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1 | INTRODUCTION

As a kind of common and basic optimisation problem [1], the
quadratic programming (QP) problem is extensively available in
vatious scientific and technological fields [2,3], such as pattern
recognition [4], signal processing [5,6] and robotics [7-10]. In

A special recurrent neural network (RNN), that is the zeroing neural network (ZNN), is
adopted to find solutions to time-varying quadratic programming (TVQP) problems with
equality and inequality constraints. However, there are some weaknesses in activation
functions of traditional ZNN models, including convex restriction and redundant
formulation. With the aid of different activation functions, modified ZNN models are
obtained to overcome the drawbacks for solving TVQP problems. Theoretical and
experimental research indicate that the proposed models are better and more effective at
solving such TVQP problems.

order to deal with such problems, numerous target approaches
are put forward, most of which require numerical calculations.
However, the complexity and costs of numerically solving QP
problems are rather high, which is proportional to the cube of
the dimension of its associated Hessian matrix [11-13]. There-
fore, when dealing with relatively complex problems, most
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arithmetical methods are time-consuming and even fail to get the
results. For these reasons, more efficient and accurate methods
are needed.

As advancements in artificial intelligence are racing ahead
[14,15], recurrent neural network (RNN), as a significant
branch, is also evolving rapidly and increasing in popularity
[16-19]. Owing to its highly suitable nature of easy hardware
implementation, parallel computing and adaptive self-learning,
this intelligent method can be used to deal with scientific and
engineering problems with strong real-time requirements and
large calculation scale [20,21]. Typically, RNN models used
for the solution of these QP problems are based on gradient
methods [22,23], instead of one with a time-variant coeffi-
cient. However, these traditional static approaches lack time-
derivative information and therefore they can only solve QP
problems with time-invariant coefficients. Both theories and
practice show that, if parameters in the given system change
over time, there will be time-lag errors. For this reason,
Zhang et al. presented and discussed a new kind of RNN
method to time-varying quadratic programming
(TVQP) problems utilising the matrix-valued error function,
which is called the zeroing neural network (ZNN) [24]. The
ZNN approach differs from the traditional gradient neural
network (GNN) whose energy function is scalar valued [25].

solve

On account of the involvement of time-derivative informa-
tion of the parameters, the large time-lag errors could be
drastically reduced and the solution to the TVQP problem is
well tracked [26]. It has been shown to be powerful when
dealing with some time-variant problems including the online
matrix inversion.

As research continues, scientists have made some vital
new discoveries in the study of ZNN. For example, they
have found that the activation function is a highly essential
factor influencing the convergence performance of the ZNN
model. Also, many variants of ZNN appear with different
activation functions. In [27], an improved ZNN model aided
with the sign-bi-power (SBP) function was presented and
investigated, attracting a great deal of attention due to its
finite-time convergent performance. For clarity and brevity,
this finite-time convergent model is referred to here as the
sign-bi-power ZNN model (SBPZNN) according to its
activation function. Although many achievements have been
made in the existing ZNN models in solving TVQP prob-
lems [28], there remains much scope for improvement due to
some common limitations to be resolved. Two shortcomings
in the existing ZNN models are specifically described and
adequate solutions to overcome them are also provided
herein. On one hand, the projection of the activation func-
tion of ZNN models must be convex, differentiable and
monotonic, which is somewhat unnecessary and may even
block the development progress of ZNN. On the other
hand, the redundant expression of the SBP activation func-
tion leads to a slow converging rate [29], which similarly
affects the performance of the SBPZNN model. To solve
the first limitation, a ZNN model allowing non-convex
projection on activation functions (i.e. NPZNN model) so as
to remove the convex restriction is proposed. To solve the

second limitation, a ZNN model aided with a simpler SBP
function (.e. SSZNN model), a combined function-activated
ZNN model (i.e. CZNN model) and a ZNN model activated
with saturation function (i.e. SZNN model) are adopted
separately, thereby accelerating the convergence speed. In
short, the newly proposed models have disparate pro-
pensities, all of which are of great significance to ZNN for
solving TVQP problems. Finally, the concluding section
provides a summary on the authors’ work and gives some
suggestions for future research on ZNN models and their
real-world applications.

