level detection, SubTask B explicitly emphasizes localization: the solutions evaluated
using the mean absolute error between the predicted and gold switch character position. The approach
of detecting an event at finer-granularities is commonly adopted in LLM-generated contents: other
works in literature focused, for instance, on the detection of token-level toxic content, or the detection
of hallucinations at the character level [7]. In this work, we address SubTask B by formulating it as a
token-level problem, using an encoder-only transformer model (based on BERT [8]), fine-tuned on a
token-level classification task. The model assigns authorship labels to individual tokens, from which
the switch position is derived, allowing for fine-grained modeling of the human-machine boundary.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26 — 27, Bari, IT
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Figure 1: Intuition behind the proposed solution: tokenized sentences are annotated by a suitably fine-tuned
token-level classifier and later converted to either human- or machine-generated.

2. Methodology

The proposed methodology is based on the idea of letting a model distinguish between human and
LLM-generated tokens, at a token level. In other words, we build a transformer-based model capable of
annotating each token of a sentence as either human- or LLM-generated. The transformer architecture
is particularly well-suited for this kind of tasks, where the model can only assign a valid token-level
prediction by considering the surrounding context.

We summarize the intuition in Figure 1, which shows the main steps of the proposed solution: a
first token-level prediction, the following conversion to a binary outcome (human/LLM), and the final
identification of the switch point (i.e., the first transition from human-predicted to machine-predicted
token).

2.1. Task formulation

Let a text be tokenized into a sequence (ty,1,...,t,). The goal is to predict the switch point where
the text transitions from human-written to LLM-generated. We frame the problem as binary token
classification by assigning each token ; a label y; € {0, 1}, where 0 denotes human and 1 denotes LLM.
The gold labeling is derived from the annotated switch: tokens before the switch are labeled 0 and
tokens at/after the switch are labeled 1.

A transformer encoder (BERT-style) produces contextual token representations h;, followed by a
linear classification head yielding logits z; € R? and probabilities p; = softmax(z;).

2.2. Switch prediction

At inference time, we obtain token-level predictions j; = 1(p;; > 7). In other words, we assign a class
based on whether the probability for LLM-generated is above a certain threshold r (hyperparameter).
We then estimate the switch token index as the earliest position predicted as LLM:

k = min{i | § = 1},

with a fallback to k = n if no token is predicted as LLM. The final system output is the corresponding
character position in the original text, obtained by mapping the predicted switch token back to the
position of the token’s starting character.

3. Experimental Results

In this section we report the main results obtained for the challenge. Specifically, we report three aspects
of interest: the main results obtained during the challenge (Section 3.1), some additional experiments
to identify the most suitable backbone model (Section 3.2) and, finally, a sensitivity analysis to define
the hyperparameter 7 (Section 3.3). We note that, for experiments that were not submitted during the
competition, we report the results based on a separate test set that has been made available throughout
the challenge.
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Table 1
Official results for the DeSegMa-IT challenge (SubTask B). The best solution is shown in bold, the second best
solution is underlined.

Position Participant MAE |
1 Stochastic Gradient Descenders  52.54
2 MINDS (ours) 56.53
3 Gradient Descenders 62.66
4 UniTor 81.6
- Regression baseline 90.54
5 Nicla 102.04
- Naive prediction (avg) 103.53

Table 2
Backbone comparison under the same token-classification framework. The best solution is shown in bold, the
second best solution is underlined.

Architecture Size (M params) Pre-training language MAE |

BERT 110 [talian 56.53
RoBERTa 125 Italian 56.95
RoBERTa 355 English 57.95
RoBERTa 125 English 58.99
BERT 340 English 76.92

3.1. Main results

Table 1 reports the official leaderboard results. Our system achieves second place overall, indicating that
the proposed token-classification formulation is effective for localizing human-to-LLM transitions in
Italian text. We additionally introduce (i) a simple model that addresses the task directly as a regression
problem, i.e. using the output for the CLS token, after proper fine-tuning, to predict the switch point,
and (ii) the performance for the naive solution that predicts the average starting point, to provide a
baseline result.

3.2. Backbone definition

To understand the impact of the underlying encoder, we also compare different backbone models under
the same training setup. Table 2 summarizes results across an Italian-trained BERT-style model [9]
and RoBERTa-based [10] alternatives (including an Italian-adapted variant [11]). All trainings have
been performed for a total of 10 epochs (batch size of 8). Further training did not provide additional
generalization benefits, neither to the smaller, nor to the larger models. Overall, the results show that
the Italian-tuned BERT model outperforms other models, even larger ones. This appears to indicate
that, for this problem, the pre-training is more beneficial than an increased model size. Based on these
conclusions, the Italian version of BERT! has been used as the backbone for the proposed method.

3.3. Sensitivity analysis

On top of the hyperparameters already defined for the training phase, one additional value of interest is
the threshold 7 applied to the model’s predicted probabilities, to assign a hard label to each token. This
hyperparameter can be tuned after the training process, using a separate validation set and studying
the change in performance on the validation set, as a function of 7. We report this analysis in Figure 2.
The result highlights how the model achieves good performance for small values of 7 — indicating that
the model is not well-calibrated. There is a limited plateau of stable performance. As the threshold

!dbmdz/bert-base-italian-cased on HuggingFace
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Figure 2: Performance of the model, as a function of 7. The performance is reported in terms of Mean Absolute
Error computed at the token level, for consistency with the token-level approach of the proposed solution.
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Figure 3: Representation of the residual error, as a function of the observed switch point. The side histogram
shows the shape of the distribution of the errors, qualitatively representing a symmetric distribution.

increases, we observe a drop in performance (i.e., an increase in MAE): because of these empirical
observations, we set the threshold to 7 = 0.05.

3.4. Error analysis

We additionally look into the distribution of residual errors, as shown in Figure 3. The plot shows the
residual error of the model (computed as the difference between predicted and observed values), as a
function of the observed switch point. The high-density region of space centered around 0 indicates
that, for a majority of samples, the model behaves consistently across different switch positions. As
expected, the error for “early” switch points is mostly positive (as the model can only be mistaken when
predicting late switch points. The same applies for “late” switch points and reversed considerations (i.e.,
the mistakes are related to predicting an early switch point). We observe that the distribution of errors
is symmetric: this intuitively indicates that the model does not overly predict early (or late) switches.
Finally, we note that the mean (signed) error approximately 7.95: in other words, since the error is not
zero-centered, the additional offset could be subtracted (e.g., if computed on an i.i.d. validation set) to
compensate this bias.

4. Conclusions

We presented a token-level approach for the DeSegMa-IT task, casting authorship transition detection
as binary sequence labeling with a BERT-style encoder. Our system achieves competitive performance,
ranking second in the shared task evaluation. Future work could explore alternative boundary-aware
objectives, improved token-to-character alignment strategies, and extensions to other languages or
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mixed-generation settings. We attempted additional approaches, e.g. an alternative version of the
proposed approach, with weighted importance assigned to the tokens based on their distance from the
switch point. However, this alternative achieved comparable performance to the non-weighted version,
and we did not report those results for simplicity. Other options, e.g. the direct prediction of the switch
point as a regression task, were not found to be promising.
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Abstract

Recent advancements in Generative Al have led to the development of systems able to generate text that is often
indistinguishable from human-written content. Although this capability has many beneficial applications, it also
enables malicious actors to generate synthetic content for deceptive purposes (e.g., proliferation of fake news).
As a direct response to all these needs DeSeGma-IT is introduced in the EVALITA 2026 campaign. This challenges
the independent and identically distributed assumption (IID), since the generators used to create the training set
are different from those used to generate the test set.

DeSegMa is structured into two sub-tasks. Machine Generated Text (MGT) Detection which involves the detection
of machine-generated texts at the document level and Human-Machine Text (HMT) Segmentation which involves
the segmentation of a document into the human-written and the machine-generated part.

For the first sub-task, DistilBERT is chosen because it has fewer parameters and it is faster than BERT, but it keeps
nearly all the language understanding capabilities. For the second sub-task, Light Gradient Boosting Machine
(Light GBM) is chosen because it is faster than Gradient Boosting Decision Tree (GBDT) while achieving almost
the same accuracy.

The results demonstrated that both models maintain stable performance when moving from validation data to
unseen test data.

Keywords
DistilBERT, MGT Detection, LightGBM Regressor, HMT Segmentation.

1. Introduction

Recent advancements in Generative Al and Large Language Models have led to the development of
systems able to generate text that is often indistinguishable from human-written content. Although
this capability has many beneficial applications, it also enables malicious actors to generate synthetic
content for deceptive purposes (e.g., proliferation of fake news).

Beyond public opinion concerns, the European Commission will enforce compliance with the AT Act.
In particular, article 50 requires that text generated by General Purpose Al have to be marked and
automatically recognizable. Additionally, while state-of-the-art MGT detectors have reported high
accuracy, such results often stem from unrealistic experimental settings.

As a direct response to all these needs, DeSeGma-IT - Detection and Segmentation of Machine Generated
Text in Italian - [1] is introduced in the EVALITA 2026 campaign [2]. In fact, it challenges the independent
and identically distributed assumption (IID), since the generators used to create the training set are
different from those used to generate the test set.

DeSegMa is structured into two sub-tasks. SubTask A - Machine Generated Text (MGT) Detection in
the Wild - involves the detection of machine-generated texts at the document level, it is structured as a
binary-classification problem and it is defined as follows:

Given a piece of text, assign it the label 0, if the text is written by a human, and 1 otherwise.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26-27, Bari, IT
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SubTask B - Human-Machine Text (HMT) Segmentation - involves the segmentation of a document
into the human-written and the machine-generated part, it focuses on localization and it is defined as
follows:

Given a piece of text, return the index of the first character that is generated by an LLM [1].

2. Dataset

2.1. Data Understanding

For SubTask A the features of the dataset are text - the text to classify - and label - the ground truth,
where 0 means that the text is human written and 1 that it is machine generated.

For SubTask B the features of the dataset are human - the first part of the text, written by a human -,
llm - the machine-generated continuation of the text - and human_len - the index of the first character
outputted by the language model [1].

2.2. Data Preparation

First, duplicate rows are dropped from both the datasets because with them, the model might incorrectly
learn that these instances are much more common or significant than they are.

For SubTask A, only technical noise that do not help detect whether a text is a MGT are removed.

In fact, HTML tags and markdown artifacts, like # and * are used to represent formatting, while URLs
are references.

Moreover, emojis add context, emotion, and nuance, but they are the very things computers find hard
to quantify and here the goal does not concern sentiment.

Finally, duplicate whitespaces should be normalized to a single space to ensure consistent formatting.

Instead, characters that may be decisive for detection are not removed. For instance, stopwords provide
crucial grammatical structure, while punctuation marks may or may not offer valuable information based
on the context. Stylometric features, including punctuation marks effectively enhance Al-generated
text detection [3].

For SubTask B, nothing is removed from the text before executing this code because it is needed to
return the index of the first character from which the llm part starts. Any preprocessing would shift
offsets, breaking the mapping between the original text and the computed embeddings. So, the only
step done is to concatenate the human and the llm texts.

3. Description of the system

3.1. Subtask A
3.1.1. Model Selection and Architecture

For the classification task, DistilBERT [4] is chosen. It is a compact transformer-based architecture
derived from BERT via knowledge distillation. This model is selected for its favourable trade-off between
computational efficiency and performance, as it keeps 97% of the language understanding capabilities,
while being 60% faster and 40% smaller in parameter count [4]. Specifically, the uncased version is
chosen to ensure robustness across varying capitalization styles’.

This model is primarily aimed at being fine-tuned on tasks that require the whole textual content, as is
the case for DeSegMa subtask A. Given its ability to effectively capture the subtle semantic and syntactic

'https:huggingface.co/distilbert/distilbert-base-uncased
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patterns critical for differentiating between machine-generated text (MGT) from human-written text
(HWT) [5], DistilBERT serves as an ideal back bone for this sequence-level classification task.

3.1.2. Data Processing and Experimental Setup

Textual inputs were tokenized and truncated to the model’s maximum sequence length. Dynamic
padding is implemented during batch collation, ensuring that sequences were padded only to the length
of the longest element within each batch. In fact, this is more efficient with respect to padding the
whole dataset to the maximum length [6].

For model validation and hyperparameter tuning, the original training corpus was partitioned to reserve
10% of the data as an independent validation set. This split ensures a reliable assessment of generalization
and mitigates the risk of overfitting during the fine-tuning process.

3.1.3. Hyperparameter tuning

To improve the accuracy and the generalization of the model hyperparameter search is run through
Bayesian optimization, due to its balance between exploitation (choosing values that performed well pre-
viously) and exploration (trying new values to discover better configurations) and its greater efficiency
with respect to grid and random search.

As the dataset size grows and models get more complex, this process becomes more expensive since the
evaluation of a single set of hyperparameters often requires retraining a new model. Moreover, although
the validation error decreases as the training dataset size increases, the ranking of hyperparameter
configurations is still relatively consistent across dataset subsets. So, to make this process faster, the
training and the validation set previously obtained are subsampled by taking from them respectively 200
and 100 samples. This search is done for 20 trials, based on accuracy, the score used for the evaluation
[1], on the following hyperparameters:

+ Learning rate is a measure of how fast the machine learning model performs data training.
With a high learning rate, then your system will rapidly adapt to new data, but it will also tend to
quickly forget the old data. With a low learning rate, the system will learn more slowly, but it
will also be less sensitive to noise in the new data.

« Number of train epochs is the number of training iterations over the dataset [7].

With few epochs, the system can save computation, but it also means we have little training
information. With many epochs, the networks can converge during evaluation [8].

+ Per device train batch size refers to the number of training examples used in one iteration on
training process [9].

A small batch size ensures that each training iteration is very fast. Although a large batch size
will give a more precise estimate of the gradients, in practice this does not matter much since the
direction of the true gradients do not point precisely towards the optimum [7].

« Weight decay works by adding a penalty for large weights to the loss function, encouraging the
model to learn more generalizable features.

Setting it too high can make it difficult for the model to capture important patterns in the data.
Setting it too low may not provide sufficient regularization. [10].

« Warmup ratio is the ratio of total training steps where learning rate will warm up.

Learning rate warm-up is a technique used to stabilize the initial training phase. This allows the
model to avoid the unstable gradients that can occur at the beginning of training, particularly
with larger models [11].

In Table 1, it is possible to see the hyperparameters search space and the best hyperparameters set.
Notice that for the number of train epochs are included only the integers in the interval, while for the
learning rate and for the last two hyperparameters also the floats are taken in account. Additionally,
for the learning rate the value is sampled from the range in a logarithmic scale, while for the other
hyperparameters the linear domain is used.
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Table 1
SubTask A: Hyperparameters Search Space and Best Hyperparameters Set

Hyperparameters Search Space Best

learning rate [1e-6, 5e-5] 2.336911157693361e-05
number of train epochs [2,5] 5

per device train batch size {4, 8} 4

weight decay [0.0, 0.3] 0.20388579400869386
warmup ratio [0.0,0.2] 0.18924653336093455
ACCURACY 0.92

3.2. Subtask B
3.2.1. Model Selection and Architecture

For the segmentation task, Light Gradient Boosting Machine (LightGBM) Regressor is chosen®. Light-
GBM [12] is a newer version of Gradient Boosting Decision Tree Algorithm (GBDT). This model is
selected because it speeds up the training process of GBDT by up to 20 times while achieving almost
the same accuracy [12].

In particular, the implementation of Gradient-based One-Side Sampling (GOSS) and Exclusive Feature
Bundling (EFB) alongside efficient split finding techniques marks LightGBM as a highly efficient and
effective algorithm for regression problems [13]. Since Subtask B requires to map to the target numerical
values (the index of the character where the machine generated part of text starts), Light GBM Regressor
would be a good back bone for this segmentation task.

3.2.2. Data Processing and Experimental Setup

Textual inputs are encoded by using a Sentence-BERT model [14] as a frozen feature extractor. More
precisely, all-MiniLM-L6-v2® is used because it is a more compact version of the BERT model from
the MiniLM (Mini Language Model) and it retains much of the semantic and linguistic understanding
of larger transformer models. MiniLM, being trained by using the contrastive learning approach,
encourages the mapping of semantically similar sentences closer together in vector space [15].

For model validation and hyperparameter tuning, the original training corpus was partitioned to reserve
20% of the data as an independent validation set. This split provides a large chunk of data for the model
to learn from while still reserving a reasonable amount for evaluation.

3.2.3. Hyperparameters tuning

As for Subtask A, hyperparameters search is run through Bayesian optimization. To make this process
faster, the training set is subsampled selecting a subset with 20% of the samples, that is 16% of the
provided training set.

Moreover, k-fold cross-validation with 3 folds is implemented on this subset to evaluate a model’s
performance and make sure that it is not dependent on a particular training-test split of the data.

Finally, early stopping is activated to stop training if the model does not improve for a certain number of
rounds, saving time and avoiding overfitting [16]. For hyperparameter search, the number of stopping
rounds is set to 50, while for training it is set to 100. This search is run for 50 trials, based on MAE
(Mean Absolute Error), the score used for the evaluation [1], on the following hyperparameters:

*https://lightgbm.readthedocs.io/en/latest/pythonapi/lightgbm LGBMRegressor.html
*https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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« Number of leaves specifies the maximum number of leaves in each tree.

The higher the value, the better the model’s performance will be, with a trade-off of having a
longer computational time. However, there is a threshold where the impact of adding more leaves
will not have much additional impact on the model’s performance or even have a negative impact
due to overfitting [17].

« Max depth specifies the maximum depth of each decision tree.

A lower value can help us prevent overfitting. However, a value that’s too low can lead to an
underfitting problem.

+ Learning rate used for SubTask A.

« Number of estimators controls the number of trees in the ensemble.

Generally, more trees are better. However, a point of diminishing returns is often reached, and
overfitting occurs when there are too many trees [18].

« Min child samples specifies the minimum number of samples required in the leaf nodes.

A higher value can help us prevent overfitting. However, a value that is too high can lead to an
underfitting problem.

+ Subsample (bagging fraction) controls what fraction of the data is used for each training iteration.
Column sample by tree (feature fraction) controls the fraction of features (columns) to consider
when building each tree.

Lower values of these last two hyperparameters can help us prevent overfitting and lower the
computational time. However, a value that is too low can lead to an underfitting problem [17].

» Regularization alpha and regularization lambda help contain overfitting by penalizing the
excessive weights assigned to certain tree splits.

These elements act as internal brakes, ensuring the model does not excessively memorize the
training data [19].

In Table 2, it is possible to see the hyperparameters search space and the best hyperparameters set.
Notice that for the all the hyperparameters the linear domain is used. Additionally, for the number
of leaves, max depth, number of estimators, min child samples are included only the integers in the
interval, while for the others also the floats are taken in account.

Table 2

SubTask B: Hyperparameters Search Space and Best Hyperparameters Set
Hyperparameters Search Space Best
number of leaves [20, 150] 104
max depth [3, 20] 7
learning rate [0.01, 0.3] 0.025883831670545893
number of estimators [100, 2000] 662
min child samples [5, 100] 40
subsample [0.5,1.0] 0.8759855365611233
column sample by tree [0.5, 1.0] 0.73998086648529
regularization alpha [0, 1] 0.03013121841344469
regularization lambda [0, 1] 0.6016304218749495
MAE 100.2806

4. Results

Finally, once the models are trained on their respective training sets, using the validation set for
evaluation, they are run on the corresponding test sets and the resulting predictions are submitted.

For SubTask A, the model achieved an accuracy of 0.99, indicating that the model learned the training
distribution extremely well. On the unseen test set, the model obtained an accuracy equal to 0.92. This
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drop is expected and indicates that the model encounters data that differs slightly from the training
distribution. This score therefore represents the true generalization performance of the system.

The high-test accuracy indicates that the model successfully captures linguistic differences between
human and machine generated text within the dataset [20]. This system gained the 4th position in the
leaderboard shown in Table 3 [1].

Table 3

SubTask A: Leaderboard
Position Team Name Accuracy
1 Gradient Descenders 0.945755
2 Kenji Endo 0.942649
3 UniTor 0.928774
4 Nicla 0.924348
5 Stochastic Gradient Descenders  0.921638

For SubTask B, the model achieved a MAE of 98.15 reflecting the model’s ability to learn the structural
and linguistic cues present in the training corpus. On the unseen test set, the model obtained a MAE of
102.04. This drop is expected and suggests that the unseen test data introduces patterns or variability
not fully captured during training. This score suggests that the model generalizes reasonably well
beyond the training distribution.

The results demonstrated that both models maintain stable performance when moving from validation
data to unseen test data. This system gained the 5th position in the leaderboard shown in Table 4 [1].

Table 4

SubTask B: Leaderboard
Position Team Name Accuracy
1 Stochastic Gradient Descenders 52.54
2 MINDS 56.53
3 Gradient Descenders 62.66
4 UniTor 81.60
5 Nicla 102.04

5. Discussion

The systems we propose ranked 4th and 5th in Subtask A and Subtask B respectively, showing that
they can perform the tasks of detecting and segmenting MGT but they can be improved further.

For SubTask A, accuracy alone does not fully characterize performance. Additional metrics would
provide deeper insight into class specific behaviour. It is important to note that MGT Detection is
sensitive to dataset composition. Detectors struggle in it if the texts come from a domain, a generator,
or a language that the model has not seen during training [21].

Therefore, although the model performs well on the provided test set, further evaluation on out of
distribution data is necessary to assess robustness. As large language models evolve rapidly, maintaining
high detection performance in real world scenarios remains a challenging task.

For SubTask B, the results indicate that the model is able to approximate the transition point between
human and machine generated text with reasonable precision. The task itself is challenging, as the
boundary between human and machine text does not always correspond to clear lexical or syntactic
shifts, making precise prediction difficult [22].
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The model’s performance may also be influenced by the composition of the training data. If the dataset
contains limited stylistic diversity, the model may learn patterns that do not generalize perfectly to new
domains or generators [23]. Future work could focus on expanding the dataset, incorporating more
diverse writing styles, or exploring architectures specifically designed for boundary detection.

Declaration on Generative Al

During the preparation of this work, the author used:

+ Reverso to Text Translation
« Copilot to Drafting content, Content enhancement, Paraphrase and reword, Citation manage-

ment.

« Chat GPT to Drafting content, Content enhancement.

After using these tools, the author reviewed and edited the content as needed and takes full responsibility
for the publication’s content.
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Abstract

We describe our top-ranked system for the DeSegMa-IT shared task (EVALITA 2026), which achieved 1st place
in Subtask B (boundary localization) with an MAE of 52.54. Our key insight is to reframe boundary detection as a
token classification problem rather than direct character-offset regression: by labeling each token as human- or
machine-written, we enable a monolingual Italian encoder (UmBERTo) to capture fine-grained stylistic shifts and
pinpoint the transition point. Unlike sequence-level classifiers or generative approaches that predict offsets end-
to-end, our token-level formulation provides richer supervision and naturally handles variable-length documents.
For Subtask A (binary classification), we fine-tuned Qwen2.5-0.5B-Instruct with LoRA, achieving Rank 5 (Accuracy
0.92).

1. Introduction

The proliferation of Large Language Models (LLMs) capable of generating high-quality text has created
an urgent need for robust detection systems. This is particularly critical in scenarios involving distri-
bution shifts, where detectors trained on one domain must generalize to unseen topics or prompting
strategies. DeSegMa-IT [1], a shared task at EVALITA 2026 [2], addresses these challenges by bench-
marking systems on two complementary problems: document-level detection of machine-generated
text (MGT) and fine-grained segmentation of human-machine mixed content.

The shared task is divided into two subtasks:

« Subtask A (Binary Classification): Determining whether a full document was written by a
human or generated by a machine.

« Subtask B (Boundary Localization): Identifying the exact character index where a human-
written prefix transitions into a machine-generated continuation.

Our work investigates two key research questions guiding our dual-system design: (1) Can reformu-
lating boundary localization as token classification—rather than direct offset regression—yield more
accurate transition-point detection by leveraging fine-grained stylistic signals? (2) How effectively
can parameter-efficient fine-tuning of a lightweight instruction-tuned LLM generalize to unseen MGT
scenarios with limited computational resources? To address these, we make three main contributions:

« Reformulate the boundary localization task as dense token classification, enabling token-level
supervision that captures local stylistic shifts between human and machine text.

« Achieve state-of-the-art performance on Subtask B (Rank 1, MAE 52.54), demonstrating that
token-level formulation outperforms regression-based and sequence-level baselines.

« Demonstrate competitive binary classification (Rank 5, Accuracy 0.92) using LoRA-tuned
Qwen2.5-0.5B-Instruct with only 0.5B parameters—an order of magnitude smaller than typi-
cal LLM-based detectors.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26—27, Bari, IT
@) 24521352@gm.uit.edu.vn (H.N. Phu); 22521246 @gm.uit.edu.vn (B. H. Son); thindv@uit.edu.vn (D. V. Thin)
® 0009-0004-6867-5853 (H.N. Phu); 0009-0006-7420-9212 (B. H. Son); 0000-0001-8340-1405 (D. V. Thin)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
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Table 1
Dataset statistics for both subtasks.

Subtask Metric Train Dev Test
Total samples 33,138 5,059 15,135
A Human (label=0) 16,569 — —
Machine (label=1) 16,569 — —
B Total samples 19,945 4,579 26,015

« Provide empirical analysis of error patterns and boundary-offset distributions, offering insights
for future MGT detection research.

In this paper, we describe the system submitted by the Stochastic Gradient Descenders team. Our
approach prioritizes specialized architectural choices for each subtask rather than a monolithic solution.
For Subtask A, we employ a prompt-based learning strategy, fine-tuning a lightweight instruction-
following model (Qwen2.5-0.5B-Instruct [3]) via Low-Rank Adaptation (LoRA) [4]. This allows us
to leverage the reasoning capabilities of LLMs while maintaining high computational efficiency. For
Subtask B, we treat segmentation as a dense token-labeling problem, utilizing a fully fine-tuned Italian
encoder (UmBERTo [5]) to capture local stylistic shifts.

The remainder of this paper details our methodology (Section 3), experimental setup (Section 4), and
a discussion of the results and error analysis (Section 6).

2. Task and Dataset Description

DeSegMa-IT [1] is a shared task at EVALITA 2026 that benchmarks machine-generated text (MGT)
detection systems on Italian text.

2.1. Task Definitions
The shared task comprises two subtasks:

« Subtask A (Binary Classification): Given a document, predict whether it is entirely human-
written (label 0) or machine-generated (label 1). Evaluation metric: Accuracy.

« Subtask B (Boundary Localization): Given a mixed document (human prefix + LLM continua-
tion), predict the 0-based character index where the transition occurs. Evaluation metric: Mean
Absolute Error (MAE).

2.2. Dataset Statistics

Table 1 summarizes the dataset splits for both subtasks. Subtask A contains 33,138 training samples
with a perfectly balanced label distribution (50% human, 50% machine). Subtask B provides 19,945
training samples of human-machine hybrid documents.

2.3. Text Length Analysis

Subtask A. Documents exhibit high variance in length: mean 2,423 characters (median 1,697, 95th
percentile 5,525). This motivates our use of truncation-aware prompting for the LLM-based classifier.

Subtask B. Mixed documents are relatively uniform in length (mean 1,416, std 302 characters). The
boundary position (human_1len) averages 265 characters with a mean ratio of 0.20 relative to document
length, indicating that most transitions occur in the first quarter of the text. This skewed distribution
informed our token-level labeling strategy, which can capture fine-grained transitions regardless of
absolute position.

68



[ X (ltalielm Text) }

Binary [Jetection Boundary JJpcalization

Subtask A

Qwen2.5 + LoRA

Subtask B

UmBERTo

0=Human, 1=MGT Boundary Index

Figure 1: System overview. Our approach employs two independent pipelines: an instruction-tuned LLM for
binary detection (Subtask A) and a token classifier for boundary localization (Subtask B).

3. Methodology

This section details the system architecture and training pipelines employed for the DeSegMa-IT shared
task. We present our approaches for Subtask A and Subtask B sequentially, as illustrated in Figure 1.

3.1. Subtask A: Binary Detection via Instruction Tuning

Problem Formulation

We approach Subtask A as a conditional generation problem using a decoder-only Large Language
Model (LLM). Rather than initializing a randomly weighted classification head on top of the backbone,
we leverage the model’s pre-existing instruction-following capabilities. The task is framed as a single-
token generation constraint: the model is prompted to output a specific digit representing the class
label (see Figure 2).

Data Formatting and Supervision
For each input document, we construct a conversation-style prompt adhering to the ChatML format.
The system instruction is consistent across all instances:

“You are a binary MGT detector. Return exactly one digit: 0 for human-written, 1 for machine-
generated.”

The user message contains the raw document text. During training, the assistant’s response is the
ground-truth label (“0” or “1”). We employ standard supervised fine-tuning (SFT) with separate masking:
the cross-entropy loss is computed exclusively on the assistant’s response tokens, while the system and
user instructions are masked out.

Backbone and Parameter-Efficient Adaptation

Our training infrastructure for Subtask A (2x NVIDIA T4 on Kaggle) constrains the backbone to models
under 3B parameters. Within this budget, we experimented with two sizes from the Qwen2 . 5-Instruct
family [3]: the 0.5B and 3B variants. In preliminary trials, the 0.5B model achieved higher validation
accuracy than its 3B counterpart, which we attribute to the larger model’s tendency to overfit under
LoRA fine-tuning with limited training epochs. We therefore select Qwen2.5-0.5B-Instruct as
our backbone, which also benefits from strong multilingual coverage (including Italian) and robust
instruction-following abilities at this compact scale. To mitigate catastrophic forgetting and reduce
computational overhead, we apply Low-Rank Adaptation (LoRA) [4] using the unsloth library for
optimized training [6]. Our LoRA configuration targets all linear layers with rank r = 16, « = 32, and
dropout rate 0.05. We train with 16-bit precision (mixed precision) to preserve dynamic range, avoiding
4-bit quantization to maximize performance given the manageable model size.
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Figure 2: Instruction-tuning pipeline for Subtask A. The document is formatted as a ChatML prompt, processed
by Qwen2.5 with LoRA adaptation, and decoded to predict the binary label 3.
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Figure 3: Token classification pipeline for Subtask B. Each token receives a binary label, and the boundary bis
the offset of the first machine-labeled token.

Training Protocol

We allocate an 80/20 stratified split of the provided training set for internal validation. Training is
performed for 2 epochs with a maximum sequence length of 1024 tokens. We use a per-device batch size
of 4 with gradient accumulation steps set to 5, resulting in an effective batch size of 20. The optimizer
is AdamW [7] (8-bit quantization [8]) with a learning rate of 1 x 10™%, a warmup ratio of 0.05, and
a weight decay of 0.01. We disable the use_cache configuration to support gradient checkpointing
during training.

Inference Strategy

At inference, we set max_new_tokens=2 as a safety buffer: the model is expected to produce a single
digit followed by the EOS token, but occasionally emits a whitespace or newline character before
the digit. Allowing two tokens ensures the digit is captured even when preceded by such spurious
characters. The generated string is stripped of whitespace and only its first character is inspected, so
the second token slot is never used for classification. To ensure robustness, we implement a two-step
fallback mechanism:

1. Greedy Decoding: The stripped output is checked; if its first character is “0” or “17, it is accepted
as the prediction.

2. Logit Fallback: In rare cases where neither character appears (e.g., the model produces only
special tokens), we perform a separate forward pass on the original prompt and inspect the logits
at the last prompt position—i.e., the distribution over the first token the model would generate.
The class whose token ID receives the higher logit (“0” vs. “1”) is selected.

3.2. Subtask B: Boundary Localization via Token Classification

Token-Level Formulation

While Subtask B is evaluated as a regression task (predicting a character index), we reformulate it as
a dense sequence labeling problem. Given a document x composed of a human-written prefix and a
machine-generated continuation, we tokenize the sequence and assign a binary label ¢; to each token t:

/= 0 if start_offset(t) < boundary_index
"7 11 otherwise

This simple rule assigns a token to the human class if it begins before the boundary, effectively treating
tokens that straddle the boundary as human. The formulation provides dense supervision signals
compared to a single scalar regression target, allowing the model to learn local textural shifts (see
Figure 3).
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Backbone Model

We fine-tune Musixmatch/umberto-commoncrawl -cased-v1 (UmBERTo) [5], a RoBERTa-based [9]
model pre-trained on a large Italian corpus. A standard token classification head is initialized on top of
the encoder to project hidden states into the binary label space.

Training Protocol

The official training data is split 80/20 for training and validation. We tokenize inputs with a maximum
length of 512 tokens using truncation. Crucially, we maintain full offset mappings to allow precise
reconstruction of character indices during inference. The model is fully fine-tuned (all parameters) for
10 epochs using mixed precision (FP16). We use a batch size of 8 per device with gradient accumulation
2 (effective batch size 16), a learning rate of 2 x 107°, linear warmup of 0.1, and weight decay of 0.01.
Evaluation is performed every 250 steps to monitor the Mean Absolute Error (MAE) on the validation
set.

Decoding Strategy
Inference involves a two-step process:

1. Prediction: The model outputs per-token class probabilities. We take the argmax to obtain a
sequence of binary labels.

2. Boundary Extraction: We iterate through the predicted labels to find the first token classified as
‘machine’ (/, = 1). The start character offset of this token is returned as the predicted boundary.
If no token is classified as machine, the boundary is set to the document length.

This strategy aligns with the task definition (identifying the start of the generated text) while leveraging
the contextual power of the bidirectional encoder.

4. Experimental Setup

4.1. Implementation Details

All experiments were implemented using the PyTorch framework [10] and the Hugging Face ecosys-
tem [11]. For Subtask A, we utilized the unsloth library [6] to accelerate the LoRA fine-tuning of
Qwen2.5, trained on 2x NVIDIA T4 GPUs provided by Kaggle.! For Subtask B, we used the standard
Trainer API from the Transformers library, trained mainly on a single NVIDIA H100 (80GB VRAM)
provided by FPT Al Factory.? To ensure reproducibility, we fixed the random seed to 42 for all data
splits and model initializations.

4.2. Validation Protocols

Subtask A We employed a stratified hold-out validation strategy, reserving 20% of the provided
training data. Model checkpoints were evaluated based on classification accuracy and the formatting
validity of the generated tokens. Given the stability of the instruction-tuned backbone, we observed
rapid convergence; the final submission utilized the checkpoint from the end of the second epoch.

Subtask B  For the segmentation task, we used an 80/20 random split of the labeled data. Metrics were
computed at the character level (MAE) rather than the token level to align with the official competition
metric. During development, we also explored a 5-fold cross-validation scheme to assess the robustness
of different encoder backbones before selecting UmBERTo for the final submission.

"https://www.kaggle.com
*https://ai.fptcloud.com/
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Table 2
Offline validation results for Subtask B. The Formulation column refers to the decoding heuristic used.

Backbone Formulation MAE
Italian BERT (5-fold CV)  Token Cls + First Offset 55.78
mDeBERTa-v3 Token Cls + First Offset 55.35
UmBERTo Token Cls + First Offset 53.30
UmBERTo Token Cls + Global+Biased 52.06

Table 3
Results of progressive method improvements on the development set for Subtask B. Each row adds one component
to the previous configuration. A indicates the improvement over the previous row.

# Configuration MAE A

1 UmBERTo baseline (3 epochs, simple decode)  55.12 —

2+ Increase to 5 epochs 5330 —1.82

3+ Global score decoding 52.89 —0.41

4 + Length bias tuning (8 = —0.15) 5206 —0.83
Final system (row 4) 52.06 —

4.3. Baseline Comparisons for Subtask B

In the preliminary phase, we benchmarked several architectures for the boundary localization task:

- mDeBERTa-v3-base [12]: A multilingual transformer with 86 M backbone parameters (276 M
total with embeddings), featuring disentangled attention that separately encodes content and
position. The model was pre-trained on the CC100 multilingual corpus with a 250K-token
vocabulary.

« Italian BERT (bert-base-italian-xx1l-cased) [13]: A monolingual BERT variant with
approximately 110M parameters, pre-trained on OPUS corpora extended with the Italian portion
of OSCAR (81GB total). The cased tokenization preserves orthographic cues relevant for stylistic
analysis.

« UmBERTo (umberto-commoncrawl-cased-v1) [5]: A RoBERTa-based Italian model employ-
ing SentencePiece tokenization with a 32K vocabulary and whole-word masking. Pre-trained
on the Italian subcorpus of OSCAR, it captures language-specific morphological and syntactic
patterns.

All baselines were trained with the same token-classification objective described in Section 3.

4.4. Offline Validation Results

Table 2 presents the offline performance of our Subtask B models on the development splits. UmBERTo
consistently outperformed other backbones, likely due to its superior handling of Italian morphology
and syntax compared to the multilingual or standard BERT variants. We also experimented with a
“global + biased” decoding strategy (tuning a bias term to penalize/reward the positive class), which
yielded further improvements in offline settings. However, for the final submission, we opted for the
simpler standard decoding to avoid overfitting to the development set distribution. To understand
the contribution of each component, we also conducted ablation experiments starting from a vanilla
UmBERTo baseline and progressively adding components (Table 3).

We also experimented with several training-time tricks that ultimately did not improve the final
performance:

Key Findings:
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Table 4
Negative results: training tricks that degraded or did not improve performance on the development set.

Configuration MAE  vs. Baseline
Weighted sampling (extreme cases x3.0) 56.87 +1.75
Boundary token re-weighting (k=>5) 54.21 —0.91
Custom regression head (A=0.1) 55.43 +0.31
Custom regression head (A=0.01) 53.67 —1.45
Boundary weighting + regression (k=3, A=0.01)  53.95 —1.17
Table 5
Official Subtask A leaderboard [14].
Pos. Team Accuracy
1 Gradient Descenders 0.945755
2 Kenji Endo 0.942 649
3 UniTor 0.928 774
4 Nicla 0.924 348
5 Stochastic Gradient Descenders (Ours) 0.921638

+ Training epochs: Extending training from 3 to 5 epochs provided consistent gains, though
validation loss plateaued after epoch 5-6.

+ Decoding strategy: The global score decoding, which considers the joint probability of all tokens
rather than the first positive prediction, improved boundary precision.

« Length bias: Tuning a small bias term (5 = —0.15) to slightly penalize the machine-generated
class probability helped correct for systematic over-prediction of short boundaries.

+ Weighted sampling: Oversampling extreme boundary lengths (very short or very long human
segments) caused over-prediction bias, likely because the model learned to expect extreme cases
more frequently than in the test distribution.

+ Auxiliary regression head: Adding a regression head to directly predict the boundary character
index did not consistently help, suggesting that the token classification objective already captures
sufficient information.

5. Official Results

We report the official leaderboard results as published by the organizers [14]. Following the paper
structure, Subtask A results are presented before Subtask B.

5.1. Subtask A: Binary Classification

Table 5 presents the official Subtask A leaderboard, where our system achieves 5th place with an
accuracy of 0.9216, trailing the top-performing team (Gradient Descenders) by 2.4 percentage points.
The result demonstrates that instruction-tuned LLMs can achieve competitive classification performance
with minimal task-specific adaptation. By applying LoRA to Qwen2.5-0.5B-Instruct, we update only a
small fraction of the model’s parameters while preserving its pre-trained reasoning capabilities, yet
reach accuracy within a reasonable margin of the top-ranked systems. Notably, the top-4 systems
cluster within a narrow 2.1-point accuracy band (0.9246-0.9458), which may suggest that the remaining
performance gap is increasingly driven by stylistic ambiguity in edge cases rather than by differences
in model capacity alone.
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Table 6
Official Subtask B leaderboard [14].

Pos. Team MAE
2 MINDS 56.53
3 Gradient Descenders 62.66
4 UniTor 81.60
5 Nicla 102.04

—_

Stochastic Gradient Descenders (Ours)  52.54

5.2. Subtask B: Boundary Localization

Table 6 presents the official Subtask B leaderboard, where our system achieves 1st place with an MAE
of 52.54 characters—outperforming the runner-up (MINDS) by 3.99 points and the third-place team
(Gradient Descenders) by a substantial 10.12 points (16.2% relative improvement). We attribute our
strong performance primarily to two design decisions validated in our offline ablations (Section 4): (1) the
choice of UmBERTo, a monolingual Italian encoder whose language-specific pre-training yields more
reliable token-level predictions than multilingual alternatives, and (2) the simple first-positive decoding
heuristic, which avoids introducing additional error through complex post-processing. Furthermore,
the steep performance drop-off beyond the top-2 teams (UniTor at 81.60 MAE, Nicla at 102.04 MAE)
indicates that boundary localization is a substantially harder task than binary classification, rewarding
architectures specifically optimized for fine-grained sequence labeling over general-purpose approaches.

5.3. Summary

The proposed dual-strategy approach achieves competitive performance on Subtask A (5th place, 0.9216
accuracy) and state-of-the-art performance on Subtask B (1st place, 52.54 MAE). These results validate
two complementary insights: (1) parameter-efficient LLM adaptation provides a strong baseline for
binary detection without extensive fine-tuning, and (2) monolingual encoders with dense token-level
supervision excel at fine-grained boundary localization. The contrasting outcomes across subtasks—mid-
tier classification but top-tier segmentation—highlight that task-specific architectural choices matter
more than raw model scale, particularly for structured prediction problems where language-specific
morphological cues provide discriminative signal.

6. Discussion

This section presents a structured error analysis of our systems, identifying failure patterns and linking
them to design choices. We support our analysis with confusion matrices and representative error cases.

6.1. Subtask A

Table 7 presents the confusion matrix on our 20% held-out validation set (6,628 samples). The system
achieves high overall accuracy (92.2%), but the error distribution reveals asymmetric failure modes. From
manual inspection of 100 randomly sampled errors, we identify three dominant patterns: false positives
(8.2%) where human-written texts are misclassified as machine-generated, primarily when the writing
is highly formal or follows templated structures such as press releases and legal notices; false negatives
(7.4%) where machine-generated texts exhibiting high fluency and contextual coherence—particularly
advanced LLM outputs mimicking journalistic style—are misclassified as human; and length-induced
truncation errors, where the model only observes the initial 1,024 tokens and misses telltale machine
artifacts in the continuation.

Two representative cases illustrate these failure modes. The first is a human-written corporate
announcement— ‘Il Consiglio di Amministrazione, riunitosi in data odierna, ha deliberato I’approvazione
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Table 7
Confusion matrix for Subtask A. Rows = ground truth, columns = predictions.

Pred: Human Pred: Machine ‘ Total

Actual: Human 3,042 272 3,314
Actual: Machine 245 3,069 3,314
Total 3,287 3,341 | 6,628

Table 8
Token-level confusion matrix for Subtask B. Special tokens excluded.

Pred: Human Pred: Machine

Actual: Human 876,421 47,892
Actual: Machine 89,341 1,289,102

Table 9
Error analysis by human-prefix length.

Human Prefix Count MAE Bias Error %

0-100 chars 2,404 74.02 +73.17 9.3%
100-200 chars 6,345 57.13  +44.32 22.1%
200-300 chars 6,394 5196 +18.14 14.6%
300-400 chars 6,369 47.70 —10.71 12.3%
400-512 chars 4,487 6192 —5297 17.8%

del bilancio consolidato per esercizio 2025... "—misclassified as machine-generated due to its bureaucratic
register, passive constructions, and absence of subjective markers. The second is an LLM-generated
journalistic text (380 characters)— “Roma si é svegliata sotto un cielo grigio, ma ’entusiasmo dei tifosi
non si é spento. ‘Oggi vinciamo noi’, mi ha detto Marco... —misclassified as human-written because it
successfully mimics discourse markers such as direct quotations and emotional language.

These failures reveal that the model conflates stylistic register with authorship, failing when human
writing is highly formal or when LLMs produce contextually rich, conversational text. The instruction-
tuning formulation helped by preserving the LLM’s pre-trained language understanding, enabling
detection of subtle coherence issues without task-specific feature engineering. However, the 1,024-token
truncation and single-pass inference prevent the model from leveraging document-level patterns, and
the balanced training made the model overconfident on edge cases.

6.2. Subtask B

Table 8 presents the aggregated token-level confusion matrix across the validation set. With 94.1% token-
level accuracy, the model reliably distinguishes human from machine tokens, but errors concentrate
near the boundary. Stratifying character-level MAE by human-prefix length (Table 9) reveals a clear
centering bias: the model over-predicts boundaries for short prefixes (positive bias up to +73 characters
for 0-100 char prefixes) and under-predicts for long ones (negative bias of —53 characters for 400-512
char prefixes).

Analysis of high-error cases identifies three dominant patterns: smooth stylistic transitions (38%)
where the LLM seamlessly continues the topic with minimal discontinuity, causing delayed detection;
formal human writing with LLM-like features (27%) that triggers premature false positives; and noisy
oscillating predictions near the boundary (21%) where the first-positive heuristic selects a premature
transition. Two examples demonstrate these patterns. In an over-prediction case (+47 chars), the text
“...il governo ha annunciato nuove misure. [TRUE] Le riforme prevedono un incremento...[PRED]” shows
the LLM maintaining the same formal register, causing the model to delay detection until encountering
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more stereotypical machine markers. In an under-prediction case (—32 chars), the text ‘Il rapporto
dell’ISTAT evidenzia che [PRED] i tassi di disoccupazione [TRUE] hanno raggiunto...” shows human-
authored statistical reporting triggering premature detection due to domain-specific terminology the
model associates with LLM outputs.

Both errors stem from the binary token-labeling scheme’s assumption of sharp stylistic discontinuity—
an assumption violated when human and machine text share similar registers. Token-level supervision
provided dense feedback that enabled fine-grained stylistic pattern learning, and UmBERTo’s monolin-
gual pre-training captured Italian-specific morphological cues (verb conjugations, article agreement)
that signal authorship changes. However, the binary labeling assumes a sharp boundary that may
not exist in practice, and the first-positive decoding commits to early predictions even under model
uncertainty.

6.3. Cross-Task Insights and Takeaways

Comparing errors across both subtasks reveals a shared vulnerability: formal, templated human writing
is systematically confused with machine-generated text. This suggests that current detection methods—
including ours—rely heavily on stylistic fluency as a proxy for machine authorship, a heuristic that
degrades as LLMs improve and as human writing becomes more formulaic.

Our analysis yields three main findings: (1) monolingual encoders outperform multilingual alterna-
tives for Italian MGT detection, likely due to better morphological modeling; (2) token-level supervision
is effective, but centering bias and smooth transitions remain challenging; and (3) truncation-based
errors are non-negligible, as the first 512-1,024 tokens may not always contain decisive signals. Po-
tential mitigations include length-aware calibration to reduce centering errors, multi-span inference
for long documents, and soft boundary modeling to better reflect gradual human-machine transitions.
These directions remain future work; our current system prioritizes simplicity and strong baseline
performance.

7. Conclusion

This paper presented the Stochastic Gradient Descenders submission to the DeSegMa-IT shared task.
We proposed a dual-strategy system: a parameter-efficient, prompt-based LLM (QwenZ2.5) for binary
detection and a dense token-classification approach using a monolingual Italian encoder (UmBERTo)
for boundary localization. Our results—ranking 1st in Subtask B and achieving competitive accuracy in
Subtask A—demonstrate the effectiveness of task-specific architectural choices. Specifically, we showed
that monolingual models remain a powerful baseline for fine-grained analysis of specific languages,
outperforming larger multilingual counterparts in segmentation tasks. Future work will investigate
multi-task learning frameworks to jointly address detection and localization, as well as calibration
techniques to mitigate length-related biases in segmentation.
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Abstract

This paper describes the UniTor systems submitted to the DeSegMa-IT shared task at EVALITA 2026. Our
study investigates the impact of unsupervised versus supervised approaches for machine-generated text (MGT)
detection and segmentation in Italian, and analyzes which components of encoder-only architectures are most
relevant for these tasks. For Subtask A, we compare a data-agnostic, zero-shot detector based on Fast-DetectGPT
with supervised ModernBERT-based classifiers fine-tuned on Italian data. For Subtask B, we address bound-
ary localization via token-level classification followed by change point detection, evaluating both supervised
transformer-based models and an unsupervised token-level adaptation of Fast-DetectGPT. While our submitted
systems achieve mid-range leaderboard performance, post-submission experiments reveal a key divergence: for
document-level detection, model size proves decisive, with the English-centric ModernBERT-large outperforming
the MultilingualModernBERT-base alternative; for boundary localization, multilingual pretraining yields substan-
tial gains, reducing error by over 25%. These results explore the tradeoffs between robustness and task-specific
supervision, and show that document-level detection relies on structural features that generalize across languages,
whereas token-level segmentation requires language-specific models.

Keywords
Machine Text Detection, Encoder Models, Layer Probing, Fine-Tuning, Zero-Shot Detection

1. Introduction

The rapid evolution of Large Language Models (LLMs) has democratized the ability to generate text that
is increasingly difficult to distinguish from human writing. While this technological progress enables a
wide range of beneficial applications, it has also substantially lowered the cost and expertise required to
produce large volumes of synthetic content, facilitating its use in deceptive, manipulative, or low-quality
information campaigns. Recent state-of-the-art open-weight models, such as DeepSeek [1] and Kimi [2],
provide high-quality text generation at scale, enabling the automatic production of fluent and coherent
narratives across a wide variety of domains. As a consequence, machine-generated text (MGT) is no
longer confined to clearly artificial or low-effort outputs, but is often embedded seamlessly within
otherwise legitimate content streams. This phenomenon has attracted increasing public attention,
as reflected by the designation of “slop” as the Word of the Year for 2025 by the Merriam-Webster
dictionary'.

At the same time, recent advances in model alignment manipulation have further complicated the
detection landscape. Uncensored or weakly aligned variants of open-source models are increasingly
accessible, either through architectural interventions (e.g., ablation of refusal mechanisms) or post-
training fine-tuning procedures. Prior work has shown that refusal behavior in aligned LLMs can
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be mediated by low-dimensional subspaces in the residual stream and can therefore be substantially
altered without significantly degrading generation quality [3]. As a result, machine-generated texts can
easily include stylistic features, such as profanity, idiosyncratic phrasing, or unconventional discourse
patterns, that were previously strong cues of human authorship.

These developments pose a critical challenge for existing detection systems. Detectors trained pri-
marily on RLHF-aligned models and conventional prompting strategies often exhibit limited robustness
to paraphrasing [4], adversarial rewriting [5], or stylistic deviations introduced by weakly aligned
generators. Consequently, reliable MGT detection must operate under realistic, non-L1D. conditions in
which both the generating models and their alignment properties are unknown.

While the proliferation of synthetic content is a global phenomenon, defensive mechanisms are
hindered by a severe asymmetry in available linguistic resources. A central bottleneck lies in the over-
whelming predominance of English in both detection benchmarks and training corpora. Foundational
datasets for MGT detection, such as TuringBench [6] and the HC3 corpus [7], are almost exclusively
English-centric, reflecting a broader trend in large-scale language modeling.

Although recent evaluation campaigns have introduced multilingual components [8, 9], languages
other than English remain substantially underrepresented. For Italian in particular, detection strategies
often rely on translated data or small ad-hoc datasets, which fail to capture language-specific syntactic,
morphological, and discourse-level artifacts [10]. This resource gap creates a critical blind spot: without
native benchmarks that simulate adversarial “in the wild” conditions, the robustness and reliability of
state-of-the-art MGT detectors for Italian remain largely unverified.

To address these challenges within the Italian landscape, this study targets the DeSegMa-IT [11]
shared task in Evalita 2026 [12]. DeSegMa-IT is designed to benchmark the robustness of systems
against realistic, non-LLD. scenarios and is structured into two main sub-tasks:

+ Subtask A: MGT Detection in the Wild. This subtask is formulated as a binary document-level
classification problem, where each input text must be labeled as either human-written or machine-
generated. Given a complete document, the system is required to assign a single label to the entire
text, as illustrated in Fig. 1. To explicitly simulate “in-the-wild” conditions, the evaluation setting
departs from standard i.i.d. assumptions. Test documents are sampled from semantic domains
that differ from those observed during training and are generated by undisclosed large language
models. These generators range from vanilla pre-trained models to variants fine-tuned (e.g., via
DPO) to better mimic human linguistic distributions. As a result, human- and machine-written
documents often discuss highly similar topics, forcing detection systems to rely on subtle stylistic
and discourse-level cues rather than topical differences.

+ Subtask B: Human—-Machine Text Segmentation. This subtask is formulated as a fine-grained
boundary localization problem. Given a document containing both human-written and machine-
generated text, the system must identify the exact character index at which the machine-generated
continuation begins. Each input consists of a variable-length human-authored prompt followed
by a model-generated completion. Unlike Subtask A, which requires a single document-level
label, this setting demands precise localization within the text, simulating real-world scenarios
where MGT is subtly embedded into otherwise authentic content. Fig. 2 shows a representative
instance, illustrating how the transition between human and machine text can occur seamlessly
within an otherwise coherent document.

A central open question in machine-generated text detection concerns the trade-off between robustness
and adaptation. While supervised models can be fine-tuned to specific languages and domains, their
performance may degrade under distribution shift, whereas data-agnostic methods promise greater
stability at the cost of accuracy. Understanding this trade-off is particularly critical for under-resourced
languages such as Italian, where large-scale native benchmarks are scarce. To investigate this question,
we submitted both supervised and unsupervised systems to the DeSegMa-IT shared task, enabling a
controlled comparison under identical evaluation conditions.

For Subtask A (document-level detection), we evaluated a zero-shot, domain-agnostic detector based
on Fast-DetectGPT [13], a probabilistic method derived from DetectGPT [14] that exploits differences
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Example: Subtask A - Machine Generated Text Detection in the Wild

Sample 1: Human-Written (Label 0)

“Viktor Orban, da quando il leghista ¢é diventato ministro dell’Interno, si mandano segnali di apprezzamento reciproco.
Un’alleanza che potrebbe portare Ultalia al fianco dei Paesi di Visegrad e che gia - in occasione della discussione sulla
riforma di Dublino - ha messo in difficolta gli altri partner dell’Ue. [...]”

Sample 2: Machine-Generated (Label 1)

“Viktor Orban , dopo anni di duri scontri diplomatici, sono pronti a unire le loro forze per riscrivere ['agendia di
Bruxelles. Il leader di Fratelli d’Italia Giorgia Meloni e il presidente del governo ungherese si sono visti a Vienna, in un
vertice di “centrodestra, identitd italiana e sovranita italiana”. [...]”

Goal: The model must classify the entire document binary (0 vs 1). Note the subtle topical similarities making the
task challenging.

. J

Figure 1: Instances from the DeSegMa-IT dataset (Subtask A). Both texts discuss similar political topics, requiring
the model to detect subtle stylistic or semantic incoherencies rather than simple topic shifts.

Example: Subtask B - Human-Machine Segmentation

Input Document (Mixed Source)

Il presidente del Tribunale internazionale del diritto del mare (Itlos), Vladimir Golitsyn, ha fissato al 10 agosto
la data in cui il tribunale arbitrale di Amburgo esaminera le informazioni che I'ltalia intende raccogliere in
India per scagionare i Maro . Nei giorni scorsi su vari quotidiani erano uscite indiscrezioni circa la data di
un eventuale incontro...

« Human Prompt (Black): Ends at “...ha fissato ”
« Machine Continuation (Red): Starts at “al 10 agosto...”
« Target Label: Character Index 103

\. J

Figure 2: Instance from Subtask B. The system receives the full text and must predict the character index (103)
where the machine-generated continuation begins.

in token-level likelihood distributions between human and machine-generated text. In parallel, we
developed supervised classifiers by fine-tuning ModernBERT [15], an English-centric encoder optimized
for long-context processing, to assess how effectively cross-lingual transfer can bridge the Italian
language gap. For Subtask B (human-machine segmentation), we framed boundary localization as a
token-level binary classification problem followed by a change point detection procedure. We compared
supervised encoders fine-tuned on the task against an unsupervised, token-level adaptation of Fast-
DetectGPT, extending its document-level scoring mechanism to identify transitions within mixed-source
texts.

Using the DeSegMa-IT benchmark as a controlled testbed, this work investigates the design space of
machine-generated text detection in Italian under realistic, non-LLD. conditions. Our study focuses on
three main aspects. First, we provide a systematic comparison between data-agnostic, zero-shot detection
methods and supervised encoder-based models, analyzing their robustness when both the generating
model and the data distribution are unknown. Second, we assess the effectiveness of supervised cross-
lingual transfer by fine-tuning English-centric encoders on Italian data and comparing them against
unsupervised baselines. Third, we analyze which components of encoder-only architectures contribute
most to document-level detection performance through controlled layer-wise ablation experiments.

Overall, our experiments highlight a consistent hierarchy across both tasks: supervised encoder-based
models substantially outperform the data-agnostic Fast-DetectGPT baseline in both document-level
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detection (Subtask A) and fine-grained segmentation (Subtask B). While supervision proves superior
for Italian MGT in the wild, we identify input length as a critical boundary condition, with short texts
accounting for a large portion of residual errors. Crucially, through controlled layer-wise ablations, we
show that full model depth is not a prerequisite for effectiveness: intermediate encoder layers already
encode task-relevant signals that enable competitive detection performance even without relying on
final-layer representations.

The remainder of this paper is organized as follows. Section 2 reviews related work, situating our
study within the broader landscape of MGT detection. Section 3 describes the submitted systems,
detailing both the unsupervised and supervised methodologies. Section 4 presents the experimental
results and discussion, including the layer-wise ablation analysis. Finally, Section 5 concludes the paper
and outlines directions for future research.

2. Related Work

Approaches to machine-generated text (MGT) detection are commonly divided into supervised classifiers
and zero-shot (data-agnostic) methods [13]. Supervised detectors, typically trained on labeled corpora of
human and synthetic text, often achieve strong in-domain performance [16], but are known to generalize
poorly under distribution shift, particularly when confronted with unseen generators, domains, or
decoding strategies [17]. This limitation is especially problematic in real-world scenarios, where the
generating model and its alignment properties are unknown [18].

To address robustness, recent benchmarks have emphasized scale and adversarial variation. The RAID
dataset [19], comprising over 10 million documents, introduces a wide range of text-level attacks such
as homoglyph substitution, whitespace manipulation, and translation-based perturbations. However, a
key limitation of such resources is that their synthetic texts are mostly generated using models that lag
behind current state-of-the-art open-weight generators (e.g., GPT-2, GPT-3, LLaMA 2, Mistral 7B). As a
result, detectors trained on these benchmarks may overfit artifacts that are no longer representative
of modern, inexpensive, and highly capable models, raising concerns about the ecological validity of
“in-the-wild” settings.

An alternative line of work focuses on generator-agnostic signals derived from language model
probabilities. DetectGPT [14] exploits the observation that machine-generated text tends to occupy local
maxima in the likelihood landscape of models trained on similar data, distinguishing it from perturbed
variants. Fast-DetectGPT [13] extends this idea by introducing conditional probability curvature, showing
that machine-generated text becomes increasingly predictable as generation progresses, while human-
authored text remains comparatively flat. These probabilistic approaches exhibit improved robustness
across generators, but their sensitivity to decoding parameters, short contexts, increase in temperature
parameter and adversarial rewriting remains an open challenge.

Beyond probabilistic cues, recent work highlights syntactic structure as a potentially more stable
discriminator between human and machine-generated text. Using Universal Dependencies, Guo et
al. [20] show that LLM-generated text exhibits systematic syntactic divergences from human writing
across languages, often retaining an “English accent” even when generating non-English text. For
Italian in particular, prior studies report that model performance degrades with increasing syntactic
complexity, such as inversions or post-verbal subjects [21]. Given Italian’s rich morphology and
relatively flexible word order, such deviations may provide discriminative signals that are less sensitive
to surface-level paraphrasing. These observations suggest that intermediate syntactic representations,
rather than surface fluency alone, may offer more stable cues for machine-generated text detection
under paraphrasing or stylistic manipulation.

These issues are amplified in lower-resourced languages, where both training data and evaluation
benchmarks are scarce [22, 23]. For Italian, the only publicly documented evaluation of MGT detection
to date is the multilingual setting of Task 8 at SemEval 2024 [8], where Italian appeared as a surprise
language. That evaluation relied on a relatively small dataset (approximately 3,000 human and 3,000
machine-generated texts), with synthetic data produced by a fine-tuned LLaMA 2 70B model [24],
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and did not explicitly model adversarial conditions or generator diversity. No large-scale adversarial
benchmark comparable to RAID currently exists for Italian, and most available resources focus on
general NLP evaluation rather than robustness in machine-text detection [25, 26]. As a result, the current
empirical understanding of MGT detection for Italian remains limited to small-scale, non-adversarial
settings.

In this context, data-agnostic approaches are particularly attractive. Prior work suggests that some
probabilistic detection signals transfer across languages: DetectGPT scores have been shown to correlate
across translations of the same text, including Italian [27, 14]. At the same time, the evidence on
syntactic divergence suggests that language-specific structural cues may be crucial for reliable detection
in morphologically rich languages.

Building on these insights, our work combines zero-shot probabilistic detectors with supervised
encoder-based models and layer-wise analysis. We focus on ModernBERT [15], whose alternation
of local and global attention layers is well-suited to capturing both document-level coherence and
intermediate syntactic representations. By jointly evaluating data-agnostic and supervised approaches
on the same benchmark and analyzing which internal representations drive performance, we aim to
clarify not only whether MGT detection works for Italian, but which signals are effective, where they
emerge within encoder representations, and under which conditions they remain reliable.

3. Description of the Systems

This section describes the systems submitted to the DeSegMa-IT shared task. We outline the model-
ing assumptions and architectural choices adopted for each subtask, contrasting data-agnostic and
supervised approaches under identical evaluation conditions. Beyond system description, this section is
structured to highlight how specific design factors, such as context granularity, representation depth,
and training data diversity, shape robustness and performance in machine-generated text detection.

3.1. Subtask A: Human-Machine Text Detection

Subtask A requires binary document-level classification of human-written versus machine-generated
text under realistic, non-LLD. conditions. Rather than assuming access to the generating model or
domain, the task challenges systems to operate under a distribution shift. Accordingly, we approach
detection from two complementary perspectives: a data-agnostic, zero-shot baseline and supervised
encoder-based models trained to adapt to Italian data.

3.1.1. Unsupervised Setting: Fast-DetectGPT

For Subtask A, we use Fast-DetectGPT [13] as a data-agnostic baseline. Fast-DetectGPT is a zero-shot
detector that relies on token-level probability estimates produced by a language model to distinguish
human-authored from machine-generated text.

The core idea is that machine-generated text tends to follow the probability distribution of any
language model more consistently than human text. Given a text z = (z1,...,2r) and a scoring
model pg, the method analyzes each token in context. At position ¢, it compares the log-probability
of the observed token, log pg(z; | ©<¢), with the expected log-probability under the same predictive
distribution, corresponding to the negative entropy of py(- | x<¢). This yields a local discrepancy score
indicating whether the token is more predictable than an average continuation according to the model.

Since this computation is performed at the token level, Fast-DetectGPT produces a sequence of
discrepancy scores. To obtain a document-level decision, these scores are aggregated across the sequence
and normalized for length and variance, yielding a single scalar score d(z). Texts that consistently align
with the model’s expectations produce positive normalized scores, while human-authored texts tend to
fluctuate around zero. Final classification is obtained by thresholding d(x).

Token probabilities, and thus the detection signal, depend on the choice of the scoring language
model. Using a model close to the generator strengthens this signal. Accordingly, Fast-DetectGPT
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distinguishes between a white-box setting, where the scoring model matches or closely approximates
the generator, and a black-box setting, where a surrogate model is used. Here, white-box does not imply
access to model parameters, but rather membership in the same model family.

In our experiments, we evaluated multiple scoring models (Llama-3.1-8B-Instruct, Gemma-3-12B-IT,
Falcon-7B-Instruct, BLOOM-7B1) on the training split. Llama-3.1-8B-Instruct achieved the highest
accuracy (0.948) and was selected for the final submission as a quasi-white-box configuration, since the
generators in the test set are undisclosed.

3.1.2. Supervised Setting: Encoder-Based Classification

Since Subtask A is formulated as a document-level binary classification problem, we adopt a supervised
encoder-based approach. Transformer encoders are a natural choice in this setting: self-attention
enables the integration of evidence across long contexts, while internal representations can encode
syntactic and structural regularities that differ between human- and machine-generated text. This
perspective is particularly relevant for Italian, where syntactic variation, flexible word order, and rich
morphosyntactic agreement provide potential cues beyond surface fluency. Recent work suggests that
LLM-generated text, especially when produced by English-centric models, may retain subtle structural
biases that manifest at the syntactic level. Accordingly, we investigate whether detection signals
are better captured through representations that emphasize structure rather than purely semantic
abstraction.

A central modeling question therefore concerns the granularity at which such discriminative signals
emerge. Some artifacts of machine-generated text may be highly localized (e.g., repetitive phrasing or
short-range regularities), while others may only become apparent when considering global discourse
organization and coherence. To study this trade-off, we explore two complementary training regimes.
In a local-context setting, documents are split into overlapping chunks of three sentences, which are
classified independently. This increases the number of training instances and emphasizes short-range
artifacts. At inference time, chunk-level predictions are aggregated via majority voting to obtain a
document-level label. In a global-context setting, the encoder processes the entire document, allowing
the model to exploit long-range discourse structure. For full-document training, inputs are truncated to
1,024 tokens, which covers the majority of documents in our data.

Within the chunk-based regime, we further examine where discriminative information is encoded
inside the model. BERT-like encoders distribute linguistic information across layers: intermediate repre-
sentations often make syntactic structure more linearly accessible than the top layer [28]. We therefore
evaluate features extracted not only from the final [CLS] embedding, but also from intermediate layers.
This enables a controlled assessment of whether syntactic representations contribute to MGT detection.
These design choices directly motivate the layer-wise ablation analysis reported in Section 4 and are
grounded in the probing results presented in Appendix A.

All supervised systems follow a standard encoder—classifier architecture. A pretrained transformer
encoder processes the input text, and a lightweight classification head predicts a single document-level
label. Our primary backbone is ModernBERT [15], an English-centric encoder optimized for long-
context processing through an alternation of local and global attention layers. We additionally consider
mModernBERT [29] as comparative baseline.

Finally, we investigate the effect of model capacity and pretraining. We compare ModernBERT-base
and ModernBERT-large to assess whether increased capacity improves cross-lingual transfer, and
contrast English-centric and multilingual encoders under the same training protocol. All supervised
models are fine-tuned using cross-entropy loss.

For the official submission, we selected ModernBERT-large trained on an augmented dataset with
full-document context, prioritizing robustness to unseen generators. A post-hoc analysis, discussed in
Section 4.1, shows that the same architecture trained exclusively on the original dataset achieves the
highest accuracy overall.
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3.2. Subtask B: Human - Machine Text Segmentation

Subtask B addresses a more fine-grained and realistic scenario in which human-written and machine-
generated text are interwoven within the same document. Given a text that begins with a human-
authored prompt and continues with a machine-generated segment, the goal is to identify the character
index at which the transition occurs. Unlike Subtask A, which focuses on document-level classification,
this setting requires precise boundary localization. As in Subtask A, we investigate both a data-agnostic
approach and a supervised method to analyze their effectiveness under these conditions.

3.2.1. Unsupervised Setting: Token-Level Fast-DetectGPT Adaptation

As a data-agnostic baseline for Subtask B, we reuse Fast-DetectGPT [13], introduced in Section 3.1.1, and
investigate whether its detection signal can be repurposed for boundary localization. All experiments
employ the same scoring model selected for Subtask A, namely Llama-3.2-8B-Instruct, to ensure
consistency across tasks. In Subtask A, Fast-DetectGPT aggregates token-level discrepancy scores
into a single document-level statistic to determine whether a text is human- or machine-generated.
In Subtask B, however, each document is composed of both human-authored and machine-generated
segments. This setting makes a global aggregation unsuitable, as the detection signal is expected to vary
within the same document. A natural extension is therefore to inspect the Fast-DetectGPT discrepancy
signal locally at the token level.

Our intuition is that mixed human-machine text should exhibit two distinct statistical regimes: an
initial human-authored region characterized by near-zero discrepancy scores, followed by a machine-
generated region with consistently positive values. While we cannot use those individual values to
predict the exact splitting point, we hypothesize that we can use those aggregated scores to find an area
in which the slope of the cumulative discrepancy score sharply increases, and use that as a boundary
detection estimator.

To make this intuition operational, we retain the original Fast-DetectGPT discrepancy score s;
formulation. Instead of aggregating only at the end of the paragraph, for each token position j we
compute the relative cumulative discrepancy score:

sj = log P(z; | x<j) + H; )
Hj ==Y P(v|a;)log P(v ] vs)) @
veY

Where log P(z; | 2<;) is the log-probability of the observed token given the preceding context,
and Hj is the entropy of the predictive distribution at position j. Intuitively, s; measures how much
an observed token is more likely than a randomly sampled alternative: machine-generated tokens
tend to occupy high-probability regions, yielding positive scores, while human-authored tokens, even
cumulated, center around ~ 0 [14].

Since boundary localization requires stability over noise, we aggregate these scores cumulatively
using a normalized cumulative statistic in which where o7 is the variance of log P(v | ;) under the
model’s predictive distribution:

J s
7= 0t 3)
\V 2-i=09:

We rely on heuristic strategies to infer the transition point from the normalized cumulative trajectory
Zj. Since we are looking at the point in which the slope changes, we propose a combined score
method that leverages both the first derivative (slope) and second derivative (curvature) of the smoothed
cumulative trajectory Z;. The trajectory is first smoothed using a Gaussian filter to reduce noise,
after which both derivatives are computed and independently normalized to the [0, 1] range to ensure
comparability. The final decision signal is an average of the normalised first and second derivatives.
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The predicted boundary is the position maximizing this combined signal, excluding a margin of 10% at
both ends to avoid spurious detections near document boundaries, respecting the peculiarity of the
challenge data set, in which the tails are always human.

3.2.2. Supervised Setting: Token-Level Classification

For the supervised setting of Subtask B, we address boundary detection by directly learning token-level
cues from data. While the unsupervised approach relies on word-level predictability estimated by a
language model, here we ask whether similar information can be learned implicitly by an encoder
trained on labeled examples.

We fine-tune a transformer encoder to perform binary token-level classification, where each token is
labeled as either human-authored (0) or machine-generated (1). The intuition mirrors the unsupervised
case: machine-generated continuations tend to be locally more regular and predictable, while human
text exhibits higher variability. However, predicting whether a single token corresponds to the exact
transition point is an extremely challenging objective. As discussed in the unsupervised setting,
individual tokens are often highly constrained by syntax and discourse, regardless of authorship.

Crucially, the output of the encoder is not a hard decision but a probability distribution. For each
token ¢;, the model produces a probability p; € [0, 1] indicating the likelihood that the token belongs to
the machine-generated segment. As in BERT-style encoders, these probabilities are context-dependent
and reflect information aggregated over the surrounding tokens. While the classifier is not expected to
be reliable exactly at the boundary, it can reliably identify regions that are clearly human-written or
clearly machine-generated.

For this reason, boundary detection is not performed by thresholding individual token predictions.
Moreover, the heuristics used in the unsupervised setting are not applicable here, as they are defined
over word-level probability distributions rather than learned classification scores. Instead, we frame
boundary localization as a change point detection problem over the sequence of predicted probabilities.

Given a sequence of N tokens with associated probabilities {p1, ..., px}, we score each candidate
boundary position & using the following change point detection formula:

k N
Score(k) = > log(1—p;) + Y log(p;) @)
i=1 j=k+1

The first term accumulates evidence that tokens before k£ are human-authored, while the second term
accumulates evidence that tokens after & are machine-generated. The predicted boundary is selected as:

k* = arg max Score(k)

This formulation favors split points where confident human predictions are concentrated on the left
and confident machine predictions on the right, while uncertain tokens near the boundary have
limited influence. We employ ModernBERT as the primary encoder, augmented with a two-layer
MLP classification head. As a follow-up analysis, we replicate the same training procedure using
mModernBERT to assess the impact of multilingual pretraining under limited Italian supervision. Token
indices are finally mapped to character offsets by selecting the first character of the predicted boundary
token.

4. Results and Discussion

This section details the experimental evaluation of the systems described in the Section 3. We structure
the analysis by subtask, first defining the experimental protocol and baselines, and then discussing the
results with a distinction between the official submission and post-hoc analyses. Finally, we synthesize
our findings regarding the broader research questions on robustness and representation depth.
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4.1. Subtask A: Machine-Generated Text Detection

In this section, we report results on the official blind test set of the shared task, in which both domains
and generators are unseen during training. We compare supervised encoders with zero-shot baselines,
analyze the effects of data augmentation and context size, and discuss which architectural choices
support effective cross-lingual detection.

4.1.1. Experimental Setup

Data Distribution. Experiments were conducted on the official DeSegMa-IT training dataset. While
the class distribution is perfectly balanced (50% human, 50% machine), we observe a significant length
asymmetry: human-authored texts are on average twice as long as machine-generated ones (799 vs
406 tokens) and exhibit much higher variance. This “brevity bias” acts as a potential confounder, as
a model might learn to associate shortness with artificiality. To improve robustness against unseen
generators, we adopted an augmented training regime by injecting 14, 000 additional instances: 7,000
human articles from the CHANGE-IT? corpus of Italian newspaper articles and 7,000 synthetic samples
generated by translating the English RAID benchmark [19]° via Qwen2.5-7B-Instruct.
The blind test-set of the is composed by 15, 135 instances.

Investigated Systems. To disentangle the contribution of architecture, context size, and training
data, we benchmark a comprehensive set of configurations corresponding to the entries in Table 1:

« Unsupervised Baseline (Fast-DetectGPT): We employ Fast-DetectGPT with
Llama-3.2-8B-Instruct as the scoring model. This serves as a data-agnostic refer-
ence point, quantifying how much detection signal is available purely from distributional artifacts
(log-likelihood curvature) without access to labeled training examples.

+ Supervised Backbone (ModernBERT): Our primary analysis relies on ModernBERT-large,
evaluated under three distinct regimes to test robustness:

1. Local: The model classifies independent 3-sentence windows, aggregating predictions via
majority vote* This tests detection reliability in low-context scenarios.

2. Global: The model processes the entire document (up to 8,192 tokens) to capture long-range
discourse incoherence. This represents our strongest configuration trained on the official
data.

3. Global + Aug (Submitted): The official submission configuration, identical to the Global
setting but trained on the augmented dataset (including RAID Qwen-translated texts) to
test generalization to unseen generators.

« Comparative Architectures: To validate whether ModernBERT’s performance stems from its
architecture or cross-lingual transfer, we compare it against mModernBERT: the multilingual
variant of our primary backbone. Comparing this against the English-centric ModernBERT allows
us to isolate the impact of language-specific pretraining versus structural transfer.

« Most Frequent Class (MFC): A trivial baseline (= 50.10%) included solely to establish the
random-guess floor for the balanced test set.

The selection of the submitted configuration (ModernBERT Large with Data Augmentation) was
necessitated by the lack of a discriminative signal on our internal validation set. During the development
phase, we observed a pronounced ceiling effect, where several explored configurations achieved near-
perfect performance, rendering them empirically indistinguishable. Consequently, we prioritized the
system trained with Data Augmentation based on the hypothesis that exposure to a more diverse data

*https://huggingface.co/datasets/MattiaSangermano/change-it

*https://raid-bench.xyz/

*Technically, we employ a sofi-voting aggregation strategy. Rather than counting discrete class labels, we extract the softmax
probability P(Machine | ¢;) vs. P(Human | ¢;) and use them for weighted voting.
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distribution would bring superior generalization capabilities and robustness against distribution shifts
in the blind test set.

Metrics. Primary evaluation is based on Accuracy, the official metric for Subtask A. Additionally,
we report Precision, Recall, and Macro-F1 to provide a granular view of error types and class-specific
behavior.

4.1.2. Main Results

Table 1 presents the results on the official test set. The table shows our unsupervised model based on
Fast-DetectGPT and the naive baseline in the first two rows. Inside rows 3-5 we display our supervised
models based on the ModernBERT architecture. On row 6 we present the best competitor system for
reference.

The hierarchy of performance provides clear answers to our research questions regarding the trade-off
between robustness and adaptation.

Supervised vs. Unsupervised. The first major finding is the substantial gap between data-agnostic
and supervised methods. Fast-DetectGPT achieves a respectable accuracy of 82.86%, confirming that
machine-generated texts in Italian leave detectable statistical traces (e.g., negative curvature regions
in log-likelihood) that persist even zero-shot. However, supervised adaptation yields a relative error
reduction of over 75% (best supervised model: 95.78%). This suggests that while generic statistical
artifacts are present, the specific generators used in the wild exhibit idiosyncratic patterns that are best
captured through fine-tuning.

The Failure of Naive Augmentation. A counter-intuitive result concerns our submission strat-
egy. Our official run, trained on the Augmented dataset (which included translated RAID data and
Qwen-generated texts), reached 92.87% accuracy. However, our post-hoc analysis reveals that training
exclusively on the official provided data (Original) would have yielded significantly higher performance
(95.78%), outperforming the best competitor system (94.57%). This indicates that the augmentation
strategy introduced a distributional shift that was detrimental rather than helpful. The specific stylistic
signatures of the "in-the-wild" test set were likely well-represented in the original training data. By
injecting synthetic data from different domains and generators (e.g., Qwen), we likely diluted the model’s
focus, validating the hypothesis that MGT detection is highly sensitive to the specific generator-domain
pairs used for training.

Context Matters: Local Context vs. Global Context. We compare processing granularity by
contrasting a chunk-based approach (voting on 3-sentence windows) against a full-document approach.
The full-document model outperforms the chunked variant by nearly 10 percentage points (95.78% vs
85.97%).This result has a crucial theoretical implication: detection signals are not merely local glitches
(e.g., repetition or non-sequiturs visible in a short window) but are deeply rooted in global discourse
coherence. The model requires long-range attention to detect the subtle "fading" of logic or structure
typical of neural generation.

Architectural Analysis: Cross-Lingual Transfer. A striking observation from Table 1 is the perfor-
mance of the English-centric ModernBERT-1arge (95.78%) compared to its multilingual counterpart
mModernBERT (92.82%). Conventional wisdom suggests that for Italian tasks, a multilingual model
should be superior. Why does an English-centric model win? We argue that, at document-level, MGT
detection relies less on language-specific lexical knowledge (vocabulary coverage) and more on struc-
tural and distributional features (e.g., entropy plateaus, syntactic regularity) which are artifacts of the
Transformer architecture itself. Since LLMs (the generators) share similar underlying architectures
regardless of the output language, the artifacts they introduce are likely universal. ModernBERT’s
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Table 1

Subtask A results on the official test set. All values are reported in percentages (%). Submitted denotes our
official competition entry. The Best Competitor System corresponds to the first-place submission by team Gradient
Descenders. MFC denotes the Most Frequent Class baseline.

Run Model Acc P R F1
Unsupervised MFC (Most Frequent Class Baseline) 50.10  25.05 50.00 33.38
Fast-DetectGPT (scorer: LLama3. 2-8B) 82.86 84.68 82.88 82.64
ModernBERT-large (local) 85.97 89.02 8597 87.47
Supervised mModernBERT (global) 92.82 93.66 92.78 92.78
P ModernBERT-large (global + aug) (Submitted) 92.87 93.63 92.85 92.82
ModernBERT-large (global) 95.78 9599 9578 95.77

NA Best Competitor System 94.57 - - -

superior pre-training on code and massive English corpora likely allowed it to learn more robust
representations of "artificiality” and structural coherence, which transferred zero-shot to Italian syntax
more effectively than the noisy multilingual alignment of mBERT variants.

The "Safe Zone" of Detection. Table 2 breaks down performance by document length. The results
highlight a clear boundary condition for encoder-based detectors. On documents longer than 512
tokens, the model is effectively infallible (99.9% accuracy). This confirms that given sufficient statistical
evidence, the distinction between human and machine text is sharp.

The Short-Text Failure Mode. Conversely, performance drops drastically to 76.8% for texts shorter
than 128 tokens. This correlates with the "Brevity Bias" observed in the training data: the model
struggles to disentangle "shortness" from "artificiality,’ or simply lacks the necessary context window
to observe discourse-level incoherence. This remains the primary open challenge for future research:
detecting MGT in low-resource (short context) regimes requires signal amplification strategies that
standard fine-tuning does not provide.

Table 2
Subtask A: Error Analysis by Document Length (ModernBERT-large).The number of tokens is calculated based
on the ModernBERT tokenizer.

Text Length (tokens) Accuracy(%)

Short (< 128) 76.83
Medium (128-512) 89.95
Long (> 512) 99.90

Layer-Wise Ablation Study. To determine whether MGT detection relies primarily on low-level
structural artifacts or requires high-level semantic abstraction, we conducted a layer-wise ablation
study using ModernBERT-base in the local-context (chunked) setting. Results are detailed in Table 4
in appendix A. Contrary to the hypothesis that detection signals saturate in intermediate syntactic
layers, we observe a monotonic improvement in performance throughout the network depth. While the
first layer already provides a strong baseline (Accuracy: 81.23%), indicating the presence of surface-level
lexical or morphological cues, reliance on intermediate representations (Layers 11-14) yields only partial
gains (84.63%). The highest performance is achieved strictly at the final classification layer (87.15%).
This trajectory suggests that while "glitches" in machine-generated text may begin at the surface level,
reliable detection of advanced generators requires the full compositional capacity of the Transformer to
model complex discourse-level dependencies.
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4.2. Subtask B: Human-Machine Text Segmentation
4.2.1. Experimental Setup

Data Distribution. Experiments focus on the training and test split of the DeSegMa-IT Subtask B
dataset, comprising 19,945 mixed-source documents for the training section and of 23,211 documents
for the test section.

Each instance consists of a human-authored prompt followed by a machine-generated continuation.
An analysis of the training distribution reveals a critical structural property: the transition point is
located, on average, at character 264 (+116.9). This implies that the human context is relatively short
(averaging 84.5 tokens), while the machine-generated continuation is dominant (averaging 355.0 tokens).
This asymmetry poses a significant modeling challenge: the encoder must detect the stylistic shift
relying on a very limited "warm-up” window of human text to establish a baseline. Finally, the total
document length in the training set remains well within the capacity of ModernBERT’s context window,
ensuring that boundary artifacts are not conflated with truncation noise during fine-tuning.

Investigated Systems. To isolate the contributions of supervision and multilingual pretraining to
boundary localization, we benchmark the following configurations corresponding to the entries in
Table 3:

« Unsupervised Baseline (Token-Level Fast-DetectGPT): We adapt Fast-DetectGPT to the
segmentation setting by retaining its token-level discrepancy scores rather than aggregating
them into a single document statistic. Using Llama-3.1-8B-Instruct as the scoring model
(consistent with Subtask A), we compute normalized cumulative trajectories and apply a combined
first- and second-derivative heuristic to detect the point of maximum slope change, as described
in Section 3.1.1. This serves as a data-agnostic reference point, testing whether local probability
curvature alone can signal authorship transitions.

+ Supervised Backbone (ModernBERT-large, Submitted): Our official submission employs
ModernBERT-large fine-tuned for token-level binary classification, where each token is labeled
as human-authored or machine-generated. A two-layer MLP classification head produces per-
token probabilities, and final boundary prediction is obtained via the change point detection
procedure described in Equation (4). Token indices are mapped to character offsets by selecting
the first character of the predicted boundary token.

« Multilingual Variant (mModernBERT): To assess whether fine-grained segmentation benefits
from native morphological representations, we replicate the supervised training procedure using
mModernBERT-base. This comparison isolates the impact of multilingual pretraining versus
cross-lingual transfer from an English-centric encoder.

+ Middle Split Baseline: A naive baseline that places the boundary at 50% of the document length,
included to establish the difficulty floor for the localization task.

Metrics Evaluation is performed using Mean Absolute Error (MAE), which measures the average
character distance between the predicted boundary and the ground truth. Unlike binary classification
metrics, MAE quantifies the precision of localization, penalizing errors proportionally to their magnitude.
To benchmark the difficulty of the task, we introduce a naive Middle-Split Baseline, which blindly places
the boundary at 50% of the document length.

4.2.2. Main Results

Table 3 summarizes Subtask B performance measured by Mean Absolute Error (MAE) in characters. In
the first two rows is presented a naive splitting at the 50% mark to use as reference and our unsupervised
Token-level Fast-DetectGPT. On rows 3-4 we display our supervised models based on the ModernBERT
architecture employing the change point detection formula 3.2.2. On row 5 we present the best system
presented in the challenge as a point of reference.
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Our comparative analysis targets two specific dimensions of the segmentation problem. First, we
assess the viability of Zero-Shot Curvature Estimation by applying Token-Level Fast-DetectGPT, testing
whether local perplexity spikes are sufficient to signal authorship changes without supervision. The
token-level Fast-DetectGPT adaptation achieves 158.31 MAE, a substantial improvement over the
middle-split baseline (695.37) but nearly double the error of our submitted supervised system. This gap
suggests that local probability curvature, while informative at the document level, provides insufficient
granularity for precise boundary localization without a different heuristic compared to the usage of
derivatives or additional syntactic informations.

Second, within the supervised framework, we investigate the role of Multilingual Alignment. By com-
paring the English-centric ModernBERT (our official submission) against the multilingual mMode rnBERT
(post-hoc), testing the hypothesis that fine-grained segmentation, unlike document-level detection,
requires the native morphological representations offered by multilingual pretraining.

Our submitted ModernBERT-large system achieves 81.6 MAE, corresponding to an average local-
ization error of approximately 13 words, in line with our a-priori evaluation on an held-out portion
of the training set. The post-hoc experiments with mModernBERT yield a 25.7% relative improve-
ment, reducing MAE to 60.58 characters and narrowing the gap with the best competitor to approx-
imately 8 characters. This result contrasts with Subtask A, where ModernBERT-large outperformed
MultilingualModernBERT-base by almost 3%. We attribute this reversal to the differing task demands:
token-level boundary detection requires fine-grained morphosyntactic sensitivity that multilingual pre-
training better provides, whereas document-level classification benefits from global coherence signals
that transfer well cross-lingually.

Table 3
Subtask B results on the official test (MAE in characters; lower is better). Submitted indicates the official run.

Run Model MAE

Middle Split Baseline 695.37

u ised
nsupervise Token-level Fast-DetectGPT (scorer: LLama3.2-8B)  158.31

Supervised ModernBERT + Change-Point (Submitted) 81.60
upervt mModernBERT + Change-Point 60.58
NA Best Competitor System 52.54

5. Conclusions

This work compared supervised and unsupervised approaches for Italian machine-generated text detec-
tion on the DeSegMa-IT benchmark. For Subtask A (document-level classification), our official submis-
sion, ModernBERT-large with data augmentation and full-document context, achieved 92.87% accuracy,
placing third in the challenge. The same ModernBERT-large trained without data-augmentation for three
epochs achieved 95.78% accuracy in a successive ablation study, while MultilingualModernBERT-base
scored 92.82%. Layer-wise ablations on ModernBERT-base using chunk-based classification reveal that
intermediate layers (11-14) achieve 84.6% accuracy compared to 87.2% for the final [CLS] embedding,
suggesting that syntactic representations in the encoder’s middle layers already capture most of the
discriminative signal. For Subtask B (boundary detection), the supervised ModernBERT-large system
with change point detection obtained 81.6 MAE, which improved to 60.6 MAE when replaced with the
multilingually pre-trained MultilingualModernBERT-base. This reversal shows that while model size is
the decisive factor for Subtask A, multilingual pretraining is more relevant in the context of Subtask
B. This confirms our hypothesis that MGT detection at the document level relies more on structural
features that generalize across languages, while fine-grained segmentation requires native semantic
and morphological knowledge.

Our submitted model scored almost perfectly - 99.9%+ accuracy - on texts longer than 512 tokens,
dropping to 76.83% for short texts under 128 tokens, with almost all errors being false negatives. If
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those findings were replicated consistently on different text-domains and against adversarial prompting
and ablated models, automatic MGT detectors can be suggested for usage on long texts.

For both experiments the unsupervised domain-agnostic systems, predictably, scored behind their
supervised counterparts. On Subtask A, Fast-DetectGPT using LLama3.2-8B as evaluator reached
84%, while the token-level Fast-DetectGPT adaptation yielded 158 MAE on Subtask B, suggesting that
local probability curvature alone is insufficient for precise boundary localization. Contrary to our
expectation, adding 14,000 new documents coming from RAID [19] as Data Augmentation for Subtask
A reduced by almost 3% the model performance. This suggests that augmentation with translated
data introduces distributional artifacts that outweigh robustness gains on this benchmark. Since
FastDetectGPT makes no prior assumptions about the language or domain, we expect its performance
to remain flat across domains, registers, and languages, while supervised model performance should
decrease with respect to distance to the training dataset. This makes Fast-DetectGPT, and unsupervised
methods in general, paradoxically more suited to real-world application than benchmarks. Prior work
has shown that multilingual LLMs retain English-influenced syntactic patterns even when generating in
other languages [20], and our probing analysis (Appendix A) reveals that hierarchical depth information
remains weakly encoded in ModernBERT. We believe that incorporating explicit syntactic features
alongside semantic signals offers currently the most promising avenue for exploration.
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A. Layer Ablation and Probing Analysis

We provide here the grounding and detailed analysis for the layer-wise ablation study briefly discussed
in Section 4.1.2. To determine which internal representations are most discriminative for Italian MGT
detection, we evaluated ModernBERT-base using three distinct configurations (Table 4): the first layer,
a specific block of intermediate layers, and the final output embedding. This investigation reveals that
while detection performance improves with depth, distinct linguistic signals contribute differently to
the model’s decision boundary.

Table 4

Ablation study on representation depth and model size using local context (3-sentence chunks). All values are
reported in percentages (%). Performance consistently improves with layer depth, confirming that high-level
semantic features (Final Layer) are more discriminative than surface or syntactic ones.

Model Configuration Acc P R F1

ModernBERT-base Layer 1 (Mean) 81.23 86.29 81.23 83.68
ModernBERT-base Intermediate Layers 11-14  84.63  88.18 84.63  86.37
ModernBERT-base  Final Layer [CLS] 87.15 89.70 87.15 88.41

We selected Layer 1 to test the hypothesis that MGT detection might be solvable via low-level surface
artifacts alone. Using this layer yields an accuracy of 81.23%. While significantly above random chance,
it lags behind deeper representations, suggesting that while surface signals are computationally cheap
to extract, they are insufficient for high-accuracy detection.

