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Abstract

We presenthreescalableextensionsof the staralgorithmfor information organizationthatuse
sampling.Thestaralgorithmorganizesa documentollectioninto clusterghatarenaturallyinduced
by the topic structureof collection,via a computationallyefficient cover by densesubgraphs.We
alsoprovide supportingdatafrom extensive experiments.

1 Introduction

Our goal is to develop a completelyautomatednformation organizationsystemfor digital libraries,
automatedools for librariansto classifythis information, automatictools to createreferencepointers
into suchcollections,andautomatedoolsthatallow usersto locateinformationeffectively.

We focus on staticand dynamicdigital collectionsof unstructuredext. We considerthe problemof

determiningthe topic structureof text data,without a priori knowledgeof the numberof topicsin the
dataor ary otherinformation abouttheir composition. We assumethat the collectionsmay be static
(for example, digital legag/ collections)or dynamic(for example,news wires). We look to discover
hierarchieof topicsandsubtopicsn suchtext collections.Thus,we develop clusteringalgorithmsthat
canbeusedin off-line, on-line,andhierarchicamode.We wish for thesealgorithmsto befast,scalable,
accurateandto discover the naturallyoccurringtopicsin thecollection. In our previouswork (Aslamet

al, 1998;Aslametal, 1999),we proposedanoff-line andanon-lineapproactbasedngraphtheory Our

algorithms calledthestar clusteringalgorithms computeclusteranducedby the natural topic structure
of thespace.Thus,thiswork is differentthanpreviouswork in usingclusteringto organizeinformation
(Cuttingetal, 1993;Charikaret al, 1997)in thatwe do notimposethe constrainto usea fixednumber
of clusters.This previouswork amguesthatthe staralgorithmis simple,efficient, canbeusedin off-line

aswell ason-line mode,andit outperformsaxisting clusteringalgorithmssuchassinglelink, average
link, andk-meansIn this paperwe considerscalabilityissuesn developinganinformationorganization
system We presenthreedifferentscalableextensiondo thestaralgorithmandshow datafrom extensve

experiments.

2 Reated Work

Therehasbeenextensiveresearcton clusteringandapplicationgo mary domaingEveritt, 1993;Mirkin
1996; SilversteinandPederserl997; Sibson,1973;Worona,1971). For agoodovervien see(Jainand
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Dubes,1988).For agoodoverview of usingclusteringin InformationRetriesal (IR) see(Willett, 1988).
Theuseof clusteringin IR wasmostly drivenby the clusterhypothesigRijsbegen,1979)which states
that relevantdocumentgendto be more closelyrelatedto eachotherthanto non-relezantdocuments.
Efforts have beenmadeto find whetherthe clusterhypothesisis valid. Voorhees(Voorhees,1985)
discusses way of evaluatingwhetherthe clusterhypothesisholds and shows negative results. Croft
(Croft, 1080) describesa methodfor bottom-upcluster searchthat could be showvn to outperforma
full rankingsystemfor the Cranfieldcollection. In (Jardineandvan Rijsbegen,1971)Jardineandvan
Rijsbegenshon someevidencethatsearchresultscouldbeimprovedby clustering.HearstandPedersen
(HearstandPedersenl 996)re-examinethe clusterhypothesidy focusingon the Scatter/Gathesystem
(Cuttingetal, 1993)andconcludethatit holdsfor browsingtasks.

Systemdike Scatter/GathefCutting et al, 1993) provide a mechanisnfor userdriven organizationof
datain a fixed numberof clusters,but the usersneedto be in the loop andthe computedclustersdo
not have accurag guaranteesScatter/Gatheusesfractionationto computenearest-neighbarlusters.
Charikaet al. (Charikaret al, 1997) considera dynamicclusteringalgorithmto partition a collection
of text documentsnto a fixed numberof clusters. Sincein dynamicinformationsystemshe number
of topicsis not known a priori, a fixed numberof clusterscannotgeneratea naturalpartition of the
information.

3 Background: The Star Algorithm for Information Organization

For ary thresholds:
LetG, = (V, E,) whereE, = {e: w(e) > o}.
Let eachvertex in G, initially beunmarked

Calculatethedggreeof eachvertex v € V.

