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Abstract
Emotion detection in text has emerged as a piv-
otal challenge in Natural Language Processing
(NLP), particularly in multilingual and cross-
lingual contexts. This paper presents our par-
ticipation in SemEval 2025 Task 11, focusing
on three subtasks: Multi-label Emotion Detec-
tion, Emotion Intensity Prediction, and Cross-
lingual Emotion Detection. Leveraging state-
of-the-art transformer models such as BERT
and XLM-RoBERTa, we implemented base-
line models and ensemble techniques to en-
hance predictive accuracy. Additionally, inno-
vative approaches like data augmentation and
translation-based cross-lingual emotion detec-
tion were used to address linguistic and class
imbalances. Our results demonstrated signif-
icant improvements in F1 scores and Pearson
correlations, showcasing the effectiveness of
ensemble learning and transformer-based ar-
chitectures in emotion recognition. This work
advances the field by providing robust meth-
ods for emotion detection, particularly in low-
resource and multilingual settings.

1 Introduction

Emotion detection in text has become an essen-
tial task in Natural Language Processing (NLP),
particularly with the rapid growth of digital com-
munication and social media. Identifying emotions
accurately in textual data can enhance applications
such as mental health monitoring, customer ser-
vice, and user sentiment analysis. However, this
task is complicated by the subtlety and complex-
ity of emotional expression across languages and
cultures. While traditional machine learning meth-
ods have provided baseline solutions, recent ad-
vances in deep learning and transformer models,
like BERT, have shown promise in improving emo-
tion recognition capabilities.

This research builds on this foundation by focus-
ing on the challenges presented in SemEval Task
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11. Our work addresses three primary subtasks as
defined in SemEval 2025 Task 11: (1) Multi-label
Emotion Detection (Track A), which involves de-
tecting multiple emotions such as joy, sadness, fear,
anger, and surprise from text snippets; (2) Emo-
tion Intensity Prediction (Track B), where the
goal is to predict the intensity of each emotion on
an ordinal scale from 0 (none) to 3 (high); and
(3) Cross-lingual Emotion Detection (Track C),
which extends emotion detection to multilingual
settings, introducing an additional emotion cate-
gory (disgust) in certain languages (Muhammad
et al., 2025b). By participating in this competitive
NLP task, we aim to identify the most effective
models and techniques for emotion detection, in-
cluding cross-lingual approaches that address the
diversity of emotional expression across languages.
The complexity of emotion recognition lies not
only in identifying emotions but also in accurately
determining their intensity, making this task both
practical and academically valuable.

2 Related Works

Recent work in emotion recognition has tackled
several interrelated challenges. In the domain of
Emotion Recognition in Conversations (ERC),
tasks such as SemEval 2024 Task 10 introduced the
Emotion Discovery and Reasoning its Flip in Con-
versation (EDiReF) challenge (Kumar et al., 2024),
which explored recognizing emotion transitions
in both English and code-mixed Hindi-English
dialogues. Approaches by teams like UMUTeam
(Pan et al., 2024) demonstrated the effectiveness of
fine-tuning pre-trained transformers (e.g., BERT)
on annotated conversational datasets despite
challenges such as subtle emotional shifts.

Parallel efforts have focused on cross-lingual
emotion detection, where researchers have
leveraged multilingual models like mBERT
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and XLM-RoBERTa to predict emotions across
languages (Wang et al., 2024). Models such
as those proposed by Wadhawan and Aggarwal
(Wadhawan and Aggarwal, 2021) have shown
state-of-the-art performance in code-mixed texts,
reinforcing the importance of multilingual training
for tasks like Task 11.

Further, emotional flip reasoning (EFR) –
the process of identifying trigger utterances respon-
sible for emotional shifts – has been investigated
to enhance conversational agents’ empathy and
contextual understanding (Kumar et al., 2024;
Pan et al., 2024). Ensemble approaches, as
seen in MasonTigers’ work on semantic textual
relatedness (Goswami et al., 2024), also indicate
that combining multiple models can lead to more
robust performance. Additional datasets such as
GoEmotions (Demszky et al., 2021) and SemEval
2018 Task 1 (Mohammad et al., 2018) have
contributed fine-grained emotion intensity labels,
providing further context to our investigations.

3 System Overview

3.1 Dataset overview:
The dataset used for these tasks is BRIGHTER
dataset which is a collection of multi-labeled
emotion-annotated datasets in 28 different lan-
guages. (Muhammad et al., 2025a) There are 5
emotion labels for some languages that is joy, sad-
ness, fear, anger, and surprise. Whereas disgust is
labeled as a sixth emotion in other languages

Tables 1, 2, and 3 give a glimpse of input/output
formats and emotion labels for each track.

