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Abstract

In this paper, a discrete-time bidirectional associative memory (BAM)
neural network with time-varying delays is considered. The description
of the activation functions is more general than the recently commonly
used Lipschitz conditions. By using appropriate Lyapunov-Krasovskii
functional and linear matrix inequality (LMI) technique, a delay-dependent
sufficient condition is obtained to guarantee the global exponential sta-
bility of the addressed neural network. The condition is a LMI, hence
the stability of the neural network can be checked readily by resorting to
the Matlab LMI toolbox. In addition, the proposed stability criterion
does not require the monotonicity and differentiability of the activa-
tion functions, and a impose condition on the time-varying delays in
recent publication is removed. A simulation example is given to show
the effectiveness and less conservatism of the obtained condition.
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1 Introduction

Bidirectional associative memory (BAM) neural network, as an extension of
the traditional single layer neural network model, was first introduced in 1987
by Kosko [1] and since then, the two-layer interassociative neural network has
been extensively studied due to its potential for pattern recognition, signal
and image processing, solving optimization problems and automatic control
engineering [2]-[8]. In such applications, the stability of networks play an
important role.

As is well known, in both biological and man-made neural networks, time
delays occur due to finite switching speed of the amplifiers and communication
time. The delays are usually time-varying, and sometimes vary violently with
time. They slow down the transmission rate and can influence the stability
of designed neural networks by creating oscillatory or unstable phenomena
[9, 10]. So it is more in accordance with this fact to study the BAM neural
networks with time-varying delays. The circuits diagram and connection pat-
tern implementing for the delayed BAM neural networks can be found in [4].
In recent years, many useful results on the stability of the equilibrium point
and periodic solutions for the delayed BAM neural networks have been given,
for example, see [2]-[15] and references therein.

Note that, up to now, most BAM neural networks have been assumed to act
in a continuous-time manner. However, in implementing the continuous-time
BAM neural network for computer simulation, experimental or computational
purposes, it is essential to formulate a discrete-time system which is an ana-
logue of the continuous-time BAM neural network. Certainly, the discrete-time
analogue inherits the dynamical characteristics of the continuous-time BAM
neural network under mild or no restriction on the discretization step-size, and
also remain functional similarity to the continuous-time BAM neural network
and any physical or biological reality that the continuous-time BAM neural
network has [16]-[22]. Unfortunately, as pointed out in [17], the discretization
can not preserve the dynamics of the continuous-time counterpart even for a
small sampling period. Therefore, there is a crucial need to study the dynamics
of discrete-time neural networks.

Recently, the stability analysis of discrete-time neural networks without
time delays and with time delays has received considerable research interests,
and various stability criteria have been proposed, for example, see [16]-[25]
and references therein. In [17, 21, 22, 23], the global exponential stability has
been investigated for discrete-time delayed Hopfield neural networks, cellular
neural networks and recurrent neural networks, several sufficient conditions for
checking global exponential stability of equilibrium point were obtained. In
[20], the global robust stability problem was considered for a general class of
discrete-time interval neural networks which contain time-invariant uncertain
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parameters with their values being unknown but bounded in given compact
sets, three sufficient conditions ensuring global robust stability were given. In
24, 25], authors studied the stability and bifurcation for discrete-time cellular
neural network and Cohen-Grossberg neural network. In [16, 18, 19|, discrete-
time BAM neural network was considered, several sufficient conditions were
derived to ensure the existence, uniqueness and global exponential stability of
the equilibrium point for discrete-time BAM neural networks with constant
and variable delays. In [26]-[30], authors investigated the existence and global
exponential stability of periodic solutions for discrete-time Hopfield neural
networks, cellular neural networks and BAM neural networks, and gave some
sufficient conditions for checking the existence and global exponential stability
of periodic solutions.

It should be pointed out that, in all the papers concerning discrete-time
BAM neural networks with delay mentioned above, the activation functions are
assumed to satisfy the Lipschitz conditions, and the derived stability criteria
are conservative. There is still room for improvement, for example, reducing
the conservatism under milder constraints.

