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This paper investigates the analysis problem for stability of discrete-time neural networks (NNs) with discrete- and distribute-
time delay. Stability theory and a linear matrix inequality (LMI) approach are developed to establish sufficient conditions for the
NN to be globally asymptotically stable and to design a state estimator for the discrete-time neural networks. Both the discrete
delay and distribute delays employ decomposing the delay interval approach, and the Lyapunov-Krasovskii functionals (LKFs)
are constructed on these intervals, such that a new stability criterion is proposed in terms of linear matrix inequalities (LMIs).
Numerical examples are given to demonstrate the effectiveness of the proposed method and the applicability of the proposed

method.

1. Introduction

In the past decades, recurrent neural networks (RNNs)
have been widely studied due to their wide applications in
some areas such as pattern recognition, associative mem-
ory, combinatorial optimization, and signal processing. Dy-
namical behaviors (e.g., stability, instability, periodic oscil-
latory, and chaos) of the neural networks are known to
be crucial in applications. It is noted that the stability of
neural networks is a prerequisite for some optimization
problems. As is known to all, many biological and ar-
tificial neural networks contain inherent time delays in sig-
nal transmission due to the finite speed of information
processing, which may cause oscillation, divergence, and
instability. In recent years, a great number of papers have
been published on various networks with time delays
[1-10].

On one hand, delay-dependent stability condition for
continuous-time RNNs with time-varying delays was derived
by defining a new Lyapunov functional, and the obtained con-
dition could include some existing time delay-independent

ones; see [11, 12]. Up to now, however, when we use com-
puter to simulate, experimentalize or compute continuous-
time RNNs, it is necessary to discretize the continuous-
time networks to formulate a discrete-time system. So, the
study on the dynamics of discrete-time neural networks is
crucially needed. In particular, the stability of discrete-time
neural networks (DNNSs) has been studied in [13-18], since
DNNss play a more important role than their continuous-time
counterparts in today’s digital life.

On the other hand, the neuron states are seldom fully
available in the network outputs in many applications; the
neuron state estimation problem becomes important to
utilize the estimated neuron state through the available
measurements. Recently, the state estimation problem for
the neural networks has engaged lots of scholars’ attention
and interest. Therefore, delay-dependent state estimation
problem has been studied widely for NNs; see [19-26].

Stochastic disturbances are mostly inevitable owing to
thermal noise in electronic implementations. It has also been
revealed that certain stochastic inputs could make a neural
network unstable.



Summarizing the above discussion, in this paper, the
stability problem is considered for discrete-time neural
networks with discrete and distribute delays. Firstly, the
mathematical models are established. Secondly, a less con-
servative and new stability criterion is derived by using a
novel Lyapunov-Krasovskii functional. Thirdly, a numeri-
cal example is provided to show the effectiveness of the
main result. The technical difficulties of our paper are the
partition of the distributed time-varying delays. The novel
contribution of this work with respect to existing litera-
ture is to construct a novel Lyapunov-Krasovskii functional
according to the situation of the distributed time-varying
delays’ partition. In Corollary 11, we use Lemma 7, which
we have proved in Section 2, and we can get a new stability
criterion.

Notation. Throughout this paper, R" and R™™ denote,
respectively, the n-dimensional Euclidean space and the
set of all real matrices. The superscript T denotes matrix
transposition and the notation X > Y (resp., X > Y), where
X and Y are symmetric matrices, which means that X — Y is
positive semidefinite (resp., positive definite). In symmetric
block matrices, the symbol * is used as an ellipsis for terms
induced by symmetry. | - | stands for the Euclidean vector
norm in R”. Sym(M) is defined as Sym(M) = M + ML Zyy
denotes the set including zero and positive integers. E{x} and
E{x | y} denote the expectation of x and the expectation of x
conditional on y. (Q, &, P) is a probability space, where Q is
the sample space, # is the o-algebra of subsets of the sample
space, and & is the probability measure on &.

2. Preliminaries

Consider the following discrete-time recurrent neural net-
work with time-varying delays described by

x(k+1) =Cx (k) + AF (x (k)) + BG (x (k — 7 (k)))

-1
+D Y H(x(k+i)+8(kxk)w(k) +],
i=—d(k)

