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Abstract

This paper presents our approach to the
SemEval-2025 Task 11: Bridging the Gap
in Text-Based Emotion Detection. We focus
on Track A (Multi-label Emotion Detection)
and Track C (Cross-lingual Emotion Detec-
tion), implementing and comparing LSTM and
BiLSTM architectures. For Track A, we de-
velop a 2-layer LSTM model with trainable
embeddings, achieving notable performance
variations across different emotions (F1 scores
ranging from 0.05 to 0.77) and an overall F1
score of 0.35 on the development set. For
Track C, we implement a 4-layer BiLSTM
with language-aware attention and FastText
embeddings, achieving an F1 score of 0.33
when training on German and testing on Rus-
sian data. Our analysis reveals significant chal-
lenges in both scenarios: class imbalance heav-
ily impacting single-language emotion detec-
tion, and linguistic-cultural differences affect-
ing cross-lingual performance. We explore
additional experiments using machine transla-
tion for cross-lingual detection, finding that di-
rect emotion detection outperforms translation-
based approaches. These findings contribute
to understanding the complexities of emotion
detection across languages and highlight the
importance of addressing both linguistic and
cultural aspects in future approaches.

1 Introducing The Problem

Emotion detection in text (and other data types)
presents a unique challenge that goes beyond tra-
ditional sentiment analysis. Typically, the topic
focuses on labeling text as positive or negative.

Our task however is more subtle and complex in
comparison, as emotion detection instead requires
an understanding of the subtle distinctions that rep-
resent different emotional states. A model designed
for this task must be able to go through the text,
identifying key words that respect specific emo-
tional states, and then recognize how words are
being utilized together.

The complexity of this task is further increased
with the inclusion of cross-lingual scenarios, where
we intend to train the model on text from one
language, and then predict on text from another
language. This complicates the task considerably
more as the way emotions are expressed can heavily
differ linguistically and culturally, due to nuances
specific to native speakers of the language.

The SemEval task 11 is designed to address these
challenges by providing a framework for evaluating
emotion detection across a variety of languages by
providing datasets composed of varying amounts
of samples text (labeled and unlabeled).

Specifically, the task focuses on detecting per-
ceived emotions, essentially how the emotions of
the text are perceived rather than what the speaker
is actually trying to convey. This is a crucial dis-
tinction because perceived emotions can heavily
different from intent of the speaker due to multiple
reasons including cultural context, individual dif-
ferences in emotional expression as well as limits
of text based communication.

The SemEval task includes three tracks for par-
ticipants to follow. Our work focuses on Tracks A
and C, which are multi-label emotion detection for
a singular language and detection across multiple
languages respectively.

2 Related Work in The Field

Previous work in emotion detection has explored
varying methodologies in approaching the task.
While the task scope expands into other data types
such as visual and audible data, text based ap-
proaches still remain the most popular focus when
approaching the problem. There are several ap-
proaches worth analyzing regarding what worked
and what needs refinement.

(Noktehdan Esfahani and Adda, 2024) compared
machine learning models with modern large lan-
guage models for emotion recognition. The com-
parison showcased how older architectures suffer



from a lack of comprehension regarding context,
while larger architectures traded computational cost
for better understanding of the emotional content.
Their work provided the insight that choosing sim-
pler models requires significant preprocessing to
achieve similar contextual understanding.

(Gupta et al., 2023) took a unique approach by
combining sentiment and semantic-based features
in their SS-BED model. Their work emphasized
how emotion detection performance varies signif-
icantly based on the distribution of emotional la-
bels in the training data. This proved particularly
relevant for our work, as we observed similar pat-
terns where emotions with more training examples
showed better performance than those with fewer
examples.

(Abas et al., 2022) proposed a hybrid approach
combining BERT with CNN and LSTM architec-
tures. Their model processes BERT embeddings
through LSTM layers to capture sequential patterns,
while utilizing CNN layers for feature extraction.
The use of BiLSTM with attention mechanisms
and 1D convolutional layers enabled better capture
of both temporal dependencies and local features
in text. This multi-architecture approach achieved
significant accuracy improvements on benchmark
datasets.

