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Abstract In this paper, a generalized memristor-based
recurrent neural network model with variable delays and
impulse effects is considered. By using an impulsive
delayed differential inequality and Lyapunov function, the
exponential stability of the impulsive delayed memristor-
based recurrent neural networks is investigated. Several
exponential and uniform stability criteria of this impulsive
delayed system are derived, which promotes the study of
memristor-based recurrent neural networks. Finally, the
effectiveness of obtained results is illustrated by two
numerical examples.

Keywords Memristor-based recurrent neural networks -
Exponential stability - Impulse effects - Impulsive
differential inequality

1 Introduction

Constructing a neural network model to mimic the human
brain is an important potential applications in the future. In
the past decades, there were many researchers paying
attention to the investigations of neural networks [1-5]. For
example, the authors studied the properties of cellular
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neural networks in [1]. In [2, 3], the authors investigated
the second-order dynamic consensus of multi-agent net-
work systems. The authors discussed the linear program-
ming problem of a recurrent neural networks in [4]. Hu and
Wang [5] constructed a memristor-based neural network
model with time delays by exploring a piecewise-linear
mathematical model of the memristor to characterize its
feature of pinched hysteresis. In these studies, the
dynamical behaviors of neural networks are very important
research fields. For instance, the authors investigated the
attractivity of memristor-based delayed cellular neural
networks in [6]. In [7], the authors studied the exponential
stability of memristive neural networks. The consensus of
multi-agent network systems has been investigated in
[8-10].

Since the delayed neural networks may undergo abrupt
changes arising from unexpected internal or external
effects, it is necessary to study the dynamical behaviors of
impulsive control neural networks. In [11-13], the syn-
chronization problems of complex dynamical networks
with delays were studied via impulsive distributed control.
Recently, the stability of impulsive differential equations
has been widely investigated [14—18]. For instance, in [14,
15], the stability of impulsive delayed neural networks was
investigated by means of differential inequality. The
authors in [16] studied the robust exponential stability of
delayed neural networks with parameter uncertainties,
stochastic perturbation, and impulses. Chen and Zhang [17]
investigated the global exponential stability of impulsive
neural networks with variable delay by means of an LMI
approach. In [18], the authors studied the stability of high-
order BAM neural networks with time delays and impulse
effects. All these results are about the case of time-trig-
gered impulse control. Event-triggered impulse control
strategy [9, 19] may be considered in the future research.
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Since the first physical memristor device was invented
by Hewlett-Packard (HP) Laboratory [20, 21], memristor
has attracted much attention [22-25] because it has the
similar features just as the neurons in the human brain.
Moreover, it may promote the development of the next-
generation computer and powerful brain-like neural com-
puters [24]. As a new neural network model, memristor-
based neural network (MNN) systems have attracted much
attention in recent years. Investigating the dynamic prop-
erties of MNNs is very important because it could play the
key role in the designation of MNNs. Wu et al. [26] for-
mulated the memristor-based neural networks and investi-
gated their dynamical properties. In [27, 28], the authors
studied the stability of memristor-based delayed recurrent
neural networks. Zhang et al. researched the synchroniza-
tion stability of chaotic memristive neural networks in [29].
As the literature indicates, the majority of these works
focused on the stability analysis and synchronization of
delayed MNNs without considering abrupt internal or
external changes. However, the states of delayed MNNs
(DMNNSs) are not usually stable, and they could also
undergo abrupt internal or external changes. Therefore, it is
necessary to consider the impulsive effect on the stability
of DMNNSs. Recently, the stability problem of the mem-
ristive delayed neural networks with impulses was studied
in [30]. In [31], the passivity and passification of stochastic
impulsive memristive systems was investigated . Although
there have been several dynamic study results of impulsive
DMNNS, the stability analysis of these systems has not
been fully investigated, which motivates the research of
this paper.

In this paper, we formulate a generalized impulsive
delayed memristor-based recurrent neural network
(DMRNN) model and analyze the exponential stability of
this model. The global exponential stability of DMRNNs
with impulse effects is investigated by utilizing impulsive
differential inequality and Lyapunov function. Several
stability criteria are obtained, which implies that frequency
and strength of impulses can maintain the stability of the
original stable continuous delayed DMRNNSs. Furthermore,
it is worth noting that several uniformly stable criteria of
the impulsive DMRNNs could also be derived. Two
examples and their simulations are given to illustrate the
effectiveness of the results.

