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Autonomous control of bicycle using Deep Deterministic Policy Gradient
Algorithm

ok

Choi Seung Yoon*, Le Pham Tuyenw, Chung Tae Choong

ABSTRACT

The Deep Deterministic Policy Gradient (DDPQG) algorithm is an algorithm that learns by using artificial neural network
s and reinforcement learning. Among the studies related to reinforcement learning, which has been recently studied, the D
DPG algorithm has an advantage of preventing the cases where the wrong actions are accumulated and affecting the learn
ing because it is learned by the off-policy. In this study, we experimented to control the bicycle autonomously by applyin
g the DDPG algorithm. Simulation was carried out by setting various environments and it was shown that the method us
ed in the experiment works stably on the simulation.

Key words : Balancing Control, DDPG, Reinforcement Learning, Autonomous Driving Control
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2.2 MDP(Markov Decision Problem)
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MDP(Markov Decision Problem)
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