The selection of Layers 11-14 (84.63%) was derived from a specific linguistic hypothesis regarding
“English-mediated” generation. Recent work on multilingual LLMs suggests that outputs are often syn-
tactically “English-accented” (reflecting English) influenced grammatical preferences and distributional
artifacts even when the surface language is Italian. Guo et al. [20] demonstrate that this accent manifests
as systematic shifts in dependency relations and hierarchical substructures (e.g., tree configurations),
while mechanistic studies suggest an English-centered latent space for semantic decisions [30]. If
machine-generated text exhibits such structural rigidity, a detector should be able to recover these
signals from the encoder’s intermediate representations.

To investigate the internal linguistic representations of ModernBERT-base, we adopt the layer-wise
probing methodology of Conneau et al. [31] and evaluate seven diagnostic tasks spanning three linguistic
dimensions’. For surface features, we use (1) Length, which predicts the total number of words to
assess retention of simple information, and (2) BigramShift, which tests sensitivity to local word order
by detecting whether adjacent tokens have been swapped. For syntactic features, we include tasks
targeting both vertical and horizontal structure: (3) Depth, which estimates the maximum depth of
the syntactic parse tree as a measure of hierarchical complexity, and (4) TopConst, which predicts the
sequence of top-level constituents (e.g., NP-VP) to capture global syntactic organization. Finally, for
semantic features, we consider (5) Tense, which identifies the grammatical tense of the main verb (e.g.,
past vs. present); (6) SubjNum and (7) ObjNum, which detect the grammatical number (singular/plural)
of the subject and direct object, respectively.

Using the Control Task framework to ensure selectivity [32], our analysis revealed a clear functional
stratification within ModernBERT, as shown in Table 5. While surface features like sentence length
are accessible throughout the network and semantic tasks (Tense, SubjNum) peak in the final layers,
it’s possible to identify a distinct “Syntactic Block” in the middle layers (11-14) where structural
performance maximizes, similarly to organization of the original BERT model [33].

This middle block excels at TopConst (peaking at Layer 14 with selectivity 0.744), suggesting strong
access to coarse phrase-structural configuration. This explains why extracting representations from Lay-
ers 11-14 outperforms Layer 1: the model successfully captures the linear organization of constituents,
a key dimension where translation artifacts often appear. However, the probing analysis also highlights

>https://github.com/facebookresearch/SentEval
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Table 5

Full Layer-wise Probing Results (Selectivity) for ModernBERT-base across all 22 layers. Values represent Selectivity,
defined as the difference between the probe’s accuracy on the target linguistic task and a randomized control
task, that is S = Accreqr — AcCeontroi- Note the distinct functional stratification: Surface features (i.e. the
Text Length) impact positively ; Syntactic features (TopConst) show a peak in the middle block (Layers 11-14),
justifying our ablation choice; while Semantic features (Tense, SubjNum) generally maximize in the deeper
layers (18+).

Layer Surface Syntax Semantics
Length  BigramShift | Depth TopConst | Tense SubjNum  ObjNum

0 0.767 -0.004 0.198 0.680 0.370 0.329 0.333
1 0.759 0.014 0.207 0.680 0.370 0.334 0.329
2 0.740 0.231 0.225 0.714 0.365 0.334 0.322
3 0.735 0.275 0.233 0.723 0.368 0.346 0.329
4 0.721 0.262 0.232 0.719 0.363 0.336 0.333
5 0.745 0.277 0.231 0.723 0.362 0.337 0.333
6 0.754 0.296 0.237 0.730 0.377 0.352 0.334
7 0.748 0.294 0.235 0.732 0.377 0.347 0.342
8 0.747 0.312 0.246 0.735 0.382 0.353 0.342
9 0.757 0.326 0.256 0.735 0.385 0.368 0.337
10 0.786 0.324 0.257 0.734 0.390 0.363 0.345
11 0.793 0.338 0.255 0.738 0.390 0.364 0.346
12 0.789 0.345 0.267 0.741 0.387 0.356 0.338
13 0.788 0.352 0.267 0.743 0.385 0.352 0.344
14 0.784 0.362 0.276 0.744 0.385 0.361 0.349
15 0.784 0.358 0.274 0.743 0.387 0.363 0.351
16 0.769 0.360 0.278 0.738 0.391 0.362 0.350
17 0.773 0.362 0.267 0.740 0.385 0.359 0.349
18 0.754 0.365 0.271 0.739 0.381 0.381 0.348
19 0.755 0.364 0.264 0.739 0.385 0.379 0.347
20 0.744 0.374 0.252 0.731 0.389 0.370 0.344
21 0.735 0.368 0.247 0.726 0.388 0.369 0.335
22 0.721 0.372 0.239 0.710 0.380 0.369 0.344

a critical limitation: the model struggles with syntactic Depth (Selectivity ~ 0.27). Although selectivity
for tree depth also peaks in this middle block, the absolute signal is weak. This suggests that while
ModernBERT captures horizontal syntax, it does not preserve hierarchical complexity (vertical depth) in
a form that remains linearly recoverable after mean pooling. Since human writing is often structurally
“spikier” (greater variance in syntactic depth) than the smoother output of LLMs, the inability to fully
leverage this vertical signal may explain why the syntactic block (84.63%) still underperforms compared
to the final layer (87.15%), which aggregates syntactic and semantic information.
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Abstract

GSIL:detect is a new shared task for the recognition and classification of gender stereotypes (GSs) presented
at EVALITA 2026. The task adopts a perspectivist approach in order to enhance the high subjectivity of GS
recognition and analysis on a dataset of challenging short texts in Italian. GSI:detect is organized in: A) a Main
Task (GS Detection) in which systems have to assign to a text the GS value, a numerical score that quantifies
the extent to which a given text exhibits or refers to a GS; B) an optional Subtask (GS Classification) in which
systems, given six pre-defined categories (e.g. role, relational, etc.) must assign one to each text. Seven teams
from academic and non-academic environments took part in the challenge, with a total of 50 submitted runs
for the Main Task and a total of 43 submitted runs for the optional Subtask. We present here first an overview
of the GSI:detect task, the dataset and the evaluation criteria, then outline and discuss the participants’ results.
Content warning: Examples taken from the GSI:detect dataset may contain sensitive, offensive, or otherwise
distressing content.

Keywords
gender stereotypes, perspectivism, linguistic resource, evaluation, LLMs,

1. Introduction and Motivation

The GSLdetect Task, organised within EVALITA 2026 [1], aims to take one step further in the state-of-
the-art detection of gender stereotypes (GSs)'. Gender stereotypes have recently been the object of
extensive research in the context of automatic recognition of GSs in misogynistic hate speech [3, 4, 5]
and also as far as large language models’ production of stereotyped and biased material is concerned in
text generation [6, 7] and translation [8].

However, with GSL:detect we aimed to first expand our focus beyond the context of hate speech,
because GSs can also appear in non-hateful communication (even as a compliment: *women’s nurturing
nature will save the world!”). In fact, GSs are sometimes produced even by their own targets (e.g., a
man who says "You know, men only have one thing in mind”, or a woman who says ”I failed in the
math exam. Oh well, girls don’t do well in math anyway, ah-ah”), who have internalized these biased
views on gender.

Secondly, we want to underline that the recognition and therefore the analysis of stereotypes can
be deeply subjective, as seen for example in the low inter-annotator agreement (IAA) (0.41, Cohen’s
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'We intend GSs as socially constructed beliefs about the *appropriate’ roles, behaviours, and appearances of a person regarding
their gender; although GSI:detect focuses on GSs about men and women for the sake of simplicity, we describe gender as "a
nonbinary construct” [2] and we intend to include GSs regarding non-binary people in future research.
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k) in the recognition of racist stereotypes by [9]. This situation is common to most highly subjective
NLP tasks, such as hate speech recognition [10], irony detection [9] or sentiment analysis applied to
complex texts (e.g. newspaper articles or latin poetry) [11, 12, 13], where annotators judgments can
be influenced by several factors, such as agreement or disagreement with a statement, the fact that
the annotator belongs to the group targeted by hate or stereotypes [10], personal opinions [14] and
interiorized biases [15, 16].

For all these reasons, we decided to adopt a Perspectivist Approach [17, 15, 18, 19, 16], in order to
treat the inherent diversity in judgments and perceptions as a valuable asset, and not as a problem
to solve. In fact, it has been observed that the classical methods of majority voting used to create
gold-standard corpora may result in the suppression of perfectly valid points of view, which may even
add interesting information about a task [14].

2. Task Description

GSl:detect aims to evaluate systems’ ability to detect and classify GSs across different kinds of short
texts; it includes both a compulsory main task and an optional sub-task.

2.1. Main Task: Gender Stereotype Detection

GS value Example

0 Non comprendo come si possano paragonare due fenomeni, gravissimi entrambi e concordo, come
femminicidi e morti sul lavoro. (I don’t understand how one can compare two phenomena, both very
serious and | agree, such as feminicides and deaths at work:.)

0.25 Tenete duro ancora qualche giorno e i vostri fidanzati partiranno in vacanza con le loro mogli.
(Hold on for a few more days and your boyfriends will be going on vacation with their wives.)

0.50 lo rimango dell’idea che un figlio ha sempre bisogno della sua mamma, anche per dire buongiorno
e buona notte. E la mamma idem. Soprattutto la mamma (1 still think an [adult] child always needs
his/her mother, even to say good morning and good night. And the mother too. Especially the mother

0.75 [Commento ad articolo di giornale dal titolo "Negli Usa quasi un manager su due é donna. In ltalia
meno di 1 su 3”] Infatti il Made usa va’ peggio del Made italy ([Comment on a newspaper article
titled "In the US, almost one in two managers is a woman. In ltaly, less than one in three”] In fact,
Made in USA is doing worse than Made in Italy)

1 [Rivolto a una utente donna] fatevi voi una doccia e copritevi. Le donne vere si coprono. Gli
animali vanno in giro nudi. ([Addressed to a female user] Take a shower and cover up. Real women
cover up. Animals walk around naked.)

Table 1
Sample texts annotated with GS values.

Given a short text, the main task requires systems to assign to it a numerical score, the GS value, that
quantifies the degree to which the text contains or refers to a gender stereotype.

This is formulated as a regression task in which GS values are real numbers in the range [0,1], where
1 indicates the maximum degree of stereotypical content (the granularity is fixed at two decimal places).
A few examples of short texts annotated with different GS values are reported in Table 1.

Notice that we consider two types of texts:

+ NO CONTEXT: texts that can be understood without any additional contextual information (see
the first three examples in Table 1);

« WITH CONTEXT: texts that are not self contained and are therefore enriched with contextual
information in the form of standardized metadata (see the last two examples in Table 1).

2.2. Subtask: Gender Stereotype Classification

The subtask on GS classification is formulated as a multi-class classification task where, given a short
text, systems are required to assign a GS category to that text; assignment must be performed for each
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single text, independently of the GS value assigned by the systems in the main Task. Participation in
the subtask was not compulsorys; still, participants were strongly encouraged to submit their results to
allow for a more comprehensive evaluation of the phenomenon.

Category Example

RoLE Cento uomini possono creare un accampamento, ma serve una donna per fare una casa. (A hundred men can
build a camp, but it takes a woman to make a home.)

PERSONALITY Sentivo qualcosa di speciale e sai, una donna non sbaglia mai le sensazioni. (I felt something special and you know,
a woman never mistakes her feelings.)

COMPETENCE [Commento ad articolo con titolo "La pilota della British Airways ubriaca in volo: cacciata dall’aereo, aggredisce
pure i poliziotti”] Come si possono affidare le sorti di un aereo ad una donna? ...scherzo, naturalmente..”
([Comment on an article titled "British Airways pilot drunk on flight: kicked off plane, she even attacks police”] How
can you trust a plane’s fate to a woman? ....just kidding, of course...”)

PHysICAL ”Oppure c’hanno le 5%, vanno in giro scollate come i manifesti messi d’inverno,e poi se rimani ""attirato” dalle
loro protuberanze ci rimangono male Povere cucciole” (“Or they are a size D, they walk around with low-cut clothes
like winter posters, and then if you get attracted”” by their protuberances, they get upset. Poor little things.”)

SEXUAL [Rivolto a una utente donna] fatevi voi una doccia e copritevi. Le donne vere si coprono. Gli animali vanno in
giro nudi. ([Addressed to a female user] Take a shower and cover up. Real women cover up. Animals walk around
naked.)

RELATIONAL [Commento a meme con testo "Aspettavo che mi mandassi tu un messaggio” e sotto I'immagine di un uomo

vestito da principessa] Tipico post da zitella (/Comment on a meme with the text *I was waiting for you to text me”
and underneath a picture of a man dressed as a princess] Typical spinster post)

Table 2
Examples of texts assigned to the different GS categories.

The classification we propose, developed to capture the variety of ways in which stereotypes manifest
in language and to support both linguistic analysis and automatic detection tasks, foresees the following
GSs typologies (examples of texts assigned to the different categories are provided in Table 2)°:

« ROLE stereotypes: social and cultural expectations about what women and men should do and
about how they should be;

« PERSONALITY stereotypes: emotional and behavioural traits assigned to men and women based
on their gender;

+ COMPETENCE stereotypes: generalized judgments of a person’s abilities based on their gender;

« PHYSICAL stereotypes: expectations about the physical appearance of men and (especially) women,
and all aspects of personal care in general;

+ SEXUAL stereotypes: attitude and behaviour that men and women should have regarding sexuality;

+ RELATIONAL stereotypes: the way in which women and men should behave in interpersonal/sen-
timental relations.

For a more accurate understanding of the task, participants were able to refer to the official guidelines
for stereotype classification, which were followed during the manual annotation of the dataset. >

3. Dataset

The GSI:detect dataset* consists of 1,010 short written texts in Italian (for a total of 52,118 tokens),
collected from social media and informative websites.

The texts have been manually collected from a diverse array of online spaces to provide a balanced
representation of formal and informal written Italian, a variety that also allows us to explore the theme
of GSs in different contexts. In fact, they include excerpts from information websites, as well as users’
comments from Facebook, Instagram and Reddit pages and groups discussing both gender-related issues

“Note that this taxonomy is not intended to be fully exhaustive, as it is derived from an abstraction over the direct observation
of the examples contained in the dataset.

The annotation guidelines are available for download at this link.

“The GSIL:detect dataset is distributed under a CC BY-NC-SA 4.0 Licence. The dataset is publicly available at this link. The
distributed dataset includes, besides the GS values, also the individual, non-aggregated labels assigned by all annotators, in
order to enable systems to learn from annotator disagreement [19].
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and more generic topics (e.g. feminist influencers, pick-up artists, “mom influencers”, parodic pages,
math groups, gossip pages, major Italian newspapers, etc.),

Furthermore, the dataset includes GSs about not only women, but also men, or both, including texts
that clearly express GSs as well as non-stereotypical examples, as well as cases where recognizing GSs
may be a question of personal opinion and sensitivity.

3.1. Data Annotation

The GSl:detect dataset has been manually annotated by four expert annotators.

GS Value Annotation. Although all four annotators were expert and followed the annotation
guidelines specifically created for GSI:detect (as mentioned in Section 2.2), the inherent subjectivity of
the task inevitably introduced a certain level of disagreement. Following the perspectivist approach
introduced in Section 1, we opted for merging all annotations into a numerical GS value, rather than
selecting a binary label obtained through annotation aggregation on the basis of majority voting. This
choice aligns with recent findings which indicate that leveraging disagreement is more convenient than
effortlessly trying to eliminate it [15, 16].

The overall annotation procedure consists of two steps: (i) each annotator manually assigns, for each
short text, a binary label yes/no indicating whether or not the text contains or refers to a GS; (ii) the
final GS value is computed by combining the four individual annotations. The underlying assumption
is that full IAA (all four annotators choose the label no or the label yes) corresponds to the endpoints of
the continuum, while disagreement between annotators indicates intermediate GS values, such as 0.25
(three no labels and one yes label), 0.5 (two yes labels and two no labels), and 0.75 (three yes labels and
one no label).

The overall IAA between the four annotators on the choice of the yes or no label is 0.61 (Fleiss’ k),
which is a moderate agreement, common in highly subjective tasks [20], as seen in Section 1.

GS Category Annotation. When annotators identify a text as containing or referring to a GS,
they additionally assign it to one of the six GS categories, following the classification outlined in the
annotation guidelines and summarized in Section 2.2. Due to the more explorative nature of GS category
annotation compared to the preceding annotation level, we adopted a more conventional strategy: in
case of disagreement between the annotators, a single category is determined by majority vote, with
ties resolved by a GS expert acting as a super-judge (required for 6% of the dataset). Regarding the GS
category annotation, the four experts scored moderate agreement [20], with a IAA of 0.61 (Fleiss’ k).

3.2. Data Statistics: Test and Development Split

The complete dataset is divided as follows: 80% is allocated to the test set for the official evaluation and
ranking of participant systems, while the remaining 20% constitutes the development data (dev set)
(refer to Table 3 for more details). These proportions were chosen to balance the need for adequate data
for model tuning with the goal of maintaining a larger and more representative test set for the final
evaluation.

Table 3 reports also detailed information about

. . 5
the size of the dataset in terms of tokens”. In both Dev set Testset Total
the dev and test sets, approximately 58% of texts WiTH CONTEXT foxts 5 s 105
are WITH CONTEXT and 41% are NO CONTEXT No CONTEXT texts 118 487 605
(see Section 2.1). In the creation of the dev and All Texts 200 810 1010
test sets, particular care was taken to ensure a Tokens 10,055 42,063 52,118
o Av. Length 50.27 5193 516
balanced distribution of examples across both
subsets, as shown in Table 4a. Therefore, the Table 3: Dataset’s statistics.

>The token count was computed using the Italian rule-based tokenizer included in the spaCy library (https://spacy.io, version
3.8.7) as part of the it_core_news_sm linguistic model. The average length of texts is 51.6 tokens.
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Category Dev set Testset Total Total%

GS value Dev set Testset Total Total%

Role 30 107 137 13.56%
0 60 242 302 29.90% Personality 29 108 137 13.56%
0.25 25 84 109 10.79% Competence 34 120 154 15.25%
0.50 27 85 112 11.09% Physical 20 90 110 10.89%
0.75 25 105 130 12.87% Sexual 14 72 86  8.52%
1 63 294 357 35.35% Relational 13 71 84  8.32%
GS value = 0 60 242 302 29.90%
200 810 1010
200 810 1010

Dataset distribution by GS value.
() Dataset distribution by GS value (b) Dataset distribution by GS category.

Table 4
Dataset distribution statistics.

split preserves the original distribution of GS
values, thereby guaranteeing a consistent representation of varying degrees of stereotypicality in both
subsets. A comparable level of balance is also observed for GS categories (see Table 4b).

This careful selection ensures that both subsets are representative of the overall GSI:detect dataset,
preventing unintended biases in the distribution of categories.

4. Evaluation

Evaluation in GSI:detect is designed to reflect the specific nature of both the main task on GS detection,
formulated as a regression problem, and the subtask on GS classification, formulated as a multi-class
classification problem. Accordingly, we adopt task-specific evaluation criteria to ensure meaningful
comparison and reliable system ranking.

GS Detection. Participant systems’ performance is assessed using a score derived from the Mean
Squared Error (MSE), which measures the average squared distance between predicted and annotated GS
values, penalizing larger deviations more heavily. To improve interpretability and comparability across
systems, the MSE is normalized with respect to the variance of the target distribution (Normalized Mean
Squared Error, NMSE). Since lower NMSE values indicate better performance, we further transform this

quantity into a bounded score defined as m so that higher values correspond to better predictive

accuracy. This formulation enables an intuitive ranking of systems while preserving the relative
performance differences.

In addition to the scores described above, we also report the Concordance Correlation Coefficient (CCC)
as a complementary measure of agreement between predictions and reference values, capturing both
correlation and potential systematic bias.

GS Classification. GS classification is evaluated using the F1 score, which combines precision and
recall into a single performance indicator.® To account for possible class imbalance while maintaining
sensitivity to per-class behaviour, we report both Macro F1, which weights all categories equally
regardless of their frequency, and Micro F1, which reflects the overall performance at instance-. While
both measures are reported for analysis purposes, Micro F1 is adopted as the official metric for system
ranking, as it provides an instance-level estimate of overall classification performance.

Baselines. For both GS detection and classification, participant systems’ performance is compared
against a set of four baselines’. They include a simple heuristic baseline obtained by assigning a constant

®As annotators assigned a GS category only to texts containing or referring to a stereotype, texts with GS value = 0 (i.e.
no-no-no-no annotation) don’t have a category. In the GS classification subtask, systems’ performance has been therefore
evaluated on 568 out of 810 texts.

"Baselines were computed only for the zero-shot track.
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GS Detection GS Classification
Team Name

Zero-shot Few-shot Fine-Tuning Encoder-only | Zero-shot Few-shot Fine-Tuning Encoder-only

DIAG-Sapienza [21] 1
Festa [22] 5
MINDS [23] -
Prisma [24] 5
StereoBusters [24] 5
Tiz [25] 5
VellaAsta® -
Total 21 14 5 10 | 21 12 0 10

Table 5
Number of runs submitted by each team for each track in the GS Detection and GS Classification tasks.
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GS value of 0.5 and a random GS category prediction (B1 in Table 6), as well as the performance of two
LLMs, namely Qwen3-14B (B2), and GPT-5-nano-2025-08-07. The performance of GPT-5, in particular, is
evaluated under two prompting configurations: one where GS detection and classification are jointly
addressed within a single prompt (B3), and one where the tasks are solved independently with two
separate prompts (B4).

5. Participants

The GSIL:detect shared-task attracted the participation of seven teams, coming both from academic and
non-academic environments. Participant were allowed to submit multiple runs for each task, exploring
different model architectures, prompting strategies, and technical configurations. The evaluation
campaign included four different tracks for both the main task and the subtask: zero-shot, few-shot,
fine-tuning of LLMs, and encoder-only models. Not all teams submitted runs to all tracks and tasks. Table
5 presents the participating teams and reports the number of runs submitted by each of them for each
track in both GS Detection and GS Classification tasks. Further analysis of the impact of the different
runs and of their behavior across the two tasks, leading to different performance trends, is presented
in Section 6. For a detailed description of the individual system configurations and methodologies
associated with each run, we refer the reader to the participants’ reports, cited in Table 5.

6. Results and Discussion

The results are organized according to the four main tracks of the shared task, under which participants
submitted multiple runs for both the main task and the subtask. This experimental setting results in
eight distinct rankings, corresponding to the combination of the two tasks and the four tracks.

6.1. Zero-Shot Track

Tables 6 and 7 report the scores obtained by the participating systems on the main task and on the subtask,
respectively, in the zero-shot setting. Overall, in both tasks several participant systems outperform the
proposed baselines, which are positioned approximately in the middle of the ranking and therefore act
as a rough boundary between higher- and lower-performing approaches in this track.

For our main task, the best-performing system is submitted by the DIAG-Sapienza team [21], based
on GPT-5 in a configuration that generates together the predicted GS value, the GS category plus a one-
sentence explanation within the same model’s call (see run 1 in Table 6 and 7). Interestingly, while this
model’s configuration achieves the top rank in GS Detection, its performance drops by seven positions
in GS Classification, highlighting the increased difficulty of fine-grained stereotype categorization and

8As the VellaAsta team correctly and timely submitted the output of their system for official evaluation, we present their
results even if they did not submit a report describing the system.
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of the underlying reasoning process. Nevertheless, in the main task this configuration substantially
outperforms our GPT-5 nano baseline (i.e., B4), whereas in the classification task the performance gap
becomes much smaller (0.58 Micro F1 for DIAG-Sapienza vs. 0.53 for B4).

Another team showing consistently strong performance in this track is StereoBusters [26], which
evaluates several models of different sizes and configurations. In particular, Llama 3.3 (70B) achieves
competitive results in GS Detection, approaching the performance of the closed-source GPT-5 model by
DIAG-Sapienza (0.63 vs. 0.70). Moreover, Llama 3.3 consistently maintains a high level of performance
also in GS Classification (0.64 Micro F1), outperforming both proprietary models (GPT- and Gemini-
based) and the systems submitted by the other teams. Additionally, the ensemble strategy adopted by
this team (i.e., run 4), combining the predictions of four LLMs to determine the stereotype category,
proves particularly effective in the classification task, achieving the highest Micro F1 score (0.646) in
this subtask, with an improvement of roughly ten positions in the ranking compared to the main task.

The Festa team [22] explores multiple configurations of Gemini 2.5 Flash, outperforming most of our
baselines in both tasks. For GS Detection, the best-performing configuration (i.e., run 4) relies on an
English prompt, despite the Italian nature of the data, combined with negative constraints aimed at
minimizing false positives. By contrast, the use of Chain-of-Thought prompting both in English and
Italian (runs 1 and 3) appears less beneficial in this task, yielding scores approximately seven points
lower than run 4 (0.62 vs. 0.55). In the classification task, however, Chain-of-Thought prompting proves
more effective, with performance comparable to Llama 3.3 (70B) by StereoBusters. This suggests that
explicitly encouraging intermediate reasoning steps may support finer-grained category discrimination.

Finally, in this setting, the systems submitted by the Tiz [25] and Prisma [24] teams show substantially
lower performance, consistently falling below the LLM-based baselines (i.e., B2, B3, and B4), with
this performance gap remaining consistent across both the main task and the subtask. In particular,
Prisma explores multiple configurations of Claude 3.5 Sonnet based on different annotator personas
and their aggregation; however, these highly polarized configurations do not yield competitive results,
possibly due to a mismatch between the induced persona biases in the configuration and the annotator
perspectives underlying the dataset. This could also suggest that strong persona conditioning, when
misaligned with the annotator distributions of the dataset, may introduce biases that increase the
distance from the target judgments.

Overall, what emerges from this scenario is that, although GPT-5 (DIAG-Sapienza) represents the
best-performing system in the main GS Detection task, open-source models with different configurations
and modeling strategies are able to closely approach, match, or even surpass closed-source systems
across both tasks. In particular, StereoBusters’ open-source models narrow the gap with GPT-5 in the
main task and outperform both proprietary systems and our baselines in GS Classification, regardless of
whether large-scale (Llama 3.3 70B) or mid-sized (Gemma 3 12B) models are used. This trend suggests —
and confirms - that stereotype categorization, which inherently involves subjective interpretation and
nuanced reasoning, benefits less from pure model scale and more from diversified modeling choices
and decision aggregation strategies.

6.2. Few-shot Track

Most of the teams participating in the zero-shot track also submitted systems to the few-shot track,
except for Tiz team, which participated exclusively in the former setting. This semi-overlap allows for a
direct comparison of model behaviour across the two settings, highlighting how the same architectures
can exhibit substantially different performance when provided with in-context examples.

According to Table 8, for the GS Detection task, the DIAG-Sapienza team again achieves the best
performance with GPT-5 (i.e., run 1, four-shot), followed by the family of Gemma 3 models (12B and 27B)
evaluated by StereoBusters. However, the systems developed by both teams are not able to maintain the
same trend in the subtask (see Table 9), dropping several positions in the ranking, except for Gemma 3
(27B). This finding suggests that, within the same model family, model size may positively influence
performance across both tasks.

Notably, in contrast with the zero-shot setting, the Prisma team shows a marked improvement: its
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Team name Model Run id 1/(1+ NMSE)t MSE| NMSE| CCC?t

DIAG-Sapienza GPT-5 1 0.70  0.077 0.43 0.78
StereoBusters Llama_3.3_70B 1 0.63 0.11 0.60 0.60
StereoBusters Llama_3.3_70B 2 0.62 0.11 0.61 0.59
Festa Gemini_2.5_Flash 4 0.62 0.11 0.61 0.70
Festa Gemini_2.5_Flash 5 0.62 0.11 0.62 0.69
StereoBusters Gemma_3_12B 0 0.61 0.11 0.64 0.56
Festa Gemini_2.5_Flash 2 0.61 0.11 0.64 0.69
BASELINE GPT-5 nano B4 0.61 0.11 0.64 0.60
Tiz Gemma_3_12B 5 0.59 0.12 0.69 0.63
BASELINE GPT-5 nano B3 0.59 0.12 0.69 0.57
StereoBusters Panel_4LLMS 4 0.57 0.13 0.75 0.62
StereoBusters Panel_4LLMs 3 0.56 0.14 0.77 0.60
Festa Gemini_2.5_Flash 1 0.56 0.14 0.79 0.63
Festa Gemini_2.5_Flash 3 0.55 0.14 0.80 0.62
BASELINE Qwen-3_14B B2 0.54 0.15 0.84 0.46
BASELINE N/A B1 0.50  0.18 1.01 0
Tiz Gemma_3_12B 3 0.48 0.19 1.06 0.55
Tiz Gemma_3_12B 2 0.48 0.19 1.07 0.54
Tiz Gemma_3_12B 1 0.47 0.20 1.12 0.52
Tiz Gemma_3_12B 4 0.43 0.24 1.33 0.42
Prisma Claude_3.5_Sonnet 2 0.33 0.36 2.04 0.15
Prisma Claude_3.5_Sonnet 4 0.32 0.38 211 0.08
Prisma Claude_3.5_Sonnet 1 0.32 0.38 211 0.09
Prisma Claude_3.5_Sonnet 5 0.31 0.40 2.23 0.09
Prisma Claude_3.5_Sonnet 3 0.31 0.40 2.24 0.08
Table 6
Results for zero-shot track [Main Task].
Team name Model Run id F1 Micro 1 F1 Macro t
StereoBusters Panel_4LLMS 4 0.65 0.64
StereoBusters Llama_3.3_70B 1 0.64 0.64
StereoBusters Panel_4LLMs 3 0.64 0.63
StereoBusters Llama_3.3_70B 2 0.63 0.63
Festa Gemini_2.5_Flash 1 0.60 0.56
Festa Gemini_2.5_Flash 5 0.60 0.55
Festa Gemini_2.5_Flash 4 0.59 0.55
Festa Gemini_2.5_Flash 2 0.59 0.54
DIAG-Sapienza GPT-5 1 0.58 0.52
Festa Gemini_2.5_Flash 3 0.57 0.52
StereoBusters Gemma_3_12B 0 0.54 0.53
BASELINE GPT-5 nano B4 0.53 0.52
BASELINE GPT-5 nano B3 0.52 0.50
BASELINE Qwen-3_14B B2 0.39 0.39
Tiz Gemma_3_12B 2 0.23 0.23
Tiz Gemma_3_12B 3 0.23 0.23
Tiz Gemma_3_12B 1 0.22 0.22
Prisma Claude_3.5_Sonnet 1 0.22 0.29
Tiz Gemma_3_12B 5 0.22 0.22
Tiz Gemma_3_12B 4 0.21 0.21
BASELINE N/A B1 0.18 0.18
Prisma Claude_3.5_Sonnet 4 0.18 0.23
Prisma Claude_3.5_Sonnet 2 0.17 0.24
Prisma Claude_3.5_Sonnet 3 0.13 0.18
Prisma Claude_3.5_Sonnet 5 0.12 0.17

Table 7
Results for zero-shot track [Subtask].

system (i.e., run 6) benefits significantly from this configuration based on selecting 5 examples per
category through stratified sampling. In this case, Claude 3.5 Sonnet appears to react positively both to
the presence of in-context examples and to the inclusion of additional information derived from the
annotation guidelines. This effect is even more evident in the GS Classification task (Table 9), where
the same configuration outperforms all other submissions by approximately ten points (0.71).

Yet, Gemini 2.5 Flash exhibits a more heterogeneous behavior: while a 14-shot configuration leads to
one of the worst performance in GS Detection, the presence of examples proves beneficial for reasoning
on GS Classification, but the improvement over the zero-shot setting remains marginal (0.67 vs. 0.60).

A different trend is observed for the MINDS team [23], which evaluates Qwen 2.5 (14B) exclusively
in the few-shot setting for GS Detection. Two configurations (runs 1 and 2), each using 20 in-context
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Team name Model Run id Shots 1/(1+ NMSE)t MSE| NMSE| CCC?t

DIAG-Sapienza GPT-5 1 4 0.68 0.08 0.46 0.76
StereoBusters Gemma_3_27B 2 5 0.64 0.10 0.55 0.65
StereoBusters Gemma_3_12B 0 5 0.63 0.10 0.59 0.60
StereoBusters Gemma_3_12B 1 5 0.61 0.11 0.63 0.61
Prisma Claude_3.5_Sonnet 6 35 0.59 0.12 0.70 0.63
StereoBusters Panel_4LLMS 4 5 0.59 0.13 0.71 0.65
MINDS Qwen2.5_14B 1 20 0.58 0.13 0.72 0.46
Festa Gemini_2.5 Flash 5 non-fixed 0.57 0.13 0.75 0.63
Festa Gemini_2.5 Flash 1 12 0.56 0.14 0.77 0.62
MINDS Qwen2.5_14B 2 20 0.56 0.14 0.77 0.42
Festa Gemini_2.5 Flash 2 10 0.56 0.14 0.78 0.62
Festa Gemini_2.5 Flash 4 14 0.55 0.14 0.82 0.60
StereoBusters Panel_4LLMs 3 5 0.55 0.15 0.82 0.56
Festa Gemini_2.5 Flash 3 6 0.50 0.18 1.00 0.55
Table 8
Results for few-shot track [Main Task].
Team name Model Run id Shot F1 Micro 1t F1 Macro 1
Prisma Claude_3.5_Sonnet 6 35 0.71 0.61
Festa Gemini_2.5 Flash 4 14 0.67 0.67
StereoBusters Gemma_3_27B 2 5 0.67 0.66
Festa Gemini_2.5 Flash 5 non-fixed 0.67 0.66
StereoBusters Panel_4LLMs 3 5 0.66 0.65
StereoBusters Panel_4LLMS 4 5 0.66 0.65
Festa Gemini_2.5 Flash 1 12 0.66 0.65
Festa Gemini_2.5 Flash 2 10 0.65 0.63
Festa Gemini_2.5 Flash 3 6 0.64 0.63
DIAG-Sapienza GPT-5 1 4 0.61 0.55
StereoBusters Gemma_3_12B 0 5 0.57 0.57
StereoBusters Gemma_3_12B 1 5 0.56 0.56

Table 9
Results for few-shot track [Subtask].

examples, extract logits from the model and feed them into downstream statistical predictors (i.e., Linear
Regression and KNN) to estimate the numerical GS value. This hybrid approach, however, remains
substantially poor, with a gap of nearly ten points compared to the top model in this track (0.58 vs. 0.68).

Moreover, the trend shown here closely mirrors the zero-shot setting one, further confirming that
performance gains are driven less by model scale alone and more by how in-context examples are
selected, structured, and integrated into the reasoning process. In support of this observation, we can
observe that i. GPT-5 achieves the highest performance in GS Detection, yet its performance drops
sharply in GS Classification (ten positions), despite the use of a four-shot prompt, ii. the perspectivist
approach adopted by Prisma in the GS Classification subtask, combined with a careful selection of
representative examples for each category, proves particularly effective, iii. in the main task, an
open-source mid-sized model such as Gemma 3 (27B) by StereoBusters is able to achieve performance
comparable to that of GPT-5 (DIAG-Sapienza).

6.3. Fine-tuning

Although potentially interesting for comparison with the other tracks, this setting was explored only
by the Tiz team, exclusively through different configurations of the same model (i.e., Gemma 3 12B),
and only for the main task. Nevertheless, the results obtained in this setup are highly promising, as
the best-performing system (i.e., run 2) achieves a score of 0.64, ranking behind the best zero-shot and
few-shot systems by only 6 and 2 points, respectively. Moreover, it is worth emphasizing that these
fine-tuning results were obtained using an open model, which here is nearly matching the performance
of a state-of-the-art proprietary model (i.e., GPT-5) under both of the aforementioned settings.
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Team name Model Run id 1/(1+ NMSE)t MSE| NMSE| CCC?t

Tiz Gemma_3_12B 2 0.64 0.10 0.57 0.63
Tiz Gemma_3_12B 4 0.62 0.11 0.60 0.58
Tiz Gemma_3_12B 1 0.62 0.11 0.61 0.61
Tiz Gemma_3_12B 5 0.62 0.11 0.61 0.57
Tiz Gemma_3_12B 3 0.60 0.12 0.67 0.52

Table 10

Results for fine-tuning (LLMs) track [Main Task].
Team name Model Run id 1/(1+ NMSE)t MSE| NMSE| CCC?t
Festa UmBERTo 1 0.56 0.14 0.78 0.31
Festa UmBERTo 2 0.56 0.14 0.78 0.31
Festa UmBERTo 5 0.56 0.14 0.78 0.31
Festa UmBERTo 4 0.55 0.14 0.81 0.36
Festa UmBERTo 3 0.54 0.15 0.85 0.32
VellaAsta tum-nlp/bertweet-sexism 1 0.49  0.19 1.05 0.24
DIAG-Sapienza RoBERTa 4 0.47 0.20 113 0.37
DIAG-Sapienza RoBERTa 3 0.46 0.21 1.16 0.37
DIAG-Sapienza RoBERTa 1 0.45 0.21 1.21 0.36
DIAG-Sapienza RoBERTa 2 0.45 0.22 1.24 0.36

Table 11
Results for encoder-only models track [Main Task].

6.4. Encoder-only models

The use of encoder-only models represents a valuable reference for analyzing discrimination-oriented
tasks. Although such systems can often achieve performance comparable to or even better than LLMs,
especially when fine-tuned on the target task [27], this trend does not emerge in our track as proved by
the Festa, DIAG-Sapienza, and VellaAsta teams, reported in Tables 11 and 12. Overall, their results fall
below our baselines on the main task and consistently find themselves in the lowest positions in the
GS classification subtask. When comparing models within the same track, the BERT-based UmBERTo
(Festa) achieves the best performance, with a clear margin over RoBERTa model (DIAG-Sapienza) and
bertweet-sexism’ model (VellaAsta) likely due to its Italian-specific tokenization and masking strategies.
Conversely, the tum-nlp/bertweet-sexism model outperforms RoBERTa in the GS detection task, as it
has been fine-tuned for sexism detection on Twitter data. However, this specialization does not appear
sufficient to achieve competitive performance on the more fine-grained GS classification task.

Overall, the consistently lower performance of encoder-only models across both tasks suggests that
the limitations observed are not merely due to model capacity, but rather to architectural constraints.
Unlike LLM-based systems, encoder-only models lack an explicit generative and reasoning component,
which appears crucial for capturing the contextual, interpretative, and often implicit nature of gender
stereotypes. While task-specific pre-training or fine-tuning (e.g., sexism detection on social media)
can provide advantages in coarse-grained detection, as observed for bertweet-sexism model (VellaAsta
Team) in the main task, such specialization does not translate into robust performance on fine-grained
GS classification. This highlights the difficulty for encoder-only architectures to model subjective and
socially grounded distinctions without access to richer contextual reasoning mechanisms.

7. Conclusions

In this paper, we presented the EVALITA shared task GSIl:detect, which focuses on the automatic
identification and classification of gender stereotypes in Italian. The task was structured into two
subtasks: (i) a main task targeting the detection of GSs, and (ii) a fine-grained subtask aimed at
classifying the type of GS expressed in the text. The dataset was constructed by explicitly leveraging
disagreement among human annotators, to preserve the intrinsic subjectivity of the phenomenon rather
than enforcing a single, fully convergent label. This design choice allows the benchmark to better

°This model can be found in the Huggingface Hub here.
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Team name Model Run id F1 Micro 1 F1 Macro 1

Festa UmBERTo 1 0.52 0.50
Festa UmBERTo 2 0.49 0.47
Festa UmBERTo 3 0.48 0.46
Festa UmBERTo 5 0.47 0.45
Festa UmBERTo 4 0.45 0.43
DIAG-Sapienza RoBERTa 4 0.37 0.29
DIAG-Sapienza RoBERTa 3 0.36 0.29
DIAG-Sapienza RoBERTa 2 0.35 0.29
DIAG-Sapienza RoBERTa 1 0.35 0.29
VellaAsta tum-nlp/bertweet-sexism 1 0.10 0.11

Table 12
Results for encoder-only models track [Subtask].

reflect the variability of human judgments in sensitive and socially grounded tasks.

The results obtained by the seven participating teams on the main task, and by a subset of them on
the subtask, highlight how different model architectures and configurations have diverse responses
to a task in which subjectivity is a core component. Across zero-shot, few-shot, and encoder-only
settings, we observe that performance is not solely determined by model scale, but is strongly influenced
by architectural choices, prompting strategies, and the way contextual information is integrated into
the reasoning process. In particular, for such fine-grained and inherently subjective settings, the
performance gap between open-source and state-of-the-art proprietary systems consistently narrows,
and in several cases reverses, especially when open models are combined with diversified perspectives
or carefully selected in-context examples. Conversely, encoder-only architectures struggle to achieve
competitive performance, suggesting that generative and reasoning capabilities play a crucial role in
modeling socially grounded and interpretative distinctions.

These findings suggest that model behavior cannot be fully characterized only in terms of raw
accuracy, but should also be analysed in relation to how models implicitly encode and reproduce
subjective judgments. More broadly, the results highlight the importance of evaluation frameworks that
explicitly account for subjectivity, disagreement, and modeling diversity when assessing Al systems on
sensitive social phenomena. For this reason, investigating the interplay between model and human
subjectivity represents a promising research direction for explaining some of the observed dynamics.
Future work will focus on socio-profiling the models to relate their prediction patterns to specific
socio-demographic groups, shedding light on the sources and structure of their biases and sensitivities.
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Abstract

This report presents the contribution from the DIAG-Sapienza team for the GSI:detect task at EVALITA 2026. We
address both the main regression task and the classification sub-task in a joint formulation, motivated by the
hypothesis that category-level information can support more accurate estimation of gender stereotype intensity,
especially in low-data settings. Our contribution features three systems corresponding to the challenge tracks:
1) a zero-shot approach that used GPT-5 as an LLM-as-a-Judge with structured prompting and explanation
generation to elicit implicit reasoning, 2) a few-shot approach that augments prompting with randomly sampled
and retrieved in-context examples, and 3) an encoder-only fine-tuned RoBERTa-based model that integrates
LLM-generated reasoning sentences as additional input. Leaderboard results on the official test set show that our
zero-shot and few-shot systems rank first and second, on the main regression task, outperforming all competing
submissions. Overall, the results suggest that jointly predicting gender stereotype values and categories benefits
the regression task, and that eliciting concise explanations can improve prediction quality.

Keywords
Gender Stereotype Detection, Bias Detection, Large Language Models, LLM-as-a-Judge, Zero-Shot Learning,
Few-Shot Learning

1. Introduction

In this report, we address the GSL:detect challenge [1] of the EVALITA 2026 campaign [2], which focuses
on evaluating systems’ ability to detect and classify gender stereotypes (GSs) across diverse types
of short texts in Italian. The dataset includes manually collected texts drawn from social media and
informative websites, spanning both formal and informal language, which makes the task representative
of real-world usage. The challenge comprises a compulsory main task on Gender Stereotype Detection
and an optional sub-task on Gender Stereotype Classification. The main task is formulated as a regression
problem, requiring the assignment of a numerical score in the range [0, 1] that quantifies the degree
to which a text contains or refers to a gender stereotype. The sub-task is a multi-class classification
problem, in which the system must assign one of six predefined Gender Stereotype categories: Role,
Personality, Competence, Physical, Sexual, and Relational, when a stereotype is present, or None when
no stereotype is detected.

In our approach, we address both tasks jointly rather than treating them as independent challenges.
While a modular formulation is possible, we generate both outputs within the same system call from
the same input. This design choice is motivated by observations in the literature that Large Language
Models (LLMs) often struggle with purely numerical outputs and tend to perform less reliably on
regression tasks than on text-based tasks [3]. We therefore hypothesize that explicitly incorporating
information from the classification task into the context provided to the LLM, including the definitions
of stereotype categories, can support the estimation of gender stereotype values and improve regression
performance in zero-shot and few-shot settings.

This issue does not arise in fine-tuning scenarios, where the model is explicitly adapted to the target
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objectives rather than being prompted to perform them as a by-product of next-word prediction, as in
general-purpose LLMs. However, fine-tuned models are highly sensitive to architecture choices. In this
setting, it is straightforward to implement a parallelized architectures that jointly handle regression
and classification while sharing intermediate representations, for example, a shared encoder with
task-specific heads. This design enables a controlled assessment of whether joint modeling yields
measurable gains, and it allows us to test the extent to which shared representations can transfer
information between the two tasks under supervised training.

These modeling choices must ultimately be grounded in a clear operationalization of what constitutes
a stereotype in the first place. Within the GSIl:detect challenge, a stereotype is defined as a pre-
constituted, generalized, and simplistic opinion that is not based on the evaluation of individual cases
but is mechanically repeated about people, events, or situations [4]. Gender stereotypes, in particular,
are frequently found in misogynistic hate speech but also appear in non-hateful communication, where
they may be unconscious and used with positive meaning. The greatest challenge lies in detecting such
stereotypes when they are latent in both the form and the implied content of the analyzed text.

For this reason, in our zero-shot and few-shot experiments, we explicitly feature this definition in
the task explanation provided to the LLM. This step is crucial, as stereotypes and bias are inherently
ambiguous and subjective concepts. As reflected in the dataset annotation scheme, even human
annotators may disagree on the presence and intensity of a gender stereotype: depending on personal
background, values, and experiences, the same expression may be seen as clearly stereotypical, neutral,
or even positive [2, 5]. LLMs, in turn, are highly sensitive to prompting strategies, a property that is
also exploited in adversarial prompting scenarios [6]. Without a clear operational definition, an LLM
acting as a generalizer over its training data may therefore struggle to align with the intended task
interpretation. By explicitly grounding the model in the task-specific definition, we steer it toward
the intended linguistic and conceptual framing of gender stereotypes, promoting more consistent and
accurate judgments.

To address the challenge comprehensively, we develop three systems corresponding to the three
challenge tracks: a zero-shot system, a few-shot system, and an encoder-only fine-tuned system.
All three systems are applied to the jointly treated problem of Gender Stereotype Detection and
Classification. Section 2 describes the architecture and design choices of each proposed system. Section
3 analyzes the experimental results, first reporting the leaderboard outcomes on the test set based on our
submissions and then presenting the internal experimentation conducted to obtain those submissions.
Finally, Section 4 concludes the report by summarizing our observations and discussing implications
and potential directions for improvement.

2. Description of the System

This section describes the systems developed for the GSIl:detect challenge and the design choices
underlying their implementation. In particular, we detail three systems corresponding to the zero-
shot, few-shot, and encoder-only fine-tuned settings, highlighting their shared components as well as
the differences introduced by prompting strategies, in-context examples, retrieval mechanisms, and
supervised training. The goal of this section is to provide a clear and systematic account of how each
system operationalizes the task definitions and how these design decisions support the experimental
analysis presented in the subsequent section.

2.1. Zero-Shot System

Zero-shot learning [7] is typically defined as the ability to generalize to previously unseen classes
by transferring knowledge from seen classes, often through auxiliary semantic information. In the
context of prompting Large Language Models, the notion of zero-shot is used in a more operational
sense: the model is queried without task-specific in-context examples of solved instances (shots),
which would instead constitute few-shot prompting [8], and without any parameter updates, and is
expected to perform the task based solely on natural-language instructions. Under this constraint, the
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Dataset
Text + Context
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LLM Judge
(GPT 5)

i

gs_value
gs_category
LLM Explanation

System Prompt: You are an impartial judge for detecting and classifying gender stereotypes in short Italian
texts. Given a text:
- Assign a GS score in [0, 1] indicating how strongly it reflects or refers to a gender stereotype;
- Round the score to the closest among: 0.00, 0.25, 0.50, 0.75, and 1.00;
- Assign one stereotype category from: Role, Personality, Competence, Physical, Sexual, Relational;
- If multiple categories appear, select the one that appears first in the text.
Definitions:
A stereotype is a generalized and simplistic opinion, mechanically repeated and not based on individual
evaluation.
+ Role: expectations about what men/women should do or be;
+ Personality: emotional or behavioral traits assigned by gender;
« Competence: judgments about abilities or skills based on gender;
« Physical: expectations about appearance or self-care;
« Sexual: stereotypes or insults related to sexuality;
« Relational: expectations about behavior in interpersonal or romantic relations.
Provide a one-sentence explanation in English for your score and category.

Assistant Prompt: # repeated_definition_of_a_stereotype. Gender stereotypes, in particular, are
often found in misogynistic hate speech, but they also appear in non-hateful communication; unconscious
stereotypes can be used with positive meaning as well. # repeated_definitions_of categories.

User Prompt: You are given a short Italian text (and context when available). Produce a single prediction
with these fields:
« "gs_value": one of 0.00, 0.25, 0.50, 0.75, or 1.00
« "gs_category": one of Role, Personality, Competence, Physical, Sexual, Relational (or no if score is 0.00)
« "explanation": one concise sentence in English
Output exactly one JSON object and nothing else.

Text:

<text_wo_context>.

# if_contextual_information_is_provided:

Context (use only to interpret the text, not to replace it):

<context>.

Now provide your prediction in strict JSON format (one JSON object only).

Figure 1: Architecture of the zero-shot system and prompt template with dynamically replaced placeholders.

prompt becomes the main mechanism for steering the model toward the intended behavior. As a result,
performance can vary substantially with the formulation of the instructions, the degree of specificity,
and the linguistic patterns used to express task definitions and output constraints.

The architecture of our zero-shot system is linear, as illustrated in Figure 1. In both zero-shot and
few-shot experiments, we employ GPT-5 as an LLM-as-a-Judge to evaluate the input texts, leveraging
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its strong instruction-following and reasoning capabilities as the most recent model in the GPT family.
The system is controlled through a three-level prompting scheme consisting of a system prompt, an
assistant prompt, and a user prompt.

The system prompt assigns the role of an impartial judge, specifies the task requirements, and
introduces the stereotype categories. The assistant prompt then provides the operational definition
of gender stereotypes and reiterates the category definitions to reinforce the shared task framing
(reiterations are omitted in Figure 1). Finally, the user prompt supplies the instance-level input and
constraints the expected output format, requiring the fields gs_value, gs_category, and explanation,
defined as “a one-sentence explanation in English” and denoted as “LLM Explanation” in the scheme in
Figure 1. It provides the input text, separated from an optional description of its surrounding context
when available. The context field is used exclusively to separate contextual information from the text:
the model is first presented with the text alone and is then explicitly instructed to interpret it within
the given context, using the formulation: “Context (use only to interpret the text, not to replace it)”. A
lightweight preprocessing step is applied beforehand to separate the text from its context.

Requiring the model to generate a one-sentence explanation is intended to encourage more accurate
responses by implicitly eliciting reasoning during inference [9]. Since explanations are not part of the
official submission format, this field is discarded after generation.! As the two tasks are treated jointly,
both gs_value and gs_category are predicted within a single model call.

2.2. Few-Shot System

TTTTTTTTTTT T Dataset
Text + Context i
' RAG '
E (Extract 2 semantically E:: Tiiie.. <
! similar samples) ! T
' i LLM Judge
! : Few-shot Extractor —> (GPT5) |
s e (GPT5) )
! | Random Sampler = ! ___.::%
' (Extract 2 random v s ¢
samples) Few-shot examples gs_value
Text + Context gs_category

gs_value LLM Explanation

gs_category
Reasoning Sentence
Generator
(GPT 5)
\ J
Few-shot examples
Text + Context
gs_value —
gs_category

LLM Explanation

Figure 2: Architecture of the few-shot system.

In-context learning can often yield surprisingly strong results, motivating us to explore a few-shot
variant of our approach, shown in Figure 2.

In this setting, requesting an explanation in the user prompt while providing few-shot examples
that omit the explanation field would create a mismatch between the demonstrated output template

!Code and supplementary materials, including the model-generated explanations, are available at: GSI-detect_DIAG_Sapienza.
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and the required output format. Since in-context learning relies on pattern induction from the provided
examples [8], such structural inconsistencies can reduce the model’s ability to reliably follow instructions
and reproduce the intended schema. To maintain alignment between demonstrations and the target
output format, we therefore ensure that they contain the same fields.

For experiments that include explanations, we adopt a two-step procedure. First, in a separate GPT-5
call, we generate one-sentence explanations for the ground-truth examples by providing the text,
context, and the gold gs_value and gs_category, and prompting the model to justify these gold
labels. We then augment the few-shot demonstration JSON objects with the resulting explanation
field before using them for few-shot prompting. This setup uses two GPT-5 calls: one to generate
explanations for demonstrations and one to act as a judge at inference time, as in the zero-shot setting.

To support a more informative selection of few-shot examples, we implement a Retrieval-Augmented
Generation (RAG) that selects part of the examples based on textual similarity to the input instance and
complements them with additional examples sampled at random. This design exposes the model to
both similar and diverse patterns and has been shown to improve few-shot performance [10]. We use
LanceDB? to build the retrieval database. In LanceDB, we configure an embedding function from the
registry and include it in the table schema. The embedding function automatically generates embeddings
when data is inserted into the table and similarly embeds the queried text at retrieval time. We then
retrieve the most similar examples by comparing the query embedding to the stored text embeddings in
the database. LanceDB supports the most popular embedding providers. For sentence-transformers,
the default model is al1-MiniLM-L6-v2.

2.3. Encoder-Only Fine-Tuned System

(@)

p .
Text + Context R ing Sent Reasoning Sentence
> eas%’g:grafo'} ence | Text + Context e M
Original data ‘ (GPT 5) | Original data (50%) (&r1rs)
¢ Synthetic data (50% + .
LLM Explanation | ynthetic data (50%) LLM Explanation
\ |
RoBERTa RoBERTa |
(frozen) (fine-tuned) RoBERTa
| (fine-tuned)
— — | v '
Text [+ Context] | LLM Comment | \up Fine-tuned embedding | MLP
Embedding Embedding I

|
s S l

v v | v v

gs_value gs_category gs_value gs_category

Figure 3: Architecture of the encoder-only fine-tuned system. Panel (a) illustrates a preliminary dual encoder
configuration evaluated during ablation studies (Section 3.2.2) that yielded suboptimal performance. Panel (b)
shows the final submitted single encoder architecture adopted for the encoder-only track.

*https://lancedb.com/
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Before the advent of the LLM-as-a-Judge paradigm, the dominant approach for evaluating language
systems relied on supervised fine-tuning over task-specific datasets [11]. Nowadays, few-shot or zero-
shot inference can yield competitive performance, while in other cases, fine-tuning remains more
effective for eliciting specialized behaviors from pretrained models. The relative effectiveness of zero-
shot prompting, few-shot in-context learning, and supervised fine-tuning is highly task-dependent and
remains an open question, particularly for nuanced phenomena such as gender bias and stereotype
detection. For this reason, in addition to zero-shot and few-shot approaches, we also explore the third
submission track of the GSL:detect challenge and develop a fine-tuned system.

The architecture of our fine-tuned system belongs to the class of encoder-only models, which focus
on learning discriminative representations. The system, illustrated in Figure 3, takes as input the
original Italian texts from the dataset, with optional context concatenated to the textual sample
when available. In parallel, reasoning sentences corresponding to the explanation field are generated
through a separate call to a GPT-5-mini model. In this preliminary step, the LLM is prompted to assess
the presence of gender stereotypes and to perform the joint regression and classification task. As a
result, the overall architecture comprises two components: a GPT-5-mini-based Reasoning Sentence
Generator and a RoBERTa-based judge model that is fine-tuned to perform the final predictions.

2.3.1. RoBERTa-Based Judge

The RoBERTa-based judge [12] employs a single encoder that takes as input the concatenation of the
text, the (optional) context, and the LLM-generated explanation. Fine-tuning is performed directly
on this encoder, producing a feature representation in the model’s embedding space. The architecture
is completed by two task-specific heads, one for regression and one for classification, which are trained
jointly using a weighted loss function to balance the two objectives.

2.3.2. Data Augmentation

Before fine-tuning, data augmentation is applied to mitigate overfitting, which can arise due to the
limited size of the original dataset. Additional samples are generated through a separate GPT-5 call, in
which the model is tasked with producing new Italian texts that express the same gender stereotype
category and value as the original samples. For each instance in the original dataset, a new text
is generated with the same gs_value and gs_category but with different wording, structure, and
contextual framing.

The augmentation process mirrors the prompting strategy used in the zero-shot system and re-
lies on a system prompt, an assistant prompt, and a user prompt. In the system prompt, GPT-5
is assigned the role of an expert linguist specializing in the detection and classification of gender
stereotypes in Italian and is instructed to generate realistic and grammatically correct texts. The
prompt specifies several constraints: the generated texts must preserve the stereotype intensity
level, expressed as gs_value (0.00=no stereotype, 0.25=mild, 0.50=moderate, 0.75=strong,
and 1.00=explicit/severe), maintain the original gs_category, and remain natural and plausible
while differing substantially from the source text. The assistant prompt reiterates the definitions of
gender stereotypes and their categories to reinforce adherence to these constraints. Finally, the user
prompt provides the original text, gs_value, and gs_category and requests the generation of new
text matching these attributes. The full prompt template is reported in Appendix A.1.

To prevent the inclusion of incoherent outputs, hallucinations, or violations of the imposed constraints,
all generated samples undergo manual curation and filtering. As a result, 195 data samples are added to
the development dataset, substantially increasing its diversity. An example of an original development
sample and its generated counterpart is shown below; the English translation is provided in Appendix
A.2.
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Original GSI Dev Sample (ID: GS0458)

text_wo_context: ‘IO, mammta e tu, non ne posso piu ecc ecc ecc. Dobbiamo anche dire, che
i matrimoni duravano una vita e non si sentivano tutti i giorni come oggi di femminicidi, si
scherza MOLTO sui sentimenti delle persone, perche’ la torta viene mangiata prima della festa e
datosi che non c’e piu vergogna di NIENTE, molto facilmente si dice che non era buona e non
c’é piu desiderio, ma sé si mangia un poco alla volta, la torta & desiderata e buona, poche parole
a buon intenditore!”

context: “Commento a una vecchia foto di un matrimonio in cui sia gli sposi, sia gli invitati
sono tutti molto seri, con la dicitura: Un matrimonio d’altri tempi.”

gs_value: 0.25

gs_category: sexual

Augmented Counterpart (Synthetic Sample)

text: “Quando ascolto mia nonna parlare dei matrimoni di una volta, ripete che le ragazze
perbene sapevano aspettare e non si concedevano subito; forse & anche per questo che le storie
duravano.”

gs_value: 0.25
gs_category: sexual

3. Results

In this section, we report both the leaderboard results obtained with the official GSI:detect evaluator on
the test set and the findings from our internal experimentation conducted before submission.

3.1. Leaderboard Results

Our submission consists of six evaluation runs on the official test set: one run for the zero-shot track,
one for the few-shot track, and four runs for the encoder-only fine-tuning track. For the encoder-only
fine-tuned system, the four runs correspond to two different experimental configurations. Specifically,
Runs 1 and 2 use only the original dataset texts and generated reasoning sentences, whereas Runs 3
and 4 use the augmented version of the dataset. Each configuration includes two runs because we
consider two alternative formats for the regression output. In Run 1 (and analogously Run 4), the model
predicts a continuous gs_value in the full range [0, 1]. In Run 2 (and analogously Run 3), the predicted
gs_value is rounded to the nearest value in the discrete set {0.00, 0.25, 0.50, 0.75, 1.00}, reflecting the
granularity of the ground-truth annotation scheme.

Table 1 and Table 2 summarize the official leaderboard results for the main task and the sub-task,
respectively. We first discuss the main task of Gender Stereotype Detection. Here, our zero-shot and
few-shot systems achieve the first and second positions on the leaderboard, respectively, outperforming
all other submitted systems. The official evaluated metric for this task is: 1 + Ail B where NMSE
denotes the Normalized Mean Square Error, with higher values indicating better performance. In
contrast, the encoder-only fine-tuned system yields substantially lower scores, suggesting that further
refinement of this approach is required.

Table 2 reports the results for the sub-task of Gender Stereotype Classification. In this setting, the
few-shot system achieves the highest ranking among our submissions, placing 14th overall. The
primary evaluation metric is the Micro-averaged F1 score, with higher values corresponding to better
performance. Compared to the results on the main task, these findings support our hypothesis that the
joint treatment of detection and classification is particularly beneficial for the regression task, while
further improvements are necessary to strengthen performance on the classification sub-task.

115



Table 1
Main Task (Regression) results achieved on the test dataset.

Track Run Ranking 1+1/NMSE NMSE MSE
zero-shot best 1 0.700  0.4292 0.0766
few-shot best 2 0.685  0.4594  0.0820
encoder-only 1 45 0.470  1.1260 0.3752
encoder-only 2 46 0.462  1.1644 0.3691
encoder-only 4 47 0.453  1.2072 0.3562
encoder-only 3 48 0.446  1.2409 0.3601

Table 2

Sub-Task (Classification) results achieved on the test dataset.
Track Run Ranking F1 Micro F1 Macro
few-shot best 14 0.606 0.55
zero-shot best 19 0.581 0.52
encoder-only 1 32 0.375 0.29
encoder-only 2 33 0.357 0.29
encoder-only 3 34 0.349 0.29
encoder-only 4 35 0.349 0.29

Table 3
Ablation study of the few-shot system from Figure 2. Evaluation results achieved during experimentation on the
development dataset.

System  Architecture MSE Accuracy F1 Micro
few-shot  full 0.0765 0.5243 0.6699
few-shot  w/o reasoning sentence  0.0781 0.56 0.6250
few-shot w/o RAG database 0.070 0.600 0.6350

3.2. Internal Experimentation

Our internal experimentation is structured into two ablation studies, focusing respectively on the
few-shot system and the encoder-only fine-tuned system.

3.2.1. Ablation Study of the Few-Shot System

In few-shot experiments, we conduct two ablation studies: 1) with vs. without reasoning sentences and
2) with vs. without the RAG pipeline. In the first ablation, we disable the Reasoning Sentence Generator
in Figure 2: we neither generate reasoning sentences for the few-shot examples nor request them in
the user prompt. In the second ablation, we remove retrieval and sample all four few-shot examples
uniformly at random from the development set. To avoid overlap between examples and the query
instance, we apply a partitioning of the development data at each iteration and sample demonstrations
only from the partition that excludes the query text.

Table 3 presents evaluation results on the development dataset, where gold labels are available. Since
our approach treats the two tasks jointly, we report both Mean Squared Error (MSE) for the regression
task (non-normalized; lower is better) and F1 Micro for the classification task. For the regression task,
we additionally calculate accuracy.

Based on these results, we select the configuration without RAG to produce the test-set submission,
denoted as the best run in Table 1 and Table 2. This configuration yields stronger performance on the
regression task, whereas the full architecture achieves the best classification performance. However, the
retrieval of RAG examples takes time. Finally, across settings, including reasoning sentences consistently
improves performance, even though the gains are modest.
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3.2.2. Ablation Study of the Encoder-Only Fine-Tuned System

Model selection was performed by training the model on 70% of the original dataset and evaluating
predictions on the remaining 30%.

To address the limited size of the training data and mitigate the risk of model collapse, we adopted an
encoder-only architecture with a single-encoder concatenation. In this design, both the text and the
LLM-generated explanation are processed by a single encoder instance, resulting in approximately
125M trainable parameters and reducing overfitting risk. The model features a shared Multi-Layer
Perceptron (MLP) with a hidden dimension of 768, which feeds into a classification head with hidden
dimension 768 and a regression head with hidden dimension 512.

We employed a robust training strategy to stabilize learning on the small training dataset (322
samples). The dataset exhibited a strong class imbalance: to mitigate this problem, we used inverse-
frequency class weights in the loss function. Training stability was further improved through gradient
clipping (max_norm=1.0) and label smoothing with a factor of 0.1. A dropout rate of 0.3 was applied
throughout the network: after each ReLU activation in the shared MLP and both before the hidden
layer and before the output layer of each task-specific head. The classification head was initialized
using Xavier uniform weights (gain 0.1) to ensure a neutral starting point. Optimization was performed
with AdamW using a learning rate of 2¢™, a batch size of 4, and weight decay of 0.01. Training was
run for up to 150 epochs with early stopping (patience 15).

Our experimentation followed an iterative ablation process, starting from a simple baseline and
progressively increasing the architecture complexity until reaching the most promising configuration.
The evolution of this process is detailed below and summarized in Table 4.

Baseline: Single Encoder We initially established a baseline using a single encoder architecture,
in which the input text and the corresponding LLM-generated reasoning sentence are concatenated
and processed by a RoBERTa-based encoder (~125M parameters). We applied a dropout rate of 0.5 to
reduce overfitting over the training set. Due to the simplicity of the task, training was performed for up
to 50 epochs, without data augmentation. Despite avoiding complete collapse, the model suffered from
slow convergence and suboptimal performance, achieving a best validation Micro F1 score of =0.13 on
the classification sub-task. This result indicates that the architecture struggled to effectively exploit the
additional contextual information provided by the reasoning sentences.

Dual Encoder To improve upon the baseline, we hypothesized that a dual encoder architecture could
better capture the distinct features of the original texts and the explanations. This setup employed two
independent RoBERTa encoders (~250M parameters in total), whose outputs were concatenated and
processed by a shared MLP. The first encoder, receiving the text and context, was kept frozen, while
the second encoder, processing the reasoning sentence, was fine-tuned for up to 50 epochs. A dropout
rate of 0.5 was applied. However, this configuration resulted in model collapse: the significant increase
in parameters (+100%), combined with the low sample count of the training data, led to immediate
overfitting. The model consistently collapsed to predicting a single class and achieving a low best F1
score of =0.04), regardless of hyperparameter adjustments. Supposedly, the reason behind the model
collapse was the excessive model complexity with respect to the available dataset size.

Optimized Single Encoder (Final Model) The final delivered architecture reverts to the single
encoder architecture and focuses on optimization and regularization to maximize stability and perfor-
mance. Compared to the baseline, dropout was reduced, gradient clipping and label smoothing were
introduced. Crucially, the training set was augmented in two steps with synthetic data, generated as
previously described. A first experiment was conducted with a training set with a 20% of synthetic
samples. A second experiment was conducted with 50% synthetic samples. Training was extended to
150 epochs with early stopping. This configuration yielded the best results, achieving high stability and
improved performance, with no signs of model collapse. No further experimentation was conducted.
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Table 4
Ablation study of model architectures and configurations. The dual encoder scaling attempt failed due to data
scarcity, while the optimized single encoder with synthetic data augmentation achieved the best performance.

Experiment Architecture Params Augmentation Dropout Epochs Best Val F1
Baseline Single Enc. ~125M  None 0.5 50 0.1257
Scaling Attempt  Dual Enc. ~250M  None 0.5 50 0.0408
Optimized Single Enc. ~125M  Synthetic (20%) 0.3 100 0.8293
Final Single Enc. ~125M  Synthetic (50%) 0.3 150 0.8834

In our experimentation, we adopted a set of focused design choices aimed at validating a coherent
modeling hypothesis within the constraints of the shared task setting. While these choices proved
effective, they also naturally delimit the scope of the experimental analysis and suggest several directions
for further investigation.

4. Discussion and Conclusions

In our experimentation, we adopted a set of focused design choices. While these choices proved mostly
effective, they naturally suggest several directions for further investigation.

First, we exclusively considered a joint formulation of Gender Stereotype Detection and Gender
Stereotype Classification. Although treating the two tasks independently could offer additional insights,
our results indicate that the joint approach is particularly effective for the regression task. A systematic
comparison with fully independent task formulations would nonetheless be valuable to quantify the
performance margin introduced by joint modeling and to further characterize task interactions.

Our systems rely on GPT-5 as the core evaluator model. While this choice is justified by its strong
reasoning capabilities and overall performance, we did not conduct a comparative evaluation across
different LLM families or providers. A broader cross-model analysis could help determine whether
similar gains can be achieved with alternative architectures or whether the observed performance is
tied to specific properties of GPT-5.

Another deliberate design choice concerns prompt structuring. We extended the standard system-
prompt configuration by introducing an assistant prompt that reiterates key definitions. This is
motivated by the hypothesis that reinforcing background knowledge can improve model alignment with
the task definition. A controlled ablation removing the assistant prompt would allow for an assessment
of its individual contribution.

Regarding the zero-shot system, we did not perform a dedicated ablation study to isolate the effect of
enforcing explanation generation. Such an analysis could further clarify the role of implicit reasoning
in improving prediction quality.

In the few-shot setting, we expected the integration of Retrieval-Augmented Generation to yield
improvements, but did not observe it. A possible explanation is the limited semantic overlap between
development and test samples, which reduces the benefit of retrieving highly similar examples. In
addition, the remaining two examples are sampled randomly rather than selected to maximize contrast,
and the small number of demonstrations limits coverage of all stereotype categories in the classification
task. Exploring alternative retrieval strategies, varying the number of examples, or enforcing class-
balanced selection could help address these factors. Although the few-shot architecture with RAG
achieved stronger classification performance on the development set, we ultimately submitted the
configuration without RAG due to its better regression performance and lower computational overhead.
As a result, the potential leaderboard impact of the RAG-enhanced few-shot system on the classification
task remains an open question.

Finally, it is noteworthy that zero-shot and few-shot systems outperform the fine-tuned model on
the leaderboard. While this outcome may appear counterintuitive, fine-tuning performance is highly
sensitive to architectural choices, backbone selection, and data availability. Our ablation study indicates
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that encoder-only fine-tuning remains promising, but is strongly constrained by the limited size and
imbalance of the training data. Further refinements, alternative architectures, and training on larger
and more balanced datasets could substantially improve performance. Additionally, more systematic
experimentation with different levels of data augmentation would help clarify its impact.

Overall, our zero-shot and few-shot systems demonstrate strong performance and robustness in low-
data settings, validating the effectiveness of joint modeling and structured prompting. The encoder-only
fine-tuned system represents an avenue for future improvement and extension.
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A. Appendix

A.1. Prompt Template for Data Augmentation

Below, we report the prompt template adopted during the data augmentation procedure. Placeholders
enclosed in angle brackets (e.g., <text_wo_context>) are dynamically replaced with instance-specific
values.

System Prompt: You are an expert linguist specializing in detecting and classifying gender stereotypes in
Italian texts. Your task is to augment a dataset by generating new realistic Italian texts that contain gender
stereotypes with the SAME stereotype score and category as the original. The generated text must:
- Be natural, grammatically correct Italian;
- Preserve the stereotype intensity level (score) of the original;
- Use different wording and context while maintaining the stereotype category;
- Sound authentic and plausible.
Stereotype Definitions:
+ Role: expectations about what men/women should do or be;
« Personality: emotional or behavioral traits assigned by gender;
« Competence: judgments about abilities or skills based on gender;
« Physical: expectations about appearance or self-care;
« Sexual: stereotypes or insults related to sexuality;
+ Relational: expectations about behavior in interpersonal or romantic relations.
Score intensity:
0.00=no stereotype; 0.25=mild; 0.50=moderate; 0.75=strong; 1.00=explicit/severe.

Assistant Prompt: # repeated_definition_of_a_stereotype. Gender stereotypes, in particular, are
often found in misogynistic hate speech, but they also appear in non-hateful communication; unconscious
stereotypes can be used with positive meaning as well. # repeated_definitions_of_categories.

User Prompt: Generate a NEW ltalian text with the SAME gender stereotype as the original.

IMPORTANT CONSTRAINTS:

- Create a completely different sentence (different wording, structure, scenario)
- Preserve the exact stereotype category and intensity score

- Output ONLY a valid JSON object with NO additional text

Original text:
<text_wo_context>

Stereotype category:
<gs_category>

Stereotype intensity (0.00 — 1.00):
<gs_value>

# if_contextual_information_is_provided:
Context (for interpretation only):
<context>

Respond with ONLY the following JSON structure:
{
"text": "new ltalian sentence here”,
"gs_value": <gs_value>,
"gs_category": <gs_category>

}
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A.2. English Translation of Data Augmentation Example (ID: GS0458)

The translations are provided for illustrative purposes only and do not affect the evaluation, which is
conducted on the Italian texts.

Original GSI Dev Sample (ID: GS0458)

text_wo_context: “Me, mom, and you, I can’t take it anymore etc. etc. etc. We also have to say
that marriages used to last a lifetime, and you didn’t hear every day like today about femicides.
People joke A LOT about other people’s feelings, because the cake is eaten before the party, and
since there is no longer shame about ANYTHING, it is very easy to say it wasn’t good and there
is no longer desire. But if you eat it little by little, the cake is desired and good, a few words to
the wise!”

context: “Comment on an old wedding photo in which both the bride and groom and the
guests appear very serious, with the caption: A wedding from another era.”

gs_value: 0.25

gs_category: sexual

Augmented Counterpart (Synthetic Sample)

text: “WhenIhear my grandmother talk about weddings in the past, she repeats that respectable
girls knew how to wait and did not give themselves away immediately; maybe that is also why
relationships lasted”

gs_value: 0.25

gs_category: sexual
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Festa at GSl:detect: In-Context Learning vs. Fine-Tuning
for Gender Stereotype Detection
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Abstract

This paper describes the system developed for the GSI:detect task at EVALITA 2026. The goal of the task is to
quantify the intensity of gender stereotypes in Italian text (Main Task) and classify them into predefined cate-
gories (Subtask). We propose a comparative study utilizing Google Gemini 2.5 Flash, contrasting In-Context
Learning strategies (Zero-Shot and Few-Shot) against a Fine-Tuning approach based on UmBERTo. Our re-
sults reveal a significant trade-off between classification performance and intensity estimation. The Few-Shot
approach, enhanced by an ensemble strategy, achieved better performance in stereotype categorization (Micro
F1: 0.6708), demonstrating superior capability in detecting implicit biases, particularly in the “Relational” cate-
gory. Conversely, the best Zero-Shot configuration proved more effective for intensity regression (NMSE Score:
0.6205). This paper details the prompt engineering strategies, the experimental setup, and provides an error
analysis of the different configurations.

Keywords
Gender Stereotype Detection, Large Language Models, Few-Shot Learning, Prompt Engineering, Ensemble Learn-
ing

1. Introduction

Gender stereotyping in language is a widespread issue that reinforces social inequalities and harm-
ful biases. The GSLdetect task [1], organized within the EVALITA 2026 campaign [2], addresses this
challenge by proposing a comprehensive evaluation of stereotypes on Italian texts. The task involves
estimating the intensity of stereotypes on a continuous scale (Main Task) and classifying them into
predefined categories (Subtask).

In this work, we place a particular emphasis on the categorization of gender stereotypes (the Sub-
task), as the identification of specific bias types is critical for developing targeted mitigation strate-
gies and understanding the semantic nuances of various stereotype forms. Understanding whether a
sentence conveys a stereotype related to competence rather than physical appearance, for instance,
provides a more granular and actionable analysis of gender bias in social media.

Stereotypes can range from explicit remarks (e.g., regarding physical appearance) to subtle and im-
plicit associations (e.g., questioning professional competence based on gender), making automatic de-
tection a complex semantic challenge.

In this work, we explore the capabilities of Large Language Models (LLMs), specifically Google Gem-
ini 2.5 Flash, comparing In-Context Learning strategies (Zero-Shot and Few-Shot) against a standard
Fine-Tuning approach based on the UmBERTo architecture. Our contribution can be summarized as
follows:

CEUR-WS.org/Vol-4195/7.pdf

1. We conduct a systematic comparison of three distinct approaches for Italian stereotype detection:

+ Zero-shot prompting, where the model is given only the task description without exam-
ples.

+ Few-shot In-Context Learning, where the model is provided with a few annotated exam-
ples to guide its predictions.

+ Fine-Tuning, where we adapt a pre-trained UmBERTo model to the specific task using the
provided dataset.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26 — 27, Bari, IT
& d.festa5@studenti.uniba.it (D. Festa)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
B

CEUR
E Workshop
Proceedings

published 2026-04-16



2. We investigate the impact of context availability by experimenting with different numbers of
examples (k € {6, 10, 12, 14}) in the Few-Shot setting to determine the optimal trade-off between
prompt complexity and accuracy.

3. For each approach we propose (at least) an ensemble strategy that aggregates predictions from
multiple runs to improve classification stability and reduce variance in intensity regression.

2. Task and Dataset

The GSI:detect challenge targets the identification of gender stereotypes in Italian texts. It is divided
into two parts:

« Main Task (Intensity Prediction): A regression task where the system must predict a scalar
value (‘gs_value®) representing the degree of stereotyping, ranging from 0 (no stereotype) to 1
(extreme stereotype).

- Subtask (Stereotype Categorization): A multi-class classification task where the system must
assign a specific label to a sentence. The categories include: Physical, Sexual, Role, Relational,
Competence, and Personality. If no stereotype is present, the label is No.

2.1. Dataset

The dataset provided by the organizers consists of User-Generated Content (UGC) collected from online
sources (e.g., social media comments), characterized by informal language, emojis, and non-standard
grammar. The data is split into:

+ A Development Set of 200 sentences, which we utilized for training and validation (via Cross-
Validation) in the Fine-Tuning approach, and as the source of examples for the Few-Shot prompt-
ing.

« A Test Set of 810 sentences, used for the final evaluation.

2.2. Data Preprocessing and Augmentation

Given the limited size of the development set and the natural class imbalance it exhibits, we imple-
mented a custom Conservative Data Augmentation pipeline to mitigate this during the Fine-Tuning
phase. Unlike aggressive augmentation techniques that might alter the semantic meaning (e.g., back-
translation), our approach utilizes three safe transformations:

1. Synonym Replacement: Substituting a single adjective or noun with a contextually appropri-
ate synonym (e.g., “donna” — “signora”).

2. Safe Insertion: Injecting neutral adverbs (e.g., “sicuramente”, “ovviamente”) at the beginning or
end of the sentence.

3. Pattern Paraphrasing: Rewriting common syntactic patterns (e.g., “sono sempre” — “risultano
sempre”).

We oversampled the minority classes to reach a target of 60 samples per class. For In-Context Learning,
no augmentation was applied.

2.3. Evaluation Metrics
The official evaluation metrics are:

« NMSE Score: The official ranking metric for the Main Task. It is derived from the Normalized
Mean Squared Error as 1/(1+ NMSE), providing a score between 0 and 1 where higher is better.

« Micro F1-Score: The official ranking metric for the Subtask (Classification). It evaluates classi-
fication performance globally by aggregating true positives, false negatives, and false positives
across all samples, effectively giving equal weight to each instance.
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« Macro F1-Score: In addition to the official Micro F1-Score we also used Macro F1, which cal-
culates the arithmetic mean of the per-class F1 scores. This metric treats all classes equally
regardless of their frequency, highlighting the model’s ability to detect minority stereotype cat-
egories.

3. System Description

To address the GSI:detect challenge, we developed a system that contrasts Fine-Tuning with In-Context
Learning (ICL) strategies utilizing Large Language Models. We focused on Google Gemini 2.5 Flash as
our generative engine due to its strong reasoning capabilities and efficiency.

3.1. Fine-Tuning Approach (UmBERTo)

We employed UmBERTo [3] (Musixmatch/umberto-commoncrawl-cased-v1),a RoBERTa-based model
pre-trained on a large corpus of Italian CommonCrawl data. Instead of a simple linear probe, we de-
signed a custom Multi-Layer Perceptron (MLP) head to process the ‘[CLS]‘ token embedding. The
head consists of a Dropout layer (p = 0.1), a dense projection to 128 units with Tanh activation, a
second Dropout, and a final linear layer.

We fine-tuned two separate models:

« Regression Model (Main Task): The final layer is followed by a Sigmoid activation function
to constrain the output strictly within the [0, 1] range. We optimized the model using Mean
Squared Error (MSE) loss.

« Classification Model (Subtask): The final layer returns the raw logits for the 7 target classes.
We optimized the model using Cross-Entropy Loss (weighted to handle residual imbalance).

Training was performed for 15 epochs (Batch Size=16, LR=3¢™>, AdlamW optimizer) using Stratified
K-Fold Cross-Validation (k = 5).

3.1.1. Experimental Configurations (Runs).

To explore the trade-offs between stability and specialization, we submitted 5 distinct variations based
on the stratified k-fold models. Note that since the No label was not permitted in the final submission,
all runs mapped non-stereotype predictions to valid categories, but with different strategies:

« Run 1 (Standard Ensemble): A weighted ensemble of all 5 folds where, for each sample, the
system selects the valid category with the highest aggregated probability score.

« Run 2 (Mean Ensemble): An unweighted ensemble using simple arithmetic averaging (inten-
sity) and majority voting (categories) among valid classes.

« Run 3 (Best Single Model): Inference using only the single model (Fold 2) that achieved the
highest validation scores.

« Run 4 (Single Fold): A run using only the second best model (Fold 3).

« Run 5 (Role Fallback): A weighted ensemble (Run 1) with a deterministic heuristic: instead

of selecting the next most probable class, whenever the model predicts No, the system always
defaults to Role (the most frequent category).

3.2. In-Context Learning (Gemini)

We leveraged Gemini 2.5 Flash [4] via API with generation temperature set to 0 for reproducibility.
We disabled safety filters (BLOCK_NONE) to process the potentially offensive content of the dataset.
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3.2.1. Prompt Engineering Strategies

We adopted an iterative Prompt Engineering approach, testing distinct strategies for both Zero-Shot
and Few-Shot settings.

Zero-Shot Iterations. Our experimentation began with a baseline template (V1). However, pre-
liminary tests revealed suboptimal performance, characterized by frequent hallucinations and a lack
of sensitivity. Consequently, we discarded V1 and evolved our approach into four distinct refined
templates (V2-V5):

« False Positive Reduction (V2): An English prompt explicitly instructing the model to distin-
guish between factual topics (e.g., cooking) and stereotypes (e.g., gender obligations), aiming to
improve precision.

« Cultural Adaptation (V3): A prompt entirely in Italian, defining categories with culturally
specific examples to better align with the target language.

« Chain-of-Thought (V4 & V5): We implemented a Chain-of-Thought (CoT) mechanism by re-
quiring the model to output a "reasoning" field in the JSON before the final label. This forces
the model to articulate its logic (e.g., “Is this an offensive generalization?”) before committing to
a score. We tested this strategy in both Italian (V4) and English (V5).

Few-Shot Strategies. Instead of randomly selecting examples, we implemented a data-driven selec-
tion process to construct the optimal few-shot prompt. We experimented with three selection strate-
gies:

1. Manual Selection (k = 6): A baseline set of hand-picked examples covering the main categories.

2. Semantic Clustering (k = 10, 12): We generated sentence embeddings for the entire develop-
ment set using paraphrase-multilingual-mpnet-base-v2, based on the Sentence-BERT ar-
chitecture [5]. We then applied K-Means clustering to group semantically similar sentences and
selected the samples closest to each cluster centroid. This ensures the model is exposed to the
maximum semantic diversity of the dataset.

3. Hybrid Strategy (k = 14): A “Best-of-Both-Worlds” approach. We combined the optimal clus-
tering set (k = 12) with two manually selected “corrective” examples, specifically chosen to ad-
dress common failure cases (e.g., non-stereotypical sentences often misclassified as stereotypes).

Elbow Method for Optimal k Silhouette Score for Optimal k

Average silhouette Score

2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20
Number of Clusters (k) Number of Clusters (k)

(a) Elbow Method analysis. (b) Silhouette Score analysis.

Figure 1: Clustering analysis on development set embeddings. The combined view of the Elbow curve and
Silhouette scores guided the selection of k € {10, 12} to balance semantic granularity and cluster separation.

3.3. Ensemble Strategy

To mitigate the variance inherent in individual models and maximize robustness, we implemented two
distinct ensemble strategies tailored to the nature of each approach.
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3.3.1. LLM Ensemble (Zero-Shot & Few-Shot)

For the In-Context Learning approaches, we aggregated the outputs of the four distinct prompt varia-
tions (V2-V5 for Zero-Shot; k € {6, 10, 12, 14} for Few-Shot) using an unweighted voting mechanism:

+ Intensity (Main Task): We computed the simple arithmetic mean of the predicted scores.

« Categorization (Subtask): We applied a standard Majority Voting. To resolve ties (e.g., two
votes for Role and two for Personality), we implemented a deterministic tie-breaking rule: the
system defaults to the prediction of the highest-performing single run (acting as the “leader”
model).

Finally, to strictly adhere to the challenge submission format which disallowed the No label for the
Subtask, we applied a post-processing step where any residual non-stereotype prediction was mapped
to the Role category (the most frequent class in the training set).

3.3.2. Fine-Tuning Ensemble

For the fine-tuned UmBERTo models, we adopted a more aggressive aggregation strategy to boost
sensitivity:

+ Weighted Voting: Predictions from the 5 cross-validation folds were aggregated using a weighted
voting scheme, where the weight of each model was proportional to its F1-score (for classifica-
tion) or NMSE (for regression) on the validation set.

+ Forced Role Fallback: To comply with the final challenge guidelines, which required the pre-
diction of one of the six stereotype categories (excluding the No label), for the final run (Run 5)
of this approach, we implemented a mandatory fallback mechanism. Whenever the weighted
voting resulted in a No prediction, the system automatically defaulted to Role (the most frequent
class in the training distribution) to ensure valid submission outputs.

4. Experimental Setup

To ensure reproducibility, we detail below the computational environment and the hyperparameters
used for both the Fine-Tuning and In-Context Learning experiments.

4.1. Computational Environment

All experiments were conducted on a local workstation running Windows 11. The hardware configu-
ration included an Intel Core i7-14700HX processor, 32GB of RAM, and an NVIDIA GeForce RTX
4070 GPU with 8GB of VRAM. We implemented the system using Python, leveraging the PyTorch
framework and the Hugging Face Transformers library for the fine-tuning pipeline, and scikit-
learn for the clustering operations.

4.2. Hyperparameters and Configuration

« LLM Generation (Gemini): For all prompt-based runs, we utilized the google-generativeai
Python client. We set the generation temperature to 0 to ensure deterministic outputs and
disabled safety filters (HarmBlockThreshold.BLOCK_NONE) to process the sensitive nature of the
dataset without refusals.

« Fine-Tuning (UmBERTo): We trained the model for 15 epochs using the AdamW optimizer
with a learning rate of 3¢~ and a linear scheduler (10% warmup). To optimize memory usage
on the local GPU, we set the training batch size to 16. For the ensemble inference phase, we
increased the batch size to 32 to maximize throughput.
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5. Results

We evaluated the performance of our three approaches (Fine-Tuning, Zero-Shot, and Few-Shot) on
the official test set. Table 1 summarizes the results for all 15 experimental runs, reporting the official
ranking metric (Micro F1) alongside the internal Macro F1 and NMSE scores.

Table 1

Main results on the GSl:detect Test Set. The table compares the Micro F1-Score (Official Ranking
Metric for the Subtask), Macro F1-Score (Internal Evaluation), and NMSE Score (Main Task) across
all configurations. The best result for each metric is highlighted in bold.

Approach Configuration (Run) Micro F1 Macro F1  NMSE Score
Run 3: Single Best Fold (Fold 2) 0.4789 0.4577 0.5409
Run 4: Single Fold (Fold 3) 0.4525 0.4272 0.5527
Fine-Tuning Run 2: Ensemble (Mean) 0.4894 0.4707 0.5604
Run 5: Ensemble (Forced Role) 0.4683 0.4529 0.5604
Run 1: Standard Ensemble 0.5211 0.5038 0.5604
V2: False Positive Red. 0.5898 0.5515 0.6205
V3: Italian Cultural 0.5863 0.5427 0.6096
Zero-Shot V4: CoT (ltalian) 0.5687 0.5227 0.5548
V5: CoT (English) 0.6004 0.5605 0.5572
Ensemble (Voting) 0.5968 0.5520 0.6177
k = 6 (Manual Selection) 0.6356 0.6271 0.4996
k = 10 (Clustering) 0.6496 0.6345 0.5605
Few-Shot k = 12 (Clustering) 0.6567 0.6526 0.5650
k = 14 (Hybrid Strategy) 0.6708 0.6687 0.5500
Ensemble (Voting) 0.6655 0.6562 0.5717

5.1. Performance Analysis

The results highlight a significant performance gap between In-Context Learning and Fine-Tuning.
The Few-Shot approach consistently outperformed all other methods, with the Hybrid Strategy (k =
14) achieving the best performance among the methods we tested in the official metric (Micro F1:
0.6708).

This validates the effectiveness of combining semantic clustering with manually selected corrective
examples. Interestingly, while Zero-Shot models generally underperformed in classification, the En-
glish Chain-of-Thought configuration (V5) achieved a competitive Micro F1 of 0.6004, suggesting that
advanced reasoning prompts can partially compensate for the lack of examples. Fine-Tuning proved
to be the weakest approach (best Micro F1: 0.5211), likely due to the limited size of the training set (200
examples) which was insufficient for the model to generalize well on complex categories.

5.2. Error Analysis by Category

To understand the specific strengths and weaknesses of each approach, we compared the per-category
F1-scores of the best performing run for each setting. The quantitative breakdown is reported in Table
2, while Figure 2 provides a visual comparison of the performance trends.

The “Relational” Breakthrough. The most striking improvement concerns the Relational cate-
gory. The Zero-Shot model failed almost completely here (F1 0.14), likely because relational stereotypes
(e.g., defining a woman solely as a wife) are subtle and structural. The Few-Shot Hybrid strategy, by
including specific examples of this category, raised the score to 0.58, proving that In-Context Learning
can effectively patch specific semantic blind spots.

Explicit vs. Implicit. All models performed relatively well on Competence and Physical stereotypes,
which are often marked by explicit keywords.
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Table 2
Category-wise F1-Scores for the best run of each approach.

Category Fine-Tuning Zero-Shot  Few-Shot

(Best Run) (Ensemble) (V5-CoT) (Hybridk14)
Competence 0.62 0.69 0.67
Personality 0.49 0.56 0.66
Physical 0.58 0.74 0.79
Relational 0.49 0.14 0.58
Role 0.52 0.62 0.65
Sexual 0.32 0.61 0.66

Performance Comparison by Category: Few-Shot vs Zero-Shot vs Fine-Tuned
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Figure 2: Performance comparison per stereotype category (F1-Score). The Few-Shot Hybrid strategy
demonstrates superior robustness, particularly in the challenging Relational category where Zero-Shot
approaches fail. Conversely, Fine-Tuning shows significant degradation in the Sexual category due to
data scarcity.

