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Abstract

In this paper, we offer an approach about the dissipativity of neutral-type memristive
neural networks (MNNs) with leakage, additive time, and distributed delays. By
applying a suitable Lyapunov—Krasovskii functional (LKF), some integral inequality
techniques, linear matrix inequalities (LMIs) and free-weighting matrix method, some
new sufficient conditions are derived to ensure the dissipativity of the
aforementioned MNNSs. Furthermore, the global exponential attractive and positive
invariant sets are also presented. Finally, a numerical simulation is given to illustrate
the effectiveness of our results.

Keywords: Neutral-type memristive neural networks; Lyapunov-Krasovskii
functional; Dissipativity; Mixed delays

1 Introduction

In the recent decades, neural networks have been widely applied in many areas, such as
automatic control engineering, image processing, associative memory, pattern recogni-
tion, parallel computing, and so on [1, 2]. Therefore, it is extremely meaningful to study
neural networks. Based on the completeness of circuit theory, Chua firstly proposed the
fourth fundamental electrical circuit element memristor besides the known capacitance,
inductance and resistance [3]. Subsequently, HP researchers discovered that memristors
exist in nanoscale systems [4]. Memristor is a circuit element with memory function in the
neural networks, whose resistance slowly changes depending on the quantity of passing
electric charge by supplying a voltage or current. The working mechanism of a memristor
is similar to that of the human brain. Thus, the research of MNNs is more valuable than
we have realized [5, 6].

In the real world, time delays are ubiquitous. They may cause complex dynamical be-
haviors such as periodic oscillations, dissipation, divergence and chaos [7, 8]. Hence, the
dynamic behaviors of neural networks with time delays have received lots of attention [9—
11]. The existing studies on delayed neural networks can be divided into four categories
dealing with constant, time-varying, distribution, and mixed delays. While a majority of
literature is concentrated on the former three simple cases, mixed delays are more effec-
tive than simple delays in MNNs [12-16]. So the system of MNNs with mixed delays is
worth a further study.
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Dissipativity, known as a generalization of Lyapunov stability, is a common concept in
dynamical systems. It focuses on the diverse dynamics of systems, not only on the equi-
librium dynamics. Many systems are stable at the equilibrium points, but in some cases,
the systems’ orbits do not converge to equilibrium points, or even not have any equilib-
rium point at all. As a consequence, dissipative systems play an important role in the field
of control. Dissipative system theory provides a framework for the design and analysis of
control systems based on energy-related considerations [17]. At present, although there
are some studies on the dissipativity of neural networks [18—20], most of them are focusing
on the synchronization of neural networks [21-24]. For the dissipativity analysis of neural
networks, it is essential to find global exponentially attracting sets. Some researchers have
investigated the global dissipativity of neural networks with mixed delays, by giving some
sufficient conditions to obtain the global exponentially attracting sets [25, 26]. To the best
of our knowledge, few studies have considered the dissipativity of neutral-type memristive
neural networks with mixed delays.

In this paper, we will investigate the dissipative of neutral-type memristive neural net-
works with mixed delays. The highlights of our work include:

1. We consider not only two additive time-varying and distribution time delays, but also
time-varying leakage delays.

2. We obtain the dissipativity of the system by using a combination of the appropri-
ate LKF and the reciprocally convex combination method, some integral inequality
techniques, LMI and some delay-dependent dissipative criteria.

3. Our results are more general than those for the ordinary neural networks.

The paper is organized as follows: in Sect. 2, the preliminaries are presented; in Sect. 3,
the dissipative properties of neural network models with mixed delays are analyzed; in
Sect. 4 a numerical example is given to demonstrate the effectiveness of our analytical

results; in Sect. 5, the work is summarized.

2 Neural network model and some preliminaries

Notations R” (resp., R”*") is the n-dimensional Euclidean space (resp., the set of n x m
matrices) with entries from R; X > 0 (resp., X > 0) implies that the matrix X is a real
positive-definite matrix (resp., positive semi-definite). When A and B are symmetric ma-
trices, if A > B then A — B is a positive definite matrix. The superscript T denotes transpose
of the matrix; * denotes the elements below the main diagonal of a symmetric matrix; I and
O are the identity and zero matrices, respectively, with appropriate dimensions; diag{...}
denotes a diagonal matrix; Amax(C) (resp., Amin(C)) denotes the maximum (resp., mini-
mum) eigenvalue of matrix C. For any interval V C R, let S C RF(1<k<n),CV,S) = {o:
V — S is continuous} and C}(V,S) = {¢ : V — S is continuous differentiable}; co{b1, b,}
represents closure of the convex hull generated by b; and b,. For constants a, b, we set
a Vv b = max{a, b}. Let L} be the space of square integrable functions on R* with values
in R"; L'}, the extended L} space defined by L), = {f : f is a measurable function on R*},
Prf € LY, VT € R*,where (Prf)(t) = f(t) ift < T,and 0if¢ > T. For any functions x = {x(t)},
y={y()} € L}, and matrix Q, we define (x, Qy) = fo T()Qy(t) dt.

In this paper, we consider the following neutral-type memristor neural network model

with leakage, as well as two additive time-varying and distributed time-varying de-
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lays:

£i(8) = =it = 1(8) + 2272, @) (6) + D202, by(ea(€))f (it — T (8)
— 1p(8) + Xy dy(wi(®) [T fii(s)) dis + exilt — h(e) + ui(2),

7ilt) = filwi(®)),

%)= ¢ilt), te(-1,0),

(2.1)

where #n is the number of cells in a neural network; x;(¢) is the voltage of the ca-
pacitor; f;(-) denotes the neuron activation functions of the ith neuron at time t; y;
is the output of the ith neural cell; u;(¢) € L is the external constant input of the
ith neuron at time t; n(f) denotes the leakage delay satisfying 0 < n(t) < n; 7;1(¢)
and tj(t) are two additive time varying delays that are assumed to satisfy the con-
ditions 0 < 7;1(t) < 71 < 00, 0 < 7p(f) < 1o < 00; 81(¢), 82(f) and A(t) are the time-
varying delays with 0 < §; < 8:(t) < 82(t) < 82, 0 < h(t) < h; 1, 71, T2, 81, 82 and
h are nonnegative constants; t* =5 V (8, V (r V h)); C = diag(cy,ca,...,¢y) is a self-
feedback connection matrix; E = diag(e;, es,...,e,) is the neutral-type parameter; a;(t),
b;(t), and d;j(t) represent the memristive-based weights, which are defined as fol-
lows:

a;(x:(2)) = \xg‘)ij x signy, bij(xi(t)) = \xgﬁ/ x sign

w 3 i 1 1’ i #]7
dij(x:(t)) = % X signy, sign;; = R
' =L 1=y

i

Here W 1);; denote the memductances of memristors R, k = 1,2, 3. In view of memristor
property, we set

ay (0 < v, by, x| < v,
ay(x()=1{" by(x(®) = 1.
ag, % (@) > vi by, 1xi(O)] > i,
dy, (0] < v
dij(xi(t)) =17 l l
dy,  |xi(D)] > vi,

where the switching jumps y; > 0, a;, a;j, by, by, djj and dj; are known constants with
respect to memristances.

