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Consideration on Interference Crossover Method
in Genetic Algorithm

SHIGERU NAKAYAMA,t ICHIRO [IMURA,t* MIDORI MATSUO'
and MASAKI MAEZONOY

Quantum computer is a computation model using quantum mechanical principle such as
quantum superposition state, quantum interference effect and quantum entanglement state.
Quantum entanglement state is not achieved easily with conventional classical computers.
However, quantum superposition state and quantum interference effect are an idea that can
be easily adapted even by conventional algorithms. Quantum-inspired genetic algorithm
(quantum-inspired GA) was proposed by Narayanan, et al. The quantum-inspired GA is
a new GA having a technique called “interference crossover” (IX), which imitates quantum
interference effect, embedded in genetic operators of a conventional GA (classical GA). The
quantum-inspired GA succeeded in the search for an optimal solution in a less number of
generations compared with the classical GA in the case that the number of cities of a TSP is
comparatively little. In this paper, we have made comparative study of a classical GA and
a quantum-inspired GA by considering selection methods of parent individuals for the IX,
a local search, and experimenting in detail on five problems of TSPLIB, which are larger scale
than a problem used in a previous study. As a result, we have confirmed in the five TSPs that
search ability of the quantum-inspired GA is superior to the classical GA in the viewpoints
of “discovery rate of the optimal solution” and “average number of generations for search”.
Furthermore, it should be noted that 2-Opt method improves the reduction effect of “average
number of generations for search” of the quantum-inspired GA.
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Fig.1 Comparison of classical GA and quantum-inspired

GA.
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Fig.2 Interference crossover method.
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Fig.3 An example of tour change by 2-Opt method.
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Table 1 Parameter values used in the experiment.

Parameters Values used

Number of L.

all individuals n 200 individuals
Mz;:;;rz;l;?i;?sn;l:; of 2,000 generations
Crossover CX rate r¢x 100%
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Crossover IX rate r7x 10% to 100% (10% steps)
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for IX nrx

Mutation rate rps 0.1%
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Table 2 Best discovery rate of optimal solution, average length of tour and
selection method in five TSPs (with 2-Opt method).
TSP Evaluated items and Quantum-inspired GA .
. . . Classical GA
(Opt. tour length) Selection method for IX Head matching No head matching
burmald Discovery rate [%)] 100.0 100.0 100.0
(3,323) Ave. tour length (Errg [%]) 3,323 (0.0) 3,323 (0.0) 3,323 (0.0)
’ Selection method (rrx [%]) Except IXJ, (100)  Except IX3, (100) —
ulyssesl6 Discovery rate [%) 100.0 100.0 100.0
(Z 559) Ave. tour length (Errp [%]) 6,859 (0.0) 6,859 (0.0) 6,859 (0.0)
’ Selection method (rrx [%]) Except IX}, (100) Except IX, (100)
Discovery rate [%) 100.0 100.0 100.0
Ave. tour length (Errg [%]) 2,085 (0.0) 2,085 (0.0) 2,085 (0.0)
17 Selection method (rrx [%]) IX,nq (50,100), IX,nq (100), —
(2gr085) XS, (100), IX$,, (20,90,100),
’ X, (10,100), IX,;; (100),
1X3, (100), IX3, (20,90),
and 1X, (60) and IX, (10)
21 Discovery rate [%) 100.0 100.0 100.0
(2g707) Ave. tour length (Errg [%]) 2,707 (0.0) 2,707 (0.0) 2,707 (0.0)
’ Selection method (rrx [%]) Except IX}, (100) Except IX, (100) —
Discovery rate [%)] 66.0 68.0 54.0
gr24 Ave. tour length (Errg [%]) 1274.1 (0.17) 1274.0 (0.16) 1274.9 (0.23)
(1,272) Selection method (rrx [%]) I1X5, (40) IX3, (60) —
and IX,,q (80)
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Table 3 Discovery rate of optimal solution in quantum-
inspired GA in the case of elite selection method
IX3, at rrx = 100% (with 2-Opt method).

TSP Discovery rate [%] in quantum-inspired GA
Head matching No head matching
burmal4 2.0 8.0
ulysses16 0.0 10.0
grl7 6.0 0.0
gr2l 6.0 0.0
gr24 0.0 0.0
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Table 4 Best average number of generations and selection method in five TSPs

(with 2-Opt method).

Evaluated item and Quantum-inspired GA .
TSP Selection method for IX Head matching No head matching Classical GA
Ave. generation [generations] 97.8 66.2 232.6
burmal4 . o
Selection method (rrx [%]) IX,na (100) IX,; (100) —
Ave. generation [generations] 109.0 116.2 192.2
ulysses16 . s s
Selection method (rrx [%]) IX3, (90) I1X;., (50) —
17 Ave. generation [generations] 262.6 423.0 573.5
& Selection method (rrx [%]) . (100) X3, (30)
o1 Ave. generation [generations] 34.9 43.0 98.2
& Selection method (rrx [%]) o (70) IX, (80) —
o4 Ave. generation [generations] 1259.7 1276.0 1369.7
& Selection method (rrx [%]) o (40) I1X3, (60) —
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Fig.4 Transition of average tour length (in the case of
“gr21” in Table 2).
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Table 5 Selection method up to 3rd place on average num-
ber of generations for search in five TSPs (with
2-Opt method and head matching).
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Table 6 Best average number of generations and selection method in five TSPs
(without 2-Opt method).
TSP Evaluated item and Quantum-inspired GA Classical GA
Selection method for IX Head matching  No head matching
Ave. generation [generations] 1362.1 1401.9 1521.5
burmal4 . .
Selection method (rrx [%]) I1X75, (10) I1X,nq (20) —
Ave. generation [generations] 1684.8 1941.9 1960.1
ulysses16 .
Selection method (rrx [%)]) (100) X7, (30)
Ave. generation [generations] 1763.1 1953.8 1960.1
erl? Selection method (r7x [%]) . (100) IXmq (10) —
Ave. generation [generations] 926.0 766.2 1124.7
&2L gelection method (rrx [%]) s (40) X2, (10) -
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Fig.5 Reduction ratio of average generation of quantum-
inspired GA to classical GA.
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