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In this paper, a new type of generalized Q-S (lag, anticipated, and complete) time-varying synchro-
nization is defined. Adaptive Q-S (lag, anticipated, and complete) time-varying synchronization and
parameters identification of uncertain delayed neural networks have been considered, where the
delays are multiple time-varying delays. A novel control method is given by using the Lyapunov
functional method. With this new and effective method, parameters identification and Q-S (lag,
anticipated, and complete) time-varying synchronization can be achieved simultaneously. Simula-
tion results are given to justify the theoretical analysis in this paper. © 2006 American Institute of

Physics. [DOI: 10.1063/1.2204747]

Chaos synchronization is a hot topic recently since its
extensive applications in secure communication, auto-
matic control, artificial neural networks, chemical reac-
tor, physics, etc. In this paper, a new type of Q-S (lag,
anticipated, and complete) time-varying synchronization
is defined. Since most of the synchronization methods be-
long to master-slave (drive-response) type, the drive cha-
otic neural network system with unknown parameters
and multiple time-varying delays is stated. We give a sys-
tematic, powerful, and concrete scheme to identify all un-
known parameters. The unknown parameters can be pre-
cisely estimated dynamically through an adaptive control
process and Q-S (lag, anticipated, and complete) time-
varying synchronization between the drive system and
response system can be achieved simultaneously based on
Lyapunov functional method. Simulation results are
given to show the effectiveness and feasibility of the the-
oretical analysis in this paper.

I. INTRODUCTION

Dynamical behaviors are interesting nonlinear phenom-
ena and have been intensively investigated for many years
due to its potential applications in secure communications,

chemical reactions, biological systems and so on.
e 13,14 . . 2405

Stability, bifurcation, and chaos  synchron-

e 1-12,15-20,28 .

ization are also studied by many researchers.

Chaos synchronization, which has been a hot topic in
nonlinear science, has attracted more attention in many fields
such as physics, secure communication, automatic control,
artificial neural networks, etc. Chaotic systems exhibit sensi-
tive dependence on initial conditions. Because of this prop-
erty, chaotic systems are difficult to be synchronized or con-
trolled. In recent years, many important and fundamental
results have been reported on the control and
synchronizationls_21 of chaotic systems.

Many types of synchronization have been presented,
such as complete synchronization, generalized synchroniza-
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tion, phase synchronization, lag synchronization, anticipated
synchronization, antiphase synchronization, etc. Recently,
Yan has considered Q-S (lag, anticipated, and complete) syn-
chronization in Ref. 16. In this paper, we will define a new
type of Q-S (lag, anticipated, and complete) time-varying
synchronization that is based on Ref. 16.

An interesting application of chaos synchro-
nization'>""'? is to estimate parameters of a chaotic system
from time series when partial information about the system is
available. In this paper, we address the problem of how
chaos synchronization can be used for time series analysis.
Suppose that you have obtained time series from a nonlinear
(chaotic) system and that you have known the structure of
the system, but the parameters are unknown. By obtaining
the output of the system, another designed system identically
synchronize with the original system. Although the param-
eters can be known in some cases, it would be desirable to
have a feedback scheme to achieve synchronization in spite
of the slave oscillator having least prior knowledge about the
structure of the master system.

The organization of this paper is as follows: In Sec. II,
we give the formulation and preliminaries for our main re-
sults. In Sec. III, an adaptive law is presented for the syn-
chronization and parameters identification. Also, some corol-
laries and remarks are given to show the advantages of this
paper. In Sec. IV, examples are given to show the effective-
ness and feasibility of the proposed approach in this paper. In
Sec. V, we give our conclusions.

Il. MODEL FORMULATION AND PRELIMINARIES

In this section, we will give preliminary knowledge for
our main results. Since most of the synchronization methods
belong to the master-slave (drive-response) type, by one sys-
tem driving another we mean that the two systems are
coupled so that the behavior of the second is influenced by
the behavior of the first one, and the behavior of the first is
independent of the second. The first system will be called the
master system or drive system, and the second one will be
the slave system or response system.
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There has been increasing interest in investigating the
dynamics of neural networks since Hopﬁeld22 constructed a
simplified neural network model. To understand how neural
networks compute, we will examine the electronic circuit of
Hopfield neural network (HNN).? The elements of the hard-
ware are a set of amplifiers with sigmoid I/O characteristics,
input capacitance, output resistance, and a set of resistive
connections connecting outputs of some amplifiers with in-
puts of others.

