-

View metadata, citation and similar papers at core.ac.uk brought to you byﬁ CORE

provided by Cronfa at Swansea University

Proposing, developing and verification of a novel discrete-time zeroing neural network for solving future augmented Sylvester matrix
equation

Journal Pre-proof

SN 0160002

Journal
of The Franklin Institute
ENGINEERING AND APPLIED MATHEMATICS
Proposing, developing and verification of a novel discrete-time T
zeroing neural network for solving future augmented Sylvester matrix
equation

Yang Shi, Long Jin, Shuai Li, Jipeng Qiang

PII: S0016-0032(20)30108-3

DOI: https://doi.org/10.1016/j.jfranklin.2020.02.024
Reference: Fl 4436

To appear in: Journal of the Franklin Institute

Received date: 25 May 2019

Revised date: 12 December 2019

Accepted date: 18 February 2020

Please cite this article as: Yang Shi, Long Jin, Shuai Li, Jipeng Qiang, Proposing, developing and ver-
ification of a novel discrete-time zeroing neural network for solving future augmented Sylvester matrix
equation, Journal of the Franklin Institute (2020), doi: https://doi.org/10.1016/j.jfranklin.2020.02.024

This is a PDF file of an article that has undergone enhancements after acceptance, such as the addition
of a cover page and metadata, and formatting for readability, but it is not yet the definitive version of
record. This version will undergo additional copyediting, typesetting and review before it is published
in its final form, but we are providing this version to give early visibility of the article. Please note that,
during the production process, errors may be discovered which could affect the content, and all legal
disclaimers that apply to the journal pertain.

(© 2020 The Franklin Institute. Published by Elsevier Ltd. All rights reserved.


https://core.ac.uk/display/287586153?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1
https://doi.org/10.1016/j.jfranklin.2020.02.024
https://doi.org/10.1016/j.jfranklin.2020.02.024

Journal Pre-proof

Proposing, developing and verification of a novel

discrete-time zeroing neural network for solving future

augmented Sylvester matrix equation ™

Yang Shi**, Long Jin®, Shuai Li¢, Jipeng Qiang®

@School of Information Engineering, Yangzhou University, Yangzhou 225127, China
bSchool of Information Science and Engineering, Lanzhou University, Lanzhou 730000,

China

¢College of Engineering, Swansea University, Swansea, U.K.

Abstract

In this paper, a novel discrete-time advance zeroing neural network (DT-
AZNN) model is proposed, developed and investigated for solving future
augmented Sylvester matrix equation (F-ASME). First of all, based on the
advance zeroing neural network (AZNN) design formula, a novel continuous-
time advance zeroing neural network (CT-AZNN) model is shown for solv-
ing continuous-time augmented Sylvester matrix equation (CT-ASME). Sec-
ondly, a recently published discretization formula is further investigated with
the optimal sampling gap of the discretization formula proposed. Then, for
solving F-ASME, a novel DT-AZNN model is proposed based on the dis-
cretization formula. Theoretical analyses on the convergence property and
the perturbation suppression performance of the DT-AZNN model are pro-
vided. Moreover, comparative numerical experimental results are conducted
to prove the effectiveness and robustness of the proposed DT-AZNN model
for solving F-ASME.
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1. Introduction

As one of the fundamental mathematical problems, Sylvester matrix equa-
tion is widely encountered in scientific and engineering fields [1, 2, 3, 4, 5],
the general form of which is formulated as

AX + XB =C € R™™,

where A € R™™ B € R™" and C' € R™*" are the known matrices; X €
R™*™ is the unknown matrix to be solved. For example, as a special case
of Sylvester matrix equation, Lyapunov matrix equation is broadly used to
analyze the stability of dynamic systems [6]. There exist a great number
of mathematical methods, e.g., the Bartels-Stewart algorithm [7] and its
extensions [8, 9], which is equipped with a time complexity O(n?) [9], for
effectively solving Sylvester matrix equation. However, on the one hand,
lots of methods are essentially designed for solving time-invariant (or say,
static) Sylvester matrix equation rather than time-variant Sylvester matrix
equation. In this sense, these methods do not possess enough efficiency for
handing nonstationary cases due to the lack of adaption to the time-variant
parameters [10]. On the other hand, few researches on investigating the
discrete-time Sylvester matrix equation compared with the continuous-time
one [9, 11, 12, 13, 14, 15, 16, 17]. With the development of digital circuits
and digital computers; the discrete-time problem fits well with the actual
applications, and the discrete-time models are more convenient for numerical
implementation on digital systems. Thus, it is important to investigate the
discrete-time Sylvester matrix equation.

Neural networks, especially recurrent neural networks, have been widely
utilized for solving various problems in the past decades [18, 19, 20, 21, 22,
23, 24]." A novel recurrent neural network is proposed by Zhang et al. for
solving Sylvester matrix equation with time-variant coefficient matrices for
the first time [11]. Such type of recurrent neural network aims at zeroing in-
definite error function for a specific problem, and is thus called zeroing neural
network (ZNN) [18, 25, 26, 27, 28]. Based on the previous researches, the
continuous-time classical zeroing neural network (CT-CZNN) model can ac-
curately obtain a solution of continuous-time Sylvester matrix equation [11].
However, most of these researches are considered under ideal conditions. In
fact, in the practical applications, perturbations always exist and have sig-
nificant influence on the solving system process. Jin et al. firstly proposed
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continuous-time advance zeroing neural network (CT-AZNN) models for solv-
ing perturbed continuous-time problems [29, 30]. As further researches, the
discrete-time advance zeroing neural network (DT-AZNN) model is verified
to possess excellent performance in the presence of perturbations [31, 32].

