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Abstract

This paper investigates the problem of robust exponential stabilization of uncertain discrete-
time stochastic neural networks with time-varying delay based on output feedback control.
By choosing an augmented Lyapunov—Krasovskii functional, we established the sufficient
conditions of the delay-dependent asymptotical stabilization in the mean square for a class of
discrete-time stochastic neural networks with time-varying delay. Furthermore, we obtain the
criteria of robust global exponential stabilization in the mean square for uncertain discrete-
time stochastic neural networks with time-varying delay. Finally, we give numerical examples
to illustrate the effectiveness of the proposed results.

Keywords Discrete-time stochastic neural networks - Exponentially stabization - Output
feedback control - Lyapunov—Krasovskii functional - Time-varying delay

1 Introduction

Over the past decades, neural networks have attracted considerable attention owing to their
wide applications in various fields such as signal and image processing, pattern recogni-
tion, associative memory, parallel computing and so on [1-6]. Dynamical behaviors such as
stability, instability, periodic oscillatory and chaos of the neural networks are known to be
crucial in applications. Stability of neural networks is a prerequisite for many engineering
problems, it received much research attention in recent years and many elegant results have
been reported, for details see [5, 7, 8]. On the other hand, the stabilization of neural networks
has been attracting considerable attention and several feedback stabilizing control methods
have been proposed, for details see [9—11].

The time delays are commonly encountered in various engineering systems such as chemi-
cal processes, hydraulic and rolling mill systems, etc. The existence of time delay worsens the
dynamic performance of a system and even leads to instability of the system. It is quintessen-
tial to understand the impact of time delays on dynamic systems theoretically so that, when
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using time delays to solve real-world problems, the unfavorable consequences of them can be
circumvented. Therefore, the dynamic problem of delayed neural networks has been widely
studied recently [5-7, 12—-14]. Huang et al. [7] proposed a class of asymptotically almost
periodic shunting inhibitory cellular neural networks with mixed delays and nonlinear decay
functions. Tian et al. [8] gave an improved delay-partitioning method to stability analy-
sis for neural networks with discrete and distributed time-varying delays. Park et al. [12]
given the synchronization criterion for coupled discrete-time neural networks with interval
time-varying delays. In [13], the dynamics of switched cellular neural networks with mixed
delays were investigated. Dong et al. [15] investigated the robust stability and H, control
for nonlinear discrete-time switched systems with interval time-varying delay.

However, it should be noted that most of the neural networks that have been studied are
continuous-time systems. However, in the application of neural networks, discrete-time neural
networks have surpassed the continuous-time networks in their importance because when
implementing continuous-time networks for computer-based simulation, experimentation
or computation, the continuous-time networks are usually discretized. Besides, discrete-
time networks are more suitable to model digitally transmitted signals in a dynamical way.
These two features of the discrete-time networks have inspired researchers to study the
stability and stabilization analysis problems for discrete-time neural networks, and some
stability and stabilization criteria have been proposed in the literature, see [16—20] and the
references therein. Yu et al. [16] investigated exponential stability criteria for discrete-time
recurrent neural networks with time-varying delay. Luo et al. [18] studied the robust stability
for discrete-time stochastic neural networks systems with time-varying delays. In [20], the
stability analysis for discrete-time stochastic neural networks with time-varying delays was
given.

During the modeling process of real nervous systems, stochastic disturbances and param-
eters uncertainties are identified as the two main sources of performance degradations of
the implemented neural networks. Therefore, it is significant to solve the stability analysis
problem for stochastic neural networks, and some academic efforts devoted to this problem
have recently been published, see e.g. [21-24] and the references therein. In [21], the mean
square exponential stability of uncertain stochastic delayed neural networks was considered.
In [22], stochastic stability of uncertain Hopfield neural networks with discrete and distributed
delays was investigated. Zhou et al. [24] considered robust exponential stability of uncertain
stochastic neural networks with distributed delays and reaction—diffusions. However, these
papers mainly concern continuous-time neural networks. To the best of our knowledge, the
robust output feedback stabilization problem for uncertain stochastic discrete-time neural
networks with time-varying delays has not been adequately investigated.

In this paper, the static output feedback stabilization problem for uncertain discrete-time
stochastic neural networks with time-varying delay is studied. By constructing a new aug-
mented Lyapunov—Krasovskii functional, the delay-dependent stabilization criterion, which
guarantees the asymptotical stability of the closed-loop system of a class of discrete-time
stochastic neural networks with time-varying delays in the mean square sense, is obtained.
Then, by static output feedback control, the sufficient conditions of robust global exponential
stabilization in the mean square for uncertain discrete-time stochastic neural networks with
time-varying delay is presented. Finally, some simulation examples are given to illustrate the
effectiveness of our results.

The remainder of this paper is organized as follows. In Sect. 2, formulation and prelimi-
naries are presented. In Sect. 3, robust exponential stabilization criteria in the mean square is
derived for uncertain discrete-time stochastic neural networks with time-varying delays. In
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Sect. 4, numerical examples are given to demonstrate our results. Finally, some conclusions
are given in Sect. 5.

Notation Throughout this paper, N* stands for the set of nonnegative integers. R" and
R™™ denote the n dimensional Euclidean space and the set of all n x m real matrices
respectively. The superscript “7T” denotes the transpose and the notation X > Y (respectively
X > Y), where X and Y are symmetric matrices, means that X — Y is positive semi-definite
(respectively positive definite)./ is the identity matrix with compatible dimension. E{-} stands
for the mathematical expectation operator with respect to the given probability measure P,
|| - |l stands for the Euclidean vector norm. The asterisk (*) in a matrix is used to denote
term that is induced by symmetry. We use Apyin () and Amax(-) to denote the minimum and
maximum eigenvalue of the real symmetric matrix.

