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ABSTRACT and how many classes should be found. Instead, he ex-
Cl . lqorith . inal loved for the pects the system to “discover” these classes for him. To
ustering algorithms are increasingly employed for thie ca improve results with respect to what an unsupervised algo-

egorization of 'mage databases, in or(;ler to provide USerS;, 1 yyoylg produce, the user may accept to provide some
with database overviews and make their access more effec-

. : o . . supervision if this information is of a very simple nature
tive. BY |n_clud|ng information Ogl)rowded Iby thhe user, tflle and in a rather limited amount. A semi-supervised cluster-
catego,rlzanon pro_cess_(lzan pr;) uce results that _cor(r;erc 0S€ng approach should then be employed.
o users expectations. To make sucsheann-superw_se_ at- We assume that users can easily evaluate whether two
e_gonzatlon approach agceptable for the user, this '”farma images should be in the same category or rather in different
]E|on must bﬁ of a very S|m|c_)lednature af‘j' thﬁ aTdOll:J)m ofin- categories, so they can easily defimest-linkor cannot-
ormation the user Is required to provide should be Mini- iy constraints between pairs of images. Following previ-
mized. For a semi-supervised fuzzy clustering algorithm we

developed. Pairwise-C ined C itive Aqal ous work by Demiriz et al. [1], Wagstaff et al. [2] or Basu et
\eveloped, Fainwise- onstra_me_ Ompetlt_lve gglomera- 5 [3], in [4] we introduce Pairwise-Constrained Competi-
tion, we put forward here a criterion for tlaetiveselection

X . . o tive Agglomeration (PCCA), a fuzzy semi-supervised clus-
of constraints. We show that this selection criterion aiow 99 ( ) y P

S S o . tering algorithm that exploits the simple information pro-
a significant reduction in the number of pairwise constsaint

. i : . . vided by pairwise constraints.
required, making the resulting algorithm an attractiveralt In the original version of PCCA [4] we do not make fur-
native in the categorization of image databases.

ther assumptions regarding the data, so the pairs of items fo
which the user is required to define constraints are randomly
1. INTRODUCTION selected. Butin many cases, such assumptions regarding the
dataare available. We argue here that quite general assump-
To let users easily apprehend the contents of image datbas&ons let us perform a more adequadetiveselection of the
and to make their access to the images more effective, a rel{airs of items and thus significantly reduce the number of
evant organisation of the contents must be achieved. Whileconstraints required for achieving a desired level of perfo
it is easy to apply standard unsupervised clustering algo-mance.
rithms to the descriptors of the images in a database, the In section 2 we give a brief overview of existing algo-
results of this fully automatic categorization are rareltiss  rithms for semi-supervised clustering. The semi-supexis
factory. Some supervision information provided by the user fuzzy clustering algorithm we developed, Pairwise-Cons-
is then needed for obtaining results that are closer to siser’ trained Competitive Agglomeration, is shortly presented i
expectations. Supervised classification aathi-supervised section 3. We then introduce in section 4 our criterion for
clusteringare both candidates for such a categorization ap-the active selection of constraints. The experimentalitgesu
proach. obtained with this criterion on a benchmark dataset and on
When the user is able and willing to provide class labels & real-world problem are then given in section 5.
for a significant sample of images in the database, super-

vised classification is the method of choice. In practicis, th 2. SEMI-SUPERVISED CLUSTERING
will be the case for specific classification/recognitiorktas
but not so often for database categorization tasks. To organize a collection of data items into clusters, unsupe

When the goal is general image database categorizationyised clustering (ocluster analysissee the surveys in [5],
not only the user does not have labels for images, but he[6]) relies exclusively on a measure of similarity between
doesn’t even knova priori what most of the classes are data items. Semi-supervised clustering also takes into ac-



straints to be satisfied during cluster assignmentin the
clustering process [2].