Id Text Anger Fear Joy Sadness Surprise
sample_01 Never saw him again. 0 0 0 1 0
sample_02 I love telling this story. 0 0 1 0 0

Table 1: Track A: Multi-label Emotion Detection For-
mat (binary labels).

Id Text Anger Fear Joy Sadness Surprise
sample_01 Never saw him again. 0 0 0 2 0
sample_02 I love telling this story. 0 0 2 0 0

Table 2: Track B: Emotion Intensity Prediction Format
(ordinal labels 0–3).

Text Anger Disgust Fear Joy Sadness Surprise
Auf die Frage an Präsident Biden. 1 0 0 0 0 0
Sind Organe von adipösen Menschen 0 0 0 0 0 0

Table 3: Track C: Cross-lingual Emotion Detection For-
mat (additional disgust label).

3.2 Track A: Multi-label Emotion Detection

For Track A, we initially trained the BERT-base-
uncased model (110M parameters) as a baseline
due to its strong bidirectional context understand-
ing. The training utilized standard hyperparameters.
To improve performance, we adopted an ensemble
learning approach, combining multiple models:

• DistilBERT-base: A faster and more efficient
version of BERT, optimized for NLP tasks.

• DeBERTa-base: Enhances NLP task accu-
racy through improved attention mechanisms.

• XLM RoBERTa-base: A multilingual model
designed to improve classification perfor-
mance across diverse languages.

Ensembling these models improved robustness
by leveraging their individual strengths. For only
English language, We did data augmentation. Ini-
tially, we used the Gemini API for dataset augmen-
tation, but due to its request limits, we transitioned
to GPT-3.5 Turbo API, enabling scalable data aug-
mentation. We also applied class upsampling to
mitigate class imbalance, increasing dataset size
from 2800 to 5000 rows, though perfect balance
was not achieved. We also applied NLP data aug-
mentation techniques to enhance our dataset and
improve model generalization. Specifically, we
used synonym replacement and back translation
as augmentation methods. Synonym replacement
involved substituting words with their synonyms
while preserving the overall meaning of the text,
helping the model learn different lexical variations.
Back translation was used to translate text into an-
other language and then back into the original lan-
guage, introducing natural variations while main-
taining the original context. These techniques in-
creased the diversity of our training data, and im-
proving the model’s ability to generalize to unseen
examples. For implementation, we used the nl-
paug library, which provided efficient and flexible
augmentation methods for both synonym replace-
ment and back translation, ensuring high-quality
transformations of textual data.

3.3 Track B: Emotion Intensity Regression

For Track B, we used the BERT-base-uncased
model to encode text snippets. A regression layer
was added on top of the encoder to predict the
intensity values directly in the range of 0 to 3. For
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this purpose, we employed standard Mean Squared
Error (MSE) loss:

L =
1

N

N∑

i=1

(ŷi − yi)
2 (1)

where ŷi is the predicted intensity score and yi is
the ground truth. To map these continuous predic-
tions to the discrete labels (0, 1, 2, 3), the values
were rounded to the nearest integer. We then ap-
plied an ensemble strategy, selecting the top three
models based on Mean Squared Error (MSE):

• DeBERTa-v3-base

• DeBERTa-v3-large

• RoBERTa-base

For multilingual extension, we followed Track
C’s translation pipeline, training each language-
specific model separately. To deal with class imbal-
ance, We also experimented with assigning class
weights based on inverse frequency for two lan-
guages (German and Portuguese), leading to im-
proved performance.

The approach for Track C mirrored Track
A with slight modifications. The models
trained included DistilBERT-base-multilingual,
Multilingual-BERT-base-cased, and XLM
RoBERTa-base

To enhance cross-lingual performance, we in-
troduced a translation-based method as shown in
Figure 1.

