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Abstract

Recentprojectsin collaborativefiltering andinformationfiltering addresshetaskof inferring userprefer
encerelationshipgor productsor information. The dataon which theseinferencesarebasedypically con-
sistsof pairsof peopleanditems. Theitemsmay beinformationsourcegsuchasweb pagesor newspaper
articles)or products(suchas books,software, movies or CDs). We areinterestedn makingrecommen-
dationsor predictions.Traditionalapproacheso the problemderive from classicalalgorithmsin statistical
patternrecognitionand machinelearning. The majority of theseapproachesssumea "flat” datarepre-
sentationfor eachobject,andfocuson a singledyadicrelationshipbetweerthe objects. In this paper we
examinea richer modelthat allows usto reasoraboutmary differentrelationsat the sametime. We build
ontherecentwork on probabilisticrelationalmodelyPRMs) anddescribehow PRMscanbeappliedto the
taskof collaboratiefiltering. PRMsallow usto representincertaintyaboutthe existenceof relationshipsn
the modelandallow the propertiesof an objectto dependorobabilisticallyboth on otherpropertiesof that
objectandon propertiesf relatedobjects.

1 Introduction

In thepastfew yearswe have seeranenormougrowth in theavailability of on-lineinformation,especiallyrelatingto
individuals’ activities onthe World Wide Weh Recently muchwork hasbeendoneundertherubric of collaborative
filtering to make useof this informationfor inferring userpreferenceelationshipsaboutvariousproducts,movies,
or other information (which we genericallyrefer to asitemg. In this setting, the datais a collection of pairs of
objects,whereeachpair consistof a personandanitem. Theitemsmay be informationsourcesuchasweb pages
or newspaperarticles (theseoften come along with preferencerankings),or they may be productssuchas books,
softwareor CDs. In thecollaboratvefiltering task,we areinterestedn makingpredictionsof how likely apersoris to
beinterestedn a particularitem, giveninformationaboutthis userandotherusers’historicalinterestsor purchasing
behavior. While this pair-wise relationshipis the focusof our prediction,we may have additionalinformationabout
the objectsandtheir relationshipgo otherobjectsin thedomain.

For example,we may be interestedin predictingwhethera customerwill purchasea particularitem basedon
informationthat we infer aboutthe customerandinformationwe have aboutothercustomersbuying patterns.The
relation of interesthereis the Buy relation. This inferencemay be basedon a customers relationshipsto other
customerge.g.,membersf the samedemographigroups membersf the sameorganizationspeoplewho subscribe
to similar periodicals,etc.), web pagesthey have visited, and/or other information, suchas a customer$ current
financial statement. This inferencemay also be basedon informationwe infer aboutthe customerbasedon other
purchaseshatthey have made,andrelationshipsetweerthe purchasege.g.,if productsare complementaryif the
customethasatastefor luxury items,if the customehasboughtmary productsfrom the samemanufcturer).

Suchproblemscanbe viewed asreasoningaboutthe relationshipbetweentwo objects. Theserelationsmay be
logical, i.e., the relationshipeither exists or doesnot, or the relationsmay be qualitatve and have someweight or
strengthassociateavith themindicatinguserpreferenceln thefollowing discussiorwe addres®nly theformercase,
wheretherelationeitherexistsor not. It is feasibleto extendall of theapproachewe discusgo includeaquantitatve
(ratherthanon/off) measuref therelation.

Collaboratve filtering is basedon the assumptiorthat by finding similar usersandexaminingtheir usageor pref-
erencepatternsywe canmake usefulrecommendationsSeveral methodshave beensuggesteds; 9]. Herewe focus
on model-basednethods.We review a recentlyproposedapproachthe two-sidedclusteringmodel,for collaboratve
filtering [10; 4]. We describehaw this model can be representedby a Bayesiannetwork (BN). Next, we describe
how this modelcanberepresentedsa probabilisticrelationalmodel(PRM), andshav how the PRM subsumesnd
extendsthe BN model.

