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Abstract

This paper presents two computationally efficient approaches that require limited training resources to tackle the
tasks proposed in the WomenHelp 2026 shared task: Classification of Gender-Based Violence Reports to Support
Threatened Women in Northern Mexico. Specifically, we address (i) the classification of the severity level of violence
in judicial reports and (ii) the identification of the types of violence described in these reports, while prioritizing
efficiency and simplicity over large-scale architectures.

For the first subtask, we propose a Mixture of Experts architecture that leverages sentence transformer
representations from models trained on diverse domains, combined with a CORN (Conditional Ordinal Regression
for Neural Networks) loss to capture the ordinal nature of violence severity. Despite its simplicity and low
computational cost, our approach achieves a micro-F1 score of 0.59 and a macro-F1 score of 0.57 in the blind test
set, remaining competitive with more complex alternatives.

For the second subtask, we introduce an efficient soft-label multi-label classification model based on a
ModernBERT encoder pretrained on Spanish and English corpora. The model incorporates a label-wise attention
mechanism with independent outputs per label and is trained using a composite loss function that combines
binary cross-entropy with Jensen—-Shannon divergence. Without relying on large-scale or heavily engineered
architectures, this approach achieves a macro-F1 of 0.79, micro-F1 of 0.87, weighted F1 of 0.87, and a Hamming
loss of 0.07, demonstrating strong performance relative to more resource-intensive methods.

Keywords
Violence against women, Mixture of experts, Ordinal classification, Label-wise attention, Sentence transformers,
ModernBERT

1. Introduction

Violence against women is a pervasive social problem with a significant impact across diverse cultural
and geographical contexts. Its manifestations extend beyond physical aggression to include psychologi-
cal, sexual, economic, and other forms of abuse, which often co-occur and vary in intensity, undermining
the well-being, autonomy, and safety of victims.

In our specific setting, these manifestations are documented through narrative reports generated
during legal and support processes related to gender-based violence in northern Mexico. These reports
reflect both the severity and the nature of the violence experienced. In this context, the automatic
analysis of such textual data has the potential to support early detection, prioritization, and intervention.

However, the automatic analysis of these reports presents several challenges. First, the narratives
are linguistically rich and heterogeneous, combining formal descriptions with colloquial expressions
and region-specific variations. Second, the classification tasks themselves involve nuanced distinctions:
severity levels follow an inherent ordinal structure, while types of violence require multi-label cat-
egorization with potentially overlapping classes. These characteristics call for models that are both
sensitive to semantic subtleties and capable of handling structured prediction settings.
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It is within this context that the WomenHelp 2026 shared task [1], Classification of Gender-Based
Violence Reports to Support Threatened Women in Northern Mexico, is proposed as part of IberLEF Forum
[2]. The task focuses on the classification of reports on violence against women through two subtasks:
(i) the ordinal classification of violence severity, and (ii) the identification of the types of violence,
independently of their severity.

To this end, the organizers provide two datasets. The first consists of 21,257 reports annotated with
an ordinal label ranging from 0 (Mild) to 3 (Severe). The second dataset contains 6,057 reports annotated
with one or more of the following categories: Economic, Physical, Patrimonial, Psychological, Sexual,
Vicarious, and N/A. Each report has been labeled by three human annotators, and the level of agreement
among them is provided as a percentage.

Following the competition protocol, both datasets are split into three random partitions with the
same proportions: Training (56%), Development (14%), and Test (30%).

2. Related work

Previous editions of IberLEF have included shared tasks addressing harmful content. For instance,
the HOMO-MEX task [3], introduced in 2023, focused on polarity detection in messages directed at
the LGBTQ+ community in Mexico, and was later extended to 19 Latin American countries in 2025
as HOMO-LAT [4]. Additionally, the DETESTS-DIS shared task [5] addressed the detection of racist
content in journalistic articles. More closely related to violence against women, the MiSonGyny shared
task [6], part of IberLEF 2025, focused on the detection of misogynistic content in song lyrics.

Across these tasks, transformer-based architectures have become the dominant approach [7]. More
recently, with the rise of large language models (LLMs), approaches leveraging models such as Qwen3-
14B [8] and LLaMA-3.1-8B through instruction tuning [9] have also been explored. In parallel, ensemble-
based methods combining multiple pretrained models have shown strong performance, as demonstrated
by Esteban Montesinos-Céanovas et al. [10], and constitute a key source of inspiration for our work.
Within this line, Mixture of Experts (MoE) approaches [11] are particularly appealing, as they offer a
flexible trade-off between performance and computational efficiency.

