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3 NUMERICAL OPTIMISATION

3.1 Introduction

311 Preliminaries

In general, optimisation problems can be stated as problems of minimisation
of some function of the design parameters x, subjected to certain constraints, i.e.:

minimise f(x) xOR"
subject to c(x)=0, iOE (3.1)
and c,(x)z0, jOl,

where f(x) is the objective function and ci(x) and cj(x) are constraint functions™.
Design parameters are also referred to as optimisation variables. The second line of
(3.1) represents the equality constraints of the problem and the third line represents
the inequality constraints. We have introduced two index sets, set E of the equality
constraint indices and set | of the inequality constraint indices. The above problem is
also referred to as the general nonlinear problem. Most of optimisation problems can
be expressed in this form, eventually having multiple objective functions in the case
of several conflicting design objectives.

Points x’, which satisfy al constraints, are calleg feasible points and the set of
all such points is called the feasible region. A point x is called a constrained local
minimiser (or local solution of the above problem) if there exists some

neighbourhood Q of X" such that f (x)< f (x’) for all feasible points X0Q,x'# X'
Such apoint is called a strict local minimiser if the < signisapplied in placeof <; a

! Number of optimisation variables will be denoted by n throughout chapter 3.
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3. Numerical Optimisation 3.1. Introduction

dlightly stronger definition of isolated local minimiser, which requires the minimiser
to be the only local minimiser in some neighbourhood. Furthermore, x* is called the

global solution or global constrained minimiser it f(x')< f(x) for al feasible

points x’. This means that a global minimiser isthe local solution with the least value
of f.

Since the objective and constraint functions are in general nonlinear, the
optimisation problem can have several constrained local minimisers X . The goal of
optimisation is of course to comply with the objective as much as possible, therefore
the identification of the global solution is the most desirable. However, this problem
isin general extremely difficult to handle. Actualy there is no general way to prove
that some point is a global minimiser. At best some agorithms are able to locate
several local solutions and one can then take the best one of these. These methods are
mostly based on some stochastic search strategy. Location of problem solutions is of
a statistical nature, which inevitably leads to an enormous number of function
evaluations needed to locate individual solutions with satisfactory accuracy and
certainty. These methods are therefore usually not feasible for use with costly
numerical simulations and are not included in the scope of this work. Currently the
most popular types of agorithms for identifying multiple local solutions are the
simulated annealing a gorithms and genetic algorithms, briefly described in [9].

The optimisation problem can appear in severa specia forms dependent on
whether the inequality or equality constraints are present or not, and whether the
objective and constraint functions have some simple form (e.g. are linear or quadratic
in the optimisation parameters). These specia cases are interesting for mathematical
treatment because it is usually possible to construct efficient solution algorithms that
take advantage of the specia structure.

In the cases related to this work, the objective and constraint functions are
typically evaluated implicitly through a system response evaluated with complex
numerical smulation. Here it can not be assumed that these functions will have any
advantageous structure. At most there are cases with linear constraints or constraints
that can be reduced to the form of simple bounds on variables, and in some casesit is
possible to manage the problem without setting any constraints. Treatment of
optimisation algorithms in this chapter will correspond to this fact. Some problems
with special structure will however be considered since they appear as sub-problems
in genera algorithms. Example of thisis the problem (3.1) with a quadratic objective
function and linear constraint functions (the so called quadratic programming or QP
problem), which often appears in agorithms for general constrained and
unconstrained minimsation.

It proves that solution of the constrained problem is essentially more complex
than solution of the unconstrained problem. Also theoretical treatment of the latter is
in many aspects a natural extension of unconstrained minimisation, therefore the first
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3. Numerical Optimisation 3.1. Introduction

part of this section is dedicated to the general unconstrained minimisation in
multivariable space. Some attention is drawn to show parallels with solution of
systems of nonlinear equations, which is the core problem in numerical simulations
related to this work. The source of additional complexity that arises in practical
unconstrained minimisation, as compared to the solution of nonlinear equations that
appear in simulations, will be addressed. The aim of this section is to represent the
theoretical background used in treatment of this complexity in order to assure
satisfactory local and global convergence properties. Basic treatment of the one
dimensional line search, atypical property of most practical algorithms, is also given
in this context.

In the second part a more general constrained problem will be addressed. The
additional mathematical background such as necessary and sufficient conditions will
be given first. The two most commonly used approaches to constrained optimisation
will then be described: sequential unconstrained minimisation and sequential
quadratic programming.

The section is concluded with some practical considerations with regard to
the present work. Some practical problems that can give rise to inadequacy of the
described theory will be indicated. A problem strongly related to this work is
optimisation in the presence of substantial amounts of numerical noise, which can
cause serious difficulties to algorithms based on certain continuity assumptions
regarding the objective and constraint functions.

3.1.2 Heuristic Minimisation M ethods and Related
Practical Problems

In the subsequent text the unconstrained problem is considered, namely

minimise f(x) xOR" (3.2)

Throughout this chapter it is assumed that f is at least a C* function, i.e. twice
continuously differentiable with respect to x. Every local minimum is a stationary
point of f, i.e. apoint with zero gradient!™:

0f(x)=glx)=g" =0. (33)

Minimisation can therefore be considered as a solution of the above equation, which
is essentially a system of nonlinear equations for gradient components
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3. Numerical Optimisation 3.1. Introduction

gi(x):af(X)ZO, i=1..n. (3.4)

Thisis essentially the same system that arisesin finite element simulation™* and can
be solved by the standard Newton method, for which theiterationis

x k1) = () _ (Dg(k))-lx(k) _ (35)
The notation g = g(x(k)) is adopted throughout this work.

The method is derived from the Taylor series®®*? for g about the current
estimate x®:

g(x¥ +5)=g¥ + 05 +0(5) (3.6)

Considering this as the first order approximation for g and equating it to zero we
obtain the expression for step 0 which should bring the next estimate close to the
solution of (3.4)%

Dg(k)5 = _g(k) .
By setting x**Y =x® + 5 we obtain the above Newton Iteration.

The Newton method is known to be rapidly convergent!?, but suffers for a
lack of global convergence properties, i.e. the iteration converges to the solution only
in some limited neighbourhood, but not from any starting point. This is the
fundamental reason that it is usually not applicable to optimisation without
modifications. The problem can usually be elegantly avoided in simulations, either
because of some nice physical properties of the analysed system that guarantee
global convergence, or by the ability of making the starting guess arbitrarily close to
the equilibrium point where the equations are satisfied. This is, for example,
exploited in the solution of path dependent problems where the starting guess of the
current iterate is the equilibrium of the previous, and this can be set arbitrarily close
to the solution because of the continuous nature of the governing equations. Global
convergence can be ensured ssimply by cutting down the step size, if necessary.

In practice, thisis usually not at all case in optimisation. The choice of a good
starting point typicaly depends only on a subjective judgment where the solution
should be, and the knowledge used for this is usually not sufficient to choose the

' Notation g(x)=0f (x), f® = f(x(")), gl :g(x(k)), etc. will be generally adopted throughout this
text.
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3. Numerical Optimisation 3.1. Introduction

starting point within the convergence radius of Newton’s method, especialy due to
the complex non-linear behaviour of f and consequently g. Modifications to the
method must therefore be made in order to induce global convergence!, i.e
convergence from any starting guess.

One such modification arises from considering what properties the method
must have in order to induce convergence to the solution. The solution X' must be a
limiting point of the sequence of iterations. This means that the distance between the
iterates and the solution tends towards zero, i.e.

lim
Kk - o0

‘xk —X*H =0. (3.7)

This is satisfied if the above norm is monotonically decreasing and if the sequence
has no accumulation point other than x". When considering the minimisation
problem and assuming that the problem has a unique solution, the requirements for a
decreasing norm can be replaced (because of continuity of f) by the requirement that

) are monotonically decreasing. By such consideration, a basic property any
minimisation algorithm should have, is the generation of descent iterates so that

fl) < f0 Ok, (3.8)

This is closely related to the idea of line search, which is one of the
elementary ideas in construction of minimisation algorithms. The ideais to minimise
f dong some straight line starting from the current iterate. Many agorithms are
centered on this idea, trying to generate a sequence of directions along which line
searches are performed, such that a substantial reduction of f is achieved in each line
search and such that, in the limit, the rapid convergence properties of Newton's
method are inherited.

An additiona complication which limits the applicability of Newton's
method is that the second derivatives of the objective function (i.e. first derivatives of
its gradient) are required. These are not always directly available since double
differentiation of numerical models is usualy a much harder problem than single
differentiation. Alternatively the derivatives can be obtained by straight numerical
differentiation using small perturbation of parameters, but in many cases this is not
applicable because numerical differentiation is very sensitive to errors in function
evaluation®* and these can often not be avoided sufficiently when numerical
models with many degrees of freedom are used. Furthermore, even if the Newton
method converges, the limiting point is only guaranteed to be a stationary point of f,

! Herein the expression global convergence is used to denote convergence to alocal solution from any
given starting point. In some of the literature this expression is used to denote convergence to a global
solution.
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3. Numerical Optimisation 3.1. Introduction

but this is not a sufficient condition for a local minimum, since it includes saddle
points, which are stationary points but are not local minimisers.

The most simple agorithm that incorporates the idea of line search is
sequential minimisation of the objective function in some fixed set of n independent
directions in each iterate, most elementarily parallel to the coordinate axes. The
requirement for n independent directions is obvious since otherwise the algorithm

could not reach any point in IR". The method is called the aternating variables
method and it seems to be adequate at a first glance, but turns out to be very
inefficient and unreliable in practice. A simple illustration of the reasons for this is
that the algorithm ignores the possibility of correlation between the variables. This
causes the search parallel to the current search direction to destroy completely the
property that the current point is the minimiser in previously used directions. This
leads to oscillatory behaviour of the algorithm asillustrated in Figure 3.1.

N

. 7.

Figure 3.1: Oscillatory behaviour, which is likely to occur when using
sequential minimisation in afixed set of directions.

Another readily available algorithm is sequential minimisation aong the
current direction of the gradient of f. Again this seems to be a good choice, since the
gradient is the direction of the steepest descent, i.e. the direction in which f decreases
most rapidly in the vicinity of the starting point. With respect to this, the method is
called the steepest descent method. In practice, however, the method suffers for
similar problems to the alternating variables method, and the oscillating behaviour of
this method is illustrated in Figure 3.2. The theoretical proof of convergence exists,
but it can also be shown that locally the method can achieve an arbitrarily slow rate
of linear convergence!!.

The above discussion clearly indicates the necessity for a more rigorous
mathematical treatment of algorithms. Indeed the majority of the up-to-date
algorithms have a solid mathematical background!™ 1" 2% and partially the aim of
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3. Numerical Optimisation 3.2. Simplex Method

this section is to point which are the most important features in the design of fast and
reliable algorithms.

[y
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Figure 3.2: Oscillatory behaviour, which can occur when performing
sequential line searches along the steepest descent directions.

3.2 Simplex Method

One minimisation method that does not belong within the context of the
subsequent text is the simplex method™?: [?/! |t has been known since the early
sixties and could be classed as another heuristic method since it is not based on a
substantial theoretical background.

The simplex method neither uses line searches nor is based on minimisation
of some simplified model of the objective function, and therefore belongs to the class
of direct search methods. Because of this the method does not compare well with
other described methods with respect to local convergence properties. On the other
hand, for the same reason it has some other strong features. The method is relatively
insensitive to numerical noise and does not depend on some other properties of the
objective function (e.g. convexity) since no specific continuity or other assumptions
are incorporated in its design. It merely requires the evaluation of function values. Its
performance in practice can be as satisfactory as any other non-derivative method,
especially when high accuracy of the solution is not required and the local
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3. Numerical Optimisation 3.2. Simplex Method

convergence properties of more sophisticated methods do not play so important role.
In many cases it does not make sense to require highly accurate solutions of
optimisation problems, because the obtained results are inevitably inaccurate with
respect to real system behaviour due to numerical modeling of the system (e.g.
discretisation and round-off errors or inaccurate physica models). These are
definitely good arguments for considering practical use of the method in spite of the
lack of good local convergence results with respect to some other methods.

The simplex method is based on construction of an evolving pattern of n+1

pointsin IR" (vertices of a simplex). The points are systematically moved according
to some strategy such that they tend towards the function minimum. Different
strategies give rise to different variants of the algorithm. The most commonly used is
the Nelder-Mead algorithm described below. The agorithm begins by choice of n+1

vertices of the initial simplex (xf),... , x,(}jl) so that it has non-zero volume. This

means that all vectors connecting a chosen vertex to the reminding vertices must be
linearly independent, e.g.

W, 200 iai(x&)l-xgﬂ)i 0.

If we have chosen xf) , we can for example obtain other vertices by moving,

for some distance, along all coordinate directions. If it is possible to predict several
points that should be good according to experience, it might be better to set vertices
to these points, but the condition regarding independence must then be checked.

Once the initial simplex is constructed, the function is evaluated at its
vertices. Then one or more points of the smplex are moved in each iteration, so that
each subsequent simplex consists of a better set of points:

Algorithm 3.1: The Nelder-Mead simplex method.

After theinitial simplex is chosen, function valuesin its vertices are eval uated:
10 = (x)i=1..n+1.
Iteration k is then as follows:
1. Ordering step: Simplex vertices arefirst reordered so that < £ <. < f®
where ) = £ (x®).

2. Reflection step: The worst vertex is reflected over the centre point of the best n
vertices (x) = % Z %1, o that the reflected point x* is
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3. Numerical Optimisation 3.2. Simplex Method

%K) = 5() 4 (7(k) - X(k+)1)
Evaluate £ = £ (x®).If £ < £®) < £, accept the reflected point and go to
6.

3. Expansion step: If fr(k) < fl("), calcul ate the expansion

) = x84 o) _x9)
and evaluate 1% = £ (x®).1f 109 < £ accept x*) and go to 6. Otherwise
accept x¥) and go to 6.
4. Contraction step: If % > & perform contraction between x) and the better
of x" and x® . 1f 0 < & set

n+l?

(thisis called the outside contraction) and evaluate ) = f(xg‘)). If £ <t®
accept x¥) and go to 6.
If in contrary > f®) et

n+l?

(inside contraction) and evaluate . If £/ < &) accept x¥) and goto®.

n+l

5. Shrink step: Move al vertices except the best towards the best vertex, i.e.

and evaluate £,® = £(v)i=2, .. n+1. Accept v asnew vertices

6. Convergence check: Check if the convergence criterion is satisfied. If so,
terminate the algorithm, otherwise start the next iteration.

Figure 3.3 illustrates possible steps of the algorithm. A possible situation of
two iterations when the algorithm is applied is shown in Figure 3.4. The steps alow
the shape of the simplex to be changed in every iteration, so the simplex can adapt to
the surface of f. Far from the minimum the expansion step alows the simplex to

27



3. Numerical Optimisation 3.2. Simplex Method

move rapidly in the descent direction. When the minimum is inside the simplex,
contraction and shrink steps allow vertices to be moved closer to it.

Figure 3.3: Possible steps of the simplex algorithm in two dimensions
(from left to right): reflection, expansion, outside and inside contraction,
and shrink.

7.

-1 -0.5 0 0.5 1

Figure 3.4: Example of evolution of the simplex.
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3. Numerical Optimisation 3.2. Simplex Method

There are basically two possibilities for the convergence criterion. Either that
function values at vertices must become close enough or the simplex must becomes
small enough. It is usually best to impose both criteria, because either of them alone
can be misleading.

It must be mentioned that convergence to a local minimum has not been
proved for the Nelder-Mead algorithm. Examples have been constructed for which
the method does not converget™d. However, the situations for which this was shown
are quite specia and unlikely to occur in practice. Another theoretical argument
against the algorithm is that it can fail because the simplex collapses into a subspace,
so that vectors connecting its vertices become nearly linearly dependent.
Investigation of this phenomenon indicates that such behaviour is related to cases
when the function to be minimised has highly elongated contours (i.e. ill conditioned
Hessian). Thisis also a problematic situation for other algorithms.

The Nelder-Mead algorithm can be easily adapted for constrained
optimisation. One possibility is to add a specia penalty term to the objective
function, e.g.

