View metadata, citation and similar papers at core.ac.uk

Hindawi Publishing Corporation
Mathematical Problems in Engineering
Volume 2015, Article ID 341839, 10 pages
http://dx.doi.org/10.1155/2015/341839

Research Article

brought to you by .{ CORE

provided by Crossref

Hindawi

New Results on Passivity for Discrete-Time Stochastic Neural
Networks with Time-Varying Delays

Wei Kang,"2 Jun Cheng,3 and Xiangyang Cheng4

!School of Mathematical Sciences, University of Electronic Science and Technology of China, Chengdu 611731, China
2School of Information Engineering, Fuyang Teachers College, Fuyang 236041, China

3School of Electrical and Information Technology, Yunnan Minzu University, Kunming 650500, China

“School of Business, Fuyang Teachers College, Fuyang 236041, China

Correspondence should be addressed to Wei Kang; kangwei0830@163.com

Received 30 November 2014; Accepted 24 December 2014

Academic Editor: Yun-Bo Zhao

Copyright © 2015 Wei Kang et al. This is an open access article distributed under the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The problem of passivity analysis for discrete-time stochastic neural networks with time-varying delays is investigated in this paper.
New delay-dependent passivity conditions are obtained in terms of linear matrix inequalities. Less conservative conditions are
obtained by using integral inequalities to aid in the achievement of criteria ensuring the positiveness of the Lyapunov-Krasovskii
functional. At last, numerical examples are given to show the effectiveness of the proposed method.

1. Introduction

Neural networks have been greatly applied in many areas in
the past few decades, such as static processing, pattern recog-
nition, and combinatorial optimization [1-3]. In practice,
time-delays are frequently encountered in neural networks.
As the finite signal propagation time and the finite speed of
information processing, the existence of the delays may cause
oscillation, instability, and divergence in neural networks.
Moreover, stochastic perturbations and parameter uncertain-
ties are two main resources which could reduce the perfor-
mances of delayed neural networks. Due to the importance in
both theory and practice, the problem of stability for stochas-
tic delayed neural networks with parameter uncertainties is
one of hot issues. Therefore, there have been lots of important
and interesting results in this field [3-17].

It should be noticed that most neural networks are
focused on continuous-time case [3, 7-12]. However,
discrete-time systems play crucial roles in today’s information
society. Particulary, when implementing the delayed
continuous-time neural networks for computer simulation, it
needs to formulate discrete-time system. Thus, it is necessary
to research the dynamics of discrete-time neural networks. In
recent years, a lot of important results have been published in

the literatures [13-17]. Kwon et al. [14] discussed the stability
criteria for the discrete-time system with time varying
delays. Wang et al. [16] researched the exponential stability
of discrete-time neural networks with distributed delays by
means of Lyapunov-Krasovskill functional theory and linear
matrix inequalities technology. In [17], the authors are con-
cerned with the robust state estimation for discrete neural
networks with successive packet dropouts, linear fractional
uncertainties, and mixed time-delays.

On the other hand, passivity is a significant concept that
represents input-output feature of dynamic systems, which
can offer a powerful tool for analyzing mechanical systems,
nonlinear systems, and electrical circuits [18]. The passivity
theory was firstly presented in the circuit analysis [19]. During
the past several decades, the passivity theory has found
successful applications in various areas such as complexity,
signal processing, stability, chaos control, and fuzzy control.
Thus, the problem of passivity for time-delay neural networks
has received much attention and lots of effective approaches
have been proposed in this research area [20-27]. The authors
[21, 22] discussed the problem of passivity for neural net-
works with time-delays. Recently, Lee et al. [23] further stud-
ied the problem of dissipative analysis for neural networks
with times-delays by using reciprocally convex approach and
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linear matrix inequality technology. Very recently, in [24],
the problem of passivity criterion of discrete-time stochastic
bidirectional associative memory neural networks with time-
varying delays has been developed. In [25], some delay-
dependent sufficient passivity conditions have been obtained
for stochastic discrete-time neural networks with time-
varying delays in terms of linear matrix inequalities technol-
ogy and free-weighting matrices approach. A less conserva-
tive passivity criterion for discrete-time stochastic neural net-
works with time-varying delays was derived in [26]. However,
there is still a room for decreasing the conservatism.
Motivated by the above discussion, the problem of pas-
sivity for discrete-time stochastic neural networks with time-
varying delays is studied. The major contribution of this
paper lies in that, first of all, different from the traditional
way, a new inequality is introduced to deal with terms

