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Abstract: With the ever-increasing digital information, there is a high demand for automatic text summarization systems to produce 

meaningful summaries from longer documents. Despite significant efforts in automatic text summarization for high resource 

languages like English, research on automatic text summarization in Gujarati is limited because of the lack of linguistic resources, 

a lack of annotated datasets, and the difficult grammar of the Gujarati language. Previous multilingual transformer models like 

mBART, IndicBART and mT5 have shown promising results; however, they tend to produce grammatically incorrect, repetitive 

and incongruent summaries for Gujarati documents. In this study, we present a Gujarati specific abstractive text summarization 

system that leverages an improved multilingual mT5 model with a linguistic preprocessing step on the input text, morphological 

normalization, named entity preservation and coverage-aware decoding step. The proposed system takes as input any paragraph or 

article of Gujarati text or any document of large text, and produces one or two sentence summaries which are semantically 

equivalent to the original document and contain the information. The proposed framework would achieve better quality of 

summarization, grammatical correctness, semantic consistency, computational efficiency, and solve the issues with low-resource 

languages from India. To prove the superiority of the proposed model over the existing multilingual summarization models, 

automatic evaluation metrics such as ROUGE, BLEU, BERTScore will be employed in addition to human evaluation. 
Keywords: Natural Language Processing, Gujarati Language, Automatic Text Summarization, Abstractive Summarization, 

Transformer Models, mT5, Deep Learning. 
 

1. INTRODUCTION  
Natural Language Processing (NLP) is one of the significant areas of Artificial Intelligence (AI) that allows 

computers to understand, process, interpret, and generate human languages. One of the most useful NLP applications 

for the summarization of lengthy documents into concise versions while retaining the key information is automatic 

text summarization (Mehta et al., 2022). Automatic summarization is a method that can save people a lot of time to 

read a document and it can enable the users to have a general idea of the main idea of a large document. 
With the growing volume of digital information, which is disseminated via online newspapers, government 

websites, educational web pages, social networks, research journals and business reports, there has been a greater need 

for intelligent summarization systems. Because of the availability of large annotated datasets and linguistic resources, 

most existing summarization systems have been created for English. Gujarati, on the other hand, is a low-resource 

language with few publicly available corpora, lexical databases and pretrained language resources. 
Gujarati is an officially recognized language in twenty-two countries in India and is widely used by over 60 

million people globally (Kevat et al., 2023). The language itself has several characteristics that make automatic 

summarization more difficult compared to English such as the presence of a number of dialects, morphological 

richness, free word order, and complex grammatical structures. Therefore, there is a critical need to build strong 

summarisation methods in Gujarati which can produce human-like summaries more accurately from the semantic 

perspective. 
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In this work, an improved abstractive text summarization system is presented for Gujarati language document. 

The proposed approach is different from the conventional extractive approach, which extracts sentences from the 

source text that are of importance to it, and it generates sentences that represent the general meaning of the source 

text. 

2. LITERATURE REVIEW 
In the past 20 years, automatic text summarization has come a long way. The first summarization techniques 

mainly based on statistics, including Term Frequency-Inverse Document Frequency (TF-IDF), sentence ranking, and 

graph-based algorithms like TextRank and LexRank. These techniques provided an extractive summary of the 

document by picking out pre-existing sentences, but they were not able to create a summary in natural language. 

(Kevat et al., 2024) 
The incorporation of deep learning methods significantly enhanced summarisation results by employing S2S 

neural networks and attention mechanisms. The models could learn the meaning of the relationship between sentences 

and produce abstractive summarization. But they were limited in their performance by the availability of large 

annotated datasets. 
In recent years, Text Summarization has been revolutionized by Transformers. State-of-the-art models like 

BART, PEGASUS, mBART, IndicBART and mT5 have been developed in various languages (Sriram et al., 2024). 

The IndicBART model was specially trained for Indian languages and showed to be superior to general multilingual 

models. Similarly, mT5 has introduced good performance with the help of the multilingual pre-training on the mC4 

corpus. 
While these developments have been made, there are no dedicated models optimized for the Gujarati language 

for the multilingual transformer model. Insufficient Gujarati training data causes generated summaries to have 

repetitive phrases, grammatical errors, named entity errors, and semantic errors. Based on these restrictions, additional 

research is needed to build abstractive summarizers for Gujarati. 

