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Abstract— Cluster Ensembles is a framework for combining multiple  cluster assignments. This is especially true for applbcasettings

partitionings obtained from separate clustering runs intoa final consensus \here underlying clustering algorithms access partiawsief the
clustering. This framework has attracted much interest re@ntly because data, such as in distributed data mining

of its numerous practical applications, and a variety of apmoaches .
including Graph Partitioning, Maximum Likelihood, Geneti ¢ algorithms, In the present study, we propose flexible frameworks for com-

and \oting-Merging have been proposed. The vast majority ofthese
approaches accept hard clusterings as input. There are, haver, many
clustering algorithms such as EM and fuzzy c-means that natally output
soft partitionings of data, and forcibly hardening these patitions before

bining multiple soft clusterings directly without “hardeg” the
individual solutions first. We introduce a new consensusction
ITK, based on the Information-Theoretic KMeans algorithir8][

that is more efficient and effective than existing approactieor
evaluation purposes, we create a large number of ensembles o
varying degrees of difficulty, and report clustering reswdthieved

by the various existing and new algorithms on them. In oraer t
objectively evaluate ITK we extend existing algorithms pemate on

soft cluster ensembles as well.

In Section Il we describe some past work on solving clusteean
bles. In Section Il we introduceoft cluster ensembles formally and

. INTRODUCTION also propose several new consensus functions which operatem.

Cluster Ensemblés a framework for combining multiple cluster- The experimental setup and the empirical results companigus
ings of a set of objects without accessing the original festwf soft-ensemble methods then follow in Section IV and Sectbn
the objects. This problem was first proposed in a knowledgsere respectively. Finally, in Section VI we conclude the paped ariefly
framework by Strehl and Ghosh [1] who applied it for imprayin mention possible directions for future research.
clustering quality and for distributed clustering. Sinkert cluster en-
sembles have been shown to be useful in many applicatiomsosn
such as knowledge-reuse [2], multi-view clustering [3}stdbuted In this section we briefly describe past work on cluster erdesn
computing [4], and in improving the quality and robustneds dreaders are referred to the original papers for more details
clustering results [5], [6], [7], [8]-

Several approaches have been proposed to solve clustentdese
in the recent past. Strehl and Ghosh [1] proposed three gragaitetic Strehl and Ghosh [1] proposed three graph-theoretic appesa
approaches for finding the consensus clustering. A bipagiaph (CSPA, HGPA, and MCLA) for finding consensus clusterings. In
partitioning based approach has been proposed in [9]. Toeth CSPA the similarity between two data-points is defined toibectly
al. [10] proposed the use of mixture of multinomial disttibns proportional to number of constituent clusterings of thesemble
to model the ensemble of labels along the lines of classataht in which they are clustered together. The intuition is the more
class analysis in marketing literature [3]. While thesehtégues are similar two data-points are the higher is the chance thastitoent
very varied in the algorithms they employ, the common thiisatiat ~ clusterings will place them in the same cluster. This siritifagraph
they only work with hard constituent clusterings. It is tteabof this between data-points is partitioned using METIS [14] to obthe
paper to investigat&oft Cluster Ensembles. desired number of clusters. The HGPA algorithm seeks tcctijre
partition the hyper-graph defined by the clusters in the bt
Hyper-graph partitioning seeks produce the final clustebig elim-

There are several clustering algorithms, such as EM [11] amthting the minimal number of hyper-edges. This partitioniis
fuzzy c-means [12], that naturally output soft partitiorfsdata. A performed using the package HMETIS [15]. The MCLA algorithm
soft partition assigns a value for the degree of associaifoeach takes a slightly different approach to finding the consemdustering
instance to each output cluster. So instead of a label vdotoall than the previous two methods. First, it tries to solve thestelr
the instances we have a matrix of values in which each instantorrespondence problem by clustering the clusters to foretam
is associated with every cluster with some membership valfien clusters. It then uses voting to place data-points into thtarolusters
these values are the posterior probabilities and sum up € lon obtaining the final consensus clustering. On similar lirfflesrn and
order to solve an ensemble of soft clusterings using one ef tBrodley [9] proposed the HBGF algorithm that forms a bigerti
existing algorithms mentioned above, we would have to “éatd graph between clusters and data-points, and then pastittengraph
the cluster assignments. This process involves complesdjgning to obtain the final consensus clustering.
each instance to the cluster to which it is most associatieid.résults Topchy et al. [10] model the cluster ensemble using a gemerat
in the loss of the information contained in the uncertamié the model and use EM to estimate the parameters of the model. In

obtaining a consensus potentially involves loss of valuablinformation.
In this paper we propose several consensus algorithms thatark on soft
clusterings and experiment with many real-life datasets toempirically
show that using soft clusterings as input does offer signifamt advantages,
especially when dealing with vertically partitioned data.

