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Abstract.

In this paper we combine clustering ensembles and semi-
supervised clustering to address the ill-posed nature of clustering.
We introduce a mechanism which leverages the ensembl e framework
to bootstrap informative constraints directly from the data and from
the various clusterings, without intervention from the user. Our ap-
proach is well suited for problems where the information available
from an external sourceisvery limited. We demonstrate the effective-
ness of our proposed technique with experiments using real datasets
and other state-of-the-art semi-supervised techniques.

1 Introduction

Clustering isthe process of discovering homogeneous groups of data
according to a given similarity measure. Clustering iswell suited for
data analysis. However, clustering is susceptible to severa difficul-
ties. It is well known that off-the-shelf clustering methods may dis-
cover very different structures in a given set of data. Thisis because
each clustering algorithm has its own bias resulting from the opti-
mization of different criteria. Furthermore, there is no ground truth
against which the clustering result can be validated. Thus, no cross-
validation technique can be carried out to tune input parameters in-
volved in the clustering process.

Recently, cluster ensembles have emerged as atechnique for over-
coming problems with clustering algorithms. A cluster ensemble
consists of different partitions. These partitions can be obtained from
multiple applications of any single agorithm with different initial-
izations, from various bootstrapped samples of the available data,
or from the application of different algorithms to the same dataset.
Cluster ensembles offer a solution to challenges inherent to cluster-
ing arising from its ill-posed nature: they can provide more robust
and stable solutions by making use of the consensus across multiple
clustering results, while averaging out emergent spurious structures
that arise due to the various biases to which each participating algo-
rithm is tuned.

To address the ill-posed nature of clustering, semi-supervised
clustering has also emerged. Semi-supervised clustering uses prior
knowledge to guide the clustering process, thus providing results
that adhere to the user’'s preference. Prior knowledge is often ex-
pressed in terms of pairwise constraints (must-link or cannot-link)
on the data. Semi-supervised clustering has its own challenges. Of-
ten, the number of constraints available is very limited. Furthermore,
the given constraints may not be effective for the improvement of
clustering results. Active learning strategies to identify informative
constraints have been developed. These techniques select pairs of
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points which maximize some measure of “relevance’. The user (or
oracle) is then queried on the nature of the relationship existing be-
tween these points.

In this work, we combine clustering ensembles with semi-
supervised clustering. We use the ensemble framework to bootstrap
informative constraints directly from the data, and from the differ-
ent clustering components. Our approach iswell suited for problems
where the information available from an external source (e.g., do-
main expert) is very limited. We also demonstrate the feasibility of
our technique to situations where prior knowledge is absent. Our
work is motivated by co-training [5] and tri-training [13]. As co-
training and tri-training, we leverage the ensemble methodology to
perform semi-supervised learning. While co-training and tri-training
use classifiers as learning components, and propagate labels among
them, our technique uses a collection of clusterings (five, hence the
name Penta-Training) to derive constraints. To the best of our know!-
edge, thisisthefirst attempt of itskind.

We design a constrained version of subspace clustering, and use it
as the basic component of our penta-training framework. To discover
subspace clusters, we use aLocally Adaptive Clustering (or LAC) a-
gorithm which has been proven to be effective [8, 7]. LACisaniter-
ative algorithm that assigns weights to features according to the local
variance of data aong each dimension. Dimensions along which data
are loosely clustered receive a small weight, which has the effect of
elongating distances along that dimension. Features along which data
manifest a small variance receive a large weight, which has the ef-
fect of constricting distances along that dimension. Thus, the learned
weights perform adirectional local reshaping of distances which al-
lows abetter separation of clusters, and therefore the discovery of dif-
ferent patternsin different subspaces of the original input space. LAC
depends on an input parameter (called k) that controls the strength of
the incentive to cluster on more features. Diverse clusterings can be
generated using different i values.

We modify the dynamic of the LAC algorithm to embed the given
constraints in the cluster assignment and weight computation pro-
cesses. We call the resulting algorithm CLAC (Constrained-LAC).
The individual clusterings are iteratively refined using constraints
generated during the penta-training process. In particular, in each it-
eration of penta-training, constraints are generated for a clustering if
the other four clusterings agree on them. The processisrepeated until
convergence, i.e., until no changein al five clusterings is observed.