)

where x(k) = [xl(k),xz(k),...,xn(k)]T is the neural state
vector at time k; C = diag[c;, c,,...,c,] with|g| < 1isthestate
feedback coefficient matrix; the n X n matrices A = [a;;],x,»
B = [bjlyx, and D = [dj],., are the connection weight
matrix, the discretely delayed connection weight matrix and
distributively delayed connection weight matrix, respectively;
J =T »J,)" is the exogenous input; F(x(k)), G(x(k)),
and H(x(k)) are the neuron activation functions, which
satisfy F(x(k)) = [f,(x,(K)),..., f,(x, (k)T Glx(k)) =
[9:(x,(K)), g2, (K)), ..., g, (x, (k)] and H(x(K)) = [k, (x,
(k)),hz(x2(k)),...,hn(xn(k))]T; and 7(k),d(k) respectively,
denote the discrete and distributed time-varying delays. w(k)
is a scalar Wiener process on a probability space (Q, F, P)
with E{w(k)} = 0, E{w*(k)} = 1, and E{w()w(j)} = 0
(i #j).
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Assumption 1. Forany x,y € R, (x# y),i € {1,2,...,n}, the

activation functions satisfy

_@-fi0) g ®-g () _ .
R T

hi_S Mgh;')
x-y
()

- M+ -+ 71— +
where f;, f', g;, g; s h; , and h] are constants.

Remark 2. The condition on the activation function in
Assumption 1 was originally employed in [27] and has been
subsequently used in recent papers with the problem of
stability of neural networks; see [5, 6, 11, 28, 29], for example.

Assumption 3. The noise intensity function vector 8(-,-) :
Z.,yxR" — R" satisfies the Lipschitz condition; that is, there
exists a constant £ such that for any k € Z, the following
inequality:

8k, x (k)78 (k, x (k)) < &Ex” (k) x (k). 3)

Assumption 4. The time-varying delays (k) and d(k) are
bounded, 0 < 7,, < 7(k) < 73, 0 < d,, < d(k) < d, and
its probability distribution can be observed. Assume that 7(k)
takes values in [7, 7] ---U (7, -1, 7, ] and Prob{z(k) €
[tii,T)} = pp = 1—-p,where0 < p < 1, Y,p = 1,
and 7, = 7,,7, = Ty Similarly, d(k) takes values in

[do,di1U ---U(d,,,_1,d,. ], and Probld(k) € [d;_,d,)} =
£ =1-& where0 <& <1,Y,& = 1,andd, = Ay d, =dy.

Remark 5. Tt is noted that the introduction of binary stochas-
tic variable was first introduced in [6].

To describe the probability distribution of time-varying
delays, we define the following sets o/; = (7,_,7;], i =

1,2,...,n, and B; = (d_,,d;],i = 1,2,...,n,. Define
mapping functions
7 (k) - {T(k)’ T (k) €
T,  else,
di_, else,
L k) e, _ L dk) e %,
pi (k) = { 0 dee & (k) = {0’ e
(4)

Remark 6. Consider Prob{p;(k) = 1} = E{p(k)} = p;
Prob{p;(k) = 0} = p;,

E{p; (k) * p; (k)} = {Pi: i=j,

0, else,

E{(p (k) ~ p) (p; (k) = p;)} = {fig,’). else
iy ’
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Si~milarly, Prob{¢;(k) = 1} = E{;(k)} = &, Prob{¢;(k) =
0} =&,

0, else,

E {5, (k) = fj (k)} _ ‘lfi’ i=j,
E (6)
8l’fi; i = j,

[E{(E, (k)—f,) (E] (k)_gj)} = {_Ef else
i5j> :

Proof. When i+ j, (k) € |[7,_;,7;) and as Prob{r(k) €
[7i-1,T)} = pi = 1-p;, we can easily deduce p;(k) = 1, p;(k) =
0, so

o nwl= {0 )
E{(p: (0) = ) (p; k) = p;)} 7
=E {Pi (k) p; (k) = pipj (k) — pi (k) pj + Pin}
=0-pip; — pipj + PiPj = —PiPj-

Similarly, the result about &;(k) can be deduced. The proof is
complete. 0

The system (1) can be rewritten as

x(k+1) = Cx (k) + AF (x (k)) + zl:pi (k) BG (x (k - 1; (k)))
=1

n, -1
+Y&(R)D Y H(x(k+ )
i=1 j=—d; (k)

+ 0 (k, x (k) w (k) + J.
(8)

As mentioned before, it is very difficult or even impossible
to acquire the complete information of the neuron states in
relatively large-scale neural networks. The main purpose of
this study is to develop a novel approach to estimating the
neuron states via the network outputs. As mentioned above,
the objective of this study is to present an efficient algorithm
to estimate the neuron states via available network outputs. It
is assumed that the measured network outputs are of the form

y (k) = Ex (k) + O (k, x (k) , )

where y(t) € R™ is the measured output, E is known
constant matrix with appropriate dimensions, and O : Z, x
R" — R™ isanonlinear disturbance on the network outputs
satisfying
Ok, x)-O(k, )| < |L(x-y)|, VkeZ.,, x,ycR"
(10)

