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Training Multi-layer Perceptrons Using Chaos Grey Wolf Optimizer

YAN Fu XU Jianzhong LI Fengshu

(School of Economics and Management, Harbin Engineering University, Harbin 150001, China)

Abstract: The Grey Wolf Optimizer (GWO) algorithm mimics the leadership hierarchy and hunting mechanism
of grey wolves in nature, and it is an algorithm with high level of exploration and exploitation capability. This
algorithm has good performance in searching for the global optimum, but it suffers from unbalance between
exploitation and exploration. An improved Chaos Grey Wolf Optimizer called CGWO is proposed, for solving
complex classification problem. In the proposed algorithm, Cubic chaos theory is used to modify the position
equation of GWO, which strengthens the diversity of individuals in the iterative search process. A novel
nonlinear convergence factor is designed to replace the linear convergence factor of GWO, so that it can
coordinate the balance of exploration and exploitation in the CGWO algorithm. The CGWO algorithm is used
as the trainer of the Multi-Layer Perceptrons (MLPs), and 3 complex classification problems are classified. The
statistical results prove the CGWO algorithm is able to provide very competitive results in terms of avoiding
local minima, solution precision, converging speed and robustness.
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HLE, JE HOCHR[11] E4E B 2 2 AN 2% Ae i 8 T
fERES B R WAL IR 25 ST 15t
P22 X 8 SR A S B, ) IR e 0 I 4%t R
e TERTHAZMEE R, T2 S 5 R ol
SRas o YIZRAS I ok SR S R 103 A E Al 22 DA
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Pramm i, BrUARMERR B 2 2 BN 48 1) i 0
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Bofin: AL (GAs) !B 2y itk Bk
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RESVL, EGWOH, AL E T HTE T 3A R daE M
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D;=|Cs- X5 X| (6)
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X3=Xs— A3- D; (7)
X1+ X+ X
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FHA e B R EE, X FGWORYL, HE
AT R R JITEAR KRR B AR T W SR T a 1)
BUE, nfal & A& ISR 7 a KB GWO )
WEFIF R BE 1 — MERIRF BT I . B
Ae )RS B TR BRI TR 2 P R X,
LN R JFREE I EEERN AR A CH
(IS JE ] A 2 [ (1) S e AT AT JR R &R, Xk
I SR B B A e Mz B2 AR SCk[22,26]
—AMRIRESA Fa R T ERHRER, Mk, —4
INEIUSCSE T a WA R F R R . SR, AR
GWOH FIWSIF T a A2 BB 1B AR IR BN 248 1 328 ek
Flory, FHARETEEEIEGCWORRER AT kit
Fio BEFU MRS R, A& T —AHEZM
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K, HFREANA(13)

l t : T
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ZE BT, RS MCGWORE LI T 2
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TR 1 BESEWIMEA: HORFIEE LN,
IR E AR B s LR 25 (B SRR ds RS
IS8

T 2 MBI BEALAE BN KR4
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TH 3 WEt=1CURnERRE);
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T T IHE SR E B
H{f(Xi(t),i=1,2,---,N};
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RS WM S GRS T, MLPsHY
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MR STHR[20],  H0 BE 2 A0 A 5 1E A FH SR X ph 48 W 2%
AT ISR, DR G i S5 & A 45 22 DX 2% fiA A AR 15 EL
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TEARSCHT, T3 B g ) S B SR AE ML Ps PRI AL
M 22 R 7~ N — UOE R 2RI 72 I 2R iR
TR, Fit, ARXMLPsHI 228138 & e XN

V={W,0}

= {wi 1, w1, Wnp, 01,00, -+, 01} (14)

H, AN SE, w, BRI RS E A
TR PEEARLEE, 0,28 5 A BRI R 2
1EE LEMLPsI s B E 2 5, B
MLPsH) I Zx25 Bl CCWOBE & SUE N R % H
RSSO MR %0,  IZRMLPsI) H )5t 2 il (A MLPs
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B NINZRFEAFIIARE A, FIHCGWORE LI 2k
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(MSE)E N & MLPs e A e A5, MSEjk
/N, IMLPsPEREBRGT, e 2 NBEIR o

