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Abstract

We introduce a robust and ef�cient framework called
CLUMP (CLustering Using Multiple Prototypes)for unsu-
pervised discovery of structure in data. CLUMP relies on
� nding multipleprototypesthat summarize the data. Clus-
tering the prototypesenables our algorithm to scaleup to
extremelylarge andhigh-dimensional domains such as text
data. Other desirable propertiesincluderobustnessto noise
and parameter choices. In this paper, we describe the ap-
proach in detail, characterize its performanceon a variety
of datasets,andcompareit to someexistingmodel selection
approaches.

1. Int roduction

Clustering hasbeenanactive areaof research for many
years and numerous techniqueshave beenproposed for it
[9]. Many of theapproaches, like the popular KMeansal-
gorithm, rely on theuser to pre-specify the number of clus-
ters desired. The model selectionproblem of determining
the appropriatenumber of clustersautomatically is itself a
very active areaof research, and once again numerous ap-
proacheshave beenproposed[6, 9, 10, 13].

Agglomerative clustering [9] providesa natural way to
discover the number of clusterspresent in the data. The
Dendrogramgeneratedby thealgorithm encodesaseriesof
nestedclustering solutionswith differentnumberof clusters
(k). Variousapproachesexist for deducing thecorrectvalue
of k from a Dendrogram[11, 13]. A key advantageof ag-
glomerative methods like single-link is their ability to dis-
cover arbitrary non-spherical structuresin thedata. On the
otherhand, validation methodsfor KMeansclustering solu-
tionsare constrainedby KMeans' objective function which
is best suited for �n ding compactsphericalstructuresin the
data. Thereare, however, several problems with agglom-
erative approaches.They tend to be greedyand this makes
themextremely susceptible to outliersaswell asnoisein the
data.Also, agglomerative clustering methods�n d thepair-

wise similarity betweenall points before clustering them
hierarchically. Pairwise similarity computationis quadratic
in the number of datapoints, making these approachesim-
practicalfor largedatasets.Our framework dealswith both
theseproblems.

In orderto overcometheseproblems, we summarizethe
objectsby afew prototypesthat areconcentratedaroundthe
denseregions of dataand aremuchmore sparsearound the
non-denseregions. We show that agglomerating over these
prototypes leadsto more noise-resilient and computation-
ally ef�cien t clustering.

1.1. Contrib utions

Thefollowing are thekey contributionsof our work.

� We propose a novel framework to discover the true
numberof arbitrarily shapedclustersin thedata.

� We evaluateour approachon a variety of datasets and
show thatit statisticallysigni�cantly outperformsEvi-
denceAccumulation [4] and GapStatistic [13] in terms
of quality of clusteringsfound.

� We show that our approach is more robust to outliers
and noise than algorithms that agglomerate over the
data.

� We demonstrate the scalability of our algorithm
by performing experiments on several large, high-
dimensional datasets,including 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. Related work in theareaof cluster validation is then
reviewed in Section 3. Section4 providesa small intuitive
demonstration of how CLUMP �nd s the true structure in
the datain spite of the presenceof signi� cant amounts of
noise. In Section 5, we evaluateour algorithm on a variety
of datasetsand compareits performance against Evidence
Accumulationand Gap Statistic.



2. CLUMP: CLustering Using Multiple Proto-
types

In this section we will describe theCLUMP framework
for structure discovery in dataandprovide an algorithm for
it. Laterin the section weexplain therationalebehind it.

2.1.Notation

Let X = f x1; :::; xn g denote the dataset of n d-
dimensional patterns. We apply r clustering algorithms
f A (q) gr

q=1 to the data, each grouping the objects into
f k(q) gr

q= 1 clusters.Eachclustering algorithm A (q) outputs

a n � k(q) matrix I (q) such that I (q)
( i;j ) = 1 if x i is placed

in clusterj by A (q) , other wise I (q)
( i;j ) = 0. Centroid-based

algorithms, like KMeans,describe eachclusterby the cen-
troid of the datain the cluster. In addition to I (q) , these
algorithmsoutput ak(q) � d matrix C (q) which containsthe
k(q) cluster centers. Therearea total of m =

P r
q=1 k(q)

clusters.
The algorithm proceeds in the following threesteps.

