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Abstract

Thereis alargeandgrowing mismatchbetweenthe
size of the relationaldatasetsavailable for min-
ing andthe amountof dataour relationallearning
systemscanprocess.In particular, mostrelational
learningsystemscanoperateon datasetscontain-
ing thousandsto tensof thousandsof objects,while
many real-world datasetsgrow atarateof millions
of objectsa day. In this paperwe explorethechal-
lengesthatpreventrelationallearningsystemsfrom
operatingonmassivedatasets,anddevelopalearn-
ing systemthatovercomessomeof them.Our sys-
tem usessampling,is ef�cient with disk accesses,
and is able to learn from an order of magnitude
morerelationaldatathanexisting algorithms. We
evaluateoursystemby usingit to mineacollection
of massiveWebcrawls,eachcontainingmillions of
pages.

1 Intr oduction
Many researchershave found that the relationsbetweenthe
objectsin a datasetcarryasmuchinformationaboutthedo-
main as the propertiesof the objectsthemselves. This has
leadto agreatdealof interestin developingalgorithmscapa-
bleof explicitly learningfrom therelationalstructurein such
datasets. Unfortunately, thereis a wide and growing mis-
matchbetweenthe size of relationaldatasetsavailable for
miningandthesizeof relationaldatasetsthatourstateof the
artalgorithmscanprocessin a reasonableamountof time. In
particular, mostsystemsfor learningcomplex modelsfrom
relationaldatahave beenevaluatedon datasetscontaining
thousandsto tensof thousandsof objects,while many orga-
nizationstodayhave datasetsthatgrow at a rateof millions
of objectsa day. Thuswe arenot ableto take full advantage
of theavailabledata.

Thereareseveralmain challengesthatmustbe met to al-
low our systemsto run on moderndatasets. Algorithmic
complexity is one. A rule of thumbis that any learningal-
gorithm with a complexity worsethan �������
	��
��� (wheren
is thenumberof trainingsamples)is unlikely to run on very
largedatasetsin reasonabletime. Unfortunately, theglobal
natureof relationaldata(whereeachobjectis potentiallyre-
latedto everyotherobject)oftenmeansthecomplexity of re-

lational learningalgorithmsis considerablyworsethanthis.
Additionally, in somesituationsfor examplewhen learning
from high speed,openendeddatastreamseven ������� algo-
rithms may not be suf�ciently scalable.To addressthis, the
mostscalablepropositionallearningalgorithms(for example
BOAT [Gehrke et al., 1999] andVFDT [DomingosandHul-
ten,2000]) usesamplingto decoupletheir runtimesfrom the
sizeof trainingdata. Thescalabilityof thesealgorithmsde-
pendsnot on theamountof dataavailable,but ratheron the
complexity of the conceptbeingmodeled.Unfortunately, it
is dif�cult to samplerelationaldata(seeJensen[1998] for
a detaileddiscussion)andthesepropositionalsamplingtech-
niqueswill needto bemodi�ed to work with relationaldata.
Anotherscalingchallengeis that many learningalgorithms
make essentiallyrandomaccessto trainingdata.This is rea-
sonablewhen data �ts in RAM, but is prohibitive when it
must be repeatedlyswappedfrom disk, as is the casewith
large datasets. To addressthis, researchershave developed
algorithmsthatcarefullyordertheir accessesto dataon disk
[Shaferet al., 1996], that learnfrom summarystructuresin-
steadof from datadirectly [Moore andLee, 1997], or that
work with a single scanover data. Unfortunately, it is not
directly clearhow thesecanbeappliedin relationalsettings.
Anotherclassof scalingchallengescomesfrom thenatureof
the processesthat generatelarge datasets. Theseprocesses
exist over long periodsof time and continuouslygenerate
data,and the distribution of this dataoften changesdrasti-
cally astimegoesby.

In previouswork [HultenandDomingos,2002] we devel-
opedaframework capableof semi-automaticallyscalingupa
wide classof propositionallearningalgorithmsto addressall
of thesechallengessimultaneously. In the remainderof this
paperwebegin to extendourpropositionalscalingframework
to thechallengeof learningfrom massiverelationaldatasets.
In particular, wedescribeasystem,calledVFREL,whichcan
learnfrom relationaldatasetscontainingmillions of objects
and relations. VFREL works by using samplingto help it
very quickly identify the relationsthat are importantto the
learningtask. It is thenable to focus its attentionon these
importantrelations,while saving time (anddataaccesses)by
ignoring onesthat arenot important. We evaluateour sys-
temby usingit to build modelsfor predictingtheevolutionof
theWeb,andmine a datasetcontainingover a million Web
pages,with millions of links amongthem.



In the next sectionwe describethe form of the relational
dataoursystemworkswith. Following thatwebrie�y review
someof themethodscurrentlyusedfor relationallearningand
discussthechallengesto scalingthemfor verylargedatasets.
The following sectiondescribesVFREL in detail. We then
discussour applicationand the experimentswe conducted,
andconclude.

2 Relational Data
We will now describetheform of therelationaldatathatwe
mine.This formulationis similar to thosegivenby Friedman
etal. [1999] andby JensenandNeville [2002c]. Dataarrives
asa setof objectsources, eachof whichcontainsa setof ob-
jects. Objectsourcesare typed,and thus eachis restricted
to containobjectsconformingto a single class. It may be
helpful to think of an objectsourceasa tablein a relational
database,whereeachrow in the tablecorrespondsto anob-
ject. In thefollowing discussionwe will use � to referto an
objectand ������� to refer to its class.Eachclasshasa setof
intrinsic attributes, anda setof relations. From these,a set
of relational attributesis derived. We will describeeachof
thesein turn.

Intrinsic attributesarepropertiesof the objectsin the do-
main.For exampleaProductobject'sattributesmight include
its price,description,weight,stockstatus,etc.Eachattribute
is eithernumericor categorical.Wedenotethesetof intrinsic
attributesfor ������� as ������������� and � 's intrinsic attribute
named� as ��� � .