2 Problem Formulation and Preliminaries

Consider the following uncertain discrete-time stochastic neural networks with time-varying
delay:
xtk+1)=(A+AAk)x(k) + (C + AC(k))x(k — T(k)) + (B + AB(k)) f(x(k))
+(D + AD(k))g(x(k — (k) + Nu(k) + 5(k, x(k), x(k — T(k)))w(k),

y(k) = Kx(k),

x(e):(p(e)v GZ_tMv_tM'I-la"'aOv (1)
where x(k) = [x1(k), x2(k), - - -, x,(k)]T € R" is the state vector, u(k) € R™ is the
control input. f(x(k)) = [fi(xi(k)), ..., fulxa(DIT, glx(k — T(k) = [gi(x1(k —
(k) ..., gn(xnk — 7(k)))]T denote the neuron activation functions. @(#) is an initial
condition, the positive integer t(k) denotes the time-varying delay satisfying

0 <ty <tk) < Tm, 2

where t,, and t)s are known positive integers. The diagonal matrix A = diag(ay, as, . .., a,)
is real constant diagonal matrix, C, B, D, N and K are the suitable dimension constant
matrices. B = (b;j)yxn and D = (d;j)nxn are the connection weight matrix and the delayed

connection weight matrix. A A(k), AB(k), AC(k), A D(k)denote the parameter uncertainties,
and assume to satisfy the following admissible condition

[AA(k), AB(k), AC(k), AD(k)] = GF(k)[E,, Ep, E., E4], 3)

where G, E,, Ej, E., E4 are known matrices of appropriate dimensions, F'(k) is an unknown
time-varying matrix function satisfying

FY(k)F(k)y <1, Vke N*.
w(k) is a scalar Wiener process on a probability space (€2, I', P) with
E{w(k)} =0, E{@’(k)} =1, E{oi)o()} =0 # j).
We make following assumptions for the neuron activation functions in (1).

Assumption 1 [25]Fori € { 1,2,...,n}, the neuron activation functions f;(-) and g;(-) are
continuous and bounded, and for any s1, s» € R(s; 7# s2) satisfy the following conditions:
- < fiGs1) = fi(s2) _ +

1 S1— 52 — 1
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(s1) — o:(s
Vo< 8i(s1) — gi(s2) < vi+7
! S1— 82

fi(0) = gi(0) =0, )
where I, I, v, v} are known constants.
Remark 1 The Assumption 1 on the activation functions has been made in many other papers
dealing with the stability problem for neural networks; see, for example, [6, 13, 25, 26].
We note that this assumption is weak in comparison with those made under the Lipschitz
condition [27-29]. In Assumption 1, the constants /;, l;r, v; s vl.’r are allowed to be positive,
negative or zero. Hence, the resulting activation functions could be nonmonotonic, and are
more general than the usual sigmoid functions and the recently commonly used Lipschitz
conditions.

Assumption2 §: Z x R" x R" — R" is the continuous function, and satisfies

8T (e, x(k), x(k — T(R))S(k, x(k), x(k — T(k)) < prx” (k)x(k) + pox” (k — T(k))x(k — T(K)),
(&)

where p; > 0 and p; > 0 are known constant scalars.

For obtaining the main results of this paper, the following lemma will be useful for the
proofs.

Lemma 1 [30] For any constant matrix M € R"*", M = MT >0, integers ry > ry, vector

SJunctionw : { ri,r1+1,...,r} — R" such that the sums in the following are well defined,
then
T
r r2 r
—(r2—rn+ DY o' OMo() < =Y o) | M| o)
i=r] i=r| i=r|

Definition 1 [31] The system (1) is said to be robustly exponentially stable in the mean
square if there exist constants « > 0 and p € (0, 1), such that every solution of the system
(1) satisfies that

E(lx(®)]*) < ap’ max_ E{Ix@I?}, Vk=0.
—Ty<i<0
for all parameter uncertainties satisfying the admissible condition.

For presentation convenience, in the following, we denote

A(k) = A+ AA(k), B(k) = B+ AB(k), C(k) = C+ AC(k), D(k) =D + AD(k),

I+l I+ I+l
Ay =diagfly, Bly, ... 7)), Ay =diag| L1, 22 ... )
2 2 2
vi+or vl +u) B Vi
Q1 =diag(wivy,v3vy, ..., v50,), szdiag( 12 12 5 2 ,...,v" 2v">.

6)
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3 Main Results

In this section, we aim to provide new delay dependent sufficient conditions which ensure
the exponential stabilization in the mean square of the neural networks (1).
Firstly, we consider following neural networks with time-varying delay
x(k+1) = Ax(k) + Cx(k — t(k)) + Bf (x(k)) + Dg(x(k — t(k))) + Nu(k)
+08(k, x(k), x(k — T(k))w(k),
y(k) = Kx(k),
x@)=¢®), 6=—-ty,—tM+1,...,0. %)
For system (7), we consider the following static output feedback controller
u(k) = My(k). ®
Under the controller (8), the corresponding closed-loop system for (7) is given by

x(k+1) = Ax(k) + Cx(k — T(k)) + Bf (x(k)) + Dg(x(k — T(k))) + 8(k, x(k), x(k — (k) (k),
®

where A= A+ NMK.

Theorem 1 Suppose that Assumptions 1 and 2 hold. For given scalars t,, and Ty, satisfying
0 < vy < Ty, the discrete-time system (9) is asymptotical stability in the mean square, if
there exist matrices = diag(sy, s2,...,sp) > 0,I' =diag(hy, hy, ..., h,) > 0, positive

definite matrices P, Z, Q1, 02, R, T = T Ty

:|, and scalars ¢ > 0, \* > 0 such that
x 1oy

the following matrix inequalities hold:

e 2 0 0 ®;s 0 YA, O AT P
* O 0 0 0 0 0 0 0
% % O 0 C'p—-Ti 0 I CTP
¥ % x —0r—R 0 0 0 0 0
* k% * ®s O PB PD 0 <0, (10)
* k% * * —Tn 0 0 0
* %k * * * —y¢ 0 BTP
* ok % * * * x —I DTP

L * % ok * * * * * —P |

P < A\*I, (11
where
Ou=—P+Q1+00+(ty —tn+ DT +R+k*p11—Z—1ﬂA],

O15=(ty — T + DT +(A = D' P,
On=-01—-Z2, Ox=»1"pl—Tn—-TQ,
Oss = (tm — T + DT + 12 Z — 2P.

