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Abstract In this paper, the robust synchronization for
static neural networks with nonlinear coupling and time-
varying delay is studied. By constructing the appropriate
augmented Lyapunov—Krasovskii functional, utilizing the
theory of Kronecker product and the linear matrix
inequality technique, we obtain the delay-dependent syn-
chronization conditions which ensure the nonlinear cou-
pled static neural networks with uncertainties in coupling
matrices terms robust synchronization. The robust syn-
chronization problem for the nonlinear hybrid coupled
static delayed neural networks is first time investigated in
this paper. At last, numerical example is provided to
illustrate the effectiveness of the proposed results.

Keywords Robust synchronization - Static neural
networks - Linear matrix inequality - Nonlinear hybrid
coupling

1 Introduction

In the past few decades, complex networks have attracted
great attention from researchers in various fields. The main
reason is that many real systems, such as electrical power
grids, food webs, World Wide Web and social networks,
can be described as complex dynamical networks [1-4].
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Recently, there has been a growing number of studies in
the synchronization of the complex networks [5-25].

The coupled neural networks, as a special case of
complex networks, have been found to exhibit complex
behavior, and their synchronization has been investigated
[16-24]. Due to the historical observation of Huygens on
pendulum clocks, it has been reported that there are syn-
chronization phenomena in many real systems, such as in
language emergence and development as well as in an
array composing of identical delayed neural networks [20].
The synchronization problems for fractional order systems
have been investigated by different methods in [26, 27].
There are many benefits of having synchronization in
coupled networks and systems in engineering applications
such as secure communication, harmonic oscillation gen-
eration and signal generators design, which has taken a
very special position in science and technology [2, 5, 16,
20]. On the other hand, it has been well known that the
network traffic congestions and the finite speed of signal
transmission over the links may lead to the oscillation
phenomenon or instability of the networks [28, 29], and
therefore, synchronization problem for complex networks
with time delays has gained increasing research attention
[16-24]. For example, the global exponential synchroni-
zation in arrays of coupled identical delayed neural net-
works with constant and delayed coupling was investigated
[16, 18]. The globally exponential synchronization for
linearly coupled neural networks with time-varying delay
and impulsive disturbances was studied [19]. In [25], the
problem of non-fragile synchronization control for com-
plex networks with time-varying coupling delay and
missing data was investigated. As a particular kind of time
delay, the distributed time delay has also received much
attention since a network usually has a spatial nature due to
the presence of an amount of parallel pathways of a variety

@ Springer



840

Neural Comput & Applic (2014) 25:839-848

of axon sizes and lengths [8, 20]. Note that there are very
few results for synchronization of the neural networks with
distributed time-varying delay nonlinear coupling.

From the practical point of view, the network coupling
and network parameters may be the uncertainties or inac-
curacies, which could break the dynamic behaviors of the
system. In order to deal with this case, robust synchroni-
zation of coupled neural networks with uncertainties
becomes very important [22-24]. In [22], the robust syn-
chronization in arrays of coupled networks with delay and
mixed coupling was studied. In [23], the robust synchro-
nization problem for an array of coupled stochastic dis-
crete-time neural networks with time-varying delay was
investigated. In [24], the synchronization problem for an
array of neural networks with hybrid coupling and interval
time-varying delay was concerned. In [30, 31], the fuzzy
neural control problems for uncertain chaotic systems and
interconnected unknown chaotic systems were studied,
respectively.

