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[. INTRODUCTION

Optimization problems arise in a wide variety of scientific and engineering
applicationsincluding signal processing, system identification, filter design, func-
tion approximation, regression analysis, and so on. In many practical optimization
problems such as the planning of power systems and routing of telecommunica
tion systems, the numbers of decision variables and constraints are usually very
large. It is even more challenging when a large-scal e optimization procedure has
to be performed in real time to optimize the performance of a dynamical system.
For such applications, classical optimization techniques may not be competent due
to the problem dimensionality and stringent requirement on computational time.
One possible and very promising approach to real-time optimization is to apply
artificial neural networks. Neural networks are composed of many massively con-
nected neurons. Resembling more or less their biological counterparts in struc-
tures, artificial neural networks are representational and computational models
composed of interconnected simple processing elements called artificial neurons.
In processing information, the processing elementsin an artificial neural network
operate concurrently and collectively in a parallel and distributed fashion. Be-
cause of the inherent nature of parallel and distributed information processing in
neural networks, the convergencerate of the solution process is not decreasing as
the size of the problem increases. Furthermore, unlike other parallel algorithms,
neural networks can be implemented physically in designated hardware such as
application-specific integrated circuits where optimization is carried out in atruly
parallel and distributed manner. This feature is particularly desirable for real-
time optimization in decentralized decision-making situations. Neural networks
are promising computational models for solving large-scale optimization prob-
lemsin real time. Therefore, the neural network approach can solve optimization
problems in running times at the orders of magnitude much faster than the most
popular optimization algorithms executed on general-purpose digital computers.

Neural network research stemmed back from McCulloch and Pitts' pioneering
work a half century ago. Since then, numerous neural network models have been
developed. One of the well-known classic neura network models is the Percep-
tron developed by Rosenblatt. The Perceptron is a single-layer adaptive feedfor-
ward network of threshold logic units, which possess some learning capability.
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Another important early neural network model is the Adaline which isaone-layer
linear network using the deltalearning rulefor learning. The Perceptron and Ada-
line were designed primarily for the purpose of pattern classification. Given a set
of input-output training patterns, the Perceptron and Adaline could learn from the
exemplar patterns and adapt their parametric representations accordingly to match
the patterns. The limitation of the Perceptron and Adaline is that they could only
classify linearly separable patterns because, among others, they lacked an internal
representation of stimuli.

The first attempt to develop analog circuits for solving linear programming
problems was perhaps Pynein 1956 [Pyne, 1956]. Soon after, some other circuits
were proposed for solving various optimization problems. In 1986, Tank and Hop-
field [Hopfield and Tank, 1985; Tank and Hopfield, 1986] introduced alinear pro-
gramming neural network implemented by using an analog circuit which is well
suited for applications that require on-line optimization. Their seminal work has
inspired many researchers to investigate aternative neural networks for solving
linear and nonlinear programming problems. Many optimization neural networks
have been developed. For example, Kennedy and Chua [Kennedy and Chua, 1988]
proposed a neural network for solving nonlinear programming problems. This
network inculde the Tank and Hopfield network as a special case. The disadvan-
tages of this network isthat it contains penalty parametersand thusits equilibrium
points correspond to approximate optimal solutions only. To overcome the short-
coming, Rodriguez-Vazquez et a. [1990] proposed a switched-capacitor neural
network for solving a class of optimization problems. This network is suitable
when the optimal solution lies in the feasible region only. Otherwise, the network
may have no equilibrium point. Wang [Wang, 1994] proposed a deterministic
annealing neural network for solving convex programming. This network guaran-
tees an optimal solution can be obtained. Yet, the given sufficient condition is not
easy to be verfied sometimes. From the optimization point of view, most of the
methods employed by these existing neural networks belong to either the penalty
function method or Lagrangian method. For more discussion on the advantages
and disadvantages of these models and their modification, see Cichocki and Unbe-
hauen [1993]. More recently, using the gradient and projection methods Bouzer-
doum and Pattison [Bouzerdoum and Pattison, 1993] presented a neural network
for solving quadratic optimization problems with bounded variables only. The
network has the good performence in computation and implementation but can
not solve general linear and quadratic programming problems. By the dua and
projection methods Xia and Wang developed some neural networks for solving
general linear and quadratic programming problems. These new neural networks
have shown to be of good performencein computation and implementation.

Organized in two parts, this chapter is going to discuss the primal-dual neural
networksfor solving linear and quadratic programming problems (L P and QP) and
develop the neural network for solving linear complementary problems (LCP).
Following a unified method for designing neural network models, the first part of
this chapter describes in detail primal-dual recurrent neural networks, with con-
tinuous time, for solving LP and QP. The second part of this chapter focuses on
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primal -dual discrete time neural networks for QP and LCP. The discrete assign-
ment neural networks are described in detail.

II. CONTINUOUSTIME NEURAL NETWORKSFOR QP
AND LCP

A. PROBLEMSAND DESIGN OF NEURAL NETWORKS

1. Problem Statement
We consider convex quadratic programming with bound contraints:

1

Minimize E:UTAa: +cl'z

subject to Dx = b, (@0}
0<z<d

wherex € R™ isthevector of decisionvariables, A € ®"*" isapositive semidef-
inite matrix, b € R™, ¢ € R",d € R" are constant column vectors, D € R™*"
is a coefficient matrix, m < n. When d = oo, (1) become a standard quadratic
programming:

1
Minimize ExTA;D +clx
subject to Dx=b,2>0 (2

When A = 0, (1) becomes linear programming with bound contraints:

T

Minimize cz
subject to Dz = b, 3
0<z<d

We consider aso linear complementary problems below: Find a vector z € R!
such that
2" (Mz+q)=0,(Mz+q) >0,2>0 ()

whereq € R!, and M € R'*! isa positive semidefinite matrix but not necessarily
symmetric. LCP has been recognized as a unifying description of a wide class
of problemsincluding LP and QP, fixed point problems and bimatrix equilibrium
points [Bazaraa, 1990]. In electrical engineering applications, it is used for the
analysis and modeling of piecewise linear resistive circuits [ Vandenberghe, 1989].
2. Design of Neural Networks

