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Abstract: - Automatic text summarization is a subarea of natural language processing that generates a summary of the text
by keeping its key points. The research work done on summarizing low-resourced language text is very limited. In India,
the Hindi language is being spoken by central and north Indian people and only a few research works have been done on
abstractive summarization of Hindi language. Having matras in Hindi makes it difficult to tokenize so it is difficult to
summarize Hindi text using abstractive text summarization. In the proposed method, abstractive Hindi text summarization
is done using transliteration and fine-tuning. In this work, the model is trained to generate both summaries and headlines.
ROUGE-score and BERT-score have been utilized to check summary quality. A new semantic similarity score-based
performance measure is also proposed to measure semantic similarity between reference summaries and predicted
summaries. Using the proposed method, we have achieved the highest 55.16 ROUGE score, 0.80 BERT score, and 0.98
similarity score. Along with these performance measures, human evaluation of predicted summaries is also done and it is
found that summaries and headlines were generated at a human-acceptable level.
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1. INTRODUCTION

Text summarization is getting popular nowadays because digital data is flooding every
day on the internet. If someone is searching for any information on the internet then a lot of
digital data is shown on the screen and everyone can't read all the data to extract useful facts.
Automatic Text Summarization (ATS) techniques have gained popularity because they
produce a useful and concise summary of large texts automatically without human intervention.
This reduces the time need extract useful information from large texts. One of the important
requirements of ATS techniques is to generate semantically correct summaries without losing
the original intent of the text. The concept of ATS is not new but it came into existence, when
(Luhn, 1958) proposed text summarization using statistical techniques. Earlier text
summarization methods were based on statistical methods to produce summaries. With the
increase in high-speed memory and parallel computing resources, many artificial intelligence-
based techniques have been used in ATS. The deep learning and Al-based text summarization
methods achieve better results in generating better, coherent, and more human-like summaries.
ATS has many advantages (1) It reduces the reading time (2) During the research, summary
selection from literature is easy with ATS. (3) Automatic summarization methods are not
biased like humans and (4) They can generate summaries of different lengths from the same
text. Sentiment-based summarization (Ali et al., 2020), headline generation(Arora, 2020), and
customer review summarization (Alsager & Sasi, 2017) are some application areas of ATS.
Text summarization can be done in many ways, depending on the strategies used. Figure 1
shows the important categories of text summarization (El-Kassas et al., 2021).
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Fig 1. Categories of ATS methods.

Based on the input size, text summarization methods can be single-document
summarization and multi-document summarization. In single-document summarization, single
input is given and a single summary is generated but in multi-document summarization,
multiple document inputs are given and a single summary is generated. Query-based
summarization generates summaries from multiple documents based on query results while
generic summarization generates summaries from one or multiple documents. In the supervised
text summarization method, supervised training algorithms need to be trained on the labeled
data. In unsupervised text summarization methods, labeled data is not required. The indicative
summary identifies the document’s topic, and the informative summary elaborates on some
topics according to the user's interest. In domain-based methods, summarization is done on the
text of the general domain while in domain-specific summarization, summarization is done on
the text of specific domain texts like medical documents, sports documents, legal documents,
etc. A monolingual summarization summarizes text written in a single language, a multilingual
summarization summarizes texts written in multiple languages, and a cross-lingual
summarization summarizes text written in one language to a summary written in another
language. Based on the length of generated summaries, different length summaries can be
generated like headlines generation, single sentence summary generation, highlights
generation, or full summary generation. The last category of summarization is based on the
summarization approach. It is very common and most text summarization algorithms are
categorized accordingly. The extractive summarization method extracts important sentences
from the text to form a summary. Abstractive summarization methods apply Deep Learning
based algorithms to generate human-like summaries. Hybrid summarization uses both
abstractive and extractive approaches to generate summaries. Extractive summarization uses
statistical methods while abstractive summarization uses Al-based Seq2Seq models and
advanced transformer models.

A lot of research work has already been done on English text summarization but very
little work has been done in the area of Hindi text summarization. Most of the residents in the
northern and central Indian states like Madhya Pradesh, Rajasthan, Delhi, etc. speak Hindi as
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their first language. Hindi is also spoken in Mauritius, Fiji, Guyana, Suriname, Trinidad &
Tobago, and Nepal. It is the fourth most-spoken language in the world with 344 million native
speakers (Top 10 Most Spoken FIRST Languages in the World in 2023 | TranslateDay, n.d.).
Furthermore, Hindi is widely spoken in many nations other than India. It has encouraged us to
study NLP-based techniques for summarization.

Most of the research works done for summarization of Hindi text utilized extractive
approaches which are extensively based on statistical methods to select important sentences
from large texts. Summaries generated using extractive text summarization are not coherent
and semantically disconnected. Hindi is more complex than English because of matras. As a
result, little research has been done on Hindi text summarization.

Research Problems and Objectives

We found that due to matras in the Hindi language, it is very difficult to tokenize Hindi words
in the right way. Very few Hindi tokenizers are available, and sometimes they cannot tokenize
Hindi words correctly. We have seen the case of popular Hindi tokenizers from the inltk
library[(Arora, 2020)] and tried to tokenize some sample words. It was found that many Hindi

words were wrongly tokenized. Like “fHART” was tokenized into two token i.e “f&aT” and
"RT”, "@RATA” word is tokenized as “®R” and “RI@”. “®IGRT” word is tokenized as "®I”

and ”@xI”. Due to this, tokenization can generate summaries in the wrong context. To tackle
this problem, we have proposed that instead of developing new tokenizers for the Hindi
language, the transliteration process can be used to transliterate the text from Hindi to English
languages. The English language doesn’t have matras therefore it is easy to tokenize.

In continuation of the above objective, it is already known that fewer pre-trained models are
available for Hindi text summarization whereas, for English text summarization, enhanced pre-
trained models are available. Consequently, the second objective of the proposed work is to
summarize the transliterated Hindi text using the model that is already trained on English text.
The third objective of the proposed work is to explore a new method to calculate semantic
similarity between reference summaries and predicted summaries.

The main contributions of this paper are:

Transliteration of Hindi text before summarization is done to generate better summaries.

A pre-trained model trained on English text is fine-tuned to summarize Hindi text.

To compare the semantic similarity of predicted and reference summaries, we have proposed
a method to calculate the semantic similarity between reference summaries and predicted
summaries.

