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Abstract. Synchronization and control are two very important aspects of any dynamical systems.
Among various kinds of nonlinear systems, competitive neural network holds a very important place
due to its application in diverse fields. The model is general enough to include, as subclass, the most
famous neural network models such as competitive neural networks, cellular neural networks and
Hopfield neural networks. In this paper, the problem of feedback controller design to guarantee
synchronization for competitive neural networks with time-varying delays is investigated. The goal
of this work is to derive an existent criterion of the controller for the exponential synchronization
between drive and response neutral-type competitive neural networks with time-varying delays. The
method used in this brief is based on feedback control gain matrix by using the Lyapunov stability
theory. The synchronization conditions are given in terms of LMIs. To the best of our knowledge, the
results presented here are novel and generalize some previous results. Some numerical simulations
are also represented graphically to validate the effectiveness and advantages of our theoretical
results.

Keywords: competitive neural networks, time-varying delays, global exponential synchronization,
Lyapunov functional.
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1 Introduction

Classical concepts of the synchronization phenomenon are based on the notions of close-
ness of the frequencies or phases of the subsystems generating periodic oscillations. Using
the traditional language of dynamical systems with continuous time, one can reveal hat
synchronization of periodic oscillations that may be represented as follows. While a stable
limit cycle is a geometrical image of such oscillations, an attracting two-dimensional (or
n-dimensional) torus is a geometrical image of the oscillations generated by two (or n)
uncoupled oscillators in a common phase space. As the parameter of coupling increases,
the motions of partial subsystems are no longer independent, and a stable limit cycle is
born on the torus that is still an attractor. This corresponds to the transition of the system
to synchronization. The analysis of periodic systems incorporating full-time information
leads to challenging control problems with a rich mathematical structure. Meanwhile,
as a typical complex system, delayed neural networks have been verified to exhibit some
complex and unpredictable behaviors such as periodic oscillations, bifurcation and chaotic
attractors. Since synchronization of neural networks has been shown to be an important
step toward both fundamental science and technological practice, much of the focus
has been received and numerous research results have been reported in the literature
[6,12,15,26]. Many methods have been developed for synchronizing of chaos such as
LMI based approach [13], adaptive control [18], passivity feedback control [24].

On the other hand, many researches have been devoted to the dynamics of various
classes of neural networks (see [3,7-10, 14,27]). Furthermore, there is few works about
the so-called competitive neural networks proposed for the first time by Meyer-Baese et
al. (see [19,21,22,25]), who used them to model the dynamics of cortical cognitive maps
with unsupervised synaptic modifications. The model of competitive neural networks is
different from the traditional neural networks with first-order interactions. In [9], based
on Lyapunov functional method and Kronecker product technique, the authors proposed
some sufficient conditions for global synchronization of neutral-type neural networks
with constant and delayed coupling. In [10], there is proposed a simple adaptive coupling
enhancement algorithm for the synchronization of two coupled identical time-varying de-
layed neural networks based on the invariant principle of functional differential equations.

As a continuation of their previous published results, in this paper, we consider a target
model with two different state variables: the short-term memory (STM) variable de-
scribing the fast neural activity and the long-term memory (LTM) variable describing
the slow unsupervised synaptic modifications. In addition, it has been reported that if
the parameters and time delays are appropriately chosen, the delayed competitive neural
networks can exhibit complicated behaviors even with strange chaotic attractors. Based
on the aforementioned arguments, the study of delayed competitive neural networks and
its analogous equations have attracted worldwide interest (see [20]).

