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Analysis of Evolutionary Optimization Methods for CNN Structures

A 71 g
(Kisung Seo)

Abstract - Recently, some meta-heuristic algorithms, such as GA(Genetic Algorithm) and GP(Genetic Programming), have
been used to optimize CNN(Convolutional Neural Network). The CNN, which is one of the deep learning models, has seen
much success in a variety of computer vision tasks. However, designing CNN architectures still requires expert knowledge and
a lot of trial and error. In this paper, the recent attempts to automatically construct CNN architectures are investigated and
analyzed. First, two GA based methods are summarized. One is the optimization of CNN structures with the number and size
of filters, connection between consecutive layers, and activation functions of each layer. The other is an new encoding
method to represent complex convolutional layers in a fixed-length binary string, Second, CGP(Cartesian Genetic Programming)
based method is surveyed for CNN structure optimization with highly functional modules, such as convolutional blocks and
tensor concatenation, as the node functions in CGP. The comparison for three approaches is analysed and the outlook for the
potential next steps is suggested.
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Algorithms — Evolution of CNN Structures {
t<=0
initialize P(t)
evaluate P(1) {
CNN training for train dataset
CNN test for test dataset
calculate accuracy

while (not termination—condition) {

t <= t+1

select P(t) from P(t-1)

recombination P(t)

evaluate P(t) {
CNN training for train dataset
CNN test for test dataset
calculate accuracy

}
}
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Fig. 2 Evolutionary optimization algorithm for CNN structures
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