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Model-free deep reinforcement learning with future information

in partially observable domains

Chang Fangfang, Chen Qihang, Liu Yunlong’
(Department of Automation, Xiamen University, Xiamen, 361102, China)

Abstract: By combining the abilities of feature extraction of deep learning and decision-making of reinforcement learning,
deep reinforcement learning algorithms have been widely applied in various domains in recent years. While current algorithms
mainly focus on planning in fully observable environments, in reality, the states of many applications can only be partially
observed due to the limitation of the agents’ perception, i.e., the environments are partially observable. Furthermore , for
model-free reinforcement learning algorithms, the decision usually relies on historical data, and no future information that may
help the decision making is utilized. In this paper, aims to address the planning problem in partially observable domains, we
propose a model-free reinforcement learning algorithm where future information can be incorporated as in the model-based
reinforcement learning framework, and the future information is predicted by Contrastive Prediction Code (CPC). Our
proposed algorithm can not only retain the end-to-end training and performance advantages of the model-free reinforcement
learning algorithm, but also utilize future information for the decision of the agent. The proposed algorithm has been verified
and compared on different locally observable environmental tasks. Experimental results demonstrate the effectiveness of the
proposed algorithm.
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