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ABSTRACT

Theproblemaddressedistodevelopamodelthatcanreliablyidentifywhetherapreviouslyunseen
documentpairisparaphrasedornot.ItsdetectioninArabicdocumentsisachallengebecauseof
itsvariabilityinfeaturesandthelackofpubliclyavailablecorpora.Facedwiththeseproblems,the
authorsproposeasemanticapproach.Atthefeatureextractionlevel,theauthorsuseglobalvectors
representationcombiningglobalco-occurrencecountingandacontextualskipgrammodel.Atthe
paraphraseidentificationlevel,theauthorsapplyaconvolutionalneuralnetworkmodeltolearnmore
contextualandsemanticinformationbetweendocuments.Forexperiments,theauthorsuseOpen
SourceArabicCorporaasasourcecorpus.Thentheauthorscollectdifferentdatasetstocreatea
vocabularymodel.Fortheparaphrasedcorpusconstruction,theauthorsreplaceeachwordfromthe
sourcecorpusbyitsmostsimilaronewhichhasthesamegrammaticalclassapplyingtheword2vec
algorithmandthepart-of-speechannotation.Experimentsshowthatthemodelachievespromising
resultsintermsofprecisionandrecallcomparedtoexistingapproachesintheliterature.
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1. INTRoDUCTIoN

Therapiddevelopmentofinformationandcommunicationtechnologieshasgeneratedatremendous
amountofdatawhichhasincreasedthepotentialsourceofplagiarism.Thisisbecauseofthelack
of honesty, irresponsibility and self-confidence due to limited time and competitive pressure to
achievegood results. It allows taking theworkofothers and representing it asone’sownwork
withoutmentioningthesource.Differentwayscanbeappliedsuchasdirectlycopyingideas,adding/
deletingofwords,ortheirintelligentlysubstitutingthem.Inthiscontext,weconsidertheproblem
ofparaphrasedetectionwhichrequiressemantic textualsimilarityanalysis. Ithasrepresentedan
essential problem in many Natural Language Processing (NLP) tasks (e.g. sentiment analysis,
questionanswering,informationretrieval,etc.).Often,animportantproblemtosolveisthelackof
resourcesinthepubliclyavailableArabiclanguage.ThepurposeofthispaperistodetectArabic
paraphrasebasedonglobalVectorRepresentation(GloVe)asafeatureextractiontechnique.Weapply
varioussupervisedmachine-learningalgorithmse.g.SupportVectorsMachines(SVM),NaïveBayes
(NB),LogisticRegression(LR)andConvolutionalNeuralNetwork(CNN),andwecomparetheir
performancesforclassification.Theremainderofthispaperisorganizedasfollows:First,wepresent
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theproblemstatementinsection2.Next,wemakeanoverviewofpreviousworkinsection3.After
that,thecomponentsofourmodelaredetailedinsection4.Theexperimentalsetupandresultsare
discussedinsection5.Finally,wegiveourconclusionsandfutureworkinsection6.

2. PRoBLeM STATeMeNT

Theamountoftextualinformationavailableandstoredelectronicallyhasgrownatastaggeringrate.
Thishasexponentiallyincreasedthepotentialsourceofparaphrase.Moreformally,giventwosentences
S

1
and S

2
,suchthat S S

1 2
≠ ,when S

1
and S

2
conveythesamemeaningandaresemantically

equivalent,theyaresaidtobeparaphrased(Agarwaletal.2017).Manyresearchesonparaphrase
detectionhavefocusedontheEnglish language,but littleefforthasbeendonerecentlyonother
languageslikeArabic.Itisconsideredasacomplexproblembecauseofthechallengingfeaturesof
this language (Mohamedetal2015). It isSemitic spokenbymore than330millionpeopleand
composedof28letterswrittenfromrighttoleft.Inaddition,Arabicscripthasarichmorphologically
accentuatingbytheexistenceofdots,diacriticsandstackedletters(Hkirietal.2017,Mansourietal.
2018,Mahmoudetal.2018).Itishighlyinflectional,derivationalandnon-concatenativecompared
tootherlanguages(Batitaetal.2018,Mahmoudetal.2017).Tocontributeandsolvethesegaps,
recentresearchhasbeenadvancingtoproposesemantic-similarity-basedapproachesthathavemore
flexibilityandexpressivenesscomparedtosyntacticones.Themainobjectivewastomeasurethe
degreeofrelationshipbetweentextualunitsandcoverthemaximumofArabicspecificitiesinterms
ofwordconstructionanddiversitymeanings.

