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Abstract: Humans use language as their primary and exclusive means of communication. There are around 7000 different languages spoken
in the world. Among them, Low Resource Languages (LRL) are ones that do not have the linguistic resources required to create statistical
NLP applications. The most common way that people express and store their thoughts is through writing. Technological developments are
making the world smaller by making distant communication more accessible. Owing to the rise in internet usage, fresh textual content is
created every second. Not all of the information in this text is helpful. In light of this, document condensation or summarization is becoming
a more important responsibility. There are two methods for creating summaries: extractive and abstractive. While essential phrases and
sentences from the original document are kept in an extractive summary, an abstractive summary is created by reworking the main
sentences. When it comes to LRL materials, summarizing becomes more difficult. The studies for condensation or automatic summarization
of LRL documents using BERT, lexical chain and Graph based approach are the main topic of this study.
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1. Introduction

The ability to communicate oneself through an assortment of
communication avenues sets humans apart from other animal
groups. The most prevalent means of communication are body
language, spoken words, written words, etc. The COVID-19
pandemic recently caused difficulty for everyone on the planet. It
was impossible for people to physically communicate with one
another. A range of digital media is proving to be useful for distant
communication in these conditions, supporting the well-being of
individuals. The world has become closer as a result of
developments in digital technology. Written communication has
become the most preferred form of digital communication among
other forms. The rationale is that written papers provide a handy
means of expressing, sharing, and preserving ideas. Electronically
preserving the documents is also an option. A more socially and
economically diverse community of people has been using
electronic communication in their mother language in recent years,
thanks to the digital transition. Many industries, including
healthcare and education, are quickly moving to electronic
communication. The support for the native language spoken by the
residents of a particular place has grown as a result of the use of
numerous tools and techniques in the field of natural language
processing.

Over seven thousand languages are spoken by humans worldwide.
English has the greatest online presence even though it is not the
most spoken language in the world. There are a lot of English-
language electronic text resources available. The Sanskrit language
is the source of numerous Indo-Aryan languages, including
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Marathi, Hindi, and Kannada, among many others. These
languages are not very well-represented on the internet. Low
Resource Languages (LRL) are those languages that are devoid
from extensive corpora. There is a sharp rise in the quantity of e-
text from different domains in regional languages due to
widespread internet use. Finding the relevant and needed
information inside the lengthy documents created by different
processes in fields like law, medicine, etc. is a difficult endeavour.
A document is made up of several coherent, connected sentences.
The true context and main ideas of any document are contained in
a select few sentences. The sentences that follow are all supporting
sentences. Automatic document summarizing is quite helpful in
obtaining the main points of the text.

A summary is a text that has been condensed from one or more
documents. Contextually significant information from the original
document is included in the summary. A document's summary
shouldn't be longer than half of the original. There are two methods
for automatically summarising information: extractive and
abstractive. The process of creating an extractive summary
involves retaining the essential words or sentences from the
original content. Rewriting the document's context-bearing words
yields an abstractive summary. Natural Language Understanding
(NLU) and Natural Language Generation (NLG) are the two core
tasks that comprise the Natural Language Processing area. An
extractive summary can be produced only by applying NLU
principles and methods. It is necessary to have both NLU and NLG
knowledge while creating abstractive summaries. Therefore,
creating an extractive summary is easier than creating an
abstractive summary. When the original documents are written in
LRL, the condensing process is more difficult. Each language is
distinct in its own way. Ambiguities of different kinds appear at
every step of NLP, from phonetics to pragmatics. This linguistic
variability makes it impossible to create generic summarization
models. Within this framework, the research focuses on the
experiments conducted using three different approaches: Lexical
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Chaining technique, Bidirectional Encoder Representations from
Transformers (BERT) approach and the Graph-based approach.
The investigation, experimentation, and analysis are covered in
Section 2, which is followed by the conclusion.

