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Black-box optimization is a problem of optimizing the objective function within the bounds of a given budget for
evaluations. In Black-box optimization, it is generally assumed that the calculation cost for evaluating one solution
is large, so it is important to search efficiently with as few budgets as possible. However, there is a problem that
state-of-the-art black-box optimization methods such as Bayesian optimization and CMA-ES do not consider a
budget. In this paper, we aim to propose an initialization of a search space that takes a budget into account,
dealing with the above problem. We confirm that the proposed method shows good performance by experiments

on the benchmark functions.
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Require: budget B, search space X', dimension number d,

v, optimizer

1: Bret <7+ B

2: Xg < refine_search_space(d, X, Bret)

3: Xpest < Optimize with a given optimizer for the search
space Xs until a budget reach B
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Algorithm 2 refine_search_space(d, X, Byef)

Require: dimension number d, search space X', budget for
refinement Bief

1: K = arg max{By : By < Byet}
kKEN\2Z
if K <1 then

return X
end if
initialization : Xg = X
for i =1 to d do do
randomly select d; without replacement from index

NS T kW

set of dimensions

%

divide Xs into { X }5_; with respect to dimension d;

9: k¥ < arg min f(zy), zx is a center point of X}
ke[K]

10:  update the search space :

11:

12:

Xs — Xk*
end for
return Xs

2.3.2 PDEBOFHE

DEE K D& THIHEC, 2EICHER budget 1
B =K+Y " K -1) &5, #EFETE, K1)k
D B 7 Brop B XD ICABDHE K € N\ 22
ZIRET D.

K = arg max{By : Br < Bret}. (1)

kEN\2Z

2.4 IEERARAT

BETFHRIC L VBN R % Xs C X(CRY) &
$5. ZIT, Xs iZDOWTOHEKZEFT 2 HE O rine (Xs)
L roup(Xs) 2ENTNR (2),(3) TEHT 5.

Pinf(Xs) = xjgﬁcs J(xs) = inf f(x), (2)
Tsup(Xs) = sup f(xs) = inf f(x). (3)

xs€Xg

BUIFTlkd =108 OWTEHYE REHIT S, d> 2
ZOWTH, HNBBAEBOEATRE (f(x) =0, fi(z:)
ThHIBOIRTOEER T 5.

EIR 1. JTOEERZEM X BT b, f AN B
HTHY, v =a (a € R) THMTHDLT2D. ZDLZ,
VK € N \ 27, 12X LT Tinf(Xs) =0.

Proof. HELD, o> a D&, iz 6L CHEFERM,

r<aD&E, flXo T LU THHRDE LD, K pElEh

PR E (XS, v T 5. DFD, X =UL, Xi THY,

£ X, FEWCETHS. 22T, REFEVHN LR X,

TRHRWEE X; (5 € [K]\ {k}) ICRf#E 2* = arg r)r(linf(:v)
e

PEAETDENET S, 2F0, 2 € X; (€ [K]), flzr) <
fxs) (k#4,Vi € [K)\{k}) &IRETS. £/, & X,,i € [K]
DEZZI1EL, 2,i€ K] % X; Ot $5.

(i) ae XDEE : 2'(=a) € X; &V, z; T 2" DO&K
K12 U T WV, KoT, 232 f DR
ME x =a TORMELD, flz;) < flz*+1/2) =
flz* —1/2). TZ7T, x € Xp 120 LT EEEFBRIZ,
flxr) > f(z" +1/2) = f(z" = 1/2) = [f(z;). Z0i&

agXDLE: FT, 2; >aDHEEEEXD. ZOL
E, =3, )2 85720, o ITHT S f ORHMME
X0, f(z;) = f(z" +1/2). TIT, o € X3 ITHL
TR EFERIZ, f(ze) > fla*+1/2) = f(z;). Thid
flaw) < flz) CFET 2. 2, <aDBED, 2=all
BITD fONFREL D, HRIZRINS.

Ko, WEFIENHI U Bl o DEET 5720,
rint(Xs) = 0. O

R 1. STOHEREE X DBV RIS, f PR T
HY, z=a(a €R) THMTHZLT5. ZITXDEZ
EMETBE, sup,cx, f(2) < fla— )= fla+35).

