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ABSTRACT In this paper, the diffusion effect, distributed delays and stochastic disturbance are involved
in constructing the model of neural networks. Then, the global exponential synchronization problem is
investigated for a class of reaction diffusion neural networks (RDNNs) with infinite distributed delays
and stochastic disturbance. By employing the stochastic analysis method and Lyapunov functional theory,
an adaptive controller is designed to guarantee the exponential synchronization of the drive and response
RDNNs. The derived synchronization conditions are simple and the theoretical results can be directly
extended to other RDNNs with or without distributed delays and stochastic disturbance. Finally, one example
is provided to verify the effectiveness of the theoretical results and adaptive control approach.

INDEX TERMS Adaptive synchronization, neural networks, reaction diffusion, infinite distributed delays,

stochastic disturbance.

I. INTRODUCTION

During the past several decades, various models of neural net-
works (NNs) have been put forward and applied in different
fields, such as the optimized calculation, associative memory
and image processing [1]-[4]. These successful applications
are heavily dependent on the dynamical behaviors of NN,
which the main cases are the stability and synchronization.
In addition, as a typical cluster discharge activity of neurons,
the synchronous behavior is closely related to the neural
information processing function [5]-[8]. Thus, it is critical
and necessary to study the dynamics, especially the synchro-
nization of NNGs.

The diffusion effects with spatial dynamic characteris-
tics should be considered in circuit design of NNs [9].
The main reason is that the magnetic field environment
of the electronic circuit simulating the NNs is often non-
uniform, which leads to the phenomenon of spatial diffu-
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sion of its electrons [10]-[12]. Then, a new kind of reac-
tion diffusion NNs (RDNNs) whose neuron states vary with
time and space simultaneously, is proposed [13], [14]. Cor-
respondingly, to sufficiently reflect this time-space feature,
the mathematical model of RDNNs can be described by
a partial differential equation. Therefore, dynamical anal-
ysis of RDNNs is necessary and difficult, deserving to
be further investigated. Recently, great efforts have been
devoted to analyze dynamical behaviors of various RDNNs,
especially the synchronization problem via different control
approaches [15]-[19].

Time delays are inevitable in light of the finite switch-
ing limits of neuron amplifiers and the signal transmis-
sion [20], [21]. Generally, they are unavoidably existed in
circuits of NNs and may result in undesirable dynamics, such
as instability and chaotic behavior [22]-[24]. Furthermore,
owing to the existence of massive parallel pathways with
extensive axon sizes and lengths, the delays are not suffi-
ciently described in the discrete form but in the distributed
form [25]. In other words, the distributed delays are more
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general and should be considered in models of RDNNs.
In [26], [27], the periodic solution and its stability were
discussed for RDNNs with continuous distributed delays.
In [28], [29], the stability was analyzed for RDNNs with
S-type distributed delays. In [30], [31], the stabilization prob-
lem was addressed for memristor-based RDNNs with finite
distributed delays via state feedback and intermittent control
methods. As is well known, the current behaviors of a neuron
relate to its entire past states, which gives rise to the exis-
tence of the infinite distributed delays [32]. Thus, it is more
reasonable to consider the infinite distributed delays in model
of RDNNSs.

On the other hand, in practical applications, the stochastic
disturbance is always encountered because of the complicated
environmental noise and interference [33]-[36]. Regarding
the RDNNs with stochastic disturbance, lots of research
works have been reported [37]-[41]. Moreover, by tak-
ing both the distributed delays and stochastic disturbance
into consideration, authors in [42]-[44] studied the stability
and synchronization of RDNNSs via the stochastic analysis
method. It is noted that the distributed delays in above papers
[42]-[44] are restricted to be finite and bounded. Up to now,
there is little work on the dynamics of RDNNs with infinite
distributed delays and stochastic disturbance, which deserves
further investigation and motivates the synchronization study
of this paper.

Considering the RDNNs with infinite distributed delays
and stochastic disturbance, the model is represented as
a class of partial differential stochastic systems with
mixed delays. Thus, it brings great difficulties to real-
ize the synchronization of this kind of systems. In this
paper, we aim to investigate the drive-response synchro-
nization for RDNNs with infinite distributed delays and
stochastic disturbance. The contributions are listed as
follows.

