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ABSTRACT

Telugu, being a widely spoken language, presents the need for effective text summarization
techniquesto enhance accessibility and information management. This study aims to develop an abstractive
summarizationmodelspecificallytailoredforTelugulanguagedocuments. Theresearchfocusesonexploringnaturalla
nguageprocessing techniques and deep learning approaches to generate concise and coherent summaries that
capturethe essence of the original content. This study uses the suggested Hunter Sail Fish Optimizer (HSFO), a
hybridoptimisationtechnique,leadingtoanabstractivesummary.
TheobtaineddocumentisnowsuitableforSemanticRole Labelling (SRL), where Predicate Argument Structures
(PAS) are extracted using the Stanza tool. Inaddition to SRL, Wave-Hedges metrics are used to compute
semantic similarity and provide optimised features.Additionally, Bayesian Fuzzy Clustering (BFC) is used to
cluster the semantic features of PAS. The Long Short-TermMemory-ConvolutionalNeuralNetwork(LSTM-
CNN)performsabstractivesummarizationaftergenerating the feature score using the HSFO for parameter
selection. Here, Hunter-Prey Optimizer (HPO) andSail Fish Optimizer (SFO) are combined to create HSFO.
Telugu dataset was employed in this study, and a textdocument in sentence form was extracted from it.
HSFO_LSTM-CNN performance is finally evaluated usingfourperformance metrics:precision, recall F-
measure, andRouge.

Keywords:SemanticRoleLabeling(SRL), PredicateArgumentStructures(PAS),BayesianFuzzyClustering(BFC),
HunterSailFish Optimizer(HSFO), Wavehedge Metrics.

INTRODUCTION

Text summarization is crucial for Telugu language documents for several
reasons.Firstly, it enhances accessibility by making information more readily available to a
wideraudience.BysummarizingTelugutext,individualswhoarenotproficientinthelanguageorn
on-Telugu speakers can still understand the main points and essence of the content.
Thispromotes inclusivity and ensures that valuable information is not limited to a
specificlinguistic group.Summarizing Telugu text documents saves time for users. Rather
thanreading lengthy and detailed documents, individuals can quickly grasp the key ideas
andimportantinformationthroughaconcisesummary[31].

This is especially beneficial in today's fast-paced society where time is a
preciousresource. By providing a condensed version of the text, summarization enables
users
toefficientlyprocessandabsorbthemaincontentwithoutextensivereading.Furthermore,text
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summarization of Telugu documents aids in information organization and management.
Ithelpsresearchers,scholars,andprofessionalstosiftthroughvastamountsofinformationandiden
tify relevant material more efficiently. Summaries act as valuable references that
allowusers to quickly revisit key points without having to go through the entire document
again.This facilitates effective information retrieval and knowledge extraction from Telugu
textresources.

Telugu text summarization contributes to language processing and natural
languageunderstandingresearch.Bydevelopingrobustandaccuratesummarizationmodelsspeci
fically for Telugu, researchers can advance the field and improve the overall quality
ofautomatedsummarizationtechniques. This,inturn,benefitsvariousnaturallanguageprocessin
g applications, such as machine translation, information retrieval, and
contentrecommendation systems, enhancing the overall language technology ecosystem for
Telugulanguageusers.

One of the most challenging professions in NLP is ATS because of the difficulty
ofthe input text. Recently, Deep Learning (DL) has become one of the most effective
andpromisingmethodologies.Itisnowusedinmanydifferentfields,includingimageprocessing,
computer vision (CV), natural language processing (NLP), and more. A few
oftheDLnetworksthatareusedinATSareDeepNeuralNetworks(DNNs),RecurrentNeuralNetw
orks (RNNs), Convolutional Neural Networks (CNNs), and Graph Neural
Networks(GNNs) [17].. This study is concerned with single document abstractive
summarizationutilising the DL model, LSTM-CNN. The dataset used in this work is the
Telugu dataset,fromwhichtextdocumentsinsentenceformareobtained.

