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Abstract data points. The proposed algorithm is called as3hmi-
Supervised SVall5SSVaD, pronounced as “triple SVaD")

Semi-supervised clustering algorithms partition a given algorithm. Our experiments show that the proposed algo-
data set using limited supervision from the user. In this pa- rithm performs better than MPCK-Means algorithm [5, 3],
per, we propose a clustering algorithm that uses supervisionthe most recent semi-supervised clustering algorithm that
in terms of relative comparisons, viz.,is closer toy than uses pairwise constraints.
to z. The success of a clustering algorithm also depends
on the kind of dissimilarity measure. The proposed clus-
tering algorithm learns the underlying dissimilarity mea-
sure while finding compact clusters in the given data set.
Through our experimental studies on high-dimensional tex-
tual data sets, we demonstrate that the proposed algorithm
achieves higher accuracy than the algorithms using pair-
wise constraints for supervision.

In many practical scenarios, large set of unlabeled data
and a small set of labeled data are available and supervisory
information for semi-supervised clustering is obtained from
the small set of labeled data. Once we assume a set of la-
beled data, relative comparisons can be obtained from any
three points from the set if two of them belong to a class dif-
ferent from the class of the third point. One may note that
triplet constraints give more information on the underlying
dissimilarity measure than the pairwise constraints.

1. Introduction The type of clusters determined by the clustering algo-
rithm is dependent on the assumed dissimilarity measure.

Semi-supervised clustering algorithms partition a given Quite a few efforts have been aimed toward learning dis-
set of data points using additional supervisory information. tance measures for improving the performance of clustering
The most popular form of supervision used in clustering al- algorithms [8, 5, 3, 9, 6, 12]. These algorithms can be cate-
gorithms is in terms of pairwise constraints viz., whether gorized into unsupervised and semi-supervised algorithms.
two points belong to the same cluster or not. The con-
straints derived from the feedback given in terms of similar
data points is callethust-linkand of dissimilar data points
cannot-linkconstraints. However, the points in cannot-link
constraints may actually lie in wrong clusters and still sat-
isfy the cannot-link constraints. When the pairwise feed-
back is generated from the labeled part of the training set
the must-link constraints would mislead the clustering algo-
rithm if the points in the constraint belong to two different
clusters of the same class.

In this paper, we consider supervision to be available in
terms of relative comparisons: is close toy than toz. Relative comparisons were first used in [10] to learn dis-
We refer to the relative comparisonstaiplet constraints tance measures using SVMs. The problem of learning a
We propose a clustering algorithm that not only consid- distance metric from the triplet constraints has been for-
ers the triplet constraints but also simultaneously learns themulated as a quadratic optimization where the triplet con-
dissimilarity measure underlying the given data set. We straints would directly become the constraints in the opti-
use SVaD measures [8] to model the dissimilarity between mization problem.

Most of the semi-supervised clustering algorithms also
learn the distance measure. The majority of these algo-
rithms use pairwise feedback. For example, Xing et. al. [12]
propose an algorithm to learn distances from the pairs of
points that are similar or dissimilar to each other and use
the new distance for clustering. In [5, 3], the authors as-
'sume pairwise constraints where the pairs of instances be-
longing to same or different clusters. Whereas, Pedrycz et.
al [9], use labels on the subset of training data to learn the

underlying metric.



2. Notation Then, the task of the learning process includes the mini-
mization of £ (which is the number of dissatisfied inequal-

Let U = {X{,...,X,} be the set of unlabeled data. ities) defined as:
The relative comparisons is assumed to be given in terms -
of trlp_le_ts T = ()_q,_xg,xg);i = 1_,2,_.._. . which imply E(W,C) = Zew,c(ﬁ)-
that x} is more similar (or less dissimilay to x4 than to =

xi for i = 1,2,...,r. Note thatxi, k¥ = 1,2,3 and
i =1,2,...,m belong toU. Let \; represent the cluster Note thatE(W,C) represents the number of unsatisfied
label ofx;. triplet constraints.

