J Syst Sci Complex (2020) 33: 944-967

New Results on Interval General Cohen-Grossberg BAM

Neural Networks

AOUITI Chaouki - DRIDI Farah

DOI: 10.1007/s11424-020-8048-9
Received: 18 February 2018 / Revised: 14 November 2018
(©The Editorial Office of JSSC & Springer-Verlag GmbH Germany 2020

Abstract This paper is concerned with an interval general Cohen-Grossberg bidirectional associative
memory neural networks with mixed delays. Under proper conditions, the authors studied the existence,
the uniqueness and the global exponential stability of almost automorphic solutions for the suggested
system. The proposed method was mainly based on the exponential dichotomy of linear differential
equation, the Banach’s fixed point principle and the differential inequality techniques. The authors
illustrate with an example to demonstrate the effectiveness of the proposed findings.

Keywords Almost automorphic solution, bi-almost automorphic function, global exponential stabil-
ity, interval general CGBAM neural networks.

1 Introduction

Artificial neural networks (ANNs) has been widely investigated (see [1-18]). In 1983, Cohen
and Grossberg proposed one of the most popular ANNs called Cohen-Grossberg neural network
(see [19]). The study of dynamic behaviors of Cohen-Grossberg neural networks (CGNNs) has
quickly attracted many attention and new interesting results have been obtained: In [20],
Yang studied the existence and the global exponential stability of periodic solution for Cohen-
Grossberg shunting inhibitory cellular neural networks with delays and impulses. In [21], Xu,
et al. investigated the existence and the uniqueness of almost automorphic solutions of CGNNs
with delays. Paper [22], dealt with the existence and the exponential stability of pseudo almost
automorphic solutions for Cohen-Grossberg neural networks with mixed delays. In [3], the
asymptotic almost automorphic solution for impulsive Cohen-Grossberg neural networks with
mixed delays is analysed. In 1988, Kosko proposed bidirectional associative memories (BAMs)
as typical models of ANNs (see [23]). BAMs has been proved to have widespread applications
in various fields such medical image edge detection, medical event detection in electronic health
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records, diagnosis prediction in health care, pattern recognition and robotics (see [24-26]).
These applications heavily depend on the dynamic behaviors of BAMs that is why extensive
results have been proved: In [27], Xu and Zhang studied the existence and the global exponential
stability of anti-periodic solutions for BAM neural networks with inertial term and delay. Then,
in [28], they studied the existence and the exponentially stability of anti-periodic solutions for
neutral BAM neural networks with time-varying delays in the leakage terms. In [29], Yang, et al.
investigated the almost automorphic solution for neutral type high-order Hopfield BAM neural
networks with time-varying leakage delays on time scales. Paper [5], dealt with the existence
and the global exponential stability of pseudo almost periodic solution for neutral delay BAM
neural networks with time-varying delay in leakage terms. Paper [4] focused on the analyse of
the (u, v)-pseudo-almost automorphic solutions for high-order Hopfield bidirectional associative
memory neural networks. The reader can also see papers [30-32], and so on. The combination
of the two previous models gives Cohen-Grossberg Bidirectional Associative Memory neural
networks (CGBAMSs) which is our central model in this work.

In fact, time delay exists in practical dynamical systems, including ANNs, because neurons
cannot respond instantaneously (see [33, 34]). It can changes their dynamical behavior (see [1-
11, 35]). In this work, we look at two different types of delays (time-varying delays, distributed
delays) in the analysis of our main model.

Indeed, several real phenomena can be more or less periodic. Therefore, studying these
phenomena requires concepts that go beyond the concept of periodicity. From a mathematical
point of view, many mathematicians have proposed more appropriate classes of functions to
explain complex behaviors such as the class of Almost Automorphic functions (AA). This class
was introduced in the literature by Bochner, et al. (see [36, 37]). AA functions became an
attractive topic in the qualitative theory of differential equations because of their applications
in physics, mathematical biology, control theory, and other related areas. In neural network
theory, an important question can be asked: What will be the nature of output when all the
parameters are almost automorphic? A lot of research work has been published to answer this
question. However, interval general CGBAMs with almost automorphic connection weights have
never been investigated. This is a very challenging problem. Motivated by the aforementioned
discussion, in this paper we try to establish the dynamics of the system defined by the following

equations:
iy(t) = —a%(ﬂfi(t)){a%(ﬂ?i(f)) - Z by () f5 [ (t — 750), 95 (t — vji)]
- d Kt il (8),y;(s)]ds = Li(t) p, 1<i<m,
; / $)9; [5(5), 35 (5)] }

yj<t>=—a§-<xi<t>>{ Zb D2 [t = Cop)s ot — U]

- d Gyt Flai(s), yils)|ds — J;(t) p, 1<j<p,
; / —5)g7] yi(s)] } i<p

where i =1,2,---,n, j =1,2,---,p (n and p are the number of neurons in layers); ;(-), y;(-)
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946 AOUITI CHAOUKI - DRIDI FARAH

are the activations of the ™ and j*™ neurons; oj (), a3(-) represent the amplification func-

tions; al(+), a?(-) represent the rate with which the i and j*" neuron will reset their potential
to the resting state in isolation when they are disconnected from the network and the exter-
nal inputs; b3;(-), b%(-), dj;(-), dj;(-) are the connection weights, which denote the strengths
of connectivity between the cells j and i; 7j;, v, (5,9 > 0 are the constant time delay;
fjl(-,-), 20,9, gjl»(-, ), gjl»(-, -) are the activation functions; Kj;(-), Gi;(-) are the transmis-
sion delay kernels; I;(+), J;(-) denote the i" and j*® component of an external input source
introduced from outside the network to the cell 7 and j respectively.

