PhD Proposal, Nov 2003 (Also Appears as Technical Report, UT-AI-TR-03-307)

Semi-supewisedClustering: Learning with Limited User Feedback

by

SugatoBasu

Doctoral Dissertation Proposal
Presentedo the Faculty of the Graduateschoolof
The University of Texasat Austin
in Partial Ful llment

of theRequirements

for the Degreeof

Doctor of Philosophy

The University of Texasat Austin

November2003



Semi-supewisedClustering: Learning with Limited User Feedback

PublicationNo.

SugatoBasu
The University of Texasat Austin, 2003

SupervisorDr. Raymond]. Mooney

In mary machinelearningdomains(e.g. text processingbioinformatics),thereis a large supply of unlabeleddata
but limited labeleddata,which canbe expensve to generate Consequentlysemi-supervisetéarning,learningfrom
a combinationof both labeledandunlabeleddata,hasbecomea topic of signi cant recentinterest.In the proposed
thesisourresearchiocusis on semi-supervisediusteringwhich usesasmallamountof supervisediatain theform of
classlabelsor pairwiseconstraint®on someexamplesto aid unsupervisedlustering.Semi-supervisedlusteringcan
be eithersearch-based.e., changesare madeto the clusteringobjective to satisfyuserspeci ed labels/constraints,
or similarity-basedj.e., the clusteringsimilarity metric is trainedto satisfy the given labels/constraintsOur main
goalin the proposedhesisis to studysearch-basesemi-supervisedlusteringalgorithmsandapplythemto different
domains.

In our initial work, we have shavn how supervisioncan be provided to clusteringin the form of labeled
datapointsor pairwiseconstraints.We have alsodevelopedan active learningframework for selectinginformative
constraintsn the pairwiseconstrainegemi-supervisedlusteringmodel,andproposed methodfor unifying search-
basedandsimilarity-basedechniquesn semi-supervisedlustering.

In this thesis,we wantto study otheraspectsof semi-supervisedlustering. Someof the issueswe want
to investigateinclude: (1) effect of noisy, probabilisticor incompletesupervisionin clustering;(2) modelselection
techniguedor automaticselectionof numberof clustersn semi-supervisedlustering;(3) ensemblesemi-supervised
clustering.In our work sofar, we have mainly focussedn generatie clusteringmodels,e.g. KMeansandEM, and
ran experimentson clusteringlow-dimensionalUCI datasetsr high-dimensionatext datasets.In future, we want
to studythe effect of semi-supervisiomn otherclusteringalgorithms,especiallyin the discriminatie clusteringand
online clusteringframework. We alsowantto studythe effectivenesof our semi-supervisedlusteringalgorithmson
otherdomainsg.g.,websearchengineqclusteringof searchresults) astronomy(clusteringof Mars spectraimages)
andbioinformatics(clusteringof genemicroarraydata).
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Chapter 1

Intr oduction

Two of themostwidely-usedmethodsn machindearningfor predictionanddataanalysisareclassi cationandclus-

tering (Duda, Hart, & Stork, 2001; Mitchell, 1997). Classi cationis a purely supervisedearningmodel, whereas
clusteringis completelyunsupervisedRecentlytherehasbeenalot of interestin the continuumbetweercompletely
supervisedndunsupervisedearning(Muslea,2002;Nigam,2001;Ghani,Jones& Rosenbeg, 2003). In this chap-

ter, we will give anoverview of traditional supervisedtlassi cation and unsupervisealustering,andthendescribe
learningin the continuumbetweerthesetwo, wherewe have partially supervisedlata.We will thenbe presentinghe

maingoal of our proposedhesis.

1.1 Classi cation

Classi cationis a supervisedask, wheresupervisionis providedin the form of a setof labeledtraining data,each
datapoint having a classlabel selectedrom a x ed setof classegMitchell, 1997). The goalin classi cationis to

learna function from the training datathat givesthe bestpredictionof the classlabel of unseen(test) datapoints.
Generatre modelsfor classi cationlearnthejoint distribution of thedataandclassvariablesby assuming particular
parametricform of the underlyingdistribution that generatedhe datapointsin eachclass,andthenapply Bayes
Rule to obtainclassconditionalprobabilitiesthat are usedto predictthe classlabelsfor testpointsdravn from the
samedistribution, with unknown classlabels(Ng & Jordan,2002). In the discriminative framework, the focusis on

learningthediscriminantfunctionfor theclassboundarie®r aposteriomprobabilityfor theclasdabelsdirectly without
learningthe underlyinggeneratie densities(Jaaklola & Haussler 1999). It canbe shawvn that the discriminative

modelof classi cationhasbettergeneralizatiorerror thanthe generatre modelundercertainassumptiongVapnik,
1998),whichhasmadediscriminative classi ers,e.g.,supportvectormachinegJoachims1999)andnearesheighbor
classi ers(Devroye, Gyor , & Lugosi,1996),very popularfor theclassi cationtask.

1.2 Clustering

Clusteringis anunsupervisetearningproblem which triesto groupa setof pointsinto clusterssuchthatpointsin the
sameclusteraremoresimilar to eachotherthanpointsin differentclustersundera particularsimilarity metric (Jain
& Dubes,1988). Here, the learningalgorithm just obsenesa setof points without observingary corresponding
class/catgory labels. Clusteringproblemscanalsobe catgyorizedasgeneratie or discriminatve. In the generatie
clusteringmodel,aparametridorm of datageneratioris assumedandthegoalin themaximumlik elihoodformulation
isto nd the parameterghat maximizethe probability (likelihood) of generationof the datagiven the model. In
the most generalformulation, the numberof clusters is alsoconsideredo be an unknovn parameter Sucha
clusteringformulationis called a “model selection”frameawork, sinceit hasto choosethe bestvalueof  under
which the clusteringmodel ts the data. We will be assuminghat is known in the clusteringframeworks that
we will be consideringunlessexplicitly mentionedotherwise. In the discriminative clusteringsetting(e.g.,graph-



theoreticclustering),the clusteringalgorithmtriesto clusterthe dataso asto maximizewithin-clustersimilarity and
minimize between-clustesimilarity basedon a particularsimilarity metric, whereit is not necessaryo consideran
underlyingparametriadatageneratiormodel.In boththe generatie anddiscriminatve models clusteringalgorithms
aregenerallyposedas optimizationproblemsand solved by iteratve methoddike EM (DempsterLaird, & Rubin,
1977),approximatioralgorithmslike KMedian (Jain& Vazirani,2001),or heuristicmethoddik e Metis (Karypis &

Kumar, 1998).

1.3 Semi-supevwisedlearning

In mary practicallearningdomaing(e.g.text processingbioinformatics) thereis alarge supplyof unlabeleddatabut
limited labeleddata,which canbe expensve to generate.Consequentlysemi-supervisetearning, learningfrom a
combinationof both labeledandunlabeleddata,hasbecomea topic of signi cant recentinterest. The framework of
semi-supervisebtbarningis applicableto bothclassi cationandclustering.

1.3.1 Semi-supevisedclassi cation

Supervisedlassi cationhasa known, x edsetof cateyories,and cateyory-labeledraining datais usedto inducea
classi cationfunction. In this setting,the training canalsoexploit additionalunlabeleddata,frequentlyresultingin a
moreaccurateclassi cationfunction. Several semi-supervisedlassi cationalgorithmsthatuseunlabeleddatato im-
proveclassi cationaccurag have becomepopularin the pastfew yearswhichincludeco-training(Blum & Mitchell,
1998), transductie supportvectormachinegJoachims,1999), and using ExpectationMaximizationto incorporate
unlabeleddatainto training (Ghahraman& Jordan,1994;Nigam, McCallum, Thrun, & Mitchell, 2000). Unlabeled
datahave alsobeenusedto learngoodmetricsin theclassi cationsetting(Hastie& Tibshirani,1996).A goodreview
of semi-supervisedlassi cationmethodss givenin (Se@er, 2000).

1.3.2 Semi-supevisedclustering

Semi-supervisedlustering,which usesclasslabelsor pairwise constraintson someexamplesto aid unsupervised
clustering,hasbeenthe focus of seseralrecentprojects(Basu,Banerjee & Mooney, 2002;Klein, Kamvar, & Man-
ning, 2002; Wagstaf, Cardie,Rogers,& Schroedl,2001; Xing, Ng, Jordan& Russell,2003). If theinitial labeled
datarepresenall therelevantcatayories thenbothsemi-supervisedlusteringandsemi-supervisedlassi cationalgo-
rithmscanbe usedfor cateorization.Howeverin mary domainsknowledgeof therelevantcategoriesis incomplete.
Unlike semi-supervisedlassi cation,semi-supervisedlustering(in the model-selectioriramavork) cangroupdata
usingthe cateyoriesin theinitial labeleddataaswell asextendandmodify the existing setof cateyoriesasneededo
re ect otherregularitiesin thedata.

Existing methodsfor semi-supervisedlusteringfall into two generalapproacheshatwe call seach-based
andsimilarity-basednethods.

Search-basedmethods

In search-basedpproacheghe clusteringalgorithmitself is modi ed sothatuserprovidedlabelsor constraintsare
usedto biasthe searchfor an appropriatepartitioning. This canbe doneby sereral methods,e.g., modifying the
clusteringobjective functionsothatit includesa termfor satisfyingspeci ed constraintdDemiriz, Bennett,& Em-
brechts,1999),enforcingconstraintgo be satis ed duringthe clusterassignmenin the clusteringprocesgWagstaf
etal., 2001),doing clusteringusingside-informatiorfrom conditionaldistributionsin anauxiliary space(Sinkkonen
& Kaski, 2000), andinitializing clustersandinferring clusteringconstraintsbasedon neighborhoodslerived from
labeledexampleg(Basuetal., 2002).

Similarity-based methods

In similarity-basedpproachesnexisting clusteringalgorithmthatusesa similarity metricis employed; however, the
similarity metricis rst trainedto satisfythelabelsor constraintsn thesupervisediata.Severalsimilarity metricshave



beenusedfor similarity-basedsemi-supervisedlustering,including string-editdistancetrainedusing EM (Bilenko
& Moongy, 2003),Jensen-Shannadivergencetrainedusinggradientdescen{Cohn,Caruana& McCallum,2000),
Euclideandistancemodi ed by a shortest-pattalgorithm(Klein etal., 2002),or Mahalanobiglistancegrainedusing
corvex optimization (Hillel, Hertz, Shental,& Weinshall,2003; Xing et al., 2003). Several clusteringalgorithms
usingtrainedsimilarity metricshave beenemployedfor semi-supervisedlustering,includingsingle-link (Bilenko &
Moongy, 2003)andcomplete-link(Klein et al., 2002)agglomeratie clustering,EM (Cohnetal., 2000;Hillel etal.,
2003),andKMeans(Hillel etal.,2003;Xing etal., 2003).

However, similarity-basedand search-basedpproacheso semi-supervisedlusteringhave not beenade-
guatelycomparedn previouswork, andsotheirrelative strength@ndweaknessearelargelyunknown. In Section3.4,
we will be presentinga new semi-supervisedlusteringalgorithmthatuni es thesetwo approaches.

1.4 Goal of proposedthesis

In the proposeahesis,the main goal is to study semi-supervisedlusteringalgorithms,characterizesomeof their
propertiesand apply themto differentdomains. In our completedwork, we have alreadyshovn how supervision
can be provided to clusteringin the form of labeleddatapoints or pairwise constraints. We have also developed
anactive learningframework for selectinginformative constraintdn the pairwiseconstrainedgsemi-supervisedlus-
tering model,and proposeda methodfor unifying search-basedndsimilarity-basedechniquesn semi-supervised
clustering.Detailsof the completedvork aregivenin Chapter3.

