Extractive Text Summarization for Malayalam News Articles


Devi B S
Department of Computer Science and Engineering College of Engineering Trivandrum
Trivandrum, India
tve24csce04@cet.ac.in

Dr. Rani Koshy
Department of Computer Science and Engineering College of Engineering Trivandrum
Trivandrum, India
koshyrani@cet.ac.in




Abstract—With the rapid increase in textual data across digital environments has rendered automatic text summarization an es- sential aspect of Natural Language Processing (NLP). Extractive summarization is an evaluation, identification, and selection of the most relevant sentences in the text that is considered a more efficient, interpretable, and systematic alternative to non- extractive or abstractive forms of summarization. Previous at- tempts to build extractive summarizers have struggled to capture adequate semantic relationships and contextual relevance of the text using statistical or rule-based techniques. To solve these limitations, this study proposes the development of a headline- guided extractive summarization model that combines multilin- gual transformer embeddings with linguistic cues to improve sentence relevance and information retention. The system selects important sentences by taking into account semantic similarity (based on transformer embeddings) and grammatical importance at the same time in order to ensure that the summaries are not only relevant and informative but are also easy to interpret and understand. It also reduces redundancy and supports coherence, fostering greater relevance of the summarization for applied settings in news summarization contexts.
Index Terms—Text summarization, Malayalam news, headline- guided model, extractive summarization, transformer embed- dings.
I. [bookmark: Introduction]INTRODUCTION
The extensive growth of digital information dissemination on the Internet, social networks, and enterprise applications has resulted in a staggering amount of unstructured text data that has become increasingly difficult to interpret. The prob- lem of deriving meaningful information from large datasets has highlighted the issue of automatic text summarization for Natural Language Processing (NLP) in the twenty-first century. The purpose of the automated text summarization process is to create a shortened version of the document that conveys the essential content and semantic meaning of the original document while minimizing redundancy and irrelevant information. There are two types of techniques for text sum- marization: extractive summarization and abstractive summa- rization. While extractive summarization is the go-to method for an automated interface to summarize text, Malayalam has unique limitations and challenges such as highly developed morphology, writing styles, and available linguistic resources. Previous work on summarization on Malayalam texts has mostly been limited to surface-level similarities, and the meth- ods used and later also included graph based selections [1],

did not tend to think deeper about the context and the semantic meaning. Neural and transformer-based models offer improved contextual understanding and semantic relevance but typically require large datasets and significant computational resources, which can limit their applicability in low-resource settings [4]Statistical and frequency-based, multi-agent particle swarm optimization approaches and hierarchical self-attentive models were later introduced to identify important sentences, but these methods depended heavily on word counts and content-word frequency, limiting their ability to understand the true meaning of text [20]. Recent research highlights the importance of integrating contextual and linguistic information to improve extractive summarization performance. Contextual modeling approaches [24] further emphasize that understanding inter- sentence relationships improves coherence and ensures that summaries reflect the main themes of the article accurately.
To address these issues, this research puts forth a headline- guided extractive summarization framework that utilises transformer-based embeddings and linguistic signals to in- crease relevance, clarity, and informativeness. By referencing the article’s headline, the model is able to take advantage of this reference when selecting the sentences that best align with the overall theme of the article, ensuring that the sum- marized sentences are concise and meaningful. Additionally, the framework uses heuristic-based selection mechanisms to curb redundancy and improve the overall readability of the summarized sentences to enable the system to overcome real- world challenges of news summarization needs. The proposed framework also allows flexible sentence selection strategies, permitting summarization in limited information cases, or where information is unevenly distributed within an article, to aid in producing meaningful summaries. The framework touches on contextual language models, headline seamless selection processes, and refinement-based selection processes to present a more reliable, coherent, and efficient approach for generating summaries of Malayalam news articles.This paper reviews the concepts outlined in the summarization framework and covers subsections that contemplate the impact semantic modelling, linguistic analysis, and relevance uses would have on the quality or reliability of automated news summarization processes, as well as the challenges of working with a scarcity of data, mixed-use language, and computational overhead,

and proposes several future implications on how to create, generative, intelligent, and scalable summarization systems with a bigger rubric on language implementation and inclusion in this process.

