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Stability and Synchronization of Discrete-Time
Markovian Jumping Neural Networks With
Mixed Mode-Dependent Time Delays

Yurong Liu, Zidong Wang, Senior Member, IEEE, Jinling Liang, and Xiaohui Liu

Abstract—In this paper, we introduce a new class of discrete-
time neural networks (DNNs) with Markovian jumping parame-
ters as well as mode-dependent mixed time delays (both discrete
and distributed time delays). Specifically, the parameters of the
DNNs are subject to the switching from one to another at different
times according to a Markov chain, and the mixed time delays
consist of both discrete and distributed delays that are dependent
on the Markovian jumping mode. We first deal with the stability
analysis problem of the addressed neural networks. A special in-
equality is developed to account for the mixed time delays in the
discrete-time setting, and a novel Lyapunov—Krasovskii functional
is put forward to reflect the mode-dependent time delays. Suffi-
cient conditions are established in terms of linear matrix inequal-
ities (LMIs) that guarantee the stochastic stability. We then turn
to the synchronization problem among an array of identical cou-
pled Markovian jumping neural networks with mixed mode-de-
pendent time delays. By utilizing the Lyapunov stability theory and
the Kronecker product, it is shown that the addressed synchroniza-
tion problem is solvable if several LMIs are feasible. Hence, dif-
ferent from the commonly used matrix norm theories (such as the
M -matrix method), a unified LMI approach is developed to solve
the stability analysis and synchronization problems of the class of
neural networks under investigation, where the LMISs can be easily
solved by using the available Matlab LMI toolbox. Two numerical
examples are presented to illustrate the usefulness and effective-
ness of the main results obtained.

Index Terms—Discrete-time neural networks (DNNSs), linear ma-
trix inequality, Markovian jumping parameters, mixed time de-
lays, stochastic stability, synchronization.
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I. INTRODUCTION

HE last few decades have seen successful applications of
T recurrent neural networks (RNNs) to a variety of areas
including pattern recognition, associative memory, and combi-
national optimization [1], [31], [32]. Among many dynamical
behaviors of the neural networks, stability and synchronization
are two of the most important ones that have received consid-
erable research attention. For instance, if a neural network is
employed to solve some optimization problems, it is highly de-
sirable for the neural network to have a unique globally stable
equilibrium, and it is not surprising that the stability analysis of
neural networks has been an ever hot research topic resulting
in enormous stability conditions reported in the literature. On
the other hand, the synchronization in coupled identical delayed
neural networks has been shown to have an important impact on
the fundamental science (e.g., the self-organization behavior in
the brain). The synchronization hypothesis for brain activities
has been confirmed by modern neurophysiological experiments
(such as olfactory bulb and cortex, visual cortex, hippocampus,
neocortex, and thalamo—cortical systems) [12], [17]. In [9], the
Lyapunov functional method and the Hermitian matrix theory
have been employed to investigate the global synchronization of
the coupled neural networks by defining a distance between any
point and the synchronization manifold. For more details con-
cerning synchronization of neural networks, see [5], [24]-[27],
[42], and the references cited therein.

Time delay exhibits as a typical characteristic of signal trans-
mission between neurons, and therefore, becomes one of the
main sources for causing instability and poor performances of
neural networks (see, e.g., [1] and [13]-[15]). Time delays can
be generally categorized as two types: discrete and distributed.
Discrete time delay seems easy to be identified in practice and,
therefore, stability analysis for RNNs with discrete delays has
been an attractive subject of research in the past few years. Var-
ious sufficient conditions, either delay-dependent or delay-inde-
pendent, have been proposed to guarantee the global asymptotic
or exponential stability for the RNNs; see, e.g., [6], [34], [38],
[39], and [41] for some recent publications. Distributed delays
are due primarily to the presence of an amount of parallel path-
ways of a variety of axon sizes and lengths, which provides a
neural network with a spatial nature. Distributed delays over a
certain duration of time have been introduced in [30] and [36]
such that the distant past has less influence compared to the re-
cent behavior of the state. Recently, the global stability analysis
problem for general RNNs with mixed time delays (also called
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discrete and distributed delays) has received an increasing re-
search attention and many relevant results have been reported
in the literature; see, e.g., [21], [38], [39], [41], and the refer-
ences therein.

It is quite common for RNNs to have problems in catching
long-term dependencies in the input stream. This is referred
to as the information latching problem [2] that can be handled
by extracting finite-state representations (also called clusters,
patterns, or modes) from trained networks [3], [7], [8], [11].
Recently, it has been shown in [37] that the switching (or
jumping) between different RNN modes can be governed by
a Markovian chain. Hence, an RNN with such a “jumping”
character may switch from one to another according to Mar-
kovian chain, and therefore, RNNs with Markovian jumping
parameters are of great significance in modeling a class of
neural networks with finite network modes. Dynamics analysis
problem of Markovian jumping RNNs has recently stirred
initial research interests. For example, in [40], the exponential
stability problem has been first addressed for a class of delayed
recurrent neural networks with Markovian jumping parameters.
In [44], a delay-dependent approach has been developed to
deal with the stability analysis problem for Markovian jumping
stochastic Cohen—Grossberg neural networks with mixed
time delays. In [33], a noise-induced stabilization method has
been proposed for RNNs with mixed time-varying delays and
Markovian switching parameters.

It is worth pointing out that, up to now, all the aforementioned
results concerning dynamics analysis problems for delayed
RNNs with or without Markovian jumping parameters have
been applied to continuous-time models. In implementing and
applications of neural networks, however, discrete-time neural
networks play a more crucial role than their continuous-time
counterparts in today’s digital world. In order to investigate the
dynamical characteristics with respect to digital signal trans-
mission, it is usually essential to formulate the discrete-time
analog [28], [35]. In the past few years, various stability criteria
have been proposed for discrete-time neural networks (DNNs)
in the literature; see, e.g., [18], [43], and [45] for DNNs without
time delays and [10], [19], and [20] for DNNs with discrete
time delays. Note that pioneering work has been carried out
in [29] for preserving exponential stability in discrete-time
analogs of artificial neural networks with distributed delays.
In [25]-[27], Lu and Chen investigated the synchronization
problem for an array of discrete-time coupled complex networks
in a systematic way and obtained a series of elegant results by
using innovative manifold/graph approaches. Unfortunately,
so far, the stability analysis and synchronization problems
for discrete-time Markovian jumping neural networks with or
without mixed mode-dependent time delays have not been fully
investigated yet and remains challenging. The major challenges
are as follows: 1) how to represent the finitely distributed time
delays in the discrete-time domain; 2) how to deal with mode-de-
pendent distributed time delays; and 3) how to establish a unified
framework to handle both the Markovian jumping parameters
and mixed time delays. It is, therefore, the main purpose of this
paper to make the first attempt to handle the listed challenges.