Objectscanberelatedto otherobjects.Theserelationsare
typed,andeachrelationhasa sourceclassanda destination
class. Following a relation from an instanceof the source
classyieldsa(possiblyempty)setof instancesof thedestina-
tion class.Onecritical featureof a relationis thecardinality
of thesetof objectsthat is reachedby following it. If a rela-
tion alwaysreturnsa singleobjectit is calleda one-relation;
if thenumberof objectsreturnedvariesfrom objectto object
it is calleda many-relation. Our notationfor a relation � on
class������� is ����������� . We denotethesetof relationsfor

������� as  �!�"#�$�������%� . Wewill use�'&(� to denotetheset
of objectsreachedby following relation � from object � , and
we will use �������)&*� to denotethetargetclassof therela-
tion. Theseriesof relationsthatarefollowedto getfrom one
objectto anotheris calledarelationalpath.Also notethatev-
ery relationhasaninverserelation.For example,theinverse
to theProduct � producedByrelationis theManufacturer �

producesrelation.
An object's relationalattributesarelogical attributesthat

containinformationabouttheobjectsit is relatedto. For ex-
ample,one of a Product object's relationalattributesis the
total numberof productsproducedby its manufacturer. Re-
lational attributesarede�ned recursively, and the relational
attributesof an objectconsistof the intrinsic attributesand
relationalattributesof theobjectsit is relatedto, andsoon. It
is commonto limit thedepthof recursionin somemanner.

Each object must have a �x ed numberof relational at-
tributes for any given depth to facilitate the use of exist-
ing tools on relationaldata. Unfortunatelyeachobjectwith
many-relations(or that is relatedto an object with many-

relations)hasa variablenumberof relatedobjectsfor any
givendepth. In orderto reconcilethis difference,we aggre-
gatethe valuesof a setof instancesinto a �x ed numberof
attributesusinga setof aggregationfunctions.Theattributes
for any particularinstancearea subsetof the attributesthat
arepossibleataclasslevel (if amany-relationonaninstance
is empty, someof theclasslevel attributeshave no valuefor
the instance).Thus,moreformally, let  ��$�,+.-/� bethesetof
relationalattributesfor � up to adepthof - . Let thesetof all
attributes(intrinsic andrelational)for theclassto depth - be

�10#0��$�,+.-/�324���$����56 7���,+�-8� .
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When � is aone-relation�,VXV is theidentity function.When
� is a many-relation �,VXV appliesa setof aggregationfunc-
tions to � andresultsin oneattribute per aggregationfunc-
tion. The aggregationsuseddependon the type of � ; in
our experimentswe usemin, max, mean,andstandardde-
viation if � is numericandmodeif � is categorical. We also
includeoneadditionalrelationalattributepermany-relation,
which is the countof the numberof objectsthat satisfy the
relation. Eachrelationalattribute usesan intrinsic attribute
from a singleclass,andpassesit throughthesetof aggrega-
tion functionsfor eachmany-relationbetween������� andthe
classwith the intrinsic attribute. For example,the relational
attributesof Manufacturer might includetheaveragepriceof
productsit produces,themaximumpriceof a productit pro-
duces,the countof the numberof productsit produces,the
mostcommoncolor of a productit produces,themaximum
of theaveragesalepriceof productsit produces,etc.

The de�nition of  above is at theclasslevel, but we are
interestedin thevaluesfor theseattributesataninstancelevel.
This is simply a matterof startingfrom theinstance,follow-
ing relationsandcalculatingaggregationsasspeci�ed in the
precedingde�nition. We describethis procedurein morede-
tail (includingpseudo-code)in Section4.1.

3 Relational Learning
Oneof the possiblegoalsfor relationallearningis to build
modelsto predict the valueof sometarget attribute (or at-
tributes)of atargetclass(or classes)from theotherattributes
of theobjectsof the targetclassandthe objectsthey arere-
latedto. (Note that thetargetattributecanbeintrinsic or re-
lational.) A training dataset–with the valuesof the target
attributes�lled in–is presentedto thelearner, andthelearner
mustproducea modelthat accuratelypredictsthe valuesof
the target attributeson someotherdataset,wherethey are
unknown. This is the type of relationallearningwe will fo-
cuson in the remainderof this paper. Otherpossiblegoals
for relationallearningsystemsincludebuilding probabilistic
modelsover link existenceandobjectexistence(seeGetoor
et al. [2001]).

Perhapsthe simplest method for performing relational
learning is to �atten the data into a propositionaldataset,
andpassit to anexistingpropositionallearningsystem.Flat-
teningproceedsasfollows: a targetdepth- is selected,anda



propositionaltrainingexampleis constructedfor eachobject
in thetargetsourceby calculatingthevaluesof theattributes
in the set �#010��$�������Y+.-/� . The advantageof this methodis
its simplicity, but it hasseveraldisadvantages.Oneis thatit is
veryslow: calculatingthevaluefor eachattributepotentially
requiresloadinga large portion of dataset from disk, and,
even for modestvaluesof - , therecan easily be thousands
or tensof thousandsof attributesfor eachobject. This prob-
lem grows worsethanlinearly with thesizeof therelational
dataset,becauselargerdatasetshavemoreobjectsthatneed
theirattributescalculated,andeachof theseobjectsis related
to moreobjectsin the largerdataset;theexactcostdepends
on thedensityof therelationalstructurein thedata.Another
disadvantageof this methodis that it producespropositional
learningproblemswith very largeattributespaces.Largeat-
tribute spaceslead many learningalgorithmsto over�t the
training data. Further, this often meansthat the sizeof the
�atteneddatasetis muchlargerthantherelationalone,which
leadsto additionalscalingchallenges.

Onemethodusedto addresstheseproblemsis to avoid �at-
teningtheentiredatabase,andinsteadperforma searchover
thespaceof possiblerelationalattributes.This is themethod
usedby PRMs[Friedmanet al., 1999]. PRMswork by �rst
selectinga smallsubsetof thepossibleattributesusingsome
form of featureselection.Suf�cient statisticsaregatheredfor
the selectedattributesandpassedto a propositionallearner
(PRMsuseaBayesianNetwork learningalgorithm,modi�ed
to learncoherentjoint distributionsin thepresencerelational
data). Whenthe learnerproducesa model,a new setof at-
tributesis selectedby performinganotherroundof featurese-
lection, taking into accountthe informationcontainedin the
partially learnedmodel. The systemgathersany new suf�-
cientstatisticsit needs,andthepropositionallearneris called
to re�ne its existing model with the new set of attributes.
Thesestepsarerepeateduntil resourcesareexhaustedor until
thequality of theresultingmodelasymptotes.

