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ABSTRACT

This work explores the problem of news headline classification in Natural Language
Processing (NLP). This is a widely studied topic in the realm of NLP. However, limited
work has been done on multilingual text classification (specific to Indic languages).
Indic language models focus primarily on widely spoken Indian Languages. The
performance of these multilingual language models is measured on the Indic News
Headline dataset (iNLTK). This dataset also serves as a genre classification dataset
(containing ten different genres/categories of headlines). This is done for languages
such as Gujarati, Malayalam, Marathi, Tamil, and Telugu (non-Latin scripts). Indic
languages are sometimes challenging as the data may contain English (Latin script)
mixed with non-Latin script. The performance of recently released models such as
Saravam-1 (an LLM launched by Saravam Al) is compared to traditional approaches
(BERT-like models) such as DistilBERT, XLMRoBERTa, and IndicBERT. The Saravam-
1 LLM model is fine-tuned using the PEFT LoRA approach. The performance is then
compared using weighted precision, recall, and F1 scores with the fine-tuned version
of the other three BERT-like models. The performance of Saravam-1 LLM stands out
from other BERT models with a weighted F1 score of 0.87 on the test set. The other
three fine-tuned models, XLMRoBERTa, DistilBERT, and IndicBERT, still perform
reasonably with weighted F1 scores of 0.84, 0.82, and 0.79.
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I. INTRODUCTION

News classification is a well-studied problem in NLP. The task involves classifying an input
text (news article/headline) into several categories (positive, negative, neutral, genre-type, etc.).
In many cases, news cannot always be categorized into positive, negative, and neutral news
only as the text may be subjective. However, these can be classified into genres where the genre
type is the kind/category (business, sports, movies, entertainment, pop culture, etc.). This work
focuses on classifying Indic languages (with mostly non-Latin script) into several categories.
The ten categories include entertainment, state, sports, business, Tamil cinema, neutral,
spirituality, positive, negative, and tech. The dataset mainly contains non-Latin script languages
that includes Gujarati, Malayalam, Marathi, Tamil, and Telugu. In some cases, the headline text
contains non-Latin characters (e.g., abbreviations, names of organizations, etc.). This is an
Indic-multilingual dataset consisting of five Indic languages. Indic languages are challenging
as they are linguistically diverse and have a complex script system. The availability of a large
amount of quality data is also an essential factor. There are fewer datasets for NLP research in
the Indian language context (unlike other Latin languages). Most of the support for Large
Language Models (LLM) is focused mainly on non-Indic languages (English, French, Arabic,
Chinese, etc.). Some LLMs support Hindi. However, many versions of popularly available
LLMs don’t support other major Indian languages, such as Gujarati, Malayalam, Marathi,
Tamil, and Telugu. This work evaluates the performance of Smaller Language Models (SLM)
like XLMROBERTa, DistilBERT, and IndicBERT with Indic LLMs such as Sarvam-1. These
models support the selected languages under evaluation in this study. The Sarvam-1 model is a
2-billion parameter model that supports eleven Indic languages (including English). This text
generation model can be fine-tuned for several downstream tasks (including classification, etc.).
The Saravam-1 model is fine-tuned for this study using the PEFT-LoRA approach. On the other
hand, BERT-like models (e.g., XLMRoBERTa, DistilBERT, IndicBERT) have held their
ground in size to performance ratio. Larger models need much more compute for training or
fine-tuning than smaller models (BERT-like SLMSs). These smaller BERT-like models perform
very well on a wide variety of multilingual tasks. For the Indic multilingual headline
classification task, the fine-tuned Saravam-1 model performs very well against a fine-tuned
version of XLMROBERTa, DistilBERT, and IndicBERT. The performance of these models is
evaluated with a weighted F1 score along with precision, recall, and accuracy. The fine-tuned
Sarvam-1 model outperforms the other SLMs with balanced performance on both train and test
datasets.