A neural network can operate in either continuous-time or discrete-time form.
A continuous- time neural network described by a set of ordinary differential equa-
tions enables us to solve optimization problemsin real time due to the massively
parallel operations of the computing units and due to its real-time convergence
rate. In comparison, discrete-time models can be considered as specia cases
of discretization of continuous-time models. Thus, in this part, we first discuss
continuous-time neural networks.
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The procedure of a continuous-time neural network design to optimization
usually begins with the formulation of an energy function based on the objec-
tive function and constraints of the optimization problem under study. Ideally,
the minimum of aformulated energy function correspondsto the optimal solution
(minimum or maximum, whatever applicable) of the original optimization prob-
lem. Clearly, a convex energy function should be used to eliminate local minima.
In nontrivial constrained optimization problems, the minimum of the energy func-
tion has to satisfy a set of prespecified constraints. The magjority, if not all, of the
existing neural network approachesto optimization formulates an energy function
by incorporating objective function and constraints through functional transfor-
mation and numerical weighting. Functional transformation is usually used to
convert constraints to a penalty function to penalize the violation of constraints.
Numerical weighting is often used to balance constraint satisfaction and objective
minimization (or maximization). The way the energy functionisformulated plays
an important role in the optimization problem-solving procedure based on neural
networks.

The second step in designing a neural network for optimization usualy in-
volves the derivation of a dynamical eguation (also known as state equation or
motion equation) of the neural network based on a formulated energy function.
The dynamical equation of a neural network prescribes the motion of the activa-
tion states of the neural network. The derivation of adynamical equationiscrucial
for success of the neural network approach to optimization. A properly derived
dynamical equation can ensure that the state of neural network reaches an equi-
librium and the equilibrium state of the neural network satisfies the constraints
and optimizes the objective function of the optimization problems under study.
Presently, the dynamical equations of most neural networks for optimization are
derived by letting the time derivative of a state vector to be directly proportional
to the negative gradient of an energy function.

The next step is to determine the architecture of the neural network in terms
of the neurons and connections based on the derived dynamical equation. An
activation function models important characteristics of a neuron. The range of
an activation function usually prescribes the domain of state variables (the state
space of the neural network). In the use of neural networks for optimization, the
activation function depends on the feasible region of decision variables delimited
by the constraints of the optimization problem under study. Specifically, it is nec-
essary for the state space to include the feasible region. Any explicit bound on
decision variables can be realized by properly selecting the range of activation
functions. The activation function is also related to the energy function. If the
gradient-based method is adopted in deriving the dynamical equation, then the
convex energy function requires an increasing activation function. Precisely, if
the steepest descent method is used, the activation function should be equal to
the derivative of the energy function. Figure 1 illustrates four examples of en-
ergy functions and corresponding activation functions, where the linear activation
function can be used for unbounded variables.

Thelast step in devel oping neural networksfor optimizationisusually devoted
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Figure 1. A block diagram of the neural network model in (5) (Xia, Y. and Wang, J.,
A general method for designing optimization neural networks with global converge nce,
|EEE Transactions on Neural Networks, (©1998 | EEE)
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to simulation to test the performance of the neural network. Simulations can be
performed numerically using commercia software packages or self-programmed
simulators. Simulation can also be implemented physically in hardware (e.g.,
using off-the-shelf electronic components).

In summary, to formulate a optimization problem in terms of a neural net-
work, there are two types of methods. One approach commonly used in devel op-
ing an optimization neural network isto first convert the constrained optimization
problem into an associated unconstrained optimization problem, and then design
a neura network that solves the unconstrained problem with gradient methods.
Another approach is to construct a set of differential equations such that their
equilibrium points correspond to the desired solutions and then find an appropri-
ate Lyapunov function such that all trgjectory of the systems converges to some
equilibrium points. Combining the above two types of methods, we give a de-
terministic procedure to be used directly to construct neural network models[Xia
and Wang, 1998].

Step 1. Find a continuous function ® : ¢ R™*' — R such that its min-
ima correspond to the exact or approximate solutions to P, where Q@ = {u =
(U1, ey tpyg) Y| u; stisfies some interval constraints and P denotes one of (1)-
(4).}

Step 2. Construct acontinuous vector valued function F : Q ¢ Rt — Rt
such that the functions F'(u) and ®(u) satisfy

(1) if w* isaminimizer of ®, then F'(u*) =0,

N (u—u*)'F(u) < —a(®(u) — ®(u*)),Vu € Q
where F'(u) satisfies local Lipschitz conditions, « > 0 and fixed.

Step 3. Let the neura network model for solving P be represented by the
following dynamic systems
(;—1: =AF(u), ue€Q (5)
where A = diag(u1, -.., n+1), and u; > 0 which is to scale the convergencerate
of (5).

Step 4. Based on the systemsin (5), design the neural network architecturefor
solving P.

A block diagram of the neural network is shown in Fig. 1, where the
projection operator Pg(u) enforces state vector w in €2, which is defined by
Po(u) = [Pa(uy), ..., Po(u,qg)]F andfori € L — I, Po(u;) = u;; fori € 1,

d; u; < d;
Po(u;) =<4 u; di > u; > h;
h; w; > h;

whereL = {1,...,n+!{}andI C L.

3. Theoretical Result of the Method
About the proposed method, we have the theoretical results below [Xia and
Wang, 1998].
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Theorem 1. Any neural network derived from the proposed method is stable
in the sense of Lyapunov and globally convergent to an exact or approximate
solution to P.

Proof. Without loss of generality we assume that the set of minimizersof Pis
unbounded, and thus the set of global minimizers of ® is unbounded.

First, we know from the first step of the method that an exact or approxi-
mate solution to P corresponds to a minmizer of @, and from the second step that
F(u) = 0if and only if w isaminimizer of . Thusit followsthat F'(u) = 0 if
and only if u is an exact or an approximate solution to P. That is, the equilibrium
points of the system in (5) correspond to exact or approximate solutionsto P.

Next, by the existence theory of ordinary differential equations [Miller and
Michel, 1982], we see that for any an initial point taken in ) there exists a unique
and continuous solution u(t) C §) for the systems in (5) over [to,T") since the
function F'(u) satisfies local Lipschitz conditions.

