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Abstract- The large majority of existing clustering al-
gorithms are centered around the notion of a feature,
that is, individual data items are representedby their
intrinsic properties, which are summarized by (usually
numeric) feature vectors. However, certain applications
require the clustering of data items that are de ned by
exclusiely extrinsic properties: only the relationships
betweenindividual data items are known (that is, their
similarities or dissimilarities). This paper develops a
straightforward and ef cient adaptation of our existing
multiobjecti ve clustering algorithm to such a scenario.
The resulting algorithm is demonstrated on a range of
data sets,including a dissimilarity matrix derived from
real, non-feature-baseddata.

1 Similarity-based pattern recognition

A large majority of techniquedor patternrecognitionare
designedor theanalysiof datathataredescribedy means
of numericaffeaturevectors.Well-known examplesof such
techniquesreprincipal componengnalysis(for visualiza-
tion), which directly operateson a matrix of datavectors,
the -meansalgorithm(for clustering),which relieson the
computationof numericalaveragesof featurevectors,or
supportvectormachinegfor classi cation),whichmapnu-
mericalinputvectorsto a higherdimensionakernelspace.
Similarity-basedatternrecognitioncompriseghat part
of the eld thatdealswith algorithmsapplicablein a sce-
nario, whereonly dissimilarity data(or similarity data)de-
scribing the relationshipsbetweendataitemsis available.
Suchdataarisesin a variety of differentdomains,includ-
ing psychologicalresearchcomputervision and bioinfor-
matics. An importantexample of a bioinformaticsappli-
cationis the sequence-basetiassi cation of genesor pro-
teins.Powerful sequencalignmentprogramdik e the Basic
Local Alignment SearchTool (BLAST, [1]) returnsimilar-
ity scoresetweenindividualinputsequenceslheef cient
processingf large amountsof suchoutputsrelieson the
applicationof similarity-basedtlusteringtechniques.

Scopeof this paper

In previouswork, we have developeda multiobjective clus-
tering algorithmand shown its advantageover traditional
single-objectie clusteringtechnique$5, 6, 7, 8]. Thealgo-
rithm wasdesignedor theuseon numericaldataonly, and
explicitly exploited the numericalfeaturerepresentatioiat
severaldistinct stagegduringthe clusteringprocessin this
manuscriptwe demonstratéiow the algorithmcanbe ex-
tendedsothattheprocessin@f similarity-basedlatacanbe

JoshuaKnowles
Universityof Manchester
J.Knonvles@manchest&c.uk

included?

Theremaindenf this papetis structuredasfollows. Sec-
tion 2 introducesthe basicsof our existing multiobjective
clusteringtechnique. The modi cations necessaryto di-
rectly apply the algorithm to dissimilarity dataare intro-
ducedin Section3. Section4 describeghe experimental
setupusedfor the evaluationof the algorithm on feature-
vectorderived data, with Section5 presentingresults. In
Section6, the algorithmis appliedto a real datasetthatis
inherentlysimilarity-basedFinally, Section7 concludes.

2 Multiobjecti ve clustering

Our existing multiobjectve clustering algorithm
MOCK (MultiObjective Clustering with automatic K-
determination,[8]) is basedon the elitist multiobjectve
evolutionaryalgorithm,PESA-II, describedn detailin [2].
It optimizestwo clustering objecties, overall deviation
andconnectivity which re ect two fundamentallydifferent
aspectof a good clusteringsolution: the global concept
of compactnesof clusters, and the more local one of
connectednessf datapoints

The encodingemployed is the locus-basedadjaceng
schemeproposedin [18]. In this graph-basedepresen-
tation, eachindividual consistsof  genes ,
where isthesizeof the clustereddataset,andeachgene

cantake allele values in therange . Thus,
avalueof assignedo the th gene,is theninterpretedas
alink betweendataitems and : in theresultingcluster
ing solutionthey will bein the samecluster The decoding
of this representatiomequiresthe identi cation of all sub-
graphs,andall items belongingto the samesubgraphare
assignedo onecluster This canbedonein lineartime.