In this paper, we consider the stability analysis and synchro-
nization problems for a new class of DNNs with Markovian
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jumping parameters as well as mode-dependent mixed time de-
lays. Note that the mixed time delays comprise both the dis-
crete and distributed delays that are dependent on the Markovian
jumping mode. We first develop a special matrix inequality to
account for the mixed time delays in the discrete-time setting,
and then a novel Lyapunov—Krasovskii functional is proposed to
reflect the mode-dependent nature of the time delays. A linear
matrix inequality (LMI) approach is utilized to derive suffi-
cient conditions guaranteeing the stochastic stability of the con-
sidered neural networks. The synchronization problem is then
studied among an array of identical coupled Markovian jumping
neural networks with mixed mode-dependent time delays, and
it is shown that the addressed synchronization problem is solv-
able if several LMIs are feasible. Different from the commonly
used matrix norm theories (such as the M -matrix method), a
unified LMI approach is developed to solve both the stability
analysis and synchronization problems of the class of neural net-
works under investigation, where the LMIs can be easily solved
by using the available Matlab LMI toolbox [4]. Two numerical
examples are presented to illustrate the usefulness and effective-
ness of the main results obtained.

Notations: Throughout this paper, R” and R”*™ denote, re-
spectively, the n-dimensional Euclidean space and the set of all
n X m real matrices. The superscript ‘““I”” denotes the transpose
and the notation X > Y (respectively, X > Y) where X and Y
are symmetric matrices, means that X — Y is positive semidefi-
nite (respectively, positive definite); I is the identity matrix with
compatible dimension. | - | refers to the Euclidean vector norm;
the notation A ® B stands for the Kronecker product of matrices
A and B. If A is a matrix, Apin(+) and Apax(+) denote the min-
imum and the maximum eigenvalue, respectively. In symmetric
block matrices, we use an asterisk “x” to represent a term that is
induced by symmetry and diag{- - -} stands for a block-diagonal
matrix. E[z] and E[z|y] will, respectively, mean the expectation
of z and the expectation of z conditional on y. Matrices, if their
dimensions are not explicitly stated, are assumed to be compat-
ible for algebraic operations.

II. PROBLEM FORMULATION

In this section, we will introduce the model of neural net-
works, give the definition of the stability related, and put for-
ward the problem to be dealt with in this paper.

Let 7(k) (k > 0) be a Markov chain taking values in a finite
state space S = {1,2,..., N} with probability transition ma-
trix IT = <7Tij)N><N given by

Plr(k+1)=j|r(k) =i} =m; Vi,j €S
where 7;; > 0 (i, € S) is the transition probability from i to
7 and Z}:l m; = 1, Vi € S.

Consider a discrete-time n-neuron neural network with NV

modes described by the following dynamical equation:

z(k+1)= D(r(k)z(k) + A(r(k))F(x(k)) + B(r(k))

T2,r(k)

x G(a(k = 71 00)+C(r(k) > H(x(k—v))

v=1
(la)

s=-1,—717+1,...,—1,0 (1b)
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where z(k) = (x1(k),z2(k), ..., z,(k))" is the neural state
vector; the constant matrices D(r(k)) = diag{di(r(k)),
da(r(k)),...,d,(r(k))} describe the rate with which the each
neuron will reset its potential to the resting state in isolation
when disconnected from the networks and external inputs;
A(r(k)) = [aij(r(k)lnxn, B(r(k)) = [bij(r(k))lnxn and
C(r(k)) = [cij(r(k))]nxn are, respectively, the connection
weight matrix, the delayed connection weight matrix, and the
distributively delayed connection weight matrix; 7; ,.(x) denotes
the discrete time delay in mode r(k) while 75 .1y describes the
distributed time delay, and both of them are mode dependent.
In (1a), F(d?(k)) = (fl (xl(k))/ fz($2(/€))7 ERERE fn(xn(k)))T’
G(z(k = T1rx))) = (91(z1(k = T10x))), 92(T2(k = T1 0 (k)

cocn(on(k = 1,007, and H(z(k) = (ha(aa(k)),
ha(xa(k)), ..., hy(z,(k)))T are the nonlinear activation func-
tions; and ¢(s) describes the initial condition.

In the sequel, let 7 =max {71, T2} with 71 =max{m ;|1 € S}
and T2 = max{7e; | ¢ € S}. Furthermore, we denote 7, =
min{r ;|i€S}, 7o =min{m ;|i €S}, and r=min{7;;|i € S}.

Remark 1: The discrete-time recurrent neural network (1a)
can be considered as a discrete analog of the continuous-time

recurrent neural network of the form
% = D(r(t))xz(t) + A(r(t))F(x(t)) + B(r(t))

XG(x(t — Ty 1)) + C(T(t))/

t—T2 »(1)

t

H(z(s))ds (2)

where 7 (¢) denotes a continuous-time Markov process, and both
T1,r(t) and Ty (), describing discrete and distributed time de-
lays, respectively, are mode dependent as well. For the contin-
uous-time case, the neural networks with distributed time delay
first appeared in [16], and has now been studied extensively.
On the other hand, the neural networks with both discrete and
distributed delays are receiving considerable research attention
[21].

Usually, a neural network model contains a constant vector
representing the external bias on the neurons [21], [22]. How-
ever, there is a standard way to shift the system equilibrium point
to the origin, and the constant vector will disappear accordingly.
Therefore, for the sake of simplicity, such an external bias is
dropped in (1a) without loss of generality.

Throughout this paper, we make the following assumptions.

Assumption 1: F(-), G(-), and H(-) are bounded functions
and satisfy F/(0) = G(0) = H(0) = 0.

Assumption 2 [21], [22]: For the activation functions F'(-),

G(-), and H(-), there exist constants \;, )\ZF, o, a;r, v;, and
v such that
)\i_ < f1(81) - fi(52) < )\f 3)
S1 — S2
S1 — S2
v < M < Uz‘+' (5)
S1 — S2

Remark 2: As pointed out in [21] and [22], the constants A",
A 07,0, v;,and v in Assumption 2 are allowed to be pos-

itive, negative, or zero. Hence, the resulting activation functions
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could be nonmonotonic, and are more general than the usual sig-
moid functions and the recently commonly used Lipschitz con-
ditions. Such a description is very precise/tight in quantifying
the lower and upper bounds of the activation functions, hence
very helpful for using LMI-based approach to reduce the pos-
sible conservatism.

