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Abstract

In this paper, based on the theory of calculus on time scal@s@me basic re-
sults about almost periodic differential equations on ahperiodic time scales, a
class of BAM neural networks with variable coefficients aredfed on almost pe-
riodic time scales, some sufficient conditions are estabtisor the existence and
global exponential stability of the almost periodic satati Finally, two examples
and numerical simulations are presented to illustrate e¢asibbility and effective-
ness of the results.

AMS Subject Classifications:34N05, 34K14, 34K20, 92B20.
Keywords: Delayed BAM neural networks, almost periodic time scalepoaential
dichotomy, almost periodic solution, global exponenttabdity.

1 Introduction

In recent years, BAM neural networks have been extensivelgied and applied in
many different fields such as signal processing, patterogr@tion, solving optimiza-
tion problems and automatic control engineering. They heen widely studied both
in theory and applications. In [6,10,17, 24,28, 30], sonfégent conditions have been
obtained for global stability of delayed BAM networks, inl[26, 27]; the exponential
stabilities of stochastic BAM neural networks have beexlists in [22, 25]; the prob-
lems of passivity analysis for BAM neural networks have bieeastigated. Moreover,
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authors in [2, 9, 19, 23, 29, 31] investigated the periodicillzgory solution of BAM
neural networks. It is well known that studies on neural dgital systems not only
involve a discussion of stability properties, but also ireomany dynamic behaviors
such as periodic oscillatory behavior, almost periodidllagory properties, chaos, and
bifurcation. In applications, almost periodic oscillatas more accordant with fact.

In [3], the authors considered the BAM networks with varéabobefficients of the
following form:

(1) = —ai(t)zi(t) + ijifj(yj(t = 7ji)) + Li(t),

; (1.2)
/
Vi) = =bi(y; (8) + > aifilwit — 0i3)) + T;(8),
i=1
where;; ando;; are nonnegative constants= 1,2,--- ,n, j = 1,2,--- ,p. By

using a Banach fixed point theorem and constructing suitatapunov functions, some
sufficient conditions are obtained ensuring existencejueness and global stability of
almost periodic solution of (1.1).

The discrete-time BAM networks of the following form:

zi(n+1) = —a;z;i(n) + ch-jfj(yj(n — k) +1;,i=1,2,...,m,
7 (1.2)

i=1

has also been studied by many researchers (see, [5, 1820jgse papers, the authors
by using Lyapunov functionals or linear matrix inequaligghniques (LMI), some suf-
ficient conditions of exponential stability criterion arstablished. But they did not
consider the almost periodic solutions of (1.2).

In fact, both continuous and discrete systems are very itapbin implementa-
tion and applications. But it is troublesome to study thestxice of almost periodic
solutions for continuous and discrete systems respegtiviherefore, it is meaning-
ful to study that on time scale which can unify the continuand discrete situations
(see [8,11,12,16]).

However, to the best of our knowledge, there is no paper gl on the existence
of almost periodic solutions for BAM neural networks withriadle coefficients on time
scales.

Motivated by the above, in this paper, we are concerned \ughfallowing BAM
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neural network on time scales:
() = —ai(®)zi(t) + Y () £yt — miit)))
j=1
+L(t),teT, t>0,i=1,---,n,
yR(t) = byt + > ai(t)gi(xi(t — 04(t)))
=1
+L;(t),teT, t>0,5=1,---,m,

(1.3)

\
whereT is an almost time scale which will be defined in the next sectig(¢) and
y;(t) are the activations of th&h neuron and thgth neuron, respectively,;;, ¢;; are
the connection weights at time /;(¢) and L;(¢) denote the external inputs at time
gi, f; are the input-output functions (the activation functionishe delaysr;;(t), ¥;;(¢)
correspond to finite speed of axonal transmissig(,), b;(t) represent the rate with
which theith neuron andjth neuron will reset their potential to the resting state in
isolation when they are disconnected from the network ae@xternal inputs at timg
m, n correspond to the number of neurons in layers.