Now let us consider the following recurrent neural net-
work model:

x(t) == Cx(1) + Aflx(0)] + Bk{x[t = (1) [} + 1, (1)

or

Xi(1) == cpxi(1) + > a;filx(]+ > bk {x[t - ()]} + 1,
j=1 j=1

i=1,2,....n, 2)

where n denotes the number of units in a neural network,
x(t)=[x,(t),x,5(1), ..., x,(1)] € R" is the state vector associ-
ated with the neurons, I=(I,,I,,...,I,)" € R" is external in-
put vector, flx()]={filx()].AxD)], ... £[xO) ] e R
and  kxlr— (O]} =k {x[t—-7(0) ]} ki = 7O 1}, ...k, {x[t
—(t)])T € R" corresponds to the activation functions and de-
layed activation functions of neurons, w(#)=7;(¢) (i,j
=1,2,...,n) are the multiple time-varying delays, we sup-
pose each 7;(¢) (i,j=1,2,...,n) is bounded and the initial
conditions of (1) are given by x;(¢)=¢,(r) € C([-r,0],R) with
r=max;; j=,cpli7;(t)}, where C([-r,0],R) denotes the set
of all continuous functions from [-r,0] to R. C
=diag(cy,cy, ... ,c,) is a diagonal matrix, and A=(a;;),x, and
B=(b;;),x, are the connection weight matrix and the delayed
connection weight matrix, respectively. Here matrices C, A,
B are unknown.

Chaos dynamics has shown the interesting features that
make it more attractive especially in secure communications.
Among these strategies, those based on the identification of
system parameters appear to be of great practical interest,
especially when the system state is available to external mea-
surements. The main reason is the possible modulation of a
system parameter by the message to be transmitted. The dif-
ficulties of determining some system parameters in advance
in practice make it more useful in secure communications. If
the signal of the drive system is transmitted to the receiver of
response system, then the encrypted ciphertext can be de-
crypted successfully.

The motivations for the study of the proposed paper in
secure communication are given as follows:

First, many types of neural network, such as Hopfield
neural network,22 BAM neural network [a class of two-layer
associative networks, called bidirectional associative
memory (BAM) neural networks],”” and cellular neural
network® are special cases of the recurrent neural network
model (1). These neural networks can be easy implemented
by circuits systems, even implemented by VLSI when the
networks are large-scale networks.

Second, the estimation of nonlinear function f and time-
varying delays 7,(r)(i,j=1,2,...,n) are still challenging
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problems nowadays. Also, Q-S time-varying synchronization
(lag, anticipation, and completeness) r(¢) given in the defini-
tion below in this paper is novel and even more difficult to
be estimated. Time-varying delays 7,,()(i,j=1,2,...,n),
nonlinear function f, and Q-S time-varying synchronization
(lag, anticipation, and completeness) r(7) can be regarded as
key parameters. These are known a priori by the receiver.

Third, the obtained results suggest that it would be easy
for anyone to determine the unknown parameters from an
intercepted signal using our algorithm if you know the key
parameters time-varying delays 7;,(¢)(i,j=1,2,...,n), non-
linear function f and Q-S time-varying synchronization (lag,
anticipation, and completeness) r(r). Here, the unknown pa-
rameters C, A, B are not key parameters. We may choose
different parameters C, A, B to send different signals each
time as long as the model can exhibit chaotic dynamics. It is
difficult for the adversary to decrypt the plaintext without
knowing key parameters time-varying delays 7;,()(i,;
=1,2,...,n), nonlinear function f, and Q-S time-varying
synchronization (lag, anticipation, and completeness) r(z).
Note that the unknown system parameters C, A, B need to be
estimated. That is to say, all parameters of recurrent network
(1) are unknown to the adversary. Recover the original recur-
rent network (1) is complex, even a small error may result in
the wrong decryption.

