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1 Introduction

Time delays are often encountered in various practical systems such as chemical processes,
neural networks, and long transmission lines in pneumatic systems. It has been shown that
the existence of time delays may lead to oscillations, divergences, or instabilities. This mo-
tivates the stability analysis problem for linear systems affected by time delays. During the
last decade, increasing research interests have been aroused in the stability analysis and
control design of time delay systems [1-17]. It is well known that neural networks have
been extensively studied over the past few decades and have been successfully applied
to many areas, such as signal processing, static processing, pattern recognition, combi-
natorial optimization, and so on [18]. So, it is important to study the stability of neural
networks. In biological and artificial neural networks, time delays often arise in the pro-
cessing of information storage and transmission.

Recently, a considerable number of sufficient conditions on the existence, uniqueness,
and global asymptotic stability of equilibrium point for neural networks with constant
delays or time-varying delays were reported under some assumptions; for example, see
(3,4, 6, 8,9, 11, 15-17] and references therein. In the design of delayed neural networks
(DNN:ss), however, one is interested not only in the global asymptotic stability of the neural
network, but also in some other performances. In particular, it is often desirable that the
neural network converges fast enough in order to achieve a fast response [15]. It is well
known that exponential stability gives a fast convergence rate to the equilibrium point.
Therefore, some researchers studied the exponential stability analysis problem for time
delay systems with constant delays or time-varying delays, and a great number of results
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on this topic have been given in the literature; for example, see [3, 7, 9-11, 14—17] and ref-
erences therein. The exponential stability problems of switched positive continuous time
[12] and discrete-time [13, 14] linear systems with time delay were considered. In [16],
exponential stability criteria for DNNs with time-varying delay are derived, but the con-
straint /1(£) < 1ona time-varying delay was imposed. Such a restriction is very conservative
and has physical limitations.

In practical implementations, uncertainties are inevitable in neural networks because
of the existence of modeling errors and external disturbance. It is important to ensure
the neural networks system is stable under these uncertainties. Both time delays and un-
certainties can destroy the stability of neural networks in an electronic implementation.
Therefore, it is of great theoretical and practical importance to investigate the robust sta-
bility for delayed neural networks with uncertainties [11].

Recently, a free-weighting matrix approach [3] has been employed to study the expo-
nential stability problem for neural networks with a time-varying delay [4]. However, as
mentioned in [5], some useful terms in the derivative of the Lyapunov functional were
ignored in [4, 6, 17]. The derivative of f_oh ffw %7 (s)Zx(s) ds dO with 0 < h(t) < h was esti-
mated as &7 (£)hZx(t) — ftt_ o %7 (s)Zx(s) ds and the negative term — f:_h( 9 &7 (5)Zx(s) ds was
ignored in [17], which may lead to considerable conservativeness. Although in [4] and [6]
the negative term — f:_ o &7 (s)Zx(s) ds was retained, the other term, — f__hh(t) %7 (5)Zx(s) ds,
was ignored, which may also lead to considerable conservativeness. On the other hand, if
the free-weighting method introduces too many free-weighting matrices in the theoreti-
cal derivation, some of them sometimes have no effect on reducing the conservatism of
the obtained results; on the contrary, they mathematically complicate the system analysis
and consequently lead to a significant increase in the computational demand [8]. How to
overcome the aforementioned disadvantages of the integral inequality approach (IIA) is
an important research topic in the delay-dependent related problem and also motivates
the work of this paper on exponential stability analysis. Furthermore, the restriction of
h(t) <1 is released in the proposed scheme.

In this paper, a global robust exponential stability of the delayed neural networks with
time-varying delays is proposed. By constructing a suitable augmented Lyapunov func-
tional, a delay-dependent criterion is derived in terms of linear matrix inequalities (LMIs)
and the integral inequality approach (ILA), which can be solved efficiently by using the gen-
eralized eigenvalue problem (GEVP). Furthermore, examples with simulation are given to
show that the proposed stability criteria are less conservative than some recent ones in
the literature.