The operatorausedare standarduniform crosseer, and
a specializednitialization and mutationscheme . MOCK's
initialization is basedon minimum spanningirees(MSTS)
andthe -meansalgorithm[17]. For a given dataset,the
completeMST is computedusing Prim's algorithm. Indi-
viduals correspondingo different clusteringsolutionsare
thenobtainedby breakingup the MST, usinga measureof
interestingnessf individual links andthe partitioningspre-
scribedby the -meanssolutions. This hasthe effect of
generatingsolutionswith a rangeof clusternumbersthat
alreadyprovide a good and well-spreadapproximationto
the Paretofront. MOCK's mutationoperatorallows data
itemsto belinkedto oneof their nearesheighbournly.
Hence, , where denoteghe

1Clearly analgorithmdesignedor similarity-baseddatacontinuesto
be applicableto feature-basedata,as this only requiresthe choiceof a
suitabledistancefunction betweerfeaturevectors.



th nearesneighbourof dataitem . This hasthe effect of
signi cantly reducingthe sizeof the searchspace.
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Figurel: Solutionandcontrolreferencdront for arun of MOCK
on a simplefour-clusterdataset(from [6]). Solutionsarescored
by their distanceto the referenceront (their “attainmentscore’).
The solutionwith the largestminimum distanceto the reference
frontis indicatedby anarrov, andcorrespondso the correctfour-
clustersolution. In generalall solutionssituatedat distinctknees
in the Paretofront are of high immediateinterest. Several such
solutionscanexist andthey oftencorrespondo clusterstructures
ondifferentlevels. In aplot of theattainmenscoresasa function
of the numberof clusters,suchdistinct "knees' are manifestas
local maxima.

The algorithm generateslusteringsolutionsthat corre-
spondto differenttrade-ofs betweerthetwo clusteringob-
jectives and containdifferentnumbersof clusters. In or-
derto reducethe numberof solutionsto consideranauto-
matedtechniquewas developed,which selectsgood solu-
tions from the resultingParetofront, and, thus, simultane-
ouslydeterminegshe numberof clusters in adataset(see
Figurel). This methodof solutionselectionis basednthe
shapeof the Paretofront. Speci cally, it triesto determine
“knees'in theParetofront thatcorrespondo goodsolutions.
A comparisorto a null model,thatis, randomcontrol data
is usedin orderto correctlydetermingheseknees.Theuse
of the null modelhelpsto abstracbothfrom -speci c bi-
asesn thetwo objectives,andfrom biasesintroduceddue
to the shapeof the underlyingdatamanifold. A detailed
motivationanddescriptionof this methodologyis provided
in [8].

In previouswork [6, 7, 8], MOCK hasbeencompared
to threesingle objective clusteringalgorithm,an advanced
ensemblenethod20] andthe Gapstatistic[21], andresults
indicateda clearadvantageto the multiobjective approach.

3 Adaptation of MOCK for dissimilarity data

As mentionedabove, MOCK useshenotionof afeatureat
threedifferentstagesiuringthe clusteringprocess.

1. The -meansalgorithm[17] is employed during the
initialization phase. -meansis evidently feature
basedasit requiresthe computationof clustercen-
troids (the averagefeaturevector of a cluster),and

of the intra-clustervariance(the sumof the squared
distancebetweerdataitemsandtheir corresponding
clustercentroids):

where isthesetof all clusters, is thefeaturevector
describingdataitem , isthecentroidof cluster
and is thechosendistanceunction.

2. MOCK's secondobjective, overall deviation, is al-
mostidenticalto -means'criterion of intra-cluster
variance.lt equallyrequiresthe computatiorof clus-
ter centroidsandsumsup the distancedetweendata
itemsandtheir clustercentroids:

is thesetof all clusters, isthecentroidof
and is thechoserdistanceunction.

where
cluster

3. The computationof MOCK's null modelrequiresa
principalcomponengainalysigPCA) on the matrix of
all featurevectors. Speci cally, a null model sug-
gestedby Sarleis used[19], which reproduceghe
shapeof thedatamanifold,approximatelylt is based
on a Poissonmodelin the spaceof principal com-
ponentsithe controldatais generatediniformly ran-
domly in PCA-spacewithin a hyperboxwith sides
proportionalin lengthto the eigervalues.

In this sectionwe suggesteplacementfor eachone of
thesemechanismsthus enablingMOCK to work directly
ondissimilaritydata.

3.1 Cluster medoidsversuscluster centroids

A conceptclosely relatedto that of a clustercentroidis a
clustermedoid which is de ned asthe mostcentrally lo-
cateditemin acluster thatis, theitemin the clusterwhose
averagedissimilarity to all otheritemsin the samecluster
is minimal [12]. Clustermedoidshave beenemployed in
anumberof clusteringalgorithmsincluding the algorithms
Partitioning Around Medoids(PAM, [12]) and Clustering
Large Applications(CLARA, [12)).