Fine-Tuning Failure Cases. The Fine-Tuned model struggled severely with the Sexual category
(F1 0.32). This suggests that the small training set did not contain enough variety of sexual stereotypes
for the model to generalize, whereas the LLM (Gemini) could leverage its vast pre-training knowledge
to detect them effectively even without many examples (Zero-Shot F1 0.61).

6. Conclusion

In this paper, we presented a comprehensive study on detecting gender stereotypes in Italian texts for
the EVALITA 2026 GSI:detect task. By systematically comparing Fine-Tuning and In-Context Learning
approaches, we highlighted the strengths and limitations of current NLP paradigms when applied to
low-resource and nuanced tasks.

Our findings indicate that in scenarios with limited training data (200 examples), prompt-based learn-
ing with Large Language Models significantly outperforms traditional fine-tuning. Specifically, our
Few-Shot Hybrid Strategy (k = 14) achieved the best performance among the methods we tested
(Micro F1: 0.6708), demonstrating that the careful selection of semantic and corrective examples is
more impactful than model retraining. Furthermore, our error analysis revealed that while explicit
stereotypes (Physical, Competence) are easily detected, implicit biases (Relational) remain a challenge,
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requiring targeted interventions like specialized few-shot examples, which successfully bridged the
performance gap in our best run.

Declaration on Generative Al

During the development of this work, Generative Al tools were used as support. In particular, some
system executions rely on the Google Gemini API (LLM). Additionally, Al-based tools were occasion-
ally employed to help refine code snippets and to improve the clarity of the English writing. All content
was carefully reviewed and revised by the author, who takes full responsibility for the correctness and
originality of the final report.

Code Availability

The source code, experimental notebooks, and datasets used in this work are publicly available at:
https://github.com/DonatoFel1/gsi-detect-evalita.
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Abstract

We present our submission to the GSI:detect shared task at EVALITA, which focuses on detecting gender
stereotypes in Italian texts. Unlike standard binary classification, the task requires predicting a continuous
score representing the fraction of annotators who identify a text as containing a gender stereotype. We propose
a two-step approach based on few-shot prompting of a large language model and a lightweight regression
layer trained on model logits. This design allows us to approximate annotator uncertainty while relying on an
open-source model and limited computational resources.
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1. Introduction

The detection of gender stereotypes in online contents is an important problem at the intersection of
natural language processing (NLP) and social bias analysis. Stereotypes can be expressed explicitly
or implicitly, often through subtle linguistic cues, pragmatic assumptions, or culturally grounded
generalizations. As a result, their identification is inherently subjective and sensitive to annotator
background, values, and lived experience. This makes stereotype detection a particularly challenging
task for automated systems, especially when compared to more clearly delimited phenomena such as
offensive language or hate speech.

The GSl:detect shared task [1] at EVALITA [2] addresses this challenge for Italian by explicitly
embracing subjectivity and disagreement. In this work, we addressed the main task of GSI:detect, and
not the subtask of classifying gender stereotypes. Rather than framing stereotype detection as a binary
classification problem, the task models it as a regression task, where the target represents the degree of
agreement among annotators regarding the presence of gender stereotypes in a text. Each instance
is annotated by four annotators, and the gold label — referred to as the GS value — corresponds to the
fraction of annotators identifying stereotypical content, yielding values in the set {0,0.25,0.5,0.75, 1}.
While constrained by the number of annotators, this formulation is designed to generalize to settings
with different annotation schemes and highlights the intrinsically subjective nature of stereotype
detection.

This perspective aligns with prior work showing that stereotypes are deeply influenced by subjectivity
and social positioning [3], motivating a shift toward perspectivist approaches in NLP [4]. In this view,
disagreement among annotators is not noise to be minimized, but rather a signal that reflects how social
meaning is constructed and negotiated through language.

Recent years have seen the rapid adoption of large language models (LLMs) across a wide range of
NLP tasks, often yielding strong performance even in low-resource or few-shot settings. LLMs have
been successfully applied to text classification problems in diverse domains, both in low-resource cases,
where limited data is available, but sufficient to fine-tune language models on the smaller end of the
scale (e.g., in Italian, for hate speech detection [5], dialect classification [6] [7]), as well as in few-shot
scenarios, where only a handful of annotated examples are available: not enough to fine-tune a model,
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Figure 1: Summary of the human and LLM-based annotation of the target data. The input sentence (in English,
“The intelligence quotient and the capabilities are the same for both genders”) is annotated by four humans as
either containing gender stereotypes (yes) or not (no). The GS value is computed as the average score (no = 0,
yes = 1). The LLM is prompted to produce a similar annotation. The logits produced by the LLM are mapped,
with a regression model, to the target GS value (using the limited training set available).

but sufficient to use larger models with an In-Context Learning approach [8]. This is particularly useful,
for instance, when annotations are expensive or can only be carried out by specialized domain experts,
as is the case for the verification of scientific claims [9], or the annotation of scientific works [10].

These applications suggest that LLMs capture rich semantic and pragmatic information, making
them promising candidates for socially grounded tasks that require sensitivity to nuance and ambiguity.
At the same time, most prior work focuses on categorical decisions, whereas fewer studies investigate
whether LLMs can meaningfully model degrees of uncertainty or disagreement inherent in subjective
annotations.

In this work, we propose a simple yet effective approach that leverages a large language model in
a few-shot setting and exploits its internal confidence signals, as represented by predicted logits, to
approximate annotator agreement. Rather than relying solely on discrete predictions, we treat these
signals as proxies for uncertainty and calibrate them through a regression model. This allows us to
capture both the presence of gender stereotypes and the noisy nature of annotator consensus.

2. Methodology

We summarize the annotation pipeline in Figure 1. The annotators’ scores are summarized into their
average. The LLM annotation is produced using a template that embeds a limited number of randomly
sampled shots, and the text to be annotated. The output of the LLM is processed by (1) extracting the
relevant logits and (2) building a regression model that maps logits to the final GS value. The rest of the
section provides further details on the proposed approach.

2.1. Few-shot prompting

We employ a large language model in a few-shot learning setup. The model is prompted with a short
description of the task, as well as 20 randomly selected examples illustrating gender-stereotypical and
non-stereotypical content.

Importantly, the model is not asked to directly predict the numerical target value: it is well known
that LLMs have limitations when it comes to handling numerical values, due to their operations at a
token-level [11].

Instead, the model is prompted directly to produce a yes/no' outcome regarding the presence of

!Since the model is prompted in Italian, the actual question requires an annotation as si (yes) or no. The rest of the paper uses
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stereotypical contents in the input text, and the 20 random shots provided in the prompt are binarized
through a thresholding (‘yes’ if the probability is greater than or equal to 0.5, ‘no’ otherwise).

Upon generation of an answer, instead of directly using the generated answer, we extract the logits
associated with the possible responses (namely, ‘si’ and ‘no’, since the model is prompted in Italian). We
assume that the magnitudes associated with these two logits are representative of the model’s internal
confidence — which, we argue, is proportional to the agreement among annotators. In other words, for
ambiguous text (i.e., GS value =~ 0.5) the LLM is expected to assign similar probabilities to the ‘yes’ and
‘no’ tokens, whereas for a text for which annotators are more confident (i.e., GS value = 0 or GS value
= 1), the LLM is expected to assign higher probability to the correct token.

2.2. Logit-based regression

Rather than relying on the model’s direct output as the final prediction, we introduce a calibration step.
The extracted logits for the ‘yes’ and ‘no’ outcomes are treated as separate features, used to train a
lightweight regression model (e.g., linear regression or K-Nearest Neighbors) on the training set. The
regression target is the fractional agreement score derived from the human annotations (i.e., the GS
value).

This two-step process allows us to map the model’s logits to a continuous prediction that reflects
annotator consensus. Intuitively, larger differences between logits indicate higher certainty, whereas
smaller differences correspond to ambiguous cases — mirroring the variability observed among human
annotators.

2.3. Inference

At inference time, a new text is first processed by the language model under the same few-shot prompt.
The resulting logits are then passed through the trained regression model to produce a final predicted
score in [0, 1]. This score represents the estimated fraction of annotators who would identify the text as
containing a gender stereotype.

3. Experimental Results

In this section, we report the experimental results obtained with the proposed system. We selected
Qwen 2.5 14B [12] as a trade-off between representational capacity and computational constraints
(single-GPU inference, no fine-tuning), observing consistent gains over smaller open models. As such,
we report all results with the specified Qwen model.

The dataset available included 200 annotated samples, and 810 test samples used for the final evalu-
ation. As already discussed, we used 10% of the development set (i.e., 20 randomly chosen samples)
for the generation of the prompt, and we adopted the remaining 180 samples for the training of the
regression model that predicts the final agreement, based on the yes/no logits.

Table 1 reports the official results of the GSI:detect shared task, in terms of Mean Squared Error (MSE),
Normalized MSE (NMSE) and the inverse of 1 + NMSE (for a higher-is-better metric). Our system ranks
approximately in the middle of the leaderboard. While it does not outperform all other approaches, it
achieves competitive performance when compared against similar baselines, such as the baseline model
using Qwen 3 (14B), and even outperforms, in some cases, commercial baselines (e.g., based on GPT-5
nano).

Prompt details. We note that the runs that were submitted for the competition contained a misleading
prompt, focused on misogyny rather than gender stereotype detection (entries marked as (mys) in Table
1). This experiment was carried out as a part of the prompt engineering process. We additionally report
the (non official) results, obtained with the revised prompt (marked as (GS) in Table 1). This small, but

yes/no or si/no interchangeably.
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Table 1

Results overview with ranking, models, and evaluation metrics. Given the large number of participants, only the
top-3 solutions submitted by other participants (DIAG-Sapienza, StereoBusters) are reported. An asterisk is used
to highlight non-official solutions (i.e., solutions that have not been submitted for the competition). (GS) marks
solutions with a gender stereotype-focused prompt, whereas (mys) marks solutions with a misogyny-focused
one.

1
Rank Team Model Approach MSE| NMSE | TTNMSE T
1 DIAG-Sapienza GPT-5 zero-shot 0.0766 0.4292 0.700
2 DIAG-Sapienza  GPT-5 few-shot (4) 0.0820 0.4594 0.685
3 StereoBusters Gemma 3 (27B) few-shot (5) 0.0983 0.5508 0.645
- *MINDS (GS) Qwen 2.5 (14B) + KNN few-shot (20)  0.1104 0.6184 0.618
16 BASELINE GPT-5 nano (split prompt) zero-shot 0.1150 0.6430 0.609
- *MINDS(GS)  Qwen 2.5 (14B) + LR few-shot (20) 01192  0.6676 0.600
19 BASELINE GPT-5 nano (unified prompt)  zero-shot 0.1240 0.6950 0.590
22 MINDS (mys) Qwen 2.5 (14B) + KNN few-shot (20)  0.1288 0.7213 0.581
- *MINDS (GS) Llama 3 (8B) + LR few-shot (20)  0.1329 0.7446 0.573
- *MINDS (GS) Llama 3 (8B) + KNN few-shot (20)  0.1363 0.7636 0.567
27 MINDS (mys) Qwen 2.5 (14B) + LR few-shot (20)  0.1379 0.7725 0.564
37 BASELINE Qwen 3 (14B) zero-shot 0.1500 0.8420 0.543
40 BASELINE prediction=0.5 - 0.1800 1.0083 0.498

important prompt detail shows a relevant change in performance (for the best-performing model, a 14%
improvement in terms of MSE, from 0.1288 down to 0.1104).

Additional models. We include the performance obtained with a smaller model (Llama 3 8B [13])
to show that the larger Qwen model consistently achieves better performance w.r.t. smaller versions
(when considering the “GS” solutions): a potentially larger model, therefore, could be expected to
achieve even higher performance.

Regression approach. As for the regression model, we include two alternatives: a simple linear
regression (LR), and KNN (with K = 15, selected following a hyperparameter tuning step). We show
that both regression models produce similar results, with slight variations. KNN provides the best
performance for Qwen, although this is not necessarily always the case, as confirmed in Section 3.2.

3.1. Predictive capabilities of logits

We provide a qualitative result that supports the choice of using the yes/no logits for the prediction of
the agreement. In particular, we report in Figure 2 the scatter plot of the yes and no logits for the 180
samples with known ground truth, as well as for the 810 unlabelled samples. The labelled samples are
colored according to the ground truth agreement: it can be observed that high-confidence results (i.e.,
large logit values for one class and small logit for the other one) are associated with higher agreement
(either close to 0, or close to 1 depending on the outcome).

3.2. Number of shots

One aspect of interest for the choice of In-Context Learning approaches is the quantity of shots to be
used for the prompt. In general, a large number of shots (e.g., as many as can fit the context window)
can be used. However, for this specific system, there is a trade-off to be made. The limited number of
labelled points available is used both for the preparation of the prompt, as well as for the calibration
through the training of the regression model. So, using an excessive number of examples in the prompt
would not leave sufficient samples for the second step. We measure the performance of the solution for
a varying number of shots provided in the context (from 0 to 32). Figure 3 shows the evolution, using as
heads both a linear regression, and a KNN regressor, over 5 runs with different randomly sampled shots.
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Figure 2: Scatter plot of the no/yes logits produced by the LLM when asked to annotate each sample. The
color is proportional to the ground truth value for the “train” samples, whereas the ‘x’ marker represents “test”
samples.
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Figure 3: Change in performance, measured as 1/(1+NMSE), as a function of the number of shots provided. The
error bars represents the 95% confidence intervals over 5 runs, with randomly samples shots.

Two interesting aspects emerge. First, the 95% confidence interval overlap between KNN and LR,
although the mean performance observed for LR w.r.t. KNN suggests consistent superiority of LR,
without strong statistical separation. Second, the measured performance improves when passing a
non-zero number of shots, but it does not improve significantly when using more than 4-8 shots. The
choice of using 20 shots for the submissions, therefore, may not have been ideal. However, these are
considerations that can only be made in hindsight: during the competition, the limited labelled dataset
available was used to run a similar experiment, producing different results — which seemed to indicate
that a larger number of shots could be beneficial. However, the limited validation set size used and the
execution of a single run may have produced less reliable results.

4. Conclusions

We presented a two-step approach for the GSI:detect shared task that combines few-shot prompting of
a large language model with a regression-based calibration layer. By leveraging model logits as a proxy
for confidence, our method captures the graded nature of annotator agreement and provides a nuanced
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prediction of gender stereotype presence.

Our experiments show that this approach outperforms direct score prediction and achieves competi-
tive results using an open-source model at a fraction of the cost of large proprietary systems. Future
work could explore more advanced calibration techniques, alternative uncertainty-aware objectives,
and extensions to other bias-related tasks and languages.
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Abstract
This paper presents the participation of the StereoBusters team in GSI:detect, a novel shared task at EVALITA
2026 focused on detecting and classifying gender stereotypes in short Italian texts. The competition consists of
a main regression task that estimates the degree of gender-stereotypical content in a text, and a subtask that
performs fine-grained classification into six gender stereotype categories. We describe our submitted systems in
two settings: zero-shot and few-shot. We propose two LLM-based approaches: (1) using a single LLM to directly
predict the degree of gender-stereotypical content and its category, and (2) using a panel of four LLMs, each
predicting a binary gender-stereotypical label, and aggregating these predictions to obtain a continuous degree of
stereotypical content, while using the best model in the panel to predict the category. We evaluate five prompting
strategies: direct, guideline-based, Chain-of-Thought, Italian-language, and annotator-perspective prompting.
Our results show that: (1) while the approach aggregating a panel of LLMs performs better on the development
data than a single continuous LLM approach, it generalizes less effectively on the test data; (2) prompts tend
to benefit from the inclusion of annotation guidelines; and (3) even open-weight LLMs with fewer parameters
can outperform larger models across both tasks and proposed approaches. In the official leaderboard, our best
system ranked 2nd in the zero-shot setting of the main task (nMSE = 0.626), and 2nd in the few-shot setting
of the main task (nMSE = 0.645). In the subtask, our best system ranked 1st in the zero-shot setting (F1 micro
= 0.646), and 3rd in the few-shot setting (F1 micro = 0.669). Additionally, following the annotation guidelines,
we qualitatively analyse the 200 development texts and provide additional annotations.

Keywords
Stereotype Detection, Gender Stereotypes, Italian, Prompting, Guidelines, LLMs, NLP

Trigger warning: This paper contains examples of stereotypical and potentially triggering content.

1. Introduction

The exponential growth of social media has transformed online communication, enabling users to share
opinions on virtually any topic at any time. However, this surge has also amplified the spread of harmful
content, including hateful comments and prejudiced discourse. Such phenomena often stem from deeply
ingrained stereotypes, which perpetuate discrimination and reinforce structural inequalities.

Natural Language Processing (NLP) can play a crucial role in addressing these challenges by providing
tools to analyse linguistic manifestations of bias and automate their detection at scale. Within the Italian
NLP community, several initiatives such as HaSpeeDe [1, 2], AMI [3, 4], HODI [5], and CALAMITA [6]
have focused on hate speech detection and related phenomena, laying the groundwork for more nuanced
investigations. Some works specifically focused on racial and ethnic stereotypes in Italian [7, 8, 9, 10].
Finally, other studies have explored NLP approaches for promoting gender-inclusive language, focusing
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on rewriting or translating texts in a more gender-neutral manner [11, 12, 13, 14, 15, 16]. These efforts
contribute to mitigating harmful content and fostering safer, more inclusive online spaces.

Despite these advances, research specifically targeting gender stereotypes in Italian texts remains
scarce, compared to prior work on English and other high-resource languages. Furthermore, existing
approaches often assume a binary conception of gender and lack robust evaluation baselines [17, 18].
The GSI:DETECT shared task [19], introduced at EVALITA 2026 [20], represents the first initiative in
this domain for Italian. Its goal is to promote research on identifying stereotypical representations of
gender across diverse short-text genres. To this end, the organizers released a manually curated dataset
comprising 1,010 texts from social media and websites, annotated by four expert annotators to capture
both aggregated and individual perspectives. The task is articulated into two parts:

e Main task: a regression task to determine the degree of gender-stereotypical content in a text.
o Subtask: a fine-grained classification task requiring systems to predict one of six stereotype categories.

In this paper, we present the systems developed by the StereoBusters team for the two tasks
of GSI:pETECT. We explore the first two of the three experimental settings: zero-shot, few-shot and
fine-tuning. We propose and evaluate two approaches leveraging large language models (LLMs) and
diverse prompting strategies, including guideline integration and simulated annotator panels. We also
performed an additional annotation experiment and a qualitative analysis (discussed in Appendix C).!

2. Task Description and Dataset

Task Description The GSI:DETECT task comprises (1) a main task to quantify the degree of Gender
Stereotype (GS value) in a text; and (2) a subtask to classify the Gender Stereotype category (GS category).

Detecting stereotypes, however, is an inherently complex and subjective task, and the perception of
stereotypes varies significantly across individuals [21]. For this reason, the GSI:DETECT task follows
the perspectivist approach [22, 23]. Rather than relying on a single label obtained through majority
voting, the dataset preserves non-aggregated annotations and provides a score designed to capture this
variation. As a result, the GS value is defined as a single numerical value between 0 and 1 that reflects
the fraction of annotators who labeled a text as containing stereotypes.

The GS category identifies the stereotype type in each text. Annotators assigned one category per text;
if multiple applied, they chose the first occurring one. Categories are the following: (1) Role stereotypes
encompass sociocultural expectations of the roles that people are expected to play regarding family
or society; (2) Personality stereotypes attribute emotional, behavioral, or character traits to people
based on their (perceived) gender; (3) Competence stereotypes are generalized judgments about
professional, intellectual, or physical skills and abilities regardless of gender; (4) Physical stereotypes
reflect expectations about the physical aspect of someone based on their (perceived) gender; (5) Sexual
stereotypes are related to desire, sexuality, and sexual behavior. Insults with sexual connotations
are also included in this category, regardless of whether they are direct or indirect; (6) Relational
stereotypes refer to expectations of how people are expected to connect in interpersonal relationships,
depending on their gender, including affective, romantic, and/or sexual relationships; (7) No stereotype
means that none of the annotators considered that the text contains stereotypes.

Overview of the GSI:detect Dataset The dataset contains 1,010 short Italian texts: 200 in the
development set and 810 in the test set. Texts were collected from social media and information websites
to cover both informal and formal registers (a more detailed data analysis is discussed in Appendix A).

A total of four annotators sensitive to gender-related issues were involved in the annotation process.
Each annotator labeled all texts by assigning (1) a binary yes/no gender stereotype label and (2) at
most one stereotype category. Annotators were instructed to select the appropriate stereotype category
when a text was judged to contain stereotypes, or to choose the “no” category when no stereotypes
were present. If multiple stereotype categories appeared within the same text, annotators selected the
category that occurred first in the text. The final GS value is computed by converting the four binary
gender stereotype labels into numerical values (1 for “yes” 0 for “no”) and taking their mean. The final
GS category is determined via majority voting among annotators’ category labels.

"The code repository is available at https://github.com/grecosalvatore/StereoBusters-GSI-Detect-Evalita2026.
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3. Methodology

3.1. Gender Stereotypes Detection Approaches

Given the relatively limited size of the development data, our approach relies on zero-shot evaluation
and in-context learning, rather than direct parameter tuning. However, since the dataset is annotated not
only with an aggregate value but also with binary stereotype labels provided by individual annotators,
we propose two alternative prediction targets for the GS value (main task):

Approach 1 (ConTINUOUS): A single LLM is prompted to directly predict the aggregated GS value—the
continuous gender stereotype score in [0, 1]. The LLM is expected to capture the degree of stereotypicity
by implicitly modeling potential disagreement and subjectivity across multiple diverse viewpoints.

Approach 2 (BiNARY): Multiple LLMs are prompted to predict a binary gender stereotype label—
whether the text contains a gender stereotype (0 = no, 1 = yes). The GS value is obtained by aggregating
the binary predictions of multiple models. Specifically, we construct a panel of four models to mimic
this process. Each model in the panel corresponds to a specific model-prompt combination selected to
best replicate the labeling behavior of an individual annotator.

In both approaches, the GS category is predicted jointly with the main target when a stereotype
is present. Under the CONTINUOUS approach, a single LLM is instructed to directly predict the GS
value and, when the GS value is > 0.25, to also assign a stereotype category. In contrast, under the
BINARY approach, each LLM predicts a binary gender-stereotype label and, if a stereotype is detected,
additionally assigns its category. For the BINARY setting, the final GS value is obtained by aggregating
the four binary predictions from the LLM panel, while the final category is determined either via
majority vote or by designating one LLM as an oracle (i.e., super judge).

3.2. Prompting Strategies

For both approaches, we design and evaluate the following prompting strategies, reported in Figure 2
in Appendix B for the CoNTINUOUS approach and in Figure 3 in Appendix B for the BINARY approach:

1. Direct Prompt: The LLM is directly instructed to assess whether the input text contains gender
stereotypes and to output the corresponding prediction, with minimal additional guidance.
Depending on the approach, the output is either a continuous GS value (Figure 2a) or a binary
gender-stereotype label (Figure 3a).

2. Chain-of-Thought (CoT) Prompt: The LLM is instructed to reason step by step using a Chain-
of-Thought strategy [24] before producing the final prediction (Figure 2b and Figure 3b). The
underlying idea is that explicitly modeling intermediate reasoning steps may help the model
better identify implicit gender stereotypes and arrive at more accurate predictions.

3. Guidelines-Informed Prompt: The LLM is provided with additional task-specific information,
including detailed category definitions and short illustrative examples drawn directly from the
annotation guidelines (Figure 2c and Figure 3c). The underlying idea is that explicitly incorporating
the original annotation criteria may better align the model’s predictions with human judgments.

4. Italian Prompt: The LLM is instructed to assess whether the input text contains gender stereo-
types and to output the corresponding prediction, with minimal additional guidance. However,
in this case, the prompt is written in Italian. The underlying idea is that, since the task involves
detecting gender stereotypes in Italian texts, using the target language may better align the
model’s reasoning with linguistic and cultural cues specific to Italian (Figure 2d and Figure 3d).

5. Perspectivist Prompt: The LLM is instructed to emulate a panel of four annotators with differing
sensitivities and perspectives. One annotator is highly sensitive to subtle stereotypes, two are
moderately sensitive, and one identifies only explicit stereotypes. Note that this prompt is
implemented only in the continuous setting (Figure 2e), as this approach mirrors the aggregation
of the four binary models used to construct the panel for the binary approach.

All prompts predict the GS value or the binary gender stereotype label together with the GS category.
Models are instructed to assign the “no” category when the GS value or binary stereotype label is 0.
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3.3. Zero-shot and Few-shot Settings

All prompts are evaluated in both zero-shot and few-shot learning. The prompt structure is identical
across the two settings; however, in few-shot, five illustrative examples are introduced in each prompt
to guide the model’s prediction, as shown in the red text in Figure 2f in Appendix B.

Given an input text, the five examples for the few-shot setting are identified by following these steps:
(1) We split the annotated samples in the development set into two subsets: samples with context and
samples without context; (2) We compute semantic embedding of the input text using the PARAPHRASE-
MULTILINGUAL-MPNET-BASE-V2 model; (3) We retrieve the 5 most similar examples from the same subset
(with or without context) based on cosine similarity between embeddings; and (4) The selected examples
are formatted with their text, GS value for the CoNTINUOUSs approach or binary gender stereotype label
for the BINARY approach (specific to one annotator), and category, and included in the system prompt.

The main differences between the few-shot implementations of the CoNTINUOUS and BINARY ap-
proaches are as follows: (1) the ground-truth label provided in the examples differs, as the continuous
version predicts the GS value, whereas the binary version predicts a binary gender stereotype label; and
(2) the continuous approach needs to be executed only once per input text in the few-shot setting, since
it produces a single aggregated score, while the binary approach must be run separately to emulate
each specific annotator, as each sample has a binary stereotype label assigned by each annotator.

4. Results on the Development Data

In this section, we present the experimental results obtained on the development data. We first discuss
the preliminary experiments conducted to identify the panels for the Binary approach (Section 4.1),
followed by the results for GS value prediction (Section 4.2) and GS category classification (Section 4.3).

Models We evaluated non-commercial, open-weight LLMs from different families and sizes: Llama
3 [25, 26] (8B, 70B), Qwen [27] (8B, 32B), LLaMAntino [28, 29] (8B), and Gemma 3 [30] (4B, 12B, 27B).

4.1. Preliminary Experiments for Panels Compositions

This experiment aims to identify the most effective combinations of models and prompts to mimic each
annotator in the binary gender stereotype labeling task, following the proposed BINARY approach.

Evaluation metrics We compute macro-averaged F1, Precision, and Recall for the prediction of the
binary gender stereotype label, evaluated separately for each annotator using their corresponding binary
ground-truth labels (0/1 for absence/presence of stereotype). In addition, we assess the agreement
between the LLM predictions and each annotator by computing the Cohen’s Kappa () coefficient [31].

Results Table 1 reports the macro F1, Precision (P), Recall (R), and Cohen’s & scores for the binary
gender stereotype prediction task. Results are presented separately for each annotator (A1—A4). In
the zero-shot setting, all model-prompt combinations are evaluated. In contrast, in few-shot, only the
best-performing model-prompt combination for each model within the selected panels is tested.

Zero-shot Results In the zero-shot setting (top section of Table 1), all model-prompt combinations
achieve high F1 scores and annotator agreement, except for the CoT prompt, which consistently yields
lower performance. The best model-prompt combinations based on Cohen’s x are LLamAa-3.3-70B-
InsTrRUCT with the Italian prompt for A1, LramA-3.1-8B-InsTRUCT with the Direct prompt for A2,
LLAMANTINO-3-ANITA-8B with the Guidelines prompt for A3, and GEMMA-3-27B-1T with the Direct
prompt for A4. When optimizing for F1, the best combinations are LLAMA-3.3-70B-INsTRUCT with the
Direct prompt for A1, LLAMA-3.3-70B-INsTRUCT with the Italian prompt for A2, GEMMA-3-12B-1T with
the Direct prompt for A3, and GEMMA-3-27B-1T with the Direct prompt for A4. Interestingly, even
smaller models with 8B or 12B parameters showed higher agreement with the annotators.

?As discussed above, in the binary approach, the ground-truth labels are annotator-specific. Consequently, each model-prompt
combination must be evaluated separately for each annotator in few-shot, resulting in a very large experimental space.
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Table 1
Results on the Development Data for Binary Gender Stereotype Detection (BINARY Approach).
Performance comparison of models in modeling individual annotators, used to identify the panels for the
BINARY approach. Results are reported per annotator (A1-A4) and include F1 score, Precision (P), Recall
(R), and Cohen’s Kappa (x), evaluated separately under zero-shot and few-shot settings. In few-shot, only
the best-performing models from the zero-shot experiments were evaluated. Best-performing zero-shot
results for each metric are in bold and underscored. Model-prompt combinations selected for Panel 1
(maximizing Cohen’s k) and (maximizing F1) are indicated with colored labels [P1AX] and
, where x denotes the annotator being modeled, with corresponding scores highlighted in gray.

Per-Annotator Prediction

Al A2 A3 A4
Model Prompt F1 P R k F1 P R k F P R & F P R K
Zero-Shot
Direct [P1A2] 73 74 74 A7 74 76 96 .50 75 76 .76 49 76 75 76 51
Llama-3.1-8B-Instruct CoT 55 71 61 21 49 67 59 15 .60 74 63 27 .62 .76 .64 .31
: Guidelines 69 72 .70 40 70 75 .74 44 73 74 72 46 76 77 75 .52
Italian 69 70 70 40 69 72 72 41 74 75 74 49 74 75 74 48
Direct .75 75 75 50 74 75 76 49 72 72 72 44 74 74 74 48
Llama-3.3-70B-Instruct CoT 72 .77 73 46 66 73 .71 37 .72 75 .72 45 72 75 72 45
: Guidelines 70 74 72 43 69 74 72 .41 72 74 72 45 75 .77 75 51
Italian [P1A1] - .75 75 75 51 .75 75 .76 .50 .70 .71 71 41 73 74 74 47
Direct 65 .69 66 .32 62 68 .66 .30 .67 .69 .67 .35 .69 .71 .69 .39
Gemma-3-4B-it CoT .34 57 50 .01 31 .54 5 .00 .38 .62 .51 .02 .37 .45 .50 -.01
Guidelines 67 69 68 36 65 69 .68 34 .69 70 69 38 .73 .74 73 46
Italian 58 .72 63 .26 55 .72 .63 23 .65 .78 .67 .36 .64 .75 .65 .33
Direct 7273 73 45 73 74 74 46 76 76 .76 .51 .74 73 .74 47
Gemma-3-12B-it CoT 67 72 69 37 62 68 .66 29 .66 .69 .66 .34 .67 .69 .67 .35
Guidelines 70 .73 .71 42 68 74 72 40 75 77 .74 50 .77 .78 .76 .54
Italian g1 .74 72 44 68 73 72 40 74 75 74 48 76 .77 15 .52
Direct [P1A4] - 6 73 71 41 68 73 71 39 73 75 73 47 .98 .80 .78 .57
Gemma-3-27B-it CoT 63 .71 66 .32 60 69 .65 27 .70 .76 .70 .42 .70 .75 .70 .42
Guidelines 67 .72 69 37 66 .73 .70 36 .72 .75 .71 .44 77 .80 .76 .54
Italian 67 71 68 36 65 .71 69 35 .73 76 .73 48 .77 79 .76 .54
Direct 65 71 67 34 69 73 69 40 62 .70 .66 .30 .62 .71 .67 .31
CoT 69 .70 69 38 .69 .69 .69 .38 .62 .65 .64 .27 .61 .64 .63 .25
Qwen3-8B S
Guidelines 51 57 54 09 58 64 59 21 54 65 .60 .18 53 .64 .60 .17
Italian 67 .70 67 35 72 .74 71 44 64 69 67 32 66 .72 .70 .36
Direct J1 7271 43 74 74 74 47 73 75 75 47 72 74 74 45
Qwen3-328 CoT 72 74 73 46 69 73 72 41 70 71 .70 40 .74 75 74 A48
Guidelines 717271 43 .73 73 .73 46 70 .71 71 41 72 74 74 45
Italian 69 .70 69 38 .71 .72 .71 42 70 73 .72 .42 67 .70 .69 .36
Direct nmnoon o 42 71 72 72 43 75 75 .76 51 .74 74 75 49
N CoT 68 .69 68 37 68 .71 .71 .38 .70 .70 .69 .39 .73 .73 .72 45
LLaMAntino-3-ANITA8B i clines [P1A3] 717 7 42 71 72 73 43 96 76 .76 52 75 75 75 50
Italian 68 70 69 38 67 .71 70 38 .74 75 74 48 77 78 77 .54
Few-Shot
Llama-3.1-8B-Instruct Direct [P1A2] - - - - 61 .73 68 .31
Llama-3.3-70B-Instruct Direct 73 75 74 41 - - - -
Llama-3.3-70B-Instruct Italian [P1A1] - 74 74 74 49 77 78 77 54 - - - -
Gemma-3-12B-it Direct - - - - - - - - 76 .76 .75 .51 - - - -
Gemma-3-27B-it Direct [P1A4] - - - - - - - - - - - - - 73 74 73 47
LLaMAntino-3-ANITA-8B  Guidelines [P1A3] - - - - - - - - 73 75 73 47 - - - -

Few-shot Results In the few-shot setting (bottom section of Table 1), surprisingly, most models
exhibit a decrease in the F1 score and lower Cohen’s x agreement with the corresponding annotators.
The only exception is LLaMA-3.3-70B-INsTRUCT (Italian), which shows improved performance for
Annotator 2. The decrease in performance in the few-shot setting may be attributed to the binary
nature of the gender stereotype detection task in the BINARY approach, where few examples can overly
bias the model’s decision boundary, particularly for smaller models.

Summary of Results The four best-performing model-prompt combinations to mimic individual
annotators in the development data, were grouped into two panels (Table 2b). These panels were then
used to compute the GS values in our development experiments and for the final submissions.

4.2. GS Value Prediction Results on Development Data (Main task)
This experiment aims to evaluate GS value prediction (main task) on development data across all models
using the CoNTINUOUS approach, and the two panels identified in Section 4.1 for the BINARY approach.

Evaluation metrics We evaluate model performance using the complements of the Mean Squared
Error (MSE) and the Mean Absolute Error (MAE), which quantify the discrepancy between the predicted
and ground-truth GS values. Since GS values are continuous and lie in the interval [0, 1], we report the
metrics as (1 - MSE) and (1 - MAE), with higher values indicating better predictive performance.

Results Table 2a reports the complements of the MSE and MAE in zero-shot and few-shot settings for
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all model-prompt combinations for the CoNTINUOUS approach and for the two BINARY panels.

Zero-shot Results In the zero-shot setting, all model-prompt combinations perform well (1 - MSE
ranging from 0.727 to 0.898). The best-performing systems are, for the CoNnTINUOUS approach: (1)
Liama-3.3-70B-InsTrRUCT with guidelines-informed prompt and (2) GEMMA-3-12B-1T with Italian prompt;
and, for the BINARY approach, (3) Panel 1 based on Cohen’s x. All three systems achieve the highest
score of 0.898. Other model-prompt combinations in the CoONTINUOUSs setting achieve very similar
performance, such as LLaMA-3.3-70B-INsTRUCT with the Italian prompt and GEMMA-3-12B-IT with the
direct prompt, with scores of 0.897 and 0.895. When considering the complement of the MAE, both
panels in the BINARY approach outperform all CoNTINUOUS systems, achieving scores of 0.800 and 0.795.
This likely reflects the noise-reducing effect of ensembling four LLMs, which lowers average error.

Overall, Panel 1 emerges as the best-performing system on the development set for the main task.
This panel achieves (1 - MSE) = 0.898 and (1 - MAE) = 0.800, indicating that model predictions differ
from the gold standard by approximately 0.20 units on average. The MSE of 0.10 further suggests that
large errors are infrequent, as squared deviations remain low on average.

Few-shot Results In the few-shot setting, most models and all panels achieve similar or slightly lower
performance in predicting the GS values compared to the zero-shot setting. In contrast, some models
benefit from the inclusion of five examples. In particular, GEMMA-3-12B-IT and GEMMA-3-27B-IT for
the CoNTINUOUS approach show consistent improvements across prompts when evaluated in few-shot.
Overall, the best-performing model-prompt combination in the few-shot setting is the CONTINUOUS
GEMMA-3-27B-1T with the guidelines-informed prompt, achieving a complement of the MSE of 0.899.
This configuration exhibits the best performance across zero-shot and few-shot according to the MSE.

Summary of Results These experiments on the development data show that both the ConTINUOUS
and BINARY (panel-based) approaches can effectively predict the GS value. The three best-performing
models for the ConTINUOUS approach: LLaMA-3.3-70B-INsTRUCT with guidelines-informed and Italian
prompts, and GEMMA-3-12B-1T with the Italian prompt, together with the two panels for the BINARY
approach (Table 2b), were selected for the five zero-shot runs in the main task on the official test data (see
Section 5). Similarly, for the five few-shot runs, we selected the same two panels for the BINARY approach,
along with the three best-performing models for the few-shot CoNTINUOUS setting: GEMMA-3-27B-IT
with a guidelines-informed prompt, and GEMma-3-12B-1T with both the direct and Italian prompts.

4.3. GS Category Classification Results on Development Data (Subtask)

This experiment aims to evaluate GS category classification (subtask) on development data across all
model-prompt combinations using the CoNTINUOUS and the BINARY approaches.

Evaluation metrics We compute the macro precision, recall, and F1 score between the predicted and
gold GS categories. The metrics are averaged across seven categories: the six stereotype categories:
role, personality, competence, physical, sexual, and relation; and additionally include the no category.

Results Table 2c reports the macro F1, precision (P), and recall (R) for all model-prompt combinations
for the ConTINUOUS and BINARY approaches, in zero-shot and few-shot. For the BINARY approach,
unlike the computation of the GS value (which requires aggregating four binary predictions), each LLM
directly predicts a stereotype category. Consequently, in this experiment, we evaluate the ability of
each model-prompt pair to predict the category independently, including for the BINARY approach.®

Zero-shot Results In the zero-shot setting, models prompted for the BINARY approach tend to
outperform those for the CoNTINUOUS ones in predicting the GS category. This is likely because LLMs
are conditioned to predict the category only when a stereotype is detected, and the continuous nature of
the ConTINUOUS approach may introduce more noise, which can propagate to the category classification.
We also observed results that contrasted with those for GS value (or binary label) prediction. In particular,
the CoT prompt often outperforms other prompts in category classification, whereas it was the worst-
performing prompt for the main task. This suggests that LLMs benefit more from reasoning through

*We also evaluated majority voting within panels for category prediction; however, this strategy resulted in lower performance.

143



chains of thought when performing category classification than when predicting binary stereotype
labels or GS values. Surprisingly, the guidelines-informed prompt is among the best prompts for the
ConTINUOUS approach but the worst for the BINARY approach in GS category classification.

The best-performing models are as follows: for the BINARY approach, GEMMA-3-27B with direct
prompt (F1 = 0.56), GEMMA-3-12B with CoT prompt (F1 = 0.56), and LLAMA-3.3-70B-INnsTRUCT with CoT
prompt (F1 = 0.53); for the CoNTINUOUS approach, QWEN3-8B with CoT prompt (F1 = 0.52), GEMMA-3-27B
with guidelines-informed prompt (F1 = 0.51), and GEMMA-3-27B with Italian prompt (F1 = 0.50).

Few-shot Results Most model-prompt configurations within the CoNTINUOUS approach show
improved GS category classification performance in the few-shot setting, with the exception of LLama-
3.3-70B-INsTRUCT, which exhibits a performance decrease in few-shot not only for category classification
but also for the main task. We do not report quantitative results for the BINARY approach, as each
model-prompt configuration yields different outcomes depending on the annotator. Nevertheless,
qualitative inspection suggests that few-shot prompting does not lead to substantial improvements.

Summary of Results Although some model-prompt combinations in the CONTINUOUS approach
performed better on GS category prediction than those selected for the main task (GS value predic-
tion), we prioritized the main task. Therefore, we submitted GS category predictions from the same
model-prompt combinations used for GS value prediction (Section 2a). Specifically, for the zero-shot
setting, we used LLamMA-3.3-70B-INsTRUCT with guidelines-informed and Italian prompts (F1 = 0.49),
and GEMMA-3-12B-1T with the Italian prompt (F1 = 0.45). For the few-shot setting, we selected GEMMA-3-
27B-1T with a guidelines-informed prompt (F1 = 0.57), and GEMMA-3-12B-1T with both the direct (F1 =
0.46) and Italian prompts (F1 = 0.46). In contrast, for the BINARY approach, we selected the GS category
predicted by GEMMA-3-27B with the direct prompt (F1 = 0.56), as this model-prompt combination
achieved the highest overall performance in GS category prediction in the zero-shot setting and is
present in both experimental panels. As a result, this model-prompt combination serves as the oracle
for GS category prediction in both panels. Our final submitted systems are summarized in Table 3.

5. Results on the Test Data and Official Rankings

5.1. GS Value Prediction Results on Test Data (Main task)

Evaluation metrics We evaluate the performance in predicting the GS value using the normalized Mean
Squared Error (nMSE), computed as the MSE normalized by the variance of the gold GS values: nMSE =
MSE/ Var(y), where y are the ground-truth GS values. Systems are ranked using the transformed score
1/(1 4+ nMSE) so that higher values correspond to better performance.

Results Table 4 reports the official rankings for the main task for zero-shot and few-shot settings.

Zero-shot Results In the zero-shot setting, our best submission ranked 2nd overall with a score of
0.626. This system used GEMMA-3-12B with the guidelines-informed prompt under the ConTINUOUS
approach. Our second-best system, LLama-3.3-70B-INsTRUCT with the Italian prompt, ranked 3rd with
a score of 0.622. The top-performing system from team DIAG-Sapienza achieved a score of 0.700
using GPT-5. Notably, all three of our CoNTINUOUS submissions (ranks 2, 3, and 6) outperformed the
two BINARY panel submissions (ranks 11 and 12). This contrasts with our development set findings,
where the panels achieved competitive performance. The gap between the CoNTINUOUS and BINARY
approaches on the test set may indicate that the panel compositions, optimized on the development
data, did not generalize well to the test data distribution.

Few-shot Results In the few-shot setting, our best submission again ranked 2nd (score of 0.645).
This system used GEMMA-3-27B with the guidelines-informed prompt. The GEMMA-3-12B model with
the direct prompt ranked 3rd (0.629), and with the Italian prompt ranked 4th (0.612). All of these systems
follow the CoNTINUOUS approach. Compared to the zero-shot setting, our few-shot submissions showed
some but modest improvements, with the best score increasing from 0.626 to 0.645. The BINARY Panel 2
(F1-based) achieved a score of 0.586 (rank 6), while Panel 1 (Cohen’s x-based) dropped to 0.549 (rank 13).
This suggests that the few-shot examples may have introduced noise for certain panel configurations.
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Table 2

Results on the development data. Results are reported for the GS value prediction (a) and GS category
classification (c) tasks. For GS value prediction (a), the complement of nMSE and nMAE is reported for all
models under the ConTINUOUS approach and for the two panels of the BINARY approach, summarized in (c).
For GS category classification (c), the F1 score, Precision (P), and Recall (R) are reported for all model-prompt
combinations under both approaches. Model-prompt combinations are grouped by approach, with Zero-Shot
and Few-Shot results presented side by side. Bold values indicate the top-performing configurations. The scores of
the five submitted configurations, separately for zero-shot and few-shot settings, are underlined and highlighted.

(a) GS Value Prediction (Main Task) (c) GS Category Classification (Subtask)
Model Prompt ‘ Zero-Shot ‘ Few-Shot Model Prompt ‘ Zero-Shot ‘ Few-Shot
| (1-MSE) 1 (1-MAE) 1 | (1-MSE) * (1-MAE) |[Fl. P R|F1L P R
Continuous Approach Continuous Approach
Direct .849 713 856 725 Direct 25 .44 28 |.33 .55 .34
CoT 737 618 778 651 CoT 42 48 47| .41 46 45
Llama-3.1-8B-Instruct Guidelines .832 658 819 .660 Llama-3.1-8B-Instruct Guidelines 37 44 40| .40 42 46
Italian 830 .687 791 655 Italian 29 .39 .32(.30 .32 .33
Perspectivist .826 671 .826 .690 Perspectivist 28 .34 .31 (.31 .30 .36
Direct 888 743 573 493 Direct 44 50 .47 |.04 .02 .14
CoT 879 739 573 493 CoT 48 .50 .54 |.04 .02 .14
Llama-3.3-70B-Instruct Guidelines .898 752 573 493 Llama-3.3-70B-Instruct Guidelines 49 .50 .53 (.04 .02 .14
Italian 897 764 573 493 Italian 49 51 52|.04 .02 .14
Perspectivist .867 741 573 493 Perspectivist 39 48 .45 ].04 .02 .14
Direct 834 .650 861 682 Direct 31 .54 37 (.33 45 40
CoT 769 618 824 648 CoT .33 .43 .41 |.33 .40 .40
gemma-3-4b-it Guidelines .805 632 .843 667 gemma-3-4B Guidelines 38 40 .46 | .40 49 47
Italian 852 676 815 .645 Italian 33 44 41 1.29 38 .38
Perspectivist 727 604 788 .649 Perspectivist 18 .41 .23 |.34 35 .37
Direct 895 745 895 751 Direct 40 50 42 |.46 53 48
CoT 841 686 881 730 CoT 48 .53 .54 |.52 .54 .57
gemma-3-12b-it Guidelines .854 687 .881 .730 gemma-3-12B Guidelines 45 49 .52|.51 .53 .56
Italian .898 757 894 760 Italian 45 55 47 |43 49 .46
Perspectivist .860 719 870 728 Perspectivist 39 48 44| .44 45 45
Direct 891 745 891 757 Direct 44 49 49|51 52 54
CoT .885 739 .887 .768 CoT 47 .50 .53 | .57 .59 .60
gemma-3-27b-it Guidelines .869 715 -899 .763 gemma-3-27B Guidelines .51 .55 .60 |.57 .57 .63
Italian .885 731 .886 .751 Italian .50 .52 .55 | .53 .56 .56
Perspectivist .831 .688 867 714 Perspectivist 41 .53 51| .46 .46 .48
Direct 862 716 .850 726 Direct 40 47 41 1.49 59 .50
CoT 797 696 .802 701 CoT .52 .54 .54 |.55 .58 .57
Qwen3-8B Guidelines 852 739 859 744 Qwen3-8B Guidelines 49 .49 51 |.54 55 .55
Italian 848 721 816 690 Italian 46 47 47| .46 51 47
Perspectivist 796 675 821 .690 Perspectivist 39 45 .41].39 41 43
Direct 875 734 875 755 Direct 44 49 47|53 57 55
CoT 810 .700 830 729 CoT 47 .50 .51 (.54 55 .57
Qwen3-32B Guidelines 879 744 862 747 Qwen3-32B Guidelines .54 .54 .56 |.55 .55 .57
Italian .886 748 853 727 Italian 49 .53 .52 | .48 .50 .51
Perspectivist .869 738 .869 736 Perspectivist 42 49 46 | .48 53 .51
Direct 876 729 861 720 Direct 31 48 32|35 51 .37
LLaMAntino-3 g"Td ; 'gfg <ZZZ sgg égg LLaMAntino3 CoT 39 44 40| .40 44 42
uidelines . . . K - ol
-ANITA-8B-Inst-DPO-ITA ) ) T . Guidelines .34 .38 .38 (.34 34 .39
Italian 7 720 723 603 ANITA8B-Inst-DPOITA 1o ian 31 49 33|29 32 34
Perspectivist | 855 743 835 705 Perspectivist 27 41 30|36 42 38
Binary Approach Binary Approach
2 S m | w T Dect i Dl
ane _ 693 L2 : e CoT 43 49 45| — — —
Llama-3.1-8B-Instruct G i delines R I
Italian 37 47 37| — — —
Direct 47 56 46| — — —
o CoT 53 .55 55| — —  —
(b) Panels composition Llama-3.3-70B-Instruct =00 o D D C
Italian 45 62 43| — — —
s
P1 - Panel (Cohen’s k) Direct 3 56 36| - - —
CoT 42 50 51| — — —
Annotator Model Prompt 3 gemma-3-4B Guidelines 4 sl
. Italian 35 61 40| — — —
Al Llama-3.3-70B-Instruct Italian 0.51 .
) Direct 33 5 36| — — —
A2 Llama-3.1-8B-Instruct Direct 0.50 198 CoT 56 57 57| — — —
A3 LLaMAntino-3-ANITA-8B Guidelines 052 ® Guidelines a2 3| - - -
A4 gemma-3-27b-it Direct 0.57 Italian AT 63 49| = = =
Direct (Oracle [P1] - )|.56 59 56| — — —
CoT 55 56 56| — —  —
P2 - Panel (FI) gemma-3-278 Guidelines a4 02 23| — —  —
Italian 48 52 50| — — —
Annotator Model Prompt F1 Direct O
. CoT 41 63 37— — —
Al Llama-3.3-70B-Instruct Dlr'ect 0.75 Qwen3-8B Guidelines Mo 17—~ —
A2 Llama-3.3-70B-Instruct Italian 0.75 Italian 30 55 30| — — —
A3 gemma-3-12b-it Direct 0.76 Direct 37 50 36— — —
A4 emma-3-27b-it Direct 0.78 . CoT 52 .58 52— — -
5 Quen3-528 Guidelines 2 34 25— — —
Italian 39 61 38| — — —
Direct 32 .52 34| — — —
LLaMAntino-3 CoT 39 53 39— — —
-ANITA-8B-Inst-DPO-ITA Guidelines a5 11 24| — —  —
Italian 31 55 33| — — —
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Table 3
Summary of Submitted Systems.

Run Model ID  ConfigID Setting  Approach GS Value Prediction GS Category Classification
Zero-Shot Submissions

1 Panel_4LLMS K_Cohen  Zero-shot Binary Panel 1: Aggregation of 4 binary labels gemma-3-27b-it (Direct)

2 Panel_4LLMS F1_score  Zero-shot Binary Panel 2: Aggregation of 4 binary labels gemma-3-27b-it (Direct)

3 Llama_3.3_70B P3GUIDE Zero-shot Continuous Llama-3.3-70B-Instruct (Guidelines) Llama-3.3-70B-Instruct (Guidelines)

4 Llama_3.3_70B P5ITA Zero-shot Continuous Llama-3.3-70B-Instruct (Italian) Llama-3.3-70B-Instruct (Italian)

5 Gemma_3_12B P5ITA Zero-shot Continuous gemma-3-12b-it (Italian) gemma-3-12b-it (Italian)
Few-Shot Submissions

1 Panel_4LLMS K_Cohen  Few-shot Binary Panel 1: Aggregation of 4 binary labels gemma-3-27b-it (Direct)

2 Panel_4LLMS F1_score  Few-shot Binary Panel 2: Aggregation of 4 binary labels gemma-3-27b-it (Direct)

3 Gemma_3_27B P3GUIDE Few-shot Continuous gemma-3-27b-it (Guidelines) gemma-3-27b-it (Guidelines)

4 Gemma_3_12B P1DIR Few-shot Continuous gemma-3-12b-it (Direct) gemma-3-12b-it (Direct)

5 Gemma_3_12B P5ITA Few-shot Continuous gemma-3-12b-it (Italian) gemma-3-12b-it (Italian)

Summary of Results Our systems achieved strong performance in the main task, ranking best
among open-weight models, and overall, 2nd in both zero-shot and few-shot settings. The CoNTINUOUS
approach outperformed the BINARY approach on the test data. The guidelines-informed prompt proved
effective across both settings and model sizes. These results suggest directly predicting the aggregated
GS value is more robust than modeling individual annotators when generalizing to unseen data.

5.2. GS Category Classification Results on Test Data (Subtask)

Evaluation metrics We evaluate performance on GS category classification using the micro F1 score

as the primary metric, following the official evaluation guidelines. We also report the macro F1 score.*

Results Table 5 reports the official rankings for the subtask, separately for zero-shot and few-shot.

Zero-shot Results In zero-shot, our submissions achieved the top four positions in the leaderboard.
The best-performing system was Panel 2 (F1-based) with GEMMA-3-27B as the category oracle, achieving
a micro F1 of 0.646. Panel 1 (Cohen’s k-based) ranked 3rd with a micro F1 of 0.643. The BINARY panels
outperformed the CoNTINUOUS systems for category classification, despite showing the opposite trend
for GS value prediction. This indicates that the oracle model (GEMMA-3-27B with the direct prompt)
used for category prediction in the panels was highly effective. The CoNTINUOUS submissions using
GEMMA-3-12B and LLAMA-3.3-70B ranked 2nd and 4th, with F1 micro of 0.644 and 0.634.

Few-shot Results In the few-shot setting, our best submission ranked 3rd with a micro F1 of 0.669.
This system used GEMMA-3-27B with the guidelines-informed prompt under the CoNTINUOUS approach.
The top two positions were held by teams Prisma (0.706) and FestaDonato (0.671) using Claude and
Gemini models, respectively. Both BINARY panels ranked 5th and 6th with identical micro F1 scores of
0.662. The remaining CONTINUOUS submissions (GEMMA-3-12B with direct and Italian prompts) ranked
11th and 12th. This drop in performance for these configurations suggests that the few-shot examples
were less beneficial for smaller models in the category classification task. Similarly to the main task,
our models ranked first in both settings, considering only non-commercial, open-weight models.

Summary of Results Our systems achieved 1st place in the zero-shot and 3rd place in the few-shot
settings for category classification. In the zero-shot setting, the BINARY panels performed best, likely
due to the strong category prediction ability of GEMMA-3-27B (direct prompt), which was used as the
sole category predictor for both panels. In the few-shot setting, larger models with the guidelines-
informed prompt performed best. Overall, category classification benefited from explicit reasoning
about stereotype types, as reflected in the strong performance of the guidelines-informed prompt.

6. Conclusion

In this paper, we described our contribution to the GSI:DETECT task on stereotype detection at EVALITA
2026. We have presented two different LLM-based approaches: (1) directly predicting the degree of
stereotype (CONTINUOUS), and (2) predicting the binary presence of gender stereotypes and aggregating
multiple individual predictions to compute the degree of stereotype (BINARY). We also have proposed

*Official rankings F1 scores only over the six GS categories (role, personality, competence, physical, sexual, relational), excluding
instances with no stereotype. This differs from our development analysis, which included the no stereotype category.
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Table 4
Official GSl:detect leaderboard for GS value prediction (Main Task), separately for zero-shot (a) and few-shot (b).

1/1+nMSE  team_name model configuration
1 0.700 DIAG-Sapienza GPT-5 gen_with_explanation
2 0.626  StereoBusters Llama_3.3_70B P3GUIDE
3 0.622  StereoBusters Llama_3.3_70B P5ITA
4 0.621  FestaDonato Gemini_2.5_Flash engNegative_V2
5 0.618  FestaDonato Gemini_2.5_Flash  ensemble 1/1+nMSE__team_name model configuration
6 0610 StereoBusters  Gemma_3_12B PSITA 1 0.685 DIAG-Sapienza GPT-5 gen_with_explanation
7 0.610  FestaDonato Gemini_2.5_Flash ITA_DIR-V3 ) 0.645 StereoBusters Gemma_3_27B P3GUIDE
8 0,609 BASELINE GPT-5 nano split_prompt 3 0.629 StereoBusters Gemma_3_12B P1DIR
9 0591 Tiz Gemma_3_12B average 4 0.612  StereoBusters Gemma_3_12B PSITA
10 0,590  BASELINE GPT-5 nano unified_prompt 5 0.587 Prisma Claude_3.5_Sonnet stratified_sampling
T e C I Suwhus P A
13 0.557 FestaDonato Gemini_2.5_Flash CoT-eng_V5 7 0.581  MINDS Qwet'l2:5714B KNN
14 0.555  FestaDonato Gemini_2.5_Flash CoT-ita_V4 8 0572 FestaDonato Gem!n!72.5 Flash Ensemb.le R
15 0543  BASELINE Qwen-3_14B unified_prompt 9 0.565 FestaDonato Gemini_2.5 Flash Semantic_Clustering
16 0,498 BASELINE N/A GS_value:0.5 10 0564 MINDS Qwen2.5_14B LR
17 0484  Tiz Gemma 3 12B max3 11 0.561  FestaDonato Gemini_2.5 Flash Semantic_Clustering
18 0483 Tiz Gemma 3 12B max2 12 0.550  FestaDonato Gemini_2.5 Flash Hybrid
19 0472 Tiz Gemma:3:1ZB max1 13 0.549  StereoBusters Panel_4LLMs K_Cohen
20 0430 Tiz Gemma_3_12B all_zeros 14 0.500 FestaDonato Gemini_2.5 Flash Manual
21 0.329  Prisma Claude_3.5_Sonnet  persona_A
22 0.321  Prisma Claude_3.5_Sonnet  persona_C :
23 0.321  Prisma Claude_3.5_Sonnet S_annotators (b) FeW'ShOt Settlng
24 0.309  Prisma Claude_3.5_Sonnet  persona_D
25 0.309 Prisma Claude_3.5_Sonnet  persona_B
(a) Zero-shot setting
Table 5
Official GSl:detect leaderboard for GS category classification (SubTask), for zero-shot (a) and few-shot (b).
F1 Micro F1 Macro team_name model configuration
1 0.646 0.637 StereoBusters Panel_4LLMS F1_score
2 0.644 0.637 StereoBusters Llama_3.3_70B P3GUIDE
3 0.643 0.633  StereoBusters Panel_4LLMs K_Cohen
4 0.634 0.630  StereoBusters Llama_3.3_70B P5ITA
5 0.600 0.561 FestaDonato Gemini_2.5_Flash CoT-eng_V5
6 0.597 0.552  FestaDonato Gemini_2.5_Flash  ensemble F1Micro F1Macro team_name model configuration
7 0.590 0552 FestaDonato Gemini_2.5_Flash  engNegative V2 1 0.706 0.612  Prisma Claude_3.5_Sonnet stratified_sampling
8 0.586 0.543  FestaDonato Gemini_2.5_Flash  ITA_DIR-V3 2 0.671 0.669 FestaDonato Gemini_2.5 Flash Hybrid
9 0.581 0519 DIAG-Sapienza GPT-5 gen_with_explanation 3 0.669 0665 StereoBusters  Gemma 3 27B P3GUIDE
10 0.569 0523  FestaDonato Gemini_2.5_Flash CoT-ita_V4 4 0.666 0.656  FestaDonato Gemini_2.5 Flash Ensemble
n 953 (o2 S(ereoRUster G AR R 28 PSI.TA 5 0.662 0.653  StereoBusters Panel_4LLMs K_Cohen
12 0.532 0.519  BASELINE GPT-5 nano split_prompt
13 0516 0.504 BASELINE GPT-5 nano unified_prompt © U602 0.654 " StereoBusters  Panel 4LLMS Fswie )
14 0394 0386 BASELINE Qwen-3_14B unified_prompt 7 0.657 0.653 FestaDonato Gemini_2.5 Flash Semantic_Clustering
15 0.229 0229 Tiz Gemma 3 12B max2 8 0.650 0.635 FestaDonato Gemini_2.5 Flash Semantic_Clustering
16 0.229 0229 Tiz Gemma. 3 12B max3 9 0.636 0.627  FestaDonato Gemini_2.5 Flash Manual
17 0.224 0223 Tiz Gemma:3:1ZB max1 10 0.606 0.549 DIAG-Sapienza GPT-5 gen_with_explanation
18 0.224 0.290  Prisma Claude_3.5_Sonnet  4_annotators 1 0.574 0.572  StereoBusters Gemma_3_12B P1DIR
19 0.222 0222 Tiz Gemma_3_12B average 12 0.565 0.561  StereoBusters Gemma_3_12B P5ITA
20 0.208 0.208 Tiz Gemma_3_12B all_zeros
21 0.181 0.179  BASELINE N/A GS_category: random .
22 0.180 0.229  Prisma Claude_3.5_Sonnet per;onafc Y (b) FeW_ShOt Settlng
23 0.174 0.236  Prisma Claude_3.5_Sonnet  persona_A
24 0.129 0.178  Prisma Claude_3.5_Sonnet persona_B
25 0.122 0.171  Prisma Claude_3.5_Sonnet  persona_D

(a) Zero-shot setting

different prompting strategies and evaluated how different LLMs perform for each of these. Finally, we
conducted an additional annotation experiment using the annotation guidelines (see Appendix C).

Our results show that open-weight models, even with a relatively small number of parameters (e.g.,
Gemma 12B), can be highly effective, when properly prompted, at detecting both the presence and
type of stereotypes, achieving performance close to that of more powerful commercial models. We
found that both proposed approaches are promising for identifying and classifying gender stereotypes.
However, while the BINARY approach outperformed the CoNnTINUOUS approach on the development
data, it generalized less effectively to the test data. We also observed that few-shot prompting tends to
yield limited performance improvements, except for the CoNTINUOUS approach on the main task.

In general, all model-prompt combinations showed good performance, the main exception being the
CoT prompt, which tends to exhibit lower performance for the main task. This pattern was partially
flipped in the case of the subtask, where the CoT model showed competitive performance when
compared to the other prompting strategies, if not straight outperforming them.
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Appendix

The appendix is organised as follows: Appendix A presents additional analysis of the GSI:DETECT
dataset; Appendix B provides the LLMs’ prompts under the CONTINUOUS and BINARY approaches; and
Appendix C discusses an additional human annotation experiment and a qualitative analysis of the data.

A. Analysis of the GSl:detect dataset

As introduced in Section 2, the GSI:DETECT dataset comprises 1,010 short Italian texts collected from
both social media and information websites, covering both formal and informal registers. The dataset is
split into 200 instances for development and 810 instances for testing. The information and annotations
provided for each text are summarised in Table 6.

The annotation process involved four annotators with expertise and sensitivity to gender-related
issues. Demographic characteristics of the annotators were released midway through the development
phase of the task (see Table 7) to support the design of systems that better reflect annotator diversity.

The distribution of the GS value across the dataset is shown in Figure 1a. The development and test
sets present similar distributions: approximately one third of the texts have a GS value of 0 (i.e., none
of the annotators identified stereotypes), and approximately one third have a GS value of 1 (i.e., all
annotators identified stereotypes). However, the test set contains slightly more texts with a GS value of
1, while the development set contains fewer texts with intermediate values (0.25 and 0.5).

Similarly, the distributions of the GS category follow a comparable pattern in the development and
test sets, as shown in Figure 1b. The most common category other than “no stereotype” is the compe-
tence stereotype category, followed closely by role and personality stereotypes. The least represented
categories are sexual and relational stereotypes. Although the overall distributions are similar across
the two splits, competence, role, and personality stereotypes are more prevalent in the development set,
whereas physical, sexual, and relational stereotypes occur more frequently in the test set.

We computed Cohen’s x to quantify the agreement between annotators. Table 8 reports the pairwise
agreement on the presence of stereotypes (i.e., yes/no label) for the development set, while Table 9
reports the agreement for the test set. The values for the development dataset lie between 0.45 and
0.63, which indicates moderate to substantial agreement. With the exception of two of the annotators
(A1—A3), the values for the test set lie between 0.61 and 0.69, which indicates substantial agreement.

B. LLM Prompts

As discussed in Section 3, we proposed and evaluated five prompting strategies: (1) direct instructions,
(2) integration of detailed guidelines, (3) Chain-of-Thought prompting, (4) use of Italian prompts, and
(5) modeling the perspectives of different annotators. LLMs’ prompts are reported in Figure 2 for the
ConTINUOUS approach and in Figure 3 for the BINARY approach.

For the few-shot setting, the prompt structure is identical across the two settings; however, in the
few-shot setting, five illustrative examples are appended to the end of each prompt, as shown in the red
text in Figure 2f. We report only this example, as all other prompts follow the same structure.

We designed all prompts to predict either the GS value or the binary gender stereotype label, together
with the GS category. Models are instructed to assign the “no” category only when the GS value or
label is 0 (i.e., when no stereotypes are detected).
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Table 6
List of variables and annotations provided for each text within the GSl:detect dataset.

Variable Description

Text The short text to be used for the task and any additional context.

A list containing four binary annotations denoting the presence of

Annotations .
stereotypes in the text, one entry for each annotator.

The GS value for the text. As mentioned in Section ??, this is a

GS Val .
alue numerical value between 1 and 0.

GS Category  The GS category for the text.

A binary label denoting whether additional information regarding the

Context . .
ontex context in which the text appears.

A list containing four binary annotations (yes/no) about the presence

A tati A
nnotations ¢ stereotypes in the text, one for each annotator.

Table 7
Demographic characteristics of the four annotators.
Characteristic Value Count
Gender Cls‘woman 3
Cis man 1
20-30 2
Age 30-40 1
40+ 1
Educational Level PhD 1
Masters 3
First Language Italian 4

mmm Development mmm Development

35% Split 30% Split
30% - Test 25% - Test
25% 20%
20%
15%
15%
10%
10%
0% 0%
0.0 0.2 05 075 1.0 & o @

Percentage of Texts
Percentage of Texts

5 o o . > > N
N s& Q€ 0"}&\ \é\db 0*& &\é@
GS Value & & & Q< ) R
@ & @ <
<® ¢
GS Category
(a) GS values distribution (b) GS categories distribution (sorted by frequency)

Figure 1: Distribution of the GS values and categories across the development and test sets.

Table 8 Table 9
Pairwise agreement of the development set. Pairwise agreement of the test set.
Ann_A Ann_B Cohen’s Ann_A Ann_B Cohen’s
Al A2 0.6172 Al A2 0.6250
Al A3 0.4528 Al A3 0.4972
Al A4 0.5527 Al A4 0.6534
A2 A3 0.5603 A2 A3 0.6107
A2 A4 0.6203 A2 A4 0.6912
A3 A4 0.6328 A3 A4 0.6772
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syst
Yo
Yo
1.
2.

GS

ca

em: |

u are an expert in detecting gender stereotypes in Italian text

ur task is to analyze texts and provide two outputs

A GS value (0.0 to 1.0) indicating the degree of gender stereotype present
The category of stereotype if present

value Scale:
0 = No stereotype

25 = Weak stereotype (1 of 4 annotators would identify it)

50 = Moderate stereotype (2 of 4 annotators would identify it)
75 = Strong stereotype (3 of 4 annotators would identify it)
.0 = Very strong stereotype (all annotators would identify it)

~oooo

tegories:
role: Social/cultural expectations about what men/women should do
personality: Emotional/behavioral traits assigned by gender
competence: Judgments about abilities based on gender

physical: Expectations about appearance and body

sexual: Attitudes about sexuality and sexual behavior

relational: How genders should behave in relationships

no: No stereotype present

IMPORTANT: Respond ONLY with the JSON output. Do not include any explanations

Fo

user
An;

Te:

Provide your analysis as JSON_OUTPUT: {{"gs_value":<number between 0.0 and 1.0>
<role|personality|competence|physical |sexual|relational [no>"}}

user
An;

Co

Te:

IMPORTANT: Evaluate the main text considering the provided context. The context
helps understand the situation but your analysis should focus on the main

Provide your analysis as JSON_OUTPUT:{{"gs_value":<number between 0.0 and 1.0>,
"gs_category": "<role|personality|competence |physical|sexual |relational |no>"}}

syst
Yo

before or after.

rmat your response EXACTLY as: JSON_OUTPUT:{"gs_value": X.XX, "gs_category":

"category"}
|
alyze this Italian text for gender stereotypes:

xt: "{text}"

"gs_category

_with_context: |

alyze this Italian text for gender stereotypes. The text includes context
that should inform your evaluation.

ntext: "{context}"

xt to evaluate: "{text}"

text.

(a) Zero-Shot Prompt 1 (CoNTINUOUS): Direct

em: |
u are an expert annotator trained in detecting gender stereotypes according
to specific guidelines.

DEFINITION: Gender stereotypes are rigid and generalized beliefs about roles,

or

DE

AN]

™
Fo
user
Te:

Fo
iy

v

Pr

user
Co

Te:

Fo
il,
2.
3.

LS

Pri

behaviors, abilities
characteristics that men and women "should” have based on their sex or
gender.

TAILED CATEGORIES:

ROLE STEREOTYPES

- Men: breadwinners, heads of household, financial support, protection
- Women: mothers, housewives, child-rearing, domestic work

- Note: Work aspects usually fall under "competence"

PERSONALITY STEREOTYPES

- Women: empathetic, sensitive, emotional, indecisive, caring

- Men: strong, assertive, rational, confident, unemotional

- Includes gendered insults (e.g., "femminuccia", "avere le palle")

COMPETENCE STEREOTYPES

- Women: suited for humanities, supportive roles

- Men: skilled in STEM, logic, technology, leadership
- Includes sports, games, professional abilities

PHYSICAL STEREOTYPES

slim, young, attractive, well-groomed (judged harshly)

- Men: robust, can be scruffy (more accepted)

- IMPORTANT: Comments on appearance are stereotypes when contextually
irrelevant

SEXUAL STEREOTYPES

- Women: passive, pure, judged for sexual freedom

- Men: active, "hunters", naturally sexual

- Includes sexual insults like "puttana", "zoccola", "figlio/a di puttana"

RELATIONAL STEREOTYPES

- Women: caring, faithful, need protection, submissive

- Men: dominant, autonomous, emotionally detached

- Includes judgments about singlehood, marriage motivations, legal bias
claims

NOTATION RULE: If multiple stereotypes appear, choose the one that appears
FIRST in the text.

PORTANT: End your response with ONLY the JSON output
rmat: JSON_OUTPUT: {"gs_value": X.XX, "gs_category":
|

xt to analyze: "{text}"

"category"}

1lowing the guidelines above

Does this text contain a gender stereotype?

How obvious/strong is it? (Consider: would most people recognize it?)
Which category does it belong to?

What GS value should it receive? (0.0 = nome, 1.0 = maximum)

ovide your analysis ending with: JSON_OUTPUT: {{"gs_value": <0.00-1.00>
"gs_category

_with_context: |
ntext: "{context}"
xt to analyze: "{text}"

1lowing the guidelines above and considering the context:

Does the main text contain a gender stereotype?

How does the context affect the interpretation?

How obvious/strong is the stereotype? (Consider
it?)

Which category does it belong to?

What GS value should it receive? (0.0 = none, 1.0 = maximum)

ovide your analysis ending with: JSON_OUTPUT: {{"gs_value":<0.00-1.00>,

"gs_category": "<role|personality|competence |physical|sexual |relational |no>"}}

(c) Zero-Shot Prompt 3 (CoNTINUOUS): Guidelines

<role|personality|competence|physical |sexual|relational|no>"}}

would most people recognize

syst.
Yo

Af
Fo,
user
An:

Te:

Fo
1.

@ s oW

ca

GS

Af

user.

An:

Co

Te:

Fo

J-NET I N

ca

GS

Af

syst.
se

11
1.
2.

CA’

VA

™
Fo
user
An;
"{

Te:

user.
An:

Co

Te:

™

Te:

em: |
u are an expert linguist specializing in gender stereotype detection in
Italian text.

ter your reasoning, you MUST end with ONLY the JSON output on a new line

rmat: JSON_OUTPUT: {"gs_value": X.XX, "gs_category": "category"}

o]

alyze the following Italian text for gender stereotypes using step-by-step
reasoning:

xt: "{text}"

1low these steps:
Identify if any gender-based generalizations are present
Determine if these generalizations are stereotypical
Assess the strength/obviousness of the stereotype
Classify the type of stereotype

Assign a numerical score

tegories:
role: What men/women should do/be (family roles, social expectations)
personality: Character traits by gender (emotional, rational, etc.)
competence: Ability judgments (STEM, leadership, sports)

physical: Appearance expectations (beauty, grooming, body)

sexual: Sexuality and sexual behavior norms

relational: Behavior in relationships and interactions

no: No stereotype present

value (0.0-1.0):
1.0 = Explicit, clear stereotype

0.75 = strong but may have slight ambiguity
0.50 = Moderate, some would debate

0.25 = Weak, subtle, or context-dependent
0.0 = No stereotype

ter your reasoning, provide ONLY: JSON_OUTPUT: {{"gs value": <0.0-1.0>
"gs_category": "<category>"}}

_with_context: |

alyze the following Italian text for gender stereotypes using step-by-step
reasoning. Consider the context provided

ntext: "{context}"

xt to evaluate: "{text}"

1low these steps:
Consider how the context frames the main text
Identify if any gender-based generalizations are present in the main text
Determine if these generalizations are stereotypical
Assess the strength/obviousness of the stereotype
Classify the type of stereotype
Assign a numerical score
tegories:

role: What men/women should do/be (family roles, social expectations)
personality: Character traits by gender (emotional, rational, etc.)
competence: Ability judgments (STEM, leadership, sports)

physical: Appearance expectations (beauty, grooming, body)

sexual: Sexuality and sexual behavior norms

relational: Behavior in relationships and interactions

no: No stereotype present

value (0.0-1.0):

1.0 = Explicit, clear stereotype

0.75 = Strong but may have slight ambiguity

0. Moderate, some would debate

0. Weak, subtle, or context-dependent

0.0 = No stereotype

ter your reasoning, provide ONLY: JSON_OUTPUT: {{"gs_value": <0.0-1.0>

"gs_category": "<category>"}}

(b) Zero-Shot Prompt 2 (ConTINUOUS): CoT

em: |
i un esperto di stereotipi di genere nella cultura e lingua italiana

tuo compito é analizzare testi brevi e identificare
I1 livello di stereotipo di genere (valore GS da 0.0 a 1.0)
La categoria dello stereotipo

TEGORIE :

role: Ruoli familiari e sociali (es. uomo capofamiglia, donna casalinga)

personality: Tratti emotivi/comportamentali (es. donna emotiva, uomo
razionale)

competence: Capacit‘a basate sul genere (es. uomini bravi in matematica)

physical: Aspetto fisico e cura personale (es. donne devono essere belle)

sexual: Comportamento sessuale (es. donna pura, uomo cacciatore)

relational: Dinamiche relazionali (es. uomo dominante, donna sottomessa)

no: Nessuno stereotipo presente

LORI GS:
1.0 = Stereotipo molto chiaro ed esplicito

0.75 = Stereotipo forte

0.50 = Stereotipo moderato, pud essere dibattuto

0.25 = Stereotipo debole o sottile

0.0 = Nessuno stereotipo

PORTANTE: Termina la risposta SOLO con 1’output JSON.

rmato: JSON_OUTPUT: {"gs_value": X.XX, "gs_category": "category"}
s

alizza questo testo italiano:

text}"

rmina con: JSON_OUTPUT: {{"gs_value": <0.0-1.0>, "gs_category":

"<role|personality|competence |physical|sexual |relational [no>"}}
_with_context: |
alizza questo testo italiano considerando il contesto fornito
ntesto: "{context}"
sto da valutare: "{text}"
[PORTANTE: Valuta il testo principale considerando il contesto fornito. Il
contesto aiuta a comprendere la situazione ma 1’analisi deve concentrarsi

sul testo principale.

rmina con: JSON_OUTPUT: {{"gs value": <0.0-1.0>, "gs_category":
"<role|personality|competence|physical |sexual|relational [no>"}}

(d) Zero-Shot Prompt 4 (ConTINUOUS): Italian

Figure 2: Zero-Shot ConTiNuous Classification Prompts.



system:
You are simulating a panel of 4 annotators evaluating gender stereotypes in
Italian text.

Some texts are clearly stereotypical (all would agree), others are ambiguous
(annotators may disagree).

Your task is to estimate how many of 4 annotators would identify a gender
stereotype.

Categories (choose ONE):

- role: Social roles men/women should have

- personality: Character/emotional traits by gender
- competence: Ability judgments based on gender

- physical: Appearance/body expectations

sexual: Sexual behavior and attitudes

- relational: Relationship dynamics and expectations
- no: No stereotype present

IMPORTANT: End your response with ONLY the JSON output

Format: JSON_OUTPUT: {"gs_value": X.XX, "gs_category": "category"}
user: |
Text: "{text}"

Think like 4 different annotators:

- Annotator 1: Very sensitive to subtle stereotypes

- Annotator 2: Moderately sensitive, needs clearer signals
Annotator 3: Moderately sensitive, context matters

- Annotator 4: Only identifies explicit stereotypes

For each annotator, would they say "yes, this is a stereotype" or "no"?

Count the "yes" responses

- 4 yes gs_value = 1.0
- 3 yes gs_value = 0.75
- 2 yes gs_value = 0.50
- 1 yes gs_value = 0.25
- 0 yes gs_value = 0.0

Then classify the category (if stereotype present).

End with: JSON_OUTPUT
user_with_context: |
Context: "{context}"

{{"gs_value": <0.0-1.0>, "gs_category": "<category>"}}

Text to evaluate: "{text}"

Consider the context when evaluating. Think like 4 different annotators:
- Annotator 1: Very sensitive to subtle stereotypes

- Annotator 2: Moderately sensitive, needs clearer signals

- Annotator 3: Moderately sensitive, context matters

- Annotator 4: only identifies explicit stereotypes

For each annotator, considering the context, would they say "yes, this is a
stereotype" or "no"?

Count the "yes" responses

- 4 yes gs_value = 1.0
- 3 yes gs_value = 0.75
- 2 yes gs_value = 0.50
- 1 yes gs_value = 0.25
- 0 yes gs_value = 0.0

Then classify the category (if stereotype present).

End with: JSON_OUTPUT: {{"gs_value": <0.0-1.0>, "gs_category": "<category>"}}

(e) Zero-Shot Prompt 5 (CoNTINUOUS): Perspectivist

system: |
You are an expert in detecting gender stereotypes in Italian text
Your task is to analyze texts and provide two outputs
1. A GS value (0.0 to 1.0) indicating the degree of gender stereotype present
2. The category of stereotype if present

GS Vvalue Scale:

- 0.0 = No stereotype

0.25 = Weak stereotype (1 of 4 annotators would identify it)

- 0.50 = Moderate stereotype (2 of 4 annotators would identify it)
0.75 = Strong stereotype (3 of 4 annotators would identify it)
1.0 = Very strong stereotype (all annotators would identify it)

Categories:

- role: Social/cultural expectations about what men/women should do
- personality: Emotional/behavioral traits assigned by gender

- competence: Judgments about abilities based on gender

- physical: Expectations about appearance and body

- sexual: Attitudes about sexuality and sexual behavior
- relational: How genders should behave in relationships
- no: No stereotype present

Here are some examples:
{examples}

IMPORTANT: Respond ONLY with the JSON output. Do not include any explanations
before or after.
Format your response EXACTLY as: JSON_OUTPUT:
"gs_category": "category"}}
user: |
Now analyze this Italian text for gender stereotypes:

{{"gs_value": X.XX,

Text: "{text}"

Provide your analysis as JSON_OUTPUT: {{"gs_value":<number between 0.0 and

1.0>,"gs_category":
"<role|personality|competence |physical|sexual |relational [no>"}}

(f) Few-Shot Prompt 1 (CoNTINUOUS): Direct

Figure 2: Additional zero-shot ConTiNuous Classification Prompts, and an example of few-shot (f).
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system: |
You are an expert in detecting gender stereotypes in Italian.

TASK: Determine if the text contains a gender stereotype (0 = no, 1 = yes)

STEREOTYPE = 1 when the text makes claims about "men" or "women" in general
with stereotypical patterns.

- Are like: "Gli uomini sono razionali"

- should do: "Le donne devono occuparsi della casa"

- cannot do: "Un uomo non pud essere sensibile"

STEREOTYPE 0 when the text describes:

- Specific individuals: "Una donna entra nel negozio"

- Defined subgroups: "Gli uomini della mia famiglia"

- Gender mention without generalization: "Il ragazzo serve al tavolo"

CATEGORIES (select only the FIRST category that appears in the text):
- role: Family/social roles and expectations

- personality: Character traits (emotional, rational, etc.)

- competence: Abilities (STEM, leadership, sports, etc.)

- physical: Appearance expectations

sexual: Sexuality and behavior norms

relational: Relationship behaviors

- no: Use only when stereotype = 0

OUTPUT FORMAT:

{"stereotype": 0, "category": "no"}

Evaluate ONLY the given text. Do not infer missing context.

user: |

Analyze this ITtalian text for gender stereotype:
TEXT: "{text}"
JSON_OUTPUT: {{"stereotype":

<0 or 1>, "category": "<category>"}}

user_with_context: |

Analyze this Ttalian text for gender stereotype within the provided context.
CONTEXT: "{context}"
TEXT: "{text}"

Evaluate ONLY the main text. Context is for interpretation, not
classification.
JSON_OUTPUT: {{"stereotype":

<0 or 1>, "category": "<category>"}}

(a) Zero-Shot Prompt 1 (BINARY): Direct

system:

You are an expert in detecting gender stereotypes in Ttalian.
TASK: Determine if the text contains a gender stereotype (0 = no, 1 = yes)

STEREOTYPE = 1 when the text makes claims about "men" or "women" in general.
- Are like: "Gli uomini sono razionali"

- Should do: "Le donne devono occuparsi della casa"

- Cannot do: "Un uomo non pud essere sensibile"

STEREOTYPE = 0 when the text describes:

- Specific individuals: "Una donna entra nel negozio"

- Defined subgroups: "Gli uomini della mia famiglia"

- Gender mention without generalization: "Il ragazzo serve al tavolo"

CATEGORIES (select only the FIRST category that appears in the text):

1. ROLE STEREOTYPES
- Men: breadwinners, heads of household, financial support, protection
- Women: mothers, housewives, child-rearing, domestic work
- Note: Work aspects usually fall under "competence"

2. PERSONALITY STEREOTYPES
- Women: empathetic, sensitive, emotional, indecisive, caring
- Men: strong, assertive, rational, confident, unemotional
- Includes gendered insults (e.g., "femminuccia", "avere le palle")

3. COMPETENCE STEREOTYPES
- Women: suited for humanities, supportive roles
- Men: skilled in STEM, logic, technology, leadership
- Includes sports, games, professional abilities

4. PHYSICAL STEREOTYPES
- Women: slim, young, attractive, well-groomed (judged harshly)
- Men: robust, can be scruffy (more accepted)
- IMPORTANT: Comments on appearance are stereotypes when contextually
irrelevant

5. SEXUAL STEREOTYPES
- Women: passive, pure, judged for sexual freedom
- Men: active, "hunters", naturally sexual
- Includes sexual insults like "puttana", "zoccola", "figlio/a di puttana"

6. RELATIONAL STEREOTYPES
- Women: caring, faithful, need protection, submissive
- Men: dominant, autonomous, emotionally detached
- Includes judgments about singlehood, marriage motivations, legal bias
claims

OUTPUT FORMAT:

{"stereotype": 0, "category": "no"}

Evaluate ONLY the given text. Do not infer missing context.

user: |

Analyze this Ttalian text for gender stereotype:
TEXT: "{text}"
JSON_OUTPUT: {{"stereotype":

<0 or 1>, "category": "<category>"}}

user_with_context: |

Analyze this Italian text for gender stereotype within the provided context.
CONTEXT: "{context}"

TEXT: "{text}"

Evaluate ONLY the main text. Context is for interpretation, not classification.

JSON_OUTPUT: {{"stereotype": <0 or 1>, "category": "<category>"}}

(c) Zero-Shot Prompt 3 (BINARY): Guidelines

Figure 3: Zero-Shot BINARY Classification Prompts.
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system:

You are an expert in detecting gender stereotypes in Ttalian.

After your reasoning, you MUST end with ONLY the JSON output on a new line.
Format: JSON_OUTPUT: {"stereotype": 0, "category": "no"}

user: |

Analyze the following Italian text for gender stereotypes using step-by-step
reasoning:

TEXT: "{text}"

Follow these steps:

1. Identify if any gender-based generalizations are present
2. Determine if these generalizations are stereotypical

3. Classify the type of stereotype if present

4. Make a binary decision (stereotype present or not)

Binary Classification:
- stereotype = 1: Gender stereotype IS present
- stereotype = 0: Gender stereotype is NOT present

Categories:

- role: What men/women should do/be (family roles, social expectations)
personality: Character traits by gender (emotional, rational, etc.)
competence: Ability judgments (STEM, leadership, sports)

- physical: Appearance expectations (beauty, grooming, body)

- sexual: Sexuality and sexual behavior norms

- relational: Behavior in relationships and interactions

No stereotype present

- no:

After your reasoning, provide ONLY: JSON_OUTPUT: {{"stereotype": <0 or 1>,
"category": "<category>"}}

user_with_context:

Analyze the following Italian text for gender stereotypes using step-by-step
reasoning. Consider the context provided.

CONTEXT: "{context}"
TEXT: "{text}"

Follow these steps:

1. Consider how the context frames the main text

Identify if any gender-based generalizations are present in the main text
Determine if these generalizations are stereotypical

Classify the type of stereotype if present

Make a binary decision (stereotype present or not)

Gosow o

Binary Classification:
- stereotype = 1: Gender stereotype IS present
- stereotype = 0: Gender stereotype is NOT present

Categories:

- role: What men/women should do/be (family roles, social expectations)
- personality: Character traits by gender (emotional, rational, etc.)
- competence: Ability judgments (STEM, leadership, sports)

- physical: Appearance expectations (beauty, grooming, body)

- sexual: Sexuality and sexual behavior norms

- relational: Behavior in relationships and interactions

- no: No stereotype present

After your reasoning, provide ONLY: JSON_OUTPUT: {{"stereotype":
"category": "<category>"}}

(b) Zero-Shot Prompt 2 (BINARY): CoT

<0 or 1>,

system: |

Sei un esperto nel rilevamento di stereotipi di genere in italiano.

Determina se il testo contiene uno stereotipo di genere (0 = no, 1 =

STEREOTIPO = 1 quando il testo fa affermazioni su "uomini” o "donne" in
generale.

- Sono come: "Gli uomini sono razionali

- Dovrebbero fare: "Le donne devono occuparsi della casa"

- Non possono fare: "Un uomo non pud essere sensibile"

STEREOTIPO = 0 quando il testo descrive:

- Individui specifici: "Una donna entra nel negozio"

- Sottogruppi definiti: "Gli uomini della mia famiglia"

- Menzione del genere senza generalizzazione: "Il ragazzo serve al tavolo"

CATEGORIE (seleziona solo la PRIMA categoria che compare nel testo):
- role: Ruoli e aspettative familiari/sociali

personality: Tratti caratteriali (emotivo, razionale, ecc.)
competence: Abilit‘a (STEM, leadership, sport, ecc.)

- physical: Aspettative sull’aspetto fisico

- sexual: Sessualit‘a e norme comportamentali

- relational: Comportamenti nelle relazioni
- no: Usa solo quando stereotype = 0

FORMATO OUTPUT:

{"stereotype": 0, "category": "no"}

valuta SOLO il testo fornito. Non inferire contesto mancante.

user: |

Analizza questo testo italiano per rilevare stereotipi di genere:
TESTO: "{text}"
JSON_OUTPUT: {{"stereotype":

<0 0 1>, "category": "<categoria>"}}

user_with_context: |

Analizza questo testo italiano per rilevare stereotipi di genere nel contesto
fornito.

CONTESTO: "{context}"
TESTO: "{text}"

Valuta SOLO il testo principale.
per la classificazione.

I1 contesto serve per 1’interpretazione, non

JSON_OUTPUT: {{"stereotype": <0 o 1>, "category": "<categoria>"}}

(d) Zero-Shot Prompt 4 (BINARY): Italian



Table 10 Table 11
Pairwise agreement of the Main Task (our annotations). Pairwise agreement of the Subtask (our annotations).

Ann_A Ann_B N Cohen’s s Ann_A Ann_B N Cohen’s
*Al *A2 200 0.4505 *Al *A2 80 0.555
*Al *A3 200 0.5697 *Al *A3 96 0.594
*Al *Ad 200 0.6139 *A1 *A4 114 0.495
*A2 *A3 200 0.5635 *A2 *A3 79 0.479
*A2 *Ad 200 0.3891 *A2 *Ad 84 0.390
*A3 *Ad 200 0.4901 *A3 *A4 100 0.564

C. Additional Human Annotation Experiment

In this section, we describe an additional annotation experiment. By following the guidelines provided
by the organizers, four Italian native speakers (co-authors of this paper) have annotated the 200 texts
of the dev set. This work has been conducted to explore the subjective nature of the social phenomena
the task is trying to model, i.e., identifying if a text contains a gender stereotype and of which kind.
To quantify the agreement between annotators, we compute Cohen’s . Table 10 reports the pairwise
agreement for the main task, i.e., has_stereotype: YES/NO (binary), for the total of 200 instances, while
Table 11 reports the agreement for the subtask, i.e, the stereotype categories (multiclass), for 68 texts.’
Annotators are indicated with * to denote they are not the official annotators, but members of our team.
The agreement scores are consistently higher than 0.45, indicating a moderate agreement: the highest
score is reached for the main task (0.61). We point out one notable exception: in both tasks, the same
pair of annotators register the lowest agreement (0.39). In order to better understand what caused such
misalignment, a collaborative approach was taken during a group meeting to share general insights,
ensuring that any disagreements were addressed through discussions and ultimately resolved through
consensus. In the following, we report considerations that emerged from this collective manual review.
We first highlight a clear tendency: one annotator assumed an over-identification position identifying
an over-presence of stereotypes; while the other adopted the opposite, under-estimating their presence.

Example 1

IT: Madonna che strOnza acida questa [USER] di questo profilo. Ma che cazz0 ci campi a fare?

EN: Holy cow, what a sour bitch this [USER] on this profile is. What the hell are you doing here?

This frequent pattern and the great subjectivity of the task itself, prompted us to question what
we are truly modeling, and, in relation to the real-world application, if we are interested in limiting
false negatives or maximizing true positives.

We acknowledge the strong subjective and ideological nature of the task, which could lead to marking
as stereotype texts that express a dissonant belief or faulty stance with respect to the annotator’s
perspective, or, similarly, to not properly recognize a stereotype if the annotator agreed with the position
expressed. We recognize the crucial role of the context to support the annotation. Indeed, in several
instances, the content was labeled as stereotypical strictly in relation to the context (which was
sometimes provided and often times was not).

| Example 2 !