Theseapproachesimprove on �attening, but they still do
not scaleto very largedatasets.Onereasonis thatthey must
�atten eachattribute they areconsideringfor every objectin
the target sourcebefore they can do any featureselection.
Thisis wastefulbecausethefeatureselectiontaskis oftenrel-
atively easy, anddecisionscouldbemademuchsoonerwith
high con�dence. Additionally, thegreedysearchprocedures
they usemay miss interestingfeaturesthat could be easily
found with moresystematicsearch. In the next sectionwe
will presentour system,whichaddressestheseproblems.

4 ScalingUp Relational Learning

Our system,which we call VFREL, hasthreemain compo-
nents. The �rst is a query plannerdesignedto provide ef-
�cient accessto training dataon disk asneededby the rest
of our system.The secondis a �lter -basedfeatureselection
algorithmthat is acceleratedwith sampling. The third is a
propositionallearningalgorithm. At a high level, VFREL
worksby usingsamplingto selecta promisingsubsetof the
possiblerelationalattributes,saving time by �attening those
while ignoring the others,and then calling a propositional
learneron the �attened values. In particular, it begins by

scanninga sampleof the targetobjectsand�attening all at-
tributesup to a large depth. This is very slow, but VFREL
only doesit for a small sampleof the targetobjects. It then
pausesandusesstatisticalteststo identify attributesthatare
poor enoughthat, with high con�dence, they would not be
selectedby thefeatureselectionalgorithmif it couldseetheir
valuesfor all of the target objects. As soonas it identi�es
any suchclearlosers,VFREL savestimeby eliminatingthem
from further consideration.VFREL repeatsthis procedure,
generatingfewer andfewer attributevalues(requiringfewer
disk accessesandlessprocessortime) on moreandmoreof
the dataset. After computingattribute valuesfor all of the
target objects,VFREL performsa �nal roundof featurese-
lection,constructsa propositionaldatasetfrom the �nal set
of selectedattributes,andpassesit to a propositionallearn-
ing algorithm. We will now describethecomponentsof our
systemin moredetail,startingwith our dataaccessmodule.

4.1 Ef�cient Data Access:Traversal Tree
VFREL needsto calculatethe valuesof somerelationalat-
tributesfor eachtarget object. In orderto do this, every re-
latedobjectthatis relevantto oneof theseattributesneedsto
be loadedfrom disk andprocessed.VFREL candetermine
which relationsit needsto follow to gatherthis setof objects
from the informationit hasat classlevel. It builds a treeof
theserequiredrelationalpaths.It thentraversesthetree,fol-
lowing eachrelation at most once, loading datainto RAM
only asit is needed,andcomputingtherequiredattributeval-
ues. TraversalTreeswork with binary relations. If the do-
main containsN-ary relations,they areencodedinto binary
relationsin theusualway.

Nodesin thetraversaltreecorrespondto classes,andedges
correspondto relations.During its run, VFREL maintainsa
treethatcontainsexactly the relationsthatmustbefollowed
to calculatethevaluesof therelationalattributesof thetarget
objectthathave not beendeterminedto beclearlosers.And
so,ateachnodein thetree,VFREL maintainsa list of theat-
tributeswhosevaluesneedto becalculatedfrom theinstances
of that classthat are encounteredat that point in a traver-
sal. In VFREL's �rst iterationthe traversaltreeis simply an
unrolledversionof the classgraph,andcanbe constructed
in time proportionalto the size of �1010���0#�Z�I[/\I]%�X^O�8_`_�+�-8�

as follows. The root node representsthe classof the tar-
get object. A child is addedto this nodefor eachclassin

 �!�"1��0#�Z�I[/\I]%�X^O�8_`_a� , andso on recursively until the treeis
depth - . Let 0 bea node, 0Gb betheclassrepresentedby the
node,\ beanedge,and \

; betherelationrepresentedby the
edge. Next, we build a list on eachnode(let 0

H be the list
on node 0 ) that representsthe attribute valuesthat mustbe
calculatedat thatpoint in the traversalasfollows. We com-
putetheset �1010c��0#�Z�I[/\I]%�X^��/_`_�+�-8� . Eachof theseattributes
is basedononeof theattributesof oneclass(seeEquation1)
andis addedto theassociatednode's list. Following cyclesin
therelationalstructurecanleadto someobviously redundant
attributes.Many suchattributesareremovedat this point by
removing lengthonecyclesthatinvolveaone-relationandits
inverse.

WhenVFREL needsto calculatethevalueof therelational
attributesfor aparticulartargetobjectit usesthetraversaltree



Table1: Pseudo-codefor calculatingattributevalueswith a
traversaltree.

ProcedureTraverse(0 , � )
0 is a traversaltree

� is aninstanceof class0Gb

Let  d2feKg betheresultsof thetraversal
Recordin  thevaluesfor attributesin 0

H from �

For \chi�XjCkl^O-��a\T�3��0,�

Let 0

bnm bethenodereachedvia \

Let �Xo%pZ_ be �q&r\

;

If �Xo%pZ_ is empty, everyattributein 0

bnm andall of
its childrenis missing,notethis in  

If \

; is a onerelation,let �

bnm betheobjectin �Xo%pZ_

 d24 s5 Traverse(0 bnm , �

bnm )
Else \

; is a many relation,let 01t�uv2feKg

For �

bnm

h��Xolp/_

0#t�uw2x0#t�uy5 Traverse(0 bnm , �

bnm )
Performneededaggregations,notevaluesin  

Return  

to determinewhich objectsto loadfrom disk andwhen. Ta-
ble1 containspseudo-codefor theprocedure.

As therunprogresses,andattributesareeliminatedby fea-
ture selection,VFREL will remove theeliminatedattributes
from the attribute lists on the traversaltree's nodes. Notice
thata leaf with anemptyattribute list correspondsto anob-
ject whereevery attributehasbeendeterminedto bea loser.
Suchobjectsdo not needto be loadedfrom disk andso the
leaf is prunedfrom the tree(internalnodesmayhave empty
lists asthey canstill contributethroughtheobjectsthat they
arerelatedto).

