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Abstract

In this paper, further analysis on stability of delayed neural networks is presented via
the impulsive delay differential inequality, which was obtained by Li in recent
publications. Based on the inequality, some new sufficient conditions ensuring global
exponential stability of impulsive delay neural networks are derived, and the
estimated exponential convergence rates are also obtained. The conditions are less
conservative and restrictive than those established in the earlier references. In
addition, some numerical examples are given to show the effectiveness of our
obtained results.
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1. Introduction and preliminaries
In recent years, extensive research has been done in neural networks such as Hopfield
neural networks, Cohen-Grossberg neural networks, cellular neural networks, and
bidirectional associative memory neural networks, because of their potential applica-
tions in pattern recognition, image processing, associative memory, and so on, see
[1-28]. Recently, a new type of neural networks—impulsive neural networks display a
combination of characteristics of both the continuous-time and discrete-time systems,
which is an appropriate description of the phenomena of abrupt qualitative dynamical
changes of essentially continuous-time systems, see [4,9,13-22]. The stability of impul-
sive delay neural networks has become an important topic of theoretical studies and
has been investigated by many researchers via different approaches, see [9,13-16,20-22]
and the references cited therein. For example, Liu et al. [14] obtained some sufficient
conditions on global exponential stability by utilizing impulsive delay differential
inequality that has been given by Yue et al. [18] for impulsive high-order Hopfield
neural networks with time-varying delays as follows:
G LY g (- 50)
#X0 Y0 Ty (e = 5(0)) x gt = 7)) + It /8t = 1,
Aty = dii(ty) + Y1 Wihi(ui(t, — 5(8))) (1.1)
P Wahi(u(t, — 5(6,))) x miw(ty — () i€ Ak e Z,,

ui(s) = i(s), s €[to— 7, to].
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In [20,21], Xu and Yang investigated the global exponential stability of impulsive
delay neural networks by establishing a delay differential inequality with impulsive
initial conditions. The results extend and improve the recent works [23,24]. More
recently, Yang et al. [22] investigated the global exponential stability by Lyapunov func-
tion and Halanay inequality for impulsive extended BAM type Cohen-Grossberg neural
networks with delays and variable coefficients as follows:

(1) = —ai(xi(0) [bixi(0) = X% pifi () — X% nifi (e — gi))vi+6i],i=1,...,m
¥(0) = =a(y(0) [ (1) — XL dgi(xi(0))wi — XL, sii(xi(t — oy))ei + ] j = 1, ..., m (1.2)
xi(s) = ¢i(s), ¥i(s) = ¥i(s), s€to — 7 tol,

where

00 00
uj=1+ Zaij(t — ), vi=1+ Z ﬂij(t — ),
k=1 k=1

[o.¢] o0
w;=1+ Z yird(t—tr), ei=1+ Z)»iks(t — ).
k=1 k=1
Although some stability conditions for impulsive delay neural networks proposed in
[9,14,15,18-22], they have some conservatism to some extent, and there still exists
open room for further improvement.
Recently, Li [25] establishes a new impulsive delay differential inequality as follows:
Lemma 1.1. Let o, B, r and t denote nonnegative constants, and function fe PC(R, R,)
satisfies the scalar impulsive differential inequality

D*f(t) < —af(t) + B sup,_, o< f(5) +7 [g R()f(t = $)ds, t # tr t = 1o,
ft) = anf(6;) + besupy, o<, f(5), ke,

where 0 <O < + o, a;, by, € R,, k(-) € PC([0, o], R,) satisfies f; k(s)e™*ds < oofor
some positive constant Mo > 0 in the case when G = +oo. Moreover, when G = +co, the
interval [t - o, t] is understood to be replaced by (-oo, t].

Assume that

(i) o > B+1 [ k(s)ds.
(ii) There exist constants M > 0, 1 > 0 such that

n
l—[ max {1, ap+be’"} < M) e 7.,
k=1

where A € (0, 1) satisfies
A <a—pet— r‘/k(s)e)‘sds.