Motivated by the above discussions, the objective of this paper is to study
the exponential stability of discrete-time BAM neural network with time-
varying delays by employing a new Lyapunov-Krasovskii functional and using
a unified linear matrix inequality (LMI) approach. Under more general de-
scription on the activation functions, we obtain a sufficient condition, which
can be checked numerically using the effective LMI toolbox in MATLAB. A
simulation example is given to show the effectiveness and less conservatism of
the proposed criterion.

Notations: The notations are quite standard. Throughout this paper,
R" and R™™ denote, respectively, the n-dimensional Euclidean space and the
set of all n x m real matrices. The superscript “I” denotes matrix transpo-
sition. The notation X > Y (respectively, X > Y) means that X and Y
are symmetric matrices, and that X —Y is positive semidefinite (respectively,
positive definite). || - || is the Euclidean norm in R". If A is a matrix, denote
by ||Al its operator norm, i.e., [[A|| = sup{||Az| : ||z|| = 1} = \/Amax(ATA),
where Apax(A) (respectively, A\yuin(A)) means the largest (respectively, small-
est) eigenvalue of A. Sometimes, the arguments of a function or a matrix will
be omitted in the analysis when no confusion can arise. For integers a, b, and
a < b, Nla, b] denotes the discrete interval given Nla,b|] = {a,a+1,---,0—1, b}.
C(N][—T,0], R") denotes the set of all functions ¢: N[—7,0] — R™.
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2 Model description and preliminaries

In this paper, we consider the following model

{ w(k+1) = Ca(k) + Af(y(k) + Bf (y(k —7(k))) + I, (1)
y(k +1) = Dy(k) + Wg(z(k)) + Hg(x(k — o (k))) + J

for k =1,2,---, where z(k) = (z1(k), zo(k), -, 2,(k))T € R",

y(k) = (y1(k),ya(k), -, ym(k))" € R™, z;(k) and y;(k) are the state of the
ith neurons from the neural field Fy and the jth neurons from the neu-
ral field Fy at time k, respectively; f(y(k)) = (filyr(k)), -+, fon(ym(B))T,
G(z(k)) = (Gi(x1(k)), -, Ga(zn(E))T, f;, G; denote the activation functions
of the jth neurons from Fy and the ith neurons from Fx at time k, respec-
tively; I = (I, ls,--+, 1) € R, J = (J1,Ja, -, Jm)T € R™, I; and J;
denote the external inputs on the ith neurons from Fx and the jth neurons
from Fy, respectively; the positive integer 7(k) and o(k) correspond to the
transmission delays and satisfy 7 < 7(k) < 7 and 0 < o(k) < 7 (7 > 0,
7 >0,0 >0and ¢ > 0 are known integers); C' = diag(cy,co, -+, ¢,) and
D = diag(dy,dy,- -, dy,), where 0 < ¢; < 1 and 0 < d; < 1 represent the rate
with which the ith neuron from Fx and the jth neurons from Fy will reset
their potential to the resting state in isolation when disconnected from the
networks and external inputs, respectively; A = (aij)nxm and W = (w;i)mxn
are the connection weight matrix, B = (b;j)nxm and H = (hj;)mxn are the
delayed connection weight matrix.

The initial conditions associated with model (1) are given by

{ zi(s) = ¢u,(s),  s€N[-F,0], i
yi(s) = ¢y,(s), seN[-7,0], j=

Throughout this paper, we make the following assumptions:
(H1) The activation functions are continuous and bounded.
(H2) There exist constants F;, F;", Gy and G (j =1,2,---,m;i=1,2,---,n)
such that

iy _ 9 iy .
/ a1 — Qg J a1 — O ’

for all oy # as.

Since activation functions are bounded, by employing the well-known Brouwer’s
fixed point theorem, one can easily prove that there exists an equilibrium point
for model (1). In the sequel we shall analyze the global exponential stability of
the equilibrium point, which in turn implies the uniqueness of the equilibrium
point.

