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In many machinelearningdomains(e.g. text processing,bioinformatics),thereis a largesupplyof unlabeleddata
but limited labeleddata,which canbeexpensive to generate.Consequently, semi-supervisedlearning,learningfrom
a combinationof both labeledandunlabeleddata,hasbecomea topic of signi�cant recentinterest.In theproposed
thesis,ourresearchfocusis onsemi-supervisedclustering,whichusesasmallamountof superviseddatain theform of
classlabelsor pairwiseconstraintson someexamplesto aid unsupervisedclustering.Semi-supervisedclusteringcan
be eithersearch-based,i.e., changesaremadeto the clusteringobjective to satisfyuser-speci�ed labels/constraints,
or similarity-based,i.e., the clusteringsimilarity metric is trainedto satisfy the given labels/constraints.Our main
goalin theproposedthesisis to studysearch-basedsemi-supervisedclusteringalgorithmsandapplythemto different
domains.

In our initial work, we have shown how supervisioncanbe provided to clusteringin the form of labeled
datapointsor pairwiseconstraints.We have alsodevelopedan active learningframework for selectinginformative
constraintsin thepairwiseconstrainedsemi-supervisedclusteringmodel,andproposeda methodfor unifying search-
basedandsimilarity-basedtechniquesin semi-supervisedclustering.

In this thesis,we want to studyotheraspectsof semi-supervisedclustering. Someof the issueswe want
to investigateinclude: (1) effect of noisy, probabilisticor incompletesupervisionin clustering;(2) modelselection
techniquesfor automaticselectionof numberof clustersin semi-supervisedclustering;(3) ensemblesemi-supervised
clustering.In our work sofar, we have mainly focussedon generative clusteringmodels,e.g. KMeansandEM, and
ran experimentson clusteringlow-dimensionalUCI datasetsor high-dimensionaltext datasets.In future, we want
to studytheeffect of semi-supervisionon otherclusteringalgorithms,especiallyin thediscriminative clusteringand
onlineclusteringframework. We alsowantto studytheeffectivenessof our semi-supervisedclusteringalgorithmson
otherdomains,e.g.,websearchengines(clusteringof searchresults),astronomy(clusteringof Marsspectralimages)
andbioinformatics(clusteringof genemicroarraydata).
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Chapter 1

Intr oduction

Two of themostwidely-usedmethodsin machinelearningfor predictionanddataanalysisareclassi�cationandclus-
tering (Duda,Hart, & Stork, 2001; Mitchell, 1997). Classi�cation is a purely supervisedlearningmodel,whereas
clusteringis completelyunsupervised.Recently, therehasbeena lot of interestin thecontinuumbetweencompletely
supervisedandunsupervisedlearning(Muslea,2002;Nigam,2001;Ghani,Jones,& Rosenberg, 2003). In this chap-
ter, we will give an overview of traditionalsupervisedclassi�cationandunsupervisedclustering,andthendescribe
learningin thecontinuumbetweenthesetwo, wherewehavepartiallysuperviseddata.Wewill thenbepresentingthe
maingoalof our proposedthesis.

1.1 Classi�cation

Classi�cation is a supervisedtask,wheresupervisionis provided in the form of a setof labeledtraining data,each
datapoint having a classlabel selectedfrom a �x ed setof classes(Mitchell, 1997). The goal in classi�cation is to
learna function from the training datathat givesthe bestpredictionof the classlabel of unseen(test)datapoints.
Generativemodelsfor classi�cationlearnthejoint distributionof thedataandclassvariablesby assumingaparticular
parametricform of the underlyingdistribution that generatedthe datapoints in eachclass,and then apply Bayes
Rule to obtainclassconditionalprobabilitiesthat areusedto predictthe classlabelsfor testpointsdrawn from the
samedistribution, with unknown classlabels(Ng & Jordan,2002). In thediscriminative framework, the focusis on
learningthediscriminantfunctionfor theclassboundariesor aposteriorprobabilityfor theclasslabelsdirectlywithout
learningthe underlyinggenerative densities(Jaakkola & Haussler, 1999). It canbe shown that the discriminative
modelof classi�cationhasbettergeneralizationerror thanthegenerative modelundercertainassumptions(Vapnik,
1998),whichhasmadediscriminativeclassi�ers,e.g.,supportvectormachines(Joachims,1999)andnearestneighbor
classi�ers(Devroye,Gyor�, & Lugosi,1996),verypopularfor theclassi�cationtask.

1.2 Clustering

Clusteringis anunsupervisedlearningproblem,whichtriesto groupasetof pointsinto clusterssuchthatpointsin the
sameclusteraremoresimilar to eachotherthanpointsin differentclusters,undera particularsimilarity metric(Jain
& Dubes,1988). Here, the learningalgorithm just observesa set of points without observingany corresponding
class/category labels. Clusteringproblemscanalsobecategorizedasgenerative or discriminative. In thegenerative
clusteringmodel,aparametricform of datagenerationisassumed,andthegoalin themaximumlikelihoodformulation
is to �nd the parametersthat maximizethe probability (likelihood)of generationof the datagiven the model. In
the most generalformulation, the numberof clusters

�

is also consideredto be an unknown parameter. Sucha
clusteringformulation is called a “model selection”framework, sinceit hasto choosethe bestvalue of

�

under
which the clusteringmodel �ts the data. We will be assumingthat

�

is known in the clusteringframeworks that
we will be considering,unlessexplicitly mentionedotherwise. In the discriminative clusteringsetting(e.g.,graph-
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theoreticclustering),theclusteringalgorithmtries to clusterthedatasoasto maximizewithin-clustersimilarity and
minimizebetween-clustersimilarity basedon a particularsimilarity metric,whereit is not necessaryto consideran
underlyingparametricdatagenerationmodel.In boththegenerativeanddiscriminativemodels,clusteringalgorithms
aregenerallyposedasoptimizationproblemsandsolved by iterative methodslike EM (Dempster, Laird, & Rubin,
1977),approximationalgorithmslike KMedian(Jain& Vazirani,2001),or heuristicmethodslike Metis (Karypis&
Kumar, 1998).

1.3 Semi-supervisedlearning

In many practicallearningdomains(e.g.text processing,bioinformatics),thereis a largesupplyof unlabeleddatabut
limited labeleddata,which canbe expensive to generate.Consequently, semi-supervisedlearning, learningfrom a
combinationof both labeledandunlabeleddata,hasbecomea topic of signi�cant recentinterest.Theframework of
semi-supervisedlearningis applicableto bothclassi�cationandclustering.

1.3.1 Semi-supervisedclassi�cation

Supervisedclassi�cationhasa known, �x edsetof categories,andcategory-labeledtrainingdatais usedto inducea
classi�cationfunction. In this setting,thetrainingcanalsoexploit additionalunlabeleddata,frequentlyresultingin a
moreaccurateclassi�cationfunction.Severalsemi-supervisedclassi�cationalgorithmsthatuseunlabeleddatato im-
proveclassi�cationaccuracy havebecomepopularin thepastfew years,which includeco-training(Blum & Mitchell,
1998), transductive supportvectormachines(Joachims,1999),andusingExpectationMaximizationto incorporate
unlabeleddatainto training(Ghahramani& Jordan,1994;Nigam,McCallum,Thrun,& Mitchell, 2000). Unlabeled
datahavealsobeenusedto learngoodmetricsin theclassi�cationsetting(Hastie& Tibshirani,1996).A goodreview
of semi-supervisedclassi�cationmethodsis givenin (Seeger, 2000).

1.3.2 Semi-supervisedclustering

Semi-supervisedclustering,which usesclasslabelsor pairwiseconstraintson someexamplesto aid unsupervised
clustering,hasbeenthe focusof several recentprojects(Basu,Banerjee,& Mooney, 2002;Klein, Kamvar, & Man-
ning, 2002;Wagstaff, Cardie,Rogers,& Schroedl,2001;Xing, Ng, Jordan,& Russell,2003). If the initial labeled
datarepresentall therelevantcategories,thenbothsemi-supervisedclusteringandsemi-supervisedclassi�cationalgo-
rithmscanbeusedfor categorization.However in many domains,knowledgeof therelevantcategoriesis incomplete.
Unlike semi-supervisedclassi�cation,semi-supervisedclustering(in themodel-selectionframework) cangroupdata
usingthecategoriesin theinitial labeleddataaswell asextendandmodify theexistingsetof categoriesasneededto
re�ect otherregularitiesin thedata.

Existing methodsfor semi-supervisedclusteringfall into two generalapproachesthatwe call search-based
andsimilarity-basedmethods.

Search-basedmethods

In search-basedapproaches,theclusteringalgorithmitself is modi�ed so thatuser-providedlabelsor constraintsare
usedto bias the searchfor an appropriatepartitioning. This canbe doneby several methods,e.g.,modifying the
clusteringobjective functionso that it includesa termfor satisfyingspeci�ed constraints(Demiriz, Bennett,& Em-
brechts,1999),enforcingconstraintsto besatis�ed duringtheclusterassignmentin theclusteringprocess(Wagstaff
et al., 2001),doingclusteringusingside-informationfrom conditionaldistributionsin anauxiliary space(Sinkkonen
& Kaski, 2000),andinitializing clustersandinferring clusteringconstraintsbasedon neighborhoodsderived from
labeledexamples(Basuet al., 2002).

Similarity-based methods

In similarity-basedapproaches,anexistingclusteringalgorithmthatusesasimilarity metricis employed;however, the
similarity metricis �rst trainedto satisfythelabelsor constraintsin thesuperviseddata.Severalsimilarity metricshave
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beenusedfor similarity-basedsemi-supervisedclustering,including string-editdistancetrainedusingEM (Bilenko
& Mooney, 2003),Jensen-Shannondivergencetrainedusinggradientdescent(Cohn,Caruana,& McCallum,2000),
Euclideandistancemodi�ed by a shortest-pathalgorithm(Klein et al., 2002),or Mahalanobisdistancestrainedusing
convex optimization(Hillel, Hertz, Shental,& Weinshall,2003; Xing et al., 2003). Several clusteringalgorithms
usingtrainedsimilarity metricshavebeenemployedfor semi-supervisedclustering,includingsingle-link(Bilenko &
Mooney, 2003)andcomplete-link(Klein et al., 2002)agglomerative clustering,EM (Cohnet al., 2000;Hillel et al.,
2003),andKMeans(Hillel et al., 2003;Xing et al., 2003).

However, similarity-basedand search-basedapproachesto semi-supervisedclusteringhave not beenade-
quatelycomparedin previouswork,andsotheirrelativestrengthsandweaknessesarelargelyunknown. In Section3.4,
we will bepresentinga new semi-supervisedclusteringalgorithmthatuni�es thesetwo approaches.

1.4 Goal of proposedthesis

In the proposedthesis,the main goal is to studysemi-supervisedclusteringalgorithms,characterizesomeof their
propertiesandapply themto differentdomains. In our completedwork, we have alreadyshown how supervision
can be provided to clusteringin the form of labeleddatapoints or pairwiseconstraints.We have also developed
anactive learningframework for selectinginformative constraintsin thepairwiseconstrainedsemi-supervisedclus-
tering model,andproposeda methodfor unifying search-basedandsimilarity-basedtechniquesin semi-supervised
clustering.Detailsof thecompletedwork aregivenin Chapter3.

In future,we wantto look at thefollowing issues,detailsof whicharegivenin Chapter4:

� Investigatethe effectsof noisy supervision,probabilisticsupervision(e.g.,soft constraints)or incompletesu-
pervision(e.g.,labelsnot speci�edfor all clusters)in clustering;

� Studymodelselectionissuesin semi-supervisedclustering,which will help to characterizethe differencebe-
tweensemi-supervisedclusteringandclassi�cation;

� Studythefeasibilityof semi-supervisingotherclusteringalgorithms,especiallyin thediscriminativeclustering
or onlineclusteringframework;

� Createa framework for ensemblesemi-supervisedclustering;

� Apply thesemi-supervisedclusteringmodelon otherdomainsapartfrom text, especiallywebsearchengines,
astronomyandbioinformatics;

� Studytherelationbetweendifferentevaluationmetricsusedto evaluatesemi-supervisedclustering;

� Investigateotherformsof semi-supervision,e.g.,attribute-level constraints;

� Do moretheoreticalanalysisof certainaspectsof semi-supervision,especiallysemi-supervisedclusteringwith
labeleddataandtheuni�ed semi-supervisedclusteringmodel.

3



Chapter 2

Background

Thischaptergivesabrief review of clusteringalgorithmsonwhichourproposedsemi-supervisedclusteringtechniques
will be applied. It also gives an overview of different popularclusteringevaluationmeasures,and describesthe
measureswewill beusingin our experiments.

