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Learning Deceleration Strategies via Utilizing Local Information of Vehicle’s
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The optimal driving strategy that intended to resolve traffic congestion is decided in a situation where the
vehicle can get entire road condition through the road-to-vehicle communication. However, the road-to-vehicle
communication is taken a lot of money to improve infrastructure. So the purpose of this study, in this paper, is
to propose a method for acquiring the driving strategy when the intelligent vehicle decelerate to resolve traffic
congestion effectively utilizing local information of the inter-vehicle communication that need no infrastructure.
The driving strategy is acquired by reinforcement learning. We try to achieve a phase transition that shifts traffic
flow form congestion phase to metastable phase by introducing the intelligent vehicle with learned driving strategy.
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Initialize Q(s, a)arbitrarily
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Initialize vehicle placement
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if sy = Sg0a1, €nd episode
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