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Abstract-Conventional k-means needs to know the exact cluster
number before performing data clustering. Otherwise, it may
lead to a poor clustering performance. The Rival Penalized
Competitive Learning algorithm (RPCL) can automatically
select the correct cluster number, but it is sensitive to the
learning rate and the de-learning rate [21, [41, especially the de-
leaning rate. This paper presents an improved RPCL algorithm,
which is based on the evaluation of competition ability between
the winner and the rival, the improved RPCL algorithm could
determining clustering number without the selecting of de-
learning rate. Our experiments have shown that this improved
algorithm can find out the correct clustering number more
quickly and convenient than RPCL algorithm.

I. INTRODUCTION

Clustering analysis has been widely applied to a variety of
applications such as data mining, image processing, pattern
recognizing, and signal compression. The K-means
algorithm [1] is one of the most popular clustering
algorithms. In the literature, K-mean divides the inputs into
K clusters by minimizing the mean-square-error (MSE)
function. K-means needs to pre-assign the cluster number k,
which is an estimate of kV. When k is exactly equal to k*, K-
means can correctly find out the clustering centers, otherwise,
it will lead to an incorrect clustering result. However, the
exact cluster number is unknown in most cases.
The Rival Penalization Competitive Learning (RPCL) [2]

algorithm is an efficient competitive learning algorithm,
which can determine the correct cluster number
automatically. The basic idea ofRPCL is that, for each input,
not only the winner of center unit is learned by a learning
rate, but also the rival (the second winner) is penalized by a
de-learning rate. So in the iteration RPCL could push the
extra cluster center unites away from data set, and then the
correct cluster number could be found out. However, many
experiments [3] have shown that RPCL is sensitive to the de-
learning rate. It will have bad performance if the de-learning
rate is not selected appropriately.

In order to select the de-learning rate automatically, this
paper presents a measurement of the competitive ability
between the winner and the rival based on RPCL algorithm.
Our experiments have shown that this improved RPCL
algorithm can give correct cluster number faster and more
efficient than traditional RPCL algorithm, moreover, it needs
not to pre-assign the de-learning rate.

II. OVERVIEW OF RPCL ALGORITHM

Suppose N inputs x1, X2 ... xN come from k* unknown
clusters, the output of each input is ,C, and the k initial
centers units are presented as: O)i (i=1,...,k). The algorithm
ofRPCL is given as follows:

Step 1: Randomly initialize k centers units t)i }Ik 1
Step 2: Randomly take an input x from the data set and for

i=1...k, let
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Where "c" stands for the winner unit, "r" stands for the

rival unit, ni is the cumulative number of the winning
occurrences of U = 1;

Step 3: Update the winner unit and the rival unit according
to:
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if i =1;
if Pi =-1;
otherwise (5)

CLi = &-itA(ti t) I = C or r (6)

Where O<.ac(t), ar(t).1 , ac is the learning rate
whereas arr is called the de-learning rate.

Step 4: If the processing is convergence, then stop;
otherwise turn to Step 2.

Many experiments [3] show that RPCL is sensitive to
the selection of the de-learning rate ar . if arr is too large,
RPCL will push almost all centers units far away from the
inputs. On the other hand, If arr is too small, RPCL may not
have enough force to push the redundant center units away
from the inputs so that several center units will share one
cluster finally.

III. THE IMPROVED RPCL ALGORITHM
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After analyzing the RPCL carefully, we have recognized
that the key of the competitive learning algorithm is how to
measure the competitive ability between the winner and the
rival correctly. In the iteration, if the competitive ability of
the rival is better than that of the winner, it means the rival is
stronger than the winner, so we should enhance the
penalization to the rival. By comparing the competitive
ability between the winner and the rival from three aspects,
this paper presents a novel method to automatically
determine the de-learning rate based on the following
consideration:

1) Considering the distance of the winner to the rival.
When the distance is shorter than a threshold, we think that
the rival takes heavy competitive pressure onto the winner,
so that the rival should be fully penalized (shown in Fig. 1).
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Figure 1. If lwinner-rivalll<Radius, it means that the rival threatens the
winner seriously

Here we use the domain radius [5] as the threshold, which
can be defined as follows:

Radius 1)E Xix Xk H 7
2 nn(n-1 k=1 i=1

2) Considering the occurrences of the case, where the unit
B is usually rival when the unit A is winner. This
consideration is to avoid two center units sharing one cluster
at last. If unit A is the winner, and the rival is always to be
unit B, we think B tends to share the cluster with A, thus we
increase the ar to push B away from A. We use f AB , which
is named competitive frequency, to denote the number of the
occurrences when A is the winner and B is the rival.

3) Considering the distribution density of the winner and
the rival, when distance of the winner to the rival is shorter
than that threshold, if the density of the winner is less than
that of the rival, it means the rival is stronger than the winner,
so the rival should be fully penalized. Moreover, from the
aspect of the data distribution, when the distance is shorter
than the threshold, and the density of winner is less than that
of rival, there may be two cases as following:
© the winner locates on or outside the boundary of one

cluster, while the rival is near the center of the same cluster
as shown in Fig.2.(a) In this case, we increase the a!r so that
the rival can get close to the center of the cluster quickly.

