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Abstract

We introduce a robust and efcient framework called
CLUMP (CLustering Using Multiple Prototypes)for unsu-
pervised discovery of structue in data. CLUMP relies on

nding multiple prototypesthat summaize the data. Clus-
tering the prototypesenables our algorithm to scaleup to
extremelylarge and high-dimensioml domans sud as text
data. Other desilable propertiesinclude robustnesso noise
and paramete choices In this paper, we de<ribe the ap-
proach in detail, characterizeits performarce on a vari ety
of datasetsand compreit to someexistingmodel selection
approaches.

1. Introduction

Clustering hasbeenan active areaof reseach for mary
years and numeous techniques have been propased for it
[9]. Many of the approachss, like the popular KMeansal-
gorithm, rely onthe user to pre-specify the number of clus-
ters desred. The model selectionproblem of determining
the appropriate number of clustersautanaticdly isitsef a
velry adive areaof researh, ard once again numerous ap-
proaches have beenproposed[6, 9, 10, 13].

Agglomerative clustering [9] providesa natural way to
discover the number of clusterspresert in the data. The
Dendrogramgeneatedby the algorithm encmdesa seies of
nestedclusteing soluionswith differentnumber of clusters
(k). Variousapproachesxist for deducing thecorrectvalue
of k from a Derdrogram[11, 13]. A key advartageof ag-
glomerative methals like singledink is their ability to dis-
cover arbitrary non-spheiical structuresin the data. On the
otherhard, validation methalsfor KM eansclustering solu-
tionsare comstrainedby KMears' objective function which
is bed suted for n ding compactspkhericalstructuresin the
data. There are, however, several problems with agglom-
erative approaches. They tend to be greedy and this makes
themextremdy suscefible to outliersaswell asnoisein the
data. Alsq agglomerdive clustering methods n d the pair

Joydeg Ghosh
ElectricalandConmputerEngineeing
University of Texasat Austin
ghosh@ ece.uexas.edu

wise similarity betweenall points before clusterirg them
hierarchically. Pairwise similarity compuationis quadatic
in the number of datapoints, making these approadesim-
practicalfor large datasetsOur frameavork dealswith both
these problems.

In orderto overcometheseproblens, we summarizethe
objectsby afew protatypestha arecorcertratedaroundthe
denseregions of dataand aremuch more sparsearaund the
non-denseregions. We show that agdomeratirg over these
prototypes leadsto more noise-eslient and computation-
ally ef cient clustering.

1.1. Contrib utions

Thefollowing are the key contributions of our work.

We propose a novel framavork to discover the true
number of arbitrarily shaged clustersn thedata.

We evaluateour appgroachon a variety of datasts ard
shaw thatit statisticallysign cantly outperforms Evi-
denceAccurrulation [4] and GapStatistic[13] interns
of quality of clusterngsfound.

We shaw that our approad is more robust to outliers
ard noise than algorithms that agglomerate over the
data.

We demamstrae the scalability of our algorithm
by perfforming expetimens on severd large high-
dimersional datasetsincluding text data.

1.2. Organization of paper

In the next sectionwe will introduce CLUMP, our ap-
proach for discovering the true number of clusters in the
data. Relaed work in the areaof cluster validationis then
reviewed in Sedion 3. Section4 providesa small intuitive
demanstration of how CLUMP nd s the true structure in
the datain spite of the presence of sign cant anmounts of
noise. In Sectiam 5, we evaluateour algaithm on a variety
of datasetsarnd compareits pefformarce against Evidence
Accumulation ard Ggp Statistic.



2. CLUMP: CLugtering Using Multiple Proto-
types

In this section we will descrile the CLUMP framewvork
for structure discovely in dataand provide an algorithm for
it. Laterin the section we explain theratiorale behird it.

