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Abstract

Deep Reinforcement Learning (DRL) which uses neural networks as a policy is used to solve decision-making
problems in various fields. DRL is used for controlling a robot because it decides the next action using policy based
on neural networks. Specially, many researchers focus on applying DRL to a robot application platform such as ROS.
In this paper, we propose and implement a ROS control system based on DRL to control a robot. The ROS control
system configuration proposed in this paper consists of reinforcement learning a model, an agent, an arbitrator, a
mission manager and a ROS peer. To show that our proposed control system configuration can adapt to model
updates, changes in target robots or changes in environment, we implemented two DRL-ROS applications with

different in environments and control methods.
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