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In some real-world problems, a computational time for evaluating the fitness of a solution is expensive. Thus,
in recent years, there has been much research on such Expensive Optimization Problems (EOP) in the Evolu-
tionary Computation community. The benchmark problems for evaluating the search performance of evolutionary
algorithms for EOP have recently been proposed. However, to the best of our knowledge, there has been little
work on the characteristic analysis for the EOP benchmarks. In this paper, in order to analyze the characteristic
of the EOP benchmarks, we investigate evolvability of IPOP-CMA-ES on single/multi-funnel functions from the
BBOB benchmarks for different computational budget scenarios. We used Fitness Distance Correlation (FDC)
as an evolvability metric and the experimental results show that searchable spaces of IPOP-CMA-ES in some
multi-funnel functions significantly differ depending on the maximum number of fitness evaluations.
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BOJGFREPFIET 2E DD, KIBKIIZKEIR 1 >O8%H
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72, evolvability (& EA 26 Rz 58l & LFIT 5 Z LN T
F, BONDMFERIIMEH TS EA ITKESKET D, K
XDOBEMTH B RE D HRFMEBIZE TS EA OFEKZEH
DfEHTIX, EA LBEEMEHEIZBR L TS 720, evolvability
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# 1: BBOB benchmarks D% % [Hansen 09, Mers-
mann 14].

f name separ. multi. gl. structure
f3 Rastrigin high high strong
fa Biiche Rastrigin high high strong
fis Rastrigin none high strong
f1e Weierstrass none high medium
fi7  Schaffers F7 none high medium
fis Schaffers F7-1Il1 none high medium
f1o Griewank-Rosenbrock  none high strong
f20 Schwefel none medium  deceptive
fa1 Gallagher 101 none medium none
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fas Katsuura none high none
faa Bi-Rastrigin none high weak
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1: ™ (a) — (f) I&, BBOB benchmarks [Hansen 09] @ fis, fi6, f21, f22, f23, fo4 (D = 10) 2817 % FDC KTH 5. 25 ffFICBVTHRE
BORERZRO7RTICHE1) %, IPOP-CMA-ES IZ& > TAEKRI N E SIS T 24 ME R LTV 5. il o & REE b 0oa—-21)y
REFRE, Mefhid 2 OBAEMERT. 2, ROGAORIEZTNENERFMIEL = 10* x D, ROBRAFHEER = 102 x D IZB 12 fERE £, £/,

KD rppo fBIE 25 ITIZBEIT 2 reppe EDOHRETHS.

4. ER

4.1 FDC I[CTE DK< evolvability Ot

AFTIE 3.2 HiDFEBRFERIZOWTHRT L. ERTIE, Bk
P 102 x D & 10* x D TIREEIZ & > Tk rppe flins
RKELKERDGEDNH o7, FHIBIFEO DD, AT KIHH
W& %R HT D fie, fo1, foz, f2a WY, BAFHIERIZ = 10* x D (2
BWT IR rppe HERTEOD, HAFHIEE = 10° x D
TIEEW repe lBEZRLUTWAEZZETHD. i, HiHAEE
BEMEEBA M5 X 5N EIIR R EORE % LR
% ZENERRR— T, RO NAFHEEE L 252 5N WEGE
ISR E 0 IR T N TEI RN o 2720, MR
BOKBHEE DR E L Z T RN/ FEZbND. ZDEH
3B 1 ITRT, &BIO FDC M, KU rppe NS EIH S0
Thsd.

