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Abstract

Supervisedand unsupervisedearning methodshave tradi-
tionally focusedon dataconsistingof independeninstances
of asingletype. However, mary real-world domainsarebest
describedy relationalmodelsin whichinstance®f multiple
typesarerelatedto eachotherin complex ways. For exam-
ple, in a scientificpaperdomain,papersarerelatedto each
othervia citation,andarealsorelatedto their authors.In this
casethelabelof oneentity (e.g.,thetopic of the paper)is of-
tencorrelatedvith thelabelsof relatedentities.We proposea
generaklassof modelsfor classificatiorandclusteringin re-
lationaldomainsthat captureprobabilisticdependenciebe-
tweenrelatedinstancesWe shav how to learnsuchmodels
efficiently from data. We presentempirical resultson two
realworld datasets.Our experimentsn atransductiveclas-
sification settingindicatethat accurag canbe significantly
improved by modelingrelationaldependencies Our algo-
rithm automaticallyinducesa very naturalbehaior, where
our knowvledgeaboutone instancehelpsus classify related
ones,which in turn help us classify others. In an unsuper
visedsetting,our modelsproducedcoherentclusterswith a
very naturalinterpretationgvenfor instanceypesthatdonot
have ary attributes.

1 Intr oduction

Most supervisedandunsupervisedearningmethodsassume
thatdatainstancesreindependenandidenticallydistributed
(IID). Numerous classificationand clustering approaches
have been designedto work on such “flat” data, where
eachdatainstanceis a fixed-lengthvector of attribute val-
ues(see[Dudaet al., 2004 for a survey). However, mary
real-world datasetsaremuchricherin structurejnvolving in-
stance®f multiple typesthatarerelatedto eachother Hyper
text is oneexample whereweb pagesareconnectedy links.
Anotherexampleis a domainof scientificpaperswherepa-
persarerelatedto eachothervia citation,andarealsorelated
to their authors. The [ID assumptioris clearly violated for
two paperswritten by the sameauthoror two paperdinked
by citation,which arelik ely to have the sametopic.

Recently there has beena growing interestin learning
techniquesfor more richly structureddatasets. Relational
links betweeninstancesprovide a unique sourceof infor-
mation that has beenproved useful for both classification
andclusteringin the hypertext domain[SlatteryandCraven,
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1998;Kleinberg, 1999. Intuitively, relationallearningmeth-

odsattemptto useour knowledgeaboutone objectto reach
conclusionsaboutother, relatedobjects. For example, we

would like to propagatenformationaboutthe topic of a pa-

perp to paperghatit cites. These,in turn, would propagate
informationto paperghatthey cite. We wouldalsoliketo use

informationaboutp’stopicto helpusreachconclusionabout
theresearchareaof p’'s author andaboutthe topicsof other

paperswritten by thatauthor

Several authors have proposedrelational classification
methodsalongthe linesof this “influence propagation’idea.
Neville andJensen[2004 presentaniterative classification
algorithmwhich essentiallyimplementshis processexactly,
by iteratively assigninglabelsto testinstanceghe classifier
is confidentabout,and usingtheselabelsto classifyrelated
instances.Slatteryand Mitchell [200d proposeaniterative
algorithm called FOIL-HUBS for the problem of classify-
ing web pages.e.g.,asbelongingto a university studentor
not. However, noneof theseapproacheproposesa single
coherentmodel of the correlationsbetweendifferentrelated
instancesHencethey areforcedto providea purelyprocedu-
ral approachwheretheresultsof differentclassificatiorsteps
or algorithmsarecombinedwithout a unifying principle.

In clustering, the emphasisso far has beenon dyadic
data, suchas word-documento-occurrencgHofmannand
Puzicha1999, documentitations[CohnandChang,2004,
weblinks [CohnandHofmann,2001;Kleinbery, 1994, and
geneexpressiordata.Kleinbery’'s “Hubs andAuthorities” al-
gorithm exploits thelink structureto definea mutually rein-
forcing relationshipbetweerhub andauthoritypageswhere
a goodhub pagepointsto mary goodauthoritiesanda good
authoritypageis pointedto by mary goodhubs.