Since the neural networks can be easy implemented by
circuits systems and applied in secure communication, in this
paper we consider the uncertain parameters of the neural
network model as the master system. Also, chaos synchroni-
zation can be applied in other fields such as physics, chemi-
cal reactions, biological systems, automatical control, artifi-
cial neural networks, etc. Our objective is to find an adaptive
way to let the slave system to Q-S time-varying synchronize
with the master system, and also to identify the parameters
simultaneously.

We assume that the model (1) has an equilibrium point
x*z(xi,x;, ,x:;) for a given I. To simplify the proofs, we
will shift the equilibrium point x* of (1) to the origin by
using the following transformation:

yO) =x(t)-x", y[t—dn)]=x[t-(0)]-x".
The model (1) can be transformed into the following form:
y(0) == Cy(1) + Agly()] + Bl{y[t = #(1)]}, (3)

namely,

yilt) == ciy(t) + E a;gly()]+ E byl {ylt = 7]},
=1 j=1

i=1,2,....n, (4)
where  g[y(0)]={g,[y(0].&[y(D].....&, YO e R" with
glyO]=fly@O+x1-fi(x") and g(0)=0, Hy[t—n(1)]}
=(L{ylt-7O 1}, Liyl-r0)1}, ... ., {Hlt-70)]HT e " with

1{y[t— )} =1{y[t—7()]+x"}=1(x") and 1(0)=0.
In this paper, we consider model (3) as the master sys-
tem. The response system is

() == C()z(r) + A()glz(t)] + BOK[t — H0) ]} +u, (5)

namely,
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20 ==&zt + 2 @y(ng,[z(1)]
=1
+ E l;,](t)l,{z[t - Tl](t)]} + u;, 1= 1,2, R /% (6)
=

where C(r)=diag[&,(1),,(1), ...,c,(0)], K(t):[ﬁ,-j(t)]nxn and
E(t):[Eij(t)]an are matrix functions depending on the time
t, u(®)=[u,(t),uy(t),...,u,(t)] is the controller. It has the
same structure as the drive system but the matrix functions

C(1), A(7), and B(r) are dependent on time 7. In a practical
situation, the output signals of the drive system (3) can be
received by the response system (5), but the parameter ma-
trices C, A, and B of the drive system (3) may not be known
a priori, even waits for being identified.

In this paper, we will define a new type of Q-S (lag,
anticipated, and complete) time-varying synchronization
which is defined as the presence of certain relationship be-
tween the drive system and response system. Next, we give a
definition about the main results talked in the proposed paper
later.

Definition [Q-S (lag, anticipated, and complete)
time-varying synchronization]: For the drive system (3)
and the response system  (5), let  Q[z(?)]
={01[z(0]. Q[z(0], ..., Q. [z} e R"  and  S[y(1)]
={S,[y()].S,[y(®)],....S,[y() ]} € R", where Q and S are
continuous smooth vector functions, Q:R"—R",S:R"— R".
Let r(z) be the continuous smooth function of time ¢ and the
error states be

e(t) = Q[z(t)] - S{y[r - r(n) ]}
=(0i[z(0] = S\ {y[r = r(0) ]}, 0, 2(1)]
= Sple=r@1 ... 0,[z(0] =Syt = r(®)]}). (7)

It is said that the drive system (3) and the response system
(5) are globally:

(i) Q-S lag time-varying synchronized if r(z)>0,7 € R,
and r(z) is called the Q-S time-varying synchronization lag;

(ii)) Q-S complete time-varying synchronized if r(z)
=0,7 e R, and r(¢) is called the Q-S time-varying synchroni-
zation completeness;

(iii) Q-S anticipated time-varying synchronized if r(z)
<0,teR, and r(z) is called the Q-S time-varying synchroni-
zation anticipation. If there exists a controller u(y,z,f) such
that all trajectories {y[t—r(1)],z(r)} in (3) and (5) with any
initial  conditions approach the manifold M=({y[r
-r(01},2(0)| Qlz(t)1=S{y[t=r(H)]}, i=1,2,...,n) as time t

goes to infinity, that is to say
lim(Q[z(]-S{ylr-r0IP -0 (i=1.2,....n), (8)
{—0

which implies that the error system is globally asymptoti-
cally stable.