2.1. Notation

Let X = fxj;::;Xng derote the daast of n d-
dimersiond pdterns. We apply r clusterirg algaithms
fAg_, to the data eachgrouping the objects into

fk(@ g, clusters.Eachclustering algorithm A(9 outputs

an k@ matrix 1 (9 suwch thatl((i‘;*j)) = 1if x; is placed
in clusterj by A(@  otherwisel (ﬁ) = 0. Centrad-based
algorithms, like KMeans, descibe eachclusterby the cen-
troid of the datain the cluster In addition to | (9, these
algorithms outputak(®  d matrix C(% which cpntainsthe
k(® cluster certers. Thereareatotalof m = = [ k(@

clusters.

The algarithm proceed in the following threesteps.

2.2.Obtain Prototypes

Our r st stepis to summarize the databy a setof m
prototypes. Theseprototypes are obtaired by running a
clustering algarithm repeatedy to obtainr clusterirg so-
lutions. Each x; is now representedby r prototypes, one
from each run. We ohtain the overdl merbership matrix
I = (1D :::1 () by concatending all the individual mem-
bershp matrices. For centioid-basedclustering algarithms
all individual certroid matricesare corcateratedto yield a
m dmatrix C = (CAT::c()T)T_ For non-centoid
basedalgorithms, we cansimply have C = | 7. Here each
clusteris descriled by a binary vecta indicating whether
eachdatapoint belorgedto the clusteror not.

In practice,we setall the fk(¥gf_; to the same value,
betweentwo to threetimesa rough estimate of the actual
number of clustersin the data. The reason for this choice
is explained later in the paper. The clusterirg algarithm
we use for exposition purposesard for our experiments
is KM eans but ary clustering algorithm that n ds clusters
with the desiredpropertiescan be used We descibe these
propettiesin detail laterin this section.

2.3.Cluster the Prototypes

The setof m prototypesis clustered using the single-
link agglomeraive methal to yield atreestrudure of nested
clusterings calleda Derdrogram[9]. If the undellying clus-
tering algorithm is centmwid-basedthenits measue of dis-
tanceis usedfor conputing the par-wisedistance between

protatypes. For instance,when the clustering algorithm
used is KMears, distarnce betweenprototypesis the Eu-
clideandistane. For non-certroid based agorithms, pair-
wise distancesbetweenprototypes can be de ned in terms
of the number of datapoints they share: the Taninoto co-
efcient (Intersectim/Union) betweenrows of C. We plot
agraph with thex-axis denating the numberof clusters ard
they-axis deroting the value of the similaiity functionwhen
merging a x clusters. The knee/ellow of the curve, or the
point of maximum curvature, is used to return the appro-
priate number of clusters.Sahador and Chan [11] discuss
mary mettodsfor nding the number of clustersfrom such
graphs. We note tha nding the number of clustes from
the unnormalizedcurve of the similarity function performed
betterthan using a normalizationprocedire lik e GapStatis-
tic [13]. Moreover, Gap Statistic is very computatiorally
expensve, sinceit requresmultiple clustering runsfor each
valueof number of clusters.

Say, we obtainK such meta-clisters, i.e. clustes of pro-
totypes. For eachof theK metaclusterswe obtain a mem-
bershipvectorof sizen which describeseach data-mint's
associatia with tha meta-clwster. This asscciation can be
calcdated asthe sum of the paint's associatia to all the
prototypesthat are clusteredinto that metaeluster Once,
we know which points as®ciatewith which metaelusters,
we selecta minimal setof metaclustersthat coversall the
points. A datapaint is saidto be coveredif it hasanon-zero
associatia to one of the selectednetaclusters.In practice
a greedyprocess of selecting meta-clustes in the order of
decreaing number of uncovered paints they cover is seen
to work very well. As explainedlaterin this sectim, this
process helpseliminatemary clusters thatformedsolely of
noisy datapaints andoutliers.