Together with previous researches, in this paper, a novel DT-AZNN
model is utilized to solve the future augmented Sylvester matrix equation
(F-ASME), which originates from the continuous-time augmented Sylvester
matrix equation (CT-ASME). Specifically, on the one hand, the augmented
Sylvester matrix equation (ASME) can be formulated as

AXB+CXD = FE € R™",

where A € R™*™ B ¢ R™" C € R™™ ' D e R"™" and F € R™" are
the known matrices; X € R™ " is the unknown matrix to be calculated.
Evidently, the above matrix equation includes the well-known Lyapunov ma-
trix equation, Stein matrix equation and Sylvester matrix equation [33, 34],
which means that the Lyapunov matrix equation, Stein matrix equation and
Sylvester matrix equation can be regarded as special cases of ASME. On the
other hand, the future problem isa special discrete-time problem. During the
solving process, based on the present and/or previous data, we compute the
results for future use before the next time instant [32]. That is, for solving
future problems, an effective method should not only obtain the solution of
discrete-time problems, but also should satisfy the requirement of real-time
computation.

The remainder of this paper is organized into five sections. In Section 2,
the problem formulation is described, and then the problem transformation
and corresponding continuous-time models are presented. In Section 3, a
recently published discretization formula is further studied, and we further
propose corresponding DT-AZNN model. Theoretical analyses of such model
are also proposed in this section. Section 4 shows comparative numerical
experiments to substantiate the effectiveness and robustness of the proposed
DT-AZNN model. Section 5 concludes this paper with final remarks. Before
ending this section, it is worth pointing out the main contributions of this
paper as follows.

1) In this paper, aided with the Kronecker product and vectorization tech-
niques, the CT-ASME is transformed into a simple continuous-time lin-
ear system, which is further solved by the proposed CT-AZNN model
with superior perturbation suppression performance.

3
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2) Based on the previous researches, a recently published one-step-ahead
discretization formula (termed 5-instant discretization formula) is pre-
sented for further investigation. As an important property of the dis-
cretization formula, in this paper, the optimal sampling gap of the
5-instant discretization formula is proposed and proved firstly, which
can be seen as a mathematical breakthrough in the research front of
the discretization formula.

3) By using the above discretization formula to discretize CT-AZNN model,
a novel DT-AZNN model is proposed, developed and investigated for
solving F-ASME with corresponding theoretical analyses presented to
show its convergence property and perturbation suppression perfor-
mance.

4) Comparative numerical experiments are conducted to substantiate the
effectiveness and robustness of the proposed DT-AZNN model in the
presence of various perturbations (including the constant perturbation,
the linear-form time-variant perturbation, the sine-form/cosine-form
time-variant perturbation and the exponential-decay-form time-variant
perturbation).

In addition, the list of acronyms is summarized as below.

Acronyms

ASME: Augmented Sylvester matrix equation.

AZNN: Advance zeroing neural network.

CZNN: Classical zeroing neural network.

CT-AZNN: Continuous-time advance zeroing neural network.
CT-ASME: Continuous-time augmented Sylvester matrix equation.
CT-CZNN: Continuous-time classical zeroing neural network.
DT-AZNN: Discrete-time advance zeroing neural network.
DT-CZNN: Discrete-time classical zeroing neural network.
F-ASME: Future augmented Sylvester matrix equation.

ZNN: Zeroing neural network.
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2. Problem formulation, problem transformation and continuous-
time ZNN models

To lay a basis for further investigation, in this section, problem formula-
tion is presented firstly. Then, the problem transformation and corresponding
continuous-time ZNN models are also presented.

2.1. Problem formulation

First of all, let us consider the following F-ASME, which should be solved
at time interval [ty, tx41) C [to te] C [0, +00), as

A1 Xer1Brir + Crp1 X1 Dy — By = 0. € R™7, (1)

where future coefficient matrices Ay € R™™, By € R™", Ciiq € R™™,
Dy € R and Ep.; € R™" are defined to be generated from the
smoothly continuous-form of time-variant matrices A(t) € R™™ B(t) €
R™™ C(t) € R™™ D(t) € R™™ and E(t) € R™" by sampling at time in-
stant t = (k + 1)g (termed tj41), respectively; Xy 1 € R™*" is the unknown
matrix. In addition, g > 0 denotes the sampling gap, and £ = 0,1,2,---
denotes the updating index. As mentioned above, the ASME includes the
well-known Lyapunov matrix equation, Stein matrix equation and Sylvester
matrix equation [33, 34], which highlights again the mathematical signifi-
cance and breakthrough of this paper. In addition, inspired by [31, 32], we
mainly focus on solving future problem, which can be regarded as a special
kind of discrete-timie problem, and then the designed model should satisfy
the requirement of future computation during the solution process. Specifi-
cally, at timedinstant ¢;, the present and previous data (e.g., X, Ay, By and
corresponding derivatives) are gainable, but the unknown data (e.g., X1
and corresponding derivative) have not been obtained yet. In other words,
these data can not participate in the computation at time instant 5 [32].