The problem is to design an adaptive synchronization
algorithm
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u=u(y,z,A,B,C,t), A=A(y,z,A,B,C,t),

B=B(y,z,A,B,C,1), C=C(y,z,A,B,C,1),

here A(1), B(r),and C(r) are parameter estimates of the un-
known parameters matrices A, B, and C. The object of this
paper is to design u, A(r), B(), and C(¢) to force the state z()
of the response system (5) to Q-S time-varying synchronize
with the state y(z) of the drive system (3), i.e., to archive

Olz()]-S{ylt—r(H]} — 0,

I— ®©,

C)-C—0, t— o,

A)-A—0, t— o,

B(t)-B—0, 1—
Let

e(t) = Qlz(] = SHle - r(D 1},

and subtracting (3) from (5) yields the synchronization error
dynamical system as follows:

é(t) =DQlz(1) Ji(t) = DS{y[t = r( [pyle = r(D][1 = #(1)]
= DO[z(0](= C(1)z(1) + A(1)g[(1)]
+B(0Hzlt - ()]} +u) - [1 - F()IDSHLr - r(1)]}
X(= Cylt—r()]+Ag{ylt - r(D)]}

+BIy[r— (1) - r(D 1)), ©)

where DQ[z(r)] and DS{y[¢—r(z)]} are the Jacobian matrices
of vector functions Q[z(7)] and S{y[t—r(r)]}, respectively.
In order to establish our main results, it is necessary to
make the following assumption:
(A,): the determinant of matrices DQ[z(1)] is nonzero,
that is to say, DQ[z(7)] is inverse.

lll. MAIN RESULTS

In this section, we will give our main results by choosing
an effective adaptive law.

Theorem 1: Under the Assumption (A;), the drive sys-
tem (3) will Q-S time-varying synchronize with the response
system (5) if we choose

u=—{DO[z(0]}"' Me (1) + C(1)z(1) - A(1)g[z(1)]
=Bzt - 0]} +[1 - F(OHDOLz(D ]}
X (DS{y[1 = r() (= Co)ylr - r(1)]
+ A0yl - r(0]r + B@)Hylr - 70) = r(01}), (10)

ISyl = r(D]}

ol —ro] r(t)]) ,

(11)

&)= —[1 - f(z)](E pex)
qi k=1
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PR ST 9SOl = (0]
a;(t)=- rij[l - r(f)](g prex(?) ayi-r(0)]

Xgivlr- r(t)]}) , (12)

bi(t) =— Sij[l r(f)](g prex(t) ay[t—r(1)]

XLyl = 7(1) = r(t)]}> ; (13)

where p;,q;,r;j,5;(i,j=1,2,...,n) are positive real values,
M=diag(m,,m,, ...,m,) is a positive definite matrix. C(¢),
A(1), and B(t) are independent of C, A, and B. Also, the
unknown parameters can be identified simultaneously, i.e.,

e(t)=Qlz()]-SHlt-r(} — 0, 11— o, (14)
() —c;—0, t— oo (i=1,2,...,n), (15)
G —a;—0, t— = (i,j=12,...,n), (16)
bi(t)=b;—0, t— = (ij=12,....n). (17)

Proof: According to (10), we can rewrite the error sys-
tem (9) as

dv

t

M =

i

[— Pimielz(f) +[1 - f(f)](— 2 piei(t)a
j=1

™ -

1]
—_

I

- akj]gj{y[t -r(n]}

n n

Sdylt — r(0)]}

d
vt — (] 10 = el =01+ 2 2 ped)

Chaos 16, 023119 (2006)