EX 1 ¥JJjZ(Mean Square Error, MSE)™2;
B of FIRMLPsH 28 M ZRFEAAE J i N\ LG 26
/N SR G P SEBR S A, PR ASMLPsH S A
YIRS AR 43 A FH B 28 44 i S B0 e %) A 5 A R 1
MIMSER) #1800k

m

MSE = _ (o} — df)" (15)
i=1
BAR, SRR IR RA IR G O
SRT, SEBRAE RN RAEAE AN AR IR I NG REA . ]
WA RAE s NMINGFEAR, M, H U E
MPLstE 8 $8 A FIMSE N A8 41X s AN YN R FE A 1~
KIMSE, HFEZEX N

MSE = 1;2 (of =)’ (16)
H, SHNGRFEAREL, mNHH AL
25 I, MPLsHIIIZRa8 (CGWORIE) [13E M. &
BRI E L2,
EX 2 YIGEENERE: WE V AMLPs
YA 5, MSEAMLPsHISFMSE, NIMLPs
(I R 1) S v e s =X (17) B

MinF(V) = MSE (17)

EMX 3 IZas 5 FUEN % (Classification Ac-
curacies, CA): ZrRUEMIER NHR “FEE” B “ 1B
B, RPN REIVEE R E R bR . WA
KESHnNEME, SEMEANBENSEILH
Si(1 < i< n), TRRITIRAGER B I BT IEH 75
KN, WIE Lo AT 70 5 SH 43 K E

CA = (Z ﬂ/ZS,;) x 100 (18)
=1 =1

K1y T CGWOR L I 2 J2 Bk a5 1 J 22
K. HELIATH, CGWO Sk Bl ir A il 25
FEAS AN BT AT 300 52 i 1 R A 1)~ S MISEAE O H s bR
HOHATIEAON R, I A Wk A e A B A =
A2, AMLPsHEAE AN R R 1 fi R HAE
AN 22 -

/iﬁﬂjéﬁﬁﬁ

[awi/—

HNEEL
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CGWO

K 1 3T CCWOIMZ JZksnge

5 SRR

5.1 i) K SKIe i &

N T IRAS T H I CGW O S E X MLPs )
YIZRTERE, EHCT )1 307 AF (BRI o) J,  [r) 3t
2: AR ERAEI GRS WA 2 ) R AR S
B3R 280, R T R CGWO R M Zr bt B
BAT R, ASCER T GWO, PSO, GSA
(Gravitational Search Algorithm)HFIPSOGSAMH
FAENMLPsIIISRas, 23 B3R Foxd AT 5K
A Ho RSO UL IR R SR E T

X FPSO-MLP, ¢, il e, (IMH % B N2, rAlr A
0F1 2 [ I BENLEL, whM0.9Z M IB IR E0.4, #]
YRR B AE 031 2 18] A B AL AR %o

YT GSA-MLP, ai% B 820, 51 1% Gi%N
1, WIUEHRL 73 0B 1 (Al (M BENLA B, X 46
—ANKLF BRI 6 3 A Y % 0.

X FPSOGSA-MLP, 4ALHEEE N,
w0 9L I I 3 0.4, WIEERL T AR 1Z
(] BE AL AE A%

XFFCGWO-MLP, 5 E H0.55, it B N0.0068.

GWO-MLP, PSO-MLP, GSA-MLP,
PSOGSA-MLPAICGWO-MLPX} T [a] fi1. [ 5
2801 ] 850 3 P B RIUAR 4 531 4 B 50, 200, 200 5
KIERIRECH2500 ST T2 2 145 1 W &4 25 #4 15¢
B, BEEW SRR A2N+1, NAKHE
SERFEAN BT
5.2 3UE{ERLE (XOR)(E]RE

