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ABSTRACT

Accordingtothesparsenessofratinginformation,thequalityofrecommendersystemshasbeen
greatlyrestricted.Inordertosolvethisproblem,muchauxiliaryinformationhasbeenused,suchas
socialnetworks,reviewinformation,anditemdescription.Convolutionalneuralnetworks(CNNs)
havebeenwidelyemployedbyrecommendersystems, itgreatlyimprovedtheratingprediction’s
accuracyespeciallywhencombinedwith traditional recommendationmethods.However,a large
amountofresearchfocusesontheconsistencybetweentherating-basedlatentfactorandreview-based
latentfactor.Butinfact,thesetwopartsarecompletelydifferent.Inthisarticle,theauthorspropose
amodelnamedcollaborationmatrixfactorization(CMF)thatcombinesaprojectionmethodwitha
convolutionalmatrixfactorization(ConvMF)toextractthecollaborationbetweenrating-basedlatent
factorsandreview-basedlatentfactorsthatcomesfromtheresultsoftheCNNprocess.Extensive
experiments on three real-world datasets show that the projection method achieves significant
improvementsovertheexistingbaseline.
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INTRoDUCTIoN

Withtheincreasingamountofdatainreallife,recommendationsystems(Davidson2010)playamore
andmoreimportantrole.Itisveryimportanttomodeltheuser’spreferenceandsomework(Zhou
2018,Lu2018)hadbeenpublished.Recommendersystemsaremostoftenbasedoncollaborative
filteringandthewidelyusedapproachistheuseoflatentfactor.Matrixfactorization(MF)(Lee2001)
isthemostpopularmodeltoderivethelatentfactor.Inaddition,oneclassicalmethodisprobabilistic
matrixfactorization(PMF)(Salakhutdinov,2007).

However,withtheexplosivegrowthofusersanditemsontheInternet,theratingmatrixbecomes
moreandmoresparsewhichdestroystheperformanceofrecommendationsystem.Tofixthesparse
problem,deeplearningwasemployedintoMatrixfactorization.Asitcaneffectivelycapturethe
non-linear and non-trivial user-item relationships, and enable the codification of more complex
abstractionsasdatarepresentationsinthehigherlayers,itisnotsurprisingthateventhoughdeep
learningbasedrecommendersystemisanewcomer,itachieveshighrecommendationqualitysuchas
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NeuralCollaborativeFiltering(NCF),InformationRetrievalGAN(GenerativeAdversarialNetworks),
CCCFNet(Content-BoostedCollaborativeFilteringNeuralNetwork)model(He2017,Wang2017,
Lian2017)andDeepMatrixFactorizationmodels(Xue2017).

Althoughdeeplearningmodelscanextractthehigh-levelfeatures,itstillcannotfixthesparse
problemperfectlybecausewhencomparedtotheenormousquantityofusersanditems,thequantityof
ratingsistoosmall.Thereforeseveralrecommendationtechniqueshadbeenproposedthatconsidernot
onlyratinginformationbutalsoauxiliaryinformationsuchasdemographyofusers,socialnetworks,
contentinformationandreviewinformation(Kawale,2015,Ling,2014,Mcauley,2013,Purushotham,
2012,Wang,2011,Wang,2015).Ontheonehand,basedonsocialnetwork(Yang2017)proposed
amodelthatconsiststrusterpartandtrusteepartand(Guo2015)proposedamodelthatcombines
SVD++withsocial trust information.On theotherhand,basedoncontent information, (Wang,
2011)proposedcollaborativetopicregression(CTR)thatcombinestopicmodeling(LDA)(Blei,
2016)andcollaborativefilteringinaprobabilisticapproach.Mostrecently,(Wang,2015)proposed
collaborativedeeplearning(CDL)thatintegratesStackedDenoisingAuto-Encoder(SDAE)(Vincent,
2010)intoPMF.Inordertofullycapturedocumentinformationandtakecontextualinformationinto
consideration,CNN(Krizhevsky,2012)isusedinprocessingoftextinformation.Basedonreview
information,DeepCoNN(Yu,2017)adopts twoparallelconvolutionalneuralnetworks tomodel
userbehaviorsand itemproperties fromreviewtexts. (Shen,2016)builtane-learningresources
recommendation model. It uses CNN to extract item features from text information of learning
resourcessuchasintroductionandcontentoflearningmaterial,andfollowsthesameprocedureof
(Dieleman,2013)toperformrecommendation.However,theuseofreviewinbothitemsandusers
wouldleadtothereuseofthisinformation.ThereforeConvMF(Yu,2016)combinesCNNwithPMF
inasimilarwayasCDLandonlyusereviewinitem’spart.

ConvMFandothercontent-basedmodelshavebeenproved to improve therecommendation
system’sperformance,buttheyfocusontheconsistencybetweentherating-basedlatentfactorsand
thereview-basedlatentfactors.Itistruetoconsidertheconsistencybecauseratinginformationand
reviewinformationtalkaboutthesamesetofitems,buttheyarefromdifferentsources.Thus,rating
informationandreviewinformationshouldprovidedifferentknowledgeandsuchindividualknowledge
couldcomplementtoeachother.Thus,theauthorscombinetheconsistencyandcomplementarity
andproposeanewconceptionthatiscalledcollaboration.Inthispaper,theauthorsproposeamodel
calledCMF(CollaborationMatrixFactorization)tomakeuseofthesetworesources.

To demonstrate the effectiveness of CMF, a series of experiments are conducted on three
real-worlddatasets.OurexperimentalresultshaveshownthatCMFhasabilitytoachieveperfect
recommendationresult.Inaddition,thelongtailitemsarealsotakenintoconsiderationandtheresult
onthelongtailitemsalsohasgreatimprovement.

Ourcontributionsaresummarizedasfollows:

• AnarchitecturenamedCMFisproposed,whichintegratesmappingmethod,matrixfactorization
anddeepfeaturelearning.Itmodelsthemappingsbetweentherating-basedlatentfactorsused
inPMFandthereview-basedlatentfactorsinCNNmodels;

• Manyexperimentsaredoneon three real-worlddatasets toevaluate theperformanceofour
model.Ourmodeloutperformstheexistingbaselines;

• Apartfromthewholedatasets,theauthorsalsotakethelongtailitemsintoconsiderationbecause
thelongtailitemsmakemoreprofitsandbemoremeaningfulthanotheritems.Theexperimental
resultshowsthatourmodelisbetter.

Theremainderofthepaperisorganizedasfollows.Section2givesanoverviewoftherelated
models.Section3proposestheCMFmodel.Section4experimentallyevaluatesCMFanddiscuss
theevaluationresults.Section5summarizesourcontributionsandgivesfuturework.
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