Chapter 5

Passivity Analysis of Markovian Jumping Neural Networks with

Leakage Time Varying Delay

5.1 Introduction

In the past few decades, neural networks (NNs) have been a hot research topic
because of their emerged application in static image processing, pattern recogni-
tion, fixed-point computation, associative memory, combinatorial optimization, re-
fer Balasubramaniam et al.(2011), Liu (1997), Meng and Wang (2007), Qiao et
al. (2003) and Yu and Li (2007). Because the interactions between neurons are
generally asynchronous in biological and artificial neural networks, time delays are
usually encountered. Since the existence of time delays is frequently one of the main
sources of instability for neural networks, the stability analysis for delayed neural
networks had been extensively studied and many papers have been published on
various types of neural networks with time delays based on the LMI approach, refer
Kwon et al. (2010), Mahmoud and Xia (2011), Ma et al.(2011), Park and Kwon
(2009), Wu et al. (2012 b),Zhang et al (2010 c), Zhu et al.(2010) and Zhu and
Cao (2011).0On the other hand, the main idea of passivity theory is that the passive
properties of a system can keep the system internally stable. In addition, passiv-
ity theory is frequently used in control systems to prove the stability of systems.
The problem of passivity performance analysis has also been extensively applied in
many areas such as signal processing, fuzzy control,sliding mode control, see Wu
and Zheng (2009), and networked controlas in Gao et al. (2007). The passivity idea

is a promising approach to analysis the stability of neural networks, because it can
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lead to more general stability results. It is important to investigate the passivity
analysis for neural networks with time delays. More recently, dissipativity or pas-
sivity performances of neural networks has received increasing attention and many
research results have been reported in the literature, Chen et al.(2009 b), Kwon et
al.(2011), Lu et al.(2008), Xu et al.(2009) and Zhang et al.(2010 c).

In practice, the RNNs often exhibit the behavior of finite state representations
(also called clusters, patterns, or modes) which are referred to as the information
latching problems as in Bengio et al. (1993). In this case, the network states may
switch (or jump) between different RNN modes according to a Markovian chain,
and this gives rise to the so-called Markovian jumping recurrent neural networks.
It has been shown that the information latching phenomenon is recognized to exist
universally in neural networks as discussed in Lia et al.(2009) and Tino (2004), which
can be dealt with extracting finite state representation from a trained network, i.e.,
a neural network sometimes has finite modes that switch from one to another at
different times. The results related to all kinds of Markovian jump neural networks
with time delay can also be found in Wang et al. (2009), Zhu and Cao (2010 b)
and Zhang and Wanng (2008) and the references therein. It should be pointed
out that all the above mentioned references assume that the considered transition
probabilities in the Markov process or Markov chain are time-invariant, i.e., the
considered Markov process or Markov chain is assumed to be homogeneous. It is
noted that such kind of assumption is required in most existing results on Markovian
jump systems, see Dong et al. (2011) and Shu (2010). The detailed discussion about
piecewise homogeneous and nonhomogeneous Markovian jumping parameters have
been given in Wu et al (2012) and references therein.

On the other hand, a typical time delay called as Leakage (or “ forgetting”) delay
may exist in the negative feedback terms of the neural network and it has a great
impact on the dynamic behaviors of delayed neural networks and more details are
given in Gopalsamy (2007), Li and Huang (2009), Li and Fu (2013), Li et al.(2010 b),
Peng (2010) and Song and Cao (2012). In Li and Fu (2013), the author introduced
leakage time-varying delay for dynamical systems with nonlinear perturbations and
derived leakage-delay-dependent stability conditions via constructing a new type of
Lyapunov-Krasovskii functional and LMI approach. Recently, the passivity analysis
for neural networks of neutral type with Markovian jumping parameters and time
delay in the leakage term have been addressed in Balasubramaniam et al. (2011).
With reference to the results above, it has been studied that, many results get to be

found out for passivity analysis of Markovian jumping neural networks with leakage
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time-varying delays. Thus, the main purpose of this chapter is to shorten such a
gap by making the first attempt to deal with the passivity analysis problem for a
type of continuous-time neural networks with time-varying transition probabilities
and mixed time delays.

In this chapter, the problem of passivity analysis of Markovian jump neural net-
works with leakage time-varying delay, discrete and distributed time-varying delays
is considered. The Markov process in the under lying neural networks is assumed to
be finite piecewise homogeneous, which is a special nonhomogeneous (time-varying)
Markov chain. Motivated by Wu et al. (2012) a novel Lyapunov—Krasovskii func-
tional is constructed in which the positive definite matrices are dependent on the sys-
tem mode and a triple-integral term is introduced for deriving the delay-dependent
stability conditions. By employing a novel Lyapunov—Krasovskii functional having
triple integral terms, new passivity leakage delay-dependent criteria are established
to guarantee the passivity performance of the given systems. This performance not
only depends on the upper bound of the time-varying leakage delay o(¢) but also
depends on the upper bound of the derivative of the time-varying leakage delay
o,. When estimating an upper bound of the derivative of the Lyapunov-Krasovskii
functional, we handle the terms related to the discrete and distributed delays ap-
propriately so as to develop less conservative results. Two numerical examples are
given to show the validity and potential of the development of the proposed passivity
criteria.

Notations: Let R" denotes the n-dimensional Euclidean space and the superscript
“T 7 denotes the transpose of a matrix or vector. I denotes the identity matrix
with compatible dimensions.For square matrices M; and M,, the notation M; >
(>, <, <)M, denotes M; — M is a positive-definite (positive-semi-definite, negative,
negative-semi-definite) matrix. Let ({2, §, P) be a complete probability space with a
natural filtration {§;};>o and E[-] stand for the correspondent expectation operator
with respect to the given probability measure P. Also, let 7 > 0 and C([—7,0]; R")
denote the family of continuously differentiable function ¢ from [—7,0] to R™) with

the uniform norm ||¢||, = max{max_,<g<o|(0)|, max_,<g<o |¢' ()|}

5.2 Problem Description and Preliminaries

Fix a probability space (£2, F,P), 2 is the sample space, F is the o-algebra of

subsets of the sample space and P is the probability measure on F and consider the
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following markov jump neural networks with mixed time-delays:

;

#(t) = =Clr@))x(t — o)) + A(r(t))g(z(t) + B(r(t)g(x(t — (1))