Clearly, the computatiorof clustermedoidsdoesnotre-
quire the presenceof featurevectors,but can be donefor
dissimilarity data. The rst two problemsin the above list
canthereforebe solved throughthe replacemenof cluster
centroidsby clustermedoids.

3.1.1Computational complexity

Unfortunately a major disadwantageof clustermedoidsis
the computationacomplexity of their computationwhich



Algorithm 1 Nave computatiorof the clustermedoid
1: procedure COMPUTE_MEDOID

2: setof_medoids=

3: foreach in to do

4 medoid:=-1

5 min_distance= inf;

6: for each in to do

7: sumd:=0

8 foreach in to do

9: sumd := sumd+

10: if sumd min_dthen

11: break

12: endif

13: endfor

14: if sumd minimumdistancehen
15: min_d := sumd

16: medoid:=

17: endif

18: endfor

19: setof_medoids= setof_medoids medoids

20: endfor
21: returnsetof_medoid
22: end procedure

is quadratidn the sizeof the dataset(whereaghe compu-
tationof clustercentroiddgs only linearin ).

A nave approacho the computatiorof clustermedoids
is givenin Algorithm 1. While the approachis slightly ac-
celeratedby the introductionof the breakclausein Line
11 (which stopsdistancecomputatiorfor a givendataitem
oncethe currentminimum summeddistancehasbeenex-
ceeded) the Algorithm remainscomputationallyvery ex-
pensve. Its only advantageis its constang in the dimen-
sionality of thedataset(whereashecomputatiorof clus-
ter centroidgs linearin ).

However, usually , thusthereis asigni cantrise
in the compleity of both MOCK's initialization scheme
and its secondobjective, overall deviation. The latter of
theseis amajorconcern:MOCK's maincomputationatost
lies exactly in the evaluationof the objectve functions,and
this risein compleity resultsin a signi cant deterioration
of MOCK'stime ef ciency for large datasets.

3.1.2Linear-time sampling scheme

We have found that the computational complexity of
MOCK's secondbbjective canbereducedo lineartime by
meansof a simple samplingscheme. Speci cally, only a
sampleof dataitemsin the sameclusterareusedfor the
selectionof themedoid.

The samplingschemeemployed in this paperis illus-
tratedin Figure 2. The only changeintroducedto Algo-
rithm 1 is a modi cation of the for-loopin Line 8. In the
original for-loop, the distanceof a x ed dataitem to all
otherdataitems in the sameclusteris summedup. In our
samplingschemethesetof items isreducedo asampleof
the rst dataitemsin thesamecluster which arenot
identicalto (for clustersof sizelessthan12, the medoid
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Figure2: Computationof an approximatemedoidfor clusterA.
For eachdataitem , asampleconsistingof the rst 10 dataitems
from clusterA that are differentto  are selected,and the total
dissimilarity of  to this setof dataitemsis computed. This is
repeatedor all dataitems. Thedataitemwith thelowesttotal dis-
similarity is selectedasthemedoid,andthe exactoverall deviation
with regardto this medoidis computed.

is computedexactly). Here,the actualclusters(andthe or-
der of the dataitemswithin the clusters)areconstructedn
adeterministicfashion:dataitemsareassignedo the clus-
tersin the orderimposedy thepositionof theirgenein the
genotypg(theiritemid, seeFigure2).2

As aresult,the setof itemsemployedfor themedoidse-

lection only changesvhenoneof the rst 10 dataitemsis

removedfrom the cluster or a new clustermembeltis intro-
ducedwithin theregion of thegenomehatis spannedby the

rst 10 dataitems. Hence,the sampleusedwithin a given
clusteris kept relatively constant and this hasthe effect
of providing much betterrelative estimatesf sumd, and
hencemore accuratelydeterminingthe medoid. We have
foundthisis crucialfor the corvergenceof thealgorithm:a
comparisorto randomsamplingschemegsuchasrandom
re-samplingin eachevaluationor randomre-samplingfor

eachdataitem) shavsthatthesepreventcorvergenceof the
algorithm(resultsnot shavn).

3.2 Adaptation of the null model

Regardingthethird item to be adaptedn the list above —
MOCK's null model,a new methodfor the generationof
thecontroldataneedgo befound.

