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Abstract

Implicitfeedbackiswidelyusedincollaborativefilteringmethodsforrecommenda-
tion.Itiswellknownthatimplicitfeedbackcontainsalargenumberofvaluesthat
aremissingnotatrandom(MNAR);andthemissingdataisamixtureofnegative
andunknownfeedback,makingitdifficulttolearnusers’negativepreferences.
Recentstudiesmodeledexposure,alatentmissingnessvariablewhichindicates
whetheranitemisexposedtoauser,togiveeachmissingentryaconfidenceof
beingnegativefeedback.However,thesestudiesusestaticmodelsandignorethe
informationintemporaldependenciesamongitems,whichseemstobeanessential
underlyingfactortosubsequentmissingness.Tomodelandexploitthedynamics
ofmissingness,weproposealatentvariablenamed“userintent”togovernthetem-
poralchangesofitemmissingness,andahiddenMarkovmodeltorepresentsuch
aprocess.Theresultingframeworkcapturesthedynamicitemmissingnessand
incorporateitintomatrixfactorization(MF)forrecommendation.Wealsoexplore
twotypesofconstraintstoachieveamorecompactandinterpretablerepresentation
ofuserintents.Experimentsonreal-worlddatasetsdemonstratethesuperiorityof
ourmethodagainststate-of-the-artrecommendersystems.

1 Introduction

Collaborativefilteringmethodsbasedonimplicitfeedback(e.g.,purchaserecordsandbrowsing
history)arewidelyusedinrecommendersystems.Comparedtoexplicitfeedback(e.g.,1-5star
ratings),implicitfeedbackismoreabundantandaccessibleinreal-worldapplications.However,
themissingdataofimplicitfeedbackalsobringstwochallenges.First,thedataismissingnotat
random(MNAR).Onlypositivefeedbackiscollectedinimplicitfeedbackandallnegativefeedback
ismissing,leadingtoaseverelybiaseddataset.Second,themissingdataisamixtureofnegativeand
unknownfeedback;amissingentrymayindicatetheusereitherdislikesordoesnotknowtheitem,
whichmakesithardtolearnuser’snegativepreferences.Severalpreviousworks[Huetal.,2008,
MarlinandZemel,2009]providedevidencethatbothignoringmissingdataandtreatingallmissing
dataasnegativefeedbackwillleadtobiasedrecommendations.

ApossiblesolutionistomodeltheMNARmechanismandtreatthemissingdataproperly.Several
researchershaveproposedvariousmethodstoaddressthisissue.Popularmethods[Huetal.,2008,
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Panetal.,2008]arebasedontheuniformityassumptionthatassignsauniformweighttodegrade
theimportanceofthemissingdata,assumingthateachmissingentryisequallylikelytobenegative
feedback.Thisisastrongassumptionandlimitsmodels’flexibilityforrealapplications.Recently,
researchers[Liangetal.,2016,Wangetal.,2018a]treatedmissingentriesdifferentlywiththeso-
called“exposure”variablesandachievedimprovedresults.Anexposurevariableindicateswhether
ornotanitemismissingtoauser.Theymakepredictionsintwosteps:Theyfirstmodelexposure
variablesforeachusertogetthecandidateitemsthatarenotmissingandthenrecommendtop-ranked
itemsinthesetofcandidateitemsbasedonuserpreferences.

However,thesemodeledexposure-basedmissingnessmechanismsarestaticandthetemporalde-
pendenciesamongitemsarenotutilized,whichcannaturallyinfluencethesubsequentmissingness
greatly.Considerthefollowingexample.Ifauserhasjustboughtamobilephone,itismorelikely
forhim/hertobuyasuitablephonecasenextsomissingnessprobabilitiesofcandidatephonecases
willbelowerthaniftheuserhadnotboughtthephone.Moreover,theeffectofitemdependencieson
themissingnessisasymmetric:purchaseofaphonecaseindicatesthattheuserhasprobablyowneda
mobilephoneandthemissingnessprobabilitiesofphonesshouldbehighduringhis/hernextpurchase.
Thusthekeytomodelingthedynamicmissingnessishowtoutilizethetemporalinformationof
implicitfeedbacktocapturetheasymmetricitemdependencies.Insteadoffindingexplicititem
dependencies,weassumethatthemissingnessofitemsforauseratonetimeisgeneratedbyalatent
variablecalled“userintent",andthatthedynamicsofmissingnessaredrivenbyaMarkovprocessof
userintents.Inotherwords,userintentscaptureitemrelationsimplicitlyandgeneratetime-sensitive
exposurevariables.

