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Abstract:Theglobalexponentialstabilityofcycleassociativeneuralnetwork
withconstantdelaysisdiscussed.Duringthediscussion,byconstructing
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0 Introduction

Thedynamicalbehaviorsofdelayedneural
networkshaveattractedincreasinginterestfor
theirintenseapplication.Especially,thereare
many works about stability of neural
network[1-8].In Lits. [2-3],the authors
discussed the static network with S-type
distributeddelays.In Lit.[4],theauthor
discussedtheglobalexponentialstabilityofa
classofneuralnetworkswithdelaysbynature
M-matrix.InLits.[3-5],theauthorsdiscussed
theglobalexponentialstabilityoftheone-layer
neuralnetwork.Atthesametime,thestability
of bidirectional associative memory neural
networksofthetwo-layerswithdelayshasalso
beenstudiedbymanyresearchers[6-8].InLits.

[5-6]theauthorsdiscussedtheexistenceof
equilibrium pointandthe globalexponential
stabilitybyhomeomorphism andconstructing
properLyapunovfunction.Inspiredbyabove
work, we should discuss the exponential
stability of n-layers neural networks with
constantdelays,which should betaken as
generalformforwork[6].

1 Modelandpreliminaries

Inthispaper,weshoulddiscussthecycle
associativeneuralnetworkofthen-layerswith
constantdelays:
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Letτ=max(τ1,τ2,…,τn),initialconditions

fornetwork(1)areoftheform
ϕ=(ϕ1 … ϕl1ϕl1+1 … ϕl1+l2 … 

ϕl1+l2+…+ln-1+1 … ϕl1+l2+…+ln
)∈

C=C([-τ,0],Rl1+l2+…+ln)

WhereCisthecontinuousfunctionspacewith
thenorm ϕ 2= sup

-τ≤t≤0
ϕT(t)ϕ(t).Network(1)

admitsauniquesolutionunderϕ,wedenote
 (u1(t,ϕ),u2(t,ϕ),…,un(t,ϕ))=
(u1,1(t,ϕ) … ul1,1

(t,ϕ) u1,2(t,ϕ) …

ul2,2
(t,ϕ) … u1,n(t,ϕ) … uln,n

(t,ϕ))

Forsimplifying,thedependenceontheinitial
condition ϕ will not be indicated unless
necessary.Inthefollowing,A,AT,A-1,A>0
(<0),A 2,v,f(v)havethesamedefinition
asinLit.[6].

Denotex=(u1 u2 … un)=(u1,1 … 
ul1,1 u1,2 … ul2,2 … u1,n … uln,n

).

Hence,wewritenetwork(1)as
u.T1=-A1uT1+W1S(1)(u2(t-τ1))+J(1)

u.T2=-A2uT2+W2S(2)(u3(t-τ2))+J(2)

  …

u.Tn=-AnuT
n+WnS(n)(u1(t-τn))+J(n)

whereA1=diag{a1,1,…,al1,1
},A2=diag{a1,2,

…,al2,2
},…,An =diag{a1,n,…,aln,n

},and
W1=(w1,i1,i2

)l1×l2,W2=(w2,i2,i3
)l2×l3,…,Wn=

(wn,in,i1
)ln×l1.

Thedefinitionofglobalexponentialstability
forequilibriumpointx*=(u*

1  u*
2  … u*

n )

ofnetwork(1)issametodefinition2.1inLit.
[6],inordertoassuretheglobalexponential
stabilityforequilibriumpointx*=(u*

1  u*
2  …

u*
n )ofnetwork (1),wegivethefollowing
conditions:

For network (1)there exist positive
diagonalmatricesP1=diag{p(1)

1 ,…,p(1)
l1
},P2=

diag{p(2)
1 ,…,p(2)

l2
},…,Pn=diag{p(n)
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ln
},

positivedefinitematricesQ1,Q2,…,Qnand
factorizationofW1=W11W12,W2=W21W22,…,

Wn=Wn1Wn2suchthatthecondition(T)holds
 Ω1=2P2A2(α(1))-1-P2W21Q2-1WT

21P2-
WT
12Q1W12>0

(T) Ω2=2P3A3(α(2))-1-P3W31Q3-1WT
31P3-

WT
22Q2W22>0
…

Ωn=2P1A1(α(n))-1-P1W11Q1-1WT
11P1-

WT
n2QnWn2>0

where(α(1))-1=diag{(α(1)
1 )-1,…,(α(1)

l2
)-1},

(α(2))-1 =diag{(α(2)
1 )-1,…,(α(2)

l3
)-1},…,

(α(n))-1 =diag{(α(n)
1 )-1,…,(α(n)

l1
)-1};Q1,

Q2,…,Qn,W11,W12,W21,W22,…,Wn1,Wn2

are constant matrices with appropriate
dimension.Nowwegivethemainresultsofthis
paper.