SVaD measure represents a general class of dissimilarity In this paper, we convert the constraints into an ap-
measures in which the weights associated with various di-propriate objective function and minimize it along with
mensions vary within the feature space. In this work, we usewithin cluster dissimilarity measure.  Let{; (/) =

the SVaD measure as the dissimilarity measure and learn thé.(d$;, (X5, X{) — df, (x4, x1)), fori = 1,..., m where,
weights associated. L&V = {wy,...,wgk} be the set of ]

K weights corresponding t& regions. And, ley, go, . . ., h(z) = { —zif 2 < 0,

andg,, bem dissimilarity measures. Then, the SVaD mea- 0 otherwise.

sure ofx fromy is defined as co ) ,
Note thatu(;, (7*) approximatesy, «(r;). The cumulative

. m _ error is then defined as in (2).
dW(va) = ijlgl(xay)7 if y € RJ

=1 s

Jr(W,C) = ufy (). )
It may be noted thati{;, is not symmetric. Moreover, i=1

weighted Euclidean and weighted cosine distance measures o .
are special cases of SVaD measure. For a detailed discuss®t (W, €) = {i : uyy(7') > 0} denote the set of inequal-
sion on SVaD measures, refer to [8]. ities not satisfying (1). Then,

- Jr(W,C) = [ (X5, X1) — di- (X5, %7)).

3. Problem Definition ie%v:@ WS T
Given a set of unlabeled samples and triplet constraints,From the definition of the dissimilarity measure, we get

the objective of SSSVaD is to find a partition of the data m

set along with the parameters of SVaD measure that min- ;17 o) — w. VAN i i

. . . . . . . . e ) - 7 g X 7X g X 7X )

imize the within-cluster dissimilarity (the traditional clus- ( ) Z Z sl (%, %) = 165, 1)

tering measure) at the same time satisfying as many triplet

constraints as possible. We translate the triplet constraintsgor Xi € Rj,.

into an appropriate objective function which is minimized

along with the within cluster dissimilarity measure. Inthe 3 2 Qyerall Objective Function

following subsection, we derive this objective function.

i€l(W,C) 1=1

. . Let Jy (W, C) represents the within-cluster dissimilarity
3.1. Relative Comparisons measure i.e., the sum of the dissimilarity measures of all the

data points from their closest centroids. Then,
As stated above, the objective is to minimize the num-

ber of unsatisfied triplet constraints. We approximate the
number of unsatisfied triplet constraints by the sum of the Ju(W,C) = Z Z wx;191(Xi5 Cx,)-
extent to which the constraints are not satisfied to make =1i=1

the objective function differentiable. Each triplet constraint \yhere ), is the cluster label of; determined by
T = (X}, X4, x%) implies that

n m

;o ;o arg min d§;, (X;, ;). (6)
diy (X5, X7) > dip (X5, X}). 1) J
Let The overall objective function that captures both the
’ within-cluster dissimilarity and triplet constraints is given
ewe(m) = Of d, (x5, x}) — dS, (x5, %5) > 0, by
w.c(Ti) =9 1 Otherwise. JW,C) = Jg(W,C) + ~vpJr(W,C), (7



whereyy reflects the relative importance $f (W, C). One It may be noted that the update #fis straight forward.
way to avoid trivial solutions to the above optimization GivenC andW, the objective function is optimized by as-
problem is to impose the normalization conditionswo. signing the points to the cluster represented by the nearest
The normalization conditions are given by centroid, viz., as given in (6). Here, the nearest centroid is
computed using dissimilarity with the giveriandiV. We

Z wy = 1for all . ®) explain ways to updaté', andW in the sequel.
=1

4.1. Update of Centroids
Moreover, regularization term is needed to be added to the
objective function to avoid weights drifting toward unit vec- The update of centroid depends on the naturg of et
tors. We consider entropy measure for regularization in thisx,y € ™ andx = (z1,...,z,) andy = (y1,...,Ym).
paper. Thus, the overall objective function would become: For Euclidean SVaD, in whicly;(x,y) = (z; — v)? the