Notation: Throughout this paper, N7 stands for the transpose of the matrix N, R de-
notes the n-dimensional Euclidean space, P > 0 means that the matrix P is positive definite,
I is an appropriately dimensioned identity matrix, and (diag...) denotes a block diagonal

matrix.

2 Problem formulations and preliminaries
Consider continuous neural networks with time-varying delays can be described by the
following state equations:

n n

1i(t) = —(ci + Ac)ui(®) + Y (@ + Aay)f(u(®)) + Y _(by + Aby)fi (i (= h())) + i, (2.1)

j-1 =1
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or equivalently
u(t) = —(C + AC(t))u(t) + (A + AA(t))f(u(t)) + (B + AB(t))f(u(t - h(t))) +7, (2.2)

where u(t) = [uy(t), us(t), ..., u,(t)]T € R" is the neuron state vector, f(u(t)) = [f;(u1(2)),
Fo(us(t)), ... fu(ua ()T € R" is for the activation functions, f(u(t — k() = [fi(ui(t —
W), fo(ua(t=h(2))), ..., fuluE=HONIT € R", ] = 1, ], ...,]4])T is a constant input vector,
C = diag(c;) is a positive diagonal matrix, A = (@;),x» and B = (b;).x, are the interconnec-
tion matrices representing the weight coefficients of the neurons. The matrices AC(¢),
AA(t), and AB(t) are the uncertainties of the system and have the form

[AC(t) AA(t) AB(t)]=DF(®)IE. E, El, (2.3)

where D, E., E,, and E;, are known constant real matrices with appropriate dimensions
and F(t) is an unknown matrix function with Lebesgue-measurable elements bounded by

FT(F@) <1, V&, (2.4)

where I is an appropriately dimensioned identity matrix.
The time delay /(¢) is a time-varying differentiable function that satisfies

0<ht)<h,  ht)<hs Vt=0, (2.5)
where 4 and /1, are constants.

Assumption 1 Throughout this paper, it is assumed that each of the activation functions
£ (i=1,2,...,n) possesses the following condition:

OSM Ski; M#VER,Z’:].,Z,.«-;”! (2'6)
u-—-v

where k; (i =1,2,...,n) are positive constants.

Next, the equilibrium point u* = [u5,...,u}]” of system (2.1) is shifted to the origin
through the transformation x(¢) = u(¢) — u*, then system (2.1) can be equivalently writ-

ten as the following system:
x(t) = —(C + AC(t))x(t) + (A + AA(t))g(x(t)) + (B + AB(t))g(x(t - h(t))), (2.7)
where x(-) = [x1(-),...,2,()]", g()) = [@(x1()), -, &u (DI, @) = filwil) + uf) —

filu}),i=1,2,...,n. Itis obvious that the function g;() (j = 1,2,..., n) satisfies the following
condition:

C <k, g(0)=0,Yx#0,i=12,...,n, (2.8)
which is equivalent to

gi(xi)(gi(xi) _kixi) = 07 gl(o) = O)in #Oll = 1) 21---1’/1- (29)
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To obtain the main results, the following lemmas are needed. First, we introduce a tech-
nical lemma of the integral inequality approach (IIA), which will be used in the proof of

ours.
Lemma 1 (7, 8] For any semi-positive definite matrices

X X X3
X=|XL X»n Xp|=0 (2.10)
X5 XL Xss

the following integral inequality holds:

—/t x7(8)X33%(s) ds

_h(t)
¢ Xu X X3 x(¢)

< / [xT@) xT(@t-h@) 276)]| X5 Xoo Xos | |x(t-h@)|ds. (211
t=hD XL XL o (s)

Secondarily, we introduce the following Schur complement which is essential in the
proofs of our results.

Lemma 2 [1] The following matrix inequality:

Qx) Sx)
|:ST(x) R(x)} <0, (2.12)

where Q(x) = QT (x), R(x) = RT (x) and S(x) depend in an affine way on x, is equivalent to

R(x) <0, (2.13)

Q) <0 (2.14)
and

Q) - S(x)R' (%)™ (%) < 0. (2.15)

Finally, Lemma 3 will be used to handle the parametrical perturbation.

