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Abstract

In this paper, we present the results of our
SemEval-2025 Emotion Detection Shared Task
Track A which focuses on multi-label emo-
tion detection. Our team’s approach lever-
ages prompting GPT-40, fine-tuning NLLB-
LLM2Vec encoder, and an ensemble of these
two approaches to solve Track A. Our en-
semble method beats the baseline method that
fine-tuned RemBERT encoder in 24 of the 28
languages. Furthermore, our results shows
that the average performance is much worse
for under-resourced languages in the Afro-
Asiatic, Niger-Congo and Austronesia with per-
formance scores at 50 F1 points and below.
Our simple approach ranked second for Kin-
yarwanda, and ranked in top-5 for Afrikaans,
Algerian Arabic, Nigerian-Pidgin, Sundanese,
and Swahili, in Track A of the Emotion Detec-
tion Shared Task. !

1 Introduction

Emotion detection is the task of identifying and
categorizing emotions expressed in textual data
(Acheampong et al., 2020). Given a piece of text,
such as sentence, document, sentence, or summary,
the goal could be to determine the underlying emo-
tion conveyed by the speaker or that invoked in
the listener. Emotions play an essential role hu-
man interaction and interpersonal relationships (Ek-
man, 1999). In actual speech, speakers often give
many non-verbal cues such as facial expressions or
hand gestures to convey their emotions. Even then
emotions of the speaker can be hard to detect and
this problem becomes even harder for text because
of the subtle cues, lack of emoticons, sarcasm or
satire, or complexity and ambiguity of language
(Kratzwald et al., 2018; Chatterjee et al., 2019).
People use text on social media such as reddit
and there is a growth of textual dialogue with grow-
ing prominence of these platforms (Chatterjee et al.,

*This work was carried out during internship at Mila.
'Our code will be made available here

2019). Most human-LLM interaction is in text and
hence Emotion detection in text is important for
NLP models to respond appropriately. Nandwani
and Verma (2021) describe a wide variety of cases
for businesses, healthcare sector, education sector,
etc. that have a need for accurate emotion detec-
tion.

Wide array of approaches have been tried to
solve emotion detection. Acheampong et al. (2020)
provide a list of state of the art approaches from
2015 to 2020 including rule-based, machine learn-
ing based, and hybrid approaches that combine the
two. In SemEval2018 (Mohammad et al., 2018),
Alhuzali and Ananiadou (2021) use BERT (Devlin
et al., 2019) to learn contextualized word repre-
sentation and combine it with a linear layer to get
a single score for each token to solve multi-label
emotion detection in English, Arabic, and Span-
ish. For the same task Huang et al. (2021) use
bi-directional LSTMs as encoders and decoders.
Das et al. (2021) experiment with various machine
learning, deep learning, and transformer based ar-
chitectures and get best performance from XLM-R
(Conneau et al., 2020) for emotion classification on
Bengali text. Plaza-del Arco et al. (2022) explore
emotion classification in zero shot learning setup
with Natural Language Inference (NLI). In more
recent times, LLLMs are being used for all sorts
of NLP tasks and at SemEval-2024 Task 3 (Wang
et al., 2024), a third of the teams used LLMs. Team
petkatz (Kazakov et al., 2024) that ranked second,
fine-tuned GPT-3.5 for emotion classification.

Our team used a combination of GPT-40 (Ope-
nAl, 2024) given the success of GPT-4 (OpenAl
et al., 2024), and NLLB-LLM2Vec (Schmidt et al.,
2024) which integrates Machine Translation (MT)
encoders into LLM backbones. MT-LLMs pre-
serve the multilingual representation alignment
from MT encoder, allowing low resource languages
to tap into the knowledge of English-centric LLMs.
For GPT-40 we use few-shot prompting technique
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(Brown et al., 2020) and with NLLB-LLM2Vec we
fine-tune LoRA adapters for each language with
the training and dev set of the data provided.

2 Task Description

The task (Muhammad et al., 2025b) focuses on
identifying and quantifying perceived emotion of
the speaker based on a given sentence or a short
text snippet. This means determining the emotion
that the speaker appears to express, rather than the
emotions invoked in the listerner, or anyone else
mentioned in the text, or the true emotion of the
speaker.