II. [bookmark: Traditional Methods and Their Challenges]TRADITIONAL METHODS AND THEIR CHALLENGES
The next section examines existing summarization systems, their methodologies, and the limitations they face in capturing semantic richness, contextual relevance, and efficiency across multiple document types.

A. [bookmark: Graph Based Summarization Systems]Graph Based Summarization Systems
Models of summarization based on the graph framework create a similarity graph, which represents sentences as nodes with weighted edges that represent levels of lexical or semantic similarity. Early systems in Malayalam used cosine similarity and graph-theoretic centrality to find the most informative sentences, while ensuring that the text would flow together logically [1]. In later work, including the work in [25], the researchers augmented these approaches with other linguistic cues, like keyphrases, syntactic relations and ontologies for a particular domain, creating graph-like structures that could represent more complex relationships conceptualizing deeper semantic links to the text [8]. These enhancements led to considerable improvements in extraction quality, especially in biomedical and technical corpora that tended to have high conceptual overlap. Graph-based systems are generally inter- pretable, but rely heavily on surface-level similarity measures. A surface level precludes a deeper conceptual connection between related texts leading to inaccurate ranking when these occur too often in paraphrasing, figurative language, or domain-specific abstraction. Their performance also weakens as the similarity computations are noisy or the sentence rep- resentations do not share discriminative semantic information.

B. [bookmark: Statistical and Frequency Based Summariz]Statistical and Frequency Based Summarization Systems
Statistical methods use lexical frequency patterns, sentence position, and a straightforward numerical scoring function to assess the importance of a sentence. In the past, Malay- alam summarizers had such success with the use of term- frequency monthly signals, positional heuristics, and content- word density on relevance modelling [2]. Subsequent work has introduced frequency-based similarity and redundancy filtering as a method to improve sentence ranking stability, when queried with multidocument collections that share overlap themes [4]. Simple low-cost pipelines combining frequency cues with part-of-speech patterns are effective for low-resource and real-time applications. Again, these models conceptualise the document as bags of words and do not account for context- specific meaning or hence, the complex semantic relations. Sentences may be ranked highly on the simple grounds that they contain frequent terms. While modelling discourse structure and associations are plausible, these methods are less suitable for technical, abstract, and semantically-rich texts.
C. [bookmark: TF-IDF and Keyphrase Based Summarization]
TF-IDF and Keyphrase Based Summarization Systems
TF–IDF scoring improves discriminative power by iden- tifying both domain-relevant terms and terms with a rich content dimension, while diminishing the weight of common but uninformative tokens. Malayalam summarization systems using TF–IDF scored highly on the major themes within doc- uments, outperforming solely frequency-based baselines [5], [16]. More sophisticated systems used keyphrase extraction, title-word matching, synonym expansion, and lexical scoring rules, supporting a more nuanced estimation of relevance across a structured genre. Both TF–IDF and keyphrase tech- niques rely upon surface lexical matching and are sensitive to variations in vocabulary, which is particularly problematic in morphologically rich and/or informal text. Both techniques lack deeper semantic reasoning, omission of which can be detrimental when the essential construct is captured by para- phrase or field-based terminology that would not have been captured by the keyphrase list.

D. [bookmark: Topic Modeling Based Summarization Syste]Topic Modeling Based Summarization Systems
While topic-modeling techniques use latent thematic struc- tures to select sentences that best represent themes in doc- uments, LDA-based summarizers using Malayalam demon- strated that ranking sentences by topic probability leads to more coherent summaries, especially if documents contain multiple themes that are related [9]. Later modifications com- bined topic distributions with clustering, similarity ranking, and redundancy removal techniques to build coverage and maintain topical diversity in multidocument contexts [15]. On the other hand, topic-modeling methods suffer from instability of topics, especially with short documents, domain-specific corpora, or otherwise datasets with overlapping topics. The inferred topics may not always relate well to sentence-level rel- evance with respect to summaries, which may lessen coherence and precision. Topic-modeling methods also tend to perform better with larger corpora, higher preprocessing quality, and better parameter tuning

