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Abstract

This paper examinesthe problem of combining multi-
ple partitionings of a setof objectsinto a single consol-
idated clustering without accessinghe featues or algo-
rithms that determinedthesepatrtitionings. This problem
is an abstractionof scenariosvhele differentorganizations
havegroupedsomeor all element®fa commorunderlying
population,possiblyusingdifferentfeatues,algorithmsor
clusteringcriteria. Moreover, dueto real life constaints
sud as proprietary techniques legal restrictions,different
data owneshipsetc, it is not feasibleto pool all the data
into a central locationandthenapplyclusteringtechniques:
the only information that can be shaed are the symbolic
cluster labels. The cluster ensembleproblemis formal-
izedas a combinatorialoptimizationproblemthat obtains
a consensugunctionin termsof shared mutual informa-
tion amongindividual solutions. Three effective and effi-
cienttechniquesfor obtaininghigh-qualityconsensuunc-
tions are describedand studiedempirically for the follow-
ing qualitatively different application scenarios: (i) whee
the original clustess were formed basedon non-identical
setsof featues,(ii) wheetheoriginal clusteringalgorithms
were appliedto non-identicalsetsof objectsand (iii) when
the individual solutionsprovide varying numbes of clus-
ters. Promisingresultsare obtainedin all the three situ-
ationsfor syntheticas well as real data sets,even under
severe restrictionson dataandknowled@ sharing

1. Intr oduction

In this paperwe addresshe problemof combiningmul-
tiple partitionings of a setof objectswithoutaccessinghe
original featules in a distributeddatamining context. This
work startsfrom our very recentlyintroducedframenork
for designingcluster ensemble$l6, 14], andfocusseson
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distributed computing scenarioswhere the combinercan
only examinethe clusterlabelsbut not the original features
or algorithms andeventhenumberof clustersobtainednay
differ from site to site. At first glance,this may be remi-
niscentof classifierensemblesfor which a large body of
literatureexists[13, 6, 11]. But actuallythethe clusteren-
sembledesignproblemis much more difficult sinceclus-
ter labelsare symbolic and so one mustalso solve a cor-
respondenc@roblem. In addition, the numberand shape
of clustersprovided by the individual solutionsmay vary
significantlyfrom site to sitedueto differencesn the clus-
tering methodused,the clusteringobjective, aswell ason
theparticularview of thedataavailableatthosesites.More-
over, the desirednumberof clustersis often not known in
adwanceunlike in thetypical classificatiorsetting.

1.1 Motivation.

Therearetwo primary motivationsfor developingclus-
ter ensemblessdefinedabove: to exploit andreuseexist-
ing knowledgeimplicit in legagy clusteringsandto enable
clusteringover distributed datasets.Let us considerthese
two applicationdomainsin greaterdetail.

KnowledgeReuse.In sereral applicationsa variety of
clusteringdor the objectsunderconsideratioomayalready
exist, and one desiresto either integrate theseclusterings
into a singlesolution,or usethis informationto influencea
new clustering(perhapsasedn adifferentsetof features)
of theseobjects. Our first encountemwith this application
scenariowaswhen clusteringvisitors to an e-tailing web-
site basedon market baslet analysis,in orderto facilitate
a direct marketing campaign[15]. The compaly already
had a variety of legag/ customersegmentationsbasedon
demographicsgredit rating, geographicategion, purchas-
ing patterndn their retail stores etc. They wereobviously
reluctantto throw out all this domainknowledge,andin-
steadwantecto reusesuchpre-«isting knowledgeto create
asingleconsolidatectlustering.Note thatsincethe legag/



clusteringswere largely provided by humanexpertsor by
othercompaniesisingproprietarymethodstheinformation
in the legagy seggmentationshadto be usedwithout going
backto the original featuresor the ‘algorithms’ that were
usedto obtaintheseclusterings Thisexperiencevasinstru-
mentalin our formulationof the clusterensemblgroblem.
Anothernotableaspecbf thisengagemenvasthatthetwo
setsof customerspurchasingrom retail outletsandfrom
the websiterespectrely, had significantoverlap but were
not identical. Thusin the clusterensembleproblem, we
provisionfor missinglabelsin individual clusterings.

