
UsingProbabilisticRelationalModelsfor CollaborativeFiltering

Lise Getoor Mehran Sahami
StanfordUniversity Epiphany, Inc.

getoor@cs.stanford.edu sahami@epiphany.com

Abstract

Recentprojectsin collaborativefiltering andinformationfiltering addressthetaskof inferring userprefer-
encerelationshipsfor productsor information.Thedataon which theseinferencesarebasedtypically con-
sistsof pairsof peopleanditems.Theitemsmaybeinformationsources(suchaswebpagesor newspaper
articles)or products(suchasbooks,software,movies or CDs). We areinterestedin makingrecommen-
dationsor predictions.Traditionalapproachesto theproblemderive from classicalalgorithmsin statistical
patternrecognitionandmachinelearning. The majority of theseapproachesassumea ”flat” datarepre-
sentationfor eachobject,andfocuson a singledyadicrelationshipbetweentheobjects. In this paper, we
examinea richermodelthatallows us to reasonaboutmany differentrelationsat thesametime. We build
ontherecentwork onprobabilisticrelationalmodels(PRMs), anddescribehow PRMscanbeappliedto the
taskof collaborativefiltering. PRMsallow usto representuncertaintyabouttheexistenceof relationshipsin
themodelandallow thepropertiesof anobjectto dependprobabilisticallybothon otherpropertiesof that
objectandon propertiesof relatedobjects.

1 Introduction
In thepastfew years,wehaveseenanenormousgrowth in theavailability of on-lineinformation,especiallyrelatingto
individuals’ activities on theWorld Wide Web. Recently, muchwork hasbeendoneundertherubric of collaborative
filtering to make useof this informationfor inferring userpreferencerelationshipsaboutvariousproducts,movies,
or other information (which we genericallyrefer to as items). In this setting, the datais a collection of pairs of
objects,whereeachpair consistsof a personandanitem. Theitemsmaybeinformationsourcessuchaswebpages
or newspaperarticles(theseoften comealong with preferencerankings),or they may be productssuchasbooks,
softwareor CDs. In thecollaborativefiltering task,weareinterestedin makingpredictionsof how likely apersonis to
beinterestedin a particularitem, giveninformationaboutthis userandotherusers’historicalinterestsor purchasing
behavior. While this pair-wiserelationshipis the focusof our prediction,we mayhave additionalinformationabout
theobjectsandtheir relationshipsto otherobjectsin thedomain.

For example,we may be interestedin predictingwhethera customerwill purchasea particular item basedon
informationthatwe infer aboutthe customerandinformationwe have aboutothercustomers’buying patterns.The
relation of interesthere is the Buy relation. This inferencemay be basedon a customer’s relationshipsto other
customers(e.g.,membersof thesamedemographicgroups,membersof thesameorganizations,peoplewhosubscribe
to similar periodicals,etc.), web pagesthey have visited, and/orother information, suchas a customer’s current
financialstatement.This inferencemay alsobe basedon informationwe infer aboutthe customerbasedon other
purchasesthat they have made,andrelationshipsbetweenthe purchases(e.g.,if productsarecomplementary, if the
customerhasa tastefor luxury items,if thecustomerhasboughtmany productsfrom thesamemanufacturer).

Suchproblemscanbe viewed asreasoningaboutthe relationshipbetweentwo objects. Theserelationsmay be
logical, i.e., the relationshipeitherexists or doesnot, or the relationsmay be qualitative andhave someweight or
strengthassociatedwith themindicatinguserpreference.In thefollowing discussionweaddressonly theformercase,
wheretherelationeitherexistsor not. It is feasibleto extendall of theapproacheswediscussto includeaquantitative
(ratherthanon/off) measureof therelation.