E. [bookmark: Hybrid Summarization Systems]Hybrid Summarization Systems
Hybrid frameworks combine statistical measures, semantic similarity, graph-based ranking, and linguistic features to im- prove extraction reliability. Systems integrating TF–IDF scor- ing, sentiment filtering, keyphrase heuristics, and PageRank- based connectivity demonstrated substantial gains in ranking accuracy and noise reduction [7]. More advanced pipelines, such as ExDoS merged clustering, supervised classification, and dynamic feature weighting, were used to optimize rele- vance across diverse document clusters [12]. Hybrid models introduce significant architectural complexity. Coordinating multiple components increases system design overhead and may propagate errors across modules. Parameter tuning be- comes non-trivial, and large-scale or real-time deployment suffers from performance overhead due to feature fusion and repeated scoring operations.

F. [bookmark: Evolutionary and Optimization Based Summ]Evolutionary and Optimization Based Summarization Sys- tems
In evolutionary models, summarization is viewed as a multi-objective optimization challenge that balances relevance, coverage, novelty, and redundancy. In these methods, ge- netic algorithms depict the arrangements of documents and sentences in the summary as chromosomes, which are sub- sequently evolved using fitness functions founded on TF- IDF, semantic embeddings, or topic distributions [11], [22]. Multi-objective techniques, such as NSGA-II combined with K-Medoids clustering, discover and employ Pareto-optimal summaries tailored for relevance and diversity outside the scope of multi-document summarization [17]. Although they can generate high-quality summaries, they are costly in terms of computation due to the repeated fitness evaluations and the evolution of the populations involved. Effective performance necessitates suitable similarity measures to assess specified traits in the summaries, which can fail and yield unsat- isfactory summaries when vocabulary usage varies greatly among documents. Their significant computational expense and dependence on established similarity metrics render them less appropriate for real-time or large-scale uses.
G. [bookmark: Neural Summarization Systems Without Tra]Neural Summarization Systems Without Transformers
Initial neural summarizers developed distributed semantic representations capable of capturing more profound linguistic relationships than those achieved by statistical and rule-based approaches. Malayalam models utilized learned embeddings alongside neural architectures such as RBMs and were im- proved using fuzzy logic and measures of semantic similar- ity [3]. Domain-specific systems employed Essence Vector and Denoising Essence Vector representations to reduce back- ground noise in the representation and enhance the domain- relevant information [13]. Multimodal neural architectures utilized hierarchical RNNs and CNN-based image encoders to condense documents enhanced by visual referencing. Hier- archical self-attention frameworks enhanced the modeling of long-range dependencies and discourse patterns [16]. Neural models that do not utilize transformers need considerable training data and processing power. Additionally, their in- ternal models are unclear and make interpretation difficult. Ultimately, domain adaptation and generalization may be constrained when the training data fails to reflect the linguistic diversity of the target corpus
H. [bookmark: Transformer and Foundation Model Approac]Transformer and Foundation Model Approaches to Sum- marization
The introduction of transformers significantly changed the landscape of summarization models, enabling deep contextual representation and document-level reasoning through self- attention. BERT-like extractive models take advantage of bidirectional contextual embeddings to create coherent sum- maries for multilingual and domain-specific document col- lections [10]. Foundation models, also known as pre-trained transformers, like GPT and LLaMA, extend generative sum- marization capabilities via large-scale pretraining and few-

shot and zero-shot summarization across scientific, legal, and multidocument domains [18]. While transformer models and foundation models are powerful for understanding and generat- ing summaries, they are computationally costly, requiring sig- nificant memory and computation usage. Their output can also be erratic in nature, as summaries may shift based on prompt alteration and non-existent information may occasionally be produced. They pose challenges for deployment in resource- constrained or high-stakes applications due to compute costs and need for the stable validation of summaries.
III. [bookmark: System Model]SYSTEM MODEL
The next section presents the overall design of the proposed system and its main components. The Fig. 1 discusses how users can generate coherent and meaningful summaries from Malayalam news articles by combining semantic similarity modeling, threshold-based extraction, and language model enhancement. Additionally, it describes how siamese mBert combined with a Small Language Model improves relevance, readability, contextual coherence, and accuracy to the original summary
[image: ]

[bookmark: _bookmark0]Fig. 1. Overall system design

A. [bookmark: Properties of Malayalam News Documents]Properties of Malayalam News Documents
Malayalam news articles have various linguistic and struc- tural features that affect the summarization process. These characteristics need to be considered to guarantee precise retrieval of essential information:
· Intricate Morphology: Malayalam shows intricate and complex inflection and agglutination, which result in many surface variations for the same lexical item.
· Flexible Sentence Structure: The semantics of a sen- tence are normally interpreted by meaning-related func- tions rather than strictly following syntactic order.
· Headline–Body Relationship: News articles heavily de- pend on the headline to shape the main subject.
· Contextual Redundancy: Articles often feature repeated or rephrased details, necessitating meticulous handling of redundancy.