Maincontributionofthispaperisinvolvedwith:

¢ DevelopmentofHSFO_LSTM-

CNNforabstractivesummarization: Abstractivesummarization is carried out with
LSTM-CNN, where parameter selection for featurescore generation is done with HSFO.
This HSFO is formed by combination of HPO aswell as SFO, where this combination is
very supportive to resolve real-world issues likeabstractivesummarization.

Balance work involves, section 1 includes motivation, literature section and challenges
ofsingle document abstractive summarization. Section 2 comprises of proposed
methodologywhichconsistsstepsregardingsemanticrolelabelling,wavehedgesentencesimilari
tyscore, HSFO for parameter selection in feature score generation and LSTM-CNN for
abstractivesummarization. Section 3 involves expected output for the given Telugu
sentence andconcludedinsection4.

1. Motivation

The exponential growth in the amount of textual data made available online
hascreatednewdifficultiesforaccuratelyandrapidlyaccessinginformation.Bygivingthemainpo
ints of the text, summarization enables users to accomplish this aim while saving
themtimeandeffort. Manualsummarizingisaprocessthatiscurrentlyused,howeveritis
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exceedingly expensive, time-consuming, and impractical. To address this issue and
enableusers to get the information they need right away, ATS approaches are being
explored. Thissection brings out the literature assessment and challenges on single
document abstractivesummarization.

1.1. Literatureassessment

Moratanch,N.andChitrakala,S.,[ 1]developedJointModelofPredicateSenseDisambiguatio
n and SRL (PSD + SRL) to capture semantic representation of text. Thismethod worked
well  for  creating an  abstract summary  with  excellent  clarity.
However,thismethodwasunabletobemouldedintoadomain-
specificapplication,likeasummarizerformedical records.

Khan,A.,etal.[2]designed ArgumentStructure GeneticAlgorithm SRL(AS GA SRL)fo
rabstractivesummarizationofmulti-

documents. Thesummarygeneratedbythismethodshowedcontroloverthestructureandconte
ntofthesummariesgenerated,anditwasmoresimilartohowhumansproduceasummary.Yet,t
hisplanwasunabletogenerateabetteramountofprecision.

Mohamed, M. and Oussalah, M., [3] used SRL-Explicit Semantic Analysis (SRL-
ESA)for text summarization. The evaluation data size did not affect the performance of
thisapproach because it was scalable. When compared to the approach to other
summarytasks, such as opinion, product or service evaluation, and guided
summarization, thisstrategyprovedineffective.

Sudha, D.N. and Latha, Y.M.,[4] enabled RNN for multi-document abstractive
textsummarization via semantic similarity matrix for Telugu language. The strategy
waseffectiveineliminatingrepetitionandhandlinglengthytextsummaries. Toboostgeneraliz
ability, this technique should have included several kinds of multi-documentdatasets.

Gabriel, S., et al. [5] introduced Cooperative Generator — Discriminator Networks (Co-
opNet)fordiscourseunderstandingandfactualconsistencyinabstractivesummarization.By
using this method, created abstracts could become more abstract while yet
retaininghigher degrees of factual consistency. This strategy, meanwhile, occasionally
favoredcopyingfromtheintroduction,losingthenarrativestructureintheprocess.

Mandal, S., et al. [6] used Cuckoo Search (CS) algorithm for single document
textsummarization.Fortextsummarization,thisalgorithmhadthebestreadability,coherence,
and non-redundancy. However, this method did not take sentiment
analysisintoaccountwhileabstractingtexttoimprovethesummary.

Wang,Q.andRen,J.,[ 7]introducedSummary-
awareattentionforsocialmediashorttextabstractive =~ summarization. This technique
effectively raised quality of summary, whichincreased the fluency and adequacy scores,
but accuracy was improved by significantimprovementovertime.
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Balachandran,V.,etal.[8]designedStructSumframeworkforabstractivesummarization.

This  technique reduced layout biases and increased the coverage
ofgeneratedsummaries.Nevertheless,thismethoddidnotlookathowdocumentstructuresaff
ectlanguagemodelsthathavealreadybeentrained.

