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Abstract If it takes much time to calculate the fitness of the solution in genetic algorithms, it is
essential to create a metamodel. Much research has been completed to improve the performance of
metamodels. In this study, we tried to get a better performance of metamotel using discrete Walsh
transform in discrete domain. We transforms the basis of the solution and creates a metamodel using
the transformed solution. We experimented with NK-landscape, a representative function of the
pseudo-boolean function, and provided empirical evidence on the performance of the proposed model.
When we performed the genetic algorithm using the proposed model, we confirmed that the genetic
algorithm found a better solution. In particular, our metamodel showed better performance than that

using the radial basis function network that modified the similarity function for the discrete domain.
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Fig. 1. Flowchart of genetic algorithms with metamodel

0]

REREZLERR BRI
3] A0l ErjelolA] Al uEiES AL
BE uelES 2FHHsE BA 2A S5
FBIeHE]. AT olaHHel ZrQlof A18S
Weheele WA AR FESIGT 3 WAl o
o FE FASHL A4Hel EHlolA AFgIRs

=2 s A8 WAl T WAL 53 of

Nt

g2
O

o rlo

r
e
(o)

2orle e o
2 ol

o)

o

o,
=2
oo
}N
o



Oltt EA| HE0| MEIRAS

AlRSH 9X

o T

2u2E0f o= F& 31

E2Ael At A8 2 A

27 E2je} gol —“&%—J@Rﬁ oAl RdZ AREShE
wHAjolet ] ¥Rl il

O= vjgshs WAook o WA= FHHekE A oA

E
2 4 9k ol5 WA Aol Ik Aol o]
42 Aol AGIRe AALE P48 S8 A8t
et ALER oAk A WRHOIY| 5, —&aﬁ.&@} 9
A2 G4 e 28 s ¥
ol =iz, 4% vlag Slo A8 w} 714G
HEYZN01E of5 A WAl e,

E
i
"

T*—!@_E R kil
Hlolue] AEYOoR Uee o 4] 12 EdSE o
olo] g% ke [0,2" — 1] o wloluja) AEgom 1}
RS o 4] 28 HEHE Aer e [0,1] o )
WA F5E ¢y () 4] 308 FojHr

k= ijzj,kje{o,u 1
Jj=0
= ij2_j,xj€{071} @)
i=1
ikﬂ;j”

gp(z)=(=1)"" 3)

DA o] aAe olo] o] 44 j,k of o
fol@(x)qbk(w):éjk 2 8T 5 Yk 6, £ A=A
el j 9 k 9 glo] Zow 1, th2w 09 ke 717
o wepd, gAwEE Bke] doje] g f 9 9ol
2 [0,1] o s} 541 491 & 5 ek

NgE
E
&

flz)= () 4)

w,ER = f & EA

B
Il
o

1—’\0]] FZo g B3

S o AEAIolth, BA] @59] A 0(gy(z) 2
Uehfi=tl, k & Holude] AEROoR REPS o 19

NEE Qulgiet
A2 ] AFe A& o] PolA ol
Zlo]t}. o]% o] &=9]= Goldberg 591 93l A=
o] THOA AMEE & AR SYEACHI4,15].
ol=|gt WEolA HA] = %1«]94 A& T
o oo} chet o] ot vlojuie] AEYOR
AP o 4] 52 FAEE Yoo A5 k(0,2 —1]
o Hloue] AETOR EAPS ] 54 608 HEY)

£ zol e WA WS ¢y & 4 7L UEI

k= f]okaj, k,E{0,1} ©)
=

x= (2, @95y jyesz,), 2E{0,1}" ©

bu(a) = (-1 )

YA S A-EH A Srt HoE Zrte] At
AW 7|AE TSt Q4ol9] 4, ke 0,27 —1] 9

sl 4] 8& W=t
1

o Z ¢]($)¢k(1’) = 5]']@ ®)

2 ze{0,1}"

b, dolo] A2 FH f:{0,1)" >R
= 4] 99} o] €A] T9] AT 7k e R Y
PRt

2n—1
Vre{0,1}",f Z w e, (z
st wy=— Y, flz)g(z) ©)