As a matter of fact, the activation functions F(-)
are known. In order to fully utilize the information of

the activation function, the state estimator for the neural
network is constructed as

%(k+1) = Cx (k) + AF (% (k) + le,.BG (% (k- 1, (K)))

i=1

k-1

+YeD Y H(Z())
=1 j=k—d;(k)

- K[y (k) - Ex (k) - O (k, % (k)] + 7,
D

where x(k + 1) is the estimation of the neuron state and K €
R™™ is the estimator gain matrix to be determined. Define
the error signal e(k + 1) = x(k + 1) — X(k + 1); thus, we obtain
the error state system as follows:

e(k+1)
= (C+KE)e (k) + A(F (x (k)) - F(x(k)))

- DB (G k7, 09) -G (k)

n, -1

+3 Y ED[H(x(k+) - H(x(k+ j)]

i=1j=—d;(k)

n

+ 3 (pi () = pi) BG (x (k = 7, (k)

i=1

n, -1

+ Z Z (& (k) - &) DH (x (k + j))
i=1j="d (k)
+ KOk x (k) — O (k, (k)] + 8 (k, x (k) w (k).
(12)

Denote f(k) = F(x(K)) - F(Z(K), g(k - 1,(6)) = G(x(k -
7;(k))) = G(x(k — 7;(k))), h(k + i) = H(x(k + 1)) — H(x(k +
i), o(k) = O(k, x(k)) — O(k, X(k)), then (12) can be rewritten
as

e(k+1)

=(C+KE)e(k)+ Af (k) + Zl:p,-Bg (k- 7; (k)

i=1

n, -1
+> Y EDh(k+i)+ Ko (k) + 8 (k,x (k) w (k)
i=1j=—d;(k)

n, -1

+Y Y (&) -&)DH (x (k + j))

i=1 j=—d, (k)

+ Y (p (K) - p) BG (x (k -7, 1)).
i=1

(13)



The initial condition associated with the error system (13)
is given as

e(k)=¢ k), k=-¢p—-cy+1,...,0, (14)

2
where ¢y, = max{ty;, dp} and @l = sup_. _iol4l” < co.

By defining &(k) = [x” (k),e" (k)]" and combing (8) and
(13) with J = 0, we can obtain the following system:

e(k+1)=Ce(k)+Af (k) + p (k) BG (k)
+7,Bg (k) + & (k) DH (k) + &, Dh (k) (15)

+ Ko (k) + 18 (k, x (k) w (k)

where

P PRV I=pI py(R)I=p,0 - p, (k) =p,I]’
_ _[o 0 - o]
P pl - p, 1)

T _ 51 (k) I 52 (k) I : Enz (k) I
O PR £ <k>z—£ng]’

G=[er e T el
F®) = (F (), T (),
G(k)=(G" (x (k-1 (K)),

6T (x (k- 1,(0)),....G" (k-7, ()",
g =(g" (k=7 (),

g (k-1,(k),....g" (k - T, (k)))T,

-1
ﬁ(k):( > H (k+i),
i=—d, (k)

T
-1 -1
Y H (k+i),..., Y HT(k+i)>,

i=—d, (k) i=—d,, (k)

-1
E(k):( Y h'k+i),

i=—d, (k)

T
-1 -1
Y Rik+d',..., Y R (k+i) |,
k) i=—d,, (k)

i==d,(
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T

~ [cC 0 ~ |A O

c=[5 cke| - A=[0 4]

b
D
nyXn,

o

~ To - I
R=[g] - r=[i]
(16)
Then, it is easy to show the following equations:
= _ = _ |l pd e opy I
17)

pfew} =& =[5 %S

Lemma 7. For any constant matrix M € R™", any integers
Y, = vy, and any vector function w : [y;,y, +1,...,7,] —» R"
where M staisfies M = M” > 0 such that the sums in the
following are well defined, then

Y2
=Y o' ()Mo () < (p, -y + 1) () F'M'F (k)
=y
(18)

Y2
+20T () F' Y w (i),

=y

where, matrix F and vector {(k) independent of y, and y, are
appropriate dimensional arbitrary ones.

Proof. It’s well known that
~2a"b<a"Wla+b"Wb, (19)

where where the vector a, b, W with appropriate dimensional
and W > 0. From this, we can get

Y2
~ 2T () F' Y w (i)

=y

V2
=Y -2 (k) Flw (i)

=y

Y2 Y2
< Yo' ()Mo @)+ Y ¢ (k) F'M™"F (k)
=y =y
Y2
< Y @' (i) Mw (@) + (y, =y + 1) " (k) FTMT'FC (K),
=y

(20)

which is equivalent to (18). O
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Lemma 8 (Zhu and Yang [28]). For any constant matrix M €
R™", any integers y, > y,, and any vector function w : [y, y; +
1,....,y,] — R" where M satisfies M = M" > 0, such that
the sums in the following are well defined; then

Y2
~(n-n+l) ZwT (i) Mw (i)
=y

2 T Y2
< —<wa(1‘)> M<Zw(i)> .
=y =y

3. New Stability Criteria

(21)

In this section, we will establish new stability criteria for
system (1). Since the system in (8) involves a stochastic

parameter, to investigate its stability, we need the following
definition.