This traversalstrategy allows VFREL to follow eachedge
in the traversaltreeonly once(insteadof onceperattribute,
asmight bedoneif following anedgerequiredjust a pointer
dereferenceinsteadof a disk access).1 It alsoallowsVFREL
to bevery ef�cient with its RAM usage.In particular, at any
point in the traversalit requiresthat oneobjectbe in RAM
per edgein the path from the root to the current traversal
treenode. It alsorequiresRAM to storethe partially com-
putedattributevalues.(Themaximumspacerequiredfor this
is on the orderof the numberof relationalattributesof the
targetclass,sincerelationalattributevaluesarecomputedin
anonlinemannerasobjectsareloadedfrom disk.) For each
many-relationVFREL alsomaintainsa list of hashkeys for
theobjectsit will needto loadto �nish following therelation.

4.2 FeatureSelectionwith Sampling
Our systemuses�lter -basedfeatureselection[Kononenko,
1994], [Kohavi andJohn,1997] to explore the spaceof re-

1Noticethatthedescriptionheremayrequireanobjectbeloaded
from diskmorethanoncepertraversalif it is reachedvia severaldif-
ferentrelationalpaths.The full VFREL systemusesseveral forms
of cachingto reducethis redundancy, but they arenot reportedonor
evaluatedin this paper.

lational attributes. The goal is to identify the relationalat-
tributesthataremostrelevantto thelearningtaskandacceler-
ateoursystemby only calculatingthevaluesof theserelevant
attributes,while ignoring therest. VFREL usessamplingto
acceleratethisprocess,andis ableto eliminateattributes(and
thuspathsfrom thetraversaltree)with lessthanonescanover
thedataset.This allows it to bemoreef�cient thanstandard
PRMlearning.

Filter-basedfeatureselectionworksasfollows. Theutility
of eachfeatureis estimatedon training datawith a scoring
function (commonlyinformationgain). The bestN features
areselected,andtherestarediscarded.Traditionally, calcu-
lating the informationgain of an attribute requiresknowing
the valueof the attribute for every training example. In our
context, this meansthat the entiredatasetneedsto be �at-
tenedbeforefeatureselectioncan take place,which results
in no speedgain. If we arewilling to accepta small chance
of makingan error, we canusesamplingto do muchbetter.
VFREL usestechniquesdevelopedby HultenandDomingos
[2002] andothersto do just that. Standardstatisticalresults
canbeusedto obtaina high con�denceboundon thediffer-
encebetweenthegainobservedfor a featureon a sampleof
dataandthe true gain of the feature. For example,the Ho-
effding bound[Hoeffding,1963] saysthefollowing. Let z be
a randomvariablewith range . Let {z bethemeanof n i.i.d.
(independentand identically distributed) observationsof z .
Then,with probability |G}w~ , theHoeffding boundguarantees
that z�•€{ z•}�‚ where

‚)2„ƒ

 �…T^E�3��|`†‡~K�

ˆ

�

(2)

We apply this bound to our setting as follows. Let
V����

U

+���� be the informationgain observed for attribute �

U

on a sampleof n examplesandsimilarly for V��$�

…

+%��� . Re-
call that therangeof theinformationgainfunctionis thelog
basetwo of thenumberof valuesof the targetattribute. Let

‰

2ŠV����

U

+����G}�V����

…

+

ˆ

� . We bound
‰

with theHoeffding
boundandthus,if

‰

}•‚1•Œ‹ , weknow with con�dence |•}•~

that �

U truly hasahigherinformationgainthan �

…

, andthus
that thefeatureselectionalgorithmwould select�

U over �

…

if the gainswerecomputedfrom the entire training set, in-
steadof from thesample.Thus,whentrying to �nd thetopN
featuresin the trainingset,andafter thevaluesof relational
attributeshavebeengeneratedfor the�rst n targetobjects,we
canstatethefollowing. Let �,Ž betheattributewith the •�•

m

bestgainon thesample.Then,with con�dence |,}‘~Z’ , any
attributewith againlessthan V��$�

Ž
+�����}�‚ is notoneof the

bestN attributes. ~�’ is differentfrom the ~ in theHoeffding
boundbecausemany comparisonsareinvolvedin thefeature
selection,andthustheboundneedsto beappliedmany times
to assurea global level of con�dence. We usea Bonferroni
correctionandset ~ by dividing ~Z’ , thedesiredglobalcon�-
dence,by thenumberof boundsthatneedto hold duringthe
algorithm'sentirerun.

Samplingfrom relationaldatamay violate the i.i.d. re-
quirementof theHoeffding bound.Takingthis into account,
usingnon-i.i.d. extensionsof Hoeffding-stylebounds,is an
importantdirection for future research(seealsoJensenand
Neville [2002a] [2002b]).



Table2: Pseudo-codefor theVFREL algorithm.

Let “f24�#010���0W���I[8\I]%�X^O�8_`_K+.-/�

Let 0s2 Initial Traversaltreefor “

Let ”•2 Initial stepsize
Let �f2 Databasecursorfor thetargetobjectsource
While � is not �nished

Calculatevaluesfor “ onnext ” objectsfrom �

Computeinformationgainfor attributesin “

Order “ by informationgain
Let V Ž begainof the •�•

m bestattribute
Removefrom “ everyattributewith gain –—V Ž }�‚

Update0 by droppingtheremovedattributes
Call theStepSizefunctionto �nd next ”

Returntheresultof thepropositionallearneron the
bestN attributes

4.3 The VFREL Algorithm
Wewill now describeVFREL,ouralgorithmfor miningmas-
sive relationaldatasets,in detail. Theinputsarea relational
dataset,atargetclassandtargetattributeof thatclass,adepth
cutoff - , aglobalcon�dencetarget ~Z’ , a targetnumberof fea-
turesN, a function that speci�eshow many samplesto take
beforeperforminga roundof featureselection(StepSizebe-
low), andapropositionallearningalgorithm.Table2 contains
pseudo-codefor VFREL.