The system (1) is supplement with initial value given by:
x;(8) = ¢i(s), s € (—00,0],
yj(s) = wj(8)7 s € (_007 0]7

where ¢;(-),¥;(+) are continuous functions on (—oo, 0].

(2)

Remark 1.1 Our motivation for this letter stems from the fact that the system in Equa-
tion (1) can exist in many applications of science or engineering. The success of these applica-
tions relies on understanding the underlying dynamical behavior of the model.

Our main purpose is to present new criteria concerning the existence, the uniqueness and
the global exponential stability of almost automorphic solutions for System (1) by using the
exponential dichotomy theory, the Banach fixed point and the differential inequality technique.

Remark 1.2 Our principal contributions are:

The choice of model in Equation (1) is significant since it includes Hophold neural networks,
BAM neural networks, cellular neural networks and Lotka-Volterra competition models
as special cases. We generalize the results of papers [1-5, 11, 27, 38].

The class of bi-almost automorphic functions is never used in the theory of neural networks.

The study of the existence, the uniqueness and the global exponential stability of the almost

automorphic solutions of system in Equation (1) is firstly put forward.

The research for the almost automorphic solutions of dynamic systems are complicated. The
fundamental property of uniform continuity is not verified. Our findings improve many
results reported in the literature (see [20, 21, 27, 31, 38-42]).

The rest of this paper is organized as follows: In Section 2, we give useful definitions,
assumptions and lemmas. Section 3 is devoted to establish new criteria for the existence, the
uniqueness and the global exponential stability of almost automorphic solution of system in
Equation (1). In Section 4, a numerical example is given to illustrate the feasibility of the
obtained results. We conclude with remarks.

2 Preliminaries

Throughout this paper, we will use the following concepts and notations. BC'(R, R™) denotes

the set of bounded continued functions from R to R™.
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Note that (BC(R,R™),| - |loc) is a Banach space where || - || denotes the sup norm
| f lloo:=sup [[f(2)]-
teR
For the sake of simplicity, we adapt the following notation: For f € BC(R,R), let

fr=sup[f(B)l, fo=inf|f(t)].
teR

teR

Definition 2.1 (see [38, 43]) A continuous function f : R — R” is called almost au-
tomorphic if for every real sequence (s, )nen, there exists a subsequence (s,)nen such that
g(t) = limy, oo f(t + $p) is well defined for each ¢t € R and lim,_,o g(t — sn) = f(t) for each
t € R. The collection of all almost automorphic functions which go from R to R” is denoted by
AAR,R™).

Definition 2.2 (see [44]) A continuous function F(t,s) : R x R — R"™ is called bi-almost
automorphic if for every real sequence (s}, )nen, there exists a subsequence (s, )nen such that
G(t,s) = limy, oo F(t+$n, s+sy,) is well defined for each ¢, s € R and lim,,—, oo G(t— 58y, 5—8,) =
F(t,s) for each t,s € R. The collection of such functions is denoted by bAA(R x R,R™).

Remark 2.3 (see [44]) o If f € C(RxR,R) and f(¢,s) = g(t—s) for some g € C(R,R"),

then f € bAA(R x R,R™).

e The concept of bi-almost automorphic function is a natural generalization of the function
f(t,s) having the same period in the two arguments, that is f(t +7T,s +T) = f(s,t) for
all t,s € R for some T' € R\{0}.

Example 2.4 (see [44]) f(t,s) = sin(t) cos(s) is a bi-almost automorphic function from
R xR to R.

Definition 2.5 Let z € RP and Q(¢) be a p x p continuous matrix defined on R. The
linear system

' (t) = Q(t)=(t) 3)

is said to admit an exponential dichotomy on R if there exist positive constants b, and pro-

jection P and the fundamental solution matrix X () of (3) satisfy
[ X () PX " (s)|| < be 2% fort > s,
[X(#) (T —P)XY(s)| < be 29 fort <s,

where [ is the identity matrix.

Lemma 2.6 Let ¢;(-) be an almost automorphic function on R. For each 1 <i <mn,

t+T
Mle;] = TEIE T/ ci(s)ds > 0,
o t

then the linear system

2'(t) = diag(—c1(t), —ca(t), -, —cn(t))a(t) (4)
@ Springer



948 AOUITI CHAOUKI - DRIDI FARAH

admits an exponential dichotomy on R.

Lemma 2.7 The inhomogeneous linear system

a'(t) = —c(t)x(t) + f(t)

has a unique bounded solution for a vector f € C(R,R"™) if and only if the inhomogeneous linear

system (4) has exponential dichotomy.

