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Abstract

This paper presents our approach to SemEval-
2025 Task 11 (Track A): Bridging the Gap in
Text-Based Emotion Detection, focusing on
multilabel emotion classification for the En-
glish dataset. Our methodology leverages an
ensemble of transformer-based models, incor-
porating full fine-tuning along with additional
classification layers to enhance predictive per-
formance. Through extensive experimenta-
tion, we demonstrate that fine-tuning signifi-
cantly improves emotion classification accu-
racy compared to baseline models. In addition,
we provide an in-depth analysis of the dataset,
highlighting key patterns and challenges. The
study also evaluates the impact of ensemble
modeling on performance, demonstrating its
effectiveness in capturing nuanced emotional
expressions. Finally, we outline potential di-
rections for further refinement and domain-
specific adaptations to enhance model robust-
ness. Our submission was officially ranked
34th in Track A (multilabel emotion detection)
leaderboard for English language.

1 Introduction

The increasing availability of electronic documents
in the digital era has provided a valuable resource
for analyzing human expressions and improving
various applications. Understanding this plays a
crucial role in multiple domains, including user
experience enhancement, social media analysis,
mental health monitoring, and market research. In-
creasing scholarly attention has been directed to-
ward extracting user perspectives on various events
by analyzing textual content. The computational
identification and classification of opinions within
text has been recognized as a fundamental step
in data mining. Researchers have traditionally fo-
cused on determining whether a given text con-
veys a positive, negative, or neutral stance toward

*
All Authors have equal contribution.

a specific subject or product (Feng et al., 2021).
More recently, studies have expanded to incorpo-
rate multidimensional emotional annotations (Hu
and Flaxman, 2018; Tasmin, 2018; Acheampong
et al., 2020) capturing sentiments such as joy, fear,
anger, etc.
Emotion expression in language is inherently nu-
anced and complex, presenting challenges for emo-
tion recognition. Despite its significance, research
in this field has predominantly focused on high-
resource languages, leading to significant dispari-
ties in dataset availability and model performance
for low-resource languages. To address this gap,
the organizers of SemEval-2025 Task 11 have cu-
rated a specialized dataset, BRIGHTER (Muham-
mad et al., 2025a) to bridge further the gap in
emotion recognition research in underrepresented
languages, facilitating more inclusive and effec-
tive NLP models. It is a collection of multilabel
emotion-annotated datasets spanning 28 languages.
This dataset emphasizes low-resource languages
from Africa, Asia, Eastern Europe, and Latin Amer-
ica, incorporating diverse textual sources annotated
by fluent speakers. The shared task consists of three
tracks: multi-label emotion classification (track A),
emotion intensity prediction (track B), and text
cross-lingual emotion detection (track C).
In this paper, we present our system developed
for track A of the task (Muhammad et al., 2025b),
multilabel emotion classification. Transformers
have been proven to be the most successful in
understanding the contextual and semantic infor-
mation of the text (Acheampong et al., 2021;
Gillioz et al., 2020). We selected top-performing
models from preliminary experiments, includ-
ing cardiffnlp/twitter-roberta-large-emotion-latest
(Antypas et al., 2023), SamLowe/roberta-base-
goemotions (Lowe, 2022) and Emanuel/twitter-
emotion-deberta-v3-base (Huber, 2021), to build
an ensemble leveraging these models, combining
their strengths for improved emotion classification,
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and performed full fine-tuning. Since these models
had more emotion categories than our dataset, we
incorporated additional classifier layers, adapting
to our task.
Our system demonstrated good performance across
track A. We achieved competitive results, rank-
ing 42 on the English dataset among the 75 par-
ticipating teams. Dataset imbalance presents a
challenge in these methods. Robust methods us-
ing undersampling and oversampling techniques
need to be used to overcome this challenge. Fur-
ther, extensive data analysis is always beneficial.
Please find the code here- https://github.com/
Tafazzul-Nadeem/TBED-CS779-IITK.

2 Background

The landscape of human emotions has been de-
scribed through various taxonomies and frame-
works. Ekman (Ekman and Friesen, 1971) iden-
tified six core emotions expressed through facial
expressions that are universally recognized across
cultures: joy, sadness, anger, surprise, disgust, and
fear. Later, finer-grained taxonomies have been
developed, capturing a broader range of up to 600
emotions and employing machine learning to clus-
ter emotion concepts (Cowen and Keltner, 2019).
These frameworks highlight the complex, culturally
influenced nature of emotions expressed through
vocalization (Cowen and Keltner, 2018), music,
and facial expressions.