1.2.  Challenges

ChallengesforsingledocumentabstractivesummarizationbyexistingmethodsbasedonSRL
aredescribedasfollows,

e PSD+SRL in [1] was introduced for semantic oriented abstractive text summary, and
itproved to be highly helpful for students who wanted to finish a book quickly.
Thetechnique does not, however, take into account using a voice recognition system
tocondenselengthyspeeches.

e AS GA SRL [2] was used for multi-document abstractive summarization, but it
wasunable to combine the graph with SRL to create a semantic graph that
significantlyenhancedthesummarizationoutcome.

e SRL-ESA in [3] failed to consider as guided summarization, which entails retrieving
asummary answer to an event described in a user query, was the primary problem
itencounteredforgenericsingleandmulti-documentsummarization.

e Summary-aware attention was suggested in [7] for abstractive summarization of
socialmedia short texts, and the method was effective in increasing the weight of
relatedcontent and decreasing the weight of noise. The method had a high
computational cost,though,anditoverlookedthepossibilityofskippingsummary-
awareattentioninordertocutdownonpointlesscalculation.

e Despite the fact that a variety of techniques have been put forth for single
documentabstractive summarization, these techniques are hampered by the absence of
semanticrepresentation of original text. This representation of original text will be
appropriatesinceabstractivesummarizationnecessitatesin-depthtextanalysis.

2. ProposedMethodology

Main objective in research regarding text summarization is the abstractive
summarizationtechnique, which involves some kind of natural language generation and
results in the finalsummary using new words that are not found in the vocabulary of the
source data. The factthat there is inevitably overlap in information contained in various
documents
presentsparticularchallengeforsingledocumentsummarizationbycurrentmethods.Toaddressth
isproblem, an efficient single document abstractive summarization is proposed, which
isimplemented in the following manner. At first, input Telugu text document
comprisingvarious sentences is acquired from database [23] and it is subjected to SRL,
wherein

Stanzatool[26]isusedtoextractP ASfromthecontentsofinputdocuments.Inputsentenceistakenf
orSRLthatiscarriedoutbyStanzatool[26].PurposeofSRL[2]istoidentifythesyntacticcomponen
tsorargumentsofasentenceinrelationtothesentencepredicates,aswellastheirsemantic functions
and  supplementary  arguments. Finding the semantic relationship  that
apredicatehaswithitsparticipantsorcomponentsismainaimofSRL.ForextractingPAS
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structurefromsentencesinthedocumentcollection,SRLisused,asabstractivesummarizationneces
sitatesamorein-depthsemanticexaminationofthetext.

Then, semantic similarity or PAS is computed using Wave-Hedges [27] to compute
thesentencesimilarityscoreforoptimizedfeaturegeneration. Hereafter,semanticfeatureclusteri
ng of PAS is performed using BFC [18]. After that, the feature score is generatedbased on
optimized features. The features gained are length of PAS, PAS to PAS similarity,position
of PAS, proper nouns, numerical data, number of nouns and verbs, and
temporalfeatures|[2]. ThefinalpredicateselectionusingHSFO.Optimalsolutionisattainedbased
onHSFO, formed by combining both HPO [19] and SFO [20]. HPO [19] is new population-
basedoptimizationalgorithmthatdrawsitsinspirationfromthebehaviorofpreyspecieslikedeeran
dgazelleaswellaspredatoranimalslikelions,leopards,andwolves. Thekeydrivingforce for the
development of this optimization algorithm was its distinctive properties,
likepursuingpreyoutsideofgroupandadvancingpreyinfrontofgrouptowardstheleader. Theadap
tive parameter lessens the harshness of prey and hunter movement during
iterations,ensuringconvergenceofHPOalgorithm. TheSFO[20]optimizationalgorithmwasinsp
iredby a group of sailfish hunters. Sailfish are the fastest fish in the water, with top
speedsexceeding 100 km/hr. They are quite capable of hunting and attacking. SFO can
easily beused to address complex technical problems without requiring structural changes.
Thus,HSFOisusedforrealworldproblemsthathelpinresolvingthoseproblemsinaneasyway.