3. STATe oF THe ART

Word-embeddingmodelsaimadense representationofwords in the formofdigitalvectorsand
learnedusingavarietyoflanguagemodels.Inaddition,semanticvectorrepresentationisableto
revealmanyhiddenrelationshipsbetweenwordstoenhancetheperformanceofsemanticcomputation
andparaphrasedetectionindifferentlanguages,forinstancecount-basedandcontext-basedvector
spacemodels.

3.1. Count Based Vector Space Model
Countbasedvectorspacemodelsareunsupervised.Theyrelyheavilyonthematrixoffrequencyand
theco-occurrenceofwords.Thisisdonebyassumingthatwordsinthesamecontextssharesimilar
onesorrelatedsemanticmeanings:LatentSemanticAnalysis(LSA)basedontheco-occurrence
matrixmakesitpossibletomeasurethesimilaritybetweentexts.Itrepresentsthemeaningnotonlyof
individualwords,butalsoofthewholepassages,suchassentences,paragraphsandshorttexts.Based
onthisidea,Lietal.(2017)usedSingularValueDecomposition(SVD)toreducethedimensionality
andsuppressthenoiseoftextrepresentationmodels.Theyanalyzedtheoptimalnumberofsingular
valuesandcalculated thesemanticrelevancebetweenwordscombiningTermFrequency-Inverse
DocumentFrequency(TF-IDF)weightingandcosinesimilarity.Forexperiments,Reuters-21578data
wereusedwith20newsgroupsandthissystemachievedabout0.7%oftheF-measure.TheLatent
DirichletAllocation(LDA)techniquehasbeenoneofthemostcommonwayofclusteringtexts.It
wasaprobabilisticmodelforcapturingpolysemy(eachwordhasmultiplemeanings),forexampleby
associatingacontextwithadocument.Theobjectivewastoreducethedimensionalityoftopicsasit
wasusedintheworkofDaietal.(2018).Theyexploredsemantictopicsandauthorcommunitiesfor
citationrecommendation.TheexperimentswerebasedontheANNandDBLPdatasetsandshowed
thatthismodelcouldgeneratequalifiedauthorcommunitiesandtopics.Furthermore,Abdelrahman
etal.(2017)detectedplagiarisminelectronicArabicresourcesusingheuristicbasedalgorithms,
as follows: First, word synonyms were retrieved utilizing the WordNet dictionary. Afterwards,
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fingerprintsatdifferent logical levels(document,paragraph,andsentence)werecomparedusing
theArabicdocumenttree.Subsequently,theLevenshteindistanceandLongestCommonSubstring
(LCS)wereappliedasasimilaritymeasures.

Althoughthesemodelshaverepresentedwellthesemanticofsentences,theyhavebeensparse
withthecurseofdimensionalityandlossofcontextualinformation.

3.2. Context Based Vector Space Model
Contextbasedmethodsaimtopredictagivenwordtoitsneighborswherethedensewordvectorsare
partofthemodelparameters.Inrecentdecades,neuralnetworkshaveachievedgoodresultsfortext
mining,namelydistributedwordvectorrepresentation(word2vec)(Mikolovetal.2013).Itconsists
oftwodifferentmodels:

• Continuous Bag of Words (CBW) Model: It predicts the target word from the source
contextwords.Although thismodelconsiders theorderofwords inashortcontextand the
smoothaveragingstepofthedistributionalinformation,itsuffersfromdatasparsityforhigh
dimensionality.Itallowsaweaksemanticmeaningrepresentationofwords,ormoreformally
onthedistancesbetweenthem(Weng2018);

• Skip gram model:WhileCBOWcanbeseenasaprecognitivelanguagemodel,Skipgram
reverses the purpose of the language model rather than using surrounding words to predict
thecentralword.It isaneffectivemethodfor learningthehighqualityofdistributedvector
representation.Itcapturesalargenumberofprecisesyntacticandsemanticrelationshipsfora
betterperformanceingroupingsimilarwords(Ruder2016).