Definition 1: Neural network (1) is said to be asymptotically
stable in the mean square if, for any solution z(k) of (1), the
following holds:

klim E[|z(k)|?] = 0.

Furthermore, neural network (1) is said to be exponentially
stable in the mean square if, for any solution x (k) of (1), there
exist constants 0 < 3 < 1 and gz > 0 such that

Ellz(k)*] < up"*

In this paper, we will first deal with the stochastic stability
problem for the system (1), and then turn to the synchroniza-
tion problem between the array of identical neural networks.
By constructing new Lyapunov—Krasovskii functionals, suffi-
cient conditions for the stability and synchronization problems
are derived. These criteria are expressed in the form of LMIs,
which are easily checked by using the Matlab LMI toolbox.

vk > 0.

III. STOCHASTIC STABILITY

This section is devoted to the stability analysis for system (1).
To start with, we introduce some lemmas to be used in deriving
our results.

Lemma 1 [21]: Let X and Y be any n-dimensional real vec-
tors and P be an n X n symmetric positive-semidefinite matrix.
Then, the following matrix inequality holds:

2XTPy < XTPX +YTPY.

Lemma 2 [23]: Let M € R™ ™ be a symmetric positive-
semidefinite matrix, x; € R™ be a vector, and a; > 0 (i =
1,2,...,m) be scalars, where m is a positive integer. Then, the
following inequality holds:

m T m m m
(Z aixi> M <Z aixi) < (Z ai> ZaixiTMxi.
i=1 i=1 i=1 i=1
(6)

Lemma 3: Suppose that B = diag{f1, B2, . .., On} is a posi-
tive-semidefinite diagonal matrix. Letz = (21,2, ...,7,)% €
R", and H(z) = (h1(z1),ha(w2),. .., hu(zs))T be a contin-
uous nonlinear function satisfying

hi(s)

- +

s #0, s €R, 1=1,2,...,n

)

with [;” and /;" being constant scalars. Then
BL,

{fo)r [—BLQ _%LQ} [’fo)} <0

tTBLyx — 22T BLyH(x) + HY (2)BH(x) < 0

or
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where Ly = diag(lii7,1515,..., IF17) and Ly =
diag((IF +17)/2, (15 +15)/2, . (l¢+ln)/2).

Proof: Notice that (7) is equivalent to
(hi(w) = U as) (hias) — 17 2) <0
or N
Ir+1
T I eel —geie?
v : 2 T ol<o
H(z) l;"—i—li_ T T H(z)| =7
_—67‘,61: eiei
2
1=1,...,n

where e}, denotes the unit column vector having “1” element on
its kth row and zeros elsewhere.
Since ; > 0, it follows readily that

+ —
n T l;rl,_eq- T —Meief
Zﬁi[Hx I+ 2 [Hx ]go
i=1 . _%eie? eiel x)
namely ®)
x r BLl —BL2 x <0
H(z) —BLy B H(zx)| =
This completes the proof of this lemma. [ |

Lemma 4 (Schur Complement [4]): Given constant matrices
Q1, Qo, and Q3 where Q; = QT and Q5 > 0, then

O+ 0705103 <0

0

o

Lemma 5: Let U = (aij)nxn, P € R, 2z =

(2T 2l 2%)T, and y = (yT,yd,...,y5)T with

Tk, yr € R* (k= 1,2,...,N). If Y = U7 and the sum
of entries in each row of I/ is zero, then

T U Py =~

if and only if
Q3

%o

')Tp(yi

Z Ozij(il,’i — Ty

1<i<j<N

- yj)-

Proof: According to the definition of Kronecker product of
matrices, we have
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Since the sum of entries in each row of U is zero, then

N N
Z aiz, Py; = — Z Z a;jmy Py;
i=1 i=1 j##i
= — Z aija:,iTPyi — Z ai]-a:iTPyi.
1<i<j<N 1<j<i<N
Therefore
2"(U® Py
=— > agr{Plyi—y)+ Y aya! Py - yi)
1<i<j<N 1<j<i<N
=— Y @ Plyi—y)+ Y, oz Plyi— ;)
1<i<j<N 1<i<j<N
=— > agr{Plyi—y)+ Y aya; Plyi—y;)
1<i<j<N 1<i<j<N
=— > aij(zi—x) Py —y;).
1<i<j<N
Notice that here we have used the condition 2/ = U7 . [ |

Lemma 6: Let A be a symmetric matrix and suppose that
the sum of all elements in each row of A is zero, then for any
positive integer n, the sum of all elements in each row of A™ is
Zero.

Proof: Tt can be verified easily by simple matrix operations.
|

Hereafter, we denote

dlag{)\+)\1 D S )\:)\;}
:diag{““w“z,...ﬂi“ﬁ}
2 2 2
El:diag{ai"al_,(f;'a;,...,aga;}
S R R R S
2 2 2
:diag{val_,v;vz_,...,U:v;}
+4m ot +os + 4y
vy +v;y Uy + U v+,
T, —di { 1 T 2 Un n}
2 =diagy = T Ty

Now we state the main result in this section.
Theorem 1: Under Assumptions 1 and 2, the delayed neural
network (1) is asymptotically stable in the mean square if there

N N
2T (U@ Py = Z Z aijrl Py; exist a set of matr.ices P; > 0,'two matrices () > 0 and 12 > 0,
im1 =1 and three sets of diagonal matrices 2; > 0,0; > 0,and A; > 0
h that LMI (9) sh t the bott f th holds, wh
_ Z Ozij:l?iTPyj " Z aijxfpyj such thal (9) shown at the bottom of the page holds, where
1<i<j<N 1<j<i<N _ N
N P; = Zﬂ-’i,jp_] (10)
+ ) aix] Py;. g=1
; Hz = _Pi_QiAl —@iEl —AiT1 (11)
Hi QZAQ @ZZQ 0 AzTZ 0 (Z)F_Z
QA —Q; 0 0 0 0 AT (i) P;
0,3, 0 =i 0 0 0 0
D; = 0 0 0 -Q 0 0  BT()Pi| <0, ies )
JAVE ) 0 0 0 ;R — A 0 0
0 0 0 0 ---R CT(i)P;
P;D(i) P;A(i) 0 P;B(i) P;C(i) —P;
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Zi=k0Q—0;, ko=(1—-n)(T1—17)+1 (12
G =124 + (1 — 745)(T2 — 7o)
1
+ 51 -1)(T2 — 1) (T2 + 7, — 1) (13)

Proof: For presentation convenience, we introduce some
notations in the equation at the bottom of the page.
By Lemma 4, inequality (9) is equivalent to

