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Abstract

Emotion recognition in low-resource lan-
guages like Marathi remains challenging
due to limited annotated data. We present
L3Cube-MahaEmotions, a high-quality
Marathi emotion recognition dataset with
11 fine-grained emotion labels. The training
data is synthetically annotated using large
language models (LLMs), while the vali-
dation and test sets are manually labeled
to serve as a reliable gold-standard bench-
mark. Building on the MahaSent dataset,
we apply the Chain-of-Translation (CoTR)
prompting technique, where Marathi sen-
tences are translated into English and emo-
tion labeled via a single prompt. GPT-
4 and Llama3-405B were evaluated, with
GPT-4 selected for training data annota-
tion due to superior label quality. We
evaluate model performance using stan-
dard metrics and explore label aggrega-
tion strategies (e.g., Union, Intersection).
While GPT-4 predictions outperform fine-
tuned BERT models, BERT-based mod-
els trained on synthetic labels fail to sur-
pass GPT-4. This highlights both the
importance of high-quality human-labeled
data and the inherent complexity of emo-
tion recognition. An important finding of
this work is that generic LLMs like GPT-
4 and Llama3-405B generalize better than
fine-tuned BERT for complex low-resource
emotion recognition tasks. The dataset
and model are shared publicly at https:
//github.com/13cube-pune/MarathiNLP.

1 Introduction

Recent advances in NLP have mainly ben-
efited high-resource languages like English
and Chinese, which have ample data and
annotations (Thabah and Purkayastha,
2021).  Low-resource languages, however,
face challenges due to limited high-quality
data and complex grammar, leading to poor

model performance (Yang et al., 2023). Even
multilingual LLMs, effective in translation,
struggle with direct prompts in these languages
(Luong et al., 2023; Xiang Zhang, 2023). We
focus on Marathi, spoken by about 83 million
people, which remains underrepresented in
NLP due to scarce tools and datasets (Joshi,
2022b; Narzary et al., 2022; Joshi, 2022a). Its
syntactic complexity adds to the modeling
difficulty (Luong et al., 2023).

To overcome these challenges, we created an
emotion classification dataset for Marathi by
leveraging the capabilities of large language
models like GPT-4 and Llama3-405B. A
key limitation in emotion classification for
Marathi is the lack of labeled emotional
datasets. Manual labeling is expensive and
time-consuming, which makes progress in low-
resource languages slower. To address this, we
combined manual validation with annotation
using LLMs to produce a high-quality dataset
efficiently. We manually labeled the validation
and test sets to ensure a gold-standard
benchmark and also annotated these sets
using GPT-4 and Llama3-405B to evaluate
their performance. Since GPT produced more
accurate results, we used it to annotate the
training set as well, accelerating progress for
Marathi NLP through the strategic use of
LLMs.

Interestingly, we observe that GPT-4
significantly outperforms BERT-based models
trained on its own generated labels. This
indicates that fine-tuning smaller models on
noisy or automatically annotated data does
not necessarily lead to better performance
than the original LLM. The results underscore
the inherent complexity of multi-label emotion
recognition—an intricate task where generic
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LLMs like GPT-4 are better equipped to
capture subtle emotional cues than fine-tuned,
smaller models. This contrasts with findings
from (Jadhav et al., 2024), where BERT mod-
els trained on clean, high-quality data were
shown to outperform LLMs in low-resource
scenarios. In our case, the presence of residual
noise in the training labels or the complexity
of the task itself likely hinders the ability
of BERT-based models to generalize effectively.

We use a prompting technique called Chain-
of-Translation Prompting (CoTR) to improve
the quality of emotion annotation for a low-
resource language like Marathi (Deshpande
et al., 2024). The CoTR approach, illustrated
in Figure 1, has been shown to outperform
standard prompting strategies, and is adopted
in this study for its effectiveness. Given the
scarcity of Marathi training data, LLMs may
struggle to accurately predict emotion labels
directly from Marathi sentences. To address
this, we translate Marathi inputs into English
and then generate emotion labels using the
translated text. This enables LLMs to leverage
their stronger English language understanding.
CoTR leads to more reliable emotion classifica-
tion while preserving the intent of the original
Marathi content. We independently validate
its effectiveness on the MahaEmotions dataset.

