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We study the impact of stochastic noise and connection weight matrices uncertainty on global exponential stability of hybrid BAM
neural networks with reaction diffusion terms. Given globally exponentially stable hybrid BAM neural networks with reaction
diffusion terms, the question to be addressed here is how much stochastic noise and connection weights matrices uncertainty the
neural networks can tolerate while maintaining global exponential stability. The upper threshold of stochastic noise and connection
weights matrices uncertainty is defined by using the transcendental equations. We find that the perturbed hybrid BAM neural
networks with reaction diffusion terms preserve global exponential stability if the intensity of both stochastic noise and connection
weights matrices uncertainty is smaller than the defined upper threshold. A numerical example is also provided to illustrate the

theoretical conclusion.

1. Introduction

The bidirectional associative memory (BAM) neural net-
works were first introduced by Kosko in which the neurons
in one layer are fully interconnected to the neurons in the
other layer, while there are no interconnection among the
neurons in the same layers [1-3]. The BAM neural net-
works widely have applications in pattern recognition, robot,
signal processing, associative memory, solving optimization
problems, and automatic control engineering. For most
successful applications of BAM neural networks, the stability
analysis on BAM neural networks is usually a prerequisite.
The exponential stability and periodic oscillatory solution
of BAM neural networks with delays were studied by Cao
et al. [4, 5]. Moreover, in BAM neural networks, diffusion
phenomena can hardly be avoided when electrons are mov-
ing in asymmetric electromagnetic fields. The BAM neural
networks with reaction diffusion terms described by partial
differential equations were investigated by many authors [6-
11]. Sometimes, it is necessary to assess the parameters of the

neural network that may experience abrupt changes caused
by certain phenomena such as component failure or repair,
change of subsystem interconnection, and environmental
disturbance. The continuous-time Markov chains have been
used to model these parameter jumps [12-14]. These neural
networks with Markov chains are usually called hybrid
neural networks. The almost surely exponential stability,
moment exponential stability, and stabilization of hybrid
neural networks were also researched; see, for example, [15-
17]. By making use of impulsive control, Zhu and Cao [18]
considered the stability of hybrid neural networks with mixed
delay.

For neural networks with stochastic noise, the system
is usually described by stochastic differential equations. The
stability of stochastic neural networks with delay or reaction
diffusion terms was extensively analyzed by using the It6
formula and the linear matrix inequality (LMI) methods [18-
22]. As is well known, stochastic noise is often the sources
of instability and may destabilize the stable neural networks
[23]. For stable hybrid BAM neural networks with reaction



diffusion terms, it is interesting to determine how much noise
the stochastic neural networks can tolerate while maintaining
global exponential stability.

Moreover, the connection weights of neurons depend
on certain resistance and capacitance values which include
uncertainty. The robust stability about parameter matrices
uncertainty in neural networks was investigated by many
authors [24, 25]. If the uncertainty in connection weights
matrices is too large, the neural networks may be unstable.
Therefore, for stable hybrid BAM neural networks with
reaction diffusion terms, it is also interesting to determine
how much connection weights matrices uncertainty the
neural networks can also tolerate while maintaining global
exponential stability.

In this paper, we will study the impact of stochastic noise
and connection weight matrices uncertainty of hybrid BAM
neural networks with reaction diffusion terms. We give the
upper threshold of stochastic noise and connection weights
matrices uncertainty defined by using the transcendental
equations. We find that the perturbed hybrid BAM neural
networks with reaction diffusion terms preserve global expo-
nential stability if the intensity of both stochastic noise and
connection weights matrices uncertainty is smaller than the
defined upper threshold.

The remainder of this paper is organized as follows. Some
preliminaries are given in Section 2. Section 3 discusses the
impact of the stochastic noise on global exponential stability
of these neural networks. Section 4 discusses the impact of
the connection weight matrices uncertainty and stochastic
noise on global exponential stability of these neural networks.
Finally, an example with numerical simulation is given to
illustrate the effectiveness of the obtained results in Section 5.

2. Preliminaries

Throughout this paper, unless otherwise specified, let
(Q, FAF }150-P) be complete probability space with a
filtration {#,},., satisfying the usual conditions (i.e., it is
increasing and right continuous while %, contains all [P-
null sets). Let W(t) be a scalar Brownian motion (Wiener
process) defined on the probability space. Let A” denote the
transpose of A. If A is a matrix, its operator norm is denoted
by Al = sup{IAxI |x| = 1}, where | - | is the Euclidean
norm. Let #(t), t > 0, be a right-continuous Markov chain
on the probability space taking values in a finite state space

S ={1,2,..., N} with the generator I' = (y,,) yxy given by
P{rt+A)=qlr@®) =p}
_ [rph+o(d) if p#q M
l+y,A+o0(d) ifp=gq

where A > 0. Here,
if p #q while

Vpq > 0 is the transition rate from p to q

- Z Ypq- )

q#p
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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(:) is a right-continuous step function with
finite number of simple jumps in any finite subinterval of
R, := [0, +00).

In this paper, we will consider the following hybrid BAM
neural networks with reaction diffusion terms:

0 0
”(tx) Za < L (- (1) ”(tx)>

—a; (r (D) 4 (£, x)

+ Y ¢ (r (1) f (vj (t:x)) + 1,

j=1

) : ©)
V; (tx b} t, x
= S (o0 757)
~ b, (r (1), (£,%)
+ e (r (1) g (5 (t, %)) + ]
i=1
where i = 1,2,...,m, j = 1,2,...,n,t > t;, > 0,

t, € R,, and the initial value r(t,) = i, € S. Consider
x = (X, %,...,%) € Q ¢ R Qis a compact set with
smooth boundary 8¢, in space R', and 0 < mesQ, <
+oo. u(t,x) = (Gt x),...,14,,(tx) € R™ and 9(t,x) =
@t x),...,7,(t,x) € R" Gt x), ¥;(t, x), are the state of
the ith neurons and the jth neurons at times ¢ and in space
x, respectively. f] and g; denote the signal functions on the
jth neurons and the ith neurons at times ¢ and in space x,
respectively. ; and J; denote the external input on the ith
neurons and the jth neurons, respectively. a;(r(t)) > 0 and
b.(r(t)) > 0 denote the rates with which the 1th neurons and
fle jth neurons will reset its potential to the resting state in
isolation when disconnected from the networks and external
inputs, respectively. cjl-(r(t)) and eij(r(t)) denote the strength
of the jth neurons on the ith neurons and the ith neurons on
the jth neurons, respectively. Smooth functions Bik(r(t)) =
Dy (r(t),x,u) > 0 and Dy(r() := Dy(r(t),x,u) > 0
correspond to the transmission diffusion operator along the
ith neurons and the jth neurons, respectively.