®; + AT(i)P;AGG) < 0 i€S (14)
where
II; QA 6,5, 0 AT 0
QA —Q; 0 0 0 0
. 0,5, 0 =0 0 0
=1 0 0 -0 0 0
AY, 0 0 0 @R-—A; 0
0 0 0 0 0 —%R

Consider the stochastic Lyapunov—Krasovskii functional
V(xx, k,r(k)) as follows:

V(xk, k,r(k)) = Vi(xp, k,r(k)

) + Va(x, b, (k)
+ Va(xi, b, (k) +

)
Vi(xp, k, (k)

+ Vs (xg, k, (k) (15)
where
Vi(xy, k, (k) = 2T (k) Pogry (k) (16)
k—1
Vo(xk, k,r(k)) = Z GT(x(v))QG(z(v)) (17)
v=k—T1 (k)
T1—1 k-1
Va(xi, bor(R)=(1—m) Y Y GT(xf (z(v)) (18)
=1, v=k—1
T2, r(k) k—1
V(e b, r( > HY(z(v)RH(z(v))  (19)
=1 v=k—
7o s—1 k-1
Vs (i, b, (k)= (1-m) Y H'(z(v))RH (z(v)).
s= 12+1L:1U=k—b
(20)

Notice that Vo (xg, k,r(k)) and V3(xg, k,7(k)) are used to
deal with the term involving the discrete delay in (la) while
Va(xg, k,r(k)) and Vs(xg, k,r(k)) are used to deal with the
term involving the distributed delay.

For 7 € S, we conduct the following computation:

[E[Vl(xk+17k +1,r(k+1)) | xg,r(k) =4 — Vi(xg, k, 1)

= Z%

= [D(i)x(k) +A@F(x(k)) + B@0)G(2(k = 71.,))

DPjz(k+1) — a7 (k) Px(k)
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T2 T
+C(i) Y H(a(k - v))]

x Pi| D(i)z(k) + A(i)F(x(k)) + B(i)G(x(k — 11,i))

+C(i) Z H(x(k

v=1

- v»] — o (k) Pra(k)

= &0 (ki) AT (i) PiA()E(k, i) — o (k) P(k). (21
and
E[Va(Xk41,k + L,r(k + 1)) | xp,7(k) = i] — Va(xx, k,9)
N k
=> " m Y. GT(z()QG(x(v))
I R
k—1
> G (@0)QG(z(v))

v=k—T71;

I
M) =
3

G (2(k))QG (x(k))
GT (w(k — 71,))QG(x(k — 71,1))
N k—1
+) i GT ((v)) QG (x(v))
j=1

<,
! Il

>

’U:k*Tl,]‘ +1

- Y T@)QG((v)

v=k— ,i+1

= G"(2(k)QG(w(k) —G" (¢(k—71,:))QG(w(k—71.:))

k—

k—1
+ij< Z G* (x(v)QG (x(v))
j#i v=k—11 j+1
k—1
_ Z GT(x(v))QG(fE(U))>
v=k—71,;+1

<G (w(k)QG(w (k) = GT (x(k—11,1) QG (w(k—71,:))
k—1
+ij< Y G(e(v)QG(x(v)

i v=k—71+1
- T(%(U))QQ%(U)))
v=k—1,+1
< GT(2(k))QG(x(k)) =G (2(k—71,)QG(2(k—71,:))

+y mi Z GT(2(v)QG (x(v))
j#i v=k—7T1+1
< GT(2(k)QG(w(k) ~ G ((k—1,:))QG(w(k—T1.:))

Y 6T (()Q0(w)

v=k—T1+1

+(1—m) (22)

T

xp = [&7(k),a" (k= 1),...,27(k - )]

£(k,i)=[ﬂvT(k) FT(x(k)) GT(x(k)) GT(a(k —11,))

A()) = [D(i) AG) 0 B(i) 0 C@)].

iHT(x(k —
v=1

Authorized licensed use limited to: Brunel University. Downloaded on October 30, 2009 at 05:44 from IEEE Xplore. Restrictions apply.



LIU et al.: STABILITY AND SYNCHRONIZATION OF DISCRETE-TIME MARKOVIAN JUMPING NEURAL NETWORKS

and

E[Va(xkt1,k +1, T(k+1))|Xka (k) = i] = Va(xw, k. )

1—7r<1§: Z GT (2(v))QG(x(v))

v=1, v=k—1+1
(w(v)))

- Y 6 ew)ea
— G (a(k = 1)QG(w(k = 1))
= (1-m)(71 — 1,) & (2(k) QG (k)

=7, v=k—1t
S O E)QCEW)

v=k—T1+1

T1—1

=(1-m) Y (6" @(k)QG((k))

L=7,

~(1-x) (23)

and
EVi(xisrsk + Lk + 1)) | s 7(k) = i] = Vi(xe, £, 1)

< S (T (a(k) RH(

1107

o k
+Z7rij( > > H"(z(v))RH

(x(v))>

NED) t=r,+1lv=k—1+1
=1 H" (x(k))RH k))—i H" (z(k—1))RH(x(k—1))
(1 — 7y Z Z H" (z H(z(v))

=1 ,+1lv=k—1+1

< (Tz i+ (1= mi) (T2 — m3)) HT (x(k))RH ((k))
—ZHT 0))RH (z(k — v))
+(1—W)L:Z:1 ];f 1H (z(v))RH (x(v)) (24
and T
E[Vs(xkt1,k +1,7(k + >>|Xk7 (k) = i] = Vs(xx, k,1)
Gn| 35 Y B ) rEEW)
s=r,4+1 =1 v=k—1+1

s—1 k-1

YT

s=7,+1 =1 v=k—
1—#[ Z Z(HT
s‘r+1L1

— HT (x(k — o)) RH (x(k — L)))]

((v ))]

(z(k))

=(1-m) [%(Fz — 1) (T2 + 7y — )H" (2(k))RH (x(k))

To k—1
- > Y H"(z(v))RH

t=r,+1lv=k—1+1

From (21)—(25), it follows that

(fv(v))] - (25)

ElV(xks1,k+1,7(k+ 1)) | xp, (k) = 1] — V(Xp, k, 1)
< &7 (k) AT (i) PiA(D)E (K, 0) — o™ (k) P (k)
+ koG (x(k)) QG (x(k))
— G (2(k—71,,)QG (2(k—71,:))
+a; HT( (k) RH (z(k))
=Y H"(a(k - v))RH (x(k — v)) (26)

where ko and &; are defined in (12) and (13), respectively.
Next we will make estimate on the terms in (26) to obtain the
stability of the system (1) under given conditions.
From Lemma 2, one has