Randomly selected summaries have been evaluated by experts.

2. REVIEW OF LITERATURE

Text summarization is the task of generating concise summaries from a large text by
keeping the important points. Text summarization is an active research area with many exciting
developments and advancements. We may anticipate more advancements in the caliber and
efficiency of text summarizing systems as NLP technology develop further. This field has seen
a great deal of study, and continuing research is still being done in it. Initially, the text
summarization algorithms were focused on English text, but research work is also being carried
out on different languages like French, Chinese, German, Spanish, etc., and other low-resource
languages (Zagar & Robnik-Sikonja, 2022). In the last few years, research work on the
summarization of Indian languages like Hindi, Tamil, Telugu, and Bengali is also been done.
Since our proposed work is on Hindi text summarization so at first we will discuss some recent
research works on low-resource language text summarization, then we will confer research
works on Indian language summarization and Hindi text summarization.
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2.1. Summarization of Low Resource Language

Many authors have proposed abstractive summarization of low-resource languages.
(Nawaz et al., 2020) proposed extractive summarization of Urdu. They used local weight and
global weight-based approaches and obtained promising results. (Bani-Almarjeh & Kurdy,
2023) proposed Arabic text summarization with RNN-based transformer architecture. They
used four pre-trained language models MBERT, AraBERT, AraGPT2, and AraT5 for Arabic
text summarization. They found that AraT5 and AraGPT2 performed better than other language
models. (Shafiq et al., 2023) proposed abstractive summarization of Urdu. They used
multilayer encoder and single layer decoder-based transformer. Using the proposed method,
they achieved acceptable ROUGE scores. (Wijayanti et al., 2023) proposed abstractive
summarization of low-resource languages. They analyzed two bilingual embeddings i.e.
VecMap and BiMap for Indonesian languages. Their concept improved the performance of
VecMap by 16.6% when evaluated intrinsically.

2.2. Summarization of Indian Languages

The work of abstractive text summarization is also done to summarize the text of other
Indian languages like Punjabi, Tamil, Telugu, Malayalam, etc. For summarization of Punjabi
text, many authors have proposed extractive approaches. (Garg et al., 2021) proposed
extractive Punjabi text summarization using an unsupervised machine learning approach. After
pre-processing the text, they generated a similarity matrix and ranked it, based on the similarity
matrix. Using the proposed method, they achieved values of ROUGE_1, ROUGE_L, and
ROUGE _s scores as 0.71, 0.56, and 0.56, respectively. (Jain, Arora, et al., 2021) proposed
Punjabi text summarization using three-phase extractive text summarization. After pre-
processing, they extracted statistical and linguistic features. They used neural networks with
sigmoid activation functions with optimization. Using their proposed method, they achieved
90.0%, precision, 89.28%, recall, and 89.65% F-measure. (Jain, Yadav, et al., 2021) proposed
particle swarm optimization for Punjabi text summarization. They used two datasets, and using
their proposed method, they achieved 78.36% precision, 79.5% recall, and 78.96% F-measure
as, 79.57. For Tamil text summarization, (Dhivyaa et al., 2022) proposed transliteration and
transformer-based summarization of Tamil text. For fine-tuning, they used three pre-trained
models i.e. GPT-2, T5, and BERT models. They found that GPT-2 model achieved better
summarization performance T5 and BERT. (Manjari, 2020) proposed extractive Telugu
summarization using the TextRank algorithm. Followed by text preprocessing, they used the
continuous bag of words model architecture. After the calculation of word embedding, they
calculated a similarity matrix for generating summaries. They achieved average values of
precision, recall, and F-measure as 0.60, 0.63, and 0.62 respectively. (Mamidala & Sanampudi,
2021) proposed a heuristic approach for extractive Telugu text summarization. They used event
score and named entity score for sentence ranking of Telugu text. Using their proposed method,
they achieved better performance than other Telugu text summarization methods. (Babu &
Badugu, 2023) proposed Telugu text summarization using the Seq2Seq model. They used a
Bi-LSTM-based encoder and LSTM-based decoder in their proposed Seq2Seq model. They
found that their proposed method outperformed other Telugu text summarization methods.
(Durga et al., 2022) proposed Telugu text summarization using histo-fuzzy means and Median
Support Based Grasshopper Optimization Algorithm (MSGOA). After pre-processing the data,
they clustered text documents. Using their proposed method, they achieved 84% accuracy. For
Malayalam text summarization, (Jaya et al., 2019) proposed the summarization of Malayalam
documents using the clause identification method. They used a POS tagger and morphological
analyzer for Malayalam text. Using their proposed method, they were able to generate a clear
and concise summary. (Nambiar et al., 2021) proposed abstractive text summarization of
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Malayalam text. They used the Seq2Seq model with an attention mechanism for summarizing
Malayalam text. Using their proposed model, they achieved better results. (K. Nambiar et al.,
2023) proposed Malayalam text summarization using an enhanced attention model and POS
tagging. Using their proposed method, they achieved a 0.28 ROUGE score.

2.3. Extractive Hindi Text Summarization

Extractive text summarization is the process of extracting highly important sentences
from a large text. (Bafna & Saini, 2019) proposed Hindi summarization using unsupervised
learning. They utilized TF-IDF, cosine-based document similarity measures, and cluster
dendrograms. Using the proposed method, they achieved values of entropy score and precision
as 0.31 and 0.90, respectively. (Rani & Lobiyal, 2021) proposed LDA (Linear Discriminant
Analysis) tagged-based topic modeling for text summarization. They proposed a PoS tagger
for Hindi and also proposed four different POS-based, topic modeling-based schemes based on
different weighting strategies. They achieved 70% ROUGE score. (Joshi et al., 2021) proposed
semantic graph-based extractive text summarization. In their proposed method, they
constructed a semantic graph of Hindi documents by establishing the semantic relationship
between sentences using wordnet ontology. They found that their proposed methods performed
better than other TextRank algorithms. (Dhankhar & Gupta, 2022) proposed a sentence-scoring
method based on statistics for Hindi text summarization. With their mathematical combination
of nine textual feature-based methods and achieved 0.40 ROUGE score. (Jain et al., 2022)
proposed Hindi text summarization using a real-coded genetic algorithm. After preprocessing
the data, they extracted eight features from the text. Then they used genetic algorithms. Using
their proposed method, they achieved 78% ROUGE_1 recall and 68% ROUGE_2 recall.
(Supreet et al., 2020) proposed selection and elimination-based approach to summarize Hindi
text. After pre-processing the data, they calculated word frequency, sentence frequency, dice
coefficient of similarity, and jacquard coefficient of similarity. Their proposed method
produced a summary that was 30%-40% similar to the original text. (Tawatia et al., 2022)
proposed extractive summarization of Hindi documents using neural methods. They extracted
the data from the website of “AajTak” Hindi news and train the data with a neural extractive
model summarizer. By using their proposed method, they achieved values of F1 scores for
ROUGE _1 as 20.32 and for ROUGE_2 as 39.81. (Bandari & Bulusu, 2023) proposed political
elephant herding optimization-based LSTM for extracting Hindi text summarization and
generated the summary for Hindi text in four stages i.e., preprocessing, feature extraction, score
generation, and score extraction. Using the proposed method, they achieve 77.5% ROUGE
score. (Aote et al., 2023) proposed binary particle swarm optimization-based multi-document
Hindi text summarization. They proposed a combination of binary particle swarm optimization
to find the optimal score and generate a final summary. They found that their method performed
better than other methods in terms of ROUGE, precision, and recall.

