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Evolutionary Adaptation Method against Dynamic Environments
Considering Characteristics of Changes and
Similarities to Multi-objective Optimization

KAzZUKO YAMASAKI, " KAZUHISA KITAKAZE?
and MASUTERU SEKIGUCHI'

This paper studied the problem of the adaptation under the exogenous changes of the
fitness landscape using GA. This problem was discussed from the following two aspects.
(1) Characteristics of environmental changes and possibility of adaptation (2) Similarity to
multiobjective optimization. In the proposed method based on (1), each individual has the
time series to memorize the fitness at each generation besides the chromosome, and the best
Pareto individuals in changing fitness landscape { ft fot f3¢...} etc are carried into the next gen-
eration. In the proposed method based on (2), when the environment changes continuously,
it spends a lot of cost on local search. The experiments of knapsack problem and of using
Branke’s test functions were shown.
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Table 1 Similarity with multiobjective optimization.
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for(i=0 ; i<numberOfAgents ; i++){
for(j=0 ; j<i ; j++){
int di=0,dj=0;
for(t=0 ; t<L ; t++){
if(agent[i]. memory[t] > agent[j].memory[t]) di++;
if(agent[i]. memory[t] < agent[j].memory[t]) dj+-+;
}
if( di==L && dj<L ) rank[j] ++;
if( di<L && dj==L ) rankli] ++;

goooooooooooooo
for(i=0 ; i<numberOfAgents ; i+-+){
for(j=0 ; j<i ; j++){
d[i][j]=0 ;
d[i][j]+=distance(agent|[i],agent[j]) ;
sfi]j]=1.0 - (d[i][jl/o)** e ;
}
for(i=0 ; i<numberOfAgents ; i++){
z=0 ;
for(j=0 ; j<numberOfAgents ; j++) z+=sli][j] ;
rank[i]/=z ;
}

}
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Table 2 Groups used in experiments.
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Table 3 The values of average fitness.
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Fig.1 Fitness vs. generation. Fig.2 The distribution of agents.
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