Proof Choose the following Lyapunov—Krasovskii functional candidate:

4
Vk) = Vi(k), (12)
i=1
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where

Vi(k) = xT (k)Px(k),

k—1 k—1 k—1
vk = Y O+ Y D@+ Y ATOTAG),
i=k—1p, i=k—1tpy i=k—1(k)
—Tm k—1
stky= Y Y AT(TrG),
i=—ty+] j=k+i
-1 k-1 k—1
Vi) =t Y > 0t (NZn(+ Y xT()Rx(),
i=—1, j=k+i i=k—ty
k) = [T 0" 1], 0k = xtk+1) — x(k). (13)

Define AV (k) = V(k + 1) — V(k), then along the solution of (9) we have
E{AV(k)} = E{Vi(k+ 1) — Vi (k)}
= E{[Ax(k) + Cx(k — t(k))+ Bf(x(k)) + Dg(x(k — T(k)))]TP[Ax(k) + Cx(k — t(k))+ Bf(x(k))
+ Dg(x(k — T(N] + (8(k, x(k), x(k — (k) (k)T P8k, x(k), x(k — T(k))w (k) — xT (k) Px(k)}
< E{[Ax(k) + Cx(k — t(k))+ Bf(x(k)) + Dg(x(k — t(k)))]TP[Ax(k) + Cx(k — t(k)) + Bf(x(k))
+ Dg(x(k — TN] + 2 praT (k)x(k) + 1% ppx” (k — T(k))x(k — (k) — x7 (k) Px(k)}, (14)
k—1

k
E(avaty=E{ Y x"00ix)— Y xT()Qix(0)

i=k—1ty+1 i=k—1p,

k k—1 k k—1
+ Y D0 - Y TOHxi)+ Y. ATOTAOH - Y AT(i)TA(i)'

i=k—Tp+1 i=k—1y i=k—1(k+1)+1 i=k—1(k)

=E IxT(k)(Qu + 02)x(k) + AT (OTAK) — xT (k — 1) Q1x(k — T)

k—t(k)
—x"(k = t) Qax(k — Ta) = 2T (k — TkDTAGk — Tk + Y AT@‘)TA(/')]
Jj=k+1—t(k+1)

< E'xT(k)(Ql + 02)x(k) + AT (RTA(k) — xT (k — ) Q1x(k — )

Jj=k+l1—ty

k=t
— x" (k= o) Qax(k — i) = AT (k — T(RDTAGK — T(k) + Y ij(j)]

< E'XT(k)(Ql + 02)x(k) + xT (k) T11x (k) + 2xT (k) Ty2n(k)

+0" () Tantk) — xT (k — 1) Q1x(k — ) — x7 (k — Tp) Q2x(k — 1)
—xT(k = () Tix(k — T(k)) — 2xT (k — T(k)Ti2n(k — T(k))

k=t

— 0"k = TN Toank — tk)+ xT(j)Tx(j)], 15)

J=k+l—1y

E{AV3(k)} = E{Va(k + 1) — V3(k)} = E Z AT R)TAGk) — AT (k + i)n(kﬂ'))l

i=—ty+l
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k=t
= E’(rM - OTAR = Y AT()HTAG)
i=k—ty+1
k=1
= E[(rM — Tl () T1x (k) + 2xT () Tian(k) + 0" ) Taant)l = Y AT (DTAG) ¢
i=k—tp+1
(16)
E{AV4(k)} = E{Va(k + 1) — Va(k)}
—1 k - k—1
=E{tn Y, Y. 0" DZn) =T Y D 1" (DZn()
i=—1y j=k+1+i i=—1y j=k+i
k k—1
+ Y xTORx@)— Y xTG)Rx()
i=k—tpy+l i=k—tpy
-1
= E{rm Y- ' WZn) — 0" (k+DZnk + )] +xT () Rx (k)
i=—Tp
— xT(k — tp)Rx(k — ‘L'M)}
k—1
<E{tan"®0Znk) =t Y (" ()NZn()
i=k—1y,
+xT(K)Rx(k) — xT(k — tpr)Rx(k — ‘L'M)]. a17)

From Lemma 1, it’s easy to find

k—1 k—1 k—1
—tw Y n"MZn == D "Wzl Yo aG)
J=k—1m J=k—Tm J=k—Tm

< —(x(k) — x(k — Tu))" Z (x(k) — x(k — Tn)).

