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1 [FLoIc

HE{LAIFE (Evolutionary Computation) [1] iXBROHEN LEEOBEZBA L-HEL XF LD
ETHY, TEROEBHRIFAFETIIAAT RVKREM CHMERREL AL D 0MREN 2 L b SR E sk
EEXONERENTV S, ZHITITHELAYEEE (Evolutionary Strategies;ES) , #{LW7u /5 I 7
(Evolutionary Programming;EP), Bz#)7 /L =Y X A (Genetic Algorithms;GA) & #EH 70 /S5 I
(Genetic Programming;GP) 72 ¥ 233 5.

ES 131965 FIHIER#E{LF i & LT Rechenberg & Schwefel 12 & W R &7 b D Th 5.EP i Fogel
LD 1965 FAHBKRBEROAN THENT 7o —F & LTRBEN, BICHEA S bEOKERELFE
ISRENDITE 7. GA L1975 4EIZ Holland 12 X W ESHBR T LT Y X0 L LTHRESNELDTH
%.GP i1 1987 ElZ Koza D LIPS ’u /5 h & LTREE W= bDTH DM, AEEREEIIHTE GA D
ISHERIRTZERTES,

I B ORBFELT ~TREEER (population) 2 AT 5 = & L EHKERZBR 5 (individual)
DEDERZRIZL Y, BEEBREL LD L TE5HDTHB.

ARSUIELHHEOT O EP IZoVWTRBT 2 b0 TH 5. LT 1 7T I o VI3 HTREOHLES H
b7 B EGERICH LRRER (mutation) LBRICEY, IVEOE VAL b OEGEMP RESE LS
ETHEMBRRETHS. ZhETIREENTVS EP 13 L LT Gaussian Mutation 2 & % CEP &
Cauchy Mutation IZ & % FEP Fi#:435H 5. Bi# 1% Gauss D ELE %, #%#12 Cauchy HHiELEE ZhEh
AL, BSRERIBEIC X LTI — B FEP OFREY TH S L SN T3 [2]. L LAans, B
LoTIHCEP OFR LY FTSNURBMEZTTZ L bHY, S OIZBRORRIZE > TRRIZEA S,
T DBLRM b Narihisa b 2002 FICEBIEITEKZ R 5887 0 /5 I (EEP) %
BRLE B ZHIZBEDIH DT A—F 2HET S Z L THRONHEE EH S HINEOBH RS IE - 7=
bOTHS. ZETORETIAME D/3F A —FHEITHT ITRBHEE BRI L 7228 [4)[5][6][7), i
/N7 A= S EZEHEAR (evolutionary generation) IZXHR L TEB & ¥ 5 5 EP FHEOE DI OVTR
AMTDbDTHS [8]9]. &biT, KD EP FEbED T, ARMBESFIZZ LR best-tuning 72/35 2 —
SEDOFERZHETRNT 5 Z L THKD EP TUERARE SN TWBRIE S A —F 52 L E LT
nsEEP # b# EEP FikL LTHRREL, 20N ETTLOTH S,

BEEBRL LT, ZOFFTEILMONERVFv— 7 BBICHES LR, »72 Y BEREAELHh T
W3,

2 REFEWHTOYTS=2Y (CEP)
Bick & Schwefel iZ& 3 EP D7 AT Y XAIZKRDEY TH 5.

Step 1: p DKL 22 MWHEFERDOLER, k=1 ¢33, FEEITELSS MOt (zsy03)¥; €
{1,2,..., 0}, =2 Lw; BB M, 0; 134 9 AT OMEHRESRY ML L+ 5.

Step 2: fACEHADOEMEE (2i,0:),V; € {1,2,...,p} TH L CHEELHET 3.
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Step 3: HMEE (€5,04),i =1,...,p (FE—DFFR (€;,0;) ZERTS. j=1,2,...,nIZHLT
di(j) = 0i(§)ezp{#N(0,1) + 7N;(0,1)} (21)
£i(§) = 2i(4) + 0i(§)N;(0,1) (2.2)

172 Uozi(4), 2:(5), 0:(4), 03(3) W7 WV @4, 5, 04, 0 D j-FSERDT.N(O, 1) B SN 1
KEERIKT, ZOEHIT 0, BEREIL 1 R0 TVB I L EFT. N;j(0,1) 13% j BICRET S
EREHEERL, = (V2v/n) L, 7= (V2n) "t LT 5.

