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limited function evaluation

Abstract: There are quite a few real-world high computational problems with many variables. In the case
of this kind of problems, it is very difficult to optimize because the number of evaluations is strictly limited.
Therefore, an optimization algorithm considering the limited number of evaluations is strongly required.
However, the number of researches about such algorithms is very few. Under such a background, evolution-
ary computation competition 2017 was held for the purpose of developing optimization algorithm under the
limited number of evaluations. In this paper, we propose a new optimization algorithm, named Estimating
Search Area Based on Random Sampling (ESRS), which is specified for the problems with many variables
under the limited number of evaluations. ESRS is based on an idea of Estimation of Distribution Algorithm
(EDA) rather than Genetic Algorithm (GA) or Differential Evolution (DE) and designed for an efficient
search on many variable problems under small computational cost. The main features of ESRS are to control
a range of search space explicitly and to use a reproducing mechanism based on sampling within the limited
space like EDA. In order to verify the effectiveness of ESRS, some typical benchmark problems having dif-
ferent features were used for computational experiments. By comparing the performance between ESRS and
conventional methods, the usefulness of ESRS could be confirmed.
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[X| 1: Flowchart of the proposed method
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2: The comcept figure of extract fine evaluation individuals
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3: The comcept figure of estimate searching area
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5, M2 45RO K S ICHRIL TR AT E OB AL 7
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4: The comcept figure of updateVector

ZOEFR7 bAERNT, SEEER (3) ICitoTE
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EREHUTENT, Tegtimate 13 Stepd. IZBWTAERKR SN
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T, #EE L7 fEIN TARR S T B A SIS R Al OOt
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RERFIEOAYMEZBGEET 272012, W< O0ORER
b e F v — 7 B O THIEER 21T 72 &
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Rt g & T AMEF OB T L2 U X AZIK, DE ®
R TFEE LT CEC2013 X CEC2014 T W R MR
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W2 AW 2 A% 1L Extraction Population Size & 258 LT
W5,

4.3 EE1

FZER 1 T, ESRS LEEFEOT AT Y X AOVEREH#: 2
1795, #3CERKEATT. ERFEE) S, SHADE IZ
R ESRS BRAETHAHRERBELFRHHK. b
FERIZOWTELEEITH

BERZER O b E LIz b D2 X5 12T, BRERZEEAE
ROFTHEALIIARTRE TH B2, ZZ T T =) X
LB OEDBFEIZBNT f3 1285 21,20 OHDOFAL
175, K5 2T 00580, SHADE M EER
22K % b HIREL TR LT D Z L2 L, ESRS
TITRRERIC )2 0 OIRY 238 5. SHADE |38 4 81k
B DRBREYITHRR L, FORGXICEEREREZRD D
7= OICFHIEE A D 72 WA IZH E D BRI Tl e, —F
ESRS (3R 7 DRI R REIR O 0 IAB E 1T o
TN D O FHIEE AR E S N2 HA B W T b A EHE
~OEBRMERENSENTWS. T XL 0 EEL2ZRR & BT
L, WICRHEED BWHEICER LR N EHRTE TN
LHEEZD.

T, BRICBI D2EBEMOWREX.61277. X6 T
VAR SRR L, HEE S EEIE TH Y, SRERIT ESRS,
FE#RIX SHADE O f BOHB 2~ RHICH HEERH

# 2: Parameters of experiments

#Dimension 222
Max Function evaluation 30000
#Trial 25
Extraction Population Size 30
Population size 100

# 3: Comparison results of experiments by each algorithm

R Fv— 7 BRSNS 2 LT, T3 XADR ESRS SHApE fandom
Best 0 2398.13672 4301.34139
FAMEZ SN TOEREITH . EBRICAW =N F~—2 [ £ [ Med, 0 2581.24497 4529.48352
R 1ITRT. Ave. 0 2570.67883 4517.88910
Std. 0 63.89462 82.45257
4.2 RIERFE/INSA—4 Best 219.83133  300696.65951  1941082.04575
HET XA —Z T AEREAEICE S, £ T f2 | Med. 219.95749 392904.22554  2116626.76715
A A HFEIDOLIICRELE. BB, F2ICRT AT Avg. 220.00389 388489.76325  2122311.23567
R B N T AT DR ER 54T - -, VeSO Std. 0.15729 36354.15857 56082.65074
Best 40728.92976 63007.62438 79126.36379
f3 | Med. 80915.00934 64689.68973 81339.84865
# 1: Test Problems Avg. 69997.23138  64779.71812 81130.73848
Function modal dependency Std. 16731.21976 937.80276 929.52237
f1 | Rastrigin Function multimodal X Best 0 2620.16132 4249.23005
f2 | Rosenbrock Function unimodal o fa | Med. 0 2732.43978 4553.70692
f3 | Schwefel Function multimodal X Avg. 230.39054 2738.05025 4530.67390
fa | Rotated Rastrigin Function | multimodal o Std. 624.00628 55.52225 82.18881
(© 2018 Information Processing Society of Japan 4
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The result of ESRS The result of SHADE
5: The result of f3 design variable(z1,x2)
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6: Comparison of transition of best solution in each function
by each method

DI BEOHRE LT, HRFBENO BELMEELF
NTE, BB EHNERO 5N 5. SHADE (I22oW\W T
LREEHNIRO LN D0, ESRS 3R DIENIA
<, TRFFHOREN KDL OM LICHBRL TV D FR
D

44 RE2

EBR 2 TiE, ESRSIZHIT 2 ED AN = XA LBEREKITH
BN DWNT DT EIT S . FEBRANE L LT,

o PRERTHIROHERE D A (Estimate mechanism)

o W7 hLD I (UpdateVector mechanism)
D2FEHDIEREITY. BTN TV XLDR—R L35
LT VALY T T ThHY, HEETDRWES
TEHREZHD L TRENTT ¥ AICEEZRET .
¥72, 2% L LT ESRS OFEBRFR LT S.

