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Abstract

This paper presents our system that have been
developed for SemEval-2025 Task 11: Bridg-
ing the Gap in Text-Based Emotion Detection.
The system is able to do two sub-tasks: Track
A, related to detecting emotion(s) in a given
text; Track B, related to calculate intensity of
emotion(s) in a given text. The system will
have EmoBERTa as the model baseline, despite
some minor differences used in the system ap-
proach between these tracks. With the system
designed above, Track A achieved a Macro-
F1 Score of 0.7372, while Track B achieved
Average Pearson r Score of 0.7618.

1 Introduction

SemEval-2025 is the 19th edition of SemEval.
SemEval-2025 presents 11 different tasks, one of
which is the task titled as "SemEval-2025 Task
11: Bridging the Gap in Text-Based Emotion De-
tection”. This task focuses on text-based emotion
recognition. In the repository provided, there are 3
sub-tasks that can be done, which will be referred
to as "Tracks", namely:

• Track A: Multi-Label Emotion Detection

• Track B: Emotion Intensity

• Track C: Cross-lingual Emotion Detection

Due to time constraints, we were only able to
build the system for two different tracks, that being
Track A and Track B. For the English language,
there are five available emotions: anger, fear, joy,
sadness, and surprise. Track A focused on pre-
dicting emotions within a text by assigning label to
each of the five emotions, with either 0 (no emotion
detected) or 1 (emotion detected). Track B focused
on predicting emotions within a text by assigning
label to each of the five emotions, with either 0 (no
emotion), 1 (low degree of emotion), 2 (moderate
degree of emotion), or 3 (high degree of emotion).

There are several applications on Text-Based
Emotion Detection (TBED) in the modern world.
First, TBED can help to detect or diagnose a user’s
mental health through their posts on social media
(Saffar et al., 2022). Second, integrating TBED into
an AI system allows for better understanding and
interaction between the AI or computers and hu-
mans (Machová et al., 2023). And the last example
being its integration to business and finances allows
data analysts to understand customer reviews more
efficiently (Kusal et al., 2022).

In this paper, we propose a system named
AGHNA (Automated Generalized Human-emotion
detection with a Neural Approach). AGHNA
utilizes EmoBERTa as the base model for both
tasks mentioned before (Track A & Track B).
EmoBERTa is a model developed or fine-tuned
from RoBERTa to achieve better results specifically
in Emotion Recognition in Conversation (ERC)
tasks. EmoBERTa is able to generate better per-
formance compared to other ERC models, such
as DialogXL and CESTa (Kim & Vossen, 2021).
To further enhance EmoBERTa’s performance for
both tasks, AGHNA incorporates several additional
approaches to the system. These approaches are:
Experimenting different feature extraction methods,
applying optimization with AdamW, using Binary
Cross Entropy (for Track A) and Mean Squared
Error (for Track B), and other approaches that will
be elaborated even further throughout the paper.

2 Related Works

Related work in the field of TBED has produced
various new methods and approaches, but several
aspects are still not perfect. The biggest challenge
is the high computing resources required due to the
complexity of the models being built and the large
amount of data that must be trained before testing.

One of the related studies is a research on cre-
ating an annotated corpus for Bangla multi-label
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emotion detection (Banshal et al., 2023) by collect-
ing data in the form of comments totaling 136,583
data taken from 11 different news stories on Face-
book.

The implemented approach uses feature extrac-
tion methods such as tokenization and TF-IDF. Af-
ter that, various methods were applied, using Ma-
chine Learning (ML) algorithm (Logistic Regres-
sion, Random Forest, Multinomial Naive Bayes,
Support Vector Machine, and K-Nearest Neigh-
bors), Deep Learning (DL) algorithm (LSTM, BiL-
STM, and hybrid CNN-BiLSTM and CNN-LSTM),
and transformer-based algorithms (BanglaBERT,
mBERT, Bangla-Bert-Base, and Bangla-Electra).
The results are as follows:

• The MNB algorithm achieved the best perfor-
mance among ML algorithms with an accu-
racy of 82.64

• BiLSTM provided the best performance
among DL algorithms with an accuracy value
of 79.14

• Bangla-Bert-Base provided the best perfor-
mance among transformer-based algorithms
with an accuracy of 83.23

There are several advantages offered from the
results of this research. These advantages include
MONOVAB’s contribution to providing a TBED
in Bangla which was previously minimal, the use
of various approaches (ML, DL, and Transformers)
to obtain the most optimal results, as well as an
annotation process using a context-based approach.
However, there are also limitations in this research.
First, the high complexity due to the implementa-
tion of various approaches requires high comput-
ing resources. Second, there are data that can’t be
adapted to the corpus because the data cannot be
processed using a context-based approach, suggest-
ing for a more suitable lexical-based approach.