3.2.1Permutation of dissimilarity values

A null modelcommonlyusedfor dissimilaritydatais aran-
dom permutationof all valueswithin the dissimilarity ma-
trix [10, 16]. However, experimentalanalysis(seethe ex-

2Importantly the order of the input datais randomizedthat s, data
itemsbelongingto the sameclusterare not necessarilyneighbouring but
arespreadacrosghegenome.



amplein Figure 3) shaws that this approachhaslittle ca-
pacity to capturethe shapeof the actualdatamanifold. In
fact, our experimentscon rm that— as previously pointed
out by [11] — the null hypothesigof no clusterstructurein
thedata)is implausibleevenin theabsenc®f clustergthat
is, the null hypothesiswill usually be rejectedfor natural
datasets,evenif thesedo not containactualclusterstruc-
ture). This is dueto the factthata permutationof all dis-
similarity valuesdoesnot simply decorrelatedissimilarity
valuesut it additionallyresultsin theintroductionof non-
metricrelationshipsSpeci cally (asillustratedin Figure4)
the triangularinequality is no longervalid, which may be
implausiblefor mary realdatasets.

Also, asno new dissimilarity valuesareintroduced the
shapeof the datamanifold cannotactually be modeledby
meansof a simple permutation. For examplein Figure4,
the manifold of interestwould be the region within the
corvex hull spannedy the the given data. For this pur-
pose,dataitemswithin the entireregion would needto be
generatedclearly requiringdissimilarity valuesdistributed
within , andnotrestrictedto and only.

3.2.2Multidimensional scaling

The null modelproposedn this paperis basedon the ob-
senation that, in the caseof MOCK's two objecties, the
biasegntroducedby the shapeof the datamanifold arein-

dependenof its actuallocationor orientation.This property
canbeexploitedin the generatiorof thecontroldata.

Multidimensionalscaling(MDS, [3]) is a visualization
techniquespeci cally designedo derive spatialpositionfor
dataitemsbasedon the dissimilarity information between
dataitemsonly. Multidimensionalscalingprovidesanem-
beddingof a givendatasetinto a Euclideanspaceof speci-
ed dimensionality(usually2D for visualization) suchthat
distancedetweendataitems are presered, but the actual
positionsof individual dataitemsaremeaninglessClearly,
this problemis underdeterminedmultidimensionakcaling
thereforeonly returnsone out of mary possiblesolutions,
and in nitely mary alternatve solutionscan be obtained
throughsimpletranslationsr rotationsof a singlesolution.

Metric multidimensionakcalingis an exact methodfor
scaling,andit is equivalentto performinga principal com-
ponentanalysisonthesquareddouble-centredissimilarity
matrix. The computationalcompleity of metric multidi-
mensionalscalingrisesas , where is the sizeof the
dataset. Non-metricmultidimensional,in contrast,com-
prisesa setof approximationmethods,which are compu-
tationally moreef cient thanprincipal componentnalysis
and do not requirethe dissimilarity datato satisfy metric
constraints.

In this work, we therefore decide for the use of a
methodfor non-metric multidimensionalscaling, the so-
called Sheppard-Kruskahlgorithm [14], which iteratively
minimizesstresdetweertheoriginal dissimilaritiesandthe
Euclideandistancesn targetspaceln our experimentsthe
target spaceis chosento be -dimensional,independent
of the real dimensionalityof the input data. In eachitera-
tion, the Sheppard-Kruskdieuristic(randomly)selectoone
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Figure3: Comparisorof the threedifferentnull modelson a two-
dimensionafour clusterdataset. It canbe seenthatthe original
null model (basedon featurevectors),and the MDS-basednull
modelresultin highly similar controlfronts. The referencefront
obtainedwith the permutationmodel, in contrast,is corvex and
unrealistic.

dataitem asthe currentreferencepoint, and then updates
the position of every otherdataitem in eachdimension
by meansof thefollowing gradientdescentule:

Here is thelearningrate, is thedissimilar
ity betweerdataitems and , and is theEuclidean
distanceof their currentpositionsin target space. In our
experimentsthealgorithmis iteratedfor iterations.

Oncethe embeddingof dataitems hasbeengenerated,
eachdataitem canbe describedy its 10-dimensionapo-
sitionin targetspace Hence MOCK's standarchull model
for feature-basedatabecomesapplicable:the correlation
matrix of all position vectorsis subjectedto a principal
componentanalysi$§ and the control datais generatedn
eigenspace.

4 Experimental setup

Thefollowing experimentakectionaimsto investigatehree
mainissuestheimpactof theuseof medoidstheef ciency
of the proposedsamplingscheme andthe performanceof
themodi ed null model. For this purposethreeimplemen-
tationsof MOCK are compared: theseare, the standard
feature-basedersionof MOCK (asdescribedn [8]), and
two versionsof MOCK aroundmedoids,one of them us-
ing the exactcomputatiorof the medoids MOCK-am (ex-
act),andtheotheroneusingthe proposedamplingscheme,
MOCK-am.