Keywords: Soft clustering, ensemble methods, graph based
algorithms, information theoretic kmeans.

Il. RELATED WORK ON CLUSTER ENSEMBLES

A. Ensembles of Hard Clusterings

A. Ensembles of Soft Clusterings



s s s®
S1 S22 S3 | sS4 ss Sg | ST Sg Sg

A @ A\

X T ! x1 |07 02 01|01 07 02|06 03 01
el 5 3 x> |09 01 00|00 08 02|08 02 00
bl IS x3 |09 00 01|01 04 05|05 05 00
“l o3 xa |02 06 02/ 01 02 07|02 07 01
ol B S xs |01 09 00|00 01 09|00 05 05
x| 8 3 xe |00 02 08|08 01 01|01 02 07
7 x; |01 02 07|07 01 02/01 03 06
TABLE |

TABLE Il

A SET OF THREE CLUSTERINGS
ENSEMBLE OF SOFT CLUSTERINGS

this approach, it is assumed that the ensemble has beenateherS(® representing the solution of the” soft clustering algorithm.
from a mixture of multi-dimensional multinomial distribohs. Each S has a column for each cluster generated in the clustering and
data point is generated by first picking a multinomial dimition the rows denote the instances of data v@ﬁgi) being the probability
according to the priors, and then picking the cluster labekach of x; belonging to clustej of theq'” clustering. Hence, the values in
clustering from the chosen multinomial distribution oviee tcluster each row ofS(® sum up to 1. There anesuch clusteringsy®)
labels. The cluster labels of different constituent clisgs are each withk(® clusters. Our goal is to find a consensus function
assumed to bei.d.. A drawback of this approach is that the numbewhich combines these clusterings into a combined labehngf the

of parameters to be estimated increases with both the nuwiberdata. It should be noted that the cluster ensemble framedozkn’t
constituent clusterings as well as with the number of clssta specify whether the final clusterings should be hard or dofthis
them. Experiments in [10] do not involve datasets with mdrant paper we only work with algorithms that output hard final tdugs.

8 clusters. In th.ls paper we will evaluate. the performancdhaf B. Solving Soft Ensembles with Information-Theoretic Kie@dTK)
consensus function on more complex real-life datasets aduwentage
of this approach is that it enables us to conveniently mode fi Information-Theoretic KMeans was introduced by Dhillon et
clusters of different sizes via priors in the mixture mod@kaph @l [13] as way to cluster words in order to reduce dimensigna
partitioning methods tend to yield roughly balanced clisst@his is in the document clustering problem. It is very similar to Kieans

a disadvantage in situations where the data distributiantisiniform. ~ &/gorithm, differing only in the fact that as a measure ofatise it
uses the KL-divergence [17] instead of the Euclidean distaifhe

B. Ensembles of Soft Clusterings reader is referred to the original paper for more detailgeHee just
A landmark work on “collaborative” fuzzy clustering was dohy describe the mapping of the soft cluster ensemble problerineo
Pedrycz [16]. The author considered a vertical partitigréenario, information-theoretic KMeans problem.
and captured the collaboration between multiple pariitige via ~ Each instance in a soft ensemble is represented by a coatiaten
pair wise interaction coefficients. This resulted in an edeg cost Of r posterior membership probability distributions obtairfeaim
function to accommodate the collaboration effect in theérojaation the constituent clustering algorithms (see mat8ixin Table II).
process. This approach is restricted in scope in many wach e Hence, we can define a distance measure between two instances
partition needs to have the same number of clusters; theuiffi using the Kullback-Leibler (KL) divergence [17], which calates
cluster correspondence problem is assumed to be alreasigdsol the “distance” between two probability distributions. THistance
and the distances between each point and its represenimtegch between two instances, andx, can be calculated as
of the solutions need to be known. Despite these constraints . (@ »
was illustrated that, at least for simple 2 and 3 cluster |erob, KL _ @ S@)| Sz_iz 1
collaboration had a positive effect on cluster quality. Buecess of TarTy T ZW Z 24109 s@ @
this work further motivates our research on more flexiblesemsus a=1 =1 Tyt
functions for ensembles of soft clusterings. r
where,w(? are clustering specific weights, so t@ w® =1
I1l. SOFT CLUSTERENSEMBLES =1
In this section we will first formally define the soft cluster Note that Equation (1) is equivalent to computing the KL dive
ensemble problem. We will then introduce a new algorithmetias 98nce between instances represented by a nfairxwhich each row