2.2. ZNN design formulas

To obtain the solution to F-ASME (1), let us consider the following CT-
ASME, which is evolved from (1):

ADXE)B() + C(#)X(E)D(t) — E(t) = 0 € R™*", 2)

with ¢ € [0,%] C [0, 4+00); continuous-form of time-variant matrices A(t) €
Rm™*m - B(t) € R C(t) € R™*™, D(t) € R"*" and E(t) € R™*". To mon-
itor and control (2), the time-variant zeroing error function can be defined

5
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Z(t) = AOX () B(t) + C()X () D(t) — E(t). (3)

Then, according to [11, 26], the CZNN design formula is selected for zeroing
out Z(t) such that the time-variant zeroing error function converges to zero
exponentially [35]: .
Z(t) = —yo(Z (1)),

where Z(t) denotes the time-derivative of Z(t); the design parameter v >
0 is used to scale the convergence rate; ¢(-) : R™*" — R™*™ denotes an
activation function mapping array. For simplicity and clarity, applying the
linear activation function array [36] to the above CZNN design formula leads
to

Z(t) = —Z(t). (4)
Besides, the AZNN design formula has been recently presented for time-
variant problems solving [31, 32, 37]. For the convenience of presentation
and readability, the derivation process of AZNN design formula has been
presented in [32], and is omitted due to the space limitation. The AZNN
design formula is presented for zeroing Z(t) as follows:

Z(t) = —2uZ(t) — u? /Ot Z(o)do. (5)

2.3. Problem transformation and continuous-time ZNN models

In this subsection, inspired by Kronecker product and vectorization tech-
niques [38, 39], the CT-ASME (2) can be vectorized equivalently as

vec(Z(t)) = (B"(t) @ A(t) + D" (t) @ C(t)) vec(X (t)) — vec(E(t))

with Kronecker product ® and matrix vectorization operation vec(-). In
addition, the time derivative of Z(t) can be presented as

Z(t) =A®)X()B(t) + A)X (t)B(t) + At) X (t)B(t) + C(t)
X(t)D(t) + Ct)X(t)D(t) + C(t)X (t)D(t) — E(t),

which can be vectorized equivalently as

vee(Z(1)) = (BT (t) & A(t) + BT (1) @ A(1)) vee(X ())+
(D™t @ C(t) + D™ (1) © C1) ) vee(X(£)+
(B™(t) ® A(t) + D™(t) ® C(t)) vec(X (1)) — vec(E(t)).

6
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Define

M(t) = BY(t) @ A(t) + DT(t) ® C(t)
M(t) = BT(t) @ A(t) + BT (t) ® A(t) + DT(t) @ C(t) + DT (t) ® C(¢).

Thus, we have _

z(t) = M(t)x(t) + M (t)x(t) — é(t), (6)
where z(t), %(t) and é(t) denote the vectorization of Z(t), X (t) and E(t),
respectively. Note that the above equation (6) is the time derivative of the
following one:

z(t) = M(t)x(t) — e(t), (7)
which can be viewed as a standard continuous-time linear system [26]. It
can be concluded that, based on the Kronecker product and vectorization
techniques, the CT-ASME (2) can be transformed into a relatively simple
continuous-time linear system. In other words, we present a link between
the CT-ASME (2) and continuous-time linear system (7).

Combining the continuous-time linear system (7) with the AZNN design
formula (5) generates the following CT-AZNN model:

M(t)x(t) = — 2p (M (t)x(t) — e(t)) — p* /0 (M(o)x(0) —e(0))do
— M(t)x(t) + é(t).

Considering the effect of the perturbations in the solving process, the per-
turbed CT-AZNN model can be obtained as

M()%(t) = =21 (M(£)x(t) - e(t)) — 1 / (M(0)x(0) — e(0)) do
~ N()x(r) + é(t) + p(t),

of which p(%) signifies the measurement perturbations including the ambi-
ent perturbations and the hardware errors. For comparison, the CT-CZNN
model based on the CZNN design formula (4) is presented as

M()x(t) = —2u (M (t)x(t) — e(t)) — M(t)x(t) + &(t). (10)

Theorem 1. Consider perturbed CT-AZNN model (9) with time-variant per-
turbation p(t). The Laplace transformation result of time-variant perturba-
tion p(t) is defined as p(s). If lim,_,0s’p(s) exists, the perturbed CT-AZNN
model (9) converges toward theoretical solution to CT-ASME (2) with corre-
sponding residual error.

(8)

(9)
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Proof. Consider perturbed CT-AZNN model (9) with time-variant perturba-
tion p(¢). Using the Laplace transformation [40] to the jth subsystem of the
perturbed CT-AZNN model (9) generates

Z(S) _ S(Zj(o) +pj(s)>
! 82 4 2sp 4 p?

where 1 > 0. It can be concluded that the subsystem is stable [29, 30, 31].
For such a stable system, the final value theorem can be applied [30]. Hence,
we have

%(z;(0 ; 2. (0 2,
lim 2(t) = lim s2(s) = lim > (223( ) +2i(8) _ .57 )2 i 2 pg(S)Q'
t—00 s—0 5=0  s442su + lu2 50 (S = M) 50 (3 + :U/>

Thereinto, z;(0) is a constant, and thus lim, ,0s*2;(0)/(s + p)* = 0. More-
over, it can be seen that if lim,_,0s?p;(s) exists, lim,_,0s2;(s) exists, and then
lim; o ||z()||, exists. In this situation, the perturbed CT-AZNN model (9)
converges toward theoretical solution to CT-ASME (2) with corresponding
steady-state residual error. The proof is thus completed. O

Based on the Theorem 1, we have the following corollaries.