Another related research discuss about emotion
prediction in text and multi-turn conversations by
Combining Advanced NLP, Transformers-based
Networks, and Linguistic Methodologies (Singh
et al., 2024) which was carried out based on tasks
from “WASSA 2022 Shared Task: Predicting Em-
pathy, Emotion and Personality in Reaction to
News Stories” and “WASSA 2023 Shared Task:
Empathy, Emotion and Personality Detection in
Conversation and Reactions to News Articles”,
both of which are related to emotion prediction.

Split WASSA 2022 WASSA 2023
Training 1,860 792
Test 525 136
Validation 270 208

Table 1: Data frequency for WASSA 2022 and WASSA
2023 datasets.

The dataset used comes from WASSA 2022 and
WASSA 2023, with the statistics provided in the
Table 1.

The approach taken in this research involves us-
ing a Feedforward Neural Network (FFNN) with
ReLU activation and PyTorch, experimenting with
various embedding models as input to the neural
network, hyperparameter tuning, overcoming data
imbalances, utilizing lexicon features, and an en-
semble method using two SVR models to model
the relationship between text features and emo-
tions. The final results of the study showed an
average score increase of 33.59% over the baseline
for WASSA 2022 and 64.02% over the baseline for
WASSA 2023.

There are several advantages obtained from the
results of this research. These advantages include
the use of transformers that are integrated with var-
ious linguistic features and ensemble methods that
can mitigate bias by combining multiple predic-
tions. However, there are also drawbacks in this
research. The most noticeable drawback in this
research is the high complexity of the model due to
the combination of various approaches that requires
high computational resources.

3 Dataset

This research will use the dataset provided by the
organizers of this SemEval task. There will be an
equal amount of data and texts given for both Track
A and Track B in the English language, with the
statistics provided in Table 2.

Split # of rows
Train 1,860
Dev 525
Test 270

Table 2: Data frequency for SemEval-2025 Task 11
English dataset.

There are two stages of system development dur-
ing the process: Development stage, where partici-
pants use the Dev data to make predictions; Testing
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Emotion # Emotion Frequency
Anger 333
Fear 1,611
Joy 674
Sadness 878
Surprise 839
Total 4,335
Avg. emotion
frequency/text

1.566

Table 3: Emotion frequency for SemEval-2025 Task 11
English Train dataset.

stage, where participants use the Test data to make
predictions.

Since the task involves a multi-label dataset,
there are multiple instances where a sentence may
have more than one detected emotion, either in the
Train dataset or as the result of system’s predictions.
After a quick analysis, each emotion’s frequency
in the Train dataset are provided in Table 3.

There is a noticeable discrepancy in terms of
emotion frequency within the given dataset. For ex-
ample, the emotion fear appears in 1,611 different
texts, whereas the emotion anger appears in only
333 different texts, approximately five times less
than fear. This, in return, causes data imbalance
and may lead into biases in the system’s predic-
tions.

4 Benchmark

The benchmark used for evaluating the perfor-
mance of the proposed system in this research is
based on the official baseline scores provided by
the task organizers. These baseline scores are de-
rived from the organizers’ own research effors re-
lated to the task and serves as the reference for the
evaluation of our system’s final performance. The
baseline system utilizes the RemBERT model, a
model that can be used for multiple tasks including
text classification, the main topic of this research.
In detail, the baseline has a Macro-F1 Score of
0.7083 for Track A, and an Average Pearson Cor-
relation Coefficient (r) Score of 0.6415 for Track
B (Muhammad et al., 2025).

5 System Overview

Although several adjustments are required to han-
dle Track A and Track B separately, it is important
to note that, due to the similar nature of processing
for both tracks (making predictions on given texts),

Figure 1: AGHNA’s Architecture Design

the overall system design remains similar to that
shown in Figure 1.