EIR 2. TOBREM X BRI RZ b THY, fAX Tk
Thd T 5. PFREROKDIAAMMZFANS budget Bror — 00
DY E, 4B rap(Xs) = 0 L7525,



4Rin1-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

Proof. D RISHIBGEMR 2+ D85 G D728, RIEHERER
A arg min f(z) TNENOERE ELHKOEEKEE X,

reX
B RIS ST 1 YTy 2 AELE IF C (K] LES
T5. £F, Bret 200 DEEK w00 THD. £z, X D
AV MELD, YOEIAR M 35y, DEB KO
WK X, (1€ [K]) RS = M/K £7425%. $5¢&,
VX, e X*\Vz e X;,2* € X; IZHL, |z—a*| <19, 57T,
K—oooDe&E o—a*. ZIZT, fI3X THEELD, Vo e
X; 12DWT limy o f(z) = f(z*). —H, i€ [K]\I* 12D
W, I X, 12" 2EERVOT, infeex, f(z) > fla*).
ZorE, BEFERZI X LLTWTNDD X; € X* 27T

BDT, Mg —ooSUP,erg f(2) = limgyan SUP,cx;, flz) =

f(@”). O
3. =B
3.1 BH®

AREERTIX, budget H3HIBR X 4172 Black-box Fof b iz %3
LEREFLEOBAMYOMRZEHN L T 5.

3.2 LBFE

state-of-the-art 7 N+ ZAFJEALFIED 1 D TH S Tree-
structured Parzen Estimator (TPE) [Bergstra 11] & M\ 7z
BT, BEFERIZE A E AW oG8 L HW5E
ZHET 5. AEBRTIE, TPE OAZHWEE (RETFIE
K2 WD 5 72 856) , REFEIZK 2001HL%
W86 % 2nZ 1 TPE, Refine+TPE &3%ild 5. TPE
DHEEEIZIE Hyperopt™ % A7z,

3.3 RyFv—7EH

AEBRTHHT S 6 DOV F v — 27 HBOL4H, EHX
WG, HER#HiIFEAZR 112”3, 22T, Shekel, Hartmann B
BUZ BN 2 FREUE SR [Surjanovie 14] 22 S5B[HLTW 5.
3.4 HEREFLMIEEE

ARFEERTIE, budget # B=10xd & L7z ET, 50 k{72
B} 2 B B ETAMAE O -5 & R 22 D HERS & MERERTMIERE & L
THWA.,

3.5 R

TPE & Refine+TPE # RV F v —ZBBU#EA L7z & 2D
50 P TIZ B 1 B R AT 0 Y & AR 22 D HERS % X 3 1TR
F. Refine+TPE 3 R2TORNYF I —2BHIZHWT, TPE
FORVWEREZRLTWS.

3.6 ER

AEICE, BEFIERCEZ0ERT NIV ZLDHEZ N
WL ZBHBIZDONWTEERITD. 41Z, Hartmann BE%E0IZ
X9 % TPE & Refine+TPE O #LAI k70258 % 5597, #filE
FEATEIZ,  AReH %A AT 1215 & N2 §FilifE 2 &R 3. TPE A°
PRI T  FHIE D B \WEBUC R 2 5 > TV TETWARVLD
12X U, Refine+TPE TIdA LB O 0 A AT IEFTAME
DEWREDBLEY T LINTWE I eDbhs. kb,
PREFIEIT X AL budget DEIR X N 7= FEIZH LAR)
THERET A Z LN RIBI NG,

4. BBHYIC

AEC T, Black-box Hi#{k 263 % budget ZF & L 7=
WML DR E 217 5 7. $2FEF1EIE budget 126 U THERZE

x1  https://github.com/hyperopt/hyperopt

%592 Z 8T, B HRE R 3 2Bt Tk
U CH BRI R IR EME L TE X 5 Z L DSA[RETH
5. RUFT—=T7BBUIB VT, BREFIECLI0MEE W
EEERENEH VWSS LD RWIEREE R L

SHOMFEE LT, X VIELONHES 7 22503 2 PR
Wre, NA=5 A —=REELZ XL L ERTEAOM
AR ohs.

S Xk

[Bergstra 11] Bergstra, J. S., Bardenet, R., Bengio, Y., and
Kégl, B.: Algorithms for Hyper-Parameter Optimization,
in NIPS, pp. 2546-2554 (2011)

[Brochu 10] Brochu, E., Cora, V. M., and Freitas, de N.:
A Tutorial on Bayesian Optimization of Expensive
Cost Functions, with Application to Active User Mod-

eling and Hierarchical Reinforcement Learning, Vol.
abs/1012.2599, (2010)

[Chiba 05] Chiba, K., Obayashi, S., Nakahashi, K., and
Morino, H.: High-Fidelity Multidisciplinary Design Op-
timization of Wing Shape for Regional Jet Aircraft, in
Evolutionary Multi-Criterion Optimization, pp. 621-635
(2005)

[Golovin 17] Golovin, D., Solnik, B., Moitra, S., Kochan-
ski, G., Karro, J., and Sculley, D.: Google Vizier: A Ser-
vice for Black-Box Optimization, in KDD, pp. 1487-1495
(2017)

