CEUR-WS.org/Vol-4038/paper_158.pdf

C

CEUR

Workshop
Proceedings

Multilingual Sexism Detection through Domain

Adaptation and Label-Augmented Translation
Notebook for the EXIST Lab at CLEF 2025

Sahrish Khan!, Arshad Jhumka? and Gabriele Pergola’

"Department of Computer Science, University of Warwick, Coventry CV4 7AL, UK
2School of Computing, University of Leeds, Leeds LS2 93T, UK

Abstract

Detecting sexism in online discourse presents persistent challenges for multilingual NLP systems, especially when
dealing with culturally specific expressions and subtle contextual cues. In our submission to the EXIST 2025 Task
1.1, we propose a pipeline that combines label-aware translation, domain-adaptive pre-training, and ensemble
learning to address these challenges. A central component of our system is a prompt-based Spanish-to-English
translation step, designed to preserve the tone and task-relevant semantics of the original message, selectively
incorporating label cues during training. This enables the use of high-performance monolingual models while
maintaining semantic fidelity across languages. We further adapt DeBERTa-v3-Large and RoBERTa-Large using
2 million unlabeled posts from the EDOS dataset and fine-tune them individually and in a fused configuration
(DTFN). Final predictions are generated via majority voting, with a tie-handling rule that improves robustness.
In the experimental assessment, our system achieved 4™ place in English and ranked in the top 10 across all
evaluation tracks.
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1. Introduction

Sexism or discrimination based on gender continues to manifest in diverse ways across online discourse.
In social media, sexist remarks can spread rapidly and take many forms, from casual stereotyping to overt
hostility [1]. Detecting such content reliably across languages and platforms remains a key challenge
in natural language processing (NLP), particularly when subtle contextual cues or culturally-specific
expressions are involved. Multilingual sexism detection presents an added layer of complexity: language-
specific expressions of bias can differ in tone, terminology, and structure. While large multilingual
models offer a direct solution, they often struggle to balance cross-lingual generalization with semantic
precision. Our system, submitted to EXIST 2025 Task 1.1, takes a different approach. We combine
domain-adaptive pre-training, label-aware translation, and ensemble learning to construct a pipeline
that preserves the semantics of bias-related content while maximizing classification robustness.

A central component of our pipeline is a prompt-based Spanish-to-English translation step. The
Large Language Model’s prompt for translation is carefully designed to preserve the tone and intent
of the original message and, when training labels are available, selectively incorporates task-relevant
cues aligned with the sexism taxonomy. This translation strategy therefore acts as augmentation
strategy and allows the models to operate fully within an English-language modeling space, taking
advantage of the wider development of monolingual neural models, while mitigating semantic drift. We
complement this approach with model-level adaptation and aggregation. Specifically, we domain-adapt
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DeBERTa-v3-Large and RoBERTa-Large using 2 million unlabeled tweets drawn from the Explainable
Detection of Online Sexism (EDOS) dataset [2], and fine-tune these models—individually and in a fused
configuration (DTEN) [3]. Final predictions are produced via ensemble learning, using majority voting
and a tie-handling rule to increase consistency across prediction variants. Together, the label-informed
translation design and ensemble-based decision mechanism enable strong cross-lingual performance
while maintaining conceptual and architectural clarity. Our system ranked 4" in English and achieved
top-10 scores across all tracks in the EXIST 2025 shared task.
The contributions of this work can be summarized as follows:

« We introduce a label-aware, prompt-based translation strategy that preserves semantics relevant
to sexism detection across languages.

+ We combine domain-adaptive pre-training with a majority-vote ensembling for robust multilingual
classification.

« We provide detailed empirical results and analysis on the EXIST 2025 benchmark, achieving high
rankings in all evaluation tracks.

