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Centroid Neural Network for Unsupervised Competitive Learning
Dong-Chul Park

Abstract—An unsupervised competitive learning algorithm not possible to determina priori the best total number of
based on the classicgk-means_ clustering algorithm is _proposed. iterations for a given set of data.
The proposed learning algorithm called the centroid neural  Thq gifferential competitive learning (DCL) algorithm intro-

network (CNN) estimates centroids of the related cluster groups in d ts of d and ish t to th titi
training date. This paper also explains algorithmic relationships uces concepts or réward and punishment o the competutive

among the CNN and some of the conventional unsupervised com-€arning algorithm [7]. The DCL algorithm rewards the winner
petitive learning algorithms including Kohonen's self-organizing by adapting the synaptic vectors with a positive learning coeffi-

map (SOM) and Kosko’s differential competitive learning (DCL)  cient like SOM does, but it can punish the loser by adapting the
algorithm. The CNN algorithm requires neither a predetermined gy ot vector with a negative learning coefficient. This con-

schedule for learning coefficient nor a total number of iterations t of ish th th di i | fi
for clustering. The simulation results on clustering problems and cept ol punishment has not been usea in conventional competi-

image Compression prob|ems show that CNN converges muchtive |earning algorithms inCIUding SOM. Even though Kohonen
faster than conventional algorithms with compatible clustering uses this concept for the learning vector quantization (LVQ)

quality while other algorithms may give unstable results de- system, the LVQ is a supervised learning algorithm [3]. The
pending on the initial values of the learning coefficient and the K[ can be thought of as a local unsupervised approximation
total number of iterations. , . . .
_ _ _ _ of Kohonen's supervised LVQ algorithm. However, choosing a
Index Terms—Centroid, forgetting, learning gain, neural schedule for optimal learning coefficients still remains unsolved
network, unsupervised learning. in DCL.
The proposed learning algorithm, called centroid neural net-
|. INTRODUCTION work (CNN), is based on the observation that synaptic vectors
converge to the centroids of clusters as learning proceeds in con-

: S e ventional unsupervised competitive learning algorithms such as
supervised learning in artificial neural networks have be

" ] : ) M or DCL. The centroid, or conditional expectation, can
widely used for processing the input data of complicated Clas?ﬁ'inimize the mean-squared error of the vector quantization. As

fication tasks. One of the most widely used competitive Iearnirilgthe case with SOM or DCL, the synaptic vectors converge to
algorithms is thd_c—means_ clustering _al_go_rlthm [1]. Since thethe centroids of clusters as learning proceeds in CNN. However,
k_-mean_s clustering algorithm that minimizes the energy fun 1e CNN finds locally optimal synaptic vectors for each datum
:'OB deflnfed by d”f‘ea” Is?uare_(tj _erfror IS S|tr|nple admfj fast ena sented and consequently converges to the centroids of clus-
0 be performed In real ime, 1L1S frequently used for many ays .o ch faster than conventional algorithms. One of the very
pllcat|on§ even though |t.has some |neV|tabIe.probIem§ [2]'.T %vantageous features in the CNN algorithm is that the CNN
most serious problem with thiemeans clustering algorithm 'S does not require a schedule for learning coefficients. The CNN

';Cha>t Te algorithm may not converge to an optimal solution f?ﬁther finds its optimal learning coefficient in each representa-

i f . The CNN I ish
The self-organizing map (SOM) by Kohonen does have“on of data vectors. The CNN can also reward and punish by

. : . . Igarning coefficients for winners and losers, respectively. Unlike
strong connection with thé-means algorithm [3]. Lloyd's SOM or DCL, the CNN also does not require the total number
batch k-means algorithm [5] and MacQueen’s adaptiv '

k-means algorithm [6] are considered as the basis for tﬁglteratmn in advance.

