
SUPPORT VECTOR CLUSTERING THROUGH PROXIMITY GRAPH MODELLING

Jianhua Yang, Vladimir Estivill-Castro
�
, and Stephan K. Chalup

Schoolof ElectricalEngineeringandComputerScience,
TheUniversityof Newcastle,Callaghan,NSW2308,Australia.

ABSTRACT

SupportVectorMachines(SVMs)havebeenwidelyadopted
for classification,regressionandnovelty detection.Recent
studies[1, 2] proposedto employ them for clusteranaly-
sistoo. Thebasisof this supportvectorclustering(SVC) is
densityestimationthroughSVM training.SVCis aboundary-
basedclusteringmethod,wherethe supportinformationis
usedto constructclusterboundaries.Despiteits ability to
dealwith outliers,to handlehighdimensionaldataandarbi-
traryboundariesin dataspace,therearetwo problemsin the
processof clusterlabelling. Thefirst problemis its low ef-
ficiency whenthenumberof freesupportvectorsincreases.
Theotherproblemis that it sometimesproducesfalseneg-
atives. In thepresentpaper, we proposea robustclusteras-
signmentmethodthatharvestsclusteringresultsefficiently.
Our methodusesproximity graphsto modelthe proximity
structureof thedata.We experimentallyanalyzeandillus-
tratetheperformanceof thisnew approach.

KEYWORDS: Clustering,SupportVectorMachines,Prox-
imity Graph.

1. INTRODUCTION

Kernelmethodshave becomean increasinglypopulartool
for machinelearningtaskssuchasclassification,regression
and novelty detection[5, 10]. SupportVector Machines
(SVMs) [3, 4] have beensuccessfullyappliedto a number
of applications,and they exhibit good generalizationper-
formanceanddesirableproperties,suchasinvarianceunder
symmetriesandrobustnessin thepresenceof noise.In addi-
tion to their accuracy, a key characteristicof SVMs is their
mathematicaltractabilityandgeometricinterpretation.

While SVMs have beenwidely adoptedassupervised
learning methodswith labeleddata, they have also been
usedfor the explorationof unlabeleddata(cf., [1, 8, 9]).
Novelty detectionandclusteranalysisusingSVMs areex-
amplesfor learningunlabeleddata. For many real-world
problems,the task is not to classifybut to detectnovel or�
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abnormalinstances.Novelty detectionhaspotentialappli-
cationsin many problemdomainssuchasconditionmoni-
toring andmedicaldiagnosis.Recentstudies[1, 2] adapted
SVMs for clusteranalysis.Onepossibleapproachof nov-
elty detectionis one-classclassificationwherethe aim is
to modelthesupport information of adatadistribution. The
taskis to find ahyperspherewith minimalradius

�
andcen-

ter �� thatcontainsmostof thedatapoints.Novel testpoints
arethenidentifiedasthosethat lie outsidetheboundaryof
this hypersphere.As a by-productof this algorithm,a set
of contoursthatenclosethe datapointsis obtained.These
contourscanbe interpretedasclusterboundariesandlink-
agesbetweeneachpair of dataitemscanbeestimated.The
SVC clusteringalgorithm[1, 2] is able to detectarbitrary
shapeclusterswith a hierarchicalstructurein high dimen-
sionaldata. It providesa way to dealwith outliersandby
usingkernelmethods,explicit calculationsin featurespace
arenotnecessary. Despitetheseadvantages,thealgorithm’s
maindrawbackis its high time complexity.