Previous approaches to text-based emotion de-
tection have primarily utilized machine learning
(ML) techniques. For instance, Wikarsa et al. and
Ameer et al. (Ameer et al., 2021) focused on multi-
label emotion classification for code-mixed SMS
messages in Roman Urdu and English, employing
classical ML methods (SVM, J48, Naive Bayes,
etc.) and deep learning models (LSTM, CNN, etc.)
on a new dataset. Their results indicated that classi-
cal ML methods outperformed both ML and deep
learning models. Similarly, Polignano et al. (Polig-
nano et al., 2020) developed a model combining
Bi-LSTM, Self-Attention, and CNN for emotion
detection, finding that word embeddings signifi-
cantly improved performance. Their experiments
in the ISEAR, SemEval-2018 (Mohammad et al.,
2018), and SemEval-2019 datasets demonstrated
that the ISEAR dataset produced the best precision
and recall.

In recent years, research on text-based emo-
tion detection has increasingly utilized transformer-

based pre-trained language models. For instance,
Acheampong et al. (Acheampong et al., 2020) con-
ducted comparative analyses of models such as
BERT (Devlin et al., 2019), RoBERTa (Liu et al.,
2019), DistilBERT (Sanh et al., 2019), and XL-
Net (Yang et al., 2019) for emotion recognition
using the ISEAR dataset. Asalah et al. (Thiab
et al., 2024) proposed an ensemble deep learning
approach for emotion detection in textual conver-
sations, CNN-based model and transformer-based
models, including BERT, RoBERTa, and XLNet.
They utilize hard and weighted majority voting
methods to enhance prediction accuracy. Their
method demonstrates superior performance, achiev-
ing a micro-averaged F1-score of 77.07% on the
SemEval-2019 Task 3: EmoContext dataset (Chat-
terjee et al., 2019), outperforming previous baseline
results.

We performed experiments with the track A
dataset (Muhammad et al., 2025a), where the train-
ing set contains 2768 samples with five binary emo-
tion labels (joy, sadness, fear, anger, and surprise).
Dev set contains 116 samples, and 2767 samples
are available for inference.

3 Analysis

The co-occurrence matrix of the labels for the En-
glish dataset is plotted to gain insights about the
correlation between the labels, as shown in Fig-
ure 1. We have also visualized the box plot for

Figure 1: Co-occurrence matrix of emotion labels

length of the text snippets showing the interquartile
range (Q1, Q2, etc.) in Figure 2 to gain insights
about the context length or prompt length we re-
quire while selecting a transformer model. The
maximum length is found to be 94 words. Hence,
any model with a 512 token size can be used since

1860

https://github.com/Tafazzul-Nadeem/TBED-CS779-IITK
https://github.com/Tafazzul-Nadeem/TBED-CS779-IITK


the number of tokens = 4 x the number of words
(widely used estimate).

Figure 2: Boxplot of text snippet length

4 Proposed Approach

Since transformer-based models have shown
promising results in classification tasks lately, we
decided to first find some suitable models for the
multilabel classification task. From recent works
(Lowe, 2022; Barbieri et al., 2022; Antypas et al.,
2023; Huber, 2021; Grattafiori et al., 2024), we
shortlisted the following huggingface models, en-
sembled them, and fully fine-tuned the ensem-
ble: cardiffnlp/twitter-roberta-large-emotion-latest
(Antypas et al., 2023), SamLowe/roberta-base-
go_emotions (Lowe, 2022) and Emanuel/twitter-
emotion-deberta-v3-base (Huber, 2021). The en-
semble model, along with the standalone parts, was
evaluated on the training data for the English lan-
guage with full fine-tuning. The results are shown
in Table 1.

5 Experiments

The following sections provide a comprehensive
overview of our model development process and
the final model used for multi-label emotion detec-
tion. The first section traces the evolution of our
approach, detailing the various models and fine-
tuning strategies we experimented with. This in-
cludes trials with both smaller and larger models,
full fine-tuning, classifier adaptations, and special-
ized training settings such as entailment-based ap-
proaches. The second section focuses on our final
approach, which represents the culmination of our
iterative experimentation. We describe its archi-
tecture, training methodology, and the rationale
behind selecting this configuration as our best per-
forming system. The final model integrates insights
gained from our earlier experiments, leveraging an

ensemble of fine-tuned models to achieve optimal
performance.