Thesetechniquescan be viewed as relational clustering
methoddor oneor two “types” of instancege.g.,webpages,
documentsandwords), with a singlerelationbetweenthem
(e.g.,hyperlinks,word occurrence)However, we would like
tomodelricherstructuregpresentn mary realworld domains
with multiple typesof instancesand complex relationships
betweerthem.For example,in amovie databas¢heinstance
typesmight be movies, actors,directors,and producers.In-
stancesof the sametype may also be directly related. In a
scientific paperdatabasea paperis describedby its set of
wordsandits relationsto the paperst cites(aswell asto the
authorswho wroteit). We would lik e to identify, for eachin-
stancetype, sub-populationgor sggments)of instanceghat
aresimilar in boththeir attributesandtheir relationsto other



instances.

In this paper we proposea generalclassof generatie
probabilisticmodelsfor classificationand clusteringin rela-
tional data. The key to our approachis the useof a single
probabilisticmodelfor theentiredatabas¢hatcapturesnter-
actionsbetweeninstancesn thedomain.Ourwork builds on
theframework of Probabilistic RelationalModels(PRMs)of
Koller andPfeffer [1999 thatextendBayesiametworksto a
relationalsetting.PRMsprovide alanguagehatallows usto
captureprobabilisticdependenciebetweerrelatedinstances
in a coherentway. In particular we useit to allow depen-
denciesbetweerthe classvariablesof relatedinstancespro-
viding a principled mechanisnfor propagatingnformation
betweerthem.

Like all generatie probabilistic models,our modelsac-
commodatethe entire spectrumbetweenpurely supervised
classificationand purely unsuperviseatlustering. Thus,we
canlearnfrom datawheresomeinstanceshave a classlabel
andotherdo not. We canalsodealwith casesvhereone (or
more) of the instancetypesdoesnot have an obsened class
attribute by introducinga new latentclassvariableto repre-
sentthe (unobsered) cluster Note that, in relationalmod-
els, it is oftenimpossibleto sggmentthe datainto a training
andtestsetthatareindependentdf eachothersincethetrain-
ing and testinstanceamay be interconnected.Using naive
randomsamplingto selecttraininginstancess very likely to
sever links betweerinstancesn thetrainingandtestsetdata.
We circumventthis difficulty by usingatransductielearning
setting wherewe usethetestdata,albeitwithoutthelabels,in
thetraining phase Hence evenif all theinstancetypeshave
obsenedclassattributes thetrainingphasednvolveslearning
with latentvariables.

We provide an approximateEM algorithm for learning

suchPRMswith latentvariablesfrom a relationaldatabase.

This taskis quite complex: Our modelsinduce a complex
webof dependencielsetweerthelatentvariablesof all of the
entitiesin thedata renderingstandardapproachemtractable.
We provide anefficientapproximatelgorithmthatscaledin-
earlywith the numberof instancesandthuscanbe applied
to largedatasets.

We presentexperimentalresultsfor our approachon two
domains: a datasetof scientific papersand authorsand a
databasef movies, actorsanddirectors. Our classification
experimentsshav that the relationalinformation providesa
substantiaboostin accuray. Applied to a clusteringtask,
we show that our methodsare ableto exploit the relational
structureandfind coherentclusterseven for instancetypes
thatdo not have ary attributes.

2 Generative modelsfor relational data

Probabilistic classificationand clusteringare often viewed
from a generatie perspectie as a density estimationtask.
Data instancesare assumedo be independentand identi-
cally distributed(11D) samplesrom a mixture modeldistri-
bution. Eachinstancebelongsto exactly one of k£ classes
or clusters. In clustering,a latentclassrandomvariableis
associatedvith the instanceto indicate its cluster Other
attributes of an instanceare then assumedo be samples

from a distribution associatedwith its class. A simple yet
powerful model often usedfor this distribution is the Naive
Bayesmodel. In the Naive Bayesmodel, the attributes of
eachinstanceare assumedo be conditionally independent
given the classvariable. Although this independences-
sumptionis often unrealistic, this model has nevertheless
provento be robustandeffective for classificationand clus-
teringacrossawide rangeof applications[Dudaetal., 2000;
CheesemaandStutz,1999. Both classificatiorandcluster
ing involve estimationof the parameter®f the Naive Bayes
model; however, clusteringis significantlymoredifficult due
to thepresencef latentvariables.

ThellD assumptiormadeby thesestandarctlassification
and clusteringmodelsis inappropriaten rich relationaldo-
mains, where different instancesare relatedto eachother,
andarethereforelikely to be correlated.In this section,we
describea probabilisticmodelfor classificationand cluster
ing in relationaldomains,whereentitiesarerelatedto each
other Our constructionutilizes the framework of proba-
bilistic relational models(PRMs)[Koller and Pfeffer, 1998;
Friedmaretal., 1999.