2.4. Obtain the Final Clustering

At the erd of the previous stepwe obtaina setof k meta-
clusters suchtha all pointshave anon-zem ascaciationwith
atlead one of them.In the nal step points areassignedto
the meta-¢usterto which they are most associatedTiesin
associatias are brokenrandmly. This givesus a nal set
of k clustersard the points assgnedto them

25. Rationale behind the approac

Ourapproachtriesto mitigatetheill-effects of the greed-
iness ard conputatioral conplexity of the agglomerdive
methals by converting the problem of clusterirg data-
points into the problem of describng the datawith a few
prototypesand then clustering theseprotatypes. The proto-
typesare obtainedusing algorithms that have a time com-
plexity linearin size of daa. SinceCLUMP agglomeraes
over the prototypesthat are far fewer in number than the



data-pints, its computatioral complexity is much lower
than algarithms that agglomerae over the whole daaset.
Moreover, if we canersurethatthe prototypesare concen-
tratedaroundthe derseregions and spreadout in the sparser
regions of the data,the boundaiies of the true clusters will
bewell demacated Thiswould ensule thatgreedyagglom-
erative clusterirg methods do not memge true clustersearly
in the clusterng process.

The prototypesare obtainedby running analgorithm like
KMeansmultiple times over the dataset. Each KMears
runis seenastrying to tamixture of sprerical Gawsdans
model to the data. Sincewe don't know exactly how mary
clustersarepresen in the data,we over-cluster(usealarge
k) the dataso that KMears nds small compact clusters.
As we are over-clustering, it is highly probale that each
derse region in the datawill contain atleas one KMears
centrdd. Moreover, sinceeachKM eansrunis only guatan-
teed to n d alocal minima of its global objective function,
we obtain prototypesfrom multiple runs of KMears with
differert initialization. Hene, prototypesarelikely to be
concentiatedin the derseregions of dataand spreadoutin
the non-denseregions. Therfore, KMears centioids serve
our requiremerts of protatypes of the datavery well.

Protdypes are grouped into meta-dusters usirg the
single-link agdomerative algaithm which helps our ap-
proach n d amitrarily complex shapesn thedata Theknee
(Figure 1(d)) in the plot of the singledink similarity func-
tion w.r.t. the number of meta-clisters givesus an estimade
of the numberof groupsin thedata.

The setof meta-dustersobtained is now pruned to re-
move the redundant onesasdescribel above. The single-
link algorithm groups prototypesconcertratedin the derse
regions of datainto metaclustersearly in theclusteing pro-
cess, leaving prototypesin sparseregions of dataas sin-
gleton or small metaclusters. We eliminate thesesmaller
meta-dustersif the objectsthey cover arearead/ covered
by larger meta-dusters.This often helps us eliminate meta-
clustersthat are formed of naisy points and outliers. The
pruning processwould be adwersely affected if prototypes
from someKMears run were larger clusterghanprototypes
from others. The meta-clisterscontaining theselarger pro-
totypeswould have a much better chanceof having other
meta-dustersremoved from the nal setof clustes. In or-
der to avoid this situaion we usethe samek(® for al the
KMeansruns.

CLUMP hastwo userde ned pammetes. r is the num-
ber of KMeansrunsto combine. We show laterin our ex-
perimentalevaluaion thatr = 10;:::; 15 peformswell for
mary red-life daasts. The secom paramneteris the num-
ber of clustersfor eathh KMeansrun. In mostred-life do-
mains, we have a vagle ideaabaut how mary clustersk,
exist in the data. It will be shavn thatclusterirgs obtained
fork(9 = 2 k;::;3  k aregood and stable.

3. Related Work

Agglomerative clusterirg approachesprovide avery nat-
ural wayto discovertheclustersin the datasef{9]. They are,
however, susceptible to outliers, and very computatiorally
expensie. Herewe brie y mertion sone notalde efforts
on alleviating theseproblems. Reactrsare referred to the
original papes for more details.

BIRCH [14] wasproposedasa mettod to clusteralarge
databasén asingle pass It triesto redwcetheinput datasize
by an incremental and approximate pre-clustering phase
that represerts databy small sphelical clusters whosesize
deperdsonmainmenory constraints.In asingle pass of the
data,each datapoint is assigredto a certroid if the closes
certroid is within athreshold distarce; else it formsits own
cluster. BIRCH was desgned primarily for computaional
efciency andhasbeenshowvn to be sersitive to outliers in
the data

CURE|[5] discovers ambitrarily shagdclustes by repre-
sentirg eachclusterby a setof well scattered points, that
are moved toward the cluster centerby a fraction . This
makesthe algorithm lessvulnerable to outliers. However,
its time complexity is O(n? logn). Theauttorstry to make
CURE scalalte by rst sub-sampling the data. In contrest,
CLUMP can afford to use the whole datasetsinceits time
complexity is linear in thenumbe of data-mints.