Lemma 3 [18] Given symmetric matrices Q2 and D, E, of appropriate dimensions, we have
Q+DF@)E+E"FT(t)D" <0, (2.16)
for all F(t) satisfying FT (t)F(t) < I, if and only if there exists some & > 0 such that
Q+eDDT + ¢ 'ETE < 0. (2.17)
Firstly, we consider the nominal from system (2.7):

x(t) = —Cx(t) + Ag(x(2)) + Bg(x(¢ - h(2))). (2.18)
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For the nominal system (2.18), we will give a stability condition by using an integral
inequality approach as follows.

Theorem 1 For given scalars h, «, and hy, system (2.18) is exponentially stable if there
exist symmetry positive-definite matrices P =PT >0,Q=QT >0,R=RT >0, U = U" >0,
w=wT>0, diagonal matrices S > 0, A1 >0, Ay >0, and

Xn X2 Xis
X=|XL Xy Xp3|=0
X5 X5 Xss

and

Yo Yo Yi3
Y=|YL Yy Yo|=0
Ylg ng Y33

such that the following LMIs hold.:

[Qn Qn Q3 Qu 0 Q|
QL Qupn Q3 0 0 Qs

QL QL Qi Qu 0 Qs

Q= o 0 9, Qu Qs O <0, (2.19)
0 0 0 QL Q5 o
_QlTs 92T6 93T6 0 0 Q66 |
R—X33>0, (2.20)
R-Y33 >0, (2.21)
where

K =diag{ky, ks, ..., ky},

Qi = —CTP—PC+e™"(Q+ U) + e (hXy + Xu3 + X33),

Q2 =PA+2aS-CTS+ KA, Qi3 = PB,

Qu =" (hXiy - Xi3 + X)), Sue=-hC'R,

Qo =ATS+ SA + 2 W —2A,, Q93 = SB, Qo6 = HATR,
Qg3 =—(1 - hy)W —2A,, Qa4 = KAy, Q36 = hBTR,

Qs = —(1-hy)Q + e 2 (hX2 = Xo3 — Xg + hY11 + Yi3 + Y73),
Qus = e (hle - Y3+ ng),

955 =-U+ e—Zah (hY22 — Y23 — ng), 966 = —hR
Proof Choose the following Lyapunov-Kravoskii functional candidate:

V(e) = Vi(t) + Va(t) + V(1) (2.22)
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where
n x;(t)
Vi(2) = e2xT () Px(z) + 2> Zs,- / gi(s)ds,
— 0

Vy(t) = 2" /t e [xT(s)Qx(s) +gT(x(s)) Wg(x(s))] ds + 2" /t 2 xT (s)Ux(s) ds

() —h
0 t
Vi(t) = / / i (s)Ri(s) ds db.
—h Jt+0

Then taking the time derivative of V/(¢£) with respect to ¢ along the system (2.18) yields
V(t) = Vi(t) + Va(t) + Va(2). (2.23)
First, the derivative of V() is

Vl(x,g) = 20e”xT (£)Px(t) + 2¢*** %7 (£) Px(2)
+4ae®™ g (x(t))Sgr(t) + 2e**'g" (x(2)) Sk(2)
= 2 [2ax" (OPx(t) + 2&7 (£)Px(z) + dag” (x())Sx(0) + 2¢" (x(0)) Sk(r)].  (2.24)

Second, we get the bound of differential on V5(t) as
Va(t) = e {e* [x(1)(Q + U)x(2) +gT(x(t))W (x(t))]

xT(t — h)Ux(t - h) - (1- )[xT( )Qx(t h(t))
+8" (x(e - n(0)) We(x(t - h(®)) ]}

< ez‘”{ez‘”’ [x BOQ+U)x(t) +g (x(t)) Wg(x(t))] —x%(t - W)Ux(t - h)
— (L= ha)[x" (£ - h()) Qu(t - h(t)) + g" (x(t — h(®))) We (x(t - h(2)))]}. (2.25)