Particularly,inthispaper,weuseahiddenMarkovmodel(HMM)torepresentthedynamicmissing-
nessofimplicitfeedbackandtheestimatedmissingnessofitemsisincorporatedintoaprobabilistic
matrixfactorization(MF)modelforrecommendation.Tothebestofourknowledge,theproposed
framework,namly“H4MF”,asastrategyof“leveragingHMMandMFtomodelthedynamic
Missingnessforrecommendation,”isthefirstworktoaddressthedynamicmissingnessofimplicit
feedbackinrecommendationarea.TheHMMandMFareseamlesslyincorporatedinH4MF,making
theframeworkinterpretableandextensible.Further,weproposeaprincipledcomputationalalgorithm,
showingpromisingresultsonreal-worlddatasets.

2 RelatedWork

Missingdatapresentsacommonchallengeforempiricalsciences.Mostpriorstudiesonrecommender
systemsassumeddataismissingatrandom(MAR);however,MarlinandZemel[2009]demonstrated
thatdatainrealrecommendersystemsisnotMARandrecommendationalgorithmsbasedon
MARassumptionmayleadtobiasedresults.Severalstudieshavemodeleddifferentmissingness
mechanismstoaddresstheMNARproblem.Forexplicitfeedback,awidelyacceptedmechanism
[MarlinandZemel,2009,Lingetal.,2012,Hernández-Lobatoetal.,2014]isthatmissingnessis
relatedtothepotentialratings(e.g,1-5starratings).Dataforitemswithhighratingsarelesslikelyto
bemissingcomparedtoitemswithlowratings.Forimplicitfeedback,somecausal-process-based
methods[Liangetal.,2016,Wangetal.,2018a]firstcomputedexposuresforeachuserandthenused
themtoguideratingprediction,whichhaveshownpromisingresults.Differentfromthesestudies,
weaddresstheMNARproblemwithadynamicmissingnessassumption.

Anotherrelatedworkissequentialrecommendation,whereresearchersutilizetemporaldatafor
next-itemrecommendation.Existingsequentialrecommendersystemsmainlycapturethedynamic
userpreferences.ApopularideaistoutilizeMarkovchains[HeandMcAuley,2016]tomodel
thesequentialinformation.Rendleetal.[2010]proposedafactorizedpersonalizedMarkovchain
(FPMC)modelthatcombinesbothacommonMarkovchainandamatrixfactorizationmodel.Sahoo
etal.[2012]choseahiddenMarkovmodeltocapturethedynamicofuserpreferencesforpersonalized
recommendation.However,theydidnotconsidertheMNARproblemandthemissingdataisnot
wellutilized.Someotherresearchersalsouseddeeplearningtechniques(e.g.,LSTM[Wuetal.,
2017]andGRU[Chungetal.,2015])forsequentialrecommendation;however,theyarelimited
ininterpretability.Inthispaperweassumeuserpreferencesarestaticandfocusonmodelingthe
dynamicmissingnessfortheMNARproblem.Moreover,itisratherstraightforwardtoextendour
frameworktocapturethedynamicuserpreferenceswithexistingstudiesononlinelearning[Mairal
etal.,2010].
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Figure1:Graphicalmodeloftheproposedmodel.

3 H4MFFramework

Inthissection,wefirstintroducetheproblemformulaandourproposedframework.Thenwedescribe
theparameterinferenceandthepredictionformulaindetail.

ProblemFormulation.SupposewehaveNusersandM items.Foreachuseri,aT-lengthrating
historyinchronologicalorderisgivenasYi={y

1
i,y

2
i,...,y

T
i},wherey

t
idenotestheitemthatuseri

ratedattimet(Notethattheratingdenotesimplicitfeedbackinthispaper).Thegoalofrecommender
systemsistopredictwhichitemtheuserwillratenext,morespecifically,yT+1i .