5.1 Evolution of our approach

We selected some of the best performing
models from preliminary experimentation,
cardiffnlp/twitter-roberta-large-emotion-latest
(Antypas et al., 2023), SamLowe/roberta-base-
go_emotions (Lowe, 2022), and Emanuel/twitter-
emotion-deberta-v3-base (Huber, 2021), and
evaluated them on the validation set to get baseline
results. Then, full fine-tuning was performed on
these models.

We then tried training adapter models by adding
a classifier layer. Since the off-the-shelf models
have more emotion categories than our dataset,
we added an extra fully connected (FC) layer
with five neurons (equal to emotion labels in the
dataset). The base model is frozen, and only the
FC layer is trained. The Macro F1 score is 0.69 for
cardiffnlp/twitter-roberta-large-emotion-latest with
this approach.

We also experimented with the entailment ap-
proach, in which the dataset was converted to a
premise-hypothesis pair dataset with a label ’0’
or ’1’. ’0’ for hypothesis being in contradic-
tion/neutrality of the premise and ’1’ for hypothesis
being entailment of the premise, respectively, for
every emotion.

Example:
Input Sample: "But not very happy."

Anger Fear Joy Sadness Surprise
Emotions 0 0 1 1 0

Converted to five different samples:
Premise But not very happy.
Hypothesis The speaker is feeling Anger.
Labels [0] (Neutral or Contradiction)

Premise But not very happy.
Hypothesis The speaker is feeling Fear.
Labels [0] (Neutral or Contradiction)

Premise But not very happy.
Hypothesis The speaker is feeling Joy.
Labels [1] (Entailment)

Premise But not very happy.
Hypothesis The speaker is feeling Sadness.
Labels [1] (Entailment)

Premise But not very happy.
Hypothesis The speaker is feeling Surprise.
Labels [0] (Neutral or Contradiction)
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Model Name Track Accuracy Micro F1 Macro F1

SamLowe/roberta-base-go_emotions A 0.21 0.45 0.44
cardiffnlp/twitter-roberta-large-emotion-latest A 0.29 0.54 0.53
Emanuel/twitter-emotion-deberta-v3-base A 0.16 0.45 0.40
meta-llama/Meta-Llama-3-8B-Instruct A 0.24 0.58 0.59
cardiffnlp/twitter-roberta-large-emotion-latest
(Full Fine-tuning)

A 0.43 0.60 0.49

SamLowe/roberta-base-go_emotions (Full Fine-
tuning)

A 0.44 0.61 0.49

cardiffnlp/twitter-roberta-large-emotion-latest
(Added Classifier Layer Only)

A 0.57 0.73 0.69

cardiffnlp/twitter-roberta-large-emotion-latest
(Entailment Approach)

A 0.60 0.73 0.73

Fully fine-tuned Ensemble (final system eval-
uated on test set)

A - 0.7636 0.7344

Table 1: Results of all the experiments conducted for Track A on Dev Set

The Premise and Hypothesis are then appended and
given to a laguange model with an added final layer
of single neuron to predict 0 or 1 for Contradiction
and Entailment respectively.

All results are presented in Section-6.

 cardiffnlp/twitter-roberta-
large-emotion-latest

SamLowe/roberta-base-
go_emotions

Emanuel/twitter-emotion-
deberta-v3-base

Text

Anger JoyFear Sadness Surprise

128 neurons

Figure 3: Model architecture of our system

5.2 Final Approach: Ensemble of Three
Transformer Models

An ensemble using three transformer models:
cardiffnlp/twitter-roberta-large-emotion-latest,
SamLowe/roberta-base-go_emotions, and
Emanuel/twitter-emotion-deberta-v3-base is

created as shown in Figure-3. First, we tokenized
the training, validation, and test datasets using the
tokenizer for each model. A custom ensemble
dataset was created to combine the inputs from
all three models. While training, output of each
model (logits) are concatenated together. The
concatenated outputs were passed through two
fully connected layers of 128 and 5 neurons for
multi-label classification. Binary cross-entropy
loss is used for training the model. The ensemble
was trained for five epochs using a batch size of 8.

