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Abstract

Emotion detection in text is a key task in com-
putational linguistics, challenged by linguis-
tic ambiguities, cultural differences, and the
scarcity of non-English resources, limiting its
multilingual applicability. While pre-trained
transformers and neural networks have shown
strong performance, research remains largely
English-centric, highlighting the need for in-
clusive, cross-linguistic approaches. This work
tackles SemEval-2025 Task 11, Track A: Multi-
label Emotion Detection (Muhammad et al.,
2025b), predicting perceived emotions (joy,
sadness, fear, anger, surprise or disgust) in
text snippets. We propose a hybrid model
combining XLM-RoBERTa embeddings with
Bi-LSTM and multi-head attention, enhanc-
ing contextual understanding and classification
across languages. Experiments on the task
dataset show our model effectively captures
emotional nuances, outperforming the base-
lines in most languages. Results show that our
method improves macro-F1 scores for multi-
lingual emotion classification. These findings
highlight the value of combining transformer-
based embeddings with structured sequence
modeling to better represent linguistic and cul-
tural diversity.

1 Introduction

Since its inception, artificial intelligence has sought
to solve human and social problems through tech-
niques such as natural language processing (NLP),
which combines computational and linguistic meth-
ods to enable computers to understand human lan-
guages in formats such as text and audio/voice
(Acheampong et al., 2020).

Several initiatives have introduced emotion de-
tection tasks to encourage the research community
to develop competitive tasks for processing, under-
standing, and generating text. These efforts present
new research challenges and establish state-of-the-
art results in this field. There are works that have

significantly advanced the field of emotion detec-
tion by tackling different aspects, e.g., Mohammad
et al. (2018) laid a strong foundation by introducing
multi-label emotion classification and emotion in-
tensity prediction in tweets, providing a benchmark
for fine-grained affect detection. Building on this,
the work of Kumar et al. (2024) extends the chal-
lenge to conversational contexts, emphasizing emo-
tion shifts and their reasoning, a crucial step toward
developing systems capable of understanding emo-
tional transitions. Meanwhile, García-Vega et al.
(2020) contribute to the field by introducing emo-
tion detection in Spanish-language tweets, address-
ing the gap in multilingual emotion classification,
and enhancing NLP applications for non-English
texts. These joint efforts highlight the growing im-
portance of emotion-aware systems, particularly
in social media monitoring, mental health applica-
tions, and human-computer interaction (Al-Saqqa
et al., 2018). By broadening the scope of affective
computing to include emotion intensity, conver-
sational reasoning, and language diversity, these
advancements improve the depth and applicability
of the field. Their contributions drive the devel-
opment of more context-aware, explainable, and
adaptable models.

Despite significant advancements in recent years
to address the challenges of sentiment analysis,
emotion classification remains a complex task for
NLP systems, whose relevance has continued to
grow over time.

This paper presents a model for Track A of
SemEval-2025 Task 11: Bridging the Gap in
Text-Based Emotion Detection (Muhammad et al.,
2025a; Belay et al., 2025; Muhammad et al.,
2025b), which focuses on predicting a speaker’s
perceived emotions based on a given text snippet.
We propose to solve the challenge as a multi-label
classification problem using an approach that lever-
ages a transformer-based encoder to extract deep
semantic representations, with a Bi-LSTM for cap-
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turing temporal dependencies and multi-head atten-
tion mechanisms to refine emotion-specific features
further. This architecture enables the effective de-
tection of multiple emotions in multilingual text,
contributing to advancements in affective comput-
ing.

The rest of the paper is organized as follows:
Section 2 describes the problem and the related
work. Section 3 presents the system proposed and
discusses the experimental setup to tackle task A;
meanwhile, Section 4 analyzes the results. The
conclusions are presented in Section 5.

2 Background

Emotion detection involves identifying a person’s
sentiments or feelings. In computational linguistics,
it identifies a discrete emotion in a text (Nandwani
and Verma, 2021). This task is challenging due to
cultural differences, linguistic ambiguity, and the
use of slang.

