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Abstract: In recent years, research on automatic driving has been actively conducted with the improve-
ment of Al technology and sensor performance. In this study, we consider automatic driving control that uses
actively acquired information through communication between neighbor vehicles in an environment where
multiple vehicles are driving simultaneously. Specifically, we aim to obtain automatic control using deep
reinforcement learning, a machine learning method. This study investigates rewarding methods for achieving
cooperative automatic control and analyzes the behavior of the control obtained by reinforcement learning.
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Fig. 1 Sensor directions
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Fig. 2 Composition of road surface tiles
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Fig. 3 Training course
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Fig. 4 Test course (14 vehicles)
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Fig. 5 Test course (21 vehicles)
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Fig. 9 An example of overtaking in the test course
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