The remaining part of this paper consists of four sec-
tions. In Sect. 2, models and preliminaries are introduced.
And the main results are derived in Sect. 3. In Sect. 4, two
illustrative examples are given to demonstrate the effec-
tiveness of the proposed results. Finally, concluding
remarks are included in Sect. 5.
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2 Preliminaries

2.1 DMRNN model and notations

In recent years, some initial study results of the
DMRNNs have been obtained [5, 26-28], where the

DMRNN model can be described by the following dif-
ferential equation:

i () = — i (wi 1) Juit

+Zb,,

+Zau (D) (15(1))

—1(1) +1,t>0, i=12...n,

(1)

where n denotes the number of units, u;(¢) corresponds to
the state of the ith unit at time 7, the time-varying delays
7;(f) are nonnegative continuous functions satisfying
0<7;(t) <7 (r > 0is aconstant) for i,j = 1,2,...,n, fi(-)
and g;(-) are the bounded feedback functions satisfying
fi(0) = g;(0) =0, I, denotes external constant input,
di(u;i(t)), a;(u;(r)) and b;j(u;(r)) represent memristor-based
weights, and

(1)) g (w1

() = di ()| <T; atuy = J |ui (1) <T;

dluil)) = {a,- ui(t)| > i ilul) = {dy jui(6)] > i’
e . [;,'j |M,‘(l)|<T,‘

plul) = {Bi,- (1) > T

in which the switching jumps 7; > 0, d; > 0, d; > 0, ai,
ajj, l;,j and B,-j are constants for i,j =1,2,...,n. When
lui(t)] = T;, di(ui(r)) is d; or di, a;(ui(r)) is dz or dy,
bii(ui(t)) is by or by.

In this paper, solutions of all the considered systems are
intended in the Filippov’s [32] sense. R" denotes the
n-dimensional space with the Euclidean vector norm |- |,
and [-, ] represents the interval. Let d; = max{d;,d;}, d;, =
min{ﬁi,d’i}, a; = max{d;, d;}, a; = min{d;,d;}, by =
max{by, b;}, b; = min{by, b;}, d; = min{|d;|, |d;|}, @, =
max{|d;, |d;|}, by = max{|by|, |by|}, for i,j =1,2,...,n
cola,a] denotes closure of the convex hull generated by
real numbers a and a or real matrices a and a.

2.2 Impulsive DMRNN model

In this subsection, basing on the references [5, 26-28], the
impulsive DMRNN model can be described as the fol-
lowing differential inclusion by applying the theories of
set-valued maps and differential inclusions [32]:
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l’.tl'(t) € _Co[dbai]“i(t) + 2;:1 CO[C_ZU,EUlf](M](Z‘)) + Z;l:l
colby, bylgj(ui(t — (1)) + I, 1 # 1,1 >0, )
ul(t]:r) :Jik(ul(t]:))7 k€Z+,
ui(t) = ¢;(t), rel-1,0], i=12,..,n,

or equivalently, for i,j =1,2,...,n, there exist c?i(t) €
cold;,d;), d;(t) € colay, ay), bij(t) € colby;, by), such that
where Jy(u) € C[R",R"] is the jump operator at time f,

i

where ¢;(t) = ¢;(t) — uf, f(x(1)) = f(x;(1) + u) — fi(u)),
8(x(1)) = g(x5(0) + ) — (), g (xi(t)) = Juxi(t)+
) — Juu).

(1) = —di()ui(t) + 1y (0 (wi(1) + Sy bi(0)gi (it — (1))
+1;

wi(17) = Ju(ui(5)),

ui(t) = ¢;(t), tel-1,0],

tF b, t>

7é kat_07 (3)
kezt,
i=1,2,...n,

u(tk) = u(t,j) =limy_ o bt(tk + /’l), u(t;) =1limj,__ I/t(lk +
1,2,..., and 0<t; <t <...<fp<---(fxr—00 as
k—00),  $(t)=(d1(1),h2(1),...,4,(1))" and  ¢(1) €
PC([—7,0],R"), here PC([—7,0],R") denotes the set of
piecewise right continuous function ¢(z):[—1,0] —R"
with the norm defined by [|¢(7)||, =sup_. . <o |p(t+5)|. If
Ju(ui(t; ) =u;i(t; ), then model (3) becomes model (1),
which have been widely investigated in [26-29].
Suppose u* = (u},u}, - -, u}) is an equilibrium point of
the impulsive DMRNN (2) or (3), let x;(f) = u;(t) — u} for
i=1,2,...,n; then, we have

%(1) € —cold, dilxi(r) + Y7 colay, aylf (x(1)) + X,

In order to derive the exponential stability criteria, the
following definitions, assumptions, and lemmas are needed
to be introduced.