Zf.:klw 11T(i)T117(i) and Zf:,::f}: 11T(i)T111(i). This method can
effectively reduce the conservatism. Secondly, we do not need
all the symmetric matrices in the Lyapunov functional to be
positive definite and take advantage of the relationships of
7(k) — 1,, and 1, — 7(k). New passivity conditions are pre-
sented in terms of matrix inequalities. Finally, numerical
examples are given to indicate the effectiveness of the pro-

posed method.

Notations. Throughout this paper, the superscripts “~1” and
“T” stand for the inverse and transpose of a matrix, respec-
tively; P > 0 (P 2 0, P < 0, P < 0) means that the matrix
P is symmetric positive definite (positive semidefinite, neg-
ative definite, and negative semidefinite); E{-} stands for the
mathematical expectation operator with respect to the given
probability measure; || - || refers to the Euclidean vector norm;
(Q, F, P) denotes a complete probability space with a filtra-
tion containing all p-null sets and is right conditions; N[a, b]
denotes the discrete interval given N[a,b] = {a,a+1,...,b—
1,b}; R” denotes n-dimensional Euclidean space; R™" is the
set of m x n real matrices; * denotes the symmetric block in
symmetric matrix; A, (Q) and A,;, (Q) denote, respectively,
the maximal and minimal eigenvalue of matrix Q.

2. Problem Statement and Preliminaries
Consider the following DSNN with time-varying delays:
x(k+1) = Ax (k) + B,g (x (k) + Byg (x (k — T (k)))
+u (k) + 68 (x(k),x(k-1(k))w(k),
y (k) = g(x(k)),
x(j) =y ()

)

j=-Twp-Ty+1,...,0,

where x(k) = [x,(k), x,(k),... ,xn(k)]T € R" is the neuron
state vector of the system; y(k) is the output of the neural
networks; u(k) = [ul(k),uz(k),...,un(k)]T is the input
vector; y(j) is the initial condition; A = diag(a,,a,,...,qa,)
is the state feedback coefficient matrix; B, and B, are the
connection weight matrices and the delayed connection
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weight matrices, respectively; g(x(k)) = [g,(x,(k)),
Ga(x,(K)), .., gn(xn(k))]T € R” represents the neuron acti-
vation functions; 7(k) denotes the known time-varying delay
and satisfies 0 < 7,, < 1(k) < T); 0 is diffusion coefficient
vector and w(k) is a scalar Brownian motion defined on the
probability space (Q, #, %) with

E{w(k)} =0,
E{w(k)w(k)} =1, 2)
Elo@w ()} =0, (i#]).

Assumption 1. The neuron activation function g(-) satisfies

-9,
[ < % <1 g (0)=0, s=1,2,...,n, (3)
foralla,b € R, a # b, where I and I] are known real con-
stants.

Remark 2. In Assumption 1, I, and I] can be positive, nega-
tive, or zero. Moreover, when I = 0, then I] > 0.

Assumption 3. §(x(k), x(k—1(k))) is the continuous function
satisfying

8" (x (k) x (k = 7 (K))) 8 (x (k) , x (k — 7 (K))) W
< pyx’ (k) x (k) + pox” (k=7 (k) x (k — 7 (k)),

where p;, p, are known constant scalars.

The following lemmas and definition will be used in proof
of main results.