To simplify the stability analysis of model (1), we let (z*,y*)T be the equi-
librium point of model (1), and shift the intended equilibrium point (z*, y*)”
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to the origin by letting u(k) = x(k) — z* and v(k) = y(k) — 2*. Thus model
(1) can be transformed into:
{ u(k +1) = Cu(k) + Af(v(k)) + Bf (v(k — 7(k

v(k +1) = Do(k) + Wy(u(k)) + Hg(u(k — o
for k = 1,2,3,---, where f( (k) = (fi(vi(k)), -~-,fm(vm(
(91 (k) - gu(un ()T, fi(0;(R) = Fivs(k) +y3) =
gi(ui(k) + x7) — gi(x7).

It follows from assumption (H2) that

)
k)
k)

fi(y;

Fr < G <Ff G < 9:(ws) <GS, j=1,2,---myi=12--- n.
’Uj U;
(4)
Definition 1. The equilibrium point (0,0)T of model (3) is said to be globally

exponentially stable, if there exist two positive constants M >0 and 0 < e < 1
such that every solution (u(k),v(k))T of model (3) satisfies

lu(®)* + lo(R)]* < Me*( sup Jlu(s)|* + sup[u(s)[|*)

s€EN[—0,0] SEN[—T,0]

forallk=1,2,---.

3 Main result

In this section, we shall establish our stability criterion based on the LMI
approach.
For presentation convenience, in the following, we denote

Fl:diag(Fl_Ff_7F2_F2+7"'7Fn:Fr—yt)u
. Fr +F Fy +Ff F,+F}
FZZdZ&g( - 17 : 27"'77)7 (5>
2 2 2
Gy +Gf Gy +GYF G, + G
y T T ) ©)

Theorem 1. Under assumptions (H1) and (H2), the equilibrium point (0,0)T
of model (3) is globally exponentially stable if there exist four symmetric pos-

itwve definite matrices P, (), R and S, and four positive diagonal matrices A,
I', T and © such that the following LMI holds:

Go = diag(

(921 0 GaA Gol’ 0 0 CPA CPB
0 -R 0 0 0 0 0 0
AGo 0 WTQW —A WTQH wTQD 0 0 0
Q- I'Gs 0 HTQwW HTQH-T HTQD o0 0 0 <0
- 0 0 DQW DQH Qo 0 BY 0
0 0 0 0 0 -8 0 0
ATpCc o0 0 0 YTF; 0 ATpA-—17Y ATPB
BTpPC 0 0 0 OF; 0 BTPA BTPB—-©
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where O = CPC — P+ (146 —0)R—GiA—GiT', i =DQD —Q + (1 +
%—T)S—FlT—Fl@

Proof. Consider the following Lyapunov-Krasovskii functional candidate for
model (3) as

where

V() = Vi(h) + Valk) + Va(h), )
Vik) = T () Pu(h) + 7 (B)Qu(h) o)
k—1 k-1
W= X GRG0 S TGS, (10
B = Y SuRG)+ Y SOGSG). ()

Calculating the difference of Vi (k) along the trajectories of model (3), we

obtain

AV (k)

Vl(k =+ 1) — Vl(k)

T
(Cu(m + Af(u(R)) + Bf (olk — T(km) P(Cu(m + AF@(k)) + BF (ulk — T(km)

T
+ (m(k) + Wou(k)) + Hg(u(k - a(km) Q (m(k) + Wou(k)) + Hg(u(k - a(km)

—u” (k) Pu(k) — v" (k) Qu(k)

uT (B)(CPC — P)u(k) + 2uT (k)CPAf(v(k)) + 2uT (k)CPBf(v(k — 7(k)))

+1T (k) AT PAf(v(k)) + 2fT (v(k)) AT PBf(v(k — 7(k)))

+£T(v(k — 7(k)))BT PBf(v(k — 7(k)))

+uT (k)(DQD — Q)v(k) + 2v™ (k) DQW g(u(k)) + 2v” (k) DQHg(u(k — o(k)))