Beforedescribingourmodel,wefirstintroducetherepresentationofytiandthedefinitionofmiss-
ingnessvariables,whichcanhelptounderstandtheproposeddynamicmissingnessmechanism.We
representytiasaM ×1ratingvector.AsoneusercanonlyrateoneofM itemsatonetime,there
isa“1”inonepositionofytiand“0”elsewhere.Thusthemissingdataofimplicitfeedbackrefers
to“0”entries,whichcontainnegativeandunknownfeedback.Foreachytijindataset,weusea

Bernoullimissingnessvariableαtij(sameastheexposurevariablein[Liangetal.,2016])toindicate

themissingness:αtij=1meansitemjisexposedtouseriattimet,andα
t
ij=0meanstheuser

doesnotseetheitem.Themissingnessvariableshaveareasonableinterpretation:usersfirsthaveto
seetheitems,thentheyhavethepossibilitytoratethem.Thusαtijcanbeutilizedtoextractnegative

feedbackfromthemissingdata:ifuserihasseenitemj(αtij=1)buttheratingy
t
ijis0,thisrating

ismorelikelytobenegativefeedbackratherthanunknownfeedback,whichcanbefurtherutilizedto
learnuserpreference.Notethatαtijmaybedifferentfordifferenttandourmodelaimstocaptureits
dynamics.

ModelDescription.Weassumethatuserintentanduserpreferenceworktogetherforrecommen-
dation:Userintentdeterminesthemissingnessofitemsanduserpreferencedeterminesrecommen-
dationsfromthenon-missingitems.Inthispaperweproposeaframeworknamed“H4MF”that
combinesHMMandMFtomodelthedynamicMissingnessforrecommendation.Asshownin
Figure1,H4MFhastwocomponents:theUserIntentComponentandtheUserPreferenceCom-
ponent.IntheUserIntentComponentweuseafirst-orderhiddenMarkovmodeltocapturethe
missingnessmechanism.αtisaM ×1missingnessvectorofitemsattimetgeneratedbyalatent
statevariableSt(named“userintent”),andtheprobabilityofStdependsonlyonthelaststate
St−1.TheuserintentisasinglecategoricalrandomvariablethatcantakeoneofDdiscretevalues,
St∈{1,...,D}.Weassumethatuserintentsaresharedbyalluserssothegeneratedαtjrepresents

αtijforallpossibleusers.Thestatetransitionsfollowacategoricaldistributionandtheconditional
observationdistributionisdefinedas:

p(yti|S
t,P)=

M

j=1 αtij

p(ytij|α
t
ij,P)p(α

t
ij|S

t), αtij∈{0,1} (1)

IntheUserPreferenceComponent,weadoptaclassicalbuteffectivematrixfactorizationmodel
[MnihandSalakhutdinov,2008]:theuserpreferenceP∈RN×M isdecomposedasaproductof
twosubmatricesU∈RK×N andV∈RK×M,whichrepresentuser-specificanditem-specificlatent
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featurefactorsrespectively.Morespecifically,weusePij=U
T
iVjtoshowthepreferenceofuseri

towarditemj.TheconditionaldistributionovertheobservedratingsYti∈R
N×M (thelikelihood

term)foruseriandthepriordistributionaregivenby:

p(Yi|α
T
i,P)=

T

t=1

M

j=1

[αtijN(y
t
ij|Pij,λ

−1
y IK)+(1−α

t
ij)I[y

t
ij=0]],

p(αtij|S
t)=Bernoulli(Is(µ

t
j)),µ

t
j∼Beta(a

t,bt),

p(U|λu)=

N

i=1

N(Ui|0,λ
−1
u IK),p(V|λv)=

M

j=1

N(Vj|0,λ
−1
v IK),

(2)

whereN(x|µ,λ)denotestheGaussiandistributionwithmeanµandprecisionλ,I[ytij=0]isthe

indicatorfunctionthatevaluatesto1whenytij=0istrue,and0otherwise.Is(µ
t
j)indicatesthatµ

t
j

isSt-specific.IK standsfortheidentitymatrixofdimensionK.p(Yi|α
T
i,P)canbeinterpretedas

follows:whenαtij=0,theratingismissingsoy
t
ijisdefinitely0;whenα

t
ij=1,theratingisnot

missingsoytijiseither0or1,dependingontheuserpreferencePij.Inthispaperwepresentour
methodanditsinferenceforthecaseofoneuser’ssequentialrecords;butitisstraightforwardto
applythemtomultipleusercases.Notethatusershavevariable-lengthratingrecordssothatTisnot
afixednumberfordifferentusers.

