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Abstract  As a kind of Neural network training method which is different from stochastic gradient
descent, neuroevolution has become an important branch in the field of machine learning
research. How to design a better evolutionary strategy and explore new type of neural network
weights of the neuroevolutionary method is one of the hot issues of current research. In this paper,
an evolutionary method of shallow layer neural network based on improved coyote optimization

algorithm is proposed. By introducing the method of adaptive weighting factor and chaos perturbation,
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the traditional coyotes optimization algorithm is improved from two aspects of convergence speed
and optimization ability. Secondly, the improved coyote optimization algorithm is adopted as the
neural evolution strategy, which is integrated into the neural evolution process of the shallow
neural network. Taking BP neural network as an example, a new updating method of BP neural
network weight and threshold optimization is constructed. Finally, several representative data
sets in UCI standard database are used to verify the effectiveness of the algorithm. Experimental
results show that: The evolutionary strategy of improved coyote optimization algorithm gives full
play to the global optimization ability of heuristic optimization algorithm in the parameter space of
BP neural network, approximates the optimal solution quickly. The BP neural network that after
neural evolution shows excellent performance in classification tasks, the feasibility and effectiveness
of the improved coyote optimization algorithm as a new neural evolutionary strategy are fully
verified. The research results in this paper enrich and expand the research content in the field of

neuroevolution and provide an important reference for building a new machine learning toolbox

with neuroevolution as the main body.

Keywords

BP neural network

1 5]

T

X T — S 3 7 T AL AR A 2 B 9T SR Y A T
BB M 4 T e T AR — IR .
2 34k (NeuroEvolution) ™ f Sy — i 1] i i 16 55 12
FI 3l A S 28 T 2% fi 35 5 20 A 1 b 2 R 2 S A
7RI TR W KR B sk
i FEAIEFE R B TR X T2 A 2 M 48T
> 3 R S BR b S0 AR R L ) ) R g AR TR R A
2 W 45 (1 # 22 AL BF 5% de IR A Miller 28 AP 19
TAE. KT M U ZRACEE 1 7] 21, Miller 41 Hi i 22 3
A7 s B BRUE T2 2] 5 85 0 T 55 1) 3% 45 AU 4 Ak
AR E AR 2% U 2 AR L a6 T B 3 R 4 R
R R AR BUE AT 2 )R T8 S8 PR R AR
PEOCAG IR R T W) 45 A E [R) A, 3k A T 56 T4 )2
BRI ZRB T T SR B A S A Bk 1. Uber #1283
A5 BT 1) o 0T BOF 5 1 S 2 BT i D Ak O s
(Evolutionary Strategy , ES) i fL 1 £ W 4% , GE % ik 3],
L 28 O {0 B AL BE T % (Stochastic Gradient
Descent, SGD) 4G At 5. IRt Q] 155 31 56 4 18 32k
PR L R 2R B b 28 0 28 AR A T i )k 1 2 i
Bl I WIS AT A The Y OC B RL 22 [ i 2 —.

Pz R AL rh Y P A ) B Y i AR R RS R
BRAh 5 e Al ) B — FF  BAT AR M R B R
M AT R A A SR R A AL G Ay

coyote optimization algorithm; adaptive influence weight; chaos; neuroevolution;

AL T B BT B 04 07 15 38 1 24 Ak [ K A
Ry it R 2 AR AR IR, R DA A 2 O 15 S M JT R K
SRR L B, OB A CACOY Y LA
TWEREFA CABO MY | V8 B0 & BAN R IR g A&
S (BAOMY i K |7 E A 575 (DE)Y ik il
Bk (FAOM 6 8 8 55 1 (FPAOM™ TR R 553k
(GW)O!M R T #E B B (PSOY S e ML A8 &R
BLEE (SO 5 3 R V& 48 R 3 1k (VCS)H*) Finfgi
RALT I (WOA) Y & 3L F {5 A 2= oo kN E
BAS T b — RS AT 0 4 Jm SR R O R
A3 AR &SRR RE P AR R R i R
S5 BT 16 -5 20 S8 1] A B 5 56 R L AR HE]
(18 B D A Sy J P A A o G 4 Ry BB PR B g 22 5 TR
B AR5 1 1] 42 Jm) 000 B Ok A5 20 9 R A0 AS ) L 38 R )
g AR 5 B i R AP PERE L ) T S B AR A
AR B2 4 R TR S SR AR B Tz .

REARE AL B 32T (COA) /& Pierezan F 2018 4E
FE Pit WC 2 H 1 RB AR A= A7 AR (4 S ik T AR 5%
i —Fp TR i 8 ae 05 AR UL . 5 Bk
HAh TR & 3 A H . COA B A M s 1 5 3 45
i 25 0 A A i B R R 5 T & 14 SF- i B i
THIBLE. AR R A A T RE R L A S IR T S
LI H G T, EEME COA ERFFRE £
B 1 TR B A SRR R B T T e e ke R R i
. HERZ IO KA B LD RAE TR R
M RE. COA $2& M i I 1] 45 4, H R IE AL F 58 36 #l



1202 it "

2021 4

KRV BE T AR W SO B R 4 S 8 R AR 5F
I AFTE A R T 25 8] {H H b 4 14 5305 25 4 S
2 AR AL T — b4 Y A Al SR B R i

R T ST b R HE COA TE fif U 52 2% A0 Ak Ta) 8L 5
THT )1 B D0 34, K X AR Aol B 0k AR 10 F Ak SR g 51 A
B VR 2 bl 22 ) 45 00 B8 AR AR 2 AR SR
T B T Bk R AR G AR 55 25 (Improving Coyote
Opimizaion Algorithm, ICOA) [i{) ¥ JZ # 25 [’ 2% 3F
e 77 1% ICOA K5 [ 38 B 52 Wi AN EE A 3l 2538 D0 4 3h
BL 5 1A BIZEAR P A 1) i Al 3 72 i O B A B AR
ANV 3G 0 8 3 75 e A PR R Sk AR R R
AR 21 ARRB AR Y 52 o A B8 o 50k A 2k AU W BB A%
PEAT BORS Al ) JR R T A 5 bR i S50 2 5 e o A D
T A B FEE 51 AR TG AL S AL 4 2 i A o5 22 7
PR i i A A AR W E AN Tent S, & [ 1Y
B A 2 TR AR IO B 22 RS ol 53005 10 42 Sy 19
KA IR AF M OR 5 T AR 2 AR B
LS AR W] T ICOA HAT H 47 1 Js 3 T & Bk
JIRA RS ARG AR T U B R UL AR A b AR
SO ICOA ARy il 28 AL SR W il A 31 1R 2 i 28
it P R R T —Fh 2R BP M2 W 4%
AE B {E 5 5 7 B (Improving Coyote Opimizaion
Algorithm Back-Propagation, ICOABP) , #t — 119
B 52 86 45 9 W] ICOABP 358 i T BP #1221
KryiAe, fad M 2 gL e 1) BP #2285 A 03 28
Pl RS R I 7L M RE , R0 Bk 1
ICOA VR Ay i 28 3 A SR Wt 19 A A7 M R 01k

2 WIRMLUEZE

SRR A T 05 308 e A ADUSRAR AE 1 FRO VAE AL
SETH RS IT AR AL 2 1 Bl o2 U AR AR . BRI
PP AP 1R BB BRI

Stepl. COA RIEF R 00 N, €EN" A7
TEAN N €N ANRRRARLEE ¢ mh2058 p DIRFEM
e AIBIRAIAE 2R (R

SOcC. :x:(Il 9129"'711}) (l)

X, D R 2 MR JOR W) R fe At 2 RS2
0 3o 7 9 2% 23 ) A R SEAR 956 5 A (E R BE AL
BE B -
soct ! =1b;+r; « (ub;—1b;) (2)
b, 16, 53 RN AEBUE R B R
L0, 1 I3 Fil 9 i B AL 52 5.
Step2. A 50 A0 AR #4311 JEE

ISR

TR IE R

| CmasciEs |

| smA AR |

T

K1 ARG AL B s
fit?'= f(soc”") 3
Step3. HEMA Bl 2.
(1) & SCYHTRRARFEA SRR «
alpha®' = {soc”"| arge—(1.2..N, | min f(soc”")} (4)

(2) ZRARFE AL T3

(')1:;‘1 Dy N &5
AL
- Pt — .t st
cult! ()g _‘_OP(LH)_, (5)
2 2 2 - s ;H\:{m

Ao O 0 Sy o w20 p BT AT R IRAE N,y 75
BT S 5 2 B R AL SR k.
(3) ZBARAE Hh 20 AR A A i 7 B2 L A 3153
D I AR Hv 19 20 R A 1A 7y BB
SRR B RBAR A A 32 Sk AR VHEAAR Y 52 3 531 Sy
0138 s BPIR M RTAL SR ES
o1 =alpha’' —socf,flf Oy =cult”! —socf,’; (6)
new_soc”' =soc”' +r, 5 Fr, ¢ 0, D)
A F o B L0, 12 0] A BEHLEL.
@ BT AR AR A A3 I B
new_fit"" = f(new_soc”") (8)
() I AT AR i oL
AR A3 N RE ) HE TR AR AL S RS A
FOIH B 5 o PO e B AR A
Jnew_socf" . new_fit!" < fith"
Isocf'f , HAh
(4) 1055 A AE A 1Y 2R FIBE T,
COA Firh, By B2 (PO FI R BRI A (P,
S R AR A A 1 SCA 22 RE B AR AR Y S A
-

pott1l
.