· Domain Variation: Articles encompass various cate- gories such as politics, sports, and entertainment, requir- ing flexible models.
The proposed system Fig. 1 tackles these language limi- tations by utilizing sentence-level embeddings, similarity as- sessment, and enhancement via a language model designed to maintain authentic Malayalam phrasing.
B. [bookmark: Input Processing and Sentence Segmentati]Input Processing and Sentence Segmentation
The system begins by receiving Malayalam news articles that include both the headline and the body text. Incoming articles undergo a preprocessing pipeline designed to normal- ize the text before summarization. This includes removing unnecessary symbols, punctuation inconsistencies, duplicated spacing, and other noise that could influence similarity scoring. Following cleaning, the text is segmented into individual sentences. Each sentence, along with the headline, is tokenized and encoded into dense vector representations, which serve as the input to the semantic similarity model. This preprocessing step ensures that the downstream neural components operate on uniform, structured, and noise-free text.
C. [bookmark: Headline-Guided Embedding Module]Headline-Guided Embedding Module
Our system utilizes Siamese mBERT encoders that evaluate each sentence’s relevance to the headline’s main idea. In this configuration, one branch encodes the headline while the other encodes each candidate independently in parallel. This architecture allows the model to understand semantic relationships between the headline and sentences from a con- textual, syntactic, and lexical level.Using these embeddings, a similarity score is computed for each sentence, which indicates the relevance of the sentence in terms of its role in the main idea of the headline and what it could contribute to an eventual summary. This method for deep semantic modeling enables the system to differentiate those sentences that are high in relevance against those that are somewhat relevant or include redundant information.
D. [bookmark: Threshold-Based Sentence Selection]Threshold-Based Sentence Selection
The system produces a definitive score for every sentence by combining the scores relating to cosine similarity, semantic relevance to the headline, and POS-based relevance, the latter of which captures the linguistic significance of the sentence. By scoring the sentences in this manner, we are ensuring that the sentences included are not only contextually relevant but also syntactically significant. A fixed threshold is applied to the final scores to determine what sentences will move onto the abstractive stage. If no sentences surpass the threshold, the highest scoring sentence is chosen. If one sentence is higher than the threshold, that sentence is selected. When there are multiple sentences above threshold, all sentences above threshold are sent to a small language model. This method ensures only the sentences with the most insightfulness and the most relevance are getting enhanced, which increases the final summary’s quality, coherence, and clarity.
E. [bookmark: Summary Refinement Using a Small Languag]
Summary Refinement Using a Small Language Model
The Small Language Model takes the sentences that have been extracted as input and produces contextual embeddings for each token while also understanding the relationship among the sentences. In using those embeddings, the SLM ties relevant details from each sentence together, combining relative facts and major points into a unified representation. The SLM eliminates redundancy by removing repetitive and overlapping information while improving cohesiveness by modifying sentence structures and transitions to make for better readability. The model also ensures that important points from each sentence will be represented when creating the more cohesive story. Ultimately, the SLM transforms this summarized engagement into an extractive abstract which is succinct, clear and semantically centered around the core idea of the headline. The summary is not a simple verbatim copy of selective sentences; rather, it is a febrile fusion of the vernacular, and will condense the primary form of the text. The system can quickly process multiple sentences without sacrificing logical coherence or clarity in the summary. The SLM, in enriching and renewing the data, yields outcomes that are clearer and more informative through an abstractive approach than traditional extractive approach. Overall, this method allows for a summary that is both faithful and easy to follow.
F. [bookmark: User Interface and Deployment]User Interface and Deployment
To ensure usability, the system includes a web-based in- terface where users can upload Malayalam news documents in plain text. The backend automatically processes the article, computes similarity, selects sentences, and generates the re- fined summary. The results are presented via the interface in a straightforward and accessible manner. The interface simplifies the technical process, allowing non-technical users to utilize summarization features for reading, research, and information gathering
IV. [bookmark: comparative Analysis of Different Method]COMPARATIVE ANALYSIS OF DIFFERENT METHODS
Table I compares existing extractive text summarization methods, showing that traditional statistical approaches are simple but lack semantic depth, while machine learning, hybrid, and topic-modeling techniques improve contextual rel- evance and theme detection but often compromise coherence or rely on handcrafted features. Advanced neural models like BERT-based CHIMA provide high-quality summaries with contextual embeddings but are computationally expensive, highlighting the need for methods that balance meaning, efficiency, and coherence for lower-resource languages like Malayalam.
V. [bookmark: Challenges]CHALLENGES
In spite of the proposed summarization framework’s strengths, a number of issues need to be addressed:
· Language complexity and Morphology: The morphology of Malayalam is rich, and it may lead to potential errors