0= 16+ 18- 5 0+ 3 o, ). @9

where fn(i)l is the highest value of f in the vertices of the initial simplex. Since

subsequent iterates generate simplices with lower values of the function at vertices,
the presence of this term guarantees that whenever a trial point in some iteration
violates any constraints, its value is greater than the currently best vertex. The last
two sums give a bias towards the feasible region when all vertices are infeasible. The
derivative discontinuity of the terms with absolute value should not be problematic
since the method is not based on any model, but merely on comparison of function
values. A practical implementation is similar to the original agorithm. f is first
evaluated at the vertices of the initial smplex and the highest value is stored. Then
the additional termsin (3.9) are added to these values, and in subsequent iterates f is
replaced by f'.

Another variant of the simplex method is the multidirectional search
algorithm. Itsiteration consists of similar steps to the Nelder-Mead a gorithm, except
that all vertices but the best one are involved in all operations. There is no shrink step
and the contraction step is identical to the shrink step of the Nelder-Mead agorithm.
Possible steps are shown in Figure 3.5. The convergence proof exists for this
method!*, but in practice it performs much worse than the Nelder-Mead algorithm.
This is due to the fact that more function evaluations are performed at each iteration
and that the simplex can not be adapted to the local function properties as well as the
former algorithm. The shape of the simplex can not change, i.e. angles between it
edges remain constant (see Figure 3.5). The multidirectional search agorithm is
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3. Numerical Optimisation 3.3. Basic Mathematical Background

better suited to parallel processing because n function evaluations can aways be
performed simultaneously.

Figure 3.5: possible steps in the multidirectional search agorithm:
reflection, expansion, and contraction.

3.3 Basic Mathematical Background

Construction of optimisation methods described further in this section is
based on some model of the objective function and constraints. Such treatment of the
problem arises to a large extent from the fact that locally every function can be

developed into a Taylor series™® about any point X :

f(x' +h): ih_“ f (”)(x'), (3.10)

= nl

where f(“)(x):%f(x) and n'=1[203L]..[h. This expression itself does not have a
X

significant practical value. A more important fact is that

limR (h)=0 (3.11)

n-oo

and
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3. Numerical Optimisation 3.3. Basic Mathematical Background

Lipan(h):o, (3.12)
where
R(h)=f(x +h)-s,(n) (313)
and
s,(h) = Z% £0(x). (3.14)

This means that if we use only a few terms in the Taylor series, the error that we
make tends to zero both when we increase the number of terms without limit for
some fixed h, and when we take a fixed number of terms and decrease the step h
towards zero. This follows from the result>”

hn+l

f((x +6h) 0< O <1. (3.15)
(n+1)

R,(h)=

The above equation also holds if function f is only €"™*. This means that
every sufficiently smooth function can be localy approximated by a simple
polynomial function, which is sometimes more convenient for theoretical treatment
than the original function.

A similar development is possible for afunction of n variables:

R R A I AR A

il_ll %+hzaix2+...+hn;7naf(xl,xz,...,xn)+, (3.16)
R,(h.h,,...h )
where
d o [
R (h, ... ):(nil)! R 61
f(x,+6h,...x,+8.h), 0<@ <1 i=1..n
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In view of the beginning of this discussion, we can consider numerical
optimisation as the estimation of a good approximation of the optimisation problem
solution on the basis of limited information about the function, usually objective and
constraint function values and their derivatives in some discrete set of points. The
goa is to achieve satisfactory estimation with as little function and derivative
evaluations as possible. Now we can use the fact that general functions can be locally
approximated by simpler functions. Besides, functions of simple and known form
(e.g. linear or quadratic) are completely described by a finite number of parameters.
If we know these parameters, we know (in principle) all about the function, including
minimising points.

There exists a clear correspondence between the above considerations and the
design of optimisation algorithms. One thing to look at when constructing algorithms
is how they perform on ssimple model functions, and proofs of local convergence
properties based to a large extent on properties of the algorithms when applied to
such functiong ™17,

Heurigtically this can be explained by considering a construction of a
minimisation algorithm in the following way. Use function values and derivatives in
a set of points to build a simple approximation model (e.g. quadratic), which will be
updated when new information is obtained. Consider applying an effective
minimisation technique adequate for the model function. Since the model
approximates the function locally, some information obtained in this way should be
applicable to making decision where to set the next iterate when minimising the
original function. In the limit, when the iterates approach the minimum, the model
function should be increasingly better approximation and minima of the successively
built models should be good guesses for the subsequent iterates.

In fact many algorithms perform in a similar manner. The difference is
usually that models are not built directly, but the iterates are rather constructed in
such a way that the algorithm has certain properties when applied to simple
functions, e.g. termination in a finite number of steps. This ensures good local
convergence properties. In addition some strategy must be incorporated which
ensures global convergence properties of the algorithm. The remainder of this section
will consider some mathematical concepts related to this. First, some basic notions
will be introduced, and then some important algorithmic properties will be discussed.

331 Basic Notions

Quadratic model functions are the most important in the study of
unconstrained minimisation. This is because the Taylor series up to quadratic terms
isthe ssimplest Taylor approximation that can have an unconstrained local minimum.
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K eeping the terms up to the second order in (3.16) gives the following expression for
a second order Taylor approximation:

t(x +h)= f(x)+nTor (x')+%hT[D2f (x)n, (3.18)

where

isthe function gradient and
0% f (x):G(x):(D]] T)f (x)

isthe Hessian matrix® of the function, i.e. matrix of function second derivatives,

02t ()], =6, ()= aiafx (x). (3.19)

Notation g(x)=0f (x) and G(x) =02 (x) will be used throughout this text.

Theideaof alinein IR" isimportant. Thisis a set of points

x=x(a)=x +as, (3.20)

where a O R is a scalar parameter, x is any point on the line and s is the
direction of the line. s can be normalised, e.g. with respect to the Euclidian norm, i.e.

Zsﬁzl.

It is often useful to study how a function defined in IR" behaves on aline.
For this purpose, we can write

2
! In standard notation Operator [j2 =A = [J7[] = \ Lz is the Laplace operator. However, in most
1 0X

optimisation literature this notation is used for the Hessian operator, and so is also used in this text.
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fa)=f(x(@))=f(x +as). (3.21)

From this expression we can derive direction derivative of f, i.e. derivative of the
function along the line:

f
)5 22 S 2ot

This can be written as

LI BEAN o2
a S

In asimilar way the curvature along the line is obtai ned:

d*fla) _d of _d & of
da® dada da Izs())q
dx, 9%f oo 9%f

2.5 Z da axdx, ; ,lesj 0%0X

and so

=s"(0f )s. (3.23)

A genera quadratic function can be written in the form
1 ; T
q(x):Ex Gx+b"x+c, (3.24)

where G is a symmetric constant matrix, b a constant vector and ¢ a constant scalar.
The gradient of thisfunctionis

Og(x)=Gx+b (3.25)

and the Hessian matrix is

0%q(x)=G, (3.26)
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where the rule for gradient of a vector product
D(uTv)z (DuT)v + (DVT)U; u=u(x),v=v(x)
was applied.

We see that a quadratic function has a constant Hessian and its gradient is an
affine function of x. As a consequence, for any two points the following equation
relating the gradient in these pointsisvalid:

Oq(x')-0g(x )=G(x -x). (3.27)

If G is nonsingular, a quadratic function has a unique stationary point

(Dq(x'): 0):
X =-G™p, (3.28)

which is aso a minimiser if G is positive definite (see section 3.3.2). Taylor
devel opment about the stationary point gives another form for a quadratic function

q(x):%(x—x')T G(x-x)+c, (3.29)
, 1 -
where ¢ :C_EX Gx .
In this text aterm linear function® will be used for functions of the form

I(x)=a"x+h, (3.30)

where a" is a constant vector and b a constant scalar. Such functions have a constant
gradient

! Mathematically this is an affine function. Linear functions are thosé®® for which
f (ax+by) = af (x)+bf (y) for arbitrary x and y in the definition domain and for arbitrary constants a

and b. Affine functions are those for which f(x)—c is a linear function, where c is some constant.

However, in the optimisation literature affine functions are often referred to simply as linear and this
is also adopted in this text.
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Ol(x)=a (3.31)
and zero Hessian

02(x)=0. (3.32)

3.3.2 Conditionsfor Unconstrained Local Minima

Consider first aline through some point X', i.e. x(a)=x" +as. Let usdefinea
scalar function of parameter a using values of function f on this line as
f(a)=f(x(a)). 1f X" isalocal minimiser of f(x), then Oisclearly alocal minimiser
of f(a). From the Taylor expansion for a function of one variable about 0 then it

follows™” that f has zero slope and non-negative curvature at  =0. This must be
true for any line through x , and therefore for any s. From (3.22) and (3.23) it then
follows

g =0 (3.33)
and
s'G's=0 [s, (3.34)

where the following notation is used: "= f(x’), g(x)=D0f (x), g =g(x),
G(x)=0%f(x), and G" =G(x’). This notation will be used through this text, and
similarly f(x®)= % etc.

Since (3.33) and (3.34) are implied by assumption that X is alocal minimiser
of f, these are necessary conditions for X being a local minimiser. (3.33) is referred
to afirst order necessary condition and (3.34) as a second order necessary condition.
This condition states that the Hessian matrix is positive semi-definite in a local
minimum.

The above necessary conditions are not at the same time sufficient, i.e. these
conditions do not imFIy X to bealoca minimiser. Sufficient conditions can be stated
in the following way'™:

Theorem 3.1;

Sufficient conditions for a strict and isolated local minimiser X~ of f are that f has
azero gradient and a positive definite Hessian matrix in X :
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g =0 (3.35)
and
s'G's>0 [Os#0 (3.36)

There are various ways how to check the condition (3.36). The most
important for practical purposes are that>®! G is positive definite, the Choleski
factors of the LL" decomposition exist and all diagonal elementsl, are greater than

zero, and the same applies for diagonal elements d, of the LDLT decomposition.

This can be readily verified on those algorithms which solve a system of equation
with the system matrix G in each iteration, since one of these decompositions is
usually applied to solve the system.

Some agorithms do not evaluate the Hessian matrix. These can not verify the
sufficient conditions directly. Sometimes these algorithms check only the first order
condition or some condition based on the progress during the last few iterations. It
can usually be proved that under certain assumptions iterates still converges to a
local minimum. Algorithms should definitely have the possibility of termination in a
stationary point, which is not a minimum (usually in a saddle point with indefinite
Hessian matrix). Some algorithms generate subsequent approximations of the
Hessian matrix, which converge to the Hessian in the limit when iterates approach a
stationary point. The condition can then be checked indirectly on the approximate
Hessian. More details concerning this will be outlined in the description of individual
algorithms.

3.3.3 Dedrable Propertiesof Algorithms

A desired behaviour of an optimisation agorithm is that iterates move
steadily towards the neighbourhood of alocal minimser, then converge rapidly to this
point and finally that it identifies when the minimiser is determined with a
satisfactory accuracy and terminates.

Optimisation agorithms are usually based on some model and on some
prototype algorithm. A model is some approximation (not necessarily explicit) of the
objective function, which enables a prediction of alocal minimiser to be made.

A prototype agorithm refers to the broad strategy of the algorithm. Two basic
types are the restricted step approach and the line search approach, described in
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detail in the subsequent sections. There it will be also pointed out that the ideas of
prototype algorithms are usually closely associated with global convergence.

Local convergence properties of an algorithm describe its performance in the
neighbourhood of a minimum. If we define the error of the k-th iterate

h() = x®) —x*, (3.37)

it may be possible to state some limit results for h®. An algorithm is of course
convergent if h®) _ 0. If alimit

=a (3.39)

exists where a> 0 is some constant, then we say that the order of convergenceis p.
This definition can also be stated in terms of bounds if the limit does not exist: the
order of convergenceisp if

Hh(k+1)
= -

for some constant a >0 and for each k greater than some kii,. An important cases are
linear or first order convergence

Hh(m)
Hh(k)u <a (3.40)
and quadratic or second order convergence
Hh(kﬂ)
T <a. (341)

The constant a is called the rate of convergence and must be less than 1 for
linear convergence. Linear convergence is only acceptable if the rate of convergence
is small. If the order and rate are 1, the convergence is sublinear (slower than all

linear convergence). Thiswould be the case if Hh"” =1/k.

When the order is 1, but the rate constant is O, the convergence is superlinear
(faster than all linear convergence), i.e.
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=0. (3.42)

Successful methods for unconstrained minimisation converge superlinearly.

Many methods for unconstrained minimisation are derived from
guadratic models. They are designed so that they work well or exactly on a quadratic
function. This is partially associated with the discussion of section 3.3.1: since a
general function is well approximated by a quadratic function, the quadratic model
should imply good local convergence properties. Because the Taylor series about an
arbitrary point taken to quadratic terms will agree to a given accuracy with the
original function on a greater neighbourhood than the series taken to linear terms, it
is preferable to use quadratic information even remote from the minimum.

The quadratic model is most directly used in the Newton method (3.5), which
requires the second derivatives. A similar quadratic model is used in restricted step
methods. When second derivatives are not available, they can be estimated in various
ways. Such quadratic models are used in the quasi-Newton methods.

Newton-like methods (Newton or quasi-Newton) use the Hessian matrix or
its approximation in Newton’'s iteration (3.5). A motivation for this lies in the
Dennis-Moré theorem, which states that superlinear convergence can be obtained if
and only if the step is asymptotically equal to that of the Newton-Raphson method™.

The quadratic model is also used by the conjugate direction methods, but in a
less direct way. Nonzero vectors s9.6@ s gre conjugate with respect to a
positive definite matrix G, when

s =0mizj. (3.43)

Optimisation methods, which generate such directions when applied to a
quadratic function with Hessian G, are called conjugate direction methods. Such
methods have the following important property':

Theorem 3.2;

A conjugate direction method terminates for a quadratic function in at most n
exact line searches, and each x™) isaminimiser of that function in the set

O k . ]
D(;x:x(l)+Zajs('),aj OR[ (3.44)
O 1= H
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The above theorem states that conjugate direction methods have the property
of quadratic termination, i.e. they can locate the minimising point of a quadratic
function in a known finite number of steps. Many good minimisation algorithms can
generate the set of conjugate directions, although it is not possible to state that
superlinear convergence implies quadratic termination or vice versa. For example,
some successful superlinearly convergent Newton-like methods do not possess this

property.

It is useful to further develop the idea of conjugacy in order to gain a better
insight in what it implies. We can easily see that s are linearly independent. If for
example s\ was alinear combination of some other vectors s/, eg.

(i) = (k)
stV=\ BsY,
; ’

multiplying this with $I'G would give
which contradicts the positive definiteness of G.

We can use vectors s\ as basis vectors and write any point as
— @ 4 g )
X=x"+ Z as". (3.45)

Taking into account this equation,(3.29) and conjugacy, the quadratic function from
the theorem can be written as*

qla)= %(x ~x ) Gx-x)= %(a ~a')s'Gsla-a’). (3.46)

We have ignored a constant term in (3.29), which has no influence on further
discussion, and written the minimiser x of g as

X0 =x+ Y ars),

! Notation o =[a,,a,,...a,]" is used. Vectors denoted by Greek letters are not typed in bold, but it
should be clear from the context when some quantity is vector and when scalar.
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and S is a matrix whose columns are vectors s'). Since s are conjugate with
respect to G, the product S'GS is a diagonal matrix with diagonal elements d, , say,

and therefore

Q(a):% : (ai _ai*)zdi . (3.47)

We see that conjugacy implies a coordinate transformation from x-space to
a -spacein which G isdiagonal. Variablesin the new system are decoupled from the
point of view that g(ar) can be minimised by applying successive minimisations in
coordinate directions, which results in a minimiser a” corresponding to x* in the x
space. A conjugate direction method therefore corresponds to the alternating variable
method applied in the new coordinate system. Enforcing conjugacy overcomes the
basic problem associated with the alternating variable method, i.e. the fact that
minimisation along one coordinate direction usually spoils earlier minimisations in
other directions, which is the reason for oscillating behaviour of the method shown in
Figure 3.1. Since a similar problem is associated with the steepest descent method,
conjugacy can be successfully combined with derivative methods.