The initial conditions and boundary conditions are given

by

i (tg x) = ¢; (x),
’17] (tO’ x) = % (.X) >

( 0, (t,x) O (t, ) )T
= N =0,
20 0x, 0x;

x€Qypty€eR,, i=1,2,...,m

x€Qyty€R,, j=1,2,...,n

ot; (t, x)
ot
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(t,x) € [ty,+00) X 0Qy, i=1,2,...,m,

(&wj (tx) 0¥ (tx) )T
= seees =0,
20, 0x4 0x;

j=L2,...,n
(4)

an (t, x)
o

(t, x) € [ty +00) X 0Q,

The neuron activation functions f and g are global
Lipschitz continuous; that is, there exist constants K > 0 and
L > 0, such that
v, 7" € R”

|fo) - F)| < Kp-7],

|g @) -g (@) <Lla-

©)
|, vu,u eR™

Then, _the neural networks (3) have a unique state
(@(t, x5y, P(x)) and W(t, x5ty Y(x))) for any initial values
((x), w(x)) (see [26, 27]).

In addition, we assume that the neural networks (3) have
an equilibrium point u* = (u],...,u,) € R"™, v' =
(Vis...,v,) € R"™.

Letu(t, x) = ti(t, x)—u", v(t, x) = ¥(t, x)-v", f(v(t,x)) =
s X) + V") - f(V*), gu(t,x)) = glu(t,x) + u*) -
f(u » Dy (r(t)) = Dy(r(t), x,u(t, x) + u”), and D} (r(t)) =

ik(r(t), X, v(t, x) +v"), and then (3) can be rewritten as

ou; (t,x) ZI: 0
- £0

ot

0
( & (r () ”(“‘))
k

k=19%k

—a; (r () u; (£, x)

+ 3¢ (r ) f; (v (%))

=1
avj (t, x)
axk

+ Ye (r () gi (u; (1.)).
i=1

(6)
(t, x)

Lo
ga—k (D;fk (r ()

- bj (r () v; (£, x)

The initial conditions and boundary conditions are given
by

u; (to, %) = ¢y (x) = ¢, (x) -
x €Oty eR, i=12,...,m,

vi (t, x) = y; (x) =9, (x) = v},
xe€QytyeR,, j=12,...,n

oy (£, x)
o

(au (t, x) ou; (t, x) >T
3o = 0)
a0, 0x, 0x;

3
(t,x) € [ty,+00) X 0Qy, i=1,2,...,m
av; (t, x) (E)vj (tx) v, (tx) )T
- = 3 = Oa
on 20, x4 0x;
(£, x) € [ty,+00) X 0Qy, j=1,2,...,n
7)

Hence, the origin is an equilibrium point of (6). The stability
of the equilibrium point of (3) is equivalent to the stability of
the origin of the state space of (6).

From (5), we give the assumption about activations
functions f and g.

Assumption (HI). The neuron activation functions f and g
are global Lipschitz continuous; that is, there exist constants
K >0and L > 0, such that

If ) - f(v
lg @) —g )| <Llu-u,

D <Klv-v], ¥nv' eR", f(0)=

Vu,u* € R™, g(0)=0

(8)
We consider the following function vector space:
v(t,x) : [ty +00) X Qy — R”,
U = 3 v(t,x) is continuous on t and 9)

twice continuous differentiable on x.

For every pair of (v, z) in U and every givent € R, define
inner product for v and z with

v z) = JQ W (, x))Tz(',x) dx e R,. (10)

Obviously, it satisfies inner product axiom, and the norm can
be deduced by

v (0l = Vv (5 x), v (5 x))

) \]JQO vl = \jz J;)O [vi (x| dx.

i=1

(11)

Definition 1. The neural networks (6) are said to be global
exponentially stable if for any ¢, y, there exist « > 0 and
B > 0, such that
Jute, 10, ) + It s 0w
< a ([l + vl) exp (=B (¢ ~ 1)),

For the purpose of simplicity, we rewrite (6) as follows:

(12)
Vt >t

Z_”t‘ = V- (D(r (1) o Vi) = A(r (£) u(t, %)
+C(r (1) f (v(t,x)
. (13)

a:_v (D* (r () o Vv) - B(r () v (£, x)

+E(r(t)gwm(tx)).



D(r (1)) = (Dy (r (£), 1)),
D" (r (1) = (D (r (0. %.1), .
u(t,x) = (u, (%), ... u, (6 %)
vt x) = (v, (%), v, (%)

Vu = (Vul,...,Vum)T, Vv = (V...

v ou; ou; \" v ov; ov;

A(r (1) = diag (a, ( ()., a, (r (1)),
B(r (1)) = diag (b, (r (1)), b, (r (1)),
C(r 1) = (c; (r (1))

>
nxm

E(r(t) = (e;(r (1)

FO =) fur))

g(u) = (gl (ul) ser s Gm (um))T’

ou
(D (r (1)) o Vur) = <D,~k (r () a—;‘k> ,

. . avj
(D" (r(t)) o Vv) = (D]'k (r(®) a—xk)

Here, o denotes Hadamard product of matrix D and Vu and

D" and Vv.