IT: [Commento a post dalla dicitura "Quale sarebbe la tua reazione se adesso scoprissi di essere incinta??"] Vorrei
tantissimo una femminuccia xké ho tre bellissimi maschietti ma ho paura,paura del 4 maschio,ho paura del giudizio della
famiglia...insomma non sarei felicissima

EN: [Comment on a post with the caption "What would be your reaction if you found out you were pregnant
now?"] I would really like a girl because | have three beautiful boys but I'm scared, scared of the fourth boy, scared of the
family’s judgement...in short, | wouldn’t be very happy

68 were the common instances to compare where all annotators have labeled a category within the subtask.
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In the absence of the preceding conversational or descriptive context, identifying a text as stereotypical
becomes a very challenging (and arbitrary) task. In several cases, utterances that were trying to
counter a stereotype were expressing stereotypes themselves: this particular but frequent scenario
caused a different interpretation of the guidelines.

Example 3

IT: Anche le figlie se si sposano e vanno in altra citta, quando hanno i figli non le senti e non le vedi,e questione di carattere,
donne ho uomini e lo stesso.

EN: Even daughters, if they get married and go to another city, when they have children you don’t hear from
them or see them, it’s a question of character, women and men are the same.

Moreover, the use of irony and/or sarcasm complicated stereotype identification, as stereotypical
content may be expressed implicitly while simultaneously being challenged or mocked.

| Example 4 !

IT: [Commento ad articolo con titolo “Non esistono due cervelli, maschile e femminile. Il cervello ¢ plastico e
plasmato dall’ambiente”.] Al Festivaletteratura di Mantova la neuroscienziata Martina Ardizzi, docente all’Universita
di Padova, ha spiegato che differenze considerate biologiche, come emozioni, abilita spaziali o matematiche, dipen-
dono in realta dalla socializzazione. ...pero il cervello, quando é nella testa di una donna, diventa miracolosamente... migliore!

EN: [Comment on an article titled "There are not two brains, male and female. The brain is plastic and shaped
by the environment."] At the LiteratureFestival in Mantua, neuroscientist Martina Ardizzi, a professor at the University of
Padua, explained that differences considered biological, such as emotions, spatial abilities, or mathematical abilities, are
actually the result of socialization. ...but the brain, when it’s in a woman’s head, miraculously becomes... better!

Regarding the categories proposed by the guidelines, we noticed that (1) occasionally the available
categories did not cover the angle of the stereotype expressed, and (2) the difficulty of assigning only
one category when overlapping dimensions were present. These two factors could potentially lead to
inconsistent annotations, inconsistent data, and ultimately inconsistent models. Finally, in multiple
samples, the stereotype identification was rooted in the literal reading of the text, but rather it was
implicit: recognizing it involved several logical inferences. On this aspect, it would be an added value
for the data to ask annotators to (1) highlight the span of text expressing the stereotype (i.e., a rationale),
and (2) to write down the implicit belief underlying the text, as performed by Sap et al. [33].

| Example 5 !

IT: Ma trovo vergognoso strumentalizzare questa storia per farne I’ ennesimo dogma ideologico per giustificare la violenza
con cui le neo femministe rivendicano determinati torti. Accusando TUTTI i maschi indistintamente...

EN: But [ find it shameful to exploit this story to make it yet another ideological dogma to justify the violence
with which neo-feminists claim certain wrongs. Accusing ALL men without distinction...

Overall, these observations confirm that identifying and categorizing stereotypes is a highly chal-
lenging task even for humans. Consequently, expecting models to learn this phenomenon reliably from
imperfect and subjective annotations represents a sensitive direction.

We release our additional annotations publicly to support future research. For example, these
annotations could be used to estimate a more robust GS Value by aggregating binary gender-stereotype
labels from eight annotators instead of four, thereby better capturing the diversity and subjectivity of
the task. Additionally, agreement on the development set between the original annotators (Table 8) was
slightly higher than the agreement among the new annotators (Table 10). It would be interesting to
investigate whether this difference affects model behavior and performance, and if so, to what extent.®

5The additional annotations are available at: https://github.com/grecosalvatore/StereoBusters-GSI-Detect-Evalita2026.
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Abstract

We present a comparative study of two approaches for automated gender stereotype detection in Italian text:
persona-based modeling that simulates human annotator perspectives through psychological profiling, and
few-shot learning using annotated examples. Our persona-based approach employs the Persona-based Judgment
(PB&]J) framework, which integrates established psychological constructs including Big Five personality traits,
Schwartz values, and Primal World Beliefs to create synthetic annotator profiles. We submitted six runs: one
aggregating four personas, four individual persona runs, and one few-shot baseline. Personas exhibited distinct
detection behaviors (detection rates: 17-29%) but all under-detected stereotypes relative to the gold standard
(70.1% stereotypical content). The few-shot approach outperformed persona runs on both the main task (intensity
regression: NMSE 0.7041 vs. 2.04-2.24) and subtask (category classification: F1 Macro 0.6115 vs. 0.17-0.29).
Persona modeling captures annotator variation but requires example-based calibration to match task conventions.

Keywords
gender stereotype detection, LLM personas, PB&]J framework, few-shot learning, Italian NLP

1. Introduction

Gender stereotypes have shaped social discourse for centuries [1]. Social media has amplified stereotypi-
cal content [2], making automated detection both a social imperative and a computational challenge [3].

The Natural Language Processing (NLP) community has responded with corpora for probing bias
in word embeddings [4], datasets for sexism detection [5], and evaluation frameworks for measuring
stereotypical associations in language models [6]. Shared evaluation campaigns have emerged as key
venues, including the NLPCC 2025 Gender Bias Mitigation Challenge for Chinese [7] and the GSI:detect
task [8] at EVALITA 2026 [9] for Italian.

Gender stereotype detection is inherently subjective: legitimate disagreement among annotators
reflects differences in interpretation, background, and sensitivity [10, 11]. Annotator characteristics
significantly influence detection outcomes [12, 7], and GSI:detect embraces this by preserving individual
judgments rather than collapsing them through majority voting.

We participated in GSI:detect with two approaches, motivated by the data harmonization literature
emphasizing that consistency between sources is essential for valid predictions [13]:

1. Persona-based zero-shot: Constructing LLM personas using Persona-based Judgment (PB&]J)
framework [14] to match the demographic profile of the original annotators (three female, one
male; ages 20-47) as much as possible.

2. Few-shot learning: Calibrating predictions using 35 stratified examples from the development
data to align with annotation conventions.

Code and outputs are available at https://github.com/ClaZaghi/gsi_detect_evalita2026_prisma.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26 — 27, Bari, IT
& cla.zaghi@gmail.com (C. Zaghi)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
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2. Task and Data

The GSI:detect task focuses on gender stereotype detection in Italian short texts, adopting a perspectivist
approach that preserves annotator disagreement rather than collapsing it through majority voting [15].
The task is articulated in two subtasks:

Main task (GS Detection): A regression task requiring systems to predict a GS value in [0,1]
quantifying the degree of stereotypical content. Values are computed from four independent binary
annotations: complete agreement yields 0 or 1, while disagreement produces intermediate values (e.g.,
0.25, 0.50, 0.75).

Subtask (GS Classification): A multi-class classification task requiring systems to assign texts to
one of six stereotype categories: role, personality, competence, physical, sexual, and relational.

2.1. Dataset

The organisers provided approximately 1,000 Italian short texts collected from social media and infor-
mative websites, including both formal and informal language. The dataset is split as 20% development
data and 80% test data. Each instance includes the text, individual annotations from four annotators,
the aggregated GS value, the GS category, and a context flag indicating whether additional contextual
information is provided. All four annotators are Italian native speakers, cisgender, and sensitive to
gender-related issues; their demographic profile (three female, one male; ages 20-47; Master’s or PhD
level) is detailed in Section 3.1.

2.2. Additional Resources

We adopted a closed-task setting, using no external training data or additional resources beyond
the provided development set. Our few-shot system (Run 6) used 35 stratified examples from the
development data, while persona-based systems (Runs 1-5) operated in a zero-shot setting.

All prompts were written in Italian and incorporated the annotation guidelines provided by the task
organizers (see Appendix C for complete prompts).

3. System Description

3.1. Persona Construction with PB&) Framework

Our primary design goal was matching synthetic LLM personas to GSI:detect annotator demographics:
four Italian native speakers (three female, one male; ages 20-40+; Master’s or PhD level) [8]. Since
annotator identities were anonymized, demographic matching served as a proxy for preserving annotator
diversity [13].

We linked demographic attributes to expected behavioral patterns (e.g., older annotators with more
conservative thresholds) and applied the PB&J [14] to structure personas around three psychological
dimensions:

+ Big Five Personality Traits [16]: Conservative annotators received medium openness and
high conscientiousness; sensitive annotators received very high openness with medium-high
conscientiousness.

+ Schwartz Values [17]: Conservative annotators emphasized tradition, security, and conformity;
sensitive annotators prioritized self-direction and universalism.

« Primal World Beliefs [18]: Conservative annotators held higher “safe world” beliefs (higher
evidence thresholds); sensitive annotators held lower beliefs (increased vigilance toward implicit

bias).

Each persona included an Italian-language annotation rationale and experiential narrative grounded
in these psychological dimensions. Complete persona definitions are provided in Appendix B.
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Table 1 summarizes the four personas.

Table 1

PB&J persona profiles for Runs 1-5.
Attribute A B C D
Type Balanced  Traditional  Sensitive  Academic
Gender Female Male Female Female
Age 35 47 26 29
Education Master’s Master’s Master’s PhD
Openness Med-High Medium Very High  Very High
Conscientiousness High Very High  Med-High High
Key Values Universal.  Tradition Self-dir. Self-dir.
Safe World Med-High High Med-Low Low

3.2. Implementation

We submitted six runs using Claude 3.5 Sonnet via AWS Bedrock: five zero-shot persona-based runs and
one few-shot baseline. All prompts were written in Italian and incorporated the annotation guidelines
provided by task organizers in Italian (see Appendix A).

3.3. Run 1: Aggregated Personas (Zero-Shot)

All four personas defined in Appendix B annotated the test units independently, providing a binary
judgment (stereotype present: yes/no). The final gs_value was computed as the proportion of personas
detecting a stereotype, yielding values in {0.00, 0.25, 0.50, 0.75, 1.00}. Predictions were parallelized with
16 texts processed concurrently, each spawning 4 annotator threads.

3.4. Runs 2-5: Individual Personas (Zero-Shot)

Each run used a single persona predicting independently. For each text, the persona provided a binary
stereotype judgment (yes/no), a category prediction, and an intensity estimate on a four-point scale
for positive detections: 0.33 (slight/doubtful), 0.67 (moderate/clear), or 1.00 (strong/explicit). Negative
detections received gs_value 0.00. Temperature parameters were calibrated to each persona’s expected
consistency, with lower temperatures for more conservative annotators:

« Run 2: Persona A (Balanced) — Temperature 0.5

« Run 3: Persona B (Traditional) — Temperature 0.3
« Run 4: Persona C (Sensitive) — Temperature 0.7

« Run 5: Persona D (Academic) — Temperature 0.8

Complete persona definitions are provided in Appendix B. We discuss potential confounds from
temperature variation and output scale choice in Section "Limitations".

3.5. Run 6: Few-Shot Baseline

The baseline used standard few-shot prompting with the translated annotation guidelines and 35
stratified examples, but without persona framing. Examples were drawn from the development set (5
per category, including “no stereotype”) using a fixed random seed, with order randomized for each
prediction to reduce position bias. Temperature was set to 0.3. This run represents a closed-task setting
with no external resources.
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4. Results

4.1. Main Task: Stereotype Intensity Regression

The few-shot baseline outperformed all zero-shot persona runs on the regression task (NMSE 0.7041 vs.
2.04-2.24). Table 2 presents the main task results.

Table 2

Main task (regression) results on GSl:detect test set (810 samples).
Run Approach NMSE MSE  Rank
Run1  Aggregation (four-persona ensemble) 21152 0.3776  52/54
Run2  Persona A 2.0382  0.3639  50/54
Run 3  Persona B 2.2409  0.4001  54/54
Run4  Persona C 21134  0.3773  51/54
Run5  Persona D 22322 0.3985 53/54
Run 6 Few-shot 0.7041 0.1257 20/54

Among zero-shot runs, results were mixed: Personas A and C slightly outperformed the aggregated
four-persona ensemble (NMSE 2.0382 and 2.1134 vs. 2.1152), while Personas B and D underperformed
(2.2409 and 2.2322). All zero-shot NMSE values exceeded 1.0, indicating performance worse than a
baseline predicting the mean.

4.2. Subtask: Stereotype Category Classification

The few-shot baseline dominated the classification subtask, achieving first place among the 12 partici-
pating teams (F1 Macro 0.6115). Table 3 presents classification results.

Table 3

Subtask (classification) results on GSl:detect test set.
Run Approach F1 Macro Rank
Run1  Aggregation (four-persona ensemble) 0.2896 39/47
Run2  Persona A 0.2358 44/47
Run 3 Persona B 0.1778 45/47
Run4  Persona C 0.2291 43/47
Run5  Persona D 0.1711 46/47
Run 6 Few-shot 0.6115 1/47

The aggregated four-persona ensemble outperformed all single-persona runs on classification (F1
0.2896 vs. 0.1711-0.2358). Unlike the main regression task, where outputs from single personas proved
more effective, classification benefits from pooling diverse viewpoints to disambiguate overlapping
categories.

Category detection difficulty varied with linguistic explicitness. Table 4 shows per-category F1 for
Run 6 (few-shot), showing that concrete categories (e.g., physical) were easier to detect than implicit
ones (e.g., relational). Table 4 shows per-category F1 for the best-performing run (Run 6).

5. Discussion

5.1. Detection Rate Analysis

We define detection rate as the percentage of texts a system classifies as containing stereotypes (i.e.,
gs_value > 0). Table 5 shows that all persona runs, both single and aggregated, systematically under-
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Table 4
Per-category F1 scores for Run 6 (Few-shot).

Category F1 Precision Recall
physical 0.8404 0.8061 0.8778
role 0.7580 0.7411 0.7757
competence  0.7232 0.7788 0.6750
sexual 0.7143 0.7353 0.6944
personality  0.6757 0.6579 0.6944
relational 0.5690 0.7333 0.4648

detected stereotypes relative to the test data. The few-shot approach achieved 82.6% detection, substan-
tially closer to the test data (70.1% stereotypical content), demonstrating effective threshold calibration
through in-context examples.

Table 5
Stereotype detection rates across runs.
Run No Stereotype Stereotype Detection Rate
Run 5: Persona D 669 141 17.4%
Run 3: Persona B 645 165 20.4%
Run 2: Persona A 629 181 22.3%
Run 1: Aggregation (four-persona ensemble) 607 203 25.1%
Run 4: Persona C 575 235 29.0%
Gold Standard 242 568 70.1%
Run 6: Few-shot 141 669 82.6%

Despite poor absolute performance, personas demonstrated behavioral differentiation. Persona
B (conservative, high safe-world beliefs) achieved 20.4% detection, while Persona C (sensitive, low
safe-world beliefs) achieved the highest rate at 29.0%. Persona D’s low detection rate (17.4%) despite
a sensitive profile may reflect multiple factors: (1) its high temperature setting (0.8) increased output
variability; (2) sequential processing meant Persona D ran last, potentially encountering rate limiting;
and (3) post-processing rules defaulted unparseable JSON responses to non-detection (gs_value = 0).

5.2. Limitations

Our study has several limitations that should be considered when interpreting results.

« Output scale mismatch. Individual persona runs used a four-point scale ({0, 0.33, 0.67, 1.0})
while gold standard values, derived from four binary annotations, can only take values in {0,
0.25, 0.50, 0.75, 1.0}. This mismatch introduced irreducible error. However, this effect was minor
relative to under-detection errors.

« Temperature confounds. Varying temperature settings across personas (0.3-0.8) confound
interpretation of behavioral differences. Observed variation in detection rates may reflect tem-
perature effects rather than psychological profile differences. Future work should isolate these
factors by testing personas at fixed temperatures.

+ Persona D anomaly. Persona D achieved the lowest detection rate (17.4%) despite having the
most sensitive psychological profile (low safe-world beliefs, very high openness). This unexpected
result may stem from its high temperature setting (0.8) introducing excessive randomness, or
from rate limiting during sequential API calls causing degraded responses. We cannot distinguish
between these explanations with current data.

+ Persona validation. Mappings from demographics to psychological profiles were based on
design assumptions, not empirically validated against actual annotator behavior.
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« Single model and language. All experiments used Claude 3.5 Sonnet; results may not generalize
to other LLMs. Additionally, the PB&J framework and psychological instruments were developed
in English-language contexts, potentially limiting effectiveness for Italian annotation conventions.

6. Conclusion

We presented Team Prisma’s systems for the GSl:detect task at EVALITA 2026, comparing
psychologically-grounded personas constructed with the PB&J framework against a few-shot baseline.

The few-shot system substantially outperformed all persona-based runs, ranking 20th of 54 on
regression (NMSE 0.7041) and first among the 12 participating teams on classification (F1 Macro 0.6115).
Among zero-shot approaches, we observed task-dependent trade-offs: single personas achieved lower
regression error through continuous intensity outputs, while aggregating multiple personas improved
classification by pooling diverse perspectives.

All persona runs systematically under-detected stereotypes (17.4%-29.0% vs. 70.1% gold standard),
confirming that demographic alignment alone cannot replace task-specific calibration. Nevertheless,
the 11.6% point spread between personas validates the PB&]J framework’s ability to induce distinct
behavioral patterns aligned with psychological profiles.

Future work will explore hybrid approaches combining persona diversity with few-shot calibration,
aiming to capture legitimate annotator disagreement while achieving competitive absolute performance.
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A. Annotation Guidelines

All prompts incorporated the following Italian annotation guidelines, adapted from the task organizers’
original guidelines. These were included verbatim in all persona-based and few-shot prompts.
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Listing 1: Italian annotation guidelines included in all prompts

LINEE GUIDA - Categorie di Stereotipi

Gli stereotipi di genere sono credenze rigide e generalizzate riguardo
ai ruoli, comportamenti, abilita o caratteristiche che uomini e donne
"dovrebbero" avere in base al loro sesso o genere.

Ogni esempio deve essere assegnato a una sola categoria, anche se nello
stesso testo compaiono piu stereotipi.

Regola generale: se nello stesso esempio compaiono diverse categorie di
stereotipi, gli annotatori devono selezionare la categoria che appare
per prima nel testo.

Esempio:

"Le donne sono troppo emotive per essere buone leader, e gli uomini
dovrebbero sempre mantenere la famiglia."

-> Contiene sia stereotipo di competenza che di ruolo, ma poiche lo
stereotipo di competenza appare per primo, deve essere assegnato alla
categoria "Competenza".

NB: Nel caso dei commenti, e importante considerare se il commento e

pertinente al contesto.

- Se qualcuno commenta 1l’aspetto fisico di una donna in un contesto in
cui e irrilevante (es. durante un discorso politico) -> stereotipo

- Se 1’aspetto e contestualmente rilevante (es. commento sull’outfit
in una sfilata di moda) -> non stereotipo

1. Stereotipi di Ruolo (role)

Aspettative sociali e culturali che definiscono quali ruoli familiari

o sociali sono "appropriati" per uomini e donne.

- Uomini: capifamiglia, responsabili del sostegno economico, della
protezione e delle decisioni familiari.

- Donne: madri, casalinghe, responsabili della cura dei figli e del
lavoro domestico.

2. Stereotipi di Personalita (personality)

Attribuzione di tratti emotivi o caratteriali basati sul genere.
Include insulti: "femminuccia", "checca isterica", "frocio", "fighette"
per uomini; "avere le palle", "donna con le palle" per donne.

- Donne: empatiche, sensibili, dolci, premurose, emotive, indecise.

- Uomini: forti, assertivi, autorevoli, razionali, poco emotivi.

3. Stereotipi di Competenza (competence)

Giudizi generalizzati sulle abilita professionali, intellettuali o

fisiche basati sul genere. Include STEM, sport, scacchi.

- Donne: adatte alle materie umanistiche, ruoli di supporto.

- Uomini: naturalmente portati per scienza, logica, tecnologia, leadership.

4. Stereotipi Fisici (physical)

Aspettative relative al corpo, all’aspetto e alla cura di se.

- Donne: magre, giovani, attraenti, curate. Giudicate piu severamente.
- Uomini: robusti, trasandati, "accettabili cosi come sono."

5. Stereotipi Sessuali (sexual)

Stereotipi relativi al desiderio, sessualita e comportamento sessuale.
SEMPRE include: "puttana", "zoccola", "troia" (anche come sinonimo di
"stronza"). Anche "figlio/a di puttana" rientra qui.

- Donne: passive, pure, giudicate per la liberta sessuale.

- Uomini: attivi, "cacciatori", naturalmente portati al sesso.

6. Stereotipi Relazionali (relational)

Modelli rigidi di comportamento nelle relazioni interpersonali e
romantiche. Include: "zitelle" vs "scapoli", matrimoni per soldi,
bias legali ("privilegi femminili").

- Donne: premurose, fedeli, bisognose di protezione, sottomesse.

- Uomini: dominanti, competitivi, autonomi, emotivamente distaccati.
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B. Complete Persona Definitions

Table 1 in the main text summarizes persona demographics and psychological profiles. Below we
provide the complete Italian-language definitions used in the prompts.

B.1. Persona A (Balanced)

Listing 2: Persona A complete definition

PROFILO PERSONALE

DATI DEMOGRAFICI:

- Genere: femmina

- Eta: 35 anni

- Formazione: laurea magistrale
- Provenienza: Nord Italia

- Background religioso: No

PERSONALITA (Big Five):

- openness: medio-alto

- conscientiousness: alto

- extraversion: medio

- agreeableness: medio-alto
- neuroticism: basso

VALORI (Schwartz):
- universalismo, benevolenza, sicurezza

PRIMAL WORLD BELIEFS:
- safe_world: medio-alto
- enticing_world: medio
- alive_world: medio

IL TUO APPROCCIO ALL’ANNOTAZIONE:

Applico una valutazione equilibrata degli stereotipi di genere,
identificando quelli espliciti con coerenza. La mia formazione in
scienze sociali e la mia esperienza professionale mi permettono di
riconoscere gli stereotipi evidenti mantenendo un approccio critico
ma non eccessivamente rigido. Valuto il contesto e 1’intenzionalita
del messaggio.

ESPERIENZE:
Lavoro nel settore dell’educazione e ho esperienza diretta con
questioni di genere.

B.2. Persona B (Traditional)

Listing 3: Persona B complete definition

PROFILO PERSONALE

DATI DEMOGRAFICI:

- Genere: maschio

- Eta: 47 anni

- Formazione: laurea magistrale
- Provenienza: Centro Italia

- Background religioso: Si

PERSONALITA (Big Five):

- openness: medio

- conscientiousness: molto alto
- extraversion: medio-basso

- agreeableness: medio-alto

- neuroticism: basso

VALORI (Schwartz):
- tradizione, sicurezza, benevolenza, conformita

PRIMAL WORLD BELIEFS:
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- safe_world: alto
- enticing_world: medio-basso
- alive_world: medio

IL TUO APPROCCIO ALL’ANNOTAZIONE:

Richiedo prove esplicite e chiare per identificare uno stereotipo di
genere. La mia esperienza professionale e il mio approccio metodico mi
portano a distinguere tra commenti infelici e veri stereotipi dannosi.
Preferisco essere conservativo nelle mie valutazioni per evitare false
accuse.

ESPERIENZE:
Sono cresciuto in un contesto tradizionale ma ho sempre cercato di
essere aperto al cambiamento.

B.3. Persona C (Sensitive)

Listing 4: Persona C complete definition

PROFILO PERSONALE

DATI DEMOGRAFICI:

- Genere: femmina

- Eta: 26 anni

- Formazione: laurea magistrale
- Provenienza: Sud Italia

- Background religioso: No

PERSONALITA (Big Five):

- openness: molto alto

- conscientiousness: medio-alto
- extraversion: medio-alto

- agreeableness: medio

- neuroticism: medio

VALORI (Schwartz):
- autodirezione, universalismo, stimolazione, benevolenza

PRIMAL WORLD BELIEFS:

- safe_world: medio-basso
- enticing _world: alto

- alive_world: alto

IL TUO APPROCCIO ALL’ANNOTAZIONE:

Sono attenta agli stereotipi impliciti e alle sfumature linguistiche
che rivelano pregiudizi di genere nascosti. La mia formazione teorica
e la mia sensibilita mi permettono di identificare stereotipi anche
quando non sono esplicitamente espressi.

ESPERIENZE:
Sono cresciuta in un contesto dove gli stereotipi di genere erano molto
presenti. Ho studiato sociologia e gender studies.

B.4. Persona D (Academic)

Listing 5: Persona D complete definition

PROFILO PERSONALE

DATI DEMOGRAFICI:

- Genere: femmina

- Eta: 29 anni

- Formazione: dottorato di ricerca
- Provenienza: Nord Italia

- Background religioso: No

PERSONALITA (Big Five):

- openness: molto alto
- conscientiousness: alto
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- extraversion: medio
- agreeableness: medio-basso
- neuroticism: medio-alto

VALORI (Schwartz):
- autodirezione, universalismo, stimolazione, realizzazione

PRIMAL WORLD BELIEFS:

- safe_world: basso

- enticing_world: molto alto
- alive_world: molto alto

IL TUO APPROCCIO ALL’ANNOTAZIONE:

La mia formazione accademica approfondita in studi di genere e
linguistica critica mi permette di identificare anche gli stereotipi
piu sottili e insidiosi. Gli stereotipi benevoli sono comunque
stereotipi. Riconosco le microaggressioni e le assunzioni implicite
sui ruoli di genere.

ESPERIENZE:
Ho dedicato anni allo studio critico delle rappresentazioni di genere
nel discorso pubblico italiano.

C. Prompt Templates

C.1. Persona Prompt Structure (Runs 1-5)

Listing 6: Persona prompt template structure

{persona.get_system_context()}
LINEE GUIDA PER L’ANNOTAZIONE

DEFINIZIONE:

Gli stereotipi di genere sono convinzioni rigide e generalizzate sui
ruoli, comportamenti, abilita o caratteristiche che uomini e donne
"dovrebbero" avere in base al sesso o genere.

REGOLE:

1. ASSEGNA UNA SOLA CATEGORIA per testo

2. Se multipli stereotipi -> scegli il PRIMO che appare
3. CONTESTO e critico per stereotipi fisici

CATEGORIE:

1. role - Stereotipi di RUOLO

2. personality - Stereotipi di PERSONALITA
3. competence - Stereotipi di COMPETENZA
4. physical - Stereotipi FISICI

5. sexual - Stereotipi SESSUALI

6. relational - Stereotipi RELAZIONALI

CONSULTA LE LINEE GUIDA:
{guidelines_it}

TESTO DA ANALIZZARE:
"{text)"

Analizza questo testo con la TUA prospettiva unica.

Rispondi SOLO in formato JSON:

{
"contains_stereotype": "yes" | "no",
"category": "role" | "personality" | "competence" |
"physical" | "sexual" | "relational" | null,
"confidence": "high" | "medium" | "low",
"reasoning": "Breve spiegazione dalla tua prospettiva"
}
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C.2. Few-Shot Prompt Structure (Run 6)

Listing 7: Few-shot prompt template structure

Sei un’esperta nell’identificazione di stereotipi di genere in testi
italiani.

DEFINIZIONE

Gli stereotipi di genere sono convinzioni rigide e generalizzate sui
ruoli, comportamenti, abilita o caratteristiche che uomini e donne
"dovrebbero" avere in base al sesso o genere.

COMPITO
1. Assegna un valore gs_value da 0.00 a 1.00:
- 0.00 = nessuno stereotipo
0.25 = stereotipo lieve
- 0.50 = stereotipo moderato
0
1

.75 = stereotipo forte
- 1.00 = stereotipo massimo
2. Classifica in UNA categoria:
- no: Nessuno stereotipo
- role: Ruoli familiari/sociali
- personality: Tratti emotivi/caratteriali
- competence: Abilita professionali/intellettuali
- physical: Aspetto/corpo/cura personale
- sexual: Sessualita/comportamento sessuale
- relational: Comportamento in relazioni

CONSULTA LE LINEE GUIDA:
{guidelines_it}

ESEMPI ANNOTATI (dal dataset GSI DEV)

ESEMPIO 1:

Testo: "{example_ 1 text}..."

-> gs_value: {example_1_value}

-> gs_category: {example_1_category}

[... 35 esempi totali, 5 per categoria ...]

TESTO DA ANALIZZARE
"{text}"

RISPOSTA
Analizza il testo seguendo gli esempi sopra.

Rispondi SOLO in formato JSON:

{

"gs_value": "0.XX",

"gs_category": "category_name",

"reasoning": "Breve spiegazione (2-3 frasi)"
}
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Abstract

Gender stereotypes in language contribute to the reinforcement of social inequalities and represent a critical
challenge for natural language processing systems. The GSI:DETECT shared task addresses this issue by evaluating
systems on their ability to detect and classify gender stereotypes in short Italian texts, combining a regression-
based main task with a multi-class classification subtask. In this paper, we present an LLM-based approach
inspired by strategy-aware reasoning methods, which explicitly models different types of gender stereotypes
through a multi-step prompting framework. Our method decomposes the detection process by independently
analyzing multiple stereotype categories and aggregating their contributions to estimate the overall degree of
gender stereotype. The proposed approach is evaluated on both the main task of gender stereotype detection
and the subtask of stereotype classification, showing the potential of structured reasoning and category-aware
analysis for addressing nuanced forms of stereotype in text.
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1. Introduction

Gender stereotypes encoded in language play a key role in shaping and reinforcing social norms,
influencing how roles, abilities, and behaviors are associated with different genders [1, 2]. As language
technologies are increasingly deployed in real-world applications, the presence of such stereotypes has
raised growing concerns regarding the fairness and social impact of NLP systems [3, 4]. Consequently,
the automatic detection of gender stereotype has emerged as an important research problem, attracting
sustained attention from the NLP community in the form of surveys, dedicated datasets, benchmarks,
and shared tasks [5, 6, 7].

Most existing approaches to gender stereotype detection frame the task as a binary or categorical
classification problem, typically relying on majority-voted annotations that collapse annotator dis-
agreement into a single hard label [8, 9]. However, recent work has highlighted how this practice
may obscure the inherently subjective and gradient nature of social bias, leading to an oversimplified
representation of the phenomenon [10]. In response, several studies have advocated for perspectivist
annotation frameworks that explicitly preserve annotator disagreement and model bias as a continuum
rather than a binary property [11, 12]. Within this line of work, the GSI:DETECT shared task [13] at the
EVALITA 2026 workshop [14] adopts a regression-based formulation, requiring systems to predict a
continuous score reflecting the degree of gender stereotypical content in a text, alongside an auxiliary
classification task identifying the stereotype category.

In parallel, Large Language Models (LLMs) have recently shown strong capabilities in a great number
of different complex reasoning tasks. Despite these advances, the reliability of LLM-based judgments
remains highly sensitive to the prompting strategy, making it crucial to explicitly assess their trustwor-
thiness when no carefully designed prompting or supervision is applied [15, 16, 17]. Prior work has
demonstrated that prompting strategies, in-context learning, and chain-of-thought reasoning can sub-
stantially improve LLM performance on tasks requiring structured reasoning [18, 19]. Building on these
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advances, several approaches have explored the integration of LLM-based predictions with supervised
models to improve robustness and alignment with human judgments in bias detection settings [20].
Furthermore, strategy-aware reasoning frameworks such as PCoT (Persuasion Chain-of-thought) [21]
have shown that explicitly modeling high-level strategies can improve performance in related tasks like
disinformation detection.

Inspired by these two lines of work, we propose a category-aware prompting approach tailored
to gender stereotype detection. Unlike PCoT, our method does not consider persuasion strategies
but instead focuses on the six gender stereotype categories defined in the GSI:DETECT task: role,
personality, competence, physical, sexual, and relational stereotypes. Rather than injecting all categories
simultaneously, we treat each category independently and perform a structured two-step prompting
process for each of them.

In the first step, the LLM is prompted to generate an analytical paragraph assessing the presence of
gender stereotype in the input text with respect to a single stereotype category. This step explicitly
injects category-specific knowledge by including a description of the target stereotype type in the
prompt, encouraging focused and interpretable reasoning. In the second step, the generated analysis is
used to guide a decision or score generation, depending on the experimental setting.

For the zero-shot variant, the model outputs a binary decision indicating whether gender stereotype
is present for the given category. These decisions are then aggregated across categories to determine
whether the text contains gender stereotypes. For the fine-tuned variant, the model produces a numerical
score on a fixed scale for each category. The resulting six-dimensional score vector is subsequently used
as input to a supervised regression model, implemented as a multi-layer perceptron, which is trained
on the development data to predict the final GS value in the range [0, 1].

We also participate in the gender stereotype classification subtask by leveraging the category-wise
scores produced by the fine-tuned model. The predicted stereotype category is selected as the one
associated with the highest score, with ties resolved randomly. While this strategy is simple, it allows
us to assess the extent to which category-specific stereotype signals captured during the main task can
be reused for stereotype classification.

The main contributions of this work can be summarized as follows:

« We propose a category-aware, multi-step prompting framework for gender stereotype detection
that explicitly models the six stereotype categories defined in the GSI:DETECT task.

« We introduce a two-stage LLM-based reasoning process in which category-specific analytical
explanations are generated and subsequently used to guide stereotype detection and scoring,.

« We present both a zero-shot and a fine-tuned variant of the proposed approach, showing how LLM-
generated category-wise signals can be aggregated to model gender stereotype as a continuous
phenomenon.

« We leverage category-specific stereotype scores to address the gender stereotype classification
subtask, enabling reuse of the same signals across multiple evaluation settings.

2. Data and Resources

2.1. Dataset

We base our experiments on the dataset released for the GSI:DETECT shared task [13], which targets the
detection and classification of gender stereotypes in short Italian texts. The dataset, considering only
the portion made available to participants for development, consists of 200 annotated texts.

Each instance is provided in . jsonl format and includes the following fields: a unique identifier, the
textual content, a list of four independent binary annotations indicating the presence or absence of a
gender stereotype, a continuous GS value in the range [0, 1] derived from the aggregation of annotators’
judgments, a gender stereotype category label, and a binary flag specifying whether additional contextual
information is required to interpret the text. In cases where context is required, it is explicitly included
in the textual content and precedes the main text.
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The GS value reflects the degree of stereotypical content and is computed by combining the four
binary annotations rather than applying majority voting. Consequently, GS values close to the extremes
(0 or 1) correspond to high inter-annotator agreement, while intermediate values capture varying
degrees of disagreement. For the classification subtask, each instance is assigned to one of six predefined
gender stereotype categories, i.e. role, personality, competence, physical, sexual, and relational, using
majority voting or adjudication by a super-judge when necessary.

2.2. Data Augmentation

Given the limited size of the development data and the need to train a supervised regression model for
the fine-tuned variant of our approach, we performed a form of data augmentation at the score level.
Starting from the original 200 instances, we leveraged the category-wise scores produced by the LLM
(which will be more precisely described in the next sections) to generate additional training samples
while preserving the relative relationships among stereotype categories.

For each instance, we consider the six category-specific scores (one per gender stereotype category)
and generate augmented variants by applying small bounded perturbations to these scores. Augmented
samples are retained only if they preserve the original ranking relationships among categories, thereby
maintaining consistency in the relative strength of different stereotype signals. This constraint prevents
unrealistic inversions while allowing controlled variability in the score space.

This process results in multiple augmented versions for each original instance, effectively increasing
the amount of training data available for the supervised learner without altering the underlying semantic
content of the texts.

2.3. Data Splits

For the fine-tuning experiments, we construct train, development, and test splits at the level of original
instances, ensuring that all augmented variants derived from the same base text are assigned to the
same split. This prevents information leakage across splits and preserves a clean evaluation setup. We
adopt a 60% / 20% / 20% split for training, development, and testing, respectively, using a fixed random
seed for reproducibility. For each split, both the augmented score representations and the corresponding
duplicated annotations are generated and aligned via consistent identifiers.

2.4. Computational Resources

All LLM-based experiments were conducted using the Gemma-3.1-12B model, accessed through the
Hugging Face ecosystem without any task-specific fine-tuning. The model was employed exclusively in
inference mode and used to generate both category-specific analyses and numerical stereotype scores
through prompting. Inference was performed on a single NVIDIA A40 GPU, using mixed-precision
computation to ensure efficiency and stability.

No external fine-tuning of the language model was performed. The only supervised component of
our system is the multi-layer perceptron used in the fine-tuned variant to map category-wise LLM
scores to a final GS value in the [0, 1] range.

3. Methodology

Our approach models gender stereotype as a multidimensional phenomenon by decomposing the
detection process across the six gender stereotype categories defined in the GSI:DETECT task: role,
personality, competence, physical, sexual, and relational. Instead of prompting the model with all
categories simultaneously, we adopt a category-aware, one-task-at-a-time strategy inspired by strategy-
aware reasoning frameworks. Each category is analyzed independently through a structured two-step
prompting procedure, and the resulting signals are subsequently aggregated to produce the final
prediction.
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3.1. Overview of the Framework
Given an input text, the system performs the following steps:

1. Independently analyze the text with respect to each gender stereotype category using a category-
specific prompt.

2. Generate an explicit analytical explanation describing whether and how the stereotype category
appears in the text.

3. Use the generated analysis to guide a second prompt that produces either a binary decision or a
numerical score.

4. Aggregate category-level outputs to obtain a final gender stereotype score and category prediction.

This design encourages focused reasoning, reduces interference between categories, and makes
intermediate model outputs interpretable.

3.2. Step 1: Category-Specific Analysis (Knowledge Infusion)

For each input text, we run six independent prompts, one for each gender stereotype category. Each
prompt injects structured knowledge derived from the official task guidelines, explicitly defining the
stereotype category, providing examples, and describing its social implications.

The system prompt establishes the model as an expert in a specific stereotype category, while the
user prompt asks for a conservative assessment of whether that category is present in the text.

An example of a category-specific prompt for [ROLE_STEREOTYPES] is reported below:

System prompt:

You are an assistant who detects gender stereotypes in text. Gender stereotypes are rigid and
generalized beliefs about the roles, behaviors, abilities, or characteristics that men and women
“should” have based on their sex or gender.

Your expertise and focus is on [ROLE_STEREOTYPES], meaning social and cultural expecta-
tions that define which family or social roles are “appropriate” for men and women.

Men: breadwinners, heads of the household.

Women: mothers, housewives, responsible for domestic work.

You are the expert who detects [ROLE_STEREOTYPES].

User prompt:

Given a certain text, critically evaluate its gender stereotype potential. Additionally, an-
alyze whether the text employs the [ROLE_STEREOTYPES] category. Explain how
[ROLE_STEREOTYPES] appears or does not appear in the text. Be conservative in your
assessment: if you are not fully certain that the category is used, assume it is not present.

Analogous prompts are used for the remaining five categories, with the placeholder [CATEGORY]
replaced by the corresponding stereotype definition and examples. The output of this step is a short
analytical paragraph describing the presence or absence of the target stereotype category.

3.3. Step 2: Decision or Scoring Based on the Analysis

The analysis generated in Step 1 is then passed to a second prompt, together with the original text.
This second step uses a general gender stereotype detection instruction and leverages the previously
generated analysis as explicit reasoning input. We consider two variants for this step.

Binary (Zero-Shot) Variant. In the zero-shot setup, the model is asked to produce a binary decision
indicating whether gender stereotype is present with respect to the analyzed category.
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System prompt: You are a Gender Stereotype Detector. Your goal is to detect if a text
presents gender stereotypes. Gender stereotypes are rigid and generalized beliefs about the
roles, behaviors, abilities, or characteristics that men and women "should" have based on
their sex or gender. You will respond with either Yes or No.

User prompt: Given a text and an analysis of potential gender stereotypes or biased
expressions it may contain, you must respond with ONLY Yes or No based on if you think
that there is gender stereotype in the text or not.

The output is mapped to a binary value, where Yes corresponds to 1 and No to 0.

Score-Based Variant. In the score-based setup, used for the fine-tuned approach, the model produces
a numerical score reflecting the degree of gender stereotype.

System prompt: You are a Gender Stereotype Detector. Your goal is to evaluate the degree
of gender stereotypes present in a text. Gender stereotypes are rigid and generalized beliefs
about the roles, behaviors, abilities, or characteristics that men and women shouldhave
based on their sex or gender. You will provide a score from 1 to 10.

User prompt: Given a text and an analysis of potential gender stereotypes or biased
expressions it may contain, you must respond with a number from 1 to 10 based on the
degree of gender stereotype in the text, preceded by a brief explanation of your reasoning.
Give your answer in the form of a dictionary: {“explanation”: “Brief explanation of the
reasoning that led you to this score.”, “response”: “Score from 1 to 10’}

Each category thus produces either a binary indicator or a numerical score.

3.4. Zero-Shot Aggregation

In the binary setting, each text produces six binary outputs, one per category. We experiment with
multiple aggregation strategies to derive a final prediction. The specific strategies will be presented in
the next section. For category prediction, the stereotype category associated with the highest score is
selected, with ties broken randomly.

3.5. Supervised Aggregation via Multi-Layer Perceptron

In the fine-tuned variant, the category-wise scores produced by the LLM are further combined using
a supervised learning component. Specifically, we train a Multi-Layer Perceptron (MLP) to map the
six-dimensional vector of category scores to the final gender stereotype signal required by the main
task.

For each text, the MLP receives as input the six scores generated by the LLM, one for each gender
stereotype category. In addition to these raw scores, we optionally augment the input with simple
descriptive statistics computed over the six values. Specific experimental setting details can be found in
the next section.

Model Architecture. The aggregation model is implemented as a feed-forward neural network
composed of:

« an input layer matching the feature dimensionality,
« one or two hidden layers with ReLU activations,
« a final linear layer producing four outputs.

The model outputs correspond to the four binary annotations provided by the human annotators.
This design choice allows the network to learn from annotator-level disagreement rather than directly
regressing to a single aggregated label.
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4. Experimental Setup

This section describes the experimental configurations adopted for both the zero-shot and the fine-tuned
variants of our approach.

4.1. Zero-Shot Aggregation Strategies

In the zero-shot setting, the methodology described in Section 3 is applied without using any task-
specific training data. For the main task, the LLM produces a binary score (0 or 1) for each of the six
gender stereotype categories. As a result, each input text is associated with a six-dimensional binary
vector.

Since the task requires a single continuous score in the [0, 1] range, we explore multiple heuristic
aggregation strategies to combine the six binary signals into a final prediction. The following five
strategies are considered:

« Max-One: the final score is set to 0 if at most one category score is 1, and to 1 otherwise. (run_I)

« Max-Two: the final score is set to 0 if at most two category scores are 1, and to 1 otherwise.
(run_2)

« Max-Three: the final score is set to 0 if at most three category scores are 1, and to 1 otherwise.
(run_3)

« All Zeros: the final score is set to 0 if all six category scores are 0 (i.e., no category is flagged as
biased), and to 1 otherwise. (run_4)

« Average: the final score is computed as the average of the six binary values, rounded to two
decimal places. (run_5)

As this is a purely zero-shot approach, no development data is used to select or tune these strategies.
Consequently, the chosen aggregation rules are not optimized on the task data, and other untested
strategies might potentially yield better performance.

4.2. Fine-Tuned Aggregation Experiments

The fine-tuned variant represents the primary focus of this work. In this setting, the aggregation of
category-wise signals is learned via a supervised Multi-Layer Perceptron, as described in Section 3.5.

Unlike the zero-shot setup, the MLP operates on the six continuous scores in the [1, 10] range
generated by the LLM for each category. We conduct an extensive set of experiments to identify the
most effective configuration. Specifically:

« add_scores indicates that the six raw category scores are used as input features.

« add_stats indicates that three additional statistics computed over the six scores (mean, variance,
entropy) are included.

+ threshold denotes that the annotator-level probabilities predicted by the MLP are binarized
using the specified threshold before aggregation.

« augmented indicates that the MLP is trained on the augmented version of the training and
development sets, generated as described in Section 3.5.

For all experiments, hyperparameters are selected via grid search on the development set using the
following configuration:

hidden_dim: {32, 64, 128}
hidden_layers: {1, 2}

1lr: {le-3, 1le-4}
batch_size: {64, 128}

Performance is evaluated using the 1/1+MSE (Mean Squared Error) metric, in line with the official
evaluation metric of the task. Table 1 reports the scores obtained across all fine-tuning configurations.
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Configuration 1/(1 + MSE)

base + add_scores (run_T) 0.8137
base + add_stats (run_2) 0.8317
base + add_scores + add_stats (run_3) 0.8316
base + threshold 0.4 0.7407
base + threshold 0.5 0.7767
base + threshold 0.6 0.7767
base + threshold 0.7 0.7881
base + threshold 0.8 0.8000
base + threshold 0.9 0.7111
base + add_scores + threshold 0.5 0.7729
base + add_stats + threshold 0.5 0.7729
base + add_stats + threshold 0.8 0.7729
base + add_scores + add_stats + threshold 0.5 0.7767
augmented + add_scores 0.8215
augmented + add_stats 0.8169
augmented + add_scores + add_stats 0.8211
augmented + threshold 0.4 0.7148
augmented + threshold 0.5 0.7431
augmented + threshold 0.6 0.7645
augmented + threshold 0.7 0.7541
augmented + threshold 0.8 0.7556
augmented + add_scores + threshold 0.5 0.7568
augmented + add_stats + threshold 0.5 0.7622
augmented + add_stats + threshold 0.6 0.7741
augmented + add_scores + add_stats + threshold 0.5 0.7332

Table 1
Performance scores computed as 1/(1 + MSE). Higher values indicate better performance. Cell color intensity
increases with performance, from white (lower score) to darker green (higher score).

5. Discussion

The experimental results highlight several insights regarding both the effectiveness of the proposed
aggregation strategies and the broader implications of modeling gender stereotype as a category-
structured phenomenon.

Unlike the zero-shot aggregations strategies, which provide a simple and intuitive way to map
category-wise binary signals to a final stereotype score, the fine-tuned aggregation detects gender
stereotype by learning how to combine category-wise signals.

Across both base and augmented settings, configurations that rely on continuous category scores
without thresholding tend to perform better, suggesting that preserving the full range of LLM-generated
scores allows the model to capture more nuanced signals of stereotype, rather than losing information
through aggressive binarization or thresholding.

The use of augmented data produces mixed results. While augmentation slightly improves perfor-
mance in some configurations, it does not consistently outperform the best base models. This suggests
that, although augmentation increases data diversity, the quality and alignment of augmented examples
with real annotator behavior remain critical factors.

Beyond raw performance, the results support the underlying theoretical motivation of this work.
By decomposing gender stereotype into interpretable categories, the model is encouraged to reason
explicitly about different manifestations of stereotypes rather than collapsing them into a single undif-
ferentiated signal. The fact that supervised aggregation over these category-wise signals yields strong
results indicates that such a decomposition is not only conceptually meaningful, but also practically
useful.

Importantly, the learned aggregation weights implicitly reflect the relative contribution of different
stereotype categories as perceived by human annotators. This aligns with the idea that gender stereotype
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is a multidimensional and graded phenomenon, where different dimensions interact and contribute
unevenly to the final judgment.

6. Conclusions

This work investigated gender stereotype detection through a structured and category-aware framework
that combines LLM-based reasoning with supervised aggregation. Instead of modeling gender stereotype
as a single monolithic signal, the proposed approach decomposes it into six interpretable stereotype
categories and studies how these dimensions contribute to human judgments of stereotype.

Simple zero-shot aggregation strategies provide a straightforward and interpretable way to combine
category-level scores, offering an intuitive baseline. Building on this, we hypothesize that there may
be a more nuanced interplay between the individual scores generated by the model, and that learning
how these different dimensions interact could lead to more accurate and informative assessments. To
explore this idea, we experiment with a lightweight supervised aggregation model that takes as input
the raw category scores, allowing the system to learn patterns in how different stereotype dimensions
jointly contribute to the overall assessment.

The findings support the theoretical view that gender stereotype is multidimensional, context-
dependent, and unevenly distributed across different stereotype categories. By explicitly modeling these
dimensions and learning their aggregation from data, the proposed framework offers a flexible and
interpretable alternative to end-to-end stereotype classifiers. This design allows the system to adapt
to different annotation schemes or definitions of stereotype, while maintaining transparency in how
individual stereotype dimensions influence the final outcome.

Declaration on Generative Al
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Abstract

MultiPRIDE is a shared task proposed at EVALITA 2026. The main focus of the task is the detection of slur
reclamation, a linguistic phenomenon in which derogatory terms are reclaimed by members of a community.
The challenge is divided in two main tasks: (A) binary detection of reclamation in social media posts and (B)
contextual detection of reclamation considering users’ biographies provided within the texts. As we propose a
multilingual corpus, each task is further divided into language-specific subtasks (Italian, Spanish and, English).
The task has been one of the most participated at EVALITA 2026 [1] with 19 teams submitting a total of 61 runs
for Task A and 27 runs for Task B. In this paper, we present the dataset, the evaluation, the participating systems,
and a discussion of the results.

All the code is available at https://github.com/multipride-evalita/MultiPRIDE-Task
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Warning: This paper contains examples of explicitly offensive content.

1. Motivation

Hate Speech (HS) is intrinsically context-dependent and resists rigid classification, as abusive language
can manifest in diverse forms, including insults, hostility, offensiveness, or disrespect [2, 3, 4].

A particularly underexplored dimension of HS concerns the reclamation of slurs, a linguistic
practice whereby historically derogatory terms are reclaimed to express a sense of belonging and
solidarity among in-group members [5, 6].

From a content moderation perspective, accurately identifying reclaimed uses of slurs is crucial
to avoid further marginalizing communities that employ such terms as expressions of identity and
belonging. Misclassification may restrict their freedom of expression [7, 8, 9] and lead to the paradoxical
outcome of censoring forms of counter-speech [10].
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To the best of our knowledge, slur reclamation remains largely underexplored in Natural Language
Processing (NLP) [11], with only Draetta et al. [12] addressing the phenomenon beyond English. Against
this background, the MultiPRIDE task at EVALITA 2026 introduces a multilingual challenge aimed
at distinguishing derogatory uses of slurs from their reclaimed uses in LGBTQ+ contexts. The proposed
task seeks to advance research on this nuanced aspect of hate speech detection by fostering participation
in the identification of reclaimed uses of slurs in a multilingual setting (English, Italian, and Spanish). To
this end, we introduce the first multilingual corpus specifically dedicated to slur reclamation within the
LGBTQ+ community, comprising social media texts in three languages (English, Italian, and Spanish)
and drawn from multiple resources [13, 11, 14]. The dataset includes both social media posts and
author biographies for the Italian and Spanish subsets. By incorporating biographical information, the
task extends beyond text-level classification to investigate whether user-level information can support
the detection of slur reclamation, a phenomenon that is inherently pragmatic and highly subjective.
Finally, the shared task enables a systematic analysis of cross-linguistic and cultural variation in slur
reclamation practices and facilitates the analysis of how models operating in different languages vary
in their ability to address this challenge.

2. Definition of the Task

The task aims to encourage participants to investigate linguistic phenomena and challenges associated
with reclaimed language within the LGBTQ+ community. In particular, participants are invited to
analyze both the textual properties of the input data (such as argumentative strategies, slurs, denigratory
expressions, self-referential labels, and figures of speech), and the contextual information that may be
inferred from users’ profiles (when available), including indicators of LGBTQ+ community membership
or political orientation. We propose a binary classification task in which systems are required to
determine whether a term related to the LGBTQ+ domain, as it appears in a sentence, is used with a
reclamatory intent or not. The shared task is structured into two main tasks, each further divided into
subtasks:

Task A - Slur Reclamation Detection (Textual Message Content Only) In Task A, which consist
of binary detection of slur reclamation, participants are provided exclusively with the textual content
of the social media posts. Approaches may rely solely on the supplied training data or may incorporate
external resources, such as additional annotated datasets. In the latter case, the use of additional data
had to be explicitly declared in participants’ technical reports.

Task A is divided into three language-specific subtasks. Participants may choose to address one, two,
or all three languages:
— Subtask A1. Italian: classification on Italian texts;
— Subtask A2. Spanish: classification on Spanish texts;
— Subtask A3. English: classification on English texts.

Task B - Contextual Slur Reclamation Detection Task B extends Task A by allowing participants
to exploit information associated with the author’s profiles, such as biographical descriptions, when
available, in addition to the textual data. Task B includes two language-specific subtasks:

— Subtask B1. Italian: slur reclamation on Italian texts with contextual metadata;

— Subtask B2. Spanish: slur reclamation on Spanish texts with contextual metadata;

User biographical information was available only for Spanish and Italian. This information was not
present in the English source resource.
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Lang

User

Bio

Tweet

Reclamation

@user

Certo le circostanze

non sono favorevoli.

=
—

In quanto disabile e frocia questi sono i
miei PrideMonths. Ma vorrei anche dire
che il giorno in cui nel manifesto di un

yes

evento Igbtqiatransfemminista verra citato
anche 'antiabilismo oltre ad anti sessis-
mo/obtfobia/razzismo/specismo offro da
bere

it @user | veri partigiani
furono i  primi
sovranisti! w la
patria!

Ecco, adesso pensate all’iter o in affitto no
ed al male che fate al bambino branco di
finocchi arcobaleno

Me llaman feminista,
roja y bollera. ~

L 4

I live for that energy!

es @user Buenas tardes a rojos, feministas, republi-
canos, maricones, bolleras y demés LGTBI

&= #LGTBI #pride

yes

es @user Hace rato pasé una caravana de no
movimiento LGT...etc y algunos me
vieron parado observando y me gritaron
que yo también era marica.  Orale,
bien «respetuosas» estas personas que
exigen respeto. #PrideMonth #Pride2022

#LGTBQ

en N/A N/A | use the word tranny all the time...but
that’s only in reference to working on
my cars. Transgendered, transvestite, and
drag queen folk are too fabulous to have

their descriptions abbreviated.

yes

en N/A  N/A Actually that’s what s faggot is. Fag is just no

something that needs to be burnt.

Table 1
Reclaimed and not-reclaimed data examples from the multilingual dataset.

3. Dataset

For the purposes of this challenge, we constructed a multilingual dataset by combining existing publicly
available resources in three languages: Italian, Spanish, and English. The data were collected from social
media platforms between 2020 to 2022. Specifically, the dataset builds upon the following resources:
TWITA, a large-scale Twitter (now X) corpus for Italian spanning over ten years [13]; the LGBTQI+
Dataset (2020-2022)_es, which contains Spanish tweets related to LGBTQ+ topics [14]; and the Reclaimed
Hate Speech Dataset (RHSD) for English [11], from which only Twitter and Reddit content were retained.

To obtain a comparable multilingual collection, we applied a uniform multi-step filtering strategy
across the three languages. First, we performed keyword-based filtering using homosexuality-related
terms drawn from Hurtlex (OM category), a multilingual lexicon of hate speech [15]. This list was
subsequently expanded through discussions within a multidisciplinary research team and consultations
with the LGBTQ+ community (e.g. frocio in Italian, faggot in English, and maricén in Spanish).

In a second filtering phase, we refined the selection by targeting sentences with a higher likelihood
of reclaimed language, identified through positive terms typically expressing pride and community
belonging, such as pride, rainbow, queer, and related translations in each language. The complete list of
keywords used for all three languages is reported in Appendix A, Table 7.

Table 1 shows some reclaimed and non-reclaimed examples of social media posts.

The dataset, named MULTIRECLAIM, comprises a total of 4, 983 social media texts: 1,811 in Italian,
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1,711 in English, and 1, 461 in Spanish. For the Italian and Spanish subsets, user biographical information
is available, whereas such metadata is not provided in the English source resource. Given the highly
context-dependent nature of slur reclamation, biographical information can support annotators by
offering additional contextual cues and enabling considerations related to speaker legitimacy.

The MUuLTIRECLAIM dataset was manually annotated by 165 native-speakers, comprising 30 Italian,
70 English, and 65 Spanish speakers. Each text was annotated by five annotators, with efforts made
to balance annotator groups by gender and LGBTQ+ self-identification. Annotation was conducted
through a dedicated interface, with participants recruited via Prolific crowd-sourcing platform' and
direct recruitment. Sociodemographic information, including gender, sexual orientation, age, and
country of birth, was collected during the process. Annotators were compensated above the U.S.
federal minimum wage, estimating an average rate of £9.60 per hour. Participation was voluntary, and
individuals could withdraw at any time without consequences.

Human annotators were engaged in a comprehensive annotation process based on a multi-label, fine-
grained schema including the identification of offensiveness, irony, and stereotypes. For the purposes
of the present task, we exclusively focus on the dimension of slur reclamation. Specifically, annotators
were asked to answer the question: Do you think the terms related to the LGBTQ+ context present in the
sentence are used in a reclaimed way?, thereby performing a binary classification task (yes/no).

The annotations were aggregated with majority voting. We report the label distribution in Table 2,
alongside the Inter-Annotator Agreement calculated with Krippendorff’s a.

Language ‘ Positives Negatives Total ‘ Krippendorff’s «

Italian 346 1,465 1,811 0.6037
Spanish 221 1,240 1,461 0.3008
English 147 1,564 1,711 0.1553

Table 2
Label distribution and Krippendorff’s a for each language.

During the MultiPRIDE challenge, each language-specific dataset was released separately and split
into training and test sets. The training set (60%) was fully annotated and made available to participants
under a Creative Commons Attribution 4.0 license, which defines terms for data usage and citation.
The test set (40%) was released after the evaluation phase.

4. Evaluation

We provide a separate ranking for each subtask. This implies that teams that created a multilingual
approach are still evaluated on each language separately. We also create a baseline for all subtasks.

4.1. Evaluation Metrics

We calculate Precision, Recall and, F1-score for all runs and the two binary labels.

o #correct ;g
Precisiongj;qq = ———————
#assigned,j,ss
#correct,
Recall ;s = T dass
#total j,g

Precision,j s * Recall ;g

F1 =2
class Precisionj, s + Recall ;s

The final ranking solely based on F1 macro-score. As the tasks are all binary, the F1 macro is defined
as:

F Linacro = (F Lreclaimed + F 1not—reclaimed)/ 2

Thttps://www.prolific.com/
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We also report recall, precision and F1-score for each label to better understand differences in perfor-
mance between the various approaches.

Initially, we aimed to distinguish between constrained and unconstrained runs. However, persistent
ambiguity around what qualifies as constrained made it difficult to apply this distinction consistently.
This issue is largely driven by the fact that state-of-art Large Language Models are pre-trained on
data that may incorporate information from annotated corpora, lexicons, and other resources. To
avoid inconsistent or potentially misleading categorization, we ultimately chose not to label runs as
constrained or unconstrained.

4.2. Baselines

For all subtasks, we used the same approach to create the baseline: a fine-tuned language specific BERT
model. Specifically, the pre-trained models we chose are: BERT base Italian from MDZ Digital Library
for Italian?, BETO? [16] for Spanish, and RoBERTa base for English* [17]. We report all hyperparameters
used for the baseline in Appendix B.

The only additional tweak we applied is to add class weights during loss calculation to contrast the
severe class-imbalance between positive and negative labels. Also, for Task B, we include the bio by
concatenating it to the text and apply different TYPE_TOKEN_IDs” to help the models distinguish the
two separate information.

We voluntarily chose to have encoder-based baselines to compare them with LLMs which are
decoder-based. Our aim is to effectively understand if there is a significant shift from the state-of-the-art
performance of the LLMs for text classification or if their improvement is marginal compared to smaller
and faster models.

5. Participants and Results

A total of 19 teams, comprising approximately 50 researchers, participated in the MultiPRIDE task.
The majority of participants were affiliated with academic institutions, while a small number were
independent researchers without formal institutional affiliations. The participating teams exhibited
substantial geographical diversity, representing countries across Europe, Asia, and Latin America.
European contributions originated from Italy, Spain, France, the Netherlands, and Romania, with Italy
being the most represented country. Asian teams were based in Japan, Vietnam, and Iran, while Latin
American participation was represented by Mexico.

Participants were allowed to submit systems in three languages—Italian, Spanish, and English—and,
for each selected language, to compete in Subtask A, Subtask B, or both. For each language—task
combination, teams could submit up to two runs. Table 3 provides an overview of the submissions
across languages, tasks, and methods for all participating teams. One of the 19 teams, OUTLIERS, did
not submit a final description report.

5.1. Methods

Fine-tuning LM Fine-tuning LM-based models was the dominant strategy, adopted by 17 out of
19 participating teams. Most approaches relied on multilingual or language-specific Transformer
architectures. Several teams employed multilingual models such as XLM-RoBERTa or mDeBERTa (e.g.,
NaMDANG, LLANA, THE HATE BUSTERS), while others leveraved lightweight or parameter-efficient
alternatives. Notably, I2C combined an LLM-based system fine-tuned via QLoRA on Qwen2.5-0.5B with
a multilingual XLM-RoBERTa classifier. UNIBO-FICLIT adopted an ELECTRA-based encoder for binary

“https://huggingface.co/dbmdz/bert-base-italian-uncased
*https://huggingface.co/dccuchile/bert-base-spanish-wwm-cased

*https://huggingface.co/FacebookAl/roberta-base

>This process is automatically done by the HuggingFace Tokenizer when passing a list shaped accordingly: [bio, text]
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NetGuardAl [18] Romania 11 Ai23, By |V

12C [19] Spain = Aras N A S 4

NamDang [20] Vietnam Aiss v/

Challenger [21] Iran = Az v /7

AlWizards [22] Italy B0 Bia v o/

MilaNLP [23] Italy B0 A, B, v

Ghavidel-Rajabi [24] Italy B0, Iran == Al23 v/ o/

LlaNa [25] Italy B0 ALB, |V V/

UniBO-FICLIT [26] Italy B'U A,, B, v v

HateltOff [27] France BB, The Netherlands = A, By |V v

KIT-TIP-NLP [28] Japan ® Az v v /

Outliers™ Mexico I' B, v

SaFe Tweets [29] Italy B'U A5, By |V v v

The Hate Busters [30] Italy B0 Al23. By |V v v/

GRUPPETTOZZO [31] Italy 1 ApBl, |V

Kenji-Endo [32] Italy BN ALB, |V v

INFOTEC [33] Mexico I'l A, v/

DataSummit [34] Italy B0 Bi, v v

Avahi [35] Mexico I'l Al23, B v v/ v

Table 3

Overview of teams, tasks and methods. We marked with * the only team who did not submit a report.

classification, and SAFE TWEETs proposed a two-stage pipeline using DeBERTaV3 with LoRA fine-
tuning for initial filtering. Language-specific fine-tuning was also common: GRUPPETTOZZO employed
umBERTo for Italian, BERT-base for English, and BETO for Spanish, while INFOTEC fine-tuned Spanish
models specialized for Mexican and Latin American variants. Other teams incorporated additional
signals, such as user biography information (NETGUARDAI AIW1zARDS), sentiment and emotion features
(DATASUMMIT), or synthetic data generated via back-translation (KIT-TIP-NLP). Finally, while submitting
their runs, OUTLIERS only mentioned that they fine-tuned Robertuito (Spanish RoBERTa variant).

Data Augmentation Data augmentation was widely adopted, with 7 teams employing it primarily
to mitigate class imbalance in the original dataset. 12C applied an augmentation technique based on
Contextual Word Embeddings (CWE) exclusively to the training split. NAMDANG explored few-shot
prompting with Large Language Models (LLMs) to generate synthetic samples for each target language.
Several teams focused on translation-based augmentation strategies. CHALLENGER implemented a
comprehensive back-translation augmentation strategy on the training data using the Google Translate
API, whereas LLaNa adopted a targeted cross-lingual approach by translating reclamation instances
from English and Spanish datasets into Italian to strengthen the minority class. Similarly, KIT-TIP-NLP
leveraged GPT-40-mini for systemic multilingual back-translation, expanding the training corpus while
preserving semantic content and class distribution.

In contrast, AIW1zARDs introduced user-level soft labels indicating the likelihood of LGBTQ+ com-
munity membership, inferred from tweets and user biographies, to train a BERT-like model to predict
community membership by considering latent representations associated with LGBTQ+ identity. Finally,
GRUPPETTOZZO combined Full Dataset Augmentation and Balanced Augmentation applied to the
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minority class strategies using MarianMT [36] and OPUS-MT-based [37, 38] back-translation pipeline
to pipeline to generate semantically consistent paraphrases while introducing lexical and syntactic
diversity.

Multilingual We want to underline the fact that part of the teams (12C, NamDanNg, KIT-TIP-NLP,
THE HATE BusTERS, GRUPPETTOZZO, AvaHI) created a single multilingual system to tackle more
subtasks instead of creating a language-specific model. Thus, the difficulty of creating such system
should be taken into consideration while looking at the results. Most of these approaches leveraged
a multilingual BERT and opted to finetune it on all training splits for the different languages. Avaui
created a single multilingual Knowledge Graph and a Retrieval Augmented Generation (RAG) system
that took into account the language of the text to classify.

Decoder Four teams (I12C, SAFE TwEETs, KENJI-ENDO, AvaHI) used a decoder model as the main
backbone of their system. This was unexpected due to the attention given to generative models in the
last years. Out of those five teams, none used a language specific model but rather leveraged LLMs that
support multiple languages and have English as their main language in the pre-training. Only Avani
used a proprietary model, with others using open-weight models.

Feature Extraction One of the most popular approaches to the task is Feature Extraction. Most
teams leveraged features related to the sentiment of the text. In fact, their underlying hypothesis was
that negative sentiment correlated to offensive use of the terms and inversely correlated to reclamatory
use of the slur. Other features that were used include emotion and syntactic information. We want
to underline the efforts of GHAVIDEL-RAJABI [24] which defined new indicators that they call Paradox
Score, Sentiment-Hate Gap and, Reclamatory Intent Score.

Ensemble Part of the teams relied on creating an ensemble of models where different streams were
then unified to produce a single classification. SAFE TWEETSs leveraged an ensemble of lightweight
models of different kinds: logistic-regression, SetFit, and a finetuned BERT-like model. Meanwhile,
GHAVIDEL-RAJABI combined two different streams: the first based on embeddings of a LM and, the
second based on the feature extraction they propose. Al WizarDps proposed an interesting approach
where they leverage two different encoder-based models. One finetuned on the task to detect the
likelihood of an author being part of the LGBTQ+ community and the other finetuned on the detection
of reclamation.

Knowledge Injection Two teams adopted knowledge injection strategies. Specifically, MiLANNLP
investigated retrieval-augmented approaches that leverage external knowledge derived from related
hate speech corpora to assess whether such information can improve classification performance. To
this end, they developed a retrieval-augmented pipeline using the HODI Subtask A corpus [39] as an
external knowledge base. In contrast, Avan1 employed a multilingual Knowledge Graph encoding
reclaimed terms in Spanish and English for context injection. In particular, potential reclaimed terms
identified via the Knowledge Graph were incorporated into the prompt, thereby providing Claude with
explicit signals about the linguistic and semantic content of the message.

Pre-Training from Scratch A single team, KENjI-ENDO pre-trained a BabyLM from scratch. This
entails that they used a limited number of tokens in the pre-training. They propose two different
approaches: (i) Kenji-Endo Vanilla a monolithic BabyLM and (ii) Kendi-Endo MoE a mixture of experts.
As they participated in multiple EVALITA tasks, they finetuned their models on the specific task. For
our task, they submitted a single run finetuning Kendi-Endo Vanilla for both Task A and B.
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5.2. Results

We report the rankings of Task A and Task B in Table 4 and Table 5 respectively. The complete reports
for all runs, which include Precision, Recall and, F1-score, can be found in Appendix C.

5.3. Subtask A

For Subtask A, the dominant approach consisted of transformer-based fine-tuning, either in monolingual
or multilingual settings. XLM-RoBERTa emerged as the most widely used backbone (adopted by I2C,
NAMDANG, GHAVIDEL-RAJABI, LLANA, SAFE TWEETS, THE HATE BUSTERS, and GRUPPETTOZZO),
often in combination with multilingual training data. Several teams explored architectural comparisons,
notably GHAVIDEL-RAjABI and NAMDANG, which evaluated both XLM-RoBERTa and mDeBERTa-v3,
reaching the first position in Subtask A1 (Italian), with an F1-score of 0.8981, and the top-3 in Subtask
A2-A3 (Spanish and English), respectively.

A number of teams relied on language-specific encoders, such as AIBERTo (MiLaANLP), UmBERTo
(GRUPPETTOZZO), BETO for Spanish (GRUPPETTOZZO), or ELECTRA (UnN1BO-FICLIT), for Italian,
and BILMALAT and MEX_Large (INFOTEC) for Spanish. Notably, THE HATE BusTERs and DATASUMMIT
applied Logistic Regression and SVM classifiers, where the first group obtained the best F1-score in
Subtask A2 (Spanish). Lastly Avani, who outperformed the Subtask A3 (English), adopted a multilingual
Knowledge Graph and Claude 4.5 Haiku for final classification.

5.4. Subtask B

Subtask B generally followed similar modeling choices to Subtask A, but included a context integration
step, most commonly by concatenating tweet text with user biography or profile information (strategy
adopted by NETGUARDAI, MiLaNLP, GRUPPETTOZZO, Al WizArDps, and more). Transformer fine-
tuning remained the predominant approach, with XLM-RoBERTA and language-specific BERT variants
again being the most frequently used architectures (I2C, LLaANA, SAFE TWEETS, THE HATE BUSTERS).
Within the mentioned groups, LLANA obtained the highest F1-score of 0.9021 for Subtask B1 (Italian).

6. Discussion

6.1. Language Differences

Generally, we can observe that the Italian subtask proved to be easier than other languages with
F1-scores hovering around the 0.9 threshold. We hypothesize that this is due to multiple factors that we
mainly break down into:

« Number of Positive Examples and Agreement: the Italian sub-portion of the training corpus
is the one with the highest number of reclaimed examples. Also, it is the language with the
highest agreement between annotators, 0.6 according to Krippendorff’s . As both the IAA and
model performance is higher for Italian, we can hypothesize that reclamation signals were easier
to understand, leading to an easier task.

+ Slurs Distribution: analyzing the data, we found that Italian had big discrepancies in use for
certain slurs. In fact, specific slurs were almost always used in a reclamatory manner, meanwhile,
others were almost always used in a non-reclamatory manner. We report the data regarding
each slur for each language in Table 6. In fact, we can see that the word trans made up a huge
percentage of negative examples. Meanwhile, forcio, forcia and, forci are exclusively used in
positive examples, rendering the label easier. We can observe similar patterns of distributions for
Spanish and English but not to this extreme.
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Team Run F1-score Team Run F1-score Team Run  F1-score
Ghavidel-Rajabi 1 0.8981 The Hate Busters 2 0.7776 Avahi 1 0.6416
MilaNLP 1 0.8959 NamDang 2 0.7707 SaFe Tweets 1 0.6329
Ghavidel-Rajabi 2 0.8909 NamDang 1 0.7590 NamDang 1 0.6305
SaFe Tweets 1 0.8895 infotec 2 0.7569 Avahi 2 0.6225
LlaNa 1 0.8835 GRUPPETTOZZO 2 0.7506 Challenger 1 0.6204
GRUPPETTOZZO 1 0.8834 HateltOff 1 0.7370 GRUPPETTOZZO 2 0.5979
Challenger 1 0.8816 KIT-TIP-NLP 1 0.7312 NamDang 2 0.5901
HateltOff 1 0.8809 GRUPPETTOZZO 1 0.7289 baseline 1 0.5760
GRUPPETTOZZO 2 0.8735 Avahi 1 0.7117 12C 2 0.5708
baseline 1 0.8731 12C 2 0.7105 The Hate Busters 2 0.5500
UniBO-FICLIT 1 0.8707 The Hate Busters 1 0.7098 NetGuardAl 1 0.5476
NamDang 2 0.8589 infotec 1 0.7034 Ghavidel-Rajabi 1 0.5460
HateltOff 2 0.8584 KIT-TIP-NLP 2 0.7016 The Hate Busters 1 0.5291
NetGuardAl 1 0.8537 baseline 1 0.7000 GRUPPETTOZZO 1 0.5285
The Hate Busters 2 0.8503 Ghavidel-Rajabi 1 0.6960 Ghavidel-Rajabi 2 0.5275
12C 2 0.8435 Cha“enger 1 0.6774 12C 1 0.4945
NamDang 1 0.8407 NetGuardAl 1 0.6476 KIT-TIP-NLP 2 0.4545
Kenji-Endo 1 0.8360 HateltOff 2 0.6442 KIT-TIP-NLP 1 0.3973
The Hate Busters 1 0.8345 12C 1 0.4892

MilaNLP 2 0.8306 (c) Results for Subtask A3 (English)
KIT-TIP-NLP 2 0.8103 (b) Results for Subtask A2 (Spanish)

Avahi 1 0.7904

KIT-TIP-NLP 1 0.7659

12C 1 0.6202

(a) Results for Subtask A1 (Italian)

Table 4

F1 Macro-Average Scores for Task A

Team Run Fl-score A with Task A Team Run Fl-score A with Task A
LlaNa 1 0.9021 +0.0186 Outliers 1 0.7378 -
baseline 1 0.8981 +0.0250 GRUPPETTOZZO 1 0.7304 +0.0015
GRUPPETTOZZO 1 0.8979 +0.0145 The Hate Busters 1 0.7196 +0.0097
The Hate Busters 2 0.8827 +0.0324 The Hate Busters 2 0.7195 -0.0581
MilaNLP 1 0.8827 -0.0132 Avahi 1 0.7006 -0.0111
GRUPPETTOZZO 2 0.8681 -0.0054 HateltOff 1 0.7005 -0.0365
UniBO-FICLIT 1 0.8644 -0.0063 baseline 1 0.6966 -0.0034
MilaNLP 2 0.8641 +0.0335 AlWizards 2 0.6950 -
AlWizards 1 0.8564 - GRUPPETTOZZO 2 0.6857 -0.0649
AlWizards 2 0.8549 - HateltOff 2 0.6733 +0.0291
HateltOff 2 0.8462 -0.0122 DataSummit 1 0.6361 -
The Hate Busters 1 0.8324 -0.0020 AlWizards 1 0.5935 -
HateltOff 1 0.8319 -0.0490 NetGuardAl 1 0.4927 -0.1549
SaFe Tweets 1 0.8164 -0.0731
AVahl 1 0.8031 +0.0127 (b) Results fOI' Subtask B2 (Spanlsh)
DataSummit 1 0.7734 -
Kenji-Endo 1 0.7489 -0.0871
NetGuardAl 1 0.7405 -0.1132
(a) Results for Subtask B1 (Italian)
Table 5

F1 Macro-Average Scores for Task B. For teams that have submitted runs for both Task A and B, we include the
difference between the two F1 Macro.
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Slur Pos. Neg. Slur Pos. Neg. Slur Pos. Neg.
checca 2 4 bollera(s) 10 12 bitch 0 52
culattone 0 3 bollos 0 1 drag 2 1
finocchi(o) 10 14 gay(s) 12 89 fag 5 22
finocchietto 0 1 marica(s) 24 31 faggot(s) 48 422
. maricon(es 38 97 a 13 143
forc!(o) 32 0 queer « 5 242 iu)e/zen 0 7
fOI’C! 25 0 trans 9 185 queer 17 104
forcia 4 0 travestis 6 2 whore 1 6
froci(o) 43 105 slut 0 5
frocia/e 12 3 (b) Label Distribution for Slurs in sissy 0 2
lella 8 0 Spanish trans 4 24
ricchione/i 14 15
travestita/e 0 2 (c) Label Distribution for Slurs in
travestiti/o 1 22 English
trans 5 451

(a) Label Distribution for Slurs in
Italian

Table 6
Label Distribution for Slurs in the Test Set; Pos indicates the reclaimed instances containing the slur; Neg.
indicates the not reclaimed instances containing the slur.

6.2. Baseline Performance and Encoder Models

As explained in Section 4.2, we deliberately chose encoder models as our baseline because they were the
most popular systems in the most recent EVALITA campaigns. In fact, we hypothesized that the major
shift of the NLP community towards decoder models would also be felt in our task, thus, the baseline
could prove how much LLMs affected the state-of-the-art in classification tasks. Surprisingly, most of
the runs we received do not actually incorporate LLMs as the main building block of their system.

The importance of encoder-models is also reflected in their performance. Our proposed baselines
proved to be quite challenging in almost every subtask, achieving almost always average position
and being outperformed by 0.07 in the worst case. Surprisingly, the baseline came in second place for
Subtask B1, with a single team overcoming it by a small margin.

This leads us to wonder about the performance of decoder-models. In fact, only one of the five
subtasks has been won by a run that relied on LLMs for classification. Interestingly, said task is A3,
which is the only English task and the proposed system relied on a proprietary-model (Claude 4.5
Haiku). This can raise a few questions about decoder models in general:

+ Are open-weights LLMs actually reliable for these types of classification tasks?
« Have efforts to develop language-specific decoder models been successful? [40]
+ Do proprietary models still favor English despite their efforts towards multilinguality?

We realized that these are massive research questions that we cannot answer by relying on our single
task, but we hope that our results can contribute to the broader discussion regarding these topics. In
our case, we found that: open-weights models still do not perform reliably; we did not receive any run
using a language-specific decoder; and that the only win achieved by a LLM was in the English subtask.

6.3. Use of Contextual Information

The only difference between Task A and Task B is related to the possibility of using contextual infor-
mation about the user, i.e. their social media biographies. Reasonably, it could be expected that the
use of additional information about the identity of the author could help the classification systems.
In fact, a previous EVALITA task, Sardistance [41] observed major improvements in the contextual
subtask compared to textual-only subtask. Crucially, we expected this to happen in our challenge as
reclamation is a phenomenon which heavily depends on the identity of the writer.
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For clarity, in Table 5, we report the difference in F1-score between Task A and B for each run
submitted for both tasks. In more than half cases, we record a decrease in performance by systems
using additional information. In cases where systems improve, the increase in performance is not very
substantial (a maximum of +0.03). Interestingly, both LLANA and GRUPPETTOZZO which were two of
the best performing teams in Subtask B1 and B2, utilized data augmentation in two different manners.
The former included translations of the English subset to Italian and, the latter used back translations.

To better understand the difficulties posed by the subtask, we report the causes listed by the teams
which recorded the biggest drops in performance. NETGUARDAI hypothesized that the root of the
problem is that biographies often included generic text (e.g., “Music lover”, “Madrid”) which acted as
noise. This is also stated by SAFE TWEETs who concatenated bio and texts and found that the signal of
the reclamation markers was diluted by the bios. An interesting case is KENJI-ENDO, the team proposed
a BabyLM, meaning that they performed a pre-training with limited tokens. They noted that the lack of
emojis in their data sources negatively affected the model performance in Subtask B1. In fact, they state
“the mean byte-fallback ratio is 0.1149 for biographies compared to 0.0134 for tweet text, and 34.3% of
biography entries contain at least one such token (versus 9.9% for tweet text)” [32].

7. Conclusion and Future Works

This paper introduces MultiPRIDE, the first shared task on slur reclamation in a multilingual context. The
task aims to identify instances in which slurs lose their derogatory intent and are instead used in positive
contexts to express identity and belonging. We analyzed the submissions of 19 participating teams
and found that slur reclamation constitutes a highly subjective and complex phenomenon, strongly
influenced by cultural and linguistic factors. Moreover, system performance varied substantially
across languages, suggesting that models struggle to generalize reclamation patterns beyond language-
specific cues. This work also presents several limitations, primarily related to the dataset, including
the imbalance between reclaimed and non-reclaimed instances. The limited availability of reclaimed
examples contributed to reduced performance and higher variance across systems; however, this
imbalance reflects the real-world distribution of the slur reclamation phenomenon in online spaces,
as it is a highly specific and relatively rare phenomenon. Additionally, the two-step filtering process
may introduce a strong lexical bias, as reclaimed instances are more likely to appear in contexts that
explicitly reference pride-related concepts. This creates a risk that models rely on surface-level cues
rather than deeper signals of reclamation intent. Against this backdrop, future research should focus
on extending the dataset to other languages in order to improve coverage and robustness. Furthermore,
the integration of culturally grounded features represents a valuable direction, as cultural context can
significantly shape the perception of slur reclamation even within the same language. Additionally, we
plan to extend the investigation of slur usage to other communities beyond LGBTQ+ community by
incorporating additional terms and considering different intersectional dimensions (such as ethnicity
and geographic provenance). This will allow us both to enlarge the dataset and to analyze whether
models exhibit performance variations when handling slurs reclaimed by different communities. Finally,
another line of future work concerns the use of generative Al to produce synthetic reclaimed data,
which could help mitigate data scarcity and support more balanced data distribution and experiments.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT (version 5.1), Claude (Sonnet 4.5) in
order to: Grammar and spelling check, Paraphrase and reword. After using this tool/service, the authors
reviewed and edited the content as needed and take full responsibility for the publication’s content.
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A. Dataset Keywords Filtering

Table 7 reports the full set of keywords used in the first and second filtering stages for each language.
These keywords were employed to filter the original datasets and to select the texts included in our

final datasets.

Language Stage Keywords Final output
Italian [13]  1°filtering checca, culattone, finocchio, frocio, travestito, trans, ricchione, 1.890
stesso sesso, legge164, lella, forcio, forci,... ’
2° filtering pride, Igbt, orgoglio, queer, arcobaleno, diritti, cultura gay, storia
gay, lotta, fobia
English [11] 1°filtering fag, bitch, gay, puss, queer, drag, whore, queen, slut, sissy, slay 1711
2° filtering pride, Igbt, queer, proud, rainbow, phobia, rights, human, fight ’
Spanish [14] 1°filtering bollera, bolleras, bollos, marica, maricén, maricon, maricones, queer 1.461

2° filtering

pride, Igbt, orgullo, arcoiris, fobia, derecho, cultura gay, historia gay,
lucha

Table 7

Keyword-based filtering procedure for dataset construction.

B. Baseline Hyperparameters

We report the hyperparameters for the baseline models in Table 8. We did not conduct any hyperpa-
rameter search but rather used standard-values for detection tasks for similar domains.

Table 8

Hyperparameter ‘ Value

Training Epochs 3
Batch Size 16
Learning Rate 2e7>

Seq. Length Task A | 240
Seq. Length Task B 480
Seed 13

Hyperparameter used for the baseline approaches.

C. Complete Results

We report the complete results which include Precision, Recall and, F1 for all labels in Table 9 (for
Subtask A1), Table 10 (for Subtask A2), Table 11 (for Subtask A3), Table 12 (for Subtask B1) and, Table

13 (for Subtask B2).
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Team Run Neg. Label Pos. Label Macro Avg.
Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

Ghavidel-Rajabi 1 09517 09744 0.9629 | 0.8800 0.7914 0.8333 | 0.9158 0.8829 0.8981
MilaNLP 1 0.9561 09659 0.9610 | 0.8496  0.8129  0.8309 | 0.9029 0.8894  0.8959
Ghavidel-Rajabi 2 0.9441 09795 09615 | 0.8974 0.7554  0.8203 | 0.9208 0.8675  0.8909
SaFe Tweets 1 09412 09829 009616 | 09115 0.7410 0.8175 | 0.9263 0.8620  0.8895
LlaNa 1 0.9452  0.9710 0.9579 | 0.8618 0.7626  0.8092 | 0.9035 0.8668  0.8835
GRUPPETTOZZO 1 0.9409 0.9778 09590 | 0.8879 0.7410 0.8078 | 0.9144  0.8594  0.8834
Challenger 1 0.9451 0.9693 09570 | 0.8548 0.7626  0.8061 0.9000 0.8659  0.8816
HateltOff 1 0.9436 0.9710  0.9571 0.8607  0.7554  0.8046 | 0.9021 0.8632  0.8809
GRUPPETTOZZO 2 0.9521 0.9505 09513 | 0.7929 0.7986  0.7957 | 0.8725 0.8745 0.8735
baseline 1 0.9294  0.9881 0.9578 | 0.9314 0.6835 0.7884 | 0.9304 0.8358 0.8731
UniBO-FICLIT 1 09319 0.9812  0.9559 | 0.8981 0.6978  0.7854 | 09150 0.8395 0.8707
NamDang 2 0.9411 0.9539 09475 | 0.7939 0.7482  0.7704 | 0.8675  0.8511 0.8589
HateltOff 2 09194 0.9932 09549 | 0.9565 0.6331 0.7619 | 0.9380 0.8131 0.8584
NetGuardAl 1 0.9482 0.9369 0.9425 | 0.7466 0.7842  0.7649 | 0.8474  0.8605  0.8537
The Hate Busters 2 09757 0.8925 09323 | 0.6667 0.9065 0.7683 | 0.8212 0.8995 0.8503
12C 2 0.9303  0.9573  0.9437 | 0.7951 0.6978  0.7433 | 0.8627  0.8276  0.8435
NamDang 1 09372 09420 09396 | 0.7500 0.7338 0.7418 | 0.8436  0.8379  0.8407
Kenji-Endo 1 0.9272  0.9556  0.9412 | 0.7851 0.6835 0.7308 | 0.8561 0.8195  0.8360
The Hate Busters 1 0.9383 0.9334 09358 | 0.7254 0.7410  0.7331 0.8318  0.8372  0.8345
MilaNLP 2 09295 0.9454 09374 | 0.7519 0.6978  0.7239 | 0.8407 0.8216  0.8306
KIT-TIP-NLP 2 09123  0.9590  0.9351 0.7798  0.6115  0.6855 | 0.8461 0.7853  0.8103
Avabhi 1 0.9252  0.9078 09165 | 0.6400 0.6906 0.6644 | 0.7826  0.7992  0.7904
KIT-TIP-NLP 1 09012 09334 09170 | 0.6695 0.5683  0.6148 | 0.7853  0.7509  0.7659
12C 1 0.9020  0.6911 0.7826 | 0.3442  0.6835 0.4578 | 0.6231 0.6873  0.6202

Table 9

Detailed Performance for Subtask A1 (Italian). Best scores are highlighted in bold.
Team Run Neg. Label Pos. Label Macro Avg.

Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

The Hate Busters 2 0.9287  0.9437  0.9361 0.6500  0.5909 0.6190 | 0.7894 0.7673 0.7776
NamDang 2 0.9237 0.9497 0.9365 | 0.6622  0.5568  0.6049 | 0.7929  0.7533  0.7707
NamDang 1 0.9229 0.939% 09312 | 0.6203 0.5568 0.5868 | 0.7716  0.7482  0.7590
infotec 2 0.9372  0.9014 09190 | 0.5421 0.6591 0.5949 | 0.7396  0.7802  0.7569
GRUPPETTOZZO 2 0.9421 0.8833 09117 | 0.5126  0.6932  0.5894 | 0.7273  0.7882  0.7506
HateltOff 1 0.9086  0.9598 09335 | 0.6667 0.4545  0.5405 0.7876 ~ 0.7072  0.7370
KIT-TIP-NLP 1 0.9501 0.8431 0.8934 | 0.4583 0.7500 0.5690 | 0.7042  0.7965 0.7312
GRUPPETTOZZO 1 09149 09296 09222 | 0.5625 0.5114  0.5357 | 0.7387  0.7205  0.7289
Avabhi 1 0.9794 0.7666  0.8600 | 0.4082 0.9091 0.5634 | 0.6938 0.8378 0.7117
12C 2 0.9038 0.9457 0.9243 | 0.5846  0.4318  0.4967 | 0.7442  0.6887  0.7105
The Hate Busters 1 0.9287  0.8652  0.8958 | 0.4508 0.6250  0.5238 | 0.6898  0.7451 0.7098
infotec 1 0.8948  0.9759 09336 | 0.7209 0.3523 0.4733 | 0.8079 0.6641 0.7034
KIT-TIP-NLP 2 09606 0.7847 0.8638 | 0.4022  0.8182 0.5393 | 0.6814 0.8014 0.7016
baseline 1 09562  0.7907 0.8656 | 0.4023 0.7955 0.5344 | 0.6793  0.7931 0.7000
Ghavidel-Rajabi 1 0.8953  0.9638 0.9283 | 0.6400 0.3636  0.4638 | 0.7677  0.6637  0.6960
Challenger 1 09707 0.7344 0.8362 | 0.3684 0.8750  0.5185 0.6696  0.8047 0.6774
NetGuardAl 1 0.9394 0.7485  0.8331 0.3386  0.7273  0.4621 0.6390 0.7379  0.6476
HateltOff 2 0.8812 0.9698 0.9234 | 0.6053 0.2614  0.3651 0.7432  0.6156  0.6442
12C 1 0.8504  0.7203  0.7800 | 0.1524  0.2841 0.1984 | 0.5014  0.5022  0.4892

Table 10

Detailed Performance for Substask A2 (Spanish). Best scores are highlighted in bold.
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Team Run Neg. Label Pos. Label Macro Avg.
Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

Avahi 1 0.9401 0.9281 0.9341 0.3284 0.3729 0.3492 | 0.6342 0.6505 0.6416
SaFe Tweets 1 09385 09265 0.9325 | 0.3134 0.3559 0.3333 | 0.6260 0.6412  0.6329
NamDang 1 0.9351 0.9441 0.9396 | 0.3396 0.3051 0.3214 | 0.6374 0.6246  0.6305
Avahi 2 09368 0.9233  0.9300 | 0.2941 0.3390  0.3150 | 0.6155 0.6312  0.6225
Challenger 1 0.9356  0.9281 0.9318 | 0.2969  0.3220  0.3089 | 0.6162  0.6251 0.6204
GRUPPETTOZZO 2 0.9351 0.8978  0.9161 0.2381 0.3390  0.2797 | 0.5866  0.6184  0.5979
NamDang 2 0.9270 09537 0.9402 | 0.2927 0.2034  0.2400 | 0.6099  0.5785  0.5901
baseline 1 0.9402 0.8291 0.8812 | 0.1955  0.4407 0.2708 0.5679  0.6349  0.5760
12C 2 0.9255 0.9329 09292 | 0.2222 0.2034 0.2124 | 0.5739  0.5681 0.5708
The Hate Busters 2 0.9203 0.9776 0.9481 | 0.3000 0.1017  0.1519 | 0.6102  0.5397  0.5500
NetGuardAl 1 0.9240 0.8930 0.9082 | 0.1625 0.2203  0.1871 0.5432  0.5567  0.5476
Ghavidel-Rajabi 1 09199 09728 0.9457 | 0.2609 0.1017  0.1463 | 0.5904 0.5373  0.5460
The Hate Busters 1 09188 09217 0.9203 0.1404  0.1356  0.1379 0.5296  0.5287  0.5291
GRUPPETTOZZO 1 09179 09649 0.9408 | 0.1852 0.0847 0.1163 0.5516  0.5248  0.5285
Ghavidel-Rajabi 2 09178 0.9808 0.9483 | 0.2500 0.0678  0.1067 | 0.5839  0.5243  0.5275
12C 1 0.9155  0.8131 0.8613 | 0.0930 0.2034  0.1277 | 0.5042  0.5082  0.4945
KIT-TIP-NLP 2 09303 05974 0.7276 | 0.1095 0.5254  0.1813 | 0.5199 0.5614  0.4545
KIT-TIP-NLP 1 09325 0.4633 0.6190 | 0.1016 0.6441 0.1755 | 0.5170  0.5537 0.3973

Table 11

Detailed Performance for Subtask A3 (English). Best scores are highlighted in bold.
Team Run Neg. Label Pos. Label Macro Avg.