é(t)==Me(t) +[1 - H)IDS{y[r - r(0 ]}
X (= [C(0) = Clylz = r()] +[A(r) - Alg{yle - r(0]}
+[B(t) - Bl{y[t - (1) - r(0]}), (18)
namely,

é Syl - r(n]}

éi()=—me(t) +[1 - ’;(t)](_ = o’lyj[t —-r(1]

X[ej(0) = eIy lt = r()]+ ]El 2 0]

X[a@ (1) = ay;lg Ayl = r(0) ]}

n n

aSylt—r(D]}
’ 21 2 =]

X[Ekj(t) - bkj]lj{y[t - Tij(f) -r(n)]},
i=1,2,...,n. (19)
Choose the following Lyapunov functional:

V]e(r),C(t) - C,A(r) — A,B(t) - B]

= %E (pieiz(t) +qlc() -]+ Z} rij[aij(t) - aij]z

i=1
+ 2 Sij[gij(l) - bij]z) . (20)
j=1

Differentiating V with respect to time along the solution of
(19), we obtain

(piei(r)e',-m + e = e + X ryfay(n) - alay(e) + 2 sylbi(0) - b,;i]ziijm)
1 j=1 j=1

n n

Sdylr — r(0)]}

oyt~ i) Lo

j=1 k=1

eSS ey SOl G = (0 - rm]}> + alE0 - e

j=1 k=1 aylt = r(0)]

n

+ 2 rilag(t) - aij]dij(t) + 2 sij[l;ij(t) - bij]b;ij(t)]

Jj=1 Jj=1
n

=> [— pime; () + (‘ kE [1 = #(1)Ipre(t)
; -1

i=1

ol aylt—r()]

SR ISl = r0}
+3 {g[l—r(r)]pkekm TR

J=1

J=1

Syl - r()]}
ayilt = r(r)]

yilt = r(0)] + q,-ci(t))[a(r) - c,-(t)]}

LY [2 [1 = H0)]peen(n =T OB o+ r,-jé,-j<t>] (1) - ay()]

Lyl = 7;(0) = r@O ]} + Sijljij(t)] [Eij(f) - by(t)] = - > [pimieiz(t)]- (21)
i=1
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We can therefore conclude that V is a Lyapunov functional of
the error system (18) corresponding to the adaptive laws
given in the condition of the theorem and the unknown pa-
rameters can be identified simultaneously. This completes the
proof.

Corollary 1: Under the Assumption (A,), the drive sys-
tem (3) will Q-S time-varying synchronize with the response
system (5) if we choose

u=—{DOz(0]}"'Me (1) + C(1)z(1) - A(1)g[z(1)]
- B(){z[t - 70T+ [1 - {OUDQLz() ]}
X (DS{y[r = r()IN(= Co)ylr - r(1)]
+ A0yt - r(0]r + B@)Hylr - w0) = r(01}),

Syt —r(t)]}

oyl — )] yilt- ”(ﬂ]) ,

&0 =[1- r‘(t)](E prex(t)
k=1

T ISl =rlt
ay()=-[1- r(t)](g Prel?) ayilt—r(0)]
Xgjiylr - r(t)]}) ;

2o asl- 0l
by(t)=~[1~- VU)](% prex(t) aylt—r0]

XI{y[t = 7;(e) = ’”(f)]}) ,

where p(i=1,2,...,n) are positive real values, M
=diag(m,,m,,...,m,) is a positive definite matrix. C(r),
A(1), and B(t) are independent of C, A, and B. Also, the

unknown parameters can be identified simultaneously, i.e.,

e(t) = Qlz(] - S{ylr - r(O)]; — 0,

I— »,

ci(t)—c;—0, t—

aij(t)_aijﬁos r— » (i,j=192’~~~’n)7

Proof: Let g;=r;;=s;=1 (i=1,2,...,n), we can get Cor-
ollary 1 directly from Theorem 1. Here we omit it.