The system designed for this task will be based
on EmoBERTa. Unlike most existing works on
ERC that combine different kinds of neural network
architectures, and therefore deemed too complex,
EmoBERTa simply utilizes the existing RoBERTa
model while encoding the speaker’s information
along with multiple utterances.

EmoBERTa demonstrated very good results
when tested with MELD (Multimodal Emotion-
Lines Dataset) and IEMOCAP (Interactive Emo-
tional Dyadic Motion Capture) datasets outperform-
ing several ERC models. On MELD, EmoBERTa
achieved a weighted F1-Score of 65.61%, slightly
better than the next model, COSMIC (Ghosal
et al., 2020) with 65.21%. And, on IEMO-
CAP, EmoBERTa achieved a weighted F1-Score of
68.57%, slightly better than the next model, CESTa
(Wang et al., 2020) with 67.1% (Kim & Vossen,
2021). After understanding the beneficial perfor-
mance of EmoBERTa for this task, we aim to im-
prove its performance by implementing additional
methods into our final system. The additional meth-
ods will focused on hyperparameter tuning in sev-
eral areas, such as the number of epoch, batch size,
learning rate, etc.
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5.1 Track A

Track A focuses on predicting whether if a specific
emotion is present in a given text. Since this is
a binary classification task, Binary Cross Entropy
(BCE) loss function will be used to analyze the
model’s performance. For the preprocessing stage,
we will utilize Term Frequency–Inverse Document
Frequency (TF-IDF) as a method to calculate the
importance of words in a text. TF-IDF analyzes
several key terms in a document relative to the
corpus.

Inside the main training process, focal loss will
be utilized to handle class imbalance. To optimize
model training, AdamW Optimizer will be used
to maintain model stability and performance by
decoupling weight decay, alongside learning rate
schedulers to adjust the learning rate throughout
the training process.

5.2 Track B

Track B focuses on predicting the intensity of an
emotion in a given text. Unlike Track A that fo-
cuses on binary classification issues, Track B deals
on regression classification, as the label may span-
ning in a real value between 0 and 3. Therefore,
they system can’t use BCE for this track. Instead,
We will use Mean Squared Error (MSE) as the al-
ternative loss function. MSE works similarly to
BCE in calculating training errors but it is designed
for regression tasks instead of binary tasks.

While the main approach for Track B is mostly
similar to Track A, we also put an experimentation
on new methods during our research for Track B.
For example, in the preprocessing stage, we ex-
plored using TextBlob as it is provides more capa-
bilities at feature extraction. We’ve also integrated
attention mechanism to help the system focus more
on specific/relevant parts of the text, improving
accuracy. Lastly, to handle class imbalance, we
also implemented data augmentation to the system,
giving a more diverse training examples. Unfortu-
nately, due to time constraints, we were unable to
add these new approaches to Track A.

6 Result

For the training dataset, we combined 2,768 data
from the provided training dataset with an addi-
tional 116 data from the Dev dataset. The Dev
dataset were included because they had been as-
signed gold labels by the organizers, meaning they
had been manually reviewed and correctly labeled.

Giving a total number of 2,884 data prepared to be
trained before the system starts to make predictions
into the Test dataset.

During the training process, we conducted sev-
eral experiments to fine-tune the system’s perfor-
mance. After analyzing the results, we identified
and collected the optimal combination of hyperpa-
rameters that may yielded the best results for the
system. The hyperparameters’ values are provided
in Table 4.

Hyperparameter Value
seed 42
model tae898/emoberta-

large
max. sequence length 128
batch size 16
epoch 3
learning rate 4e-5
warmup ratio 0.1
gradient clipping max_norm = 1
(tf-idf)
max_features 2000
ngram_range (1, 3)
min_df 2
max_df 0.95
alpha 0.5
gamma 2
weight based on class imbal-

ance
feature extraction sentiment_polarity

sentiment_subjectivity
text_length
word_count
uppercase_ratio
exclamation_count
question_count

Table 4: Model Hyperparameters

To minimize the system’s execution time, we
opted to ran the system for both tracks using
NVIDIA A100 GPU on Google Colab, as it is the
fastest accelerator compared to other accelerators
in Google Colab. After running the system for
both tracks independently, we also run the system
for two other different models with the intention
of model comparison: BERT (bert-large-uncased)
and RoBERTa (roberta-large). The system’s final
results/performance submitted to CodaBench for
the SemEval competition, alongside comparisons
to other models, are presented in Tables 5 and 6.
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Emotion F1-Score (%)
Anger 68.12
Fear 80.05
Joy 73.70
Sadness 74.10
Surprise 72.63
Macro-F1 73.72
Micro-F1 75.19

Table 5: System’s final result for Track A (EmoBERTa only).

