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Abstract

In many supervisedlearningtasks,the entitiesto be
labeledarerelatedto eachotherin complex waysand
their labelsarenot independent.For example,in hy-
pertext classi�cation, the labels of linked pagesare
highly correlated. A standardapproachis to clas-
sify eachentity independently, ignoring the correla-
tionsbetweenthem.Recently, ProbabilisticRelational
Models, a relational version of Bayesiannetworks,
wereusedto de�ne a joint probabilisticmodel for a
collectionof relatedentities.In this paper, we present
an alternative framework that builds on (conditional)
Markov networksandaddressestwo limitationsof the
previousapproach.First,undirectedmodelsdonotim-
posethe acyclicity constraintthathindersrepresenta-
tion of many importantrelationaldependenciesin di-
rectedmodels. Second,undirectedmodelsare well
suitedfor discriminative training, wherewe optimize
the conditionallikelihoodof the labelsgiven the fea-
tures, which generallyimproves classi�cation accu-
racy. We show how to train thesemodelseffectively,
and how to use approximateprobabilistic inference
over the learnedmodelfor collective classi�cationof
multiple relatedentities.We provide experimentalre-
sults on a webpageclassi�cation task, showing that
accuracy can be signi�cantly improved by modeling
relationaldependencies.

1 Intr oduction

The vast majority of work in statistical classi®cation
methodshas focused on “�at” data – data consisting
of identically-structuredentities, typically assumedto be
independentand identically distributed (IID). However,
many real-world datasetsare innately relational: hyper-
linked webpages,cross-citationsin patentsand scienti®c
papers,socialnetworks,medicalrecords,andmore. Such
dataconsistof entitiesof differenttypes,whereeachentity
typeis characterizedby adifferentsetof attributes.Entities
arerelatedto eachothervia differenttypesof links, andthe
link structureis animportantsourceof information.

Considera collection of hypertext documentsthat we
wantto classifyusingsomesetof labels.Most naively, we
canusea bagof wordsmodel, classifyingeachwebpage
solely usingthewordsthatappearon thepage.However,
hypertext hasa very rich structurethat this approachloses
entirely. Onedocumenthashyperlinksto others,typically
indicatingthattheir topicsarerelated.Eachdocumentalso
hasinternalstructure,suchasa partitioninto sections;hy-
perlinks that emanatefrom the samesectionof the docu-
mentareeven more likely to point to similar documents.
Whenclassifyinga collectionof documents,theseareim-
portant cues, that can potentially help us achieve better
classi®cationaccuracy. Therefore,ratherthanclassifying
eachdocumentseparately, we want to provide a form of
collectiveclassi�cation, wherewe simultaneouslydecide
ontheclasslabelsof all of theentitiestogether, andthereby
canexplicitly take advantageof the correlationsbetween
thelabelsof relatedentities.

We proposetheuseof a joint probabilisticmodelfor an
entirecollectionof relatedentities.Following theapproach
of Lafferty (2001), we baseour approachon discrimina-
tively trainedundirectedgraphicalmodels,or Markov net-
works(Pearl1988). We introducethe framework of rela-
tional Markov network(RMNs), which compactlyde®nes
a Markov network over a relationaldataset. The graphi-
calstructureof anRMN is basedontherelationalstructure
of thedomain,andcaneasilymodelcomplex patternsover
relatedentities. For example,we can representa pattern
wheretwo linked documentsare likely to have the same
topic. We canalsocapturepatternsthat involve groupsof
links: for example,consecutive links in adocumenttendto
refer to documentswith the samelabel. As we show, the
useof anundirectedgraphicalmodelavoidsthedif®culties
of de®ninga coherentgenerative model for graphstruc-
turesin directedmodels. It therebyallows us tremendous
�e xibility in representingcomplex patterns.

Undirectedmodelslend themselves well to discrimi-
native training, wherewe optimize the conditionallikeli-
hoodof thelabelsgiventhefeatures.Discriminative train-
ing,givensuf®cientdata,generallyprovidessigni®cantim-
provementsin classi®cationaccuracy overgenerativetrain-
ing (Vapnik1995).We provideaneffectiveparameteresti-



mationalgorithmfor RMNswhichusesconjugategradient
combinedwith approximateprobabilisticinference(belief
propagation(Pearl1988))for estimatingthegradient.We
alsoshow how to useapproximateprobabilisticinference
over thelearnedmodelfor collective classi®cationof mul-
tiple relatedentities. We provide experimentalresultson
a webpageclassi®cationtask,showing signi®cantgainsin
accuracy arisingboth from the modelingof relationalde-
pendenciesandtheuseof discriminativetraining.

2 Relational Classi�cation

Considerhypertext asa simpleexampleof a relationaldo-
main. A relationaldomainis de®nedby a schema,which
describesentities, their attributes and relationsbetween
them. In our domain,therearetwo entity types:

�����

and
���	��


. If a webpageis representedasa bagof words,
�����

would have a setof booleanattributes
�����
�

HasWord � in-
dicatingwhethertheword � occurson thepage.It would
alsohavethelabelattribute

�������

Label, indicatingthetopic
of thepage,which takesonasetof categoricalvalues.The
Link entity typehastwo attributes:

���	��
��

Fromand
���	��
��

To,
bothof which referto

�����

entities.
In general,a schemaspeci®esof a set of entity types

��� �������
�����

�����! 