)’

)T #; (tg, x) = ¢; (),
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4
The initial conditions and boundary conditions are given 3. Noise Impact on Stability
b
Y In this section, we consider the noise-induced neural net-
_ i works (6) described by the stochastic partial differential
u(tpx)=¢(x)=¢(x)-u’, x€Qpt; €R,, equations
v(tepx) =y (x) =y (x)-v', xeQut, €R,, ] Lo o, (¢, %)
. di, (t, x) = Za— Dy (r (1) =5
ou (t, x) < ou (t, x) ou (t, x) ) k=19%k Xk
S = yeees =0,
o |aq, 0x, 0x;
(14) —a; (r (1) u; (£, x)
(t, x) € [ty +00) X 0Qy,
dv (t,x) <av (t,x)  ov(tx) )T 2.6 () £ (7 x))]’ de
- = yeees =0, j=1
o 0x, 0x;
(£, %) € [0, +00) X 30, + o, (t,x) dW (1), (16)
l —
b} . avj (t, x)
dv; (t,x) = — | Dy (r(t
where V]( X) {;axk ( ik (r (@) %,

—b; (r (1)) ¥; (t, x)
+) e (r () g; (@ (¢, x))} dr
i=1

+07V; (t, x)dW (t).

The initial conditions and boundary conditions are given
by

x€Qy tyeR,, i=1,2,...,m,
Vi (tpx) =y (x), x€Q theR,, j=12,...,n,

ot (t, x)
ot

<aai (t,x) 0@ (t,x) )T
= yeees =0,
30, 0x; 0x;

(17)
i=1,2,...,m,

37; (t,x) a7 (t, %) \"
=0,
0x, 0x;

(t, x) € [ty +00) X 0Q,

617]- (t, x)
oii

20,

(t,x) € [ty,+00) X 0Qy, j=1,2,...,n,

where o is the noise intensity.
We rewrite (16) as follows:

dii (t,x) = {V-(D(r(t)) o Vir) — A(r (t)) @ (t, x)
+C(r () f (¢, x))} dt + oii (¢, x) AW (1),
(15) dv(t,x) = {V- (D" (r(t)) o Vi) = B(r (£)) ¥ (t, x)
+E(r () g (@ (£, x))} dt + 0¥ (£, x) AW (¢) .
(18)
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For the globally exponentially stable neural networks (6), we
will characterize how much stochastic noise the neural net-
works (16) can tolerate while maintaining global exponential
stability.

Definition 2. The neural networks (16) are said to be almost
surely globally exponentially stable, if for any ¢ and v the
Lyapunov exponent

lim Suplog(lll1 (t, x5to, ), + |7 (£, x5, w)],) <0

t— 00 t

, as.
(19)

Definition 3. The neural networks (16) are said to be mean
square globally exponentially stable, if, for any ¢ and v, the
Lyapunov exponent

. logE {”’:‘ (t, x; to>¢)"§ + |7 (. x5 to>‘/’)”§}
lim sup

t— 00 t

<0, (20)

where (@i(t, x; to, ¢), ¥(t, x5ty, ¥)) is the state of neural net-
works (16).

From the above definitions, it is clear that the almost
sure global exponential stability of the neural networks (16)
implies the mean square global exponential stability of the
neural networks (16) (see [26, 27]) but not vice versa.

Theorem 4. Under Assumption (HI), the mean square global
exponential stability of neural networks (16) implies the almost
sure global exponential stability of the neural networks (16).

Proof. For any (¢(x),y(x)) # (0,0), we denote the state
(a(t, x;ty, ), V(t, x:t0,y)) of (16) as (i(t, x), ¥(t, x)). By
Definition 3, there exist A > 0 and C > 0, such that

E {015 + 17 ()15}

<C(Iglh +wl3) ™™, t21,

Letr(t) = p € S. Construct average Lyapunov functional

(21)

V (@ (t,x),7(tx), p)

= j i (¢, x)*dx + j [ (¢, x)|*dx
QO QD

_ LO iiaf (0 dx | 9 ¢, ) d.

Q j=1

(22)

Letn = 1,2,..., by It6 formula and Assumption (H1), for t, +
n-1<t<t,+n,

V (@(t,x),7(tx), p)

=V(a(ty+n-1,x),v(ty+n-1,x),p)

+r J 2it" (5,%) [V (D (r (s)) o Vit) — A(r (s)) i
t Q,

otn—1

+C (r (s)) f (v)] dxds

t
+0° J- J | (s, x)|*dxds
tytn-1 JQ,

+Jt j 27" (s,x) [V - (D* (r (s)) e V) = B(r (s)) ¥
t Q,

otn—1

+E (r (s)) g ()] dxds

t

+0° J J 17 (s, x)|*dxds
tytn—-1 JQ,
t

+20 J J | (s, x)|*dxdW (s)
to+n—1 JQ,

t
+2OJ J 17 (s, x)|*dxdW (s)
totn—1 JQ
N t
+ 2V L ) J (1 (s, 2)* + |9 (s, x)[*) dxeds.
q=1 otn—1JQ,
(23)

By boundary condition and Gauss formula, we get

2 J il (s,x) [V - (D(r(s)) o Vit)] dx
Q

m 1

2 a1,
”ia_xk (Dik (r(s) a) dx

N
V-<17L,D,-k (r(s))%> dx

X /oy
(D (r (s)) %>l - Vidx
= o, ik 0xy /1y !

I

<ﬂiD,-k (r(s))%> dx
Q 0%y /gy

i, \°
Dy (r(s)) <8_xk) dx

i, \*
Dy (r(s)) <a> dx,
(24)
2 J v (5,x) [V (D" (r (s)) o V¥)] dx
Q

nd 9 X ov;
=2y » j Ovja—xk <Djk(r(s))a—xi)dx

j=lk=1 7€

av; \'
=2) L} V. (ij;.‘k (r(s)) a%) dx

j=1 7% k / k=1

n v, \!
-2 D* —J)
2, (maeorzt)

. szjdx



j=1 k=1
n 1 oV 2
—2ZZJ Dj, (r(s))(—J) dx
j=lk=1 Xk
a— 2
=2 ZJ- DJk(r(s))<—J> dx.
j=1lk=1 Xk

(25)

By Holder’s inequality, we have
J 20(t, x)7C (r () £ (7 (8, %)) dx
Q

_ 2 2 - 2
< 1}16'(18)( < (P)] HQO |zt (t, x)|"dx + K Jﬂo v (£, x)| dx] ,

(26)
J 29(t, x) E (r (s)) g (i (t, x)) dx
Q
< r;lgg( IE (p)| HQO [ (¢, x)|*dx + L* J 0 it (t, x)|2dx] .
(27)

