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[Abstract]

In recent years, game Al has advanced rapidly and is now widely used across various genres, including real-time strategy
games. However, in racing games, Al is primarily designed to compete with players, often leaving them struggling to navigate
unfamiliar tracks. Providing an Al-guided system could help players drive with ease on new tracks. Reinforcement learning (RL)
has emerged as a promising approach to in-game Al, addressing various challenges. This study leverages Unity’s ML agents and
RL to develop an Al capable of completing racing tracks and providing real-time guidance to players. Furthermore, by comparing
player performance with and without guidance, the study evaluates the influence of Al-based guidance on user experience and
driving performance. Through this analysis, we aim to validate the practicality of Al guidance and explore its potential for future

application in racing games.
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Table 3. Participant’s test result

Participant Test1 Test2 Test3
1 55.81 55.53 54.35
2 59.17 56.74 54.80
3 57.71 56.29 54.66
4 56.01 55.40 54.59
5 60.38 56.14 54.83
6 56.31 56.41 55.31
7 57.24 56.27 54.27
8 57.91 56.87 53.97
9 64.93 57.80 54.42
10 55.33 54.89 54.13
11 56.72 56.05 54.87
12 57.27 55.26 54.26
13 59.93 56.46 54.62
14 56.01 56.08 54.61
15 55.67 55.61 54.45
16 56.74 56.37 54.42
17 55.97 56.25 54.09
18 56.31 56.03 54.94
19 55.70 55.75 54.45
20 55.92 55.55 54.33
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Table 4. Analysis of test result

Participant Test1 — Test2 Test2 — Test3
1 0.28 1.18
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6 0.1 1.1
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9 7.13 3.38
10 0.44 0.76
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14 -0.07 1.47
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