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The Development of Two—Person Janggi Board Game

Using Backpropagation Neural Network and Reinforcement Learning

In-Kue Park, Kwang-Ho Jung
Division of Information Engineering, Dept. of Computer Science, Joongbu

Abstract

This paper describes a program which leams good strategies for two-person, deterministic, zero-
sum board games of perfect information, The program leams by simply playing the game against
either a human or computer opponent, The results of the program’ s learning of a lot of games are
reported,

The program consists of search kernel and a move generator module, Only the move generator is
modified to reflect the rules of the game to be played, The kemel uses a temporal difference
procedure combined with a backpropagation neural network to leam good evaluation functions for
the game being played, Central to the performance of the program is the search procedure, This is a
the capture tree search used in most successful janggi playing programs. It is based on the idea of
using search to correct errors in evaluations of positions. This procedure is described, analyzed,
tested, and implemented in the game-leaming program, Both the test results and the performance of
the program confirm the results of the analysis which indicate that search improves game playing
performance for sufficiently accurate evaluation functions.
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int AlphaBeta(position p. int alpha, int beta) {

int num OfSuccessors;
mt gamma;

int &
int sci

i#(EndOfSearch(p)) { return(Evaluate(p)):}
gamma = alpha;
numOfSuccessors=GenerateSuccesssors(p);
for(i=1; i <= numOfSuccessors; it +)
sc=-AlphaBeta(p.succ [i].~beta,-gamma);
gamma=max(gamma,sc);
if(gamma »>= beta) {return(gamma);}

return(gamma);

}
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Fig 2 The negamax formulation of algorithm
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Fig 5 Backpropagation
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Fig 6 Backpropagation for evaluation function
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Table 1 The formation of feature vectors
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