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T[ 2

Fooo. Vi(x) Vi (x) .
MDP, Bellman : x €8,
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(b) ( ) x €5, Vi(x ), Vi(x) € R,
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( A>0 )
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Risk-Sensitive Reinforcement Learning Algorithms
With Generalized Average Criterion

YIN Chang-ming"?, WHANG Hanxing’, ZHAO Fef’
(1. College of Computer and Communicational Engineering,
Chan gsha University of Science and Technology , Chan gsha 410076, P. R. China;
2. College of Sciences, Shanghai University, Shanghai 200444, P.R . China)

Abstract: A new algorithm which immolates optimality of control policies potentially to obtain the ro-
busticity of solutions is proposed. The robusticity of solutions may become a very important property
for a learming system due to when there exists non- matching between theory models and pracica
physical system, or the practical system is not static, or availability of a control action will change a-
long with variety of time. The main contribution is that a set of approximation algorithms and its con-
vergence results will be given. Applying generalized average operator instead of the general optimal op-
eraor max (or min) a class of important learning algorithm, dynamic programming algorithm were
studied, and their convergence from theoretic point of view was discussed The purpose is to improve
robusticity of reinforcement learning algorithms theoretically.

Key words: reinforcement learning; risk-sensitive; generalized average; algorithm; convergence