Now, we consider the positive definite function

1
V(u) = SllAx(u— w3, weQ

_1
2

where A; = diag(u;%, vy B ) @ ™ is afixed minimizer of ®. From condi-
tion (1) we have
d _dVidu T £ 2
dtV(u) = wEC (u—u")" A{AF (u)
= (u—u")"F(u) < —a(®(u) - ®(u*)) <0. (6)

Thus
lu(t) — u*ll2 < Bllulto) —u®[l> VYt € [to,T)

where 3 is a positive constant. Then the solution u(t) is bounded on [¢, "), and
thus 7" = co. Moreover, the system in (5) is Lyapunov stable at each equilibrium
point.

On the other hand, sincelimy,_, o, V (u*) = +o0o whenever the sequence u* C
Q and limy_, o |[u¥|| = 400, by Lemma 2 we see that all level sets of V are
bounded though all level sets of ® are unbounded, thus Q! = {u € Q|V (u) <
V (u®)} is bounded. Because V (u) is continuously differentiable on the compact
set O and {u(t)|t > to} C Q, it follows from the LaSall€e's invariance principle
that trajectories u(t) convergeto X, the largest invariant subset of the following
set

v
— =0}

Notethat if dV/dt = 0, then (u — u*)T F(u) = 0. S0 —a(®(u) — ®(u*)) > 0 by
condition (I1). Thus ®(u) = ®(u*) and u is an equilibrium point of the system in
(7);i.e,

E={uecQ |
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Conversely, if du/dt = 0,then F(u) = 0,and dV/dt = (u — u*)TF(u) = 0. S0
du/dt = 0if and only if dV/dt = 0. Hence

. d
E:{u€Q|d—Z:0}

Finaly, let limy_, o, u(ty) = 4, thena € Q*. Therefore, for Ve > 0 there
exists ¢ > 0 such that

AL (u(ty) —a)|| <e k>gq

Notethat (6) holdsfor eachu™* € Q*, then||A; (u(t)—a)|| isdecreasingast — oo.
It follows that

1A (u(t) = a)lls < [[Ax(ult,) —@)lla <€ ¢ >k,

then
Jim [|Aq (u(t) = @2 = 0.

tl_l)rgo u(t) =1a.

Remark: From Theorem 1 we see that any neural network designed by using
the proposed method is globally stable and convergent. Following the proposed
method we will derive two neural network models for QP and LCP, in which
equilibrium points give exact solutions and there is no need for penalty or variable
parameter in the models.

B. PRIMAL-DUAL NEURAL NETWORKS FOR LP AND
QP

1. Neural Network Models
From the dual theory we see that the dual problem of (1) is asfollows

1
Maximize bly — ixTA:U —d'v
subject to Az —DVy+c+v >0, (7
v>0

wherey € R™, v € R™ are the vectors of dual decision variables. By the com-
plementary slackness theorem [Bertsekas, 1982], z* and (y*, v*) are optimal so-
[utions respectively to the primal problem (1) and the dual problem (7) if and only
if * and (y*,v*) satisfy Dz* = b,0 < z* < d,v* > 0, and the following
complementary conditions

(v)'(d—2*) =0
{ (%) (Az* — DTy* +c+v*) =0 ®
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Itis easy to see that (8) is equivalent to the equation of projection
r* = Po(z* — Az* + DTy* —¢)

where Q2 = {z € R0 < x < d}, Po(z) = [Pa(z1), Po(z2),..., Po(z,)]?,
andfori =1,2,...,n,

0, if z; <0
d;, ifw; > d;
In Xia[1995], through improving the structure of the modifying extragradient

algorithm [Marcotte, 1991], we proposed the following primal-dual neural net-
work model for solving (2)

4 D™ (Dz — b) + fo[2Az — DTy + ¢
@ <$> - _ —A(r — Az + DTy — ¢)T] )
dt \y Bo[D(z — Az + DTy — ¢)T — ]

and the following model for solving (3)

T O Rt A RO s O SO

respectively, wherez € Q,y € R™, By = ||z — Po(z + DTy —0)||2, Bo = ||z —
(x — Az + DTy — )3, (@) = {[z1]T, ..., [2]T}T, and [z;]T = max{0, z;}.
Here, directly extending the structure of the above two models we can obtain the
following neural network model for solving (1)

p DT (Dz —b) + B[2Az — DTy + ¢
4 (9”) = —APy(r - Az + D"y —0)] (12)
dt \y BIDPq(z — Az + DTy — ¢) — b]

wherez € Q,y € R™, and 3 = ||z — Po(z — Az + DTy — ¢)]|3. For simplicity,
eqgn. (11) can be written as follows:

AR @

where B = DTD,q = DTb,v(z,y) = 24z —DTy+c—Ag(x,y), and g(z,y) =
Po(z—Az+DTy—c). Theprimal-dual neural network consists of amultivariable
system with an excitation function v(z, y) and a multivariable decaying system
g(zy) with atime-varying parameter 5. Figure 2 illustrates the architecture of
the primal-dual network.
2. Global Convergence and Stability

First, we introduce two lemmas.

Lemmal. Letu* € Q,u € R”, then

[Pa(u) = u]"[u— u’] > |lu” = Pa(u)|3.
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Proof. See[Gafni and Bertsekas, 1984].

LemmaZ2. Let ®y(z,,y) = ||Dz—b||3+||Po(z—Az+ DTy —c)—z||3. Then
®y(z,,y) > 0and ®y(z,,y) = 0if and only if (z,y) is an optimal solution to
the original and dual problems, and if ®(z, ,y) = 0, then (z, y) isan equilibrium
point of the system (11).

Proof. From (4) and the structure of the system (11) it is easy to know the
conclusion of Lemma 2.