27)

’U)RZH — )
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In view of Assumptions 1 and 2 and using Lemma 3, it follows

that
oL (k) QuMz(k) — 227 (k)Q; Ao F (2 (k)

+FT (2(k))Q: F (x(k))
T (k)0;S12(k) — 22T (£)©;X2G (z(k)
+G" (2 (k))O,G(x(k))
o (k) AT z(k) — 227 (k) A, YZH(x(k)
+HT (x(k))A:H (x(k))
Substituting (27)-(30) into (26) leads to
E[V(xg+1,k+ 1,r(k+ 1)) | xgx, (k) = 3] — V(xg, k, 1)
< & (k) AT () PiA(D)E (k. 0) — o™ (k) P (k)
+w0GT (2(k))QG (z(k))
— GMa(k—71,:))QG (w(k 7))
+&'HT( (k) RH (z(k))

T2,4 T2,i

-
- (ZH — o)) R H(alh -

= (o7 (B)uhao(k) = 207 (k)N F (o (k)

~—

IN

0 (28

~

IN

0 (29)

~—

IN

0. (30

+ FT(o(k))QF (o(k)) )

— (27 (1)©iS1(k) — 227 ():32G(x (k)
+ G7(2(k))0:G(x(k)))

— (" (AT 1a(k) = 227 (R)ATT2 H (2(k))
+ H (k) AiH (k) )

= T (k,4) (AT(Z')EA(Z') + éi)g(k, ).
Let ag = me%x{)\max(AT(z')ﬁiA(i) +®;)}. In terms of (14), it

is obvious that g < 0. Therefore, from (31), it follows readily
that

E[V(xk+1,k+ 1,r(k + 1)) | xg,7(k) = 1]
—V(Xp, ki) < aglz(k)|?

€2y

which implies

E[V (xpk+1, k+1,r(k+1)]=E[V (xk, k, (k)] < aoE[ (k)]
(32)

For an arbitrary positive number m, it can be inferred from (32)

that

E[V(xmt1,m+ 1,7(m +1))] — E[V(x0,0,7(0))]

which results in

S Effa(k

k=0

W < ——[E[V(xo, 0,7(0))].

It can now be concluded that the series 3¢ E[|z(k)|?] is con-

vergent, and therefore

Jlim Elo(k)] = 0.

This completes the proof of the theorem. ]
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Remark 3: In Theorem 1, we have obtained the LMI-based
conditions ensuring system (1) to be asymptotically stable in the
mean square. The conditions are easy to be checked as LMIs can
be effectively solved by the algorithms such as the interior-point
method from Matlab toolbox. We like to point out that, under the
same conditions, the mean square exponential stability can also
be guaranteed following a similar method used in [22].

IV. SYNCHRONIZATION

In the previous section, we have analyzed the stability for a
single neural network. In this section, we will consider an array
of coupled identical neural networks and deal with the synchro-
nization problem of the coupled neural networks.

Consider a coupled system of ng identical neural networks
described by

Ym(k+1) = D(r(k))ym (k) + A(r(k)) F(ym (k)
+ B(r(k)G(Ym(k = T1.0x)))

TQrk)
Z H (Y (k —v))
v=1
+Zwm(, wya(k),  m=1,2,...,no (33)

where Ym(k) = (Ym1 (k) Yma(k), ... Ymn(k))T is the
state vector of the mth neural network; if (k) = 14,
Try = diag{yii,72i,..., i} > 0 is a matrix linking
the jth state variable if v;; # 0 (j € {1,2,...,n}); and
W = (wmq) € R™*™0 is the coupled configuration matrix of
the network with w;,o > 0 (m # «) but not all zero. As usual,
the coupling configuration matrix W = (wsq) is symmetric

(i.e., W = WT) and satisfies
No
Zwma:07 m:1727...7n0
and a=l
no
Zwm,azo, 0621,2,...,7’1,0. (34)
m=1

All other symbols in (33) are defined as in the previous section.

Remark 4: The coupling satisfying Y "% | w;,a = 0 for
1 < a < nyg is called linear coupling, which is used exten-
sively. In the case of the linear coupling, when the states of the
coupled neural networks are identical to each other, the coupled
networks are decoupled.

Let

y(k) = (yi (k),y3 (k). ym, (k)T
F(y(k)):(FT(yl(k))vFT( 2(k))s oy BT (yng ()T
Gly(k)) = (G" (51(k)), GT (y2(k)), -, G (g ()"
H(y(k)) = (H" (y1(k)), H" (y2(k)), - -, H" (yng (F)))"

With the matrix Kronecker product, we can rewrite the cou-
pled neural networks (33) in the following compact form:

y(k+1) = (I ® D(r(k)))y(k) + (I ® A(r(k)) E (y(k))
+ (I @ B(r(k))G(y(k—71,r)))+ (I @ C(r(k)))

T2,r(k)

x ) H

v=1

+ (W Twy)y(k). (35)
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Remark 5: Tt should be pointed out that the discrete and/or
the distributed delay state coupling(s) can be considered in the
coupled system (33) or (35) without any difficulty. However, to
avoid tedious calculation and without loss of generality, we only
discuss the state coupling in (33) or (35).

Definition 2: The coupled system (35) is said to be asymptot-

1call¥ synchﬁom% g in the nﬁg]n sq(l)lare if the f0110<W1ng< holds:
im <m < aXng.

The coupled system (35) is said to be exponentially synchro-
nized in the mean square if, for any solution {y(k)} of (35),
there exist scalar constants ¢ > 0 and 0 < v < 1 such that

Ellym (k) ~ya (k)*] < e,

In the sequel, for notation simplicity, we denote by w,g) the
(i,7) entry of the matrix W2,

Theorem 2: Under Assumptions 1 and 2, the coupled system
(35) is asymptotically synchronized in the mean square if there
exist a set of matrices P; > 0, two matrices ) > 0 and R > 0,
and three sets of diagonal matrices 2, o,; > 0, Opy i > 0,
and Ay, ,; > 0 such that the following LMIs hold:

1<m<a<lng

Yina,i <0, 1<m < a<ng, 1 €S (36)

where ¥, , ; is defined in (37) at the bottom of the page, and
Ko, Gy, and P; are defined as in Theorem 1.