. Each type
�

is associatedwith
three sets of attributes: content attributes

�
� "

(e.g.
�������

HasWord� ), label attributes
�

� #

(e.g.
���$���

Label),
and referenceattributes

�
� %

(e.g.
���	��
&�

To). For sim-
plicity, we restrict label andcontentattributesto take on
categorical values. Referenceattributesincludea special
uniquekey attribute

�
� '

that identi®eseachentity. Other
referenceattributes

�
� (

refer to entitiesof a single type
�*)+�

Range,

�
� (.-

andtakevaluesin Domain,

�/)
� '0-

.
An instantiation1 of aschema

�

speci®esthesetof en-
tities 1�,

�
-

of eachentity type
�324�

andthevaluesof all
attributesfor all of the entities. For example,an instanti-
ationof thehypertext schemais a collectionof webpages,
specifyingtheir labels,words they containand links be-
tweenthem.We will use1

� "

, 1

� #

and1

� %

to denotethe
content,label and referenceattributesin the instantiation

1 ; 1

� 5

, 1

� 6

and1

� 7

to denotethevaluesof thoseattributes.
Thecomponent1

� 7

, whichwecall aninstantiationskeleton
or instantiationgraph, speci®esthesetof entities(nodes)
andtheir referenceattributes(edges).A hypertext instanti-
ationgraphspeci®esa setof webpagesandlinks between
them,but not theirwordsor labels.

The structureof the instantiationgraphhasbeenused
extensively to infer their importancein scienti®cpublica-
tions(EggheandRousseau1990)andhypertext (Kleinberg
1999). Several recentpapershave proposedalgorithms
thatusethe link graphto aid classi®cation.Chakrabartiet
al. (1998)usesystem-predictedlabelsof linkeddocuments
to iteratively re-labeleachdocumentin thetestset,achiev-
ing a signi®cantimprovementcomparedto a baselineof
usingthetext in eachdocumentalone.A similar approach
wasusedby Neville andJensen(2000) in a differentdo-
main. SlatteryandMitchell (2000)tried to identify direc-

tory (or hub) pagesthat commonlylist pagesof the same
topic,andusedthesepagesto improveclassi®cationof uni-
versitywebpages.However, noneof theseapproachespro-
vide a coherentmodelfor thecorrelationsbetweenlinked
webpages.Thus,they applycombinationsof classi®ersin
a proceduralway, with no formal justi®cation.

Taskaretal. (2001)suggesttheuseof probabilisticrela-
tional models(PRMs)for thecollective classi®cationtask.
PRMs(Koller andPfeffer 1998;Friedmanet al. 1999)are
a relationalextensionto Bayesiannetworks (Pearl1988).
A PRM speci®esa probability distribution over instantia-
tions consistentwith a given instantiationgraphby speci-
fying a Bayesian-network-like template-level probabilistic
model for eachentity type. Given a particular instantia-
tion graph,thePRMinducesalargeBayesiannetwork over
that instantiationthatspeci®esa joint probabilitydistribu-
tion over all attributesof all of the entities. This network
re�ects theinteractionsbetweenrelatedinstancesby allow-
ing usto representcorrelationsbetweentheir attributes.

In our hypertext example, a PRM might usea naive
Bayes model for words, with a directed edge between

�������

Labelandeachattribute
���$�&�

HadWord� ; eachof these
attributes would have a conditional probability distribu-
tion 89,

�������

HasWord�3:

�����
�

Label
-

associatedwith it,
indicatingthe probability that word � appearsin the doc-
umentgiven eachof the possibletopic labels. More im-
portantly, a PRM canrepresentthe inter-dependenciesbe-
tweentopicsof linked documentsby introducingan edge
from

�����&�

Labelto
�������

Labelof two documentsif thereis
a link betweenthem.Givenaparticularinstantiationgraph
containingsomesetof documentsandlinks, thePRMspec-
i®es a Bayesiannetwork over all of the documentsin the
collection.Wewouldhaveaprobabilisticdependency from
eachdocument's label to thewordson thedocument,and
a dependency from eachdocument's label to the labelsof
all of thedocumentsto which it points.Taskaret al. show
thatthisapproachworkswell for classifyingscienti®cdoc-
uments,usingboth thewordsin the title andabstractand
thecitation-linkstructure.