0

Then,

f()y <M sup f(s)e” M=) ¢ > ¢y,
7

o—max{o,7}<s<lp

In particular, it includes the special case:
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Lemma 1.2. Let o, 8 and t denote nonnegative constants, a;, by € R, and function
fe PC(R, R,) satisfies

{D+f(t) < —af(t) + Bsup,_. - f(s), 3
f(t) < af (6-) + besup,, .-, f(s), keZ, :

Assume that

(i) aa>p>0.
(ii) There exist constants M > 0, 1 > 0 such that

n
1_[ Inax{l, ap + bke”} <Mt ez,
k=1

where A > 0 satisfies
A <a—Be.
Then

f(t)<M sup f(s)e*M0) 1>y
to—T<5<lo

The purpose of this paper is to improve the results in [9,14,15,18-22] via the above
results in Lemma 1.2, which is a special case of [25]. We will derive some new suffi-
cient conditions to ensure the global exponential stability of equilibrium point for
impulsive delay Hopfield neural networks (1.1) and BAM type Cohen-Grossberg neural
networks (1.2). The main advantages of the obtained exponential stability conditions
include:

(I) In [9,14,15,18,22], all of those results require that the time sequence {t;} satisfies
infpez, {ty — th—1} > 8,8 > 1. But this restriction will not be required in our results.

(II) Even for the case infrez {tr — tr—1} > 7, our results still can be applied to the
case not covered in [19,20].

In addition, some illustrative examples are also given to demonstrate the effective-
ness of the obtained results.

2. Global exponential stability analysis for HNNs
In this section, we will give some new sufficient conditions on the global exponential
stability of equilibrium point for the neural network (1.1). The conditions are less
restrictive and conservative than that given in [14].
System (1.1) may be rewritten in the following matrices forms:
dx(t
C d(t) = —R7x(t) + (T + TTTi)f (x(t — ©(1))), t # 1t t > 1o,
Ax(tr) =Dx(t; )+ (W + ATE)p(x(t, — (1)), ke Z,,
x(s) =¢(s) s €[to -1 10],

(2.1)

Remark 2.1. For detail information about (2.1), one may see [14].
Theorem 2.1. Assume that conditions (i), (ii) in Theorem 1 in [14]hold, and
(iii) there exists a constant 1 >0 such that

p=max{1, a" +b"exp{rr}} < exp{in},
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where 1 = infyez, {ty — ti_1} > 0,

)\max(P)
)\min (P)

Amax(P
I+ D)II?, b =2 meP) magfl{Lf}(IIWIHIIATIIIIEII)2,

a =2
Amin (P) 1<i

and A > 0 satisfies
A <a—bexp{rt}.

Then the equilibrium point of the system (1.1) is globally exponentially stable with the

. , Inp
approximate exponential convergence rate ) — .

Remark 2.2. For the proofs of Theorems 2.1, we need only to mention a few points,
since the rest is the same as in the proofs of Theorems 1 in [14]. First, similarly one
may define V(£) = x”(£)Px(t), and it can be deduced that

D+V(t)|(2-1) = —aV(t) + bsupse[tfr,t] V(S)'
V() <a V(4 ) + b supsepy ) V(S)

Then using Lemma 1.2 in this paper (replacing Lemma 1 in [14]), Theorem 2.1 can
be obtained.

Similarly we can obtain another stability criterion corresponding to Theorem 2 in
[14] as follows:

Theorem 2.2. Assume that conditions (i) in Theorem 2 in [14]hold and

(iii) there exists a constant 1 > 0 such that

p=max{l, a*+b*exp{it}} < exp{in},

where 1 = infyez, {ty — ti_1} > 0,

n n
a* = max{|1 +d;}, b*=max (Wil + > Wi+ WiINi | L
1<i<n 1<j<n i i

and A > 0 satisfies

A <a—bexp{irt}.
Then the equilibrium point of the system (1.1) is globally exponentially stable with the
Inp

n
Remark 2.3. In [14], under the assumption that infyez, {t; — tr—1} > 73,8 > 1, Liu et

approximate exponential convergence rate A —

al. obtained some theorems on exponential stability of (1.1). Note that in our theorem
2.1 and 2.2, we only require that infyez, {t — tr—1} > 0. Thus, our results improve the
previous findings.