Thethreealgorithmsarerun acrossa rangeof datasets
of differentsize (several hundredto several thousanddata

SNotethatthe rank of this matrix is muchsmallerthanthatof the one
encounteredor metricmultidimensionakcaling.
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Figure4: Permutatiorof the dissimilarity matrix. Shovn is a data
setcontainingtwo clustersof threedataitemseach.Thedataitems
in a clusterarevery close(indicatedby a distancevalueof ) and
thosein differentclustersarevery distant(indicatedby a distance
valueof ), with . After the symmetry-preservingermu-
tation of the distancematrix, the triangularinequality is clearly
violated. For example

items), different dimensionality(2, 10, 50 and 100), and
with differentnumbersof clusterg4, 10,20and40) of arbi-
trary orientation.Thedatasetsaredenotedas c- c,where

denoteghe dimensionalityof thedataset,and denotes
the numberof clusters. For eachtype of con guration of

and , 10differentinstancesaregeneratedimportantly
thesedatasetsareoriginally feature-basedyut thetwo ver
sionsof MOCK-around-medoidsre provided the dissim-
ilarity informationonly. More detailsaboutthe datasets,
andacomparisorof thestandardrersionof MOCK to three
establishedsingle-objectie clusteringmethodsacrossthe
samesetof datasetscanbefoundin [8]. Thedatasetsare
availableat[4].

4.1 Parameter settingsfor MOCK

MOCK-around-medoidsan be run with the sameparam-
etersettingsasrecommendedior MOCK (see[8]). In our
experimentsparametesettingg(givenin Table1) areiden-
tical for all threeversionsof MOCK andarekept constant
overall experiments.

4.2 Evaluation

Clusteringquality is evaluatedusingthe AdjustedRandin-
dex, anexternalmeasuref clusteringquality, whichis is a
generalizatiorof the Randindex.

The RandIndicesare basedon countingthe numberof
pair-wise co-assignmentsf dataitems. The AdjustedRand
Index additionallyintroducesa statisticallyinducednormal-
izationin orderto yield valuescloseto O for randomparti-
tions. Usingarepresentatiobasecnthecontingeny table
de nedbytwo partitionings and , (onebeingtheknown
correctclassi cationandonebeingthe partitionundereval-

Tablel: Parametesettingsfor MOCK, where is datasetsize.

For detailssee[8].

Parameter setting
Numberof generations 500
Externalpopulationsize 1000
Internalpopulationsize 10
#(Initial solutions) 100
Initialization Minimum spannindgree
and -meang )
Mutationtype nearesheighbourg )

Biasedmutationrate
Recombination
Recombinatiomate
Objective functions

Uniform crosseer

Overall deviationand
connectvity ( )
#(Referencdalistributions)

uation),the AdjustedRandIndex [9] is givenas

where  denoteshe numberof dataitemsthathave been
assignedo both cluster andcluster , where and
It takesvaluesin the interval andis to be

maximized.

In Section6, we additionallyuseclusterPurity, another
externalmeasurewhich is de ned asthe percentagef a
clusteroccupiedoy the predominantiatatype (accordingo
theknown classlabels

where is the size of the cluster , and is the
numberof elementof class within this class. The Purity
of anentirepartitioningis thencomputedasthemean
clusterPurity overall clusters.t is limited to therange
andis to bemaximized.

5 Experimental results

Table 2 and Table 3 shav the resultsobtainedby the in-
dividual algorithms. Runtimesare givenin Table4. The
resultsrevealthatthereis verylittle performancalifference
betweenall threeversionsof MOCK (muchhigherperfor
mancedifferencesvere obsenedin our comparisorto av-
eragelink, singlelink andk-meang[8]). This s true both
with respectto the algorithms' performanceat generating
high quality solutions(seeTable 2) andtheir performance
atidentifying thesesolutionsfrom the Paretofront (seeTa-
ble 3). Evidently, the replacemenbf centroidsby medoids
doesnot affect clusteringquality. Also, the useof a sam-
pling schemefor medoiddeterminatioreffectsonly minor
differencesn clusteringquality. Finally, the proposechull
modelseemdo approximatecloselythe quality of the null
modelfor feature-basedata.



