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Abstract: Reinforcement learning is an important approach to solve the adaptive learning control problems in continu-
ous state space. However, it is bedeviled by its low learning efficiency and low convergence rate. In order to eliminate those
deficiencies, based on back propagation (BP) neural networks and eligibility traces, we propose a learning algorithm with
a complete description to achieve the multi-step updates in the process of reinforced learning to realize the counter prop-
agation of the local gradient from output layer nodes to hidden layer nodes; thus, rapidly adjusting the weights of hidden
layers. During the training processes of neural networks, a modified residual method is employed to optimize the weights
in each layer by linear combination, achieving the rapid learning rate of the direct gradient method as well as the desired
convergence properties of the residual gradient method. Applying this method to update the weights of hidden layers in a
neural network, we improve the convergence properties of value functions. A cart-pole system is adopted for testing the
application results of the above mentioned algorithms. Simulation results show that all our algorithms can successfully

achieve the control for the cart-pole balancing system and improve the learning efficiency significantly.
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Fig. 1 Model of reinforcement learning based on BPNN
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dulum can be controlled successfully in
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Fig. 3 Performance of the algorithms in simulation experiment
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Table 2 Performance comparison of various algo-

rithms to control the cart-pole system
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K 3 HARLL )G AR K IRE R 15
£ L3R5 ST A
Table 3 Numbers of episodes till the inverted pendu-

G F

50

lum can be controlled successfully in each
experiment after the priori knowledge is
implanted

i RS R M B W R

6 11 13 || 21 31 5

8
10 | 12 6 22 5 32 11
13 8 23 6 33 10
8
7

5 14 6 24 34 7
15 10 || 25 35 9
12 | 16 5 26 14 || 36 8
8 17 13 || 27 12 | 37 7
5 18 7 28 9 38 6
19 6 29 6 39 7

5

11 | 20 8 30 6 40
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7 45 (Conclusions)
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BHTHARRE] T N . ARSI R N A R ST BP
MR WL ISR STBORBIE ST, S E BRI TV RE
RIR R ST IR, IOk AL 2 S P
THEZ —, (R BAR T X e P 48 1 e EAUE
SRR TR K R . ARG S BB, A
{HSCHL T BPAEZE 4 2t i HH SR UEL ) 58T, 1 HLAR H —
FPOTVESEIL T A a2 B ZBUELI BEHT, R T2
RO BERER I B R AT U SE B K T
SUMEREBZE I DR, PR T — PO R ZE ik, K
H RSB A S 2 ASUAEL BE BT BT A — A HE [ 2 [
T, R ZE VA AN EL AR B VR 4 A R AT BUE T, R
IE T BPHHZE 4R AE S SRR P ) R AP RE. ASSCETT
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