However the applicationof this ideato otherdomains,
suchaswebpages,is problematicsincetherearemany cy-
cles in the link graph, leading to cycles in the induced
“Bayesian network”, which is thereforenot a coherent
probabilisticmodel. Getooret al. (2001) suggestan ap-
proachwherewe do not include direct dependenciesbe-
tweenthe labelsof linkedwebpages,but rathertreatlinks
themselvesas randomvariables. Eachtwo pageshave a
“potential link”, which may or may not exist in the data.
The modelde®nesthe probability of the link existenceas
a function of the labelsof the two endpoints.In this link
existencemodel,labelshavenoincomingedgesfrom other
labels,andthe cyclicity problemdisappears.This model,
however, hasotherfundamentallimitations. In particular,
the resultingBayesiannetwork hasa randomvariablefor
eachpotentiallink — ;=< variablesfor collectionscontain-
ing ; pages.This quadraticblowupoccursevenwhenthe



actual link graphis very sparse. When ; is large (e.g.,
thesetof all webpages),a quadraticgrowth is intractable.
Evenmoreproblematicarethe inherentlimitationson the
expressive power imposedby the constraintthat the di-
rectedgraphmust representa coherentgenerative model
over graphstructures.The link existencemodelassumes
that the presenceof differentedgesis a conditionally in-
dependentevent. Representingmorecomplex patternsin-
volving correlationsbetweenmultiple edgesis very dif®-
cult. For example,if two pagespoint to thesamepage,it
is morelikely that they point to eachotheraswell. Such
interactionsbetweenmany overlappingtriples of links do
not®t well into thegenerativeframework.

Furthermore,directedmodels such as Bayesiannet-
works andPRMsareusuallytrainedto optimizethe joint
probabilityof thelabelsandotherattributes,while thegoal
of classi®cationis a discriminative modelof labelsgiven
theotherattributes.Theadvantageof trainingamodelonly
to discriminatebetweenlabelsis that it doesnot have to
tradeoff betweenclassi®cationaccuracy andmodelingthe
joint distribution over non-labelattributes. In many cases,
discriminatively trainedmodelsaremore robust to viola-
tionsof independenceassumptionsandachievehigherclas-
si®cationaccuracy thantheir generativecounterparts.

3 Undir ectedModels for Classi�cation

As discussed,our approachto the collective classi®cation
taskis basedontheuseof undirectedgraphicalmodels.We
begin by reviewing Markov networks, a “�at” undirected
model. We thendiscusshow Markov networkscanbeex-
tendedto therelationalsetting.

Mark ov networks. We use � to denotea setof discrete
randomvariablesand � an assignmentof valuesto � . A
Markov network for � de®nesa joint distribution over � .
It consistsof aqualitativecomponent,anundirecteddepen-
dency graph,andaquantitativecomponent,asetof param-
etersassociatedwith thegraph.For a graph � , a clique is
a setof nodes��� in � , not necessarilymaximal,suchthat
each���

�

�	�

2

�
� areconnectedby anedgein � . Notethat

a singlenodeis alsoconsidereda clique.

De®nition 1: Let �

�

,
�

� �
-

beanundirectedgraphwith
a setof cliques � ,��

-

. Each 


2

� ,��

-

is associatedwith
a setof nodes�

� anda cliquepotential �
�

,��
�

-

, which is
anon-negativefunctionde®nedon thejoint domainof ��� .
Let �

� �

�
�

,��
�

-
 

�����������

. TheMarkov net ,��

�

�

-

de®nes
the distribution 89,��

-
�

�

���

�����������

����,
� �

-

, where ! is
thepartition function— a normalizationconstantgivenby

!

�#"%$�&

�

����,
�

)

�

-

.

Eachpotential�
� is simplyatableof valuesfor eachas-

signment��� thatde®nesa “compatibility” betweenvalues
of variablesin theclique.Thepotentialis oftenrepresented
by alog-linearcombinationof asmallsetof indicatorfunc-
tions, or features, of the form '�,
�

�

-)(+*

,��
�

�

�
�

-

.
In this case,the potentialcan be more conveniently rep-

� � � � ���
� � � � ���
� � � � ��	

Figure1: An unrolledMarkov netover linkeddocuments.
The links follow a commonpattern: documentswith the
samelabeltendto link to eachothermoreoften.

resentedin log-linearform:

� � ,
� �

- �-,/.	0!�21

�%3

�4'5� ,�� �

-  �-,/.	0 �76

�98;:<� ,�� �

-  �

Hencewecanwrite:
=?>�@

89,
�

-
�#1

�

6

�987:<�
,
�

�

-BAC=�>D@

!

�-6

8E:
,��

-�AC=?>�@

!

where
6

and
:

arethevectorsof all weightsandfeatures.
For classi®cation,we areinterestedin constructingdis-

criminative modelsusing conditionalMarkov netswhich
aresimplyMarkov networksrenormalizedto modelacon-
ditionaldistribution.

De®nition 2: Let
"

be a set of random variableson
which we condition and

#

be a set of target (or la-
bel) random variables. A conditional Markov network
is a Markov network ,��

�

�

-

which de®nesthe distribu-
tion 89,

6

:

5 -
�

�

�

�GF2�

�

�����9��� �

����,

5

�

�
6

�

-

, where ! ,

5 -

is the partition function, now dependenton
5

: ! ,

5 -
�

"%H
&

�

����,

5

�

�
6

)

�

-

.

