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Abstract. In this paper, the robust stability analysis of a problem is investigated for a class of discrete
recurrent neural networks with distributed time varying delays for delay dependent case. The problem
is to determine the robust stability by employing Lyapunov—Krasovskii stability theory. The class of
neural network under some consideration is globally asymptotically stable if the quadratic matrix
inequality involving several parameters is less than zero. Furthermore, a Linear Matrix Inequality
(LMI) approach is provided to show the stability analysis. The numerical examples are given to show
the usefulness of the proposed robust stability conditions. The numerical simulation is proved using
MATLAB.
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1. Introduction

Recurrent neural networks have been extensively studied in the past decades. They have
been successfully applied to signal processing, pattern recognition, associative memories,
combinatorial optimization, and other engineering and scientific areas [5]. In these applications,
stability and convergence of neural networks are very important. Therefore, the stability
analysis of recurrent neural networks has received much attention and many results on this
topic have been reported in literature [1-14]. A system is said to have a delay, when the rate
of variation in the system state depends on past states. Such a system is called a time-delay
system. Delays appear frequently in real-world engineering systems. They are often a source
of instability and poor performance, and greatly increase the difficulty of stability analysis
and control design. So, many researchers in the field of control theory and engineering study
the robust control of time-delay systems. The study of such systems has been very active for
the last 20 years; and new developments, such as fixed model transformations based on the
Newton Leibnitz formula and parameterized model transformations, are continually appearing.
Although these methods are a great improvement over previous ones, they still have their
limitations [7].

It should be noted, the existing stability criteria for RNNs with time delays can be classified
into the delay-independent and the delay-dependent criteria. In general, when the time delay
is small, the delay-dependent stability criteria are less conservative than delay-independent
one [|1,/5-8]l. For the delay-dependent stability criteria, the maximum delay bound is a very
important index for checking the criterion’s conservatism. From the Lyapunov stability theory,
there are two effective ways to reduce the conservatism within in stability analysis of networks
and systems. One is the choice of suitable Lyapunov-Krasovskii Functional (LKF) and the other
one is the estimation of its time derivative [9].

There are many cases in recurrent neural network have been assumed to performance in
a continuous time manner. For the sake of computer based simulation, experimentation or
computation, it is useful to discretize the given continuous time neural networks.

In this paper we discussed about the delay dependent robust stability of a discrete time
recurrent neural network with distributed time varying delays. Some new lyapunov krosovki
functions are assumed to analysis the stability of the given systems.

This paper organized as follows, in Section [2| we have discussed some suitable preliminaries
for the main results, in Section [3, we have formed the discrete time neural networks with
distributed time varying delays, in Section [4, we deals with stability analysis of the class of
neural network. Section |5 derives some numerical results and concluding remarks.

2. Preliminaries

Before enter into the main result we need the following assumption and definition.

Assumption 1. The quantities a; and b;; can be initiated as follows:

A;={A =diag(a;):0<A<A<A)
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By ={B =diag(b;):0<B<B<B}.
Denote A*=2(A+A), A. = 3(A-A).

It is clear that A* is a nonnegative matrix, and the interval matrix [A, A] can be written
equivalently as [A* — A,,A* + A,]; therefore, we have A = A* + AA with AAe[-A,,A,][10].

Definition 1. The neural network defined by (1) with parameter ranges defined by assumption
(1) is globally asymptotically robust stable if unique equilibrium point x* = (x},x3,... )T of
the neural system (1)) is globally asymptotically stable for all A € Ay, B € Bj.

Lemma 1 ([10]). S(x): R™ — R"™ is a homeomorphism S(x) satisfies the following conditions:
(1) S(x) is infective, that is, H(x) # H(y) for all x # v,
(2) S(x) is proper, that is, |S(x)|| — oo as ||x| — oo.

3. Mathematical Formulation
Consider the discrete-time neural networks with distributed time varying delays
y(k+1)=Ay(R)+Bf (y(k—-d (k) +J, 1)
y(kR)=¢k), k=-dy,-dy+1,...,0,
where y (k) =[y1(k),...,yn (B)]1T € R” denotes the state neuron,
gy (R) =[g1(y1(k=d(k)),....gn(yn (k —d(R)]" €R",

denotes delayed activation function, (k) is the given initial condition sequence of y(%),
J =[d1,...,Jd,] € R" denotes the external input vector, A = diag{a1,...,a,} € R**" with |a;| <1
describes the rate with which the ith neuron will reset its potential to the resting state in
isolation when disconnected from the networks and external inputs, B = B;; € R**" is the time
delay connection weight matrix. The delay d (k) represents the time varying delay satisfying
d, <d(k)<dpy, where d,, and dj; are prescribed positive integers representing the lower and
upper bounds of the time varying delay, respectively.

The following assumptions are very important, which are useful to our main results.