Throughout this paper, it will be assume that:

Forall 1 <i<mn,1<j<p,bj(), dj;(-), b;(-), di;(-), L(-), Ji(-) € AA(R,R) and we
introduce the following fundamental assumptions.

Assumption 1 «}(u) are uniformly continuous functions and there are positive constants
al*, al, such that 0 < o), < al(u) < o}, Vu € R, i = 1,2,--- ,n. a?(u) are uniformly
contlnuous functions and there are positive constants a? such that 0 < a < of ( ) <

] *YueR, j=1,2,---,p.

Assumption 2 al(u), i=1,2,---  n, are uniformly continuous functions and there exist

positive constants a}*, al, such that al, < a’%(u):z’l’(”) < al*,Vu,v € R, u # v, a}(0) = 0. a2(u),
1
x

j ,Oé~*

Jj=12--- p, are unlformly continuous functions and there exist positive constants a a

such that aj* < J(uifzj @) < a?*, Vu,v € R,u # v, a; 2(0) = 0.
Assumption 3 For all 1 <i<n, 1< j <p, there exist a nonnegative constants numbers
L Ml LI M, L9, MY, LY, MY, for all o, y, u, v €R, such that

[ @y) = flu)| < LYz —ul+M] [y —v],
2 (@y) = fRu) < L] |o—u| +M] |y - v,
9} (z,y) — gj (u,0)| < LY [z —u | +M] [y —v],
197 (2, y) = g7 (u,v)| < LY | o —u | +MI |y —v].

Assumption 4 For all i € {1,2,---,n},j € {1,2,---,p}, the delay kernels K;;,G;; :
[0,400) — R are almost automorphic, integrable and there exists a real number A such that
—+o00 —+o0

Kji(m)dm = Gij (m)dm = ].,
0 0

+oo +oo
/ MM K i (m)dm < oo, / MM Gyj(m)dm < oo.
0 0

Assumption 5

p
r:max{max{ ! LY L]+ M)+ di (L + M) o) }

1<i<n
- = 7,* Z*jzl

27 f f 2% (T 9 g
1@%{ §_1 (b7 (L] + M) + &2 (LY + M) a7 }}<1.

Now, we need the following lemmas.
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Lemma 2.8 (see [43]) Let ¢(-) € AAR,R), a € R be a constant. Then ¢(- — a) €
AA(R,R).
Lemma 2.9 (see [43]) If ¢, € AA(R,R), then we have

v+ € AAR,R),
¢ x 1 € AAR,R).

Lemma 2.10 If f}(-,-) € C(R x R,R) satisfies Assumption 3, z(-),y(-) € AAR,R), 7,v
are nonnegative constants then f; [z(- = 7),y(- —v)] € BAAR x R,R™).

Proof — x(-),y(-) € AAR,R™). Let (s},),,cy be a sequence of real numbers. By hypothesis

we can extract a subsequence (s, )nen of (s,),,cy such that:

lim z(t—74+s,)=a'(t—7), VeR, lim 2'(t—-7-s,)=a(t-7), VtER

n—-+oo n—-+o0o
and
hrf y(t—v+s,) =y (t—v), VteR, lirf yl(t—v—s,)=yt—v), VteR.
Obviously,

{f [ (t—7+4 sn), (t—v—i—sn)] —fjl[xl(t—T),yl(t—v)H

_Lﬂa: (t =7+ 8,) — (t—71)| +Mffy(t—v+sn)—y1(t—v)| — 0 when n — +o0.
Therefore, lim; o f] [#(t =7+ sn), Yyt —v+s,)] = fi [#*(t —7),y (t — v)]. By the same way,
we have

tgnm fj1 [2'(t—T—sn), 4"t —v—5,)] = fj1 [z(t —7),y(t —v)].

Then, f} [z(- = 7),y(- —v)] € BAAR x R,R™).

Lemma 2.11 Assume that Assumption 4 holds. For all 1 < i < n, 1 < j < p, if
zj(-),y;(-) € AA(R,R™) then the function

t— / Kji(t 93 [ZJ( )s yJ( dS = / K )gg [33] (t —s),y;(t — 5)] ds € AA(R,R").

Proof  Suppose that

/ it — )95 [25(5), 35(5)] ds. (5)

Our goal is to show that &;;(-) € AA(R,R™).

Let z;(-),y;(-) € AA(R,R™), by using Lemma 2.10 we have s — g; [z;(s),y;(s)] belongs on
bAA(R xR,R™). Now, let (s},), cy be a sequence of real numbers. By hypothesis we can extract
a subsequence (sy,),,cy Of (s,),,cy such that for all ¢,s € R:

lim Kj;(t— s—l—sn):K]li(t—s), lim K (t—s—s,)=Kji(t—s)

n—-+oo n—-+oo

@ Springer



950 AOUITI CHAOUKI - DRIDI FARAH

and
Jm g [25(s + 50), 55 (s + sn)] = g5 [25(5),95(5)]
Jim g [5(s = sn), (s — sn)] = g5 [25(5), 9 (5)].
Pose
/ Kji(t = )93 [5(5), ()] ds.
Obviously,

t+sn,
(@5t + 52) — BLy(1)] = \ | = s s oo s ) ds

/ K it — 5)g! [5(5), 5 (s)] ds

_ ‘/ Kji(t —u)g; [z (u+ sn), y;(u+ sp)]du

/ Kt — 5)g! [5(5), ()] ds

< / Kji(t —u)|g; [z (u+sn),y;(u+ sn)] — g [2;(u), y;(u)] | du.
Using the Lebesgue dominated convergence theorem, we obtain
lim  &j(t+ sn) = D},(1).