Table2: Numberof clusters andAdjustedRandIndex of the bestsolutiongeneratedy MOCK, MOCK-amandMOCK-am (exact).
Valuesfor all algorithmsare averagesover runs(thatis, 21 runsperinstance andthereare 10 instancegper con guration).
Standarddeviations are small in all cases. To emphasizeahe small differencesbetweenthe algorithms,the last column shaws the
differencebetweerthe largestandsmallestmeanvalueof the AdjustedRandIndex,

Problem MOCK MOCK-am MOCK-am (exact)
RandIndex RandIndex RandIndex
2d-4c 4.06667 | 0.987992 | 4.09048| 0.986113 | 4.07143]| 0.986285 | 0.001879
10d-4c 4.12381| 0.995501 | 4.17143| 0.994385 | 4.33333| 0.994346 | 0.001155
50d-4c 4 1 4 1 4 1 0
100d-4c | 4 1 4 1 4.00476| 0.999922 | 0.000078
2d-10c 10.7143| 0.933782 10.1905| 0.934426 10.0762| 0.935702 | 0.00192
10d-10c | 13.5952| 0.961277 14.5476 | 0.952446 13.8333| 0.954041 | 0.008831
50d-10c | 10.0238| 0.997742 10.0048 | 0.997657 10.0048 | 0.997926 | 0.000269
100d-10c| 10.0286| 0.99976 10.0143| 0.998886 10.0048 | 0.999116 | 0.000874
2d-20c 20.081 | 0.938703 | 20.0381| 0.937385 19.819 | 0.93689 0.001813
10d-20c | 20.4905| 0.996973 | 20.5381| 0.9963 20.5381| 0.996222 | 0.000751
50d-20c | 21.8952| 0.89365 21.0429| 0.908075 | 20.9143| 0.907499 | 0.014425
100d-20c| 20.9476| 0.883184 | 20.4143| 0.897921 | 20.181 | 0.906481 | 0.023297
2d-40c 42.4524| 0.859737 | 38.1286| 0.804444 | 38.0714| 0.809926 | 0.055293
10d-40c | 43.6333| 0.987919 | 43.019 | 0.985108 | 43.4048| 0.985541 | 0.002811
50d-40c | 46.8619| 0.808289 | 45.7571| 0.834114 | 44.919 | 0.841328 | 0.033039
100d-40c| 47.5762| 0.791701 | 45.419 | 0.845056 | 44.8667| 0.857862 | 0.066161

Table3: Numberof clusters andAdjustedRandIndex of the bestlocal maxima,and numberof local maxima in a plot of
the attainmentcores.Valuesareaveragesasexplainedin Table4. Standardieviationsaresmallin all cases.To emphasizéhe small
differencedetweenrthe algorithms,the last columnshaws the differencebetweenthe largestand smallestmeanvalue of the Adjusted
Randindex,

Problem MOCK MOCK-am MOCK-am (exact)
RandIndex RandIndex RandIndex
2d-4c 4.06667 | 0.959832 10.4 4.35714| 0.93258 8.64286 | 4.00952| 0.934438 | 8.8 0.027252

10d-4c 4.17143| 0.993823 | 10.3571| 4.58571| 0.988375 | 9.1381 | 4.50476| 0.990262 | 10.119 | 0.005448
50d-4c 4.02857| 0.978285 | 5.59524| 4.27619| 0.960199 | 4.53333| 4.10952| 0.970708 | 4.38571| 0.018086
100d-4c | 4.53333| 0.93326 5.66667 | 4.40952| 0.949157 | 4.6381 | 4.31905| 0.959383 | 4.7 0.026123
2d-10c 10.7714| 0.913508 | 11.1429| 10.6476| 0.904715 | 7.29048| 15.5619| 0.944748 | 7.93333| 0.040033
10d-10c | 14.3381| 0.954993 | 14.1143| 16.1524| 0.94162 7.5619 | 14.25 0.943825 | 7.75 0.013373
50d-10c | 11.3095| 0.948293 | 6.98571| 11.0048| 0.957499 | 4.66667| 11.219 | 0.952947 | 4.41429| 0.009206
100d-10c| 12.7095| 0.903848 | 5.89048| 11.519 | 0.94725 4.20476| 12.3381| 0.920303 | 3.57619| 0.043402
2d-20c 20.581 | 0.913725 | 7.99048| 20.6048| 0.900547 | 6.32857| 20.2429| 0.905306 | 6.58571| 0.013178
10d-20c | 21.5667 | 0.98437 7.4381 | 21.1905| 0.984628 | 5.51905| 21.5238| 0.983934 | 5.75238| 0.000694
50d-20c | 22.0286| 0.873543 | 8.78095| 21.6905| 0.886708 | 7.8381 | 21.3286| 0.890048 | 6.92381| 0.016505
100d-20c| 21.6857 | 0.857716 | 8.7 21.4714| 0.864728 | 7.31429| 20.9762| 0.881586 | 6.49524| 0.02387
2d-40c 42.6476| 0.847592 | 11.1952| 35.8857| 0.784563 | 8.85238| 36.2143| 0.788858 | 8.62381| 0.063029
10d-40c | 44.2333| 0.979675 | 7.74286| 40.4143| 0.956166 | 4.26667 | 38.7429| 0.940302 | 3.8381 | 0.039373
50d-40c | 48.181 | 0.790105 | 11.5905| 41.4524| 0.791553 | 9.45238| 41.8048| 0.801962 | 9.14762| 0.011857
100d-40c| 47.8952| 0.770879 | 11.3905| 42.6238| 0.807944 | 9.50476| 41.8333| 0.816679 | 9.31429| 0.0458