P w0 bdp P

Let thehighestdegreeunmarkedvertex bea starcenterandconstructa clusterfrom the star
centerandits associatedatellitevertices.Mark eachnodein thenewly constructedtluster

o1

Repeastep4 until all nodesaremarked.

6. Represeneachclusterby thedocumentorrespondingo its associatedtarcenter

Figurel: Thestaralgorithm

To computeaccuratdopic clusterspnepossibilityis to formalizeclusteringascoveringsimilarity graphs
by cliques.A cliquecover will guaranteghatits documentsarestronglyrelatedto eachother Covering

by cliquesis NP-completeandthusintractablefor largedocumentollections.Unfortunatelyit hasalso
beenshawvn thatthe problemcannotevenbe approximatedn polynomialtime (Zuckerman,1993). We

insteadproposeusinga cover by densesubgaphsthatarestar-shapedandthatcanbe computedoff-line

for staticdataandon-linefor dynamicdata.Whatwe losein intra-clustersimilarity guaranteesye gain

in computationakfficiency.

We representhe documentcollectionasa completesimilarity graph,wherethe verticescorrespondo
documentsandthe edgesareweightedby a similarity measureWe have usedtwo measuresthe cosine
metricandaninformation-theoretienetric.

To computeaccuratetopic clusters,we createa thresholdedsimilarity graph,wherethe thresholding



parameteiis given by the smallestsimilarity we would like to have betweenary documentswithin a
topic. We thenapproximatea clique cover of this graphby coveringtheassociatethresholdedimilarity
graphwith star-shapedsubgiaphs A starshapedsubgrapton m + 1 verticesconsistsof a singlestar
centerandm satellitevertices wherethereexist edgesetweerthe starcenterandeachof the satellite
vertices. A greedyalgorithm (seeFigure 1) computesthis cover for static collections. In (Aslam et
al, 1998; Aslam et al, 1999)we showv an on-line versionof this algorithmthat supportsinformation
organizationin dynamiccollection.

Stargraphcoversareinterestingbecausehey provide accurag guaranteesn the computedopics. By

investigatinghegeometryof theproblem wecanderive alower boundonthesimilarity betweersatellite
verticesas well as provide a formula (cosy > cos a; cosas + T75 sinag sin ag, wherea; and as

correspondo the similarity betweenthe centerandthe two satellitesando is the similarity threshold)
for the expectedsimilarity betweensatelliteverticesusingthe cosinemetric. This formula predictsthat
the pairwisesimilarity betweensatelliteverticesin a starshapedsubgraphis high, and togetherwith

empiricalevidencesupportingthis formula(Aslamet al, 1998).

4 Scalable Extensionsfor the Star Algorithm

For ary thresholds:
1. Let D beasetof ndocumentsortedin randomorderin anarray
2. Let s bethesamplesize.
3. Computea StarCover for D|[1..s] andlet C' bethelist of starcentersof this cover.
4. For eachdocumentD[i] in D[s + 1..n]

e ForeachclusterC|[j] in C: if similarity(D][i], C[j]) > o insertD[i] in C[j]

¢ If D[i] wasnotinsertedn ary existing cluster createanew clusterwith D[i] asacenter
andaddthis clusterto C'.

Figure2: Thesampledstaralgorithm.

In this sectionwe presenthreeextensiongo the staralgorithmthatoptimizeits performanceThethree
algorithmscomputeapproximationgo the starclusterbut optimizeon the size of the similarity matrix
usedandonthetime requiredto generatat.

Both of the off-line and on-line versionsof the staralgorithmrely on the existenceof the similarity

matrix. Similarity matricescan get very large: for a documentsetwith n documentghe similarity

matrix is O(n?) spacedatastructure.However, this operationwhich takesO(n?) time to computé, is

muchmoreexpensve thanthe basiccostof the starclusteringalgorithm,which is approximatelyO(n)

time. Thus, it is clearthatthe similarity matrix is a bottleneck. Computingthis matrix is a one-time
pre-processingperation.However, the datastructurehasto be availableon a permanenbasis.For these
reasonswe now investigateseveralmethodgo improve onthe similarity matrix bottleneck.