By the same way, we have
lim 451 (= sp) = Dji(t).

n—-oo

Then, @”() S AA(R, Rn)

3 Existence, Uniqueness and Global Exponential Stability of Almost
Automorphic Solutions

In this section, we start by studying the existence and the uniqueness of almost automorphic
solution of system in Equation (1).
. . . . 1 .
By Assumption 1, the antiderivatives of 1( (t)) and o2 (5 (1)) exist.

Then we choose an antiderivatives F}(x;) of and F2( y;) of

FJ.Q(()) = 0. Obviously, (F})'(z;) =

() with F}(0) =

1
oty A 7Y (49) = oz -

By aj (zi(t)) > 0, o3 (y;(t)) > 0, we see that Fl( i), F?(y;) are strictly monotone increasing

respectively on x; and y;.

2( i (8)

By derivative theorem for inverse function, there exist an inverse functions (F}!)~!(x;) of
F}(z;) and (F7)~'(y;) of F}(y;) which are continuous and differential.
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Moreover, we have ((F}!)71(z;)) = al(zi(t)) and ((Fz)’l( ;) = af (yj( )). Denoting
(F) () (t) = fz;?t)) wi(0), (F2) ()W (0) = a0y = v5(0), we get (1) = (F1) ™ (ui(1))
and y;(t) = (F2) L(v;(t)). Then, we get:
ii(t) = —aj (F)~ +Zb it = 750)), (F7) 7w (E — v54))]
/ Kji(t — )g; [(F) ™ wi(s)), (F7) vy (s))]ds + Li(t), 1<i<mn,

yj(t)z—af((‘ +Zb O F2[(FD ™ il = i), (FF) ™ st = 945))]

S0 / Gyt =) [(FD) ™ o)), (F) ™ (og(s))]ds + 5(0), 15 <,
By using As;urlnption 2 and the mean value theorem, we have
a} (FD) ™ u) = [} (B 7 B )))] walt) = @ (s () ue(t).
where §; is a constant such that 0 < §; < 1.
a3 (ED) ™ (1) = [33(FD) 7 B0y ()] w5(0) = B w0y (),

where 6; is a constant such that 0 < 6; <1.
Substituting this into (6) yields,

ialt) = - +Zb st = 50)), (F2) 05t = 030)]
/ O

yj<t>:—a3-<vg<>> 50+ 8 O [(F) (it = ), (D) (st = 03)]
+id / Gijlt — )62 [(F1) ™ (wils)), (FD) vy (s)]ds + J;(8), 1< <p.

Remark 3.1 Evidently, System (1) has a unique almost automorphic solution if and only
if System (7) has a unique almost automorphic solution. Then we only need to consider the

almost automorphic solution of System (7).

By the Lagrange theorem we have
[(FD) 7 w) = (ED) 7 )] = [[(FH ™ 0+ 0:(u = )] (u =)
= |a} (v +0i(u—v))|[u—v]
and
[(F2) 7 (w) = (F) ™ ()] = [[(F) ™ (v + 0;(u — v))] (u — v)|

= |a?(v—|—9j(u —v))||u —v|.

@ Springer



952 AOUITI CHAOUKI - DRIDI FARAH

By Assumption 1, we get
aj,u—of < [(FH™Hu) = (F)7H0)] < ai*fu -],

(2

o |u—v| < |(F})" (w) = (F}) " (v)| < of”

Combined with Assumption 2, we obtain

alal < a; ((Fl)_l())] < alral*

% gk —= 3

02,02, < [a2((F2)71())] < a¥*a?".

For any arbitrary vector Z(t) = (w1(t),z2(t), -+ , 2, (), y1(t), y2(t),- -+ ,yp(t))T, we define the
norm

1<5<p

12600 = maox { e Gl (015 ma: Qs -

Theorem 3.2 Under Assumptions 1-5, System (7) has a unique almost automorphic
solution in the region

A= {Z S AA(R,Rn+p), HZ_ ZO”oo < ITM }7
- T

where
fjoo e f: ai(@l(u))dull (S)ds

fj e~ [l an(en(wdu (5)ds

Zo(t) =
0( ) fjooe Jlag Wl(“))d“Jl(s)ds

[ e LT )