Someworkhasbeenproposed,althoughtherehasbeenlittleworksuggestedfor theArabic
language,towit:Konopiketal.(2016)introducedasystemforinterpretablesemantictextualsimilarity
inSemEval2016.Theyexploredawidevarietyofmachinelearningalgorithmsaswellasseveral
typesoffeatures,like:lexical(wordbaseformoverlap,wordlemmaoverlap,chunklengthdifference,
wordsentencepositionsdifference),syntactic(Part-Of-Speech(POS)tagging),semantic(GloVe,
word2vec)andexternal(WordNet).Thecoreofthissystemconsistedinexploitingdistributional
semantics tocompare thesimilarityofsentencechunks.Consequently, thecombinationbetween
relationtypesincreasedthescoreofsimilarityto0.6484intermsofF1-measure.

Lately,severalresearchershaveusedanextensivetraininginsentenceandclassificationmodeling
tofacilitatethemeasurementofsimilarity.Inthebeginning,modelsofneuralnetworkswereuseful
intheliterature.TheywereeffectiveforNLPtasksandtheyachievedexcellentresults.Indeed,word
incorporationmodels(e.g.word2vec,GloVe,etc.)areanin-depthlearningtechniquethatuselarge
corporaforlearningandtheoutputcontainsdimensionalvectorsrepresentingwords.Someresearch
studieshavebeendeveloped.

Mihaylovetal.(2016)describedasystemforfindinggoodanswersinacommunityforum.They
utilizedtheword2vecalgorithmformedondifferentnon-annotateddatasources(e.g.QatarLiving
andDohaNews).Subsequently,theyoptedforvarioussimilarityfeaturesusingcentroidwordvectors
onthebodyquestion,thesubjectquestion,andthetextcommentary.Forexperiments,theyutilized
anL2-regularizedlogisticregressionclassifierandobtained69.94precisionand73.39accuracy.In
contrast,Almarwanietal.(2017)addressedtheproblemoftextualinvolvementinArabic.Theyused
traditionalfeatures(e.g.lengthofsentencesandsimilarityscores(JaccardandDice),andnamed
entities)anddistributionalrepresentations(word2vec).Fortheimmersionofwords,differentdata
wereutilized,suchas:ArabicGigaword,ArabicTreebank(ATB),ArabicWikipedia,andannotated
data(ArbTE)including600standardmodernArabic(MSA)pairscollectedfrominformationsites
andmanuallyannotatedforimplication.Then,varioussupervisedclassifierswereusedforprediction
includingSVM,LR,RandomForest.Thissuggestedapproachyieldedapeakperformanceonthe
ArbTEstandarddataset,reaching76.2%accuracy.Nagoudietal.(2018)appliedtheCBOWmodelfor
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relevantfeatureextraction.Foridentifyingthemostdescriptivewords,theycombineditwiththeword
alignmentmethod,IDFandPOSweighting.Forlearningtheword2vecmodel,theycollectedmultiple
resourcescontainingmorethan5.8billionwords.Fortheevaluationtask,anexternalArabicplagiarism
corpuswasused.Multipleformsofplagiarismweredevelopedmanually,asparaphrase,substitution
ofsynonyms,etc.Thisapproachledto0.8593and0.8781ofaccuracyandrecall.Similarly,Maraev
etal.(2018)utilizedtheincorporationofcharactersforamorphologicallanguagelikeRussian.They
studiedtheeffectivenessoftheCNNmodelfordetectingasemanticallyequivalentissue(Convolutional
filterswithdifferentlengthswereconcatenated).Thismodelachievedacompetitiveperformancefor
paraphrasedetectionwithoutusingexternalresourceswith70.4%accuracy.

Throughoutthestateoftheart,wehavefoundthatwordvectorlearningmodelshavethefollowing
limitationswithrespecttoothermodels;liketheglobalmatrixfactorizationmethods(LSA).These
methods have efficiently utilized statistical information. Nevertheless, they have relatively done
poorlyonthewordanalogyspotindicatingasuboptimalvectorspacestructure.Ontheotherhand,
localpop-upmethods,astheword2vecalgorithm,basedonSkipgrammodel,havedonebetteron
theanalogyspot.yet,theyhabebadlyusedstatisticsofthecorpusbecauseittrainsondistantlocal
contextualwindowsinsteadofcountingglobalco-occurrences.Inresponsetotheseproblems,we
optfortheGloVemodel,whichwillbebrieflydescribedinthefollowingsection.Itcombinescount-
basedmatrixfactorizationwithcontextualSkipgrammodels.Toconductexperiments,alackof
availablepubliclywell-structuredandcleanedcorporaintheArabiclanguagemakestheevaluation
andcomparisonbetweenproposedsolutionshard.

