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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.

KeywoRDS
Arabic Language, Context Based Approach, Global Vectors Representation, Natural Language Processing, 
Paraphrase Detection, Semantic Similarity, Word Embedding, Word2vec

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
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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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