+D(r(t)) / g(x(s))ds + u(t) (5.2.1)

t—d(t)

y(t) = g(z(t)

where z(t —o(t)) = [21(t — o(t)) 22(t —o(t)) -+ x,(t —o(t))]" and

g(z(t) = [g1(z1(1)) ga(za(t)) -+ gn(@a(t)]", 25(t — o(t))) is the state of the ith
neuron at time t with leakage time varying delay and g;(z;(t)) denotes the neuron
activation function;

C(r(t)) = diag{Ci(r1(t)) Ca(ra(t)) --- Cun(rn(t))}, is a diagonal matrix with
positive entries; A(r(t)) = (ai;(r(t)))nxn, B(r(t)) = (bij(r(t)))nxn, and D(r(t)) =
(dij(1(t)))nxn, are respectively the connection weight matrix, the discretely delayed
connection weight matrix, and the distributively delayed connection weight matrix,
y(t) is the output of the neural network, and u(t) € L»[0, 00) is the output, 7(¢) and
d(t) denote the discrete delay and distributed delay

respectively and the time varying delay 7(t) satisfy

0<7(t) <7,0<7 <7(t) <7, 7(t) <7,,0<0(t) <o,0(t) <oy, (5.2.2)
0<d(t) <d,

where 71,79, 7,,0,,0 and d are some real constants. By the simple transformation,
model (B2ZT) has an equivalent form as follows:

(

3 |2 = Cr() / w(s)ds| = =C(rt)z(t) = Clr(t)z(t —a(t))o(t)

+A(r(t)g(x(t) + B(r(t))g(z(t — 7(1)))
(5.2.3)

t

+D(T(t))t_{(t) g(x(s))ds + uft)

y(t) = g(z()).




Here, {r;,t > 0} is a right continuous Markov chain on the probability space taking
values in a finite state space S = {1,2,--- N} with transition rate matrix [7+») 2
{ (Tit+h } glven by

7T£;h+h)h + o(h), jFi
peireen = j/m =i} = (5.2.4)

1+ 7" b+ o(h), j=i

\

in which h > 0, }llin%)o( )/h =0 and 7T(m+h) > 0 for j # i, is the transition rate from
—

mode i at time t to mode j at time ¢ + h and W(nt” = Z T (),

J=1,j#i
Similarly, the parameter {n,¢ > 0} is also a right continuous markov chain on

the probability space taking values in a finite state space M = {1,2,---T'} with

transition rate matrix A 2 {pmn} given by

(

Pmnh + o(h), n#m
Pe{neen =0/ =m} = < (5.2.5)

L+ ppnh +o0(h), n=m

\

in which h > 0, }llir% o(h)/h =0 and p,, > 0 for n # m, is the transition rate from
—

mode m at time t to mode n at time t + h and p,,,, = — Z D
n=m,n#m
In this chapter, we make the following assumption, definition and lemmas for

deriving the main result.
Assumption 1: Each activation function f;(.) in (BZZ) is continuous and
bounded, and satisfies

P> >y,

i=1,2---n (5.2.6)
a1 — Qg

where ¢;(0) =0, oy, a0 € R, a1 # a2 and F; and Ff are known real scalars. It

follows from Eqn (6) that the neural activation function satisfies

i=1,2---n. (5.2.7)
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Lemma 5.2.1. (Jensen Inequality) For any matriz M > 0, any scalars a and b with

a < b, and a vector function x(t) : [a,b] — R"™ such that the integrals concerned are
well-defined, then the following inequality holds:

(b a) [/abx(s)TMx(s)ds] > Uabx(s)ds] M Uabx(s)ds |

Lemma 5.2.2. For any constant matriz Z = Z% > 0 and scalars o0 > 0,7, > 0,75 >

T

(5.2.8)

0 such that the following integrations are well-defined:

—/O/tx(s)TZx(s)dsdH < —%2 /O/tyc(s)dsde TZ /O/tx(s)dsde

—To t+6 To t-+0 —T2 t+60
—71 t 2 —71 t T —711 t
—//x(s)TZx(s)dsdH < —5— //x(s)dsdﬁ Z //a:(s)dsdG
(73 —7%)
—To t+6 T2 t+0 To t+0
0 ¢ ) 0 ¢ T 0 ¢
—//x(s)TZx(s)dsdG < = //x(s)dsd@ Z //x(s)dsd@

—0o 140 o t+6 —0 t+0
The main purpose of this chapter is to establish a delay-dependent sufficient condi-

tion to ensure that neural networks (A=2) is passive.

Definition 5.2.1. The system (B=211) is said to be passive, if there exists a scalar
v > 0 such that for all t, > 0 and for all the solutions of (B=X1), the following
inequality
tp tp
2/ E{y(s) u(s)}ds > —7/ E{u(s)Tu(s)}ds (5.2.9)
0 0

holds under zero initial conditions.

5.3 Main Results

In this section, the author derive a new delay-dependent criterion for passivity
of the delayed Markovian jumping neural networks (5221l) using the Lyapunov-
Krasovskii functional method combining with LMI approach. For presentation con-

venience, in the following, we denote

F-+ Ft F; 4+ Ff F~-+ F*
Py = diag{F[ F;",F; Fy ,--- | F,E} ngdiag{ 1 er L -2 ; 2 %}
Now, we establish the following passivity condition for the system (5=271).
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Theorem 5.3.1. The given Markovian jumping Neural Networks (B=21) is passive if

Q%z,m Q%'L,m Q%'L,m Q%'L,m
there exists Py, >0, Qq,,, = >0, Qs = >0,
2T 3 2T 3
Qli,m le,m 2i,m Q2z,m
Qs,,, = >0,Q4>0,U = > 0, positive symmetric

matrices Sy = ST >0, S, =8I >0, S5 =57 >0, T, =T >0, T, = TL > 0,
Ty = TT > 0, the positive definite matrices Wy > 0,W, > 0, and the diagonal
matrices Aj,, >0,

Az, >0, 43, >0, A}, >0, 42, >0 and a scalar v > 0 such that for any
(i,m) € (S, M) the following LMI holds:

== (Ei,j)l’?xl? <0 (531)

S pnQu, + Y TQu D Pun@s, + Y TQs,, < U (5.3.2)

nem jes nem jes
> Qe + > TQa,,, <U (5.3.3)
nem JES
> pin@s,, + > mQs,,, <U (5.3.4)
nem JES

where

Zi1 = —PnCi—Clpim+ Qi,m + Qéi,m + U 4+ Qs+ Ui + Qs — (2 — 1) S

_ 5'3 — 47-22T1 — 4(7’2 — ’7'1)2T2 — 40’2T3 — Fl/lil,m + Z pmn-Pi,n + Z Tr”ZLPj:m
neM jES