2.1 Overview of clustering algorithms

As explainedin Chapter1, clusteringalgorithmscanbe classi�ed into two models— generative or discriminative.
Thereareothercategorizationsof clustering,e.g.,hierarchicalor partitional(Jain,Myrthy, & Flynn,1999),depending
onwhetherthealgorithmclustersthedatainto a hierarchicalstructureor givesa �at partitioningof thedata.

2.1.1 Hierar chical clustering

In hierarchicalclustering,thedatais not partitionedinto clustersin a singlestep. Instead,a seriesof partitionstake
place,which mayrun from a singleclustercontainingall objectsto

�

clusterseachcontaininga singleobject. This
givesriseto a hierarchyof clusterings,alsoknown astheclusterdendrogram.Hierarchicalclusteringcanbefurther
categorizedas:

� Divisivemethods:Createtheclusterdendrogramin atop-downdivisivefashion,startingwith everydatapointin
oneclusterandsplittingclusterssuccessively accordingto somemeasuretill aconvergencecriterionis reached,
e.g., Cobweb(Fisher, 1987), recursive cluster-splitting using a statisticaltransformation(Dubnov, El-Yaniv,
Gdalyahu,Schneidman,Tishby, & Yona,2002),etc.;

� Agglomerative methods:Createthe clusterdendrogramin a bottom-upagglomerative fashion,startingwith
eachdatapoint in its own clusterandmerging clusterssuccessively accordingto a similarity measuretill a
convergencecriterion is reached,e.g.,hierarchicalagglomerative clustering(Kaufman& Rousseeuw, 1990),
Birch (Zhang,Ramakrishnan,& Livny, 1996),etc.

2.1.2 Partitional clustering

Let �������	��
��

��
��

bethesetof
�

data-pointswewantto clusterwith each��������� . A partitionalclusteringalgorithm
dividesthedatainto

�

partitions(
�

givenasinput to thealgorithm)by groupingtheassociatedfeaturevectorsinto
�

clusters.Partitionalalgorithmscanbeclassi�edas:

� Graph-theoretic:Thesearediscriminative clusteringapproaches,wherean undirectedgraph ���������! #" is
constructedfrom the dataset,eachvertex in $%�&�'� correspondingto a datapoint (�� andthe weight of each
edge)*�,+#�- correspondingto thesimilarity betweenthedatapoints (.� and (�+ accordingto a domain-speci�c
similarity measure.The

�

clusteringproblembecomesequivalentto �nding the
�

-mincutin thisgraph,which
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is known to bea NP-completeproblemfor
�����

(Garey & Johnson,1979).So,mostgraph-basedclustering
algorithmstry to usegoodheuristicmethodsto groupnodesso asto �nd low-costcutsin � . Several differ-
ent graph-theoreticalgorithmshave beenproposed:methodslike Rock (Guha,Rastogi,& Shim, 1999)and
Chameleon(Karypis, Han, & Kumar, 1999)groupnodesbasedon the ideaof de�ning neighborhoodsusing
inter-connectivity of nodesin � , Metis (Karypis& Kumar, 1998)performsfastmulti-level heuristicson � at
multipleresolutionsto givegoodpartitions,while Opossum(Strehl& Ghosh,2000)usesamodi�ed cutcriterion
to ensurethattheresultingclustersarewell-balancedaccordingto aspeci�edbalancingcriterion.

� Density-based:Thesemethodsmodelclustersasdenseregionsandusedifferentheuristicsto �nd arbitrary-
shapedhigh-densityregions in the dataspaceand group points accordingly. Well-known methodsinclude
Denclue,which tries to analyticallymodeltheoverall densityarounda point (Hinneburg & Keim, 1998),and
WaveCluster, which useswavelet-transformto �nd high-densityregions(Sheikholesami,Chatterjee,& Zhang,
1998). Density-basedmethodstypically have dif�culty scalingup to very high dimensionaldata( � 10000
dimensions),whicharecommonin domainslike text.

� Mixture-modelbased: In mixture-modelbasedclustering,the underlyingassumptionis that eachof the
�

datapoints �*( � 
��

��
��

to be clusteredaregeneratedby oneof
�

probabilitydistributions ����� 

	

� 
��

, whereeach
distribution ��� representsa cluster �
� . Theprobabilityof observingany point ( � is givenby:

���

� (
��� �

"��

	

�

��
����

����� � (
��� �

� "

where
�

���

�

� ������� �

�

	

�
�

� ������� �
�

	

" is the parametervector,
�

� are the prior probabilitiesof the clusters
( �

	

�

.�

�

�
��� ), and�

� is theprobabilitydistribution of cluster �
� parameterizedby thesetof parameters

�

� .
Thedata-generationprocessis assumedto beasfollows – �rst, oneof the

�

componentsis chosenfollowing
their prior probabilitydistribution �

�

�



	

��
��

; then,a data-pointis sampledfollowing thedistribution �
� of the

chosencomponent.

Sincetheclusterassignmentof thepointsarenot known, we assumetheexistenceof a randomvariable � that
encodestheclusterassignment �� for eachdatapoint ( � . It takesvaluesin �
! 
"	

�

��

andis alwaysconditioned
on the data-point( � underconsideration.The goal of clusteringin this model is to �nd the estimatesof the
parametervector

�
andtheclusterassignmentvariable� suchthatthelog-likelihoodof thedata:

#

�����$�
� �

"��

�

�

��
 �&%('*)

���

� ( � �$�
� �

"

is maximized.Since� is unknown, thelog-likelihoodcannotbemaximizeddirectly. So,traditionalapproaches
iteratively maximizetheexpectedlog-likelihoodin theExpectationMaximization(EM) framework (Dempster
etal.,1977).Startingfrom aninitial estimateof

�
, theEM algorithmiteratively improvestheestimatesof

�
and

���+�
�

� �
�

" suchthattheexpectedvalueof thecomplete-datalog-likelihoodcomputedovertheclassconditional
distribution �.�+�

�
���

�
" is maximized. It canbe shown that theEM algorithmconvergesto a local maximum

of the expectedlog-likelihooddistribution (Dempsteret al., 1977),andthe �nal estimatesof the conditional
distribution �.�+�

�
���

�
" areusedto �nd theclusterassignmentsof thepointsin � .

Mostof thework in this areahasassumedthattheindividualmixturedensitycomponents�
� areGaussian,and

in thiscasetheparametersof theindividualGaussiansareestimatedby theEM procedure.ThepopularKMeans
clusteringalgorithm(MacQueen,1967)canbeshown to beanEM algorithmonamixtureof

�

Gaussiansunder
certainassumptions.Detailsof this derivationareshown in Section2.2.1.

2.2 Our representativeclustering algorithms

In ourwork,wehavechosenKMeansandHierarchicalAgglomerativeClusteringastwo representativeclusteringalgo-
rithms,from thepartitionalandhierarchicalclusteringcategoriesrespectively, onwhichourproposedsemi-supervised
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schemeswill beapplied. Thefollowing sectionsgive brief descriptionsof KMeansandHierarchicalAgglomerative
Clustering.

2.2.1 KMeans and variants

KMeansis a partitionalclusteringalgorithm. It performsiterative relocationto partition a datasetinto
�

clusters,
locally minimizing the averagesquareddistancebetweenthe datapointsand the clustercenters.For a setof data
points � ����� � 
 �

� 
��

� � � � � � , theKMeansalgorithmcreatesa
�

-partitioning1
� � � 
 	

� 
.�

of � so that if ��� � 
 	

� 
.�

representthe
�

partitioncenters,thenthefollowing objectivefunction

�

kmeans �

	

�

� 
��

�

�����	��


�

� ��
 ���

���

(2.1)

is locally minimized. Note that �nding the global optima for the KMeansobjective function is an NP-complete
problem(Garey, Johnson,& Witsenhausen,1982).Let � � betheclusterassignmentof thepoint ( � , where� � � �"!�
"	

� 
.�

.
An equivalentform of theKMeansclusteringobjective function,whichwewill beusinginterchangeably, is:

�

kmeans �

�

�
�

�	�

�

� �



���

�

� �

(2.2)

Thepseudocodefor KMeansis givenin Figure2.1. If we have theadditionalconstraintthat thecentroids���
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Figure2.1: KMeansalgorithm

arerestrictedto be selectedfrom � , thenthe resultingproblemis calledKMedian clustering. KMedian clustering
correspondsto anintegerprogrammingproblem,for whichmany approximationalgorithmshavebeenproposed(Jain
& Vazirani,2001;Mettu& Plaxton,2000).

In certainhigh dimensionaldata,e.g. text, Euclideandistanceis not a goodmeasureof similarity. Certain
high dimensionalspaceslike text have gooddirectionalproperties,which hasmadedirectionalsimilarity measures
like É

� normalizeddot product(cosinesimilarity) betweenthevectorrepresentationsof text dataa popularmeasure
of similarity in the informationretrieval community(Baeza-Yates& Ribeiro-Neto,1999). Note thatothersimilarity
measures,e.g.,probabilisticdocumentoverlap(Goldszmidt& Sahami,1998),have alsobeenusedsuccessfullyfor
text clustering,but we will befocusingoncosinesimilarity in ourwork.

SphericalKMeans(SPKMeans)is aversionof KMeansthatusescosinesimilarity asits underlyingsimilarity
metric. In theSPKMeansalgorithm,standardKMeansis appliedto datavectors� � ��
��

��
��

thathavebeennormalizedto
haveunit É

� norm,sothatthedatapointslie ona unit sphere(Dhillon & Modha,2001).Notethatin SPKMeans,the

1 Ê disjoint subsetsof Ë , whoseunionis Ë
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theobjective function:
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TheSPKMeansalgorithmgivesa local maximumof this objective function. TheSPKMeansalgorithmis computa-
tionally ef�cient for sparsehighdimensionaldatavectors,whichareverycommonin domainslike text clustering.For
this reason,wehaveusedSPKMeansin ourexperimentswith text data.

Both KMeansandSPKMeansaremodel-basedclusteringalgorithms,having well-de�ned underlyinggen-
erative models. As mentionedearlier, KMeanscanbe consideredas�tting a mixture of Gaussiansto a datasetun-
der certainassumptions.The assumptionsarethat the prior distribution �
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of the Gaussiansis uniform, i.e.,
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� ! , andthat eachGaussianhasidentity covariance. Then, the parameterset
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in the EM framework
consistsof just the
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(2.5)

andreplacingit in (2.4),we notethat theexpectationtermcomesout to bethenegative of thewell-known KMeans
objective function with an additive constant.2 Thus, the problemof maximizingthe expectedlog-likelihoodunder
theseassumptionsis sameasthatof minimizing theKMeansobjective function. Keepingin mind theassumptionin
(2.5),theKMeansobjectivecanbewrittenas
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In a similar fashion,SPKMeanscanbeconsideredas�tting a mixtureof von Mises-Fisherdistributionsto a dataset
undersomeassumptions(Banerjee,Dhillon, Ghosh,& Sra,2003).

In this proposal,we will be comparingour proposedsemi-supervisedKMeansalgorithmsto anothersemi-
supervisedvariantof KMeans,called COP-KMeans(Wagstaff et al., 2001). In COP-KMeans,initial background
knowledge,providedin theform of constraintsbetweeninstancesin thedataset,is usedin theclusteringprocess.It
usestwo typesof constraints,must-link(two instanceshave to be togetherin thesamecluster)andcannot-link(two
instanceshave to bein differentclusters).Thepseudo-codefor COP-KMeansis givenin Figure2.2.

2.2.2 Hierar chical AgglomerativeClustering

Hierarchicalagglomerative clustering(HAC) is a bottom-uphierarchicalclusteringalgorithm. In HAC, pointsare
initially allocatedto singletonclusters,andat eachstepthe“closest”pair of clustersaremerged,whereclosenessis
de�ned accordingto a similarity measurebetweenclusters.The algorithmgenerallyterminateswhenthe speci�ed
“convergencecriterion” is reached,which in our caseis whenthe numberof currentclustersbecomesequalto the

2Theassumptionin (2.5)canalsobederivedby assumingthecovarianceof theGaussiansto be /�0 andletting /214365 (Kearns,Mansour, &
Ng, 1997).
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Figure2.2: COP-KMeansalgorithm

numberof clustersdesiredby theuser. Differentcluster-level similarity measuresareusedto determinethecloseness
betweenclustersto bemerged– single-link,complete-link,or group-average(Manning& Scḧutze,1999).

DifferentHACschemeshavebeenrecentlyshownto havewell-de�nedunderlyinggenerativemodels– single-
link HAC correspondsto theprobabilisticmodelof a mixture of branchingrandomwalks, complete-linkHAC cor-
respondsto uniform equal-radiushyperspheres,whereasgroup-averageHAC correspondsto equal-variancecon�g-
urations(Kamvar, Klein, & Manning,2002). So, the HAC algorithmscanbe categorizedasgenerative clustering
algorithms.

