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1. Introduction

Constrained optimization problems arise in widespread scien-
tific and engineering applications, such as filter design, signal pro-
cessing, system identification, robot control, and power system
planning.

In the past decades, many recurrent neural networks were
developed for solving constrained optimization problems (e.g.,
see Tank & Hopfield, 1986; Wang, 1993; Kennedy & Chua, 1988;
Xia, H, & J, 2002; Forti, Nistri, & Quincampoix, 2004, and refer-
ences therein). Among them, based on the penalty functions and
gradient methods, constrained optimization problems were first
converted approximately or exactly to unconstrained optimiza-
tion problems, then some gradient-based neural network models
were constructed to compute the approximate or exact optimal
solutions. Two classical recurrent neural network models for op-
timization are the Hopfield neural network proposed by Tank and
Hopfield (1986) for linear programming, and that by Kennedy and
Chua (1988) for nonlinear programming. The gradient method was
widely used in the neural network design. Based on the ,-norm
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penalty function and gradient method, a neural network model
was developed for constrained optimization (Lillo, Loh, Hui, & Zak,
1993). The [,-norm (1 < p < oo) penalty functions were used to
derive a class of neural networks for linear programming (Chong,
Hui, & Zak, 1999).

In addition to the gradient method, other methods have
been developed for neurodynamic optimization. Based on the
Lagrangian function and Lagrangian optimality conditions, the
Lagrangian network (Zhang & Constantinides, 1992) was proposed
for solving the general optimization problems, in which the local
convergence was guaranteed. For convex optimization, the global
convergence of the Lagrangian network was analyzed and proven
by Xia (2003). The deterministic annealing neural networks were
developed for solving linear and nonlinear convex programming
problems by Wang (1993, 1994), which were utilized to solve the
assignment problems (Wang, 1997) and shortest path problems
(Wang, 1998).

In recent years, based on the Karush-Kuhn-Tucker optimal-
ity conditions, the primal-dual network (Xia, 1996), dual net-
work (Xia, Feng, & Wang, 2004) and simplified dual network (Liu
& Wang, 2006) were developed for solving convex optimization
problems. Based on the projection method (e.g., see Xia et al., 2002;
Hu & Wang, 2007; Liu & Cao, 2010, and references therein), op-
timality conditions for constrained optimization problems can be
written in the form of linear (or nonlinear) variational inequalities,
and transformed into projection equations. Then neural networks
based on the projection equations were constructed for solving
the constrained optimization problems. Moreover, for convex opti-
mization problems, the global convergence of the projection neural
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networks can be guaranteed for the global optimal solutions (Xia
& Wang, 2004b; Hu & Wang, 2007a; Barbarosou & Maratos, 2008).
To reduce the model complexity, some one-layer recurrent neural
networks were proposed for solving linear and quadratic program-
ming problems (Xia & Wang, 2004a; Liu & Wang, 2008a, 2008b).

Apart from the recurrent neural networks for solving smooth
constrained optimization problems, neurodynamic approaches to
nonsmooth constrained optimization were investigated by some
researchers recently. The generalized nonlinear programming cir-
cuit for solving nonsmooth nonconvex optimization problems
were proposed by Forti et al. (2004); Forti, Nistri, and Quincampoix
(2006). We proposed some neural networks with simple model
complexity for solving the constrained nonsmooth convex opti-
mization problems (Liu & Wang, 2006a, 2009). The subgradient-
based neural networks (Xue & Bian, 2008; Bian and Xue, 2009)
were proposed for solving nonsmooth optimization problems with
more general constraints than that by Forti et al. (2004). Inspired
by the work in Forti et al. (2004); Forti et al.. (2006), Xue and Bian
(2008) and Bian and Xue (2009), this paper contributes to present a
one-layer recurrent neural network with discontinuous activation
functions for solving pseudoconvex optimization problems subject
to linear equality and bound constraints.

While most neural network approaches to optimization focus
on convex optimization, nonconvex optimization is rarely inves-
tigated. In particular, among nonconvex optimization problems,
pseudoconvex optimization has many applications, such as frac-
tional programming, computer vision (Olsson, Eriksson, & Kahl,
2007), production planning, financial and corporate planning,
health-care and hospital planning. Hu and Wang (2006) extended
the projection neural network for optimization with differentiable
pseudoconvex objective functions and bound constraints. How-
ever, for more general pseudoconvex optimization problems sub-
ject to linear equality and bound constraints, the projection neural
network is not applicable for solving these problems due to its con-
vergence conditions.

In this paper, a recurrent neural network will be presented for
solving pseudoconvex optimization problems with linear equality
and bound constraints. The remainder of this paper is organized as
follows. Section 2 discusses some preliminaries. In Section 3, the
problem formulation and neural network model are described. The
theoretical analysis of the proposed neural network is shown in
Section 4. Illustrative Examples are given to show the effectiveness
and performance of the proposed neural network in Section 5.
Next, in Section 6, the proposed neural network is utilized for
dynamic portfolio optimization. Finally, Section 7 concludes this

paper.

2. Preliminaries

For the convenience of later discussions, we present some
definitions and properties concerning set-valued map, nonsmooth
analysis and pseudoconvex functions in this section. We refer
readers to Clarke (1983), Aubin and Cellina (1984), Filippov (1988)
and Forti et al.. (2006) for more thorough discussions. Throughout
this paper, || - ||; and | - ||> denote the I; and I, norms of a vector
(or matrix) in R" (or R™*"), respectively.

2.1. Nonsmooth analysis

Definition 1. Suppose E C R™. F : x — F(x) is called a set-valued
map fromE <> R™, if to each point x of the set E, there corresponds
a nonempty closed set F(x) C R™.

Definition 2. A function ¢ : R" — R is said to be Lipschitz near
x € R" if there exist £, > 0, such that for any x', x” € R"
satisfying ||xX' — x|, < 8 and ||x” — x|, < &, we have |p(x') —
(") < €||¥ — X"||2. If ¢ is Lipschitz near any point x € R", then
@ is also said to be locally Lipschitz in R".

