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Preface

These lecture notes have been written for the course MAT-INF2360. They deal with
the third part of that course, and is about nonlinear optimization. Just as the first
parts of MAT-INF2360, this third part also has its roots in linear algebra. In addition,
it has stronger connection than the previous parts to multivariate calculus, as taught
in MAT1110.

Notation

We will follow multivariate calculus and linear algebra notation as you know it from
MAT1110 and MAT1120. In particular, vectors will be in boldface (x, y, etc.), while
matrices will be in uppercase (A4, B, etc.). The zero vector, or the zero matrix, is de-
noted by 0. All vectors stated will be assumed to be column vectors. A row vector will
always be written as xT where x is a (column) vector Vector-valued functions will be
in uppercase boldface (F, G, etc.). Functions are written using both uppercase and
lowercase. Uppercase is often used for the component functions of a vector-valued
function.
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Chapter

The basics and applications

The problem of minimizing a function of several variables, possibly subject to con-
straints on these variables, is what optimization is about. So the main problem is
easy to state! And, more importantly, such problems arise in many applications in
natural science, engineering, economics and business as well as in mathematics it-
self.

Nonlinear optimization differs from Fourier analysis and wavelet theory in that
classical multivariate analysis also is an important ingredient. Arecommended book
on this, used here at the University of Oslo, is [8] (in Norwegian). It contains a signif-
icant amount of fixed point theory, nonlinear equations, and optimization.

There are many excellent books on nonlinear optimization (or nonlinear pro-
gramming, as itis also called). Some of these books that have influenced these notes
are [1},[2, 9} [5) 13} [11]. These are all recommended books for those who want to go
deeper into the subject. These lecture notes are particularly influenced by the pre-
sentations in [1}2].

Optimization has its mathematical foundation in linear algebra and multivariate
calculus. In analysis the area of convexity is especially important. For the brief pre-
sentation of convexity given here the author’s own lecture notes [4] (originally from
2001), and the very nice book [14], have been useful sources. But, of course, anyone
who wants to learn convexity should study the work by R.T. Rockafellar, see e.g. the
classic text [12].

Linear optimization (LP, linear programming) is a special case of nonlinear opti-
mization, but we do not discuss this in any detail here. The reason for this is that we,
at the University of Oslo, have a separate course in linear optimization which covers
many parts of that subject in some detail.

This first chapter introduces some of the basic concepts in optimization and
discusses some applications. Many of the ideas and results that you will find in
these lecture notes may be extended to more general linear spaces, even infinite-
dimensional. However, to keep life a bit easier and still cover most applications, we
will only be working in R".



Due to its character this chapter is a “proof-free zone”, but in the remaining text
we usually give full proofs of the main results.

Notation: For z € R” and § > 0 define the (closed) ball B(z;€) = {x e R" : | x—z|| <
€}. It consists of all points with distance at most € from z. Similarly, define the open
ball B(z;€) = {x e R" : |x — z|| < €}. A neighborhood of z is a set N containing B(z;¢)
for some € > 0. Vectors are treated as column vectors and they are identified with the
corresponding n-tuple, denoted by x = (x1, x,..., X,;). A statement like

P(x) (xe H)

means that the statement P(x) is true for all x € H.

1.1 The basic concepts

Optimization deals with finding optimal solutions! So we need to define what this
is.

Let f : R" — R be a real-valued function in n variables. The function value is
written as f(x), for x € R", or f(x1,xy,...,X,). This is the function we want to min-
imize (or maximize) and it is often called the objective functionobjective function.
Let x* € R". Then x* is a local minimumminimum (or local minimizer) of f if there
is an € > 0 such that

f(x*) < f(x) forall x € B(x*;¢).

So, no point “sufficiently near” x* has smaller f-value than x*. A local max-
imummaximum is defined similarly, but with the inequality reversed. A stronger
notion is that x* is a global minimum of f which means that

f(x*) < f(x) forall x e R".

A global maximum satisfies the opposite inequality.