The system (1.3) is supplemented with initial values given b

xi(s) = ¢i(s), s € [-0,0|NT, ¥ = max  sup {ﬁij(t)}, 1=1,2,---,n,

1<i<n,1<j<m teT

yi(s) = ¢i(s), s€ [-7,0|NT, 7= max  sup {Tji(t)}, j=1,2,---,m,

1<i<n,1<j<m e

whereg;(-) andp;(-) denote real-valued continuous functions defined-efi, 0] N T
and[—4,0] N'T, respectively.

Remarkl.l WhenT = R, system (1.1) is a special case of system (1.3); whenZ,
system (1.2) is also a special case of system (1.3).

Our main purpose of this paper is first by using the exponlitaotomy of linear
dynamic equations on time scales, the time scale calcuamrand contraction fixed
point theorem to study the existence of almost periodictsmiag to (1.3). Then we
construct a suitable Lyapunov function to investigate thoaential stability of the
almost periodic solutions to (1.3).

Remarkl.2 In order to describe various real-world problems in phylsaca engineer-
ing sciences subject to abrupt changes at certain instantsgdhe evolution process,
impulsive fractional differential equations has been useithe system model. But, the
problem that how to establish the existence and stabilipimbst periodic solutions to
BAM neural networks with impulses on time scales is still ope

The organization of this paper is as follows: In Section 2,imisoduce some no-
tations, definitions and state some preliminary resultsiegen the later sections. In
Section 3, we study the existence of almost periodic satstmf system (1.3) by using
a fixed point theorem. In Section 4, we shall derive sufficartditions to ensure that
the almost periodic solution of (1.3) is globally exponalti stable. In Section 5, two
examples are given to illustrate that our results are féaaid more general.
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2 Preliminaries

Let T be a nonempty closed subset (time scaléRofThe forward and backward jump
operatorsr, p : T — T and the graininess : T — R™ are defined, respectively, by

ot)y=inf{se€T:s>t}, p(t)=sup{seT:s<t}, pwt)=oc(t)—t.

A pointt € T is called left-dense if > inf T andp(t) = ¢, left-scattered ifp(t) < ¢,
right-dense ift < sup T ando(t) = t, and right-scattered if(¢) > ¢. If T has a left-
scattered maximumm, thenT* = T\ {m}; otherwisel* = T. If T has a right-scattered
minimumm, thenT, = T\{m},; otherwiseT; = T.

A function f : T — R is right-dense continuous provided it is continuous attrigh
dense point irT and its left-side limits exist at left-dense pointslinlf f is continuous
at each right-dense point and each left-dense point, thisnsaid to be a continuous
function onT.

Fory : T — R andt € T, we define the delta derivative oft), y~(t), to be the
number (if it exists) with the property that for a given- 0, there exists a neighborhood
U of ¢t such that

[y(o(t)) = y()] = y> D)o (t) = 5| <elo(t) - |

forall s € U. Lety be right-dense continuous. ¥i* () = y(t), then we define the delta
integral by

A functionp : T — R is called regressive provideld+ u(t)p(t) # 0 for all t € T*.

The set of all regressive and rd-continuous functipnsT — R will be denoted by

R =R(T) = R(T,R). We define the set
RY=RYT,R)={peR:1+ut)pt)>0,VteT}

If » € R, then the generalized exponential functigns defined by

ex(t,5) = exp { / G <r<r>>m}

forall s, ¢ € T, with the cylinder transformation

{Log(1+hz) ith£0

En(2) = h

Z, if h =0.

Definition 2.1 (See [1]) Letp,q : T — R be two regressive functions. We define

p
L+ pp

pHg=p+q+ppg, Sp=-— , POq=p®(Sq).
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Lemma 2.2(See [1]) Assume thap : T — R is regressive. Then
(i) eo(t,s) = 1ande,(t,t) =1,

(i) ep(a(t),s) = (1 + p(t)p(t))ey(t, s);

—_

(i) e,(t,s) = o 5.0) = egp(s,t);

(iv) ey(t,s)ey(s,r) =ey(t,r);

(V) (ecp(t 5))™ = (Ep)(D)ecp(t, 5);

(vi) Ifa,b,c €T, then/b p(t)ey(c,o(t))At = ey(c,a) — ey(c, b).