The main contributions of this work are as
follows:

e« We curate MahaEmotions*!, a new
Marathi Emotion Classification dataset
annotated with eleven emotion categories,
containing both model-generated and hu-
man annotated labels to ensure good an-
notation quality. The dataset consists of
(12k, 1.5k, 1.5k) train, test, and validation
samples, respectively.

o We use Chain-of-Translation (CoTR) as
an effective prompting strategy to use mul-
tilingual LLMs for emotion tagging. In-
stead of direct categorization in Marathi,
CoTR translates Marathi input into En-

“https://github.com/13cube-pune/MarathiNLP /
tree/main/L3Cube-MahaEmotions

Thttps://huggingface.co/13cube-pune/
marathi-emotion-detect

glish before labeling the data, considerably
enhancing the tagging accuracy. Notably,
we observe an absolute 6% improvement
in the GPT-4 performance using CoTR
prompting.

e We benchmark the performance of mul-
tiple models on this task, including
GPT-4, LLaMA3-405B, and a fine-tuned
MahaBERT-V2 model. Our results
show that GPT-4 outperforms LLaMA-
3, which in turn outperforms fine-tuned
MahaBERT-V2, both in terms of accuracy
and F1l-score.

¢ We manually annotate a high-quality test
set to evaluate how the LLMs perform on
the tagging task.

2 Related Work

Low-resource languages have consistently faced
challenges in NLP due to the lack of sufficient
linguistic resources, standardized benchmarks,
and annotated corpora. As a result, they
remain significantly underrepresented in
mainstream NLP research (Alexandre Maguer-
esse, 2020). The emergence of multilingual
pretrained language models has helped address
some of these issues through cross-lingual
transfer, enabling better performance across
languages with limited data.

Multilingual architectures such as mBERT,
mT5, and XLM-R have shown reasonable
zero-shot and few-shot performance on
downstream tasks in low-resource settings
(Luong et al., 2023; Kelechi Ogueji, 2021).
Prompt-based techniques have
also proven effective in adapting pretrained
models to new tasks, particularly in sce-
narios where task-specific fine-tuning is not
feasible due to data scarcity (Yang et al., 2023).

learning

Recent advances like L3Cube-MahaNLP and
MahaBERT have boosted research in syntactic
parsing, classification, and sentiment analysis
for Marathi by providing large monolingual
datasets and transformer models (Joshi,
2022b,a; Pingle et al., 2023; Kulkarni et al.,
2021; Velankar et al., 2022). However, there’s
still limited work on deeper tasks like emotion
recognition.  Marathi’s complex grammar
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and differences from English make it hard to
directly apply models trained on high-resource
languages. Similar trends appear in other
low-resource languages like Khasi, where
encoder-decoder transformers have improved
tasks like translation despite limited data
(Thabah and Purkayastha, 2021).

In the broader NLP community, there has
been growing interest in emotion recognition,
especially in the context of multilingual and
multimodal systems.
vancements for Marathi are still quite limited.
In comparison, significant progress has been
made for Hindi and Hindi-English code-mixed
text, with several emotion classification models
and datasets available (Kumar and andf
Girish Sharma, 2023; Anshul Wadhawan,
2021; Singh et al., 2022). A good example
is the EmolnHindi corpus, a low-resource
benchmark that provides multi-label emotion
annotations along with dialogue-level context
(Singh et al., 2022). Recent surveys also
highlight the importance of using customized
model architectures, cross-lingual transfer, and
domain adaptation techniques for improving
emotion classification in low- and mid-resource
languages (Shabnam Tafreshi, 2024).

However, similar ad-

Additionally, research on LLMs’ reliability
for non-English inputs is ongoing. Zhang
et al. (Xiang Zhang, 2023) critically assess
GPT-4 and other LLMs, showing performance
drops for underrepresented, morphologically
rich languages like Marathi. This questions
whether such models can be directly used
for low-resource emotion recognition without
translation or augmentation. Prompt engineer-
ing adapted to linguistic traits (Patel et al.,
2024) offers a practical way to overcome these
limits. In multilingual contexts, translation-
based prompting notably improves semantic
understanding and emotion consistency.