Accordingto Ben-Huretal. [2], therearetwo mainsteps
in theSVCalgorithm,namelySVM trainingandclusterla-
beling. The SVM training part is responsiblefor novelty
model training. The clusterlabeling part checksthe con-
nectivity for eachpairof pointsbasedoncut-off criteriaob-
tainedfrom thetrainedSVMs. Thetime complexity of the
clusterlabelingpart is ���	��

��� , where � is the numberof
dataitems,and ����� is thenumberof samplingpointson
eachedgewhich is usuallya constantbetween��� and ��� .
With our implementationof theclusteringalgorithmof [2],
we found that the SVM training part takesmuchlesstime
thantheclusterlabelingpart. Thereforethetime complex-
ity of SVM trainingpart is not themainconcernof support
vectorclustering.But, thecomputationof theclusterlabel-
ing part is the critical issue. It hasextremely demanding
CPU-requirementsfor large datasets. The heuristicintro-
ducedby Ben-Huret al. [1] lowersthe linkageestimations
in the clusterlabelingpart. This approachdoesnot check
the linkagesbetweenall pairsof dataitems,but only those
betweenpointsandsupportvectors.This improvedtheeffi-
ciency of theclusterlabelingpart. Its time complexity was
loweredto ������������� �"!#�$� 
 �"! ��� , where���%�$! is thenumberof
boundedsupportvectors,and ���"! is thenumberof freesup-



port vectors.However, if ���"! is over �'& �)(�� for ��*+��� or�'&,�-�#� for �.*/��� (thesearecommoncases),thetimecom-
plexity of clusterlabelingis �����	���0� �%�$! �$��� . On theother
hand,ourexperimentsshow thatsuchaheuristicfor linkage
estimationcansometimesfail. Theobservationis thatadja-
cenciesbetweenpointsareonly keptwithin neighborhoods
in thesameclusterin featurespace.It is morelikely thata
pointwithin aclusterhaslinkagesto its neighbors,but notto
theboundarypoints(supportvectors)of thecluster. Check-
ing only adjacencieswith supportvectorsmay generatea
numberof unlinked datapoints(we refer to theseas false
negatives) andmakestheclusteringresultslessmeaningful.

In the presentpaperwe proposean efficient clusteras-
signmentmethodto harvest clusters. Our approachcon-
structsappropriateproximity graphsto modela dataset.In
thesegraphs,verticesrepresentdatapointsandedgescon-
nectpairsof pointsto modeltheirproximity andadjacency.
After theSVM trainingprocess,we adapttheobtainedcut-
off criteria (i.e.,

�
) to estimatethe edgesof a proximity

graph.This methodavoidsredundantchecksin a complete
graphandalsoavoidsthelossof neighborhoodinformation
as it can occur when only estimatingadjacenciesto sup-
port vectors.Theexperimentsdemonstratethatour method
of clusterlabelingcandiscover meaningfulandvalid clus-
tering results. The time complexity of our methodis only�����1�3254)67��� , where � is the sizeof datasetand � is the
numberof samplingpointson eachedge.

Therestof thispaperis organizedasfollows: Section2
reviews previous work relatedto proximity graphcluster
analysis.Section3 presentsthemainideasof ourapproach.
In Section4 we discussexperimentalresultsandconclude
thepaperwith final remarksin Section5.

2. RELATED WORK

Recently, Estivill-CastroandLee[6, 7] proposedboundary-
basedclusteringmethodsusingproximity graphmodelling.
Proximity anddensityinformationmodelling of 2D point
datausing DelaunayDiagramsis a powerful exploratory
andargumentfreeclusteringalgorithmfor geographicaldata
mining [6]. Themainideabehindthis approachis to detect
thesharpdensitychangesatpotentialclusterboundaries.In
their approach,the main principle is modelling proximity
andtopologyin termsof proximity graphs.

Typically, clusteringmethodsusea similarity concept
(e.g.,Euclideandistance)to measureproximitybetweendata
objects. Even in high-dimensions,proximity is critical to
clusteranalysis.In proximity graphs,verticesrepresentdata
pointsandedgesconnectpairsof pointsto modelproximity
andadjacency. Despiteof thefactthatthepoint is themost
primitivedataobject,it is noteasyto definepointproximity
asa discreterelation. To bestdescribeproximity between
datapoints,a commonfamily of proximity graphswasin-

vestigatedandcomparedfor differentmodellingconsidera-
tions [7]. Theseproximity graphsincludefor exampleDe-
launayDiagrams(DD), Minimum SpanningTrees(MST)
andk-NearestNeighbors(k-NN). By choosingappropriate
underlyingproximity graphsthe expectedtime complexity
is sub-quadraticfor dataof all dimensions.