Another applicationinvolving legag/ solutionsis sey-
mentingof mortgagdoanapplicantdhasedon theinforma-
tion in the applicationforms, supplementetly pre-existing
groupingsof the applicantsindicatedby proprietaryexter-
nalsourcesuchastheFICO scoregrovidedby Fairslsaac.

Distrib uted Data Mining. The desireto performdis-
tributeddatamining is beingincreasinglyfelt in both gov-
ernmentndindustry Often,relatednformationis acquired
andstoredin geographicallydistributedlocationsdueto or-
ganizationabr operationatonstraint§9], andoneneedgo
procesdatain situ asfaraspossible.In contrastmachine
learningalgorithmsinvariably assumehatdatais available
in a single centralizedocation. But this may not be desir
able becausef the computationalpandwidthand storage
costs. In certain cases,it may not even be possibledue
to a variety of real-life constraintancluding security pri-
vagy, proprietarynatureof dataandtheaccompaging own-
ershipissuesneedfor faulttolerantdistribution of dataand
servicesyreal-timeprocessingequirementsstatutorycon-
straintsmposedy law, etc.[12]. Interestinglythe severity
of suchconstraintds becomingvery evidentof late assev-
eral governmentagenciesare attemptingto integratetheir
databaseandanalyticaltechniques.

A cluster ensemblecan perform Feature-Distributed
Clusteringin situationswhereeachprocessor/clusterdras
accesgo only a limited numberof featuresor attributesof
eachobject,i.e.it obsenesaparticularaspecbor view of the
data. Aspectscan be completelydisjoint featuresor have
partialoverlaps.In genefunction prediction,separateyene
clusteringscan be obtainedfrom diversesourcessuchas
genesequenceomparisonsgcombinationof DNA microar
ray datafrom mary independengxperiments,and mining
of thebiologicalliterature(e.g.,MEDLINE).

An orthogonabkcenarias Object-DistributedClustering
whereineachprocessor/clusterdrasaccess$o only asubset
of all objectsandcanthusonly clustertheobsenedobjects.
For example,corporationgendto split their customerse-
gionally for more efficient managementAnalysissuchas
clusteringis often performediocally, anda clusterensem-
ble providesa way of obtaininga holistic analysiswithout
completentegrationof thelocal datawarehouses.
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1.2 RelatedWork

Thereare severaltechniquesvheremultiple clusterings
are createdand evaluatedasintermediatestepsin the pro-
cessof attaininga single,higherquality clustering.For ex-
ample Fisherexaminedmethoddor iteratively improving a
initial setof hierarchicalclusteringsolutions[4]. A way of
obtainingmultiple approximatek-meanssolutionsin main
memoryaftermakinga singlepassthrougha databaseand
then combining thesemeansto get a final set of cluster
centerdsis presentedn [3]. In all theseworks, a summary
representatiolf eachclusterin termsof the basefeatures
is available to the integration mechanism,as opposedto
our knowledge reuseframewnork whereinonly clusterla-
belsare available. More recently an ‘evidenceaccumula-
tion’ framewnork was proposedvhereinmultiple k-means,
using a much higher value of k£ thanthe final anticipated
answey were run on a commondataset[5]. The results
wereusedto form a co-occurrencer similarity matrix that
is is analogougo the one usedfor CSP\, exceptthatthe
clusteringggeneratedh [5] arenotlegacy but aregenerated
from acommondatasetandfeaturespace Also they areat
amuchfinerlevel of resolutionthanthatdesiredoy thefinal
clustering sincethepurposeof runningmultiple clusterings
is to geta morerobust similarity matrix that hasthe flavor
of thesharechearesheighbortechnique.

Oneuseof clusterensembless to exploit multiple exist-
ing groupingsof thedata.Severalanalogouspproachesx-
istin supervisedearningscenariogclasdabelsareknown),
undercategoriessuchas'life-long learning’[19], ‘learning
to learn’ [20] and ‘knowledgereuse’[2], but we have not
seentheseappliedto totally unsupervisedettings.