NextweexplaintheunderlyingdesignofH4MF.WechooseHMMforuserintentbecauseHMMcan
wellutilizethetemporaldatatominetheasymmetricitemdependencies;andthelatentstates(user
intents)canbesharedbyallusers,whichsimplifiesthestructureofthemissingnessmechanism.We
chooseMFforuserpreferencebecauseMFcanmodelalowdimensionalrepresentationforbothusers
anditems,whichhasbeenprovedeffectiveinrecommendersystems.Meanwhile,H4MFismore
explainableandreasonablewiththismodularstructure.Mostexistingsequentialrecommendation
algorithms[Xiangetal.,2010,Shietal.,2014]onlyused“dynamicpreference”toaccountforthe
temporaluserbehaviors;theyassumedtime-varyinguserpreferenceistheonlyexplanationforthe
noisyuserbehaviors.Inthiscasethelearneduserpreferencewillfluctuaterapidlyandbedifficultto
explain.

AlthoughchoosingadynamicpreferencemodelwillmakeH4MFmorereasonable,weassumeuser
preferencetobestaticfortwomainreasons:1)Userpreferenceevolvessteadilyandisratherstable
comparedtouserintent. Mooreetal.[2013]visualizeddynamicuserpreferenceviatrajectories.
Theirresultsshowthatuserpreferenceschangesteadilyandslowlyinalongtime(monthlevel),
especiallyforolderusers.Incontrast,userintentchangeseveryuser-iteminteractioninH4MF.So
itisreasonabletochoosestaticpreferencesinH4MF.2)Simplicityforinferenceisaconcern.As
ourgoaltoexploretheeffectsofdynamicmissingnesstorecommendersystems,MFisalsofairfor
comparisontobaselines.

ParameterInference.Wechooseexpectation-maximization(EM)tofindthemaximumaposteriori
(MAP)estimationsoftheparametersofH4MF.IntheE-step,wecomputetheexpectedlogposterior
oftheobserveddataandtheuserintents,whichis:

logp(αTi,P|S
T,Yi)∝logp(Yi|α

T
i,P)+logp(α

T
i|S

T)+logp(ST)+logp(P) (3)

Thelogp(P)iscomputedaslogp(U|λu)+logp(V|λv)andlogp(α
T
i|S

T)iscomputedas
logIs(µ

t
j)+logp(Is(µ

t
j)|a

t,bt);weaddapriortoregularizetheµtj. Astheexactexpectation
ofHMMiscomputationallyintractable,weuseGibbssamplingtoinfertheposteriorprobabilitiesof
St.Foragivenratingsequence{Yti}byuseri.S

tissampledfrom

p(St|St−1,St+1,Yi,α
t
i,P)∝p(S

t|St−1)p(St+1|St)p(yti|α
t
i,P), (4)

wherep(St|St−1)andp(St+1|St)canbeobtainedfromthestatetransitionmatrixoftheHMM,and
theexpectationofloglikelihoodofoneratingrecordytiisgivenby:

logp(yti|α
t
i,P) =

M

j=1

logytijµ
t
j

N(1|UTiVj,λ
−1
y )

N(0|UTiVj,λ
−1
y )+N(1|UTiVj,λ

−1
y )

+(1−ytij)(1−µ
t
j+µ

t
j

N(0|UTiVj,λ
−1
y )

N(0|UTiVj,λ
−1
y )+N(1|UTiVj,λ

−1
y )
)

(5)
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IntheM-step,wemaximizethelogposteriorwithrespecttoµ,U,V,and{St}.Weusegradient
ascenttoupdateµ,andcomputeoptimalUandVbysettingtheirderivativestozero.Thedetailsare
includedinAppendix1.1.NotethatweupdateUandVandfixthehyperparametersλu,λv,and
λy.ThisstrategyfollowstheoriginalPMF[MnihandSalakhutdinov,2008]forsimplification.For
userintents{St},weusetheBaum-Welchalgorithm[GhahramaniandJordan,1996]toupdatethe
transitionmatrixandinitialstatesprobabilitydistributionoftheHMM;asastrictEM-typealgorithm
itisguaranteedtoconvergetoatleastalocalmaximum.

MakingPrediction.IntherecommendationphaseweareinterestedinthepredictionofyT+1ij for
userigivenhis/herpreviousratingrecords.Wemakepredictionsbyintegratingouttheuncertainty
fromthemissingvariableαT+1j :

Ey[y
T+1
ij |Pij] =EαEy[y

T+1
ij |α

T+1
j ,Pij]

=

αT+1j ∈{0,1}

p(αT+1j )Ey[y
T+1
ij |α

T+1
j ,Ui,Vj]

=µT+1j ·UTiVj

(6)

whereµT+1j isdeterminedbythenextuserintentST+1,whichcanbepredictedwiththeforward
algorithmofHMM.

