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Integrating Image Prediction Model into Saliency-guided Q-Networks for Reinforcement Learning
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Reinforcement learning is an unsupervised learning method in which a type of agent learns optimal
actions through interactions with the environment. It aims to improve the agent’s decision-making by
maximizing the value function. We proposed a framework that integrates an image prediction model
into the value function, enabling long-term optimization by predicting future states. This study builds
on previous research to enhance generalization performance in diverse environments. In this paper, we
propose Saliency-Guided Q-Networks (SGQN), a reinforcement learning method that generates saliency
maps based on value estimates and applies them to predicted images. By using saliency maps, important
information in the image is emphasized while irrelevant information is suppressed leading to improved
generalization performance. Experiments using the CartPole task demonstrate that our method achieves
higher rewards at an earlier stage compared to SGQN without an image prediction model.
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Fig.1 Flow of the proposed method.
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Fig.3 Flow of self-supervised learning in the SGQN.
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Fig.4 Example of cart pole task images.
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Fig.6 Comparison of saliency maps in the Cartpole task for each method in the Video hard level.
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