2. Related Work

Detecting sexism in online content has become a growing focus in the NLP community, driven by the
widespread use of social media and the urgent need to mitigate harmful language. As interest in the
task has grown, a series of shared tasks have emerged to benchmark progress and foster collaboration
across the research community [4, 5, 6, 7, 8, 9, 10, 11]. A key initiative in this space is the EXIST shared
task, launched in 2021 as part of IberLEF. Running annually through 2024, EXIST has established itself
as a central benchmark for multilingual sexism detection, focusing on English and Spanish social media
content. The datasets span diverse platforms such as Gab and X (formerly Twitter), reflecting real-world
linguistic variation and user behavior [12, 13, 14].

Building on this foundation, other shared tasks have expanded the scope of the problem. SemEval-2022
introduced Task 5, Multimedia Automatic Misogyny Identification (MAMI), which explored multimodal
misogyny detection in memes, combining image and text analysis [15]. This was followed by SemEval-
2023’s Task 10, Explainable Detection of Online Sexism (EDOS), which emphasized explainability by
introducing fine-grained sexist categories, ranging from broad groupings to eleven specific subtypes.
EDOS also emphasized source diversity, drawing data from Reddit and Gab to challenge generalization
across platforms [2].

Although these tasks contributed valuable insights into modality and taxonomy expansion, the EXIST
2024 shared task returned its focus to multilingual detection, this time with greater methodological
variety and evaluation depth. In this edition, top-performing systems explored a diverse range of
strategies to address the challenges of multilingual sexism detection [16]. Several teams focused on
leveraging ensemble learning, combining outputs from transformer-based models such as DeBERTa,
RoBERTa, Mistral, and XLM-R, often enhanced through domain-adaptive pre-training [3, 17, 16].

In parallel, a growing number of studies explored translation-based approaches to better manage
multilingual input. By translating all content into a single language, researchers could apply monolingual
models across languages, thus simplifying the learning process [18, 19, 20]. Recent ensemble methods
include adaptive model selection, where systems dynamically choose which models to include based
on the input and confidence weighted fusion, which assigns weights to each model’s output based on
its predicted certainty. This kind of aggregation brings complementary perspectives together, helping
capture the varied and nuanced expressions of online sexism. Together, these strategies reflect a wider
trend in the field: towards flexible layered systems that integrate translation, ensemble learning, and
model tuning to better address the complexity of online sexism detection [5, 17, 21, 22, 3, 4, 23, 24, 25].

Our system adopts a focused and reproducible strategy for multilingual sexism detection. We unify
Spanish and English inputs through prompt-guided translation using GPT-4o0, carefully preserving tone
and domain-specific language. This allowed us to operate entirely within an English-language setup,
leveraging powerful monolingual models.
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Figure 1: Overview of our pipeline for sexism detection in the EXIST2025 Task 1.1. Spanish tweets are translated
to English using GPT-40 before fine-tuning. Models are initialized with domain-adaptive pre-training on 2M
unlabeled EDOS documents. Final predictions are generated via ensemble learning.

3. Pipeline Overview

To tackle multilingual sexism detection effectively, we designed a simple yet powerful pipeline built
around four key stages (Figure 1). First, we adapt transformer models to the particular style of online
messages through large-scale pre-training. Second, we unify the input space by translating all Spanish
tweets into English using GPT-40 and a task-aware prompt. Third, we fine-tune two high-performing
models—DeBERTa-v3-Large and our Dual-Transformer Fusion Network (DTEN) [3], on the labeled
dataset, Finally, we apply ensemble learning using majority voting to combine the predictions from
models.

These four stages are detailed in the following sections, covering pre-training, translation, model
design, and ensemble learning.

3.1. Domain-Adaptive Pre-training

As the initial step in our pipeline, we performed domain-adaptive pre-training on DeBERTa-v3-Large
and RoBERTa-Large using a large corpus of 2 million unlabeled posts from the EDOS dataset [2], which
includes user-generated content from platforms such as Gab and Reddit. These pre-trained models were
then used in the next stages of the pipeline: or as a standalone DeBERTa-v3-Large, or by combining
them, as in the case of DeBERTa-v3-Large and RoBERTa-Large combined into the Dual-Transformer
Fusion Network (DTFN), a dual-encoder architecture introduced and discussed in earlier work [3].