Theorem 1 For network (1), the
assumption(2)andcondition(T)hold.Then
theneuralnetwork(1)hasauniqueequilibrium
point.

Theorem 2 For network (1), the
assumption(2)andcondition(T)hold.Then
theequilibriumpointofneuralnetwork(1)is
globalexponentialstable.
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We should discuss the existence and
uniquenessoftheequilibriumpoint,theglobal
exponentialstability,andcompareourresult
withpreviousresultsandgiveanexample.

2 Theexistenceanduniquenessof
equilibriumpoint

Forconvenience westatethefollowing
lemma,whichisspecialcaseoflemma(2.1)in
Lit.[6].

Lemma1 GivenanyrealvectorsX,Yof
appropriate dimensions,then the following
inequalityholds

XTY≤XTX+YTY
2

ProofofTheorem1 Letx*=(u*
1  u*

2  
… u*

n )beanequilibrium pointofnetwork
(1).Thenx*satisfies

-A1u*T
1 +W1S(1)(u*T

2 )+J(1)=0
-A2u*T

2 +W2S(2)(u*T
3 )+J(2)=0

…

-Anu*T
n +WnS(n)(u*T

1 )+J(n)=0
Let

H(x)=(H1(x) H2(x) … Hn(x))T=
(-A1uT1+W1S(1)(x)+J(1) 
-A2uT2+W2S(2)(x)+J(2) … 
-AnuT

n+WnS(n)(x)+J(n))T=0 (3)

whereS(1)(x)=(s(1)1 (u1,2) … s(1)l2
(ul2,2

))T,

S(2)(x)=(s(2)1 (u1,3) … s(2)l3
(ul3,3

))T,…,

S(n)(x)=(s(n)1 (u1,1) … s(n)l1
(ul1,1

))T.
FromLit.[9],ifH(x)satisfiesH(x)≠

H(y), ∀x ≠ y,x,y ∈ Rl1+l2+…+ln,and
H(x)→ ∞,as x → ∞,thenH (x)isa
homeomorphism of Rl1+l2+…+ln.Because the
solutionofEq.(3)isequilibrium pointof
network(1),sowedemonstratethatnetwork
(1) has a unique equilibrium point by
demonstratingH (x)isahomeomorphism of
Rl1+l2+…+ln.

LetS(x)= (S(n)(x) S(1)(x) …  
S(n-1)(x))T,xandybetwovectorssuchthat
x≠y.Under the assumption (2)on the
activationfunctionsx≠yimplytwocases:(i)

x≠yandS(x)-S(y)≠0;(ii)x≠yandS(x)-

S(y)=0,nowwewrite
H1(x)-H1(y)=-A1u1x+A1u1y+W1(S(1)(x)-

S(1)(y))
H2(x)-H2(y)=-A2u2x+A2u2y+W2(S(2)(x)-

S(2)(y))
…

Hn(x)-Hn(y)=-Anunx+Anuny+Wn(S(n)(x)-
S(n)(y)) (4)

whereu1x=(u1,1x … ul1,1x
)T,u1y=(u1,1y …

ul1,1y
)T,u2x=(u1,2x … ul2,2x

)T,u2y=(u1,2y …

ul2,2y
)T,…,unx=(u1,nx … uln,nx

)T,uny=
(u1,ny … uln,ny

)T.
First,weconsiderthecase (i).Inthis

case,thereexistsk∈ (1,2,…,n)suchthat
S(k)(x)≠S(k)(y).Multiplyingbothsidesofthe
firstequationin Eq.(4)by2(S(n)(x)-
S(n)(y))TP1,resultsin
 2(S(n)(x)-S(n)(y))TP1(H1(x)-H1(y))=
-2(S(n)(x)-S(n)(y))TP1(A1u1x-A1u1y)+
2(S(n)(x)-S(n)(y))TP1W1(S(1)(x)-S(1)(y))

since(ui1,1x-ui1,1y
)(S(n)

i (ui1,1x
)-S(n)

i (ui1,1y
))≥

( 1α(n)
i1

)(S(n)
i1
(ui1,1x

)-S(n)
i1
(ui1,1y

))2

wehave
 (S(n)(x)-S(n)(y))TP1(A1u1x-A1u1y)≥
(S(n)(x)-S(n)(y))TP1A1(α(n))-1(S(n)(x)-
S(n)(y))
LettheCholeskyfactorizationofQ1beQ1=

