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Aoz Be A7k 278 Aotk old e 4Bolt LY PAEL 5 4
A Sokatet. |

T FRY BASL FHNMYL VA AN E AT ol
42 AANHE ARAA APAES RE PEL IS Ao B

HZ =X
= mat -
o] BHoltt. 7hsatE A2 5o AYHE] ool T 2AH By Y
8 2+ Zol 328 B3 39| shiolh

NS EUEAL B 2o Zad s ARG Holth. % WEY BYL
FUNS PUEL B 0B 02 AGIY. FARDE AFAYNA A8
€ HE2 fYsith 2, T3 W E oA B2 Asc] @R AN
7 AR A0 ZA% APHEL AT JAEL Suet vAdgd
€ 7HAE B el F2 AR E AT ety 23y, BYsA £-
gk g7k A HAPEAE TR Aeetd, dAES FelAY FAA
AAET] oz} Fe FEE FAIO 2tk el o F2 T35HE
22+ U= Aol

FHZ o RSl ste] EF-2A g ZABH] H8ke] Radial Basis

Function JJE9(RBFN)9] A-8-& Al St} (Haykin, 1999; Jones 5, 1998;
Sacks 5, 1989; Schonlau, 1997). wehy 48 HAEL E3-8iA 4o gdd A
Hel 24 ARE FAl n¥sh= Aog FojA

olZ{ g FAo| EHoZ HIFS HY Aot}
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=R AZE HAEE
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SVMe] £38. ofoltjol A F ggyol & 7|2
A o] 83 I QAFE(margin) & 2= AP £
319 A AE3he ZEo] AdE Sk 9¥FL XA T4 28 AR
S (0, u) 2 JERAAL Q714 i =1,... L0tk X oA 9 37

s} 2ol BRAVTIA AR AW ¢ SABSE
Lf(x,y, f) = [y — f(x)|. = max(0,|y — f(z)| —€)
s o) 3] AT, §ABA o) ¢ SARSE

Li(x,y, f) = ly - f(=)[2
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o .
minimize §||,3H2 + C;Lg(mi,yi, )
oltt. A71A Cx BT €4 Aol Efol=-2x
= 2 ujAgel Lo tigt 3AE AL37] f5t,
FolRA ABA (zi,31) i = 1,..., 05 HAF A& goll oste] 1A
E A F7H(feature space) &2 MBIt} o)A $2o] IFAEA L o EAE

¢
minimize %HBIP + c;(g;“ +€2)

subject to (B, ¢(x;)) + Bo — s < e+ &, (2.1)
yi — (B, 9(xi)) —Bo < e+ &
g, €,20, i=1,... 4

ARG BAZ F4T 4 ek 71A slack B4 &8 )4 (target) 9] ZkolA
 HE} 23 g ERL BE U5 g UGl cRg $ET R 3

2 UEhith 919) £40) S A RAYRAY Hashe FIFF 55 o, o/F
©e A EAlSl HAeisishe FRelth (2.1)9] che AekEAeln

¢z p(x;) = K (i, z;) (2.2)
£ 551 ANYSE K(z,2,) 8 A3 A3H02 odlel 348 Atk
1 o 1
maximize — 3 Z: o; — oq) (0 — aj) {K(;ci,mj) + Eéij}

Z (o — o —EZQ‘FOQ (2.3)

14

subject to Z(ag - a;) =0, o, ; >0, i,5=1,...,L
i=1
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9] AL+ 09 Kronecker @E}O|T}

o

A7IA b i = jA ARE lolx, I
Kaurush-Khun-Tucker®] R&x Ao 2

ai(f(zi) —yi—e—~&) =0,
oy — flzi) —e— &) =0,
&, =0, aiai=0, i=1,...,¢

2 duth YRANRA (21) ok 2 ATEAA (2.3)004 7HeA A

r2

K(xz;,x;) = exp (—M> (24)

A g3t ZAE EA9 . RBENOJA S} ubA7IRA 2, & ri& dmax/ ¥/nmoll 9
A & Aol  Ao|aL (Haykin, 1999), 9714 dpax= SR E Atol9] H o)
A E JEHATE T3 nd X ol AFHEY Ao, mS AFHFEY 7

Foltt. 1AV BYTVNA Ade AT HAYLAL

= Z a; K (zi, x;) + 65, af =df — (2.5)
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2 Wl 907 GuElBoR 231 AP thste] AAAL FHI