Collaborative filtering is basedon theassumptionthatby finding similar usersandexaminingtheir usageor pref-
erencepatterns,we canmake usefulrecommendations.Severalmethodshave beensuggested[5; 9]. Herewe focus
on model-basedmethods.We review a recentlyproposedapproach,thetwo-sidedclusteringmodel,for collaborative
filtering [10; 4]. We describehow this modelcanbe representedby a Bayesiannetwork (BN). Next, we describe
how this modelcanberepresentedasa probabilisticrelationalmodel(PRM),andshow how thePRM subsumesand
extendstheBN model.

PRMsaremorerefinedprobabilisticmodelsthat representstatisticalcorrelationsboth betweenthe propertiesof
anentity andbetweenthepropertiesof relatedentities.Suchmodelscanbeusedfor reasoningaboutanentity using



theentirerich structureof knowledgeencodedby therelationalrepresentation[8]. We examinetheuseof PRMsfor
collaborativefiltering andshow how thesemodelsarewell-suitedfor this task.

2 Foundations
In this paper, we focuson model-basedapproachesto collaborativefiltering. Beforewedescribethis particularappli-
cation,we review theformal foundationsof themodelswe areconsidering.Thetwo particularformalismsexamined
presentlyareBayesiannetworks(BNs)andprobabilisticrelationalmodels(PRMs).

2.1 Bayesian Networks
Supposewe have a finite set
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The problemof learninga Bayesiannetwork canbe statedasfollows. Considera setof variables

�
, asdefined

above. Given a training set S �<��T � 	�
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�	�T4UV� of instancesof
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, find a network �W9 that is a goodmodel for S .
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 learnnetworksareBayesianscoringmetrics[3], andonebasedon theprincipleof minimal
descriptionlength(MDL) [7].

2.2 Probabilistic Relational Models
Theotherapproachwewill consideris usingaprobabilisticrelationalmodel.We describeourPRMin genericterms,
closelyrelatedto the languageof entity-relationshipmodels. Herewe give a brief review of the model. For a full
descriptionof themodelanddetailson learningthesemodelsfrom data,see[8].

We begin by defining the notationwe will usefor PRMs. A schemafor a relationalmodelconsistsof a setof
entity types X �ZY ��	�
�
�

	�Y/� anda set of relations [ �\�^]_��	�
�
�
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. Eachrelation
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is typed. We usethe
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	aY(b - to indicatetheentity typeof eachcomponentin therelationship.Eachentity typehasa set
of attributes. Wedenotethesetof attributesfor theentity type
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attributein anentity typeusingdot notation.For example,theattribute
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in entity type
Y
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Yc
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.
A completeinstantiation d of a schemadefinesa setof objects e�fg+ Y - for eachentity type

Y
. For eachentityh )ie f + Y - , andeachattribute

�6j ) � + Y - , the entity hasan associatedattribute h 
 J j ; its valuein d is denoteddlknm C�o . For eachtupleof entity types Xqp �r��Y � 	�
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�	aY(bs� , we denotea tuple of entitiesfrom this setof entity types
as t�p �u� h ��	�
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	 h b � . For eachrelation

] +,XvpI- andeach t^pw)xe f + Y � -�y{z�z�z|y}e f + Y b - , d specifieswhether
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holds.For brevity, in theremainderof this paper, we use
]

in placeof
] +�t p - , and � in placeof ��+�t p - , whenthey may

beusedunambiguously.
We are interestedin describinga probability model over instantiationsof a relationalschema. However, some

attributes,suchasa nameor socialsecuritynumber, arefully determinedgiventheentity. We labelsuchattributesas
fixed. We assumethatthey areknown in any instantiationof theschema.Theotherattributesarecalledprobabilistic.
A domain� for arelationalschemais apartialspecificationof aninstanceof theschema.It specifiesthesetof objectseW�3+ Y/� - for eachentity type

Y/�
andthe valuesof the fixed attributesof theseentities. A skeletonstructure � of a

relationalschemaincludesbothadomainandthesetof relationsthatholdbetweentheentities.However, it leavesthe
valuesof probabilisticattributesunspecified. A completeinstantiationd of a domain � specifiesthe relationsthat
holdbetweenentitiesandalsospecifiesthevaluesof theprobabilisticattributes.