SOM [2]. Basically, SOM finds a winner neuron which is the

closest to a given input datum and updates the synaptic weights Il. DEFINITION OF PROBLEM

of the winner and its neighbors. In order to obtain the best ossyme thatNV data vectorsz(i), i = 1,---, N, and

number of iteration for a given set of data should be chosga 3 member of one of th&f clusters. When the clustérmas
carefully. Generally, the larger the predetermined total numb@ri members ands;(j) denotes the datg in the cluster; for

of iterations is and the smaller the initial learning coefficienine instance, the problem and the energy function (or cost
is, the better the results that can be expected. However, ifigction), £, in L, norm are defined as follows:

ONVENTIONAL competitive learning algorithms for un-
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wherew denotes a weight vector that has the same dimensimnthem. Unfortunately, this algorithm does not guarantee the
asz. quality of the solution or the rate of convergence especially for
k > 1 wherek represents the number of clusters [2].
[ll. OPTIMALITY CONDITIONS IN UNSUPERVISEDLEARNING

ALGORITHM C. Self-Organizing Map
In order to achieve the minimum-energy clustering, the fol- Kohenen’s self-organizing map (SOM) as an unsupervised
lowing conditions are considered [9]. learning algorithm is one of the most popular neural-network

algorithms and produces several variations for improving the

1) Nearest Neighbor Selection Conditiofthe “winner” |
performance of SOM. The SOM can be summarized as

neuron: for a given inputz is defined as
w; = min ||z — w;]|?, 1<j <M. w;ln + 1] = w;[n] + afn](z — w,[n])
J

2) Minimum Energy ConditianThe weights for a given where output neurof is the winner neuron and neighbor neu-
output neuron, should be chosen in a way to minimiZ@ns to the winney at the iteratiom and the learning coefficient
the total dista'nce inL, norm from the vectors in its a[n] at iterationn defines a decaying constant with an iteration

cluster such as such as
n
afn] = o(0) (1 - N)

N, N.
N . N .
w; = n}}]nz [lai () — wl|* = N Z i (4)
=1 =1 with predetermined constanf0) and total number of iterations
by the following Theorem 1. N [3], [4].

Theorem 1: The centroid of data in a cluster is the solution 1he SOM holds the very advantageous topology preserving
which gives the minimum energy iy norm. property that can capture the probability distribution density of

the input data without help of external supervision [11], [12]. As

mentioned in literature including [13], however, the required pa-

rameter selection prior to learning is very important in achieving

useful results. Although a recent report on the optimal sched-
In order to attain insight into learning gain scheduling in dify|ing of learning gain using the Kalman filter estimation tech-

ferent unsupervised competitive learning algorithms, some c{ique is a very useful tool for running SOM [13], the selection

ventional algorithms are summarized in this section. of properN and the width of the neighborhood function is left

in the state of art until now.

IV. SOME ALGORITHMS ON UNSUPERVISEDCOMPETITIVE
LEARNING

A. Deterministic Competitive Learning
One of the simplest forms of the deterministic competitiv®. Differential Competitive Learning

Iearn@ng algo_rithm is the following the linear competitive Tha gifferential competitive learning (DCL) proposed by
learning algorithm [8]: Kong and Kosko [7], [10] combines two classical learning
algorithms: competitive learning and differential Hebbian

wj[n+ 1] = wln] + Si(y;) (@ — wiln]) learning. The basic idea of DCL is that the winner neuron

where learns only if the status of the output neuron has been changed
) . compared to the previous iteration. DCL updates weights by
Si(ys) = 1, if neuronj is winner the following procedure:
I 0, otherwise.

w;[n] + acln](z —w;n]),
if neurony is winner
w; [71],
if neurony is loser

This learning algorithm states that only the weights of the

winner neuron have a chance to adapt. The learning rate in this win+1] =
algorithm is constant through the learning stage and is desirable

when the environment is nonstationary [2].