In Section 2, the authors introduce the definition and
transformation process of the TVQP problem, as well as the
corresponding ZNN model and its design process. In Sec-
tion 3, several modified ZNN models are proposed aimed at
remedying the weaknesses of the traditional ZNN models
stated eatlier, and then their convergence is proven through the
related theoretical analysis. In Section 4, several numerical
simulations are conducted and the results are analyzed for
further validating the effectiveness of the proposed ZNN
models for solving TVQP problems.

2 | PROBLEM FORMULATION AND
ZNN SOLVERS

A TVQP problem constrained by equalities and inequalities
and its transformation process are elaborated on in detail early
in this section. The SBPZNN model and its design process are
also provided to establish the foundation for further research
and improvement. In addition, limitations to existing ZNN
models are presented.

2.1 | Problem formulation

The intended target is to construct some appropriate ZNN
models for better solving TVQP problems, especially those
with equality and inequality constraints. The standard form is
described as follows:

min %XT(;:) V)x() + v'(0)x(2),
st Ai()x(2) = by (1), (1)

A (t)x(2) < by(2).

In (1), V() € R"” is a positive-definite and time-dependent
Hessian matrix; vectors v(z) € R”?, by(¢) € R", by(¢) € R?
are given vectors, full rank matrix A;(z) € R™” and matrix
Ax(r) € RP*™ are with time-variant entries; vector X(¢) € R” is
solved at any time ¢ so that the objective function reaches its
minimum; symbol * shows the transpose of the vector.

To solve TVQP problem (1), a Lagrangian function is first
constructed, as shown in the following, so as to transform the
TVQP problem into the problem of finding the extreme value
of the Lagrangian function:
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XV + v ()X ()

+e" (1) (A4 (1)x(2) = b1 (1))

+61 (1) (A2(2)x(t) = ba(1)),
where vector () € R” represents the Lagrangian multiplier
constrained by equality and vector ¢(¢) € R represents the

one constrained by inequality. Then the following lemma is
obtained to get the solution to the above problem:

L(x(2),e(1),6(2))=

Lemma 1 (/5,30]). If unique vectors x*(t), @ *(t) and ¢*
(t) simultaneously meet KKT conditions shown in
the following, x"(t) € R" will be the minimum of
TVQP (1):

Through Lemma 1 we know that the TVQP problem
(1) can be solved by converting it into a time-varying non-
linear equation. To achieve this transformation, the
following theories are utilised. Firstly, the definition of the
(NCP) is

non-linear complementary problem given as

follows.

Definition 1 ([30]). A function ¢(a;,a,),R” x R"—
R” can be termed NCP if the following condition is
satisfied:

P(a,a) =052 >0,2,>0,a2°a,=0,

where © is the symbol of Hadamard product. A commonly
used NCP function is the Fischer-Burmeister (FB) function,
which is identified as

Orplar,a2) = a1 +ar — \/a* + a3.

In this case, finding the solution to the NCP problem can
be turned into solving the equations:

Ppp(a11,a21)
d(ay, a) = : =0,
PrB (ﬂlpv ﬂzp)

Since the function @(-) is non-differentiable at the point
(0, 0) in the case of scalars, smooth parameters are introduced
to obtain the following smooth continuous and differentiable
PFB function:

Piplai,a2) =ar +ar — \/m,s - 0.

& is a tiny value close to zero. For PFB function, we have

Yiplar,a2) =0 a1 20,a; > 0,414, = 5/27

This PFB function is smooth for 2 and a,. Moreover, we
: t J—
can see that &.]i%lprB (a1,a2) = @pg(ar, az).

Lemma 2 ([31]). For the TVQP problem (1), a vector
vy (t) = [x*7(2),0* T (t),¢"T (¢)]" meets the equations

if and only if x*(t) is the KKT point.

