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Policy Iteration Reinforcement Learning Based on Geodesic Gaussian
Basis Defined on State-action Graph
CHENG Yu-Hu! FENG Huan-Ting? WANG Xue-Song*
Abstract For policy iteration reinforcement learning methods, the construction of basis functions is an important factor

of influencing the accuracy of action-value function approximation. In order to construct appropriate basis functions for
the action-value function approximation, a policy iteration reinforcement learning method based on geodesic Gaussian
basis defined on state-action graph is proposed. At first, a state-action graph for a Markov decision process is constructed
according to an off-policy method. Secondly, geodesic Gaussian kernel functions are defined on the state-action graph
and a kernel sparsification approach based on approximate linear dependency is used to automatically select centers
of the geodesic Gaussian kernels. At last, the geodesic Gaussian kernels based on the state-action graph is used to
approximate the action-value function during the process of policy evaluation, and then the policy is improved based
on the estimated action-value function. Simulation results concerning a 10 x 10 grid-world illustrate that the proposed
method can accurately approximate the action-value function having smoothness and discontinuity properties with less
basis functions as compared with the policy iteration reinforcement learning methods based on either ordinary Gaussian
basis or geodesic Gaussian basis defined on a state graph, which is helpful for obtaining an optimal policy effectively.
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Fig.4 Optimal policy
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Table 1  Proportions of initial states reaching the goal
state within minimal steps
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10 8.17% 4.56 %
30 11.83% 10.50 %
50 27.61% 32.39%
70 57.10% 59.94 %
90 97.50 % 97.94%
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