Theorem 2. Assume that the original problem has an optimal solution. Then
the primal-dual network (11) is stable in the sense of Lyapunov and globally con-
vergent to a point corresponding to the optimal solution of both (1) and (7).

original
system

dual
system

Figure 2. A block diagram of the neural network model in (12)

Proof. Let (xo,yo) € © x £™ bean any giveninitial point. Since the projec-
tion function Po(z — Az + D1y — ¢) is Lipschitz continuousin "™,

DT (Dz —b) + B[A(z — Po(z — Az + DTy —¢))
F(z,y) = +Az — DTy — (]
BIDPq(x — Az + DTy — ¢) — b]

is also Lipschitz continuous. From the existence theory of ordinary differen-
tial equation we see that there exists a unique and continuous solution w(t) =
(x(¢),y(t)) with w(0) = (xo,yo) for (11) on some interval [0, 00). Let w* =
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(z*,y*), wherez* and y* isan optimal solution to (1) and (7), respectively. Then

— (w(t) ~w") " F(z,y)
AT [DY(Dz —b)+ 24z — DTy + ¢
<$_w*> —APo(z — Az + DTy — ¢))

y—y BIDPq(x — Az + DTy — ¢) — b]
1Dz —b]|3 + Bz — 2%)T{A[z — Po(z — Az + DTy — ¢)]
(Az — DTy +¢)} + By — y") ' D[Pa(z — Az + DTy — ¢) — 2]
Bly —y")" (Dz —b)
= ||Dz = b3 + B[z — Pa(x — Az + DTy — ¢)]T[Az — DTy + (]
+ Bla =)Dy —y)
+ Blr — Po(x — Az + DTy — )]V [DTy* — Az* — ¢
+ Bz — ") (Az — DTy +¢)

On one hand, using the same optimal value of both (1) and (7) we obtain that

— (w(t) —w) " F(z,y)
> ||Dx —b||3 + B[z — Pa(z — Az + D'y — ¢)| Az — DTy + ¢
+ Bz —z)TAY(z —2%)

On the other hand, from Lemmalweletu = x — Az + DTy — ¢, u* = z, then
[Po(z—Az+DTy—c)—z]" [t—Az+DTy—c—x] > ||o—Po(z—Az+DTy—c)||2.
Therefore,

— (w(t) —w) ' F(z,y)
1Dz = bll3 + Bllz — Pa(e — Az + DTy — )|l + (z — 2*) T A(x — z*)
‘I’o(m,y)

since 3 = ||z — Po(z — Az + D¥y — ¢)||% and A is a positive semidefinite matrix.
So

2
2

(w(t) —w") ' F(z,y) < —(Ro(z,y) — Ro(z",y")). (13)

So ®y(x,y) and F(x,y) satisfy the conditions (1) and (I1). By Theorem 1 we can
obtain the proof of Theorem 2.

C. NEURAL NETWORKSFORLCP

1. Neural Network Modéel
According to Kinderlehrer [1980], z* is a solution to (4) if and only if z*
satisfies the following equation

Po(z—Mz—q) ==z (14)
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where Q2 = {z € R'|z > 0} and Py (-) denotes the projection onto the set (2. In
Wang [1998] we proposed the following neural network model

% —F(2) = T+ MT)((z = Mz — )" —2) (15)

The system described by (15) can be easily realized by arecurrent neural net-
work with a two-layer structure shown in Fig. 3 where the vector z is the net-
work output, B3¢ = (g;) is the network input vector, and (I + M ™) = (m;)
and M = (w;;) are weighted connections. We see from Fig. 3 that the pro-
posed neural network can be implemented only by using simple hardware without
analog multipliers for variables or penalty parameter. The circuit realizing the
recurrent neural network consists of 212 + 31 simple summers, [ integrators, and
21% weighted connections. The projection operator (-) * may be implemented by
using a piecewise activation function [Bouzerdoum and Pattison, 1993].

2. Global Convergence and Stability
Using Theorem 1 we can obtain the following result.

Theorem 3. Assumethat Q* = {z € R'|» satisfies (4)} is a nonempty set.
Then the neural network of (15) is stable in the sense of Lyapunov and globally
convergent to a solution to (4).

Proof. We see first that z* € Q* if and only if ®(z*) = 0 where ®(z) =
z2—(z—Mz—q)*. Therefore, @ (u) and F'(u) satisfy thefirst step and condition (1)
in the second step. By thefact that (v — Mu—q) T isthe projection of (z— Mz —q)
onto Q and z* isin 2, using Lemma 2 we have

[2* = (u—Mu—q)")'[Mz4+q—2+ (u—Mu—q)*]>0,Vz € R
Since z* isasolution to (4), then
{(u—Mu—q)t =2} {Mz*+q} >0, VzeR.
Adding the two resulting inequalities yields
{z* = (u—Mu—q) "} {Mz - Mz* + (u— Mu—q)* -2} >0,
then

(" =2)TM(E"=2) < (2= (T +MT) (=~ (u-Mu-g))
— Iz (u— Mu—q)* |3

Notingthat (2 — z*)T M (2 — 2*) > 0, it follows that
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(z =2+ M)z~ (u—Mu—q)*} < Iz = (u— Mu—q)"l3,

thus
(z—2")TF(2) < —(®(2) — ®(27)).

So ®(z) and F'(z) satisfy conditions (1) and (I1). By Theorem 1 we can obtain the
proof of Theorem 3.

1. DISCRETE-TIME NEURAL NETWORKSFOR QP
AND LCP

In many operations, discrete-time neural networks are preferable to their
continuous-time counterparts because of the availability of design tools and the
compatibility with computersand other digital devices. In this section, we discuss
discrete-time neural networks. Generally speaking, a discrete-time neural net-
work model can be obtained from a continuous-timeone by converting differential
equations into appropriate difference equations though discretization. However,
the resulting discrete-time model is usually not guaranteed to be globally conver-
gent to optimal solutions. In addition, difficulties may arise in selecting design
parameters since the parameters may not be bounded in a small range. Moreover,
it isnot straightforward to realize variable parametersin hardwareimplementation
of neural networks.

In this section, we present discrete-time recurrent neural networks with fixed
design parameters. These networks are readily realized in digital circuits, and
the proposed recurrent neural networks are guaranteed to globally convergeto an
optimal solution.

A. NEURAL NETWORKSFOR QP AND LCP
We first consider the relation between L CP and the following QP

1
minimize Ea:TAa: +cl'z
subject to Dx >b, x>0. (16)

Itis easy to seethat its dual problemis

1
maximize by — ECUTACU

subject to DYy — Az <e¢, y>0 a7)
where y € R™. From Lagrangian duality [Bertsekas, 1982], one can see that
x*,y* isan optimal solution to (16),(17), respectively, if and only if (z*,y*) sat-
isfies

c+ATe — DTy >0, >0, z'(c+ ATz —-DTy) =0,
Dx—b>0, y>0, y'(Dx—0b)=0. (18)
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Figure 3. A block diagram of the neura network model in (15)
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(k+1)

1

w21
>

A

qQ

q1
q2

Figure 4. A block diagram of the neura network model in (19)
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Let

A -DT c
vl 5 ee[S]
Then the problem (16) and (17) may become an LCP problem. Therefore, we

discuss only discrete-time neural network for LCP.
Applying the Euler formulato the proposed neural network model

% MYz~ Mz =) - 2),
we can get the following discrete-time neural network
z(k+1)=z(k) — hF(z(k)) k=1,2,.. (19)

where F(z) = (I + MT)((z — Mz — ¢)* — z) and h > 0 is afixed design
parameter. Figure 4 showsits digital implementation.