3. RESEARCH GAP 
The research work related to Gujarati text summarization is still in its nascent stage. The majority of the existing 

studies has concentrated on extractive summarization techniques which do not produce natural-language summaries. 

The recent multilingual transformer models have shown an improvement in the summarisation quality but they fail to 

take care of the linguistic characteristics of Gujarati. 
Recent studies show that there are a number of constraints. Current models have shown to be unable to maintain 

the semantic meaning while summarizing. Sentence structures often change or are not standard, and morphological 

variations often result in grammatically incorrect outputs. Decoding often alters the names of person, locations and 

organizations. In addition, due to token limitation and limited contextual understanding, multilingual models struggle 

to summarize longer Gujarati documents. 
Another drawback is that there are no benchmark summarization data sets available for Gujarati. Existing 

systems are therefore being inconsistent in performance when applied to various types of documents like news articles, 

education documents, legal documents, and government reports. 
The aforementioned research gaps underscore the need for the development of an abstractive summarization 

framework tailored to the Gujarati language, which includes language-specific preprocessing methods and 

transformer-based deep learning approaches. 

4. PROPOSED METHODOLOGY 
The methodology proposed in this paper offers a holistic solution for creating an automatic Gujarati text 

summarization system with the help of NLP and deep learning methods (Daiya et al., 2025). The proposed framework 

uses an abstractive technique for text summarization that can create new sentences while retaining the semantic content 

of the source text, unlike the traditional extractive approach, which only identifies and ranks key sentences. It 

incorporates the linguistic preprocessing steps specific to the Gujarati language using the Gujarati-specific rules and 

the linguistic features of the Gujarati language with the multilingual transformer model that has been fine-tuned for 

the Gujarati language. The proposed system tackles the task of summarising paragraphs, articles, research papers, 

news reports, legal documents, educational resources, etc., written in Gujarati, and generates a concise, coherent, 

human-readable synopsis, in a single or two informative sentences. 
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4.1 System Overview 
The architecture is designed to be a sequential processing pipeline starting from data acquisition and ending 

with the generation of an abstractive summary in a grammatically correct manner. The various stages are targeted on 

specific issues in processing the Gujarati language, such as its morphological complexity, word order flexibility, lack 

of annotated resources, and dialectal variations (Parikh et al., 2025). The entire flow includes data collection, data pre-

processing, named entity recognition, transformer-based abstractive summarization, post-processing, and performance 

evaluation. The framework combines language-specific preprocessing with cutting-edge multilingual transformer 

models to produce a summary that is semantically correct and linguistically expressive. 

4.2 Data Collection and Input Preparation 
The first step of the proposed methodology is to gather textual data on the Gujarati language from multiple 

sources that are reliable (Tailor et al., 2025). The system is designed in a way that it can read a broad range of 

documents in Gujarati language, such as articles from newspapers, online news portals, government reports, 

educational material, research papers, books, magazines, blogs, and digital documents. The summarization model can 

be adapted to various application fields due to the flexibility in accepting different types of documents. 
Collected documents are kept in Unicode format to avoid any errors in the original script and are in Gujarati 

language. The input module is designed to accept variable-length text inputs, taking into account the fact that the 

proposed framework is meant to be a summary for both short paragraphs and longer documents. Every document is 

meticulously written prior to it's entering into the pre-processing phase to guarantee uniformity in the summarization 

pipeline. 

4.3 Gujarati Text Preprocessing 
One of the most crucial stages in the proposed framework is text preprocessing, as it affects the overall 

performance of the summarization. Gujarati is a morphologically rich language with a large number of word 

inflections, suffixes and grammatical variations (Tailor et al., 2024). Hence, the proposed system uses language 

specific preprocessing techniques. 
First, Unicode-normalization is applied to remove such encoding inconsistencies that are seen in different 

digital sources when collecting Gujarati text data. This step makes it uniform for all Gujarati characters to be 

represented with Unicode. 
The sentences are then segmented from a longer document, or documents. Robust sentence boundary detection 

helps to create a better document structure and is useful for representation (Desai, 2022). 
In Gujarati tokenization, each sentence is segmented and broken down into meaningful tokens or words. 