Notethattheactualtime is O(n2) timesthecostof a vectordot product;becausehe vectorsaresparsethis translatesnto
O(n?) with ahigh constant.



4.1 Sampled Stars

Thefirst approximatioralgorithmusessamplingto computethe similarity matrix andis calledthe sam-
pled star algorithm (seeFigure 2). The basicideabehindthis algorithmis to createa sampleof the

documentcollectionthatis much smallerthanthe actualcollection. This samplecanthenbe usedto

computea completeStarClustering usingthe off-line staralgorithm. For this smallset,thecomputation
of the similarity matrix is muchfaster Finally, the restof the documentsanbeinsertedin theresult-
ing clustersfast by comparingeachdocumentagainstthe existing star centersonly. Documentsthat
arenot closeenoughto ary existing starcenterqthatis, all distancedo existing starcentersarebelow

the threshold)form new clusters.Alternatively, the additionaldocumentsanbe insertedin the cluster
structureusingthe on-line staralgorithm.

4.2 Linear-space Stars

For ary thresholds:
Let D beasetof n documentsp adesiredprobability, ando athreshold.
Let C = ) denotethedesiredclustering.

Selecta sampleS of pairsof documentgd,, ds) from D

Ll

For eachpair (dy, d2) in S if thedot productbetweend;, ds) > o increasehe degreesof d;
andds.

o1

SortD in descendingrderby degree.
6. Find andmarkall the starcentersdoy examiningone-by-ondhe sortedD.

7. Fori = 1ton insertd; into all possiblestarcenters.

Figure3: Thelinearspacesampledstaralgorithm.

The sampledstaralgorithmprovides a more effective way to computethe overall clusteringof a doc-
umentsetbut even this algorithm requiresthe computationof a completesimilarity matrix (which is
smallerthanthe original matrix). An additionaloptimizationis to remave entirely the similarity matrix.
Thekey informationusedby the staralgorithmis the degreeof the nodesin the thresholdedsimilarity
graph.Thisinformationcanberepresenteih anarray A trivial algorithmfor generatinghearrayis to
compareevery documentagainstevery otherdocumentandcountthe numberof vectorproductsabout
the threshold. Note that this methodreducessignificantly the spacerequirementsut still necessitates
O(n?) time to generatewheren is the numberof documents.An alternatve is to computethe vertex
degreesapproximately using sampling. For eachdocumentwe first generatea sampleof documents
to be usedfor comparison.A dot productis computedbetweerthe documentandeachmemberof the
sampleset. The degreeof thedocumentertex is givenby the numberof dot productsthatareabove the
threshold.Figure3 summarizeshis algorithm.

4.3 Distributed Stars

Another bottleneckfor the star algorithm comesup in Internetapplications,such as organizingdata
collectedfrom varioussitesand database®y topic. Considera taskin which several databasesre



For ary thresholds:

Let D beasetof n documentsDivide D into k disjointsetsD; ... Dx.

Runthe Staralgorithmon k£ separatenachinedo producethe starclustering<’ . . . Cx.
Let c;...c; bethesetof starcentersn all the starcovers.

Runthe Staralgorithmonthe setof documents:;...c;.

a > W bdPF

If two starcentersare placedin the sameclusterin the previous step,meige their clusters
usingaunionoperation.

Figure4: Thedistributedstaralgorithm.

gueriedwith the samequestion.The documentseturnedby thesequeriesareto be fusedandpresented
to the userin a coherentpicture. One approachis to run the queries,download all documentsand
organizethe entirecollectionat the usersite usingthe staralgorithm. An alternative approachs to run
the queries,organizethe searchresultsat the location of the databaseandthenmege theseresultson
the usermachine. This secondalternatve hasseveral advantages(1) the staralgorithmcanberunin
parallel, which providesa speedup{(?2) the documentransferoperationcanalsobe parallelized; and
(3) the local topic organizationsanbe viewed asa way of compressinghe documentscanbe usedto
generatéhe meigedtopicsin thedistributedcollection,andcanbetransferednuchfasterthantheactual
documentgo theusers machine.