Lemma 4. For integers (k) and vector function x(k + ) :
N[-1yp, —7,,] = R", 5(k) = x(k + 1) = x(k), for any positive
semidefinite matrix

Xy X Xi3
X=X, X, Xp5(20, )
X1 X5 X
the following inequality holds:
k-1
T ,. .
- > 7 () Xan()
i=k—7(k)
k-1
< Y [ & k-1k) 7" 0)] ©6)
i=k—r(k)
X1T1 X1 X3 x (k)
) Xsz X%z Xo3 x(k—T(k)) .
X\, X35 0 n (@)
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Proof. In fact, we have

k-1
0 Y [xT (k) " k-1(K) 5" ()]
i=k—(k)
X1T1 X X3 x (k)
| X Xy Xy x(k—"r(k))
X1y X3 X n (@)
k-1 (7)
=) (nT (i) X531 ()
i=k—(k)
+ [ R T k=7 (k) 7" ()]
X1T1 X X3 x (k)
: Xsz Xsz Xos | k=) | |
X3 X33 0 n (@)
Thus, one can easily obtain
(S
- ) 1 ) Xyun ()
i=k—(k)
k-1
< Y [¥w) £ k-Tk) 4" 0] (8)
i=k—(k)
X%} X1 Xy x (k)
X1T2 X%z Xos | [ x (k=7 (K)) |
X, X33 O 1 (@)
The proof is completed. O

Remark 5. The new inequality was proposed in [5, 6] for
continuous-time systems; it is worth noting that we firstly
extend this method to study discrete-time neural networks in
this paper.

Lemma 6 (see [4, 13]). Let M € R™" be a positive-definite
matrix, X; € R"; then

k-n-1
—(m-n) Y X MX,

i=k-m

k-n—1 T k-n—1
s—( > Xi> M( D X,.>.
i=k—-m i=k—m
Lemma 7 (see [24]). Let A = AT,D,E be real matrices

with appropriate dimensions, with matrix F(k) satisfying
FY(k)F(k) < I; there exists a scalar € > 0 such that

)

A+DF()E+E'F' (t)D" < A+eDD" + ¢ 'ETE.  (10)

Lemma 8 (see [3]). For any constant matrices Q, Y,, Y, with
appropriate dimensions, and a function (k) satisfying T, <
1(k) < 1), then

Q+(rk)-1,) Y, + (1) —7 (k) Y, <0, (11)

if and only if

Q+(ty—7,)Y; <0,
(12)
Q+ (1= 7,) Y, <0.
Definition 9 (see [25]). The system (1) is said to be passive if
there exists a scalar y > 0 satisfying

ko ko
DEH Ou} = pYEW Gui), 013
i=0 i=0
for all k, € N and for all solution of (1) with w(0) = 0.

3. Main Results

In this section, the passivity of discrete-time stochastic neural

networks with time-varying delays will be investigated by use

of the new integral inequality and Lyapunov method. In the

paper, some of symmetric matrices in Lyapunov-Krasovskii

functional are not necessarily required to be positive definite.
Denote

L, =diag{l[l},....I I},

I+ I +17
L2:diag{1;1,..., ”; ”]»,

(14)
Tatm = T = Tno
nk)=xk+1)-xk).

Main results are given in the following theorems.

Theorem 10. Under Assumptions 1 and 3, the discrete-time

stochastic neural network (1) is passive, if there exist matrices P,
Qll le Xll XIZ X13
Rl’RZ’Qz * Q22]>0,T1>0,T2>0,X= x Xy Xz | 2

* % X33
Yll YIZ Y13 le ZIZ ZIS ..
0,Y = | = YV | 20,Z = | * ZnZy | 2 0, the positive
* ok Y3 * % L

diagonal matrices S, = diag{s;;, Syr>---»> St (k = 1,2), and
scalars A > 0,y > 0, such that the following matrix inequalities
hold:

T,+™mp T,
Ty > 0,
* T, +1,R,

(15)
B ]
T, - X33 2 0,
T, — Y33 >0,
Ty~ Zs33 >0, o)
® <AL
Q+Y, <0, )

Q+Y, <0,



where

®@=P+1,T, + 1pp, 15

Q- Qy

Q: * E 5
* ox
dy -+ dyy

Y, = Sl
! * dyy
e " ey

Y, =| . R
| ¥ * €y

Q= (Tagm + 1) Quy + Ry + 7, Xy + X5 + X1T3
+ 7, (A-DT, (A1) + 1y, (A— D) T, (A1)
+p Al + APA-P-S§,L,,

Qp =7, X1 = X3 + X;’

Q5 = (Tygm + 1) Quz + LyS; + 7, (A= D T} By
+ Ty, (A—I)T,B, + ATPB,,

Q¢ =1, (A-I)T,B, + 7y, (A~ I) T, B, + APB,,

17 =Ty (A=DT, + 1y, (A-1)T, + AP,

X+Y+Y

22 = ~Ry + Ry + 7, X9 — X3 13

23>

53=-Q = SL, + p Al =Yy - Y + 25+ Z13,

Q

Q

Qyy =Y 5+ Y,

Q

Oy =-Zj3+ ng’

Q36 = -Qp, + LS,

Quy=-Ry,—Zy; - Z;’

Qs = BI PB, +17,,B] T\ B, + 73, B T, B,
+ (Tapn +1) Q= Sy

Qs = B PB, + 7,,B] T\ B, + 73,,B| T, B,

Qs = BIP+1,BI T, + 13, B T, — I,

Qgs = BLPB, +7,,BL T\ B, + 77, Bs T, B,
- QZZ - SZ’

Qg = BiP +17,,Bi T, + TppnBa T,

Q. =P+, T + 10,15 = yI,

dzz =Y,
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d23 =Y,
dy; =Yy,
3 =211,
€34 =Yy,

dy =2Z,,, elsewhere,

Q; =0,
dij = 0,
el‘j = 0,
,j=12,...,8

(18)

Proof. Define a new augmented of Lyapunov-Krasovskii
functional as follows:

V(k)=V, (k) +V, (k) +V; (k) + V, (),  (19)
where
Vy (k) = x" (k) Px (K),

k-1 k-T,,—1

V= Y 2T @Rx@)+ Y x'()Rx(),

i=k-1,, i=k—Ty;

R x6) 17 [Qu QL] x6)
ik = ), [g(x(i))] [ Q;] [g(x(i))]

i=k—(k)

T x6) 17y Qul[ x6)
DAY [g(x(i)) [ sz] [g(x(i))]’

J=—Tm i=k+j

-1
IACESSY Zn (i) Tyn (3)

J= T i=k+j

~T,—1 k-1

+ ) > A )Ty ).

jE—Ta i=k+j
(20)

Firstly, we show that the Lyapunov-Krasovskii functional
V (k) is positive definite. By using Lemma 6, one can obtain

-1
> Zrz () Ty (i)

J==Tp i=k+j

> Z (liln(i) Tn(fn(i))

J==Tm i=k+j i=k+j

S R |

J= T

1 x0T, -1, [x (k)
27_.2 [x(l)] [*l Tll][X(i)]’
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~Tp—1 k-1

Z Y 1" () Tyn (i)

J=—Tm i=k+j

> Z B (l;nm) <§.’7“)>
- Sl [ TS

1 (07 [T, -T5] [x (K)
ZE,-_;;M[MI‘)] R

(21)
xT (k) Px (k)
S L prk
= —x" (k) Px (k)
i:kz—:rmTMx * (22)
k-1,,—1 1
b Y TR P (k).
i=k-1), ™