4. CoNTRIBUTIoNS FoR ARABIC PARAPHRASe DeTeCTIoN

Althoughawiderangeofshallowanddeeplearningtechniqueshavematchedsentencepairs,question-
answer pairs, or query-document pairs, it is still challenging to model the underlying semantic
similarityorrelationshipbetweenArabicdocuments(Liuetal.2018).Theirrichstructuresmake
itanincreasinglydifficulttaskespeciallywhenthelengthofdocumentsislarge.Mostofprevious
workhasfocusedonfeatures,liken-gramoverlappingaswellas,syntactic,structuralandmachine
translation.Inrecentdecades,fullyconnectedneuralnetworkshaveachievedtopperformancesfor
sentencemodelingandclassificationowingtothepowerfulcapabilityofcapturinglocalrelations.
Itlearnsdistributedrepresentationsofwords,capturesmorecontextualinformationandrepresents
thesemanticoftextsmoreprecisely.Themethodologyadoptedinthisworkconsistsinusingvector
representationmodelsforfeatureextractiontortraindifferentcollecteddatasets.Variousclassification
algorithmshavebeenstudiedtodevelopapredictionmodelanddetectparaphrase.Figure1depicts
thelayoutoftheproposedapproachcomposedoftwomaincomponents:

• SeeingthelackofresourcesrepresentingdifferentformsofobfuscationsinArabic,aparaphrased
corpusisdevelopedusinglocalwordembedding(word2vec)andsyntacticannotation(POS).
Theobjectiveistoconservethesyntacticandsemanticpropertiesofsentences;

• GiventhecomplexityofArabicparaphrasedetection,therelevantanddiscriminativefeaturesare
extractedfromdocumentsusingGloVe.Subsequently,thelocalregioninformationiscaptured
intheformofimportantn-gramsfromtexts,andthedegreeofsemanticsimilarityisestimated
viaCNNmodel.

4.1. Arabic Monolingual Paraphrased Corpus Development
SeeingthelackofresourcesavailablepubliclyinArabic,wedevelopanArabicparaphrasedcorpus
automatically, as follows:Weconstruct paraphrasedpairs expressing the same semantic content
usingavocabularycorpus.
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4.2. Vocabulary Creation
Totrainourmodel,wecreateavocabularycorpuscontainingmorethan2.3billionwordsfromdifferent
resources.Itgathersknowledgespecificaboutvariousfieldsinanexploitableform.Subsequently,
apreprocessingstepisapplieddescribinganytypeofprocessingperformedonrawdatatoprepare
itforfurtherprocessing,including:

• Corpora cleaning: We remove diacritics, extra white space, titles numeration, punctuation
marks,specialcharacters,duplicatedlettersandnon-Arabicwords;

• Corpora tokenization:Wereduce thecomplexityof lexicalandsyntacticanalysis, suchas
possessives,pronounsanddiscourseconnectors.

Foreachoriginalwordw
i
,weextractitssynonymsfromthevocabulary v v

n1
, ,…{ } usingthe

distributedwordvectorrepresentationalgorithm(word2vec),inEquation(1):

word vec w word vec w word vec w
i v vk

2 2 2
1( ) = ( ) … ( ){ }, ,  (1)

TheSkip-Grammodelisemployedforlearningpreciserelationshipsbetweenwordsandtheir
contexts.Thegoalistoimprovetheaccuracyofcapturingmultiplesimilaritydegreesalongsemantic
dimensions.

4.3. Automatic Paraphrased Corpus Development
ThesecondpartallowsrepresentinghowtorandomlycreatethesuspectcorpusfromOSACcomposed
ofNwordsasfollows.