A side observation is that eigenvectors of G are orthogonal vectors conjugate
to G. A quadratic function is therefore minimised by exact minimisation along all
eigenvectors of its Hessian. Construction of the conjugate direction methods will
show that there is no need to know eigenvectors of G in order to take advantage of
conjugacy, but it is possible to construct conjugate directions starting with an
arbitrary direction.

Another important issue in optimisation algorithms is when to terminate the
algorithm. Since we can not check directly how close to the minimiser the current
iterate is, the test can be based on conditions for alocal minimum, for example

Hg(k)u <eg, (3.48)

where ¢ is some tolerance. Sometimes it is not easy to decide what magnitude to
choose for &€, since a good decision would require some clue about the curvature in
the minimum. The above test is also dependent on the scaling of variables. Another
difficulty is that it can terminate in a stationary point that is not a minimum. When
second derivative information is available, it should be used to exclude this
possibility.

When the algorithm converges rapidly, tests based on differences between
iterates can be used, e.g.
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X))

<& O (3.49)
or
Ol < g, (3.50)

These tests rely on a prediction how much at most f can be further reduced or
X approached to the minimum.

The test
%g(k)TH kg(k) ’ (3.51)

where H is the inverse Hessian or its approximation, is also based on predicted
change of f.

Finally, the possibility of termination when the number of iterations exceeds
some user supplied limit is a useful property of every algorithm. Even when good
local convergence results exist for a specific agorithm, this is not necessarily a
guarantee for good performance in practice. Function evaluation is always subjected
to numerical errors and this can especially affect algorithmic performance near the
solution where local convergence properties should take effect.

3.4 Line Search Subproblem

34.1 Features Relevant for Minimisation
Algorithms

The line search prototype algorithm sequentially minimises the objective
function along straight lines. The structure of the k-th iteration is the following:

Algorithm 3.2: Iteration of aline search prototype algorithm.

1. Determine a search direction s accordi ng to some model.
2. Find o™, which minimises f (x¥ +as®) and set x*9 = x() + g ¥k,
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Finding aminimum of f on aline isreferred to as the line search subproblem.

In the minimum, slope df /da must be zero, which from (3.22) gives
of kdTsk) = g, (3.52)
If s satisfies the descent property
kgl <, (3.53)

then the function can be reduced in the line search for some a® >0 unless x* isa
stationary point. A line search method in which search directions satisfy the descent
property is called the descent method.

The descent property is closely associated with global convergence and by
suitable choice of a line search condition it is possible to incorporate it within a
global convergence proof. Merely requiring that f is decreased in each iteration
certainly does not ensure global convergence. On the other hand, expensive high
accuracy line searches do not make sense, especially when the algorithm is far from
the solution. Therefore conditions for line search termination must be defined so that
they alow low accuracy line searches, but still enforce global convergence.

Let us write f(a)=f(x®¥+as®) and let @* denote the least positive a
for which f(a)= f(0) (Figure 3.6). Negligible reductions can occur if we allow the
line search to be terminated in points closeto O or & () Line search conditions must

exclude such points, impose significant reductions of f, guarantee that acceptable
points always exist and can be determined in a finite number of steps, and should not
exclude the minimising point 8" when f (a) is quadratic with positive curvature.
These requirements are satisfied by the Goldstein conditions
f(a)< £(0)+ap f(0) (3.54)

and

f(a)= £(0)+a(1-0)f (0), (3.55)

where p[ Eb%@ is some fixed parameter. (3.54) implies
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fl)— gl 5 —pglTak), (3.56)
where 3 = x**9 —x() The condition p < 0.5 ensuresthat when f () is quadratic,
the minimiser is an acceptable point, but thisis not true for a general function (Figure

3.6 aso shows the case where the minimiser is not an acceptable point). This
deficiency is dismissed with the Wolfe-Powell conditions

f(a)< £(0)+ap f(0) (3.57)
and

f'(a)=o (0), (3.58)
where o[ E{),%Eand o 0(p.,1). Thisimplies

g(k+1)T 50 s o g(k)T oK) (3.59)

Let @ >0 be the least positive value for which the graph f(a) intersects the line
f(0)+a p f'(0) (point b in Figure 3.6). If such a point exists, then an interval of
acceptable points for the Wolfe-Powell conditions existsin (0,4).

ol f ()
40

20 f

10

of (0 () \\g\l—p) £'(0)

Figure 3.6: Line search conditions. [a,b] istheinterval of acceptable
points for Goldstein conditions, while[a& ,b] isan interval of acceptable
points for the Wolfe-Powell conditions. Slopes of auxiliary lines are
denoted in the figure.
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A two-sided test on the slope of f can also be used, i.e.
[f'(a)<-0'(0) (3.60)

together with (3.57). Aninterval of acceptable points existsin (O,d') for this test, too,
if a exists.

To ensure global convergence, line searches must generate sufficient
reduction of f in each iteration since otherwise non-minimising accumulation points
of the sequence of iterates can exist. Fulfillment of this requirement depends on the
applied line search criterion, but aso on the line search directions. If these become
orthogonal to the gradient, than no reduction of f can be made. It is advantageous to
introduce some criterion to bound directions away from orthogonality to the gradient
direction.

The angle criterion is defined as

gk sg— u Ok, (3.61)

where g > 1 >0 isafixed constant and 6% isthe angle between the gradient of f

and the search direction, i.e.

cos‘1H ‘ ‘ = (3.62)

Aol 8

The following global convergence theorem then holdsY:

Theorem 3.3:

For a descent method with Wolfe-Powell line search conditions, if Of is
uniformly continuous on the level set {x; f(x)< f(l)} and if the angle criterion
(3.61) holds, then either f® _ -0 or g 0.

Considering practical agorithms, the steepest descent method satisfies the
angle criterion. Newton-like algorithms (section 3.5) define the search direction as

s = —H gk, (3.63)
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If HY is positive definite, then s*) is a descent direction. In this case a sufficient

condition is that the spectral condition number ) of H® is bounded above for
every k. The spectral condition number of amatrix is the ratio between its largest and

smallest eigenvalues (4,/4, ). The relations™* |Hg|, < A|g|, and g"HG =2 A, g"g
hold for any matrix H and vector g, and thisimplies an estimation

et_ 1
9 APIPOR

which implies the above statement.

A much weaker criterion can be used in place of the angle criterion in
Theorem 3.3, namely

Z cos? 0% = o, (3.64)

in this case liminf Hg(k)u =0, which meansthat g - 0 on a subsequence'”.

3.4.2 Derivative Based Line Search Algorithms

Line search algorithms 3 consist of two parts. The first one is the
bracketing stage, which finds a bracket, that is an interval known to contain
acceptable points. The second part is the sectioning stage, in which a sequence of
brackets whose length tends to zero is generated. It is advantageous to use some
interpolation of f (a) in this stage in order to find an acceptable point which is close
to the minimiser.

If fis not bounded below, it can happen that an interval of acceptable points
does not exist. It is therefore advisable to supply a lower bound ( f , say) so that all

points for which f(a)< f are considered acceptable. The line search can then be
restricted to the interval (0, i] , where u isthe point at which the p -line reaches the
level f,i.e

(3.65)
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In the bracketing stage a; is set in increasingly large jumps until a bracket
[a,b,] on an interval of acceptable points is located. An agorithm suitable when
objective function derivatives are availableis given below.

Algorithm 3.3: Bracketing stage of line search.
Initidly a, =0 and a, isgivensothat 0<a, < i. For each i the following
iteration is repeated:
1. Evauate f(a) and f'(a,).
2. If f(a,)< f then terminate line search.
3. If f(a,)>f(0)+a,pf'(0) or f(a,)= f(a,,) then
set a, =a,_, and b =a,, terminate bracketing.
4. If |f'(a;) < -0 1(0) then terminate line search.
5. If f'(a;)=0 then
set a =a; and b =a,_,, terminate bracketing.
6. If usa,_ +2(a -a,,) thenset a,,, = u, else
choose a;,, D[ai—1+2(ai _ai—l)’ min(ﬂ’ai +T1(ai _ai—l))]

1, isapre-set factor for which size of the jumpsisincreased, e.g. 10. Lines2
to 5 terminate the bracketing stage, if a suitable bracket is located, or the whole line
search, if an acceptable point or point for which f(ai)s f is found. If neither of
these situations take place in the current iteration, the search interval is extended
(line 6). In this case it is convenient to choose a,,, as a minimiser of some
interpolation of f(a), e.g. a cubic polynomial constructed using f(a, ), f'(a.).
f(a,) and f'(a,).

If an acceptable point is not found in the bracketing stage, then a bracket
[a1. ,q] is located, which contains an interval of acceptable points with respect to

conditions (3.54) and (3.60). The bracket satisfies the following properties:

a a isthecurrent best trial point that satisfies (3.54) (it ispossiblethat b <a,, i.e.
the bracket is not necessarily written with ordered extreme points).

b. (b-a)f'(a)<0,but f'(a) doesnot satisfy (3.60).

c. dther f(b)>f(0)+bo'(0) or f(b)=f(a) or both.
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The sectioning stage is then performed in which the bracket is sectioned so
that the length of subsequently generated brackets [aj,bjj tend to zero. In each

iteration a new triad point a; is chosen and the next bracket is either [aj,al.],
[aj,aj], or [aj,bj] or, so that the above described properties remain vaid. The
agorithm terminates when the current trial point a; is acceptable with respect to
(3.54) and (3.60).

Algorithm 3.4: Sectioning stage of the line search

A bracket [a,,b,] isfirst available from the bracketing stage. Thej-th iteration is

then:
1. Choose a; D[aj +r2(bj -a, ) b, —rg(bj -, )J

I

evauae fla;) and f'a;).

2. 1f fla;)> (0)+pa,f'(0) or fla,)= (), then

set a;,, =a; and b, =a;, begin the next iteration.
3. |If ‘f'(aj)s—af'(o)‘,then terminate the line search.
4. Set a;, =a;

i+l

If (b,-a,)f'(a,)20 thenset b, =a,, elseset by, =b

i -

r, and 1, are prescribed constants (0<7,<7,<3, 7, <0), which prevent
a; being arbitrarily closeto a; or b;. Then

bj+1 - a'j+1

<(1-1,)b, - 4| (3.66)

holds and the interval length therefore tends to zero. Their values can be for example
T, =45 and 7, =3. Thechoice of a; inline 1 can again be made by minimisation of

some interpolation of f(a).

If o> p then the algorithm terminates in a finite number of steps with a; which is
an acceptable point with respect to (3.54) and (3.60) 1.

In practice it can happen that the algorithm does not terminate because of
numerical errors in the function and its derivatives. It is therefore advisable to
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terminate if (aj —aj)f’(aj)s £, where ¢ is some tolerance on f, with indication that
no further progress can be made in the line search.

It is advantageous if a good initial choice a;, (i.e. close to the line minimiser)

can be made before the beginning of the bracketing stage. Some algorithms can give
an estimation of likely reduction in the objective function in the line search Af . This

can be used in the quadratic interpolation of f, giving

__p O
a,=-2 o) (3.67)

A suitably safeguarded reduction in the previous iterate can be used as estimation of
Af, eg. Af =max(f %Y - () 10¢), where ¢ isthe same tolerance as above. In the
Newton-like methods (section 3.5) the choice a, =1 is significant in giving rapid
convergence. Therefore the choice

a, = min%,—ZfA,—(g)E (3.68)

is usualy made. The choice a, =1 is aways made when iterates come close to the
minimiser, if the method is superlinearly convergent.

3.4.3 Non-derivative Line Search Algorithms

If the line search is performed in an agorithm where derivatives are
evaluated numerically by finite difference approximation, then f'(a) can aso be
approximated numerically and the line search strategy described in the previous
section can be used. There also exist methods, which perform line searches, but do
not use derivative information (e.g. direction set methods). In these methods non-
derivative line search algorithms are used.

In the absence of derivative information, the criteria for acceptable points

described in the previous section can not be applied. None-derivative line search
methods rely on the fact that if we have three points a, b and ¢ such that

a<b<cOf(b)< f(a)Of(b)< f(c), (3.69)
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then f has at least one local minimum in the interval [a,c]. It is then possible to

section this interval, keeping three points, which satisfy the above relation through
iterates.

The non-derivative line search also consists of a bracketing and sectioning
stage. In the bracketing stage a triple of points {a,,b,,c} that satisfy (3.69) is found
in the following way:

Algorithm 3.5: Sectioning stage of a non-derivative line search.

Given a, =0, f,=f(a,), a, and f, = f(a,) suchthat f, < f,, thei-th
iteration is as follows:

1. Seta =a,,+{(a -a,,), evauae f = f(a,).

2. If f <f,accept a, and terminate the line search.

3. If f>f_ ,seta =a._, b =a._ and c =a,, terminate bracketing.

Again f issome user defined value, so that the point with value of f lesser
than f is automatically accepted as the line minimum. ¢, >1 is some factor which
ensures that trial intervals are progressively enlarged, e.g. {, =2.

The algorithm assumes that initially f, < f,. If f, > f;, the agorithm can
smply change a, and a, before the first iteration begins. The other possibility is to
try with o' =-a,. If f'=f(a')> f,, we can immediately terminate bracketing with
a=a,b=a,=0and c, =a,, otherwise we change a, and a, andset a, =a".

The sectioning stage (Figure 3.7) is described below.

Algorithm 3.6: Sectioning stage of a non-derivative line search.

Given atriple of points{a,,b;,c} , which satisfy (3.69), thej-th iteration is as
follows:

a, +Zz(bj —Q, )’bj _Zz(bj —a, )] '%’ evaluate (/) :(aj).
b, +2,(c,-b) )¢, -2, -0 ] &

2. 1f f, < f , then accept a; and terminate the line search.

1. Choose a, Dg

3. If a, D[bj_l,cj_l] , interchange a; and c; .
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4. If a,<b,,set a,,,=a;, b, =a; and ¢;,, =b;, gotoline6.

5 Ifa;zb,seta, =a;,b,=b andc, =c;,gotoline6.

6. Check convergence criterion. If the criterion is satisfied, then terminate with b
as the line minimum.

A triple of points {aj,bj,cj} satisfies the condition (3.69) through all
iterations. Parameter {, (0<{, <3) ensures that the lengths of successive brackets
[aj ,cj] tend to zero. ¢, =0.1 isareasonable choice.

50 |
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Figure 3.7: Sectioning stage of the non-derivative line search in the
case when interpolation is not applied.

a; can be chosen as the minimiser of a quadratic interpolation of f, i.e. a
parabola through the points (aj, f(aj ). (bj, f(bj ) and (cj, f(cj ). The formula of
such parabolais

and itsminimiser is
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(b)- (2] (3.70)

o eps b=a)[f(0)- (] - (o)
" 2 (b-a)f(b)- f(c]-(o-c)

where indices j have been omitted.

If a,, is an element of the acceptable interval in line 1 of the above
dgorithm, then a; = a,;, is set. Otherwise the longer a; is obtained by sectioning

n

the longer of both intervals. If the longer interval is [aj ,bj] , then

r
a; =g, +E(bj —aj), (3.71)

where 7 issome fixed parameter such that 0.5<7<1-¢,.

A common choice is the golden section ratio 7 = (1+ JE)/z =1.618. It follows
from the request that when a new point a; is inserted in [aj ,bj] , both potentially
c...—b.
new brackets have the same interval length ratio —*—2 (i.e. 1/7), which then
j+1_ j+1
gives 7 = (1+ \/5)/ 2. This request can be applied when pure bracketing takes place
and also theinitial triple has the same interval length ratio.

The convergence can be checked either on function values, e.g.
max{(f (a, )= £ (o, (¢, )- £ (b, )y <& (3.72)
or oninterval length, i.e.

c —a|<e. (3.73)

52



3. Numerical Optimisation 3.5. Newton-like Methods

3.5 Newton-like Methods

Newton-like methods are based on a quadratic model, more exactly on the
second-order Taylor approximation (equation ) of f(x) about x®. The basic ideas

around this were explained in sections 3.1.2 and 3.3 and will be further developed in
this section.

In section 3.1.2 Newton's method was derived from the solution of the
system of equations

Og(x)=0,

where the iteration formula was derived from the first order Taylor’'s approximation
of g(x), giving iteration formula (3.5). Two problems related with direct application
of the method were mentioned there, i.e. lack of global convergence properties and
explicit use of the second order derivative information regarding the objective
functions. Some general ideas on how to overcome these problems were outlined in
section 3.3 and will be further developed in this section for algorithms, which in
principle stick with the basic idea of Newton’s method.