Emotion emoberta-large roberta-large bert-large-uncased
Anger 72.15 69.18 67.21
Fear 77.14 76.22 74.54
Joy 80.41 77.83 77.00
Sadness 79.50 75.96 75.92
Surprise 71.72 68.90 66.46
Average 76.18 73.62 72.23

Table 6: System’s final result for Track B between three different models (%).

For the purpose of ranking and evaluation from
the organizers, Macro-F1’s Score will be used as
the main metric for Track A, while Average Pear-
son Correlation Coefficient (r)’s Score will be used
for Track B.

In Track A, our system AGHNA achieved a
Macro-F1 Score of 73.72%, placing 38th out of 97
participants, placing it within top 40% of all sub-
missions. This result represents a small improve-
ment of 4.08% over the baseline score of 70.83%
provided by the task organizers. Meanwhile, for
Track B, AGHNA achieved an Average Pearson
Correlation Coefficient (r) Score of 76.18%, plac-
ing 11th out of 43 participants, placing it within
top 26% of all submissions. This result represents
a major improvement of 18.75% over the baseline
score of 64.15% provided by the task organizers.

From Table 6, it can be seen that EmoBERTa
(emoberta-large) outperforms BERT (bert-large-
uncased) and RoBERTa (roberta-large) in Track
B by an average margin of 2-4%. Unfortunately,
we lost the experiment logs for Track A, and since
the system was updated after the SemEval test
phase ended, we are unable to re-run the mod-
els in their pre-update versions before the paper
submission deadline, hence why we only showed
the EmoBERTa-only result for Track A in Table
5. Nevertheless, we can confirm that EmoBERTa
also outperforms both BERT and RoBERTa in the
updated system, by combining approaches from
Track B into Track A as shown in Table 7.

Data imbalance remains a significant challenge
in Track A, provided by the notable difference in
F1-Score between the emotions anger and fear. The
gap between these two emotions is 11.93%, indicat-
ing several emotions are more accurately predicted
than others. Such difference suggests the model
struggles to generalize across every emotions in the
dataset, most likely due to uneven distribution of
emotions within the given dataset. Although with
such problems faced in Track A, Track B doesn’t
seem to suffer as much, with the lowest and high-
est Pearson Correlation Coefficient (r) Score, per-
formed by surprise and joy respectively, differs by
only 8.69%. This statistics further highlight Track
B’s overall success while also giving a massive
understanding the need of improvement for Track
A.

Due to the time constraints given by the task
organizers, our research was unable to implement
several Track B’s methods to Track A. Although,
by how successful the result for Track B is com-
pared to Track A, we have integrated several meth-
ods from Track B (such as the implementation
of TextBlob) into Track A after the SemEval test
phase ended, and we plan to add more features for
both tracks in the future.

7 Conclusion

As seen in the results and ranking statistics from
the previous chapter, AGHNA demonstrates strong
capabilities in predicting emotions, both in binary
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Emotion emoberta-large roberta-large bert-large-uncased
Anger 62.55 63.75 56.21
Fear 84.70 84.06 82.91
Joy 78.48 75.82 76.07
Sadness 75.43 76.55 73.93
Surprise 72.81 70.71 68.84
Average 74.79 74.18 71.59

Table 7: Updated system’s final result for Track A between three different models (%).

classification detection (Track A) and regression
classification for intensity (Track B). This is evi-
dent from AGHNA’s performance outperforming
two baselines (one for each tracks) set by the or-
ganizers and achieved a top-half ranking in both
tracks, including an almost top-quarter ranking in
Track B.

Despite these results, there are still several room
for improvements in both tracks, especially Track
A. Therefore, we hope that in future research, we,
or others interested in further improving the sys-
tem, can develop way better solutions to bring an-
other improvement for EmoBERTa’s performance
in emotion detection. Although improvements are
desired for both tracks, we believe Track A war-
rants more in-depth analysis, as it shows bigger
potential for improvement.
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