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Abstract

We presentthreescalableextensionsof thestaralgorithmfor informationorganizationthatuse
sampling.Thestaralgorithmorganizesadocumentcollectioninto clustersthatarenaturallyinduced
by the topic structureof collection,via a computationallyefficient cover by densesubgraphs.We
alsoprovide supportingdatafrom extensive experiments.

1 Introduction

Our goal is to develop a completelyautomatedinformation organizationsystemfor digital libraries,
automatedtools for librariansto classifythis information,automatictools to createreferencepointers
into suchcollections,andautomatedtoolsthatallow usersto locateinformationeffectively.

We focuson staticanddynamicdigital collectionsof unstructuredtext. We considerthe problemof
determiningthe topic structureof text data,without a priori knowledgeof thenumberof topicsin the
dataor any other informationabouttheir composition. We assumethat the collectionsmay be static
(for example,digital legacy collections)or dynamic(for example,news wires). We look to discover
hierarchiesof topicsandsubtopicsin suchtext collections.Thus,we developclusteringalgorithmsthat
canbeusedin off-line, on-line,andhierarchicalmode.Wewish for thesealgorithmsto befast,scalable,
accurate,andto discover thenaturallyoccurringtopicsin thecollection.In ourpreviouswork (Aslamet
al, 1998;Aslametal, 1999),weproposedanoff-line andanon-lineapproachbasedongraphtheory. Our
algorithms,calledthestarclusteringalgorithms,computeclustersinducedby thenatural topicstructure
of thespace.Thus,this work is differentthanpreviouswork in usingclusteringto organizeinformation
(Cuttinget al, 1993;Charikaret al, 1997)in thatwe do not imposetheconstraintto usea fixednumber
of clusters.This previouswork arguesthatthestaralgorithmis simple,efficient, canbeusedin off-line
aswell ason-linemode,andit outperformsexisting clusteringalgorithmssuchassinglelink, average
link, andk-means.In thispaperweconsiderscalabilityissuesin developinganinformationorganization
system.Wepresentthreedifferentscalableextensionsto thestaralgorithmandshow datafrom extensive
experiments.

2 Related Work

Therehasbeenextensiveresearchonclusteringandapplicationsto many domains(Everitt, 1993;Mirkin
1996;SilversteinandPedersen1997;Sibson,1973;Worona,1971).For a goodoverview see(Jainand
�
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Dubes,1988).For agoodoverview of usingclusteringin InformationRetrieval (IR) see(Willett, 1988).
Theuseof clusteringin IR wasmostlydrivenby theclusterhypothesis(Rijsbergen,1979)which states
that relevantdocumentstendto be morecloselyrelatedto eachotherthanto non-relevantdocuments.
Efforts have beenmadeto find whetherthe clusterhypothesisis valid. Voorhees(Voorhees,1985)
discussesa way of evaluatingwhetherthe clusterhypothesisholdsandshows negative results. Croft
(Croft, 1080) describesa methodfor bottom-upclustersearchthat could be shown to outperforma
full rankingsystemfor theCranfieldcollection. In (JardineandvanRijsbergen,1971)Jardineandvan
Rijsbergenshow someevidencethatsearchresultscouldbeimprovedby clustering.HearstandPedersen
(HearstandPedersen,1996)re-examinetheclusterhypothesisby focusingon theScatter/Gathersystem
(Cuttingetal, 1993)andconcludethatit holdsfor browsingtasks.

Systemslike Scatter/Gather(Cutting et al, 1993)provide a mechanismfor user-driven organizationof
datain a fixed numberof clusters,but the usersneedto be in the loop andthe computedclustersdo
not have accuracy guarantees.Scatter/Gatherusesfractionationto computenearest-neighborclusters.
Charikaet al. (Charikaret al, 1997)considera dynamicclusteringalgorithmto partition a collection
of text documentsinto a fixednumberof clusters. Sincein dynamicinformationsystemsthe number
of topics is not known a priori , a fixed numberof clusterscannotgeneratea naturalpartition of the
information.

3 Background: The Star Algorithm for Information Organization

For any threshold� :

1. Let ���	��

��������� where ��������������

���� ��"! .
2. Let eachvertex in � � initially beunmarked.