Anotherapplicationof clusterensembless to combine
multiple clusteringghatwereobtainecbasednonly partial
setsof features.This problemhasbeenapproachedecently
asa caseof collective datamining [9]. In [8] afeasibleap-
proachto combiningdistributed agglomeratre clusterings
is introduced First, eachlocal sitegeneratea dendrogram.
Thedendrogramarecollectedandpairwisesimilaritiesfor
all objectsarecreatedrom them. Thecombinedclustering
is thenderived from the similarities. In [10], a distributed
methodof principal componentsnalysisis introducedfor
clustering. The informationsharingin theseapproachess
lessrestrictive thanwhatis allowablein clusterensembles.

Notation. Let denotea setof ob-
jects/samples/pointsA partitioningof these objectsinto
k clusterscanbe representeds a setof k£ setsof objects

k orasalabelvector . A clusterer

is a function that delivers a label vector (with possibly

missingvalues)given a tuple of objects. Someclusterers
may provide additionalinformation suchas descriptionof
clustermeansput we shallnot usesuchinformationin this

paper Figurel shows the basicsetupof the clusterensem-
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Figure 1. The Cluster Ensemble. A consen-
sus function combines clusterings from
a variety of sour ces, without resorting to the
original object features  or algorithms

ble: A setof labelings is combinedinto a single
labeling (theconsensufabeling) usinga consensufunc-
tion . A superscriptn
bracletsdenotesanindex andnot anexponent.

Organization. In the next section,we recapitulateour
recentformulation of a clusterensembleas an optimiza-
tion problem[16]. A different normalizationfunction is
proposedhatis moregeneralin thatit catersto both bal-
ancedandnon-balancedlusteringsituations. Threeeffec-
tive andefficient combiningfunctions , aswell asadirect
optimizationapproactarethendescribecandcomparedin
section3, we describeapplicationsof clusterensembles$or
the distributed datamining scenariosiescribecabove, and
shaw resultson bothrealandartificial data. Section4 con-
centrateon knowledgereusewhenlegag clustersare of
variableresolution.

2. Cluster Ensembles

Objective Function. Let thesetof groupings
bedenotedby ,andletthe -thgroupinghave
k clusterslf thereis noaprioriinformationabouttherel-
ativeimportanceof theindividual groupingsthenareason-
able goal for the consensusinsweris to seeka clustering
that shareghe mostinformationwith the original cluster
ings.

Mutual information, which is a symmetricmeasureto
guantifythe statisticalinformationsharedetweertwo dis-
tributions, providesa soundindication of the sharednfor-
mation betweena pair of clusterings.Let denote
the mutualinformation betweentwo randomvariables
and , and denotethe entropy of . Sincethere
is no upper bound for , so for easierinterpreta-
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tion andcomparisons normalizedversionof that
rangesfrom O to 1 is desirable.In [16] we useda normal-
ization suitablewhenthe consensuslusteringneedsto be
balanced,.e., the clustersshouldbe of comparablesizes.
We now proposea moregeneralapproacthasedon the ex-
istenceof aHilbert Spacawith vectors and representing
therandomvariables and |, suchthattheinnerproduct
measure is identicalto . Thenthe natural
normalizationto therange[0,1] is . Noting
that , We geta normalizedmutualinfor-
mation(NMI):

(1)

For consensuglustering,the randomvariablesare repre-
sentedby the clusterlabelings and ,withk and
k  groupsrespectiely, and Equationl needsto be esti-
matedby the sampledquantitiesprovided by the cluster
ings. We denotethe resultingnormalizedmutualinforma-
tion measurdoy
Basedon this pairwisemeasureof mutualinformation,
we cannow definea measurédetweera setof labelings,
,andasinglelabeling astheaveragenormalizedmutual
information(ANMI):

(2)

We proposehe optimalcombinedclustering to be
the onethathasmaximalaveragemutualinformationwith
all individual labelings in  giventhatthe numberof
consensuslustersdesireds k, i.e.,

(3)

where goesthroughall possiblek-partitions. Note that
this formulation treatseachindividual clusteringequally
Onecaneasilygeneralizehis definitionto aweightedaver-
age,which maybepreferablaf certainindividual solutions
aremoreimportantthanothers.

Theremay be situationswherenot all labelsare known
for all objects,i.e., there are missing data in the label
vectors. For suchcases,the consensuglusteringobjec-
tive from equation3 can be generalizedby computinga
weightedaverageof themutualinformationwith theknown
labels,with theweightsproportionalto the comprehensie-
nessof the labelingsasmeasuredy the fraction of known
labels.

