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A Study on Adaptive Random Signal-Based Learning Employing Genetic

Algorithms and Simulated Annealing

rot

N R

(Chang-Wook Han and Jung-I1 Park)

Abstract : Genetic algorithms are becoming more popular because of their relative simplicity and robustness. Genetic algorithms are
global search techniques for nonlinear optimization. However, traditional genetic algorithms, though robust, are generally not the most
successful optimization algorithm on any particular domain because they are poor at hill-climbing, whereas simulated annealing has the
ability of probabilistic hill-climbing. Therefore, hybridizing a genetic algorithm with other algorithms can produce better performance
than using the genetic algorithm or other algorithms independently. In this paper, we propose an efficient hybrid optimization algorithm
named the adaptive random signal-based learning. Random signal-based learning is similar to the reinforcement learning of neural
networks. This paper describes the application of genetic algorithms and simulated annealing to a random signal-based learning in
order to generate the parameters and reinforcement signal of the random signal-based learning, respectively. The validity of the

proposed algorithm is confirmed by applying it to two different examples.
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Table 1. Centers and widths learned by the proposed algorithm.

¢ NB NM ZE PM PB
NB | 1.01(0.24) | 0.89(0.10) | 0.43(0.13) | -0.01(0.30) | -0.18(0.01)
NM | 0.67(0.15) | 0.31(0.11) | 0.22(0.11) | -0.18(0.08) | -0.53(0.11)
ZE | 0.65(0.14) | 0.62(0.22) |0.003(0.07)| -0.60(0.24) | -0.63(0.15)
PM | 0.55(0.14) | 0.21(0.09) | -0.24(0.13) | -0.28(0.13) | -0.60(0.19)

€

PB | 0.21(0.02) | 0.05(0.25) | -0.49(0.09) | -0.90(0.07) | -1.03(0.23)

E 2 SGAYl 93 B5" FARY =,

Table 2. Centers and widths learned by the SGA.

PNy NB NM ZE PM PB
NB 1.00(0.49) | 0.89(0.29) | 0.87(0.29) | 0.44(1.65) | 0.01(2.23)
NM | 0.6(1.07) | 0.71(0.87) | 0.36(1.45) | 0.01(3.00) | -0.92(0.68)
ZE | 0.97(2.81) | 0.33(2.42) |-0.01(1.45)| -0.41(0.49) | -0.65(1.07)
PM | 0.31(1.65) | 0.12(1.07) | -0.25(0.87) | -0.73(1.45) | -0.84(2.81)
PB |-0.12(2.81) | -0.23(0.10) -0.97(3.00)|-0.76(O.29) -0.76(0.87)

E O3 dY AE VI shgwoR dgd FAgT
Table 3. Centers and widths leamed by random signal-based learning,
P NB NM ZE PM PB

NB | 0.96(1.18) | 1.02(0.76) | 0.32(0.96) | 0.44(1.02) | 0.32(1.18)
NM | 0.98(1.14) | 0.42(0.96) | 0.54(1.00) | -0.06(1.08) | -0.42(1.08)
ZE | 0.9(1.08) | 0.34(1.12) | 0.00(1.06) |-0.46(1.00) | -0.94(0.96)
PM | 0.46(1.02) | 0.08(1.04) | -0.38(0.96) | -0.46(0.92) | -0.92(0.96)
PB | -0.1(1.02) |-0.52(0.84) | -0.42(0.86) | 0.98(0.88) | -0.86(1.02)

E 4 SA o ggE AN E
Table 4. Centers and widths learned by SA.

PN NB NM ZE PM PB

NB | 0.72(0.78) | 1.10(0.90) | 0.22(1.18) | 0.68(0.72) | 0.22(0.26)
NM | 1.10(0.54) | -0.08(1.36) | 0.10(1.24) | 0.14(1.02) | -0.14(1.14)
ZE | 1.08(1.02) | 0.82(1.04) | 0.00(0.52) | -0.32(0.76) | -1.14(0.92)

PM | 0.34(0.52) | 0.38(1.10) | -0.14(0.74) | -0.96(1.28) | -0.76(1.10)
PB 1-0.32(0.74) | -0.46(0.96) | -0.12(1.14) | -1.40(0.70) | -1.10(1.20)
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