2. Analysis of approaches for text condensation

The task of extractive summarization has been approached from a
variety of angles by the researchers [1]. Lexical chaining, BERT,
Semantic Triplet, Zero Shot Learning, WorldNet-based approach,
and graph-based models are a few of these methods. The BERT
approach, lexical chaining approach and graph-based approach are
the three main topics of this work. The lexical chain technique is a
more traditional method than BERT and graph-based condensation
among these approaches. The comparative analysis of the tests
conducted using these three methodologies is covered in this
section. Initially, extractive summarization implementation is
broken down into several smaller tasks. Among these smaller tasks
are preprocessing, creating semantic connections between the
phrases, identifying potential sentences for a summary by grading
them, then create an extractive summary. Three ways are used in
experiments to carry out these tasks. 1. The use of lexical chains 2.
Transformer-Based  Bidirectional Encoder Representations
(BERT) and 3. Graph based approach.

1. Lexical Chaining approach:

The lexical cohesiveness notion and WordNet are utilized in the
lexical chain [2] [3] technique to construct extractive summarizer.
By using this method, the extractive summary is produced by first
analyzing the input content and selecting the terms that occur as
noun entries. These terms have been designated as candidates,
and every candidate word has been selected in stage one. Words
are added to the chain according to their senses once the input text
has been preprocessed. This creates the chain structure. Let’s take
a look at this chain creation example to better grasp the idea: Mr.
Atul is the inventor of a device that regulates the rate at which
medication is injected into the bloodstream using tiny computers.
The figures below illustrate two possible interpretations:

Person

Fig. 1. Hlustration 1 [2]

Micro-

Computer

Micro-

Machine

Computer

Person

Fig. 2. lllustration 2 [2]

The chains between the cohesive texts are established, as Fig. 1.
and Fig. 2. demonstrate. For this, WordNet [4] is employed. If
there are more connectors, the interpretation is thought to be more
cohesive. The length and homogeneity index are the two criteria
used to generate the chain scores, which add up to the
interpretation score. The length of the chain represents the number
of times each component has occurred. The formula for calculating
the Homogeneity Index is float (float (length-Len (temp))/length).
Thus, the following formula is used to determine the final score:

Score of Chain=float (length*homogeneity Index) (1)

There are three sorts of chains that can be distinguished: weak,
medium, and strong. This classification is based on the chain's
strength, which can be determined using the following parameter:

Strength Criterion = Score (Chain) > Average (Scores)
+2*Standard Deviation (Scores) (2)

This table provides an overview of the lexical chaining
methodology:

Table 1. Lexical chain approach

Methodology Technique used Remarks
Lexical chains for | Step 1: Preprocessing: | 1. WordNet
text POS tagging is completed | contains a
summarization initially. The noun entries | limited number
(1999) [2] are known to be in | of SynSets.

WordNet. A list of

potential summary termsis | 2.The
chosen from the retrieved | sentence's
entries. ranking is

Step 2: A calculation of the | influenced by

words'  relatedness is | its length. The
made. WordNet word | summary's
distance and occurrence | length is

are factors that determine | uncontrollable.

relatedness.
Step 3: Sentence grading is
based on relatedness

criteria. The homogeneity
index and sentence length
are examples of
parameters that are used to
create summaries.
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Using Python, the experiment is conducted on a dataset of
documents written in Devnagri Script [5]. The results of
implementation can be seen in the Fig.3.

Original document:

Fawull, Faita ST GHdeR & Sfacer R, T Ggl-aRT
Iufd gar et Wea MU RIGCIqT AHHYUH FHdd FRURT
TR gt ST Gelid FAHUN Tt 3iad 3. JRIaT 0T areies
IId HiAd BT WS 1, JrTe! Hdrdiad Usaibs Ged= AT
Tagiads urgw, § Iaitd ara ke A S Hee g
IRIRTT THad Teitd g Ay awolf enftr a1 el a1
ST R Sie. TEHYUTURE Sitdiers &l dd S a<l dl 96
SUd @i W faemdieTan dere weTfaemeraTEt uedt T e,
W T FRR FE I TG I ST YR
SIS TTATh ST 38, 8 S e 1T UM STofel 39 gufdes
TASR TUH HTH UG i S, aee it O, TmeRga
TrieR Oqd. a1 arfeRirer f. g it wd: =1 Thas gt
e S Giiiarel W ggg boft. Afeanfivdir R
TYAURE ST, SRl HRoghs o gial e &
RIS 3T Paar, & el @i R 7l yHRE el
g1 ¥, HHGURIE’, TR, SR dIg, Hlal, *SFErg
1 GBI AT ST HRiG T8 Alw i 3. Hat e
ST HAHR @-fed Moar HRieT TR SR/ Had
WA T HRIG T WG B Wa:d did i svarh
forwran et fudla ST, Hefter i+t widiu @R giea e s graaet
3iTe. @fthchl, WSt aFfavan e fAuetn gidl. Ro03 A Hafd
gid difia srcan faga fagar &1 fomue veRia sman arF@
ferge Feita ai S itd fadt offe. Siear UsemaRar H&=rd <ok 8
PRI IRy deofa 3Xa. ahg IR TRE0TET i B,
TYH el g FIFHAE d Bledl TSR WeR . di
JAUAT HEeIETa! Bl ST AU BT § Yol UDIRIT
1o 3R, 3t 7IRd, HeT TH, IoT REHRIEE! § AFGY 3.
TiaeR BUA & ST U ES WU il Aieihd B
Hed BU IHCAA SME.HiAdl, U MU SSaUN, q9Hd
FifieRae ufdar anfqwdt el g WRyF Sidard ST
3 TG HE AT o T T YR YHHT FTadrd. Jaite
2 WY WideR-TuS U. gea-y HINeR Jrearye A g g
P HE Ve AT, i quaTd Tefied paiepull 7 oot &)
TE A YT TGR o YT HABRAT ARG HRard.gad
FHAGUN T el SfoTell IAoT GRIPR U TS S T
YRG! T &G A VI FAfd HRoar ArTaR 3.

Total words: 397

Generated Summary:

& SffdeieR RN GEI-aRT aufd gar et e e
WA BV ad HRURT THdbR & ST ToIe Fohul
gidl 3w 3. RIEC 1T IRMS ITd Hiddl X SIS 9,
radt Mo eaihs GeAd 3Nfr Yac=iod ugd, § I3ie
gid dRmed AFG I, Hesa R URIRIG FH00 90i0 §
fifa goeuff ot Y@ Fowulf @1 cudaR  faRsha
FEFUUTIRE TiidIdhs Il &0 ST R ol & STud Qi1 HR

faemdieren deue Tefaareard gedt U Fal. e Bt 9
IS FGIRTEN STHT YTATR IS S Wdbed 318, §
S JRIS UM SINST 397 Yufdes TidedR WU ST HRUFMEI
fofg Iqe!. ITHH SHiadH 96! SIauaTET W & SR,
i RIe a¥d Podr, B Ufge! eI 2-_R Hel UHTRIA .
G ¥, UG, TWRYW, IR g R, *3FNars
A fAGEUT TTToTed. THHIGH HOTHR @ Hfad Mo e |
FRA AT Had WA G SRS H BB Hed Wd:d
SIS, ‘Fam o ™ AR, e Sd guR [y fesrmerr
UG it Hioled HIH B 391 SHCAST 38, Hiddl, ol
3T sieauh, qde TitReAd ufsar afawdt wde e
IR FIGATd 0T e T HRIG AT o W JAURTH
YT FAYTadaTd. T quard I8l $owtl JRkie §o & I
FS A AGR T AT HOHRMAT AN HATA. TOIG FODHUN
it U S0 Mo REBR UG T SR TS THAa! 31 &1
TS VI fAfRdd HRUGreAT TRTaR 3118,

Total words:251

Fig. 3. Output of the lexical chain approach implementation [2]
2. BERT approach:

In 2019, researchers at Google Brains created the BERT algorithm
[6] [3]. Transformer Neural Networks, which were first created to
address the issue of language translation, are utilised by BERT. In
the text processing problem, and more especially in the
summarization problem, the following factors show that
transformer architecture is more effective than previous Long
Short-Term Memory (LSTM):  The first limitation is that, in
comparison to Transformer Architecture, LSTM Networks train
more slowly. The sequential processing that the LSTM Network
does is its second disadvantage. Sequential processing of the words
may cause the text's meaning to be lost. The context is learned both
left to right and right to left even in bidirectional LSTM, and the
outputs are concatenated, which is ineffective. Transformer
architecture processes words concurrently, resulting in faster
processing than LSTM. Simultaneous learning from both sides
also improves context learning. The encoder and decoder are the
two halves of the BERT architecture. The words in the text are
accepted as input by the encoder. Word embeddings are created as
the words are accepted concurrently. Word embeddings capture a
word's meaning. The Decoder is the second part. Along with
previously created words, these embeddings are taken by the
decoder. These encoders are stacked to form BERT, which uses
them to comprehend language. It also fine tunes them to learn
specific tasks. The Transformer architecture is shown in Fig. 4. [7]
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) The [Mask1] brown fox
[Mask2] over the lazy dog

) Devika is a good girl.
She lives in Pune.

Fig. 5. Phases of BERT [7]

The Fig. 5. illustrates the two phases: pretraining, which involves
learning the language, and fine tuning, which involves solving a
particular problem.

The two subphases that comprise the pre-training phase are as
follows:

1. Mask Language Model (MSM): BERT uses sentences that
contain masks in this phase, and its output is intended to be masked
tokens.

2. Next Sentence Prediction (NSP): BERT ascertains if the second
sentence comes after the first in this step.

BERT uses the subsequent procedure to handle text:

Tokenizing the text is completed first. By using the Word Piece
Tokenizer, which BERT employs, words can also be divided into
tokens according to prefixes or suffixes. The word "melodically,"
for instance, is divided into melodic and ally. Additionally,
punctuation is kept since it adds meaning to the sentence. Each
token is given a vector in the following stage, which is referred to
as embedding. Token meaning is contained in embedding vectors.
No matter the context, the same token will always receive the same
embedding according to dictionary lookout. Here, focus is really
important. By examining the context in which they appear, it
modifies the default embedding.

To further understand this, let's look at an example text: "Walk by
river bank." In this sentence, each token is replaced with the default
embedding, which is a vector of 768 components. The scalar

product between embedding pairs is then computed. Words with
comparable embeddings have greater scalar product values,
indicating a strong link between them. Each and every feasible pair
of embedding vectors has their scalar product computed. To
improve the numerical behavior, the values are square root of 768-
scaled down. The Soft Max activation function is applied to the
scaled values. Soft max removes the small values and increases
high values exponentially. Additionally, normalization is carried
out. New embeddings are produced by utilizing the soft max
function. Given that they comprise a portion of each input
embedding, these are contextual embeddings. A significant portion
of the new embedding comprises related embeddings if there is a
substantial correlation between the token and another. The new
embedding is the same as the input embedding if there is little
correlation between them. The tokens "bank" and "river" ought to
have significant values. As a result, the new embeddings of "river"
and "bank" combine the two embeddings equally. Since "by" is
neutral, there is little relationship between any of its embeddings
and the others. However, we don't have to use the input embedding
vectors exactly as they are; instead, we need to project them using
the Key, Query, and Value vectors, three linear projections.

Each of these vectors consists of 64 elements. Every projection in
this set focuses on a distinct vector space direction that corresponds
to a different semantic feature. A projection of a preposition and a
location query is what makes up a key. For instance, since "by" is
a strong component towards prepositions and all other tokens have
strong components towards places, the key of the token "by" in this
instance should have a strong relationship with every other
question. The values could alternatively represent a different
projection, such as the direction of a physical site. Contextualized
embeddings are produced by combining all these values together.
The same procedure can be carried out repeatedly using various
key, value, and query projections. This creates multi-head
attention. Each head is capable of concentrating on a distinct input
embedding projection. Preposition and location relationship
calculations, for instance, are done by one head. The subject-verb
relationship can be calculated by another person. Each head's
output is combined to create a big vector. Twelve heads are used
by BERT, meaning that the final output has 1768 contextualized
embedded tokens that are the same length as the input vectors.
Next, positional embeddings are coupled with input embeddings.
Vectors with positional information in sequence, even before
attention is applied, are known as positional embeddings. As a
result, given the token order, attention may compute the
relationships. Because the soft max function is non-linear,
attention can be given repeatedly.
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Table 2 summarizes the approach of BERT:

Table 2. BERT approach

Methodology Technique used Remarks
BERT for text| Step 1: Preprocessing is performed. | Sentences that
summarization | The text input is tokenized. The have been
(2019) [7] sentences are extracted using eliminated
NLTK. Sentences that are influence
excessively brief or lengthy, as well | centroid
as those that begin with a selection.

conjunction, are eliminated.

Step 2: The BERT model receives | The

the tokenized sentences and uses requirements
them to create embeddings. for memory
Between 10% and 15% of the words | and computing
are masked. The formula N (number | are higher.

of sentences) * W (tokenized
words) * E (embeddings) is used to
build the matrix. The pre-trained
BERT library for Pytorch is utilised.

More clusters
are required
for large texts
in order to
keep context.

Step 3: The K-means approach is
used to cluster the embeddings.
Sentences that are closest to the
centroid are selected.

PTG T ARy A&oiT 3. dud IRTHUD TRIUTE! & .
AYR Gl 8 FF AL  Bled TSUAR iR HRAM. il
FAUA FeRaE el Bl S “AUIAT Hral § GRida! UHIRIa
I 3. off 7RG, Tel T, AT REGRIEE! o AHS 3R,
TAHR WU B HRAMT TS WGUHE! it Hioihd BIH
it ufb-ar afawdt gefld A WU sieard $ffor
3 T HE AT o Td: T GAYRTE YfHHT FTadrd. gata
? WO SideR-Tuw . g1y T Jrarae B e &
BT He! WG HRATA. Al YUaTd Heflel Herpull 31 Jpdl o1
TF $d 3T TGR d a1 HAGRIAT ANGRA Hdra.aaid
FAGU T Tell SioTell I RIBR U TS -G Germ
HFHRE T G SIS R AT FRogren arTiaR 3R,

Total words: 397

Generated Summary:

PG, FAafFa FideR & Sifacar R TN GEI-aRT
aufd gar i e e JRIGeIq TS FHad SRR
FiideR & Sf Jdld Habon il 3w 3. TEHUUTURE
TS Qe S 3Rd Rl ot Ba Sud JiHT W faemdiaren
3% AeTaaTaaT Ued UIed dhefl. SRR i U afgefasdiar
NR@E THuRE S, Siiael sRvahe Jad arar
S/ el Afger. ITHH BT TTell AquarEl W G

The experiment is carried out on the dataset of documents written
in Devnagri Script [5], using Python language. The results of
implementation can be seen in the Fig. 6.

Original document:

Fawll, gt ST GHdeR & sfiacer R, T Ggl-aRT
gufd gar et Tea MU RIGCIIT TS FHdd FHRURT
TR gt S Telid FAHUN Tl e 3. JRIae AT areies
I HiAd TG OIS 1, TrTe! Hardia Usaibs Ged= AT
HagTiads Uigyl, § Iaita afd afkieed A S Has A qa)
IRIRTT THad Telid g A gawoll enftr a1 el ar
ST fReRSie. TEHYUTURE Sitdies dfdl dd SR a<l dl 96
SUd i WRd faediaTean dere weTfaeTeaTd! ued! wT el
.S & T, PR FTET aY dgH 1 IRl 3FYd daedra)
IS 1 WATH ST 1Y, § S I 1 U= FTlel S Yofdes
ISR UM HTH FHUgTT ol S e @it o, TimeRgar
TrieR gqa. a1 arfeRirer f. goid it wd: =1 thas gt
e S Giiiarel W ggg boft. Afeanfivdir R
TYAURE ST, STiaReHT HRughs o grar e &
RIS T Paar, & el @i .’ A yHIRE el
g1 ¥, HHGURIE, TRUTE, SR aig, HlaP, *3FTErs
1 eIy @ ST HRiE IEl diw i 3. St i
ST HAHR @-Efed Mo HRfe T FRd SRIaHT Had
WA TR FRIG T WG B Wa- 3 did Fufor sxvarh
fopwra e fudla ST Hefter i+t widia @R gt 9redie s graaet
3iTe. @ffthchl, WSt aFavar i fmueian gidl. o003 A Fald
g Ffta scan faga fagar &1 fomue veRia smal aF@
TRETIeiT Hefter i Wit feret o1, Btean TseraRen emid <ur g1