3 tHAl: So7kRIAAM Uehd HAAHE] A (Cp)E At A HAPS FHL
2ok 249 Wl do) £2 AHNE AAZR
(neighborhood) o] 2} 3}x}.
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et BAYS o YR F4H ARE AT TIFY BEL
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o AANRXALEL UET uj7tx], BRAFSE9 ZAXE A5 Yot 2
Ao ARAES FoMach 229 9B gAclN g Bue F43 Fuo

% Atk R WAE Axle A=A
2ol FolR FaA R sl £71 AY A5EL ATt o]RE 5}
7] #ste], RAAA F PEl“ Ay A2 29 ofB FHASE FPYY SoolA £
Sz AQEY FolA dA AR 3t T WY 271 A8 A2 EL T8
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Mz A (41)S 3718 Fol, ST 2N AHEA L

41 ¢
maximize - % Z aj o {K(:ci,a:j) + é&ij} + Zyiaf
2,j=1 i=1
+1
—eY_af + f(z%)afp, (4.2)
i=1
£+1
subject to Za’;:o, a,a; <0 i=1,...,4+1

=1
gk o] FAATE A7M af = o) — ;0lth (4.2)9] SHAA o) 7P 23S 7}
Ae M2 AR 295 =5 Agc.
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2 eRolq A8E AL A BololA n)$ B IR oAz A
% Pge) $4AL Bol LA AU, $4, ofefol oW B4E Hrhshale
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f(x) =10exp{—0.01(z1 — 10)? — 0.01(zy — 15)*} sin(z1) (5.1)
0<z <15 0< 1y <20
o] TrE (21,22) = (7.8960,15.0000)o) 4 AL f = 9.55858 7}tk %
7] ARAEER OF BAF (21,22) = (0,0),(15,0),(0,20),(7.5,10), (15,20)2]
5709 HES AHsAY, g AR A o2 VL, 58 JFP LS

x 2 YeRRQIth MEZE WE Z)AA C = 100.09} ¢ = 0.12 AR81, FAA
QA FolA by = 4.0, Cp = 20, FEAGS 10742, 223 AL 20002
T AEL Sk ROAEY e ot & 51004 YERT
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flz1,x0) = f(7.8960, 15.0000) = 9.5585
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E 51 AE Po) &% 2 Ay A3}

(BRI v AF [ o1 | & [ [fG@ne)
1 49 44 7.879 | 15.465 9.5366
2 55 51 7.846 | 15.666 9.5044
3 53 50 7.892 | 14.465 9.5312
4 53 46 7.896 | 15.022 9.5585
5 61 47 ] 7.897 | 14.724 9.5515
ave 54.2 47.6 7.882 | 15.069 9.5364
o 0.0006 | 0.2045 0.0008

1 100 8.008 | 14.678 9.4869

2 60 7.980 | 13.635 9.3532

3 100" 14.093 | 13.851 8.3383

4 90 8.000 | 12.650 8.9946

5 80 7.902 | 14.937 9.5580

ave 86.0 9.1966 | 13.954 9.1462

o’ 7.6876 | 1.75630 0.3708

6. 22

AT 5] ST FH7E A TAA L el BAH
L2 N2y AYEEE oF9A 27 T AWhke e S8% FAol. At
e ARE A¥AsS aFH o AFsks AXE A A o3 42
o FE AP UAEE 1 PHoRA F47 JEe A JRE F

Aol meste} AYAL AWHE PYolh A€ Bath B wEelAE AL
Yoz Peol AARAS 582 AR o) PHe AAA A8 By
A4 BoHHoln $-87Hs o] Frha slvATh
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Using Support Vector Regression for Optimization of
Black-box Objective Functions

Minjung Kwak?, Min Yoon?

Abstract

In many practical engineering design problems, the form of objective
functions is not given explicitly in terms of design variables. Given the value
of design variables, under this circumstance, the value of objective functions
is obtained by real/computational experiments such as structural analysis,
fluidmechanic analysis, thermodynamic analysis, and so on. These experi-
ments are, in general, considerably expensive. In order to make the number
of these experiments as few as possible, optimization is performed in parallel
with predicting the form of objective functions. Response Surface Methods
(RSM) are well known along this approach. This paper suggests to apply
Support Vector Machines (SVM) for predicting the objective functions. One
of most important tasks in this approach is to allocate sample data moder-
ately in order to make the number of experiments as small as possible. It will
be shown that the information of support vector can be used effectively to
this aim. The effectiveness of our suggested method will be shown through
numerical example which is well known in design of engineering.

Keywords: Support vector regression; genetic algorithm; global and local

information; optimization.
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