2.1 Probabilistic Relational Models

A PRMis atemplatefor a probability distribution over are-
lationaldatabasef a givenschemalt specifiegprobabilistic
modelsfor differentclassef entities,including probabilis-
tic dependenciebetweerrelatedobjects. Givena setof in-
stancesand relationsbetweenthem, a PRM definesa joint
probabilitydistribution over the attributesof theinstances.

Relational Schema. A relational schemadescribesat-
tributes and relations of a set of instancetypes X =
{Xi,...,X,}. Eachtype X is associatedvith a setof at-
tributes A(X). Eachtype X is alsoassociatedvith a set
R(X) of typedbinaryrelationsR(X,Y"). We associateach
relation R with thetype X of its first agument,allowing us
to usetherelationasa set-\aluedfunction,whosevaluex.R
is the setof instancesy € Y relatedto aninstancez. For
example,for anactora, a.Roleis the setof moviesin which
theactorhasappeared.

In certain cases,relationsmight have attributes of their
own. For example,the “Role” relation might be associated
with the attribute Credit-Order, which indicatesthe ranking
of the actorin the credits. We canintroducean explicit type
correspondingdo the relation. In this case,a relationobject
is itself relatedto both of its aguments.For example,if one
of therole objectsis “Meryl Streepin Sophies Choice”, this
role objectwouldberelatedto theactorobject‘Meryl Streep”
andthe movie object“Sophie’s Choice”. By definition,these
relationsaremary-to-one.It will be usefulto distinguishbe-
tweenentity types (suchas Person or Movie), andrelation
types(suchasRole).

An instantiationZ specifieghe setof objectsin eachtype,
the relationsthat hold betweenthem, and the valuesof the
attributesfor all of the objects. A skeletono specifiesonly
theobjectsandtherelations.We will uses(X) to denotethe
setof objectsof type X .

Probabilistic Model. A probabilisticrelationalmodel I
specifiesa probability distribution over a setof instantiations
T of therelationalschema.More precisely a PRMis a tem-
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Figurel: (a) Modelfor IMDB domain;(b) Model for Coradomain;(c) Fragmenof unrollednetwork for Coramodel.

plate,which s instantiatedor differentskeletonso. There-
sult of this instantiationis a probabilisticmodelover a setof
randomvariablescorrespondingo all of the attributesof all
of the objectsin the skeleton.We canview a PRM asacom-
pactway of representing Bayesiametwork for any skeleton
overthis schema.

A PRM consistsof a qualitative dependeng structure,S,
andthe parametergssociatedvith it, 5. The dependeng
structureis definedby associatingvith eachattribute X. A a
setof parentsPa(X.A4). Eachparentof X.A hasthe form
of eitherX.B or X.R.B for R € R(X). (PRMsalsoallow
dependenciealong chainsof relations,but we have chosen
to omit thosefor simplicity of presentation.)

For a givenskeletono, the PRM structureinducesan un-
rolled Bayesiametwork overtherandomvariablesr. A. For
everyobjectz € o(X), z.A dependprobabilisticallyon par
entsof theform z.B or z.R.B. Notethatif R is notsingle-
valued thenz.R.B is actuallya setof randomvariablespne
for eachy € z.R. We addresghis problemby interpreting
thedependencef X.A on X.R.B asdependencen anag-
gregatefunction(e.g.,modeor mean)f themultisetof values
of thesevariableg(seebelow).

The quantitatve partof the PRM specifieghe parameteri-
zationof themodel.Givenasetof parentdor anattribute,we
candefinea local probability modelby associatingwith it a
conditionalprobability distribution (CPD). For eachattribute
we have a CPDthatspecifiesP(X.A | Pa(X.A)). Whenone
of the parentsis of theform X.R.B and R is mary-valued,
the CPDrepresentthedependencenthevalueof theaggre-
gate. The CPDfor X.A is usedfor z.A4 in theunrollednet-
work, for every z in X. Thus,the CPDfor X.A is repeated
mary timesin the network.

Aggregates. Thereare mary possiblechoicesof aggre-
gation operatorto allow dependencieen a setof variables.
An obvious choicefor categorical variablesis the modeag-
gregate,which computeshe mostcommonvalue of its par
ents. More precisely considersomevariableY whosepar
entsX = {X;...X,} we wish to aggr@ateinto a single
variableA. Let thedomainof eachX; be {vy,...,v}, and
notethat A hasthe samedomain. The effect of the mode
aggreyatoris asfollows: We definea distribution P(Y" | v;)
for eachi; givenamultisetof valuesfor X4, ..., X,, weuse
thedistribution P(Y" | v;) for thevaluew; whichis the most

commonin this multiset.