For thesereasonswe describea third approximationof the star algorithm called the distributed star
algorithm,whichis usefulespeciallywhenthedocumentollectionis very large. Thedistributedstaral-
gorithmprovidesparallelismandis basedna“divide andconquer’approachThedocumentollection
is partitionedinto several disjoint sets. The setsare clusteredseparatelyandthe resultingclustersare
thenmemged. Figure4 shavsthedetailsof this algorithm. Notethatfor this versionof the algorithm,the
off-line Staralgorithmcanbe replacedwith the SampledStaralgorithmor with the Linear SpaceStar
algorithm.

4.4 Experimentsand Evaluations

We devisedtwo experimentsfor the purposeof testingour algorithmson real-worlddata. Becauseave
werelimited by computememory we focusedthe experimentson the Linear SpaceSampledStaralgo-
rithm (seeFigure3) which wasintroducedto optimizebothtime performanceandspaceaequirements.

In our first experiment,we ranthe Linear SpaceSampledStaralgorithmon a 50000-documentsubset
of the TREC volume 1 corpusat varioussamplesizes. We comparedhe outputof the Linear Space
Sampledstaralgorithmwith samplingto its outputwithout samplingandshow theseresultsin Figure5b.
Note thatwhensamplingis not used,the the Linear SpaceSampledStaralgorithm produceghe same
outputasthe Staralgorithm.

To measurahe differencebetweerthe outputsof the two algorithms we calculatedan aggreatepreci-
sionandrecallfor eachsamplesizeasfollows. For eachclusterz in the outputof thesampledalgorithm,
we calculatedthe precisionandrecall of the documentsn x againsteachclusterin the outputof the
unsampledhlgorithm. We thendeterminedhe clustery in the outputof the unsampledalgorithmthat

2Notethatif thenumberof documentss large andthe networkbandwidthis low, the costof thetransfercanbe overwhelm-
ing. For example, (Rusetal, 1997)quantify experimentallythe costof transferringdataover congesteahetworks.



E'of Linear Space Sampled Star With 50000 Documents
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Figure 5: The effects of the samplesize on the quality of clustersobtainedusing the Linear Space
SampledStaralgorithm. The z-axis shovs the samplesize. The y-axis shavs the aggr@gate /-measure
computedrelative to the staralgorithm. The smallerthe E-valueis, the betterthe performanceds. The
experimentwasdonewith a TREC subsebf 50000documents.

minimizesvanRijsbegen’s (Rijsbegen,1979)evaluationmeasure

2
S 1/p+1/r

wherep andr arethe standardprecisionandrecall of the clusterwith respecto the setof documents
relevantto thetopic. Finally, we calculateca weightedaverageE’ of the E-valuescalculatedoreviously,
weightingeachF valueby the numberof documentsn theassociatedluster Figurel shovstheresults
of this analysis.With larger samplesthe sampledalgorithmgenerallyproducedthe exact sameresults
asthe algorithmthat did not usesampling. As the portion of the similarity matrix sampleddecreased,
theresultsof the sampledalgorithmdeviatedincreasinglyfrom thoseof the unsampledalgorithm.

E(p,r)=1

Our subsequenanalysessoughtto determinewhetherthe divergent output of the sampledalgorithm
wasinferior to the outputof the unsampledalgorithm. The original purposeof the Staralgorithmwas
to calculatea cover of the input documentsisingasfew starshapedlustersaspossible(Aslamet al,
1998;Aslametal, 1999). The Linear SpaceSampledStaralgorithmalsogenerates cover of theinput
documentsith starshapedlusters sowe comparedhe numberof clustersin thealgorithm’s outputat
varying samplesizesto the numberof clustersin the outputof the unsampledalgorithm(seeFigure6).
Surprisingly evenwith samplesassmallas5%, the numberof clustersoutputby the sampledalgorithm
wasnever morethanfive percentlarger thanthe numberof clustersthatthe unsampledalgorithmgen-
erated.In fact, the sampledalgorithmgenerallycoveredthe corpuswith fewer starshapedlustersthan
unsampledalgorithmdid.