4 FurtherConstraintsonItems

Currentlyallmissingnessvariables{αtj}sharethesymmetricBetapriors.Onepotentialdrawbackis
thelearneduserintentsmayberedundantanditemsunderthesameuserintenttendtohavesimilar
missingprobabilities.Inthissectionwedefinetwokindsofconstraints,namelyinnerconstraint
andouterconstraint,tospecializetheBetapriorsofmissingnessvariablesofdifferentitemsunder
differentuserintents.Theintuitionsaresimplebutreasonable:Itemshaverelationsunderthe
sameuserintentandtheirexposurevariablesarerelated. Weusetheinnerconstrainttodenote
theinfluencesfromotheritemsunderthesameuserintenttooneitem’smissingness.Meanwhile,
themissingnessofoneitemunderdifferentuserintentsshouldfollowsomepatternstoreducethe
redundancy.Andweusetheouterconstrainttodenotetheinfluencesfromthesameitemunder
differentuserintentstooneitem’smissingness.Weadoptasimpleimplementation:weupdatethe
BetapriorsineveryM-stepasfollows:

adnew←a
d
ini+σ

d
jλInner+ω

d
jλOuter,b

d
new←b

d
ini+λInner+λOuter,d∈{1,...,D} (7)

Where adiniandb
d
iniareinitialBetapriors,λInnerandλOuter arethescaleparameters,σ

d
j =

#recordsofitemjunderuserintentd
#totalrecordsunderuserintentd indicatestheoccurrenceprobabilityofitemjwithrespecttoother

itemsunderuserintentd,andωdj=
#recordsofitemjunderuserintentd

#totalrecordsofitemj indicatestheoccurrenceprobability

ofitemjthatis“triggered”byuserintentd.Thentheadandbdarenotglobalconstantsduring
theEMprocedureandplayaconstraintrole.Theitemswithsimilaroccurrenceprobabilitiesunder
thesameuserintentwillhavesimilarBetapriors.Insteadofputtingconstraintsdirectlyonµdj,
thisstrategycanavoidsophisticatedinferencesandlaterexperimentsproveitseffectiveness.In
experimentswedenotethisconstrainedversionasH4MFc.

5 ExperimentalResults

Inthissectionwedescribetheuseddatasetsandexperimentalsettings,evaluatetheperformance
results,andanalyzetheuserintentandtheitemconstraints.

5.1 DatasetsandSettings

Weevaluatetheperformanceofourmethodonthreereal-worlddatasets:1)MovieLens-100Kdataset
(∼100thousandratingsfrom943userson1,682movies).Thedatasetwascollectedduringthe
seven-monthperiodfromSeptember19th,1997throughApril22nd,1998.2)MovieLens-1Mdataset
(∼1millionratingsfrom6,040userson3,706movies).ThedatasetwascollectedfromApril25th,
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2000throughFebruary28th,2003.3)LastFMdataset(∼100thousandratingsfrom1,892userson
17,632movies).ThetimeperiodisfromAugust1st,2005throughMay1st,2011. Wetransform
thetwoMovieLensdatasetsintoimplicitdatabysettingratingsthatare≥3to“1”andtheothers
to“0”. Wethenchoosefourprevalentmethodsforcomparison,including:(1)PMF[Mnihand
Salakhutdinov,2008],aclassicalmatrixfactorizationapproachthatiswidelyappliedasabenchmark.
(2)WMF[Huetal.,2008],astandardmatrixfactorizationmodelforimplicitdata,whichusesa
simpleheuristicwhereallunobserveduser-iteminteractionsareequallydownweightedagainstthe
observedinteractions.(3)FPMC[Rendleetal.,2010],asequentialrecommendationalgorithmbased
onpersonalizedtransitiongraphsoverunderlyingMarkovchains.ItusedavariantofBayesian
PersonalizedRanking(BPR)[Rendleetal.,2009]foroptimization.(4)ExpoMFLiangetal.[2016],
aprobabilisticapproachthatincorporatesuserexposuretoitemsintocollaborativefiltering.The
baselinesarechosenforthefollowingreasons:PMFandFPMCcanbeenseenassub-modelsof
H4MF,whiletheyoverlookthemissingdataproblem. WMFtreatsthemissingdataasaMAR
problem.ExpoMFtakesastaticmethodtotheMNARproblem.Themaingoaloftheexperimentsis
toshowthathowwetreatthemissingdatamakesadifference.