The remainder of this paper is organized as follows. In Section 2, we present the
synchronization problem for CNNs. In Section 3, we introduce preliminaries, notations
and hypotheses. The controller design will be proposed in Section 4. In Section 5, we will
introduce the new criteria proving the exponential synchronization of CNNs. At last, an
illustrative numerical example is given.
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2 Methodology and problem formulation

The competitive neural networks with time-varying delays in this brief are modeled as
follows:

STM: xz(t) = —Oéi(t)l'i(t) + Z Dij (t)f]‘ (l‘j (t)) + Bz(t) Zm” (t)yj
+ZD;(t)fj(xj(t—m(t))) + (1), M

LTM: 15 (t) = —Bi(t)ma; (t) + y; Bi(t) fi(2:(t)),

where ¢,j = 1,...,n; x;(t) is the neuron current activity level; f;(z;(t)) is the output
of neurons; m;;(t) is the synaptic efficiency; y; is the constant external stimulus; D;;(t),
D7.(t) represent, respectively, the connection weight and the synaptic weight of delayed
feedback between the ith and jth neurons; B;(¢) is the strength of the external stimulus;
E;(t) denotes disposable scale; I;(¢) denotes the external inputs on the ith neuron at time
t; 0 = max(7;;(t)) < 1forj =1,...,nand ¢ > ty, where o is constant; o;, 3; : R — R
are continuous functions.

By setting S; = Z;.L:l mi; (t)y; = Y Tm;(t), where y = (y1,%2, -+, yn) T, m; =
(mi1, M2, - .., Min) " and, without loss of generality, the input stimulus Y is assumed
to be normalized with unit magnitude |y|?> = 1, summing up the LTM over j, then the
above networks are simplified, and we get a state-space representation of the LTM and
STM equations of the networks:

STM:  24(t) = —a;(t)zi(t) + ZDij(t)fj (25(t)) + Ba(t)Si(t)
j=1
j=1

LTM:  S;(t) = —Bi(t)Si(t) + E;(t) fi (z:(2)),

i = 1,...,n. In order to observe the synchronization behavior in the class of delayed
functional differential equations, we consider two delayed functional differential equa-
tions, where the drive system with state variable denoted by x; drives the response sys-
tem having identical dynamical equations denoted by state variable z;, and S; drives
the response system having identical dynamical equations denoted by state variable W;.
However, the initial condition on the drive system is different from that of the response
system. The drive system is as follows:

n

STM: in(t) = —Oéi(t)l‘i(t) + Z Di]‘ (t)fj (l‘j (t)) + BL(t)SIL(t)
+ZDZ](t)f] (Jﬁj (t—ﬁj(t))) +I¢(t), (3)

LTM:  Si(t) = —Bi(t)Si(t) + Ei(t) fi(z:(t)),

https://www.mii.vu.lt/NA
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i =1,...,n, with the initial condition
(xl(t)’ te xn(t)a Sl(t)7 T Sn(t)) = (wl(t)a T (pn(t)v ¢1(t)7 L] ¢n(t)>
e (C([-7,0],R))*".

In practice, the output signals of system (3) can be received by system (4). There-
fore, the goal of control is to design and implement an appropriate controller u:r (t) =
(u;(t), @;(t)) for the second system such that the controlled response system can syn-
chronize with the drive system (3). The response system is as follows:

STM: Z:i (t) = —Q4 (t)Zl(t) + Z Dij (t)fj (Z]‘ (t))
+ZD 2i(t = 75(1)) + BiOWi(t) + Li(t) + wi(t), @

LTM: W;(t) = —ﬁi( YWi(t) + Ei(t) fi(z:(1)) + @ (t),
where u; and u; are the control terms respectively for STM and LTM with the initial
condition

(Zl(t)a cee Zn(t)a Wl(t)v .- >Wn(t)) = (@1@), . 'ﬂzn(t)v%l(t)a .- w%n(t))
e (C([-7,0,R))™,

where ;() and ¢;(-) are the real-valued bounded differentiable functions defined on
[-7%,0],i=1,...,n