Remark 1 In the recent years, the dissipativity problem of MNNs has received a lot of
attention. So far, substantial important results on dissipativity have been obtained for
MNN:Ss. Unfortunately, the work in [27, 28] only considered the leakage delay, while that in
[29, 30] considered additive time-varying delays, but not distribution delays. In fact, the
leakage delay and multiple signal transmission delays coexist in the system of MNNs. Be-
cause few results are found in the existing literature on the dissipativity analysis of neutral-
type MNNs with multiple time delays, this paper attempts to extend our knowledge in this
field by studying the dissipativity of such systems, and an example is given to prove the
effectiveness of our results. Thus, the obtained results extend the study of the dynamic
characteristics of MNNs.
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Remark 2 In many real applications, signals transmitted from one point to another may
experience a few segments of networks, which can possibly induce successive delays
with different properties due to the variable network transmission conditions, and when
71(2) + T2(¢) reaches its maxima, we do not necessarily have both 7 (¢) and 7, (¢) reach their
maxima at the same time. Therefore, in this paper, we will consider the two additive delay

components in (2.1) separately.

Remark 3 Furthermore, the above systems are switching systems whose connection
weights vary due to their states. Although smooth analysis is suitable for studying contin-
uous nonlinear systems, the nonsmooth analysis is suitable for studying switching nonlin-
ear systems. Therefore, it is necessary to introduce some definitions of nonsmooth theory,

such as differential inclusion and set-valued maps.

Let sz = min{&li,izlj}, Eij = max{&ij, Lvlij}, bij = min{l;i,,lvolj}, Z,j = max{l;li,lva,-j}, di]’ = min{;ii,,
dy}, 3,7 = max{dy,dy}, for i,j = 1,2,...,n. By applying the theory of differential inclusions
and set-valued maps in system (2.1) [31, 32], it follows that

%(t) € —eixit — n(t) + 212, colay, aylfi(x;(8) + 37, colby, bylf (x(t
— 71(8) — T2(8))) + 0 coldy dy] [N fi(xy(s) s
+exi(t — h(t) + u;(2),

¥i(8) = fi(x:(2)),

xi(t) = ¢i(t), te(-7%,0).

Using Filippov’s theorem in [33], there exist 4; (t) € cola
cold,

,,,ﬂz,] b/ () € colb,
dl]]) andA = (a,'j(t))nxn, B= (b;'/(t))nxm D= (dl/‘]'(t))nxm SUCh that

blj]! d;](t) €

ij’

ij?

x(t) = —Cx(t — n(@)) + Af (x(£)) + Bf (x(t — 71(£) — 12(2)))
+D [ ot f(x(s )ds + Ex(t — h(£)) + u(t),

¥(t) = f(x(2)),

x(t) = ¢(t)1 te (—T*, O)r

(2.2)

where x(t) = (x1(£), 22(8), ..., %a(0)) T, 2(t = 1(8)) = (o1 (£ = 0(0)), 22(E = (8)), .., 0 (t = (E))T
F@@®) = R 0).Loa®),.. o a1 M), fa(t - 1) - @) = (ila(t - T - ),
Hla(t — a1 = @), fu@nt = T — Ta2)))T, &t = (1)) = (1 (t = h(2)), %2(¢ - D(2)),...,
&t = HODT, u(®) = (w1 (8), uz(0), ..., un (D))"

To prove our main results, the following assumptions, definitions and lemmas are

needed.

Assumption 1 The time-varying delays 7;(¢), 72(¢) and n(¢) satisfy the conditions |71 (£)| <
11 [T2@)] < po; |9(2)] < s where w, (1, no and ug are nonnegative constants, and we

denote t(¢t) = 71 (¢) + 12(¢), u = 1 + uy and 7 = 77 + 15.
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Assumption 2 For all ¢, € R and @ # 8, i = 1,2,...,n, the activation function f is
bounded and there exist constants k;” and k; such that

where let F; = |k | V |k} |, f = (i, f2r ... fu)T and for any i € {1,2,...,n}, £;(0) = 0. For pre-
sentation convenience, in the following we denote

kv ki ok vkl kovk
Ky =diag{kTkt, kG kS, ... ket ), Kzzdiag{ 1; L 2; 2 .. (”;("}.

Assumption 3 ¢(¢) € C!: C([t*,0],R") is the initial function with the norm

@l = sup {|p(s)

s€[t*,0]

)]}

Definition 1 ([34, 35]) Let x(¢,0,¢) be the solution of neural network (2.2) through (0, ¢),
¢ € CL. Suppose there exists a compact set S C R” such that for every ¢ € C!, there exists
T(¢) > 0 such that, when ¢t > T(¢), x(¢,0,¢) C S. Then the neural network (2.2) is said to
be a globally dissipative system, and S is called a globally attractive set. The set S is called
positively invariant if for every ¢ € S, it holds that x(¢,0,¢) C S for all £ € R,.

Definition 2 ([34, 35]) Let S be a globally attractive set of neural network (2.2). The neural
network (2.2) is said to be globally exponentially dissipative if there exist constant a > 0
and compact S* D S in R” such that for every ¢ € R”\S*, there exists a constant M(¢) > 0
such that

;ng{ |%(£,0,¢) = %] :x € R"\S*} < M(p)e™™, teR,.
XE
Here x € R” but x ¢ §*. Set §* is called a globally exponentially attractive set.

Lemma 1 ([36]) Consider a given matrix R > 0. Then, for all continuous functions w(-) :
[a,b] — R", such that the considered integral is well defined, one has

b b T b
/ﬂ o’ ()Rw(u) du > ﬁ[ﬁ w(u) du] R[/a w(u) du:|.

