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Abstract

This paper addresses our approach to Task 11:
Bridging the Gap in Text-Based Emotion De-
tection at the SemEval-2025, which focuses on
the challenge of multilingual emotion detection
in text, specifically identifying perceived emo-
tions. The task is divided into tracks, we partic-
ipated in two tracks: Track A, involving mul-
tilabel emotion detection, and Track B, which
extends this to predicting emotion intensity on
an ordinal scale. Addressing the challenges
of imbalanced data and linguistic diversity, we
propose a robust approach using pre-trained lan-
guage models, fine-tuned with techniques such
as extensive and deep hyperparameter optimiza-
tion along with loss function combinations to
improve performance on imbalanced datasets
and underrepresented languages. Our results
demonstrate strong performance on Track A,
particularly in low-resource languages such as
Tigrinya (ranked 2nd), Igbo (ranked 3rd), and
Oromo (ranked 4th). This work offers a scal-
able framework for emotion detection with ap-
plications in cross-cultural communication and
human-computer interaction.

1 Introduction

Emotions are central to human communication, yet
they are inherently complex and often difficult to
express or interpret accurately through text, (Mo-
hammad et al., 2018). While we regularly commu-
nicate our emotions, the way people perceive emo-
tions in a text can be highly subjective, influenced
by individual experiences, cultural backgrounds,
and context, (Mohammad and Kiritchenko, 2018).

The Task 11: Bridging the Gap in Text-Based
Emotion Detection, (Muhammad et al., 2025b), fo-
cuses on this challenge, dividing it into two tracks:
Track A, which involves multilabel emotion detec-
tion, and Track B, which extends this to predicting
emotion intensity on an ordinal scale (level 0 to
3). The task is particularly challenging due to im-
balanced data and the diversity of languages (28

for Track A and 11 for Track B), each with unique
linguistic and cultural nuances, (Muhammad et al.,
2025a; Belay et al., 2025a).

This work addresses these challenges by lever-
aging pre-trained language models from Hugging-
Face, fine-tuned through an extensive search for
optimal hyperparameters and custom loss functions
tailored to emotion detection. Our approach com-
bines models with advanced techniques such as
Cross Entropy Loss, Focal Loss, and Label Smooth-
ing, improving F1 score and Pearson correlation
metrics, especially for underrepresented languages
and imbalanced datasets. Key contributions in-
clude:

1. Systematic model selection, hyperparameter
tuning, and loss function combination across
28 and 11 languages for Tracks A and B, re-
spectively.

2. Custom loss functions to address the class
imbalance and improve performance.

3. Strong results in low-resource languages, such
as Tigrinya (ranked 2/35), Igbo (ranked 3/35),
and Oromo (ranked 4/37) for Track A.

Our method provides a robust framework for
multilingual emotion detection. It has potential
applications in cross-cultural communication and
human-computer interaction. The main codes used
to address this task are available in the GitHub1

repository of our research group.

2 Related Work

Emotion detection and classification have been
widely studied in Natural Language Process-
ing (NLP), with significant progress driven by
deep learning architectures, transfer learning, and

1https://github.com/PLN-disca-iimas/
Semeval2025-task11
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multimodal approaches (Mohammad and Bravo-
Marquez, 2017). Early methods relied on lexicon-
based techniques and traditional machine learning
models, but recent advancements leverage large-
scale pre-trained models and hybrid neural archi-
tectures to capture complex linguistic patterns more
effectively.

The field of emotion detection has evolved from
lexicon-based approaches to modern deep-learning
models capable of capturing contextual nuances.
The adoption of deep learning significantly im-
proved performance by allowing models to learn
representations directly from data. Early neural
network architectures, particularly recurrent mod-
els like Long Short-Term Memory (LSTM) net-
works, enhanced the ability to capture sequential
dependencies in text. However, these models re-
quired substantial labeled data and computational
resources. The introduction of transformer-based
models, such as BERT, RoBERTa, and XLM-R,
further advanced emotion detection by leverag-
ing self-attention mechanisms to model complex
linguistic structures, (Devlin et al., 2018). Pre-
trained on large-scale corpora, these models set
new benchmarks in emotion detection, outperform-
ing earlier architectures. More recently, instruction-
tuned models, such as GPT-4 and T5, have shown
promise in classifying emotions in ambiguous or
contextually complex text, (Longpre et al., 2023).
While multimodal approaches integrating textual,
auditory, and visual data have gained traction, text-
based models remain widely used due to their effi-
ciency and accessibility.