According to whether the neuron states (the external
states of neurons) or local field states (the internal states of
neurons) of the neurons are chosen as basic variables to
describe the evolution rule of an neural networks, neural
networks can be classified as static neural networks or local
field neural networks [32]. There are many results for local
field neural networks. In [29], the stability problem of a
class of recurrent neural networks with time-varying delay
was studied by a weighting-delay-based method. In [33], a
non-fragile procedure was introduced to study the problem
of synchronization of neural networks with time-varying
delay. In [34], the synchronization problem for neural
networks with time-varying delay under sampled-data
control was investigated. As a tool for scientific computing
and engineering application, an obvious characteristic of
static neural networks is its capability for implementing a
nonlinear mapping from many neural inputs to many neural
outputs [35]. The static neural network model plays an
important role in many types of problems, for example, the
linear variational inequality problem that contains linear
and convex quadratic programming problems and linear
complementary problems [36]. When static neural net-
works are used to deal with parallel computing, many
calculations are carried out simultaneously and large
problems can often be divided into smaller ones and then
solved concurrently, which causes coupling. By using
parallel algorithm, one not only needs to consider the
problem itself, but also the parallel model and network
connection, which is more effective to solve practical
problem. Most coupled neural network synchronization
problems are about local field neural networks, and there
are few synchronization problems for static neural net-
works. When it comes to parallel computing, the static
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neural networks are useful tools, which motivates us to
write this paper.
In [36], a static neural network was shown by

{ %(1) = —Ax(t) + g(Walt — d(1))),
x(1) = (1), € [~max{d(1)},0],

where x(¢) is the state vector associated with the n neurons,
A = diag{ay,ay,...,a,} >0, W = [WIT, WZT, - W”T]T is
the delayed connection weight matrix, g(Wx(z)) =
[g1(W1ix(1)), g2(Wax(2)), - - ., gu(W,x(1))]” is the activation
function of neurons, ¢(z) is the initial condition, and d(¢) is
the time-varying delay.

Motivated by the aforementioned discussions, in this
paper, the robust synchronization problem is studied for an
array of static delayed neural networks with nonlinear hybrid
coupling. We propose a nonlinear hybrid coupled static
delayed neural network model with uncertainties in the
coupling configuration matrices terms, firstly. Secondly, the
new augmented Lyapunov—Krasovskii and free-weighting
matrices are used, which reduce the conservativeness.
Thirdly, the novel delay-dependent robust synchronization
criterion is deduced, which is less conservative, especially
when the time delay is comparatively small.

The rest of this paper is organized as follows. In Sect. 2,
nonlinear hybrid coupled static delayed neural networks
with uncertainties and some preliminaries are introduced.
The robust synchronization criteria for coupled static
neural network are derived in Sect. 3. In Sect. 4, numerical
simulation is given to demonstrate the effectiveness of the
proposed results. Finally, the conclusions are drawn in
Sect. 5.

Notation The notations used throughout this paper are
fairly standard. R" denotes the n-dimensional Euclidean
space. R™ ™ " is the set of all m x n real matrices. The
symbol ® is Kronecker product. X" denotes the transpose
of matrix X. X > 0 (X <0), where X € R"*", means that
X is real positive semidefinite matrix (negative definite
matrix). I, represents the n-dimensional identity matrix.
For a matrix A € RV Jnax(A) and Apin(A) denote the
maximum and minimum eigenvalues of A, respectively.

X Y X Y .
<* Z> stands for (YT Z)' diag{---} stands for a

block-diagonal matrix. Matrix dimensions, if not explicitly
stated, are assumed to be compatible for algebraic
operations.

2 Problem statement and preliminaries

In this paper, we consider time-varying delayed static neural
networks with uncertainties and nonlinear hybrid coupling
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v . _ _ el +er e, t+e,
Xi(t) = — Axi(t) + g(Wi(t — 1(1)) + Y | v (T'y + ATy (1)f (x(7)) E| = diag(efey,...,efe;), Ex = diag(-. 5 Lo, 3 ),
j=1
hi +hy ht +h;
H, = diag(h{hy,...,kth), Hy = diag(— ”ZL L= er ).
+ Z" (T + Ay (8))f (x;(t — (1))
Remark 1 In the system (1), the coupled static neural

t

+Zv(% I's + AT5(2) )/f(xj(s))ds

t—1(t)

i=1,2,...,N.

