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A Method of Accelerating the Convergence of Temporal Difference Learning

HE Bin' LIU Quan“*** ZHANG Lin-Lin' SHI Sheng-Miao' =CHEN Hong-Ming’ YAN Yan'

Abstract Temporal difference methods (TD) methods are a class of model-free reinforcement learning methods. TD
methods have been widely used, which have a low variance and can learn on-line. But for a given TD method, there
is only one approach that adjusts the step size or other parameters to accelerate the convergence, which leads to a
lack of methods to make it. To solve this problem, we introduce a method for accelerating TD methods based on
Monte Carlo (MC) methods, which not only can be applied to most of the TD methods, but also do not need to
change the way of on-line learning. In order to demonstrate the effectiveness of the method, experiments were car-
ried out in the three aspects: the on-policy evaluation, off-policy evaluation and control. The experimental results

show that the accelerate TD by MC (ATDMC) method can effectively accelerate TD methods.
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