Proof Define the nonlinear operator Oz : AA(R,R"™?) — AA(R,R"*?) as follows: For
all Zi,pyr = (01,92, P, 1,2, -, Up) € AAR,R™FP),

fjoo e~ fst ai(tpl(u))du-lﬂll (S)dS
fi e j: a;(‘PH(U))dul—% (S)ds

Oz(t)=| "> ’
z(t) [t e @i )dur(s)ds

Ife I ai(%(“))durg(g)dg
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T s,00) = S84 ()L IFD)  els = 730)), (F2) (5 (5 — 030))]
j=1
X2 / K s — w)gd [(F1) (i (), (F2) ™ (3 (w))]du + Li(s),
1<i<n,

I (s, p9) = b]()fQ[(Fl)’l( i(s = Gij)), (F7) ™ (0(s — 94))]

i=

+) d” / Gij(s (D) (s (), (F2) )] e + 5 (s),

I/\s
. H
I/\

K2

For all1 <i<n,1<j<p, by using Lemmas 2.8-2.11, the functions 'l and I’j2 are almost
automorphic.
Suppose that Assumptions 1-5 hold. Because M[aj] > 0, M[aF] > 0, the linear system

i(t) = —a; (ui(t)ui(t), 1<i<mn,
§;(t) = =@ (&) (v; (H)v; (1), 1<j<p,

admits an exponential dichotomy on R. By Lemma 2.7, System (7) has a unique almost auto-
morphic solution Z(, ,yr which can be expressed as follows

Zw,w(f):( / o™ Ji attutm) d’”[Z FD T (s = 730)), ()7 (5(s = vjn)]
+Yode) [ Konls = migd (7)) <saj<m>>,<Ff>1<wj(m>>]dm+11<s>}ds,---,
j=1

JI [Z DL () FELED M s (s = 73n)), (F2) (5 — vgn)]

. 2

+>d o [ " Kals = m)g [(F1) (o m)), (F2) (0 (m))] dm + Ms)} s,
/ e—f:a%<v<m>>dm[Zb§1<s>ff[<F1> Yo — C)), (F2) (s — 900))]

+Y 0 06) [ Guals = mlg? (D)7 (), (7)) + J1<s>] ds, -
i—1 —o0

| efﬁai<v<m>>dm[Zb%p@ff[(ﬂl You(s — G (F2) (s — 93)]
DAL / Gipls — m)g?[(F}) 1<soi<m>>,<Ff>—1<wi<m>>]dm+Jp<s>]ds).
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One has
M = ||Z||
t
= max{sup max { / e Jia (“(m))dmh(s)ds };
teR 1<i<n oo
t
sup max {‘/ e[S alm)dm 5 (5) g }}
tER 1<ji<p 50
t
< aj,a;,(t—s) )
max{igﬂglrgixn{ /_Ooe I;(s)ds },
—a? (t—s)
sup max HEEN J;j
teD€1<J<P{ ()ds }}
Jj
< max{ max ; max .
1<i<n a}*a}* 1<j<p ag*og*
After

rM
HZHSHZ—ZOH-FHZOHS B —|—M.

Set A = {Z € AAR,R"™P) : | Z — Zo|| < M 1. Clearly, A is a closed convex subset of
AA(R,R™P). We have, for 1 <i<n, 1 <j<p,

|6z(t) — Zo(t)]|

:ma"{i‘éﬂ% s {] [t [Zb I M pils— 730 (F]) ™ (Ws(s—v50)]
ais) [ Kl - migh (7)) <saz~<m>>7<Ff>-1<wj<m>>]dm]ds};

sup max {‘ / e—f.:a?wm»dm[zb ()2 [(FL) ™ s — G, (F2) (w55 — 9i5)]

teR 1<j<p

gmax{wp max{ /m f“w»dm[z;b I ED ils—m50) (F2) ™ (s =)

teR 1<i<n

s ) [ Gt = migtrn) 1<ui<m>>7<Ff>1<vj<m>>]dm]ds
i=1

3l [ Rl = mla} (B o), () )] e s
P oo
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bupmax{ / fﬁa?@ﬂm”dm[gb? R IED ™ (wils = G))s (7)™ (305 = 939))]]

1<5<
teR JI=p i—1

+;|d O [ Gusts = mla? () Custm)) (B oy )] s

P

Lxr f ! 1x Le A,

<max{1r£ia§xn{ ol Zl b L —I—M) dji(L?+Mj'q)]aj },
7,* Z* j:

1 Ko .
m{a 73 (L] + M)+ a3 (L + )] o }}|Z|| =)z,

i=1
then @z € A.
We next prove that the mapping 6 is a contraction mapping of the A. Let Z, Z € A,

|6z(t) — 6z(1)]|
= max {ﬁﬂgfgﬂxn{‘/;e et dm{ibz { (FN 7 (i (s=750)), (F7) (W (s—v34))]
_fjl [((FH7H@5(s — 754)), (FA) M (s — v50))] }
) [ st = m{ g} [ o) (F) s )

up max{‘ / tﬂvﬂm”“[ébz(s){ﬁ[(Fi> il — Go)), (F2)" (s — 93y))

—gj[<F1> 55 (m), (F2) ™ (& (m))]d }ds

teR 1<j<p

R B — o))y (B2 (s — U>>]}
+Y ) [ Gt m>{gf (D) (i (m)), (F2) (s (m))]
i—1 —o0

f

~@[(ED T @im)). () (ds(m))] dm}ds

1 &
< k(7 f f 1x/79 g .
_max{lrgag(n{a ol ; (b (Lj + M) +d;i (L] + M; )] },
2+t f 2% (79 g\ 2% o= z
25 { o, SO 0]y a2+ 22 |17 - 21 =2 - 21,

i=1
which prove that © is a contraction mapping. Then, by virtue of the Banach fixed point
theorem, O has a unique fixed point which corresponds to the solution of system in Equation (7).
The proof is completed.

