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On the Reward Function of Latent SAC Reinforcement

Learning to Improve Longitudinal Driving Performance
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Abstract

In recent years, there has been a strong interest in the end-to—end autonomous driving based on deep reinforcement
learning. In this paper, we present a reward function of latent SAC deep reinforcement learning to improve the longitudinal
driving performance of an agent vehicle. While the existing reward function significantly degrades the driving safety and
efficiency, the proposed reward function is shown to maintain an appropriate headway distance while avoiding the front

vehicle collision.
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Fig. 2. Input sensor data.
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