Third, the bound of differential on V3(¢) is as follows:
. t
Vs(t) = he® T (t)Ri(t) - / e (s)Ri(s) ds
t—h

t
< 25T (£)hRx(t) — / 2 EMiT () Rx(s) ds
t—h

t t-h(t)
= 2% (OhRx(t) — 24P / %7 (s)Rx(s) ds — / a'cT(s)Ra'c(s)ds]
t—h(t) t

—h

t=h(t)
/ T (s)Rx(s) ds — / #T (s)Ri(s) ds] }
t=h(t) t—h

_ e2“t{5cT(t)hR5c(t) _ e_2ah -/t xT(S)(R — X33)9‘C(S) ds
t—h(t)

= >t {xT(t)th(t) e 2n

t=h(®)
—/ T (s)(R - Ya3)x(s) ds

—h

t t-h(t)
—/ x7(s)X33%(s) ds—/ %7 (s) Ya35(s) dS:| } (2.26)
t—h(t) t—h
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Using Lemma 2, the term — fti o) &7 (s)X33%(s) ds can be written as

t
- / %7 () X33%(s) ds
t=h(t)

¢ Xu X X3 x(¢)
< / [xT@) xT(t-h) i) | X5 Xoo Xos | |x(t-h() | ds
k0 XL X% 0 i(s)

= xT(t) [th + X33 + Xf;]x(t) + xT(t) [th - X3+ Xsz;]x(t - h(t))
+x” (£ = h(o)[hX], - XI5 + Xos |x(2)

+ xT(t - h(t)) [hX22 - X23 - X2T3]x(t - h(t)) (227)

Similarly, we have

t=h(t)
- / &7 (s)Ya34(s) ds
t—h
< xT(t - h(t)) [hYu + Yljf; + Ylg]x(t - h(t)) + xT(t - h(t)) [l’lYu - Ylg + Y2T3]x(t - ]’l)
+axl(t- h)[hYlg - Yﬁ,: + ng]x(t - h(t))
+x7(t = h)[hYas — Ya3 — Yy |x( = h). (2.28)
The operator for the term %7 (£)1Rx(t) is as follows:
#T(£)hRx(t)
= [-Cx(e) + Ag(x(2)) + Bg(x(t - h(2)))] T(hR)[—Cx(t) +Ag(x(t)) + Bg(x(t - h(t)))]
=T (hCTRCx(t) — x” ())hCTRAg(x(t))
~xT(OhCTRBg(x(¢t - h(1))) - g” (x(£))hATRCx(t)
+ gT(x(t))hATRAg(x(t)) +gT(x(t))hATRBg(x(t - h(t)))
—g" (x(t - h(£)))hB"RCx(t) + g" (x(t — h(t)))hB" RAg(x(t))
+g" (%(t = h(£)))hB" RBg(x(t - h(2))). (2.29)
From (2.9) for appropriately dimensioned diagonal matrices A; (i = 1,2), we have
-2*g" (x(8)) A1 [g(x(8)) — Kx()] = 0 (2.30)
and

~2e*g" (x(t — h(t))) Aa[g(x(t — h(£))) - Kx(£ ~ h(£))] = 0. (231)

Combining (2.24)-(2.31) yields
V() < e {éT(t) BE(t) — e [ft & (s)(R — X33)(s) ds
t—h(t)

t—h()
- / 7 (s)(R = Y33)x(s) ds] }, (2.32)

—h
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10 =[x"0) ") g t—-h) xT@E-he) x"(-h)],

En Ep B Eu O
EL Eyp» Ex 0 0
E=|EL EBL Es; EBaa O and
B, 0 B, Eu Egs
0 0 o0 EL Es5

En=-C'P-PC+e*Q+U)+ e‘z"‘h(th + X3 + Xlz;)) +hCTRC,
B =PA+2aS-CTS+KA; —hCTRA, B3 = PB— hCTRB,
Bu=e " (hXin-Xi3+X53),  Eapn=ATS+SA+e*"W -2A; + hATRA,

B3 =SB+ hATRB, Es3 =—(1-hy)W —2A, + hB'RB, Baa = KAy,

Baa = —(1-ha)Q+ e (hXoy — Xz — X[ + WY1 + Vi3 + Y15),

]

Si45 = e_zah(hY12 - Y13 + Y2€)¢ E55 =-U+ e_zah(hYzz - Y23 - YZJ;),

K = diag{kl, k2, .. .,kn}.