[bookmark: _bookmark1]TABLE I
COMPARISON OF DIFFERENT TEXT SUMMARIZATION METHODS

	Paper
	Year
	Methodology
	Result
	Advantages
	Disadvantages

	An Extractive Malayalam Document Summarization Based on Graph Theoretic Approach [1]
	2015
	Graph-based model; similarity; sentence high-degree ranking
	cosine nodes;
	Precision: 0.852; Recall: 0.891;
F-measure: 0.8018
	Improves accuracy; simple graph method; identifies key sentences effectively
	No semantic understanding; small dataset; lacks cohe- sion; relies on surface sim- ilarity

	Extractive Multi-document Summarization System for Malayalam News [6]
	2015
	TF-IDF; WordNet semantic re- finement; cosine similarity; re- dundancy removal
	F-measure: 0.33 – 0.75
	Improved semantic relevance using WordNet; handles multi- document summarization
	Surface-level features; sen- tences may sound discon- nected; simple cosine redun- dancy; manual weight choice

	Malayalam	Text Summarization: An Extractive Approach [2]
	2016
	Content-word frequency; sen- tence scoring; stopword re- moval
	ROUGE-1: 0.53
	0.57;
	ROUGE-2:
	Easy implementation; works well for news; frequency- based ranking
	Small dataset; no morphol- ogy; no semantic analysis; no coherence mechanism

	Extractive Text Summarization Using Deep Learning [3]
	2018
	Restricted Boltzmann Machine (RBM); fuzzy logic; 9 hand- crafted features
	Precision: 0.88; Recall: 0.80; F-
measure: 0.84
	Higher accuracy; hybrid model improves summary quality; captures more features
	Manual feature engineering; limited semantics; computa- tionally heavy; fuzzy rules fixed

	Extractive Text Summarization Using Sentence Ranking [4]
	2019
	POS tagging; keyword fre- quency; sentence ranking; au- dio conversion
	Generated summaries more similar to human summaries than MS Word outputs
	Simple; uses POS + frequency; can generate audio summary
	No semantic/context model- ing; no redundancy removal; small dataset; unclear weight formula

	Efficient Text Summarization Using TF-IDF and Keyphrase Identification [5]
	2021
	TF-IDF; keyphrase list; title similarity; sentence position scoring
	Accuracy: 95–96%; Precision:
0.89–0.98; Recall: 0.79–0.89
	High accuracy; effective across genres; uses multiple scoring factors
	Small dataset; static word lists; purely frequency- based; manual threshold selection

	A Hybrid Approach for Extractive Summarization of Medical Documents [7]
	2021
	Sentiment filtering (VADER); keyphrase extraction; POS + PageRank
	ROUGE-1:  0.82;  ROUGE-2:
0.74; ROUGE-L: 0.79
	Neutral factual summaries; strong semantic scoring; high ROUGE
	Rule-based sentiment; fixed phrase list; limited seman- tics; domain-specific