Substituting (24)-(27) into (23), we get

V (@(t,x),7(t,x), p)
=V(i(ty+n-1,x),v(ty +n—-1,x),p)
Fmax[2[4 )]+ IC )]+ [E @) +o7]
t
_ 2
X J; LO it (s, x)|"dxds

otn—1

+max [2[B(p)] + [E(p)] + [C (P)| K* + 7]

t
X J J [ (s, x)|*dxds
t Q

otn—1

+2]o] L | L (17 (s, x)1* + |7 (s, x)*) dxdW (s),
0 0 (28)

N —
where we use Y~ ¥, = 0.
From (28), we have

[E< sup V(ﬁ(t,x))‘_’(t,x)>1’)>
totn—1<t<ty+n
<V(u(ty+n-1,x),v(ty+n-1,x),p)

iC jw EV (i1 (s, ), 7 (5, x) , 7 (5)) ds

otn—1
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¢
+2|0|[E< sup J V(i (s,x),v(s,x),
totn—1<t<t,+n Jt,+n-1

r(s)) dW (s) ) ,
(29)

where C, = [2[|A]l +2|Bll + IC|l + ICIK* + | Ell + | EIL* +20°]
and [|A]| = max,cs| A(p)|.

On the other hand, by the Burkholder-Davis-Gundy
inequality [27] and 2Vab < (afe) + eb(a > 0,b > 0,& > 0),
we have

Jt v(a(s,x),v(s,x),r(s))dW(s))
t,

otn—1

20| [E( sup

tytn—1<t<t,+n

tyt+n 1/2
< 4\/§E<J 40°V? (@1 (5, %), 7 (s, %), 7 (5)) d5>
totn—1

< 4\/§[E< sup  V(i(s,x),v(s,x),r(s))

tytn—1<t<ty+n

A 1/2
X r 46°V (i1 (s, %), 7 (s, x), 7 (5)) ds)
t

otn—1

< %[E( sup V(a(t,x),fz(t,x),p))

totn—1<t<to+n

tytn

+ 640” J EV (&1 (s,x),v(s,x),7(s))ds.
totn—1

(30)

Substituting the above inequality into (29), we get

[E( sup V(ljl(t:x)ﬂ_’(tax),P))
totn—1<t<t,+n
<2EV (a(ty+n-1,x),v(tp+n-1,x),p) (3D

+2 [Cl + 6402] J EV (s) ds.

ty+n—1

By induction and the mean square global exponential stability
of neural networks (16),

[E< sup V(a(tax)av(th))p))
tytn—1<t<t,+n

<C(I6F + W) (2 +2[C, + 40 ]) e,

(32)

Let & € (0, A), by Chebyshev’s inequality [27], it follows from
(32) that

P { sup

tytn—1<t<t,+n

V(a(t,x),v(t,x),p)> e—(?t—f:)(n—n}>
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< e—(/\—s)(n—l) E ( sup

tytn—1<t<t,+n

V(a(t,x),f/(t,x),P))

<C(Iol: + ) (22 (6, +sac])
(33)

By Borel-Cantelli Lemma [27], for almost all w € Q,

sup 2V (i (6,%), 7 (6,%), p) < 260D

totn—1<t<ty+n

holds for all but finitely many n. Hence, there exists an n;, =
ny(w), for all w € Q, excluding a P-null set, for the above
inequality that holds whenever n > #,. Consequently, for
almostall w € Q,

logZV(11(1f,x),1'/(1%,96),17)<_(/\—s)(n—l)+ 2

t T tetn-—1 to+n—1
(35)
ifty+n—1<t <ty +n Therefore,
1 i1 (t, v (t, _
lim sup og (Il (t, )l + 17 (£, X)) S U R (36)
t— 00 t 2 L)

Theorem 5. Let Assumption (HI) hold and the neural net-
works (6) be globally exponentially stable. Then, the neural
networks (16) is mean square globally exponentially stable and
also almost surely globally exponentially stable, if there exist
Hy > 0,(q € S) and |o| < &, where G is a unique positive
solution of the transcendental equation

46204ﬁ exp 2A (ﬁCZ + maxpeS Zé\rzl qu"lq)
B f (37)

+2aexp {-pA} =1,

>0, (38)

where C, = [2||A]l + 2||B| + (1 + K»)|Cll + (1 + L} E|| + 26°],
[All = max,cs [A(p)Il, and so forth and i = max,cs u, and
f= minpeg Hy-

Proof. For any (¢(x),y(x)), we denote the state
(@i(t, x5 ty, P), v(t, x5 t5, ) of (16) as (a(t,x), ¥(t,x)) and
the state (u(t, x; ty, ¢), v(t, x; ty, ) of (6) as (u(t, x), v(t, x)).

From (6) and (18) and stochastic Fubini’s Theorem, we
have

j (u (b %) — i (£, x)) dx + J (%) — 7 (t, %)) dx
QO

Q

=“ V(D (r(s)) o V (u - 7)) dxds
t, Jo,

t
[ [ Far©we-a6
to J0,

+C(r () (f (v (s, %) — f (7(s,)))] dxds

- r J ot (s, x) dxdW (s)
ty J,

+ Jt J V- (D*(r(s)) oV (v—9))dxds
to 0,

+ L: Jﬂo [~ B(r(s)) (v(sx) = 7(sx)
+E (1 (s)) (g (u (s, x)) — g (i1 (s, x)))] dxds

- J: L av (s, x) dxdW (s).