2.2.Obtain Prototypes

Our �r st step is to summarize the data by a set of m
prototypes. Theseprototypes are obtained by running a
clusteringalgorithm repeatedly to obtain r clustering so-
lutions. Each x i is now representedby r prototypes,one
from each run. We obtain the overall membership matrix
I = (I (1) :::I ( r ) ) by concatenating all the individual mem-
bership matrices.For centroid-basedclustering algorithms
all individual centroid matricesareconcatenatedto yield a
m � d matrix C = (C (1)T :::C( r )T )T . For non-centroid
basedalgorithms,we cansimply have C = I T . Here each
cluster is described by a binary vector indicating whether
eachdata-point belongedto theclusteror not.

In practice,we setall the f k(q) gr
q=1 to the same value,

betweentwo to threetimesa rough estimateof the actual
number of clustersin the data. The reason for this choice
is explained later in the paper. The clustering algorithm
we use for exposition purposesand for our experiments
is KMeans,but any clustering algorithm that �n dsclusters
with thedesiredpropertiescan be used. We describe these
propertiesin detail laterin this section.

2.3.Cluster thePrototypes

The set of m prototypes is clustered using the single-
link agglomerativemethod to yield atreestructureof nested
clusteringscalledaDendrogram[9]. If theunderlying clus-
tering algorithm is centroid-based, thenits measure of dis-
tanceis usedfor computing thepair-wisedistancesbetween

prototypes. For instance,when the clustering algorithm
used is KMeans, distance betweenprototypes is the Eu-
clideandistance. For non-centroid based algorithms, pair-
wisedistancesbetweenprototypes can be de�ned in terms
of thenumber of datapoints they share: the Tanimoto co-
ef�cient (Intersection/Union) betweenrows of C. We plot
agraph with thex-axis denoting the numberof clustersand
they-axis denoting thevalueof thesimilarity functionwhen
merging at x clusters. The knee/elbow of thecurve, or the
point of maximum curvature, is used to return the appro-
priatenumber of clusters.Salvador andChan [11] discuss
many methods for � nding thenumberof clustersfromsuch
graphs. We note that �nd ing the number of clusters from
theunnormalizedcurveof thesimilarity functionperformed
betterthan using anormalizationprocedure likeGapStatis-
tic [13]. Moreover, GapStatistic is very computationally
expensive,sinceit requiresmultiple clustering runsfor each
valueof number of clusters.

Say, weobtainK suchmeta-clusters, i.e. clustersof pro-
totypes. For eachof theK meta-clusterswe obtain a mem-
bershipvectorof sizen which describeseach data-point's
association with that meta-cluster. This association can be
calculated as the sum of the point's association to all the
prototypesthat areclusteredinto that meta-cluster. Once,
we know which points associatewith which meta-clusters,
we selecta minimal setof meta-clustersthatcoversall the
points. A datapoint is saidto becoveredif it hasanon-zero
association to one of the selectedmeta-clusters.In practice
a greedyprocess of selecting meta-clusters in the order of
decreasing number of uncovered points they cover is seen
to work very well. As explainedlater in this section, this
processhelpseliminatemany clusters thatformedsolely of
noisy data-pointsandoutliers.

2.4. Obtain the Final Clustering

At theend of thepreviousstepweobtainasetof k meta-
clusterssuchthat all pointshaveanon-zero associationwith
at least one of them. In the�nal step, pointsareassignedto
the meta-clusterto which they are most associated. Ties in
associationsare brokenrandomly. This givesus a �nal set
of k clustersand thepointsassignedto them.

2.5. Rationalebehind the approach

Ourapproachtriesto mitigatetheill-effectsof thegreed-
iness and computational complexity of the agglomerative
methods by converting the problem of clustering data-
points into the problem of describing the datawith a few
prototypesand thenclustering theseprototypes. Theproto-
typesare obtainedusing algorithms that have a time com-
plexity linearin size of data. SinceCLUMP agglomerates
over the prototypesthat are far fewer in number than the



data-points, its computational complexity is much lower
than algorithms that agglomerate over the whole dataset.
Moreover, if we canensurethat the prototypesareconcen-
tratedaroundthedenseregionsand spreadout in thesparser
regions of thedata,theboundariesof the true clusters will
bewell demarcated. Thiswould ensurethatgreedyagglom-
erative clustering methods do not merge trueclustersearly
in theclustering process.