The modeaggreatoris not very sensitve to the distribu-
tion of valuesof its parents;for example,it cannotdiffer-
entiatebetweena highly skewed anda fairly uniform setof
valuesthat have the samemost frequentvalue. An aggre-
gatethat betterreflectsthe value distribution is a stochastic
modeaggreyator In this case,we still definea setof dis-
tributions P(Y" | v;), but the effect of the aggreyatoris that
P | X1,...,Xp) is aweightedaverage of thesedistribu-
tions, wherethe weight of v; is the frequeng of this value
within X,...,X,,. We accomplishthis behaior by using
an aggregyatevariable A = Stodastic-ModéX,, ..., X,,),
definedasfollows. The aggreyatevariablealsotakeson val-
uesin {vq,...,v;}. Lett;(X) bethenumberof variablesX;;
thattake onthevaluev;. Thenwe defineP(A = v; | X) =
t;(X)/n. It is easyto verify thatthis aggreyatorhasexactly
thedesiredeffect.

We note that this aggreggatecan also be viewed as a ran-
domizedselectornode that choosesone of its parentsuni-
formly atrandomandtakesonits value. Oneappealingcon-
sequencés that,like min or max,thestochastienodelcanbe
decomposetb allow its representatioasa CPDto scalelin-
earlywith the numberof parents.We simply decomposé¢he
aggreyatein acascadingpinarytree. Thefirst layercomputes
aggreyatesof disjoint pairs, with eachaggreyaterandomly
selectingthe value of one of its parents;the following layer
repeatsheprocedurdor disjoint pairsof resultsfrom thefirst
layer, andsoon. (This constructioncanalsobe extendedto
casesvherethe numberof variablesis not a power of 2; we
omit detailsfor lack of space.)

2.2 Classificationand clustering models

We usethe PRM framework asthe basisof our modelsfor
relationalclassificationandclustering.As in the “flat” prob-
abilistic generatie approachesyur approachs basedon the
useof a specialvariableto representhe classor the cluster
This variableis the standard‘class” variablein the classifi-
cationtask. As usual,we deal with the clusteringtask by
introducinga new latentclassvariable. Thus,for eachentity
classX we have adesignatedttribute X.C' in A(X).

As in flat classificationand clustering,we definethe at-
tributesof X to dependonthe classvariable.For simplicity,
we choosethe Naive Bayesdependeng modelfor the other
attributes: For eachattribute X. A, the only parentof X.A



is X.C. Note that we have only definedclassattributesfor

entity types. We connectthe attributesof relationtypesto

the classattributesof the two associateentity types. Thus,
for example,anattribute suchasCredit-Order in therelation
classRole will dependon the classattributesof Actor and
Movie. Note that, asthe dependencén this caseis single-
valuedby definition, no aggreyatesare necessary Most in-

terestingly we also allow direct dependencdetweenclass
attributesof relatedentities. Thus,for example,we couldal-

low a dependencef Movie.C' on Actor.C, or vice versa.In

this caseastherelationis mary-to-mary, we useaggrejates,
asdescribedhbove.

Fig. 1(a) shavs a simple model for a movie dataset,
extracted from the Internet Movie Database (IMDB)
(ww. | mdb. com). We seethat “Role” is both a classon
its own, aswell asdefiningtherelationbetweermoviesand
actors.We have chosenijn this casenotto have the attribute
Role.Credit-Order dependon the classof movies, but only
of actors.Fig. 1(b) shonvs a modelfor a domainof scientific
papersand authors,derived from the Cora datasefMcCal-
lum et al., 2004 (cor a. whi zbang. com). In this case,
we seethat the “Cites” relation connectdwo objectsof the
sametype. We have choserto make the classattribute of the
cited paperdependon the classattribute of the citing paper
Note that this dependeng appearscyclic at the type level.
However, recall that this modelis only a template which is
instantiatedfor particularskeletonsto producean unrolled
network; Fig. 1(c) shavs a fragmentof sucha network. If
we do not have “citation cycles”in the domain,thenthis un-
rolled network is acyclic, andthe PRM inducesa coherent
probability modelover the randomvariablesof the skeleton.
(SeelFriedmaretal., 1999 for moredetails.)