KT
1K1.RewritingW1=(W11K-1

1 )(K1W12),we
have
2(S(n)(x)-S(n)(y))TP1(H1(x)-H1(y))≤
-2(S(n)(x)-S(n)(y))TP1A1(α(n))-1(S(n)(x)-
S(n)(y))+2[(S(n)(x)-S(n)(y))TP1W11K-1

1 ]×
[K1W12(S(1)(x)-S(1)(y))]
ItfollowsfromLemma1

2(S(n)(x)-S(n)(y))TP1(H1(x)-H1(y))≤
-2(S(n)(x)-S(n)(y))TP1A1(α(n))-1(S(n)(x)-
S(n)(y))+(S(n)(x)-S(n)(y))TP1W11Q1-1×
WT
11P1(S(n)(x)-S(n)(y))+(S(1)(x)-

S(1)(y))TWT
12Q1W12(S(1)(x)-S(1)(y)) (5)

Similarly
2(S(1)(x)-S(1)(y))TP2(H2(x)-H2(y))≤
-2(S(1)(x)-S(1)(y))TP2A2(α(1))-1(S(1)(x)-
S(1)(y))+(S(1)(x)-S(1)(y))TP2W21Q2-1×
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WT
21P2(S(1)(x)-S(1)(y))+(S(2)(x)-

S(2)(y))TWT
22Q2W22(S(2)(x)-S(2)(y)) (6)

…

2(S(n-1)(x)-S(n-1)(y))TPn(Hn(x)-Hn(y))≤
-2(S(n-1)(x)-S(n-1)(y))TPnAn (α(n-1))-1×
(S(n-1)(x)-S(n-1)(y))+(S(n-1)(x)-
S(n-1)(y))TP3Wn1Qn

-1WT
n1Pn(S(n-1)(x)-

S(n-1)(y))+(S(n)(x)-S(n)(y))TWT
n2QnWn2×

(S(n)(x)-S(n)(y)) (7)

whichimplythat
 Ψ(x,y)=(2(S(n)(x)-S(n)(y))T 2(S(1)(x)-

S(1)(y))T … 2(S(n-1)(x)-
S(n-1)(y))T)diag{P1,P2,…,Pn}×
(H(x)-H(y))

NotingthatQ2=KT
2K2,…,Qn =KT

nKn,from
condition(T)weobtainthat
 Ψ(x,y)≤-(S(1)(x)-S(1)(y))TΩ1(S(1)(x)-

S(1)(y))-(S(2)(x)-S(2)(y))T×
Ω2(S(2)(x)-S(2)(y))-…-
(S(n)(x)-S(n)(y))TΩn(S(n)(x)-
S(n)(y))<0 (8)

ThatisH(x)≠H(y).Sincediag{P1,P2,…,Pn}

isapositivediagonalmatrix,weprovethatH(x)

-H(y)≠0whenx≠yandS(x)≠S(y).
Nowweconsiderthecase(ii).Inviewof

x≠yandS(x)-S(y)=0,wehave

H(x)-H(y)=-

A1 0 0 0
0 A2 0 0
0 0  

… 0
0 0 0 An

æ

è

ç
ç
ç
çç

ö

ø

÷
÷
÷
÷÷

(x-y)≠0

whichimpliesthatH(x)≠H(y)forx≠y.
In the following, we claim that the

condition of Theorem 1 also implies that
H(x)→ ∞,as x → ∞.Settingη=0,

inequality(8)yields
Ψ(x,0)≤-λmin[(S(x)-S(0))T(S(x)-S(0))]
whereλmindenotestheminimumeigenvalueof
thepositivedefinitematricesΩ1,Ω2,…,Ωn.
SimilartoLemma2.2inLit.[6],weobtain

λmin S(x)-S(0)2
2≤2p S(x)-S(0) ∞×

H(x)-H(0)1

wherep=max(p(1)
1 ,…,p(1)

l1
,p(2)