2.1 Consensud-unction Heuristics

In [16, 14], we introducedthree efficient heuristicsto
solve the cluster ensembleproblem. All algorithmsap-



proachthe problemby first transformingthe set of clus-
teringsinto a hypegraphrepresentation Essentiallyeach
objectis avertex, andall the memberof a givenclusterin
ary solutionare connecteddy an hyperedge.So the total
numberof hyperedgess simply the sumof the numberof
clustersoverall clusterings Basedon thisrepresentation,
thefollowing heuristicswereproposeddetailsin [16]):

Cluster-basedSimilarity Partitioning Algorithm (CSPA).
A clusteringsignifies a relationshipbetweenobjects
in the sameclusterandcanthusbe usedto establisha
measur@f pairwisesimilarity. Thisinducedsimilarity
measue is thenusedto reclusterthe objects,yielding
acombinedclustering.

HyperGraph Partitioning Algorithm (HGPA). In this
algorithm, we approximate the maximum mutual
informationobjective with a constrainedninimumcut
objective. Essentiallythe clusterensemblgroblemis
posedasa partitioning problemof a suitably defined
hypegraphwherehyperedgesepresentlusters.

Meta-CLustering Algorithm (MCLA). Here, the objec-
tive of integrationis viewed as a cluster correspon-
denceproblem Essentially groupsof clusters(meta-
clustershaveto beidentifiedandconsolidated.

2.2 Direct Optimization Approaches

Insteadof designingheuristics,one cantry to directly
optimize the objectve functionsin Eq. 3. First, note
that an exhaustive searchthroughall possibleclusterings
with & labels for the one with the maximum ANMI is
formidable sincefor  objectsand k partitionsthereare
— k possible clusterings, or ap-
proximatelyk k& for k [7]. For example,thereare
171,798,90Ivaysto form 4 groupsof 16 objects.A variety
of well known greedysearchtechniquesjncluding simu-
latedannealingandgeneticalgorithms,canbetried to find
a reasonablesolution. Typically suchapproachesretoo
computationallyexpensve to be relevantin a datamining
context. However, to getafeelfor thequality-timetradeofs
involved,we devisedandstudiedthefollowing greedyopti-
mizationschemeahatoperateshroughsinglelabelchanges:

The most representatie single labeling (indicated by
highestANMI with all labelings)is usedastheinitial la-
belingfor the greedyalgorithm. Then,for eachobject,the
currentlabelis changedo eachof theotherk possible
labelsandthe ANMI objectiveis re-evaluatedIf the ANMI
increasegheobjectslabelis changedo thebestnew value
andthealgorithmproceeddo the next object. Whenall ob-
jectshavebeenchecledfor possiblemprovementsasweep
is completed.If atleastonelabelwaschangedn a sweep,
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we initiate a new sweep.The algorithmterminatesvhena
full sweepdoesnot changeary labels,therebyindicating
thatalocal optimumis reachedThealgorithmcanberead-
ily modifiedto probabilisticallyacceptdecreases ANMI
aswell, asin a Boltzmannmachine.

As with all local optimization proceduresthereis a
strong dependeng on the initialization. Running this
greedysearctstartingwith arandomlabelingis oftencom-
putationallyintractable andtendsto resultin poorlocal op-
tima. Evenwith aninitializationthatis closeto anoptimum,
computatiorcanbe extremelyslow dueto exponentialtime
compleity. Experimentswith  k ,
typically averagedonehoursperrunonal GHz PCusing
ourimplementation.

2.3 Discussionand Comparison

In this section,we comparethe heuristicswith the di-
rect approach,and also do a sanity checkto seeif the
NMI criteriais indeedmeaningful. Let usfirst take a look
at the worst casetime complexity of the proposedalgo-
rithms. Assumingquasi-linear(hyper)graph partitioners
suchas(H)METIS, CSR is k ,HGRA s k
andMCLA is k . Thefastesis HGPA, closelyfol-
lowedby MCLA sincek tendsto besmall. CSFA is slower
andcanbeimpracticalfor large . The greedyapproachs
the slowestandoftenis intractablefor large .