2 Reated Work

Our approach is related to co-training [5] and tri-training [13]. Co-
training [5] assumes that the given features can be split into two sets,
each of which issufficient to train a classifier that will produce accu-



rate results. Each resulting classifier makes predictions on unlabeled
data, and then provides new training data (those labeled with high-
est confidence) to its counterpart, for iterating rounds of training.
Although this method broke ground in first designing collaborative
classifiers to perform semi-supervised learning, its requirement for
two sufficient feature sets severely limitsits applicability.

Tri-training [13] does not assume redundant feature sets. Diverse
classifiers (three) are generated viabootstrap sampling of the original
labeled data. An unlabeled example is labeled for a classifier if the
other two classifiers agree on the labeling, under certain conditions.
Both co-training and tri-training require initial labeled data to train
the component classifiers.

Recently, several semi-supervised clustering algorithms have been
proposed. The authorsin [12] propose the COP-Kmeans algorithm
as a variation of k-means, where constraints are embedded during
the clustering process. each point is assigned to the closest cluster,
which will enact the least violation of constraints. The algorithm
will not assign the point if no such cluster can be found. Two addi-
tional constraint-based variants of k-means are Seeded-KMeans and
Constrained-KMeans [4]. In both algorithms, the given labeled data
are used to initialize a seeded set; the constraints obtained from this
labeled set are then used to guide the k-means algorithm. Seeded-
KMeans allows its constraints to be violated in successive iterations,
while Constrained-K Means enforces the constraintsin each iteration.

Most semi-supervised learning approaches have focused on devel-
oping new algorithms. Only recently, more attention has been given
to the nature of the available knowledge, and strategiesto active learn
relevant side-information have been developed. In [9], constraints
areimputed from the information provided by the co-association val-
ues between pairs of pointsin aclustering ensemble. In [6], the au-
thors define two measures to characterize the informativeness and
coherence of a set of constraints. All these methods require the ex-
istence of a domain expert. Our approach, instead, leverages the en-
semble methodol ogy to derive constraints which are completely data-
driven.

3 Penta-Training

When building ensembles, we are faced with a difficult dilemma: ac-
curacy versus diversity. We are in need of diverse, and yet accurate,
components. In our work, to construct effective clustering ensem-
bles, we rely on the sensitivity of the underlying subspace clustering
algorithm (LAC) on its input parameter. Thus, we run the LAC a-
gorithm multiple times with different input parameter values. (In our
experiments, we observed that five components provide a sufficient
range of values for the input parameter.) Furthermore, our objective
isto improve the quality of theindividual clusterings using a collab-
orative approach among the components. To achieve this goal, we
need to ensure that the information shared across the components is
accurate and useful. To this end, we adopt the following heuristic:
we look for the pairs of points on which four (out of the five) clus-
terings agree, i.e., all four clusterings group the two points together,
or separately. In the first case, amust-link constraint is generated for
the fifth component; in the second case, a cannot-link constraint is
generated. The process is iterated until no further constraints can be
generated. The requirement for an agreement across four components
ensures a high level of accuracy of the derived constraints. To ensure
constraint relevance, we introduce a ranking mechanism among the
generated constraints, and distribute only the top ranked ones to the
fifth component.

The following Sections describe the details of our approach. In

order to embed constraints into subspace clustering, we organize the
constraints into a graph called Chunklet Graph. In the following, we
describe the procedure to construct such graph.

3.1 Chunklet Graph

We assume that two sets of constraints are given: M is the set of
must-link constraints, and C' is the set of cannot-link constraints.
Such constraints are either provided by a domain expert, or they are
bootstrapped from the data (as explained in Section 3.4).

A chunklet is a group of points that belong to the same cluster,
although the identity of the cluster is unknown [3]. The size of the
chunklet is equal to the number of points it contains, e.g., the chun-
klet A = (x1,x2) hassize| A | =2.

Each chunklet is formed by must-link constraints. For example,
if a must-link between points x; and x» exist, then the chunklet
A1 = (x1,x2) is formed. Following the formation of chunklets
through must-link constraints, a transitive closure process, in which
chunklets are merged, isinitiated. For example, if thereisamust-link
constraint between (x1, x2) and (x1, x3), then by transitive closure
the chunklet Az = (x1, x2, x3) isformed.