3.2. Label-Augmented Prompt-Based ES—EN Translation

To keep the the multilingual processing pipeline simple, rather than introducing dedicated components,
we translated all Spanish tweets into English using GPT-40 [26] and a carefully designed prompt.
This allowed us to work entirely within an English-language setup, enabling the use of monolingual
transformer models, such as DeBERTa-v3-Large and DTFN.This strategy was guided by both practical
considerations, as English transformer models are typically more robust and better optimized due to
pre-training on larger, more diverse corpora.

To ensure consistency, we applied the same translation approach and prompt uniformly across the
training, development, and test sets. For the training data, the label was selectively used to guide the
translation process, particularly to preserve task-relevant language and semantic cues associated with
sexism. However, for fair comparison and evaluation, at test time no label information was used during
translation.

The prompt was specifically crafted to preserve the tone and intent of each tweet. If the content was
sexist, GPT-40 was guided to retain that tone and, when appropriate, use terminology aligned with the
sexism typology (e.g., misogyny, objectification, mansplaining), aligned with the EDOS [2] taxonomy
(see Figure 2).
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= Translate the following Spanish tweet into English. The translation should sound like a
oy natural social media post (e.g., a tweet or comment). Preserve the tone and intent do

o O not soften or sanitize the language.

=  |f the tweet contains sexist language or intent, retain that tone and use terminology
from online sexism detection vocabularies (especially the EDOS dataset), such as:
misogyny, objectification, victim blaming, gender stereotyping, harassment, catcalling,
mansplaining, demeaning, belittling, or patronizing. Only use these terms when they
naturally fit the content.

= If the tweet is not sexist, just provide a fluent, natural translation.

Figure 2: Prompt used for GPT-40-based Spanish-to-English translation. The design encourages tone preservation
and selective incorporation of sexism-related terminology, aligned with the EDOS taxonomy [2].

3.3. Model Fine-tuning

Following domain-adaptive pre-training and translation, we fine-tuned DeBERTa-v3-Large and our
Dual-Transformer Fusion Network (DTFN) on the labeled dataset provided in EXIST 2025. The training
objective was to minimize the binary cross-entropy loss, formulated as:

N
L=< > lyilog(d) + (1~ yi) log(1 — 4,
=1

where N is the number of training samples, y; € {0, 1} is the ground-truth label for the i-th sample,
and §; € [0, 1] is the predicted probability of the sample being classified as sexist.

3.4. Ensemble Learning with Majority Voting

To further improve the consistency and variety of predictions, we employed a majority voting ensemble
over the best fine-tuned models. Specifically, we combined outputs from DeBERTa-v3-Large and DTFN.
As in our prior work [3], we adopted the same tie-handling rule, defaulting to the “sexist” label in
ambiguous cases.

4. Experimental Assessment

Dataset
Table 1
Distribution of Data for Task 1.1: Sexism Detection in the EXIST 2025 Dataset
Language Training Set Development Set Test Set
Eng]ish 3,260 489 978
Spanish 3,460 549 1,098
Both Languages 6,920 1,038 2,076

The experimental assessment was conducted on the EXIST 2025 Tweets Dataset, designed for Task 1.1
on sexism detection. The dataset comprises over 10,000 tweets in English and Spanish, each annotated
for binary classification, labeling posts as either sexist ("YES") or not sexist ("NO").

The dataset is split into three parts: training, development, and test sets. All models were trained
using gold-standard (hard) labels from both English and Spanish subsets in the training. The full
distribution of the dataset is summarized in Table 1.



Baselines

In the following, we briefly describe the baselines evaluated:

+ RoBERTa-Large [27]: An optimized variant of BERT that removes the Next Sentence Prediction
(NSP) objective and leverages larger training corpora and longer training durations.

« DeBERTa-V3-Large [28]: An advancement over BERT and RoBERTa that introduces a disen-
tangled attention mechanism and an enhanced masked language modeling objective, with strong
performance in low-resource or noisy data settings.