So, (17) can replaced that

k—1
E{AV4()} < E{ tan” (0 Zn(k) =T Y (nT(j)Zn(j))+xT(k)Rx(k)—xT(k—rM)RX(k—rM)l

i=k—1
< E{z,,%nT(k)zn(k) +xT (k)Rx(k) — xT (k — Tar)Rx(k — Tar)
() = 2k = 7)) Z(e(k) = x(k = )} (18)
It is easy to see
En(k) = E(x(k + 1) — x(k)) = E((A — Dx(k) + Cx(k — t(k)) + Bf (x(k)) + Dg(x(k — T(k)))).
So, for any matrices P, we have
ZE[nT(k)P((A — Dx(k) + Cx(k — t(k)) + Bf (x(k)) + Dg(x(k — (k))) — n(k))] =0
19
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From (14)—(19), it follows that
E{AV(k)} < E{xT(k)[fP + 01+ Qo+ (tyy — T+ DTy + A% p1 I — Z + R]x(k)
+ 2T () Zx(k — tw) — xT (k — 1,)(Q1 + Z)x(k — Tpy)
—x" (k= ) (Q2 + R)x(k — Tag) + x" (k — T(k)(A* p2 I — Ti)x(k — T (k)
— 27 (k — T(k) Tian(k — T (k) — " (k — (k) Taan(k — T (k)
+ 2T () [(tpr — T + DT + (A — DT PIn(k)
+2xT (k = T())(CT Pyn(k) + 20" (k)(P B) f (x(k)) + 21" (k)(P D)g(x(k — T(k)))
0T OTn = T + DT + 2 Z = 2P + 67 RTT PTE®K)], (20)
where
T=[A0CO000BD],
ET(k) = [xT (k) xT (k — tn), x T (k — T(k)), x" (k — Tar). 0" (k). " (k — T (k). fT (x(k)),
g7 (x(k = T(k)))].
In addition, from Assumption 1, we have
(fi i () = Lrx )T (i (i (k) — I x; () < 0, i = 1,2,
(gi(x; (k — T(k)) — vixi(k — T (g (xj (k — T(k)) — v x;(k —T(k) <0, i = 1,2,...,n.

So, it follows that for any matrices ¥ = diag(si,s2,...,8,) > 0, I' =
diag(hy, hy, ..., hy) >0,

n

0< =Y si(fixi(k) =[xy (filxi () — 17 xi (k) = Y hi(gitxi (k — (k)

i=1 i=1
—vfxitk — TN (i (xi(k — T(k)) — v; x;(k — T(k)))
= —x" (Y Arx(k) + 2x7 (kyy Ag f (x (k) — fT ()Y f (x(k))
—xT(k — (k)T Qx(k — (k) + 2xT (k — T(k))[ gk — T(k))
— g (k — T(k)Tg(k — T(k)). 2D
Combining (20) and (21), we can get
E{AV(k)} < E{xT(k)[—P + Q1+ Q0+ (y — T+ DT+ R+ A pr I — Z]x(k)
+2xT () Zx(k — ) — xT (k — T)(O1 + Z)x(k — Tp)
— xT(k — 1) (Q2 + R)x(k — Tyg) + x7 (k — T(k))(A* 2! — Ti)x(k — T(k))
—2x"(k — (k) Tiank — (k) — 0" (k — T(k) T2k — T(k))
+2xT()(tpr — T + DT12 + (A — I + NMK)T PIn(k)
+2x" (k — T()(PC) k) + 20" (k)(P B) f (x (k) + 20" (k)(P D)g(x(k — 7(k)))
— x" (Y Arx k) +2x7 (y Mg f(x(k) — T (x () f (x (k)
— xT(k —t(k)'Qix(k — t(k)) + 2xT(k — (k) Qag(x(k — T (k)))
— g"(x(k — T(NTg(x(k — T(k)) + 1" (W)(ty — Tw + DT + 153 Z — 2P (k)
+ ET(k)TTPTE(k)}
= E{E"®E + YT PTIEK)), (22)
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where
f®, Zz 0 0 O 0 YA O
¥ Op 0 0 0 0 0 0
¥ % O 0 C'P-T; 0 I'Q
= ¥ % x —0r—R 0 0 0 0
) IR * ®s 0 PB PD |
* % % * ¥ —T»n 0 0
E I * * * =y 0
ko ok %k * * * ¥ =I

O =—P+0Q1+02+ Ty —tm+ D11 + R+ p1I —Z — YAy,
O15=(tn =+ DT2+(A=D'P, ©n=-01-Z,
O33 = A ool —Tyy —T'Qy, Oss = (ty — Ty + )2 + 12 Z — 2P.
Applying Schur complement to (10) yields,
g1+77TPr <0. (23)
Therefore, there exists a sufficient small scalar ¢ > 0, such that,
E{AV(k)} < —cE|x(k)|*> < 0. 24

This means that the discrete-time system (9) is asymptotically stable. This completes the
proof of Theorem 1.

Now, we consider the uncertain discrete-time stochastic neural networks (1) under the
control (8). The closed-loop system for (1) with (8) is rewritten to

xtk+1)=(A+ NMK)x(k)+ Cx(k — t(k)) + Bf (x(k)) + Dg(x(k — t(k))) + Gm(k)
+ 8(k, x(k), x(k — T(k))w(k),
m(k) = F(k)(Eqx(k) + Ecx(k — t(k)) + Ep f (x(k)) + Eqg(x(k — T(k)))). (25)
Theorem 2 Suppose that Assumptions 1 and 2 hold. For given scalars t,, and Ty satisfying

(2), the closed-loop system (25) is robustly globally exponentially stable in the mean square, if
there exist matrices ¥ = diag(sy,s2,...,8,) > 0, ' =diag(hy, ha, ..., h,) > 0, positive

T T
definite matrices P, Z, Q1, Q2, R, T = 12

i|, and scalars € > 0 and A* > 0 such
* Tzz

that the following matrix inequalities hold:

On Z O3 0 i 0 O O3 0 O
* @y 0 0 0 0 0 0 0 0
* % O3 0 CT'P-TyeElE,TQ+¢E'E; 0 CTP
¥ % x —0r—R 0 0 0 0 0 0
% % * ®s 0 PB PD PG 0 | <0, (26)
* k% * ¥ —Tn 0 0 0 0
x % % * * x O ¢El Eq 0 BTPp
* * * * * C:)gg 0 DTp
* * * —elI GTP
L * * * * * * * —P |
P < \*I, 27
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where
@11 =—P+01+02+(y — i + DT +R+8EaTEa +X 011 —Z — YA,
O =¢ElE., Oi5=(y—tn+DT+(A—-DTP+(NMK)' P,
©17 = YAy +eE'E,, Oz =¢E'E;, Opo=ATP+(NMK) P,
On=-01-2Z, On=»rpl—Ty-TQ +eE'E,,
Oss = (ty — Tm + DT + T,%,Z - 2P,
O77 = —y +¢E] Ep, Ogg = —T +cELEy. (28)
Proof From (25), we have
2E(nT ()P[(A + NMK — D)x(k) + Cx(k — T(k)) + Bf (x(k)) + Dg(x(k — t(k))) + Gm(k) — n(k)]} = 0,
where n(k) = x(k + 1) — x(k).