2.4. Abstractive Hindi Text Summarization

In the context of the Hindi language, very little work is done in the area of abstractive
text summarization. (Karmakar et al., 2021) proposed to summarize Hindi text using Seq2Seq
neural network with attention. They summarized Hindi and Marathi texts using the proposed
method. Their model was able to accept the text in Hindi and Marathi text and produce the
summary. (Kumari & Singh, 2022) proposed Hindi text summarization using Seq2Seq neural
network. After pre-processing the data and word embedding, they applied Seq2Seq neural
networks. They used two optimizers i.e., RMSprop optimizer and Adam optimizer. Using their
proposed method, they achieved values of precision, recall, and F-measure as 79.23%, 72.92%,
and 72.95% respectively. They found that the Adam optimizer was superior to the RMSprop
optimizer. (Tangsali et al., 2022) proposed a deep learning-based approach for Indian language
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text summarization. For Hindi text summarization, they used indicBART, XL-Sum, and
MBART. They achieved the highest 0.55 ROUGE_1 score with fine-tuned indicBART.

3. METHODOLOGY

In the proposed work, transliteration and fine-tuning-based Hindi text summarization
is proposed. At first, the Hindi text has been transliterated into English. After that, a pre-trained
model is fine-tuned on the data. For summarization, we have used fastai and blurr libraries for
fine-tuning the pre-trained model Facebook/bart-large-cnn. For performance comparison,
along with the ROUGE score and BERT score, a semantic similarity-based performance
measure has also been used. Besides calculating performance measures, summaries are also
evaluated by humans.

3.1. Dataset

For Hindi text summarization, a few datasets are available, but none are specifically for
Hindi text summarization. Like XL-Sum (Hasan et al., 2021) and Cross-Sum(Bhattacharjee et
al., 2022) datasets are benchmark multilingual datasets for summarization containing Hindi
articles and summaries. But the XL-Sum dataset has very fewer instances of Hindi-to-Hindi
articles and summary pairs i.e. only 51,715 pairs. The Cross-Sum dataset contains Hindi-to-
other-language articles and summary pairs, but no Hindi-to-Hindi articles and summary pairs.
Therefore, we couldn’t consider these datasets for the proposed work. Instead, we used a
publicly available dataset (Hindi Text Short and Large Summarization Corpus | Kaggle, n.d.).
This dataset contains articles, headlines, and summaries collected from Hindi news websites.
This dataset contains two files: train data and test data. Train data contains 143867 pairs of
articles, headlines, and summaries for training, and test data contains 35968 pairs of articles,
headlines, and summaries for training. In this dataset, Hindi text is written in Unicode. Table 1
shows dataset statistics.

Table 1. Dataset statistics

Columns Avereage number of words
Train Data Test Data
(Total number of instances-143867) | (Total number of instances-35968)
Headline 13.54 13.57
Summary 29.37 29.43
Articles 537.60 543.72

For the proposed experiment, we have used two combinations of columns: (1) articles
and headlines for generating headlines and (2) articles and summaries for generating short
summaries. For pairs of headline and article, there were no missing values; therefore, we have
used all instances of train data and test data for training and testing the model, but the summary
column contains many missing values thus, for the article and summary columns, we have
removed missing values for training and testing. Table 2 shows statistics of summary and

article data after removing missing values.

Table 2. Statistics of summary and article data after removing missing values

Columns Average number of words
Train Data Test Data
(Total number of instances-69033) (Total number of instances-17265)
Summary 29.37 29.43
Articles 537.60 543.72
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3.2. Transliteration

The process of converting a word from one language's alphabet to another is called
transliteration. Transliteration assists people in pronouncing words and names in foreign
languages. A transliteration, unlike a translation, offers you an idea of how the word is spoken
by placing it in a familiar alphabet. It replaces letters from the original alphabet with similar-
sounding letters from another alphabet. Following are reasons for transliteration of Hindi text
before summarization.
Hindi is a very complex language due to matras, and some special symbols. Therefore,
tokenization of Hindi sentences is difficult. Sometimes existing tokenizers don't tokenize Hindi
sentences properly. Consequently, rather than tokenizing the complex language sentences we
have transliterated the Hindi text into English text.
Most of the pre-trained models for the English language are already trained on huge quantity
of English text, whereas pre-trained models for the Hindi language have been trained on less
Hindi text. It is already known that the models which are trained on huge data perform better
than the models that are trained on fewer data. For the English language, many pre-trained
models are available. Thus, in the proposed work, we have used a pre-trained model trained on
English text rather than on Hindi text.
Transliteration can help in text summarization by converting text from one script or writing
system into another. This makes it possible to work with multiple language scripts in a single
summarization model. For example, if a text summarization model is trained on a certain script,
it may not perform well on texts written in another script. Transliterating these texts into the
script on which the model is trained can improve its performance.
Additionally, transliteration helps to overcome language barriers and make text written in
different scripts accessible to a wider audience.

For example, original Hindi text “fgeai! H Siord iRl R oA 9 J;J,Ir-‘?cbc'l T ugl g-1d
3TART” transliterated in English as “dilli mem dijala taiksiyom para baina se mushkila mem
pada chunav aayoga”.