(1)

Here, x;(1) = [xi(£),x2(1), .., xin(1)]" € R" is the state
vector associated with the #»n neurons, A =
diag{a,ay,...,a,} is diagonal matrix with positive diag-
onal entries. W = (W;), x » is the delayed connection
weight matrix, g(Wx;(t—1(1))) = [g1(Wix;(t — (1)),
S (Waxi(t—1(1)),..., gu(Wuxi(t—1(1)))]" is the activa-
tion function of neurons. f(x;(¢)) = [fi(xi1 (7)), fo(x2(2)),
<oy falxim(1)]" €R™ denotes the coupling function which
is nonlinear functions. t(¢) is the time-varying delay, which
satisfies 0 < 7(f) < t and 7(¢)<d, where t and d are
positive real constants. 0" = (n,(j’))N «nN (r=1,2,3)are
the coupling configuration matrices representing coupling
strength and the topological structures of the network and
satisfy the following conditions:

N

oy = o 200 #j 0 == > o). 2)
i=1j#i

I'l, I, and I'; € R represent the inner coupling

matrices. AI';(7), AI';(¢), and AI'5(¢) denote the parameter

uncertainties of the system, which are assumed to have the

following form

[AF] (t)v AFZ(t)v AF3(t)] - MV(I) [Erl ) Erszrz]v (3)

where M, Er,,Er,, Er, are known constant matrices and

V() is an unknown matrix function satisfying
Vv < 1,
Denote  x;(s) = ¢;(t) € C([-7,0],R") (i=1,2,...,N)

as the initial conditions with system (1), where t =
sup,cg 7(f) and C([—71,0],R") is the set of continuous
functions from [—t, 0] to R".

Throughout this paper, the following assumptions are
made.

Assumption 1 [21] For any x;,x; € R, there exist con-
stants e,, e, b, and k' such that

E; S gr(xl) _gr(-XZ) §ej, ]’l; Sfr(XI) _fr(XZ) Sh:r,
x| — X2 X — X2
r=12,...,n
We denote

networks contain the nonlinear coupling, the discrete-time-
varying delay nonlinear coupling and distributed time-
varying delay nonlinear coupling. Note that in almost all
literature regarding synchronization of neural networks, the
nonlinear coupling phenomenon has been seldom
considered.

Remark 2 The coupled static neural networks can be used
in parallel computing, which can deal with the wireless
network optimization system, image processing and so on.

Remark 3 1In the Assumption 1, the e, , e, h, and h
are allowed to be positive, negative or zero, which makes
the activation functions more general than nonnegative
sigmoidal functions.

Definition 1 The coupled static neural networks system is
globally synchronized, for any initial conditions
0;(t) € C([-7,0],R") (i=1,2,...,N), if the following
holds lim;_. ||x;(r) — x;(¢)|| = 0.

Lemma 1 [8] Let U = (uy)y,n,P € R, x = [x],xI,
.,x,{,]T, and y= [le,yg,...,y,(,]T, with  xi, yx € R,

(k=1,2,....,N). If U = U'and and each row sum of U is
zero, then
N-1 N
FURPy==>"> uylxi—x) P(y; —y)
i=1 j=i+1
Lemma 2 [37] Assume that the vector function o :

[0,r] — R™ is well defined for the following integrations.
For any symmetric matrix W € R™™ and scalar r > 0, one
has

r r T r
r/ o’ (s)Wa(s)ds > /co(s)ds w /w(s)ds
0 0 0
Lemma 3 [38] The Kronecker product has the following
properties:

I. ((A) ® B=A ® (« B),
2. A+B®C=ARC+B®C,
3. (A®B)(C®D)=(AC) ® (BD).

Lemma 4 [39] If U, V, W are real matrices of appro-
priate dimension with M satisfying M = M", then
M + UVW + WIVTUT <0, for all V'V < I, and only if
there exists a positive constant ¢ such that
M+ 'UUT + eWTW <0.
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3 Main results

In this section, we investigate the robust synchronization
for the hybrid nonlinear coupled time-varying delay static
neural networks. To facilitate further development, let

x(t) = P (0,50, .., {0, GUveW) x (-
(1) = [¢"(Wxi(t —2(n), g (Wxalt — (1)), -+,
g Wan(t =<))"', Fx(1) = [ x0)).f"(x(),
o fTaw))], T o= T +AT(n), T, = T +

Ar2<l>7 f3 =13+ AF3(I)