Example 2.1 Consider the three-neuron Hopfield neural network (1.1) with g;(u;) =
tanh(0.63u,), g (u») = tanh(0.78u,), g3(u3) = tanh(0.46u3), h1(u;) = tanh(0.09u;), hy(uy)
= tanh(0.02u,), h3(u3) = tanh(0.17u3), C = diag (C;, C,, C3) = diag (0.89, 0.88, 0.53), R
= diag (R1, Ry, Rs) = diag(0.16, 0.12, 0.03), D = diag(d,, d», ds) = diag(-0.95, -0.84,
20.99), 0 < 1,(t) < 05,i = 1,2, 3 and
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0.19 035 1.29 0.05 0.14 0.28
T =(Tj)sx3 = | 031 0.61 —0.25 |, Ty = (Tyj)3x3 = | —0.06 —0.05 0.11 |,

0.07 —0.37 0.44 —0.24 —0.06 —-0.09

0.29 —0.10 —0.35 —-0.23 0.07 0.03
T, = (Tai)3x3 = | 023 —0.14 0.25 |, T3 = (T3j)3x3 = | 0.09 —0.02 —0.19 |,

0.05 0.22 —-0.01 0.16 0.01 0.06

—0.04 —0.05 0.16 —0.01 0.01 —0.03
W= (Wij)sxs = | 019 —0.17 =0.02 |, W, = (Tyj)3x3 = | 0.08 —0.09 0.07 |,

0.03 0.13 0.04 0.08 —0.01 0.01

006 0 0.04 0.04 —0.04 0.01
W, = (Wai)sxs = | 0.04 —0.07 0.07 |, W5 = (Ts5)3x3 = | 0.02 0.05 —0.05 |.

—0.02 —0.06 0.05 —0.02 0.03 —-0.02

(2.2)

In this example, similar to [14], one may choose P = diag(0.9, 0.7, 0.8), &1 = 1, &, = 2
such that QO < 0 in Theorem 2.1, and that a = 10.2628 > 2.3814 = b. Also, we can
compute that p = 1. Thus, by Theorem 2.1, the equilibrium point of (2.2) is globally
exponentially stable with the approximate convergence rate A for
infuez {t; — te_1} > 0, where A > 0 satisfies the inequality: 1 < 10.2628 - 2.3814¢*°,

Remark 2.4. In [14], Liu et al. obtained that the equilibrium point of (2.2) is globally
exponentially stable for infrez, {t; — tr—1} > 0.505, which was more restrictive and con-
servative than that of our result. Therefore, the result in this paper is applicable to

more conditions.

3. Global exponential stability analysis for BAM type CGNNs
In this section, we will reconsider the global exponential stability of impulsive BAM
type Cohen-Grossberg neural networks (1.2).

Theorem 3.1. Assume that (H,) - (Hs) and (i), (ii) in Theorem 2 in [22]hold; more-
over, suppose that

(iii) there exists a constant 1 > 0 such that

. a_, a
M= max{l, arkl + aRk exp{)»r}} < exp{An},

where 1 = infyez, {ty — th_1} > 0,

m n
no= _min_d1-a) lgpallf, 1-ay_ |l >0,

1<i<n,1<j<m - -
]=] i=1

1<i<n,1<j<m

m n
-1
Re=ary' max 23 Isaalld, Y Inibull] ¢
j=1 i=1

and A > 0 satisfies
A < ky —kyexp{rt}.

Then the equilibrium point of the system (1.2) is globally exponentially stable with the
InM

n

approximate exponential convergence rate ) —
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Proof. Consider Lyapunov function as follows:

z(t) F10)
Sgns Sgns
V(t) = / ds + /
Z oi(s) Z 0‘1(5)
Then similar to the proof of Theorem 2 in [22], we arrive at

D+V(t)|(1-2) < =k V() + k2 SUDset—1,1] V(s),

a _ _ a
V) = V) Resupg gy V).