According to theorems in [32], conversion from the above
equations to an equivalent time-varying equation is necessary,
which means that the optimal solution to (1) will be worked
out only if the result of the following non-linear matrix
equation is satisfied:

f(y(1),t) =]@)y (1) + c(t) =0, (2)
where
V(@) Al 453()
JO)=| Aty 0 Ly () = [x(8),0(), ()",

0
—Az(t) 0 I
—Z

c(t) = [v(1),=bi (1), b2(t) = 2(1)]",

with I denoting an identity matrix, df) = by(t) — A(O)x(),
and z(t) = /d(t) o d(t) +6(t) °g(t) + . In later sections,
this non-linear equation, as a deformation of the TVQP
problem, will be a major object of solving.

2.2 | ZNN solvers
In general, when solving time-varying problems with the ZNN
method, an error function associated with the problem to be
solved is firstly defined. By substituting it into the ZNN design
formula, a ZNN model with a given activation function is thus
designed. The error function is regulated to zero and then the
solution is obtained.

To track the solving process, firstly define the following
error function which is vector-valued indefinite:
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e(t) = £f(y(1),1), (3)

where each element can be positive, zero or negative. The
design formula of ZNN is then adopted as follows:

where the design parameter y >0 € R is a crucial factor in
determining the converging speed of the neural network.
Morteover, given certain hardware conditions, the value of y
should be appropriately selected according to the simulation
and experimental requirement or as large as possible; y(-)
represents an array of activation function which is also
essential in constructing ZNN and is typically mono-
tonically increasing odd. Through a combination of the
error in (3) and the design formula (4), the ZNN model
designed for finding solutions to Equation (2) is naturally
derived, and is depicted by the implicit dynamic equation in
the following:

J@y(6) +]@)y @) + () = -y (1) + c(1), (5)

where

with

5(t)=" bo(t) — Dy(£)(Ba(t) — Ao () x(t) — Ax()x(2))
=D;(t)$(t),

and D;(t) = A(d(t) @z(1)) and D,(t) = A(G(E) @Zz(t)), where A
() and @ separately denote diagonal matrices as well as the
Hadamard division [32]. For convenience of calculation and
implementation, the ZNN model (5) is thus equivalently
converted into the formulation displayed as

Gy (1) =-H0y(t) - u(t) w0y (1) + ¢(), (6)

where
V(2) Al(r)  A(r)
G(t) = Aq(2) 0 0 )
(Di(t) =DAs2(t) 0 I—-Ds(2)
V() A A
H(t) = At 0 0o |,
(Dy(t) = DAs(t) 0 0
and

To realize finite-time convergence, the SBP function is
commonly employed in the construction of ZNN models, and
the formulation is shown as

wle) =516 (&) + 5177 (), )

whete e; is the i-th element of etror e(t) and 7 tepresents a
design parameter in range (0, 1). The definition of Lf(-) is
given as follows:

—|el®, if <0,
Lf*(e;) = 0, if =0, (8)
le:]", if >0,
where || is a symbol presenting the absolute value of an

element. The introduction to the SBPZNN model (6) is thus
completed.

When solving TVQP problems, two common limitations
appear in the existing ZNN models. The first limitation is that
non-convex projection sets cannot exist in the activation
function, and the second limitation is about SBPZNN, whose
convergence rate is not satisfactory due to its redundant
formulation. ZNN models with non-convex set and fast finite-
time convergence speed remain to be explored.

3 | MODIFIED ZNN SOLVERS

In consideration of the limitations of the traditional ZNN
models described in the previous section, four modified ZNN
models based on different kinds of activation functions are
developed and analysed in this section.

3.1 | Non-convex projection activated ZNN

Firstly, a projection is defined, that is, Po(§) = argmin, .,
[l — &||> with 0 €Q where Q is a set of n-dimensional vec-
tors. Thus the design formula (4) is rewritten as:

e(1) = —Po(e(?))- ©)

Through a combination of Equations (6) and (9),a new NPZNN
model with non-convex projection is conveniently derived as

G(0)y(t) = -H(t)y (1) — u(t) = Pa(J(t)y () + c(¢)).  (10)

Note that the NPZNN model (10) is extended by its design
formula. Therefore, it later can be directly applied to prove the
theorem presented in the following part.