We performeda controlled experimentthat allows us
to comparethe propertiesof the threeproposedconsensus
functions. First, we partition objectsinto &
groupsat randomto obtainthe original clustering .* We
duplicatethis clustering times. Now in eachof the
8 labelings,afractionof thelabelsis replacedwith random
labelsfrom a uniform distribution from 1 to k. Then,we
feed the noisy labelingsto the proposedconsensusunc-
tions. Theresultingcombinedabelingis evaluatedin two
ways. Firstly, we measurehe normalizedobjective func-
tion of the ensembleoutput  with all the
individual labelsin . Secondlywe measurghe normal-
izedmutualinformationof eachconsensulabelingwith the
original undistortedabelingusing . For better
comparisonwe addeda randomlabelgeneratomsa base-
line method. Also, performancemeasure®f a hypothet-
ical consensugunction that returnsthe original labelsare
includedto illustrate maximumperformanceor low noise
settings’

Figure 2 shows the results. As noiseincreases|abel-
ings sharelessinformation and thus maximumobtainable

decreasesand so does for
all techniquegfigure 2(top)). HGPA performsthe worstin

1| abelsareobtainedoy arandompermutation Groupsarebalanced.
2In low noisesettingstheoriginallabelsaretheglobalmaximum since
they sharethe mostmutualinformationwith thedistortediabelings.
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this experimentwhich we believe is dueto thelackingpro-
visionof partially cutedgesin low noise,both, MCLA and
CSHA recover the original labelings. MCLA retainsmore
thanCSHA in presenceof mediumto high
noise. Interestingly in very high noisesettingsCSFA ex-
ceedsMCLA’s performance.Note alsothat for suchhigh
noisesettingsthe original labelshave a lower averagenor-
malized mutual information This is be-
causethe setof labelsare almostcompletelyrandomand
the consensuslgorithmsrecover whatever little common
informationis presentwhereaghe original labelingis now
almostfully unrelated.However, realisticallynoiseshould
not exceed50% and MCLA seemso performbestin this
simplecontrolledexperiment.
For lessthan50% noise,the algorithmsessentiallyhave
the sameranking regardlessof whether or
is used. Sincein a real settingnoiseis ex-
pectedo bemuchlessthan50%,thisindicateghatour pro-

posedobjective function is asuitablechoice
in realapplicationsvhere andhence is not
available.

The directgreedyoptimizationapproachperformssim-
ilar to CSRA in termsof but scoredessthan
MCLA in mostcasesIn termsof thegreedy
approachreturnsa higher scorethan CSRA, HGPA, and
MCLA only for unrealisticallyhigh (  75%) noiselevels.
More importantly the greedyapproachis tractableonly
whentherearevery few datapointsdimensionsand clus-
ters,dueto its high computationatomplexity.

A Supra-Consensud-unction. Our objective function
hasanaddedadwantagehatit allows oneto adda stagethat
selectghe bestconsensufunctionwithout any supervision
information, by simply selectingthe one with the highest
ANMI. So,for theexperimentsn this paperwe first report
theresultsof this ‘supra’-consensuiinction , obtainecby
runningall threealgorithms,andselectingthe onewith the
greatesANMI. Then,if therearesignificantdifferencesor
notabletrendsobsened amongthe three algorithms, this
further level of detail is described. Note that the supra-
consensus$unctionis completelyunsupervise@ndavoids
the problemof selectingthe bestcombinerfor adatasebe-
forehand.

3. Empirical Studies

Data Sets. We illustrate the clusterensembleapplica-
tionsontwo realandtwo artificial data-setsln tablel some
basicpropertiesof the datasetgleft) andparametechoices
(right) are summarized. (2D2K) is the simplest,contain-
ing 500 points eachof two 2-dimensional(2D) Gaussian
clusterswith means and
anddiagonalcovariancematriceswith 0.1 for all diagonal
elements. The secondartificial data-set,8D5K, contains



1000pointsfrom 5 multivariateGaussiamistributions(200
pointseach)in 8D space.Again, clustersall have the same
variance(0.1), but differentmeans. Both artificial data-sets
areavailablefor downloadatht t p: // strehl . com .