The emotions being looked at for this task are
from Ekman’s six basic emotions (Ekman, 1992) -
joy, sadness, fear, anger, surprise, or disgust. The
definition of these emotions is provided in Muham-
mad et al. (2025a), which we present here:

* Joy: "Expressions of happiness, pleasure, or
contentment."

* Sadness: " Expressions of unhappiness, sor-
row, or disappointment."

 Fear: "Expressions of anxiety, apprehension,
or dread."

* Anger: "Expressions of frustration, irritation,
or rage."

* Surprise: "Expressions of astonishment or un-
expected events."

* Disgust: "A reaction to something offensive
or unpleasant."”

The shared tasks has Three Tracks of problems
- Track A, Track B, and Track C. Track A is for
multi-label emotion detection where given a piece
of text we evaluate the presence of each of the
six emotions described above and give a binary
classification of 0 or 1 for each of them. Track B
is for emotion intensity detection where each of the
emotions can have ordinal values from O to 3. 0
meaning no emotion, 1 for low degree of emotion,
2 for moderate degree of emotion, and 3 for high
degree of emotion. Track C is for Cross-lingual
emotion detection where given labeled training data
in a language, predictions need to be done for text
instances in another language. Some languages in
all the 3 tasks include five emotions, excluding the
emotion disgust.

We focus on a single track, so our submis-
sion is only for Track A which had 28 languages
in the dataset (Muhammad et al., 2025a; Be-
lay et al., 2025): Afrikaans (afr), Algerian Ara-
bic (arq), Amharic (amh), Portuguese (Brazilian)
(ptbr), Mandarin Chinese (chn), Emakhuwa (vimw),
English (eng), German (deu), Hausa (hau), Hindi
(hin), Igbo (ibo), Kinyarwanda (kin), Spanish
(Latin American) (esp), Marathi (mar), Moroc-
can Arabic (ary), Portuguese (Mozambican) (pt-
MZ), Nigerian-Pidgin (pcm), Oromo (orm), Roma-
nian (ron), Russian (rus), Somali (som), Sundanese
(sun), Swahili (swa), Swedish (swe), Tatar (tat),
Tigrinya (tir), Ukrainian (ukr), Yoruba (yor).

3 System Overview

Our system for solving Track A consists of GPT-
40, NLLB-LLM2Vec and a method of ensemble to
combine the best results from the two. We describe
each of these below:

3.1 Prompting GPT-40 in few-shot setting

We prompt GPT-40 via API. For each language
the prompt has a static context part that consists of
Task description, the order of emotions, and first 50
examples from the training set. A dynamic query
is added to the static context for each entry in the
test set, requiring one API call for each entry.

The DEV set is used heuristically, before run-
ning on the test set, to try different prompts and
prompt structures, and chose one that gives the best
F1-score. For all languages, we kept the prompt in
English and only use examples and test case in the
target language. We stick to prompting in English
since previous work already suggest that prompt-
ing in English works better on average (Lin et al.,
2021).

3.2 NLLB - LLM2Vec

NLLB-LLM2Vec was developed to combine the
excellent multilingual representations of MT mod-
els with LLMs that excel on English NLU, due
to their language modeling training on large cor-
pora. It fuses NLLB 600M parameter model MT
encoder (Team et al., 2022) and Llama 3-8B vari-
ant (Meta Al, 2024) that underwent *LLM2Vec
process’ (BehnamGhader et al., 2024)

We fine-tune LoRA adapters for each language.
We train with rank =16, alpha o=32, and use 4-bit
QLoRA-style quantization (Dettmers et al., 2023).
We use weight decay of 0.01, per device batch size
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Language GPT-40 NLLB-LLM2Vec Ensemble Baseline

