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Abstract

In the game, Non-Player Characters (NPCs) are an important component that allows players to feel fun by

interacting with the player by applying Artificial Intelligence (AI) appropriate to their role. There are various ways to

implement game Al, and reinforcement learning has recently been in the spotlight. Reinforcement learning is a

method in which an agent learns by itself in a game environment and implements Al suitable for the environment. If

reinforcement learning is used to implement game Al there is no need to implement the actions that NPCs should

write in code, and since it was created for the purpose of implementing Al, complex Al can also be implemented.

In

this paper, to analyze the performance of target tracking Al implemented by reinforcement learning, we implement

target tracking Al with reinforcement learning through ML-Agents of Unity, a game creation platform, and compare

performance with target tracking Al implemented with NavMeshAgent.
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Table 1. Parameter values used to ML-Agents learning

Parameter Value

Agent speed 25

Reward for collecting coins +1

Reward for falling off the floor -3
Total learning steps 130,000
Max steps per episode 10000

Batch size 10

Buffer size 100
Algorithm PPO[14]
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Table 2. Experiment environment

Component Specification
0S Windows 10 Pro
CPU Intel(R) Core(TM) i7-10700 CPU
@ 2.90GHz
RAM 16GB
Unity version 2020.3.12f1(LTS)
ML-Agents version 2.1.0 exp.1 (June 09, 2021)
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two minutes

Al |NavMeshAgent| ML-Agents | ML-Agents
Number (traditional) | single agent | multi agent
1 52 143 155
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4 49 153 165
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7 51 145 163
8 54 148 160
9 46 149 179
10 53 140 174

Average 486 1471 163.6
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