271 ze{0,1}"

i £ {0,1)" >R ol Foiz
w54 100 2ol I f & BA B
9\7]\

fla)= Y v, (z) (10)
k=0

54 100wk, 2" AQ] RE S 71 glofok

s, 5 uA st EAE ddst]d HgstA|

At} wEtA, o HolE] #=F AAst, i dlold



32 st=gsstsl=2X| M103 H12&

A §= (o, f(2)) e A3} ABAS w, T 24
ek E, AR St o] Zvklol wet vsh
SAoz F7RIG b, A48 A4 gt d= 2t
3, A7t dEet e DA Fgukg ARgs oAl-Bel
A g AR £ eAFoE YEhE 54
113 2t

Ves{0.1}", flz)= ]

kio(gy=d
A d ghol 25 FsHA Fgsta AaAs
TAF BB E wOAARE, 2 Aol AESE VA B
o] B9 A0 gHE k+ 1 o sfojm | F &
ARetehE Ao Slof A9 ghe k+ 1 2 shelth

wdy(z) (A1)

3.2 AL 2Af HlW
£ ATl etEde B 98] AEE we
oS ARSI AL T AP AgT HE
° HFAFYI Tl TRt HololA
B 7)) S TS HG FL 5L Ho] Uk vet

NK 2d[13]2 Kaffuman©o] A|tst g0 2 n,k
5 719 meulEe] o) A9 A7t EEST A
%(ruggedness)7t Z23Hdt. dg A o sl & =it
ulEl9] g 23tsto] (n€10,15,20, k€0,1,2) & 97}
A ZAE AP A AE Fole JAEES=
Fig. 29 Zt}. 4 HAEE 95f 1,000719] shiE HE
sHA ARt o] A& AA AYPEE Aktsl= 3
5 A4t & ) vkEnit} HESHA shE gAdsta &
AEE AL BGE oot e HeEdE e
7] 913t S5 tlolE Mgl FrhEct. sk HlolE e
o= WeRdE =L, HAE oy oz TA
RAE ARSI ZAF o= By Aok 23X (Mean
absolute error)& A HEZ 3IFT}

Fig. 32 €A 7|AE AMES vietedat 25 71AE
AMEEE HEf R O] AR A} HSHE Bl wEE Aolt) ko
%ol 091 VK 23E ALjstd, BE EA A H€A] 7]
AE ARG HEtEd] A AL B Wodth. VA &
F2 k9 go] 0 o, |-AR 7|29 S wHA] Qo
713 HA35tety| ot 24 A7 o9 g7] g 7]
A Wgto g QIgh A5 Aot FEHAA] g AoE
Bl

Algorithm 1 Experimental procedure
Input: A test set Quormat, Qiransformed

1: Sy« 0

2 Ty« 0

3. for i « 1 to Max do

4 x;  a solution generated uniformly at random

y;  basisChange(z;)

Si = Sic1 U (xi, f (i)

T, Tiy U (v, £(a)

fi < build a surrogate model for f by S;

9: i + build a surrogate model for g by T}

10: €; + approximation error of fi using the test set Qnormal

11: d; « approximation error of g; using the test set Qransformed
12: end for

Fig. 2. Pseudo—code of approximate performance
comparison experiment
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Fig. 3. Mean absolute error of fitness on test dataset
depending on the training dataset
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Table 1. Comparison of GA performance

Best fitness of GA
MO | oo | ese | N 0998 | (g
(10, 0) 6.878 5823 6.173 5998
(15, 0) 10.079 8756 8950 8718
(20, 0) 13,745 71415 11.707 11.507
(10, 1) 7215 6.280 6.820 6.310
(15, 1) 10672 9.348 9.739 9226
(20, 1) 74.344 71.955 12547 12487
(10, 2) 7490 6.457 6.825 6.494
(15, 2) 71.245 9403 9.762 9.500
(20, 2) 15.094 12.400 12.816 12480
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