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1 Introduction

In the past decade, the Hopfield neural networks have been thoroughly investigated.
Nowadays they are widely applied in several areas, such as imagine processing, commu-
nication engineering, and optimization. These applications mainly depend on the asymp-
totic behavior of the neural networks [1-5], especially their stability, and therefore more
and more authors study the stability of neural networks. The readers can refer to [6—10]
and their references.

Actually, many practical problems are related to the unstable neural networks, which
cannot be directly applied in engineering unless they are stabilized in advance. Hence,
various control strategies have been proposed in order to stabilize the unstable neural
networks, including intermittent control [11-15], pinning control [16], impulsive control
[17], finite-time control [18], and adaptive control [19]. Meanwhile, noise disturbance is
ubiquitous in the real world. As a result, an increasing number of authors have revealed the
positive impact of the white noise on the systems in recent decades [20—24]. For example,
Mao showed that noise can suppress an explosive solution for population systems in [25].
Also, some scholars have paid attention to the stochastic stabilization for neural networks.
Shen and Wang have utilized the white noise to stabilize the unstable networks in [26]. The
readers can refer to [27-29] for more details.

In the past decades, more and more scholars have realized that there is time delay =
between the observation time of the state and the arrival time of the feedback control.
Thus, time-delay feedback control has attracted more and more researchers’ attention
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[30-34]. It was Guo and Mao who first integrated the delay feedback control strategy with
the stochastic stabilization theory. Guo and Mao showed that the differential system is sta-
bilized by delay feedback control provided the time delay is no more than an upper bound
in [22]. Nevertheless, there are distinct characteristics in neural networks. It is significant
to investigate the stochastic delay stabilization for neural networks based on the network
characteristics. To the best of our knowledge, the stochastic delay stabilization for neural
networks has scarcely been investigated yet. Accordingly, tackling this issue constitutes
the first motivation of this paper.

Moreover, the intermittent control strategy has attracted some scholars [11-13, 35—40].
The networks are controlled by white noise during working time, and the white noise is
removed from the networks during rest time. The corresponding controlled system can be
regarded as a switching of a closed-loop subsystem during working time and an open-loop
subsystem during rest time. Intermittent control has its advantages over classic continu-
ous control. We cut costs by reducing the excessive wear of the controller due to long time
work. Presently there are several results applying intermittent control to networks [11, 12,
37]. Then a question arises naturally: Can we integrate the intermittent control strategy
with stochastic delay stabilization strategy? To date, there are few results available on this
topic since the simultaneous presence of the delay feedback control and intermittent noise
complicates the problem. As a result, the proposed approaches in existing literature can-
not be directly adopted. Thus, overcoming the difficulties stemming from delay feedback
control and intermittent noise is the second motivation.

Summarizing the above statements, this paper focuses on stochastic intermittent sta-
bilization based on delay feedback control for neural networks. Sufficient conditions for
almost sure exponential stabilization are obtained provided that the time delay is bounded
by 7o and intermittent rate ¢ satisfies 2, (=D + JAIK) < o2(1 - ¢) (D, A, K, and o will be
defined in Sect. 2, see [41] for more details). The main contribution of this paper lies in
three aspects as follows. (1) The stochastic delay stabilization for neural networks has
been investigated based on neural networks characteristic. (2) By the stochastic compar-
ison principle and It6’s formula, the stochastic intermittent stabilization based on delay
feedback control can be obtained. (3) We succeed in overcoming the difficulties mainly
arising from the simultaneous presence of the intermittent noise and delay feedback con-

trol.

2 Preliminary

Throughout this paper, unless otherwise specified, let (£2, F, {F;}:>0,P) be a complete
probability space with a filtration {F;};>¢ satisfying the usual conditions. Let t > 0, and
denote by C = C([-7,0];R") the family of continuous functions & from [-7,0] to R"
with the norm [|£]| = sup_,»-,1£(6)| < co. Denote by Lifo([—t,O];R”) the family of all
Fo-measurable C([-t,0]; R") valued random variables ¢ = {¢(f) : =t < 6 < 0} such that
sup_, <o EI¢ (8)|? < oo, where E| - | stands for the mathematical expectation operator
with respect to the given probability measure P. Let G = (gj),x». Denote G-= (i) nxn With
gii = max{g;;, 0}, g; = gy, and |G| = (Igyl) nxn-

