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1. Introduction

Bidirectional associative memory (BAM) neural networks were first introduced by Kosko [1,
2]. It generalizes the single-layer autoassociative Hebbian correlator to a two-layer pattern-
matched heteroassociative circuits. This class of neural networks has been successfully
applied to pattern recognition and artificial intelligence. In those applications, it is very
important to guarantee the designed neural networks to be stable. On the other hand,
time delays are unavoidably encountered in the implementation of neural networks, and
its existence will lead to instability, oscillation, and poor performances of neural networks.
Therefore, the the asymptotic or exponential stability analysis for BAM neural networks with
time delays has received great attention during the past years, see, for example, [3-15]. The
obtained results are classified into two categories: delay-independent results [3-5, 7, 10] and
delay-dependent results [6,9, 11, 12, 14-16]. Generally speaking, the delay-dependent results
are less conservative than the delay-independent ones, especially when the size of time delay
is small.
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It should be pointed out that all of the above-mentioned references are concerned with
continuous-time BAM neural networks. However, when implementing the continuous-time
neural networks for computer simulation, for experimental or computational purposes, it
is essential to formulate a discrete-time system that is an analogue of the continuous-time
recurrent neural networks [17]. Generally speaking, the stability analysis of continuous-time
neural networks is not applicable to the discrete version. Therefore, the stability analysis for
various discrete-time neural networks with time delays is widely studied in recent years
[17-28]. Using M-matrix method, Liang and Cao [25] studied the exponential stability of
continuous-time BAM neural network with constant delays and its discrete analogue. Liang
et al. [26] also studied the dynamics of discrete-time BAM neural networks with variable
time delays based on unreasonably severe constraints on the delay functions. By using the
Lyapunov functional method and linear matrix inequality technique, the exponential stability
and robust exponential stability for discrete-time BAM neural networks with variable delays
were considered in [27, 28], respectively. However, the results presented in [27, 28] are
still conservative, since the the Lyapunov functionals constructed in [27, 28] are so simple.
Therefore, there is much room to improve the results in [27, 28].

In this paper, we present a new exponential stability criterion for discrete-time BAM
neural networks with time-varying delays. Compared with the existing methods, the main
contributions of this paper are as follows. Firstly, more general Lyapunov functional is
employed to obtain the improved exponential stability criterion; secondly, in order to reduce
the conservativeness, some slack matrices, which bring much flexibility in solving LMI, are
introduced in this paper. The proposed exponential stability criterion is expressed in LMI
which can be efficiently solved by LMI toolbox in Matlab. Finally, two numerical examples
are presented to show that our result is less conservative than some existing ones [27, 28].

The organization of this paper is as follows. Section 2 presents problem formulation of
discrete-time BAM neural networks with time delay-varying. In Section 3, our main result of
this paper is established and some remarks are given. In Section 4, numerical examples are
given to demonstrate the proposed method. Finally, conclusion is drawn in Section 5.

Notation

Throughout this paper, the superscript “T” stands for the transpose of a matrix. R* and R™"
denote the n-dimensional Euclidean space and set of all n x n real matrices, respectively. A
real symmetric matrix P > 0(> 0) denotes P being a positive definite (positive semidefinite)
matrix. I is used to denote an identity matrix with proper dimension. For integers a, b, and
a <b, N|a,b] denote the discrete interval N[a,b] = {a,a+1,...,b-1,b}. A\ps(X) and 1,,(X)
stand for the maximum and minimum eigenvalues of the symmetric matrix X, respectively.
Matrices, if not explicitly stated, are assumed to have compatible dimensions. The symmetric
terms in a symmetric matrix are denoted by *.

2. Problem formulation
Consider the following discrete-time BAM neural network with time-varying delays:
ui(k + 1) = aiui(k) + Zwl]f](v](k - T(k))) +1I;, i=12,...,n,
j=1

U](k + 1) = b]’lJ](k) + Zvﬁgi(ui(k - h(k))) + ]]', ] = 1,2,. ..,m,
i=1

(2.1)
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where u;(k) and vj(k) are the states of the ith neuron from the neural field Fx and the
jth neuron from the neural field Fy at time k, respectively; a;,b; € (0,1) denote the
stability of internal neuron process on the X-layer and the Y-layer, respectively; w;;, v;; are
real constants, and denote the synaptic connection weights; fj(-)gg(-) denote the activation
functions of the jth neuron from the neural field Fy and the jth neuron from the neural
field Fx, respectively; I; and J; denote the external constant inputs from outside the network
acting on the ith neuron from the neural field Fx and the jth neuron from the neural field Fy,
respectively. 7(k) and h(k) represent time-varying interval delays satisfying

Tm <T(k) <Tm,  hm <h(k) < hy, (2.2)

where 7,,, Tm, hy,, and hpr are positive integers.
Throughout this paper, we make the following assumption on the activation functions

£, &0).