In future,we wantto look atthefollowing issuesdetailsof which aregivenin Chapter:

Investigatethe effectsof noisy supervision probabilisticsupervision(e.g., soft constraintspr incompletesu-
pervision(e.g.,labelsnotspeci edfor all clusters)n clustering;

Studymodelselectionissuesin semi-supervisedlustering,which will help to characterizehe differencebe-
tweensemi-supervisedlusteringandclassi cation;

Studythefeasibility of semi-supervisingtherclusteringalgorithms,especiallyin thediscriminatve clustering
or online clusteringframework;

Createa framework for ensemblesemi-supervisedlustering;

Apply the semi-supervisedlusteringmodelon otherdomainsapartfrom text, especiallyweb searchengines,
astronomyandbioinformatics;

Studytherelationbetweerdifferentevaluationmetricsusedto evaluatesemi-supervisedlustering;
Investigateotherformsof semi-supervisiore.g.,attribute-level constraints;

Do moretheoreticalnalysisof certainaspect®f semi-supervisiongspeciallysemi-supervisedlusteringwith
labeleddataandtheuni ed semi-supervisedlusteringmodel.



Chapter 2

Background

Thischaptegivesabriefreview of clusteringalgorithmsonwhich ourproposedemi-supervisedusteringtechniques
will be applied. It also givesan overview of different popularclusteringevaluation measuresand describeshe
measuresve will beusingin our experiments.

2.1 Overview of clustering algorithms

As explainedin Chapterl, clusteringalgorithmscanbe classi ed into two models— generatie or discriminatie.
Thereareothercataorizationsof clustering e.g.,hierarchicabr partitional(Jain,Myrthy, & Flynn, 1999),depending
onwhetherthealgorithmclustershedatainto a hierarchicalktructureor givesa at partitioningof thedata.

2.1.1 Hierarchical clustering

In hierarchicalclustering,the datais not partitionedinto clustersin a singlestep. Instead,a seriesof partitionstake
place,which mayrun from a singleclustercontainingall objectsto  clusterseachcontaininga single object. This
givesriseto a hierarchyof clusteringsalsoknown asthe clusterdendrogramHierarchicalclusteringcanbe further
catgyorizedas:

Divisive methods Createtheclusterdendrogranin atop-dovn divisivefashion startingwith everydatapointin
oneclusterandsplitting clusterssuccessiely accordingo somemeasuréill a corvergencecriterionis reached,
e.g., Cobweb(Fisher 1987), recursve clustersplitting using a statisticaltransformation(Dubnov, El-Yani,
GdalyahuSchneidmanTishby, & Yona,2002),etc.;

Agglomeratve methods: Createthe clusterdendrogramin a bottom-upagglomeratie fashion,startingwith
eachdatapoint in its own clusterand meming clusterssuccessiely accordingto a similarity measurdill a
corvergencecriterion is reachedg.qg., hierarchicalagglomeratre clustering(Kaufman& Rousseeuw1990),
Birch (Zhang,Ramakrishnan% Livny, 1996),etc.

2.1.2 Partitional clustering

Let bethesetof data-pointsve wantto clusterwith each . A partitionalclusteringalgorithm
dividesthedatainto  partitions(  givenasinputto the algorithm)by groupingthe associatedeaturevectorsinto
clusters.Partitionalalgorithmscanbeclassi ed as:

Graph-theoretic:Theseare discriminative clusteringapproacheswherean undirectedgraph is
constructedrom the dataseteachvertex in correspondingo a datapoint  andthe weight of each
edge correspondingo the similarity betweerthedatapoints and  accordingto adomain-speci c
similarity measureThe clusteringproblembecome®quialentto nding the -mincutin thisgraph,which



is known to be a NP-completeproblemfor (Gargy & Johnson1979). So, mostgraph-basedlustering
algorithmstry to usegoodheuristicmethodsto groupnodessoasto nd low-costcutsin . Several differ-
ent graph-theoretialgorithmshave beenproposed:methodslike Rock (Guha, Rastogi,& Shim, 1999)and
Chameleor(Karypis, Han, & Kumar 1999)group nodesbasedon the ideaof de ning neighborhoodsising
inter-connectvity of nodesin , Metis (Karypis & Kumar 1998) performsfastmulti-level heuristicson — at
multiple resolutiondo give goodpartitions while Opossun{Strehl& Ghosh2000)usesamodi ed cutcriterion
to ensurehattheresultingclustersarewell-balancediccordingto a speci ed balancingeriterion.

Density-basedThesemethodsmodel clustersas denseregions and use differentheuristicsto nd arbitrary-
shapedhigh-densityregions in the dataspaceand group points accordingly Well-known methodsinclude
Denclue,which triesto analyticallymodelthe overall densityarounda point (Hinnehurg & Keim, 1998),and
WaveClusterwhich useswavelet-transformo nd high-densityregions(SheikholesamiChatterjee& Zhang,
1998). Density-basednethodstypically have dif culty scalingup to very high dimensionaldata( 10000
dimensions)which arecommonin domaindik e text.

Mixture-modelbased: In mixture-modelbasedclustering,the underlyingassumptioris that eachof the
datapoints to be clusteredare generatedy oneof  probability distributions , Whereeach
distribution  representacluster . Theprobabilityof observingary point  is givenby:

where is the parametewector, arethe prior probabilitiesof the clusters
( ), and s the probabilitydistribution of cluster  parameterizely the setof parameters .

The data-generatioprocesss assumedo be asfollows — rst, oneof the componentss choserfollowing

their prior probability distribution ; then,a data-pointis sampledfollowing the distribution  of the
chosercomponent.

Sincethe clusterassignmenbof the pointsarenot known, we assumehe existenceof arandomvariable that
encodeghe clusterassignment for eachdatapoint . It takesvaluesin andis alwaysconditioned
on the data-point  underconsideration.The goal of clusteringin this modelis to nd the estimatesof the
parameterector andtheclusterassignmentariable suchthatthelog-likelihoodof the data:

is maximized.Since is unknown,thelog-likelihoodcannotbe maximizeddirectly. So,traditionalapproaches

iteratively maximizethe expectedog-likelihoodin the ExpectationMaximization(EM) framework (Dempster

etal.,1977).Startingfrom aninitial estimateof ,theEM algorithmiteratively improvestheestimatesf and
suchthatthe expectedvalueof thecomplete-datéog-likelihoodcomputedvertheclassconditional

distribution is maximized. It canbe shavn thatthe EM algorithm corvergesto a local maximum
of the expectedlog-likelihooddistribution (Dempsteret al., 1977),andthe nal estimatef the conditional
distribution areusedto nd theclusterassignmentsf the pointsin

Most of thework in this areahasassumedhattheindividual mixturedensitycomponents areGaussianand
in thiscaseheparametersf theindividual Gaussianareestimatedy the EM procedureThe popularKMeans
clusteringalgorithm(MacQueen1967)canbeshavn to beanEM algorithmonamixtureof ~ Gaussiansinder
certainassumptionsDetailsof this derivationareshovn in Section2.2.1.

2.2 Our representatve clustering algorithms

In ourwork, we have choserKMeansandHierarchicalAgglomeratve Clusteringastwo representatie clusteringalgo-
rithms,from thepartitionalandhierarchicaklusteringcateyoriesrespectrely, onwhichour proposedgemi-supervised



schemewill be applied. Thefollowing sectionggive brief descriptionsof KMeansandHierarchicalAgglomeratve
Clustering.
2.2.1 KMeans and variants

KMeansis a partitional clusteringalgorithm. It performsiterative relocationto partition a dataseinto  clusters,
locally minimizing the averagesquareddistancebetweenthe datapoints andthe clustercenters. For a setof data
points , the KMeansalgorithmcreatesa  -partitioning* of sothatif
representhe  partitioncentersthenthefollowing objective function

kmeans (2.1)

is locally minimized. Note that nding the global optima for the KMeans objectie function is an NP-complete
problem(Garey, Johnson& Witsenhauserl,982).Let betheclusterassignmentf thepoint , where
An equialentform of the KMeansclusteringobjective function,whichwe will beusinginterchangeablys:

kmeans (2.2)

The pseudocodéor KMeansis givenin Figure2.1. If we have the additionalconstraintthatthe centroids

Figure2.1: KMeansalgorithm

arerestrictedto be selectedrom , thentheresultingproblemis called KMedian clustering. KMedian clustering
correspond$o anintegerprogrammingproblem for which mary approximatioralgorithmshave beenproposedJain
& Vazirani,2001;Mettu & Plaxton,2000).

In certainhigh dimensionaldata,e.g. text, Euclideandistanceis not a good measureof similarity. Certain
high dimensionakpacedik e text have good directionalpropertieswhich hasmadedirectionalsimilarity measures
like  normalizeddot product(cosinesimilarity) betweerthe vectorrepresentationef text dataa popularmeasure
of similarity in the informationretrieval community(Baeza-¥ates& Ribeiro-Neto,1999). Note that othersimilarity
measurese.g., probabilisticdocumentoverlap (Goldszmidt& Sahami,1998), have alsobeenusedsuccessfullyfor
text clustering,but we will befocusingon cosinesimilarity in ourwork.

SphericaKMeans(SPKMeans)s a versionof KMeansthatusescosinesimilarity asits underlyingsimilarity
metric. In the SPKMeanslgorithm,standardKMeansis appliedto datavectors thathave beennormalizedo
haveunit  norm,sothatthedatapointslie on a unit spherg(Dhillon & Modha,2001).Notethatin SPKMeansthe

1

disjointsubset®f , whoseunionis



centroidvectors arealsoconstrainedo lie onthe unit sphere Assuming in (2.1),
we get . Then,theclusteringproblemcanbeequivalentlyformulatedasthatof maximizing
the objective function:

spkmeans (2.3)

The SPKMeansalgorithmgivesa local maximumof this objective function. The SPKMeansalgorithmis computa-
tionally ef cient for sparsenigh dimensionablatavectorswhich arevery commonin domaindik e text clustering.For
thisreasonwe have usedSPKMeansn our experimentswith text data.

Both KMeansand SPKMeansare model-basedlusteringalgorithms,having well-de ned underlyinggen-
eratve models. As mentionedearlier KMeanscanbe consideredas tting a mixture of Gaussian$o a dataseun-

der certainassumptions.The assumptiongrethat the prior distribution of the Gaussianss uniform, i.e.,
, andthat eachGaussiarhasidentity covariance. Then,the parameteset in the EM frameawork
consistof justthe  means . With theseassumptionspnecanshawv that(Bilmes,1997):
_ (2.4)
where is aconstantand isdenotedby . Furtherassuminghat
if arg
(2.5)
otherwise,

andreplacingit in (2.4), we notethatthe expectationterm comesout to be the negative of the well-known KMeans
objective function with an additive constanf Thus, the problemof maximizingthe expectedlog-likelihood under
theseassumptionss sameasthat of minimizing the KMeansobjective function. Keepingin mind the assumptionn
(2.5),theKMeansobjective canbewritten as

kmeans (2.6)

In a similar fashion,SPKMeanscanbe consideredas tting a mixture of von Mises-Fishedistributionsto a dataset
undersomeassumptiongBanerjeeDhillon, Ghosh,& Sra,2003).

In this proposalwe will be comparingour proposedsemi-superviseMeansalgorithmsto anothersemi-
supervisedvariant of KMeans, called COP-KMeans(Wagstaf et al., 2001). In COP-KMeans,initial background
knowledge,providedin the form of constraintdetweeninstancesn the datasetjs usedin the clusteringprocess.It
usestwo typesof constraintsmust-link(two instancesave to be togetherin the samecluster)and cannot-link(two
instancesiave to bein differentclusters).The pseudo-codéor COP-KMeanss givenin Figure2.2.