ST, A TS a¥d Faar, g uleel afwia e T8l
UHIRIG FTell. HBTA HABR @HYfsd Moad HRIGH Hd
AT B Wa: AT a1 PRIGH AT Hed W d Iid
fmfor srvarRh formar e fUdia S WiiaeR BuE &M Fxam
U UG il Hisihd PTH e S8l SHEAd 3.

Total words: 108

Fig. 6. Output of the BERT approach implementation [7]
3. Graph-based approach:

The graph-based framework serves as foundation of graph-based
approach [8]. Four tasks comprise this approach. The first task
creates a text graph model based on input text. The generated text
graph is searched for sentence selection in the candidate summary
during the second and third phases. The user has the option to select
how long the summary is. The fourth algorithm chooses the most
significant sentences if the summary is longer than the allowed
number. Graph-based, statistical-based, semantic-based, and
centrality-based approaches are the four methodologies that are
integrated. In Fig. 7. the framework is shown.

(= e (=

Parzing the Text graph Selecting
input text construction important
« Text algorithm sentences
manipulation = Computation of * Reordering the
* Word frequency graph nodes summary
computation weights = Concatenating
* Search graph for the summary
candidate edges
algorithm
» Get candidate
summary
algorithm
— — —

Fig. 7. Phases of Graph-based approach [8]

The preprocessing stage is the first. Sentence segmentation, word
tokenization, Part of Speech (PoS) tagging, stemming, and other
tasks are completed during this phase. The hyphen is eliminated.
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Only one word is retained for each synonym after they have been
identified. That word takes the place of every synonym. Using
word2vec function, all the words are transformed to vector form
[11]. Furthermore, the frequency of every word is calculated.
Every word's frequency (Wr) is calculated by the below formula:

Ws (node) = word frequency in t + word frequency in K +
word frequency in S. 3)
The processing step is the second stage.

There are four tasks in this phase. 1. Text graph construction.2.
Weight computation for graph nodes 3. Look for candidate edges
in the graph. 4. Obtain candidate summary.

Using the Trigrams'n'Tags (TnT) tagger [9], Marathi language data
is handled. TnT is a statistical tagger that can be trained using
Python's Natural Language Tool Kit (NLTK) [10] on a variety of
languages. It is a statistical tagger that applies to Markov models
of second order. It is an extremely effective PoS tagger that can be
trained on any dataset and in a variety of languages. After creation,
it can also be trained using the train method. 25 million words from
Marathi corpus are used in this project. The text graph creation
approach is used in the first Preprocessing task. A directed graph
G is constructed using the text graph creation algorithm, where

G=(V,E) VvV {Vi€ V are nouns} (4)

An edge (Vi, Vj) connecting two vertices, Vi and Vj, is labelled
with non-noun terms. To denote the beginning and ending as S#
and E#, two additional nodes are inserted.

Compute the weights of the graph nodes as the second task. Every
node in a graph is assigned a weight once it has been constructed.
The weight of a node Wh is determined by its word frequency, W,
where:

Wh = Wr + Ft * Wi + Fie * Wi (5)

W is the title's weight, while Ft is the title's frequency. Word
frequency in the keyword list is Fk.

The third algorithm is Search graph for candidate edges algorithm

It takes as an input G, Wt and out criteria and selects source and
destination node.