	Framework for Multi- document Extractive Summary in Malayalam [8]
	2021
	TF-IDF + FastText + SIF em- beddings; noun-weighted Tex- tRank; MMR
	ROUGE-1: 0.52
	0.57;
	ROUGE-2:
	Captures semantics; reduces redundancy; better than previ- ous Malayalam models
	Small dataset; weak deep se- mantics; embedding quality sensitive; coherence issues

	Extractive Summarization Us- ing LDA Topic Modelling [9]
	2022
	LDA topic distribution; Malayalam stemmer; top-topic sentence scoring
	ROUGE-1:  0.64;  ROUGE-2:
0.52; ROUGE-L: 0.58
	Good topic relevance; effective theme extraction
	Ignores word order; shallow semantics;	manually tuned parameters; some redundancy

	Headline-Guided Extractive Summarization	(CHIMA Model) [10]
	2025
	BERT-based	embedding
model;	headline-body similarity; re-ranking layer
	Improved recall by up to 130%; best BLEU, F1 among models tested
	Strong contextual modeling; headline guidance improves sentence selection
	Thai-only; surface similarity issues; logical flow some- times inconsistent




in sentences embedding etc.; and pose difficulties with the utilization of POS-based scoring.
· Model Interpretability: The small language model is able to generate fluent summaries, however, in terms of examining how it incorporates and selects information from multiple sentences, this may not be quite as straight- forward.
· Redundancy and Over-Summarization: There were situ- ations when important information could be lost when abstracts emulated or were identified as being similar to one another, which results in not providing a succinct summary.
· Domain-Specific Bias: The frame was developed with an emphasis on news articles and may not generalize into other domains such as blog articles or social media postings.
· Computer resources: generation of sentence embeddings and running the SLM would require substantial compu- tational power to allow for efficient use of the framework on resource-constrained devices.
VI. [bookmark: Future Work]
FUTURE WORK

Although research into extractive text summarization ap- proaches with language model refinement has advanced in the context of Malayalam news articles, there remain chal- lenges and opportunities for future research. Context-based summarization frameworks [24] highlight the importance of semantic relationships between sentences, showing that un- derstanding these connections can improve the quality and co- herence of generated summaries. Recent models have further demonstrated the feasibility and effectiveness of enhancing classical extractive methods with neural architectures [3], [13], producing summaries that are both coherent and con- cise.Similarly, studies on optimal feature selection highlighted the benefits of choosing discriminative linguistic attributes for more accurate sentence ranking [21]. Nonetheless, de- spite these advancements, most methods still suffer from the same limitations of interpretability, scalability, and factual consistency. Future work should focus on aspects of model development that balance the interpretability of classical ex- tractive models with context accountability of neural networks, while also considering model transparency in use, robustness of summary characteristics, and multilingual summarization.

Adopting considerations where the system is optimized to produce summaries in real-time, allowing users to engineer and personalize summaries for a specific length and focus, continuing to incorporate human-in-the-loop evaluations, and, finally, modifying models for small deployment on edge or mobile applications are important future developer considera- tions.

VII. [bookmark: Conclusion]CONCLUSION

This research examined various extractive, statistical, neural, and transformer-based methods proposed for automatic text summarization, particularly among Malayalam news articles. Classic techniques that are frequency-focused and graph-based tend to be more computationally efficient, but not possess sufficient semantic depth and encounter problems with mor- phologically rich languages like Malayalam [1], [2]. Neural systems and topic-modeling systems enhanced the semantic representation of summaries, however, they still struggle with redundancy, fluctuations in domain, and a lack of high-quality annotated datasets. Recent improvements in contextual embed- dings and hybrid models show advancements in performance, but still struggle with their ability to find a balance between coherence, informativeness, and computational efficiency [3], [4].
To overcome these shortcomings, the proposed system pro- vides a robust hybrid approach for summarizing Malayalam news. The similarity-driven extraction method guarantees a strong correlation between the relevance of the headline and the sentence, while the refinement phase improves readabil- ity, cohesion, and the overall quality of the language. The implementation of threshold-based selection enhances consis- tent and flexible extraction across different types of articles. Through the combination of neural similarity modeling and streamlined language-model enhancement, the system attains a harmonious method that preserves factual correctness while enhancing fluency and user understanding. The proposed extractive text summarization system with language model refinement can offer a strong and flexible basis for summa- rization in languages with limited resources.
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