1) This paper addresses the synchronization problem for
a class of stochastic RDNNs with infinite distributed delays.
Since the model studied involves the diffusion effect, stochas-
tic disturbance and infinite distributed delays, it is generalized
compared to the stochastic RDNNs with finite distributed
delays in [42]-[44].

2) By employing the theory of partial differential sys-
tem and stochastic analysis method, the simple and easily
verified synchronization criteria are derived via a designed
adaptive controller. The comparisons over existing work
are provided in Remarks 4-6, which shows that the syn-
chronization results effectually complement or improve the
existing results of RDNNs with or without stochastic dis-
turbance. Moreover, the superiority of the adaptive control
approach compared with the linear one is also presented in
Corollary 1.

The rest of this paper is organized as follows. The model
and problem descriptions are given in Section II. The main
synchronization results of RDNNs via the adaptive controller
are given in Section III. Sections IV and V show the numeri-
cal simulations and conclusions, respectively.
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Il. PRELIMINARIES
In this paper, R", R and R denote the set of n-dimensional
Euclidean space, real numbers and nonnegative numbers,
respectively. For a constant n, let nt = {1,2,...,n}
(A, F,P) is a completed probability space with a natural
filtration {f;};>0 satisfying the usual condition. £ is the
mathematical expectation operator concerning the probabil-
ity P. 1 = {(u,uo,...,u) || < ri,i € I} is
bounded compact set with smooth boundary dIT and measure
mesIT > 0.

Consider the following RDNNs model with infinite dis-
tributed delays

I

Ay, 1) = [Z % @%) — dyxy(u, 1)

i=1

+ ) agfik G, 1)
k=1

+ ) b (e, t = 2 (1))

k=1
n t
+> cw / Kk (t — )f3e O (u, w))dw} dr
k=1 —©
(D
where s,k € n®,i e I* = {1,2,...,1}. x4(u, t) is the state

at space u and time ¢, and u = (u1, up, ..., u;)! € 1 c RL.
o > 0 is the transmission diffusion parameter. d; > 0 is
the self feedback connection weight, the parameters agy, bk
and cg are the connection weight coefficients, where by and
csk correspond to the delayed and distributed delayed ones.
Discrete delay Ax(¢) is bounded and the delay kernel Ky €
R4 is a continuous function. The activations f € R( =
1, 2, 3) are continuous functions.

Remark 1: Compared with the stochastic RDNNs model
with finite distributed delays in [42]-[44], the distributed
delays in our model are infinite, which implies wider range
of applications in practice.

The following assumptions are given for the activation
functions and delays in system (1).

Hl: For each k € nf, there exist positive constants
F1r, For, F3 such that

k@) = fix®)| < Fiely — x|,
2k () = o ()| < Forly — x|,
3k () — ()| < Faly — x|, 2

forall x,y € R.
H2: For each k € nf, there exist positive constants A1 and
A2 such that

0 < A(t) < A1, ag() <o < 1. 3)

H3: For each s, k € nf, there exists positive constant ¥
such that

+o0 +o00
/ Kg(w)dw =1, / K g (w)dw < 0o0. (4)
0 0
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Consider system (1) as the drive system, and involve
the stochastic disturbance, then the corresponding response
system is

I

3 ([ ayu,
dy(u. 1) = [Zg(aﬂ- > 3(;‘4 ’)) — dyys(n, 1)

i=1

+ Y asfier(u, 0) + Ag(u, 1)

k=1

+ D bafar e, t — 2 (1))
k=1
n t
+> cw / K (t — o)fsk i (u, w))dw} d
k=1 -

+ Z Osk (Vi (u, 1), vie(u, t — A (1)))dBi (1) (5)
k=1

where y,(u, t) is the state variable, o5 is the noise intensity
function, v¢(u,-) = yr(u,-) — xx(u, -), and the stochastic
disturbance B(t) = (Bi(t), Ba(t),...,B,(t)) € R"is a
Brownian motion defined on the complete probability space
(A, F,P), with E{dB(r)} = 0 and E{dB%(r)} = dr. As(u, 1)
is the external control input designed as

Ag(u, t) = Bs(u, Hvs(u, 1) (6)
with
3ﬁs;btts D —ys€™ |vs(u, 1)|P (7

where e is the base of the natural logarithm, r, y,, p > 2 are
positive constants for s € n®.

