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Hopfield ff £ i 4% (Hopfield neural network,
HNN) C 4 i W1 2 A s e 4k i) i 0 TR DL
HNN K H 86 FE N BRvE AT TR, ] 5 B N R Ak
AN ECH I AT P, Aihara % P78 HINN 454
(Al Bl N AR B S, 8 I R AT Y,
FEH IR Z M 2% (chaotic neural network, CNN),
M VR 3l g P O AL A )R P SE IS B R
R E. HHT W% SHE e, 580 % Tk
FasE, SCHR [4] 75 Aihara %5 BURE 72 (10 36 At 51 N IR
A ADLIR K AL, A5 190 28 () VR TIE AT O B 4R HOE R
W, B EiR1 9 HNN, $2H 7 8 & R i 2
% (transiently chaotic neural network, TCNN), B%
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TCNN R A 05h o 2502 53 4 1) Sigmoid
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SC T i FEL U ER AN [ A I T 52 AE 5 B DN T
AP, SR A2 80E 5% (frequency conversion
sinusoidal, FCS) B8 %5 Sigmoid &% HUMALF ) JE
A D TR A 22 e ) U R B, $R T — AR
CNN A5 Y ——A 551 1 5% YR il 4 8 ) 2% (frequency
conversion sinusoidal chaotic neural network, FC-
SCNN) #5784 1E X il of 25 Ak B8 A0 1 [R] B,
FCAE AN SE N & H L AE P & TR 1. 45
H T FCS JRIMAZ e 115 5 72 B AT K Lyapunov
FREH S A I, e 7 B ) SR M
A CNN AR R T R4 1 ok B A AN ZHL A Ak i)
R AT 7 LA, 45 R AR A A B R I e
=B N e .
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Table 1. The characteristics of five different brain waves.
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v 36—100 3—5 e O

FHER 1R, A IR O T AR SR N PR A ) vy
FPIRAS, I H B GEEEER, i U A by, TR
EA%MEE Sih Al Tang [ # Hi 52 B K i 8 4835 5
) Fi R Y EH AN (R0 1) TR %45 5 2 N e, 4 Fr
T A5 S H 0 8 0= AR A () 0 25 g L 7 Al PR 38
RARI. AR LA _EAEYIBLH], 2 LFCS B T

S(u) = Asin(u/e)
= A(0) - exp(—alu]) - sin(u/ (=(0)
x exp(—blul))), (1)
H, Nk E & &, H T RAE W 38

SR 55; AN IE % iR U IE E, A(0) A IR E B ME
(0 < A(0) < 1); e NIEZREHIBEERH T, AT

FAE IE 5% B B 1) KN e(0) 4 BEFE R 7 WA
(e(0) > 0); a, b¥INIEES . Bl 14 A0) = 0.2,
£(0) = 0.08, a = b = 1’ A FCS B E 5.
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Fig. 1. The graph of FCS function.
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K Z. TCNN ¥ & 500 Sigmoid B8 %L, BA
s (1) A ) 2 AR, (EL 2 IR R RE AR I 22 T0 s R FE 1Y
AL A S SCHR [5—11) 0 PR 3 R URh R £
MIETTE, G UL AL, ¥ FCS M S
Sigmoid B8 ZUINAFNAE Sy VR #0228 T 1 D BR 45
V4 Uil bR E A FR R A RN 2 SIS SR
WA 28 0 R B0 T ) DA B i 4 28 AN () R R A 1Y
FEAL R T —FE R & oA ——FCS R
AR O, fR T

x(t) = f(y(t)), (2)
y(t +1) = ky(t) — 2(t)(z(t) — Lo), 3)
2(t+1) = (1= B)z(1), (4)

f(u) = Si(u,e1) + ¢ Sa(u,e2), (5)
Si(u,e1) = 1/(1 + exp(—u/e1)), (6)
Sa(u,e2) = A(0) - exp(—alul)