While emotion detection focuses on identifying
whether an emotion is present in a given text, an
equally important challenge is determining its in-
tensity. Emotion intensity classification has gained
increasing attention in NLP, with notable advance-
ments in deep-learning architectures and transfer
learning. The advent of large-scale pre-trained
transformers has further advanced emotion inten-
sity classification. Models such as BERT and
its derivatives have been fine-tuned on emotion-
labeled datasets, achieving state-of-the-art results,
(Qin et al., 2023). More recently, frameworks
such as DeepEmotex have demonstrated the effec-
tiveness of fine-tuned transformer-based models
for multi-class emotion classification, significantly
outperforming conventional deep learning models,
(Hasan et al., 2022).

A major challenge in emotion classification is
class imbalance, where certain emotions are signifi-

cantly underrepresented in datasets. To address the
imbalance, recent work has explored hierarchical
classification and weighted loss functions to im-
prove model performance in multilingual settings.
In the WASSA 2024 shared task, Vázquez-Osorio
et al. (Vázquez-Osorio et al., 2024) proposed a
two-stage hierarchical classification approach. The
first stage classified tweets into four broad cate-
gories, while the second stage further distinguished
between underrepresented emotions. Additionally,
they employed FocalLoss and weighted CrossEn-
tropyLoss to emphasize minority classes during
training. Their approach, implemented with a fine-
tuned DeBERTa-v3-large model, resulted in im-
proved performance, ranking among the top 15
submissions. These findings highlight the effective-
ness of hierarchical classification and adaptive loss
functions in handling imbalanced emotion datasets.

Recent work on multilingual emotion detection
(Belay et al., 2025a,b) highlights challenges such
as class imbalance and low-resourced languages.
Therefore, our approach introduces custom loss
functions for imbalanced data, which is critical for
some languages with underrepresented data.

3 System Overview

Our system is based on fine-tuning pre-trained
transformer models for multilingual emotion recog-
nition and intensity prediction. We designed a two-
stage pipeline tailored to the task’s requirements of
Track A and Track B. In Track A, we focused on
detecting the presence of emotions in text through
multilabel classification. In Track B, we extended
this setup by incorporating an additional step to
predict the intensity of each detected emotion. All
models were language-specific and selected based
on empirical performance.

For Track A, we fine-tuned a multilabel binary
classification model for each language to determine
whether each emotion was present in the text.

Track B expanded on Track A’s process, incor-
porating a two-step approach to predict emotion
intensity. The initial step, the same as in Track
A, employed the multilabel classification model to
identify emotions. In the next phase, if an emotion
was detected (label 1), a separate model estimated
its intensity on a scale from 1 to 3.

All our models were based on pre-trained trans-
former models, which were selected as the most
suitable for each language.
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3.1 Fine-tuning process
Fine-tuning is the process of adapting the weights
of the neural network to optimize the performance
for one specific task.

Our approach involved two sequential fine-
tuning steps:

1. Binary emotion detection: We first fine-tuned
a multilabel classification model to determine
whether each emotion was present in a given
text. The best-performing model variant for
each language was selected based on this step.

2. Emotion intensity classification: Once the
best binary classification model was identified,
we fine-tuned separate models, one for each
emotion intensity prediction. These models
classified intensity levels into three categories
(1, 2, and 3).

We performed hyperparameter optimization on
all fine-tuned models. For Track A, only the first
step was necessary. For Track B, both steps were
required. Figure 1 shows the workflow of model
prediction generation for both tracks.