ThenumberofwordstoreplaceRisdeterminedusingtherandomuniformfunctionthatsetsthe
degreeofparaphraseUtoapplyintherangeof0.45and0.75,asillustratedinEquation(2):

R N U= ×  (2)

Figure 1. Proposed architecture for Arabic paraphrase detection
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Accordingtoanindexofallwordsintheoriginaldocumentbetween0andN-1,therandom
shuffle functionreplaces the indexofwordsandkeeps theircontent thesame.Topreserveboth
semanticandsyntacticstructuresofArabicsentenceswithoutambiguities,eachoriginalwordw

i
is

replacedbyitssynonymthathasthesamegrammaticalclassP (e.g.verb,noun,subject,complement,
etc.),asfollowsinEquation(3):

Sim P v P v P v Max P v P v P v
w k wi i
( ) …{ }( ) = ( )( )( ) …, ( ), , ( ) Cos , ( , , Cos)

1 1 ww ki
P v( )( )( )






, ( ) 

(3)

4.4. Arabic Paraphrase Detection
4.4.1. Global Vectors for Word Representation (GloVe)
Thefeatureextractionphaseselectsasubsetofattributesthatmayefficientlydescribethedata.Many
machine-learningalgorithmsrequirethattheinputshouldberepresentedasafixed-lengthfeature
vector.Thatiswhy,findinganoptimalsubsetoffeaturesthatmaximizesclassificationaccuracyisstill
anopenproblem.Therefore,weemploytheGloVemodelproposedbyPenningtonetal.(2014).The
differencebetweenthismodelandthebest-knownword2vecmodelisthefollowing(Ruder,2016):

• GloVeusescountingdatawhilesimultaneouslycapturingsignificantlinearsubstructuresprevalent
inmethodsbasedonrecentlog-bilinearpredictions,likeword2vec;

• GloVeencodesmeaningasvectoroffsetsinanintegrationspace;
• GloVecalculates theratioofco-occurrenceprobabilitiesof twowords(rather thantheirco-

occurrenceprobabilitiesthemselves)toencodetheirinformationasvectordifferences.

Ingeneral,wemaximizetheprobabilitythatacontextualwordwilloccur,givenacentralword,
byperformingadynamiclogisticregressionmodel.Ittrainsintheglobalencodingofword-to-word
co-occurrencesandusesstatisticsefficientlytoproducelineardirectionsofmeaning,asshownin
Equation(4)(Vargas2018):

J f X w b Xw b
i j

V

ij i
T

j i j ij
= ( ) + + − ( )( )

=
∑
,

log
1

2� �
 (4)

whereXistheco-occurrencematrix,suchasX
ij

isthenumberoftimesthatthewordioccursin

thecontextofthewordj;w
i
and �w

j
arethevectorsofthewordsiandj;b and b

i j  
Ç

arethepolarizations
(bias)ofthewordsiandj;V ;isthevocabularysizeandf(x)istheweightingfunctionthatassigns
arelativelylowerweighttorareandfrequentco-occurrences.

4.4.2. Convolutional Neural Network (CNN)
ACNNisfeed-forwardarchitecturecharacterizedbylocalconnections,sharedweightsamongdifferent
locationsandlocalpooling.Itcanbemoresuitabletoemploywordembeddingasaninputwiththeir
particulararchitecturedesigns.Themainideaistoconsiderthecontextualrelationshipbetweenwords
andencodeallinteractionsinageneralparameter(Wangetal.2018).Itisasuccessfulmodelfor
extractinghigh-levelabstractfeaturesfromsentencesofdifferentn-grams(Guaetal.2017).Inour
work,therepresentationsofsourceandsuspectcorporaareutilizedasentriesintheCNNmodel.
Theyareprocessedinparallel,asdepictedinFigure2throughthefollowinglayers:Aconvolution
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layerextractstheusefulfeaturesfromArabicdocuments.Amax-poolinglayerreducesthenumber
ofconnectionsbetweenconvolutionlayers.Afullyconnectedlayercomputestherateofparaphrase
andconvertstheoutputscoreintoprobability.