Theprototypesareobtainedby running analgorithm like
KMeansmultiple times over the dataset. Each KMeans
run is seenastrying to � t a mixture of sphericalGaussians
model to thedata.Sincewe don' t know exactly how many
clustersarepresent in the data,we over-cluster(usea large
k) the dataso that KMeans � nds small compact clusters.
As we are over-clustering, it is highly probable that each
dense region in the datawill contain at least one KMeans
centroid. Moreover, sinceeachKMeansrun is only guaran-
teed to �n d a local minima of its global objective function,
we obtain prototypesfrom multiple runs of KMeans with
dif ferent initialization. Hence, prototypesare likely to be
concentratedin the denseregions of dataand spreadout in
the non-denseregions. Therefore, KMeans centroids serve
our requirementsof prototypesof thedatavery well.

Prototypes are grouped into meta-clusters using the
single-link agglomerative algorithm which helps our ap-
proach�n d arbitrarily complex shapesin thedata. Theknee
(Figure 1(d)) in the plot of the single-link similarity func-
tion w.r.t. thenumber of meta-clusters givesus anestimate
of the numberof groupsin thedata.

The setof meta-clustersobtained is now pruned to re-
move the redundant onesasdescribed above. The single-
link algorithm groups prototypesconcentratedin the dense
regionsof datainto meta-clustersearly in theclustering pro-
cess, leaving prototypes in sparseregions of dataas sin-
gleton or small meta-clusters. We eliminate thesesmaller
meta-clustersif the objectsthey cover arealready covered
by largermeta-clusters.Thisoftenhelpsuseliminatemeta-
clustersthat are formed of noisy points andoutliers. The
pruning processwould be adversely affected if prototypes
from someKMeansrun werelargerclustersthanprototypes
from others. Themeta-clusterscontaining theselargerpro-
totypeswould have a much betterchanceof having other
meta-clustersremovedfrom the �nal setof clusters. In or-
der to avoid this situation we usethe samek (q) for all the
KMeansruns.

CLUMP hastwo user-de�ned parameters. r is the num-
ber of KMeansruns to combine. We show later in our ex-
perimentalevaluation that r = 10; :::; 15 performswell for
many real-life datasets. The second parameteris the num-
ber of clustersfor each KMeansrun. In most real-life do-
mains,we have a vague ideaabout how many clusters,k,
exist in the data. It will beshown thatclusteringsobtained
for k(q) = 2 � k; :::; 3 � k are good andstable.

3. Related Work

Agglomerativeclustering approachesprovideaverynat-
ural wayto discovertheclusters in thedataset[9]. They are,
however, susceptible to outliers, and very computationally
expensive. Here we brie�y mention some notable efforts
on alleviating theseproblems. Readersare referred to the
original papers for moredetails.

BIRCH [14] wasproposedasamethod to clustera large
databasein asinglepass. It triesto reducetheinput datasize
by an incremental and approximate pre-clustering phase
that represents databy small spherical clusters whosesize
dependsonmainmemory constraints.In asinglepassof the
data,each datapoint is assignedto a centroid if theclosest
centroid is within a threshold distance;else it formsits own
cluster. BIRCH was designedprimarily for computational
ef�ciency andhasbeenshown to besensitive to outliers in
the data.

CURE[5] discoversarbitrarily shapedclustersby repre-
senting eachclusterby a setof well scattered points, that
are moved toward the cluster centerby a fraction� . This
makesthe algorithm lessvulnerable to outliers. However,
its timecomplexity is O(n2 logn). Theauthorstry to make
CURE scalable by �rst sub-sampling thedata. In contrast,
CLUMP can afford to use thewhole dataset,since its time
complexity is linear in thenumber of data-points.