(A1) The activation functions fj(-), g()(@=12...,n j=1,2,...,m) are bounded on
R.

(A2) For any ¢1,$» € R, there exist positive scalars I1;, I; such that

0<Ifi) - fi@I <hjler -Gl j=12,...,m,
0<18i(61) =86 < hilg1 —&l, i=1,2,...,n

(2.3)

It is clear that under Assumption (Al) and (A2), system (2.1) has at least one
equilibrium. In order to simplify our proof, we shift the equilibrium point u* = [u],u3,
...,u;‘l]T, vt = [UI,U;,...,U;“”]T of system (2.1) to the origin. Let x;(k) = u;(k) - u;, y;(k) =
vj(k) -0, fi(yj(k)) = fj(vj(k)) - fj(v), &i(xi(k)) = &i(ui(k)) - &i(u]), then system (2.1) can
be transformed to

xi(k + 1) = aixi(k) + iwljf,(y](t —T(k))), i=1,2,...,n
j=1

yj(k+1) = bjy;(k) + > vigi(xi(t—h(k))), j=12,...,m.

i=1

(2.4)

Obviously, the the activation functions f;(-), gi(-) satisfy the following conditions.

(A3) For any ¢ € R, there exist positive scalars ly;, I; such that

0<Ifi@I<hylgl, j=12,...,m,  0<|&(@<hildl, i=12,...,n (2.5)

Also we assume that system (2.4) with initial value
xi(s) = ¢i(s), yj(s) =gj(s), VseN[-7°,0],i=1,2,...,n, j=1,2,...,m, (2.6)

where T = max {7, hp ).
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For convenience, we rewrite system (2.4) in the form

x(k+1) = Ax(k) + W f (y(k - 7(k))),
y(k+1) = By(k) + Vg(x(k - h(k))), (2.7)
x(s) =¢(s), y(s)=¢(s), Vse N[-10],

where x(k) = [xi1(k),x2(k),...,x.(K)]", y(k) = [y1(k),ya(k),...,ym(K)]", fy(k)) =
11 (R), f22(K)), -, fnym DT, g(x(K)) = [g1(x1(K)), g2(x2(K)), -, gu(xn(K))]T, A =
diag{al, az,..., an}, B = diag{bl,bz, . ,bm}, W = (wij)mxn, V = (Uij)nxmr (I)(S) = [¢1(S)/
¢2(S), s /¢n(s)]T/ (If(s) = [‘Pl (S)r (p‘z(S), R r(/rm(s)]T~

From above analysis, we can see that the exponential stability problem of system (2.1)
on equilibrium x* is changed into the zero stability problem of system (2.7). Therefore, in the
following part, we will devote into the exponential stability analysis problem of system (2.7).

Before giving the main result, we will firstly introduce the following definition and
lemmas.

Definition 2.1. The trivial solution of BAM neural network (2.7) is said to be globally
exponentially stable, if there exist scalars > 1 and M > 1 such that

IIx(k)II2+||]/(k)II2SM< sup [lp(s)[* +  sup ||<P(S)||2>r‘k- (2.8)

seN[-hp,0] seN[-7p,0]

Lemma 2.2 (see [29]). For any real vectors a, b, and any matrix Q > 0 with appropriate dimensions,
it follows that

2a'b < a'Qa+bTQ7'b. (2.9)

3. Main result

In this section, we are in a position to present the global exponential stability criterion of
system (2.7).