¢ In similarity-adapting methods, an existing cluster-
ing algorithm using some similarity measure is em-
ployed, but the similarity measure is adapted so that
the available constraints can be easier satisfied. Sev-
eral similarity measures were employed for similarity-
adapting semi-supervised clustering: the Jensen-Shan-
non divergence trained with gradient descent [8], the
Euclidean distance modified by a shortest-path algo-
rithm [9] or Mahalanobis distances adjusted by con-
vex optimization [10], [11]. Among the clustering al-
gorithms using such adapted similarity measures we
can mention hierarchical single-link [11] or complete-

Fig. 1. Influence of pairwise constraints on clustering: (a)
data items to cluster, (b) and (c) alternative potentialisol
tions for unsupervised clustering, (d) specification ofrpai
wise constraints (green dashed line for thest-linkand red
continuous line for theannot-link, (e) solution obtained by

link [9] clustering and k-means [10], [11].

It is important to note that these two families of semi-
supervised clustering methods rely on slightly differesit a
sumptions. Search-based methods consider that the similar

semi-supervised clustering using these constraints. ities between data items provide relatively reliable infiar
tion regarding the target categorization, but the algamith
needs some help in order to find the most relevant clusters.
count information regarding either the membership of some gimjlarity-adapting methods assume that the initial smil
data items to specific clusters or, more often, pairwise CoN-jty measure has to be significantly modified (at a local or
straints (must-link, cannot-link) between data items. For 3 more global scale) by the supervision in order to reflect
semi-supervised clustering to be successful, the supenvis correctly the target categorization.
information should correct rather than completely contra- While similarity-adapting methods appear to apply to
dict the similarities between data items. a wider range of situations, they need either significantly
Figure 1 shows a simple and not all-encompassing ex-more supervision (which can be an unacceptable burden for
ample of the role pairwise constraints can have when usedhe user) or specific strong assumptions regarding thettarge

for semi-supervised clustering in addition to the simtles  simijlarity measure (which can be a strong limitation in thei
between data items. Any of the partitions (b) and (c) of the domain of application).

data items in (a) can be solutions to an unsupervised clus-
tering algorithm, and for some algorithms the choice will
depend on random factors (such as the initialisation of the
prototypes). By providing pairwise constraints like theesn
pictured in Figure 1(d), the user can guide clustering to the
solution he prefers.
Unlike unsupervised clustering, the semi-supervised ap-

roach to clustering has a short history and few methods . .

\I?vere published untgiJI now. The main d)i/stinction between andU the matrix of the membership degrees, suchias

these methods concerns the way the two sources of infor—;‘;éh d?;:;?:gzh'gefi;g tk(\ae Clrl;tngﬁel‘jt gt(gri’ /;ggo?e R
mation are combined [7]: either by modifying the search for : W vectq u P yp

appropriate clusters or by adapting the similarity measure ﬁfﬁc':i—:f[fg-algomhm minimizes the following objective

3. PAIRWISE-CONSTRAINED COMPETITIVE
AGGLOMERATION

Letx;,i € {1,.., N} be a set ofV vectors representing the
data items to be clustereW, the matrix having as columns
the prototypesu, k € {1,..,C} of C clusters ' < N)

N

c 2
(wie) 2 (i, i) = B(8) 3 [ (i)

¢ In search-based methods, the clustering algorithm it- N
=1 k=1 =1

self is modified so that user-provided constraints or 7(V,U) = Z

labels can be used to bias the search for an appropri- k=11

ate clustering. This can be done in several ways, such _ 1)
as by performing a transitive closure of the constraints under the constraint

and using them to initialize clusters [3], by including c

in the cost function a penalty for lack of compliance Zulk —1, fori €{1,.,N} @)

with the specified constraints [1], or by requiring con- P



Thefirsttermin (1) is the standard Fuzzy C-Means (FCMdistances, while partitioning the data set into the smilles

[13]) objective function. The second term defines a compe-
tition that progressively reduces the number of clustere T

number of clusters such that the specified constraints are
respected as well as possible. Note that when the member-

B(t) factor sets a balance between the terms and progresships are crisp and the number of clusters is pre-defined,

sively decreases with the iteration number.

For PCCA, the objective function to be minimized must
combine the feature-based similarity between data items an
knowledge of the pairwise constraints. Lt be the set of

this cost function reduces to the one used by the PCKmeans
algorithm in [3].