4.4.3. Sentence Modeling Layer

Givenasequenceofwordsw w w
n n1 1:

, ,= … ,eachoneisrepresentedwithanembeddingvectorof
dimension k .Consideringawindowofwordsw w w

i i i s
, ,+ +…

1
,weemployaconvolutionlayerto

produceafeaturemap S i

 bysliding64filtersovertheinputforeachw

s
= { }2 3 4, , .Atevery

region,amatrixmultiplicationWisperformedwithanadditionofabias termb,which is then
followedbyanonlinearactivationfunctionh ,asshowninEquation(5):

S i h W x b
i i ws




 = ⋅ +( )+ −: 1

 (5)

whereW R
w ks

∈
*

istheweightvectorofthefilterreducingthemodelcomplexityandmakingthe

networkeasiertotrainandh istheactivationfunctionofwords{ , , , }
: : :
x x x
w w n w ns s s1 2 1 1+ − +… .Inour

model,weusetheRectifiedLinearUnit(ReLU)toinducesparsityinhiddenunitsandobtainsparse
representations,definedinEquation(6):

R z
i j k i j k, , , ,

max ,= ( )0  (6)

4.4.4. Reduction of Features Layer
Thepooling layer sweepsa rectangularwindowover the inputvectors. It aims to achieve shift-
invariancesbyreducingthedimensionalityofthefeaturemapsandthenumberofparameters(Wanget
al.2018).Eachfeaturemapofthepoolinglayerisconnectedtoitscorrespondingoneofthepreceding
convolutionlayers.Wetakethemaximumvalueintheresultingvectorstocapturethemostrelevant

Figure 2. Proposed model for semantic textual similarity identification
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feature.Ourgoalistoreducetherepresentationcomplexityandassumethemaximumvalueasa
featurecorrespondingtothisfilter,asrepresentedinEquation(7):

P Max S i
l
= 



{ }  (7)

wherei:1,…,n-j+1denotesthenumberofconvolutions,andlisthenumberofsentences.Allresults
areconcatenatedtoformasinglefeaturevectorforthepenultimatelayer,inEquation(8):

� , ,�Pooling P P
Vector n

= …
1

 (8)

Asaresult,weobtaintworeducedfeaturevectorsthatcorrespondtosourceandsuspectsentences
fordetectingparaphraseinthefollowinglayer.

4.4.5. Similarity Layer
After several convolution and pooling layers, our classification model performs a high level of
reasoningandgeneratesglobalsemanticinformation.Ittakesallneuronsinthepreviouslayerand
connectsthemtoalltheactivationfunctionsofthecurrentlayer.Weproposeabinaryclassification
modelapplyingthesigmoidfunctiontoconverttheoutputscoreintoprobabilityinEquation(9).
Whentheobtaineddegreeishigherthanthresholdα,apairofsentencesareconsideredparaphrased
(class1).Otherwise,theyareconsideredunparaphrased(class0):

Output Sigmoid x x
e

e

x

x
= ( ) = ( ) =

+( )
σ

1
 (9)

5. eXPeRIMeNTS AND DISCUSSIoN

5.1. Data Used
Experimentsarecarriedoutontwodifferentdatasets,assummarizedinTable1:

• Todevelopthevocabularymodel,wecollectcorporafromdifferentresources,suchasArabic
CorporaResource(AraCorpus),KingSaudUniversityCorpusofClassicalArabic(KSUCCA)
(Alrabiahetal.2014)andpapersfromWikipedia;

• Todeveloptheparaphrasedmodel,weuseOSAC(Saadetal.2010)asasourcecorpus.Itincludes
22,429documentsofdifferentfields,suchasEconomics,History,Entertainment,Education&
Family,ReligionandFatwas,Sports,Health,Astronomy,Law,Stories,andCookingRecipes.

Indeed,theevaluationofourmodeliscarriedoutonacollectionofdocumentsrandomlyused
fromtheOSACsourcecorpus:70%areoriginalfortrainingand30%areparaphrasedfortesting.

5.2. Used Parameters
5.2.1. Building Word-Embedding Models
Theword2ecalgorithmbasedonSkipgramandGloVemodelsareefficientforcapturingsemantic
relationsbetweenwordsafterstudyingdifferentconfigurations.
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5.2.2. Word2vec Parameters
Fordevelopingtheparaphrasedcorpus,wevarytheparametersoftheword2vecmodeltoconserve
thesemanticstructureofArabicsentencesasprovidedinTable2.

Anaverageofallcosinesimilaritiesofwordsineachsentenceiscalculatedtotesttheeffectiveness
ofourproposedmethod,asgiveninEquation(10).Regardingtheconstraintthatwehaveproposed
above,theresultedparaphrasedsentencespreservethesyntacticstructureoforiginalsentenceswith
semanticallysimilarwords,asillustratedintheexampleinTable3:

Sen vec
w

ni

ii

n

2 1= =∑  (10)

Finally,wemakesomemodificationstosuitthemodelwithArabicencodingandthedataset
fortrainingandtesting.Figure3depictsdifferentconfigurationsofword2vecaccordingtovector
dimensionsandwidowsizestoefficientlydevelopaparaphrasedsentence.