Thedomaindefinesthesetof objectsin our model,andwe arenow interestedin modelingtheprobabilisticdepen-
denciesbetweentheentities.Thebasicgoalhereis to modelouruncertaintyover therelationsthathold in ourmodel
andthevaluesof theprobabilisticattributesof theobjectsin our domain.In otherwords,givena domain,we would
like to definea probabilitydistributionovercompletionsof thedomain.



Our probabilisticmodelconsistsof two components:the qualitative dependency structure,� , andthe parameters
associatedwith it,

B^�
. Thedependency structureis definedfor boththerelationsandtheprobabilisticattributes.The

dependency structurefor therelationsis definedby associatingeachrelation
]

with asetof parents,Pa+ ] - . Similarly,
eachprobabilisticattribute

Yc
 �
is associatedwith a setof parents,Pa+ Yc
 � - . Thesecorrespondto formal parents;

they will be instantiatedin differentwaysfor differentobjectsin
Y

. Intuitively, the parentsareattributesthat are
“direct influences”on
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and
Yc
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.
Whetherthe relation

] +,Xvp~- holdscandependon probabilisticattributesof the entity typesin Xvp (e.g.,
Y�
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forY )�Xqp ). For probabilisticattributes,we distinguishbetweentwo typesof formal parents.The attribute
Yc
 �

can
dependon anotherprobabilisticattribute � of

Y
. This formal dependenceinducesa correspondingdependency for

individual objects:for any object h in e � + Y - , h 
 J will dependprobabilisticallyon h 
 � . Theattribute
Y�
 �

canalso
dependonattributesof relatedobjects

Yc
 �$
 � , where
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is somechainof relations.In somecasestherelationis notone-
to-one,i.e.,

Y�
 �$
 � is a setof objects.In this case,we usethenotionof aggregation from databasetheoryto address
this issue;i.e., h 
 J will dependprobabilisticallyon someaggregatepropertyof this set. Therearemany naturaland
usefulnotionsof aggregation: themodeof theset(mostfrequentlyoccurringvalue);meanvalueof theset(if values
arenumerical);median,maximum,or minimum(if valuesareordered);cardinalityof theset;etc.

Givena setof parentsfor a relationor anattribute,we candefinea local probabilitymodelby associatingwith it a
conditionalprobability distribution (CPD). For eachrelation,we have CPD &/+ ] 1 Pa+ ] -�- andfor eachprobabilistic
attributewehaveCPD &/+ Y�
 � 1 Pa+ Yc
 � -�- . Thesetof all suchCPDscomprise

B �
.

Given a domainfor our schema,we now want to usetheselocal probability modelsto definea probability dis-
tribution over completionsof the domain. Note that the domaindeterminesthe setof objectsin our model. Recall
that,we associatea randomvariable h 
 J with eachprobabilisticattribute

�
of eachobject h . The domainalsode-

terminesthe setof potentialrelationsin our model. We model this by having a randomvariable � for eacheach; h � 	�
�
�
�	 h b�? )�e � + Y � -�y�z�z�z$yce � + Y(b - . � specifieswhether
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To definea coherentprobabilisticmodelover our domain,we mustensurethatour probabilisticdependenciesare
acyclic, sothata randomvariabledoesnot depend,directly or indirectly, on its own value.

Considertheparentsof a relation
]
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Y�
 J is a parentof

]
, wedefineanedgeh 
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Similarly, considertheparentsof anattribute
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 J .
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 � is a parentof

Yc
 �
via a chainof relations
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�
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Wesaythatadependency structure� is acyclicrelativeto askeleton� if thedirectedgraphdefinedby �{� over the

variables� and h 
 J is acyclic. In this case,we candefinea coherentprobabilisticmodelovercompleteinstantiationsd consistentwith � :
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Although for eachdomain,we cancompilea PRM into a Bayesiannetwork, a PRM expressesmuchmoreinfor-
mationthantheresultingBN. A BN definesa probabilitydistribution over a fixedsetof attributes.A PRM specifies
a distribution over any domain;in differentdomains,the set(andnumber)of entitieswill vary, aswill the relations
betweentheentities.In away, PRMsareto BNsasasetof rulesin first-orderlogic is to asetof rulesin propositional
logic: A rule suchas � h 	 � 	�� Parent+ h 	 �$- � Parent+,� 	�� -@¡ Grandparent+ h 	�� - inducesa potentiallyinfinite setof
ground(propositional)instantiations.