Proof: For presentation convenience% we denote
yi = (yT(k)y"(k = 1),..y"(k = 7)), Ymalk) =
Ym(k) = ya(k), fma (k) = F(ym (k) — F(ya(k)), 8ma(k) =

G(ym (k) = G(ya (k). hma (k) = H (y (k) ~ H (ya (), and
by (k, (k) = 32,20 H (ym (k=) = 32,21 H (ya (k=)
_ Consider the stochastic Lyapunov—Krasovskii functional
V(yk, k,r(k)) as follows:

V(ylm k, T(I{})) = IA/l(ylm k, T(I{})) + ‘72(}’197 /{;/’I“(k))

+Va(yr, ko (k) + Va(ye, ko r(k) + Va(yr, k,r(k))  (38)
where
Vi(yi. k,r(k)) =37 (k) (U ® Prgiy)y(k) (39)

G (y(v)(U ® Q)G(y(v)) (40)

kE—:l

v=Kk—T1 (k)

V?(ykv k/,r(k» =

VE > 0.

1109
) 71—1 k-1
Va(yn, kr(k) =(1-m) > > GT () ([UeQ)G(y(v))
=7, v=k—1
41)
) T2,r(k) k—1
Vilyw kor(R) = D Y H' (y(0)(UoR)H(y(v)) (42)
k—

=1 v=

V(v by r(k) = (1 - - )

L

s—1 k—1
X Z Z HT ))(U®R)H ( (v))
s=r1,+1 t=lv=k—t
(43)
with
ng—1 -1 -1
U= -1 ng — 1 -1
-1 -1 1o =1/ 1o xne
For ¢ € &, we perform the following computation:
EVA(Yer1, b+ Lr(k+ 1)) | ye, r(k) = i] = Vi(yx, k. i)
N
=> miy" (k+ 1)U P;)y(k+1)—y" (k) (U@ P)y(k)
j=1

(I ® D(@)y(k) + (I © A@)F(y(k))

+(I® B(i)G(y(k —71.))
+(I®C(i ZH (W®F)(k)]
x (U@ Py)|(I® D(@)y(k) + (I ® A@4)F(y(k))

ESBL :SL?Z G)m,a,zEZ Enlzi)z Am,a,iT2 HSL 2)1
«  EXY. 0 AT()PB() 0 AT(i)P;C(i)
U, oi = * * ng?t 0 0 0
o % % =, 0 BT (i)P;C(i)
y N . QiR = Ao 0
=(6.:6)
>k * % * % S, o z
=D, =P+ D(i)P;D (i)~ now 2, TiPili — (1o wma D(1) PiTi +10wmaliPiD(i)) = Qma,ih — O a,iZ1 — A aiT1
=0 = D(i)PiA(i) — nowmaliPiA(i) + Quaile, Ew2, = D(i)P;B(i) — nowma i P;B(i)
=09, = D(0)PiC(i) — nowmaliPiC(i), E07, = AT()PiA(1) — Q.o
— 1
2 = 10Q — Omair B =BT(OPiB(i) - Q. =LY, =CT()PiC(i)— —R 37)
,Q, T2.4

>
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— ()1 © DO & P(I & D@yl :
+ FT(y(0)(1 @ AT(@D)(U © P & A F(y(h) <ZH ¢ ”)) L)
+GT(y(k — m.0)(I @ BT () (U ® Py)(I @ B(i)) + 297 (k)(U ® (D(i)P; AG))) F(y(k))
< Glylh = 1.) + (ifmy(k—v)) (18 C7(0) e DOREEAE= )

=i 27 BV © (DHPCHN Y Ayl —v)
ok ®Pi)”®0“”<;H(y(’“‘“) + 207 (E) (oW © (D(PT)y(k)
ROV & (U & PO(W @ Ty(h) ST © (AT (P B CE ~7,)

+2y (k)(f@D@))(U@EXI@A(z‘))ﬁj(y(k)) 2ET (y()WU (AT (i)P,C (i H k—v)
AT DU S Pl ® BiNGk ) VIEATORCEN| ) Mk
207 ()(T® DT & P C(0) + 267 (k) (moW @ (ATGPL)y(F)

. v Z_ :
3 Ak — o)) + 297 () © DU @ P) +26 Wl )Us(FHACt

x (W @ T3)y(k) + 2E7 (y(k)(I @ AT(i))(U @ P;) X (;H(y(k—v ) +2G7 (y(k — 71))
)

x (1@ B(@)G(y(k —71,)) + 287 (y(k) (I ® A" (i) T
x (noW @ (BT (i)P; +2<ZH (k— v)

x (U ® P;)(I® C(i <ZH
R x (noW @(CT (i) Pily))y(k)—y" (k)(U@ Pi)y(k). (50)
+2F (y(k)(I @ AT(0)(U @ P;)(W @ Ta)y(k)
P

AT T —
+2G7 (y(k = )L ® B7(0)(U @ Pi) Similar to the proof in previous section, we have
(I®C(i ( Z H(y )
N(

— E[VQ(ylH—lv k + l,T(k + 1)) | ykvr(k) = Z] - VQ(ykv kal)
+ ZGT( (k- 7'171))(I ® BT (i

U P) (W o T:)yk) < GT(y(k)(U ® Q)G(y(k))

+2 ( 3 Fl(y(k—v)> (reCT(@i)Ue Py) -t e DGl = r4)
< (W Ta)y(k) —y" (W)U © Py(k). (44) +(1-m _; H@T(y(v))(U@Q)G‘(y(v)) (51)
Notice that E[Va(¥ai1, b+ 1,7(k + D) | yr,rk) = 11 — Va(yr, ki)
_ _ = (1—m)(T1 — 1)GT (y(k))(U @ Q)G(y(k))
=ngW? @ (T;PTi) (45 —(1-71) Y Gy)UeQ)Gyw) (52)
(I ® DE)(U @ P) (W aTy) =(UW) @ (D(i)P;T;) ) v=h—m 41 )
:n0W®(D(i)FiFi) (46) [E[V4(yk+1> k+ 1>T(k + 1)) I y’“?f(k) = Z] - V4(yklk’i)
(I e AT()(UeP)(W aT;) =(UW)® (AT(i)P;I;) < (m+ (1= mii) (T2 = 7)) H (y(k)(U ® R)H (y(k))
=noWe(AT(H)Pily) @47
(I & BY(@)(UP,)(W & T;) = (UW) @ (BT (i)PiT) - ZHT WU R)H(y(k =)
=noW®(BT(i)P,I';) (48)
(I CTE))URP)(W aT;) =UW) o (CTH)P;T;) (1-m) Z Z HY (y(v))(U @ R)H (y(v))
=noW®(CT[H)P;T;). (49) =Tyt v=k—u+1
(53)
Substituting (45)—(49) into (44) leads to [E[V5(Yk+1, E+1,7(k+1)|yr r(k)=1] - V5(Yk, k,4)
EVA(yisr, b+ 1,r(k+1) | yr,r(k) = i = Vi(yx, k, ) =(1-m) [%(?2—12)(7z+12—1)ﬁT(y(k))(U ® R)
= yTgk)(U ® (D(i)P; D(i )))y k) _ .
+ lfT(y(k))(U ® (AT () PiA(i)F (y(k)) « H(y(k)) — - AT (y(v))
+GT (y(k —1.0)) (U (BT (0)P;B(0)G (y(k—1,:)) ! ngﬂ v:kz_:,,ﬂ !
<ZH - ) (U & (CT (i) P;C(i))) x (U® R)ﬁ(y(v))]- (54)
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Therefore, it follows that

