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Abstract: This paper explain a different type process for absolute exponential stability (AEST) of a group of continuous time recurrent neural
networks with locally Lipschitz continuous and monotone non decreasing activation function. The result extends and improves the existing the
analysis of absolute stability (ABST) and absolute exponential stability (AEST).
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. INTRODUCTION

The main force lies in information that an absolute stability
(ABST) or absolutely exponential stability (AEST) neural
network can meet globally asymptotically to a single
equilibrium with any activation function in a proper given
group and any other network parameters. This type neural
network property is used for solving many optimization
problems. The optimization neural networks are devoid of the
hollow suboptimal answer for any variety of the activation
function.

A quantitative analysis for globally exponentially stability
(GES) [1]-[2] known the union performances of neural
network. This method appears at a solution with a specified
accuracy.

ABST or AEST discover for continuous time recurrent
neural networks. There researchers have to restrain the
connection weight matrix and activation function of neural
network. The group of sigmoid activation function proved
symmetric or non inhibitory lateral connection weight matrix
of neural network model. The necessary and sufficient
condition of this model for ABST neural network [3] and[4].
The ABST results are extended to the AEST ones in [5] and
[6] respectively. In inference is raised [7]. The group of
partially Lipschitz continuous and monotone non decreasing
activation function for current AEST result is given is [8].

Here we describe with AEST of continuous time recurrent
neural network with locally Lipschitz continuous and
monotone non decreasing activation function. These type of
result expand and improve the presented ABST with AEST
ones in the literature
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1. PERLIMINARIES

Consider group of continuous time recurrent neural
network model as follows

= —Dyx+ w;gly) +u, %l 0) 1)
y= -Diy+ w i@ +v.  y(0) 2
Where
X= (% e n¥y)T ERY S (Foyg V) € RT
is the state vector,  D; =dig (d;.d; .....dy) € R™
D; = dig(dy.d; .....dy) € R™™, is diagonal matrix with dj;
>0 wy = [wy] € R™®, wy = [wy;] € R™ is connection
weight
matrix
1= (U Uy eetly)? ER® v= Wy, ¥y o V)" € R®

is a input vector and, _

g0) = (8:6). 2200 g @) F0 = (£,69.500 e £u )’
is a nonlinear vector valued activation function from R" to R"
and R"to R™.

In this paper let LL denote the Locally Lipschiz
Continuous (l.l.c) and monotone non decreasing activation
function that is for any  xjp wjp € Rthere exit g, 8jp =0
and a constant iy kijp = (i=1,2,3...n), (j=1,2,3...m) such
that
¥ 8,.8,.p, E [xjn = o, Xp T o ],P: € [¥io — 8ip- ¥io + 8ig]
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Let PL denote the group of partially Lipschiz continuous
(p.l.c) and monotone non decreasing activation function [9]
that is for
any py p; € R there exist 1;(p, ). k; (p,) = 0,(i=123..n),
(=1,2,3...m)such that #,.8, € R andf, =p, .8; # p,

e Fomnpr s
Eire)-g;(pa) 1181]—Fipe)

0= T Bm = = klp,), 0= By
=Pz 1=P1

Let GL denote the group of globally Locally Lipschiz
continuous (g.l.1.c) and monotone non decreasing activation
function.

Here GL e PL and GLeLL. As for connection between PL
and LL, the presented continuous activation function in the
literature being to LL but many not be PL such as
gily) =y .60 =x°
and g;(y) = max {y!,ﬂj,l"j{x:] = max(x?,0)

I11.  MAINRESULT

This part will be prove that W& Mo js a sufficient
condition for AEST of common neural network (1)-(2) with its
activation function in LL. We proved and improve the existing
result ABST and AEST.

Theorem- The neural network (1)-(2) has a unique
equilibrium continuous and monotone non decreasing
activation function g any u € R"and any positive diagonal
matrix D if and only if
wi W € pp by [10, Leema 2]

Proof- The neural network (1)-(2) has a unique
equilibrium
denoted by x".y" for —w; —w; € py. Here welet

Zy = (Z94: 243 we o Ziu:]'? =X—x .2y = (Zy1.Zzp e e Z:m:]'? =

y—y-
Then the neural network (!)-(2) can be changed into the
following corresponding system with a unique equilibrium at z
=0.