Corollary 1. Consider perturbed CT-AZNN model (9) with the constant
perturbation p(t) € R™ of which the jth element p;(t) = ¢; with ¢; being
constant with j = 1,2+ mn. The perturbed CT-AZNN model (9) con-
verges toward theoretical solution to CT-ASME (2).

Corollary 2. Consider perturbed CT-AZNN model (9) with the linear-form
time-variant perturbation p(t) = at + 8 € R™ of which the jth element
p;(t) = o t + B; with a; and f5; being constants with j = 1,2,--- ,mn. The
perturbed C'T-AZNN model (9) converges toward theoretical solution to CT-
ASME (2) with residual error.

Corollary 3. Consider perturbed CT-AZNN model (9) with the sine-form
time-variant perturbation p(t) = asin(5(t — w)) € R™ or the cosine-form
time-variant perturbation p(t) = acos(f(t — w)) € R™ of which the jth
element p;(t) = a;sin(B;(t—w;)) or p;(t) = o cos(B,(t—w;)) with o, B; and
w; being constants with j = 1,2,--- ,mn. The perturbed CT-AZNN model (9)
converges toward theoretical solution to CT-ASME (2) with residual error.
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Corollary 4. Consider perturbed CT-AZNN model (9) with the exponential-
decay-form time-variant perturbation p(t) = aexp(—pt) +w € R™ of which
the jth element p;(t) = a; exp(—pB;t) +w; with a;, ; and w; being constants
and ; > 0 with j = 1,2,--- ,mn. The perturbed CT-AZNN model (9)
converges toward theoretical solution to CT-ASME (2) with residual error.

In summary, the above theoretical results indicate the convergence per-
formances of the proposed perturbed CT-AZNN model (9) for solving CT-
ASME (2).

Remark 1. Correspondingly, in the presence of perturbations, the CT-AZNN
model (8) still possesses excellent performance. As shown in Theorem 1 and
Corollary 1 through Corollary 4, the CT-AZNN model (8) can restrain all
eligible perturbations with different steady-state residual errors. In fact, con-
sidering the Laplace transformation of the time-variant perturbation p(t),
Theorem 1 implies the upper bound of perturbation suppression ability of
CT-AZNN model (8). Generally speaking, if the time-variant growth rate
of unknown perturbation is no more than linear-form time-variant perturba-
tion p(t) = at + 5, the perturbed C'T-AZNN model (9) can converge toward
theoretical solution of CT-ASME (2) with residual error.

3. Discretization formula and DT-AZNN model

In this section, a novel DT-AZNN model is proposed, developed and
investigated for solving F-ASME (1).

3.1. 5-instant discretization formula
Recently published 5-instant discretization formula, which can be derived

by exploiting Taylor expansion [41], is defined as follows [32, 42]:
3 5 3 3 2
F] - W — — U — —Up o+ —up_a + O(g° 11
Uk 7guk+1 -+ 42guk 7guk 1 14guk 9 + 2lguk 3+ (g ), ( )

where the term O(g®) denotes the truncation error of the discretization for-
mula. In addition, to show the performance of the sampling gap ¢ involved
in the discretization formula, we have the following property.

Property 1. The optimal sampling gap g of above 5-instant discretization
formula (11) is
[ 18emax i
9= (49mmax) ’

9
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where enay denotes the maximal absolute value of round-off errors and Kpyax
denotes the maximal absolute value of u™®(cy), u(cz), u®(c3) and u™®(cy).

Proof. Considering the existence of round-off errors in the numerical compu-
tations, the round-off errors in the 5-instant discretization formula (11) can
be simplified as the following equations:

Up41 = V41 + E41;
U = Vg + Ek;

Ug—1 = Vg—1 + Ek—1;
Uk—2 = Vg—2 + €2}

Up—3 = Vg—3 + €3,

where w1, Ug, ug_1, up_o and u,_3 are approximated by numerical values
Ukt1, Uk, k-1, Vk—2 and vy_3, respectively, and ex11, €k, €x—1, €x—2 and ;3
are the corresponding round-off errors. According to the 5-instant discretiza-
tion formula (11), we obtain

3 5 3 3

2
Ukl + 7V — 75— Vg—o + =7 Vk_3 + € + €,
42¢g

Y= 74 g F 1T 14g 21g

in which the term e, denotes the round-off error and the term e; denotes the
truncation error. Furthermore, we have

n 5) B 3 B 3 42 2 < 9 -
Ek+1 429 Ek 79 Ek—1 149 Ek—2 219 k-3 X 7g max
and
1 1 3 7
€ = '—93 (1) - 219 ul®(ey) — 59?’“( Y(es) + 493 u(ea)| < ggglimax,

where ¢1, ¢o, c3 and ¢4 lie in (kg, (k+1)g), ((k—1)g,kg), ((k—2)g, kg) and
((k —3)g,kg), respectively. In view of £, denoting the maximal absolute
value of round-off errors of wugi1, ug, ur_1, uxr_o and ug_3 as well as Kpax
being a positive constant, it is known that 9e,,.x/(7¢) is the upper bound of
the round-off error e,, and 7¢3fmay/6 is the upper bound of the truncation
error e;. Thus, we have

3
€max + =9 Fmax-

79 6

’€r + et‘ <

10
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Note that floating-point numbers have limited precision in digital computer.
For example, the precision of floating-point number in MATLAB environ-
ment is of order 10716 (with its “eps” being 2.2 x 10716). Thus, the optimal
sampling gap g of the 5-instant discretization formula (11) can be obtained

as L
[ 18max \*
9=\ 19

Based on the above analyses, the proof is thus completed. O

To substantiate the efficacy of the optimal sampling gap, we exploit the
following function as the target function: f(x) = sin(x), and thus the first-
order derivative of the target function is f’(z) = cos(z). Then, for the above
target function, we have k. = 1 and epax = 2.2 x 10716, Here, we use
x = 1 as the target point in the following numerical experiment. At the
target point, the errors between the theoretical value and the approximate
value of the first-order derivative are presented in Table 1. As shown in Table
1, when the sampling gap g decreases, the value of the error decreases and
then increases. Specifically, when the sampling gap ¢ = 7.5 x 107° s, the
minimal value of the error in approximation to the first-order derivative of
the target function is coincident with the theoretical result.

