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ABSTRACT

Board games have many game characters and many state spaces. Therefore, games

must be long learning. This paper used reinforcement learning algorithm. But, there is
weakness with reinforcement learning. At the beginning of learning, reinforcement
learning has the drawback of slow learning speed. Therefore, we tried to improve the
learning speed by using the heuristic using the knowledge of the problem domain
considering the game tree when there is the same best value during learning. In order to
compare the existing character the improved one. I produced a board game. So I compete
with one-sided attacking character. Improved character attacked the opponent’s one
considering the game tree. As a result of experiment, improved character’s capability was

improved on learning speed.

Keywords @ Gonu game(al*F7%)), Minimax algorithm(PY® 2~ ¢312]%), Q Learning
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— Q-learning to improve learning speed using Minimax algorithm —

2.2 I17H(Gonu game)
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[Fig. 2] Minimax algorithm
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procedure Q_learning
{
Find Max from QTable
If all Q values are equal,
Apply minimax algorithm
Select player character’s action from QTable

Go player character

Go enemy character from e_action()
If (catch)
Create plus reward
If (be captured)
Create minus reward
Update QTable

[Fig. 4] QMM_learning Algorithm
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— Q-learning to improve learning speed using Minimax algorithm —

“=(Evaluation function) 7} S}
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[Fig. 5] Evaluation function
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between opponents

[Table 1] Experiment results in existing
reinforcement learning

attle Win Win Los Los Tie
Lear 1 2 el e?2

1000 24 8 80 1 0

2000 89 27 132 1 1

3000 266 80 138 1 3

4000 462 135 138 1 6

5000 675 186 138 1 7

[Table 1] <149 Winl 3 Win2 & Q#4d2
2 gkgd To] o7l AS-E Wil g

Losel ¥ Lose2

oozl A7 7 7HATE Sl A AdAew
oS Aok, A "ol Agm A Eolst
Al o)zl A9 wj&Eoltk. Winl % Losel & 8%
2oz o7l Z$ola, Win2 ¢ Lose2 & AG4=E
o7l A5 vtk Fs o= uw TAHF
o] @o A¥gAne dA% AolE HYS & F
Atk

[Table 2] Experiment results in improved
reinforcement learning

attle Win | Win Los Los Tie
Lear 1 2 el e 2

1000 162 0 0 27

2000 338 0 0 50

3000 511 17 0 0 73

4000 653 20 0 0 105

5000 815 26 0 0 133
[Table 2] oA BW & 5 o] mywas
aEste] FatekeS s Wk AWHQ FANF
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— Q-learning to improve learning speed using Minimax algorithm —
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