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Abstract

This paper proposed the strategy learning method by means of the fusion of Back-Propagation
neural network and Q learning algorithm for two-person, deterministic janggi board game. The
learning process is accomplished simply through the playing each other. The system consists of
two parts of move generator and search kernel. The one consists of move generator generating the
moves on the board, the other consists of back—propagation and Q learning plus af search algorithm
in an attempt to learn the evaluation function. while temporal difference learns the discrepancy
between the adjacent rewards, Q learning acquires the optimal policies even when there is no prior
knowledge of effects of its moves on the environment through the learning of the evaluation
function for the augmented rewards. Depended on the evaluation function through lots of games
through the learning procedure it proved that the percentage won is linearly proportional to the
portion of learning in general.
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int AlphaBeta(position p, int alpha, int beta) {

int numOfSuccessors:
Int gammas

int 1;
nt sc;

if(EndOfSearch(p)) { return(Evaluate(p));}
gamma = alpha;
numOfSuccessors=GenerateSuccesssors(p);
for(i=1; i <= numOfSuccessors; i+ +) {
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 af algorithm.
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Table 1. The formation of feature vectors.
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void startAutogame( )

{
#define READ_PIPE

0
#define WRITE_PIPE 1
static int pid:
static int fdRead[2],fdWrite[2]:
int status:

status=pipe(fdread);

if(status<0) perror("Error opening read pipe to
janggi.wn");
status=pipe(fdwrite);

if(status<0) perror("Error openlng write pipe to
janggi.wn'

signal ( SIGCHLD, DeadChl!d)

pid=fork( );

if(pid==0){
close(fdRead[READ_PIPE]):
close(1);
dup(fdRead [WRITE_PIPE]);
close(fdRead [WRITE_PIPE]):
close{fdWrite [WRITE_PIPE]);
close(0);
dup(fdWrite[READ_PIPE]);
close(fdWrite [READ_PIPE]);

execl("/root/gcc/opponent”, "opponent”,
"—1" {char*)0);
perror(" Error after starting janggi process.wn");
exit(1);
}
else if {pid== —1)

perror(” There has been an error forking the janggi
process.wn");

close(fdRead [WRITE_PIPE]);
close(fdWrite[READ_PIPE]);

a2 8. F ZEAAL EA
Fig. 8. The interface of two processes.
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Fig. 9. Interface shell for learning.
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Fig. 11. The number of moves that janggi process
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