Step 4: &Fk (;,04),V; € {1,2,...,u} DBSELZHETS.
Step 5: @ h—F A Y MBREZER L (2, 0:),(Fi, ) DFNDE p ERRL, KiEROBRLT5.
Step6: EIE&MEHEIEEL, £ Thithidk=k+1 & LT Step3 ~.

3 Cauchy 3L ZRAVV-#ENTOS S22 (FEP)

CEP Tl Gauss D21 5 EREEN(0,1) ZEA LI-RRER Y E X 7-0iZxt L T,FEP Tid Cauchy
DIICRES BB FERTS. FAZFEH LT 5 1 Kt Cauchy 277 DR BT

f(x,t):%-xz,tw,—oo<m<+oo,t>0 (3.1)
THY LIERT ARG A—=FTHB. ZhxtiET % Cauchy DB F(z,t) RO L 512725,
F(z,t) = % + %'arctan(%) (3.2)
L3> TC,[0,1] RE0—#kEL#Z y L TD L,

= t-tan{w(y - %)} (3.3)

L2y, ZOEEKE C0,t) TROT. RT—NR3FA—Ft=1& LIEEA C0,1) THY, KDL I
3.

IA
A

C(0,1)=tan{7r(a—%)},0 a1 (3.4)

FEP D7 L =Y X A% CEP @ Step 3 IZB1F 5= (2.2) DRV I
z3(§) = z:(4) + 0:(7)C;(0,1) (3.5)
ELEHLDOTHS.

4 HEEYEMSERW-#LEHNTOISTIUT (EEP)
EEP T3 A BN B E(0,)) 2AVWEEREREZERTIHOTHD. RTA—F ANDH
BHREND 1 RTORREEBELK f(z) X

flz) = %exp{—/\lazl}, -0 <z <+00, A>0 (4.1)

LLTHEZBNS. LERST, ZOFMCBNTEY Z =0, Fvar(z) = & L85, ZOZehb, T
ORFDOFEIT N WNZFTRELABKRE TN EL Y AMICEVHIHETTRETHSZ L ZRLTY
3. f(z) s L= B% F(z) 1T

_ lexpllz] z<0
Fl@) = { 1- zexp[—)\:c] z>0 (4.2)
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LLTEHERBNSE. Lo T[0,1] K TO—#kELEE y &T5L,
s d X2 y<3
-sIn{21-9)} y>3

TRASEDEAH T EQ0,)) TROENS. TOZEMND,E0,)) =1E(0,1) L7229 E0,1) 2L &Y
BZ LIk E(0,)\) Z3#HETE 5. EEP TiZ CEP @ Step3 IZBI} 5= (2.2) DRV I

(4.3)

z3(4) = z:(§) + 0:(§) E;(0, A) (4.4)
LLEVLDOTHAB.
ZDANDEELT, KRD2ZATH#EZS.
M=+ (22, (45)
A
Ap = Alempwn(ﬁ))g], (4.6)

A=) & L7ZEEP % linEEP, A\ = Ag & L7- EEP % expEEP & BEL. 772 L g i3ELHAR A, A 1T A
DYIHME, BAAE,C 2 IRE L T 5. & bIT,eapEEP I3 \T 0/(j) 268 L2V b D% nsEEP &
R bbb, R (21),2.2) ORI

z;(§) = z:(§) + E;(0,A) (4.7)
E; 0,2 = %Ej (0,1) exp[—ln(-i—f)%], (4.8)

LLELDOTHS. ELuw; X5 bNHED j RaOEERIRIT 5 AMBEL TTbNLTS. L
7R oTnsEEP D7 NV TY XAZIRO L H IS,

Step 1: p fEOEEN G2 2 OHEEEROER k=1 LT5. FEEIEHR~S b V; € {1,2,...,u},
72 L, IXEHE 7 bred 5.