Once chunklets are formed and all transitive closures completed, a
graph is created using the cannot-link constraints. These constraints
prevent the assignment of some chunklets to the same cluster. If, for
example, there is a cannot-link constraint between the pair (xs, x5)
and we have the chunklet As = (x4, x5), then our previously cited
chunklet A = (x1,x2,x3) will be prevented from the assignment
to the same cluster as chunklet As.

A cannot-link constraint is represented in the graph as an edge be-
tween two vertices, where each vertex corresponds to one chunklet.
In this way the entire chunklet graph G, = (V, E) is constructed,
where V' isaset of vertices (or chunklets) constructed from the must-
link constraints, and |V'| isthe total number of chunklets. E isthe set
of edges, and an edge E;; exists between vertices (chunklets) v; and
v; iff thereexist x; € v;, x; € vy suchthat (x;,x;) € C.

3.2 Chunklet Initialization

Similar to k-means, the subspace clustering algorithm LAC depends
on the initial choice of centroids. Thus, we make use of the given
constraints to achieve a good initialization.

Once we have constructed the chunklet graph, we select the ver-
tices (or chunklets) with cannot-link constraints between them, i.e.,
the vertices v; and v; such that E;; = 1. We then compute the
mean vectors of the points contained in each corresponding chun-
klet. These mean vectors become the initia centroids. If the number
of selected chunklets is less than & (the number of desired clusters),
we choose as additional initial centroids the points that are the far-
thest from the already chosen ones. The selection isiterated until we
reach k initial centroids.

3.3 Constrained Locally Adaptive Clustering
(CLAC)

The chunklet initialization procedure provides k initial centroids. We
use the subspace clustering algorithm LAC to generate the clustering
components of our ensemble. A full derivation of the LAC algorithm
isgiven in [7]. Here it suffices to know that LAC is an iterative al-
gorithm that assigns local weights to features according to the local
variance of data along each dimension. Thus, at each iteration, LAC



provides aset of k centroids {ci, . . ., cx }, and aset of k£ weight vec-
tors {w1, ..., wy}, where each weight vector reflects the relevance
of features within the corresponding cluster.

We modify the dynamic of the LAC algorithm to embed the given
constraints into the cluster assignment process, which in turn affects
the computation of weights. We call the resulting algorithm CLAC
(Constrained LAC). We first present the cluster assignment strategy
for pointsin the chunklet graph.

Chunklet assignment is the process of assigning vertices (chun-
klets) in the graph to the appropriate centroid without violat-
ing any of the must-link or cannot-link constraints. We consider
each chunklet as a group of points, and assign all points in the
chunklet to the closest centroid which does not violate any con-
straint. Given a vertex (chunklet) v;, we calculate the weighted
Euclidean distances between al the points x; € wv; and each
centroid ¢;, where I = 1,...,k, and look for the centroid
c; that satisfies ¢ = argmin;(d(vs,c;)), where d(vi,¢;) =

E‘;’:‘l \/Zle wis(zjs — as)?, D is the dimensionality of the
data, and w; is the weight vector associated with centroid ¢;. To
assign a chunklet to a centroid, we need to consider possible cannot-
link constraints involving the chunklet. Three cases which require

different centroid assignment strategies are given below.

Casel v; is an isolated chunklet that does not have an edge in
the graph G.,. We assign this chunklet to the centroid c¢; =
arg min; (d(vi, ¢1)).

Case2 v; isachunklet that has at least one neighbor in the graph
Gn, and none of its neighbors has been assigned to acentroid. As
before, we assign v; to the centroid ¢; = arg min; (d(v;, ¢;)).

Case3 v; ia a chunklet that has at least one neighbor in the
graph G, that has been assigned to a centroid. We construct
the set of centroids R; to which the neighboring nodes of v;
have been assigned. We then assign v; to the centroid ¢; =
arg min; (d(v;, ¢;)) suchthat c: ¢ R;.

This procedure assigns chunklets to centroids according to the
local similarities being discovered by the subspace clustering algo-
rithm.

The overall CLAC algorithm is summarized in Algorithm 1.
CLAC computes a partition of the data that satisfies the given con-
straints (under the assumption that the satisfaction of all constraints
is feasible). The inputs of the algorithm are the number of desired
clusters k, the value of the h parameter (which controls the strength
of the incentive to cluster on more features [7]), and the sets of con-
traints M and C'. Centroids are initialized according to the proce-
dure described in Section 3.2. Equal weights are assigned initially
to all features. The chunklet assignment procedure is used to com-
pute the first partition. Points which are not contained in any chun-
klet are assigned to the closest centroid (according to the weighted
Euclidean distance). The weights are updated, according to an expo-
nential scheme which assigns larger weights to features where points
have low variance (the parameter h is used here). Thus, a new parti-
tion and new centroids are computed. The procedure is iterated until
convergence, i.e., until clusters do not change.