Remark 3.3 To the best of our knowledge, there have been no results on the almost
automorphic solutions for interval general Cohen-Grossberg BAM neural networks with time-
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varying coefficients and mixed time-varying delays until now. Hence, the obtained results are
essentially new.

Now, we establish new results for the global exponential stability of almost automorphic
solution of system in Equation (1).

Definition 3.4 Let Z*(t) = (x7(t),z5(t), -, 25 (t), yi (t),y5(t),--- ,y;(t))" an almost
automorphic solution of system in Equation (1) with initial value

¢*(5) = (¢1(5), 93 (s), -+, 05 (5), 95 (5), 83 (s), -, W (s) T

If there exist a positive constant A and M > 1 such that for every solution Z(t) = (x1(¢), z2(t),
Tn(t),y1(t),y2(t), - ,yp(t))T of system in Equation (6) with any initial value ¢(t) =

(©1(8), =+, on(s8),P1(8), -+ ,¥p(s))" satisfies
lz—2* <M ¢—0" e, [ly—y ISM|d—¢" e, Vt>0,

then, Z* is said to be globally exponentially stable.

Theorem 3.5 Under Assumptions 1-5 and Theorem 3.2, the unique almost automorphic

solution of system in Equation (7) is globally exponentially stable.

Proof  Suppose that Z(t) = (x1(t),z2(t), - , 2, (), y1(t), y2(t), - -+, yp(t))" be an arbitrary
solution of system in Equation (6) with initial value ¢(t) = (p1(t), p2(t), -, ©n(t), V1 (t), Y2 (1),
-, (t))T. Tt follows from Theorem 3.2 that system in Equation (1) has one and only one
almost automorphic solution Z*(t) = (x}(t), x3(t), - -+ , 5, (), yi (t), y5(t), - ,y;(t)T € A, with
initial value 6°(£) = (5 (1), @3(0) -, £5(8), 01 (6), 050, -, (6) . Let Us(t) = us(t) — u (1)
and Vj(t) = v;(t) —vj(t), for i =1,2,--- ,n, j=1,2,---,p.
Similarly to 7, we have

((F ( ) — a2((F2) "1 (vi (1))
= [a2((F2)7 (vi () + 0V;(1)))] Vi (t)
= B2(V;(£)V;(¢)
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such that ﬁf(VJ(t)) = [a?((FjQ)*l(v;‘ (t) +6V;(t)))], 0 < 6 < 1. Then, we have

Ui(t) = —BHU)Ui() + Z DL L TR ™ g = 7300, (F2) ™ (w5t = 03)]
~FED T (e~ S, (F2) w5t — 050)] )
+§d / Ki(t = m){ g} [(F1) ™ (us(m), (F2)~ (v (m)]
—gj[wl) <j< m), (F) 7 (15 ]}dm 1<i<n, ®
Vi(t) = B2V, +Zb {f2 ) (it~ G). (F2) ™ (wilt — 935))
P2 - G (F 2)*@:&—%))]}
+Zd / Giy(t = m){g? [(F1) ™ (s (m)), (F2) ™" (wi(m))]

[(Fl) Hui (m)), (F7) ™ (v; (m))] }dm, 1<j<p.

The initial conditions of System (8) are

Ui(t) = pi(s) —pi(s), s€(-00,0], 1<i<m, 9)
‘./j(t):w(s)j_w;(sl s € (—O0,0], 1<j<p

Fori=1,2,---,n,j=1,2,---,p,w € [0,400[, let I}, I'}, be defined by

I}w) = alaf, —w— i b}f(LfeWw + Mjfe“j““ dl*/ Kji(t — u) (L + MY )e"" du %
Jj=1* |
and
P2w) = o —w- Y b?;-“(Lf oS0 - M e + iy / Gyl — (L + M) .
i=1 —o0 J
In view of Assumption 4, fori =1,2,---,n, j=1,2,--- ,p, we obtain
IH0) = alof, — Ep: [bl*(Lf + M)+ dl*/ Kji(t —u)(L9 + Mg)du]a >0,
j=1
I2(0) = a?,0?, — znj {bfj(L{ + M)+ dZ / Gij(t —u) (LY + Mg)du} a? > 0.
i=1

Both, IT'}(.) and ff() are continuous on [0, oo[ such that I'!(w) — —oo when w — 00,
Jer > 0 such that I'}(ef) = 0 and I'l(g;) > 0 for g; € (0,¢}) and Ff(w) — —oo when
w — 400, 3¢; > 0 such that I'7(¢F) = 0 and I'7(¢;) > 0 for ¢; € (0,¢).