1 ,…,p(2)
l2
,…,

p(n)
1 ,…,p(n)

ln
),usingthefact S(x)-S(0) ∞≤

S(x)- S(0)2, S(x) ∞ - S(0) ∞ ≤

S(x)- S(0) ∞ and H(x)- H(0)1 ≤
H(x)1+ H(0)1,wehave
 λmin S(x) ∞-λmin S(0) ∞≤2p H(x)1+

2p H(0)1

Hence
H(x)1≥(λmin S(x) ∞-λmin S(0) ∞-

2p H(0)1)/2p
whichimplies H(x)→∞,as S(x)→∞.So
weconclude H(x)→∞,as x →∞.Hence
weprovethatH (x)ishomeomorphism of
Rl1+l2+…+ln, which ensures that the neural
network(1)hasanequilibriumpointandthe
equilibriumpointisunique.

3 Theglobalexponentialstabilityof
theequilibriumpoint

First,weshifttheequilibrium pointof
network(1)totheoriginbythetransformation
v1(t)=u1(t)-u*

1 ,v2(t)=u2(t)-u*
2 ,…,

vn(t)=un(t)-u*
n ,network(1)canberewritten

as
v.1(t)=-A1v1(t)+W1f(1)(v2(t-τ1))

v.2(t)=-A2v2(t)+W2f(2)(v3(t-τ2))

   …

v.n(t)=-Anvn(t)+Wnf(n)(v1(t-τn))

(9)

wheref(1)(v2 (t))= (f(1)
1 (v1,2 (t)) …  

f(1)
l2
(vl2,2

(t))),f(2)(v3(t))=(f(2)
1 (v1,3(t)) …

f(2)
l3
(vl3,3

(t))),…,f(n)(v1(t))=(f(n)
1 (v1,1(t))

 … f(n)
ln
(vl1,1

(t))).FromEq.(9),weget
f(1)

i2
(vi2,2

(t))=s(1)i2
(vi2,2

(t)+u*
i2,2
)-s(1)i2

(u*
i2,2
);

i2=1,2,…,l2
f(2)

i3
(vi3,3

(t))=s(2)i3
(vi3,3

(t)+u*
i3,3
)-s(2)i3

(u*
i3,3
);

i3=1,2,…,l3
    …

f(n)
i1
(vi1,1

(t))=s(n)i1
(vi1,1

(t)+u*
i1,1
)-s(n)i1

(u*
i1,1
);

i1=1,2,…,l1
TheLipschitzconditionimpliesthat

  0≤
f(1)

i2
(vi2,2

(t))
vi2,2

(t) ≤α(1)
i2
;

f(1)
i2
(0)=0,i2=1,2,…,l2

0≤
f(2)

i3
(vi3,3

(t))
vi3,3

(t) ≤α(2)
i3
;

f(2)
i3
(0)=0,i3=1,2,…,l3

  …
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0≤
f(n)

i1
(vi1,1

(t))
vi1,1

(t) ≤α(n)
i1
;

f(n)
i1
(0)=0,i1=1,2,…,l1

Obviouslyx*=(u*
1  u*

2  … u*
n )ofnetwork

(1)istheglobalexponentialstableifandonlyif
theoriginofEq.(9)isglobalexponential
stable.NowweconsidertheoriginofEq.(9).

Proof of Theorem 2 We employ the
followingLyapunovfunction

  V(v1(t),v2(t),…,vn(t),t)=
ε1V1(v1(t),v2(t),…,vn(t))+
V2(v1(t),v2(t),…,vn(t),t) (10)

where
 V1(v1(t),v2(t),…,vn(t))=
vT1(t)v1(t)+vT2(t)v2(t)+…+vTn(t)vn(t)

 V2(v1(t),v2(t),…,vn(t),t)=

2∑
l2

i2=1
p(2)

i2∫
vi2,2

(t)

0
f(1)

i2
(s)ds+

∫
t

t-τ1
f(1)T(v2(τ))R1f(1)(v2(τ))dτ+

2∑
l3

i3=1
p(3)

i3∫
vi3,3

(t)

0
f(2)

i3
(s)ds+

∫
t

t-τ2
f(2)T(v3(τ))R2f(2)(v3(τ))dτ+…+

2∑
l1

i1=1
p(1)

i1∫
vi1,1

(t)

0
f(n)

i1
(s)ds+

∫
t

t-τn
f(n)T(v1(τ))Rnf(n)(v1(τ))dτ

FirstwecomputethederivativeofValong
trajectoriesofEq.(9),thendeterminepositive
constantε1andpositivedefinitematricesR1,R2,
…,Rn.