Definition 2.3 (See [13]) A time scal€T is called an almost periodic time scale if
I:={reR:t+t7eTVteT} +# {0}
Throughout this paper, we always restrict our discussioalitwost periodic time
scales. In this sectioh; | denotes a norm dR".
Definition 2.4 (See [13, 14]) Let T be an almost periodic time scale. A functigne
C(T,RR") is called an almost periodic function if thetranslation set of
Ele,fy={rell:|f(t+71)— f(t)| <e, foralteT}

is a relatively dense set ifii for all ¢ > 0; that is, for any giverx > 0, there exists a
constant(e) > 0 such that each interval of lengtte) contains ar(¢) € E{e, f} such
that

|f(t+7)— f(t) <e, forallteT.

7 is called thes-translation number off andl(¢) is called the inclusion length of
Lemma 2.5(See [13,14)) If f € C(T,R") be an almost periodic function, thef{t)
is bounded ofT.

Definition 2.6 (See [13,14]) Letz € R™ and A(t) be ann x n rd-continuous matrix
onT. The linear system
z2(t) = A(t)x(t), t €T (2.1)

is said to admit an exponential dichotomy @nif there exist positive constarit, «,
projectionP and the fundamental solution matek(¢) of (2.1), satisfying

IX(t)PX ' (0(s))]o < keaa(t,o(s)), s,t €T, t > a(s),
I X(t)(I — P)X (0(s))]o < keaa(0(s),1), s,t €T, t < o(s),
where| - |y is a matrix norm (say, for example, # = (a;;)nxm, then we can take

Ao = (ii lay[2)?).

i=1 j=1
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Lemma 2.7(See [14]) Letc;(t) be an almost periodic function &b, wherec;(t) > 0,
—ci(t) e RT,Vt e Tand

iz, Upfe®) =m >0,

Then the linear system
xA(t) = dlag( - Cl(t)a _CQ(t)a T _Cn(t))x(t) (22)
admits an exponential dichotomy @n

Consider the almost periodic system
2 (t) = A()x(t) + f(1), t € T, (2.3)

where A(t) is an almost periodic matrix functiory,(¢) is an almost periodic vector
function.

Lemma 2.8(See [13, 14]) If the linear systen(2.1) admits an exponential dichotomy,
then systen(2.3) has a unique almost periodic solution as follows:

t +oo
z(t) = / X(t)PX ™ (a(s))f(s)As — X()(I = P)X " (a(s))f(s)As, (2.4)

t

whereX (¢) is the fundamental solution matrix ¢2.1).

Lemma 2.9(See [1]) Let A be a regressive. x n-matrix-valued function off. Let
to € T andy, € R". Then the initial value problem

y2(t) = A(t)y(t), y(to) = o

has a unique solutiop : T — R". Moreover, the solution is given by

y(t) = ealt, to)yo.

Definition 2.10 (See [8]) For eacht € T, let N be a neighborhood of Then we
defined the generalized derivati¢of Dini derivative), D"« (¢) to mean that, given
e > 0, there exists a right neighborhodd¢) C N of ¢ such that

u(a(t) —uls) _
() —s < Dtu”

for eachs € N(e),s > t. In caset is right-scattered and(¢) is continuous at, this
reduces to

(t) + e

DHul(t) = w.
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Definition 2.11. The almost periodic solution* = (z}, 25, ..., 25, vy, v, ..., y5)" of
system (1.3) is said to be globally exponentially stablehére exist constants and
M = M(X) > 1, for any solution

2(t) = (@1(0), 22(0), - 2a(t), y2(0), 2(0), - ym (1))

of (1.3) with initial valuep(t) = (¢1(t), da(t), ..., dn(t), e1(t), e2(t), ..., em()7T,
where