From (2.32) and the Schur complement, it is easy to see that V(x;) < 0 holds if R — X33 >
0,R-Y33>0. O

3 Exponential robust stability analysis
Based on Theorem 1, we have the following result for uncertain neural networks with
time-varying delay (2.7).

Theorem 2 For given positive scalars h, a, and hy, the uncertain delayed neural networks
with time-varying delay (2.7) is exponentially robust stable if there exist symmetric positive-
definite matricesP=PT >0,Q=Q7 >0,R=RT >0, U =UT >0, W = WT > 0, diagonal
matrices S >0, A1 >0, Ay >0, a scalar € >0 and

[Xn X X
X=X X»n X»|=0,
| X, X Xs
(v Y Y3
Y=|YL Yy Yy|=0
Y Yy Y

such that the following LMIs are true:

[Qq +eETE, Qu—¢ETE, Qu3-¢ETE, Q4 0 Q6 PD
QL —eETE. Qu+¢eEI'E, Qus+¢ETE, 0 0 S 0
QL —¢EfE. QI +¢EfE, Qs3+6E[E, Q34 O Q36 0
Q= QL 0 Ql Qi Qs O 0
0 0 0 Qi Qs 0 0
QL Ql QL 0 0 Q¢ hRD
D’p 0 0 0 0 HWDTR —sI
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and

R—-X33>0, (3.2)

R-Y33>0, (3.3)
where Qi (i,j=1,...,6;i<j < 6) are defined in (2.19).

It is, incidentally, worth noting that the uncertain delayed neural networks with time-
varying delay (2.7) is exponential stable, that is, the uncertain parts of the nominal system
can be tolerated within allowable time delay /# and exponential convergence rate .

Proof Replacing A, B, and C in (2.19) with A + DF(t)E,, B + DF(t)Ep, and C + DF(t)E,,
respectively, we apply Lemma 2 for system (2.7) and the result is equivalent to the following
condition:

Q+TFH +TIF@)r) <o, (3.4)

where I'; =[PD 00 0 0 #RD]” and T, = [-E, E, E;, 0 0 0].
According to Lemma 3, (3.4) is true if there exists a scalar ¢ > 0 such that the following
inequality holds:

Q+e'TiT,+elIT, <0. (3.5)

Applying the Schur complement shows that (3.5) is equivalent to (3.1). This completes
the proof. d

If the upper bound of the derivative of time-varying delay %, is unknown, Theorem 2
can be reduced to the result with Q = 0 and W = 0, we have the following Corollary 1.

Corollary 1 For given positive scalars h and o, the system (2.7) is exponentially robust
stable ifthere exist symmetric positive-definite matricesP = PT > 0,R=RT >0, = UT > 0,
diagonal matrices S> 0, A; >0, A, > 0,e >0 and

Yll Y12 Y13
Y=|YL Yy Yo|=0
Y, 1€ ng Y33

such that the following LMIs are true:
_Qu + EEETEC Q]Q — EECTE,,Z Q]g — EECTE[, 914 0 Ql6 PD

QL —eETE, Quy+6ETE, Qo3 +¢E'E, 0O 0 Q9 0
QL -¢EIE, QL +eEIE, Qs +¢EIE, Q34 0 Qa6 0

Q= QL 0 Qf, Qus Qs 0 0
0 0 0 QL Qs 0 0

QL Ql Ql 0 0 Q¢ HhRD

DTp 0 0 0 0 #HD'R —eI

<0 (3.6)

Page9of 16
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and
R—-X33>0, (3.7)
R-Y33>0, (3.8)
where

K =diaglki, kp,.... K}, Qi =—CTP—PC + U + " (hXy + X3 + X33),
Q=ATS+SA-2A;,  Qs3=-2A,,

944 = e’z"‘h(thz —X23 —ng + hYll + Y13 + Yé)

Proof If the matrix Q = W = 0 is selected in (2.22). This proof can be completed in a
formulation similar to Theorem 1 and Theorem 2. O

Based on that, a convex optimization problem is formulated to find the bound on the
allowable delay time / and exponential convergence rate « which maintains the recurrent

neural network time delay with parameter uncertainties systems (2.7).

