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Abstract 
Gujarati, a morphologically rich and low-
resource Indian language, presents 
significant challenges for natural language 
processing (NLP) tasks such as news 
article classification and summarization 
due to limited annotated datasets and 
linguistic complexity. This research 
proposes a comprehensive framework 
that leverages transformer-based models 
(BERT, mBERT, XLM-R) in combination 
with deep learning and traditional 
machine learning approaches to enhance 
the performance of Gujarati news 
classification and summarization. The 
study explores data preprocessing 
techniques, transfer learning, and 
multilingual embeddings to overcome 
data scarcity while maintaining semantic 
and contextual accuracy. Experimental 
results demonstrate that transformer 
architectures outperform conventional 
methods by achieving higher classification 
accuracy and more coherent abstractive 
summaries, thus providing a scalable 
solution for other low-resource languages. 

The proposed methodology contributes to 
the advancement of low-resource NLP, 
supporting the development of intelligent 
news analytics systems and fostering 
wider accessibility of digital content in 
Gujarati. 

Keywords 
Gujarati news classification, news 
summarization, transformer models, deep 
learning, machine learning, low-resource 
NLP, transfer learning, multilingual 
embeddings, BERT, XLM-R 

Introduction 

Natural Language Processing (NLP) has 
witnessed remarkable advances in recent 
years, largely driven by transformer 
architectures that enable learning 
contextual, semantically rich 
representations from large corpora [1]. 
However, for low-resource languages 
such as Gujarati, the development of NLP 
systems continues to lag behind, primarily 
due to limited annotated data, 
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morphological richness, and script and 
domain variability [2, 3]. These challenges 
significantly affect tasks like news article 
classification and text summarization, 
which require both deep semantic 
understanding and robust generalization. 

Gujarati, an Indo-Aryan language spoken 
by tens of millions, exhibits complex 
morphology and rich inflection, which 
complicates NLP tasks. Traditional 
machine learning techniques (e.g., Naïve 
Bayes, SVM, decision trees) applied to 
Gujarati classification show moderate 
success but often fail to capture deeper 
contextual relationships in text [4, 5]. 
Similarly, early summarization work in 
Gujarati, especially extractive 
summarization, is constrained by coarse 
linguistic features and lacks fluency and 
coherence in generated summaries [6, 7]. 

To address these limitations, transformer-
based models such as BERT, mBERT, and 
sequence-to-sequence architectures have 
shown promise in related Indian 
languages under low-resource settings [8, 
9]. Recent summarization efforts for 
Gujarati in the ILSUM shared task 
demonstrate that pretrained sequence-to-
sequence models, even with limited data, 
can outperform simpler baselines 
provided careful data filtering, 
augmentation, and cross-validation 
strategies are employed [10]. In parallel, 
works on morphological analysis, feature-
rich embeddings, and specialized 
preprocessing for Gujarati (e.g., 
morpheme boundary detection, linguistic 
preprocessing pipelines) lay groundwork 
for improving downstream classification 
and summarization tasks [11, 12]. 

Nevertheless, there remains a gap: few 
frameworks combine transformer 
models, deep learning, and traditional 
machine learning in a hybrid manner 

tailored specifically for Gujarati news 
article classification and summarization. 
Key research questions include: What are 
the best practices for transfer learning 
and fine-tuning transformer models in 
Gujarati given limited data? How can 
summarization methods (abstractive vs 
extractive) be optimized in terms of 
coherence and informativeness for 
Gujarati text? What preprocessing, 
feature extraction, and augmentation 
strategies have the most impact? 

In this work, we propose Advancing Low-
Resource NLP: Transformer and Deep 
Learning Strategies for Gujarati News 
Article Classification and Summarization. 
Our contributions are: 

1. A hybrid framework that combines 
transformer-based transfer 
learning, deep learning 
architectures, and traditional ML 
methods to improve classification 
quality. 

2. A comparative study of abstractive 
vs extractive summarization 
methods for Gujarati news, 
incorporating attention 
mechanisms, sequence-to-
sequence models, and transformer 
encoders. 

3. Investigation of data 
augmentation, linguistic 
preprocessing (morphology, 
tokenization, script normalization), 
and multilingual embeddings to 
mitigate low-resource constraints. 

4. Empirical evaluation on a curated 
Gujarati news corpus, with analysis 
of performance in terms of 
classification accuracy, summary 
coherence, and representational 
fidelity. 