PRMs are morerefinedprobabilisticmodelsthat represenstatisticalcorrelationsboth betweenthe propertiesof
anentity andbetweenrthe propertiesof relatedentities. Suchmodelscanbe usedfor reasoningaboutan entity using



the entirerich structureof knowledgeencodedy the relationalrepresentatiofig]. We examinethe useof PRMsfor
collaboratvefiltering andshov how thesemodelsarewell-suitedfor this task.

2 Foundations

In this paperwe focuson model-base@pproacheto collaboratvefiltering. Beforewe describehis particularappli-
cation,we review the formal foundationsof the modelswe areconsidering.Thetwo particularformalismsexamined
presentlyare Bayesiametworks (BNs) andprobabilisticrelationalmodels(PRMs).

2.1 Bayesian Networks

Supposewne have afinite setA = {A;,..., A,} of discreterandomvariableswhereeachvariable A; may take on
valuesfrom a finite set. We usecapitalletters,suchas B, C, D, for variablenamesandlowercasdettersb, ¢, d to
denotespecificvaluestakenby thosevariables.Setsof variablesjn otherwordssubset®f A, aredenotedoy boldface
capitallettersB, C, D, and assignment®f valuesto the variablesin thesesetsare denotedby boldfacelowercase
lettersb, c,d. Finally, let P be a joint probability distribution over the variablesin .4, andlet B, C, D be subsets
of 4. ThesetsB and C areconditionallyindependengiven D if for all b € Val(B),c € Val(C),d € Val(D),
P(b|d,c) = P(b|d) wheneerP(c,d) > 0.

A Bayesiannetworkis an annotateddirectedagyclic graphthat encodesa joint probability distribution over A.
Formally, a Bayesiametwork for A is a pair BN = (G, ©). Thefirst componentnamelyG, is a directedagyclic
graphwhoseverticescorrespondo therandomvariablesA,, . .., A,. Thegraphencodeghefollowing setof condi-
tionalindependencassumptionseachvariable 4; is independentf its non-descendantgivenits parentsn G. The
seconccomponentf the pair, ©, representshe setof parameterghat quantifiesthe network. It containsa parameter
8a;paiy = P(ai|pai)) for eachpossiblevaluea; of A;, andpa(i) of Pa(i). HerePa(i) denoteghe setof parents
of A; in G andpa(i) is a particularinstantiationof the parents. A Bayesiannetwork BN specifiesa uniquejoint
probability distribution over A givenby: P(Ay, ..., A,) = [T, P(A;|Pa(i))

The problemof learninga Bayesiannetwork canbe statedasfollows. Considera setof variables.4, asdefined
above. Givenatraining set= = {al,...,a™} of instancef 4, find a network BN thatis a good modelfor =.
The commonapproachto this problemis to introducea scoringfunction that evaluateseachnetwork with respect
to the training data, and then to searchfor the bestnetwork accordingto this metric. The two scoringfunctions
mostcommonlyusedto learnnetworks are Bayesianscoringmetrics[3], andonebasedon the principle of minimal
descriptionlength(MDL) [7].

2.2 Probabilistic Relational Models

The otherapproactwe will consideris usinga probabilisticrelationalmodel. We describeour PRMin genericterms,
closelyrelatedto the languageof entity-relationshipmodels. Herewe give a brief review of the model. For a full
descriptionof the modelanddetailson learningthesemodelsfrom data,see[8].

We begin by defining the notationwe will usefor PRMs. A schemafor a relationalmodel consistsof a setof
entity typesé = Xi,..., X, andasetof relationsR = {R;,...,R,}. EachrelationR is typed. We usethe
notationR(X,, ..., X}) to indicatethe entity type of eachcomponentin therelationship.Eachentity type hasa set
of attributes We denotethe setof attributesfor the entity type X as.A(X). Furthermorewe candenoteanindividual
attributein anentity type usingdot notation.For example theattribute A in entity type X is denotedX.A.