on Information Theoretic KMeans [13], and describe enhareggs SUMS Up to one. This normalization can be performed by niyitig

. w(@) .
to existing techniques mentioned in Section I, to solvesemtsies of €ach value inS by ST @ Now that we have a distance
. =1
soft clusterings. measure between instances based on KL-divergence, we edhais
A. The Soft Cluster Ensemble Problem information-theoretic KMeans algorithm to obtain the finahsensus

) ) clusters.
Let X = {x1, X2, ..., X, } denote a set of instances/objects. Also, Computing Equation (1) withv® = % gives all clusterings equal
=

letA” [{1,2,..k}" denote the label vector of the" clustering importance. We can, however, imagine scenarios where we hav
of X; i.e. .)‘z('Q) is the label ofx; in the q" clustering. This is @ jfferent importance values for the constituent clusigsinpossibly
hard labeling produced by clusterings algorithms such ass#M . confidence in the accuracy of these clusterings basechen t
(see Table I). In cases where the underlying clusteringrhgo 1, mper of features they access. These confidence values ety
outputs soft cluster labels\(” is defined asargmax;P (C,|x:), integrated into the cost function using the weigits’.
whereP (C,|x;) is the posterior probability of instance belonging
to clusterC,. An ensemble of soft clusterings is shown in Table [IC- Soft version of CSPA (sCSPA)

While constructing a soft cluster ensemble, insteadharfdening The CSPA algorithm [1] works by first creating a graph of all
the posterior probabilities into cluster labels we cordtrai matrix —objects where edges are weighted by pair-wise similarifies graph



is then partitioned using METIS [14] to produce the desirachber
of clusters.

SCSPA extends CSPA by using valuesSrto compute pair-wise
similarities. If we visualize each object as a point E;zl k(@
dimensional space, with each dimension correspondingaiogility

of its belonging to a cluster, the®S” is the same as finding the

dot product in this new space. Thus the technique first toans

the objects into dabel-space and then interprets the dot product

between the vectors representing the objects as theirasityil In

Name | Type of features  #features #classes #instances

8D5K real 8 5 1000

Vowel real 10 11 990
Pendigits real 16 10 10992

Glass real 9 6 214

HyperSpectral real 30 13 5211

Yeast real 8 10 1484

Vehicle real 18 4 846

TABLE IlI
DATASETS USED IN EXPERIMENTS

our experiments we use Euclidean distance in the label space

obtain our similarity measure. The dot product is highlyretated
with the Euclidean measure, but Euclidean distance previde
cleaner semantics. The distance between two instargesnd X,
is calculated as

r k(@)

>3 (s-

q=1 i=1

Qryry =

2
(@)

value to the sum of association values of all final meta-ehsstan

be the confidence of assignment of an object to the metaeclust
There is, however, one issue with this approach. Becausereve a

using soft clusterings as inputs, the meta-graph of thetensiss

almost complete. More specifically, even clusters from thenes

clusterings have non-zero similarity to each other. Thisias the

case with MCLA since it uses a binary Jaccard measure, arttbfor

This can be interpreted as a measure of the difference in gsterings Jaccard similarity between clusters in theeselnsterings

membership of the objects for each cluster. This gissilitylaneasure
is converted into a similarity measusg,, ., = e ?