Step1:Initialization

-
Initially,the populationissetto - {-? - }anditsobjective functionis indicated
(MU Ny,N,,. .....,N,

as(Ob)z{ 0b,,0b,,.....,0b, } forallpopulationmembers. Thepositionofeachmemberinpopulationisran

domlyproducedby,
N=rand(1,hy*(U-L,)+L, (1)
where, N,ispreyorpositionofhunter,sisnumberofvariables, L,islowerboundary,as

wellasU, isupperboundary.

Step2:Explorationandexploitation

Todirectsearchagentstoidealposition,asearchmeansneedstobeestablishedandrepeatednumero
us times. Exploration and exploitation are often the first two steps in the
searchprocess.Explorationisalgorithm'spropensityforveryerraticbehaviorscausingsolutionsto
alter frequently. Exploitation is process of decreasing random behaviors after
promisingregionsisidentifiedsothatalgorithmexplorepromisingregions. Thisisillustratedinbel
owformula,

N, (g+=N ,(¢}+0.5[2BCD ., -N ,,()+2(1-B)C , -N , (@)] @
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where, N(g)iscurrentpositionofhunter, N(g+1)isnextpositionothunter, D, isposition

ofprey,lismeanofeveryposition,aswellas Cisadaptiveparameter.Here,Dand Careevaluatedby,

D=G/<B;ind=(D==0) (3)
C=G,®ind+G-Q(~ind) 4)
where, G,,Gyand  Gsarerandomvariablesranging (0,1),indisindexnumbersofvector

G,,Bisbalanceparameteramongexploitationandexploration,whichisindicatedas,

[ 0.98 )

\ )

)

where,Maxiterismaximalnumberofiterations.Here,distanceofeverysearchagentfrom

meanpositionisindicatedby,

n =
=3 N ©)

n e
Moreover,searchagenthavingmaximaldistancefromthemeanpositionsisindicatedbybelowfor
mula,

- 5
D, =N, gikindexofMax(end)sort(F o) @)
Here,

1
(& 2
FEC(g) :LZ (Ng,i =i )2 (®)
=1
Step3:Huntingscenario

Based on hunting state, when hunter takes prey, it dies and then, hunter moves to next
prey.Thisissolvedbydecreasingmechanism,whichisgivenas,

abest=round(Bx.J) )

where,Jiscountofsearchagents.Now,positionofpreyisformedas,

5 5

D, =N, g4ssortedF ' (abest) (10)

Step4:Bestsafeposition
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Optimalglobalpositionisbestsafepositionandhunterchooseanotherprey,givingthepreybettercha
nceofsurvivalandhencepreypositionisupdatedas,

N, (g +1)=M,

pos(i

+BCcos(2nG,)x(M.,,,—N,(q)) (1)

where, N(q)iscurrentpreyposition, N(g+1)isnextpreyposition, M, isoptimalglobal

position, Cisadaptiveparameter,Bisbalanceparameter,and Gyisrandomnumberranging
[-1.1].

N, (g+1)=M,, ,;+BCcos(2nG, )M, ,—BCcos(2nG,)N, (q) (12)

N, (q+1) =M, ;[1+BCcos(21G,)]-BCcos(2nG,)N, (q) (13)
ThebasicequationofSFOisindicatedby,

NEe (SN 2 — N2 +d) (14)

where, NZ, . isbestpositionofelitesailfish, N issardine’scurrentposition, dis

randomnumbersrangingOandl,and 4 jissailfishattackpowerateveryiteration.
Let,N Sgnew; :Ng,i (g+1), Ni()l :Ng,i (9).N jiteﬁSF :Nhjt(q)

Bysubstitutingtheaboveconsiderations,equation(26)becomes,

N, @ D=dNf@-N | (g)+4,) (15)
dxN"(q)-N  (q+1)+A4,d
N, (9= - . (16)
d
Substituteequation(28)inequation(25),forminghybridizationof SFOinHPO,
[dxN"!(q)~N(g+1)+Ad |
N (g+1)=M [1+BCcos(2nG)]-BCcos(2nG)| & P1(17)
&i pos(i) 4 4 d ‘
L |
N (g+1) [ axN"**'(q)+Ad |
N (g+1)+ gi =M [1+BCcos(2nG)]-BCcos(2nG)| & P|(18)
&l 4

d pos(i) 4 ﬂ p U
(d+DHN  (g+1) dM [1+BCcos(2TcG)]—BCcos(2TtG)(de\”"""(q)+Ad)
d _ pos() 4 4 )

g _ £ d 19
" " (19)

dM [1+BCcos(2TcG)]—BCcos(2TcG)(de”e‘”(q)+Ad)
Ng’i (q+ 1 ): pos(i) 4 4 gi V4

(d+1) (20)
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where, M, isoptimalglobalposition. ThisformsthebasicequationofHSFO.
StepS:Updatedpreyposition