x sin(u/(e2(0) - exp(=blul))), (7)
Horh, y(t) NP ETC N EBIRAS () 4 T
k&R RIBRE R T (0 < k < 1); &1 Fleg 4351
A Sigmoid B8 £ S, 1 FCS B8 £ .S, 1 %E’Z‘ﬁ (€1,
go > 0); c NFCSEEMI LB R (0 < ¢ < 1,
c_oﬁﬁﬂmN&ﬂ)mﬁEﬁ%ﬁ z(t) N HE
SGERAE (2(t) > 0); BN 2(t) BB KA T
(0< 8 <1). e, = 0.08, A(0) = 0.8, £5(0) = 0.02,
a=6,b=1,c= 0250, So(u)5 f(u) REEH
e 2 s,
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Fig. 2. (color online) The comparison of activation function between Sigmoid and Sigmoid+0.25FCS: (a) FCS

function; (b) Sigmoid+0.25FCS activation function.
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Fig. 3. (color online) The change characteristics of the amplitude and frequency with a, b: (a) The change charac-

teristic of the amplitude A with a; (b) the change characteristic of the frequency 1/e with b.

H1 1 2 TR, I FCS Ji 0 e BRI H —
SEMIARF A YE, RIS ORFF T Sigmoid BRI A4
Rtk B BB R A(0), €2(0), a, b, cfH, AT LA
73 B FRF 1A LR SRl R AL 2(0) B/, U IE
5% BRI U A A(0) Al ek, I FCS B #I L
EBOK, TCHICRE A - ikl o KAl LA R PR K
€ HAh S HAAL, TRAE AMBIZR 1 /e 73 b a, b
AR WL 3
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Table 2. The parameter values of five different FCS waves.

Bzt A /He €2(0) b
3 0.4974—3.0088 0.32 1.80
0 3.9789—6.9657 0.04 0.56
« 7.9577—15.0917 0.02 0.64
B 15.9155—30.1834 0.01 0.64
¥ 36.1716—100.3108 0.0044 1.02

B 3 AT, a, b4y il ok e A6 IR AE A2 A0 98 2
AR BEBE, a Bk, WRME B8 BBk /N, b H0K,
AR BE LRI L. /R (7) AT, £2(0), b, w3t [E ¥R

2 FCS PR IR (f = 1/2me), b, 2(0) 5
BB T FE, FCS BB e R WK 2.
B & 20 &1, FCS ik i B #1355 F (0.497—
100.311 Hz) 5 3 157 51 19 G H 9% 45 B A0 3
(0.5—100 Hz) — 2, & W o3 A0 2 (1) A= M) AL
1, Hd0.0044 < e2(0) < 0.32, 0.56 < b < 1.8,
lul < 1. PHETCIIBN ) SR mT LUARYE 51 43 72 N
K Lyapunov fE R FIAIL. 1E 1) Lyapunov
TR R HAARAT N, Lyapunov $8 208K,
FoRIRIR R 7. Lyapunov $840e X R

n—1

1 dy(t +1)
A= lim - ; log ‘ dy(t) ‘ (8)
NXEF FCS VR A28 oA R A
dy(t+1) ; dz(t)
a0y
_ dSi(y(t)) = dSa(y(t))
_k—z(t)< () ) > 9)

dSi(y@®) _ 1

L@~ o= Sn), 00)
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= — A(0) [a e Wl gin <|yL217(Ig)(t)l> + eg:(lz;()t)l cos <y§:|(?;()t) )(eby(t)l + bly| ebly(t))]
sl () By
H (8)—(11) =\ AJ 13 FCS VR i i 28 e 18 7 1) P 4 A 5 BT,

Lyapunov fa 8 i H A N 7o dr b i
FCS R 2 TOBAL ) B ) A, 1 IUE 412
B, PR TOR 2 R IR AR R, IS
k=1, 8=0.005 & =0.02, I, = 0.65, 2(0) = 0.8,
A(0) = 0.8, £2(0) = 0.04, a = b =1, c = 0.25lt},
FCSTR M 2 70 5 bR i B SR M4 T (¢ = 0)

()45 53 20 B A Lyapunov $5 5 i [8]38E 44 B 43 ) an
1.2
‘A 9-'; (a)
1.0 -.v,-°.. f e
0.8
. 06 . R
5 -
02 -l (X1 . ’ ..
RO TALY
of .“ N
..\..I .:;I.-\J 1 1 1 1 1 1 1
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H B A4 AR 5 T, Bl OSSR AL 2(t)
(RIZEDR, L8348 sl o3 20 1 A, HH VR V2N 12T [r)
RS R E B2 E A — R (A3 ). FH
FESHORET, FCSIRMM A It SR 4 T
KIHEFE 31547 R, BAEREZ R IEE
Lyapunov $5 %}, 1X %655 7 5 BV i ph 28 o 1Y
B 1) 4 R SR ).

