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Abstract

This study is about the CGANN algorithm, which uses compact genetic algorithms to optimize multi-layer neural
network weights. CGA is a variation of the genetic algorithm that does not construct a population sets and genetic
operations like crossover and mutation but uses a prototype vector to generate chromosomes. In CGANN, the
prototype vector is a vector storing the probability that the genes that make up a chromosome ie. weights
constituting the neural network take a specific value, and the CGA learns this to optimize the neural network. Using
Kaggle's Fruits360 image data set, CGANN was applied to neural networks for image classification problems, and it

was found that, according to learning coefficient, it could be trained with more accuracy than GANN combined with
common genetic algorithms.
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E 1. ZOj7HES(GANN)
Table 1. Hyper parameter(GANN)

activation ft. sigmoid
initial weights -1 ~1
population size 8
Crossover rate 0.5
mutation rate 0.1

# of generations 300

E 2 8& HET(GANN)

Table 2. Learning accuracy(GANN)

GANN 102x150x60x4  unit(%) avgs.
94.6 50.8 728 799 742 815 91.7 935 777 94.4‘84.5
GANN 102x100x40%x4  unit(%) avgs.
94.1 735 74.1 73.1 49.9 91.3 69.7 689 80.9 90.6‘79.6

CGANN 9A| F F3+5 ol ZH7; 150%60,
100x40¢1 A¢E AHgAom, Zu/iess te
= 3% 2t
# 3. Z=0of7iE(CGANN)

Table 3. Hyper parameter(CGANN)
activation ft. sigmoid
initial weights -15~15
# of bits for encoding 16 bits
learning rate « 7,89 10, 11, 12
# of generations 300
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Table 4. Learning accuracy(CGANN)

CGANN 102x150x60x4 unit(%) avgs.

7 |746 731 745 739 51.8 739 700 954 69.0 749|755

8 |87.7 885 750 91.3 83.1 742 740 795 744 49.9(80.9

9 1916 55.0 760 74.7 750 743 69.1 720 97.3 724|780

10 1968 97.1 03 97.3 %2 67.3 737 926 945 742|879

111829 869 91.8 889 88.1 920 856 54.2 750 704|846

12 |64.8 835 9 62.3 733 746 762 71.8 668 765|743

CGANN 102x100x40x4 unit(%) avgs.

7 1739 700 722 728 72.8 69.0 49.9 740 50.0 87.4|74.0

8 |94.3 916 746 60.7 760 738 94.6 780 71.7 86.7|80.2

9 |684 936 02 94.7 736 930 747 729 839 71.5|81.7

10 |765 735 90.2 91.7 743 50.1 90.8 91.5 53.2 49.2|84.1

11 150.1 67.8 783 71.9 64.1 80.0 748 61.3 719 742|716

12 |748 69.8 70.9 89.0 743 89.1 736 855 50.0 85.8|79.2
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Table 5. Accuracy after 500 generations

NN architecture 102x150x60x4 unit(%) avgs.
GANN | 951 745 86 R4 976 | 89.2
CGANN| 93 993 975 994 987 | 98.8
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