where
B. Self Learning Algorithm
+1, Y; gets stronger

a=4 —1, Yjgetsweaker
0, Y, remains the same

A similar learning algorithm to the deterministic competitive
learning algorithm is the following self learning algorithm [9]:

wj[n + 1] = wj[n] + N'L[”](z —wj[n]) andc[n] is a slowly decreasing sequence of small learning coef-
’ ficients ([0] < 1) while Y; denotes the neurafis competition
whereN,[n] is the number of training data which output neurosignal in the competition layer.
J won at iterationn. The significance of DCL is that DCL allows punishment
This update rule is rather closely related with the MacQueeros forgetting by using negative learning gain in unsupervised
k-means algorithm [6] and guarantees that the cluster centlarning. Kohonen employs this idea of punishment only in
are the means of all input patterns which have been assigsegervised learning [3].
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TABLE |
THE CENTROID NEURAL-NETWORK ALGORITHM

Algorithm CNN(M,N) [ M: number of clusters, N: number of data vectors |
[Initialize weights wy and wy ]
Find the centroid, c, of all data vector
Initialize w; and wo around ¢ with small € :
wW)p:=cCc+€g, Wpi=C—¢€
Ny:=0, Np:=0
k:=2, epoch:=0
for (k < M)
do
loser :=0
for ( n < N)
Apply a data vector x(n) to the network
Find the winner neuron, j, in thisepoch for 1 <j <k
if (epoch # 0), then Set i is winner neuron, i, for x(n) in previous epoch.
if 1 # j, then neuron, 1, is loser neuron.
if (epoch == 0 or i # )
Run UpdateCNNWeight(x(n), w;, w;, epoch)
loser :=loser +1
endif
n:=n+1
endfor [check for all data ]
epoch := epoch + 1
while loser # 0
ifk#M
Split group with the most error, j, by adding small vector, &, nearby group j :
w; = min; By = min; 3% [Ix:(k) - will?, 1<i< M
Wil = W+ €
endif
k:=k+1, Ny:=0
endfor
end

Procedure UpdateCNNWeight(x, w;, w;, epoch)
Update winner neuron : w;(n) := w;(n) + ﬁ[x(n) - w;(n)]

if (epoch # 0) [ loser neuron occurred only when epoch # 0]
Update loser neuron : w;(n) := w;(n) — ﬁ[x(n) — w;(n)]
endif
end
V. THE CNN ALGORITHM if we have N data vectors and epochs of training have been

performed, then there werlV iterations of training have been
The CNN algorithm is based on the conventiokaheans al- performed.

gorithm and finds the centroid of data in corresponding clusterswhen a data vectae is applied to the network at time, the
at each presentation of data vectors. Instead of calculating Hiaptive equations for winner neurérand loser neurorj in
centroids of the clustered data for every presentation of daG\N can be written as follows:
the CNN algorithm updates their weights only when the status
of the output neuron for presenting data has changed: that is, [Njw;(n) + (n)]
the weights of a winner neuron in the current epoch for the data ;+1
change only when the winner neuron did not win the data in the ' 1

wi(n+1) =

previous presentation and the weights of the winner neuron in =w;(n)+ N;+1 [w(n) — w;(n)] @)
the previous epoch for the data change only when the neuron
does not win the data in the current epoch. We call the former
one “winner neuron” and the latter one “loser neuron.”
Note that “epoch” as used in this paper is defined as “one pre- wi(n+1) = N, —1 [Niwi(n) — z(n)]
sentation of whole data vectors in the data set,” while “iteration” 1

is defined as “one presentation of any data vector.” For example, =w;(n) - N, —1 [#(n) —wi(n)] @)
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TABLE I
COMPARISON IN LEARNING COEFFICIENTSAMONG DIFFERENTLEARNING ALGORITHMS

Algorithm ¢(n) Note
SLA N_,l(ﬁj N; : the number of members in neuron j
SOM c(0)(1 - &) ¢(0): arbitrary constant
ac(0)(1 — %) t: data sequence, T: total number of data