A completeinstantiationZ of a schemadefinesa setof objectsOZ(X) for eachentity type X. For eachentity
z € O%(X), andeachattribute 4; € A(X), the entity hasan associatedttribute z.a;; its valuein Z is denoted
T,.q;- For eachtuple of entity types€’ = {Xj,..., X}, we denotea tuple of entitiesfrom this setof entity types
ase' = {ry,...,zx}. For eachrelation R(£') andeache’ € OF(X;) x --- x OF(Xy), T specifiesvhetherR(e’)
holds. For brevity, in theremaindeiof this paperwe useR in placeof R(e'), andr in placeof r(e'), whenthey may
be usedunambiguously

We are interestedin describinga probability model over instantiationsof a relationalschema. However, some
attributes,suchasa nameor socialsecuritynumber arefully determinedyiventhe entity. We label suchattributesas
fixed We assumehatthey areknown in ary instantiationof the schemaThe otherattributesarecalledprobabilistic
A domain(2 for arelationalschemas apartialspecificatiorof aninstanceof theschemalt specifieghesetof objects
0%(X;) for eachentity type X; andthe valuesof the fixed attributesof theseentities. A skeletonstructue o of a
relationalschemancludesbotha domainandthe setof relationsthathold betweerthe entities.However, it leavesthe
valuesof probabilisticattributesunspecified. A completeinstantiationZ of a domain(2 specifiesthe relationsthat
hold betweerentitiesandalsospecifieghe valuesof the probabilisticattributes.

Thedomaindefinesthe setof objectsin our model,andwe arenow interestedn modelingthe probabilisticdepen-
denciesbetweertheentities. The basicgoalhereis to modelour uncertaintyover therelationsthathold in our model
andthevaluesof the probabilisticattributesof the objectsin our domain.In otherwords,givena domain,we would
like to definea probability distribution over completionsof the domain.



Our probabilisticmodel consistsof two componentsthe qualitatve dependeng structure S, andthe parameters
associateavith it, §s. The dependengstructureis definedfor boththe relationsandthe probabilisticattributes. The
dependengstructurefor therelationsis definedby associatingachrelation R with asetof parentsPa( R). Similarly,
eachprobabilisticattribute X.A is associateavith a setof parentsPa(X.A). Thesecorrespondo formal parents;
they will be instantiatedn differentwaysfor differentobjectsin X. Intuitively, the parentsare attributesthat are
“directinfluences”™on R and X . A.

Whetherthe relation R(E") holds candependon probabilisticattributes of the entity typesin &' (e.g., X.A for
X € &'). For probabilisticattributes,we distinguishbetweentwo typesof formal parents. The attribute X. A can
dependon anothermprobabilisticattribute B of X. This formal dependencenducesa correspondinglependeng for
individual objects:for ary objectz in O(X), x.a will dependprobabilisticallyon z.b. The attribute X.A canalso
dependnattributesof relatedobjectsX .. B, wherer is somechainof relations.In somecasegherelationis notone-
to-one,i.e., X.7.B is a setof objects.In this case we usethe notion of aggregationfrom databas¢heoryto address
thisissue;i.e., z.a will dependprobabilisticallyon someaggreatepropertyof this set. Therearemary naturaland
usefulnotionsof aggreyation: the modeof the set(mostfrequentlyoccurringvalue); meanvalueof the set(if values
arenumerical);medianmaximum,or minimum if valuesareordered);cardinalityof the set;etc.

Givena setof parentdor arelationor anattribute, we candefinea local probability modelby associatingvith it a
conditional probability distribution (CPD). For eachrelation,we have CPD P(R | Pa(R)) andfor eachprobabilistic
attributewe have CPD P(X. A | Pa(X.A)). Thesetof all suchCPDscomprisefs.

Given a domainfor our schemawe now wantto usetheselocal probability modelsto definea probability dis-
tribution over completionsof the domain. Note that the domaindetermineghe setof objectsin our model. Recall
that, we associatea randomvariablex.a with eachprobabilisticattribute A of eachobjectz. The domainalsode-
terminesthe setof potentialrelationsin our model. We modelthis by having a randomvariabler for eacheach
(T1,...,7) € OHXy) x - -+ x O2(X},). r specifiesvhetherR(z1, . . ., x1) holds.