It can be shown (see [4]) that the equation for updating
memberships is

available must-link constraints, i.€x;,x;) € M implies

FCM Constraints Bias
x; andx; should be assigned to the same cluster,@ttte Urs = Upg ™ T+ U + Urg (6)
set of cannot-link constraints, i.€x;,x;) € C impliesx; where
andx; should be assigned to different clusters. Using the )
same notations as for CA, we can write the objective func- FOM B 7
tion PCCA must minimize [4]: Urs S 1 )
k=1 d?(xp,p1)
c N
j(V, U) = Z Z(uik)QdQ (Xiv ,Ltk) (3) uConstruints _ « (C - C ) (8)
k=1 1i=1 rs 2d2 (Xr, /LS) Uy Vys
c c
ol X XY waw
(xi,%;)EM k=1 1=1,l#k ffsias - QL(NS _ E) (9)
C N 9 d (XT7 /’LS)
+ Z Z “ik“jk) -8 Z {Z(“ikﬂ In (8), C,,, andC,, are defined as
(xi4,x5)€C k=1 k=1 i=1
c
under the same constraint (2). Coy = > > upt > u (10)
The prototypes of the clusters, fére {1,..,C}, are (%) EM I=1,l#s (x,,%;)€EC
given by
N \24. c (Z(xT,Xj)€M Zil,l#k uil"'Z(xr,Xj)ec ujk)
i = M (4) c . Zk:l a2 (X pik)
> i (wi)? o ZC 1
o k=1 @ (X, 1ix)
and the fuzzy cardinalities of the clusters are o
andN, in (9)is
al c
Ne=3ua (5) DY S ¢ v
i=1 r o = C 1 (11)
Zk:l d? (Xr, 1)

The first term in (3) is the sum of the squared distances ) ) ) )
to the prototypes weighted by the memberships and comes ~ The first term in equation (6),", is the same as the
from the FCM objective function. This term reinforces the Membership in the FCM algorithm and only focusses on the
compactness of the clusters. distances between datq items and prototypes. The sec.ond

The second term is composed of the cost of violating t‘?rm’“rcsonStmmts_' takes into account the available supervi-
the pairwise must-link constraints and the cost of violat- Sion: memberships are reinforced or deprecated according
ing the pairwise cannot-link constraints. The penalty cor- [ the pairwise constraints given by the user. The third ferm
responding to the presence of two such points in different U, leads to a reduction of the cardinality of spurious
clusters (for a must-link constraint) or in a same cluster clusters, which are discarded when their cardinality drops
(for a cannot-link constraint) is weighted by their member- Pelow a threshold. -
ship values. The term taking the constraints into accountis 1 he/ factor controls the competition between clusters
weighted bya, a constant factor that specifies the relative @nd is defined at iterationby:
importance of the supervision.

The last term in (3) is the sum of the squares of the car- B(t)
dinalities of the clusters (comes from the CA objective func
tion) and controls the competition between clusters.

When all these terms are combined ahé well cho-
sen, the final partition will minimize the sum of intra-clast

(12)



The exponential component gfmakes the last term in 4. ACTIVE SELECTION OF CONSTRAINTS

(3) dominate during the first iterations of the algorithm, in

order to reduce the number of clusters by removing spuriouswe consider that, most of the time, users can easily define

ones. Later, the first three terms will dominate, to seek the must-link or cannot-link constraints between pairs of im-

best partition of the data. The resulting PCCA algorithm is ages, so it is possible to rely on such pairwise constraints t

given below. In the original version of PCCA, the pairs of perform a semi-supervised categorization of image datbas

items for which the user is required to define constraints are To make this approach attractive for the user, it is also im-

randomly selected, prior to running the clustering process portant to minimize the number of constraints he has to pro-
vide for reaching some given level of quality. This can be
done by asking the user to define must-link or cannot-link

Outline of the PCCA algorithm constraints for the pairs of data items that are expected to
_ _ have the strongest corrective effect on the clustering-algo
e Fix the maximum number of clusteés. rithm (i.e. that arenaximally informativi

But does theidentity of the constraints one provides
have a significant impact on performance or all constraints
Initialize memberships;;: equal membership of ev- &€ relatively alike and only theumberof constraints mat-

17"

Randomly initialize prototypes;, j € {1,..,C}.

ery data item to every cluster. ters? Ina serie§ of repeated expe_rim_e.nts with _PCCA_ using
random constraints, we found a significant variance in the

e Compute initial cardinalitie®V; using (5). quality of the final clustering results. So the selection of
constraints can have a strong impact and we must find ap-

e Repeat propriate selection criteria. Such criteria may depend on

_ further assumptions regarding the data; for the criteriaeto
— Updateg using (12). relatively general, the assumptions they rely on should not
- Update the memberships; using (6). be too restrictive.

