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Abstract The purpose of this study is to implement an agent that intelligently performs tracking and
movement through reinforcement learning using the Unity and ML-Agents. In this study, we conducted
an experiment to compare the learning performance between training one agent in a single learning
simulation environment and parallel training of several agents simultaneously in a multi-learning
simulation environment. From the experimental results, we could be confirmed that the parallel training
method is about 4.9 times faster than the single training method in terms of learning speed, and more

stable and effective learning occurs in terms of learning stability.
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Fig. 2. Example of a Learning Environment Framework
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Table 1. Basic Methods of Agent Class
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Table 2. Configuration for the learning environment

platform
QHAE o= QEAE §3 z7] 44
Floor Plane P‘éfﬁi?-n :10'1 0,10
Target Cube Poglct;?;: ]3' 1051 3
Position: 0, 0.5, 0
Agent Sphere Scale: 1, 1, 1
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Fig. 3. Learning environment platform structure
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Table 4. Set-up for the Roller Agent component
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Max Step 5000
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