By addressing these, we aim both to 
SSelevate the state-of-the-art in Gujarati 
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NLP and to provide broader 
methodological insights for other low-
resource languages. 

Related Work 

Over the past few years, several studies 
have addressed summarization, 
classification, and related NLP tasks in 
low-resource and Indian language 
settings, including Gujarati. Here are 
fifteen relevant works and how they 
relate to our proposed framework: 

 

 

 

 

 

Review of Literature 

The task of Gujarati text summarization 
has gained momentum with the work of 
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Serasiya and Chauhan [16], who 
implemented an abstractive 
summarization approach using a 
sequence-to-sequence model with 
attention mechanisms. Their study 
demonstrated that carefully designed 
preprocessing pipelines can significantly 
enhance summary quality despite the 
scarcity of large datasets. In a multilingual 
context, Shah and Patel [17] proposed a 
user query-based abstractive 
summarization framework for low-
resource Indian languages, including 
Gujarati, showing that query-driven 
methods can effectively capture salient 
information from limited corpora. 

For comparative modeling, Mehta and 
Dave [18] explored various text 
summarization models across Indian 
languages and reported that transformer-
based methods outperform conventional 
extractive approaches when transfer 
learning is applied. A broad survey of 
Gujarati NLP was presented by Panchal 
and Shah [19], highlighting gaps in 
resources such as large annotated corpora 
and standardized evaluation benchmarks, 
which remain critical bottlenecks for 
model development. Similarly, Yadav and 
Kumar [20] addressed cross-lingual 
summarization using transformer 
architectures and demonstrated improved 
performance through multilingual training 
strategies. 

In the realm of pre-trained models, 
Dholakia and Trivedi [21] examined  

transformer-based summarization for 
Indian languages, revealing that models 
like mT5 and BART can achieve state-of-
the-art results even in low-resource 
settings with limited fine-tuning. 
Complementing this, Patel and Desai [22] 
provided a comprehensive survey on text 
summarization for Indian languages, 

discussing future prospects such as zero-
shot learning and multilingual 
embeddings. The FIRE 2024 Organizing 
Committee [23] introduced a shared task 
on Indian language summarization, which 
established competitive baselines and 
highlighted the potential of transformer 
models for Gujarati. 

From a cross-lingual perspective, Li et al. 
[24] proposed few-shot learning 
techniques to enhance summarization in 
low-resource languages, offering 
strategies directly applicable to Gujarati. 
Siresha [25] introduced ISummCorp, a 
multilingual summarization dataset 
containing Gujarati data, which serves as a 
valuable resource for training and 
evaluation. Kulkarni et al. [26] developed 
L3Cube-IndicSBERT, presenting cross-
lingual sentence representations based on 
multilingual BERT, enabling improved 
semantic understanding crucial for news 
classification tasks. 

Parallel corpora remain an important 
resource for transfer learning. 
Kunchukuttan et al. [27] contributed a 
multilingual parallel corpora collection for 
Indian languages, facilitating cross-lingual 
alignment and data augmentation. Urlana 
et al. [28] further advanced 
summarization research through the 
ILSUM shared task, providing pretrained 
sequence-to-sequence baselines and 
evaluation metrics tailored for Indian 
languages including Gujarati. Pawar et al. 
[29] introduced the L3Cube-IndicHeadline-
ID dataset, enabling headline 
identification and semantic evaluation for 
low-resource Indic languages, which 
closely aligns with news classification 
objectives. Finally, Deshmukh and Khapra 
[30] investigated parameter-efficient fine-
tuning techniques such as adapters and 
LoRA, demonstrating effective model 
adaptation strategies that can be 
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extended to Gujarati for both 
classification and summarization tasks. 

Research Methodology: The research 

methodology for Gujarati News Article 

Classification and Summarization 

integrates transformer-based models, 

deep learning, and machine learning 

techniques to address the challenges of 

low-resource NLP. 

The methodology is structured into six 

major phases, ensuring a systematic 

approach from data acquisition to 

evaluation. 

 

1. Data Collection: Gujarati news articles 

are collected from publicly available 

sources such as online news portals, 

newspapers, and open-source datasets 

(e.g., ISummCorp [25]). Articles are 

curated to cover diverse categories such 

as politics, sports, technology, economy, 

and entertainment. Both article text and 

metadata (e.g., category labels, 

summaries/headlines) are compiled. 