Step 2: BEERADOEMBIE (x;),V; € {1,2,...,p} KL THEHEERFHETS.

Step 3: MK (x;)i=1,...,p I TB—DFFR L ZERTS. j=1,2,...,nIZHLT

Zi(4) = z:(4) + E;(0,A)
1272 Uyzi (), 2:(§) 27 MV @y, o @ j-RRAEERDT. E;(0,)) 134 j B RAT 5 HAEKILK
R
Step 4: HFH &V € {1,2,...,u} PESELHETS.
Step 5: q b—F A MBREEM L ,z;,0; OFN D u ERIRL, KitROR LT 5.
Step 6: BILEHEHTIEEL, £ TRITNEE=k+1 & LT Step3 ~.
5 MUERER
51 SEOHERROBEN

EP O BEIZBWTITHEIE/XT A —F o DR e DE,EEP {238V TiX Ay, A2 OEIZ K 0 T OISR EE
FRRS. ARRTIEIINODONRTA—FELX2HOMETEH ST, 520N RHBICEE L7 A—
FEEZFERATALTCLOBRERMEELZRM LELLEZMRETEIODOTHS. LedoT, HMBEICHL
(€, A1, A2) D 3 DD/3F A —F DA THELE B7-DICIF| 2 ¥ 2 —F Paragon XP/S15(296 == b)
FERLE.
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5.2 ERAME

EEP OIUREHEARINT B 712012, SEDORBRTHRE LB ZOSFTL<{mbnTWnEI XU F
< —7RET, R 15X TV BEEREHETHS. ZOFD fi~fo IZE—DRBFAEE > uni-modal
B TH Y, fr~f12 FEEORFMEE D multi-modal BETHS. Eic, ENUFv—/RBEICBITS S
X x; Oﬁﬁ,fmin IIREEMRTHD.

53 /NTA—2WE
BEERIIBITBZNRTA—FIIROLIICREL.
EHEROKE S ; p=100
b—F AV ML X ;9g=10
RS ; G=5000
€ (Dﬁ ; {e1=10"2,62 =1073,€e3 = 1074, = 105,65 = 1075, €6 = 1078}

linEEP & expEEP (23T
PIHME ; A\ ={& =1,£,=10.1,£3 = 0.05,§4 = 0.01,&; = 1078, ¢ = 104}
%%ﬁ P A= {771 =10, m = 20,773 = 50,174 = 100}

nsEEP 28\ T

PEME ; M ={& =5x10"%6=5x10"%¢& =5x1073,£, =5x 1072, =5 x 1071, & = 5.0,

& =5x 10, & = 5 x 102}

WHME ; Ay = {m =5,m2 =5 x 10%,13 =5 x 102,94 = 5 x 103,75 = 5 x 10%, 15 = 5 x 1010, 97 = 5 x 106,
ng = 5 x 1022}

BT A — & OHHME ; 0:(j) 5 [0,1] KR DO—HRELEK

5.4 FEREHEEMSE

EERIIBAEBIH DT A —F 2 EB S § 5 EEP OUURFE & B/ A —F &L D% EEP DI
WM SERMTH LD TH B, FRIC,CEP 8L WFEP IZ2WTH 5000 tH{E TORHEICHE TR
945, ZHiZ EEP & OMREHE LW I BN L X 52 L2035 ,CEP R° FEP I oW TOMRERRNE <
D BEESTRRIZ IV VT 1500 A2 2000 AT THO B DO TH Y, 5000 AL TOHDIFFERA ERVMLT
H3. BIXEFEP OF N CEP XD IF—RICEWEMEEZRTHOL ENTWASR, Z0Z Lik 1500 t#HdH
BT 2000 HERETORKMETH Y, TRLUBEDOLDIZOVWTIHFBALEREINTV WY, LALEERT
i 2000 tHRLARIZIVTIZ CEP OFRBRFLFERERTZ L LHARICR-oTWVS. ZhbDRERITESR
BYIZ Gauss 237 & Cauchy R OKFHMNLLBHEL I LDOTHS.