The third data-set(PENDI G) for pen-basedrecogni-
tion of handwrittendigits is taken from the UCI Machine
Learning Repository It contains16 spatial featuresfor
eachof the 7494 training and 3498 test cases(objects).
Thereareten classef roughly equalsize (balancectlus-
ters) in the datacorrespondingo the digits 0 to 9. The
fourth data-set,YAHOQ, is for text clusteringand contains
20 original Yahoo! news cateyories. The datais pub-
licly available from ftp://ftp.cs.um. edu/ dept
/ user s/ bol ey/ (K1 seriesandwasusedn [1,17]. The
raw word-documentmatrix consistsof the
non-normalizedccurrencdrequencie®f stemmedvords,
usingPorters suffix strippingalgorithm.Pruningall words
that occur lessthan or morethan times on av-
eragebecausehey areinsignificant(e.g.,har uspex) or
too generic(e.g.,new), respectiely, resultsin
The default £ usedfor YAHQO is taken as 40 (two t|mes
thenumberof cateyories),sincesomecatejoriesseento be
multi-modal.

Evaluation Criterion. Evaluationof the quality of a
clusteringis a non-trivial and oftenill-posedtask. In fact,
mary definitionsof objective functionsfor clusteringsexist
[7]. Sincefor our datasetseitherthe generatre modelsor
the classlabelsareknown, we canuseanextrinsic measure
basedon comparingcatayory labelsto classlabels,asop-
posedto intrinsic measuresuchas compactnesand sep-
aration. Normalizedmutual informationis chosenasit is
impartial with respectto k£ ascomparedo other extrinsic
criteriasuchaspurity andentropy. It reachests maximum
valueof 1 only whenthe two setsof labelshave an exact
one-to-oneorrespondence.

3.1 Feature-Distributed Clustering (FDC)

In Feature-Distriited Clustering(FDC), we shov how
clusterensemblexan be usedto combinea set of clus-
teringsobtainedin a distributed ervironmentfrom partial
views of the data. We run several clusterersgachhaving
accesdo only a restricted,small subsetof features. Note
that becausef the currentlack of public domaindatasets
for distributed clustering,in our experimentsthesepartial
views hadto be createdrom acommonfeaturespace.ln a
real-life scenariothe differentviews would be determined
apriori in an application-specifiavay. Eachclustererhas
accesdo all objects. The clusterersfind groupsin their
views/subspaceassingthe sameclusteringtechniqueln the
combiningstagejndividual clusterlabelsareintegratedus-
ing our supra-consensudanction.

Table 2 summarizeghe results. Eachdatasetwas pro-
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jectedontomuchlower dimensionalrandomlychosersub-
spacesfor times,a graph-partitionbasedclusteringwas
doneon eachprojection,andtheresultsintegratedusingthe
supra-consenstignction. For example,in the YAHOOcase,
20 clusteringswere performedin 128-dimensiongoccur

rencefrequencie®f 128randomwords)each.Theaverage
guality amongstthe resultswas 0.16 and the bestquality
was0.20. Using the supra-consensusnctionto combine
all 20labelingsyieldsaquality of 0.31,0r 156%highermu-

tual informationthanthe averageindividual clustering. In

all scenariosthe consensuslusteringis asgoodor better
thanthe bestindividual input clusteringand always better
thanthe averagequality of individual clusterings Also, the
supra-consensuanctionchoosesitherMCLA andCSRA

results but the differences not statisticallysignificant.

3.2 Object-Distrib uted Clustering (ODC)

A dualto the applicationdescribedn the previous sec-
tion, is Object-Distrituted Clustering(ODC). In this sce-
nario, individual clusterershave a limited selectionof the
objectpopulationbut have accesdo all the featuresof the
objectsthey areprovidedwith. Thisis somavhatmorediffi-
cultthanFDC, sincethelabelingsarepartial. Becausehere
is no accesgo the original featuresthe combiner needs
someoverlap betweenlabelingsto establisha meaningful
consensus

Object-distrilution cannaturallyresultfrom operational
constraintsin mary applicationscenarios. For example,
datamart®f individual storesof aretail compary mayonly
have recordsof visitors to that store,but thereareenough
peoplewho visit more than one store of that compary to
resultin the desiredoverlap.

