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We consider a class of stochastic delay recurrent neural networks with distributed parameters and Markovian jumping. It is
assumed that the coefficients in these neural networks belong to the interval matrices. Several sufficient conditions ensuring robust
exponential stabilization are derived by using periodically intermittent control and Lyapunov functional. The obtained results are
very easy to verify and implement, and improve the existing results. Finally, an example with numerical simulations is given to

illustrate the presented criteria.

1. Introduction

In recent decades, neural network dynamics has been widely
studied by many authors due to the fact that neural network
dynamics can be applied to associate memory, signal pro-
cessing, pattern classification, and quadratic optimization.
Liao and Mao [1, 2] investigated the stability of stochastic
neural network for the first time in 1996. By Razumikhin-
type theorems, the stability of stochastic neural networks with
variable delays was considered [3]. Considering electrons
moving in the asymptotic electromagnetic field, the diffusion
phenomena could not be ignored. Luo et al. [4] gave several
algebra criteria for stochastic Hopfield neural networks with
distributed parameters by using average Lyapunov function.
The asymptotic stability of stochastic reaction- diffusion
systems was also established in [5]. The asymptotic behavior
of several classes of neural networks with reaction-diffusion
terms has been reported in [6-9]. Hu et al. [10] discussed
the exponential stability and synchronization of delay neural
networks with reaction-diffusion terms by impulsive control.

However, the parameters in neural networks are always
some uncertainty and error. Taking these uncertainty and

error into account, Xu et al. [11] investigated stochastic
exponential robust stability of interval neural networks with
reaction-diffusion terms and mixed delays by applying the
vector Lyapunov function method and M-matrix theory.
Wang and Gao [12] studied global exponential robust stability
of reaction-diffusion interval neural networks with time-
varying delays by means of the topological degree theory and
Lyapunov functional method. And, a sufficient condition was
presented for robust global exponential stability of interval
reaction-diffusion Hopfield neural networks with distributed
delays by constructing Lyapunov functional and utilizing
some inequality techniques [13].

The neural networks driven by continuous-time Markov
Chains have been also used to model many practical neural
networks because they may experience abrupt changes in
their structure and parameters caused by phenomena such
as component failures or repairs, changing subsystem inter-
connections, and abrupt environmental disturbances. The
exponential stability and stabilization of recurrent neural
networks with Markovian jumping were discussed in [14-
20]. Robust stability of stochastic delayed additive neural
networks with Markov jumping was investigated in [21]. Mao
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[22] studied the stability of stochastic delay interval system
with Markovian jumping by linear matrix inequality.

Many control approaches have been developed to stable
and synchronized system such as impulsive control [23]
and intermittent control [24-29]. Gan [24-26] revealed
exponential synchronization of three classes of stochastic
delay neural networks via periodically intermittent control.
Hu et al. [27, 28] investigated exponential stabilization and
synchronization of delay neural networks. Huang et al. [29]
studied stabilization of delayed chaotic neural networks by
periodically intermittent control.

In this paper, we will consider a class of stochastic
delay interval recurrent neural networks with distributed
parameters and Markovian switching whose active func-
tions are more general than the Lipschitz continuous active
function [24-26] and the monotone active function [27-
29]. By the average Lyapunov functional and periodically
intermittent control, several sufficient conditions ensuring
robust exponential stabilization are given. Therefore, the
organization of this paper is as follows. Some preliminaries
and introduction are given in Section 2. In Section 3, robust
exponential stabilization of these stochastic neural networks
is proved. An example with numerical simulation is given to
illustrate the effectiveness of the obtained results in Section 4.

2. Preliminaries

Throughout this paper, unless otherwise specified, we let
(Q, FAF }150-P) be a complete probability space with a
filtration {F},,, satisfying the usual conditions (ie., it is
right-continuous and %, contains all P-null sets). Let R™
be the m-dimensional Euclidean space and let | - | be the
Euclidean norm in R™, R, = [0, +00) and 7 > 0. Assuming
that Q, < R™ is a bounded compact set with smooth
boundary 0Q), and mes €, > 0 in space R™. Let C([-7,0] X
Qy; R™) denote the family of continuous function ¢(t, x) from
[-7,0] x Q, to R" with [|§] = SUP_r<t<0, xeq, |¢(t, x)|. Denote
by C% ([-7,0] x Q,R") the family of all bounded, F,-
measurable, C([-7, 0]xQ; R")-valued random variables. Let
W(t),t > 0 be n-dimension Brownian motion defined on the
probability space. Let r(t), t > 0 be right-continuous Markov
chain on the probability space taking values in a finite state
space S = {1,2,..., N} with generator I' = (r;;) yy given by