((bla G2y s (bn) S C([_ﬁv O]Tv Rn)v (9017 P2y @m) S C([_%v O]Tv Rm)

such that

S felt) (¢ |+Z|yj Ly ()] < MO mm(anz ||+Z||yi—y*||),
i=1 j=1

where

o =o'l = 32 max [6:0) = a7(0)]. 0 € [0, 0]

ly; — vl = de?i?éh l05(8) — y;(8)], & € [7,0]r.
=1 7T

Lemma 2.12(See [4,7]) Let N be a positive integer anB be a Banach space. If the
mappinge” : B — B is a contraction mapping, thepi : B — B has exactly one fixed
point inB, whereg” = ¢(¢™ ).

3 Existence of almost Periodic Solutions

We denote the radius of the spectrum of matfriky p(F’). Hereafter of this paper, we
use the following norm:

Il = masx { max sup ()], mesc sup Jy;(£)]}-

For convenience, we denote

Py = sup |pji(t)|, ¢ = sup [py;(t)], @ = sup |ai(t)],
teT teT teT

i = inf |a;(t)], by = sup |b;(t)], b; = inf [b;(2)].

a ?elT\a ()], b, ilelﬂp| i ()], bj ?el?r‘ i (0]

We make the following assumptions:

(Hl) az(t) > O,bj(t) > 0,pﬂ(t),qzj(t),ll(t),Lj(t),0 < 19”(15) < 19 0 < Tﬂ(t)
are all almost periodic functions dfy for ¢ € T,t — ¥;;(t),t — 7;(t) € T,¢
1727"' 7n7.j:1727"' m

Y

|| b

7
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(Hy) fj,9i € CR,R)(i = 1,2,---,n,j = 1,2,---,m) are Lipschitzian with Lips-
chitz constantg;, \; > 0, that is,

|fi(z) = ;)] < nylz =yl lgi(x) — gi(y)] < Nz —y|, Va,y e R

(Hs) mln{ mln a;, min b, } > 0,and—a;(t) € R", —b;(t) e RT, VLt €T, i=

1<] m

1,-- ] =1,
Theorem 3.1. Assume thatH;)—(H5) hold and
(Hy) p(F) < 1, where

A'PL 0

Fi= 0  BQA

(n+m)x (n+m)

Wlth A_l - diag(@l_laggla e ,le)nxn, B_l = diag(l_)l_lal_)Q_la T 79;11)me’
P = (p;—i)mxna
Q = <Q:]r)n><m7 L= diag(nlv M2, 777m)7A = diag(Ah )‘27 e 7)‘11)

Then systerfil.3) has exactly one almost periodic solution.

Proof. Let B = {z[z = (¢1, o, , ¢y, U1, Uy, - - ,\Ifm)T}, wherey; and ¥; are
almost periodic functions off with the norm

21l = max { max sup [4:(t)l, max sup|¥;(¢)]}.

Then,B is a Banach space. For any

T
z = Z(wﬂ,)T = (Q/}l"(?Z)Q’--- 7wn7\:[/17\1127"' 7\I/m) c B’

we consider the almost solutiag, v)r of the nonlinear almost periodic system

sz(t) = —a(! +Zpﬂ ()f;(V;(t = 75:(t)))
+I;(t), t GT 1=1,2,-

yi(t) = +Zng 9i(¥it = 955(1)))
—l—L()tET 3—1,2, ,m

(3.1)

Sincea; > 0,b; > 0, then by Lemma 2.7, the linear system

{ xi(t) = —a;(t)xi(t), (3.2)
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admits an exponential dichotomy. By Lemma 2.8, the solubibsystem (3.1) can be
expressed as

Z(‘”’W(t):{/_;@—a”f“ {Zpﬂ (5)15(¥(s = 7n(s >>>+11<s>}A5,...,
/;e—a"” {me )10 Tjn(s)))+fn(8)}As,
/;ebl“’ {Zqﬂ )g: (ti(s 21<>>>+L1<5)}AS,...,
/;“m” {Z%m $):(W1(5 — Dun(s))) + @}m}. 53

Define a mappin@ : B — B by setting
Dz(t) = 2(puyr(t), Vz € B.