Prec. Recall F1 Prec. Recall F1 Prec. Recall F1

LlaNa 1 0.9625 09625 09625 | 0.8417 0.8417 0.8417 | 0.9021 0.9021 0.9021
baseline 1 09517 09744 0.9629 | 0.8800 0.7914 0.8333 | 09158 0.8829  0.8981
GRUPPETTOZZO 1 0.9562  0.9676  0.9618 | 0.8561 0.8129  0.8339 0.9061 0.8903  0.8979
The Hate Busters 2 0.9394 09795 0.9591 0.8947  0.7338  0.8063 0.9171 0.8567  0.8827
MilaNLP 1 09394 0.9795  0.9591 0.8947  0.7338  0.8063 | 0.9171 0.8567  0.8827
GRUPPETTOZZO 2 0.9278 0.9863 0.9562 | 09216 0.6763  0.7801 0.9247  0.8313  0.8681
UniBO-FICLIT 1 09343 09710 0.9523 | 0.8534 0.7122  0.7765 | 0.8939 0.8416  0.8644
MilaNLP 2 0.9371 0.9659 09513 | 0.8347 0.7266  0.7769 | 0.8859  0.8462  0.8641
AlWizards 1 0.9367 0.9590 0.9477 0.8080  0.7266  0.7652 0.8723  0.8428  0.8564
AlWizards 2 09310 0.9676  0.9490 | 0.8362 0.6978 0.7608 | 0.8836  0.8327  0.8549
HateltOff 2 09187 0.9829  0.9497 | 0.8980  0.6331 0.7426 | 0.9083  0.8080  0.8462
The Hate Busters 1 0.9296  0.9471 0.9383 | 0.7578  0.6978 0.7266 | 0.8437  0.8225 0.8324
HateltOff 1 09216 09625 0.9416 | 0.8053 0.6547 0.7222 | 0.8634 0.8086  0.8319
SaFe Tweets 1 0.9009 0.9932 09448 | 0.9494 0.5396 0.6881 | 0.9251 0.7664 0.8164
Avahi 1 0.9422  0.8908 09158 | 0.6257 0.7698  0.6903 | 0.7840  0.8303  0.8031
DataSummit 1 09117 09164 09140 | 0.6397 0.6259  0.6327 | 0.7757  0.7711 0.7734
Kenji-Endo 1 09350 0.8345 0.8819 | 0.5198 0.7554  0.6158 | 0.7274  0.7949  0.7489
NetGuardAl 1 0.9280 0.8362 0.8797 | 0.5127 0.7266  0.6012 | 0.7204 0.7814  0.7405

Table 12

Detailed Performance for Subtask B1 (ltalian). Best scores are highlighted in bold.
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Team Run Neg. Label Pos. Label Macro Avg.
Prec. Recall F1 Prec. Recall F1 Prec. Recall F1
QOutliers 1 0.9022 0.9839 0.9413 | 0.8140 0.3977 0.5344 | 0.8581 0.6908 0.7378
GRUPPETTOZZO 1 0.9194  0.9175 0.9184 | 0.5393 0.5455 0.5424 0.7293 0.7315 0.7304
The Hate Busters 1 0.9329 0.8672 0.8989 | 0.4634 0.6477 0.5403 0.6982 0.7575 0.7196
The Hate Busters 2 0.9021 0.9638 0.9319 | 0.6667 0.4091 0.5070 0.7844 0.6864 0.7195
Avahi 1 0.9766 0.7565 0.8526 | 0.3950 0.8977 0.5486 | 0.6858 0.8271 0.7006
HateltOff 1 0.8992 0.9517 0.9247 | 0.5932 0.3977 0.4762 0.7462 0.6747 0.7005
baseline 1 0.9498 0.7988 0.8678 | 0.4012 0.7614  0.5255 0.6755 0.7801 0.6966
AlWizards 2 0.9119 0.8954 0.9036 | 0.4639 0.5114  0.4865 0.6879 0.7034 0.6950
GRUPPETTOZZO 2 0.8933 0.9598 0.9253 | 0.6078 0.3523 0.4460 0.7506 0.6560 0.6857
HateltOff 2 0.8879 0.9718 0.9280 | 0.6585 0.3068 0.4186 0.7732 0.6393 0.6733
DataSummit 1 0.9051 0.8249 0.8632 | 0.3409 0.5114 0.4091 0.6230 0.6682 0.6361
AlWizards 1 0.9130 0.7183 0.8041 0.2784 0.6136 0.3830 0.5957 0.6660 0.5935
NetGuardAl 1 0.8537 0.9980 0.9202 | 0.7500 0.0341 0.0652 0.8019 0.5160 0.4927
Table 13

Detailed Performance for Subtask B2 (Spanish). Best scores are highlighted in bold.
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Abstract

Detecting reclaimed slurs represents a fundamental challenge for hate speech detection systems, as the same lexi-
cal items can function either as abusive expressions or as in-group affirmations depending on social identity and
context. In this work, we address Subtask B of the MultiPRIDE shared task at EVALITA 2026 by proposing a hier-
archical approach to modeling the slur reclamation process. Our core assumption is that members of the LGBTQ+
community are more likely, on average, to employ certain slurs in a reclamatory manner. Based on this hypothesis,
we decompose the task into two stages. First, using a weakly supervised LLM-based annotation, we assign fuzzy
labels to users indicating the likelihood of belonging to the LGBTQ+ community, inferred from the tweet and the
user bio. These soft labels are then used to train a BERT-like model to predict community membership, encourag-
ing the model to learn latent representations associated with LGBTQ+ identity. In the second stage, we integrate
this latent space with a newly initialized model for the downstream slur reclamation detection task. The intuition
is that the first model encodes user-oriented sociolinguistic signals, which are then fused with representations
learned by a model pretrained for hate speech detection. Experimental results on Italian and Spanish show that
our approach achieves performance statistically comparable to a strong BERT-based baseline, while providing
a modular and extensible framework for incorporating sociolinguistic context into hate speech modeling. We
argue that more fine-grained hierarchical modeling of user identity and discourse context may further improve
the detection of reclaimed language. We release our code at https://github.com/LucaTedeschini/multipride.

Keywords
Hate Speech Detection, Reclaimed Slurs, User Profiling, Hierarchical Modeling, Social Media NLP

1. Introduction

The automatic detection of hate speech and abusive language remains a central challenge in natural
language processing, particularly in social media contexts where meaning is highly context-dependent.
A recurring difficulty arises from the use of slur terms, whose interpretation cannot be determined
solely from surface lexical content. In many communities, historically derogatory expressions are
re-appropriated and used in neutral, positive, or identity-affirming ways, a phenomenon known as
semantic reclamation [1, 2]. As a result, identical lexical items may convey either abuse or solidarity
depending on pragmatic, social, and author-level factors.

Warning: This paper contains examples of explicitly offensive content.

This ambiguity poses a fundamental limitation for text-only classification models. While modern
pretrained language models are effective at capturing local linguistic regularities, they often struggle
to infer speaker intent when the interpretation of a slur depends on extra-linguistic context.
Prior sociolinguistic research highlights that reclaimed usage is strongly associated with in-group
membership, self-identification, and shared social knowledge [3, 4].
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Despite this, most computational approaches to hate speech detection operate under the assumption
that such contextual information is either unavailable or implicitly encoded in the text itself. The
MultiPRIDE shared task at EVALITA 2026 [5, 6] explicitly addresses this limitation by providing user
biographies alongside tweets for Subtask B, enabling models to incorporate author-level context when
determining whether a slur is used in a reclamatory or offensive manner.

In this work, we investigate whether decomposing the classification process into two hierarchical
levels, assuming a directional dependency between user identity and language use, can improve
performance over standard fine-tuning of a BERT-like model.

Our approach is motivated by the hypothesis that there exists a strong association between user
identity and the reclamatory use of slurs. In particular, users who self-identify as part of, or closely
aligned with, the LGBTQ+ community may be more likely to employ certain slurs in a reclamatory
manner compared to users who are not. We further hypothesize that inferring such identity-related
signals is comparatively easier when leveraging user biographies, where individuals often explicitly
express aspects of their identity through self-descriptions, pronouns, symbols, or community-related
markers.

Based on these assumptions, we adopt a hierarchical modeling strategy. First, we train a model
to encode users into a latent space capturing signals related to LGBTQ+ self-identification. We then
integrate this latent representation with a second model initialized with weights pretrained for hate
speech detection. The underlying intuition is that the two models encode complementary perspectives
on the input, one emphasizing sociolinguistic user context and the other focusing on abusive language
patterns, whose fusion yields a richer representation for downstream slur reclamation detection.

Experiments on Italian and Spanish show that the proposed architecture achieves performance
statistically equivalent to a strong BERT-based baseline. While this does not result in an improvement
in aggregate evaluation metrics, it establishes a modular framework for incorporating user-level soci-
olinguistic context into hate speech modeling. We argue that extending this hierarchical approach to
incorporate additional contextual signals, such as multimodal content or social network information,
may further enhance the detection of reclaimed language in future work.

2. Task and Data

2.1. Task Definition

The shared task addresses slur reclamation detection in social media. Given a tweet containing at least
one LGBTQ+ related term, the system must predict whether the term is used in a reclamatory manner
(i.e., in-group, non-derogatory, or empowering usage) or in a non-reclamatory manner (e.g., derogatory
or otherwise non-reclaiming uses).

The task is divided into two subtasks: Task A, which relies solely on tweet text, and Task B, which
additionally incorporates contextual information such as user biographies. Building on the motivation
outlined in Section 1, we restrict the scope of our contribution to Task B.

2.2. Data Characteristics
The dataset provided for the challenge exhibits a substantial class imbalance, as summarized in Table 1.
Table 1

Label distribution for the slur reclamation task. Non-reclamatory instances correspond to uses of LGBTQ+ related
terminology that are derogatory or not employed in a self-affirming or in-group manner.

Language Non-reclamatory Reclamatory

Italian 879 (80.95%) 207 (19.05%)
Spanish 743 (84.83%) 133 (15.17%)
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Table 2
Representative examples of tweets with their labels and corresponding user biographies. Tweets and
biographies are truncated for readability.

Language Label Tweet Biography

Italian Non-reclamatory ORA, | CLANDESTINI, AVRANNO  Voglio un governo che tuteli noi ital-
SUBITO DIRITTI DI CITTADI- iani
NANZA ITALIANA [...]

Italian Reclamatory lo amo essere frocio, viva i finocchi  Cogito ergo cum — he/him
e tutt” i/le/lo mio amico ricchiona

Spanish Non-reclamatory  #orgullogay no me jodan puedosen- SACERDOTE MAYOR DE LA RE-
tir orgullo de ser un buen padre [...] LIGION YORUBA [...]

Spanish Reclamatory Hoy amaneci mas marica que todos ARQUITECTO - Popayén, Colom-
los dias! [...] bia.

For both languages, over 80% of the tweets contain terms used in a non-reclamatory manner. This
imbalance necessitates the adoption of mitigation strategies, as the objective is to minimize both false
positives (incorrectly flagging reclaimed in-group usage) and false negatives (failing to detect harmful
or derogatory uses). Table 2 presents representative examples from the dataset in both Italian and
Spanish.

To create training, validation, and test sets, we performed two consecutive stratified splits on the
original dataset resulting in an overall 70% / 15% / 15% split for train, validation, and test, respectively.
Stratification ensures that each subset maintains the same label distribution as the original dataset,
mitigating issues due to class imbalance reported in Table 1. For all experiments, the train/validation/test
splits were fixed using a set seed to ensure reproducibility.

2.3. Why User Content Matters

A qualitative inspection of the data suggests that lexical cues alone are often insufficient to resolve
reclamation. Tweets are frequently short, elliptical, ironic, or contextually ambiguous, and may include
quoted speech or re-contextualized language. In such settings, user self-descriptions provide additional
context that can be indicative of stance and community alignment.

Profile text may contain self-disclosed signals, such as pronouns, identity-related descriptors, or com-
munity markers, that correlate with in-group usage patterns. In this study, however, we conceptualize
these signals strictly as contextual cues derived from text, rather than as veridical or ground-truth
indicators of personal identity.

2.4. LLM-Assisted Proxy Labeling for the User Encoder

Building on this intuition, we define an auxiliary proxy variable, referred to as an LGBTQ+ affiliation
signal, which is used exclusively to train the user encoder. Concretely, we automatically assign a binary
label based on the concatenation of a user’s tweet and biography using an instruction-tuned Large
Language Model (LLM), specifically DeepSeek-V3.2 [7]. The two segments are concatenated using the
separator token [SEP] between the tweet and biography. No additional separator or custom template
is employed. The resulting label is intended to capture whether the available textual evidence suggests
in-group affiliation or solidarity, rather than to infer or validate a protected attribute.

The exact prompts used for LLM-based annotation are provided in Appendix A. Italian tweets were
annotated using the original Italian prompt, while Spanish tweets were annotated using a Spanish
translation of the prompt. For transparency and reproducibility, the Appendix includes both versions,
with the Spanish prompt directly translated from the Italian text.

We explicitly acknowledge that automatic user profiling raises ethical and methodological concerns,
including issues of privacy, consent, and the risk of stereotyping or misclassification. To mitigate
these risks, we employ these labels solely as a form of weak supervision for representation learning,
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not as a user-level prediction target. The objective is to encourage the model to encode latent social
and contextual signals useful for reclamation detection, without claiming accurate identification of
individuals or verification of protected attributes. Accordingly, we do not report user-level outcomes
and focus exclusively on aggregate task performance.

The resulting auxiliary label distribution is reported in Table 3.

Table 3
Distribution of proxy “LGBTQu affiliation” labels across languages. Labels are derived via LLM-assisted weak
supervision and used to train the user encoder.

Language Affiliated Not Affiliated

Italian 430 (39.60%) 656 (60.40%)
Spanish 362 (41.32%) 514 (58.68%)

Notably, this auxiliary distribution is more balanced than the primary task labels. At the same time,
the auxiliary task is only imperfectly aligned with reclamation: while community alignment may
increase the likelihood of reclaimed usage, it does not entail it (e.g., in cases of neutral self-reference,
descriptive mentions, or internal criticism). This imperfect alignment is beneficial in practice, as it
encourages the model to encode broader contextual information rather than collapsing to a narrow
lexical heuristic.

3. System Description

We formulate slur reclamation detection as a binary classification task whose interpretation depends on
both (i) the local linguistic context of the tweet and (ii) author-level contextual cues derived from user self-
descriptions. To model these signals, we adopt a dual-encoder architecture with gated representation-
level fusion.

3.1. Baseline Model

As a reference system, we fine-tune a BERT-like encoder using a class-weighted loss function, following
the recommendations of the MultiPRIDE shared task organizers. Italian and Spanish are treated
independently, using language-specific pretrained models: nickprock/setfit-italian-hate-speech [8] for
Italian and cardiffnlp/twitter-xIm-roberta-base [9] for Spanish.

Each baseline model is trained using identical hyperparameters. To reduce variance due to random
initialization, we report results averaged over five runs with different random seeds. The input to the
model consists of the concatenation of the tweet text and the corresponding user biography. Performance
results are reported in Table 4.

Table 4
Performance of the baseline BERT-based models on the development set, averaged over five random seeds (mean
=+ standard deviation).

Language Accuracy F1 score

Spanish 0.835 +0.034 0.671 £ 0.033
Italian 0.942 £ 0.017 0.904 £ 0.027

A noticeable performance gap emerges between the two languages, with the Italian baseline already
achieving relatively strong scores. This discrepancy may stem from differences in annotation practices,
data distributions, model pretraining domains, or language-specific sociolinguistic factors. Overall,
the strength of the baseline makes further improvements non-trivial and motivates architectural
modifications rather than incremental hyperparameter tuning.
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3.2. Dual-Encoder Architecture

Qr

"Sei un annotatore per un task di

classificazione. In input riceverai

la bio di un utente Twitter e alcuni
suoi tweet..."

User Encoder

l BERT

Input  ———> Annotated Input

y

BERT

I
|
|
! k)
I
I
| Text Encoder

Figure 1: Overview of the proposed dual-encoder architecture. A text encoder and a user encoder
process the concatenation of tweet and user biography in parallel. Their final hidden representations are
fused through a learned gating mechanism to produce a user-aware representation for slur reclamation
classification.

The proposed architecture consists of two parallel BERT-like encoders that process identical inputs,
the concatenation of the tweet and the user biography, but are optimized under different training signals.
Separate dual-encoder models are constructed for Italian and Spanish, reusing the same language-specific
backbones adopted in the baseline.

The key intuition is that the two encoders learn complementary representations: one encoder is
optimized directly for slur reclamation detection, while the other is encouraged to encode broader
user-related sociolinguistic signals via an auxiliary proxy task. These representations are subsequently
combined through a learned gating mechanism.

Although the user encoder also processes the tweet in addition to the biography, this architectural
choice was informed by preliminary experiments indicating degraded performance when relying
exclusively on the biography. Incorporating both segments enables the user encoder to leverage the
full range of contextual signals (including lexical style, syntactic structure, and phrasing patterns) that
underlie the LLM-derived proxy labels. Consequently, the text encoder remains dedicated to the primary
task, thereby yielding complementary and mutually informative representations.

3.2.1. User Encoder

To induce user-oriented representations, we fine-tune the user encoder using the auxiliary proxy
labels previously described. These labels, derived via LLM-assisted weak supervision, reflect whether
the combined tweet and biography text suggests in-group affiliation or solidarity, without asserting
ground-truth identity.

Performance on the proxy task is reported in Table 5.

Table 5
Performance of the user encoder on the proxy “LGBTQx+ affiliation” task, averaged over five random seeds (mean
+ standard deviation).

Language Accuracy F1 score

Spanish 0.792 £ 0.038 0.784 £ 0.041
Italian 0.753 +0.021 0.736 & 0.024

Although this auxiliary task is imperfectly aligned with slur reclamation, the encoder learns latent

200



representations that capture broader contextual and sociolinguistic cues. When integrated into the
dual-encoder architecture, these representations provide complementary information to the text-focused
encoder.

We initially experimented with freezing the user encoder during downstream training, under the
assumption that preserving its learned representations would prevent task-specific overfitting. However,
empirical results consistently showed that allowing the user encoder to be fine-tuned jointly with the
rest of the model yielded better performance. Consequently, all final experiments employ fully trainable
encoders.

3.3. Training Recipe
3.3.1. Hyperparameters

Both encoders are trained using standard fine-tuning settings. We use a learning rate of 2 x 10~?, batch
size of 8, and weight decay of 0.1. For the dual-encoder model, we adopt a Linear Probing-Fine-Tuning
(LPFT) strategy: the fusion and classification layers are first trained with frozen encoders, followed by
joint fine-tuning of the entire architecture using a reduced learning rate of 5 x 1076,

3.3.2. Loss Function

To address class imbalance, we experimented with Focal Loss [10] as an alternative to standard Cross
Entropy. For Spanish, Cross Entropy achieved higher F1 scores than Focal Loss, while for Italian the
two losses yielded comparable performance. Given the lack of consistent improvements, Cross Entropy
was adopted for all final submissions.

3.3.3. Feature Fusion via Learned Gating

The representations produced by the two encoders are combined using a learned gating mechanism.
Let hiext and hyger denote the final hidden states of the text and user encoders, respectively. The gating
vector g is computed as:

g=0 (WQ - tanh (Wl : [htext e huser])) s (1)
where [- :: -] denotes concatenation. The fused representation is then obtained as:
hfysed = go hiex + (1 - g) © husera (2)

with © indicating element-wise multiplication. This mechanism allows the model to dynamically
balance reliance on textual content and user-level contextual signals on a per-instance basis.

3.3.4. Training Procedure

The overall training pipeline consists of three stages: (i) fine-tuning a baseline text encoder on the slur
reclamation task, (ii) training the user encoder on the auxiliary proxy task to induce user-oriented
representations, and (iii) training the fused dual-encoder model on the primary reclamation task, jointly
optimizing the gating mechanism, classifier, and both encoders.

4. Results

To provide a comprehensive overview of model performance, we report results on the development set
averaged over five runs for both the baseline and the proposed dual-encoder architecture in Table 6. In
addition, we report performance on the official test set released by the shared task organizers in Table 7.
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Table 6
Development set performance (macro F1) of baseline and dual-encoder models, averaged over five random seeds.
p-values indicate statistical significance with respect to the baseline.

Model Language F1 (mean £ std) p-value
Baseline Italian 0.90 + 0.03 -
Baseline Spanish 0.67 + 0.04 -
Dual Encoder Italian 0.88 £+ 0.04 0.28
Dual Encoder  Spanish 0.64 £ 0.02 0.17

Table 7
Official test set performance (macro-averaged) of the dual-encoder model. p-values were not computed for this
set.

Language Precision Recall F1-score

Italian 0.88 0.83 0.85
Spanish 0.69 0.70 0.70

4.1. Results Discussion

The results indicate that the proposed dual-encoder architecture achieves performance statistically
equivalent to the baseline on the development set (p > 0.05), which itself constitutes a strong benchmark
for the task. On the official test set, the dual-encoder model maintains performance comparable to the
baseline, confirming that introducing additional modeling complexity does not degrade results. Overall,
this suggests that the dual-encoder framework successfully incorporates user-level context without
harming predictive accuracy.

While the dual-encoder model does not yield improvements in aggregate evaluation metrics, it
demonstrates that incorporating user-oriented representations via hierarchical and weakly supervised
modeling can be achieved without sacrificing classification accuracy. We view this outcome as a
validation of the architectural framework rather than as an endpoint. In particular, the modular nature
of the approach allows for future extensions, such as alternative fusion mechanisms, more refined
proxy tasks, or the integration of additional contextual encoders, that may more fully exploit user-level
information.

4.2. Differences Between Italian and Spanish

The substantial performance gap observed between the Italian and Spanish models is likely attributable
to differences in the underlying baseline architectures and pretraining regimes rather than to intrinsic
linguistic properties of the two languages.

The Italian baseline relies on a SetFit-based model, which is specifically designed to perform well
in low-resource and few-shot settings. Moreover, this model has been previously fine-tuned on a
hate speech detection task, which is closely related to slur reclamation detection. Such task-adjacent
pretraining plausibly facilitates positive transfer, as both tasks require sensitivity to nuanced, context-
dependent uses of potentially offensive language.

In contrast, the Spanish baseline is based on a general-purpose multilingual transformer that does
not benefit from comparable task-specific pretraining and is less explicitly optimized for few-shot
learning scenarios. As a result, the Spanish model may struggle to generalize effectively under limited
supervision. We therefore attribute the observed performance disparity primarily to architectural and
pretraining differences, rather than to language-specific sociolinguistic factors.
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4.3. Error Analysis

We conclude by examining representative misclassified examples from the Italian dataset. Despite the
strong overall performance, the model occasionally fails on instances that contain overtly derogatory
slur usage and are unambiguously labeled as non-reclamatory.

For example, the following tweets were incorrectly classified as reclamatory despite exhibiting clear
hostile intent:

Caro #Zan, quando froci, ricchioni, pederasti e lesbiche impareranno a rispettare i diritti altrui io
smettero di chiamarli cosi...

Maledetti Grullini... un’accozzaglia arcobaleno di froci e lesbiche. Possa il Coronavirus fare pulizia tra
di voi...

Ronaldo € solo un travestito da gay pride che se la fa con quell’altro effeminato di Dybala

These errors suggest that the model may, in some cases, overestimate the likelihood of reclamatory
usage when specific slur terms are present, independently of their surrounding discourse. One possible
explanation is that certain lexical items are underrepresented in explicitly non-reclamatory contexts
within the training data, leading to biased latent representations. Another contributing factor may be
the influence of user-level contextual signals encoded by the user encoder, which could inadvertently
dominate the gating mechanism even when the tweet content is clearly hostile.

While the precise cause of these errors cannot be conclusively identified within the scope of this
work, they highlight an important limitation of representation-based fusion approaches: contextual
signals, if not sufficiently constrained, may override strong local indicators of abuse. Future work
could address this issue by introducing explicit regularization mechanisms, contrastive objectives, or
token-level supervision to better disentangle reclaimed usage from overtly denigratory language.

5. Conclusion

In this work, we presented a dual-encoder architecture for slur reclamation detection that explicitly
integrates textual content with user-level contextual information derived from profile descriptions. We
evaluated the approach on the MultiPRIDE dataset for Italian and Spanish, showing that the proposed
model achieves strong performance across both languages.

While the dual-encoder architecture does not yield statistically significant improvements over a
standard BERT-based baseline (which itself constitutes a highly competitive benchmark) it demonstrates
that user-oriented contextual representations can be incorporated without degrading performance.
These findings suggest that hierarchical and representation-based modeling of sociolinguistic context is
a viable direction for slur reclamation detection.

The primary contribution of this work lies in the architectural framework rather than in immediate
performance gains. By explicitly separating text-based and user-oriented representations and combining
them through a learned fusion mechanism, we provide a flexible and extensible structure for modeling
context-dependent language phenomena.

5.1. Future Work

The strength of the baseline indicates that slur reclamation detection is already well addressed by
current pretrained language models when sufficient textual context is available. Nevertheless, the
modular design of the proposed dual-encoder architecture opens several avenues for future research.

Future work may focus on developing more expressive fusion strategies for heterogeneous latent
spaces, as well as on refining the auxiliary supervision used to induce user-oriented representations.
Additionally, the architecture naturally supports the integration of further contextual encoders, such as
those operating on social network structures or multimodal inputs (e.g., images). We expect that more
effective integration of these diverse information sources may enable models to capture finer-grained
distinctions in reclaimed language use and ultimately surpass current strong baselines.
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A. LLM Annotation Prompts

Italian prompt

Sei un annotatore per un task di classificazione.

In input riceverai la bio di un utente Twitter e alcuni suoi tweet

I1 tuo compito e decidere se 1l’utente in questione fa parte o meno della
comunita LGBT.

Basa la tua scelta sul modo di scrivere, sul contenuto della bio e dei tweet,
e su tutti i fattori che ritieni rilevanti.

L’input che ti forniro sara nel formato TWEET - BIO.

L’output che voglio &€ semplicemente un numero:
0 se 1l’utente NON appartiene alla comunita LGBT,

1 se invece appartiene alla comunita.

Esempio di interazione:

INPUT: "fuck gender rules and the rules of society || bts || exo" - "pansexual,
genderqueer and polyamorous [LGBTQ+ flag] || she/her || unito dams"
OUTPUT: 1

Spanish prompt

Eres un anotador para una tarea de clasificaciodn.

En la entrada recibiras la biografia de un usuario de Twitter y algunos de sus
tuits.

Tu tarea es decidir si el usuario en cuestidén forma parte o no de la comunidad
LGBT.

Basaras tu decisidén en la forma de escribir, el contenido de la biografia y de
los tuits, y en todos los factores que consideres relevantes.

La entrada que te proporcionaré tendra el formato TWEET - BIO.

La salida que quiero es simplemente un numero:
0 si el usuario NO pertenece a la comunidad LGBT,

1 si si pertenece a la comunidad.

Ejemplo de interaccién:

ENTRADA: "fuck gender rules and the rules of society || bts || exo" - "pansexual,
genderqueer and polyamorous [LGBTQ+ flag] || she/her || unito dams"
SALIDA: 1

Note. The token [LGBTQ+ flag] isa placeholder for the LGBTQ+ flag emoji, encoded by the Unicode
sequence U+1F3F3 U+FEOF U+200D U+1F308.
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Abstract

This paper presents a hybrid approach to reclaimed language classification in LGBTQ+ tweets for the Mul-
tiPride 2026 shared task. Reclaimed language—historically derogatory terms reappropriated by marginalized
communities—requires sophisticated contextual understanding due to its usage-dependent meaning. The system
integrates three components: a multilingual Knowledge Graph encoding reclaimed terms across Spanish, English,
and Italian; a Retrieval-Augmented Generation system using sentence embeddings for case-based reasoning;
and Claude 4.5 Haiku accessed via AWS Bedrock for final classification. The system processes both textual
content alone (Task A) and text with author biographical information (Task B). Results show substantial cross-
linguistic variation: 33.5% positive predictions for Spanish, 20.7% for Italian, and 9.8% for English. Biographical
context provided differential benefits, with Italian showing 14.0% relative improvement and Spanish showing
minimal change. Average confidence scores remained high (0.857-0.892) across all configurations. The findings
demonstrate the effectiveness of combining symbolic knowledge, neural retrieval, and large language models for
context-dependent sociolinguistic classification, while highlighting language-specific differences in the value of
biographical context for disambiguation. Warning: This paper contains examples of explicitly offensive content.

Keywords
Reclaimed language, LGBTQ+ linguistics, Retrieval-Augmented Generation, Knowledge graphs, Multilingual
classification

1. Introduction

Hate speech targeting the LGBTQ+ community in digital environments has become an increasingly
relevant phenomenon due to its profound social, cultural, and psychological implications. Online
platforms not only amplify the spread of discriminatory messages but also create spaces where
language can be used both as a tool of exclusion and as a form of resistance. In this context,
expressions historically considered offensive toward sexual and gender diversity do not always function
unambiguously: they are often reclaimed by the LGBTQ+ community itself as forms of identity
affirmation, irony, or empowerment.

This phenomenon of linguistic reclamation, in which originally pejorative terms are recontextualized
and transformed into expressions of pride, belonging, and resistance, presents a substantial challenge
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for automatic content moderation systems. The same terms can express hate or, conversely, pride
and community, depending on the discursive context, communicative intent, and speaker identity.
This semantic ambiguity makes traditional approaches to hate speech detection, based on simplistic
binary classifications, insufficient and potentially harmful, as they may censor legitimate expressions
of the LGBTQ+ community. In recent years, Natural Language Processing (NLP) has shown notable
progress in the automatic detection of hate speech, particularly through models based on transformer
architectures such as mBERT [1] and XLM-R [2], which have demonstrated strong performance in
multilingual and multicultural settings [3, 4]. However, most of these approaches tend to focus on
binary hate classification and often overlook alternative, ironic, or identity-based uses of traditionally
pejorative terms, which can lead to bias and censorship of legitimate LGBTQ+ discourse.

At an international level, competitions such as LT-EDI (Language Technology for Equality, Diversity,
and Inclusion) have fostered the development of NLP approaches for classifying homophobia and
transphobia in social media comments, demonstrating that transformer-based models significantly
outperform traditional methods in multilingual tasks [3, 4]. In the Spanish-speaking world, the
HOMO-MEX competition organized by IberLEF (Iberian Languages Evaluation Forum) in 2023 provided
the first annotated corpus of Mexican Spanish tweets for the detection of LGBTQ+-phobia. By 2024, the
challenge expanded into more complex domains such as song lyrics. These efforts have shown that
while Spanish-language transformers such as BETO [5] and multilingual models like mBERT [1] can
achieve promising results, they also revealed the difficulty of capturing implicit forms of hate as well as
reclamation phenomena and dialectal variation typical of Latin American sociocultural contexts.

In this context, MultiPRIDE [6] (Multilingual Automatic Detection of Reclamation of Slurs in
the LGBTQ+ Context) emerges as a shared task within EVALITA 2026, specifically focused on the
reclamation of offensive terms toward the LGBTQ+ community across different languages and linguistic
varieties. Unlike previous tasks focused exclusively on hate speech detection, MultiPRIDE addresses
the semantic ambiguity of historically stigmatizing expressions, distinguishing between discriminatory
uses and reclaimed uses for identity, humor, or empowerment purposes. It is a multilingual binary
classification task involving data in Italian, Spanish, and English, with the goal of determining whether
a term related to the LGBTQ+ context in a sentence is being used with reclaiming intent or not.

This task seeks to provide resources and models that enable fairer and more contextualized content
moderation, capable of protecting LGBTQ+ individuals from hate speech without silencing their own
forms of expression and self-affirmation. MultiPRIDE invites researchers, professionals, and students to
explore the linguistic features and challenges associated with reclaimed language within the LGBTQ+
community, considering both textual content (arguments, slurs, derogatory words, self-labeling,
rhetorical figures) and contextual information that can be inferred from user profiles, such as their
LGBTQ+ identity.

In this paper, we propose the design and implementation of two deep learning models to address the
MultiPRIDE task, incorporating preprocessing and representation strategies tailored to Spanish and
its regional varieties. [Placeholder for results and analysis]. Our goal is to advance toward automatic
moderation systems that not only detect hate speech but also recognize and respect the linguistic
reclamation processes that characterize the diversity and vitality of LGBTQ+ discourse online.

2. State of the Art

The problem of linguistic reclamation in the LGBTQ+ context is closely linked to recent developments
in automatic hate speech detection research. Although NLP models based on transformers have
demonstrated remarkable capacity to identify explicit expressions of homophobia and transphobia, the
literature has consistently shown that these systems present substantial limitations when confronting
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ironic, community-based, or reclaimed uses of historically offensive terms [7, 8]. In early work on
automatic detection of homophobia and transphobia, such as those promoted by LT-EDI [9, 3, 10, 4],
the main objective was to distinguish between offensive and non-offensive content across multiple
languages. While these efforts consolidated the use of architectures such as mBERT [1] and XLM-R [2]
as the de facto standard for hate detection, the annotation and evaluation schemes were primarily
based on binary or multiclass classifications that do not explicitly model the semantic ambiguity
of stigmatizing terms. In parallel, resources such as HOMO-MEX [11, 12, 13] revealed that, even
in Spanish, the performance of models like BETO [5] and mBERT [1] degrades significantly when
discourse contains irony, cultural implicatures, or community-based reappropriations, as frequently
occurs in creative domains such as song lyrics. These findings suggest that a significant portion of
classification error stems not from the model’s inability to detect offensive terms, but from its difficulty
interpreting their pragmatic function within discourse [14, 15].

This problem has been addressed more explicitly in recent work on queer language and model
biases. Andersen et al. [16] demonstrated that the semantic polarity of terms related to the LGBTQ+
community in Mexican Spanish has changed significantly over time, meaning that models trained
on historical data tend to overestimate the offensive character of words that have been partially
reclaimed. Complementarily, recent studies have shown that language models tend to label discourse
produced by queer speakers as harmful more frequently than heteronormative discourse, even when
it contains no explicit attacks, revealing a systematic bias against queer dialect and identity-based
self-labeling [17, 18, 19]. This phenomenon extends beyond LGBTQ+ contexts, as similar biases
have been documented for African American English and other marginalized linguistic varieties [15, 20].

In the Italian context, the ReCLAIM project [21] has directly addressed the phenomenon of slur
reappropriation through the construction of resources and models designed to distinguish between
discriminatory and identity-based uses of stigmatizing terms, showing that contextual and discursive
information is essential for reliable classification. These results reinforce the need to move from purely
lexical or sentiment-based hate detection schemes toward models capable of capturing pragmatic
relationships, community affiliation, and discursive positioning [22, 23]. The psychological and
sociolinguistic dimensions of slur reclamation have been well documented. Galinsky et al. [22]
established that group power mediates the willingness to self-label with derogatory terms, and that
such self-labeling can increase both individual and collective perceptions of power while attenuating
the stigma associated with these terms. From a linguistic perspective, Anderson and Lepore [24]
analyzed the semantic mechanisms through which slurs operate, providing theoretical foundations for
understanding how the same lexical items can function differently depending on speaker identity and
communicative context. In this framework, MultiPRIDE represents a natural evolution of previous
LGBTQ+-phobia detection tasks by shifting the focus from mere hate identification toward explicit
modeling of the semantic and pragmatic ambiguity associated with linguistic reclamation processes.
By formulating the task as a binary classification between reclaimed and non-reclaimed uses of
LGBTQ+ terms across multiple languages (Italian, Spanish, and English), MultiPRIDE directly connects
with the findings of LT-EDI, HOMO-MEX, and ReCLAIM, and provides an experimental framework
for evaluating the extent to which current models can distinguish between symbolic violence and
discursive self-affirmation.

From this perspective, the design of the models proposed in this work is grounded in the accumulated
evidence that hate speech detection toward the LGBTQ+ community cannot be reduced to the presence
of offensive lexicon, but rather requires incorporating signals of context, identity, and pragmatic
function [25]. In this way, our proposal seeks to contribute to the development of automatic moderation
systems that, in line with MultiPRIDE’s objectives, protect LGBTQ+ individuals from linguistic harm
without rendering invisible or penalizing their own forms of expression, resistance, and linguistic
reappropriation [26].
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3. Methodology

A brief description of the provided datasets for the competition is given in this section; furthermore, a
detailed description of the method selected to resolve the problem is provided.

3.1. Task Description

The MultiPride 2026 shared task focuses on the classification of reclaimed language within the LGBTQ+
community on social media. The task invites participants to explore linguistic features and contextual
elements associated with language reclamation, a phenomenon where marginalized communities
reappropriate terms that were originally used as slurs or derogatory labels.

Participants are encouraged to analyze both the textual content of the inputs—including arguments,
slurs, derogatory words, self-labeling practices, and figures of speech—and the contextual information
that can be inferred from users’ profiles when available, such as community membership and political
orientation.

The primary objective is to perform binary classification, determining whether a term related to the
LGBTQ+ context within a given sentence is used with reclamatory intent or not. The shared task is
organized into two main tasks:

3.1.1. Task A - Textual Content

In Task A, participants are provided exclusively with the textual content of messages. The task can be
approached in two distinct modalities:

« Constrained approach: Participants must utilize only the provided training data. While addi-
tional resources such as lexicons are permitted, the use of supplementary training data in the
form of tweets or sentences is prohibited.

« Unconstrained approach: Participants may leverage additional training data, including external
datasets annotated for reclaimed language. Systems developed using this approach must be clearly
identified during run submission and thoroughly detailed in the technical report.

Task A comprises three language-specific subtasks. Participants may choose to work on one, two, or
all three languages, with multilingual experiments being particularly encouraged:

 Subtask A1 - Italian: Classification of reclaimed language in Italian texts.
+ Subtask A2 - Spanish: Classification of reclaimed language in Spanish texts.
+ Subtask A3 - English: Classification of reclaimed language in English texts.

3.1.2. Task B - Contextual Content

Task B extends beyond textual analysis by incorporating contextual information derived from authors’
profiles, including biographical data when available. This task is organized into two language-specific
subtasks:

« Subtask B1 - Italian: Classification leveraging both Italian texts and user profile information.
+ Subtask B2 - Spanish: Classification leveraging both Spanish texts and user profile information.

It should be noted that biographical information is available exclusively for Spanish and Italian
datasets. As with Task A, participants may choose to work on one or both languages, and cross-
linguistic analysis is strongly encouraged.

3.1.3. Dataset Examples

The following table shows some examples of samples extracted from the three available languages. It
should be noted that the English language samples do not have a user or biography, which prevents
task 2 from existing for this language.
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Table 1
Reclaimed and not-reclaimed data examples from the multilingual dataset.

Lang User Bio Tweet Reclamation
it @user Certo le circostanze In quanto disabile e frocia questi sono i miei Pride- yes
non sono favorevoli.  Months. Ma vorrei anche dire che il giorno in
cui nel manifesto di un evento lebtgiatransfem-
minista verra citato anche I'antiabilismo oltre ad
anti sessismo/obitfobia/razzismo/specismo offro
da bere
it @user | veri partigiani  Ecco, adesso pensate all’iter o in affitto ed al male no
furono i primi che fate al bambino branco di finocchi arcobaleno
sovranisti! w la
patria!
es @user  Me llaman feminista, Buenas tardes a rojos, feministas, republicanos, yes
roja y bollera. maricones, bolleras y demas LGTBI #LGTBI #pride
es @user | live for that energy! Hace rato pasé una caravana de movimiento no
LGT...etc y algunos me vieron parado observando
y me gritaron que yo también era marica. Orale,
bien «respetuosas» estas personas que exigen re-
speto. #PrideMonth #Pride2022 #LGTBQ
es N/A N/A I use the word tranny all the time...but that’s only yes
in reference to working on my cars. Transgen-
dered, transvestite, and drag queen folk are too
fabulous to have their descriptions abbreviated.
es N/A N/A Actually that’s what s faggot is. Fag is just some- no

thing that needs to be burnt.

3.2. Corpus Description

The MultiPride 2026 shared task provides a unified training set for both Task A (Textual Content) and
Task B (Contextual Content). The training data is distributed across three language-specific CSV files,
each corresponding to one of the supported languages:

« train_it.csv - Italian language dataset
« train_en.csv - English language dataset
« train_es.csv - Spanish language dataset

3.2.1. Data Format

Each training file follows a standardized format consisting of five fields, as described in Table 2:

The id field serves as a unique identifier for each message in the dataset, enabling traceability and
reproducibility of experimental results. The text field contains the actual message content extracted
from social media posts. The label field represents the gold standard annotation, indicating whether
the text contains terms used with reclamatory intent.

The bio field provides contextual information about the message author through their profile
biography. This field is particularly relevant for Task B, where contextual information is leveraged for
classification. It is important to note that biographical data is not available for all users; consequently,
this field may contain missing values. Additionally, biographical information is available exclusively for
Italian and Spanish datasets, while the English dataset does not include this feature.

Finally, the 1ang field specifies the primary language of each message, facilitating language-specific
processing and enabling multilingual analysis across the three supported languages.
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Table 2
Training data format specification.

Field Description

id Unique identifier for each message

text  The textual content of the message

label Binary annotation indicating whether the text contains re-
claimed language (reclamatory intent)

bio User profile biography (when available); this field may contain
null values for messages where biographical information is un-
available

lang  Primary language of the text (it, en, or es)

3.3. Data Loading and Preparation

The training and test datasets were stored in Amazon S3 cloud storage and accessed programmatically
using the AWS SDK for Python (Boto3). A dedicated function was implemented to retrieve CSV files
from specified S3 buckets and prefixes, handling potential errors during the data retrieval process.

The data loading procedure consisted of two main phases. First, the training data was loaded
from three separate language-specific files: train_es.csv, train_en.csv, and train_it.csv,
corresponding to Spanish, English, and Italian datasets, respectively. Upon successful retrieval of
each file, the number of rows was verified to ensure data integrity. The three training datasets were
subsequently concatenated into a unified dataframe, facilitating multilingual model training and cross-
linguistic analysis.

Following the consolidation of training data, descriptive statistics were computed, including the
total number of training samples and the distribution of labels across the binary classification task.
This analysis provided insights into the class balance within the training corpus, which is crucial for
understanding potential biases and for implementing appropriate data handling strategies during model
development.

In the second phase, the test datasets were retrieved following an analogous procedure. Three
language-specific test files—es_test.csv,en_test.csv,and it_test.csv—were loaded from their
designated S3 location. These test sets were maintained separately from the training data to enable
proper evaluation of the developed models on unseen data, ensuring unbiased performance assessment
across all three languages.

3.4. Knowledge Graph Construction

To effectively capture the complex semantic relationships and contextual nuances associated with
reclaimed language in the LGBTQ+ community, a Knowledge Graph (KG) was constructed using
the NetworkX library for Python. The KG serves as a structured repository of linguistic knowledge,
encoding information about reclaimed terms, their usage contexts, and associated semantic attributes
across the three target languages.

3.4.1. Graph Structure and Initialization

The Knowledge Graph was implemented as a directed graph, where nodes represent either reclaimed
terms or contextual categories, and edges encode relationships between these entities. The graph
structure was designed to facilitate efficient querying and reasoning about term usage patterns and
contextual appropriateness.

Upon initialization, the KG was populated with a curated set of known reclaimed terms across all
three languages. Fach term node was annotated with language-specific metadata, including:

« Language identifier: Specifying whether the term belongs to Spanish (es), English (en), or
Italian (it)
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« Term type: Classifying the node as a reclaimed term or context category

« Context attributes: Providing information about the typical usage context and semantic conno-
tations of the term

3.4.2. Multilingual Term Repository

The KG incorporates language-specific reclaimed terms based on sociolinguistic literature and commu-
nity usage patterns:

Spanish terms: The Spanish lexicon includes terms such as marica, maricén, bollera, tortillera,
Jjoto, and jota. These terms were annotated with their predominant contexts, ranging from positive
LGBTQ+ usage to heavily context-dependent interpretations. Regional variations were also considered,
particularly for terms like joto and jota, which are predominantly used in Mexican Spanish contexts.

English terms: The English repository encompasses widely recognized reclaimed terms including
queer, dyke, fag, faggot, and trannie. Each term was classified according to its reclamation status
within the LGBTQ+ community, with particular attention to terms that remain controversial or whose
appropriateness varies significantly by context and speaker identity.

Italian terms: The Italian lexicon includes terms such as frocio, checca, ricchione, and finocchio.
Similar to the other languages, these terms were annotated with contextual information reflecting their
complex usage patterns within Italian LGBTQ+ communities.

3.4.3. Context Nodes and Semantic Categories

In addition to term nodes, the KG incorporates abstract context nodes representing different usage
environments. These include:

« lgbtq community: Indicating usage within community spaces
« pride_context: Associated with pride events and celebrations
« activist_context: Related to advocacy and activism

« derogatory_context: Indicating pejorative usage

« neutral_context: Representing ambiguous or neutral usage

These context nodes enable the encoding of relationships between terms and their typical usage
environments, facilitating context-aware classification.

3.4.4. Term Extraction and Matching

The KG provides functionality for identifying potential reclaimed terms within input texts. The extrac-
tion mechanism operates through pattern matching, comparing normalized (lowercased) text against
the terms stored in the graph. Language-specific filtering ensures that only terms corresponding to
the declared language of each message are considered as candidates, preventing false matches from
cross-linguistic homographs or similar forms.

3.4.5. Contextual Analysis Framework

A key component of the Knowledge Graph system is its contextual analysis capability, which evaluates
the semantic environment surrounding identified terms. This analysis leverages both the textual content
and available biographical information to assess the likelihood of reclamatory usage.

The contextual analysis framework employs two sets of linguistic indicators:
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Positive indicators: Terms and expressions associated with affirmative LGBTQ+ discourse were
identified, including explicit community markers (pride, orgullo, LGBTQ+, comunidad, community),
activist terminology (activism, visibility, visibilidad), and values-oriented language (love, amor, equality,
igualdad, diversity, diversidad, respect, respeto). Additionally, symbolic representations such as rainbow
flag emojis and heart emojis were included as positive indicators.

Negative indicators: Conversely, terms associated with hostile or discriminatory discourse were
catalogued, including explicit hate speech markers (hate, odio), oppositional language (against, con-
tra), and specific forms of prejudice (homophobia, homofobia, transphobia, transfobia, discrimination,
discriminacion).

For each input message, the contextual analysis function computes the frequency of positive and
negative indicators in both the message text and the author’s biographical information when available.
The combined frequency counts are used to derive a sentiment classification (positive, negative, or
neutral) and to assess the presence of LGBTQ-+-affirming context. This information provides valuable
features for downstream classification models.

3.4.6. Term Information Retrieval

The KG also provides a query interface for retrieving detailed information about specific terms. This
functionality allows models to access the stored attributes and contextual annotations for any term
present in the graph, enabling informed decision-making during the classification process.

The resulting Knowledge Graph comprises nodes representing both linguistic terms and semantic
contexts, providing a structured knowledge base that encodes expert understanding of reclaimed
language phenomena across the three target languages.

3.5. Knowledge Graph Enhancement from Training Data

While the initial Knowledge Graph was populated with expert-curated reclaimed terms based on
sociolinguistic literature, the diversity and evolution of language use within LGBTQ+ communities
necessitates data-driven enrichment. To this end, a learning mechanism was implemented to extract
additional patterns and contextual information from the labeled training data, thereby augmenting the
KG with empirically observed usage patterns.

3.5.1. Training Data Analysis Strategy

The enhancement process focused exclusively on positive examples—that is, messages labeled as con-
taining reclaimed language (label = 1). This selective approach was motivated by the objective of
identifying authentic reclamation patterns as manifested in actual community discourse. By analyz-
ing confirmed instances of language reclamation, the system could capture genuine usage contexts,
associated linguistic features, and co-occurring elements that characterize reclamatory intent.

The analysis was conducted in a language-stratified manner, processing Spanish, English, and Italian
examples independently. This language-specific approach ensured that the extracted patterns and
contextual associations remained linguistically and culturally appropriate, respecting the distinct
reclamation dynamics that exist across different linguistic communities.

3.5.2. Feature Extraction from Reclaimed Examples
For each reclaimed example in the training data, multiple levels of linguistic analysis were performed

to extract salient features:

Hashtag extraction: Social media hashtags serve as important contextual markers, often explicitly
signaling thematic content, community affiliation, and communicative intent. A pattern matching
mechanism was employed to identify and extract all hashtags present in reclaimed examples. These
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hashtags were normalized to lowercase to facilitate consistent matching and comparison. Common
hashtags in reclaimed language contexts include pride-related tags (e.g., #PrideMonth, #Pride2022),
community identifiers (e.g., #.LGBTQ, #LGTBI), and specific event or movement markers.

Term identification: For each training example, the previously described term extraction function-
ality was applied to identify which reclaimed terms from the KG appeared in the text. This process
leveraged the language-specific term repositories established during initialization, ensuring accurate
identification of relevant lexical items.

Contextual association: When reclaimed terms were identified in a training example, the system
created an association between the term and its observed usage context. For each occurrence, the
following information was recorded:

+ A textual excerpt (limited to 100 characters) providing immediate context around the term usage
+ The binary label confirming reclamatory intent
+ The set of hashtags co-occurring in the same message

This contextual information was stored in a term-specific repository, creating a corpus of authentic
usage examples for each reclaimed term in the KG.

3.6. Vector Database and Retrieval-Augmented Generation System

To leverage the rich contextual information present in the training data, a Retrieval-Augmented Gen-
eration (RAG) system was implemented. This system enables the classification model to retrieve
and reference similar examples from the training corpus when making predictions on new instances,
effectively implementing a case-based reasoning approach informed by empirically observed usage
patterns.

3.6.1. Embedding Model Selection

The foundation of the RAG system is a multilingual sentence embedding model, specifically the
paraphrase-multilingual-MiniLM-L12-v2 ' model from the Sentence Transformers library. This
model was selected for its several advantageous properties:

+ Multilingual coverage: The model supports over 50 languages, including Spanish, English,
and Italian, enabling consistent semantic representation across all three target languages of the
shared task.

» Semantic preservation: The model is trained to generate embeddings that capture semantic
similarity rather than mere lexical overlap, allowing the system to identify contextually similar
examples even when surface forms differ.

- Efficiency: As a distilled variant (MiniLM), the model offers a favorable balance between repre-
sentation quality and computational efficiency, facilitating real-time retrieval during inference.

+ Cross-lingual alignment: The model’s training on multilingual parallel corpora enables mean-
ingful similarity comparisons across languages, which is particularly valuable for cross-linguistic
analysis and transfer learning scenarios.

3.6.2. System Architecture

The RAG system comprises three primary components: an embedding encoder, a vector index for
efficient similarity search, and a repository of training examples with their associated labels. The
embedding encoder transforms textual inputs into dense vector representations in a high-dimensional

"https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
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semantic space. The vector index, implemented using the FAISS? (Facebook AI Similarity Search)
library, enables efficient nearest-neighbor search over large collections of embeddings. The example
repository maintains the original training instances and their labels, allowing the system to return
complete contextual information for retrieved examples.

3.6.3. Vector Index Construction

The construction of the vector database follows a multi-stage pipeline designed to maximize the
informational content of embeddings while maintaining computational tractability.

Text preprocessing and augmentation: For each training example, a composite representation was
constructed by combining the message text with available biographical information. Specifically, when
user biography was available (i.e., for Italian and Spanish examples in Task B), the text was augmented
with the biographical content using a structured format: the message text followed by a [BIO: .. .]
marker containing the biography. This augmentation strategy ensures that the resulting embeddings
capture both the immediate textual context and the broader author-level context, which is particularly
relevant for distinguishing reclamatory from derogatory usage.

For Task A scenarios, where contextual information is excluded, only the message text is used to
generate embeddings, ensuring that the retrieval mechanism respects the task constraints.

Batch embedding generation: The composite texts were processed through the embedding model in
batches of 32 examples, balancing memory efficiency with processing speed. The model generates fixed-
dimensional dense vector representations (embedding dimension determined by the model architecture)
that encode semantic content in a continuous space where semantically similar texts are positioned
proximally.

The batch processing approach with progress tracking ensures transparency during the potentially
time-consuming embedding generation phase, particularly important when processing large training
corpora.

FAISS index construction: The generated embeddings were used to construct a FAISS index em-
ploying the L2 (Euclidean) distance metric. Specifically, an IndexFlatL2 index was utilized, which
performs exact nearest-neighbor search without approximation. While approximate methods (e.g.,
IndexIVFFlat) could offer computational advantages for very large datasets, the exact search ap-
proach was deemed appropriate given the dataset size and the importance of retrieval accuracy for
classification performance.

The embeddings were cast to 32-bit floating-point format before index insertion, adhering to FAISS’s
memory layout requirements while maintaining sufficient numerical precision for similarity computa-
tions.

Metadata preservation: Alongside the vector index, the system maintains parallel data structures
storing the complete training examples (as dictionary records) and their corresponding labels. This
design enables the retrieval mechanism to return not only similar embeddings but also the full con-
textual information associated with retrieved examples, including text, biography, language, and label
information.

3.6.4. Retrieval Mechanism

The retrieval system accepts a query consisting of a text message and optional biographical information,
and returns the & most similar training examples based on semantic similarity in the embedding space.

*https://ai.meta.com/tools/faiss/
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Query processing: Query texts undergo the same preprocessing and augmentation steps applied
during index construction. For Task B (contextual content), queries are augmented with biographical
information when available, ensuring consistency between query and index representations. For Task
A (textual content only), queries consist solely of the message text, excluding biographical context.
The query text is encoded using the same embedding model employed during index construction,
generating a query embedding in the same semantic space as the indexed training examples.

Similarity search: The FAISS index performs efficient nearest-neighbor search, identifying the
training examples whose embeddings exhibit minimal L2 distance to the query embedding. The search
can be configured to retrieve a specified number of neighbors (k), allowing flexible control over the
breadth of retrieved context.

Language-specific filtering: To respect language boundaries and prevent cross-linguistic interfer-
ence, the retrieval mechanism supports optional language filtering. When a target language is specified,
the system initially retrieves a larger candidate set (three times the desired &k value) and then filters to
retain only examples matching the target language. This over-retrieval and filtering strategy ensures
that the final result set contains the desired number of same-language examples, which is particularly
important for language-specific subtasks.

Similarity score computation: The L2 distances returned by FAISS are transformed into normalized
similarity scores using the formula s = 1/(1 + d), where d represents the L2 distance. This transforma-
tion maps distances to a [0, 1] interval where higher values indicate greater similarity, providing an
intuitive measure of example relevance.

3.6.5. Task-Specific Retrieval Strategies

The RAG system implements distinct retrieval strategies for Task A and Task B, reflecting the different
information modalities available in each task:

« Task A (Textual Content): Retrieval is based exclusively on message text, with biographical
information explicitly excluded from both query and index representations. This ensures that the
system learns to identify reclamation based solely on linguistic content.

« Task B (Contextual Content): Retrieval incorporates both textual and biographical information,
enabling the system to identify similar examples based on both what is said and who says it. This
richer representation allows the model to leverage author-level context for disambiguation.

The resulting vector database provides a comprehensive semantic index of the training corpus,
enabling efficient retrieval of relevant examples that inform classification decisions through case-based
reasoning.

3.7. Large Language Model Integration

The classification system leverages Claude 4.5 Haiku, a state-of-the-art large language model developed
by Anthropic, as the primary decision-making component. The model is accessed through Amazon
Bedrock, a fully managed service that provides API access to foundation models. Specifically, the
model identifier us.anthropic.claude-3-5-haiku-20241022-v1:0 was utilized, representing
the Claude 3.5 Haiku variant optimized for efficient inference while maintaining strong reasoning
capabilities.
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3.7.1. Classifier Architecture

The classifier implements a hybrid architecture that integrates three complementary knowledge sources:
expert-encoded linguistic knowledge (Knowledge Graph), empirical usage patterns (RAG system), and
the general linguistic and cultural understanding encoded in Claude’s parameters. This multi-source
approach enables the system to leverage structured knowledge, case-based reasoning, and large-scale
language understanding in a unified framework.

The classifier maintains references to both the Knowledge Graph and RAG system, enabling dynamic
context retrieval during inference. Additionally, it establishes a connection to AWS Bedrock Runtime,
which handles the low-level details of API communication, request formatting, and response parsing.

3.7.2. AWS Bedrock Integration

AWS Bedrock provides a standardized interface for accessing multiple foundation models, including
the Claude family of models. The integration requires proper AWS credentials and IAM permissions,
specifically the bedrock: InvokeModel permission. The classifier instantiates a Bedrock Runtime
client configured for the appropriate AWS region, enabling programmatic invocation of Claude models.

The Bedrock API follows the Messages format specified by Anthropic, requiring structured request
bodies that include:

« API version identifier: Specifying the Bedrock-specific Anthropic API version
(bedrock-2023-05-31)

« Token budget: Maximum number of tokens Claude may generate in its response (set to 1000 to
accommodate structured JSON output with reasoning)

» Message history: An array of conversational turns, in this case containing a single user message
with the classification prompt

Model invocation returns a response object containing the generated text, which is subsequently
parsed to extract classification decisions.

3.7.3. Prompt Engineering Strategy

A critical component of the system is the prompt construction mechanism, which transforms raw
input data and retrieved context into a comprehensive instruction for Claude. The prompt engineering
strategy employs several techniques to optimize classification performance:

Task specification and definitions: The prompt begins with explicit role assignment, establishing
Claude as an expert in LGBTQ+ linguistics and reclaimed language analysis. This priming encourages
the model to activate relevant knowledge and adopt an appropriate analytical perspective.

Crucially, the prompt provides precise definitions of key concepts, particularly the distinction between
reclaimed language (label 1) and other forms of LGBTQ+-related discourse (label 0). The definition
emphasizes that reclamation requires not merely the presence of potentially reclaimed terms, but their
use in a positive, affirming, or community-building context. This definitional clarity helps address a
common source of classification errors: the conflation of neutral informational content about LGBTQ+
topics with authentic language reclamation.

Contextual principles: The prompt articulates key principles for classification, emphasizing that:

1. Context is paramount—the same lexical item can function as reclaimed or derogatory depending
on usage

2. Community membership indicators provide crucial disambiguation signals

3. Author biographical information, when available, offers valuable context

4. Mere mention of LGBTQ+ topics or terminology does not constitute reclamation
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These principles encode sociolinguistic insights about language reclamation phenomena, guiding
Claude toward contextually appropriate interpretations.

Knowledge Graph context injection: When the Knowledge Graph identifies potential reclaimed
terms in the input text, this information is incorporated into the prompt. Specifically, the prompt
includes:

+ The list of detected terms from the KG’s multilingual lexicon
+ A binary indicator of whether LGBTQ+-affirming context markers were identified
+ Quantified counts of positive and negative sentiment indicators

This structured information provides Claude with explicit signals about the linguistic content and
semantic environment of the message, complementing its own pattern recognition capabilities.

Few-shot learning via retrieved examples: The prompt incorporates a few-shot learning com-
ponent by including the top-3 most similar training examples retrieved by the RAG system. For each
retrieved example, the prompt presents:

+ The message text (truncated to 150 characters to manage token budget)

+ The gold-standard label, explicitly indicating whether the example represents reclaimed or non-
reclaimed usage

This few-shot approach enables in-context learning, allowing Claude to observe concrete instances
of classification decisions and adapt its reasoning accordingly. The retrieved examples are selected
based on semantic similarity to the test instance, ensuring that the provided examples are contextually
relevant.

Test instance presentation: The message to be classified is clearly demarcated within the prompt,
along with associated metadata:

« The complete message text
« Author biographical information (for Task B only, when available)
« Language identifier (Spanish, English, or Italian)

This structured presentation ensures Claude can clearly distinguish between contextual information
and the actual classification target.

Output format specification: To facilitate automated parsing of Claude’s responses, the prompt
explicitly requests structured JSON output with three fields:

+ label: Binary classification decision (0 or 1)
« confidence: Numerical confidence score on a 0-1 scale

+ reasoning: Brief textual explanation of the classification decision
The prompt explicitly instructs Claude to respond with JSON only, without additional markdown for-

matting or commentary, ensuring parseable outputs. The inclusion of reasoning provides interpretability,
enabling qualitative analysis of the model’s decision-making process.

3.7.4. Classification Process

For each input instance, the classification process follows a multi-stage pipeline:
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Context retrieval phase: The system first queries the Knowledge Graph to identify potential re-
claimed terms and analyze contextual indicators. Concurrently, the RAG system retrieves semantically
similar training examples. These operations execute independently and can be parallelized if needed.

Prompt construction phase: The retrieved contexts are integrated with the input instance to con-
struct a comprehensive prompt following the strategy described above. Language-specific information
ensures appropriate linguistic framing.

Model invocation phase: The constructed prompt is formatted into a Bedrock API request and
transmitted to Claude 4.5 Haiku. The model processes the prompt and generates a response containing
the classification decision.

Response parsing phase: The system extracts the JSON object from Claude’s response using pattern
matching. A regular expression identifies JSON structures containing the required label field, which
is then parsed to extract the classification decision, confidence score, and reasoning.

3.7.5. Task-Specific Processing

The classifier supports both Task A (textual content only) and Task B (textual and contextual content)
through a configurable parameter. When processing Task A instances, biographical information is
excluded from both retrieval (in the RAG system) and prompt construction, ensuring that decisions are
based solely on textual content. For Task B, biographical information is fully integrated when available.

3.7.6. Batch Processing

For efficient evaluation on test sets, the classifier implements a batch processing interface that iterates
over all instances in a dataset, applies the classification pipeline to each instance, and aggregates results.
Progress tracking via the tqdm library provides real-time feedback during long-running inference
processes.

The batch processor returns a structured dataframe containing classification results, confidence
scores, reasoning, and metadata for each instance. This output format facilitates subsequent analysis,
error diagnosis, and submission formatting.

3.7.7. Error Handling and Robustness

The system implements comprehensive error handling to maintain operational stability:

« API errors: Network failures, timeouts, and service errors are caught and trigger fallback
classification strategies

« Permission errors: Initialization checks verify Bedrock access permissions and provide diagnos-
tic messages if permissions are insufficient

« Parsing failures: Malformed responses are handled gracefully through multiple parsing strate-
gies of increasing leniency

+ Rate limiting: While not explicitly implemented, the sequential processing approach naturally
respects API rate limits

This robust error handling ensures that the system can complete evaluation even when encountering
occasional failures, while logging issues for subsequent investigation.
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3.8. System Validation on Training Sample

Prior to evaluation on the official test sets, the classification system underwent validation on a held-
out sample from the training data. This validation phase served multiple purposes: verifying the
operational integrity of the complete pipeline, assessing the system’s performance characteristics, and
comparing the effectiveness of Task A (textual content only) versus Task B (textual and contextual
content) approaches.

3.8.1. Validation Set Construction

A validation subset of 30 instances was randomly sampled from the complete training corpus using
stratified random sampling with a fixed random seed (seed = 42) to ensure reproducibility. The relatively
small validation set size was deliberately chosen to enable rapid iteration and system debugging while
managing computational costs associated with API calls to the Claude model.

The sampling process maintained the natural distribution of labels within the training data, providing
a representative subset that reflects the class balance characteristics of the full corpus. The label
distribution within the validation set was explicitly recorded to facilitate interpretation of validation
results and to ensure awareness of any class imbalance effects.

3.8.2. Dual-Task Evaluation Framework

The validation process evaluated the system under both task configurations to quantify the added value
of biographical context:

Task A validation (textual content only): The classifier processed each validation instance using
only the message text, explicitly excluding biographical information from both the RAG retrieval process
and the prompt construction. This configuration tests the system’s ability to identify reclaimed language
based purely on linguistic content, representing the most challenging scenario where contextual
disambiguation must rely solely on textual cues.

The classification pipeline generated predictions for all 30 validation instances, producing structured
outputs containing predicted labels, confidence scores, and reasoning explanations. The predicted labels
were then compared against the gold-standard annotations to compute validation accuracy.

Task B validation (textual and contextual content): The same validation instances were re-
processed with biographical information included. For instances where user biography was available,
this information was incorporated into both the similarity-based retrieval (enabling identification of
contextually similar examples) and the prompt (providing Claude with explicit author context).

This configuration represents the full-information scenario where both linguistic content and author
identity markers contribute to classification decisions. The comparison between Task A and Task
B performance quantifies the informational value of biographical context for reclaimed language
identification.

3.8.3. Performance Metrics and Analysis

For each task configuration, validation accuracy was computed as the proportion of correctly classified
instances. Additionally, the predicted label distribution was analyzed to identify any systematic biases
toward particular classes (e.g., over-prediction of reclamation or non-reclamation).

The merging of predictions with ground-truth labels facilitated instance-level error analysis, enabling
identification of challenging cases where the system failed to produce correct classifications. This
granular view supports understanding of system strengths and weaknesses.
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3.8.4. Qualitative Analysis

Beyond aggregate accuracy metrics, a qualitative analysis examined individual predictions to assess the
interpretability and reasoning quality of the system. For a subset of validation instances (typically 3-5
examples), the following information was reviewed:

« Input text: The message content being classified (truncated for display purposes)
« Ground truth label: The gold-standard annotation from the training data

« Predicted label: The system’s classification decision

« Confidence score: The system’s self-assessed certainty (0-1 scale)

« Reasoning: Claude’s explanation for its classification decision

This qualitative review served multiple analytical purposes. First, it provided insight into the system’s
decision-making process, revealing which textual and contextual features influenced classifications.
Second, it enabled identification of reasoning patterns that distinguish correct from incorrect predictions.
Third, it helped diagnose potential failure modes, such as over-reliance on superficial lexical cues or
insufficient sensitivity to contextual nuance.

The reasoning text generated by Claude proved particularly valuable for system refinement, as it
made explicit the factors considered during classification. For instance, correct predictions often cited
specific indicators of community membership, positive framing, or reclamatory intent, while incorrect
predictions sometimes revealed misinterpretations of ambiguous language or insufficient weight given
to biographical context.

Here are some examples of quantitative analysis predictions where you can see why the label is being
assigned.

1. Text: “Quit being a faggot and suck that dick” Oh my I lost it ...
True: 1, Predicted: 0
Confidence: 0.90
Reasoning: Quote contains a derogatory slur used in a homophobic context, not a positive
reclamation by LGBTQ+ ...

2. Text: Un lujo colaborar desde @USER con @USER en la semana de Cine Queer en el marco del
mes de la diversi...
True: 0, Predicted: 0
Confidence: 0.85
Reasoning: While the tweet contains ‘Queer’, it is used in an informational context about a film
event, not as ...

3. Text: come quando “ma frocio non mi sembra un insulto” amore mio se io parte della comunita
Igbtqia ti dic...
True: 0, Predicted: 0
Confidence: 0.90
Reasoning: The tweet discusses the term ‘frocio’ as an offensive slur, critiquing someone who
claims it’s not h...

3.8.5. Comparative Performance Assessment

A key objective of the validation phase was quantifying the performance differential between Task A
and Task B configurations. The accuracy difference (Task B accuracy minus Task A accuracy) provides
a direct measure of how much biographical information contributes to classification performance on
this validation sample.

Several scenarios were anticipated:

1. Positive differential: Task B outperforming Task A would indicate that biographical context
provides disambiguating information that improves classification, validating the inclusion of this
feature in the full system.
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2. Zero differential: Equal performance would suggest that biographical information, at least in
this validation sample, does not substantially aid classification, possibly because textual content
alone provides sufficient signal.

3. Negative differential: Task A outperforming Task B (an unlikely but possible outcome) would
suggest that biographical information introduces noise or causes overfitting to spurious correla-
tions.

The observed performance differential, along with analysis of prediction distributions and individual
cases, informed final system configuration decisions and provided insights into the relative importance
of different information modalities for reclaimed language classification.

3.8.6. Validation Insights and System Refinement

The validation phase provided actionable insights that guided system refinement:

« Prompt effectiveness: Analysis of reasoning patterns revealed which prompt components
(definitions, principles, retrieved examples, KG context) most strongly influenced correct decisions,
informing prompt optimization.

« RAG system performance: Examination of retrieved examples for misclassified instances
helped assess whether retrieval was surfacing relevant precedents or introducing misleading
analogies.

+ Knowledge Graph coverage: Validation errors sometimes revealed reclaimed terms or usage
patterns not captured in the KG, suggesting areas for knowledge base expansion.

+ Confidence calibration: Comparison of confidence scores with classification accuracy enabled
assessment of whether the system’s self-reported certainty correlates with actual correctness.

4. Experiments and Results

This section presents the evaluation of the proposed system on the MultiPride 2026 test sets across
all subtasks and languages. The experimental design encompasses both Task A (textual content only)
and Task B (textual and contextual content), enabling comprehensive assessment of the system’s
performance and the contribution of biographical information to classification accuracy.

4.1. Experimental Setup

The evaluation was conducted on the official test sets provided by the shared task organizers. Three
language-specific test sets were available:

+ Spanish: 585 test instances for both Task A and Task B
+ English: 685 test instances for Task A only (biographical information not available)
« Italian: 725 test instances for both Task A and Task B

For each test instance, the system generated binary classification predictions (0 for not reclaimed,
1 for reclaimed) along with confidence scores ranging from 0.0 to 1.0. All predictions were obtained
using the complete pipeline described in previous sections, incorporating Knowledge Graph analysis,
RAG-based example retrieval, and Claude 4.5 Haiku inference via AWS Bedrock.

4.2. Results by Language and Task
4.2.1. Spanish Results

The Spanish test set, comprising 585 instances, was evaluated under both task configurations. Table 3
summarizes the prediction statistics.
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Table 3
Prediction statistics for Spanish test set.

Task Total Reclaimed (1) Not Reclaimed (0) Avg. Confidence
Task A (Text Only) 585 196 (33.5%) 389 (66.5%) 0.861
Task B (Text + Bio) 585 200 (34.2%) 385 (65.8%) 0.860

For Task A, the system classified approximately one-third of the Spanish test instances as containing
reclaimed language (33.5%), with the remaining two-thirds classified as not reclaimed. The average
confidence score of 0.861 indicates relatively high certainty in the predictions, suggesting that the
system could distinguish clear cases of reclamation from non-reclamation in the textual content.

The inclusion of biographical information in Task B resulted in a modest increase in reclaimed
predictions, from 196 to 200 instances (a 2.0% increase in the proportion of positive predictions).
This shift suggests that biographical context provided additional evidence supporting reclamatory
interpretation for a small subset of instances that were ambiguous based on textual content alone. The
average confidence remained stable at 0.860, indicating that the additional contextual information did
not substantially alter the system’s overall certainty levels.

4.2.2. English Results

The English test set, containing 685 instances, was evaluated exclusively under Task A configuration, as
biographical information was not available for this language. Table 4 presents the prediction statistics.

Table 4

Prediction statistics for English test set.
Task Total Reclaimed (1) Not Reclaimed (0) Avg. Confidence
Task A (Text Only) 685 67 (9.8%) 618 (90.2%) 0.892

The English test set exhibited markedly different prediction patterns compared to Spanish. Only
9.8% of instances were classified as containing reclaimed language, resulting in a highly imbalanced
prediction distribution heavily skewed toward the negative class. This substantial difference from the
Spanish predictions (33.5% positive) raises several interpretive considerations:

1. Dataset characteristics: The English test set may contain a genuinely lower proportion of
reclaimed language instances, reflecting either sampling procedures or underlying differences in
language reclamation prevalence across social media contexts in different languages.

2. System conservatism: The system may exhibit greater conservatism in classifying English
instances as reclaimed, possibly due to the Knowledge Graph containing fewer English reclaimed
terms, or due to differences in the retrieved training examples for English texts.

3. Linguistic complexity: English reclaimed language may present greater classification challenges
due to more subtle contextual cues or greater ambiguity in term usage, leading the system to
default to the negative class in uncertain cases.

Notably, the English predictions exhibited the highest average confidence score (0.892) across all
languages and tasks, suggesting that despite the low positive prediction rate, the system expressed
strong certainty in its classifications. This high confidence may indicate that many English test instances
presented clear negative cases (e.g., neutral discussion of LGBTQ+ topics without reclaimed terminology),
or alternatively, may reflect overconfidence in negative predictions.

4.2.3. Italian Results

The Italian test set, comprising 725 instances, was evaluated under both task configurations. Table 5
summarizes the prediction statistics.
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Table 5
Prediction statistics for Italian test set.

Task Total Reclaimed (1) Not Reclaimed (0) Avg. Confidence
Task A (Text Only) 725 150 (20.7%) 575 (79.3%) 0.865
Task B (Text + Bio) 725 171 (23.6%) 554 (76.4%) 0.857

The Italian predictions fell between the Spanish and English extremes, with 20.7% of Task A instances
classified as reclaimed. This intermediate proportion suggests either a genuinely moderate prevalence
of reclamation in the Italian test set, or system behavior that lies between its conservative English
performance and more liberal Spanish performance.

The addition of biographical context in Task B yielded a more substantial effect for Italian than for
Spanish. The number of positive predictions increased from 150 to 171 (a 14.0% relative increase, or 2.9
percentage points in absolute terms). This suggests that Italian biographical information provided more
disambiguating value than Spanish biographical information, possibly because Italian bios contained
stronger community membership signals or because Italian textual content was more ambiguous in
isolation.

The average confidence decreased slightly from 0.865 to 0.857 when biographical information was
included, suggesting that while biographical context enabled additional positive classifications, it may
have introduced some uncertainty or conflicting signals in certain cases.

4.3. Cross-Language Comparison

Figure 1 visualizes the prediction distributions across languages and tasks, facilitating direct comparison
of system behavior. The visualization clearly demonstrates the substantial variation in classification
patterns across the three target languages and the differential impact of biographical context.

Prediction Distributions: Task A vs Task B

Task A (Text Only) Task A (Text Only) Task A (Text Only)
Spanish English Italian
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Figure 1: Prediction distributions for Task A and Task B across Spanish, English, and Italian test sets.
Red bars represent not-reclaimed predictions (label 0), while green bars represent reclaimed predictions
(label 1). The top row shows Task A results for all three languages, while the bottom row shows Task B
results for Spanish and Italian (biographical information was not available for English).

4.3.1. Language-Specific Patterns

The visualization in Figure 1 reveals striking differences in prediction patterns across languages:

224



Spanish: Exhibits a relatively balanced distribution with approximately one-third positive predictions.
The consistency between Task A and Task B suggests that textual content alone provides strong
classification signals in Spanish, with biographical information playing a supplementary rather than
transformative role. The visual similarity between the top-left (Task A) and bottom-left (Task B) panels
confirms this minimal differential effect.

English: Shows an extremely imbalanced distribution with minimal positive predictions, as evidenced
by the dominant red bar and minimal green bar in the top-middle panel. The stark contrast with
Spanish and Italian suggests either genuine dataset differences or language-specific challenges in the
classification system. The high confidence scores accompanying this imbalanced distribution warrant
further investigation to distinguish between appropriate conservatism and potential systematic bias.

Italian: Demonstrates moderate prediction rates falling between Spanish and English, visible in
the intermediate-sized green bar in the top-right panel. The visible increase in positive predictions
from Task A (top-right) to Task B (bottom-right) indicates meaningful contribution of biographical
context, suggesting that Italian reclaimed language classification benefits substantially from author-level
information.

4.3.2. Task A versus Task B

The comparative analysis of Task A and Task B performance, readily apparent in Figure 1, provides
insights into the value of biographical context:

Spanish: Minimal visual difference between the top-left and bottom-left panels (0.7 percentage points
increase in positive predictions) suggests that Spanish textual content is largely self-sufficient for
classification. This may reflect more explicit community markers or clearer contextual cues within
Spanish tweets themselves.

Italian: The more noticeable difference between the top-right and bottom-right panels (2.9 percentage
points increase) indicates meaningful contribution of biographical information. The visibly larger green
bar in the Task B panel demonstrates that Italian reclaimed language usage may be more context-
dependent, requiring author identity information to resolve ambiguity.

The modest reduction in confidence when biographical information is included (observed in both
Spanish and Italian) may reflect increased complexity in the decision-making process. When biographical
context conflicts with or complicates textual signals, the system appropriately expresses lower certainty.

4.4. Confidence Score Analysis

The average confidence scores across all tasks ranged from 0.857 to 0.892, indicating generally high
certainty in classifications. Several patterns emerge:

+ English exhibits highest confidence: The 0.892 average confidence for English, despite (or
perhaps because of) the heavily imbalanced predictions visible in Figure 1, suggests either clear
negative instances or potential overconfidence in negative classifications.

« Biographical context reduces confidence: Both Spanish and Italian show slight confidence
reductions when biographical information is included (0.861 — 0.860 for Spanish; 0.865 — 0.857
for Italian), suggesting that additional context introduces complexity rather than clarity in some
cases.

+ Moderate overall uncertainty: While confidence scores are relatively high, they remain well
below 1.0, indicating that the system recognizes the inherent difficulty of the task and expresses
appropriate uncertainty rather than overconfident predictions.

225



5. Discussion

The experimental results reveal several important findings:

Cross-linguistic variation: The substantial differences in prediction rates across languages (9.8% for
English, 20.7% for Italian, 33.5% for Spanish), clearly visible in Figure 1, highlight the language-specific
nature of reclaimed language phenomena. These differences may reflect actual variation in reclamation
prevalence, cultural differences in social media discourse, or differential system performance across
languages.

Biographical context value: The comparison between Task A and Task B demonstrates that bio-
graphical information provides meaningful but not transformative value. The effect is more pronounced
for Italian (14.0% relative increase in positive predictions) than Spanish (2.0% relative increase), as
evidenced by the visual differences between panels in Figure 1.

System conservatism: Across all languages, the system tends toward conservative classification,
with red bars consistently dominating green bars in the figure, potentially under-predicting reclamation
rather than over-predicting it. This conservatism is most evident in English but present to varying
degrees across all languages.

High confidence levels: The consistently high confidence scores (>0.85) suggest that the system
identifies many clear-cut cases but may benefit from improved calibration to better distinguish varying
levels of uncertainty.

These results provide a foundation for understanding system performance and identifying areas
for future refinement, including enhanced cross-linguistic knowledge transfer, improved biographical
context integration, and better calibration of confidence scores.
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Abstract

The spread of hate speech has become increasingly harmful in modern digital environments, particularly on social
networking platforms. While recent advances have shown promising results in automatic hate speech detection, a
key challenge remains: distinguishing genuine hate speech from reclaimed language. Accurate labeling is difficult
due to the nuanced and context-dependent nature of reclaimed expressions. In this paper, we present a simple
and interpretable approach for distinguishing hate speech from reclaimed language, developed for the MultiPride
Shared Task. Our method generates dense semantic text embeddings and incorporates a label-noise filtering
stage using Cleanlab with logistic regression, followed by a Multi-layer Perceptron (MLP) neural network for
final classification. The system is designed to operate under limited computational resources while maintaining
strong performance. We evaluate our approach using precision, recall, and F1-score, including macro-averaged
metrics. Experimental results demonstrate robust performance despite extreme class imbalance in the dataset.
Overall, the findings highlight the potential for further improvements through larger embedding models and
more advanced preprocessing techniques while preserving interpretability.

Content Warning: This paper contains examples of explicitly offensive content.

1. Introduction

The primary venue for communication between people is now the Internet. This has democratized
online discourse, enabling users to share opinions on a vast array of topics. As a result, online platforms
have become major spaces for public discourse, enabling rapid information exchange and large-scale
interaction among users from diverse backgrounds. While this promotes free speech and broader
participation, it also facilitates harmful behaviors when individuals target others based on religion, race,
sex, sexual orientation, or political affiliation [1, 2, 3]. The use of such harmful or offensive expressions
is referred to as hate speech. The exponential growth of social media platforms has facilitated this
spread, transforming how hate speech disseminates through anonymity and rapid sharing [2, 4]. Hate
speech, as a form of online abuse, has become a focal point in societal discussions, with computational
tools emerging to mitigate its impact on individuals and communities [5]. On the opposite end of the
spectrum, members of the same social group may use terms traditionally considered offensive as part of
in-group appropriation or semantic reclamation [6]. This phenomenon, known as reclaimed language,
presents a unique challenge in hate speech detection, where terms traditionally used derogatorily are
repurposed by marginalized communities, such as the LGBTQ+ group, through mock impoliteness or
semantic reclamation [6]. For instance, reclaimed slurs in in-group contexts may not convey hatred
but instead foster solidarity; however, automated models often misclassify them as hateful, leading to
false positives and restricting self-expression. It can be difficult to differentiate hate speech from other
manifestations of potentially harmful language used within a particular group, as meaning depends
strongly on speaker identity and contextual usage [7].
This study makes the following contributions:
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« We begin by systematically cleaning the raw text data to reduce noise, filtering out URLs, non-
ASCII characters (including emojis), and specific user mentions, while carefully stripping the #
symbol from hashtags to retain their semantic textual content.

« To ensure reliable evaluation on our highly unbalanced dataset, we split the data into training
and validation sets using stratified sampling, preserving the proportional distribution of labels
across both subsets.

+ We implement a comprehensive backtranslation augmentation strategy on the training data using
the Google Translate API via deep_translator.

« We extract deep semantic features from the text samples by generating high-dimensional embed-
dings using the state-of-the-art intfloat/e5-large-v2 model.

« We enhance the quality of our training signal by applying CleanLearning from the clean-
lab.classification framework.

« Finally, we design and train a lightweight Neural Network specifically optimized for this task.

2. Related Work

As presented in the previous section, distinguishing between hate speech and reclaimed language is
challenging due to the nature and linguistic complexity, since a clear boundary should be defined [6].
This problem stems from the contextual dependence of language, where marginalized groups, like the
LGBTQ+ community, can use terms that are typically used as slurs to promote solidarity through "mock
impoliteness" without expressing hatred. These subtleties are frequently overlooked by automated
detection systems, which results in false positives that incorrectly label reclaimed language as hateful,
restricting self-expression and possibly exacerbating discrimination [6, 7]. Biases in training datasets
and classifiers, for example, make this problem worse because models trained on primarily out-group
examples may overgeneralize slurs while neglecting in-group reclamation. Linguistic analyses also show
how generalized forms of hate speech, which frequently rely on lethal or quantity-laden rhetoric, differ
from directed forms, which are aggressive and personal. However, both can overlap with reclaimed
uses in online contexts [8]. Early attempts to identify hate speech relied on rule-based keyword
matching or simple machine learning classifiers. While these methods provided some level of detection,
they struggled with context, ambiguity, sarcasm and had high error rates for sophisticated language
[2]. Deep learning, with the introduction of semantic embeddings particularly using transformer
models (e.g. BERT), has improved performance and made it easier to identify hateful intent across
languages and domains by capturing bidirectional context. For example BERT was reweighted to
reduce the racial bias in social media by accounting for African-American English (AAE) tweets being
overclassified as offensive compared to Standard American English (SAE) tweets [7]. Despite these
improvements, the models are still limited in their ability to handle reclaimed language due to their
focus on speaker-group dynamics instead of surface level patterns [6]. Recent research shows just how
crucial contextual information is for improving detection accuracy. When models take into account
conversational threads or topic-specific metadata—for example, from Twitter—they can achieve up to
5.5 points higher Macro F1 scores in multi-label tasks, particularly for pandemic-related hate speech
in Spanish varieties [9]. Context helps clarify meaning: a slur used within an in-group conversation
may signal reclamation rather than aggression, and looking at replies or thread structure prevents
interpreting posts in isolation. Psycholinguistic work on hate “lingo”—such as name-calling in targeted
hate compared to more general religious or group-based rhetoric—also reinforces this need for context.
Together, these insights support the development of hybrid models that blend linguistic features with
training strategies that are aware of reclamation [8]. Strategies for bias mitigation are necessary for
fair detection and to mitigate against inadvertent suppression of reclaimed language or expression.
Techniques such as entropy-based regularization or sample reweighting in fine-tuning have shown
efficacy at debiasing classifiers to attenuate the disproportionate flagging of AAE or LGBTQ+ discourse
[7, 6]. The establishment of specialized datasets, including the Reclaimed Hate Speech Dataset (RHSD),
will be essential to test models in an in-group setting and monitor for safeguards in semantic sensitivity
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[6]. In addition to creating datasets, surveys of the landscape create a call for discourse within an
interdisciplinary framework, to synthesize NLP with sociolinguistics, and enact easier boundaries
between hate speech and reclamation, alongside the unraveling of online hate speech [2]. Still, research
gaps remain: most datasets lack a rich compendium of distinct examples of reclamation, and a lack
of cross-domain generalization to distinguish bias that can exist across varieties of English [7]. In
the future, scholars working on the CMC dimension of hate speech should strive for datasets that are
multilingual and intersectional, and that capture linguistic complexity in a global context, extending
toward upholding justice to ensure models treat individuals belonging to marginalized groups without
excessive over-moderation [6, 9, 2].

3. Task Description and Dataset

3.1. Task

MultiPRIDE shared task [10] aims to identify reclaimed language in LGBTQ+ situations on social
media, specifically in tweets that use language tied to LGBTQ+ identity in a possibly harmful way
or as language of reclamation. Thus, the task is to identify if it is used as reclaimed, so it is a binary
classification task. The shared task is multilingual and includes datasets in Italian, Spanish, and English.
The task provides two tracks:

+ Textual: Participants are only granted access to the unprocessed text of each tweet. No additional
metadata or contextually-relevant signals are provided.

« Textual + Contextual: Apart from the text, participants are free to rely upon optional contextual
information related to the author, including profile description and any other relevant metadata.

Participants are welcome to examine not only models that rely strictly on the text of the tweet, but
also models that consider additional contextual information if available (such as metadata regarding
the author’s profile). This design facilitates the exploration of the effect contextual signals have on the
interpretation of potentially sensitive terms.

3.2. Data

For this research, the data set was provided through the Multipride Shared Task: a collection of
multilingual Twitter data, that has been annotated specifically for its use of reclaimed language. This data
comprises English, Italian and Spanish, has been split into training and development, with each instance
representing a tweet and being labelled either reclaimed or not reclaimed language — defining a binary
classification scenario. Table 1 outlines how the instances are distributed across the three languages
(English, Italian, and Spanish) in terms of their training or developmental status. Representative
examples from the dataset are presented in Table 2 .

Table 1
Statistics of the experimental dataset.

Dataset English | Italian | Spanish
Train 769 814 657
Development | 257 272 219

4. Proposed Approach

For the MultiPride hate speech detection task, we constructed a pipeline that does not depend on any
specific language (also referred to as language-agnostic). This pipeline includes several components:
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Table 2
Representative examples from the dataset.

Lang Biography Tweet Reclamation
En N/A | use the word tranny all the time...but that’s Yes

only in reference to working on my cars. Trans-

gendered, transvestite, and drag queen folk are

too fabulous to have their descriptions abbrevi-

ated.
En N/A Actually that’s what a faggot is. Fag is just some- No
thing that needs to be burnt.
It Certo le circostanze non  In quanto disabile e frocia questi sono i miei Pride-  Yes
sono favorevoli PrideMonths. Ma vorrei anche dire che il giorno

in cui nel manifesto di un evento Igbtgiatransfem-
minista verra citato anche I’antiabilismo oltre ad
anti sessismo/obtfobia/razzismo/specismo offro

da bere
It | veri partigiani furonoi  Ecco, adesso pensate all’iter o in affitto ed al male  No
primi sovranisti! w la pa- che fate al bambino branco di finocchi arcobaleno
tria!
Es Me llaman feminista, Buenas tardes a rojos, feministas, republicanos, Yes
roja y bollera maricones, bolleras y demas LGTBI LGTBI pride
Es | live for that energy! Hace rato pasé una caravana de movimiento No

LGT...etc y algunos me vieron parado observando
y me gritaron que yo también era marica. Orale,
bien «respetuosas» estas personas que exigen re-
speto. PrideMonth Pride2022 LGTBQ

augmentation of training data, generation of robust embeddings through a neural network classifier,
filtering of noisy labels and robust embeddings through a neural network classifier, and a neural
network-based classification of hate speech detection, and all components of the pipeline are applied to
all datasets (both English, Italian, and Spanish) consistently to mitigate the effect of class imbalance and
the presence of noise in social media text.

4.1. Data Preprocessing and Augmentation

Data cleaning is a technique that utilizes raw text and removes sparsity and non-informative artifacts
(non-informative means you cannot determine the origin of the content). For example, we remove URLs,
user mentions (but keep the semantic meaning of hashtags), and non-ASCII characters (emoticons,
symbols, etc.) using regular expressions. We also apply a back-translation augmentation process to the
hate speech datasets to address the significant class imbalance that exists. To do this, we take the hate
speech minority class and translate it into multiple pivot languages (such as French, German, Russian,
and Persian) and translate it back into the original source language using Google Translate API. This
creates synthetic, positive samples of the minority class that enriches the training distribution and
allows our models to generalize better among the minority class samples.