Assume that ¢ is Lipschitz near x. The generalized directional
derivative of ¢ at x in the direction v € R" is given by

o+ sv) — o(y)

@°(x; v) = lim sup
y—>x S

s—01
The Clarke’s generalized gradient of f is defined as
dpx) ={y € R": o°(x;v) > y"v, Vv € R"}.

When ¢ is locally Lipschitz in R", ¢ is differentiable for almost
all (a.a.) x € R" (in the sense of Lebesgue measure). Then, the
Clarke’s generalized gradient of ¢ at x € R" is equivalent to

do(x) = K { lim V() : Xe — X, Xn & N, X ¢E],
n—-oo

where K(-) denotes the closure of the convex hull, & C R" is an
arbitrary set with measure zero, and E C R" is the set of points
where ¢ is not differentiable.

Definition 3. A function ¢ : R" — R, which is locally Lipschitz
near x € R", is said to be regular at x if there exists the one-sided
directional derivative for any direction v € R" which is given by

p(x+8v) —oX)

—S )

and we have ¢°(x; v) = ¢’(x; v). The function ¢ is said to be
regular in R" if it is regular for any x € R".

¢ (x;v) = lim
£E—0t

Regular functions are very important in the Lyapunov approach
and nonsmooth analysis used in this paper, which has been
studied in the literature (e.g., see Clarke, 1983; Filippov, 1988). In
particular, a nonsmooth convex function on R" is regular at any
x € R". For a finite family of functions ¢;(i = 1, 2, ..., n), which
are regular at x, we have 3(}_i_, i) (x) = > i, 3¢;i(X).

Consider the following ordinary differential equation (ODE):

v
=~ —y®),
dt

A set-valued map defined as

o) = (] K¥B& e —M],

e>0 pu(N)=0

x(to) = Xo. (1

where () is the Lebesgue measure of set N, B(x,g) = {y :
ly—x|l2 < e}.Asolution of (1) is an absolutely continuous function
x(t) defined on an interval [to, t1](ty < t; < +00), which satisfies
X(to) = xo and differential inclusion:

dxe¢>(x) aa.t € [ty, t1]
dt ) .. 0, t11l.

In the regular case, the following chain rule is of key importance
in the Lyapunov approach used in this paper.

Lemma 1 (Chain Rule Clarke (1983)). If V : R" — R is regular at
x(t) and x(t) : R — R" is differentiable at t and Lipschitz near t,
then

%V(x(t)) =£Tx, VE e dVx(D)).
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2.2. Normal cone

Definition 4. Suppose that E C R" is a nonempty closed convex
set. The normal cone to the set E as x € E is defined as

Ne(x) = {v e R": vT(x —y) >0, Vy € E}.

Lemma 2 (Clarke, 1983). If E1, E, C R" are closed convex sets and
satisfy 0 € int(Ey — E,), then for any x € Eq () Ea, Ng, NE, () =
N, (x) + Ng, (x), where int (-) denotes the interior of the set.

Lemma 3 (Clarke, 1983). Suppose that f is Lipschitz near x and
attains a minimum over 4§ at x, then 0 € af (x) + Ny (x).

2.3. Pseudoconvex and pseudomonotone

Definition 5 (Penot & Quang, 1997). Let E C R" be a nonempty
convex set. A function f : E — R is said to be pseudoconvex on E
if, for every pair of distinct points x,y € E

Anedf®:n'y—x>0=f) >fk.

Definition 6 (Penot & Quang, 1997). Let E C R" be a nonempty
convex set. A set-valued map F E — R™is said to be
pseudomonotone on E if, for every pair of distinct points x,y € E

A e FX) iy —x =0= VY, e Fy) : n,(y —x) = 0.

It is shown in Penot and Quang (1997) that a continuous
function f (x) is pseudoconvex if and only if its generalized gradient
df (x) is a pseudomonotone mapping.

3. Problem formulation and model description

In this paper, we are concerned with the following nonlinear
programming problem:

minimize f(x),
subjectto Ax = b, (2)
u<x<uv,

where x = (x1,%2,...,%,)7 € R", f(x) : R* — R is assumed to
be locally Lipschitz continuous, A € R™ " which is full row-rank
(ie,rank (A) =m < n),b € R™ u = (uy, Uz, ..., u;)’ € R"and
v=(v1,va,...,0.)7 €R".

For a given x € R", let D(x) = 2?21 d(x;) with d(x;) (i =
1,2,...,n) defined as

Xi — Vi, Xi = v,
d(Xi) = 0, u < X <vj, (3)
—Xi + U, X = U

Then d(x;) > 0 and D (x) > 0. We define that
LL(x)={ie{1,2,...,n}:dx) > 0},
Ih(x) ={ie{1,2,...,n}:d(x) =0}
The region where the constraints are satisfied (feasible region) is
definedas § = {x € R" : Ax = b, u < x < v}. Moreover, we define
that ¢ = {x € R" : Ax = b}. Then, it is clear that § = ¢ \[u, v],
where [u,v]={xeR":u <x <v}.

Throughout this paper, the objective function f(x) is not
necessary to be convex or smooth, whereas the following two
assumptions on the optimization problem (2) are needed.

Assumption 1. There exist X € R" and r > 0 such that X €
int ([u, v]) () € and [u, v] C B(X,r), where B(X, 1) = {x € R" :
lx — X||, < r}is the r neighborhood of x.

Assumption 2. The objective function f(x) of problem (2) is
pseudoconvex and regular on 4, and Lipschitz bounded on B(x, r).

Remark 1. In Assumption 2, the objective function is assumed to
be pseudoconvex and regular on 4. For a pseudoconvex function,

several classes of them are regular. For example, let f : R" — R
be Lipschitz on 4, then, (i) if f is strictly differentiable on 4, it is
regular on 4§; (ii) if f is convex on 4, it is regular on $. Consequently,
problem (2) includes the pseudoconvex optimization problems
investigated by Hu and Wang (2006) as its special case, and
also includes the smooth and nonsmooth convex optimization
problems investigated by Liu and Wang (2009) and Xia and Wang
(2005) as its special cases. Therefore, the optimization problem (2)
under the above assumptions includes a larger part of optimization
problems.