Definition 9. The system (11) is said to be globally asymptoti-
cally state estimator of the system (8), if the estimation error
system (13) satisfies is globally asymptotical stable in mean
square; that is,
. 2

Jim Efle R’} =o. (22)
Theorem 10. Under Assumptions 1, 3, and 4, the system (15)
is globally asymptotically stable in mean square, if there exist
matrices P = PT = diag{P,,P,} > 0, R; = diag{R,,R;,} >
0G@ =1,....mp, - 1), 200G = 1,...,m), X > 0,
and T; > 0 (i = 1,...,m,), and positive diagonal matrices
U = diag(y,...,u,), V = diag(v,...,v,), and W =
diag(w,, ..., w,), and scalars € > 0 and 9 > 0 such that the
following LMI holds:

[T, T, 0 Iy 0 0 Iy, iy O Iyg Iy Iy, 0 X1 X
*» I,b 0 0 001I, 0 0 O 0 0 o0 0 0
* x [, 0 00 0 0 0 O 0 0 0 0 0
x % %= I, 00,00 0 0 o0 o AP A'P
*« % % % [, O O 0 0 0O O o0 o B'pP BpP
* % % % % T, 0 0 0 0 0 o0 o DEP DEP
# 0+ % % % x L, T,g 0 0 0 0 0 0 0
F=|* * * * * % x I, 0 0 0 0o 0 0 0 <0
w0k ok ok ok % % ok Lo 0 0 0 0 xT xT
ok ok ok ok % ox ok % [ 0 0 0 0 0
% % ok k% %k ok ok % r, o 0 0 0
%% ok ok k% ok ok % % * I, O 0 0
%ok ok %k ok ok % % * x I 0 0
% ok %k ok k% % ok % * * * - P 0
h-1y
L* * % % *x * % % ok % * * * * -P ]
(23)
n,—1
3 ol 0 -UF, - VH, 0
fy=-2P+ ; (divy = dit) R+ [ 0 SLTL] [ 0 ~UF, - VH, - WG, |’
UFE = = =7 =
[,=(P...,0), L= [ 02 UF2:| > I; =Xp,B, Lig= X&,D,
0 0 VH
I = [WGZ]’ i = [VHZ]) I = [ 02:|’
-2P P -WG,
L= 2P P * WG, |’
(n+1)x(n;+1) 0
WG,
L, = ],
>7 WG,
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r 1 1
- R R
d,-d, ' d,—d, '
1 L L
dy-d, ' dy-d, * dy-d, °
I, = ,
3 1 R
dnz dn2—2 ot
LR
n,—1
L d“z - d”z_2 4 (nyxn,)
I,=-U, TI,,=A"Pp,B, T,3=AP,,D, TI53=-S, Ty=-T,
r,=2B"PB-W, T,,=B"pP,,D, T,=2D'PD-T,
=171 | 0
[;o=D'E, X], T, = -9, 1O_Z(T L +1)S; -
d;i—d,_ +1)(d; +d, d;,—d di+d;_ +1
rll_z( i—-1 2)( ll)th—V, z( 11)( i-1 ) 11 V,

CTP 0
T3 =2(P +Py)-ol, X=[ 01 CTP2+ETX]’

h= max {r, -1, (k), 7~ 7, K), 57, ()}, F =diag(fi i f5 1550 fo f)s

i=2,...,1;

N o w - -
Fz=dlag<121,-~-, ), Gi=diag(9,91.9,00+9,9,)

- + - +
Gzzdiag<gl;gl,...,g”;g"), = diag (W h',.. ., 1Y),

W +ht h +h _ _
H2=diag( 1; L., = ) S=diag{S,,S,,....S,. },  V=diag{V,V,...,V},

WG, = diag{WG,,0}, W =diag{W,W,...,W}, U = diag{U,U},

T,, T T, Ty T T = 1.
T2 = d1ag {d—llz di;, RN dy;z } s dlag { dll d21 d”nz , WG2 = dlag {WGZ’ 0} )
pi1P+pipi Py _P1P2P~2 —p1p3 P, —P1Pn, P>
* PP+ 0o Py _Pzpalfg e —P2Pn, P2
pP= * * psPy + p3ps Py - —P3Pu, Ps ;
* * * pn1P1+Pnlﬁn1P2
&Py +£151P2 _5152112 —&,85P, —£1fnzpz
* &P +8,8,P, _5253% e _£2£n2P2
P= * * &P+ 58P, - _€3En2P2
* * * Enzpl +En22nzpz_