The techniques for emotion detection include
lexicon-based, machine learning, and deep learn-
ing approaches (Seyeditabari et al., 2018). Lexicon-
based approaches use dictionaries of words with
sentiment values to determine the predominant
emotion in a text. On the other hand, machine
learning models rely on labeled datasets to train
supervised models that predict emotions. The most
recent methodologies are based on deep learning,
which applies neural networks with minimal fea-
ture engineering.

The work of Ameer et al. (2023) tackles the
problem of multi-label emotion classification us-
ing an approach that combines multiple attention
mechanisms with recurrent neural networks and
pre-trained transformer models (through transfer
learning). This approach achieves results that sur-
pass the state of the art in terms of accuracy. Wang
et al. (2024) propose an emotion detection model
that distills knowledge from a high-performing En-
glish monolingual model to a multilingual model.
This approach enhances emotion detection, demon-
strating the effectiveness of knowledge transfer for
robust and explainable multilingual models.

Despite these advancements, emotion recog-
nition research has primarily focused on high-
resource languages, leaving low-resource lan-
guages underrepresented. Nevertheless, recently,
two studies have introduced large-scale multi-label
emotion datasets aimed at improving multilingual
emotion classification. Muhammad et al. (2025a)

introduce BRIGHTER, a collection of emotion-
annotated datasets spanning 28 languages from
Africa, Asia, Eastern Europe, and Latin America.
The dataset integrates diverse sources and employs
various annotation strategies by fluent speakers. It
features multi-label annotations and intensity lev-
els, enabling a more nuanced understanding of emo-
tions. Experimental results highlight the variabil-
ity in large language model (LLM) performance
across languages and explore cross-lingual transfer
learning. Findings show that multilingual models
achieve better results when trained on linguistically
related languages, while LLMs performance drops
significantly in low-resource settings.

Belay et al. (2025) introduce EthioEmo, a multi-
label emotion dataset for Ethiopian languages, com-
piled from diverse sources such as social media and
news. The study extensively evaluates multiple lan-
guage model architectures and explores translation-
based evaluation methods. The findings highlight
the challenges of multi-label emotion classification
in low-resource settings and expose the limitations
of LLMs in capturing emotional nuances across
linguistic structures.

These datasets and experiments advance the
state-of-the-art in multilingual and multi-label emo-
tion classification as part of SemEval 2025 Task
11.

3 System Overview

The proposed system is designed for multilingual
emotion classification using a hybrid deep learning
approach. It integrates a pre-trained transformer-
based model (Vaswani et al., 2017), a bidirectional
LSTM (Hochreiter and Schmidhuber, 1997) (Bi-
LSTM) network, and a multi-head attention mech-
anism (Vaswani et al., 2017).

The decision to integrate Bi-LSTM and attention
mechanisms with transformer-based architectures
stems from the complementary advantages each
component brings to natural language processing
tasks. Bi-LSTM is well suited for capturing sequen-
tial dependencies and maintaining word order, both
of which are crucial in tasks such as text classifi-
cation and sentiment analysis, where the temporal
structure of input matters. Pure transformer models
can struggle with fine-grained temporal relation-
ships (particularly in low-resource settings), as they
lack inherent sequence modeling capabilities (Otter
et al., 2020). Incorporating Bi-LSTM allows the
architecture to preserve these structural cues, while
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the attention mechanism adds the ability to dynam-
ically highlight important words or phrases, boost-
ing both accuracy and interpretability. This synergy
has been demonstrated in several contexts. For in-
stance, combining Bi-LSTM with BERT has shown
improved entity recognition in medical text due to
better handling of position-sensitive features (Zalte
and Shah, 2024), and sentiment analysis in social
media content benefits from this hybrid by cap-
turing emotional nuances more effectively (Bader
et al., 2024). Attention-enhanced Bi-LSTM archi-
tectures also contribute significantly to explainabil-
ity, an increasingly vital consideration in modern
NLP systems (Galassi et al., 2020). Additionally,
in scenarios such as microblog sentiment classifica-
tion, this hybrid approach helps address overgener-
alization issues commonly seen in transformer-only
models (Jia, 2022). Altogether, the combination
of Bi-LSTM, attention, and transformer compo-
nents provides a well-rounded solution that bal-
ances semantic depth, sequential awareness, and
interpretability, making it a strong alternative to
standalone transformer models.