9

SOcC



6 XA BT OISR AR AU A T I 1 ER R A R A T 1 1203

pP.=1/D, P,=(1—P,)/2 (10)
JSOC'//J’TV , rnd; <P, or j=j,

pupl socf,’y_)’_l , rnd; > P,+ P, or j=j, (11)
le : HoA

A E L omy B ma 2 5 p DRBERYBEHLRR IR . 5 X
G o P BEPLAE R, R, S SR AE RS 5 4ERY
BT A NRIBENLEL rnd; 0,1 TN R BEHLEL.

BAE w 275 24 1 4l A A7 58 J7 5 TR
IZBAR s o AR HERE AR I B . 4 w0 T I R I o
HVEE o KT 1. W4 EAFTE B b — 3B IR
BUE AR I R R RBARAE T s AR Bl 4l AT T

Stepd. HEAAIT.

B RBAR B BE L 53 TE 2 HE SR AR AR b, {EA i
23 I R AR 7 DAy AITCAR B3 A A S R R AR 5 T 5
ZHAL R R P,

P, = 0. 005N’ (12>

AR YE T 89K 8 1Y RBAR AL

Step5. HLHTARAR (445 i . AU A™ 1A Bl 1F ) 7% 4
B T A 2o 2 S X6 A AR A % 2R A7

Step6. £ (R AFHIFIE.

A2 R DU A N BE T e G A R R 5 5 )
i 0] Step3 4k 22 AT,

3 ETHEREAIVBEERRM
MEMRRLUEZ

3.1 PIRMUE ERI B

T COA TESRIE my W SIGH B2 FD 22 Jmy 14 R g
S5 77 IR A7 AE B BRI T 25 6] A SO COA AT
TG s 2 A T Aok R R X KB AR AR TR I A S R
SN ACE o DA AR B S A LR A Xob XIS A 19 5 i) 2 7
SRAEAFPRER R R RE S R TSR R 2
FEME BIAEET Tent B VR ML Zh 48 4E & T
I ZERARBER L (A5 B eI 42 Jm -1 AR ) 1G5k ik
B ARG AR R S B R AN R
30101 [ N s AN EE AL A

COA BLEAER AR AT g i 20 7 kR 5
TR 25 A DR 1) LR 52 i 55 490 92 o B A R ) B
2T EE R S B R A e T A A SRR
W RE AL B A R IR, B8 T % BRI KR
AR B2 S AR FAARE (A 1 19 22 Ak 8 4 I o SR RB AR Bk
Jai F e L A2 L 51 B 3 W R A TR - w s
Hrd D BSCh

new_soc”' =soc”" +w e+ 5+ (1—w) * 5 (13)

P R RBAR AL 2 IR 285 10 52 el AL EEL.
TE 52 bR kA i B v SR 2 — A Sy R R
8 £E i A A i ) TS0 I B BRI 1] 5 Sk AR A 7 1)
HEAL B SE  535 T Sk AR R W) 5 BE A IR 18] 3% SRR 2
W g 2 i) T A A R ZARFERE AR A KRB R
BN Ry T R AT 5 SRR AR A T AR Y S B
PE, SRy 1A 5 1 42 JR 1 R R ) AR R T K fiE
J1 58 X w B« 7] 227 /AR 52 31 Sk R 8 A4
i K+ 32 B SCAR A T D /0 » 50 O O AT L3R v B
LR 2R AR RE 5 J5 1 388 2 R 52 31 Sk R A 3C
PR 55 /N IR AR B BRI it /1 o A IS A W £ 3 )
WA & GE 75 PR BE RN L B B 3 FhORCEE 7 kUYL 4y
79l Jhg % e 338 DR W SR L A R a3 R T AN R L R

T o 328 DR MR AR L E (090
w1 (B) = W = (Wit — Wend )R/ Tine  (14)

(CUsum T Wend )
- . 15
Ok T — (k) T 1>

ws (k) = Wi — (@utare — @ena) (k) Tinix)® (16)
s o B UG 5 WAL T coena K B R ) AL L &
55T 73 0 R 25 I e R AR — R woer =
0.9 5 waa=0. 4 Bt HE LM RER L.

3.1.2 AR I HLH
SRARFOARE 1 T HEAE R AL S R T IR AR
18 5E HYHEAL AL 32 BIL K 2 108 T 1A K o [ 5 0
— R E I IR REA A AT 2 2 R K B
R DRAZ ) R, A SCTE R A A TR A S5 DA — 5 1 451
MEARTEFENEH S| AL T Tent WA A TR MR S HL .
TSR AL, 4800 H Fb R b Y a5 22 JE AR
P R ETEVEE A IR E T 5 2 HII OO ATl 2
FROER T r. p BEad IR TEEAE, &0 p $FT TR T 44
VE 3 2% IR B A 50 2 2 R i R 5 R T8 R AR )R]
BB r LA IRE KT r AR

w32 (k) = Wsstart

k
= Fox — s = T 17
r rmax ( rmax rmm ) Tn‘a ( )

A AR SRR (34 TG 221 128 DA B J B L B 7 =
0. 9 7w = 0. 4. SIEIEACHIIY] o+ (K, T DUARIE S
LR R 25 AU 3 0 E T /0N SR T
TR Bl 9 AT BRI 0. DT 38G 0 T FhHE F) 22 R4
P TIRER 2R R

ST ERMALH 5 ATRIE 0 R 1 AEAR R G
iR AT REORIE R R 22 R W R B AT BE DL L3l
D R A TR 2 i A [ A O R SR B
AL W A i AN [8]  fie 3 WL B HR i e 31 O Logistic



1204 it "

Hl

Y,
&

i 2021 4F

A1 Tent WS AR 4 SCHK[35 145 i 5 2 A1 LE & /1
I ¥ S SR g AR SR Tent
WS, Tent BRI SRR K 32 mie . R (18) 15 2241
MBS G EI R R ADWT

21:1 ’ x, € [O’O 5]

Lyr1 — (18)
21— 2, 2, € (0.5,1]

2,1 = (2x,)mod1 (19

R TR B e R p p S
SL p HEHR A A soc ' 5 Tent I AR 2, 19—
— Xt B AR L BRI (200 S L wb, (10, 53 ) 3R s A
B dEM LR 2, G Tent BSR4 5 (14 %) B
A A8 B A AD AT IRAL, 7 AR IR
Fe g 223K (2 1) W 3] JUfife 2 [ o B 2877 e — A Y
TR e 22 HEIR p.

soct —1b;
Ii.]‘—my]—(l,z, . D) (20)
new_soc! | =soc!"! +M(21‘;,] (m)—1) (2D
3. 1.3 kA
ICOA iR I F

HSEMHEI D lu NN, .nfevalMAX
3& N BE R B f(soc") ysoc? = (soc) s+ ysoc’p) T
WG AL FRHE soc
H S Coc? TR RRAR soct (138 I A 1
WHILE (:<<nfevalMAX)
year=year—+1
FOR p=1:N,
FOR i=1:N,
DTG E SRR alpha BFEH S H: cult
e JE 20 (6D T 58 3 R FURE R 119 52 i) KU1 00 Al o
MR 20 (13) R 2k (14) ~ (16) X 24 Fi 55 IR o 47 5
B KT E BB S RIAR AR . DR B B RB AR
END i
END p
ok AE HAET
B RAS AT
IF (rand O >r)
R Y F I ZREAR pac 5t p BEP A ZBAR soc!
K soc” VAW 7 TR D B 568 7™ A5 B R0 AR 21 B R
AR new_soc’ BB I 22 B 4K p