Choose the Lyapunov—Krasovskii functional candidate (12). Calculating the difference of
V (k) along the system (25), and taking the mathematical expectation, we have

E{AV(K)) < E[xT(k)[—P + 01+ 02+ (T — T + DT11 + R+ 211 — Z)x(k)
+2xT () Zx(k — 1) — x Tk — Tn)(Q1 + Z)x(k — Tp)
—xT (k= ty)(Q2 + Rx(k — Tap) + xT (k = T(k)(W*po I — Typ)x(k — 7(k))
= 2xT(k = T(k) Tiank — 1(k)) — 0" (k — T(k) Taan(k — T(k))
+2xT(O)(tyy — T + DT12 + (A — T+ NMEK)T Pln(k)
+ 20T (k)PCx(k — (k) + 2nT (k) PBf (x(k)) + 2nT (k)P Dg(x(k — T(k)))
+20T () PGm(k) — xT (k) Ay x(k) +2xT )y Mg f(x(k)) — FT ()P f (x(k))
—xT(k — tk)TQix(k — T(k)) + 2xT (k — (k)T Qogx(k — T(k))
—gTx(k — t(k)gx(k — 7(k)) + nT ()[(tpr — T + DTap + 72 Z — 2PIn(k)
+ETTT PTEK)|

= E{ET()(E +TT PT ek}, (29)
where
T=[A+NMKOCO00BDG],
ET (k) = [x" k), x" (k — 1), x T (k — T(k)), xT (k — 7). 0" (KD, "k — T (k) f T (x (k)
g (x(k — T(k)), m(k)],

O Z 0 0 ®is 0 vA, 0 O
* Oy 0 0 0 0 0 0 O
x % O3 0 CTP-T; 0 I'Q 0
* x x —0r»—R 0 0 0 0 O
Er=1] % x = s ®s 0 PB PD PG |,
* k% * x —Tn 0 0 O
* % % * * * -y 0 0
* ok % * * * * —I 0
I * * * * * 0 |
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O =—-P+01+0r+(@y —tn+ DT +R+1Xp11 —Z — YA,
Ois=y—tw+DT2+(A-D"P, On=-0-2,
O33 = A* ol —Ti1 — TRy, Oss = (tyy — T + DT +12Z — 2P.
From (3) and (25), it follows that
exT (k)EL Eg)x(k) + 2exT (k) ET E)x(k — t(k))
+2ex" (k)(Eq Ep) f(x(k)) + 2ex" (k)(E, Eq)g(x(k — T(k)))
+ex? (k — t())WEI EQx(k — t(k)) + 2exT (k — t(k))EL Ep) f (x(k))
+2ex” (k — T(R)E] Eq)g(x(k — T(k))) + ef T (x(k))(E[ Ep) f (x(k))
+2ef T (x(O)E[ Eq)g(x(k — T(k)))
+eg” (x(k — TDNE] Ea)g(x(k — T(k))) — em” (kym(k) > 0 (30)
From (29) and (30), we have
E(AV®K) < E{E 0 E10EW) +E ()T PTE®R)
+exT (k)EL Eg)x (k) + 2exT (k)(EL Eo)x(k — (k)
+2ex” (k)(Ej Ep) f (x(k)) + 2ex” (k)(E} Eq)g(x(k — T(k)))
+exT (k — t()WET Ex(k — t(k)) + 2exT (k — t(k))ET Ep) f (x(k))
+2ex” (k — T()E] Eq)g(x(k — T(k))) + ef T (x(k))(E}, Ep) f (x(k))
+26f T (e ()E] Ea)g(x(k — (k)
+ 88 (xlk = T(O(E] Eg(x(k — T(k)) — em (kym(b)}

= EET0IE 1+ TT PTE®)), 31)
where

©1 Z €E'E. 0 O35 0 O3 ¢E'E; 0

*x —O01—Z 0 0 0 0 0 0 0

* * (:)33 0 cTp -T2 0O FQz+£ECTEd 0

n * * * —(02—R O 0 0 0 0
=1 4 * x ©s5 0 PB  PD PG
* * * * x —Tn 0 0 0

* * * * * * (:)77 8EbTEd 0

* * * x* —I +8E5Ed 0

| * * * * * * * * —el |

@)11:—P+Q1+Q2+('L’M—'L’m+1)T11+R+8EaTEa+)L*,011—Z—1//A1,
O15=(y —Tm+ DT2+(A— I+ NMK)' P, ©17=vAy,+cE'E,
On=-01—2Z, On=»r"pl—T)-TQ +¢EE,,

Oss = (tyy — T + DT +12Z — 2P,
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O = —y +¢E] Ep, Ogg = —T +¢ELEy.
Using Schur complement and (26), we have
._:’71 +7TPT <0.
So, there exists a sufficient small scalar ¢ > 0 such that,
E{AV(K)} = —Ellx®)]* <0,

this means that system (25) is asymptotically stable for any time-varying delay (k) satisfying
(2).
Now, we prove the global exponential stability of system (25), it is easy to get that

k—1 k—1
V) < dmax(Px@IP+y1 D Ix@IP+y2 Y IxG+DI*, (32
i=k—1) i=k—ty

where
y1 = Amax(Q1 + Q2 + R) +(tyr — T + D(max(T11) + Amax (T12) + 22max (T22)) + 273 max (Z).
y2 = (tpm — Tm + D((Amax(T11) + Amax (T12) + 2Amax(722)) + 2T,%,)»max(z)~
For any u > 1, it seen that
E(W™ VG +1) =W V(i) = Bl AV() + 1/ (w = DV ()