P{rt+A)=j|r@t) =i}

if i#j O

B y,-jA+o(A)
- if i=j,

1+y;A+0(A)

where A > 0. Here, r;; > 0 is the transition rate from i to j if
i+ j while

Yii = —Z%j~ 2)

j#i
We assume that the Markov chain r(:) is independent of the
Brownian motion W(:). It is well known that almost every

sample path of r(t) is right-continuous step function with a
finite number of simple jumps in any finite subinterval R,.
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In this paper, we consider a class of stochastic delay inter-
val recurrent neural networks with distributed parameters
and Markovian jumping:

du, (£, x) = O (1, %) )

UL
kza—xk (D,-k (r () 5.
—a; (r (£) u; (£, x)

+ b (r (1) f; (u; (1, %))
j=1

+qu (r (1) g; (uj (t - T (t)) , x) dt
=1

n

+ 3 by (u; (62w (£ 75 (1), x) ) dW; (1),

j=1

3)

fort > 0,i = 1,2,...,n, where n > 2 denotes the number
of neurons in neural networks. x = (x;,x,,... ,xm)T €y C
R™ is the space variable, Qy = {x = (x},X,...,%,,)" [|x;] <
0k = 1,2,...,m} is a bounded compact set with
smooth boundary 0Q,, and mes Q, > 0 in space R".
u(t,x) = (uy(t, x), uy (¢, x), ... ,un(t,x))T corresponds to the
state variable of the ith neural in space x and at time ¢.
Dy (r(t)) = 0 denotes the transmission diffusion operator
along the ith neuron. g;(r(t)) > 0 denotes the changing
time constant or passive decay rate of the ith neuron. b,j(r(t))
and ¢;(r(t)) denote the connection weight and the delayed
connection weight of the jth neuron on the ith neuron,
respectively. 7;;(f) corresponds to the transmission delay
and satisfies 0 < ;1) < T, ;) < 1 < 1 for all
t > 0 (7,7, is a constant, i, j = 1,2,...,n). hl-j(-, -) denotes
stochastic perturbation function to the neuron.
The boundary condition of system (3),

(t,x) € [-7,+00) X 0Q), i =1,2,...,n.

(4)

u (t, x)|aq, = 0

The initial value of system (3),

u(t,x)=¢;(t,x), (tx)e[-1,00xQ i=12,...,n

(5)

Moreover, A(r(t)) = diag(a,(r(t)),...,a,(r(t))), B(r(t)) =
(B (r(E))p and Cr(D) = (G;(r(1))),pe, are the interval
connection weight matrix for each value of r(¢) in S with the
initial value 7(0) = ry; D(r(t)) = (bl-j(r(t)))nxm is interval
transmission diffusion operator matrix for each value of r()
in S with the initial value r(0) = 7,.
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For convenience, we give the following notions that for
r(t)=1in'S:

A" ={A©) = diag(a, (D),....a, (1) : AD) < A() < A(D),
ie, a;(D<a,()<a(),i=12...,n};
B ={B()=(b;D),,, :BO<BO<BW),
i, by()<b;()<b;(), ij=12...,n};
c={cty=(q;m) :COH=<COH=<CW),

nxn

ie, ¢;(D<q D)<, ij=12...,n};
D" ={D()=(d;() :DO<DH<DD),
ie, d; () <d; () <d; (),
i=1,2...,n j=12,..,m}|.
(6)

Definition 1. 'The stochastic vector u(t, x) = (u,(t, x), u,(t, x),
cou(t, x))T is called the solution of system (3)-(5), if it
satisfies the following conditions:

(i) u(t, x) is adapted to {F ,},¢;
(ii) forevery T, € R, u(t, x) € C;O([O, Tyl x Qg; R") and

Ty
E (1}2%)0( L [|u(t, x)* + |Vu (t, x)|2] dt) < +o0; (7)

(iii) for every t € R,,

J u; (t,x) dx
Q

= J00¢i(0’x)dx+JQO jti%

0 4=1

X <Dik (r (s)) M) dsdx

axk

i J’Qo .[o |:_ai (r () u; (s, %) + j;bij (r (s)) f; (uj (s, x))

+ZC"J' (r(s) g; (uj (s -7 (5), x))] dsdx
j=1

+JQ J Zh,-j (uj (5 x),u; (s = 7, (), x)) AW, (s) dx,

(t,x) € [0, Ty] x Qp,
(8)

soitholdsas P-as.,i=1,2,...,n.