3. Calculatethedegreeof eachvertex #%$&� .

4. Let thehighestdegreeunmarkedvertex bea starcenter, andconstructa clusterfrom thestar
centerandits associatedsatellitevertices.Mark eachnodein thenewly constructedcluster.

5. Repeatstep4 until all nodesaremarked.

6. Representeachclusterby thedocumentcorrespondingto its associatedstarcenter.

Figure1: Thestaralgorithm

To computeaccuratetopicclusters,onepossibilityis to formalizeclusteringascoveringsimilarity graphs
by cliques.A cliquecover will guaranteethatits documentsarestronglyrelatedto eachother. Covering
by cliquesis NP-complete,andthusintractablefor largedocumentcollections.Unfortunately, it hasalso
beenshown thattheproblemcannotevenbeapproximatedin polynomialtime (Zuckerman,1993).We
insteadproposeusingacover by densesubgraphsthatarestar-shapedandthatcanbecomputedoff-line
for staticdataandon-linefor dynamicdata.Whatwe losein intra-clustersimilarity guarantees,wegain
in computationalefficiency.

We representthedocumentcollectionasa completesimilarity graph,wheretheverticescorrespondto
documentsandtheedgesareweightedby a similarity measure.We have usedtwo measures:thecosine
metricandaninformation-theoreticmetric.

To computeaccuratetopic clusters,we createa thresholdedsimilarity graph,wherethe thresholding



parameteris given by the smallestsimilarity we would like to have betweenany documentswithin a
topic. Wethenapproximateacliquecoverof thisgraphby coveringtheassociatedthresholdedsimilarity
graphwith star-shapedsubgraphs. A star-shapedsubgraphon ')(+* verticesconsistsof a singlestar
centerand ' satellitevertices, wherethereexist edgesbetweenthestarcenterandeachof thesatellite
vertices. A greedyalgorithm (seeFigure1) computesthis cover for static collections. In (Aslam et
al, 1998; Aslam et al, 1999)we show an on-line versionof this algorithmthat supportsinformation
organizationin dynamiccollection.

Star-graphcoversareinterestingbecausethey provide accuracy guaranteeson thecomputedtopics.By
investigatingthegeometryof theproblem,wecanderivealowerboundonthesimilaritybetweensatellite
verticesas well as provide a formula ( ,.-�/102 3,.-4/65879,.-4/:5<;=( �7
>?� /A@ BC587�/�@ BD59; , where 567 and 59;
correspondto thesimilarity betweenthecenterandthe two satellitesand � is thesimilarity threshold)
for theexpectedsimilarity betweensatelliteverticesusingthecosinemetric. This formulapredictsthat
the pairwisesimilarity betweensatelliteverticesin a star-shapedsubgraphis high, and togetherwith
empiricalevidencesupportingthis formula(Aslamet al, 1998).

4 Scalable Extensions for the Star Algorithm

For any threshold� :

1. Let E bea setof n documentssortedin randomorderin anarray.

2. Let F bethesamplesize.

3. ComputeaStarCover for EHG *�IJIKFML andlet N bethelist of starcentersof this cover.

4. For eachdocumentEHG OPL in EQG F�(R*�IKI STL
U For eachcluster N	G VWL in N : if FMOP'XOZY\[�]WO_^_`a

EHG O_L.�bN	G VWLP�Tc�� insert EHG O_L in N	G V�L
U If EQG O_L wasnot insertedin any existingcluster, createanew clusterwith EQG OPL asacenter

andaddthisclusterto N .

Figure2: Thesampledstaralgorithm.

In thissectionwepresentthreeextensionsto thestaralgorithmthatoptimizeits performance.Thethree
algorithmscomputeapproximationsto thestarclusterbut optimizeon the sizeof thesimilarity matrix
usedandon thetime requiredto generateit.

Both of the off-line andon-line versionsof the star algorithmrely on the existenceof the similarity
matrix. Similarity matricescan get very large: for a documentset with S documentsthe similarity
matrix is de
\S ; � spacedatastructure.However, this operation,which takesde
fS ; � time to compute1, is
muchmoreexpensive thanthebasiccostof thestarclusteringalgorithm,which is approximatelydD
fSg�
time. Thus, it is clear that the similarity matrix is a bottleneck.Computingthis matrix is a one-time
pre-processingoperation.However, thedatastructurehasto beavailableonapermanentbasis.For these
reasons,we now investigateseveralmethodsto improve onthesimilarity matrixbottleneck.