« DTFN (Dual-Transformer Fusion Network) [3]: Our previously proposed architecture that
integrates representations from both RoBERTa-Large and DeBERTa-V3-Large using a dual-
transformer fusion strategy.

We adopted the publicly available pre-trained versions of all models from the HuggingFace Transformers
library', and further performed domain-adaptive pre-training on 2 million unlabeled samples from the
EDOS dataset. These adapted models were then fine-tuned on the EXIST 2025 Task 1.1 dataset under
both baseline and translation-based setups.

Parameter Settings

For each model used in our experiments, we identified a set of optimal hyperparameters through
preliminary testing. The selected hyperparameters include the number of training epochs, learning rate
(n), batch size, and weight decay (A). Table 2 presents the optimal hyperparameters for each model.

Table 2
Best Hyperparameters per Model

Hyperparameter RoBERTa-Large DeBERTa-V3-Large DTFN

Number of Epochs 30 30 30
Learning Rate 6 x 106 6 x 1076 6 x 1076
Batch Size 16 16 4
Weight Decay 5x 1073 5x 1073 5x 1073

Evaluation Metrics

In Task 1.1 of EXIST 2025, system performance was evaluated using three official metrics: ICM-Hard,
ICM-Hard Norm, and F1-score. The ICM metric, introduced by Amigo and Delgado [29], is grounded in
information theory and quantifies the similarity between a system’s predictions and the gold-standard
labels. To account for class imbalance in the dataset, the organizers also reported a normalized variant,
ICM-Hard Norm, enabling fairer comparisons across systems. For all three metrics, higher scores
indicate better alignment with the reference annotations, with ICM-Hard Norm offering particular
robustness in uneven label distributions.

5. Results

5.1. Experimental Results on the Development set

We evaluated both individual model variants and ensemble configurations on the development set. As
shown in Table 3, our experiments involved DeBERTa-v3-Large and DTFN, each domain-adaptively
pre-trained on 2 million unlabeled tweets from the EDOS dataset (for 7 or 9 epochs) and subsequently
fine-tuned for 30 epochs on the labeled EXIST 2025 training set. These evaluations were conducted

'https://huggingface.co/
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under two setups: the baseline setting, which used the original bilingual data (English and Spanish
tweets), and the translation-based setting, where all Spanish tweets were first translated into English
using our GPT-40 prompt.

In the baseline setup (Index 1-4), models were fine-tuned on both language input. DTFN slightly
outperformed DeBERTa-v3-Large at 9 epochs (ICM-Hard: 0.6019 vs. 0.6012), while F1 scores remained
closely aligned. Ensembling these models resulted in a noticeable improvement (ICM-Hard: 0.6533, F1:
0.8800), illustrating the value of combining model representations even in a multilingual context. The
translation-based setup (Index 6-9) led to further performance gains. Notably, DTFN—pre-trained for
7 epochs and fine-tuned on translated Spanish tweets achieved strong standalone results (ICM-Hard:
0.6214, F1: 0.8736; see Index 8). The best overall scores were obtained by ensembling all translated
variants via majority voting (Index 10), reaching an ICM-Hard of 0.6864 and an F1 score of 0.8950.
These findings highlight the effectiveness of our lightweight multilingual strategy, achieving strong
performance without resorting to complex multilingual systems.

Table 3

Performance of individual models and ensemble variants on the development set under different pre-
training configurations (7 and 9 epochs on EDOS) and input settings (baseline vs. translated). All models
were fine-tuned for 30 epochs on the labeled EXIST 2025 training set. The best results were achieved by
ensembling DeBERTa-v3-Large and DTFN on translated inputs.