_ (24)

And the estimator gain can be designed as K = P,'  Proof. We construct a new Lyapunov-Krasovskii functional

X. as
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5
V(Ek, k) = Z‘fl(ék’ k), (25)

P
where
V, (&.k) =¢" (k) Pe(k),
V@R Y 3 oGP0,

i=—Ty j=k+i

ny—1-d; ;-1 k-1

i@k =) > Y e ORreD,

i=1 j=—d;, I=k+j
1y k-1 -
Vi@k)=) > g ()S90)
i=1 j=k-1;(k)
n 1,-1 k-1

+3 3 Y g ()Sig ),

i=1 o7, ik

1, -1 k-1 _T _
= > > h OThQ)
‘ j==d;(k) I=k+j

-di;-1 -1 k-1 T _
+ Y Y Y h (OTh@) ¢,

j=—d; l=j+1r=k+l

n(k)=ek+1)-e(k),

Rk = (H (e ()" (0)', T, = diag (T, T}

(26)

Taking the difference of the functional along the solution
of the system, we obtain

4

E{AV (8 k)} = Y E{AV; (80 k)}

=
E{AV; (& k)}
=E{E{V, Bk +1) |8} -V, (6 k)}
=E{e" (k+ 1) Pe(k+1)-&" (k) Pe(k)}
=¢' (k) (C"PC-P)e(k) + 28" (k)C"PAf (k)
+2¢" (k)C"PKo (k) +2&" (k)C" Pp,Bg (k)
+2¢" (k)C"PE Dh (k) + 2" (k) C" Pp,BG (k)
+2¢" (k)C"PE,DH (k) + f" (k) A"PAT (k)

+2f7 (k) A"Pp,Bg (k) + 2f" (k) A" PE, Dh (k)

+2f7 (k) A"Pp,BG (k) + 2f" (k) A"PE,DH (k)
+2f7 (k) ATPKo (k) + o" (k) K" PKo (k)
+20" (k)K" Pp,Bg (k) + 20" (k) K" PE, Dh (k)
+20" (k)K" Pp,BG (k) + 20" (k) K" PE,DH (k)
+3" (k)B"p{ Pp,Bg (k) +23" (k) B' p| P&, Dh (k)
+2g" (k) B"p! Pp,BG (k)+ 23" (k) B" p PE,DH (k)
+h" (k) D" P, Dh (k) + 2h" (k) D"€! Pp,BG (k)
+2h" (k) D"&] PE,DH (k)
+E{G" (k) B'p" (k) Pp (k) BG (k)
+H" (k) D"E" (k) PE (k) DH (k)}
+2G" (k) B"pl PE,DH (k)
+67 (k, x (k) (P, + P,) & (k, x (k).
(27)
From Remark 6, we can get

E{G" (k) B" (k)" Pp (k) BG (k)}

=F <|<ipi (k) BG (x (k- 7, (k))))

i=1

x P, <§:p,~ (k) BG (x (k - 7; (k))))

i=1

+ <Z (p; (k) - p;) BG (x (k - 7; (k)))>

XP, <nzl (p; (k) = p1) BG (x (k - 7; (k)))) }

i=1

G (x (k- 1, 10)) BR,BG (x (k - 1, 6)

i=1

+ Y aGT (x (k- 7, () BTBLBG (x (k - 7, ()

i=1

n n

=Y Y ppGl (x(k-7 (k)
i=1j=Li#j
x B'P,BG (x (k-1 (k)))
=G" (k) B"PBG (k).
(28)
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Similarly, the following equation can be deduced: 1 k—d;(k) ! k—d; (k)
R S N I Y oe(j) | R Y e(j)
E{H" (k) D"&" (k) PE (k) DH (k)} = H" (k) D"PDH (k). LT N ek () jekd;s (k)

(29) . - - T
=——< > e)- X ?(J')>
)