 V
.
(v1(t),v2(t),…,vn(t),t)=

ε1V
.
1(v1(t),v2(t),…,vn(t))+

V
.
2(v1(t),v2(t),…,vn(t),t)

where
 V

.
1(v1(t),v2(t),…,vn(t))=
2vT1(t)[-A1v1(t)+W1f(1)(v2(t-τ1))]+
2vT2(t)[-A2v2(t)+W2f(2)(v3(t-τ2))]+…+
2vTn(t)[-Anvn(t)+Wnf(n)(v1(t-τn))]

and
V
.
2(v1(t),v2(t),…,vn(t),t)=
2f(1)T(v2(t))P2[-A2v2(t)+W2f(2)(v3(t-
τ2))]+2f(2)T(v3(t))P3[-A3v3(t)+

W3f(3)(v4(t-τ3))]+…+
2f(n)T(v1(t))P1[-A1v1(t)+W1f(1)(v2(t-τ1))]+
f(1)T(v2(t))R1f(1)(v2(t))-f(1)T(v2(t-τ1))×
R1f(1)(v2(t-τ1))+f(2)T(v3(t))R2f(2)(v3(t))-
f(2)T(v3(t-τ2))R2f(2)(v3(t-τ2))+…+
f(n)T(v1(t))Rnf(n)(v1(t))-f(n)T(v1(t-τn))×
Rnf(n)(v1(t-τn))

RewritingV
.
1as

V
.
1(v1(t),v2(t),…,vn(t))≤
-2vT1(t)A1v1(t)+2vT1(t)A1/21 A-1/2

1 W1×
f(1)(v2(t-τ1))-2vT2(t)A2v2(t)+
2vT2(t)A1/22 A-1/2

2 W2f(2)(v3(t-τ2))+…-
2vTn(t)Anvn(t)+2vTn(t)A1/2n A-1/2

n Wn×
f(n)(v1(t-τn))

ItfollowsfromLemma1that
 V

.
1≤-vT1(t)A1v1(t)-vT2(t)A2v2(t)-…-

vTn(t)Anvn(t)+f(1)T(v2(t-τ1))×
WT
1A-1

1 W1f(1)(v2(t-τ1))+
f(2)T(v3(t-τ2))WT

2A-1
2 W2×

f(2)(v3(t-τ2))+…+f(n)T(v1(t-τn))×
WT

nA-1
n Wnf(n)(v1(t-τn))≤

-vT1(t)A1v1(t)-vT2(t)A2v2(t)-…-
vTn(t)Anvn(t)+M[f(1)T(v2(t-τ1))×
f(1)(v2(t-τ1))+f(2)T(v3(t-τ2))×
f(2)(v3(t-τ2))+…+
f(n)T(v1(t-τn))f(n)(v1(t-τn))]

whereM =max[WT
1A-1

1 W1 2, WT
2A-1

2 W2 2,
…, WT

nA-1
n Wn 2]≥0.Since

f(1)
i2
(vi2,2

(t))vi2,2
(t)≥(α(1)

i2
)-1(f(1)

i2
(vi2,2

(t)))2;

 i2=1,2,…,l2
f(2)

i3
(vi3,3

(t))vi3,3
(t)≥(α(2)

i3
)-1(f(2)

i3
(vi3,3

(t)))2;

 i3=1,2,…,l3
 …

f(n)
i1
(vi1,1

(t))vi1,1
(t)≥(α(n)

i1
)-1(f(n)

i1
(vi1,1

(t)))2;

 i1=1,2,…,l1
weget

 -f(1)T(v2(t))P2A2v2(t)≤
-f(1)T(v2(t))P2A2(α(1))-1f(1)(v2(t))

-f(2)T(v3(t))P3A3v3(t)≤
-f(2)T(v3(t))P3A3(α(2))-1f(2)(v3(t))
…

-f(n)T(v1(t))P1A1v1(t)≤
-f(n)T(v1(t))P1A1(α(n))-1f(n)(v1(t))

145 第5期 SHIRenxiang:Globalexponentialstabilityofcycleassociativeneuralnetworkwithconstantdelays



LettheCholeskyfactorizationofQ1,Q2,…,Qn

beQ1 =KT
1K1,Q2 =KT

2K2,…,Qn =KT
nKn.