Remark 1 It is interesting to note that /7 and « appear linearly in (2.19), (3.1), and (3.6).
Thus a generalized eigenvalue problem (GEVP) as defined in Boyd et al. [1] can be formu-
lated to solve the minimum acceptable 1/4 (or 1/«) and therefore the maximum / (or «)
to maintain robust stability as judged by these conditions.

The lower bound of exponential convergence rate or the allowable time delay conditions
can be determined by solving the following three optimization problems.
Case 1: estimate the lower bound of exponential convergence rate « > 0.

Obl: max o
P s.t. condition (3.1) is satisfied, % and /4, fixed.

Case 2: estimate the allowable maximum time delay /.

Op2: max &
b s.t. condition (3.1) is satisfied, « > 0 and 4, fixed.

Case 3: estimate the allowable maximum change rate of time delay /,.

Op3: max /1y
po: s.t. condition (3.1) is satisfied, « > 0 and / fixed.

If the change rate of time delay is equal to 0, i.e., 4(t) = &, then the system (2.7) reduces to
the neural networks with constant delay, and, consequently, Theorem 1 reduces to Corol-
lary 1.

The lower bound of exponential convergence rate or the allowable time delay conditions

can be determined by solving the following two optimization problems.
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Case 4: estimate the lower bound of exponential convergence rate « > 0.

max o
Op4: iy N
s.t. condition (3.6) is satisfied, / fixed.
Case 5: estimate the allowable maximum time delay 4.

Ob5: max i
po: s.t. condition (3.6) is satisfied, o > 0 fixed.

Remark2 Allthe above optimization problems (Opl-Op5) can be solved by the MATLAB
LMI toolbox. Especially, Opl and Op4 can estimate the lower bound of the global expo-
nential convergence rate o, which means that the exponential convergence rate of any
neural network included in (2.7) is at least equal to «. It is useful in real-time optimal
computation.

4 Numerical examples
This section provides four numerical examples to demonstrate the effectiveness of the

presented criterion.

Example 1 Consider the delayed neural network (2.18) as follows:

x(t) = —Cx(t) + Ag(x(2)) + Bg(x(¢ - h(2))), (4.1)
where

2 -1 o. -0. .
c- 0 ’ A= 0.5 ’ B 05 05 ’
0 35 05 -1 05 05
The neuron activation functions are assumed to satisfy Assumption 1 with K = diag{1,1}.

Solution: It is assumed that the upper bound 7 is fixed as 1. The exponential conver-
gence rates for various /,’s obtained from Theorem 1 and those in [4, 11, 17] are listed in
Table 1. In the following, in Tables 1-2, - means that the results are not applicable to the
corresponding cases, and ‘unknown /,;” means that /1,; can have arbitrary values, even &,
is very large or /(t) is not differentiable.

On the other hand, if the exponential convergence rate of « is fixed as 0.8, the upper
bounds of % for various /s from Theorem 1 and those in [4, 11, 17] are listed in Table 2.

From Table 1, it is clear that when the delay is time-invariant, i.e., i; = 0, the obtained

result in Theorem 1 is much better than that in [17]. Furthermore, when the delay is time

Table 1 Maximum allowable exponential convergence rate (MAECR) « for various hg and
h=1

hg 0 0.8 0.9 Unknown

[17] 0.25 - - -

[4] 1.15 0.7538 06106 03391
[11] 1.15 08643 08344 08169
Theorem 1 15997 11595 10526  0.9859
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Table 2 Maximum allowable delay bound (MADB) h for various hg and & = 0.8

hq 0.8 0.9 Unknown

[17] - -

[4] 12606 09442 08310
1] 12787 1.0819 10366
Theorem 1 24097 15995 11296

Time delay 1.59 sec
T T

Figure 1 The simulation of the Example 1 for 1
h=1.59s.

