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603364372323: MAJOR COMPUTER SCIENCE
KEYWORDS: MINIMAX/ ARTIFICIAL INTELLIGENCE

PEERAPHOL YOUPAISARN: CREATING ARTIFICIAL INTELLIGENCE FOR ABSTRACT STRATEGY
BOARD GAME. ADVISOR: ASSO. PROF.SUPHAKANT PHIMOLTARES, PH.D., CO-ADVISOR: ASST. PROF.
SASIPA PANTHUWADEETHORN, 40 pages

The purpose of this project is to develop artificial intelligence with self-adjustable
difficulty level for abstract strategy board game since too hard game can make a player feel stress
whereas too easy game can make player feel boredom. Two types of adaptive artificial
intelligence, which are rank-based adaptive artificial intellicence and depth-based adaptive
artificial intelligence were proposed in this study. Additionally, this project proposed the indicator
that can measure similarity of difficulty levels between two players by calculating the ratio of the
difference between the number of pieces of both artificial intelligences with the same difficulty
level to the total number of pieces on the board at a time. Subsequently, both adaptive artificial
intelligences were compared by testing with the artificial intelligence with static difficulty level in
order to select the appropriate model for testing with human. Finally, the rank-based adaptive
artificial intelligence was chosen and the result found that the artificial intelligence can control
the game in 30 moves after the beginning state of the game. However, the overall result is
equivalent to the result from competition of two artificial intelligences with the same difficulty

level.
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Gudunnezuuudeundutiuluandud 4 lgtuil 1 34 pseudocode el
function minimax(node, depth, maximizingPlayer)
if depth = 0 or node is a terminal node
return the utility of the node
if maximizingPlayer
bestValue := -infinity
for each child of node
v := minimax(child, depth - 1, FALSE)
bestValue := max(bestValue, v)
return bestValue
else (* minimizing player *)
bestValue := +infinity
for each child of node
v := minimax(child, depth - 1, TRUE)
bestValue := min(bestValue, v)

return bestValue
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TupauITHaNsaUTuU TN UsE VSN MaIaTusen1sltkwiAa Alpha-Beta pruning

Alpha-Beta pruning Aon1siiuiuusassaatiedaslunisandiuiunisviesduldves
Tunauds minimax a Inglideiuusvisaedin Alpha uaz Beta §9 Alpha 9eifiuAgIgnves
Inupgnlugy maximizer way Beta aziiuaAIsanvasliungnludu minimizer §99zuan U

pseudocode il
function alphaBeta(node, alpha, beta, depth)
If depth = 0 or node is a leaf
return the utility value of node
if node is a minimizing node
for each child of node
beta = min (beta, alphaBeta(child, alpha, beta, depth - 1))
if beta <= alpha
return beta
return beta
if node is a maximizing node
for each child of node
alpha = max (alpha, alphaBeta(child, alpha, beta, depth - 1))
if alpha >= beta
return alpha

return alpha
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Minimax vs Monte Carlo Tree Search Player 1 Player 2
Decider FixedMinimax MCTS
Evaluator Positional Positional
Victories 3 17
Win Percent 15% 85%
Total Games 20 Draws 0
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Human vs Minimax Player 1 Player 2
Decider Human FixedMinimax
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Victories a4 20
Win Percent 16.7% 83.3%
Total Games 24 Draws 0
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M15197 2.3 wadwsvasnsiaulamalaseudneuyed Aiu Monte Carlo Tree Search

Human vs Monte Carlo Tree Search Player 1 Player 2
Decider Human MCTS
Evaluator - Positional
Victories 3 21
Win Percent 12.5% 87.5%
Total Games 24 Draws 0
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NI TATIENANAUILVINTITATUIUALRULVBINTEAUTLAAIINANAUNNAT

AU ULANIUTUNBUAT Minimax ATANNEAN 4 FU Taedin1sAawUasiunaudsta

A11190d9AIATLUUYDINN ) ANAUNTBUTITATUAUVDIRLAUIINAL LUl Laed

pseudocode fiail

global aiChoicelist := dict()

function minimax(node, depth, max_depth, maximizingPlayer)

if depth = max_depth

for each child of node

aiChoicelist.update({child:-infinity})

if depth = 0 or node is a terminal node

return the utility of the node
if maximizingPlayer
bestValue := -infinity

for each child of node
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v := minimax(child, depth - 1, max_depth, FALSE)

bestValue := max(bestValue, v)

else (* minimizing player *)
bestValue := +infinity
for each child of node

v := minimax(child, depth - 1, max_depth, TRUE)

bestValue := min(bestValue, v)

if child is in aiChoicelist.keys()
if bestValue > aiChoicelist[child]

aiChoicelist[child] := bestValue

aiChoicelist.sort(descend)
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Depth-based Al vs Static difficulty Al
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