Logistic regression,a well-studiedstatisticalmodelfor
classi®cation,can be viewed as the simplestexampleof
a conditional Markov network. In standardform, for

I

�KJML

and
"

2 �ON �;L& 

�

(or
"

2QP

�

), 89,
R
:

5 -
�

�

�

�GF2�

,/.	0!�

R

6
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�

Viewing the model as a Markov net-
work, thecliquesaresimply theedges
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�

�
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with
potentials�

�
,
T

�

�

R

-
�-,/.	0 �

R

3

�
T

�

 

.

Relational Mark ov Networks. We now extendtheframe-
work of Markov networksto therelationalsetting.A rela-
tional Markov network(RMN) speci®esa conditionaldis-
tribution over all of the labelsof all of the entitiesin an
instantiationgiven the relationalstructureandthe content
attributes.(We provide thede®nitionsdirectly for thecon-
ditional case,as the unconditionalcaseis a specialcase
where the set of contentattributes is empty.) Roughly
speaking,it speci®esthecliquesandpotentialsbetweenat-
tributesof relatedentitiesat a templatelevel, so a single
model providesa coherentdistribution for any collection
of instancesfrom theschema.

For example,supposethat pageswith the samelabel
tendto link to eachother, asin Fig. 1. We cancapturethis



correlationbetweenlabelsby introducing,for eachlink, a
cliquebetweenthelabelsof thesourceandthetargetpage.
Thepotentialon thecliquewill have highervaluesfor as-
signmentsthatgivea commonlabelto thelinkedpages.

To specifywhatcliquesshouldbeconstructedin anin-
stantiation,we will de®nea notion of a relational clique
template. A relationalclique templatespeci®estuplesof
variablesin theinstantiationbyusingarelationalquerylan-
guage.For our link example,we canwrite thetemplateas
a kind of SQLquery:

SELECTdoc1.Category, doc2.Category
FROM Docdoc1,Docdoc2,Link link
WHERElink.From= doc1.Key andlink.To = doc2.Key

Note the threeclausesthat de®nea query: the FROM
clausespeci®esthe crossproductof entitiesto be ®ltered
by the WHERE clauseandthe SELECTclausepicks out
theattributesof interest.Ourde®nitionof cliquetemplates
containsthecorrespondingthreeparts.

De®nition 3: A relationalcliquetemplate�

�

,��

��� ���
-

consistsof threecomponents:
�

�

� ���

�

 

— a setof entity variables,whereanentity
variable

�

� is of type
�

,

�

�

-

.
�

�

,��

� % -

— a booleanformula using conditionsof
theform

�

�

� (

�

�	�

�

� (�


.
�

�

�
�
�

�

� "��

�

� #

— aselectedsubsetof contentand
labelattributesin � .

For the clique template correspondingto the SQL
query above, � consists of doc1, doc2 and link of
types Doc, Doc and Link, respectively.

�

,��

� % -

is
�����

�

�
������� �����
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��%�&

�$'
���

R .
A cliquetemplatespeci®esa setof cliquesin aninstan-

tiation 1 :
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�
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�

,
:

� 7�-
 ��

where
:

is a tuple of entities
�

'
�

 

in which each '
� is of

type
�

,

�

�

-

; 1�,+�

-
�

1�,

�

,

� �
- --, �����.,

1�,

�

,

� �
- -

denotes
thecross-productof entitiesin theinstantiation;theclause

�

,
:

� 7
-

ensuresthat the entitiesarerelatedto eachother
in speci®edways; and®nally,

:

�
�

selectsthe appropriate
attributesof theentities.Notethatthecliquetemplatedoes
not specify the natureof the interactionbetweenthe at-
tributes;that is determinedby thecliquepotentials,which
will beassociatedwith thetemplate.

This de®nitionof a clique templateis very �e xible, as
theWHEREclauseof a templatecanbeanarbitrarypredi-
cate.It allowsmodelingcomplex relationalpatternson the
instantiationgraphs. To continueour webpageexample,
consideranothercommonpatternin hypertext: links in a
webpagetendto point to pagesof thesamecategory. This
patterncanbeexpressedby thefollowing template:

SELECTdoc1.Category, doc2.Category
FROM Docdoc1,Docdoc2,Link link1, Link link2
WHERElink1.From= link2.Fromandlink1.To = doc1.Key
andlink2.To = doc2.Key andnot doc1.Key = doc2.Key

Dependingontheexpressivepowerof ourtemplatedef-
inition language,wemaybeableto constructverycomplex
templatesthatselectentiresubgraphstructuresof aninstan-
tiation. Wecaneasilyrepresentpatternsinvolving three(or
more) interconnecteddocumentswithout worrying about
theacyclicity constraintimposedby directedmodels.Since
theclique templatesdo not explicitly dependon the iden-
tities of entities, the sametemplatecan selectsubgraphs
whosestructureis fairly different. The RMN allows us
to associatethe sameclique potentialparameterswith all
of thesubgraphssatisfyingthe template,therebyallowing
generalizationoverawide rangeof differentstructures.