Figure 1: Cross-lingual Emotion Detection Using Trans-
lation

This involved translating training data into En-
glish using Facebook’s Seamless M4T-v2-large
model before training, followed by translating tar-
get languages into English before classification.
We strategically paired languages based on seman-
tic similarities as shown in Table 4. The pairings of
target and training languages for the cross-lingual
emotion detection task are justified based on lin-
guistic similarity, cultural proximity, and available

training data. For example, Afrikaans and German,
both Germanic languages, share vocabulary and
grammar, which aids cross-lingual transfer. Sim-
ilarly, Amharic and Somali, despite being from
different language families, share a regional and
cultural context, allowing for similar emotional ex-
pressions. Igbo and Hausa, spoken in Nigeria, also
have cultural overlap, making emotional expression
transfer feasible. Somali and Amharic, geographi-
cally and culturally close, exhibit shared emotional
expression patterns. Chinese and Latin American
Spanish, spoken by large and diverse populations,
offer rich data for training cross-lingual models.
Swahili and Somali, both from East Africa, share
cultural context and emotional expression similari-
ties. Hindi and Marathi, as Indo-Aryan languages
with shared vocabulary and grammar, also have
similar cultural expressions, making them ideal
pairings. The reverse pairing of Marathi and Hindi
is equally valid due to their linguistic and cultural
overlap. German and Swedish, both Germanic lan-
guages, share syntax and cultural context in North-
ern Europe, which facilitates cross-lingual emotion
detection. Latin American Spanish and Romanian
have similar communicative styles due to their Ro-
mance language roots, making them suitable for
cross-lingual models. The reverse pairing of Ro-
manian and Latin American Spanish works for the
same reasons. Russian and Ukrainian, both Slavic
languages, have high lexical similarity and cultural
overlap, which supports their use in emotion de-
tection. Similarly, Swedish and German, both Ger-
manic languages, share similar structures and emo-
tional expression. Finally, Ukrainian and Russian,
with significant linguistic and cultural similarities,
provide a strong basis for cross-lingual emotion
detection. These pairings are based on shared lin-
guistic features, cultural contexts, and available
resources, facilitating effective emotion detection
across languages.

3.4 Resources Beyond Training Data

• Lexicons and Augmentation Tools: Gem-
ini API and GPT-3.5 Turbo API for dataset
enrichment.

• Translation Pipeline: Facebook’s Seamless
M4T-v2-large for cross-lingual adaptation.

• Language Pairing Strategy: Matching tar-
get and training languages to optimize cross-
lingual performance (Table 4).
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Target Language Best Training Language
Afrikaans German
Amharic Somali
Igbo Hausa
Somali Amharic
Chinese Latin American Spanish
Swahili Somali
Hindi Marathi
Marathi Hindi
German Swedish
Latin American Spanish Romanian
Romanian Latin American Spanish
Russian Ukrainian
Swedish German
Ukrainian Russian

Table 4: Best Training Language for Each Language
Pair

4 Experimental Setup

Our experiments were conducted separately for
each track, leveraging transformer-based models
and ensemble learning strategies. We utilized the
provided training and validation sets, with the val-
idation set incorporated into training for the final
submission. Preprocessing, hyperparameter tuning,
and ensemble strategies varied across tasks.

4.1 Track A: Multi-label Emotion Detection

For the baseline, we fine-tuned a BERT-base-
uncased model (110M parameters) using common
hyperparameters (4 epochs, batch size 16, learn-
ing rate 5 × 10−5). To improve performance, we
employed an ensemble of:

• DistilBERT-base-uncased

• DeBERTa-base

• XLM-RoBERTa-base

Ensembling was performed by averaging the output
logits from each model. Table 5 summarizes the
training hyperparameters.

Model(s) Epochs Batch Size Learning Rate
BERT-base-
uncased

4 16 5× 10−5

Ensembled (Dis-
tilBERT, De-
BERTa, XLM-
RoBERTa)

8 16 5× 10−5

Table 5: Training hyperparameters for Track A.

4.2 Track B: Emotion Intensity Prediction
For Track B, the baseline used the BERT-base-
uncased encoder with an added regression layer
to predict continuous intensity values (0–3), which
were then rounded. An ensemble of five models
was trained, and the top three (including DeBERTa-
v3-base, DeBERTa-v3-large, and RoBERTa-
base) was selected based on Mean Squared Error
(MSE). Table 6 lists the training losses and MSE
for the evaluated models.

Model Training Loss MSE
microsoft/deberta-v3-base 0.12 0.22
microsoft/deberta-v3-large 0.04 0.23
roberta-base 0.08 0.25
bert-base-uncased 0.07 0.27
distilbert-base-uncased 0.13 0.29
FacebookAI/xlm-roberta-base 0.40 0.36

Table 6: Training loss and MSE for various models in
Track B.

4.3 Track C: Cross-lingual Emotion Detection
For Track C, we initially fine-tuned multilingual
versions of the same model used in Track A. Using
similar hyperparameters (4 epochs, batch size 16,
learning rate 5× 10−5). We obtained baseline re-
sults (e.g., a maximum macro F1 score of 0.09566
with XLM-RoBERTa-base).