In view of (H;)—(Hs), for anyz, z € B, where

Z = (Q/}la@b%“‘ 777Z)n711117\1127'” 7\I/m)T7
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< <ail(z77]p;r1 sup |W;(t) — \I/j(t”)a 7(%(277117;1 Sup |W;(t) — @](t”))
gy (2 P g, (2P 1,
n n T
o (3 vl s [0 = 0.+ 5 (30 Ngasu ) = (0 )
=1 - cmo iy 2
_ { A'PL 0 ]
0 B_l QA (n+m)x (n+m)
(500 194(0) = 10+ sup 0 (0) = B (1),
= Z—T T
sup [61(0) = B1(0)], . 5up [0n(t) = G 1)
= F(ts>u_p |W,(t) — Wy (t)], ,ts>u_p U, (1) — U, (¢)],
T
sup [41(1) = (0] -+ 5up [a(8) — a0
= £ 500 10 = ZOhnsal o+ 500 [00) = 2O
T
sup (6(0) = 2+ sup (6(0) = 20
< F(@ﬁ’im;“_% |(2(t) = 2(8)), -+~ | _max Sup, |(2(t) = 2(2))pl,
T
(x| sup |(2(t) = 2(8))pl, - -  Juax | sup |(2(t) — E(t))p\) ) (3.4)

whereF' is defined in Theorem 3.1. Lébe a positive integer. Then from (3.4), we get

[@'(=(t)) — @' (2(1))] < F( max sup |(®'7(2(t)) — T (E(H)))l,

1<p<n+myi>_3

max  sup |(DH(z(t)) — H(E()),),

1§p§n+m t>_7F

max sup \(q)l_l(z(t)) — CI)l_l(z(t)))pL -

1<p<nt+m > _y

max sup [(®'(z(t)) — @ll(i(t)))po ;

1<p<nt+m > _y

- F( max sup |(2(t) = 2|+, max sup |(2(6) = 2(0),

1<psntm >3 1<p<ntmys_p
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max_ sup |(2(t) — 2(),], -, _max sup|<z<t>—z<t>>p|). (35)

1<p<ntmy>_y ’ 1<p<ntmy>_y
From the assumption( ') < 1, we obtain

lim F' =0,

=00

which implies that there exist a positive integérand positive constai® < 1 such that

v o [APL o0 Y
- 0 B7'QA
n+m
= (hkp)(ner)X(ner)a Z hkp < @7 k= 1, ,n+m. (36)
p=1
In view of (3.5) and (3.6), one has
oYz~ V2| = max  sup  [@N(x(t) — 2V (2(t))

L<pntm > max{+0}

<  max {%hkp} max sup [(2(t) — 2(1)),]

1<k<n+m =1 1<p<n+m t>— max{#,9}

< O)z-72|.

This implies that the mapping” B — B is a contraction mapping.

By Lemma 2.12® has exactly a fixed point” in B such thatb(z*) = z*. By (3.3)
and (3.1),z* satisfies (1.3). So, system (1.3) has an unique almost pesotution.
This completes the proof of Theorem 3.1. O

4  Global Exponential Stability

Now, in this section, we denote thaf; = sup |p;i(t)], ¢;; = sup |py;(t)], a; = a* =
teT teT

inf |a; =07 =inf |b;(D)|, @ = oM = ()], b; = bM = (t)].

infJai(0)]. b = b = in ()], @ = 0l = supa,(1)], 5, = b} = sup (1)

Suppose that* = (x5, 25, - .25, ¥, va, -, ui) = (25,25, , 25" isan
almost periodic solution of system (1.3). In this sectios,will construct some suitable
differential inequality to study the global exponentialstity of the almost periodic
solution.