1Notethattheactualtime is h�ikj9lMm timesthecostof a vectordotproduct;becausethevectorsaresparse,this translatesintoh�ikj l m with a high constant.



4.1 Sampled Stars

Thefirst approximationalgorithmusessamplingto computethesimilarity matrix andis calledthesam-
pled star algorithm(seeFigure2). The basicideabehindthis algorithmis to createa sampleof the
documentcollectionthat is muchsmallerthanthe actualcollection. This samplecanthenbe usedto
computeacompleteStarClustering,usingtheoff-line staralgorithm.For thissmallset,thecomputation
of thesimilarity matrix is muchfaster. Finally, the restof thedocumentscanbe insertedin the result-
ing clustersfast by comparingeachdocumentagainstthe existing star centersonly. Documentsthat
arenot closeenoughto any existing starcenters(that is, all distancesto existing starcentersarebelow
the threshold)form new clusters.Alternatively, theadditionaldocumentscanbe insertedin thecluster
structureusingtheon-linestaralgorithm.

4.2 Linear-space Stars

For any threshold� :

1. Let E bea setof S documents,n adesiredprobability, and � a threshold.

2. Let N���o denotethedesiredclustering.

3. Selecta samplep of pairsof documents

q?7r��qA;W� from E
4. For eachpair 

qs7t�Aq�;W� in p if thedotproductbetween
tq?7r��qA;��uc�� increasethedegreesof qs7

and q�; .
5. Sort E in descendingorderby degree.

6. Find andmarkall thestarcentersby examiningone-by-onethesortedE .

7. For O���* to S insert qAv into all possiblestarcenters.

Figure3: Thelinearspacesampledstaralgorithm.

The sampledstaralgorithmprovidesa moreeffective way to computethe overall clusteringof a doc-
umentsetbut even this algorithmrequiresthe computationof a completesimilarity matrix (which is
smallerthantheoriginal matrix). An additionaloptimizationis to remove entirelythesimilarity matrix.
Thekey informationusedby thestaralgorithmis thedegreeof the nodesin the thresholdedsimilarity
graph.This informationcanberepresentedin anarray. A trivial algorithmfor generatingthearrayis to
compareevery documentagainstevery otherdocumentandcountthenumberof vectorproductsabout
the threshold.Note that this methodreducessignificantly the spacerequirementsbut still necessitates
de
\S ; � time to generate,whereS is thenumberof documents.An alternative is to computethe vertex
degreesapproximately, usingsampling. For eachdocument,we first generatea sampleof documents
to beusedfor comparison.A dot productis computedbetweenthedocumentandeachmemberof the
sampleset.Thedegreeof thedocumentvertex is givenby thenumberof dotproductsthatareabove the
threshold.Figure3 summarizesthisalgorithm.

4.3 Distributed Stars

Another bottleneckfor the staralgorithm comesup in Internetapplications,suchas organizingdata
collectedfrom varioussitesand databasesby topic. Considera task in which several databasesare



For any threshold� :

1. Let E bea setof S documents.Divide E into w disjoint setsE 7 I�IAIrECx .
2. RuntheStaralgorithmon w separatemachinesto producethestarclusteringsNy7aI�IAI
N x .
3. Let z{7tIKIJIKzM| bethesetof starcentersin all thestarcovers.

4. RuntheStaralgorithmonthesetof documentsz{7tIJIKIKzM| .
5. If two starcentersareplacedin the sameclusterin the previous step,merge their clusters

usingaunionoperation.

Figure4: Thedistributedstaralgorithm.

queriedwith thesamequestion.Thedocumentsreturnedby thesequeriesareto befusedandpresented
to the userin a coherentpicture. One approachis to run the queries,downloadall documents,and
organizetheentirecollectionat theusersiteusingthestaralgorithm. An alternative approachis to run
the queries,organizethesearchresultsat the locationof the database,andthenmerge theseresultson
the usermachine.This secondalternative hasseveraladvantages:(1) thestaralgorithmcanbe run in
parallel,which providesa speedup;(2) the documenttransferoperationcanalsobe parallelized2; and
(3) the local topic organizationscanbeviewedasa way of compressingthedocuments,canbeusedto
generatethemergedtopicsin thedistributedcollection,andcanbetransferedmuchfasterthantheactual
documentsto theuser’smachine.