(b)

0
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K4 FCSRHAE TR 572 B & Lyapunov FEE MEAE () 15 #; (b) Lyapunov i £1&

Fig. 4. The reversed bifurcation and Lyapunov exponents of the FCS chaotic neuron: (a) Reversed bifurca-

tion; (b) Lyapunov exponents.
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Fig. 5. The reversed bifurcation and Lyapunov exponents of the transient chaotic neuron:
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3 FCSCNN # A&

FIF Lk FCS 1R 28 oAy, My 1830~
FCSCNN f 7.

zi(t) = f(yi(t)), (12)
N
yi(t + 1) = k’yl(t) + Oé( Z wija:j(t) + Il>
Jj=1,j#i
— 2i(t)(wi(t) — Io), (13)
zi(t+1) = (1= B)zi(t), (14)
fw) = 81(u,e1) + ¢+ Sa(u,eq), (15)
S1(u,e1) =1/(1 + exp(—u/er)), (16)
Sa(u,e9) = A(0) - exp(—alu|) - sin(u/(£2(0)

x exp(=blul))), (17)

Hb, o BN IEE LGS 5L, w;; NAHE G FIp
£ j I ERERUE (w;; = wj;, wy; = 0), I; &
PTG AN RE, S50 LR FCS Rl #f
2o, FCSCNN #ER S5 Ry a1 6 F .

HPE T

R eR

—> z(t)

6 FCSCNN B 5]
Fig. 6. The structure chart of FCSCNN model.

Hi (12)—(17) AT 5, AWK S5k, o, B,
2(0), Iy, 1 L FCS REB L A(0), £2(0), a, b, ¥
HHUETE R, (HHETEZ . SEIREEXT 245 12
J1E A R S S RE A AR KRR . IR A IS
RS S BT fof ) 4 Ak TR A, FER I 42 R
FREREE ST, L R B s M. A7 B A Y,
o5 I 2 T H IR TAT Ay, I T R IR IS
WS FE g R A B AL AT AT R S5 A
RACACR. SebrS v 75 22 5 B 1) Ya I J k¢
JiiE. BTk 1A) R A 2 I 1 2 e Y 2 4]
()R L5 e BB H AT T SEBR AL Ak ) R ) A
B HUR BOE R AR E A IS AE. ik, R4

WA SCERIE I, 25 T o BRI S Bk £ 07 &.
k R Bc 2 808 5 N ERIRAS AR ), AR K 2 Al
WL AR IR VRS, R 2 3Gk AR kL, @
BB RNLKAE 0.9—1 7190 o [ B RSB BB PP
B A2, i E i (TR ) TORER B T0A B 3
P, HAE I RVR T AR AR B, BG4 R
FLMERE, R 2 B R BUAS BE 78 40 52 M D) 45 i AL,
¥ RAEAR /N a4 2, AR S8 3 A S SCHiR (4,
7—11, 15—18] i HSL%, HAE W B AE0.01—0.5 &
BT FIEACTERE; o1 YL E Sigmoid bR £ BE BE,
FLAE R R W RIS, (B R P R B, e 2 TRV 4T
JRiE R MRS (TR 0 I I EIRTEAT ), H
52 ¥ B 0.001—0.1 16); XTI ik, H §i i
e [ e AH, W FE N 0.56 3.0.65; 3, 2(0) 435l 5%
M ] 2% P A9 2 VIR 9ot 2 P 0 VR T Sl 1, [ e
JE W 28 B WL SIH E, BB K I 2 W SR, H 23 B AR
FMAER R, 1 2(0) MK 4 VR T2 s R 21,
R R 2 WL SN, T 53 2 1) R RIS AR AR A i e
W T BER/INE B AL =T 2(0). WAl AN A 1 Af 2 AN
TR OC R, BEARAE R A 1) & 2 DA B SRR T
FETE U, FHIE I S50 % B & N TR s
B, XA RAXHI T T [ T R A —