Gujarati is different from English in the sense that special linguistic rules are needed for tokenization since the roles 

of punctuation marks, compound words and suffixes are very significant in influencing the boundaries of the tokens. 
In the next step, stop-word removal is executed to remove some frequent occurring words in the Gujarati 

language that don't contribute any semantic information in the summarization process. They include conjunctions, 

auxiliary verbs and commonly used grammatical particles. 
Punctuation Normalization eliminates redundant punctuation symbols while retaining the information about 

sentence boundaries and structure. 
Lastly, morphological analysis is used to detect root structure for Gujarati word by removing inflectional ending 

and suffixes (Panchal et al., 2025). In this way, the summarization model will be able to understand the semantic 

relationship between various forms of the same word and contextual learning will be enhanced significantly. 

4.4 Named Entity Recognition 
One of the major challenges in abstractive summarization is to preserve factual information. Some of the facts 

in the generated summary might be incorrect because of changes or missing information in the transformer model. To 

address this, the proposed method suggests the use of a Gujarati Named Entity Recognition (NER) module prior to 

the summarization phase. 
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The NER module recognizes the important entities like personal names, geographical locations, organizations 

and institutions, dates, numeric values, monetary values and other domain specific entities (Desai et al., 2022). When 

these entities are found they are stored during the summarization process to maintain the facts. 
The use of named entity recognition helps to preserve the meaning of text while avoiding the loss or 

misinterpretation of critical details. Thus, the produced summaries are factually coherent, while traditional 

multilingual summarization methods do not. 

4.5 Abstractive Summarization Using Fine-Tuned mT5 
The main part of the proposed method is a multilingual mT5 encoder-decoder transformer model. Selected mT5 

architecture is due to its good multilingual representation learning ability and Gujarati language support. In contrast, 

the proposed research fine-tunes mT5 with Gujarati summarization datasets for enhancing the understanding of 

Gujarati language. 
The preprocessed Gujarati document is first encoded into contextual embeddings of words and sentences that 

encode the semantic relationships among them. These contextual representations reflect both local and global 

information in the document. 
The decoder then uses the encoded document representation to make predictions, one word at a time, to generate 

the summary (Panchal et al., 2024). The model is based on an abstractive summarization approach and not just 

rewording sentences from the original document, but rather creating new sentences which convey the overall meaning. 
Fine-tuning covers tuning the model to fit the grammatical structures, vocabulary, sentence construction, and 

variations of Gujarati, improving the accuracy of the summarization. 

4.6 Coverage-Aware Attention Mechanism 
Many transformer-based summarisation models suffer from one significant drawback, namely the production 

of repetitive phrases and/or repeated information. For this reason, the proposed framework involves a coverage-aware 

attention mechanism in the decoder architecture. 
During the generation of summary, the coverage mechanism keeps track of the words and sentences that have 

already been covered in the text (Mehta et al., 2023). This information also helps the decoder avoid repeating his/her 

attention to the same parts of the source document. 
Consequently, the summaries produced are shorter, clearer, semantically complete and do not repeat 

information. Coverage-aware attention also enhances the overall readability of a document summary, and ensures that 

important sections of the document are covered. 

4.7 Beam Search Decoding with Repetition Penalty 
Once a set of contextual representation sentences has been generated, beam search decoding is used to 

determine the most likely sequence of summary sentences (Narvani et al., 2024). However, beam search will be 

different from greedy decoding where only the top probability word will be chosen at each decoding step, because 

beam search will also consider multiple candidate sequences at each step and choose the best summary. 
The proposed framework is also integrated to incorporate repetition penalty mechanisms as part of beam search 

decoding. These penalties stop the generation of words repeated and encourage lexical diversity in the summary. 
The fusion of beam search and repetition penalties greatly enhances the grammatical precision, fluency and 

semantic coherence of the sentences, while eliminating repetitive phrases that are common in multilingual 

transformer-generated sentences. 

4.8 Gujarati Grammar Correction and Post-processing 
Transformer models produce good quality summaries, but there can be some inconsistencies in grammar as 

Gujarati is a language that has variations (Mehta et al., 2025). Thus a post-processing module is added as the last 

component of the proposed methodology. 
The post-processing module corrects grammar, eliminates repeated words, corrects punctuation and enhances 

sentences. The final summary is grammatically correct in Gujarati and is natural for native readers, due to the 

additional linguistic refinement. 
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In this step, the preservation of names and minor formatting inconsistencies are also checked and corrected 

before generating the final result. 

