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Consideration on Generation of Saliency Maps in Each Action
of Deep Reinforcement Learning Agent
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In recent years, deep reinforcement learning agents have surprisingly developed and achieved great results. the
methods of analyzing the behaviour of agents by visualizing neural networks have been proposed. However, the
methods to obtain saliency maps for each action has not been much researched. In this paper, we propose the
method of generating saliency maps for each action of the agents in order to obtain deeper insight when analyzing
a neural network in a deep reinforcement learning agent by visualization. We applied the proposed method to the
agent which learned Atari 2600 Pong. As a result of the experiment, we obtained saliency maps which visualizes
the influence of environment on each action of the agents.
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