3.3. Fastai

The PyTorch-based deep learning library fastai (Howard & Gugger, 2020) provides a
simple interface for creating and training various deep learning models. For tasks like image
classification, object detection, and language modeling, it offers a wide range of functionality
and pre-trained models that can be customized for particular use cases. The foundation of
Fastai's architecture is its data block API, which offers a method for quickly preparing and
preprocessing data for deep learning model training. With this API, users can specify the
structure of their data as well as how it should be transformed and set up for training. Fastai
has a four-layered architecture. The low-level API layer contains the basic building blocks of
deep learning models such as tensors, auto-grad, pipelines, reversible transforms, and
optimized operations. The mid-level API layer contains core deep learning and data processing
methods like callback, generic optimizer, generic metric, and data core. The high-level API
layer contains learner and data blocks. Beginners and professionals who are primarily
interested in using existing deep learning techniques will likely find the high level of the API
to be most helpful. Architecture, an optimizer, and data are combined in the learner class, which
automatically selects a suitable loss function. The upper application API layer specified
application areas like vision, text, tabular, and time series data.

3.4. Blurr Library

The blurr library (Ohmeow-Blurr - PyPI, n.d.) is designed specifically for developers
who use both fast.ai and Hugging Face Transformers. It essentially acts as a bridge between
these two frameworks, providing a comprehensive and easy-to-use toolkit for training,
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evaluating, and deploying transformer models with fast.ai. So, if you're already familiar with
fast.ai and want to leverage the power of transformers, then ohmeow-blurr can be a valuable
tool.

3.5. Pre-trained Model

In the proposed work, we have used Facebook/BART-large-cnn(Lewis et al., 2019) pre-
trained model. BART is a denoising autoencoder used to pre-train sequence-to-sequence
models. To train BART, the text is first corrupted with a random noise function. Then a model
is learned to recreate the original text, as shown in Fig. 2. It uses typical Transformer-based
neural machine translation architecture, which, despite its simplicity, may be considered as
generalizing BERT (due to the bidirectional encoder), GPT (with the left-to-right decoder), and
numerous other more contemporary pretraining approaches. In the base BART model, many
noising techniques have been used for pre-training like token masking, token deletion, token
infilling, sentence permutation, and document rotation. In the BART-large model, they used
12 layers of encoder and decoder. In their encode-decoder architecture, they used GelL.U
(Hendrycks & Gimpel, 2016) activation function with parameter initialization from N (0, 0.02).

The version of the BART model used in the proposed work is BART-large-cnn model.
This BART-Large model is trained on CNN-dailymail dataset with 406 million parameters.
The CNN / DailyMail Dataset is an English-language dataset including around 300,000 unique
news articles published by CNN and Daily Mail writers. So it can be easily said that
facebook/bart-large-cnn is trained on sufficiently significant amounts of data to perform
abstractive summarization tasks.

3.6. Proposed Method to Train and Test the Model

In the proposed method, at first train data in Hindi Unicode is transliterated into
English. After that, we downloaded the Facebook/ BART-large-cnn model using fastai and
blurr libraries. After batch creation, fine-tuning parameters were specified. Then the model was
trained for two epochs. The whole process of training and testing is shown in Fig. 3. Following
are step-by-step details of the training and testing phases.

(Y tm Denoiser
Source Text ——| Corruptthe (Encoder-Decoder Regenerated Text
text Model)

Loss optimization via
Backpropagation

Fig 2. Basic working of BART model.

3.6.1. Training Phase

Following are detailed steps for training the model

Load the training data.

Remove the rows containing missing values.

Transliterate the train data.

After transliteration of the training data, get the hugging face object with the help of
blurr.get_hf_object method. While getting the hugging face object using model_CLS method,
the original model, its architecture, tokenizer, and config is downloaded. Here we have used
BartForConditionalGeneration as model_cls and pre-trained model facebook/bart-large-cnn.
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Specify fine-tuning parameters.

Define batch. For creating batches, the Seq2SeqBatchTokenizeTransform instance has been
created by passing hf object received from blurr.get_hf _object method.

Create data blocks. The data block is a blueprint that describes how raw data is converted to
data that can be modeled. Blurr also provides support for working with multiple data blocks in
parallel, allowing for the efficient processing of large amounts of data in real-time. For creating
the data block, HF_Seq2SeqBlock method has been used.

Pass the data using datablock.dataloaders for creating an actual block of the data.

Create an instance of BaseModelWrapper class by passing the hf model object.
BaseModelWrapper is a class from the Hugging Face Transformers library, which provides a
high-level API for working with pre-trained language models. The class is designed to wrap a
pre-trained language model and provide an easy-to-use interface for performing common
natural language processing tasks, such as text classification, sentiment analysis, and question
answering.

Define the list of callbacks. A callback in fastai is a piece of code that can be executed at certain
points during the training process, such as after the completion of an epoch or after the
prediction of a batch of data. Callbacks can be used to modify training process behavior or to
perform additional tasks, such as logging, early stopping, and model checkpointing.

Create an instance of the learner class by passing the data block, model object, optimizer
function, loss function, list of callbacks, and splitter. Data blocks are blocks that were created
in step vii and the model is an instance of the model that will be retrieved as a result in step ix.
In the proposed method a ranger optimizer and CrossEntropyLossFlat loss function have been
used. The list of callbacks is all those callbacks that were defined in step X. The splitter function
splits the model into groups of layers for different learning rates. In the proposed method, the
seg2seq_splitter function is used, with the arch argument set to hf arch. In the proposed
method, the to_fp16 method was also used to enable the model to use half-precision floating-
point numbers, which can speed up the training on GPUs with limited memory.

Create an instance of optimizer using learn.create_opt() method.

Freeze the model, so that only the last layer's weight can be updated during the training process.
Use learn.Ir_find() to find the optimal learning rate.

Train the model. In the proposed method, we have trained our frozen model for two epochs.
3.6.2. Testing phase

Following are steps for testing the model

Transliterate the test data.

Generate the output using learn.blurr_generate method.

Train Data
Y
Hindi Dataset 4

Test Data

Predicted Summary

Generate output using
Blurr.generate method
Transliterate test data

Fig 3. Block diagram of the proposed method.
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3.7. Performance Matrices

For the performance measurement of the proposed method, ROUGE score, and BERT
score have been calculated. Along with these traditional performance comparison methods, we
have also used semantic similarity-based metrics to assess the performance of the model.