Then model (1) can be written as

i(1) = = (Iy ® A)x(t) + G((Iy ® W)x(t — (1)) + () @ D) F (x(1))
+ (P @ I)F(x(t = 1(1))) + (¥ @ T3) / F(x(s))ds.
t—1(1)
4

~—

Theorem 1 Under Assumptions 1, the nonlinear hybrid
coupled static delayed neural networks (4) are globally
robustly synchronized, if there exist positive definite
matrices R; (i =1, 2, 3), positive definite matrices
P= (P*H ﬁ;z), 0= (Q*“ g;i), positive diagonal
matrices S{(i = 1, 2, 3, 4), real matrices M,, M,, and
positive constant ¢, such that the following linear matrix
inequalities hold for all 1 < i <j <N,

@11 = —RiA — ATRy — WTEIS\W — H1S2 + Ry, @13 =
—M] —AT™MI, ®ys = WIES), @56 = —NVE,I)
Ry +HyS, D7 = —NV( 'R\T,, Dj15 = NV( "R,
Qi = —(1- d)Rz—WTElS3W H1S4, Dyjps=W'E,Ss,
D33 = 1R3 — M, — M 5y Dize = Nv Mzrl, O3y =
—Nv( 'M,T, ®U38:_NV§/'3) MaT's, @jay=P11+1011 =51,
Py + 101, Pyss=—(1-d)Py1—S3, Oyjs7=
—(1—d) Py, ®@jjes=Pn+1020—5 +8(NV<1))2ET Er,
;67 8N2V( )v,(f) E{ Er,, (Dysx—ENzV( )V( >EIZ]E1-3,
Oy = —(1-d) Py —Si+ eW)VELEr,, ®ps=
3N2v§jz)v,(j~3)EF2Er3 , Dijss= =00+ 8(NV§;))2EIT“3ET3

Dyys =

Proof From Assumption 1, we can get that

[ Waxi(1) — Wxi(7) T[ —E\S, F
(Wxi(1)) — gWx,(t)> Wx‘<>)— g(Wx(n)) ] =

(

xi(t) — x;(t —H,\S, H,S, —x,
Lf( A(0) £ (1) } [ ; ,&H 0 ]20
{ Waxi(r — (1)) — Wx;(r — (1)) ]T[ EIS; EoS;]
g(Wx;(t — r( (1)) — o (Wi ( ,(, r(t)()))) * -S3

Waxi(t — (1)) — Wax;(t — ©(t

[ (W(t — ©(0))) - <wX,<H<,))J =0
{ xi(t — (1)) — x;(t — 2(1)) H —H,S, stq
Fxi(t = () = f(x(r — (1)) =8

Ezsl] [ ( Waxi(r) — Wx;(r)

it = (1)) = x(1 = 7(1))
) [f(Xi(t — () —f (it = T(t)))} =0

Qi1 0 Dyz Dy Ry Djis Dyjir Dyjis 0 0 RiM
x Oy MT 0 ®ps 0 HS 0 0 0
* * Dyj33 0 My, ®Dye Dz Dysg 0 M, MM
* * * Dyigs 0 Dyjs6 0 0 0 0
* * * * Dyjss 0 D57 0 0 0
* * * * *  Oyss Dyjs7  Dijss 0 0 0

Q= | « % % % % ¥ Dy Opg 0 0 o |<O, (5)
* * * * * * * Djjsg _Tl Qsz 0 0
* * * * * * * _—1 O11 0 0
—1

* * * * * * * * —R; 0
* * * * * * * * * —el,
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which is equivalent to
)(U ® R3)x(s)dsdb. 15
— (ult) = x5 (0) T WTELS W i) — (1)) / / ® Rs)x(s)ds (1)

+2(xi(1) — xi(1)) T WTE,S8) (g(Wai(r))
— (8(Wx;(1)) —

~ (W (1))

s (Wi (1)) 81 (g(Wai (1)) — g(Wix(1))) > 0,
(6)

— () — x5 (0) H S () — (1) HaS:

x(1)) + 2(xi(1)

j S, (F (xi(1))
))) >0, (7)

o KON  (sWn( — )