For (19) we have the following theoretical result.

Theorem 4. If h < 7rys . then sequence {z(k)} generated by the
discrete-time network of (19) is globally convergent to an optimal solution of the
problem (16) and (17).

Proof. From the proof of the paper [Solodov and Tseng, 1996] we see that
when b = 2||F(z(k))||2||r(=(k))|>, where r(2) = ((z — Mz — q)* — 2),
the sequence {z(k)} generated by the discrete-time network of (19) is globally
convergent to an optimal solution of the problem (16) and (17). Since

(2 +MT)r|)> < |1+ M|,
2
— 9|F(z(k))||"? k).
T+ MTE S |E (2RI~ (= (k)|
Thus the conclusion of Theorem 4 holds.

B. PRIMAL-DUAL NEURAL NETWORK FOR LINEAR
ASSIGNMENT

1. Problem Formulation
The assignment problem can be formulated as the following zero-one integer
linear program:

minimize Z Z CijTij, (20
i=1 j=1
subject to Zazij =1, j=12,...,m; (21)
i=1
n
owy=1, i=12,...n (22)
j=1
Tij € {0,1}, 1,7=1,2,...,n. (23
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where ¢;; and x;; are respectively the cost coefficient and decision variable asso-
ciated with assigning entity ¢ to position j. In general, a cost coefficient can be
positive representing a loss or negative representing again. The decision variable
is defined such that =;; = 1 if and only if entity ¢ is assigned to position j. The
objective function (20) to be minimized is the total cost for the assignment. Con-
straint (21) ensures that exactly one entity is assigned to each position; i.e., each
column of z;; has only one decision variable being 1. Constraint (22) ensures that
each entity is assigned to exactly one position; i.e., each row of 2 ;; has only one
decision variable being 1. Constraint (23) is the zero-oneintegrality constraint on
decision variables. The assignment problem has a unique solution for almost all

the cost coefficient matrix [c;;], and thus the uniqueness of the solution of (20)-
(23) is assumed throughout this paper. 1t iswell known, from the optimal solution
point of view, that if the optimal solution is unique, then the assignment problem
is equivalent to alinear programming problem by replacing the zero-one integral -

ity constraints (23) with nonnegativity constraints, due to the total unimodularity
property [Bazaraa et al., 1990]:

CUUZO, i,j:1,2,...,n. (24)

We can therefore obtain the solution of (20)-(23) by solving its equivalent lin-
ear program which has also a unique solution. Based on the primal assignment
problem, the dual assignment problem can be formulated as follows:

maximize Z(u, + v;) (25)
i=1
subject to ui +v; <y, 4,5 =1,2,...,m (26)

where u; and v; denote the dual decision variables. The number of decision vari-
ables and inequality constraints in the dual assignment problem is 2n and n 2,
respectively. According to the duality theorem in optimization theory [Bazaraa et
al., 1990], the value of the objective function at its maximum is equal to the total
cost of the primal assignment problem at its minimum; i.e., no duality gap.
2. Neural Network Models
In this section, we discuss the existing primal-dual assignment networks
[Wang and Xia, 1998] for solving the primal and dual assignment problems.
Consider the following energy function:

E(z,u,v) = {Z[chww uﬁvi)” 4+ Z{wa }

2

=1 =1

: 1 n n
T3 ZZ — |ijlzi;)

j=1 i=1 j=1
1 n n
+ DD e = (wi+v)] [ei — (wi +v7) = leij = (wi + v5)]
i=1 j=1

(27)
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where z = (mll,---,xij,---,xnn)T € R”z, v = (vl,---,v,v,---,vn)T € R™,
andu = (uy,---,u;,---,u,)’ € R™ Thefirst termin egn. (27) is the squared
duality gap, the second and third terms are respectively for the equality constraints
(21) and (22) and the fourth term is for the nonnegativity constraint (24) in the
primal assignment problem, the last term is for the inequality constraint (26) in
the dual assignment problem. Clearly, the function E(z,u,v) is continuously
differentiable, convex, and nonnegative on RmH2n, By the duality theorem, x*
and (u*,v*) are optimal solutions respectively to the primal problem and the dual
problemif and only if E(z*,u*,v*) = 0.

The continuous-timeversion of the primal-dual assignment network istailored
from the ones for general linear programming [Xia, 1996]. If we let the time
derivative of a state variable equal the partial derivative of the energy function
defined in egn. (27) with respect to the state variable, the dynamic equation of
the continuous-time primal-dual assignment network is defined in the following
differential equations: fori,j =1,2,...,n;

d_t” = —pfcy Z(Z CpgTpg — Up — Up) + E(xij = lzijl)
p=1 ¢g=1
n
+ Z(ﬂ?zl +x5) — 2} (28)
=1
dus n n 1 n
dtl = —M{—Z(Zcpqqu —up—vp) — 52(0” —U; — U
p=1 ¢=1 =1
= ea —uwi—ul)} (29)
dvi n n 1 n
vl —u{—Z(Zcpqazpq —Up —Up) — 52(% — U Y
p=1 ¢=1 =1
— i —w = vil)} (30)

where > 0 is a design parameter which scales the convergence rate of the
continuous-time assignment network.

Since s — |s| = 2min{0, s} and max{0,s} = —min{0, —s}, the above
equations can be rewritten as follows:

dz;; n n B
dtj = —pey Z(Z CpgTpq — Up — Up) + (Zij)
p=1 ¢g=1
+ Z(.’L‘il + .’L‘l]’) - 2} (31)
=1
dui - - .
e —u{—Z(Z CpgTpg — Up — Vp) +Z(Ui+vl —ca)t} (32)
p=1 ¢=1 =1
dvi - - -
dat _H{_Z(Z CpqTpg — Up — Up) +Z(ul +oi =)'}, (39)

p=1 ¢g=1 =1
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where (s)T = max{0, s} and (s)~ = min{0, s}.