The importance of feature engineering was fur-
ther highlighted by (Machov’a et al., 2023). Their
work analyzed how varying levels of preprocess-
ing and feature extraction impacted model perfor-
mance. They found that many deep learning ar-
chitectures struggled with raw emotion detection,
but showed significant improvement with proper
engineering. This insight guided our choice in im-
plementing thorough preprocessing.

Moving towards multi-lingual applications, (Gao
et al., 2022) explored emotion shift detection in
conversations using a multi-task learning frame-
work. Their work emphasized how traditional
methods struggled with contextual understanding
across conversations. Instead, they proposed meth-
ods using a shared BERT-based encoder that could
work effectively across multiple utterances. This
concept influenced our approach to Track C, where
we focused on creating a model capable of direct
cross-lingual detection.

3 The Dataset

The datasets provided consist of different text data
entries for the languages. For the training datasets,

this includes both the text and associated emotion
labels. For the development datasets the text is all
unlabeled.

There will be actual text datasets released in Jan-
uary with associated "true" labels, but currently our
only option was to utilize the development datasets
for testing.

- For Track A, English dataset consisted of only
5 emotions as the labels; Anger, Fear, Joy, Sadness,
Surprise.

Figure 1: Training Dataset (English)

• Vocabulary size of the dataset: 2768

Figure 2: Development Dataset (English)

• Vocabulary size of the dataset: 116

- For Track C, Cross-lingual languages have one
extra emotion as label; Disgust. For our approach,
we worked on using both Russian and German
dataset.

Figure 3: Training Dataset (German)

• Vocabulary size of the dataset: 2605

Note that for the sake of avoiding too many fig-
ures at once in the dataset section, we have included
the Russian datasets in the appendix.

4 Evaluation Metric

For both track A and track C, the F1-score was cho-
sen as the primary evaluation metric. The F1-score
is calculated as the harmonic mean of precision and
recall:



Figure 4: Development Dataset (German)

• Vocabulary size of the dataset: 201

F1 = 2 · precision · recall
precision + recall

(1)

This metric is particularly well-suited for emo-
tion detection tasks due to several key characteris-
tics:

• Balance: F1-score provides a balanced assess-
ment by combining:

– Precision: The accuracy of positive pre-
dictions (how many predicted emotions
are correct)

– Recall: The completeness of positive pre-
dictions (how many actual emotions are
captured)

• Class Imbalance Handling: Given that emo-
tional labels often have uneven distribution in
the dataset, F1-score helps:

– Prevent bias towards majority classes
– Ensure fair evaluation for emotions with

fewer samples
– Maintain model accountability for all

emotion categories

This metric choice ensures that the model’s per-
formance is evaluated comprehensively, consider-
ing both its ability to avoid false positives and its
capability to detect all relevant emotions, regard-
less of their frequency in the dataset.

5 Proposed Approach

5.1 Proposed Approach - LSTM (Track A)

This approach focused on Track A (Multi-label
Emotion Detection). The architecture incorporates
several key components designed for effective text
processing and emotion detection, with particu-
lar attention to handling varying emotional expres-
sions in text.

5.1.1 Text Preprocessing and Embedding
The input processing pipeline consists of the fol-
lowing steps:

• Input texts are tokenized into words and con-
verted to lowercase

• A vocabulary is constructed from the training
data with minimum frequency threshold of 2

• Special tokens <PAD> and <UNK> are used for
padding and unknown words

• Words are embedded into 128-dimensional
vectors using trainable embeddings

5.1.2 Model Architecture
The network architecture comprises three main
components:

Embedding Layer:

E : RV → Rd (2)

where:

• V = Vocabulary size (2,741 tokens)

• d = Embedding dimension (128)

• Includes padding index for efficient batch pro-
cessing

LSTM Layer: The LSTM layer is defined as:

ht = LSTM(xt, ht−1, ct−1) (3)

with specifications:

• 2-layer LSTM architecture

• Hidden dimension: 256 units per layer

• Dropout rate: 0.5 for regularization

• Forward sequence processing

Output Layer:

ŷ = σ(W [hn−1, hn] + b) (4)

where:

• W ∈ R5×512 (concatenated outputs from last
two layers)

• σ is the sigmoid activation function

• Output dimension: 5 (one per emotion)

• Output range: [0,1] for each emotion class



5.1.3 Training Configuration
The model is trained with the following parameters:

• Loss Function: Binary Cross-Entropy

• Optimizer: Adam with learning rate α =
0.001

• Batch size: 32

• Number of epochs: 5

• Device: CPU/GPU based on availability

5.2 Proposed Approach - BiLSTM (Track C)
This approach focused on Track C (Cross-lingual
emotion detection), extending the LSTM architec-
ture to handle the complexities of multiple lan-
guages while maintaining emotion detection accu-
racy.

5.2.1 Text Preprocessing and Embedding
The preprocessing pipeline builds upon the base
LSTM approach with additional considerations for
cross-lingual processing:

• Text length normalization (140 tokens for
source, 80 for target language)

• Language-specific text cleaning and whites-
pace normalization

• Frequency threshold of 3 for vocabulary con-
struction

• FastText embeddings (300-dimensional) for
cross-lingual representation

• Separate preprocessing pipelines for German
and Russian texts to preserve linguistic char-
acteristics

5.2.2 Model Architecture
The architecture extends the base LSTM model (de-
fined in equations 1-3) with bidirectional process-
ing and attention mechanisms. Key components
include:

Bidirectional Layer:

• 4-layer BiLSTM utilizing forward and back-
ward processing

• Hidden dimension: 512 units per layer

• Dropout rate: 0.5 between layers for regular-
ization

Attention Mechanism:

• Language-aware attention for capturing cross-
lingual patterns

• Attention weights computed over concate-
nated bidirectional outputs

• Masked attention to handle varying sequence
lengths

5.2.3 Training Configuration
The model employs specialized training parameters
for cross-lingual learning:

• Weighted Focal Loss to handle class imbal-
ance

• AdamW optimizer with weight decay 0.1

• Learning rate: 0.001 with ReduceLROn-
Plateau scheduling

• Batch size: 32

• Number of epochs: 10

• Gradient clipping with max norm 1.0

6 Results / Analysis

6.1 Results for LSTM Approach (Track A)

The LSTM model achieved the following perfor-
mance metrics on the training set based on the hy-
perparameters discussed in 4.1 Proposed Approach
- LSTM (Track A):

Emotion F1 Score
Anger 0.0522
Fear 0.7690
Joy 0.0847
Sadness 0.3569
Surprise 0.5812

Table 1: F1 Scores per emotion category

The table below showcases how the train-
ing/validation loss and F1-score changed through-
out the process of the model training:

- We were able to achieve an F1 score of 0.35
on the development/validation set by uploading our
results on Codebench that is given by the sponsors
for this SemEval.



Epoch Loss
1/5 0.5746
2/5 0.5555
3/5 0.5421
4/5 0.5366
5/5 0.5260

Table 2: Training Loss per Epoch

6.1.1 Class Imbalance Impact
Analysis of the performance metrics shows:

• Superior performance on Fear (F1: 0.7690)
correlating with highest class representation

• Poor performance on Anger (F1: 0.0522) and
Joy (F1: 0.0847) corresponding to lower rep-
resentation

6.1.2 Classification Metrics

Emotion Precision Recall F1-score
Anger 0.75 0.03 0.0522
Fear 0.65 0.94 0.7690
Joy 0.88 0.04 0.0847
Sadness 0.59 0.26 0.3569
Surprise 0.68 0.51 0.5812

Table 3: Detailed classification metrics per emotion

6.1.3 Additional Experimentation
We conducted additional experiments to evaluate
our model’s performance on Track C, testing it
both with and without using the (Kossen et al.,
2020) M2M100 (machine translator) on the Rus-
sian Dataset. These experiments aimed to assess
the model’s adaptability to different languages and
data conditions.

