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ABSTRACT

There are many cases in the game. So, Game have to learn a lot. This paper uses
reinforcement learning to improve the learning speed. However, because reinforcement
learning has many cases, it slows down early in learning. So, the speed of learning was
improved by wusing the minimax algorithm. In order to compare the improved
performance, a Gonu game was produced and tested. As for the experimental results, the
win rate was high, but the result of a tie occurred. The game tree was further explored

using progressive deepening to reduce tie cases and win rate has improved by about
75%.
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[Fig. 5] State in the instance of catched
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8o
of
i)
et
N
N
olr
oX,
o
jacs
tlo
o
o

g i
n)
)
i)
=
I

2o
o 2

o d= 4o ez Adged we 59
2 AN e Hrhgtew g 4.2 At
Ef & B7AETelm N& AR Tredt 22 [Table 1] Experiment outcomes in advanced
T WA el AWde] wel AR Aot reinforcement learning
ei grige] e AR Afelr wi /1A Play | Win | Win | Lose | Lose .
oltt. e @S 7 T L, eE woll wakal Le 1 2 1 o | Tie
ong edt to] oAl TR AA A 1000 | 162 | 5 0 0 27
2000 | 338 0 0 50
3000 | 511 17 0 0 73
4. Asia A} 4000 | 653 20 0 0 105
5000 | 815 26 0 0 133

[Table 1] ol49 Winl¥} Win2& wjy@s
dauglEoR shgE o] o7l Af-o|tt Losel
7} Lose2v Auiygo] o7l ZA-oltk. Winl¥
Win27F & AL oAHE A5 AFE Aoy
o] A Eofeta] o]zl F o]tk Winl¥

30
f
£ 3

& e

N o

26| Journal of Korea Game Society 2020 Dec; 20(6): 23-30



— Improvement of the Gonu game using progressive deepening in reinforcement learning —

4
F9 ASE etk Sus g 49
Aah Fol7} gk

SasEolA Bobw, ANRDE ge] 27l
ARE FelggolAl Atk el Bl 4
AHol AL A% 2 437t & WE gtk A
% 29e dE, AaHwe] s 0olw )
AR Sest S74 Aol

U sg A gdte] shedest Aas . 2
HHoz FEo FPHAk et e o
Yl sgaelFe] A4 ol(depth) 744 T3

7] wjZel FoH7F EAAsA HATh FEFE
] <)

A= A sk daeFe] #7144

[Table 2] Experiment outcomes of previously
reinforcement learning
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Leam 1 2 1 2
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3000 266 80 138 1
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[Table 3] Experiment outcomes in advanced
reinforcement learning without tie

Play | Win | Win | Lose | Lose
Lea 1 2 1 2

1000 | 209 6 0 14 0

2000 | 424 10 0 28 0

3000 | 629 18 0 42 0
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5000 | 1043 | 28 75
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[Table 4] Win percentage in advanced
reinforcement learning

Learilay Win Lose Rate
1000 47 14 77 %
2000 86 28 75 %
3000 118 42 74 %
4000 176 60 5 %
5000 228 75 75 %
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