3.7.1. ROUGE score

It compares an automatically generated summary to a reference or gold-standard summary
and scores the similarity between the two. ROUGE is often used in the evaluation of text
summarization models (Lin, 2004), as well as machine translation models, image captioning
models, and other tasks involving the generation of text. There are several variations of the
ROUGE metric, including ROUGE_N, ROUGE_L, and ROUGE_W, which measure the
overlapping n-grams, longest common sequences, and weighted overlapping of words,
respectively. The choice of the ROUGE metric depends on the task and the desired evaluation
criteria. But some disadvantages are also associated with the ROUGE score, like
ROUGE score focuses on recall and is limited in evaluating the content, meaning, and style of
the generated summary, as it only considers overlapping n-grams between the reference
summary and the generated summary.
ROUGE is biased towards longer n-grams, which might result in a higher score for summaries
that repeat parts of the reference summary rather than generating new and concise information.
ROUGE score heavily depends on the quality of the reference summaries. This might not
reflect human summary quality if the reference summaries are poorly written.
ROUGE is sensitive to the length of the summaries, which might result in a higher score for
longer summaries, even if they contain redundant information.
3.7.2. BERT score

It is a text generation evaluation metric based on the pre-trained language model BERT

(Zhang et al., 2019). Unlike traditional evaluation metrics such as BLEU and ROUGE, BERT
Score evaluates the similarity of the generated text to the reference text. This is done by
considering both the context and the meaning of the words in the text. It also calculates the
cosine similarity between the contextualized representations of the generated text and the
reference text, which are obtained from the BERT model. The final BERT score is the average
of the pair-wise cosine similarities between all word pairs in the generated and reference texts.
BERT scores are context-aware and have less reference dependency. BERT score has some
limitations as well, like high computational cost and limited coverage.

3.7.3. Semantic Similarity-based Metric

We have also proposed a performance metric to measure the semantic similarity of
reference summary and predicted summary. Semantic similarity refers to the degree of
relatedness or similarity between the meanings of two or more pieces of text. This is typically
measured using computational techniques based on NLP and machine learning. Following is
the proposed method (as shown in Fig 4) to calculate semantic similarity between reference
summary and predicted summary.
Encode the reference summary and predicted summary using a sentence transformer. In the
proposed method, we have used an all-MiniLM-L6-v2 sentence transformer (Reimers &
Gurevych, 2019). It converts sentences and paragraphs into a 384-dimensional dense vector
space that can be used for tasks such as clustering and semantic search.
Find cosine similarity between each pair of reference summary and predicted summary. Cosine
similarity is frequently used in NLP to compare the similarity of two document vectors or word
embedding. It can be used to perform tasks like document retrieval, clustering, and
recommendation systems. It computes the cosine of the angle between the vectors and has a
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value ranging from -1 (completely dissimilar) to 1 (identical), with 0 indicating orthogonality
(no correlation).

Convert tensor values to scalars.

Replace the cosine score for each summary pair with 1 if the cosine score is greater than 0.50
otherwise, replace it with 0. Convert all scores into one list D1.

Take another list D2 that has all ones, and the same length as D1.

Find the percentage similarity between D1 and D2. This percentage similarity shows the value
of the similarity-based metric.

4. RESULTS
For training the text summarization model, we have used fastai along with the blurr
library. The dataset we have used in our experiments has three columns i.e. headline, summary,
and article. So, we have trained and fine-tuned the pre-trained model for the following two
tasks i.e. generate the short summaries of the articles and generate the headlines of the articles.

Reference Summaries

12
1 ... 384

Encode the summary

2 into 384 dimensional

3 vector using sentence 2
transformer

list D1

n n

Semantic similarity
score= percentage

of similarity
between D1 and
D2

Predicted Summaries

n | 037 n 0

into 384 dimensional
vector using sentence
transformer

2 Encode the summary 1

Fine cosine score
between each
pair of reference

Replace cosine
scores greater
than 0.50 with 1

2

otherwise with 0
and predicted 3 1
summaries

Take a list
D2 having
allone’s n 1

Fig 4. Block diagram of semantic similarity score calculation.

4.1. Generating short summaries of articles

For generating short summaries of the articles, we have used two columns of the dataset
i.e. summary and article for training the model. For this, a pre-trained model Facebook/bart-
large-cnn has been fine-tuned on the dataset. After training and fine-tuning, we have obtained
results as shown in Table 3.

Table 3. Results obtained during each epoch of training for article and summary pairs.

Epoch| Train |Validatio ROUGE_1ROUGE_| ROUGE_ | BERT | BERT | BERT
Loss n 2 L score score score

Loss precision| recall fl
0 |1.097| 1.042 0.473 0.336 0.414 0.806 0.821 | 0.813
1 10834 | 0.967 0.476 0.338 0.416 0.807 0.822 | 0.814

From Table 3, we can see that at epoch 0, training loss and validation loss were 1.097
and 1.042, respectively. ROUGE_1 was 0.472, ROUGE_2 was 0.336 and ROUGE_L was
0.441. At epoch 0, precision, recall and F1 score of BERT score were 0.806, 0.821, and 0.813.
At epoch 1, all the performance measures were slightly increased and losses were slightly
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decreased i.e. at epoch 1, training loss and validation loss were 0.834 and 0.967 respectively.
ROUGE_1was 0.476, ROUGE_2 was 0.338, and ROUGE_L was 0.416. Atepoch 1, precision,
recall, and F1 score of BERT score were 0.807, 0.822, and 0.814. Epoch 0 took approximately
6 hours and 10 minutes for training, and epochl took approximately 6 hours and 22 minutes.
For generating short summaries from articles, we have used test data having 17265 instances.
After testing ROUGE score and BERT score have been obtained as shown in Table 4.

Table 4. ROUGE and BERT score of reference summaries and generated summaries in

test data
Performance Recall Precision F-score
measure
ROUGE 1 score 0.5510 0.4319 0.4749
ROUGE 2 score 0.3748 0.3033 0.3279
ROUGE L score 0.5028 0.3978 0.4358
BERT score 0.80 0.82 0.81

We have obtained 0.55 recall, 0.43 precision, and 0.47 F-score values of ROUGE_1,
0.37 recall, 0.30 precision, and 0.33 F-score values of the ROUGE_2 score; 0.50 recall, 0.40
precision, and 0.44 F-score values of ROUGE_L score; and 0.80 recall, 0.82 precision, and
0.81 F-score value of BERT score.

