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Model-structure analysis of dynamic neural networks with
particle-swarm optimization
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Abstract: Due to the random uncertainty in the particle-swarm optimization algorithm(PSO), the analysis of stability
is difficult to be performed. Most of the researchers on PSO solve this problem based on the practical model obtained by
experience. Being different, we employ the robust uncertainty theory to decompose the original algorithm into the time-
invariant part and the uncertain time-variant part for reducing the original fixed constraints on parameters, and perform the
asymptotic stability analysis by using the PSO algorithm with dynamic inertia weight. By using the Lyapunov method, we
obtain the sufficient conditions of stability for the dynamic neural networks based on PSO and the upper and lower bounds
of the parameters to be adjusted, providing the theoretical basis for parameter selection. Finally, simulation examples
validate the stability conditions and the effectiveness of the proposed dynamic neural networks based on PSO algorithm.
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1 5|3 (Introduction)
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PR GICRE AR S vk 2 A 8 R R B R EA 2 5
R PRt

vig(k+1) =

w(k)vid(k) + cirand, [pig(k) — ziq(k)]+

corands [pya(k) — xia(k)],

Tig(k+ 1) = xig(k) + via(k + 1),
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Fig. 1 The system state description for particles trajectory
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C(k+1) = A(K)C(k) + Bu(k), (6)
y(k) = CC(k), ()
u(k) = —p(k)y(k), (8)

1 w(k)

Forp: REHFEAR) = [0 w(k)
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—p(k)  w(k)
o
_ (10 _ | —o(k) w(k)
Ao =g o[ BAolk) = [—gp(k) w(k)] ‘

an

FEPEA Ao (k) B & T WO RE S92 1 BE DL A i 18 2t
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C(k+1) = (Ag + AAy(K))C(K).  (12)
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DF(z,t)E+ E"F'DT <eDD" + ¢ 'E'E.
(14)
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PIANT 8 R4, W RAEAE — N IE B S FEP, XS
e, o > 0, FF HIH L NI PR FEANEE 2, Aok R
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= <0, (15
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—eol
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(c+7r) I+ AAy(k)]™?

UE E SN AN E RGN 7y A A, W
X (16)FR:

w=f(s)=(s+c—r)/(s+c+r). (16)

B s V-0 B 5D (¢, )32 Ayw- 1T BLKE Bl A 5 1)
Je 2R, ELA P RE A0 F0 30 1 St o 3, R 8 A

2 R G0 (12) 5648 1% S AR AN 2 248, tn=X(17)
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E(t) = (Ag + AAo(£)C(E), (17)
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T HL IR 2R v S R mT Ll SO I g
V(z(t)) = 21 (t) Pz(t). (19)

X IR A K S 4L, 1452

V(z(t)) =z ( VPz(t) + zT(t)P,é(t) =

(Ao + AAy(t) + ad)z(H)] Pz (t) +

2H(t)P[(Ag + AAy(t) + al)z(t)] =

202" (t)P=z(t) + ( )(AAOT(t)P—i-

PAA(t))2(t) + 27 (t)(Ag P+ PAg)z(t). (20)

FE bR UEORL BE S L, B e(t) € rand(0,1),
w(t) € [0, 1], B LA FH Yo 5o St A e A 28, ANTiff
SEIFARTHA A () 1] AR IR A A Ao (t) = DoFy(t)Go,
Do, Gor AR HAT GG de B0 S A0 B, Fo(t) 2
IR AR I AR B, i AL Lebesgue 4k 4, Wi=l(21)
FIR:

F () Fo(t) < 1. 1)
DRI, R 5 | EE LR 5| BE2 0 LAAS 2 R T
V(z(t) =
202" (1) Pz(t) + 2" (t)(Gy Fy (t) Dy P+
PDoFy(t)Go)z(t) + 25 (t) (A P + PAg)z(t) <
2T () (AT P + PAgy + 2aP+
g5 'PDoDy P+ e0G Go)z(t) =
2T(4)Sz(t) <0
X HL
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3 AT AL M 4 (Dynamic feedforward
neural networks)

T BT ) PR I 2 R S AR, AR SR —
FoB B 8 A5 1 1) #1128 W 2% (dynamic feedforward neu-
ral networks, DFNN), ff1£ 62 [/ R A5 — AN idi s, W
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Fig. 2 Basic structure of dynamic feedforward neural

networks
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B B AN B 255838 2 KA i PSOS L BEAT 5 26
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(Convergence analysis of PSO+DFNN)
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SRR PR
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—2\/5 < w(k)A(k) 4+ ¢(k)B(k) < 2\/? (23)

o TAEF2eik, 3 X A(k) = v(k) fe(k)RIB (k) =
(k) fe(k). 3Eeb: (k)N BORLIAEIE, o(k) % R4 %
%, d(k) = (k) — p R BOREIT i LB .