Consider the unstable neural networks as follows:

x(t) = —~Dx(t) + Af (x(2)), 1
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where D = diag(dy, da, ..., dn), A = (@) s f (%) = (i(&1), f2(%2), o fu@a)) T, fi(-) : R — R is
an activation function. x(¢) € R”, the variable x;(t) represents the voltage on the input of the
ith neuron. Consider the following neural networks by aperiodically intermittent control

based on delay state observations:

dx(t) = (=Dx(t) + Af (x)) dt + X h(t)x(t — t) dB(¢),
h(l’) _ {1, telt;s;l,

0, te(sjtip1),i=0,1,2,...,

2)

where X = diag(o,...,0), B(t) is a scalar Brown motion, Xh(¢)x(¢ — t) dB(t) is an aperi-
odically intermittent controller. ¢ — #_; > 0 is the kth time interval length. The feedback
control isimposed on the networks in the time interval [#, s ), while the control is removed
in the rest of the interval [sg, x,1). Set ¢k = (£xe1 — &) (£xs1 — Sk), and ¢ = limsup,_ , . P
is the intermittence rate.

In order to analyze the asymptotic behavior for networks (2), we define the auxiliary
networks without delay observations:

dy(0) = (~Dy(e) + A () dt + Sh(e)y(t) dB(@). ®)

The key technique in this paper is the comparison principle. The pth moment difference
between networks (2) and (3) is estimated. The whole frame is based on two basic assump-

tions.

Assumption 1 Foreachi=1,2,...,n, there exists «; such that

O<M§Ki, u,veR.
u-—v

Denote K = diag(ky,...,ky,).
Assumption 2 A, (-D + |A|K) = SUP)| 41, xeR? xT (=D + |A|K)x > 0.
Remark1 If »,(-D+|A|K) <0, calculating the derivative of |x()|? along networks (1) gives

D*|x(0)|* = 26" () (~D + Af (x(0)))x(2)

n n n
= 2% (£)Dx(t) + 2 Z afki|x}| +2 Z Z |aijlicjloi ] ||
i=1

i=1 jij=1

=2([x]") ' 1(=D + A[K)[x]" = A, (=D + |A|K) [x(0)|* <0,

where [x]* = (|x1], [%2],.. ., |%4)7, and @; = max{a;;, 0}, a; = |a;|. This implies networks (1)
are stable.

3 Mainresults

The main results will be presented in this section.

Theorem 3.1 Let Assumption 1 and 2, (-D + |A|K) < 0*(1 — ¢) hold. System (2) can be
stabilized by stochastic intermittent control o h(t)X(t — t) dB(t) provided t < vy, where T
is the solution of (23).
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Proof We divide the proof into three steps for convenience. The main aim of step 1 is
to show the stability of system (3). The moment estimation on E|x(¢) — y(¢)|” has been
performed in step 2. We will show the stabilization by stochastic intermittent control with
time delay in step 3.

Step 1. We will show that system (3) is pth moment exponentially stable if p € (0,1 —
2i, (-D+|A|K)o~(1-$)™") is sufficiently small. Applying [t6’s formula to V = |y(£)|? yields

1
dv = {—plylp‘ZyTDy +plylP 2y Af () + Eozhz(t)p(p ~ 1y } dt

+ poh(t)|yl” dB(¢). (4)
By similar computations in Remark 1, we have

- 1
LV <plyl2y1" (=D + |AIK) Iyl + iozhz(ﬂp(p ~1)ly?

- 1
§p<k+(—D +AIK) + S0 h(B)(p - 1)) ylP.
For convenience, denote A1 = A, (=D + |A|K), then (4) can be written as
1
dp@|" < (Alp + 50 h(Oplp - 1)> @ de + poh(t)| ()| dB(2).

It follows from the stochastic comparison principle that

@] < |y(t)[” eXp{ (Mp - %poz) (¢ — to) + po (B(t) - B(to)) } to<t<so. (5)

Note that ¢ = sq,

o’ < o)l exp{ (mf _ %PUZ)(SO ~ t9) + por(Blso) - B(t) }

It is obvious that /(£) = 0, sg < t < t1, then we obtain

ly@)|" < [y(so)” eXp{ (Mp - %pzrﬂ)(t - SO)}

1
< |y(t0)|p exp{ ()qp - Epaz)(so —to) + A1p(t — o)

+ po (B(S()) —B(to)) }, So<t=<t. (6)

Applying Ito's formula to V;(¢) = 775 yields

1
dVi(2) = 51;9202\/1 dt + po Vi(t) dB(2).
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Simple computations show that EV; = et Taking expectation on both sides of (5)

yields

Ely®)]" < |y(t)]” exp{ (Alp - %azp(p - 1)>(t - to)}, to <t <so.