To definea coherentprobabilisticmodelover our domain,we mustensurethat our probabilisticdependencieare
agyclic, sothatarandomvariabledoesnot dependdirectly or indirectly, onits own value.

Considetthe parentof arelationR. When X .a is a parentof R, we defineanedgex.a —, .

Similarly, considerthe parentsof anattribute X. A. When X.B is aparentof X.A, we defineanedgez.b —, z.a.
WhenX.7.B is aparentof X.A via achainof relationsr andy is oneof the objectsrelatedto z via 7, we definean
edgey.b —, z.a.

We saythatadependengstructureS is acyclicrelative to askeletone if thedirectedgraphdefinedby —, overthe
variablesr andz.a is agyclic. In this casewe candefinea coherenjprobabilisticmodelover completeinstantiations
7 consistentith o

P(Il 078795) = H H P(’r | Pa(T)) H H H P(Ix.a |IPa(wa)) (1)

RERrER X €€ ACA(X) ze0(X)

Although for eachdomain,we cancompilea PRM into a Bayesiametwork, a PRM expressesnuchmoreinfor-
mationthantheresultingBN. A BN definesa probability distribution over a fixed setof attributes. A PRM specifies
a distribution over any domain;in differentdomainsthe set(and number)of entitieswill vary, aswill therelations
betweertheentities.In away, PRMsareto BNs asa setof rulesin first-orderlogic is to a setof rulesin propositional
logic: A rule suchasVz,y, z Parent{(z,y) A Parenty, z) = Grandpaentz, z) inducesa potentiallyinfinite setof
ground(propositional)nstantiations.

In [8], we addresshow to learn both the parametersand structurefor a PRM which hasa fixed skeletonfrom a
relationaldatabaseln this paper we considera slightly differenttaskof learningthe parametergor the probabilistic
dependencieim therelationalstructureandfor the dependencieamongthe probabilisticattributes. Here,the proba-
bilistic dependeng structureis given. However, in this taskwe may have hiddenor latentattributes. As we will see,
this complicateghetaskof parameteestimation.

3 Model-based Approachesto Collaborative Filtering

Having definedtheformal modelsthatwe usein this paperwe now returnto the collaboratvefiltering task. Presently
we examinehow we canusebothBNs andPRMsin tacklingthis task.

In collaboratve filtering, we areinterestedn modelingthe relationshipshetweenpeopleanditems. Recallthat
itemsmay be actualitem (i.e., products)thata personhasbought,or anitem may referto a moreintangibleobject,
suchasawebpagevisit. Let X = {z!,... 2V} representhepeopleandlet) = {y!,...,y™} representheitems.
The model-base@dpproacheso collaboratve filtering areall basedn someway on modelingthe probability of the
existenceof arelationr® betweerpersonz? anditemy?. Ourdataconsistof instance®f therelationR, person-item
pairs{z?,y7}. Theapproachesaryin theindependencassumptionsnadeandthe complexity of the dependencies
thataremodeled.
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3.1 Two-sided Clusteringin BNs

Recently several researcher$10; 4] have proposedmodelsthat can be viewed as two-sidedclustering. In these
models,we have a hiddenvariableC,: for eachperson.C,: representshe (unknown) classor clusterof thatperson.
Similarly, the modelalso containsa hiddenvariableC,; for eachitem, denotingthe clusterof thatitem. For each
person-itenpair, we have a variabler® denotingthe relation betweenpersonz? anditem y?/. The existenceof the
relationdependon the clusterof the person,andthe clusterof item, hencethe notion of two-sidedclustering. The
Bayesiametwork underlyingthis modelis givenin Figure1(a). In this approachwe have the additionalconstraint
thatevery r*/ musthave the samelocal probability model. Thatis, the entriesin the CPDfor P(r%/ | Cy:, C,i) must
bethesamefor all ¢ andj.

Thesemodelsarequite attractve asthey capturethefollowing intuition: eachpersorbelongsto someclassc, with
someprobability P(C, = ¢,) andeachitem belongsto someclasse, with probability P(C, = ¢,). Theprobability
thatthereis arelationR betweera personanditem depend®nly onthe classof the personandthe classof theitem.