In this study, we expand on these discover-
ies and provide a Chain-of-Translation (CoTR)
prompting architecture for Marathi text emo-
tion recognition that makes use of multilingual
language models (Deshpande et al., 2024). Our
method uses a single prompt that first trans-
lates the Marathi sentence into English and
then predicts the emotion using English-based

prompt templates.

3 Methodology

Our methodology involves curating a high-
quality Marathi emotion dataset, applying
Chain-of-Translation (CoTR) prompting for
emotion tagging using both human annotators
and multilingual LLMs, and training a clas-
sifier on the annotated data. As shown in
Figure 2, the process includes dataset prepro-
cessing, CoTR-based emotion labeling, model
comparisons, and final evaluation using stan-
dard classification metrics.

3.1 Dataset Description

For this study, we have used the publicly avail-
able L3Cube’s MahaSent-GT dataset (Joshi,
2022b), a sentiment analysis corpus in Marathi.
The dataset contains textual content primarily
sourced from Twitter. Each sentence is origi-
nally labeled with sentiment (Positive, Nega-
tive, Neutral), and we extend this dataset by
introducing emotion labels. The dataset con-
tains a total of 15,000 Marathi sentences. It
provides a suitable foundation for emotion clas-
sification tasks due to its coverage of real-world,
emotion-rich textual inputs. The distribution
of emotion labels across the train, validation,
and test sets, along with example sentences, is
shown in Table 1.

3.2 Emotion Label Taxonomy and
Annotation Scheme

We utilize a fixed set of eleven basic emotion
labels: Happiness, Sadness, Anger, Fear,
Surprise, Disqust, Fxcitement, Pride, Respect,
Sarcasm, and Neutral. A careful selection
process was used to ensure that this set of
emotions was both simple enough to allow for
consistent classification over a large number
of phrases and expressive enough to reflect a
wide range of sentiments.

A label is assigned to each sentence in the
dataset according to the primary emotion it
conveys. Although this set of emotion labels
is based on popular psychological models
like Ekman’s basic emotions and Plutchik’s
emotion wheel, it is a simplified version
made for practical use. Marathi is a diverse
language, with many emotional states that
are hard to define in a pre-defined set of
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Standard Prompting

Model Input

Consider yourself to be a human annotator who is well versed in
Marathi language. Given a Marathi sentence as input, perform the
following tasks on the sentence.

-

. Identify the emotion that is being depicted by the English
sentence. The emotion should be from the below Tist of
emotions only.

Fear
Sadness
Anger
Surprise
Disgust
Excitement
Pride
Respect
Happiness

o
o
B
B
B
o
o
o sarcasm

~

. If the sentence doesn't depict any emotion then Tlabel it as
Neutral.

w

. Give the emotional Tabel as the output.

Sentence is as follows:
@ UHwdd @ WOR §R?

Model oOutput

Label: sarcasm

Chain of Translation Prompting

Model Input

Consider yourself to be a human annotator who is well versed in
English and Marathi language. Given a Marathi sentence as input,
perform the following tasks on the sentence.

1. Translate the given sentence into English.

2. Identify the emotion that is being depicted by the English
sentence. The emotion should be from the below 1ist of emotions
only.

Fear
sadness
Anger
surprise
Disgust
Excitement
pride
Respect
Happiness
sarcasm

©ceo0o0000000

3. If the sentence doesn't depict any emotion then label it as
Neutral.

IS

its label.

Sentence is as follows:
@ AT @ §UN ¥ 1

. Give the output as Marathi sentence, its English translation and

Mode1 Output

Sentence: TRIGAISAMIT Va4 §@ YAod H IR Fea?

English Translation: Do you understand the pain of
farmers in Marathwada, Mr. sattar?
Label: sadness

Figure 1: Prompt used in Chain of Translation Prompting (CoTR)

METHODOLOGY

Marathi
Sentence —
English
Translation

Chain-of-
Translation
(CoTR)
Prompting

o1.