Lemma 4.1(See [15]) Let f € C(T,R) be A-differentiable at. Then
DF|f(6)|* < sign(f7(6)f2(t), wheref(t) = f(a(1)).

Theorem 4.2. AssumgH;)—<H,) and let7;;(t) = 7;:, U;;(t) = 95,
j=1,2,...,m, be nonnegative constants. Suppose further that

1 =1,2,...,n,
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(Hs) There exists a positive constamtsuch thatsup w;(a, t) < 0, supwj(a,t) <0,
teT teT
where

wia,t) = a+ 1+ apt)2ut) (@)’ —a) + > 1+ ap(t + ;)

s

1

j
(1+2u(t+19w)b Jea(t +Dij, g N, 1=1,2,...,m,

n

wi(a,t) = a+(1+a,u(t))(2u(t)(b )2 —b") —1—2 1+ ap(t+15))

=1
X (14 2u(t + 7ji)a )ea(t"'sza )P]mm J=12,.

Then the almost periodic solution of systénB)is globally exponentially stable.

Proof. According to Theorem 3.1, we know that system (1.3) has anstiperiodic so-

lution 2* = (z}, 25, -+, 2, y5, 05, -y ) = (25, 25,--+, 2, )" is an almost peri-

) “n+m

odic solution of system (1.3), suppose thét) = (z1(t), x2(t), ..., z,(t), y1(t), y2(1),

., ya(t))T is an arbitrary solution of system (1.3). Sett) — z}(t) = a;(t),i =
1,2,...,n, y;(t) —y;(t) = B;(t), s = 1,2,...,m. Then it follows from system (1.3)
that

O‘z‘A(t) = —a;(t ) + Zp]l (fi(y;(t = 75:(1))) — fi(y; (t = 733(2)))),
(4.1)
B (t) = - )+ Zng )(gi(xi(t = 955(1))) — gi(ai (£ — D55(1)))),

wheret € T, t>0,i=1,---,n,j=1,2...,m.Inview of system (4.1) and Lemma
41, fort e T,t>0,i=1,2,...,n, we have

Dffei(t)]* < —ai(t)sign(af (t))eu(t) + Zzpﬁmlﬁj(t — 7))
= —ai(t)sign(af (t)[af (t) — p(t)os ()] + f;p;m\ﬁj(t — 7))
< —allaf ()] + p(t)al o ()] + Zm:pﬁ-nﬂﬁj(t — i)
= —a™|ai(t) + p)a ()] + p(t)aM|a® ()| + ipﬁmlﬁj(t = Tji)l

< —aflaa(t)] + 2p(t)al o ()] + D plsl Bt = 730)]
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< 2u)(a")? = ai)|as(t)] + (1 +2p(t) Zpﬂmlﬁg — 7i)l.
Similarly, fort € T,t >0, j =1,2,...,m, we can also get
DHB0)> < )b = b8 ()] + (1 + 2u(t)b" Zq Al (E— 35|

Now, we construct the Lyapunov function

V(t) = Va(t) + Va(t) + Vs(t) + Va(t),

n

Vi(t) = Zea(t s)lai(t)],

B = 3 / (1+ (v + 752)) (1 + 2(0 + 7))

=1 j= Tji

X eo (v + Tji, 8)pim;1 65 (v)] Av,

Vs(t) = Zea(wﬂﬁj(t)

Vi(t) = ZZ/M 1+ apu(v + 93;)) (1 + 2u(v + 95)b)

=1 j=

xeq (v + Vij, 5) g5 Ml i (v) | Av,

Fort € T,t > 0, calculating the delta derivativ®™ V' (¢)> of V(¢) along system (4.1),
we can get

n

DR = Y [acalts)ai(t)] + ealo(t). ) D fou(t)|*

>~ {acalt, il + (1 + ap)ealt, s)| (2pu(a2)? = a)as(t)

i=1

+(1+ 200l Y pimil it - 70l | }

j=1

IA

n

= " [a+ O+ ap®)@u(t)(a) - a)ealt o)