END IF

GHE R

TR T A A AT 0 A T A R
END WHILE

3.2 fRIUCMERESSIE T

MRS 3. 1.1 5 3 A AS W] 1 32 ek A 2 5 3k
(XA, (15) . (16)) . 45 B S BRI S HLH] 7T
ICOA #:43% COAL,COA2 Fl COA3 = Fh7s 4 ,

K 24 {3 A B PSO A ek 55 3 HFPSOYY K&
5 COA A4 42 /) FSAVT BEAE 5t e a ik h
T PR ICOA M:fE ¥ 6 Flr 4 IEEE CEC20131
[ 7 A~ 22 2 o RLI pR B b X B AT T PR RE L
DL B8 I ok 1 95 ICOA | ] 47 P FI AT k. 7 4
FH V0 K R R PR RS 4 B L RER DX TE) A AE R LR 1
FoR. Forr, fi~ f N B R B f1~ f1 o Z IR R AL
B 2R et I B fiRin il 2 4 2 % R
B, AR B AR W, fs A 2 A Ry BB AR (1
Py DR 0L o 3 8% R 50 1 SR AR M B R L AR A T
SRR SR R e ) N T g

*1 EERBER
D
Bent Cirgar firlo) =t +100 > & [—100,100]
D
Schwefel01 folo=(D)x:)"s a=vn [—100.,100]
i=1
D
Sum Squares f3(x) :E 1'1';2 [—5.12,5.12]
i=1

2

‘ D D -
]1(1)—;m*171c0s<f>+1 [—600,600]

Griewank

Rastrigin

D
[ () =10D+> [ —10cos(2xa)] [—5.12.5.12]
i=1

fe(x)=—20%exp (_ 0.

Ackley . =00 [-s2.s2)
1
—exp ( = >, cos(2nx;)
(72 )
D/4
fr(o=> [z, +10x, D> +5(x, —

i=1

Powell [—4.,5]

) (a2, D'+
10Cx,, ,—x,)"]

% B 1 U [ 7 b AR AR, B L0 1 L B
ANFREPAEECR R N =10, Bl BE K /N popsize=
N, X N, =100, kL 1k 2R nfeval MAX =
10000 X D, S fRAIE 52 56 19 2 F- 1 5 % WPk 45 530k
% D=10.D=30 il D="70 ¥~y #E4T 30 KL L,
FEIHE 30 YL 1Y - 24 45 A L 10 sk I UG e N R R
W SOR AR Oy dc 25 S 3 4

(1) 3 2 SR E5 R ot

2 4t PR UG BRI 30 IR S 11 OF X 45 2R
2R MR 2 P EARSE R T LLE 3 b
HERE R SAEBR T RRE S0 S5 F S ISR 4 AT e
¥ ELICOA (9 3 Fp s COAL,COA2,COA3 (1) 5
RHEREXT H COA BRI T 54 r B i, 3 Fh 44
2 1 SR B e T COAL T H COAS 7531 1
R, FERE £ . fs B COAL 5 COA2 153



6

k]

X

JAE T I RR AR A AR B B R A e AL T ik T

1205

R 2 MHAIEEEER 10 MREHMEEERILER

o D—10 D—=30 D=170
W TR g B omiew SL miw Sl
COA 1.31E—06 909 2.86E—07 2727 2.92E—07 6363
COAl 5.20E—19 909 7.87E—23 2727 1.10E—23 6362

© COA2 1.46E—17 909 8.71E—22 2727 8.06E—23 6363
' cons 0 90 0 207 0 267
HFPSO 4.88E—08 909 2.0E+01 2727 1.01E+01 6363
FSA 1.02E—03 223 0 286 0 383
COA  3.70E—20 909 3.61E—19 2727 5.30E—19 6363
COA1 3.01E—42 909 1.63E—49 2727 3.80E—51 6363

© COA2 4.51E—40 909 4.53E—48 2727 3.43E—49 6363
T cons 0 85 0 204 0 246
HFPSO 8.23E—24 909 5.32E—13 2727 0.53E—03 6363
FSA 0 120 0 280 0 320
COA  8.71E—14 909 1.54E—14 2727 6.89E—14 6363
COA1 3.80E—26 909 6.17E—30 2727 7.17E—31 6363

. COA2 3.75E—25 909 4.57E—29 2727 1.07E—29 6363
5 cons 0 116 0 155 0 409
HFPSO 1.98E—15 909 2.28E—08 2727 3.05E—05 6363
FSA 0 224 0 321 0 412
COA 1.88E—03 909 4.78E—12 2727 1.23E—03 6363
COA1 1.45E—02 909 2.46E—03 2255 1.73E—03 4137

~ COA2 1.98E—02 909 0 1798 2. 71E—03 3919
T cons 0 121 0 134 0 460
HFPSO 8.78E—02 909 1.37E—02 2727 7.98E—03 6363
FSA 0.43 908 1.02 2684  6.70 6281
COA 8. 19E—08 908 9.95E—02 2726 5.13E—01 6363
COA1 1.99E—01 727 9.28E—00 2727 6.43E+01 4819

© COA2 5.50E—01 907 1.22E-+01 2727 7.98E-+01 5046
55 cons 0 141 0 183 0 231
HFPSO 4.17E400 909 3.93E-+01 2727 1.38E-02 6363
FSA 1.13E+01 872 6.37E+01 2678 1.01E+02 6274
COA 1.98E—06 909 1.91E—06 2727 2.55E—05 6363
COAl 1.20E—12 909  11.07 2670  17.90 3440

© COA2 3.62E—12 909  11.94 2707  19.72 2022
f0 COA3 8.88E—16 142 8.88E—16 230 8.8SE—16 266
HFPSO 8.18E—08 909 5.81E—05 2727 1.64E—03 6363
FSA 0.99 901 1.83 2622 3.25 5923
COA  2.04E—09 907 3.75E—04 2725 L 57E—02 6363
COAl 3.82E—12 909 3.41E—05 2723 3.65E—03 6363

© COA2 8.94E—12 908 6.89E—05 2727 4.44E—03 6363
I cons 0 133 0 152 0 218
HFPSO 1.45E—05 909 3.42E—03 2727 1.34E—01 6363
FSA  7.72E—01 908 3.46 2391 3.47E+01 6344

1) f DL B B SR AN LT COALE & T HFPSO
5 FSA; 75 Bl 5 %k F FSA [a] COA3 13k 3| 7 il
T2 BRI AU BEE Jo O il L AP FSA 35 21 S At ik 1) o 5
59T COA3, Hi T2 R A 24 R R n
KB FSA 78 2 06003 oA B 1 300 1 BB A AT
e COAS FE R i BE DL S B Ve BEAR AL T FSA.
PEAh B — AR B G B0 T - COA 1 T K
J3E B A A 3 0 R R AN ) T A R S T
Bl 2 B 10 EFFE] 70, COA W) F- UK BEBRAL T
U 13 45 8K . COA3 1) T 1K B Bifl 5 4 )3 1% K5t
EES N O SR N QIER VS S8 o) W RN = B BL N oy 11923

I A 3 AR B SR A 38 K (EG RO F RN ] i i L i
SAGHFE R BB S T B 7 NI R BT, COAS
7E Jir A R AL 2k ARER A B T 2 R AL B BR
TRREL S WK BEAE A1 L LA e O A 18 D oR B B S
AL 5 7] Bf o WL 5 3% v B0 40 m) 0 COAS3 ig S50 Ji2 %)
It COAL,COA2 HUH s AR 4E TR , COA 1E 3K 3| B
KA U BT 2 oK 35 ) H S B A R 1 COAS B g
FE A5 B B R RS RSB0 A5 2] T R B0 2R
AL X BHH COA3 HAg W41 J5 B 48 & 66 11 LA
T e R WL S50 2 5 95 1L 43 A7 - COAS 1) TR P A
23 R A AR 4 BE 1 A8 AR T AR ICOA B 3 Ffr il ik
i COA1,COA2,COA3 1 ,COA3 H.LJ 5 P iy 3
JE W S8 38 A P KG BE ) R SR T 1Ry L i COA3 B T 47
i SR RE.