Corollary 2: Under the Assumption (A,), the drive sys-
tem (3) will Q-S time-varying synchronize with the response
system (5) if we choose

u=—{DO[z()]}"'Me (1) + C(1)z(r) - A(D)g[z(1)]
= B(l{z[1 - 0]} + [1 - () {DQO[z() ]}
X (DS{y[r = r() (= C)ylr - r(1)]
+A()glylt = r(0 1} + BOHy[t - (1) - r(n]}),
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Chaos 16, 023119 (2006)

&0 =[1- r'(r)](E () SOL=rOB r<z>]> ,
k:

-l dylt—r(1)]

n

Lo 9Sdyle—rl
a;(n=-[1- ”(f)](g el?) ayilt—r(1)]

Xgfylr - r(t)]}) ,

=& aS D= (0]}
bi()=—[1- r(t)](g eul?) ayilt—r()]

le{y[l - Tkj(t) - r(t)]}> s

where M =diag(m,,m,,...,m,) is a positive definite matrix.

C(1), A(1), and B(7) are independent of C, A, and B. Also, the
unknown parameters can be identified simultaneously, i.e.,

e(t) = Qlz(] - SHlt - r()]} — 0,

5l-(t)—ci—>0, t— © (i=1,2,...,n),

ﬁij(t)—aij—>0, t— © (i,j=1,2,...,n),

bif(t) = b;; — 0,

Proof: Let p;=q;=r;=s;=1(i=1,2,...,n), we can get
Corollary 2 directly from Theorem 1. Here we omit it.

Corollary 3: Under the Assumption (A,), the drive sys-
tem (3) will Q-S time-varying synchronize with the response
system (5) if we choose

I— ®©

(i,j=1,2,...,n).

u=—{DQ[z(1)]}"'Me (1) + C(1)z(r) — A(1)g[z(1)]
- B({z[t - 70T+ [1 - (O HDOLz(D)]}!
X (DS{y[t = ()] (= C)yle - r(1)]
+Ag{ylt - r(O1 + BO)Hy[t — (1) — r(1)]}),

: - S —r
(0=l - r'(r)](g ety A = - r(z)]) ,

i ) a8yl —r(0]}

ay(t)=-rl- "(I)](kzl gyt -r(1)]

X gyl - r(t)]}) ,
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RN BB (it )
bi(t)=—s[1- rUﬂ(g exlt) ayilt—r(t)]

XUyl = my(t) - r(t)]}> ,

where ¢, r, s are positive and real values, M
=diag(m,,m,,...,m,) is a positive definite matrix. C(1),
A(1), and B(r) are independent of C, A and B. Also, the un-

known parameters can be identified simultaneously, i.e.,

e(t) = Q[z(t)] - S{y[r - r(t)]} — O,

ci(t)—c;—0, t— o (i=1,2,...,n),
L_ll](t) _aij_> O’ t— (i’j: 1927 ,n),

Proof: Let g=p;/q;, r=p;/r;;, s=p;/s; (i=1,2,...,n),
we can get Corollary 3 directly from Theorem 1. Here we
omit it.

In order to simplify the corollaries, the following as-
sumption is established:

(A): SPHle=r()}=(Si{yile=r(D]}, Solyale=r(D]}, ...,

S {ylt—r(®)]}) € R", then it is easy to see that
ISyt = r(OBaylt-r(]=0  (k #1i).

Next, we give a simplified corollary:

Corollary 4: Under the Assumptions (A4,) and (A,), the
drive system (3) will Q-S time-varying synchronize with the
response system (5) if we choose

u=—{DQ[z(1)]}'Me(r) + C(1)z(1) — A(1)g[z(1)]
- B(){z[t - 7]} +[1 - (O HDOLz(D) ]}
X (DS{Y[t = r() D (= C0)ylr - r(1)]
+A(0)glylt = (0T + BOHy[t - (1) - r(1]}),

aS{ylt—r()]}
dylt—r(1)]

aSiyle—r(O]
ayli-rn] &

(1) = g[1 = #()]edr) yilt -],

5ij(f) =—r[1=#(t)]el?) Wle=r(0]},
IS{ylt—r(D]}

dyilt=r(1)]
L[t = 7;(0) = r(0)]},

positive and real

by1) = = s{1 = H0)]e,(1)

where ¢,r,s are values, M
=diag(m,,m,, ...,m,) is positive definite matrix. C@), Ap),
and B(¢) are independent of C, A, and B. Also, the unknown

parameters can be identified simultaneously, i.e.,

e(t) = Qlz()] - S{y[t=r(H]} — 0,

t— oo,

c(t)—c;—0, t— o (i=1,2,...,n),

Chaos 16, 023119 (2006)

ﬁlj(t)—a,]—>0, t— @ (i,j=l,2,...,n),

I;U(t)—b,]—>0, t— © (i,j=l,2,...,n).