We canalsouselatentvariablemodelsto representlyadic
clustering. Considey for example,a domainwherewe have
peopleand movies, and a relation betweenthem that cor-
respondgo a personrating a movie. In this case,we will
have a classVote, correspondingo therelation,with the at-
tribute Rating representinghe actualrating given. This at-
tribute will dependon the cluster attributes of both Movie
andPerson, leadingnaturallyto atwo-sidedclusteringmodel.
However, our approactis flexible enoughto accommodata
muchrichermodel,e.g.,wherewe alsohave otherattributes
of personandperhapsanentirerelationalmodelfor movies,
suchasshavn in Fig. 1(a). Our approachwill take all of this
information into consideratiorwhen constructingthe clus-
ters.

3 Learning the models

We now shav how we learnour modelsfrom data.Our train-
ing setD consistof apartialinstantiationof theschemagpne
whereeverything exceptthe valuesof someor all the class
attributesis given. We canview this dataasa single large
“mega-instance’df the model,with a large numberof miss-
ing values.Notethatwe cannotview thedataasa setof inde-
pendeninstancesorrespondindo the objectsin the model.
In our setting, we typically assumethat the structureof our
latent variable modelis given, as describedin Section?2.2.
Thus,our taskis parameteestimation.

3.1 Parameter estimation

In this casewe assumehatwe aregiventhe probabilisticde-
pendenyg structureS, andneedonly estimatethe parameters
Os, i.e.,the CPDsof theattributes.A standardapproachs to
usemaximuniikelihood(ML) estimationj.e.,tofind 8¢ that
maximizeP(D | 6s).

If we hada completeinstantiationZ, the likelihoodfunc-
tion hasa unigueglobalmaximum.Themaximumlik elihood
parameterganbe found very easily simply by countingoc-
currencedn thedata.Recallthatall of theobjectsin thesame
classshareghesameCPD.Thus,to estimateheparametefor
P(X.A | Pa(X.A)), wesimplyconsiderll objectsz of class
X, andcountthenumberof timesthateachcombinatiorw, u
thatz.A andits parentgointly take. Thesecountsareknown
assuficientstatistics See[Friedmaretal., 1999 for details.

The caseof incompletedatais substantiallymore com-
plex. In this case,the likelihood function has multiple lo-
cal maxima, and no generalmethodexists for finding the
global maximum. The ExpectationMaximization(EM) al-
gorithm [Dempsteret al., 1977, provides an approachfor
finding a local maximumof the likelihood function. Start-

ing from aninitial guessﬂ(o) for the parameters:M iterates
thefollowing two steps.The E-stepcomputeghedistribution
overtheunobseredvariablegyiventheobseneddataandthe
currentestimateof the parameters.Letting C be the setof

unobseredclustervariablesye computeP(C | D, 8%1),
from which it cancomputethe expectedsufiicient statistics:
Nx.alv,u] = Z P(z.A=v|Pa(z.A) =u,D,0%Y)
z€o(X)

To computethe posteriordistribution over the hiddenvari-
ableswe mustrun inferenceoverthe model. The M-stepre-
estimateghe parameterdy maximizingthe likelihood with
respecto thedistribution computedn the E-step.

QX.A — NX~A[U7u]
M Y, Nxafv,ul
3.2 Belief Propagationfor E step

To performthe E step,we needto computethe posteriordis-
tribution over the unobsered variablesgiven our data. This
inferenceis overtheunrollednetwork definedin Section2.2.
We cannotdecomposthis taskinto separaténferencetasks
over the objectsin the model,asthey areall correlated.(In
somecasestheunrollednetwork mayhave severalconnected
componentghat can be treatedseparatelyhowever, it will
generallycontainoneor morelarge connecteccomponents.)
In generaltheunrollednetwork canbefairly comple, in-
volving mary objectsthat are relatedin variousways. (In
our experiments the networks involve tensof thousandsf
nodes.) Exactinferenceover thesenetworks is clearly im-
practical,sowe mustresortto approximatenference.There
is awide variety of approximatiorschemegor Bayesiamet-
works. For variousreasongsomeof which aredescribede-
low), we choseto usebelief propagation Belief Propaga-
tion (BP)is alocal messag@assingalgorithmintroducedby
Pearl[Pearl,1989. It is guaranteedo corvergeto the cor
rectmaminal probabilitiesfor eachnodeonly for singly con-
nectedBayesiametworks. However, empiricalresults[Mur-
phy andWeiss,1999 show thatit oftencorvergesin general



networks,andwhenit doesthe mamginalsareagoodapprox-
imation to the correctposteriors. (When BP doesnot con-
verge, the marginalsfor somenodescanbe very inaccurate.
This happenwery rarelyin our experimentsanddoesnot af-
fectcorvergenceof EM.)