Based also on the energy function (27), the discrete-time version of the primal-
dua assignment network is defined in the following difference equations: for

i;j:172a"'7n;

xz(';'cﬂ) = ng) = hci; Z(Z Cpqxgz) - Ufok) - U;Sk)) + (23
p=1 ¢g=1
+ D ey + ) —2)
=1
n n
k+1 k
RS )~ of)
p=1 ¢g=1

- hz -|-1)l _Cil)+}

k
= ( )+ h{z Zcpqa: u(’C 'Uz(yk))

p=1 ¢g=1
- hZ (k) +v —c)ty,

where h > 0 is adesign parameter to be given. For convenience, let

eh = ZZ% ul) — o)),

vz(k—H)

p=1 g=1
k k k

vy = Z( ¢+,
=1
n

1= Y ot - et
=1
n

8 = 3w 4o )t
=1

Then egns. (34)-(36) can berewritten as: fori,j =1,2,---,n

u§k+1) _ (k) “h [5 ’}/i(k)]
UZ(kJrl) _ Uz’ ) 4 h [f(k) _ 51@)}

(k)

)

-

(34)

(35)

(36)

(37)

(38)

(39)

(40)

(41)
(42)

(43)

Figure 5 illustrates the architectures of the primal-dual assignment networks
defined in auxiliary equations (37)-(40) (Figure 5(a)), differential equations (31-
(33) (Figure 5(b)), and difference equations (22)-(24) (Figure 5(c)). It shows that
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Figure 5. Architectures of the primal-dual assignment networks (Wang, J. and Xia, VY.,
Anaysis and Design of Primal-Dual Assignment Networks, |EEE Transactions on Neural
Networks, (©1998 |EEE)

the primal-dual assignment networks are composed of a number of adders, lim-
iters, and time delays or integrators only.
3. Global Convergence

The global convergence property of the continuous-time counterpart is proven
in Xia [1996]. In this section, we shall show that the discrete-time assignment
network with a constant design parameter is globally convergent to an exact solu-
tion to the primal-dual assignment problem. First, some lemmas are needed to be
introduced.

Lemma3. Let p(z) = (2? — |z|z),x € R. Theny'(z) = x — |z|. For any
z,y € R,

o(x) < e(y) + €' (W) (@ —y) + (z —y)*. (44)

Proof. Consider two cases as follows.
(i) Foranyy > 0, ¢(y) = 0 and ¢’ (y) = 0. Thus,
a)ifz > 0,p(z) < (z —y)?, 0 (44) holds;
b)if x < 0,p(z) = 2% < (z — y)?, S0 (44) also holds.
(i) Fory < 0,y% + 2y(z —y) + (z — y)? = 22, s0 (44) holds.

Lemmad4. Let p(z) = L[(aow + bo)* — |aoz + bo|(aoz + by)],x € R. For
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any x,y € R,

p(x) < ey) +¢'(y) (@ — y) + ag (e — y)*. (45)
Proof. Let 21 = agaw + bo, 22 = apy + b, then p(z) = p1(z1) = %(z% —
|z1]21) and p(y) = ¢1(22) = (23 — |22]22). Thus, by Lemma3 we have

o(r) = @1(21) < @1(z2) + 9] (22) (21 — 22) + (21 — 22)°.
Hence
p(x) < e(y) + @' (W) (@ —y) + aj(z — y)*.

Lemmab. Let ®(z) = Lo’ (z — |z|), € R". Forany z,y € R",
®(z) < @(y) + V()" (z —y) + llz - yll3. (46)

where V@ (y) isthe gradient of ®(y).
Proof. Note that
sz Tj |xz|

ThenVz,y € R™, by Lemmalwe have

n

b(x) <Y Byz( yi = lyil) + (yi = lyaD) (@i — ya) + (i — y2)?

i=1

Thus we have (46).

Lemma 6. Let ®(y) = 3(c — ATy)T{(c — ATy) — |c — ATy|)}, where
A€ R andy € R™. Forany y,z € R™,

B(2) < B(y) + V(W) (2 —y) + (2 —y)TAAT (z — y). (47)

Proof. By Lemma4 and Lemma5, we have (47).

Lemma7. Letw = (z,u,v)’, 0w’ = (z/,u/,v")L € R"+2" and E(z,u,v)
be defined in Section I11. For any w, w’

E(w) < E@w') +VEw)T(w—w') + (w —w' )T H(w —w'), (48)
where
- ATA+ et +1 —cb”
| =bcT AAT 4T |
C = [011,612,...,Cln,621,022,...,an,...,Cn1,6n2,...,cnn)T,b =
(1,---,1)7 € R?*, and A is the 2n x n? constraint matrix in the assignment

problem whose (i, j) column is e; + e, ;, €, is a vector in R*™ with the p-th
element being 1 and othersbeing O, for i, 5,p =1,---,n
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Proof. Let

Ei(w) = % {Z Zcz’jxij — (u; +Ui)] } +

and

DO (@3 - lwijlaig) +

n
i=1 j=1
n

b
g
Il

l\:)ln—l

3

> ey — (ui +v)] feig — (wi +v;) = legg — (wi + )]
=17

l\:)l»—l
I
-

By using the second-order Taylor formula, we have
Ei(w) = By (w') + VE (0T (w —w') + (w — ") V2E; (') (w — w'),

where

V2E, (w') = { cct + AT A —cbT ]

—bct bb!
In addition, we see from Lemma 3 and Lemma 4 that
By (w) < Ex(w') + VE (w') (w = w') + (w — w') " Hy(w - ).
where ,
= [ 0 AT ] !

Since E(w) = Ey (w) + E»(w), we obtain (48).

Lemma8. E(w) defined in Lemma4 is continuously differentiable and con-
vex on R™*+2" and for Vw, w' € R +2n

(w —w')' VE(uw') < E(w) - E(u').
Proof. See Ortega[1970].

Lemma9. Let A be defined in Lemma 7. The maximum eigenvalue of AA™
is2n.