For thesereasons,we describea third approximationof the staralgorithmcalled the distributedstar
algorithm,which is usefulespeciallywhenthedocumentcollectionis very large.Thedistributedstaral-
gorithmprovidesparallelismandis basedona“divideandconquer”approach.Thedocumentcollection
is partitionedinto severaldisjoint sets. The setsareclusteredseparatelyandthe resultingclustersare
thenmerged.Figure4 showsthedetailsof thisalgorithm.Notethatfor this versionof thealgorithm,the
off-line Staralgorithmcanbe replacedwith the SampledStaralgorithmor with the LinearSpaceStar
algorithm.

4.4 Experiments and Evaluations

We devisedtwo experimentsfor thepurposeof testingour algorithmson real-worlddata. Becausewe
werelimited by computermemory, we focusedtheexperimentson theLinearSpaceSampledStaralgo-
rithm (seeFigure3) whichwasintroducedto optimizebothtimeperformanceandspacerequirements.

In our first experiment,we ran theLinearSpaceSampledStaralgorithmon a 50000-documentsubset
of the TREC volume1 corpusat varioussamplesizes. We comparedthe outputof the Linear Space
SampledStaralgorithmwith samplingto its outputwithoutsampling,andshow theseresultsin Figure5.
Note thatwhensamplingis not used,the the LinearSpaceSampledStaralgorithmproducesthe same
outputastheStaralgorithm.

To measurethedifferencebetweentheoutputsof thetwo algorithms,we calculatedanaggregatepreci-
sionandrecallfor eachsamplesizeasfollows. For eachcluster} in theoutputof thesampledalgorithm,
we calculatedthe precisionandrecall of the documentsin } againsteachclusterin the outputof the
unsampledalgorithm. We thendeterminedthe cluster̀ in theoutputof the unsampledalgorithmthat

2Notethatif thenumberof documentsis largeandthenetworkbandwidthis low, thecostof thetransfercanbeoverwhelm-
ing. For example, (Rusetal, 1997)quantifyexperimentallythecostof transferringdataover congestednetworks.
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Figure 5: The effects of the samplesize on the quality of clustersobtainedusing the Linear Space
SampledStaralgorithm.The } -axisshowsthesamplesize.The ` -axisshows theaggregate � -measure
computedrelative to thestaralgorithm. Thesmallerthe � -valueis, thebettertheperformanceis. The
experimentwasdonewith aTRECsubsetof 50000documents.

minimizesvanRijsbergen’s(Rijsbergen,1979)evaluationmeasure

��
fn9�M]��"��*�� �*���nD(R*4��]
wheren and ] arethestandardprecisionandrecall of theclusterwith respectto the setof documents
relevantto thetopic. Finally, wecalculatedaweightedaverage��� of the � -valuescalculatedpreviously,
weightingeach� valueby thenumberof documentsin theassociatedcluster. Figure1 showstheresults
of this analysis.With largersamples,thesampledalgorithmgenerallyproducedtheexact sameresults
asthe algorithmthatdid not usesampling.As the portionof thesimilarity matrix sampleddecreased,
theresultsof thesampledalgorithmdeviatedincreasinglyfrom thoseof theunsampledalgorithm.

Our subsequentanalysessoughtto determinewhetherthe divergent output of the sampledalgorithm
wasinferior to theoutputof the unsampledalgorithm. Theoriginal purposeof theStaralgorithmwas
to calculatea cover of the input documentsusingasfew star-shapedclustersaspossible(Aslam et al,
1998;Aslamet al, 1999).TheLinearSpaceSampledStaralgorithmalsogeneratesa cover of theinput
documentswith star-shapedclusters,sowecomparedthenumberof clustersin thealgorithm’soutputat
varyingsamplesizesto thenumberof clustersin theoutputof theunsampledalgorithm(seeFigure6).
Surprisingly, evenwith samplesassmallas � %, thenumberof clustersoutputby thesampledalgorithm
wasnever morethanfive percentlarger thanthenumberof clustersthat theunsampledalgorithmgen-
erated.In fact, thesampledalgorithmgenerallycoveredthecorpuswith fewer star-shapedclustersthan
unsampledalgorithmdid.