Theorem 3.1. For given diagonal matrices Ly = diag{li,li2,..., lim}and L, = diag{l, o,
-, b}, Under Assumptions (A1) and (A2), the system (2.7) is globally exponentially stable,
if there exist matrices P, > 0,Q; > 0, R > 0,5 > 0, 2Z > 0, (@ = 1,2),
L]', M]', N]', T]', (] = 1,2,...,8), and dillg()?’lﬂl matrices D; = diag{dn,du,...,dlm} >0, D, =
diag{dy1,da, ..., da} >0, such that the following LMI holds:

Q \/hML \/hM—hmM 1/TMN \/TM—TmT

x -7 0 0 0

* * -7 0 0 <0, (3.1)
* * * —ZZ 0

* * * * -Z>
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where

- ; -
Wi wip Wiz wig w5 wie M+l lg
t_ ot
* W W3 Wiy Wy Wiy way tg — g
* * _tt _ _ tt _tt
w33 4 W35 Wse ms — 1, 8
* * X W44 Ny My — l4 —Miy 0
w = ,
* * * ¥ Ws5  Wse  —Ms5+ nt7 wsg
* * * * * Weg Wey —lg + mg
* * * * * * wyy —mg
* * * * * * * wsgs

gt gt gt gt gt gt gt gt
= [11 Ll I I ls]'

— [yt t t bt ot t £t
m=[m} my my my my mg m, mgl,
JE Y S N S S S N |
n=[ny ny ny ny ny ng oy ngl,
N Y T S Y S T A T L
t= [tl t, t5 8, t5 tg t ts] ’
wi =ra'pra+rhy(a-i)zi(a-i) —p1+ (hp—hm+ Dgr + 1+ + 1,

t
wip =1+t —ny,
=1t -t
w3z =13 — 1y,
wis = rat by, (a — 1)t I
u=rapiw+rhy,(a-i)ziw+1,
t
wis = Iz +ny,
W16=—l1+lé+m1,
wzz:—r‘qu2+t2+t§+d1—n2—n§,
=t tt_ t
w3 =~ + 13— Ny,
_ gt t
(4)24—154—714,
woys =t +ny —nt
25 =I5 2 57
_tt+ _l _ ot
W6 =Ly + 1My 2 — N,
— +tt_ t
w7 = —myp +1, — N,
w33:—r‘7mr2—t3—tg,

_ ¢
w3s = N3 — I,
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t
w3 =mz—1I3—t,
wyy = rw't b0t -yt
44 = TW PLW + 71 mW Z1W 1 aily s,
wss = rblpob + T, (b — i) z(b-1i) - P2+ (T —Tm+1)g2+ 12 + 15 + nt5,
_ _ l t
Wse = M5 — s + N,
wsg = rb'pyv + 11, (b — i) z00 + ng, (3.2)
Wep = —Tﬁhmql -1l — lé +dy + mg + mt6,
wer = —IL — mg + m!
67 — 7 m6 m7/
_ _hy t
w77 = —r r —my —niy,

wss = 10’ P + 1T, v zv - [l db L

Proof. Choose the following Lyapunov-Krasovskii candidate function of system (2.7) as
follows:

V (k) = Vi(k) + Va(k) + V3(k) + Via(k) + V5(k), (3.3)

where

v1(k) = r*x' (k)p1x(k) + r*y' (k)pay (k),

k

Juy

k-1

vy (k) = X Dqxl)+ Y. 'y Dy (D),
I=k-h(k) I=k-7(k)
—hm k-1 —Tm k-1
vs(k)= > D rDOax)+ Y D Y gy (),
O="To+1 1270 = +1 12K 0 (3.4)
k-1 k-1
oy(k) = D ' Orx() + D) 'y Dy (),
I=k—h,, I=k-Ty,
-1 k-1 -1 k-1
os(k) =" Y N i Dzm @) + 1™ D D b (D) zamp (D),
0=-h,, I=k+60 0=-1,, I=k+0

and 71 () = x(I+1) —=x(I), n2(l) =y +1) —y().
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Calculating the difference of V (k) along the trajectories of system (2.7), we can obtain

6v1(k) = " ax(k) + wf (y(k — () 'pr[ax(k) + wf (y(k - 7(k)))]
+ 5 [by (k) + vg(x(k - h(k)))]'p2[by (k) + vg (x(k — h(k)))]
= rkxt (k)prx (k) - ¥y (k)pay (k)
= r*{x! (k) (ra'pra - pr)x (k) + 2rx* (K)a'prw f (y (k - 7(K)))
+7f!(y(k - T(k)w'prwf (y(k - 7(k))) + y (k) (rb'p2b - p2)y (k)
+2ry' (k)b'pvg (x(k - h(k))) + rg' (x(k — h(k)))v'pavg(x(k - h(k)))},
60 (k) < r*xt (k) qux (k) — r* "0 x! (k = h(k))qux(k - h(k))
+ 7y (k) qay (k) = Oyt (k = 7(K) oy (k - 7(K))