FredandJain[4] introducedthe EvidenceAccumulation
(EA) framework basedon theideaof comhining the reallts
of multiple clusterings. Like our approach EA also over
clustersthe datasetnultiple timesto ohtain a seriesof clus-
tefings. Thes clusterirgs are however usedto transfam
the original data into a parwise similarity spacewheretwo
objects are corsidered similar if they occur in the same
cluster in mary clusterings. A sinde-link methal is then
used to cluster the points. The singledink algaithm is
stoppedwhen a similarity threshold of t = 0:5 is reacted.
Sinee agdomeratie clustering is performed over the setof
data-pints, the time complexity of this methal is at leag
guadaticin thesize of thedatasemaking it impracticalfor
large datasetsln contrast, our agproachclustersthe proto-
types,which are far fewer in number than the data-pints.
Also, asshavn in Sectim 4 and Subsections.4, CLUMP is
morefar more resilientto noise and outliersin thedaathan
EA.

Gap Statidic [13] is a popular technique for cluster
model selectio. It works by edimating, for each k, the
expectedvalue of a statistic on randomly distributed data.
The smallestk for which the gap betwea the value of the
statigic on the databeing clusteed andits expectedvalue
stogs increasingis output as the true numbe of clusters.
Often a statisic's expectedvalueis estimaed using Monte
Carlosampling. Thisinvolvesrunning the clusteringalgo-
rithm multiple times for eachdifferent values of k under



consideration making Gap Statistt very expersive compu-
tationally.

Outside of the cluster validation literature there exist
same tecmiques that bear slight resembance to our ap-
proach. In the Cluster Ensenble frameavork, Streh and
Ghosh [12] introduced the Meta-CLusteng Algorithm
(MCLA) to combine multiple clusterirg solutions. MCLA
achievesthis by matding the clustersfrom differen solu-
tions by grouping them using graph pattitioning methods.
MCLA, however, requiresthatthe desirednumber of clus-
tersbeprovided

Bradley ard Fayyad[2] descrile a method to use multi-
ple clusterirg runsto n d agood initialization for KMears.
They initially clustermultiple sub-samples of the datausing
KM eanswith a speci ed value of k. All the centrdds ob-
tained are thenreclusteredusing KMeansto obtaink meta-
clusterswhich sene to initialize a KMears run of the full
dataset.The problemwe aretacHing is conmpletelydifferert
sincewe do nat know thetruek ard try to discoverit.

4. lll ustration on a Toy Dataset

In this secti;n we shaw, with the hdp of arti cial data,
how CLUMP implicitly peforms outliers detection and
n ds clusters even in the preserce noisy data when Evi-
dence Accumulation (EA) [4] fails to do so. The 2 dimen-
sional datasetused for this experiment (Figure 1(a)) con-
sists of 400 points samped from two Gaussaéns of unit
variance centeed at (1;1) and (7;7) (indicatel by blue
dots and black plusesrespectively). In order to make the
problem harcer, 30 naise points are placed uniformly be-
tween the two clusters (indicaed by red triangles in Fig-
ure 1(a)). CLUMP wasrun with paranetes k(¥ = 6 and
r = 15redwing the dataseto 90 pratotypesshown in Fig-
ure 1(b). As we can see maost prototypes are corcertrated
in the denseregions of the data, with sane cleaty comre-
sponding to noise datapoints. The key thing to note hereis
the absege of too many prototypesfrom the sparserareas
of the data. This alserce of prototypes clearly demacates

the boundariesof clusters.