Our secondexperimentcomparedtheoutputof theLinearSpaceSampledStaralgorithmagainstcate-
gorizationdecisionsmadeby humans.Specifically, thealgorithmwasrun on 4925documentsfrom the
FBIS corpusthathadbeenlabeledby humanswith oneor moreof 47 differentcategories.We repeated
theprecision/recallanalysisof thefirst experiment,usingthe47 categoriesin theplaceof theoutputof
theunsampledStaralgorithm.As with thepreviousexperiment,samplesassmallas * % producedresults
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Figure6: The effect of samplingon the numberof clustersgenerates.The } -axisshows thesampling
size.The ` -axisshowstheratio betweenthenumberof clustersgeneratedby theLinearSpaceSampled
Staralgorithmto thenumberof clustersgeneratedby theStaralgorithm.Weobservethatsamplingdoes
not affect muchthe numberof clustersdiscoveredin the collection. The experimentwasdonewith a
TRECsubsetof 50000documents.

comparableto a *���� % sample(SeeFigure7).

Overall,ourexperimentsindicatedthattheLinearSpaceSampledStaralgorithmgeneratesoutputcom-
parablein quality to thatof theStaralgorithm,but usesconsiderablyfewerCPUandmemoryresources.
Both of our implementationsof theLinearSpaceStaralgorithmrequiredonly 81 megabytesof memory
to process50000documents,73 megabytesof which wasonly usedto storethevectorrepresentations
of thedocuments.On theotherhand,animplementationof theStaralgorithmthatusesa sparsethresh-
oldedsimilarity matrixwouldrequireapproximately2.5gigabytesof memoryfor 50000documents,and
a completesimilarity matrix storedin a double-precisionfloating-pointarraywould require18.6giga-
bytesof memory. Thegainsin performancedueto samplingweresimilarly significant.Figure8 shows
theamountof timethattheLinearSpaceSampledStaralgorithmrequiresto process50000documentsat
varyingsamplesizes.Thesetimesweremeasuredon a 250MHz. MIPS R10000anddo not includethe
time requiredto parsethedocuments.We foundtherunningtime of thealgorithmto bealmostdirectly
proportionalto thesizeof thesample.At samplesizesof lessthan � %, theLinearSpaceSampledStar
algorithmorganizeddocumentsatanaverageratecomparableto thebandwidthof mostInternetconnec-
tions(SeeFigure9). TestscomparingtheStaralgorithmwith theLinearSpaceSampledStaralgorithm
onsmallerdatasetsindicatedthattheoverheadof samplingandreducingmemoryrequirementsresultin
anincreasein runningtimeof lessthan � %.

Finally, we have conducteda smallexperimenton 1000TRECdocumentsto studytheperformanceof
theDistributedStaralgorithmFigure10 shows theaccuracy of thedistributedstaralgorithmrelative to
the off-line staralgorithm. We notethat whenthe numberof computersis the sameasthe numberof
documents,Step4 of theDistributedStarAlgorithm (Figure4) performsa starclusteringof the entire
collection. The sameis true whenthereis a singlemachine. The greatestdegreeof parallelismand
distributionis achievedwhenthenumberof machinesis � ' , where' is thenumberof machinesin the
system.For this experiment,'���*������ and � ' is approximately32. Theexperimentshows that the
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Figure7: The effect of samplingon the quality of the clusteringfor the FBIS collection. The } -axis
show thesamplingsize.The ` axisshowsthe � -measurecomputedrelative to thehumanclustering.

E-measurefor 32 machinesis about41 %.

5 Conclusion

We presentedascalablealgorithmfor informationorganization.Scalabilityis avery importantproperty
for informationorganizationalgorithmsespeciallywhenthe collectionsaredynamicandWeb-based.
We implementedthesealgorithmsasa scalablesystemfor informationorganization.In thenearfuture,
we plan to expandour experimentalcollectionto demonstratetheperformanceof our algorithmswhen
dealingwith hundredsof thousandsof documents.
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Figure9: Theeffect of thesamplesizeon therateof theLinearSpaceSampledStaralgorithm(plotted
on a logarithmicscale).

Figure10: This graphshows theE-measureof thedistributedstaralgorithmrelative to theoff-line star
clusteringof thesamedocumentset.