Garcia-Nieto & Alba &, FDC [Jones 95] Z{#H L T, &
K = 10* x D (251 % PSO OEREHEE LT3
[Garcia-Nieto 12]. SEERFEHE D S| il 2 1F single/multi funnel
2 HT BT rrpe PR MG R 2R Y, WY BI85
AZBZERMBHL 2 PSO 7T X LIE EXHHRETED Kk
BEBENHEICIRA D Z AT ED LRERDOTTVD. AR

2B B AR HEAMEE = 10 x D TO IPOP-CMA-ES O3
BiERY, TN EEOMEHAIZRL TS, UL, AGRXD
BRFHIEE = 107 x D 1281 2 EEREE R, IR 2m
D, RESBRDIERE o, 2, {6 F RS2 34T A 5k
T LW E TR % IKHPIZBEET D Z LA HEKRT, &
FR 280 U ER T 5 Z e SR o bR e B2 6N
5. ZD7=, FDC (2&D< evolvability OFEHTHSEEIE, BH
ATRE AR PR RO EICRELMKET D L VR 5.

4.2 Expensive Optimization Problem D7 ®
RYFI—VBABOBREMICOWVT

3.2 M2 TR UZ & DI, IPOP-CMA-ES I35 K ZTAM a1 4
=10? x D IZBWV T multi-funnel DFE23Z1F IR
UTWBEGED, BB > TEA SNz, ZOERIE, BIED
Ry FI—27+ v b Tk expensive optimization problem (Z
N HFEEEL SFHET IRV EEEZ RIZL TS, filR
I¥, multi-funnel {28133 EA DYEREFHD 72 DIZFEH I /-
multi-funnel B% [Lunacek 08] I, IR fR#ETAAY ] fE /42 5
BB 1 NS BHEND & D ITREfEE KD D 7-DIZ EA 138
BOBRDGEEZ\T 50, FHEREARS NS RIIZB VTR
ZODRY TH. D70, multi-funnel B#IZE 1S EA D
MERERTATI 2 L T2 D3 DAY, EEMIZIZH A S single-funnel



The 29th Annual Conference of the Japanese Society for Artificial Intelligence, 2015

BIEUCCRHEZ L TWDDEEDLRNENS Ze I Y
8%, TORR, FIHE A LFIEB 2 DR OVERKFHIEIEIZ S
IF % single-funnel BI# & multi-funnel BAEZ TEHli% U 7285
&, TFEAIFTFEB LA SREEO KIS 2GS
TR R BERERE %2R T ] &L L& 2 iim % g < Ay
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SO IEUWEREREM D 72 DIIE, IRD KD B AEHNE RS
nd:

1. le,fQQ,f24 7d: éf@u qJ['%o) .&: i:ﬁzﬂé evolvablhty
MWRINDEEE, XNV Fv—2 %y OSSR
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2. expensive optimization problem B DA % Fi 72 1Z3%
5.
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Mé%ﬁéNy%V—ﬁtvF#5%%Té’tfmﬁﬁwi
REMEZ BN T X 5. THIERAFHI 2 B < 2 DIZ i3 b i 475
HThd. (2) 1 omfilﬁﬁi&%@A7X& SE T Y
52LT, HhEREIIEBTETDHD. HlZIL, fos IE Lunacek
5 @ multi-funnel function generator [Lunacek 08], fa1, foo
1% Gallagher & Yuan M MSG function generator [Gallagher
06] LTS, b DEMMIMEDRE %2 HIET 2
TODEBDIINT AR EH/TL. DFEY, filfHl/NT A & % #Y]
IZHEE T E NI, DRV ERKFEMEIEZ 5 T E multi-funnel
DFEN EA OBRIIKMIND L5I12Rd e Bbhd. Zh
EHENDD Z LS HOBEL L TERINDS.

5. F&H
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MEREFH D 72 D12, Fk 2 BAR Y F I — 271y MWL DR
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LTWAETTHS. [HHTE LRI X > THEAT IV

T ZLDEEA R RRERII R R D 720, FERICHERT D
FEIR AN K D B RGN R D % E R & Idk ¥ < 872 5 /el
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tion (FDC) [Jones 95] & AWM 2. FEERFERN S| for, foo, foa
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7272, Yfgiﬁnﬁi@ﬁﬁﬁ@*ﬁiﬁ@?Z%%%U@ﬁ‘?f:@ff L&
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