Then, it follows from (19)-(21) that

k-7,,~1

Y LT k) Px (k)

i=k—Ty, ™

k-1
VI z Y —x (0 Px (k) +
izk—z, TM

k-7,,~1

> x'(0) Ryx (i)

i=k—Typ

k-1
+ Y x () Ryx (i) +
i=k—1,

LR 01" [T, T, [x ()
+TMi_kZTM|:x(’) [* Tz][x(l)]
- "zl [x(k)}T 7, +—'“P -T, [x(k)]
2 T, i<k, x (i) _T1 T1 + Tle x (i)
1 k-T1,,—1 x (k)- T T2 +P —T2 X (k)
" azthTM [x(i)_ [ -T, T2+TmR2] [x(l)] '

(23)

From condition (15), there exists a scalar §; > 0, for any
x(k) # 0, such that

V (k) = &, |lx (I > 0. (24)

Now, taking the forward difference of V(k) along the trajec-
tories of system (1), it yields that

E{AV, ()}
= E{(n(0) +x (&))" P (n (k) +x (k) - x" (k) Px ()}
= E{n" (k) Py (k) + 2x" (k) Py ()} ,
E{AV, (k)}
=E{x" (k) Ryx (k) - x" (k-1,) (R, - R,
= x" (k= 1p) Ryx (k= 1pp)}
E{AV; (k)}

)x (k- 75)

<E{(1Mm+l)[ nglzll))]T[%ll 8;] [9

o) [ &

[ x (k = 7 (K)) ]
g e (k=7 (k)

= E{(Typm + 1) x" (k) Qqyx (k) +2x" (k) Qo9 (x (K))

x (k) ]
(x (k))

+ 9" (x (k) Qpg (x (K))

- x" (k=7 (k) Qux (k — 7 (k)

- 2x" (k= 7 (k) Qg (x (k - 7 (K)))

—g" (x (k= 7 (K)) Qg (x (k= T ()},
E{AV, (k)}

k-1

Y A @O TinG)

i=k-1,,

=E {’/IT (k) (TmTl + TMmTZ) n (k) -

k-T1,,—1

- k—1(k)-1 .
=Y AOTHH- Y 7t OTmG) s

i=k—1(k) i=k—Ty;

k-1,,—1

k-1
E{— Y 7" )TinG) - Y 7t () Ty ()

=k, i=k—(k)

k—-1(k)-1
- Y A @) Ty )

i=k—Ty;

k-1
=E {_ Z ’7T (i) (T, = X33) 1 (i)

i=k—1,,

k-T,,—1

Z ’7T () (T, = Y33) 1 (i)

i=k—7(k)
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k-t(k)-1 k-1 =T (e _ T 7 -
N 0@ zgn0- 3 Foxme 0 F IO T @) L 2y 2o )
=kt =t +x" (k-7 (k) ((TM_T(k))ZIZ —Zy3 +Zg3)x(k—‘rM)
k-t,,-1 k—t(k)-1
_ Z 7 OYsn- Y 7' 6) 233,7(1')} _ +x" (k=) (tag = 7 (0)) Z1, = Z1 + Zps) x (k= 7 (K))
i=k—7! i=k—Typ
o oy ) () 2 - z; - 2,)x (k= 1y).
(26)
Form the new inequality of Lemma 4, one can get
k-1 It is easy to get
- >0 0 Xan ()
i=k-1,,
E{n" (k) @1 (k)}

k-1
< ") x"(k-1,) 1" ()
2 1310 ke n) o7 0) = E{[(A-Dx(K) + Bg (x (k) + Byg (x (k - 7 (K)))