Remark 2. In this paper, as a further research of the 5-instant discretization
formula (11), we derive the optimal sampling gap, which is an important
property of the 5-instant discretization formula (11). As shown in Table 1,
sampling gap g = 1. x 107* s can be seen as a demarcation line. Specifically,
on the one hand, when the value of sampling gap g is greater than 1 x 1074
s, the value of the error decreases by 1000 times when the sampling gap g
decreases by 10 times, which is because when the value of g decreases, the
truncation._error e, is dominant relative to round-off error e, at this stage.
On the other hand, when the value of sampling gap g is smaller than 1 x 10~*
s, the value of the error increases slightly, which is due to the nonnegligible
influence of round-off error e, relative to the truncation error ey at this stage.

3.2. Novel DT-AZNN model

Based on the above 5-instant discretization formula (11), a novel DT-
AZNN model is investigated for F-ASME (1) solving. First of all, considering
the proposed CT-AZNN model (8), we have the following theorem.

11



Journal Pre-proof

Table 1: Errors in approximation to f(z) = sin(x) using 5-instant discretization formula
(11) with different values of sampling gap g (s).

Sampling gap g Error ‘ Sampling gap g Error ‘ Sampling gap g Error
7.5 % 107! 3.0641 x 1072 7.5 %1074 6.3336 x 10~ 7.5 %1077 5.0746 x 10~
5.0 x 107! 1.2788 x 102 5.0 x 1074 1.8686 x 10~ 5.0 x 1077 1.0895 x 10710
2.5 x 107! 2.0183 x 1073 2.5 x 107* 2.3150 x 10712 2.5 x 1077 2.5447 x 10710
1.0 x 107! 1.4269 x 107+ 1.0 x 107* 7.2387 x 10714 1.0 x 1077 5.4551 x 10710
7.5 x 1072 6.1043 x 107° 7.5 x107° 7.2342 x 10713 7.5 x 1078 7.9849 x 1071
5.0 x 1072 1.8329 x 107 5.0 x 107° 1.0956 x 10712 5.0 x 1078 7.7834 x 10710
2.5 x 1072 2.3201 x 1076 2.5 x 107° 1.0956 x 1012 2.5 x 1078 5.4551 x 10710
1.0 x 1072 1.4965 x 1077 1.0 x 1075 1.6329 x 10712 1.0 x 1078 6.1334 x 107?
7.5 %1073 6.3171 x 1078 7.5 %1076 1.6329 x 10712 7.5 x 107° 2.4082 x 1072
5.0 x 1073 1.8739 x 1078 5.0 x 1076 8.9089 x 10712 5.0 x 107° 1.4356 x 1078
2.5 x 1073 2.3451 x 107° 2.5 %x 1076 3.8241 x 10712 2.5 % 107? 3.1798 x 107°
1.0 x 1073 1.5011 x 10710 1.0 x 1076 5.0746 x 107" 1.0x 107 8.8861 x 1078

Theorem 2. The DT-AZNN model is formulated as follows:

7 . .
Xg4+1 = — ng_l <2h (Mka & ek) -+ (h2/g)yk + ngXk — gek)
(12)
—5X +x —|—1x —2x +0O(g")
18 k k—1 5 k—2 9 k-3 g ),

where My = BY @ A+ DE@ Cy; My, = BY @A+ Bf @ Ay + DI @Cp+ DI @
Cy; variables X and e, denote the vectorization of Xy and Ej, respectively;
h = pg denotes the step length; term O(g*) denotes the truncation error
matriz with each _element being O(g*).

Proof. According to the definitions of z(t), z(t) and fotz(a)da, the AZNN
design formula (5) can be discretized as

zy, = —2pzy, — [V,
which can be rewritten as
Myxy, 4+ Myky, — €, = —2u( Myxy — ex) — 2y,

where

7 )

+ i . +0O(g"
= —QqQ%Zi_1 — — _ _ — _q — — _ .
Y& 39 k—1 18}’1: 1T Yk—2 2Yk 3 9}’k 4 g

12
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Considering that the discrete-form of time-variant matrix M}, is nonsingular
for all duration time [0, t¢] C [0, +00), the following equation is obtained:

X = Mk_l (—Qu(Mka — ek) — /L2yk — kak + ék> .

Applying the 5-instant discretization formula (11) to above equation yields,
we have

ix -I-ix—ix —ix +ix +0(g%)
7g k+1 129 k 7g k—1 1dg k—2 g k—3 g

=M <—2M(M1~cxk —ep) — plyr — Mypxy + ék) .

Thus, we further have the following DT-AZNN model:

7T . )
Xpy1 = — ng ! <2h (Mixy, — ex) + (h*[g)yr + gMyxy, — gek)
5 1 2
— 1_8Xk + Xg-1 + 5 Xk—2 §Xk—3 + O(g").
The proof is thus completed. [

For the convenience of further discussions and theoretical analyses, based
on the recent research [32], the following properties about DT-AZNN model
(12) are provided, which theoretically demonstrate its 0-stability, consistency
and convergence performance for solving F-ASME (1) in the absence of per-
turbations.