De®nition 4: A RelationalMarkov network(RMN) /

�

,10

�

�

-

speci®esa set of clique templates0 and corre-
spondingpotentials�

� �

���

 

�9�32 to de®nea conditional
distribution:
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�

1
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is the normalizingpartition function:
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Using the log-linear representationof potentials,
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, we canwrite
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is thesumoverall appearancesof thetemplate� , 1

-

in the
instantiation,and

:
is thevectorof all

:
� .

Given a particular instantiation1 of the schema,the
RMN / producesan unrolled Markov network over the
attributesof entitiesin 1 . Thecliquesin theunrollednet-
work aredeterminedby the clique templates� . We have
one clique for each 


2

� , 1

-

, and all of thesecliques
areassociatedwith thesameclique potential � � . In our
webpageexample,anRMN with thelink featuredescribed
above would de®nea Markov net in which, for every link
betweentwo pages,thereis anedgebetweenthe labelsof
thesepages.Fig. 1 illustratesa simpleinstanceof this un-
rolledMarkov network.

4 Learning the Models

In this paper, we focuson the casewherethe clique tem-
platesaregiven; our task is to estimatethe clique poten-
tials, or featureweights.Thus,assumethatwe aregivena



setof clique templates0 which partially specifyour (re-
lational) Markov network, andour taskis to computethe
weights

6

for the potentials � . In the learningtask,we
aregiven sometraining set � whereboth the contentat-
tributesandthelabelsareobserved.Any particularsetting
for

6

fully speci®esa probabilitydistribution 8�� over � ,
sowe canusethelikelihoodasour objective function,and
attemptto ®nd theweightsettingthatmaximizesthelikeli-
hood(ML) of thelabelsgivenotherattributes.However, to
helpavoid over®tting,we assumea “shrinkage”prior over
the weights(a zero-meanGaussian),andusemaximuma
posteriori(MAP) estimation. More precisely, we assume
that differentparametersarea priori independentandde-
®ne � ,

3

�

- �

�

�

<����

	

,/.	0�
 A

3

<

�
�

#�� <�� .
Both the ML and MAP objective functions are con-

cave and therearemany methodsavailable for maximiz-
ing them. Our experienceis that conjugategradientand
evensimplegradientperformvery well for logistic regres-
sion(Minka 2000)andrelationalMarkov nets.

Learning Mark ov Networks. We ®rst considerdiscrim-
inative MAP training in the �at setting. In this case� is
simply a setof IID instances;let

�

index over all labeled
trainingdata � . Thediscriminative likelihoodof thedata
is ���

8
�

,�R

�

:

5

�

-

. We introducetheparameterprior, and
maximizethelog of theresultingMAP objective function:
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Thegradientof theobjective functionis computedas:
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The last term is the shrinking effect of the prior and the
other two termsare the differencebetweenthe expected
featurecountsandtheempiricalfeaturecounts,wherethe
expectationis takenrelative to 8

� :
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Thus,ignoring the effect of the prior, the gradientis zero
when empirical and expectedfeaturecountsare equal.

�

The prior term gives the smoothingwe expect from the
prior: smallweightsarepreferredin orderto reduceover-
®tting. Note that thesumover R

)

is just over thepossible
categorizationsfor onedatasampleevery time.

Learning RMNs. Theanalysisfor therelationalsettingis
very similar. Now, our dataset � is actuallya single in-
stantiation1 , wherethesameparametersareusedmultiple
times— oncefor eachdifferententity thatusesa feature.
A particularchoiceof parameters

6

speci®esa particular
$

The solution of maximum likelihood estimationwith log-
linearmodelsis actuallyalsothesolutionto thedualproblemof
maximumentropy estimationwith constraintsthatempiricaland
expectedfeaturecountsmustbeequal(DellaPietraet al. 1997).

RMN, whichinducesaprobabilitydistribution 8 � overthe
unrolledMarkov network. The productof the likelihood
of 1 andtheparameterprior de®neour objective function,
whosegradient

���

,

6 �
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-

againconsistsof the empirical
featurecountsminus the expectedfeaturescountsand a
smoothingtermdueto theprior:
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This last formula revealsa key differencebetweenthe
relational and the �at case: the sum over 1

� 6 )

involves
the exponentialnumberof assignmentsto all the labelat-
tributesin the instantiation. In the �at case,the probabil-
ity decomposesas a productof probabilitiesfor individ-
ualdatainstances,sowe cancomputetheexpectedfeature
count for eachinstanceseparately. In the relationalcase,
theselabelsarecorrelated— indeed,this correlationwas
our main goal in de®ningthis model. Hence,we needto
computethe expectationover the joint assignmentsto all
theentitiestogether. Computingtheseexpectationsoveran
exponentiallylargesetis theexpensive stepin calculating
the gradient. It requiresthat we run inferenceon the un-
rolledMarkov network.