In [8], we addresshow to learnboth the parametersandstructurefor a PRM which hasa fixed skeletonfrom a
relationaldatabase.In this paper, we considera slightly differenttaskof learningtheparametersfor theprobabilistic
dependenciesin therelationalstructureandfor thedependenciesamongtheprobabilisticattributes.Here,theproba-
bilistic dependency structureis given. However, in this taskwe mayhave hiddenor latentattributes.As we will see,
this complicatesthetaskof parameterestimation.

3 Model-based Approaches to Collaborative Filtering
Having definedtheformalmodelsthatweusein thispaper, wenow returnto thecollaborativefiltering task.Presently,
we examinehow we canusebothBNs andPRMsin tacklingthis task.

In collaborative filtering, we are interestedin modelingthe relationshipsbetweenpeopleanditems. Recall that
itemsmaybe actualitem (i.e., products)thata personhasbought,or an item mayrefer to a moreintangibleobject,
suchasa webpagevisit. Let ¢ �£� h � 	�
�
�
�	 h UW� representthepeopleandlet ¤ �£� � � 	�
�
�
�	 �$¥ � representtheitems.
Themodel-basedapproachesto collaborative filtering areall basedin someway on modelingthe probability of the
existenceof arelation � � j betweenpersonh � anditem � j . Ourdataconsistsof instancesof therelation

]
, person-item

pairs
� h � 	 � j � . Theapproachesvary in the independenceassumptionsmadeandthecomplexity of thedependencies

thataremodeled.
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Figure1: (a) A BN for the two-sidedclusteringmodel. (b) A PRM for the two-sidedclusteringmodel. Thedashed
linesshow relationshipsbetweenentities.Thesolidarrowsrepresentprobabilisticdependencies.(c) A PRMwith rich
relationalstructure

3.1 Two-sided Clustering in BNs
Recently, several researchers[10; 4] have proposedmodelsthat can be viewed as two-sidedclustering. In these
models,we have a hiddenvariable

� k D for eachperson.
� k D representsthe(unknown) classor clusterof thatperson.

Similarly, the modelalsocontainsa hiddenvariable
�§¦ o

for eachitem, denotingthe clusterof that item. For each
person-itempair, we have a variable � � j denotingthe relationbetweenpersonh � anditem � j . The existenceof the
relationdependson theclusterof the person,andthe clusterof item, hencethe notion of two-sidedclustering.The
Bayesiannetwork underlyingthis modelis given in Figure1(a). In this approach,we have the additionalconstraint
thatevery � � j musthave thesamelocal probabilitymodel.That is, theentriesin theCPDfor &/+,� � j 1 � k D 	��§¦ o - must
bethesamefor all L and ¨ .

Thesemodelsarequiteattractiveasthey capturethefollowing intuition: eachpersonbelongsto someclass
� k with

someprobability &/+ � k �©� k - andeachitem belongsto someclass
� ¦

with probability &/+ � ¦ �ª� ¦ - . Theprobability
thatthereis a relationR betweenapersonanditemdependsonly on theclassof thepersonandtheclassof theitem.