+9" (u(k)WT QW g(u(k)) + 29" (u(k))WT QHg(u(k — o(k)))

+9" (u(k — o(k))HT QHg(u(k — o (k))). (12)

Evaluating the difference of V5(k), we get

AVa(k)

Va(k +1) = Va(k)

k k

Y W @Ru(@+ Y 0T(H)Sv()
i=k+1—0(k+1) j=k+1-7(k+1)

k—1 k—1
— > uw(QRu(i)— > v (j)Sv())

i=k—o(k) j=k—7(k)

k—o k—1

oo W @Ru(i)+ > u'(i)Ru(i) + u” (k) Ru(k)
i=k+1—o(k+1) i=k—o+1

LY TGS+ S oT()Su) + o (B)Su(k)

j=k41—7(k+1) j=k—7+1
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- ik:;(jlkm u” (i) Ru(i) — u” (k — o (k))Ru(k — o(k))

—j:k%:;kmvT(j)Sv(j) — v (k= 7(k))Sv(k — 7(k))

iszz_;km u” () Ru(i) + v’ (k) Ru(k) — u” (k — o(k))Ru(k — o(k))

+j:k+]§(k+l)vT(j)Sv(j) + 0" (k)Sv(k) — v" (k — 7(k))Sv(k — 7(k))
kf u” (i) Ru(i) + u” (k) Ru(k) — u" (k — o(k))Ru(k — o(k))

i=k+1—0

+ i v (5)Sv(5) + vT (k) Sv(k) — v1 (k — 7(k))Sv(k — 7(k))(13)

j=k+1-7

IN

IN

Calculating the difference of V3(k), we have

AVz(k) = Va(k+1)—V3(k)
ktl-o ktl-r  k
= > Z WT@ORaG) + Y Y 0T (G)Su()
lk(r+21l lk:+2j_l
Z Z T(z Ru(i) — Z ZUT(_] Sv(j)
I=k—o+1 = I=k—741 I=
k—o k k
= Z Z i) Ru(i) + Z Z v ()Sv(j
l=k—o+1 =11 I=k— ‘r+1] I+t
k—o k- - k-
Z Z i) Ru(i) — Z Z T(] )Sv(y)
I=k—ot1 = I=k—7+1 I=
k—o k7
- Z (T(k )Ru(k (Z)Ru(l))+ > (vT(k)Sv(k)fvT(l)Sv(l))
I=k—o+1 I=k—741
k—o k-7
= (& — o) (k)Ru(k) — Z T (O)Ru(l) + (7 — )T (k)Sw(k) — Z o (1)Sw(1)(14)
l=k—o+1 I=k—741

It follows from (8), (12)-(14) that

AV(E) < uT(k) CPC—P+(1+5— J)R) (k) + 2uT (k) CPAf (v(k))
2u” (k)CPBf(v(k — 1(k))) + f (v(k)) AT PAf (v(k))
+2fT(v( NATPBf(u(k — (k) + [ (0(k — 7(k))) BT PBf (v(k — 7(k)))
T (k) (DQD Q+(1+7— T)S)v(k) + 207 (k)DQW g(u(k))

T
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+20" (k)DQHg(u(k — a(k))) + g (u(k)) W' QW g(u(k))
+29" (u(k)WTQHg(u(k — o(k))) + ¢" (u(k — (k) H QHg(u(k — o(k)))
—ul'(k — o(k))Ru(k — o(k)) — v (k — 7(k))Sv(k — 7(k))

= (k) R), (15)

where £(k) = (u(k) u(k —o(k)) g(u(k)) g(u(k —o(k))) v(k) vk -
(k) f(o(k)) flo(k—7(k)))",