We provide a brief outline of onevariantof BPR, referring
to [Murphy and Weiss, 1999 for more details. Considera
Bayesiametwork over somesetof nodes(which in our case
would bethevariablesx.A). We first corvertthe graphinto
a family graph, with a node F; for eachvariable X; in the
BN, containingX; andits parents.Two nodesareconnected
if they have somevariablein common. The CPD of X is
associateavith F;. Let ¢; representhefactordefinedby the
CPD;i.e.,if F; containghevariablesX,Y1,..., Y, theng;
is afunctionfrom thedomainsof thesevariablesto [0, 1]. We
alsodefine; to be a factorover X; that encompassesur
evidenceaboutX;: ¢;(X;) = 1if X; is notobsered. If we
obsere X; = z, we have that;(z) = 1 and0 elsavhere.
Our posteriordistribution is thena [, ¢; x []; ¥:, wherea
is anormalizingconstant.

The belief propagatioralgorithmis now very simple. At
eachiteration,all the family nodessimultaneouslsendmes-
sageto all othersasfollows:

mi(FNF) «a Y ¢ ][]
F;—F; keN(i)—{j}
whereq is a (different)normalizingconstanandN (7) is the
setof familiesthat are neighborsof F; in the family graph.
At ary pointin thealgorithm,our maminal distribution about
ary family F; is b; = ag;y; erN(z.) my;. This processs
repeatedintil thebeliefscorverge.

After cornvergence,the b; give us the mamginal distribu-
tion over eachof the familiesin the unrollednetwork. These
mauginalsare preciselywhatwe needfor the computatiornof
the expectedsufficient statistics.

We notethat occasionallyBP doesnot corverge; to alle-
viate this problem,we startthe EM algorithm from several
different starting points (initial guesses).As our resultsin
Section5 shaow, this approactworkswell in practice.

M

4 Influence propagationover relations

Amongthe strongmotivationsfor usingarelationalmodelis
its ability to modeldependenciebetweerrelatedinstances.
As describedn theintroduction,we would like to propagate
information about one object to help us reachconclusions
aboutother, relatedobjects. Recently several papershave
proposeda processalongthe lines of this “influence prop-
agation”idea. Neville and Jenser{2000d proposean itera-
tive classificationalgorithm which builds a classifierbased
on afully obseredrelationaltraining set;the classifieruses
both baseattributesand more relationalattributes(e.g., the
numberof relatedentitiesof a giventype). It thenusesthis
classifieron a testsetwherethe baseattributesareobsened,
but the classvariablesarenot. Thoseinstanceghatareclas-
sified with high confidencearetemporarilylabeledwith the
predictecclasstheclassificatioralgorithmis thenrerun,with
theadditionalinformation. Theprocessepeatseveraltimes.
Theclassificatioraccurag is shavn to improve substantially
astheprocessterates.

SlatteryandMitchell [2004 proposeanapplicationof this
ideato the problemof classifyingwebpagesge.g.,asbelong-
ing to a university studentor not. They first train a classifier
on a setof labeleddocumentsand useit to classify docu-
mentsin the testset. To classifymoredocumentsn the test
set, they suggesitombiningthe classificationof the testset
pagesandthe relationalstructureof the testset. As a moti-
vatingexample,they describea scenariovherethereexistsa
pagethat pointsto several otherpagessomeof which were
classifiecasstudenhomepagesTheirapproachriestoiden-
tify this pageasa studentdirectory page,and concludethat
otherpagedo which it pointsarealsomorelikely to be stu-
dentpages.They shaw thatclassificationaccurag improves
by exploiting therelationalstructure.

Neither of theseapproachegproposesa single coherent
modelof the dependenciebetweerrelatedobjectsandthus
combinedifferentclassificatiorstepsor algorithmswithouta
unifying principle. Ourapproactachievestheinfluenceprop-
agationeffectthroughthe probabilisticinfluencesnducedby
the unrolled Bayesiannetwork over the instancesn our do-
main. For example,in the Coradomain,our network models
correlationsdbetweerthe topicsof paperghatcite eachother
Thus,our beliefsaboutthe topic of onepaperwill influence
our beliefsaboutthe topic of its relatedpapers.In general,
probabilisticinfluence‘flows” throughactive pathsin theun-
rolled network, allowing beliefsaboutoneclusterto influence
othersto whichit is related(directly or indirectly). Moreover,
the useof belief propagationmplementshis effect directly.
By propagatinga local messagdrom onefamily to another
in the family graph network, the algorithm propagateour
beliefsaboutonevariableto othervariablesto whichit is di-
rectly connected.We demonstratehis propertyin the next
section.