Definition 2. System (3)-(5) is called robust exponential
stable in pth moment for any A(I) € A*, B(I) € B*,C(I) € C*,
D(l) € D*,1 € S if the solution u(t, x) of system (3)-(5)
satisfies

lim sup% log (E [lu (t, x)|?) < 0, 9)

t— +00

where [[u(t, x)I| = ([, lu(t, 01", (£,x) € R, x Q.
0
To assure the existence and uniqueness of the solution to
system (3)-(5) (see, [30, 31]), we give the following assump-
tions:

(H1) fori = 1,2,...n, Vs;,s, € R, the neuron activation
functions f;, g; are bounded, f;(0) = g;(0) = 0, and
satisty

N IOSION

S175

L},
(10)
N < 9i (51) — Gi (52) <

; <
S175

N/

i

where s, #5s,,and L;, LT, N;, NI are constants.
1 2 i i i i

(H2) Fori,j = 1,2,...,n, ¥5,,5,,5,5, € R, there exists
positive constant o;;, such that

Il (s1255) = s Gu )| < 0 (Jsy [ + s - ) (D

and h,](O, 0) =0.

(H3) Time-varying delay function 7;;() [0,+00) —
[0,+00) (i,j=1,2,...,n) satisfies
0<1; (t) <, Tjj H <1<, (12)

for t > 0, where 7 and 7, are constants.

It is well known, if the parameters or time-varying delay
in neural networks is appropriately chosen, neural networks
may lead to some phenomena such as instability, divergence,
oscillation, chaos [32, 33].

In order to stabilize the origin of system (3)-(5), we
introduce the following periodically intermittent controller:

Zkijuj(t,x), MT <t < MT + 6,
j=1
0, MT+6<t<M+1)T,

v; (t,x) = (13)

where M = 0,1,2,... and k;; is the control gains for 7, j =
1,2,...,n, T denotes the control period, and 0 < § < T is
called the control width.



Then, system (3) under the periodically intermittent
controller (13) is described by the following equations:

axk

RS i ' ou; (£, x)
wwm-{éwxam> )
—a, (r () ; (t, %) + Y by (r (1)) f; (u; (£ %))
j=1
+ 2.6 ) g, (u; (£ -7, () x)
j=1

+Y ke (8, x)]» dr
j=1

n

+ 3 by (u; (6 2)u (£ 75 (8), x) ) AW, (1)

j=1

MT <t < MT +6,

dut () = { 52 (D,-k iy 24 (6%) )
k=

1 axk axk

—a, (r () u; (6x) + Y b (r (1)) f; (u; (%))
j=1

+qu (r (1)) 9; (uj (t - Ty (t)) , x)]> dt
=

+ > by (u; (6 2)u (£ 755 (1), x) ) AW (1)

J=1

MT+6<t<M+1)T.
(14)

Lemma 3 (see [10]). Let p > 2 be a positive integer, let 0, be a
positive constant, let QO be a cube |x;| < O, fork =1,2,...,m,
and let u(x) be a real-valued function belonging to CI(QO)
which vanish on the boundary 0Q; that is, u(x)|aq, = 0; then

ou |
— | dx. 15
o0x X 15)

212
j lu (x)|Pdx < p—g"j ()72
Qg 4 Q k

3. Robust Exponential Stabilization

In this section, we design suitable T, §, and k;; such that
system (3)-(5) under the external controller (13) can realize
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robust exponential stability in pth moment. For convenience,
we give some denotations as follows:

mo4 —-1)D.
{Z (P 2) —ik +pai*
k=1 po;

L o 7PPeij | ~PEeij 3708
_ 1.P%eij 7 PPeij ij 3 7P5eij
XY (BT ON)

j=10=1
_ P_ Péeij Pweij
A CARTAD

T P%pji = PPyii
(b]l Li

n
-1

J

+ E{Epji Nip(pji

P=1 peyuii | pey
T (o5 +ai™) ) ¢

(16)