Then the following assumption is presented for the noise
intensity functions.

H4: For each s, k € nf, there exist 7y > 0, nsk > 0 such
that

Ay Y A a0 MR
losk (@1, €1) — osk (€2, €2)|” < twler — ea|” + nalér — éal

®)

forallej, é;, e, ér € R.

Remark 2: The noise intensity functions ogx(s,k €
n*) are of multiplicative case. The stochastic Brownian
noise with these functions can be regarded as a result
from the occurrence of the internal error of NNs circuits
and random fluctuation. Therefore, the noise intensity
functions o (s, k € nt) also rely on the state vari-
ables xi(u, t), yi(u, t), xg(u, t — A(®)), ye(u, t — Ar(t)) of
systems (1) and (5).

Remark 3: The control gains of the adaptive controller
can be adjusted to be optimized, which shows the superiority
compared with the linear state feedback control whose feed-
back control strength is fixed.

VOLUME 8, 2020

Then the following error system is derived from systems
(1) and (5).

I

dvy(u, 1) = [Z % <asiW) — dyvy(u, 1)

i=1

+ ) aghici(u, 1) + Ag(u, 1)
k=1

+ Z bgihox (Vi (u, t — Ar(1)))
k=1

n t

#3 e [ Kalt = ol w))dw}dr
k=1 -

3 0kl 0, vt £ — 2 ONABL(D) (9)
k=1

where i (vie(u, ) = fix Gk (u, ) — fix G (u, ), j = 1,2, 3.
The boundary conditions of systems (1) and (5) are
xs(u,t) = 0 and ys(u,t) = 0 for (u,t) € JI x
(—00, +00). The initial conditions of systems (1) and (5) are
xs(u, 1) = ¢s(u, w) and ys(u, 1) = Y5(u, w) for (u, ) €

I x (—o0, 0]. For v(u, t) = (vi(u, 1), va(u, 1), . . ., va(ut, )T,
define
v, D)l = ( /H D v, H|Pduy' /P, (10)
s=1

C(IT x (—o0, 0], R™) denotes the Banach space of continuous
functions, and for any ¢(u, w) € C, define the norm

n

ool =([ s Yl o)Pa'® (1)
—oo<w=0 "]

with p > 2, ¢(u, w) = ($1(u, ®), P2, ), ..., Pu(ut, w))"
and for s € n¥, gs(u, ) = Vs(u, w) — @s(u, w).

Based on (10) and (11), the following basic definition and
useful lemma are given.

Definition 1: The drive and response systems (1) and (5)
are said to be pth moment globally exponentially synchro-
nized, if there exist positive constants . > 0 and § > 1 such
that forany ¢, € C,t € Ry

Elly@u, 1) — x(u, DIIP < 8ENY —@lP)e™. (12)

Lemma 1 [10]: Give IT = {u = (uy, uz, ..., up)" |Ju;] <
ri,i €1 I1} with smooth boundary 0TI, constant p > 2
and function h(x) € C'(IT) with h(u)|sn = O, then for

iel*
2.2
‘ oh
/ |h(u)|ﬂ°dus¥ / AP~ 2= du. (13)
m m du

Ill. MAIN RESULTS

Theorem 1: Suppose that assumptions H1-H4 hold, then sys-
tems (1) and (5) are globally exponentially synchronized via
the adaptive controller (6).
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Proof: Construct the Lyapunov-Krasovskii functional

V(v(u,t),t)

= / Z Es |:gs(t) + 2£(ﬁs(uv 1+ Bs)z
n'— Vs

n
by |F' -1 !
+Z<| sk | Fax + (P )Usk/ e”)‘]gk(a))da)
t

part 1 =2 ()