UsingSVMs,anotherboundary-basedclusteringmethod
wasproposedin [1, 2] (we call it SVC).This approachem-
ploys supportvectorsto constructclusterboundaries. Its
principle is novelty detection [8] which is sometimesalso
called data domain description [9]. Domain description
producesa description of a given setof objects. This de-
scriptionshouldcovertheclassof givenobjects,andideally
rejectotherpossibleobjectsin theobjectspace.Generally,
novelty detectioncancharacterizeestimatingfunctionsof
the datathat tell somethinginterestingaboutthe underly-
ing distribution. Ratherthanfinding a real-valuedfunction
for estimatingthedensitydata,it modelsthesupport of the
datadistribution througha binary function, suchthatmost
of datawill live in theregionwherethefunctionis non-zero
(its support).Oneapproachto domaindescriptionwhich is
inspiredby SVMs is constructinga hyperspherewith min-
imum volume(or minimum radius)containingall objects.
In thefollowing we summarizethemainpointsof theclus-
teringapproachproposedin [1, 2]:

Kernel techniques
SVC is an unsupervisedlearningtechniquethat is kernel-
ized. Assumegiven is a set of � datapoints 89�:<;�=?>A@ ,
with @.>CBED , thedataspace.To formulateasupportvector
descriptionof this dataset,a nonlinearmapping F is em-
ployedto map @ into somehighdimensionalfeaturespace.
Thenext stepis to find thesmallestenclosinghypersphere:G FH�I�:<; �J�K�� G 
3L � 
�MON ; � N ;7P �Q�SRST , (1)

where
�

is theradius, �� is thecenterand N ; aresomeslack
variablesallowing for softboundaries(somedatapointscan
be allowed to lie outsidethe sphere). The problem(1) is
usuallysolvedin its dualby introducingtheLagrangianand
a regularizationconstantU in thepenaltyterm,V * � 
 �OW ; � � 
 MON ; � G FH�S�:<; �H�X�� G 
 �$Y ;� W N ;[Z�; M U W N ; & (2)

where Y ;\P � and Z ;]P � areLagrangianmultipliers,andUOW N ; is a penaltyterm. Also the Karush-Kuhn-Tucker
conditionallows theproblemto berewrittenas

max
V *^W ; Y ; F_�S�:<; � 
 �OW ;�` a Y ; Y a FH�I�:<; �bF_�J�:ca �

subjectto � L Y ; L U\d W Y ; *e�)d�TH*e�#d
f-f
fgdb�h& (3)

Following theSVMsmethod,weuseakernel representationi �-�:<; dQ�:'a �j*kFH�-�:I; �Jf-FH�-�:'a � . Eq. (3) is now writtenas:

max
V *^W ; Y ; i �-�:<; dQ�:<; �H�0W ;�` a Y ; Y a i �-�:<; dQ�:ca �

subjectto � L Y ; L U\dlWmY ; *e�)d�TH*e�#d
f-f
fgdb�h& (4)



TheLagrangianmultipliers Y ; canbeobtainedby opti-
mizing Eq. (4). Only thosepointswith non-zeroY ; satisfy
Eq. (1) asequality. Thesepointslie on theboundaryof the
sphereandarecalled Support Vectors (SVs). PointswithY ; *^U havehit theupperboundfor theradiusandlie out-
sidethe sphere.ThesepointsarecalledBounded Support
Vectors (BSVs),andaretreatedasnoise.

Oneof the key featuresof kernelmethodsis that they
do not requirean explicit calculationof the featuremap F
but only usethevaluesof thedotproductsbetweenmapped
patterns. For clusteringpurposes,we followed [1, 2] and
usedGaussiankernels

iQn �-�: ; dQ�: a ��*po n
q
rs�t u rs
v q w
with width

parameterxy*p�y�{zc�%��| 
 � . Accordingto [9] polynomialker-
nelsdonot yield tight boundaries.