2.2.2 Hierarchical Agglomerative Clustering

Hierarchicalagglomeratie clustering(HAC) is a bottom-uphierarchicalclusteringalgorithm. In HAC, pointsare
initially allocatedto singletonclusters,andat eachstepthe “closest” pair of clustersaremeiged,whereclosenesss
de ned accordingto a similarity measurebetweenclusters. The algorithmgenerallyterminatesvhenthe speci ed
“convergencecriterion” is reachedwhich in our caseis whenthe numberof currentclustershecomesqualto the

2Theassumptionin (2.5)canalsobederived by assuminghe covarianceof the Gaussianso be  andletting (KearnsMansouy &
Ng, 1997).



Figure2.2: COP-KMeanslgorithm

numberof clustersdesiredby the user Differentclusterlevel similarity measureareusedto determinehecloseness
betweerclustersto be memged- single-link,complete-link,or group-areragg(Manning& Schitze,1999).

DifferentHAC schemesave beerrecentlyshavn to havewell-de ned underlyinggeneratre models-single-
link HAC correspondso the probabilisticmodelof a mixture of branchingrandomwalks, complete-linkHAC cor-
respondgo uniform equal-radiushyperspheresyhereaggroup-arerageHAC correspondso equal-\ariancecon g-
urations(Kamvar, Klein, & Manning, 2002). So, the HAC algorithmscan be catgyorizedas generatie clustering
algorithms.

Thepseudo-codéor HAC is givenin Figure2.3.

Figure2.3: HAC algorithm

2.3 Clustering evaluation measures

Evaluationof the quality of outputof clusteringalgorithmsis a dif cult problemin general sincethereis no “gold-
standard’solutionin clustering.The commonlyusedclusteringvalidationmeasuresanbe cateyorizedasinternal or
external Internalvalidationmeasuresg.g.,ratio of averageinter-clusterto intra-clustersimilarity (higherthe better),
needonly the dataandthe clusteringfor their measurement=xternalvalidationmeasurespn the otherhand,match
the clusteringsolutionto someknown prior knowledge,e.g.,anunderlyingclasslabelingof the data. Many datasets
in supervisedearninghave classinformation. We canevaluatea clusteringalgorithmby applyingit to sucha dataset
(with the classlabel informationremoved), andthen usingthe classlabelsof the dataasthe gold standardagainst
whichwe cancomparehe quality of the dataclusteringobtained.
In our experimentsyve have usedthreemetricsfor clusterevaluation:normalizedmutualinformation(NMl),

pairwise F-measue, and objectivefunction Of these,normalizedmutualinformationand pairwise F-measurere



externalclusteringvalidationmetricsthatestimatethe quality of theclusteringwith respecto agivenunderlyingclass
labelingof the data.

For clusteringalgorithmswhich optimizea particularobjective function,we reportthe valueof the objective
functionwhenthealgorithmcorverges.For KMeansandSPKMeanstheobjectivefunctionvalueseportedare ymeans
and spkmeanste€spectiely. For the semi-supervisedersionsof KMeans, we report their correspondingbjective
function values. Sinceall the semi-supervisedlusteringalgorithmswe proposeareiteratve methodsthat (locally)
minimize the correspondinglusteringobjective functions,looking at the objective function valueafter corvergence
would give usanideaof whetherthe semi-supervisedlgorithmunderconsideratiorgenerate@ goodclustering.

Normalizedmutualinformation(NMI) determinesheamountof statisticalinformationsharedyy therandom
variablesrepresentinghe clusterassignmentandthe userlabeledclassassignmentsf the datapoints. We compute
NMI following the methodologyof Strehl et al. (Strehl, Ghosh,& Moonegy, 2000). NMI measurehiow closely
the clusteringalgorithm could reconstructhe underlyinglabel distribution in the data. If  is the randomvariable
denotingthe clusterassignmentsf the points,and is therandomvariabledenotingthe underlyingclasslabelson
thepoints(Banerjeestal., 2003),thenthe NMI measurés de ned as:

where is themutualinformationbetweertherandomvariables and is the
Shannorentropy of , and is theconditionalentropy of  given

Pairwise F-measurés de ned asthe harmonicmeanof pairwiseprecisionandrecall, the traditional infor-
mationretrieval measuresdaptedor evaluatingclusteringby consideringpairs of points. For every pair of points
thatdo not have explicit constraintdbetweenthem,the decisionto clusterthis pair into sameor differentclustersis
consideredo be correctif it matcheswith the underlyingclasslabelingavailablefor the points(Bilenko & Mooney,
2002).PairwiseF-measurés de ned as:

Pairwise F-measurés a generalizatiorof measuredike RandIndex (Klein etal., 2002; Wagstaf et al., 2001; Xing
et al., 2003) that are frequentlyusedin other semi-supervisedlusteringprojects. Mutual information (Cover &
Thomas,1991) hasalso becomea popularclusteringevaluationmetric (Banerjeeet al., 2003; Dom, 2001; Fern&
Brodley, 2003). Recently a symmetricclusterevaluationmetric basedon mutualinformation hasbeenproposed,
which hassomeusefulpropertiesg.g.,it is a true metricin the spaceof clusteringgMeila, 2003). Interestingly we
empirically obsenedfrom someof our experimentalresultsthat NMI andpairwiseF-measurarehighly correlated,
anobsenationwhich we wantto investigatedurtherin future.

Note that the external clustervalidation measuresve have used(e.g., pairwise F-measureand NMI) are
not completelyde niti ve, sincethe clusteringcan nd a groupingof the datathat is differentfrom the underly-
ing classstructure. For example,in our initial experimentson clusteringarticlesfrom the CMU 20 Newsgroups
data (where the main Usenetnewvsgroupto which an article was postedis consideredo be its classlabel), we
foundoneclusterthathadarticlesfrom four underlyingclasses— alt.atheism , soc.religion.christian
talk.politics.misc , andtalk.politics.guns .On closerobser\atmn we noticedthatall the artlclesm
the clusterwereaboutthe David Koreshepisodethisis a valid cluster albeit differentfrom the groupingsuggested
by theunderlyingclasslabels.

If we hadhumanjudgesto evaluatethe clusterquality, we could nd analternateexternalclustervalidation
measure— we could askthe humanjudgesto rank datacateyorizationsgeneratedy humansand the clustering
algorithm,andthe quality of a clusteringoutputwould be consideredo be highif thehumanjudgescouldnotreliably
discriminatebetweera humancateyorizationof thedataandthegroupinggeneratedby theclusteringalgorithm.Since
thisis atime- andresource-consumingethodof evaluationin theacademicetting,we have usedautomaticexternal
clustervalidationmethoddik e pairwiseF-measur@ndNMI in our experiments.



Chapter 3

CompletedReseach

This chapterpresentghe resultsof our researchso far on semi-supervisedlustering. Section3.1 describeshow
supervisionin the form of labeleddatacan be incorporatednto clustering. Section3.2 describesa framework for
consideringpairwiseconstraintsn clusteringwhile Section3.3outlinesamethodfor selectingmaximallyinformative
constraintsn a query-drivenframenork for pairwiseconstrainedlustering.Finally, Section3.4 present@ newv semi-
superviseatlusteringapproactthatuni es search-baseandsimilarity-basedechniquegseeSectionl.3.2).

3.1 Semi-supewisedclustering using labeleddata

In thissectionwe give anoutlineof ourinitial work wherewe consideredscenariovheresupervisioris incorporated
into clusteringin theform of labeleddata.We usedthelabeleddatato generateseedclusterghatinitialize a clustering
algorithm, and usedconstraintsgeneratedrom the labeleddatato guide the clusteringprocess. The underlying
intuition is that proper seedingbiasesclusteringtowardsa good region of the searchspace therebyreducingthe
chancesof it getting stuckin poor local optima, while simultaneouslyproducinga clusteringsimilar to the user
speci edlabels.

Theimportanceof goodseedingn clusterings well-known. In partitionalclusteringalgorithmdike EM (Demp-
steretal., 1977)or K-Means(MacQueen1967;Selim& Ismail, 1984),somecommonlyusedapproachefor initial-
ization include simple randomselection,taking the meanof the whole dataand randomlyperturbingto getinitial
clustercenters(Dhillon, Fan, & Guan,2001),or running K smallerclusteringproblemsrecursvely to initialize K-
Means(Dudaetal., 2001). Someotherinterestinginitialization methodsncludethe Buckshotmethodof doinghier
archicalclusteringon a sampleof thedatato getaninitial setof clustercenterdManning& ScHitze,1999),running
repeatedK-Meanson multiple datasamplesandclusteringthe K-Meanssolutionsto getinitial seedgFayyad,Reina,
& Bradley, 1998),andselectingthe K densesintervals alongeachco-ordinateto getthe K clustercentergBradley,
Mangasarian& Street,1997).Our approachs differentfrom thesebecauseve uselabeleddatato getgoodinitializa-
tion for clustering.

In thefollowing sectionwe presenthe goal of clusteringin the presencef labeleddata.

3.1.1 Problemde nition

Givenadataset , aspreviouslymentionedKMeansclusteringof thedatasegeneratea -partitioning of
sothatthe KMeansobjectie is locally minimized. Let , calledthe seedset bethe subsebf data-pointson

which supervisions providedasfollows: for each , theuserprovidesthecluster  of the partitionto which

it belongs.We assumeéhatcorrespondingo eachpartition  of , thereis typically atleastoneseedpoint

Note thatwe geta disjoint  -partitioning of the seedset , sothatall belongsto  according

to the supervision. This partitioning of the seedset formsthe seedclustering The goalis to guidethe KMeans

algorithmtowardsthe desiredclusteringof thewhole dataasillustratedby the seedclustering.
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3.1.2 Seededand constrained KMeans algorithms

We proposewo algorithmsfor semi-supervisedlusteringwith labeleddata: seededKMeans(S-KMeans) andcon-
strainedKMeans(C-KMeans).

In S-KMeans, the seedclusteringis usedto initialize the KMeansalgorithm. Thus, ratherthaninitializing
KMeansfrom randommeansthecentroidof the th clusteris initialized with the centroidof the th partition
of the seedset. The seedclusteringis only usedfor initialization, andthe seedsarenot usedin thefollowing stepsof
thealgorithm. Thealgorithmis presentedn detailin Fig. 3.1.

Figure3.1: SeedeKMeansalgorithm

In C-KMeans, theseedclusteringis usedto initialize the KMeansalgorithmasdescribedor the S-KMeans
algorithm. However, in the subsequensteps,the clustermembership®f the datapointsin the seedsetare not re-
computedn theassignclusterstepsof thealgorithm—theclusterlabelsof the seeddataarekeptunchangedandonly
thelabelsof thenon-seedlataarere-estimatedThealgorithmis givenin detailin Fig. 3.2.

Figure3.2: ConstrainedMeansalgorithm

C-KMeans seedsthe KMeansalgorithmwith the userspeci ed labeleddataand keepsthat labeling un-
changedhroughouthe algorithm.In S-KMeans, theuserspeci edlabelingof the seeddatamay be changedn the
courseof thealgorithm. C-KMeans is appropriatavhentheinitial seedabelingis noise-freepr if the userdoesnot
wantthelabelson the seeddatato changewhereasS-KMeans is appropriatén the presencef noisy seeds.
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3.1.3 Motivation of semi-superised KMeans algorithms

Thetwo semi-superviseMeansalgorithmspresentedn the last sectioncanbe motivatedby consideringKMeans
in the EM frameawork, asshovn in Section2.1. Theonly “missingdata”for the KMeansproblemarethe conditional
distributionsof the clusterlabelsgiventhe pointsandthe parametersi.e., . Knowledgeof thesedistri-
butionssolvesthe clusteringproblem,but normally thereis no way to computeit. In the semi-supervisedlustering
framawork, the userprovidesinformationaboutsomeof the datapointsthat speci esthe correspondingonditional
distributions. Thus,semi-supervisioty providing labeleddatais equivalentto providing informationaboutthe con-
ditional distributions .

