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An Implementation of Othello Game Player Using ANN based Records Learning and
Minimax Search Algorithm
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Abstract - This paper proposes a decision making scheme for choosing the best move at each state of game in order to
implement an artificial intelligence othello game player. The proposed decision making scheme predicts the various possible
states of the game when the game has progressed from the current state, evaluates the degree of possibility of winning or
losing the game at the states, and searches the best move based on the evaluation. In this paper, we generate learning data
by decomposing the records of professional players' real game into states, matching and accumulating winning points to the
states, and using the Artificial Neural Network that learned them, we evaluated the value of each predicted state and applied
the Minimax search to determine the best move. We implemented an artificial intelligence player of the Othello game by
applying the proposed scheme and evaluated the performance of the game player through games with three different artificial

intelligence players.
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Table 2 Evaluation table generated from game records

State vector n win | v(s)
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function minimax(node, depth, maximizingPlayer) is
ifdepth = 0 or node is a terminalnode then
return the heuristicvalue of node
ifmaximizingPlayer then
value := -oo
foreachchild of node do
value := max(value, minimax(child, depth -1, FALSE))
return value
else (*minimizingplayer*)
value := o
foreachchild of node do
value := min(value, minimax(child, depth -1, TRUE))
return value

J% 4 FAFUEA S38E JAFE
Fig. 4 Pseudo code of Minimax Search
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functionalphabeta(node, depth, maximizingPlayer, a, f3) is
ifdepth = 0 or node is a terminal node then
return the heuristicvalue of node
ifmaximizingPlayer then
value := -0
foreachchild of node do
value := max(value,alphabeta(child,depth -1, FALSE , «, ))
o := max(«, value)
if f < athen
break (¥ g cut-off %)
return value
else (*minimizingplayer *)
value := co
foreachchild of node do
value := min(value,alphabeta(child, depth -1, TRUE, ¢, )
B := min(B, value)
if p < athen
break ( “a cut-off*)
returnvalue

1% 6 Alpha-Beta Pruning QAIZE
Fig. 6 Pseudo code of Alpha-Beta Pruning
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Table 3 Structure and Parameter of the proposed ANN

Layer Node # Activation Function | Parameter #
1 128 ReLU 8,320
2 256 ReLU 33,024
3 64 ReLU 16,448
4 1 Sigmoid 65
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Table 4 Hyper Parameters used for Records Learning

Hyper Parameter Value
loss function mean squared error
optimizer Adam
learning rate 0.001
Adam_betal 0.9
Adam_beta2 0.99
epoch 300
early stopping True
patience 10
batch size 1024
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Fig. 11 Cost function graphs in terms of learning stage
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