The dynamic equation of the proposed recurrent neural
network model for solving (2) is described in the following
differential inclusion:

dx T
€ € —3f (X) — 18, (X) — oA go(Ax — D), (4)

where € is a positive scaling constant, o and p are nonnegative
constants, df (x) is the generalized gradient of f(x), g, is a
discontinuous activation function with its components are defined
as

1, Yy >
[0,1, y=u,
v =10, u<y<v, (i=1,2,...,n (5)
[-1,0], y=u,
_]7 y < uj,
and its special case for u = v = 0 is defined as
1, y>0,
W) = {[—1,1], y=0, (6)
-1, y <0.

Note that go(y) and g,,,;(¥) are discontinuousaty = Oandy = u;
or vj, respectively.

Remark 2. One of the important classes of pseudoconvex opti-
mization problems is the quadratic fractional programming prob-
lems in the following form:

xTQx+a"x+ aq

minimize f(x) = ,
. cTx+co (7)
subjectto Ax = b,
u<x=<v,

where Q € R™" is a symmetric matrix, a,c € R", ag,cqp €
R, A,b,u and v are defined in (2). It is well known that f is
pseudoconvex on X = {x € R" c™x + ¢ > 0}if Q is
positive semidefinite. Specially, when ¢ = 0, (7) is reduced to
the classic quadratic programming problem, and when Q = 0, it
is reduced to the so called linear fractional problem, which is, of
course, pseudoconvex on X.

4. Theoretical analysis

In this section, the convergence and optimality conditions of the
proposed neural network are investigated.

Definition 7. X is said to be an equilibrium point of system (4) if
0 € 3f () + oA'K[go(AX — b)] + pK[gpu.u ()] (8)

i.e., ifthereexistn € df (X), y € K[ go(AX—b)],and € € K[ &gru.,i®)]
such that

i+ oAy +uE=o. 9)

4.1. Boundedness of the state vector x(t)

In this subsection, the boundedness of the state vector of neural
network (4) is proven. According to Assumption 2, f (x) is Lipschitz
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bounded on B(X, r). Throughout this paper, we denote ; as an
upper bound of Lipschitz constant of f (x) on B(X, r). First, it is easy
to get the following lemma.

Lemma 4. For any x € R", Ax = b if and only if Px = q, where
P =AT(AAT)"'Aand q = AT(AAT)~'h.

Next, inspired by the work in Xue and Bian (2008) and Bian and
Xue (2009), the following two lemmas are given.

Lemma 5. Suppose Assumption 1 holds. For any x € R" \ [u, v] and
& € K[ gu.n)], x—X)T& > w, where w = minj<j<p{vi—3;, Xi—u;},
and X; is the ith element of X.

Proof. From the definition of gy, ,j(x), for any x € R" and £ €
K[ guv(®)], we have (x; — )& > 0(i = 1,2,...,n), where
x;, X; and &; are the ith elements of x, X and & respectively. For any
i € I, (x), one gets that (x; — X;)& > min{v; — X;, X; — u;}. Since
for any x € R" \ [u, v], we have I, (x) # , then (x — X)T& =
Y (i—x)E = Diety oo ®i—X)E > mini<icp{vi—Xi, Xi—wi}. O

Lemma 6. Suppose Assumption 1 holds. For any x € (B(X,1) () C) \
[u, vland& € K[ g, X) ], IU—P)&|l2 > w/r, wherel is the identity
matrix and w is defined in Lemma 5.

Proof. From Lemma 4, for any x € @, Px = PXx = q. According
to Lemma 5, for any x € (B(X,r)()€) \ [u, v], we have (x —
DA —PE = (x—'E > o, where & € K[gp,,(x)]. Since
(x=X)"(I—P)& < |x=Xl2lI(I = P)& |2 < rl|(I — P)&||, it follows
that (I — P)é|l, > w/r. O

The boundedness of the state vector of neural network (4) is
stated as the following theorem.

Theorem 1. Suppose that Assumptions 1 and 2 hold. For any xo €
B(k, r), the state vector of neural network (4) satisfies x(t) € B(x, r)
if w>rl/ow.

Proof. Let p(x(t)) = €l[x(t) — ||/2. For any Xy € B(X, r), there
exist n € af (x), y € K[go(Ax — b)] and & € K[ gp,,,;(x)] such that

e(x(t) = RTx()

= (x(t) =)' (=n — oAy — ué)

= (x(t) =X (= — p&) —o(Ax(t) — b)'y,
in which the last equality holds since Ax = b. From the definition
of g in (6), (Ax(t) — b)Ty > Oforany y € K[go(Ax — b)]. Then we
have

4 (x(t))
ac "

d 5
2P = x(©) =% (=n — né)

< Ix(®) = Zl2lnll2 — px() = R)'E.

If x(t) & [u,v], according to Lemma 5, one gets that (x(t) —
X)T€ > w.Then we have

d N
3¢ PXO) < lIx(©) = Xllz[[nll2 = pev- (10)

If © > rlf/w, we say that x(t) € B(x, r). If not so, the state x(t)
leaves B(x, r) at time t;, and we have ||x(t;) — X||, = r. Then we
have dp(x(t))/dt|,_,, > 0. From (10), combining that ||nll < I,
we have

g,o(x(t)) <1l — pw <0,
dt t=ty
which is a contradiction.
Ifx(t) € [u, v], then we have x(t) € B(x, r) directly.
Consequently, for any x, € B(x, r), the state vector of neural
network (4) satisfies x(t) € B(x, r) if u > rlf/w. O

4.2. Finite-time convergence to C

In this subsection, we prove that the state vector of the neural
network (4) reaches the equality feasible region € in finite time
and stays there thereafter.

Theorem 2. Suppose that Assumptions 1 and 2 hold. For any x, €
B(k, 1), the state vector of neural network (4) reaches the equality
feasible region C in finite time and stays there thereafter, if o >

s+ 1) /v Amin (AAT) and > rly /w, where Ay is the minimum
eigenvalue of the matrix.

Proof. Let B(x) = €||Ax — b||;. According to the chain rule, we
have

%B(x) =Tx(t), V¢ € dB(x(1)).