-y

4 p-1 (51_’?@—1)1:' n U{?Epji) i
2 ji ji

(17)
i Mg
i
Vi = Max pkii + ZZ|kij' !
€S — =
]‘71'(?—1
Jj#i
(18)
1 Pn*..
2 fel ™ ]
=1
Jj#i
i P 1 w, w
_ (p-1)ji pii
1 = rggg#z; (2= (o sy
! (19)

+E;f;fpji ﬁf(pji ] ,
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where @’ = mingsa(l), b; = maxlegl;ij(l), lvaij(l) =

max {|b,; ()], 1b;; (D1}, &; —maXzegc‘(l),

Eij () = max {'Eij (l)' > |Eij (l)”’ >

Ly=max{|L;].[L]]}, N

20)

= max{|

Nl NG

L = = =
;> 0,and Keij> ﬁeij’ Eeip Ce:’j’ €eij> Weij» Npij» Xeijs ﬁ(ij’ Efz‘j’ Ceip
€4ij> and Wy;; are nonnegative constants, satistying

p p p P
Z“zij = Zﬁt?ij = deij = Z(eij
=1 =1 =1 =1

P
= Zefz] Zwé’t] Z“&] Zﬁez]
=1

(21)
P p p p
= Z bij = Z eij = Z €eij = Z Weij
e=1 e=1 =1 =1
P
= ;’7&']’ =1 Dy = I}ygngik 0.
In the following, we give an assumption:
(H4) A; — v; - max;eg Z;\il YVighta — /(1 — 7)) > 0 and

there exists p; > 0 such that

>0, i=1,2...,n (22)

N
K.+ p; — maxz -
i T Pi les q:]quMq 1— 7,

We consider the function

N &T
< < ne”
H;(&)=A; - - manyl Yy — EMax py — ,
attq ~ & _
leS g1 leS 1 TO (23)
i=1,2,...,n

It is easy to see that

ET
! -~ T e '
H; (&) = —-maxy; — e <,
les 1-1,

(24)
Hi 0) = A’l

N
; —manyl Uy — i > 0.
les .o 1 -,

On the other hand, H;(¢;) is continuous on [0,+0c0), and
Fi(§) — —ooas§ — +00. Then there exists a positive
constant € such that H;(€7) > 0 and H;(§) > 0, for ¢ €
(0,&").

Let € = min,;_,{}; then we have

e > 0.

H, (&) =

A~—V~—maXZ — émax y, —
! b les qzlqu[’lq leS H 1-1,

(25)

In similar, there exists a positive constant € > 0, such that

F@) =k +p- rgleagx;wqu - Emaxgy - - ’_to e 0.
' (26)
Let ¢ = min{¢, &}; we have
H;(e)>0, Fi(e>0, i=12,...,n (27)

We give another assumption:
(H5) € — p(T — 8)/uT > 0, where p = max,;,_, p)» 4 =
minges {4}

Theorem 4. Under assumptions (H1)-(H5), the origin of
system (3)-(5) under periodically intermittent controller (13)
is robust exponentially stable in pth moment.

Proof. Let us define the average Lyapunov-Krasovskii func-
tional (see [4]) V| : C([0,400) X Qp, R") x Sx R, — R,
by
V, (u(t, x),r(t),t) = J V(u(t,x),r(t),t)dx  (28)
Q
with
V(u(t,x),r(t),t)

J e |u; (s, x)|Pds,

Tij

n

= Mr(t)ZeStlui x| 1
i=1

(29)

where 1,y > 0.
By the generalized It formula (see [31]), we have

EV, (u(t,x),r(t),t)

=EV; (¢,7(0),0) + E JZ JQ LV (u(s,x),r(s),s)dxds.
° (30)

By Lemma 3.1 in [22] and r(¢t) = [, we get that for (t,x) €
[MT, MT + ) x Q,

ZV (u(t,x),l,t)

n n
= sy1268t|ui x|+ pyleStZ|ui (t, x)|p71
i=1

i=1

Z 0 ou; (t,x)\
X {I;a—xk (D,.k ) T) a, (1) u; (t, x)

k
+ Y b; () f; (u; (¢, %))
j=1

7 (1), %))

+ 260 g (u; (£ -
=

+Zk,] u; (t, x)}



thfj( St x),u; (t 7; (£), x))

n

N
+ ZquﬂqutZWi (t’ x)|P

gq=1 i=1

Zﬂz Fu; (¢, x)|P

Toi=1

ET

n
e e(t-1;;(t))
— .e ij
1-1, ;’7'