Construct average Lyapunov functional

V@wut,x),vEt,x),alt,x),vtx),rt)

= jQ ey [ 11 (6) = (6, )P + v (1, %) = 7 (8, )] dx,
° (40)

where y, ) > 0.
By applying generalized It6 formula [27], we have

AV (u(t,x),v(t, x), 6 (t,x),v(t,x), p)

- | 20 - )" (V- (D (p) o ¥ - ) dve

+ JQ 24, (u (t, %) — 1 (£, x))"

x [ A(p) (u(t,x)-a(tx)
+C(p) (f v (t,x)) = f (7 (t,x)))] dxdt

2 - 2
+ JOO o pplin (t, x)| dxdt
-2 J o (t,x) — i (t, x) i (¢, x) dedW (£)
Q

+ Lo 2, (v (£, ) = 7 (£, )"
x (V- (D* (p) o V(v 7)) dxdt
+ Lo 24, (v (t,x) = 7 (£, )"

x[=B(p) (v(t,x) = v (t,x))
+E (p) (g (u(t,x)) - g (@ (t,x)))] dxdt

v | Puply e oraxar
QO



-2 J o(v(t,x) — ¥ (t,x) 7 (t, x) dxdW (t)
QU

& 2
+ ;ypqu LO [lu(t,x) - @ (£, )|

+v (t, x) - 7 (t, x)]*] dx
(41)
By boundary condition and (24), we have

2u, JQ (u(t,x) —i(t, %) (V- (D(p) eV (u-i)))dxdt

=_2Mp;;j Dy (p )(a(” - ))zdx.
(42)

By boundary condition and (25), we have

2u, L W (t,x) =7t x) (V- (D (p) oV (v — 7)) dxdt

ov; - 7))\’
( ox, )dx.

ST J,. P

j=1k=1
(43)

By Holder’s inequality, we get
2u | (6.3~ 1(6:6)"C (p)
x(f(v(t,x)— f(¥(tx)))dx
< max (s, IC ([ 1wt - 0P
+1<2J |v(t,x)—17(t,x)|2dx],
Q
(44)
2u, L (v(t, %) = 7(t, X)) E (p)
X (gt x)—g @t x))dx

< max(yp IE (p ||) [j lv(t,x) — ¥ (£ x)dx

peS

+1 j lu(t, x) —a(t, x)|2dx] )
B (45)
From (42)-(45) and Assumption (H1), we obtain that
dv (u(t,x),v(t, x),u(t,x),v(t,x), p)

N
< <ﬁC1 + I}}gng_lquuq>

X J (Ju(tx) = @ (6 %) + v (£, %) = 7 (£, 0)*) dxdt
QO
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+ Zazﬁj (Ju(t )1 + v (¢, %)) dxdt

0

-2 J o(u (t, x) — it (t, x)) i (¢, x) dxdW (¢)
‘QO

) I o(v (t,x) — 7 (£, )77 (£ x) dxdW (£) .
Q

(46)
When ¢t < ¢, + 2A, we have

EV (u(t,x),v(t x),i(t,x), vt x),r (1))
N
< (ﬁQ ¥ glgg;ypquq)

X L: E Jﬂo (Ju(s,x) = @ (s, %))

+v (s, x) - v (s, x)|2) dxds (47)
+20°5 [ a (I + I esp (B (s~ 10) s
- 20 Jt J (u(s,x) —u(s, x))Tﬁ (s, x) dxdW (s)
to JO,

t
- 20E J J (s, x) =7 (s, %) 7 (s, x) dxdW (s).
t IO,
By stochastic Fubini’s Theorem, we have

E jt j (u (s, x) — i (s, %)) i1 (s, x) dxdW (s) = 0,

t, JQ

. (48)
[EJ J v (s,x) = (s, %) 7 (s, x) dedW (s) =

ty JQ

By (47), one get
EV (u(t,x),v(t,x),u(t,x), vt x),r(t))

< (ﬁcl + maxpeS Z;\Ll qutuq)

15

t (49)
X J EV (u(s,x),v(s,x),u(s,x),v(s,x),r(s))ds

207 (¢l + Ivl)
3 .

When t,+A <t < t,+2A, by applying Gronwall’s inequality,
we have

E (lu(t,x) - a (6 x5 + v (6 x) = 7 (6x)115)
=EV (u(t,x),v(t,x),ia(t,x), vt x),r(t))

_ 2o (Il + Ivla)
- B
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(ﬁcl + maxp€§ Zéil YPq/’lq)
X exp

- (t-1p)
# +2acexp {—BA}
< sup E(fatt, )| + 9, 0)l*)
tost<ty+A
-1
202 20 (AC, + maxpes Yol Ypatty) (@A) >0.
X exp . . (54)
B Z
(50) By (52), we have
By the global exponential stability of (6), we have sup E (||12 & )2+ 1 7 () ”2)
_ 2 _ 2 ty+A<t<ty+2A
E (I & 2)l5 + 17 (6 0)13)
_ 2 - 2
< 2F (JJu (t, x) — @ (&, )5 + v (&, %) = 7 (£, 0)) < exp (-yA) (t sup E (e (& )15 + 17 (2, x)uz)) .
oStsty
55
+2E (Ju (6 012 + v (6 0)12) (55)
) , 5 For any positive integer m = 1,2,.. ., from the existence and
< sup E ("” & )"+ v (& )l ) (1) uniqueness of the flow of (16) (see [28]), when t > ¢, + (m —
foststo+A 1)A, we have
A ~ N
40’ exp 24 (AC, + max,es Yo Valla) (@ (t, x5 t0,9), ¥ (£, X380, )
p “ =(a(t,xstg+(m-1)Au(ty+(m—-1)Axte9)),
2 2
+2a (4, + Ivl,) exp (B (¢~} Pt xsty + (m—1) A7t + (m—1) A, x5t0, ).
Moreover, (56)
E (Il (&, )13 + 17 (6 2)13) From (55) and (56),
_ 2 - 2
N sup [E("u (t, x; t0,¢>)||2 +7 (t, % to,l;/)”z)
< 40%afi N, 2A (ﬁcl + max,cq Zq:1 qu.“q) to+mASt<ty+(m+1)A
- B P b = sup E ||11 (t, x5t + (m—1)A,
to+(m—1)A+A<t<t +(m—-1)A+2A
©2) ity + (m—1) A, x5t0,8));
+ 2acexp {~pA} + sup E|v(tx5t0+(m-1)A,
p to+(m—1)A+A<t<ty+(m—-1)A+2A
v (tg + (m—1) A, x3t, W))"i
< sup E (1l + 17 (6x)).
toststo+h < exp (—yA) < sup E (||a (t, x5, (/5)";
From (37), when |o| < &, we have to+(m-1)Ast<to+mA

B

40’ afi exp 2A (ﬁc1 +max,cg 221:1 qu!/‘q)
I (53)

7 (8.5t )| )

+2exp {—-BA} < 1.