By choosing 7 = min{eg, €7, ,€},,¢7, 5,5+, ¢y}, we obtain
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We can choose a positive constant A € (0,7) such that

Lol _/\Z{bl* Lf ATji MjfeAuﬂ dl*/ G” t— )(L9+Mg) )‘mdm}a <1,

Bk gk

)\Z{bz* (L] + M) +d2*/ Kji(s — u)(L] + M)e )‘mdm}a <1.

aj.of,
Multiplying Equation (8) by e~ Jo Bi(Ui(m)dm g = Jg 87 (Vi(m)dm 5nq integrating on [0, t], we
get

Us(t) = U;(0)e Jo A1 (U:(m))dm

s [fetin wl“m”dm{ [Z b3 () {3 LD ™ s = 750)), (F) ™ (035 = 05))]

=1

A s = ) ) 5= )]
+Zd / K5 = m){ g} [(F) s m). (F) oo

_gjl[ m))7 (FJQ)_l(U;(m))]dm}d& 1<1<n,

V;(t) = V;(0)e” Jo B3 (Vi(m))dm
t jO 7 m))am - 2,3 2 Al _111,'3— . '2_11}'8— ..
+ [ et {[ZM >{ 2[(FN) (s — G))s (F2) " (wn (s — 03]

PN (s — o)) (F2) 7 (w5 (s — 047)] }
+ ) [ Gt m){gf[(ﬂl)—%ui(m)), (F2)~ (0s(m))]
i=1 —o0

—g; (BN (ui (m)), (F}) " (v (m))] dm}d& 1<j<p.

Let

al.al

V= max{ e S [b(L] + M)+ dip (L9 + MY)]al
- Jg=1 "33 \"=g Ji T J J

2 2
aj, o, }

1r£1a<x n 2% (1 f f 2% (T 9 9\ 2%
SE DY [bu (L; + M)+ di; (Li + M; )] o

Besides, V t € (—o0, 0],

[T <Ne™ | ¢—o* |, (10)
[V <Ne™|[¢—o*].

We claim that, for ¢t > 0,
101 < Ne™ | 6= g ||, -
[V I<NeM|¢—o" |,
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If (10) is false, then there must be some t; > 0 some i € {1,2,--- ,n}, j € {1,2,---,p}, for any
p > 1 and some k such that

IUt) | =pN [ 6—9¢* e, (12)
[V(t) | =pN || ¢ —¢* | e,

and

U@ | <pN | ¢—¢* e, Vi€ (—oo,ta], (13)
V@) <pNIl¢—o"[[e™™, Ve (—oo,t].

Now, we have the following:

Uy (0™ 13" L 0y

o [ et [ {5 [ e i 9 = 03
-1} [(Ff)l(u;%s — ), (2:-2)1@;(8 ~u)|}

o) [ Rtm{ab | (B o = ), (727 0yt = )|

Vi) =

—g}- [<ﬂ1>—1<u;<s — ), (F2) 7 (0} s — m»] im s

1 1 t 1 *
<llo—o¢" [[e o +/ om (1™ 5)“”“”{ > b (LS + M) |6 -9 |
0

j=1

dl* S [ KL+ 282) 6= 0 L am b

<| ¢ = ¢* | e~ trai e

ty
+/ —(t1 g)a”a”{Zbl* Lf (s— T7l)>\+Mf (s— U“))\)pN || ¢ ¢ ||
0
J=1

dl* / Kju(m)(LS + MO)e ) dmpN || 6 — ¢° |}

t1
Slo—or et 4 / e (NI lpN [ §— ¢ |
0

P 00
{ S M) 4 3 [T+ M
: 0
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1 P
< pN “At1 ) J(A—al,ai )t 1% Lf ATji Mf Avji
o o- o e {o N abal, - 2o (T M)
S ! f
* Am * ATji Avji
+d}; / Kji(m) (LY + M{)e*dm o ] +al*%_AZ{b1 (Liemit + M e vst)
dl*/ Kji(m)(LY + MY) Amdm}a }
P
soNflo-g o] S e agen)
l* 1,* J:1
+d1*/ Kji(m)(LY + M) Amdm}a }
<pN || ¢—¢* [[e. (14)
We can easy obtain some upper bound of |V;(t1)| as follows:
Vi(t)] < pN || ¢ — ¢* || e (15)

(14) and (15) contradict (11), then (10) holds. Letting p — 1, then (11) holds.

Hence, the almost automorphic solution Z of System (7) is globally exponentially stable.

4 Numerical Example and Comparisons

In this section, to illustrate the feasibility of our theoretical findings obtained in previous
sections, we give a numerical example. Consider the following interval general CGBAM neural

networks with mixed delays:

T;(t) = —Oél(ﬂﬁi(t)){a}(ﬂ?i(t)) = b0 [t = 7ii), i (= i)

Jj=1

/ Kt = g} [y (5) a5 (6))ds = T . 1< <2

2

i) = —a?(asi(t) {a Zb 012 [t — Gt — 03)]

—dej(t)[ Gij(t — 8)g7 [zi(s), yi(s)] ds — Jj(t)}7 1<j<2.