Beyond IberLEF, prior work on violence-related text classification spans a wide range of methodologies.
Earlier approaches rely on traditional text representations such as TF-IDF combined with classical
machine learning algorithms [12], while more recent studies leverage LLMs to extract features from
legal texts, for example in Italian [13].

Focusing on ordinal classification, a variety of approaches have been proposed, including the com-
bination of classification models with post-processing regression methods [14], fuzzy rule learning
algorithms based on sequential covering strategies [15], and methods that reduce ordinal regression to
a set of binary classification tasks [16, 17].

For multi-label classification with soft labels, particularly in settings where annotations reflect
annotator agreement, label distribution learning approaches [18] have been shown to be effective.
Additionally, methods that explicitly model correlations among labels [19] are especially relevant in
scenarios with overlapping categories.

However, many of these approaches rely either on large-scale models or computationally intensive
architectures. In contrast, we propose lightweight yet competitive solutions for both subtasks. For
the first subtask, we introduce a Mixture of Experts model based on pretrained sentence transformers,
combined with a Conditional Ordinal Regression for Neural Networks (CORN) framework to effectively
model the ordinal nature of the target labels. For the second subtask, we propose a label-wise architecture
built on top of a ModernBERT model pretrained in both English and Spanish [20] without requiring
additional fine-tuning, which explicitly captures relationships among labels and is trained using a
composite loss function that combines binary cross-entropy with Jensen—-Shannon divergence to
account for annotator variability.



3. System description

3.1. Subtask 1: system description

For the ordinal severity classification subtask, we propose a training-efficient Mixture of Experts (MoE)
architecture that combines representations extracted from multiple pretrained sentence-transformer
models.

Figure 1 presents an overview of the proposed Mixture of Experts architecture for ordinal severity
classification.
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Figure 1: Overview of the proposed MoE architecture. The model combines multiple pretrained embeddings
through expert networks and a routing mechanism, followed by CORN-based ordinal prediction and a residual
global branch.

3.1.1. Input data

To train the model, we leverage a diverse set of pretrained embedding models, each contributing
representations with different dimensionalities.

Model Dimensionality
intfloat/multilingual-e5-base [21] 768
BAAI/bge-m3 [22] 1,024
sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2 [23] 384
hiiamsid/sentence_similarity_spanish_es [23] 768
sentence-transformers/distiluse-base-multilingual-cased-v2 [23] 512
sentence-transformers/LaBSE [24] 768
sentence-transformers/embeddinggemma-300m-medical 768
sentence-transformers/allenai-specter [25] 768
Tuiaia/bert-base-multilingual-cased-impact-intensity [23] 768
BSC-LT/ModernBERT [20] 768

Table 1
Pretrained embedding models used in our Mixture of Experts architecture and their corresponding feature
dimensionality.

This diversity of representations allows the Mixture of Experts architecture to capture complementary
semantic signals across domains, languages, and training objectives, improving robustness and overall
performance while maintaining a lightweight design.

3.1.2. Internal train/validation split

To construct the training and evaluation splits, from the 13,631 train reports, we adopt a group-
aware stratification strategy based on semantic similarity between samples. First, for each pretrained
embedding model, we obtain a representation matrix X e RN*dn where N is the number of samples



and d,, the embedding dimensionality. Each representation is L2-normalized:
(m)

xm_ X

max(|X;".)

where € is a small constant for numerical stability. Then, dimensionality reduction is applied indepen-
dently to each embedding space using Principal Component Analysis (PCA), yielding X(m) e RN*k
The reduced representations are fused by averaging across models:

M
1 N
Xfused = ]\_/[ E X(m),

followed by a final L2 normalization step.
To enforce structurally consistent splits, we cluster the fused representations using MiniBatch K-
Means. Given Xg,¢ed, We obtain cluster assignments:
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where p, are the cluster centroids and K is set to max(50, [N /20]). These cluster labels define groups
that are used within a Stratified Group K-Fold splitting procedure, ensuring that samples belonging to
the same cluster are not split across folds while preserving the label distribution. In our setting, this
results in 680 groups, with an average size of 20.04 samples (median: 17, maximum: 74), providing a
balanced trade-off between diversity and structural coherence across splits.