Below is an overview of the system components
and their functionalities:

• Transformer-based model as a feature extrac-
tor: The system uses a pre-trained transformer-
based model (e.g., BERT, XLM-RoBERTa,
etc.) to generate contextualized embeddings
for input text sequences.

• Bidirectional LSTM: The hidden states from
the transformer are passed through bidirec-
tional LSTM to capture sequential dependen-
cies in the text.

• Multihead attention mechanism: The bi-
LSTM outputs are passed through a multi-
head attention layer to focus on the most rele-
vant parts of the sequence.

• Classification head: The attention outputs are
averaged across the sequence length to obtain
a fixed-size contextual representation. This
representation is then passed through a fully
connected layer to produce logits for each
emotion class. A sigmoid activation is ap-
plied to the logits to obtain probabilities for
multi-label classification.

Finally, predictions are binarized using a thresh-
old, where values greater than the threshold are
classified as positive labels.

To evaluate the effectiveness of our proposed
system, we trained multiple variants using differ-
ent transformer-based models as feature extractors.
Our experimental setup aims to assess how the
choice of transformer architecture influences multi-
lingual emotion classification performance, specifi-
cally focusing on their impact on learned represen-
tations and downstream classification capabilities.
In the following paragraphs, we describe our exper-
iments’ specific model configurations and dataset.

We trained two model variants. The first lever-
ages XLM-RoBERTa (XLM-R) (Conneau et al.,
2019) as the feature extractor for all languages in
the dataset, while the second employs AfriBERTa
(Ogueji et al., 2021), specifically for African lan-
guages. For each, we compared the performance
of the base and large configurations. We evaluate
our models on a multilingual emotion classification
dataset annotated for six emotion categories. Each
instance can have multiple emotion labels, making
this a multi-label classification task.

Datasets The models are trained on SemEval-
2025 Task 11 (track A) datasets which contain
text samples labeled with six emotions: joy,
sadness, fear, anger, surprise, and disgust for
29 languages (Muhammad et al., 2025a; Belay
et al., 2025). Each text snippet is annotated
with binary labels indicating the presence or
absence of each emotion. For English and
Afrikaans, the dataset includes only five emo-
tions. This variation is handled during pre-
processing to ensure compatibility with the
models. The dataset is divided into training,
validation and test sets.

Preprocessing Input text sequences are tokenized
using the tokenizer associated with the pre-
trained transformer model. Sequences are
truncated or padded to a fixed length of 128
tokens. On the other hand, for languages with
fewer emotions, the missing emotion is set to
0 for all samples.

Model configuration

• Pre-trained transformer encoder: Pre-
trained transformer models, namely
XLM-RoBERTa-base, XLM-RoBERTa-
large, AfriBERTa-base and AfriBERTA-
large, are used as feature extractors. The
transformer generates contextualized em-
beddings with the size specified in its
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configuration. This size is then used as
the input dimension for a bidirectional
LSTM

• BiLSTM layer: A single-layer bidirec-
tional LSTM with a hidden size of 256.

• Multi-head attention: Uses 8 attention
heads, with an embedding dimension of
512.

• Classification head: A fully connected
layer maps the final contextual represen-
tation to six emotion logits, followed by
a sigmoid activation for multi-label clas-
sification.

Training The training set is used to optimize
model parameters via Binary Cross-Entropy
(BCE) loss, employing the AdamW optimizer
(Loshchilov and Hutter, 2017) with a learn-
ing rate of 2× 10−6 over 10 epochs. A batch
size of 8 is used consistently for both training
and evaluation across all models. Model selec-
tion is guided by the minimum training loss:
the model is checkpointed whenever a lower
loss is achieved in subsequent epochs. The
validation set serves to monitor performance
during training and supports the selection of
the optimal model configuration.