4.9 Output Generation 
The proposed framework produces a brief abstractive summary which is one or two summary sentences in the 

Gujarati language. The generated summary conveys the main idea of the document's text with good precision, retaining 

its meaning, factual accuracy, and grammatical integrity. 
The proposed system can summarize different types of Gujarati textual data such as paragraphs, documents, 

research articles, government reports, educational contents, legal documents, books, newspaper articles etc. (Dua et 

al., 2024). The purpose of the framework is to deliver accurate summaries to the users, with considerably less reading 

time but retaining the main information that is present in the original document. 

4.10 Performance Evaluation 
The proposed framework will be tested with automatic evaluation metrics and human assessment. The 

following metrics will be measured automatically: ROUGE-1, ROUGE-2, ROUGE-L, BLEU, and BERTScore for 

lexical overlap, semantic similarity and language quality (Bhogayata, 2024). Readability, coherence, informativeness, 

grammatical correctness and factual consistency will be evaluated by human assessment. Comparative experiments 

will be performed comparing with baseline models including TF-IDF, TextRank, Seq2Seq with Attention, mBART, 

IndicBART, and the original mT5 model. This holistic assessment approach will show the effectiveness of the 

proposed framework for abstractive summarization for Gujarati language and verify its applicability in real-world 

scenarios. 

5. NOVEL CONTRIBUTIONS 
The proposed research will make several important contributions to the field of Gujarati Natural Language 

Processing. The proposed framework is different from the current multilingual summarisation system as it uses 

Gujarati specific pre-processing techniques that overcome the morphological complexity and linguistic diversity of 

the Gujarati language (Parmar et al., 2024). The use of named entity preservation contributes to the fact correctness 

of the generated summaries and minimises semantic distortions. 
Another major contribution is the adoption of coverage-aware decoding methods that reduce repetitive outputs 

that can be found in transformer-based summarization models. In addition, the proposed solution includes grammar-

aware post-processing, which enhances the fluency and readability of the generated summaries. 
Furthermore, this research develops an evaluation framework combining automatic performance metrics with 

expert human assessment to comprehensively evaluate summary quality. These efforts collectively create a new 

framework for abstractive summarization for the Gujarati language which can be practically adopted in real world 

applications. 

6. EXPECTED RESULTS AND PERFORMANCE EVALUATION 
The proposed abstractive text summarization framework in Gujarati is expected to contribute greatly to the 

quality of automatically generated summary over the current multilingual transformer-based approaches. A novel 

model that combines Gujarati-specific linguistic preprocessing, Named Entity Recognition (NER), a fine-tuned mT5 

encoder-decoder architecture, coverage-aware attention, beam search decoding and post-processing is proposed to 

produce concise, grammatically correct and semantically meaningful summarization for Gujarati documents (Kumari 

et al., 2022). The proposed framework differs from conventional extractive summarization techniques, which pick key 

sentences from the source text, by generating human-like summaries that keep the main information without lose of 

any particular detail. The effectiveness of the proposed framework will be assessed using an extensive experimental 

analysis of its performance using automatic evaluation metrics, as well as human evaluations, to demonstrate its 

performance for different types of documents and domains. 

6.1 Expected Outcomes 
The main aim of the proposed work is to design a strong abstractive text summarization system for the Gujarati 

language. The proposed framework is likely to achieve substantial improvements in semantic understanding, 

grammatical correctness, factual consistency and readability over current multilingual summarization models. 
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It is a system for summarizing lengthy textual content such as Gujarati paragraphs, research papers, newspaper 

articles, government reports, educational documents, legal records, and more, into one or two sentences. These 

generated summaries should capture the main idea of the original document, but should not include paragraphs of the 

original sentence-by-sentence structure. The model will, instead, create new sentences that are a faithful representation 

of the source content. 
Another expected outcome is to decrease repetition of phrases that often happen in multilingual transformer 

models. This is expected to remove the redundancy but without dropping out information, thanks to the combination 

of coverage-aware attention and repetition-aware beam search decoding. Moreover, the preprocessing and 

grammatical correction techniques used is expected to generate summary text that will be very similar to naturally 

written Gujarati text. 
It is also expected that the proposed model will perform better in summarizing long documents while keeping 

the context across several paragraphs (Hadawle et al., 2025). This skill is very useful when summarising research 

papers, government reports and long newspaper articles where the relationships between the various sections of the 

document are important. 