In order to take over and develop the ideas given in section 3.3, let us start
from the second order Taylor approximation of f itself, developed around the current
iterate:

F(x +6)=qM(8)= 19 +g"5 +%5TG(“)5 . (3.74)

Using the results of section 3.3, the stationary point of this approximation is a
solution of alinear system of equations

GHg=—gl. (3.75)

It is unique if G® is non-singular and corresponds to a minimiser if G® is positive
definite. Newton's method is obtained by considering o®) as solution of the above

equation and setting the next guess to x*) + 3% . The k-th iteration of Newton's
method is then

1. Solve (3.75) for &,
2. Set xk) =) 4 50
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Thisis well defined as a minimisation method only if G® is positive definite
in each iteration, and this can be readily checked if for example LDLT
decomposition is used for solution of (3.75). However, even if G® is positive
definite, the method may not converge from any initial guess, and it can happen that

{f (k)} do not even decrease.

Line search can be used to eliminate this problem. The solution of (3.75) then
defines merely the search direction, rather than correction o"). The correction is
then obtained by line minimisation using agorithms described in section 3.4.2, and
such amethod is called Newton’s method with line search. The direction of searchis

g™ (3.76)

If G® and hence its inverse are positive definite, this defines a descent
direction. If G® is not positive definite, it may be possible to make a line search in
+s® | but the relevance of searching in - s guestionable because this is not a
direction towards a stationary point of q(d). Furthermore, the method fails if any

x") is a saddle point of f. This gives s*) =0, although x*) is not a minimiser of f.

One possibility of how to overcome this problem is to switch to the steepest
descent direction whenever G is not positive definite. This can be done in
conjunction with the angle criterion (3.61) to achieve global convergence.

Minimising in the steepest descent directions can lead to undesired oscillatory
behaviour where small reductions of f are achieved in each iteration. This happens
because second order model information is ignored, as shown in section 3.3.3. The
alternative approach is to switch between the Newton and steepest descent direction
in a continuous way, controlling the influence of both through some adaptive
weighting parameter. This can be achieved by adding a multiple of the unit matrix to
G™ o that the search direction is defined as

(% +vi1)s® =—g¥. 3.77)

Parameter v is chosen so that G +v1 is positive definite. If G® is close to

positive definite, a small v is sufficient and the method therefore uses the curvature
information to a large extent. When large values of v are necessary, the search

directions becomes similar to the steepest descent direction —g®) .

This method still fails when some x) is a saddle point, and the second order
information is not used in the best possible way. Further modification of the method
incorporates the restricted step approach in which minimisation of the model
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guadratic function subjected to length restriction is minimised. This is a subject of
section 3.7.

3.5.1 Quasi-Newton Methods

In the Newton-like methods discussed so far the second derivatives of f are
necessary and substantial problems arise when the Hessian matrix of the function is

not positive definite. The second derivatives of GX can be evauated by numerical
differentiation of the gradient vector. In most cases it is advisable that after this

operation G is made symmetric by G :%(§+§T), where G is the finite difference
approximation of the Hessian matrix. However, evaluation of G can be unstable in

the presence of numerical noise, and it is also expensive, because quadratic model
information built in the previous iterates is disregarded.

The above mentioned problems are avoided in so called quasi-Newton

methods. In these methods G®™ are approximated by symmetric matrices H®,
which are updated from iteration to iteration using the most recently obtained
information. Analogous to Newton’s method with line search, line minimisations are
performed in each iteration in the direction

s = —H gk, (3.79)

By updating approximate G rather than G, a system of equations is avoided and
the search direction is obtained simply by multiplication of the gradient vector by a
matrix. An outline of the algorithm is given below:

Algorithm 3.7: Genera quasi-Newton algorithm.

Given a positive definite matrix H @ the k-th iteration is:
1. Calculate s according to (3.78).
2. Minimisefaong s®, set x¥ =x®) + g where ¢ isaline minimum.
3. Update HY to obtain H®*Y

If no second derivative information is available at the beginning, H® can be any
positive definite matrix, e.g. HY =1 . The line search strategy described in section

3.4.2 can be used in line 2. If HY is positive definite, the search directions are
descent. This is desirable and the most important are those quasi-Newton methods,
which maintain positive definiteness of H®.
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The updating formula should explicitly use only first derivative information.
(k)

Repeated updating should change arbitrary H W to aclose approximation of G

The updating formula is therefore an attempt to augment the current H® with
second derivative information gained in the current iteration, i.e. by evaluation of f

and Of at two distinct points. In this context equation (3.27), which relates the

Hessian matrix of a quadratic function with its gradient in two distinct points,
requires attention.

Let uswrite
oM = st — () (3.79)

and
k+1) _

Y = glen) _ g, (3.80)

Using the Taylor series of g about x(®) gives arelationship similar to (3.27), i.e.

y¥) = G5k +of o] . (3.81)

The updating formula should therefore correct H®Y 5o that the above relation
(k+1)71

would hold approximately with H in place of G®. This gives the so caled
guasi-Newton condition, in which the updating formula must satisfy

H k) = 51 (3.82)

Since this condition gives only one equation, it does not uniquely define the

updating formula and permits various ways of updating H. One possibility isto add a
symmetric rank one matrix to H ) i,

H =40 4y’ (3.83)

Substituting thisinto (3.82) gives
H®W +uuT ) = 50, (3.84)

Since u(T)y(k) isascalar, matrix multiplication is associative and multiplication with
ascalar is commutative, u must be proportional to & —H® &) Wwriting
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u=alo® - HMy)

and inserting thisinto (3.84) gives a = ]/ \/ (5(k) -H (k)y("))T Y% and therefore

(3.85)

This formula is caled the rank one updating formula according to the above
derivation.

For a quadratic function with positive definite Hessian the rank one method
terminates in a most n+1 steps with H™) =G™, provided that 5%, ..., 5™ are
independent and that the method is well defined™. The proof does not require exact
line searches. Also the so called hereditary property can be established, i.e.

H(i)y(J) =W, =12 ..i-1. (3.86)

A disadvantage is that in general the formula does not maintain positive definiteness
of H®) and the dominator in (3.85) can become zero.

Better formulas can be obtained by allowing the correction to be of rank two.
This can always be written'?!33 a5

HEY = HE +uuT +w (3.87)
Using thisin the quasi-Newton condition gives

u and v can not be determined uniquely. A straightforward way of satisfying the
above equation is to set u proportional to *) and v proportional to H®y®) . By

solution of the equation separately for both groups of proportional vectors the
Davidon — Fletcher - Powell or DFP updating formulais obtai ned:

T T
+55 _HyyH

H&Y =H .
o 3y y'Hy

(3.89)

Indices k have been omitted for the sake of simplicity (this approach will be adopted
through this section) and the symmetry of H is used.
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Another rank two updating formula can be obtained by considering updating

and approximating G instead of G™. Let us write B® =H®™ and consider
updating B® in asimilar way as H® was updated according to the DFP formula.
We require that the quasi-Newton condition (3.82) is preserved. This was true for the
DFP formula, but now we are updating inverse of H®, therefore, according to
(3.82), y(k) and 0" must be interchanged. This gives the formula

. T BdoO'B
B(kaé)szm%- e (3.90)

We however still want to update H™ rather than B, because a solution of system

of equations is in this way avoided in the quasi- Newton iteration. The following
updating formula satisfies BICUH &3, = -

T T
M =R LV PR (391)

This is caled the Broyden — Fletcher — Goldfarb — Shanno or BFGS updating
formula.

The BFGS and the DFP formula are said to be dual or complementary
because the expressions for B&*Y and H** in one are obtained by interchanging
B o H and y o & in the other. Such duality transformation preserves the quasi-
Newton condition. The rank one formulais self-dual.

The DFP and BFGS updating formula can be combined to obtain the so
called Broyden one-parameter family of rank two formulae:

HEt = (1-gHED + pH L., (3.92)

This family includes the DFP and BFGS and aso rank 1 formula. The quasi-Newton
method with a Broyden family updating formula has the following properties™

1. For aquadratic function with exact line searches:

«  Themethod terminatesin at most n iterations with H™Y =G ™.

» Previous quasi-Newton conditions are preserved (hereditary property (3. 86)).

Conjugate directions are generated, and conjugate gradients when H © =,

2. For general functions:

* Themethod has superlinear order of convergence.

* The method is globally convergent for strictly convex functions if exact line
searches are performed.
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(k+1)

v for

The Broyden family updates maintain positive definiteness of H
¢=0.

Global convergence has also been proved for the BFGS method with inexact

line searches subject to conditions (3.56) and (3.59), applied to a convex objective
function™™. The BFGS method with inexact line searches converges superlinearly if

G is positive definite.

The BFGS method also shows good performance in numerical experiments.
The method is not sensitive to exactness of line searches, in fact it is a generally
accepted opinion that inexact line searches are more efficient with the BFGS method
than near exact line searches. The contemporary optimisation literature! ™ suggests

the BFGS method as preferable choice for general unconstrained optimisation based
on aline search prototype algorithm.

3.5.2 InvarianceProperties

It is important to study how optimisation algorithms perform when affine
transformation of variablesis made, i.e.

y =Ax+a, (3.93)
where A isnonsingular. Thisis a one-to-one mapping with inverse transformation
x=A"y-a).

f can be evaluated either in x space (denoted by f,(x)) or in'y space (denoted by
f,(y)=f(a*(y-a)).

Applying the chain rule for derivation in x space gives

=, (3.94)

g,=A'g,. (3.95)
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Applying the gradient operator to the above equation then gives
0,0, =A"0,0,'A,i.e

G,=ATGA. (3.96)

Thenotation g, =0J, f, etc. was used, so that for example

0°f
[G y]ij - ayla;l .

The following theorem!® applies to Newton-like methods:

Theorem 3.4:

If H® transforms under transformation (3.93) as

HY = AHUAT [k, (3.97)
then a Newton-like method with fixed step @) isinvariant under the
transformation (3.93). A method isaso invariant if a™ is determined by tests

on f®, g™k or other invariant scalars.

Transformation (3.97) in the above theorem is obtained by inverting (3.96),
since H®) approximate GY inthe guasi-Newton methods.

We see that the steepest descent method (treated as quasi-Newton method

with H® =1) is not invariant under transformation (3.93) because | does not
transform correctly. Modified Newton methods are aso not invariant because
G +vI1 doesnot transform correctly when v >0.

For a quasi-Newton method to be invariant, H® must be chosen so as to
transform correctly (as (3.97)) and the updating formula must preserve the

transformation property (3.97). Therefore, if H @ =1 s chosen, then invariance does

not hold. H® :G(x(l))_1 transforms correctly and therefore this choice does not
affect invariance.
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In order to show that a specific updating formula preserves the transformation
property (3.97), we must show that AHMAT =HY (which is (3.97) premultiplied
.y T . . . + _ + .
by A and post-multiplied by AT) which implies AH* AT = H(yk U, Let us do this for
the DFP formula

H(k+1):H +5x5xT _nyxyxTHx.

¢ ATy (3.98)

We will pre-multiply the above equation by A and post-multiply it by AT and
use relations A9, =9, following from (3.93) and y, = AT y, following from (3.95).
We will consider individual termsin equation (3.98).

The first term on the right-hand side of (3.98) gives, after multiplication, H (yk)
by assumption. Consider then the denominator of the second term:

3y, =0/ATATy, =(Ad,) y, =9y,
the denominator isinvariant. The numerator after multiplication gives
ASS AT =50,
so the second term transforms correctly. Consider the denominator of the third term:

yH Yy, =y ATAHATA Ty, =(A Ty, H ATy, =

v, Hyy,

the denominator is invariant under transformation. The numerator after
multiplication is

AH, .y H AT =AH ATA Ty TAAH AT =H y, (A Ty, H, =

g
H yyyyy H y
so the third term is al'so transformed correctly. AH AT = H*) isvalid since

T T
Jydy _HyyyyyHy
T

AHUIAT =4+ 2
5)’ yy yyHyyy
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and thisisthe DFP formulain the y space.

Similarly the preservation of (3.97) can be proved for al updating formulas in
which the correction is a sum of rank one terms constructed from vectors  and Hy,
multiplied by invariant scalars. Such versions are the BFGS formula and hence all
Broyden family formulas.

The Broyden family (including BFGS and DFP) algorithms are therefore
invariant under the affine transformation of variables (3.93), provided that HY is
chosen so as to transform correctly, i.e. as (3.97). However, even if H® is not

chosen correctly, after n iterations we have H™Y =G™9™ which is transforms
correctly. The method therefore becomes close to the one in which invariance is
preserved.

Invariance to an affine transformation of variables is a very important
algorithmic property. Algorithms which have this property, are less sensitive to
situations in which G is ill-conditioned, since an implicit transformation which
transforms G to the unity matrix | can be introduced, which does not change the
method. Algorithms that are not invariant, i.e. the steepest descent or the alternating
variables method, can perform very badly when the Hessian is ill-conditioned.

When using methods which are not invariant, it can be advantageous to find a
linear transformation which improves the conditioning of the problem!**.

If columns of A are eigenvectors of G, then G is diagonalised when
transformation (3.96) is applied. Conditioning can be achieved by additional scaling
of variables, i.e. by multiplication with a diagonal matrix. This approach is however
not applicable in practice because it is usually difficult to calculate eigenvectors of
G. For positive definite G the same effect is achieved by using Choleski factors of G

asthe transformation matrix. G, =A"A gives
G,=ATGAT=ATATAAT =]

It is often possible to improve conditioning just by scaling the variables. In
this case A is chosen to be adiagonal matrix so that A” estimates G, in some sense.

G,=ATG,A™ (from (3.96)) is required to be close to the unity matrix in some

sense. It can be required, for example, that [G y] =10i. It is usually not necessary

to explicitly perform the scaling, but | can be replaced in the methods by a suitable
diagonal matrix. For example, the modified Newton method can be improved by

using G +vA inplaceof G+v1.
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3.6 Conjugate Direction Methods

Optimisation algorithms described in this section are based on the result
given in Theorem 3.2, which associates conjugacy and exact line searches with
guadratic termination. These algorithms rely on an idealized assumption that exact
line searches are performed as in Algorithm 3.2. This is possible for a quadratic
function, but not in general. By using interpolation in the line search algorithm, it is
still possible to locate alocal minimum up to a certain accuracy, and this approach is
used in practice with the conjugate direction methods. An argument which justifies
thisisthat in the close neighbourhood of a minimum, quadratic interpolations of the
objective functions will enable the line minimum to be located almost exactly, so that
the inexact nature of the line search algorithm will not spoil local convergence
properties, which are theoretically based on the assumption of exact line search.

In section 3.6.1 derivative based conjugate direction methods are described.
In section 3.6.2 algorithms based on the idea of conjugacy, but in the absence of

derivative information are treated. All the described methods generate conjugate
directions when they are applied to a quadratic function.

3.6.1 Conjugate Gradient Methods

Conjugate gradient methods begin with line search along

st = —gW (3.99)

and then generate search directions s**¥ k=1 from -g**¥, so that they are

conjugate to sV, ..., s®with respect to the Hessian matrix G when a method is
applied to a quadratic function.

For a quadratic function it follows from (3.27) that

Y=ok, (3.100)

where ) =gl —gl) and 5® = xk*9 —x®) | a5 usual. Conjugacy conditions (3.43)
can therefore be written as
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ST =0 j#i (3.101)

since ' =G =Galsll), The last expression is a consequence of the fact that
xU*) is obtained by aline search performed from x{) along s/

The above equation can be used to prove an important property. First we can
see that

s'gi =00, (3.102)

because exact line searches are used. By using the above equation and (3.101) we
obtain

ST glken) =
S(i)(T)(g(k+l) —gl) gl gkt 4 gl 4 g(i+l)):’ (3.103)

S04 00 1 ) 1 g0 =0 [, k>

(x+2)

Thismeansthat g™ is orthogonal to all search directions of previous steps:

gk =0 Ok, i <k. (3.104)
Thisis actually the result of Theorem 3.2.