J(W,C) = Ju(W,C) +y7Jr(W,C)

Lil
i

!
|,

centroid update equation is same as that of KMA, i.e.,
1

K m K m it = |RJ| X;%

+522wﬂlog(wﬂ) + Zozj(z w; —1), (10) ’

j=11=1 j=1 =1 In other wordsg;; given above optimizeg(WW, C') whenWW

Whereaj are Lagrangian mu]tip“ers and represent rela- andA are kept constant. Slmllarly, in case of cosine SVvaD,

tive importance given to the regularization term. Ideally, in whichg,(x,y) = (1/m — ;- y),

0 should be specific to each cluster and needs to be esti-

mated from the data as in [7]. We have experimented with Cji Z x

this strategy and found that it does not help in improving JER;

the performance. Hence, we made it the same for all the

clusters. where, z}, = wjx;. Itis not necessary that the update

equation for the centroids is in closed form. In fact, exis-
. . tence of such a close form could potentially decide the use
4. The Learning Algorithm of a particularg;. In cases where a particulay is more
appropriate for a given data set and a closed form update

As in the SVaD learning algorithm [8], the overall objec- equation does not exists, one can use gradient descent ap-

tive function given in (10) can be optimized using an algo- proach to find the optimizing centroids in each iteration.

rithm similar to K-Means Algorithm (KMA) except that in

each iterationy;; also need to be updated. The proposed 4.2  Update of Weights

algorithm (SSSVaD) starts with unit weights and random

cluster assignments, and updatési’V andA in each iter- Let
ation_, Wher_eA ={A\,.., .It can pe §hqvvn that SSS- lez] _ Z 91(Xi, C;) (16)
VaD is an instance of alternating optimization (AO) algo- Mol '
rithms [4]. AO algorithms partition the search dimensions o
into various sets of dimensions and in each iteration, they""nOI . i i
optimize the objective function with respect to each set of Vii = Z (91(X3, X1) — gu(x5,%71)) - (17)
dimensions keeping the other sets of dimensions constant. "i{gﬁ
We expand the expression fd(WW, C) in (10) to make _ o _ _
the following observations easily understandable. Then, differentiating/ (W, C) as in (13) with respect ta;;
and equating it to zero, we get, after some algebra,
J(W,C) = Zzw)\,,lgl(xi;(:)\i) —(VT + 7Vl + )
i=1 =1 Wji = €Xp s -1]. (18)
+ Z ij-z[gz(xéxi) — gi(xE,x%)] Applying the normalizing condition, solving fos; and
el (W,0) 1=1 substituting the value af; in the above equation, we obtain
K m K m U T
exp (~(VY +2V])/0)
+3 06> wilog(w) + > ;Y wi— 1) (13) Wi = — ’ ! . (19)
j=1 1=1 j=1  i=1 ! Z;L:l exp (—(Vfé + VTVij)/5)



clusters

teria is satisfied

Input: between two solutions. Hence, we update the weights as

1: Set of unlabeled points, U={X1,...,Xn} explained below. Once the optimizing weight veaotdrfor

2: Number of Clusters, K each cluster is computed using (19), the current weight vec-

3: Type of distance measure g tor is updated such that it is only slightly moved toward

4: Relative qualitative feedback, Tis instead of making it equal t&’. The amount of movement
i=1...,m is controlled by the learning ratg0) and momentums).

5 Parameters:  yr,n <1,p(0) <1 After a termination condition is reached, typically comple-

Output: tion of a fixed number of iterations, the algorithm outputs

Partitioning of the data set U in terms A, C andWV.
of A, and the parameters C and W that
minimizes  J(W,C) . . .
SSSVaD Algorithm: 5. Comparison with MPCK-Means Algorithm
1. Set t=0
2: Randomly assign the data points to K In this section, we compare the effect of pairwise con-

straints and triplet constraints as supervision in clustering.