Theorem 1 NPZNN model (10) globally converges to
the time-varying theoretical solution y*(t) of Equa-
tion (2) whose first n members are the optimal solution

to the TVQP problem (1).
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Proof- Firstly, define a Lyapunov function candidate as

1
ple) = 5" (0)e(t).

Cleatly we know that if e@®)#0, p(t) > 0 is obtained and
that p(¢) = 0 only when situation €(t) = 0 is satisfied, indicating
the positive definiteness of p(f). Then, taking the time deriv-
ative of given function p(t) leads to

p(2) = —e'()Pa(e(r)).

Based on the definition of Pg(e(t)), that is mapping from
the set of e(?) to set Q, the following inequation can be
obviously derived:

IPa(e(r) — e@)l; < ll@ - e(D)ll3, Vo € Q.

Then, by letting @ = 0, the following equation is obtained:

I1Pa(e(t) — el < lle(?)l5

Reformulating the above inequation and performing an
equivalent transformation, it is simple to obtain:

2P (e(0)) e(t) 2 P (e(t))Pa(e(r)) > 0.

Then, the following result is easily obtained
) 1
p(t) < =P (e(t)Pale(r) <O.

Based on the Lyapunov stability theorem, it can be deduced
that (3) converges to zero globally, from which the conclusion
that NPZNN model (10) converges globally to the theoretical
solution to Equation (2) can be further drawn. The proof of
global convergence of model (10) is thus complete.

Theorem 1 demonstrates that activation functions in the
existing ZNN models, such as linear function and SBP func-
tion, are subcases of Pg(-). In addition to these common
activation functions, the following special sets are also able to
serve as activation functions for NPZNN models to deal with
the exceptional conditions.

® Bound situation. Q = {{ € R n~ < ¢ <n'}, where
7~ < 0and " > 0. In this case,

n;ﬁaé’i > ”;ra
Po($) =1 Comy <& <),
’71‘_7Ci < ’71_

® Ball situation. Q = {{ € R ||{|l, < Ry}, where R >
0. In this case,
g) ”C”Z < ROa

P, —
2O L bR

e’

® Non-convex situation. Q= {{ € R"™"? —m; <¢; <my
ot {; = +my}, where my < m,.

3.2 | ZNN model with simplified SBP
activation function

Considering that the formulation of SBP function is too
redundant for SBPZNN model (6) to converge at a fast rate, a
simplified SBP function is thus adopted:

Si(e;) = Lf' (). (11)

Therefore, based on this new activation function, a modified
ZNN model which is termed the SSZNN model is provided:

G(0)y(t) = =H(t)y (1) — u(t) = rSU )y (1) + <(z)). (12)

Then, the following theorems on SSZNN model (12) are
presented for the study of the convergence.

Theorem 2 SSZNN model (12) globally converges o
the theoretical solution y*(t) of Equation (2) whose
first n members are the optimal solution to the TVQP
problem (1).

Proof. As a subcase of NPZNN model (10), SSZNN model
(12) also applies to Theorem 1. Thus extra proof can be omitted
here.

Theorem 3 SSZNN model (12) converges to the theo-
retical solution y*(t) of Equation (2) in finite time t,
and the first n members of y*(t) are the optimal so-
lution to TVQP problem (1) with t. = |e(0)|' /(v
(1 — 1), where e,,,{0) is the one possessing the
maximum absolute value among all elements of the
initial vector e(0) = J(0)y(0) + <(0).

Proof.  Rewriting SSZNN model (12) generates
e(t) = —yS(e(r)), and then it can be decoupled to get
m + n + p decoupled differential equations whose i-th element
is shown as follows

é(t) = —ySi(ei(t)),

with 2 = 1,2, ..., m + n + p . Three distinct situations are
given according to the sign of €,,,(0).