Evaluation Predictions are converted to binary la-
bels using a threshold of 0.5. For example, a
predicted probability greater than 0.5 is con-
sidered the presence of the emotion (1), and
lower or equal to 0.5 is regarded as the ab-
sence (0). The performance of the models is
evaluated on the test set using the F1 score,
computed by comparing the predicted labels
against the gold-standard annotations. We
include a Bag-of-Words (BoW) baseline for
comparison to provide a more comprehensive
assessment. The BoW follows the approach
described in (Tellez et al., 2017)1; we set all
the characters to lowercase, removing diacrit-
ics and punctuation symbols. Additionally,
the users and the URLs were removed from
the text. We use several tokenizers, i.e., bi-
grams, words, and q-grams of characters with
q = {2, 3, 4}.

4 Results

The systems’ performance analysis starts with the
information presented in Table 1. The table re-

1evomsa.readthedocs.io/en/docs/bow.html

Language base large BoW
afr 0.4120 0.5094 0.2695

amh 0.6529 0.6939 0.5697
arq 0.5084∗ 0.5170 0.4699
ary 0.4579 0.5551 0.4063
chn 0.5817 0.6480 0.4658
deu 0.5945 0.6635 0.4539
eng 0.6586 0.7091 0.5049
esp 0.7471 0.7925 0.6905
hau 0.6104 0.6448 0.6320∗

hin 0.8616 0.8942 0.7588
ibo 0.5005 0.4995 0.5555
kin 0.3174 0.3533 0.4468
mar 0.8293 0.8800 0.7583
orm 0.4990 0.5515∗ 0.5719
pcm 0.5366 0.5793 0.4707
ptbr 0.5050 0.5585 0.3456
ptmz 0.4463∗ 0.4847 0.2516
ron 0.6877 0.7398 0.6146
rus 0.8272 0.8717 0.7224
som 0.3919 0.4888 0.4689∗

sun 0.3977 0.4291 0.3803
swa 0.2564∗ 0.2808 0.2389
swe 0.5403 0.5942 0.4147
tat 0.6633∗ 0.6809 0.5746
tir 0.4636 0.4930∗ 0.5101
ukr 0.5640 0.6601 0.3756

vmw 0.1226 0.0405 0.2626
yor 0.1891 0.1529 0.3716

Table 1: Macro F1 scores were obtained in the test
set per language for XLM-RoBERTa-based (base and
large) models and Bag of Words (BoW). The highest
performance scores are highlighted in bold. The aster-
isk indicates that the difference in performance is not
statistically significant (5%) with respect to the best per-
formance.

Language Afriberta-base Afriberta-large
amh 0.5767 0.6123
hau 0.6510 0.6554
ibo 0.4728 0.4747
kin 0.4383 0.4281
orm 0.5391 0.5414
pcm 0.4594 0.4677
som 0.4037 0.4319
swa 0.1528 0.1770
tir 0.4656 0.4629
yor 0.2682 0.2757

Table 2: Macro F1 scores obtained in test set per lan-
guage for AfriBERTa-based models. The highest per-
formance scores are highlighted in bold.
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ports macro-F1 scores per language for the XLM-
RoBERTa-based classifiers and the BoW baseline.
The table highlights in boldface the best scores and
indicates with an asterisk those scores whose dif-
ference to the best is not statistically significant
(5%).2

Based on the results, we observe that the large
model achieves a higher macro F1 score across
most languages than the base model and baseline,
indicating a consistent improvement in classifica-
tion performance. Languages such as mar, rus, esp,
eng, hin, and ron achieve high scores for both base
and large models, suggesting that they benefit from
better representation and greater resource availabil-
ity in the training data. Several languages show
moderate improvements when scaling from base to
large but still lag behind the best-performing lan-
guages. It is also worth noting that languages such
as ibo, yor, and vmw do not benefit from scaling,
as their scores tend to decrease.

In some languages (yor, vmw, tir, som, orm, kin,
ibo, and hau), the BoW outperforms or is statis-
tically equivalent to the large model, which may
indicate insufficient data to fine-tune the MLM.