+0° Wy, Sip=PnAi+ Qi +Q5 +nU+ Qg + U + BA;,,

i,m ,m
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Zi3 = 0, Ziu=pimBi, Z15=0, Z16=0, Zir=(n—n)5, Zig=

= — = — = —_ T § E m
—19 — _P'i,mc’ia;u —1,10 — 07 —1,11 — Cl szC pmn 7,n + i P]m 'L'
neM JjES
=1,12 = 53, =1,13 — 40T3, =1,14 = Pi,sz‘, =1,15 — 4117, =1,16 — 4(72 - 71)T2

51,17 = Pi,ma 5272 = Qi‘,m + Qgi,m + ’7'1U3 + Qgi,m + T2U3 + A;TRAZ + d2W1 + AZTGAZ

1 — — T T — — — —

_Ai,m7 =23 = 07 =24 = Aq, RBZ + A?, GBZ, Z9p = Sop = Zo7 = So8 = 0.

Sh9 = —AJRC,— ATGC;, Z510=0, Zy11=-AlP,Ci;, Z512=0, Zp13=0
—29 — i 7 i 19 —2,10 — Y, —2,11 — i L i,mYiy —2,12 — Y, —213 —

Zouys = AJRD;+ATGD;, Z515=0, Z56=0, Zo1r=AR+ATG-1

- 1 9 - 9 9
33 = —(1-7)Qy,,, — P14, Ssa=-(1-7)Q1,, + A,
S35 = H3=S37 =533 =539=5310=531=Z312=5313=5314=25315=0

Z316 = Ss17=0, Ziu=-(1-7)Q} +B/RBi+B/GB— /A7, Zi5=0

= - T .= = T T = _
Sue = Sur=Z248=0, Ey9=-B; RC;, - B; GC;, Z410=0

- T - - - T T - -
Zyn = —B PGy, EZin=553=0, Eju=DB;RD;+ B;GD;, EZj15=25416=0

= = B'R+ BTG, Z5;=-Q) —85,—FA3 =-Q3 +RA Ser = S
—4,17 — i i My =55 — 2im 2 144 mo ~56 - 2;, 2 —57 — M2
= o - . 1 4

=66 — —szm - zm, =77 = _Qgiym — (2 = 7)S1 — Sa — FlAi,m

- - T

Ers = =@ +BAL, Sis=-0Q% — A, Soo=—(1-0,)Qs+ClRC;

T 5 = 5 = T
+ C;GC; — FlALma =910 = F2/1i,m, Zon = C; 0,P;;mC;

— T T — T T — 5
:9714 = _Ci RDZ — CZ GDZ, :9717 = _Ci R — Cz G, :10710 = _Ai,m
= = cf C; —Wa, Ep14=—CPiD;
—11,11 — pmn 2, + 7T % 2, —11,14 — i LimtJi
nemM jES
= — T = — = — = — nT T
—11,17 — _CZ‘ Pi,m; —12,12 — _537 —13,13 — _4T3a —14,14 — Dz RD’L + Dz GDz - Wl

]

Z14,17 = DZTR + DZTGa 515,15 = _4T1a 516,16 = _4T27 517,17 =R + G — /VI
R = 7'22(7'2 — T1)S1 + (7'2 — 7—1>2S2 + 0'253

G = 7T+ (12 — 2Ty + 0T

and the remaining coefficients are all zero.
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Proof. Denote ¢ = [z(t)T  g(x(t))T]" and consider the following Lyapunov-Krasovskii

functional for neural network (B=2):

Ve, re,me) = Vilwe, e, ne) + Valay, e, me) + Va(ze, 1, me) + Va(ze, 7, )
+Vis(xy, re,mp) (5.3.5)

where

T
t

¢
Vilxg,re,me) = |z(t) = C; / z(s)ds| Py |2(t) —C; / x(s)ds
o(t)

t—o(t) t—
t

Vaworom) = / )T Qg C(5)ds + / () Qo C(5)ds

th(t)
t

/ C5)T Q0 C )5 + / ()7 Qur(s)ds

o(t)

//C (s)"UC¢(s) dsd9+//g (5)TUC(s)dsdd

—71 t4+60 —T2 t+6

Va(xg,re,me) = To(mo—71) // 51:1: )dsdé

—T2 t+0
ot 0 ¢
+(7’2—7'1)//:t(s)TSggt(s)dsdQJra/ #(s)" S3i(s)dsdf
T2 140 o 46
0 ¢ t ot
Vi(ze, re,me) = //g(m(s))Tng(x(s))dsd0+a//x(s)TWQx(s)dsdG
Zd 4o t=o
0 0 —m 0 ¢
V(e reyme = 2722// #(s) ' Tya(s)dsdAdO + 2(13 — 77 /// V' Ty (s)dsdAdf
-T2 0 i+A —71 6 t+A

0 0
+202 / / #(s)  Tzi(s)dsdAd6.
0

Define infinitesimal generator (denoted by L) of the markov process acting on

V(l’t, T't, 77t>
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defined as follows:

1 V
LV(I’t) _ ]11111(1)% {E{ (-Tt-i-h)/r’t-‘rhant-i-h)’rt _ i,nt — m} o V(th,rt — iunt — m)} )

Ty

It can be calculated that

1

LV (2¢,re, ) = }lblg(l) 7 MZ:# Pmnh [ ;#'WZhV($t+h,j, n)+ (L 4+ 7h)V (2, z,n)]
neMmn#m JES,)F#1

+ (1 +pmmh) [ ‘;i‘wghv<xt+haj7 m) + (1 + Wﬁh)v(‘rﬁrh?ia m)
JES,JF

— V(mt,z’,m)}

- }LIE)I%) Z pmnv('xt-l—h) ia n) + pmmv(xt-i-h) ia m)
neM,n#m

+

SRS

[ Z W,Z?hV(a:Hh,j, m) + (1 + 7 h)V(xesn, i, m)
€S, ji

1 .
- Ev(xta 1, m)}

. . m . 1 . ‘
= lim { Z pmnv(mt+ha 2, n) + Z ﬂijv<wt+ha]a m) + E[V(xt+ha 2, m) - V(xb ?, m)]}

h—0 -
neM JjES

= Z pmnv(xb ia n) + Z Wﬁv(xhja m) + V<xt7 i7 m)
neM JjeS

From eqn (B=33), it can be seen that

LV (z¢,re,m) = LVi(we, 1o, me) + LVa(xy, re,me) + LVs (e, e, me) + LVa(2g, 76, m1)
+LV5 (4, 74, 1) (5.3.6)