From Theorem 1, for any X, € B(X, 1), x(t) € B, r) if © >
rls/w.When x € B(X, 1) \ C, there exist n € 9f (x), y € K[go(Ax —
b)] and & € K[ gpu,,1(x)] such that
d

—B(x)

TA(—y —oATy —
p” Y A(—n— oAy — u§)

< ATy laUinllz + 1li€ll: — o ATy Il2)

For any n € df (x), we have |||, < Ir. Forany & € K[ g, »;(¥)],
from the definition of g, (%), it follows that ||£]|, < «/n. For any
x € B&, 1)\ Candy € K[gy(Ax — b)], since ATy € 3B (x), we
have ATy # 0 and at least one of the components of y is —1 or 1.
On one hand, since A has full row-rank, AAT is invertible. It follows
that

IAADTAATy Il = Iy Il = 1.

A

On the other hand, we have
I(AAT) T TAAT Y |12 < [[(AAT) M A2 1IATy |l2.

Since AAT is positive definite, we have

I(AAT) TAll2 = v/ Amax[(AAT)~TA((AAT)1A)T]
= kmax((AAT)_])
= ; >0
vV }‘-min(AAT)

where A i, and Apax are the minimum and maximum eigenvalues
of the matrices respectively. It follows that

IATY [l2 = v/ Amin (AAT).
Let @ = /Amin(AAT). If o > (If + /np) /o, we have

d
EJB(X) <a(f+ Jnp —oa) < 0.

Denote k = a(ca — I — «/np). Then k > 0 and

d£ < —k 11
2800 = -k (1)

Integrating both sides of (11) from t; = 0 to t, we have
B(x(t)) < B(x(to)) — kt.

Thus, when t = B(x(tp))/k, B(x(t)) = 0. Therefore, the state of
neural network (4) reaches the equality feasible region € in finite
time by an upper bound of the hit time t = B(x(ty))/k.

Next we prove that when t > B(x(tp))/k, the state vector
of neural network (4) remains inside € thereafter. If not so, we
suppose that the state trajectory leaves € at time t; and stays
outside of € for almost all t € (ty, tp), where t; < t,. Then,
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B(x(t;)) = 0, and from the above analysis, 8 (x(t)) < 0 for almost
all t € (ty, tp). By the definition of B(x), we have 8(x(t)) > 0
for any t € [tg, 00), which contradicts the result above. That is
the state vector of neural network (4) reaches the equality feasible
region C by t = B(x(tp))/k and stays there thereafter. O

4.3. Finite-time convergence to §

In this subsection, neural network (4) is further proved to be
convergent to the feasible region 4 in finite time.

Theorem 3. Suppose that Assumptions 1 and 2 hold. For any xo €
B(x, r), the state vector of neural network (4) reaches the feasible
region & in finite time and stays there thereafter, if o > (I +

\/ﬁﬂ)/\/ Amin(AAT) and p > 1lf /.

Proof. According to Theorem 2, the trajectory of x(t) reaches the
equality feasible region € in finite time and stays there thereafter.
It remains to show that once in the set @, the trajectory reaches the
set [u, v] in finite time and stays there thereafter.

According to its definition, £ (x) in Section 3 is convex in R". By
the chain rule, we have

dx(t)
dt

From Theorem 1, for any xy € B(X, r), we have x(t) € B(X, r). Since
X € G, from Lemma 4, we have Px = q. Thus Px = 0. Since x can be
written as x = Px+ (I —P)x, then x = (I — P)x. From (4), combining
that (I — P)AT = 0, we have

d
E@(X) =T , V¢ € dD(x(t)).

dx
c—
dt

Then, for any x € (B(X, 1) [ C) \ [u, v], there exist n € 3f (x)
and & € K[ gpu,,1(x)] such that

€ —(I = P)(@f (®) + K[ gu,u1®)]). (12)

d T
e—D(x) = €& x(t)

dt
—ET(I = P)(n + n&)
= —£"(I—P)n—p&' I —P)E
< 1d = P)E[2lInlla — plld — P)E[2),

in which the last inequality holds since (I — P)®> =1 — P.
For any n € 9f(x), we have ||, < I;. By Lemma 6, for any
& € K[&u,uy®)], | — P)§|l, > w/r. Then, if u > rl; /w, we have

A

d w nUw

Denote s = w(uw/r —If)/(er). Thens > 0 and

%i)(x) < —S. (13)

Integrating (13) from te to t, we have
Dx(t)) < D(x(te)) — s(t — te),

where te is the time that x(t) reaches to €. Thus, when t >
D(x(te))/s + te, D(x(t)) < 0. Therefore, the state of neural
network (4) reaches 4 in finite time.

Similar to the proof of Theorem 2, we can prove that the state
vector of neural network (4) stays in § thereafter. O

4.4. Optimality analysis

Theorem 4. Suppose that Assumptions 1 and 2 hold. Any equilibrium
point of neural network (4) is an optimal solution to problem (2) and

vice versa, if o > (If + /n)// Amin(AAT) and o > 1y /.

Proof. Let x* be an optimal solution of problem (2), then x* € 4.
Since x* is a minimum point of f(x) over the feasible region 4,
according to Lemma 3, we get that

0 € If (x") + Ns(x),

where Ny(x*) is the normal cone to the set § at x*. Since
int([u, v) (€ # @, we get that 0 € int([u,v] — C). From
Lemma 2, it follows that Ny = Ny, + Ne. Then

0 € 3f (x*) + Ne (™) 4+ Ny (x¥).

Suppose x* € bd ([u, v]) () C, where bd(-) denotes the bound-
ary of the set. It follows that there exists n € Ny (x*) such thatn €
—of (x*)and ||n||> < Ir.By simple derivation, we get that Ne (x*) =
{vATy : v >0,—1 <y < landatleastoney; = 1or — 1} and
N (x*) = {v€ 1 v > 0,& € K[gu,,(x*)] and at least one & =
1 or — 1}. Then, there existae > 0,8 > 0,y € R™and & € R" such
that @ATy € Ne(x*), BE € Ny (x*) and

n=aA'y + B&.