In this subsectionye will discusshow onecanusecon-
sensugunctionson overlappingsub-samplesWe propose
awrapperto ary clusteringalgorithmthat simulatesa sce-
nariowith distributedobjects,anda combinerthatdoesnot
have accesdo the original features.For experimentalpur-
poseswe divide thedatainto overlappingpartitionssuch
thaton an average eachobjectresidesn partitions. For
simplicity, eachpartitionis of thesamesize,i.e. . Each
partition is processedy independentjdentical clusterers
(choserappropriatelyfor theapplicationdomain).For sim-
plicity, we usethe samenumberof clustersk in the sub-
partitions. Sinceevery partition only looks at a fraction of
thedata,therearemissinglabelsin the  ’s. Givensuffi-
cientoverlap,the supra-consensuanction tiestheindi-
vidual clusterdogetheranddeliversa consensuslustering.

Figure 3 shows our resultsfor the four data-setsvhen
graphpartitioningwasusedasthe clustererin eachproces-
sor. Eachplotin figure 3 shavstherelative mutualinforma-

3|f featuresareavailable,onecanmeige partitionsbasecn their loca-
tionsin featurespaceto reachconsensus.



name featuresifeaturesicatgoriesbalancesimilarity default#cluster
2D2K  real 2 2 1.00 |Euclidean 2
8D5K  real 8 5 1.00 |Euclidean 5
PENDI G real 16 10 0.87 |Euclidean 10
YAHOO ordinal 2903 20 0.24 | Cosine 40

Table 1. Overview of datasets for cluster ensemb le experiments.

Balance is defined as the ratio of

the average categor y size to the largest categor y size.

inputandparameters quality

data | sub-| # all features consensus | maxsubspace | averagesubspacd min subspace
spacemodelg
#dims|

2D2K 1 3 0.84747 0.68864 0.68864 0.64145 0.54706

8D5K 2 5 1.00000 0.98913 0.76615 0.69823 0.62134

PENDI G| 4 10 0.67805 0.63918 0.47865 0.41951 0.32641

YAHOO | 128 | 20 0.48877 0.41008 0.20183 0.16033 0.11143

Table 2. FDC results. The consensus clustering is as good as or better than the best individual

subspace clustering.

tion (fraction of mutualinformation retainedas compared
to thereferenceclusteringon all objectsandfeaturesyasa
function of the numberof partitions. We fix the sumof the
numberof objectsin all partitionsto be doublethe number
of objects(repetitionfactor ). Within eachplot,
rangesfrom 2 to 72 and eachODC resultis marked with
a . Clearly thereis atradeof in the numberof partitions
versusgquality. As approaches , eachclustereronly re-
ceivesasinglepointandcanmale no reasonablgrouping.
For example,in the YAHOO case for processingn
16 partitionsstill retainsaround80%of the full quality.

Distributedclusteringusinga clusterensemblealsopro-
vides a speedupvhenthe inner loop clusteringalgorithm
hassuperlineacompleity ( ) anda fastconsensus
function(suchasMCLA andHGPR) is used.For example,
let us assumehat the inner loop clustererhasa complex-
ity of (e.g.,similarity-basedapproachesr efficient
agglomeratre clustering)and one usesonly MCLA and
HGPA in the supra-consensuanction? The overheador
the MCLA andHGRPA consensugunctionsgrows linearly
in andis negligible comparecdto the clustering.
Hencethe asymptoticsequentiabpeedups approximately

—. Eachpartitioncanbe clusteredwithout
arny communicatioron a separatgrocessarAt integration
time only the -dimensionallabel vector (insteadof e.g.,
theentire similarity matrix) hasto be transmittedo
thecombiner Hence ODC doesnot only save computation
time, but alsoenabledrivial -fold parallelization.Conse-
qguently if a -processocomputetis utilized,anasymptotic

speedumf — is obtained. For example,

4CSR is andwould reducespeedupsbtainedby distribution.
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2D2K (YAHQO) canbespedup 64-fold using16 processors
at90% (80%) of thefull lengthquality.