3.4 ThePenta-training Algorithm

Penta-Training assembles multiple (five) clusterings obtained by
CLAC, and bootstraps constraints to improve the quality of the com-
ponents, and ultimately of the ensemble.

Given an initia collection of constraints (M, C), we run CLAC
fivetimeswith different values of the h parameter. Each run of CLAC

Algorithm 1 CLAC Algorithm

Input: n pointsx € R, number of clusters k, h, set M of must-
link constraints, set C' of cannot-link constraints.

1.5 =0,...,5 =0
2. Let (Ger) bethe chunklet graph constructed from M and C;;
Chunklet Initialization
Vv; € Gep SUchthat E;; = 1 for some j
Compute the mean of pointsin v; and assign it as initial
centroid;
Set z = number of selected centroids;
while (z < k)
Select the farthest point from the already selected cen-
troids, and assign it asinitial centroid,;
Let {ci1,...,cx} betheresulting centroids;
3. Set ws; = 1/D, for each centroid ¢;, 7 = 1, ..., k and each
features =1,..., D;
4. For each v; € G.p, let t; be the assigned cluster centroid (as
determined by the chunklet assignment procedure)
Vx € vy, Sy, = Se, U{x}
5. For each centroids c;, and for each point x ¢ v;,V;
Sy = Se | U{x|t = argminiLw(ci,x)}
where Ly, (ci,x) = (0 wis(cis — )3V
6. Compute new weights
For each centroid ¢;, and for each feature s:
Set X5 = 21637 (cjs — )% /|S51;
o exp(—X;s/h)
Set wjs = YU ean(=X,. /0
7. For each v; € G.p, let t; be the assigned cluster centroid (as
determined by the chunklet assignment procedure)
Vx € vi, Sy, = Si, U{x}
8. For each centroids c;, and for each point (x ¢ v;, ;)
S: = S; U{x|t = argminiL,(ci,x)}
where L (ci,x) = (00 wis(cis — 25)%) V%
9. Compute new centroids
Setc; = M ,foreachj = 1,...,k, where 15(.) is
Do 1s;(@)
the indicator function of set .S
10. Iterate 5-10 until convergence (no change in cluster assign-
ment).

Output: The fina partition S = {S51,...
{Wl,. ‘e ,Wk}

,Sk}, {Cl,. ..

JCk )

is provided with the entire data set and the entire constraint set. We
obtain five clusterings of the data. Penta-training leverages the con-
sensus achieved across such partitions to bootstrap and propagate
constraints: we look for pairs of points on which four (out of the
five) clusterings agree (and the fifth disagrees), i.e., al four cluster-
ings group the two points together, or separately. In the first case, a
must-link constraint is generated for the fifth component; in the sec-
ond case, a cannot-link constraint is generated. Once all constraints
for agiven component have been generated, they are added to the cur-
rent set of constraints of that component, and CLAC is re-run. The
process isiterated for all combinations of four components, until no
changein al five clusteringsis observed. To ensure that only relevant
constraints are propagated, we rank the candidate constraints, and use
only the top ranked ones. In particular, for each candidate must-link
constraint (x,,xm ), we compute the four weighted Euclidean dis-
tances, using the corresponding weights of the clusters the two points



x, and x,, are assigned to, and compute their average. The average
distances are then sorted in ascending order. We select the top ranked
pairs (with smallest distances) as must-link constraints for the fifth
component. We proceed similarly for the cannot-link contraints. For
each candidate cannot-link constraint we compute their Euclidean
distance (note that in this case, four clusterings place the points in
different clusters, and therefore there is no single weight vector as-
sociated with them). We then sort the distances in descending order.
We select the top ranked pairs (with largest distances) as cannot-link
congtraints for the fifth component. In our experiments, at each itera-
tion of penta-training, we select the top five ranked must-link and the
top five ranked cannot-link constraints.

We observe that penta-training can also be applied when no con-
straints are initially available. In this case, we start building the en-
semble by simply running the original LAC algorithm (with no side-
information) using different values of h. As constraints are boot-
strapped during the rounds of penta-training, LAC is substituted by
CLAC. Wetest this scenario as well in our experiments.