3.2 Loss Function Optimization
We experimented with multiple loss functions, in-
cluding standard Cross Entropy Loss, BCE With
Logits Loss, Focal Loss, Label Smoothing Loss,
MSE Loss, and a custom loss function that aver-
aged Focal Loss with sum reduction, Weighted
Cross Entropy Loss and Weighted Smooth Cross
Entropy Loss. This approach has been effective in
handling imbalanced datasets, as proposed in (Shi
et al., 2024)

To optimize performance in Track A, we exper-
imented with various loss functions and tested a
code implementation that combined different pre-
viously mentioned losses. The results in Table 4
showed that BCE With Logits Loss and Cross En-
tropy Loss were the most frequently selected in the
tested combinations, leading to better performance
on imbalanced datasets.

For Track B, for each language-emotion combi-
nation, we trained models with both Cross Entropy
Loss and the custom loss function and selected the
one that yielded the best performance. As a result,
some models used cross-entropy, while others ben-
efited from the custom loss function. In some cases
where the training dataset was highly imbalanced,
the custom loss function generally provided better
results.

4 Experimental Setup

4.1 Data
The dataset provided for all task languages was
delivered in separate corpora and divided into three
standard splits: train, dev, and test. The train and
dev sets contained golden labels, whereas the test
set contained no labels. The data were divided as
follows:

• Development phase: 80% of the train set was
used for training the models, and the remain-
ing 20% was reserved for validation during
the development phase. This was done for
all stages of our solution, i.e., model selec-
tion, hyperparameter tuning, and custom loss
functions combination. The data split was
performed in a stratified way for the emotion
classes. The dev set was used exclusively for
testing the trained models and evaluating their
performance, with a particular focus on the
macro F1-score, which was the primary eval-
uation metric for Track A.

• Test phase: After finalizing the best-
performing model and hyperparameters, the
model was retrained using the entire set of
train and dev (combined) to make predictions
in the unlabeled test set without an explicit
validation stage in the training.

For Track B, the same data split strategy was
applied, but the task was extended to predict the in-
tensity of the emotions for each emotion class in the
provided languages. In this track, each dataset con-
tains texts annotated with one of six emotions (five
for English), with intensity levels ranging from 0
(lower/no emotion detected) to 3 (higher level of
intensity). However, a strong class imbalance was
observed in all data sets. Most instances were la-
beled with an intensity of 0, indicating the absence
of emotion. A smaller proportion of instances had
an intensity of 1, while intensity level 2 was even
less frequent. Instances labeled with the highest
intensity, 3, were extremely rare and almost non-
existent in some datasets. This imbalance was a
consistent pattern across all languages, posing a
challenge for model training and evaluation.

4.2 Methods
4.2.1 Preprocessing and Parameter Tuning
The preprocessing and parameter-tuning process
involved the following steps:
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Figure 1: System workflow for predictions

1. Model selection: Python script was devel-
oped to evaluate multiple pre-trained models
available on HuggingFace that supported the
target languages. Models were filtered based
on language compatibility, and the top 5 most
downloaded models for each language were
selected for initial testing. Each model was
fine-tuned for 1 epoch on the training set to
identify the best-performing model for each
language.

2. Hyperparameter tuning: A grid search was
conducted to optimize hyperparameters using
the best-performing model identified in the
previous step, all models were trained with
the AdamW2 optimizer. The hyperparameters
and their respective search ranges were as in-
dicated in Table 1:

Hiperparameter Proposed values
Learning rate 1e−5 2e−5 3e−5 5e−5

Weight decay 0.001 0.01 0.1
Dropout prob 0.3 0.5

Table 1: Proposed hyperparameters for grid search

3. Custom Loss Functions Combination: To
further improve performance, a customized
loss function selection process was applied.
The following loss functions were evaluated
in all possible combinations: BCEWithLog-
itsLoss, MSELoss, CrossEntropyLoss, Fo-
calLoss with alpha=0.25, gamma=2.0, La-
belSmoothingLoss with smoothing=0.1.

2https://pytorch.org/docs/stable/generated/
torch.optim.AdamW.html

4. Final Model Training: After identifying the
best model, hyperparameters, and loss func-
tion combination, the final model was trained
on the combined train and dev sets for sub-
mission on the test set.