7, = =Dz, + wy gilz.). z(0) =x —x"
Z, = —Diz; + wifiz).  z@ =y-y 3)
Where

F(Z]_:] = {F]_{Z]_]_:].l E‘:{Zl::] v an Fu{zj_u:]}- = E{Z]_ + x-:l - ff.x-:]

€ LL g(z;) = (g, (z20). 82 (250) v Blzem)) =gz +¥7) -
gly*) e LLand £{0) = 0,g{0) = 0 from which we have three
useful properties

Property A: There exist positive function I;(z;)

(j=1,2,3...m),and k;{=z;}{i = 1,2,3...n} such that

Biz;)

0= —= ki{zi:l v {Zi:] e R0} 4)
Ezﬁ
0< ];" = 4(z) v(z) e R0}
Property B:

There exist positive constant l;, kipsuch that
0 = D'gisy = kip
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Where

S, € [—3;.3;|.5; € [—3;.3 lwhere [-3,.3,]. [-3;. 5]
Is any given bounded interval i=1,2...n,j=1,2...m.
Property C: There exist positive constant

L =123..m) k. (i = 1,2,3 ...n) such that

0= ey v @) elogy]-0}
.. A

0= Ly viz)e [-5.5]-0
1

6
\(Nr)lere [—3;.3; ].[=3; .3; ] isany given bounded interval.
Property B as follows  fj(s, 3 gicS2) is |.I.c and monotone non
decreasing forany 5,7 € [—aj 3 5,7 € [—3;.3] 3 gg >0
Bip > Dand a constant kip > 0.1jp > 0 such that

v 8;.8.p, € [, - g, 5 +g ],p: e[s5," -5, 8"+
L8 =p. .8 = p,
Hensteny _ l

ﬁijﬂ;r
we have 0 < —'—2"—:" <k,0< = |

:—E, 8 -p,
(7) o _ _
Next by contradiction we will show that there exist a
positive constant  k;; . such that

Bi[53)-g;(54)

0= — = ¢ k;(5,.5,) = kip.v5..5, €[—3.3
] £
i(54)-;(52)
0 —51—;: ¢ 1(5,.5) = 1;¥5.5; €[-a.3]
(8)

Suppose (8) does not hold. Then we may select six
sequence  {N;}.{Sy ). {55}, IN; 3 {551 {5, }such that
0= Ny = (5,,.5,) < Ny < (5,5, 5,50 < = Nj = 15(5.5;)
< Niuy < 1i(Sy0.5544) < - limy, . Nj = +o0 and
]_Lt:r; L (5y.55) = +e0and 0 = Ny < k;(5;,.5,,) < N < k;(55,.5,;)
< Ny < k(55500 < Nipy < Ki(85i40,54544) < o lim Nj = +oo
and H.E k; (55,5, ) = +00 where each 54. 54 € [—aj, a,jJ
and 53,5, € [—a;.3; ] and 55 # 55,55 # 5;; since each
S1j. 5z € [—aj.3 Jand 55,5, € [—3;,3; ] there must exist
two subsequence of each part  {S,,;} © {5y} {Szni} = {55,
{ngj} c {S!i}.l {S4mj} = '[5_.“} such that
lim,, . Sy = ;" € [—3;.3]
limi ... S = 5,7 € [—2y.5]

lim S = 5;" € [—a, 5], lim5,,; = 5," € [—-a;.,3; ] =0
-+ ao i+ ==

]Llfl L (Seng Samg) = L(8,7 5;") = 400 Jim k; (Sami Sami) =
k; (5.7, 5,") = +o0if 5,7 = 5,7.5," = §,” then there exist
someinteger i*,j° such thatS,p;, 5, € [5," - g, 5 +g 1.
SomisSami € [S3°— & 54" + &l when & =i =i in

view of (7)) we can derived ¥i" =i".j" ="

Bil%zmi)—Ei(Semi)
0= % 2 ki (Sami s Sami) = K
amil 4mil
B (54 nj)—F (S2np)

£ LhS 0 Sqap =
Stn — Sen ]{ 1nj ‘u]} i
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Which contradicts lj{Smj ,S:uj} — o as j —= owooand zi (0] 2zl
ki (S + Sem) — Pasior . 5" % S,° S, £ §,°. v(z{ﬂ]]—ZJ‘ pigi(s]ds+ZJ‘ p; f; (s)ds

