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Effectiveness of Genetic Multi-step Search in Interpolation and

Extrapolation Domain for Combinatorial Optimization Problems

YOSHIKO HANADA,* TOMOYUKI HIROYASUtt and MITSUNORI MIKItt

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 AMSXF 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 dAMSXF+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 dMSXF: 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.

0000000000 N(zk) 00000000 N(z)
00000000 »00<i<p0000 dys,p2) <
d(zk,p2) 0000000000000
Step 3 N(z,) 00000000 yOOOO0OOxk41 =y
000z, O Clp1,pz) 00000D0000D
Step4 k=k+1000k = kmae 0000 2 0 po O
000000000000000o00Step200000

01000000000000000000 knas X
p00000000000MSXFOODOOOOOOO
000000 p, 0000000000000000
000000000000000000000000
00000000000MSXFOO Step200000
000 2, 0000000000 » 00 2, 000
p 00000000002k O 2, 0000000
000000000000000000000000
ooo

2.2 0000 dMSMF

dMSXFOOOOOO MSXFOOOOOOOODO
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000 MSMFO Multi-step Mu-
tation Fusion*® 0000000000 /00000
00000000000 2000000000000
000000000000000000000000
oooo

dMSXFOOOOOODOOOOOOOO00O0
00000000000000000000 MSMF
000000D000000000000 dMSXF O
00000000000000000000000
000 dMSMFO deterministic Multi-step Mutation
FusionD 000 00000000000000000
AMSXFOOOOOODOOO0OOO dMSMFO OO0

0000000000000 0/0000000000000O000O0ODOOO0 2899

Step K

N

N\

Interpolation

02 00/0000D000O000000
Fig.2 Concept of the crossover in Interpolation and

Extrapolation

extrapolation domain.

00dMSXF(O0O)OdMSMF(0O0)000000
dMSXF(0DO)00 p, 000 p, 00000000
0000000000000000dMSMF(00) O
0 p0p, 0000000000000000000
00000000000000000dMSMF(00)
0 dMSXF(0D)0000000000000000
0000000D000000dMSMF(0O)0000
0oooOoDooooo

O0OdMSMF 00000000

Step 0 pi0p, 000000000 D Clpr,p2) = O
ooao

Step1 00000 z;=p100l=10000

Step 2 00000000000 2000000 A0
000000000 N(z) 00000000N(z;) O
0000000 wO0 <6< AIOOD d(ys,p1) >
d(zy,p1) OO d(yi,p2) > d(z;,p2) 00000000
ooooo

Step 3 N(z;)00000000 yOOOOOOz41 =y
00041 0 Clp1,pe) D000 DOOOODODO

Step4 [=1+10000l=lne 0000000000
00000Step200000

03000000000000000000 lLpasxA
gooooooooooMSMFOOOOOOOOOO
oboooo ;mOp, OOOO0OO0O0O0O0O0OOO0O0
gboooooboooboobooooooooooooo



2900 goooooooa
Step 1 Step 2 Step L
d=15
d=85
Parent1 C @ D .

Parent 2 @
g=75  d=90

A=4

d : distance from parent 2=1
03 dMSMFOOOOOOOOODOOMSMFODOOO AODOCOBOOOODOOOOO
0oo0oDo0o0dMSMF(OO) 0DDOD0OD0O0O0O0OO0 coOoooOO
Fig.3 Aspects of AMSMF: dMSMF selects the best candidate C, while MSMF se-

Oct. 2006

lects 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 1 Influence of the population size on dMSXF.

Instance | Npop =50 | Npop =100 | Npop =200 | Npop = 300
ratb75 1 10 19 27
rat783 0 18 29 30
prl002 2 15 29 30
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Table 2 Performance of AMSXF+dMSMF on benchmarks of TSP.
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dMSXF +Mutation +dMSMF
Instance #opt err(%) #opt err(%) #opt err(%)
pr439 26 (3.5 x 10%) 0.002 | 30 (3.7 x 10%) 0.0 | 30 (3.8 x 10%) 0.0
att532 7 (0.8 x 10°) | 0.034 | 11 (1.5 x 10%) | 0.027 | 13 (1.8 x 10°) | 0.023
rat575 10 (0.8 x 10%) 0.015 | 17 (1.2 x 10°) | 0.009 | 23 (1.6 x 10°) | 0.004
rat783 18 (8.8 x 10%) 0.012 | 25 (9.2 x 10*) | 0.008 | 28 (9.7 x 10*) | 0.005
pr1002 15 (1.2 x 10°) | 0.019 | 23 (1.6 x 10°) | 0.012 | 25 (1.9 x 10°) | 0.006
pcb1173 | 11 (1.4 x 10°) 0.007 | 12 (1.9 x 10°) | 0.005 | 19 (2.2 x 10°) | 0.004
vm1748 2 (1.8 x 10°) 0.054 7 (3.1 x 10°) | 0.047 | 10 (4.0 x 10°) | 0.046
pr2392 14 (2.2 x 10%) | 0.010 | 16 (2.7 x 10°) | 0.008 | 24 (3.0 x 10°) | 0.002
pcb3038 1 (7.6 x 10°) 0.007 3 (8.3 x 10°) 0.006 4 (9.8 x 10°%) 0.006
3795 14 (1.8 x 10%) 0.022 | 16 (1.9 x 10%) | 0.017 | 18 (1.9 x 10°) | 0.017
30000000000000000000
03 TSPOOOO dMSXF4+dMSMF 00000
Table 3 Performance of dAMSXF+dMSMF on benchmarks of TSP.