Now, we turn our attentionto learningthe parametersof this model. The parametersthat mustbe estimatedareBA«­¬
,
BA«|®

and
B � E « ¬3¯ « ® . Thesevaluesmustbeestimatedusinga setof observedrelations� � j . Note,however, that

sincetheclassvariables
� k and

� ¦
areunobserved,wemustresortto anestimationtechniquesuitablefor dealingwith

latentvariables.Unfortunately, estimatingtheparametersfor this modelis non-trivial. Theobservations� � j causethe
hiddenclassvariablesfor thepeopleanditemsto becorrelated.As a result,on of thestandardapproachto parameter
estimationfor latentvariables,theEM algorithm[1], becomesinfeasible.To addressthis problem,UngarandFoster
[10] make useof Gibbssampling,which usesprobabilisticrandomassignmentof peopleanditemsto clusters,and
thenrecomputesmodelparametersbasedontheseassignments.While undercertainconditionsthisestimationmethod
providesaguaranteeof convergence,it canoftentakequitelongto doso.Otherresearchershavesuggestedalternative
approachesfor parameterestimationin thismodel,includingvariationalmethods[4] andblockedGibbssampling[2],
with variousdegreesof success.

Perhapsmoreimportantthanthechoiceof parameteroptimizationprocedureis thechoiceof thenumberof clusters
representingpeopleanditems(i.e., the numberof statesof the variables

� k and
� ¦

, respectively). Previous work
with this model[10] simply fixedthenumberof clustersto someconstantvalue.This maybeproblematic,however,
asthenumberof clustersdeterminesthenumberof modelparametersandhencetheexpressive power of this model.
If too few clustersaredefined,thenimportantcorrelationsbetweengroupsof peopleandgroupsof itemscannot be
adequatelycapturedby themodel.On theotherhand,if toomany clustersaredefined,thennomeaningfulpatternsin
thedatamaybediscovered.

Onemethodfor approachingthis problemrelieson anintuition usedin BayesianNetwork learning:usea function
to scoremodelsthat tradesoff modelcomplexity (i.e., thenumberof clusters)andthedegreeto which themodelfits
thedata.Then,simply searchfor a modelthatmaximizesthis criterion. In this way, theproblemof findinga suitable
numberof clustersis reducedto a problemof evaluatingmodelswith different numbersof clustersand selecting
theonethatmaximizesa functionsuchasthepreviously mentionedBayesianscoringmetricor MDL-basedscoring
function.

3.2 Collaborative Filtering using PRMs
We canlearnPRMsfrom bothstructureddataandsemi-structureddata.PRMsareparticularlywell-suitedfor aggre-
gateanalysisof structureddatafrom multiple sources.In web usageanalysis,for example,the informationsources
might includeuserassesslogs, the relationshipsbetweenthe web pagesvisited, meta-dataon the site andin some
casesadditionalinformationabouttheuser.



PRMsarealsonaturalmodelsto usefor collaborativefiltering. We begin by showing how thetwo-sidedclustering
modelcanbecompactlyrepresentedasa PRM. We next show how thePRM framework naturallyextendsto allows
richermodelsthatcaptureadditionalrelationshipsbetweenobjects.It is herewe seethepower of PRMs.PRMscan
makeuseof structureddatain a way thatflat models,suchasBNs,or mostotherstatisticalrepresentations,cannot.

Two-sided Clustering in PRMs
Thetwo-sidedclusteringmodelis easilyandcompactlyrepresentedasa PRM.Figure1(b) shows a samplePRM for
entitiesPersonandProductandrelationBuys. TheentitytypePersonhasasinglefixedattributename. Its probabilistic
attributesare: age, occupation, sex, andincome. Theentity typeProducthasa fixedattributecodeandprobabilistic
attributescategory, color, andcost. In addition,eachof theentity typeshasa hiddenattributeClass. In this example,
weshow asimpledependencemodelfor theprobabilisticattributesin whichtheattributesareindependentgivenClass.
However, morecomplex dependencemodelsarealsofeasible.We alsohave a relationshipBuysbetweenPersonand
Product. Buysdependson Person



