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Abstract

Text summarization plays a crucial role in information retrieval, particularly in the context of Indian languages, where linguistic
diversity and resource scarcity pose unique challenges. This survey explores the current landscape of text summarization
techniques applied to several major Indian languages, including Hindi, Tamil, Marathi, Punjabi, Bengali, and Kannada. The
paper provides a comprehensive review of both extractive and abstractive summarization methods, highlighting language-
specific strategies, challenges, and progress in the field. It discusses key issues such as the lack of large-scale annotated corpora,
the complexity of handling linguistic variations, and the difficulty of processing code-mixed and informal language. Furthermore,
the paper outlines future research directions, including the integration of multilingual models, the development of large-scale
datasets, and the need for domain-specific summarization tools. The findings emphasize the importance of creating culturally
and regionally sensitive summarization systems that are tailored to the unique characteristics of Indian languages.
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1. Introduction

In the digital age, the volume of textual data generated and
consumed daily has increased exponentially. Text
summarization—an automatic process of condensing long
pieces of text into shorter versions while retaining the
essential information—has become an indispensable tool
for managing and making sense of this vast information
overload[3]. While significant progress has been made in
text summarization for widely spoken languages such as
English, the development of similar systems for Indian
languages is still emerging and poses unique challenges[4].

India is a linguistically diverse nation with 22 officially
recognized languages and hundreds of dialects spoken
across its vast geography[1]. This diversity underscores the
need for robust and inclusive text summarization systems
that cater to various linguistic communities. Such systems
can greatly enhance access to information, promote digital
inclusion, and support multilingual content generation,
especially in domains like news media, education, e-
governance, and social media monitoring[4],[5].

Moreover, most Indian languages are low-resource in the
context of Natural Language Processing (NLP), lacking
large-scale annotated corpora, linguistic tools, and
computational resources[2]. This scarcity intensifies the
need for innovative summarization techniques tailored to
the linguistic and structural features of these languages.
Effective summarization in Indian languages can also play
a crucial role in bridging the digital divide and fostering
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equitable information dissemination in a multilingual
society[1],[2].

By focusing on text summarization for Indian languages,
This not only contribute to the global advancement of NLP
technologies but also address critical local needs,
empowering millions of native language speakers to access
and interact with digital content more efficiently[3],[4].

The primary objective of this survey is to present a
comprehensive overview of the current state-of-the-art in
automatic text summarization systems developed
specifically for Indian languages. This includes an in-depth
analysis of existing techniques, methodologies, tools, and
datasets that have been employed across different linguistic
contexts within India[6],[7]. The survey aims to categorize
and compare various summarization approaches—both
extractive and abstractive—based on their performance,
language adaptability, resource requirements, and real-
world applicability[7],[8].

The scope of this work spans multiple Indian languages,
such as Hindi, Punjabi, Bengali, Tamil, Telugu, Malayalam,
Marathi, and others, while highlighting language-specific
challenges and innovations[9]. This paper focuses on peer-
reviewed academic publications, publicly available
systems, and research prototypes developed over the past
two decades[6,8]. Furthermore, the survey aims to identify
existing gaps in research and offer future directions that
could foster inclusive, resource-efficient, and context-aware
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summarization systems tailored to the linguistic diversity of
India[9],[10].

Overview of Text Summarization Techniques and Their
Significance

Text summarization is a core area of Natural Language
Processing (NLP) that focuses on generating concise and
meaningful summaries from large volumes of textual data.
The increasing prevalence of digital content across various
sectors—news media, education, government
documentation, and healthcare—has amplified the need for
efficient summarization systems. These systems are
particularly valuable in multilingual societies like India,
where the ability to quickly access critical information in
diverse native languages is essential for inclusive
information dissemination [6], [9].

Text summarization techniques are broadly categorized into
extractive and abstractive methods.