CLUMP discovers three clustersin the datamarked by
differert shgesin Figure 1(c). We canseethat CLUMP
sweceed in identifying Clusters1 and 2 and groups the
noiseinto Cluster3 yielding a clustering with a NMI scoe
of 0.902. EA (run with k(@ = 20 andr = 200) when ap-
plied to the datasetmeiged all the datainto 1 cluster Fur
ther, since CLUMP only hadto agglomerde over 90 proto-
types,our algarithm ran much fasterthanEA. On the cur-
rent problem EA on an average took abait 40 secands to
runon a3 GHz machire with 2GB of RAM. Ouralgarithm
took lessthan1 secord.
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5. Experiments on Real Datasets

Our approach seeksto discover natural clustes in the
data.Many reseathes useextrinsic measwessuchasclass
labels to evaluate clusterquality. These classlabels, how-
ever, may or maynaot correspad to the natural structurein
the data. For examge, certain classesnay be multi-modal
and representedy two clustersin the data. Hence while
we will use the classlabels to re ect the natural structure
in the data, we will report results using multiple clustering
qudity measues Theseadditional measues would give
more insight into the quality of clusterngs found. These
measue are introducedand explainedlaterin this section.

We compare CLUMP to EvidenceAccumulation (EA)
[4], and KMeans (with k guessedusing the Gap Statistic
[13]) on a variety of datagts. We show that on a major-
ity of daasts, CLUMP statigdicaly signi cantly outper
formsbath EA andKMeans+Gap Furthemore, CLUMP is
shown to be muchfasterand more robust to noisethan EA.
We alsoshow how CLUMP parametes canbe set globally
for all datagts.We erd this sectionwith experimentswith
text datato shavcasethe scalabilityof our approach.

5.1. Evaluation measures

To give a complete picture of the perfformanceof our al-
gorithm we use multiple evaluation criteriain tandem.
Number of Clusters k: We report the number of clusters
found by the algorithms being evaluated Showing the dis-
tribution of number of clusters found would have beenmore
senantically mearingful, but to conserve spae we only
presemthe averagenumberof clusters obtanedby CLUMP,
EA, ard KMeans+Gap In caseof sone daasets, nd ing as
mary clusters asclas®s indicatesthatthe true strudure in
the datahasbeenfound.

Class ca tion via Clustering (CVC): As explainedearlier
theremight exist more clusters thanclassesn the data In
sieh casesa userwould be satis ed with a clusteing that
n dsmultiple clustes for each classsuch that the purity of
eachcluster in termsof the classlabelsof its corstituentsis
high. CVC is simply the classi cation accuacgy assunng
all menbers of a cluster were predided to be menbers of
the majarity classin that cluster Eachclusters contribution
to CVC is weighedby its size,sothat very small pure clus-
tersdon't compensatdor largeimpure ones. CVC is biased
in favor of solutionswith large number of clustes, but for
a x ed number of clusters,it canbe useful for compaiing
clusteringsolutions.
Normalized Mutual Information (NMI): The NMI of a
clusteringw.r.t the classlabds is the Mutual Information
betweenthe two labellings normalizedby eachof ther en-

; . — L(X5Y) . .
tropes NM1(X;Y) = pw where,l (X;Y) de

notesthe mutualinformationbetwed two random variabes

Name #dasses #featues #Hinstanes
Iris 3 4 150
Wine 3 13 178
Glas 6 9 214
Pendgits 10 16 550
8D5K 5 8 500
WBC 2 9 700
Waveform 3 41 600
Vowel 11 10 990
20News-dff 3 7666 3000
20News-sim 3 10083 3000

Table 1. Properties of datasets used in exper-
iments

X ard Y ard H (X ) dendestheentiopy of X . This mea-
sure was introduced by Strelh and Ghosh [12] andis fre-
quertly used for evaluaing clusterings. It hassorme nice
propertiessuchasN M | (X; X) = 1 andif Y hasonly one
clusterlabel for all instance NM | (X;Y) = 0.

Another measuwe of clustering accuacgy is Adjusted
RAND [8]. The AdjustedRAND conparestwo labellings
based on whetter pairs of objectsare placedin the sameor
different clusters in them The maxmum value it takesis
1, ard its expeded value is 0. We computed the Adjusted
RAND scae for eachsoluion and found it to be highly
correlatedto the NMI score. Hercewe will only repat the
NMI scoein the pager.