Infer ence in Mark ov Networks. The inferencetask in
our conditionalMarkov networks is to computetheposte-
rior distributionover thelabelvariablesin theinstantiation
giventhecontentvariables.Exactalgorithmsfor inference
in graphicalmodelscanexecutethis processef®ciently for
speci®cgraphtopologiessuchassequences,treesandother
low treewidth graphs. However, the networks resulting
from domainssuchasour hypertext classi®cationtaskare
very large (in our experiments,they containtensof thou-
sandsof nodes)anddenselyconnected.Exactinferenceis
completelyintractablein thesecases.

We thereforeresortto approximateinference.Thereis
a wide varietyof approximationschemesfor Markov net-
works. We choseto usebelief propagation for its sim-
plicity and relative ef®ciency andaccuracy. Belief Prop-
agation(BP) is a local messagepassingalgorithm intro-
ducedby Pearl (1988). It is guaranteedto converge to
the correctmarginal probabilitiesfor eachnodeonly for
singly connectedMarkov networks. However, recentanal-
ysis(Yedidiaet al. 2000)providessometheoreticaljusti®-
cation.Empiricalresults(Murphyet al. 1999)show thatit
oftenconvergesin generalnetworks,andwhenit does,the
marginalsarea goodapproximationto thecorrectposteri-
ors. As our resultsin Section5 show, this approachworks
well in our domain. We refer the readerto Yedidiaet al.
for adetaileddescriptionof theBPalgorithm.

5 Experiments

We triedoutour framework on theWebKBdataset(Craven
et al. 1998),which is an instanceof our hypertext exam-



ple. The dataset containswebpagesfrom four different
ComputerSciencedepartments:Cornell,Texas,Washing-
ton andWisconsin.Eachpagehasa labelattribute,repre-
sentingthe type of webpagewhich is oneof course, fac-
ulty, student,projector other. Thedatasetis problematic
in that the category other is a grab-bagof pagesof many
differenttypes. The numberof pagesclassi®edasother
is quite large, so that a baselinealgorithmthat simply al-
waysselectedother asthe label would get an averageac-
curacy of 75%.Wecouldrestrictattentionto just thepages
with the four otherlabels,but in a relationalclassi®cation
setting,the deletedwebpagesmight be useful in termsof
their interactionswith otherwebpages.Hence,wecompro-
misedby eliminatingall otherpageswith fewer thanthree
outlinks,makingthenumberof otherpagescommensurate
with theothercategories.< For eachpage,we have access
to theentirehtml of thepageandthe links to otherpages.
Our goal is to collectively classify webpagesinto one of
these®ve categories.In all of our experiments,we learna
modelfrom threeschoolsandtestthe performanceof the
learnedmodelon theremainingschool,thusevaluatingthe
generalizationperformanceof thedifferentmodels.

Unfortunately, wecannotdirectlycompareouraccuracy
resultswith previouswork becausedifferentpapersusedif-
ferentsubsetsof the dataanddifferenttraining/testsplits.
However, we compareto standardtext classi®erssuchas
NaiveBayes,LogisticRegression,andSupportVectorMa-
chines,which have beendemonstratedto besuccessfulon
this dataset(Joachims1999).

Flat Models. Thesimplestapproachwe tried predictsthe
categoriesbasedon just the text contenton the webpage.
The text of the webpageis representedusinga setof bi-
naryattributesthatindicatethepresenceof differentwords
on thepage.We foundthatstemmingandfeatureselection
did notprovidemuchbene®tandsimplyprunedwordsthat
appearedin fewerthanthreedocumentsin eachof thethree
schoolsin thetrainingdata.Wealsoexperimentedwith in-
corporatingmeta-data:wordsappearingin the title of the
page,in anchorsof links to thepageandin the lastheader
beforealink to thepage(Yangetal. 2002).Notethatmeta-
data,althoughmostly originatingfrom pageslinking into
the consideredpage,are easily incorporatedas features,
i.e. theresultingclassi®cationtaskis still �at feature-based
classi®cation.Our ®rst experimentalsetupcomparesthree
well-knowntext classi®ers— Naive Bayes, linearsupport
vectormachines� (Svm), andlogistic regression(Logis-
tic) — usingwordsandmeta-words.Theresults,shown in
Fig. 2(a),show thatthetwo discriminativeapproachesout-
performNaive Bayes. Logistic andSvm giveverysimilar

�

The resultingcategory distribution is: course(237), faculty
(148), other(332), research-project(82) andstudent(542). The
numberof remainingpagesfor eachschoolare: Cornell (280),
Texas(292),Washington(315)andWisconsin(454).Thenumber
of links for eachschoolare:Cornell(574),Texas(574),Washing-
ton (728)andWisconsin(1614).

�

We trained one-against-othersSvm for eachcategory and
duringtesting,pickedthecategorywith thelargestmargin.
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Figure3: An illustrationof theSection model.

results.Theaverageerror over the4 schoolswasreduced
by around4% by introducingthemeta-dataattributes.