VFREL iteratesover the target objectsand startsgener-
ating valuesfor all of the attributesthat are at most depth

- away. It periodically pausesto perform a round of fea-
ture selection,informedby the datathat hasbeengenerated
up to that point. The information gain for eachof the at-
tributesbeing consideredis computed,and they are sorted
by their information gain. The •�•

m bestattribute is deter-
mined,andits informationgain is noted. From the Hoeffd-
ing bound,we know with high probability that any attribute
with a scorelessthan V

Ž
}s‚ will not be selectedas one

of the �nal N attributes,anddoesnot needto beconsidered
further. In orderto assurea global con�denceof ~Z’ that the
correctattributesareselected,eachlocal ‚ is determinedwith

~X24~K’I†/�Y˜ �#010���0W���I[8\I]%�X^O�8_`_K+.-/�™˜nš@k%� , wherek is anestimate
of the total numberof iterationsof VFREL's main loop that
will beperformed2. WhenVFREL �nishes with all thetarget
objects,it performsone�nal roundof featureselection,keep-
ing only thetopN features.Finally, apropositionaldatasetis
createdfrom theattributevaluesthatwerecalculatedduring
thefeatureselectionandthepropositionallearningalgorithm
is calledto produceamodel.

Notice that this algorithm assumesthat objects are re-
trievedfrom thetargetobjectsourcein randomorder, which
is usuallypossible.In our application,for example,we iter-

2If theestimateis exceededwe reporttheglobalcon�dencethat
wasactuallyachieved,or thealgorithmcanberunagainwith abetter
estimateif needed.Ourexperimentsrequiredjust13iterationsof the
mainloop.

ateover the keys of a DBM style hashtable,which returns
keys in essentiallyrandomorder. Othersettingsmayrequire
a scanover thedatasetto randomizeit.

Earlyiterationsof VFREL takerelatively long,asthey gen-
eratevaluesfor many attributes,andthusrequiremany ob-
jectsbe loadedfrom disk. As thealgorithmproceeds,how-
ever, it is ableto eliminateattributesthatareclearlynot go-
ing to be selected,stop following the relationsassociated
with them, focus its attentionon the promising attributes,
andthusgenerateattributevaluesfor laterobjectmuchmore
quickly. VFREL will bemosteffective whentherearemany
unpromisingattributes that can be eliminatedquickly, and
whenthe promisingattributesareall found alongthe same
set of relationalpaths. In the next sectionwe describean
applicationwe developedto evaluatetheperformanceof our
algorithm,andto determineif it cansuccessfullylearnfrom
massive relationaldatasets.

5 Predicting the Evolution of the Web
The World Wide Web has received much study in recent
years.Researchershave studiedwaysto classifyWeb pages
into categories (e.g., Slattery and Craven [2001]), search
for high quality pages(e.g., Kleinberg [1998], Pageet al.
[1998]), model the way Web pagesacquirelinks over time
(e.g., Barabasiand Albert [2000], etc.) One commonality
amongmuchof thiswork is thatanalyzingthecontentof Web
pagesin isolationseldomproducesthebestresults–thelinks
betweenpagesoftencontaincritical informationthatmustbe
taken into account.Unfortunately, aswe have seen,stateof
theart systemsfor building complex relationalmodelsarein
incapableof scalingto datasetsthesizeof theWeb.

In this sectionwe describean applicationof VFREL to
mining a massive Webdataset.Thegoal is to build a model
thataccuratelypredictsif aWebpage'spopularitywill riseor
fall in thefuture.Suchmodelswould beuseful,for example,
to help improve searchengineresultsfor new pages,andto
helpdesignerscreatepagesthatpeoplewill reference.Wees-
timatethepopularitychangein a Web pageby countingthe
numberof pagesthat point to it in onecrawl, andtrying to
predictif thepagewill belinkedto by � veor moreadditional
pages,� ve or morefewer pages,or within � ve of the same
numberof pagesin a futurecrawl. We take into account47
intrinsic attributesof nearlytwo million Webpages.We also
makeuseof relationalinformationthatincludessevenobject
sourcesandmillions of relations.

Our applicationbegins with a crawl of approximately1.7
million Web pagesfrom .edudomainsthat wasgatheredin
early Juneof 2001. The crawl containspagesfrom 31k
uniqueWebhostsanduses23GB of diskspace.It wasgath-
eredstartingfrom a small setof seedWeb pages(Google's
top 20 resultsfor the query `university') and performinga
breadth-�rstcrawl until no more�les would �t on thedisk3.
Thecrawl ranonaclusterof � ve1 GhzLinux machines,and
took approximately3 daysto �nish. We gathereda second
crawl, using the sameprocedureand set of seedpages,in

3Theversionof Linux weusedfor thesestudieslimited thenum-
ber of �les in a partition to 1.7 million. We plan on removing this
limitation in a futurestudy.



Novemberof 2002. Therewere563kpagesthatappearedin
bothcrawls.

We puteachof thepagesthatappearedin bothcrawls into
adatabase(anobjectdatabasewhichwe implementedon top
of GDBM). We usedseven object sourcesto representthe
domain,andtheir propertiesareasfollows:

WebPage Thereare563,083Web pageobjectsin our data
set. Eachhas47 attributes,including binary attributes
to indicatethe presenceof the top 10 wordsaccording
to informationgain on the training set; the numberof
images;characterizationsof alt text usage,scriptusage,
color usage,etc.4 andthePageRank[Pageet al., 1998]
of thepagewithin thesubsetof theWebcoveredby the
�rst crawl.

WebPageLink Thereare2,154,420Web pagelink objects,
onefor eachlink betweenthepagesin ourdataset.Each
of theseobjectshasa one-relationfor its sourceanda
one-relationfor its destination.

Domain Thereare 21,069domainobjectsin our dataset.
Each has a single categorical attribute, the Carnegie
Classi�cation(a publicly availableclassi�cationof uni-
versitiesby their types)of theschoolit belongsto.

WebPageDomainLink Thereare 563,083links from Web
pagesto theirdomain,onefor eachWebpage.Eachlink
hasonenumericattribute, the depthof the pagein the
domain.Eachalsohasa one-relationfor thepageanda
one-relationfor thedomain.