Lemma 2 ([37]) For any given matrices H, E, a scalar ¢ > 0 and F with FTF < I, the fol-
lowing inequality holds:

HFE + (HFE)T <eHHT + ¢ 'ETE.

Lemma 3 ([38]) Forany constant matrix H € R"™" and two scalars b > a > 0, the following
inequality holds:

2 2 —a t
(b ;d )/ / xT (s)Hx(s) ds do
-b t+6

< _[/b [6 x(s)dsd9:|TH|:/_: /t;x(s)dsde].
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Lemma 4 ([39]) Let the functions fi(t),fo(), ..., fn(£) : R™ — R have positive values in an
open subset D of R and satisfy

La+ 20+ + 2f0: D> R
o1 o N

with o; >0 and ), «a; = 1, then the reciprocal convex combination of f;(t) over the set D

satisfies
Vgi(t) :R" - R", gij(£) = (1),

1. . 5 i) gij(2)
Xi: 0z Xi:f,(t) +> i), [ o T } > 0.

= &

3 Main results
In this section, under Assumptions 1-3 and by using Lyapunov—Krasovskii functional
method and LMI technique, the delay-dependent dissipativity criterion of system (2.2)

is derived in the following theorem.

Theorem 3.1 Under Assumptions 1-3, if there exist symmetric positive definite matrices
P>0,Q;>0,V;>0,U;>0(i=1,2,3),R>0,T; >0 (j = 1,2,3,4,5), Gt >0 (k=1,2,3,4),
L1>0,L,>0,5,>0,S8;3 >0, three n x n diagonal matrices M >0, 1 >0, B, >0, n X nreal
matrix Sy such that the following LMIs hold:

u vi 0 0 0 0
¥* U 0 0 0 0
u Vv, 0 0
S o 0o o |T<0 ®=1239 @D
* % % 5
* * * x Us V3
| * * * * * Uz |

where W = [Y]n (Ln=1,2,...,25); Y11 = =PM — MTP + 2aP + 2Q; + Q2 + Q3 + R +
Ry + Ry + Ry + Rs — 420 T) — 4e 22Ty — 4e 227 Ty — 4e 21Ty — 4e 2" T 4 2Ly — Ky B1,
Y10 = 267G, Y13 = —2 Gy, Y14 = —26 792Gy, Y15 = PM — 271Gy, Yy 6 = e 2N T,
Y7 = =27 (T3 + 2G3), Y18 = =227 (T1 + 2Gy), Y19 = =2 2*2(Ty + 2Ga), Y110 =
—PC +8,C —2e72(Ty +2Gy), Y111 = PA — S$1A + Ky 1, Y112 = PB - S1B, 1,13 = MTPM —
oaPM —aM™P, Y1 14 = —6€ 721Gy, 1,15 = —6€ %1 Ty, Y116 = —6€ 22 T3, 1,17 = —6e 2% T},
Y18 = —6€7222 Ty, Yy, 10 = 66727 G3, Y120 = 66 2*L Gy, Y121 = 662Gy, Y100 = PD - §1D,
Y123 = S1, Y104 = PE = SiE, Yo = =727 Qq — 4€7" T3, Yy 7 = =272 (T3 + 2G3), ¥a,16 =
6e7" G3, Ya,10 = 66727 T3, Yz 3 = —€ 21 Qy — 4e 2" T, Y3 g = =27 (T} + 2Gy), Y317 =
6e Gy, Y300 = 6€ T, Yy = — 22 Q3 —4e 2 Ty, Y9 = 27 2*2(T2 +2Gy), Y18 =
6e 22 Gy, Y1 = 6€ 2Ty, Y55 = —e ¥Ry — 4e 1Ty, Y510 = =272 (Ty + 2Ga), Y513 =
~MTPM, Y514 = 66727 Ty, Y515 = 66 21Gy, Yo = —€ 2" T5, Y77 = —(1 — p)e > Ry —
4e77(2T5+ G3) — K12, Y712 = Koo, Y706 = 66727 (T3 + Gs), Y710 = 6627 (T3 + G3), Yg 8 =
—(1 = u1)e MRy — 4”1 (2T} + G1), Y17 = 6€ (T} + G1), Yoo = 6€ 27 (T1 + Gy),
Yoo = —(1 — p2)e 2 Rs — 4e7*2 (2T, + Gy), Vo158 = 6€22(T + G), Vo1 = 6 2™2(T, +
Ga), Y013 = MTPC, Y1000 = —(1 — p3)e ™Ry — 4e (2T, + Ga), V10,14 = 667247 (Ty +
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Ga), Y1015 = 6€21(Ty + Ga), Y1023 = =$2C, Y1024 = =S3C, Y1111 = (82 — 81)°Ly — B,
V11,13 = —MTPA, Y1103 = $H4, Y1104 = S34, Y1212 = —Pa, Y1213 = M PB, Y1323 = $1B,
Y1204 = S3B, Y1313 = M PM — 27> Ly, Y1399 = ~MTPD, Y1304 = ~M"PE, Y1325 =
—MP, Y414 = =127 Ty, Y1415 = —12€72*"Gy, Y1515 = —12e72*1 Ty, Y1616 = —12¢7227 T,
V1619 = —12727Gs, Y1717 = —1272°1 Ty, Y700 = —12e72*1Gy, Yig1s = —1267292 1),
Yigo1 = —12e72 Gy, Yng1o = —12e77 Ts, Yoo = —12e1 Ty, Ygy91 = —12e7242 T,
Va0 = —€ 22 L1, Yano3 = $aD, Yanpa = S3D, Y303 = ?Lh + %Uz + %Us - Sy + Ty +
3Ty + T2 T5 + n*Ty + 2T, Yozon = S2E, Yoana = S3E + E7S3 + Ss, Yas05 = So, 1)1 =
(I Doser Dager Tar Tsior Tei)™ (k= 1,2,3,4), I} = Iy = tier —ex), I =T, =0, I} =
Iy =0, Iy = =nle~en), Iy = I3 = e —en), Iy =133, =0, I[] =I5 =0,
Ih=Tk=1(e—es), Il =1(er —eno), I'h = ti(er —ew), [s = Taler —eno), Iy = I =0,
L =1(e1 —es), s =Tiler — e16), Ty = T(e1 — €19), € = [0nx(i1yn Lixcs Onx@5-0m] (i =
1,2,...,25), then the neural network (2.2) is exponentially dissipative, and

|@—&N+%@—&W+Mm@nmm&”1

S= {x: x| < Amin(Q1)

is a positively invariant and globally exponentially attractive set, where the external input
lu(t)| < Iy, Ty, > 0 is a bound of the external input u(t) on R*. In addition, the exponential
dissipativity rate index o can be used in the .