Relational Models. Incorporatingmeta-datagivesa sig-
ni®cantimprovement,but wecantakeadditionaladvantage
of the correlationin labelsof relatedpagesby classifying
themcollectively. We wantto capturethesecorrelationsin
our modelandusethemfor transmittinginformationbe-
tweenlinkedpagesto providemoreaccurateclassi®cation.
We experimentedwith several relationalmodels. Recall
that logistic regressionis simply a �at conditionalMarkov
network. All of our relationalMarkov networks usea lo-
gistic regressionmodellocally for eachpage.

Our ®rst modelcapturesdirectcorrelationsbetweenla-
belsof linkedpages.Thesecorrelationsarevery common
in ourdata:coursesandresearchprojectsalmostneverlink
to eachother; faculty rarely link to eachother; students
have links to all categoriesbut mostly courses.The Link
model,shown in Fig. 1, capturesthis correlationthrough
links: in additionto the local bagof wordsandmeta-data
attributes,we introducea relationalclique templateover
thelabelsof two pagesthatarelinked.

A secondrelationalmodelusesthe insight thata web-
pageoftenhasinternalstructurethatallows it to bebroken
up into sections. For example,a faculty webpagemight
haveonesectionthatdiscussesresearch,with a list of links
to all of theprojectsof the facultymember, a secondsec-
tion mightcontainlinks to thecoursestaughtby thefaculty
member, anda third to his advisees.This patternis illus-
tratedin Fig. 3. We canview a sectionof a webpageasa
®ne-grainedversionof Kleinberg's hub (Kleinberg 1999)
(a pagethat containsa lot of links to pagesof particular
category). Intuitively, if we have links to two pagesin the
samesection,they are likely to be on similar topics. To
take advantageof this trend,we needto enrichour schema
with anew relationSection, with attributesKey, Doc(doc-
umentin which it appears),andCategory. We alsoneedto
add the attribute Sectionto Link to refer to the sectionit
appearsin. In theRMN, wehavetwo new relationalclique
templates.The®rst containsthe labelof a sectionandthe
labelof thepageit is on:

SELECTdoc.Category, sec.Category
FROM Docdoc,Sectionsec
WHEREsec.Doc= doc.Key

Thesecondcliquetemplateinvolvesthelabelof thesection
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Figure2: (a) Comparisonof Naive Bayes, Svm, andLogistic on WebKB, with andwithout meta-datafeatures.(Only
averagesover the 4 schoolsareshown here.) (b) Flat versuscollective classi®cationon WebKB: �at logistic regression
with meta-data,and threedifferent relationalmodels: Link, Section, anda combinedSection+Link. (c) Comparison
of generative anddiscriminative relationalmodels. Exists+NaiveBayes is completelygenerative. Exists+Logistic is
generativein thelinks, but locally discriminative in thepagelabelsgiventhelocal features(words,meta-words).TheLink
modelis completelydiscriminative.

containingthelink andthelabelof thetargetpage.

SELECTsec.Category, doc.Category
FROM Sectionsec,Link link, Docdoc
WHERElink.Sec= sec.Key andlink.To = doc.Key

The original datasetdid not containsectionlabels,so
we introducedthemusingthefollowing simpleprocedure.
We de®neda sectionasa sequenceof threeor morelinks
thathavethesamepathto theroot in thehtml parsetree.In
thetrainingset,a sectionis labeledwith themostfrequent
category of its links. Thereis a sixth category none, as-
signedwhenthe two mostfrequentcategoriesof the links
arelessthana factorof 2 apart. In theentiredataset,the
breakdown of labelsfor the sectionswe found is: course
(40), faculty (24), other (187), research.project (11), stu-
dent(71) andnone(17). Note that theselabelsarehidden
in the testdata,so the learningalgorithmnow alsohasto
learnto predictsectionlabels.Althoughnot our ®nal aim,
correctpredictionof sectionlabelsis very helpful. Words
appearingin the last headerbeforethesectionareusedto
betterpredictthesectionlabelby introducingacliqueover
thesewordsandsectionlabels.

We comparedthe performanceof Link, Section and
Section+Link (acombinedmodelwhichusesbothtypesof
cliques)onthetaskof predictingwebpagelabels,relativeto
thebaselineof �at logistic regressionwith meta-data.Our
experimentsusedMAP estimationwith aGaussianprior on
thefeatureweightswith standarddeviationof 0.3.Fig.2(b)
comparestheaverageerrorachievedby thedifferentmod-
elson thefour schools,trainingon threeandtestingon the
fourth. We seethatincorporatingany typeof relationalin-
formationconsistentlygivessigni®cantimprovementover
thebaselinemodel.TheLink modelincorporatesmorere-
lational interactions,but eachis a weaker indicator. The
Section modelignoreslinks outsideof coherentsections,
but eachof the links it includesis a very strongindica-
tor. In general,we seethat the Section modelsperforms
slightly better. The joint model is able to combinebene-

®ts from both and generallyoutperformsall of the other
models. The only exceptionis for the taskof classifying
the Wisconsindata. In this case,the joint Section+Link
modelcontainsmany links, aswell assomelarge tightly
connectedloops, so belief propagationdid not converge
for a subsetof nodes.Hence,the resultsof the inference,
whichwasstoppedata®xedarbitrarynumberof iterations,
werehighly variableandresultedin loweraccuracy.