Based on the above equation, along the solution of the neural network (B=23), we
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obtain that for each (i,m) € S x M

LVi(zo,r,m) = {x(t)@ / x(s)ds] o

t—o(t)

T
t t
+ % z(t) — C; / x(s)ds| Py |z(t) —C; / z(s)ds
t—o(t) t—o(t)
- 1T
t
+ |z(t) = C; x(s)ds [Z PrmnPin + Zﬂ'
t—o(t) nemM JjeS
t
z(t) — C; / x(s)ds| , (5.3.7)
t—o(t)

LVa(ze,re,m) < CH(6)Qu,,,, (1) = ¢ (t = 7()Qu,,, C(t = 7(1))(1 = 7,)
+ / CT [Z pmn@l + Z W:;LQIJ n] ds + < ( )QQi,mC(t)

neM JjeES

— (Tt —7)Qa,, ¢t — ) + / ¢"(s) [Z PmnQ2;,, + ZW;}ZQ%,n ((s)ds

neM jeS

+ CT(t)Q:’,i,mC(t)—CT(t—Tz)Qs- C(t—Tz)

s [ O @ Yo Q| €l

LneM JjES

T / ¢7(s) menQ:aerZWf]ng C(s)ds + 27 () Qua(t)

t—(t) LneM jes

(= o) Quat — (D)1 — 0,) + ¢ / T (5)UC(s

t

+ wcT(t) / T (s)UC¢(s)ds — / ¢t (s)U¢(s)ds, (5.3.8)

t—r(t)
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LVs(ze, e, m) = 73 (12 — 71)(t) 5137()—7'2(7'2—71)/i'(t+9)T51£i?(t+9)d9

+ (12 — 7)) Sai(t) — (19 — 1) / i(t +0)" Syi(t + 0)dd

—To

+ ) Syi(t) — o / it + 0)T Sy (t + 0)d

= 2(0)" [ (1 — 1)S1 + (12 — T1)2Sy + 2S5 (t)

t t—11

— Tl —11) / i(s)" Syi(s)ds — (1o — 1) / i(s)" Syi(s)ds

t—1o t—7o

- a/:t'(s)Tngi:(s)ds, (5.3.9)

LVi(z,re,m) = d*g(x(t)) Wig(z(t)) —d(t) / g(x(s)) Wig(x(s))ds
t—d(t)

T / () Wha(s)ds, (5.3.10)
t—o(t)
LVs(ze,re,m) = &) [Ty + (72 — 72)*Ty + o Ty)a(t) — 275> / / VT i:(s)dsdd
—T79 t4+0
—71 t 0 t
— (-7 / / i(s) Tyi(s)dsdl — 20° / i(s)" Tyi(s)dsdd.
—T9 t+6 —0o t+60
(5.3.11)

Moreover, based on Lemma b2 |, we can get the following inequalities

T

(=) /t:;ab(s)TSga'c(s)dsg - [ /t:;jc(s)ds} S5 [ /t:jj:(s)ds} (5.3.12)

T

d /ttdgu(s))Tng(x(s»ds <-| /ttd(t)gu(s))ds] W | /jdm olals)ds]
(5.3.13)
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By using Lemma b2, we can also get that

—2T§/O/t:b(s)TZ;'z(s)dsd9 < —4 /O/t:i:(s)dsdQ TZ /O/t:i:(s)dsdG

—72 t+0 T2 t+0 T2 t460
(5.3.14)

Similarly, we can use Lemma b1 and Lemma B2 for other integrals. On the

other hand, we have from (5228) that for any A =1,2,--- | n,

(ga(za(t)) = Fy za(t))(ga(za(t)) — Fyaa(t)) <0, (5.3.15)

which is equivalent to

+ —
+ -5 T EXAFy 5 4T
FyFyee,  —=2526x\é

¢ (t) ¢(t) <0, (5.3.16)

FY4+F7 o AT A AT
A A

where €y denotes the unit column vector having 1 element on its A-th row and zeros
elsewhere. Thus, for any appropriately dimensioned diagonal matrix /lz{m > 0, the

following inequality holds:

_FlAzl,m FQAz{m
0< () C(t). (5.3.17)

Similarly, for any appropriately dimensioned diagonal matrices A7, > 0,47 =~ >

0,47, > 0and A? > 0, the following inequalities also hold:

—-F A, BA7
0<¢f(t—1(t) C(t—7(1)), (5.3.18)

2
* _Ai,m
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_FlA?,m FQA?,m
0<¢T(t—mn) ((t—m), (5.3.19)

i,m

—RAL, BAL,

,m

0< T (t—m) C(t— 1), (5.3.20)

i,m

and

—R A, A2
0< T (t—o(t) C(t—a(t)). (5.3.21)

5
* _Az,m

Using inequalities (A237)-(6314) in (A=30) and adding (A=3T4)-(A2320)) in (B23WM),

we get

LV (2,7, 10) = 2y" ()u(t) — yu’ (tu(t) < p" (£)Zp(t) (5.3.22)

where p(t) = [p{ (t) p3(t) p5(t)] with
pr(t) = [z(t) g(z(t)) z(t—7(t) glat—7() xt—m) glzt—m))
pa(t) = |2(t—72) g(z(t—m)) x(t—o(t) gla(t—0o() [ x(s)ds x(t—a)]

O = | [atis [ gelonas [ oatas [ alsas u(t)].

t—d(t) t
Hence we can obtain from (5=29) that,
LV (x4, 7¢,m:) — 2y(t) T u(t) — yu(t) u(t) <O0. (5.3.23)

Now, to show the passivity of the delayed neural networks in (=21, we set

J(t,) =E {/[’yu(t)Tu(t) - 2y(t)Tu(t)]dt} (5.3.24)

0
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where ¢, > 0.

Using Dynkin’s formula, we have

tp

E /Lv(xtv T't, nt)dt =E [V(xtpv Tty nt;;)] —E [V(Zlfo, To, 7)0)] :
0

Now, we can deduce that

tp

Jt) = E / () Tu(t) — 298 u(t) + LV (0, v )t S — B / LV (24, 70, my)dt

tp

= E /[—VU(t)TU(t) = 2y(t)"u(t) + LV (¢, 7y, mp)]dt
0
—E [V (e, r,m)] + E[V (2o, 70,10)] - (5.3.25)
Thus, if (B23Z3) holds, then since E[V (xy,,7,,7:,)] > 0 and V(xg,7r0,m0) = 0
holds under zero initial condition, from (B=324) it follows that J(t,) < 0 for any
t, > 0, which implies that (AZ3XT) is satisfied and therefore the delayed neural
networks (5221) is locally passive. Next we shall prove that E[||z(¢)|?] — 0 as

t — oo. Taking expectation on both sides of (623=22) and integrating from 0 to t we

have,
/E[LV(xs,rs,ns)]ds—Q/E[yT(s)u(s)]ds—fy/IE[uT(s)u(s)]ds < /E[pT(s)Ep(s)]ds.