Then we prove that n € o ATK[ go(Ax* — b)] + K[ gp,v(X)].
We say that 8 < u.If not, we have 8 > w. Similar to the proof of
Lemma 5, we have (x* —X)7¢& = Y | (x} — %)& > o, where w is
defined in Lemma 5. Since x*, X € @, Ax* = Ax = b. Then we have
="y =a&@=)'ATy + B =0Tt = B —)'E > o >
pw.Thus [|n]l2 > po/||x* — X2 > po/r.If @ > 1l /w, we have
[lnll2 > Ir, which contradicts |||, < ;. Consequently 8 < w and
it follows that B& € uK[ gpu,v1(x*)].

We say that « < o.If not, then « > o. We have |5|;, =
leATy + BEll2 = allATy |2 — Bl€ll2. According to the proof of
Theorem 2, ||[ATy |l > +/Amin(AAT). Combining that ||£]]; < /N
and B < u, we have [[7]l; > oy/Amin(AAT) — V. Ifo > (I; +
V1) /v Amin(AAT), we have ||57]l2 > I, which contradicts ||n]|, <
lr. Hence, @ < o and it follows that A"y € oATK[ go(AX* — b)].
Then we have n € 0ATK[ go(Ax* — b)] + K[ gpu,v(x)].

Consequently, 0 € af (x*)+oATK[ go (Ax* —b) [+ K[ gpu.v) (x*)],
which means that x* is an equilibrium point of neural network (4).

Similarly, when x* € int([u, v]) [ C, the result also holds.

Next, let us prove the reverse side. Let x be an equilibrium point
of neural network (4), then there exist 7 € 9f (), ¥ € K[ go(Ax —
b)] and & € K[ gpy,,1(X)] such that

7+ oAy + g =0. (14)

According to Theorem 3, if the conditions of the theorem hold,
X € [u, v]. From (14), we get the following projection formulation

xI

= ¢[u,v]()_c - 77] - UATP):

where ¢ i) = (Duy.oV1)s Plug,va1 V2D -« « - s Blug, v V)"
with ¢y, i) (i= 1,2, ..., n) defined as

Vi, Vi > Vi,
<b[”isvi](yi) =Y, U <yi<vi,
Ui, Yi =U.

Furthermore, using the well-known projection theorem (Kinder-
lehrer & Stampacchia, 1982), it is equivalent to the following vari-
ational inequality

x—%T({H+0ATy) >0, Vxelu vl

From Theorem 3, if the conditions of the theorem hold, x € €
and it follows that Ax = b. For any x € 4§, we have Ax = b. Then,
forany x € 4, (x — X)T) > 0. Since f(x) is pseudoconvex on 4, it
follows that f (x) > f(x) for any x € 4. Therefore, X is a minimum
point of f (x) over 8. O



104 Q. Liu et al. / Neural Networks 26 (2012) 99-109

4.5. Convergence analysis

In this subsection, the convergence property of neural network
(4) is investigated by using the Lyapunov method and differential
inclusion theory (e.g., see Aubin & Cellina, 1984; Clarke, 1983; Forti
et al., 2004; Lu & Chen, 2006, and references therein).

Theorem 5. Suppose that Assumptions 1 and 2 hold. For any xo €
B(x, r), the state vector of neural network (4) is convergent to an

optimal solution of problem (2) if o > (I + v/nw)/+/min(AAT)
and p > r1ly /.

Proof. Let X be an equilibrium point of neural network (4).
According to Theorem 4, X is an optimal solution of problem (2).
Thus Ax = b and x € [u, v]. From Theorem 3, we can suppose
thatxy € 8. Let ¥ (x) = f(x) + o ||Ax — by + D (x). There exist
n € df(x),y € K[go(Ax — b)] and & € K[ gpu,v1(x)] such that

i+ oAy + uE =0. (15)

Consider the following Lyapunov function

1
Vix) =€ [woo —v® + Sl —Rllg] . (16)

Since X is a minimum point of f(x) on 4, then for any x € 4,
¥ (x) > ¥ (x). Thus V(x) > €llx — X||3/2.
We have

aV(x) = e[dy (x) +x —X].

By using the chain rule, it follows that V (x(t)) is differentiable
for almost all (a.a.) t > to and it results in

d
g/ x(0) = LOTX(E), V() € BV (X(D).

From (4), ex(t) € —0dy(x(t)), hence by choosing ¢(t) =
e[—ex(t) +x — X] € OV (x(t)), we have

d
aV(x(t)) = e[—ex(t) + x — X]"x(t)
= —llex(D)]l5 + e(x — X)x(t)
< sup (—10115) + sup [—(x—%)"6]
0edy(x) 0edy (x)
= — inf 03— inf x—%'6. (17)
0edpr(x) 0y (x)

For any 6 € 9/ (x), there exist n € df (x), y € K[go(Ax — b)]
and £ € K[gp,,(x)] suchthatd = n + oATy + uék. Since f(x)
is pseudoconvex on 4, df (x) is pseudomonotone on 4. From the
proof of Theorem 4, for any x € 4, (x — X)T7 > 0. Then it implies
that (x — X)"n > 0 forany n € 9f(x). For x,x € 4, we have
(x—x)TATy = 0since Ax = Ax = b. From the definition of g, ,; (%),
we have (x; — X)& > 0(i = 1,2,...,n). Thus (x — X)TE > 0.
Consequently, for any 8 € 3 (x), we have (x — x)T6 > 0. Then,

d . )
V) < = inf 613 (18)

Define #(x) = infycpy v |10 ||§. It is easy to get that #(x) = O if
and only if x is an equilibrium point of neural network (4).

Since x(t) € 4 is bounded, from (4), ||x(t)]l, is also bounded,
denoted by M. Then, there exists an increasing sequence {t;} with
limy_, o ty = 00 and a limit point X such that limy_, o, x(tx) = X.