Proof: It is easy to obtain from Corollary 3. Here we
omit it.

Remark 1: In Refs. 8, 10, and 12, the authors have
studied a special type of chaotic system without time delays.
However, in this paper, we have considered a general model.

Remark 2: In Refs. 3, 7, and 9, the authors have studied
the adaptive synchronization of uncertain chaotic systems
based on parameter identification. However, in this paper we
have considered the adaptive Q-S (lag, anticipated, and com-
plete) time-varying synchronization of uncertain neural net-
works with multiple time-varying delays. This delayed
model is more general, and we also study adaptive Q-S (lag,
anticipated, and complete) time-varying synchronization,
which is a more generalized synchronization.

Remark 3: In Ref. 15, a generalized (lag, anticipated,
and complete) synchronization of a class of continuous-time
systems is defined by Yan. Also, a Q-S (lag or anticipated)
synchronization of continuous-time dynamical systems is
studied in Ref. 16 by Yan using a backstepping scheme.
However, in this paper, the parameters of the drive system
are unknown; the estimation of these parameters is investi-
gated by the Lyaponov functional method with a proposed
adaptive law. It is a simple approach by using the Lyapunov
method. Also, the synchronization considered in this paper is
a time-varying synchronization.

Remark 4: Huang and Guo have considered parameter
identification by identical synchronization between two dif-
ferent systems in Ref. 17. A more general model with mul-
tiple time-varying delays is considered in this paper; Q-S
(lag, anticipated, and complete) time-varying synchroniza-
tion is also investigated. This is a more generalized form of
synchronization.

Remark 5: In this paper, we define a new type of Q-S
(lag, anticipated, and complete) time-varying synchroniza-
tion. The parameters of the drive system are unknown, and
the Q-S (lag, anticipated, and complete) time-varying syn-
chronization and the unknown parameters are identified si-
multaneously.

IV. NUMERICAL EXAMPLES

In this section, we will give some simulation examples
to justify the theoretical analysis in this paper.

Example: Consider a typical delayed Hopfield neural
network as a drive system:

y(t) == Cy(t) + Agly(1)] + Bg{y[r — 7(1) ]},

where
1 0 20 -0.1 -16 -0.1
C= , A= , B=
01 -50 28 -03 =25
| (ij=1.2) o) (taﬂhM)
T= A=A, B tanhy, /)’
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Here we only consider the error state e(r)=z(r)—y[t

-r()],

ie.,

Olz(1)]=z(1) . S{ylt=r() ]} =y[t-r(1)].

Thus

DOl z(1)]=DS{y[r—r(¢)]}=J, where J is the identity matrix.
Assumption (A1) and (A2) are satisfied. By Corollary 4, we

obtain

#(t)=—Me(t) +[1 - #(t)](= C(t)y[t - r(1)]
+ AW glylt— ()T} + BO){ylt - o1) - r(1)1}),

Chaos 16, 023119 (2006)

FIG. 1. State trajectories of drive, re-
sponse, and error system: (a) y,(7); (b)
y2(1); (€) z4(); (d) 22(2); (e) e,(0); (f)
e,(1).

éi(t) =q[1 =7#(1)]e )yt - r(1)],

‘;lij(t)

==l =#t)]e)g{y[t - r(H)]},

biy(1) = = s[1 = F(O et — 7(0) = r(0)]}.

