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ABSTRACT

The goal is to implement Al using reinforcement learning, which replaces the less
favored Supporter in MOBA games. ML_Agent implements game rules, environment,
observation information, rewards, and punishment. The experiment was divided into P
and C group. Experiments were conducted to compare the cumulative compensation
values and the number of deaths to draw conclusions. In group C, the mean cumulative
compensation value was 3.3 higher than that in group P, and the total mean number of
deaths was 3.15 lower. performed cooperative play to minimize death and maximize

rewards was confirmed.
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[Fig. 11] PPO Hyperparameter
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[Table 5] Death count comparison table
Count Group P Group C
DPS 1 DPS 2 | DPS 1 | Support
1 11 11 8 10
2 12 12 7 9
3 9 9 6 9
4 9 9 5 5
5 9 8 8 8
6 11 12 8 8
7 10 12 6 7
8 15 15 8 6
9 9 9 7 7
10 10 12 9 10
Death
Total 105 109 72 79
Death |05 109 7.2 7.9
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Group 10.7 755
Average
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