FredandJain[4] introducedtheEvidenceAccumulation
(EA) framework basedon theideaof combining the results
of multiple clusterings. Like our approach, EA also over-
clusters thedatasetmultiple timesto obtain aseriesof clus-
terings. These clusterings are however usedto transform
theoriginal data into apairwisesimilarity space,wheretwo
objects are considered similar if they occur in the same
cluster in many clusterings. A single-link method is then
used to cluster the points. The single-link algorithm is
stoppedwhen a similarity threshold of t = 0:5 is reached.
Since agglomerative clustering is performedover the setof
data-points, the time complexity of this method is at least
quadratic in thesizeof thedatasetmaking it impracticalfor
large datasets.In contrast, our approachclusterstheproto-
types,which are far fewer in number than the data-points.
Also, asshown in Section 4 andSubsection5.4, CLUMP is
morefar moreresilientto noiseand outliersin thedata than
EA.

Gap Statistic [13] is a popular technique for cluster
model selection. It works by estimating, for each k, the
expectedvalueof a statistic on randomly distributed data.
The smallestk for which the gapbetween the value of the
statistic on the databeing clustered andits expectedvalue
stops increasingis output as the true number of clusters.
Often a statistic's expectedvalueis estimated using Monte
Carlosampling. This involvesrunning theclusteringalgo-
rithm multiple times for eachdifferent values of k under



consideration making GapStatistic very expensive compu-
tationally.

Outsideof the cluster validation literature there exist
some techniques that bear slight resemblance to our ap-
proach. In the Cluster Ensemble framework, Strehl and
Ghosh [12] introduced the Meta-CLustering Algorithm
(MCLA) to combine multiple clustering solutions. MCLA
achievesthis by matching the clustersfrom different solu-
tions by grouping them usinggraph partitioning methods.
MCLA, however, requiresthat the desirednumber of clus-
tersbeprovided.

Bradley and Fayyad[2] describe a method to use multi-
ple clustering runsto �n d agood initialization for KMeans.
They initially clustermultiple sub-samplesof thedatausing
KMeanswith a speci�ed value of k. All the centroids ob-
tainedare thenreclusteredusing KMeansto obtaink meta-
clusterswhich serve to initialize a KMeans run of the full
dataset.Theproblemwearetackling iscompletelydif ferent
sincewe do not know thetruek and try to discover it.

4. Ill ustration on a Toy Dataset

In this section we show, with the help of arti�cial data,
how CLUMP implicitly performs outliers detection and
�n ds clusters even in the presence noisy data when Evi-
denceAccumulation (EA) [4] fails to do so. The2 dimen-
sional datasetused for this experiment (Figure 1(a)) con-
sists of 400 points sampled from two Gaussians of unit
variance centered at (1; 1) and (7; 7) (indicated by blue
dots andblack plusesrespectively). In order to make the
problem harder, 30 noise points are placeduniformly be-
tween the two clusters (indicated by red triangles in Fig-
ure 1(a)). CLUMP wasrun with parameters k (q) = 6 and
r = 15 reducing the datasetto 90 prototypesshown in Fig-
ure 1(b). As we can seemost prototypes areconcentrated
in the denseregions of the data,with some clearly corre-
sponding to noisedatapoints.The key thing to notehereis
the absenceof too many prototypesfrom the sparserareas
of thedata. This absenceof prototypes clearlydemarcates
the boundariesof clusters.

CLUMP discovers threeclustersin the datamarked by
different shapesin Figure 1(c). We canseethat CLUMP
succeeds in identifying Clusters1 and 2 and groups the
noiseinto Cluster3 yielding a clustering with a NMI score
of 0.902. EA (run with k(q) = 20 andr = 200) when ap-
plied to the dataset,mergedall thedatainto 1 cluster. Fur-
ther, sinceCLUMP only hadto agglomerate over 90proto-
types,our algorithm ran much fasterthanEA. On the cur-
rent problem EA on an average took about 40 seconds to
runon a3 GHzmachinewith 2GBof RAM. Ouralgorithm
took lessthan1 second.
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Figure 1. (a) The data with 2 cluster s and
noise marked by red triangles. (b) Proto ­
types obtained by CLUMP. (c) Final cluster ­
ing correctl y identi�es cluster s 1 and 2 and
separates noise into clust er 3. (d) The graph
of similarity function and number of cluster s.
The knee of the curve is sho wn.