0 t
+lesk [F3k / f e_nngk(—Q)gk(a))da)d9>i|du
—oo Jt+0
(14)
where g; > 0 is a constant, gs(¢) = €™ |vs(u, 1)|P, and BS isa
positive constant determined later.
By employing the It6 formula [35], the derivation of V()
is
dV(v(u, t),1)
= £V (v(u, 1), t)dr
+Vu(u, 1), Ho(W(u, 1), v(u, t — A(2)))dB(r) (15)
where
£VO(u, 1), 1) = Vi(v(u, t), 1) + V,(W(u, t), 1)
1
+5 tracelo” Viu(v(u, 1), e,

Vi((u, 1), 1) = M

o1
Voo, 1), 1) = (3"@(% 0.0 Vw10
vy vy
o vy ’
2
Voo (W, 1), 1) = <M) ’
VsV nxn
Q= (@ Q... ).

I

d Ivs(u, 1)
QS = Z a—ul ((xsi ;ui ) - dsvs(uv t)

i=1

n
+ 3 aghir(u, 1) + Agu, 1)
k=1

+ Z bsihor (Vi (u, t — A (1)))
k=1

n t
+) ca / K (t — w)hap (Vi (u, w))dw.
k=1 -
It follows

£V(v(u, t),t)

" 2l P _ 8v§(u,t)
s[H;ss{e f[5|vs(u,r>|ﬂ° 2<T+(p—1>

X Z o5 i, 1), vic(u, 1 — )»k(l)))> + 7 lvs(u, t)llp]

k=1

—p(Bs(u, 1) + By)gs(t)

180414

n
+ Z [e”lqbslezk + (P — Do)
k=1

x ( lgf(fz — it — ka))

0
+|Csk|F3k</ e " Ky (—6)gx(1)do
0
— / e_”erk(—G)gk(t—}-G)dG)inu

—00

n
< / Zesem{pws(u, DIP2vy(u, 1)
I s=1
I
d dvs(u, t) p
X ; B_M, (asia—ui) — Pds|vs(u, 1)
n

+ > plagvs(u, P g (u, 1)

k=1
+ 3 Dbl lvytat, DI e (v, £ — 2|
k=1
+ Y plewlIvs@u, HP™!
k=1
t
x / Kt — )3 (s )| doo
+ DBy, Dy, P + M vy, P2
X ) 0R ks 1), v, t = Ak(1)))

k=1
71 vs(u, I — p(B(u, 1) + Bo)lvs(u, 1)|P

+> [(|bsk|sz + (@ — Dnge)

k=1
(e’”l vk (u, £)|P
X _—

—m |vie(u, t — ?»k(t))lp>

+o00
+lesk | Fak < / " Ky (o) |vi(u, 1)|Pdw
0

t
—f K (t — w)|vi(u, a))|pdw>i|}du. (16)

—00
Based on H1 and H3, and the Young’s inequality yx <
1/o1 y°' + 1/oy x°2 for y > 0,x > 0 with constants
o1 > 0, 0o > 0 satisfying 1/01 + 1/02 = 1, one can obtain

> plagkvs@u, P~ i i, 1)

k=1

< Z lask [F1x((p — Dlvs(u, P + [vi(u, DIP), (17)
k=1

> plblIvsu, DIPT farvelu, £ = A (@)

k=1
< Z bk [For (P — Dlvs@u, OIP + [ve(u, t — e ())[P),
k=1
(18)
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n
> plewlvsu, nP~!

k=1
t
X\/
—00

< Y lealFa( — Divsu, DIP

K (1 — o) |fsr (Vi (u, w))|dew

k=1
t
+ / Kokt = o)lve(, )[Pdo), (19)
PR =D, P2 iaﬁ Ve, 1), v, £ = A (2))
) s\U, o sk s 1), ,
-1
= B Y@ = DIt P + 20w IP)

k=1
+05((P — D)y, DIP + 20y, t — 1)) (20)