Classand &@�A° �s±|�'²'
Class. It is easyto verify thatthis PRMis acyclic. Thus,given

a domain� , it definesa legalprobabilitydistributionovercompletionsof � .
Thegenerictwo-sidedclusteringmodelfor collaborativefiltering canberepresentedby aPRMasfollows. Wehave

anentity typefor people
Y

andanentity typefor items ³ . We alsohave a relationship
] + Yc	 ³:- betweenpeopleand

items.Eachof theentity typeshasa hiddenattributeClass.
]

dependson
Yc


Classand ³ 
Class. This PRMis acyclic
andwill definea distribution over all � , h 
 classand � 
 class. Note that the PRM naturallyconstrainsthe CPDsfor&/+0�/1 h 
 class

	 � 
 class- to all bethesame;it exactlycapturesconstraintsinherentin thetwo-sidedclusteringmodel.
Our input is adomain� , whichdescribesthesetof h � and � j thatexist in ourmodel,andalsoincludesthesetof � � j

from our trainingdata.Our taskis, from this, to learna PRM thatscoreswell accordingto someevaluationcriteria.
Here,wearegiventheprobabilisticstructurefor a domain � , sowe just needto find appropriateparameters

B
.

Unfortunately, aswe saw in thecasefor BNs, this is far from trivial. We arecurrentlylooking into applyingboth
samplingandvariationalmethodsto addresstheparameterestimationproblem.

More Expressive PRMs
In additionto beingableto naturallycapturethe two-sidedclusteringmodel,PRMsareeasilyextendedto include
additionalrelationalinformationaboutthe domain. Figure1(c) shows a hypotheticalPRM for the Person - Buys-
Productexamplethatwe have beenusingthusfar. Herewe areableto alsotake into accountotherrelatedentitiesin
thedomain,suchaswebpagesvisited,periodicalsubscriptionsandtheproducts’manufacturers.In this way, PRMs
allow a simpleandcompactmeansfor greatlyextendingthe scopeof modelingfor the collaborative filtering task.
This is especiallyimportantin thecontext of theWorld Wide Web,asa varietyof informationis oftenavailablefor
usein taskssuchascollaborativefiltering. For example,wecannotonly modelwhichwebpagesabuyerof particular
productsis likely to visit, but we canconstructmorecomplex relationshaving to do with particularsitesthata user
mayfind interestingby modelingtherelationshipbetweenpeople,products,webpages,websites,andpagevisits.

In order to learn thesericher structures,we must searchover the spaceof PRM structures. Sincethereare a
potentially infinite numberof candidatestructures,we musthave a reasonablestrategy to guideour search.In [8],
we give an algorithmfor performingstructuresearchfor PRMs. This algorithmoperatesin a breadthfirst manner.
We begin by consideringdependenciesbetweenattributesin thesameentity. This is stage0. At stagé , we consider
attributesthatcanbereachedby a chainof at most ´ relations.Scoringfunctionsover network structureareusedto
narrow thespaceof modelssearched.

4 Deployment of PRMs for Collaborative Filtering
TheWorld WideWebprovidestheopportunityto collecta widevarietyof informationthatis naturallyrepresentedin
a relationalform. Here,we giveanexampleof how PRMsmaybedeployedin thecontext of theWebto provide rich
usermodelingandrecommendationcapabilities.

Consideranelectroniccommercewebsitethatprovidesuserswith theability to buy productsaswell assubscribe
to periodicals.As usersvisit thesite,they initially registerby providing somedemographicinformationaboutthem-
selves,suchasage,occupation,andsex. Then,astheseusersbrowsethesite, theURLs they visit arelogged.Over
time,asuserssubscribeto periodicalsandbuy productsat thesite,this informationis recordedin arelationaldatabase.
Thisdatabasemayalsocontainsupplierinformation,suchasthecompaniesthatmanufactureeachproductsoldby the
website.A naturalrelationalmodelfor thedatabaseunderlyingthis siteis shown in Figure1(c).

Given sucha relationalscheme,we canlearna PRM that identifiesclassesof usersbasedon all the information
collected,includingtheir propensityto visit particularwebpages,buy certainproducts(from certainmanufacturers),
or subscribeto variousperiodicals.By fixing aparticulardependency structurebetweentheattributesin eachrelation,
suchasthat shown in Figure1(c), we can learn the users’classesby applying the learningstrategiessuggestedin
Section3.2.