Extractive summarization identifies and selects important
sentences or phrases directly from the source text to create
the summary. It relies on features such as sentence position,
term frequency-inverse document frequency (TF-IDF),
keyword density, and similarity measures. Due to its
relative simplicity and language independence, extractive
summarization has been widely adopted, particularly for
low-resource languages like many of those spoken in India

(6], [7].

Abstractive summarization, by contrast, involves
understanding the semantics of the source content and
generating novel sentences that encapsulate the core ideas.
This approach mimics human-like summarization but
requires advanced machine learning models such as
recurrent neural networks (RNNs) and long short-term
memory (LSTM) networks. Despite its effectiveness in
producing coherent and fluent summaries, abstractive
summarization is computationally intensive and highly
data-dependent, making it challenging for Indian languages
with limited annotated corpora [8], [10].

Additionally, hybrid techniques that integrate extractive and
abstractive strategies are gaining traction. These methods
aim to combine the efficiency of extractive models with the
semantic depth of abstractive models, striking a balance
between performance and linguistic richness [7].

The significance of text summarization lies in its ability to
enhance content comprehension, reduce information
overload, and facilitate timely decision-making. In the
Indian context, where information is produced and
consumed in  multiple languages and dialects,
summarization systems can support broader access to
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information, bridge literacy gaps, and enable multilingual
content delivery [6], [9], [10].

Challenges and Opportunities Specific to Indian
Languages

Developing effective text summarization systems for Indian
languages involves navigating a range of linguistic and
technological challenges, primarily due to the vast diversity
and complexity of these languages. India officially
recognizes 22 scheduled languages and hosts hundreds of
regional dialects, each characterized by unique scripts,
grammatical structures, and syntactic rules [1], [4]. This
diversity presents a significant challenge in designing
generalized summarization systems that can work
seamlessly across multiple languages and domains.

A core obstacle is the scarcity of annotated corpora and
linguistic tools. Most Indian languages are considered low-
resource in the context of Natural Language Processing
(NLP), lacking the large-scale, high-quality datasets
necessary for training data-intensive models—especially
those used in abstractive summarization [2], [5], [10]. In
addition, many languages still do not have access to
essential NLP components such as part-of-speech (POS)
taggers, named entity recognizers, and parsers, all of which
are foundational for both extractive and abstractive
summarization systems [3], [6].

The script diversity and morphological richness of Indian
languages further complicate the summarization process.
Languages such as Hindi, Punjabi, Tamil, Telugu,
Malayalam, and Bengali employ different writing systems
and exhibit agglutinative or highly inflectional
morphological properties, making tasks like tokenization,
lemmatization, and sentence segmentation more difficult
compared to English [4], [6], [7].

Additionally, the phenomenon of code-mixing and code-
switching, where blend of English with regional languages
(especially on social media and digital platforms),
introduces syntactic irregularities and hybrid vocabulary.
This disrupts standard processing pipelines and reduces the
accuracy of summarization systems trained on monolingual
corpora [7], [9].

Despite these challenges, there are considerable
opportunities for advancement. Increased academic interest
are fostering the development of linguistic resources and
open-access corpora for Indian languages [1], [5]. Recent
advances in multilingual embeddings and transformer-
based models like mBERT and IndicBERT allow for
transfer learning across languages, making it feasible to
build summarization systems for under-resourced
languages using cross-lingual knowledge [8], [10].
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Furthermore,

the societal

impact of

multilingual

summarization in India is substantial. By enabling quick
access to essential information in healthcare, education, and
governance, especially in rural and non-English-speaking
communities, these systems promote inclusivity and digital
empowerment [4], [9]. They also pave the way for building
intelligent voice assistants, educational tools, and content
recommendation engines tailored to native language users.

In conclusion, while Indian languages present numerous
linguistic, computational, and resource-based hurdles, they
also offer rich opportunities for innovation and societal
transformation. Addressing these challenges can catalyze
the development of equitable and context-aware NLP
systems that reflect India’s linguistic plurality.