15 . . . . 156 . . . .
(a) (b)

14} g 1.4} 4
13} g 13} 1
12F . 1.2H 1
1.1 g 1.1H 1

1k g 1 h
09F g 09H 1
08f g 0.8H 1
071 ~ 0.7} N
06} g 06l 4
05 6 160 260 360 4(|)o 500 05 6 160 260 360 4(|)o 500

t

t

Here, we choose

FIG. 2. Estimation parameters of C in response system:

(@) &,(®); (b) &(1).
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t t FIG. 3. Estimation parameters of A in
response system: (a) a;(r); (b) a@,(1);
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24
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It is obvious to see that the above equations are independent
of the unknown parameters C, A, and B. We do not need to
know the parameters of the drive system; just following the

above adaptive equation and the output of the drive system,
we find that the drive system will synchronize with the re-
sponse system according to the adaptive law stated above.

First, we choose r(f)=5(1+sint), 7()=5 cos ¢, and it is
the synchronization lag. The trajectories of the drive, re-

200 300 400 500 o .
t FIG. 4. Estimation parameters of B in

response system: (a) b,,(); (b) b,(1);

(d) (©) by (1); (d) by(1).

0.4
12 (@)
02
~14
0
16
—0.2
18
0.4
2
0 100 200 300 400 500 0 100
t
02 2
()
0 2.2
s PV““"**---~hﬂ_h‘,_ﬁ~%~___ e
~0.4 26
-0.6 -2.8
08 -3
0 100 200 300 400 500 0 100

200 300 400 500
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sponse, and error systems are shown in Fig. 1. The parameter
estimation trajectories of response system are shown in Figs.
2—-4. From Figs. 1-4, we see that the drive system will Q-S
lag time-varying synchronize with the response system and
the parameter estimation in the response system tends to the
object we want.

Next, we choose r(r)=-10, 7()=0, and it is the synchro-
nization anticipation. The trajectories of the drive, response,
and error systems are shown in Fig. 5. From Fig. 5, we see
that the drive system will Q-S anticipated synchronize with
the response system.

Finally, we choose the error state e(t)=z(r)-2y(?), i.e.,
Olz(t)]=z(t),S{p[t—r()]}=2y(¢) to show Q-S complete syn-
chronization. Thus DQ[z(7)]=J, DS[y(t)]=2J, where J is the
identity matrix. Assumptions (A1) and (A2) are satisfied. By
Corollary 4, we obtain

() ==Me(t) +[1 - () [(DS{y[t - r(1)]})
X (= Cy[t - r(]+ AWt - r()]}
+B(Hy(t = (1) - r()]}),
aS{ylt—r()]}

(1) =q[1 - r'(t)]ei(t)myi[t -r(1)],

aSAylt—r(n]}

a;(t)=— 1= #(2)]e(r) ayli—r(0)] 8

{ylt=r(]},
aS{ylt—r(®)]}
ay;[t—r(0)]
X1yt - 7,(0) - r(D)]}.
Here we choose

M—(lo 0) =r=s=1,r(1)=0
=0 10/ g=r=s=1,r(1)=0.

bif(0) = = s[1 = 1) )e,(0)

Also it is obvious to see that the above equations are inde-
pendent of the unknown parameters C, A, and B. The trajec-
tories of the drive, response, and error systems are shown in
Fig. 6. From Fig. 6, we see that the response system Q-S
completely synchronize with the drive system.

V. CONCLUSION

In this paper, adaptive Q-S (lag, anticipated and com-
plete) time-varying synchronization and parameter identifi-
cation of uncertain neural networks with multiple time-
varying delays have been considered. We do not need to
know the unknown parameters of the system, but the slave
system can Q-S time-varying synchronize with the master
system and the parameter identification can be achieved by
the output of the master system. It is easy and convenient to
use this method by adopting an adaptive law. Numerical
simulations are given to show the effectiveness and feasibil-
ity of the developed method.

Chaos synchronization can be applied especially in se-
cure communications. Using the approach established in this

Chaos 16, 023119 (2006)

paper, we can design some neural networks to achieve Q-S
time-varying synchronization and apply this method in trans-
mitting messages in the networks. These will be our present
and future work.
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