Definition 1 ([16]) The Dini’s upper right-hand deriva-
tive of a continuous function V(¢) : R — R is defined by

V() = lim sup%{V(t +h) = V(D)

Definition 2 ([26, 28]) Let u* = (uj,u}, --,u}) be an
equilibrium point of system (2.3). If there exist constants
A>0 and f>1 such that for every solution u(t)=

colby Byl (5t — (1), 171120, "
xi(60) = e (xi(t;)), keZz",
xi(t) = (1), tel-7,0, i=12...n,
or equivalently,
3(1) = =di(0)xi(r) + S dg(0f05(1) + 7 bu(0)g(x( — 74(1))),
t # Iy, t > Oa

+) — — 4 (5)
xi(tg) = ma(xi(t ), kez,
xi(t) = (1), te[-1,0], i=12,...n
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(u1(2),uz(t), - - u,(t)) of system (2.3) with any initial
value ¢(1) = (1 (1), ¢(1), - 4u(1))"

Ju(t) —u'| < Bl|$(0) —u'll.e™™,  1>0,

where [[¢(0) — u*||, = sup_, . o |p(s) —u|, then the

equilibrium point x* is said to be globally exponentially
stable.

Lemma 1 ([14]) Let a, b be an constants with 0<b<a
and u(t) satisfy the following scalar impulsive differential
inequality

Dt u(t) < — au(t) + bi(t), t# f,1>1,
u(t) < (), kezt,
M(t) = ¢(t)7 re [t() - T7t0}7

t#t, t>t,
u(t)=sup,_. o< fu(s)}, u(tf) =u(ty) and u(ty) exists,
¢(t) € PC with n = 1. Then,

u(t)s< 1T

to<ty <t

where  u(t) is  continuous  at

5k> [[b(t0)l|.e™ ", 1> 10,

where 6, = max{1l, ||} and A >0 is a solution of the
inequality ). — a + be’™ <0.

Assumption 1 For j = 1,2,... n, the neuron activation
functions f;(u;) and g;(u;) in (2) are bounded, and there
exist nonnegative scalars p; and o; such that, for Vx;, x; €
R, X1 7’5 X2,

SJ?‘()Cl) —fi(x2) <p, 0< gi(x1) — gj(x) <o,
X1 — X2

XL — X2

Lemma 2

0< sup];( %)
x7#0 Xj

Under Assumption 1, we have

(x;
<p; 0< 21;1())5)’;]) <p;.
Assumption 2 For i=1,2,...,n, the jump operator
Ji(u) satisfies the Lipschitz condition with J;(0) = 0, i.e.,
there exists nonnegative scalar y; such that for Vx;,x; €
R, x1 # x2,

ik (x1)

3 Main results

= Jie(x2) | < g xr — xa.

In this section, the global exponential stability of the
impulsive DMRNNSs (2) or (3) will be investigated, and the
stability criteria will be presented by the following
theorems.

Theorem 1 Let u* be the equilibrium point of impul-
sive DMRNN (2) or (3) and suppose Assumption 1 and
Assumption 2 hold. Then, the equilibrium point u* of

@ Springer

impulsive DMRNN (2) or (3) is globally exponentially
stable if for ke ZT,
satisfied.

the following conditions are

(i) a>b, where a=minj<j<, <dj—max {O,djj

+ 2 iz dgl}p;) >0, b= maxi <<, [bylay):
(ii) A > O, where A > 0 is a solution of A —a+ be’t < 0,
5 = Supkez+ {,klﬂ%} Wlﬂ’l 5k

e = Maxy <;<n{ My}

=max{l,|w|} and

Proof We only consider the exponential stability of the
equilibrium point of impulsive DMRNN (4) or (5), which
can guarantee the exponential stability of impulsive
DMRNN (2) or (3).