_ Update the cardinalitied/;, j € {1,..,C}, us- In previous work on th|s_|ssue,. B_asu et al. _[14] de-
ing (5). veloped a scheme for selecting pairwise constraietfere

. _ running their semi-supervised clustering algorithm (PCK-

- Forj € {1,..,C}, if N; < threshold then dis-  means). They defined a farthest-first traversal scheme of the

card clustey;. set of data items, with the goal of findirigitems that are

— Update the number of clustefs far from each other to serve as support for the constraints.

. . This issue was also explored in unsupervised learning

- ar;date the prototypes;, j € {1,..,C}, USINg ¢, caces where prototypes cannot be defined. In such cases,

' clustering can only rely on the evaluation of pairwise simi-

« Until prototypes stabilize. larities between data items, |mply|ng a high c_omputanonal
cost. In [15], the authors consider subsampling as a solu-
tion for reducing cost and perform an active selection of

As distancel(x;, ;1;) between a data itex; and a clus- new data |t§ms by minimizing the est|mated_ risk of making

' wrong predictions regarding the true clustering from the al

ter prototypey; one can use either the ordinary Euclidean 4 , )
distance when the clusters are assumed to be spherical of¢@dy seen data. This active selection method can also be

the Mahalanobis distance (13) when they are assumed to peeen as maximizing the e_xpected value of the_ informatio_n
elliptical: provided by the new data items. The authors find that their

active unsupervised clustering algorithm spends more sam-
d? (i, i) = |CR VP (i — ) TCT (s — i) (13) ples of data to disambiguate clusters that are close to each
other and less samples for items belonging to well-separate
wherep is the dimension of the space considered @hds clusters.
the covariance matrice of the cluster As for other search-based semi-supervised clustering-meth
N , . o_ds_ (S(_a(_a section 2), when _using PCC_A we co_nsider that the
Cp = Do (i) (i — ) (%3 — pak) (14) similarities between data items provide relatively reléab
Zg\;(“ik)Q information regarding the target categorization and the co
straints only help in order to find the most relevant clusters
When the Mahalanobis distance is employed, the com-There is then little uncertainty in identifying well-septed
putation ofC, in (14) are performed at the beginning of the compact clusters. To be maximally informative, supervisio
main loop, right before the update 6f effort (i.e. constraints) should rather be spent for definin




Fig. 3. Following our assumptions, for the generation of
constraints we expect the most informative data items to be
at the frontier of the least well-defined clusters

Note that we don’t need any extra computation because we
already used the FHV to find the Mahalanobis distance, see
(13) and (14).

Once the least well-defined cluster at iteratiémnfound,
we need to identify the data items near its boundary. Note
that in the fuzzy setting, one can consider that a data item
represented by the vecter. is assigned to clusterif .,
Data items at the frontier of the least well-defined cluster 'S the highest among its membershlp degrees. The data

items at the boundary are those having the lowest member-

(depicted as filled circles) are the items having the lowest "~ . . . .
membership degrees among the items assigned to this Clus§h|p values to this cluster among all the items assigned to it
Fig. 2d).

ter. (e) For each of these items, we select the nearestcluste( ) ] )
as the one corresponding to the second highest membershi{) Once we have a set of items that lie on the frontier of
value of the data item under focus (frontier of the nearest the cluster, we find for each item the closest cluster, corre-

cluster is dashed in the figure). To define a constraint, we SPOnding fo its second highest membership value (Fig. 2e).
then take the nearest item in the nearest cluster. (f) Gen-1Nne user is then asked whether one of these items should

erating constraints between the two selected items to biad?® (0r not) in the same cluster as the closest item from the

categorization towards the one expected in (a). nearest cluster ((Fig. 2f).
It is easy to see that the time complexity of this method
) is high. We suggest below an approximation of this method,
those clusters that are neither compact, nor well-sepirate haying a much lower cost.