 

2. Data Preprocessing: The collected raw 

text is cleaned and normalized to handle 

Gujarati-specific linguistic issues, such as: 

 Script Normalization: Removal of 
special symbols, punctuation, and 
non-Gujarati characters. 

 Tokenization & Stopword 
Removal: Use of Indic NLP libraries 
for Gujarati word segmentation 
and stopword filtering. 

 Stemming/Lemmatization: 
Reduction of inflected words to 
their root forms. 

 Data Augmentation: Back-
translation and paraphrasing to 
enrich the training corpus for low-
resource settings. 

3. Feature Representation: Multilingual 

transformer-based embeddings (e.g., 

mBERT, XLM-R) are employed to generate 

contextual vector representations of the 

news articles. For comparison, classical 

approaches such as TF-IDF and Word2Vec 

are also implemented to test hybrid 

modeling strategies. 

 

4. Model Development:  

 

Classification Module: 

o Transformer-based models 
(e.g., fine-tuned mBERT, 
XLM-R) are used to classify 
Gujarati news articles into 
categories. 

o Comparative baselines 
include Support Vector 
Machines (SVM), Random 
Forests, and LSTM-based 
deep learning models. 

 Summarization Module: 
o Abstractive summarization 

is performed using 
sequence-to-sequence 
architectures such as mT5 
and IndicBART, fine-tuned 
on Gujarati data. 

o Extractive summarization is 
tested using TextRank and 
BERT-based extractive 
frameworks to assess 
performance differences. 

5. Training and Optimization 

 Transfer learning and parameter-
efficient fine-tuning techniques 
such as LoRA and adapters are 
employed to handle the low-
resource nature of Gujarati. 

 Hyperparameter tuning (learning 
rate, batch size, epoch count) is 
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performed to balance training 
efficiency and model accuracy. 

6. Evaluation 

 Classification Metrics: Accuracy, 
Precision, Recall, and F1-Score. 

 Summarization Metrics: ROUGE 
(ROUGE-1, ROUGE-2, ROUGE-L) 
and BLEU scores for fluency and 
coherence. 

 Human Evaluation: Native Gujarati 
speakers evaluate summary 
readability and informativeness. 

Below is a conceptual workflow 
illustrating the research methodology 

 

  
Figure1: Proposed Research Methodology 

 

Key Highlights of the Methodology 

 Low-Resource Adaptation: 
Transfer learning with multilingual 
transformers reduces dependence 
on large Gujarati corpora. 

 Hybrid Framework: Combines 
deep learning, transformer 
models, and classical ML for 
comprehensive benchmarking. 

 Dual Task Optimization: Enables 
simultaneous improvement of 
both classification and 
summarization performance. 

This methodology ensures a scalable 
framework that can be extended to other 
Indic low-resource languages, promoting 
digital accessibility and intelligent news 
analytics. 
 
Results and Discussion: The experimental 
evaluation of Gujarati news classification 
and summarization was carried out using 
both traditional machine learning and 
transformer-based deep learning 
approaches. The results highlight the 
strengths of transfer learning and 
multilingual models in addressing low-
resource challenges. 
 
Classification Performance: Figure 2 
presents the confusion matrix for the TF-
IDF + SVM model. The model 
demonstrates reasonable performance in 
distinguishing categories such as sports 
and technology but shows some 
misclassification between politics and 
economy, which often share overlapping 
terminology. 

 

 

Figure 2. Confusion Matrix for TF-IDF + 
SVM on Gujarati News Classification 
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To further compare model performances, 
Figure 3 illustrates the accuracy and F1-
scores across different approaches. 
Traditional ML models such as SVM and 
Random Forest achieve accuracies in the 
range of 78–82%, while LSTM slightly 
improves performance. Transformer-
based methods, particularly XLM-R, 
outperform all baselines, achieving ~90% 
accuracy and F1-score. This confirms the 
effectiveness of multilingual embeddings 
in capturing contextual nuances of 
Gujarati text. 

 

Figure 3. Accuracy and F1-score 
comparison across classification models 
 
 
Summarization Performance: For 
summarization, both extractive and 
abstractive approaches were tested. 
Figure 4 shows the performance in terms 
of ROUGE-L and BLEU scores. Extractive 
methods such as TextRank and BERT-
based frameworks achieved moderate 
results (ROUGE-L ≈ 0.45–0.52). In 
contrast, abstractive models like mT5 and 
IndicBART produced more fluent and 
coherent summaries, with IndicBART 
achieving the highest scores (ROUGE-L = 
0.67, BLEU = 0.65). 