At convergence, we have available five partitions (precisely, each
partition corresponds to & centroids, and corresponding weight vec-
tors). We map the problem of finding a consensus function to agraph
partitioning problem, by applying the WBPA (Weighted Bipartite
Partitioning) algorithm [1], which has been demonstrated to be ef-
fective. The WBPA agorithm takes into account not only how often
points are grouped together across the clusterings, but also the de-
gree of confidence of the groupings (by means of the weights). The
Penta-Training algorithm is summarized in Algorithm 2.

4 Empirical Evaluation
4.1 Experimental Design

Tablel. Characteristics of the datasets
Dataset kD n(points-per-class)
Iris 3 4 150 (50-50-50)
WDBC 2 31 424 (212-212)
Breast 2 9 478 (239-239)
Wine 3 13 144 (48-48-48)
lonosphere 2 33 239 (126-113)

In our experiments, we used five real datasets. The characteristics
of all datasets are givenin Table 1. Iris, Breast, Wine and |onosphere
are from the UCI Machine Learning Repository [2]. WDBC is the
Wisconsin Diagnostic Breast Cancer dataset [11].

The clustering ensemble agorithm WBPA uses METIS [10]
to compute the k-way partitioning of a graph. Since METIS re-
quires balanced datasets, we performed random sampling on Breast,
WDBC, Wine, and lonosphere. In each case, we sub-sampled the
most populated class: from 357 to 212 for WDBC, from 444 to 239
for Breast, from 59 to 48 and 71 to 48 for Wine, and from 225 to 113
for lonosphere.

Wetested our penta-training framework with two scenarios: in one
case, a limited number of constraints is initialy available; in the
second case, no constraints are available. For the first scenario, to
generate the initial set of constraints, we follow the procedure intro-
duced in[9]. Werun the LAC algorithm 10 times, for h = 1, ..., 10.
We then build the co-association matrix resulting from the 10 parti-
tions. We select dl pairs of points (x.,x,) with a co-association
value in the interval [0.45, 0.55]. This means that, roughly, half of
the components clusters the two points together, and the other half
places them in separate groups. Thus, it is unclear whether the two

Algorithm 2 Penta-Training Algorithm
Input: n pointsx € R, number of clusters k, h, set M of must-
link constraints, set C' of cannot-link constraints.
Let (Gen) be the chunklet graph constructed from M and C;
Shi)= CLAC({x}, k, hs, M, C),fori =1,...,5;
Let 7" € S pe the set in partition S"¢) to which x,, is

assigned;
[Initialization of constraints for each component]
fori=1,...,5
Mhi) — M, Ccthi) — C;
repeat
fori=1,...,5

[Bootstrapping of must-link constraints]
for every pair (xn,xm) ¢ M
if (7" £ 7Y and (Vi #£ 1, T = 1))
Calculate the average weighted distance:
d(Xn, Xm) = 7 Zi;ﬁl(zle Wes(@n, = 2m,)?)"%;
[w¢ isthe weight vector of the cluster the points x,, and
X, are assigned to]
end if
end for
Sort above distances in ascending order;
Select a percentage of top ranked pairs (with smallest dis-
tances), and add them to M}, ;
[Bootstrapping of cannot-link constraints)
for every pair (xn,xm) ¢ C
if (7" =T18) and (Vi #£ 1, T £ T0))
Calculate the Euclidean distance:
(X, Xm) = 0 wes(Tn, —Tm,)?)%;
end if
end for
Sort above distances in descending order;
Select a percentage of top ranked pairs (with largest dis-
tances), and add them to C,, ;
Run CLAC({x}, k, hy, My,, Ch,);
end for
until convergence [al five clusterings do not change]
Input the obtained five partitions (and corresponding weights) to
WBPA [1];
Output: Partition of the n data pointsinto k clusters.

points should be clustered together or not. Therefore, the user feed-
back is most valuable for such points. In our experiments, we use
the ground truth (class labels) to generate constraints for the selected
points. For each dataset, the number of constraints generated is equal
to 20% the number of data available. (If a larger number of pairs
have a co-association value in the range [0.45, 0.55], we random
sample a subset.) The obtained constraints are given in input to all
five CLAC components. (The same set of constraintsisalso givenin
input to the competitive techniques.) Each run of CLAC uses a dif-
ferent values of the h parameter. In our experiments we use the val-
ues{1,3,5,7,10}. According to our experience, thisrange of values
provides in general diverse and accurate components. In the second
case, when no initial constraints are available, we build the ensemble
by running the LAC algorithm with the five values of h. As con-
straints are bootstrapped during the iterations of penta-training, LAC
is substituted by CLAC.