Tq,T}

is necessarily zero. Empirically, we get better consensustaring
results after making the meta-graph r-partite. Hence, sM@irces

We can also define distances between instances using Khe similarity of clusters coming from the same clusteringbie

divergence [17] as in Section IlI-B. In our experiments waatved
that while all versions of the sSCSPA (with Euclidean disinkL
divergence, and cosine similarity) performed similarlye tresults
obtained using Euclidean distance were slightly better.irSthis
paper we will only report results on sCSPA using Euclideatadice.
sCSPA (like CSPA) is impractical for large datasets, andchemne
will only report results for datasets with less than 200(agadints.

D. Soft version of MCLA (sMCLA)

zero. This is, however, only done when the number of clusters
all the constituent clusterings is equal to the desired finahber

of clusters. In ensembles where the number of clusters i eac
underlying clustering vary the algorithm does not force theta-
graph to be r-partite.

E. Soft version of HBGF (sHBGF)

HBGF models the ensemble as a bipartite graph with eacheclust

In MCLA each cluster is represented by a n-length binary ass@nd instance represented as nodes, and edges betweentédneass

ciation vector. The idea is to group and collapse relatedteis
into meta-clusters, and then assign each object to the chetter
in which it belongs most strongly. The clusters are groupedriaph
partitioning based clustering.

and the clusters they belong to. This approach can be adapted
consider soft ensembles by weighing the edges of the graphedy
degree of association of instance to the cluster. This gigghen
partitioned using METIS which accepts weighted edges. IBGHR

SMCLA extends MCLA by accepting soft clusterings as inputt.he graph has+t vertices, wherd is the total number of underlying

sMCLA's working can be divided into the following steps (dlian
steps are followed in MCLA too).
Construct Soft Meta-Graph of Clusters: Al the > _, k@ clusters

or indicator vectors; (with weights), can be considered as vertices

of another regular undirected graph. The weight of the edj@den
two clusterss, ands, is set toW,, ;, = Euclidean_dist(s., Sy). This
distance is a measure of the difference in membership oblts to
these two clusters. As in the sCSPA algorithm, the Euclidéstance
is converted into a similarity value.

Group the Clusters into Meta-Clusters The meta-graph con-
structed in the previous step is partitioned using METIS rtodpce
k balanced meta-clusters. Since each vertex in the met&-gegp
resents a distinct cluster label, a meta-cluster represemgroup of
corresponding cluster labels.

Collapse Meta-Clusters using Weighting We now collapse all the
clusters contained in each meta-cluster to form its assoniaector.
Each meta-cluster’'s association vector contains a valueevery
object’s association to it. This association vector is coteg as the
mean of the association vectors for each cluster that ispg@unto
the meta-cluster. This is a weighted form of the step peréatrim
MCLA.

clusters. The weights on the edges are set as follows:

- W(i, j) =0if i,j are both clusters or both instances
- W, = Si; otherwise, wherd is the instance angl is the
cluster

IV. EXPERIMENTAL SETUP

We empirically evaluate the various algorithms presente&ec-
tions Il and Il on soft cluster ensembles generated fromiouar
datasets. In this section we describe the experimentgh setdetail.

A. Datasets Used

We perform the experimental analysis using the six real-lif
datasets and one artificial dataset. Some basic propeltitisese
datasets are summarized in Table Ill. These datasets whkretezt
S0 as to present our algorithms with problems of varying elegr
of difficulty — in terms of number of desired clusters, numioér
attributes, and number of instances. All these datasetd) thie
exception of 8D5K and HyperSpectra| are publicly accessible from
the UCI data repositofy

Compete for Objects Each object is assigned to the meta-cluster to 1. st r ehl . com

which it is most associated. This can potentially lead to f& faal
clustering, since the ratio of the winning meta-clustessaxiation

2csrserv. csr. ut exas. edu/ rs/research/ hyper. ht m
Swww. i ¢s. uci . edu/ Caflear n/ MLReposi tory. ht n



Name | # attributes  Numatts options  #clusterings/Numatts-optio

8D5K 8 3,456 10
Vowel 10 3,45,6,7 10
Pendigits 16 3,4,6,9,12 15
Glass 9 3,4,5,6,7 10
HyperSpectral 30 5,10,15,20,25 15
Yeast 8 2,345 10
Vehicle 18 45,811 15
TABLE IV

DATASET SPECIFIC OPTIONS FOR CREATING ENSEMBLES

B. Ensemble Test-set Creation

The NMI of two labellings of instances can be measured as

1(X,Y)
VHOH(Y)

where,l (X, Y) denotes the mutual information between two random
variablesX and Y and H(X) denotes the entropy aX. In our
evaluation, X will be consensus clustering whik¢ will be the true
labels. More details about NMI can be obtained from [1].