Now, we turn our attentionto learningthe parameter®f this model. The parametershat mustbe estimatedare
fcy, 0cy anddg o, o, .- Thesevaluesmustbe estimatedusinga setof obsened relationsr*’. Note, however, that
sincetheclassvariablesC, andC, areunobsered,we mustresortto anestimatiortechniquesuitablefor dealingwith
latentvariables.Unfortunately estimatingthe parametergor this modelis non-trivial. The obsenationsr causethe
hiddenclassvariablesfor the peopleanditemsto be correlated As aresult,on of the standardapproactio parameter
estimationfor latentvariablesthe EM algorithm[1], becomesnfeasible.To addresghis problem,UngarandFoster
[10] make useof Gibbssampling,which usesprobabilisticrandomassignmenbf peopleanditemsto clusters,and
thenrecomputesnodelparameterbasedntheseassignments/Nhile undercertainconditionsthis estimatiormethod
providesaguarante®f corvergencejt canoftentake quitelongto do so. Otherresearchersave suggestedlternatve
approachefor parameteestimationin this model,includingvariationalmethodd 4] andblocked Gibbssampling[2],
with variousdegreesof success.

Perhapsnoreimportantthanthe choiceof parametepptimizationproceduras the choiceof thenumberof clusters
representingreopleanditems (i.e., the numberof statesof the variablesC,, and C),, respectiely). Previouswork
with this model[10] simply fixedthe numberof clustersto someconstantalue. This may be problematic however,
asthe numberof clustersdetermineghe numberof modelparameterandhencethe expressve power of this model.
If too few clustersaredefined,thenimportantcorrelationshetweengroupsof peopleandgroupsof itemscannot be
adequatelgapturedoy the model.Ontheotherhand,if too mary clustersaredefined thenno meaningfulpatternsn
thedatamaybediscovered.

Onemethodfor approachinghis problemrelieson anintuition usedin BayesiarNetwork learning: useafunction
to scoremodelsthattradesoff modelcompleity (i.e., the numberof clusters)andthe degreeto which the modelfits
thedata. Then,simply searchfor a modelthatmaximizesthis criterion. In this way, the problemof finding a suitable
numberof clustersis reducedto a problemof evaluatingmodelswith differentnumbersof clustersand selecting
the onethat maximizesa function suchasthe previously mentionedBayesianscoringmetric or MDL-basedscoring
function.

3.2 Collaborative Filtering using PRMs

We canlearnPRMsfrom both structureddataandsemi-structurediata. PRMsareparticularlywell-suitedfor aggre-
gateanalysisof structureddatafrom multiple sources.In web usageanalysisfor example,the informationsources
might include userassessogs, the relationshipsbetweenthe web pagesvisited, meta-dataon the site andin some
casesxadditionalinformationaboutthe user



PRMsarealsonaturalmodelsto usefor collaboratvefiltering. We begin by shonving how the two-sidedclustering
modelcanbe compactlyrepresente@gsa PRM. We next shov how the PRM frameawork naturally extendsto allows
richermodelsthat captureadditionalrelationshipsetweerobjects.It is herewe seethe power of PRMs. PRMscan
malke useof structureddatain away thatflat models suchasBNs, or mostotherstatisticalrepresentationgannot.