And it is easy to deduce that B' o] Pp,B = 0, BTﬁlTszﬁ =0, iy ~diy

) j=k=di(k
and 5T21FP§2§ = 0. Consider 1 1
X R; e(j)- ?(J')>,
E{AV; (e b)) <j—k;,-ﬂ<k) j=k—zd,-(k>
=E{E{Vy (e k+1) [ e} - Vs (e k)} E {AV, (e, k)}
SR . , < o, . = E{E{Vy (e, k + 1) [ e} = Vi (e K)}
=E {h > X A WPn()-h Y Yn'(j)Py (1)} '
i=—T)y j=k+i+l i=—Tyy j=k+i o k
L =[E+Z, DA ORTIE)
= 1yhn’ () Pr(k) — Y b (k+i) Py (k +i), e
i=—Typ n ;-1 k
T /- B
+ i)S;g (i
E {AV3 (ek,k)} ;J:TZH i:ijJrlg ( ) 1g( )
= E{E{V; (exs1ok +1) | e} = V3 (e K)} n ket
pld1 K - [ Y g ()Sa()
_ Z Z Z éT (l) Rlé(l) i=1 j=k-7;(k)

i=1 j=—d;,, I=k+j+1 1 k=1
moml-dy 1 kel +Y ) Y g Sg (i)”

- Y Y e mRre® = i it
i=1 j==d;, I=k+j
o - =Y 46" 089 () - " (k—1,0) Sug (k =7, ()
i=1 j=-d;,, I=k+j+1 o
( S + Y g ()Sa())
- Z e (hRrReW jek—7;(k+1)+1
I=k+j+1 e
AR
+&" (k+ j)Re(k + ) > :| Jek—ti(k)+1
;-1
ty=1—d; -1 + Y (" k) Sigk)-g" (k- j)Sig(k- j))}
=Y > ("wRek - (k+j)Re(k+j)). =i
i=1 j=—d;,, "
(30) D {@-1.+1) g 0 Sgk)

Then, by using Lemma 7 and d;(k) € (d,_,,d;], we have
' ’ 1 _gT (k_Ti (k)) Sig (k-1 (k))},

—d, -1

AL Flav (e )
S = E{E (Vs (eer k+ 1) | e} = Vs (e, k)
1 i ' n, -1 k
*Td.—d. < ’Z e(k+ J')) -y { S Y HoTho
' T\ =i im1 | jo-di (k1) 1=kt 41

_d""_lA . —di -1 - k
XR"(Z eT(’””) FYY Y Hothe

——d.
J==din j=—d; I=j+1r=k+l+1



Journal of Applied Mathematics

-1 —

-y Z R Th)

j=—d;(k)l=k+j

—dii-1 -1 k-1 - _
=Y Y Y h ()Th)

j=—d; I=j+1r=k+l

j=—d;(k+1) I=k+j+1

) -1 k-1 _T _
Z > D hOThOY

-1 _r _
+ Y h ()ThQ)

j=—d;(k+1)
-1 k-1 _r _
- ), ) h OThQ
j=—d;(k) I=k+j+1
,1 _T _
- > h (k+j)Th(k+ j)
jz’di(k)
—di_1—-1 -1

£ Y Y (FRThe

j=—d; I=j+1

B (k4 DTR(k+ 1)) }

n, —d;i_-1 -1 k-1 T _
Z <Z + Z) S B O TR0
i=1 j= j=—d I=k+j+1
v dR (k) ThK)
okl _
- Y Y h(OThQO
j=—d;_ I=k+j+1

-1
SR (k+ ) Th(k+ )
j=—d;(k)

-d;_-1 -1

£ Y Y (W woThK

j=—d; I=j+1
B (k+ D TR+ D) }

-1
SR (k+ )T (k+ )
j=—d;(k)

)

=y «|dh (k) Tk (k) -

i=1

N (d;—d;_,) (621: tdiy - I)ET (k) T;h (k) ]’

Si{-( Z ﬁ(kﬂ')) %(;f“”ﬁ

Jj==di(k)

(d dll+;)(d+d1 l)hT(k)Th(k)

(31)

Then, by using Lemma 7, we have

-1
—h Y " (k+i)Pr(k+i)

k-, (k)-1
=-h Z n )Py -h Y 0" ()P
i=k—7, (k) i=k—1,(k)
k-7, (k)-1
—=h Y (@) Pr()

i=k—Ty;

k-, (k)1 T ke (k)-1
(S8
i=k—1, (k) i=k—7, (k)
k-1, (K)-1 T ker, (-1
—< Y ﬂ(i)> P( > n(i)>
i=k—Typ i=k—Typ
=k -e(k-7,(k)) Pk -e(k-1 K))
~@ (k-7 (k) -e(k -1, (k)"
P@E(k -1, (k) -&(k-1,(K)) -

—(e(k-1, () —e(k-m))"

P(e(k-1, (k)-e(k—1y)).
(32)

Let a, (k) = @ (k - 7,(k)), &' (k - ,(K)),...,&" (k - T, (k)),
el (k — TM))T; we have

k-T1,,—1

~hy Y ()Qn ()

i=k—Ty;

< (& (k) ()
-P P 0 - 0 (33)
* 2P P --- 0

o <am>

- a, (k)
* * % —2P P
* * k% =P
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From Assumptlonl fi < (filx) - f,(}/))/(x y) < ff

and g; < (g;(x) — g:(»)/(x
f{y(k))(f(k)

- y) < g;, we have (f(k) -

firy(k)) < 0and (g(k - 7;(k)) — g; y(k -

1,(k))(g(k - 7,(k)) — g/e(k — 7,(k))) < 0.