The experimental settings of the word2vec algorithm, based on the Skip gram model, are
investigatedwithvariousconfigurations.Thebestparametersforidentifyingthesemanticallyclosest
wordsofthetargetwordarethefollowing:thevectordimensionis300,theslipperywindowsizeis
3,andthemaximumnumberofiterationsis7,asshowninTable4.

5.3. GloVe Parameters
AtthelevelofArabicparaphrasedetection,weconductourexperimentswithseveralsettingsforthe
parametersoftheGloVemodel.Thefollowingparametersmaketheresultsefficientforcapturing
globalsemanticfeaturesaspresentedinTable5.

5.4. CNN Parameters
OurCNNmodelconsistsofthefollowingcomponents:

• Differentwidowsizesarestudiedtoobtainmultiplefeatures.Whentheslidingwindowsize
increases,alongern-gramisextractedfromtheinputsentences.Thebestresultsareobtained

Table 1. Dataset summary

Models Corpora Number of Words

Vocabularymodel AraCorpus 126,026,301

KSUCCA 48,743,953

Wikipedia 2,158,904,163

TotalNumber 2.3billion

Testmodel OSAC 18,183,511

Table 2. Training parameters of word2vec model

Vector Dimensions Window Sizes

64,100,250,300,350,400,500 1,2,3,4,5,6,7,8,9,10
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Table 3. Example of paraphrased sentence development

Figure 3. Configurations of word2vec model

Table 4. Parameters of word2vec model

Parameters word2vec

VectorSize 300

Min_Count ≤5

WindowSize 3

Workers 8

Epochs 7
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whenwecombinemultiplewindowsizes w
s
= { }( )2 3 4, , intheconvolutionlayer,where64

filtersaremovedforeachregion,asdepictedinFigure4:
• Apoolinglayerofsize4calculatesthemaximumpoolingofeachsentence;
• Twosentencesareconsideredasparaphraseiftheyexceedthreshold(α).Thethresholdisfine-

tunedbyseveraltrialsonthetrainingcorpus,andtheresultsareachievedwhenα=0.3.

ThebestparametersoftheproposedCNNmodelareprovidedinTable6.

5.5. Results and Discussion
5.5.1. Performance Evaluation
Theevaluationmeasuresaredefinedasfollows:

• Precision represents thenumberofcorrect instancesover thenumberofcorrectlypredicted
instancesasinEquation(11):

Table 5. Training parameters of GloVe algorithm

Parameters Values

Sizeofco-occurrenceMatrix 1.119.436*1.119.436words

Embeddingsize 300

Contextsize 3

Minimumoccurrence 25

Learningrate 0.05

Batchsize 512

NumbersofEpochs 20

Figure 4. Configurations of widow size
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Precision
of correct instances

of correctly predicted i
=

#

#

   

    nnstances
 (11)

• RecallrepresentsthenumberofcorrectinstancesoverthenumberoftrueinstancesasinEquation
(12):

Recall
of correct instances

of true instances
=

#

#

   

   
 (12)

Theexperimentsshowthat theperformanceofanyparaphrasedetectionsystemdependson
thequalityofanalyzeddata(morphology,syntacticandsemanticstructures,etc.)andtheadopted
methodology.Table7illustratehowourproposedmethodsoutperformthestate-of-the-artmethods
intermsofprecision(82%)andrecall(80%).