(Wt — ()" Ss (e (Waslt — (1))

— g(Wx;(t — 2(1)))) >0, (8)

— (xi(t — 2(1)) — x;(t — 7(2)))" HiSa(xi(r — (1))

—xi(t = 7(1))) + 2(xi(t — 7(1))

—x(t = (1)) HaSa(f (xi(t — (1))

— f(t = 2(1))) = (Pt = (1)) = F (1 = 2(1))))"

X Sa(f (xi(t — (1)) — f(x;(r — 7(2)))) = 0. 9)
Let j=(1,1,..., )", Jy =jj” be the N by N matrix,

and U = NIy — J. Construct the following Lyapunov—
Krasovskii functional as

V(x(t)) = [Vi(x(1)) + Va(x(1)) + V3(x(t)) + Va(x(1))
+ Vs (x())]
(10)
where
Vi(x(t)) = x"(1)(U @ Ri)x(2), (11)
/x )(U @ Ry)x (12)
t—1(t)
o | (S5
t—1(1)
UPy UPp\[G((Iv® W)x(s))
< * U@Pn)[ F(x(s)) ]ds’
(13)
0= [ 1)
U®Q11 U®0n ((In ® W)x(s))
( . U®Q22){ F(x(s)) }d“w’
(14)

Calculating the time derivative of Vi(x(?)), (i =
1, 2, 3, 4, 5) along the complex network (4), we get

Vi(x(r)) = 24" (1) (U @ Ry ) (1)
—2xT(t)(U®R1)[ (Iy ® A)x(1)
+G((Iy ® W)x(t — ()))
+0 @ T)f (x(1) + (v°

—Noi (xi(1) — x;(1)) " Ri Ty
(F(xi(0) — £ (1)) = Nog (xi(0)
—x; () R Do (f (xir — ©(r))) — £ (xi(t — 7(1))))

N0 (1) — (1) R T

( / f(xi(s))ds — /,f(xj(S))dﬂ (16)

Va(x(1)) = x"(1)(U @ Ry)x(1) — (1 — 2(1))x" (1 — (1)) (U @ Ry)
<310 )" Ra(xilr) — (1))
i=1 j=i+l

— (1= d)(xi(t — 7(r)) — x;(t — ©(1))) Ra(xi(t — 2(1))
—x;(t —<(1)))]
(17)

. (G eWn() T (UsPy UsPn

e = [ vae)

G((IvoW)x(1))] .
| F(x() |-
" [G((Iy @ W)x(t — (1)))]T(U®PH U®P12)

F(x(t — (1)) * U Py
y 'G((IN®W)x(t—r(t)))]
L F(x(t—1(1))

HE xi(t) — g(Wxi()) 1" (Pii Pra
=1_,z+:1{{ x(t)) 7f(xj(t)) :| (* PZZ)
y {g(WX i(1)) *8(ij(1))}

fi() = flx(0) |
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P P2
x < * P22>.
X

V4(x(t))=/:{G((Iivi(‘:;);(s»r((]%g” ZggZ)
[ ]

(5 vee) M

_ [Glvewnm)]" (Ueon Uson

—T{ F(x(1)) H . U@sz>

{G (1N®W) ())}
))}dS)T

IN®WX
()
t—

Qu U®Q12>
* U®0O»n

G((Iy @ W)x(s ))}
F(x(s))

G((Iy @ W)x(t ))}
F(x(t)

)
=1 j=it1 xi(1)
(2 G [t st}

<Q|1 le)
X
*  On

@ Springer

t

/ i (5)(U @ R3)%(s)ds

-1

Vs(x(1)) = -

t

+ / i ()(U @ Ry)x(r)d0

f E > W S
[ - x/<s>)ds) Rs( / (ms)xj(s))ds)}
1=(1) 1—1(r)

(20)

From the Leibniz—Newton formula and coupled static

neural network system (4), for any matrices M and M,, we
get

—x(d) 4 x(t — o(0)) + / )&(s)ds}
t—1(1)
(21)
207 (1) (U @ M) [—(Iy @ A)x() + G((Iy @ W)x(t — (1))
+(0W @ TF(x(1)+(0? @ T2)F(x(t — (1))