AER TONFREHEIF HRBICEBEOBEES 100runs OFHE L L THMEESE L. =2 Tk
BEECRIEE R Y 5 O TEMEN/NSWEEE LWRIBE WL S, ELOBRT, BIE T A —% o(j)
BRELVREZRET 2HAOERMEICEET b0 TH B |0(5)| = 0 ITELOBELEEZERTS. =D
REEBT B72DIZ,|0(f)| PTRZ € & L,|o(4)| < e THRITHHEIMIC |o(j)] = € & LTHEILZIEITE
3. SEOEBRTIIAREICHE L FTRIEIC SV T HRE L, kit COBISE 2 BRI+ 5.

6 REHBRLTOER

ERERITIR2, K3, R4DEY ThH 5. %213 linEEP DRIEAE, % 313 expEEP OBKMKAR, & 413 nsEEP
DEMRBETTLOTHD. K 2,3,4 1 (6, A1, A2) D best tuning IZBIT2EETLTWVWD. Zhhrbbh
5 X 512 CEP R FEP bRIREIC X ¥ € DEIZRA Y linEEP R expEEP TiX € i3208,\1, A2 DEIZTENZ
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NREROTEHBDLEROTVS. TENTNNEBERELZEALIZE EOMERLTWS. LWnEEP Ti 12 B
8 MIZHBWT CEP R FEP X 0 b RELRMARDOLNTRY, EOEHEER LTS, - expEEP
TiX 12 MF 10 MIiCWT CEP R FEP X Y REARMARD LN TEY, Zhb EEP OFMELZRLTY
5. ¥R, MOEEZRL T3 X 5 2REEA D best-tuning 7235 A — FERFELTWBZ L Ab
5. FFICR 4 IIERENRT A —F 72 LD nsEEP OFERETR L2 bDOTH B, @R M, A BBIRTE N
¥ CEP ®R° FEP LB L THREWICRERBEARD G TS, 52 12 BICBWTRERERRD b
BEIBNRTA—FERFELTVBZ LR bholz. 72, ZTRNETOERTREAHRRELLTVS
LEIZ N BRELEXTHRIERENRE L2 &, 2= — VBN L 5 ICELAE bE < BEEEn T
AEBREEZDZLICK o THRIBERENB EN o HEZ L0 D, MAPRRIENRT ZTHS 5 (LI
PoPHHY TII A DEDOED/NENE BB RARBENTERICRD LW HFNRTES. YDz
L5, expEEP DFAIL € 236 8\ 236 {8, 23 4 fHD 144 3E Y DFAAE L L, nsEEP TiX 8 x 8 D 64
BY OMEERRETFTTHLDOTHBZ M5 nsEEP OFBHEBRIIV 2L LTRERBEEZRD LN T
W5 Z L&Y, —%,CEP R FEP X2V Tid 6 i ) OME¥ OHERER Tdh 5 25, Intel(R)Pentium(R)4
CPU 3.2GHz 1.96GB RAM a1 ¥a—4% 1 B TZORMOMEL ML LIRET 3 &, BHMIC 1 BIDLE
IC 1200 #,nsEEP D EEEE /T A —5 o DIEE L2251 SDORMRRICKS 5 AR L o 300 HEE
THLZ Lh 5,5 2 O CEP,FEP iX 6 x 1200 = 7200 B3} L, nsEEP iZ 64 x 300 = 19200 & 725 T,
% 2.6 fEOLERMABETH DI LERLTND. AFLa—URT 4y DBEANLRB L, ZVRNR
SUERFR D o TH &L ) BHEORI RO bR D261, ZOFNEE LW & b b Y5835 biT T nsEEP
DEDHEPHFLEZI bDOLBbN3. HRAIZ,CEP R FEP 42 X O3k D EP Tit 5000 tH TNk 5
REORRITHERIRD N2V L, ZOMHEORBZ 2T THORTEEL Bbh3. £72K 2~4 DT A —
FELY, SEDX N ZEMBEIC L o TRERNT A—FEZEX RS TH N EREL HIBREOHE
NWCTEETIIRERME/I LB TEELEbh 3.
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% 1: TEST FUNCTION