In the next step Get candidate summary algorithm is executed. In
this algorithm from Candidate edges list the sentences are selected
based on the criteria: Edges > Edge count threshold

In the Post Processing phase, the important sentences are selected
for the generation of final summary. The ranking of the sentences
based on following ranking criteria:

Count of sentences in the candidate summary — Sentence index in the summary

Sentence order = - .
Count of sentences in the candidate summary (6)

After ranking the sentences, they are sorted based on the calculated
ranks. At the end similar sentences are clustered using K-means
clustering algorithm [12] and summary is generated. Table 3
summarizes the graph-based approach.

Table 3. Graph based approach

Methodology Technique used Remarks
Graph-based Step 1: Preprocessing is performed. | All the PoS
approach for Sentence segmentation, word are not
text tokenization, Part of Speech (PoS) considered.
summarization | tagging, stemming is done.
(2020) [8] Frequency of every word in the
document is computed.
Step 2: Processing is performed. The nodes
Four tasks are carried out, namely : | does not cover
1. Text graph construction.2. all the PoS.
Weight computation for graph
nodes 3. Look for candidate edges
in the graph. 4. Obtain candidate
summary.
Step 3 : In Post processing phase Covering
sentences are ranked based on the complete
sentence ranking criteria. Later they | context is
are ordered based on computed crucial.
ranks and final summary is
generated.

The experiment is carried out on the dataset of documents written
in Devnagri Script [5], using Python language. Fig. 8. shows the
results of implementation:

Original document:
Title: FAHON, aiter Sfrarg

HIAPR & SfideieR eR6R. edl GBI-IRT Iufd gar fugrt Te=
ST RECIIT AHH UM T HIURT WGHR & S Jaid
FAGUT AT 3B 3R, JIIGT ST IRAS AT Hddl gRGH SITSs
T, TrST i Wegidhs YeAar M Tde=iiac urgo, §
Tefial atd dfred A SId. Hes e aeR URWRId SHad 9o @
fifa pawpoff onfor Y@ Fawtl o1 giuae ke
IO I itdTers ST et Sl ael dl §¢ Sud it YRt
foemdiieran due mefaecard uedt U Fa. THa T
AR HTel I dIHIF TR IHT IdeaaR Il Hd
e e 3R, & SHH JgIg U aTel 397 uides TiiideR
U $TH ST o Udan g™ i o, TRy vy,
T gRieRATeT S olid aFt Wa- = THad Jurdl g G
iarE §U W el AiigrasdiEr fiegerd! TuHuRE
IR THd paar, g e @FmId e’ A YHIRT Fe.
U T, MGG, TWRUIE, YR S, BIET, *STETS
7 BT IR S Se A de it I, Bt e
TG FAHR dFHEd Mad HRiGT SR SaHT Had
WA T HRG T QBT S Wd- 3 g Fmfor soar
T =vean fdia ST, Heiter ai=it Hdlu @R aiean refie o araaet
3iTe. @fthcll, WSt aFavan e fmueia gidl. Jo03 A Faid
g Wiia srcen faga fager &1 fomue weRia smen. |
FRErgeiT Heiter it St feet offe. Bieun usenaR=n FeH Sur 81
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PRI Ry deofa 3Xar. aUg IR TR i .
AYH Gl B FF AL d Bledl TSR WeR A, dit
FATEHT TRATE! P SR “TUaTed] BT § YRadhe! UHIRIa
A 3R, 3t IRG, Hel THH, I REBREE! o AFGL 3R,
TiaPR BUA S ST U ES WUEG! JiFl Aieidhd B
FifieRae ufdar anfawdt el AgHia WRyE Sidard ST
3% AT B E AT o W T YR AT FTadrd. gt
? WY TiideRITaS U, geg-1y HIReR grearg B e
FHRIGTE AR AT, T GuaTd Jaidd Herdbull R WG d ot
TE Hd A TGR d a1 HAGRIAT AFGRA Hdra.aaid
FAGUll T Uedl STt T REPR U TS SR JerT
YRS T AT MU R R HRoarear qrmaR 118,