Construction of cluster boundaries
Supportvectorscanbeusedto describethehyperspherein
featurespace.For eachpoint �: , the distanceof its imageFH�-�: � to thecenterof thehypersphereis givenby� 
 ���: �7* i �-�: dQ�: �J�0�7} ; Y ; i �-�: dQ�:<; � M } ;	` a Y ; Y a i �-�:<; dQ�:'a �~&
The radius

�
of the spherecan be obtainedby calculat-

ing the distances
� ; *�8 � �-�:I; �\�J�:<; is a supportvector= of

thesupportvectorsfrom thecenterof thehypersphere(in a
practicalimplementationtheaverageof thesedistancescan
beused).

Clusterboundariescanbe constructedby a setof con-
toursthatenclosethepointsin dataspace8S�: � � ���: �7* � = .
Thus,SVslie on clusterboundaries,BSVsareoutside,and
all otherpointslie insideclusters.

Clustering-labeling
Theclusterdescriptionitself doesnot differentiatebetween
pointsthatbelongto differentclusters.To do this, anadja-
cency matrix � ;�a isdefinedbasedongeometricobservation:
givena pair of datapointsthatbelongto differentclusters,
for any pathin dataspaceconnectingthem,thecorrespond-
ing pathin featurespacemusthaveanintersectionwith the
outsideof the hypersphere.For eachpair of points �: ; and�: a , � ;�a takesa binaryvalue.

� ;�a *�� � , if
� �-�:I; M?� �-�:ca �^�:<; ��� L �

, R ����� ��d
�
�%�� , otherwise&
Clustersarenow definedasthe connectedcomponents

of the graphinducedby � . Calculating � ;�a for points �: ;
and �: a is implementedby samplinga numberof, say �
pointson the line segmentbetweenthe two points(where� is usuallychosenbetween�-� and �#� ). The two cluster
labelingstrategiesof Ben-Huret al. [1, 2] aredescribedin
ClusterLabelingStrategy 1 and2 below.

ClusterLabeling Strategy 2 is fasterthan Strategy 1.
However, therearetwo issueswith Strategy 2. First, when

Cluster Labeling Strategy 1 (CG)
Calculate� ;�a for eachpairof points �:<; and �:'a in dataspace.
This resultsin usingthecompletegraph,denotedby CG,to
modeladjacency � ;�a . It takes ����� 
 ��� time.

Cluster Labeling Strategy 2 (SVG)
Calculate� ;�a only for pairsof points �:<; and �:ca , where �:<;
or �:'a is a supportvector. This resultsin a subgraphof CG,
which is referredto asSVG. It takes �����	������� �"!��"� 
 �$! ���
time,where��� �"! is thenumberof BSVsand ���"! is thenum-
berof freeSVs.

���"! is greaterthan �'& �)(������'&,�
� , its timecomplexity is still
quadratic.Second,pointsin dataspacethatarecloseneigh-
borsaremorelikely to belongto thesamecluster. However,
checkingonly linkagesto supportvectorsdoesnot neces-
sarily take this into accountandcanproduceunlinkeddata
pointsof closeproximity. This canmake clusteringresults
lessmeaningful.

In thenext section,we will extendtheabove two types
of boundary-basedclusteringmethods,andpresentour ap-
proachto SVC throughproximity graphmodeling. In our
method,clusterboundariesaredescribedby a setof SVs,
andclusterlabelingis basedonproximity graphmodelling.
The time complexity of our methodis only �����1�3254)67��� .
Characteristicsof severaldifferentproximity graphswill be
analyzedandcontrasted.

3. SUPPORT VECTOR CLUSTERING THROUGH
PROXIMITY GRAPH MODELLING

SVC throughproximity graphmodellingextendsthe clus-
teringmethodof [1, 2] with theconceptof proximity graph
modelling(cf. e.g., [6, 7]). Our methodconsistsof three
steps,thatwill now beexplainedin detail.