UE 8 A v TR R s

V(k) = 5e(k) (24)
LA 2 0 240 0y ) RIS g () 103232,
LUK HE SCA

e(k) = \/1/N é(yd(k) —y(k))* = VJ.

DR HE 2 A O o R 0 AR A
AV(E)=V(k+1)-V(k) =

é[eZ(k +1) — e*(k)]. (25)
AN, FERSHUE T RGRZE RN
e(k+1) =e(k) + Ae(k). (26)
EX 1 RGEREMEH B Q IR
_ Oe(k) Oe(k) Oe(k)
Ae(k) = B Aw + 2% Ab+ . AT,

(27
X B w, b, TIE s A ML W 25 34 B @ N ) S
B AR OR R R I A 5, BRI S B TEET A
EW/I

Aw = —g—i =w(k)v* (k) + ¢(k)d”(k),
Ab = —%‘g — w(k)o (k) + (k)d'(k),  (28)
Ar =~ 5% = Wk (k) + " (),

X Haw(k), (k)53 2 Ok RE S v v R A5 B D
BEHLZEL o™, d* 53 & T HEw, b, 1P FFE =
IRk, 2R % R B AR AL 4l R BT
AV (k) =

Sk +1) - (k) =

2
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LN "
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202 () 2002 (2B o 1y Ol
G G+ 250

e K L A Ne)

3 % R 29), T BL R B (825552,
86( )

>4 2( 2 —1)+

242

)2 ( (k) )23IGUZH B 8 e n] R 22 T AR

(
}E.ﬂﬁ\ﬁﬁﬁﬁ X HAAT B — 2D it nT 43
AV (k) =
(k) oe(k) de(k)
AP0y (PR e (OB .

de(k) ,  Oe(k) ,  De(k)
[(&u) (6b) (=5,
PRI, T LA AR S R B,
(8§f52 <a§f52 (8§f52<1, 31
TAAV (k) < 0, 44 B 1015 7 75 2 b, i 2
PR R, E 3, AR ORI P, X7
IS REE T, T LA A5 B0 (0 4 RS 87 25 26
X(32):

)2 —1], (30

(32)

FR A 20 (28) F1X(32), AT A2 U R X

+ (k) () < 5e(b)

p(k)d" (k))* < Se*(k),

0 < (w(k)v* (k)
0 < (w(k)v®(k) +

0 < (w(k)v (k) + p(k)d" (k))* < =€e*(k).

(33)
BT HAERET = k), HAK) = v(k)/e(k),
B(k) = d(k)/e(k), Lk 1A= 4 2 T LA %5 A8 4
Tt

—2\/5 < w(k)A(k) + o(k)B(k) < 2\/§

7€ HI2AHIE. UEEE.

h T S O B A B I S5 e SE N TR T
TR BEL AL (R B 25 A 28 PN 28 2 A AT 56 o B2 HEA T
¥, v USRS 1.

R 1 7R TR R B A 4 I 2 41
BRI A ok )R T B S A A

Umin(k) = 2\/?6(/{7), vmax(k) = 2\/?6(]{3), (34)

AR T R A AL AR

UE MR 5E B2 T] LAAG B o 2 9 2 2 B U A
Vi, BEAT AR

— 2\/§ < w(k)A(k) + o(k)B(k) < 2\/2

_2¢E<wwwwnw@xdm—m ]

<24/=

e(k) 3
_ 2\/§e(k) <vk+1)< 2\/ge(k).
(35)
V() € [Vmin, Vmax), FTEMERIFHE.  UEHE

M G5 S a] DU HY R G T N T I
RIS, T LHEAT A 0 E N R R, M AR R
PSO+DENNPJ & . 7T LS A G il e K,
Bl A ph 2 W9 2% T 2, e (Re) I8 /D, R0 T ) 3
PR B 25 (090>, BT DAARORT £ 28 ] LB T4 1
5 i B 525 (Simulations)