Next, we prove that #(x) = 0. If it does not hold, that is
FH(x) > 0. From the definition of #(x), there exist ¢ > 0 and
8 > 0, such that #(x) > ¢ for all x € B(x, §), where B(X, §) =
{x € R" : |lx — x|l < &} is the § neighborhood of x. Since
limy_, o X(t;) = X, there exists a positive integer N, such that for all

k> N, [x(te) — Xl < 8/2.When t € [ty — 8/(4M), ti + 8/(4M)]

and k > N, we have
x(6) — Iz < [1x(6) — x(@) M2 + Ix(6) — XI|2
$
§M|t_tk|+5 §5~

It follows that #(x(t)) > ¢ forallt € [ty — §/(4M), t; + 6/ (4M)].
On one hand, since the Lebesgue measure of the set t € | J,. y[tk —
8/(4M), t, + 8/(4M)] is infinite, then we have -

/oo F(x(t))dt = oo. (19)
to

On the other hand, by (18), V(x(t)) is monotonically nonin-
creasing and bounded on 4, then, there exists a constant Vj such
that lim;_, o, V(x(t)) = V. We have

/00 H(x(t))dt = lim fs}f(x(t))dt
tO §—>00 to

— lim ’ V(x(t))dt

5S—>00 tO

- — Llin;o V(x(s)) — V(X(fo))]
= —Vo + V(X(to)),

which contradicts (19). Therefore, we have #(x) = 0. That is, the
limit point x is an equilibrium point of neural network (4).
Finally, let us define another Lyapunov function

IA

~ - 1 ~
Vx)=e [W(X) — Y@+ Sl —Xllg} :

Similar to the above proof, we have V(x(t)) > €ellx — )~<||§/2 and

Vx(t)) < 0.From the contin~uity of function V(x(t)),for any £>0,
there exists § > 0 such that V(x(t)) < & when ||[x—X||, < 8. Since

\7(x(t)) is monotonically nonincreasing on interval [ty, 00), there
exists a positive integer L, such that when t > t;,

ellx(t) — XI5 < 2V (x(1)) < 2V(x(t)) < 28°.

That is lim; ;. x(t) = X. Then the state vector of neural
network (4) is convergent to an equilibrium point. Combining with
Theorem 4, this completes the proof. O

4.6. Further results on finite-time convergence

Recently, the finite-time convergence of recurrent neural
networks were investigated for solving linear programming
problems (e.g., see Chong et al., 1999; Forti et al, 2004; Liu,
Cao, & Chen, 2010). In Marco, Forti, and Grazzini (2006), the
robustness of convergence in finite time was investigated for the
linear programming neural networks. Here, the convergence to an
optimal solution of problem (2) can be achieved in finite time if a
mild condition is satisfied. Similar to that in Forti et al. (2004), to
achieve the finite-time convergence, another assumption is stated
as follows.

Assumption 3. There exists « > 0 such that
inf { inf
xe$\M | 6oy (x)

where ¥ (x) = f(x) + o ||Ax — b||; + nD(x) and M is the optimal
solution set of problem (2).

||9||2} > a,

Theorem 6. Suppose that Assumptions 1-3 hold. For any xo, €
B(k, r), the state of neural network (4) is convergent to an optimal

solution of problem (2) in finite time if o > (I + /1) /+/ Amin (AAT)
and p > 1lf /w.
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Fig. 1. Transient behaviors of the state variables of neural network (4) witho = 16
and p = 12 in Example 1.

Proof. From (18) and Assumption 3, forx € § \ M, we have
V(1) < —a’. (20)

Integrating both sides of (20) from t; to t, one gets that
V(1) < V(X(ts)) — a?(t — t),

where tg is the minimum time that x(t) reaches 8. Then V (x(t)) <
0 when t > V(x(ts))/a® + t5. From (16), we have V(x(t)) >
€llx — >'<||§/2, where X is the optimal solution which x(t) converges
to. Consequently, x(t) = X when t > V(x(ts))/a® + ts. That is,
x(t) is convergent to an optimal solution of problem (2) in finite
time. O

5. Illustrative examples

In this section, three examples of optimization problems are
solved using the proposed neural network.

Example 1. Consider a nonsmooth optimization problem as

follows:

minimize f(x) = |x; — X3 — 2x3 + 1| + |x1 + 2X; — X3
_2|+|X1+X2_1|_|X3_1|7 (21)

subjectto x; +x; +x3 =0,

=1 <X1,%,x < 1.

In this problem, the objective function f(x) is nonsmooth and
nonconvex. If we substitute x; + x, = —x3 into f(x), we get that
f(x) is convex on the feasible region. Consequently, the proposed
neural network in (4) is capable of solving this problem. Let X =
(0,0,0)7 e int([u, v]) () €, then we have @ = 1. Moreover, the
restricted region [u, v] C B(X,r) withr = /3. An upper bound
of the Lipschitz constant of f (x) on B(x, r) is estimated as I = 6.5.
Then the design parameters are estimated as o > 15.02 and u >
11.26.Lete = 107>, ¢ = 16 and . = 12 in the simulations. Fig. 1
shows the transient behaviors of the state variables of the neural
network with 8 random initial points. Fig. 2 depicts the phase
plot of (x1,x,,x3)T from 8 random initial points, which shows
that the state variables converge to the unique optimal solution
x* = (—0.5,1,-0.5)T.

Example 2. We now use the proposed neural network to solve a
pseudoconvex optimization problem (Hu & Wang, 2006). Consider

Fig. 2. Three-dimensional phase plot of the trajectories of (x1, x», x3) of neural
network (4) with ¢ = 16 and u = 12 in Example 1.

the quadratic fractional programming problem in (7) with

5 -1 2 0 1

-1 5 -1 3 -2
C={2 -1 3 of 7|2 ®=72

0 3 0 5 1
and
c=2,1,1,07, ¢ =4

It is easily verified that Q is symmetric and positive definite,

and consequently is pseudoconvex on X = {x € R* : c'x +
co > 0}. This problem was solved by Hu and Wang (2006) with
the constraints x € [u,v] = {x e R* : 1 < x < 10,i =