X |u,- t— Tjj (x) ,x)|‘D (1 - (t))

+ qul Zm I

e“lu; (s, x)|"ds.

ij

(31)
By the fundamental inequality |a + b| < |a| + |b|, we have

LV (u(t,x),lt)

M:

<
1

e {syl|ui &, x)|” + pp|u; (1‘,x)|P_1

0 ou; (t, x)
x( 5 (i) =5, )

X
+ (ki = a; (1) pwyu; (¢, x)lp

||M§

+ puls 0] (Zlbﬁ o), (s, <t>x>>l>
j=1
+ pylu; (¢, x)|p_1

x <§ e O | (s (£ = 7 ) x)'>

+ il’.‘*‘l'”i (t, X)lp_l |kij| |.”j (t x)|
=

j#i

p(p

|u t, %)

X i%‘ (o @+ oy (£ = 7 0, 2) )
j=1

+

N
+ D Vighglu; &)
gq=1
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ET

+ le_—TOWi|“i (¢, x)|P
s (£ =75 () ,x)|P} ,
(32)

where we use Zg;l Yig =0

By using the fundamental inequality a” + a + - -

paay, ..., a,(a;20,i=1,2,..., p), we have

pulu; (¢, x)|p71 <Z 'bij (l). 'f] (u]’ (t, x))|>
j=1

P
+aP2

< MZP|U1‘ (t, x)|P_1Eijfj |u]- (t, x)|

j=1

- uYp [Hbae’Lﬁ” Ju 2, x)l]

j=1

X (EZ"”I?” |uj (t, x)|)

n
< ylz ZbP““LPﬁ“W t, x)|p
e

S

pufu; (&%)
(Sl 0l - 09 )
j=1

< P.“lZl”i (t, x)lp_lajﬁj |“j (t -7 (1), x)'

Jj=1

-1
o[t

=1

I
=
-

x (Eépij prij

uy (¢~ (t)’x)D

<MZZ~P§,NPQ,| J(t,x)|p

n
ST 5y 0.5
=

(33)
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Similarly, we have

.‘"lzplui (t, x)|p—1 |k,»j| |“j (t, x)|
=1

Jj#i

= P‘IZP [Hlkul"“ |u (¢, x)l]
=1 Le=

Jj#i

"y (s, x)'>

X <|kij :

i, P p
< MZZ Z|kij| u; (8, %)

j=le=1
j#i

n *
Py P
) [y (6,0)]
j=1
Jj#i

-1 _
Ml%lui (t>x)|P ?

L 2
x Y alu; (8, )
=

P 18 p2 €pii
w250 [Tl e
=1 Le=

'O‘i.'e(pfl)ij |u_ (t, x | |%| | .(t, x)|)

cul= ZZ] oy Jus &, 0

j=1€=1

e (el o)

i
X |uj (t, x)| .
(34)

Further, we also have

-1 _
[/llmlui (t, x)lp 2

XZG,J|u (t Tjj 1), x |2

x(a;’ 'u (t T (t), x)|)

7
< ("l ZZ|01]|pweJ|u (t, x)lp
j=1€=1
p- D1, Dpi
+ Z(OU +0;; )
j=1
X |uj (t - T ), x)'p.
(35)

Substituting (33)-(35) into (32), we obtain

2LV (u(t,x),l,t)

-

Il
—

<

e ‘| lﬂl + prki; — ppa;

1

ET
Mi

N e
+ D Vightg * -z
g=1 0

n p-1
7 P%ij 5 PPeij ~PE!ij ~Pc!ij )
+;4,Z;; (bij Lj +G; Nj
j=1e=1

R
tij
Y Y Jky)
j=16=1
j#i

-1 €pi wWe;
+usz§§( o5 + 0y ])}
x |u; (¢, x)|”

n
TP 7PBii P& pij 508 pis
+‘ulz [bi]. L™ +¢ "N,
j=1

P—1 peuyj | pepy
WL

x |u; (¢, x)|p + P‘li|kij|m;ij |uj (t, X)|p
=1
j#i

n
p-1 Z ( O(p-1)ij “’pij)
+ ‘ul 2 L Uij + Gij
j=

X |uj (t - 1; (1) ,x)'P
c P pij =08 pij P
+ ‘ulZcij N; |uj (t - 7;; (1) ,x)|
=1
il (¢ - 7 (t),x)'P]»

+ Zedp."il|ui (t, ’C)|p_1

i=1



x( ai( ,k(na“g(—;;’”))

N
et 3
e’ {emax +V»—A»+maxg +
{ les H i i les q:IYIqAMq

||M§

<

-

I
—_

eSTﬂi
1-1

n
xJu (10| + Y e pufu; (6,0

i=1

mi ou; (t x)
X(;Bxk< Dixe () X ))’

(36)
where

— n p-1
%, = mingy {p S5 (e

E;?Ee:‘j Nf(éij )
j=1le=1

(37)
n
§ (bP(XP]z Pﬁp]z +E]Az€pjiﬁfpzpji

1

P=1 peyu | _pep
+ T (O'ji + Gji ) .