In standardKMeanswithout ary initial supervisionthe meansarechoserrandomlyin theinitial M-step
andthe data-pointsare assignedo the nearesineansin the subsequenE-step. As explainedabove, every point
in thedatasehas possibleconditionaldistributionsassociatedvith it (eachsatisfying(2.5)) correspondingo the

meango whichit canbelong. This assignmenbf datapoint  to arandomclusterin the rst E-stepis similarto
picking oneconditionaldistributionatrandomfromthe  possibleconditionaldistributions.

In S-KMeans, theinitial supervisioris equivalentto specifyingtheconditionaldistributions for
the seedpoints . The speci ed conditionaldistributionsof the seeddataarejust usedin the initial M-step of
thealgorithm,and is re-estimatedor all in thefollowing E-stepof thealgorithm.

In C-KMeans, theinitial M-stepis sameasS-KMeans. Thedifferenceis thatfor the seeddatapoints,the
initial labels,i.e.,theconditionaldistributions , arekeptunchangedhroughouthealgorithm,whereaghe
conditionaldistribution for the non-seedointsarere-estimatect every E-step.

Notethatin the SPKMeansframework (Sec.2.2.1),sinceevery point lies on the unit spheresothat

, theexpectationtermin (2.4) becomegquivalentto

So, maximizingthe SPKMeansobjective functionis equivalentto maximizingthe expectationof the complete-data
log-likelihoodin the E-stepof the EM algorithm.

It canalsobe shovn thatgettinggoodseedings very essentiafor centroid-basedlusteringalgorithmslike
KMeans.As shavn in Section2.2.1,undercertaingeneratre model-basedssumptionspnecanconnecthe mixture
of Gaussiansodelto theKMeansmodel. A directcalculationusingChernof boundshavsthatif aparticularcluster
(with anunderlyingGaussiarmodel)with true centroid is seededvith  points(drawvn independenthat random
from thecorrespondingsaussiaristribution) andthe estimatectentroidis , then

(3.1)

where (Banerjee2001). Thus,the probability of deviation of the centroidestimatedalls exponentiallywith
thenumberof seedsandhenceseedingesultsin goodinitial centroids.

3.1.4 Experimental results

Our experimentsdemonstratedhe advantagesof S-KMeans and C-KMeans over standardrandomseedingand
COP-KMeans(Wagstaf etal., 2001),a previously developedsemi-supervisedlusteringalgorithmdescribedn Sec-
tion 2.2.1.Detailsof the experimentakesultscanbefoundin (Basuetal., 2002).

Datasets

We areshawing resultsof our experimentson 2 high-dimensionatext datasets— a subsetf CMU 20 Newsgroups
(2000documents21631words)and Yahoo!News K-series(2340documents]12229words) datasetsBoth datasets
had 20 classesandthe clusteringalgorithmswereasled to generatéhe samenumberof clusters.For eachdataset,
weran4 clusteringalgorithms- S-KMeans , C-KMeans, COP-KMeans, andrandomKMeans.In randomKMeans,
the meanswvereinitialized by takingthe meanof the entiredataandrandomlyperturbingit  times(Fayyadetal.,
1998). This techniqueof initialization hasgiven good resultsin unsupervisedMeansin previous work (Dhillon
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etal., 2001). We comparedhe performanceof these4 methodson the 2 datasetswith varying seedingand noise
levels,using10-fold crossvalidation. For eachdatasetSPKMeansvasusedasthe underlyingkKMeansalgorithmfor
all the4 KMeansvariants.

Learning curveswith crossvalidation

For all the algorithms,on eachdatasetwe generatedearningcurveswith 10-fold cross-walidation. For studyingthe
effect of seeding,10% of the datasetvassetasideasthetestsetat ary particularfold. Thetraining setsat different
pointsof thelearningcurve wereobtainedfrom the remaining90% of the databy varyingthe seedfractionfrom 0.0
to 1.0in stepsof 0.1,andtheresultsat eachpoint onthelearningcurve wereobtainedby averagingover 10folds. The
clusteringalgorithmwasrun on the whole datasetput the evaluationmetrics(objective functionandNMI measure)
werecalculatedonly on the testset. For studyingthe effectsof noisein the seedingjearningcurvesweregenerated
by keepinga x edfractionof seedingandvaryingthe noisefraction.

Results
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Figure3.3: Comparisorof NMI valuesonthereduced20 Newsgroupdatasetvith increasingseedraction,with noise
fraction=0

The semi-supervisedlgorithms(S-KMeans and C-KMeans) performedbetterthanthe unsupervisedl-
gorithm (randomKMeans)in termsof the NMI evaluationmeasureasshowvn in Figs.3.3and 3.4. For a balanced
datasetge.g.,reduced0Newsgroups)theNMI valueof the S-KMeans algorithm(seeFigure3.3)seemdo increase
exponentiallywith increasingamountof labeleddataalongthe learningcurve, a phenomenonvhich we will explain
later Similar resultswerealsoobtainedfor objective function. Both S-KMeans and C-KMeans performedbetter
thanCOP-KMeansin mostcaseswhenthe seedsave no noise.

We alsoperformedexperimentavherewe simulatechoisein the seeddataby changinghelabelsof afraction
of the seedexamplesto a randomincorrectvalue. The resultsin Figure 3.5 shav that S-KMeans is quite robust
againstnoisy seedingsinceit takesthe bene t of initialization using the superviseddatabut doesnot enforcethe
noisy constraintgo be satis ed duringevery clusteringiteration(like C-KMeans andCOP-KMeansdo).

We alsoraninitial experimentswvith incompleteseedingwhereseedsarenotspeci edfor everycluster—from
Fig. 3.6, it canbe seenthatthe NMI metric did not decreaseubstantiallywith increasdn the numberof unseeded
catgyories,shaving thatthe semi-supervisedlusteringalgorithmscould extendthe seedclustersandgeneratenore
clustersjn orderto t theregularity of thedata.
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Furtherexperimentakresultson otherdatasetganbefoundin (Basuetal.,2002).

3.2 Semi-supevwised clustering using pairwise constraints

In this work, we consideredh framework that haspairwisemust-linkand cannot-linkconstraintsbetweenpointsin
a datasetwith an associateatostof violating eachconstraint),in additionto having distancesetweenthe points.
Theseconstraintsspecify that two examplesmustbe in the samecluster(must-link) or different clusters(cannot-
link) (Wagstaf etal., 2001). In real-world unsupervisedearningtasks,e.g.,clusteringfor spealeridenti cation in a
corversation(Hillel etal., 2003),visual correspondencia multi-view imageprocessindBoykov, Veksler & Zabih,
1998), clusteringmulti-spectraiinformationfrom Marsimages(Wagstaf, 2002),etc.,consideringsupervisionn the
form of constraintgs generallymorepracticalthanproviding classlabels,sincetruelabelsmaybe unknavn a priori,
while it canbe easierfor a userto specifywhetherpairsof points belongto the sameclusteror differentclusters.
Constraint@rea moregeneralwayto provide supervisionn clusteringthanlabels— givena setof labeledpointsone
canalwaysinfer anuniqueequivalentsetof pairwisemust-linkandcannot-linkconstraintsput not vice versa.

We proposeda costfunctionfor pairwiseconstainedclustering(PCC)thatcanbe shovn to bethe enegy of
acon gurationof aMarkov randomeld (MRF) overthedatawith awell-de ned potentialfunctionandnoisemodel.
Then,thepairwise-constrainedusteringoroblembecomegquialentto nding theMRF con gurationwith thehigh-
estprobability, or, in otherwords,minimizingits enegy. We developedaniteratve KMeans-typealgorithmfor solving
this problem.Previouswork in the PCCframework includethe hard-constraine@€OP-KMeans algorithm (Wagstaf
etal., 2001)andthe soft-constraine@COP-KMeansalgorithm(Wagstaf, 2002),which have heuristicallymotivated
objectie functions. Our formulation, on the otherhand,hasa well-de ned underlyinggeneratre model. Bansalet
al. (Bansal,Blum, & Chawla, 2002)alsoproposeda theoreticalmodelfor pairwiseconstrainectlustering,but their
clusteringmodelusesonly pairwiseconstraintdor clustering,whereaour formulationusesboth constraintsandan
underlyingdistancemetric. Pairwise clusteringmodelshave alsobeenproposedor othernon-parametriclustering
algorithms(Dubnov etal., 2002).
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3.2.1 Problemde nition

Centroid-basegbartitional clusteringalgorithms(e.g., KMeans) nd a disjoint  partitioning (with each
partition having a centroid ) of a dataset suchthat the total distancebetweenthe pointsandthe
clustercentroidds (locally) minimized.We introducea framework for pairwiseconstainedclustering(PCC)thathas
pairwisemust-linkand cannot-linkconstraint{Wagstaf et al., 2001) betweera subsebf pointsin the datase{with
a costof violating eachconstraint) in additionto distancesetweenpoints. Sincecentroid-basedlusteringcannot
handlepairwise constraintsexplicitly, we formulatethe goal of clusteringin the PCC framework as minimizing a
combinedobjectie function: the sumof thetotal distancebetweerthe pointsandtheir clustercentroidsandthe cost
of violating the pairwiseconstraints.

For the PCCframework with both must-linkandcannot-linkconstraintslet  bethe setof must-link pairs

suchthat implies and shouldbe assignedo the samecluster and be the setof cannot-link
pairssuchthat implies and shouldbeassignedo differentclusters.Notethatthetuplesin  and
areorderindependenti.e., , andsoalsofor . Let and -
be two setsthat give the weightscorrespondindo the must-link constraintsn andthe cannot-linkconstraintdn
respectiely. Let bethe clusterassignmenbf a point , where . Let and  betwo metrics
thatquantify the costof violating must-linkandcannot-linkconstraint§Kleinbery & Tardos,1999). We restrictour
attentionto and , Where is the indicator function ( =1,

= 0). Usingthis model,the problemof PCCundermust-link and cannot-linkconstraintss formulatedas
minimizing thefollowing objective function,wherepoint  is assignedo thepartition  with centroid

pckmeans — - (3-2)

This objective function tries to minimize the total distancebetweenpoints andtheir clustercentroidssuchthat the
minimumnumberof speci ed constraintdetweerthe pointsareviolated. The goal of ary clusteringalgorithmin the
PCCframework is to minimize this combinedobjective function.

3.2.2 Pairwise constrained KMeans algorithm

Givena setof datapoints , a setof must-link constraints , a setof cannot-linkconstraints , the weight of the
constraints andthe numberof clustersto form , we proposean algorithm PC-KMeans that nds a disjoint
partitioning of  (with eachpartitionhaving acentroid ) suchthat pckmeands (locally) minimized.

In theinitialization stepof PC-KMeans, assumingconsisteng of constraintsye take the transitve closure
of the must-link constraints(Wagstaf et al., 2001) and augmentthe set by addingtheseentailedconstraints.
Let the numberof connecteccomponentsn the augmenteget  be , which areusedto create neighborhood
sets . For every pair of neighborhoods and thathave atleastonecannot-linkbetweerthem,we add
cannot-linkconstraintbetweereverypairof pointsin ~ and  andaugmenthecannot-linkset by theseentailed
constraintsagainassumingconsisteng of constraints.Fromnow on, we will referto the augmentednust-linkand
cannot-linksetsas and respectiely.