Proof Considering the following Lyapunov—Krasovskii function:
6
V(6,x(8) = Y Vilo), (3.2)

k=1

where

Vi(6,x(t)) =

t T t
x(t)—M/ x(s)ds] P[x(t)—M/ x(s)ds],
t=n t-n

t t
Va(t,x(2)) = / e 0xT () Qux(s) ds + / 2 0xT () Qux(s) ds
-7 t-11
t
+ / 4 xT () Qax(s) dis,

. ¢
V?, (t,x(t)) _ / eZa(s—t)xT(s)Rlx(s) ds + / eZa(s—t)xT(s)sz(S) ds
=n(t) =n
. ¢
¥ 26 x(s)T Ry(s) ds + / 6D x(s)" Ryx(s) ds
t-(t) t=11(f)

t
+ / 26D x(s)T Rsx(s) ds,
t:

_12

4 (6 (e -rlf / 2-05T () Ty x(s) ds d

+ 1 f / 2051 () Thx(s) ds do
—79 Jt+0

0 t
T / / 26 DT (5) Tsx(s) ds do
-7 Jt+0
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0 t
+n / / 2 05T () Tyx(s) ds do
-n Jt+6

0 t
+h / / 26 DT () Tsx(s) dsdb,
—h Jt+0

-1 t
Vs(t,x(2)) = (82— 1) / 6 / eeza(s‘t)fT(x(s))Llf(x(s)) dsdo

0 pt
+n// 26Dy T () Lox(s) ds do,
t+6
Ve (t,%(t)) = / // @057 (s)Uyx(s) ds d) db
g
+l2 / / / eS0T (s)Uyx(s) ds dh db
2 -9 J6 t+)
L2 [0 0 pt
+—/ // 2 D5T (Y Usx(s) ds dh db.
2 -t J6O t+)

Calculating the derivative of V(¢,x(¢)) along the trajectory of neural network (2.2), it can

be deduced that
Vl(t,x(t)) = 2|:xT(t) x7(s)ds x M}P[ Cx t— n(t) +Af(x(t))
=81 (¢
+Bf( (t—rl -7 t) + / ds+Ex(t h(t ))
+ u(t) — Mx(t) + Mx(t — n):|, (3.3)

Va(t,x(2)) < 2(0)7[Q1 + Qa + Qalx(t) — et — )" Qua(t — 7)
—e 2 Mx(t — 1) T Quu(t — 11) — e 2x(t — 12) Q3x(t — T2)
—2a V> (t,%(0)), (3.4)
Vs (tx(2)) < xT()[Ry + Ry + R3 + Ry + Rs)x(t) — e 2% (¢t — n)Rox(t — 1)
= (1= pa)e " (£ — () Rux(t — n(2))
-(1- ,u)e_z‘“xT(t — r(t))Rgx(t — T(t))
— (1= pn)e MO (¢ — 1y () Ra(t — 11)

— (1= pa)e™2uT (£ — 1(£))Rsx(t — T2(8)) — 20 V3 (£, %(2)), (3.5)

Va(t,x(0)) < 1227 () Tha(t) — Tre7>™ /t 1 T (s)T1x(s) ds
+ 1257 () Toi(t) — 1o 227 /t t &7 (s) Toi(s) ds
+ 12T () Toi(t) — T2 /; &7 (s) Tsx(s) ds
+ %7 () Tyi(t) — ne 2 / t &7 (s) Ty(s) ds
t-n

+ 12T (8) Tsa(t) — he™>" / t &7 () Ts(s) ds — 20 Vi, (2)), (3.6)
t—h
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(t x(t)) < (6, — 81)2fT( t))Llf(x(t ) + 02«7 () Lox(¢)

£=81(2)

_ 62(162 (Sz(t) _ 61(t)) f fT(x(S))Llf(x(s)) ds

=82(2)

—ne / t T (s)Lox(s) ds — 20 Vs (£, %(2)), 3.7
t-n

4 4 4
Ve(t,5(0)) < %x( JL(E) + ’—x(t)uzx(t) ¥ %x( VUsi(2)

2
_ 1 —20(1'1/ / le
2 —11 Jt+0

—fiamv/ /'xHQUﬂ@nk
2 -1y Jt+0

T gar / / (5)Usi(s) ds — 2ar Vi (£,x(2)). (3.8)
-7 Jt+6

For any matrix G; with [ T*l ?}1] > 0, by using Lemmas 1 and 4, we can obtain the following:

t
— e / T (s)T1x(s) ds
t-11
t-11(t) t
=7 e 2o |:/ 7 (s) Tye(s) ds + / &7 (s) Tye(s) ds]
t-11 t-11(t)

< e—2aT1 {_ 3!
71— 71(t)

[0 (O T191 + 30 () T192(0)]

71

RA0)
< e[ (O T191(8) - 30, () T102(8) — 05 (&) T103(2)

[95 (O T195(2) + 30 (t)Tlm(t)]}

-39, (£) T104(t) — 207 (£)G103(8) — 685 (£)G1D4(8)], (3.9)
where

91(8) = x(t - T1(8)) — 2t — 11);

t-11(8)
Do(t) = x(t - rl(t)) +x(t-11) - %ﬁ(t) x(s) ds;

B3(8) = x(t) - x(t - 11(0)); 9a(t) = x(2) + x(t - 11(8)) - %(t) / ( )x(s) ds.

