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Genetic Algorithm for Game Monster Generahon
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There are Monsters for game player in computer game.
The Monsters generated by steady methods and data.
And There are few methods that can be adapted to
environment or player.

This paper introduces a reformed Genetic Algorithm for
Monster generation. This algorithm is applied to
Homologous Chromosomes(HC). In existing GAs, An
Individual have only one genome. But, In proposed
algorithm, each Individual has a pair of allele genes on
each locus.

To compare proposed algorithm with Simple Genetic
algorithm, 1 simulated the solution of a simple Binary
problem. After experiments, I conclude that the
suggested Algorithm reduced the number of generations
more than SGA.
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int Solution[12] = {1,0,0,1,0,1,1,1,00,0,1}
int gene[12}{12};
initial(};
srand((unsigned int)time(NULL)/2);
for(int end=0; end!=1; age++){
Fitness_Evaluation();
Sort_by_score();
/*Crossover*/
for(int i=0; i<6; i=i+2){
int crossover;
crossover = rand()%2;
for(int j=0; j<12; j++){
if(G <= crossH
geneli+6][j]
elsel
geneli+6][j] = geneli+1][};}

= genelillik}

}
mutation();
}

Alorst ¢ nalde drtmrE ofelg) 2t
int Solution[12] = {1,0,0,1,0,1,1,1,00,0,1};
int gene[12112](3];

initial ();
srand((unsigned int)time(NULL)/2);
for(int end=0; end!=1; age++){
/* Getting Phenotype */
for(int i=0; 1<12; i++){
forGint j=0; <12, j++X
if(genelil(jI[0] I genelil(j}(1D)
genelil(jli2] = L;
else genelilfjl[2] = O;
}
}
Fitness_Evaluation();
Sort_by_score();
/* Crossover */
for(int i=0; 1<6; i=1+2)
meiosisl = rand()%2;
meiosis? = rand()%2;
for(int j=0; j<12; j++X
geneli+6](1[0] = genelil[jl[meiosisl];

geneli+6][j1[1] = genelil[jl[meiosis?];
}
}
mutation();

}
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