Site We identi�ed 412 sitesin our crawl. A site is distinct
from a domainby beingmanagedby a small groupof
peopleandbeingabouta well de�ned topic. We used
a setof handcraftedregular expressionsthat examined
URLs andidenti�ed sitesincludinghomepages,course
pages,group pages,and project pages. The very low
numberof sitesidenti�ed by our heuristicsis problem-
atic, andin futurework we hopeto improve this. Each
sitehasanattributethatspeci�esits type.

WebPageSiteLink There were 1411 links betweenWeb
pagesandsites.Eachcontainsaone-relationto thepage
andaone-relationto thesite.

SiteDomainLink Therewere 412 links from sitesto their
domains. Eachhasa single attribute, the depthof the
site in thedomain. Eachalsohasa one-relationfor the
siteandaone-relationfor thedomain.

Notethatconceptuallythisdomaincouldbemodeledwith-
out theLink objects.We modeledit this way for severalrea-
sons: it is the bestway to encodethe many-many relation
betweenWebPageobjectsin our database;it is conceptually
simplerto have all links modeledthesameway; it is cleaner
andmoreextensibleasweaddadditionalfeaturesto thelinks
(which we plan to do in future work); and it doesnot hurt
ef�ciency comparedto theothermethod.

We built index structuressothatany relationcouldbefol-
lowed by accessingthe index on disk, andthenloading the

4Many of these attributes were gatheredwith the WebSAT
toolkit: http://zing.ncsl.nist.gov/WebTools/

relatedobjectsfrom theGDBM on-diskhashtablethatcon-
tainsthem.Theresultingdatabaseandassociatedindex struc-
turestook on orderof a dayto constructon a 1GhzPIII, and
occupy approximately900MB of disk space.Readingall the
objectsfrom disk in randomordertakesabout450seconds.
Noticethatmany of theattributesin ourdomainarenumeric.
We turn theseattributesinto categorical onesas neededby
dividing theattributeinto tenapproximatelyequal-frequency
regions. EachWebPageobjecthasa target attribute, whose
valueis `Gain5' if thenumberof links to thepagein thenew
crawl is at least5 greaterthanin theoriginal crawl, `Lose5'
if thenumberof links to thepagein thenew crawl is at least
5 lessthanin the original crawl, and`Same'otherwise.We
evaluatedthelearningalgorithmsin thisdomainby removing
thetargetattributefrom arandomlyselected30%of theWeb-
Pageobjects,usingthe learningalgorithmsto build models
on thedataset,andusingthemodelsto �ll in thesemissing
labels.

For theseexperimentswe setVFREL's parametersasfol-
lows: maximumdepth, -›2•œ ; globalcon�dence, ~Z’72žœZŸ ;
N, numberof featuresto select 2 |T‹K‹ ; andStepSizebegan
at 1,000 and was doubledin every iteration where feature
selectiondid not shrink the size of the traversal tree. We
usedthe C4.5 decisiontree learner[Quinlan, 1993] as the
propositionallearner. We selectedthis learnerover a scal-
able propositionallearnerfor two reasons:the N-attribute
�attened training examplesfor the 563k Web pageobjects
�t in RAM, andwe wantedto make the contribution of our
relationalfeatureselectionalgorithm easierto evaluate. In
future work we plan on combiningVFREL with the scal-
ableVFDT decisiontreeinductionalgorithm[Domingosand
Hulten,2000]. We ranour systemin parallelon a clusterof
� ve1GhzPentiumIII workstationsrunningLinux with RAM
sizesrangingfrom 256MBto 512MB.

We comparedour systemto simply �attening thedatabase
and passingthe �attened data to C4.5. With our comput-
ing resourceswe wereableto �atten depthsup to 2, andthe
�attened datasetsareFlat0 (no relationalattributes),Flat1,
and Flat2 below. We also comparedto one of the leading
modelsof Web evolution, thepreferentialattachmentmodel
[Barab́asi et al., 2000]. The preferentialattachmentmodel
proposesthat links are constantlybeing addedto the Web,
andthat theprobability thatany particularpageis the target
of thenext link is proportionalto thenumberof links that it
alreadyhas.We couldnot estimatetheparametersneededto
applythis modeldirectly in our setting.Instead,we usedthe
insight it is basedon andbuilt a decisiontreeon a singlere-
lationalattribute: thenumberof pagesthatpoint to thetarget
page(non-discretized).

We ran VFREL andFlat0-2with all of their attributes(-
full below) and also after performingadditionalfeaturese-
lectionto selectthebest20attributesin eachsetting.Table3
containsthe resultsof our experiments.Using 20 attributes
yielded the bestresultsfor every system. VFREL with its
20 bestattributesachievedthehighestaccuracy of any of the
algorithmswe considered.Notethatwhile thedifferencesin
errorratearesmallonapercentagebasis,they weremeasured
on 169ktestobjectsandrepresentrealdifferencesin perfor-
mance. Also notice that increasingthe depthof attributes



Table3: Resultsof thecomparisonbetweenVFREL, �atten-
ing depth0 - 2, the preferentialattachmentmodel,andpre-
dicting themostcommonclass,MCC, which wasSame.We
show VFREL andFlat0- 2 with their full featuresetandafter
doingadditionalfeatureselection.

Algorithm TestSetError # Nodes # Attribs
MCC 10.2% 0 0
PrefAtt 8.2% 5 1
Flat0 10.9% 18,372 20
Flat1 8.5% 11,663 20
Flat2 8.2% 9,741 20
VFREL 8.1% 7,465 20
Flat0-full 11.2% 10,197 47
Flat1-full 8.8% 15,117 50
Flat2-full 8.3% 10,308 330
VFREL-full 8.6% 14,289 100

consideredresultsin smaller, more accuratemodelsin our
experiments.This suggeststhat thesedeeperattributesactu-
ally do containvaluableinformationfor our task,andthat it
may be bene�cial to explore further thandepth5 – we plan
ondoingthis in futurework. Theruntimesfor generatingthe
�atteneddatasetswere(in CPU+ systemhours):Flat0,.27;
Flat1,.30; Flat2,12.9. We estimatefrom generatingthe�rst
10k examplesthat Flat4 would have taken 54 days,andwe
estimatefrom generatingthe �rst 1,000examplesthat Flat5
would have taken 261 days. Our systemwasableto gener-
atevaluesfor thebest100 featuresup to depth5 in 20 days
of CPUtime (4 daysof wall time becauseit ran in parallel).
VFREL is thusanorderof magnitudefasterthandirectly�at-
teningthedata,andproducesthemostaccuratemodelof any
of thesystemsweevaluated.