It can be deduced that there exist U =
diag[w,,

u,l > 0, W =

Wy enns w,] > 0,and V

diag[v,, v,,.. ., v,] > 0, such that

noreg T | i S
;“"[f(m]

> i€
:[e(k)]T[UFl
fk)] |-UF,

Sul )]

~UF, ]

fiffeel -
— +
.+ f.

i zf, i,

B [p’(}(]fi))] [—L{i‘

iw, [G ;Skk Tr(](ckg))]T

i=1

[ x(k-1; (k)
G (x (k~ %, (K)).

i)

otntn i) =

gi g eiel
- +
Y ‘2*9;‘ el
_ [e(k)]T [ WG,
g (k)

Suls0]

i=1

-WG, W

az(k>:[ Y & (k+ )

_fi7+fi+eT cel

fi +f
2

Gx(k-1 <k>>>]T [—Vvvv% w

]
: 5]

i€;

[;((]Z))] <0,

+

€;€; [ x(k) ]
T F (x (k)

ivi

x (k)

: _L[]JFZ] [F(x (k))] <0,

- +
-+ T 9 *t9 T
9 9; €i€; T €i€;

_gi_+gi+ T

5 e e,-eiT

—wcz]

<0,

_WGZ] [e(k) <0

gk)] =~

j==d, (k)

diag[u,, u,,

S & (k+ ) e

j:_dz(k)
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h +h
n e(k) hl hl elel - ; ! eief e(k)
] e N R 1
2 i i

[e(k)]T [ VH, —VHZ] [e(k)] <o,

“|hk)| |-VH, V ||h(k)|™

x(ky 17| Pihieel —@eie?
Z [H(x(k))] h+ht .

————¢e; e;e;
2

“iteio)

H (x (k)
[ xk) VH, -VH x (k) 0.
_[H(x(k))] [—VH2 1% HH(x(k))]

(34)

where e; denotes the unit column vector having one element
on its rth row and zeros elsewhere.

According to (10), o' (k)o(k) — e"(k)L"Le(k) < 0; the
following equation can be concluded, where 9 is a positive
scalar:

90" (k) o (k) — 9e” (k) L"Le (k) < 0. (35)

And from Assumption 3, we can obtain, for a positive scalar,
o

8" (k, x (k))& (k, x (k) — okx" (k) x (k) < 0. (36)
Combining (27)-(36), we obtain
E{AV (@(k),k)} < {7 (k) (T + @"AD) ¢ (k),
k) = (&7 (k)0 (k)05 (), FT (K), 3" (k).
(37)

R (k),G" (k),H" (k),0" (k),g" (k),

W' (k) HY (x (k) 6" (k,x (K)))

where

-1

Z e’ (k+ )
j==dy, (k)

2
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1

I T, 0 Ly Is By Ty Tig Tig Tio T T 0
* I,b 0 0 L, 0 0 O O O 0 0 0
* = ILb 0 0 0 O O 0 O 0 0 0
x % x I, oo, gl 0 0 0 0
% % x % Iy Tyo I, Tyg Isy O 0 0 0
% % % % x Ty T, gLy 00 00
F=1% % + % = * T, I f7,9 0 0 0 01
ok ok ok ox k% Iy f8,9 0 0 0 0
x k% ok x ok k k% fg 0 0 0 0
* % % % * * * * * I 0 0 0
% % % % % % % * * I, 0 0
ok k& ok k% % k% * I, 0
L% % * % * * * * * * * LI ]
I,=C'PK, T,,=A"PK, Ts,=B"p PK, T,,=D"EPK,
,,=B'APK, Ty,=D'E&PK, T,=K'PK-9I
A=htyP,  ®=((C-1),0,0,4,p5BD,0,0,K).

Using Schur complement, we can let T + ®TA® < 0 be
equal to
[ ] <0.