(3.5)

k—hpy, k=T
+ > O+ D, Y (Dqy()
I=k+1-h(k+1) I=k+1-7(k+1)
(3.6)
< rkxt (k) qux (k) — r* Mt (k = h(k)) q1x (k = h(k))
+ 7Y (K) gy (k) =yt (k - 7(K)) gy (k — 7 (k)
k—hy, k=1

+ Z rixt (D) qrx(l) + Z 'y (D qay (1),

I=k+1-h,, I=k+1-7,,

6503(k) = (M = h) 7% (K) g1 x (k) + (T = o) 7* Y (K) g2y (K)

k—hp, kT 3.7
- Z rixt (D qrx(l) - Z "y (D qy (1), o

I=k+1-h,, I=k+1-7y,

Sv4(k) = r*xt (k)rx (k) — r* T xt (k = hy)rix(k = hyy,) 58)
+ 15y (K)ray (k) = ™yt (k = 1) 12y (k = T), '

k-1
6vs(k) = rirmhnt (k) zim (k) — ' () zim (1)
I=k—h,,
k-1
+ 5 Tl (K) 2212 (k) — 7™ > b (1) zam2 (D)
I=k—1,

< 6ty [(a = i)x (k) + wf (y(k = 7(k)]'z1[(a = D)x(k) +wf (y(k = 7(k)))]
+ 7™ T, [(0 — i)y (k) + g (x(k = h(k)]'22[(b ~ i)y (k) + vg (x(k — h(k)))]

k-1 k—h(k)

-r* MmOz @) =7 > i Ozm )
I=k-h(k) I=k~hy,
k-1 k-7(k)

—r* S Oz ) - F > nh(D)zama ().
I=k~7 (k) I=k—T,

(3.9)
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By Lemma 2.2, we have

k- k-1 k-1

—

= > iz <2 Y ik + > &Iz T (k)
I=k-h(k) I=k-h(k) I=k-h(k) 3.10)
= 2[x! (k) — x* (k = h(k))]1'¢ (k) + h(k) & (k)12 1" (k) ¢
< ER) (gl + Ig1)é(k) + ! ()12 1E(K),
k-h(k) k-h(k) k-h(k)
= > niDzm) <2 Y gi)m'E(k) + D & (kymz"'m'¢ (k)
I=k—h,y, I=k-h,, I=k-h,,

= 2[x' (k=h(k)) = (k=hy)[m'&(k) + (hm~h (k))& (k)mz; m'E (k)
< & (k) (g’ + my)d(k) + (R — hn)é (K)mzy ' m'é(K),

(3.11)
k-1 k-1 k-1
- > Dz <2 D) ph(On'e(k) + D ' (k)nzy'n'é(k)
I=k-7(k) I=k-7(k) I=k-7 (k) (3 12)

= 2[y' (k) - y' (k = T(k) [n'¢ (k) + T (k)& (k)nz;' n'¢(k)
< &' (k) (gsn' + ng)g (k) + Twé' (k)nzy ' n'é k),

k-7(k) k-7 (k) k-7 (k)
- D ByDzamp() <2 Y y(DtE(k) + D & (k)tzy (k)
I=k—1,, I=k-T, I=k-T;,

= 2[y' (k= 7(k)) = y' (k = T) ['&(K) + (T — T(K))&' (k) 2, #'& (k)
< & (k) (gt + tpa)&(K) + (T — )& (k)25 18 (K),

(3.13)
where
gt gt gt gt ot gt gt 1t
l_[ll lz 13 l4 15 16 I ls]/
m=[m mb mb oml ml m omb omi]',
Tt gt gt gt ot ottt
n=[ny my ny my ng mgony ol
N T S N A 2 L
t_[tl ty t5 8y t5 to ts]'
(3.14)

p1=[i 0000 —i 00],
p=[00000i-io0],
g3=[0-i00i000]

g21=[0i-i 00000,
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and ¢(k) = [x" (k)y" (k=7(k))y" (k=7m) fT (y(k=7(K))y" (k)x" (k~h(k))x" (k=hw)g" (x (k-
h(k)))]. By inequalities (2.5), it is well known that there exist positive diagonally matrices
D; >0 (i = 1,2) such that the following inequalities hold:

[yt = T®))diy(t—7(8) — f (y(t - TN daly' f(y(t-7(1)))] 20,

3.15

% [x! (t = h(t))dax(t = h(t)) — &' (x(t = h(t)))]; daly g(x(t - h(1)))] 20, (319

where L1 = diag{ln, 112,. . -/llm}/ Lz = diag{lz1,lzz,. . .,lgn}.
Substituting (3.10)-(3.13) into (3.9), we have
6v(k) < 6v1(k) + 6vy(k) + 6vs(k) + va(k) + 6vs(k)
+ [y (=) diy(t—T(#)) - fy(t =Tt Ly f(y (- 7(8)))]
+ 78 [x (£ = h(8))dax(t = h(t))) = g'(x(t = h(t)))]; daly" g (x(t = h(t)))]
< rREH ) [w + hnlz] M + (B = ) mziim! + Tnzy 't + (T — T )tzy 1 ] E(K),

(3.16)

where Q, L, M, N, and T are defined in Theorem 3.1. Thus, if LMI (3.1) holds, it can be
concluded that AV (k) < 0 according to Schur complement, which implies that V (k) < V(0).
Note that

v1(0) = x'(0)p1x(0) + ' (0)p2y (0)
<An(p1) sup [[$)I + Am(p2) sup Ny (s)I,

sen[—hy,,0] sen[—1m,0]

(3.17)

-1 -1

0,0)= >, r'XOqx)+ >, 'y (Dgay ()

1=—h(0) I=-7(0)

1 — ¢ hm 1— 7 m
sup  [[¢(s)]1* + A (42)
r—1 SEn[—}‘I:n,O] 4) m\q r—1

(3.18)
< -)lm(ql)

sup ()l

sen[—7,,0]

—Tm -1

—hp -1
v300)= >, DirxOqx)+ D>, Dy (Dgay (D)

0=—h,,+1 1=0 0=—7,,+1 1=0

-1 -1
< (= ) 375 (g (D) + (s = ) 37 D2y ()
I=hm =T (3.19)

1—7hn 2
< (B = hn)Am(q) ——5— sup_|ig(s)
sen[-hy, 0]
1—7r7m

r

sup [lg(s)?,

sen[—1,,0]

+ (T — Tm))tm(qZ)
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-1

v4(0) = Zr (rx(l) + Y rly' Dy ()

I=—1,,

(3.20)
1 - Tﬁh”’ 2 ~Tm 2
< A(r1) 7 sup [p@)lI”+ )Lm(TZ) sup g ()%
r— sen[—hy, 0] sen[—1y,,0]
-1 -1
05(0) =" > Sr'ni()zm ) +r™ Z Zr L (D) zama(l)
0=—h,, 1=0 0=-7y, 1=0
-1 -1
<P hd(z1) 3 P OO + 7 Td(22) D s (Dn2(0)
=t = (3.21)
L 1 — g m )
<r mhmlm(zl)— sup ||711(S)||
r-1 sen[-hpy,~1]
T, 1 - TfT"' 2
+r me)‘m(Z2) 1 sup ”712(5)” ’
r- sen[-7y,,~1]
sup [lm(s)I> = sup |x(s+1) - x(s)|?
sen[—hy,~1] sen[—hpy,~1]
<2 sup  (Ix(s+ DI +[lx(s)[%) (3.22)
sen[—hy,,~1]
<4 sup [lg(s)IP,
sen[—hy,,0]
sup [l = sup [ly(s+1) - y(s)I
sen[—Tm,~1] sen[—Tp,,~1]
2 2
<2 sup (IyGs+ DI+ Iy (323)
<4 sup ()l
sen[—1m,0]
Substituting (3.22), (3.23) into (3.21), and combining (3.17)—(3.21), then we have
5
V(©0)=DVi(0)<p1 sup [p)IP+p2 sup g ()], (3.24)
i=1 seN[-hp,0] seN[-7p,0]
where
h 1t
P1 = )tm(Pl) + [(hm — hy + 1)/\m(q1) + A (1) +4r mhm)tm(zl)] 1
(3.25)
1—7r7"m

P2 = A (p2) + [(Tim = T + 1) A (q2) + A (12) + 4™ Ty Ay (22) ] —
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On the other hand,
V(k) > r*x" (k) Pix(k) + r*y" (k) Pay (k) > r* (L (P) xR |I* + A (P2) ly (K)I*}. (3.26)