Xof e AL EE B2 (14) L (15) F1 (16D, an &l 2
IR E SR B KA H 0warn = 0. 44 0ed = 0. 9,
18 A A AR R SE AR IR £ AR T = 300, YA B R
N (k) i=1,2,3, B 3 Ff 52 Uk A Ty 2% 19 45 1k il
2. T LA 16) B ws 19 T M3 R 218, il 75
COAS3 i T R 2 A A B 748 Ak ae B i s B ) B A
e B {1 [, R 0, COA3 9 54 o MR 650 1 g 4
§$¢t295354ti%§§‘

o~ A (14)
Lo\ —— K@) ||
X (16) |]

*X;ﬁ{ﬁ
7

150 2(;0 I;OO
IR EL
K2 AT AR LS B

(2) WSl il 2673 B

Wi St 25 ) LDV S s SR B AR R e A
H R OSSR JEE 5 1~ 2 B9 7 A eRBOH S o~ fs
N 25 2 25 W6 R K0 1T AT LU LI R, 22 g R B R 2
A SR TR AEL - FE B AR 2% » S RE UL I B A AR B 1 S fE
T3 B8R FH 3k 26 2 2 22 1 R R0 ) WA S5 R ARk
WeSPE REREAT 20 . AR B P 3~ 1A 6 02 4 A2
W0 3 R BCAE E B D=10.30 J& 70 B i i S5 L
R A o DA 8 AU AR A S 45 21 18 e 1 A

100 250



1206

L2 I - S/ N R

2021 4

Griewank(D=10)

Griewank(D=70)

5 — COA
10 —— COAl
-------- COA2
~ ~ — COA3
= ¥
il I
107200 200 600 800 1079 1000 2000 0 2000 4000 6000
AR BISAN/ € AR
(a) (b (c)
3 Griewank g 8§ il £k
190 Rastrigin(D=10) 500 Rastrigin(D=30) 1200 Rastrigin(D=70)
I Q()A — COA —COA
100 - = COAL 100 - = COAl 1000 — = COA1
-------- COA2 e COA2 e COA2
— COA3 — COA3 800 — COA3
—-—-HFPSO 300 —-—-HFPSO 53 —-—-HFPSO
== FSA £ - = FSA = 600 - - FSA
B 500 I
. 400
100 g 200
g =Lt 3 : - ,
0 200 400 600 800 0 1000 2000 0 2000 4000 6000
AR AR AR E
(a) (b) (c)
& 4 Rastrigin Y S £k
Ackley(D=10) Ackley(D=30) Ackley(D=70)
20 25 25
—COA —— COA
—— COAl — — COAl1
sk COA2 208 e COA2 [| 20
0 —COA3 ‘ —coa3 |l R mmm e
—-—-HFPSO 15 —-—-HFPSO — COA
- = FSA g - - FSA —— COAl
< s e~ It . T U R COA2
B 1 o} —COA3
- == HFPSO
r ) == FSA
5 S N
- S DU
rm = ———— A :“_\-, -—— \\.\
400 600 800 0 500 1000 1500 2000 2500 0 2000 4000 6000
AR B AN AR
(a) (b) (c)

Powell(D=10)

K 5 Ackley Hi i ith £&

Powell(D=30)

= Powell(D=70)

10
10’
BN CEEEEEEERRE
& ~ ~
s - ¥ ¥
= Y | £
= v B 1 b
T10 7L COA2 Hg] 2 =
—COA3
-~ HFPSO
- - FSA ,
200 400 600 800 10 0 1000 2000 0 2000 4000 6000
IEAIREL HARIREL EARUEL
) b ©
& 6 Powell WSk £k

Hy WSl 4T LA H L S 4EE N 10 B E 70,
JIE A W pR A b 1 COAS BEvk i) SRS FE ARk 3] T
PR Fre DG » DA v 1 e 8005 310 9 i DG i 1) X 8

Zn] LIE H . Powell pRELAY COAT.COA2,COA3 %
s sl LI T COA AL F AL f# A 2 & T COA
55 MR B A HORSGH I W T COA 4§



6 X

B T O SR AR A AL T I 1 HR R A R R AL T 1 1207

Bk WA FE D=30 K& D=70 4EETF L 7EK 3.4 4
PLRE 5, Bk COAT,COA2 755 ¥l R 4 1F 45
R B 153 21 09 B R 45 R K T COAL H B 3 (o) i
COAL AN T Jm el s R (HJ& COA3 (1 FARAE 1A
BT, H S B B 3] T . X B COA,
COAL,COA2 1y REHERA 7T 5E 52 4k Ji A2 fk 1
FUL AR K 1 COA3 0] DUAR g 3 b 4 33 Fh 52 ). 5%
COA3 HA R i e SO g s R0t BT RAE BH SC b i
$E A COA3 Bk ISk g HoA WA S 0 fI 34

S S0 45 R WYL AR SO B B R KB AR
fRF B COA3 NI SR TEAR4E 55 18 F i 2 7E & 4 2%
(G = N S s o O O G e = s o 7 v R = =
COAS3 (1R fifhG B M SIGH B DA R R e 1 38 02 Je e
(. PRt AT DA B L e 2R AR P A AR ICOA 11y
3Rk . COA3 32 3 B8 S M0 (8 19 M 2% B 2 55
T BB R LI H COAS B9 F-U0H5 1 e Hofa &
PR X o U A — 2. FE4EE D=10.30.70 [ 5
T, COAS3 [ COA B3k HA 3 m g S0 PERE  iX &

K COA 75587 b 72 o R B 3 1 52 i) A R 21
T ARG BT BB AR 5 R AR T R AR AR (E
Bk th B2 T WS B RS W9 AR T Tent
WP h 4 T R AR R R KR
WE T 2RI RS R IT & -, A R S
B HE F U (E  UE B T Bk JE ) KB AR A AL A B
A AT R R . SRR .

(3) Al B Re 1 43 #r

R E— R BB HE ) COA B3k ik 142 24 1) Ak
[l BRI EE 1, B N. =N, =5, popsize=N, X N, =
25 FIE ML A BN nfeval MAX =10 000 X
D, ¥ HEPSO.FSA 1§ R %f tL# 3% , >k ] IEEE CEC
2017 EAY 10 AR A ek Bk, 10 A& A ek B0 3k 20
AN bR B30 CELAAR bR 8815 B DL SR (39 D), 78 % B 4
ik D=30 15T . % COA 5 COA3(LLF 4 #
ICOA) HFPSO . FSA %5 4 Fis 78 20 4~ I3 oA £k
AT T SRBORCSE DA A5 B 25 R 5k 3. MR R
RSB S5 RAF RN 1 3R 3 M AR an T -

% 3 D=30 Hik7# IEEE CEC2017 B R THM L TR IR

7 YT I~ £ miew Sl EE O g Y A
COA 1150. 13 9993 COA 42 439. 63 9728 COA 2888. 63 6948
_ ICOA 1137. 47 9998 _ ICOA 41771.10 9989 ICOA 2888. 74 7235
f HFPSO 1183. 83 9991 11 HFPSO  153365.00 10000  ~ % HFPSO 2888. 08 9935
FSA 21663. 02 9063 FSA 6. 97E+7 6972 FSA 5278. 66 5473
COA 36954. 27 9999 COA 2286.04 10000 COA 1593. 10 9991
_ ICOA 16817. 22 9999 _ ICOA 2041. 10 9998 _ ICOA 4566. 01 9764
fo HFPSO  201228. 10 9999 1 HFPSO 6278. 44 9998 7% HFPSO 2900. 01 9999
FSA 6. 54E+10 9865 FSA J16E+10 9972 FSA 12631. 23 8024
COA 47040.78 10000 COA 2514. 64 8482 COA 3232. 60 9988
. ICOA 27623.50 10000 . ICOA 2486. 23 8820 . ICOA 3217.71 9970
Jro HFPSO 22489. 43 9987 IV HFPSO 2324. 68 9986 I HFPSO 3267. 74 9997
FSA 1. 72E+10 9985 FSA 3402. 36 9814 FSA 4941. 08 9299
COA 1525.70 10000 COA 2398. 23 5853 COA 3218. 18 9999
ICOA 1488. 48 9890 _ ICOA 2379. 36 9985 _ ICOA 3214.91 9999
fn HEFPSO 12038. 52 9994 18 HEFPSO 2384. 82 9629 I HEFPSO 3215.99 10000
FSA 733254. 50 7313 FSA 2824. 89 6836 FSA 7569. 19 9128
COA 2210. 04 9985 COA 6187. 00 9986 COA 3638. 18 9992
ICOA 1686. 94 9989 . ICOA 5096. 73 9980 . ICOA 3594.51 10000
fre HFPSO 19328. 32 9987 1" HFPSO 2300. 01 9999 77 HFPSO 3611. 42 9998
FSA 1. 59E+10 5637 FSA 11444.61 9162 FSA 13424. 80 7371
COA 2648.72 10000 COA 2782. 67 9936 COA 9177. 89 9996
_ 1COA 2561. 25 9996 1COA 2734. 16 9960 , ICOA 5605. 99 9986
Jrs HEFPSO 2737. 98 9993 I HEFPSO 2813. 61 9985 77 HFPSO 2888. 06 6948
FSA 1783. 88 6354 FSA 3876. 10 8971 FSA 2888. 74 7235
COA 2322. 93 9999 COA 2951. 18 5626
_ ICOA 1983. 84 9279 _ ICOA 2914. 87 7019
i HFPSO 1943. 06 9999 1% HFPSO 2985. 48 9504
FSA 8971. 27 6743 FSA 3872. 03 9669