Property 2. The DT-AZNN model (12) is 0-stable, consistent and conver-
gent with the truncating error of the order O(g*).

Proof. According to the Result 1 in [32], the solutions of characteristic poly-
nomial include two real roots and a couple of conjugate imaginary roots (i.e.,
¢ =1,¢=0.2976, ¢ = —0.7877+0.3552i and ¢, = —0.7877—0.3552i, where
i denotes imaginary unit). Evidently, these roots are in the unit circle, and
only one root (i.e., ¢; = 1) is on the unit circle, then the proposed DT-AZNN
model (12) is O-stable. Furthermore, based on the Theorem 2, the truncation
error of DT-AZNN model (12) is O(g*). Therefore, according to Result 2
in [32], the proposed DT-AZNN model (12) is said to be consistent of order
4. According to Results 3 and 4 in [32], the proposed DT-AZNN model (12)
is O-stable and consistent, which converges with the truncating error of the
order O(g*). The proof is thus completed. O
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Property 3. The mazimal steady-state residual error || My 1X,+1 — €g1l,
of the proposed DT-AZNN model (12) is of the order O(g*) with symbol |-,
denoting the Fuclidean norm of a vector.

Proof. Let xj, denote the vectorization of X ;, which is the theoretical
solution of F-ASME (1). In this sense, it can be obtained that M 1x},, —
er+1 = 0. Moreover, according to the Theorem 2, x441 = x5, + O(g*) for
k — +o00. Therefore, we have

li M, —
kjlfwsup|| k+1Xk+1 ek+1||2

= lim sup |[My11x;,, — ep + Mis1O(g") |,

k—+o0

J— 1 4

= lim sup [|My.410(¢")]],
< T 4
_kglfoo sup || My11lzO(g")
=0(g"),

where ||-|| denotes the Frobenius norm of a matrix. Thus, the maximal
steady-state residual error of the proposed DT-AZNN model (12) is of the
order O(g*). The proof is thus completed. ]

The above Property 2 and Property 3 show that the proposed DT-AZNN
model (12) converges toward the theoretical solution of F-ASME (1). Fur-
thermore, considering the effect of kinds of perturbations, the perturbed
DT-AZNN model can be obtained as

Xpp1 = — ng_l (2h (Myxy, — ex) + (h*/9)yr + gMyxy, — géx — gpk)
5 1 2 (13)
4
— 1_8Xk + Xg—1 + 5 Xk-2 §Xk—3 + O(g"),
where p; denotes the discrete-form of the time-variant perturbation vector.
Moreover, the following theoretical analyses further reveal the superior per-
formance of the proposed DT-AZNN model (12).

Corollary 5. Consider perturbed DT-AZNN model (13) with the constant
perturbation pr = ¢ € R™ of which the jth element p? = c¢; with c; be-
ing constant with j = 1,2,--- ;mn. The perturbed DT-AZNN model (13)
converges toward theoretical solution of F-ASME (1) with residual error.

14
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Corollary 6. Consider perturbed DT-AZNN model (13) with the linear-form
time-variant perturbation py, = oty + 8 € R™ of which the jth element
p;? = ajty + B; with o and B; being constants with j = 1,2,--- ,mn. The
perturbed DT-AZNN model (13) converges toward theoretical solution of F-
ASME (1) with residual error.

Corollary 7. Consider perturbed DT-AZNN model (13) with the sine-form
time-variant perturbation pr, = asin(B(ty — w)) € R™ or cosine-form time-
variant perturbation pr, = acos(f(ty, — w)) € R™ of which the jth element
Py = a;sin(f(te — wj)) or pf = ajcos(B;(ty — w;)) with aj, B; and w;
being constants with j = 1,2,--- ,mn. The perturbed DT-AZNN model (13)
converges toward theoretical solution of F-ASME (1) with residual error.

Corollary 8. Consider perturbed DT-AZNN model (13) with the exponential-
decay-form time-variant perturbation py = aexp(—pt;) +w € R™ of which
the jth element p? = o exp(—pit) + w; with o, B; and w; being constants
and B; > 0 with j = 1,2,--- ,mn.. The perturbed DT-AZNN model (13)
converges toward theoretical solution of F-ASME (1) with residual error.

Remark 3. Considering DT-AZNN model (12), in the absence of perturba-
tions, the computational precision is mainly affected by the discretization for-
mula; in the presence of perturbations, the computational precision is mainly
affected by the ability of perturbation suppression of the model [32]. Gen-
erally speaking, for the model with poor stability, slight perturbations may
generate relatively serious distortion of steady-state residual error, which
means the generated solutions synthesized by the model can not converge
to the theoretical ones with a satisfying computational precision. As the
analyses presented in Theorem 1, the proposed CT-AZNN model (8) can
suppress the continuous-form of time-variant perturbations effectively, and
then the corresponding DT-AZNN model (12) can also suppress the discrete-
form of time-variant perturbations with appropriate sampling gap g. Specif-
ically, as shown in Corollary 6, given the perturbed DT-AZNN model (13)
with linear-form time-variant perturbation pr = aty + f € R™, we have
limy o0 sup [le(ter)ll, = llall,/w? + O(g") = llall,g®/h* + O(g") = O(g?)
[32], which shows that the computational precision is mainly affected by the
ability of perturbation suppression of model rather than the discretization for-
mula.
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Figure 1: Residual errors synthesized by proposed DT-AZNN model (12) for solving F-
ASME (14) in absence of perturbations. (a) Residual errors synthesized by DT-AZNN
model (12) with g = 0.001 s and randomly-generated initial states. (b) Residual errors
synthesized by DT-AZNN model (12) with different values of g.