Thepseudo-codefor HAC is givenin Figure2.3.

•�Ž�•�•�‘	’�“
”�•�–G—�˜�™Jš�›Jš�œ	•#˜Jœ�›�ž Ÿ ¡ ¡�ž ¢‰£e™Jš�›J¤z˜	¥�™§¦�ž�¨e©	¤�™Jšz˜'ª�¡

«E¬�­(®
“�–<¯ °E±_²�³Œ´�µ	±KµZ¶z²�·7¸�±5¹_º¼»¾½‰¿�À‰ÁEÂEÂ'Â#ÁB¿ÄÃLÅ�Á5¿*ÆŒÇaÈYÉ

Ê
®

“
­Œ®

“�–IË<°'¸@´�²�ÌJÍ5µ�ÎÏÍ5°E¶�Í5°'¹B°E¸�±B·7¸�ÌZÐ�·7°EÍKµ�ÍKÑKÐ�·XÑEµ�Ò@Ñ=Ò7Ó@¹A±B°'ÍB·7¸�ÌZ²�³^º

Ô&Õ
“'”(•*Ö+–

×�Ø/Ù

¸�·4±5·7µ�Ò7·4Ú'°<Ñ=Ò7Ó@¹A±B°'Í5¹EÛ/Ü+µ�ÑKÐn´�µ	±Kµi¶�²J·7¸J±V¿
Æ

·X¹V¶�ÒXµ�ÑE°'´�·4¸n·4±5¹�²	ÝI¸aÑ=Ò7Ó@¹A±B°EÍ<Þ
Æ

Ø+ß

Ð�°'¹B°

ÑEÒ7Ó@¹H±5°EÍK¹G³�²�Í5ÎÏ±BÐ@°LÒ4°
µ‰à�°
¹+²�³Ä±BÐ@°g´�°E¸@´�²�Ì�ÍKµ�Îaá�µ�¸�´�³�²JÍBÎÏ±BÐ�°g¹B°=±_²�³VâEã�äpäBå=æzçGâEèéã ê=ç\åEäKê

Ø

ë Ø^ì

°'¶�°
µ	±_Ó�¸�±5·4Ò+âKí�æ@î	å=ä�ï�åEæzâKå

ë

µ

Øñð

°EÍ5Ì�°h±HÝ�²òâ=èfí	êEåpê=ç*ÑEÒ4Ó�¹H±5°EÍK¹VÞ
Æ

µ�¸@´óÞ/ôW³�Í5²�Î¼±5Ð�°�â=ã�äpä5å=æzçGâEèéã ê=ç\åEäKê^±B²RÌJ°=±_Ñ=Ò7Ó@¹A±B°'Í_Þ

ë	õ*Øöì

°EÎR²	àJ°WÞ
Æ

µ�¸@´óÞ/ôW³�Í5²�Î÷âEã�äpäBåEæ�çGâEèéã ê=ç„å=äKêKá@µ�´@´nÑEÒ7Ó@¹H±5°EÍ_Þ&±B²òâ=ã�äpä5å=æzçGâEèéã ê=ç\åEäKê

ë

Ñ

Øùø

´�´n¶@µ�ÍB°'¸�±VÒ7·7¸�ú�¹G³�ÍB²JÎûÞ�Æ^µ�¸�´nÞ
ô

±B²�Þü·7¸O±BÐ�°gÑEÒ7Ó@¹H±5°EÍ_´�°'¸@´�²JÌ�ÍKµ�Î

Figure2.3: HAC algorithm

2.3 Clustering evaluation measures

Evaluationof thequality of outputof clusteringalgorithmsis a dif�cult problemin general,sincethereis no “gold-
standard”solutionin clustering.Thecommonlyusedclusteringvalidationmeasurescanbecategorizedasinternalor
external. Internalvalidationmeasures,e.g.,ratio of averageinter-clusterto intra-clustersimilarity (higherthebetter),
needonly thedataandtheclusteringfor their measurement.Externalvalidationmeasures,on theotherhand,match
theclusteringsolutionto someknown prior knowledge,e.g.,anunderlyingclasslabelingof thedata.Many datasets
in supervisedlearninghaveclassinformation.We canevaluatea clusteringalgorithmby applyingit to sucha dataset
(with the classlabel informationremoved),andthenusingthe classlabelsof the dataasthe gold standardagainst
whichwecancomparethequalityof thedataclusteringobtained.

In ourexperiments,wehaveusedthreemetricsfor clusterevaluation:normalizedmutualinformation(NMI),
pairwiseF-measure, andobjectivefunction. Of these,normalizedmutual informationandpairwiseF-measureare
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externalclusteringvalidationmetricsthatestimatethequalityof theclusteringwith respectto agivenunderlyingclass
labelingof thedata.

For clusteringalgorithmswhich optimizea particularobjective function,we reportthevalueof theobjective
functionwhenthealgorithmconverges.For KMeansandSPKMeans,theobjectivefunctionvaluesreportedare

�

kmeans

and
�

spkmeansrespectively. For the semi-supervisedversionsof KMeans,we report their correspondingobjective
function values.Sinceall the semi-supervisedclusteringalgorithmswe proposeareiterative methodsthat (locally)
minimize thecorrespondingclusteringobjective functions,looking at theobjective functionvalueafterconvergence
wouldgiveusanideaof whetherthesemi-supervisedalgorithmunderconsiderationgenerateda goodclustering.

Normalizedmutualinformation(NMI) determinestheamountof statisticalinformationsharedby therandom
variablesrepresentingtheclusterassignmentsandtheuser-labeledclassassignmentsof thedatapoints.We compute
NMI following the methodologyof Strehl et al. (Strehl, Ghosh,& Mooney, 2000). NMI measureshow closely
the clusteringalgorithmcould reconstructthe underlyinglabel distribution in the data. If � is the randomvariable
denotingtheclusterassignmentsof thepoints,and

�

is therandomvariabledenotingtheunderlyingclasslabelson
thepoints(Banerjeeet al., 2003),thentheNMI measureis de�ned as:
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Shannonentropy of 	 , and � ��	
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� " is theconditionalentropy of 	 given � .

PairwiseF-measureis de�ned asthe harmonicmeanof pairwiseprecisionandrecall, the traditional infor-
mationretrieval measuresadaptedfor evaluatingclusteringby consideringpairsof points. For every pair of points
thatdo not have explicit constraintsbetweenthem,thedecisionto clusterthis pair into sameor differentclustersis
consideredto becorrectif it matcheswith theunderlyingclasslabelingavailablefor thepoints(Bilenko & Mooney,
2002).PairwiseF-measureis de�ned as:
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PairwiseF-measureis a generalizationof measureslike RandIndex (Klein et al., 2002;Wagstaff et al., 2001;Xing
et al., 2003) that are frequentlyusedin other semi-supervisedclusteringprojects. Mutual information (Cover &
Thomas,1991)hasalsobecomea popularclusteringevaluationmetric (Banerjeeet al., 2003; Dom, 2001; Fern&
Brodley, 2003). Recently, a symmetricclusterevaluationmetric basedon mutual informationhasbeenproposed,
which hassomeusefulproperties,e.g.,it is a truemetric in thespaceof clusterings(Meila, 2003). Interestingly, we
empiricallyobservedfrom someof our experimentalresultsthatNMI andpairwiseF-measurearehighly correlated,
anobservationwhichwewantto investigatefurtherin future.

Note that the external clustervalidation measureswe have used(e.g., pairwiseF-measureand NMI) are
not completelyde�niti ve, since the clusteringcan �nd a groupingof the datathat is different from the underly-
ing classstructure. For example, in our initial experimentson clusteringarticlesfrom the CMU 20 Newsgroups
data (where the main Usenetnewsgroupto which an article was postedis consideredto be its classlabel), we
foundoneclusterthathadarticlesfrom four underlyingclasses— alt.atheism , soc.religion.christian ,
talk.politics.misc , andtalk.politics.guns . On closerobservation,we noticedthatall thearticlesin
theclusterwereabouttheDavid Koreshepisode;this is a valid cluster, albeitdifferentfrom thegroupingsuggested
by theunderlyingclasslabels.

If we hadhumanjudgesto evaluatetheclusterquality, we could �nd analternateexternalclustervalidation
measure— we could ask the humanjudgesto rank datacategorizationsgeneratedby humansand the clustering
algorithm,andthequalityof aclusteringoutputwouldbeconsideredto behigh if thehumanjudgescouldnot reliably
discriminatebetweenahumancategorizationof thedataandthegroupinggeneratedby theclusteringalgorithm.Since
this is a time-andresource-consumingmethodof evaluationin theacademicsetting,wehaveusedautomaticexternal
clustervalidationmethodslikepairwiseF-measureandNMI in ourexperiments.
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Chapter 3

CompletedResearch

This chapterpresentsthe resultsof our researchso far on semi-supervisedclustering. Section3.1 describeshow
supervisionin the form of labeleddatacanbe incorporatedinto clustering. Section3.2 describesa framework for
consideringpairwiseconstraintsin clustering,while Section3.3outlinesamethodfor selectingmaximallyinformative
constraintsin aquery-drivenframework for pairwiseconstrainedclustering.Finally, Section3.4presentsanew semi-
supervisedclusteringapproachthatuni�es search-basedandsimilarity-basedtechniques(seeSection1.3.2).

3.1 Semi-supervisedclustering using labeleddata

In thissection,wegiveanoutlineof ourinitial work whereweconsideredascenariowheresupervisionis incorporated
into clusteringin theform of labeleddata.Weusedthelabeleddatato generateseedclustersthatinitialize aclustering
algorithm, and usedconstraintsgeneratedfrom the labeleddatato guide the clusteringprocess. The underlying
intuition is that properseedingbiasesclusteringtowardsa good region of the searchspace,therebyreducingthe
chancesof it getting stuck in poor local optima, while simultaneouslyproducinga clusteringsimilar to the user-
speci�edlabels.

Theimportanceof goodseedingin clusteringiswell-known. In partitionalclusteringalgorithmslikeEM (Demp-
steret al., 1977)or K-Means(MacQueen,1967;Selim& Ismail,1984),somecommonlyusedapproachesfor initial-
ization includesimple randomselection,taking the meanof the whole dataandrandomlyperturbingto get initial
clustercenters(Dhillon, Fan, & Guan,2001),or runningK smallerclusteringproblemsrecursively to initialize K-
Means(Dudaet al., 2001).Someotherinterestinginitialization methodsincludetheBuckshotmethodof doinghier-
archicalclusteringon a sampleof thedatato getaninitial setof clustercenters(Manning& Scḧutze,1999),running
repeatedK-Meansonmultiple datasamplesandclusteringtheK-Meanssolutionsto getinitial seeds(Fayyad,Reina,
& Bradley, 1998),andselectingtheK densestintervalsalongeachco-ordinateto get theK clustercenters(Bradley,
Mangasarian,& Street,1997).Ourapproachis differentfrom thesebecauseweuselabeleddatato getgoodinitializa-
tion for clustering.

In thefollowing section,wepresentthegoalof clusteringin thepresenceof labeleddata.

3.1.1 Problemde�nition

Givenadataset� , aspreviouslymentioned,KMeansclusteringof thedatasetgeneratesa
�

-partitioning ���
�


"	

�

��

of
� sothattheKMeansobjective is locally minimized.Let ��� � , calledtheseedset, bethesubsetof data-pointson
which supervisionis providedasfollows: for each��� ��� , theuserprovidesthecluster �

� of thepartitionto which
it belongs.We assumethatcorrespondingto eachpartition �

� of � , thereis typically at leastoneseedpoint��� ��� .
Note thatwe get a disjoint

�

-partitioning ���
�




	

�

��

of the seedset � , so thatall ��� ���
� belongsto �

� according
to the supervision.This partitioningof the seedset � forms the seedclustering. The goal is to guidethe KMeans
algorithmtowardsthedesiredclusteringof thewholedataasillustratedby theseedclustering.
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3.1.2 Seededand constrainedKMeans algorithms

We proposetwo algorithmsfor semi-supervisedclusteringwith labeleddata:seededKMeans(S-KMeans ) andcon-
strainedKMeans(C-KMeans).