3.1. SVM-training for detecting cluster structure

Thenumberof SVsandBSVsaffectstheclusterstructure,
which thereforcanbe controlledby the SVM training pa-
rametersx and U . As thewidth x of theGaussiankernelsin-
creases,thenumberof SVs( � �"! ) increases,theshapeof the
clusterboundariesbecomesrougher, andthecontourstend
to split up (cf., theboundariesof white regionsin Fig. 1(a)-
(d) below). On theotherhand,thenumberof BSVs( � � �"! )
can be controlledby U , more preciselyby � � �"!K� �{z#U .
That is, if U P � , thereareno BSVs. To allow for BSVs,
oneshouldset U � � . Insteadof using U it is morenat-
urally to work with the parameter�k*��{z���U , which rep-
resentsan upperboundfor the fraction of BSVs. The pa-
rameterx determinesthe scaleat witch the datais probed,
and� decidesthesoftnessof theboundary[1]. Fig. 1 shows



a ���Q( -pointsdatasetandthechangesof clusterboundaries
in dependenceto different settingsof x and � , which are
selectedexperimentallyasin [1].

Figure 1: The clustersare representedby white regions.
Their boundariesandnumbervary with x and � . Encircled
pointsaretheresultingSVsandBSVs.

3.2. Cluster labeling using proximity graphs

After SVM training,theradius
�

of thehyperspherecanbe
usedasacut-off criterionto checktheconnectivity between
datapoints. Undercertaincut-off conditions,somepoints
will becomenon-connected.Theclustersaretheconnected
componentsinducedby � ;�a . Notethata connectedcompo-
nentcanalsobe identifiedby a spanningtree,which pro-
ducesamuchsmallernumberof edgesthantheCG.Conse-
quently, ClusterLabelingStrategy 1 resultsin testingmany
redundantedges.ThesparsegraphSVG in ClusterLabel-
ing Strategy 2 doesnot decodeneighborhoodinformation
exactly, andsometimesyieldstrivial clusters.Therefore,we
proposea new clusterlabelingstrategy below to overcome
thedisadvantagesof ClusterLabelingStrategy 1 and2.

Cluster Labeling Strategy 3 (Proximitygraphs)
Wemodelthedatawith anappropriateproximity graphthat
reflectsthedatadistributionandincorporatesproximity and
topologyinformation. The ideais to calculatecoefficients
of the adjacency matrix � ;�a only for pairs of �:<; and �:ca ,
where �:<; and �:'a arelinked by an edge � ;�a in a proximity
graph.Actually, theadjacency matrix � ;�a is notheldexplic-
itly in thememory, but encodedin theproximity graph.The
problemis to find theconnectedcomponentsin thegraphby
exploring theedgesinducedby � ;�a . We performthesame
samplingstrategy for computationof � ;�a asin [1, 2]. All
edgesin the currentproximity grapharecalled candidate
edges. We refer to an edge� ;�a asactive edge if � ;�a *.� ,
andaspassive edge if � ;�a *�� . An active path in theprox-
imity graphwill be formedif every edgein the pathis an
activeedge.A connectedcomponentis equivalentto anac-
tivepath.

In a proximity graph,pointsareconnectedby edgesif

they are closeto eachother accordingto someproximity
measure.Near-by pointsarenaturallymorelikely to be in
thesameclusterthanpointsthatarefaraway. Thus,cluster
labelingwith a proximity graphstrategy is a goodheuristic
to reducethetimeof testinglinkages.We will discussthree
typesof proximity graphsfor clusterassignment.Theseare
DelaunayDiagram(DD), Minimum SpanningTree(MST),
andk-NearestNeighbors(k-NN) [6, 7]. They canbederived
by consideringdifferentaspectsof proximity andtopology.
DD representsa “is-neighbor” relation. TheMST is based
on the local closenessof datapoints. It is a subgraphof
DD, andencodeslessproximity information.k-NN is based
on distanceconcepts. Fig. 2 shows the constructionof a
varietyof proximity graphsfor clusterassignment.Weused
the Leda1 andANN2 librariesto constructtheseproximity
graphs.