Table4: Sizeof the problem , andthe correspondinguntimes(in secondsjor thethreedifferentversionsof MOCK (averagesover
all instances/runs)rhefastesperformerfrom this sampleis highlightedin bold. Thetime compleity of the original versionof MOCK
increasedinearly with the sizeof the datasetandthe dimensionality The runtimeof MOCK-amis independenbf dimensionality but
for MOCK-am(exact)it is quadratidn the sizeof the dataset.

Problem MOCK | MOCK-am | MOCK-am (exact)
2d-4c 1253.5| 53.4 120.429 1022.27
10d-4c 1108.3| 67.4 107.705 1143.5
50d-4c 1045.2 | 112.2 | 89.2238 818.386
100d-4c | 1117.5| 191.6 | 96.7857 893.876
2d-10c 3120.2| 162.5 | 535.733 7300.68
10d-10c | 2955.9| 241.2 | 533.41 10996.4
50d-10c | 2796.4| 402.5 | 483.238 7594.29
100d-10c| 2773.9 | 668.6 507.405 7686.06
2d-20c 1235.7| 50.1 106.943 813.19
10d-20c | 1171.9| 71 111.205 1076.53
50d-20c | 1171.1| 132.1 99.8571 1412.52
100d-20c| 1124.9| 208.3 | 96.7476 1266.8
2d-40c 2268.1| 104.4 | 290.914 3510.94
10d-40c | 2355.5| 154.4 310.224 5297.56
50d-40c | 2159.7 | 273.9 | 289.333 5767.57
100d-40c| 2106.2 | 451.8 | 279.114 5655.16




Table5: Randomlyselecteccomputerles.
type | .cc  .tex .bib .ps .pdf Total
#les | 223 271 60 102 255 911

As far as runtime is concerned,the exact version of
MOCK-am is very slow, as expected. The samplingver-
sion of MOCK-am is much more ef cient, and, for high-
dimensionabata,outperformghefeature-basedersion.

6 Application: computer le clustering

In mary clusteringapplicationsthereis no simple or ob-
vious way to describethe datato be clusteredin termsof
featurevectors. Describingthe dissimilaritiesbetweenthe
individual dataitemscan often be easier Moreover, when
objectsare so dif cult to describethatit is even dif cult
to devise bespole measuref dissimilarity, thereis one
measurewhich can always be used: the universalsimilar-
ity metric (USM) [15], which is basedon an entirely gen-
eralinformation-theoreticoncept. This metricis formally
de nedas:

where and aretwo dataitems, and is the Kol-
mogoro/ compleity. Themetricmeasureshedissimilarity
of two objectsas: the minimum spaceneededo describe
one of them, given the other, asa fraction of the “larger'
object.

Becausehis metric canbe usedto clusterary type of
data,without needfor specialknowledgeof its content,it
hasalreadybeenused,in approximatedorm, to tackledif-
cult clusteringproblemsin bioinformatics,suchasthree-
dimensionaproteinstructure’alignment'[13]. It is thusin-
terestingfor usto usedataderived from applyinga similar
approachn orderto testMOCK-amfurther. Tothisend,we
constructour own USM-derived dissimilarity matrix from
datawherewe canbe sureof the correctclasslabels.

6.1 Constructing the dissimilarity matrix

The objectsto clusterare computer les from the second
authors computer— in this sensethe datais real-world,
ratherthanarti cial. A scriptwaswrittento randomlyselect
les of oneof the following ve types: .cc, .tex, .bib, .ps,
and.pdf, from anywhereon the computer(usingthe Linux
“locate'function). Thenumbersof les makingup thedata
setareshavn in Table5.