DCL a=< (1) ifY; gets weaker Y; : competitive signal of winner

(+1) if ¥; gets stronger
0 if Y; remains same

(+1)ﬁ if § is winner
CNN c(n) = (—1)1\,—],1;—1 if 7 is loser N; #1
0 otherwise
TABLE Il where

SUMMARY OF LEARNING GAINS FOR DIFFERENT ALGORITHMS

1 o .
- - - = (+1) , if jis awinner
Algorithm | Learning gain schedule | Forgetting allowed N;+1
SLA linearly decreasing No _ 1 o
SOM linearly decreasing No e(n) =94 (-1) N —1’ if j is aloser and
- - J

0oL [ Touydei | T preious wimer o)

Yy oP 0, otherwise.

Some of the conventional unsupervised learning algorithms
where w;(n) and w(i) represent the weight vectors of the0 be compared with CNN include SLA, DCL, and SOM.
winner neuron and the loser neuron, respectively. The learning coefficient schedules for these algorithms are

In order to avoid the algorithm from getting stuck at a ursummarized in Table II. Note that SOM does not adapt only the

desirable local minimum solution, CNN starts with setting th&eights of the winner neuros but also adapts the weights of

number of groups to two and increases the number of groups &A@ neighbor neurons to the winner neurorone of the most

by one until it reaches the predetermined number of graups, Widely used neighborhoods is a sphere that covers a fairly large

Table | shows a pseudocode of the CNN algorithm. region initially and shrinks its diameter with time [4], [12],
The CNN algorithm does not provide any guarantee of coht3].

vergence to the global minimum solution like other unsuper- When CNN is compared with SLA, SOM, and DCL, CNN

vised algorithms such as SLA, DCL, and SOM, but does prgnd DCL allow a forgetting factor among some of the output

vide a guarantee of convergence to a local minimum. The cdiurons by using negative learning gain while SLA and SOM

vergence of the CNN algorithm can be easily proven by consido not. In most cases, the forgetting factor is very natural and

ering the energy change in each iteration of the training procffective in unsupervised learning [10]. The magnitude of the
dure. learning coefficient in the DCL, however, follows the idea of

SLA and SOM whose learning rates are linearly decreasing
with each iteration without considering the property of data and
learning conditions. A simple linearly decreasing learning co-
efficient, of course, does not satisfy the optimality conditions
given in Section Ill. The CNN, however, adapts its weights ac-
From (1) and (2), the adaptation rules of the CNN can K@rding to the optimality conditions. Of course, this does not
combined such that mean any convergence of CNN to the global minimum. This
simply shows some relationships of CNN to other algorithms.

By employing the strategy of starting the group numbers at two

and increasing it until it reaches to the prespecified number of

w;(n+ 1) =w;(n) + c(n)z(n) —w;(n)] (3) groups, the CNN can improve its convergence and quality of

VI. RELATIONSHIP OF CNN wWITH SOME UNSUPERVISED
COMPETITIVE LEARNING ALGORITHMS
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Fig. 1. Data sets used for experiment: (a) data set #1 and (b) data set #2.
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Fig. 2. Convergence of CNN: (a) for data set #1 (# of groups is four) and (b) for data set #2 (# of groups is 16). (Note: The numbers on the curve represent the
number of groups while running the CNN algorithm.)

solution greatly. Table Ill summarizes the schedules of learningighborhood functionH (n), for SOM is used throughout the
gains and forgetting properties among different algorithms. experiments in this section