+ Compare
Human vs GPT
vs LLaMA
outputs

+ Choose GPT for
final annotation

« Metrics -
Accuracy, Fl

Recall
Data
Analysis & .
Annotation Evaluation

Classifier
Model

Score, Precision:,

Emotion

Dataset and Taggin

Preprocessi using CoTR

ng (Human and
LLMs)

+ L3Cube’s « GPT-4 and
MahaSent-GT LLaMA-405B
Dataset used

+ Cleaning, « Output: Emotion

Tokenization,
Normalization

Figure 2: Emotion Tagging using Human

labels (10-class
scheme)

Training

Train
classification
model on GPT-
annotated
data

and LLMs (CoTR)
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categories. We chose to concentrate on a more
manageable and useful set of labels. After
carefully reviewing the dataset and performing
manual analysis and preprocessing, we selected
emotion categories that were most frequently
observed in day-to-day usage and could be
annotated consistently at scale.

Since there are not many extensive emotion
datasets for Marathi, we used this set of eleven
emotions to enable consistent and scalable an-
notation. Both language models and human
annotators benefit from this fixed list since
it helps them concentrate on distinct, non-
overlapping categories. The primary emotion
that each sentence in the sample conveys is
labeled. The strongest or most obvious emo-
tion is selected when a text comprises multiple
emotions.

3.3 Prompt-Based Annotation
Strategy

We designed a structured prompt to guide the
language model during tagging. Since most
large language models (LLMs) are trained pri-
marily on English, we include translation in
the same prompt. The Marathi sentence is first
translated to English, and then the model pre-
dicts the emotion from a predefined set of cat-
egories: Fear, Sadness, Anger, Surprise, Dis-
gust, Excitement, Pride, Respect, Happiness,
Sarcasm, and Neutral. If a sentence contains
more than one emotion, the most prominent
one is assigned to it. If no emotion is clearly
expressed, the sentence is labeled as Neutral.

3.4 Models Used

1. GPT-4o:

GPT-40 is developed by OpenAl, with
1.8 trillion parameters (unofficial). It
is a closed-source model and accessible
through APIs provided by OpenAl. GPT-
40 builds on the advancements of its previ-
ous versions, offering enhanced capabilities
in natural language understanding, gener-
ation, and reasoning across a wide range
of tasks.

2. Llama 3.1 405B:
Llama 3.1 (Large Language Model for Mul-
tilingual Applications) is the third itera-
tion in the Meta Llama series, designed

with multiple variants, including a 405 bil-
lion parameter version and an 8 billion
parameter version. These models are typ-
ically open-source. Llama3 models are
optimized for multilingual tasks, incorpo-
rating vast and diverse datasets to improve
performance across different languages.

3. MahaBERT-V2:

MahaBERT-V2 is a transformer-based lan-
guage model pre-trained specifically on
a large corpus of Marathi text. It cap-
tures rich morphological and syntactic pat-
terns of the Marathi language, making it
well-suited for downstream NLP tasks in
Marathi. Despite being domain-specific,
its performance on emotion classification
was moderate, with an accuracy of 63%
and an F1 score of 0.47.

4. MuRIL:

MuRIL (Multilingual Representations for
Indian Languages) is a multilingual BERT
model developed by Google, trained on
17 Indian languages including Marathi. It
supports both transliterated and native
scripts, and enables zero-shot and multi-
lingual transfer learning. In our experi-
ments, MuRIL achieved an accuracy of
60% and an F1 score of 0.42, slightly un-
derperforming compared to MahaBERT-
V2, likely due to its generalization across
many languages rather than specialization
in Marathi.

4 Results
4.1 Gold Test Set

We manually annotated test and validation sets
containing 1500 sentences each. These human
annotations are treated as the ground truth for
evaluating model performance.

4.2 GPT-4 vs Llama3-405B

We evaluated the performance of GPT-4 and
Llama-405B by prompting each model individ-
ually to classify the same set of sentences. The
classification was performed after translating
the Marathi inputs into English. A model’s
prediction was considered correct only if it
matched the human-provided label.