Our secondexperimentcomparedhe outputof the Linear SpaceSampledStaralgorithmagainstcate-
gorizationdecisionamadeby humans.Specifically the algorithmwasrun on 4925documentgrom the
FBIS corpusthathadbeenlabeledby humanswith oneor moreof 47 differentcateyories. We repeated
the precision/recalbnalysisof thefirst experiment,usingthe 47 catgyoriesin the placeof the outputof
theunsampledbtaralgorithm. As with the previousexperiment samplesassmallas1% producedesults
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Figure6: The effect of samplingon the numberof clustersgeneratesThe z-axis shavs the sampling
size. They-axisshowvstheratio betweerthe numberof clustersgeneratedby the Linear SpaceSampled
Staralgorithmto the numberof clustersgeneratedby the Staralgorithm. We obsenre thatsamplingdoes
not affect muchthe numberof clustersdiscoveredin the collection. The experimentwasdonewith a
TREC subsebf 50000documents.

comparabldo a 100% sample(SeeFigure?).

Overall, our experimentsindicatedthatthe Linear SpaceSampledStaralgorithmgeneratesutputcom-
parablen quality to thatof the Staralgorithm,but usesconsiderablyffewer CPUandmemoryresources.
Both of ourimplementation®f the Linear SpaceStaralgorithmrequiredonly 81 megabytesof memory
to process50000documentsy 3 megabytesof which wasonly usedto storethe vectorrepresentations
of thedocumentsOn the otherhand,animplementatiorof the Staralgorithmthatusesa sparsehresh-
oldedsimilarity matrix would requireapproximatel2.5 gigabytesof memoryfor 50000documentsand
a completesimilarity matrix storedin a double-precisioffloating-pointarraywould require18.6 giga-
bytesof memory The gainsin performancelueto samplingweresimilarly significant. Figure8 shavs
theamountof timethatthe LinearSpaceSampledsStaralgorithmrequiresto proces$0000documentst
varyingsamplesizes.Thesetimesweremeasureen a 250 MHz. MIPS R10000anddo notincludethe
time requiredto parsethe documentsWe found the runningtime of the algorithmto be almostdirectly
proportionalto the size of the sample.At samplesizesof lessthan5%, the Linear SpaceSampledStar
algorithmorganizeddocumentsatanaverageratecomparabldo the bandwidthof mostinternetconnec-
tions (SeeFigure9). Testscomparingthe Staralgorithmwith the Linear SpaceSampledStaralgorithm
onsmallerdatasetsindicatedthatthe overheadf samplingandreducingmemoryrequirementsesultin
anincreasen runningtime of lessthan5%.

Finally, we have conducteda smallexperimenton 1000 TREC documentgo studythe performanceof
the Distributed Staralgorithm Figure 10 shows the accurag of the distributedstaralgorithmrelative to
the off-line staralgorithm. We notethat whenthe numberof computerds the sameasthe numberof
documentsStep4 of the Distributed Star Algorithm (Figure4) performsa starclusteringof the entire
collection. The sameis true whenthereis a single machine. The greatestdegree of parallelismand
distributionis achieedwhenthe numberof machiness \/m, wherem is thenumberof machinesn the
system.For this experiment,,» = 1000 and./m is approximately32. The experimentshaows thatthe



E'of Linear Space Sampled Star vs. FBIS Categorizations of
4925 Documents

0.9

0.8

0.7

%
8> KLY, M T S L NS SEEE

05

LR d
L 24
pe

L 4

0.4

E' vs. FBIS Categorizations

0.3

0.2

0.1

0 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1

Portion of Similarity Matrix Sampled

Figure7: The effect of samplingon the quality of the clusteringfor the FBIS collection. The z-axis
show thesamplingsize. They axisshovsthe E-measureomputedelative to thehumanclustering.

E-measurdor 32 machiness about41 %.

5 Conclusion

We presentec scalablealgorithmfor informationorganization.Scalabilityis a very importantproperty
for information organizationalgorithmsespeciallywhenthe collectionsare dynamicand Web-based.
We implementedhesealgorithmsasa scalablesystemfor informationorganization.in the nearfuture,
we planto expandour experimentalcollectionto demonstratéhe performanceof our algorithmswhen
dealingwith hundredsf thousand®f documents.
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Figure9: The effect of the samplesizeon the rateof the Linear SpaceSampledStaralgorithm (plotted
onalogarithmicscale).
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