from their neighbors. One can note that this is consistent  agier finding the least well-defined cluster with the FHV
with the findings in [15] regarding unsupervised clustering  iterion, we consider a virtual boundary that is only de-

_ To find the data items that provide the most informa- fineq hy a membership threshold and will usually be larger
tive must-link or cannot-link pairwise constraints, we kha than the true one (this is why we call it “extended” bound-
then focus on the least well-defined clusters (see Fig. 2) andary). The items whose membership values are closest to
more specifically, on the frontier with their neighbors (see s threshold are considered to be on the boundary and con-
Fig. 3)'. : , ) straints are generated directly between these items. We ex-
_To identify the least well-defined cluster at some itera- ot these constraints to be relatively equivalent (andouot
tion ¢ (Fig. 2b), we use théuzzy hypervolumgHV), de- g poptimal when compared) to the constraints that would

Fig. 2. lllustration of the clustering process. (a) Raw data
and desired categorization. (b) Clusters formed at itenati

t. (c) Least well-defined cluster (thick frontier) found as
the one having the highest fuzzy hyper-volume (FHV). (d)

fined by: have been obtained by the more complex method described
FHV = |Gyl (15) in the previous paragraphs.

|Cx| being the determinant of the covariance matrix of This approximate selection method has two parameters:

clusterk, given by (14). the number of constraints at every iteration and the member-

The FHV was introduced by Gath and Geva [16] as an ship threshold for defining the boundary. The first param-
evaluation of the compactness of a fuzzy cluster; the smalle eter concerns the selection in general, not the approximate
the spatial volume of the cluster and the more concentratedmethod specifically. In all the experiments presented next,
the data items are near its center, the lower the FHV of thewe generate 3 constraints at every iteration of the clusgeri
cluster. algorithm. For the comparative evaluations, we plot the ra-

We consider the least well-defined cluster at iteration tio of well-categorized items against the number of paiewis
to be the one with the largest FHV at that iteration (Fig. 2c). constraints. With this selection procedure, when the maxi-



Fig. 4. Informative pairwise constraints can be selected
on the extended boundary (dashed line) of the least well-
defined cluster

mal number of constraints is reached, clustering continues
until convergence without generating new constraints. .
The second parameter is specific to the approximation
of the boundary and we use a fixed value of 0.3, meaning
that we consider a rather large approximation. These fixed
values for the two parameters are necessarily suboptimal,
but a significant increase in performance (or reduction in
the number of required constraints for a given performance) -
is nevertheless obtained. Class 7: 20 plants
We use hereafter the name “most valuable pairs” (MVP)
for the constraints obtained by this approximate method. Fig. 5. A sample of theArabidopsisimage database, with
Also, the PCCA algorithm including this active procedure the number of plants in each class
for the selection of constraints will be called Active-PCCA

leaves, plants with partially white leaves. There are d tota
of 187 plant images, but different categories contain very
different numbers of instances. The intra-class diverisity
high for most classes. A sample of the images (two images
from each category) is shown in Figure 5.

The global image features we used for tabidopsis
database are the Laplacian weighted histogram, the proba-
bility weighted histogram, the Hough histogram, the Faurie
histogram and a classical color histogram obtained in HSV

5. EXPERIMENTAL RESULTS

We evaluated the effect our criterion for the active setacti

of constraints has on the PCCA algorithm and we compared
it to the CA algorithm [12] (unsupervised clustering) and to
PCKmeans [3] (semi-supervised clustering).