4.3 External tools and libraries
The following tools and libraries were used for
preprocessing, training, and evaluation:

• HuggingFace transformers3: For accessing
and fine-tuning pre-trained language models.

• PyTorch4: For implementing custom loss func-
tions and training pipelines.

• Scikit-learn5: For evaluating model perfor-
mance using metrics such as macro F1-score.

• Pandas6 and NumPy7: For data manipulation
and preprocessing.

4.4 Test Phase Submissions
For the test phase in Track A, three submission
attempts were made:

1. First submission: Predictions were generated
using models trained with the best hyperpa-
rameters and custom loss functions.

2. Second submission: Predictions were gener-
ated using models trained only with the best
hyperparameters (without custom loss func-
tions).

3https://huggingface.co/
4https://pypi.org/project/torch/
5https://pypi.org/project/scikit-learn/
6https://pypi.org/project/pandas/
7https://pypi.org/project/numpy/
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3. Third submission: The best-performing pre-
dictions from the first two submissions were
selected based on their macro F1 scores and
submitted as the final results.

4.5 Track B Extension
For Track B, the approach was extended to predict
the intensity for each emotion class. Separate mod-
els were trained for each emotion and language,
following the same pipeline as Track A but adapted
for the ordinal intensity classification task. How-
ever, it is important to mention that, due to a lack of
resources and time, we only made one submission
in this final/test phase for this track.

5 Results

Macro F1 score was the official metric for Track A,
and Table 2 shows only the third submission’s re-
sults with its unofficial ranking. Our best score was
0.8731 in Hindi, ranking 14th, while for Tigrinya,
we placed 2nd with a performance of 0.5874.

Language Ranking Macro F1 score
Afrikaans 31 0.3496
Amharic 22 0.5815
Arabic (Algerian) 30 0.4862
Arabic (Moroccan) 22 0.5132
Chinese (Mandarin) 26 0.5742
Emakhuwa 17 0.1626
English 21 0.7632
German 20 0.6334
Hausa 21 0.6149
Hindi 14 0.8731
Igbo 3 0.5628
Kinyarwanda 9 0.5112
Marathi (English) 30 0.7876
Nigerian Pidgin 23 0.5173
Oromo 4 0.5920
Portuguese (Brazil) 17 0.5470
Portuguese (Mozambique) 12 0.4754
Romanian 25 0.7082
Russian 37 0.7975
Somali 25 0.3692
Spanish 31 0.7517
Sundanese 25 0.4083
Swahili 20 0.2850
Swedish 31 0.4599
Tatar 18 0.6554
Tigrinya 2 0.5874
Ukrainian 31 0.4748
Yoruba 6 0.3754

Table 2: Results for each language in Track A

Table 3 shows the results for every language in
Track B. Pearson correlation was used as the offi-
cial evaluation metric for Track B. It evaluates the
degree of linear association between the predicted
labels and the gold ones. Our highest score was in
Russian with a value of 0.7793.

As we can see, for both tracks, the macro F1
score and the Pearson correlation vary significantly
across languages. Given that for each language,
we fine-tuned a language-specific model, we can
observe that the results are highly dependent on
the base model. For Hindi, English, Russian, and
Spanish, the scores are considerably higher com-
pared to languages like Amharic, Algerian Arabic,
or Ukrainian.

Language Ranking Pearson correlation
Amharic 15 0.4787
German 23 0.4676
English 23 0.7228
Spanish 22 0.6719
Portuguese (Brazil) 16 0.5079
Russian 24 0.7793
Arabic (Algerian) 17 0.3982
Chinese (Mandarin) 20 0.4842
Hausa 11 0.6360
Ukrainian 19 0.4196
Romanian 15 0.6053

Table 3: Result for each language in Track B.
Note: The Pearson correlation results shown in bold
exceeded the organizers’ baseline.

Other factors to take into consideration that can
influence the performance of the classification mod-
els include the size of the dataset and class imbal-
ance (see Appendix B for details on class distribu-
tion for Track A).