RewritingW1 = (W11K1
-1)(K1W12),W2 =

(W21K2
-1)(K2W22),…,Wn = (Wn1Kn

-1)×
(KnWn2),wehave
V
.
2≤-f(1)T(v2(t))2P2A2(α(1))-1f(1)(v2(t))-

f(2)T(v3(t))2P3A3(α(2))-1f(2)(v3(t))-…-
f(n)T(v1(t))2P1A1(α(n))-1f(n)(v1(t))+
2(f(1)T(v2(t))P2(W21K2

-1)(K2W22)×
f(2)(v3(t-τ2)))+2(f(2)T(v3(t))×
P3(W31K3-1)(K3W32)f(3)(v4(t-τ3)))+…+
2(f(n)T(v1(t))P1(W11K1

-1)(K1W12)×
f(1)(v2(t-τ1)))+f(1)T(v2(t))×
R1f(1)(v2(t))-f(1)T(v2(t-τ1))×
R1f(1)(v2(t-τ1))+f(2)T(v3(t))×
R2f(2)(v3(t))-f(2)T(v3(t-τ2))×
R2f(2)(v3(t-τ2))+…+f(n)T(v1(t))×
Rnf(1)(v1(t))-f(n)T(v1(t-τn))×
Rnf(n)(v1(t-τn))

ThatV
.
2isboundedbyLemma1.

V
.
2(v1(t),v2(t),…,vn(t),t)≤
-f(1)T(v2(t))[2P2A2(α(1))-1-P2W21Q-1

2 ×
WT
21P2-R1]f(1)(v2(t))-f(2)T(v3(t))×
[2P3A3(α(2))-1-P3W31Q-1

3 WT
31P3-R2]×

f(2)(v3(t))-…-f(n)T(v1(t))[2P1A1(α(n))-1-
P1W11Q-1

1 WT
11P1-Rn]f(n)(v1(t))-

f(1)T(v2(t-τ1))[R1-WT
12Q1W12]×

f(1)(v2(t-τ1))-f(2)T(v3(t-τ2))×
[R2-WT

22Q2W22]f(2)(v3(t-τ2))-…-
f(n)T(v1(t-τn))[Rn-WT

n2QnWn2]×
f(n)(v1(t-τn))

sinceΩ1>0,Ω2>0,…,Ωn>0,thereexists
ε2>0suchthatΩ1-2ε2Il2>0,Ω2-2ε2Il3>0,
…,Ωn-2ε2Il1>0.SetR1=WT

12Q1W12+ε2Il2
,

R2=WT
22Q2W22+ε2Il3

,…,Rn=WT
n2QnWn2+ε2Il1

,

which are positive definite and symmetric
matrices.So
V
.
2(v1(t),v2(t),…,vn(t),t)≤
-f(1)T(v2(t))(Ω1-2ε2Il2+ε2Il2

)f(1)(v2(t))-
f(2)T(v3(t))(Ω2-2ε2Il3+ε2Il3

)f(2)(v3(t))-…-
f(n)T(v1(t))(Ωn-2ε2Il1+ε2Il1

)f(n)(v1(t))-
ε2f(1)T(v2(t-τ1))f(1)(v2(t-τ1))-
ε2f(2)T(v3(t-τ2))f(2)(v3(t-τ2))-…-

ε2f(n)T(v1(t-τn))f(n)(v1(t-τn))≤
-ε2f(1)T(v2(t))f(1)(v2(t))-
ε2f(2)T(v3(t))f(2)(v3(t))-…-
ε2f(n)T(v1(t))f(n)(v1(t))-
ε2f(1)T(v2(t-τ1))f(1)(v2(t-τ1))-
ε2f(2)T(v3(t-τ2))f(2)(v3(t-τ2))-…-
ε2f(n)T(v1(t-τn))f(n)(v1(t-τn))

Chooseε1>0suchthatMε1≤ε2,wehave
V
.
(v1(t),v2(t),…,vn(t),t)≤-ε1vT1(t)A1v1(t)

-ε1vT2(t)A2v2(t)-…-ε1vTn(t)Anvn(t).Leta=
min(a1,1,…,al1,1

,a1,2,…,al2,2
,…,a1,n,…,

aln,n
),θ=max(α(1)

1 ,…,α(1)
l2
,α(2)
1 ,…,α(2)

l3
,…,α(n)

1 ,
…,α(n)

l1
)andr=max(R1 2,R2 2,…,Rn 2).