Substituting (36) into (30), we obtain
EV, (u(t,x),r(t),t)
<EV, (¢,7(0),0)

<[] i

0 j=1

TS ZVIqVq -7 :| (38)

X |ui (s, x)|pdxds

t n w P_l
- L i=1e J’Qo p‘ur(s)|ui (s, x)|
mo5 < ou; (S,x)))d .
" (k :1axk i (7 (s)) s

By Lemma 3 and the boundary condition (4), we have

J plu; (s, )"
QO

0 ou; (s, x)
X( a_( i (7 (s ))W>>dx

||M§
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¢ 4(p—1) Dy (r () J »
<- u; (s, x)| dx
kZ:l p@i Qo | |
- 4(p—1)Dy J »
< - d u; (s, x)| dx.
l; Pei Q | |

(39)
Substituting these into (38), we get
EVy (u(t, x),r(t),1)

<EV, (¢,7(0),0)

es 4(P_ 1)Qik
J L Ze [/\ +I£1§nmz—p9,%

0 =1 k=1

—&Emaxy —v; — maxz
leS H les ZIYIq.uq

_E :| |ui (s, x)|deds
-1,

< EV; (¢,7(0),0)

t n
—[EJ J Zess A; — emax y; — v
0 Jo, i leS

—rgngq#q - ]

x |u; (s, %)|Pdxds
< EV; (¢,7(0),0) (t,x) € [MT, MT + &) x Q.
(40)

Similarly, for (t,x) € [MT + §,(M + 1)T) x £, we can
obtain

EV, (u(t,x),r(t),t)
<EV, u(MT + 8, x),r(MT + 8), MT + 9)

j JQ Ze [K +p-emaxy

0 i=1

leS gqu.“q

(41)
X |u; (s, x)|pdxds

t n
HEJ J e pilu; (s, x)| dxds
070 =
<EV, (u(MT +8,x),r (MT + &), MT +9)
p [t
+ L [ Vs ©.9ds
u Jo

where p = max, ., # = minesp.
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FIGURE I: Surface curves and state trajectories for system (54) in model 1.
By the Gronwall inequality, we have (IIT) For (t,x) € [T, T + &) x Q, from (40), we have

EV, (u(t,x),7(t),1) EV, (u(t,x),7(t),t)
(%), 7 (),

<EV, (u(MT +8,%), )
(p/B)(t-MT—-8) <EV) (u(T,x),r(T),T) (45)
r (MT + 8), MT + §) e!P/#=MI0),
< EV, (u(0,x),7(0),0) e?PT,
Combining (40) and (42), we summarize that,

(I) for (¢, x) € [0,6) x Q, from (40), we have

(IV) For (t,x) € [T +6,2T) x Q,, from (42), we have
EV, (u(t,x),r(t),t) <EV, (u(0,x),r(0),0). (43)
(1) For (t,x) € [8,T) x Qy, from (42), we get EVy (u(t, x),r(t),1)

EV, (u(t,x),r (t),1) <EV, (T +8,x),r(T+8),T +8)e?PT9 (46
(44) _
< EV, (u(0,x),r(0),0) M0, <EV, (1 (0,x),r(0),0) P20,
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FIGURE 2: Surface curves and state trajectories for system (54) in model 2.