+0® @T73) /tt " F(x(s))ds — x(t)} =0.
(22)

Let () = (o) — () (e = e(0)) = (o
() Gile) = 50", (eWailr)) — g(Was (), (W
(t==0) = gWlt = 0) (Fxlr) —f (),
(o= @) = flgle— @), (f )
PG, ([ (W) — g(Way(s)ds)

(j;ir(t) (X:(s) — x;(s ))dv) ), combining (6-22), we get
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where
Qi 0 Oyiz Pyju Ry q’,%)s q)l('jll)7 (Dz(j]1>8 0 0
* (I),'jzz M]T 0 (I)ij25 0 H2S4 0 0 0
* () ij33 O M 2 (])1(]13)6 (I)l(le)7 q)l(jl3)8 O M 1
* * q)ij44 0 q)ij4(~, 0 0 0
* * * (I)[j55 0 (I)ij57 0 O O
(1)
1 * * * * x O 0 0 0 0
(Dl{j ) _ ij66 ) , (23)
* * * * * * (I)ij77 0 0 0
—1
o —ol, 0
* * * * * * * iiss 1_1 12
* * * * * * * * — O 0
* * * * * * * * * _—1R3
o) = —Nof RiT + HsSs, @) = —NoPRiT, 0l = RIOM
3 - - - (2)
—NUI(;)Rl F3, (ijl3>6 = —NUEjl)le—‘], (1)5113)7 = —Nvl(jz)le}, (Dij + MoM
(1)1(113’)8 = _NDE;)MZIQS’ (1)1(116)6 = P22 + TQZZ - S27 (ijl7>7 = 071xn
—(1 —d) Py — 84, q)z(jlgs == 0n. % V(I)(O"XS" _NUEJ‘I)EFI _N”E/‘z)Erz _ND§J'3)EF3 0"“")
T
If @) <0, one has + (Ouess —NEr, NP Er, N Er, Ouc )
RM\T
] N-1 N _— 0
V(x(r) < (1007} 1, (0)] <o0. @) vl | <o (25)
i=1 j=it1 ., 07an
According to (3), @;; <0 is equivalent to where
Qi 0 Dyiz Py Ry (I)z('jzl)é (I)Ejzl)7 (Dz%)s 0 0
* (I),'jzz MIT 0 (D,'jzs O H2S4 0 0 0
ok By 0 My O O of 0 M,
* * * (D,'j44 0 (Dij46 0 0
* * * * (D,j55 O (I)ii57 0 O O
@ _ * * * * * (nglé)ﬁ 0 0 0 0
Y * * * * * * @l(j]7)7 0 0 0
—1
ol “—of 0
* * * * * * * iiss ‘Cl 12
* * * * * * * * — O 0
-1
* * * * * * * * * —R;
T
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q)l(]21>6 —NU( )erl —|—H2S2, (ijzl)7 = —Nl)( >R1F2, (Dl(j21>8
= — (-)R1F3, (Dl%)() = —Nl)< )Mgrl, (Dz(]23>7 = —NUEJ-Z)
M2F2, (Dl(sz)S = —NU(3)M2F3

According to Lemma 4, (25) holds for VT(I)V(t) <Iif
and only if there exists ¢ > 0 such that

RM RM\T
d)(-z)qts*l 0 0
i MM || MoM
07n><n 07n><n
+e(0mn ~No)Er, —NEr, —No\Er, omn)T
(0n><5n —Nvgjl)Erl —Nvgj)Er2 NUEJ.)Er3 0,1X2,1)<0.

(26)

By Schur complement in [40], one obtains that (26) is
equivalent to (5).
According to V(x(t)) <0, we know that x’())(U ® R;)
x(¢) is bounded function and

tim [lx(r) — (1) = 0.

We can obtain that the coupled static neural networks (4) are
globally robustly synchronized. This proof is completed.