By using Dynkin’s formula, we have

t t

E[LV (z, 1, )] — E[LV (20,70, m0)] — Z/E[yT(s)u(s)]ds — ’)//E[UT(S)U(S)]dS

Hence

< [ Bl ()Zp()ds

t

E[LV (¢, 74, m0)] = /E[PT(S)Ep(S)]dS < E[LV (xo,70,70)] +26fE[yT(S)U(S)]dS

—i—fybe[uT(s)u(s)]ds

<o0o, t>0. (5.3.26)
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Using Jenson’s inequality and (B2328), we have

E‘Oi /tta(t)x(s)ds C_ g [01 /tta(t)m)dsr [(JZ tta(t)x(s)ds}
< Ammawa[Afdwx@xm}T[lﬁdﬂx@xm]
< St L peon] o[, B
< o) i:nég: ) { /t :(t) ExT(s)Q4x(s)ds}
< gy LB ey
< Sy
< U%wat,n,m)
< aizjzgggﬁmo,ro,m), 1> 0. (5.3.27)

Similarly, it follows from the definition of Vi (xy, r, n;) that

2

E

x(t) — C; /t o x(s)ds

IN

IN

Hence, it can be obtained that

Ellz()]> = E

—o(t)

t 2
< 2E ' C’i/ z(s)ds|| +2E
t—o(t)
A 2
< 20MEV(9¢0, T0,M0) + 2

125

z(t) — C; /tt z(s)ds + C; /:U(t) z(s)ds

- &|a [Gm x<s>dsr g [Jm o(e)as]

EV; ($t7 Tt, 77t)
)\min(f)i,r](t))

EV(act, T't, 77t)
>‘min<Piﬂ7(t))
< EV (20,70, 70)
N )‘min(Pm(t)) ’ N

t>0.

2
t 2
x(t) — C; z(s)ds
t—o(t)

E

V (0, 70,M0) <00, t>0,

)‘min(Pim(t))

(5.3.28)



where

EV($07 To, T]O)

T
0

0
=E [z(0 /:E P 0yn0) |2(0) = C(r(0)) / x(s)ds
—a(0) —a(0)

0 0

+ C(S)Ter(o),n(mC(s)ds"'/C(S)TQZT(O)W(o)g(S)dS‘l'/Q(S)TQ?)T(o),n(o)C(S)dS

0 0

z(s)7Qux(s)ds + / / C(s)TU¢(s)dsdf + / / (5)TUC(s)dsdd

—711 6 —T2 6

_|_

— é\o

(=]
=

—o(

—711 0

0 o
+7o(m — 7 //x (5)7' S i(s)dsdf + (1o — 71) // (5)T S (s)dsdd
9

—T2 -T2 6

—1—0/0/0:1: TSy (s dsd€+// $) T Wig(x(s ))dsd9—l—a/o/tx(s)Tng(s)dsdG

—o 0 —d 6 —o 0

0 72 0 0
+27‘2/

#(s)T i (s)dsdAdd + 2(73 — 172) ///m (8)T Tya(s)dsdAdd

0 0
-T2 6 A\ —71 6 X
0 0
6 A

0
+202/ ( TTgZL' )dsdAdé

= {2/\%&5(3717(0)(1 +0? o Ci) + TAmaz( Q1,00 ) + T1Amas (@2, ) + T2Amar(Q3,4)100)
+ 0 Amaz(Q1) + T A maz (U) TEAmaz (U) + 735 (T2 — 71) Amae (S1) + (72 — 71)* Mnaz (S2)

+ 0 A maz (S3) + @Az (W) + 0 Xnae(Wa) + 279 Anae(T1) + 2(75 — 78 (11 — 72)* Anaz (T2)
+ 204AW(T3)} < 00. (5.3.29)

From (B232R) and (B329), it can be deduced that the trivial solution of system
(6=2) is locally passive. Then the solutions z(t) = z(t,0,¢) of system (B=2) is

bounded on [0, 00). considering (B=2T), it is known that 2(¢) is bounded on [0, c0),

which leads to the uniform continuity of the solution x(t) on [0, c0). From (E=3=28),
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one can note that the following inequality holds:

t t

Min(2) [ Bl (s)a(s))ds < BILV (arrin)] = | Elp" (9)Zp(s))ds

smummmmm+2/EM@M@WB+¢/MJ@M@MS

< oo, t>0.

By Barbalats lemma, Gopalsamy (1992), it holds that E[||lz(¢)|[*] — 0 as t — oo

and this completes the proof of the global passivity of the system (5=2T).

]
Remark 5.3.1. When o(t) = o, the system (E21) becomes
a(t) = —C(T(t))x(tt— o(t)) + A(r(t)g(x(t)) + B(rt))g(z(t — 7(t)))
+D(r(t)) / g(x(s))ds + u(?) (5.3.30)
t—d(t)

y(t) = glz(t)).

The system (B=3230) can be written in its equivalent form as follows:

The time varying delay T(t) satisfy,
0<7 <7(t) <1, 7(t) <7, 0<d(t) <d

where 71, T2, Tu, d are some constants and the leakage delay o > 0 is a constant.