5.2. Datasds Usd

To objectively evaluate our apgoach against EA ard
KMeans+Gapwe usedmary datasetswith widely differ-
ert propertiesto reduceary biasof dataseselectio. Some
of these propetties are listed in Tabe 1. WBC stand
for the Wiscorsin Breast Carcer dataset. Many of the
datasetare from the UCI Machine Leaming repository [1],
while 8D5K was usedin [12] and can be obtaired from
wwv.stre hl.co m The Perdigits, Waveform, and 8D5K
datasetqthat originally contained 10000, 5000, and 1000
points respetively) were subsamped to obtain smaller
dataset®of size 500, 600, and 500 points respectiely while
maintairing the classpriors of the origina datast. This
wasnecessarasexperimertswith EA and GapStatigic are
not very conputatiorally expersive on datasetsvith more
than 1000 points. For text-data experimentswe used dif-
ferert subsetsof the 20Newsgraip dataset [7]. EA ard
KMeans+Gapwas nat evaluatedon text-daa, becaise of
computational costs



Datases CLUMP EA KMeans+G@

k 2.62/0.8 3.87/064 3.81.2
Iris NMI | 0.740.02* 0.69/001 0.710.03
CVC | 0.74/008 0.81/Q05 0.870.06

k 4.22/071 4.33/047 1/0.0

Wine NMI | 0.400.02* 0.38/000 0.00.0

CVvC | 0.68/003 0.72/000 0.40.0

k 7.28/0.5 9.65/073 3.15/18
Glass NMI | 0.470.02* | 0.46/Q00 0.350.04

CVvC | 0.55/001 0.59/000 053/0.1

k 10.8815 10.38/1.19 10.1/29
Pendigits | NMI 0.7/0.01* 0.71/0.03 0.660.05
CVC | 0.72/005 0.66/006 0.720.12

k 5/0.14 4.02/014 4.31.1

8D5K NMI 1/0.01* 0.91/001 091/0.1
CcvC 1/0.01 0.8/0.02 0.870.15

Wiscorsin k 3.11/047 8.76/182 2.81.1
Breast NMI 0.63/003 0.34/017 0.690.06*
Cancer CcvC 0.96/0.0 0.83/012 0.960.01
k 7.42/112 112/2.3 5.350.59
Waweform | NMI | 0.490.03* | 0.07/006 0.470.01
CVvC | 0.79/004 0.37/Q06 0.760.02

k 12.2385 2.95/082 6.91.3
Vowel NMI 0.42/007 0.17/005 0.430.02
CvC | 0.38/007 0.14/002 0.350.04

Table 2. Comparison of CLUMP with EA and
KMeans+Gap. Each entry is mean/std . dev.
of 100 runs.

5.3. Comparisonwith EA and KM eanstGap

Table 2 shows the resuts of running CLUMP, EA, and
KMeans(with Ggp Statistic) on 8 datasets CLUMP was
runwith paraneters:k(® wasrandomly setbetween?2  k
and 3 k, r = 15 _Paramete setting for EA were
r = 200, andk(® = b nc asreconmerdedin [4]. For
KMeansthe number of clusterswere estimated by Gap
Statistic,whase B parameter (cortrols the number Monte
Caillo sanple datasets wassetto 20. For all algaithms,
eachnumberrepatedin Talbde 2 wasobtainedby averagng
over 100 runs. Entriesin Bold indicate datasets on which
CLUMP perfformed statisticallybetter(level < 0:01) than
EA orviceversa. Similarly, * next to anently indicateshat
CLUMP performed statistically better than KMeans+Gap
or vice versaontha dataset.