In the Fletcher-Reeves method s“* is obtained from —g*¥ by the extended

Gramm-Schmidt orthogonalisation!?® with respect to %), j <k, in order to
satisfy conjugacy conditions (3.101). We can write*

k+l) - _g(k+l) + ﬁ(l)S(J) . (3105)

i

gl

Multiplying the transpose of the above equation by y(‘) gives

S(k+1)Ty(i) =0= _g(k+1)Ty(i) + ﬁ(' )S(i)Ty(i) , (3106)

! The derivation of the Fletcher-Reeves method was found to be not completely clear in some
optimisation literature and is therefore included herein.
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where (3.101) was taken into account. It follows that

' (k+1)T (i) (k+0)T (S (i+1) _ ~(i)
ﬁ(u)_g V' _9 (g g ) (3_107)

STy (g —gi)) -

It follows from construction of s/ ((3.99) and (3.105)) that vectors g(l), g(") and
s, ..., s span the same subspace. Therefore, since g(k”) is orthogonal to the

subspace spanned by sV, ...,s% due to (3.104), it is also orthogonal to vectors
& (k)

9”,...0%, i.e

gg®) =0 Ok, i <k (3.108)

We seethat only S% # 0 and that

=-9 9 (3.100)

The denominator of the above equation can be obtained by substituting s by
(3.105) with decreased indices and taking into account that only ,8("‘1) IS non-zero,
together with the established orthogonality properties:

T _ 1) \T T
ST gl) = (_g(k) + Bkl 1)) gi = g gl

Now we have

p=9__9 ° (3.110)

The obtained results can be summarized in the following way:

Theorem 3.5;

The Fletcher-Reeves method with exact line searches terminates for a quadratic

function at a stationary point x™* after m< n iterations. In addition, the
following results hold for 1<i<m:

$V'Gs) =0; j=1,2,...,i -1 (conjugate directions), (3.111)
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g =0: j=12,..,i-1 (orthogonal gradients) (3.112)
and

gl = g4t (descent conditions). (3.113)

The termination must occur in at least n iterations because in the opposite

case g(”+l) # 0 would contradict the result that gradients are orthogonal .

When applied to a quadratic function with positive definite G, the Fletcher-
Reeves method turns to be equivalent to the Broyden family of methodsif HY =1,
the starting point is the same and exact line searches are performed in both
methods! ™!, For non-quadratic functions line search Algorithm 3.4 is recommended
with ¢ =0.1. Resetting the search direction to the steepest descent direction
periodically after every n iterations is generally an accepted strategy in practice.
When compared with quasi-Newton methods, conjugate gradient methods are less
efficient and less robust and they are more sensitive to the accuracy of the line search
algorithm. Methods with resetting are globaly convergent and exhibit n-step
superlinear convergence, i.e.

e x|
RO

Kk -

0 (3.114)

Some other formulas may be used instead of (3.110). Examples are the
conjugate descent formula

(k+1)T (k+1)
(k) - g g 11
B g(k)TS(k) (3.115)
and the Polak-Ribiere formula
(k+1) _ (k) YT ~(k+2)
pY = o J Jo" (3.116)
g(k) g(k)

Considering the derivation of the Fletcher-Reeves method, it can be seen that these
formulas are equivalent to the Fletcher-Reeves formula when applied to quadratic
functions with exact line searches. The conjugate descent formula has a strong
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)T

descent property that s g <0 if g)#0. The Polak-Ribiere formula is
recommended when solving large problems'™.

Another possibility for conjugate gradient methods is to use symmetric
projection matrices in the calculation of s, which annihilate vectors ), ..., -

S(k) = _P(k)g(k)’ k =12, ..,n. (3117)
Initialy
and subsequent PY) are updated as
.
plk+d) — plk) _ Pyt pt _ (3.119)

YT plk) )

Again this method is equivalent to other described methods for quadratic functions.
When applied to general functions, P") must be reset to | every n iterations since
P™) = 0. The method has the descent property s¥'g) <0, but has a disadvantage
that matrix calculations are required in each iteration.

3.6.2 Direction Set Methods

Direction set methods ™% generate conjugate directions with respect to the
Hessian matrix G, when they are applied to a quadratic function, without use of
derivative information. Construction of the conjugate direction is based on the
following theorem™:

Theorem 3.6: Parallel subspace property

Let us have a quadratic function q(x) with a positive definite Hessian matrix G .
Consider two parallel subspaces S and S,, generated by independent directions
W, ..., s¥ (k<n) fromthe points v and v?  suchthat S #S,,i.e

0 < o0
S=px=vi¥+ Zais(') Oa, 0
0 = 0
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and smilarly S,. Let z® pethe point which minimises g on S and z?) the
point which minimises g on S, Then 72 -z s conjugate to s, ..., s% with
respectto G, i.e. (z(z) —z(l))TGs(‘) =0,i=1..kK.

The above theorem is outlined for two dimensions in Figure 3.8. Although
instructive, a two-dimensional representation is not completely satisfactory because

the complement of the vector space spanned by s¥ is one dimensional and therefore
the line z% +a(z® -zY) contains a minimum of g(x,x,). Also the parallel
subspaces are only one dimensional.

Figure 3.8: The parallel subspace property in two dimensions.

In the direction set methods, conjugate directions ) are generated one by
one by minimising the function in a subspace spanned by previously constructed

s9, ..., s (giving x"), say), a paralel subspace is created by displacing the
obtained minimum by a vector that is independent on s®,.... st (d%, say),
followed by minimising in that subspace (giving z, say), and setting a new
conjugate direction to s') =z —=x®) | Since the directions Y, ...,s") are conjugate,
previously performed minimisation in directions sV, ..., s is not affected by
moving along the line z() +a(z(‘) —x(‘)). Minimisation in the subspace
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N N . U
U IE U

is therefore achieved by line minimisation along that line (this is well illustrated in
Figure 3.8). Thisis of course valid only for quadratic functions, but the construction
of an algorithm for general functionsis based on the same arguments and is similar.

From the above construction it is clear that the direction s is a linear
combination of vectors d®,d®, ..., d®, but is not contained in the subspace spanned

by d@*9,d@*2 gt

The above described procedure is followed in Smith’s method. The cycle is
repeated when the function is not quadratic. The method requires independent

vectors d¥,d®@, ..., d™ to be supplied, which are used for the successive generation

of parallel subspaces after minimisation in the current subspace. This is however not
the most effective approach because directions are not treated equaly. Line
minimisations are performed more frequently in the directions that are constructed
earlier.

This deficiency is abolished in Powell’s method. Its cycle is as described
above, except that a point of the parallel subspace is obtained by line minimisations
along d,d®™ ... d® from x©) rather by just adding d") to x%). Powell’s method is
also such that cycles can be continued when the function is not quadratic, while in

Smith’s method directions are restarted after each cycle. The algorithm is sketched
below.

Algorithm 3.8: Powell’ s direction set algorithm.

Given independent directions sV, 62 . s the minimum point xW aong S
Isfound by aline search. Then the following iteration is repeated for i =1, 2, ...:
1. Find

() — ) 1~y i)
ZV =XV + a.S
]Z j

by sequentially minimising f aong U, d@ s f i <n thenthelast i
directions have aready been replaced by conjugate directions.
j+1)

2. For j=1,2,.., n-1replace s/ by sl*Y.
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3. Set s =20 —x{) which is anew conjugate direction. Find the minimum
point X =20 + o d" along s by aline search. For aquadratic function,
when i <n, x(* isaminimum point of the subspace

] )
S= D(;X22(')+ O'S(k)
U kzzn—i ‘

Ooo

sincethelast i +1 directions are conjugate.

The first n-i line searchesin line 1 locate a point in a parallel subspace. The
last i line searches can be thought of as minimisation of that subspace spanned by the
last i directions (which are conjugate).

The a gorithm terminates in about n? line searches when applied to quadratic
functions. This is about twice as much as Smith’s method (4n(n+1)), but the

directions are now treated equally. Pseudo-conjugate directions are retained for a
general function after the n-th iteration and are updated from iteration to iteration.
The method is therefore more effective for general functions as Smith’s method. One

of the problems with this method is that in some problems directions s tend to
become linearly dependent. It is possible to introduce modifications which deal with
this problem. One possibility is to reset the direction set every certain numbers of the
cycles.

3.7 Restricted Step Methods

The restricted step prototype algorithm is an aternative to the line search
strategy, in an attempt to ensure global convergence of minimisation algorithms.

There is one fundamental difference between the line search and restricted
step approach. As can be seen from precedent sections, the line search based
algorithms rely to a great extent on a quadratic model. Directions of line searches are
essentially constructed in such away that when an algorithm is applied to a quadratic
function with a positive definite Hessian matrix, termination occurs in a finite
number of exact line searches. Then, using the argument that every sufficiently
smooth function can be localy (i.e. in the neighbourhood of the current guess)
approximated by a quadratic function, the strategy designed on a quadratic model is
more or less directly transferred to algorithms for handling general functions.
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The fact that even within a single line search the minimised function can
deviate far from its quadratic approximation is ignored by the line search approach.
On the contrary, the main idea of the restricted step approach is to make direct use of
the quadratic model, but only in the limited region where this is an adequate
approximation to the original function. This leads to a sub-problem of minimsation
of a quadratic approximation, limited to a certain region. One of the benefits is that
difficulties with a non-positive definite Hessian matrix are avoided. It is clear at first
sight that among the important concerns of restricted step methods is how to define a

so called trust region QW j.e thene ghbourhood of a current guess in which the use
of a quadratic approximation is adequate.

In the view of the above discussion, consider the problem
minimise q®(s)

(3.120)
subject to 3] < ht,

where q(k)(é') is a second order Taylor approximation of f about x®) and
o=x-x¥ie

q¥(0)= W +gW 5+167GM5. (3.121)
The second part of equation (3.120) defines the trust region as

Q) = {x; Hx - x(k)H < h(")}. (3.122)

Restricted step methods aim at keeping the step restriction h) as large as
possible, subject to the restriction that a certain agreement between (3™ and

f (x®) +3%) must be retained, where 3% is the solution of (3.120). Some measure
of agreement must be defined for this purpose. Let us define the actual reduction of f
inthe step k as

A0 = £00 — £ (x4 5)) (3.123)
and the corresponding predicted reduction as
Aq®) = q(k)(o) — q(k)(5(k)) = fl) g (5(k))_ (3.124)

Then theratio
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(3.125)

A
Q0

is a suitable measure of the agreement, where good agreement is indicated by r®)
being close to 1. In restricted step algorithms it is attempted to maintain a certain

degree of agreement by adaptively changing h). such a prototype agorithm is
defined below.

Algorithm 3.9: Iteration of the restricted step prototype a gorithm.

Given x® and h®) evaluate f®), g and G™ to define q*/(5) in (3.122).
Solve (3.120) for o).
Evaluate f(x* +5®)and r®,

If 1 <7, set hY = p |60,
if 1% >7, and 6% =" st b = p,n®),

dsesat h®* =pK)
5. 1f r® <0 set x® =x® gsesat x**) = x® 45K

El R o

Constants used in the above agorithm must be chosen so that 0<7, <7, <1,
0<p <1 and 1<p,. A suitable choice is 7, =025, 7,=0.75, p, =025 and
p, =2, but the agorithm is not very sensitive to the choicd™. In line 4 of the
algorithm the step restriction is tightened if agreement between Af ) and AgY is
bad, and relaxed if the agreement is good and at the same time the minimum of g lies
on the edge of the trust region. If the minimum of g™ lies inside the trust region,

then there is no need to further relax the step restriction because that constraint will
become inactive anyway, and the algorithm will reduce to the basic Newton method

with rapid convergence. In line 5 x* is preserved if f(x(k)+5("))> £, which
guarantees the descent property f 9 < £,

The following strong convergence result holds for restricted step methods':

Theorem 3.7:

For Algorithm 3.9, if X' 0B O R" Ok, where B isbounded, and if f O C?2

on B, then there exists an accumulation point x® which satisfies the first and
the second order necessary conditions for alocal minimum. If G also satisfies
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the Lipshitz condition |G (x)- G(y)ﬂ < AJx~y] in some neighbourhood of x*

and if G* is positive definite, then for the main sequence r™® _ 1, inf h) >0,
the constraint |J] < h) isinactive for sufficiently large k , and convergenceis
second order.

The existence of B in the above theorem is not a strong requirement. It is
implied if any level set {x; fx< f(k)} is bounded because x™) are descent.

If the L, norm is used in the step restriction, then the subproblem (3.120)
becomes a quadratic programming problem with ssmple bounds, for which good
algorithms for local solutions exist. It is however difficult to find globa solutions,
but in practiceit is adequate to calculate only local solutions.

Slow progress of the method can arise if the norm is not scaled. Ideally the
natural metric norm |J], =4'GJ would be chosen when G s positive definite, but

the scaling of variables can also be an adequate approach.

The Hessian matrix in the restricted step methods can be replaced by the
approximate Hessian B® or itsinverse H®, updated according to a quasi-Newton
scheme. In such a case similar global convergence result holds as for the original
method.

3.8 Basicsof Constrained Optimisation

The remainder of chapter 3 is devoted to the case in which constraints on the
optimisation variables are defined (Figure 3.10). The presence of constraints
introduces additional complexity in the treatment of local solutions in view of the
definition of necessary and sufficient conditions, which is discussed in the present
section.

Constrained optimisation problems are much more difficult to treat
numerically than unconstrained problems. Many agorithms for their solution are
based on transformation of the constrained problem to a sequence of unconstrained
optimisation subproblems whose solutions converge to the solution of the
constrained problem. A commonly used approach is the penalty function approach
based on addition of weighted penalty terms to the objective function which cause
high values where constraints are violated or close to be violated. In the limit when
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weights tend to infinity, the solutions of the unconstrained problems tend to the
solution of the constrained problem. This approach is described in section 3.10.

The next important approach is the elimination of variables. Equality
constraints are used to define implicit dependence (through solution of a nonlinear
systems of equations defined by equality constraints) of a subset of optimisation
variables on the remaining variables. The constrained problem is in this way
transformed to an unconstrained problem defined on a reduced set of variables, but
each evauation requires a system of nonlinear equations to be solved for the
dependent variables. When inequality constraints are involved, the active constraints
are treated as equality constraints. Since it is not known in advance which constraints
are active in the solution, the set of active constraints is iteratively updated. This
leads to the active set type of methods, the principle of which are described in
sections 3.9 and 3.11.

Algorithms for solution of constrained optimisation problems are based on
guadratic models to a large extent. Some algorithms for general functions explicitly
generate quadratic programming subproblems (quadratic objective function and
linear constraints). These algorithms represent an alternative to the more traditional
penalty function approach and seem to be superior from the point of view of
efficiency. Section 3.9 covers some basic aspects of quadratic programming.

There are aso solution agorithms which linearise both the objective
functions and constraints about the current iterate and therefore generate a sequence
of linear programming problems*®®!. This approach seems to be popular in some
fields, however only problems with some special structure can be successfully solved
in this way (e.g. with the objective function close to linear), therefore attention is not
devoted to the approach in this work. Linear programming (linear objective function
and constraints) is also not treated in thiswork for the same reason.

3.8.1 Langrange Multipliersand First Order
Conditionsfor Unconstrained Local Minima

Consider the problem (3.19) where constraints are present. For any point X'
active or binding constraints are those for which the corresponding constraint
function is zero at that point. A set of their indices will be denoted by

A =a(x)={i;c(x)=0} (3.126)

Any congtraint is active at X' if that point is on the boundary of its feasible
region. The set of active constraints at the solution # is of particular importance.
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Constraints which are not active at the solution can be perturbed by small amounts
without affecting the problem solution.

The gradient of the i-th constraint function Cc, will be denoted by a and
referred to as the normal vector of the constraint ¢ . These vectors can be arranged in
aJacobian matrix A, whose columns are constraint gradients.

Consider a problem with only equality constraints and a feasible incremental
step J taken from aloca minimiser. By a Taylor series we have

6 +3)=c +3"a +ol[o]).