I 0 0 0 0 0 CPA CPB
0 -R 0 0 0 0 0 0
0 0 wWTQw WTQH WTQD 0 0 0
- 0 0 HT'QW HTQH H'QD 0 0 0
0 0 DQW DQH 11, 0 0 0 ’
0 0 0 0 0 -S 0 0
ATPC 0 0 0 0 0 ATPA ATPB
BTPC 0 0 0 0 0 BTPA BTPB

with I, = CPC — P+ (146 — 0)R, I, = DQD — Q + (1 + 7 — 7)S.
From (4), we have

(95 k) = G s(v)
(91 (usCe— (k) = C7 ws(k—o(k)))
(3 (w3 (k) = Fy v ()
(3 (03 (k= (k) — F} v (k= (k)

which are equivalent to

(o ) (T, 5T ) () ) 0 oo

2 ? 7

i=1,2-n
( u(k) )T Gy Gfeel —Gi_TJrG:reieiT ( u(k) ><O
sulk—o)) ) | dxet, e L gtk — o)) ) =
(17)
1=1,2,---,n,
< v(k) )T iy FJ+€J'€? _F;;Ffeﬂef < v(k) ><O (18)
st ) \ A g ) st )20
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< f(v(/gv(_k)f(k))) )T ( _P;—?f;;f Fjiz;ejef ) ( f(v(kv(—k)f(k))) ) <0,
(19)

j:1727"'7m7

where e, denotes the unit column vector having 1 element on its rth row and

zeros elsewhere. )
Let A = dl@g()‘la Agy ey )‘n)a I'= dl@g(’ylaﬁ)@: T Fyn)a T = (771:7727 T :nm):
© = diag(d1,09, -, dy), then it follows from (15)-(19) that

-t
uk) \7 Gy Gfleel —ﬂeief u(k)
AV(k) < €T(k)TIE(K) — ZA ( (u(k)) ) ( e et o 2, ( g(u(k)) )
—geig

S v T F-Flejel 7FJ'_+FJ+B,€T v
_EUJ(fv((kk ) < At 2T]]>(f(v((kk))))

J J
2

i= €3¢ J
m F+FF
25 ( ) F].iF;»ej'e]T — ; = eje]T ( ’l)(k) )
I\ f v(k - T(k Fo+FF o T fl(k —1(k)))
j=1 *Tejej ejej

_ 5T(k>ns(k>f( oy )T( G T ) ( ) )
(oD ) (25 ) ()
(8 ) CRE (A
“( s Py )T( S 67 ) (s )

€7 (k)¢ (k)
—Amin () ([u(k)[|* + lv(k)]|?). (20)

IA I

From the definition of V(k), it is easy to verify that

e

V) < Al P+ (145 = s (B) 3 [Juli)|

e @I+ (147 = Ana(S) 3 @I (21)

For any scalar o > 1, it follows from (20) and (21) that

ATV +1) = V() = TAV()) + (e — 1)V ())
< [o?(@ = DAnaa(P) = o7 X (=) (i)
+[07(0 = DAnaal @) = & Ain (=) [0 ()
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+Oéj(04 - 1)(1 +0 — U max Z H'LL H2

i=j—0

+aj(oz—1)(1+7~'—7 maz( Z ||v(7)

’L]T

Summing up both sides of (22) from 0 to k — 1 with respect to j, we have

APV () = V(0) < [(@— DAmas(P) — @i }Z&JHU ()P
[0 = DAl @) = @Auin(~ )] Z oo

+Ha—1)(1+07— ) Maz( Z Z

J=04 i=j—

Q

o ||u(@)|?

k—1

(o= 1)1+ 7 = 7) A Zi o [u(i) % (23)

It is easy to compute that
j -1 z+a k—1-0 ito k—1

ijlwu e (I Yy

5 )ollui) 2
i——oJ=0 =0 j=i+1 i— i+1

0= =j—0o
k—1-0 s k—1 .
A lu@P+5 Y ot u@)]f?