N AT AR AR 6 1] i A — A3 44 I AR 1 s v DU
R, R A, B2 R =R
“17 R, IR A AR e R(XOR), Bl
WM AR EAESHFRA 17, Wik “17
WA EE A 17, Wty “0” .
FUER 7K — S N . A 3L
AHER L ) B M LPs i B N3 ~7~1, RI3A
BN, TABRGEE A AL, IR B 5 R A
AT 1O A SE 5, IR EXMSE 1401 2 44
PEME. PE. AaEEMBIHEE IS LS H. H
SEEG SR R anFR2 M E 2R .

il AT 2MSE
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#* 1 UFBKIIEI(3 bit XOR)

TN i
000 0
001 1
010 1
011 0
100 1
101 0
110 0
111 1

T, MERFEL, PSOGSARIVEMTTHH 4,
RigfE, CGWORIEMIHHRS R 5PSOGSAK %
M, PLfEER2. VA EGIHEEREN, CGWORIE
X3 A A G [ ) 73 SR PE RE e, 5 GWORE
FHEE, HSMRPEREAE] TR KMSE s, &2 7R
BEIIENR

HE2R LA H, E2(a)f, GSARZEMISL
PERERR 22, CGW OB IS S B A ST S5OHS B 2
SANRLVE TR BT K, PSORIEAYSIORs B 22 1
GWORMPSOGSA%LZ:, (HHWSIR BRI 2(b)

< 2 5THEEXTS bit XOREIRE10R M IE1TEE RAIELE

, COWORIE I TR It b FL 43 o 2 B
GWORMPSOGSA K i & Bl T 91 5 i3 2 M,

PSOSILI PR LA 7 RAEH R IK T CGWO.

S FEME HE PR ORI
PSO-MLP 1.48¢-04 1.65e-05 2.40e-04 7.67e-09
GSA-MLP 2.35¢-01 2.38¢-01 1.17e-02 2.10e-01
PSOGSA-MLP 1.27e-02  9.29e-06 2.57e-02 1.64e—09
GWO-MLP 7.00e-03 6.07e-03 1.89e-02 2.90e-05
CGWO-MLP 6.01e-06 1.21e-08 1.33e-05 2.69e—09

H A AP CGW OSBRI SSOE FE 43 R UE

FEANE AR AR T Ho At oxd B SRR

5.3 S Ik4rio]F (Balloon classification)
AEREHE RS TANRHE, 18R /IR

A2 I o %I 4ERCN554E, MLPsX %

204, COWORIEAELOIM AL I8 H ¢
T3NMSESi it S8 P, PR HEZERE

0.40
0.35
0.30 f
0.25
[ca]
2 0.20
= il
0.15 |
0.10 +R
0.05 |
0 50 100 150 200 250
ERIREL
(a)Yirsith 28

BAREM R E N4~9~1, B4, 9
ST AN . L gh B W3S,
HZ3n[ 1S, FXf BRI, PSOHE%

100 > h > > > >
80
¥ 60
=
@ 40
&
20 +
—+PSO
-o- GSA 0b—o—o0 o0 o o o o o
—— PSOGSA 1 2 3 4 5 6 7 8 9 10
—— GWO BATIRHEL
- CGWO (OFERTES

& 2 BRI bit XOR I RR 10 SLIZ AT M sl 26 70 73 S fifl 2

FMSEM4NRIFSHI8 3] T HEW R MmE. HIK,
PSOGSARER TAN G H S HATHFE T T
GWO, CGWORGSAM 5L K. CGWOR LA
GWOHR LM E 4 R+ 80, (HGWOZER
FCGWO, MGSARIEEIHE S T HR4AFFIL.

& 3 STHEIEM SR RERE10 M BT RE LR

3P 51, fEEI3(a)H, GSARIULSIEHE A
WCSIORS 5 e 22, CGW ORI SICE & e tk, GWOR!
PSOGSA BA M WSCEE, PSORIHSIGHE F &
IR IR, (2 USRS A s i, Hx
HNPSOGSA. CGWOMSHEE 5GWORIE, H
K FPSOFMPSOGSA; HE3(b), GSAZE10IX AL
BATIERES, o RUEH R B2 s,
PSO, PSOGSA, GWOMCGWOHSIEF] 7 100% ]

Ty A HER .