4.2. Feature Extraction and Label Cleaning

Text representations are created by the intfloat/e5-large-v2 Sentence Transformer Model. The intfloat/e5-
large-v2 Sentence Transformer is a highly sophisticated model specifically designed to deliver semantic
embeddings for input sentences. Input sequences are converted into long vector representations (a
1024-dimensional dense representation) that illustrate the minute bits of context found in the original
messages that would not be picked up by a traditional lexical approach. Once the input sequences
have been embedded, the initial training data is processed with Confident Learning (cleanlab) to ensure
that the quality of the labels in the training data is valid. After the embedding process is completed,
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Logistic Regression classifiers fit the embeddings into clusters based on the classifier identification of
likely errors in the labels (label noise). Any instances classified as exhibiting a high incidence of label
problems are removed from the training dataset in order to avoid introducing unwanted label noise
during the subsequent final training phase.

4.3. Model Architecture and Optimization

Lightweight pipelines utilizing frozen pre-trained language model (PTLM) embeddings along with
shallow neural sequence models have been investigated as part of previous studies related to hate
speech detection [11]. In this article, authors analyze numerous minimalist architectures incorporated
into a "shared task” (combining the use of orderless data) that’s built on the combination of PTLMs
and LSTMs, BiLSTMs, or transformers with a linear classifier. However, the framework in which we
present our findings utilizes one cohesive pipeline created specifically for reclaiming language issues.
The Multi-layer Perceptron (MLP) is made using the Tensorflow/Keras framework, and is referred to
as the core classifier. The text embedding model we used is intfloat/e5-large-v2 [12]. A multi-layer
perceptron consists of an input layer that accepts the sentence embeddings, as well as two dense hidden
layers (containing 16 and 8 units, respectively), both of which use the Rectified Linear Unit (ReLU)
activation function. Finally, the output layer of the MLP uses the Sigmoid activation function to provide
a binary probability score. The model is trained using the Adam optimizer and Binary Crossentropy loss
function. Additionally, to compensate for class imbalance during training, class weights are computed
and used to penalize misclassifications of the positive class more severely. The system architecture is
illustrated in Figure 1
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Figure 1: Overview of the proposed system architecture and training pipeline.
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4.4. Validation and Threshold Tuning

In order to maintain representative class distributions throughout the development and evaluation
phases, we utilized a 80/20 strata split when creating our training/validation sets. Additionally, after
our model is trained, we used an adjusted threshold optimization method instead of simply applying a
decision boundary of 0.5. In this method, our system has been designed to search through an entire range
of decision boundaries (from 0.1 up to 0.9), and will select the threshold which produced the highest F1
score during validation in order to provide inferred outcomes from our test set using a threshold that
was optimized for this project. Thus, we were able to optimize our model for the competition’s primary
metric while maintaining the tradeoff between precision and recall.

5. Results

In this section, we describe the results obtained for multipride 2026. A total of 19 teams participated in
the competition. The results presented in this paper are based on Precision, Recall, F1-score, and along
with their macro-averaged variants. For this shared task baselines have not been reported. Consequently,
the evaluation focuses exclusively on comparing the submitted systems based on the reported metrics,
allowing for a direct assessment of each approach’s relative performance.

5.1. Evaluation Metrics

The criteria used to evaluate the submitted work reflect standard evaluation practices for assessing
system performance and methodological soundness, and are as follows:

Precision — TP
recitsion — 7TP + FP
TP
N=_— "
Fecal = 75— TN

1o 2 - Precision - Recall

Precision + Recall

For any metric M € {Precision, Recall, F1}, the macro-average is defined as:

Mclass o+ Mclass 1

Macro-avg(M) = 5

5.2. Team Results

The outcomes from our application of the proposed method we’ve described will now be discussed in
detail. The performance of our system is assessed with the metrics shown in Section 5.1. As shown in
the following Table 3, our system achieved the reported results. These results provide insight into the
effectiveness of the proposed approach across different evaluation metrics.

Table 3
Classification performance per language
Class 0 Class 1 Macro-avg
Language | Precision Recall Fl-score | Precision Recall Fl-score | Precision Recall F1-score
English 0.9355 0.9281 0.9318 0.2968 0.3220 0.3089 0.6162 0.6250 0.6203
Italian 0.9450 0.9692 0.9570 0.8548 0.7625 0.8060 0.8999 0.8659 0.8815
Spanish 0.9707 0.7344 0.8361 0.3684 0.875 0.5185 0.6695 0.8047 0.6773

As the main evaluation metric for system evaluation is macro F1-score, the corresponding bar plot
highlighting the percentages is shown in Figure 2, which facilitates an easier comparison of results
across languages and class labels.
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Figure 2: Comparison of F1-scores for binary classification labels (Label 0 and Label 1) across English,
Spanish, and Italian.

6. Discussion

The findings presented herein indicate how efficiently the proposed technique operates in the context
of datasets with significant amounts of data skewness towards one particular label or another based
upon the assumption that some labels will appear more frequently than others. If implemented into
operational environments today, such implementations would require minimal amounts of storage space
for the trained model as well as only small amounts of computation time for each individual example
within each batch of processed records. Thus, our results demonstrate that lightweight algorithms
can effectively learn relationships between classes/labels based solely on a very small number of
records within a given training set versus other possible approaches. In conclusion, the findings
presented herein can be used as a starting point for additional research involving the development
and implementation of lightweight models and algorithms that incorporate this approach. Although
this methodology performed well on one labeled sample and had lower accuracy on the other labeled
sample, this difference in performance is an indication of the significant class imbalance in the existing
dataset. In fact, the results from this methodology were consistent with what is expected from an
imbalanced learning environment, which does not indicate that the model was unstable. Also, the
lower performance on a second labeled sample does not mean that the model is lacking capability but
is indicative of the imbalanced data distribution and demonstrates that when looking at evaluation
metrics, one must take into account the nature of the data.

7. Conclusions

Our team believes that utilizing a minimal alternative provides a new path for solving the problem
of distinguishing between hate speech and reclaimed speech/language. This method provides an
ideal balance between effectiveness and efficiency when dealing with limited training resources and
computational capabilities. While our proposed approach performs well with limited resources, it has
produced strong results across the evaluation criteria, although performance varies across languages;
in particular, results for English were lower compared to other languages. Therefore, the applicability
of this methodology across multiple languages demonstrates the potential strength and generalizability
of our method in a multilingual environment. Moving forward, it will be valuable to utilize larger
language models or generative models, as well as additional advanced methods and more complex
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learning approaches, to address remaining classification difficulties and ultimately enhance the overall
accuracy of the system.

Declaration on Generative Al

The application of generative artificial intelligence (AI) tools occurred only in a limited capacity to
support the research undertaken in this study. For example, generative Al provided assistance with
translating and interpreting meaning from the tweet dataset containing Italian language tweets as
the authors of the study do not have fluency in Italian, being native speakers of English. In terms of
facilitating improvement and clarity in the transcription of notes and written work generated by the
authors, generative Al was also used in this process. Although generative Al was not applied towards
generating, annotating, modelling or analysing any of the data collected or interpreting results from this
study, all scientific/ statistical decisions and interpretations made throughout the study were conducted
exclusively by the authors. After using these tools/services, the authors reviewed and edited the content
as needed and takes full responsibility for the publication’s content.
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Abstract

The detection of hate speech in social media is a core challenge for Natural Language Processing (NLP) systems,
particularly when offensive terms are used in non-harmful ways through the phenomenon of semantic reclamation.
Reclaimed slurs, often employed by targeted communities as markers of identity and empowerment, pose
significant difficulties for automatic moderation systems, which risk misclassifying legitimate content as abusive.
This issue is especially relevant in multilingual and identity-rich contexts, such as discourse related to the
LGBTQ+ community. In this work, the task of reclaimed slur recognition is addressed within the MultiPRIDE
challenge at EVALITA 2026, focusing on Task B (Contextual Content), which incorporates user-level contextual
information. A stratified classification approach that combines contextual embeddings from state-of-the-art
multilingual Transformer models with engineered features derived from sentiment analysis, emotion detection,
and user metadata is proposed. A multilingual training strategy is adopted to enhance cross-lingual generalization.
Promising results were achieved during the development phase, showing the benefits of combining linguistic
and metadata features. Nevertheless, the evaluation on the official test set revealed limitations in robustness.
This highlights the difficulty of modeling semantic reclamation and the need for further improvements to ensure
consistent performance on new data.

Keywords
Reappropriative intent, Semantic reclamation, LGBTQ+, Natural Language Processing, Text Classification

1. Introduction

In recent years, social media have emerged as one of the primary channels for written communication,
making the detection of unmoderated content a central concern for Natural Language Processing
(NLP) systems [1]. Within this landscape, the identification of hate speech and abusive language
represents a particularly challenging task, as it requires a careful balance between limiting harmful
content and safeguarding freedom of expression. A crucial aspect in this domain is the phenomenon of
semantic reclamation, defined as the reappropriation of terms historically used as insults or slurs by the
communities that were originally targeted by them [2]. In such cases, the offensive connotation of a
term may be attenuated or transformed, acquiring instead a function related to identity affirmation
and collective pride. NLP systems that fail to account for this phenomenon risk producing systematic
misclassifications, ultimately penalizing the very groups they are designed to protect. Despite the
extensive body of literature on hate speech detection, only a limited number of recent studies have
explicitly addressed the distinction between “offensive use” and “reclaimed use” of slurs, such as [3]. This
limitation becomes particularly salient in contexts characterized by a high density of identity-related
language and slang, such as discourse within the LGBTQ+ community [4].

This work is conducted in the context of the MultiPRIDE challenge [5] at EVALITA 2026 [6], which
focuses on the automatic recognition of reclaimed slurs in texts primarily extracted from Twitter. The
task covers three languages—Italian, Spanish, and English—and concentrates on content related to the
LGBTQ+ community. In addition to textual data, the dataset provided by the organizers includes con-
textual user information, when available, enabling a more nuanced modeling of legitimacy in linguistic
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usage. The objective of this study is twofold: to analyze the performance of different classification
models on the reclaimed slur recognition task, and to contribute to a broader understanding of the
challenges posed by semantic reclamation in multilingual NLP settings.

More specifically, our work addresses Task B (Contextual Content), which leverages user bio-
graphical information to support classification decisions. To improve cross-lingual robustness, we
adopted a multilingual training strategy aimed at enhancing model generalization. To tackle the task,
we propose a stratified approach. As a baseline, we implement a Logistic Regression model based on
TF-IDF representations. The core of the system, however, relies on contextual embeddings extracted
from state-of-the-art multilingual Transformer models (mDeBERTa V3, XLM-RoBERTa, and Multilingual
MiniLM), combined with linear classifiers. To better capture the semantic nuances associated with
reclaimed language, we further enrich the vector representations through a feature engineering process
that integrates signals derived from sentiment analysis, emotion detection, and metadata analysis
(e.g., the use of emojis in user biographies). A subsequent feature selection phase is applied to reduce
dimensionality and identify the most informative predictors. The robustness of the proposed system is
assessed through a 10-fold cross-validation procedure on the training dataset.

The remainder of the paper is organized as follows: Section 2 introduces MultiPRIDE, describing
its data and tasks; Section 3 presents the methodology adopted in this work, including exploratory
data analysis, preprocessing pipeline, feature engineering strategies, and model architectures; Section 4
reports and discusses the experimental results; finally, Section 5 concludes the paper.

2. The MultiPRIDE Dataset and Tasks

This section presents the dataset released by MultiPRIDE and gives an overview of the proposed tasks,
with a focus on the task considered in this work.

2.1. Description of the Dataset

The data collection provided for the MultiPRIDE task covers the period 2020-2022 and was constructed
by integrating existing resources. The sources vary significantly depending on the language: while
Italian and Spanish texts come exclusively from Twitter (sourced respectively from the TWITA collection
and from specific LGBTQ+-themed datasets), the English subset was obtained by aggregating data from
Twitter, Reddit, and TV series dialogues.

To build the final dataset, a common filtering process was applied across all languages. In the first
phase, a keyword-based selection was performed using offensive terms (slurs) extracted from the
HurtLex lexicon. Subsequently, the selection was refined to capture sentences with a high probability
of reappropriative usage, filtering for positive terms expressing pride and community belonging (e.g.,
pride, rainbow).

The resulting dataset is multilingual and includes texts in Italian (1,086 samples), Spanish (876 samples),
and English (1,026 samples). The three collections were merged into a single dataset containing 2,988
rows. Each instance in the dataset is associated with five variables:

» id: a unique identifier of the instance;

« text: the textual content;

 bio: the user biography, when available;

« label: the target label, a binary variable where 1 denotes the presence of words in reclaimed
usage and 0 otherwise;

+ lang: the language of the text.

2.2. Description of the Task(s)

The MultiPRIDE shared task comprises two binary classification tasks that aim to identify reappropria-
tive intent in social media messages containing potentially derogatory terms related to the LGBTQ+
community.
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+ In Task A, systems are required to determine whether a message conveys reappropriative intent
solely based on its textual content, i.e., considering only the message text;

« Task B extends this setting by permitting the use of contextual metadata associated with the
author, specifically the biographical information provided in the bio field. This additional contex-
tual information can assist in disambiguating between derogatory and reappropriative language
use, enabling a more informed and accurate classification.

In this work, the focus is exclusively on Task B, as will be further clarified in the following Method-
ology section.

3. Methodology

This section describes the methodology adopted in this work. An exploratory analysis of the data is
presented first, followed by the preprocessing steps applied to the dataset. Next, the feature engineering
process and the model architectures used in the experiments are outlined.

3.1. Exploratory Data Analysis

Exploratory analysis proved essential to understanding the true nature of the data, identifying linguistic
and contextual properties potentially relevant to the task, and to better prepare the next steps.

3.1.1. Assessing Data Quality and Class Distribution

A quick analysis of missing values revealed that the bio variable contains missing values for all English
entries and for a portion of the Italian and Spanish entries (1,161 missing values in total). It is important
to note that, although the task focused on exploiting biographical information, which is available only
for Italian and Spanish, the English data were nevertheless included in the training phase. This strategy
was followed with the aim of increasing the dataset size and helping the model generalize better by
providing additional observations, even in the absence of biographical context.!

Next, we checked for duplicate observations and removed five entries where the entire row (except
for the id) was identical.

Inspecting the target variable (label), we observed a clear prevalence of Class 0 (non-
reclaimed/offensive) over Class 1 (reclaimed). This imbalance is consistent across the three languages
in the dataset and reflects the relative rarity of reclaimed uses compared to non-reclaimed ones. Such a
distribution poses additional challenges for automatic recognition of the minority class, making the
task sensitive to class imbalance.

3.1.2. Analysis of Texts and Biographies

For the token analysis, the texts and biographies were tokenized using NLTK’s TweetTokenizer,”

which is well-suited for social media content where hashtags, emojis, and slang are common.

Token counts per text show a positive skew, with most observations between 20 and 50 tokens.
Stratifying by class, Class 0 texts tend to be longer and more dispersed, with numerous outliers, whereas
Class 1 texts are shorter and more compact. This suggests that text length could be an informative
feature for classification.

Biography lengths are more homogeneous, ranging from a few tokens up to about 40, and no relevant
differences are observed between classes, indicating a lesser role for this feature.

We also examined the presence of biographies in relation to the target variable, excluding English
texts due to complete missingness. Although minor percentage differences exist, no clear patterns
suggest this feature as discriminative.

'In light of the results actually obtained, as illustrated below, this solution may have proved suboptimal in retrospect due to
potential meaning shifts or information loss, as also discussed in the limitations section.
*https://www.nltk.org/api/nltk.tokenize.casual html

240



Additional stylistic features were considered. The proportion of fully uppercase words shows
largely overlapping distributions between classes, with no significant differences in medians. Similarly,
“aggressive punctuation”, i.e., defined as sequences of at least three consecutive ‘! or ‘?’, is rare and
shows no meaningful class differences.

Overall, biography presence, uppercase usage, and aggressive punctuation do not provide sufficient
evidence to warrant inclusion as primary features in the classification model.

3.1.3. Analysis of Hashtags and Emojis

Hashtags and emojis were analyzed using Log-Odds to identify discriminating terms for each class.
Log-Odds measure how much a term is associated with one class versus the other by comparing its
relative frequency in both groups. Positive values indicate a stronger connection to Class 1, while
negative values indicate a stronger connection to Class 0.

It is important to note that the hashtag analysis was performed on the texts, while the emoji analysis
was carried out on the biographies, with the goal of potentially identifying users belonging to the
community more easily.

For Italian and English, no significant hashtags emerged. For Spanish, the term “orgullo” (pride) was
strongly associated with Class 1. However, hashtags were not used as features in the final model, as
the analysis showed high variability and inconsistent results: semantically similar hashtags sometimes
had positive and sometimes negative Log-Odds values, even for those containing the term “orgullo”.
This instability made the use of hashtags potentially unreliable and could have caused the model to
overfit on specific keywords rather than learning the actual context of reclamation.

Regarding emojis in biographies, Class 1 users used emojis more frequently (~50%) compared to Class
0 users (~30%). In particular, three emojis showed a very strong association with the reclaimed class:
the rainbow, the rainbow flag, and the transgender flag.

Table 1
Analysis of the top emojis in user biographies associated with the reclaimed class, based on Log-Odds.

Emoji Prop_0 Prop_1 Log-Odds

7 0.020 0.055 1.010
= 0.088 0.187 0.759
0.019 0.037 0.674

Note: Prop_0 and Prop_1 represent the relative frequency of the emoji within the respective class.

3.1.4. Analysis of Pronouns

Finally, the distribution of pronouns was analyzed using the Stanza library,® focusing on pronouns as-
sociated with the subject or the verb to avoid double-counting. For each text, the number of occurrences
of first-person expressions (singular or plural) and of second- or third-person expressions (singular or
plural) was calculated. Based on these counts, one of the following labels was assigned to each text:

« First person: if the count of first-person occurrences is greater than that of other persons;

+ Neutral: if the counts are equal;

+ Other persons: if the count of second- and third-person occurrences is greater than that of the
first person.

The analysis showed that texts belonging to Class 1 have a significantly higher proportion of cases
with a predominance of first-person pronouns compared to Class 0. This finding supports the linguistic
hypothesis of reclamation: when community members reclaim a slur, they tend to speak in the first
person to express identity and belonging. In contrast, offensive or hate speech is more frequently
expressed in the second or third person, reflecting distance or attack.

*https://stanfordnlp.github.io/stanza/
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3.2. Text Preprocessing and Representation

In this stage, three distinct data cleaning operations were performed at different points in the workflow,
each targeting a specific purpose and corresponding to different stages of text representation and
preprocessing.

1. The first preprocessing phase was designed to make the Exploratory Data Analysis (EDA) more
effective. In this phase, a minimal cleaning was applied: multiple spaces were reduced to a single
space, and emojis were converted into a textual representation (demojization). This step was
necessary because, during the EDA, it was observed that after tokenizing texts and biographies,
the TweetTokenizer tended to split some emojis into sequences of multiple symbols, making
analyses of token counts and emojis less interpretable;

2. The second cleaning phase was applied immediately before using pre-trained models to extract
additional features, such as sentiment and emotion associated with the text. In this phase, HTML
entities, user mentions, and URLs were handled; multiple spaces were also reduced to one;

3. The third and final preprocessing phase was applied before creating the text representations
used for model training. This phase was divided into two parts, reflecting the two types of text
representations used:

(a) The first representation is based on TF-IDF (Term Frequency Inverse Document Frequency),
which, together with a Logistic Regression classifier, served as a baseline. Here, preprocessing
was more extensive and aimed at noise reduction: all characters were converted to lowercase,
URLSs and mentions were removed, while for hashtags only the ‘4’ symbol was removed,
preserving the alphabetic part. All non-alphabetic characters were removed, and multiple
spaces were reduced. After tokenization, stopwords were removed using the NLTK library,
and the remaining tokens were lemmatized using Spacy.*

(b) The second representation relies on contextual embeddings, obtained via three different
models (XLM-RoBERTa, mDeBERTa, and MiniLM) and subsequently used with various linear
classifiers. Preprocessing in this case was kept minimal, as excessive cleaning could have
led to a loss of context and useful information; only the reduction of multiple spaces was
applied.

3.3. Feature Engineering

This section describes the additional features derived from the available textual data, aimed at enriching
the representation of instances beyond the text content alone. The considered features fall into two
main groups: (¢) features extracted using external pre-trained models, such as sentiment and emotions
associated with the text, and (i7) surface features derived directly from the data, capturing structural,
stylistic, and grammatical aspects.

3.3.1. Sentiment and Emotion Features

To extract these specific auxiliary features, the Italian and Spanish texts were translated into English,
as the models used for sentiment and emotion analysis were trained exclusively on English data.’ In
particular, the GoogleTranslator class from the DeepTranslator library was used for this step.®
All models employed for feature extraction were retrieved from the Hugging Face platform.

The feature related to sentiment was extracted using the Twitter-RoBERTa Sentiment model [7], based
on the RoBERTa-base architecture. The model outputs a probability distribution over three classes (i.e.,
Negative, Neutral, Positive) summing to 1. To ensure that only high-confidence predictions influenced
the feature set, a thresholding logic was applied: if the confidence score of the predicted class was below

*https://spacy.io/

°Tt is important to note that this translation step was strictly limited to feature engineering; the core classification model
relies on the original multilingual text processed via XLM-RoBERTa to preserve culture-specific nuances.

Shttps://pypi.org/project/deep-translator/#google-translate-1
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0.5, the sentiment was remapped to Neutral, treating low-confidence predictions as non-informative.
The results show a higher proportion of texts with positive or neutral sentiment in the minority class
(Class 1), while Class 0 exhibits a clear prevalence of negative sentiment.

For emotion extraction, two complementary models were used. The first is the DistilRoBERTa
Emotion model [8], which uses the DistilRoBERTa architecture. Trained on datasets including TweetEval
and Emotion, it recognizes six basic emotions according to Ekman’s theory (i.e., Anger, Disgust, Fear, Joy,
Sadness, Surprise) plus a Neutral category. This model, working on a limited number of less ambiguous
categories, is generally more stable and precise. It shows that Anger and Disgust are significantly more
frequent in Class 0, while Joy is more frequent in Class 1, consistent with the nature of the two classes.

The second model, RoBERTa-Base GoEmotions, is based on RoBERTa [9] and fine-tuned on Google’s
GoEmotions dataset [10]. It handles colloquial language and direct opinions and classifies texts into
27 emotional labels, including admiration, amusement, anger, annoyance, approval, caring, confusion,
curiosity, desire, disappointment, disapproval, disgust, embarrassment, excitement, fear, gratitude, grief, joy,
love, nervousness, optimism, pride, realization, relief, remorse, sadness, and surprise, with a neutral category
added. Results show higher proportions in Class 1 for admiration, joy, love, pride, and sadness, while
annoyance, anger, disapproval, and disgust are more frequent in Class 0. This finer granularity captures
detailed emotional aspects, showing that Class 1 is mainly associated with identity and belonging,
whereas Class 0 contains more negative or judgment-related emotions.

3.3.2. Surface Features

Regarding the surface additional features, the length of the text and lenght of the biography were
included, calculated as the number of tokens obtained via TweetTokenizer.” Additionally, three
binary variables were considered, indicating the presence or absence in the user’s biography of the
following emojis: #, =, and =. Finally, information about the dominant pronoun within the text was also
included.

Although these are simple variables, their inclusion aims to provide the model with additional
information that may help distinguish more easily between observations belonging to the two classes.

Conversely, variables related to the presence of hashtags containing the word “orgullo” and the
frequency of aggressive punctuation within the text were not included. In the first case, as previously
discussed (Section 3.1.3), this information was excluded to avoid biasing the model towards decisions
based on single keywords, which could prevent it from capturing the overall context and generalizing
effectively. In the second case, aggressive punctuation was not considered because the analyses showed
that it was not a discriminating variable: except for very few cases, the majority of texts did not exhibit
this characteristic.

3.4. Classification Models

This subsection details the experimental framework, starting with the establishment of a baseline model
based on statistical text representations. The analysis then progresses to the evaluation of Transformer-
based contextual embeddings, followed by the specific procedures adopted for feature engineering,
dimensionality reduction, and final hyperparameter tuning. Crucially, across all configurations, every
model was trained with the parameter class_weight=‘balanced’ to address the significant class
imbalance present in the data.

3.4.1. Baseline Model

As a baseline, it was decided to train a Logistic Regression classifier [11] on a TF-IDF (Term Frequency-
Inverse Document Frequency) representation [12] of the textual content. To incorporate contextual
information as required for Task B, the user biography was concatenated to the text (separated by a
space) to create a single input string for feature calculation.

"https://www.nltk.org/api/nltk.tokenize.casual.html
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Since this step serves as a simple starting point, standard parameters were used: unigrams, removal
of rare terms (present in fewer than 5 documents) and highly frequent terms (present in more than 90%
of documents), and a maximum limit of 5,000 features. This ensures a balance between the information
used and model simplicity.

As described in Section 3.2, a noise-reduction preprocessing phase was required to obtain this
representation: converting text to lowercase, removing URLs and mentions, deleting the ‘4" symbol
from hashtags, reducing multiple spaces, removing stopwords, and performing lemmatization.

As a final step, the TF-IDF vectors were used as features to train a Logistic Regression classifier, with
class_weight setted to balanced in order to mitigate the class imbalance issue, which was then applied
to classify each observation into one of the two classes. The classifier was evaluated using 10-fold
cross-validation to better estimate its generalization performance.

This approach provides a simple, fast, and interpretable baseline, which is essential for a clear
comparison with subsequent models based on contextual embeddings.

3.4.2. Contextual Embeddings

In this phase, different contextual embeddings, obtained via three pre-trained models, were tested on
three linear classifiers: Logistic Regression, Linear SVM [13], and Ridge Classifier [14]. The models
used to extract the embeddings were mDeBERTa, XLM-RoBERTa, and MiniLM, all belonging to the
Transformer family.

The choice of these models was driven by the desire to compare solutions with different characteristics,
all capable of producing contextual embeddings. XLM-RoBERTa and mDeBERTa are “strong” multilingual
models, often used as benchmarks in multi-language scenarios, and are thus suitable for handling a
dataset that includes Italian, Spanish, and English without having to train a separate model for each
language. Conversely, MiniLM was selected as a more compact and faster alternative to evaluate whether
a lighter model could still capture enough context to distinguish between reclaimed and non-reclaimed
use of terms.

The goal of this phase was to identify which of the three textual representations performed best on
the available data, in order to focus on a single one for subsequent improvement steps. For this reason,
tests were conducted using exclusively embeddings extracted from the text (text column), excluding
biography information to evaluate the potential of the three representations more clearly. Furthermore,
the representations were obtained by applying mean pooling to the contextual token vectors; this choice
allowed for a simple and stable single text representation without capturing overly specific features,
making the comparison between models more direct.

In this comparison, the embedding extracted with XLM-RoBERTa achieved systematically better
results than the other two, regardless of the linear classifier used, based on a 10-fold cross-validation
evaluation.

3.4.3. XLM-RoBERTa Representation

After observing that the representation extracted via XLM-RoBERTa achieved better results with all tested
classifiers, even when limited to text alone, the data representation was enriched. First, the embedding
representation was modified by concatenating the mean pooling vector with the max pooling vector.
The rationale is that these two methods capture different and partially complementary information:
mean pooling summarizes the average text content and provides a more stable representation, while
max pooling highlights dimensions where strong signals appear, often linked to particularly informative
tokens.

Subsequently, the user biography representation was added, using the same procedure as for the text
(XLM-RoBERTa plus concatenation of mean pooling and max pooling). This step is central to Task B , as
it allows for the inclusion of the author’s context, thereby integrating the information provided in the
text more effectively.
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Finally, to further increase the signals available to the classifier, features obtained from the feature en-
gineering phase were concatenated. Features extracted through pre-trained models regarding sentiment
(Twitter-RoBERTa Sentiment) and emotion (DistilRoBERTa Emotion and RoBERTa-Base GoEmotions) were
introduced to add high-level information that the model can exploit directly. Manually constructed
features included token counts for both text and biography, variables indicating the presence in the
biography of emojis strongly associated with the reclaimed class (#, &, and =), and information about
the dominant pronoun in the text. These features were intended to add signals related to the structure,
grammar, and style of the data.

A transformation was applied to all these variables to make them directly usable by the model.
Specifically, continuous variables were normalized within the [0, 1] interval, categorical variables were
coded using one-hot encoding, and binary variables were left unchanged.

3.4.4. Feature Selection and Hyperparameter Tuning

After defining the representations for text, biography, and additional features, a feature selection phase
was performed to identify the most informative variables and reduce dimensionality. This step was
essential to decrease computational training costs and eliminate redundant or uninformative features,
with the aim of improving the model’s predictive performance for the binary classification task.

Specifically, the initial feature set was reduced from 3,115 to 800. The 3,115 starting features were
composed as follows:

+ 1,536 features related to the text and 1,536 related to the user biography. Following the require-
ments for Task B, which encourages leveraging contextual information, both representations
consist of the concatenation of 768 dimensions extracted from XLM-RoBERTa via mean pooling
and 768 via max pooling.

+ 43 additional features obtained during the feature engineering phase.

The reduction was carried out using Recursive Feature Elimination (RFE) [15], utilizing the imple-
mentation available in the scikit-1learn library.® This method iteratively removes the least relevant
features based on the model’s coefficients. As a result, the usefulness of the engineered features—such
as emoji indicators—was implicitly evaluated, keeping only those that added significant value to the
contextual embeddings.

Since the linear Support Vector Machine (SVM) was observed to be the best-performing classifier
during this phase, the RFE parameters were also optimized—specifically n_features_to_select,
representing the final number of features, and step, indicating the number of features to remove at
each iteration.

Finally, a search for the best hyperparameters for the SVM classifier was conducted, considering
both the linear and Radial Basis Function (RBF) kernels, along with the regularization parameter C.
Specifically, values for C' of 0.1, 1, 10, and 100 were tested. The experimental results indicated that the
best-performing configuration coincided with the default settings: a linear kernel and C = 1.

3.4.5. Final Training on the Dataset

Up to this point, the various configurations of data representations and classifiers have been evaluated
using 10-fold cross-validation on the provided training set. Since a labeled test set was not available for
local evaluation during the development phase, as the official test set is released without labels for the
challenge assessment, cross-validation was preferred over a standard training/test split. This approach
provided a more stable performance estimate and reduced the risk of results being overly dependent on
a single data partition.

Consequently, in this final phase, textual representations for all observations were constructed
using XLM-RoBERTa, concatenating the vectors obtained via mean pooling and max pooling. The
features identified during the feature engineering stage were added to these representations, specifically

8https://scikit-learn.org/stable/modules/generated/sklearn feature_selection.RFE.html
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incorporating contextual information like biographies as required for Task B. Subsequently, only the
features identified during the previous feature selection phase were retained to maintain the optimized
dimensionality of 800 features.

Finally, the linear SVM classifier was trained on all available observations in the dataset. This final
model was used to generate the predictions submitted for the official evaluation of the MultiPRIDE
challenge.

4. Results

The following section presents the experimental results obtained during the development and evaluation
phases. The analysis is divided into two main parts. First, the performance on the labeled training
dataset is analyzed to compare different model configurations and select the best approach. Second, the
results obtained on the official blind test set are reported, evaluating the final model’s effectiveness on
unseen data.

4.1. Labeled Dataset

The experiments described in this section were conducted using the labeled training dataset provided
by the MultiPRIDE challenge organizers. To rigorously assess model performance and generalization
capability during the development phase, a 10-fold cross-validation strategy was applied across all
reported configurations.

Table 2 compares the TF-IDF baseline combined with Logistic Regression against various setups
based on contextual embeddings from pre-trained models, paired with different classifiers, considering
exclusively the text. In this phase, designed to identify the most suitable model for the case study and
lacking additional contextual information, the embedding-based solutions do not show an improvement
over the baseline.

Table 2

10-fold Cross-validation results for different model configurations. Bold values indicate the best performance.
Model Configuration F1-score Class 0 F1-score Class 1 Macro F1-score
Baseline: TF-IDF + Logistic Regression 0.9123 0.5690 0.7406
mDeBERTa + Logistic Regression 0.8872 0.5074 0.6973
MiniLM + Logistic Regression 0.8655 0.5186 0.6920
XLM-RoBERTa + Logistic Regression 0.8791 0.5186 0.69838
mDeBERTa + Linear SVM 0.8782 0.4670 0.6726
MiniLM + Linear SVM 0.8853 0.5235 0.7044
XLM-RoBERTa + Linear SVM 0.8551 0.4612 0.6581
mDeBERTa + Ridge Classifier 0.8832 0.4834 0.6833
MiniLM + Ridge Classifier 0.8627 0.4756 0.6691
XLM-RoBERTa + Ridge Classifier 0.8915 0.5371 0.7143

Note: The embeddings used are generated solely via mean pooling and extracted only from the text data.

Table 3 reports the results obtained using the representation based on XLM-RoBERTa (on text and
biography), to which the engineered features were concatenated, in combination with various classifiers.
Considering the modest performance observed in the previous phase, an improvement over the baseline
was not expected at this stage: the overall representation comprises 3,115 features, a high number that
can introduce significant noise and redundancy, increase training times, and penalize generalization
capabilities, resulting in suboptimal performance.

Table 4 presents the results obtained by applying feature selection via RFE to the same representation
described in Table 3. Even with RFE(300), an improvement over the baseline is observed, indicating that
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Table 3
10-fold Cross-validation results for different model configurations. Bold values indicate the best performance.

Model Configuration F1-score Class 0 F1-score Class1 Macro F1-score
Baseline: TF-IDF + Logistic Regression 0.9123 0.5690 0.7406
XLM-RoBERTa + Logistic Regression 0.9067 0.5257 0.7162
XLM-RoBERTa + Linear SVM 0.8949 0.4236 0.6592
XLM-RoBERTa + Ridge Classifier 0.8902 0.4418 0.6660

Note: The representation is obtained by concatenating the mean- and max-pooled embeddings from the text and
biography fields (processed identically), and then appending the engineered features extracted during the feature
engineering step.

the previous representation was not uninformative but rather penalized by a high level of noise and
redundant features. The three configurations using RFE(300) were used to identify the most suitable
classifier for this representation, which proved to be the Linear SVM. Once the classifier was fixed,
further experiments showed that the overall best configuration is obtained by selecting 800 features
(RFE(800)).

Table 4

10-fold Cross-validation results for different model configurations. Bold values indicate the best performance.
Model Configuration F1-score Class 0 F1-score Class 1 Macro F1-score
Baseline: TF-IDF + Logistic Regression 0.9123 0.5690 0.7406
XLM-RoBERTa + RFE(300) + Logistic Regression 0.9250 0.6522 0.7886
XLM-RoBERTa + RFE(300) + Linear SVM 0.9428 0.7384 0.8406
XLM-RoBERTa + RFE(300) + Ridge Classifier 0.9371 0.7052 0.8211
XLM-RoBERTa + RFE(800) + Linear SVM 0.9608 0.8019 0.8813

Note: The base representation is the same as in Table 3. Feature selection is performed using RFE (Recursive Feature
Elimination); RFE(k) denotes selecting k features.

4.2. Test Set

The results presented in this section were obtained using the optimal configuration identified during the
development phase. The final model relies on contextual representations extracted via XLM-RoBERTa
from both the text and user biography, aggregating mean-pooled and max-pooled vectors. To optimize
performance, Recursive Feature Elimination (RFE) was applied to select the top 800 features. A Linear
SVM classifier (regularization parameter C' = 1) was then trained on the entire available labeled dataset
to generate predictions for the blind test set.

Since the test set labels were not available, the evaluation was conducted exclusively based on the
metrics provided by the challenge organizers following the submission of predictions.

Table 5
Classification report results for the Italian dataset.

Category Precision Recall F1-Score

Class 0 0.9117 0.9163 0.9140
Class 1 0.6397 0.6258 0.6327

Macro Avg 0.7757 0.7711 0.7733

247



Table 6
Classification report results for the Spanish dataset.

Category Precision Recall F1-Score

Class 0 0.9050 0.8249 0.8631
Class 1 0.3409 0.5113 0.4090

Macro Avg 0.6229 0.6681 0.6361

The results show a clear difference between the two languages: for observations with Italian text,
performance appears generally more stable, whereas for Spanish text, a substantial drop is observed,
mainly attributable to greater difficulty in recognizing the minority class.

In both cases, however, performance on the test set is significantly lower than that observed on
the available labeled data. This gap suggests that the model overfitted the training set, consequently
reducing its ability to generalize to unseen data.

5. Conclusion

In the context of the MultiPRIDE challenge (EVALITA 2026), the test set was unlabeled; consequently,
the final evaluation was derived exclusively from the metrics provided by the organizers based on
the submitted predictions. Given the class imbalance, Macro F1 was used as the primary metric. The
objective of this section is to summarize the experimental process and justify the choice of the final
combination of data representation and model.

In the initial phase, a baseline based on TF-IDF and Logistic Regression was defined and subsequently
compared with approaches leveraging contextual embeddings extracted from pre-trained models com-
bined with various classifiers (Logistic Regression, Linear SVM, and Ridge Classifier). Considering
exclusively the text, and thus without using contextual information (user biography), these setups did
not show improvements over the baseline; however, they were useful primarily for guiding the choice
of data representation for the current task.

Subsequently, a more comprehensive representation was introduced, obtained by concatenating
text and biography representations (mean and max pooling) and integrating features derived from
feature engineering. In this configuration, however, the high overall dimensionality amplified noise
and redundancy, negatively affecting both training times and performance, which did not surpass the
baseline.

Improvement was observed with the introduction of feature selection via Recursive Feature Elimi-
nation (RFE): even with an initial selection of features, results superior to the baseline were achieved,
indicating that the extended representation was informative but penalized by the presence of many
non-useful features. Comparisons between classifiers in the RFE configuration highlighted the Linear
SVM as the most effective choice; once the classifier was fixed, further experiments showed that the
absolute best configuration is obtained by selecting 800 features.

Finally, a drop in performance is observed on the test set compared to estimates obtained via cross-
validation on the available labeled data, signaling weak generalization and thus overfitting. Furthermore,
a difference between languages emerges: results are generally more stable on Italian texts, while on
Spanish texts the decline is more marked, especially for the minority class. Since test set labels are
not available, an in-depth error analysis cannot be performed; however, the gap between validation
and test results may be linked to differences between training and test data, to an overly aggressive
optimization of Macro F1 on the available data, which may reduce robustness on unseen data, or to the
fact that the multilingual model was unable to achieve an equally high level of generalization across
different languages, specializing better in one than in the others.
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5.1. Identified Limitations

A first limitation concerns the quantity of available data. After removing duplicates, the training set
contained 2,983 total samples distributed across the three languages (Italian, Spanish, and English).
Consequently, the number of examples per single language was relatively low, with a potential impact
on the model’s ability to generalize.

A second limitation is related to finding the configuration that maximized the Macro F1 score on
the available data. Although useful for quickly comparing many solutions, this approach may have
favored choices that were too “fitted” to the training set, increasing the risk of overfitting and reducing
robustness on unseen data.

Furthermore, the evaluation was conducted by considering all languages together, without systemat-
ically analyzing performance language-by-language during model selection. This made it harder to
detect potential imbalances between languages in advance, which instead emerged clearly during the
testing phase (for example, the more marked drop in performance for Spanish).

Finally, the presence of English in the training phase may have introduced meaning shifts or infor-
mation loss: the model was trained in a multilingual setting on three languages, but the final evaluation
concerned only two languages. Additionally, the English texts did not include the biography. This
misalignment (same model, but different information depending on the language) could have added
noise and made learning less effective, especially for linear classifiers.

5.2. Future Developments

First of all, it would be useful to directly address the identified limitations: increasing evaluation
robustness (e.g., by analyzing performance per language during cross-validation), reducing the risk of
overfitting (using more conservative selection and tuning strategies), and managing differences between
languages and biography availability more consistently.

A natural second step is to test other multilingual models for extracting contextual embeddings, veri-
fying whether different representations prove to be more stable across languages and more informative
for the minority class.

Finally, an interesting approach to explore is zero-shot classification. In this scenario, the model
is not directly trained on the task with labeled examples but attempts to classify texts using a class
description (or a prompt) and the knowledge already acquired during pre-training. This can be useful
when labeled data is scarce or when the goal is to improve cross-lingual generalization without relying
too heavily on the specific training set.

Code and Data Availability

For reproducibility purposes, the source code is publicly available at: https://github.com/FedericoDingeo/
Multipride-at-EVALITA-2026-Project/. To obtain access to the data, we invite the reader to refer to the
guidelines published in [5].

Declaration on Generative Al

During the preparation of this work, the authors employed ChatGPT, Gemini, and Grammarly, to assist
with text revision, primarily for grammar and spell checking, paraphrasing, and enhancing the clarity
and style of the English writing. Specifically, these tools were utilized to refine the phrasing of certain
passages and concepts, and to assist in translating ideas into clearer English formulations. All outputs
produced by these tools were carefully reviewed and, where necessary, edited by the authors, who take
full responsibility for the final content of the paper.
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Abstract

Detecting reclamatory intent—the empowering use of potentially offensive terms within marginalized communi-
ties—remains a complex challenge in multilingual hate speech detection. This paper presents a Hybrid Fusion
architecture developed for the MultiPRIDE @ EVALITA2026 shared task (Task A), predicated on the hypothesis
that the linguistic markers of reclamation vary significantly across cultures. Unlike generic multilingual baselines,
our approach decouples feature selection for English, Spanish, and Italian. By fusing monolingual BERT embed-
dings with language-optimized feature vectors, we isolate distinct "drivers" of reclamation: syntactic complexity
in Italian, sentiment-toxicity gaps in Spanish, and identity-based pronoun usage in English.

The proposed pipeline utilizes Random Forest to prioritize the most predictive sociolinguistic features,
yielding Macro F1-scores of 0.8981 for Italian and 0.6960 for Spanish, but only 0.5460 for English. Our results
demonstrate that while explicitly modeling sociolinguistic nuance drives highly competitive performance in
Romance languages, the English results reveal a critical "Identity Trap." Our error analysis demonstrates that the
model’s reliance on first-person pronouns fails to distinguish empowering reclamation from the reporting of
victimization. Lacking the semantic depth to resolve this ambiguity, the English model collapses into a hyper-
conservative classifier with negligible recall, highlighting that surface-level features are insufficient for English
and necessitating semantic role labeling to distinguish agents from targets.

Keywords
MultiPRIDE, Reclamatory Intent Detection, Language-Specific Feature Selection, Hybrid Fusion, LGBTQ+ Dis-
course

1. Introduction

The automated detection of hate speech has become a cornerstone of content moderation, yet it
frequently struggles with the nuances of reclaimed language—the phenomenon where marginalized
communities reappropriate pejorative terms for self-empowerment. In LGBTQ+ discourse, terms like
“queer” or “faggot” function simultaneously as slurs when used by outsiders and as badges of identity
when used by insiders. This duality creates a “reclamation paradox” where the semantic toxicity of a
word contradicts the pragmatic intent of the speaker. For standard Natural Language Processing (NLP)
models, which often rely on lexical cues and surface-level toxicity scores, these “bad words in good
contexts” create a high risk of false positives, silencing the very voices they are meant to protect [1, 2].

While recent advancements in multilingual Transformers (such as XLM-RoBERTa) have improved
generalized sentiment analysis, scholarship suggests they often fail to capture culture-specific prag-
matics [3]. A “one-size-fits-all” multilingual approach implicitly assumes that the linguistic markers of
empowerment are universal. However, research in cross-lingual transfer indicates that models struggle
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with tasks requiring deep sociolinguistic competence, often defaulting to a “Western” or Anglicized
view of discourse [4, 5].

In this paper, we present a Hybrid Fusion Architecture developed for the MultiPRIDE @ EVALITA2026
shared task (Task A) [6], designed to resolve this paradox. To overcome the “curse of multilingual-
ity”—where massive models dilute performance on nuanced, low-resource tasks [7]—we propose a
Language-Specific Feature Selection pipeline. Our methodology avoids imposing rigid priors; instead,
we engineer a broad “toolbox” of 61 sociolinguistic features and utilize a Random Forest ranking
algorithm to empirically derive the most predictive drivers for each language.

Our contribution is twofold, bridging the gap between linguistic theory and computational imple-
mentation:

+ Linguistic Discovery: By allowing the feature selection process to operate independently per
language, we identified distinct mechanisms of reclamation. Our analysis reveals that English
reclamation is primarily identity-driven (reliant on self-referential pronouns), whereas Italian
reclamation is complexity-driven (characterized by syntactic density).

« Computational Architecture: We implement a dual-stream fusion model that integrates
these empirically selected features with monolingual BERT embeddings. By processing a dense,
language-optimized feature vector alongside contextual embeddings, our system effectively
disentangles toxic slurs from empowering speech.

The proposed architecture delivers competitive classification results, yielding Macro F1-scores of
0.8981 for Italian and 0.6960 for Spanish—a resilient performance for the latter given the higher dialectal
variance and data scarcity of the Spanish subset. These results validate the efficacy of a “Shared Toolbox,
Different Tools” approach, where the architecture remains consistent, but the sociolinguistic lens adapts
to the cultural reality of each language.

Warning: This paper contains examples of explicitly offensive content.

2. Dataset and Preprocessing

2.1. Dataset and Resources

The experimental data was provided by the MultiPRIDE @ EVALITA 2026 shared task organizers. To
ensure proper attribution of the aggregated resources, we acknowledge the primary collections from
which the monolingual sub-corpora were derived or adapted. The Italian data is primarily drawn from
the TWITA collection [8], while the Spanish subset originates from the LGBTQI+ Dataset 2020-2022 [9].
For English, we note that the annotation schema and linguistic definition of reclamation align with the
theoretical frameworks proposed by Zsisku et al. [10], focusing on the disambiguation of empowering
usage from discrimination.

« Label 1 (Reclaimed): The use of potentially offensive terms for self-empowerment or community
bonding (e.g., “T am a faggot and proud”).

+ Label 0 (Non-Reclamatory): This category encompasses not only hate speech and toxic attacks
but also neutral usage, and instances where the term is used without clear empowering intent.

The dataset was constructed by the organizers using the FATA (First Ask Then Act) annotation protocol,
which utilizes community-based annotators to capture the “insider” pragmatic nuance often missed by
standard crowd-workers [6].

2.2. Class Imbalance and Training Statistics

A comprehensive analysis of the training data revealed severe class imbalance, confirming that reclama-
tion is a relatively rare phenomenon even within LGBTQ-focused discourse. The English subset proved
most challenging, presenting the highest volume of data but the lowest density of positive instances.
The specific distribution of the training set used for our feature engineering pipeline is as follows:
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+ English: 1,026 total samples, containing only 88 positive instances (8.5%). This extreme sparsity
(approx. 1:11 ratio) poses the most significant challenge for the model.

« Spanish: 876 total samples with 133 positive instances (15.1%), representing a moderate imbalance
(approx. 1:6.5 ratio).

« Italian: 1,086 total samples with 207 positive instances (19.0%), making it the most balanced
subset (approx. 1:5.2 ratio), though still heavily skewed toward the non-reclaimed class.

Class Distribution per Language
| | |

1,000 | 938 - .

800 743 i
600 |-

400 -

Number of Samples

207
133 |

200 -

T
English Spanish [talian

B0 Label 0 (Non-Reclamatory) I B Label 1 (Reclaimed)

Figure 1: Distribution of Reclamatory (Label 1) vs. Non-Reclamatory (Label 0) instances across languages. The
severe sparsity in the English subset (8.5% positive class) highlights the challenge of the task compared to Italian
(19.0%).

2.3. Linguistic Feature Extraction

Our methodology prioritizes linguistic retention over aggressive cleaning. Unlike standard pipelines that
strip punctuation or “noise,” we posit that these elements contain vital signals of tone and intent. Conse-
quently, raw text was fed directly into spaCy Large pipelines (en_core_web_lg, es_core_news_lg,
it_core_news_1lg) without prior regex filtration for URLs or special characters. This approach al-
lowed us to extract robust syntactic dependencies and Part-of-Speech (POS) tags, generating a feature
space that captures structural complexity—a key hypothesis for our Italian model—without losing the
“messy” context often found in social media text.

Table 1
Top 5 most predictive features per language identified by Random Forest. Note the prominence of structural
features (length/counts) for Italian versus personal/sentiment markers (first_person_ratio) for English.

Rank English Feature (Identity) Imp. Spanish Feature (Hybrid) Imp. Italian Feature (Complexity) Imp.

1 first_person_ratio 0.0456 hate_speech_score 0.0597 text_length 0.1139
2 vader_compound 0.0384 hashtag count 0.0514 char_count 0.1129
3 caps_ratio 0.0375 char_count 0.0508 hate_speech_score 0.1128
4 self_reference_ratio 0.0364 text_length 0.0506 word_count 0.0678
5 pos_ADP 0.0321 1gbtq_term_density 0.0421 sentiment_hate_gap 0.0518
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2.4. Feature-Aware Oversampling

To prevent the Random Forest feature selection algorithm from overfitting to the majority class (Non-
Reclaimed), we implemented a Targeted Oversampling strategy within the training loop. Rather than
simple duplication, we utilized a dynamic sampling approach with a target ratio of 3.0 (reducing the
imbalance to 1 minority sample for every 3 majority samples). This specific threshold was chosen to
provide the model with sufficient exposure to the minority class patterns (Label 1) without creating an
artificial 50/50 balance that ignores the real-world rarity of the phenomenon.

2.5. Task Subjectivity and Theoretical Limits

To contextualize the difficulty of the classification task, it is necessary to acknowledge the inherent
subjectivity of defining “reclamation.” The use of the FATA protocol [6] by the organizers highlights
that ground-truth labels are not objective facts but community-derived consensuses. This subjectivity
introduces a “theoretical upper bound” on model performance, particularly evident in the English subset.
Qualitative analysis suggests that English reclamation—often reliant on subtle identity markers rather
than explicit lexical changes—suffers from higher annotator ambiguity than Italian, where reclamation
is frequently marked by distinct structural complexity. This variance in human consensus correlates
directly with our model’s downstream performance:

« Italian: The stability of linguistic markers (complexity/length) aligned with higher model confi-
dence, yielding a robust Macro F1 of 0.8981.

« English: The high fluidity of the boundary between “slur” and “reclaimed term” resulted in
significant class overlap, explaining the model’s struggle to exceed a Macro F1 of 0.5460.

Consequently, the errors in the English subset should be viewed not merely as architectural failures,
but as a reflection of the sociolinguistic ambiguity inherent to the dataset itself.

3. Methodology

We propose a Hybrid Fusion Architecture that operates on the premise that sociolinguistic context is
not fully captured by standard pre-trained language models. Our system decouples linguistic feature
extraction from semantic representation, merging them via a deep fusion mechanism.

3.1. System Architecture

The model utilizes a dual-stream neural network structure processing the input text 7" through two
parallel pathways:

Stream A: Contextual Semantic Embedding The raw text is processed by a monolingual BERT
encoder to capture deep semantic dependencies. We utilized distinct checkpoints for each language (e.g.,
bert-base-uncased for English, dccuchile/bert-base-spanish-wwm-uncased for Spanish,
and dbmdz/bert-base-italian-uncased for Italian) to ensure cultural alignment. We extract the
pooled output or the mean of the last hidden state, yielding a semantic vector hpgrT € R768,

Stream B: Sociolinguistic Feature Vector Simultaneously, the text undergoes the feature extraction
pipeline producing a normalized vector x4 € R, This vector is processed by a Feature Encoder MLP
designed to project the explicit features into a latent space. The encoder consists of a linear projection
to 128 dimensions, followed by Layer Normalization, ReLU activation, and Dropout (p = 0.5), yielding
a sociolinguistic representation hysrp € R128,
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Deep Fusion Mechanism Unlike simple concatenation, we implement a Deep Fusion Block to
model the non-linear interactions between semantic and linguistic signals. The representations are
concatenated (Vjoint € R896) and passed through a fusion network:

h fused = LayerNorm(ReLU(W - vjoint)) (1)

where the fusion layer projects the dimension down to 256. The final classification is performed via a
linear head on this fused vector.

3.2. Linguistic Feature Engineering

We implemented a “Shared Toolbox” approach, extracting a superset of 61 candidate features using
spaCy Large pipelines and the twitter-xlm-roberta-base-sentiment model. The features span
three sociolinguistic categories:

« Morphosyntactic: Syntactic depth, Part-of-Speech densities, and sentence complexity metrics.
« Sentiment Dynamics: The “Sentiment-Hate Gap,” serving as a proxy for irony or reclamation.

+ Identity Markers: Frequencies of self-referential pronouns (1st person) vs. other-referential
pronouns.

3.2.1. Derived Sociolinguistic Metrics

To operationalize the “reclamation paradox”—where the semantic toxicity of a term contradicts its
pragmatic intent—we engineered composite features that quantify the dissonance between conflicting
linguistic signals. Let S, € [—1, 1] be the sentiment score derived from XLM-RoBERTa, which we
normalize to S = % € [0,1]. Let T" € [0,1] be the hate speech probability, R s be the self-
reference ratio (1st vs. 2nd/3rd person pronouns), and F € N be the count of empowerment keywords.
We defined the following heuristic metrics:

1. Paradox Score (P): Quantifies the coexistence of positive sentiment and low toxicity, a hallmark
of successful reclamation. This feature penalizes toxic positive statements (e.g., sarcasm) by
weighting sentiment against the non-toxicity probability.

P=Sx(1-T) )

2. Sentiment-Hate Gap (G): Measures the explicit mathematical distance between the model’s
perceived sentiment and its toxicity detection. High gaps (S ~ 1, T ~ 0) serve as a proxy for the
reappropriative shift.

G=S-T (3)

3. Reclamatory Intent Score ([,..): A composite heuristic that weights the Paradox Score (P)
with explicit identity (R.;f) and empowerment markers (£). This scalar value acts as a high-level
indicator of “pride” usage.

Px(1+ Reerp) x (1 + E)
4

(4)

Irec =

4. Linguistic Complexity (L.): To test the hypothesis that reclamation in Romance languages
involves higher syntactic elaboration, we derived a complexity score based on average word
length (W) and the unique word ratio (UWR).

L. =W, x UWR (5)
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3.3. Model Complexity and Reproducibility

The total trainable parameter count for the Hybrid Fusion architecture is approximately 110.2 million.
The majority of these parameters belong to the fine-tuned BERT backbone (approx. 109M), while the
language-specific feature encoders and fusion layers introduce a lightweight overhead of fewer than
300,000 parameters. All models were trained on a single NVIDIA GeForce RTX 5090 GPU (32GB) using
a batch size of 32 and the AdamW optimizer.

4. Results

4.1. Performance Analysis: The Explicit-Implicit Divide

Table 2 presents the classification performance of the Hybrid Fusion architecture. The results reveal a
sharp divergence in model efficacy, directly correlated with the specific “drivers” of reclamation in each
language.

While the model achieved robust performance in Italian (Macro F1: 0.8981) and moderate success in
Spanish (Macro F1: 0.6960), it struggled significantly with English (Macro F1: 0.5460). Crucially, the
Class 1 (Reclaimed) Recall for English was only 0.10. This indicates that while the model could identify
non-reclaimed tweets with high precision, it failed to identify 90% of actual reclamation instances.

This disparity provides empirical evidence for our core hypothesis: Sociolinguistic features (e.g.,
pronouns, sentiment, sentence length) are strong predictors for explicit/argumentative reclamation
(Italian) but fail to capture the implicit/contextual nature of English reclamation.

Table 2
Classification Performance and Primary Drivers
Class 1 Class 1
L M F1 . Pri F Dri Rank #1
anguage acro (Reclaimed) F1  Recall rimary Feature Driver (Rank #1)

Italian 0.8981 0.8333 0.7914 text_length (Complexity)
Spanish 0.6960 0.4638 0.3636  hate_speech_score (Toxicity)
English 0.5460 0.1463 0.1017 first_person_ratio (Identity)

4.2. Feature Importance and Sociolinguistic Drivers

To understand the mechanics behind these performance differences, we analyzed the Feature Importance
rankings generated by the Random Forest selector. This analysis exposes the specific linguistic strategies
the model attempted to leverage for each language.

4.2.1. Italian: The “Manifesto” Pattern (Complexity + Low Toxicity)

Italian reclamation was the easiest for the model to detect because it follows a distinct structural pattern.

« Top Features: text_length (Rank 1) and char_count (Rank 2) were the dominant predictors,
followed closely by hate_speech_score (Rank 3) and sentiment_hate_gap (Rank 5).

+ Analysis: The strong predictive power of the Sentiment-Hate Gap (Rank 5) contradicts the
assumption that text length dilutes sentiment signals. Instead, the model learned a specific profile:
High Complexity + Low Toxicity = Reclamation.

This suggests that Italian users reclaim slurs through “Manifestos”—long, well-reasoned, non-toxic

arguments defending the community. The explicit nature of this style makes it highly detectable by
feature-based models.
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The “Manifesto Effect”: Importance of Text Length

0.114

Spanish
0.051

English

0.018

| |
0 5.10"2 0.1 0.15
Feature Importance (Random Forest MDI)

= Standard Context = Manifesto Pattern

Figure 2: Feature Importance of “Text Length” across Languages. The Italian model (red) relies heavily on length
(0.114), validating the “Manifesto Theory” of argumentative reclamation. In contrast, English and Spanish (gray)
show significantly lower reliance on length, indicating implicit or toxicity-based drivers.

4.2.2. English: The Anomaly of Feature Poverty

In English, the Random Forest selected first_person_ratio as the primary feature (Rank #1), yet
this selection coincided with a Recall of only 0.10 for the Reclaimed class. This discrepancy reveals
a critical limitation: identity markers are necessary but not sufficient. While explicit reclamation
often involves self-reference (e.g., “I am a faggot and proud”), the vast majority of non-reclaimed hate
speech reporting also involves self-reference (e.g., “I got punched in the neck and called faggot in junior
year of high school”). The model’s reliance on this feature indicates a state of “feature poverty” in
English—it lacked the strong structural signals found in Italian (Feature Importance 0.114) and defaulted
to weak identity signals (Feature Importance 0.046). Consequently, the model could not confidently
distinguish Agents (reclaimers) from Objects (victims), resulting in a high false negative rate where
genuine reclamation was lost in the noise of victimization reporting.

« Top Features: first_person_ratio (Rank 1), vader_compound (Rank 2), and
self_reference_ratio (Rank 4).

« Analysis: The model prioritized who is speaking (using pronouns like “T”, “me”, “my”) over what
was said. However, the catastrophic Class 1 Recall (0.10) proves that identity markers are a poor

proxy for reclamation in English.

English reclamation often occurs through irony, in-group slang, or reappropriation directed at others
(e.g., “You guys are queer icons”), which lacks first-person markers. By over-relying on “l am” statements,
the model missed the vast majority of implicit reclamation, highlighting the limitation of surface-level
sociolinguistic features for English.

4.2.3. Spanish: The Toxicity Threshold

Spanish occupied a middle ground, driven by explicit toxicity signals.

« Top Features: hate_speech_score (Rank 1) and 1gbtq_term_density.

« Analysis: Unlike Italian (driven by structure) or English (driven by pronouns), Spanish reclama-
tion was best predicted by the absence of hate speech signals in the presence of community terms.
The model effectively acted as a “toxicity filter,” identifying reclamation as instances where slurs
appeared without the accompanying venom of hate speech.
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4.3. Error Analysis

To investigate the limitations of the Hybrid Fusion architecture, we conducted a qualitative analysis of
misclassified samples (20 per language). This analysis reveals that the “drivers” identified in Section
4.2—while generally effective—create specific “blind spots” where the selected features conflict with the
semantic reality of the text.

Table 3 summarizes the four primary failure modes identified across the languages.

Table 3
Feature Conflict Analysis in Misclassified Samples

Failure Mode Lang Example Text (Snippet) The “Trap” The “Truth”

(Feature that Fooled (Context Model Missed)
Model)

Agentivity Confusion EN “The one and only time someone First-Person Pronouns: Semantic Role: User is the
called me a faggot.. | punched Model equates “me/I” + Object (victim) of the slur,
him..” (en_299) “slur” with identity per- not the Agent (reclaimer).

formance.

Toxicity Barrier EN “Proud faggot reporting in.” Lexical Toxicity: The Modifier Ignored:  The
(en_816) high negative weight of explicit positive adjective

“faggot” in BERT embed- (“Proud”) failed to override
dings. the slur’s toxicity.

Structural Mimicry IT “Insulti che vanno da finocchio a  Complexity: Long, well- Genre Confusion: User is re-
checca isterica..” (it_567) punctuated text (Rank #1  porting hate speech in a for-
(Insults ranging from faggot to hys- feature for IT). mal style, not arguing for
terical sissy...) reclamation.

Hierarchy Collapse ES “Maricones ;jvuestras amigas het- Positional Toxicity: Ag- Signal Hierarchy: The “soft-

ero estan compartiendo... #Orgul-
loLGTBI” (es_423)
(Faggots, are your hetero friends

gressive vocative at the
start of the sentence.

ening” hashtag at the end
was outweighed by the ini-
tial slur.

sharing... #LGBTPride)

4.3.1. English: The Semantic Role Failure

The English model’s heavy reliance on first_person_ratio (Rank #1) creates a critical flaw we
term “Agentivity Confusion.” The model acts on the heuristic that Slur + Self-Reference = Reclamation.

« Case Study (en_299): The theoretical failure of identity markers described in Section 4.2.2 is
visibly demonstrated in sample en_299. The user writes: “The one and only time someone
called me a faggot... I punched him.” This is a report of violence and victimization. However,
the high density of first-person markers (“me”, “I”, “we”) triggered a False Positive prediction of
Reclamation.

« Implication: This proves that statistical feature engineering cannot substitute for Semantic
Role Labeling (SRL). The model correctly identified the presence of identity markers but failed to

distinguish the user as the victim (object) rather than the agent (subject) of the slur.

4.3.2. Spanish: The Signal Hierarchy Conflict

In Spanish, we observed a conflict between the “Contextual Cushioning” features (hashtags) and the
“Toxicity” features.

« Case Study (es_423): The tweet contains the explicit softening hashtag #OrgulloLGTBI. However,
the text opens with an aggressive vocative: “Maricones..” (“Faggots..”). The model classified this
as Hate Speech (False Negative).

« Implication: This contradicts the assumption that hashtags always act as “safeguards.” It suggests
a Decision Hierarchy within the model: the raw toxicity of a slur positioned at the start of a
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sentence (high saliency) overrides the contextual signal of a hashtag at the end. Conversely, in
sarcastic tweets like es_372: “Feliz dia de la mariconeria #LGTBI” (Happy day of faggotry #LGBT),
the model over-trusted the hashtag, leading to a False Positive.

4.3.3. Italian: Genre Confusion

The Italian model’s success with text_length (F1: 0.8981) led to errors of “Structural Mimicry.”

« Case Study (it_567): The user provides a detailed list of insults they have received (“from
faggot to hysterical sissy”). The text is long, complex, and grammatically standard—matching the
“Manifesto” profile the model learned to associate with reclamation.

+ Implication: The model effectively learned to detect a genre (formal argumentative discourse)
but struggles when that same genre is used to report hate speech rather than perform reclamation.

5. Discussion

Our results challenge the conventional reliance in multilingual NLP on uniform representations that
implicitly model sociolinguistic phenomena as consistent across languages [3, 7]. While massive models
rely on shared semantic representations [7], prior work indicates that this alignment breaks down for
high-context pragmatic tasks like hate speech detection [5, 4]. By decoupling feature selection, our error
analysis confirms that reclamation is not a universal linguistic act, but a culturally distinct performance
that resists a single feature set.

5.1. Italian: Reclamation as Argumentative Discourse

The superior performance of the Italian model (F1: 0.8981) was driven principally by syntactic complexity
and text length. We posit that this reflects the specific nature of the Italian dataset, where reclamation
frequently manifests as “Counter-Speech.”

Unlike casual slang, these instances are characterized by well-structured arguments, correct punc-
tuation, and extended length. The model effectively learned to distinguish “effortful” defense of the
community (Reclamation) from “low-effort” slurs (Hate Speech). This supports a “Manifesto Theory”
of reclamation in Italian: users reclaiming slurs tend to do so within the context of formal, political
argumentation, making the phenomenon structurally distinct and highly detectable.

5.2. English: The Agentivity Trap and Feature Poverty

Our hypothesis that English is “identity-driven” requires nuance. While the model heavily weighted
identity markers (pronouns) as the primary feature (Rank #1), the resulting class-specific F1-score (0.15)
demonstrates that this strategy acts as a trap. Unlike Italian, where how a statement is constructed
(syntactic complexity) signals intent, English reclamation often hinges on semantic roles—specifically,
distinguishing who does what to whom.

The error analysis reveals that standard sociolinguistic features cannot effectively distinguish the
Agent (‘T am reclaiming this term”) from the Object (“This term was used against me”). Lacking
access to deep semantic role labeling (SRL), the model failed to resolve this “Agentivity Ambiguity.” It
effectively collapsed into a conservative majority-class classifier, predicting “Non-Reclaimed” in nearly
90% of cases simply because surface-level identity markers were too ambiguous to serve as a reliable
decision boundary. This finding suggests that future work in English reclamation detection must move
beyond surface features to incorporate dependency-aware role labeling.

5.3. Spanish: Contextual Cushioning and Architectural Conflict

The intermediate performance of the Spanish model (Macro F1: 0.6960) positions it as a true sociolin-
guistic hybrid, bridging the structural density of Italian and the reliance on specific markers seen in
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English. While the Italian model was driven by “Manifesto” style complexity, the feature analysis for
Spanish reveals a multifaceted strategy we term Contextual Cushioning.

The dominant predictor, hate_speech_score (Rank 1), confirms that the model primarily functions
as a “Toxicity Filter,” assessing whether the semantic weight of the text aligns with hate speech. Crucially,
however, the subsequent feature rankings expose a dual-dependency absent in the other languages.
The model relies on explicit Community Markers (hashtag_count at Rank 2, 1gbtq_term_density
at Rank 5) supported by moderate Structural Complexity (char_count at Rank 3). This suggests that
Spanish reclamation is identified not strictly by argumentation (as in Italian), but by the presence of
“safe” metadata (hashtags) that cushion the toxicity of the slur.

However, this cushioning is subject to a strict Signal Hierarchy; as seen in error analysis (Table 3),
the lexical saliency of a sentence-initial slur often overrides the mitigating weight of trailing metadata,
leading to False Negatives.

5.4. The Necessity of Language-Specific Drivers

Our findings demonstrate the risk of “zero-shot” or “joint-training” approaches in sociolinguistics.
A model trained primarily on English patterns (looking for identity pronouns) would have failed
completely on Italian (which looks for length and argumentation).

Spanish served as a hybrid case, where the Paradox Score (the divergence between lexical toxicity and
semantic sentiment) proved most effective. This confirms that while the intent (reclamation) is shared,
the mechanism differs: Italian uses Structure, English uses Context, and Spanish uses Sentiment/Toxicity
contrast.

5.5. Limitations

The primary limitation of this study is the extreme class imbalance in the English dataset (8.5% positive
class), which exacerbated the model’s bias toward the majority class. Additionally, our “Manifesto
Theory” for Italian may be specific to the Twitter/X platform dynamics in Italy during the data collection
period and may not generalize to other platforms like TikTok or Instagram.

6. Conclusion

This study presented a Hybrid Fusion Architecture for the detection of reclaimed slurs in multilingual
social media data. By integrating pre-trained BERT embeddings with language-specific sociolinguistic
feature vectors, we empirically demonstrated that the linguistic realization of reclamation is not
universal, but culturally distinct.

Our results validate the “Manifesto Theory” for Italian, where reclamation manifests as high-
complexity, argumentative discourse identifiable by structural features (F1: 0.8981). Spanish results (F1:
0.6960) positioned the language as a hybrid case driven by “Contextual Cushioning” (e.g., hashtags),
though error analysis revealed a strict Signal Hierarchy where initial lexical toxicity often overrides
explicit positive markers. In contrast, the performance gap in English (F1: 0.5460, Recall: 0.1017) exposes
the limitations of explicit feature engineering for high-context pragmatics. We found that while English
speakers often reclaim slurs through implicit irony and in-group signaling, current models—driven by
identity markers like first-person pronouns—fail to distinguish these acts from hate speech reporting.

6.1. Future Directions

The failure to capture implicit reclamation in English suggests that text-only models have reached a
performance ceiling. Future work should prioritize two specific technical advancements:

« Semantic Role Labeling (SRL): To resolve the “Agentivity Confusion” (Subject vs. Object)
identified in our error analysis, explicit modeling of semantic roles is required to distinguish the
agent of reclamation from the victim of hate speech.
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« Contextual Metadata: Integrating user-level bio descriptions and social graph embeddings to
provide the necessary disambiguation context when the text itself is implicit (e.g., “You guys are
queer icons”).

We conclude that effective sociolinguistic modeling requires moving beyond “Universal Multilingual-
ism” toward architectures that respect the specific structural, hierarchical, and pragmatic drivers of
each language.

Declaration on Generative Al

(by using the activity taxonomy in ceur-ws.org/ genai-tax.html):

During the preparation of this work, the authors used ChatGPT in order to: check grammar and refine
the language style. After using these tool, the authors reviewed and edited the content as needed and
take full responsibility for the publication’s content.
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Abstract

In this report, we present the proposed approach of the GRUPPETTOZZO team for the detection of reclamatory
usage of terms related to LGBTQ+. In the context of the multilingual MultiPRIDE challenge in the EVALITA 2026
campaign, we proposed a transformer-based encoder-only method to classify the textual content of the given
tweets (task A) and in conjunction with the contextual information provided by the user biography (task B). To
handle the unbalance in the given data set, we explored the usage of both weighted and focal loss functions
and two data augmentation strategies, to better generalize the performance of developed models in the target
multilingual context. We submitted two runs for each task, one using a target monolingual Language Model for
each specific language, and one using a multilingual one. Both proposed approaches, overcame the baseline 6
times out of 10 and reached the 1st place in subtask B2.
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1. Warning

This paper contains examples of explicitly offensive content.

2. Introduction

Language within the LGBTQ+ context is characterized by complex phenomena such as reclamation,
whereby terms originally intended as slurs are repurposed by community members for positive and/or
identity-affirming purposes. In the context of social networks and hate speech detection applications,
an important challenge lies in distinguishing the correct usage of such slurs that may have both a
reclamation and a denigratory intent. MultiPRIDE challenge [1] attempts to address this complex
phenomenon proposing two multilingual binary classification tasks. In particular, the objective is to
determine whether a given tweet, uses a term related to LGBTQ+ context with a reclamatory intent
(task A) in Italian (subtask A1), Spanish (subtask A2) and English (subtask A3). In addition, organizers
add the user biography (user bio) when available as extra context for the classification (task B) in
Italian (subtask B1) and Spanish (subtask B2), as well as encouraging cross-lingual applications (subtask
A-multi and B-multi).

This paper describes the system developed by the GRUPPETTOZZO team for tasks A and B of the
MultiPRIDE challenge in the context of the EVALITA 2026 campaign [2]. Our approach consists in
fine-tuning encored-only Language Models (LMs) to address task A and, for task B, we integrated
textual biographies as pragmatic context into the model’s input. Moreover, we handle tasks A and B
in both monolingual and multilingual configuration. Our approach can be summarized in five stages,
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as can be seen in Figure 1. Firstly we perform a data augmentation phase to enrich the original data
set, following two different strategies. Textual contents are pre-processed through a data cleaning
procedure before being injected into the developed Context-Aware Architecture, made up of a LM
backbone, a custom pooling strategy and a classification head that performs the final prediction.
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Figure 1: Overview of the proposed approach.

We submitted two runs for each subtask using a monolingual and a multilingual LM as backbone.
The architecture developed was able to exceed the baseline 6 times out of 10, and reached the 1st place
in subtask B2.

This report is structured as follows: data augmentation and pre-processing procedures, and the
proposed system are described in Section 3, while results and related discussion are presented in
Sections 4 and 5. Section 6 contains final remarks.

3. Description of the System

MultiPRIDE data set is arranged in three different splits, one for each language, comprehensive of
1,000 labeled tweets, where positive classes are associated to usage of slurs in a reclamatory manner.
For Spanish and Italian splits, the user bio field was provided to address task B, if available. For the
development phase, we split the data set using an 80-20 ratio and a stratified strategy.

The system processes data in two distinct structural modalities designed to evaluate the impact of
external context on classification, depending exclusively on the target task and not on the language:

+ Text-Only the input to the model is exclusively the textual content of the tweet (subtasks Al,
A2, A3, A-multi);

« Context-Aware an enriched representation is generated by concatenating the original tweet
with the user bio (subtasks B1, B2, B-multi). The input follows the pattern:

TWEET [SEP] CONTESTO: BIO

where the [SEP] token serves as a segment delimiter, thus enabling the model to distinguish
between the two distinct information sources within the same input sequence. Whenever the
user bio is not available, it is set to an empty string.
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3.1. Data Augmentation and Pre-processing

Given the unbalanced distribution of positive labels and the limited number of samples in the training set,
we implemented a back-translation pipeline based on MarianMT [3] and OPUS-MT [4, 5] models. This
technique involves translating the text from the source language to a pivot language and subsequently
re-translating it back into the original language. This process generates a paraphrase that preserves
the core semantic content while introducing lexical and syntactic variance. We used English as pivot
language for Italian and Spanish splits, while Spanish as pivot language for English split.

We experimented with two augmentation configurations as shown in Figure 2:

« Full Augmentation A paraphrase is generated for every sample in the data set. On doing this,
we double the training set size, exposing the model to greater linguistic variability and helping to
prevent overfitting on specific syntactic patterns.

- Balanced Augmentation Augmentation is applied exclusively to the minority class, i.e. the
positive labeled samples. This technique reduces the class imbalance ratio, enabling the model to
learn more robust features for the positive class without resorting to naive oversampling, which
would simply duplicate existing examples.

After the data augmentation phases, a check over the generated samples have been conducted and
eventually duplicated samples, which may result if the back-translation system outputs the original
text, have been removed.

Augmented Dataset
(2x Size)
Strategy A
(Full) Pivot Translation
ﬁ- ﬂ
Lt (IT— EN —IT)
Original Dataset
(Imbalanced)
Label 0 Label 1
(Many) (Few)
—
Label 0 Label 1 Augmented Dataset
(Many) (Few) (Balanced)
Filter: Select Pivot Translation
Strategy B Label=1 Only BA (IT=EN—=IT) >
(Balanced)
Label 0 Label 1

Figure 2: Overview of the data augmentation pipeline with full and balanced augmentation strategies.

Given the social media nature of the data set, we formalized three different strategies of data pre-
processing, and we investigated the impact of each strategy:

« Minimal the original text is converted in lowercase and no further data cleaning operation are
performed, thus the textual content is left unchanged and are kept both the total amount of
information and any noisy information.

+ Standard a demojization phase is performed over the lowercased input text, and any present
emoji is converted in a textual string, e.g. | # — :rainbow_flag:.

« Aggressive both emoji and stopwords are removed and textual content is lowercased.

The choice to lowercase the input in all the pre-processing strategies is a strategic decision for our
task. On social media, capitalization is often irregular or used exclusively for emphasis. Normalizing
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the text helps the model focus on semantic content rather than graphical variations, thus enhancing its
generalization capabilities.

Emojis are dense semantic and sentiment information. Removing them eliminates any potential
signals of LGBTQ+ community affiliation (e.g., colored hearts, pride flags) or references to the sentiment
of the given tweet. The demojization projects these symbols into the semantic space of the BERT
tokenizer [6], allowing the model to proper interpret those meta-linguist features. In the aggressive
strategy, the stopwords removal can be detrimental in pragmatic tasks, as functional particles (negations
or pronouns) which can radically alter the sentence’s meaning.

3.2. Context-Aware Architecture

The proposed Context-Aware Architecture departs from standard classification models by integrating
modular components designed to maximize semantic feature extraction and enhance model robustness
in the presence of imbalanced data. It is made up of a LM backbone, followed by a neural module which
further processes the dense representation obtained from the LM with a custom pooling strategy and a
classification head that performs the final prediction.

3.2.1. Language Model Backbones

The proposed model leverages on fine-tuning of pre-trained transformer models [7], selected to maximize
the semantic representation in each target languages.

For the Italian split, we used lupobricco/umBERTo_fine-tuned_hate_offensivity' (umBERTo). This
model has been obtained after a domain-specific fine-tuning of UmBERTo [8], which is an Italian LM
based on RoBERTa model [9], and trained over a vast Italian corpus using the Whole Word Masking
(WWM) technique. Specifically, the WWM requires the model to predict entire words even when only a
sub-word unit is masked. This results to be a crucial feature in the context of Romance languages (Italian,
Spanish), which are characterized by an abundance of suffixes and complex conjugations. In addition,
UmBERTo more effectively handles the complex morphology of the Italian language by utilizing a
SentencePiece-based tokenizer, which better preserves the semantic roots of words. The choice of
umBERTo provides a critical advantage in Task A. This specific version has been further fine-tuned for
Hate Speech Detection, thus resulting (i) already optimized to recognize patterns of toxicity and (ii) the
need of an extensive training from scratch to identify aggressive intent is significantly reduced.

For the English split we adopted the standard BERT model in its base and uncased version [6], which
represent a state-of-the-art LM.

As for the Spanish data set, we used BETO [10], a BERT-based model trained with the WWM
technique over Spanish data. Analogously for the chosen Italian LM, WWM allow a better modeling of
the Spanish language and the model itself is forced to learn deeper syntactic and semantic representations,
consistently outperforming standard Multilingual BERT (mBERT) [6].

We also considered a multilingual backbone for the cross-lingual classification task. We opt for XLM-
RoBERTa [11], which scales cross-lingual pre-training utilizing 2.5 TB of filtered CommonCrawl text
across 100 languages. Unlike mBERT, XLM-RoBERTa omits the Next Sentence Prediction (NSP) objective
and is trained with significantly larger batches and longer durations. This architecture facilitates the
creation of a shared semantic space where semantically equivalent terms in different languages (e.g. ‘gay’
in English and ‘gay’ in Italian) are mapped to proximal vectors. This cross-lingual alignment capability
is fundamental to our system, enabling the transfer of knowledge from high-resource examples in
English and Spanish to improve predictions even for underrepresented classes [12]

3.2.2. Neural Module Architecture

Despite the different LM backbone used, the output of the last layer H € R'*9, where [ is the length of
the given sequence and d the dimension of the hidden state, serves as input to a neural model.

'https://huggingface.co/lupobricco/umBERTo_fine-tuned_hate_offensivity
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From this vector representation, three pooling strategies are defined:

« CLS Pooling v;; which selects the embedding of the [CLS] token;

« Mean Pooling v,,,.., across the target sentence removing any padding tokens;

« Hybrid Pooling is the proposed advanced concatenation strategy, which consists in concate-
nating the vector representation obtained by the previous pooling strategies and a Max Pooling
Vmaz OvVer the dense representations for each sample, removing any padding token. The final
representation is obtained as v finai = Veis © Vinean ® Vinaz, With dimension equal to 3 X d = 2304.

While v is optimized during LM training, V,,eqn captures the global context, and v, highlights
salient signals (e.g., a single offensive term). The concatenation of these vectors provides a more
comprehensive overview of the input data to the final classification.

The classification head applies, over the obtained data after pooling, a dropout layer to prevent
the overfitting of the network, followed by a hidden dense layer, a ReLU activation function and the
classification layer.

3.3. Training Details

For the training phase, we adopted an hyperparameter optimization strategy, including architectural
details such as the pooling strategy, dropout value, the size of the hidden MLP layer, and training
details as the number of layers to freeze in the LM backbone, loss function, optimizer and learning rate,
described below.

To balance learning capacity with the stability of pre-trained weights in the LM backbones, we
implemented a selective freezing mechanism. The initial embeddings and the firsts n encoder layers
can be frozen in order to (i) force the model to leverage its acquired foundational linguistic knowledge
and (ii) focus the training process exclusively on the higher-level layers. Such high-level features, then
combined with the neural model architecture, can deeply focus toward the target task during its training
phase.

We considered two different options as for the loss function: a weighted Binary Cross-Entropy (BCE)
loss with the inverse class ratio as weight, and a Focal Loss [13], parametrized with ~, optimized to
down-weight easy samples, and compelling the model to focus on more complex, hard-to-classify
instances.

As optimizer during the training phase, we both evaluated AdamW [14] and EvoLved Sign Momentum
(Lion) [15]. Unlike AdamW, which computes the first and second moments (mean and variance) of the
gradients, the Lion optimizer utilizes only the sign of the gradient for weight updates. This approach
simplifies the optimization process, reduces memory overhead, and provides a more robust regularization
effect, specifically in fine-tuning on small data sets such as the MultiPRIDE one.

We used Optuna [16], a bayesian optimization to determine the optimal hyperparameter configuration
for each task and subtask, and a comprehensive overview of all the considered hyperparameters reported
Table 1.

Table 1

Overview of all the considered hyperparameters.
Hyperparameter Search space / possible values
Pooling strategy CLS Pooling, Mean Pooling, Hybrid Pooling
# frozen layers LM 1,2,3,4,5,6
MLP size 128, 256, 623
Dropout from 0.1 to 0.5
Loss Function Weighted BCE, Focal Loss
Gamma (Focal Loss) from 0.5 to 3
Learning Rate from 1e-5 to 5e-5
Optimizer AdamW, Lion
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The developed system and the training pipeline have been implemented in PyTorch [17] and with
HuggingFace Transformers [18]. To optimize the computational efficiency we adopted a Mixed Precision
Training (FP16) technique. We trained the models up to a maximum of 8 epochs and implemented an
Early Stopping strategy over the macro F1-score in our validation set with a patience value equal to 3.
Experiments have been conducted over Google Colab instances equipped with one GPU Tesla T4 and
Kaggle instances with one NVIDIA TESLA P100 GPU.

4. Results

For each subtask diverse training configuration have been explored, namely the diverse augmentation
strategies (without, full and balanced), data cleaning techniques (minimal, standard, aggressive), com-
bined with the best hyperparameter obtained with OPTUNA for each configuration (Table 1). In this
section we report the configurations which obtained the best results in terms of macro F1-score over
our validation set and the official test set for both tasks.

In Table 2 are reported our development results for Task A, computed on an internal validation set
obtained via a stratified 80/20 split of the official training data.

Table 2

Results over internal validation set for Task A. Bold results refer to the highest ones per language split.
Subtask Dat? Data . Pooling #frozen LM MLP size Optimizer Loss Macro

Cleaning Augmentation layers F1-score

A1 (IT) Standard None CLS 2 128 Lion BCE 0.9014
A2 (ES) Minimal None Mean 1 128 AdamW BCE 0.7320
A3 (EN) Minimal None CLS 4 128 Lion Focal 0.6288
A-Multi  Aggressive None Hybrid 5 128 AdamW Focal 0.7898
A1 (IT) Minimal Full Hybrid 4 128 Lion BCE 0.9702
A2 (ES) Minimal Full CLS 6 128 Lion Focal  0.9047
A3 (EN) Minimal Full Mean 4 128 AdamW Focal 0.8849
A-Multi Standard Full Mean 3 128 Lion Focal 0.8816
A1 (IT) Minimal Balanced Hybrid 0 128 Lion Focal 0.9478
A2 (ES) Minimal Balanced Mean 2 128 Lion Focal 0.8987
A3 (EN) Standard Balanced Hybrid 4 256 Lion Focal 0.9190
A-Multi  Standard Balanced Mean 5 128 Lion Focal 0.8871

Lowest results are obtained without data augmentation, suggesting an intrinsic complexity of the
task, especially in contest of data scarcity. Both strategies of full and balanced data augmentation
led to higher performances, almost over 0.90 for all configurations, confirming that the initial poor
generalization capabilities are mainly addressed to the reduced number of training samples.

The Italian split (subtask A1) shows the overall best results, even without data augmentation and
increasing with both full and balanced augmentation. This behavior may suggest an minor linguistic
ambiguity in Italian tweets, when compared with other languages. While both Italian and Spanish data
benefits from the full augmentation strategy, English and multilingual splits highly benefit from the
balanced augmentation.

As for data cleaning, the minimal strategy, which essentially left the input data unchanged, resulted
to be the overall best choice, thus assessing that punctuation elements and emojis are semantically
essential for the given task. Multilingual setup, on the contrary, needs a standard or aggressive data
pre-processing strategy. These performances show that a normalization step helps cross-lingual models
to better map concepts in a common latent and embedding space.

Regarding the pooling strategies, results obtained with the concatenation of the three pooling
operations (hybrid pooling) are the best one for Italian and English splits, while Spanish split benefits
from the usage of the simple [CLS] token, while the mean pooling was preferred for the multilingual
setup.
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The conjunct use of the focal loss with Lion optimizer resulted overall the best choice to focus the
learning towards the more complex samples and the unbalanced class. Furthermore, the optimal size
for the MLP layer was equal to 128 and overall best results are obtained though a soft training of the
LM backbone, that is with a higher lever of transformer layers kept frozen during the training.

In Table 4 are reported the obtained results for Task B computed on an internal validation set obtained
via a stratified 80/20 split of the official training data, within the different augmentation strategies for
each language and with the multilingual configuration. In this task, the additional information provided
by the user bio, introduces identity elements about the author of the target tweet, which can used by
the model as suggestion for the final classification.

Table 3
Results over validation set for Task B. Bold results refer to the highest ones per language split.
Data Data . # frozen LM . . Macro

Subtask Cleaning Augmentation Pooling layers MLP size Optimizer Loss Fl-score
B1 (IT) Aggressive None CLS 1 256 AdamW Focal 0.9043
B2 (ES) Standard None Hybrid 1 128 AdamW Focal 0.7064
B-Multi  Aggressive None Hybrid 1 256 AdamW Focal 0.8340
B1 (IT) Standard Full Mean 4 128 AdamW  Focal 0.9667
B2 (ES) Standard Full CLS 0 256 AdamW  Focal 0.9541
B-Multi Standard Full Hybrid 3 128 Lion BCE 0.9015
B1(IT) Standard Balanced Hybrid 3 128 Lion BCE 0.9602
B2 (ES)  Aggressive Balanced Hybrid 5 128 AdamW Focal 0.9010
B-Multi  Standard Balanced Hybrid 0 128 Lion Focal  0.9041

Also for this case, the full augmentation results the best data augmentation option, with the only
exception for the multilingual case, which slightly benefits from the balanced augmentation. Overall,
performances of the developed models without data augmentation are considerably lower compared to
the ones with data augmentation.

Despite the additional information provided by the user bio, this did not result sufficient to
compensate both the unbalanced labels distribution and the poor quantity of samples, making
them comparable to the results obtained with the task A. More specifically, Italian and Multilingual
splits benefits from the additional information of the user bio, compared to the Spanish one, whose
performances decrease. We hypothesize that the model can effectively benefits of this additional
context for the cases in which a high coherence is present between the user bio and the target
tweet, suggesting that in the Italian split this correlation is higher than in the Spanish one. However,
the overall best performances are obtained with the full data augmentation strategy and imple-
menting the standard data cleaning method and a training based on Focal Loss and AdamW as optimizer.

For each task, we submitted the prediction obtained with both monolingual (run 1) and multilingual
(run 2) model reaching the best performances over our validation set (Tables 2 and 3), and in Table 4
are collected the obtained results over the test set.

Obtained results confirms the excellent performance of the fine-tuned umBERTo model. Specifically,
in subtask B1 we obtained a macro F1-score of 0.8979 with the monolingual proposed architecture. On
the other hand, the integration of user biographies did not lead to an improvement: the macro-F1 went
from 0.8735 (Task A) to 0.8681 (Task B) in the proposed multilingual model.

A drastic performance decline was observed for the English split in subtask A3, compared to the
result observed during the development phase, where we reached an macro F1-score of only 0.5979
with the multilingual backbone. This suggests either significant overfitting on the training data or a
semantic distributional shift in the test set compared with the training one. The different nature of the
data may led the model to struggled to differentiate between reclaimed usage and actual hate speech.

For Spanish subtasks, the monolingual system achieved a macro F1-score of 0.7289 in subtask A2 and
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Table 4
Results over test set for Task A-B. Official score for ranking is the Macro F1-Score

Subtask Run Rank Macro Precision Macro Recall Macro F1-Score

A1 (IT) 1 6 0.9144 0.8594 0.8834
A1 (IT) 2 9 0.8725 0.8745 0.8735
A2 (ES) 1 8 0.7387 0.7205 0.7289
A2 (ES) 2 5 0.7273 0.7882 0.7506
A3(EN) 1 14 0.5516 0.5248 0.5285
A3(EN) 2 6 0.5866 0.6184 0.5979
B1(IT) 1 3 0.9061 0.8903 0.8979
B1(IT) 2 6 0.9247 0.8313 0.8681
B2(ES) 1 1 0.7293 0.7315 0.7304
B2 (ES) 2 8 0.7506 0.6560 0.6856

0.7304 in subtask B2, in which placed in the first spot of the ranking. This corresponds to an absolute
gain of 0.0015 macro F1 points for A2 over B2. This suggests that, for the Spanish test set, biographical
information may have introduced contextual noise rather than clarifying the intent of the speaker.
Moreover, the usage of a monolingual model was crucial compared with a multilingual one, for which a
severe downgrade in performances with the additional bio information can be seen.

5. Discussion

A deeper analysis of the results obtained allows us to better analyze the complexity of the task and
compare the effectiveness of the proposed techniques.

A counterintuitive finding from our experiments is the superiority of less invasive data cleaning
strategies (minimal and standard) compared to the aggressive one. In traditional NLP tasks, stopwords
and punctuation are often discarded as noise. However, within the LGBTQ+ linguistic context, the use
of emojis (e.g., | #, +) and pronouns frequently serves as a crucial indicator of the author’s identity and
its possible reclaimed intent. The removal of these elements, in the aggressive strategy, deprives the
model of fundamental pragmatic signals.

The implementation of a augmentation strategy with Back-Translation proved to be pivotal. Models
trained exclusively on the original data set exhibited clear signs of data scarcity and struggled with
generalization. The introduction of augmented variants stabilized the training process, enabling the
multilingual model (XLM-RoBERTa) to achieve performance levels comparable to those of monolingual
models, reaching a macro F1-score higher than 0.90 in development phase in tasks B. This demonstrates
a significant cross-lingual transfer learning capability of the model, where the model successfully
leverages augmented patterns across the three languages.