FCSCNN (AR ALATL ] [F] NN AL, & A2 s i)
FILIR) B b BR BB A R 25 1 B R B, K 4 B B
1A RN H bR bR E i TR FE, 24
SRCRIRE A2 S5, o I ()4 28 i B A BT LRI
Al L (B /AR . AR NN A4k S5 E A
AR

dy; oF
at Oz

A H) /& FCSCNN R i iR E 7E (19) Rk
EHEAMINEE R H, H 9 EEREH AR
B, AR 2% 75 TR 18 % P B R i 3 ) 1ok
/N1 FCSCNN 78 41 46 K98 2% B B 2 ) F VR ey
PELEAR 2 0 N 4% J— 2 TR i T A E R« H
P &R R, B 2(0) FEEW, s s,
W 286 444 25 3ok 18] 4 7032 20 IR K B P R S 40 48 2
B B 1101,

E(t) = Enop + H

A
— _5 Z Z w,-jxi(t)xj(t)

i=Litj j=1.j#i

N N x4 (t)
DRTUEED S R aCLE
i=1 ti=1

(18)
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+H(xi7wij7-[i)v (19)

Ho, HREMMAEED; i =1, 2---, N, N ML
TEHINELG wiy ARG T G RIRREE T § 2 18] iR AL
fB; o NE A ME TR, 125 MHE T
BUE; 7 AR i MMETTHIR R G () NS
PR S R A AR (18) 2RI A O I m] 7= A &2
P ONNBLAL. [Ft, H #)E e 7 HNN g B
A A FRE s VR B) I3 AT R, 3T AT AR A R
CNN A8 577 HNN (e R itk G 78 &
TR A A X & TONN £ Jm AL L fA% 0
JITAE.

4 FCS AR L AL AL 5] &1 B 5L A
4.1 HERERBMECPHNA
bt VN N 7 AN E
f(z1,22)
= (x1 — 0.7)*[(x2 4+ 0.6)* + 0.1]
+ (w2 — 0.5)%[(z1 + 0.4)* + 0.15]. (20)
BRI f BIERAME N 0, F/ME RN (0.7, 0.5); J=
A% /N 258 (0.6, 0.4), (0.6, 0.5) F1(0.7, 0.4). 7E
FOSCNN 8 b ZHE IR k=1, a = 0.1,
B =001, e, = 0.05 Iy = 0.56, 2,(0) = 25(0) =
0.8, A(0) = 0.4, £(0) = 0.08,a = 6, b = 1,
c = 0.25. BEMLPIEE AL 21, o (F1E, FCSCNN

TR AR AL R B f ) RE = pR BB A I TR] AL B
K 7 Fos.
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Fig. 7. The time evolution diagram of the energy func-
tion E for function optimization by FCSCNN.
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Fig. 8. The time evolution diagram of FCS neuron
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M H (18) 2015, #iiA R Ml TSP i FCS #1487t N 38
K& 15T FER

Yij(t+1)
= kyij(t) — 2(t) (2 (t) — Io)

+a{ - W1<§:xu(t) +§:xk1(t)>

I#j ki

N
| S i) + g1 0)] + 71,
ki
(22)
i, zio = T, Ting1 = @1, xy; NG TR,
ERORINTT i T2 5 AT Wy FIWL Sl S
2N O T B/ AR K B AR R HSO6E B RS A R AL
dij T & T 5 2 B BE B
B0 AN 30 T 05— 1k S5 0 AL bR, EXUAE 43
J:(0.4000, 0.4439); (0.2439, 0.1463); (0.1707,
0.2293);  (0.2293, 0.7160); (0.5171, 0.9414);
(0.8732, 0.6536); (0.6878, 0.5219); (0.8488,
0.3609); (0.6683, 0.2536); (0.6195, 0.2634). .40
T 2 2 A I I R B AR K B D 2.6776. 7E FCSCNN
R G SRR T : k=1, a = 0.05, § = 0.01,
g1 = 0.05, Iy = 0.65, z(0) = 0.8, A(0) = 0.4,
£2(0) = 0.08, a = 6, b =1, ¢ = 0.25, Wy = 1,
Wy = 1. BENIWIGEAL 25 (E, FCSCNN 7Y 3K fig
TSP i G & 5K 3 E FFCS AL IC 2y i H
N 7 V5 A4 1] B e A B A2 23 T 9 — ] 11 s