Index Model Pre-training ICM-Hard F1 Score
Baseline Models (English + Spanish)

1 DeBERTa-v3-large 7 0.6012 0.8671
2 DeBERTa-v3-large 9 0.5977 0.8660
3 DTFN 7 0.5910 0.8638
4 DTFN 9 0.6019 0.8672
5 Ensemble Learning - 0.6533 0.8800
Translation Models (ES — EN)

6 DeBERTa-v3-large (TR) 7 0.6108 0.8703
7 DeBERTa-v3-large (TR) 9 0.5864 0.8618
8 DTFN (TR) 7 0.6214 0.8736
9 DTEN (TR) 9 0.6078 0.8693
10 Ensemble Learning - 0.6864 0.8950

5.2. Results of the Official Leaderboard

Table 4 presents our official results on the EXIST 2025 Task 1.1 test set, as submitted under the team
name EquityExplorer-2.0. We submitted two system variants for each language-specific and multilingual
evaluation track.

In Run 1, we used our translation-based setup: all Spanish tweets were first translated into English
using our GPT-40 prompt, and models were trained on this unified English dataset. In Run 2, we
submitted results from our baseline configuration, where models were trained on the original bilingual
data (English + Spanish).

Across both runs, our system achieved strong, consistent performance. In the English-only track,
Run 1 ranked 4™ out of 158 teams with an ICM-Hard score of 0.6018 and an F1 score of 0.7685. Even
in Run 2, without translation, our model remained in the top 10 (Sth/ 158), demonstrating the strength
of our pre-training and ensemble components. In the Spanish track, performance was slightly lower
but still competitive. Run 1 achieved an ICM-Hard of 0.5490 and ranked 24"/153, while Run 2 slightly
improved in F1 score (0.7967) and ranked 21"

For the combined multilingual track, our translation-based pipeline (Run 1) outperformed the baseline,
placing 10" out of 160 teams with an ICM-Hard of 0.5806 and an F1 score of 0.7837. The baseline
configuration (Run 2), which trained directly on English and Spanish tweets without translation, also



Table 4

Official results on the test set for EXIST 2025 Task 1.1 (Sexism Detection). Performance across English,
Spanish, and combined multilingual tracks under two configurations: Run 1 (translation-based ES—EN
pipeline) and Run 2 (baseline bilingual input). The best overall results were achieved using the translation-
based setup in Run 1.

Evaluation Language Team (EquityExplorer-2.0) 1CM-Hard ICM-Hard Norm F1 Rank

Hard-Hard English Run 1 0.6018 0.8071 0.7685 4'h/158
Hard-Hard English Run 2 0.5884 0.8003 0.7638  8th/158
Hard-Hard Spanish Run 1 0.5490 0.7746 0.7949  24*h/153
Hard-Hard Spanish Run 2 0.5553 0.7777 0.7967 21'"/153
Hard-Hard Both Run 1 0.5806 0.7918 0.7837  10™"/160
Hard-Hard Both Run 2 0.5779 0.7904 0.7827  13*"/160

performed competitively—ranking 13 with an ICM-Hard of 0.5779 and F1 score of 0.7827. This small
performance gap further reinforces the effectiveness of our prompt-based ES—EN translation strategy
in multilingual settings.

6. Conclusion

In this paper, we introduced a compact yet effective system for multilingual sexism detection in the
EXIST 2025 shared task 1.1. Our approach combines domain adaptive pre-training, prompt-based
GPT-4o translation, and lightweight ensemble learning, all designed to maximize performance while
keeping the pipeline simple and reproducible.

By translating Spanish tweets into English using a carefully crafted prompt, we were able to work
within an English-only setup and apply monolingual transformers effectively. We fine-tuned DeBERTa-
v3-Large and our previously proposed DTEN, and combined their predictions through majority voting
with a simple tie-handling rule.

This minimal design achieved competitive results across all language tracks, including 4 place in
English and top-10 rankings overall. Our findings reinforce that thoughtful reuse of existing components
combined with strategic translation and fine-tuning can match or even exceed the performance of more
complex architectures in real world tasks like online sexism detection.

In future work, we aim to explore more adaptive translation strategies, and investigate the model’s
behavior on emerging forms of online bias.
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