3.1.3. Mixture of Experts

Let x, € R% denote the embedding produced by the e-th encoder. Each embedding is regularized via
Gaussian noise and dropout, and projected into a shared space:

pe = LN(c(W%, +b,)),

where X, denotes the regularized input. The projected representations are processed by expert networks
f.() to obtain feature vectors h, = f,(p,). A router takes the concatenated projections and produces
label-wise gating weights:

exp(a, )
ge,t: E—e’ a= r([Pl:’pE]),
Zj:l eXp(aj,t)

which are used to compute threshold-specific mixtures:

E
m; = Z ge,the‘

e=1

The mixture representations are passed through a CORN head to obtain ordinal logits, while a global
branch processes the concatenated inputs. Their contributions are combined through a learnable gate
a = 0(Aaw):

y = A(vec(M);q;abl),  y € R,

To prevent expert collapse, we include a load-balancing regularization term:

2
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3.1.4. CORN loss

To model the ordinal nature of the severity labels, we employ the Conditional Ordinal Regression for
Neural Networks (CORN) loss, which decomposes the ordinal classification problem with K classes
into K — 1 ordered binary classification tasks. Given a ground-truth label y; € {0, ..., K — 1} and model
logits z; € RK~1, each component z; . represents the logit associated with the conditional probability
P(y; > k | y; > k — 1). For each threshold k, the training set is filtered to include only samples satisfying
¥ >k — 1, and binary labels are defined as:

yi(k) =1(y; > k),

where I(-) is the indicator function. The loss is then computed as a weighted binary cross-entropy over
all valid thresholds:

K-2 (k)
2k=0 Jies, Wi tBcE( s Zik)
K-2
k=0 Zieé’kwi
where 8, = {i | y; > k — 1} denotes the subset of samples considered at threshold k, w; are optional
sample weights, and fgcg is the sigmoid binary cross-entropy loss. This formulation ensures that
the ordinal structure is respected by enforcing a sequence of conditional decisions, while implicitly

encouraging monotonicity in the predicted probabilities across thresholds. The use of sample weights
further allows handling class imbalance and varying importance across samples.

ZCoRN =

5

3.1.5. Implementation details

The proposed model is implemented in TensorFlow and trained for 50 epochs using the Adam optimizer
with an initial learning rate of 1 x 107, A learning rate decay strategy is applied, reducing the learning
rate by a factor of 0.9 after every five epochs without improvement in the training loss.

All experiments are conducted on a machine equipped with 4 vCPU cores (Intel Xeon 2.20 GHz) and
32 GB of RAM. The proposed Mixture of Experts architecture contains 509,160 trainable parameters
and is trained using a batch size of 64, achieving an average training time of 23 ms per step.

The generation of the input embeddings constitutes the most computationally demanding stage of
the pipeline, requiring an average of 1.36 seconds per batch. Despite relying on multiple pretrained
encoders, the overall approach remains computationally efficient and can be trained using modest
hardware resources.

3.2. Subtask 2: system description

For the violence type classification subtask, we propose an architecture built upon embeddings generated
by ModernBERT[20], comprising a transformer layer and a combination of global and label-wise
attention features, together with label-specific heads and a unified output layer.

Figure 2 presents an overview of the proposed architecture for multilabel classification.
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Figure 2: Overview of the proposed Multilabel classifier architecture for types of violence classification.



3.2.1. Input data

For the 4,845 reports in the training set, we extract 768-dimensional embeddings generated by Modern-
BERT, considering up to a maximum of 533 tokens per report. From these representations, an attention
mask is constructed for each sample to prevent the model from learning spurious correlations related
to input length rather than semantic content.

The dataset is then split into two subsets (80%/20%) using a stratified sampling strategy adapted to the
multi-label setting. Specifically, we employ a multilabel stratified shuffle split method, which extends
traditional stratification to multi-label data. Unlike standard approaches that preserve the distribution
of a single label, this method iteratively partitions the dataset to maintain the relative frequency of each
label across subsets. This ensures that all labels, including rare ones, are proportionally represented in
both training and validation sets, leading to a more reliable evaluation in multi-label scenarios.

3.2.2. Label-wise attention

To capture label-specific evidence from the token-level representations, we employ a label-wise attention
pooling mechanism. Let X € R7*? denote the sequence of contextualized token embeddings for a given
input, where T is the sequence length and d the hidden dimension. A linear projection is applied to
compute label-specific relevance scores:

S = XW, W e R,

where L is the number of labels and § € Rl contains a score for each token-label pair. When an

attention mask m € {0, 1} is available, it is used to suppress padded tokens by assigning them a large
negative value before normalization:

S~ St,l’ lf mt == 1,
tl = .
—oo, otherwise.