An outperforming pooling strategy cannot be uniquely identified, but the overall highest performance
in both development and testing phases are addressed to the proposed hybrid pooling. This suggests
that the salient information is not merely concentrated in the [CLS] token of the sequence, but is
distributed across the tweet and the biography (mean and max pooling).

Moreover, the usage of the focal loss during the training guaranteed a more robust and generalization
capabilities in the model itself which performances did not deteriorated significantly during the testing
phase, with the only exception for subtask A3.

5.1. Error Analysis

A detailed examination of misclassified instances reveals systematic patterns that illuminate the intrinsic
challenges of reclamation detection across the three languages examined.
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Misclassification patterns reveal distinct difficulties across the three languages. In Italian, the model
frequently misinterprets meta-linguistic discussions about slur usage as reclamation attempts. For
instance the following tweet

“Ah perché dire ‘sei troppo femminile’ é omofobia ma coglione, frocio e compagnia bella no?"

discusses the inconsistency of considering certain terms offensive while accepting others. Overall
it results as a reflexive commentary on language norms rather than genuine reclamation. Similarly,
expressions like

“Prima che le haters mi inizino a dire eH mA qUeStA é OmOfObla, volevo comunicarvi che
frocia lo sono pure io"

represent preemptive self-identification that the model struggles to contextualize correctly.

In Spanish, the presence of explicit LGBTQ+ pride hashtags (e.g., #OrgulloLGTBI, #LGTBI) creates
ambiguity. The model tends to overpredict reclamation when these markers appear alongside slurs,
even in non-reclamatory contexts. For example,

“Gracias @USER por #Mansos y por #MariconPerdido. Gracias a las personas que no se callan.
Gracias a las personas que escuchan. Gracias a las personas que leen. Como nos gusta leer con
orgullo! Feliz dia #OrgulloLGTBI #O0rgulloLGTBIQ+ #Orgullo2021 "

expresses gratitude for LGBTQ+ literature (referencing book titles #Mansos and #MariconPerdido)
within a celebratory pride context. Despite the positive framing and absence of reclamatory intent,
the co-occurrence of pride-related terminology and the slur “maricén" in the book title confounds the
classifier.

English presents the most severe challenges, with the majority of errors involving subtle pragmatic
distinctions. The data set contains numerous instances of meta-discourse about reclamation itself, such
as

“T don’t like the word faggot and don’t like the word queer, either. I see them both as insults"

where community members explicitly reject reclamation. The model fail to correct detect this
particular nuance, misclassify it as reclamation. Additionally, ironic or sarcastic usages like

“Honestly though faggot is such a fun word to say and all of my Igbt friends and I call each
other that like 24/7"

are systematically misclassified as reclamatory due to the positive framing and in-group reference,
despite lacking genuine empowerment intent.

Certain reclamatory strategies prove particularly challenging across all languages. Empowerment
through defiance—exemplified by the English tweet

‘T enjoy being the wrong faggot to fuck with. Plus, sometimes it’s just fun to fight"

which was annotated as reclamatory, requires understanding implicit self-empowerment signals that
extend beyond explicit pride markers. Similarly, the Italian expression

“BUONGIORNO AMICI BUON MESE DELLA FROCIAGGINE, LESBAGGINE, BISESSUALISMO,
TRANSGENDERESIMO QUEER"

employs creative neologisms and celebratory tone that the model struggles to distinguish from hate
speech.

The biography context, despite being incorporated into the model, provides insufficient disambigua-
tion in many cases. Users who identify as LGBTQ+ in their bios may discuss homophobic incidents they
experienced without reclaiming the slurs used against them, yet the model systematically misinterprets
author identity as sufficient evidence for reclamation.
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6. Conclusion

In this paper we reported the architecture proposed by the GRUPPETTOZZO team for MultiPRIDE
tasks A and B promoted at the EVALITA 2026 campaign. Our experimental results demonstrate that the
identification of reclamation intent in slurs’ usage is not a mere lexical problem, but a semantic one.
Developed system won in subtask B2 reaching a macro F1-score of 0.7304, while reaching competitive
results in the other subtasks and the baseline 6 times out of 10. Obtained results shows that preserving
the non-verbal pragmatic markers (emojis) while adopting a suitable data augmentation strategy and
a training procedure based on a focal loss, were our core features to increment model performance
over the two proposed tasks. The concatenation of the textual content and the user bio for tasks B,
allowed a performance increment when compared to tasks A for both Italian and Spanish split when a
monolingual LM was used as backbone. On the contrary, the opposite behavior is found for multilingual
model, which struggles in discriminating the additional user bio information.
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and spelling check, Paraphrase and reword. Further, the author(s) used Gemini 3 for figures 1, 2 and 3
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Abstract

Reclaimed slurs challenge automatic hate speech detection, as terms historically used against the LGBTQ+
community may be reappropriated with positive or self-identifying intent. Traditional lexicon-based approaches
often fail to capture these nuances, leading to misclassification errors. To address this challenge, this paper
presents our participation in the MultiPRIDE shared task at EVALITA 2026. We addressed both textual (Task A)
and contextual (Task B) reclaimed language detection for Italian and Spanish. We explored transformer-based
models enriched with sentiment analysis information and linguistic features. Our results demonstrate that these
features improve performance over the baselines. In Task A, our system ranked 8th out of 24 submissions for
Italian and 6th out of 19 submissions for Spanish. In Task B, we achieved 11th place out of 18 submissions for
Italian and 5th place out of 12 submissions for Spanish. An error analysis highlights persistent challenges related
to pragmatic ambiguity, in-group criticism, and meta-linguistic uses of slurs.
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1. Introduction

Social media has become a primary medium for communication and self-expression, enabling users to
share opinions, identities, and experiences at an unprecedented scale. For the LGBTQ+ community,
online platforms can represent spaces of visibility and empowerment, but also environments where
language is contested and meaning is highly context-dependent. In particular, terms historically used
as slurs may be reappropriated and reclaimed by community members, acquiring positive or self-
identifying meanings that differ substantially from their derogatory use [1, 2, 3, 4]. This linguistic
phenomenon poses a significant challenge for automatic language processing systems [5]. Standard
approaches for hate speech and abusive language detection often rely on offensive terms or expressions
that are commonly used in hateful messages [6]. As a consequence, systems may incorrectly classify
reclaimed language as harmful, leading to biased moderation outcomes and the silencing of marginalized
voices. Addressing this issue requires models capable of capturing subtle semantic and contextual cues
beyond the presence of potentially offensive terms [7, 8, 9]. The MultiPRIDE shared task [10] was
proposed to foster research on reclaimed language within the LGBTQ+ community. The task formulates
a binary classification problem aimed at determining whether a term related to the LGBTQ+ context
in a message is used with a reclamatory intent or not. MultiPRIDE is articulated into two main tasks:
Task A, which focuses on the textual content of the message, and Task B, which additionally allows the
use of contextual information derived from the author’s profile. Both tasks are further divided into
language-specific subtasks covering Italian, Spanish, and English.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26 — 27, Bari, IT
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In this paper, we describe our participation in the MultiPRIDE shared task, addressing both Task A
(textual content) and Task B (contextual content) for Italian and Spanish. We extend transformer-based
models by incorporating two additional feature sets. First, we hypothesize that reclaimed slurs are
frequently used with non-negative sentiment. To capture this aspect, we integrate an external sentiment
analysis tool and include both the predicted sentiment label and its confidence score as additional model
features. Second, we hypothesize that linguistic patterns such as the use of first-person pronouns and
specific verb types may signal reclaiming intent. We therefore automatically detect these linguistic cues,
calculate their frequency, and embed them as model features. Our results show consistent improvements
over the baseline in Task A for both Italian and Spanish. In Task B, improvements are observed for
Spanish, though not for Italian. We rank 8th out of 24 submissions for Italian and 6th out of 19
submissions for Spanish in Task A. In Task B, we place 11th out of 18 submissions for Italian and 5th out
of 12 submissions for Spanish. These results suggest that the proposed features contribute positively
to reclaimed slur detection and can enhance model performance beyond standard transformer-based
approaches.!

2. Methodology

In this section we describe the data used for the task, that were provided by the organizers, and how we
splitted them into train, dev, test, and the systems we utilized.

2.1. Dataset

The datasets used in this work were provided by the organizers of the MultiPRIDE shared task. The
multilingual corpus covers three languages—Italian, Spanish, and English—and was constructed by
combining existing resources collected between 2020 and 2022 from social networks, blog posts, and
TV series. For Italian, data were sourced from the TWITA collection [11], while Spanish data were
drawn from a dataset of LGBTQ+-related messages [12]. The English portion aggregates content from
multiple sources, including Twitter, Reddit, and TV series dialogues [13]. To build the final datasets,
the organizers applied a consistent filtering methodology across languages. First, keyword-based
filtering was performed using terms related to homosexuality extracted from the Hurtlex lexicon [14].
Subsequently, the selection was refined by identifying messages more likely to contain reappropriative
language, based on the presence of positive terms associated with pride and community belonging
(e.g., pride, queer, LGBT, rainbow). The final datasets consist of 1,811 instances for Italian, 1,461 for
Spanish, and 1,711 for English. For our experiments, we focused on Italian and Spanish, in line with
our participation in both Task A and Task B for these two languages. Starting from the training data
released by the organizers, we created train, development, and test splits combining the instances of the
3 languages provided. We use a stratified sampling strategy to preserve label distribution. Specifically,
we allocated 70% of the data for training, and split the remaining 30% evenly into development and test
sets. All splits were generated using a fixed random seed to ensure reproducibility. Table 1 shows the
label distribution of each split. Throughout the paper, we use the terms training, development, and test
sets to refer to the data splits derived from the portion of the dataset released by the organizers during
the “Data Release” phase of the MultiPRIDE task. We refer to the split retained by the organizers and
used during the “Evaluation Window” as the submission set. It is important to note that this set is not
accessible to participants, and that only two systems per task and per language could be submitted
for evaluation. Moreover, although we officially participated in the Italian and Spanish tracks, we
also included English-language instances in our data splits in order to leverage them during training.
This decision was motivated by the very limited number of instances containing reclaimed slurs: by
combining data from all three languages, we obtained 300 such instances to be used as training material.
However, we decided to participate for only Spanish and Italian.

"The code, trained models, and instructions for reproducing our experiments are publicly available at: https://github.com/
grexit-d/HateItOff MultiPRIDE.
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Train Dev Test Submission

Lang Label 7 p 7 P % P

EN recl 62 0,0864 13 0,0844 13 0,0844 685
non-recl 656 09136 141 09156 141 0,9156

ES recl 93 0,1517 20 0,1527 20 0,1515 585
non-recl 520 10,8483 111 0,8473 112 0,8485

T recl 145 0,1908 31 0,1902 31 0,1902 795

non-recl 615 10,8092 132 10,8098 132 0,8098

Table 1
Data splits and label distribution for text messages labeled as reclaimed (recl) and non reclaimed (non-recl) of
the MultiPRIDE Shared Task dataset.

2.2. Description of the System

For our participation in the MultiPRIDE shared task, we submitted two systems per task and per
language. We adopted an ablation-based approach to identify the most suitable systems for submission.
Our ablation study starts from a vanilla transformer-based model and incrementally incorporates
additional features. These features fall into two main categories: linguistic features and sentiment
features. Each resulting system configuration is described below.

Baseline. All the proposed systems rely on pre-trained transformer encoders fine-tuned for binary
sequence classification. Given an input message, the model predicts whether a term related to the
LGBTQ+ context is used with a reclamatory intent.

Sentiment-enriched models. We hypothesize that the use of reclaimed slurs tends to rely on non-
negative sentiment. In this direction, we trained transformer models with injected sentiment label
and sentiment score from the sentiment analysis model tabularisai/multilingual-sentiment-
analysis. The predicted sentiment label and/or the sentiment score are appended to the original input
text in the form of a natural-language prompt. This enables the classifier to use sentiment cues without
modifying the transformer encoder architecture.

Linguistically-enriched models. We hypothesize that reclamation is often associated with the use
of first-person personal pronouns, such as “yo/nosotros” in Spanish and “io/noi” in Italian, as well
as with specific call-to-action expressions, for example “Speak up, queer voices matter.”. Therefore,
we experimented with linguistic features automatically extracted using spPACy, including counts and
normalized ratios of personal pronouns (first, second, and third person), the number of verbs, and the
presence of imperative forms. The extracted linguistic features are concatenated with the transformer’s
[CLS] representation and fed into a feed-forward classification head.

Implementation details and ablation study. We used BERT, ModernBERT, and XLM as our baseline
models. These models serve as backbones, later enriched with the three strategies described: sentiment
label, sentiment score, and linguistic cues. We selected these models to maintain simple, adapt-
able strategies that could later incorporate additional features. To measure the impact of each strategy
while minimizing noise, we preferred these transformer models over LLMs. The ablation study consid-
ers the set of strategies S = {sentiment label, sentiment score,linguistic cues}and all possible
subsets of S, i.e., the power set 9(S). Using the set of backbone models M = {BERT, ModernBERT, XLM},
we compute the Cartesian product of M and (S). Considering two tasks, A and B, this results in
3 models x 8 strategy subsets x 2 tasks = 48 runs.

All models were implemented using the Hugging Face Transformers library. For BERT, Mod-
ernBERT, and XLM models, we used the bert-base-uncased, answerdotai/ModernBERT-base, and
cardiffnlp/twitter-x1lm-roberta-base versions available on Hugging Face, respectively. Training
and evaluation were performed with a batch size of 8. Models were evaluated and checkpointed at the
end of each epoch, retaining up to two checkpoints, and the best-performing model was selected based
on the macro-averaged F1-score on the development set. Training logs were recorded every 50 steps.
All experiments were conducted with a fixed random seed on a single NVIDIA A100 GPU. Experiments
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Spanish Italian
Task Submitted Systems no-recl  recl  macro | no-recl  recl  macro
AES S1 BERT + ling. cues 0,9335 0,5405 0,7370 | - - -
S2 ModernBERT + sent. label. + sent. scores | 0,9234  0,3651 0,6442 | - - -
AT S1 BERT + ling. cues - - - 0,9571 0,8046 0,8809
S2 UmBERTo + ling. cues - - - 0,9549  0,7619 0,8584
BES S1 BERT + ling. cues + sent. label 09247 0,4762 0,7005 | - - -
S2 XLMT + sent. label + sent. scores 0,9280 0,4186 0,6733 | - - -
BIT S1 ModernBERT + sent. label - - - 0,9416 0,7222 0,8319
S2 ModernBERT + sent. label. + sent. scores | - - - 0,9497  0,7426 0,8462

Table 2
Results of System 1 and 2 on tasks A and B for Spanish and Italian on the submission test set.

were run for both 3-epoch and 6-epoch training schedules, resulting in 48 x 2 = 96 runs. In addition to
the ablation study, we also evaluated for Task A four additional configurations using UmBERTo, an
extension of the RoOBERTa model for Italian trained with Whole Word Masking. The evaluated configu-
rations include UmBERTo with sentiment label only, linguistic cues only, and the combination
of sentiment label and linguistic cues. The motivation behind these experiments was to assess
whether an Italian-specific language model could further improve performance on the task. In total, we
conducted 100 runs for all the systems proposed in this shared task.

3. Results

The results of the ablation study across all experimental runs are reported in Table 3 for the 3-epoch
setting and Table 4 for the 6-epoch setting (both tables are provided in Appendix A). The results indicate
that certain features, such as linguistic cues and sentiment labels, have a positive impact on
the prediction of slur reclamation, particularly for BERT and ModernBERT models. Regarding the
differences between Task A and Task B, performance for Spanish decreases when contextual information
is included, whereas for Italian it remains unchanged, yielding comparable results with and without
context. In our experiments, incorporating users’ BIO information did not contribute to improved
detection performance.

We selected models for submission based on both performance over the baseline and system diversity.
Although we could have chosen the two best-performing configurations for each task and language, we
aimed to reduce the risk of selecting models that performed well on our internal test split but might not
generalize to the submission set.

Table 2 shows the selected systems with their results on the submission set. We can see that models
perform particularly well on reclaim slur detection for Italian, achieving a macro score of 0.8809, with
the S1 BERT + linguistic cues system being the best. For Spanish, the best system achieves a macro
score of 0.7370. We also observe that our models generally perform better when no context is used as
seen in the ablation study.

4. Error Analysis

4.1. Italian Language

Manual inspection of the misclassified Italian messages reveals that errors can be grouped into a limited
number of recurring categories. These categories highlight both annotation ambiguities and modeling
limitations when dealing with reclaimed language.

Borderline or Ambiguous Reclaimed Usage. Some messages contain slur-related terms in contexts
that are neither clearly positive nor explicitly negative. In these cases, reclamation is ambiguous and
highly dependent on pragmatic interpretation, making both annotation and automatic classification
difficult. Examples:
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1. “sono sempre loro che ci adescano mannaggia a loro, con le loro frociate...” (it_887);

2. “Che carini tutti questi che sono spuntati adesso a difendere i diritti dei froci.” (it_502).

These messages adopt an ironic or critical tone, and the reclaimed intent is not explicit, suggesting
potential inconsistencies in the gold labels.

Reclaimed Slurs Combined with Negative or Aggressive Language Several instances show re-
claimed self-references co-occurring with insults, profanity, or aggressive discourse directed at others.
While the slur may be reclaimed, the overall negative tone can mislead sentiment- or toxicity-aware
models. Examples:

3. “Orgoglioso di essere ‘frocio’! Omofoba di merda!” (it_1750);
4. “Ripetiamolo insieme non potete dire frocio se non siete lgbtq+... Are u that stupid?” (it_474);

5. “Ci sono finocchi’ che lo fanno orgogliosamente col culo proprio.” (it_695).

These cases highlight the difficulty of disentangling reclaimed identity markers from general offensive
language.

In-Group Criticism and Community-Internal Discourse Some misclassified messages contain
reclaimed slurs used within critical reflections on the LGBTQ+ community itself. Although reclamation
is present, the critical stance complicates interpretation. Examples:

6. “Omofobia interiorizzata da parte di froci che si credono etero...” (it_1057);

7. “alle frocie queer non le fanno né partecipare...” (it_1242).

Here, reclaimed terms are used for internal critique rather than affirmation, a phenomenon that current
models struggle to capture.

Quotation, Meta-Discussion, and Explanatory Uses In these cases, slurs appear inside quotations,
explanations, or meta-linguistic discussions about their meaning or usage, rather than being directly
employed as insults or self-labels. Examples:

8. “il termine frocio sia attribuito a qualcuno negativamente...” (it_1179);
9. “Frocio’ me hanno fatto uscire dalle orecchie quando andavo a scuola” (it_1401);

10. “Nuovo epiteto ricevuto degno di nota...” (it_979).

These uses are typically reclaimed or reflective, but surface-level lexical cues can trigger misclassification.
Pragmatic and Contextual Cues Beyond Textual Content Some messages rely heavily on emojis,
hashtags, or shared cultural context (e.g., Pride events), which are not always fully exploited by text-
based models. Examples:

11. “Buongiorno, specialmente ai miei amici froci... ¥~ (it_631);

12. ‘e = Fatelo per lui...” (it_1401).

Although clearly supportive or reclaimed to a human reader, these signals may be underweighted by
the model.

Community Membership Without Explicit Reclaimed Slurs Finally, some false positives occur in
messages where the author self-identifies as part of the LGBTQ+ community, but no reclaimable slur is
actually used. Examples:

13. “un’attrice lella che seguo é incinta...” (it_1222);

14. “Le persone trans sono a volte guidate dall’omofobia...” (it_269).

These cases suggest that models may over-rely on topical cues or community-related vocabulary.

Overall, the error analysis shows that misclassifications are often due to pragmatic ambiguity, mixed
sentiment, and meta-linguistic usage of slurs. These findings confirm that reclaimed language detection
cannot be reduced to lexical or sentiment-based signals alone and requires deeper modeling of speaker
intent, discourse function, and community context.
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4.2. Spanish Language

We also inspected the misclassified Spanish messages. They can be grouped into the following recurring
categories:

Criticism and Non-Textual Content In Spanish, messages containing reclaimed slurs often rely
on emojis and hashtags commonly used to label LGBTQ+ topics or to signal in-group membership.
However, these same markers may also appear in messages that criticize or oppose the community,
even from individuals who explicitly claim membership in it. Examples:

15. “No se quien sea el organizador del PRIDE & 2022 pero en que cabeza cabe invitar a #RominaMarcos
que ella y su familia son homofébicos misoginos y machistas no conforme con eso invitan al sefior
#Alfredoadame que usa palabras como joto y marica para ofender #LGTBI”. (es_535).

16. ““@USER Esto me da a mi que roza la ilegalidad, uds sois una entidad oficial de un estado con bandera
==, no sois circo mariconchi, vergiienza. Marlaska no puede dar mas asco. #LGTBI #PRIDE2020
PD. soy gay.” (es_1872).

Exaggeration Some other instances use intensifiers or exaggeration to deliver hate to the community.

17. “Primero un dia y ahora un mes. Al final el dia de los maricas sera dia no laborable #OrgulloL-
GTBI". (es_465).

Sarcasm There are slurs that might look as if they were used by members of the community but actually
were used with sarcasm.

18. “Feliz dia de la mariconeria #LGTBI #Pride2022” (es_372).

podemitas-fascistoides, la GS era una reivindicacién del colectivo, y a punto estuvimos de con-
seguirlo como los israelies. (es_275). F-I-N URL”

“mariconeria” is a slight variation of the reclaimed slur “maricén” that is used with negative connotations
while“YO SOY EL COLECTIVO” is a way of mocking which is later revealed with by calling the “rojas-
podemitas-fascistoides”

5. Conclusion

In this study, we focus on the detection of messages containing reclaimed LGBTQ+ slurs within the
MultiPRIDE shared task. We participated in Task A, which relies solely on the single instance of the
message, and Task B, which incorporates both the message and its context to assess whether contextual
information improves detection. Our team, HateltOff, participated in both tasks for Spanish and Italian.
Our proposal and underlying hypothesis is that reclamation typically depends on a speaker who belongs
to the targeted community using a reclaimed slur to express belongingness or identity. A common way
this is expressed in natural language is through the use of pronouns and verbs, usually in a non-negative
manner. Based on this intuition, we experimented with transformer models that incorporate linguistic
features and sentiment features, providing cues related to pronoun and verb usage as well as the overall
sentiment of the message. We conducted an Ablation Study and observed that adding these features
resulted in a performance boost over the baseline for both languages. For Task A, our best-performing
system surpassed the baselines provided by the organizers, ranking 8th out of 24 submissions for Italian
and 6th out of 19 submissions for Spanish. For Task B, we achieved 11th place out of 18 submissions for
Italian and 5th out of 12 submissions for Spanish. In this task, our system outperformed the organizers’
baseline for Spanish only.
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A. Ablation Study for System Selection

In this section we show the results of the ablation study carried out between the transformer models
used and the feature strategies. Table 3 and 4 show the results on the test set that we used for our
experiments with transformers trained on 3 and 6 epochs. Table 5 shows our additional experiments
carried out with UmBERTo for Task A.
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3 Epochs Training with Data in Spanish, Italian, and English

Spanish \ Italian
Task Model no-recl recl macro  no-recl recl macro
bert_multil 0,9231 0,4000 0,6615 0,9627 0,8276 0,8951
+ ling. cues 0,9224 0,4375 0,6800 0,9734 0,8889 0,9311
+ sent. score 09099 0,3226 06162 | 09434 0,7541 0,8487
+ sent. label 0,9231 0,4000 0,6615 0,9704 0,8571 0,9138
+ sent. score 09145 0,3333 0,6239 0,9368 0,7018 0,8193
+ sent. label 0,9091 0,3636 0,6364 0,9635 0,8077 0,8856
+ sent. score 0,9099 0,3226 0,6162 0,9697 0,8710 0,9203
+ sent. score 0,9185 0,3871 0,6528 0,9742 0,8727 0,9234
modernbert_multil | 0,8987 0,3784 0,6385 | 0,9509 0,7869 0,8689
+ ling. cues 09153 0,2857 0,6005 0,9552 0,7931 0,8742
+ sent. score 09185 0,3871 0,6528 0,9670 0,8302 0,8986
Task A + sent. label 0,8996 0,3429 0,6212 0,9630 0,8214 0,8922
+ sent. score 09185 0,3871 0,6528 0,9632 0,8148 0,8890
+ sent. label 09099 0,3226 06162 | 09627 0,8276  0,8951
+ sent. score. 09217 0,4706 0,6962 0,9663 0,8475 0,9069
+ sent. score 09130 0,4118 0,6624 0,9478 0,7586 0,8532
xImt_multil 09177 0,4242 0,6710 0,9699 0,8667 09183
+ ling. cues 0,9198 0,2963 0,6081 0,9429 0,6522 0,7975
+ sent. score 09198 0,2963 0,6081 | 09734 0,8889 09311
+ sent. label 09018 0,4500 0,6759 | 09655 0,8615 0,9135
+ sent. score 0,9180 0,0000 0,4590 0,8949 0,0000 0,4475
+ sent. label 0,9180 0,0000 0,4590 0,8949 0,0000 0,4475
+ sent. score. 0,9180 0,0000 0,4590 0,8949 0,0000 0,4475
+ sent. score 0,9205 10,2400 0,5803 0,9736 0,8852 0,9294
bert_multil 0,9004 0,3030 0,6017 0,9704 0,8571 0,9138
+ ling. cues 0,9043 0,3529 0,6286 0,9701 0,8621 0,9161
+ sent. score 09277 0,4138 0,6707 0,9738 0,8814 0,9276
+ sent. label 0,918 0,3871 0,6528 0,9699 0,8667 0,9183
+ sent. score 09362 04828 0,7095 | 09478 0,7586 0,8532
+ sent. label 0,9205 0,2400 0,5803 0,9630 0,8214 0,8922
+ sent. score 0,9205 0,2400 0,5803 0,9738 0,8814 0,9276
+ sent. score 0,9198 0,2963 0,6081 0,9627 0,8276 0,8951
modernbert_multil 09130 0,4118 0,6624 0,9776  0,8966 0,9371
+ ling. cues 09145 0,3333 0,6239 0,9738 0,8814 0,9276
+ sent. score 09237 0,3571 0,6404 | 09776 0,8966 0,9371
Task B + sent. label 0,9060 0,2667 0,5863 0,9742 0,8727 0,9234
+ sent. score 0,9198 0,2963 0,6081 0,9888 10,9492 0,9690
+ sent. label 0,8987 0,3784 0,6385 0,9630 0,8214 0,8922
+ sent. score 0,8938 0,3684 0,6311 0,9848 0,9355 10,9602
+ sent. score 0,8996 0,3429 0,6212 | 09697 0,8710 0,9203
xImt_multil 09145 0,3333 0,6239 0,9701 0,8621 0,9161
+ ling. cues 09129 0,0870 0,4999 0,9701 0,8621 0,9161
+ sent. score 09167 0,1667 0,5417 0,9263 0,4878 0,7071
+ sent. label 09145 0,3333 0,6239 0,9588 0,8136 0,8862
+ sent. score 0,9198 0,2963 0,6081 0,9776 0,8966 0,9371
+ sent. label 0,9205 0,2400 055803 | 09559 0,7778 0,8668
+ sent. score 0,9231 0,4000 0,6615 0,9520 0,7636  0,8578
+ sent. score 09121 0,1600 0,5361 0,9559 10,7778 0,8668

Table 3
Ablation Study on Tasks A and B for the Spanish and Italian languages using models trained with 3 epochs.
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6 Epochs Training with Data in Spanish, Italian, and English

Spanish Italian
Task Model no-recl recl macro | no-recl recl macro
BERT 0,9244 0,5641 0,7443 | 0,9430 0,7619 0,8524
+ ling. cues 09264 0,4848 0,7056 | 09582  0,8254 0,8918

+sent. score | 0,8957 02941 055949 | 0,9627 0,8276 0,8951
+sent. label | 0,9292  0,5789 0,7541 | 0,9621  0,8387 0,9004
+ sent. score | 09130 04118 0,6624 | 0,9509  0,7869  0,8689

+ sent. label 0,9091 03636 0,6364 | 0,9585  0,8197 0,8891
+sent. score | 0,9310  0,5000 0,7155 | 0,9398  0,7333 0,8366
+ sent. score 09153  0,2857 0,6005 | 0,9774  0,9000 0,9387
ModernBERT | 0,8966  0,2500 0,5733 | 0,9489  0,7308 0,8398
+ ling. cues 0,9099  0,3226 0,6162 | 0,9430  0,7619  0,8524
+ sent. score | 0,8978  0,4103 0,6540 | 0,9552  0,7931 0,8742
+sent. label | 09170 04571 0,6871 | 0,9506 0,7937 0,8721

Task A + sent. score | 0,9185  0,3871 0,6528 | 0,9738 0,8814 0,9276
+ sent. label 0,9030 0,1481 0,5256 | 0,9630  0,8214 0,8922
+ sent. score 0,9123  0,4444 0,6784 | 0,9627 0,8276 0,8951
+ sent. score 0,9224  0,4375 0,6800 | 09742  0,8727 0,9234
XLM 0,9224  0,4375 0,6800 | 0,9697  0,8710 0,9203
+ ling. cues 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+ sent. score 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+ sent. label 0,9185 0,3871 0,6528 | 0,9615  0,8485 0,9050
+ sent. score | 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475

+ sent. label 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+ sent. score 09115 0,4737 0,6926 | 0,9494 0,8116 0,8805
+ sent. score 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
BERT 0,9270  0,4516 0,6893 | 0,9588 0,8136 0,8862
+ ling. cues 0,8918  0,2424 0,5671 | 0,9660  0,8525 0,9092
+ sent. score 0,9304  0,5294 0,7299 | 0,9549  0,8000 0,8774
+ sent. label 0,9217  0,4706 0,6962 | 09736  0,8852 0,9294
+ sent. score | 0,9106  0,2759 0,5933 | 0,9704 0,8571 0,9138

+ sent. label 0,9174  0,0909 0,5041 | 0,9531 0,7347 0,8439
+ sent. score 0,9205  0,2400 0,5803 | 0,9565 0,7600 0,8583
+ sent. score 0,9283  0,3704 0,6493 | 0,9813  0,9153 0,9483
ModernBERT 0,9091 0,3636  0,6364 | 0,9701 0,8621 0,9161
+ ling. cues 0,9091 0,3636 0,6364 | 0,9699 0,8667 0,9183
+ sent. score 0,9138 0,3750 10,6444 | 0,9740 0,8772 0,9256
Task B + sent. label 0,9099 0,3226 0,6162 | 09740 0,8772 0,9256

+ sent. score | 09138  0,3750 0,6444 | 09738  0,8814 0,9276
+ sent. label 0,9091 03636 0,6364 | 0,9850  0,9333  0,9591
+sent. score | 0,8860  0,2778 0,5819 | 0,9701  0,8621 09161
+ sent. score 0,8850  0,3158 0,6004 | 0,9773  0,9032 0,9402
XLM 0,0180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+ ling. cues 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+sent. score | 09114 02222 05668 | 0,9630  0,8214 0,8922
+ sent. label | 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+ sent. score | 09160  0,2308 0,5734 | 0,9774  0,9000 0,9387

+ sent. label 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475
+sent. score | 0,9060 02667 0,5863 | 0,9740 08772 09256
+ sent. score 0,9180  0,0000 0,4590 | 0,8949  0,0000 0,4475

Table 4
Ablation Study on Tasks A and B for the Spanish and Italian languages using models trained with 6 epochs.
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Model no-recl recl macro
UmBERTo 0,9542 0,8125 0,8833
UmBERTo + sent. label 0,9582  0,8254 0,8918
UmBERTo + ling. cues 0,9704  0,8571 0,9138
UmBERTo + ling. cues + sent. label 0,9663  0,8475 0,9069

Table 5
Additional UmBERTo runs on Task A
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Abstract
Online hate and abusive language targeting LGBTQ+ people are increasingly common on social media. Such
content can spread prejudice, intimidate users, and limit participation in online spaces. Automatic detection is
therefore important to support moderation and to reduce exposure to harmful content. This paper presents our
submissions to MultiPRIDE 2026 Task 1 for Italian, Spanish, and English, comparing two modelling paradigms: an
encoder-based Transformer sequence classifier and a generative large language model adapted to the task through
supervised instruction tuning. Results are reported with macro-averaged F1 to account for class imbalance.
Considering the best-performing run per subtask, our system achieves macro-F1 = 0.571 (EN), 0.711 (ES), and
0.843 (IT) on the official test sets, showing the strongest performance in Italian and consistent improvements
across languages. These results suggest that discriminative multilingual Transformers remain a robust choice for
intent-sensitive reclamation detection under limited context.

Content Warning: This paper contains examples of explicit and offensive language, including hate speech
and slurs, presented for scientific analysis and documentation purposes.
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1. Motivation

Online texts often include terms related to LGBTQ+ identity. Sometimes they are used as insults. Other
times they are used by the community itself, as self-labels or jokes. This second case is known as
reclaimed language: words that were once offensive but are re-used with a positive or in-group meaning
[1].

Distinguishing between reclamatory and offensive usage is important for both moderation and
discourse analysis. If reclaimed language is not recognised, legitimate messages may be flagged as
harmful, resulting in the disproportionate removal of LGBTQ+ voices. Conversely, if hostile uses are
misinterpreted as reclamatory, targeted abuse may remain undetected. For this reason, the central
challenge is not simply the presence of specific terms, but the intent with which they are used.

This problem is challenging because intent is highly context-dependent. It may be conveyed in-
directly through irony, euphemisms, or figurative language, and its interpretation can vary across
languages and communities. Under text-only conditions—without conversational history or user-level
information—key pragmatic cues are missing, increasing ambiguity and making reliable classification
difficult.

Within this context, the MultiPRIDE 2026 Task 1 [2] provides a multilingual benchmark for evaluating
systems that decide whether an LGBTQ+ related term in a sentence is used with reclamatory intent
or not, across Italian, Spanish, and English. The goal of this work is to contribute to this evaluation
by developing and analysing two complementary modelling paradigms—Transformer-based sequence
classification and generative LLM-based inference—and by examining the factors that most strongly
affect performance across languages.

EVALITA 2026: 9th Evaluation Campaign of Natural Language Processing and Speech Tools for Italian, Feb 26 — 27, Bari, IT
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id text label

it_1231 La destra Italiana pur di non dire che loro odiano gli omosessua...rola 0
Identita di Genere.....ovviamente a la #Salvini #omnibusla7

it_1713  "Presupporre che tutti i bisessuali non sono mai attratti da per.. e 0
genderqueer che scelgono di etichettarsi come bisessuali" URL

it_1770 io devo sapere chi & 'intern forcio che si occupa della musica a cortesie 1
per gli ospiti URL

it_1155 A volte mi ricordo di quanto sia bello essere lella e non poterlo dire con 1
fierezza a nessuno

Table 1
Examples from the Italian dataset (Subtask A1).

2. Definition of the Task

This work addresses MultiPRIDE 2026 Task 1, which focuses on reclaimed language in the LGBTQ+
community. The goal is to study how terms related to LGBTQ+ identity are used in online text and to
highlight the challenges that arise when a term can be either derogatory or used with a reclamatory,
in-group intent. Systems are expected to rely on cues that can be expressed in the text itself (e.g., slurs,
denigratory words, self-labeling, figurative language), and, in general, to capture the intended meaning
behind the use of these terms.

Task 1 is formulated as a binary classification problem. Given a sentence that contains a term related
to an LGBTQ+ context, the system must predict whether the term is used with reclamatory intent or
non-reclamatory intent.

We participated in the text-only setting (Task A — Textual Content), where the input consists solely
of the message text and no user-profile information is provided. Participation was carried out in all
three language-specific subtasks:

+ Subtask A1 (Italian): classification on Italian texts.
« Subtask A2 (Spanish): classification on Spanish texts.
« Subtask A3 (English): classification on English texts.

3. Dataset

The organisers released one dataset per language track. Each instance includes an identifier (id), the
message text (text), and a binary label (label) indicating whether the LGBTQ+-related term is used with
reclamatory intent (1) or non-reclamatory intent (0). A language tag (lang) is also provided. For Italian
and Spanish, an additional field (bio) is included; however, it was not used in our experiments because
we participated in the text-only setting.

Three monolingual datasets were provided, corresponding to Italian (Subtask A1), Spanish (Subtask
A?2), and English (Subtask A3). The Italian dataset contains 1,086 instances, with 879 (80.94%) labelled
as class 0 and 207 (19.06%) as class 1. The Spanish dataset contains 876 instances, with 743 (84.82%)
instances in class 0 and 133 (15.18%) in class 1. The English dataset contains 1,026 instances and is the
most imbalanced split, with 938 (91.42%) instances labelled as class 0 and 88 (8.58%) as class 1.

In addition to the three monolingual datasets, a multilingual training set was created by merging
Italian, Spanish, and English into a single pool to support multilingual training. This setup was treated
as an unconstrained approach, since an additional derived dataset was constructed for training purposes.
Before balancing, the merged dataset contained 2,988 instances in total, with 2,560 instances in class 0
and 428 instances in class 1.

lustrative examples for each language are reported in Tables 1, 2, and 3, respectively. Table 4 shows
the class distribution of the three monolingual datasets and the merged multilingual dataset, reporting
the number of instances for class 0 and class 1 in each case.
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id text label

es_1850 28 de Junio - Dia Internacional del Orgullo LGTBI. Viva el amor Li- 0
brelll#lgtb #lgtbiq #lgtbi #amorlibre #loveislove #orgullogay #pride
#...#lovewins #orgullo #respeto #lucha #homosexual #doblajespain URL

es_773  @USER no me gusta la Montero, por su apoyo a la ley Trans, ignor... 0
es un acoso y derribo a una mujer que lucha por sus hijos.. URL

es_1196 jj;Ya estamos de MARIcafias y BOLLOpintxos!'#Orgullo2021 #Orgullo- 1
Rioja2021 #OrgulloLGTBI URL

es_1884 Soy Queer.#Queer #Orgullo #Pride #Orgullo2020 #OrgulloLGTBI #LGT- 1
BIQ #trescantos URL

Table 2
Examples from the Spanish dataset (Subtask A2).

id text label

en_1021 [I’ve never heard anyone use the word "faggot" and not sound like an 0
insecure 13 year old.

en_1496 So you don’t see the slighest problem of somebody calling other people 0
"faggots"?

en_1312 And to be fair, getting triggered by slurs is just stupid to begin with. 1
Yeah I’m a faggot, yeah I’'m gay. I’'m mo...| because it has more syllables
and thus takes more time to say.

en_1108 Tbh I don’t care if anyone says it as long as they say it jokingly. Also 1
happy I’'m not the only one who calls themselves faggot

Table 3
Examples from the English dataset (Subtask A3).

Dataset Class0 Class1 Total
Iltalian (A1) 879 207 1086
Spanish (A2) 743 133 876
English (A3) 938 88 1026
Multilingual (IT+ES+EN) 2560 428 2988

Table 4
Class distribution for the three monolingual datasets and the merged multilingual dataset (before balancing).

4. Description of the System

This section describes the methodology adopted, which is structured into two main stages: balancing
and splitting the datasets and training models.

4.1. Balancing and Splitting the Datasets

For development, an internal 80/20 split was applied to obtain training and evaluation partitions. Since
the original datasets are strongly imbalanced, a data augmentation technique based on Contextual
Word Embeddings (CWE) was applied only on the training split [3]. Specifically, we utilized a BERT-
based architecture, the bert-base-uncased model [4]. This method entails substituting selected tokens
with semantically similar alternatives derived from the model’s contextual representations, thereby
increasing the lexical diversity of the corpus while preserving the semantic integrity of the original
instances. In this case, part of the majority class (label 0) was removed and new examples of the minority
class (label 1) were generated until reaching 1,500 instances per label. As a result, the balanced training
sets contain 3,000 instances each.

Before applying CWE-based balancing, each dataset was split using an 80/20 scheme. The 80%
portion was used for model development, while the remaining 20% was kept as an unseen test set for
the final evaluation. Table 5 reports the class distribution for each subtask before and after applying
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Dataset Label Before balancing (Train) After balancing (Train)

Mo e v o
A2 Sparish edanatory i 0
5 e 0 (ron ety 7 &
Multilingual (IT+ES+EN) ? g‘gl‘a;i:'g:\;tory) 2232 1288

Table 5
Label distribution in the training split before and after CWE-based balancing (balancing applied only to Train;
the Test split was kept unchanged).

Dataset Train Valid Test
AT (Italian) 2400 600 218
A2 (Spanish) 2400 600 176
A3 (English) 2400 600 206

Multilingual IT+ES+EN) 2400 600 598

Table 6
Number of instances in the training, validation, and test splits. CWE-based balancing was applied only to the
initial Train split (80%).

data augmentation on the development portion only. The development split was then further divided
using another 80/20 split to obtain the final training and validation sets. The validation set was used for
model selection and hyperparameter tuning, whereas the test set was reserved exclusively for reporting
results. Table 6 reports the number of instances assigned to the training and test partitions for each
subtask.

4.2. Training models

Since the shared task allowed two runs per subtask, two complementary modelling approaches were
developed for each language (Italian, Spanish, and English). A first run was based on a Large Language
Model (LLM) [5] adapted to the task through supervised instruction tuning (QLoRA), where the model
was guided to predict whether the target term was used with reclamatory intent or not. A second
run relied on a Transformer model [6] using the provided training data, aiming to learn task-specific
decision boundaries from labelled examples. This two-run setup was designed to compare a standard
fine-tuning approach against a prompt-based alternative under the same evaluation protocol, and to
assess how each paradigm behaves better in each subtask.

4.2.1. Run 1: QLoRA Fine-tuning

For the first run submitted for each subtask, an LLM-based approach was adopted. Models were fine-
tuned with QLoRA [7], which enables parameter-efficient training by combining low-rank adapters
with quantised weights, making it feasible to adapt LLMs under limited computational resources while
preserving most of the base model’s knowledge. The main backbone used across experiments was
Qwen2.5-0.5B [8], selected as a lightweight instruction-capable model that can be fine-tuned efficiently
and deployed consistently across languages. In addition, a different backbone was used for Spanish:
teknium/OpenHermes-2.5-Mistral-7B'. This choice was motivated by the strong availability of Spanish-
friendly instruction tuning in the Mistral/OpenHermes family and by empirical development results,
where Spanish performance benefited from a larger, instruction-focused model. In practice, this design

'https://huggingface.co/teknium/OpenHermes-2.5- Mistral-7B
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Hyperparameter Search space Best value

Learning rate {3e-5, 5e-5, 8e-5, 1e-4}  le-4
Train batch size {2, 4, 8} 2
Eval batch size {16} 16
Gradient accumulation steps {1, 2, 4} 4

LR scheduler {linear, cosine} linear
Warmup ratio {0.03, 0.05, 0.1} 0.03
Weight decay {0.0, 0.01} 0.01
Label smoothing {0.0, 0.02} 0.0

Table 7
LLM hyperparameter search space and best configuration selected on the validation split.

provided a balance between efficiency and coverage (Qwen2.5-0.5B) and capacity for Spanish-specific
instruction following (OpenHermes-2.5-Mistral-7B) [9].

A hyperparameter study was carried out for the LLM-based classifier in order to obtain a stable
configuration before producing the final runs. The study was implemented with the Hugging Face
Trainer using Optuna” as the optimisation backend. For each trial, the model was fine-tuned and
evaluated on the validation split, and macro-F1 was used as the optimisation target. In total, 15 trials
were run. The search space covered the main training hyperparameters that most strongly affect
performance and convergence. The best hyperparameter configuration selected by this procedure is
summarised in Table 7.

The multilingual LLMs were fine-tuned exclusively on the multilingual merged dataset described in
Section 3. Training instances were formatted using an instruction-style prompt. The base prompt was:
“Eres un asistente lingiiistico. Clasifica si el uso del término LGTBQ+ es reapropiativo (1) o no (0). No des la
etiqueta en el texto, solo aprende del patron.\n\nTexto:\n"

For each training instance, the prompt was dynamically translated to match the language of the
input text, while preserving the same instructional structure and semantics across languages. This
approach ensures cross-lingual consistency and frames the task as supervised instruction tuning, where
the model is fine-tuned to learn a direct mapping between the input text and the binary classification
label indicating reappropriative or non-reappropriative usage.

In contrast, language-specific fine-tuning was only applied in the Spanish setting, where a Spanish-
oriented LLM was trained using the Spanish monolingual dataset and a Spanish prompt. No language-
specific LLMs were trained for English or Italian.

4.2.2. Run 2: Multilingual Fine-tuning with XLM-RoBERTa

For the second run submitted for each subtask, a Transformer-based classifier was trained by fine-tuning
XLM-RoBERTa-base [10] on the multilingual merged dataset only. Using a single multilingual training
set was a deliberate choice. First, the task definition is identical across languages, and a shared training
pool increases the diversity of surface forms (slurs, self-labels, and figurative uses) that the model
is exposed to. Secondly, a unified multilingual model avoids maintaining separate language-specific
fine-tuned checkpoints and encourages cross-lingual transfer, where patterns learned in one language
can support predictions in another.

XLM-RoBERTa-base was selected because it is a widely used multilingual encoder with strong
performance on cross-lingual text classification and stable fine-tuning behaviour across many languages,
including Italian, Spanish, and English. Its pretraining on large-scale multilingual corpora provides
robust shared representations, which makes it well suited for the single-model, multilingual training
setup adopted in this run. The hyperparameters were kept fixed to ensure comparability between models,
using a learning rate of 3e-5, batch size of 16 and training for 10 epochs with Early Stopping. These
values were chosen because they are widely used and have been shown to yield stable performance
when fine-tuning Transformer-based models for text classification [4, 11].

*https://optuna.org/
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5. Evaluation Measures

Models were assessed on the validation data using standard metrics for binary classification derived
from the confusion matrix [12]. In particular, precision, recall, accuracy, and F1-score were computed. In
addition, the Area Under the ROC Curve (AUC) was reported as a threshold-independent measure of
how well the system separates the two classes [13]. Among these metrics, accuracy, F1-score, and AUC
were taken as the main indicators of performance.

Accuracy is the simplest evaluation measure in binary classification and corresponds to the fraction
of instances that are correctly predicted. Although it is easy to interpret, it can be misleading when
classes are imbalanced or when the minority class is the one of interest. For this reason, it is reported
together with F1-score and AUC. Accuracy is defined as:

TP+ TN (1)
TP+TN+ FP+FN

where T'P, TN, F'P,and F'N denote true positives, true negatives, false positives, and false negatives.

The F1-score combines precision and recall into a single value and is especially informative when
the positive class is under-represented. It captures the trade-off between correctly identifying positive
cases and avoiding false alarms, and is therefore well suited for hate and abuse detection tasks where
errors on the minority class are critical. It is defined as:

Accuracy =

Pl 2 - Precision - Recall

(2)

The AUC complements these point estimates by summarising performance across all possible decision
thresholds. It measures the probability that a randomly selected positive instance is ranked above a
randomly selected negative one, providing a broader view of discriminative capacity than accuracy
alone [14]. Formally, it can be expressed as:

Precision + Recall

AUC = / 1 TPR(FPR) d(FPR) (3)
0

where TPR and FPR are the true positive rate and false positive rate along the ROC curve [15].

In hate-speech-related tasks, where class distributions are typically skewed and abusive intent may
be expressed indirectly, relying on a single metric can hide important failure modes. Reporting F1-score
together with AUC makes it possible to evaluate both the balance between precision and recall and the
system’s ability to distinguish between classes under varying thresholds, while accuracy is retained as
an additional reference point for overall correctness.

In addition, the final decision criterion was aligned with the official shared-task evaluation protocol.
F1-score was used as the primary metric for model selection and comparison, while the remaining
measures (accuracy, precision, recall, and AUC) were reported as complementary indicators to better
characterise system behaviour.

6. Results

This section reports the experimental results obtained for Task 1 across the three language subtasks.
Results are presented in two parts, reflecting the two stages of the workflow. First, we summarise the
scores observed during the training phase, where models were developed and compared using the
balanced datasets and the train/validation split described in the previous sections. Next, we present
the evaluation-phase results, corresponding to the official runs submitted to the shared task and their
scores on the hidden test sets.

289



Run Model / Training setup Accuracy Macro-F1  AUC

OpenHermes-2.5-Mistral-7B (Spanish) 0.7483 0.7475 0.7483

Run 1 (LLM LoRA .
un 1 (LLM + QLORA) 05058 (Multilingual) 0.7483 0.7454  0.7483
Run 2 (Transformer) XLM-RoBERTa-base (Multilingual) 0.9117 0.9115 0.9100

Table 8
Training-phase results on the validation split.

Run 1 (LLM) Run 2 (Transformer)
Macro-P Macro-R Macro-F1 Macro-P Macro-R Macro-F1
A1 (Italian) 0.6231 0.6873 0.6202 0.8627 0.8276 0.8435
A2 (Spanish) 0.5014 0.5022 0.4892 0.7442 0.6887 0.7105
A3 (English) 0.5042 0.5082 0.4945 0.5739 0.5681 0.5708

Subtask

Table 9
Official evaluation results on the shared-task test sets for both runs (macro-averaged precision, recall, and F1).

Run 1 (LLM) Run 2 (Transformer)
Py Ry F1y Py R; F1, Py Ry F1y P R, F14
A1 (Italian)  0.9213 0.8589 0.8890 0.3249 0.5156 0.3980 0.9676 0.9324 0.9496 0.7577 0.7228 0.7398
A2 (Spanish) 0.9146 0.9083 0.9114 0.0882 0.0962 0.0920 0.9322 0.9309 0.9316 0.5563 0.4465 0.4954
A3 (English) 0.9204 0.9072 0.9138 0.0880 0.1091 0.0974 0.9349 0.9244 0.9296 0.2129 0.2117 0.2123

Subtask

Table 10
Per-class precision (P), recall (R), and F1 for both runs on the shared-task test sets. Class 1 corresponds to
reclamatory intent and class 0 to non-reclamatory intent.

6.1. Training-phase Results

In this subsection, the results obtained during the training phase are reported for the models developed
for each subtask and for each run. These scores were computed on the validation split and are used to
summarise how the different modelling choices performed during development, before producing the
final submissions.

Table 8 summarises the results obtained during the training phase for the two submitted runs. Overall,
the multilingual XLM-RoBERTa model achieves the strongest scores on the development split. For the
LLM-based run, different backbones were explored: while Qwen2.5-0.5B was adopted as the default
choice due to its efficiency and stable behaviour, the Spanish track was trained with OpenHermes-
2.5-Mistral-7B because it yielded slightly better validation performance in our experiments, and was
therefore selected for the final Spanish submission.

6.2. Evaluation-phase Results

This subsection reports the official results obtained on the shared-task test sets for the two submitted
runs. For each language subtask, we report the macro-averaged precision, recall, and F1-score.

Table 9 summarises overall behaviour through macro-averaged precision, recall, and F1, making the
cross-language comparison straightforward and directly reflecting the competition ranking metric. In
this view, the Transformer-based run achieves the best macro-F1 in all three subtasks, with the strongest
performance in Italian and Spanish and a smaller, yet consistent, improvement in English.

Table 10 helps explain these trends by reporting performance separately for the two classes. Across
languages, high scores for class 0 indicate that both approaches recognise the majority non-reclamatory
category reliably. The main source of difficulty is class 1 (reclamatory intent), where precision and
recall are substantially lower. Importantly, the Transformer run yields a clear improvement for class 1
compared to the LLM run, especially in Italian and Spanish, which largely accounts for the gains
observed in macro-F1. This confirms that overall performance in this task is driven primarily by the
ability to detect the minority class, rather than by differences in handling the majority class.

290



These results suggest that multilingual fine-tuning with XLM-RoBERTa provides a robust solution
for this task under the competition evaluation setting.

7. Discussion

7.1. Qualitative Error Analysis

To complement the quantitative results, a qualitative error analysis was conducted using the official
error logs released for Italian, Spanish, and English. Each file contains 20 misclassified instances,
balanced across the two labels. Although the sample is small, it is useful to spot repeated patterns and
to understand why the models fail beyond what is shown by global scores. A clear trend is that most
errors are linked to the minority class, i.e., reclaimed usage. This is expected in a setting where the
same term can act as an insult in one context and as an in-group marker in another.

Several recurring sources of confusion were observed across languages. A first issue is metalinguistic
mention. Many texts do not use the term to attack or to reclaim it, but to talk about it: users quote
someone else, discuss whether the word should be considered offensive, or criticise its usage. In these
cases, the models seem to react strongly to the presence of the term itself. As a result, cues that signal
stance are sometimes missed, such as negation, reported speech, or explicit condemnation.

A second issue is irony and humour, which are common in reclaimed language. Users may apply the
term to themselves or to friends in a playful way, often with informal tone and profanity. This mixture
can be difficult to interpret automatically. Even when the text contains signals of affiliation, the model
may still lean towards the non-reclamatory class because aggressive wording is present.

A third source of error is topic mixing. Some messages combine identity-related terms with political
debate, activism, or discussions about rights and legislation. These contexts are often polarised and
emotionally loaded. The term can appear as a neutral reference, as part of a slogan, or as a weaponised
label. When only the message text is available, it is not always clear which intent is dominant.

Finally, surface variation also plays a role. Creative spellings, wordplay, compounding, and morpho-
logical variants can reduce robustness, especially when these forms are rare in the training data. In
practice, small changes in form may hide the lexical cues that the model has learned to rely on.

Table 11 shows representative examples (five per language) that illustrate these patterns. The same
types of ambiguity appear in all subtasks, but with different emphasis. In English, many errors are
linked to quotation and to mention-versus-use ambiguity. In Spanish, mistakes are often found in
Pride or activism posts with dense hashtag context, where reclaimed usage is mixed with slogans and
community tags. In Italian, errors include explicit in-group framing as well as politically oriented
discussion, where intent is difficult to infer from text alone.

Overall, the error analysis suggests that further gains will likely require better modelling of stance
and clearer separation between mentioning a term and using it directly. Targeted augmentation could
also help, especially if it focuses on irony, self-reference, activism contexts, and political discourse.
Under an unconstrained setting, additional context (e.g., conversational cues) could reduce ambiguity,
but the text-only condition makes these cases particularly challenging.

7.2. Conclusions and Future works

This work explored two complementary approaches for identifying reclamatory intent in LGBTQ+-
related terms across Italian, Spanish, and English: a QLoRA fine-tuned LLM run and a multilingual
Transformer run based on XLM-RoBERTa-base. Overall, the Transformer submission achieved the
strongest performance across all subtasks, while the LLM-based approach provided a competitive
baseline and offered a flexible framework for rapid experimentation. Across languages, performance
was mainly limited by the minority class, confirming that reclaimed usage remains difficult to detect
reliably under a text-only setting.

The qualitative analysis suggests that most remaining errors are linked to ambiguous pragmatic
phenomena, including metalinguistic mentions (talking about a term rather than using it), quotation
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Subtask id Gold_label Text

A1 (Italian)  it_169 1 chiamate ancora Louis froc..CHE ANCHE 10 SONO UNA FROCIA
DI MERDA MA NON TOCCATEMI LOUIS)

A1 (Italian) it_1585 1 Che Libreria Adelphi sia chiusa nel weekend & un affronto a noi ric-
chione lavoratrici

A1 (Italian)  it_44 1 Sono in pari con #Euphoria, grazie a questa queen nei panni di una
lella #Rules URL

A1 (Italian) it_913 0 qui siamo tutti dolci e im...rché avevo bevuto 2 birre. ma chi dovrei
essere? gesu cristo?

A1 (Italian)  it_489 0 Domani in Spagna verra app...allentano I’approvazione del #DDLZan.
Invidio gli spagnoli.

A2 (Spanish) es_422 1 Hoy un poco mas mariconeada, pues #OrgulloLGTBI URL

A2 (Spanish) es_500 1 FELIZ DIA MARICONES, y a t...basura, que os atropelle el coche de
amaia #OrgulloLGTBI URL

A2 (Spanish) es_1189 1 mariquisimo #NiQueer #NIiTERF — #Orgullo2021 #Orgullo #OrgulloL-
GTBI URL

A2 (Spanish) es_1199 0 Un afio fuera del closet ...ER #pride #Pride2021 #Orgullo2021 #Orgullo
#0rgulloLGTBI

A2 (Spanish) es_1484 0 Hay q joderse Resulta q s... Trans y una Transgenero, yo ya lo flipo.
Hagaselo mirar. URL

A3 (English) en_1527 1 &gt; "We do not hire faggots" ...only the retarded.

A3 (English) en_1565 1 YES! Queer and faggot (bu... against me in a negative way and | just
can’t get over that.

A3 (English) en_1106 1 I’m Canadian. | use queer... it light years away from "faggot" in terms
of offensiveness.

A3 (English) en_420 0 Ally I know My family is proud of me faggot can you say the same?

A3 (English) en_1872 0 I’ve been out for a few weeks and I’'m dreading the day when | get

called a faggot

Table 11
Representative misclassified examples (5 per subtask) selected from the error logs.

and reported speech, ironic self-reference, and politically polarised contexts. These cases often require
modelling stance and intent beyond surface lexical cues, which explains why high accuracy on the
majority class can coexist with substantially lower scores for reclamatory intent.

Future improvements could follow three directions. First, training data could be enriched with
more targeted examples covering the observed error patterns (e.g., pride/activism posts, ironic self-
labeling, and quoted mentions), ideally with augmentation strategies that preserve intent while varying
surface forms. Secondly, the models could be improved by teaching them to tell the difference between
mentioning a term and using it. In many posts, the word appears because people quote it, talk about
whether it is offensive, or report what someone said. In these cases, the term is present, but it is not
being used with a direct intent. This could be addressed by adding extra training signals or prompt
steps that make the system look for stance cues (e.g., negation, quotation, reported speech) and decide
whether the speaker is condemning the term, discussing it, or using it in an in-group way before
predicting the final label. Finally, under an unconstrained setting, incorporating additional context (e.g.,
conversational thread information or user-level signals when available) could reduce ambiguity and
improve classification of borderline cases, especially for the reclamatory class.

Declaration on Generative Al

During the preparation of this work, the authors used ChatGPT for grammar and spelling checks. All
outputs were subsequently reviewed and edited by the authors, who take full responsibility for the
content of the publication.
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Abstract

This report describes the system submitted for the MultiPRIDE Evalita 2026 Shared Task, specifically focusing on
Task A, Subtask A2: Spanish Reclaimed Language Classification. [1] The task challenges participants to classify
whether a term related to the LGBTQ+ context within a Spanish sentence is used with a reclaimed intent or not.
This is framed as a binary classification problem. We fine-tuned two language models trained in Spanish, one
limited to the Mexican Spanish and the other to Latin America. We achieved F1-scores of 0.7034 and 0.7569 on
the test set, respectively. Motivation: The increasing presence of LGBTQ+ communities online has led to the
appropriation of previously derogatory terms as symbols of identity and empowerment. Understanding and
accurately classifying such “reclaimed language” is crucial for nuanced sentiment analysis, content moderation,
and supporting inclusive online environments. It helps distinguish between hate speech and self-affirming
expression, contributing to a more respectful digital discourse. Warning: This paper contains examples of
explicitly offensive content.

Keywords

Reclaimed language, Spanish language processing, Binary text classification, Hate speech detection, LGBTQ+

1. Introduction

The rapid growth of user-generated content on social media platforms has intensified the need for robust
Natural Language Processing (NLP) methods capable of identifying nuanced forms of meaning [2],
intention, and social context. In particular, the analysis of language related to the LGBTQ+ community
poses unique challenges, as certain terms historically associated with hate speech or discrimination
may be deliberately reappropriated and used with self-affirming or empowering intent. Accurately
distinguishing between harmful and reclaimed uses of such language is essential for applications
including sentiment analysis, hate speech detection, and content moderation, where superficial lexical
cues are often insufficient.

This paper presents the system developed by the team INFOTEC-NLP for participation in the Multi-
PRIDE Evalita 2026 Shared Task, focusing on Task A, Subtask A2, which addresses reclaimed language
classification in Spanish. The task is formulated as a binary classification problem: given a Spanish
sentence containing a term related to the LGBTQ+ context, the system must determine whether the
term is used with a reclaiming intent or a non-reclaiming (potentially offensive or neutral) intent. The
challenge lies in capturing pragmatic, cultural, and contextual signals that influence interpretation,
particularly in a language as regionally diverse as Spanish.

1.1. Task description

The task aims to analyze the use of reclaimed language within the LGBTQ+ community. The goal is to
determine whether certain terms —historically used as offensive or denigratory— are employed with a
reclaiming or self-affirming intent. Participants are encouraged to consider:
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« Textual content of the message, such as arguments, slurs, derogatory terms, self-labeling, and
figures of speech.

+ Contextual information that can be inferred (when available), such as whether the author belongs
to the LGBTQ+ community or their political orientation.

The problem is framed as a binary classification task, where systems must decide whether a term
related to the LGBTQ+ context is used with reclamatory intent or non-reclamatory intent.

Task A - Textual Content focuses on systems that operate solely on the textual content of the
message, without incorporating explicit user profile information. Two methodological approaches
are permitted. In the constrained approach, participants may use only the training data provided
for the task; external resources such as lexicons are allowed, but no additional annotated datasets
(e.g., tweets, sentences, or corpora labeled for reclaimed language) may be incorporated. In contrast,
the unconstrained approach permits the use of supplementary training material, including additional
annotated datasets relevant to reclaimed language or other auxiliary resources. Participants choosing
to work in the unconstrained setting must clearly indicate this choice when submitting their runs and
provide a detailed explanation of the additional data and methods used in their accompanying technical
report. Our team selected the constrained approach.

Subtask A2 - Spanish (Main Focus)

Participants work exclusively with Spanish texts. The objective is to identify whether LGBTQ+ related
terms in a Spanish sentence are used with a reclaiming intent. The main challenge lies in capturing
the pragmatic and cultural nuances of Spanish, where the same term may be offensive or reclaiming
depending on context, tone, and identity-based usage.

In summary, Subtask A2 evaluates the ability of a system to understand context, intention, and
semantic reclamation in Spanish, a task in which surface-level cues are often insufficient and deeper
linguistic understanding is required.

To address this task, we explore the fine-tuning of two Transformer-based language models pretrained
on large-scale Spanish Twitter corpora with regional awareness [3]: MEX_Large !, specialized in
Mexican Spanish, and BilmaLAT 2, covering multiple Latin American varieties. Both models are adapted
to the task using the training data provided by the organizers, following a constrained approach, and
were evaluated on the official validation and test sets.

Roadmap

The remainder of this paper is structured as follows. Section 3 describes the proposed system, including
data preprocessing, tokenization strategies, model architecture, and hyperparameter optimization.
Section 4 reports the experimental results obtained on the validation and test sets. Section 5 discusses
the findings, highlights the main challenges observed—particularly the class imbalance and performance,
performance—and outlines the directions for future work.

2. Related work

Hate speech detection is a problem that has been introduced in previous challenges, like PAN 2021 [4]
which introduced three shared tasks—cross-domain authorship verification, profiling hate-speech
spreaders on Twitter, and style-change detection in multi-author documents—designed to push forward
reproducible research in text forensics and stylometry through new benchmark datasets and standardized
evaluation. In recent years, challenges such as HOMO-MEX (2023) [5] and HOMO-LAT (2025) [6]
focused on detecting LGBTQ+-related hate speech and sentiment in Spanish on Twitter and Reddit,

Thttps://huggingface.co/guillermoruiz/MEX_Large
Zhttps://huggingface.co/guillermoruiz/BilmaLAT
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using annotated corpora and Transformer-based models that show moderate success but struggle
with linguistic ambiguity and regional variation. Together, they highlight the need for more robust
NLP systems based on dialect - to better classify LGBTQ+-phobic content and polarity in diverse
Spanish-speaking communities.

The Transformer architecture [7] has proven to be very effective. One of the main differences with
previous methods is the use of the Attention mechanism to understand the context of the words. The
BERT and RoBERTa [8] models are good examples of successful models based on Transformers. The
main drawback of these pretrained models is that they are focused on the English language and their
performance is poor for a different language, like Spanish. This is the motivation for training models
from scratch with regional information. The MEX_Large and BilmaLAT models are based on the
RoBERTa architecture and were trained on a large collection of georeferenced tweets. The former was
trained on messages from Mexico and the later from Latin America countries.

MEX_Large and BilmaLAT models include the option to introduce special regional tokens to guide
the prediction, that is, each model has special tokens embedded; for MEX_Large, the token represents a
state from Mexico’s country, for BilmaL AT, the tokens represent a country from Latin America, and a
time window consisting of a year and a month. See Table 1 for some tweet examples. For this challenge,
the publication of the date was not necessary; therefore, we decided to fix it at _2023 _01.

For this binary classification task, the models were initialized by adding a classification head appro-
priate for our two target classes.

Table 1
Examples of tweets and the special tokens for each model. These are examples after the pre-processing.

Token + Tweet Model

Coahuila _GEO Cémo estas amiga, nos conocemos? Soy soltero busco soltera. #PiedrasNegras MEX_Large
#nava #allende #zaragoza

Tamaulipas _GEO Ando de buenas que ya les devolvi sus unfollows y métanselos por el culo®.  MEX_Large
BCS _GEO Esa cancién que cantas en silencio y la otra persona tmb. Bn raro. MEX_Large
_do _2017 _09 Y que es lo que uno va hacer con _usr ? E ponen hoy mi Plan de datoy con5  BilmaLAT
minutos de eso se acabd _usr _usr

_ar _2020 _03 soy demasiado buena para todo el mundo y se viven cagando en mi, que hago?  BilmaLAT
me vuelvo una forra de mierda asi me valoran?

_mx _2019 _12 Felicidades para la nueva pareja, y para usted también. Gracias por el pedazo  BilmaLAT
de pastel. _url

3. Our system solution

Our approach was to fine-tune an early bird version of our BilmaLAT * and MEX_Large * models. The
models were designed such that the where and when of a given text is captured, i.e. it learns about
regions and periods of time; the model can be accessed and tested with the Huggingface framework

The core of our methodology involves fine-tuning a pre-trained multilingual Transformer model
using the provided Spanish dataset. We did not use ensambles because we wanted to have a benchmark
of our models. It is important to point out that the models are small (130 million parameters) and can
be used or fine-tunned using personal computers or free cloud computing services like Colab.

3.1. Data Preprocessing and Cleaning

Before feeding the text into the model, a cleaning function clean tweet, was applied to the text column
of both the training and test datasets. This function performs the following steps:

Shttps://huggingface.co/guillermoruiz/BilmaLAT
*https://huggingface.co/guillermoruiz/MEX_Large
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HTML Tag Removal: Uses BeautifulSoup to remove any HTML/XML tags.

User Mention Removal: Removes Twitter-style user mentions (e.g. @USER).

URL Removal: Removes URLs from the text.

Non-alphabetic Character Removal: Retains only alphabetic characters, periods, exclamation
marks, and apostrophes.

5. Whitespace Normalization: Replaces multiple spaces with a single space.

oW =

3.2. Tokenization

After a complete cleaning of the data, we created a balanced dataset. The results of the models were
average. On the other hand, using the data without any clean process, the results presented an
improvement, therefore the tokenization is applied to the dataset without any clean process.

Tokenizer usage. Each model used its corresponding pretrained tokenizer (the RoBERTa-style
tokenizers provided with BilmaL AT and MEX_Large). Text was tokenized to the model’s maximum
sequence length used during fine-tuning.

3.2.1. Region token selection.

+ BilmaL.AT: we prepended the regional token to each example. This token denotes Spain and
was chosen because the dataset was assumed to contain a majority of tweets from Spain; adding
provides an explicit regional signal to the multiregional model.

« MEX_Large: we prepended the regional token Mexico_City. This token was selected because
Mexico City is treated as a neutral, broadly representative regional variant for Mexican Spanish
idioms and thus reduces region-specific idiomatic bias.

Year/month (time) token selection.

« BilmaL AT time-token constraint: BilmaLAT restricts allowed time tokens to the range 2015-2023.
To remain within this restriction and to provide a consistent temporal context, we fixed the time
tokens to January 2023 (__ 2023 _01) for all examples. This choice supplies a stable “when” signal
without relying on per-example metadata that was not required by the task.

« MEX_Large time tokens: no task-specific time constraint was required for MEX_Large in our
setup; we used the regional token only Mexico_ City and omitted varying time tokens to avoid
introducing noisy temporal variation.

For each input sentence we prepended the chosen region token and the fixed time tokens (where
applicable) before tokenization so the model could attend to region/time context from the first token
positions.

3.3. Hyperparameter Search

To optimize the performance of the model, an automated hyperparameter search was conducted using
Optuna [9]. The Trainer was re-initialized with a model__init function to ensure a fresh model instance
for each trial. The hp_ space function defined the search range for:

« learning rate: Log-uniform distribution between 1 x 107 and 5 x 107>,
« num__train__epochs: Integer values between 4 and 12.
« per__device_train_ batch_size: Categorical choices of [16, 32, 64].

Trials and evaluation; We performed 10 Optuna trials per model. Each trial:

1. instantiated a fresh model via model init,

2. trained with the sampled hyperparameters and

3. evaluated in the validation split; Optuna selected the hyperparameter set with the highest
validation F1-macro.

The notebook shows the trainer.hyperparameter search(..., n_ trials=10) call and subsequent
extraction of best_ run.hyperparameters.
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Table 2
Confusion matrix on the development set for BilmaLAT.

True False

Label 1, Reclaimed 6 2
Label 0, Non-reclaimed 31 3

Table 3
Classification Report for the validation set using BilmaLAT
precision recall  fl-score support

0 0.9118 0.9394 0.9254 33
1 0.7500 0.6667 0.7059 9
accuracy 0.8810 42
macro avg 0.8309 0.8030 0.8156 42
weighted avg  0.8771 0.8810 0.8783 42

Table 4
Confusion matrix on the development set for MEX_Large

True False

Label 1, Reclaimed 6 0
Label 0, Non-reclaimed 33 3

3.4. Final Model Training

After identifying the best hyperparameters, the models were re-initialized from scratch and trained
using the optimal parameters found during the Optuna search. The best hyperparameters found for
BilmaL AT were: learning rate of 2.6187 x 107>, 5 epochs and a batch size of 32. We repeated the same
process for MEX_Large and the hyperparameters used were: 1.9998 x 107>, 8 epochs and a batch size of
32.

The final training used the provided training set (785 samples) and evaluation was performed on the
official validation set (42 samples). Models were trained with standard cross-entropy loss for binary
classification; class weighting or specialized loss functions were not applied in the reported runs (but
are recommended to mitigate class imbalance).

4. Results

4.1. Validation Set Performance (after Hyperparameter Tuning)

After Optuna tuning we re-trained each model with the selected hyperparameters and evaluated on the
official validation split (42 samples). Validation metrics reported below are the model scores obtained
after the final training run described in Section 3.4 For the BilmaLAT, we got the results shown on
Tables 2 and 3. The model achieved an accuracy of 88.10% and an F1-macro score of 81.56% in the
validation set.

For the case of the MEX_Large model, the results are shown in Tables 4 and 5. As can seen, the model
achieved an accuracy of 92.86% and an F1-macro score of 87.83% in the validation set.

4.2. Test Set Predictions and Official Results

The final predictions on the held-out test set were produced using the re-trained models and submitted to
the shared task evaluation. The official test metrics reported below are those returned by the MultiPRIDE
evaluation server for each model. For BilmaLAT results are shown in Table 6 where we can see a score
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Table 5
Classification Report for validation set using MEX_Large

precision recall  fl-score support
0 0.9167 1.0000 0.9565 33
1 1.000 0.6667  0.8000 9
accuracy 0.9286 42
macro avg 0.9583 0.8333 0.8783 42

weighted avg  0.9345 0.9286 0.9230 42

Table 6
BilmaLAT Official results
precision  recall f1-score
0 0.9372 0.9014 0.9189
1 0.5420 0.6590 0.5948

macro avg  0.7396 0.78024  0.7569

Table 7
MEX_Large Official results
precision recall  fl-score
0 0.8948 0.9758 0.9335
1 0.7209 0.3522  0.4732

macro avg 0.8078 0.6640 0.7034

of 0.7569 of macro F1. The results for MEX_Large are shown in Table 7. It scored 0.7034 of macro F1.
We can see a clear advantage of the BilmaLAT model over the MEX_Large.

5. Discussion

The performance in the validation set, with an F1-macro score of 75.69% and 70.34%, suggests that
the fine-tuned BilmaL AT and MEX_ Large models are reasonably effective in identifying reclaimed
language in Spanish tweets, however, we can see a struggle for identification of Label 1 corresponding
to reclaimed language; some examples are shown in the table 8.

Class Imbalance Impact: The class imbalance in the training data (85% Label 0, 15% Label 1) is a
critical factor. Although the model shows high precision and recall for the majority class Label 0, the
performance for the minority class Label 1, reclaimed language, has lower precision (0.5420) and recall
(0.6590), with an F1-score of 0.5948 for BilmaLLAT. This is a common challenge in imbalanced datasets,
where models tend to be biased towards the majority class. However, MEX_Large seems to have more
problems in identifying claims, showing a slight decrease in general.

The contrast between per-class precision and recall shows two complementary failure modes:

1. Low precision on Label 1 (BilmaLLAT test) means that many predicted reclaimed examples are
actually non-reclaimed;

2. Low recall on Label 1 (MEX_Large test) means that many true reclaimed examples are missed.

Both reduce macro F1 and are symptomatic of the skewed training distribution and the pragmatic
difficulty of inferring reclamation from short social messages.

Hyperparameter Tuning Effectiveness: The Optuna-based hyperparameter search proved bene-
ficial in identifying an optimal combination of learning rate, number of epochs and batch size, which
likely contributed to the final validation performance.
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Table 8
Examples where the model BilmaLLAT selected the wrong label

id text Correct label

es_989  Hace dos dias para vosotros la ley trans era un “retroceso en derechos” y los que 1
estaban en la calle recibiendo palos ayer enfrentandose a la poli eran trans,
maricones y bolleras; tened un poquito de vergiienza y dejad de usarnos para los
argumentos que os vienen bien URL

es_1343  Este es el mes trending!!!! Pero pa jotear y mariconear esta todo el afio y toda la vida!! 1
#queer #pride #loveislove #LGTBI URL
es_1394 No importa la edad que tengas, los brazos de una madre siempre son el mejor refugio 0

#FelizDiadeLaMadre #QueerAsFolk #FelizViernes #LovelsLove #LGBT #LGTBI #Gay
#GayBlog #GayKiss #GayLove #RelatoLGBT #LGTBIQ #AmorLGBT #GayPride
#AmbienteGay #Orgullo2021 #Gays #Pride2021 URL

Por todos los que han sido humillados desde la infancia.

Agredidos o asesinados, al grito de maricon.

A los que no quieren que seamos familia.

A los que reivindican “terapias de conversion”

A los que no quieren que se exhiba la bandera LGTBI.

Visibilicemos méas el #OrgulloLGTBI URL

es_469

Choice of Base Model: BilmalLAT and MEX_Large, being RoBERTa-based models pre-trained on a
large Spanish corpus from Twitter (now X), aligns well with the task of identifying nuanced expressions
in social media contexts. However, on this occasion, the task was to detect reclaimed language that
is used with pride, creating an appropriation of terms for the LGBTQ+ population; this complicated
the specific task and resulted in poor results in Label 1; on the other hand, it is shown that the use of
special tokens for the regional selection of the Spanish language was a good choice, where BilmaLAT,
adjusted for Spanish from Spain, performed better than MEX_Large with adjustments for Spanish from
Mexico.

Conclusions and future work

In this work, we fine-tuned two region-aware RoBERTa models (BilmaL AT and MEX_Large) to detect
reclaimed language in Spanish social posts. We achieved F1-scores of 75.69% and 70.34% in the test set,
respectively. The experiments show consistent strengths on Label 0 (non-reclaimed) and persistent
weaknesses on Label 1 (reclaimed), a pattern largely explained by the training distribution (85% Label 0,
15% Label 1). Overall, region/time tokens and Optuna tuning improved generalization, but the models
still struggle to reliably identify reclaimed uses when pragmatic cues are subtle or removed by aggressive
cleaning.

Future work

Our results are a clear sign of the need to have dedicated language models that are aware of regional
information. This is an opportunity area for future research on NLP. We identified some improvements
that could be applied in order to enhanced performance:

« Addressing Imbalance: Future work could explore techniques like oversampling the minority
class (e.g., SMOTE), under sampling the majority class, using class weights during training, or
employing different loss functions (e.g., focal loss) to mitigate the impact of class imbalance and
potentially improve performance on the reclaimed language class.

« Contextual Features: The current approach is based primarily on text content. Incorporating
contextual information from user profiles (as mentioned in the task description) could provide
valuable signals to discern reclaimed intent.
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« Ensemble Methods: Combining predictions from multiple models or different model architec-
tures could lead to more robust performance.

« Error Analysis: A detailed error analysis on misclassified validation samples could re-veal
patterns and guide further model improvements or feature engineering,.

Declaration on Generative Al

During the preparation of this work, we applied the Writefull’s model for grammar and spelling checks.
After using these services, we reviewed and edited the content as needed and assume full responsibility
for the content of the publication.
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Abstract

This paper presents a multi-stage framework for detecting reclaimed slurs in multilingual social media discourse.
It addresses the challenge of identifying reclamatory versus non-reclamatory usage of LGBTQ+-related slurs
across English, Spanish, and Italian tweets. The framework handles three intertwined methodological challenges
like data scarcity, class imbalance, and cross-linguistic variation in sentiment expression. It integrates data-driven
model selection via cross-validation, semantic-preserving augmentation through back-translation, inductive
transfer learning with dynamic epoch-level undersampling, and domain-specific knowledge injection via masked
language modeling. Eight multilingual embedding models were evaluated systematically, with XLM-RoBERTa
selected as the foundation model based on macro-averaged F1 score. Data augmentation via GPT-40-mini back-
translation to alternate languages effectively tripled the training corpus while preserving semantic content and
class distribution ratios. The framework produces four final runs for the evaluation purposes where RUN 1 is
inductive transfer learning with augmentation and undersampling, RUN 2 with masked language modeling pre-
training, RUN 3 and RUN 4 are previous predictions refined via language-specific decision thresholds optimized via
ROC analysis. Language-specific threshold refinement reveals that optimal decision boundaries vary significantly
across languages. This reflects distributional differences in model confidence scores and linguistic variation in
reclamatory language usage. The threshold-based optimization yields 2-5% absolute F1 improvement without
requiring model retraining. The methodology is fully reproducible, with all code and experimental setup are
available at https://github.com/rbg-research/MultiPRIDE-Evalita-2026.

Keywords
Reclamation Detection, Multilingual Foundation Models, Transfer Learning, Dynamic Undersampling, Back-
Translation Augmentation, Language-Specific Decision Boundaries, LGBTQ+ Sentiment Analysis

1. Introduction

Automated content moderation systems often have difficulty in identifying hate speech and reclaimed
language [1, 2]. Reclaimed language refers to historically derogatory language that has been reclaimed
by marginalized groups, especially the LGBTQ+ community who reclaimed the language for self-
expression and solidarity [3, 4]. If the algorithm cannot identify the context, it will either mark harmless
content as toxic or miss actual hate speech. This paper will present the KIT-TTP-NLP system designed
for the MultiPride task of EVALITA 2026, which aims to identify reclaimed language in English, Spanish,
and Italian tweets [4].

The task presents three main obstacles. Firstly, the available data is limited. Secondly, the datasets
are highly imbalanced, with far fewer examples of reclaimed usage than non reclaimed usage. Thirdly,
the way speakers reclaim slurs varies by language and culture. A model that works well for English
sarcasm may fail to grasp Italian cultural markers.

In order to tackle these problems, we employed a multistage framework. The first step was to assess
a variety of multilingual models and proceed with XLM-RoBERTa as our basis. To tackle the problem of
insufficient data, we implemented the GPT-40-mini-based back-translation method that resulted in the
training set being tripled while the original meaning was preserved. Additionally, we made use of a
proactive sampling method during the training to ensure that the model does not turn a blind eye to
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the minority class. To improve performance further, we assigned language-specific decision thresholds
instead of applying one universal cutoff for all languages. This method assumes that the model has a
higher level of confidence in certain languages and hence provides a way to get better accuracy without
cumbersome retraining.

The rest of the paper is structured in the following way. Section 2 describes the methodology with a
focus on data analysis, model selection, and the training process. Section 3 describes the experimental
setup and the performance of the four runs. Section 4 discusses the results and the challenges faced in
the different languages. Finally, section 5 summarizes the findings.

2. Methodology
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Figure 1: Multi-stage multilingual hate-speech classification framework with four sequential runs refining
performance via data-driven model selection, augmentation, hyperparameter selection, 5-fold CV, MLM adap-
tation, and threshold calibration. RUN 1: inductive transfer learning with optimal foundation model. RUN
2: transductive transfer learning on optimal foundation model follwed by inductive transfer learning. RUN 3:
threshold refinement on RUN 1 outputs and RUN 4: threshold refinement on RUN 2 outputs to handle linguistic
nuances and cross-lingual calibration.

The overall framework, as represented in Figure 1, consists of four research runs carried out one after
another which are able to refine classification performance in a step-wise manner. The multi-layered
approach goes back to four design principles. First, the framework follows the data-driven model selec-
tion through systematic cross-validation as its primary consideration which eliminates the possibility
of selection bias and guarantees that the chosen foundation model comes with empirical performance.
Second, it is based on the scarcity of data that is through semantic-preserving augmentation, thus
increasing the effective training corpus while keeping the distribution of labels the same using the
method of back-translation. Thirdly, the domain-specific knowledge is integrated by masked language
modeling (MLM) for the best representation. Finally, language-specific threshold refinement is done
for managing the linguistic nuance and the distributional variation in different languages. The whole
process from RUN 1 to RUN 4 provides the opportunity for systematic ablation and comparison of these
design choices.

2.1. Data Analysis and Bias Detection

The framework commences by performing descriptive analytics on the dataset ! to characterize it and
recognize possible imbalances regarding language and labels. A frequency distribution analysis was
done for all labels and languages to check the positive and negative instance distribution. After that,

'https://multipride-evalita.github.io/, Accessed on January 2026.
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chi-square analysis was conducted to discover the statistical relationships between language and label
distributions [5]. This exposes the label and language biases naturally existing in the dataset supplied
for the modeling choices made afterwards.

2.2. Foundation Model Selection

This phase employed a two-stage approach. First, embedding representations were computed for all
the tweets with each foundation models for assessing the capability of representating semantic and
linguistic properties of the input tweet. A conventional machine learning (ML) pipeline was established
in parallel to provide a comparative reference. Five-fold cross-validation was conducted across both
embedding-based and conventional ML approaches to ensure robust and unbiased model selection.
The cross-validation framework evaluated across multiple models and selected the optimal foundation
model based on performance metrics computed across all folds for avoiding the selection bias.

2.3. Inductive Transfer Learning with Data Augmentation

The chosen foundational model went through an inductive transfer learning approach [6] for fine-
tuning. A back-translation augmentation method was executed to deal with data deficiency with
GPT-40-mini being used as the translation engine [7]. Thru the supplied dataset, each tweet in the
original language was assessed and translated to the other two languages in a systematic way. This
allows for the generation of semantically equal, yet syntactically diverse paraphrases. This one-to-many
translation operation has effectively increased the size of the training set threefold. The augmented
dataset was then used to refine the base model further [8].

In order to address the issue of class imbalance in the classification task, a dynamic under-sampling
strategy was used at the epoch level [9]. The sampling technique during each training epoch allowed
every positive class instance in the training batch to have three negative class instances selected
randomly without replacement. This ratio of 1:3 was maintained dynamically for all epochs, which
helped the model learn distinguishing features irrespective of the class imbalance issue. For Each epoch,
this sampling process was random, which introduced stochasticity and helped with the generalization
of learning. The five-fold cross-validation process was used not only for the validation of the final
accuracy of the model but also for hyper-parameter tuning. The final result obtained from this stage is
labeled as RUN 1.

2.4. Domain Knowledge Integration via Masked Language Modeling

In the second experimental approach, the masked language modeling (MLM) was used on the foundation
model with the aim of incorporating linguistic knowledge that is domain-specific. The MLM pretraining
task is based on the task of predicting the randomly masked tokens in the sequences. The hyperparameter
tuning was carried out using Optuna, which is an automated hyperparameter optimization library that
uses efficient sampling and pruning algorithms. The final model that was adapted using MLM was
again subjected to the same process of inductive fine-tuning as mentioned earlier in the section 2.3,
which included back-translation augmentation, dynamic epoch-level under-sampling at the 1:3 positive
to negative ratio, and five-fold cross-validation for fitness evaluation. The final result obtained from
this phase is labeled as RUN 2.

2.5. Language-Specific Threshold Refinement

To further improve classification performance, language specific decision boundaries were derived for
each language in the dataset. Confidence scores from the classifier were analyzed separately for English,
Spanish, and Italian tweets. Language-specific thresholds were determined that optimally balanced
precision and recall for each language through the ground truth labels. This step helps in accounting
the distributional differences in the model’s prediction scores. These thresholds were finally applied
to reclassify predictions from both RUN 1 and RUN 2, resulting RUN 3 and RUN 4 respectively. This
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refinement recognizes that optimal decision thresholds may differ across languages due to linguistic
variation and also different patterns of language usage in the context of reclaimed slurs.

2.6. Evaluation Metrics and Statistical Analysis

All results were evaluated using standard metrics appropriate for imbalanced binary classification.
Reported metrics includes averaging F1 across classes equally for minimizing majority class dominance
(Macro-averaged F1 score), Precision and Recall with per class and language breakdowns, and Area
Under the ROC Curve for threshold-independent measure (ROC-AUC).

Model selection during all stages of the experimentation mainly relied on macro-averaged F1 calcu-
lated through stratified 5-fold cross-validation. With this approach, the minority (reclamatory) class is
treated equally together with the majority class. It is a reasonable step to take in the context of the shared
task, in which both false positives and false negatives have semantic importance. Confidence intervals
(95%) on cross-validation scores were computed using a set of samples to quantify the uncertainty in
the performance estimates.

The language-specific performance breakdowns were calculated to evaluate multilingual generaliza-
tion and pinpoint challenges. The optimization histories of Optuna were visualized using parameter
importance plots and trial convergence curves to know which hyperparameters had the most impact
on the validation F1 score and how rapidly the TPE sampler reached the high-quality solutions.

3. Experiments and Results

All the experiments were carried out on RTX4090 GPU workstation having the support of CUDA 12.6
and cuDNN 8.9. The training process utilized automatic mixed precision (AMP) turning to bfloat16 for
the sake of computational efficiency while ensuring that the gradients remain stable. The tracking of
experiments was achieved by logging hyperparameters, metrics, loss curves, and model artifacts for all
the experimental runs. All the code was written in Python 3.10 using the standard scientific libraries.

3.1. Data Characteristics and Descriptive Analytics

The MultiPRIDE dataset contains slurs in LGBTQ+ contexts labeled as reclamatory or non-reclamatory
for usage through tweets in English, Spanish, and Italian. The first exploratory analysis uncovered
a major imbalance between the classes and a distribution of labels that varied by language. The full
dataset frequency analysis revealed that the reclamatory class accounted for about 9-24% of the samples
with a different distribution per language: English (9%), Spanish (18%), and Italian (24%). Chi-square
tests [5] of independence between language and label produced x? values that were above the critical
thresholds (p < 0.001), which meant that the labels were not randomly distributed over the languages.
This finding justified the subsequent implementation of language specific decision thresholds and
stratified cross validation splitting to ensure fold wise class distribution consistency. The data statistics
are depicted in Figure 2.

3.2. Foundation Model Selection and Baseline Evaluation

Eight multilingual embedding models were evaluated as candidates for downstream fine-tuning:
multilingual-e5-large (state-of-the-art dense retrieval embeddings with 1024 dimensions) [10], bge-m3
(BGE multilingual model optimized for semantic search) [11], gte-multilingual-base (General-purpose
Text Embeddings with 768 dimensions) [12], jina-embeddings-v3 (Jina’s multilingual dense representa-
tion model) [13], snowflake-arctic-embed-1-v2.0 (Snowflake’s large-scale multilingual embeddings) [14],
LaBSE (Language-agnostic BERT Sentence Embeddings, 768 dimensions) [15], USE-multilingual (Uni-
versal Sentence Encoder for 16+ languages) [16], and XLM-RoBERTa-large (550M parameters, 24 layers,
enhanced capacity for cross-lingual transfer) [17]. For each candidate model, dense representations
were computed by extracting contextualized embeddings from the final transformer layer, yielding
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Figure 2: Data distribution statistics: label imbalance in original dataset, augmented dataset after back-
translation, and chi-square analysis of language-label associations.

768-dimensional or 1024-dimensional vectors depending on the model architecture. These embeddings
were subsequently used as input features for classifier training in the foundation model selection phase.

A stratified 5-fold cross-validation framework was set up, which kept the same distribution of classes
in the folds (80% training, 20% validation for each fold). Conventional machine learning baselines were
then trained using the computed embeddings within each fold, applying linear Support Vector Machine
(Linear SVC with C=1.0, dual=False for the sake of speed). The evaluation metrics computed for all folds
include macro-averaged Accuracy, Precision, Recall, and F1 score. Besides, model selection preferred
the macro-averaged F1 stability (low fold-wise variance) over the maximum absolute performance
which means that the model is robust to data distribution shifts and can generalize. The analysis in
Table 1 showed that XLM-RoBERTa-large managed to find the best point between the performance
(macro F1 = 0.76 + 0.04 across folds) and the computational efficiency, thus its election as the master
model for all coming experiments was justified.