Since J isafeasible step we have q(x* +5):c,* =0 and where the length of

the step length is small, we have by neglecting higher order terms d'a; =0. By

taking into account all constraints, we can define a feasible direction as a direction
which satisfies

s'a =0 TiOE. (3.127)

Clearly if sis afeasible direction then —sis also a feasible direction. Since x’
is a constrained local minimiser, there is no feasible descent direction, because
otherwise f could be reduced by an arbitrarily small step in that direction. It follows

that s'"g' =0 for any feasible direction s. Due to (3.127) this is satisfied if g isa
linear combination of constraint gradients, i.e.

g = ; al=Ax. (3.128)

Multipliers A are referred to as Lagrange multipliers and can be arranged in the

Lagrange multiplier vector (denoted by A" without a subscript). The above equation
isalso anecessary condition for alocal minimiser. If (3.128) would not hold, then g’
could be expressed as

g =AX +u (3.129)

where u is a component of g orthogonal to al a . Then s=-u would be a
feasible descent direction (i.e. would satisfy both (3.128) and s'g” <0). A feasible
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incremental stepd along s would reduce f, which contradicts the fact that x™ is a
local minimiser. Thisisillustrated in Figure 3.9 for a single constraint.

Figure 3.9: lllustration of necessary conditions for a constrained local
minimum.

The necessary conditions are a basis of the method of Lagrange multipliers

for equality constraint problems. The method searches for vectors X~ and A", which
solve the equations

g(x)= ; Aa(x)

and (3.130)
c(x)=0, iDE.

This approach has a similar disadvantage to the Newton method for unconstrained
minimisation: the above equations are satisfied in a constrained saddle point or
maximiser, since no second order information is taken into account.

The above equations can be written in a simpler form if we define the
Lagrangian function
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£(x,2) = £(x)- Y Ac (). (3.131)

Oz(x,A)=0, (3.132)
where
O= o, (3.133)
A

OO

is the gradient operator in the n+m dimensiona variable space (m will denote the
number of constraints). We see that a necessary condition for a local minimiser is

that (x* A )T is a stationary point of the Lagrangian function.

Lagrange multipliers have a clear practical interpretation. If the Jacobian matrix of
constraints has rank m (linearly independenta, ) then the multipliers in (3.128) are

uniquely defined by

A =A"g, (3.134)

where A" =(A"TA")*AT is a generdlised inversd? of A*. Consider in such case
perturbations of the right-hand sides of the constraint
c(x)=¢, i0E (3.135)

and let f(g) and A(g) denote how the solution and multipliers change with respect
to perturbations. The lagrangian function for the perturbed problemsis

£(x,A,6)=f(x)- ; Al (x)-¢) (3.136)

In the perturbed solution new constraints are satisfied, therefore
f(x(g)) = £(x(e). Ale).).

Derivation of this equation with respect to € gives
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T T
df _de_ox ) oN  or
deg dg  0¢ 0¢; 0,

By (3.132), (3.135) and (3.136) it follows that

d o) (3.137)

Lagrange multipliers therefore indicate how sensitive the value of the objective
function at the solution isto changes in the corresponding constraints.

Consider now a case where inequality constraints are present. Only active
constraints at the solution # influence conditions for the solution. A set of active
inequality constraints at the solution will be denoted by 1" (=# n 1) . Any feasible
direction s must satisfy (in addition to (3.127)) the condition

s'a, 20 Oi0l". (3.138)

Conditions for alocal minimiser are

(3.139)

g* = ZA*a*

il
and
A=zo0iadl’. (3.140)

Condition (3.139) can be deduced in a similar way to (3.130). Condition (3.140),
which is an extra condition with respect to the case of equality constraints, can be
deduced using the result (3.137). A small perturbation of the i- th active inequality
constraint by positive & induces a change x(¢) that is feasible with respect to the

unperturbed problem. Therefore f must not decrease, which implies df * /dé‘i >0 and
henceA =0.
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Figure 3.10: Constrained optimisation problem with two inequality
constraints. Contours of constraint functions are drawn only in the
infeasible region where their values are less or equal to zero. Since both
constraints are active in the solution, the solution would remain
unchanged if one or both constraints were replaced by equality
constraints.

Lagrange multipliers have another important interpretation in the case of
inequality constraints. Consider a point at which (3.139) is satisfied and (3.140)

holds for all i except for i=p,i.e. A, <0, and let al a be linearly independent.
Then it is possible to find a direction s for which s'a, =1 and s"a; =0 for all other

active constraints. Such is given for example by s= A”Tep, where e, is the p-th
coordinate vector. Then s is a feasible direction and at the same time a descent

direction since

s'g =s'a A, <0. (3.141)

This first contradicts the fact that x is alocal minimiser and is another proof that
conditions (3.140) are necessary. Besides, it indicates that f(x)can be reduced by
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moving away from the boundary of constraint p for which the corresponding
Lagrange multiplier is negative. This is important in the active set methods for

handling inequality constraints, where constraints index p with /\*p <0 can be
removed from the active set (section 3.9.2).

In the derivation of the first order conditions the regularity assumption that
a; areindependent was made. Thisis not necessarily the case and an exact statement
of the conditions requires more careful treatment™.

First the notion of feasible direction must be defined more exactly. Consider a
feasible point X' and any infinite sequence of feasible points convergent to this point

{x®} ~ x' wherein addition x¥ # x' for all k. It is possible to write
x®) —x' = oMsk) Ok (3.142)

where 6® >0 are scalars and s are vectors of any fixed length o >0. A
directional sequence is defined as any such sequence for which vectors s converge
to some direction, i.e. s¥ - s. The limiting vector s is then referred to as the
feasible direction. #(x')=#" will be used to denote the set of &l feasible directions
a x'.

It can be seen from the previous discussion that the set of feasible directions
for the linearised constraint set is

T '_ H
F(X,):F,:%Smmsai’-o DuDE% (3143
H s'a, 20 Oi0OI'H

where |" isaset of active inequality constraintsat X' .

Thereation #' O F' holdsin general. #'=F' ether if the constraints i 0 #'

are linear or vectors a, , i A are linearly independent. The assumption 7' =F' is
referred to as a constraint qualification at x' .

The set of descent directionsat x' isdefined as

p(x)=0'={s g <q. (3.144)

! In some optimisation literature the possibility that gradients of active constraints in the solution can
be linearly dependent is ignored, sometimes with an argument that this is an extremely unlikely
situation.
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If x" is a local minimiser, then ¥ n9 =0, i.e. no feasible descent
directions exist.

Let the following regularity assumption be made:
Fnp =F no. (3.145)

This is weaker assumption than #' O F'. Under this assumption the

following more general statement of the first order necessary conditions can be
made 17

Theorem 3.8: Kuhn-Tucker (or KT) conditins.

If X" isalocal constrained minimiser and if regularity assumption(3.145) holds,

then there exist Lagrange multipliers A” such that x* and 4™ satisfy the
following system:

0,£(x,A)=0

c(x)=0, il (3.146)

A point that satisfies the above conditions is referred to as a KT point. The
condition A ¢ =0 isreferred to as the complementarity condition. It states that both

A and ¢’ can not be non-zero, which means that inactive constraints are regarded
as having zero Lagrange multipliers. If thereis no i such that A =¢” =0 then strict

complementarity is said to hold. The case A =¢’ =0 appears for example if an

unconstrained minimiser lies on the boundary of the feasible region, which is an
intermediate state between a constraint being strongly active and inactive.
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382 Second Order Conditions

Consider first the case with only equality constraints. The second order
conditions can be derived from the second order Taylor series of the Lagrangian

function about the local solution. It is assumed that a, are independent so that unique

Lagrange multipliers exist. Let a feasible incremental step 0 be made along any
feasible direction s. By feasibility it followsthat f(x+3)= £(x+J,1). We also take

into account that ~ is stationary at X and A to eliminate the first derivatives. The
second order Taylor expansion then gives (after neglecting higher than second order
terms)

f(x +8)=2x +a,4)=
ol +8,x )48 0, (¢ N )+ 18T WE =, (3.147)
S R

f +13'Wo

W denotes the Hessian matrix of the Lagrangian function with respect to variables x:
W =022(x A )=0%f(x)- ZADC( ). (3.148)

Since X is alocal minimiser, the function value taken in any feasible infinitesimal
incremental step in any direction must be greater than or equal to . It follows that

s'TWs =0 (3.149)
for any feasible direction, i.e. for any sthat satisfies
a's=0 OI0E. (3.150)
This is a second order necessary condition for alocal minimiser, which can also be
stated as a requirement that the Lagrangian function must have a non-negative
curvature along any feasible direction.
A sufficient condition isthat X satisfies (3.128) and
sS'W's>0 (3.151)

for all feasible directions s that satisfy (3.150) (a zero vector is not considered to be a
feasible direction).
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Figure 3.11: Illustration of the second order conditions. A problem
with three different equality constraints is shown. In all three cases

a =g and A =1. The problem with constraint function ¢, does not

match the necessary conditions for X to be alocal minimiser because
s' (D 2f (x* ))s <s' (/\ O%c, (x* ))s and thus s"W, s< 0. The second
constraint satisfies necessary but not sufficient second order conditions
and therefore higher order terms of the Taylor series become significant.

When inequality constraints are present, again only active constraints affect
matters. We can also realize that the second order conditions are important only

along feasible stationary directions (s'g" = Owith respect to constraints), but not
along ascent directions where first order information is sufficient. If an inequality
constraint ¢,(x)=0 is present with A’ >0, then directions for which s'a >0 are

ascent directions (according to the discussion regarding (3.141)). Stationary
directions satisfy

s'a =0 Oi0#A (3.152)
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The second order necessary conditions are then that (3.149) holds for all s
that satisfy (3.152). Sufficient conditions for a strict local minimiser are that the

Kuhn-Tucker conditions with strict complementarity (A >00i01") hold and
s'W's>0 Us:s'a =0,i04 . (3.153)

Exact statement of these conditions” again relies on some regularity
assumption. Let us define a set of strictly active constraints

c={i;inenx >q. (3.154)
Consider feasible directional sequences for which x*) _, x" for which

c(x¥)=0 miox . (3.155)

and define g~ asaset of al resulting feasible directions. A corresponding set where
constraints which determine ¢ are linearised can then be defined as

*T . *
G :%;s;tom & s=0104, *%. (3.156)
H a s20,i0a \#A, H

6 OG" holds and in order to state the second order necessary conditions, the
regularity assumption

G =G (3.157)

is made. The second order necessary and sufficient conditions can then be stated as
bel w14

Theorem 3.9 (second order necessary conditions):

If X" isaconstrained local minimiser and if the regularity assumption (3.145)
holds, then there exist multipliers A* such that Theorem 3.8 isvalid (i.e. X isa
KT point). For any such A, if also the regularity assumption (3.157) holds, it
follows that

s'W's>0 OsOG . (3.158)
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Theorem 3.10 (second order sufficient conditions):

If at X" there exist multipliers A* such that conditions (3.146) hold, and if
s'W's>0 OsOG, (3.159)

then x" isastrict local minimiser.

3.8.3 Convex Programming Results

Some strong theoretical results hold when the objective function is a convex
function and when the feasible region is a convex set. Within the scope of this work
these results are not important because of direct applicability to specific problems,
but are important for treatment of subproblems that arise in some optimisation
algorithms. Convex programming result are also important for statement of the
duality principles, which are employed in the reasoning of some general optimisation
algorithms.

By definition, aset K in IR" is convex if for each pair of points x,,x; K
and for each #0[0]] also x, 0K , where

X, = ([1-0)x, +6x,. (3.160)

An equivalent definition isthat for any set of points x,,X,, ... X, K X, OK where
x5=26?ixi and Zﬁizl 0 6=00i. (3.161)

A convex function on a convex set K is afunction for which the epigraph is a
convex set. The epigraph of a function is the set of pointsin IR x R" that lies on or
above the graph of the function. The equivalent definition of a convex function f (x)

isthat for any X,,x, OK it follows that

f,<(1-6)f,+6 f, De0[0]]. (3.162)

The definition of a strictly convex function is similar but with strict inequality in the
above equation. If — f(x) isconvex then f(x) issaid to be concave.
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If f is convex and C' on an open convex set K, then for each pair
Xo: X, K

f, = f,+(x, —x,) Of,. (3.163)

This means that a graph of f must lie above or along its linearisation about any point.
It immediately follows (by interchanging x, and x,) that

(x, =%, ) Of, = f, = f, = (x, —x, ) Of,. (3.164)

This corresponds to a statement that the slope of a convex function f is non-
decreasing along any line. If f is €2, this result implies (by taking the limit
%, =X,| - 0) that O°f (x) is positive semi-definite at each x 0K .

A convex programming problem is a problem of minimisation of a convex
function on a convex set. Such aproblemis

minimise f (x)
(3.165)
subject to xOK, K={x;¢(x)20,i=12,...,m},

where f(x) is convex on K and constraint functions ¢ (x) that define K are concave

on R". Convexity of K defined as above follows from the fact that an epigraph of
any concave function is a convex set, and from a known theorem that intersection of
convex setsisaconvex set.

The following important results hold for convex programming problems¥:

Theorem 3.11:

Every local solution to a convex programming problem is also a global solution,
and the set of global solutions S isconvex. If f(x) isalso strictly convex on
K, then the solution is unique.
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Theorem 3.12:

In the convex programming problem (3.165), if f(x) and q(x) ae C* on K

and if the Kuhn-Tucker conditions (3.146) hold at X", then X isaglobal
solution to the problem.

3.8.4  Duality in Nonlinear Programming

The concept of duality provides a set of rules for transformation of one
problem to another. By applying these rules alternative formulation of the problem is
obtained, which is sometimes more convenient computationally or has some
theoretical significance. The original problem is referred to as the primal and the
transformed problem as the dual. Some duality transformations have a symmetry
property that the dual of the dual is the primal (i.e. that the transformation applied
twice gives the original problem).

Usually some of the variables in the dual correspond to Lagrange multipliers

of the primal and take the value A" at the dua solution. The dual and the primal
should be related in the way that the dual has a solution from which the solution of
the primal can be derived. Duality transformations of this kind are associated with
the convex programming problem as the primal. A set of such duaity
transformations can be derived from the Wolfe dual whose statement is given in the
theorem below!™.

Theorem 3.13;

If X solvesthe primal convex programming problem (3.165), if f and ¢ are

C* functions, and if the regularity assumption (3.145) holds, then X", A" solve
the dual problem

maximise £(x,A)

(3.166)
subject to 0, £(x,A)=0, A=0.

The minimum primal and maximum dual function values are equal, i.e.
£ = L(X*, X )
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The Wolfe dual is not symmetric. The dual is not necessarily even a convex
programming problem. An advantageous property is that if the primal is unbounded
then the dual has inconsistent constraints and therefore does not have a solution. It is
possible that the primal has inconsistent constraints, but the dual still has a solution.
However if the constraints are linear, then infeasible constraints in the primal imply
that the dual is unbounded.

An example of application is the quadratic programming problem

minimise 1x"Gx+g'x
(3.167)
subject to ATx>b
where G is positive definite. The Wolfe dual is
maximise Ix'Gx+g'x-A" (ATx—b)
(3.168)
subject to Gx+g-AA=0, A=0.

The first set of constraints can be used to eliminate x (i.e. x=G*(AA-g)), which
gives the problem

maximise  ~3 /" (AT AW+ 4 b +ATGg)-1g'G g
(3.169)
subject to A=0.

This is again a quadratic programming problem, but subject only to ssmple bounds.

When the solution A" is found, X is obtained by solving the equation used for
elimination of x from (3.168).

3.9 Quadratic Programming

A quadratic programming (QP) problem is an optimisation problem with
quadratic objective function and linear constraint functions, i.e.

minimise q(x)=1x"Gx+g"x
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(3.170)
subject to ax=h,i0E

and ax=hb,idl.

where G is symmetric. If G is positive semi-definite, a local solution x™ is also
global, and if G is positive definite, it is aso unique. This follows from Theorem
3.13 since such a problem is a convex programming problem. Only if G is indefinite
can alocal solution which is not global occur.

39.1 Equality Constraints Problem

The quadratic programming problem with only equality constraints can be
stated as

minimise q(x)=1x"Gx+g'x
(3.171)
subject to A'x=D.

It will be assumed that there are m< n constraints and that A has rank m, which
ensures that unique multipliers A exist. A is a nxm matrix whose columns are
vectors a,, i OE from (3.170),and bO R ™.