Obviously,V(v1(t),v2(t),…,vn(t),t)isa
positive definite and radically unbounded
Lyapunovfunction.Takeε>0,suchthat

εε1+εpθ-ε1a+rθ2ετeετ<0 (11)

Weobtain
d
dt
(eεtV(v1(t),v2(t),…,vn(t),t))=

εeεtV(v1(t),v2(t),…,vn(t),t)+

eεtddtV
(v1(t),v2(t),…,vn(t),t)≤

εeεt[ε1(vT1(t)v1(t)+vT2(t)v2(t)+…+

vTn(t)vn(t))+2∑
l2

i2=1
p(2)

i2∫
vi2,2

(t)

0
f(1)

i2
(s)ds+

∫
t

t-τ1
f(1)T(v2(τ))R1f(1)(v2(τ))dτ+

2∑
l3

i3=1
p(3)

i3∫
vi3,3

(t)

0
f(2)

i3
(s)ds+

∫
t

t-τ2
f(2)T(v3(τ))R2f(2)(v3(τ))dτ+…+

2∑
l1

i1=1
p(1)

i1∫
vi1,1

(t)

0
f(n)

i1
(s)ds+

∫
t

t-τn
f(n)T(v1(τ))Rnf(n)(v1(τ))dτ]-

ε1eεt(vT1(t)A1v1(t)+vT2(t)A2v2(t)+…+
vTn(t)Anvn(t))

Notingthat

2p(2)
i2∫

vi2,2
(t)

0
f(1)

i2
(s)ds≤2p∫

vi2,2
(t)

0
α(1)

i2sds≤

pθv2i2(t)

2p(3)
i3∫

vi3,3
(t)

0
f(2)

i3
(s)ds≤2p∫

vi3,3
(t)

0
α(2)

i3sds≤

pθv2i3(t)
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…

2p(1)
i1∫

vi1,1
(t)

0
f(n)

i1
(s)ds≤2p∫

vi1,1
(t)

0
α(n)

i1sds≤

pθv2i1(t)

wherep=max(p(1)
1 ,…,p(1)

l1
,p(2)

1 ,…,p(2)
l2
,…,

p(n)
1 ,…,p(n)

ln
),wehave

d
dt
(eεtV(v1(t),v2(t),…,vn(t),t))≤

eεt(εε1+εpθ-ε1a)(vT1(t)v1(t)+
vT2(t)v2(t)+…+vTn(t)vn(t))+

εeεt [∫
t

t-τ1
f(1)T(v2(v))R1f(1)(v2(v))dv+

∫
t

t-τ2
f(2)T(v3(v))R2f(2)(v3(v))dv+…+

∫
t

t-τn
f(n)T(v1(v))Rnf(n)(v1(v))dv] (12)

IntegratingbothsidesofEq.(12)from0to
s,concernedwithEq.(11),similartoTheorem
2.3inLit.[6],weobtain
eεsV(v1(s),v2(s),…,vn(s),s)-V(v1(0),v2(0),
…,vn(0),0)≤

∫
s

0
eεt(εε1+εpθ-ε1a)(vT1(t)v1(t)+vT2(t)v2(t)+

…+vTn(t)vn(t))dt+rθ2ετeετ∫
0

-τ
eεv(vT1(v)v1(v)+

vT2(v)v2(v)+…+vTn(v)vn(v))dv+

rθ2ετeετ∫
s

0
eεv(vT1(v)v1(v)+vT2(v)v2(v)+…+

vTn(v)vn(v))dv≤

rθ2ετeετ∫
0

-τ
eεv(vT1(v)v1(v)+vT2(v)v2(v)+…+

vTn(v)vn(v))dv≡M1 ϕ 2
2

Therefore
V(v1(t),v2(t),…,vn(t),t)≤
(V(v1(0),v2(0),…,vn(0),0)+M1 ϕ 2

2)e-εt;

∀t>0 (13)

V(v1(0),v2(0),…,vn(0),0)=
ε1(vT1(0)v1(0)+vT2(0)v2(0)+…+

vTn(0)vn(0))+2∑
l2

i2=1
p(2)

i2∫
vi2,2

(0)

0
f(1)

i2
(s)ds+

2∑
l3

i3=1
p(3)

i3∫
vi3,3

(0)

0
f(2)

i3
(s)ds+…+

2∑
l1

i1=1
p(1)

i1∫
vi1,1

(0)