  (d) DD   (e) MST   (f) 4−NN

  (c) SVG  (b) CG  (a) data points

Figure2: Variousproximity modellinggraphs. In (c), en-
circledpointsareSVsandthewhiteregion is thepre-image
of thehyperspherein featurespace.

3.3. Cluster harvest

Withoutgoinginto themathematicaldetails,theclusterhar-
vestprocedureis justifiedby theempiricalobservationthat
clusterscorrespondto connectedcomponentsof edges,i.e.
activepaths.Passiveedgesarenot of interest,andthey will
beremovedfrom theproximity graph.After theremoval of
passiveedges,thetaskof clusterharvestbecomesrecogniz-
ing all active pathsformed. Onceactive edgeshave been
determined,a classicalalgorithm like Depth-First-Search
(DFS) can be usedfor collecting connectedcomponents.
NotethatDFShascomplexity proportionalto thenumberof
edgesin theproximity graph. Pseudocodefor clusterhar-
vestis shown in Algorithm 4. To avoid trivial clusters,some
clean-upwork is necessary. We treata clusterwith a small
numberof pointsundera threshold(say3) asnoise.BSVs

1http://www.mpi-sb.mpg.de/LEDA/
2http://www.cs.sunysb.edu/˜algorith/implement/ANN/implement.shtml



are included in the closestclusteras suggestedin [1, 2].
Fig. 3 demonstratesthewholeprocedureof SVM clustering
for thecaseof DD modelling.

Algorithm 4 (ClusterHarvest)
function ���	�S�-�$o���� � �{�Qo��-� ( � :Graph;S:Sets)8 input � : Subgraphafterclusterlabeling=8 output � : Setof clusters=

var � : Node;U : Set; 8 A setof pointsin onecluster=
begin

while �	�� �*K��& �
¡<¢�¢��-o{£¤¢�¥Qo¦�[�b�U\& �
�	o � �¦�%�~�§©¨ �E�[��d��IdªUy�~�¦8�� is movedfrom � to U =�J& � ¥Q¥I�[Uy�~�
endwhile

end

Figure 3: Procedureof SVC using DD modelling. (a) A
setof points. (b) DD modelling. (c) SVM training result.
(d) Active pathsafter labeling. (e) Final resultaftercluster
harvest.

4. PERFORMANCE EVALUATION

In thissection,wepresentresultsof experimentswhichcom-
pareand evaluatethe performanceof different cluster la-
belling methods. We demonstrateempirically the robust-
nessandefficiency of our approachof clusterlabelingwith
proximity graphs. The LibSVM3 library hasbeenusedin
theperformanceevaluation.

4.1. Time complexity

Givenis adatasetof � points 89�:<;"=«>C@ , with @¬>CB D , the
dataspace.Thenumberof edgesin DD is linearin size � for
2D ( ­�� - ® at most),but it is quadraticin sizefor 3D. Other
proximity graphsarelinear in sizefor all dimensions.The
numberof edgesin MST is ���X� . For k-NN, ��� i ��� is the
upperbound.Thus,walkingonedgesfor clusterassignment
andclusterharvesttakes ������� time. On theotherhand,the

3http://www.csie.ntu.edu.tw/˜cjlin/libsvm/

field of computationalgeometryhasdeveloped�����3254)67���
time algorithmsto constructDD, MST andk-NN in spaces
of variousdimensions.Therefore,all proximity graphspre-
sentedherecanperform2D clusterlabelingandharvestin�����32,4#6���� time. This is remarkablyefficient comparedto
the quadratictime requirementsof CG and of SVG. The
experimentalresultsdisplayedin Fig. 4 illustrate that our
approachoutperformsCG and SVG cluster labeling. We
first generateda datasetwith 1,000pointsbasedon a mix-
turemodel.Fromthisdataset,wesampledfivesubsetswith
100, 200,400, 600 and800 points,respectively. Thenwe
performedSVC on thesesubsetsusingvariousclusterla-
belingmechanisms.After empiricaltestwith differentval-
ues,we setparametersx�*��'&���� and �0*��'&,�-� to train the
SVMs. Theresultsshown in Fig. 4 includetheoverall time
requirementsfor proximity graphconstruction,cut-off cri-
terioncomputation,clusterlabelingandharvest.