Then by Lemma 1.2, the result holds. O

Remark 3.1. In [22], Yang et al. obtained a sufficient condition for global asymptotic
stability of (1.2), which assumes that infyez, {t; — tr—1} > 73,8 > 1, while ours do not
impose this restriction.

Example 3.1. Consider the following extended BAM neural networks:

¥ (t) = —(3 + cosx(t)) |:x(t) - 110 cos tsiny(t)uy — 100

U intsin((e) — 18)ve — ﬂ
3.1)

Y (t) = —(1 +siny(r)) [y(t) - 110 sin t cos x(t)wy, — 130 costcos(x(t) — 16)e, — 71:| ,

where u; = wp = v = e, = 1 + (-1)X0(¢ - t), the impulse times ¢ satisfy 0 < to <t; <
<t < ., limg_, Lo t; = +o0 and infyez, {t, — tp—1} = 16. Let 7 = 18.

1 3 1

kZ = 257 T = 57 Rk = 15°

M = max{1, “r,;l + ZRk exp{it}} = 230 + 145 exp{181}, where A > 0 satisfies the

a

inequality:A < 190 - 215 exp{18A}. We may choose A = 0.16, then M ~ 11.511 < 12.932
= exp {16A}. By Theorem 3.1, the equilibrium point (%, 7) of (3.1) is globally exponen-

By simple calculation, we can obtain k1=190,

tially stable with the approximate convergence rate 0.007.
Remark 3.2. It can be easily verified that (iv), (v) in Theorem 2 in [22] are violated
in the above example. Thus, our results improve the results in [22].

4, A new inequality
In this section, we shall give a new inequality that is different from Lemma 1.2 and can
be applied to the case not covered in [19,20].

Theorem 4.1. Suppose that

. 1
(i) o > B - maxpez, 1
ap + bk
(ii) tx - tx.y >7, and there exist constants M > 0, v > 0 such that

k
[ ] (@ +biexpiar)) < Mexpiy (4 —10)}, ke Z,,

s=1

where A > 0 satisfies

A <o — B max

keZ. { ayp + bk exp{kr} ' 1} exp{)ﬂ:}. (4.1)

Page 6 of 12
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Then,

f(t) < Mf(to) exp{—(* — y)(t — t0)}, t > to.

Proof. Condition (i) implies that there exists small enough A > 0 such that the
inequality (4.1) holds.
Next, we show

k

f(t) < f(to) (]‘[ (as + by exp{u})) exp{—i(t —to)}, t € [t k),

s=0

where ay = 1, by = 0.
It is clear that f(t) < f(tp) for t € [to - 7, £o] by the definition of f.
Take k = 0, we shall show, for t € [ty, t;)

f(1) = f(to) exp{—A(t — t0)}. (4.2)

Suppose on the contrary, then there exists some ¢ € [ty t;) such that

f(t) > f(to) exp{—A(t — to)}.
Let

t* =inf{t € [to, t1), f(t) > Wo(t)}, Wo(t) = f(to) exp{—A(t — t0)},

then t* € [ty, ;) and

(1) A£7) = Wo(t™);
2) f) < Wo (1), te [to, t'];
(3) D*f(r") > Wo(r").

Since f(t*) = sUPse(p—r, f(5)s £ € [to,ta), we get

f(t") < f(to) exp{—A(t" — T —10)}.
Hence, we have

DYf(t") < —af (") + B (1)
< —af (") + Bf(to) exp{—A(t" — T — o)}
< —aWo(1") + BWo(t" — 7)

1
< —aWe(f* L1 Wo(t —1).
= -« 0( )+ﬁ£2%§{ak+bkexp{)»f} } 0( r)

Thus, by the definitions of A and W,, we have
Wio(t*) = =Af(to) exp{—=2(t" — to)}
1 *
> (ﬁ 5{161%{( { ai+ by expiit)’ 1 } exp{it} — a) f(to) exp{—A(t* — to)}

1

a4 by explir)’ l}f(to) exp{—A(t" — T — to)

= —af(to) exp{—A(t" — o)} + B iré%x{

1

= —aWy(t*
o 0(t)+,3max{ak+bkexp

max {M_},l}wo(p,r)