Il. RELATED WORK

News headline classification (or news genre classification) is a widely studied topic. One of the
earlier models for news classification focused on user preferences and customization-based
news story classification [1]. This approach used TF-IDF with a Naive Bayes Classifier. Other
earlier approaches include using Support Vector Machines with customized feature vectors [2].
Many earlier approaches included traditional preprocessing pipelines [3][4] that involve
stemming, stop word removal, etc. These approaches are combined with conventional
classification techniques (SVM, Random Forest, etc.). Preprocessing (tokenization,
lemmatization, stop word removal) was a significant part of the data-cleaning process for
creating feature vectors. Many widely used feature vectors included TF-IDF, Word-Frequency,
Word Co-occurrence, and N-Gram approaches. These approaches were then combined with
other classification approaches. Other approaches, such as Recurrent Neural Networks (RNNSs),
were also explored for news classification [5][6][7]. Similar Neural Network-based approaches
include creating word embeddings using techniques such as Word2Vec [8][9]. Convolution
Neural Networks (initially designed for images) were adapted to use with text for news
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classification as well [10][11][12]. Most of the work done was focused on a single mono-lingual
dataset. FastText is another popular model that has been explored to detect fake news and
classify text in news articles [13][14][15]. BERT-like transformer models trained on large
datasets showcased the power of pre-training [16]. This helps learn and understand common
language patterns and knowledge transfer (based on the trained data). The model was tested on
a wide variety of NLP tasks. After the introduction of BERT, a lot of interest was generated in
training and using multilingual BERT models [17][18][19]. However, the most popular
multilingual models successfully applied in various NLP tasks included XLMRoBERTa and
DistilBERT. Meta introduced the XLMRoBERTa model [20]. This model was trained in a
hundred languages on several cross-lingual tasks. This shows improved performance compared
to Multilingual BERT (mBERT). The other model, DistilBERT [21], is smaller but more
efficient (compared to the original BERT). For this paper, a multilingual version of DistilBERT
was used. On the other hand, LLMs have taken off in the past few years. Widely used models
such as Mistral-7B [22] and LLAMA3-8B [23] have shown human-level performance on
several tasks, including classification, named entity recognition, question answering, text
summarization, etc. However, these models are pretty large to train on a single GPU (or a CPU).
Other techniques, such as PEFT-LoRA[24], have emerged to support such downstream fine-
tuning tasks. These approaches help customize a generic text generation model to other tasks
on custom datasets (e.g., classification) [25][26][27]. These models work pretty well on a wide
variety of tasks. However, most of these LLMs focus on widely spoken non-Indic languages.
Fewer models work well on other non-supported languages (with non-Latin scripts), such as
Guijarati, Malayalam, Marathi, Tamil, and Telugu. Sarvam Al released a new LLM called
Sarvam-1 [28]. This model has better token efficiency (this needs fewer tokens to represent a
given word in native script). The Sarvam-1 LLM is also trained with high-quality data in ten
Indic languages [29].

I11. CURRENT APPROACH

This section contains the dataset description and the current approach taken. The dataset used
for this experiment is described in terms of available languages in Table 1. The label description
in terms of classes across languages is described in Table 2. Table 1 shows that most of the
languages are well represented (except for Marathi, which has more samples than other
languages in this dataset). However, in terms of class distribution, Entertainment, State, and
Business samples have more examples than the rest of the classes. To account for this class
imbalance, weighted cross entropy is used (where the weight for each class is calculated using
inverse class frequency). This helps mitigate the over-sampling problem to a certain extent. A
given train and test set contains data from all languages (represented in Table 1). The
performance evaluation is done on news categories (presented in Table 2).

Table 1: Language distribution count

Language | Train Count | Test Count
Gujarati 5269 659
Malayalam | 5036 630
Marathi 9672 1210

Tamil 5346 669

Telugu 4328 541

Total 29651 3709
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Table 2: Class distribution count

Class Train Count | Test Count
Entertainment 6743 842
State 6028 759
Business 4985 591
Sports 2710 355
Tamil-Cinema 2260 282
Neutral 1966 255
Spirituality 1519 194
Positive 1196 158
Negative 1166 128
Tech 1078 145

The DistilBERT, XLMRoBERTa, and IndicBERT models were initialized from their
respective repositories on the HuggingFace hub. These three models were trained with a
learning rate of 0.00005 and a batch size of 4. The IndicBERT and Sarvam-1 LLM models were
trained for five epochs. Since the two Indic models were trained on a large corpus of Indic
languages, these were fine-tuned and performed for fewer epochs (as it has an inherent
understanding of major Indic languages in non-Latin scripts). The Saravam-1 LLM model was
trained with the PEFT-LoRA package available on HuggingFace APIs.

IV. RESULTS AND CONCLUSION

This section contains the results obtained from this approach, along with the observations. The
results are summarized with a weighted average of precision, recall, and F1 scores (this was
chosen due to some class imbalance across the dataset). The results are presented in Table 3.
One can see less of a delta between the weighted F1 scores of the train and test sets (which
indicates that the model is robust and generalized well). For other models, such as
XLMROBERT4, the performance difference b/w Train and Test sets is significant (indicating
some degree of overfitting). Based on the evaluation presented in Table 3 and Table 4, the
Sarvam-1 model is a better choice for this dataset. Most original LLAMA2, LLAMA3, and
Mistral LLMs are often huge and don’t support major Indic languages (non-finetuned versions).
Sarvam-1 LLM excels in this area. This is an excellent choice for major Indic languages-based
NLP downstream tasks.

Table 3: Weighted Metrics of different models on Train set

Model Precision Recall F1

IndicBERT 0.84 0.88 0.85
XLMRoBERTa 0.89 0.92 0.90
DistilBERT 0.91 0.90 0.90
Sarvam-1 0.88 0.88 0.88
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Table 4: Weighted Metrics of different models on Test set

Model Precision Recall F1

IndicBERT 0.78 0.81 0.79
XLMRoBERTa 0.84 0.85 0.84
DistilBERT 0.83 0.82 0.82
Sarvam-1 0.87 0.87 0.87
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