Based on continuity nfﬁmcﬂnnf.wn[ 3, a]] gioon[-3.51

= 5 )
(s (s (5D-f(s3) | _ | ,
clearly e :'} i J ——— 31} is finite; thatis Pi 8 (zi (02 (0) + ) p;fj (2(0))7 (0)
(83 —55) (5; —83) j=t
(S," S;")k; (857, 8,7) is finite. Contradicting 1;(S,", S;”) = E. 1P kipzi® (00 + X2, pj lln.z] (0) [ from [6]]
= +mk; (57, 5,7) = 4+, therefore there exist a positiove
= llz(0)II? Z pi ki + llz(0)lI® Z pi Lo (10)
constant ljp,. kjpsuch that (8) is true consequently property B
is true by nothing that (8) is equivalent to (5). Define contmuous function
Lemma 1 [ 11, Th.2] .
-Letge LL if we Dy, then the neural Ei(a) = _I:_, g (s) ds — g (o) (4K, )
network Igl)-(Z) has a unique GAS equilibrium for x* Ej{ﬁ‘:] :Jfﬁ £.(s) dﬂ—fj:fiﬁ]f':‘l'lin]
and 4 R Where
Theorem : If wy. w; € Do then the neural network (1)-(2) o el-a,3].Be [—aj,aj],i =12 =1,20m
with its activation function in the class of LL is AEST. Then terms of (6) we readily obtain
Proof : We know thatw € D, = I, = F; _ we consider the
equal model (3) only. In view of lemma 1, model (3)is GAS 1 =0 3= a0
at Z:-Z2=0. and consequently there exist constant D*Ej(a) = g; (e (1 ~ o D7g; (ﬁ]) =0 —gZa=<0
3 = 0.3 =0such that lz(®)] < 3.z =3 vt =0, e =0 a=10
i=1,2...... n, j=12...... m, According to properties B and we -0 22 B=0
- .. i iti 1 = i =
hgve (5) and (6) smce Wi, Wi € D? there exist a positive D*E(@) = £ () 1——D+Fj{[3] =0 Ca=p<0
diagonal matrix p; =diglp.ps v Pp ) 2L;p —0 B=0
pj =diglps.pz e Pl
suchthat [pywil®= 0. [pyw]®=0 Let Z= %+ Implying E;(a) = E;(0) = 0 and E;(B) = E;(0) = 0 and forall
o

then 2 = =, + Z, we define a differentiable function

n z m Zj
vizl =vlZ, +2,) = m g (s)ds + p; f; (s) ds B
: ; J; ]=Z:LJ‘D ) [ f(s)ds = 62 (B)/ (4l ) foralli = 1,2....nj=12....m,
o

obviously w(z)} = 0 by [12], calculating the time derivative
v(z) beside the positive half trajectory of (3) give up.

ael—a.5].pe [—aj,aj]thus J‘gi{s] ds = g (o) /(4k;, )
o

e [—a.5].pe [—aj,aj ] and

dvl:'z'] T i Z;
e G {Z:JE. [-D;(z,) + w; (2] ) = J‘ o g (&) ds +J‘ Jpj ‘() ds
+FT(20)p; [-D; (z2) + w; F(zy)]

H i N i 2z ta F {z]}

= =G (z2)pi Di(ze) + G (Z2)piwi (z2) — F (z0)py Dj (22 (11)
+F" (z,)p; w; Fz,) o
— _G'?{Z::Ipi Diz, + G’?‘{Z:] lp; w; 15Giz,) — FT{ZIJP]' D; 2, Based on (10) it |iseen that
+FT{21][p]- W ]SFI:ZI:] lgi =)l = _\‘Ilipllu

- - akig —n . —dpmint

< —GT(z)p; Diz, = —dim G (z)p; (z2) 121 [SE L pi o exp(Z=nt) vizx
—FT(z))p; Djz; < —dimF™ (z;) pj (2;) 5@l = '4—’_"_5'{::3 =

I_‘|—
||z{ﬂ:||| Emlpj Lig e:l-:p( dm'"t) Ytz
So from (3) we have

~dim ) pigi ()7 —dim ) pyfy (z0)g,
=L =

u Zi m zj + . — - . u Tos . . — - .
q_:_d[m;pi J; g (s) ds—d[m;pj J; £ (s) ds Dz = d.lz.(tJ|+Zl|m.]||g.{z.{t]]|E dilz; @1
—d..
= —dimv(z,) — dimviz,) +lIz(0) ||Z|W.]| | Z Pk, K ( B t]
And sov(z) = vw(z(0) exp({—dimt) for all t = 0 by (9)we have Pi gy =

© 2010, IJARCS All Rights Reserved 624



Poonam Sinha et al, International Journal of Advanced Research in Computer Science, 3 (3), May —June, 2012,622-625

D*|5®| < ~d|5®| + ) lwill ) < ~glz |
i=t

m | m
4, —Gmin
+llz(m) ||Z|“’ji| |_]Z Pl Kigyg exp-( ':';':' ]
= (P ]

k=1

i=12...nj=12....mhbased on lemma 3lz;(t}| =
(1.2....n){j=1,2....m) i=sGES at the convergence rate of at
least dim/2.Here z =0 is the GES equilibrium of model 3 that
is x*, y* is a GES equilibrium of neural network (1). These
resources that the neural network (1) with its activation
function is the class of LL is AEST the proof is complete.

(AVA CONCLUSION

We have shown that Bidirectional associative neural
network for group of continuous time recurrent neural network
has a unique equilibrium point. Under certain on weight
matrix this network with its activation functions on his AEST.
This obtained AEST result actually improves for group of
continuous time recurrent neural network literature.
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