T
| Fi §;§ 22 x(»;(_kim)] +u (k) + 8 (x (k) x (k = 7 (K))) w (k)
X5 X35 0 () @ [(A-D)x (k) + By g (x (K))
=x" (k) (TmXu +X1T3 +X13)x(k) +B,g (x (k-7 (k)))
X (k) (1 X10 = Xi5 + X33) x (k= 7,,) +u k) +8 (x(k),x (k-7 (k) w®)]}.
+x" (k-1,) (1,,X1, - X13 + Xy3) x (k) (27)
T (k - Xy - X0 - X k-1,),
#a (k=) (Tm 2o 23) < (k=) From Assumption 3 and inequality (16), we have
k-t,,-1
Y 0" () Yin ()
i=k=(k) 8 (x (k) , x (k — 7 (k))) ©8 (x (k) , x (k — 7 (K)))
L (28)
. > | [x" (k=1,) 2" (k-7 k&) 7" ()] <A [pre” (R) x () + pox” (e = 7 () x (k= 7 ()]
i=k—1(k)
Xy X X3 x(k-1,) From Assumption 1, it follows that
A XL X, Xy | | x (k-1 (k)
X3 Xy 0 ()

(g; (x; (k) - li+xi (k) (g; (x; (k) - L x; (k) <0
(g; (x; (k =7 (K))) = I x; (k — 7 (K))) (29)
(g; (x; (k=7 (k) = I; x; (k — T (k))) < 0.

=x"(k-1,) ((T (k) - 1,,) Yy, + YIT3 + Yls)x(k -1,)
+x" (k-1,) ((r(k) = 1,,) Yiy = Vi3 + V53 ) x (k = 7 (K))

+x" (k=1 (k) ((r (k) = 7,,,) Y}, = Y15 +Y23) (k-1,)

+x' (k-1 (k) ((T (k) = 1,,) Yo — Y23)x(k 7(k)),  Thus, for the diagonal matrices S, = diag{s;;, Sy - -» Skt
(k = 1,2), one can receive the following inequalities:
k—t(k)-1
’1 (1) Z33n (i)
i=k—Ty _[ x (k) ]T [lel —SILZ] [ x (k) ] 0
e ; : gx@®n] |+ 8 [laxmn]=?
< Y [¥k-t®) x"(k-1y) 7" ()] .
iy _[ x(kk—f(k]z) ] (30)
Xy Xpp X [x(k-7(R) gueemr
X Xy Xz | | x(k-1y) .[SZLI —SZLZH x (k-7 (k) ]>0
X5 X33 0 () S, |lgk-tU)] ="
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Combining (25)-(30), it yields

E{AV (k) - 2y" (k) u (k) ~ yu" (k)u (k)]

<E {aT (k) (Q+ (k) = 7,) Y, + (1p = T (k) Y,) x (K)

k-1
= Y 0" 0T, - X33) ()

i=k-1,,

k-T,,—1

- Z 7' (@) (T, - Ya3) 7 (i)

i=k—1(k)

i=k—Ty;

k-t(k)-1
- Y A O (T -Zs)n (i)} ,
(31
where
a (k) = [x" (k) x" (k-1,,),x" (k-7 k), x" (k-1y),

9" (x(k),g" (x (k-7 (K)),u' (k)].
(32)

From (15)-(17), observing that T} — X535 > 0, T, — Y35 > 0, and
T, — Z33 > 0, one can conclude that

E{AV (k) - 2y" ()u (k) —yu" (Ru(k)} <0.  (33)

Then,

ko ko
2) E{y" (Yu(} = Y E{AV ()}
i=0 i=0 (34)
ko
—yY E{u’ (hu (i)}
i=0

By the definition of V' (k) and inequality (23), one can find that
ko
YE{AV ()} = E{V (ky+1)-V (0} 20. (35
i=0

So, one can have

ko ko
EHTub) = YEW Gum), (6
i=0

i=0
for all k, € N. This completes the proof. O

Remark 11. It should be pointed out that the new inequal-
ity is introduced to deal with Zf:_,i% nT(i)Tlrl(i) and
ZZZ‘; 11T(i)T1;7(i), which is immensely different from tra-
ditional ways. This method can effectively reduce the conser-
vatism of the results.