4. Numerical experiments and comparisons

In this section, the comparative numerical experiments are presented for
substantiating the effectiveness and robustness of the proposed DT-AZNN
model (12). First of all, without loss of generality, consider the following
F-ASME with X, ,; to be computed at each computational time interval
kg, (k+1)g) € [0,30]:

Ap1 X1 Brir + Cr1 Xy 1 Dyt = By, (14)
where
an(te) aw(te) -+ aim(ty)
A= | Bl el el g,
A1 (te) @i (te) - (L)
bu(te) bia(tr) -+ bin(t)
I e
bt (te) bni(tr) -+ bun(tr)
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cnlte)  ci2(tr) -+ cim(te)
Go= | AW ent) e g,
Cmi(te) cmi(te) -+ Coml(ty) |
du(ty) dis(te) -+ din(ty) ]
di1(ty) dio(ty) -+ din(t
b | ) ) ) |
einte) ew(tr) - em(ty) ]
e (t ea(t s eplt
g | nli) et el
€m1 (tk) €m1 (tk) e emn(tk> i
Thereinto,
5+ cos((5/2)ty), fori=j
ag =4 (2/3)sin((3/2)tx)/ (i — j), fori>j
(2/3)sin((3/2)tx)/(j — 1), fori < j,
sin(2ty), fori=j
by =4 —cos(2ty), fori>j
cos(2ty), fori < j,
2+Slntk fori=j
cos(t;c (t—7), fori>j
cos(ty)/(j — 1), fori < j,
(1/2) 1n(tk fori=j
—(1/2) cos ) fori>j
(1/2) cos(t for i < j,
and
sin(0.15¢), for rem(i) = 1, j being odd
cos(0. 15t) for rem(i) = 1, j being even
e;; =4 cos(0.2t) + 1, for rem(i) = 2, j being odd
sin(0.2t) + 1, for rem(i) = 2, j being even
cos(0.2t) sin(0.25¢t), for rem(i) = 3,

with rem(-) denoting the remainder operation.
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Figure 2: Residual errors synthesized by perturbed DT-AZNN model (13) and perturbed
DT-CZNN model (15) for solving F-ASME (14) with v = 5 and g = 0.01 s in presence of
constant perturbations. (a) Constant perturbation gp? = 20. (b) Constant perturbation

gp;? = 100. (c¢) Constant perturbation gp;? = 200. (d) Constant perturbation gpf = 1000.

For convenience, in this paper, we set the parameters of matrix dimensions
m = 6 and n = 4. First of all, the fundamental numerical experimental
results synthesized by DT-AZNN model (12) for solving F-ASME (14) are
shown in Figure 1. On the one hand, without loss of generality, starting
from 20 randomly-generated initial states of xo € [0,1]***! and yq = 0 €
R2**1 we use the conventional Euler method to compute the other initial
states. As seen from Figure 1(a), the state trajectories of residual errors
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Figure 3: Residual errors synthesized by perturbed DT-AZNN model (13) and perturbed
DT-CZNN model (15) for solving F-ASME (14) with v = 5 and g = 0.01 s in presence of
linear-fori time-variant perturbations. (a) Linear-form time-variant perturbation gp;? =
0.5¢%. (b) Lincar-form time-variant perturbation gp% = 1.5t + 10. (c) Linear-form time-
variant perturbation gp;-C = 5t + 20. (d) Linear-form time-variant perturbation gp? =

2v/5t), + V/10.

| Mis1Xk41 — €41, always converge to near zero accurately and rapidly,
which means that the obtained solutions always converge to the theoretical
solution. On the other hand, for comparison convenience, starting from initial
states of xg = 0 € R***! and y, = 0 € R**! we also use the conventional
Euler method to compute the other initial states, and set the parameter
of integral part of the DT-AZNN model (12) as 1 (i.e., h?/g = 1). As
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Figure 4: Residual errors synthesized by perturbed DT-AZNN model (13) and perturbed
DT-CZNN model (15) for solving F-ASME (14) with v = 5 and g = 0.01 s in presence
of sine-form time-variant perturbation and cosine-form time-variant perturbations. (a)
Sine-form time-variant perturbation gp¥ = 10sin(0.5(t, — 10)). (b) Cosine-form time-
variant perturbation gph = 3cos(0.2(fx — 2)). (c) Sine-form time-variant perturbation

gp} = bsin(tx+20). (d) Cosine-form time-variant perturbation gp§ = v/10 cos(2/3(t+4)).

illustrated in Figure 1(b), we can see that the maximal steady-state residual
error of the proposed DT-AZNN model (12) changes in the manner of O(g*)
approximatively, which coincides with the aforementioned theoretical results.