In S-KMeans , theseedclusteringis usedto initialize theKMeansalgorithm. Thus,ratherthaninitializing
KMeansfrom

�

randommeans,thecentroidof the ! th clusteris initialized with thecentroidof the ! th partition � �

of theseedset.Theseedclusteringis only usedfor initialization,andtheseedsarenot usedin thefollowing stepsof
thealgorithm.Thealgorithmis presentedin detail in Fig. 3.1.
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Figure3.1: SeededKMeansalgorithm

In C-KMeans, theseedclusteringis usedto initialize theKMeansalgorithmasdescribedfor theS-KMeans
algorithm. However, in the subsequentsteps,the clustermembershipsof the datapoints in the seedsetarenot re-
computedin theassignclusterstepsof thealgorithm– theclusterlabelsof theseeddataarekeptunchanged,andonly
thelabelsof thenon-seeddataarere-estimated.Thealgorithmis givenin detail in Fig. 3.2.
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Figure3.2: ConstrainedKMeansalgorithm

C-KMeans seedsthe KMeansalgorithm with the user-speci�ed labeleddataand keepsthat labeling un-
changedthroughoutthealgorithm.In S-KMeans , theuser-speci�ed labelingof theseeddatamaybechangedin the
courseof thealgorithm.C-KMeans is appropriatewhentheinitial seedlabelingis noise-free,or if theuserdoesnot
wantthelabelson theseeddatato change,whereasS-KMeans is appropriatein thepresenceof noisyseeds.
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3.1.3 Moti vation of semi-supervisedKMeans algorithms

Thetwo semi-supervisedKMeansalgorithmspresentedin the lastsectioncanbemotivatedby consideringKMeans
in theEM framework, asshown in Section2.1. Theonly “missingdata”for theKMeansproblemaretheconditional
distributionsof the clusterlabelsgiven the pointsandthe parameters,i.e., ���+ �

� �	� �T� � " . Knowledgeof thesedistri-
butionssolvestheclusteringproblem,but normally thereis no way to computeit. In thesemi-supervisedclustering
framework, theuserprovidesinformationaboutsomeof thedatapointsthatspeci�esthecorrespondingconditional
distributions.Thus,semi-supervisionby providing labeleddatais equivalentto providing informationaboutthecon-
ditionaldistributions���  � � � � �T��� " .

In standardKMeanswithout any initial supervision,the
�

meansarechosenrandomlyin the initial M-step
andthedata-pointsareassignedto thenearestmeansin the subsequentE-step. As explainedabove, every point � �

in thedatasethas
�

possibleconditionaldistributionsassociatedwith it (eachsatisfying(2.5)) correspondingto the
�

meansto which it canbelong.This assignmentof datapoint � � to a randomclusterin the�rst E-stepis similar to
pickingoneconditionaldistributionat randomfrom the

�

possibleconditionaldistributions.
In S-KMeans , theinitial supervisionis equivalentto specifyingtheconditionaldistributions���  �

� � � �J� � " for
theseedpoints � � � � . Thespeci�ed conditionaldistributionsof theseeddataarejust usedin the initial M-stepof
thealgorithm,and�.�+ �

� � � �J� � " is re-estimatedfor all � ��� � in thefollowing E-stepsof thealgorithm.
In C-KMeans, the initial M-stepis sameasS-KMeans . Thedifferenceis that for theseeddatapoints,the

initial labels,i.e.,theconditionaldistributions���  
�

�
�	� �T�

�
" , arekeptunchangedthroughoutthealgorithm,whereasthe

conditionaldistribution for thenon-seedpointsarere-estimatedateveryE-step.
Notethat in theSPKMeansframework (Sec.2.2.1),sinceevery point lies on theunit spheresothat

�

�
�

�

�

�

���

�

� � , theexpectationtermin (2.4)becomesequivalentto

� � �

� � ���

% '")

�������$�
� �

" � �

	

�
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So,maximizingtheSPKMeansobjective function is equivalentto maximizingtheexpectationof thecomplete-data
log-likelihoodin theE-stepof theEM algorithm.

It canalsobeshown thatgettinggoodseedingis very essentialfor centroid-basedclusteringalgorithmslike
KMeans.As shown in Section2.2.1,undercertaingenerativemodel-basedassumptions,onecanconnectthemixture
of Gaussiansmodelto theKMeansmodel.A directcalculationusingChernoff boundsshowsthatif aparticularcluster
(with anunderlyingGaussianmodel)with truecentroid � is seededwith � points(drawn independentlyat random
from thecorrespondingGaussiandistribution)andtheestimatedcentroidis

�

� , then

���

�
�

�

�



�
�

���

"�� ) ���
!	�

�

�

(3.1)

where
�

�-� " (Banerjee,2001).Thus,theprobabilityof deviation of thecentroidestimatesfalls exponentiallywith
thenumberof seeds,andhenceseedingresultsin goodinitial centroids.

3.1.4 Experimental results

Our experimentsdemonstratedthe advantagesof S-KMeans and C-KMeans over standardrandomseedingand
COP-KMeans(Wagstaff etal., 2001),apreviouslydevelopedsemi-supervisedclusteringalgorithmdescribedin Sec-
tion 2.2.1.Detailsof theexperimentalresultscanbefoundin (Basuet al., 2002).

Datasets

We areshowing resultsof our experimentson 2 high-dimensionaltext datasets– a subsetof CMU 20 Newsgroups
(2000documents,21631words)andYahoo!News K-series(2340documents,12229words)datasets.Both datasets
had20 classes,andtheclusteringalgorithmswereasked to generatethesamenumberof clusters.For eachdataset,
weran4 clusteringalgorithms– S-KMeans , C-KMeans, COP-KMeans, andrandomKMeans.In randomKMeans,
the

�

meanswereinitializedby takingthemeanof theentiredataandrandomlyperturbingit
�

times(Fayyadet al.,
1998). This techniqueof initialization hasgiven good resultsin unsupervisedKMeansin previous work (Dhillon

12



et al., 2001). We comparedthe performanceof these4 methodson the 2 datasetswith varying seedingandnoise
levels,using10-foldcrossvalidation.For eachdataset,SPKMeanswasusedastheunderlyingKMeansalgorithmfor
all the4 KMeansvariants.

Learning curveswith crossvalidation

For all thealgorithms,on eachdataset,we generatedlearningcurveswith 10-fold cross-validation.For studyingthe
effect of seeding,10%of thedatasetwassetasideasthetestsetat any particularfold. The trainingsetsat different
pointsof thelearningcurve wereobtainedfrom theremaining90%of thedataby varyingtheseedfractionfrom 0.0
to 1.0in stepsof 0.1,andtheresultsateachpointon thelearningcurvewereobtainedby averagingover10folds. The
clusteringalgorithmwasrun on thewholedataset,but theevaluationmetrics(objective functionandNMI measure)
werecalculatedonly on thetestset. For studyingtheeffectsof noisein theseeding,learningcurvesweregenerated
by keepinga �x edfractionof seedingandvaryingthenoisefraction.

Results
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Figure3.3: Comparisonof NMI valuesonthereduced20Newsgroupdatasetwith increasingseedfraction,with noise
fraction= 0

The semi-supervisedalgorithms(S-KMeans andC-KMeans) performedbetterthanthe unsupervisedal-
gorithm(randomKMeans)in termsof theNMI evaluationmeasure,asshown in Figs.3.3 and 3.4. For a balanced
datasets(e.g.,reduced20Newsgroups),theNMI valueof theS-KMeans algorithm(seeFigure3.3)seemsto increase
exponentiallywith increasingamountof labeleddataalongthe learningcurve,a phenomenonwhich we will explain
later. Similar resultswerealsoobtainedfor objective function. Both S-KMeans andC-KMeans performedbetter
thanCOP-KMeansin mostcases,whentheseedshavenonoise.

Wealsoperformedexperimentswherewesimulatednoisein theseeddataby changingthelabelsof afraction
of the seedexamplesto a randomincorrectvalue. The resultsin Figure3.5 show that S-KMeans is quite robust
againstnoisy seeding,sinceit takesthe bene�t of initialization using the superviseddatabut doesnot enforcethe
noisyconstraintsto besatis�edduringeveryclusteringiteration(likeC-KMeans andCOP-KMeansdo).

Wealsoraninitial experimentswith incompleteseeding,whereseedsarenotspeci�edfor everycluster– from
Fig. 3.6, it canbe seenthat the NMI metric did not decreasesubstantiallywith increasein thenumberof unseeded
categories,showing that thesemi-supervisedclusteringalgorithmscouldextendtheseedclustersandgeneratemore
clusters,in orderto �t theregularityof thedata.
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Figure3.6: Comparisonof NMI valueson thefull 20 Newsgroupsdatawith increasingincompletenessfraction,with
seedfraction= 0.1

Furtherexperimentalresultsonotherdatasetscanbefoundin (Basuet al., 2002).

3.2 Semi-supervisedclustering using pairwise constraints

In this work, we considereda framework that haspairwisemust-linkandcannot-linkconstraintsbetweenpoints in
a dataset(with an associatedcostof violating eachconstraint),in additionto having distancesbetweenthe points.
Theseconstraintsspecify that two examplesmust be in the samecluster(must-link) or differentclusters(cannot-
link) (Wagstaff et al., 2001). In real-world unsupervisedlearningtasks,e.g.,clusteringfor speaker identi�cation in a
conversation(Hillel et al., 2003),visualcorrespondencein multi-view imageprocessing(Boykov, Veksler, & Zabih,
1998),clusteringmulti-spectralinformationfrom Mars images(Wagstaff, 2002),etc.,consideringsupervisionin the
form of constraintsis generallymorepracticalthanproviding classlabels,sincetruelabelsmaybeunknown a priori,
while it canbe easierfor a userto specifywhetherpairsof pointsbelongto the sameclusteror differentclusters.
Constraintsareamoregeneralwayto providesupervisionin clusteringthanlabels— givenasetof labeledpointsone
canalwaysinfer anuniqueequivalentsetof pairwisemust-linkandcannot-linkconstraints,but not viceversa.

We proposeda costfunctionfor pairwiseconstrainedclustering(PCC)thatcanbeshown to betheenergy of
acon�gurationof aMarkov random�eld (MRF) over thedatawith awell-de�nedpotentialfunctionandnoisemodel.
Then,thepairwise-constrainedclusteringproblembecomesequivalentto �nding theMRF con�gurationwith thehigh-
estprobability, or, in otherwords,minimizingits energy. WedevelopedaniterativeKMeans-typealgorithmfor solving
this problem.Previouswork in thePCCframework includethehard-constrainedCOP-KMeansalgorithm(Wagstaff
etal., 2001)andthesoft-constrainedSCOP-KMeansalgorithm(Wagstaff, 2002),whichhaveheuristicallymotivated
objective functions. Our formulation,on theotherhand,hasa well-de�ned underlyinggenerative model. Bansalet
al. (Bansal,Blum, & Chawla, 2002)alsoproposeda theoreticalmodelfor pairwiseconstrainedclustering,but their
clusteringmodelusesonly pairwiseconstraintsfor clustering,whereasour formulationusesbothconstraintsandan
underlyingdistancemetric. Pairwiseclusteringmodelshave alsobeenproposedfor othernon-parametricclustering
algorithms(Dubnov etal., 2002).
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3.2.1 Problemde�nition

Centroid-basedpartitionalclusteringalgorithms(e.g.,KMeans)�nd a disjoint
�

partitioning � � � 
"	

� 
��

(with each
partition having a centroid �

�

) of a dataset� � �*( ��
 �

� 
��

suchthat the total distancebetweenthe pointsand the
clustercentroidsis (locally) minimized.Weintroduceaframework for pairwiseconstrainedclustering(PCC)thathas
pairwisemust-linkandcannot-linkconstraints(Wagstaff et al., 2001)betweena subsetof pointsin thedataset(with
a costof violating eachconstraint),in additionto distancesbetweenpoints. Sincecentroid-basedclusteringcannot
handlepairwiseconstraintsexplicitly, we formulatethe goal of clusteringin the PCC framework asminimizing a
combinedobjective function: thesumof thetotal distancebetweenthepointsandtheir clustercentroidsandthecost
of violating thepairwiseconstraints.

For thePCCframework with bothmust-linkandcannot-linkconstraints,let � bethesetof must-linkpairs
suchthat � ( � � (�+*" ��� implies ( � and (�+ shouldbe assignedto the samecluster, and � be the setof cannot-link
pairssuchthat � ( � � (�+ " ��� implies ( � and (�+ shouldbeassignedto differentclusters.Notethatthetuplesin � and

� areorder-independent,i.e., � ( � � (�+ " ����� � (�+ � ( ��" ��� , andsoalsofor � . Let � � �
	 �,+ 
 and � � � 	 �,+*


be two setsthatgive theweightscorrespondingto themust-linkconstraintsin � andthecannot-linkconstraintsin
� respectively. Let � � be the clusterassignmentof a point (�� , where � �#���
! 