(Lt ap(t)ealt,s) Y > (1+2ual )i 5;(t —751)]

i=1 j=1
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and

n

DTVA®R) < Z 1+ ap(t +75)) (1 + 2u(t + 750)aM ea(t + 751 s $)p31m;1 85 (1))

=1 j5=1
—(1+ ap(t))eq(t, s ZZ 1+ 2u(t)a) )plhn; | B;(t — 7).
i=1 j=1
Similarly, fort € T,t >0, j =1,2,...,m, we can also obtain

DYVAW) < 3 ot (1 ap(®)2u(®))? — b ealt, s)|8(0)

J=1

+(1+ au(t))eq(t, s ZZ 1+2/,LbM qw)\ i (t — Dy5)]

7=1 =1

and

DYVAR) < DO (1 +aplt + i) (1 +2u(t + 05)b )ealt + V5, s)gi5Ail i (t)|

7=1 =1
n

=1+ ap(®)ealts) D0 Y1+ 2B g Aol — 0|

By assumption (k), it follows that
D (V(t))* = D*(Vi(t) + Va(t) + Va(t) + Va(1))2

< X for ot anO) Oy et o)

7

+ (1 + ap(t + 7)) (L + 2u(t + 750)a;" Jea(t + i, 8)p;1B;(2))

M:
1

1 1

a+ (1+ap(t)(2u(t) (b)) - b}”)} ea(t, )| 5;(t)]

+

7

1

J

3

Ms

+ D (1t aplt +93) (1 + 20t + 93)b) Jealt + Dy, 5)q il (t)]

=1

Il
—_

o+ (1+au(t)(2u(t) (i) — af")

I
Ingb
.
| —

1
m

+ > (L4 aplt +95)) (1 + 20t + 955)b Nea(t + V55, ) g i [ ealt, s)|ai(t)]

j=1

)
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+Z[a+ +ap(t)(2u(t)(b7")* = b}')

+Z (14 ot + 753)) (14 2u(t + 755)aleq(t + 754, )pﬂm]ea(t s)|8;(t)]

=1
< 0,teT".

It follows thatV/'(¢) < V(0) for all t € T*. On the other hand, we have
V(0) = Vi(0) +V5(0) + V5(0) + V4(0)

n

B RSO 3 / (14 au(o + 75))(1 + 240 + 75)al™)

=1 =1 j=1
Xea(U+Tji7 )pjz‘anj( v)|Av

+Zea0$|ﬁj |+ZZ/ (1+ ap(v +055)) (1 + 2u(v + 055)b3)

i=1 j=1
et 4 0 A ()

n

Z{ea (0, s +Z/ (14 ap(v +95)) (1 + 2u(v + 9;5)bM)

=1

IN

Xeq (v + 1y, S)QijA@-Av} Jnax |ci(v))]

—|—Z ea(0, s +Z/ (1 + ap(v+ 7)) (1 + 2u(v + 75)al’)
Tji

et i AV max |(0)

€[—7,0]r
< 1@ s 100) -~ + Zver[nax o0 =501 ),
where
m_ 0
Dia) = m{ D43 [k an(o+0,) (0 + 2u(0+ 0,8
<i<n i —9;;
Xeq (v + 0y, s)q;;AiAv},
no0
Fa(a) = max «(0,s +Z/ (1 + ap(v + 7)) (1 + 2u(v + 755)al’)
<j<m i

Xeq(v+ T, s)pjmjAv}
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andIl’(a) = max{I'1(«), () }. It is obvious that

(Z |z (t) — 27 (t)| + Z ly;(t) )ea(t s) < V(t) < V(0)

gr(a)( " ax i (v |+Z max fii(v yj(v)\)-

— ve[—9,0]T vE[—7,0]T
i=1

Hence,

> lritt) HE]% (] < (o e%ts(EJm—xMEZMZyO

Sincel'(a) > 1, from Definition 2.11, the positive periodic solution of s® (1.3) is
globally exponentially stable. This completes the proof. O
5 Examples and Numerical Simulations