The training is done on an A30 24 GB GPU
card. AdamW optimizer with a learning rate of
2e-5 and a weight decay of 0.01 is employed. A
linear learning rate scheduler with no warm-up
steps is used for training. The models are trained
with a maximum sequence length of 256 tokens.
For regularization, dropout is set to 0.1 in the fully
connected layers. The total training time for five
epochs is approximately 30 minutes.

The results are analyzed in Section-6.

6 Results

The results of our experiments are summarized
in Table 1. We began by evaluating several
transformer-based pre-trained models without fine-
tuning. We shortlisted models listed in for initial
experiments and found that the macro-F1 score
hovered between 0.40 to 0.50. To get a compara-
tive understanding, we also evaluated a big model,
meta-llama/Meta-Llama-3-8B-Instruct model, but
could not achieve significant gains in the scores.

Afterward, we focused on smaller mod-
els and fine-tuned the cardiffnlp/twitter-roberta-
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large-emotion-latest and SamLowe/roberta-base-
go_emotions model. A fully fine-tuned version
achieved a marginal improvement over the base-
line. We also experimented with partial fine-tuning
by adding only a classifier layer on top of twitter-
roberta-large-emotion-latest, which resulted in the
best performance among individual models and a
0.69 mmacro-F1 score. Employing an entailment-
based approach with the cardiffnlp/twitter-roberta-
large-emotion-latest model resulted in notable per-
formance improvements, achieving a macro-F1
score of 0.73.

In our final approach, to further boost perfor-
mance, we created an ensemble of pre-trained mod-
els trained on different emotion datasets and fully
fine-tuned the ensemble with added classifier layers
at the top. The models used were cardiffnlp/twitter-
roberta-large-emotion-latest, SamLowe/roberta-
base-go_emotions, and Emanuel/twitter-emotion-
deberta-v3-base. The ensemble achieved the best
overall performance with a Macro-F1 of 0.7344
in the test dataset, demonstrating the advantage of
leveraging multiple models for emotion classifica-
tion.

7 Conclusion

In this challenge, we explored various transformer-
based models for multi-label emotion detection,
evaluating their performance on Track A using
multiple fine-tuning strategies and model en-
sembles. Our results demonstrate that model
architecture and fine-tuning approach significantly
impact performance. Our findings highlight the
advantages of leveraging multiple pre-trained
models and ensembling techniques for emotion
classification tasks. Future work could explore
additional architectures, data augmentation meth-
ods, and domain adaptation techniques to further
enhance model performance and generalizability
across different datasets. Our findings show that
fine-tuning smaller models can sometimes perform
as well as, or even better than, larger models. This
means it is possible to improve accuracy without
the requirement of very big models like LLMs.

Future Work

In the future, there are several ways we can improve
the performance of our model. One important area
is making these methods work for low-resource lan-
guages, where pre-trained models are not available.

This might require new techniques like transfer
learning or data augmentation techniques. We pro-
pose investigating cross-lingual transfer learning,
e.g., XLM-R (Conneau et al., 2020), mBERT (De-
vlin et al., 2019) adaptations and back-translation-
based data augmentation (Sennrich et al., 2016) to
synthetically expand training data. Another chal-
lenge we face is class imbalance, where some emo-
tions are harder to detect because they appear less
often in the data. Future research could look at
better ways to deal with this, such as creating more
data for rare emotions e.g., SMOTE, Chawla et al.
(2002) or using different loss functions, such as
focal loss, Lin et al. (2018). Lastly, combining
text with other types of data, like speech or images,
as in multimodal fusion (Baltrušaitis et al., 2019)
could make the model even better at understanding
and classifying emotions. This could help create a
more complete system for emotion detection.

Limitations

One of the key limitations of our approach is the
lack of extensive focus on data augmentation strate-
gies, which could have further enhanced model
performance. While we explored an entailment-
based reformulation to expand the dataset, we did
not experiment with other augmentation techniques
such as back-translation, synonym replacement, or
adversarial data augmentation, which might have
introduced greater diversity in training examples.
The high computational cost of full fine-tuning is
another constraint, as large transformer models re-
quire significant GPU resources, making scalability
an issue. Better optimization techniques can miti-
gate the issue to a significant level.
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