Notethattheneighborhoodets , which containthe neighborhoodnformationinferredfrom themust-link
constraintsand areunchangeduring the iterationsof the algorithm, are differentfrom the partitionsets , which
containtheclusterpartitioninginformationandgetupdatecht eachiterationof thealgorithm. After this preprocessing
stepweget neighborhoodets , which areusedto initialize the clustercentroids.

If , where is therequirednumberof clusters,we selectthe  neighborhoodsetsof largestsize
andinitialize the  clustercenterswith the centroidsof thesesets. If , We initialize  clustercenterswith
the centroidsof the neighborhoodsets. We thenlook for a point  thatis connectedby cannot-linksto every
neighborhoodset. If sucha point exists, it is usedto initialize the cluster If thereareary morecluster
centroiddeft uninitialized,we initialize themby randomperturbation®f the globalcentroidof

The algorithm PC-KMeans alternatesbetweenthe clusterassignmentnd centroid estimationsteps(see
Figure3.7). In theclusterassignmenstepof PC-KMeans, everypoint is assignedo aclustersuchthatit minimizes
the sum of the distanceof to the clustercentroid and the cost of constraintviolations incurred by that cluster
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Figure3.7: PairwiseConstrainedMeansalgorithm

assignmentby equivalentlysatisfyingasmary must-linksandcannot-linksasgivenby theassignment)Thecentroid
re-estimatiorstepis the sameasKMeans. It is easyto shav thatthe objective functiondecreaseafterevery cluster
assignmenandre-estimatiorstepuntil convergencejmplying thatthePC-KMeans algorithmwill corvergeto alocal
minimaof pckmeans Theproofis shavnin detailin (Basu,Banerjee& Mooney, 2003a).

3.2.3 Motivation of the PCC framework

The mathematicaformulationof the PCCframewvork wasmotivatedby the metriclabeling problemandthe geneal-
ized Potts model (Boykov et al., 1998;Kleinberg & Tardos,1999),for which Kleinberg et al. (Kleinberg & Tardos,
1999) proposedan approximationalgorithm. Their formulationonly considergheset  of must-link constraints,
whichwe extendedo the PCCframework by addingtheset of cannot-linkconstraintsOur proposecairwisecon-
strainedKMeans(PC-KMeans) algorithmgreedilyoptimizes pckmeandiSingaKMeans-typéterationwith amodi ed
clusterassignmenstep.

The PCC formulation can be motivated by consideringa Markov RandomField (MRF) (Boykov et al.,

1998)de ned over  suchthatthe eld (or set) of randomvariablesover cantake values
with . Let a con guration denotethe joint event . Restrictingthe
modelto MRFswhoseclique potentialsinvolve pairwisepoints,the prior probability of a con guration is
, Where
if
- if
otherwise
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Assumingan identity covarianceGaussiamoise model for the obsened data (von-MisesFisherdistribu-
tion (Mardia & Jupp,2000)was consideredas the noisemodelfor high-dimensionatext data} andassumingthe

obseneddatahasbeendravn independentlyif denotethe true representatiescorrespondindo the labels
, the conditionalprobability of theobsenation  for agivencon guration is -
. Then,sincethe posteriorprobability of a con guration is , hding the MAP con g-

urationboils down to minimizing the enegy of the con guration thatis exactly asgivenby (3.2). Hence,the PCC
objective functionis really theenegy functionoverthespeci ed MRF.

3.2.4 Experimental results

The experimentalresultsshowving the improved performanceof the PCC clusteringframework over unsupervised
clusteringareshown in Section3.3.4,wherewe shav the bene t of the PCCframework aswell asthe usefulnes®f
selectingpairwiseconstraintsisingour proposedactive learningalgorithm.

3.3 Activelearning for semi-supevwisedclustering

In orderto maximizethe utility of the limited superviseddataavailable in a semi-supervisedetting, supervised
training examplesshouldbe actively selectecas maximally informative onesratherthanchoserat random,if possi-
ble (McCallum & Nigam,1998). In the PCCframeawork, this would imply thatfewer constraintswill berequiredto
signi cantly improve the clusteringaccurag. To this end,we developeda nev methodfor actively selectinggood
pairwiseconstraintdor semi-supervisedlusteringin the PCCframework.

Previous work in active learninghasbeenmostly restrictedto classi cation, wheredifferentprinciples of
gueryselectionhave beenstudied,e.g.,reductionof the versionspacesize (Freund,Seung Shamir & Tishby, 1997),
reductionof uncertaintyin predictedlabel (Lewis & Gale, 1994), maximizingthe mamgin on training data(Abe &
Mamitsuka,1998), and nding high variancedatapoints by density-weightedgool-basedsampling(McCallum &
Nigam, 1998). However, active learningtechniquesn classi cationarenot applicablein the clusteringframework,
sincethe basicunderlyingconceptof reductionof classi cation error and varianceover the distribution of exam-
ples(Cohn,Ghahramani& Jordan1996)is notwell-de ned for clustering.Iln the unsupervisedetting,Hofmannet
al. (Hofmann& Buhmann1998)considera modelof active learningwhich s differentfrom ours— they haveincom-
pletepairwisesimilaritiesbetweerpoints,andtheir active learninggoalis to selectnew data,usingexpectedvalueof
informationestimatedrom the existing data,suchthatthe risk of makingwrong estimatesboutthe true underlying
clusteringfrom the existing incompletedatais minimized. In contrast,our modelassumeshat we have complete
similarity informationbetweerall pairsof points,alongwith pairwiseconstraintsvhoseviolation costis acomponent
of theobjectvefunction(3.2),andtheactive learninggoalis to selectpairwiseconstraintsvhich aremostinformative
abouttheunderlyingclustering.Klein etal. (Klein etal., 2002)alsoconsideractive learningin semi-supervisedlus-
tering, but insteadof makingexample-level queriesthey male clusterlevel queriesij.e., they askthe userwhetheror
nottwo whole clustersshouldbe memged. Answeringexample-level queriesratherthanclusterlevel queriess amuch
easiertaskfor auser makingour modelmorepracticalin areal-world active learningsetting.

3.3.1 Problemde nition

Formally, the scheméhasaccesgo a noiseles®raclethat canassigna must-linkor cannot-linklabel on a given pair

, andit canposea constantnumberof queriesto the oracle? Givena x ed numberof queriesthat canbe
madeto theoracle thegoalis to selecthe and setssuchthatthe PC-KMeans clusteringalgorithm,usingthose
pairwiseconstraintscangetto alocal optimumof theobjectivefunction pckmeandvhichis betterthanthelocal optima
it would reachwith the samenumberof randomlychoserconstraints.

1Theframavork canbeshavn to hold for arbitraryexponentialnoisemodels.
2Theoraclecanalsogive a don't-knowresponseo a query in which casethatresponsés ignored(pair not considerechsa constraintiandthat
queryis not posedagainlater
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3.3.2 Explore andConsolidate algorithms

The proposedactive learningschemehastwo phases. The rst phaseexploresthe given datato get  pairwise
disjoint non-null neighborhoodseachbelongingto a differentclusterin the underlyingclusteringof the data, as
fastaspossible. Note that evenif thereis only one point per neighborhoodthis neighborhoodstructurede nes a
correctskeletonof the underlyingcluster For this phasewe proposean algorithmExplore thatessentiallyuses
the farthest- rst schemgDasgupta2002; Hochbaum& Shmas, 1985)to form appropriatequeriesfor gettingthe
requiredpairwisedisjoint neighborhoodsFor our datamodel,we prove anotherinterestingpropertyof farthest- rst
traversal(see(Basuetal., 2003a)for moredetails)thatjusti es its usefor active learning.

At the endof Explore , atleastonepoint hasbeenobtainedper cluster The remainingqueriesare used
to consolidatehis structure. The clusterskeletonobtainedfrom Explore is usedto initialize  pairwisedisjoint
non-null neighborhoods . Then,givenary point notin ary of the existing neighborhoodswe will have
to askat most queriesby pairing up with a memberfrom eachof the disjoint neighborhoods to nd
out the neighborhoodo which  belongs. Note thatit is practicalto sortthe neighborhoodén increasingorder of
the distanceof their centroidsfrom  sothatthe correctmust-link neighborhoodor is encounteredoonerin the
gueryingprocess.This principle formsthe secondphaseof our active learningalgorithm,andwe call the algorithm
for thisphaseConsolidate . In thisphasewe areableto getthecorrectclustedabelof by askingatmost
queries.So, pairwiselabelsare equivalento a singlepointwiselabelin theworstcasewhen is known.

The detailsof the algorithmsfor performingthe explorationandthe consolidationphasesregivenin Fig-
ures3.8and3.9.

Figure3.8: Algorithm Explore

3.3.3 Motivation of active constraint selectionalgorithm

In Section3.1.3,it wasobsenedthatinitializing KMeanswith centroidsestimatedrom a setof labeledexamplesfor
eachclustergivessigni cant performancémprovements Sincegoodinitial centroidsarevery critical for the success
of greedyalgorithmssuchasKMeans,we follow the sameprinciple for the pairwisecase:we will try to getasmary
points (proportionalto the actualclustersize)aspossibleper cluster sothat PC-KMeans is initialized from a very
goodsetof centroids.

In the explorationphasewe usea very interestingpropertyof the farthest- rsttraversal. Given a setof
disjoint balls of unequalsizein a metric spacewe show thatthe farthest- rstschemes sureto get onepoint from
eachof the ballsin areasonablymallnumberof attemptgsee (Basuetal., 2003a)for details).
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Figure3.9: Algorithm Consolidate

Both Explore andConsolidate  addpointsto the clustersat a goodrate. It canbe shavn usingresults
provedin (Basuetal.,2003a)thattheExplore phasegetsatleastonepointfrom eachofthe underlyingclusters
in maximum gueries Whentheactive schemeéhas nished runningExplore andisrunningConsolidate
it canalsobe shavn usinga generalizatiorof the couponcollector's problem(Motwani & Raghaan,1995)thatwith
high probability it will get one new point from eachclusterin approximately gueries. Consolidate
thereforeaddspointsto clustersatafasteratethanExplore by afactorof —— .

3.3.4 Experimental results

In this sectionwe presenbur experimentswith active selectionof constraintsn the PCCframework.

Datasets

We ranexperimentson bothhigh-dimensionalext datasetandlow-dimensionalJCI (Blake & Merz,1998)datasets.
Herewe presentheresultson a subsebf thetext dataClassic3(Dhillon & Modha,2001),containing400documents
—100Cran eld documentgrom aeronauticasystempapers, 100 Medlinedocumentgrom medicaljournals,and200
Cisi documentdrom informationretrieval papers. This Classic3-subseadatasetvas speci cally designedo create
clustersof unequalsize,and has400 pointsin 2897 dimensionsafter standardore-processingtepslik e stop-word
removal, tf-idf weighting, andremoval of very high-frequeng and very low-frequeng words (Dhillon & Modha,
2001). Fromthe UCI collectionwe selectedris, whichis a well-known datasehaving 150 pointsin 4 dimensions.
We usedthe active pairwiseconstrainedrersionof KMeans on Iris, andSPKMeanson Classic3-subset.

