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A Synthesis of Structural Adaptive Learning Algorithm
in Neural Network Based on the Theory of Evolution

SHINICHI OEDA," TAKUMI ICHIMURA,t MUTSUHIRO TERAUCHI, 1
TETSUYUKI TAKAHAMAtT and YOSHINORI ISOMICHIt

From the point of view of engineering, many researchers have been engaged in the combi-
nation of neural networks and genetic algorithms. However, their discussion has been limited
to an environment of fixed training data during learning phase. In this paper, we propose
a structural adaptive learning algorithm in neural network based on the theory of evolution.
Our proposed method imitates the processes that living things adapt their structures accord-
ing to the various of environments by evolution and learning. In this method, once teaching
data change during learning under dynamic environments, the learning doesn’t start to train
from the initial state again. This method is useful for adaptive learning which can take into
account inheritance of the network structure, the connection weights vector, and the learning
parameters. To verify the effectiveness of our proposed method, we applied the method to
an identification of a Gauss function and a 10 bits problem where an output is determined
according to 10 input signals in an environment.
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Table 1 Learning parameters of neural network.
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Fig.3 Genotype.
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Table 4 Average of learning parameters and the number

of hidden neurons in an initial generation and in

a final generation.

oooo 0.45 | 0.47 | 0.52 10.2
ooooo 0.13 | 0.33 | 0.87 4.1
oooooo 0.11 | 0.69 | 0.71 3.9

oooo

Téerage of the Number of Hidden Neurons
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Fig.7 Average of the number of hidden neurons in
Lamarckian and Darwinian types.
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Table 6 Average of learning parameters and the number

of hidden neurons in an initial generation and in

a final generation.

n € o n
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Fig.11 Average of the number of hidden neurons in

Lamarckian and Darwinian types.
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