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Analysis of Acquisition of Strategies for Agents
in Reinforcement Learning

YUKI NAGATOMO! YOUICHIRO MIYAKE!

Abstract: In this research, we inquire into the establishment of a method for autonomously acquiring tactics by reinforcement
learning for agents (characters) in the game. The autonomous acquisition of strategies can be expected to lead the automatic
generation of character Al in complicated game development. In this study, we used a competitive soccer game in which the
characters acquire not only the optimal behavior but also the strategies. As the framework of the reinforcement learning, we used
MA-POCA implemented in Unity ML-Agents. Reinforcement learning is generally developed toward increasing the game score,
but this study focuses on the agent discovering new strategies rather than the score itself. In addition, by analyzing the movement
log of the agent, it was visualized that the agents acquired tactics through learning.
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Figure 1 Counterfactual Multi-Agent
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Figure 2 Multi-Agent Posthumous Credit Assignment
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Figure 3 Ray-cast in Learning Environment
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Figure 5 Learning Environment and Locus
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