1, 2, 3, 4}, the objective function f (x) is obviously pseudoconvex
on [u, v]. Thus the projection neural network is suitable for solving
the problem in this case (Hu & Wang, 2006). The proposed neural
network herein is capable of solving this problem too. Let X =
(5.5,5.5,5.5,5.5)7 e int([u, v]), then we have w = 4.5.
Moreover, the restricted region [u, v] C B(k,r) withr = 9. An
upper bound of the Lipschitz constant of f (x) on B(x, r) is estimated
as Iy = 9. Then the design parameter is estimated as u > 18. Let
€ = 107 and u = 19 in the simulations. Fig. 3 depicts that the
state variables of the neural network are convergent to the unique
optimal solution x* = (1, 1, 1, 1)T with 10 random initial values.
Next, we consider this problem with both equality and bound
constraints. We assume that the feasible region § = {x € R* :
Ax=Db,5<x;<10,i=1,2, 3, 4}, where

1 -1 0 0 1
A=(o 0 1—1)’ b=(2)'

The neural network (4) is still capable of solving this problem. Let
X = (8,7,8.5,6.5)T ¢ int([u, v]) () C, then we have w = 1.5.
Moreover, the restricted region [u, v] C B(X, r) withr = 6.52. An
upper bound of the Lipschitz constant of f (x) on B(X, ) is estimated
as [ = 7.34. Then the designed parameters are estimated as
o > 50.32 and ;. > 31.91 respectively. Lete = 107, 0 = 51
and p = 32 in the simulations. Fig. 4 shows that the state vector
of the neural network is convergent to the unique optimal solution
x* = (6,5, 7,5)T with 10 random initial values.

Example 3. Consider the quadratic fractional programming prob-
lem in (7) with

1 05 1 0 1
o5 55 -1 —o0s =
Q=17 1 1 o |+ e=|_4]
0 —05 0 0 1
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Fig. 3. Transient behaviors of the state variables of neural network (4) with © = 19
in Example 2.
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Fig.4. Transient behaviors of the state variables of neural network (4) witho = 51
and ;o = 32 in Example 2.

ap = —2,
c=(1,1,1,-1)", ¢ =86,

1 1 -1 0 3
A=<1 -2 0 1)’ b=<o)’
and

x € {R*:2 <xq,X, %3, X < 4}.

As Q is not positive definite, the objective function f (x) is not
pseudoconvex on X = {x € R* : c'x 4+ ¢y > 0}. However,
if we substitute x3 = x; + X, — 3 and x4, = —X; + 2x; into
the objective function, the objective function can be written as
F(x1,x0) = (2¢% 4 2.5%% 4 4x1x, — 13%; + 10)/(c"x + ¢o), which
is pseudoconvex on X. Furthermore, f (x) is pseudoconvex on the
feasible region 4. Then the neural network (4) is capable of solving
this problem. Let ¥ = (3,3,3,3)" € int([u, v])[)C, then we
have w = 1. Moreover, the restricted region [u, v] C B(X, r) with
r = 2. An upper bound of the Lipschitz constant of f (x) on B(x, r) is
estimated as Iy = 3.28. Then the design parameters are estimated
aso > 9.99 and i > 6.56 respectively. Lete = 107>, 0 = 10
and p = 7 in the simulations. Fig. 5 shows that the state vector of
the neural network is convergent to the unique optimal solution
x* = (8/3,7/3, 2, 2)" with 10 random initial values. Fig. 6 depicts
the simulation results of the projection neural network (Xia et al.,

Iy

L

L35 Ty

state variables

0 0.5 1 1.5 2 25
time (sec) x107°

Fig.5. Transient behaviors of the state variables of neural network (4) witho = 10
and u = 7 in Example 3.
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Fig. 6. Transient behaviors of state variables of the projection neural network from
arandom initial point in Example 3.

2002; Xia & Wang, 2005 ) for solving this problem, which show that
the state vector is not convergent from a random initial point.

6. Dynamic portfolio optimization

In this section, the proposed neurodynamic optimization
approach is applied for dynamic portfolio optimization. First, the
objective function of portfolio optimization in a given portfolio
selection model is proven to be pseudoconvex in the feasible
region. Then the setting of initial points is discussed, which
guarantees that the recurrent neural network will yield an optimal
portfolio. Finally, simulation results are discussed and compared
based on the given portfolio selection model.

Portfolio optimization (Markowitz, 1991) is a means to
optimize a set of financial instruments held to achieve high
expected returns by spreading the risk of possible loss due to low
expected performance. A good portfolio is not just a long list of
good stocks and bonds, but also a balanced whole that provides
protections and opportunities with respect to a wide range of
contingencies.

Since Markowitz’s pioneering work of Mean-Variance (MV)
model in portfolio investment (Markovitz, 1952), many studies
have been done to enhance the model. In particular, a portfolio
model to maximize the probability that the rate of return is no less
than an expected one is proposed (e.g., see Liu, Ku, & C, 1993; Liang
& Tang, 2001; Tang, Wang, & Liang, 2002, and references therein).
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As the market conditions vary, dynamic portfolio optimization
is both necessary and rewarding. The proposed recurrent neural
network can serve as a parallel computing mechanism for real-
time portfolio optimization.

6.1. Portfolio optimization

For n securities, suppose that the rate of return is a random
vector £ = (&,&,...,&)T with normal distribution; i.e., £ ~
N(a, Q). Here a = (ay,as, ..., a,)" > 0 is the mean vector of
&,and Q € R™" is the positive definite covariance matrix of &,
which is usually considered as a measurement of risk. Let x =
(X1, X2, . .., X2)T be the investment ratio vector, such that dix =
1. Thus, the total rate of return is n = x'&, n ~ N(a"x, x'Qx),
and (n — a’x)//xTQx ~ N(0, 1). Thus the optimization model of
portfolio investment with probability criterion is

P =1y = a'x—r
nzr)= \/)TQX )
inzl,

i=1

0<x<1,

maximize

(22)
subject to

where r > 0 is the expected rate of return, ®(x) =
20 . L .
\/#27 f foo exp(— %)dt is the standard normal distribution function.

Since @ (-) is monotone increasing on R, the following equivalent
optimization problem can be formulated

r—a'x

VxTQx '
n
subject to Zx,- =1,

i=1
0<x<1.

minimize

fx) =
(23)

For an expected rate of return r, @ (—f (x*)) gives the investors
the maximum probability of the portfolio investment on current n
securities with respect to the expected rate of return r, where x* is
an optimal solution of problem (23).