Since we are varying the ensemble parameters over a very wide
range for each dataset, we end up with a lot of different goaft
comparison. In order to report some sort of overall scoreefach

NMI(X,Y) = 2

In order to compare the hard and soft ensemble methods, &s vedgorithm on all the ensembles used, we use the GeometrictMea

as to evaluate the our Information-Theoretic KMeans (ITiQsédx
approach, we created soft cluster ensembles of varyingedegof
difficulty. Note here that for each soft cluster ensemble Wso a
stored its corresponding hardened version to evaluate adetthat
only accept hard clusterings.

The individual clusterings in our ensembles were creat@juse
EM algorithm [11] with a mixture of Gaussian distributionodel,
but any algorithm that outputs soft probabilities could énéxeen
used. Further, each constituent clustering was created wusitically
partitioned subsets of the datasets. This partial viewefidta as well
as the dependence of EM on initialization resulted in themity in
the individual clustering solutions in an ensemble.

As mentioned above, we wanted to evaluate our algorithms
ensembles of varying degrees of difficulty. For this purpese
created ensembles by varying two parameters that cordrale
degree of difficulty. The first parameter is the number oftaites that
the EM algorithm accesses while creating the constituerstetings.
We expect the difficulty of an ensemble containing clusgsicreated
from less attributes to be higher. The second parametee iaimber
of constituent clusterings in the ensemble. In general, wgeet
that as the number of constituent clusterings increase dhsenisus
clusterings obtained should be more accurate. For mossetatéhe
number of clusterings in the ensembles is varied fidto 10, and

Ratio [18]. The GMR is calculated as follows. Suppose we have
ensembles that we tested our algorithms on,ldiMd | 4 andNM I 5
are vectors of the average NMI values w.r.t. to true labeksiobd
by algorithmsA and B on these runs. GMR is calculated as
n %
NMIpg;
GMR(A,B) = <i_1 m) 3)

In later sections we display the GMR values in tables withgow
and columns representing the algorithms being comparethdse
tables elemen(i, j) represents the valuEM R(algo(i), algo(j)),
where algo(i) and algo(j) are the algorithms represented in row
orand columnj respectively. Hence, values 1 along a column
mean that the algorithm corresponding to the column peddraiter
than the other algorithms. Similarly, the valugsl along the rows
indicates that the algorithm corresponding to the row scdretter
than the other algorithms.

V. SOFT VSHARD CLUSTER ENSEMBLES

In this section we present results from our evaluation of the
algorithms we described in earlier sections using the éxpantal
setup described Section IV.

in some cases td5. The entire set of options for all the dataset®. Soft Versions of Existing Algorithms

is listed in Table IV. The second column in the table deseritiee
different settings for number of features used to creatstetings.

In this section we evaluate the performance of CSPA, MCLA,
and HBGF, their soft counterparts, and the Mixture of Mutirials

For instance, for the 8D5K dataset we can obtain ensembls Winethod. The evaluation measure we employ is the GeometranMe

constituent clusterings created using 3,4,5, or 6 ateuflso, for
each such setting we can select from 10 clusterings to form
ensemble. Of course, each of these 10 clusterings is credthd
a randomly selected set of attributes.

Ratio (GMR), which is calculated over all the ensembles thate
8ftated as described in Subsection IV-B. There were, hawsome
exceptions to the direct application of the GMR formula oedr
datasets. HBGF, CSPA and their soft versions were not rurhen t

Hence, while creating an ensemble we specify three parasnetg4yperSpectral and Pendigits datasets because thesetdateseoo
the dataset name, the number of attributes, and the number|fe to expect solutions in reasonable time. Hence, whecowgare

clusterings. For each set of parameter values, we creatéptaul
ensembles by randomly selecting the clusterings to comMife®,
non-deterministic consensus functions are run multiphes in order
to average out variations in results due to initialization.

one of these algorithms to the others we do not consider grlesm
of these large datasets. Also, in certain cases (espeéallfough
ensembles) the consensus functions output clusteringsstioae 0

on the NMI measure. This would happen, for example, if all the

Here we must note that each individual clustering as wellhas tinstances were placed in a single consensus cluster. In casss

consensus function is given the true number of clusters tb filne
use of ensembles for finding the true number of clusters,eeffect

the GMR either becomé3 or co depending on where the zero score
appears. Hence, we assign a very small nominal value (019G00

of differentk in constituent clusterings on ensemble accuracy are ngle NMI score whenever it is zero. The effect of this nomircirs

investigated in this study.