5. Experiments on RealDatasets

Our approach seeksto discover natural clusters in the
data.Many researchersuseextrinsic measuressuchasclass
labels to evaluateclusterquality. These classlabels, how-
ever, may or maynot correspond to thenatural structure in
the data. For example, certain classesmaybemulti-modal
and representedby two clustersin the data. Hence, while
we will use the classlabels to re�ect the natural structure
in thedata, we will report results using multiple clustering
quality measures. Theseadditional measures would give
more insight into the quality of clusterings found. These
measure are introducedand explainedlaterin this section.

We compareCLUMP to EvidenceAccumulation (EA)
[4], and KMeans (with k guessedusing the Gap Statistic
[13]) on a variety of datasets. We show that on a major-
ity of datasets, CLUMP statistically signi�cantly outper-
formsboth EA andKMeans+Gap. Furthermore,CLUMP is
shown to bemuchfasterand more robust to noisethanEA.
We alsoshow how CLUMP parameters canbeset globally
for all datasets.We end this sectionwith experimentswith
text datato showcasethe scalabilityof our approach.

5.1.Evaluation measures

To give a completepicture of theperformanceof our al-
gorithm we usemultiple evaluation criteria in tandem.
Number of Clusters k: We report the number of clusters
found by thealgorithmsbeing evaluated. Showing thedis-
tribution of numberof clustersfound would havebeenmore
semantically meaningful, but to conserve space we only
present theaveragenumberof clustersobtainedby CLUMP,
EA, and KMeans+Gap. In caseof somedatasets,�nd ing as
many clusters asclasses indicatesthat the true structure in
the datahasbeenfound.
Classi�ca tion via Clustering (CVC): As explainedearlier
theremight exist more clusters thanclassesin the data. In
such casesa userwould be satis�ed with a clustering that
�n dsmultiple clusters for each classsuch that thepurity of
eachcluster in termsof theclasslabelsof its constituentsis
high. CVC is simply the classi�cation accuracy assuming
all members of a cluster were predicted to be members of
themajority classin thatcluster. Eachcluster'scontribution
to CVC is weighedby its size,sothat very small pure clus-
tersdon't compensatefor largeimpureones. CVC is biased
in favor of solutionswith large number of clusters, but for
a �x ed number of clusters,it canbe useful for comparing
clusteringsolutions.
Normalized Mutual Information (NMI): The NMI of a
clusteringw.r.t the classlabels is the Mutual Information
betweenthetwo labellings normalizedby eachof their en-
tropies. N M I (X ; Y ) = I (X ;Y )p

H (X )H (Y )
where,I (X ; Y ) de-

notesthemutualinformationbetween two random variables

Name #classes #features #instances
Iris 3 4 150

Wine 3 13 178
Glass 6 9 214

Pendigits 10 16 550
8D5K 5 8 500
WBC 2 9 700

Waveform 3 41 600
Vowel 11 10 990

20News-dif f 3 7666 3000
20News-sim 3 10083 3000

Table 1. Proper ties of datasets used in exper ­
iments

X and Y and H (X ) denotestheentropy of X . This mea-
sure was introducedby Strehl and Ghosh [12] and is fre-
quently used for evaluating clusterings. It hassome nice
propertiessuchasN M I (X ; X ) = 1 andif Y has only one
cluster label for all instances N M I (X ; Y) = 0.

Another measure of clustering accuracy is Adjusted
RAND [8]. TheAdjustedRAND comparestwo labellings
based on whether pairsof objectsare placedin the sameor
different clusters in them. The maximum value it takesis
1, and its expected value is 0. We computed the Adjusted
RAND score for eachsolution and found it to be highly
correlatedto the NMI score. Hencewe will only report the
NMI score in thepaper.

