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Fig.2 Diagram of cart pole problem
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Fig.3 Comparison of the steps of different algorithms in the cart pole problem experiment
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Table 1 Performance comparison of 6 algorithms in the cart pole problem experiment (500 episodes)

F1OTHOFFISEN: 6 RS0 23 HBR(500 M 1)

SAEA R H R B (%) S35 8

CACLA 243 32.4 1014.6

TOINAC 171 59.2 1854.9
NAC 256 435 1337.6
CAQ - 0 66.9
INAC 202 50.0 1528.0
DHP 140 53.9 1 653.6
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Fig.4 Diagram of Mountain Car problem
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Fig.5 Comparison of the steps of different algorithms in the Mountain Car problem experiment

K 5 Mountain Car SZ56 P A A S VL 12 5 H R

N T A B LB VAR I LU 3 2 A T IX 4 FRELE 50 SEER 50 00 A b K R IR AR P Bk R
NIRRT BIE 25 1 B2 D URARARE, T 2237 5 000 TRVP AL SIS /N A B 1R 28 B U5 22,1 34920 B3R 7R 51000 IRVE
A SR /N 11 3528 . AT DUACEL, JE AR A B R B Ty 223 8 P I D B A SRR A S R BB AR 1.

© PEFEERK IR s/ www. jos. org. cn



RE F AR S P AL AR B AR AC Bk 279

Table 2 Performance comparison of four algorithms in the Mountain Car problem experiment
% 2 Mountain Car [i B 5250 4 FhSEE R I EEAL

AP} RARP Ji % RECr 21

TOINAC 121 271.3 227.0

INAC-E 121 290.3 258.0
INAC 121 322.0 270.0
IAC 128 351.6 377.2
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Fig.6 Diagram of Acrobot problem
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Fig.7 Comparison of the steps of different algorithms in the Acrobot problem experiment
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