T fi~foWRGRBME SR L. BT
foo | ICOA RS PERERS 22 T COA 4b, H A R K
| ICOA 55 ¥ il W 8ot BE AR A T COA 1y e S5k

AE X ER] 7R Ab B AR 2 LA TR LAY E ) F L ICOA
BARE T COAL AR N AT LU 3, 76 I 12X ok 5K
Sro~frsfrosfrosfao Bl fos b EAR COA 5 ICOA —



1208 it <A

Hl

Y,
&

i 2021 4F

HHFRWY A HFPSO, HIE R fo F53 T
HFPSOY5 FSA,H &% — 3% H v ik g 5 - &
IR SR U 1 ) BsF o R 258 3R v o K0k 3] e A ik BT
BB AT AE L FSA BIETE SRR f1~ fis s
Srs~ oo Soss Soo B for 10 AU 32K R 4R 1L 2 LRV GR
2T WS HAS B S A IR R A IR R Ul B
FSA 5B A oA I Ja 38 A% fH 08 4 2 B ok i
ICOA 5 COA HFPSO K FSA3 Ff 7 B 4 L, 76 B
A FE R A B 5 R AR BT ICOA 1y Wi S B
FEUEAR U B T 7E Ab B AT A% A Ak 1) R R ) I
ICOA )% (A F AL T COA L HFPSO F1 FSA.

Sh4 3% 2 A S £ 1 4y B 4 R A RIR ok
W s AN G5 TR R0 T 3 o 50 R 22 s 3 R B B R TR
M ok K5 2 A I R K. ICOA #B B AT B 4 1 ik
SUVERE S SR Y T RE

4 BT ICOARKEMEHELTIE

iR A A X 2 T 4 1 R A R
A i B A B fin B i S50 152 9y T 5 1% T LR
FEAT B B b v I 2% 1) I ok B T ) 4% )11 25 1
ZACTEREEN JCIL 15 LU TH. X F 12 BP #1445
Kl AL G SGD YL )5 ¥E A7 1545 b 1 FL B A Ry &6
7N AT S0 1 5 e i T A 22 HE AL AE X BP
26 W 2% I AE 5 BE BEAT N 2Rt 25 B Sh 38 R
W 2% & — Rl R [ T SGD (0 b 2 N 26 1| 5 7 s, 3
HE AR SR w4 Jmy 00 19 T B AL TE A D f5 52 SGD
IR T 5 A A (0] BT B A — 8 A 3 76 28 ) 4%
BUE 25 18] 1o R ] B s w8 0k 6 4 5 18 R g
SR I — DA A R TR SR s {88 5 BB e A ) 4% AL 3 T
153 B o b 2 W 245

% F ICOA 856 T i N #2 W ACE 5 3 TR il
YL L 3x — 44 3G K7 580 1 J 3 o D0 At 1) 1k o
WESE IS Bk 0 & R B 5 R B 48 5 hE 1 15 L
P R, A< 30K ICOA 75 itk 52 4 A0 Ak 0] 8 J7 18
8 P BE D AR AR Al B ok R 1) L SR W 5 A BIVR )2
MaEME it Bz /T —fET
ICOA J5 35 1R 2 #h & W 2% Wk 4k 7 i —ICOABP,
H ARG AR S B B A R
4.1 BIHFES5ER

1% 5 4 25 ) 28 AE FE AR 28 1] B AT 4500 25 1
P X R I AU 5 R AT BE ML E B L P 48 2 IR X

FEASDEAT BT » foe 28 5 ) 245 B (LA AR SCHR H 119
RIZ A TR R E M 2% R ICT “AUE”
AR 1y 25 1) SR TR 1 s e SRR B BT I
28I Gk 0 i o 0 Bk 58 R 8 R AR 4R 1L RIS AL
{8 25 8] b A X 28 11 5 ) RS S oAy g A0 A T R0 P36 o
87 A R SR B AR B bR 00 S UG A, R T IA B
Pl I 2% 5 R AL SR G R H ).

A (R AL E AR E SR BP il 228 19 25 45
AIAUE 5 EME 6, B w 5 6 09 L[5 45 s B
[F] H ) 225 () 72 e s 32 S KR s ) B Sy T 2% 1 2 ) A
B2 8] 2R FH 2 25 v Aff 23 e R D W) SR AR AR T 1] 7 SC
Pl 25 I 2 53 2 ) R 1 R Ry

max F(w,b)
- jw € [ Wuin > @max J 5
16 € Db sbn]
.o 50 5350 BP 2 B 4% i AUE 5 B AE.

FIH] BP i 28 9 48 S 2 I 2R AU 5 180 (8 1) o 7
ATLVE AR ER AR AL, £ 48 BP 53 5 pf &
PEAL T VR AR 25 0] A R Ee A A R RN 7, 2
Jy BP Bk G R R T R Oy A U R SR
2 X A R Oy AR BB Y S A0 % B A TR R AR (B 1Y
WEARAR s A [ Dy i 2 R Ak D7 V6 W 3 R G AR L i o R
FHHEASE 2B T AEZS Al B 2 1k s8R T
B G0 O A TR AR FE b AT AR 3 4 )R e i
it s WAL TR 1 ) 45 48 R BE ) LA R AUEL S B (ELTT
TRE ) HR.

(22)

K7 BP®EESHEEAN IR

4.2 ICOABP LT 72

1 Ge A5 HE LA B3 B9 W) 1 Pl B A B BIL 38 19
T8 IV BE RSB R AR Ak 8] Y H B eR gL ICOABP N
Sl R R E] BP Bk 4 W4 I 4 7= AR 1 o 2 e
IR B 43 AR Sy i A B W R AR AN I 3 T A5
B et (990 46 A ICOABP b 1) 3 N oK 45 B Ry 43
2% A 1 11 o K M A 2K pR £ TICOA 5592 3 o % ARUfH
55 AR AT AN W 0 B8 5 AL I e 2 i 48 kAR AR
BRI A ) 4% 43 26 2%, ICOABP i 3 32 8 4 i Fe T
K 8.



6 X RAF T R R A Tk Y R R A R AL T 1209

******************************************************************************

I : I

| ;; Bl b 2R FEERIAA L
L1

izl | MIEEDPRI% TR TS

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

i [ Ak

HE ekt
i i=i+1] i [!!

,,,,,,,,,,,,,,,,,,,,,,,,,,,

| § BPIZ& 1AL, :
§ wg BP M 251 25
s |
P @d |

LT A

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

BB 2 B

1 R Y i
| MBRRAE oo | oo | | T
A% N v |
g/l BB Tent | | 1|12
R WA M | | %]

n
[ mwmsaR | |

Bl 8 T ICOA (¥R 2 4 3k Ak 7 vk i 72

5 i 28 0 25 1) B A2 L RO 2 DA B K 2
WA R inp hid cout EEIARYE BE R D=
inp X hid+hid+hid X out + out , A FHEE . 3 N K
B S A OC 2 B Tm) B8R P Ak 8V 1Y 3R s A T A
ICOA Bk PERE 43 Fr v, 15 31 COA3 /1) T PE fg
B HOR R 2 CL6) 1 S B 3k B2 1 1 38 1 5% 1) AL
& AR SC BRI E .

Stepl. iYL 5 S BE. % B R 733k
[7) 750 11%  S VEA 232 o B8l B i BRI 2 Rl 4k 5
I3 38 43 5 BB AR soc! W] LARIR L D 4E4T
ssoclip ] € RY; H
BRI G2 B S8R B A 1L & nfeval MAX |
MMAESBEAREH NN, A EYEEE D DR R =
8] Ju.

Step2. FPRER) bR L. RS2 80U T X4 55 %) 1R
(A 55 0B T4 R 00 G A A 2 R . AR 2 24 i
W20k o W LGS 5 p BEAR soc”' 5 Tl fEF soc!
FEFEIT -

ot — [ g bt Pt o et 7| T
soc [soct™ ysoch s ,.socN(] . (23)

LFN AR AL

B pal Dt Y
rﬁl H o s0C. — ESOQ-,(H s SOCc (2) 5°°"°

soc' =[soct" ys0c® oy socet T
K soc” FHFEF R p BEH I N AL B BP f2
P 265 B 15 FOUIN 2 880, soc' 4 [ s BRI N, AN

Step3. AMMRIE N EE T BOE BOREAS KR
Lyro N IAREAR @ B9 SEPREE SR s co WFEA @ 2201 2K
PO AT 2 BT AE R s SCIE N R £ A T
HER R RN AT A .