In the same way, using (6) yields
1
E|y(t)|p < ‘y(t0)|p exp{ (Alp + Eozp(p - 1))(30 — ) + klp(t—so)}, So<t<Ht.

Denote a1 = Ajp + %azp(p —1), g = Mp. For t; < t <s;, we can readily verify that

i-1 i-1
Epy®[" < yw)[” exp{al Z(Sk —tr) + oy Z(tk+1 —s) +on(t - ti)}

k=0 k=0

i-1 i-1
= [y(o) [’ eXP{al D A=)tk — t) + a Y Pt — te) + e (- ti)}-

k=0 k=0

It follows from the definition of ¢ that, for any ¢ > 0, there exists a positive integer N > 0
such that ¢ < ¢ + ¢ for any k > N. Consequently, for ¢; <t < s;, we have

Epy®|’

i1
< ’J’(to)‘pexpic+ Z (a1(1 = —¢) + (¢ + &) (trnr _tk)"'al(t_ti)}r (7)

k=N+1

where C is a constant. Similarly, for s; <t < t;,1, we get

i i-1
EPy@)]” < y(to)]” expyen Y sk — ) + @2 Y (taa — 1) + en(t = Si)}
k=0 k=0

i i-1
= y(eo) [P expian D (1= gi)(trar — ta) + 2 ) beltrar — ta) + evalt - 5:’)}

k=0 k=0
i-1

= [y@)["expy C+ D (11 = ¢ — &) + ar(@ +&)) (tar1 — 1)

k=N+1

+or(1— )t — ) +aa(t —s7) ¢ (8)
Combining (7) and (8), for every ¢ > 0,
lim sup % logE|y(®)|” < —(a1(1 - ¢ — &) + aa(¢ +©)). 9)
t— 00

Letting ¢ — 0 yields

1 1
lim sup n logE|y(t)|p <-y :p(kl - 502(1 -¢)1 —p)) <0.
t—00

Page 5 of 14
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Then we can claim that there exists a positive real number T; > 0 such that, for any £ — £ >
Tl)

Ely®)" <E[yt)[ e *7 ), t—to> T (10)

Step 2. The main aim now is to estimate the pth moment for solution process x(¢) and
the difference process x(£) — y(¢) between networks (2) and (3). Applying Itd’s formula to
lx(£)|? yields

x(8)|* < |x(to)|” + / t(ZxT(s)(—D + |AIK)x(s) + 02K ()x" (s — 7)x(s — 7)) ds
+ 20 /t h(s)x (s)x(s — T) dB(s).

Taking expectations on both sides, we have
2 2 ! 2 2 ff 2
E|x(t)| §E|x(t0)| +2A1 E|x(s)| ds+o E|x(s—t)| ds.
to to

Taking supremum on [ty — 7, £] gives

sup E‘x(u)’2§E|§|2+ sup E|x(t)‘2

to—-T=<u<t to<u<t
¢ 2 ¢ 2
§2E|§|2+2A1/ ( sup E|x(u)| )ds+02/ ( sup E|x(u)| )ds.
to ‘lo=uss to lo—T=uUss

Note that the right term of the above inequality is monotonically increasing for ¢ > £,
then we obtain

t
sup }5|x(t)|2 <2E|¢* + (20 +02)/ ( sup E|x(u)|2) ds.

to—T=<u<t tg “to—T=<us<s

The Gronwall inequality then gives

sup E|a(u)|” < 2e%107 0| ¢ )2, (11)

to—T=<u<t

By the Burkholder—Davis—Gundy inequality and the Holder inequality, we obtain

E( sup |x(t+u)—x(t)‘2)

0<u<rt

< ZE{ sup

t+u 2 t+u 2
/ [—Dx(t) + Af(x(s))] ds } + ZE{ sup / ox(s—1)dB(s) }
O<u<t|Jt O<u<rt|Jt

t

t+T +T
5zx§ff E|x(s)|2ds+802/ Elx(s—7)[* ds.
t t
Using (11) yields

E( sup |x(t+u)—x(t)|2)

0<u<rt
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<[4t (AT exp{(2h1 + 0%)T} +40) exp{ (241 + 0?) (£ — o) }JElIC 11, (12)

where 2, = sup,_; xT(D? + KT(x)ATAK (x) — 0.5DAK (x) — 0.5K7T (x)ATD)x, with K(x) =
diag(f (x1 /%1, f (x2/%2, . ... f (%u/x,)). It follows from the Holder inequality that