AT I AIE A SC R BHORE R B R BRUE Tk 4% A A
BE T IORL R S VE AR 4K 18 2 25 4 28 10 488 B TR 1R A 2K
PE. DX A SRR R0 1 AR B L 2 25T 11
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Bl 5 3% AR IR B 0 kAT 5 4% 9% ok B AR £k T 0 vk,
A F TPSOM VLI J5 M Fr 4k i@ I s B, (k) =
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—0.0009 0
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WRE. dE, I AR M B I IR RGBS, 5
UELE R UE B4 T IPSO+DENNFE &Y 1] L) 75 4y
RIUEDNERAMIELERR, REPFIURFE. F 4k
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Fig. 3 Schematic diagram of particle trajectories
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Fig. 4 Phase planet of particle trajectories
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SRR HE 11, % TE BT 1 S 4 AT BRI, SR

TR 2 S £33 ﬁiz\@( ), A
MATLAB{H ARG U1
Start

Initialize the population
Evaluate the error: e(1), k = 1
Update P; and P,
While (k > Iter,,.x)
Do

Update v(k)

1
va(k:+1)>+2\/; (k). 0(k+1)=+2

ﬁ

(k4+1)=-2

ﬁ

1
If v(k+1) <—2\/;e(k
Update (k)
Evaluate the error: e(k + 1)

Update P, and P,
Update inertia weight w(k) = cos(kw/100)
End do
End
P50 28 1 I 25 i 0 5% R TR R I, S 0

NS G 1A S B B Y, R ke D Ao e I 2 L T DU
UL, PSO+DENN AT B AT M2 AR, T IARES s
LR A2 X S N L R

A K PSO+DENNS HAth i 25 W 2% i 7Y 33k 47
i BB, 43 ) & Ji 45 BPNN, PSO+BPNN, Genic

Algorithm(GA)+BPNN, zlj 2 i# VI Elmanfil £ % 4%,
K HIMATLAB T H A4 4 fit (3% 28 i 1) 25 i BP A
2% W 2% )t 4k J7 ¥k, Variable Learning Rate, Quasi-
Newton, Levenberg-Marquardt. i A [7] 1) P £% 2
F2—-20—1, FEAT P47 2], Ferp GASIL I 4R A
h50, A8 AR AH0.95, 45 a1 iR,

14 ¢
1.2
10 F
0.8
0.6 §
0.4
uzi

w(k)

IOOO 1200 1400 |600 1800 2000
ANEIRTTE] K /s
¥l 5 PSO+DFNNI] R G 145 R
Fig. 5 System identification result of PSO+DFNN
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Table 1 Learning results of neural networks

T R 2% WkiRzE ZARZE I FE/min
BPNN 0.79191  0.018030 14.55
PSO+BPNN!'®  0.065247 0.004765 4.13
GA+BPNN[8T0.069623 0.003773 31.22
VLR+BPNN 0.00162  0.006620 5.6
QN+BPNN 0.00501  0.000964 9.1
LM+BPNN 0.00443  0.000902 13.25
Elman 0.00221  0.000150 850.1
APSO+DENN  0.00241  0.000240 4.97

MBSy AT BLR BBt e (k) IS, Sk A 1
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MFFEE T 8 ). MR AT BLAS Y, PSO+DFNNIH)
WIGRNZ AL ARG 2 T B e T, proidfig 12
TELRUEE S I RS BE R, 78 2 DR UE S0 () A e 1k
GA+BPNN 7 4 [ 2% R 22 L0 R 4f (I BPAP 28 I 4% 4,
AEATY AR AN U ARORE B A5 55 ol 8 I 285 &85 6 TR R0 R
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THFEEN N A R I 1171, ek, 5 oot iR B R
BT V2 AH L, O FSE NN [R) I 3] T S0 8 PR RO AR5k
(T YA SR AN R PRy Sk AN )
IR, A SCRR I TTVE, fEAR St RGO
o, R TR ORI, AT LR A IR IR R G AR E 1,
NN T2 H M E, B 1k T HEA RS 5
WA AR, F3 40, 7R CRUEA ks FE (1 (Rl ), Py 7 22
(T BRI TR, B8 S W A T 245K
6 %525 ¥ (Conclusion and prospect)

A SCAERRLRE S o i Atz b, 789> %18 T 3)
A A A BEHL S EOR 5, b T 2 A Tk
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