Pre- and postmultiplying (39), respectively, by diag{I, AP™'}
and its transpose yield

o’p
—PAT'P

T

*

(39)

I oA
* —A
Then, by denoting K = P, X, one gets that the LMI condition

(40) can guarantee (10).
It is obvious that

E{AV (@ K)} < A (O E {JC O]}
{le 1’}

The summation of both sides of (41) from 1to N (let N be a
positive integer) is equal to

] <0. (40)

<

A (I)E

~/Ymax

N
E{V (@ N) =V (60, 0)} € Aox (D) Y E{IER)IP}. (42)
k=1

So,
. 2
Amax 0N D E{lERIP} <E{V (35,00} (43)
k=1
We can conclude that ZZ;X]’ E{lek)|*} is convergent and
Jim E{lle (oI} = 0. (44)
This completes the proof. O

(38)

Based on Theorem 10, a further improved delay-
dependent stability criterion of the system (15) is given in the
following corollary by using Lemma 8.

Corollary 11. Under Assumptions 1, 3, and 4, the system (15)
is globally asymptotically stable in mean square, if there exist
matrices P = PT = diag{P,,P,} > 0, Q; = QiT >0

1,2,3,4),S > 0, R+ S > 0, and W = diag(w,,w,,...,w,)
such that the following LMI holds:

I+ Z Sym (E,Q;) = * s s

i=1

o _ d,Q, -d,Q  x * 0
= d,Q, 0 -d,Q, = <9,

L d”l in * * * _dnl Q"l B

(45)

where I' is defined in Theorem 10 and Eg = (04, 0 41y> O, >
02 0 1 D » 015 0,15 0, 0,1,0,,,0,,,0,)

nn> tny> Yngnd

Proof. From Theorem 10, we can know that
E {AVs (e k)}
= E{E{Vs (e k + 1) | e} = Vs (e k)

5

i=1

-1
~ Y B (k+j)Th(k+ j)
j=—d;(k)
(di—d;y +1)(d; +d,_,)
2

+ B (k)T (k)

(46)
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Then, Using Lemma 8 and d;(k) € (d,_;,d;], we can deduce
that, for any matrices Q; with appropriate dimension,

-1
— Y W (k+j)Th(k+j)
j==d;(k)
<d; () " () QT QL (k)
,1 _T
Z h (k+j)> (47)

j=—d;(k)

+20" () QF (
< di—lCT (k) QiTT;lQiC (k)

i ET(k+J-)>.

j=—d;(k)

+20" (k) Qf (

4. Examples

In this section, a numerical example is given to illustrate the
effectiveness and benefits of the developed methods.

Example 1. We consider the delayed stochastic DNNs (1) with
the following parameters:

-0.1 0 0.1 -0.2
Cz[o 0.4]’ Az[o —0.1]’
(48)
0 02 02 0
B‘[o.z —0.1]’ L‘[o 0.2]'
And the activation functions satisfy Assumption 1 with
-0.64 0 0 0
Fl‘[ 0 o]’ FZ‘[oo.z’
(49)
-0.6 0 -02 0
Gl‘[o 0]’ Gz‘[o —0.1]'

For the parameters listed above, letting 7, = 1, 75y = 5, 7, =
3,and p; = 0.89, we can obtain the following feasible solution.
Therefore, it is clear to see that our method is effective. Due
to the limitation of the length of this paper, we only provide
a part of the feasible solution here:

. [5.8618 2.1488]’

8.3545 3.4900
2.1488 3.9636 ’

b= [3.4900 3.9051
(50)
X = 1.7218 0.4208
"~ [0.4208 0.9386]°

Therefore, according to Theorem 10, the gain matrix of the
desired estimator can be obtained as

0.2571 —0.0798]

_ply _
K=h X= [—0.1220 0.3117

(51)
When we define fi(s) = g,(s) = hy(s) = tanh(-0.4s),
£2(s) = g,(s) = hy(s) = tanh(0.4s)), O(k, x(k)) = 0.2sin(x
(k)), 6(k, x(k)) = sin(x(k)),we get Figures 1 and 2. They
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FIGURE 1: The trajectories of x(k) with J = 0.
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FIGURE 2: The trajectories of X(k) with J = 0.

represent the trajectories of x(k) and the state estimator
x(k) with the initial condition x(k) = [-1,0.5], x(k) =
[-0.5,-0.5]. And from Theorem 10, it follows that the state
estimator (46) is indeed a state estimator of the delayed neural
network (1). Figure 3 further confirmed that the estimation
error e(k) tends to zero ask — ©o.

5. Conclusions

The robust stability for stochastic discrete-time NNs with
mixed delays has been investigated in this research via the
Lyapunov functional method. By employing delay parti-
tioning and introducing a new Lyapunov functional, more
general LMIs conditions on the stability of the stochastic
discrete-time NN are established. Finally, the feasibility and
effectiveness of the developed methods and their less conser-
vatism than most of the existing results have been shown by
numerical simulation examples. The foregoing results have
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FIGURE 3: The evolution of estimation errors e(k).

the potential to be useful for the study of stochastic discrete-
time NNs. And the results can also been extended to complex
networks with mixed time-varying delays.
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