® For €,,.(0) > 0, note that for any given i, €,,,,(0) > €;(0).
Thus it is easy to get €;(f) <ema(t) and — en.(t) < e;(2), Vi.
Then it can be concluded that — €., (¢) < €;(t) < (@) for
Vi, from which it is ensured that as €,,,(£) approaches 0, e;(t)
also comes to 0 for Vi. Thus, it is concluded that the
maximum convergence time depends on the value of €, (7).
In other words, t, < tm. Where ¢, is the time it takes for
emax(t) to converge to zero. According to Equations (8) and
(11), the following equation is derived to get tpay

€max (t) - _y(e:nax (t))
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Thus it has

max

1
dt = —;e_f (t)demax (t)-

By integrating both sides with respect to £, the following
equation is derived:

Limax 10 —
/0 dt = —;fEmM(O)emgx(t)demax(t). (13)
Solving Equation (13) generates

tmax = |emax (O) | (t=2) /7/(1 - T)'
® For e,,.(0) < 0, it is similarly deduced that

tonas = | €max(0)] 177 /(1 = 7).

® For e,,.(0) = 0, the result is easy to be acquired as

Lnax = 0= | €mas (0) | 77 [y (1 = 7).

3.3 | ZNN model with combined activation
function

Although SSZNN model (12) converges faster than SBPZNN
model (6) and is able to be convergent in finite time, its
convergence time is too heavily influenced by |€y,:(0)|. That
is, the convergence time would be dramatically extended in the
case of a large difference between theoretical solutions of the
problem and neural states of SSZNN model (12) at the
beginning. For this unsatisfactory factor, we have the following
combined activation function:

(&) =K1 LE(e;) + Kae,

which is generated through linearly combining activation
function (11) with coefficient »; and the linear activation
function with coefficient »,. So the following modified ZNN
model named the CZNN model is derived by exploiting the
activation function above:

G)y(t) =-H(t)y(t) —u() =y (()y (1)
+ ¢(1)). (14)

vk, and yk are replaced with vy and v,, respectively. For
studying the convergence of CZNN model (14), the following
theorem is thus presented.

Theorem 4 CZNN model (14) converges to the theo-
retical solution y*(t) of Equation (2) in finite time .,
and the first n members of y*(t) are the optimal so-
lution to TVQP problem (1) with

B 1 (V2| emax (0) |77 + 11)
t. = In )
(1,(1=1)) 2

where en.(0) is the one possessing the maximum absolute
value among all elements of the vector €0) = J(0)y(0) + (0).

Proof. Rewriting CZNN model (14) leads to
é(t) = —y./(e(t)), then it can be decoupled to get m + n + p
decoupled differential equations whose i-th element is shown
as follows:

éi(t) = —ri(ei(t)),

with i =1,2, ..., m 4+ n + p . Similarly, three distinguishing
situations are analysed in detail in the following part.

® For e,,,,(0) > 0, we have
emax (1) = = (k1€ (£) + Komax(2))- (15)

Reformulating (15) forms

dmax t —
€, ()+l/2€1 T(I):—l/l.

i (1) 5 el

Letting Y(£) = emax(t)' ", then we easily obtain

d%? = (1 = 7)e (1)

demax ()
dt

Combining the above two equations generates

d%?+ (1 =2)uy(t) = (= . (16)

Further, solving Equation (106) yields

y(0) = <j—; +9(0))exp((z = 1)uat) - —

By setting the value of Y(t,x) to 0 at time ¢ = £,,,,,, we can
obtain

(Zi + 9(0))exp((z = 1)vatmas) = %

Therefore, the result is achieved as
’1_
1 ny2|emax(0) |17

Tmax = 1

I/z(l —T) 121
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® For e, (0) < 0, similatly to the situation of e,,,,(0) > 0, the
result is also generalised as

1 max 0 1=
- 1o 22l emas (0) ]

v(1—1) 1

® For e,,.(0) = 0, the value of t,,,, can be calculated as

1 max (0 -
b = 0 = I 21 émax O]
1(1-1) 2

At this point, the whole proof on its finite-time convergent
petformance of CZNN model (14) in solving TVQP problems
is completely done.