The first comparison is performed on the well-known
Iris benchmark database, also used in [3], containing 3ekas
of 50 instances (Iris flowers) each. Every Iris flower is de- ¢ .
scribed by four numerical attributes, which are the length 0lor space (described in [17]).
and the width of its petals and sepals. The classes are not By combining these descriptors, the resulting joint fea-
spherical and only one class is linearly separable from theture vector has over 600 dimensions. This very high number
other two. The simplicity and low dimension of this dataset Of dimensions of the joint feature vector can not only make
also allows us to display the constraints that are actualy s clustering impractical for large databases, but also predu
lected (see Figure 8). curse of dimensionality -related difficulties during clest

The second comparison is performed on a ground truth ing. In order to reduce the dimension of the feature vectors,
database composed of images of different phenotypes ofe use linear principal component analysis (PCA), which is
Arabidopsis thalianacorresponding to slightly different geno-actually applied separately to each of the types of features
types. This scientific image database is issued from stud-Previously described. The number of dimensions we even-
ies of gene expression. There are 8 categories, defined byually retain is 5 times smaller than the original one.
visual criteria: textured plants, plants with long stems an In all the experiments reported here we used the Ma-
round leaves, plants with long stems and fine leaves, plantshalanobis distance (13) rather than the classical Eudlidea
with dense, round leaves, plants with desiccated or yellow distance.
leaves, plants with large green leaves, plants with reddish  Figures 6 and 7 present the dependence between the
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Fig. 6. Results obtained by the different clustering algo-
rithms on the Iris database

Fig. 8. Positions of the data points composing the “most
I valuable pairs” (MVP) produced by our selection criterion
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g s ! ] tajned by prqviding.a sim_plg form of supervision,.the pair-

g o8l wise constraints. With a similar number of constraints, RCC
8 ' performs significantly better than PCKmeans by making a
g 077 better use of the available constraints. The fuzzy cluster-
s o7 |/ ing process directly takes into account the the pairwise con
5 065 straints thanks to the signed constraint terms in (11).

0.6 ‘ : ‘ ‘ ‘ : ‘ The active selection of constraints (Active-PCCA) fur-
0O 10 20 30 40 50 60 70 80 . ; }
Painise constraints number ther redu_ces the number of constraints requlreq for reachin
such an improvement. The number of constraints becomes
PCKmeans —— kmeae 1 very low with respect to the number of items in the dataset.
Active-PCCA = To visualize where our selection criterion actually gen-
erates the constraints, we displayed in Figure 8 the first 13
MVPs produced on the Iris dataset, corresponding to a cor-
rect clustering of 98% of the data items. Three of the orig-
inal four dimensions are shown. We can see that only one
percentage of well-categorized data points and the num-Point was selected (during an early iter_ation) in the well-
ber of pairwise constraints considered, for each of the two separate_d cluster and that the other points are spread near
datasets. We provide as a reference the graphs for the CAthe frontiers of the other two clusters.
algorithm and for K-means, both ignoring the constraints
(unsupervised learning). 6. CONCLUSION
The correct number of classes was directly provided to
K-means and PCKmeans. CA, PCCA and Active-PCCA By including information provided by the user, general im-
were initialized with a significantly larger number of class  age database categorization can produce results that come
and found the appropriate number by themselves. much closer to user’'s expectations. But the user may have
For the fuzzy algorithms (CA, PCCA and Active-PCCA) difficulties accepting such a semi-supervised categdvisat
every data item is assigned to the cluster to which its mem-approach unless the information he must provide is very
bership value is the highest. For every number of conssaint simple in nature and in a small amount.
500 experiments were performed with different random se-  We put forward here a criterion for the active selection
lections of the constraints in order to produce the errosbar of constraints working well with our Pairwise-Constrained
for PCKmeans and for the original PCCA. Competitive Agglomeration (PCCA) semi-supervised clus-
These experimental results clearly show that the usertering algorithm, under rather general assumptions. The
can significantly improve the quality of the categories ob- experiments we presented on the Iris dataset and on the

Fig. 7. Results obtained by the different clustering algo-
rithms on theArabidopsisdatabase



Arabidopsisimage database show that the active selection [7] Sugato Basu, Mikhail Bilenko, and Raymond J.
of constraints combined with PCCA allows the number of
constraints required to remain sufficiently low for this ap-
proach to become a really interesting alternative in the-cat
gorization of image databases. We shall evaluate this semi-
supervised clustering algorithm on larger image databases
that don't have a ground truth.

The approximations we made allowed us to maintain a
low computational complexity for the resulting algorithm,
making it suitable for real-world clustering applicatioige
shall continue exploring the active selection of constsain
in an attempt to find a better tradeoff between performance
and computational complexity.
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