Two-sided Clusteringin PRMs
Thetwo-sidedclusteringmodelis easilyandcompactlyrepresentedsa PRM. Figure 1(b) shavs a samplePRM for
entitiesPersonandProductandrelationBuys TheentitytypePersonhasasinglefixedattributename Its probabilistic
attributesare: age, occupation sex, andincome The entity type Producthasa fixed attribute codeandprobabilistic
attributescategory, color, andcost In addition,eachof the entity typeshasa hiddenattribute Class In this example,
we shav asimpledependencmodelfor theprobabilisticattributesin whichtheattributesareindependengivenClass
However, morecomplex dependencenodelsarealsofeasible.We alsohave arelationshipBuysbetweenPersonand
Product Buysdepend®n PersonClassand Product.Class It is easyto verify thatthis PRMis agyclic. Thus,given
adomain(}, it definesalegal probability distribution over completionf 2.
Thegeneriadwo-sidedclusteringmodelfor collaboratvefiltering canberepresentetly a PRM asfollows. We have
anentity typefor peopleX andanentity typefor itemsY . We alsohave arelationshipR(X,Y") betweerpeopleand
items. Eachof the entity typeshasa hiddenattribute Class R depend®n X.ClassandY.Class This PRMis agyclic
andwill definea distribution over all r, z.classandy.class Note thatthe PRM naturally constrainghe CPDsfor
P(r | z.class y.clas9 to all bethe samejt exactly capturesonstraintsnherentin the two-sidedclusteringmodel.
Ourinputis adomain(?, which describeshesetof z; andy; thatexistin ourmodel,andalsoincludesthe setof r;;
from our training data. Our taskis, from this, to learna PRM thatscoreswell accordingto someevaluationcriteria.
Here,we aregiventhe probabilisticstructurefor adomain(2, sowe just needto find appropriatgparameter§.
Unfortunately aswe saw in the casefor BNs, this is far from trivial. We arecurrentlylooking into applyingboth
samplingandvariationalmethodgo addresshe parameteestimationproblem.

More Expressive PRMs

In additionto beingableto naturally capturethe two-sidedclusteringmodel, PRMs are easily extendedto include
additionalrelationalinformation aboutthe domain. Figure 1(c) shows a hypotheticalPRM for the Person- Buys-

Productexamplethatwe have beenusingthusfar. Herewe areableto alsotake into accountotherrelatedentitiesin

the domain,suchasweb pagesvisited, periodicalsubscriptionsandthe products’manugcturers.In this way, PRMs
allow a simple and compactmeansfor greatly extendingthe scopeof modelingfor the collaboratve filtering task.
This is especiallyimportantin the contet of the World Wide Web, asa variety of informationis often availablefor

usein taskssuchascollaboratvefiltering. For example ,we cannotonly modelwhich web pagesa buyerof particular
productsis likely to visit, but we canconstructmore comple relationshaving to do with particularsitesthata user
may find interestingby modelingtherelationshipbetweerpeople productsweb pagesweb sites,andpagevisits.

In orderto learn thesericher structureswe must searchover the spaceof PRM structures. Sincethereare a
potentiallyinfinite numberof candidatestructureswe musthave a reasonabletrateyy to guide our search.In [8],
we give an algorithmfor performingstructuresearchfor PRMs. This algorithmoperatesn a breadthfirst manner
We begin by consideringdependencielketweerattributesin the sameentity. Thisis stage0. At stagek, we consider
attributesthatcanbe reachedy a chainof at mostk relations. Scoringfunctionsover network structureare usedto
narrav the spaceof modelssearched.

4 Deployment of PRMsfor Collaborative Filtering

The World Wide Web providesthe opportunityto collecta wide variety of informationthatis naturallyrepresenteth
arelationalform. Here,we give anexampleof how PRMsmaybe deployedin the context of the Webto providerich
usermodelingandrecommendatiocapabilities.

Consideran electroniccommerceweb site that providesuserswith the ability to buy productsaswell assubscribe
to periodicals.As usersvisit the site, they initially registerby providing somedemographiénformationaboutthem-
selwes,suchasage,occupationandsex. Then,astheseusersbrowsethe site, the URLS they visit arelogged. Over
time, asuserssubscribdo periodicalsandbuy productsatthesite,thisinformationis recordedn arelationaldatabase.
This databasenayalsocontainsupplierinformation,suchasthe companieshatmanugctureeachproductsoldby the
website. A naturalrelationalmodelfor the databasenderlyingthis siteis shavn in Figure1(c).

Given sucharelationalschemewe canlearna PRM thatidentifiesclassef usersbasedon all the information
collected,includingtheir propensityto visit particularweb pagespuy certainproducts(from certainmanufcturers),
or subscribeo variousperiodicals By fixing aparticulardependeng structurebetweertheattributesin eachrelation,
suchasthat shavn in Figure 1(c), we canlearnthe users’classedy applyingthe learningstrat@ies suggestedn
Section3.2.