By using the Green formula [45] and Lemma 1 in [10],
it follows that

1
_ 0 dvy(u, 1)
fn plvs(u, [P 2v‘v(u,t);a—m(as,- Z)u,- )du

1
4(p — Doi
= _Z(%T)afn vs(u, H|Pdu. (21)

i=1

Thus, it follows from (16)-(21) that

£V(v(u, t),t)
I

. 4(p — Do ’
s/zssem[(—zw—ﬁm—m—pm
I1
s=1

i-1 Pl

n
+> (0 — D(law|Fix + |bsk|Fax + les|F3e)

k=1

+ k; W(mk + nsk)) vy, )P

+ > (0 — Dralviw OF + Y lag |Fig v, )P
k=1 k=1

+> (0 — Dngelvic(u, t — ()P
k=1

n
+ D Ibsk | Faxvi(u, t = M (6)[P
k=1

n t
+Z|Csk|F3kf Ky (t — w)|ve(u, )|Pdo
k=1 -

+ ) (b Fax + (p — D)
k=1
A HIP
x(el'”M — it — Ak(rmp)
— A

+00
" K (w)vi (u, 1)|Pdw

n
+) |Csk|F3k</
k=1 0
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t
—/ K (t — w)|vi(u, w)|pdw>]du

i L 4 - Day
S/ Ze’”[&(—zp—zsurn
HS:]
n

- Ipds - Ip,gs
i-1 Pl

+ ) (@ = Dllaw|Fix + by |Far + |csk|F3x)
k=1

S (p-D(p-2
+Z w(fsk + 7)sk))

k=1 2

n
+) & ((p — Dty + lags|Fis

k=1
(|brs| Fag + (p — D)™
+
1—X

+00
+lcks| F3s / e”‘”Kks(w)dwﬂ vs(u, 1)[Pdu. (22)
0

Then, choose B; = (g5 — ZII»=14(]p — l)as,'/(]priz) +
T —pds + Y k(P — D(lask|F1x + |bs|Fox + lesk|Fax +
(P = 2tk + 15)/2) + oy &k/e(@ — Dris + las|
Fig + (bislFas + (p — Dme™ /(1 — 1) + |l
F3 f0+°° e"?Ky(w)dw))/p with constant ¢ > 0, it follows

n

LV, 1), 1) < — / Y €™ golvs(u, 1) Pdu
l_[szl

0.

IA

=

(23)

By taking the mathematical expectation of both sides
dEV(v(u, t), 1)

of (15), we can get < 0. Thus, for any

1t e R+, dr
EV(u,t),t) < EV(H(u,0),0), 24)
i.e.,
5[/ Z [vs(u, t)|]pdu]
I s=1
< SFe’” / Z (|vs(u, OIP + (B, 0) + B)?
& n— 2y
n (1bks| F2s + (p — D)
iz 1— A

1
0 n
"My, )[Pdo + ) |cxs| Fa

X \/
—M k=1

0 0
X / / "D (—0)|vy(u, a))|]pda)d9>dui|
—o00 JO

< ﬁe[ / sup I w)ﬂ’du}e—”' (25)
M —co<w=<0 s=1

where ¢ = ming{eg}, ¢ = max{e;}, and 7 = &/e max;
{1+ v+ Y3 ((bks|Fas + (0 — Dmig)e™01)/(1 —
x2) + D i (leks| Fas f0+oo e"“Kis(w)dw)}. v is a constant
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such that Z?:] p(ﬂs(u, 0) + ,3~s)2/(2)/s) =< VSUP_ 5o <w<0
Yoy 185, )[P).
Thus,

Elv(u, HIP < 7E|p(u, »)||Pe ™. (26)

In light of Definition 1, systems (1) and (5) are globally
exponentially synchronized under the adaptive controller (6).
The proof is completed. |

Remark 4: In [15]-[19], [32], [37]-[44], authors discussed
the dynamics for a class of RDNNs. Since the infinite dis-
tributed delays and stochastic disturbance are all taken into
consideration in the RDNNs model of this paper, the model
is generalized compared to the RDNNs without distributed
delays and stochastic disturbance. Moreover, our results are
also generalized and can be extend to other RDNNs with or
without distributed delays and stochastic disturbance.

Remark 5: Our results show the superiority of the ones in
[32], [41]-[44]. On the one hand, the synchronization criteria
in this paper are more simpler compared to the ones in [32],
[41], [43], [44] on account of the complicated calculation for
the criteria in [32], [43], [44]. On the other hand, simple syn-
chronization conditions are obtained for stochastic RDNNs
via adaptive control approach in [42]. It is worth noting that
our criteria are derived with infinite distributed delays while
the ones in [42] are with the finite distributed delays.