Construct a Lyapunov function V() = Y7, |x;|, when
t # t, the Dini right derivative of V(f) can be calculated as
follows:

= iz;‘sgn(x,»(t)) l—d 1)x
“I‘th] 8(xi(t
-3t + Y (a+
+ 21: ]Z: 112 (xi (1
- gc?im(m + Z:j ( +
+ Z;/Z |bijla|x; (1
:; [a+ (@ +; i) oy b0

+ZZ|bU|O—j‘x] —1i(1))]

< *aV()H?V(), (6)

0+ 075 (0)
=1

= 7i(1)))

) |dz;,-)u§<x,~<r>>|
i1

o))l

) |di,»)pj|x,<t>
i1

= 7(1))]

IN

IN

where V(1) = sup, .-, {V(s)}.
When t = 1,
= DI () <O ety
=1 =1 =1
= |V (%) (7)

Employing Lemma 1, from (6), (7) and conditions (i)
and (ii), we can get
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V(1) <810y 0 [|[V(O)|| e, t€[tir, ), ke ZT
S ecst]ecs(Q*[]) .. 65(1k7171k,2)Hv(o)”re*/ll
<e|[V(O)ll.e™
=[[V(0)]| e~

Hence, we have

V(6) < |IV(O)]] e, 1>0.

That is,

le,|< sup [p(s)le" 0, ¢>0.

—1<s<0

Since x;(t) = u;(t) — u*, we have

Z|u ) —u*X|< sup |P(s) — uX|e=F0r (8)
—1<s<0

for any 7>0. Therefore, the equilibrium point u* of

impulsive DMRNN (2) or (3) is globally exponentially

stable. This completes the proof. O

Remark 1 Let 2 = ¢, the inequality (8) can be rewritten
by i |u(t) — u*| < sup_. . <o|p(s) — u*|. Then, we
can conclude that the equilibrium point #* of impulsive
DMRNN (2) or (3) is uniformly stable. Therefore, under
the conditions of Theorem 1, the equilibrium point of
system (2) or (3) is uniformly stable if A>9. In this
theorem, impulsive differential inequality was used to
obtain the stability criteria, which is different with the
techniques used in [10, 11]. Impulsive differential
equations were used to study the consensus multi-agent
networks in [10], and impulsive distributed control
scheme was designed to achieve the network synchro-
nization based on the concept of control topology in
[11].

Theorem 2  Let u* be the equilibrium point of impulsive
DMRNN (2) or (3) and suppose Assumption 1 and As-

sumption 2 hold. Then, the equilibrium point u* of impul-
sive DMRNN (2) or (3) is globally exponentially stable if

for any k € Z*, there exist 7;>0,j=1,2,...,n, such that
the following conditions are satisfied.
(i) c¢>d, where c=minj<j<,(d—23" 30,

Vi(dp, 2y,(bi .
WS 5 0, d = max; <j<, Yo Yoy, 2l
iVj i

(i) 4 > &, where A > 0 is a solution of /. — ¢ + de’* <0,
(5 = Supkez+ {Iklf%} Wlﬂ’l 5k

W = maxlgign{uik}'

=max{l,|w|} and

Proof In this theorem, we still consider the exponential
stability of the equilibrium point of impulsive DMRNN (4)
or (5), which can also guarantee the exponential stability of
impulsive DMRNN (2) or (3).

Construct a Lyapunov function V(1) =7 192 (z),
when t # f;, the Dini right derivative of V(f) can be
calculated as follows:

Zylx, [ x, +Zau
+zb,, ()3 (1 — v >>>}
< Z{ A () + o) 3l 0)

+|xi<r>|zy,-Eij||g,<x,-<r—r,-,-<r>>>|}

J=1

<> {30+l 0)

5@ O+ Bl - 0D .