Table 1

Performance of Linear SVC across embedding models on the multilingual unified dataset.
Embedding model Accuracy Precision Recall F1
multilingual-e5-large 0.8018 0.7049 0.8018  0.7330
bge-m3 0.7789 0.7002 0.7789  0.7247
gte-multilingual-base 0.7765 0.6869 0.7765  0.7120
jina-embeddings-v3 0.7795 0.6860 0.7795 0.7103
snowflake-arctic-embed-I-v2.0 0.8022 0.7085 0.8022 0.7367
labse 0.7602 0.6661 0.7602  0.6879
use-multilingual 0.7603 0.6800 0.7603  0.7023
xIlm-roberta-large 0.7178 0.8280 0.7178  0.7553

306



3.3. Inductive Transfer Learning with Data Augmentation (RUN 1)

To mitigate data scarcity, a defined back-translation augmentation strategy was implemented. Each
tweet in its original language was translated to the two alternate languages using the OpenAI GPT-4o-
mini API (model="gpt-40-mini", temperature=0.0 for deterministic output, top_p=1.0). The translation
prompt explicitly requested that semantic content be preserved while acknowledging natural language
variation. Each original tweet generated three variants that includes native language, and two back-
translated from alternate languages. This one-to-many translation schema tripled the effective training
corpus size from N to approximately 3N samples. At the same time the reclamatory class maintaining
its original 9-24% distribution (i.e. as shown in Figure 2b the class imbalance ratio was preserved during
augmentation).

The RoBERTa variant” taken as a foundation model and finetuned using a custom training loop im-
plementing dynamic undersampling at the epoch level. A custom Batch Sampler class was implemented
with the iterative method reconstructed at each epoch to enforce dynamic sampling. For each training
epoch, the sampler maintained a 1:3 positive-to-negative ratio by separating dataset indices into positive
(label=1) and negative (label=0) groups, drawing exactly one positive sample without replacement for
each batch, and drawing exactly three negative samples without replacement. This implementation
ensures stochastic variation in negative sample selection across epochs, exposing the model to diverse
negative examples while maintaining consistent class ratio.

Hyperparameter optimization was performed using Optuna with the Tree structured Parzen Estimator
(TPE) as the underlying sampler [18]. The TPE sampler is still keeping the probabilistic model of the
objective function, gradually balancing the step of exploration in the regions of hyperparameters not
yet tested with the step of exploitation of the areas around the previously observed good trials that
are considered as promising ones. The Optuna objective function encompassed a 5-fold stratified
cross validation loop through which the hyperparameter exploration was limited to 50 trials. The
hyperparameter search space included: learning rate (log-uniform, 1le-5 to 5e-4), batch size (categorical:
16, 32, 64), weight decay (log-uniform, 1le-5 to le-2), and dropout rate (uniform, 0.1 to 0.4). Early trial
termination was implemented via Optuna’s Median Pruner with a patience threshold of 3 epochs. The
trials whose validation F1 fell below the median of completed trials at the same epoch were automatically
pruned. This reduces computational overhead without sacrificing final model quality. Epoch and fold
level performance are shown in Figure 3.
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Figure 3: Fold Level Performance Metrics for Inductive Transfer Learning.

Training was done for a maximum of 10 epochs per fold with the AdamW optimizer (8; = 0.9,
B2 = 0.999, € = le — 8) with linear learning rate warmup for the first 10% of total training steps, and
linear decay to zero for the remaining steps. The loss function was weighted cross entropy, given by
L = —[wolog(po) + wilog(p1)]. Where wg and w; are class weights inversely proportional to class
frequencies (wy ~ 0.35, wy =~ 1.00 for the imbalanced dataset. Model checkpoints were saved at each
epoch based on macro-averaged F1 score on validation set. The best checkpoint for each fold was

*https://huggingface.co/cardiffnlp/twitter-xlm-roberta-base, Accessed on January 2026.
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chosen as the model with the highest validation F1. This setup yielded run 1, corresponding to inductive
transfer learning with augmentation and dynamic undersampling.

3.4. Domain Knowledge Integration via Masked Language Modeling (RUN 2)

For incorporating domain-specific linguistic knowledge, the foundation model was subjected to a
secondary MLM pretraining task before the finetuning of downstream tasks [19]. In the MLM pretraining
task, 15% of the tokens in the sequence were randomly chosen using Bernoulli sampling and replaced
with the [MASK] token. The model was then trained to predict the original tokens from the contextual
representations. The goal of this task is to help the model learn more about the usage of LGBTQ+
discourse patterns and reclamatory language in multilingual social media settings.

The MLM pretraining phase was conducted on the augmented dataset for a maximum of 5 epochs
using the AdamW optimizer with hyper parameters identified via a preliminary Optuna search. The
MLM search space includeds parameters like learning rate (log-uniform, le-5 to 5e-4), batch size
(categorical: 16, 32, 64), weight decay (log-uniform, le-5 to le-2), and dropout (uniform, 0.1 to 0.4).
Optuna evaluated for 50 trials which optimized for minimum validation cross-entropy loss on the MLM
task. Pruning was again applied via MedianPruner to terminate unpromising trials early. The MLM loss
function was standard cross-entropy L_M LM = — > log(P_6#(original_token|masked_context)),
which is summed over all masked positions in a batch. The validation loss with respect to parameter
are shown in Figure 4.
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Figure 4: Transductive Transfer Learning: Parameter VS Validation Loss

Following MLM adaptation, the finetuned model was saved and subsequently used as the initialization
for downstream finetuning task. This downstream finetuning pipeline was identical to run 1 where
dynamic undersampling (1:3 ratio), Optuna hyperparameter optimization (50 trials, TPE sampler, Medi-
anPruner), 5-fold stratified cross validation, and 10 epoch training with early stopping was performed.
The same hyperparameter search space as run 1 was employed, allowing direct comparison of the
marginal contribution of MLM adaptation. Performance metrics collected after downstream finetuning
revealed the cumulative effect of both MLM adaptation and task specific optimization, resulting run 2.
Empirical analysis comparing run 1 and run 2 validation F1 scores quantified the absolute and relative
improvement attributable to domain knowledge injection via MLM. The impact of inductive transfer
learning on transductive model with respect to the hyper parameters are shown in Figure 5.
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3.5. Language-Specific Threshold Refinement and Prediction Reclassification

Both run 1 and run 2 models produced continuous confidence scores via softmax normalization of
the final layer logits con f_score = exp(logit_1)/(exp(logit_0) + exp(logit_1)), where logit_0 and
logit_1 denote the class-specific logits. Default binary classification employs a threshold of 0.5 with
equal misclassification costs and balanced class priors. In the MultiPRIDE task, neither assumption
holds where the dataset exhibits class imbalance (9-24% minority class), and language-specific label
distributions differ significantly (x? p < 0.001).

To optimize decision boundaries, Receiver Operating Characteristic (ROC) curve analysis was per-
formed independently for each language. For each language (English, Spanish, Italian), validation set
confidence scores were analyzed across a fine-grained threshold range. For each candidate threshold
7, performance metrics were computed includes true positive rate (I'PR) = TP/(TP + FN), false
positive rate (FPR) = FP/(FP + TN), and Flscore = 2T'P/(2TP + FP + FN). The final
selection for the optimal threshold 7+ of each language was based on the value that provided the
maximum macro-averaged F1 score on the validation set, thus safeguarding equal performance of both
the minority and the majority classes through their simultaneous consideration.

It is interesting to point out the variation of the optimal thresholds being language dependent,
thus, the differences in model confidence predictions were revealed. For instance, it was found that
English tweets had quite high average confidence scores for the reclamatory class which resulted in
the necessity of the higher threshold (say, 7_en = 0.58) to ensure the restriction of precision. On the
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other hand, Italian tweets had lower average confidence necessitating a lower threshold (for instance,
7_it = 0.42) to capture the instances of the minority class. Spanish thresholds were usually around
these extremes (7_es ~ 0.50). These thresholds were subsequently enforced on the predictions so that
if conf_score > 1_language, the prediction will be reclamatory, otherwise, it will be non-reclamatory.
The per language threshold variation has been represented in Figure 6.
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Figure 6: Threshold Analysis: Language-specific Optimal Thresholds

The predictions of run 1 model were reclassified by means of learned language specific thresholds
giving rise to run 3. In the same way, reclassification of run 2 predictions was done yielding run 4. The
refining of the thresholds is a very crucial post-prediction optimization step which does not require extra
computational power. This step usually results in a 2-5% absolute F1 improvement by the adaptation of
decision boundaries to the empirically observed confidence distributions.

4. Observations

Figure 7 presents the final submitted results on the test set. The overall results from all the runs
revealed the framework’s ability to deliver considerable performance improvements in the reclamation
classification task by the proper management of data scarcity, class imbalance, and multilingual variation.
The foundation model selection outcomes at Table 1 revealed that RoOBERTa pretrained on social media
context obtains superior macro-averaged F1 stability (0.7553 + 0.04). The recall value is also stable
which is essential for minimizing missed reclamatory instances in low resource contexts. This selection
decision prioritizes minority class detection over overall accuracy. This is where the concern for
false negatives exceeds that of false positives in the context of LGBTQ+ discourse analysis. The back
translation approach to augmentation strategy was successful in tripling the equivalent training data
while maintaining the language-specific distributional properties. The maintenance of the label ratio
was not trivial given the dynamic epoch level with sampling at a 1:3 positive to negative ratio. This is
achieved with stochastic negative sampling selection to avoid both majority class collapse and overfitting
to the same examples. The combination of weighted cross entropy loss (w; ~ 1.00 for minority class)
and consistent sampling constrain achieved a stable convergence point evident in the fold-wise F1
convergence by epoch 6-7.
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Figure 7: Final Test Set Results of Submitted Runs 1 - 4.

The integration of domain knowledge via MLM (RUN 2) hence provided language-dependent results,
indicating that the adaptation of MLM is not beneficial in all multilingual settings. Although there
was a marginal improvement in English, Spanish and Italian showed a more volatile response to MLM
pre-training. It seems that morphologically rich languages and small amounts of pre-training data lead
to different optimization spaces. The hyperparameter sensitivity analysis in Figure 5 illustrates that the
adaptation of MLM models demands more accurate hyperparameter tuning, as batch size, learning rate,
and weight decay all have non-monotonic relationships with F1 scores. Although the best settings lie
in very narrow ranges, namely: batch size 16-32, learning rate le-4 to 3e-4, and weight decay 0.08-0.09.
This highlights the significance of accurate hyperparameter tuning for domain adaptation. The Optuna
TPE sampler demonstrated strong convergence properties around trial 30-35 within our 50-trial budget,
validating the computational feasibility of the framework for shared task participation by avoiding grid
search.

The most interpretable findings of Figure 6 reveal the threshold optimization that is specific to
different languages. The decision boundaries that are chosen for reclamation detection are actually
dependent on the languages: for English, it is 0.58, for Spanish, it is 0.50, and for Italian, it is 0.42. The
range of difference is 16% and it is due to the diversity of languages in the context of culture-based
reclamation and to the distribution of model confidence scores that are determined by the characteristics
of training data. Consequently, English tweets that have more consistent reclamation markers produce
higher average confidence scores, and thus, require higher thresholds to keep the precision. On the
other hand, the Italian tweets that have dependent and more subtle cues in the context require lower
thresholds to find the true positives. The significance in computation and the absolute F1 gains that
are noticeable through this threshold refinement point out that a 0.5 default threshold assumption is a
violation of linguistic universality. To conclude, by analyzing the per-language test sets, the asymmetries
of the generalization patterns illustrated in the figure are revealed. The languages that have the highest
native reclamatory prevalence (Italian 24%) exhibit different precision-recall dynamics compared to the
low-prevalence languages such as English at 9%, where recall improvements are disproportionately
benefiting the low-prevalence cases where class imbalance is most pronounced.

The analysis of the 60 incorrectly classified samples and the final test results shown in Figure 7 not
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only emphasizes the linguistic and English-specific ambiguities but also suggests the social nature
of language and its complexity in communication as the problem. The English category has errors
primarily in the regions where the irony, hypothetical discourse, and theoretical discussion appear
to blend with the reclamation of the terms used for the stigma. Samples such as "Does this mean I
can start calling you a faggot?" (sarcasm asking for permission) and meta-textual discourse on the
reclamation term terminology (e.g., arguing whether "faggot” could be a form of self-affirmation in
various contexts) are properly classified as non-reclamatory but still, the system incorrectly classifies
them as reclamatory. The problem is with the model as it fails to distinguish between the two uses
that are covering "I'm gay and you’re a faggot" which is delivered in a sarcastic manner and the actual
reclamation. This is precisely what requires the knowledge of the speaker’s intent and the social context
that is more than the simple lexical word features. The Spanish language mistakes reveal different
failure modes of the system like its getting stuck in the race-reclaiming in activist contexts where slurs
are actually reclaimed just to take a stand against the heteronormative structures (e.g. "orgullosisimo de
ser un peazo maricon" representing pride in activist framing). The Italian errors, in contrast, are mainly
negative false where real reclamatory instances go unnoticed. Such cases contain the subtle cultural
markers of reclamation where the intimacy shown through slur usage among in-group members is
expressed (e.g. "sono pure ricchione. Bella sis" as solidarity acknowledgment). Likewise, the humor and
community bonding through slur appropriation (e.g. "i viaggi ricchioni" as casual community reference)
and self-descriptive pride assertions (e.g. "noi ricchione lavoratrici") that lack the explicit affirmative
markers the model learned to recognize.

The Italian false negatives reveal a strong correlation with low confidence scores (0.42) and this
means the model is not confident in its ability to detect Italian reclamatory patterns. These language
specific error modes highlight that reclamation detection in multilingual situations cannot be based on
uniform lexical or statistical patterns. English requires modeling of pragmatic context in order to filter
out sarcasm and hypothetical discourse. the Spanish case benefits from activist discourse framing. In the
Italian case, there is a need for explicit cultural knowledge about in-group solidarity and use of intimate
language. The current limitation of inputting only text raises the performance ceiling, particularly for
the Italian language, in which case non-linguistic cues (tone of voice, emoji sentiment, social relationship
indicators) would aid in the recognition of reclamatory intent. The system with language-specific
thresholds cannot yet overcome these representational limitations. These limitations include enhancing
the training data with marking annotations that distinguish sarcasm from reclamation in English,
embedding discourse context modeling for activist and political purposes in Spanish, and enhancing the
training data with discourse patterns of intimate communities for Italian. The errors are consistent and
systematic, the first grouping being according to the languages used and the second according to the
pragmatic functions. This presumes that for multilingual reclamation detection to be accurate, not only
the use of language aware models but also the understanding of reclamation through a pragmatically
informed and culturally grounded approach as different in linguistic communities is a necessity.

5. Conclusions

This paper put forward a multistep method for slur reclamation detection to be applied in different
linguistic environments. An effective training pipeline for the MultiPride shared task was constructed
by using dynamic sampling to address the class imbalance problem and by increasing the dataset with
back translation techniques. Testing has shown that the XLM-RoBERTa is a highly effective foundation
model but its performance varies a lot between languages, and the main reason is the cultural factor.
One significant finding is that a “universal” decision boundary is not appropriate for the multilingual
sentiment analysis. Adjusting the classification thresholds for each language resulted in a 2-5% im-
provement in F1 scores without incurring any extra computational costs. This implies that the models
do not possess the same level of certainty in all languages, with English requiring more stringent
thresholds to avoid false positives and Italian requiring less stringent thresholds to identify subtle cases
of reclamation. The framework illustrates that systematic treatments of data imbalance, cross-lingual
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variation identification, and domain knowledge application can lead to the development of robust
multilingual sentiment classifiers that are socially aware and relevant to such domains.

However, the error analysis indicates that the models based solely on text are not capable of adequately
understanding the pragmatic subtleties. The model tends to misidentify sarcasm as reclamation,
particularly in English, and the lack of identification of implicit solidarity in Italian. The use of domain
adaptation through MLM application led to only marginal improvements, requiring complex hyper-
parameter optimization and additional data. Future studies should aim to include features other than
text, such as emojis or user interaction graphs, to more accurately identify the social intent underlying
the language.

Declaration on Generative Al
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Abstract

In this report we presents the proposed approach of LlaNa team for the MultiPRIDE challenge at EVALITA 2026
campaign. We propose a robust fine-tuning pipeline based on XLM-RoBERTa for both Italian tasks A (textual)
and B (textual + user bio), enhanced by a targeted cross-lingual data augmentation strategy. By translating
reclamation instances from the auxiliary English and Spanish datasets into Italian, we successfully enriched
the minority class, enabling the model to learn reclamation patterns more effectively. The experimental results
demonstrate the effectiveness of the proposed data-centric strategy. The developed system won in subtask B1
reaching a macro F1 score equal to 0.9021, and placed at the 5th place in subtask Al with a score equal to 0.8835.

Keywords
LGBTQ+ Slurs Reclamation, Cross-Lingual Augmentation, Language Models

1. Warning

This paper contains examples of explicitly offensive content.

2. Introduction

The proliferation of hate speech on social media platforms has driven the Natural Language Processing
(NLP) community to develop increasingly sophisticated automatic detection systems. While significant
progress has been made in identifying toxic content, current state-of-the-art models often struggle
with the nuances of language use within marginalized communities [1]. A critical limitation of many
existing systems is their over-reliance on the presence of explicit slurs as a proxy for hate speech. This
approach fails to account for the linguistic phenomenon of reclamation (or re-appropriation), where
derogatory terms are repurposed by the target group, particularly the LGBTQ+ community, as markers
of self-identification, pride, and solidarity [2].

In accordance with the previous EVALITA campaigns, in which both generic Hate Speech Detection
(HaSpeeDe) [3] and Homotransphobia Detection (HODI) [4] challenges have been proposed in the
context of the Italian language, the MultiPRIDE challenge [1] aims to explore the recognizing of usage
of such slurs as reclamation terms and not as offensive one. The challenge is organized in two binary
tasks: tasks A is a Text-based Detection, while task B is Text-based Detection with Context. The corpus
consists of a multilingual dataset comprising tweets in three languages and the proposed subtasks are
categorized according to linguistic affiliation: Italian (subtasks A1 and B1), Spanish (subtasks A2 and
B2) and English (subtask A3). Data for task B adds the biography of the user (user bio) of the given
tweet, if available.

This paper describes the system developed by the LlaNa team for subtasks A1 and B1 of the MultiPRIDE
challenge in the context of the EVALITA 2026 campaign [5]. Our approach is grounded in a data-centric
philosophy: rather than relying on complex ensemble architectures, we focused on addressing the
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primary bottleneck of the task, the scarcity of positive reclamation samples. We propose a robust fine-
tuning pipeline based on XLM-RoBERTa [6], enhanced by a targeted cross-lingual data augmentation
strategy. By translating reclamation instances from the auxiliary English and Spanish datasets into
Italian, we successfully enriched the minority class, enabling the model to learn reclamation patterns
more effectively.

The proposed system reached the 1st place in subasks B1 and reaches the 5th place in subtask A1,
assessing the validity of the implemented approach.

This report is arranged as follows: Section 3 describes the proposed system along with data augmen-
tation process, while obtained results and related discussion are reported in Section 4 and 5. Concluding
remarks are in Section 6.

3. Description of the system

The MultiPRIDE dataset provided for subtasks Al and B1 consists of 1,086 Italian annotated tweets
for the presence of slurs used in a reclamatory manner. For the development phase, we performed a
train-test split using an 80-20 ratio, resulting in 818 and 218 samples, respectively.

3.1. Data pre-processing

We adopted a conservative pre-processing strategy to preserve the linguistic nuances typical of social
media communication. Although the provided dataset contained normalized tokens for user mentions
@USER and URLs URL, we retained these tokens as they appear in the distribution, without removal. This
decision diverges from standard approaches that strip such metadata: we hypothesize that interaction
patterns (mentions) may implicitly correlate with the context of reclamation. Regarding textual content,
we intentionally avoided lower-casing since it allows for a more accurate extraction of embeddings
for case sensitive Language Models (LMs), such as XLM-RoBERTa [6] which is pre-trained on cased
text. In addition, uppercase text conveys significant prosodic information and emotional intensity that
a lower-cased normalization would destroy. Similarly, emojis were preserved in their original form,
as they represent a fundamental component of online sentiment expression and may act as crucial
contextual cues in the context of slur usage.

Labels distribution
879

900 900 900
800 800 800
703 703
700 700 700
600 600 600
500 500 500
400 400 386 400
298
300 300 300
207

200 200 200
100 l 100 100

0 0 0

Label 0 Label 1 Label 0 Label 1 Label 0 Label 1
(a) (b) (©

Figure 1: (a) Original unbalanced labels distribution in the Italian dataset (b) Labels distribution of the final
dataset for subtask A1, using both English and Spanish dataset for augmentation (c) Labels distribution of the
final dataset for subtask B1, using only the Spanish dataset for augmentation.

The primary challenge of the provided training set was the significant class imbalance (Figure 1a).
The distribution featured a minority of positive samples (207 instances) compared to the negative ones
(879 instances). Training deep neural networks on such skewed data typically leads to models that
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overfit the majority class and fail to generalize on the phenomenon of interest. To address the data
scarcity and class imbalance, we implemented a targeted cross-lingual augmentation pipeline [7], as
shown in 2. Specifically, samples with a positive label, indicating the presence of reclamation, have
been extracted from both English and Spanish datasets of subtasks A2, A3 and B2, and then have been
machine-translated into Italian (Figure 1b). For subtask B1, the augmentation was restricted to the
Spanish dataset (B2) (Figure 1c). This procedure let to the creation of two different augmented dataset
for A1 and B1 tasks, where the latter had fewer positive samples to work with. Despite the resulted
scarcisity, the developed model will take more advantage from the additional context provided by the
user bio.

For the translation process, we selected the English-Italian and Spanish-Italian models from OPUS-MT
(8, 9]. The selection of these specific open-source models, as opposed to larger generative models
(LLMs), was a deliberate methodological choice, as we observed that the OPUS-MT models exhibit a
lower tendency to censor or euphemize offensive terms. This characteristic was crucial for our task: it
ensured that the translated tweets retained the explicit slurs necessary for the model to learn reclamation
patterns, rather than having them replaced with neutral synonyms or removed entirely by a safety
filter.

4 )

A2, A3 and
B2 data sets
(label 1)

tokenizer OPUTS-MT

N /

Augmented
dataset

IT_training

IT_dataset Split

IT validation

Figure 2: The proposed augmentation pipeline.

3.2. Network architecture

We employed a unique architecture for both tasks to evaluate whether the inclusion of context (user
bio) yields performance improvements using the same developed model. The backbone of our system is
XLM-RoBERTa-base [6, 10], selected for its state-of-the-art performance in multilingual settings and
robustness on social media text. After the pre-processing phase, input sequences have been padded
to a fixed length of 256 tokens. In the case of subtask B1, the input sequences are made up of the
concatenation of the tweet and the user bio. The embedding of the CLS token is extracted from the last
hidden layer of the encoder and fed into a custom classification head. This module consists of a dense
layer projecting the 768-dimensional embedding to a hidden size of 512, followed by a normalization
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layer and a ReLU activation function. To prevent overfitting, a dropout layer with a probability of 0.3 is
applied before the final dense binary classifier. An overview of the developed architecture is reported
in Figure 3.

3%

Tokenizer XLM-RoBERTa
) \Classifier
oLs - Beree
Embedding  pei )+
Dropout

Figure 3: Schema of the proposed architecture made up of a module for embedding extraction, a dense layer
with regularization followed by a binary classifier.

We trained both the LM and the dense layers on a workstation equipped with an AMD Ryzen 7
5800x CPU (32GB RAM) and an NVIDIA RTX 3060 GPU (12GB VRAM). To address the residual class
imbalance, not fully resolved by the augmentation strategy, we computed and applied class weights
within the loss function. The network has been optimized using AdamW [11] with a learning rate of
le-5 and a weight decay of 0.05. We used a batch size of 8 and a weighted Binary Cross Entropy [12] as
loss function. The fine-tuning process ran for a maximum of 8 epochs, employing an early stopping
mechanism with a patience of 4 epochs.

4. Results

We conducted a two-phase evaluation to assess the effectiveness of our proposed pipeline. During the
development phase, we evaluate the impact of the cross-lingual augmentation on our internal validation
set, while in the evaluation phase, the best developed models have been tested with the official test set.

We evaluated the performance of the developed model with our internal validation set for both
subtasks Al and B1, and obtained results are reported in Table 1. More specifically, we both tested the
impact of a simple training without data augmentation (w/o augmentation) and with the proposed data
augmentation strategy (w/ augmentation).

Table 1
Performances over our internal validation set (macro F1-score) for both subtasks with and without data augmen-
tation.

Strategy Subtask A1  Subtask B1
w/o augmentation 0.8817 0.9033
w/ augmentation 0.9131 0.9196
A (w/ — w/o) +0.0314 +0.0163

The experimental results demonstrate the effectiveness of the proposed data-centric strategy, and the
implemented cross-lingual augmentation pipeline proved decisive for both subtracks. We observed a
performance leap when training the models with the augmented data: the macro F1-score rose from
0.8817 to 0.9131 for subtask A1, and from 0.9033 to 0.9196 for subtask B1. This confirms that transferring
reclamation patterns from English and Spanish to Italian helps the model generalize better on the
minority class.

The comparison between subtask A1 and subtask B1 highlights the value of contextual feature. The
inclusion of the user bio in subtask B1 resulted in a further improvement which is more prominent
in the w/o augmentation pipeline, where an increment of 2.4% in the macro F1-score can be found.
On the contrary, the increase in the w/ augmentation pipeline is marginal (+0.7%). This suggests that
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the cross-lingual augmentation provides a robust enough representation of reclamation patterns to
partially compensate for the absence of explicit user profiling. Consequently, considering the superior
performance across both tasks, we selected the model trained with data augmentation as our model for
the blind evaluation.

The official evaluation on the held-out test set confirmed the robustness of our system, which places
above the baseline proposed by the author in both subtasks. In addition, the developed system reaches
the 5th place for subtask A1, while winning the competition in subtask B1. The results from Tables 2
and 3 show an macro F1-score equal to 0.8835 on subtask A1, and to 0.9021 on subtask B1, which are
consistent with those previously observed during the development phase. The highest performance
on subtask B1 validates our hypothesis according to which extralinguistic context like the user bio is
essential for disentangling reclamation instances, even on unseen data. More specifically, as well as the
training split of the dataset, the only difference in the test set from subtasks A1 to B1 is the contextual
field.

Table 2
Performances over the official test set for subtask A1. The official score for the final rank is reported in bold.

Class Precision Recall F1-score

0 0.9451 0.9709 0.9579
1 0.8617 0.7625 0.8091
Macro 0.9034 0.8667 0.8835

Baseline 0.8731

Table 3
Performances over the official test set for subtask B1. The official score for the final rank is reported in bold.

Class Precision Recall F1-score

0 0.9624 0.9624 0.9624

1 0.8417 0.8417 0.8417
Macro 0.9021 0.9021 0.9021
Baseline 0.8981

Analyzing the class-wise performance of the positive label, we achieved a precision of 0.86 but a
lower recall of 0.76 in subtask A1 (Table 2). Conversely, in subtask B1, the model achieved a more
balanced performance on the minority class (Table 2). This suggests that while textual features are
sufficient for high-precision detection, the user profile context is essential for recalling more subtle
instances of reclamation that might otherwise be ambiguous. The diverse class imbalance among
the two subtasks reinforce this assumption: since for subtask B1 we had fewer samples for the data
augmentation phase and the model had fewer samples to work with, the user bio resulted crucial for
performance improvement.

Finally, the system exhibited high robustness on the negative class, consistently achieving a macro
F1-scores above 0.95 across both subtasks.

5. Discussion

The obtained results highlights that the primary bottleneck of our model was the lack of a sufficient
samples with reclamation, rather than the architecture itself. However, despite the encouraging results,
the system is not infallible. As suggested by the organizers of the task, an error analysis was performed
particularly on the tweets that were misclassified by the model.

A direct inspection of the misclassified tweets reveals that errors often stem from complex contexts
where the boundary between offensive usage, reclamation, and mere reporting is blurred. A common
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pattern involves tweets where the slur is embedded in complex sentence structures that mix conflicting
sentiments (e.g. struggle vs. pride). Consider the following example:

“oscillo tra il volevo nascere etero e meno male che sono nato Igbt+ ed oggi piti che mai grazie
divinita egizie per avermi fatto r*cchione”

In this case, the user expresses a journey from internalized conflict to self-acceptance, using slurs in
a reclamatory manner. The model likely struggled to disentangle the initial negative sentiment “volevo
nascere etero” from the final reclamation “grazie... per avermi fatto...", misclassifying the intent.

A more subtle challenge is represented by tweets that contain slurs neither to offend nor to reclaim,
but to report their usage by others.

“Fedez, che voi avete decretato paladino dei diritti civili, ha ripetuto per 3 volte le parole fr*cio

* ok ok

e n**%o nelle storie Instagram, complimenti”

In this instance, slurs are used by the author to quote their usage from a public figure and the
overall tweet is a critique towards him and has an ironic tone. The classifier incorrectly flagged this as
reclamation because it detected the explicit terms without grasping the metalinguistic context.

6. Conclusion

In this paper we reported the architecture proposed by the LlaNa team for MultiPRIDE subtasks A1l
and B1 promoted at the EVALITA 2026 campaign. The developed system won the competition for
subtask B1 and reached the 5th place subtask Al. Our experimental results demonstrate that fine-tuning
a multilingual encoder (XLM-RoBERTa), when combined with a targeted cross-lingual translation
data augmentation strategy, achieves robust performance in correctly classifying the use of slurs in a
reclamatory manner. In particular, the comparison between the two subtasks highlights the importance
to leverage extralinguistic context. The usage of the user bio, as context, resulted in a more robust
classification performance, particularly in validating the generalization capabilities of developed model
on unseen data. In future works we will focus on the integration of more sophisticated translation
models that preserve prosodic features to better overcome issues related to data scarcisity.

Declaration on Generative Al

During the preparation of this work, the author(s) used Gemini 3 Pro in order to: Grammar and spelling
check, Paraphrase and reword. After using these tool(s)/service(s), the author(s) reviewed and edited
the content as needed and take(s) full responsibility for the publication’s content.
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Abstract

This paper describes our participation in the MultiPRIDE shared task at EVALITA 2026, which focuses on
the detection of reclaimed language within the LGBTQ+ community. The task aims to distinguish whether a
potentially offensive word is used with a reclaimed intent or with a not reclaimed one. Our system combines TF-IDF
features with logistic regression, achieving strong performance through the union of word and character n-grams
that capture both explicit terminology and morphological variation. We also experiment with transformer-based
models (AIBERTo), instruction-tuned language models (Qwen), and retrieval-augmented approaches to investigate
whether external knowledge can enhance classification. Our results show that sparse lexical features combined
with linear classifiers achieve very good performance (macro F1 = 0.8959 on the official test set). On the official
leaderboard, our constrained TF-IDF submissions ranked 2nd in Task A (text-only) and 5th in Task B (text+bio),
while our unconstrained retrieval-augmented runs ranked 20th in Task A and 8th in Task B. This highlights that
reclaimed language in Italian social media relies heavily on explicit lexical signals.
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EVALITA, Italian NLP, hate speech, reclaimed language

Content Warning: This paper contains examples of explicitly offensive content.

1. Introduction

Online social media has dramatically expanded opportunities for communication, but it has also fostered
the diffusion of hate speech. In particular, speech targeting sexual orientation, gender identity and
gender expression remains a serious issue for LGBTQ+ communities, affecting well-being and inclusion.
Despite progress in automatic hate speech detection, many challenges persist, especially the ones that
concern more subtle usage of not reclaimed terms.

A particularly complex phenomenon is reclaimed language which is when members of marginalized
groups reappropriate slurs and offensive terms, transforming them into expressions of identity, solidarity,
or resistance. This linguistic practice, also known as semantic reappropriation or requalification [1],
involves taking words that have historically been used as weapons of oppression and reclaiming them
as tools of empowerment. The same word, such as frocio, ricchione, or checca in Italian, can be deeply
offensive when used by outsiders to demean and marginalize, yet serve as a powerful expression
of pride and community belonging when used by LGBTQ+ individuals in self-reference or in-group
communication.

This duality poses a fundamental challenge for automated content moderation and hate speech
detection systems. Standard classifiers that treat offensive terms as uniformly harmful risk silencing
the very communities they aim to protect, censoring expressions of identity and solidarity while failing
to address genuine hate. Conversely, systems that ignore hateful uses may allow harmful content to
proliferate under the guise of community language. The distinction is not merely technical but carries
significant social and ethical implications for freedom of expression, community autonomy, and online
safety.

We address the task of classifying whether a textual instance uses a potentially offensive term with a
reclaimed intent or a non-reclaimed/derogatory intent. Detecting reclamation requires models that can
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capture not just lexical patterns but also pragmatic context, authorial intent, and the subtle markers of
in-group versus out-group language use.

The MultiPRIDE shared task frames this challenge as a binary text classification problem with two
subtasks: Task A processes only the message text x, while Task B additionally incorporates the author’s
user biography b when available. For each instance, systems must predict whether the text employs
potentially offensive terminology with a reclaimed intent (y=1) or with a not reclaimed intent (y=0).
Participants can adopt either a constrained setting (using only the provided training data and lexical
resources) or an unconstrained setting (allowing external annotated datasets). This structure enables
direct comparison between text-only and context-aware approaches, and between resource-limited and
resource-rich scenarios.

We proceed in five steps: (i) we perform a detailed lexical and length-based analysis of the dataset,
revealing systematic differences between reclaimed and non-reclaimed usage patterns, (ii) we implement
a baseline that combines TF-IDF features with a linear classifier, exploring word-level and character-level
representations, (iii) we consider other state-of-the-art models including transformer-based architectures
and instruction-tuned language models, (iv) we explore retrieval-augmented approaches that leverage
external knowledge from related hate speech corpora, and (v) we discuss error patterns and open
issues specific to reclaimed language detection, providing insights into the linguistic phenomena that
challenge automated classification.

Our main takeaway is that simple, interpretable models based on TF-IDF representations can achieve
high performance (macro F1 = 0.896) on the test set of this task. This result is particularly noteworthy
given the complexity of the phenomenon and suggests that reclaimed language in Italian social media
relies heavily on explicit lexical markers that sparse feature representations can capture effectively.

2. Background

Automatic detection of hate speech has been widely studied. Early and recent work explored multi-
faceted textual representations (e.g. embeddings, sentiment, topicality) for social media classification [2].
Transformer-based models and domain-specific embeddings further improve performance across differ-
ent benchmarks depending on the different tasks [3]. Beyond content-only methods, user-centric and
network-aware approaches analyze interaction patterns and graph structure to characterize hateful
users [4]. More recently, studies have specifically targeted homophobic and LGBTQ+-oriented hate,
underscoring the importance of contextual modeling for nuanced decisions [5].

The phenomenon of abusive versus non-abusive swearing has received particular attention in recent
years. Pamungkas et al. (2020) [6] highlighted the importance of distinguishing abusive from non-
abusive uses of swear words in social media, demonstrating that the same lexical form can serve
different communicative functions depending on context. They developed the SWAD (Swear Words
Abusiveness Dataset) corpus for English, where abusive swearing is manually annotated at the word
level, and showed that lexical, syntactic, and affective features are informative for automatic prediction
of swearing functions. Their work emphasized that swearing is multifaceted and often serves positive
social functions, including strengthening social bonds and improving conversation harmony, and
explicitly noted the importance of recognizing reclaimed uses of slurs by marginalized communities.
This line of research was further developed in their 2023 study [7], which provided a more comprehensive
investigation of the role of swear words in abusive language detection tasks.

Most recently, and directly relevant to our work, Draetta et al. (2024) [8] presented the first study
specifically addressing slur reappropriation detection in Italian. Using Large Language Models with
zero-shot prompting approaches on a filtered subset of the HODI dataset [9], they explored whether
instruction-tuned models could recognize reappropriative uses without supervised training. Their work
is particularly important for highlighting the linguistic and cultural specificity of reclaimed language
in Italian, where terms like frocio, frocia, ricchione, and checca undergo complex semantic shifts that
differ from English reclamation patterns. They developed detailed annotation guidelines distinguishing
friendly contexts, political reappropriation, and artistic uses, and found that even with carefully designed
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prompts, the best-performing LLM configuration achieved only macro F1 = 0.58. Their analysis revealed
moderate inter-annotator disagreement (Fleiss’ Kappa = 0.57), underscoring the inherent difficulty of the
task even for expert human annotators, and identified specific challenges such as the ambiguous status
of frocia (which emerged from an already-reappropriative context) and the difficulty of determining
speaker community membership from text alone.

However, the specific phenomenon of reclaimed language as a distinct detection task remains un-
derexplored in mainstream datasets and systems; distinguishing self-referential reappropriation from
not reclaimed usage is essential for fair and accurate moderation and analysis. The MultiPRIDE task is
designed precisely to address this gap [10, 11], providing datasets in multiple languages and promoting
the development of systems that can navigate this subtle distinction.

3. Data

The dataset provided consists of 1,086 Italian tweets, each associated with a binary label indicating
whether the text contains reclaimed or non-reclaimed language (1 and 0, respectively). For each
instance, we have access to the tweet text itself and, in approximately 92% of cases, also the author’s
short biography.

Split #Docs  Not Reclaimed  Reclaimed
Full 1,086 879 207
Train+Dev 868 703 165
Validation 218 176 42

Table 1
General statistics and stratified data split.

The dataset is imbalanced (approx. 1:4), with relatively short and homogeneous texts. Samples that use
reclaimed language are shorter with more explicit slurs while not-reclaimed instances (which include
both derogatory and neutral/argumentative discussions) tend to be longer and more discursive(see
Appendix A, Table A).

We divide the dataset into a stratified train_dev split (80%) and a validation set (20%). Stratifica-
tion preserved the 1:4 class ratio between reclaimed and not reclaimed examples. We adopt a five-fold
cross-validation protocol with out-of-fold (OOF) aggregation to assess robustness and minimize variance.

4. Task Description

The MultiPRIDE task is designed as a binary text classification problem: given an Italian social media
message r and, when available, a user biography b, the goal is to predict whether the text employs
potentially offensive terminology with a reclaimed intent (y=1) or an not reclaimed intent (y=0). This
differs from generic hate speech detection because it requires recognizing self-identification and irony.
The task offers two tasks: Task A processes only the message text x, while Task B combines text x with
biography b. For both tasks, participants can adopt either a constrained setting (using only the provided
training data) or an unconstrained setting (allowing external datasets). We normalize all texts through a
minimal pipeline: (1) lowercasing; (2) replacement of mentions and URLs with the placeholders <USER>
and <URL>; and (3) whitespace normalization. We deliberately preserve punctuation and emojis since
they often signal stance, irony, or emotional emphasis. For Task B (contextual setting), we concatenated
biographies to tweets as text [SEP] bio, allowing a single model to process both sources without a
separate encoder.
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5. Methodology

As a first baseline, we train various linear models based on TF-IDF features combined with Logistic
Regression. These approaches offer high interpretability and robustness. We test different lexical
granularities, capturing both word-level cues and subword patterns. All models employ class weighting
to mitigate the dataset imbalance, and their behavior can be directly interpreted in terms of the most
predictive lexical features. We report detailed parameter configurations in the Appendix B.

To benchmark more expressive encoder-only architectures, we fine-tuned the Italian BERT variant
AIBERTo (dbmdz/bert-base-italian-uncased) under two input configurations: (i) tweet text
only and (ii) tweet text concatenated with the author’s biography (using [SEP] as separator).

We fine-tune AIBERTo adopting stratified 5-fold cross-validation and a class-weighted objective to
mitigate imbalance. Full training hyperparameters are reported in Appendix B.

Text and biography were concatenated only when a non-empty biography was available:

input = text || [SEP] || bio.

We further evaluate two instruction-tuned generative models from the Qwen Instruct series, with
1.5B and 7B parameters, respectively. Both models were used exclusively via prompting, without any fine-
tuning, with the goal of assessing whether general-purpose LLMs can identify reclamation phenomena
through instruction following alone.

Specifically, the Qwen Instruct 1.5B model was employed for the text-only task, as this setting
primarily requires linguistic understanding and can be effectively addressed by a smaller-capacity model.
In contrast, the Qwen Instruct 7B model was adopted for the text + bio task, where the increased
informational complexity arising from the integration of biographies demands stronger representation
and reasoning capabilities, which are better supported by a larger model.

We evaluate Qwen Instruct models using a deterministic decoding setup to force binary outputs. The
prompts are specified in the Appendix C and, since the tweets are in Italian, the prompts are also in
Italian. Full inference settings are reported in Appendix B.

5.1. External Knowledge

To leverage external knowledge without supervised fine-tuning, we develop a retrieval-augmented
pipeline using the HODI Subtask A corpus [9] as external knowledge base. Our approach proceeds in
three stages: (i) a kNN label propagation baseline to assess direct label propagation trough retrieval of
nearest neighbours, (ii) a text retrieval mechanism that extracts contextual evidence rather than labels,
and (iii) a classification pipeline that combines retrieved context with the original features. All texts
undergo consistent preprocessing: lowercasing, entity masking (@user — <USER>, URL — <URL>),
and whitespace normalization.

kNN Label Propagation Baseline. We first evaluate direct label propagation via k-Nearest Neighbors

(kNN) with & = 3. Similarity is computed using TF-IDF cosine distance on normalized HODI texts.

Each test instance receives the majority label of its top-3 neighbors, weighted by cosine similarity.
This baseline yields macro F1 = 0.55 on validation but reveals critical limitations:

« Reclaimed recall = 0.26: amplifies HODI’s class imbalance.

« Many reclaimed instances are misclassified as not reclaimed because they share lexical cues
(especially slurs) with hate speech and this issue is not properly addressed by the HODI task
which targets a different objective.

Text Retrieval Mechanism. We address this limitation that emerges in the kNN approach by
retrieving textual evidence rather than labels through majority vote. For each input g, we again retrieve
top-k = 3 HODI instances via a dual TF-IDF encoder capturing lexical and morphological patterns.
Retriever design choices and parameterization are reported in Appendix B.
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We pre-compute TF-IDF for all HODI instances using word 1-2 grams and character 2—5 grams. Given
a test query, we build its TF-IDF vector with the same features and retrieve the top-k nearest neighbors
by cosine similarity. In addition to the retrieved textual context, we incorporate similarity-based signals
summarizing the composition and relevance of the retrieved neighborhood. Implementation details are
reported in Appendix B. We move from direct neighbor label transfer to a supervised classifier trained
on MultiPRIDE. For each MultiPRIDE instance, we retrieve the top-k most similar HODI texts in the
same TF-IDF space. Rather than copying HODI labels, we convert the retrieved neighborhood into
additional features and train a class-weighted Logistic Regression on MultiPRIDE train_dev labels.
Concretely, the final vector concatenates: (i) TF-IDF features of the original input (tweet, or tweet+bio),
(ii) TF-IDF features of a retrieved context obtained by concatenating (and truncating) the top-k HODI
texts, and (iii) retrieval statistics such as mean/max cosine similarity and a neighborhood-composition
signal. Full feature definitions and optimization details are reported in Appendix B.

6. Results

Table 2 summarizes cross-validation performance on train_dev (80%), while Table 3 shows results on
our internal validation set (20%). Official test set results provided by the task organizers are reported
in Section 6.2. For evaluation, we use Macro F1, Precision, and Recall, complemented by confusion
matrices.

6.1. Held-out Validation Set

Linear models built on TF-IDF representations provide strong and consistent baselines. Among the
variants tested, combining word- and character-level features yields the highest and most stable results.
Using both tweet text and biography slightly improves the out-of-fold (OOF) performance, reaching
a Macro F1 of 0.90 on average (Table 2). Notably, the purely lexical models perform remarkably well
despite their simplicity.

Macro F1 . .
Model (mean-std) OOF Confusion Matrix
TEXT: Word+Char WB 0.8853 = 0.0266 [S %]
TEXT+BIO (Word+Char WB, Char) 0.9037 =+ 0.0205 [693 19 ]
TEXT+BIO (word + Char WB, Char WB) 0.9037 + 0.0205 [693 19 ]
TEXT+BIO (Char, Char) 0.8769 = 0.0400 [60 13 ]

Table 2
Cross-validation (OOF, 5-fold) results on train_dev.

6.1.1. Validation Performance

Results on the validation set confirm the strong performance of lexical representations (Table 3). The
text-only TF-IDF union achieves the best Macro F1 (0.9565), outperforming the text+bio variant (0.9023),
which suggests that biography concatenation may introduce noise. AIBERTo reaches competitive but
lower scores (0.8751 text-only, 0.8502 text+bio), indicating that the limited dataset size may constrain
fine-tuning benefits. Qwen Instruct models perform significantly worse (0.1740 for 1.5B, 0.4304 for 7B),
confirming that zero-shot prompting alone cannot reliably capture reclamation phenomena. Finally,
retrieval variants improve over the kNN baseline (0.5461) but remain below internal TF-IDF models
(0.8949 text-only, 0.8725 text+bio), suggesting partial but incomplete alignment between HODI and
MultiPRIDE distributions.
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Model Macro Precision  Macro Recall Macro F1  Confusion Matrix

TF-IDF Word(1-2)+CharWB(2-5) TEXT only 0.9488 0.9648 0.9565 1;2 440
TF-IDF Word(1-2)+CharWB(2-5) + BIO(Char) 0.9548 0.8662 0.9023 11715 311
171 5]
AIBERTo (TEXT) 0.9003 0.8548 0.8751 11 31
170 6]
AIBERTo (TEXT+BIO) 0.8788 0.8282 0.8502 13 929
2 174
Qwen Instruct 1.5B (TEXT) 0.5972 0.5057 0.1740 0 42
69 107
Qwen Instruct 7B (TEXT+BIO) 0.5273 0.5413 0.4304 13 29
kNN Retrieval Only 0.5466 0.5457 0.5461 13416 :1))(1)
. 170 6]
TEXT ONLY + Retrieval 0.9025 0.8877 0.8949 8 34
, 172 4]
TEXT+BIO + Retrieval 0.9086 0.8458 0.8725 12 30
Table 3

Final results on the validation set (Macro averages).

6.2. Official Test Set Results

On the official leaderboard, our constrained TF-IDF submissions ranked 2nd in Task A (text-only)
and 5th in Task B (text+bio). In the unconstrained setting, our retrieval-augmented runs ranked
20th in Task A and 8th in Task B.

The evaluation reports released by the organisers include precision, recall, and F1 scores for each
class. For both tasks, the constrained setting uses TF-IDF features only, while the unconstrained setting
extends this configuration with a retrieval-augmented approach using the external HODI corpus.

6.2.1. Quantitative overview.

For Task A (text-only), the constrained system achieves a macro F1 of 0.8959, with very strong per-
formance on class 0 (F1 = 0.9609) and significantly lower performance on class 1 (F1 = 0.8309). The
unconstrained run shows a consistent drop in the reclaimed class (F1 = 0.7239) and in macro F1 (0.8306),
suggesting that adding HODI data introduces domain mismatch effects that predominantly harm the
reclaimed label. The same asymmetry holds in Task B (text+bio), although overall scores are higher. In
particular, the constrained run obtains a macro F1 of 0.8826 with an excellent F1 of 0.9590 on class 0 but
only 0.8063 on class 1. The unconstrained counterpart performs worse on the reclaimed class (F1 =
0.7769). Across both tasks, the model systematically achieves very high precision and recall for not
reclaimed instances, typically above 0.94 for both metrics, and substantially lower recall for reclaimed
instances. This indicates a pronounced bias toward the majority class, resulting in a high number of
false negatives and makes reclamation errors the most critical category.

6.2.2. Impact of constrained vs. unconstrained training.

In both tasks, the constrained systems outperform the unconstrained ones, especially on the reclaimed
class. While additional training data from HODI increases lexical variety, it introduces noise: many
HODI examples contain explicit slurs used non-reclaimedly, shifting the decision boundary toward
class 0 and decreasing the model’s sensitivity to reclaimed uses in the MultiPRIDE distribution. This
is particularly evident in the recall for class 1, which drops from 0.8129 (Task A constrained) to
0.6978 (Task A unconstrained), and from 0.7338 (Task B constrained) to 0.7266 (Task B unconstrained).
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Thus, constrained training appears more aligned with the annotation style and pragmatic subtleties of
MultiPRIDE.

7. Analysis of Retrieval Results

As reported in Table 3, the full retrieval pipeline substantially outperforms the kNN baseline, with
improved recall on the reclaimed class due to contextual disambiguation rather than biased label transfer.

To better understand how the retrieval behaves on specific instances, we examine three representative
cases where the retrieval either successfully disambiguates complex pragmatic contexts or fails due to
domain mismatch between the MultiPRIDE distribution and the external HODI corpus. These examples
illustrate both the potential advantages of textual contextualization over simple label voting and the
limitations imposed by distributional misalignment.

Semantic disambiguation : “@USER @USER @USER si sa che voi LGBT (froci non si puo dire)
ragionate col culo...”

(English: “@USER @USER @USER everyone knows that you LGBT (you’re not allowed to say ‘faggots’) think
with your ass..”)

This is a hateful tweet that uses the slur “froci” while simultaneously employing irony through the
parenthetical remark “froci non si puo dire” (“one cannot say faggots”), which mockingly references
political correctness norms. The speaker uses the offensive term while pretending to acknowledge that it
should not be used, adding a layer of sarcastic aggression. The text is correctly labeled as non-reclaimed
because it deploys the slur to demean LGBTQ+ individuals, not as an act of self-identification or in-group
solidarity. However, the meta-linguistic commentary (“non si puo dire”) and ironic framing make this
instance pragmatically complex. The pure kNN retrieval baseline identifies two out of three nearest
neighbors from HODI as hateful content and one as reclaimed content, leading it to correctly predict
the hateful label by majority voting. However, this decision relies on frequency patterns and does
not model the ironic nuance. In contrast, the retrieval classifier, beyond considering the 67% hateful
neighbors, also uses the semantic content of the 33% reclaimed neighbor to contextualize the irony and
confirm the hateful label more robustly.

Corpus misalignment : “Le persone trans non sono ideologia sono esseri umani...”
(English: “Trans people are not an ideology; they are human beings...”)

This text represents a neutral rights-based discourse defending transgender people, but it does not
contain reclaimed slurs, therefore it is correctly labeled as non-reclaimed. However, when the retriever
searches for similar texts in the external HODI corpus, it encounters a fundamental issue: HODI is a
homotransphobia detection dataset that predominantly contains hateful messages attacking LGBTQ+
individuals. The retriever matches on keywords like “trans” and “persone” (people), but the retrieved
HODI examples tend to express prejudice rather than support. This introduces misleading signals:
the original MultiPRIDE text is pro-LGBTQ+ and supportive, while the retrieved HODI context is
anti-LGBTQ+ and hateful. The root cause is distribution mismatch: HODI’s bias toward hateful content
means it cannot adequately represent MultiPRIDE’s non-reclaimed category, which includes both
hate and neutral rights-based discussions. This mismatch explains why the retrieval provides limited
improvement and can sometimes degrade performance.

Stylistic mismatch : “L’attivismo trans e #queer nasconde #sessuofobia...”
(English: “Trans and #queer activism hides #sexophobia...”)

The discourse originates from within the LGBTQ+ community itself and reflects internal debates
about political strategies, ideological positions, or priorities. While the text discusses LGBTQ+ topics
and may contain terminology associated with reclaimed language contexts, it is not using slurs in a
self-referential or reappropriative manner. Instead, it expresses critique in an argumentative register
that differs from external homophobic attacks. When the retriever searches for similar texts in the
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HODI corpus, it often retrieves generic slur-based hate speech from hostile outsiders. The problem is
that surface-level TF-IDF similarity focuses on lexical overlap (terms like “trans”, “queer”, “activism”)
while missing the pragmatic distinction between intra-community debate and out-group hostility. As a
result, the retrieved HODI contexts provide limited useful information and may even introduce noise.
This domain mismatch is amplified by HODI's skew toward external hate, whereas MultiPRIDE’s
non-reclaimed class also includes neutral discussions, political debates, and intra-community critiques,
explaining why the retrieval yields limited benefit despite its theoretical advantage over label-based
kNN voting.

8. Discussion

Word and character TF-IDF (with word boundaries) capture complementary evidence: word n-grams
encode explicit offensive terms and short expressions, while character n-grams capture morphological
variants and orthographic creativity. Their union achieves the best trade-off between precision and
recall and is remarkably stable across folds. Contrary to the initial hypothesis that biography could
help out, biographies can add self-identification cues but often introduce noise: they contain hashtags,
quotes, and political statements unrelated to reclamation. The observed drop from text-only to text+bio
on the test set demonstrates that a naive concatenation does not generalize. Selective conditioning, or
profile encoders, may leverage this information more effectively.

AIBERTo delivers consistent results and demonstrates its robustness for Italian classification, but it
remains slightly below the TF-IDF baseline. The dataset’s short and lexically explicit nature favors
sparse representations. Fine-tuning on limited data also risks overfitting despite class-weighted loss. As
a prompt-based alternative, the Qwen Instruct models underperform significantly (Macro-F1 0.17-0.43),
producing unstable outputs and invalid labels having a precision of 0.59. This highlights the difficulty of
using prompt-based inference alone for context-dependent linguistic phenomena such as reclamation.

The retrieval experiments confirm that naive retrieval from external sources can complement internal
features but must be carefully aligned. The kNN vote (0.5461 Macro-F1) alone is insufficient, but once
contextualized, recall on reclaimed uses improves. However, external content from HODI shows domain
mismatch and weak similarity (cosine scores mostly < 0.2). This partial alignment explains why retrieval
method increases recall but slightly decreases overall F1 relative to the text-only baseline.

Qualitative analysis. The following qualitative analysis refers to the official test set released
by the task organizers and is based on the errors produced by our constrained TF-IDF (text-only)
submission. A manual inspection of the 20 misclassified tweets provided by the task organizers reveals
recurrent pragmatic configurations that explain the systematic recall drop on class 1. Five tweets contain
reclaimed slurs embedded in aggressive, ironic or emotionally charged exchanges, where confrontational
polarity overrides reclamation cues. This pattern is observed, for instance, in tweets such as it_326 (“non
€ tanto per noi froci”; ”it’s not much for faggots”) and it_913 (“urlo frocio a tutti”; I shout faggot to
everybody”), where reclaimed terms occur within heated or sarcastic discourse. Five tweets reproduce
homophobic slurs by explicitly quoting them in order to criticise, parody or contextualise hate speech.
Examples include it_418, which reports “Semo tutti froci’("we are all faggots”), and it_112, where the
speaker refers to offensive remarks addressed to the LGBTQ+ community. The classifier fails to detect
the reported or meta-discursive stance and focuses on the surface presence of the slur. Three tweets
use reclaimed identity terms in low-marked self-descriptive contexts, where the term functions as bare
self-identification rather than as an explicit positive evaluation. For example, in it_524 (“frocia lo sono
pure i0”; ”I am also a faggot”) and it_815 (“frocie, fluide, queer”; “faggots, fluids, queer”), reclaimed
labels are used descriptively, leading the model to predict class 0. Four tweets instantiate dialogic
structures that require conversational context to interpret reclamation correctly. This includes direct
replies or mentions such as it_50 (“Avete paura di non potere piu picchiare e insultare i ‘froci’?” ; “Are
you scared you can no longer insult faggots and beat them up”) and it_986 (addressing @USER), where
speaker stance and pragmatic intent depend on preceding turns. Without conversation-level modelling,
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the system cannot capture reclamation emerging across turns. The combination of quantitative and
qualitative evidence suggests that the model is highly competent in detecting prototypical offensive
uses and that reclaimed uses are more heterogeneous and pragmatically marked, making them more
difficult to capture.

9. Conclusions

In this work we described our participation in the MultiPRIDE task at EVALITA 2026, focusing on the
detection of reclaimed language in Italian social media. Our experiments show that simple, interpretable
models based on TF-IDF features combined with linear classifiers can outperform more complex neural
architectures. These results highlight the strong role of explicit lexical cues in distinguishing reclaimed
from non-reclaimed uses within this domain specifically relevant to the Italian language.

The analysis further indicates that additional contextual signals, such as user biographies or external
retrieved examples, do not necessarily improve performance and may introduce noise when not carefully
integrated. A limitation of our comparison is that the two tasks were evaluated using different model
sizes, preventing a fully controlled assessment of the biographical context’s contribution. The systematic
error patterns observed across subtasks reveal the intrinsic difficulty of identifying reclaimed usage,
especially in cases involving quotation, mixed-polarity contexts, or pragmatically nuanced in-group
communication.

Declaration on Generative Al
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of this paper. The authors take full responsibility for the final content.
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A. Exploratory Analysis

Text length. Across all samples, the average message length is 35 tokens (SD 11.2) and 199 charac-
ters (SD 61). Texts labeled as 0 are generally longer (mean 36.8 tokens; 216 characters) compared to
those labeled as 1 (mean 22.5 tokens; 127 characters).

Characters Tokens
Label Mean SD Mean SD
0 216.2 51.6 36.8 9.2
1 127.3 67.0 225 118

Table 4
Average text length per class (characters and tokens).

The token-length histogram shows a mostly unimodal distribution with a clear mode between 35-45
tokens, and a short left tail.

70 A

Frequency
8

8

10 20 30 40 50
Tokens per text

Figure 1: Distribution of token lengths across texts in the dataset.

Token frequency analysis (after stopword removal) reveals domain-coherent terms such as trans,
transfobia, donne, diritti, Igbt, gay, together with placeholders like @USER and <URL>. Reclaimed
samples (1abel=1) contain higher frequencies of commonly offensive terms (frocio, froci, ricchione),
while offensive samples (1abel1=0) tend to include more discursive or argumentative language (e.g.,
diritti, transfobia, donne).

Minor artifacts were detected (URLs, @USER mentions, placeholders), but no duplicated texts or
IDs. A light normalization was applied: lowercasing, placeholder standardization (@USER, <URL>),
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and whitespace cleaning. All experiments used a fixed random seed (42) for stratification and cross-
validation.

B. Implementation Details and Hyperparameters.

B.1. TF-IDF and Linear Classifiers specifics.

Three complementary vectorizers were explored:

« Word-level TF-IDF: word n-grams (n={1, 2}), sublinear term frequency, smoothed IDF, and
min_df = 2, max_df = 0.9. This configuration captures both isolated slurs and short colloca-
tions.

« Character-level TF-IDF: two analyzers: (i) plain CHAR with n-grams of length 3-5, and (ii)
CHAR_WB (word-boundary aware) with n-grams 2-5. These extract subword patterns robust to
spelling variation, inflection, and creative obfuscation.

» Feature Union: concatenation of the Word(1-2) and Char_ WB(2-5) spaces, followed by a
class-weighted Logistic Regression.

B.2. AIBERTo Training Hyperparameters

The training hyperparameters defined in the official scripts were:

« Batch size: 16

« Learning rate: 2 x 107°

« Epochs: 3

+ Max sequence length:
— 160 for the text-only setting
— 200 for the text+bio setting

« Optimizer: AdamW (HuggingFace default)

+ Seed: 42

« Evaluation strategy: evaluation at every epoch
+ Loss: dynamically weighted cross-entropy

B.3. Qwen Inference Hyperparameters

The main hyperparameters used in the inference scripts were:

« Batch size: 8
« Max input length:

— 160 for text-only
— 200 for text+bio

+ Max new tokens: 2 (forcing the model to output only 0 or 1)

Decoding: deterministic (do_sample = false, temperature = 0.0)
+ Few-shot: random sampling of k labelled instances
B.4. Summary of Model Configurations
B.5. Logistic Regression Settings (Retrieval)
The classifier is trained with inverse-frequency class weighting, a regularization parameter C' = 1.0, a

maximum of 2000 iterations, and a linear optimization solver.
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Model Batch size LR Max length

AIBERTO (text) 16 2x107° 160
AIBERTo (text+bio) 16 2x107° 200
Qwen 1.5B (text) 8 — 160
Qwen 7B (text+bio) 8 — 200
Table 5
TF-IDF Retriever Configuration.
Component Parameters
Word n-grams (1-2), min_df=2, max_df=0.90, sublinear_tf
Char word-boundary  (2-5), min_df=2, sublinear_tf
Metric Cosine similarity
Truncation 300 characters per retrieved text

B.6. Retriever Configuration
B.7. Similarity-based Features (Retrieval)

Beyond the retrieved textual context, we extract additional similarity-based signals to summarize the
retrieved neighborhood. These include:

« the fraction of reclaimed instances among the top-k retrieved texts;
« the average cosine similarity between the query and retrieved instances;
+ the maximum cosine similarity observed in the neighborhood.

The final representation stacks multiple views:

[TF-IDF(text), TF-IDF(ctx_text), [ctx_pos_frac, ctx_sim_mean, ctx_sim_max]]

C. Prompts Used

Prompts for Qwen Instruct 1.5B (text-only).

Prompt:
Classifica il testo come 1 se contiene un uso riappropriato di termini LGBTQ+, oppure 0 se
non riappropriato. Rispondi solo con 0 o 1.

Prompt for Qwen Instruct 7B (text+bio).

Prompt:

Sei un classificatore per il task MultiPRIDE (italiano). Ricevi un testo e, se presente, la bio
del profilo (separata da [SEP]). Decidi se il termine & usato con riappropriazione (1) oppure
no (0). Rispondi solo con 0 oppure 1.
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Abstract

This paper describes the system developed for Task A of the MultiPride shared-task at EVALITA 2026. The task
focuses on the identification of reclaimed language used by the LGBTQ+ community, where potentially offensive
terms are reappropriated and used as expressions of identity and pride rather than discrimination. This task is
particularly challenging due to limited and imbalanced data, as well as the semantic ambiguity between reclaimed
and insulting language, where similar derogatory terms may appear in both labels. To address this problem, we
adopt a transfer learning approach based on the power of pre-trained multilingual language models. We fine-tune
the XLM-R and mDeBERTa models on a multilingual training dataset that combines three languages: English,
Italian, and Spanish. Additionally, we investigate the impact of data augmentation by comparing models trained
with and without augmented data. The experimental results demonstrate that our approach achieves competitive
performance compared with other baselines and methods in the overall MultiPride ranking.

Warning for Explicit Content: This paper contains examples of language that may be offensive, including slurs
and derogatory terms related to the LGBTQ+ community. These examples are included solely for the purpose of
scientific analysis.

Keywords
Multilingual NLP, Pre-trained Language Models, Text Classification, MultiPride

1. Introduction

The automatic detection of abusive, offensive, and discriminatory language has become an important
research topic in Natural Language Processing, particularly in the context of online platforms and social
media[1, 2]. Language used in these environments often reflects broader societal issues such as sexism,
homophobia, and discrimination against marginalized communities, motivating the development of
computational methods for identifying harmful content.

Among these challenges, language targeting the LGBTQ+ community[3] presents specific complexi-
ties. Members of the community are frequently subjected to hate speech and derogatory expressions,
which can reinforce social exclusion and discrimination. At the same time, LGBTQ+ speakers may
intentionally reappropriate slurs and offensive terms as reclaimed language, using them to express iden-
tity, solidarity, or pride. This phenomenon of reclamation has been widely discussed in sociolinguistic
literature[4] and highlights the importance of context and speaker intent in language interpretation.

From a computational perspective, reclaimed language poses a significant challenge for text clas-
sification systems. The same lexical items may appear in both insulting and self-referential contexts,
making it difficult to rely on surface-level features alone. Distinguishing between discriminatory and
reclaimed uses therefore requires models to capture contextual, semantic, and pragmatic information
beyond individual words(5, 6].

The MultiPride shared task at EVALITA 2026[7] directly addresses this problem by focusing on the
identification of reclaimed language related to the LGBTQ+ community. In Task A, systems are required
to distinguish between reclaimed and offensive uses of potentially derogatory expressions. The task
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involves multilingual data in English, Italian, and Spanish, and is characterized by limited training data
and class imbalance, further increasing the difficulty of the classification problem.

In this paper, we present the system developed for Task A of the MultiPride shared task. Our approach
is based on fine-tuning pre-trained transformer-based language models[8], which have demonstrated
strong performance across a wide range of Natural Language Processing tasks. Specifically, we employ
multilingual transformer models to leverage shared representations across languages and improve
generalization in low-resource settings. We experiment with XLM-RoBERTa-base[9] and mDeBERTa-
v3-base[10], training the models on a combined multilingual dataset and evaluating the impact of data
augmentation strategies[11].

2. Methodology

The experimental framework of this study is structured around two distinct experimental runs, both
utilizing the datasets described in Section 2.

« run-1: utilizes the augmented dataset containing synthetic examples to evaluate the impact of
data expansion

« run-2: serves as a baseline, trained exclusively on the original MultiPride dataset without
augmentation.

To address the classification task, this research employs the transformer-based architecture provided
by the Hugging Face ecosystem[12]. Transformer models are particularly suited for text classification
due to their self-attention mechanisms, which capture long-range contextual dependencies across
diverse linguistic structures. The selection of Hugging Face transformers ensures a robust, scalable,
and reproducible framework, leveraging state-of-the-art pretrained weights that have demonstrated
significant efficacy in cross-lingual transfer learning.

2.1. Models

The methodology incorporates two distinct pretrained models, selected for their specific architectural
strengths and suitability for the experimental objectives.

This study builds upon two pretrained Transformer-based architectures, RoOBERTa[13] and DeBERTa[14],
which differ primarily in how positional information is modeled within self-attention. RoOBERTa follows
a standard encoder-only Transformer design in which token embeddings and absolute positional embed-
dings are summed at the input layer and then passed through stacked self-attention and feed-forward
layers. In contrast, DeBERTa introduces a disentangled attention mechanism that represents content
and relative positional information separately, allowing them to interact explicitly within the attention
computation. By decoupling token semantics from positional encoding, DeBERTa provides a more
expressive mechanism for modeling word order and contextual relationships, motivating its inclusion
alongside RoBERTa for a comparative evaluation of positional modeling strategies.

To support a controlled comparison in the multilingual setting, we evaluate XLM-RoBERTa (XLM-
R)[9] and mDeBERTa-v3[10]—multilingual extensions of RoOBERTa and DeBERTa—under two indepen-
dent experimental runs. run-1 is conducted on the augmented dataset, while run-2 uses the original
MultiPride dataset. In each run, the two models are trained and evaluated in parallel, and a single
best-performing model is selected independently for that run based on validation performance, rather
than assuming consistent superiority of one architecture across data conditions. The model chosen in
run-1 is thus the one that empirically demonstrates greater robustness when exposed to augmented
data, potentially reflecting architectural properties that better accommodate increased diversity or noise.
Conversely, the model selected in run-2 is the one that more effectively captures the characteristics of
the original data distribution, favoring precise contextual or positional representations. Importantly,
these interpretations are grounded solely in observed validation outcomes, and architectural differences
are discussed only to contextualize empirical results, without imposing prior assumptions about model
advantage.
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Figure 1: Structural comparison between RoBERTa and DeBERTa. Unlike RoBERTa, which sums absolute
position and token embeddings at the input, DeBERTa processes content and relative positions independently
through a disentangled attention mechanism.

2.2. Fine-tuning Approach

To prepare for the training process, we processed raw textual data collected from social media through
a dedicated cleaning pipeline designed to remove noisy elements while preserving the contextual
information necessary for effective modeling. Specifically, we normalized URL links and user mentions
into placeholder tokens URL and @USER, respectively, while intentionally retaining hashtags in their
original form to preserve salient topical cues. An empirical analysis of the sequence length distribution
revealed that 95% of the samples contained fewer than 92 tokens; accordingly, we set the maximum
sequence length (MAX_LENGTH) to 128 tokens. This choice ensures coverage of the vast majority of
textual variations while maintaining computational efficiency.

To address the class imbalance (particularly in run-2), we implemented a custom error-penalization
mechanism based on a weighted loss function. We computed class weights from the label frequencies
using the compute_class_weight function from the scikit-Ilearn library[15], thereby assigning
greater importance to the minority class during optimization. In addition, we developed a custom
WeightedTrainer, inheriting from the Hugging Face Trainer, to replace the default loss function
with a Weighted Cross-Entropy Loss. This design explicitly encourages the model to learn more
discriminative features for the minority class while reducing its tendency to bias predictions toward
the. The loss function for a single sample is defined as:

Cc—-1
L==) wi-y;log(f) (1)
1=0

Where:

+ C: The total number of target classes, which is 2 for Task A (Reclaimed vs. Non-reclaimed).
+ y;: The ground truth binary indicator for class 7.
« ¢J;: The probability for class 7 predicted by the model (after the Softmax layer).
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+ wj: The penalty weight assigned to class ¢ to balance the gradient updates.

The class weights w; were computed using the inverse frequency method via the scikit-learn
library to ensure that the minority positive class receives higher importance during optimization:

N
C'TLZ‘

(2)

w; =
In this equation:

« N: Represents the total number of samples in the training set.
+ n;: Denotes the number of samples specifically belonging to class i.

We controlled the optimization process using a learning rate set to 2 x 10~°, combined with a cosine
decay learning rate schedule and a warm-up phase spanning the first 10% of the total training steps.
Besides, we applied a weight decay[16] coefficient of 0.01 to enhance generalization performance and
employed an early stopping mechanism with a patience of three epochs to prevent overfitting. We
selected the final model checkpoint based on the highest macro-averaged F1 score on the validation
set, as this metric represents the most appropriate and objective evaluation criterion for imbalanced
classification tasks.

3. Data Augmentation Strategy

The empirical basis for this study consists of the datasets provided by the MultiPRIDE task organizers
at EVALITA 2026. For Task A, which focuses on the classification of textual content, the provided
material comprises social media data—specifically microblogging posts—annotated for the presence of
reclamatory intent within the LGBTQ+ context.

While the primary data was originally distributed as language-specific subsets, a unified multilingual
approach was adopted for this research. All individual language datasets were concatenated into a
single corpus to facilitate the training of a robust multilingual model. This architectural decision was
motivated by the objective of leveraging cross-lingual transfer learning, allowing the model to develop
shared representations across different linguistic structures and cultural nuances associated with the
target phenomenon.

3.1. MultiPride Dataset

The MultiPride dataset serves as the core corpus for the experimental framework, consisting of merged
data from three languages: Italian, Spanish, and English. The dataset is characterized by a relatively
balanced distribution among these languages, ensuring that the model is not unduly biased toward a
single linguistic domain.

A significant feature of the dataset is the pronounced class imbalance[17] between the two target
labels. While the majority of instances belong to the negative class (non-reclamation), the positive
class (reclamation) is substantially underrepresented (see Table 1). Such an imbalance is representative
of real-world data distributions in social media monitoring, where specific linguistic phenomena like
reclamation occur with lower frequency than general discourse. This disparity presents a notable
challenge for supervised learning, as models may develop a bias toward the majority class without
specific intervention.

3.2. Synthetic Data

To address the limitations inherent in the original dataset distribution, particularly the sparsity of the
minority class, a synthetic data generation phase was implemented. Large Language Models (LLMs)[18]
were utilized to expand the training set through a few-shot prompting strategy[19]. We provided the
models with representative examples from the original MultiPride corpus, and the generation process
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Table 1
Distribution of samples in the MultiPride dataset

Split Non-reclaimed Reclaimed Total
Training 2,048 342 2,390
Validation 512 86 598

Total 2,560 428 2,988

End l

Original Dataset

Start

Concating

Few-shot prompting

l

LLMs [ SE——

)

/Augmented Data /

A

Conditions and
Qutput format

Figure 2: Workflow of the iterative data augmentation process using Few-shot prompting and Large Language
Models (LLMs)

E::)tlr?bition of samples in the MultiPRIDE dataset after data augmentation.
Split Non-reclaimed Reclaimed Total
Training (Augmented) 2,505 2,440 4,945
Validation 512 86 598
Total 3,017 2,526 5,543

ensured that the synthetic outputs maintained semantic and stylistic consistency with the source data -
the workflow is visualized in Figure 2.

Synthetic augmentation primarily targeted the underrepresented label 1 to mitigate class imbalance
and prevent majority-class bias. Furthermore, this strategy served to scale the training corpus for
more stable weight updates during fine-tuning while simultaneously diversifying linguistic contexts to
enhance model generalization on unseen instances. The use of advanced LLMs enabled the creation
of high-quality synthetic examples that accurately reflect the complex pragmatic nature of reclaimed
language, while preserving the overall distribution of the task’s domain[20].

Following this workflow, we applied the augmentation process to the MultiPRIDE dataset. First, we
performed data augmentation for each target language by prompting Large Language Models (LLMs)
to generate synthetic samples in .csv format. These generated files were then merged with our existing
training set, while the validation set remained untouched to ensure the integrity of the evaluation. The
final composition of the augmented dataset is presented in detail in Table 2:
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Table 3
Classification results across different languages and runs

Language Run F1(Class0) F1 (Class1) Macro F1

English (en)  run-1 0.9396 0.3214 0.6305
run-2 0.9402 0.2400 0.5901
Spanish (es) run-1 0.9312 0.5868 0.7590
run-2 0.9365 0.6049 0.7707
Italian (it) run-1 0.9396 0.7418 0.8407
run-2 0.9475 0.7704 0.8589

Table 4
Our results in MultiPRIDE Task A at EVALITA 2026 Final Ranking

Subtask Team Run Rank Macro F1
Ghavidel-Rajabi 1 1 0.8981
. MilaNLP 1 2 0.8959
A1 (ltalian) ;
Baseline 1 10 0.8731
NamDang (Ours) 2 12 0.8589
NamDang (Ours) 1 17 0.8407
The Hate Busters 2 0.7776
NamDang (Ours 2 2 0.7707
A2 (Spanish) & (Ours)
NamDang (Ours) 1 0.7590
Baseline 1 14 0.7000
Avahi 1 1 0.6416
SaFe T t 1 2 0.6329
A3 (Italian) are Tweets
NamDang (Ours) 1 3 0.6305
NamDang (Ours) 2 7 0.5901
Baseline 1 8 0.5760

4. Result

The system performance was evaluated through two official runs on the MultiPRIDE test set at EVALITA
2026. The objective of these experiments was to compare the generalization capabilities of different
Transformer architectures under the influence of data augmentation strategies versus training on the
original dataset. run-1 corresponds to a configuration using the microsoft/mdeberta-v3-base model,
which incorporates architectural enhancements and is trained on the augmented dataset. In contrast,
run-2 serves as a reference baseline, employing the multilingual xlm-roberta-base model trained directly
on the original dataset.

The experimental results are summarized using a macro-averaged F1 score, with the latter serving as
the primary evaluation metric for assessing classification performance on imbalanced datasets. Table
3 reports the detailed system performance across the three target languages (English, Spanish, and
Italian) for both runs. Overall, the system achieved its best performance on Italian, with the highest
macro-averaged F1 score reaching 0.8589 in run-2. Spanish ranked second, attaining a peak macro F1
score of 0.7707, also in run-2. In contrast, English proved to be the most challenging language for the
system, with macro F1 scores ranging only from 0.5901 to 0.6305 across the two runs. This performance
gap may reflect differences in contextual complexity or language-specific patterns in how reclaimed
language is used by LGBTQ+ communities on social media across different countries.

For English, run-1 yielded comparatively better results for the positive class and in terms of macro
F1, suggesting that the combination of data augmentation and the disentangled attention mechanism
of DeBERTa facilitated the learning of more diverse lexical variants. Conversely, for Spanish and
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Italian,run-2 consistently outperformed run-1 across all evaluation metrics. This observation may
indicate that, for these two languages, the original data distribution was sufficiently informative for XLM-
RoBERTa to exploit effectively, or that the data augmentation applied in run-1 may have inadvertently
introduced noise, leading to a degradation in local classification accuracy.

5. Discussion

Following the official evaluation phase, the organizing committee released detailed results for each
submitted run, along with an errors_lang.csv file for every language and subtask, containing 20 represen-
tative misclassified instances. These error files correspond to the best-performing run according to the
overall results. An in-depth inspection of these instances provides valuable insight into the underlying
causes of the model’s incorrect predictions. Based on the analysis of the error files across the three
languages, we identify several recurring patterns that highlight the system’s limitations.

For Italian and Spanish, the model errors primarily stem from the use of slur terms within socially
and politically complex contexts, where the boundary between attack and reclamation becomes blurred.
In Italian, the system struggles in particular with meta-discursive utterances, in which users quote
or explicitly discuss the use of slurs rather than directly targeting an individual or group, leading to
misinterpretation of the communicative intent. Moreover, highly polarized Pride-related contexts,
characterized by a dense concentration of sensitive terms employed with positive or empowering
meanings, tend to trigger default negative predictions due to the model’s over-reliance on surface-level
lexical cues. Similarly, in counter-speech against discrimination, users often deliberately reuse slur terms
to criticize oppressive behaviors; however, the model lacks the pragmatic depth required to distinguish
social critique from direct verbal abuse. In Spanish, the presence of hashtags such as #OrgulloLGTBI or
#Pride introduces additional noise, occasionally biasing the model toward positive labels even when
the surrounding content still contains strong or potentially offensive language. Furthermore, regional
variants and colloquial nuances of certain slurs are not sufficiently captured by the model, particularly
under the non-augmented training setting, resulting in systematic classification errors.

English is the language in which the model exhibits the weakest performance, largely due to the
widespread and culturally entrenched nature of reclaimed language, which creates extremely fragile
boundaries between offense and empowerment. In many instances, distinguishing between in-group
and out-group usage depends almost entirely on the speaker’s identity—an aspect that cannot be inferred
by a text-only model. Additionally, forms of dark humor, sarcasm, and self-directed irony are pervasive
in the data, leading the system to assign negative labels based solely on the presence of slur tokens,
while ignoring narrative structure and speaker stance. The polysemy of terms such as “queer”, which
may function as a positive academic or political identifier or as an insult in conservative contexts,
further exacerbates prediction instability and bias.

6. Conclusion

This paper reports our participation in Task A of the MultiPride shared task at EVALITA 2026, focusing
on the identification of reclaimed language within the LGBTQ+ community across English, Italian, and
Spanish. The system achieved its best performance (F1-macro) in Italian (0.8589) and Spanish (0.7707)
using a fine-tuned XLM-RoBERTa-base model trained on the original dataset, while for English the
highest score (0.6305) was obtained with mDeBERTa-v3-base enhanced by synthetic data augmentation,
highlighting the benefits of disentangled attention for capturing lexical diversity.

As future work, we aim to incorporate identity-aware modeling to better distinguish in-group from
out-group usage, a key limitation of text-only approaches. We also plan to explore contrastive learning
and external knowledge integration to address pragmatic phenomena such as sarcasm, self-directed
irony, and the polysemy of sensitive terms, as well as to enrich synthetic data with more culturally and
pragmatically complex contexts.

341



Declaration on Generative Al

In this work, Generative Al tools were used exclusively for linguistic clarity. The conceptualization,
data analysis, and conclusions remain the sole work of the authors, who accept full responsibility for
the manuscript’s content.

References

[1]

(2]

M. S. Jahan, M. Oussalah, A systematic review of hate speech automatic detection using natural
language processing, Neurocomput. 546 (2023). URL: https://doi.org/10.1016/j.neucom.2023.126232.
doi:10.1016/j.neucom.2023.126232.

A. Velankar, H. Patil, R. Joshi, A review of challenges in machine learning based automated hate
speech detection, 2022. URL: https://arxiv.org/abs/2209.05294. arXiv:2209.05294.

[3] J. G. Parmenter, R. V. Galliher, A. D. A. Maughan, An exploration of Igbtq+ community

[5]

[10]

[11]

[12]

[13]

members’ positive perceptions of lgbtq+ culture, The Counseling Psychologist 48 (2020)
1016-1047. URL: https://doi.org/10.1177/0011000020933188. doi:10.1177/0011000020933188.
arXiv:https://doi.org/10.1177/0011000020933188.

A. D. Galinsky, C. S. Wang, J. A. Whitson, E. M. Anicich, K. Hugenberg, G. V. Bo-
denhausen, The reappropriation of stigmatizing labels: The reciprocal relation-
ship between power and self-labeling, Psychological Science 24 (2013) 2020-2029.
URL: https://doi.org/10.1177/0956797613482943. d0i:10.1177/0956797613482943.
arXiv:https://doi.org/10.1177/0956797613482943, pMID: 23955354.

M. Melis, G. Lapesa, D. Assenmacher, A modular taxonomy for hate speech definitions and its
impact on zero-shot LLM classification performance, in: A. Calabrese, C. de Kock, D. Nozza,
F. M. Plaza-del Arco, Z. Talat, F. Vargas (Eds.), Proceedings of the The 9th Workshop on Online
Abuse and Harms (WOAH), Association for Computational Linguistics, Vienna, Austria, 2025, pp.
490-521. URL: https://aclanthology.org/2025.woah-1.45/.

M. Tonneau, D. Liu, N. Malhotra, S. A. Hale, S. P. Fraiberger, V. Orozco-Olvera, P. Rottger, Hateday:
Insights from a global hate speech dataset representative of a day on twitter, 2025. URL: https:
//arxiv.org/abs/2411.15462. arXiv:2411.15462.

C. Ferrando, L. Draetta, M. Madeddu, M. Sosto, V. Patti, P. Rosso, C. Bosco, J. Mata, E. Gualda,
Multipride at evalita 2026: Overview of the multilingual automatic detection of slur reclamation in
the lgbtq+ context task, in: Proceedings of the Ninth Evaluation Campaign of Natural Language
Processing and Speech Tools for Italian. Final Workshop (EVALITA 2026), CEUR.org, Bari, Italy,
2026.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, I. Polosukhin,
Attention is all you need, in: Neural Information Processing Systems, 2017. URL: https://api.
semanticscholar.org/CorpusID:13756489.

A. Conneau, K. Khandelwal, N. Goyal, V. Chaudhary, G. Wenzek, F. Guzmaén, E. Grave, M. Ott,
L. Zettlemoyer, V. Stoyanov, Unsupervised cross-lingual representation learning at scale, 2020.
URL: https://arxiv.org/abs/1911.02116. arXiv:1911.02116.

P. He, J. Gao, W. Chen, Debertav3: Improving deberta using electra-style pre-training
with gradient-disentangled embedding sharing, 2023. URL: https://arxiv.org/abs/2111.09543.
arXiv:2111.09543.

S.Y. Feng, V. Gangal, J. Wei, S. Chandar, S. Vosoughi, T. Mitamura, E. Hovy, A survey of data aug-
mentation approaches for nlp, 2021. URL: https://arxiv.org/abs/2105.03075. arXiv:2105.03075.
T. Wolf, L. Debut, V. Sanh, J. Chaumond, C. Delangue, A. Moi, P. Cistac, T. Rault, R. Louf, M. Fun-
towicz, J. Davison, S. Shleifer, P. von Platen, C. Ma, Y. Jernite, J. Plu, C. Xu, T. L. Scao, S. Gugger,
M. Drame, Q. Lhoest, A. M. Rush, Huggingface’s transformers: State-of-the-art natural language
processing, 2020. URL: https://arxiv.org/abs/1910.03771. arXiv:1910.03771.

Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen, O. Levy, M. Lewis, L. Zettlemoyer, V. Stoyanov,

342



[14]

[15]

[16]

[17]

Roberta: A robustly optimized bert pretraining approach, 2019. URL: https://arxiv.org/abs/1907.
11692. arXiv:1907.11692.

P. He, X. Liu, J. Gao, W. Chen, Deberta: Decoding-enhanced bert with disentangled attention, 2021.
URL: https://arxiv.org/abs/2006.03654. arXiv:2006.03654.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel, B. Thirion, O. Grisel, M. Blondel, A. Miiller,
J. Nothman, G. Louppe, P. Prettenhofer, R. Weiss, V. Dubourg, J. Vanderplas, A. Passos, D. Courna-
peau, M. Brucher, M. Perrot, Edouard Duchesnay, Scikit-learn: Machine learning in python, 2018.
URL: https://arxiv.org/abs/1201.0490. arXiv:1201.0490.

I. Loshchilov, F. Hutter, Decoupled weight decay regularization, 2019. URL: https://arxiv.org/abs/
1711.05101. arXiv:1711.05101.

S. Henning, W. Beluch, A. Fraser, A. Friedrich, A survey of methods for addressing class imbal-
ance in deep-learning based natural language processing, in: A. Vlachos, I. Augenstein (Eds.),
Proceedings of the 17th Conference of the European Chapter of the Association for Computational
Linguistics, Association for Computational Linguistics, Dubrovnik, Croatia, 2023, pp. 523-540.
URL: https://aclanthology.org/2023.eacl-main.38/. doi:10.18653/v1/2023.eacl-main. 38.

A. Matarazzo, R. Torlone, A survey on large language models with some insights on their capabili-
ties and limitations, 2025. URL: https://arxiv.org/abs/2501.04040. arXiv:2501.04040.

T. Schick, H. Schiitze, True few-shot learning with prompts—a real-world perspective, Transactions
of the Association for Computational Linguistics 10 (2022) 716-731. URL: https://doi.org/10.1162/
tacl a_00485.do0i:10.1162/tacl_a_ 00485.

B. Ding, C. Qin, R. Zhao, T. Luo, X. Li, G. Chen, W. Xia, J. Hu, A. T. Luu, S. Joty, Data augmentation
using large language models: Data perspectives, learning paradigms and challenges, 2024. URL:
https://arxiv.org/abs/2403.02990. arXiv:2403.02990.

343



CEUR-WS.org/Vol-4195/31.pdf

CEUR
E Workshop
Proceedings

published 2026-04-16

NetGuardAl at MultiPRIDE: Multilingual Detection of
Reclaimed Language

Noe Come Jacques LE POLLOTEC?!, Elena Simona APOSTOL*! and
Ciprian Octavian TRUICA 12T

'Computer Science and Engineering Department, Faculty of Automatic Control and Computers, National University of Science and
Technology Politehnica Bucharest, Splaiul Independentei 313, Bucharest, 060042, Romania

zAcademy of Romanian Scientists, llfov 3, Bucharest, 050044, Romania

Abstract

Online social media platforms have been widely recognized as environments for the rapid propagation of hate
speech targeting specific communities, which poses significant challenges for NLP systems. In particular, the
phenomenon of semantic reclamation complicates automatic moderation, as slurs may be used either offensively
or as expressions of identity and solidarity within marginalized groups. This paper describes the participation
of the NetGuardAlI team in the MultiPRIDE shared task at EVALITA 2026. The task focuses on distinguishing
between the hateful use of slurs and their “reclaimed” use by the LGBTQ+ community in Italian, English, and
Spanish. The core challenge is the significant class imbalance and the linguistic nuance required to separate
hate speech from self-identification. Our approach utilizes a multilingual DistilBERT model fine-tuned with a
weighted Cross-Entropy Loss. We participated in both Task A (Text-only) and Task B (Text + Biography). Our
best performance was achieved in Italian Task A, reaching a Macro F1-score of 0.854. The results highlight the
effectiveness of weighted loss for Italian, but also reveal challenges in cross-lingual generalization and low recall
for minority classes in English and Spanish.

Warning: This paper contains examples of explicitly offensive content.

Keywords
Hate Speech Detection, Reclaimed Language, DistilBERT, Multilingual NLP, Class Imbalance, EVALITA 2026

1. Introduction

Online hate speech detection often suffers from a critical bias, i.e., the inability to distinguish between a
slur used to attack and a slur used to self-identify (reclamation). This issue is particularly acute for the
LGBTQ+ community. According to the 2024 European Union Agency for Fundamental Rights (FRA)
survey [1], over 50% of LGBTQ+ respondents experienced hate-motivated harassment, a significant
increase from 2019. Similarly, reports from ILGA-Europe highlight that online platforms are increasingly
becoming vectors for normalized hate speech and disinformation campaigns.

The MultiPRIDE [2] shared task at EVALITA 2026 [3] addresses this problem by focusing on the
Multilingual Automatic Detection of Reclamation of Slurs. The goal is to identify whether a slur is used
aggressively or as an act of “reappropriation” and solidarity within the community. The challenge is
divided into two subtasks:

« Task A (Textual Content): Participants must classify the tweet as “Reclaimed” (Label 1) or “Not
Reclaimed/Hate” (Label 0) using only the provided textual content.

« Task B (Contextual Content): Participants may utilize the user’s profile biography (when
available) in addition to the tweet text to aid classification.

The submitted solutions are evaluated using the Macro F1-score computed over the binary labels.
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The core challenge of the MultiPRIDE dataset provided for this competition is the linguistic nuance
required to separate these classes, combined with a significant class imbalance where reclaimed examples
are the minority. Standard models often fail to capture the context required to understand if a slur is
being used affectionately by an in-group member or maliciously by an outsider.

In this paper, we present NetGuardAl, a Transformers-based solution to tackle the online hate
speech problem in the LGBTQ+ community. We address the task objectives by deploying a lightweight
transformer architecture (i.e., DistilBERT) optimized for imbalanced learning via cost-sensitive training.
We evaluate the impact of using only textual content (Task A) versus enriching the input with user
biographies (Task B).

The remainder of this paper is organized as follows: Section 2 reviews the state of the art in hate
speech detection. Section 3 details the methodology, including the DistilBERT architecture and weighted
loss strategy. Section 4 presents the exploratory data analysis, while Section 5 provides experimental
results and error analysis. Section 6 provides a critical discussion of our findings. Finally, Section 7
concludes the paper and outlines future work.

2. Related work

The task of detecting hate speech has evolved significantly in recent years. Early approaches relied
on lexicon-based methods and N-gram models. However, Davidson et al. [4] demonstrated that these
methods struggle with the contextual dependence of abusive language, often leading to high false-
positive rates when slurs are present but used non-offensively.

The advent of Transformers, introduced by Devlin et al. [5] with BERT (Bidirectional Encoder
Representations from Transformers), revolutionized the field. BERT utilizes a self-attention mechanism
to process words in relation to all other words in a sentence, capturing long-distance dependencies
crucial for understanding intent.

The current literature discusses a wide range of techniques and models for harmful content detection,
together with novel approaches aimed at mitigating its online diffusion. For harmful content detection,
methods employ different techniques, such as word embeddings [6], document-level representations [7],
transformer-based architectures [8, 9, 10, 11], ensembles or mixtures of transformers [12, 13, 14], as
well as large language models [15]. Some approaches that incorporate multimodal data representations
that leverage social context [16] and information propagation [17] manage to further improve detection
effectiveness. Research on network immunization introduces innovative strategies to limit the spread
of harmful content across social media platforms [18, 19, 20, 21, 22]. Furthermore, real-time systems for
identifying and counteracting the online diffusion of harmful content have been developed to protect
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