Test function S fmin
fi(z) =38, 22 [—100,100]%° 0
fa(z) = B2, |z;| + 132, |4 [~10,10)3° 0
f3(z) =28,(T _1931) [-100, 100}%° 0
fa(z) = ma:z:la:,l 1<i<30 [—100, 100] 0
fs(z) = 2291[100(%“ —z2)? + (z; — 1)? [-30, 30]3° 0
fe(z) = 2301 (lz: +0.5))2 [—100, 100]30 0
f2(z) = X, izt + random|0, 1) [—1.28,1.28]3¢ 0
fo(z) = —=20 (:z:i sin (,/lz,.|) [~500,500]%° | —12569.5
fo(z) =3, [z? - 10 cos(21ra:,) +10] [-5.12,5.12]% 0
fro(z) = —20ezp( 24/ %3530, 22) — exp(35 53, cos2nz?) + 20 + e [—32,32]30 0
fu(z) = 2558,z 11301 cos (%) +1 [~600, 600]2° 0
2 —10, _1)2 2 —1)2
fi2(z) = Z{10sin (7ry,) + X725 (v — 1)*[1 + 10sin®(7yir1 + (v — 1)?} [—100, 100]%° 0
+30u(2:,10,100,4), v; =1+ L(z; + 1)
R 2: Final Solution of linEEP
f CEP FEP linEEP
€ f € f € A1 | A2 f

fi [|1076 12293 x 1077 || 1078 | 6.359 x 107 || 1078 [ 1073 | 10 | 2.7x10~4

f2 1078 [ 1.195x 1072 || 1078 | 5.406 x 1073 |[ 108 | 0.05 | 10 | 9.531 x 108

fz | 1072 6.165 10-8 31.09 1072|1072 | 10 | 2.081 x 10~2
fo || 1072 3.832x 1072 1078 | 6.167 x 1072 | 1072 | 1072 | 10 | 3.882 x 10~3
fs || 1074 101.8 10-8 83.56 10=¢| 107! | 10 44.04

fe || 1072 1.424 10— 0.7002 10~* | 0.05 | 10 0

fr || 107 6.587 x 1072 || 1078 | 6.072x 1072 || 1072 | 0.05 | 10 | 1.923x~2
fs || 1074 —7637.8 1074 | —12560.6 10-% | 0.05 | 10 —10900

fo || 1074 12.509 10-8 0.208 10-8 | 0.05 | 10 17.97

fio || 1074 2.039 10~8 [ 4.590 x 1073 || 104 |10~'| 10| 1.154 x 10—*

fi1 | 1072 | 4105 x 1072 || 1076 | 1.013 x 10~2 || 10~2 | 10~* | 10 | 1.125 x 10~2

fiz || 1078 0.1630 1076 | 5.058 x 10~* || 1078 | 0.05 | 10 | 6.532 x 102
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% 3: Final Solution of expEEP

f CEP FEP ezpEEP

€ f € f € A1 | A f
fi || 107¢ | 2.293 x 1077 {| 108 | 6.359 x 10~ || 106 | 0.05 | 100 | 9.2 x 104
fo [ 1078 | 1.195 x 1073 || 108 | 5.406 x 1072 || 1078 | 1.0 | 100 | 1.195 x 1078
fs || 1072 6.165 10~8 31.09 1072 | 1.0 | 100 | 1.190 x 102
fi || 1072 | 3.832 x 10~2 || 1078 | 6.167 x 10~2 || 10~2 | 0.05 | 100 | 7.737 x 104
fs || 104 101.8 10~ 83.56 1072 | 1.0 | 100 75.28
fe | 1072 1.424 10-6 0.7002 1072 | 1.0 | 100 0
fr || 107* | 6.587 x 102 | 10-® | 6.072x 1072 | 102 | 1.0 | 100 | 1.894 x 102
fs || 107* —7637.8 10— —12560.6 1074 107* | 20 —12565.9
fo |l 1074 12.509 10-8 0.2082 10~8 | 0.05 | 10 5.522
fio || 1074 2.039 10~8 | 4.590 x 1073 |{ 1078 | 0.05 | 100 | 3.771 x 10~7
fi1 || 1072 | 4.105 x 1072 1076 [ 1.013x1072 | 1072 | 1.0 | 100 | 1.284 x 102
fiz || 1078 0.1630 107% | 5.058 x 10~ || 102 [ 10~* | 20 | 1.081 x 10~5