Similarly, it holds that

t
—Tye o™ f #T(s) Tok(s) ds
t—-19

< e 22[-9] () To9s5(t) - 30¢ () Tad6(t) — 0 () Tad7(2) — 304 (£) ToDs(2)

=204 (£)Ga®(£) - 60 (£)GaDs(1)], (3.10)

Page 9 of 22
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t
—re 2T / %7 (s) Ts(s) ds
-7

< e 2T[~0g (£) T30(t) — 3075 (£) Tsd10(2) — 011 (8) Tz 1 (£) — 3915(8) T3 0ha(8)

- 204 (£)G3P11(2) — 601,(1)GsD12(8) ], (3.11)
e [ 27 (s) Tui(s) d
ne /t._nx ) Tas(s) ds

< e 20 [(6) Taths(6) — 39,(6) Tatha(t) — D [5(6) Tathis(6) — 39/ (£) Tathe ()

- 2005(6)Gad15(2) — 69,(H)Gad16(0) ], (3.12)
where

95(t) = x(t — 1a(t)) — x(t - 12);

2 t-1(2)
V() = x(t - rz(t)) +x(t— 1) — tg——rz(t) f x(s) ds;

D (t) = x(t) — x(t - Tz(t)); Dg(t) = x(t) + x(t - rz(t)) - %() / ( )x(s) ds;

Do(t) = x(t - r(t)) —x(t—1);

t—1(t)
Hho(t) = x(t - t(t)) +x(t—1)— ‘L’—L'C(t) /7 x(s) ds; H1(8) = x(¢) —x(t - r(t));
2 t

©(0) Jie *)ds; Dalt) = (e () —alt —n);

Da(t) = x(t) + x(t - r(t)) -

t-n(t)
/ *)ds;  Dis(0) = (0 x(t - (1)

Dra(t) = x(t = n(2)) +x(t - n) - n-n(t) Jiy

he(t) = x(2) + x(t - n(t)) - % f ( )x(s) ds.
t-nl(t

Applying Lemma 1 and Newton—Leibniz formula, we have

t
— he 2" / T (s) Tsx(s) ds
t-h

t T t
_,2ah 3 3
<-e |:/t_h x(s) dsi| Ts [[_h x(s) dsi|

< [x(0) - x(t = )] [~ T5][(2) - (¢ - )] (3.13)

Similarly, it holds that

t-81(t)

_620152 (ag(t) -8 (t)) / fT(x(s))Llf(x(S)) ds

t—82(t)

t-81(¢) T t-51(t)
/ f(x(s)) ds} L |:/ f(x(s)) ds:|, (3.14)

< _620(82 [
—82(8) —385(t)
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- t(()TL (s)d
e n/t_nxs 2x(s) ds

t T t
<- 2“"[ ()d] L [ ()d]. (3.15)
e /t_nxs S Zl_nxs S

The second term of Eq. (3.8) can be written as

2 0t
- —le_zo‘”/ / &7 (s)Uyx(s) ds do
2 —-11 J 40

—
7:1 _2‘“1/ f (s)Uhx(s)dsdb

- 1’—16_2‘”1 / / T (s)U%(s) ds db. (3.16)
2 -11(¢t) Jt+6

By Lemma 3, we obtain

- %12672(”1 [ : /t ; T (s)Usi(s) ds do
. (t) em |:/ / x(s) dsd@] u [/Tl(t / x(s)dsd9:|
-1
_ %eaml [ / i /Hg i(s) dsde] u [ /_ » /Mx(s)dsde]. (3.17)

Applying Lemma 4, for any matrix V; with [Lil L‘g] > 0, the above inequality becomes:

- %Ze*mfl / i /t :9 &1 (s)Unx(s) ds do
com [ [ soma] ul[ " [ s
e {—[/ . /He i) dsde] 2, [/_1 /M i(s) dsde]}
e 2n {—[/j “ /H; x(s) dsd@]TLll [fj o /:efc(s)dsde]}

<o (—§1TU1§1 —2¢[ Vigy - §2TU1§2)

=T (e [-M (O T (8) - 20 (VAT (8) - T () UL T (2) € (), (3.18)

where

t-11(8)

61 = (1 = 1 (0)() - /

=11

t
x(s) ds; ¢ =11(t) - / x(s) ds;
t-11(t)

() = (Tl - Tl(t))(€1 —ex); I(t) = t1(t)(er - er7).

Page 11 of 22
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Similarly, by Lemmas 3 and 4, we have

‘L’2 0 t
— 2 20m / / #T (s)Un(s) ds do
2 —19 Jt+0

< e—2ar (

~63 Ungs — 265 Vaga — 64 Unga)
=eT()e ™[I OULT5(0) - 2T, (O VaI(0) — T (U T (2) ) (2), (3.19)

2 0 pt
——e 2T / / 7 (s)Us(s) ds do
2 -7 Jt+0

< e—Zar (_

62 Usss — 267 Vags — 6¢ Uss)
=T (e [-I) (OUsTs(t) - 2T () VaTs(t) - I () Us Ts(8) € (2), (3.20)

where

t-15(t) t

x(s) ds; ca=T1o(t) - / x(s) ds;

~72(t)

63 = (1 = T2(O)(0) - f

-1

I3(2) = (12 — 12(0)) (e1 — e21); I4(t) = ©a2(t)(e1 - exs);

t

t—(t)
Gy = (r - r(t))x(t) - / x(s) ds; 5 =1(t) — x(s) ds;

t-t t-(t)

Iy(t) = (= (8))(e1 — ero); I5(2) = (t)(e1 — exe)-
By using Assumption 2, we can obtain the following:
[ﬁ(x(t)) - l;x(t)][fi(x(t)) - li*x(t)] <0 (i=1,2,...,n),

which can be compactly written as

0 | [ ][ 0] _,
feo)) [+ 1 ||fee] T
st-nu0-n0) | [k ][ s-n@-oe) | _
falt-n@-no)| [+ 1 |[fat-n®-ne)] "

Then for any positive matrices 81 = diag(B1s, Bas, - - -» Bus) and o = diag(,gls, ,égs, . ﬁm), the

following inequalities hold true:

s | [Kp s ][ a0 ] _, (3.21)
fx(®)) S R VA0 '

st-n@-n@) | [k K |[ x-n@-ne) | _, 52
falt-n@-n@)] |+  p |[fat-n@-no)] |
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Note that

x(t) + Cx(t - n(t)) - Af(x(t)) — Bf(x(t —11(8) - rz(t)))

t-51(2)
-D S (x(s)) ds — Ex(t — h(t)) — u(t) = 0.

t-82(t)

For any appropriately dimensioned matrix Sj, the following is satisfied:

27 (£)S1&(8) + 27 (£)S1 Cx(t - n(2)) — 247 (£)S1Af (%(2))

t-81(t)
- 2xT(t)Sle(x(t —11(8) - tz(t))) - 24T ()$,D o f(x(s)) ds

- 2x" ()S1Ex(t - h(8)) - 227 (£)S1u(t) = 0.
Similarly, we have

2T (0)Ssi(2) + 257 (£)S2.Cx(t - n(2)) — 257 (1) SHAf (x(2))

t-81(2)