5.2. DatasetsUsed

To objectively evaluate our approach against EA and
KMeans+Gapwe usedmany datasetswith widely differ-
ent propertiesto reduceany biasof datasetselection. Some
of these properties are listed in Table 1. WBC stands
for the Wisconsin Breast Cancer dataset. Many of the
datasetsare from theUCI MachineLearning repository [1],
while 8D5K was used in [12] and can be obtained from
www.stre hl.co m. ThePendigits, Waveform, and8D5K
datasets(that originally contained 10000, 5000, and 1000
points respectively) were sub-sampled to obtain smaller
datasetsof size500, 600, and500 points respectively while
maintaining the classpriors of the original dataset. This
wasnecessaryasexperimentswith EA andGapStatistic are
not very computationally expensive on datasetswith more
than 1000 points. For text-dataexperimentswe used dif-
ferent subsetsof the 20Newsgroup dataset [7]. EA and
KMeans+Gapwas not evaluatedon text-data, becauseof
computational costs.



Datasets CLUMP EA KMeans+Gap

Iris
k 2.62/0.8 3.87/0.64 3.8/1.2

NMI 0.74/0.02 * 0.69/0.01 0.71/0.03
CVC 0.74/0.08 0.81/0.05 0.87/0.06

Wine
k 4.22/0.71 4.33/0.47 1/0.0

NMI 0.40/0.02 * 0.38/0.00 0.0/0.0
CVC 0.68/0.03 0.72/0.00 0.4/0.0

Glass
k 7.28/0.5 9.65/0.73 3.15/1.8

NMI 0.47/0.02 * 0.46/0.00 0.35/0.04
CVC 0.55/0.01 0.59/0.00 0.53/0.1

Pendigits
k 10.88/1.5 10.38/1.19 10.1/2.9

NMI 0.7/0.01* 0.71/ 0.03 0.66/0.05
CVC 0.72/0.05 0.66/0.06 0.72/0.12

8D5K
k 5/0.14 4.02/0.14 4.3/1.1

NMI 1/0.01* 0.91/0.01 0.91/0.1
CVC 1/0.01 0.8/0.02 0.87/0.15

Wisconsin k 3.11/0.47 8.76/1.82 2.8/1.1
Breast NMI 0.63/0.03 0.34/0.17 0.69/0.06*
Cancer CVC 0.96/0.0 0.83/0.12 0.96/0.01

Waveform
k 7.42/1.12 11.2/2.3 5.35/0.59

NMI 0.49/0.03 * 0.07/0.06 0.47/0.01
CVC 0.79/0.04 0.37/0.06 0.76/0.02

Vowel
k 12.23/3.5 2.95/0.82 6.9/1.3

NMI 0.42/0.07 0.17/0.05 0.43/0.02
CVC 0.38/0.07 0.14/0.02 0.35/0.04

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

5.3.Comparisonwith EA and KM eans+Gap

Table2 shows the results of running CLUMP, EA, and
KMeans(with Gap Statistic) on 8 datasets. CLUMP was
run with parameters:k(q) wasrandomly setbetween2 � k
and 3 � k, r = 15. Parameter settings for EA were
r = 200, and k(q) = b

p
nc asrecommended in [4]. For

KMeansthe number of clusterswere estimated by Gap
Statistic,whose B parameter (controls the number Monte
Carlo sample datasets) wasset to 20. For all algorithms,
eachnumber reportedin Table 2 wasobtainedby averaging
over 100 runs. Entries in Bold indicatedatasetson which
CLUMP performed statisticallybetter(level < 0:01) than
EA or viceversa. Similarly, * next to anentry indicatesthat
CLUMP performed statisticallybetter than KMeans+Gap
or vice versaon that dataset.

Theresultsin Table 2 show thatCLUMPwasoverall the
bestof the three techniquescompared. On all datasets, ex-
pect Pendigits, CLUMP performed statistically betterthan
EA. On comparison with the KMeansand Gap Statistic
combination, CLUMP performed statisticallybetteron 6
out of 8 datasets. This might be becauseKMeans' under-
lying modeling assumption of sphericalGaussiansmay not
hold for most realworld datasets. On theother hand, since
CLUMP agglomeratesover prototypes of small dense re-
gions, it can�nd arbitrarily shapedclusters. For all datasets
otherthanWaveform, theaveragenumber of clusters found
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Figure 2. The x­axis sho ws incre asing levels
of noise in the dataset. Accurac y of EA (dot ­
ted lin e) drops dramatica lly with noise while
CLUMP (solid line) remains unaff ected.

by CLUMP wascloserthanor ascloseto the true number
of clustersasthosefoundby GapStatistic.However, onthe
Waveform dataset,CLUMP scoredhigher in terms of NMI
and CVC than KMeansindicating that structure found by
CLUMP matched the true structure of the databetter.