WeadoptHitRatio(HR)andNormalizedDiscountedCumulativeGain(NDCG)tomeasuretheitem
rankingaccuracyofdifferentalgorithms.HRmeasureswhetherthegroundtruthitemispresent
ontherankedlist,whileNDCGmeasurestherankingqualitybyconsideringthepositionsofhits.
WefollowthedefinitionsofHRandNDCGin[Heetal.,2015].Inourstudywealwaysreport
theaveragedHRandNDCGacrossusers.Wesplitthedatasetforexperimentswiththefollowing
strategy:wefirstsortthehistoricalratingsofeachuserbytimeorder.Thenthelastrecordsofusers
areusedastestdata,thesecondlastrecordsareusedasvalidationdata,andtheremainingrecordsare
usedfortraining.Wesearchfortheoptimalparameterstomaximizetheperformanceonvalidation
dataandevaluatethemodelontestdata.Fortheparametersofbaselinemodels,werefertotheir
originalpapersandfollowtheirtuningstrategies.

5.2 AnalysisofPredictionPerformance

Wereporttheperformanceofourmethodsandbaselinemodelswithoptimalparameters.ForPMF,
wesetK=10.ForWMF,wesetK=10,α=0.4.ForExpoMF,wesetλθ=0.01,λβ=0.01,
λy=0.01,andK=30.Forourmodels,wesetλθ=0.1,λβ=0.1,λy=0.1,K=30,a

d
ini=1,

andbdini=2.Foritemconstraints,λOuterissetas1,andλInnerisset10,1,and0.1forMovieLens-
100K,MovieLens-1M,andLastFM,respectively. Weshowtheperformanceofourmethodswith
otherbaselinemodelsinTable1.Asshownintheresults,H4MFcachieveshigheritemranking
accuracythantheothercomparedalgorithmsduetothecapabilityofbettercapturingthemissingness
ofimplicitfeedback.NotethatPMF,WMF,ExpoMF,andH4MFmodeluserpreferencesimilarly:
theyalluseabasicmatrixfactorizationmethodandthemaindifferenceisthewaytheymodelthe
missingdata.PMFperformspoorlybecausethedatasetsaresparseandallthemissingentriesare
treatedasnegativefeedback.Sothepositivefeedbackisoverwhelmedbynegativefeedback,leading
toabiaseduserpreferencelearning.FPMChasthesamereasonforitspoorperformance.Besides,it
isoriginallyproposedfornext-basketrecommendation.Herewesetbasketsizeas1aswedonot
havebasketinformation,whichalsolimitstheeffectivenessofFPMC.WMFisbetterthanPMFasit
treatsthemissingdatawithagloballyfixedlowconfidence.ExpoMFmodelsexposurevariableαui
foreveryuser-itempairsoitcancapturemoreinformationfromthemissingdatacomparedtoWMF
andPMF.H4MFisbetterthanExpoMFbecauseitconsidersthedynamicmissingnessofitems.Note
thattheexperimentalresultsofWMF,ExpoMF,andH4MFareveryclose;WMFevenbeatsWMF
andH4MFonLastFM.Thisisbecausemodelingmissingnessforeachmissingentryaddsmodel
complexityandispronetooverfitting.Ontheotherhand,thesuperiorityofH4MFccomparedto
H4MFprovestheeffectivenessoftheuserintentconstraints.

5.3 AnalysisofUserIntents

Thissectionanalyzesuserintentsinthreeaspects:recommendationoverlaps,sensitivityofuser
intentnumber,andinterpretationofuserintents.

RecommendationOverlaps.InH4MF,weuseuserpreferenceanduserintentforrecommendation.
Foraparticularuserwithfixedpreference,wesampledifferentuserintentsandseehowdifferent
aretherecommendationlists. Weusetheterm“recommendationoverlap”todenotetheratioof
commonitemsinTop-Nrecommendationlistsgeneratedbytwodifferentuserintents.Alarge
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Effectiveness of models
Dataset Metrics PMF FPMC WMF ExpoMF H4MF H4MFc

MovieLens-100K
HR@10 0.0031 0.0021 0.1251 0.1230 0.1317 0.1569
HR@50 0.0296 0.0212 0.3968 0.3478 0.3990 0.4347
NDCG@10 0.0011 0.0007 0.0501 0.0616 0.0583 0.0779
NDCG@50 0.0066 0.0046 0.1203 0.1101 0.1205 0.1367

