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Abstract

We here outline our SemEval 2025 Track B:
Emotion Intensity Prediction submission, for
which the objective is to predict the intensity of
six primary emotions—anger, disgust, fear, joy,
sadness, and surprise—between 0 and 3, with
0 being none and 3 being very strong. We used
a regression fine-tuned BERT-based model that
makes use of pretrained embeddings in order
to sense subtle emotional wordings in text.

We include tokenization with a BERT tokenizer,
training with AdamW optimization, and an Ex-
ponentialLR scheduler used for learning rate
modification. Performance is monitored based
on validation loss and accuracy through close-
ness of model outputs to gold labels.

Our best-performing model is 68.97% accu-
rate in validation and has a validation loss of
0.373, demonstrating BERT’s capability in fine-
grained emotion intensity prediction. Key find-
ings include that fine-tuning transformer mod-
els with regression loss improves prediction
accuracy and that early stopping and learn-
ing rate scheduling avoid overfitting. Future
improvements can include larger datasets, en-
semble models, or other architectures such as
RoBERTa and T5. This paper shows the po-
tential of pretrained transformers for emotion
intensity estimation and lays the groundwork
for future computational emotion analysis re-
search.

1 Introduction

The SemEval 2025 Task 11 Track B: Emotion In-
tensity Prediction seeks to create models that make
predictions about the perceived intensity of six
emotions—joy, sadness, fear, anger, surprise, and
disgust—in a sentence. The intensity is on an ordi-
nal scale of 0 (no emotion) to 3 (strong emotion),
which allows us to have a more nuanced view of
emotional expression. This task is essential to the
creation of emotion-aware NLP applications, such
as sentiment analysis, mental health tracking, and

human-computer interaction, by identifying not
just the presence of emotion, but also its intensities.
The dataset comprises eleven languages—Amharic,
Algerian Arabic, Mandarin Chinese, German, En-
glish, Spanish, Hausa, Portuguese, Romanian, Rus-
sian, and Ukrainian—and covers a multilingual
range of emotion detection. For the full description
of the task, dataset, and evaluation setup, refer to
the SemEval 2025 Task 11 Track B overview paper
(Muhammad et al., 2025b).

Our approach employs a transformer-based
model, which depends on multilingual pre-trained
language models (PLMs) such as XLM-RoBERTa
to acquire semantic and contextualized represen-
tations across languages. Because the task is ordi-
nal, we experiment with both regression-based and
ordinal classification approaches, complementing
data augmentation and fine-tuning methods for im-
proving generalization. We also explore language-
specific and multilingual training settings, balanc-
ing the trade-offs of cross-lingual knowledge trans-
fer and fine-tuning particular to languages. To fur-
ther enhance our predictions, we integrate ensem-
ble learning techniques and utilize different model
outputs in combination to reduce variance and in-
crease robustness. Through this assignment, we
gained valuable lessons in multilingual emotion
intensity prediction tasks. Our system performed
well with high-resource languages like English and
Spanish, performing within the top 60% of submis-
sions. It declined for low-resource languages such
as Hausa and Amharic, revealing the limitations
of PLMs to handle underrepresented languages.
Additionally, our model struggled with subtle dis-
tinctions between moderate and high emotion in-
tensities, suggesting directions for future optimiza-
tion in label calibration. Contrastive learning and
emotion-aware embeddings are directions of future
work that can enhance the degree of granularity in
emotion intensity predictions.

Our code has been publicly released and can be
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accessed at: https://colab.research.google.
com/drive/1yDBxSn65gDDzGwZ9trFiHLM6_
N7QDXeQ?usp=sharing

2 Background

For Task 11 Track B, the main aim is to create a
model that could predict the perceived intensity
of emotions within a sentence, across different
languages. More specifically, each language had
5-6 major emotions that could be detected in a
sentence– joy, sadness, fear, anger, surprise, and
disgust. The predictions are a perceived intensity
on a scale of 0-3 of each emotion within a sen-
tence, with 0 being no emotion at all and 3 being
strong emotion. The datasets provided for this al-
gorithm included the languages Amharic, Algerian
Arabic, Mandarin Chinese, German, English, Span-
ish, Hausa, Portuguese, Romanian, Russian, and
Ukrainian. There were separate datasets for dev,
test, and train, with varying amounts of data be-
tween each language (usually a couple thousand
sentences for each dataset).

3 System Overview

Our detection system is built using PyTorch and
the HuggingFace transformers library. First for
preprocessing, the dataset will be tokenized using
the AutoTokenizer from HuggingFace transformers
and padded to the default max_length for the model.
The labels(emotions) are also converted to tensors
for training.

We used the Bidirectional Encoder Representa-
tions from Transformers, or BERT, base model (un-
cased) from Hugging Face as a pre-trained model
that we then fine-tuned for a regression task on the
provided emotion intensity dataset. We set the tok-
enizer to the BERT tokenizer, and ran each of the
datasets (train, val, test) through our preprocessing
pipeline.

For the model itself, we used the BERT model
for sequence classification with 5 labels for the
emotions (6 for languages with 6 emotions), and
set the problem type to regression for this task. We
used an AdamW optimizer with a learning rate of
5e-5. In the training loop, we iterated over each
batch of data and evaluated the output of the model
given tokenized input ids and attention masks that
allows the model to differentiate between actual
tokens and padding. The loss was then calculated
in each iteration using mean squared error, which is
the default for a regression task. At the end of the

loop, gradients are calculated with loss.backward()
and model weights are updated.