Thisspreadingnfluences particularlyusefulin ourframe-
work dueto the applicationof the EM algorithm. The EM
algorithmconstructsa sequenc®f models,usingthe proba-
bilities derivedfrom the belief propagatioralgorithmto train
a new model. Hence,we not only useour probabilisticin-
ferenceprocessto spreadthe information in the relational
structure,we then usethe resultsto constructa betterclas-
sifier, which in turn allows us to obtain even betterresults,
etc. From a differentperspectie, we are usingthe structure
in the testsetnot only to provide betterclassificationsput
alsoto learna betterclassifier As we showv below, this pro-
cesgresultsin substantialmprovementsn accurag overthe
iterationsof EM. We notethatthisbootstrappingbility arises
very naturallyin the probabilisticframework, whereit is also
associateavith compellingconvergenceguarantees.

5 Experiments

We evaluatedour methodon the CoraandIMDB datasets.

Cora. The structureof the Cora dataset,and the model
we used,areshawn in Fig. 1(b,c). For our experimentswe
selecteda subsetof 4187 papersfrom the Machine Learn-
ing category, alongwith 1454 0of their authors.Thesepapers
are classifiedinto seven topics: ProbablisticMethods,Neu-
ral networks, Reinforcement.earning,Rule Learning,Case-
BasedandTheory
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Figure2: (a) Comparisorof classificatioraccuracies{b) Influencepropagationin BP; (c) Accurag improvementin EM.

We evaluatedthe ability of our algorithmto usethe rela-
tional structureto aid in classification. We took our entire
dataset, and hid the classificationgor all but a fraction of
the papers. We then constructecbur model basedon all of
this data,including the documentsavhosetopicswere unob-
sened. The resultingmodelwas usedto classify the topic
for thetestdocumentsin effect, we areperformingatype of
transductionwherethetestsetis alsousedto trainthemodel
(albeitwithoutthe classlabels).

To investigatehow our method benefitsfrom exploiting
the relational structure,we consideredour different mod-
elswhich vary in the amountof relationalinformationthey
use. The baselinemodeldoesnot userelationalinformation
atall. It is a standardnultinomial Naive Bayesmodel(NB)
over the setof words (bag of words model)in the abstract.
The full model (AC) was shawvn in Fig. 1(b); it makesuse
of both the authorsandcitations. The othertwo modelsare
fragmentsf AC: modelA incorporate®nly theauthorinfor-
mation(eliminatingthecitationrelationfrom themodel),and
modelC only citations. All four modelsweretrainedusing
EM; model NB was trainedusing exact EM andthe others
usingour algorithmof Section3. We initialized the CPDsfor
the word attributesusingthe CPDsin a Naive Bayesmodel
thatwastrainedonly on the obsened portion of the dataset.
All modelswereinitialized with the sameCPDs.

We variedthe percentagef labeledpapersrangingfrom
10% to 60%. For eachdifferent percentageye testedthe
classificationaccurayg over five randomtraining/testsplits.
Theresultsareshavn in Fig. 2(a). Eachpointis the average
of theaccuray onthefiveruns,andtheerrorbarscorrespond
to the standarderror. As can be seen,incorporatingmore
relationaldependenciesignificantlyimprovesclassification
accurag. Both A andC outperformthe baselinemodel,and
thecombinedmodelAC achievesby farthehighestaccurag.

As discussedin Section 4, the local messagepassing
of loopy belief propagation(BP) resembleghe processof
“spreading’theinfluenceof beliefsfor aparticularinstanceo
its relatedinstancesFor example, suppos@aperz citessev-
erallabeledpapers.Uponinitialization, we have someinitial
belief aboutthe topic of z from its words alone. However,
after the first iteration, this belief will be updatedto reflect
thelabelsof the paperst cites,andis likely to becomemore
pealedaroundasinglevalue,increasingheconfidencen z’s

topic. In thefollowing iteration,unlabeledpbaperghatcite z

(aswell asunlabeledpapersthat z cites)will be updatedto

reflectthe increasedconfidenceaboutthe topic of z, andso
on. To measurethis effect, we examinethe belief stateof

