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Data-driven Policy Optimization for Stochastic Systems Involving Adaptive Critic

WANG Ding"***  WANG Jiang-Yu"*** QIAO Jun-Fei"*?**

Abstract Adaptive critic technology has been widely employed to solve the optimal control problems of complic-
ated nonlinear systems, but there are some limitations to solve the infinite-horizon optimal problems of discrete-time
nonlinear stochastic systems. In this paper, we establish a data-driven discounted optimal regulation method for dis-
crete-time stochastic systems involving adaptive critic technology. First, we investigate the infinite-horizon optimal
problems with the discount factor for stochastic systems under the relaxed assumption. The developed stochastic Q-
learning algorithm can optimize an initial admissible policy to the optimal one in a monotonically nonincreasing
way. Based on the data-driven idea, the policy optimization of the stochastic Q-learning algorithm is executed
without a dynamic model. Then, the stochastic Q-learning algorithm is implemented by utilizing the actor-critic
neural networks. Finally, two nonlinear benchmarks are given to demonstrate the overall performance of the de-
veloped stochastic Q-learning algorithm.
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AR, PAT 00 28 8 T 2 17 A0 DT DX 8% PR At e AR
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TR 0,245 sin g (1) + 0.9924(2) + 0.05uy,
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P 5 0T R KO

O(z, a) = [2*(1), 2(1)x(2), z(1)a,

22(2), 2(2)a, a®)* (33)
il
T(z) = [z(1), z(2)]" (34)
£ 1 BEWL Q-learning FHiL FHSEL
Table 1  Main parameters of the stochastic

QQ-learning algorithm
HIESH Q R Prmax A €
HEHERS 1 215 2.0 300 0.97 0.01
HAERG T 0.114 0.1 500 0.99 0.01

R — AR u(x) = —0.12(1) — 3.52(2),
wItEtk Q g, X (9) mE A B s IE AR AR
SR, BTAPE A I 2% AT A BUE A

9% = [242.543 8, —17.053 5, —2.055 6,

75.321 3, 7.345 9, 2.221 7]" (35)
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Fig.1  Curves of Q network weights
(Benchmark system I)
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Table 2 Main parameters of the ball-and-beam system
755 JEUE FLER L
S; = 0.001 N/m IR BRI
L,=05m FEF¥A
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fo =1N,/m IR AL AL BE 1 R 4
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Tr4+1=
_ (1) + Aty (2)
2 (2) + 1.717At sin 1, (3)
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2 (4) + At(—0.24121(4)+0.157x4 (1) cosz(3))
0 Wk
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