	

� 
��

. Let �
� and ��� be two metrics
thatquantify thecostof violating must-linkandcannot-linkconstraints(Kleinberg & Tardos,1999). We restrictour
attentionto ��� ��� � �A� + " ���

�

� ��� �q� + � and ��� �p� � �J� + " ���

�

� � �q� +�� , where � is the indicator function ( �

� �����

) � = 1,
�

� ���

� � ) � = 0). Using this model,the problemof PCCundermust-link andcannot-linkconstraintsis formulatedas
minimizing thefollowing objective function,wherepoint (

� is assignedto thepartition �
�

� with centroid �

�

� :

�

pckmeans�

�

�

�

!.���	�

�

(
��


�

�

�

�
�

"

�

"

!.��� !
#%$��'&

	
�,+

�

�

�
�

��Ã�
+

� "

�

"

!.��� !
#($��*)

	
� +

�

�

�
�

� �
+

� (3.2)

This objective function tries to minimize the total distancebetweenpointsandtheir clustercentroidssuchthat the
minimumnumberof speci�edconstraintsbetweenthepointsareviolated.Thegoalof any clusteringalgorithmin the
PCCframework is to minimizethiscombinedobjectivefunction.

3.2.2 Pairwise constrainedKMeans algorithm

Givena setof datapoints � , a setof must-link constraints� , a setof cannot-linkconstraints� , theweight of the
constraints	 andthe numberof clustersto form

�

, we proposean algorithmPC-KMeans that �nds a disjoint
�

partitioning ���
�


"	

�

��

of � (with eachpartitionhaving a centroid�

�

) suchthat
�

pckmeansis (locally) minimized.
In theinitialization stepof PC-KMeans, assumingconsistency of constraints,we take thetransitive closure

of the must-link constraints(Wagstaff et al., 2001) and augmentthe set � by addingtheseentailedconstraints.
Let the numberof connectedcomponentsin the augmentedset � be + , which areusedto create+ neighborhood
sets�

�-,


*.

,


��

. For everypair of neighborhoods
�/,

and
�-,10

thathave at leastonecannot-linkbetweenthem,we add
cannot-linkconstraintsbetweeneverypairof pointsin

�2,

and
�3,

0

andaugmentthecannot-linkset � by theseentailed
constraints,againassumingconsistency of constraints.Fromnow on, we will refer to theaugmentedmust-linkand
cannot-linksetsas � and � respectively.

Notethattheneighborhoodsets
�

,

, whichcontaintheneighborhoodinformationinferredfrom themust-link
constraintsandareunchangedduring the iterationsof thealgorithm,aredifferentfrom thepartitionsets � � , which
containtheclusterpartitioninginformationandgetupdatedateachiterationof thealgorithm.After thispreprocessing
stepweget + neighborhoodsets�

�/,


'.

,


��

, whichareusedto initialize theclustercentroids.
If +

� �

, where
�

is the requirednumberof clusters,we selectthe
�

neighborhoodsetsof largestsize
andinitialize the

�

clustercenterswith the centroidsof thesesets. If +54

�

, we initialize + clustercenterswith
the centroidsof the + neighborhoodsets. We then look for a point ( that is connectedby cannot-linksto every
neighborhoodset. If sucha point exists, it is usedto initialize the �6+ " �*"87

� cluster. If thereareany morecluster
centroidsleft uninitialized,we initialize themby randomperturbationsof theglobalcentroidof � .

The algorithm PC-KMeans alternatesbetweenthe clusterassignmentand centroidestimationsteps(see
Figure3.7). In theclusterassignmentstepof PC-KMeans, everypoint ( is assignedto aclustersuchthatit minimizes
the sum of the distanceof ( to the clustercentroidand the cost of constraintviolations incurredby that cluster
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Figure3.7: PairwiseConstrainedKMeansalgorithm

assignment(by equivalentlysatisfyingasmany must-linksandcannot-linksasgivenby theassignment).Thecentroid
re-estimationstepis thesameasKMeans. It is easyto show that theobjective functiondecreasesafterevery cluster
assignmentandre-estimationstepuntil convergence,implying thatthePC-KMeans algorithmwill convergeto alocal
minimaof

�

pckmeans. Theproof is shown in detail in (Basu,Banerjee,& Mooney, 2003a).

3.2.3 Moti vation of the PCC framework

Themathematicalformulationof thePCCframework wasmotivatedby themetriclabelingproblemandthegeneral-
izedPotts model(Boykov et al., 1998;Kleinberg & Tardos,1999),for which Kleinberg et al. (Kleinberg & Tardos,
1999)proposedan approximationalgorithm. Their formulationonly considersthe set � of must-link constraints,
whichweextendedto thePCCframework by addingtheset � of cannot-linkconstraints.Ourproposedpairwisecon-
strainedKMeans(PC-KMeans) algorithmgreedilyoptimizes

�

pckmeansusingaKMeans-typeiterationwith amodi�ed
cluster-assignmentstep.

The PCC formulation can be motivatedby consideringa Markov RandomField (MRF) (Boykov et al.,
1998)de�ned over � suchthat the �eld (or set) ä � � ä

�

��

��
��

of randomvariablesover � cantake values ���
�
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. Restrictingthe
modelto MRFs whosecliquepotentialsinvolve pairwisepoints,theprior probabilityof a con�guration � is å �p��"~æ

çNè�é

�



�

�

�

+

�

"

�

�

+

$

���
�

�A�
+

" " , where

�

"

�

�

+

$

�p� � �J� + " �

&

'
(

	 � + �

�

� � �� � + � if � ( � � (�+*" ���

	 �,+��

�

� � � � +�� if � ( � � (�+*" � �

.

otherwise

17



Assumingan identity covarianceGaussiannoisemodel for the observed data(von-MisesFisherdistribu-
tion (Mardia & Jupp,2000)wasconsideredas the noisemodel for high-dimensionaltext data)1 andassumingthe
observeddatahasbeendrawn independently, if �.�

�



	

� 
��

denotethe truerepresentativescorrespondingto the labels
�
! 

	

� 
��

, theconditionalprobabilityof theobservation � for agivencon�guration � is å ��� � � "§æ

ç%è�é
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�

� � !.�
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( �«


�

�

�

�

�

" . Then,sincetheposteriorprobabilityof a con�guration � is å �p� � � " � å �p��"Rå ��� � ��" , �nding theMAP con�g-
urationboils down to minimizing theenergy of thecon�guration that is exactly asgivenby (3.2). Hence,thePCC
objective functionis really theenergy functionover thespeci�edMRF.

3.2.4 Experimental results

The experimentalresultsshowing the improved performanceof the PCC clusteringframework over unsupervised
clusteringareshown in Section3.3.4,wherewe show thebene�t of thePCCframework aswell astheusefulnessof
selectingpairwiseconstraintsusingourproposedactive learningalgorithm.

3.3 Active learning for semi-supervisedclustering

In order to maximizethe utility of the limited superviseddataavailable in a semi-supervisedsetting,supervised
trainingexamplesshouldbeactivelyselectedasmaximally informative onesratherthanchosenat random,if possi-
ble (McCallum& Nigam,1998). In thePCCframework, this would imply that fewer constraintswill berequiredto
signi�cantly improve the clusteringaccuracy. To this end,we developeda new methodfor actively selectinggood
pairwiseconstraintsfor semi-supervisedclusteringin thePCCframework.

Previous work in active learninghasbeenmostly restrictedto classi�cation, wheredifferentprinciplesof
queryselectionhavebeenstudied,e.g.,reductionof theversionspacesize(Freund,Seung,Shamir, & Tishby, 1997),
reductionof uncertaintyin predictedlabel (Lewis & Gale,1994),maximizingthe margin on training data(Abe &
Mamitsuka,1998),and �nding high variancedatapointsby density-weightedpool-basedsampling(McCallum &
Nigam,1998). However, active learningtechniquesin classi�cationarenot applicablein the clusteringframework,
sincethe basicunderlyingconceptof reductionof classi�cation error andvarianceover the distribution of exam-
ples(Cohn,Ghahramani,& Jordan,1996)is not well-de�ned for clustering.In theunsupervisedsetting,Hofmannet
al. (Hofmann& Buhmann,1998)considera modelof active learningwhich is differentfrom ours– they have incom-
pletepairwisesimilaritiesbetweenpoints,andtheir active learninggoalis to selectnew data,usingexpectedvalueof
informationestimatedfrom theexisting data,suchthattherisk of makingwrongestimatesaboutthetrueunderlying
clusteringfrom the existing incompletedatais minimized. In contrast,our modelassumesthat we have complete
similarity informationbetweenall pairsof points,alongwith pairwiseconstraintswhoseviolationcostis acomponent
of theobjectivefunction(3.2),andtheactive learninggoalis to selectpairwiseconstraintswhicharemostinformative
abouttheunderlyingclustering.Klein et al. (Klein et al., 2002)alsoconsideractive learningin semi-supervisedclus-
tering,but insteadof makingexample-level queriesthey make clusterlevel queries,i.e., they asktheuserwhetheror
not two wholeclustersshouldbemerged.Answeringexample-levelqueriesratherthancluster-level queriesis amuch
easiertaskfor a user, makingour modelmorepracticalin a real-world active learningsetting.

3.3.1 Problemde�nition

Formally, theschemehasaccessto a noiselessoraclethatcanassigna must-linkor cannot-linklabelon a givenpair
� ( � � (�+ " , andit canposea constantnumberof queriesto the oracle.2 Given a �x ed numberof queriesthat canbe
madeto theoracle,thegoalis to selectthe � and � setssuchthatthePC-KMeans clusteringalgorithm,usingthose
pairwiseconstraints,cangetto alocaloptimumof theobjectivefunction

�

pckmeanswhichis betterthanthelocaloptima
it would reachwith thesamenumberof randomlychosenconstraints.

1Theframework canbeshown to hold for arbitraryexponentialnoisemodels.
2Theoraclecanalsogive a don't-knowresponseto aquery, in whichcasethatresponseis ignored(pair notconsideredasaconstraint)andthat

queryis notposedagainlater.
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3.3.2 Explore and Consolidate algorithms

The proposedactive learningschemehastwo phases.The �rst phaseexploresthe given datato get
�

pairwise
disjoint non-null neighborhoods,eachbelongingto a different cluster in the underlyingclusteringof the data,as
fastaspossible. Note that even if thereis only onepoint per neighborhood,this neighborhoodstructurede�nes a
correctskeletonof the underlyingcluster. For this phase,we proposean algorithmExplore that essentiallyuses
the farthest-�rst scheme(Dasgupta,2002;Hochbaum& Shmoys, 1985)to form appropriatequeriesfor gettingthe
requiredpairwisedisjoint neighborhoods.For our datamodel,we prove anotherinterestingpropertyof farthest-�rst
traversal(see(Basuetal., 2003a)for moredetails)thatjusti�es its usefor active learning.

At the endof Explore , at leastonepoint hasbeenobtainedper cluster. The remainingqueriesareused
to consolidatethis structure.The clusterskeletonobtainedfrom Explore is usedto initialize

�

pairwisedisjoint
non-null neighborhoods�

�/,



	

,


��

. Then,given any point ( not in any of the existing neighborhoods,we will have
to askat most �

�


 � " queriesby pairing ( up with a memberfrom eachof thedisjoint neighborhoods
� ,

to �nd
out the neighborhoodto which ( belongs.Note that it is practicalto sort the neighborhoodsin increasingorderof
thedistanceof their centroidsfrom ( so that thecorrectmust-link neighborhoodfor ( is encounteredsoonerin the
queryingprocess.This principle formsthesecondphaseof our active learningalgorithm,andwe call thealgorithm
for thisphaseConsolidate . In thisphase,weareableto getthecorrectclusterlabelof ( by askingatmost �

�


 � "

queries.So, �

�


 � " pairwiselabelsareequivalentto a singlepointwiselabel in theworstcase,when
�

is known.
The detailsof the algorithmsfor performingthe explorationandtheconsolidationphasesaregiven in Fig-

ures3.8and3.9.
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Figure3.8: Algorithm Explore

3.3.3 Moti vation of activeconstraint selectionalgorithm

In Section3.1.3,it wasobservedthatinitializing KMeanswith centroidsestimatedfrom a setof labeledexamplesfor
eachclustergivessigni�cant performanceimprovements.Sincegoodinitial centroidsareverycritical for thesuccess
of greedyalgorithmssuchasKMeans,we follow thesameprinciplefor thepairwisecase:we will try to getasmany
points(proportionalto theactualclustersize)aspossiblepercluster, so thatPC-KMeans is initialized from a very
goodsetof centroids.