E[V(yii1, b+ 1r(k+ 1)) |y, (k) =] —
< y"(K)(U @ (D(i)P;D()))y(k)

+FT(y (k‘))(U®(AT(Z) 1A(Z)))F(y(k))
—|—GT( (k—7.:))(U( BT(Z) +B(7)

H )
:1

V(yp ki)

x G —7'1 +

x (noW @ (BT(i)FiFi)T)y(k)
42 ( S v)) (oW & (CT()PT)u(k)

T  Eulb) + soGT N 5 QG0
— 6T (y(k = 11.))(U @ QG(y(k = 71,)
+azHT( (k—v))(U® R)H(y(k —v))

— Z HT ( (k—w)).
Using Lemmas 5 and 6, we derive from (55) that
V(Yka k: Z)

[yfww( P; + D(i)P;D(i)

)U @ R)A (55)

E[V(yit1,k + Lr(k+1)) | ya, (k) = 4] —

>

1<m<a<ng

- now,(gzyfiﬁifi
- 2n0wmaD(z')?iFi)yZ;m(k)

+£5 (B)AT (i) P; A1) fna (K)

+ K08 ma (k) Q8ma (k) + gha(k — 714)

x (BT (i)P;B(i) = Q)gma(k — 11:)

+ &;hT_(k)Rhpo (k) + 0T (k,)CT(4)

X PiC(i)hpma(k,i) + 2yL (k)

X (D(#)PiA(i) = nowma i PiA(i)) fna ()

+2y 1, o(K)(D(i) Pi B(i) = nowma ' Pi B(i))

T1,i) + 2Y ma (k)
C’( ) — ngwmaFiFiC(i))
i) 4 2fL (k)AT (i) P; B(3)
)P:C (i)
P;C(4)

(0]
S 3
QE_\
wl??

ok,
k—m)+2fT (K)AT (i
z)+2gm(k 71.:) BT (7)

/\/‘\/'\

mo

X X X X X X
U')E')UQU‘)"\
a}‘??‘

=

.5‘
3
Q
—~

H (k) — H(yalk ~v)))

S
Il
—

X R ((H (g (s = v)) = H(ya(k - v)))] .
(56)

For the same reason as in Theorem 1, we have

Y o (B) im0 i M1 Y ma (k) =255 (k) Qi aiNofrma (k)
T (F) Qs ifma (k) <O (57)
YL (6)Om.0 i1 Yma (k) =25 (K)Oum.0.iS28ma (k)
+gzl;a(k)®m,a,igma(k) < 0 (58)
yrq;La(k)Am,a,irlyma(k)_2yz;a(k‘)Am,a7iT2hma(k)
+hl  (F)Am e ihma(k) <0 (59)
and

T2,i

=3 (H (k=) = Hlga(k —0)))

v=1

x R(H(ym(k = v)) = H(ya(k —v)))

<L <2H<ym<k )~ H(yalk - v>>)

T2,i

X R(ZH(ym(k —v)) — H(ya(k — U)))

v=1

1 ~ ~
=——nh"_(ki)Rh,q(k,q).

T2,i

(60)
Therefore, from (56) as well as (57)—(60), it follows that
EV(yrir b+ Lr(k+1) | yr,r(k) = i] = V(ye, k, i)

< ¥ [y,%:,,w)( P; + D(i)P:D(i)

) - - nowgif‘ipif‘i
— 2000 D(i) PiT's ) Y (K)

+ fnq;a(k)AT(i)FiA(i)fma(k)
+ K/Ogg;a(k)nga(k) + g?na(k - Tl,i)
x (BT (i)PiB(i) — Q) 8ma(k — 71,1)
+a;hl (k) Rhuo () + hZ_ (k,i)C7 (i)
X PiC(i)pma(k, i) + 2y (k)

x (D(i)PiA(i) = nowmali PiA(i))
X fa(k) + 2yL (k)

X (D(i)P;B(i) — nowmaTi P;B(i))
X 8ma(k — T1 2) + 2¥ma (k)

X (D(i)P;C(i) — nowpa i PiC(i))
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ma (ki) + 2FL (k) AT (i) P;
a(k—ﬁ )+ 2fL (k)A
ma(k ,z)+2gma(k—711;
ma(k

X X X
U')OQ'.:T')

5‘)

- (yﬁa(k)gm,at‘/\lyma(k)
- 2yaa(k)9m,a,i[\2fma(k)
+ £ ()2, ifna (1))

- (yga(k)(am,a,izlyma(k)
- 2yﬁa(k)®m,a¢22gma(k)
+ gga(k)Gm,ﬂﬂgmn(k))

- (yﬁn(k)Am,ﬂﬂTIYm(y(k)
- 2yga(k)Am,a,iT2hma(k)

+ hza(k)Am,a,ihma(k))]

= Z éﬁa(k7i)\pm,a,iéma(k7i)

1<m<a<ng

(61)

where fma(k
page.

Let g = max{Amax(Um.ai) |1 <m < a < ng, i €S}
Then, it is obvious that ¢y < 0, and [€,a (k)2 < |Yima (k)|
From (61), it follows that

,1) is defined in the equation at the bottom of the

E[V(yk+17k+l7r(k+l>> |yk7 ( ) _L]_ (yk7 ’ )
S Z CO|y’ma(k)|2
1<m<a<ng

which further implies that
E[V(yrs1,k + 1Lr(k +1))] = E[V(ya, k, (k)]
< Z CO[E[|yma(k)|2]'

1<m<a<ng

(62)

Similarly to the proof of Theorem 1, we can derive that

lim E[|lyma(k)]?]=0(1< < , ly, li
G m ([yma(B)] =0 (1L <m < a < ng) namely, lim

E[lym(k) — ya(k)?] = 0 (1 < m < a < ng). The proof of
this theorem is complete. ]

Remark 6: In Theorem 2, LMI-based conditions have been
obtained that ensure the coupled system (1) of ng identical
neural networks to be asymptotically synchronized in the mean
square, and the criterion is expressed in terms of the solution to
a set of LMISs that can be effectively solved by LMI toolbox. We
mention here that the mean square exponential synchronization
can also be guaranteed under the same conditions using the
method developed in [22]. The reason we consider the asymp-
totic synchronization is to avoid unnecessarily complicated
mathematical derivations.
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V. NUMERICAL EXAMPLES

In this section, two examples are presented to demonstrate the
effectiveness of our main results.