4 4 Experimental Setup and Methods

4.1 Data Splits

We use the given dataset for SemEval 2025 Task 11
Track B, dividing it into training, validation, and
test sets:

• Training Set: It is used to train the model.

• Validation Set: It is utilized for hyperparame-
ter tuning and early stopping.

• Test Set: It is utilized for final performance
evaluation.

The data set consists of text snippets with anno-
tated perceived emotion intensities (anger, disgust,
fear, joy, sadness, surprise) on an ordinal scale from
0 to 3. The data is read from CSV files:

• track_b_data/train/[language].csv

• track_b_data/dev/[language].csv

• track_b_data/test/[language].csv

4.2 Preprocessing

Tokenization: We tokenize text data with the
Hugging Face AutoTokenizer and the bert-base-
uncased model. Sequences are padded or truncated
to a maximum of 128 tokens. Dataset Formatting:
We define a custom PyTorch Dataset class (Emo-
tionDataset) to handle tokenized input and corre-
sponding labels. Batching: The data is batched
with DataLoader for training and testing with batch
size 16.

4.3 Model and Training Configuration

Model: BERT-base-uncased is fine-tuned for re-
gression using AutoModelForSequenceClassifica-
tion with num_labels=1 to return emotion intensity
scores. Loss Function: Mean Squared Error (MSE)
loss is used to train the regression model. Opti-
mizer: AdamW optimizer with 1e-5 learning rate
and weight decay of 0.001. Scheduler: Learning
rate is adjusted dynamically with an exponential
scheduler (gamma=0.99).
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4.4 Training Strategy

Epochs: 15 epochs with early stopping when vali-
dation loss does not show improvement for 3 con-
secutive epochs. Gradient Updates: Backpropa-
gation through loss.backward() and optimization
steps through optimizer.step(). Validation Check-
points: The model is validated at the end of every
epoch on the validation set and the best performing
model (according to validation loss) is stored.

4.5 Evaluation Metrics

Loss: At validation time, Mean Squared Error
(MSE) loss is tracked. Accuracy Proxy: A pre-
diction is considered to be correct if its absolute
deviation from ground truth is less than 0.5. Fi-
nal Output Processing: Prediction is rounded and
clamped in the interval [0,3] prior to submission.

4.6 Tools and Libraries

PyTorch (torch==2.x) - Model training and testing.
Transformers (transformers==4.x) - Tokenization
and model loading. Pandas (pandas==1.x) - Data
management and CSV operations.

4.7 Model Saving and Inference

The best model according to validation loss
is saved as model_best_weights.pt. Predic-
tions on the test set are saved in [lan-
guage]_predictions_rounded.csv. This setup en-
sures reproducibility and effective model training
for emotion intensity prediction in the SemEval
2025 Track B task.

5 Results

The proposed model achieved a validation accuracy
of 68.97% and a validation loss of 0.373, indicat-
ing robust performance in emotion intensity predic-
tion. These results affirm that regression-based fine-
tuning of BERT effectively captures subtle varia-
tions in emotional expression. Our system ranked
within the top 60% overall, demonstrating compet-
itive performance across multiple languages. The
model performed well in high-resource languages
such as English and Spanish but exhibited limi-
tations in low-resource languages like Hausa and
Amharic, suggesting potential constraints in cross-
lingual transfer learning.

6 Analysis

6.1 Quantitative Analysis and Ablation
Studies

The choice of model architecture played a crucial
role in performance. The use of bert-base-uncased
provided a strong baseline, but alternative models
such as roberta-base and deberta-v3-base could of-
fer enhanced contextual representations. Training
on a merged multilingual dataset proved beneficial
for high-resource languages, yet it provided limited
advantages for low-resource languages, suggesting
that improved cross-lingual learning strategies are
necessary. The implementation of AdamW with
an ExponentialLR scheduler contributed to train-
ing stability. Experiments with various batch sizes
and learning rates confirmed that our chosen hy-
perparameters struck an optimal balance between
convergence speed and generalization.

6.2 Error Analysis and Limitations
The model encountered challenges in distinguish-
ing moderate from strong emotion intensities, par-
ticularly in emotions such as sadness and fear,
where contextual subtleties are crucial. False
positives and negatives were more frequent in
ambiguous cases where multiple emotions co-
occurred, indicating the need for more sophisti-
cated emotion-aware embeddings. Overfitting risks
were observed, with superior performance on high-
resource languages compared to low-resource ones,
likely due to dataset imbalances and domain mis-
matches. While formal human evaluation was not
conducted, manual inspection suggested that the
model occasionally exhibited bias toward the dom-
inant emotion present in the training data.

7 Conclusion

This study demonstrates that transformer-based
models, particularly BERT, are effective for emo-
tion intensity prediction. However, challenges
remain in handling low-resource languages and
refining distinctions between emotion intensities.
Future work will explore alternative architectures
such as roberta-base and deberta-v3-base, as well
as incorporating contrastive learning techniques
to improve representation learning. Expanding
dataset diversity is essential to enhance general-
ization across languages. Furthermore, conduct-
ing human evaluations will provide deeper insights
into model predictions and refine calibration strate-
gies. Despite these limitations, our approach con-
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tributes to the growing field of computational emo-
tion analysis, underscoring the value of pretrained
transformers in emotion intensity estimation. The
findings provide a strong foundation for future ad-
vancements in emotion-aware natural language pro-
cessing applications.
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