Therefore, we can obtain

Ix ()17 + ly ()I* < %( sup ]II¢(S)|IZ+ sup II(if(S)HZ)r"k, (3.27)

seN[-hpm,0 SeN[-7p,0]

where a = max{p1,p2}, p = min{A,,(P1), A;u(P2)}. Obviously, a/f > 1, by Definition 2.1, the
system (2.7) or (2.1) is globally exponentially stable. O

Remark 3.2. Based on the linear matrix inequality (LMI) technique and Lyapunov stability
theory, the exponential stability for discrete-time delayed BAM neural network (2.1) was
investigated in [26-28]. However, it should be noted that the results in [26] are based on the
unreasonably severe constraints on the delay functions 1 < 7(k+1) < 1+7(k), 1 < h(k+1) < 1+
h(k), and the results in [27, 28] are based on the simple Lyapunov functionals. In this paper, in
order to obtain the less conservative stability criterion, the novel Lyapunov functional V (k) is
employed, which contains V4(k), Vs(k), and more general than the traditional ones [26-28].
Moreover, some slack matrices, which bring much flexibility in solving LMI, are introduced
in this paper.

Remark 3.3. By setting r = 1 in Theorem 3.1, we can obtain the global asymptotic stability
criterion of discrete-time BAM neural network (2.7).

Remark 3.4. Theorem 3.1 in this paper depends on both the delay upper bounds 7as, har and
the delay intervals 7y — 7,, and hps — hyp.

Remark 3.5. The proposed method in this paper can be generalized to more complex neural
networks, such as delayed discrete-time BAM neural networks with parameter uncertainties
[30, 31] and stochastic perturbations [30-32], delayed interval discrete-time BAM neural
networks [28], and discrete-time analogues of BAM neural networks with mixed delays
[32,33].

4. Numerical examples

Example 4.1. Consider the delayed discrete-time BAM neural network (2.7) with the
following parameters:

08 0 05 0 0.1 -0.01 015 0
A‘[O(wy B‘[ooA' W’[wz-mly V’[mzoJ‘ (41)

The activation functions satisfy Assumptions (A1) and (A2) with

M=B2y M=B2y (4.2)
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Table 1: Maximum allowable delay bounds for Example 4.1.

Tm = 2 4 6 8 10 15 20 25
™™ = ha [27, 28] 6 8 10 12 14 19 24 29
Tym = hyy Theorem 3.1 11 12 13 15 16 21 25 30

For this example, by Theorem 3.1 in this paper with r = 1, we can obtain some
maximum allowable delay bounds for guaranteeing the asymptotic stability of this system.
For a comparison with [27, Theorem 1] and in [28, Corollary 1], we made Table 1. For this
example, it is obvious that our result is less conservative than those in [27, 28].

Example 4.2 (see [27]). Consider the delayed discrete-time BAM NN (2.7) with the following
parameters:

1 1 1 1
=0 — 0 = -— 0

A=|5 4, B=|10 |, w=|; 8], v=|2 | (4.3)
03 O 1o g 0 T

The activation functions satisfy Assumptions (A1) and (A2) with
10 10
T ] ”

Now, we assume 7(k) = h(k) = 4 — 2sin((r/2)k), r = 1.55. It is obvious that
2 < t(k) = h(k) < 6, thatis, hy, = 7, = 2, hpy = T, = 6. In this case, it is found that the
exponential conditions proposed in [27, 28] is not satisfied. However, it can be concluded
that this system is globally exponentially stable by using Theorem 3.1 in this paper. If we
assume h,, = T, = Ty = 2, 7 = 2.7. Using [27, Theorem 1] and [28, Corollary 1], the achieved
maximum allowable delays for guaranteeing the globally exponentially stable of this system
are hyr = 3, hy = 3, respectively. However, we can obtain the delay bound hys = 4 by using
Theorem 3.1 in this paper. For this example, it is seen that our result improve some existing
results [27, 28].

5. Conclusion

In this paper, we consider the delay-dependent exponential stability for discrete-time BAM
neural networks with time-varying delays. Based on the Lyapunov stability theory and
linear matrix inequality technique, the novel delay-dependent stability criterion is obtained.
Two numerical examples show that the proposed stability condition in this paper is less
conservative than previously established ones.
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