The problem can be transformed to an unconstrained minimisation problem
by direct elimination of variables using constraints. Let partitions

x, O (A, 0O O G, G, O
X = 1D’ A= lD' gzglﬂ' G:%;n 12D (3.172)
Al 2 2 2 Gl

be defined, where x, JIR™ and x, JR"™, sothat A, is mxm, G,; is mxm, etc.
Then mvariables in the vector x, can be expressed in terms of x, as

x, =A; [0 -Alx,). (3.173)

Substituting thisinto q(x) gives
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ll/(Xz) = Q(Xl(xz)’xz) =
%X; (Gzz _GzlAl_TAZ _AZAl_lelz +A2A1_1611A1_TA£ )Xz +

X3 (G =~ A,AG, JATD+1bTATIG LA D +
x;(0, - AALg, )+ gl AT

(3.174)

The problem is so transformed to unconstrained minimisation of (x,). If the
Hessian (the matrix in the round brackets in the second line) is positive definite, then
a unique minimiser X, exists and is obtained by solving the linear system of
equations y(x,)=0. x; is obtained by substitution in (3.173). The Lagrange
multiplier vector is defined by g =AA" where ¢ :Dq(x*):g+Gx*, and can be
calculated by solving the first partition g, = A,A".

The described approach is not the only possibility. First of al, it is possible to
rearrange variables and choose some other set of variables to be independent. More
generaly alinear transformation of variables can be made. Such a general approach
is the generalised elimination method.

Let Y and Z be nxm and nx(n-m) matrices such that [Y:Z] is non-
singular and

ATY =1,

(3.175)

A'Z=0__ .

Y' can be regarded as the left generalised inverse of A since a solution of the

system A'x=b isgiven by x=Yb. The solution is not unique and other solutions
aregivenby x=Yb+J where  isinthe n—m - dimensional null column space of
A e

AT0=0 (3.176)

If the matrix Z has linearly independent columns z,, z,, ..., Z,_,,, then these

vectors form a basis of the null space of A?%, At any feasible point x (i.e. solution of
Ax =Db) any feasible correction J (which gives another solution) can be written as

o= Z y.z, (3.177)
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where vy, Y,, ..., ¥,., &e the components in the null space of A, referred to aso as
reduced variables in this space. Any feasible point can be written as

x=Yb+2Zy. (3.178)

The above equation provides a way of eliminating constraints Ax=b by
transformation to the n—-m - dimensiona space of reduced variables in which
constraints are always satisfied, and is therefore a generalisation of (3.173).
Substituting the equation into (3.171) gives the reduced quadratic function

w(x)=1y'Z'GZy +(g+GYb) Zy +1(g+GYb)'Yb.  (3.179)

If the reduced Hessian matrix Z'GZ is positive definite then a unique
solution exists and can be obtained by solution of the system Oy(y)=0, i.e.

(z'Gz)y=-2"(g+GYb). (3.180)

It is convenient to solve this system by Choleski factorisation®®® which also
enables positive definiteness to be checked. x™ is then obtained from y* by using

(3.178). Lagrangian multipliers are obtained from g =A A", which after pre-
multiplying by Y' gives

X=Y"g =YT(Gx +g). (3.181)

Note that g in this equation does not refer to the gradient vector, but is a constant
vector in the definition of g(x). The reduced gradient vector is Z"(g+GYb). This

shows that the reduced derivatives can be obtained by pre-multiplication by Z",
since g+GYb =0qg(Yb) isthegradient of q(x) a x = Yb.

Different methods arise from different choice of Y and Z. It is convenient to
use any orthogonal (QR) factorization?®1% of A:

(RO RO
A=Qp [Q,Q,] DEQR (3.182)

where Q isa nxn orthogonal matrix, R isa mxm upper triangular matrix, and Q,
and Q, are nxm and nx(n—m) partitions of Q. Then we can choose

Y=QRT, 72=0,. (3.183)
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Thisimplies that the vector Yb from (3.178) is orthogonal to any feasible change d
and the reduced coordinate directions z, are mutually orthogonal.

The reduced system (3.180) is first solved to obtain y', and then X is
calculated by substitution into (3.178). Numerically it is most convenient to evaluate
vector Yb, which appears in these equations, by forward substitution in R'u=b
(since R is upper triangular) followed by multiplication Yb =Q,u. Multipliers A
are then calculated by backward substitution in RA =Q;g . Such a scheme is

referred to as the orthogonal factorization method. Its advantage is that because of
using orthogonal transformations, the method is less sensitive to round-off errors’®”,

In general, Y and Z can be obtained by completion of the matrix A to afull-
rank nxn matrix and partitioning of the inverse of that matrix. For example, we can
choose any nx(n-m) matrix V such that the matrix [A :V] is non-singular. Y and
Z are then obtained by

YO
A:Vit=0_.0 (3.184)
[A:V] 08

where Y and Z are nxm and nx(n-m) partitions respectively. They satisfy
conditions (3.175) and are therefore suitable for use in the generalised elimination
method. The resulting method can be interpreted as a method which makes linear
transformation with the matrix [A ; V] .

Different methods arise from specific choices of V. Choosing
V= @E (3.185)
ils

resultsin the direct elimination method. The identity

M, o0 0O AY o0 O¥'O
. 15 "D (T DD (3.186)
2 ] D_AZAl ID [l

gives expressionsfor Y and Z. It can then be verified by substitution into (3.180) and
taking into account the appropriate partitioning that the resulting method is identical
to the direct elimination method.

The orthogonal factorization method is obtained by setting
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V=0,, (3.187)

where Q, isdefined by (3.182). By using the identity

. L RQID Y'D
[A:v]*=[QR:Q)*=F ?F%TD (3.189)
0Q. O 0

(3.183) is obtained, which confirms that the orthogonal factorization method was
obtained. The above equation can be expressed as

[A:v]'= @:% (3.189)

where A* = (ATA)_lAT isthe full rank generalised inverse, therefore Y = A*" from
(3.183).

39.2 Active Set M ethods

Inequality constraints can not be simply used to eliminate variables or reduce
the dimension of the problem. Only those inequality constraints that are active in the
solution actually affect matters. If it would be known in advance which constraints
are active in the solution, these constraints could be used as equality constraints and
all other constraints could be ignored. Active set methods gradually update the set of
active constraints and solve the resulting equality constrained problems where
constraints regarded as inactive are temporarily ignored. It is assumed that the
Hessian matrix of the problem is positive definite. The basic idea is illustrated in
Figure 3.12 and described below .

On the k-th iteration a feasible point x®) is known which satisfies active
constraints as equalities, i.e. aiTx(“)zbI Oid#a where # is the index set of
constraints currently regarded as active and treated as equality constraints. All
equality constraints are in this set. x* also satisfies a'x*) >b Oi04, so that the

current active set A isequivalent to the set of active constraints A
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Figure 3.12: Progress of the active set method in a problem with three
inequality constraints.

The iteration attempts to solve the equality problem where only active

constraints occur. By shifting the origin to x®) and looki ng for a correction o% this
problemis

minimise 13"Ga+a"gw
(3.190)
subject to a'do=0 0Oi0a,

where g = Dq(x(")) =g+Gx™.
If & is feasible with respect to constraints not in 4, then x*¥ =x® +5 is

taken. If not aline search is made in the direction s = 3 to find the best feasible
point. ) isfound which solves

—aTy(K)
a® =min min b'—Ta‘(;XfH (3.191)
aTdk <o a‘is E
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and x& = x®) + g0k js et

If a® <1 then a new congtraint (with index p, say) which achieves the
minimum in the above equation becomes active and its index p is added to the active
set A .

If x*) solves the current equality problem, then it is possible to compute

multipliers A9 as described in the previous section. Vectors x®) and A satisfy all
the first order conditions for the original inequality constrained problem except
possibly the conditions A = 0,i 1 . Thetest istherefore made if these conditions are

satisfied for al inequality constraints in #. If so, the first order conditions are
satisfied and since the problem is convex (because G is positive definite), this is

sufficient for x* to be a global solution. Otherwise there exists an index q such that
/\g‘) <0. Inthiscaseit is possible to reduce q(x) by allowing constraint g to become
inactive (according to discussion around equation (3.141)). Constraint q is therefore
removed from # and the algorithm continues as before. It is possible that there are
more than one indices with /\(ik) <0. Then qisselected so that it solves

min A, (3.192)

ioanl

The complete algorithm is outlined below.

Algorithm 3.10: The active set method.

A feasible point X% must be given. # =" isset where 2% contains indices of
al constraints for which ¢, (x(l)) =0. Thek-thiteration is then as follows:

1. If 0 =0 doesnot solve (3.190) then go to 3.

2. Compute Lagrange multipliers A and solve (3.192). If A 20 then

terminate with X = x®), otherwise remove ¢ from 4.
Solve (3.190) for s,

Solve (3.191) to find ™ and set x*¥ = x) + oMk,
If <1, add p to 7.

Set k=k+1 andgotol.

o Uk w

The initial feasible point can be obtained from any given point x© by
iteratively solving the problem
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minimise | Z)(q —aiTx)

(3.193)
subject to axzh Oiov®,

where V® is the set of infeasible constraints at x*). Iteration is repeated until x*/
becomes a feasible point. Minimisations are performed as line searches along edges

s =al) where q™ is the index with the least Lagrange multiplier in iteration k.
Each search terminates with a new constraint becoming active!.

So far it was assumed that the Hessian matrix G is positive definite. If G is
indefinite then local solutions exist which are not global. For any local solution the

reduced Hessian matrix Z'GZ is positive semi-definite and this matrix is actually
used when the equality problem is solved. However, when the agorithm proceeds,
not necessarily all constraints that are active in the solution are in the active set.
Therefore problem (3.190) with indefinite reduced Hessian can arise. In this case a

solution of (3.190) " isno longer a minimiser. Any feasible descent direction can

be chosen for s®, for example the negative reduced gradient vector. a™® is then
obtained from

—aTy(K)
i0a, a S(k)

a;rs(k)<0 1

(3.194)

rather than from (3.191). If the above equation does not have a solution (i.e. the
infimum of the right-hand sideis — ), this indicates that the origina QP problem is
unbounded.

3.10 Penalty Methods

Penalty methods® are a traditiona and commonly used approach to
constrained minimisation. The idea of penaty methods is to control constraint
violations by penalizing them. The origina objective function is modified by
addition of penalty terms, which monotonically increase as constraint violations
increase. The sum of the objective function and penalty terms is called the penalty
function. Some parameter is usually associated with penalty terms to control the
amount of the penalty. The minimiser of the objective function is approximated by
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unconstrained minimisers of the penalty function, which should converge to the
constrained minimiser as the control parameter isincreased (Figure 3.13).

c1(X)=0

f(x)

constrained
minimiser @
min. f (w

Figure 3.13: Use of penalty functions. The problem with one equality
constraint is sketched in the first picture. The subsequent pictures show
penalty function contours with increasing parameter ¢ . The minimiser

of the penalty functions approaches the problem solution as o increases,
but also ill-conditioning increases.

The following penalty function can be used for equality constraints:
Ax.0)=f(x)+ 105 (62)= F(x)+ oS o) elx). (3195
’ 2 ; | 2 ;

Parameter o determines the amount of the penalty. A simple penalty algorithm is
outlined below.
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Algorithm 3.11: The penalty agorithm.

1. Choose afixed sequence {0} - o, eg. {1,10,100,1000,.} .

2. Find aloca minimiser x(a(")) of (o(x,a(k)), using a minimiser of the
previous iteration as a starting guess.

3. Terminate if c(x(a("))) is sufficiently small, otherwise go to 2.

The quantities associated with o will be denoted by upper index k, e.g.
x(a(k)): x®)f (x(a("))): f ), etc. The following convergence result holds for such
an algorithm!®':

Theorem 3.14 (penalty function convergence):
Let f(x) be bounded below on anon-empty feasible region and let global
minimisers be evaluated in step 2 of the above algorithm. If o -
monotonically, then {g¥(x®),a®)} {c(")Tc(")} and { 1 ®} are non-decreasing,

c® _ 0 and any accumulation point X of {x*)} solvesthe equality
constrained problem.

The agorithm has some other limiting properties, which enable useful
estimations to be made and are gathered in the theorem below.

Theorem 3.15 (penalty function convergence):

If o® - o, x) - x" and rank A" =m (misthe number of constraints), then
X isaKT point and the following hold:

' =) =g +100W W +0(1/0), (3.197)
h) = —JTk/‘ +olyo), (3.198)

where T isdefined by
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ow" -A"00 OH -T0O
O T O =0 ..t . O (3.199)
A oo T U O

W isthe Hessian matrix of the Lagrangian function and A is the Jacobian matrix of
constraints. Notation a=o(h) - a/h - 0 has been used.

These results enable some enhancements of the algorithm to be made. (3.196)
gives an estimation of the Lagrange multipliers and (3.197) can be used as a better

estimationto f* than ¢ itself. (3.199) can be used to terminate the iteration and to
provide better initial approximations when minimising (o(x,a(k)).

For inequality constraint problems the following penalty function can be
used:

dx,0)= f (x)+%az (min(0,c (X)) (3.200)

il

A disadvantage of this penalty function is the jump discontinuity in second
derivatives where ¢(x)=0. x approaches x* from the infeasible side of the

inequality constraints, therefore algorithms that use such a penalty function are called
exterior point algorithms.

Another class of agorithms for inequality constraints are barrier function
methods. Barrier terms, which are infinite on the constraint boundaries are added to
the penalty function. These algorithms preserve strict constraint feasibility in all
iterations and are therefore called interior point algorithms. Their use is
advantageous when the objective function is not defined in the infeasible region.

Two commonly used barrier functions are the inverse barrier function

@x,r)=f(x)+r ;%X) (3.201)

and the logarithmic barrier function

ox,r)=f(x)-r y In(c (x)). (3.202)

(18]
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A sequence {r(")} — 0 is chosen, which ensures that the barrier terms become more
and more negligible as compared to the objective function, except close to the
constraint boundary. Sequential minimisation of the penalty functions is performed
asin Algorithm 3.11.

Penalty and barrier approaches have a smple extension for problems with
mixed equality and inequality constraints. Mixed penalty terms for equality
constraints and penalty or barrier terms for inequality constraints are added to the
objective function for corresponding constraints 4.

The described algorithms are linearly convergent. A difficulty associated with
the penalty and barrier approach is that when the control parameter o is increased
(or r decreased, respectively), the Hessian of the penalty (or barrier) function
becomes increasingly ill-posed, which is evidently illustrated in Figure 3.13. It is
therefore difficult to find accurate solutions of the subsequent unconstrained
minimisation problems. The additional problem with barrier functionsis that they are
not defined in the infeasible region, which can be difficult to handle for minimisation
algorithms.

3.10.1 Multiplier Penalty Functions

The multiplier penalty functions represent an attempt to use penalty functions
adequately by keeping the control parameter o finite and thus to avoid ill-
conditioning of the penalty function when o islarge. The approach follows from the
idea that the constrained minimiser X can be made an unconstrained minimiser of
@(x,0) by changing the origin of the penalty terms. This leads to the penalty
function

§0(X,9,0'): f(X)+%;Ui((;|(X)_0i)2 =

f (x)+3(clx) - 8] S(c(x)-6)

where 6,00 R" and S=diag(c;) is a diagona matrix with S, =g,, and the
equality constrained problem is considered. The aim of the algorithm is to find the
optimal shift of the origin 8 such that a minimiser of ¢(x,6,0) with respect to

variables x will correspond to the constrained minimiser X .

, (3.203)

Let usintroduce different parameters
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A=60, i=12.,m. (3.204)

If we ignore the term %Zaﬁiz , which is independent of x and therefore does not

affect the minimiser, ¢ becomes
ox,A,0)= f(x)-A"c(x)+2c(x)" Sc(x). (3.205)

Because the above function is obtained from (3.195) by adding a multiplier term
—A'c, it is referred to as the multiplier penalty function'. There exists optimum
values of multipliers A, for which x* minimises ¢(x,A,0). It turns out that these
values are the Lagrange multipliers A™ at the solution, provided that parameters o,
are large enough. An exact formulation of thisis given in the theorem below!¥.