Consider the BAM neural network with delays

w2 () = —a(t +Zpﬂ () fi(y;(t — 15(t)))
+I()t€1I‘zn—12 m,

yR(t) = byt + > ai(t)gi(ai(t — 03(t)))
CL(), tET, j= 1,2, o,

(5.1)

wherel;(t) = sint, L;(t) = cos V3t, g;(z;(t — 9y;)) = %Sin(xi(t — i), [yt —
70) = cos(y(t — 7)) 1 €T A =5 =1 i=j =12
Example 5.1.ConsidefT = R, ¥;; = 7, = 0.003,i = j = 1, 2,

ai(t) = bo(t) = 2 —sint, as(t) = by(t) = 2 — cost.

Then
ay =a,=>b =b, =1

Let
p11(t) = 0.05sin v/2t, pia(t) = 0.1 cos V5, par(t) = 0.15 cost, pa(t) = 0.05sint.

qu1(t) = 0.25sinV3t, qa(t) = 0.05cost, g1 (t) = 0.05cost, gao(t) = 0.5sint.
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Then

0.05 0.1 0 0
0.15 0.05 0 0
0 0 0.125 0.025
0 0 0.025 0.25

F=

By a direct calculation, we know that /") = 0.2548 andw,(0.001,¢) = —0.8490 <

0, w2(0.001,¢) = —0.7240 < 0, w3 (0.001,¢) = —0.8490 < 0, w;(0.001,¢) = —0.7990

< 0. Thus, (H)—(Hs) are satisfied. According to Theorems 3.1 and Theorem 4s2, sy
tem (5.1) has an unique almost periodic solution, whichadaglly exponentially stable
(see Figure 5.1).

Example 5.2. ConsidelT = Z, ¥;; = 7;; = 0.001,i = j = 1,2,

ay(t) = by(t) = 0.02 4+ 0.01sint, as(t) = by (t) = 0.02 + 0.01 cost.

Then o
Let
pr(t) = 0.005sin v/2t, p15(t) = 0.001 cos V/5t,
po1(t) = 0.002 cost, paa(t) = 0.005sint.
@11 (t) = 0.001 sinV/3t, qu2(t) = 0.005 cost,
¢21(t) = 0.005 cost, ga2(t) = 0.001 sint.
Then

0.05 0.01 0 0

0.02 0.05 0 0
0 0 0.005 0.025
0 0 0.025 0.005

F =

By a direct calculation, we know that
p(F) =0.0641 < 1
and
w1(0.001,¢) = —0.0755 < 0, wy(0.001,¢) = —0.0755 < 0,
wi(0.001,¢) = —0.0719 < 0, w3(0.001,¢) = —0.0707 < 0.

Thus, (H)—(H5) are satisfied. According to Theorems 3.1 and Theorem 4s2esy
(5.1) has an unique almost periodic solution, which is gliglexponentially stable (see
Figure 5.2).



236 Yongkun Li and Chao Wang

y]—axis

time t Xmaxs

y,~axis
y,-axis

y,-axis -1 -05

x,~axis

Figure 5.1: Transient responses of states,, 1, y» in Example 5.1

6 Conclusion

Using the exponential dichotomy of linear dynamic equation time scales and the
time scale calculus theory, some sufficient conditions areveld to guarantee the exis-
tence and exponential stability of the almost periodic sofuto a class of BAM neural
networks with variable coefficients are studied on almosiopé time scales. To the
best of our knowledge, the results presented here have lmtappeared in the related
literature. Besides, the results obtained in this papesgsssfeasibility. Moreover, the
method in this paper may be applied to some other type neetrabmnks with or without
impulse on time scales.
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25

15

0.5

-0.5

y]—axis

y,-axis
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Figure 5.2: Transient responses of states,, y1, y» in Example 5.2
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