Table 2 shows the F1 scores per language for
the AfriBERTa-based models. According to the
data, in most cases, the AfriBERTa-large model
achieves slightly higher macro F1 scores than the
AfriBERTa-base model. This is especially notable
in languages such as amh, som and saw. How-
ever, some languages show little to no difference
between the base and large models. This is the
case for gbo, tir, hau and orm. On the other hand,
languages such as swa and yor show the lowest
overall scores; this might indicate there is a great
challenge in handling these languages.

When comparing the predictions from
XLM-RoBERTa-based models with those from
AfriBERTa-based models, we observe that
XLM-RoBERTa generally outperforms AfriBERTa
in most cases. This is particularly evident for amh,
hau, ibo, orm, pcm, and som, where XLM-R-large
scores higher than AfriBERTa-large. However,
there are exceptions where AfriBERTa slightly
surpasses XLM-RoBERTa. This is the case for hau,
where AfriBERTa-large marginally outperforms
XLM-R-large. For yor and kin, the base and large
versions of AfriBERTa outperform their XLM-R
counterparts. It is worth noting, however, that swa

2The p-values of the difference in performance were es-
timated using bootstrap with the library described in Nava-
Muñoz et al. (2024).

performs worse across all AfriBERTa versions.
Additionally, AfriBERTa-based models fail to
outperform the baseline scores, except for amh
and hau. This suggests that our AfriBERTa-based
approach may not be well-suited for African
languages, as it struggles to outperform the
baseline consistently. As the results obtained by
the XLM-R-large-based model were the highest
performing, these model’s predictions were
submitted to the competition.

5 Conclusions

This study evaluates the performance of
transformer-based models for multilingual
emotion classification, comparing XLM-RoBERTa
and AfriBERTa across a diverse set of languages.
Several key takeaways emerge from our analysis.

First, model scaling improves classification per-
formance, with large variants (XLM-R-large and
AfriBERTa-large) consistently outperforming their
base counterparts. XLM-RoBERTa achieves higher
F1 scores than AfriBERTa in most cases, particu-
larly for amh, hau, ibo, orm, pcm, and som, indicat-
ing that XLM-RoBERTa’s multilingual pretraining
provides more robust representations. However,
AfriBERTa outperforms XLM-RoBERTa for spe-
cific languages such as yor and kin, suggesting that
AfriBERTa’s training data may better capture lin-
guistic characteristics of certain African languages.
Interestingly, scaling does not always lead to im-
proved performance, as some languages (ibo, yor,
and vmw) experience a decrease in scores when
moving from base to large models. This suggests
that simply increasing model capacity does not nec-
essarily enhance classification performance for all
languages, possibly due to data sparsity or overfit-
ting. Among all evaluated models, XLM-R-large
emerges as the best-performing approach for mul-
tilingual multi-label emotion detection, making it
a strong candidate for robust and scalable NLP
applications.

Despite its design for African languages, AfriB-
ERTa fails to outperform the baseline in multiple
cases, with the exception of amh and hau. This
raises concerns about its adequacy as feature extrac-
tor for our system, specially for underrepresented
languages. Furthermore, high-resource languages
such as eng, esp, rus, hin, mar, and ron achieve
significantly higher scores, benefiting from well-
established pretraining data, whereas low-resource
languages such as vmw, yor, swa, kin, som and sun
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exhibit weaker performance, likely due to limited
resources.

We also emphasize the importance of initiatives
such as SemEval in advancing emotion detection,
affective computing, and broader NLP challenges.
Tasks like SemEval-2025 Task 11 provide high-
quality annotated datasets that enable the system-
atic development and evaluation of models across
diverse languages and domains. By fostering both
competition and collaboration, these shared tasks
drive the advancement of more robust models and
methodologies. Additionally, they help uncover
limitations in existing approaches, particularly for
low-resource languages, and encourage research ef-
forts toward more inclusive and generalizable NLP
systems.

Our findings highlight the persistent challenges
in modeling African languages for emotion clas-
sification. Future work should explore domain-
adaptive pretraining, data augmentation techniques,
and specialized architectures to improve multilin-
gual and low-resource language performance
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