Proof. Since A isa2n x n? matrix whose (4, j) columnise; + e;, for
i,j=1,2,...,n,then

DD (ei+ejan)lei +ejun)”

i=1 j=1
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n n
= Z Z(eieiT + ej_‘_ne?_,_n + e,'eja_n +ejinel)
i=1 j=1
n n n n
= D> (el +ejinefin) + 2> (€] +ejine])
i=1 j=1 i=1 j=1
n n

n n
S et 4 el + 30D il + e,

i=1 j=1 i=1 j=1

Itis easy to see that

n o n n 2n

T T T T
E (eie; +€jtn€jy,) = n E eie; +n E €itnCitn
i=1 j=1 i=1 i=n+1

2n

T
2n E eie; = 2nlayxon,

i=1

where I, x2,, iSa2n x 2n identity matrix. In addition, we have

n n n n

n n
T T T T
E Z(eiej+n +ejine; ) = Zei €itn t Z €jt+n Zei .
' j j i=1

i=1 j=1 i=1  j=1 =1

Letm = Y e andne = Y0, ejin, thennin: = nym = 0and nim =
n¥ny = n. Thus (mnd +neni)(n1 +12) = n(n +n2). Hencen isan eigenvalue
of mn3 + nani .

Assuming that » is not the maximum eigenvalue of 1,7 + n.ni’, then there

exists e > 0 such that
0 U V1 _ (%
(0 0) () =w+a(i)

wherevy, v2 € R™ and

11 ....1
11 .1
U= .
1 1 ;1 nxn
Thus
Uvi = (n+e)uve
Uva = (n+e)v,

and U?vy = (n + €)Uv; = (n + €)%vq. Since the maximum eigenvalue of U? is
2

n 1

n? < (n+€)? <n?,
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which is contradictory. Therefore, the maximum eigenvalue of n1n3 + nenl isn
and thus the maximum eigenvalue of AAT is2n. The proof is complete.

Using the above lemmas, we shall establish the result of global convergence
for the discrete-time assignment network.

Theorem 5. If h < 2)\ where Ay is a maximum eigenvalue of the ma-
trix H defined in Lemma 7, then sequence {z*), u(®) v(¥)} generated by the
discrete-time assignment network is globally convergent to an optimal solution of
the primal-dual assignment problem.

Proof. Let {w®} = {z® u® »(*}1  First, by Lemma 7 we
have E(w*tD) < Ew®) + VE(w(k)) (wkD) — ®) 4 (k) —
w)T H (w0 — ®)). Sincew* 1) — (k) = _hVE(w®),

0 < E(w™) + VEw™)T (=hVE@w™)) + i*VE(w®) ! HVE(w®),

hence
E(w®) < —hl[VE@®)[ + h2Au |V Ew®)|3.
Therefore, from Lemma8 we obtain
D w3 = Jlo® — w2~ 2hw® —w)VE@w®)
h3|VE(w™)|13
[w® —w*||3 — 202 E(w®) + k(| VE@w®)||3
[w® — w*||2 — 21| VE(w®))|]3
203 A ||V E(w®)[13 + 1| E(w®)|13
[ ® — w3 = B[V E@®)[3(1 = 2hAn)

IN + ININ + I

where w* = (z*,u*,v*)T is an optimal solution to the primal and dual assign-
ment problem. Since

ATA+T 0 c
H = 0 AAT :|+|: _b:|[CT7_bT]>

and H is a symmetric positive semi-definite matrix, thus Ay > 0. So, when
VE(w™®) £ 0 (i.e, w™® isnot an optimal solution), it follows that
[+ —wly < lw™® = w*. (49)

Thus, {w®} is bounded. On the other hand, using the above second inequality
we have

R IVE™)IE(1 = 2pAm) < flo® = w3 = o™ — w3,

ZHVE OY||2 < +00.
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Thus  lim IVE(w™)|l2 = 0. Since {w(®} is bounded, there is a sequence
— =00

{k;} such that
lim w®) = .
11— 00
Then
Jim [IVE@ )]s = [VE@)]2 =0,

and thus E(w) = 0. Sow = (&, ,5)T isan optimal solution to the primal and
dual assignment problem. In view of (30), the sequence {w (¥)} has only one limit
point, so
lim w® = .
k——o00

The above analytical result shows that the constant design parameter of the
discrete-time assignment network is bounded in a small range. The following
theorem will illustrate that for any fixed initial step ho thereisanumber! > 0
such that 2L,ho < ﬁ, and hence the assignment network is definitely convergent
to optimal solution to the primal-dual assignment problem in finite steps.

Theorem 6. If b < 1/[2(4n + ||¢||3 + 1)], then sequence {w*) } generated by
the discrete-time assignment network is globally convergent to an optimal solution
of the primal-dual assignment problem.

Proof. Since

ATA+ T 0 ¢
H= 0 AAT :|+|: _b][ch_bT]a

and H isthe sum of two symmetric matrices, according to Courant Fischer Min-
max Theorem [Wang, 1995],

Ar <A+ |lcll5 +2n
where ) is the maximum eigenval ue of

ATA+ 1T 0
0 AAT

In view that AT A and AAT have the same nonzero eigenvalues, according to
Lemma9, we have A = 2n + 1. Hence

A <An+ el + 1.
Then from Theorem 5, we can complete the proof.

V. SIMULATION RESULTS

In order to demonstrate the effectiveness and efficiency of the proposed neural
networks, in this section, we discuss the simulation results through four examples.
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The simulation is conducted on matlab, the ordinary differential equation solver
engaged is ode45s.

Example 1. Consider the following quadratic program (the equivalent to the
onein Kennedy and Chua [1988]) with the only optimal solution z * = (5.0, 5.0):

Minimize :Uf + CU% + x129 — 3021 — 3022
35
bject t — T — Ty < —
subject to 123:1 Ty < Tk
) 35
et , < =
2371 +$2 =9 ’
—I1 §57
T §5

This problemis equivalent to

Minimize w% + azg + 2129 — 3021 — 3022
subject to 5 +
u —T — Ty + T3 = —
! [P A DX
+ a2+ 3
—T1 + T2+ T4 = —
501 2 4 5

5 <21 <7,-5< w2 <5,0< w3 <10,0 <y <35,

We use the system (11) to solve the above problem. Figure 6 shows the transient
behavior of the primal-dual network which globally convergesto the optimal so-
[ution.