3.4 | ZNN model with saturation activation
function

Note that most of the existing ZNN models are not saturated,
a saturation function is offered, which is displayed as follows:

ny, yLf (&) > n;,
yLE 17 <yLff (&) <nff,
n;,yLE () <75 .

g/i(ei) =

Furthermore, the corresponding SZNN model is established
and shown as

GOy () =-H(t)y(t) —u(t) -y €(J )y (t)
+ ¢(t)). (17)

To simplify the proof process of the theorem, for all ele-
ments of the bound, the values are set to be the same as ; with
11 > 0, and then analysing the convergence property of SZNN
model (17) can be done by investigating the following theorem.

Theorem 5 SZNN model (17) converges to the theo-
retical solution y*(t) of Equation (2) in finite time .,
and the first n members of y*(t) are the optimal so-
lution to TVQP problem (1) with

emax(o) l’]l_T _
|;17|‘”y<f_fy PO (e (0)) > 1,
1
te <
Jems(0) 1 -
NI LA e (0) <1

where e,,,(0) is the one possessing the maximum absolute
value among all elements of the initial vector e(0) = J(0O)y

(0) + ).

Proof. Rewriting SZNN model (17) leads to
é(t) = —y &(e(t)), then we can decouple it to get m + n + p
decoupled differential equations whose i-th element is shown

as follows:
&(t) =~y €i(e(t)),

withz=1,2, ..., m 4+ n + p . There are three divided cases to
discuss, which are given below.

1) For yR*(emax(0)) > 7y Specifically, this situation can be
further broken down into two subcases to compute .y
according to the definition of #;(e;).

2) The situation of converging from en,,.(0) to n;. By refor-
mulating the i-th subsystem of SZNN model (17) as the
equation e;(f) = —1, it can be simply deduced that it takes
emax(0)/11 — 1 to converge from e,,,.(0) to 1.

3) The situation of converging from 7; to 0. As indicated in
Theorem 3, it takes no more than 7™%/(y(1 —17)) to
converge from 7; to 0.

By adding up the two values of time ¢ obtained above, the
following is found

tmas = | €max (0) | /1y = 1+ [y |7 (r (1 = 7)).

® For yLf (€ma(0)) < 1y, it can similarly be derived that

o e (0]
R CE)

Therefore, the proof on SZNN model (17) for finding the
solution to the TVQP problem is completed.

4 | NUMERICAL SIMULATIONS

To enable the ZNN method to better solve TVQP problems,
four modified ZNN models are proposed, that is, NPZNN
model (10), SSZNN model (12), CZNN model (14) and
SZNN model (17), respectively. In this section, computer
simulations of these four ZNN models for solving TVQP
problems are presented to make comparisons among these
diverse models and to verify their effectiveness.

Consider the following benchmark TVQP problem with
equality and inequality constraints investigated in [32]:

. %m@+5ﬁ@+%wWHé%@,

—l—% cos(£)x1(2)xa(t) + sin(3t)x; (¢) + cos(3t)x2(2),
s.t. sin(42)x;(£)cos(4t)x, () = cos(2t),

—1.3 <x(2),x2(2) < 1.3.

(18)
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Reformulate (18) as the standard form of TVQP problem
shown in (1), and then coefficient matrices are obtained as

%sin(t) +1 %cos(t)
x(1) = ba (1), ()], V(1) =
%cos(t) %cos(t) +1

v(t) = [sin(3t), cos(3t)]", A (¢) = [sin(4t), cos(4t) ],

As(t) = [I, -1, by(t) = [cos(22) ], by (2) = [1.3,1.3,1.3,1.3]".

Through the observation, the proposed ZNN models are
all designed as ordinary differential equations (ODEs). For the
solutions to these special equations, the ODE solver in Matlab
is utilised in the simulation experiment.