3 Preliminaries, notations and hypotheses

In this paper, we always consider the vectorial space R"™ for n € N* equipped with the
Euclidean norm (denoted by ||-||) in R™. Let R™ be n-dimensional Euclidean space. In all
that follows, we denote be I,, € R"*™ and O,, € R™*"™ identity matrix and zero matrix,
respectively. For all z,.5,y, Z : R — R, we define the zero norm by

1(z(), 5)), (u(®), Z2#)[|, = max{{|z() = y(®)]|. [|S®) = ZD)]] . }-

For convenience, we introduce the following notations:

5P = sup| B0, B = s Bt
Qmin(t) = i:r{{ip}n{ai(t)}, Qmax(t) = ,max {0‘1 )}
Q™" = inf {omin (1)}, amtt = igﬂg{amax(t)}a
Bain(t) = min {B:()}, B = inf { Bin (1) },

T\t T
D, = sup | Di; (1) (D5)" = sup D@

T = ma_x(sup(nj(t))) fori,j=1,...,n
1/7\7
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Let us list some assumptions, which will be used throughout the rest of this paper:

(H1) The functions «;, 8; : R — R are continuous and positive.
(H2) The functions f;(-) are differential and satisfy the Lipschitz condition, i.e., there
are constants k; > 0 such that for all z, y € Rand forall 1 < j < n, one has

|fi(x) = ()I<klx—y|andfj()

Definition 1. Let Z*(t) = (z}(t), z5(t),..., x5 (t), S5 (1), S5 (1), ..., Sk (t))T be solu-
tion of system (3) with the initial value ¥*(t) = (7 (¢ ) o3 (t), ..., gan( ), o5 (¢t ) 5(t),
o dn ()T, and let Z(t) = (z1(t), z2(t), ..., 20 (t), S1(t), S2(t), ..., S

()" be the
solution of uncontrolled system (4) with the initial value ¥ (t) = (p1(t), @2(t), - .., pn(t),
#1(t), ha(t), ..., dn(t))T. If there exist constants p > 0 and M > 1 such that for every
solution Z(t) of system (4) with any initial value ) (t),

S(t) - s @)L h"

*

12(6) -

= (max{||z(t) — 2 ()|, |
< M exp(—p(t —to)) |0[|1
= M exp(—p(t — to))

x sup (max{||e(t) — " ()2, | 6(t) — ¢* ()] })

te[—7*,0]

lo

1/2

for all ¢ > ty, then system (3) synchronizes exponentially with system (4).

Remark 1. The exponential synchronization problem considered here is to determine
the control inputs u;(¢t) and @;(¢t) associated with the state-feedback for the purpose
of exponentially synchronizing the two identical chaotic nonlinear neural networks (3)
and (4) with the same system parameters except the differences in initial conditions.

4 Controller design
Let us define the synchronization error signal e;(t) = x;(t) — z;(t) and &;(t) = S;(t) —
W;(t), where x;(t), S;(t) and z;(t), W;(t) are the ith state variables of the drive and

response competitive neural networks, respectively. Therefore, the error dynamics be-
tween (3) and (4) can be expressed by

STM:  ¢é;(t) = —ay(t)es(t) + Z Di;(t) f;(e;(t))
—+ Z D fj ej — Tij (t))) + Bl(t)él(t) — ’Uq(t), (5)
LTM: &;(t) = —,Bi( Jei(t) + E;(t )fi(ei(t)) — u;(t) (©)

fori =1,...,n, where

Files () = fi(z; () — fi(2(1)),
Filej(t = mi5(0)) = fi (0 (t — 735 (1))) — fi (2 (t — 735 (1))

https://www.mii.vu.lt/NA
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From hypothesis (H2) we can have that f;(-) satisfies
0 <eit)files(t)) < kief(t), 0 <&(t)fi(€i(t)) < kief(t).