K ACERBERETT. ERERND, HEA =X L
@ Median K " Average DERTEHXT hL A 1= X LT
ERBIF e lE R L, HEE A B =X AN RBITHRT 5 ERL
EDOENAD = AL THDZ Lotz

1. 21200 TC, HEEAN = AL LHHRT bV AT =
ALDOFERDPRES B D. FHAY ML AT =X AT
SHEEA D = A LDH N std BhE L, TATY ZLDE
EMEERLTND LV x D, —HORRIL SHADE L0 b
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BWHENS, HEA D= X LRREFEORE L /25T
DENNZD.

3 IZBNTIL, FEEHEE A = X LNEHRZ ML A S
S RARNZHDREREFLER LT, ZIUTERT VAT
ZXLNT B LY T PN L DRI — R TR0
TWNWD7btEZXD. OFV, fEMEE A = X LN HEE
I Z RE U CHRBE T 27O RARIZEH > T L E 9 FITxt
L, BH_T A AT = X LFEREMEREBIERTED
ZVZRITRICED SN T R CE L EDbNS.

KA N = A LORBREFROWBEZRK.7T 27T, HEAD
=R LFERRIFE D DR T £ TROEHIThiL T
DHFIZHKTL, BHAT MR T = X LIRS COMER
FUBED - TP TOIR. i, T F sty
TV T EMBEDETND=D, FIROMIII L TR
7 MADBEIER LTz & Bbn .

PLEDZ LD, EHRY M A D = X LNIERTHED
FOEIEERET, HEEA D= XL LHAEDEDHFET
ZOMRERETDAI=ALTHDLEVWZD. HEEAD
=R LN L o TR S T PREB Rk ISk L TR~ hv
ZHMATHET, WITHEHSITONEICE ORR & T
LT 52 L CHRERIENZMA EIETWHWDIEND, REE
OFRFHER E B Y OB A R THEAMER TE .

5. HbHYIZ

AFRSCTIE, WL < BRE SRR T IC k1T 5 24
BB o827 e —F L LTESRS ##2% L
oo MET NI Y XL ThH D ESRS IFHRHRZEM O HCHER
ARSI HEE L, RO EHERE RICRR T A ED
HHFT, BEBUNHMEER LB TRBEZERT D

# 4: Comparison results of experiments for each mechanisms

Estimate UpdateVector ESRS
Best 295.26701 2214.85071 0
f1 | Med. 369.73693 2539.20048 0
Avg. 376.49206 2566.99427 0
Std. 36.81771 188.74679 0
Best 866.52620 648.99464 219.83133
fo | Med. 1196.23128 207419.53806 219.95749
Avg. 1211.59462 192991.79216 220.00389
Std. 202.99996 101364.51893 0.15729
Best 81191.22531  79197.02751  40728.92976
fa | Med.  83128.09350 81111.04794 80915.00934
Avg. 82975.93718 81008.48209 69997.23138
Std. 749.58578 804.45341  16731.21976
Best 2180.01609 2272.56905 0
fa | Med. 2235.31978 2391.20805 0
Avg. 2240.5978 2433.12364 230.39054
Std. 39.59231 122.39471 624.00628

Estimate = Estimate mechanism

UpdateVector = UpdateVecgtor mechanism
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— Estimate Mechanism — Estimate Mechanism
— Updatevector Mechanism — Updatevector Mechanism
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7: Comparison of transition of best solution in each function

by each mechanism

TEEHFHEME LTS, BEFEBREZELEFOT LAY R
LEHET D2 LT, ESRS OFMEZRT & L bIg,
RITB T DB OFEMR 0 b e N - ERe & =" 370
ELLI.

IHORER, FRREIROHEE DL LR LA T 2 HmiE ki
BEIZXH L TAEN T VT Y XL THDHI ENDhot-. it
MDA w FHE L U T R RIE IR REMBIER TH H -
DA EEIRA~DIRPELS, ZEBD DT A RE S
NWTND LD RGRICHEVFEHRFETIEIRY. —FT
BRI Z S MO RN DHEET D LK, Dl
PRI CHRIRZEMIC BT A A IR A HEE, R TED
T EPHERTE .

SHORELE LT, FHEEENERICE 2 b 5E
DIRFEREN DIIHTe, DT LTV X EDORAEHEIC
DWTRET BN D, REFEIT/NFHEEE R BRI
THACIRERET D LI ST DD, LT
B2 BREE C b ARG DG EB Y OFIMEEZ R~ &%
ROV, F7o, ZFHEEERREICEWTS, A7 0T
UV XL ERBRDOERA = AL LTHNDZ T
BEFOT T Y XAOBREEGEE W ESE 570 ERRT L
na.
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