We also proposed and used a semantic similarity-based score to measure the similarity
between the reference summaries and generated summaries. For this, we have calculated the
cosine similarity between two sentences. We found following:

Number of rows for which cosine score is greater than 0.50 - 16956

Number of rows for which cosine score is less than 0.50 - 309

After replacing the cosine score greater than 0.50 with 1 and the cosine score less than 0.50
with 0, we calculated classification accuracy and found the following classification matrix:

Precision  Recall F1-Score Support
0 0.00 0.00 0.00 0
1 1.00 0.98 0.99 17265
Accuracy 0.98 17265
Macro average 0.50 0.49 0.50 17265
Weighted average 1.00 0.98 0.99 17265

The similarity score obtained between reference summaries and generated summaries
is 0.98. So, we can consider that there is a good level of similarity between the reference
summaries and generated summaries.

4.2. Generating headlines from articles

For generating the headline of the article, we have used two columns of the dataset i.e.
headline and article for model training. Here we have used the same model that was used in
section 5.1. After training and fine-tuning, we have obtained results as shown in Table 5.

Table 5. Results obtained during each epoch of training for article and headline pairs.
Epoch| Train |Validatio|ROUGE_|[ROUGE_2| ROUGE_ | BERT | BERT | BERT
Loss n 1 L score | score | score
Loss precision| recall fl

0 1.495 | 1.501 0.310 0.132 0.250 0.742 | 0.783 | 0.762
1 1.358 | 1.380 0.317 0.138 0.258 0.745 | 0.786 | 0.764
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From Table 5, we can see that at epoch 0, training loss and validation loss were 1.495
and 1.501, respectively. ROUGE_1 was 0.310, ROUGE_2 was 0.132, and ROUGE_L
was0.250. At epoch 0, precision, recall and F1 score of the best score were 0.742, 0.783, and
0.762. At epoch 1, all the performance measures were slightly increased and losses were
slightly decreased i.e. on epoch 1, training loss and validation loss were 1.358 and 1.380,
respectively. ROUGE_1 was 0.317, ROUGE_2 was 0.138 and ROUGE_L was 0.258. At epoch
1, precision, recall, and F1 score of BERT score were 0.745, 0.789, and 0.764. Epoch 0 took
approximately 9 hours and 35 minutes for training and epoch 1 took approximately 10 hours
and 6 minutes for training.

For generating headlines from the article, we have used the same test data as used in
Section 5.1 for summaries generation but used article and headline columns. After testing, we
obtained the ROUGE score and BERT score as shown in Table 6.

Table 6. ROUGE and BERT score of reference headline and generated headline pairs in

test data.
Performance Recall Precision F-score
measure
ROUGE 1 score 0.4274 0.2331 0.2948
ROUGE 2 score 0.1811 0.0904 0.1172
ROUGE L score 0.3655 0.1993 0.2520
BERT Score 0.79 0.74 0.76

We have obtained 0.43 recall, 0.23 precision, and 0.29 F-score values of ROUGE_1; 0.18
recall, 0.09 precision, and 0.11 F-score values of the ROUGE_2 score; 0.36 recall, 0.20
precision, and 0.25 F-score values of ROUGE_L score; and 0.79 recall, 0.74 precision, and
0.76 F-score value of BERT score.

While calculating semantic similarity, we found following:

Number of rows for which cosine score is greater than 0.50 - 16956

Number of rows for which cosine score is less than 0.50 - 309

After replacing the cosine score greater than 0.50 with 1 and the cosine score less than 0.50
with 0, we calculated classification accuracy and found following classification matrix.

Precision  Recall F1-Score Support
0 0.00 0.00 0.00 0
1 1.00 0.95 0.98 17265
Accuracy 0.95 17265
Macro average 0.50 0.48 0.49 17265
Weighted average 1.00 095 0.98 17265

The similarity score obtained between pairs of reference headlines and predicted headlines is
0.95. Table 7 and Table 8 show samples of generated summaries and Headlines.

Table 7. Reference summary and predicted summaries.

Original Transliterated Predicted Predicted Hindi

Transliterated
Summary Summary Summary Summary

e § jimanastika me olimpika ke lie W%%’Q

kvaliphai karane kvaliphai kara itihasa a ¢ N
PTRAPT vali pehali ka pahala adhyaya epTellthlg R {ldeT
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I aret bharatiya mahila likha chuki dipa T UgHT 7Y forar
Ugdlt HRA™ hai dipa karmakara ravivara ko Tebl gl FHPR
H%W%fﬂtﬂ _riyo me h|_ jaba rlyo_khelom mem AR &1 o Ry

RO A& olimpika ke liye utaremgi. khela mem R Rerent g

X tripura ki is ladaki padaka jitane vali .
3ifeiftes & ne kiya tha pahali bharatiya mahila 9 H UG Sitd et
ferg g 1 kvaliphai jimanasta haim. Ugll YR Afge
Y ASHI A kocha ne kaha- | maharata haasil karane IEEEIESIN
farur kabhi bhi asani se | ke lie unhomne apana | HERd BRI B &