Oncewelearnsuchamodel,we canuseit to make recommendation® usersomingto thewebsite. We cansuggest
otherproductgo buy, periodicalso subscribeo, or webpagedo visit. For example,if aregisteredcustomehasbeen



to thewebsite before(andthuswe have collecteddataon his/herbehavior), he/shewill beassignedprobabilistically)
to a clusterasa resultof the previously performedoptimizationthatwasconductedo learnthe PRM. Whensucha
customerreturnsto thesite, it is possibleto recommendo that customertherproductsto buy or web pagedo visit
basedipontheirclusterassignmentln suchcasestheadvantageof PRMsoverexisting collaboratvefiltering methods
is that PRMscanrepresentnorecomple relationshipghansimpledyadicdata,andcanalsotake into consideration
demographiinformationratherthanjustpurchaser preferencéistorywhenmakingcollaboratvefiltering decisions.
An evenmorecompellingadvantagen thedeploymentof PRMscanbeseernin thecasevhenanew customecomes
to visit this web site. Here,the new userbegins by registeringat the site, andthusprovidesthe systemdemographic
information. Standardapproacheso collaboratve filtering are unableto make otherthanapriori recommendations
at this point, sincethe userhasno previous purchase/preferendestory The PRM, however, canmake directuseof
the demographiénformationprovided by the userto infer a distribution over the classof the user After makingthis
determinationthe systemcanthenimmediatelyprovide recommendationfor web pagesperiodicals,and products
to the user As the userbeginsto further explore the site and make purchasesthe PRM canbe usedto updatethe
distribution over the users class,therebyrefining its modeland making bettercollaboratve filtering predictionsfor
theuser In thisway, PRMsmaybe successfuat providing usefulrecommendationt® userseven beforecollectinga
greatdealof purchase/preferenéeformation,which moststandardcollaboratve filtering approachegequire.

5 Related Work and Summary

In this paperwe have addressedhe collaboratve filtering task. More specifically we have examinedprobabilistic
modelsfor this task, beginning with the two-sidedclusteringmodel. While we initially shaved thatthis modelcan
be represente@ds a Bayesiannetwork, we thenwent on to shav thatthe new formalismof ProbabilisticRelational
Modelscannotonly capturethefull expressive power of thetwo-sidedclusteringmodel,but canalsoeasilyextendit.
We alsoprovidedanexampleof how suchPRMsmaybedeplojedon the Webfor collaboratve filtering tasks.

It is importantto note that there are several other model-basedapproachedo collaboratve filtering basedon
BayesianNetworks. Most notably this work includesthe aspectmodel describedin [4], and density estimation
modelsof item co-occurrencé5]. While we could alsodescribethesemodels(which arein mary wayssimplerthan
the two-sidedclusteringmodel reviewed here)as PRMs for completenessye omit that discussiorfor the sale of
brevity.

PRMs provide a compactrepresentatiorior the complex entity relationshipsthat often needto be modeledin
collaboratvefiltering problems.This representatioprovidesthe advantagehatthe graphstructureof PRMsis easier
to interpretthanthe underlyingBayesianNetwork that modelsthe sameprobability distribution. For taskssuchas
collaboratve filtering thataremodelinga large numberof entities,the representationadlarity of PRMsis especially
compelling.Moreover, we have shavn thatsuchPRMscancapturericherrelationalinformation. Thisaddedmodeling
power is especiallyimportantin the context of the World Wide Web, wherethereis often much more relational
informationavailablethanthe simple person-itenrelationshipghat are currentlythe focusof collaboratve filtering
researchers.

In futurework, we seekto experimentallyerify theefficacy of ourtheoreticamodelfor collaboratvefiltering. This
work involvesboth efficient methodsfor parameteestimationin PRMs,aswell ashighlighting their rich modeling
powerin addressingeal-world collaboratve filtering taskson the Weh
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