34 1 Vol.34 No. 1
2013 1 Journal on Communications January 2013

doi:10.3969/j.issn.1000-436x.2013.01.009

Sarsa(?)
1 12 1 1 1
1 215006 2 130012
(RBF) RBF(ANRBF)
ANRBF (GD) —ANRBF-GD-Sarsa(?)
ANRBF-GD-Sarsa(?) ANRBF-GD-Sarsa(?)
Sarsa(?)
TP181 A 1000-436X (2013)01-0077-12

Gradient descent Sarsa(?) algorithm based on the adaptive
potential function shaping reward mechanism
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(1. Institute of Computer Science and Technology, Soochow University, Suzhou 215006, Ching;
2. Key Laboratory of Symbolic Computation and Knowledge E gineering of Ministry of Education, Jilin University, Changchun 130012, China)

Abstract: In the reinforcement leaning tasks with continuous state spaces, the algorithms are usually facing the problems
of ill initial performance and low convergence speed. In order to solve these problems, the potential function shaping re-
ward mechanism was proposed to improve the reinforcement learning algorithms. This mechanism propagates model
knowledge to the learner adaptively in the form of the additional reward signal, so that the initial performance and con-
vergence speed could be improved effectively. In view of the good performance and existing problems of the radial basis
function (RBF) network, the adaptive normalized RBF (ANRBF) network was put forward to use as a potential function
to generate the shaping rewards. A gradient descent (GD) agorithm named ANRBF-GD-Sarsa(?) was proposed based on
the ANRBF network. The convergence of ANRBF-GD-Sarsa(?) algorithm was analyzed theoretically. Extensive experi-
ments are conducted to show the good initial performance and high convergence speed of the proposed algorithm.
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