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Optimization under a Changing Environment by Genetic Algorithms
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TAKAHIRO HAYASHI, T HARUHIKO KIMURATT
and MASATOSHI SIRAYAMA'

Genetic algorithms (GAs) can be applied to problems in various fields because there are
not restricted in terms of solution expression or evaluation, however, GAs have a serious dis-
advantage in that they cannot be applied to changing environments. In this paper, a novel
type GA for optimization under a dynamic environment is proposed. The method deal with
(1) change of fitness landscape shape, (2) change of effect on phenotype at each locus and (3)
change of locus-groups which organize linkages. Search scale control and block identification
mechanisms, which are for treating these changes, is explained. Effectiveness of the method is
confirmed by three simulations using changing knapzack problems and changing trap function
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optimization problems.
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Fig.1 Difference between traditional and proposed
methods.

000000000000000000000000
0000000 D00000D0000 GAOOOODO
00000000000 1(b)@MO00000 GAOD
000000000000000000000000
000000000000 000000000000

00000000000000000000000
0000000D00000000000000000
00000000000000000000000 2
0000000000000000000 GAOODO
000000000000000000000000
0000000000000GADODOOOOOO
000000000000000000000000
0000

0000 GADD@G)DO0O00000D0000 O (i)
000000000003 000000000000
0000000000GAOOOOOOOOOODOO
0000000000000000@ 000000
000000000000000000000000
00@)00 ()0000000000000000
00000000000@GH) D0 ()0000000
000000000000000000000000
000 GAODOOOODOOOO0O0OO0000000O
0000000000

3.2 ()0000000D0O000

00000000000000000000000
0000000000000000000000000

00 t+000000000 S¢) 0000S8(t) 0
0000000001~ ROODOOOOOOOO
000000000000000000000000
00000000ROOO0ODO0D0O0DOO0OO0000



60 goooooooooooooooooo

01 OO0O0OO0OO0O0OOoooo

Table 1 Operations in each state of environment.

Operations
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Random and GA Populations, f(i) is the fitness of

individual ¢, swap(i,j) is an operator for swapping
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procedure locus-effect identification

for i=0 to L-1
el[i]=0;
for each s in P
si=perturb(s, i) ;
di=|p(si)-p(s)|;
if di>e[i] then e[i]=di;
endfor
endfor

02 0000000000000
Fig.2 Locus-effect identification.
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procedure LINC

for each s in P
for i=0 to L-1
si=perturb(s,i);
for j=0 to L-1
sj=perturb (s, j);
di=p(si)-p(s);
dj=p(sj)-p(s);
dij=p(sij)-p(s);
if dij = di + dj then
adding j to the linkage_set[i],
adding i to the linkage_set[]],
endif
endfor
endfor
endfor
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Fig.3 Linkage identification by LINC.
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procedure linkage-effect identification

for i=0 to N-1
le[i]1=0;
for each s in P
dp=0;
for each p in pattern_set[i]
sp=purturb (s, i, p);
dp=p (sp) -p(s);
if dp>ep then ep=dp;
endfor
if ep>le[i] then le[i]=ep;
endfor
endfor
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Fig.4 Linkage-effect identification.
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Table 2

GA parameters.

proposed method

sharing method HGA

generation

500

population size GA population 20

random population 10

30

bit length

15

block size 3

sharing parameters 14)

Oshare = 10, =0.1 -

mutation rate basic rate=0.01

0.01 0.01 (hyper mutation rate=0.1)

selection Strategy

tournament strategy (tournament size=2), elite selection (size=2)

block crossover

crossover Strategy

simple crossover
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Fig.6 Comparison of fitness (Experiment 1).
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Fig.7 Entropy in each block (Experiment 1).
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Table 3 GA parameters (Experiment 3).

proposed method sharing method | HGA

generation 500
population size GA population 30 50

random population 20
bit length 15
block size 3 -
sharing parameters 19) - Oshare = 10, = 0.1 -
mutation rate basic rate=0.01 0.01 0.01 (hyper mutation rate=0.2)

selection Strategy

tournament strategy (tournament size=2), elite selection (size=2)

crossover Strategy

block crossover

simple crossover
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Fig.11 Comparison of fitness (Experiment 3).
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Fig.12 Entropy in each block (Experiment 3).
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