600
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400 p &
= 300
200

-
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Kl9 FCSCNN 3Kfif 10 31 TSP R & k5 E B (a0 K
Fig. 9. The time evolution diagram of the energy func-
tion E for 10-city TSP by FCSCNN.
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100025, ZRF| TR 3K 4.
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#3 AFZHF FCSCNN RAE 10 ki TSP 455
Table 3. The results of the FCSCNN with different parameters for 10-city T'SP.

c- A(0) £2(0) a b NLP NOP RLP/% RGM/%
6 0.1 1988 1984 99.40 99.20
6 0.3 1996 1972 99.80 98.60
6 0.5 2000 1983 100 99.15
6 0.8 2000 1989 100 99.45
6 1.5 1995 1986 99.75 99.30
0.1 0.01 1 1 1989 1778 99.45 88.90
2 1 1988 1872 99.40 93.60
4 1 1979 1922 98.95 96.10
6 1 2000 1981 100 99.05
8 1 2000 1968 100 98.40
10 1 1982 1939 99.10 96.95
0.2 6 1 1991 1840 99.55 92.00
0.3 6 1 2000 1606 100 80.30
0.5 0.01 6 1 1928 1423 96.40 71.15
0.8 6 1 1636 1125 81.80 56.25
1 6 1 324 148 16.20 7.40
0.50 6 1 1976 1820 98.80 91.00
0.10 6 1 2000 1867 100 93.35
0.1 0.05 6 1 2000 1884 100 94.20
0.001 6 1 2000 1990 100 99.50
0.0001 6 1 2000 1991 100 99.55

¥ NLP A5 #4240 (number of legitimate path); NOP i #1£%L (number of optimal path); RLP &1kt
(rate of legitimate path); RGM HALLZE (rate of global minima).

K4 AFIHGEERRAF 10 317 TSP 1 i 5
Table 4. The results of the different models for 10-city TSP.

Model NLP NOP RLP/% RGM/%

HNN 1582 930 79.10 46.50
TCNN 1972 1809 98.60 90.45
ITCNN 2000 1900 100 95.00
FCSCNN 2000 1981 100 99.05

1% 3 AT A, a R R B /I (6 2T 0N B 2
AR L B /e ok, WK 3 ) R A 45 e b
N, FAE DY 6 I HAT Sdr AR PR RE, T b AR
AR % FCSCNN AL AL 11 BB 52 1 I A B 2, 3X A2 i
T a X UURh R A5 A S A RS B 5T OC B A ok E A
Fl. Hec- A(0) < 0.2/}, FCSCNN #5754 5 471

MALTERE, 2. A0) > 0.3, B KAk fE S48
7, F 5L DRIl B B 2 e R T K52 ) B R 1)
FE M, M2 IIEAE R BRI, e2(0) EBR/, IR
AR B, HAS 2 B A R AR e PR = A o). 2R
w b, RERASH AW/, AR B RN
fife. AHs2, FEAH EIRIEA D ECT ) X B Be 8 R L
AN 2 1 4 JR 1% 2R g

i 22 4 0] 20, 2 1 A FCSCNN 5 Y by HoAth 1
P A E 2R FREE S N Tk
5 AR AR 0of T b RORAE ) 8 1 SO A 7, 1 30 A
75 NI T TSP, T AN A2 5% R 1) R R AR K R dn
K12 iR, 43 9108 4.237406 F15.434474 071 BEHL
IG5 WOAE, 356 AN [R) 455 2 3E AT 200 IR A ST 52
55, 2550 mlank 5 MK 6 pral.
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TSP solution
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Fig. 12. The optimal path in normalization of 30-city
and 75-city TSP: (a) 30-city; (b) 75-city.

x5 AFMLEBERRAE 30 T TSP 45
Table 5. The results of the different models for 30-city TSP.

Model NLP NOP RLP/% RGM/%
HNN 112 7 56.0 3.5
TCNN 189 45 94.5 22.5
ITCNN 196 52 98.0 26.0
FCSCNN 193 61 96.5 30.5

£ 6  AFRIMLEERRAR 75 BT TSP [ gl
Table 6. The results of the different models for 75-city TSP.