If the state variables of the drive system are used to drive the response system, then the
control input vector with state feedback is designed as follows:

uy (t) diciwi X (z(t) — 2(1))

unt) S o % (5(8) — (1))

iy (t) | | Xy @1 x (S5(t) = Wi(t))
Ui (1) Dje Wng % (S5(t) — W;(1))
X1 (t) — Z1 (t)
wi,1 o Win W1,n+1 .o W12n :
_ Ty (t) — 2n(t)
S1(t) — Wi(t)
Wnl .. Wpn Wnpntl .- Wn2n .
Sp(t) = Wa()
= Qe(t),
where e(t) = (e1(t),...,e,(t)T, and 2 = (w; j)nxn € R™*?" is the gain matrix to be

determined for synchronizing both a drive system and response system.

Besides, if new errors are defined by é;(¢) and é;(¢) is defined by é;(t) = e”*e;(t) and
é;(t) = eP&;(t), respectively, the dynamics of (5) and (6) can be transformed into the
following forms:

STM:  &;(t) = —a;(t)é;(t) + pé;(t) + Z Dy;(t)F; (é;(t))

J=1

+ > DL F; (&5 (t —75(8))) + Bih)és(t) = wié;(t), (D
j=1 j=1
LTM:  &;(t) = —Bi(t)é(t) + péi(t) + Ei(t)F; (e:(t) = > @izé;(t), (8)
j=1

where Fj (é] (t)) = eptfj(ej (t)) and Fj (éj (t — Tij (t))) = eptfj (ej (t — Tij (t)))

5 Main results
The exponential synchronization problem of systems (3) and (4) can be solved if the

controller gain matrix is suitably designed. The exponential synchronization condition is
established in the following main results.

Nonlinear Anal. Model. Control, 23(1):82-102
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Theorem 1. Let (H1)-(H2) hold. Assume that there exist two strictly positive constants p
and o < 1 such that:

*

n 2pT

() Z(DZJ)+ < i—o forallj=1,....,n,

i=1

and there exist n strictly positive constants q1,qa, - . . , ¢, Such that:
" D ki >
(i) — + max Y+ max ] =l
max I<isn Din 1<jsn Qmin

"L Wi Bf Qi
— 2 max YL+ max (| —— + ——kE ) <2
1<j<n 4 o 1<i<n \ 67
i=1 — = min

i ) < max ql " + max quww

1<i<n 1<]<n

Lo 1 Bf
(i) ~ max +
2 1<isn Dmin Din

Then the drive system (3) synchronizes exponentially with the response system (4).

Proof. To confirm that the origin of (7) is globally exponentially convergent, a continuous
Lyapunov functional V() is defined as follows:

t t
éin) 2p7*

+22%/5d8+f,JZ(DZj)+ / FJZ(éj(S))dS.

=" =1 t—i;(t)

3

V(t) =

It is easy to verify that V() is a nonnegative function over [—7*,+00) and
limg(¢)— 400 V() = 400. By the expression of f;(e;(t)), F;j(é;(t)) and assumption (H2)
we obtain

|£i(ei ()] < kjle; (1),
|5 (e ()| = [e”"F; (e ()| < kjle™e;(t)

é;(t)).

Evaluating the time derivative of V' along the trajectory of (7) and (8)

n

V<f>=2§ai1<t> 0220040+ T3 3 (0F) F2e )
= (0 = 7)) (1~ 75(0)
ZZAZ 222 DD (1)F, (1)
+2 il il D) Fj(&;(t—7;(0)))

https://www.mii.vu.lt/NA
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n 1 X R n o n Wij .
+2 ; mei(t>3i(t)ei(t> -2 ; ; () é;(t)
—2 Z qi€; (t) +2 Z qi€i () Ei(t) Fy (6:(t)) — 2 Z Z qi0i ;E2(t)
+ fi, > (DR)TF (5(0) — fjj > (DL)TFH (= m5(0)). )