1,
Y,’:
09 (‘"Ui#t‘v,'

Stepd. TR HEIA.

(1) 54 1 Step3 T HE M v 73 28 ME B 28 e
RAEK alpha ' 5EAR AT cult”'.

(2) Z5 4 B0k I 1 B IS N 52 e A TR 7 vk AR R
2 12) FCLS) JE A 16 #5365 I B A 10 A9 A R 24
HIAS 4.

(3) I 5 Y HiT BE AR A AR BB T

Step5. # YATHENLECK TIKBE MR P, , & A
ATEAT R s A WIR KA.

Step6. BIATEIE IR A HLH]. Stepd (19 B 422 5T
S5OS8R T 2 AR A R T R A
T S DU 20 40 28 M S 22 AR p ol i TR T
Tent BLGSAT p BEAS PR EAT 25 A0 R LRG3 A0 1Y)
AT R p 5 A X 7 1% 4 2852 B3k 1y 3 AR 1.

Step7. VAAEAE Ry AL, 4 0T 56 B AR A L RB AR
AR B Z 3K 1 A A

Step8. UNIRZ E AW 2 . Bk 2 Step3.
TR 3 28 0k L 25t B A SR
4.3 HEXW

h T B LA BT T ICOA (3 2 #h & 4k )y
AL RE 2R T BIO(E 52 30 7 200 HE AT P AR T
il FLgmPkE T UCT By 10 4328080 42 L IF XF
B EHE SR AT 40 2 BORE 4 25 Biis 4 i A ) 19
LA 43 R N 25 6 TE -5 DR AR o LA A 0 3 A B
A LR AT Rl H AR IR I 4 S M RE L AH DG B Al 44
Pk K Ja P L 2% 4.

cv; = tu;

l
. fi=20Y 0 @2
i=1

x4 UCIH 10 AEREEYERE

B FRE r2E IS ks MK Bl
¥2% /S N Y NV KBz KB KE  KE

DRD 19 2 384 384 383 1151
CMC 9 3 491 491 491 1473
Seeds 7 3 70 70 70 210
WEN 40 3 1666 1666 1668 5000

Iris 4 3 50 50 50 150
WF 21 3 1666 1666 1668 5000
Music 24 4 666 666 668 2000
Wine 13 3 60 60 58 178

1P 34 2 60 60 60 180
Glass 9 6 71 71 72 214




1210 it <A

2021 4

S 36 I A A e 0 45 2 S ) B Al R 9 AN () 8 1 4
B AT RE 23 R0 73 28 48 PR BE - DF 0 7 20 Bt SR R 47
R A L S 7 /N W)

X, = Zi "% (25)

1 max min
J )

o M 2y B RS A B KA N e /ME
X AH— b5 B FEAR.

SEG X LA B bR UE Y BP 48 ) 4% 2 A
FH B — 1 W 28 HEAT P Ak, A SCHR M 1 3 )2 1 6 T 4%
PSR R R = A T 24 h 22 W 45 i 47 2 2tk
WA T AT A4 B ICOA B4k BP i 28
HKBRERE A SCH 25T ICOA (7R )2 i &k 1k
Jiik oyl 5 3 T COA Y ¥ 2 # & i b 7 ik 5
T 2 I 2 G S 2 (R AR E A 22 ) 4% T 1k SNIN
531 R JH Bagging 5 Boosting # i J5 ¥ 15 2 5K
UL SR RE3 E Oh BE A3 2K AR B 4R R ik BDTE 5
ADTE D)}z & F Boosting £ Ji J5 2 1 g % g 1Y
P2 W 2% 48 8 J7 5 ANNE 5 R S i 47 T X L
VTR

At B2 e X [a) — $ s 4 K 6 ARk p A
TSR0 AR R A (R b, BP AR B 8 R
3000, ICOA YILRL 1 Z A1 E R 3000, Fl i LA 152
B 25,2 3R E R 0. 2, AN RERE )2 E
WE U 5 PR,

*5 AEBEESHEERER
¥R DRD Seeds CMC Iris WEN WF Music Wine IP Glass
RE% 14 10 6 12 6 10 10 12 12 12

FIH 6 FpE L AL BP #4845 2 509 43 ) %
10 2H 9 35 80Hs 647 30 R FE 5, IF LA 30 ¥k 52 56 Ay )
AR T3 e R E A o 22 DA B s /M 1 F S (ELAE
S e LA FE AR L SE I A R AN SR 6 TR

HI3% 6 W] 0, 30 ZH 04 92 5 0 7 B 25 R
4% 4% Ht COABP A %f SNN, BDTE, ADTE A
ANNE 4 a0k i) o e f 35, P B{E 45 b 75 6 41
Bl B e, 3 AR AE ALK T SNNL A g
COABP By~ 15 43 28 UE 1 3 I K5 e KAE 48 b5 12
T AUBRAE Ik B T et WO B K oy 2 T R
F bR EZE S5 A DRDVIP Sdls 4218 8 T % &, 78
Seeds ., WFN, Wine £ #5 4 F{YLIK T SNN, £ CMC
BAESE F LT SNN 5 ANNE, #i B COABP i #
SETEREAR T SNN A7 T 28 —; [al i, Je /M A 45 5 76
6 A A LA R T ERILA R 7E CMC L Tris | {0KR
T SNN, B} COABP iy e 8 43 JS 80 RE Al /2 5 Fh A3 7k

R6 6FEXRLIERIIEL
WA 6 i v 2 B
e SNN  BDTE ADTE ANNE COABP ICOABP
Avg 72.15 63.24 62.89 71.42 72.10 73.42
Max 75.19 68.40 69.20 74.41 75.72 76.50

DRD
Std 1. 87 2.62 3.04 1. 82 1.53 1. 68
Min 66.06 58.49 57.70 66.58 69.71 69.71
Avg 53.65 51.65 46.19 51.24 53.47 54.17
CMC Max 57.06 56.03 51.33 55.21 58.08 59.92
Std 1.45 1. 99 2.45 1.79 1. 96 1. 83
Min 51.12 47.24 42.74 47.65 50.72 50.51
Avg 92.68 88.60 88.28 92.73 93.58 93.69
Seeds Max 96.97 95.45 96.97 98.48 98.48 98.48
Std 2. 36 4. 30 4. 47 3. 36 2. 40 2.32
Min 86.36  77.27 77.27 84.85 89.39 89.39
Avg 84.45 80.79 72.43 84.47 84.59 84.90
Max 85.89 82.34 76.21 86.97 86.07 86.85
WEN
Std 0. 85 0. 89 1. 76 0. 88 0. 80 0.78
Min 82.77 78.87 68.31 82.89 83.25 83.43
Avg 95.00 94.24 94.65 93.75 95.35 95.42
Iris Max 100.00 100.00 100.00 100.00 100.00 100.00
Std 2.70 3.53 3.03 7.28 3. 60 2.70
Min 89.58 85.42 87.50 58.33 87.50 89.58
Avg 84.37 81.38 72.61 84.09 84.71 84.75
WE Max 85.34 83.17 75.84 85.58 86.42 86.66

Std 0.70 0.71 1. 64 0. 80 0.92 0.75
Min 82.75 79.69 68.39 81.97 82.93 83.47
Avg 89.05 88.77 50.62 88.82 89.33 89.55
. Max 92.17 90.36 51.66 90.81 92.62 92.47
Music
Std 1. 16 1. 01 0.49 1.19 1. 37 1. 16
Min 86.90 86.90 49.85 86.75 86.60 86.75
Avg 96.03 94.02 88.62 96.03 96.89 96.95

Max 100.00 100.00 94.83 100.00 100.00 100.00

Wine
Std 2.44 2.99 4. 14 2.76 2.65 2.17
Min 89.66 87.93 79.31 89.66 89.66 91.38
Avg 67.41 68.22 66.32 66.72 67.53 68.48
P Max 81.03 75.86 82.76 77.59 79.31 77.59
Std 6. 20 6. 04 6.92 5. 80 4.71 4.82
Min 51.72 51.72 46.55 48.28 56.90 58.62
Avg 63.48 67.78 51.21 65.30 61.87 66.09
Glass Max 74.24 80.30 65.15 77.27 72.73 77.27
Std 4.99 5.97 8. 17 5.95 8.63 5.21
Min 54.55 57.58 36.36 54.55 36.36 56.06
R A 0 5 AR R 4 R B R R AT 20 . COABP I 255