= Df(1),

which contradicts (3). So we get that (4.2) holds for all £ € [¢, £).
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Now, we assume that for t € [¢,.1, t,), me 7,

m—1

f(1) < f(t) (H (a5 + b, eXp{kt})) exp{—A(t —to)}.

s=0

We shall show that for t € [t,, t,.1), me Z,

f(t) = f(tO) (1—[ (as + by exp{kr})) eXP{_)\(t - tO)}~

s=0

By (4.3) and the fact that ¢, - £,,.1 >7, we know

m—1

f(t,;) = f(tO) (l_[ (as + bs exp{kr})) exp{_)‘(tm -7 to)}.

s=0

Hence,

f(tm) < amf (tm-) + buf (1)

m—1
< amf(to) (H (as + by eXP{)»T})> exp{—A(tm —to)}
s=0
m—1
+ buf (t0) (l_[ (as + by exp{kr})) exp{—A(tm — T — t0)}
s=0

m—1

(4.3)

(4.4)

(4.5)

< (am + by exp{At})f(t0) (H (as + by eXP{}»T})> exp{—A(tm — to)}

s=0
< f(to) (H (as + by exp{kr})) exp{—A(tm — to)}-
s=0

If (4.4) is not true, then there exists some ¢ € [t,, f,,.1) such that
f(0) > f(t) (]_[ (as + b exp{m)) exp{—A(t — to)}.
s=0
By (4.5), we define
t* =1inf{t € [ty tms1), f(£) > Wi()},
where
Wm(t) =f(t0) (l_[ (as + by GXP{XT})) eXp{_)‘(t - tO)}/
s=0
then t* € [t,, t,,.1) and
(4) i) = W,u(£%);

(5) f(t) < Wm(t): te [trm t*];
(6) Df(r*) > Wy, ().

Since f(t*) = Supse[t'fr,l*]f(s)" t* € [tmr tm+1)’ we get

Page 8 of 12
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* * 1
f() < Wh(t _t)max{l’ am+bmexp{)\‘l.'}}.

In fact, when ¢ - 7 > t,,,, from (5), we have

f(*) < f(to) (]_[ (as + by eXP{/\f})> exp{—A(t* — 1 — to)}
s=0
< Wp(t" — 1)

1
< W, (t" — 1, .
< Wil T)max{ am+bmeXp{}\T}}
When t* - t <t,,, note that £ - £;.; >7, we have
f(t*) < max {f(to) (1_[ (as + by exp{kr})) exp{—A(tm —t0)},

f(to) 1_[ (as + by exp{kr})) exp{—A(t" — 1t —to)}}
5=0

< max {f(to) ( (as + b, exp{kr})) exp{—A(t" — 1t — 1)},

|
—_

m

f(to) (as + b exp{)»t})) exp{—A(t* —t — to)}}

§

Il
o

<f(%) (l_[ (as + by exp{Ar})) exp{—A(t* — T — 1)} max { 1,
5=0

< Wy (t" — {1 ! }

= W v)max 1, Ay + by exp{rt) |’

This, together with (4), leads to

Df(r*) = —af (t*) + BF(17)

< —an(t*)+,3Wm(t*—r)max{1 1 }

" am + by, exp{rt}

Hence, we obtain

W (t*) = —=Af(to) (1_[ (as + by EXP{)»T})) exp{—A(t" — to)}

s=0

> (pmaxf, | ,1} elir) - a ) ()

kez. | ap + by exp{it}

X (H (as + by exp{kr})) exp{—A(t" —to)}

s=0

> —an(t*)+,Brnax{1, Win(t* — 1)

Ay + by exp{At} }
> D*f(t"),

which is a contradiction with (6). Hence, we obtain (4.4) holds for all ¢t € [t,,, t,,41),

m € Z,. Thus, by the method of induction, we get, for t € [tz, t,1)

1

am + by, exp{rt}

Page 9 of 12
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k

f(t) < f(t) (l—[ (as + by GXP{M})) exp{—A(t— o)}, keZ,.