Afrikaans (afr) 60.1 325 60.1 37.1
Ambharic (amh) 51.3 63.0 63.4 63.8
Algerian Arabic (arq) 57.0 41.0 58.7 41.4
Moroccan Arabic (ary) 51.4 39.8 52.5 472
Chinese (chn) 54.9 559 59.6 53.1
German (deu) 63.8 62.0 64.4 64.2
English (eng) 73.6 71.5 71.7 70.8
Spanish (esp) 79.1 72.1 79.1 77.4
Hausa (hau) 64.3 57.8 65.4 59.6
Hindi (hin) 84.3 87.0 88.0 85.5
Igbo (ibo) 522 48.7 53.2 47.9
Kinyarwanda (kin) 54.9 40.3 58.9 46.3
Marathi (mar) 87.1 85.4 87.5 82.2
Oromo (orm) 49.9 48.2 56.4 12.6
Nigerian-Pidgin (pcm) 55.9 63.2 63.2 55.5
Portuguese (pt-br) 56.8 40.3 56.8 42.6
Portuguese (pt-MZ) 40.6 422 45.1 459
Romanian (ron) 69.8 67.2 72.8 76.2
Russian (rus) 83.8 84.4 86.4 83.8
Somali (som), 48.4 40.7 48.4 459
Sundanese (sun) 50.3 26.6 50.3 373
Swahili (swa) 32.0 21.8 359 22.7
Swedish (swe) 50.8 424 51.1 52

Tatar (tat) 73.9 39.3 73.9 53.9
Tigrinya (tir) 425 443 48.2 46.3
Ukrainian (ukr) 60.0 375 60.0 535
Emakhuwa (vmw) 12.3 6.0 12.6 12.1
Yoruba (yor) 33.0 19.5 33.0 9.2

Average F1 56.9 49.6 594 50.9

Table 1: Result on test set for GPT-40 (few-shot), NLLB-
LLM2Vec, and Ensemble of these two (Ranked Sub-
mission), along with the Baseline RemBERT score. In-
stances where our Ensemble method does better than
Baseline RemBERT are marked in bold. The average
macro F1 across all languages for each system is shown
in the last row.

of 4, and train for 2 epochs. We use the provided
train set and dev set entirely as training and valida-
tion sets. After fine-tuning we scan for a threshold
between 0.3 to 0.7 in increments of 0.05 for classi-
fication so that it maximizes f1 score on validation
set. We then generate predictions on test set from
fine-tuned model. Fine-tuning was done on a single
Nvidia V100 32GB GPU.

3.3 Ensemble of GPT-40 and
NLLB-LLM2Vec

For our final submission, we use the best results
from the two systems at an emotion level. This
means that a submission for a single language could
have a few emotions from GPT-40 and a few from
NLLB-LLM2Vec based on which of the two per-
formed better for each emotion. Ideally, this should
be done looking at those results on the validation
set and predecided, instead of looking at test set
results and choosing the best one.

4 Results and Discussion

The results from the two approaches, and the en-
semble which is our final ranked submission, are
shown in the Table 1. The performance varies from

Language Family Average ranked F1 score

Afro-Asiatic 50.7
Austronesian 50.3
Creole 63.2
Indo-European 69.1
Niger-Congo 45.3
Sino-Tibetan 59.6
Turkic 73.9

Table 2: Average macro F1 score of the ranked submis-
sion, grouped by language family.

0.1256 macro F1 for Emakhuwa (vmw) being the
lowest to 0.8802 for Hindi (hin) being the highest.
We computed the results for all the 28 languages.
Comparing our results to other teams, on 12 lan-
guages out of 28, our team is in the top 10 rankings
for that language. Our ensemble method does better
than the Baseline RemBERT (Chung et al., 2021)
provided by the Task organizers (Muhammad et al.,
2025a) on 24 languages out of 28.

Average F1 score across language families
(Muhammad et al., 2025a; Belay et al., 2025) is
shown in the Table 2. We see that Turkic and Indo-
European languages have the highest scores while
Austronesian and Niger-Congo languages have the
lowest scores. Few-shot prompting on GPT-40
performs better than NLLB-LLM2Vec on most lan-
guages in the Indo-European, Niger-Congo, Tur-
kic, and Austronesian families, whereas NLLB-
LLM2Vec performs better on languages in the
Creole, and Sino-Tibetian family and half the lan-
guages in Afro-Asiatic family.

There are a few things we could’ve done to look
for better performance. We have the same training
parameters for NLLB-LLM2Vec for each language
and we might have benefited from tuning parame-
ters at a language level. We could’ve also increased
the number of epochs of training for better perfor-
mance.