Unlike top teams reported in the Task pa-
per (Muhammad et al., 2025b), such as Pai and
Chinchunmei, who rely on large LLM ensem-
bles, contrastive learning, and prompt engineer-
ing, our approach focuses on robust fine-tuning of
pre-trained models using hyperparameter optimiza-
tion and tailored loss functions for imbalanced and
low-resource data. Without external augmentation
or instruction tuning, our method achieved com-
petitive results, ranking in the top 10 in multiple
languages and significantly outperforming base-
lines in 17 languages, highlighting the strength
of our optimization-based strategy (see Table 4).
In addition, our system prioritizes reproducibility,
with a simplified architecture and fully documented
training settings, making it practical and easy to
reproduce with promising results.

6 Ethical Considerations

Predicting perceived emotions and their intensity
is inherently subjective and influenced by cultural
and individual differences. Biases may arise from
the dataset, the annotation process, or the model
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itself. As noted in (Muhammad et al., 2025a), the
dataset focuses on perceived emotions (what most
annotators believe the speaker may have felt and
their intensity) rather than determining the true
emotional state of the speaker. Therefore, our pre-
diction models should not be used for high-stakes
decisions, nor should their outputs be interpreted
as definitive assessments of the speaker’s actual
emotions or intensity. For more ethical consider-
ations and details on the data annotation process,
see (Muhammad et al., 2025a).

7 Conclusion

In this paper, we presented our approach to the emo-
tion detection and intensity classification task at
SemEval-2025. Our approach leveraged fine-tuned
models based on pre-trained transformer models.
We achieved our best results by incorporating some
custom loss functions for certain languages and
emotions, demonstrating their effectiveness in han-
dling imbalanced data. However, the performance
varied significantly across languages, underscoring
the importance of further analyzing and exploring
additional techniques and architectures.
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A Appendix 1: Experimental Setup Final
Training

Table 4 summarizes the configurations and results
for the final training of models in Track A, cover-
ing all 28 languages. For each language, we report
the best configuration of model architecture, learn-
ing rate, weight decay, dropout probability, and the
combination of custom loss functions, which were
used during the training of the final model used
in the competition phase. If no loss function is
found in the language row, this indicates that the
best configuration obtained omits the use of any of
the custom loss functions. The custom loss func-
tions are encoded as follows: BCEWithLogitsLoss
(1), CrossEntropyLoss (2), FocalLoss (3), and La-
belSmoothingLoss (4). The table also includes the
unofficial ranking achieved by our final submis-
sion, with results exceeding the organizers’ base-
line highlighted in bold. Submissions marked with
an asterisk (*) represent the best-performing con-
figuration combining hyperparameters and custom
loss functions, while double asterisks (**) indicate
submissions using only the best hyperparameters
(without custom loss functions). For some lan-
guages (marked with ***), the model was trained
differently due to the unique structure of the pre-
trained model used. This table highlights the ef-
fectiveness of our systematic approach, particu-
larly in low-resource languages, where our method
achieved competitive rankings, such as Tigrinya,
Igbo, Nigerian Pidgin, and Yoruba.

B Appendix 2: Heatmap of emotions
distribution by language

Figure 2 shows a heatmap of emotion distribution
across languages. It can be observed that English
(ENG) has a noticeable imbalance in its emotional
distribution, with Fear making up a large portion
at 58.2% and Sadness following at 31.7%. Sim-
ilarly, Chinese (CHN) and Brazilian Portuguese
(PTBR) stand out for their unusually high levels of
Anger, at 44.6% and 32.3%, respectively. The most
striking case is Sundanese (SUN), where Joy domi-
nates, making up a significant 72.7% of the texts.
On the other hand, some languages show a clear
lack of certain emotions. For example, Afrikaans
(AFR) and Ukrainian (UKR) have surprisingly low
levels of Anger, at just 3.6% and 4.0%, respec-
tively. Meanwhile, Oromo (ORM) and Yoruba
(YOR) fall short in representing Sadness (8.7%)
and Joy (9.1%), respectively.
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Figure 2: Heatmap of the distribution of emotions by language in the Track A training dataset. Warmer colors
indicate higher prevalence.
Note: English lacks the emotion of disgust, and Afrikaans lacks the surprise emotion, so the corresponding cells of
the heat map show 0.0%
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