— ZxT(t)Sng(x(t —11(8) - rz(t))) — ZxT(t)SZD/ f(x(s)) ds

t=82(2)

—2&T(6)S,Ex (¢ - h(t)) — 2&7 (H)Sau(t) = 0,

2&7 (£ = h(2))S3(t) + 2&" (¢ - h(2))S3Cax(t — n(£)) — 2&" (£ — h(2)) Sz Af (x(2)
—2%7 (¢ — h(®))S3Bf (x(t — 11 () — ©a(8))) — 27 (¢ — h(2))S3Ex(¢ — h(t))

t-81(2)
- 2" (t - h(t))S3D 5 f(x(s)) ds — 2&7 (£ - h(t)) S3u(t) = 0.

t=82(t)

In addition, it follows from Lemma 2 that for every H > 0, N > 0,

24T (8)Sou(t) < %7 (6)Hx(t) + u” (£)SoH ' SHu(s),

Za'cT(t - h(2))Ssu(t) < a'cT(t —h(t))Nx(t - h(2)) + ul (£)SsNSsu(t).
From Egs. (3.2)-(3.27), if we let H = S5, N = S3, we can derive that

V(t,x(t)) + 2« V(t,x(t))

< =" ()Qux(t) + xT () [2P - 281 1u(t) + u” (H)Ssu(t) + £ () DE(2),

where

E(t) = |:x(t),x(t —1),%(t — 71), 2(¢ — T2), x(¢ — ), %(¢ — h), x(¢ — T(2)),
x(6 =7 (®)),x(t - 12(8)), 2(£ = n(®)).f (x(0)).f (x( - T(2))),

awds—— [ a1 [ a
X\S Sy —— X\S S, —— XS S,
/t‘—n n- U(t) t-n U(t) t-n(t)

t

! / D [ xsds (s)d
_— X\S S, —— XS S, —— X\S S,
() t-1(t) 71(2) t-11(t) (%) t-15(t)

(3.23)

(3.24)

(3.25)

(3.26)

(3.27)

(3.28)

Page 13 of 22
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1 t-(t) © 1 t-11(t) )
[ x(s) ds, 7‘/ x(s) ds,
T —1(8) /t,r 11— 11(8) Jeor

t-12(t) t-81() T
- _lrz(t) / x(s) ds,/ S (x(s)) ds, x(2), (¢ — h(2)), u(t)] )

~82(8)

@ =¥ — e [~V (UL T (8) - 2T () VAT (8) - Ty (UL T(t)
- I (U I(0) - 2, () Vas(8) - T (O U Ta(t)
- I (OUsTs(t) - 2T (6)VaTs(t) - I () Us T(8)].
Letting 71(¢) = 0, 71(¢) = 71 and 1o(¢) = 0, T2(¢) = 12, we can get
&, = P(0,0),
¢2 = (D(O, 72)’

@3 = P(11,0),
@4 = @(‘L’l, ‘L'z).

From Eq. (3.2) it is easy to deduce that

2 (3.29)

w|x(@))* < V(t,20) < 2a|x(0)
where

5c(t+0)‘}

)

”x(t) HT* = sup {‘x(t+o9)
0e[-1*,0]

and

}‘-1 = )\min(P)r
)\2 = )‘-max(P) + T)\maX(Ql) + Tl)&max(QZ) + TZAmaX(QS)
+ n)‘max(Rl) + n)‘max(RZ) + T)\max(RB) + Tl)\max(RéL)

+ TZ)\max(RS) + flzkmax(Tl) + Tzz)hmax(TZ) + fzkmax(TS)

3 73
+ nz)hmax(TlL) + hzkmax(TS) + Elkmax(ul) + %Amax(uﬁ

3

.....

Then according to the LMI (3.1) and Eq. (3.29), we have

V(t,x(t)) + 2« V(t,x(t))
< 2T (&) Qua(t) + T )[2P — 281 1u(t) + u” (£)Ssu(t)
< Amin(QU|x(@)]* + 2020 - |(P = S1)| - |w(®)] + Amax(S3)|u®)|”

< Amin(Q0)|x(®)| + 2|x@)] - |(P = S1)| - T + hman(S3) T2

= _)\min(Ql)(|x(t)| - d’l)(‘x(t” - ¢2):
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where
1@ =S)]+ V1P = S + Amin(Q1)Amax(S3)
¢1 = Fur
)\min(Ql)
g, = (@ =801 = VIP = SOP + honin( Q) A (S5) .
2 )\min(Ql) v

Note that ¢, < 0and ¢, = 0 if and only if external input z = 0. Hence, one may deduce that
when |x(£)| > ¢1, i.e., x ¢ S, it holds that

V(tx(t) + 22V (6x(0) <0, teR,, V(L) < V(0,4)e™, teR,,

m|x(t,0,9)]" < V(£x(0) < V(0,d)e ™" < hpe||p|I2,.

Hence when x ¢ S, we finally obtain that

R
|%(2,0,¢)| < /\—2 Ipllere™™, teR,.
1

Note that S is a sphere, when x ¢ S, M = % @Iz
;ng{ |x(t,0,¢) - %[} < |%(t,0,¢) 0| < Me™,t € R,.
X€

According to Definition 2, we can get that system (2.2) is globally exponentially dissipative
with positively invariant and globally exponentially attractive set S. This completes the

proof. d

Remark 4 In the proof of Theorem 3.1, an LMI-based condition imposed on global ex-
ponential dissipativity of system (2.2) was given. It is worth mentioning that in order to
derive the globally exponentially attractive set S and guarantee the practicability of dis-
sipativity criteria, we chose two special but suitable H = S; and N = S3 in (3.28). From
Theorem 3.1, we can find that the globally exponentially attractive set S can be directly
obtained by using the LMIs.

Remark5 In Theorem 3.1, we firstly transform system (2.1) to system (2.2) by using a con-
vex combination technique and Filippov’s theorem. In addition, we introduce the double
and triple integrals in the LKF by considering leakage, discrete and two additive time-
varying delays. The problem has not been solved in [29, 30, 40]. Constructing this form of

double and triple integral terms in the LKF is a recent tool to get less conservative results.

If in Theorem 3.2 we take the exponential dissipativity rate index o = 0 and replace the
exponential-type Lyapunov—Krasovskii functional in Theorem 3.1, then we can obtain the

following theorem.

