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Abstract—This paper presents a new sufficient condition for the
existence, uniqueness and global asymptotic stability of the equilib-
rium point for Cohen-Grossberg neural networks with multiple time
delays. The results establish a relationship between the network pa-
rameters of the neural system independently of the delay parameters.
The results are also compared with the previously reported results in
the literature.
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I. INTRODUCTION

N recent years, equilibrium and stability properties of dif-

ferent classes of neural networks such as Cohen-Grossberg
neural networks, Hopfield-type of neural networks and cellular
neural networks have been intensively studied and applied
to various engineering problems [1]-[13]. In particular, the
existence, uniqueness and global asymptotic stability of the
equilibrium point for neural networks proved to be an im-
portant property as neural networks with such a convergence
dynamics is crucial to solve optimization problems. In recent
literature, many researchers have studied the equilibria and
stability properties of neural networks and presented various
sufficient conditions for the uniqueness and global asymptotic
stability of the equilibrium point for neural networks [1]-[13].
On the other hand, it is well known that a significant time
delay may occur during the communication between neurons,
which may cause a complete change in the dynamical behavior
of neural systems. Therefore, determining the affect of the
time delays on the equilibrium and stability properties of
neural networks is of prime importance. In this paper, by
employing more general types of Lyapunov functionals, we
will present a new sufficient condition for the uniqueness and
global asymptotic stability of the equilibrium point for Cohen-
Grossberg neural networks with time delays.

Il. COHEN-GROSSBERG NEURAL NETWORK
MODEL AND SOME BASIC CONCEPTS

Cohen-Grossberg neural network model we consider in this
paper is assumed to be described by the following set of
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differential equations :

Bi(t) = di(ﬂ?i(t))[*ci(fﬂz‘(t))+Z“ijfj(-1"j(t))

+Zbijfj(xj(t—7'¢j))+qu} 1)
j=1

where n is the number of the neurons in the network, z;
denotes the state of the ith neuron, d;(x;) represents an
amplification function, and c¢;(z;) is a behaved function
such that the solution of network model (1) remains
bounded. The constants a;; denote the strengths of the
neuron interconnections within the network, the constants
b;; denote the strengths of the neuron interconnections with
time delay parameters 7;;. Finally, the functions f;(-) denote
the neuronal activations and the constants u; are some
external inputs. In system (1), ;;(t)>0 represents the delay
parameter with 7 = maxz(7;;), 1 < 4,j < n. Accompanying
the neural system (1) is an initial condition of the form :
zi(t) = ¢i(t) € C([—7,0], R), where C([—,0], R) denotes
the set of all continuous functions from [—7, 0] to R.

We now give some usual assumptions on the functions d;,
c; and f; :

A; : The functions d;(x), i = 1,2,...,n are continuously
bounded, and there exist positive constants p; and p; such
that 0 < ;< d;(x) < p;, Vo € R.

A, : The functions ¢; are continuous and there exist
constants «; > 0 such that

ci(w) —cily) _ (@) —ay)l
r—y |z — yl

272 > 07 i= 1727 ey Ty
Vz,y € R,z #y
Az : There exist some positive constants G; such that
Oé.fi,(l') — fv‘,(’y)SGi7
Y

T —

i=1,2,...n, Va,y € R,z #y

We recall some basic vector and matrix norms. For z =
(21,9, ...,xn)T, the three commonly used vector norms are

Cllelh = il 2l = VIl el =
max |z;|. For any matrix A = (aij)nxn, |4l =
1<i<n
n n
fé‘jagxn,z;'“”" [l = max 3 1\%’\, 1All: =
1= 1=

VA (AT A), where X (AT A) denotes the maximum eigen-
value of the matrix A7 A.
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I11. EXISTENCE AND UNIQUENESS ANALYSIS OF
EQUILIBRIUM POINT

In this section we present the following condition that
establishes the existence and uniqueness of the equilibrium
point for system (1).