Remark 12. In this paper, not all the matrices in the Lyapunov
functional need to be positive definite. In fact, the conditions
in (15) assure the positive definiteness of the Lyapunov
functional; this is greatly different from traditional ways for
passivity researches of discrete-time neural network, because
the traditional methods always need Lyapunov matrices to be
positive definite.

Remark 13. Tt can be seen that the term Zf:,:f;: 11T(i)T117(i)
is divided into two parts; the aim is to make full use of
the relationship of 7,; — 7(k) and 7(k) — 7, and then,
taking advantage of the integral inequality and Lemma 8, new

passivity conditions are obtained in terms of LMIs.

Corollary 14. Under Assumptions 1 and 3, the discrete-time
stochastic neural network (1) is passive, if there exist scalars A >

0,y > 0, matrices P > 0, R, > 0,R, > 0,Q = [ 3] > 0,

* Qy
Xll XlZ X13 Yll YIZ Y13
T1>0,T2>O,X=[*Xszzs]ZO,Y= *Y22Y23]>
* % X3 * % Y
Zn Zyy Zoy . i .
0, Z = | * ZnZy | 2 0, and the positive diagonal matrices
* % Ly

Si = diag{sys, Syp> - - > Sy} (kK = 1,2), such that linear matrix
inequalities (16) and (17) hold.

Now, we will consider the stochastic discrete-time neural
networks with time-varying delay and parameter uncertainties
as follows:

x(k+1) = (A+AA k) x (k)

+ (B, + ABy (k) g (x (k) )
+ (B, + AB, (k) g (x (k = 7 (k) + u (k)

+0(x(k), x (k-7 (k) w(k),

where AA(k), AB,(k), and AB,(k) denote the parameter
uncertainties that are assumed to be of the form

[AA(k) AB, (k) AB, (k)] = MF (k) [E, E, Es;], (38)

where M, E; (i = 1,2,3) are known constant matrices, and
F(k) is the unknown matrix valued function subject to

F(k)'F(k) <1 (39)

Theorem 15. Under Assumptions 1 and 3, the discrete-time

stochastic uncertain neural network (37) is robustly passive, if

there exist scalars A > 0,y > 0, &€ > 0, matrices P, R;, R,,
Qll le T T X Xll ‘;gll §13

Q—[*Q22]>0,1>0,2>0, —[::zxzz]zo,
Yy Yy, Y Zn Zyy Zys .

Y = [ * Yy st] >0,Z=| * Zn Zy | 20, and the positive
* % Y3 * ok L3
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diagonal matrices S = diag{s;j> Syi> - - > S} (k = 1,2), such T, - Z3 >0,
that the following matrix inequalities hold:
O <Al
Z+Y; By VT VTumEs 0 €8y
T, « -P 0 0 PM 0
Tl + ap _Tl N 0, * % _Tl 0 '\/ﬁTlM 0 - 0
* T, +1,,R, * * * -T, Tyl M 0 ’
% * * % —&l 0
T,+P -T, * ® * * * —el
>0,
* T, + TR,
(l = 1: 2) >
T, - X432 0, (40)
T,-Y;5 >0, where
g,=[PA 000 PB, PB, P|,
g,=[T,(A-I) 0 0 0 T,B, T,B, T,]",
E,=[T,(A-I) 0 0 0 T,B, T,B, T,]",
- T
g,=[E, 000 E, E, 0],
®=P+1,T) + 1p, 15
RN 0 0 (Tagm + 1) Quy + LS, 0 0]
x T, Y, +YL 0 0 0 0
ook 233 ~Zys + Z3, 0 Qi +L,S, 0
R . x ~Zyy— ZL — R, 0 0 0, (41)
* ok * * (Tvm +1) Q2 = S 0 -1
® % * * * -Q-S, 0
| ® % * % % * 277 ]
211 = (T + 1) Quu + Ry + 1, Xy + X3 + X1T3 +pAI-P =S Ly,
T
Zyp = T Xy — Xy3 + X,
T T
2oy = Ry + Ry + 7, Xyp = X3 = Xp3 + Vi3 + Y5,
T T
T35 = Q=S Ly +p Al =Yy =Yy + Zi3 + 235,
2 =P+1,T + 71y, T, —yI.
Y,,Y, are the same as defined in Theorem 10. Example 1. Consider the system (1) with the following
parameters:
Proof. By replacing A, By, B, in (17) with A + AA(k), B, + )
AB, (k), B, + AB,(k), respectively, then using Lemma 7, the A= 08 0
desired results can be obtained immediately. The proof is 10 09
completed. O
[0.001 0
; Bi=1"0 o00s]
4. Numerical Examples :
In this section, some numerical examples are proposed to B - [-0.1 0.01
show the effectiveness of the results obtained in this paper. 27 1-02 -01)°
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p, = 0.003,
p, = 0.002.
(42)
The activation functions are taken as
f1 (x) = f, (x) = tanh (0.5x) . (43)
It can be verified that
00
L=l o)
(44)
025 0
L= [ 0 0.25] :

