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Abstract

In this paper, a new competitive learning algorithm called Dynamic Competitive Learning
(DCL) is presented. DCL is a supervised learning method that dynamically generates output
neurons and initializes weight vectors from training patterns. It introduces a new parameter
called LOG(Limit of Grade) to decide whether or not an output neuron is created. In other
words, if there exist some neurons in the province of LOG that classify the input vector
correctly, then DCL adjusts the weight vector for the neuron which has the minimum grade.
Otherwise, it produces a new output neuron using the given input vector. It is largely
different from the previous competitive learning neural networks that the selected neuron for
learning is not limited only to the winner and the output neurons are dynamically generated
in the training process. In addition, the proposed algorithm has a small number of par-
ameters, which are easy to be determined and applied to the real problems. Experimental
results for pattern recognition of remote sensing data and handwritten numeral data indicate
the superiority of DCL in comparison to the conventional competitive learning methods.
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Step 0. Initialize parameters:
t=0. n=0
2 (0)E0.1)
n=0 for j=1.2.---.J
LOG;=1 for j=1.2,---,J
Step 1. While condition
Steps 2-8.

stopping is false. do
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Step 2. For each training input vector x;. do
Steps 3-7.
Step 3. For r=1.-
a. Find
| x,—w
b. If u, =i ifpdate
weight vector and go to
Step 5:
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c. Next r.
Step 4. If u #j for all r, then crea-

te a new output neuron

and initialize the weight

vector:

n=n+1, n=n;+1

wo(new) =x;, un=j
Step 5. Adjust limit of grade LOG;.
Step 6. Reduce learning rate a(t).
Step 7. Next t:

Step 8. Test stopping condition:
The condition may specify a fixed
number of iterations.

Step 9. Relabeling.
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Tabel 2. Recognition rate for FSCL., SOFM.
FSCL SOFM
Epoch
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50 94 91.733 92.688 92.267
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70 93.125 91.333 92.438 90.2
80 95,312 92.733 92.625 92
90 93.25 91.767 92.5 91.1
100 94.312 93.567 93.062 91.2
B3 94.125 92.217 92.677 91.172
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Tabel 3. Recognition rate for DCL.
Epoch | WA4Ws | w9 | elAE)
50 110 97.4 84.4
60 110 97.6 84.6
70 110 97.8 84.6
; 80 110 97.8 84.4
90 111 97.8 84.6
100 111 97.8 84.6
l H 110.333 97.7 84.533
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Tabel 4. Recognition rate for LVQ. SOFM.
{ - ‘ LVQ SOFM T
I Epoch
| H4e%) | AEE%) | %) | deE)
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| 60 92 82.2 86.4 76 (
Tvo 91.8 82.6 86.2 B2
\[ 80T 91.6 82.6 85.8 79.2 ﬁ‘
90 91.8 82.6 86.6 78.2
w0 | 92 82.8 86.8 79.2
i it { 91.9 82.7 86.233 77.433
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