< Eft—cu+ 41 = Dimax PIa/ 1601

j—1 j—1
+(u—1>[mﬂ Do @I+’ Y ||x<i+1)|2“. (33)

i=j—tm i=j—tm
Now, we sum up both side of (33) from O to k — 1 and obtain

k—1
E{(u*V (k) - V(0)) < E{ [—cp+ (e — Damax P1Y_ w/ lIx()I?
j=0

k=1 j—1 k=1 j—1
+(u—l)(ylz Dol (IP+nd ] Y uf’||x<j+1)||2)]. (34)
J=0i=j—tm J=0i=j—tm

According to the method in [16], it is easy to have

-1 i+ty  k—l4ty ity

ki S WP < D2 D>+ > Y+ Z Z 1w Ix(HI?

j=0i=j—1ty i=—ty j=0 i=0 j=i+l i=k—ty j=i+l
k
2 2 2
= T max_ @I+ Tt Yl
i=0
k
j . 2 2
> 2 WIxGHDIP = g™ max @I+ Tin™ Y w k@O
J=0i=j—ty i=1

Meanwhile, from (32), we can easily get

-1 —1
V) < Amax(P)IxO) >+ | 1 Y Ix@IP+y2 Y llxGi + DJ?

i:—TM i:—‘L'M
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< [Mmax(P) + t(y1 +¥2)]  sup O||x(s>||2. (35)

—Ty=s=

Thus from (32)—(35), it can be obtained that

k
E{MkV(k)}SE{ﬁo(u) max ||x(s>||2+m<m2wnx(i)n2},
—Ty <s=<0

i=0
where
Jo(i) = Amax(P) + (u — D™ (n1 +2) + T (vt +12),
1) = (1 — Dimax(P) — cu + (0 — DTy ™ (1 + 2).
Because ¢1(1) = —c < 0, there must be a positive scalar ;o > 1, such that 91(up) < O,
o}

1 k
E(V(k)} < E{ ﬂowo)(—) max ||x<s>||2}.
J7a) —Ty <s=<0

From definition of V (k), we also get that
V(&) = din(P)1x(®)II.
So,

Po(uo) (1 \*
E(lx®I*) < ——(—] max_ Elx()I*
)\.min(P) Mo —Ty <s<0
Then closed-loop system (25) is globally exponentially stable. This completes the proof
of Theorem 2.

Remark 2 According to the proof of Theorem 2 and Definition 1, we have

_ Uoluo)
B Amin(P)
_ DL ™ (v1+y2) + T (y1 +72)
Amin(P)
o1+ (Y1 +72)
Amin(P)

Remark 3 The steps of calculating the gain matrix M of the static output feedback controller
are as follows:

Step I Let IT = (NMK)T P. Using MATLAB LMI Toolbox to solve (26) and (27), we can
obtain matrices I1, = diag(sy, s2,...,8,), [ =diag(hy, ha, ..., hy), positive definite
Ty T2

* T22
Step 2 From P and I1, we calculate M = N-lp-lgTg-1,
When 7(k) = d, where d is a constant, the closed-loop system (25) can be written as:

x(k+1)=(A+ NMC)x(k) + Cx(k — d) + Bf (x(k)) + Dg(x(k — d)) + Gm(k)
+8(k, x(k), x(k — d))w(k),
m(k) = F(k)(Eqx(k) + Ecx(k — d) + Ep f (x(k)) + Eqg(x(k — d))). (36)

matrices P, Z, Q1, Q2, R, T = ], and positive scalars & and A*.

The following corollary can be obtained.

@ Springer



96 Y.Dong, H. Wang

Corollary 1 Suppose that Assumptions 1 and 2 hold. The discrete-time system (36) is globally
exponentially stable in the mean square, if there exist matrices Z > 0, Q > 0, R > 0, P > 0,
Vv = diag(sy,s2,...,8,) > 0, ' = diag(hy, ha,...,h;) > 0, and scalars ¢ > 0 and
A* > 0 such that the following matrix inequalities hold:

[ ©11 ®12 Oy3 O14 015 0 ©17 ]
x On CTP  eE'E, Tu+eEE; 0 CTP
) *  x O PB PD PG 0
E=| % % =x —Y+eElE, ¢ElE, 0 BTp | <0, 37
* ok * * —r +.9EdTEd 0 DTp
* % * * * —eI GTP
R * * * x —P |
P < A\*I, (38)

where
O =Q0+R+\pI —Z—yA —P+cE'E,, ©12=2Z+¢ElE,,
Oi=A-DTP+(NMK)'P, O =vyAr+eElE),
O15s =¢El Eq, ©17=ATP+(NMK)'P
O3 =d*Z —2P, On=—-0—Z+rpyl —R—TQ +¢ELE,. (39)

Proof Choose the following Lyapunov—Krasovskii functional candidate:

3
V) =) Vilk),
i=1

where

Vi(k) = x" (k)Px(k),
k—1

Vak) = Y xT(0)Qx(),

i=k—d
-1 k-1 k—1
Vstky=d Y > a"(NzZnGr+ Y xT(RxG),
i=—d j=k+i i=k—d
nk) =xk+1) — xk). (40)

Calculating the difference of V (k) along the system (36), and taking the mathematical
expectation, we have

E{AV(K)) < E[xT(k)[—P +O0+R+Mp1I — ZIx(k) +2xT () Zx(k — d)
—xTk—dYQ+Z+R =X pl +TQ)x(k —d)
+2xT(RO(A =T+ NMEK)T Plnk) + 2nT (k) PCx(k — d)
+2nT (k)P Bf(x(k)) +2nT (k)P Dg(x(k — d)) + 2n" (k) PGm(k)
— x" )y Arx(k) + 2xT (Y Mg f(x(k) — fT ()Y f (x (k)
+2x Tk — )T Qgtk —d) — g7 (k — d)T'g(k — d)
+n" ([d*Z — 2PInk) +ET (k)T (k) PL(K))E (k)
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+exT (k)(EL E)x(k) + 2exT (k)(EL E)x(k — d)