Figure 4. ROUGE-L and BLEU score 
comparison for extractive vs. abstractive 
summarization methods 

Human evaluation by native Gujarati 
speakers supported these findings: 
abstractive methods provided more 
readable and contextually appropriate 
summaries, though sometimes 
introducing minor factual deviations. 

Training Convergence: Figure 5 depicts 

the training and validation loss curves for 

deep learning models. The curves indicate 

stable convergence with minimal 

overfitting, demonstrating the 

effectiveness of transfer learning and 

parameter-efficient fine-tuning methods 

such as LoRA and adapters. 

 

 

Figure 5. Training vs. validation loss 
curves for transformer-based models 
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Discussion: The results suggest that 

transformer-based architectures 

significantly outperform traditional 

baselines in both classification and 

summarization tasks. The key insights 

include: 

 Low-resource adaptability: 
Multilingual pre-trained models 
(mBERT, XLM-R, IndicBART) 
successfully transfer knowledge to 
Gujarati, reducing reliance on large 
in-language datasets. 

 Hybrid evaluation: Traditional 
models provide useful baselines 
but struggle with semantic-rich 
tasks compared to contextual 
embeddings. 

 Dual-task optimization: The 
simultaneous improvement in 
classification and summarization 
highlights the scalability of this 
framework for other Indic 
languages. 

Conclusion and Future Work 

This study proposed a comprehensive 
framework for Gujarati news article 
classification and summarization, 
integrating traditional machine learning 
models, deep learning approaches, and 
transformer-based architectures. The 
findings confirm that transformer-based 
multilingual models such as XLM-R for 
classification and IndicBART/mT5 for 
summarization outperform baseline 
methods, particularly in handling the 
complexities of Gujarati, a low-resource 
Indic language. 

The results demonstrate that: 

 Classification: XLM-R achieved the 
highest accuracy and F1-score 

(~90%), surpassing TF-IDF + SVM, 
Random Forest, and LSTM 
baselines. 

 Summarization: IndicBART 
delivered superior ROUGE-L (0.67) 
and BLEU (0.65) scores, producing 
more coherent and contextually 
fluent summaries than extractive 
methods. 

 Low-resource adaptation: The 
successful application of transfer 
learning and parameter-efficient 
tuning (LoRA, adapters) highlights 
the feasibility of deploying 
advanced NLP solutions in low-
resource settings. 

 

Limitations 

Despite encouraging results, the study 
faced several limitations: 

 Data scarcity: The availability of 
large-scale Gujarati news corpora 
remains limited, which constrains 
model generalization. 

 Factual consistency in abstractive 
summaries: While abstractive 
methods improve fluency, they 
sometimes introduce minor factual 
inconsistencies. 

 Computational constraints: 
Transformer fine-tuning requires 
substantial computational 
resources, which may limit 
practical adoption in smaller 
institutions. 

Future Work 

Future research directions include: 

1. Domain Adaptation: Extending the 
model to specialized domains such 
as health, finance, or legal 
documents in Gujarati. 
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2. Reinforcement Learning for 
Summarization: Incorporating 
reinforcement learning with 
human feedback (RLHF) to 
improve factual accuracy and 
coherence of generated 
summaries. 

3. Cross-lingual Transfer: Leveraging 
parallel corpora and cross-lingual 
embeddings to enhance 
performance across multiple Indic 
languages simultaneously. 

4. Multimodal Integration: 
Expanding the framework to 
include news images, audio, or 
video transcripts, thereby enabling 
a holistic news analytics system. 

5. Real-world Deployment: 
Developing lightweight versions of 
models for integration into digital 
media platforms, promoting 
accessibility and real-time 
summarization for Gujarati-
speaking audiences. 

 

In summary, this research establishes a 
strong foundation for low-resource Indic 
NLP, demonstrating that multilingual 
transformers can effectively handle 
Gujarati news classification and 
summarization. By addressing limitations 
and exploring advanced techniques, 
future work can significantly enhance 
digital accessibility and knowledge 
dissemination in Gujarati and other low-
resource languages. 
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