Let
_ 2
<oxp(yme) s (a6t o)
, ty<t<to+A
40 i
y=| —log
; st l) )
N (57)
2A (1C, + max -
X exp <l (# ! ; © zqfl Y qu) } Hence, for any t > t, + A, there exists a positive integer m,

such that ¢, + mA <t < t;, + (m + 1)A, and we have
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E (””_‘ (t, x5t ¢)"; + ”‘_’ (t, x5t 1//)"§)

< exp (—ymA)

< s el + sl
to<t<to+A

(58)
< exp {—yt + yt, + yA}

o s (s o)

ty<t<ty+A
< Cyexp {yA}exp {-y (t—to)},

where C; = sup, ., AE(I(t, x50, )3 + 195, 3 8, W)3).
The above inequality also holds fort, <t <t, + A.
Therefore, the neural networks (16) are mean square
globally exponentially stable, and by Theorem 4, the neural
networks (16) are also almost surely globally exponentially
stable. O

4. Connection Weight Matrices Uncertainty
and Noise Impact on Stability

In this section, we first consider the parameter uncertainty
intensity which is added to the self-feedback matrix (A, B)T
of the neural networks (16). Then, the neural networks (16)
are changed as

) ~ Lo o, (t, x)
du; (t, x) = ‘[kz_:la—xk (Dik (r (1) I )

-1+ A)a;(r()m;(t,x)
+chi (r (1)) f; (T/j (t, x))]» dt
=

+oi; (t, x) dW (t) (59)

! % a_‘(t’ )
dT/j(t,x): {Zaixk(Djk(r(t)) VJanx >

k=1

~(L+ )b (r (1) ¥; (£, %)

+ e (r ) g (@ x))]» dr
i=1

+ o7, (t,x) dW (1).

The initial conditions and boundary conditions are given
by

i; (to’x) = ¢ (%),
v; (to> x) = v; (%),

<aai (t,x) O (t,x) )T
= =0,
0x, 0x;

x€Qy theR,, i=1,2,...,m,
x€Qy theR,, j=12,...,n,

ou; (t, x)
ot

20,
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(t,x) € [ty,+00) X 0Qy, i=1,2,...,m,

a7, (t, x) a7, (t, x) av; (t,x)\"
= =0,
on  |3q 0x4 0x;
(t,x) € [ty,+00) X 0Qy, j=1,2,...,n,
(60)

where A is the self-feedback matrix (A,B)" uncertainty
intensity and o is the noise intensity.
We rewrite (59) as follows:

dii(t,x) = {V-(D(r(t) o Vi) — (1 + 1) A(r (t)) i (£, x)
+C (r (1)) f (v(t,x))} dt + o@a (£, x) AW (¢)
dv(t,x) = {V- (D" (r(£)) o V¥) = (1 + L) B(r (t)) ¥ (£, x)

+E(r(t) g @t x))}dt + ov (£, x) dW ().
(61)

For the global exponential stability of neural networks
(6), we will characterize how much the intensity of both
the self-feedback matrix (A, B)T uncertainty and stochastic
noise the stochastic neural networks (59) can tolerate while
maintaining global exponential stability.

Theorem 6. Let Assumption (H1) hold and let the neural
networks (6) be globally exponentially stable. Then, the neural
networks (59) are mean square globally exponential stability
and also almost sure globally exponential stability, if there exists
g > 0, (g € S), and (A, 0) is in the inner of the closed curve
described by the following transcendental equation:

sa (o + 2 (| + [#])

B
2A (ﬁC4 * maX,es Zé\rzl qu‘“q) (62)
X eXp = >
i
+2aexp {-BA} =1,
As In 2x) 50, 63)

B

where C, = [(3+2A)(IAll+1BIl) + (1+ K)|Cl| + (1 + L*) | E] +
207, Al = max,s [[A(p)l, and so forth and fi = MaXpes Hp
and fi = min,cg .

Proof. For any (¢(x),y(x)), we denote the state
(@(t, x;ty, P), v(t, x3t5, w)) of (59) as (i(t,x), v(t,x)) and
the state (u(t, x; ty, §), v(t, x; o, ¥)) of (6) as (u(t, x), v(t, x)).

From (6) and (61) and stochastic Fubini’s Theorem, we
have

J (u(t,x) —ﬂ(t,x))dx+J

(v(t,x)—v(t,x))dx
Q Q

:” V- (D(r(s)) oV (u — 1)) dxds
t, 40,
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+J- J- [-A@r(s) (u(s,x) - (s x))
ty JQq
+C (r(s)) (f (v (s, %)) = f (¥(s,x)))] dxds

- f L ot (s, x) dxdW (s)

0 0
+J

J J V- (D" (r(s)) e V(v—-7))dxds
ty J0y

t
to Qo

-~

J AA (r (s)) @ (s, x) dxds

Qo

Py

0

“+

—B(r(s)) (v(s, x) = ¥(s,x))
+E (r (s)) (g (u (s, %)) — g (@1 (s, x)))] dxds

- L: Lz[, oV (s, x) dxdW (s)

t
+ J J AB (7 (s)) ¥ (s, x) dxds.
ty JQ,
(64)
Construct the average Lyapunov functional

V(u(t,x),v(t,x),u(t,x),v(tx),r ()

= jﬂ by (1 (8, %) = (6, %) + v (6, %) = 7 (6, )] i,
° (65)

where y, ;) > 0.
By applying generalized It6 formula [27], we have

AV (u(t, %), v (t, x), & (£, x), 7 (£, %), )| 1)

- JQ 204y 8,%) i1 (£, )" (V- (D (p) = ¥ (u - @))) el

+ LO 24, (u (8, %) — @t (£, x))"

x [~A(p) (u(t, x) —u(t, x))
+C(p) (f (v (t.x) - f (7 (%))
+AA (p) i (t, x)] dxdt

2 — 2
+ Lo o upli (¢, x)| dxdt
-2 J o(u(t, x) — it (t, x)) i (¢, x) dxdW (t)
Q

+ LO 20, (v (t:x) = 7 (£, )"
x (V- (D" (p) o V(v 7)) dxdt

+ L 20, (v (t,x) = 7 (£, x))"