Discriminati ve vs Generative. Our last experiment il-
lustratesthe bene®tsof discriminative training in rela-
tional classi®cation.We comparedthreemodels.TheEx-
ists+Naive Bayes modelis acompletelygenerativemodel
proposedby Getooret al. (2001). At eachpage,a naive
Bayesmodelgeneratesthewordsona pagegiventhepage
label. A separategenerative modelspeci®esa probability
over the existenceof links betweenpagesconditionedon
bothpages'labels.We canalsoconsideranalternativeEx-
ists+Logistic model that usesa discriminative model for
theconnectionbetweenpagelabelandwords— i.e. uses
logistic regressionfor theconditionalprobabilitydistribu-
tion of pagelabel given words. This model hasequiva-
lent expressive power to thenaive Bayesmodelbut is dis-
criminatively ratherthangeneratively trained. Finally, the
Link modelis afully discriminative(undirected)variantwe
have presentedearlier, which usesa discriminative model
for the labelgivenbothwordsandlink existence.There-
sults,shown in Fig. 2(c), show thatdiscriminative training
providesa signi®cantimprovementin accuracy: the Link
modeloutperformsExists+Logistic which in turn outper-
formsExists+Naive Bayes.

As illustratedin Table1, thegain in accuracy comesat
somecostin training time: for thegenerative models,pa-
rameterestimationis closedform while thediscriminative
modelsaretrainedusingconjugategradient,whereeachit-
erationrequiresinferenceover the unrolledRMN. On the
other hand,both typesof modelsrequireinferencewhen
themodelis usedon new data;thegenerative modelcon-



Links Links+Section Exists+NB
Training 1530 6060 1
Testing 7 10 100

Table 1: Averagetrain/testrunning times (seconds).All
runsweredoneon a 700MhzPentiumIII. Training times
areaveragedover four runson threeschoolseach.Testing
timesareaveragedover four runsononeschooleach.

structsa much larger, fully-connectednetwork, resulting
in signi®cantlylongertestingtimes. We alsonotethat the
situationchangesif someof thedatais unobservedin the
trainingset.In thiscase,generativetrainingalsorequirean
iterativeprocedure(suchasEM) whereeachiterationuses
thesigni®cantlymoreexpressiveinference.

6 Discussionand Conclusions

In this paper, we proposea new approachfor classi®ca-
tion in relationaldomains. Our approachprovides a co-
herentprobabilisticfoundationfor theprocessof collective
classi®cation,wherewe want to classifymultiple entities,
exploiting the interactionsbetweentheir labels. We have
shown thatwe canexploit a very rich setof relationalpat-
ternsin classi®cation,signi®cantlyimproving theclassi®-
cationaccuracy overstandard�at classi®cation.

In somecases,we can incorporaterelational features
into standard�at classi®cation.For example,whenclas-
sifying papersinto topics,it is possibleto simply view the
presenceof particularcitationsasatomic features.How-
ever, this approachis limited in caseswheresomeor even
all of the relationalfeaturesthat occurin the testdataare
not observedin thetrainingdata.In our WebKB example,
thereis no overlapbetweenthe webpagesin the different
schools,sowecannotlearnanythingfrom thetrainingdata
aboutthe signi®canceof a hyperlink to/from a particular
webpagein thetestdata.Incorporatingbasicfeatures(e.g.,
words)from therelatedentitiescanaidin classi®cation,but
cannotexploit thestrongcorrelationbetweenthelabelsof
relatedentitiesthatRMNscapture.

Ourresultsin thispaperareonly a®rst steptowardsun-
derstandingthe power of relationalclassi®cation.On the
technicalside,we cangain signi®cantpower from intro-
ducinghiddenvariables(thatarenot observedevenin the
trainingdata),suchasthedegreeto whicha webpageis an
authority(Kleinberg 1999).Furthermore,aswe discussed,
therearemany othertypesof relationalpatternsthatwecan
exploit. We canalsonaturallyextendtheproposedmodels
to predictrelationsbetweenentities,for example,advisor-
advisee,instructor-courseor project-member.

Hypertext is the mosteasilyavailablesourceof struc-
tureddata,however, RMNsaregenerallyapplicableto any
relationaldomain. In particular, social networks provide
extensiveinformationaboutinteractionsamongpeopleand
organizations.RMNs offer a principledmethodfor learn-
ing to predictcommunitiesof andhierarchicalstructurebe-
tweenpeopleandorganizationsbasedon boththelocal at-

tributesandthepatternsof staticanddynamicinteraction.
Given thewealthof possiblepatterns,it is particularlyin-
terestingto exploretheproblemof inducingthemautomat-
ically. We intendto explorethis topic in futurework.
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