3 4: Final Solution of nsEEP
f CEP FEP nsEEP

€ f € f A1 A2 f
fi | 1076 | 2.293 x 10-7 || 108 | 6.359 x 10~ 5.0 5x10%22 | 7.9%x10~44
f2 || 1078 | 1.195 x 103 || 1078 | 5.406 x 10~3 50 |5x10%2 | 1.223x10~2%
fs || 1072 6.165 10-8 31.09 5x10! | 5x10* | 1.280%x10~7
fs [ 1072 | 3.832 x 1072 || 1078 | 6.167 x 1072 5.0 5x10%2 | 1.305x 1022
fs || 1074 101.8 1078 83.56 50 | 5x10? 46.86
fo | 1072 1.424 106 |  0.7002 5x101 | 5x10% | O(6s7generation)
fr || 107* | 6.587 x 1072 || 1078 { 6.072 x 1072 5.0 5x10% | 5.109%x10~3
fs || 104 —7637.8 104 —12560.6 5x10~3 | 5x101° —12569.4
fo || 1074 12.509 10-8 0.2082 5x10~4 | 5x10¢ | 7.827x10~®
fio || 107% 2.039 10~8 | 4.590 x 1073 || 5x10~1 | 5x10'6 | 1.715%10~7
fu || 1072 | 4.105 x 102 1076 1.013 x 102 || 5x10~! | 5x10* | 3.203%x10~3
fiz || 1078 |  0.1630 10-6 [ 5058 x 1074 || 5.0 | 5x10% | O(zs34generation)
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Efficiency of new Exponential Evolutionary Programming
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The term evolutionary computing refers to the study of the foundation and applications of certain
heuristic technigues and based on the principles of natural evolution;thus the aim of designing evolutionary
algorithms is to mimie some of the processes taking place in natural evolution. These algorithms are
classified into three main categories,depending more on historical development than on major functional
techniques. In fact,their biological basis is essentially the same.

These algorithms contain evolutionary programming(;EP),evolutionary stratefies(;ES),genetic algo-
rithms(;GA) and genetic programming(;GP).

An evolutionary algorithm(;EA) is an iterative and stochsstic process that operates on a set of in-
dividuals(called population). Each individual represents a potential solution to the problem being
solved.Initially, the population is randomly generated. Every indovidual in the population is assigned, by
means of a fitness function, a mesures of its goodness with respect to the problem under consideration,
which guides the search.

Evolutionary Programming is one of main branch of of evolutionary computation which mimic biological
evolution and natural selections. The main feature of Evolutionary programming is that evolution process
uses only mutation operator. This property can be considered to be easily applicable to miscellaneous
type optimization problems. Originally, this evolutionary programming is proposed by D.B.Fogel. Later,
Yao et al modified this as fast evolutionary programming(FEP) by using Cauchy mutation instead of
Gaussian mutation.

In 2002, Narihisa proposed exponential evolutionary programming (EEP) by using double exponential
mutation. This EEP aims efficient evolving process by controlling step length of optimization. In these
years, the efficiency of EEP has reported for function optimization problems. Almost existing evolutionary
programming use strategy parameter for sake of self-adaptiviness.

In-this paper, we propose new evolutionary programmings by using double exponential distribution
parameter A varying with evolutionary generation. The experimental results show excellent high qualty
solution on applying to function optimization problems.