Total words: 397

Generated Summary:

T GE1-aRT autd gar SR W Siuean JRIadHg Aqdsm
o] PRUIRT WHABR &1 ST Gelid Uil Afe 3o 35, GG
31OT e ATd HiadT gRad o 8 ArTe! Mardia Usaids
e oY1 Hagfiea URs § Tofia e aftned #ea
S0 Hes A GIeR URIRIG SHod gl & difHare ol offor
X1 Sl A1 STure fRRGle. TeMUUTIRT Siidise &l dd
3T A @ B wud @ YR fardern due AefdaaT
U d! U7 et SHTeITaR HTet ay defeh 19 ATl SFHT YdedTar
ATIE Hd WidIred e 8 I JeH I U= JTe[en 39 Gufdes
FADR WU HTH BRI HR UTal e i O, Feire it
Wd A Thad JUd WIS B drdl S TG .
HifgaTawia freTesTel TUHIN S S aea-] exvahs
TaiTd g 31 & e, SaHIaH Hidi-T are araudre Tad
T AT I e aud B & uiRel afwid 3ee] wed
S FE 1 eafw IRy I FTHE FRIGHS AB i .
fId&n M. THBTAH HABR @i-Hfed MU HRIGH Hd
AT Had Wd AT Y9 SRIGH BT Hed Wd o 4id
i HRuaRE fhrar 7o fUdid Sf. 003 TY Helld A Tild
“SfFeleFe, I&m of T IR, fRige Smel gaR Ry femdet
it Fi=it Wi foet offe. Siedt usenaRd A&t o g1 dried
o=y qemitg 3. WiaeR BUE S AT TS BUHe!
T Ao d HTH B 341 IHCIdT 38, Hiddl Moft 3for sraquft
T ifiaRa- ufdhar ATt Fefid Aetid WRYEH Siadrd Sy
e T HEEHE § W 7 GHURTE YT FuTednd.
TSI IR IieAe A fSarer 81 erieHg! Jer Hdrd.
Tt quaTd Heftel percbulf wf3reh e 81 o et SR ATGR o gl
RIGR U TS SR G YHEHRE! a1 83T S =i FAfda
FHRUGTAT ARTIAR 1.

Total no of words: 322

Fig. 8. Output of the graph-based approach implementation [8]

The studies conducted using the lexical chain approach, BERT and
Graph based approach yielded table, which displays the analysis
conducted on different parameters:

Table 4. Analysis of all the approaches

Lexical Chaining
Approach

BERT Approach

Graph Based
Approach

Uses WordNet [4]

Uses Transformer
model [6]

Uses Graph based
visual representation
of the sentences [8]

The words are
processed
sequentially in a
sentence

All the words are
passed parallelly and
positional encoding is

done

The sentences revolve
around the context
bearing words

Less accuracy is
observed as
compared to

More accuracy is
observed as compared
to manual summary

More accurate
contextual referencing
is observed

manual summary

All the linguistically
important PoS are not
considered

Result is affected for
long documents

Context is retained
for long documents

Robust model
retaining most of the
context

Adaptive model in
terms of candidate
sentences

Less Flexible

3. Conclusion

Automatic summarization of low-resource language documents is
a challenging endeavor. The growing number of native languages
being used in digital communication is generating enormous
amounts of content every day from different domains. In today's
world, proper utilization of this data is imperative. Automatic
summarization is critical in this scenario. There are many
languages spoken throughout the world, but only a small number
of them are widely available online. These languages are referred
to as Low Resource Languages. Developing statistical applications
with LRL data is a difficult undertaking. Automatic summary is a
significant application for determining the essence of an article.
Summarization is a crucial task for numerous applications across
multiple diverse fields. The study focuses on three methods for
automatic summarization or condensation of LRL documents:
lexical chaining, BERT and graph-based approach. The detailed
experiments were performed and analysis was presented. In future
the more comprehensive approach can be designed to address the
contextually complex linguistic documents.
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