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Abstract

In this paper, we propose Multiple Component Neural Network(MCNN) which learn partitioned
patterns in each multiple component neural networks by reducing dimensions of input pattern vector
using PCA(Principal Component Analysis). Proposed neural network use Qja’s rule that has a role of
PCA, output patterns are used as learning patterns on small component neural networks and we call
it CBP. For simply not solved patterns in a network, we solves it by regenerating new CBP neural
networks and by performing dynamic partitioned pattern learning. Simulation results shows that
proposed MCNN neural networks are very small size networks and have very fast learning speed
compared with multilayer neural network EBP.
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Table 1. Comparion results of network size
of parity 4 problem.

MCNN network EBP network

Nets. |PCA|CBP1|CBP2 |CBP3| CBP4 | EBPI |EBP2| EBF3

(Z‘;‘f) 8|12 w12 ] 12 0|45 D
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(Z(';‘) % 0| 5| 0
(IxJ*K) : 1 input neuron, J: hidden neuron, K: output
neuron
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Fig. 8. Comparion results of learning iterations
for each neural networks.
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Table 2. Comparion results of network size
of parity 6 problem.

MCNN network i EBP network

ONets. | pcA | CBPI ~CBPS | EBPl | EBP? | EBP3
Size 18 24+8 70 140 210
(con.)

Total

Size 210 70 140 210
(con.)

(IxJ*K) : I * input neuron, J: hidden neuron, K :

output neuron
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Fig. 9. Comparion results of learning time for
each neural networks.
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Fig. 10. Comparion results of learning speed for
each neural networks.
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Table 3. Comparion results of network size
of Seven segment problem.
MCNN network EBP network
Nets. | MCN | MCN | MCN | MCN | EBP| EBP| EBP| EBP|EBIS | EBP6
NI | N2 | N3 | M4 1 2 3 4

Total

Size [ # 100 | 118 | & | 102 119|136} 153 | 170
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rate & momentum.
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Fig. 13. Comparision results of learning time
for MCNN and EBP with learning rate
& momentum.
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Table 4. Comparion results of network size
of Alphabet character recognition

problem.
MCNN network [EBP network
Initial last FBP1 EBP2 FBP3
Nets. MCNN MCNN
Total
Size 530 362 766 663 510
(con.)
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Fig. 15. Comparion results of learning speed for
each neural networks.
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