At the beginning of its run, VFREL was forced to fol-
low 56 relational paths from each Web page to gather
the objects needed to calculate the 3,536 attributes in

�10#0��$¡¢\ao¤£X��[8\�+Yœ�� (after the obviously redundantones
wereremoved). By the endof the run it wasfollowing just
14 pathsfor eachWeb page. Every selectedrelationalpath
beginsby following the`linkedfrom' relationfrom thetarget
object(that is, all selectedrelationalattributesareproperties
of pagesthat point to the targetpage).After that, the `links
to', `linked from', and`domain' relationswereused. None
of theSite relatedattributesor relationswereusedto calcu-
latethe100bestattributevalues.We believethiswill change
whenwe improveour siteidenti�cation heuristics.

The top 20 attributesincludedattributesformedusingev-
eryaggregationweallowedexceptfor mode.Elevenof them
wereaggregationsof the PageRankof pagesthat pointedto
the target, or were linked (in eitherdirection) to pagesthat
pointedto thetarget. Otherselectedfeaturesincludedaggre-
gationsof countsof Web pages,of depthsof pagesin their
domain,of the numberof wordsin link anchors,andof the
sizeof relatedpagesin bytes.Thebestattributewasthepref-
erentialattachmentone,thecountof thenumberof pagesthat
point to thetarget. By examiningthedecisiontreeproduced
by C4.5we determinedthattheinformationin thePageRank
attributeswasmostlycapturedby thepreferentialattachment

attribute. We foundtheattributesthatcontributedto our sys-
tem's improvementover the preferentialattachmentmodel
werepropertiesof otherpagespointedto by the pagesthat
pointedto the target, like the varianceof thedomaindepths
of theotherpagespointedto by pagespointingto thetarget,
and the popularity (as measuredby the numberof inlinks)
of the otherpagesthey point to. Thesefeaturesarea depth
of 5 from the target class,andit is unlikely that they would
have beenfound by other relational learningsystems. We
believe thatpropertiesof thepagespointing to thetargetare
importantfor this predictiontaskbecausepeople�nd thetar-
getpage(a prerequisiteto linking to thepage)throughthese
links.

Generatingattribute valuesfor the medianhundredWeb
pagesout of the �rst thousand(beforeany featureselection)
took 3,488secondsandrequiredthatnearly5 million object
be loadedfrom disk. In the last iterationof VFREL's main
loop, whenit wasexploring just 14 relationalpaths,theme-
dian100objectstook just153secondsand420kobjectloads
– animprovementof anorderof magnitudeby eithermetric.
Therewasagreatdealof variancein thetimeit tookto gener-
ateattributesfor 100objects.In fact,somesingleWebpages,
even on the �nal iterationwith only 14 relationalpaths,re-
quiredthousandsof secondsandmillions of objectloads.We
examinedsomeof theseWebpagesandfoundthemto beex-
tremelyhighly connected(tensof thousandsof in links), on
very largedomains(with many tensof thousandsof pages),
or both. In futurework we planon exploring theuseof on-
line aggregations[Hellersteinet al., 1997] to reducethetime
neededto generateattributevaluesfor thesehighly connected
objects.

6 RelatedWork

Learningfrom relationaldatahasbeenextensively studiedby
the inductive logic programming(ILP) community [Lavrac
andDzeroski,1994]. In general,ILP learnsmodelsfrom a
richer classthan our work (for example,learningrecursive
concepts),but is alsogenerallybelievedto bevery inef�cient
for largedatabases.Blockeelet al. [1999] developeda scal-
ableILP systemnamedTILDE thateffectively �attens rela-
tional datainto whatthey call interpretationsandthenusesa
versionof FOIL [Quinlan,1990], modi�ed to make ef�cient
accessto datafrom disk,ontheseinterpretations.TILDE was
evaluatedonasyntheticdatasetwith 100,000trainingexam-
ples. VFREL scalesto muchlarger datasetsby usingsam-
pling to focuson relevant attributesand relations. Slattery
andCraven [2001] extensively studiedthe useof relational
learningfor hyper-text documents.They developeda hybrid
algorithmthat combinesNaive Bayes,FOIL, andmany in-
sightsinto the natureof the Web, and appliedit to several
Webmining tasks.Their focus,however, wasnoton scaling,
andthelargestdatasetthey consideredcontainedontheorder
of thousandsof Webpages,while ourscontainsmillions.

7 Future Work

Directionsfor futurework on VFREL include: moreclosely
integratingit with ascalablepropositionallearningalgorithm



(for exampleVFDT); modifying learnersto exploit informa-
tion from thedatagenerationprocess(for example,whenare-
lationis missing,many relatedattributessimultaneouslyhave
missingvalues);extendingit to the casewherethe contents
of objectsourceschangeovertime;modifyingit to iteratebe-
tweenfeatureselectionandlearningphases;andapplyingit
to otherdomains.

Future directionsfor our Web applicationinclude: per-
forming a similar studywith a largerWebcrawl; performing
asimilarstudyonamorevolatileportionof theWeb(perhaps
.com);addingmoreintrinsic attributesto theobjects(words
on links, moretext, etc.); building modelsto predictwhich
links will appearover time; and building modelsfrom the
streamof pagesthata crawler �nds asit �nds them.

8 Summary
In thispaperweexploredsomeof theissuesthatpreventrela-
tionallearningalgorithmsfrom scalingto verylargedatasets.
Wedevelopedasystem,VFREL,whichusesef�cient dataac-
cessandsamplingto ef�ciently explorethespaceof relational
attributes.We usedVFREL to minedatasetscontainingmil-
lions of objectsandlinks, andfound it to build modelsthat
weremoreaccuratethan thoseproducedby any of the sys-
temswe evaluated,discover novel relationalattributes,and
work an order of magnitudefasterthan the alternative ap-
proaches.