4.1 | ZNN with accelerated finite-time
convergence

In this section, the convergence properties of SBPZNN
model (6), SSZNN model (12) and CZNN model (14) are
studied. The original ZNN model in [24] and GNN model in
[30] are also used for comparative analysis and verification.
Simulative results are illustrated in Figure 1 with the param-
eters chosen as y = 2 and the initial values set as zero. The
processes of neural states converging to the theoretical so-
lutions are shown in Figure 1a,b, respectively, from which it
can be seen that, under similar conditions, the state trajec-
tories of ZNN models begin to overlap soon (less than 6 s),
while that of the GNN model always lags behind. Such a
result preliminarily shows that both modified ZNN models
and the original ZNN model [24] are more accurate and
effective in solving TVQP problems compared with the
GNN model in [30]. In Figure 1c, in addition to the ZNN
model [24], the residual errors of ZNN models are able to
converge to zero within 3 s, substantiating the properties of
finite-time convergent previously proved. Moreover, it is

(a) (b)

revealed in Figure 1c that proposed SSZNN models (12) and
CZNN models (14) converge faster than the traditional
SBPZNN model (6), with the CZNN model (14) being the
fastest, which is also consistent with the previous theorems
and reflects the superiority of the new models. Furthermore,
comparisons among these diverse models are summarised in

Table 1.

4.2 | ZNN with non-convex functions

4.2.1 | Convergence with bound constraints

In this simulation, ~ and n* are set as 1 and —1, respec-
tively, and the initial state consists of m + n + p random
numbers. The corresponding displayed in
Figure 2. As can be seen from Figure 2a, the residual error
of NPZNN model (10) approaches 0 over time, verifying the
global convergence of this model. Besides, as visualised in
Figure 2b, &;(¢) =1 is obtained in the case €;() > 1 and
€;(t) = —1 is obtained in the case that € < — 1, from
which it can be deduced that NPZNN model (10) satisfies
the bound constraint.

results are

4.2.2 | Convergence with ball constraints

With R =1 selected and initial states randomly generated, the
simulation result in this case is displayed in Figure 3. It is
evident that the residual error || e()||, is of global convergence,
which indicates that NPZNN model (10) with ball constraint
on activation functions is also feasible to solve TVQP
problems.

423 |

Convergence with non-convex constraints

The following non-convex set is adopted for the simulation to
verify the effectiveness of NPZNN model (10) with non-

" GNN [30]

2t —GNN [30] —GNN [30] [le(®)|l2
z1(t) ——ZNN [24] za(t) —ZNN [24] —ZNN [24]
sl Model (6) |] oL Model (6) Model (6)
--Model (120 | e Model (12) "+ Model (12)
--- Model (14) -~ Model (14)|, Model (14)
’)‘\ LA !)'*./
AR g W
o ‘\ il 1 l ] J
11 il R
AVARW Vi
U Y AN \
{ Y \
(W} i(s) t(s) \J P
0 2 4 6 8 10 0 2 4 6 8 10 10

FIGURE 1

Compatisons of GNN [30], ZNN [24], SBPZNN model (6), SSZNN model (12) and CZNN model (14) for solving a TVQP problem (18) [:

(a) neural state x(2); (b) neural state x,(2); (c) residual error ||e(®)||.. GNN, gradient neural network; SBPZNN, sign-bi-power ZNN model; TVPQ, time-variant

quadratic programming; ZNN, zeroing neural network
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convex constraint on activation functions for solving TVQP
problems:

Q=1{6=[8]€R""? -0.1<8;<0.1,0r8; = +1}.

TABLE 1 Comparisons among different models
Models Convergent Finite-time convergent Convergence time
ZNN [24] No No 6.0
GNN [30] No No NA*
Model (6)  Yes No 25
Model (12) Yes Yes 1.8
Model (14)  Yes Yes 1

Abbreviations: GNN, gradient neural network; ZNN, zeroing neural network.

"NA means that the issue is not suitable.