=

According to Lemma 2 and mean-value inequality, we
have

n

1~
DV < Z{ — 5t (1) + (1) Z%Iaulp,lxj

i=1

1- N
~ 3 0) + b0 Sl e — ()1}
=

? 1- 1-
< —diyx —dpyx(t
— 1{ 2 /11()+4 ylxl()

1 n
+ =
Vi \j=1

2
%%Im%(ﬂl)

d
1&" 2(1‘)-‘!-1&"’ 2(t)
2 iViX; 2 iViXi

2
(Z lBslasls (o n,<>>|> }
_Z{ dy o (Zy,wp]m )
2
+d_<z /,‘byw]‘xj le( ))|> }a

Lr

Then, by Cauchy-Schwarz inequality, we obtain

@ Springer
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n n
< Vl'alj|p/|xj > Z ylal./p] Zx‘ (t)
J j=1 J=1

—Z Vidipy) Z i
<ZVi|EU|Jj|xj(t_TU > Z (vibyoy)?

J=1

= Z(Vil;iko'k)z ijz(f - 1),
k=1 =

As a result,

n

DTV(r) < Z { — %éiyixiz(t) + i Z(Vidikpk)z ijz(t)

i=1

1
dz?,kz: 7:b zkﬂk ZX TU}
:Z{ d+222y’ ”‘yp" } y3 (1)
L dyy;

i=1 k=
2/1 tkp
+ZZZ J J1 =)
j=1 i=1 k=
S—cV()—i—dV(),

9)
where V(t) = sup, ., {V(s)}.
When t = 1,
n 1 n 1 B
V(e) = ZE%X?(I;) < ZEVi(ﬂikxi(tk )’
i—1 i—1 (10)

n 1 3 3
< ZEVM/%X?(% ) = 1V (1)

i=1
Employing Lemma 1, from (9), (10) and conditions (i)
and (ii), we can get
V(1) <810y 01 ||[V(O)|| e, t€[tir, i), ke ZT
< e5tle5(l2*ll) . 65(“"17”"2)”‘/(0)” efit
<[V (0)[| e
=V (0)[| e

Hence, we have

V(1) <[|V(0)]|.e”*, 1>0.

Simultaneously,

| L,

) Vi i < — !

212}2’1{/1};)([ (t) z:: =9 I;l i( {/z}
<320

@ Springer

Therefore,
n
Y HW<M sup [o(s)le ", 1>0,
i—1 —1<s<0
_ 1 : _ *
where M = ;o' Since x;(t) = w;(r) — u*, we have

— u"‘)2 <M sup

—1<s<0

|§(s) —u*le " (11)
for any # > 0. Thus, the equilibrium point u* of impulsive
DMRNN (2) or (3) is globally exponentially stable. This
completes the proof. O

Remark 2 Let A = 0, the inequality (11) can be rewritten
by Soi (u(t) —u*)* <Msup_. o | d(s) — u*|. Then,
we can conclude that the equilibrium point u* of impulsive
DMRNN (2) or (3) is uniformly stable. Therefore, under
the conditions of Theorem 2, the equilibrium point of
system (2) or (3) is also uniformly stable if 2> d. More-
over, if p;(u) = u for any i,k € Z* in the system (2) or
(35), then we can obtain new stable criteria of delayed
memristor-based recurrent neural networks (DMRNNs)
without impulsive effects from Theorem 1 and 2.

Remark 3 The two theories are about the stability criteria
of impulsive delayed memristor-based recurrent neural
networks. By means of impulsive differential inequality
and some assumptions, several important stability condi-
tions have been obtained, which is different with some
published results. In [26-29], the authors mainly studied
the dynamic behaviors of DMRNNs without impulsive
effects. The authors only discussed the dynamic behaviors
of classical impulsive complex networks and neural net-
works instead of memristor-based neural networks in [10-
18]. In this paper, both memristor-based recurrent neural
networks and impulsive effects are combined to be inves-
tigated, which enriches the research results of neural
networks.

In Theorem 2, if different numerical numbers of 7y; are
chosen, we can obtain several important results. For
example, let y; = 1 forany i = 1,2, ..., n; then, we can get
the following corollary.