Applying the inequality 2|a|b < a® + b%, we have that

23" )" D) o ) F, (e,0)

i=1 j=1 ai(t)
S e+ 3> S F(6(0), (10)
i=1j=1— i=1j=1—=
~ Dj(t) .
2>y ozj(t) éi(t)Fj(e;(t —7i;(t)))
i=1j=1 "'
n (DT
< ZZ amm Z ZZ mm (t_T’J<t))) (11)
i=1 j=1 i=1j=1 —
and
" Bi(t) ) 2
2 k E t €; t
;(am ) ) 1O
< L ki E; 12
;(am1n+annn >( ()+e ()) ( )
Substituting (10), (11) and (12) in derivative (9), we obtain easily
" D S . DF
V(t) < {—2+ + max Y1 max Jz“.l
amm 1<Z<TL — len 1<]<n gmm

n wij B+ ) )
—2max 3 S+ max (S ekl ) [l
ISiSn = o™ I<isn qmin
n n 2pT
+ e
3 S0 - £ o)

B+
+ {12?31 (amm + qiki ] ) -2 nax qlﬁ -2 1I%a<xnquwz’j}

EG]

Nonlinear Anal. Model. Control, 23(1):82-102
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In addition, we have

1

— e < v
< llol =
+1_U maxzajfl(DW e
Besides, h
30| < V(1)
L et
e K2 2t OO o

=min

Therefore, we have

1 + qu’lll’l { H

For t = ¢y, we have

/ 2pT* « DT
tO ( Qmax \/ *e d Z] 1( ) > eXp(pto)
Gmin V 1-0o Qmin

@3-

W[, ém |} < V2V(E) < V2V (k).

X sup max{”go

te[—7*,0]
Then
max{”e(t H} Mexp( p(t — to)) t [sup ’ maX{Hgo(t) (t)‘ },
cl—7*,
where

_ Qlmax + ama»meJuc
(1 + qmln) mm (1 + qmln) m1n
n \/7*62”* K3 oxOmax Z;l 1(D’T')Jr

l-0o (1 + qmlﬂ) Qmin

> 1.
Therefore, system (3) synchronizes exponentially with system (4).

If¢qy =q2 =--- = g, = 1, we obtain the following result.
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Corollary 1. The drive system (3) synchronizes exponentially with the response sys-
tem (4) if there exist two strictly positive constants p and o < 1 such that:

n " 2pT"
@) E (DZTJ) < forallj =1,... n;
i=1
" D ki S D
- T iy D
(i1) + max Y4 max == Y
Qlmax 1<1<n]=1 Qiin 1<j<n A nin
+

B 1 S
+ max( L —|—kiEi+><2+2 max —d,
Iisn \ Qi INVASL i=1 Qin

BF

n
1 i -
+ —kE ) < max ™" + max E @i g
Q a I<i<n— 1<j<n

1=

oy 1
(i) — max
2 1<ign “Zmin Zmin

Remark 2. To the best of our knowledge, no paper in the literature has investigated the
synchronization problem of system (3) with system (4). Furthermore, this paper improves
and generalizes the outcomes in [10,20].

6 Simulation results

Example 1. The parameters of a two-dimensional nonlinear competitive neural networks
with time-varying delays (3) and (4) is given by the following system of equations:
t2 t2
() = an(t) = exp( =5 ) +05. 51l = () = 20:( = ).
Li(t) = 2 cos(V2t),
2exp(—t?)  —0.3cost
—2exp(—t?) 8cos(v2t))’

D0 = (04 0)s.= () Lhemnr):

mo= (1) 0= ()

The delays (7;;(t))1<ij<2 = 0.7Texpt/(1 + exp t) satisfy

<

D(t) = (Dij(t)) .00 =

OSTij(t)<0.7:T*7 ngij(t) <07

We choose the activation functions of competitive neural networks as the type of hyper-
bolic tangent function f;(z) = 0.3 tanh(z). Figures 1-10 show the oscillation of the
delayed competitive neural networks (3) and (4) with above coefficients and initial values
3’1(0) = -1, .732(9) = —-0.2, 51(0) = -2, 52(0) = —0.6for6 ¢ [—0.77 O]

The oscillation of solution of drive system is clearly presented in Figs. 1-4.