Example 2. Consider the convex quadratic program (16) where

—5/12 1 ~35/12
| -s2 -1 2 1], | -3/2 | _[-30
=11 ’A—L 2%’_ -5 ’“{—30]
0 -1 -5

Its exact solution is (5,5)%". We use the systems (15) and (19) to solve the above
problem. All simulation results show that the solution trajectory always converges
to unique point z* = (5.000,5.000,0,6.000,0,9.000 f which corresponds to
the optimal solution (5,5)7. For example, let B = 51, and starting point is
(—10,10,0,0,0,0). Figure 7 shows the transient behavior of the continuous-
time neural network for this starting point. In the discrete-time case, taking step
size h = 0.08, respective trajectories of the initial point (—10, 10,0,0,0,0)” are
shown in Figure 8.

Example 3. Consider the classical linear complementary problem which was
taken from Hertog [1994]. M isan 10 x 10 upper triangular matrix

1 2 2 .. 2
0o 1 2 ... 2
M=|0 0 1 .. 2
0 0 0 1
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Figure 6. Transient behaviors of the primal-dual network of (14) in Example 1

time

Figure7. Transient behaviors of the primal-
dual network of (15) in Example 2
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Figure 8. Transient behaviors of the primal-
dual network of (19) in Example 2
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0 01 02 03 04 05 06 07 08 09 1
time

Figure 9. Transient behaviors of the recur- Figure 10. Transient behaviors of the recur-
rent neural network of (15) in Example 3 rent neural network of (19) in Example 3

and ¢ = (-1,..,—1)Y' € R'0. The solution of the problem is u* =
(0,...,0,1)¥ € R'0. We use the systems (15) and (19) to solve the above prob-
lem. The simulation results show that the trajectory of the system aways glob-
aly converges to the solution (0, ...,1)7. For example, let B = 51, and the
initial pointis (1,—1,...,1,—1)7 € R'°, respectively. Figure 9 shows the tran-
sient behaviors of the continuous-time neural network for this initial point. In
the discrete-time case, taking n = 80 and step size h = 0.016, then the error
r(u) = ||Pa(u— B(Mu+ q)) — u|| dong thetrajectory of the zero initial point is
shown in Figure 10.

Example 4: Consider the sorting problem used in Wang [1995, 1997] (Ex-
ample 1): rank 10 items {-1.3, 1.7, 0.5, 2.2, -2.6, 1.5, -0.6, 0.9, -1.2, 1.1} in
ascending order. Let s; = 11 — j for j = 1,2,...,10. Accordingly, the cost
coefficient matrix can be defined as follows.

—13.0 —11.7 —-10.4 -—9.1 —-7.8 —6.5 —5.2 —39 —26 -—1.3
17.0 15.3 13.6 11.9 10.2 8.5 6.8 5.1 3.4 1.7
5.0 4.5 4.0 3.5 3.0 2.5 2.0 1.5 1.0 0.5
22.0 19.8 17.6 15.4 13.2 11.0 8.8 6.6 4.4 2.2

leis] = —26.0 —23.4 —20.8 —18.2 —15.6 —13.0 —10.4 —7.8 —5.2 —2.6
VA 15.0 13.5 12.0 10.5 9.0 7.5 6.0 4.5 3.0 1.5

-6.0 -54 —-48 —-42 -36 -—-30 -—-24 -—-18 —1.2 —0.6
9.0 8.1 7.2 6.3 5.4 4.5 3.6 2.7 1.8 0.9
-12.0 -10.8 —-9.6 -84 -—-7.2 —-6.0 —48 —-36 —24 -—1.2
11.0 9.9 8.8 7.7 6.6 5.5 4.4 3.3 2.2 1.1

The sorting problem can be formulated as the assignment problem [Wang, 1995].
Thedecisionvariableisdefined asthat «';; = 1 if item with numerical key r; isin
the j-th position of the sorted list. The cost coefficients of the assignment problem
for sorting are defined as ¢;; = r;s; where r; and s; denote respectively the
numerical key of the i-th item to be sorted and the nonzero weighting parameter
for the j-th position in the desired list.

Simulations have been conducted with the initial values of all variablesto be
zero for both continuous-time and discrete-time assignment networks. Figure 11
illustrates the transient behavior of the energy function of the continuous-time
assignment network with ¢ = 10® and variable time-steps. Figure 12 depicts the
transient behaviors of the discrete-time assignment network with three different
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Time. X107

Figure 11. Transient behaviors of the
continuous-time network of (14) in Ex-
ample 4 (Wang, J. and Xia, Y., Analy-
sisand design of primal-dual assignment
networks, |EEE Transactions on Neura
Networks, (©1998 |EEE)

0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time

Figure 12. Transient behaviors of
the discrete-time network of (14) in Ex-
ample 4 (Wang, J. and Xia, Y., Anay-
sisand design of primal-dual assignment
networks, |EEE Transactions on Neura
Networks, (©1998 |EEE)

step lengths h. Specifically, the line decreasing at the fastest rate corresponds to
h = 0.25, the slowest line h = 0.15, in-between h = 0.20. Note that every step
sizeh > 1/(2Ag). All the values of the energy function convergeto zero.

V. CONCLUDING REMARKS

Neural networks have been proposed for optimization in a variety of applica
tion areas such as design and layout of very large scale integrated (VL SI) circuits.
The nature of parallel and distributed information processing makes recurrent neu-
ral networks viable for solving complex optimization problemsin real time. One
of the salient features of neural networks is their suitability for hardware imple-
mentation, in which the convergencerate is not increasing statistically as the size
of the problem increases.

Although great progress has been made in using neural networksfor optimiza-
tion, many theoretical and practical problemsremain unsolved. Many avenues are
open for future work. For example, the existing neural networks have not yet
been shown to be capable of solving nonconvex optimization problems. Neither
could the existing neural networks be guaranteed to obtain the optimial solutions
to NP-hard combinatorial optimization problems. Further investigations should
aim at the indepth analysis of the dynamics of recurrent neural networks for solv-
ing nonconvex and discrete optimization problems, the wide applications of re-
current neural networks to practical problems for real-time design and planning,
and the hardware prototyping of recurrent neural networks for optimization.
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