E( sup |x(t + u) —x(t)‘p) < Fi(t,p)exp{(pr1 +0.5p02)(t - to) }ENl¢ |17,

O0<u<rt

where Fi(t,p) = [At(A3Texp{(2A1 + 02)T} + 462)]%. Now we estimate the expectation
E(sup,, <<, |x(u)]?). The element inequality gives
2

x(5)| < 3|x(t0)|” + 323t - to) /t|x(s)|2 ds +30° /t|x(s -1)[*dB(s)

to

Taking supremum on [ty, £] and expectations on both sides yields

E( sup

tosu<

|x(u)|2> §3|x(to)|2+BA§(t—to)/ E|x(s)|2ds+1202/ Elx(s—7)|* ds.

Together with (11), we have

E( sup |x(u)|2> <

to<u<t

6(A%(t —ty) + 40?)
3+
2)\,1 + 02

(exp{ (241 + ) (t - to)} - 1)>E||§||2.

The Holder inequality then gives

4

(exp{(241 + o) (t - to)} - 1)) j15||¢ &

( 6(A%(t — ty) + 402)
3+

E( sup |x p)<
togup5t| (u)| - 2)\,1+(72

= Fy(t,p,t — to) | . (13)

Next we estimate the pth moment difference between networks (2) and (3). By It0’s formula
and the Holder inequality, we get

E|x(t) - y(0)|°

= Eft‘ {2(x(5) = 9(9)) [-D(x(5) — ¥(5)) + A(f (x(5)) = (5(5)))]

0+T

+ 02 H () (x(s — T) - ¥(s)) } ds

< 2()\1 + 02)/

to+T

t E‘x(s)—y(s)’zds+2<72/t E‘x(s—r)—x(s)’zds. (14)

to+T
Instituting (12) to (14) gives
t

Elx(®) - y0)* <2(31 + 0?) / E|x(s) - y(s)|* ds

to+T

+20°Fi(1,2) (241 + 02)_1 exp{ (20 + %) (t -1 - t)}. (15)
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It follows from the Gronwall inequality that

E|x(t) —y(t)|2 <(2xr + 02)_11-“1(1,2) exp{(2h1 +0?)(t— T — 1)}

x [20% +4(x1 + 0?) (exp{o*(t — T - t0)} - 1) |ElICII>. (16)
It follows from the Holder inequality that
E|x(0) - y(0)|" < Fs(z,p,t ~ to)E[C|IY,
where

F5(t,p,t — o) = (241 + 02)_1F1(r,2) exp{(ZAl + 02)(t -7 - to)}

x [20% +4(21 + 0?)(exp{o’(t -1 - t0)} - 1)]) . (17)
Step 3. Let x(t) = x(¢,20,¢), y(to + T+ T) = y(to + T + T, to + T,x(to + 7)) for simplicity.
Taking T = max{71, % log(zz'Sp )} with € € (0,1), assertion (10) gives that

€

4
Ely(to + 7 + T)|° < E|x(ty + 1) [P e2P@-30"UPA9NT < =377 (9¢210°)7) 2

ElglIP. (18)
The elementary inequality (x + y)? < 27(x” + y”) for x,y > 0 yields

Elx(to+ T+ T)]) <2PE|y(to + T+ T)|" + E|x(to + T+ T) —y(to + T + T)|".
It follows from (17) and (18) that

Elx(to + 7+ T)[f <22(e 37 (262 )5 4 Ey(r,p, T + 1) EllC |- (19)

Using the elementary inequality and (19),

Elx(to+2t + T)|" < 2PE|x(to + 7 + T)|

+2”E< sup ‘x(to +T+T+u)—x(tg+7 + T)|>

0<p=<rt
<E|x(to+ 7+ T)|" + 2°Fi(r,p, T + T)E|C||”. (20)

Using (19) and (20), we have

Elx(to+2t + )" < (ee(“"%"z)‘” +2°F\(t,p, T + 1) + #F5(t,p, T+ 1)) ElIC|P (21)

= G(t,6,p, T)E|IC|IF. (22)