Remark 4 There are many synchronization studies for
coupled local field neural networks, such as [7, 10, 11, 13,
14, 1624, 33, 34]. However, there are few results for
coupled static neural networks. In the proof, Lipschiz
conditions are used to handle the nonlinear terms in the
system (1). In addition, the augmented Lyapunov—Kra-
sovskii functional is used, which alleviates the require-
ments of the positive definiteness of some conditional
matrices. At the same time, the less conservative robust
synchronization conditions for the coupled static neural
networks can be obtained.

Remark 5 1In Theorem 1, the robust synchronization cri-
teria for static neural networks with uncertain coupling
configuration matrices are obtained. Up to now, there are
still no robust synchronization criteria for nonlinear hybrid
coupled static delayed neural networks.

4 Simulation

In this section, we show one simulation example to illus-
trate the application of the theoretical results obtained in
this paper.

Consider the robust synchronization problem for the
following nonlinear hybrid coupled static neural networks
with uncertainties,

@ Springer

(1) = = Axit) + g(Wxi(t = 2(1))) + Y vy (1 + AT (1)) (3 (1))
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f(x(2)) = tanh(x(1)),t(t) = 0.3 4+ 0.3sin(r). The initial

values are  x(s) = <(1):g>,x2(s):<_128),x3(5):

(83) By referring to the MATLAB linear matrix

inequality (LMI) Toolbox, we solve the LMIs in (5).

The following feasible solutions are obtained: R;=

13921 —0.0925) , _ (12961 —0.1970\ , _
—0.0925 1.4026 )> 27\ —0.1970 0.8012 )> ™ T

0.2292  —0.1580 p. _ 04559 —00116
—0.1580 0.2508 = 1-0.0116 1.8369

p, _ (02199 0.1018 2.1150 0.1872
2=\ 05114 -0.7277 27 10.1872 1.4462

_ (02159 0.0196 _(0.1050 0.1060
Qu = (0.0196 0.3744)’ Qu = (0 2201 —0. ()619)
1.8561  0.2407 1.1584
Qn = (0.2407 1.8653)’ Sl:( 36285)

g, _ (6:5064 0 G - 10541
2= 0 5.0903 )’ 3 18945

S, = <O.4015 0
0 0.5701
According to Theorem 1, the (27) can achieve robust
synchronization. The synchronization errors of (27) are

>,g = 1.4439.

shown in Figs. 1, 2 and 3, which are calculated by e, (t) =
3 2 3 2
2l —xi)T, ealr) =1/ — xp) e(t)

2 3 2
2ict ijz(xli - x;i)".

We know that, given a neural network system, the static
neural networks and local field neural networks modeling
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Fig. 1 Robust synchronization error e;(¢) of the coupled static neural
networks (27)

0.8

0.6

0

0.4

0.2

Fig. 2 Robust synchronization error ex(¢) of the coupled static neural
networks (27)

e(t)

Fig. 3 Robust total synchronization error e(f) of the coupled static
neural networks (27)

approaches may both be applied to describe the system
either from an external state point of view or from an
internal state point of view. However, the static neural
networks play a key role in linear and convex quadratic
programming problems and parallel computing problems.
At the same time, for a large scale of coupled static neural
networks, the coupling relation among the nodes is also
with the character of time delay or uncertain coupling. All
these factors will impact the accuracy of synchronization of

such coupled system model. Thus, it is more reasonable to
consider the uncertain hybrid coupling static neural net-
works with time-varying delay, which is of practical sig-
nificance and potential value.

5 Conclusion

In this paper, the robust synchronization of the static neural
networks with constant, discrete delay and distributed delay
nonlinear coupling and with uncertainties in coupling matrix
terms have been investigated. The novel delay-dependent
robust synchronization criteria have been derived for system
(4) based on the augmented Lyapunov—Krasovskii func-
tional, Kronecker product technique of matrices, and free-
weighting matrices. The delay-dependent robust synchro-
nization criteria are less conservative than the delay-inde-
pendent ones, in particular when the delay is small. Thus, the
synchronization problems in this paper are novel and have
extended the earlier results. On the other hand, how to
extend the results to coupled static neural networks with
noise and impulse is an interesting issue.
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