Nonlinear Anal. Model. Control, 23(1):82-102
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Figure 7. Trajectory of z5 for t € [0, 100].

-2
z,(9) 4

Zl(t)

Figure 9. Phase plot of z1, 22, Wy for t €
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Figure 10. Phase plot of z1, zo, W2 for t €
[0, 100].

It follows from the main theorem that if the controls input u; () and @;(t) are chosen as

U1 (t) = 9.261 (t),
@iy (t) = 1.2, (),

then the matrix of control is as follows:

9.2 0
Q‘(o 9.2

UQ(t) = 9.262(t),
fia(t) = 1.285(1),

1.2 0
0 12/°

The oscillation of solution of response system with above coefficients and initial values

371(9) = —2, 1‘2(0) = —0.2, 51(9) = —3, 52(9) =

presented in Figs. 6-10.

Nonlinear Anal. Model. Control, 23(1):82-102
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It is evident that hypotheses (H1)-(H2) hold (k1 = k2 = 0.3). By choosing p = 0.5
and o = 0.9 we have

*

2 2pT

2 *
yt+ e - o
;(Dil) =3<1_U:14.1, Z(Dﬂ) :8'1<1—g:14'1'

i=1

Besides,

+ max [ —— + —k E+
1<5<2 [ 1<i<2 «a

1 2.3 10 4 .83
- =2 = 0.3—, 0.3-2
1. +max{ 5 .5}+max{ 0.5 0.5}

2 + . n + 4
2p Z Dy; k> o1 D < B; >

Dmin min

— 0.66+20+4.98+9.2 <2+2 maxzﬂ:%.s

152 i=1 Din

and

B;f 1 1 4 03 4 0.3
: kE' ) == 1.5—
m‘ax< * ) 2“15”({054r 05’ 05Jr 0.5}

< max ™" 4+ max E Wi =9.2.
1<i<2— 1<j<n

Conditions (i), (ii) and (iii) of Corollary 1 are satisfied. Hence, by using Corollary 1,
the drive system (3) can be synchronized by the corresponding response system (4).
Figures 11-14 reveal the synchronization error of the state variables between the drive
system and the corresponding response system.

Remark 3. The major improvement over [20,22] is that in our approach, it is very easy
to verify the criteria by simple algebraic calculus.

Remark 4. The competitive neural networks models investigated in [20] and [22] are
considered with constant coefficients. However, in this work, we study the model with
time-varying coefficients. Furthermore, our system include models in [20,22] and [23] as
special cases when D;;(t) = Dyj, Df;(t) = D7, Bi(t) = Bi, Ei(t) = E;, I;(t) = I; and
Ji(t) = J;. Hence, our results have been shown to be the generalization and improvement
of existing results reported recently in the literature.

Remark 5. For system (1), if there is no external stimulus, i.e., y; = 0, then system (1)
degenerates into general neural networks with time-varying delay, which contains neural
models studied in [4,11, 16].
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Example 2. The parameters of a two-dimensional nonlinear competitive neural networks
with time-varying delays (3) and (4) are almost some parameters of Example 1. The only
difference compared to Example 1 is about the activation functions. Furthermore, in this
example, we choose the activation functions as follows: f;(z) = 0.3sin(0.5z), j =
1,...,n,and
2exp(—t?)  —0.3cost
D) = (D) = ( 2o 1D 020

2cos(v/2t) 0.1cos t)

exp(—t?) —5cost

D7(0) = (D5 0) 0= (

The delays (7;;(t))1<i,j<2 = 0.7expt/(1 + expt) are time-varying and satisfy 0 <
Tij(t) < 0.7 = T*, 0 < fij(t) < 0.7.