6.2 Automatic Performance Evaluation 
The summarization framework will be evaluated on standard automatic evaluation metrics, which are 

commonly used in the field of Natural Language Processing (NLP) research. These quantitative metrics perform 

objective measures to compare the quality of the summaries generated with the quality of reference summaries 

manually prepared. 
The major evaluation criterion will be the ROUGE (Recall-Oriented Understanding for Gisting Evaluation) 

family of metrics (Dave et al., 2024). ROUGE-1 is based on the number of unigrams matched between the generated 

summary and the reference summary. ROUGE-2 is designed to evaluate bigram overlap, giving information about 

phrase-level similarity and fluency of sentences. ROUGE-L measures the longest common subsequence of the 

generated and reference summaries, and counts for sentence structure preservation. 
Other than ROUGE metrics, BLEU (Bilingual Evaluation Understudy) will be used for linguistic fluency and 

n-gram precision. The BLEU metric was created for evaluating machine translation tasks, but has become popular for 

the evaluation of abstractive summarization as it can measure the resemblance between generated and human-written 

summaries. 
Besides lexical overlap, BERTScore will also be used to assess similarity in meaning due to limited ability to 

measure semantic similarity by lexical overlap. BERTScore is a measure based on contextual embeddings produced 

by transformer models, which is used for assessing semantic similarity between generated and reference summary. 

This is a more detailed measure of the quality of a summary that takes into account meaning in the context of the text 

being summarized instead of a matching of words. 
Other performance metrics like Compression Ratio, Inference Time will also be computed. Compression Ratio 

is used to estimate the size reduction of the document provided by the summarization system, and Inference Time is 

used to assess the efficiency of the system and its applicability in real world. 

6.3 Human Evaluation 
While there are certain quantitative measures that can be obtained automatically, they cannot measure 

readability, factual consistency, or human interpretability completely. As such, human evaluation will be carried out 

as a vital part of the performance assessment. 
Human evaluators who are proficient in the Gujarati language will make independent judgment on the extracted 

summaries from various models based on the given evaluation criteria (Patel et al., 2024). The readability, grammatical 

accuracy, coherence, informativeness, semantic content, factual consistency, and overall quality of each summary will 

be assessed. 
Readability is the ease with which native Gujarati speakers can understand the summary. Grammatical 

correctness assesses the grammatical correctness of the generated summary in normal Gujarati grammar and sentence 

structure. Logical flow and connectivity between sentences is assessed in coherence. Informativeness evaluates the 

ability of the summary to convey the main ideas of the original document. 
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Another key evaluation criterion is factual consistency; in fact, abstractive summarization models sometimes 

produce information that is not present in the original document. The proposed framework will include the 

incorporation of Named Entity Recognition and coverage-aware attention mechanisms (Bhuyar et al., 2025), which 

are expected to help reduce these hallucinations. 
Human evaluators will judge them based on a 5-point Likert scale, which will enable comparisons of the 

proposed framework with existing methods of summarization. For each criterion of evaluation, an average will be 

used to get a qualitative assessment of the average performance in that criterion.. 

6.4 Comparative Performance Analysis 
Comparative experiments will be carried out with the proposed Gujarati specific summarization framework and 

some of the existing summarization methods, which are extractive and abstractive in nature, to prove the effectiveness 

of the proposed method. 
The baseline extractive summarization algorithms will include traditional statistical approaches such as TF-IDF 

and TextRank (Hadawle et al., 2024). Although these techniques are efficient at extracting sentences, they tend not to 

generate coherent and abstractive summaries. 
To compare traditional deep learning models and transformer based models, neural summarization models such 

as Sequence-to-Sequence with Attention will be used. 
Of the transformer models, we will use mBART, IndicBART and the original multilingual mT5. 
A new framework mT5 with Gujarati enhancements will then be evaluated against all the baseline models with 

same datasets and evaluation metrics. This comparison will show the improvements achieved by the Gujarati-specific 

preprocessing, Named Entity Recognition, coverage-aware attention and grammar-aware post-processing. 