Now, the passivity condition for the neural networks (B=323M) is given in the

following corollary and the result follows from Theorem (B=3).
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Corollary 5.3.1. Neural Networks (523231) is passive if there exists Py, > 0 ,

Q%i,m Q%Lm Q%i,m ng,m
Qli’m - > 0; QQi’m = > 0;
T 3 T 3
Q%z m Qli,m %i,m Q2i,m
Qzl)’i,m ng,m Ul U2
Qs,,, = >0, Qus>0, U= > 0, positive symmet-
Q3z m le m U2T U3

ric matrices S; = ST >0, Sy = ST >0, S5 = S >0T, =T >0, T, =T >0,
Ty =T} > 0 and the positive definite matrices Wy > 0, Wy > 0 the diagonal matri-
ces Aj,, >0, A7 >0, A2 >0, A} >0, A7 >0 and a scalar v > 0 such that
for any (i,m) € (S, M) the following LMI holds:

—

= = (Ei,j)15><15 <0

Z Prn@1,, + ZW @, + Z Prn@s, ,, + ZW Qs <

nemM jES nem JjES
Z pan%m + ZT( QZJ m <U
nemM JjES
Z pan&,n + Z T QSJ m
nemM JES
where
S = —PnCi—ClP,,+ Qim + Qim +nU' + Qélm + 71Uy + Q4 — (T2 — 71)S1 — 53

—47'22T1 — 4(7’2 — T1)2T2 — 40’2T3 — FlAzl,m + Z pmnP’L,n + Z W;?Pj,m + O'2W2
nem jES

S = PnAi+ Qi,m + Qi’m +nU + Q?,i’m + U+ A}, Eia=PinB;
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= = = AT m
Sy = (—7)S1, Zi9=325;, =Zinu=C;P,C;— E pmn]Di,n+E T35 Pjm

nem jES
S = PnDi, S =4nT, Siu=4n—-71)T EZii5=PFPn

Sy = @ +Q3, +nU+ Q5 + U+ ATRA; + &*Wy + ATGA; — A;,,
Zy4 = A'RB;+ A]GB;, Z,9=—ATRC; — ATGC;, =51, = —A! P,,,C;

C’i + 40T3

So12 = AJRDi+AGD;, 15 =AR+AJG—1, Z33=—(1-7,)Q,, — 4,

E3q = —(1=-7)Q%,, + FAL,, Ziu=-(1-7,)07 + B RBi+B/GB; - A7,

Zy4 = —B/RC;,—B/GC;, Zyn=—-B/PnCi, Zi12=B/RD;+ B/ GD;

.:4715 = B,L R+ Bz G7 —5,5 — _iny i,m

3 = 2 3 = —
LS = A S5 = —Qs, + AL, S5 =5

— _ 3 3 - _ 1 4 fod _ 2 4
—6,6 — _in,m - Ai7m7 =77 — _Qgiym - (7'2 - 7'1)51 - 52 - FlAi,my —78 — _Qgiym + F2Ai7m
- 3 4 - T T 5 - _ 5
=88 = _Q?u,m - A@ma =99 = _Q4 + OZ RCZ + CZ GO’L - 53 - FlAi,ym —9,10 — FQAZ',m
— T T — _ T T - _ 5
:9712 = _Oz' RDZ — Oz GDZ, =915 = _Gi R — Cz G, 10,10 — _Ai,m

511,11 = CiT Z pmnPi,n + Zﬂ-gpjm C; — Wy — 4T3, E11,12 = _CiTpi,mDi

neM JjES
= T = T T = T T
s = —Cipim, EZi212=—-D;RD;, —D; GD; =W, Zi215=D; R+D; G
Sy = —4Ty, Zwuuu=-4T, Esis=R+G—~1

R = 7'22(7'2—T1)51+<TQ—T1>2SQ+O'2S3
G = 7T+ (13— )T + o'T3
and the remaining coefficients are all zero.

Proof. The Lyapunov functional can be defined for the above neural networks as
in Theorem (B2Xl) by replacing o(t) by o. The proof is same as that of Theorem
(B2X), and hence it is omitted. O
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5.4 Problems without Switching

5.4.1 Description and Preliminaries

In this section, passivity criterion for the delayed neural networks is derived using
the Lypapunov-Krasovskii functional without Markovian jumping parameters.

Consider the following neural networks with mixed time-delays:

t

z(t) =—-Cx(t—o(t))+ Ag(z(t)) + Bg(z(t — 7(t))) + D / g(x(s))ds + u(t)

t—d(t)
yt) = g(x(t))
\
(5.4.1)
Or, it has an equivalent form as follows:
(
1 t
T z(t) - C / z(s)ds| = —-Cuz(t) — Cz(t —o(t))o(t) + Ag(x(t))
t—ao(t)
¢
+Bg(z(t —7(t)+D [ g(x(s))ds + u(t)
t—d(t)
y(t) = g(z(t))
(5.4.2)
Now, the passivity condition for the system (b2=2) is established as follows.
Theorem 5.4.1. Neural Network (5d32) is passive if there exists i
Qi Qi Q @3 Q3 Q3
P>07Q1: >07Q2: >O;Q3: >
Q" QO 5 Q3 ;o
vt u?
0, Qs >0, U= > 0, positive symmetric matrices S; = S{ >0, Sy =
v ud
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SI'>0, S3=5T>0T=TF >0, To =T] >0, Ty =T > 0, the positive

definite matrices Wy > 0, Wy > 0, and the diagonal matrices AL > 0, A2 >0, A3 >

0, A* >0, A5 >0 and a scalar v > 0 such that the following LMI holds:

Z114 =

—_

=292 =

=24 =

=214 =

—
— J—

=33 =
44 =

=411 =

—
—

—55 =

—
— —

—6,6 —

=88 =

=911
=10,10
Z12,12

14,20

—_—
—

= = (Ei,j)20><20 <0 (543)

—PC - CTp+Qt+ QA+ U+ Qs + 7oUy + Qq — (12 — 71)S1 — S3

—ATIT — A1y — 1)* Ty — 40%T5 — LAY + 0° W,y

PA+ Qi+ Q5+ U+ Q3+ U+ RR,A',, Z,4=0pB,

(o —71)S1, Zi9g=—-PCo,, =111 =CTPC, Z115=29;, Zi13=40T3
PDz‘, 51,17 = 4717, 51,19 = 4(7'2 - Tl>T27 51,20 =P

QP+ Q3+ U+ Q3 + U + ATRA + d*W, + ATGA — A

ATRB+ ATGB, Z,9=—-A"RC — ATGC, Z,,,=-A"PC

ATRD + ATGD, Zy90=A"R+ATG —1

—(1=7,)Q1 — 1A Z3,=—(1—-1,)Q7 + FuA?