If the control gain B;(u, t) = f;, then the adaptive control
turns out to be the linear one. Then we can get the following
Corollary 1 from Theorem 1.

Corollary 1: Suppose that assumptions H1-H4 hold,
if there exists constant 8; < 0 such that

1
PAs— Y _ 4D — Dotgi/(pr}) + 7w — pd

i=1

n
+Y (- 1)<|ask|F1k + b | Far + lesk | Fak
k=1

-2 " &k
P 3 (Tox + 7]sk)> + Z 8_ ((]p — Dy
k=1 "%

(1bis| Fos + (D — Dy )e™!
1—2x

+00
+lcks| F3s / e”“’Kks(w)da))) <0, 27
0

+

+lags|F1s +

then systems (1) and (5) are globally exponentially synchro-
nized via the controller Ag(u, t) = Byvs(u, t).

Remark 6: 1t is obvious from Corollary 1 that the cri-
teria via the adaptive control approach is simpler and less
conservative compared to the criteria via the linear control
approach. In the following part, we will show that our results
still hold for stochastic RDNNs with finite distributed delays.

If the delay kernel function satisfies

I, 0<t=<p,

Ksk(t) = {0 t>p

180416

where p is a positive constant. Then the drive and response
RDNNSs turn out to be the following two systems.

I

Ay, 1) = [Z % @%) — dyxy(u, 1)

i=1

+ ) agficau, 1)
k=1

+ D bafar G, t — 2 (1))
k=1

n t
+3oew [ Autui w))dw]dt 8)
k=1 =p

and

1

dys(u, t) = I:Z i (asi Oyt t)) —dsys(u, t)

8ui Bu,-

i=1

+ ) asfiru, 0) + Asu, 1)

k=1

+ D bafar Grl, t — 2 (1))

k=1

n t
) c / FrOk(u, a)))dw} dr
k=1 t—p

+ 3 oV, 1), i,  — Ax(£)))dBi (1)

k=1
(29)
with the control input
A_S(ua t) = ,B_S(u7 t)VX(M, t)a
ad 1 _
% = 7€, 1) (30)

where the parameters are similar defined as in (5)-(7).

Corollary 2: Suppose that assumptions H1, H2 and
H4 hold, then systems (28) and (29) are globally exponen-
tially synchronized via the adaptive controller (30).

Corollary 3: Suppose that assumptions HI-H3 hold and
osk(,) = 0(s,k € n®), then systems (1) and (5)
are globally exponentially synchronized via the adaptive
controller (6).

Remark 7: Authors in [42] investigated the synchroniza-
tion problem for RDNNs with finite distributed delays and
stochastic disturbance via adaptive control approach. The
results in [42] can be obtained directly from Corollary 2.

IV. NUMERICAL SIMULATIONS
One example is provided to show the effectiveness of results
and the control approach.
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Example 1: Consider the RDNNs with infinite distributed
delays.

9% xg(u, 1)

EY — dsxs(u, t)

dxg(u, t) = |:as

2
+ Y asfula, 1)

k=1

2
+ ) bafwxu, t — ()

k=1

2 '
+> cw / K (t — o)fsi (u (u, w))dw} dr
k=1 -
(31)

where u € Il = [-4,4],01 = ap = 0.1,d] = dy =
l,a;1 = 2,a1p = —0.1,ay1 = —5,ap = 2.5,b;1 =
—1.3,b1p = —=0.1,b31 = 1,byp = —0.5,¢c11 = —0.03,¢c =
0.15,¢p1 = —0.2, ¢ = —0.1, the delays A (r) = €' /(1 +
'), Ky (w) = e, and activation functions fjx(-) = tanh(-)
forj=1,2,3,s,k=1,2.