(g) The winner and the rival are all inside the same cluster
as shown in Fig.2.(b), but the rival is more closer than the
winner to the cluster center. So we increase the ra to force
the rival out of that cluster.

Figure 2. (a) the winner locates outside the cluster, while the rival lies inside
the same cluster; (b) the winner and the rival are all near the center of the

same cluster.

The distribution density of the winner is defined as
following:

(8)density _ winner = E 7 i
i=l

With:
71,

77i = 1
d < Radius 2
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Where cx is the distance of the winner to each input data.

The computing of the rival distribution density is the same as
the winner's.
Based on the above considerations, the detailed improved

RPCCL algorithm is given as following:
Stepl:Pre-assign the learning rate acc, calculate domain

radius, and randomly initialize k cluster center units
)i }k ilet t= 1;
Step2: Randomly take an input sample x, find its winner

unit and rival unit;
Step3: Update the de-learning rate car with considering

dcr (the distance between winner and rival),
Ia,(t), if dcr <Radius (10)

ar (t) = Radiuse cxa (t), if d,, > Radius
dcr

Step4: Update the a!r with considering the competitive
frequency of the winner and the rival,

°r()= r( ) + a,c (t), if fcr < fr ( 1

ar (t), 'f f,r > fr,
Step5: Update the a!r with considering the density of the

winner and the rival
density winner

aCr(t) =aCr(t)+ - °C(t
density rival
if density winner< density rivalAnddc, <Radius

(12)
Step6: Update the winner and the rival respectively by

ac and a!r as RPCL does;
Step7: Compare the clustering result to the last iteration
result, if they are different, let: t=t+1,
a a,<t(t)xcr c ( t ) = c ( / , and turn to Step 2; Otherwise stop.

IV. EXPERIMENT RESULTS

To compare the RPCL with improved RPCL, we
conducted four experiments, while each experiment had
different distribution data sets and different number of data.

A. Experiment ]
Three Gaussian distributions data sets were generated,

while each data set had 400 data points. These three data sets
were seriously overlapping. Fig. 3 showed the results via the
improved RPCL.
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Figure 3. the results via the improved RPCL with the 5 initial clusters. Initial
center positions were marked by ' , and the final center positions were
marked by '+' (a) the case in the first epoch; (b) the case in the last epoch

We selected initial cluster number as c=5, c=7 respectively.
For each c, 25 clustering experiments were carried out. In
every test, we randomly initialized the position of c cluster
centers, and also randomly input the data points, then
adjusted the a,c °r to make RPCL and improved RPCL do
their best. At last we compared the correct rate of cluster
number and the average iteration by RPCL and improved
RPCL. The experiment result is shown in Table. 1

C Experiment 4
In this experiment, we showed that this improved RPCL

was also useful for the data set with ellipsoidal distribution.
Three ellipsoidal distribution data sets were generated, while
each data set has 1200 data points. Five cluster centers were

initialized. Our improved RPCL could always find correct
cluster number by adjusting a!r from 0.02 to 0.002. Fig.5
shows the result when a =0.002:

TABLE I
THE RESULT OFF RPCL AND IMPROVED RPCL BOTH TESTED

WITH DIFFERENT INITIAL CLUSTERNUMBER

From Table. 1 we can see that the improved RPCL can find
correct cluster number more efficient and quickly than RPCL.
Moreover, Fig.3 has shown that the improved RPCL could
even find correct cluster number after one iteration.

B. Experiment 2 and3
In Experiment 2, ten Gaussian distribution data sets were

generated, while each data set had 200 data points. Different
from Experiment 1, which tested the performance of RPCL
and improved PRCL in the case of pre-assigning different
initial clustering number, Experiment 2 tested the
performance of PRCL and improved PRCL when the real
clustering number is big. Fig.4. (a) showed the data set in
experiment 2. We randomly selected 15 initial cluster centers,
and randomly input data, did 25 tests respectively by RPCL
and improved RPCL. The result is given on Table.2.

In Experiment 3, the covariance of the top two data sets is
5, the covariance of the middle two is 4, and the covariance
of the bottom one is 3. Fig.4. (b) showed the final result via
improved RPCL:

(a) (b)
Figure 4. (a)Ten Gaussian distribution data sets were generated

randomly;(b) Five Gaussian distribution data sets with different covariance,
the final cluster center position was marked by '+', five centers located at

the correct positions, the extra two left away from the data sets.

Figure 5. Experiment with three ellipsoidal distribution data sets via
improved RPCL. The final positions of three cluster centers were marked as

',and the extra two centers were pushed far away from the data sets

V. CONCLUSION

This paper presents an improved RPCL algorithm, our

experiments showed that this improved RPCL could find out
the correct cluster number more efficient and quickly than
traditional RPCL. The advantages of the improve RPCL are

manifold: Firstly it does not have to determine the de-
learning rate in advance; Secondly it performs more quickly;
Finally it is also fit for ellipsoidal distribution data sets. But
there are still some drawbacks in this algorithm such as it is
sensitive to the learning rate. Our next work will focus on

how to find the correct cluster number with automatic
selection of the learning rate.
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TABLE II
THE RESULT OF RPCL AND IMPROVED RPCL WHEN THE ACTUAL

CLUSTER NUMBER IS TEN
Algorithm

RPCL Improved
Results RPCL

Correct rate 0.52 0.84
Average literature 5.04 2.00