-7
H(n) =exp <—>
VII. EXPERIMENTS AND RESULTS a(n)

wherer is the radius from the winner neuron to the neighbor-
hood neurons and the(n), the width of the neighborhood, is
The CNN algorithm is first compared with the SOM and thehosen to cover 25% of the whole neuron initially and to decay
DCL algorithms for example problems shown in Fig. 1. Fig. 1(alowly with .
shows the data set #1 that consists of 2000 data vectors witfThe clustering results are given in terms of the energy de-
four centers at the four corners e and+2 of the X—Y axis. fined in Section Il. In order to investigate the effects of the total
For data set #1, the algorithms are to group the data into fawrmber (V) of epochs and initial learning gain(0), the ex-
clusters. Fig. 1(b) shows the data set #2 that has 500 data popgsments for SOM and DCL are performed with five different
with an S-curve shape in two-dimensional (2-D) space. The dd¥as (10, 50, 100, 150, 200) and five differes(id)’s (0.1, 0.3,
set #2 is used to compare the three algorithms when the data, 0.7, 0.9). Of course, CNN is performed only once for each
do not show any obvious clustering. Note that the followindata set since CNN requires neitiémor ¢(0). The same initial

A. Example Problems
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Fig. 3. Different final energy levels with different initial parameters on data set #1: (a) for SOM and (b) for DCL. (Note: CNN always give33 after eight
epochs.)
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Fig. 4. Different final energy levels with different initial parameters on data set #2: (a) for SOM and (b) for DCL. (Note: CNNogivel® after 115 epoch.)

weights around the middle of the data plane are set for the thi¢ewever, since the CNN has two output neurons initially &hd
algorithms. For both data sets, all the algorithms successfullytput neurons in the final stage of training process, the CNN
converge to the centroids of possible groups of data. The diffeequires approximately half of the CPU time required for one
ences among the algorithms are the speed of convergence epach in SOM or DCL in the average sense.
final energy levels. Fig. 2 shows the convergence of the CNN al-The results in Fig. 4 show the final energy levels for SOM and
gorithm when applying the datasets #1 and #2 with the numHd@€L with data set #2. Since the number of data for this case is
of clusters 4 and 16, respectively. relatively small, the final energy is not very distinguishable for
The results shown in Fig. 3(a) and (b) and display the findifferent cases.
energy level when SOM and DCL are applied to the data set #1,The next example problem investigated with the proposed
respectively. As we can see from Fig. 3, generally, the lafger CNN algorithm is the uniform data in the 2-D plane. The 10 000
is and the smaller(0) is, the better the results that can be exdata points are uniformly distributed over the region enclosed
pected for SOM and DCL. The best result for SOM is obtainday the boxed area and the task is to group the data into 25 clus-
(£ = 618) with N = 200 and¢(0) = 0.3 while the best result ters. The SOM and the proposed CNN are compared on this
for DCL is F = 617 with N = 200 andc(0) = 0.5 among dif- task. Thec(0) and N for SOM are given by 0.2 and 100, re-
ferent combinations oV and¢(0). Both SOM and DCL show spectively. Of course, CNN requires no initial parameters to be
fairly good results whetV is over 150, while CNN gives a com- set. Initial weights are clustered around the center of the plot.
parable result & = 623) after eight epochs of training. NoteAt each epoch of the training stage, the presentation order of
that the actual CPU times for one epoch in SOM and DCL dahe input data was randomized for both algorithms in order to
gorithms used are almost the same with marginal differencggneralize the results. With both algorithms, weights gradually



526 IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 11, NO. 2, MARCH 2000

1 T —— —— — 1 S S m T — T T
o8t g BTN B G Qi g L R RTINS I ° g o
o8k . p [P PO PO OO ogh i
° N o N N N -
o7} L . : e 07k g g g -
<] : o : Q ° : : °
sl . : . e ] osb -
¢ : o : : : : : : : : :
05t N - - . - . - /1] JEEREEE - -3 LT ¢ LR RN TINER | M .
o s . 0 b : T
o4l e i 04}
[ : a
oaf g RIS ENUR SRR SRS S e o3} 4 o Q- 0 °
] :
ozl . . . L ] o2k
ot e : 0 i R otf : o : LI 4 °
o 9 4 (4
o . ) . H ) . H H ) o H ) . 1 N 1 i : .
o 01 0z 03 04 05 05 07 08 09 [ 0 01 0z 03 04 05 06 07 08 09 1
(a) (b)

Fig. 5. Results of convergence: (a) by SOM and (b) by CNN for 10 000 uniformly distributed data points. Each point represents the two weights afteach outp
neuron. Final energy levels for SOM and CNN are 0.006 611 and 0.006 621, respectively.