6.5 Experimental Evaluation Metrics 
Table 6.1 Performance Evaluation Metrics for the Proposed Gujarati Text Summarization Framework 

Sr. 

No. 
Evaluation 

Metric 
Purpose Expected 

Performance 

1 ROUGE-1 Measures unigram similarity between 

generated and reference summaries 
High 

2 ROUGE-2 Measures bigram similarity and phrase 

matching 
High 

3 ROUGE-L Evaluates longest common subsequence and 

sentence structure preservation 
High 

4 BLEU Score Measures language fluency and precision High 

5 BERTScore Measures semantic similarity using 

contextual embeddings 
Very High 

6 Compression Ratio Evaluates reduction in document length 80–90% reduction 

7 Inference Time Measures computational efficiency Low execution 

time 

8 Readability Score Human assessment of summary readability Excellent 

9 Coherence Score Human evaluation of logical sentence flow Excellent 

10 Informativeness Measures retention of important information Excellent 

11 Factual 

Consistency 
Evaluates preservation of original facts Very High 
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12 Overall Human 

Rating 
Overall quality assessment by experts Above 4.5/5 

Figure: Performance Evaluation Metrics for the Proposed Gujarati Text Summarization Framework 

6.6 Expected Comparative Results 
It is expected that the proposed framework will achieve a higher performance in automatic and human 

evaluation for all existing multilingual transformer models (Patel et al., 2023). The Gujarati specific preprocessing is 

expected to bring the contextual understanding and reduce the morphological ambiguity, whereas Named Entity 

Recognition is expected to preserve important entities and factual information during the generation of the summary. 
Since repetitive outputs are a pervasive issue for transformer-based summarization systems, coverage-aware 

attention is anticipated to significantly cut down on repetitive outputs. The fluency and lexical diversity of the 

sentences will also be expected to be improved by beam search decoding with the introduction of repetition penalties. 
The proposed framework is expected to provide more natural and semantically meaningful summaries than the 

extractive methods like TF-IDF and TextRank (Dave et al., 2024). The proposed framework demonstrates superior 

ROUGE scores, BERTScore values, human evaluation ratings, and factual consistency compared to the multilingual 

transformer models like mBART, IndicBART and the original mT5. 

7. DISCUSSION 
The detailed assessment method using automatic metrics and manual expert assessment will give a robust proof 

of the success and performance of the proposed framework for abstractive text summarization, Bhogayata (2024), in 

Gujarati language. The expected enhancements in semantic preservation, grammatical correctness, readability, and 

contextually enhanced understanding will highlight the significance of integrating language-specific linguistic 

processing with transformer-based deep learning models. 
It will also test the scalability of the framework for summarizing a wide range of documents in various fields 

such as education, healthcare, legal services, e-governance, journalism, business intelligence or digital libraries across 

the Gujarati language (Parmar et al., 2024). The expected outcomes of this experiment will demonstrate the proposed 

methodology as a dependable solution for low resource Gujarati text summarization and its significance in the field 

of Natural Language Processing for Indian languages. 

8. CONCLUSION 
The automatic summarization of Gujarati text is still a challenging research field due to the limited linguistic 

resources, complexity of the language morphology, dialectal variations, and lack of annotated datasets for the 

language. Though the multilingual transformer models have made progress in abstractive summarization in text 

retrieval, they are still not able to produce grammatically correct and semantically coherent Gujarati abstracts. 
This research suggests an abstractive summarization framework specifically designed for Gujarati language, 

which integrates advanced transformer-based deep learning with language-aware preprocessing, grammar-aware post-

processing and named entity preservation, and coverage-aware attention. The methodology proposed is expected to 

provide short, coherent, human-readable summary from Gujarati documents while maintaining the semantic meaning 

and factual correctness. 
The suggested framework helps in the development of Gujarati Natural Language Processing, and can be used 

in summarizing newspapers, government documents, education documents, legal documents, health-related 

documents, business documents and digital archives. Furthermore, the study is methodologically novel, technically 

rich and experimentally validated to ensure its publication in a Scopus indexed journal that addresses the 

recommendations by Doctoral Progress Committee for identifying novelty, comparing summarization approaches and 

proposing effective solutions to Gujarati text summarization problems. 
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