Oncewelearnsuchamodel,wecanuseit to makerecommendationsto userscomingto thewebsite.Wecansuggest
otherproductsto buy, periodicalsto subscribeto, or webpagesto visit. For example,if a registeredcustomerhasbeen



to thewebsitebefore(andthuswehavecollecteddataonhis/herbehavior), he/shewill beassigned(probabilistically)
to a clusterasa resultof thepreviously performedoptimizationthatwasconductedto learnthePRM. Whensucha
customerreturnsto thesite, it is possibleto recommendto thatcustomerotherproductsto buy or webpagesto visit
basedupontheirclusterassignment.In suchcases,theadvantageof PRMsoverexistingcollaborativefilteringmethods
is thatPRMscanrepresentmorecomplex relationshipsthansimpledyadicdata,andcanalsotake into consideration
demographicinformationratherthanjustpurchaseor preferencehistorywhenmakingcollaborativefiltering decisions.

An evenmorecompellingadvantagein thedeploymentof PRMscanbeseenin thecasewhenanewcustomercomes
to visit this website. Here,thenew userbeginsby registeringat thesite,andthusprovidesthesystemdemographic
information. Standardapproachesto collaborative filtering areunableto make otherthanapriori recommendations
at this point, sincetheuserhasno previouspurchase/preferencehistory. ThePRM,however, canmake directuseof
thedemographicinformationprovidedby theuserto infer a distribution over theclassof theuser. After makingthis
determination,thesystemcanthenimmediatelyprovide recommendationsfor web pages,periodicals,andproducts
to the user. As the userbegins to further explore the site andmake purchases,the PRM canbe usedto updatethe
distribution over the user’s class,therebyrefining its modelandmakingbettercollaborative filtering predictionsfor
theuser. In this way, PRMsmaybesuccessfulat providing usefulrecommendationsto usersevenbeforecollectinga
greatdealof purchase/preferenceinformation,which moststandardcollaborativefiltering approachesrequire.

5 Related Work and Summary
In this paperwe have addressedthe collaborative filtering task. More specifically, we have examinedprobabilistic
modelsfor this task,beginningwith the two-sidedclusteringmodel. While we initially showed that this modelcan
be representedasa Bayesiannetwork, we thenwent on to show that the new formalismof ProbabilisticRelational
Modelscannotonly capturethefull expressivepowerof thetwo-sidedclusteringmodel,but canalsoeasilyextendit.
We alsoprovidedanexampleof how suchPRMsmaybedeployedon theWebfor collaborativefiltering tasks.

It is important to note that there are several other model-basedapproachesto collaborative filtering basedon
BayesianNetworks. Most notably, this work includesthe aspectmodel describedin [4], and densityestimation
modelsof item co-occurrence[5]. While we couldalsodescribethesemodels(which arein many wayssimplerthan
the two-sidedclusteringmodel reviewed here)asPRMsfor completeness,we omit that discussionfor the sake of
brevity.

PRMs provide a compactrepresentationfor the complex entity relationshipsthat often needto be modeledin
collaborativefiltering problems.This representationprovidestheadvantagethatthegraphstructureof PRMsis easier
to interpretthanthe underlyingBayesianNetwork that modelsthe sameprobability distribution. For taskssuchas
collaborative filtering thataremodelinga largenumberof entities,therepresentationalclarity of PRMsis especially
compelling.Moreover, wehaveshown thatsuchPRMscancapturericherrelationalinformation.Thisaddedmodeling
power is especiallyimportant in the context of the World Wide Web, where thereis often much more relational
informationavailablethanthe simpleperson-itemrelationshipsthatarecurrentlythe focusof collaborative filtering
researchers.

In futurework,weseekto experimentallyverify theefficacy of ourtheoreticalmodelfor collaborativefiltering. This
work involvesbothefficient methodsfor parameterestimationin PRMs,aswell ashighlighting their rich modeling
power in addressingreal-world collaborativefiltering taskson theWeb.
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