Acknowledgments
This researchwas partly supportedby an NSF CAREER
grant to the secondauthor, by ONR grant no. N00014-02-
1-0408,andby a gift from theFord Motor Co.

References
[Barab́asiet al., 2000] A. L. Barab́asi, R. Albert, and H. Jong.

Scale-freecharacteristicsof randomnetworks: The topologyof
theWorld WideWeb. PhysicaA, 281:69–77,2000.

[Blockeelet al., 1999] H. Blockeel, L. D. Raedt,and N. Jacobs.
Scalingup inductive logic programmingby learningfrom inter-
pretations.Data Mining andKnowledge Discovery, 3(1):59–93,
1999.

[DomingosandHulten,2000] P. Domingosand G. Hulten. Min-
ing high-speeddatastreams. In Proceedingsof the SixthACM
SIGKDDInternationalConferenceonKnowledgeDiscoveryand
DataMining, pages71–80,Boston,MA, 2000.ACM Press.

[Friedmanet al., 1999] N. Friedman, L. Getoor, D. Koller, and
A. Pfeffer. Learningprobabilisticrelationalmodels.In Proceed-
ingsof theSixteenthInternationalJoint Conferenceon Arti�cial
Intelligence, pages1300–1307,Stockholm,Sweden,1999.Mor-
ganKaufmann.

[Gehrke etal., 1999] J. Gehrke, V. Ganti, R. Ramakrishnan,and
W.-L. Loh. BOAT: optimisticdecisiontreeconstruction.In Pro-
ceedingsof the 1999 ACM SIGMOD International Conference
onManagementof Data, pages169–180,Philadelphia,PA, 1999.
ACM Press.

[Getooret al., 2001] L. Getoor, N. Friedman, D. Koller, and
B. Tasker. Learningprobabilisticmodelsof relationalstructure.
In Proceedingsof the18thIntern.ConferenceonMachineLearn-
ing, pages170–177,SanFrancisco,CA, 2001. Morgan Kauf-
mann.

[Hellersteinet al., 1997] J.Hellerstein,P. Hass,andH. Wang. On-
line aggregation. In Proceedingsof theSIGMODIntern.Confer-
encceonManagmentof Data, Tuscon,AZ, 1997.

[Hoeffding, 1963] W. Hoeffding. Probabilityinequalitiesfor sums
of boundedrandomvariables.Journalof theAmericanStatistical
Association, 58:13–30,1963.

[HultenandDomingos,2002] G. HultenandP. Domingos.Mining
complex modelsfrom arbitrarily largedatabasesin constanttime.
In Proceedingsof theEighthACM SIGKDDInternationalCon-
ferenceon Knowledge Discovery and Data Mining, pages525–
531,Edmonton,Canada,2002.ACM Press.

[JensenandNeville, 2002a] D. JensenandJ.Neville. Autocorrela-
tion andlinkagecausebiasin evaluationof relationallearners.In
Proceedingsof theTwelfthInternationalConferenceonInductive
Logic Programming, Sydney, Australia,2002.Springer.

[JensenandNeville, 2002b] D. JensenandJ.Neville. Linkageand
autocorrelationcausefeatureselectionbias in relational learn-
ing. In Proceedingsof theNineteenthInternationalConference
on Machine Learning, pages259–266,Sydney, Australia,2002.
MorganKaufmann.

[JensenandNeville, 2002c] D. JensenandJ.Neville. Schemasand
models. In Proceedingsof the Multi-Relational Data Mining
Workshop,8th SIGKDD Intern. Conf. on Knowledge Discovery
andDataMining, Edmonton,Canada,2002.ACM Press.

[Jensen,1998] D. Jensen.Statisticalchallengesto inductive infer-
encein linkeddata.In Preliminarypapersof the7thIntern.Work-
shoponArti�cial IntelligenceandStatistics, 1998.

[Kleinberg, 1998] J. M. Kleinberg. Authoritative sourcesin a hy-
perlinked environment. In Proceedingsof the Ninth Annual
ACM-SIAMSymposiumon DiscreteAlgorithms, pages668–677,
Baltimore,MD, 1998.ACM Press.

[Kohavi andJohn,1997] R. Kohavi andG. John.Wrappersfor fea-
turesubsetselection.Arti�cial Intelligence, 97(1-2),1997.

[Kononenko, 1994] I. Kononenko. Estimatingattributes:Analysys
andextensionsof relief. In F. BergadanoandL. D. Raedt,editors,
Proceedingsof theEuropeanConferenceon MachineLearning,
1994.

[LavracandDzeroski,1994] N. LavracandS.Dzeroski. Inductive
logic programming: techniquesand applications. Chichester,
UK: Ellis Horwood,1994.

[MooreandLee,1997] A. W. MooreandM. S.Lee. Cachedsuf�-
cientstatisticsfor ef�cient machinelearningwith largedatasets.
Journal of Arti�cial IntelligenceResearch, 8:67–91,1997.

[Pageetal., 1998] L. Page,S.Brin, R. Motwani,andT. Winograd.
ThePageRankcitationranking:Bringingorderto theweb. Tech-
nical report,StanfordUniversity, Stanford,CA, 1998.

[Quinlan,1990] J. R. Quinlan. Learninglogical de�nitions from
relations.MachineLearning, 5:239–266,1990.

[Quinlan,1993] J.R.Quinlan.C4.5:Programsfor MachineLearn-
ing. MorganKaufmann,SanMateo,CA, 1993.

[Shaferetal., 1996] J. C. Shafer, R. Agrawal, and M. Mehta.
SPRINT:A scalableparallelclassi�er for datamining. In Pro-
ceedingsof theTwenty-SecondInternationalConferenceonVery
Large Databases, pages544–555,Bombay, India,1996.Morgan
Kaufmann.

[SlatteryandCraven,2001] S. SlatteryandM. Craven. Relational
learningwith statisticalpredicateinvention:bettermodelsfor hy-
pertext. MachineLearning, 43(1/2),2001.