FIWE L T SNNL.BDTE,ADTE #il ANNE 4 fi %4
2. HRXE ICOABP 5415 COABP 7E A 11 5 F 55
AT R L 43 87 : ICOABP 7B Glass ¥4 4 M
9 A EHEE I 1 SF- 2 43 28 o 1 3R 0 AL ) B — . g iz
BT I3 80 5 FhAAE  H B Koy S MER R AE 6 224
& FIRF) T A SR R B R AUFE WEN L, Music,
IP.Glass 4 ZH %045 48 43 il i I T ANNE, COABP,
ADTE.COABP 5 BDTE %8 1, H 5 /N 43 25 1
RAE T AR LR T . #E Seeds B4l 4 55
F COABP, 7£ Glass ##E 4 FLF BDTE, £ CMC
1 Music B4 FHESE =5 1% ICOABP B A i 22



6 X RAF T R R A Tk Y R R A R AL T 1211

X485, A T oA iE RS )4 5 R Ak
e X 1, 4 9345 ICOABP 5 SNN, ADTE,
BDTE,ANNE FI COA 7£ T A 4ls % F 1 5 il
5 :5:3.8:2.9:1.8:2.7:3; LA ILH 52 ICOABP
Ek e B fE S F SNNLADTE.BDTE,ANNE #iI
COAZ5 G 4 e b MK HETT 43 87 . ICOABP 1) 25
AFRIA T SNN.BDTE,ADTE, ANNE F1 COA5
PP, k3R 6 255, AT LUK AE Glass B4
4E I COABP . ICOABP [¥) 3% 1% Bl #AS & 5 4 19
T Ao X B AR PR BT A AT AT RE R B T Glass 4328
FMNECH K B F /N F B 4 oy KR
K% R B SR R B H B b B E D S AR TE
— AR E AT 4 28 B 0 28 A B SR A B H
/D3 T B3 A AN UE A 5 L AR Al R P 45 SR T R
A Z A 1 ICOA £ I An#lHE 2 50 —. 25 I
ik AR B LT 255

(1) % b I3 85 40 4 b 43 28 o i 6 17 23 (8 A
KAH. Mk = COABP, ICOABP [t SNN, BDTE,
ADTE F1 ANNE J5 ik B A T & 17 350 28 i o %
(Avg) FilEe KAy K HEH % (Max) . H ICOABP G
T COABP; 7E 5 b L F2 I 1 o, i 45 SR 0 ml BB 45
TR AR R B K& 5345 s vl W T COALICOA
(18 )2 Pf 22 Ak 7 1k R A A0 HL A3 2z AR RE I 4 1
2T

(2) X b SNN . 2 28 W 25 AN R 45 5 1 2% 20 O
%A COABP,ICOBP 78 I 5 o 4 1 B A
(R E P (Std) 5 d5e IR 73 28 2L RE (Min) , Bl ICOABP
(R 53 R et PR T A, R P R T T S B R A
Sl R AT R DR UE S I 1 SR /NS L R AR AR A Y
LK.

LEA AT AL BE T ICOA By 2 M & ik ik 1
AE )R B FHA — & LB R R AE T ICOA 1
COA Ry Rl B0 1 B & W52 i A B+ 9F 51 A
TARME Tent W5, {53 25 19 Ue S B2 LA K% Jm) 78 48
FAE 145 BIAR K B 5 A B 3 PR OE T AT 1 42 )R
R AR T PR R Z R 3R S T BE Mz AL RE.

5 & it

AL AL o 5 . BT BE 0 R
DU LR RE 53 H108T B A 22 46 05 3 P AT 1
TFRTSE -8 i BRI 23 B AR S 30 0 RS 1B 4R

(1) g B3 AL GERR ARG AR 50 3 1) P B L A S8
T — Bl TR I S 1 B O D AU SR AR A
Ak (COA) S iZTr ik it 51 A [ 38 B3 Wi AUH A 5l

AR AL S Sk T XBAR AN A 10 T BT L R L O R R
T e ST %)l P A A e S BT R AR AL A
BB I 45 SR B, ICOA 43 & TR R 1b
AU SOE B 5 4 R T P RE.

(2) Jfy W47l & 45 TICOA SR 52 2% L Ak 0] @t A
PR ICKE TCOA v i ZBAR B RE i 6 36 w51 A 217K
EMaME et Bz b BT —FE T
ICOA 1) BP i 22 W 2% i 4k 77 1% (ICOABP) , $i i 52
B XF L 45 R R B ICOABP 2053 T BP #f 4 ¥
45 BUAH A0 B (E W Ltk . 5 SNN, BDTE., ADTE,
ANNE .COABP %55 7 40 b H A 8 &5 1 3 JS PR RE.

ARSI AR AR R X o TR e e A T TR R R A —
WA i 22, BUEH LA R4k 7 ICOA Al
ICOABP 145 41 A0 G A0 3. (H % 3 F ek 240 AR
SVE IR 2 M & AR SR TE T 4 28 Mk 1 AR Y [
Bt (5 45 55 3% 1 3 A7 ) [) 39 s BRI b, AR S i 2
B A X SR A8 4T R [R) R00 38 B SR = 1 0 432K
151 O O L 1 e I T W 18 £ 9 X SO A o
T 2. AR SC KB 25 18] 9 £ B B2 o )2 I 285 11 45
Ty ¥ s G B2 0] 45 40 45 (R 1 AR B B B AR L AL SR
FHF VR B 2 3 W 2%, CNIN 45 (4 1 25, il 2 0 1
ICOA [JUR B #f 28 X 45 18 2 B0 #2246 7 15, DU
J ICOABP ML#S 2% ) T 146 B WF & 55 7 1) 4k 22 1K
AT Z WS 0T 2 W 48 B AF 93 vh LA EE 3 X

& % x #

[1] Stanley K O, Clune J, Lehman J, et al. Designing neural
networks through neuroevolution. Nature Machine Intelligence,
2019, 1(1). 24-35

[2] Miller G F, Todd P M, Hegde S U. Designing neural
networks using genetic algorithms//Proceedings of the 3rd
International Conference on Genetic Algorithms. Fairfax,
USA, 1989 379-384

[3] Such F P, Madhavan V, Conti E, et al. Deep neuroevolution;
genetic algorithms are a competitive alternative for training
deep neural networks for reinforcement learning. arXiv
preprint arXiv:1712. 0 6567, 2017

[4] Lehman J, Chen J, Clune J, et al. Safe mutations for deep
and recurrent neural networks through output gradients.
arXiv preprint arXiv:171 2. 06563, 2017

[5] Zhang X, Clune J, Stanley K O, et al. On the relationship
between the open-Al evolution strategy and stochastic gradient
descent. arXiv preprint arXiv:1712. 06564, 2017

[6] Lehman J, Chen J, Clune J, et al. ES is more than just a
traditional finite-difference approximator. arXiv preprint
arXiv:1712. 06568, 2017

[7] Conti E, Madhavan V, Such F P, et al. Improving exploration

in evolution strategies for deep reinforcement learning via a



1212 it "

i 2021 4F

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

population of novelty-seeking agents. arXiv preprint arXiv:
1712. 06560, 2017

Wei Y H, Xu C, Hu Q Y. Transformation of optimization
problems in revenue management, queueing system. and
supply chain management. International Journal of Production
Economics, 2015, 146(2): 588-597

Yang X-S.
Amsterdam, Netherlands: Elsevier, 2014

Nature-Inspired Optimization Algorithms.
Socha K, Dorigo M. Ant colony optimization for continuous
domains. European Journal of Operational Research, 2008,
185(3): 1155-1173

Karaboga D, Basturk B. A powerful and efficient algorithm
for numerical function optimization: artificial bee colony
(ABC) algorithm. Journal of Global Optimization. 2007,
39(3): 459-471

Chen H, Niu B, Ma L, et al
optimization. Neurocomputing, 2014, 137(5). 268-284

Bacterial colony foraging

Yang X-S. A new metaheuristic bat-inspired algorithm.
Nature Inspired Cooperative Strategies for Optimization.
Berlin, Germany: Springer, 2010, 284(1): 65-74

Kaveh A, Farhoudi N. A new optimization method: Dolphin
echolocation. Advances in Engineering Software, 2013, 59
(5): 53-70

Yang X-S. Firefly algorithms for multimodal optimization.
Lecture Notes in Computer Science, 2009, 5792(1) . 169-178
Yang X-S. Flower pollination algorithm for global optimization.
International Conference on Unconventional Computation,
2012, 7445(1): 240-249