3: Compute the centroid of each cluster Cj We do this by comparing SSSVaD and MPCK-Means [5],
4 Deterl_rtr_une theIs;ﬁ gf unsatisfied in- the most recent semi-supervised algorithm using pairwise
equatiies . (W, C) . . constraints. In our experiments, we also use MPCK-Means
5. Compute the intermediate weights w; for . L . .
=1 K using (19) with a random cluster initialization - this version of MPCK-
6. Update the weights as wit + 1) = (1 Means is referreq _to as r.MPCK-Means. o .
p())W; () + p(t)W; for j=1,.... K Even though it is easier to generate pairwise cons’;rallnts
70 pt+1)=npt),t=t+1 from a small set of labeled samples, the number of pairwise
8: Reassign the data points to the cluster constraints that can be obtained is quite smaller than the
with the nearest centroid number of triplet constraints. In other words, given a set of
9: Go to STEP 3 until the termination cri- labeled samples, triplet constraints capture more informa-

tion than pairwise constraints.

MPCK-Means uses must-link constraints which repre-
sent points belonging to the same cluster. However, if the
constraints are generated from the class labels, these con-
straints could be misleading especially when a particular

It may be noted that, in case of Euclidean SvVaD measure,class has more than one cluster in it. Similarly, cannot-link
Vv is equal to the variance dfh attribute of data points constraints are not sufficient conditions, because two data

in the jth cluster. According to (19), the weight éth di- points can lie in incorrect clusters and still satisfy the con-

Figure 1. SSSVaD Algorithm

mension injth cluster,w;; is inversely proportional to the ~ Straints.

dimension’s variance in the cluster. Moreovef; is equal It may be noted that computing the weight updates (17)
to the cumulative error alontth dimension among all the needs onlyr;, [l = 1,...,m from each tripletr; where
unsatisfied triplet constraints whoseis in the jth cluster.  7i = g1(X3,X}) — gi(x5, X} ). Therefore,7;; need not be

It is quite natural to decrease the weight of the dimension computed in every iteration. Whereas, in MPCK-Means,

whose contribution to the error is high. This is reflected in the weight updates involve more computation. Thus, the
(19). weight updates in SSSVaD are faster than that in MPCK-

Means.
In SSSVaD, the process of cluster assignments is the
same as in K-Means algorithm. However, in case of MPCK-
. . o Means, the cluster labels explicitly figure in the objective
We summarize the algorithm in Figure 1. The SSSVaD fynction involving pairwise constraints. Hence, an iterative
algorithm taked/, K, type ofg;, 7, v, n andp(0) asinput.  5igorithm needs to be used to find an optimal cluster assign-

The algorithm starts with random cluster assignments to theents for each data point. This makes the MPCK-Means
data points. And, in each iteratioft, W andA are updated.  gjgwer.

The only difference of the proposed algorithm with that of
AO algorithms is in the way the weights are updated. In AO . .
algorithms, the weights are updated such that they 0ptimize6- Experiments & Comparisons
the objective function as in (19). We have experimented
with this way of updating the weights and observed that the
algorithm either converges to a bad solution or oscillates Dataset [1].

4.3. SSSVaD Learning Algorithm

We performed our experiments on the 20NewsGroup
Similar to [11], we considered random



samples of two subsets of the data s&inary, Multi10. ‘ ‘ @
Binary has 250 documents each fraaik.politics.mideast
and talk.politics.misc Multil0 has 50 documents each

from alt.atheism comp.sys.mac.hardwaremisc.forsale g o0

rec.autos rec.sport.hockey sci.crypt sci.electronics S e o e e
sci.med sci.space and talk.politics.gun The documents 70 £ Labelled Samples = 15% 4 (MPCK-Means
are represented using a set of vocabulary terms. Vocabulary o5, f . ; ; T e
sets are generated by stopword removal, stemming and Number of Clusters

thresholding on the frequency of occurrence of terms. The| ‘ o

5
size of the vocabulary used to represent the documents i | =- mpcxmeans

Binary data set is about 4000 and Multi10 about 2800. We T Svap e | Number of Clusters = 4 o
use normalized term frequency vectors to represent the o felfeans
documents.