~(1-7,)Q%+ B"RB+B*GB - A*, Z,9=-B"RC - B'GC

~-BT"PC, Z,1,=B"RD+ B'GD, Z,5=B"R+B"G

—QY— Sy — A, E5=—-Q3+ A, Z5,=25

—Q5— A, Ei=-Q3— (n—71)S1 — Sz — A g =—Q5 4+ A
—Q3— A, Zg9=—(1-0,)Qs+C"RC+CTGC — LA, Ey,9 = BN

= CTo,PC, Z914=-C"RD—-C"GD, ZEy9=-C"R-C"G
= _ASu Ell,ll = _W27 511,14 = _CTPD7 511,20 = _CTPa
= =83, Euiz=-4T3, Zuuu=D"'RD+D'GD-W,

1 1

1

T T — 1 — _ 2 — o 3

= D R + D G, .:15’15 = ——U ; =15,16 — ——U y =16,16 — ——U
1 1 71
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= 1 _ 1 _
Ewyr = ——U'—4Ty, ZSyis=-——U? ZEpis=——U°
2 T2 Ty
Zp9 = 4Ty, Expw=R+G-—vI
R = 7(r2—=m)Si +(r2 = 11)*S2 + 05

G = 7T+ (13— 12)°Ty + o'T3
and the remaining coefficients are all zero.

Proof. Denote ¢ = [z(t)T  g(x(t))T]" and consider the following Lyapunov-Krasovskii

functional for neural network (5472):
V() = Vi) + Va(xe) + Va(ze) + Vi(ze) + Vs(1) (5.4.4)

where

T
t t

Vi(zy) = |z(t) — C; / z(s)ds| P |z(t)—C; / z(s)ds

t—o(t) t—o(t)
t

vmm=/af@<M+/< @4@+/<T%a>

t—T(t)

/ z(5)T Qur(s ds+//< (s)TUC(s) dsde+//g (5)TUC(s)dsdd

t—o(t) —T71 t+6 —T72 t+0

Va(zy) = mo(me — 1) + / /i(s)TSlj:(s)dsdG

“T2 146
(o — 7 // Tng dsd9+a// ng )dsdé
—72 t46 —ot+0
t ot
1(xy) // VWig(x(s ))dsd0+a//:z:(s)TWQx(s)dsdG

—d t+6 t—o ¢

0 0 ¢ - 0t

Vs () :2722///$ (s)T T2 (s)dsdAdd + 2(15 — 172) /// (5)T' Tyi(s)dsdAdd
T 0 t+A T8 A

(%
0
+ 202 / / i(s)  Tai(s)dsdAd6.
0
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Taking time derivative acting on V'(z;) along the neural networks (5472) is defined

as follows:

t

PE |zt)—C / 2(s)ds

t—o(t)

d t

- |:x(t) c /

t—o(t |

Va(zr) < ¢CT(6)Q1¢(t) — ¢ (t — 7(£))QuC(t — (1)) (1 = 7.) + ¢T (1) Q2L (1)
— (Tt —7)Q€(t — 1) + (T (1)Qs¢(t) — ¢ (t — 72)QsC(t — )

0

+ 2t ()Qux(t) — 2 (t — (1)) Qaa(t — o(8))(1 — 0,,) + / ¢ (HUC(t)dd

—T1

0

- / CT(s)UC(s)ds + / CTOUC(H)A0 — / ¢T(5)UC(s)ds,

—To

Vi(z,) = @) [r2(r2 — 71)S) + (12 — 71)255 4 0255)i:(t)

t t—71

~ m(m—m) / i(5)7S1i(s)ds — (72 — 71) / i(5)7 S (5)ds

t—7o t—7o

Viz)) = d*g(a(t) Wag(a(t)) - d(t) / g(a(s) Wag(x(s))ds

+ o2z(t) Waz(t) — o(t) / z(s) Wiz (s)ds,

t—o(t)

0 t

Vs(z,) = &) [riTy 4 (72 — 2)°Ty + o' Ty)ic(t) — 272 / / i(s) Tyi(s)dsdd
—T2 t+6
—711 1 0 t
- — 7 / / ) Tyir(s)dsdf — 202/ i(s) Tyi(s)dsd. (5.4.5)
—T2 t+6 —o t+0
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Similarly like Theorem B=31 one can use Lemma b1 and Lemma B=22 for the

integrals. On the other hand, we have from (6223) that for any A =1,2,...,n,

which is equivalent to

¢ (t)

(ga(22(1)) — Fyaa(t))(ga(2a(t) — F¥aa(t)) <0, (5.4.6)
FyFyeel —BEher
c(t) <0, (5.4.7)
——F;;F; 6)\€§ 6)\62:

where ey denotes the unit column vector having 1 element on its A-th row and zeros

elsewhere. Thus, for any appropriately dimensioned diagonal matrix A! > 0, the

following inequality holds:

0<¢™(t)

—-BAt Al

At

(5.4.8)

Similarly, for any appropriately dimensioned diagonal matrices A% > 0, A3 > 0, A* >

0 and A° > 0, the following inequalities also hold:

0< ¢ (t—mn)

—F A2 FyA?
0<¢T(t—7(t))
* Sy
—F A3 EFyA3
* —A3
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—FAY At

0< (T (t—7) C(t—T), (5.4.11)
* —At
and
—F N R/
0< T (t—o(t) C(t—a(t)). (5.4.12)
* — A5

Using inequalities (543) and adding (648)-(5412) to V(z;) , we get
V() — 2y (tu(t) — v (tu(t) < p"(t)Zp(t)

where p(t) = [p{ (t) p3(t) pi(t) pi(t)] with
pr(t) = [x(t) gla(t)) a(t—7@) glx(t—7(t) 2(t-mn) glz(t—mn))

polt) = |alt =) glelt—m)) alt—o(t) glalt—o(t)) f(

polt) = |at—0) [ a(e)ds [ ga()ds [ a(s)ds fg@:(s))ds]

t—7o t—taus t—7o

o) = | [ a(s)ds [ glals)ds T a(s)ds u(t)].

Hence we can obtain from (5E423) that,
V(xy) — 2y(t)Tu(t) — yu(t) u(t) <O0. (5.4.13)
The remaining part of the proof is same as Theorem B=31 . O]

Remark 5.4.1. In this chapter, Theorem BZ3 provides a passivity criteria for the
Markovian jumping neural networks with leakage time varying delays. Such stability
criterion is derived based on the assumption that the leakage time varying delays are
differentiable and the values of o, are known. A new set of triple integral terms have
been introduced in the Lyapunov—Krasovskii functional to derive the leakage delay-

dependent passivity conditions via LMI approach. New type of Lyapunov—Krasovskii
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functional is constructed in which the positive definite matrices Q1im, Q2im, Q3im

are dependent on the system mode and a triple-integral term is introduced for deriv-

ing the delay-dependent passivity conditions.

5.5 Numerical Examples

In this section, two simple examples are provided here in order to illustrate the

usefulness of our main results. The aim is to examine the passivity analysis of a

given delayed neural networks.