In theexplorationphase,we usea very interestingpropertyof the farthest-�rst traversal. Given a setof
�

disjoint balls of unequalsizein a metric space,we show that the farthest-�rstschemeis sureto get onepoint from
eachof the

�

ballsin a reasonablysmallnumberof attempts(see (Basuet al., 2003a)for details).
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Figure3.9: Algorithm Consolidate

Both Explore andConsolidate addpointsto theclustersat a goodrate. It canbeshown usingresults
provedin (Basuetal., 2003a)thattheExplore phasegetsat leastonepoint from eachof the

�

underlyingclusters
in maximum

�˜—

	

�V™ queries.Whentheactiveschemehas�nished runningExplore andis runningConsolidate ,
it canalsobeshown usinga generalizationof thecouponcollector'sproblem(Motwani& Raghavan,1995)thatwith
high probability it will get onenew point from eachclusterin approximately

�
�

% '")

�

queries. Consolidate
thereforeaddspointsto clustersata fasterratethanExplore by a factorof š��

	

› œ=•

	

" .

3.3.4 Experimental results

In this section,we presentour experimentswith activeselectionof constraintsin thePCCframework.

Datasets

We ranexperimentsonbothhigh-dimensionaltext datasetsandlow-dimensionalUCI (Blake& Merz,1998)datasets.
Herewepresenttheresultsonasubsetof thetext dataClassic3(Dhillon & Modha,2001),containing400documents
– 100Cran�eld documentsfrom aeronauticalsystempapers,100Medlinedocumentsfrom medicaljournals,and200
Cisi documentsfrom informationretrieval papers.This Classic3-subsetdatasetwasspeci�cally designedto create
clustersof unequalsize,andhas400 points in 2897dimensionsafter standardpre-processingstepslike stop-word
removal, tf-idf weighting,and removal of very high-frequency andvery low-frequency words (Dhillon & Modha,
2001). FromtheUCI collectionwe selectedIris, which is a well-known datasethaving 150pointsin 4 dimensions.
We usedtheactivepairwiseconstrainedversionof KMeans on Iris, andSPKMeansonClassic3-subset.

Learning curveswith crossvalidation

For all algorithmsoneachdataset,wegeneratedlearningcurveswith 10-foldcross-validation.Thesamemethodology
wasusedto generatethe learningcurvesas in Section3.1.4,exceptfor that fact that herethe x-axis representsthe
numberof pairwiseconstraintsgivenasinput to thealgorithms.For non-active PCKMeansthepairwiseconstraints
wereselectedat random,while for activePCKMeansthepairwiseconstraintswereselectedusingouractive learning
scheme.
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Figure3.10:Comparisonof NMI valuesonClassic400
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Figure3.11:Comparisonof pairwiseF-measurevaluesonClassic400
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Figure3.12:Comparisonof NMI valueson Iris
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Figure3.13:Comparisonof pairwiseF-measurevalueson Iris
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Results

In thedomainsthatwe considered,e.g.,text clustering,differentcostsfor differentpairwiseconstraintsarenot avail-
ablein general,sofor simplicity we will beassumingall elementsof � and � to have thesameconstantvalue 	 in
(3.2). The 	 parameteractsasa tuningknob,giving usthecontinuumbetweena S-KMeans -like algorithmon one
extreme( 	 = 0), wherethereis no guaranteeof the constraintsatisfactionin the clustering,anda C-KMeans-like
algorithmon theotherextreme( 	���� ), wheretheclusteringprocessis forcedto respectall thegivenconstraints.
The parameter	 canbe choseneitherby cross-validationon a held-outset,or by the useraccordingto the degree
of con�dencein theconstraints.We choseanintermediatevalueof 	 in (3.2) sothat thealgorithmsgivesa tradeoff
betweenminimizing thetotal distancebetweenpointsandclustercentroidsandthecostof violating theconstraints.

Figures3.11-3.13show that (1) semi-supervisedclusteringwith constraints,for both active andnon-active
PCKMeans, performsconsiderablybetterthanunsupervisedKMeansclusteringfor thedatasetsweconsidered,since
theclusteringevaluationmeasures(NMI andpairwiseF-measure)improve with increasingnumberof pairwisecon-
straintsalongthelearningcurve. and(2) activeselectionof pairwiseconstraintsin activePCKMeans, usingour two-
phaseactive learningalgorithm,signi�cantly outperformsrandomselectionof constraintsin non-activePCKMeans.
Detaileddiscussionsandresultsonotherdatasetscanbefoundin (Basuet al., 2003a).

3.4 Uni�ed modelof semi-supervisedclustering

In previous work, similarity-basedand search-basedapproachesto semi-supervisedclusteringhave not beenade-
quatelycomparedexperimentally, so their relative strengthsandweaknessesarelargely unknown. Also, thetwo ap-
proachesarenot incompatible,therefore,applyinga search-basedapproachwith a trainedsimilarity metric is clearly
an additionaloption which may have advantagesover both existing approaches.In this work, we presenteda new
uni�ed semi-supervisedclusteringalgorithmderivedfrom KMeansthat incorporatesbothmetric learningandusing
labeleddataasseedsand/orconstraints.

3.4.1 Problemde�nition

Following previous work (Xing et al., 2003), we can parameterizeEuclideandistancewith a symmetricpositive-

de�nite weightmatrix
�

asfollows:
�
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is restrictedto bea diagonal
matrix, thenit scaleseachaxis by a differentweight andcorrespondsto featureweighting; otherwisenew features
arecreatedthat are linear combinationsof the original features.In our clusteringformulation,usingthe matrix

�

is equivalent to consideringa generalizedversionof the KMeansmodel describedin Section2.2.1,whereall the
Gaussianshavea covariancematrix

�

�

� (Bilmes,1997).
It canbeeasilyshownthatmaximizingthecompletedatalog-likelihoodunderthisgeneralizedKMeansmodel

is equivalentto minimizing theobjective function:
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wherethesecondtermarisesdueto thenormalizingconstantof a Gaussianwith covariancematrix
�

�

� .
We combineobjective functions(3.2)and(3.3) to getthefollowing objective functionthatattemptsto mini-

mizeclusterdispersionundera learnedmetricalongwith minimizing thenumberof constraintviolations:
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where �

� and �

� arefunctions(de�ned in the next section)that specifythe “seriousness”of violating a must-link
or cannot-linkconstraint.Theweights 	

� + and 	
� + providea way to specifytherelative importanceof theunlabeled

versuslabeleddatawhile allowing individualconstraintweights.Thisobjectivefunction
�

mpckm is greedilyoptimized
by ourproposedmetricpairwiseconstrainedKMeans(MPC-KMeans) algorithmthatusesaKMeans-typeiteration.

23



3.4.2 Moti vation 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 constraintviolationsaretreatedequally. However, thecostof violating
a must-link constraintbetweentwo closepointsshouldbe higher than the cost of violating a must-link constraint
betweentwo pointsthatarefar apart. Suchcostassignmentre�ects the intuition that it is a “worseerror” to violate
a must-link constraintbetweensimilar points, and suchan error shouldhave more impact on the metric learning
framework. Multiplying theweights 	 �,+ with thepenaltyfunction �
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givesus the overall cost of violating a must-link constraintbetweentwo points ( � and ( + , where
�

��� � and
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are non-negative constantsthat correspondto minimum and maximumpenaltiesrespectively. They can be set as
fractionsof the squareof the maximummust-link distance)��
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, thus guaranteeingthat the
penaltyfor violating a constraintis always positive. Overall, this formulation enablesthe penaltyfor violating a
must-linkconstraintto beproportionalto the“seriousness”of theviolation.

Analogously, thecostof violating a cannot-linkconstraintbetweentwo distantpointsshouldbehigherthan
thecostof violating a cannot-linkconstraintbetweenpointsthatareclose, sincetheformer is a “worseerror”. Mul-
tiplying weights 	 � + with �
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" allows us to take the “seriousness”of the
constraintviolation into account.

3.4.3 MPC-KMeansalgorithm for the uni�ed framework

Given a set of datapoints � , a set of must-link constraints� , a set of cannot-linkconstraints� , corresponding
weightsets� and � , andthenumberof clustersto form

�

, metricpairwiseconstrainedKMeans(MPC-KMeans)
�nds a disjoint

�

partitioning ��� � 

	

�

��

of � (with eachpartitionhaving a centroid �

�

) suchthat
�

mpckm is (locally)
minimized.

The algorithm MPC-KMeans hastwo components.Utilizing constraintsduring cluster initialization and
satisfaction of the constraintsduring every clusterassignmentstepconstitutesthe search-basedcomponentof the
algorithm. Learningthedistancemetricby re-estimatingtheweightmatrix

�

duringeachalgorithmiterationbased
oncurrentconstraintviolationsis thesimilarity-basedcomponent.

Intuitively, the search-basedtechniqueusesthe pairwiseconstraintsto generateseedclustersthat initialize
the clusteringalgorithm,andalsousesthe constraintsto guidethe clusteringprocessthroughthe iterations. Seeds
inferredfrom theconstraintsbiastheclusteringtowardsa goodregion of thesearchspace,therebypossiblyreducing
the chancesof it gettingstuckin poor local optima,while a clusteringthat satis�es the user-speci�ed constraintsis
producedsimultaneously.

The similarity-basedtechniquedistortsthe metric spaceto minimize the costsof violatedconstraints,pos-
sibly removing the violationsin the subsequentiterations. Implicitly, the spacewheredatapointsareembeddedis
transformedto respecttheuser-providedconstraints,thuscapturingthenotionof similarity appropriatefor thedataset
from theuser'sperspective.

Initialization: The MPC-KMeansalgorithmis initialized from neighborhoodsinferredfrom the � and �

sets,in thesamewayasthePC-KMeans algorithm(seeSection3.2.2).
E-step: MPC-KMeans alternatesbetweenclusterassignmentin the E-step,and centroidestimationand

metriclearningin theM-step(seeFigure3.14).
In theE-stepof MPC-KMeans, everypoint ( is assignedto aclustersothatthesumof thedistanceof ( to the

clustercentroidandthecostof constraintviolationspossiblyincurredby this clusterassignmentis minimized. Note
that this assignmentstepis order-dependent,sincethesubsetsof � and � associatedwith eachclustermaychange
with theassignmentof apoint. In theclusterassignmentstep,eachpointmovesto anew clusteronly if thecomponent
of

�

mpckmcontributedby thispointdecreases.Sowhenall pointsaregiventheirnew assignment,
�

mpckm will decrease
or remainthesame.

M step: In the M-step, the clustercentroids�

�

are�rst re-estimatedusingthe points in � � . As a result,
thecontribution of eachclusterto

�

mpckm is minimized. Thepairwiseconstraintsdo not take in part in this centroid
re-estimationstepbecausetheconstraintsarenot an explicit function of thecentroid. Thus,only the �rst term (the
distancecomponent)of

�

mpckm is minimizedin thisstep.Thecentroidre-estimationstepeffectively remainsthesame
asKMeans.
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Figure3.14:Metric PairwiseConstrainedKMeansalgorithm

Thesecondpartof theM-stepis metriclearning,wherethematrix
�

is re-estimatedto decreasetheobjective
function ü mpckm. The updatedmatrix

�

is obtainedby taking the partial derivative ýAþ

mpckm

ý

� and settingit to zero,
resultingin:
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where
�21

and 3

1

aresubsetsof
�

and 3 thatexcludetheconstraintpairsfor which thepenaltyfunctions �

� and
�

� take thethresholdvalues4

�


-5

and 4

�76+8

respectively. See (Basu,Bilenko, & Mooney, 2003b)for thedetailsof
thederivation.

Sinceestimatinga full matrix
�

from limited trainingdatais dif�cult, we limit ourselvesto diagonal
�

for
mostof ourexperiments,which is equivalentto learningametricvia featureweighting.In thatcase,the � -th diagonal
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elementof
�

, ����� , correspondsto theweightof the � -th feature:
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Intuitively, the �rst term in the sum,
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, scalesthe weight of eachfeatureproportionatelyto the
feature'scontributionto theoverallclusterdispersion,analogouslyto scalingperformedwhencomputingMahalanobis
distance.Thesecondtwo termsthatdependon constraintviolations,
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, respectively contractandstretcheachdimensionattemptingto mendthe
currentviolations. Thus, the metric weightsare adjustedat eachiteration in sucha way that the contribution of
differentattributesto distanceis equalized,while constraintviolationsareminimized.

The objective function decreasesafter every clusterassignment,centroidre-estimationandmetric learning
steptill convergence,implying thattheMPC-KMeansalgorithmwill convergeto a localminimaof ü mpckm.

3.4.4 Experimental results

In thissection,wepresentablationexperimentswhichshow theimprovedperformanceof ouruni�ed semi-supervised
clusteringframework. For eachdataset,wecomparedfour semi-supervisedclusteringschemes:

� MPC-KMeansclustering,which involvesbothseedingandmetric learningin theuni�ed framework described
in Section3.4.3;

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

� PC-KMeans clustering,whichutilizesconstraintsfor seedingandclusterassignmentwithoutdoingany metric
learning;

� UnsupervisedK-Meansclustering.