Theorem 3.2 Under the same conditions as in Theorem 3.1, system (2.2) is global dissipa-
tive, and S given in Theorem 3.1 is the positively invariant and globally attractive set if the
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following LMI holds:
[y, vi 0 0 0 0]
* UL 0 0 0 0
u Vv, 0 0
o=0-rr|F * T2 Y <0 (k=1,23,4), (3.30)
* * x* U, O 0
* * * x Uz Vi
| * * * * x  Us

where® = O], (Ln=1,2,...,25), O = —PM-MTP+2Q; +Qy+ Q3+ Ry + Ry + R +
Ra+Rs—A4T) —4Ty —4T; —4Ty—4Ts + n*Lo— K1 By, Ora = ~2Gs, O3 = ~2G1, 1.4 = ~2Go,
O15=PM-2G,, O15=Ts, O17 =-2(T3 +2G3), O153 = -2(T1 +2Gy), O19 = -2(T5 + 2Gy),
O110=-PC+S5C-2(T4+2Gy), O111 = PA - S$1A + K381, ©112 = PB—§1B, ©1 13 = MTPM,
O1,14 = —6Gy, O1,15 = =61, O116 = —613, O117 = —6T1, O1,18 = 613, O1,19 = 6G3, O, =
6G1, O191 = 6Gy, O12 = PD — §1D, O3 = =81, O14 = PE — $1E, Oyp = —Qp — 4T3,
a7 = =2(T3 + 2G3), @18 = 6G3, Oy = 6T3, @33 = —Q — 4T, O35 = =2(T1 + 2Gy),
O319 = 6G1, O3y = 6T1, O4q = —Q3 — 4T, Osy = —-2(T3 + 2G3), Oy = 6Ga, Ou23 =
6T, Os5 = —Ry — 4Ty, Os10 = 2Ty + 2Ga), Os13 = M PM, Os14 = 6T4, Os15 = 6Ga,
O = —T5, O77 = —(1 = W)R3 — 4(2T3 + G3) — K12, O712 = =Kz B2, O716 = 6(T3 + G3),
7,19 = 6(T3 + G3), Ogg = —(1 — u1)Ry — 4(2T1 + G1), Og17 = 6(T1 + G1), Og 20 = 6(T1 + G1),
OG99 = —(1 = p2)Rs — 42T + G3), O9,18 = 6(T2 + Ga), Ogp1 = 6(T2 + G3), O10,10 = —(1 -
w3)Ry —4(2Ty + Gy), O10,13 = M PC, O19,14 = 6(T4 + Ga), O10,15 = 6(T4 + Ga), O1023 = —52C,
O1024 = =S3C, O11,11 = (82 — 81)°L1 — B, O11,13 = ~MTPA, O1193 = $H4, O114 = —S34,
O12,12 = —B2, G213 = —MT PB, O153 = S3B, G124 = —=S3B, G313 = 2Ly, @132, = -M" PD,
O304 = —~MTPE, 1325 = ~2MP, @414 = —12T4, Or415 = —12Ga, O1515 = 12T}, O16,16 =
—127T3, G619 = —12G3, O17,17 = =121, O1720 = —12Gy, O1318 = —12T5, O1521 = —12Gy,
19,19 = —12T3, ()20 20 = —12T1, G211 = =127, Oy = —L1, Opp3 = $2D, O 4 = =S3D,
O303 = L[1 +2 L[2 + = U3 Sz + 2T+ T3 To + T2 T3 + 2 Ty + W Ts, O304 = SHE, Oog0n =
S3E +ET53 + 53, @255 = S, Vi = [Tikor Doser T Taior Tsioo Te) ™ (k= 1,2,3,4), I} =I5 =
Tiler —ex), I =Tk =0T =L =0 Ih =Tk =t(er —er), I3 = s = taler — ean),
Ih=rl=0rl=rk=0rk=rk=munl-es) Ik =tle —en) I =tiler - e),
Il =1(e1 —ew), I =T =0, 'L =1:(e1 — e16), Iis = tiler — es), T = t(er — en),
€; = [0ysc(i-1)n> Luxnr Onc2s5-ip] (i = 1,2,...,25).

Proof Replace the exponential-type Lyapunov—Krasovskii functional in Theorem 3.1 by

V(t,x(0) Z Vi(t) (3.31)
where
Vi(6x(2)) |: -M ] [ t)-M t (t)d],
( X / x /;nx s
Vs (t,x(t)) —/ T(s)Q1x(s) ds+/ %7 (s)Qox(s) ds

+ / t x7 (s)Qsx(s) ds,

)
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Vale ) :/ o SRl ds + f # (5)Ro(s) ds
e t-n
+/t-r(t)x(S)TR3x(S)ds+[Il(t)x(s)TR‘Lx(S)dS

t ()" Rsx(s) ds,
+/”2(t)xs sx(s) ds

0 t
Vi(t,x(8) = / / ga'cT(s)Tla'c(s)dst

0 pt
+ 12/ / &7 (s) Toie(s) ds do
-9 Jt+6
0 ,t 0 t
+'L’/ / a'cT(s)Tga'c(s)dsd9+n/ / #T () Tux(s) ds do
-t Jt+6 -n Jt+6

0 pt
+h/ / &7 (s)Tsx(s) ds do,
t+6

V(tx( ))—(52—81 /

tx(t) /_T// T($)Uyx(s) ds d). do
+ = /:T / / (s)Ux(s)dsd).dO
+ % / r /9 ft+A5cT(s)LI35c(s)dsdAd0.

The rest of the proof of Theorem 3.2 is similar to that of Theorem 3.1, so the details are
omitted. O

t

fT x(s Llf(x(s)) dsdo + r]/ / T(s)Lyx(s) ds do,

t+60

Remark 6 In particular, when E = 0 and D = 0, system (2.2) is written as system (4) in [19],
we can see that the system is dissipative from [19]. Furthermore, we discuss the global
exponential dissipativity of system (2.2): our model can be regarded as an extension of

system (4) from [19].

Remark 7 If 71(¢) + 12(t) = ©(£), 0 < t(t) < 7, |7(¢) < |, E = 0 and n(¢) = 0, i.e,, system
(2.2) is without two additive time-varying as well as leakage delays and neural term, then
system (2.2) is reduced to the following neural network:

() = ~Calt) +Af(x( ) + Bf (x(t — (1))
+D [ f(x(s)) ds + (D),

y(@) = (x(2)),

x(t) = p(t),t € (-1%,0).