We considered multiple evaluation scenarios:

428



Emotion | Train Set | Valida- | Test Example Sentence
tion Set | Set
Neutral 3903 546 499
JS[e! hRATE! STl ATal. i & e,
Anger/Dis- | 3374 398 405
gust (1257/2117)| (228/170) | (216/189) | Fet SOy asft SoR Tt gremm Tggl? &t
siffera wrstiarern faerm amag amg! Al
Happiness | 1295 201 140 .
PSR UiftA=r ¥d AmRaeiET gifca [H-
=9I..!
Respect 1240 104 147 . N .
hded SSTTad AT B1E SHTetedT g1 Ul-
e Tt fefAfam rasr: 9.1
Pride 662 68 76 .
g g AP iUy H H:Yeh WH, Te
3T ST
Sadness 499 75 81 .
T AT Rt g hell STHBAT...
Surprise 364 48 85
TSI TREPR A 3T S STt ?
Excite- 299 32 44
ment 31Te g1 fRsIue arguarend! Hi gu Icge 3me
Fear 185 20 13 .
TR A& AT AR GU HIS Tehe T IIYGH IHT
318
Sarcasm 177 8 10 . -
70T UaR a1 hidT Hisel ot hrT IudT-
Fford
Total Sam- | 11998 1500 1500
ples
Table 1: Number of samples per emotion label in the train, validation, and test sets, along with example
sentences
Statistics Valida- Test Set models gave labels different from the hu-
tion Set man label, no credit was given to either.
GPT-4 Correct 1265 1284
Llama Correct 962 1051 e Overlap Analysis: We analyzed agree-
Llama  Correct, | 106 100 ment and disagreement patterns, including
GPT-4 Incorrect cases where both models were correct, only
GPT-4 Correct, | 409 333 one was correct, or both were incorrect.
Llama Incorrect
Both Correct 856 951 Based on the comparative analysis of these
At Least One Cor- | 1371 1384 models, we found GPT-4 to be the more con-
rect sistent and accurate model. Since the perfor-
Both Incorrect 129 116 mance of GPT-4 alone was comparable to the

Table 2: Model performance statistics for validation
and test sets (each containing 1500 sentences)

e Correct Prediction: The model label
matches the human-annotated gold label.

If both

o Disagreement Resolution:

combination of GPT-4 and Llama3-405B, we
chose GPT-4 for the large-scale annotation of
the training dataset.

We evaluated the performance of GPT-4 and
Llama3-405B on both the validation and test
datasets, each consisting of 1500 Marathi sen-
tences. Table 2 summarizes the correctness
statistics across both models.
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Model Accuracy Precision Recall F1 Score
MahaBERT-V2 | 0.63 0.65 0.62 0.64
MuRIL 0.59 0.62 0.59 0.60
GPT-4 0.83 0.85 0.82 0.83
GPT-4 (CoTR) | 0.86 0.88 0.85 0.86
Llama3-405B 0.70 0.74 0.70 0.72
(CoTR)

Table 3: Evaluation metrics for different models on the MahaEmotions test set (Weighted metrics). Note
that Anger and Disgust are merged into a single class during both training and evaluation.

Confusion Matrix

Angerfdisgust 287 o 1 o] 74

Excitement- 0 17 0 3 6

Fear - 6 o 8 o 2

Happiness- 0 12 0 139 14

Neutral - 68 13 5]

True

Pride - 5 6 0 L 13

Respect - 1 o 0 9 14

Sadness- 16

°
-
o

14

)
o
o
-

sarcasm- 5

-
w
-
o
@

Surprise -

Anger/disgust -
Excitement
Fear -
Happiness - o
Neutral -

°

11 3 11 8 3

300

250

10 20 2 o 9

200
26 40 14 2 18

~ 150

27 51 2 o 0

- 100

H
0
&
N
I

N
£}
E
)
o

-50

H
o
N
- ©°
I

Pride -
Respect
Sadness -
Sarcasm
Surprise

Predicted

Figure 3: Confusion matrix for MahaEmotions classification task using L3Cube’s MahaBERT-V2

GPT-4 consistently outperformed Llama in
both validation and test set. On the test
set, GPT-4 correctly classified 1284 sentences,
while Llama correctly classified 1051. GPT-
4 showed better accuracy, with 333 instances
where GPT-4 was correct and Llama was in-
correct, compared to only 100 instances where
Llama was correct and GPT-4 was wrong.