Fig. 6. The original images: (a) LENA and (b) PEPPERS.

spread out until the weight distribution approximates the urin Fig. 6(a), consists of 7225 blocks of data. The problem re-
form distribution. Fig. 5 shows the final location of weights foquires that the 7255 blocks of data be coded with 128 blocks
SOM and CNN. The results shown in Fig. 5 are quite similaf coded data. Fig. 7 shows the results of image compres-
with minor differences in final energy levels. sion by the CNN. The CNN training for codebook design
An interactive CNN simulator with several problems is availtakes 1873 s of CPU time in SUN SPARC-20. The CNN is
able at the following web site: http://icrl. myongji.ac.kr/NNsim-compared with SOM in terms of peak signal-to-noise ratio

ulator/CNN. (PSNR) for the image compression problem in Table IV.
Note that SOM with a different combination of parameters,
B. Image Compression Problem ¢(0) and N, shows different results while CNN gives ac-

ceptable results without problems in parameter selection for
In order to investigate the applicability of the CNN algofunning the algorithm.
rithm to real-world problems, the CNN is applied to image Another experiment on image compression is performed by
compression problems [14], [15]. When the block size is ®&sing CNN, SOM, and DCL. In this experiment, 512, 1024, and
x 3, the original image data, LENA (25% 255) as shown 2048 codebook size cases withx44 block size are considered.



IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 11, NO. 2, MARCH 2000 527

Fig. 7. Results of image compression with different initial parameters for SOM and CNN: (a) and (b) reconstructed image by CNN and its error image: SNR
= 29.26 dB (After 400 epoch), (c) and (d) reconstructed image by S@M)(= 0.2 andN = 1000) and its error image: SNR = 29.30 dB, and (e) and (f)
reconstructed image by SOM(Q) = 0.7 andN = 500) and its error image: SNR- 26.29 dB.

For SOM and DCL¢(0) = 0.2 and N = 1000 epoch are used Table V shows the resulting PSNR comparison among the algo-
since it gives the best results in the previous problem. The PERAmMSs. The CPU times required for CNN, SOM, DCL for this

PERS image shown in Fig. 6(b) is used for training neural nagask are given in Table VI. As can be seen from the CPU time
works and resulting weights are tested with the LENA imagéable, CNN requires much less CPU time than what SOM and
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TABLE IV
PSNR ®MPARISON BETWEEN SOM AND CNN WITH DIFFERENT SETS OF
ToTAL NUMBER OF TRAINING EPOCHS ANDLEARNING COEFFICIENTS
FOR LENA IMAGE COMPRESSIONPROBLEM

Total ¢(0)
Network | Epochs (N) | 0.2 0.3 0.5 0.7
100 29.25 | 28.96 | 27.89 | 26.45
300 29.29 | 28.94 | 28.16 | 27.06
SOM 500 29.29 | 28.95 | 27.07 | 26.29
1,000 29.30 | 28.88 | 28.10 | 27.37

CNN 400 29.26

TABLE V

PSNR @MPARISON FORLENA IMAGE COMPRESSIONPROBLEM WITH
DIFFERENT SiZES OF CODEBOOKSDESIGNED BY PEPPERSNAGE

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 11, NO. 2, MARCH 2000

verges to suboptimal solutions. Any undesirable local minimum
problem was not observed in our CNN experiments performed
with many different data sets. The CNN algorithm is applied to
several problems such as simple 2-D data problems and image
compression problems. When compared with conventional clus-
tering algorithms such as Kohonen'’s self-organizing map and
Kosko’s differential competitive learning on these problems, the
proposed CNN algorithm produces comparable results with less
computational effort and is free of the optimum parameter se-
lection problem.
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