Theorem 1: Suppose that the assumptions A;, As and Aj
are satisfied. Then, the Cohen-Grossberg neural networks
defined by (1) has a unique equilibrium point for each w, if
the following condition holds :

Q=G '—A4-AT-Q>0

where T = diag(v1,7v2, -, yn) and G =
diag(Gy,Ga, ...,Gy), and Q = diag(q1, g2, ---, qn) With

n

gi =Y (bi| + bjal) i = 1,2,...,m

=1

Proof: Let x* = (a7, x5, ...,2%)T denote an equilibrium
point of neural network model (1). Then, z* satisfies

D(@")[-C(z") + Af(x") + Bf («") + u] = 0 @

Since D(z*) is a positive diagonal matrix, from (2), it follows
that

—C(z")+Af(z")+ Bf(z*)+u=0 3
Let
H(z)=-C(z)+ Af(z) + Bf(z) +u=0 4)
where H(z) = (hy(z), ha(2), ..., hn(z))T with

hi(w) = —ci(wi) + Y ai fi(x) + Y big f(5) + s,
j=1 j=1

i=1,2,...n

Since every solution of H(xz) = 0 is an equilibrium point of
(2), it follows that, for system defined by (1), there exists a
unique equilibrium point for every input vector v if H(x) is
homeomorphism of R™ (see [5]). In the following, we will
prove that H(z) is a homeomorphism of R".

Let choose two vectors x, y € R™ such that x # y. For
H(x) defined by (4), we can write

+B(f(z) = f(y)) )

First, consider the case = # y with f(x)— f(y) = 0; in this

case, we have
H(z) — H(y) = —(C(z) — C(y))

Under assumption As, = # y implies that C(z) # C(y). On
the other hand, if C(x) # C(y), then H(x) # H(y). Hence,
x # y implies that H(z) # H(y). Now consider the case
where z —y # 0 and f(x)— f(y) # 0. Multiplying both sides
of (5) by 2(f(z) — f(y))T results in

2(f(x) = f(y)" (H(x) = H(y))
= =2(f(z) - f()"(C(z) - C(y))
+2(f(x) = fy)TA(f () — fy)
+2(f(x) = f))" B(f(x) = £(3))
f

+2(f(x) = f(w)" B(f(x) — f(v))
From the assumptions A, and As, we obtain
(f(x) = fw)"(C(x) = Cly))
>(f(z) = f(y) ' T(z—y)
>(f() = f) ' TG (f(z) - f(y))

We also note the following inequality

2(f(x) = fW) " B(f(2) = f(y)

n n

=302 (filw) — Filw)) (f(x5) = Fi ()

< f;fjlzbijm(m ~ Rl ) — ()

< zz il o) — i )? + (Fy(ay) — F5u)?)
_ ZZ sl (fo) — i)’

+ZZ bl (i) — i (wi))?
- ii('b”" + Iogl) i) — Fulwn))?

= Zqz fi(ws) — fi Z/v))
= (f(iﬂ) — F)"Qf(z) = f(y))

Using the above two inequalities in (6) results in

2(f(x) = f()" (H(x) = H(y)) (6)

< =2(f(2) = f) TG (f(2) - f(y))
+(f(@) = f) " (A+AT)(f(2) = £())

+(f (@) = FW)Q(f(2) = f(y)

= —(f(2) = fW)"Af(2) — f(y)) ™

For f(z) — f(y) # 0, Q > 0 implies that

2(f(x) = f)" (H(z) = H(y)) < 0
form which it can be concluded that H(xz) # H(y) when
f(z) = f(y) # 0, thus proving that H(xz) # H(y) for all

T #y.

Now, if we let y = 0 in (7), then we obtain :

2(f(x) = f(0))" (H(x) — H(0))
< —(f(2) = F0)"Qf (x) - £(0)
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leading to
2(f () — f(0))" (H (z) — H(0))]
> (f(x) = f(0))"Qf (x) — f(0)
from which it follows that
2[f(x) = f(0)|[c||H (z) —
An (D) f () — f(O)]3

that [[f(z) — fO)llo<IIf(x) —
HO)IL<[[H(@)[[: + [[H(O)}
FONIL =1 @)l = [1£(0)l], we obtain

H(0)]]x

Considering
|[H(z) —
IIf(z) -

FO)]l2,

and

|| H (2)]]1
A (Q1f (@)[l2 = Am (D] £(0)l]2 = 2I[H (0)]]x

2[[Pfloo

Since, ||H(0)|]; and || f(0)]|2 are finite, then || H (x)|| — oo
as ||f(z)]] — oo. (We should point out here that, for
unbounded activation functions, ||f(z)|| — oo if ||z|| — oc.
Therefore, we can conclude that || H (z)|| — oo as ||z|| — cc.
As for the bounded activation functions, it is always true that
[|H(z)|| — oo as ||z|] — oo. [5]) Thus, it follows that the
map H(x): R™ — R™ is homomorphism of R", hence there
exists a unique z* such H(z*) = 0 which is a solution of
(1). Hence, the proof of the existence and uniqueness of the
equilibrium point is now completed. |