Secondly, to further illustrate the perturbations suppression performance
of the proposed DT-AZNN model (12), the perturbed discrete-time classical
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Figure 5: Residual errors synthesized by perturbed DT-AZNN model (13) and perturbed
DT-CZNN model (15) for solving F-ASME (14) with v = 5 and g = 0.01 s in presence
of exponential-decay-form time-variant perturbations. (a) Exponential-decay-form time-
variant perturbation gpé? = exp(—0.5tx) + 0.5. (b) Exponential-decay-form time-variant
perturbation gpf = 10exp(—2tx) + 2. (c) Exponential-decay-form time-variant pertur-
bation gp;? = 2exp(—6t;) + 5. (d) Exponential-decay-form time-variant perturbation

gply = 100 exp(—5t;) + v/10.

zeroing neural network (DT-CZNN) model introduced in [32, 42] is presented
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here for comparison, which is designed as

7 . )
Xp+1 =~ 3 o (2h (kak_ek)+ngXk_gek_gpk>
(15)
 xet 4 2 +0(g")
— —X X._ —Xp_9 — —Xp_ .
18 k k—1 5 k—2 9 k—3 g

Here, starting from initial states of xo = 0 € R***! and y, = 0 € R***! we
also use the conventional Euler method to compute the other initial states,
and fix the parameter v and sampling gap g (i.e., v =5 and g = 0.01 s). The
residual errors of the perturbed DT-AZNN model (13) (denoted by mazarine
solid curve) and the perturbed DT-CZNN model (15) (denoted by red dash-
dotted curve) are illustrated in Figure 2 through Figure 5. These numerical
experiments indicate that the proposed DT-AZNN model (12) is effective
(in terms of a relatively tiny residual error) on F-ASME (14) solving with
time-variant perturbations suppressed. Specifically, the following analyses
are obtained as shown in Figure 2 through Figure 5.

1) As shown in Figure 2, consider the constant perturbations gp? = 20,
gpf = 100, gp? = 200 and gp;? = 1000 with 7 = 1,2,---,24, the per-
turbed DT-AZNN model (13) converges toward the theoretical solution
of F-ASME (14) with a tiny residual error. Whereas, the residual er-
rors synthesized by the perturbed DT-CZNN model (15) remain at rel-
ative large level, which are approximately 107 times through 10° times
(with different constant perturbations) larger than those synthesized by
the perturbed DT-AZNN model (13). These results illustrate that the
perturbed DT-CZNN model (15) can not converge to the theoretical
solution of F-ASME (14) in the presence of constant perturbations.

2) As shown in Figure 3, consider the linear-form time-variant pertur-
bations gpf = 0.5%, gp? = 1.5¢; + 10, gp;? = bt + 20 and gp;? =
2v/5t, + /10 with j = 1,2,---,24, the perturbed DT-AZNN model
(13) converges toward the theoretical solution of F-ASME (14) with a
stabilize residual error, while the residual error of the perturbed DT-
CZNN model (15) keeps increasing with the time. This means that
the proposed DT-AZNN model (12) can suppress the linear-form time-
variant perturbation efficiently.

3) As shown in Figure 4, consider the sine-form time-variant perturba-
tions gpj = 10sin(0.5(tx — 10)) and gp¥ = 5sin(tx + 20) as well as
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the cosine-form time-variant perturbations gp¥ = 3 cos(0.2(t; —2)) and
gpf = /10cos(2/3(t, + 4)) with j = 1,2,---,24, the perturbed DT-
AZNN model (13) and the perturbed DT-CZNN model (15) all con-
verge toward the theoretical solution of F-ASME (14) with periodic
fluctuations. However, it is evident that the maximum steady-state
residual errors of perturbed DT-CZNN model (15) are larger than those
of the perturbed DT-AZNN model (13), which means that the com-
putational performance of the latter model is better than the former
model.

4) Asshown in Figure 5, consider the exponential-decay-form time-variant
perturbations gp} = exp(—0.5t) 4 0.5, gp¥ =10exp(—2t) + 2, gp§ =
2 exp(—6t;) + 5 and gpé? = 100 exp(—5t;) + V10 with j = 1,2, , 24,
the perturbed DT-AZNN model (13) converges toward the theoretical
solution of F-ASME (14) with a tiny residual error, and the perturbed
DT-CZNN model (15) can not converge toward the theoretical solution
of F-ASME (14). In fact, the determinate exponential-decay-form time-
variant perturbations tend to a constant value with time, and thus the

discussions on the performance of the models (13) and (15) can refer
to 1).

In summary, above comparative numerical experimental results in accord
with the theoretical analyses offered in Section 3 further substantiate the
effectiveness and robustness of the proposed DT-AZNN model (12) for solving
F-ASME (14) in comparison with the classical model.

5. Conclusion

In this paper, a novel DT-AZNN model (12) has been proposed, devel-
oped and investigated for solving F-ASME (1). Specifically, first of all, based
on the Kronecker product and the vectorization operation, the CT-ASME
(2) has been transformed into a simple continuous-time linear system. By
exploiting the AZNN design formula (5), a CT-AZNN model (8) has been
developed and presented for solving time-variant linear system. Secondly,
the theoretical analysis about the optimal sampling gap of the 5-instant dis-
cretization formula has been provided. Then, by exploiting the 5-instant dis-
cretization formula to discretize the CT-AZNN model (8), a novel DT-AZNN
model (12) has been designed and generalized for solving F-ASME (1). Note
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that the proposed models (8) and (12) keep efficient and robustness in the
presence of perturbations. Furthermore, the comparative numerical experi-
ments have been conducted to substantiate the superior convergence perfor-
mance and robustness of the proposed DT-AZNN model (12). In the future
researches, we will mainly focus on investigating a series of derived prob-
lems, e.g., future unknown-transpose matrix. Moreover, more comparisons
between the recently published ZNN models and the other related methods
are also significant.
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