So the system is no longer a neutral-type memristive neural network. We find that the
dissipativity of other types of neural network model has been discussed in [30, 41, 42].
When some terms are removed, the dissipativity result of Theorem 3.1 can be obtained
by utilizing LMI. So our system is more general.
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4 Example and simulation
In this section, we give a numerical example to illustrate the effectiveness of our results.

Example 1 Consider the two-dimensional MNNs (2.1) with the following parameters:

1.2, L 03, <1,
6l11(x1(t)) _ lx1(2)] < dlz(xl(t)) _ lx1(2)]

-L m@>1, 05, x> 1,
anfea) "7 MO an) 1P S

o *2 b —U.5, X2 > 1,

0.8, Hl <1, 0.05, <1,
bu () = MOl ) - (@)l <

02 ba(l>1 ~005, |m(®l>1,

0.3, <1, 0.9, nl<1,
by (xz(t)) = ) :xzzt;: <1 b22(x2(t)) = o :xzit;: <1

’ X2 > 1, -0.3, |xy >1,
i [ 2t -2

) X1 > 1, -0.3, X1 >1,
iy (42(0)) = 2, @)=, o (2(0) = L5 |x@)| <1,

0.3, [|x(8)]>1, L, @) > 1.

The activation function are fi(s) = tanh(0.3s) — 0.2sin(s), f>(s) = tanh(0.2s) + 0.3 sin(s).
Let « =0.01, ¢c; =¢c; =2, e1 = ey =02, my =2, my = 3.56, h(t) = 0.1sin(2¢) + 0.5, n(t) =
0.1sin(2¢) + 0.2, 71(¢) = 0.1 8in(¢) + 0.2, 72(¢) = 0.1 cos(t) + 0.5, 81(£) = 0.4sin(¢) + 0.4, §,(f) =
0.4sin(¢) + 0.6, u = [0.5sin(£); 0.25cos(¢)]7. So n = 0.4, h = 0.6, 7, = 0.3, 7 = 0.6, T = 0.9,
81=0,80=1,141 =0.1, 4 =0.1, u = 0.2. Then K| =-0.2,K; = 0.5,K; =-0.3and K; = 0.5,

ie.,
-0.1 0 015 0
K= s K = .
0 -0.15 0 0.1

With the above parameters, using LMI toolbox in MATLAB, we obtain the following fea-
sible solution to LMIs in Theorem 3.1:

| 00764 —0.0110 1 [-06182 —0.0001
P=1.0x 10 . Q=10x10 ,
~0.0110 0.1583 ~0.0001 —0.6132
[0.1918  0.0006 | 0.2056  —0.0002
Q;=10x 1071 , Q;=10x 1071 ,
0.0006 0.2014 ~0.0002  0.2169
10102502 0.0004] o l0.1844 0.0010
Uy =1.0 x 10 . Up=1.0x10 ,
0.0004 0.2525 0.0010 0.1857
[0.3907 0.0451 ] 0.3373  0.0191
U; =1.0 x 10712 , R =10x 1071 ,
0.0451 0.4122 0.0191 0.4588
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[ 03207  —0.0053 0.1887 -0.0002
Ry=10x 107! , R3;=1.0x1071° ,
-0.0053 0.3337 -0.0002 0.1863
102471 0.0008] 1 [0.3801  0.0002
Ry=1.0x10 , Rs=1.0x 10 ,
0.0008 0.2573 0.0002 0.3920
[0.6706  0.0008 | [0.3678  0.0005
T, =1.0 x 10710 , T,=1.0x 1071 ,
0.0008 0.6752 0.0005 0.3711
[0.1644  0.0005 | [ 05042  —0.0251
T3=1.0 x 107 , T,=1.0x 1071 ,
0.0005 0.1672 -0.0251 0.4591
[_0.4935 0.1301 0.2745  0.0004
Ts=1.0 x 1072 , G;=10x 1071 ,
0.1301 -0.5262 0.0004 0.2766
[0.1888  0.0007 -0.3413  0.0003
G, =1.0x 10712 , G;=1.0x 10712 ,
0.0007 0.1930 0.0003 -0.3296
[—0.5025 —0.0079 -0.9111 -0.3262
G,=10x 10712 , L;=1.0x 1072 ,
-0.0079 —0.5993 -0.3262 —0.8944
9| 0.1237  —0.0008 12| —0.4977  0.1688
L,=1.0x 10 ) S, =1.0 x 10 ,
-0.0008 0.1207 0.1688 —0.2524
0.0904 -0.4569 0.1429 0
S3=1.0x 1071 , B1=1.0x107 ,
-0.4569 -0.7191 0 0.1061
0.2035 0 0.2004 —0.0384
By =1.0x107° , S1=1.0x 107" ,
0 0.1523 -0.0303 0.1845
| 74.2116 0 Vi - 742116 0
oo 74.2116 |’ | o 74.2116 |’
742116 0
Vs = )
0 74.2116

Then system (2.1) is a globally exponentially dissipative system, and the set S = {x: |x| <
8.333}. Figure 1 shows trajectories of neuron states x;(£) and x,(¢) of neutral-type MNNs
(2.1). Figure 2 shows three-dimensional space trajectories of neuron states x; () and x;(t)
of neutral-type MNNSs (2.1). It can be seen that neuron states x; () and x(¢) are becoming
periodic when the outputs of neutral-type MNNS5s (2.1) controllers are designed as periodic
signals. According to Theorem 3.1 and Definition 2, system (2.1) is globally dissipative.
Under the same conditions, if we take the external input u(£) = 0, then by Theorem 3.2,
we know that the invariant set is S = {0} and system (2.1) is globally stable as shown in
Fig. 3.

5 Conclusions
This paper has investigated the dissipativity of neutral-type memristive neural network

with two additive time-varying delays, as well as distribution time and time-varying leak-
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Figure 2 State trajectories of xj, x, in three-dimensional space

age delays. By applying novel linear matrix inequalities, Lyapunov—Krasovskii functional
and Newton-Leibniz formula, the dissipativity of the system was obtained. Even though
the dissipative of MNNSs has been reported before, there are few references about the dis-
sipativity of neutral-type MNNs. We have considered adding neutral terms to the model,
which made the model more realistic. Finally, we have given a numerical example to illus-
trate the effectiveness and exactness of our results. When Markovian jumping is added to
this model, how to study the dissipativity of neutral-type MNNs with mixed delays in such
a model becomes an interesting question. We will extend our work towards this direction

in the future.
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Figure 3 State trajectories of xq, x, in three-dimensional space when u(t) =0
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