Then under the stochastic disturbance and external control
input, the response system is

82 ys(us t)

8142 - Sys(u7 t)

dys(u, t) = |:05s

2
+ Y anfinOu, D) + A, 1)

k=1

2
+ ) bafu i, t — A1)

k=1

2 t
+ Z Csk / K (t — o)f3r (i (u, w))dw} dr
k=1 —o0

+ D o ru, 1), vic(u, t = M (£)dBi (1) (32)
k=1

in which o11(vi(u, t),vi(u,t — 21(®)) = 02 vi(u,t) +
0.3 vi(w,t — A1(®), 0122w, 1), valu, £ — Aa(1))) =
0211, 1), vi(u, t — 21(1)) = 0, 0002(u, 1), v2(u, t —
A1) = 03 va(u,t) + 0.2 va(u,t — Ap(2)). The other
parameters are the same as in the drive system (31).

Fig. 1 show the phase plot of drive system (31). It is
noted that the chaotic attractors are reflected in this figure.
Fig. 2 depicts the phase plot of system (32) with u = —2 and
Ag(u,t) = 0. The trajectories of the state variables y;(u, t)
and y,(u, t) of system (31) without any controller are shown
in Figs. 3 and 4. It is obviously that the response system is also
a chaotic system, and it is not stable without any controller.

Then to ensure the synchronization of drive and response
systems (31) and (32), the following controller is given as

Ag(u, t) = By(u, t)vy(u, 1),

0Bs(u, t
% = —5e" " v(u, O, (33)
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z2(—2,t)

y2(—2,1)

-0.3 -0.2 0.1 0 0.1 0.2 0.3
y(=21)

FIGURE 2. Phase plot of system (32) with u = —2 and As(u, t) = 0.

yi(u,t)

0 10 20

30 40 s0 4 u
t

FIGURE 3. The trajectories of y; (u, t) of system (32) without any
controller.

for s = 1, 2. Then the globally exponentially synchroniza-
tion of systems (31) and (32) via the controller (33) are
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10 20 30 il 4
i

FIGURE 4. The trajectories of y, (u, t) of system (32) without any
controller.

vy (u, t)

10 20 30 . o 4 4
¢

FIGURE 5. The trajectories of error state v, (u, t) between systems (31)
and (32) via the controller (33).

0.5

va(u, £)

0
L 20 30 0 s 4w

i

FIGURE 6. The trajectories of error state v, (u, t) between systems (31)
and (32) via the controller (33).

guaranteed based on the results of Theorem 1. The trajectories
of synchronization errors v (i, t) and v (u, t) via the adaptive

180418

FIGURE 7.

-0.5

Bi(u, 1)

0
10 20 30 i 4
'

Bo(u.t)

10 20 30 0 0 4
t

FIGURE 8. The control gain B, (u, t) of the adaptive controller (33).

v (u, 1)

e 20 30 40 4
¢

FIGURE 9. Under g4 (-, -) = 0(s, k = 1, 2), the trajectories of error state
vy (u, t) between systems (31) and (32) via the controller (33).

controller (33) are shown in Figs. 5 and 6. From Figs. 5 and 6,
it is easy to see that the error states tend to zero exponentially

VOLUME 8, 2020
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gains B1(u, t) and Ba(u, t) of the adaptive controller (33) are
given in Figs. 7 and 8.
Moreover, if g (-, -) = 0(s, k = 1, 2), then the synchro-

05

wa (i, )

-0.5

2 80 40 50 = u

nization of systems (31) and (32) can also be ensured on the
strength of Corollary 3. The trajectories of synchronization
errors are shown in Figs. 9 and 10. The control gains of the
controller are shown in Figs. 11 and 12 on account of the
condition og (-, -) = 0(s, k = 1, 2).

V. CONCLUSION

This paper has discussed the global exponential synchro-
4 nization problem for a class of RDNNs with distributed

delays. Compared with some existing determined models,

the stochastic disturbance has been taken into consideration

¢ and the distributed delays are infinite. By employing an adap-
tive controller, sufficient simple and easily checked criteria

FIGURE 10. Under gg (-, -) = 0(s, k = 1, 2), the trajectories of error state
V5 (u, t) between systems (31) and (32) via the controller (33).

have been concluded for the addressed drive and response

networks under stochastic disturbance. Finally, one RDNNs
model with chaotic attractors has been presented to show
the feasibility and validity of the proposed adaptive control

approach. Since the parameters of the drive and response
systems can not be identical in light of the complicated
environment of practical application, future work may study

-0.5
the synchronization problem of RDNNs with mismatched
. parameters.
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