C. Evaluation Criteria

In order to evaluate the final consensus clusterings olitaive
used Normalized Mutual Information (NMI) which was intrashd

vanishes because we normalize by takingrifferoot of the product.
Table V shows the GMR values of the NMI measure comparing
the three original algorithms as well as their soft versioie can
see that for each algorithm the soft version performs béti@n the
corresponding hard version. Keep in mind that algorithnth walues

by [1]. NMI can be used to compare the obtained clusteringhéo t< 1 on their row are performing better than the others. Thesdtses

true labels of the instances.

show that the soft versions of the algorithms are able to hse t



| CSPA° sCSPA  MCLA sMCLA HBGF sHBGF MixMns ||TK 10K sHBGF sMCLA

CSPA | 1 105 0718 0999 0978 102  0.802

SCSPA | 0.94 1 068 0948 0928 0967  0.76 ITK 10K 1 0.856 0.875

MCLA | 1.163  1.22 1 1.17 1.136 1.18 0.913 sHBGF 1.167 1 0.98

SMCLA | 1.00 105 056 1 0978 1019  0.77 SMCLA 1.142 1.012 1

HBGF | 102 1076 073 102 1 1.04 0.82

SHBGF | 0.98 103 0705 098  0.959 1 0.787

MixMns | 1.25 131 073 1297 1219  1.269 1 TABLE VII

TABLE V GEOMETRIC MEAN RATIO OFNMI SCORE OVER ALL ENSEMBLES THE

GEOMETRIC MEAN RATIO OF NM| SCORE OVER ALL ENSEMBLES THE VALUE table; j INDICATES RATIO OF ALGORITHMS] /i

VALUE table; ; INDICATES RATIO OF ALGORITHMS/i

| ITK 10K sHBGF sMCLA

_ ITK 10K 1 0.816 0.798

| CSPA sCSPA MCLA SMCLA HBGF SsHBGF  MixMns SHBGF 1.226 1 0.94
CSPA 1 1.085 0652  0.997 0.97 1.06 0.655 SMCLA 1.253 1.06 1
SCSPA | 0.92 1 0.60 0919 0897  0.98 0.604
MCLA | 153  1.665 1 1.47 1.49 1.63 0.922
SMCLA | 1.003 1.088  0.46 1 0.976  1.06 0.627 TABLE VIII
HBGF | 1.028 1113  0.67 1.025 1 1.09 0.673
SHBGE 0.94 1.024 0.62 0.94 0.92 1 0.618 GEOMETRIC MEAN RATIO OFNMI SCORE OVER TOUGH ENSEMBLESTHE
MixMns | 1.53  1.656  0.73 1.59 1485  1.617 1 VALUE table; ; INDICATES RATIO OF ALGORITHMS] /i

TABLE VI

GEOMETRIC MEAN RATIO OFNMI SCORE OVER TOUGH ENSEMBLESTHE

VALUE table; ; INDICATES RATIO OF ALGORITHMS /i ) ]
B. Information-Theoretic KMeans (ITK)

We compare the Information-Theoretic KMeans algorithmhwit
two of the best algorithms from the analysis in the previcertion.
Table VIl displays the GMR values for the ITK, sHBGF, and sMCL
algorithms over all the ensembles. As we can see, ITK pedorm

) ) ) ) ) ) appreciably better than both sHBGF and sMCLA. Moreover, GIHB
We notice that the mixture of Multinomials algorithm (MixMN 504 SMCLA are fairly similar to each other in overall perfamce.