Datasets

Experimentswereconductedon several datasetsfrom the UCI repository: Iris, Wine, andrepresentative randomly
sampledsubsetsfrom thePen-DigitsandLetterdatasets.For Pen-DigitsandLetter, wechosetwo setsof threeclasses:

�

I, J, L � from Letterand
�

3, 8, 9 � from Pen-Digits, sampling20%of thedatapointsfrom theoriginal datasetsran-
domly. Theseclasseswerechosenfrom thehandwritingrecognitiondatasetssincethey intuitively representdif�cult
visualdiscriminationproblems.

Learning curveswith crossvalidation

Weusedthesamelearningcurvegenerationmethodologyasin Section3.3.4.Unit constraintweights� and � were
used,sincethedatasetsdid not provide informationfor settingindividual weightsfor theconstraints.Themaximum
squaredistancebetweenmust-linkconstraintswasusedasvaluefor 4

���	� , while 4

��� � wassetto 0. All experiments
wererunusingEuclideanKMeans.

Results

Thelearningcurvesin Figures3.15-3.18illustratethatprovidingpairwiseconstraintsis bene�cial to clusteringquality.
On thepresenteddatasets,theuni�ed approach(MPC-KMeans) outperformsindividual seeding(PC-KMeans) and
metric learning(M-KMeans) approaches.Whenbothseedingandmetric learningareutilized, theuni�ed approach
bene�ts from theindividualstrengthsof thetwo methods.
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Figure3.15:Comparisonof pairwiseF-measurevalueson Iris dataset
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Figure3.16:Comparisonof pairwiseF-measurevaluesonWinedataset
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Figure3.17:Comparisonof pairwiseF-measurevaluesonLetter-IJL dataset
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Figure3.18:Comparisonof pairwiseF-measurevaluesonDigits-389dataset
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Someof themetric learningcurvesdisplaya characteristic“dip”, whereclusteringaccuracy decreaseswhen
initial constraintsareprovided,but aftera certainpoint startsto increaseandeventuallyoutperformstheinitial point
of the learningcurve. We conjecturethat this phenomenonis dueto the fact that featureweightslearnedfrom few
constraintsareunreliable,while increasingthenumberof constraintsprovidesthemetriclearningmechanismenough
datato estimategoodmetric parameters.On the otherhand,seedingthe clusterswith a small numberof pairwise
constraintshasanimmediatepositiveeffecton the�nal clusterquality, while providing morepairwiseconstraintshas
diminishingreturns,i.e., PC-KMeans learningcurvesrise slowly. As canbe seenfrom theMPC-KMeansresults,
theuni�ed methodhastheadvantagesof bothmetric learningandseeding,andoutperformseachof theseindividual
methodsof semi-supervisedclustering.
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Chapter 4

ProposedResearch

Thischapteroutlinestheissuesthatwewantto furtherinvestigatein this thesis.

4.1 Short-term de�nite goals

Thissectiondescribesourshort-termgoals,whichwe will de�nitely investigatein our futurework.

4.1.1 Soft and noisyconstraints

The labeledsemi-supervisedclusteringframework can handleboth soft or noisy labels,as shown in Section3.1.
We want to extendthe formulationof the pairwiseconstrainedsemi-supervisedclusteringframework to be ableto
handlesoft or noisy constraintsalso. This would involve extendingthe PCC clusteringframework and the active
constraintselectionstrategy to includeanoisemodel,andformulatingamodelwhereviolationof soft-constraintscan
beconsidered.Thepenalizedcluusteringobjective functioncanhandlesoft or noisyconstraints,but theactive PCC
modelwehaveconsideredneedsto beextendedin two placesto handlesuchconstraints.Firstly, theinitializationstep
takesthe transitive closureof must-link constraintsandaddsentailedconstraintsinferredfrom cannot-links— this
needsto bemodi�ed, sincefor softor noisyconstraintssuchdirectconstraintinferencewill notbepossible.Secondly,
theactive learningstrategy alsousesthefact that theconstraintsarehardandnoise-free.Both thesestepsneedto be
modi�ed to beableto supportsoftor noisyconstraints.

SCOP-KMeans(Wagstaff, 2002)supportssoft-constraintviolation, but they do not performany algorithm
analysisto show convergenceguarantees.

4.1.2 Incompletesemi-supervision and classdiscovery

In semi-supervisedclassi�cation,all classesareassumedto be known apriori andlabeledtraining datais provided
for all classes.In labeledsemi-supervisedclustering,whenwe considerclusteringa datasetthat hasan underlying
classlabeling,wewould like to considerincompleteseedingwherelabeleddataarenotprovidedfor everyunderlying
class.For suchincompletesemi-supervision,wewould like to seeif thelabelsonsomeclassescanhelptheclustering
algorithmdiscover theunknown classes.An exampleof classdiscovery usingincompleteseedingis providedin the
Figure4.1. Giventhepointsin Figure4.1, if we areasked to do a 2-clustering,we cangeta clusteringasshown in
Figure4.1. Now, if we give asinput a pair of pointslabeledto be in thesamecluster(shown by theannularpoints
in Figure4.2),we will geta clusteringasin Figure4.2. In this case,eventhoughwe did not provideany supervision
aboutthetopcluster, clusteringusingtheprovidedsupervisionhelpedusto discover thatcluster.

Initial experimentsfor classdiscoveryunderincompleteseedingwereconsideredin (Basuetal.,2002),where
seedswere not provided for different categoriesand the NMI measurewas calculatedon the whole test dataset.
We want to re�ne theseexperiments,so that (1) whenwe remove seedsfrom onecategory in the labeleddata,we
still considerthe sameoverall numberof labeleddatapointsprovided to the clusteringalgorithm(by addingmore
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Figure4.1: Incompleteseedingandclassdiscovery

labeleddatafrom theothercategories),(2) theNMI measureis calculatedonly on the testdatapointswhich belong
to categoriesfor which no labeleddatahave beenprovided,andnot on the whole testdata(so thatwe seewhether
the unknown classesare discoveredwhen supervisionis provided for the other classes).We expect that in these
experimentsthesemi-supervisedclusteringalgorithmwill beableto discover thecategoriesfor whichnosupervision
wasprovided. We alsowantto extendthework of (Miller & Browning, 2003)to give a theoreticallywell-motivated
modelfor classdiscovery.

4.1.3 Model selection

In all our experimentsso far, we have consideredthat the numberof clusters,� , hasbeenprovidedasinput to the
algorithm. In thefuture,we wantselectthenumberof clustersautomaticallyby usinga modelselectioncriterion in
theKMeansor 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 MessageLength(Wallace& Lowe,1999)encodetheOccam's Razor
principle in someform, penalizingmodelsaccordingto their modelcomplexity. We would like to useoneof these
models,or explorearecentmodelproposedin (Hamerly& Elkan,2003),wherethe � in KMeansis selectedbasedon
a statisticaltestfor thehypothesisthata subsetof thedatafollowsa Gaussiandistribution. In hierarchicalclustering,
the right numberof clusterscanbe selectedby usingsomecriteria for stoppingthe clustermerging, e.g., (Fern&
Brodley, 2003)usedaheuristicwherethey stoppedmergingclusterswhenthesimilarity valuebetweenthetwo closest
currentclustersin thealgorithmhada suddendropcomparedto thevaluesin previousmerges.

As mentionedin Section1.3.2,automaticmodelselectionis the main advantageof usingsemi-supervised
clusteringratherthansemi-supervisedclassi�cationin scenarioswhereknowledgeof therelevantcategoriesis incom-
plete.

4.1.4 Generalizing the uni�ed semi-supervisedclustering model

In Section3.4, we proposeda framework for unifying search-basedandsimilarity-basedsemi-supervisedclustering
thatworksonly with EuclideanKMeans. I amworking with MishaBilenko, who is formulatinganeffective metric
learningalgorithm in high dimensions(Bilenko, 2003),on generalizingour uni�ed PCC framework to work with
SPKMeanssothatwe canapplyit to domainslike text.
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Figure4.2: Incompleteseedingandclassdiscovery

4.1.5 Other semi-supervisedclustering algorithms

We want to applyour semi-supervisionideasto hierarchicalalgorithms,e.g.,HAC andCobweb. Incorporatingcon-
straintsinto hierarchicalalgorithmswill berelatively straightforward. For example,to run constrainedHAC, we can
changethesimilarity �
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.
Then,we canproceedandrun theusualHAC algorithmon thedatapointsusingthis modi�ed similarity metric,so
that at eachcluster-merge step,we considerthe similarity betweenthe datapointsaswell asthe costof constraint
violation incurredduringthemergeoperation.

A moreinterestingproblemwould be whenthe initial supervisionis given in the form of a hierarchy, and
the clusteringproblemwill be to do hierarchicalclustering“using” the initial hierarchy. We want to formalizethe
notion of usingan initial seedhierarchyfor hierarchicalclustering. Suchan approachwould be useful for content
managementapplications,e.g., if the requirementis to hierarchicallyclusterthe documentsof a company, andthe
initial seedhierarchyis apreliminarydirectorystructurecontaininga subsetof thedocuments.

So far we have mainly focussedon clusteringalgorithmsthat usea generative model. We also want to
applythepairwiseconstrainedframework to discriminativeclusteringalgorithms(e.g.,graphpartitioning),for which
pairwiseconstraintsareanaturalwayfor providingconstraints.Anotherinterestingresearchdirectionwouldbeonline
clusteringin thesemi-supervisedframework.

4.1.6 Ensemblesemi-supervisedclustering

In ourwork sofar, wehaveassumedconstraintsto benoise-free.Wehavealsoassumedtheweightson theconstraints
to be uniform (PCKMeans) or changedthe weightsbasedon the “dif �culty of satisfyingthe constraints”(uni�ed
model).An interestingproblemin thePCCmodelwouldbethechoiceof theconstraintweightsin thegeneralcaseof
noisyconstraints.

Given a setof noisy constraints,we cancreatean ensembleof semi-supervisedclusterers,eachof which
put differentweightson theconstraintsandpossiblygetdifferentclusterings.We proposea schemefor creatingan
ensembleof PCCclusterersandcombiningtheir resultsusingboosting(Freund& Schapire,1996).

EachPCC clusterercan be consideredas a weak learnertaking pairwisedatapointsas input, and giving
anbinaryoutputdecisionof “same-cluster”or “dif ferent-cluster”.Themust-link andcannot-linkconstraintscanbe
consideredasthetrainingdatafor eachweaklearner. Givena setof input constraints,thePCCclustererinitially sets
all constraintsto haveuniformweightandperformsclustering.After clusteringis completed,theclusterercategorizes
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 constraintsarenoisy, someof themwill be violatedby the clustering. The
constraintsarereweightedbasedon thenumberof errorsmadeby theweaklearner, anda new clustereris createdto
performtheclusteringwith thenew weightson theconstraints.We useboostingfor re-weightingof theconstraints
andcombiningtheoutputsof theclusterersin theensemble.

Theboostedensemblewill give asoutputa
�����

symmetricmatrix
�

with 0/1 entries,wherethe
�

" �

���

%entry in the matrix would representthe ensembledecisionof whetherpoints � and � shouldbe in the samecluster
(

�

" �

���

%

ÿ	�

) or not (
�

" �

���

%

ÿ�


). Oncewe get this matrix, we canapplyany discriminative clusteringalgorithm
(e.g.,graphpartitioningusingmin-cuts)on

�

, whichwehaveto evaluateempiricallyto seewhetherit givesusbetter
clusteringperformancethanthe initial PCCclusterer. Initial work alongthe linesof semi-supervisedboostingin the
productspacehasbeenproposedin (Hertz,Bar-Hiller, & Weinshall,2003),whichwewantto investigatefurther.

4.1.7 Other application domains

We have beenrunningour experimentson text dataandUCI datasets.In future,we alsowant to run experimentson
otherdomains.

Search result clustering

One domainwe are very interestedin is the clusteringof web searchresults. It is an important tool for helping
searchengineusersdo betternavigationof searchresults,andhasbecomea partof somerecentsearchengines,e.g.,
Vivisimo. For shortor ambiguousqueries,e.g.,“jaguar”, it is usefulfor auserif theretrieveddocumentsareorganized
in differentclustersbasedontheir topics,e.g.,Jaguarcars,jaguarcatsandAppleJaguarOS.Thetaskweareproposing
is usingconstraintsderivedfrom theclick-throughdatain thequery-logsto getconstrainedclusteringof searchresults,
whichwouldcorrespondbetterwith userbrowsingbehavior.