5.4. Clustering in thepresenceof noise

In orderto evaluateCLUMP on noisy datasets, weadded
somenoisydatapointstoexistingdatasets.Thenoisypoints
were created by picking two points from different classes
uniformly at random andadding a new point at a random
position on the line joining the two selected points. This
processcreatesdatapoints in the gapbetweenclassesmak-
ing it harder for clusterdiscovery algorithms to discernthe
presence of clusters.We report results on two datasets,but
similar trendswere seenfor mostdatasets.

Figure 2(a) shows how CLUMP andEA performedon



Figu re 3. The solid bar ind icates the time
taken by CLUMP to clust er the dataset. The
height of the striped bar is propor tional to the
amoun t of time taken by EA. Clearl y, CLUMP
is much fast er than EA, and the gap becom es
wider for larger datasets

the Pendigits datasetwith different levels of noise. As we
increasedthenumberof noisy points in the data, theaccu-
racy of EA dropped drastically, while CLUMP's accuracy
wasunaffected. Figure 2(b) shows similar results for the
8D5K dataset. These results con�rm our intuition thatbe-
causeCLUMP clusters prototypes instead of the original
data-points, it is more resilient to noisein thedataset.

5.5.Scalabilit y of CLUMP

In Figure3 weplot theamount of timetaken by CLUMP
and EA to cluster different datasets.For eachdataset,the
height of thesolid bar is equal to the timetakenby CLUMP
divided by the sumof the time taken by CLUMP andEA.
Both algorithms needabout the same amount of time to
cluster the Iris dataset, but as the datasetsbecome larger,
EA takes much longer than CLUMP. This is because the
running timeof CLUMP increaseslinearly with thenumber
of data-pointsmaking it muchmore scalable that EA.

5.6. Independenceof Parameters Values

In this subsection we show how theCLUMP parameters
r and k(q) canbeset. The parameterr controls the number
of timesKMeans is run to obtain the prototypes. Table3
showshow theNMI of �nal clusteringsvarieswhile chang-
ing the r parameter. As is clear from the table, for most
datasetsthe change in thevalue of NMI is negligible. This

Datasets 5 10 15 20 25
Iris 0.73 0.74 0.74 0.76 0.75

Wine 0.40 0.40 0.40 0.40 0.40
Glass 0.46 0.46 0.46 0.46 0.46

Pendigits 0.71 0.70 0.70 0.70 0.69
8D5K 0.998 0.998 0.998 0.998 0.998
WBC 0.63 0.63 0.64 0.64 0.64

Waveform 0.46 0.49 0.49 0.48 0.49
Vowel 0.39 0.43 0.42 0.43 0.43

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

k ( q )
k ! 1 1.5 2 2.5 3 4 5

Iris 0.73 0.77 0.75 0.74 0.74 0.74 0.74
Wine 0.45 0.4 0.38 0.4 0.39 0.39 0.39
Glass 0.34 0.41 0.46 0.47 0.47 0.49 0.5

Pendigits 0.61 0.66 0.70 0.70 0.72 0.73 0.73
8D5K 0.78 0.86 0.97 0.986 0.998 0.998 0.998
WBC 0 0.71 0.67 0.63 0.59 0.61 0.64

Waveform 0.36 0.36 0.43 0.48 0.49 0.42 0.36
Vowel 0.42 0.43 0.42 0.42 0.39 0.33 0.26

Table 4. Change in NMI w.r.t. the ratio of k(q)

and k

invariance enablesus to setr = 15 for all datasets.But r
canbereduced to 10 in casek(q) is largeandwedon' t want
to agglomerateover toomany prototypes.