At each iteration of penta-training, for each component, we boot-
strap the top five ranked must-link constraints, and the top five ranked
cannot-link constraints. We compare the following technniques:



Table 2. Error Rates and Standard Deviations

Methods Iris Breast WDBC lonosphere Wine
LAC 14.13+2.18 | 15.9+11.78 | 19.76+15.75 | 34.06+4.20 | 15.16+11.15
CLAC (20%) 13.06+1.74 | 16.32+11.41 | 16.69+8.92 | 34.33+£6.88 | 15.69+11.59
COP-Kmeans (20%) 11.73+0.78 | 4.68+0.17 4834+ 05 | 29.87+9.17 | 56.46+2.17
Seeded-COP-Kmeans (20%) 9.33 4.39 48.34 2552 55.74
Penta-Training (20%) 10.67 3.56 9.19 32.21 1111
Penta-Training (w/o const.) 14 314 8.73 31.38 9.03

e LAC [7]. We run the LAC agorithm five times for h €
{1,3,5,7,10}, and report average error rates and standard devia-
tions.

e CLAC. We run the CLAC agorithm five times for h €
{1,3,5,7,10}, and report average error rates and standard devia-
tions. We provide CLAC the set of constraints generated according
to the procedure described above.

e COP-Kmeans [12]. Werun COP-Kmeans 10 timesusing random
initialization of centroids, and report average error rates and stan-
dard deviations. Again, we provide COP-Kmeans the same set of
constraints generated according to the procedure described above.

e Seeded-COP-Kmeans [4]. In this case centroids are initialized
using the given constraints, according to the technique described
in Section 3.2.

e Penta-Training with initial constraints. We start penta-training
with the same initial set of constraints we feed all competitive
semi-supervised techniques.

e Penta-Training without initial constraints. In this case, no exter-
nal constraints are used. The ensemble starts off in an unsuper-
vised mode (LAC components), and constraints are bootstrapped
in successive iterations from the data.

4.2 Analysisof the Results

Error rates and standard deviations are reported in Table 2. In four
problems, penta-training provided the lowest error rate, or an er-
ror rate very close to the minimum. For lonosphere, Seeded-COP-
Kmeans gives the lowest error. In some cases, penta-training pro-
vides huge improvements with respect to LAC, CLAC, and COP-
Kmeans. This indicates that the collaborative approach adopted by
penta-training allows the bootstrapping of accurate and relevant con-
straints for the clustering process. In particular, as expected, the
largest improvements are achieved when LAC and CLAC have large
standard deviations (i.e., on Breast, WDBC, and Wine). In these
cases, the components are diverse, and the ensembles become most
effective. Quite interesting is the fact that penta-training without ini-
tial constraintsin most cases performs better than penta-training with
initial constraints. This shows the efficacy of our that data-driven
and ensemble-driven constraints. COP-Kmeans and Seeded-COP-
Kmeans perform very poorly on WDBC and Wine. These data are
sparse and have larger dimensionalities; in such conditions, COP-
Kmeans (as k-means) has difficulties in finding the underlying clus-
ter structure.

5 Conclusions and Future Work

We have introduced a semi-supervised framework for clustering en-
sembles which addresses the ill-posed nature of clustering. We use
the ensembl e framework to bootstrap informative constraints directly
from the data, and from the different clustering components. Our ap-
proach is well suited for problems where the information available

from an external source is very limited, or not available at al. Fur-
thermore, since our approach builds upon subspace clustering com-
ponents, it iswell suited for high dimensiona data.

Severa avenues can be taken for future work. As the iterations
of penta-training progress, the clustering components may become
correlated due to the distribution of constraints across the ensemble.
As such, the best ensemble accuracy may be achieved before conver-
gence. A criterion for an early stop of penta-training will be consid-
ered. Furthermore, alarger number of components can be used, and
aternative majority schemes for the bootstrapping of constraints will
beinvestigated. The use of soft constraints that reflect the uncertainty
associated with prior knowledge will aso be considered.
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