Note that, for given ¢ € (0,1), G(t,¢,p,T) is a monotonously increasing function,
G(0,¢,p,T) =€ <1, and G(0,¢,p, T) — 00 as T — 0o. Now we claim that there exists a

unique 7o to the following equation:

cel@r 39T 2F (t,p, T+ 1) +#¥F3(t,p, T +7) = 1. (23)
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Note the left item of (23), it is monotonically increasing when we think of it as a function
with the independent variable 7, and it is equal to € if T = 0. As a result, equation (23)
has a unique solution if 79 > 0. Determine 7 € (0, 1), and ¢ € Ez}-to (£22,C([-7,0];R")) is an
arbitrary initial value. From 7 < 75 we can verify that

ce@ 3Pt | 2F (t,p, T +1) + 4 F3(t,p, T +1) < 1
and therefore we can find a suitable constant ¢ > 0 such that
ee(“*%"z)‘” +2°Fi(t,p, T + 1) +4°F5(t,p, T + 1) = e~c(T+20),
We obtain from (21) that
Elx(to + 2t + T)|" <e“TDE| ¢ |1 (24)

Next we discuss the solution x(¢) for ¢ > £y +27 + T. We know that there is a unique solution
to networks (2) for ¢ > £y — t. In other words, we can regard x(¢y + 2t + T) as the initial
value of x(¢) at t = £y + 27 + T. By (24) we have

Elx(to +2(27 + 7)) ‘p < e T 20E|x(ty + 27 + T)P.
Analyzing (24) and the equation above, we get

E|x(to +2(27 + 7)) ‘p < e 2dT2E | ¢ |1P.
After repeated iteration we have

Elx(to+c@t + T)) [ <e™™E|¢|IF, n=1,2,.... (25)
Moreover, we can verify that it is established if n = 0. Using (13) and (25), we have

E( sup () |") < BE|x(to + n8)|’ < Fae ™SE|¢IIF, n=0,1,..., (26)

to+nE <t<to+(n+1)&

where & = T + 2t and F, is defined by (13). Using Markov’s inequality and (26),
P( sup lx()]" = e‘%”cs) < e‘%”CEE< sup |x(2) |p>
to+nE <t<ty+(n+1)8 to+n& <t<to+(n+1)&

< Fye 2" CE|c P, n=0,1,....

Using the Borel-Cantelli lemma, we can verify that, for almost every w, there exists an
integer Ny = No(w) such that

sup |x(t)|p <e_%"CE, N > Nj.

to+nE <t<tg+(n+1)&

That is,

log |x(£)] log |x(2)] c
sup —< sup —_— <

=
to+nE <t<to+(n+1)& t tonE<t<to+(n+l)g  NE 2p
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For almost every w, we get

. loglx()l ¢
limsuyp —— <—— <0
t— +00 t 2]7

as desired. O

Remark 2 Shen and Wang studied the stabilization of recurrent neural networks by con-
tinuous noise (see [26]). Compared to the existing results, we show that neural networks

can be stabilized by intermittent noise with time delay.

Step 1 of Theorem 3.1 implies a sufficient condition on stabilization by stochastic inter-

mittent control without delay observations as follows.

Corollary 3.2 Let Assumption 1 and 2. (-D + |A|K) < 02(1 — ¢) hold. Networks (2) can
be stabilized by stochastic intermittent control h(t) X x(t) dB(¢).

Remark 3 Guo and Mao have discussed almost sure stabilization of delay differential sys-
tems by delay feedback control in [22]. Nevertheless, there is distinct characteristics in
delay neural networks. We can make full use of the network characteristics. Thus, it is
desirable to derive the stabilization condition. In this study the neural networks are sta-
bilized by aperiodically intermittent noise based on delay observations. Comparing with

the results in [22], we further integrate the intermittent control strategy.

When ¢ = 0, the white noise is continuous and Theorem 3.1 implies a criterion on sta-

bilization by delay feedback control.
Corollary 3.3 Let Assumption 1 and 21, (-D + |A|K) < 62 hold. Networks (2) can be sta-

bilized by delay feedback control Xx(t — t) dB(t) provided t > 19, where 1 is the solution
to (23).

4 Numerical example
A numerical example is presented in this section. We verify that the theorem above is

available.