• Achieved F1 score of 0.09 using M2M100.

• Achieved F1 score of 0.05 without using
M2M100.

- Our assumption for this low F1 score was that
Russian language might have linguistic character-
istics that posed unique challenges for emotion
detection.

6.2 Results for BiLSTM Approach (Track C)

Listed below is a table showcasing the hyperpa-
rameters used for the most optimal results for the

Hyperparameter Value
Hidden size 512
Number of layers 4
Dropout 0.5
Batch size 32
Epochs 10

Table 4: Optimized Hyperparameters

BiLSTM approach for cross-lingual emotion detec-
tion.

With these hyperparemeters we were able to get
a final result of 33% for the F1-score, this was
utilizing German as the training dataset and Rus-
sian as the development dataset which the model
predicted on.

We attempted a variety of hyperparameters but
found that the results were largely the same. The
graph below showcases how the training/validation
loss and F1-score changed throughout the process
of the model training.

Figure 5: Training Loss and F1-score Change

Figure 6: Validation Loss and F1-score Change

6.2.1 Analysis of Results

From analyzing the training / validation graphs, we
can note how there are clear signs of overfitting
showcased by the validation loss initially decreas-
ing for the first five epochs, and then increasing
after.



However, as mentioned, even with different hy-
perparameters these results were overall fairly con-
sistent. This suggests that there is a more fun-
damental problem wrong with the approach be-
yond just overfitting. There are two suspicions for
this, the first being that BiLSTM is simply not the
right approach for multi-lingual emotion detection.
More practical architecture approaches will be dis-
cussed in the next section.

Secondly, the data preprocessing approach is
potentially not practical for this type of task. In
particular many of the related works emphasize the
importance of multi-lingual embeddings and that
if done incorrectly, will constitute a considerable
drop in the effectiveness of the model.

One additional point to also consider regarding
this task for cross-lingual detection in general is
the languages being utilized. Due to the limited
amount of datasets available, we chose to use Ger-
man and Russian as our training and development
datasets.

However, they are considerably different lan-
guages both linguistically and culturally. This
means that the results when testing these languages
was never going to be that substantial in the first
place.

7 Future Approach And Concluding
Remarks

Regarding future approaches, a critical aspect of
our current methodology was the use of LSTM
and BiLSTM architectures. This choice stemmed
primarily from a misunderstanding about whether
transformers were permitted for the project. In
retrospect, transformer-based models would be the
more effective approach, as supported by numerous
related works.

Specifically, transformer models designed for
multilingual applications (such as mBart) would
be particularly well-suited for this task. We intend
to implement this architecture in preparation for
the official SemEval testing phase in January. To
enhance performance further, we plan to incorpo-
rate advanced preprocessing techniques including
named entity recognition, sophisticated tokeniza-
tion, and text normalization. These improvements
are especially crucial for track C, where we must
address the nuances specific to multiple languages
and cultural contexts. Additionally, we can opti-
mize the training process through the implementa-
tion of model checkpointing and early stopping.

A key question that emerged during this project
was whether to use machine translation for track
C or pursue direct emotion detection across lan-
guages. While our results showed that machine
translation was less effective than initially antici-
pated, various related works demonstrated success-
ful applications of translation-based approaches.
Given this mixed evidence, both methodologies
merit consideration, as each offers distinct advan-
tages depending on the specific context and require-
ments.

8 What We Worked On

• Mudit implemented the LSTM model for
Track A. He also worked on the initial ex-
ploration of the datasets to understand what
methods of data pre-processing would be nec-
essary for the task.

• Yousuf implemented the BiLSTM model for
Track C. He also focused on researching re-
lated works to better understand the task for
single-language and cross-lingual emotion de-
tection.

• The report and presentation was a joint effort.
We split the sections / slides based on what
we worked on and researched.
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A Appendix

Figure 7: Training Dataset (Russian)

• Vocabulary size of the dataset: 2679

Figure 8: Development Dataset (Russian)

• Vocabulary size of the dataset: 401
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