Literature review of Text Summarization Systems for
Indian languages

Tamil
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Challenges in Text Summarization for Indian
Languages

Linguistic Diversity Indian languages belong to different
language families—Indo-Aryan, Dravidian, Tibeto-
Burman, and Austroasiatic. This diversity results in
significant syntactic, morphological, and semantic
variations. For instance, word order (SOV vs SVO),
complex morphology, and script variation across languages
complicate the creation of a single summarization model
that works universally. Developing customized models for
each language remains a key challenge [48], [49].

Resource Scarcity Many Indian languages lack large
annotated corpora, lexical databases, POS taggers, or
syntactic parsers required for training summarization
models. While efforts like IndicNLP provide foundational
tools, high-quality parallel and monolingual datasets are
limited compared to English or other global languages [48],
[50], [51].

Limited Pre-trained Language Models While models like
BERT have revolutionized NLP, their fine-tuned or native
counterparts for Indian languages are relatively nascent.
Pre-trained models like IndicBERT and MuRIL cover only
a subset of major Indian languages, limiting their
applicability to low-resource languages [51], [52].

Scarce Multilingual and Cross-lingual Resources In the
Indian context, documents often appear in code-mixed
forms or with multiple language variants. Existing
summarization systems struggle with cross-lingual
understanding and summarization, particularly for
languages with insufficient alignment data or bilingual
corpora [53], [54].

Evaluation and Benchmarking Issues There is a lack of
standardized evaluation datasets, ROUGE/NLP evaluation
tools tailored for Indian languages. Consequently,
comparing results across summarization systems or
improving models systematically becomes difficult.

Lack of Annotated Datasets for Abstractive
Summarization While extractive summarization has seen
modest success, abstractive summarization—requiring deep
semantic understanding and rephrasing remains largely
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unexplored due to the absence of human-curated abstractive
summary datasets.

Future Research Directions and Innovations

Future research in Indian language text summarization
should focus on multilingual and cross-lingual systems by
leveraging multilingual pre-trained models like IndicBERT,
enabling transfer learning from high-resource to low-
resource languages such as Manipuri or Konkani. The
development of large-scale, annotated corpora across
diverse Indian languages is essential for training robust
summarization models, and partnerships with academic and
governmental bodies can facilitate this. Incorporating
cultural context, idiomatic expressions, and regional
variations into models can improve the relevance and
interpretability of summaries. Addressing the scarcity of
data through low-resource learning approaches like few-
shot and zero-shot learning, coupled with transfer learning,
can expand model applicability across underrepresented
languages. Another critical direction is handling code-
mixed and informal language common on social media and
conversational platforms, which necessitates advanced
models capable of understanding such linguistic blends.
Additionally, domain-specific and real-time summarization
tools are needed for sectors like news, education, law, and
healthcare, tailored to domain-specific vocabulary and
usage.

Conclusion

This survey provides an in-depth exploration of the current
state of text summarization systems for Indian languages,
with a focus on Hindi, Tamil, Marathi, Punjabi, Bengali,
and Kannada. The diverse linguistic landscape of India
presents both opportunities and challenges for
summarization systems, as each language exhibits unique
syntactic, morphological, and semantic characteristics. The
significance of this survey lies in its emphasis on the
importance of adapting summarization models to
accommodate these language-specific features, which is
crucial for achieving high-quality, contextually relevant
summaries.

The advancement of text summarization systems in Indian
languages will play a vital role in enhancing information
accessibility, particularly in domains such as education,
news, healthcare, and legal services. As research
progresses, it will become increasingly important to develop
solutions that not only improve the accuracy and efficiency
of summaries but also ensure that they are linguistically and
culturally appropriate. Moreover, the integration of
multilingual and cross-lingual models, coupled with the
development of large-scale annotated corpora, will drive
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future advancements and ensure that the benefits of
summarization technologies reach underrepresented
languages.
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