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Fig.10 Learning process with network structure

modification (Result 10)
(I,=1.5,Cy=2,G,=30,R,=5,1.=0.5, E,=0.8)

Fitness [-]

Fitness [-]

13
4
3 |
2
1k
0 . .
0 500 1000 1500 2000

Number of Iteration [-]

Fig.11 Learning process with network structure
modification (Result 11)
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Fig.12 Learning process with network structure
modification (Result 12)
(,=15,C4=2,G,=5R,=10,1,=0.5, E,=0.8)

Table 1 Network results after learning with GA

Result No. Network outputs [-] Mean Error Fitness Elimitation

0 1 2 3 (-] (-] Rate [-]
1 1.40E-01 |-1.96E-01] 5.97E-02 | 6.69E-04 | 1.88E+00 9.98E-02 73.2
2 6.67E-03 |-3.36E-01]|-1.59E~01] 6.32E-05 | 1.96E+00 | 8.42E-02 33.0
3 4.29E-04 | -1.34E-03]| 3.40E-03 { 1.23E-04 | 1.87E+00 | 5.10E-03 35.9
4 2.77E-02 |1 -3.89E-01] -2.20E-01} 2.03E-08 | 1.99E+00 | 8.50E-02 16.6
5 4.73E-02 | -2.83E-01]-9.32E-03| 3.24E-02 | 1.90E+00 1.12E-01 60.1
6 1.33E-03 |-2.84E-01] 2.32E-01 | 3.86E-06 | 1.86E+00 3.92E-01 35.0
7 9.43E-04 | 1.72E-02 | 4.10E-02 | 1.62E-03 [ 1.86E+00 8.16E-02 28.8
8 3.00E-05 | -1.69E-03)| -1.25E-04| 6.56E-06 | 1.87E+00 1.85E-03 39.0
9 4.27E-02 | 2.33E-01 | 1.76E-01 | 6.82E-02 | 1.77B+00 | 8.27E-02 6.2
10 1.10E-01 |-7.22E-01 3.63E-01 | 1.29E-02 | 1.91E+00 8.25E-02 0
11 1.18E-01 |-2.11E-01]| 2.16E-01 | 4.97E-02 { 1.83E+00 | 9.46E-02 0
12 1.00E-05 |-2.78E-03| 1.15E-02 | 9.33E-08 | 1.87E+00 | 8.92E-02 34.4
13 5.45E-02 | 6.68E—01 | 2.43E-01 | 3.56E-05 | 1.75E+00 1.07E-01 53.4
14 6.73E-02 | 3.14E-02 [-1.44E-01] 1.55E-06-] 1.91E+00 1.91E-01 52.5
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SIMPLIFICATION OF PATTERN LEARNING STRUCTURE
FOR MULTI-LAYERED NEURAL NETWORKS
USING GENETIC ALGORITHM

Eiji MORIMOTO, Atsushi HIRAOKA, Eiki OSAKI,
Makoto NAKAMURA, Kenzo WADA

Faster convergence and learning for neural networks have been studied by modifying the network connections

to simpler structure during leaning process for two-dimensional pattern recognition. Matrices patterns consist of 16

pixels were learned by three layers neural networks. The synapse weights and thresholds were corresponded to the

chromosome of gene to adopt genetic algorithm approach for parameter search in the networks. Parameter

optimization was executed including mutation algorithm for efficient leaning by using 10 genes consisting of 451

loci. The effect of parameters such as width of random number for network initial condition, mutation indices,

input-output condition index, structure index have been studied by numerical sensitive analysis.
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