1

x [-B(p) (v (t, x) - ¥ (t, x))
+E(p) (g (u(t,x) - g (@t x)))
+AB(p) ¥ (t, x)] dxdt

v [yl oraxdr
QO

) I o(v (£, x) — 7 (, %)) 77 (& x) dxdW ()
Q

oSyt j [l ¢, ) = 2 (8, )12

gq=1

+v (£, x) = 7 (¢, %) ] dox.
(66)

By Holder’s inequality, we get
_ T _
JQO 21, (u(t, x) — (t, x)) AA (p) @ (£, x) dx

< r;leagx HyPA (p)“ HQ[, lu(t,x) — i (t, x)|*dx
2 _ 2
+A JQO |z (t, x)| dx]
= max H”PA (p)” HQ |u (t, x) — @ (t, x)[*dx

peS

A2 J lu(t, x) — it (t, x) — u(t, x)lzdx]
Q

< rIr)1€a§x H/”PA (p)” (1 + 2/\2) Jﬂo lu(t,x) — i (t, x)|*dx
22 J lu(t, x)|2dx] ,
Qo

J 2u, (v (t,x) =P (¢, x))TAB (p) ¥ (t, x) dx
QO

Sr?:tgxnyp ““ lv(t,x) — v (tx)|dx
+AZJ |17(t,x)|2dx]
Q
= max H#P )|| “Q [v(t, x) — ¥ (t x)|*dx
+ A2 J lv(t,x) — v (tx)—v(t, x)|2dx]
Q
< max Hﬂp )|| [(1 +2)%) LO lv(t, x) - 7 (£, x)|*dx

L J v, x)|2dx] .
o (67)
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From (42), (43), and (67) and Assumption (H1), we obtain By (69), one get
that

EV (u(t,x),v(t,x),u(t,x),v(t,x),r(t))
dV (u(t,x),v(t, x),u(t,x),v(tx),p)

N < (ﬁc4 + maxpeS Zé\il qu#q)
< <ﬁC4 + r;leag;ypqu> ¢

t
XJ- EV (u(s,x),v(s,x),it(s,x),v(s,x),7(s))ds
to

26 (o + 27 (JA] + [B)) (Il + w12

+[v (8, %) = 7 (1, %)I°) dxdt . _

B
+21(o* + (4] + |B]))

(71)
x LU (1 (8, %) — 1 (8, )2

When t,+ A <t < t,+2A, by applying Gronwall’s inequality,
X J (Ju (& )1 + v (¢, %)|* ) dxdt we have
Q
2 j o(u (t, x) — it (t, x)) @ (t, x) dxdW () E (llu(t,x) - a (&, )5 + v (%) = 7 (6, 2)13)
QU

=EV (u(t,x),v(t,x),i(t,x),v(tx),r(t))

-2 j o(v(t,x) — ¥ (t,x) 7 (t x) dxdW (¢). o
“ _20(o+ 27 (J] + [B]) « (I8l + 1)

B
When t <t + 2A, we have (ﬁC v mare SNy )
X exp ~— P ot Thara (t—to)
_ _ H (72)
EV (u(t,x),v(t,x),u(t,x),v(tx),r(t)) ) ,
< sup E(a 0l + 176 x017)

tost<to+A

N
< (ﬁ@ * Iggg%%%)

2a( 2 (1] )

: - g
xJ- [EJ. (|u(s,x)—u(s,x)| R N
ty IO s exp 2A ((,LC4 + maXpes Xy ypqu)
+|v(s,x)—17(s,x)|2)dxds f '
w2a(t+ 2 (1]« [4]) !
By the global exponential stability of (6), we have
t
[ Il + IR exp (-5 s 1) ds
o E (1 &, )15 + 17 (6 0)13)
— — 1 T_
20E J JQU (15, %) =8 (5, x)) 4 (5, x) dxdW (5) < 2F (Ju ) — (6 )1 + v 6, ) — 7 6, )12
t 2 2
- 20E J J (s, x)—v(s, x))TT/(s, x) dxdW (s). +2E (||u (&)l + v (&, x)HZ)
ty JQ
< sup E(Jat )l + v x)))
to<t<ty+A
By stochastic Fubini’s Theorem, we have Af (02 Y (” K" + " E")) o 73)
B
t
E Jt L (u (s, %) — 7 (s, x)) @ (s, %) dxdW (s) = 0, e 20 (AC, + maxpes Yol) Vpghty )
o0 Y (70) ﬁ

t ~ T B
E L) —[00 (s, x) = v(s,x)) v (s, x)dxdW (s) = 0. oy ("‘b”i . "1/’";) exp (=Bt~ t,)] .
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Moreover,

E (la @t )l + 17 (6 0)115)

4 (0" + (4] + |8]) «
B

<

U

2A (fiC, + max e Z(Z;]:l Vatta)
X exp (74)

+ 2acexp {-BA}

x sup E (a0l + 17 x)0°).

ty<t<to+A

From (62), when (A, o) is in the inner of the closed curve
described by the transcendental equation, we have

45 (o” + (4] + [B]))
B

1 2A (fC, + max g Z;\I:l Valla) } 73)
X exp =

i

+2acexp {-pA} < 1.

Let

(@ + N (1 AI+1B1))a
B

y= | —log

{ 2A (ﬁczk + maXpeS 22]:1 qua”q) }
X exp
u

+2acexp {-pA} A7 >o.
(76)
By (74), we have
sup  E(atx)l}+ 17t xl3)
ty+A<t<ty+2A
< exp (-yA) ( sup E ([l (x5 + IID(t,x)Ili)) :
to<t<to+A

(77)
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Similar to the proof of Theorem 5, we can prove that the
neural networks (59) are mean square globally exponen-
tially stable and also almost surely globally exponentially
stable. O

To continue, we consider the parameter uncertainty
intensity which is added to the connection weight matrix
(C, E)T of the neural networks (16). Then, the neural networks
(16) are changed as

axk

) R dii; (t, x)
d, (t, x) = Lzla (D,»k (r (1) )
—a; (r(t) @ (t, x)

+Z (1+96) Cji (r (1) fj (171' (t x))} dt

=

+ow; (t, x) dW (¢), (78)

i ~ '3 . Bf/j(t,x)
dv]-(t,x)—{kzla—&c(Djk(T(t)) %, )

—b; (r (1) ¥, (£, %)
+; (1+8)e; (r (1) g; (m (¢, x))} dt

+ o7, (t,x) dW (1).