Model NLP  RLP/% BS J)%
HNN 32 16.0 6.4703  25.675
TCNN 103 51.5 57617 13.534
ITCNN 125 62.5 55834  10.802
FCSCNN 136 68.0 54345  8.621

FHER 4 FN2% 5 AT %0, S L bl 26 5 30 i 4 (1)
2 24 ) U EL. T 75 38T 1 TSP, k£ H5
E R AR, B2 ek 2 B LA (the best
solution, BS). ik, 31 A (23) 2 Frax B VAT 18 21
JUST PPk A RS IR (A1 A 1: R

J= AV*Z;MW « 100%, (23)
Hor, AV S REEMEIME, GM A% R s
J BB, A Re Bk,

FHER 4—3% 6 A0, X T AN R B e i 2,
TEAH R A B S 5% AF R, 32 B FCSCNN # 2Y
F HNN ) TCONN U, TTONN ) 45 %9 B A5 5 & 11
B A0 EER ARG B, U TR i AR 24
FBAR /N s R ORFSLAL A 1) R, AR R B 2. X
ST FCS B EAME G I 1 #4028 70 3800 ok 2 E
FRFERE, JF H e AE S IE 5% e B BRI AR
AR s, IX L HRBE 5g T FCSCNN #E A B B i 4
R FILPERE B3N /) 7 L.

5 % %

AL FCS B #0 F1 Sigmoid B8 420 & 1F 9 3E
YRR R, R T —FBi A CNN LAY B FC-
SCNN B 33 ot 22 il % YR A 28 7 1) 0 22 Tl e i
K Lyapunov ¥5 i ] 5 44 B 0T H11% 5 BUR M pH 2
TUAR R B B A VRIS F1 5 1, O LL R AR A VR g
RRPE S NI, XA TRIEE R T E i A/
MRS, JF UK AR R B 2 i iR i Ak
A AL L, [ 587 T FCS S HUT B
RUVERE R0, )7 ELSZIRUE B T %R R 0 R N
AT, FESHEENER DI oo, 2T
— B HREATIN T AE.
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Abstract

The optimization performance of transiently chaotic neural network (TCNN) is affected by various factors such as
chaotic characteristic, model parameters, and annealing function, and its capacity of global optimization is limited. It is
demonstrated that the non-monotonic activation function can generate richer chaotic characteristic than the monotonic
activation function in the TCNN model. Besides, the activation function involving neurobiological mechanism can not
only reflect the rich brain activity in brain waves, but also enhance the non-linear dynamic characteristic, which may
further improve the global optimization ability. Hence, a novel chaotic neuron model is proposed with the non-monotonic
activation function based on the neurobiological mechanisms from the electroencephalogram.

The electroencephalogram consists of five brain waves (i.e., a, 8, 4, 7, and 6 waves) which are defined by the quality
and intensity of brain waves with different frequency bands ranging from 0.5 Hz to 100 Hz. The brain wave with a higher
frequency and a lower amplitude represents a more active brain. Researches demonstrate that the five brain waves can
be simplified into sinusoidal waves with different frequencies. Hence, a frequency conversion sinusoidal (FCS) function
which has the consistent frequency range and features with brain waves is designed based on the above neurobiological
mechanisms. Then a novel chaotic neuron model with non-monotonic activation function which is composed of the FCS
function and sigmoid function, is proposed for richer chaotic dynamic characteristic. The reversed bifurcation and the
Lyapunov exponent of the chaotic neuron are given and the dynamic system is analyzed, indicating that the proposed
FCS neuron model owns richer chaotic dynamic characteristic than transiently chaotic neuron model due to its special
non-monotonic activation function.

Based on the neuron model, a novel transiently-chaotic neural network—frequency conversion sinusoidal chaotic
neural network (FCSCNN) is constructed and the basis of model parameter selection is provided as well. To validate
the effectiveness of the proposed model, the FCSCNN is applied to nonlinear function optimization and 10-city, 30-city,
75-city traveling salesman problem. The experimental results show that 1) the FCSCNN has a good performance under
the condition of moderate a, smaller ¢- A(0) and £2(0); 2) on the basis of the appropriate model parameters, the FCSCNN
has better global optimization ability and optimization accuracy than Hopfield neural network, TCNN, improved-TCNN
due to its richer chaotic characteristic in complicated combinational optimization problem, especially in middle and large

scale problem.

Keywords: chaotic neural network, electroencephalogram, frequency conversion sinusoidal chaotic

neural network, combination optimization
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