FaTTBTS haar nahlrr_l manati §aba kucha jhomka fore 3= ST e

B3 Bl hai dipa dlyda aur:a vaEa ;al_pane W@W R 3R
radarshana ke lie usa
i ot P | A UeRA &
para vishvasa kara rahi
mﬁqﬁqﬂiﬂ%’g haim W@g@mm
it
basapa pramukha
LRSI mayavati ki railiyom ka | §gO1 U@ HITdl i
Aoy faeed lakhanau se lekara IéﬁL;ll(zkrama ohi tayah;) Al b1 iy i
dd BN RIS | dilli  taka  hoga oA -
. karyakartao ne Kai oo~ ¢
Sreee] shakti pradarshana | - HTIFHAr 2 HTS o
janmadina ka jagaha para unake - 2 G?Ri
Gmlé;' Eal Nimamtrana hordimga aura postar %?wm%”gg;ﬁ‘”
sahayogi dalom ko lagaye halm Jisamem are
Wﬂ adl ohi bheja gaya unake_ janmadina ki | S9% SIfdd B
! 4t AT | ahilesha ke satha | D2ANAIYOM ke | ggrgal & wHQw faU
YT P | sita bamtavare aar_ndesha diye  gaye %
. alm a EN
iy Iic | para ho sakata hai | ; : ST AGHT & I1Y-
. anmadina lakhanau ke .
SedR W gl | elana Jsatha—satha dilli mem | ST feeell @ ot 71
bl & TAH bhi manane ka phaisala &1 e forn T 8
liya gaya hai
Table 8. Reference headlines and predicted headlines.
Oriainal Headline Transliterated Predicted Transliterated Generated
g Headline Headline Headline
YUt ga A
7 pavana simha se | amrapali dube ne pavana
gad gad NI
m@ﬁaﬁ amra_pali dulloe_ne simha ke satha milakara e qgs R
RIHTI g ki shikayata 'shiva | yutyuba para machaya =TT ST, SR
o manata  nahim', | dhamal, bar-bar dekha ja ’
A el Video video hua | raha hai video, jane kya R ST o 38T §
g3 dIR vayarala hai vajaha... difsa IH T 7
sifRife riyo olimpika Jklgn arI]ia:aStiﬁ/;Fi;h(;liimEg;: SR i
§ o yahim para | itihasa ka pahala adhyaya i ferg

& W SMAMNF | Giimpika  mem | likha  chuki  dipa | PIGTPTE BX
H R ST U1, | sthana banaya tha, | karmakara ravivara ko | SIT6Td ol UGl
S S8 U T | isi jagaha para | jaba riyo khelom mem | S{%AT forRal gabl
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Ucdh oild UTaift | kiya padaka jita | utaremgi to nigahem nai | 20T HBR
... paemgi dipa... umchai ko chhune para | IJfdqR & 59
lagi hongi R RIR]
It fAmg
HomE P g
TR T g

4.3. Human Evaluation of Generated Summaries

Human assessment of summaries is an essential part of NLP and automated
summarization. It entails having human assessors read and grade the quality of machine-
generated summaries to assess their correctness, readability, coherence, and general usefulness.
Human review can take many forms, such as evaluating summaries on a scale of 1 to 5, offering
input on specific features of the summary, or comparing several summaries to determine which
one is best. Human assessment is used to gain a reliable and accurate gauge of the summary's
quality and to suggest areas for improvement. In the proposed work, summaries have been
rated in terms of consistency, fluency, coherence, and relevance(Fabbri et al., 2021).
Consistency refers to the uniformity and coherence of the text in terms of style, tone, grammar,
punctuation, and spelling. Inconsistent use of these elements can lead to confusion and distract
the reader from the message being conveyed. Fluency, on the other hand, refers to the ease with
which the text can be read and understood by the reader. Coherence refers to the overall
organization and structure of the text, including the logical flow of ideas and the use of
transitional phrases and other devices to link sentences and paragraphs. Relevance refers to the
extent to which text content is appropriate and useful to its intended audience. In the proposed
work, human evaluation of predicted summaries is also done. For human evaluation, we have
selected twelve independent experts. All these experts were highly educated (having
postgraduate or Ph.D. degrees) and belonged to different subjects. For evaluation, eighty pairs
of articles, generated summaries, and generated headlines are selected randomly. Each article,
summary, and headline pair is evaluated by three independent experts. All experts rated the
generated headline and summaries in terms of consistency, fluency, coherence, and relevance.
All these parameters were ranked on a scale of 1 to 5 (1-lowest rating, 5 — Highest rating).
While evaluating generated summaries, few incorrect matras were ignored as a limitation of
the reverse transliteration. The average ranking of generated summaries and generated
headlines in terms of consistency, fluency, coherence, and relevance is shown in Table 9. We
have also calculated the number of generated summaries and headlines in different ranges of
ranking as shown in Table 10.

Table 9. Average ranking by human experts.

Case Consistency | Fluency | Coherence | Relevance Overall

Score

Summaries Generation 3.7070 3.4783 3.6804 3.7612 3.6567
Headlines Generation 3.4375 3.3733 3.4629 3.4837 3.4393

Table 10. Number and percentage of summaries and headlines in different ranges of

rating.
Case Rating | Consistency | Fluency | Coherence | Relevance | Overall
range No.(%) No.(%o) No.(%) No.(%) | No.(%)
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Generation 2 or 2 (3%)
of below 3 (4%) 3(4%) 2 (3%) 2 (3%)
Summaries | 2<and 7 (9%)
from <=3 9 (11%) 19 (24%) | 14 (18%) | 14 (18%)
Articles 3<and 53
<=4 51 (64%) 50 (63%) | 46 (58%) | 44 (55%) | (65%)
Above 18
4 17 (21%) 8 (10%) 18 (23%) | 20 (25%) | (23%)
Generation 2 or 2 (3%)
of Headlines | below 3 (4%) 3 (4%) 3 (4%) 3 (4%)
from 2< and 20
Articles <=3 22 (28%) 30 (38%) | 19(24%) | 22 (28%) | (25%)
3<and 49
<=4 46 (58%) 36 (45%) | 50 (63%) | 42 (53%) | (61%)
Above 9
4 9 (11%) 11 (14%) 8 (10%) 13 (16%) | (11%)
Summary Generation Headline Generation

W 2 or below M 2 or below

2<and <=3 2<and <=3
W 3<and <=4 W 3<and <=4
W Above 4 W Above 4

Fig 5. Summaries and Headlines in different ranges of rating.

From above Table 9, it can be seen that in the case of summary generation from articles,
achieved average ratings in terms of consistency, fluency, coherence, and relevance are 3.7070,
3.4783, 3.6804, and 3.7612, respectively, and overall rating is 3.6567. In the case of headline
generation from articles, achieved average ratings in terms of consistency, fluency, coherence,
and relevance are 3.4375, 3.3733, 3.4629, and 3.4837, respectively, and the overall rating is
3.4393. Table 10 and Fig. 5 show that in the case of summary generation from articles, 65% of
summaries are rated in the range 3< and <=4, 23% of summaries are rated above 4, 9% of
summaries are rated in the range 2< and <=3 and 3% of summaries are rated in the range 2 or
below. In the case of headline generation from articles, 61% of headlines are rated in the range
3< and <=4, 25% of headlines are rated in the range 2< and <=3, 11% of headlines are rated
above 4, and 3% of headlines are rated in the range 2 or below.