Output x1,x2

Time(sec)

varying, the theorem in [17] fails to obtain the allowable exponential convergence rate of
the exponential stable neural network system, but Theorem 1 in this paper can also obtain
significantly better results than that in [4, 11], which guarantees the exponential stability
of the neural networks. Moreover, when the exponential convergence rate of « is fixed as
0.8, the upper bounds of / for various ks derived by Theorem 1 are also better than those
in [4, 11, 17] from Table 2. The reason is that, compared with [4, 11, 17], our results not
only do not ignore any useful terms in the derivative of Lyapunov-Krasovskii functional
but also consider the relationship among h, h(t), and h - h(?). Figure 1 shows the state
response of Example 1 with time delay / = 1.59, when the initial value is [-11]7.

Example 2 Consider the delayed neural network (2.18) as follows:

x(t) = —Cx(t) + Ag(x(t)) + Bg(x(t - h(t))), (4.2)
where
4.1989 0 0 0.4094 0.57197 0.2503
C= 0 0.7160 0 , A= 10645 0.0410 -0.9923 ]|,
0 0 1.9985 -0.7439 0.6344 0.1066
0.3008 0 0
B= 0 0.3070 0
0 0 0.3068

The neuron activation functions are assumed to satisfy Assumption 1 with K = diag{0.4911,
0.9218,0.6938}.

Solution: It is assumed that the exponential convergence rate of « is fixed as zero. The
upper bounds of /4 for various /4,’s from Theorem 1 and those in [4-6, 11] are listed in
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Table 3 Maximum allowable delay bound (MADB) h for various hg and & = 0

hq 0.8 0.9 Unknown
[4,6] 6.247 3.409 3.053
[5] 8.704 4.606 4.145

[11] 12.252 6.441 5.831
Theorem 1 211573 78999  7.8413

Table 4 Maximum allowable exponential convergence rate (MAECR) « for various h and
hg=0.1

h 04 0.2 0.5 1 2 5 10
o 21155 09885 04742 03069 02343 0.1270  0.0805

Table 3. It is also clear that the obtained upper bounds of / in this paper are better than
those in [4—6, 11], which guarantee the asymptotic stability of neural networks. The reason
is that our results do not ignore any useful negative terms in the derivative of Lyapunov-
Krasovskii functional compared with [4, 6], and our results also consider the relationship
among 4, h(t), and & — h(t) compared with [5, 11].

Example 3 Consider the following uncertain delayed neural network:

x(t) = —Cx(2) + (A + AA®))g(x(2)) + (B + AB(®))g(x(¢ - (1)), (4.3)

Co 1 0 , Ao 04 01 ’ B 02 01 ,
0 1 01 -0.5 0 02
005 O 1 0
D= , E,=E,= .
0 0.05 01

The neuron activation functions are assumed to satisfy Assumption 1 with K = diag{1,1}.

Solution: Welet h; = 0.1and & = 0.5 as [9] did and, by Theorem 2, we can obtain the max-
imum allowable exponential convergence rate (MAECR) & size to be @ = 0.4742. However,
applying the criteria in [9], the maximum value of « for the above system is 0.1. This exam-
ple demonstrates that our robust stability condition gives a less conservative result. Hence,
it is obvious that the results obtained from our simple method are less conservative than
those obtained by existing methods. The maximum allowable exponential convergence
rate (MAECR) & for various /2 from Theorem 2 are listed in Table 4.

Example 4 Consider the following delayed neural network:

x(t) = —Cx(t) + Ag(x(2)) + Bg(x(¢ - h(2))), (4.4)
where
1.34 0 0 1.08 -0.52 0.05
C= 0 0.08 o |, A=1-0.08 0.68 0.19 |,

0 0 146 014 029 -0.58
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245 -0.64 12
B=(045 088 047
0.07 -156 097

The neuron activation functions are assumed to satisfy Assumption 1 with K = diag{0.31,

0.40,0.23}.