Example 5.5.1. Consider the delayed neural networks (B221) with the following

parameters and having Markovian jumping parameters as below:

(

(1)

t

+D(r(1)) / 9((s))ds + u(t)

y(t) =
\
where
24 0
01:
0 35
09 0.5
B =
0.7 0.5

and the activation function_s are taken as follows.T g1(a) = gg_

g(x(t))

702

7BQ

t—d(t)

0.3

0.5

0.6

—-1.2

7A1

aDl
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04 1.6

—-0.5 0.2

1.1 —-1.6

04 09

As

7D2

—C(r(t)a(t — o)) + Alr()g((t)) + B(r(t))g(z(t — 7(1)))

(5.5.1)

0.6

1.2

0.4

—0.6

(a) = tanh(a). It is




found that,

m* =

I =

05 0.5
I =

0.7 —0.8

7F2

—-0.7 0.9

0.5

and

-0.8

—-0.9 0.5

0.7 0.6

—-0.7 0.2 0.25

05 —-12 0.3

03 06 -05

Since, by making use of the following values of the lower and bounds of the T(t), O'(t),_d(t)

then the solution obtained will becomes the feasible one;

T = 02,

MATLAB LMI toolboz, the feasible solution is obtained as follows

P11:

To = 15,

6.0138 0.2029

) P12 -
0.2029 5.5897
9.2206 —0.4935
’ P22 -
—0.4935 5.5949

o = 0.3,

o, =04, 7, =06,

5.9453 0.2180

0.2180 5.5357

8.3958  —0.3461

—0.3461  5.2798

137

7P13:

6.1753 0.5152

0.5152 5.9589

8.4741

—0.2735

d = 0.5. By applying,

—0.2735

5.2809




96.5032  0.8993 —20.1310 —0.5306
Qllll - ) Q1112 - )
0.8993 101.4537 —0.5306 —22.4636
63.6503 —0.1830 109.9724  1.7802
Q1113 = ) Q1121 - )
—0.1830 58.2996 1.7802  115.7604
—25.8818 —2.1403 69.9294 0.2372
Q1122 = ) Q1123 = )
—2.1403 —27.4127 0.2372 63.8244
121.1754 —0.3055 141.1052  4.9561
Q1211 - PREER Ul = )
—0.3055 116.3565 4.9561  148.6923
—60.7043 —2.3397 44.3204 0.2613
U2 - 9 U3 = Sl -
—2.3397 —67.6228 0.2613 46.7241
0.2957 —0.0315 30.0136 —0.8922
SQ = ) 53 = W]. =
—0.0315 0.3223 —0.8922 —31.0764
172.8581 —2.3076 0.6547 —0.0596
W2 = ) Tl = ) T2 =
—2.3076 174.9177 —0.0596 0.7113
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0.1771 —0.0191
—0.0191 —-0.1934
152.5941 —29.2867

—28.2867 162.9678

0.6766 —0.0639

—0.0639 0.7368




13

Ligs =

Loz =

L521 =

L523 =

32.2540

—0.0557

485.6460

484.0639

87.2398

0

111.7177

0

111.4636

0

—0.0557

32.3317

)

535.5544

529.9711

80.2453

0

134.5697

0

133.5637

358.6106 0
Llll - 3 L112 =
0 408.4828
380.7375 0
3 L121 = 7L122 =
0 419.7776
99.3611 0
’L211 - y L212 -
0 90.0987
88.4163 0
’ L221 - ) L222 -
0 110.4032
110.6615 0
) L522 = )
0 132.6384
|y = 166.0447.

365.0550

0

374.8279

0

96.8689

0

93.5395

0

This shows that the given Markovian jumping neural networks (B=Z) or (B2X3) is

globally passive with respect to the passive control.
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90.9087

115.5929

0

414.4924

0

416.9314

0

0




Example 5.5.2. Consider the delayed neural network (B4=4) with the following

parameters and without Markovian jumping parameters as below:

t—d(t)

(5.5.2)

0.8 0.2

0.2 0.3

t
z(t) = —-Cz(t—o(t))+ Ag(z(t)) + Bg(z(t — 7(t))) + D / g(x(s))ds + u(t)
y(t) = g(z(t))

\
where
22 0 1.2 —1.5 1.1 0.5
C — y A = B =
0 25 —1.7 1.2 0.5 0.8
0 0
Further, we have the matrices, F; = , By =
0 0

Since, by making use of the following values of the lower and bounds of the 7(t)

01

then the solution obtained will becomes the feasible one 7, = 0.5,

0.1, 0,=01, 7,=02,

solution is obtained as follows:

0.2899 0.0371

P = ) Qll =
0.0371 0.2688
2.7359 0.7977
Ql?) - ) QQI -
0.7977 2.6571

4.9833

—0.0919

4.6114

—0.0801
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—0.0919

4.8960

—0.0801

4.4621

an2:

; Qa2 =

), d(?)

ot
o

7'2:].,

d = 0.5. By applying MATLAB LMI toolboz, the feasible

—1.3685 0.0391

0.0391 —1.3516
—1.2020 0.0433
0.0433 —1.1716




Q23 =

Q33 -

Us

Sy =

Wa

2.0159

0.1757

2.0158

0.1757

2.0771

0.1770

0.1770 2.0774

—1.4144 0.0649

0.0649

—1.3884

0.4259 0.0798

Y

0.0798 0.4379

5.7616

0.4026

1.9454

0.4026

5.7533

—0.0007

13

—0.0007  1.9459

45805 —0.0773 —1.1979 0.0404
) QSI - ) Q32 =
—0.0773  4.4345 0.0424 —1.1685
5.2009 0.7431 5.7038 —0.0258
) Q4 - ) Ul= )
0.7431 5.4021 —0.0258  5.5568
2.9386 0.2022 0.2360 0.0515
) U3 = ) Sl = )
0.2022 3.0092 0.0515 0.2458
2.9380 0.0495 4.8673 0.5358
53 = ) Wl = )
0.0495 2.9462 0.5358 4.1789
0.0807 0.0460 0.3553 0.0632
) Tl = ) T2 = )
0.0460 0.0859 0.0632 0.3633
17.3673 0 3.5738 0
9 Ll — 9 L2 - Y
0 16.8346 0 3.2436

141




L

2.5698

0

0

2.5662

7L4

2.5591

0

0

2.5552

7L5

4.0154

0

0

4.2815

v = 6.5268. This shows that the given Markovian jumping neural networks (b42)

15 globally passive with respect to the passive control.

dodhddd
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