4.1 Experiments Post Competition Deadline

Given our shortcomings in the fine-tuning of our
NLLB-LLM2Vec, we evaluate the languages more
granularly to improve performance. We introduce
lora dropout of 0.05 in the LoRA parameters, we
train for 5 epochs instead of 2 and chose the epoch
that maximizes the F1 score on the dev set. At
each epoch, we generate classification probabilities
for each emotion in the dev set. To convert the
probabilities to classification, we need a threshold
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Language NLLB-LLM2Vec NLLB-LLM2Vec (Tuned)

Afrikaans (afr) 325 47.1
Ambharic (amh) 63.0 66.0
Algerian Arabic (arq) 41.0 45.8
Moroccan Arabic (ary) 39.8 47.7
Mandarin Chinese (chn) 559 62.5
German (deu) 62.0 629
English (eng) 71.5 71.7
Spanish (esp) 72.1 76.1
Hausa (hau) 57.8 59.5
Hindi (hin) 87.0 87.3
Igbo (ibo) 48.7 49.0
Kinyarwanda (kin) 40.3 47.8
Marathi (mar) 85.4 81.9
Oromo (orm) 48.2 55.0
Nigerian-Pidgin (pcm) 63.2 64.1
Portuguese (Brazilian) (ptbr) 40.3 48.8
Portuguese (Mozambican) (ptmz) 422 452
Romanian (ron) 67.2 68.9
Russian (rus) 84.4 84.7
Somali (som) 40.7 432
Sundanese (sun) 26.6 42.0
Swahili (swa) 21.8 27.6
Swedish (swe) 42.4 49.7
Tatar (tat) 39.3 60.8
Tigrinya (tir) 443 53.0
Ukrainian (ukr) 37.5 44.7
Emakhuwa (vmw) 6.0 28.4
Yoruba (yor) 19.5 34.5
Average F1 49.6 55.8

Table 3: Results on test set for NLLB-LLM2Vec
(Tuned) with better hyperparameter tuning (Post Com-
petition Deadline) compared to that of the results in the
ranked submission before competition deadline. We see
significant performance gain on the test set compared to
our previous iteration for NLLB-LLM?2Vec, with macro
F1 average increasing from 49.6 to 55.8. This improve-
ment surpasses the Baseline macro F1 average of 50.9.
Languages with significant improvement due to hyper-
parameter tuning are marked in bold.

cut-off, and we choose to have a different threshold
for each emotion. We do this by sweeping through
threshold values in the range [0.05, 0.7], in incre-
ments of 0.05, and selecting the one that maximizes
the macro F1 score on the dev set. We use the test
set prediction from the epoch with the best F1 score
on dev set.

Our dedicated effort for languages improves per-
formance for NLLB-LLM2Vec. We only fine-tune
on dev set without looking at test set and score the
test set a single time at the end. The new scores are
shown in Table 3

We see that the average macro F1 score increased
from 49.6 to 55.8 which is slightly behind GPT-40
with an average macro F1 score of 56.9. NLLB-
LLM2Vec alone, without any ensemble technique,
does better than Baseline RemBERT score on 19
languages out of 28 and on macro F1 average. On
a few languages it does better than the previous
Ensemble method, with the most noteworthy jump
being on Emakhuwa (vmw) from 12.6 to 28.4. This
would’ve placed our team on the second spot for

this language. In about half of the languages there
is a jump of greater than 5 points in F1 score, high-
lighting the importance of better hyperparameter
tuning.

5 Conclusion

In this work, we present our approach for Track A
of SemEval-2025 Task 11 for multi-label emotion
detection in text on 28 languages. We experiment
with two methods - few-shot prompting with GPT-
40 and fine-tuning NLLB-LLM2Vec with LoRA
adapters, and present an ensemble of these two for
our best results. Our model outperforms Baseline
results in most languages. We also see that average
F1 scores are at 50 F1 points and below for under-
resourced languages in the Afro-Asiatic, Niger-
Congo and Austronesia.

We also present improvements and analysis on
the performance of NLLB-LLM?2Vec for this task
with better hyperparameter tuning on the dev set.
This leads to NLLB-LLM2Vec beating Baseline
results in 19 languages, and its performance gets
close to GPT-40 performance on average macro F1
score across languages. Further work can be done
to improve the Ensemble technique to work more
fluently and combine the results of GPT-40 and
NLLB-LLM2Vec based on the dev set. This would
invariably provide better results than our ranked
submission.
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