An alternative approach incorporated an inter-
mediate translation step. Training data in German
was translated to English using a model from the
University of Helsinki (via HuggingFace), and the
target Russian texts were similarly translated be-
fore inference. Table 7 shows the training and
validation losses for this method.

Model Training Loss Validation Loss
FacebookAI/xlm-roberta-base 0.32 0.38
distilbert-base-multilingual 0.35 0.35
multilingual-bert-base-uncased 0.32 0.37

Table 7: Training and validation losses for Track C
(simple approach).

5 Results

5.1 Track A: Multi-label Emotion Detection
Initially, we fine-tuned the BERT-base-uncased
model to establish a baseline for performance on
English Dataset. During training, we recorded key
metrics such as training loss, validation loss, accu-
racy, and F1 score for each epoch, using an 80-20
training-validation split. The macro and micro F1
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scores, reported in Table 8, represent the result
on the test dataset, as obtained by submitting the
model predictions to CodaBench. This baseline
model achieved a macro F1 score of 0.65 and a
micro F1 score of 0.61.

Subsequently, we adopted an ensemble learning
approach, combining multiple models to improve
performance. The models included in the ensemble
were DistilBERT-base-uncased, DeBERTa-base-
uncased, and XLM Roberta-base. By averag-
ing the logits from these models to generate final
predictions, we significantly improved the macro
and micro F1 scores, achieving 0.67 and 0.69 re-
spectively. The Table 8 also shows the scores of
multiple languages on the ensemble approach.

Language Micro F1 Score Macro F1 Score
English
(baseline)

0.65 0.61

English (en-
semble)

0.74 0.71

Afrikaans
(ensemble)

0.62 0.45

German
(ensemble)

0.61 0.44

Amharic
(ensemble)

0.63 0.45

Spanish (en-
semble)

0.70 0.71

Hindi (en-
semble)

0.81 0.80

Marathi (en-
semble)

0.76 0.76

Russian (en-
semble)

0.71 0.72

Arabic (en-
semble)

0.20 0.14

Swedish
(ensemble)

0.51 0.21

Table 8: Performance of various fine-tuned models em-
ployed for predicting emotion labels.

5.2 Track B: Emotion Intensity Prediction
For emotion intensity prediction, we used a fine-
tuned ensemble model on multilingual datasets.
Our best average Pearson correlation score was
0.60 for Amharic and 0.57 for German. Joy and
sadness were the easiest emotions to predict, while
surprise and fear showed lower correlation scores.
The overall results are shown in Table 9

Language Overall
AMH 0.60
DEU 0.53
ENG 0.74
ESP 0.64
PTBR 0.38
RUS 0.76
ARQ 0.30
CHN 0.47
HAU 0.39
UKR 0.42
RON 0.49

Table 9: Average Pearson correlation score for different
languages in Track B

5.3 Track C: Cross-lingual Emotion Detection

Using the translation method, subsequently, we
adopted an ensemble learning approach the same
in Track A, combining multiple models to improve
performance. The models included in the ensemble
were DistilBERT-base-uncased, DeBERTa-base-
uncased, and XLM Roberta-base. By averaging
the logits from these models to generate final pre-
dictions. The Table 10 also shows the scores of
multiple languages on the ensemble approach.

Language Macro F1 Micro F1
Afrikaans 0.30 0.35
Amharic 0.26 0.30
German 0.08 0.16
Spanish 0.24 0.33
Hindi 0.67 0.69
Marathi 0.76 0.76
Russian 0.20 0.22
Somali 0.27 0.38
Chinese (Mandarin) 0.39 0.45
Swahili 0.11 0.12
Swedish 0.22 0.51
Ukrainian 0.17 0.21
Igbo 0.09 0.17
Romanian 0.47 0.53

Table 10: Macro F1 and Micro F1 Scores for Different
Languages

The best results were observed in Hindi and
Marathi, likely due to their regional relevance, as
well as the high quality of the translations in the
translation method employed.

6 Conclusion

Our work demonstrates that transformer-based
models, particularly when combined in ensemble
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frameworks, can effectively address the challenges
of emotion detection in text. For both multi-label
classification and intensity prediction, ensemble
learning significantly improved performance over
single-model baselines. In the cross-lingual setting,
the translation-based approach yielded notable im-
provements, underlining the potential of interme-
diate language translation to bridge linguistic gaps.
Future work will explore refined data balancing
strategies, and the integration of larger advanced
models (e.g., LLaMA 3.2, T5) to further enhance
performance.
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