>

IV. STABILITY ANALYSIS OF EQUILIBRIUM POINT

In this section, we will prove that Q@ > 0 also implies
the global asymptotic stability of the equilibrium point for
neural system (1). To simplify the proofs, we will first shift
the equilibrium point of system (1) to the origin. Suppose
that z* is an equilibrium point of system (1). By using the
transformation z(t) = x(t) — z*, the equilibrium point z* can
be shifted to the origin. The neural network model (1) can be
rewritten as :

Gt) = ou(z()[-Bilailt +Zaugj z(t
+ ) bijg(z(t = 7i5))] ®)
j=1

For the transformed system (8), we have
a;(z(t) = di(z:(t) + 2F), i =1,2,..,n
Bi(zi(t)) = ci(zi(t) + a7) —
9i(zi(t)) = fi(zi(t) + 27) = fi(a}), i=1,2,..,n
Assumptions A, As, As respectively imply that

*

ci(zy), i=1,2,...,n

0 < pwi<a(zt) <py,i=12,..,n
zi()Bi(zi(t)) =i
|9i(z: (D) |<Gilzi (D)), 2i(D)gi(2:(£) =0, i = 1,2,...n

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

In order to show that 2 > 0 is also a sufficient condition for
global asymptotic stability of the origin of (8), the following
positive definite Lyapunov functional will be employed :

n zi(t) ¢
V(z(t)) = QnZ/O ds

i=1 oi(s)

Nt
+20 ) / 9:(5) 4
0

i=1 Oéi(S)

t
+ZZO¢\bU|
i=1 j=1

g3 (2;(€))dg

t—"Tij

where the « and ¢ are positive constants to be determined later.
The time derivative of the functional along the trajectories of
system (8) is obtained as follows

) =2 Z nBi(zi(t))zi(t)

+ Z Z QTL(J,,‘,J‘Z,‘,(t)gj (Zj (t))

i=1 j=1

iljl

—2a Z ﬁz z’L

n n

+a Z Z 2a;59(2i(t))g;(z;(t))

iljl

—|—042:z:2b”g7 zi(t

=1 j=1

+ad Y lbilg: (z (1)

i=1 j=1

- Tij))

))gi(zi(t))

095 (25(t = 7ij))

n n

—o § § |sz\g] Z] TZ]
=1 j=1
n n n n

+2259?(ZJ 22597 zj(t

iljl i=1j=1

+ZZ 7n2bmg] ))

11]1

- Z Z 7n2bwg]

zlJl

= Tij))

= Tij))
We have

S 2naiyz4 (095 (24(1)

i=1 j=1
n n

<O vz +ZZ—n2aig§ (1)

=1 j= 1

i=1 j=1
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n n

Z Z 2nb;jzi(t)g; (2 (t — 7ij))

SZZ% *ZZ—”Q%%

i=1 j=1 i=1j= 1

— Tij))

n
OZZZQb”gz zi(t))g; (2 (t = 7i5))
=1 j=1
n n

<ad Y Ibislef (1)

i=1j=1

+a 33 Jblgl (24t

i=1j=1

_Tij))

_2a2ﬂz Zl gz Zz ) < 20‘27121 gz(zz( ))

i=1

< 203" 3G g (1)

i=1

In the light above inequalities, V/(z(t)) can be written as
follows

Zz_n azgg] Z] )

11]1

+ZZ *TLQb”g] )

zl]l

20y 2GR )

i=1

+a Z Z 2a7jg'b Zl

i=1 j=1

oY > Ibilgl (z5(1)
i=1 j=1
n n

a3 bylo? (= ()

lel

))g; (1))

303 e at)

=1 j=1

= ZZ —nz[aﬂ + %197 (2i(1))

11]1

+ Z Z egi (z(1)

+a Z Z 2%391 zz

lel

+0(ZZ ‘szl + ‘bﬂ‘ gz Zz( ))

203 WG R (0)
i=1

)95 (2(1))

Let

?la, + 1))