+2ex" (K)(E] Ep) f(x(k)) +2ex” (k)(E] Eq)g(x(k — d))
+ex? (k — dYEIE)x(k — d) + 2ex™ (k — d)(EL Ep) f (x(k))
+2ex” (k — dYEl Eq)g(x(k — d)) + ef T (x(k))(E[ Ep) f (x(k))
+2ef T (x(O)E{ E)g(x(k — d))

+ 2gT (e — D] Eq)g(etk — d) — em” (kym(6)}

= EET () E (OEWY +ET ()¢ T PLE(K)),

where
t=[AC0BDG],
ET (k) = [xT (), xT (k — d), n" (), fT(x(k)), g7 (x(k — d)), m(K)],

O (5312 013 O14 015 0
x ©pC'P  ¢EI'E, TQ+¢E[E; 0

H_| * x On PB PD PG

B x % * —Y+eE]E, ¢eE/E; 0
* % * * —F+5E5Ed 0
* % * * * —el

From (36) and Schur complement, it follows that
E{A(V(x(k))} < 0.

The rest proofs are omitted as they are similar to the proof of Theorem 2. 0.

4 Numerical Examples

In this section, numerical examples are given to demonstrate the high performance of the
proposed approach.

Example 1 Consider the uncertain discrete-time neural networks system (1) with the follow-
ing parameters:

A [-L1s 0 o _[-0.04002 _[ 005 036] ., _[020
L o -o03] "T[003 01 "7 |-006004" [ 003]
[0.16 —0.19 0.02 0 1.42 —0.06 10
bD=10.04 001 ] G:[ 0 —0.01]’ N:[ 0 0.3 ] 12[01]’
(001 0 ] [1.1 0.1 0.13 0 —0.23 0.36
Ea=] 0102 B=| o 0.03}’ Ea = [0.01 0.2}’ EC:[ 0.15 0.01}’

=2,y =4, p; =001, p=0.02,
fi1(s) = tanh(0.6s), f>(s) = tanh(0.4s), gi(s) = tanh(0.2s), ga(s) = tanh(0.6s).

We have [ =0,lf =0.6,1; =0, =04,v; =0,v] =0.2,v, =0,v] =0.6.
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State responses

1 T
== (k)
0.8} xo(k)
0.6 i
-0.6 b
—0.8} i
1 ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30
Time
Fig. 1 State trajectories of the closed-loop system in Example 1
Solving (26) and (27) gives feasible solutions as follows:
0, = [ 5.9123 —0.4258 0, = 47924 —0.3546 7 — 1.6414 —0.0362
= | —0.4258 7.9406 |’ 271 -03546 6.6075 |~ | —0.0362 6.7179 |’
p— [70.3238 4.0815 v = 31.1982 0 r— 48.6095 0
- | 4.0815 150.2842 |’ - 0 32,5105 |°° 0 32.1939 |
[ 9.5810 1.0103 5.0096 —0.6113
T— 1.0103 32.3379 —0.6113 22.3382 R— 4.7924 —0.3546
| 5.0096 —0.6113 13.4163 —1.2429 " ~ | —0.3546 6.6075

| —0.6113 22.3382 —1.2429 58.9653

_ [105.0428 2.5596 _ .
T=1"25596 97.9336]’ £=16.1659, 1" =163.5213.

The output feedback controller gain matrix is

Wy [ 52260 0.7027
= | —0.9066 16.7101 |’

Therefore, it follows from Theorem 2 the closed-loop system (25) is robustly globally
exponentially stable in the mean square. The state trajectory of closed-loop system is shown
in Fig. 1.

Example 2 Consider the uncertain discrete-time system (1) with the following parameters:
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[04 0 0 0.04 0.25 0 [0.02 0 0
A= 002 0 |, B= 0 -0.015-0.02 |, C = 0 0.03 0.1
| 0 0 045 0.1 0.02 0.01 | 0 0.055-0.1
007 0 O 0 0.2 o0.01 [0.01 0 07
N = 0 008 0 [, D=1]020.01 0.1 |, E,= 0 0.010 |,
| 0 0 0.02 0.2 —0.4 —0.03 | 0 0 1]
[70.010.03 0 007 0 O 002 0 0 ]
E,=1002 0 01|, E. = 0 003 0 |, Eg=1/0.020 024 |,
| 0.010.020.2 0.19 0.2 0.04 0.2 0.1 0.03 |
0.026 0 0.06 02 0 O
G=| 0110023 0.1 |, K={| 0 0.1 0 |,
0.3 0.03 0.14 0 0 1.2
T =2, Ty =4, p1 =0.01, pp =0.02,
f1(s) = tanh(0.6s), f>o(s) = tanh(—0.4s), f3(s) = tanh(—0.2s),
g1(s) = tanh(—0.4s), g2(s) = tanh(0.2s), g3(s) = tanh(0.4s).
We have

Iy =0, ZT =0.6, [, =-04, l; =0, [; =-0.2, l; =0,
vy =04, v7 =0, v; =0, v =02, v; =0, vy =04.