Example 1: Consider a three-neuron neural network (1) with
the following parameters:

08 0 0 02 -05 0.1
D)=|0 03 0] A@1)=]02 —01 0
0 0 05 0 —0.1 0.2
01 01 02 02 02 —0.1
B(l)=[02 -02 0 c(=| o 04 03
02 —01 —0.1 —03 0 0.2
08 0 0 08 —02 0.1
DR2)=|0 01 0] A®2)=]01 —01 0.2
0 0 06 01 0 02
02 01 0.1 0.2 —0.1 0.1
B(2)=[02 —02 0 c@2)=1]01 02 03
01 —0.1 —0.1 08 0 02
06 0.4
= [0.7 0.3]

Tia=7 Ti2=8 Ti1=4 T2 =>5.
Take the activation functions as follows:

hi(s) = — tanh(0.6s)
f2(s) = g2(8) = ha(s) = tanh(0.45s)
hs(s) = 0.6 tanh(s).

It is easy to see that Ay = ¥; = YT; = 0and Ay =
¥y = T9 = diag{—0.3,0.2,0.3}. With the above parameters,
by using Matlab LMI toolbox, we solve the LMIs (9) and obtain
the feasible solution as follows:

[ 32.5589 —4.4445 —5.7962]
P, = | —4.4445 61.8387 —9.5629
| —5.7962 —9.5629 33.0501 |
[ 38.4776 —4.9491 —3.2703]
P, = | —4.9491 64.3330 —8.2671
| —3.2703 —8.2671 56.3423 |
[ 58.6666 —0.6842 0.2396
Q= | —0.6842 58.0232 0.9247
| 0.2396  0.9247  57.4604
[21.7110 0 0
R= 0 16.2706 0
0 0 16.4010

— diag{87.7420, 101.0563, 83.8544}

= diag{116.1459, 84.9059, 86.7772}
01 =0, = diag{155.3972, 154.4722, 153.5926}
A, = diag{214.7684, 188.3660, 185.0105}
A, = diag{268.4250, 199.1742, 203.5137}.

émﬂ(k>i) =

Yma(k) (k) 8na(k) gnalk -

mi) WL (k) BT, (k)"
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Fig. 1. Evolution of state.

From Theorem 1, it follows that the delayed mode-dependent
Markovian neural network (1) with the given parameters is glob-
ally asymptotically stable in mean square. The numerical simu-
lation further verifies this result (see Fig. 1).

Example 2: Now, consider the coupled neural network (35) of
multiple identical mode-dependent Markovian neural networks.
For simplicity, we take n = 2 and ny = 3. Other parameters are
given as follows:

Iy

T1,1

In addition,

(1.7 0 [2  —0.2]

10 03] A1) = 102 -1
[0.8 0.6 2 0.2

0.2 —0.2] @)= [—03 0 ]
(0.8 0] 3 —0.2

10 11 A2) = 102 -1 |
(1.2 0.1] (2 —0.1

— 102 -2 c@2) = 1 0.2 }
—-0.2 0.1 01 L o

=01 =02 01 T, = 0 1
0.1 01 -0.2

(12 0 o— 0.6 0.4

“10 08 ~ 105 0.5

:5 7'1,2:6 T21:3 T2,2:5.

5

the activation functions are given as follows:

fl(S) 291(8

f2(s) = g2(s)

) = hi(s) = tanh(—0.6s)

ha(s) = 0.4 tanh(s).

Alelelz[

It is easy to check that

0 0

0 0} AQZEQZTzz[

p [ 00322 —0.0004
7 [ -0.0004  0.0416
p, — | 0:0009  —0.0032
>~ | -0.0032 0.0877
Q= [ 3.9792  —0.0868
T | —0.0868  4.6873
R [1.9355 0.0184
~ 10.0184 0.9509

Q151 = diag{4.5739, 4.2880}
Q195 = diag{4.4640,4.7110}
Q43 = diag{4.5739,4.2880}
Q135 = diag{4.6647,4.3617}
Qa1 = diag{4.5739, 4.2880}
Q3o = diag{4.4641,4.3159}
O191 = diag{5.4734,5.7307}
O129 = diag{5.4734,5.7307}
O131 = diag{5.4734,5.7307}
O132 = diag{5.4734, 5.7307}
Oq31 = diag{5.4734,5.7307}
Oy39 = diag{5.4734,5.7307}

S.
5.
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-03 0
0 0.2

With the above parameters, by using Matlab LMI toolbox, we
can find the feasible solutions to the LMIs (36) as follows:
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Fig. 2. Evolution of synchronization error.

Aqa1 =diag{16.5744,9.6779}
Aqgy = diag{20.7670, 11.6500}
Aysy = diag{16.5744,9.6779}
Ao =diag{20.7670, 11.6500}
Agyy = diag{16.5744,9.6779}
Agsy = diag{20.7670, 11.6500}.

Then, it follows from Theorem 2 that the coupled Markovian
neural network (35) with the given parameters is synchronized
in the mean square. The numerical simulation shows that the
synchronization error approaches zero. In Fig. 2, erria(k) =
y1(k) = v2(k)], erras(k) = [y2(k) — ys(k)|, and erra3(k) =
|y2(k) — 3 (k)|

VI. CONCLUSION

In this paper, we have introduced a new class of DNNs with
Markovian jumping parameters as well as mode-dependent
mixed time delays. We have first dealt with the stability analysis
problem of the addressed neural networks. A special inequality
has been developed to account for the mixed time delays in
the discrete-time setting, and a novel Lyapunov—Krasovskii
functional has been put forward to reflect the mode-dependent
time delays. Sufficient conditions have been established in
terms of LMIs that guarantee the stochastic stability. We have
then turned to the synchronization problem among an array
of identical coupled Markovian jumping neural networks with
mixed mode-dependent time delays. By utilizing the Lyapunov
stability theory and the Kronecker product, it has been shown
that the addressed synchronization problem is solvable if

several LMIs are feasible. A unified LMI approach has been
developed to solve the stability analysis and synchronization
problems of the class of neural networks under investigation,
where the LMIs can be easily solved by using the available
Matlab LMI toolbox. Two numerical examples have been
presented to illustrate the usefulness and effectiveness of the
main results obtained.
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