(Joachims,2002)proposeda modelfor a userbrowsingthroughsearchresultsof a querygivento a search
engine.Themodelconsideredthat lower rankedsearchresultsclicked-onby theuserin a rankedlist (ason a search
resultswebpage)are more relevant to the user than higher ranked resultsthat were not clicked-on. As a natural
corollary of this model,we considerthat if a userclicks on two searchresultson a page,we caninfer a must-link
constraintbetweenthesepagessincethe userconsideredboth of themrelevant for his query. For example,let us
considera userwho gives the query “ jaguar ” looking for automobiles.The top 5 correspondingsearchresults
in Googleare: (1) JaguarApple (the Mac OS website),(2) JaguarRacing(GrandPrix racing teamsponsoredby
Jaguar),(3) JaguarCars(of�cial Jaguarcar website),(4) JaguarAustralia (AustralianJaguarcar website),and(5)
JaguarCanada(CanadianJaguarcarwebsite).Theuserin our example,who is interestedin jaguarcars,would tend
to skip the �rst two searchresultsandclick on someof the last 3 results,say (3) and(5). Looking at the query-
logs,we cantheninfer a must-linkconstraintbetween(3)-(5). Note that theseinferredmust-linkconstraintswill be
individually noisy, but wecanconsiderasubsetof reliableconstraintsby aggregatingtheconstraintsoverall instances
of a particularqueryin thequery-logsandconsideringonly thoseconstraintsabovea particularfrequency threshold.
For example,if the thresholdis 5%, we consideronly thosemust-link constraintsthatoccurin morethan5% of all
usersessionsfor thatqueryin thequery-logs.At theendof this aggregation,we will have a setof inferredmust-link
constraintscorrespondingto eachquery.

If we wantmoreaggressive constraintinference,we canalsoconsiderthat if theuserskipsa higherranked
searchresultandclicks on a resultof lower rank, then thereis a cannot-linkbetweentheseresults. In the jaguar
example,we caninfer cannot-linkconstraintsbetween(1)-(3), (1)-(5), (2)-(3), and(2)-(5). Note, however, that we
haveto becarefulwhile inferringcannot-linkconstraints,sincein thisexample(4)-(5)will alsobeincorrectlyinferred
to be a cannot-link. To take careof suchcases,we have to applya highercutoff frequency (say10%) for selecting
cannot-linksfrom thequery-logs.For constraintsabovethecutoff frequency thresholds,wecanweighttheimportance
of theconstraintsby thefractionof timesthey occurredin thequery-logentriesfor thecorrespondingquery.

The proposedalgorithmsin thePCCframework couldbe usedto improve clusteringof searchresults.The
constraintscorrespondingto differentqueriescould be collectedfrom the query-logsandusedwhile clusteringthe
resultsof correspondingqueries,to givebetterclustering.Wecouldalsore-usetheconstraintsfor onequeryto cluster
othersimilarqueries.To thiseffect,wecanuseaquery-documentbipartitegraph,wherethereis alink betweenaquery
anda documentif the documentis clicked-ona signi�cant fractionof timesin the query-logentriesfor that query.
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We canthenclusterthequeries,basedon theoverlapof thedocumentslinked to eachqueryin this graph(Dhillon,
2001;Mishra,Ron,& Swaminathan,2003).Let �

� beaqueryfor whichnotmany constraintshavebeeninferredfrom
thequery-logs.Queries�

0

and �

� canbeconsideredsimilar if they belongto thesamecluster, andtheconstraintsof
�

0

inferredfrom thequery-logscanbenow used(afterweightingthemdown suitably, e.g.,multiplying themby the
fractionalsimilarity between�

0

and �

� ) while clusteringthesearchresultsof �

� .
Thisproposedwork is partof a researchproposalsubmittedto Google.If theproposalgetsapproved,wecan

get accessto anonymousquery-logson which we canrun our experiments.If a constrainedclusteringprototypeis
developed,evaluationof theclusteringresultscanbeperformedby “temps” (temporarycontractworkers)at Google.
If suchclusteringis not feasiblein real-time,a possibleinitial deploymentmodelcouldbe the following: do of�ine
clusteringof the top

�

mostpopularqueriesusingconstraintsfrom the query-logs,cachethe resultsandshow the
clusteringresultsto therestrictedsetof usersgiving thosequeries.

Other datasets

We want to apply our algorithmsto clusteringastronomicaldatasets,e.g.,Mars spectraldata(Wagstaff, 2002)and
galaxy data(Pelleg & Moore, 2000). The Mars datawill be especiallyuseful — the datasetconsistsof spectral
analysisof telescopicMarsimages,andhasdomainknowledge(spatialrelations,spectrumslopecharacteristics,etc.)
encodedin theform of softconstraints,whichwill beveryusefulfor testingthesoft-constrainedclusteringalgorithms
we plan to develop. We alsowant to investigateclusteringof bioinformaticsdata,especiallygenemicro-arraydata
andphylogeneticpro�les (Marcotte,Xenarios,vanderBliek, & Eisenberg, 2000). In thesecases,constraintscanbe
derived from otherknowledgesources,e.g.,while clusteringa large setof genes,we canusethe informationthat
someof thesegenesbelongto thesamepathway (implying must-linkconstraints)or to differentpathways(implying
cannot-linkconstraints)in theKEGGdatabase(Ogata,Goto,Sato,Fujibuchi,Bono,& Kanehisa,1999).

4.2 Long-term speculativegoals

Thissectionoutlinesour long-termgoals,someof whichwe planto investigateastimepermits.

4.2.1 Other forms of semi-supervision

Till now, we have only consideredlabeleddataandconstraintsbetweendatapointsaspossiblemethodsof super-
vision in clustering. Other forms of supervisionhave alsobeenconsideredin clustering,e.g.,(1) cluster-sizecon-
straints(Banerjee& Ghosh,2002),wherebalancingthesizeof theclustersis consideredasanexplicit soft constraint,
and(2) attribute-level constraints(Dai, Lin, & Chen,2003),whereclusteringis performedunderconstraintson the
numericalattributes(e.g.,maximumdifferencebetweentwo pointsin aclusteralongthe“age” attributeshouldbe15).

We want to alsoexploresupervisionin the form of partial classi�cationfunctionsde�ned on subsetsof the
dataspace� . In this case,alongwith theunsuperviseddata � , we will have a setof classi�cationfunctions,eachof
whichclassi�esa subsetof pointsfrom � to asetof classlabelsthatcanbedifferentfor eachclassi�er. For example,
while clusteringsearchengineresults,we canusetheDMOZ andtheYahoo!hierarchiesasclassi�ersfor a subsetof
thedocumentsreturnedfor aquery. Notethatin thegeneralcase,thelabelsetsfor theclassi�erswill bedifferent,e.g.
in theexampleabove,DMOZ andYahoo!will havedifferentcategories.

Givena classi�er 3 thatgivesposteriorprobabilitiescorrespondingto its setof classlabels� andtwo points

�

0

and
�

� , wecanestimatetheprobabilitiesof amust-linkandcannot-linkbetweenthetwo points,giventheclassi�er,
asfollows:
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, theprobabilityof constraintsbetweenthetwo points,asestimatedfrom theclassi�ers,
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is:
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In the absenceof any other information on the distribution over the classi�ers,
���

	

3 �

� would be assumedto be
uniform.

In a generative clusteringmodel, the probabilisticconstraintsinferredfrom the differentclassi�ers canbe
directly incorporatedinto thesoft-constrainedPCCmodel. If we usekernel-baseddiscriminative clustering,we can
adapttheoriginal kernelsothatthekernelsimilarity betweentwo pointsin theadaptedkernelwould bemoresimilar
if thepointshavea higherprobabilityof beingmust-linkedandlesssimilar of they havea higherprobabilityof being
cannot-linked,usinga framework similar to (Kwok & Tsang,2003).

4.2.2 Study of cluster evaluation metrics

As observedin Figures3.10-3.13in Section3.3.4,thereseemsto beastrongcorrelationbetweentheNMI andpairwise
F-measureclusteringevaluationmetrics.We wantto further investigatethis similarity betweenNMI andpairwiseF-
measure.Dom(2001)givesaniceformulationof evaluationmetricsfor hardclusteringusingtheclusteringconfusion
matrix, wherehe shows the relation betweenpopularhard clusteringevaluationmetricslike the RandIndex, the
Jaccardindex, theFolkes-Mallows index andtheHubert

�

statistic.We wantto seeif we canextendthis formulation
to evaluatesoft-clustering.

4.2.3 Approximation algorithms for semi-supervisedclustering

Anotherinterestingresearchdirectionis consideringhow semi-supervisionaffectsappromixationalgorithmsfor some
clusteringmethods,e.g.,KMedian. TheKMedianproblem,which wasexplainedbrie�y in Section2.2.1,is similar
to the facility locationproblem. In the facility locationproblem,we aregiven a setof demandpointsanda setof
candidatefacility siteswith costsof building facilities at eachof them. Eachdemandpoint is thenassignedto its
closestfacility, incurringa servicecostequalto thedistanceto its assignedfacility. Thegoal is to selecta subsetof
siteswherefacilities shouldbe built, so that thesumof facility costsandtheservicecostsfor thedemandpointsis
minimized. TheKMedianproblemis similar to facility location,but with a few differences— in KMedianthereare
no facility costsandthereis a bound � on thenumberof facilitiesthatcanbeopened.TheKMedianobjective is to
selectasetof � facilitiessoasto minimizethesumof theservicecostsfor thedemandpoints.

We proposean semi-supervisedextensionto KMedian to handleconstraintson the demandpoints. The
constrainedKMedianproblemwouldbeadditionallygivenaninputsetof must-linkandcannot-linkconstraintsonthe
demandpoints(i.e., two demandpointsshouldbeor shouldnot beassignedto thesamefacility), andthegoalwould
beto minimizeanobjectivefunctionthatis thesumof theservicecostsfor thedemandpointsandthecostof violating
theconstraints.

Initial investigationhasshown we if we consideronly must-link constraints,we canmake a simplemodi-
�cation to an approximationalgorithmfor KMedian to geta constant-factorapproximationalgorithmfor must-link
constrainedKMedian. However, if we considerboth must-linksand cannot-linkconstraints,then the constrained
KMedianproblembecomesNP-complete,which canbeshown by a reductionto graphcoloring(Plaxton,2003).An
interestingresearchproblemto look into is the constrainedKMedian problemwith limited numberof cannot-links
(e.g., š

	

�����

�

� cannot-links,� beingthe numberof clusters),andto try andget approximationguaranteesin this
case.

4.2.4 Analysisof labeledsemi-supervision with EM

As mentionedin Section3.1,theobjectivefunctionplotsfor S-KMeans seemto increaseexponentiallyasthenumber
of labeledpointsareincreasedalongthelearningcurve. As shown in (3.1),if weconsideraGaussianmodelfor each
cluster, theprobabilityof deviation of thecentroidestimatesfalls exponentiallywith thenumberof seeds(Banerjee,
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2001). I amworking with ArindamBanerjeeto extendthis observationandshow thatwhenwe addmoreunlabeled
pointsalongwith theseedsandperformtheEM iteration,we geta tighterboundfor thecentroiddeviation with high
probability. Ratsaby& Venkatesh(1995)gave a PAC analysisfor labeledandunlabeledsamplecomplexity when
learninga classi�cationrule,with anunderlyingdatagenerationmodelof a mixtureof 2 Gaussians.We want to use
their styleof analysisto givesimilar boundsfor thesemi-supervisedEM algorithmona mixtureof 2 Gaussians.

4.3 Conclusion

Our maingoal in theproposedthesisis to studysearch-basedsemi-supervisedclusteringalgorithmsandapply them
to differentdomains.As explainedin Chapter3, our initial work hasshown: (1) how supervisioncanbeprovidedto
clusteringin the form of labeleddatapointsor pairwiseconstraints;(2) how informative constraintscanbeselected
in anactive learningframework for thepairwiseconstrainedsemi-supervisedclusteringmodel;and(3) how search-
basedandsimilarity-basedtechniquescanbeuni�ed in semi-supervisedclustering.In ourwork sofar, wehavemainly
focussedon generativeclusteringmodels,e.g. KMeansandEM, andranexperimentson clusteringlow-dimensional
UCI datasetsor high-dimensionaltext datasets.

In this thesis,we want to study other aspectsof semi-supervisedclustering,like: (1) the effect of noisy,
probabilisticor incompletesupervisionin clustering;(2) modelselectiontechniquesfor automaticselectionof num-
ber of clustersin semi-supervisedclustering;(3) ensemblesemi-supervisedclustering. In future, we want to study
the effect of semi-supervisionon otherclusteringalgorithms,especiallyin the discriminative clusteringandonline
clusteringframework. We alsowantto studytheeffectivenessof our semi-supervisedclusteringalgorithmson other
domains,e.g.,websearchengines(clusteringof searchresults),astronomy(clusteringof Marsspectralimages)and
bioinformatics(clusteringof genemicroarraydata).
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