Assumption 2. For any x,y € R,x # y, each activation function f;(:) described in (1) satisfy
- _fi®-fi)
r x— y

where £; and k:r are known constant values. The activation function condition mentioned in

k <kf, i=12,...,n (2)

Assumption [1]is widely used in many literatures [1-14].

In stability analysis of the neural networks (I), the equilibrium point y* € R® whose
uniqueness under Assumption (1| can be assured by using Brouwer’s fixed point theorem.
This states that the equilibrium point shifted to the origin by using x; (k) = y; (k) — y* and
filxi(R)) = gi(y; (k) +y; —gi(y;) withf;(0) = 0. Using this condition the equation (I) becomes

x(k+1)=Ax(k)+Bf (x(k—d(k)),
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x(R)=o(k), k=—-dpy,-dy+1,...,0, (3)
where x (k) =[x1(k),...,x, ()] € R” denotes the state neuron,

flc(R) = [filx1(k—d (R)),..., falxn (k —dRNI" € R,
denotes delayed activation function, @(k) is the given initial condition sequence of x (k). From (2),
we have

b= F® e i
X

4. Main Results

Before proofing the theorem we have to mention the following assumptions:

k-d(k)-1
x(k—-d(k)—x(k—-dy)— Y n@G)=0, when d(k)#dy,
P1(k) = i=h—dyy

x(E—d(k)—x(k—-dpy)=0, when d((k)=dj;.

Robust Stability Analysis
Theorem 1. Let us assume that the Assumption [2|to be true, then the neural network model
is globally asymptotically robust stable, if
¥ =2Am~9m(IBll1 +1Bllw) >0,
where Ay, =min(c,), A* = (A+A), A, = 5(A-A), B = (b} )nxn,b}; = maxilb, |,1b;;I} and

ij
Iy = max(9;).

Proof. We first prove the existence and uniqueness of the equilibrium point. To this end, define
the following mapping associated with (I)):

S(x)=Ax+Bf (x)+dJ. 4)

Let x* be an equilibrium point of (I). Therefore, it follows from assumption that, for the system
defined by (1), there exists a unique equilibrium point for every input vector J, if S(x) is a
homeomorphism of R"™. We will now prove that S(x) is a homeomorphism of R”. To this end, we
choose two vectors x,y € R” such that x # y. For S(x) defined by (7), we can write

S-S =A@-y)+B(f(x)-f ().
If we multiply both sides of equation (above) by 2(x — y)T, then, we get
2(x— )" (S(x) - S(y) = 2(x — )T Alx - y) + 2(x = ) ' B(f (x) - (7))

= ZiZCi(xi —y)+ Y Y 2650 —x)(f(x;) = Fi(y;))

i=1j=1
<2A 0%~ 2+ 29 (IA* g+ AL ll)llx — yl2
+ O (1Bl + 1Bllo)lx -yl . (5)

For any x—y #0,
2A 1 lx — Y12+ 20 (1A Iz + 1A lI)llx — y13 + Oa(IBll1 + 1Blloo) Iz — y112 < 0.
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Using the assumption, (x — y)T(S (x) - S(y)) < 0, for which it can concluded that S(x) # S(y) for
all x # y.

Put y = 0 in equation (), we have

2(0)T(S(x)— S(0)) = (24, + 204 (1A " llg + 1A+ lI2) + Oae (1Bl + IIEIIw))Ilelg . (6)
From this, we have

llxlloollS (x) = S(0)lI1 = allxllé,
where

@ =2Anm +20u(IA" 2+ Axll2) + Om(IBll1 +11Blloo)-

Since [|S(0)[; is finite, we conclude that [|S(x)|| — co as [[(x)]| — co. Hence by the given statement,
the system (1) has a unique equilibrium point.

Theorem 2. Given positive integers d,, >0 and dj; > 0. Then discrete time delay system in (1)
is asymptotically stable for any time delay d(k) satisfying d,, < d(k) < dyy, if there exist a matrix
P=PT>0, Q@=QT >0, R=R" >0 and any appropriately dimensioned matrices Y and T, such
that the following LMI holds:

(011 @12 dATR

¢=| * @2 dBTR| <O, (7
| * * —-dR
[ X11 X120 Y

y=| x Xgoo T|=0, (8)
| Y/

where
9p11=ATPA-A+Y +YT+Q +dyX11,
912=PB+PBT +TT - Y +dy X2,
pa2=-T-T" ~(dy —dm)Q +dyXss.

Proof. Consider the following hypothesis for any appropriately dimensioned matrices Y, T' and

for any semi positive definite matrix X = X*ll §12 > 0, the following condition holds:
22
k-1
dudT WXk - Y. 6T (R)X5(R)20, 9)
i=k—d(k)

where 6T (k) =[xT() xT(k-d(k))].