Figures 16—-19 show the oscillation of the delayed competitive neural networks (3) and
(4) with above coefficients and initial values z1(0) = —1, z2(0) = —0.2, S1(0) = -2,
S2(0) = 0.6 for @ € [—0.7,0]. The driver system’s oscillating solution is clearly presented
in Figs. 21-24.

It follows from the main theorem that if the controls input u;(t), ;(t) are chosen as

Ul(t) = 9.261 (t) ’Lbz(t) = 9.262(t), ’al(t) = 1.2@1 (t), ﬂg(t) = 1.2é2(t),
then the matrix of control is as follows:
92 0 12 0
Q_(O 92 0 1.2)'
The responser system’s oscillating solution with above coefficients and initial values
x1(0) = =2, z2(0) = —0.2, S1(0) = =3, S2(#) = —0.5 for § € [-0.7,0] is clearly
presented in Figs. 26-29.

It is evident that hypotheses (H1)—-(H2) hold (k; = k3 = 0.3). By choosing p = 0.5
and o = 0.9, we have

2 N 62;)7—* 2 N e2p7’*
TVt =3 < — 141, V=51 < — 14.1.
Zzzl( ’Ll) 1—0o ;( 12) 1—
Besides,
2 -+ n +
2 D} ki > .1 D BF 1
P4 max ]—&-maszz_”—i—max( C —&-klEj)
Qmax Isis2 Qmin 152 Din 12 Din Qmin
1 23 7 4 5.3
_ b =3 0.3, 032"
15" max{ 05" 0.5 } * max{ 05 05 }
03 4 0.3
I b A e
+maX{0.5 05 05 0.5}

=0.66+14+318+9.2<2+2 max Y Wij _ 388

BNAY i=1 Dmin
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and

=min =min

< max
1<i<2— 1<j<n
Hence, using Corollary 1, the drive system (3) can be synchronized by the corresponding
response system (4). Figures 24-29 reveal the synchronization error of the state variables
between the drive system and the corresponding response system.

Remark 6. However, in most papers, the activation functions are assumed to be mono-
tonically nondecreasing. In this paper, from Theorem 1 the restriction is removed, and
thus, the results obtained here extend and improve those in [11, 16, 17]. However the
activation functions here are not monotonous in Example 2, the results in [11, 16, 17] are
not applicable.

Remark 7. The above examples show that the result of the proposed control law ensures
exponential synchronization of the competitive neural networks constituting of two or
multi-neurons with/without time delays.

7 Conclusion and future works

In the present work, we demonstrate that two different chaotic nonlinear competitive
neural networks with time-varying delays can be synchronized using active control. More
precisely, this paper has presented sufficient conditions to guarantee the exponential syn-
chronization of a class of chaotic nonlinear competitive neural networks with time-varying
delays. Moreover, the proposed criteria were dependent of the delay parameter, which
may possess important significance in the design of chaos of delayed competitive neural
networks. A numerical example and its simulation have been given to demonstrate the
effectiveness and advantage of the theory results. Furthermore, the synchronization degree
can be easily estimated. Finally, an illustrative example has been given to verify the
theoretical results. However, to the best of our knowledge, there are few results concerning
the exponential synchronization for competitive neural networks. This technique is appli-
cable for the high-order Hopfield neural networks [2]. Furthermore, there are no studies
investigating the problem of exponential synchronization of competitive neural networks
with mixed time-varying delays in the leakage terms [5] and the high-order competitive
neural networks with mixed time-varying delays in the leakage terms [1]. This is some
interesting problems and will become our future investigative direction. Besides, more
methods and tools should be explored and developed in this direction. Along, the future
work spawning from this paper would be to train this model that can be applied in various
areas including pattern recognition, associate memory, cryptography etc.

Acknowledgment. The authors would like to express their sincere thanks to the referees
for suggesting some corrections that help making the content of the paper more accurate.
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