thetopic variableof theunlabeledapersaftereveryiteration
of loopy belief propagation. For every iteration, we report
thefraction of variableswhosetopic canbe determinedwith

high confidencei.e.,whosebelieffor asingletopicis aborea
thresholdof 0.9. Fig. 2(b) shaws several seriesof thesemea-
surement®n a datasetvith 10% labeledpapers.The series
shav BP iterationsperformedwithin thefirst, third andser-

enthiterationof EM. Eachseriesshavs a gradualincreaseof

thefraction of papersvhosetopicswe areconfidentin. The

accurag on thosehigh-confidencepapersis fairly constant
overtheiterations— around0.7,0.735,and0.74for thefirst,

third andseventhiterationof EM, respectiely.

Loopy belief propagatioris anapproximatiorto theinfer-
encerequiredfor the E stepof EM. Although loopy BP is
not guaranteedo corverge,in our experimentsjt generally
convergesto a solutionwhich is good enoughto allow EM
to malke progress. Indeed, Fig. 2(c) shavs that the classi-
fication accuray improvesfor every EM iteration. This fig-
urealsodemonstratetheperformancémprovemenobtained
from bootstrappinghe resultsof iterative classification,as
discussedn Section4.

IMDB. Theattributesandrelationsin theIMDB database,
andthelatentvariablemodelwe used areshovnin areshavn
in Fig. 1(a); the Genee attribute actuallyrefersto a setof 18
binary attributes(action,comedy...). Notethatactorsand
directorshave almostno descriptve attributesandhencecan-
not be clusteredneaningfullywithout consideringheir rela-
tions. We selected subsetf this databaséhatcontainsl 138
movies, 2446 actors,and 734 directors. In Fig. 5, we shov
two exampleclustersfor eachclass,listing several highest
confidencenemberof theclusters.

In general,clustersfor movies consistof movies of pre-
dominantlyof a particulargenre time periodandpopularity
For example,thefirst movie clustershovn canbe labeledas
classicmusicalsandchildrensfilms. The secondclustercor-
respondsoughly to action/adenture/sci-fimovies. In our
model, the clustersfor actorsand directorsare relationalin
nature,sincethey areinducedby the movie attributes. For
example thefirst clusterof actorsconsistgprimarily of action
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Figure3: Clustersof Movies,Actors,andDirectors

movie actorsandthe secondof actorswho primarily play in
dramas.Similarly for directors,the first clustercorresponds
to directorsof dramasand while the secondto directorsof
popularactionandadwenturefilms.

6 Discussionand Conclusions

Many real-world domainshave a rich relational structure,
with comple< websof interactingentities: the web; papers
andauthors;,biomedicaldatasetsandmore. Traditionalma-
chinelearningalgorithmsignorethisrich relationalstructure,
flatteningit into asetof 1ID attribute vectors.Recentlyhow-
ever, therehasbeengrowing interestin learningmethodghat
exploit therelationalstructureof thedomain.

In this paper we provide a generalmethodfor classifica-
tion andclusteringn richly structurediatawith instancesind
relations.Our approacthascoherenprobabilisticsemantics,
allowing us to build on powerful tools for probabilisticrea-
soningand learning. Our algorithmusesan effective com-
bination of thesetechniquedo provide linear scalingin the
numberof instancesijt canthusbe appliedto very large do-
mains.

We have shavn in a transductiontask that the relational
informationallows usto achieve substantiallybetteraccura-
ciesthan a standard‘flat” classificationscheme. We have
also shavn anecdotallythat our algorithm constructsinter-
estingclustersbasedon relationalinformation. Finally, our
approachinducesa compellingbehaior uniqueto relational
settings:Becausenstancesrenot independentinformation
aboutsomeinstancesanbe usedto reachconclusionsabout
others. Our approachs thefirst to provide a formal frame-
work for this behavior.

Thereare mary interestingextensionsto this work. Most
obvious is the problem of modelselection In this paper
we have usedpredeterminednodels,both the edgesin the
dependeng model and the numberof clustersof eachla-
tentclassattribute. Our framawork allows usto incorporate
into our modelsa greatdeal of prior knowledge aboutthe
semanticof the underlyingdomains. However, when do-
main expertiseis lacking, automaticmodel constructionbe-
comescrucial. We canextendour approachusingtechniques
for modelselectionin Bayesiannetworks [Friedman,1998;
CheesemaandStutz,1999, allowing ourlearningalgorithm
to selectthe modelstructurethatbestsuitsthe data.
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