MovieLens-1M
HR@10 0.0021 0.0034 0.0791 0.0801 0.0805 0.0877
HR@50 0.0093 0.0129 0.2696 0.2808 0.2704 0.3049
NDCG@10 0.0008 0.0087 0.0372 0.0331 0.0408 0.0435
NDCG@50 0.0022 0.0549 0.0800 0.0675 0.0811 0.0897

LastFM
HR@10 0.0012 0.0021 0.0835 0.0736 0.0799 0.0945
HR@50 0.0037 0.0360 0.2144 0.1824 0.1980 0.2298
NDCG@10 0.0004 0.0008 0.0432 0.0352 0.0423 0.0495
NDCG@50 0.0009 0.0074 0.0713 0.0575 0.0639 0.0789

Table 1: Performance of different models on three datasets.

Figure 2: Performances of proposed models with different numbers of user intents (D).

recommendation overlap indicates that the two user intents have similar missingness mechanisms. We
chooseN=10and show the average of recommendation overlaps across users in Table 2. We can
see the recommendation overlaps of H4MFcare much smaller than those of H4MF, proving that the
item constraints can reduce the redundancy of user intents. Meanwhile, the recommendation overlaps
decrease both in H4MF and in H4MFcwhenDincreases. This result conforms to our expectations
because our methods can capture more aspects of user intents with a largeD.

Recommendation Overlaps of Different User Intents
Dataset Movielens-100K Movielens-1M LastFM

User Intent
D=2 D=3 D=2 D=3 D=2 D=3

H4MF H4MFc H4MF H4MFc H4MF H4MFc H4MF H4MFc H4MF H4MFc H4MF H4MFc
U1 vs U2 80% 26% 74% 30% 92% 14% 84% 6% 52% 8% 52% 14%
U2 vs U3 - - 72% 18% - - 78% 2% - - 32% 2%
U1 vs U3 - - 72% 16% - - 78% 2% - - 28% 0%

Table 2: Recommendation overlaps of different user intents on three datasets.U1,U2, andU3
indicate the indices of user intents. The cases ofD=4andD=5are included in the Appendix 1.2.

Sensitivity of User Intent Number.The number of user intentsDis vital to the performance of
H4MF. We variedDto train H4MF and presented the prediction results in Figure 2. We can see that
H4MFcperforms consistently better than H4MF on all the three datasets. The optimalDis2on
three datasets. WhenDincrease afterD=2, the performance decreases monotonously. Note that in
last paragraph we find that the recommendation overlaps decreases whenDincrease; but this does
not guarantee the recommendation performance because a largeDwill also add model complexity.

Interpretation of User Intents.User intents could be utilized to interpret user behaviors and provide
explainable recommendations. Table 3 shows a recommendation example of one user inMovielens-
100Kunder two different user intents. From the results we can see the genres of recommended
movies underuser intent 1are mainly about“Crime”and“Action”, but the genres underuser intent
2are mainly about“Comedy”,“Romance”, and“Drama”(Note that the genre information is not
used in model training). Thus we can infer that the user mainly has two tastes in movies. As H4MF
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can predict the user’s nextuser intent, we will know which genres the user want to see next and
provide more precise and interpretable recommendations.

User Intent 1 User Intent 2
Movie Name Genres Movie Name Genres
1. Pulp Fiction Crime, Drama 1. Little City Comedy, Romance
2. Fargo Crime, Drama, Thriller 2. The Whole Wide World Drama
3. Star Wars Action, Adventure, Sci-Fi, War 3. Maya Lin: A Strong Clear Vision Documentary
4. The Full Monty Comedy 4. Savage Nights Drama
5. Contact Drama, Sci-Fi 5. Beat the Devil Comedy, Drama
6. The English Patient Drama, Romance, War 6. Ill Gotten Gains Drama
7. Four Weddings and a Funeral Comedy, Romance 7. Withnail and I Comedy
8. The Fugitive Action, Thriller 8. The Inkwell Comedy, Drama
9. The Princess Bride Action, Adventure, Romance 9. Fast, Cheap & Out of Control Documentary
10. Raiders of the Lost Ark Action, Adventure 10. Carrington Drama, Romance

Table 3: Top 10 recommendations for one user onMovielens-100Kunder two user intents.