Corollary 1  Let u* be the equilibrium point of impulsive
DMRNN (2) or (3) and suppose Assumption 1 and As-
sumption 2 hold. Then, the equilibrium point u* of impul-
sive DMRNN (2) or (3) is globally exponentially stable if
for any k € Z", the following conditions are satisfied.

oy v ey
Zz 12 Akpk> > 0;

(i) mlll1<,<n( maxj<j<n
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(ii) . > &, where A > 0 is a solution of /. — ¢ + de’* <0,
5 = supkez+ {lkh_liil} Wlt/’l 5/(

e = maxy <i<nf{py}-

— max{L, ||} and

L'tl(l) = —4u1(t) + a11(u1( )) (u1 t ) + a12(u1(t )fz U t))

Example 1 Consider the following two-dimensional
impulsive memristor-based recurrent neural networks with
time-varying delays

+b11(uy(2))g1(ur (t — 11())) + bra(uy (1)) g2 (u2(t — 112(2))), t # &,

(1) N2 (ua (

) )82 (ua(
ir (1) = —3up(t) + azi (uz(1))fi (w1 (1)) + @z (u2(1))f2(ua(1))

) )82 (u2(

b1 (ua(1))g1 (i (t — 121(2))) 4 boa(ua (1)) g2 (u2(t — 122(2))), t # 14,

M[(l]j—) = P[kui(tk ), ke Z+,
If let 337, 7;|@;| = 1, the following corollary can be  where i=1,2, fi(x) =gix) =1/2(]x+ 1| =[x —1]),
obtained. (1) = t12(t) = 121 (1) = 122(1) = 1 = 0.6sin(r), =1
and
Corollary 2 Let u* be the equilibrium point of impulsive
DMRNN (2) or (3) and suppose Assumption 1 and As- ay = { =2, |m(r)|<6 ap = { 2, |m(n]<6 ,
sumption 2 hold. Then, the equilibrium point u* of impul- 2, |m@)|>6 =2, |m(n)]>6
sive DMRNN (2) or (3) is globally exponentially stable if 3 m()|<6 2, |w(r)|<6
for any k € Z*, the following conditions are satisfied. @ = =3, |ua(1)| > 6’a22 | 2, lur(1)| > 6’
|aii \p n n 1, |M1(l)|<6 { 1, |M1(l)|<6
1mm,,,,2 "maxi,,»_ _ by = ,bip = ,
O mim<ied 25 0 - ST o= T ={ T
M > 0; , { Lo e@l<6 { 1, |ua(r)] <6
77 : 21 = by = .
(ii) A > &, where A > 0 is a solution of 2 — ¢ + de** <0, =1, |ua(t)] > 6 -1, |ua(t)| > 6

with Ok

0 = SUPycy+ {zklfrik,]} =max{l,|w|} and

My = Maxy <<y }-

Remark 4 1In this two corollaries, if let u; (u) = u for any
i,k € ZT, we can obtain the Theorems 1 and 2 of [28],
which only considered the exponential stability of
DMRNNs without impulse effects. In this sense, we push
on the research of the DMRNNSs. Furthermore, in these
theories and corollaries, we could choose |u;|>1 or
|| <1 for any i,k € Z*. As we know, when |u;| > 1,
Lyapunov function may jump out of the state trajectories of
DMRNN:S (2) or (3) at impulsive points #(k € Z"). Thus,
the impulse effects may potentially destroy the stability of
the original continuous DMRNNSs (1). However, from these
theories and corollaries, we can obtain that sufficient
conditions concerned with the proper frequency and
strength of impulses can maintain the stability of the
original continuous stable DMRNNSs.

4 Tllustrative examples

Two numerical examples will be presented to illustrate the
effectiveness of the above results in this section.

In terms of the parameters defined in Theorem 1, we can
obtain ¢ = 3 > b = 2, and the solution of 1 — a + be’* = 0
is A~ 0.3001. Let t; — t;_; = 0.35, Py = J; = 1.1 for any
i=1,2,...n and k=1,2,..., we
tk]ft‘iﬁ 1 <0.2725< A= 0.3001. Therefore, the equilibrium

point (0,0)” of impulsive DMRNN (12) is globally expo-
nentially stable, which is shown by Fig. 2. If let #; — tk—l =
0.7, Py = —1.23foranyi=1,2,...,nandk = 1,2,.