Learning curveswith crossvalidation

For all algorithmson eachdatasetywe generatedearningcurveswith 10-fold cross-alidation. The samemethodology
wasusedto generatehe learningcurvesasin Section3.1.4,exceptfor thatfactthat herethe x-axis representshe

numberof pairwiseconstraintgjivenasinput to the algorithms. For non-actve PCKMeansthe pairwiseconstraints
wereselectedatrandom while for active PCKMeansthe pairwiseconstraintavereselectedisingour active learning

scheme.
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Results

In thedomainghatwe considerede.g.,text clusteringdifferentcostsfor differentpairwiseconstraintsarenot avail-
ablein general sofor simplicity we will beassumingll elementof and  to havethesameconstanvalue in
(3.2). The parameteractsasa tuningknob, giving usthe continuumbetweena S-KMeans -lik e algorithmon one
extreme( = 0), wherethereis no guaranteef the constraintsatishctionin the clustering,anda C-KMeans-like
algorithmon the otherextreme( ), wherethe clusteringprocesss forcedto respectll the given constraints.
The parameter canbe choseneitherby cross-alidationon a held-outset,or by the useraccordingto the degree
of con dencein the constraints We choseanintermediatevalueof in (3.2) sothatthealgorithmsgivesa tradeof
betweerminimizing thetotal distancebetweerpointsandclustercentroidsandthe costof violating the constraints.
Figures3.11-3.13shaw that (1) semi-supervisedlusteringwith constraintsfor both active and non-actve
PCKMeans performsconsiderablhbetterthanunsupervisetKMeansclusteringfor the datasetsve consideredsince
the clusteringevaluationmeasuregNMI andpairwiseF-measure)mprove with increasinghumberof pairwisecon-
straintsalongthelearningcurve. and(2) active selectionof pairwiseconstraintsn actve PCKMeans usingour two-
phaseactive learningalgorithm,signi cantly outperformsrandomselectionof constraintsn non-actve PCKMeans
Detaileddiscussiongndresultson otherdataset€anbefoundin (Basuetal.,2003a).

3.4 Unied modelof semi-supevisedclustering

In previous work, similarity-basedand search-basedpproacheso semi-supervisedlusteringhave not beenade-
guatelycomparedexperimentally so their relative strengthsandweaknessearelargely unknavn. Also, thetwo ap-
proachesarenotincompatible therefore applyinga search-basedpproactwith atrainedsimilarity metricis clearly
an additionaloption which may have advantagesover both existing approachesin this work, we presentedh new
uni ed semi-supervisedlusteringalgorithmderived from KMeansthatincorporatesoth metric learningandusing
labeleddataasseedsand/orconstraints.

3.4.1 Problemde nition

Following previous work (Xing et al., 2003), we can parameterizeEuclideandistancewith a symmetricpositive-
de nite weightmatrix  asfollows: . If  isrestrictedto be a diagonal

matrix, thenit scaleseachaxis by a differentweight and correspondso featureweighting; otherwisenew features
are createdthat are linear combinationsof the original features.In our clusteringformulation, using the matrix
is equivalentto consideringa generalizedversionof the KMeansmodel describedn Section2.2.1, whereall the
Gaussiandave a covariancematrix (Bilmes, 1997).

It canbeeasilyshavn thatmaximizingthecompletedatalog-likelihoodunderthisgeneralize&Meansmodel
is equivalentto minimizing the objective function:

mkmeans (3-3)

wherethe secondermarisesdueto thenormalizingconstanbf a Gaussiarwith covariancematrix
We combineobjective functions(3.2) and(3.3) to getthe following objective functionthatattemptgo mini-
mizeclusterdispersiorundera learnedmetricalongwith minimizing the numberof constraintviolations:

mpckm
- (3.4)

where and arefunctions(de ned in the next section)that specifythe “seriousnessof violating a must-link
or cannot-linkconstraint. Theweights  and™ provide away to specifytherelative importanceof the unlabeled
versudabeleddatawhile allowing individual constrainweights.This objective function  mpckm is greedilyoptimized
by our proposednetric pairwiseconstrainedKMeans(MPC-KMeansg algorithmthatusesa KMeans-typéteration.
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3.4.2 Motivation of the uni ed framework

If we do not scalethe weights and— by the functions and in (3.4), one problemwith the resulting
combinedobjective functionwould bethatall constrainwiolationsaretreatedequally However, the costof violating
a must-link constraintbetweentwo close points shouldbe higherthanthe costof violating a must-link constraint
betweerntwo pointsthatarefar apart Suchcostassignmente ects the intuition thatit is a “worseerror” to violate
a must-link constraintbetweensimilar points, and suchan error should have more impact on the metric learning
framavork. Multiplying theweights  with the penaltyfunction

gives us the overall cost of violating a must-link constraintbetweentwo points and , where and
are non-ngyative constantghat correspondo minimum and maximum penaltiesrespectiely. They canbe setas
fractionsof the squareof the maximum must-link distance , thus guaranteeinghat the

penaltyfor violating a constraintis always positive. Overall, this formulation enablesthe penaltyfor violating a
must-linkconstrainto be proportionatlto the “seriousnessbf theviolation.

Analogously the costof violating a cannot-linkconstraintbetweentwo distantpointsshouldbe higherthan
the costof violating a cannot-linkconstraintbetweerpointsthatareclose sincethe formeris a“worseerror”. Mul-
tiplying weights™  with allows usto take the “seriousnessf the
constraintviolation into account.

3.4.3 MPC-KMeansalgorithm for the uni ed framework

Given a setof datapoints , a setof must-link constraints , a setof cannot-linkconstraints , corresponding
weightsets and , andthe numberof clustersto form , metric pairwiseconstrainecKMeans(MPC-KMeans
nds adisjoint  partitioning of  (with eachpartitionhaving acentroid ) suchthat mpckmis (locally)
minimized.

The algorithm MPC-KMeans hastwo components. Utilizing constraintsduring clusterinitialization and
satisfction of the constraintsduring every clusterassignmenstep constitutesthe search-basedomponentof the
algorithm. Learningthe distancemetric by re-estimatingheweightmatrix ~ during eachalgorithmiterationbased
on currentconstraintiolationsis the similarity-baseccomponent.

Intuitively, the search-basetéchniqueusesthe pairwiseconstraintso generateseedclustersthatinitialize
the clusteringalgorithm, and also usesthe constraintso guidethe clusteringprocesghroughthe iterations. Seeds
inferredfrom the constraintsdiasthe clusteringtowardsa goodregion of the searchspacetherebypossiblyreducing
the chanceof it gettingstuckin poorlocal optima, while a clusteringthat satis esthe userspeci ed constraintss
producedsimultaneously

The similarity-basedechniquedistortsthe metric spaceto minimize the costsof violated constraintspos-
sibly removing the violationsin the subsequeniterations. Implicitly, the spacewheredatapoints are embeddeds
transformedo respectheuserprovidedconstraintsthuscapturingthe notionof similarity appropriatdor thedataset
from theusers perspectie.

Initialization: The MPC-KMeansalgorithmis initialized from neighborhoodénferredfrom the  and
sets,n thesameway asthe PC-KMeans algorithm(seeSection3.2.2).

E-step: MPC-KMeans alternateshetweenclusterassignmenin the E-step,and centroid estimationand
metriclearningin the M-step(seeFigure3.14).

In the E-stepof MPC-KMeans everypoint is assignedo aclustersothatthesumof thedistanceof tothe
clustercentroidandthe costof constraintviolationspossiblyincurredby this clusterassignmenis minimized. Note
thatthis assignmenstepis orderdependentsincethe subsetof  and associatedvith eachclustermay change
with theassignmenof a point. In theclusterassignmenstep,eachpointmovesto anew clusteronly if thecomponent
of mpckm CONtributedby this pointdecreasesSowhenall pointsaregiventheir new assignment, mpckmWill decrease
or remainthesame.

M step: In the M-step, the clustercentroids  are rst re-estimatedisingthe pointsin . As aresult,
the contribution of eachclusterto  mpckm is minimized. The pairwiseconstraintsdo not take in partin this centroid
re-estimatiorstepbecausehe constraintsare not an explicit function of the centroid. Thus,only the rst term (the
distancecomponentpf mpckm is Minimizedin this step. The centroidre-estimatiorstepeffectively remainghe same
asKMeans.
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Figure3.14: Metric PairwiseConstrained&Meansalgorithm

Thesecondoartof the M-stepis metriclearningwherethematrix  is re-estimatedo decreas¢he objective
function mpekm The updatedmatrix  is obtainedby taking the partial derivative —™*" and settingit to zero,
resultingin:

where and aresubsetof and thatexcludethe constraintpairsfor which the penaltyfunctions  and

take the thresholdvalues and respectiely. See (Basu,Bilenko, & Mooney, 2003b)for the detailsof
thederivation.

Sinceestimatinga full matrix  from limited training datais dif cult, we limit oursehesto diagonal for

mostof our experimentswhichis equialentto learninga metricvia featureweighting.In thatcasethe -th diagonal
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elementof , | correspond$otheweightof the -thfeature:

Intuitively, the rst termin the sum, , scalesthe weight of eachfeatureproportionatelyto the
featurescontributionto theoverall clusterdispersionanalogouslyo scalingperformedvhencomputingMahalanobis
distance.The secondwo termsthatdependon constraintviolations, and
- , respectrely contractand stretcheachdimensionattemptingto mendthe

currentviolations. Thus, the metric weightsare adjustedat eachiterationin sucha way that the contribution of
differentattributesto distancds equalizedwhile constraintviolationsareminimized.

The objective function decreaseafter every clusterassignmentcentroidre-estimatiorand metric learning
steptill corvergencejmplying thatthe MPC-KMeansalgorithmwill corvergeto alocal minimaof  mpckm.

3.4.4 Experimental results

In this sectionwe presentblationexperimentsvhich shav theimprovedperformancef our uni ed semi-supervised
clusteringframework. For eachdatasetyve comparedour semi-supervisedlusteringschemes:

MPC-KMeansclustering which involvesboth seedingandmetriclearningin the uni ed framework described
in Section3.4.3;

M-KMeans, whichis K-Meansclusteringwith themetriclearningcomponenbnly, withoututilizing constraints
for seeding;

PC-KMeans clusteringwhich utilizesconstraintdor seedingandclusterassignmenivithout doingary metric
learning;

UnsupervisedK-Meansclustering.

Datasets

Experimentswvere conductedon several datasetdrom the UCI repository: Iris, Wine, and representatie randomly
sampledsubsetsrom the Pen-DigitsandLetterdatasetsFor Pen-DigitsandLetter, we chosewo setsof threeclasses:

I, J,L from Letterand 3,8,9 from Pen-Digits sampling20% of the datapointsfrom the original datasetsan-
domly. Theseclassesverechoserfrom the handwritingrecognitiondatasetsincethey intuitively representif cult
visualdiscriminationproblems.

Learning curveswith crossvalidation

We usedthe sameéearningcurve generatiormethodologyasin Section3.3.4.Unit constrainveights and  were
used,sincethe datasetslid not provide informationfor settingindividual weightsfor the constraints The maximum
squaredistancebetweermust-link constraintsvasusedasvaluefor , While wassetto 0. All experiments
wererun usingEuclideanKMeans.