Consider the Lyapunov function for equation (1),
3
Vk)=) Vi(k), (10)
i=1

where
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Vi (k) = x(k)T Px(k),

k-1
Vo)=Y XT()Qx(),
i=k—d(k)

—-dp-1 k-1

Vsk)= ) Y n@)T Ry (),

J=—dyi=k+j
where n(k) =x(k +1)—x(k), the matrices P >0, @ >0 and Z > 0.
Now take the derivative of equation (6).
Define AV(K)=V (k+1)-V (k),
AVi(k)=V1(K +1)-Vi(k)
— T (k) [ATPA —P] x(k)+2ATxT (R)PBF (x(k — d (k)))
+BTf (x(k—d (&))" PBf (x(k —d (%)),

AVy (k) =Va(k +1)— Va(k)

k—d
< Y 2T@O)Qx()+xT (B)Qx(k)—xT (k—d (k) Qux(k —d(k)),

i=k+1-d!
AV3(k)=V3(k+1)-V3(k)
k—d,—1

=dy—-d)nT BRn(k)- Y. 0T G)RnG)
i=k—dy

=xT (B)[(dy —dm)(A —DR(A—D]x(k)

+2x7 (R)[(dpr — dm)(A —T)RBIf (x(k —d (k)

k—d(k)-1
+fak=d ()" |(dy—dm)BTRB| flx(k—dk)~ Y. 0" ORnG).
i=k—dy

Now, adding AV;(k), AVy(k), AV3(k), we have
AV (B) = AV} () + AVy (k) + AV (k)
—xT (k) [ATPA —P] x(k)+2ATxT (R)PBF (x(k — d (k)))

+BTf(x(k—d (k) PBf (x(k —d (k)))

k—d
+ Y 2 OHQx) +xT (R)Qx (k) —xT (k- d (k) Qx(k —d (k)
i=k+1-d!

+xT (B)[(dyr —dm)(A-DR(A - D]x(k)
+2x7 (B)[(dpr — dm)(A —T)RBIf (x(k —d (k)
+ k= d (k)" |(dar —~dm) B"RB| f(x(k —d (k)

k—d(k)-1
= Y qTORG+2 [T ®Y + ke —d )T R)] W1 (k)
i=k—dy
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k-1
+dusT XS5k~ Y. 8TWX8(®)
i=k—d(k)

k-1
=6 (R)ES(R)- Y. 6T (wd),
i=k—d(k)
where
Sk)=[xT (k) fxtk—dENT 6T0NT,

_[p11+duATRA ¢@12+dyATRB
- * ¢22+dyBTRB|"
If E <0 and v =0. Then, we have

AV(K)<0

E

for any 6(k) # 0. Applying the Shur Complement, we have E < 0. So equation (1) is
asymptotically stable if the Linear Matrix Inequalities (LMI) given in equation (7) and
are true. This completes the proof. O

From Theorem [I] and Theorem [2| we conclude that the given neural system (1)) is globally
asymptotically robust stable.

Remark 1. If the matrices Y, T and X in the equation are set to zero and R = ¢l
(e is sufficiently small positive scalar), then Theorem [1|is identical to the well known delay
independent stability criterion which are stated in some literature [1-10].

Numerical Examples

Example 1. Assume that the network parameter of neural system (1) is given as follows:

0 0 — [6 8
A=|_g 0]’ A‘[o 6|’
O1=02=0m=1,c;=ca=cm,
-1 -1 = |1 1
B=1_1 —1]’ B=11 1)
The matrices A*, A,, B are obtained as follows:
. [3 4 (3 4] 5 11
A=y 3]’ A=y g BT 1 1}’

where |A*||lg =5, |A«lla =7, IBll1 = |Bllo = 2. Substituting the values in to equation (6), this
leads to c,, = 14. This shows that the system given in equation (1) is globally robust stability
[10].

Example 2. Assume that the network parameter of neural system (1) is given as follows:
A:[O 0], Z:[4 6

K

-6 0 0 4

O1=02=9y =1, c;,=c2=cm,
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-1 -1 = [1 1
E_[—l —1]’ B= 1 1|
The matrices A*, A,, B are obtained as follows:
« |2 3 ]2 3 ~ (11
A_—3 2]’ A*_S 2|’ B_l 1]’

where |A*|lo =5, |A.lls =5, |Bl1 = IBlle = 2. Substituting the values in to equation (6), this
leads to c¢,, = 12. This shows that the system given in equation (1) is globally robust stability.

Conservative Process

Figure 1. Conservative process of the system

Conservative Process
T

Figure 2. Stability analysis of the system
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Figure [1] Represents the conservative process of system(I). After applying theorem
conditions, the system representation given in Figure |2l The conservative process of Figure
shows the stability analysis of system ().

5. Conclusion

In this paper, we have studied the global robust stability problem for a class of discrete time
recurrent neural networks with time delays. By using Laypunov krosvskii and some well known
inequalities, we have established a stability analysis. And also we have proved the existence
and uniqueness and global asymptotically robust stable for discrete case. The obtained condition
can be easily verified in terms of neural parameters only. The numerical simulation is provided
through MATLAB.
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