Npop = 50 Npop = 100 Npop = 200 Npop = 300

Instance | dMSXF | +dMSMF | dMSXF | +dMSMF | dMSXF | +dMSMF | dMSXF | +dMSMF
rat575 1 9 10 23 19 30 27 30
rat783 0 22 18 28 29 30 30 30
pr1002 2 14 15 25 29 30 30 30
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Table 4 Performance of dAMSXF on benchmarks of JSP.
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CCM dMSXF
Instance kmaz = 4 kmaz = 6 Kmaz = 8 kmaz = 10
ft10 30 (1.4 x 10°) | 28 (1.2 x 10%) | 30 (1.1 x 10°) | 30 (1.0 x 10°) | 30 (0.9 x 10°)
20 12 (1.6 x 10°) | 10 (3.1 x 10°) | 16 (4.5 x 10°) | 19 (4.9 x 10°) | 24 (5.8 x 10°)
abzb 1 (1.8 x 10°) | 19 (1.5 x 10°%) | 21 (1.2 x 10°) | 23 (0.9 x 10°) | 27 (1.0 x 10°)
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Fig.4 Generation of biased population: Each initial solu-

tion generated with a few applications of mutation
from the local optimum (f=1236).
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Table 5 Convergence tendency of GA.

distance | OO0 1236 ooo goooo
d < 100 48 1 1
d < 120 38 6 6
d < 130 29 12 9

gobo0oooooOooOoooos00000

gooooooooo

os00000000D000000000O0DODDO
gilooooo00000000000D 1236000
goboobooooooooooooooobooboooa
goboooooooooooooooooooboood
gboooooobocoobooob 12360000000
00000000000 ooooodMSXF(OO) O
goboooooooooboooboooOoooooboooo
goooboooooobooooboooooooooo
gooooo

5. JSPOOUO0OOO/000000000OO
ooo

5.1 JSPOOOO dMSMF(OD)000

00000000000000000000000
00000000 JSPOOOODOOTSPOOOOD
000000000000000000000000
000000000000000000000JSPO
000 dMSMF(0DO)O0O00O0O0MSMFOOOODO
0000000000000000000000000

0000000000000000000 4100
000000000dMSMF(0O)00000000
0 Step20000000 N(z) 000000000
0000JSPOODDO dMSXF(OO)O0000000
00000000 2, 00000000000000
000000000000000000000000
p 00 p, 0000 L 0000000000000
00000000000000dMSMF(O0O)000
00000000 ¢ 00000000000000
L 000000000000000 000000
0000000000000000000 2,000



Vol. 47 No. 10

0000000000000 0/0000000000000O000O0ODOOO0

06 JSPUOOOO AMSXF+dMSMF 00000
Table 6 Performance of AMSXF+dMSMF on benchmarks of JSP.

dMSXF +Mutation +dMSMF
Instance #opt err(%) #opt err(%) #opt err(%)
610 29 (1.4 x 10°) 0.022 | 29 (1.2 x 10°) 0.025 | 30 (1.2 x 10°) 0.0
£t20 24 (5.8 x 10°) 0.19 | 25 (4.8 x 10°) 0.11 | 30 (5.3 x 10°) 0.0
abz5 19 (1.4 x 10°) 0.16 | 22 (2.1 x 10°) 0.12 | 30 (1.8 x 10°) 0.0
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Table 7 Convergence tendency of GA.
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Table 8 Performance of AMSXF+dMSMF on 10 tough problems.
dMSXF+dMSXF dMSXF 00 MSXF JOX

Ins. #opt avg wst #opt avg wst + MSMF + EDX
abz7 658 665.3 668 664 666.6 669 678 670
abz8 668 670.4 675 670 672.1 676 686 683
abz9 679 685.9 689 686 687 689 697 686
la21 1047 1051.6 | 1053 1052 1052.4 | 1055 9/30 1/10
la24 5/10 (3.5 x 10%) 936.5 938 1/10 (2.1 x 109) 939.2 941 4/30 4/10
la25 7/10 (7.1 x 10%) 978.1 984 1/10 (4.9 x 105) 980.8 984 9/30 4/10
la27 5/10 (2.4 x 107) 1237.8 | 1242 | 1/10 (3.6 x 107) 1242.6 | 1250 1/30 1236
la29 1154 1164 1167 1163 1166.6 | 1168 1166 1167
la38 10/10 (9.9 x 105) 1196 1196 | 2/10 (4.3 x 10%) 1200.7 | 1206 21/30 1/10
la40 1224 1227 1234 1225 1230 1240 1224 1224
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