s=0

By condition (ii), we have

f(1) = Mf(to) exp{—(2 — ¥)(t — o)}, t = o,
where A satisfies (4.1). The proof of Theorem 4.1 is therefore completed. O

k
Remark 4.1. If there exists constant M > 0 such that [] (as + bs exp{At}) < M for all

s=1
k € Z, holds, then we can choose ¥y = 0 in Theorem 4.1.
If let by = 0, ke Z, in Theorem 4.1, then we can obtain the following result.
Corollary 4.1. Suppose that

1
(111)a>,8~max{ ,1};
kez, | ay

(iv) tx -tr.1 >7 and there exist constants M > 0, v > 0 such that

k
[]a = Mexply(t—10)}, keZ,

s=1

where A > 0 satisfies

1
A<a-— 1 At).
<a 552?{@ }eXP{ T}

Then,

f(t) < Mf(to) exp{—(% — ¥)(t —t0)}, = to.

In the following, the superiority of the present approach over [19,20] will be demon-
strated by an example. The main tool for studying the neural network in [19,20] is the
following:

Lemma 4.1. Suppose that o > = 0, and f(t) satisfies scalar impulsive differential
inequality

{D*f(t) < —af(t) + Bf(t), t # tr,
f(t) < anf(tr-), keZ,,

where

f®)z0, f(©)= sup f(s), f(t7)= sup f(s),
se[t—r,t] se[t—1,1)
and f(t) is continuous except at each t;, k € 7., where it has jump discontinuities.
The sequence {t;} satisfies 0 < ty <t < ... <tg < .., liMy_, 400 L = +oo.
Then,

f(t) =< f(tO) ( l_[ max{l, |Clk|}> eXp{_)\(t - tO)}r ke Z.,., (46)

lo=tp=t
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where
A <oa— Bexp{it}.
Consider a particular network of two neurons as follows:
x'(t) = —4.6x(t) + 0.6 sinx(t) — 0.5siny(t — 71), t+ty,
Y (t) = =5y(t) + 0.4 cos y(t) — 0.4 cosx(t — 12), ¢+t (4.7)
x(te) = rx(t, ) y(e) = viy(t,), k € 2.,
where t; - t.1 = 0.25,t5 =0, ke Z,, ;€ (0,0.25),i =1, 2 and

B = 6, k=2n-1, e k=2n-1,
"= Ve 2 k=2nnez, *° o k=2nnez,

Let 7 = max {r;, o}, then t € (0, 0.25).
Choose V() = |x(2)| + |y(t)], then

D*V|4.7) < —4.6|x(t)| + 0.6] sinx(t)| + 0.5] siny(t — 71)| — 5[y(t)]
+0.4|cosy(t)| + 0.4] cos x(t — 12)]

< —4Jx(6)| + 0.5ly(t — 71)| — 4.6ly()| + 0.41x(t — 72)|
< —4[lx(O)] + YOI+ 0.5[Iy(t — 1)l + |x(t — w2)1]
< —4V(t) +0.5V(1),

where \7(t) =sup;_, <, V(s)

Moreover,
V() = |x(te)l + [y(te)] < max{Br, ve}[lx(t, ) + ly(; )],
where

e, k=2n—1,
e2k=2nne”Z,

max{B, v} = {

Choose M = €2, ¥ = 0 in Corollary 4.1, we get
(0] + y(1)] = V(¢) < €V (1) exp{—A(t — to)}, (4.8)

where 1 > 0 satisfies A < 4 - 0.5e> exp{Az}. Hence, the equilibrium point (0, 0) of
(4.7) is globally exponentially stable with the approximate convergence rate A.

On the other hand, we will point out the inequality (4.6) is not feasible here.

In fact, by using the inequality (4.6), we get, for ¢t € [t txi1),

X0+ (0] = V(1) < V(10)(&) 2 expl—2(t — t0))
< V(to)e!'e™ A4k

~ A
< V(to)(e' 4)fe »> +00 ast — oo,

since A > 0 satisfies A < 4 - 0.5 exp{Az}. This leads to that it is very difficult to get the
estimation formula like (4.8). Therefore, our method is less conservative in some
degree than that in [19,20].
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