Indeed,anArabicparaphrasedcorpusisdevelopedautomaticallyusinglocalwordembedding
andPOStechniques.Itconservesthesyntacticstructuresoforiginalsentencesandmodifiesthem
semanticallywith similarones.Consequently,differentobfuscation formssuchas totalcopying,
synonymsubstitution,word/sentenceshufflingarecreated.Usingthisdataset,GloVeisadvantageous
incapturingsignificantlinearsubstructuresthanrecentlog-bilinearpredictionmethodslikeword2vec
andothermodels(e.g.LSAandLDA)foranalogyreasoningandsemanticsimilarityanalysis.These
modelsareweakforrepresentingsemanticrelationsbetweenwordswhendataarerarelypresent
ortheirnumbergoesup.Fortrainingandtesting,westudytheperformanceofstatisticclassifiers
thatarewidelyusedinmachinelearninganddataminingcomparedtotheCNNmodel.SVM,LR
andNBareutilizedwithdefaultparameters.Indeed,thedetectionrateofparaphraserisesby79%
usingSVMcomparedtoNB(80%)andLR(76%).Foraverylargenumberoflearningdata,the
calculationtimeexplodes.Thus,SVMisusefulforsmallclassificationproblems.Incontrast,theCNN
modelefficientlysupportesthisproblem.Itisusefultodealwithlongsentencesthroughdifferent
regularitiesofwindowsizes,learningmorecontextualinformationandrepresenthiddensemantic
relationsbetweendocuments.

SeeingthelackofworkdevelopedforArabicparaphrasedetection,oursystemiscomparedto
otherexistingmodelsintheliteraturebasedonvariousdatasetsandworkingonthesametopicof
semantictextualsimilarityanalysisintheArabiclanguage:ThesystemproposedbyNagoudietal.
(2018)wasefficientincapturingthemostrelevantfeaturesindocuments.TheycombinedtheCBOW
model,theinversedocumentfrequencyweightingandthePOSmethodsforextractingsemanticand
syntacticfeaturesfromdocuments.Subsequentlyawordalignmentmethodwasappliedformeasuring

Table 6. Parameters of CNN model

CNN Layers Parameters Values

Convolutionlayer Numberoffilters 64

Kernelsize 2,3,4

Activationfunction ReLU

Poolinglayer Type Maxpooling

Poolingsize 4

Fullyconnectedlayer Activationfunction Sigmoid
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similarity.However,thissystemwasweakinrepresentingdatawithhigherdimensionality.Itwas
limitedforworkingondistantlocalcontextualwindowsinsteadofcountingglobalco-occurrences,
asproposedinourwork.TocomputesimilarityandrankingcandidateArabicQuestion-AnswerQA
pairs,Abdel-Latifetal.(2018)combinedlexical(e.g.term/sentenceoverlap)andsemanticfeatures
(e.g.weightedmatrixfactorizationandFasttext)betweenoriginalquestionandeachQApair.They
alsousedthreetypesoflearningmodels,suchastheSVMrank,theclassificationalgorithms(e.g.
linearSVM,LR,RandomForestandstochasticgradientdescent)andthedeeplearningapproach
(fully-connecteddeepneuralnetwork)).Thebestlearningalgorithmwasthefullyconnectedneural
network.However,thisdidnotholdforthetestsetbecausethetrainingdatasetwasnotlargeenough
forthedeepneuralnetworktohaveabettergeneralizationeffect.

6. CoNCLUSIoN

Theuseoftheword2vecalgorithmandthePOSweightingmethodhasresultedinawell-structured
paraphrasedcorpus.ThenthecombinationofGloVeandCNNhasoutperformedthestate-of-the-art
methodsandhasefficientlyrealizedsemanticanalysisforexternalparaphrasedetectioninArabic
documents.Indeed,GloVealgorithmhasbeenefficientincapturingcontextualinformationfrom
documents.Thereafter,theCNNmodelhassuccessfullyidentifiedtheparaphrasebetweensource
and suspect documents using the advantages of their convolution, pooling and fully-connected
layers.Despitethepromisingresults,wewilltrytouseotherdeep-learning-basedmodelstoimprove
paraphrasedetection,especiallyinArabic.Theobjectiveistocapturemorestatisticalregularitiesin
thecontextofsentences,likethelongshort-termmemoryrecurrentneuralnetwork.

Table 7. Comparative study

References Models Datasets Precision Recall

Proposedmodels LSA OSACsource
OSACsuspect

0.773 0.765

LDA 0.782 0.780

Word2vec,CNN 0.810 0.804

GloVe,NB 0.793 0,770

GloVe,LR 0.763 0.740

GloVe,SVM 0.803 0.784

GloVe,CNN 0.820 0.805

Nagoudietal.(2018) CBOW,IDF,POS,word
alignment

ExternalArabic
Corpus

0.859 0.788

Abdel-Latifetal.(2018) Lexicalandsemanticfeatures,
SVM

ArabicCQAdataset 0.78 0.867
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Figure 5. Overall comparisons in terms of precision and recall
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