CaFS Rl HE % RIE
PSO-MLP 0 0 0 0
GSA-MLP 5.90e-03 4.10e-03 6.00e-03  4.69e-04
PSOGSA-MLP  9.85e-32 9.73¢-40 2.94e-31 3.8le61
GWO-MLP 1.12e-18  3.56e-20 2.38¢-18  2.49¢-26

CGWO-MLP 2.35e-15  2.07e-18 5.03e-15 1.00e-18

5.4 WIP& 4y 28)70 (Iris classification)

WT R 73 26 In) R 492 N T ENNAIE . 0T
JEE IR LA 150N NZREEAS, 0 N3R5 Setosa,
Versicolorfll Virginica, JL4/NFEARKRIE: EH K
B BERERE . TEMEK R . Al I MLPs
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0.25 o 100 >
1.0 90
80
X
: 70 F
% £ g0 |
= g
@ 50 b
Koy
~—PSO 30T
-e-GSA 20 EE— '
I — 1 2 3 4 5 6 7 8 9 10
IEARIREL — GWO SEAT IR
(a) Wil 25 -+ CGWO ()53 KT 2=

B 3 SRS SBR[ 10X M LIS AT WAL Sl 22 A 73 S v ff 22

(G5 R A~ 9~ 3R Z i AT 43 2. HG it 45
R4, IS AR o FEE R R I 4T .

BHR AT AT, ST 06 2 258 i A 5 b BV 1
LORMASTIZBATIF R MG 45 R, CGWOFIE
ARl AL T H R aFh Bk AR HEE L TGWO,
He4 552, PSOM i W B TE B 6t LBy b dge
fl. CGWOHH TS FIMSE ) ~F 2548 A0 eb 8 Z AR
THABE Y, X EPCCWOR LM T AEAE X
SEhENET R BRI . FN, CGWO5GWOEH
FHIE AR 2 R I CGW OB 4k & T GWOEE
ek B HPSO, GSAMPSOGSA & #EE:
B

B4, B4 (a) R T 5Mp EE ST T I 43 28
i) @R o RSt 2, o, GSARIE RSl B2
MU SRS e 2, PSOGSAHIEECGWORIER
HAHERRESGER HLFGWORPSOH . CGWO

*® 4 STHEEIMLIR S RiERE1000M 3B T4 RE L

Sk FIE A bRiEZE EBOFE

PSO-MLP 2.70e-02 2.47e¢-02 1.76e-02 6.20e-03

GSA-MLP 1.83e-01 1.89¢-01 2.30e-02 1.48e-01
PSOGSA-MLP 4.91e-02 1.84e-02 1.0le-01 1.16e-02
GWO-MLP 2.27e-02 2.19¢-02 2.70e-03 1.71e-02
CGWO-MLP 1.90e-02 1.82e-02 4.10e-03 1.39e-02

LR WCSORE E T R e s i), H IR PSO R
GWOH%; MWEA(b)h I LLEH, PSOHEEM
PSOGSAFVELE 10K STIBAT 11 53 S HEHff 15 7 Th %
U B RS, COWORER V- Fatt i i BT 15
Iy RWERA B e, X A SRR T CGW ORI 5
SRR S AT SR
6 ZRIB

TRARAL T (GWO) & —Flogr 42 HH i oo i &
XEE, BB T RIRFFE N3 R IB IR
S, SRR S M E R AR .
I T R AR SR A R A B BT AS AE
ASCHEH T — R TR SO AR (CGWO)
SR T2 Z N g% . I3 300
FHAERE I I L SR Sy 2 )RR 5 73 2K 1n) R AT
S, T VRS S R AL B AR A B A B
Btk SRIR4E REW, 5PSO, GSA, PSOGSA
FMGWORZAALL, ARSI CCWOR LTI
LIRS, ERUERR . SRS B e
7 EA B ERE. @i 5PSO, GSAFIPSOGSA
(R B AREG 45 B ml 1, PSOSVEAEIERIT R TT
EARIF IR, T 55T 7t 5 mk m Rk
PSO5IANCGWOH, MHFEMmEMmIL, TE
ACFIR iR 2 B pr ) i
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80
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IEARUEL QWO BATIREL
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