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Investigation of Simply Coded Evolutionary Artificial Neural
Networks on a Pole-balancing Problem
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Abstract: One of the advantages of evolutionary robotics over other approaches in embodied cognitive

science would be its parallel population search. Due to the population search, it takes a long time to

evaluate all robot in a real environment. Thus, such techniques as to shorten the time is required for real

robots to evolve in a real environment. This paper proposes to use simply coded evolutionary artificial

neural networks for robot control to make genetic search space as small as possible and investigates the

performance of them on a pole-balancing problem The results suggest the ability of the proposed approach.
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Fig.2 Genetic representation of one block

3. O0oOodoo
3.1. 00O

00000000D00000000 2.0000
SCEANNODODO0O0000O0D 300000000
000000000000000000000000
0000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000 [14)[15)000000000000
00 +24/m)000000000000000000
0 +36°)00000000000000000000
000 POOOOOOODOOOOODOOOOD (OO
10N)0OODODOO00 1.0kg)0 000000 0.1kg)O
00 1.0m000000000000000 0.02]s]
0001000000000000000 POOOO
00100000 (00)0000000000000

, 0

Fig.3 Experimental setup for a pole-balancing problem
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Fig.4 Maximum fitness at the final generation
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Fig.5 Maximum fitness at the final generation for SCEANN2 on pole-balancing problems
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Fig.6 Maximum fitness at the final generation for SCEANNS3 on pole-balancing problems
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Fig.7 Maximum fitness at each generation for SCEANN2
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Fig.8 Maximum fitness at each generation for SCEANN3

Fig.9 A genetically determined controller for SCEANN3 with
(Ns, Np) = (2,3) by the OGA on a pole-balancing problem:
the solid lines indicate excitatory connection weights and the

dashed lines inhibitory.
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Fig.10 Transitions of the position of the cart and the angle
of the pole
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Table 1 Success rate (%) of SCEANNS for the SGA in 50

runs

Np,
1 2 3 4 5
N,
2 0 01]34] 26| 20
4 0 01l 12 4 0

Table 2 Success rate (%) of SCEANNS for the OGA in 50

runs

Np,
1 2 3 4 5
N;
2 0 0144 | 36| 26
0 0| 26 8 6
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