Beyondthis, the approacHollows thattakenin [13]. To
approximatethe Kolmogoros complexity of an object, its
zippedsizeis taken? The computatiorof the approximate
USM metricfor theseles is:

4We usedGnugzip for this.

where denotesthe size of the zipped le, and
is the concatenatiorof the two les. Notice how
the Kolmogoror compleity of one le given the otheris
approximatedisinga simpleconcatenatiomndsubtraction
procedure.

The dissimilaritymatrix obtaineds available
from [4]. The diagonalentriesof the matrix are not quite
zerobecausef the imperfectionof gzip asan approxima-
tion of the true Kolmogoror compleity. Similarly, some
valuesin the matrix areslightly abose 1. However, almost
all of the off-diagonalentrieslie in therange0.75-1.05.

6.2 Comparisonto average-link

As a comparisonalgorithm, we selectedaverage-linkag-
glomeratie clustering. There are two reasonsfor this
choice: 1. becauset wasthe mostcompetitve algorithm
with MOCK in our recentstudy[8], and2. becausét is a
typical algorithm usedin similarity-basedclustering,very
popularin bioinformatics,andthe oneusedin [13].

Agglomeratve clusteringalgorithmsarehierarchicakl-
gorithms, which startwith the nest partitioning possible
(thatis, singletons)and, in eachiteration, merge the two
leastdistantclusters.They terminatewhenthe targetnum-
ber of clustershasbeenobtained. Alternatively, the entire
dendrogranmcan be generatedand be cut at a later point.
Differentversionsof agglomeratie clusteringdiffer in the
linkagemetricusedto compute distance’betweerclusters.
For thelinkagemetric of averagdink, thedistancebetween
two clusters and is computedasthe averagedissim-
ilarity betweenall possiblepairs of dataelements and
with and

The settingsusedfor MOCK-amwereasgivenin Sec-
tion 4.

6.3 Results

Resultsfor both algorithmsaregivenin Table6. The Ad-
justedRandIndex scoredfor the two algorithmsshow that
MOCK-amhandleghis toughdatasetmuchbetterthanav-
eragelink. However, the scoresof 0.671992and0.641006
mightseento suggesthatMOCK-amis still notdoingvery
well on an absolutescale. On closerinspectionit canbe
seerthatthelow scoreis partly dueto thefactthatMOCK-
ampreferssolutionswith anaverageof around15 clusters,
whichhasabig effectontherewardfrom the AdjustedRand
Index. Whentheseclustersare measuredor their Purity,
however, valuesof 0.946and0.944result. This shows that
MOCK-amis identifying homogeneougroupsof les by
type; it is only thatall les of onetype do not necessarily
"t together'.In otherwords,thereis ahierarchyto the les,
asonemight expectfrom les thatareoftenrelatedto each
otherby their subjectaswell astheirtype.

7 Conclusion

The adaptatiorof our existing multiobjectie clusteringal-
gorithm,MOCK, in orderto dealwith dissimilaritydatahas
beendescribed.In a comparisorto the feature-baseder-



Table 6: Resultsfor MOCK-am and averagelink agglomeratie
clusteringon the real dataset (averagesover 21 runs). For each
algorithm, the rst row describeshe best(bestin termsof the
AdjustedRandIndex) solutionfound. For MOCK-am,the second
row describeghe bestlocal maximumin the attainmenplot. For
averagelink agglomeratie clustering,the secondrow describes
the solution obtainedfor a numberof clusters in order
to matchthe selectecby MOCK-am. This is necessarypecause
thereis atendenyg for Purityto increaseas increasesTherefore,
to make asoundcomparisorthesame shouldbeused.

MOCK-am Averagelink

Randindex | Purity Randindex | Purity
14.28| 0.671992 | 0.946 | 29.52 | 0.283362 | 0.835173
15.04 | 0.641006 | 0.944 | 15 0.282964 | 0.801601

sion, very little dropin performancavasseenwhenit was
appliedto dataoriginally in feature-wectorform. Thetime
compleity of the new algorithmis alsofavourablefor data
setswith high-dimensionafeaturevectors. Perhapsnore
importantly MOCK-am canbe usedon dissimilarity-based
datafrom applicationswherefeaturevectorsare not avail-
able, as shavn by the clusteringof computer les via the
universalsimilarity metric.
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