6.2. Theoretical results

Theorem 7. If w : XX — Randv : XX — R are convex, then f (x) =
w(x)/v(x) is pseudoconvex on X = {x : w(x) < 0, v(x) > O}.

Proof. By setting (x; — x5)T Vf(x,) > 0, we have

w(xz)
v(X2) v(X2)
where V (-) is the gradient of a function.

Since w and v are both convex, Vxq, x, € X, we have w(x;) —
w(xy) > (X1 —x2)"Vw(xy) and v(x1) — v(x2) = (X1 —X2)"Vu(xy),
and w(x;)/v(x2) < 0.Then

T
(Vw(Xz) - Vv(xz)) (x1 —x2) > 0,

0 < (x1 — x)V(xs) — 292 (6, ) V)
v(x2)
w(xz)
< wk) —wky) — (v(x1) — v(x2))
v(x2)
= wix) — 282 ),
v(x2)

Since v(x1) > 0, w(xq1)/v(x1) > w(xy)/v(xy) follows directly
which indicates that f (x) = w(x)/v(x) is pseudoconvex on X. O

According to Theorem 7, the objective function f(x) in (23) is
pseudoconvex on Xy = {x : r — a’x < 0}.

Theorem 8. For all r < max;a; the state vector of neural net-
work (4) will converge to the global optimal solution of (23) for any
Xo€X={x:r—ax<0, > % = 1,0 < x < 1} and sufficiently
large parameters o and  in the neural network (4).

Proof. First, the set X is not empty for any r < max;a; since
the vector with the jth element of 1 and the rest 0; ie, ¢ =
', ...,071 1, 0t ..., 0MT is a feasible state, where j is the
index of max;a;. Thus we can always find a feasible initial
state x.

Second, since the denominator of the objective function is
positive forallx € R"\ {0},f (x;) < f(x;) always holdsifr—a’x; <
Oandr —a’x, > 0. As X is not empty, it is clear that the optimal
solution of problem (23) under condition r —a’x < 0is the optimal
solution of the original problem (23).

Finally, from the theorems in Section 4, we know that for any
X9 € X, the state vector of neural network (4) will remain in
the feasible region forever and converge to the optimal solution
of problem (23) under condition r — a’x < 0, which is also the
optimal solution to problem (23) as just stated. O

6.3. Simulation results

Example 4. Here, we use the proposed neural network to solve
a portfolio optimization problem. The numerical example is
generated randomly in the following steps. First, the expected rate
of return to a particular security varies over time. Thus the function
ai(t) = ri + kit + Risin(t/T; + w;) (i = 1,2,...,5) is used
to describe the mean of expected rate of return at time t, where
ki~ U@2x1074 6 x107%),R; ~ U(0.3,1), T; ~ U(2, 5), and w; ~
U(0, 27r) are all randomly generated from uniform distributions.
Fig. 7 shows the statistically expected rate of return a over a time
period.

The covariance matrix Q = Q; + Q, is randomly generated
and fixed over time to compare the results directly, where Q; =
0.01UTU > o, uj ~ U(—1,1) are i.i.d (independent identically

distributed) variables, and Q, = diag{R1, Ry, ..., Rs}:
1.849 0.548 0.089 0.437 0.207
0.548 2.159 —0.011 -—1.155 0.004
Q =1]0.089 —-0.011 1.697 —0.010 —-0.547
0.437 —1.155 —-0.010 3.252 0.372
0.207 0.004 —0.547 0.372 1.523

Then, based on the statistic results of the expected return rates
and their covariance matrices, the probabilities of expected re-
turning rate are maximized based on the proposed neurodynamic
optimization model. Fig. 8 shows the transient states of the one-
layer recurrent neural network (4) for portfolio optimization. Fig. 9
shows the optimal selection scheme of the five securities over
time. The probabilities that rate of return greater or equal than
an expected value (r = 0.1) is calculated as P(§"x* > r) =
@((a'x — r)//xTQx) and marked in dotted line with ‘+’ in the
figure.

From Figs. 7 and 9, we can see that the selection rate x{ of
a particular security i is higher if its expected rate of return q;
is larger and also with less fluctuation (small g;;). On one hand,
though a4 is much larger than as whent > 25, its optimal selection
rate x} is still quite low since its return rate fluctuates more than
others (with larger g33). On the other hand, though a3 < a; all
the time, x; > x] sometimes since q33 < ¢q;. For some time
(i.e.,, 5 < t < 25), most of the rates of return for the securities are
not large enough (< 0.14). As a result, the probability P(§Tx* > r)
of earnings of 10 percent more (r = 0.1) is smaller than the ones
on other time.
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Fig.8. Transient states of the neural network (4) in portfolio selection in Example 4.

Figs. 10 and 11 show the optimal portfolios as well as the
possibilities P(€Tx* > r) for r = 0.12 and r = 0.08, respectively.

By comparing Figs. 9-11, we can see that even under the same
condition (i.e., exactly the same securities), different expectations
of returning rate lead to different optimal selections. If one is more
greedy expecting higher rate of return (r), the possibility to achieve
the goal is smaller. In one words, high rate of return usually comes
along with high risk.

7. Conclusions

This paper presents a one-layer recurrent neural network with
a simple structure for solving constrained pseudoconvex optimiza-
tion problems. By properly setting two gain parameters beyond
derived lower bounds, the finite-time convergence of any equilib-
rium point of the proposed neural network to solution feasibility is
guaranteed. Furthermore, by using the Lyapunov method and dif-
ferential inclusion theory, the convergence of the neural network
to the solution optimality of pseudoconvex optimization problems
is guaranteed subject to the same condition for feasibility. In con-
trast to existing neural networks for constrained optimization, the
proposed neural network is capable of solving more general prob-
lems of pseudoconvex optimization with linear equality and bound
constraints. Simulation results on numerical examples are given to
illustrate the effectiveness and performance of the proposed neu-
ral network. In addition, the proposed recurrent neural network is

{,P@T[zd

Fig. 9. Optimal portfolio selected by the neural network and the resulting
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shown to be useful for dynamic portfolio optimization based on a

stochastic portfolio model.
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