Theorem 3.16:
If second order sufficient conditions for a constrained local minimum hold at x”,
A, then thereexists o' 20 (i.e. ai' >00i) such that forany o >0’ X isan
isolated local minimiser of glx, A", 0),i.e. X' =x().

Illustration of the multiplier penalty function is shown in Figure 3.14. Thisis
done for the same problem as in Figure 3.13, so that the multiplier penalty function
can be compared to the standard penalty function. The optimal value A was used in
the figure and both values of o, were sufficiently large, so that the minimum of the

penalty function corresponds to the solution of the original equality constrained
problem.

The Lagrange multipliers at the solution of the original problem are not

known in advance, therefore a method for generating a sequence A*) - ' must be
incorporated in the algorithm.

! The term augmented Lagrangian function is also used, since the function can be considered as the
Lagrangian function where f is augmented by the term 1¢(x)" Sc(x).
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|0:10|\

Figure 3.14: Multiplier penalty functions for problem illustrated in
Figure 3.13. Minimiser of the multiplier penalty functions corresponds to
the constrained minimiser even for asmaller value o, =1.

To construct such a method it is assumed that the second order sufficient
conditions hold at x* and that components of vector o are sufficiently large.
Consider x being implicitly dependent on A in a way that x(/\) isaminimiser of
¢(x, 7). Since X" =x(A') is by Theorem 3.16 an isolated local minimiser of @x, 1),
x(A) is defined uniquely in some neighbourhood Q, of A". x(A) can be determined
by solving the equations

Og(x,A)=0. (3.206)
Consider the function
wA)=g(x(1),1). (3.207)

Since x(A) isalocal minimum of @(x,A), it follows that

w(A)=dx(2) A< dx' A)=glx A7) =X ), (3.208)

where ¢{x',A)=¢lx", 1) is obtained by using ¢ =0 (feasibility) in (3.205). We
have g(A)<w()'), therefore X' is alocal unconstrained maximiser of (1), and
this is true globally if x(A) is a global minimiser of @(x,A). A sequence A¥ - X
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can be generated by applying an unconstrained minimisation method to —(A), for
which derivatives of ¢ with respect to A are needed.
Derivatives of ¢ with respect to x are obtained from (3.205):
O@x,A,0)=g-AA+ASc (3.209)

and

W, =0%¢(x,A,0)=0%f —;(/h —0,c)0% +ASAT. (3.210)

By the chain rule we have

dy _oy ox , 0¢
dl ox oA oA’

and since dg/0x =0 from (3.206) and 0@/dA, =—c from (3.205), it follows that
0,@A = —c(x(1)). (3.211)

By the chain rule we then have

dA oxoA A
Applying d/dA to (3.206) gives

d(0¢) _o(0¢) ox , 3(0g) _
di  ox oA oA

d(0¢)/ox = 0%p=W, and d(0g)/dA =-A from (3.209), therefore g—j =W,'A and

dc

D2w(A)= o ATW A (3.212)

x(2) "

The sequence AX) X can be obtained by applying Newton’s method from
someinitial estimate A%, which gives
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A1) = jl) ((ATWjA )'lc) , (3.213)

x(10))

which requires second derivatives of f and c. When only first derivatives are
available, a quasi-Newton method can be used to find x(A(")) and the resulting H

matrix can be used to approximate W, * in the above equation, i.e.

o) = p) - ((ATHA)'lc) (3.214)

x()l(k)) ’

An agorithm that uses the derived results is described below.

Algorithm 3.12: The Multiplier penalty algorithm.
.St A=A g=0" k=0 and Hc(o) =,

. Find the minimiser x(A,o) of ¢{x,A,0) and evaluate c=c(x(A,a)).
1 d, >%HC(“)HM then set 0, =100; i :|¢|>2|c| andgoto 2.

. Set k=k+1, W =2, W =0 and c =c.
. Evaluate A% according to (3.214) (where H and A are known from step 2)
and goto 2..

a b~ W DN PP

The am of line 3 in the above algorithm is to achieve linear convergence at
rate 1/4 or better. The required rate of convergence is obtained when parameters o

are sufficiently large. o remains constant then and only the parameters A are
changed.

The multiplier penalty function for the inequality constrained case can be
derived and used in a similar way!%1?.

The use of multiplier penalty methods is a significant improvement as
compared with the traditional penalty methods. High accuracy of the constrained
minimum can be achieved at low values of penalty parameters o . IlI-conditioning of
the minimised penaty function, which is a serious obstacle when using the
traditional penalty approach, is avoided to a great extent. An advantage inherited
from the penalty approach is that any type of existing unconstrained minimisation
techniques can be directly employed in the algorithm. However, the sequential nature
of the penalty approach is less efficient than the more direct approach of the
sequential quadratic programming approach described in the next section.
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3.11Sequential Quadratic Programming

The penalty approach to constrained optimisation is based on definition of a
sequence of unconstrained problems whose solutions converge to the solution of the
original problem. A more direct approach is based on approximations of the
objective and constraint functions. This seems to be a more efficient approach and

[r;lz?ny recent developments in optimisation algorithms are related to this approach!*®"

Consider first the equality constrained problem. A system (3.132) is a
stationary point condition for a local solution x* and Lagrange multipliers in the

solution A". By applying Newton’s method to solve this stationary point problem the
following iteration is obtained:

kO
022 witey Sapach (3.215)

where 0°Z is the matrix of second derivatives of the Lagrangian functions with
respect to variables x,A and O, is defined by (3.133). The resulting method is

referred to as the Lagrange-Newton method when applied to the solution of an
equality constrained problem.

Expressions for the first and second order derivatives are obtained from
(3.131). By taking into account these expressions, (3.215) becomes

owl  —AWOExg G-gW+AKNKND
0 =0 4w D (3.216)
T A 0 g0 g ¢ O

AW is the Jacobian matrix of constraints evaluated at x*) and W) =0 2(x®) )
isthe Hessian matrix of the Lagrangian function with respect to variables x, i.e.

w =02f (x)- 5 A"'0% (x¥). (3.217)

ILE

The system (3.216) can be rearranged to be solved for A« = 0 +3)
instead of A . If wewrite 0% = & , the system becomes
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ow® Wowo G-glo
3.218
%—A(")T 0 Dgﬂ% Ooo B (3.218)

Solution of the system gives A**? and 3*), while x*V is obtained by

x4 = () 4 5 (3.219)

Similarly as in the case of the Newton Method for unconstrained problems,
the system of equations in the Lagrange-Newton iteration can be considered as a
solution of aminimisation problem. Consider the problem

minimize q¥(3)= %JTW(“)J +g¥Tg+ f®
(3.220)
subject to 10(5) =AW 5+ =0,

This can be considered as an approximation of the original problem where the
objective function is approximated by the second order Taylor approximation with
the addition of constraint curvature terms in the Hessian, and constraints are

approximated by the first order Taylor approximation about x*). The problem can be
solved sequentially, which results in the sequential quadratic programming method
summarised below:

Algorithm 3.13: Sequential quadratic programming.
For k=12, ...
1. Solve (3.220) for ™). Set A**) to the vector of Lagrange multipliers of the
linear constraints.
2. Set x4 =x) 4 5.

The first order conditions O£ = Ofor this problem give (3.218), therefore the
solution 6®) of the system (3.218) is a stationary point of the Lagrangian function of
the problem (3.220). Following the discussion in section 3.9.1, the second order
sufficient conditions for (3.220) are that the reduced Hessian matrix %" w®z® js

positive definite. If thisis true, then ok minimises (3.220). It follows that if unique
minimisers exist in Algorithm 3.13 for each k, then the iteration sequence is identical

106



3. Numerical Optimisation 3.11. Sequential Quadratic Programming

to that given by the Lagrange-Newton method (3.218) and (3.219). The Lagrange-
Newton method can converge to a KT point which is not a minimiser, therefore the
sequential quadratic programming algorithm is preferred.

The agorithm can be generalised for solving inequality constrained
problems. In this case the subproblem
minimize q¥(s)= %JTW(“)J +g¥Tg+ f®
(3.221)
subject to 1K(5) =AW 5+ > 0.
is solved instead of (3.220).

The Lagrange-Newton and SQP algorithms have good local convergence
properties stated in the following theorem!™:

Theorem 3.17:

If x¥ issufficiently closeto X, if the Lagrangian matrix

ow® —al@Q
Dzz;(l)=DW(1)T N
TA 0 O

is non-singular and if second order sufficient conditionshold at x , A" with
rank A" =m (where m isthe number of constraints), then the Lagrange-

Newton iteration converges with second order. If A s such that (3.220) is
solved uniquely by o | then the same is true for the SQP method.

The Hessian matrix of the Lagrangian function W is required in the SQP
method. It is possible to approximate W by using updating formulag™*® analogous

to those in quasi-Newton methods. For example, a matrix B that approximates
W& can be updated according to the DFP or BFGS formula, but with

P =0z (x6, 206) - O g (x ), A6D), (3.222)

The resulting algorithms are superlinearly convergent.
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The main difficulty of the SQP algorithm as stated above is lack of global
convergence properties. The algorithm can fail to converge remote from the solution
and it is possible that in some iteration the solution of the subproblem (3.220) or
(3.221) does not even exist. The reason for this is essentialy the same as for any
method which constructs estimates purely on the basis of some simplified models (as
for example Newton’s method for unconstrained minimisation), i.e. the model isin
general adequate only in a limited region which does not necessarily contain the
problem solution.

While the line search strategy is a common approach to ensure global
convergence of the unconstrained minimisation algorithms, this approach is less
applicable in the direct methods for constrained minimisation (except those which
solve a sequence of unconstrained subproblems). The reason for this is that
especialy when non-linear equality constraints are present, any straight line from the
current iterate will typically have only one feasible point, which makes use of the
line search in a standard way impossible.

The other approach for inducing global convergence is the trust region
approach. By adding a step length restriction |J] < h*) to (3.220) or (3.221) the

possibility of an unbounded correction is removed. The difficulty is that if x* is

infeasible and h™ is suffici ently small, then the resulting subproblem may not have
any feasible points. Another way to ensure that the resulting subproblem is not

unbounded is to add the Levenberg-Marquardt term vI to w®  tis possible to
make W® positive definite by sufficiently increasing the parameter v 4.

A way of avoiding the difficulties with step length restriction is use of the L,
exact penalty functiont®™ in conjunction with the SQP method. An exact penalty
function is a penalty function whose unconstrained local minima correspond to
constrained local minima of the original problem. The L, exact penalty function for a

general constrained problem is given by
ox)=v f(x)+ ; . (x) + g max(0,—¢, (x)). (3.223)

Where v is a control parameter that weights the relative contribution of f(x) and
the penalty terms. If & are linearly independent, if v <1/|A|, andif x satisfiesthe

second order sufficient conditions for the original problem, then x is a local
minimiser of (3.223) and can be obtained by a single unconstrained minimisation.
The disadvantage of such a penalty function is that it has discontinuous first
derivatives on the border of the feasible region (Figure 3.15), which requires the use
of special techniques for non-smooth minimisation.
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Figure3.15: L, exact penalty functions for problem illustrated in
Figure 3.13.

For use with the SQP method, approximations (3.220) and (3.221) are
substituted in (3.223) and the step restriction (in L, norm) is added, which yields the
subproblem

minimize ¢/(6)=v q*(5)+ > 109(3) + )3 max(0,-1%(5))

(3.224)
subject to 3] <h®

This is an example of a so called L1;QP problem, for which effective algorithms
existt¥. Algorithm 3.13 that solves the subproblem (3.224) is consequently referred
to as the SL;QP agorithm.

The difficulties with an infeasible subproblem when using the step restriction

are avoided by using the exact penalty function. The radius of the trust region h*) is
adjusted adaptively in asimilar way as in restricted step algorithms for unconstrained
minimisation.

Most of the difficulties related to use of the L;QP subproblem arise from lack
of smoothness. The derivative discontinuities give rise to grooves in the penalty
surface, which can be difficult to follow by an algorithm. Another problem related to

derivative discontinuities is the Maratos effect!™?!, in which although x*), ¥} may
be arbitrarily close to the solution, the SL1QP method fails to reduce the L; exact
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penalty function. To avoid the effect, the step 3" must be recalculated after maki ng
the correction for the higher order errors that arise.

The SQP method and its variants seem to be among the most promising methods for
solving general nonlinear problems. A variant of the method developed by A. Tits,
E.R. Panier, J. Zhou and C. Lawrencé®®!® s built in the optimisation shell
described in the next chapter.

3.12 Further Remarks

In the present chapter some of the basis of nonlinear programming is
outlined. This knowledge is important for understanding the practical requirements
for implementation of the algorithmic part in the optimisation shell. The literature
cited in this chapter is mostly related to the mathematica and algorithmic
background of optimisation and less to practical implementation (except references
[3], [8] and [26]). Some implementation aspects are stressed in the next chapter
within a larger framework of the optimisation shell. The need for hierarchical and
modular implementation, which is stated there, is partialy based on the heterogeneity
of optimisation algorithms evident from the present chapter.

In practice it is not always obvious which algorithm to use in a given
situation. This depends first of all on the case being solved. Although the theory can
offer substantial support for making the judgment, most of the literature on
optimisation methods recognize the significance of numerical experimentation
alongside the theoretical development. This implies a significant aspect that was
borne in mind during development of the optimisation shell. The shell should not
only include a certain number of algorithms, but also provide an open framework for
incorporation of new algorithms and testing them on simple model functions as well
as on practical problems.

Many issues important for engineering practice were not taken into account.
One of them is handling multiple conflicting optimisation criteria, i.e. solving the
problem stated as

minimise [£.(x), £,(x), ..., f,.(x]]

(3.225)
subject to xdQ.

A common approach isto weight the individual criteria, which leads to the problem
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minimise f(x)=w,f (x)+w, f,(x)+...+w,_f ()

(3.226)
subject to xdQ,
where w,, ..., w,, are positive weighting coefficients. The problem which arises is

how to choose these coefficients. The choice is made either on the basis of
experience or in an iterative process where optimisation is performed severa times
and coefficients are varied on the basis of the optimisation results.

Sometimes it is more convenient to designate one criterion as a primary
objective and to constrain the magnitude of the others, e.g. in the following way:

minimise f,(x)
subject to f,(x)<C,,
(3.227)
f (x)<C,,
xQ.

This approach suffers for a similar defect as weighting criteria, i.e. the solution
depends on the choice of coefficients C,, ..., C,. Attempts to overcome this

problem lead to consideration of Pareto optimality!®*¥ and solution of the min-max
problem{% 2%,

Another important practical issue is optimisation in the presence of numerical
noise. Most of the methods considered in this chapter are designed on the basis of
certain continuity assumptions and do not perform well if the objective and
constraint functions contain a considerable amount of noise. This can often not be
avoided due to complexity of the applied numerical models and their discrete nature
(e.g. adaptive mesh refinement in the finite element simulations).

A promising approach to optimisation in the presence of noise incorporates
approximation techniques™®®. |n this approach successive low order
approximations of the objective and constraint functions are made locally on the
basis of sampled function values and/or derivatives. This leads to a sequence of
approximate optimisation subproblems. They refer to minimisation of the
approximate objective functions subject to the approximate constraints and to
additional step restriction, which restricts the solution of the subproblem to the
region where the approximate functions are adequate. The subproblems are solved by
standard nonlinear programming methods. For approximations more data is usually
sampled than the minimum amount necessary for determination of the coefficients of
the approximate functions, which levels out the effect of noise. A suitable strategy
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must be defined for choosing the limits of the search region and for the choice of
sampling points used for approximations (i.e. the plan of experiments)™.

A common feature of al methods mentioned in this chapter is that they at
best find a local solution of the optimisation problem. There are also methods which
can (with a certain probability) find the global solution or more than one local
solution at once. The most commonly used are simulated annealing®®®4 and
genetic algorithms™1*¥, Most of these methods are based on statistical search, which
means that they require a large number of function evaluations in order to accurately
locate the solution. This makes them less convenient for use in conjunction with
expensive numerical simulations, except in cases where global solutions are highly
desirable. Use of these techniques can also be suitable for finding global solutions of
certain optimisation problems which arise as sub-problems in optimisation
algorithms and in which the objective and constraint functions are not defined
implicitly through anumerical simulation.
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