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Effectiveness of Genetic Multi-Step Search in Interpolation and
Extrapolation Domain for Combinatorial Optimization Problems

YosHiko HANADA+® TomoyUkl HIROYASU*t
and MITSUNORI MIKIT#+

The dMSXF is an improved crossover method of MSXF which is one of promising methods
of JSP, and it shows high availability in TSP. Both of these crossover methods introduce a
neighborhood structure and distance in each permutation problem and perform multi-step
searches in the interpolation domain focusing on inheritance of parents’ characteristic. They
cannot work effectively when parents stand close each other since they search in interpolation
domain. Therefore in the case of the MSXF, the MSMF, which is the multi-step search in the
extrapolation domain, is combined as the complementary search to improve their search per-
formance. On the other hand, the dMSXF just performs deterministic multi-step search and
the mechanism of the MSMF is not applied. In this paper, we introduce a deterministic MSMF
mechanism as complementary multi-step extrapolation search. We apply dMSXF+dMSMF to
TSP and JSP, which have structural difference between their landscapes. Through the exper-
iments it was shown that the deterministic multi-step search in interpolation/extrapolation
domain performed effectively in combinatorial problems.
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Fig.1 Aspects of dAMSXF: dMSXF selects the best candidate A for a transition
target, while MSXF selects the target from candidates {A, B, C, D} at ran-
dom, but with a bias in favor of a candidate with a smaller distance from

parent 2.

000000000 N(zp) 00000000 N(zg) O
0000000 v(0<i<pu)0DOO0O0O d(yi,p2) <
d(zy,p2) 0000000000000
Step 3 N(z,)00000000 yO000000zgy; =y
000,41 0 C(p1,p2) 0000000000
Step4 k=k+1000k=kmae 0000 2, 0 p2 O
000000000000 00000Step200000

01000000000000000000 Enae
x n00000000000MSXFOOOOOODO
o0ooO0o0o0p.00000O00O00OO0OOODOO
O0o0oO0oo0o0o0oo0OooO0ooOooooooonon
O00000000000dMSXF OO Step 200
000000 20000000000 » 00 20O
OO0 p, 00000DDO0002k4+: 0 2, 00000
00o0oO0oo0oo0oo0oooOooDoooooooDon
goooo

2.2 0000 dAMSMF

dMSXFOOOOOO MSXFOOOOOOOODO
Oo0oo0oO0oo0oo0o0o0O0ooO0ooO0ooooOooonon
O0ooo0o0oO00oooo0oooooooOooooon
O0ooo0oO0o0oo0ooo0oooooOooooon
000000000000 MSMF(Multi-step Muta-
tion Fusion)'® 0000000000 /000000
0000000000 20000000000000
Oo0o0oo0ooO0ooooooo0oooooooooo
gog

dMSXFOOOOOOOOOOO0oOOooooooo
00o0o0oO0o0oO0oooO0oooooooo MSMF
0000O00000000000000 dMSXF O
oo0o0o0o0ooooO0oO0oO0o0oooooOoooooo
000 dMSMF(deterministic Multi-step Mutation
Fusion) 0000000000 O000O0O0O0OOO

Interpolation

Extrapolation

02 00/00000000000000
Fig.2 Concept of the crossover in Interpolation and
extrapolation domain

AMSXFOOODODDOOOODDO dMSMFODOO0O
00dMSXF(O O)0dMSMF(0O0)000000
dMSXF(OD0)00 p 000 p, 00000000
0000000000000000dMSMF(00) 0
0pOp,0000000000000000000
00000000000000000dMSMF(0D)
0 dMSXF(0D)D000000000000000
0000000000000dMSMF(00)0000
0000000000

OdMSMF OOOOOOooo

Step 0 p10Op 000D O0O0OODOO C(p1,p2) =90
oog

Step1l 00000 z3=p10i=10000

Step 2 00000000000 2z 000000 MNDO
000000000 N(x)DOODDOOOOON(z) O
goooooo yi(0<i</\)|:|[|[|[|[| d(yi,p1)>
d(ml,pl) oo d(yi,pg) >d(xl,p2) gobooooo
ooooo

Step 3 N(ml)DDDDDDDDyDDDDDDxH_l:y
DDDI[+1DC(pl,pQ)DDDDDDDDDD

Step4 [=1+10000l=Iln, 0000000000
J0O0O00Step200000

03000000000000000000 lnae
x A\DJO0OoOoooooooMSMFOOOOOOO



Vol. 47 No. 10 0000000000000 0/00000000000DO00DO0O0DOOO

Step 1 Step 2 Step L
d=15
D d=85
Parent1 C
® ..
d=80

Parent 2 .
d=75  d=90

A=4

d : distance from parent 2=1

03 dMSMFUOOUOOOOOODOOOMSMFOOOO AODOCOBOOOOOOOOO
000000dMSMF(O0O) 000000000 CO0O000O0

Fig.3 Aspects of dAMSMF : dMSMF selects the best candidate C, while MSMF

selects the target from the candidates at random, but with a bias in favor

of a candidate with a larger distance from the parents.
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Table 2 Performance of AMSXF+dMSMF on benchmarks of TSP
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Instance #opt err(%) #opt err(%) #opt err(%)
pr439 26 (3.5x10%) | 0.002 | 30 (3.7x10%) 0.0 | 30 (3.8x10%) 0.0
att532 7 (0.8x10°) 0.034 | 11 (1.5x10°) 0.027 | 13 (1.8x10°) 0.023
rat575 10 (0.8x10%) | 0.015 | 17 (1.2x10°) 0.009 | 23 (1.6x10°) 0.004
rat783 18 (8.8x10%) | 0.012 | 25 (9.2x10%) 0.008 | 28 (9.7x10%) 0.005
pr1002 15 (1.2x10%) 0.019 | 23 (1.6x10°) 0.012 | 25 (1.9x10°) 0.006
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pr1002 2 14 15 25 29 30 30 30
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Table 4 Performance of AMSXF on benchmarks of JSP
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Table 7 Convergence tendency of GA
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