Results

Thelearningcurvesin Figures3.15-3.18llustratethatproviding pairwiseconstraintss bene cialto clusteringguality.
On the presentediatasetsthe uni ed approacHMPC-KMeang outperformsndividual seeding(PC-KMeans) and
metriclearning(M-KMeans) approachesWhenboth seedingandmetric learningareutilized, the uni ed approach
bene tsfrom theindividual strengthof thetwo methods.
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Someof the metriclearningcurvesdisplaya characteristi¢dip”, whereclusteringaccurag decreasewhen
initial constraintsare provided, but after a certainpoint startsto increaseand eventuallyoutperformsheinitial point
of the learningcurve. We conjecturethat this phenomenoris dueto the fact that featureweightslearnedfrom few
constraintareunreliable while increasinghe numberof constraintgprovidesthe metriclearningmechanisnenough
datato estimategood metric parameters.On the otherhand,seedingthe clusterswith a small numberof pairwise
constraintdiasanimmediatepositive effectonthe nal clusterquality, while providing morepairwiseconstrainthas
diminishingreturns,i.e., PC-KMeans learningcurvesrise slowly. As canbe seenfrom the MPC-KMeansresults,
theuni ed methodhasthe advantage®f both metriclearningandseedingandoutperformseachof theseindividual
method=of semi-supervisedlustering.
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Chapter 4

ProposedReseach

This chapteroutlinestheissueshatwe wantto furtherinvestigatan this thesis.

4.1 Short-term de nite goals

This sectiondescribe®ur short-termgoals,whichwe will de nitely investigaten our futurework.

4.1.1 Softand noisy constraints

The labeledsemi-supervisedlusteringframevork can handleboth soft or noisy labels,as shavn in Section3.1.
We want to extendthe formulation of the pairwiseconstrainedsemi-supervisedlusteringframework to be ableto
handlesoft or noisy constraintsalso. This would involve extendingthe PCC clusteringframenvork andthe active
constraintselectiorstratey to includea noisemodel,andformulatinga modelwhereviolation of soft-constraintgan
be considered The penalizedcluusteringobjective function canhandlesoft or noisy constraintsput the active PCC
modelwe have consideredheedgo beextendedn two placego handlesuchconstraintsFirstly, theinitialization step
takesthe transitive closureof must-link constraintsand addsentailedconstraintsnferredfrom cannot-links— this
needgo bemaodi ed, sincefor softor noisyconstraintsuchdirectconstraininferencewill notbe possible.Secondly
theactive learningstratgyy alsousesthe factthatthe constraintsaarehardandnoise-free Both thesestepsneedto be
modi ed to beableto supportsoft or noisy constraints.

SCOP-KMeangWagstaf, 2002) supportssoft-constraintviolation, but they do not performary algorithm
analysisto shaov corvergenceguarantees.

4.1.2 Incomplete semi-supewision and classdiscovery

In semi-supervisedlassi cation, all classesareassumedo be known apriori and labeledtraining datais provided
for all classes.In labeledsemi-supervisedlustering,whenwe considerclusteringa datasethat hasan underlying
classlabeling,we would lik e to consideiincompleteseedingvherelabeleddataarenot providedfor every underlying
class.For suchincompletesemi-supervisionye would lik e to seeif thelabelson someclassesanhelptheclustering
algorithmdiscover the unknown classes An exampleof classdiscovery usingincompleteseedings providedin the
Figure4.1. Giventhe pointsin Figure4.1,if we areaskedto do a 2-clusteringwe cangeta clusteringasshowvn in
Figure4.1. Now, if we give asinput a pair of pointslabeledto be in the samecluster(shovn by the annularpoints
in Figure4.2), we will geta clusteringasin Figure4.2. In this case gventhoughwe did not provide ary supervision
aboutthetop cluster clusteringusingthe provided supervisiorhelpedusto discover thatcluster

Initial experimentdor classdiscoveryunderincompleteseedingvereconsideredn (Basuetal.,2002),where
seedswere not provided for different catgyoriesand the NMI measurewas calculatedon the whole test dataset.
We wantto re ne theseexperiments,so that (1) whenwe remove seedsfrom one cateyory in the labeleddata,we
still considerthe sameoverall numberof labeleddatapoints provided to the clusteringalgorithm (by addingmore
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Figure4.1: Incompleteseedingandclassdiscovery

labeleddatafrom the othercategories),(2) the NMI measuras calculatedonly on the testdatapointswhich belong
to categyoriesfor which no labeleddatahave beenprovided, and not on the whole testdata(so that we seewhether
the unknawvn classesare discoreredwhen supervisionis provided for the other classes). We expectthatin these
experimentghe semi-supervisedlusteringalgorithmwill beableto discoverthe categyoriesfor which no supervision
wasprovided. We alsowantto extendthe work of (Miller & Browning, 2003)to give a theoreticallywell-motivated
modelfor classdiscovery.

4.1.3 Model selection

In all our experimentsso far, we have consideredhat the numberof clusters, , hasbeenprovidedasinputto the
algorithm. In the future, we wantselectthe numberof clustersautomaticallyby usinga modelselectioncriterionin
the KMeansor EM clusteringobjective function. Severalmodelselectioncriteriaexist in the literaturefor selecting
the right numberof clusters. Criteria like Minimum DescriptionLength (Rissanen,1978), Bayesianinformation
Criterion (Pelleg & Moore,2000)or Minimum Messagé_ength(Wallace& Lowe, 1999)encodehe Occams Razor
principle in someform, penalizingmodelsaccordingto their modelcompleity. We would like to useone of these
modelsor explorearecentmodelproposedn (Hamerly& Elkan,2003),wherethe in KMeansis selectedasecn
a statisticaltestfor the hypothesighata subsebf the datafollows a Gaussiardistribution. In hierarchicaklustering,
the right numberof clusterscan be selectedby usingsomecriteria for stoppingthe clustermeming, e.g., (Fern&
Brodley, 2003)usedaheuristicwherethey stoppedneiging clustersvhenthe similarity valuebetweerthetwo closest
currentclustersin thealgorithmhada sudderdropcomparedo thevaluesin previousmerges.

As mentionedin Sectionl1.3.2, automaticmodel selectionis the main advantageof using semi-supervised
clusteringratherthansemi-supervisedlassi cationin scenariosvhereknowledgeof therelevantcateyoriesis incom-
plete.

4.1.4 Generalizingthe uni ed semi-supewisedclustering model

In Section3.4, we proposeda frameawork for unifying search-basednd similarity-basedsemi-supervisedlustering
thatworks only with EuclideanKMeans. | amworking with Misha Bilenko, who is formulatingan effective metric
learningalgorithmin high dimensiongBilenko, 2003), on generalizingour uni ed PCC frameawork to work with
SPKMeansothatwe canapplyit to domaindik e text.
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Figure4.2: Incompleteseedingandclassdiscovery

4.1.5 Other semi-supewrisedclustering algorithms

We wantto apply our semi-supervisioideasto hierarchicalalgorithms,e.g.,HAC andCobweb Incorporatingcon-
straintsinto hierarchicalalgorithmswill berelatively straightforvard. For example,to run constrainedHAC, we can
changethesimilarity betweer2 points and to if thereis amust-linkprovidedbetween

and with weight ,and — if thereis acannot-linkprovidedbetween and  with weight— .
Then,we canproceedandrun the usualHAC algorithmon the datapointsusingthis modi ed similarity metric, so
that at eachclustermeme step,we considerthe similarity betweenthe datapointsaswell asthe costof constraint
violationincurredduringthe meige operation.

A moreinterestingproblemwould be whenthe initial supervisionis givenin the form of a hierarchy and
the clusteringproblemwill be to do hierarchicalclustering“using” the initial hierarchy We wantto formalize the
notion of usingan initial seedhierarchyfor hierarchicalclustering. Suchan approachwould be usefulfor content
managemenapplicationse.qg.,if the requirements to hierarchicallyclusterthe documentof a compaty, andthe
initial seedhierarchyis a preliminarydirectorystructurecontaininga subsebf thedocuments.

So far we have mainly focussedon clusteringalgorithmsthat use a generatie model. We also want to
applythepairwiseconstrainedramework to discriminative clusteringalgorithms(e.g.,graphpartitioning),for which
pairwiseconstraint@areanaturalway for providing constraintsAnotherinterestingeesearchirectionwouldbeonline
clusteringin the semi-supervisettameawork.

4.1.6 Ensemblesemi-supevisedclustering

In ourwork sofar, we have assumedonstraintd¢o be noise-free We have alsoassumedheweightson theconstraints
to be uniform (PCKMeang or changedhe weightsbasedon the “dif culty of satisfyingthe constraints”(uni ed
model).An interestingoroblemin the PCCmodelwould bethe choiceof the constraintwveightsin thegenerakaseof
noisy constraints.

Given a setof noisy constraintswe can createan ensembleof semi-supervisedlusterers.eachof which
put differentweightson the constraintsand possiblyget differentclusterings.We proposea schemeor creatingan
ensemblef PCCclusterersandcombiningtheir resultsusingboosting(Freund& Schapire 1996).

EachPCC clusterercan be consideredas a weak learnertaking pairwise datapoints as input, and giving
an binary outputdecisionof “same-cluster’or “dif ferent-cluster”. The must-link and cannot-linkconstraintcanbe
consideredisthetraining datafor eachweaklearner Givena setof input constraintsthe PCCclusteretinitially sets
all constraintgo have uniformweightandperformsclustering.After clusteringis completedtheclusterercatgorizes
eachpair of pointsas“same-cluster’or “dif ferent-cluster” basedon whetherthe pair endedup in the samecluster
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or in differentclusters. Sincethe given constraintsare noisy, someof themwill be violatedby the clustering. The
constraintsarereweightedbasedon the numberof errorsmadeby the weaklearner anda new clustereris createdo
performthe clusteringwith the new weightson the constraints.We useboostingfor re-weightingof the constraints
andcombiningthe outputsof the clusterersn theensemble.

Theboostedensemblewill give asoutputa symmetricmatrix  with 0/1 entries wherethe
entry in the matrix would representhe ensembladecisionof whetherpoints and shouldbein the samecluster
( ) or not ( ). Oncewe getthis matrix, we canapply ary discriminatve clusteringalgorithm

(e.g.,graphpartitioningusingmin-cuts)on , whichwe have to evaluateempiricallyto seewhetherit givesusbetter
clusteringperformancehantheinitial PCCclusterer Initial work alongthelines of semi-supervisetdoostingin the
productspacehasbeenproposedn (Hertz,Bar-Hiller, & Weinshall,2003),which we wantto investigateurther.

4.1.7 Other application domains

We have beenrunningour experimentson text dataandUCI datasetsin future, we alsowantto run experimentson
otherdomains.

Searchresultclustering

Onedomainwe are very interestedin is the clusteringof web searchresults. It is animportanttool for helping
searchengineusersdo betternavigation of searchresults,andhasbecomea partof somerecentsearchenginesg.g.,
Vivisimo. For shortor ambiguougjueriesg.g.,“jaguar”, it is usefulfor auserif theretrieveddocumentareorganized
in differentclustershasedntheirtopics,e.g.,Jaguacars jaguarcatsandApple JaguaOS. Thetaskwe areproposing
is usingconstraintslerivedfrom theclick-throughdatain thequery-loggo getconstrainedlusteringof searctresults,
whichwould correspondetterwith userbrowsingbehaior.