Nextpreypositionisupdatedatglobaloptimalvariousanglesandradials,andthusperformanceofexp
loitationisincreased. Thisisgivenasinbelowformula,

[,

N(g+1)= (q)+0'5[(23CD pos = N, (9))+(2(1-B)C-N, (q))] ifG; <v, (@) (21)
£ M, +BCcos(2nGy x(M . =N, (¢)) else, (b)

where,visregulatoryparameter=0.1.

Step6:End

Iteration process is continued depending on fitness equation (12) and then termination
iscarried out until maximal solution is attained. This optimal solution forms best solution
forabstractivesummarizationbyHSFO.Algorithm 1enumeratespseudocodeofHSFO.

Algorithm1.PseudocodeofHSFO
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Finally, abstractive summarization is carried out using LSTM-CNN [21] [30].
Abstractivetext summarization is process of creating summary sentences using combining

informationfromseveralsourcesentencesaswellascompressingittomoreconciserepresentation
whenmaintaining the material's overall meaning. This is done based on LSTM-CNN.
Figure 1depictedthegraphicaluserinterfaceforabstractivetextsummarization.

' Abstractive summarnzer S O x |

Enter a Text to Summarize:

RO DOS VOIS IE0DDE SIS IBOS DITROTOOIS . (D000 (17) 8Srs Sorrydn.ff -
SDey SrBaocsrda

COEFIAS DAIT I 00E % aBSnSosS SSi8ves
TR0LG10W. HTEoTenIDIDS, sSodS Doved oS mlSrHoaso Grdes
&3 s TN . DET 0B I HErINST SIS Py en O30T JoHdd Y8 41 ST

DBV DSFDNORDT LT T®.

Abstractrve Text Summarnzation

Clear Summary

Fig.1.AbstractiveTextSummarizationUserInterface

Input to the application is given in the form of telugu text and whenthe user
clicksAbstractiveTextSummarizationbutton,thetextisgeneratedinabstractformatandshownin
otherTextarea.

3. EXPECTEDOUTPUT

TheproposedsystemshouldbeabletoaccuratelysummarizeforthegivenTelugusentenceswithne
wphrasesandwords.Precision,recall,F-measure,andRougescoresshouldbe
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maximum, and the performance should be increased with the increased training data
andnumberofiterationsinthealgorithm.

ExpectedInput:

co AE Dy & g 09 90 [0k Ruseey=o(17)s § ef i §3

hg st a% & o sl 1O fiaeeyr o [lar o 11 a9

@ sl e & i s&kae.wlle) @ ) & a8k Jaes gi [

&axiz gih & Oy er ¢ $3hg lellTieewdy &eq iv goh ig@g2

{49 008a9g & 979&aey hs 3Jae.

ExpectedOutput:

p b igoh LOf ¢ yb ) eeB&s Jaseyw & 4 12.4aeeyro(17)&er af o Ua
s e s3hg.

ig@g2 & ¢y U0sa9%ghy  97% ¢ &a=e o hs 3=e.

4. CONCLUSION

Abstractive summarization is a technique used to create summaries from the
semanticrepresentation of source documents instead of sentences from the source
documents.

Thisstudycombinestwotechniques,HPOandSFOtocreateaHSFO.Theinputdocumentisthenpr
ocessedusingSemanticRoleLabeling(SRL)toextractthePredicate- ArgumentStructure(PAS)
using the Stanza tool, allowing for the creation of an accurate abstractive
summary. ThisstudywillshowthatthatHSFOisapromisingapproachtoabstractivesummarizatio

n.
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