The initial conditions and boundary conditions are given

by

i; (tg, x) = ¢; (%),

Vi(tex) =y;(x), xe€Q theR,, j=12,...,n

x€Qy tyeR,, i=1,2,...,m,

om (t,x)| <aai (t, x) oi; (t, x) )T 0
o s, \ Ox; 7 0x -
(t,x) € [ty,+00) X 0Qy, i=1,2,...,m,

av; (t, x) a7, (t, x) av; (t,x)\"
= =0,

on  |3q 0x, 0x;
(t,x) € [ty,+00) X 0Qy, j=1,2,...,n,
(79)

where § is the connection weight matrix (C, E)” uncertainty
intensity and o is the noise intensity.

We rewrite (78) as follows:
dit(t,x) = {V-(D(r(t)) o Vir) = A(r (t)) it (t, x)

+(1+8)C(r(t) f(v(t,x))}dt
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+ ot (t,x)dW (t),
dv(t,x) = {V- (D" (r (t)) o V¥) = B(r (t)) ¥ (t, x)
+(1+8)E(r(t) ga(tx)}dt

+ 07 (t,x) AW (t).
(80)

For the global exponential stability of neural networks (6),
we will characterize how much the intensity of both the
connection weight matrix (C, E)Y uncertainty and stochastic
noise the stochastic neural networks (78) can tolerate while
maintaining global exponential stability.

Theorem 7. Let Assumption (H1) hold and let the neural
networks (6) be global exponential stability. Then, the neural
networks (78) are mean square globally exponentially stable
and also almost surely globally exponentially stable, if there
exists p, > 0, (g € S), and (8, 0) is in the inner of the closed
curve described by the following transcendental equation:

sa (o +8 (o] + ) o
B

2 (ACs + maXyes Yol) Vpghty )
X exp (81)

H
+2aexp {-BA} =1,

In 2«x)

B
where Cs = [2(| Al + |IB])) + (2 + (1 + 28*)K)|IC]| + (2 + (1 +
26°)L?)||E] + 20°], | Al = max,,cs |A(p), and so forth and
fl = maX,es {4, and ji = mines py,.

A > >0,

The proof is similar to the proof of Theorem 6.

5. Illustrate Example

Example 1. Consider hybrid BAM neural networks with
reaction diffusion terms

2
202 b o) L agr@yu
el @) f (v(62),
(5
ov (t, . o’v (t,
9 - b ) S b () v

+e(r (1) g (u(tx)).
The initial conditions and boundary conditions are given
by

u(0,x) =sin(x), x € [-5,5],

v(0,x) =cos(x)—1, x¢€[-5,5],
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ou (t, x) _ Ou(t,x)
o o, T ox =0, (tx)€ [ty +00) x 0Q,
ov (t, x) _ov(tx)
e BQO_ I =0, (tx) € [ty +00) x 30,
(83)
where
-2 2
rz(l —1)’
D(1) 0 \ (0002 0
o D))"\ o 0003)
D@2 0 \_ /(0001 0
0 D))~ 0 0.002)°
a(ly 0\ _ (02 0
( 0 b(1)>_<0 0.3)’ (84)
0 c(1)) (0 02
e o ) \o2 o)
<a(2) 0 >:<o3 o)
0 b2 0 02)

0 c@)_ [0 02
(e(Z) 0 >‘(0.2 0 )

and f(v) = sin(v), gu) = (1/2)(lu + 1] — |u — 1|), and K =
L = 1. According to Theorem 1 in [9] and Theorem 1 in [29],
the neural networks (82) are global exponential stability with
a=1landfB =1

In the presence of stochastic noise and self-feedback
matrix (A, B)¥ uncertainty, the neural networks (82) become

o%u (t, x)
0x?

du (t,x) = {D (r (1))

—(a(r@®)+A)u(t x)

+c(r() fvt, x))} dt

+ou (t,x)dW (t),
(85)
*v (t, x)
0x?

dv(t,x) = {D* (r (t)

b (r(®)+ M) vt x)

rer(®) g (t,x»} i

+ov(t,x)dW (t).

According to Theorem 6, let A = 0.7 > log(2«)/f = 0.6931
and p; = 1 and p, = 2. From (62), we have

8 (0® +0.61%) exp {10.08 + 3.36A" + 5.60°}
(86)
+2exp{-0.7} = 1.
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o x1074

FIGURE I: The stability region with (A, 0) of the neural networks (85).

FIGURE 2: Surface curve of u(t, x) of the neural networks (85) in
model 1.

Then, we can obtain its closed curve for (A, ¢). Figure 1 depicts
the stability region for (A, 0) in (85).

Figures 2, 3, 4, and 5 depict the surface curves of the
neural networks (85) with (A,0) = (=107*,107%). It shows
that the state of the neural networks (85) is mean square
globally exponential stability and almost surely globally
exponential stable, as the parameter (A, o) in the inner of the
curve of Figure 1.

Figures 6, 7, 8 and 9 show the surface curves of the neural
networks (85) with (A,0) = (-0.1, 1.5). It shows that when
the conditions in Theorem 6 do not hold, the neural networks
(85) become unstable.
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FIGURE 3: Surface curve of v(t, x) of the neural networks (85) in
model 1.

FIGURE 4: Surface curve of u(t, x) of the neural networks (85) in
model 2.

FIGURE 5: Surface curve of v(t, x) of the neural networks (85) in
model 2.
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FIGURE 6: Surface curve of u(t, x) of the neural networks (82) in
model 1.
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FIGURE 7: Surface curve of v(t, x) of the neural networks (82) in
model 1.

FIGURE 8: Surface curve of u(t, x) of the neural networks (82) in
model 2.
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FIGURE 9: Surface curve of v(t, x) of the neural networks (82) in
model 2.
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