[Goodfellow 14] Goodfellow, 1.,  Pouget-Abadie, J.,
M., Xu, B., Warde-Farley, D., Ozair, S.,
Courville, A.; and Bengio, Y.: Generative Adversarial
Nets, in NIPS, pp. 2672-2680 (2014)

Mirza,

[Hansen 03] Hansen, N., D Mller, S., and Koumout-
sakos, P.: Reducing the Time Complexity of the De-
randomized Evolution Strategy with Covariance Ma-
trix Adaptation (CMA-ES), Evolutionary computation,
Vol. 11, pp. 1-18 (2003)

[Mievski 17] Hievski, 1., Akhtar, T., Feng, J., and Shoe-
maker, C. A.: Efficient Hyperparameter Optimization
for Deep Learning Algorithms Using Deterministic RBF
Surrogates., in AAAI pp. 822-829 (2017)

[Lucic 18] Lucic, M., Kurach, K., Michalski, M., Gelly, S.,
and Bousquet, O.: Are GANs Created Equal? A Large-
Scale Study, in NIPS, pp. 698-707 (2018)

[Surjanovic 14] Surjanovic, S. and Bingham, D.: Virtual
library of simulation experiments: Test functions and

datasets., https://www.sfu.ca/ ssurjano (2014)

[Yang 09] Yang, C., Kurahashi, S., Kurahashi, K., Ono, 1.,
and Terano, T.: Agent-Based Simulation on Women’s
Role in a Family Line on Civil Service Examination in
Chinese History, J. Artificial Societies and Social Simu-
lation, Vol. 12, (2009)



4Rin1-02

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

F 1 ERTHWER Y F < — 7B OAFR, EHEX, 06, HERHIPH. Shekel, Hartmann BIEUZ BN 2 £2803 30k [Surjanovic 14]
Mo HLTNS.

ap e | A | vot | PRER
Sphere fx) =7 7 5 [-5,10]°
k-tablet (k = d/4) fx) =30 2l +>2¢ L (100z;) 5 [-5,10]°
RosenbrockChain f(x) =30 (100(zi41 — 27)* + (2 — 1)?) 5 [—5,10]°
Branin f(x) = (z2 — 2521 + 221 — 6)” + 10(1 — - )cos(z1) + 10 2 [—5,10] x [0,15]
Shekel (m = 5) 00 =~ 50, (S — O+ 5) 4 [0, 10)*
Hartmann f(x)=—Y1, aiexp (— Z?zl Aij(zj — P,»j)Q) 6 [0,1]°

T 1057 T
—— TPE 10° 4 —— TPE —— TPE
» 1074 —— Refine+TPE ° —— Refine+TPE ° —— Refine+TPE
3 3 3105
© © ©
> > >
c c10° c
S $ 210t
© © ©
= = =
g g g
o 8100 107y
9 I3 [
2 10° 2 a
102 4
103
0 10 20 30 40 50 0 10 20 30 40 50 10 20 30 40 50
number of evaluations number of evaluations number of evaluations
(a) Sphere (b) k-tablet (k =d/4) (c¢) RosenbrockChain

40.0

T
—— TPE

—— Refine+TPE
[

1.2
—— TPE

—— Refine+TPE

—— TPE | 0.0
—— Refine+TPE

35.0
2 30.0
c25.0

value

-1.0

tiol

©20.0

-2.0

15.0

st evalu

best evaluation value
best evaluation value

0 10.0
Qa
5.0
0.0

-3.0

0 5 10 15 10 20 30 0 10 20 30 40 50 60
number of evaluations number of evaluations number of evaluations

(d) Branin (e) Shekel (f) Hartmann

3: RUF T —ZMEIZHNT S TPE & Refine+TPE DO EEAER, Ml FEMEE, el iR FMmEo 50 R b 157
CHEHEFEEZRL TVD. FijE TPE, SHHIIEETIETH % Refine+TPE 2K 7.

_1 2 T T
w | v v
*,,Wv"'vv;v Ivv vy" di vV v vv v
B A S o v v
_* * v v v vy
ok * x vl v
v-18 1 v 5
© # x| v v
> 20 " I v v
_5 * VY
§-22 LA i Y
E LA Y
z-25 1 L
* o *
1 | Y * * % -
2871 vy TPE o ¥ TN
301 * Refine+TPE *I * mew Ry
. I I | 1
0 10 20 30 40 50 60

number of evaluations

4: Hartmann B#UZ X3 % TPE & Refine+TPE QMR A28, Rl EEMEE, MEfdFEME2z £ LT3, 7% TPE,
HAUIIRETIETH 5 Refine+TPE 2K 9. F72, HOAMRIIEERZEROK D IAADIET UI-RERT.