Given the OR of both models’ predictions
is similar with GPT-4’s performance (1384 for
OR vs. 1284 for GPT), we decided to tag the
training data exclusively using GPT-4 for the
final classifier model.

After annotation, we trained a classifier on
the GPT-labeled dataset. The overall perfor-
mance of this classifier on the test set is shown
in Table 3. It achieved an accuracy of 63%,
with a precision of 0.65, recall of 0.62, and F1
score of 0.64. The detailed confusion matrix is

presented in Figure 3, which shows the classifi-
cation behavior across all emotion categories

The confusion matrix shows that all emotion
categories are sometimes predicted as Neutral.
This is expected, as many Marathi sentences
have emotions that are expressed in a very sub-
tle way, making them harder for the model to
detect. In such cases, the model often chooses
the Neutral label. This problem is common
in low-resource languages, where emotions de-
pend more on cultural and contextual clues
than on clear emotional words.

There are also some clear patterns of con-
fusion between emotions that are similar in
meaning. For example, Pride and Respect are
often mixed up. In Marathi, pride is often ex-
pressed with respectful language, and respect-
ful statements can sound like pride. Similarly,
Happiness and Fxcitement are confused with
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each other because they are both positive emo-
tions, with the main difference being the level of
intensity. Fear and Surprise are also mixed up,
as both can be caused by unexpected events.

In some cases, Sarcasm is classified as
Anger/Disgust, which makes sense because sar-
casm can carry a tone of irritation or contempt.
Sadness is sometimes labeled as Neutral when
expressed in a mild way, and as Anger/Disgust
when it includes frustration. These patterns
show two main challenges: the tendency of
the Neutral class to attract unclear cases, and
the difficulty of separating emotions that are
similar in meaning or context. Better use of
context and targeted data augmentation could
help improve the model’s performance in these
cases.

4.3 Chain of Translation Prompting
(CoTR) vs Non-CoTR Approach

As shown in Table 3, using CoTR leads to
consistent improvements in accuracy, precision,
recall, and F1 score. By translating Marathi in-
puts into English, multilingual LLMs can more
effectively apply their English-language capa-
bilities, enhancing emotion classification perfor-
mance in low-resource languages like Marathi.

5 Limitations

One limitation of our work is that we used
large language models (LLMs) that are mostly
trained on English or multilingual data, not
specifically on Marathi. Because of this, the
models may not fully understand the deeper
meanings or cultural context in Marathi sen-
tences.

Another limitation is that our dataset has
fewer examples of rare or complex emotions,
which makes it harder for the model to learn
and predict such emotions correctly. Emotions
like TfgeR (Emotional overwhelm) and ehTaRdT
(Gentle sorrow) are especially difficult to label
consistently.

6 Future Work and Conclusion

In this work, we focused on the task of emotion
classification for Marathi, a low-resource
language. We created a high-quality dataset
by combining predictions from large language
models (LLMs) like GPT-4 and Llama-405B
with manual checks. To improve accuracy, we

used a method called Chain-of-Translation
(CoTR), where Marathi sentences were first
translated to English before labeling. GPT-4
showed consistent and reliable results, which
made it suitable for large-scale annotation.

In the future, we plan to train LLMs us-
ing more Marathi-specific emotion data. This
will help the models better understand the lan-
guage and its emotional tone. We also want to
include more sentences that show complex and
subtle emotions, such as fARIRM (Disappoint-
ment), TfgaR, and laxdl.

We also aim to test our Chain-of-Translation
(CoTR) method on more LLMs such as Gemma,
Grok, DeepSeek, and Mistral, to see how well
it works with other models.
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