Repeating the above procedure, we obtain that, for (¢, x) € Hence, for any (¢, x) € [0, +00) x (), we always have
[MT, MT + 6), M < (t/T),

BV, (u(t:x),r(0),1) EV, (u (%), 7 (), £) < EV, (u (0, x), 7 (0), 0) /™ (T,
< EV, (u(MT,x),r (MT), MT) (47) (49)

(p(T-8)/ATt.
< BV ((0,x),7(0),0)e By (28) and (49), we have

Moreover, for (t,x) € [MT +6,(M + 1)T) x Q, (t/T) <
M+1,

ef — 2 P
EV, (u(t,x),r(t),t) e pt[Ej ;|ui (t,x)|"dx
<EV, MT +8,x),r (MT + 8), MT + &) /¥ )t=MT=-0)
(e (MT +8,x),r (MT + &) +08)e CEV, (e (6).0) (50)

< EV; (u(0,x),7(0),0) e?/PTO/DE B
(48) <EV, (1 (0,x),r(0) ,0)PMT=0IDE
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Note that
EV; (u(0,x),7(0),0)

=E J;)O /412|ui (0, x)|de

i=1

J an J e|u; (s, %) [P dsdx
0 7,;(0)

1 —To 0 =1 ~Tij

(51)
< max pyE J ZM&OMWM

Q j=1

£ i x)Fdx]

011

ST
+ sup <DJaX7L>
—7<s5<0 1<i<n 0

= M,.

Under assumption (H5), the assertion of Theorem 4 follows
from (50) and (51). O

Corollary 5. Under assumptions (H1)-(H3), the origin of
system (3)-(5) under periodically intermittent control (13) is
robust exponentially stable in pth moment if the following
conditions hold:

(D) v < 0,4, = % = maxjes Yor, Yighty — /(1 = 75)) >

0,i=12,...,n

(I) e = (W(T - 6)/(uT)) > 0, where v = max; {7}
fh = minges 4.

Proof. In Theorem 4, let Kpij = Cgijs ﬁ[ij = ﬁg,’jr feij = fgij,

Ceij = Coijp €0ij = €pijp Wpij = Wgij forall € = 1,2,...,p,i, j =
1,2,...,n; then A; = x;. Under condition (i), select p, = —v;,
and Corollary 5 holds immediately from Theorem 4.
In Theorem 4, we choose ay;; = &y = fpij = ﬂe:’j =& =
fez] = C&; sz’j =1 = €pj = €pjj = Wpij = Weij = 1/p for
=1,2,...,p,and i, j=1,2,...,n; then

11
V= max ¢ pki; +(p—1)
n n
DACEDN]
j=1 j=1
J#i Jj#i
Fil - rﬁagxlllz [(P - 1)011 + E]lﬁj]
=1
(52)

Then, as the proof of Theorem 4, we have the following.
O

Corollary 6. Under assumptions (H1)-(H3), the origin of
system (3)-(5) under periodically intermittent control (13) is
robust exponentially stable in pth moment if the following
conditions hold:

@ A; = 7; — maxes Zé\le Yighq —
L,2,...,n,
(1) there exists p; > 0, such that A+ p,—max; ijzl Vightq—
F/(1=1,)>0,i=1,2,...,m,
(III) € = (p(T' — 8)/uT) > 0, where p = max,;.,pp» P =
minges{gy}.

Combining Corollary 5 and Corollary 6, we have the following.

7/ —15)) > 0,i =

Corollary 7. Under assumptions (H1)-(H3), the origin of
system(3)-(5) under periodically intermittent control (13) is
robust exponentially stable in pth moment if the following
conditions hold:

(D) % < 0,4; =% = maxes Yol Yigh — 7/ (1= 1)) > 0,
i=1,2,...,n

(I1) €= (T - 8)/uT) > 0, where ¥ = max;, {[V|}, 4 =
minleS{Hl}'

Remark 8. By constructing an average Lyapunov function,
the stabilization of stochastic Hopfield neural networks with
distributed parameters was studied in [4]. The feedback
controller in [4] was designed as the compound function
of the state and activation function. Therefore, the feedback
controller may be the nonlinear functions. However, we see
in this paper that the control width is greater than the time
delay and the periodically intermittent controller is linear and
practical.

Remark 9. In [11-13, 24-26], robust exponential stability
and exponential synchronization of some classes of neural
networks with reaction-diffusion terms were discussed. The
activation function satisfies Lipschitz condition. In fact, the
activation function may be not monotone. But, from assump-
tion (H1) in this paper, the activation functions include the
monotone functions. So the results of this paper are less
conservational and more general.
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FIGURE 3: Surface curves and state trajectories for system (54) in model 1 under periodically intermittent control (13), T = 5and § = 4.7.

