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An improved Ornstein-Uhlenbeck exploration noise based on fractional
order calculus for reinforcement learning environments with momentum

WANG Tao, ZHANG Wei-Hua , PU Yi-Fei
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: In this paper, the integer-order Ornstein-Uhlenbeck (OU) noise model used in the deep deter-
ministic policy gradient (DDPG) algorithm is extended to the fractional-order OU noise model, and the
generated noise is not only related to the noise of the previous step but also related to the noise generated
in the previous K steps in the proposed model. The DDPG algorithm and twin delayed deep deterministic
(TD3) algorithm using the fractional-order OU noise model were compared with the original DDPG algo-
rithm and TD3 algorithm in the gym inertial environment. We found that, compared with the original
OU noise, the fractional-order OU noise can oscillate in a wider range, and the algorithm using the
fractional-order OU noise had better exploration ability and faster convergence in inertial environ-
ment,
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