Mirjalili S, Mirjalili S M, Lewis A, et al. Grey wolf optimizer.
Advances in Engineering Software, 2014, 69(3): 46-61
Kennedy J, Eberhart R. Particle
Proceedings of the IEEE International Conference on Neural

Networks. Perth, Australia, 1995; 1942-1948

swarm optimization//

Cheng M Y, Prayogo D. Symbiotic organisms search: A new
metaheuristic  optimization algorithm.  Computers and
Structures, 2014, 139(1). 98-112

Mu D L, Hui Z, Xing W W, et al. A novel nature-inspired
algorithm for optimization. Advances in Engineering Software,
2016, 92(C): 65-88

Mirjalili S, Lewis A. The Whale optimization algorithm.
Advances in Engineering Software, 2016, 9(5): 51-67

Chen Zhe, Geng Guo-Sheng, Cui Xing-Yue, et al. Optimization
algorithm based on bionics and its application in signal
processing. Data Collection and Processing, 2018, 33 (4):
662-682(in Chinese)

CHRES BRE M EATBSE. ST 05 AR = m R AL Bk R e £
SR TR . B R S ALFE L 2018, 33(4): 662-682)
Pierezan J, Coelho L. S. Coyote optimization algorithm: A
new metaheuristic for global optimization problem//Proceedings
of the IEEE Congress on Evolutionary Computation (CEC).
Rio de Janeiro, Brazil, 2018. 2633-2640

Pitt W C, Box P W, Knowlton F F. An individual-based
model of canid populations: Modelling territoriality and social

structure. Ecological Modelling., 2003, 166(1/2): 109-121

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

Salcedo-Sanz S. Modern meta-heuristics based on nonlinear
physics processes: A review of models and design procedures.
Physics Reports, 2016, 655(1): 1-70

Zhang Xin-Ming, Fu Zi-Hao, Chen Hai-Yan, et al. Global
guidance and interaction of coyote optimization algorithm
and its application. Computer Application Research, 2020,
37(9): 2711-2717(in Chinese)

CIRGBT AT F 52, PRIEGHESE. 2R 5] SR B AR T/ 28R 18
A K JER L. TE S AL AL B 5T, 2020, 37(9): 2711~
2717)

Zhang Xin-Ming, Wang Dou-Dou, Chen Hai-Yan, et al.
Coyote optimization algorithm and its QAP application for
strengthening optimal and worst wolves. Computer Application,
2019, (10): 1-8(in Chinese)

GBI, E N BRIGEMESE. S8k R D A 5 22 R 09 X AR A Ak
S QAP BLAL. FHSEHLRIE . 2019, (10D 1-8)
Eberhart R C. Empirical study of particle swarm optimization//
Proceedings of the International Conference on Evolutionary
Computation. Washington, USA, 1999. 1945-1950

Hu Jian-Xiu, Zeng Jian-Chao. Adjustment strategy of inertia
weight in particle swarm optimization. Computer Engineering.,
2007, (11): 193-195(in Chinese)

CHIEETE . B ). PO 55 756 B A T I 0 SR . 1T
HLLHE, 2007, (11): 193-195)

Zhang Yan-Mei, Jiang Shu-Juan, Chen Ruo-Yu, et al. Class
integration test sequence determination method based on
particle swarm optimization algorithm. Chinese Journal of
Computers, 2018, 41(4): 931-945(in Chinese)

CokHaAy . 22BUE . PR £5. B TRF R L R
W 5 i 7 . TREDLAA R . 2018, 41(4) ¢ 931-945)
Xie Xiao-Feng, Zhang Wen-Jun, Yang Zhi-Lian. Overview
of particle swarm optimization. Control and Decision, 2003,
18(2): 129-134(in Chinese)

G wesse, KR, M. OB LR, RSPk,
2003, 18(2): 129-134)

Cui Guang-Zhao, Li Xiao-Guang, Zhang Xun-Cai, et al.
DNA coding sequence optimization based on improved particle
swarm optimization. Chinese Journal of Computers, 2010,
33(2): 311-316(in Chinese)

CRESBHR, 2R/ SR A 4. 3 T Bk (e 1 1F a5 Bk 1
DNA Zifis JFFIfefl. i3 Hl#4i . 2010, 33(2) . 311-316)
Wang Zi-Dong, Feed back
larning partice swarm optimization. Applied Soft Computing,
2011, 11(8): 4713-4725

Ren Xiao-Bo, Yang Zhong-Xiu.

optimization

Tang Yang, Fang Jian-An.

Improvement of particle

swarm algorithm. Computer Engineering,

2010, 36(7): 205-207(in Chinese)
(8 AN B 70 A 3 1 o L= 7 e
2010, 36(7): 205-207)

LR,

Zhao Xin. Comparative study on optimization performance of
different one-dimensional chaotic maps. Computer Application
Research, 2012, 29(3): 913-915(in Chinese)

GRUR. S TR — 4 TR Yo e 55 1 O £ 1 B EL B AR 7. 3 S AL L
FA#ESE . 2012, 29(3): 913-915)

Aydilek T B. A hybrid firefly and particle swarm optimization



6 Xl

JAE T I RR AR A AR B B R A e AL T ik T 1213

algorithm for computationally expensive numerical problems.
Applied Soft Computing, 2018, 66(5);: 232-249

[37] Elsisi M. Future search algorithm for optimization. Evolutionary
Intelligence, 2019, 12(1): 21-31

[38] LiX, Tang K, Omidvar M N, et al. Benchmark functions
for the CEC 2013 special session and competition on large-
scale global optimizatio n. Gene, 2013, 7(33): 8

[39] Wu G, Mallipeddi R, Suganthan P N. Problem definitions
and evaluation criteria for the CEC 2017 competition on
constrained real-parameter optimization. National University
of Defense Technology, Changsha, Hunan, PR China and
Kyungpook National University, Daegu, South Korea and

Nanyang Technological University, Singapore, Technical

LIU Wei, Ph. D., associate pro-
fessor. His research interests include
machine learning, deep neural network

and mining systems engineering.

FU Jie., M. S. Her research interests include machine
learning, deep neural network.

ZHOU Ding-Ning, M. S. His research interests include
machine learning, deep neural network.

WANG Xin-Yu, M. S. His research interests include

Background

Neuroevolution is an important branch in the field of
machine learning research. At present, the research on shallow
nerve evolution mainly focuses on two aspects of neural network
parameter evolution and hyperparameter evolution. Among
them, the shallow neural network parameter evolution
research focuses on with genetic algorithm as the main body
of the bionic evolution, and evolutionary strategy adopts the
strategy of “survival of the fittest” which is dominated by
replication, crossover and variation. The new research results
of Uber neuroevolutionary research institute show that using
Evolutionary Strategy ( ES) to optimize neural network can
achieve or even surpass the optimization results of using
Stochastic Gradient Descent(SGD). Therefore, how to design
a better evolutionary strategy and explore a new neural
evolution method of neural network weight is still one of the
hot issues in current research.

This paper introduces the currently popular coyote
optimization algorithm into the process of parameter evolution
of shallow neural network, and proposes a new neural evolu-
tionary strategy: A neural evolutionary strategy based on
improved Coyote Optimization Algorithm. On the basis of
the traditional Coyote Optimization Algorithm, this strategy
effectively improves the convergence speed and optimization

ability of the traditional Coyote Optimization Algorithm by

Report, 2017

[40] Zhao Shi-Jie, Gao Lei-Fu, Yu Dong-Mei, Tu Jun. Ant lion
optimization algorithm with chaotic detection mechanism to
optimize SVM parameters. Computer Science and Exploration,
2016, 10(5); 722-731(in Chinese)

GRS, w8, T, FEH. AV IR DA A AL ) O O
RS SVM 280 iH R HLR S SR, 2016, 10(5) .
722-731)

[41] Zhou Zhi-Hua, Chen Shi-Fu. Neural network integration.
Chinese Journal of Computers, 2002, 25(1) ; 1-8(in Chinese)
A, PRttt Mg, TR, 2002, 25(1)
1-8)

machine learning, deep neural network.
CHENG Mi,
machine learning, deep neural network.

HUANG Min, M.S. Her research interests include

M.S. Her research interests include

machine learning, deep neural network.

GUO Zhi-Qing, M. S. His research interests include
machine learning, deep neural network.

JIN Bao, M. S. His research interests include machine
learning, deep neural network.

NIU Ying-Jie, M.S. His research interests include

machine learning, deep neural network.

introducing the adaptive weighting factor and selective chaotic
disturbance execution mechanism. Taking the improved Coyote
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and thresholds of BP neural network, this paper form a
new shallow evolutionary neural network method-ICOABP,
theoretical analysis and numerical experiment results show
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