Solution: Let h; > 1 and o = 0.5. Using the MATLAB LMI toolbox, the conditions of
Theorem 2 can be met, and then we get the global robust exponential stability in this
example for /7 < 0.3970 and

[ 01866 —0.0648 —0.0804
P=|-0.0648 1.0184  0.4300
| -0.0804 0.4300  1.1488
[ 0.5059 —0.0985 0.0115
R=|-0.0985 20362 0.1325],
| 00115 01325 11883
0.0559 —0.0333 —0.0421
U=|-0.0333 02848 01771 |,
~0.0421 01771  0.4583
06176 0.0432 —0.0831
X1 =| 0.0510 -0.4650 0.0937
| -0.0121  0.0518 —0.3444
05958 —0.0468 0.0380
Xy = | —~0.0468 0.5207  0.0331
| 0.0380  0.0331 05891
[ 0.4916 -0.0631 0.0484
Xs3= | -0.0631 17896 —0.0241
| 0.0484 —0.0241 0.6812
[ 0.0364 -0.0038 0.0131 |
Yy = | -0.0023 0.1310 -0.0298
| 0.0109 -0.0269  0.0159 |
[ 0.0522 -0.0200 -0.0155 |
Yoy = | =0.0200 0.2333  0.0787
| -0.0155  0.0787  0.2580 |
[ 0.4994 -0.0763 0.0540
Y33 = | —0.0763 19480 —0.0206
| 0.0540 -0.0206  0.8819
04615 0 0
Ai=| 0 11598 o |,
0 0  0.9087

0.0027 -0.0095 —0.0188
Q=1|-0.0095 0.0367 0.0697 |,
~0.0188 0.0697  0.1418
0.0046 0.0033 -0.0397
W= 00033 0.0155 -0.0398 |,
~0.0397 -0.0398 0.5184
[ 0.6600 -0.0760 —0.0218 |
Xu=|-0.0760 06376 0.0560 |,
| -0.0218  0.0560  0.5618 |
[_0.4185 0.1784 —0.0811 ]
,  Xizs=| 00231 -0.6490 0.0839 |,
 0.0230  —0.0181  —0.0991 |
03502 —0.1472 0.0416
Xos = | —0.0718  0.2440 0.0365 |,
0.0860 —0.1138 0.2952
0.0327 -0.0196 —0.0252 ]
Yy =|-0.0196 01679 01037 |,
-0.0252 01037  0.2660 |
[-0.1209 0.0266 —0.0036 |
., Yi3=| 0.0245 —0.4874 —-0.0356 |,
| -0.0010 —0.0388 —-0.3024 |
[-0.1558 0.0218 —0.0216 |
. Yy3=| 0.0253 -0.5988 0.0240 |,
| -0.0268  0.0307 —0.2447 |
[0.0003 0 0
., S= 0 0.0022 o |,
o 0 0.0370
1.1328 0 0
Ar=| 0 22406 0
0 0 5.7114
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For this case, it can be verified that the stability conditions in [10, 13] are not applicable
when 4, > 1. This implies that for this example the stability condition in Theorem 2 in
this paper is less conservative than those in [10, 13].

Remark 3 In this paper, we are mainly concerned with exponential stability. For this rea-
son another practical background and other definitions have not been introduced. Among
them, exponential stability provides a useful measure for the decaying rate, or convergence
speed. It is also worth pointing out that the main results in this paper can easily be ex-
tended to exponential stability for neural networks with time-varying delays by the same
approach used in [8]. Note that we mainly focus on the effects brought about by the maxi-
mum allowable delay bound (MADB) /1 and exponential convergence rate (MAECR) « in
this paper.

Remark 4 Some comparisons have been made with the same examples that appear in
many recent papers. Our results show them to be less conservative than those reports.

5 Conclusion

In this paper, we have proposed some new delay dependent sufficient conditions for the
global robust exponential stability analysis of a class of delayed neural networks with time-
varying delays and parameter uncertainties. We have discussed the advantage of the as-
sumption condition investigated in our paper over those in previous studies in the litera-
ture. Some global exponential stability criteria, which depend on time delay, are derived via
the approach of the Lyapunov-Krasovskii functional. Four numerical examples are given
to show the significant improvement over some existing results in the literature. In addi-
tion, the method proposed in this paper can easily be extended to solve the stability or
exponential stability problem for delayed neural networks with distributed delay.
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