In this example, if 7,, = 3 and 1, = 12, the optimal passivity
performance obtained is y = 12.2439 by the method in [25]
and y = 5.4007 by the method in [26], while by Theorem 10
in this paper, the optimal passivity performance y = 3.9546.
The comparisons of y are listed in Table 1, when 7,, = 3, 7,; =
8,9,10,11, 12. Then, when we assume 7,; = 13, the optimal
passivity performance y obtained by Theorem 10 for different
7,, can be found in Table 2. It can be seen that our results are
less conservative than the ones in [25, 26].

Example 2. Consider the system (1) with the following
parameters:

A= ho(.)4 0(.)5] ’
B, = PO'(())OI 0 0005] ’
' (45)
s[4
p1 = p, = 0.003.
The activation functions are taken as
fi(¥) = f,(x) = tanh (). (46)
It can be verified that
L0l
(47)
L= [065 0(.)5]

For this example, when y = 3 and 7, = 1, by Theorem 10,
we can get that the upper bound of the time-varying delay is
Ty = 8. When y = 4 and 7,,, = 1, by Theorem 10, we can get
Tpy = 10; we can obtain upper bound of 7, for different y and
T,,,» which are summarized in Table 3. It can be found from
Table 3 that, for the same 7,,, a larger passivity performance
y corresponds to a larger 7, with the same 7,;, a smaller
passivity performance y corresponds to a larger 7,,,.

9
TaBLE 1: Optimal passivity performance y for different 7,,.
Methods 8 9 10 1 12
Theorem 1[25] 3.9708  4.8691 6.2501  8.3991  12.2439
[Czcér]ollary 2 29660 33483 3.8428 44968 54007
Theorem 10 2.8481  3.2154 35172 3.7438 3.9546
TABLE 2: Optimal passivity performance y for different ,,,.
Methods 4 5 6 7 8
Theorem 1[25] 16.1853  13.2125 11.0130  9.2978 79134
[Czcér]ollary 2 61649 56743 52451 4.8664  4.5300
Theorem 10 4.4126 4.3752  4.2563 41871  4.0802
TaBLE 3: Allowable upper bounds of 7, for different y and ,,,.
T, 3 5 7 9
y=3 8 10 12 14 16
y=4 10 12 14 16 18
y=6 12 13 15 17 19

5. Conclusions

In this paper, the problem of passivity analysis for discrete-
time stochastic neural networks with time-varying delays
has been investigated. The presented sufficient conditions are
based on the Lyapunov-Krasovskii functional, a new inequal-
ity and linear matrix inequality approach. Numerical exam-
ples are given to demonstrate the usefulness and effectiveness
of the proposed results. Finally, it should be worth noticing
that the proposed method in this paper may be extensively
applicable in many other areas, such as Markov jump neural
networks, Markov jump neural networks with incomplete
transition descriptions, and switched neural networks, which
deserves further investigation.
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