53 o 45 3

A

_oJ=

IN

i=—o =0 i=k—1-0
< Fa® sup  [lu(s)|? —|—Uoz"Zo/||u ()2 (24)
SsEN[—0,0]
Similarly, we have
j . k-1 )
Z Z @) < Fa” sup |lu(s)|? +7am Y alflu(@)]®. (25)
=0 j=j—7 SEN[-T,0] i=0
It follows from (23)-(25) that
V() < V() +(a— 1147 —0)oa Amas(R)  sup_ [Ju(s)?
SsEN[—o,0]
+(Oé — 1)(1 -‘r/’;— 7'),7\:(17—>\max (S) Sup~ ”"—7(5)”2
sEN[—T7,0]

k—1

{(a — D) Amas (P) — aAmin(—Q) + (0 — 1)1 + 5 — J)Gazkmax(R)} 3 o ul)?
=0

|:(a - 1)/\maz (Q) - O‘)\min(fﬂ) + (O‘ - 1)(1 + T— T Ta )\maz :| Z ol ”v(] ”2 (26
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Let p = max{A\na(P), (1 + 7 — 0)Anaz(R)}, w = max{ A (Q), (1 + 7 —
T)Amaz(S)}, from (21), we have

V(0)<ps sup |lu(s)|* +wF sup [o(s)]*. (27)
sEN[-07,0] sEN[-T,0]

Let
90(0[) = (a - 1))‘max(P) - a)‘min(_Q) + (Oé - 1)(1 +0— 0')5'04;)\”“”(}%),

77Z)(OZ) = (a - 1))‘max(Q) - a)‘min(_Q) + (Oé - 1)(1 +7 - T)%Oé?)‘maac(s)a

then (1) = 0 and ¢ (1) = 0. By the continuity of functions ¢(a) and ¥(«),
we can choose a scalar 5 > 1 such that ¢(5) < 0 and ¥(5) < 0. That is

{ (ﬂ - 1>)‘max(P) - B)‘mm(_Q) + (ﬂ - 1)(1 +0— a)gﬁf)\max(R) S 0
(ﬂ - 1>)‘max(Q) - ﬂ)‘mm(_Q) + (ﬂ - 1)(1 +7— T>7~—ﬁ7—)\max(s) S 0 ( )
28
It follows from (26)-(28) that

BV (k) < [p5+(B—1)1+5 =) Amar(R)]  sup|lus)[|?

s€EN[—0,0]

+wF+ (B = 1)1+ 7 = 7)7B Amar(S)] sup [o(s)]%. (29)

SsEN[-T,0]
From the definition of V(k), we get
V(E) = Amin(P)[u(k) 1 + Anin (@) [0 () (30)
Let

k = max{ps+(8—1) (146 —0)5 3" Amas (R), wF+(B—1)(1+F—7)7B" Amaz(S) },

1 K
Y = min )\mzn P 7)\min Q s M = )
5 M (Amin(P) (@)) .
then 0 <e < 1, and

E =

lu(B)* + lo(R)]* < Me*( sup Jlu(s)|* +  sup_[u(s)[|)

s€EN[—0,0] SEN[—T,0]
for all k =1,2,---. The proof is completed. O

Remark 1. Discrete-time BAM neural network (1) is a discrete analog of the
well-known continuous-time BAM neural network of the form

“ = maw) + X aafi®) + X 0ifilyt - TO) + L i=12m
Jj= Jj=

U = —dyyy (1) + 2 wigi(wi(t) + X hugi(ailt — o (D) + Jjy G =1,2,0,m
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for t > 0, which has been investigated intensively in recent years, for example,
see [4, 8,9, 12, 13] and references therein.

Remark 2. In assumption (H2) of this paper, the constants F; , F;", G}
and G} (1=1,2,---,n;j =1,2,---,m) are allowed to be positive, negative or
zero. Hence, assumption (H2) is weaker than the following assumptions (H3)
and (H4):

(H3) There exists positive constant F;" and G (i = 1,2,---,n;j = 1,2,---,m)
such that

0< fj(ul) — fj(Ug) < Ff, 0< gi(uﬁ _gij(u2) < G;r

Uy — Uz Uy — Uz

for all uy # us.
(H4) There exists positive constant F;" and G (i = 1,2,---,n;j = 1,2,---,m)
such that

| fi(u1) = fi(ua)| < Fjfluy — g, |gi(ur) — gi(us)| < G lug — uo

for all uy,us € R. Assumptions (H3) and (H4) were mostly used in literature
[1]-[19]. Obviously, the activation functions such as sigmoid type and piecewise
linear type are also the special case of the function satisfying assumption (H2).
Remark 3. In [16, 18], the given stability criteria for discrete-time BAM
neural network with constant delays were based upon certain diagonal domi-
nance or M-matrix conditions on weight matrices of the networks, which only
depend on absolute values of the weights and ignore the signs of the weights,
and hence are somewhat conservative.