Solving (26) and (27) gives feasible solutions as follows:

[ 1.0230 —0.0982 —0.1511]
—0.0982 0.4028 —0.0606
| —0.1511 —0.0606 0.1159 |

[ 0.7052 —0.0693 —0.1065 ]
—0.0693 0.3054 —0.0496
| —0.1065 —0.0496 0.0862 |

[ —1.8929 —0.0680 —1.1344
—0.0680 3.7480 —0.1736
| —1.1344 —0.1736 2.8007

67.5719 0 0
0 129.0876 0
0 0  6.5803

. 02

, P

, Z=

S

34.3948 0.8268

0.7052 —0.0693 —0.1065
—0.0693 0.3054 —0.0496
—0.1065 —0.0496 0.0862

1.6282 —0.1513 —0.2211
—0.1513 0.4138 —-0.0323
—0.2211 —0.0323 0.1245

325415 0 0
0 215885 O
0 0 21.2519

1.7891

’

0.8268 30.3378 —1.4041

1.7891 —1.4041 33.0236

7.3554 0.3044 0.3033 5.0294 —0.1814 —0.5722
0.3044 5.7897 —0.1615 —0.1814 0.5745 —0.0482

0.3033 —0.1615 3.2956 —0.5722 —0.0482 0.2040

5.0294 —0.1814 —0.5722 13.6489 —0.5704 —1.5403
—0.1814 0.5745 —0.0482 —0.5704 1.4658 —0.0789
—0.5722 —0.0482 0.2040 —1.5403 —0.0789 0.5263

& =19.2001, A* =36.0603.

The output feedback controller gain matrix is

—3.8099 —0.7091 —0.3383

M =
—7.8891

—0.1405 15.4612 —0.0919
0.1353 —3.4852

)

)

)
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State responses

(El(k)
0.8 == (k) [
z3(k)
0.6 R
0.4 R
-0.6 k
-0.8f k
_1 ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30
Time

Fig. 2 State trajectories of the closed-loop system in Example 2

Therefore, it follows from Theorem 2 the closed-loop system is robustly globally expo-
nentially stable in the mean square. The state trajectory of closed-loop system is shown in

Fig. 2.

Example 3 Consider the uncertain discrete-time system (1) with the following parameters

[1.4 0 —0.04 0.02 0.05 0.36 [0.01 —0.02
4=l 1.3]’3 —[ 0.03 —0.1] €~ [—0.06 0.04]’D‘ 0.04 0.01 ]
[0.02 0 1.42 —0.06 02 0 001 0
il —0.01]’N_ [ 0.1 3.13 }K - [ 0 0.3}’E" - [—0. —0.12}’

[0.10.01 0.03 0 ] —0.02 0.03 (10
Ev=1" 03 ]’Ed - [0.01 0.02_’E°‘:[ 0.01 0.01]’12 0 1]’

f1(s) = tanh(0.06s), f>(s) = tanh(0.04s),

g1(s) = tanh(0.02s), g2(s) = tanh(0.06s),

I =0, I =0.6, Iy =0, I3 =04, v, =0, v =0.2, v, =0, vy =0.6, 7, =2,
=4, p1 =0.01, pp =0.02.

It is easy to know that the above discrete-time system with u#(k) = 0 is unstable.
Solving (26) and (27) gives feasible solutions as follows:

4.1517

o[
|

@ Springer

—0.3146
—0.3146 6.6890

50.4686 2.5476
2.5476 154.2731

} o]
v

335

|

3.
—0.2556 4.8733

0

3319 —0.2556

345 0

41.7259

],p:

] 2

2.7690 —0.2828
—0.2828 10.0273

0]’

|

[

33.2821
0

]

30.8639
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State responses

1 T
- (k)
08t z3(k) |
0.6 4
-0.61 1
-0.81 1
- s s s s s
0 5 10 15 20 25 30
Time
Fig. 3 State trajectories of the closed-loop system in Example 3
[ 7.4564 0.5890 2.6545 —0.6765
T 0.5890 26.1464 —0.6765 19.3697 R— 3.3319 —0.2556
| 2.6545 —0.6765 6.5202 —1.2429 |* 7 | —0.2556 4.8733

| —0.6765 19.3697 —1.2429 51.7247

~ [—53.0533 —2.5680 B .
=1 _25680 —144.9013]’ £=0.1642, 1" =164.5935.

The output feedback controller gain matrix is

| —3.6965 —0.0503
0.1192 —0.9986 |

Therefore, it follows from Theorem 2 the closed-loop system is robustly globally expo-
nentially stable in the mean square. The state trajectory of closed-loop system is shown in
Fig. 3.

Example 4 Consider the uncertain discrete-time system (1) with the following parameters

[0.9 0 —0.4 0.01 0.03 0.06 0.26 —0.19
A= 0 0.23}’ b= [0.04 —0.1}’ €= [—0.06 0.04]’ b= [0.04 0.1 ]

[0.02 0 —0.42 -0.6 02 0 10
G‘_ 0 001]’N_[ 0 0.13]’K_[ 0 0.3]’ E“_[m]’

10 0.13 0 00 02 0
0 ] [01] [00102} = [00}1\2_[0 0.3}’
00 03 0 10
Ql_-00j|792_|:0 0.1] I_|:01i|, p1 = 0.01, pp =0.02,

f1(s) = tanh(0.4s), f>(s) = tanh(0.6s), g1(s) = tanh(0.6s), g2(s) = tanh(0.2s).
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Table 1 Value of the upper bound 7, 1 2 3 4
T for given 7

Theorem 2 12 13 16 18

For different values of 7,,,, we give the upper bounds 7, of time-varying delay in Table 1,
which guarantee the robust global exponential stability in the mean square of the system (25).

5 Conclusion

In this paper, we investigate robust exponential stabilization for uncertain discrete-time
stochastic neural networks with time-varying delay. Using the Lyapunov—Krasovskii func-
tional approach, we propose the delay-dependent stabilization criteria to guarantee that the
closed-loop system of a class of discrete-time stochastic neural networks with time-varying
delays is asymptotical stable in the mean square. Then, we give sufficient conditions of robust
global exponential stabilization for a class of discrete-time stochastic neural networks with
time-varying delays via output feedback control. Finally, some examples are given to show
the superiority of our proposed stability conditions.

Acknowledgements This work was supported by the Natural Science Foundation of Tianjin under Grant No.
18JCYBJC88000 and the National Nature Science Foundation of China under Grant Nos. 61873186,61603272
and 61703307.
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