0
f(n)

i1
(s)ds+

∫
0

-τ1
f(1)T(v2(v))R1f(1)(v2(v))dv+

∫
0

-τ2
f(2)T(v3(v))R2f(2)(v3(v))dv+…+

∫
0

-τn
f(n)T(v1(v))Rnf(n)(v1(v))dv≤

(ε1+pθ+rθ2τ)ϕ 2
2 ≡M2 ϕ 2

2

Accordingto Eq. (13)andtheabove
inequality
ε1 v1(t),v2(t),…,vn(t)2

2=
ε1(vT1(t)v1(t)+vT2(t)v2(t)+…+vTn(t)vn(t))≤
V(v1(t),v2(t),…,vn(t),t)≤
(M1+M2)ϕ 2

2e-εt

thatis,

v1(t),v2(t),…,vn(t) ≤ M1+M2

ε1 ϕ 2e
-εt/2;

∀t>0 (14)

Inequality(14)impliesthattheoriginof
system(9)isglobalexponentialstable.

4 Comparisonwithpreviousresults

Now we compare ourresults with the
previousresultinLit.[6],whereauthorsgave
anew sufficientconditionfortheexistence,

uniquenessandglobalstabilityoftheequilibrium
pointforBAM neuralnetwork withconstant
delays:

a.i(t)=-aiui(t)+∑
m

j=1
wijs(1)

j (zj(t-τ1))+J(1)
i ;

i=1,2,…,n

z.j(t)=-bjzj(t)+∑
n

i=1
vjis(2)

i (ui(t-τ2))+J(2)
j ;

j=1,2,…,m (15)

WecouldobtaintheresultinLit.[6]from
ourwork,whenn=2,network(1)issimilarto
Eq.(15),Theorems(1),(2)becameLemma
(2.2),Theorem(2.3)inLit.[6].

Example1 AssumetheparametersinEq.
(9)aregivenasfollows:

W1=W2=…=Wn=W12=W22=…=Wn2=
0 0 0 1
0 0 0 1
0 0  

… 1
0 0 0 1

æ

è

ç
ç
ç
ç

ö

ø

÷
÷
÷
÷

andA1=A2=…=An=aIn,Q1=Q2=…=Qn=
rIn,(α(1))-1=(α(2))-1=…=(α(n))-1=P1=P2
=…=Pn=W11=W21=…=Wn1=In,whereInis
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n×nidentitymatrix.Hence,wehave
Ω1=Ω2=…=Ωn=2P2A2(α(1))-1-

P2W21Q2-1WT
21P2-WT

12Q1W12=
2a-1/r 0 0 0
0 2a-1/r 0 0
0 0  

… 0
0 0 0 2a-1/r-rn

æ

è

ç
ç
ç
ç

ö

ø

÷
÷
÷
÷

Ifa> n andissufficientlylarge,there
existspositiveconstantrsuchthat2a-1/r-rn
>0and2a-1/r>0.Hencethecondition(T)of
Theorems1and2issatisfied,theoriginof
system(9)isgloballyexponentialstable.

5 Conclusion

Westudyaclassofneuralnetworkswith
constantdelaysinthispaper,comparingwith
previouswork[6],weexpandtheresultofneural
networkfrom2-layerton-layerbyconstructing
Lyapunovfunction.Ourresultincludesthe
resultofworkinLit.[6].
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带有常时滞循环耦合神经网络的全局指数稳定性
石 仁 祥*

(上海交通大学 数学科学学院,上海 200240)

摘要:讨论了带有常时滞循环耦合神经网络的全局指数稳定性,在讨论过程中通过构造同

胚映射论证了该系统平衡点的存在性与唯一性,再通过构造合适的Lyapunov函数论证唯一

平衡点是全局指数稳定的.类似于已有的神经网络稳定性方面工作,在神经元的激励函数满

足Lipschitz条件且相关系数构成矩阵也满足给定条件下,得到n层带有常时滞的神经网络

全局指数稳定的动力学性质.所得结果同时也蕴含当神经元的衰减速率足够大时,神经网络

是全局指数稳定的.
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中图分类号:O175.13;TP183 文献标识码:A doi:10.7511/dllgxb201705015

收稿日期:2016-10-07; 修回日期:2017-06-20.
基金项目:江苏省自然科学基金资助项目(BK20131285).
作者简介:石仁祥*(1983-),男,博士生,E-mail:srxahu@aliyun.com.

445 大 连 理 工 大 学 学 报 第57卷 