Whenwemoveto high-dimensionaldatasets,k-NN and
MST graphsaremoreattractive,sincethenumberof edges
of thesegraphsremainslinear in � . This makesproximity
graphmodellingscalableto high-dimensionaldatafor sup-
port vectorclusteranalysis.

Figure 4: CPU time comparisonof variouscluster label-
ing mechanisms.Slowest is the resultusingCG which is
quadraticin thenumberof points � andfastestis theresult
usingMST which is �32,4#6j� .

4.2. Clustering quality

Whenapplyingdifferentproximity graphsto modeldatafor
supportvector clustering,they may producedifferent re-
sults. We take theresultof CG asreferenceagainstwhich
wecomparetheotherclusterlabelingmethods.Ourexperi-
mentsshow, DD worksasgoodasCG.This is because,asa
goodspanner, DD holdssufficient interconnections.In con-
trast,asa subgraphof DD, MST encodesmuchlessprox-
imity information.Somelinkagesbetweenneighborsin DD
have beenlost in MST. Despiteits speed,MST is a fragile
clusteringmethod. Interestingly, k-NN with appropriate

i



alsoreportsgoodresults.Theexperimentsindicatethat k-
NN (with

i?¯ ­ ) capturessatisfactoryproximity informa-
tion for clusterlabeling.Heretheargument

i
doesnotneed

to be tunedascarefully as in [7], becausethe purposeof
proximity graphmodellingin our studyis only for cluster
labeling,but not for thecomputationof thecut-off criterion.
As mentionedbefore,SVG is aheuristicto produceasparse
graphto simplify clusterlabeling. However, it sometimes
canproducefalsenegativesandmake the clusteringresult
lessmeaningful.Thissituationcanoccurwhentheparame-
ter � is high. In thiscase,mostSVsturnout to beBSVsand
thereareonly a few freeSVs left. Thedatapointslacking
of supportinformation(i.e. they cannot connectto SVs),
becomefalsenegatives.Fig.5 illustratesclusterlabelingre-
sultsfrom differentlabelingmethodsfor adatasetshown in
Fig. 5(a). Fig. 5(b) is theresultof CG.Fig. 5(c) shows that
SVG strategy producesfalsenegatives. In contrast,with
considerationof neighborhoodrelationship,the proximity
graphmodelingapproaches,asshown in Fig. 5(d, e, f), do
not yield falsenegatives.

  (c) SVG   (d) DD

  (e) 4−NN   (f) MST

  (a) data points   (b) CG

Figure5: Comparisonof clusteringresultsusingdifferent
labelingmethodswith parameters��*A�'&�( , x0*°�c&�±�( for
SVM training. Note that, for better recognition,the two
cloudsof BSVshavebeenhighlightedby additionalbound-
ary lines. Thecloud in theupperright cornerhasapproxi-
matelytheshapeof anannulus.

5. CONCLUSION

We extendedthesupportvectorclusteringmethod,andap-
pliedproximity graphmodellingto theclusterlabelingpart.
Our experimentsdemonstratedthat the approachrobustly
andefficiently performsclusterassignment,andmakessup-
port vectorclusteringscalableto largedatasets.

Theimpactof ourimprovementfromquadraticto �32,4#6j�
time is alsoreflectedif weattemptparallelimplementation.
For example,suchparallelimplementationof our approach
would be logarithmic in � processors,while the previous
approacheswouldonly belinearon � processors.
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[8] B. Scḧolkopf, J. Platt, J. Shawe-Taylor, A. J. Smola,
and R. C. Williamson. Estimatingthe supportof a
high-dimensionaldistribution. Neural Computation,
13(7):1443–1472,2001.

[9] D. M. J. Tax andR. P. W. Duin. Supportvectordo-
maindescription.Pattern Recognition Letters, 20(11-
13):1191–1199,1999.

[10] V. N. Vapnik.The nature of statistical learning theory.
SpringerVerlag,Heidelberg, DE, 1995.