Remark 4. In [19], authors studied respectively the exponential stability for
discrete-time BAM neural network with time-varying delays under assumption
(H3) and assumption (H4). However, two kinds of methods in [19] can be
unified by the method of this paper. In addition, this paper has also removed
the imposed conditions 1 < o(k+1) <1+ o(k) and 1 < 7(k+1) <1+ 7(k)
in [19].

4 An Example

Consider a discrete-time BAM neural network (1), where

0.1 0 02 —01 0.1 -0.2 03 —0.2 0.2
C( 0 02 >’A ( 0.3 01 -02 >’B< 0.1 02 -0.1 >I< ~0.1 >

02 0 0 0.1 -0.1 0.1 -0.2 —-0.5
D = 0 01 O W = 0.3 0.2 ,H=1 -01 0.3 ,J = 0.7 ,
0 0 01 -0.1 —-0.3 0.2 —-0.1 1.1

f1(y) = tanh(0.2y), f2(y) = tanh(—0.4y), f3(y) = tanh(—0.2y),
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g1(x) = tanh(—0.22), g2(z) = tanh(0.2z),

T(k) =3+ sin(%r), o(k) = 4 + cos(km).

It can be verified that assumptions (H1) and (H2) are satisfied with | =
0, Ff =02, Fy =04, Ff =0, F; =02, Ff =0, GT = —0.2, Gf =0,
Gy =0,Gf =02,and 7=2,7=4,0=3,5 =5. Thus,

01 0 0
0 0 —01 0
= RB= 0 -02 o ,G1:(0 0>,G2=( 0 01).
0 0 -01 ‘

By the Matlab LMI Control Toolbox, we find a solution to the LMI in (7) as
follows:

o O O
o O O
o O O

16.8938  1.5285 —1.5991

po (20 0m ) o Uhw aae aiem |, ono QM5 0001
’ ' —1.5991 3.1933  13.7147 ’ '

—0.4594 0.9247  3.2971 0 6.0038 0 5-9303

4.6292 0 0 3.6240 0 0
T = 0 7.5728 0 , 6= 0 5.3464 0 .
0 0 4.8229 0 0 4.5600

Therefore, by Theorem 1, we know that model (1) with above given param-
eters is globally exponentially stable, which is further verified by the simulation
given in Figure 1. It should be pointed out that the condition in [19] cannot
be applied to this example since it requires 1 < o(k + 1) < 1 + o(k) and
1<7(k+1) <1+7(k).

36134 0.4138 —0.4594
s( 04138 27602  0.9247 ) A= ( 5-2633 0 ) F:( 41780 0 )

5 Conclusions

In this paper, the global exponential stability has been investigated for
the discrete-time BAM neural network with time-varying delays. The descrip-
tion of the activation functions was more general than the recently commonly
used Lipschitz conditions. By employing a appropriate Lyapunov-Krasovskii
functional and LMI technique, a delay-dependent sufficient condition has been
obtained to guarantee the global exponential stability of the addressed neural
network. The condition is a LMI, hence the stability of the neural network can
be checked readily by resorting to the Matlab LMI toolbox. In addition, the
proposed stability criterion has not required the monotonicity and differentia-
bility of the activation functions, and a impose condition on the time-varying
delays in recent publication has been removed. A simulation example is given
to show the effectiveness and less conservatism of the obtained condition.
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Figure 1: State responses of the discrete-time BAM neural network with initial conditions
(xl (8), x2(5)a Y1 (8), y2(8), y3(s))T = (Oa _O'Sa _17 057 1)T'
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