The attention weights are then obtained via a softmax operation over the token dimension for each
label: .
eXP(St,l)
-
D=1 exp(Sy )
Finally, a label-specific pooled representation is computed as a weighted sum of token embeddings:

Ol =

T
hl = Z at’lxt, l S {1, ,L},
t=1

yielding a matrix H € R that encodes distinct contextual summaries for each label. This formulation

allows the model to attend to different parts of the input sequence depending on the label of interest,
effectively capturing label-dependent semantic cues. In contrast to standard global pooling strategies,
which produce a single shared representation for all labels, this approach mitigates information dilution
by preserving label-specific relevance patterns. Moreover, by sharing the underlying token representa-
tions while learning independent attention distributions, the method remains parameter-efficient and
well-suited for multi-label classification scenarios with potentially overlapping classes.

3.2.3. Training objective

For the multi-label classification task with soft labels, we employ a composite loss function that combines
a weighted binary cross-entropy (BCE) term with a Jensen—Shannon divergence (JSD) regularization
component. Given ground-truth labels y € [0, 1]* and predicted probabilities y € (0, 1)! for L labels,
the weighted BCE loss is defined as:

L

Zyce = Y, wl-ylogG) — (1 — ) log(1 - )],
=1



where wj denotes a class-specific weight to account for label imbalance. When logits are used, probabili-
ties are obtained via the sigmoid function, ensuring numerical stability. This term encourages accurate
per-label predictions while allowing different importance to be assigned to each class.

To further model the uncertainty and distributional nature of soft labels, we incorporate a
Jensen—-Shannon divergence term computed independently for each label by treating the predictions
as Bernoulli distributions. Let p; = (3}, 1 — y) and ¢; = (33, 1 — 3), and define the mixture distribution
m = %( 1+ qp)- The JSD for label lis given by:

1 1
ISD(prll @) = SKLGp | mp) + KL || m)

where KL(- || -) denotes the Kullback-Leibler divergence. The final loss is computed as a weighted
combination of both components:

L

< =aPLpcg + P ZJSD(PI Il ).
=1

where @ and f control the contribution of each term. This formulation encourages the model not
only to fit individual labels accurately but also to align the predicted probability distributions with the
soft target distributions, making it particularly suitable in scenarios with annotator disagreement and
probabilistic labeling.

3.2.4. Implementation details

The proposed model is implemented in TensorFlow and trained for 30 epochs using the Adam optimizer
with an initial learning rate of 1 x 1073, which is progressively decayed to 1 x 107.

The experiment is conducted on a machine equipped with 4 vCPU cores (Intel Xeon 2.20 GHz) and
32 GB of RAM. The proposed architecture contains 283,399 trainable parameters and is trained using a
batch size of 64, achieving an average training time of 90 ms per step.

4. Results

4.1. Results

Using the folds generated from the training set for each subtask, we compute the same evaluation
metrics used in the competition in order to establish a baseline of the system performance before
applying it to the blind development and test sets.

Group Macro F1 Micro F1
KFold 0.6859 +£0.0251 0.7155 + 0.0525
Development 0.5410 0.5874

Table 2
Internal cross-validation and official development results for Subtask 1.

Group Macro F1 Micro F1 Weighted F1 Hamming
KFold 0.7945 = 0.0612  0.8756 £ 0.0432  0.8745 = 0.0327 0.0732 £ 0.0074
Development 0.8118 0.8614 0.8646 0.0786

Table 3
Internal cross-validation and official development results for Subtask 2.

For subtask 1, a noticeable drop in performance is observed when comparing the cross-validation
folds with the development set, suggesting the presence of a distribution shift (data drift). To further
investigate this phenomenon, we perform a visual analysis of the embedding distributions using t-SNE,
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Figure 3: Drift analysis for BAAIl/bge-m3 embeddings.

as illustrated in Figure 3. The projection is computed with cosine distance, perplexity 60, random
initialization and the automatic learning-rate strategy.

Additionally, we train a simple classifier, namely a logistic regression model, to distinguish between
training and development samples. The resulting model achieves an AUC score of 0.86, confirming the
presence of data drift. This finding not only explains the observed performance degradation but also
suggests a potential direction for future work, such as incorporating reweighting strategies to better
align the data distributions.

4.1.1. Subtask 1: Error Analysis

A more detailed analysis of the model behavior is conducted by examining the confusion matrix on one
of the training folds, with the aim of understanding the types of errors made by the system:

Confusion Matrix

True label

3 0 8 53 49 100

0 1 2 3
Predicted label

Figure 4: Confusion matrix for a training fold.

Group Precision Recall F1 Support
Development 0.8118 0.8614  0.8646 0.0786

Table 4
Internal cross-validation and official development results for Subtask 2.

As shown in the figure, most of the errors occur between adjacent severity levels, while misclassifica-
tions involving jumps of more than one level are rare. This indicates that the proposed architecture
effectively captures the ordinal structure of the problem. This behavior is consistent with the use of
the CORN loss, which explicitly models ordinal relationships through a sequence of conditional binary
decisions.