(Joachims2002) proposeda modelfor a userbrowsingthroughsearchresultsof a querygivento a search
engine.Themodelconsideredhatlower ranked searchresultsclicked-onby the userin arankedlist (ason asearch
resultswebpage)are more relevant to the userthan higher ranked resultsthat were not clicked-on. As a natural
corollary of this model,we considerthatif a userclicks on two searchresultson a page,we caninfer a must-link
constraintbetweenthesepagessincethe userconsideredoth of themrelevant for his query For example,let us
considera userwho givesthe query“jaguar " looking for automobiles. The top 5 correspondingsearchresults
in Googleare: (1) JaguarApple (the Mac OS website),(2) JaguarRacing(GrandPrix racingteamsponsoredy
Jaguar),(3) JaguarCars(of cial Jaguarcarwebsite),(4) JaguarAustralia (AustralianJaguarcar website),and (5)
JaguarCanadg Canadianlaguarcarwebsite). The userin our example,who is interestedn jaguarcars,would tend
to skip the rst two searchresultsand click on someof the last 3 results,say (3) and (5). Looking at the query-
logs, we cantheninfer a must-link constraintbetween(3)-(5). Note thattheseinferredmust-link constraintswill be
individually noisy, but we canconsidera subsebdf reliableconstraintdy aggreyatingthe constraintoverall instances
of a particularqueryin the query-logsandconsideringonly thoseconstraintsabove a particularfrequeng threshold.
For example,if the thresholdis 5%, we consideronly thosemust-link constraintghat occurin morethan5% of all
usersessiondor thatqueryin the query-logs.At the endof this aggreyation,we will have a setof inferredmust-link
constraintorrespondingo eachquery

If we want moreaggressie constraintinference we canalsoconsiderthatif the userskipsa higherranked
searchresultand clicks on a resultof lower rank, thenthereis a cannot-linkbetweentheseresults. In the jaguar
example,we caninfer cannot-linkconstraintbetween(1)-(3), (1)-(5), (2)-(3), and (2)-(5). Note, however, thatwe
have to becarefulwhile inferring cannot-linkconstraintssincein this example(4)-(5) will alsobeincorrectlyinferred
to be a cannot-link. To take careof suchcaseswe have to apply a highercutoff frequeng (say 10%) for selecting
cannot-linksfrom thequery-logs.For constraintsabove the cutoff frequeng thresholdsye canweighttheimportance
of theconstraintdy the fraction of timesthey occurredn the query-logentriesfor the correspondingjuery

The proposedalgorithmsin the PCCframawork could be usedto improve clusteringof searchresults. The
constraintcorrespondingo differentqueriescould be collectedfrom the query-logsand usedwhile clusteringthe
resultsof correspondingjueriesto give betterclustering.We couldalsore-usethe constraint§or onequeryto cluster
othersimilarqueries.To thiseffect,we canuseaquery-documerhipartitegraph wherethereis alink betweeraquery
anda documentf the documents clicked-ona signi cant fraction of timesin the query-logentriesfor that query
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We canthenclusterthe queries basedon the overlap of the documentdinked to eachqueryin this graph(Dhillon,
2001;Mishra,Ron,& Swaminathan2003).Let beaqueryfor which notmary constraintdave beeninferredfrom
thequery-logs.Queries and canbeconsideredimilarif they belongto the samecluster andthe constraintof

inferredfrom the query-logscanbe now used(after weightingthemdown suitably e.g., multiplying themby the
fractionalsimilarity between and ) while clusteringthe searchresultsof

This proposedvork is partof aresearctproposakubmittecto Google.If the proposabetsapprored,we can

getaccesdo anorymousquery-logson which we canrun our experiments.If a constrainectlusteringprototypeis
developed evaluationof the clusteringresultscanbe performedby “temps” (temporarycontractworkers)at Google.
If suchclusteringis not feasiblein real-time,a possibleinitial deploymentmodelcould be the following: do of ine
clusteringof thetop  mostpopularqueriesusing constraint§rom the query-logs,cachethe resultsandshawv the
clusteringresultsto therestrictedsetof usersgiving thosequeries.

Other datasets

We wantto apply our algorithmsto clusteringastronomicalatasetse.g., Mars spectraldata(Wagstaf, 2002) and
galaxy data(Pelleg & Moore, 2000). The Mars datawill be especiallyuseful — the datasetconsistsof spectral
analysisof telescopidvarsimagesandhasdomainknowledge(spatialrelations,spectrunslopecharacteristicsgtc.)
encodedn theform of softconstraintswhichwill bevery usefulfor testingthe soft-constrainedlusteringalgorithms
we planto develop. We alsowantto investigateclusteringof bioinformaticsdata,especiallygenemicro-arraydata
andphylogenetigro les (Marcotte,Xenarios,vander Bliek, & Eisenbeg, 2000). In thesecasesconstraintcanbe
derived from otherknowledgesourcesge.g., while clusteringa large setof geneswe canusethe informationthat
someof thesegeneshelongto the samepathway (implying must-link constraints)r to differentpathways(implying

cannot-linkconstraints)n the KEGG databas¢Ogata,Goto, Sato,Fujibuchi, Bono,& Kanehisa,1999).

4.2 Long-term speculatve goals

This sectionoutlinesour long-termgoals,someof which we planto investigateastime permits.

4.2.1 Other forms of semi-supewision

Till now, we have only consideredabeleddataand constraintsbetweendatapoints as possiblemethodsof super
vision in clustering. Otherforms of supervisionhave alsobeenconsideredn clustering,e.g.,(1) clustersize con-
straints(Banerjee& Ghosh,2002),wherebalancinghesizeof theclustersis consideredisanexplicit soft constraint,
and(2) attribute-level constraintgDai, Lin, & Chen,2003),whereclusteringis performedunderconstraintson the
numericalattributes(e.g.,maximumdifferencebetweerntwo pointsin aclusteralongthe“age” attribute shouldbe 15).

We wantto alsoexplore supervisionin the form of partial classi cationfunctionsde ned on subset®f the
dataspace . In this casealongwith theunsupervisedata , we will have a setof classi cationfunctions,eachof
whichclassi esa subsebf pointsfrom  to asetof classlabelsthatcanbedifferentfor eachclassi er. For example,
while clusteringsearctengineresultswe canusethe DMOZ andthe Yahoo! hierarchiesasclassi ersfor a subsebf
thedocumentseturnedor aquery Notethatin thegenerakasethelabelsetsfor theclassi erswill bedifferent,e.g.
in the exampleabore, DMOZ andYahoo!will have differentcateyories.

Givenaclassi er thatgivesposteriomprobabilitiescorrespondingo its setof classlabels andtwo points

and , wecanestimatehe probabilitiesof a must-linkandcannot-linkbetweerthetwo points,giventheclassi er,

asfollows:

must-link
cannot-link

Given classiers , the probability of constraintdetweerthetwo points,asestimatedrom the classi ers,
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must-link must-link
cannot-link must-link
In the absenceof ary otherinformation on the distribution over the classi ers, would be assumedo be

uniform.

In a generatie clusteringmodel, the probabilisticconstraintanferred from the differentclassi ers canbe
directly incorporatednto the soft-constrained®?CCmodel. If we usekernel-basedliscriminative clustering,we can
adaptthe original kernelsothatthe kernelsimilarity betweerntwo pointsin the adaptedkernelwould be moresimilar
if the pointshave a higherprobability of beingmust-linkedandlesssimilar of they have a higherprobability of being
cannot-linked,usinga framework similarto (Kwok & Tsang,2003).

4.2.2 Study of cluster evaluation metrics

As obsenedin Figures3.10-3.13n Section3.3.4,thereseemgo beastrongcorrelatiorbetweertheNMI andpairwise
F-measurelusteringevaluationmetrics. We wantto furtherinvestigatethis similarity betweerNMI andpairwiseF-
measureDom (2001)givesa niceformulationof evaluationmetricsfor hardclusteringusingthe clusteringconfusion
matrix, where he shows the relation betweenpopular hard clusteringevaluationmetricslike the RandIndex, the
Jaccardndex, the Folkes-Mallovs index andthe Hubert  statistic. We wantto seeif we canextendthis formulation
to evaluatesoft-clustering.

4.2.3 Approximation algorithms for semi-supewisedclustering

Anotherinterestingesearcldirectionis consideringhow semi-supervisioaffectsappromixatioralgorithmsfor some
clusteringmethodsg.g.,KMedian. The KMedian problem,which wasexplainedbrie y in Section2.2.1,is similar
to the facility locationproblem. In the facility location problem,we are given a setof demandpointsanda setof
candidatefacility siteswith costsof building facilities at eachof them. Eachdemandpoint is thenassignedo its
closestfacility, incurring a servicecostequalto the distanceto its assignedacility. The goalis to selecta subsebf
siteswherefacilities shouldbe built, sothatthe sumof facility costsandthe servicecostsfor the demandpointsis
minimized. The KMedian problemis similar to facility location,but with a few differences— in KMedianthereare
no facility costsandthereis abound onthe numberof facilitiesthatcanbe opened.The KMedian objectiveis to
selectasetof facilitiessoasto minimizethe sumof the servicecostsfor the demandpoints.

We proposean semi-supervise@xtensionto KMedian to handleconstraintson the demandpoints. The
constrainedMedianproblemwould be additionallygivenaninputsetof must-linkandcannot-linkconstraint®onthe
demandpoints(i.e., two demandpointsshouldbe or shouldnot be assignedo the samefacility), andthe goalwould
beto minimizeanobjective functionthatis the sumof theservicecostsfor thedemandoointsandthe costof violating
the constraints.

Initial investigationhasshovn we if we consideronly must-link constraintswe can make a simple modi-
cation to anapproximationalgorithmfor KMedianto geta constant-&ctorapproximationalgorithmfor must-link
constrainedKMedian. However, if we considerboth must-linksand cannot-linkconstraintsthen the constrained
KMedian problembecomedNP-completewhich canbe shavn by areductionto graphcoloring (Plaxton,2003). An
interestingresearctproblemto look into is the constrainedKMedian problemwith limited numberof cannot-links
(e.g., cannot-links, beingthe numberof clusters),andto try andget approximationguarantee this
case.

4.2.4 Analysisof labeledsemi-superision with EM

As mentionedn Section3.1,theobjectivefunctionplotsfor S-KMeans seento increasexponentiallyasthenumber
of labeledpointsareincreasedlongthelearningcurve. As shovnin (3.1),if we considera Gaussianmodelfor each
cluster the probability of deviation of the centroidestimatedgalls exponentiallywith the numberof seedgBanerjee,
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2001). I amworking with Arindam Banerjeeto extendthis obsenationandshowv thatwhenwe addmoreunlabeled
pointsalongwith the seedsandperformthe EM iteration,we getatighterboundfor the centroiddeviation with high

probability. Ratsaby& Venkatesh(1995)gave a PAC analysisfor labeledand unlabeledsamplecompleity when

learninga classi cationrule, with anunderlyingdatageneratiormodelof a mixture of 2 GaussiansWe wantto use
their style of analysisto give similar boundsfor the semi-supervise&8M algorithmon a mixture of 2 Gaussians.

4.3 Conclusion

Our maingoalin the proposedhesisis to studysearch-basesemi-supervisedlusteringalgorithmsandapply them
to differentdomains.As explainedin Chapter3, our initial work hasshown: (1) how supervisioncanbe providedto
clusteringin the form of labeleddatapointsor pairwiseconstraints{2) how informative constraintscanbe selected
in anactive learningframawork for the pairwiseconstrainedgsemi-supervisedlusteringmodel;and(3) how search-
basedandsimilarity-basedechniqueganbeuni ed in semi-supervisedlustering.In ourwork sofar, we have mainly
focussedon generatie clusteringmodels,e.g. KMeansand EM, andran experimentson clusteringlow-dimensional
UCI dataset®r high-dimensionatext datasets.

In this thesis,we want to study other aspectf semi-supervisedlustering,like: (1) the effect of noisy,
probabilisticor incompletesupervisionin clustering;(2) modelselectiontechniquedor automaticselectionof num-
ber of clustersin semi-supervisedlustering;(3) ensemblesemi-supervisedlustering. In future, we wantto study
the effect of semi-supervisioron other clusteringalgorithms,especiallyin the discriminatve clusteringand online
clusteringframework. We alsowantto studythe effectivenesof our semi-supervisedlusteringalgorithmson other
domains.e.g.,websearchengineqclusteringof searchresults),astronomy(clusteringof Mars spectraimages)and
bioinformatics(clusteringof genemicroarraydata).
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