— (’k <0.2960 < A ~ 0.3001 accordmg to the
conditions (ii) and (iii) of Theorem 1. Then, the equilibrium
point (0,0)" of impulsive DMRNN (12) is also globally
exponentially stable. The simulations are shown in Fig. 3.

can get 0=

can get 0 =

Remark 5 From Fig. 1, it can be seen that the equilibrium
point (0,0)" of DMRNN (12) without impulse effects is
globally exponentially stable. As we all know, if let ; > 1,
impulsive disturbances may potentially destroy the neural
network stability. However, from Figs. 2 and 3, it can be
seen that sufficient conditions concerned with the magni-
tude and frequency of impulses can maintain the expo-
nential stability of DMRNN (12).
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Fig. 3 Time-response curves with different impulsive effects Py > 1
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Example 2 1In impulsive DMRNNs (12), let fi(x) =
gi(x) =tanh(x), 71;(t) =7121(t) =1 —0.6c0s(t), 712(t) =
122(¢t) = 1+ 0.6sin(z) and

1.5, ‘Ml(t)|<l 17 ‘MZ(I)|<1
dl = ,d2 - )
L) > 1 15, Ji()] > 1
1 1
ga |u1(t)|<1 Zv |u1(t)|<1
ap = 1 ,app = 1 )
3 |uy (2)] > 1 e luy ()] > 1
1 1
o ()< o lel<1
apy| = 1 , ) = 1 )
— l(@)l>1 —g lm@>1
1 1
= |u1(t)|<1 E |u1(t)|<1
b 5 bp=1{ 4
1= 1 ybio = 1 )
—5 l@)>1 —p m@>1
1 1
= |w@)|<1 - |w()]<1
) _ 4
by = by = .
L )] > 1 L 0] > 1
67 125 47 us

In terms of the parameters defined in Theorem 2, we can
obtain ¢ = 0.7082 > d = 0.3856, and the solution of 1 —
c+de”" =0 1is 1~ 0.1683. Let fy — ty_; = 0.35, Py =
o =1.05 forany i=1,2,...,nand k = 1,2,..., we can
get 0 =-1%_ <(.1395< ]~ 0.1683. Therefore, the

Ie—lg-1 —
equilibrium point (0,0)” of impulsive DMRNN (12) is
globally exponentially stable, which is shown by Fig. 5. If
let ty —t—1 = 0.7, Py = 1.12 for any i =1,2,...,n and
k=1,2,..., we can get 6 = 1 <0.1620 < 7 ~ 0.1683
according to the conditions (ii) and (iii) of Theorem 2.
Then, the equilibrium point (0,0)" of impulsive DMRNN
(12) is also globally exponentially stable. The simulations
are shown in Fig. 6. On the other hand, if let t; — ;| =
0.7, Py =2.12forany i = 1,2,...,nand k = 1,2,..., we
can get 6 = "% ~ 1.0735 > 1 ~ 0.1683, which shows

Te—1tk—1
that the conditions of Theorem 2 are not satisfied. The
simulation results are shown in Fig. 7.

Remark 6 We can see that the equilibrium point (0, O)T of
DMRNN (12) without impulse effects is globally expo-
nentially stable in Fig. 4. From Figs. 5 and 6, it can be seen
that the exponential stability of DMRNN (12) depends on
the values of #, — #,_; and P;;. And the values of #; — ;,_
are directly proportional to that of P;,, which shows that the
proper magnitude and frequency of impulses can maintain
the exponential stability of DMRNN (12).

Remark 7 When the impulsive jump operators J; > 1, the
stable neural network could be potentially destroyed by
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Fig. 7 Time-response curves with improper impulses Py > 1

impulsive disturbances, which is shown in from Fig. 7. In
this case, some conditions are needed to give to maintain
the stability. From Figs. 2, 3, 5, and 6, it can be seen that
sufficient conditions concerned with the magnitude and
frequency of impulses can maintain the stability of
DMRNN, which illustrates that the conditions of this paper
are effective.

5 Conclusions

In this paper, impulse effects have been exerted on the
delayed memristor-based recurrent neural networks
(DMRNNSs), and a generalized impulsive DMRNN model
has been introduced. Based on the published works of
impulsive system and DMRNNS, the global exponential
stability of the impulsive DMRNNSs has been investigated.
By means of impulsive differential inequality and Lya-
punov function, several novel exponential stabilization
criteria of this system have been obtained. Furthermore, it
can be found that the uniformly stable criteria have also
been derived by weakening the condition of Theorem 1
and 2. Finally, two numerical examples have been given to
illustrate the effectiveness of the presented results, which
shows that frequency and strength of impulses could sta-
bilize the original DMRNNSs. In the future, the concept of
control topology and event-triggered impulse control
strategy could be used to design impulsive control
scheme to study the stability and synchronization of
DMRNNSs.
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