The resultsin Tale 2 show that CLUMP wasoverdl the
bestof the three tecmiquescompared. On all datasetsex-
pect Pendgits, CLUMP performed statisttally betterthan
EA. On comparism with the KMeansand Gap Statistic
comhnation, CLUMP performed statistically betteron 6
out of 8 datasets This might be becaiseKMears' under
lying modding assimption of spherical Gaussiansnay not
hold for most realworld datasts. On the other hard, sinee
CLUMP agdomeratesover protatypes of small derse re-
gions, it can nd aritrarily shagedclusters. For all datasets
otherthanWaveform, theaverage numbe of clusters found

Pendigits
0.81

ﬁ 3
0.61 T~
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Figure 2. The x-axis shows incre asing levels
of noise in the dataset. Accuracy of EA (dot-
ted line) drops dramatically with noise while
CLUMP (solid line) remains unaffected.

by CLUMP wascloserthan or ascloseto the true number
of clustes asthasefound by GapStatistic.However, onthe
Waveform datasetCLUMP scored higherin terms of NMI

ard CVC than KMeansindicating that structure found by
CLUMP matchel the true structure of the data better

54. Clustering in the presenceof noise

In orderto evaluateCLUMP on naisy datasetswe added
sone noisy datapointsto existing datasetsThe noisy points
were create by picking two points from different classes
uniformly at random andadding a new point at a random
position on the line joining the two selectd points. This
process createslatapoints in the gap betweenclassesnak-
ing it harcer for clusterdiscovery algaithms to discernthe
presene of clusters.We repat reallts on two datasets, but
similar trerdswere seenfor mostdaaets.

Figure 2(a) shows how CLUMP and EA peiformedon



Figure 3. The solid bar indicates the time
taken by CLUMP to cluster the dataset. The
height of the striped bar is proportional to the
amount of time taken by EA. Clearly, CLUMP
is much faster than EA, and the gap becom es
wider for larger datasets

the Pendgits datasetwith differentlevels of noise. As we
increased the number of noisy points in the data, the accu-
racy of EA dropped dragically, while CLUMP's accuracy
was unaffected Figure 2(b) shows similar results for the
8D5K dataset. These resuts conrm our intuition thatbe-
causeCLUMP clusters prototypes instead of the original
data-pints, it is more resilient to noisein the dataset.

5.5. Scdability of CLUMP

In Figure 3 we plot the amaunt of time taken by CLUMP
and EA to cluster differert datasets.For eachdatasetthe
height of the solid baris equd to the time takenby CLUMP
divided by the sumof the time taken by CLUMP andEA.
Both algarithms need about the same amaunt of time to
clusterthe Iris datast, but as the datasetdecone larger,
EA takes much longer than CLUMP. This is because the
running time of CLUMP increasedinearly with the number
of datapoints making it much more scaldle that EA.

5.6. Independence of Parameers Values

In this sutsedion we shav how the CLUMP parameers
r and k(@ canbeset. The parameterr cortrols the number
of timesKMears is run to obtain the prototypes. Table 3
shows how theNMI of nal clusterirgsvaries while charg-
ing ther paamder. As is clearfrom the tale, for most
datasetghe change in thevalue of NMI is negligible. This

Datasets 5 10 15 20 25
Iris 0.73 0.74 074 076 075
Wine 0.40 040 040 040 040
Glass 0.46 046 046 0.46 046
Perdigits | 0.71 0.70 0.70 0.70 0.69
8D5K 0.998 0.998 0.98 0.98 0.998
WBC 0.63 0.63 064 064 064
Waveform | 0.46 0.49 0.49 0.48 049
Vowel 0.39 0.43 0.42 043 043

Table 3. Change in NMI w.r.t. the parameter (r)

[y 1 15 2 25 3 4 5
s | 073 077 075 074 074 074 074
wne | 045 04 038 04 039 039 039

Gass | 034 041 046 047 047 049 05
Pendgis_| 061 066 0.0 _0.70 072 073 __0.73
sosk__| 078 086 007 0986 0098 0.998 0998
wec 0 071 067 063 050 061 064
Wadom | 036036 043 048 049 042 _ 0.36
vod | 042 043 042 042 039 033 0.26

Table 4. Change in NMI wrt. the ratio of k(@
and k

invarianae erablesus to setr = 15 for all datasets.Butr
canbereducad to 10in case k(9 is large andwe don't want
to agdomerateover too many prototypes.