1
§ = max(—n-[aj;
i

Then, we have

ZZ g7 (z(t )+Zzsgf(zi(t))
9" (2()TG ' g(2(t))

+ag ( ())(A+AT)9(Z(t))

+ag” (2(t)Qg(2(1))
=n(8 +¢)llg(z(1))]13 — ag” (2(t))9(2(1))
< n(6+9)llgz)I5 — arm(Q)llg(2(0)]I3
= —(aXn(Q) = n(6+e))llg(=(1)Il5

in which o > "(‘”’E) implies that V( (t)) is negative definite

for all g(z(t)) ;A () (' We know that g(z(t)) # 0 implies that
2(t) # 0). Now let g(z(t)) = 0. In this case V' (z(t)) satisfies

2(t)) = 72.Zn6i(z,-(t))z (t)
D0 " 2mbiizi(t)g (25 (t

- Tij))
i=1 j=1
—a Y3 Ibislg? (25t — 7))
i=1 j=1
— Z Z EgJ Zj 7-1]
=1 j=1
722 —nwag] — Tij))
i=1 j= 1
<23 B (0)x 1)
i=1
+ 0D 2nbijzi(t)g; (25 (t — 7ij))
i=1 j=1
_ZZ—nQbUg] = Tij))
=1 j= 1
Since
- Z nBi(zi(8)zi(t) + ) D 2nbiyzi(t)g (25(t — 737)
=1 j=1
_ ZZ —nzb”g] —7ij))<0
i=1 j= 1
we obtain

n

V(=(t) < =) nfilzi(t)i(t)

i=1

implying that V(z(t)) < 0 for all z(t) # 0. Now consider the
case where g(z(t)) = z(t) = 0. In this case, for V(z(t)), we
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have
n n
—a Y Y bisle; (z5(t = 7))
i=1 j=1
n n

=30 eqiz(t— 7))

i=1 jfl

7227712()2]9] 5 (t = 7i5))

LlJl

in which V(2(t)) < 0 if there exists at least one nonzero
g;(2;(t — 7i;)). Hence, we can conclude that V(z(t)) = 0 if
and only if g(z(t)) = z(t) = 0 and g;(z;(t —7:;)) = 0 for all
i,4, V(2(t)) < 0 otherwise. In addition, V'(z(t)) is radially
unbounded since V (z(t)) — oo as ||z(t)|| — oo. Thus, the
origin system (8), or equivalently the equilibrium point of
system (1) is globally asymptotically stable [14].

Now, we will compare our result with two previously
published results, which are restated in the following :

Theorem 2 (3): Consider the delayed system (1) and as-
sume that conditions (A4;) — (A2) — (As) are satisfied. If
there exists positive constants m;, i = 1,2,...,n, 11 € [0, 1],
ro € [0,1], and following conditions holds:

1 n
o
max m; E (G |aij| +
1<i<n | vy 1
j=

G372 |big) + > my (G ayi] + G?“‘”N%)) } <2
j=1

then the equilibrium point z*
asymptotically stable.

for system (1) is globally

Theorem 3 (4): Assume that system (1) satisfies the as-
sumptions (A1), (As) and (Aj) are satisfied and there exist
constants p;;, gij, sij, ti; € R, 4,5 =1,2,....,n, such that

n
D llas P G a0 G+ (b P G

j=1

1
Yi — 5
+bj#1 G > 0

then the equilibrium point z* for system (1) is globally
asymptotically stable.

We now give the following examples :

Example 1: We consider the example where the network
parameters are given as follows :

o[2 3 o-L33)
o[} ]

0 1

Let m; = 1. When applying the result of Theorem 2 to this
example, stability condition is ensured if only if |b] =

However, for the same network parameters, our theorem gives
the result as 0 < [b] < 1/2.

Example 2: Now consider the example where the network
parameters are given as follows :

1 -1 1 1
B Y
Let G; = 1. Applying the result of Theorem 3 to this
example yields conditions v; > 4 and ~2 > 4. For the same

network parameters, our theorem gives the conditions v; > 3
and v > 3.

V. CONCLUSION

This paper presented a new sufficient condition for the ex-
istence, uniqueness and global asymptotic stability of Cohen-
Grossberg neural networks with time delays. The proposed
condition has been derived by using a more general type of
Lyapunov functionals. The obtained results have been shown
to be considered an alternative result to the previous results
derived in the literature.
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