performs worse than all other algorithms other than MCLAISTh | qrqer to find whether ITK performs better for tougher or gien
may be because many of the datasets we used had a large nUMbgf,@smples we calculate GMR over only the tough ensemblae He
clusters, resulting in parameter estimation problems fier rhixture again the tough ensembles are defined as in Subsection V-&. Th
model. Topchy et al. [10] only evaluated their algorithm @alr oq s of this experiment are listed in Table VIII. As we &, the
datasets with very low number of clusters. improvement in ITK's performance over sSHBGF/SMCLA is highe

Another key observation is the dramatic difference in the- pewhen considering the subset of tougher ensembles.
formance of the SMCLA and MCLA algorithms. The performance Some of the datasets used for this study present tougheeichas
improvement of sSMCLA over MCLA is by far larger than theto the clustering algorithms than others. In terms of the ébtire of
improvements by other soft versions like SCSPA and sHBGF iBh clusterings 8D5K is the simplest dataset while Yeast is tlughest.
because MCLAs performance is very bad when the input cligge  We display in Table IX and Table X the GMR value matrix for
are not accurate. This can be seen by its performance valtg#s ansembles of datasets 8D5K and Yeast respectively. As weean
tough ensembles (Table VI) as well as ensembles with very Iavem these tables, in the case of the Yeast dataset ITK is théa
number of attributes in constituent clusterings (Figure SNICLA  best performing algorithm. But for the 8D5K dataset all ailions
doesn't get misled during the meta-clustering phase bectugsdis- are fairly comparable with SHBGF slightly better than thstré®ne
tances in the meta-graph are now determined from soft pilitiesr  reason is that for soft ensembles where most probabilityesbre
Hence, an error in a input clustering which assigns an iestanto close to 1 or 0, more complex algorithms like ITK do not pemfor
the wrong cluster could be alleviated in SMCLA's case if tlostgrior better than simple graph-theoretic approaches.
probabilities of the wrong assignment are small. This phegiwon,  Another explanation for ITK's performance on the Yeast data
however, needs to be investigated further since SMCLA pex$oon  can be provided based on the characteristics of the algwitThe
par with the best algorithms shown in Table V. graph partitioning based consensus algorithms are cametrao

In order to evaluate the intuition that the information dhéal provide roughly balanced clusters. This can be a problemages
from soft ensembles is especially useful when dealing wdihgh ~where the underlying data does not have balanced classeSDO5K
ensembles, we have populated the Table VI with GMR valugiataset has perfectly balanced clusters (200 instance} waie the
calculated over only thgough ensemblesTough ensembles are Yeast dataset has classes that range from 5 instances tosté8des
defined as those comprising a small number of clusterings) e in size. The ITK algorithm is not constrained to find balanckdters
which are obtained using very few features. In our experim@nugh and hence can adapt the clustering solution to better mateh t
ensembles contained only 2-4 clusterings which were obthirsing natural distribution of instances in the data. This is why see
the minimum “Numatts” option for each dataset shown in Tdble ITK outperform sHBGF and sSMCLA on the Yeast dataset by a large
As we can see from Table VI, soft versions of algorithms penfo margin.
better than their hard counterparts and the improvementheir L ) i )
performance are slightly higher than those in Table V. The faat C- Performance Variation with Increasing Attributes
the improvements in performances are higher shows thatxtra e In this section we examine how the performances of different
information in soft clusterings is useful in tough situato consensus functions change as the number of attributes fosed

extra information in the soft ensembles to obtain betterseasus
clusterings.



| ITK 10K sHBGF sMCLA Different algorithms on Pendigits with Number of Clusterings=4

0.7 T T T T T T T

ITK 10K 1 1.03 0.97 [y —
SHBGF | 0.968 1 0.944 vl R
SMCLA 1.025 1.05 1 : ——

TABLE IX eer 1

GEOMETRIC MEAN RATIO OFNMI SCORE FOR ONLY THEBD5K DATASET.
THE VALUE table; ; INDICATES RATIO OF ALGORITHMS] /i

NMI with true labels
o
o
a
T
L

o5 L /// |
| ITK 10K sHBGF SMCLA ol ]
ITK 10K 1 0.84 0.68
sHBGF 1.18 1 0.817 04 . . . . . . . .
3 4 5 6 7 8 9 10 11 12
SMCLA 1.454 1.222 1 Number of attributes used for constituent clustering
(a) Pendigits
TABLE X
GEOMETRIC MEAN RATIO OFNMI SCORE FOR ONLY THE YEAST DATASET oz E‘""e’e"‘a‘g"‘”'“ms°"V‘TWE‘Wi‘" E"Sf”“"e Size:f ‘
THE VALUE table; j INDICATES RATIO OF ALGORITHMS j /i ;iﬁ -
0.36 SMCLA |