(a)
5 :
[le(®)]l2

FIGURE 3

By using set Q, simulation results ate acquired in
Figure 4. As indicated in Figure 4a, the residual error
gradually converges to zero over time. Also, Figure 4b
shows that since the initial residual error is large, the ele-
ments of é(¢) are either 1 or —1. Over time, the elements of
é(t) decreased in a limited range [—0.1, 0.1] and remain
thereafter, indicating that the non-convex sets can also serve
as the activation functions to increase the converging rate of
NPZNN model (10).

4.3 | ZNN with saturation functions

With 7y = 2 selected, the simulation results of the ZNN model
with saturation function are displayed in Figure 5. It is illus-
trated in Figure 5a that the residual error ||e(®)|, converges to
zero within 2 s. Also, as revealed in Figure 5b, the element
values in the change rate vector €(¢) are within the range [—
2,2]. The two results substantiate the finite-time convergent

0 € 2 € 0.05 33,
05| | o — o N
[ t (s — t(s t(s
p (s) > (s) 0.05 (s)
0 5 10 0 5 10 0 5 10
0 0~ 0
€4 €5 €6
0.1} | -0.1 002 /
t t - t(s
02 )] .2 )] 0,04 (5)
0 5 10 0 5 10 0 5 10
0r;
ér
-0.05 |
- t (s
0.1 (5)
0 5 10

-2 -0.05

0r; Or; (U
€y ff €6
-0.1 f -0 F -0.02 f

-0.04

0 élf P 0.05 [¢;
05 0 ol N
¢
5

Convergence of the NPZNN model (10) with ball constraint for solving problem (18): (a) residual error ||€()||2; (b) etror derivative vector é(z)
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‘ 01 0 02
€,
le(®)l “ AR |®
. 0 /"\ -0.5 ‘ 25 3 0.1 )
[ /[ t(s t . t(s
oql LB ©)] (
0 5 10 0 5 10 0 5 10
AN 0r 0 05
\ €4 é 0 &6
\ / / - Oy
\ -0.05 j 005 | NN
2t L(s) e [0 (o
\ | S
-0.1 0.1 -1 (s)
0o 5 10 0 5 10 0 5 10
1+ \ or;
\ ér
T — t (S) -0.05 J/
0 e oq L t (s)
0O 1 2 3 4 5 6 7 8 9 10 1 s 10

FIGURE 4 Convergence of the NPZNN model (10) with non-convex constraint for solving TVQP problem (18): (a) residual error ||e®)||2; (b) error

derivative vector &(z)

(a)

4 ‘
[le(@)I]2

o 1 2 3 4 5 6 7 8 9 10

FIGURE 5

property and saturation property of SZNN model (17)
separately.

5 | CONCLUSION

The authors have investigated the existing ZNN models for
solving TVQP problems at the start and then discovered two
limitations, that is, the low convergence speed resulting from
redundant formulation of activation function and unnecessary
convex festriction on activation function, respectively. By
proposing NPZNN model (10) with non-convex-allowed
activation functions, the first limitation is overcome. Mean-
while, SSZNN model (12) and CZNN model (14) with
accelerated finite-time convergence properties have been
proposed to overcome the second limitation. It is indicated in
the theoretical derivations and simulation results that the
modified ZNN models are able to solve TVQP problems

(b)

2 2 0.5 -
€1 (=) €3
]
o~ 0}, 0
| t (s w t(s t(s
el I e ©
0 5 10 O 5 10 0 5 10
1 1 2
€4 é5 €6
0 / 0 ‘J 0,
| t(s ‘ t(s
1 (s) 1 (s) 2 t (s)
0 5 10 0 5 10 0 5 10
2 &
0 /
Ll t (s)
0 5 10

Convetgence of SZNN model (17) with saturation function for solving problem (18): (a) tesidual error ||e()||2; (b) etror derivative vector &(z)

better and accurately. In addition, new ZNN models with
improved performance for solving TVQP problems as well as
their practical applications are expected to be further
investigated.
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