5. Discussion

In this section, we will discuss the results of our experiment to assess the performance
and limitations of the proposed system. At first, we will discuss the cases in which our proposed
method performs better and after that, we will compare our proposed model with other state-
of-the-art models.

In this paper, two cases are considered. In the first case, headlines are generated from
articles, and in the second case, short summaries are generated from articles. From Table 5 and
Table 6 and Fig. 6, it can be seen that higher ROUGE score, BERT score, and semantic
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similarity score have been obtained with summary generation from articles. The reason for
obtaining lower scores with headline generation could be the very short length of headlines in
the data. In Table 1, it is mentioned that the maximum number of words in headlines is 13. It
IS too short to convey key points of news articles. Sometimes headlines are created by news
agencies to create hype among readers. To create hype among readers, headlines are created in
such a way that their exact meaning doesn’t represent the article's essence, and after reading
the article, the exact meaning is realized. But in the case of summaries, most of the summaries
are aligned with the article context. In this paper, the average length of summaries is 29 words
as shown in Table 1 and Table 2. These summaries are of sufficient length to incorporate most
of the key points of the articles.

PERFORMANCE MEASURES IN SUMMARY VS HEADLINE
GENERATION

B Summary Generation  ® Headline Generation

1
o g@* 5.[“3 o<
— o o] S og °s
N < o)) + = N . ©
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S | 2o 3% S 8 5 S8 9 <
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Fig 6. Performance measures in summary vs headline generation.

Human evaluation of randomly selected samples of generated summaries and headlines
was also done. From Table 9, it can be seen that the average rating of all evaluation parameters
i.e. consistency, fluency, coherence, and relevance is higher with summaries generated from
articles than the average rating of headlines generated from articles. The overall rating of
summary generation is 3.6567 and the overall rating of headline generation is 3.4394. The
reason for achieving higher scores with summary generation is the same reason mentioned in
the previous paragraph i.e., most of the time headlines are created by news agencies for
publicity among readers and sometimes the exact meaning of headlines also differs from the
intended meaning. But in the case of short summaries, publicity is not the agenda, so summaries
contain the exact gist of the article. From Table 10, it can be seen that the maximum number
of summaries and headlines are rated in the range 3< and <=4 out of 5. It shows that our
proposed system generates headlines and summaries at human-acceptable levels.

In the third section of the discussion, we will compare the results of the proposed method
with other state-of-the-art methods. Even for Hindi text summarization, no specific standard
models are available. But some models, like BART and T5, that are fine-tuned on a large
amount of Hindi text can be considered state-of-the-art models. Table 11 shows the comparison
of the proposed method with other state-of-the-art methods.
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Table 11. Comparison with state-of-the-art methods on Hindi text summarization.

Model/Method used Dataset | Number | Number of Results
of Articles
Articles (Hindi)
mT5_multilingual_XL | XL_Sum 1M 51K 38.5882 ROUGE-1
Sum (Hasan et al., 16.8802 ROUGE-2
2021a) 32.0132 ROUGE-L
indicBART XL_Sum 1M 51K 31.71 ROUGE_L
(Dabre et al., 2022)
MT5_m2m_crossSum | Cross_Su 1.7M 88K 0.967 pearson correlation
(Bhattacharjee et al., m between ROUGE-2 and
2022) Language-agnostic
Summary Evaluation
(LaSE) for Hindi to other
language summarization
Facebook/BART- Hindi text 179K 179K 0.5510 ROUGE-1 Score
large-cnn summariza (articles and
Proposed Method tion long headlines)
and short 86K (article
dataset and
summary)

For comparison, we have selected three state-of-the-art models. Although text summarization
models specific to Hindi text are not available, some authors have worked on Hindi text
summarization. These models can be considered state-of-the-art models. One of the reasons for
not having state-of-the-art models for Hindi text summarization can be the non-availability of
benchmark data. Research work 1 is proposed by (Hasan et al., 2021) and they proposed a
model mT5_multilingual_XLSum for the Hindi text summarization XL-Sum dataset. XL-Sum
is a very big dataset containing data from 40 languages. It contains 51,715 samples of Hindi
data. Using the proposed method they achieved a 38.58 ROUGE-1, 16.88 ROUGE-2, and 32.01
ROUGE_L. In 2022, (Dabre et al., 2022) proposed second research work based on the model
indicBART for Hindi text summarization on the same XL-Sum dataset. The indicBART model
is specially trained on Indian languages but they achieved 31.71 ROUGE_L score which is less
than the ROUGE score obtained in research work 1. The third research work is proposed by
(Bhattacharjee et al., 2022). They performed cross-lingual summarization on the Cross-sum
dataset. Even though the Cross_Sum dataset is very big and contains 88,472 instances of Hindi
language text but all instances were for cross-lingual summarization. None of the data instances
was for Hindi-to-Hindi summarization. In the proposed work, we have used a publicly
available dataset that 143867 records for training and 35268 records for testing. This dataset
can be considered large enough for Hindi text summarization. We have achieved the highest
55.10 ROUGE score using the proposed method based on transliteration. One other work was
proposed by (Urlana et al., 2023) for Hindi, English, and Gujarati text summarization. But we
have not included this work under comparison of state-of-the-art models because even though
they claimed a higher ROUGE score for Hindi text summarization, their model was trained on
a very small dataset containing only 7958 records for training and 2842 records for testing.
Whereas the proposed work model is trained and tested on large data (approximately 188K
instances), we can say that even though the ROUGE score of research work proposed by
(Urlana et al., 2023) is higher than the proposed work but our proposed model is more robust
because it is trained and tested on a large Hindi dataset containing data from various domains
like health, sport, medicine, nation, politics, etc.
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6. CONCLUSION

Text summarization is the process of reducing a long piece of text to its essence while
retaining the most important information and meaning. The goal of text summarization is to
condense a large amount of information into a concise and readable summary that is easy to
understand. In the proposed work, Hindi text summarization is done through transliteration and
fine-tuning of the pre-trained model. A new semantic similarity-based score is also proposed
in this work. Using the proposed method, 55.16 ROUGE score, 0.80 BERT score, and 0.98
similarity score have been obtained. Some randomly selected samples of generated summaries
and headlines are also evaluated by experts and it is found that the proposed system generates
headlines and summaries at human-acceptable levels. We have also compared the performance
of the proposed work with other recent research work on Hindi text summarization and found
that the proposed model performed better than others.
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