Parameterk(q) controls the number of prototypesgener-
atedfrom each clustering run. If the true number of clus-
ters in the datawasknown, we would usea KMeans like
approach. But in many domains, we have only a vague
idea of the true number of clusters. Table 4 shows the
change in NMI w.r.t. changing valuesof k (q) . The num-
bersin the �r st row are the ratio of k(q) and the true k for
each dataset.For mostdatasets,thevalueNMI obtainedfor
k(q) = 2� k:::3 � k is fairly high andstable. In fact, for all
datasetsother than WBC the NMI value after some initial
instabilit y doesn' t change much over the range of values of
k(q) .

5.7. Experiments with Text

The20-Newsgroup dataset[7] contains1000documents
for each of the20 different Newsgroups. Sincesome pairs
of classesare extremely similarandhave overlapping com-
ponents, it is unclear how many actual clustersof doc-
uments are present in the data. In order to objectively
evaluate our algorithm, we createtwo smaller datasets.
20News-diff contains 1000 documents each from classes
alt.Atheism, rec.sport.Baseball,and sci.Space. As is evi-
dent,theseclassesareabout extremelydif ferent topics,and
we expect to � nd atleast 3 distinct clusters. 20News-sim
contains threeextremely similar classestalk.politics.guns,



Datasets Sp-KMeans CLUMP
Best Average Average

20News-dif f
k 3 2.99/0.69

NMI 0.84 0.83/0.08 0.76/0.1
CVC 0.97 0.95/0.06 0.89/0.13

20News-sim
k 3 5.2/1.38

NMI 0.37 0.34/0.09 0.37/0.06
CVC 0.62 0.62/0.07 0.70/0.09

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

talk.politics.mideast,and talk.politics.misc. Theseclasses
have articles about the very similar topics andmany doc-
uments are cross-postedacrossthem. Someproperties of
thesedatasetsare summarizedin Table 1.

In order to effectively obtain clusterprototypesin such
high-dimensional space, we used Spherical KMeans (Sp-
KMeans)[3]. Sp-KMeansnormalizes the datato lie on a
unit hyper-sphereand thenusesa distance measure derived
from cosinesimilarity to clusterthedata.Weused thesame
distancemeasureto obtain pair-wise distance betweenthe
prototypes for agglomerative clustering. In these experi-
ments,CLUMP is compared against Sp-KMeans with the
truenumber of clustersk = 3 provided. For both datasets,
CLUMP wasrun with parametersk(q) = 10 and r = 15.
Since both EA and Sp-KMeans+Gaprun Sp-KMeans sev-
eral times,it wasinfeasibleto useeitherapproachto cluster
this data. Table5 summarizestheresults.The Average re-
sults areaveragedover 100 runs. For Sp-KMeans the Best
resultof the 100 runsis alsoreported.

CLUMP �n ds the correct number of clusters for the
20News-diff dataset. What is most remarkable is that
CLUMP wasable to �nd the true number of clustersafter
reducing3000 documentsto 150prototypes. 20News-sim is
a very tough datasetasis evident from Sp-KMeansresults.
Theclustering obtainedby CLUMP scoredhigher thanSp-
KMeanson average.CLUMPfoundonaverage5clustersin
the data,often splitting up the classtalk.politics.miscsince
it hadoverlapping componentswith theothertwo classes.

6. Conclusions and Futur eWork

In this paper we introduced CLUMP, a generic frame-
work for discovering structure in the databasedon summa-
rizing the data with multiple prototypes. On comparison
with EvidenceAccumulation and Gap Statistic, CLUMP
wasshown to obtain much betterclustering solutions. We
showed that CLUMP discovers the true structure in the

data even in the presence of extremely large amounts of
noise. CLUMP wasalsoshown to be tolerant to variations
in the designparameters. The scalability of our approach
was demonstratedby clustering large, high dimensional
text datasets. As a direction for future work, we would
like to compareCLUMPto sampling basedapproaches like
BIRCH andCURE. Further, we aim to extendCLUMP to
theproblemsof Outlier Detection andOverlapping Cluster-
ing.
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