We generate the pairwise and triplet constraints using la-

bels of the small percentage of training samples. The triplet| s>~ L L n - " 6

©
=

Accuracy

\a
|

constraints are generated by finding (r2,z3) from the la- Percentage of Labeled

beled subset such that the class labels,0andzy are the

same and different from that of,. The must-link constraint Figure 2. Performance of SSSvVaD, MPCK-
pairs (z1,7>) are generated such that the class labels;of Means, rMPCK-Means, SvVaD and K-Means on
andx, are the same. Similarly, the cannot link constraints ~ Binary data set with varying (a) number of
(z1,72) are generated such that the class labels afndz clusters and (b) percentage of labeled sam-

are different. ples.

We compare the performance of SSSVaD algorithm
against MPCK-Means, rMPCK-Means, SVaD and K-
Means Algorithm (KMA). MPCK-Means augments the
pairwise constraints using transitive closure and use thehighly overlapping classes, the accuracy attains a maximum
augmented set of constraints in initializing the centroids andand then falls with increasing number of clusters. How-
updating the weights. However, in this paper, we unifor- ever, forMulti10 data set, the performance improves as the
maly initialize SSSVaD, rMPCK-Means and SVaD with the number of clusters increased/ulti10 is a typical exam-
clusters obtained using KMA. The results reported here areple of the problems that are difficult to cluster because of

obtained by averaging the accuracies oig@random ini- the large number of classes. MPCK-Means performs best
tializations of KMA. For MPCK-Means, we use the pub- only when the number of classes is identical to the number
licly available code at [2]. of clusters and its accuracy falls as the number of clusters

Throughout the experiments, we use weighted Euclideanincreases. This is expected, as the pairwise constraints are
distance measure, vizj(x,y) = (x; — ). Since we use often misleading and confusing when the number of clus-

the normalized frequency vector, the Euclidean measure isters is greater than the number of classes.

similar to the cosine measure. Effect of the amount of supervision: Part (b) of the
Figures 2 and 3 show the performance of the different algo-
6.1. Results rithms as the size of the labeled data increases. Note that the

accuracies of KMA and SVaD do not change with the size of

We compare the performance of the algorithms varying the Iabgl_ed samples. It can be observed th_at with incrga;ipg
the number of possible partitions (clusters) and the amountSUPervision, the performance of SSSVaD improves signifi-
of supervision (percentage of labeled samples). Figures 2c@ntly as compared to that using MPCK-Means in the case
and 3 compare the performance of the five algorithms on ©f Binary data set. In case of Multil0, MPCK-Means per-
Binary, Multi5 and Multi10 data sets respectively. In most forms slightly better than SSSVaD at 15% of labeled sam-
cases, we observe a noticeable improvement in the clusP!es.
tering accuracies using SSSVaD algorithm over other algo- MPCK-Means and rMPCK-Means: Note that
rithms. rMPCK-Means, which uses KMA for initialization, could

Effect of number of clusters: Part (a) of the Figures 2 not show an improvement in accuracies with increasing
and 3 show the performance of different algorithms with number of labeled samples. Thus, the real success of
increasing number of clusters. The optimal number of clus-the MPCK-Means algorithm seems to be through the
ters for a given problem depends on the data distribution.deterministic cluster initialization which considers the
It can be seen that fdBinaryl (Figure 2), which has two  augmented closure of all the constraints.
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Figure 3. Performance of SSSVaD, MPCK-
Means, rMPCK-Means, SVaD and K-Means on
Multil0 data set with varying (a) number of
clusters and (b) percentage of labeled sam-

ples.

7. Summary and Conclusions
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