5.4 Effectiveness of Item Constraints

To evaluate the effectiveness of item constraints, we tune theλInnerandλOuter to observe how
they influence the HR@50 of H4MFc. We fix other parameters as described in Section 5.2 and
show the results in Figure 3. The optimal parameters areλInner=10,λOuter =1forMovielens-
100K,λInner=1,λOuter =1forMovielens-1M, andλInner=0.1,λOuter =1forLastFM. The
optimalλOuter is around1for all the three datasets; When it increases, the HR@50 decreases
dramatically. Meanwhile, the optimalλInnervaries across datasets and the performance is less
sensitive to the change ofλInner. One main reason is that the total item records under user intents are
huge when we have a smallD. So the ratio measureσdjis very small for all items and there are fewer

differences among differentσdj, which limits the effectiveness ofλInner. The black dashed lines are
the performances of H4MF (λInner=0andλOuter=0). We can conclude that H4MFccan achieve
improvements with proper constraints, which supports the effectiveness of the two item constraints.

(a) Movielens-100k (b) Movielens-1M (c) LastFM

Figure 3: Effectiveness ofλInnerandλOuterin H4MFc.

5.5 Discussions

In this section we first discuss the extensibility and efficiency of H4MF, and then discuss utilization
of item relations in recommendation.

Extensibility.User intent and user preference can be seen as a factorization of user behavior, which
makes H4MF more modular and extensible. We can extend one component without considering the
other component. Moreover, both HMM and MF are well studied techniques and their variants can
bring insights into H4MF. For example, we can use local low-rank MF [Lee et al., 2013] and mixture-
rank matrix approximation [Li et al., 2017] to learn user preference by exploiting the underlying
group information of users and items. We can also use hidden semi-Markov model [Yu, 2010] to
model the durations of user intents: it is always the case that users purchase serveral items to meet
one intent.

Efficiency.A potential limitation of H4MF is the time complexity. The inference of the HMM is a

bottleneck; its theoretical complexity isO(̂TD2)for each iteration of the EM method, wherêTis the
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lengthoftrainingdataandDisthestatenumber.TheexperimentalruntimeresultsinAppendix1.3

alsorevealthattheruntimeincreasesdramaticallywhenDandT̂increase.Inreal-worldapplications

customers’dataarecollectedaccumulatively,sotheT̂willbecomeverylarge.Oneofthepossible
extensionsistodeviseanonlineversionofH4MF.Currentlythereareseveralstudiesrelatedtothe
onlinelearningofHMMandMF[MongilloandDeneve,2008,Mairaletal.,2010],whichcanbe
utilizedtomakeH4MFmorescalable.

Itemrelationsinrecommendation.Mostrecommendationalgorithmsmainlyfocusonmining
andutilizingtheinformationofitemsimilarity.However,itemsimilaritymayleadtomeaningless
recommendations(e.g.,thephoneandphonecaseexampleinintroduction).Thekeytoaddressthis
issueistofindasymmetricrelationsofitems.Severalresearchers[McAuleyetal.,2015,Wangetal.,
2018b]proposedmethodstodiscriminatesubstitutesandcomplementsfromsimilarproducts.But
theirmethodsaresupervisedandthegroundtruthoflabelsaredirectlyextractedfromuserlogfiles,
whichmaycontainbiasesandnoise.Amoreprincipledapproachistoapplytechniquesofcausal
discoverytofindthedirectedrelationsamongitems.However,currenttechniquesofcausaldiscovery
(e.g,modifiedPC[Spirtesetal.,2000]andGES[ChickeringandMeek,2002])maynotworkwell
ontherecommendationdataastheyareextremelysparseandMNAR.Insteadinourmodel,the
asymmetricrelationsofitemsarerevealedfromthetemporaldatabythedynamicalmissingness
mechanism.InthisregardourH4MFcanbeseenasasteptowardcausality-basedrecommendations
fromsimilarity-basedrecommendations.

6 Conclusion

Inthispaperweaimtomodelandleveragepropertiesofdynamicitemmissingnesstoimprove
recommendation.WeproposedaframeworkthatseamlesslycombinesHMMandMFtomodelthe
dynamicmissingmechanismofimplicitfeedbackforrecommendation.Tomaketheuserintentsless
redundant,weintroducedtwotypesofconstraintsforthemissingnessvariables.Empiricalresultson
threedatasetsshowthatourmethodnotonlyoutperformalternativesbutalsoprovideinterpretable
recommendations.Furtheranalysisdemonstratestheeffectivenessofuserintentanditsconstraints.
FutureworkincludesextendingH4MFwithrecentadvancedvariantsofHMMandMF.
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