Example 1 Consider two-neural networks:
dw(t) = (-Dx(t) + Af (x)) dt, (27)

where x(£) = (x1(t),%2(t))7, f(x) = tanhx, and the other parameters in networks (27) are

selected as follows:

D= 01 O ’ Az 05 05 .
0 01 0.5 06
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1500 T T T T T T T T T 300
p—
—x, 200
100 [
1000 - q | AJ
L A S A
-
: x 100}
=} 100
-200 [
500 [
-300 [
-400 [
0 o_
0 5 10 15 20 25 30 35 40 45 50 0 10 20 30 40 50 60 70 80
t t
(a) (b)

Figure 1 The left curve shows an unstable trajectory of X(t) generated by the EM scheme for system (27)
without feedback control, while the right one shows a stable trajectory for system (28) by continuous noise
with time delay T =0.015

300 T T T T T T T 6000
)l' —X 4
200 [ X[ 4000 [ —x,
100 1 2000 [
0 ¥ — e Ty 1J[‘ 0 L vt 4
X -100 q X -2000
-200 - 1 -4000
-300 1 -6000 -
-400 q -8000
-500 L L L L L L L -10000 t L L L L L .
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60 70 80
t t
(a) (b)

Figure 2 The left curve shows a stable trajectory of X(t) generated by the EM scheme for system (28) by
continuous noise with time delay T = 0.03, while the right one shows a stable trajectory for system (28) by
continuous noise with time delay T = 0.06. We can see that there is a slight difference between them

Figure 1(a) shows that networks (27) are unstable. The controller X4 (t)x(¢ — ) dB(¢) is
designed. That is,

dx(t) = (-Dx(t) + Af (x)) dt + Zh(t)x(t — ) dB(2),

1, te [t,‘,Sl‘], (28)
Oy tE(Si,tj+1],i=0,1,2,...,

h(t) =

where 7 =0.015, X = 0.21.

We take aperiodic controlled intervals [0,0.1] U [2.0,2.1] U [4.0,4.1] U [6.0,6.1] U
[8.0,8.1]U---, or [0,0.33] U [1.00,1.34] U [2.00, 2.33] U [3.00, 3.33] U [4.00,4.33] U [5.00,
5.34] U [6.00,6.33] U [7.00,7.33] U [8.0,8.33] U [9.00,9.34] U ---, or [0,0.9] U [2.0,3.1] U
[4.0,5.1] U [6.0,6.9] U [8.0,9.0] U - - - , the intermittent rates are 0.05,0.33, 0.5 respectively.
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Figure 3 The left curve shows an unstable trajectory of X(t) generated by the EM scheme for system (28) by
continuous noise with time delay T = 0.12, while the right one shows an unstable trajectory for system (28) by
intermittent noise with time delay T = 0.03, the intermittent rate ¢ = 0.05 on [0,10]
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Figure 4 The left curve shows a stable trajectory of X(t) generated by the EM scheme for system (28) by
intermittent noise with time delay T = 0.03 (intermittent rate ¢ = 0.33 on[0,10]), while the right one shows a
stable trajectory for system (28) by intermittent noise with time delay T = 0.03 (the intermittent rate ¢p = 0.5
on [0,10])

We draw four figures by Matlab. The networks are stabilized by continuous white noise
with delay observations (the time delay is 0.015 (Fig. 1b), 0.03 (Fig. 2a), 0.06 (Fig. 2b), re-
spectively), while they are not stabilized if time delay is 0.12 (Fig. 3a). We see easily that
the bigger time delay is better owing to less observation interval; however, the networks
cannot be stabilized by continuous noise if the time delay is big enough. We fix time delay
7 = 0.03 and switch the control strategy from continuous noise to intermittent noise, then
we change the intermittent rate ¢ (¢ = 0.05 (Fig. 3b), 0.33 (Fig. 4a), 0.5 (Fig. 4b), respec-
tively). The networks are stabilized when ¢ = 0.33 or ¢ = 0.5, while they are unstable when
¢ = 0.05. That is, the networks are unstable if the intermittent rate is small enough. The
networks work best when ¢ = 0.5.

The numerical example shows that the proposed methods are practical and efficient. We

observe the states less frequently and cut the costs by reducing the controlled time com-
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pared with the algorithm proposed by Mao (see [24]). The neural networks are stabilized
by aperiodic intermittent control with delay observations.

5 Conclusions

In this study, we have investigated the exponential stabilization for neural networks by
aperiodically intermittent control based on delay observations. First of all, by using the
stochastic comparison principle, It6’s formula, and the sequence analysis technique, we
show that the unstable neural networks can be stabilized by aperiodically intermittent
noise. Secondly, in terms of the characteristic of neural networks, we show that the net-
works are exponentially stabilized based on delay observations. Finally, a numerical exam-
ple is provided to illustrate the superiority and effectiveness of the proposed approaches.
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