Remark 10. In [27, 28], the periodically intermittent con-
troller was designed to stabilization and synchronization of
two classes of neural networks, where the activation functions
satisfy

0 < i (s1) = £i (s,) <Lt

1’
S1—5

0 < 9i (51)—9i (52) < Ni+'
S1=5
(53)

In fact, they need LT > L; > 0, N > N; > 0 in assumption
(H1) of this paper. Obviously, the assumption (H1) of this
paper is weaker than those of papers [27, 28].

Remark 11. In this paper, if the transmission delay () is
not continuous and differential, we can give new sufficient
conditions ensuring robust exponential stabilization and
antisynchronization for system (3)-(5) by applying linear
matrix inequality (LMI) technique and periodically intermit-
tent control. We will give the topics in future research.

4. Numerical Example

In this section, we give an example with numerical simula-
tions to illustrate our result in the preceding section.

Example 1. Consider the 2-dimensional stochastic interval
recurrent neural networks with two models as follows:

2
D, re) T )y (6 x)

du, (t,x) = 3

2
+ by (r (1)) fi (u; (%))
j=1

2
+chj (r (1) g; (uj (t -7y (t) ,x)) dt
=1
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FIGURE 4: Surface curves and state trajectories for system (54) in model 2 under periodically intermittent control (13), T = 5and § = 4.7.

2

+ Zhlj (uj (t,x),u; (t — Ty (t) ,x))de ),

j=1

o u, (t,
du, (t, x) = {DZ (r () % —a, (r () uy (£, %)

2 2
+ by (r ) f; (u; (6,%)) + Yoy, (r (1))
j=1 j=1

Xg; (uj (t Ty (t),x)) } dt

2
+ 3y (%), u; (t-15 (), x)) AW (£)
j=1
(54)

with the boundary conditions u,(¢,0) = u,(t,0) =
u,(t,2) = u,(t,2) = 0,t > -1 and the initial value

u, (t, x) = e’ (cos2mx) — 1), uy(t,x) = ¥ sin(4nx), t €
[-1,0] x Q, where 7;,() = ('/(1+€)), Q, = [-5,5] € R,
and the generator of the Markov chain

-1 1
r={1 1],
2 2

3. 1
fi(w) = 2 sin (u;) + Z”i’

1
g; (u;) = 5 (| + 1] = Ju; = 1)),
hyy (uy (6 %) uy (£ =1y (), %))
=0.1u; (6, x) +0.2u, (t — 7y, (), x),
hyy (y (%) s uy (£ =115 (£), X))

= hyy (uy (8, %), uy (£ =7 (1)), %) = 0,
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hoy (uy (8, %) 1y (= 13, (1), X))

= 0.3u, (£, x) + 0.4u, (t — 7, (1), X) .
(55)

We assume that the interval matrices are the same in every
model; let

D00D=<D”M”)DAMQJ=<UJ]DJD’

a, (r(t))
A(T (t)) = ( ! a, (1" (t))>

~ ([0.28,0.42]
- [0.18,0.35] )

By, (r (1)) B (r()\ _ ([4.5]
B““”zGﬁwa»BZwmQ=< [&My

_(Cu(r () Cup(r ()
C(r() = <C21 (r (1)) Cyp(r (t))>

_ <[o.2, 0.3]

[0.3,0.4] ) :
(56)

The surface curves and state trajectories of system (54) in
model (1) and model (2) are given, respectively, as shown in
Figures 1 and 2. They exhibit instability behavior.

Let p =2, 4, = 2, u, = 4. By simple calculation, we obtain

Li ==, L} =1, N; =0,
N 1
N; =1, T=1, Ty = —
4 (57)
A, =&, = —40.16, 7, = 1.52
A, =&, = —34.4, 7, = 2.88.

Now, we consider the periodically intermittent control (13),
where the parameters are given as follows:

k,, = -10, ky, = -10, ky, =0, ky = 0. (58)
Then %, = —80 and 7, = —80,
- Vl leS Zqu‘”q -1, 0,
(59)
-7 - rgleagXZqu#q
From H;(§) = Xi =V, = MaXjeg Zq:l Vighq — &EMaAXjes fy —
(7;/(1 =15 ))e"" =0,i = 1,2, we have
€ = min {&},&,} = min {2.605,2.413} = 2.413. (60)

Choose T = 5, from Corollary 7, § = 4.7. Then the origin
of system (54) under the periodically intermittent controller
(13) is robust exponentially stable in mean square. The surface
curves and state trajectories in model (1) and model (2) are
given, respectively, as shown in Figures 3 and 4.
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