Paraneterk(® contrds the number of prototypesgerer-
atedfrom each clustering run. If the true number of clus-
ters in the datawas known, we would use a KMears like
approach But in mary domains, we have only a vague
idea of the true number of clusters. Talde 4 shaws the
change in NMI w.rt. charging valuesof k(@. The num-
bersin the r st row are the ratio of k(® ard the true k for
ead datasetFor most datasets,the valueNMI obtainedfor
k@ =2 k::3 kisfairly high and stable. In fact, for all
datasetther than WBC the NMI value after sone initial

instahilit y doesnt change much over the range of values of
k()

5.7. Experiments with Text

The20-Newsgoup datasef7] cortains1000 documerts
for each of the 20 differert Newsgioups. Since sone pairs
of classesre extremely similar andhave overlapping com-
porents, it is unclear hov mary actual clustersof doc-
umerts are preent in the data. In order to objectively
evaluae our algorithm, we createtwo smaller daasts.
20News-diff contains 1000 documents each from classes
alt.Atheism, rec.spat.Baseball,ard sci.Spae. As is evi-
dent,theseclasgsareabaut extremelydifferert topics, ard
we expectto nd atleag 3 distind clusters. 20News-sim
contairs three extremely similar classegalk.politics.guns,



Datasets SpKMears CLUMP
Best Average | Average

k 3 2.990.69

20News-dff | NMI | 0.84 0.830.08 | 0.76/0.1
CvC | 097 0.950.06 | 0.89/0.13

k 3 5.2/1.38

20News-sim | NMI | 0.37 0.34/0.09 | 0.37/0.06
CvC | 0.62 0.620.07 | 0.70/0.09

Table 5. Evaluation of CLUMP on subsets of
20 Newsgroup dataset. Results are averaged
over 100 runs. Sp-KMeans was provided k =
3 and its best result over of 100 runs is also
reported.

talk.politics.mideast,ard talk.pditics.misc. Theseclasses
have articles about the very similar topics and mary doc-
umerts are cross-mstedacrossthem. Somepropetties of
thesedatagts are summaizedin Tale 1.

In orderto effectively obtain clusterprototypesin such
high-dimensional spa@, we used Spterical KMeans (Sp-
KMeans)[3]. SpKMeansnormdizesthe datato lie on a
unit hyper-sptereand thenusesa distan@ measue derived
from cosire simil arity to clusterthedata. We used thesane
distance measureto obtan pair-wise distarce betweenthe
prototypesfor agglomerdive clustering. In these experi-
ments, CLUMP is compaed agninst Sp-KMears with the
true number of clustersk = 3 provided. For both datasets
CLUMP wasrun with paranetersk(® = 10andr = 15.
Since both EA and SpKMeans+Gaprun Sp-KMeans sev-
eral times, it wasinfeasibleto use either approachto cluster
this data. Table5 summarizesthe results. The Average re-
suts areaveraged over 100 runs. For SpKMears the Best
resultof the 100 runsis alsorepated

CLUMP nds the correct number of clusters for the
20News-diff dataset. What is most remakabe is that
CLUMP wasableto nd the true number of clustersafter
redwcing 3000 documertsto 150 protatypes. 20News-simis
avery tough dataseasis evident from Sp-KMeansreaults.
The clustering obtained by CLUMP scored higher than Sp-
KMeanson avergge. CLUMP foundonaverage 5 clusterdn
the data, often splitting up the classtalk.pditics.miscsince
it had overlapping componentswith the othertwo classes.

6. Condusions and Futur e Work

In this pager we introduced CLUMP, a gereric frame-
work for discovering strudure in the databasedon sunma-
rizing the datawith multiple prototypes On comparison
with Evidence Accumuation and Ggp Statistic, CLUMP
wasshavn to obtain much betterclusterirg sdutions. We
showed that CLUMP discovers the true structure in the

data even in the presege of extrenely large amaunts of
noise. CLUMP wasalsoshaown to be tolerart to variations
in the designparametes. The scalability of our approach
was demanstratedby clusteing large, high dimersional
text datasets As a diredion for future work, we would
like to conpare CLUMP to sanpling besedappoaches like
BIRCH and CURE. Further, we aim to extend CLUMP to
the problemsof Outlier Detedion andOverlagping Cluster

ing.
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