4.1.2. Subtask 2: Error Analysis

Similarly, confusion matrices are analyzed for each label individually on one of the training folds, with
the aim of understanding the model’s behavior for each category.

Label 0 Label 1 Label 2 Label 3

o 164 04 1075 241

True label

True label
True label
be

14 189 1088 14 154

Predicted label Predicted label Predicted label Predicted label

Label 4 Label 5 Label &

True label
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True label
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predicted label predicted label Predicted label

Figure 5: Confusion matrix per label for a training fold.

For a better understanding and comparison, the metrics for each group are presented in Table 5.

Table 5
Metrics per label
Label Precision Recall F1-Score Positive cases
L0 (Economic) 0.8620 0.8942 0.8778 1125
L1 (Physical) 0.9546 0.9702 0.9624 3124
L2 (Property-related) 0.8691 0.8521 0.8605 1278
L3 (Psychological) 0.9501 0.9675 0.9587 4741
L4 (Sexual) 0.9170 0.9549 0.9355 798
L5 (Vicarious) 0.8615 0.8346 0.8479 641
L6 (N/A) 0.8889 0.9275 0.9078 207

Labels L0 (Economic), L2 (Property-related), and L5 (Vicarious) exhibit the lowest performance. The
first two are particularly challenging due to the ambiguity present in many texts, which makes them
difficult to identify. In contrast, the performance of the label L3 (Psychological) is mainly due to its high
prevalence and the difficulty of correctly identifying negative cases. This highlights the importance of
label-specific modeling, as different categories exhibit distinct patterns of ambiguity and imbalance.
Future work could focus on refining these categories or exploring modifications to their label-specific
heads in order to improve performance.

4.2. Competition leaderboard

The final results on the test set show that our approach remains competitive across both subtasks,
particularly in Subtask II, where it achieves performance levels close to those of state-of-the-art sys-
tems. Notably, this is accomplished while maintaining a lightweight design, with significantly lower
computational requirements and reduced training time. These results highlight the effectiveness of our
approach in balancing efficiency and performance, demonstrating that competitive outcomes can be
achieved without relying on large-scale or resource-intensive architectures.



Team S$1 MaF1 S1 MiF1  S2MaF1 S2MiF1  S2 WF1 S2 Ham

angellabco 0.63 0.62 0.80 0.87 0.87 0.08
franrodrigo 0.62 0.63 0.79 0.87 0.87 0.07
marcelhr 0.61 0.60 0.77 0.85 0.85 0.09
IReL_IIT(BHU) 0.61 0.61 0.78 0.87 0.87 0.08
omargarcia 0.59 0.58 0.78 0.86 0.87 0.08
jorgegomezn 0.59 0.60 0.83 0.89 0.89 0.06
WH_comp_team (ours) 0.57 0.59 0.79 0.87 0.87 0.07
phonghoang 0.57 0.57 0.80 0.87 0.88 0.07
danielrod 0.57 0.57 0.81 0.87 0.87 0.08
manojkumar00011 0.56 0.57 0.78 0.86 0.86 0.08
VerbaNexAl Lab 0.56 0.57 0.82 0.88 0.88 0.07
pln_uam 0.55 0.58 0.81 0.87 0.88 0.07
grupopln 0.54 0.58 - - - -
aerojash 0.57 0.59 0.81 0.87 0.87 0.07
geno_05 0.51 0.55 0.78 0.86 0.86 0.08
UC-UCO-Plenitas 0.48 0.55 0.68 0.77 0.80 0.14

Table 6
Official leaderboard results for both subtasks: ST MaF1, S1 MiF1, S2 MaF1, S2 MiF1, S2 WF1, and S2 Ham
metrics.

5. Conclusion and future work

In this work, we presented two lightweight approaches to address the WomenHelp 2026 shared task. For
the ordinal severity classification task, we proposed a Mixture of Experts architecture combined with a
CORN loss, effectively modeling the ordered nature of the labels. For the multi-label classification task,
we introduced a label-wise attention-based model built on top of ModernBERT embeddings, designed
to capture label-specific patterns and handle soft annotations.

Experimental results show that our methods achieve competitive performance across both subtasks
while requiring significantly fewer computational resources and shorter training times. Future work
will focus on mitigating distribution shift and further improving label-specific components, highlighting
the potential of efficient architectures for complex NLP tasks.

6. Declaration on Generative Al

During the preparation of this work, the author(s) used ChatGPT-5.3 Instant in order to generate the
dot code for graphviz. 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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