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Multi-step Sarsa control algorithm based on RBF neural network

SI Yan-na', PU Jie-xin'!, YU Xiao-sheng®, SI Peng-ju', SUN Li-fan*

(1. College of Information Science and Engineering, Henan University of Science and Technology, Luoyang 471023,

China; 2. Faculty of Robot Science and Engineering, Northeastern University, Shenyang 110169, China)

Abstract: For a model-free nonlinear system with continuous state space, a multi-step reinforcement learning control
algorithm based on the RBF neural network is proposed. Firstly, the neural network is introduced to a reinforcement
learning system for approximating the state-action value function, which is a common solution to the problem of
continuous state space expression in reinforcement learning. Then, combined with the eligibility trace mechanism, multi-
step algorithm Sarsa()\) is formed to improve the learning efficiency of the system by recording the experienced states.
Finally, the softmax strategy is improved by decayed temperature parameters, so as to optimize the selection probability
of actions and balance the relationship between exploration and exploitation. The simulation results of the MountainCar
task show that the proposed algorithm can effectively achieve the model-free control task of the continuous nonlinear
system through fewer times of training. Compared with the single-step algorithm, the multi-step algorithm takes less
average convergent steps to complete the task and perform more stable, which proves that the combination of nonlinear
value function approximation and the multi-step algorithm has good performance in the control task.

Keywords: RBF neural network; reinforcement learning ; Sarsa algorithm; continuous space; value function approximatios
eligibility trace
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