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Utilizing Policy Networks in Model-Based Reinforcement Learning

Koki Fusital®  YOSHIMASA TSURUOKAZ

Abstract: Recently, many methods in which model-based reinforcement learning performs better than
model-free reinforcement learning in terms of acquisition rewards have been proposed. Model-based reinforce-
ment learning generally alternates between model learning and learning of policy or state-value functions.
For model learning, in order to improve the accuracy of the model, the method of approximating multiple
transition models with neural networks and ensemble learning of them has been proposed. For learning of
policy, the method called Model Predictive Control (MPC) that optimizes the action sequence itself by gener-
ating action sequences of a certain length has been proposed, and there was an improvement in performance
for many tasks. On the other hand, the performance is not improved for tasks with a large number of action
dimensions. This paper examines the performance of an existing method, POPLIN, which uses MPC in the
HalfCheetah environment, by changing a part of its policy algorithm. We show that the rewards outweighed
the original method in the first half of the training, when the model was less accurate.
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