the constituent clusterings is changed. The number ofbatas is
an ad-hoc measure of the quality of clustering obtained asrttd
the difficulty of the ensemble. In general, the lesser the remof
attributes in the constituent clusterings the more thesiah in the
clustering solutions obtained, and hence, the more theculiffi of
obtaining a consensus labeling using these clusteringisodu
Figure 1 shows the variation in the performance of the hasg®n

NMI with true labels

ble methods and their soft variations on two datasets. Theunei 022 - v " = s . - e g
of multinomial model method is not shown since its perforoean Number of attrbutes used for consfituent clustering
was much lower than the others. The datasets selected & phets (b) Vowel

are of |nterm§d|ate Q|ﬁ|culty. As.we can see, as we |ngrease tFig. 1. Performance of CSPA, MCLA, HBGF, SCSPA, SMCLA., anBGF
number of attributes in the constituent clusterings theugaages of phile varying the number of attributes used in constitudnsterings

all algorithms increase. For Pendigits Figure 1(a) only hwases for
MCLA and sMCLA since we did not run HBGF and CSPA on it. ..

Figure 2 shows the performances of ITK, sHBGF, and sMCLA ., -
As we can see ITK outperforms the other algorithms over thelevh ...
range of attributes. But as the number of attributes is ased the
accuracies of all algorithms tend to plateau.

Fern and Brodley [5] show experimentally that for high dimens..
sional domains combining clusterings on subspace projestdf the
data outperforms clustering on the whole data. They alsoddbat ..
the impact of subspace clustering is more prominent if thralver of | P -
dimensions is higherx 60). We have not experimented with datasets
that have very high dimensionality, and hence we did not miesthe

reduction in accuracy when using the full set of attributes. Fig. 2. Performance of ITK, SMCLA, and sSHBGF while varyingthumber
of attributes used in constituent clusterings

Different algorithm on Vowel with ensemb

08

ith true labels

NMi with true labels

4 3 0 10 12 55 4 a5 5 55 6 65
Number of attributes used in constituent clusterings Number of attributes used in constituent clusterings

(a) Pendigits (b) Vowel

D. Performance Variation with Increasing Ensemble Size

In this section examine the effect of increasing the numhester-
ings used in the ensemble on the accuracy of final clusteBiag. we see that the increasing accuracy of most algorithms reachésteau
set the number of attributes used to create constituentecings to once the number of clusterings grows very large. Figure 4vstthe
some constant value. We would then expect that as more Ghgge variation in accuracy of ITK, SMCLA, and SHBGF over the Peiigi
are added to the ensemble the combining function would haw@ mand Vowel dataset as we increase the size of the ensembles. Th
information available to create the final clustering. Thesbeen accuracies of all the algorithms rise but the ITK algoritherfprms
previously seen in the classifier ensemble literature wheneasing  significantly better than the others.
the size of the ensemble increases the accuracy until aatatur

point is reached [19], [20], [21]. Hence, the number of @usigs in V1. CONCLUSIONS ANDFUTURE WORK
an ensemble can also be said to be a measure of the difficulbeof In this paper we presented several approaches to solvirgrens
task of combining them. bles of soft clusterings. We introduced a new approach based

Figure 3 shows the variation in accuracy as number of climgfeis Information-Theoretic KMeans (ITK), and also presenteteesgions
increased in the ensembles. We can see that as the enseeteseb of existing approaches for hard ensembles (like SCSPA, sM@hd
easier to solve the accuracy of all algorithms increasesc&iealso sHBGF), These approaches were extensively evaluated datagets



s feren lgorthms on Perits wih umber ofetbuiest model selection. A further challenge is to identify sceossvhere the

i<y — use of soft ensembles provides significantly improved perémce
over hard ensembles, and if needed devise specializedthlgsrto
deal with these domains.
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