For all z,y € R, 7,5 = 1, 2, we have:

. 0.4 + 0.1 cos(z;(t))
(0 (zi(t))1<i<2 = 0.4 — 0.1 cos(z;(t)) 7
(a3 (y;(t)<j<e = ) ’

0.4 — 0.1sin(y;(t))
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(@ @i = | 2
02331(15)

(a5 (y;(t)h<j<e = 0-4;(1) 7
O.4yj(t)

Ti=v =Gy =Yy =Ll =M] =L{ =M =L] = M =L = M} = 0.5,
Kji(t)=Gy(t) =", [fi(z,y) =gj(z.y) = fl(x,y) = g; (x,y) = sinz +siny.

1
b;(t) - 0.04 cos 2+sin t+sin /2t 0
‘ . 1 ’
0 0.04 sin 24-cos t4cos V2t
1
d}.(t) = 0.04 cos 2+sin t+sin V2t 0
) . 1 ,
O 004 Sil 2+-cos t+cos \/3t
cost
Ii(t) = ;
sint
: 1
sz (t) = ( 0.04sin 2+-cos t-+cos /3t 0
g . 1 ,
0 0.04sin 2+cos t+cos V2t
2 — 0.04 sin 24-sin t::sin V3t 0
(1) = o |
0 0.04 sin 24-cos t+cos /5t

According to Theorem 3.2 and Theorem 3.5, the system in Equation (1) has a unique almost
automorphic solution, which is globally exponentially stable.

The simulation results can be seen in the following figures: Figure 1 depicts the numerical
simulation of (1,2, ¥y1,y2) for system in Equation (1), Figure 2 represents the orbit of (1, z2)
for system in Equation (16), Figure 3 represents the orbit of (y1, y2) for system in Equation (16),
Figure 4 represents the orbit of (z1, z2,y1) for system in Equation (16), and Figure 5 represents
the orbit of (x2,y1,y2) for system in Equation (16).
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00

Figure 2 Orbit of (z1,z2) of system in Equation (16)

Figure 1 Solutions (x1,x2,y1,y2) of system in Equation (16)

Figure 3 Orbit of (y1,y2) of system in Equation (16)
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Figure 5 Orbit of (x2,y1,y2) of system in Equation (16)

Remark 4.1 1) Figures 1-5 confirm that the proposed conditions in our theoretical results
are effective for this example.

2) The global exponential stability meaning the study of the behaviors of trajectories
(z1, 22, Y1, y2) with initial conditions respectively (0.5,0.1, —0.1, —0.5).

5 Comparison with Previous Results

In [32], the authors investigated the dynamics behavior of a class of interval general BAM
neural networks with multiple delays. Based on the fundamental solution matrix of coefficients,
inequality technique and Lyapunov method, they derived sufficient conditions to ensure the
existence and the exponential stability of anti-periodic solutions of the suggested system. The
model studied in [32] is without distributed delay. a;,b; are constants (not time dependent).
In our work, we dealt with general Cohen-Grossberg BAM neural networks with mixed delays
(transmission delay and distributed delays) so, our model is the most general. The analysis
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methods are totally different than the methods used for paper [32]. In [31], the author stud-
ied a class of general BAM neural networks with multiple delays. Employing the exponential
dichotomy theory, fixed-point theorem, and constructing suitable Lyapunov functionals, some
criteria are established to ensure the existence and the global exponential stability of pseudo
almost periodic solutions. However, the class of almost automorphic functions covers the class
of periodic, almost periodic and pseudo almost periodic functions. Our outcomes are essentially
new and generalize previously results in [31, 32]. In [39], a class of general Cohen-Grossberg
BAM neural networks has been investigated. The existence of periodic solution for the sug-
gested systems have been obtained. By observing Figures 3-10 of paper [39], we see that
the dynamic behavior of the solutions (z1,z2,y1,y2) of Systems (4.1) and (4.2) are perfectly
periodic. However, in this paper, we deal with almost automorphic solutions, Figures 1-5,
affirm our main results, they show an almost automorphic behavior and not a periodic behav-
ior. Roughly, our results generalize enormously many previous works in the aforementioned
references ([31, 32, 39]) and are very significant.

Remark 5.1 In light of Theorems 3.2-3.5, the existence, the uniqueness and the global
exponential stability of almost automorphic solution of system in Equation (1) are obtained,
indicating that the sufficient conditions in both theorems can be used to solve optimization
problem by converting object function into energy function. Our results are important because
system in Equation (1) have significant applications in pattern completion, classification, feature
detection, data compression, approximation, control, and so on (see [45-47]).

6 Conclusions

In this paper, a class of interval general CGBAM neural networks with mixed delays have
been dealt with. By using the exponential dichotomy of linear differential equation, the Banach
fixed point principle and the differential inequality techniques new sufficient conditions for
the existence, the uniqueness and the global exponential stability of the almost automorphic
solutions have been established. Finally, in the numerical example section, one can easily see

that the simulation support our theoretical findings.
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