4. Integrating Clusterings of Varying Resolu-
tions

Whenclusteringsaredonein a distributedfashion,per
hapshy different organizationswith different data-vievs
or goals, it is quite likely that & will vary from site to
site. Is our consensu<lustering fairly robust to such
variations? To addressthis question, we ran experi-
mentswhereclusteringsover a rangeof k wereintegrated.
While one would expect that different sites are looking
at different featuresif they selectdifferent valuesof k,
to remove this additional source of variability, we just
usedthe sameset of featuresfor all clusterings. Also,
since2D2K is very simple, we replacedit with NEW520,
which consists of newsgroup data with 20 categories,
available from htt p: // www. ai . i t . edu/ peopl e/

j renni e/ 20Newsgr oups/ . We sampledthe origi-
nal datasetto get a reduceddata set of 2000 documents
(100/catgory), eachrepresentedy a 1151 dimensional
featurevector

Table 3 summarizeshe experimentsperformed.Spher
ical K-meansis usedfor thelasttwo datasetbecausehey
are so high-dimensionabnd non-Gaussiathat regular K-
meangperformsmiserablyonthem[18]. Ensemble-Andi-
catesthe original rangesof & chosen We foundthat, given
awide rangeof k£, ANMI would typically peakaroundthe
mostappropriatevalueof k, henceit could be usedto nar
row down the rangeof k for re-consideratiorby the con-
sensudunction. This obsenation resultsin Ensemble-B,
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Figure 3. ODC Results. Clustering quality (measured by relative mutual information) as a function of

the number of partitions,

using graph partitioning in the inner loop for

wherewe zoominto a narrover rangeof k. For example,
for 8D5K, for the first setof k values,the averagemutual
informationvariesquite smoothlyandpeaksaroundk ,
asshown in the Figure4. Sowe chosethe new rangeof &
to be andwe find thatk givesthe highestANMI
value.Incidentally this highlightsanaddedbenefitof using
aclusterensemblesincethey give a goodindicationof the
naturalnumberof clustersin thedata.

First, asa sanitycheck,we plottedthe valuesof average
mutual information with all the membersof a clusteren-
sembleandthe mutualinformationwith the original clus-
tering (Figureb). Thecorrelationcoeficient, averagedver
all theeightclusterensemble@ theexperimentds 0.9023,
which is quite high. This justifiesour approactof picking
solutionsbasedon their averagemutual information with
respecto theclusterensemble.
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, on various data sets: (a) 2D2K; (b) 8D5K; (c) PENDI G, (d) YAHOO. The sum
of the number of samples over all partitions is fixed at

. Each plot contains experimental results

Table 4 shows the mutual information valuesbetween
the different clusteringsand the original cateyorizationof
the correspondinglataset. For eachdataset,the“A” and
“B” versionsndicatewhichensemblevaschosenandonly
thesupra-consensussultsareshowvn for brevity. Theaver-
ageclusteringquality is obtainedoy computingtheaverage
of the pairwisemutualinformationof eachensemblenem-
berwith the original cateyorization. The natural% cluster
ingsarethesolutionsobtainedoy directly applyingtheclus-
tering algorithmto get natural% clusters. The max-ANMI
clusteringson the otherhandreferto the clusterensemble
memberghatsharethe maximummutualinformationwith
all thememberf theensemble.

From the table, we notice that the quality of the con-
sensu<lusteringis betterthanthatof the natural% cluster
ing, the max-ANMI clusteringand also the averagequal-



ity of the ensemblétself, exceptin the caseof the YAHOO
datasetThis indicatesthatthe consensumethodis a good
way to obtaina high quality clusteringwhenthe numberof
clustersis not known. Furthermorethe quality of a max-
ANMI clusteringis alsohigherthanthe averageof the cor-
respondingensemble Sothe max-ANMI clusteringcanbe
usedto obtain a moderatelygood solution whenit is not
possibleor expensie to do consensus.

The deviation in the caseof the YAHOO dataseis most
likely becaus¢heoriginal manuallyassigneatateyoriesare
somavhatdifferentfrom the naturalclusteringof the data,
andthe cateyoriesare highly imbalancedaswell. The low
NMI valuesof the YAHOO clusteringsaswell asthe lower
correlationvalue (0.6086) betweenthe AverageNMI and
the NMI valuesin the YAHOO clusterensembleseemto
substantiatehis. Hence,it is not very surprisingthat the
clusteringobtainedusing the consensusnethodsdoesnt
performvery well for this dataset.

Concluding Remarks. Clusterensemblegnablefed-
erateddatamining systemsworking on top of distributed
and heterogeneoudatabasesgven under severe dataand
knowledgesharingconstraintsWe areactiely looking for

morereal-life datasetsto extendour applicationscenarios

anddo furthercomparatie studies.
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