The definition of local minimum has a “variational character”; it concerns the
behavior of f near x*. Due to this it is perhaps natural that Taylor’s formula, which
gives an approximation of f in such a neighborhood, becomes a main tool for char-
acterizing and finding local minima. We present Taylor’s formula, in different ver-
sions, in Section|1.3

An extension of the notion of minimum and maximum is for constrained prob-
lems where we want, for instance, to minimize f(x) over all x lying in a given set C.
Then x* € C is a local minimum of f over the set C, or subject to x € C as we shall
say, provided no point in C in some neighborhood of x* has smaller f-value than
x*. A similar extension holds for global minimum over C, and for maxima.
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Example 1.1. To make these things concrete, consider an example from plane ge-
ometry. Consider the point set C = {(x1,x2) : x; 2 0x2 = 0, x] + x» < 1} in the plane.
We want to find a point x = (x1, x2) € C which is closest possible to the point a =
(3,2). This can be formulated as the minimization problem

minimize (x; —3)% + (x — 2)?
subject to
X1+x2=<1
x120,x2=0.

The function we want to minimize is f(x) = (x; — 3)2 + (xp — 2)2 which is a quadratic
function. This is the square of the distance between x and a; and minimizing the
distance or the square of the distance is equivalent (why?). A minimum here is x* =
(1,0), as can be seen from a simple geometric argument where we draw the normal
from (3,2) to the line x; + x, = 1. If we instead minimize f over R?, the unique global
minimum is clearly x* = a = (3,2). It is also useful, and not too hard, to find these
minima analytically. &

In optimization one considers minimization and maximization problems. As
max{f(x):x€ S} = —min{-f(x):x€ S}

it is clear how to convert a maximization problem into a minimization problem (or
vise versa). This transformation may, however, change the properties of the function
you work with. For instance, if f is convex (definitions come later!), then —f is not
convex (unless f is linear), so rewriting between minimization and maximization
may take you out of a class of “good problems”. Note that a minimum or maximum
may not exist. A main tool one uses to establish that optimal solutions really exist
is the extreme value theorem as stated next. You may want to look these notions up
in [8].

Theorem 1.2. Let C be a subset of R” which is closed and bounded, and let f :
C — R be a continuous function. Then f attains both its (global) minimum and
maximum, so these are points x!, x% € C with

fEh s f@) < fx? (xe0).

1.2 Some applications

It is useful to see some application areas for optimization. They are many, and here
we mention a few in some detail. The methods we will learn later will be applied to
these examples.



1.2.1 Portfolio optimization

The following optimization problem was introduced by Markowitz in order to find
an optimal portfolio in a financial market; he later received the Nobel prize in eco-
nomicsE] (in 1990) for his contributions in this area:

minimize aZi,ancijxixj—ijlujxj
subject to
n . —
ijl xj=1
xj=0 (j=n).

The model may be understood as follows. The decision variables are x1, xo, ..., X,
where x; is the fraction of a total investment that is made in (say) stock i. Thus
one has available a set of stocks in different companies (Statoil, IBM, Apple etc.) or
bonds. The fractions x; must be nonnegative (so we consider no short sale) and add
up to 1. The function f to be minimized is

n
f@=a) cijxixj—zlijj.
]:

i,j<n

It can be explained in terms of random variables. Let R; be the return on stock j, this
is a random variable, and let u; = ER; be the expectation of R;. So if X denotes the
random variable X =) ;‘:1 XjRj, which is the return on our portfolio (= mix among
investments), then EX = 27:1 wjx; which is the second term in f. The minus sign in
front explains that we really want to maximize the expected return. The first term in
f is there because just looking at expected return is too simple. We want to spread
our investments to reduce the risk. The first term in f is the variance of X multiplied
by a weight factor a; the constant c;; is the covariance of R; and Rj, defined by

Cij =ER; —pi) (Rj — ).

¢;; is also called the variance of R;.

So f is a weighted difference of variance and expected return. This is what we
want to minimize. The optimization problem is to minimize a quadratic function
subject to linear constraints. We shall discuss theory and methods for such prob-
lems later.

In order to use such a model one needs to find good values for all the parameters
pj and ¢;j; this is done using historical data from the stock markets. The weight
parameter « is often varied and the optimization problem is solved for each such
“interesting” value. This makes it possible to find a so-called efficient frontier of
expectation versus variance for optimal solutions.

The Markowitz model is a useful tool for financial investments, and now exten-
sions and variations of the model exist, e.g., by using different ways of measuring
risk. All such models involve a balance between risk and expected return.

I The precise term is “Sveriges Riksbank Prize in Economic Sciences in Memory of Alfred Nobel”
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1.2.2 Fitting a model

In many applications one has a mathematical model of some phenomenon where
the model has some parameters. These parameters represent a flexibility of the
model, and they may be adjusted so that the model explains the phenomenon best
possible.

To be more specific consider a model

Y =Fq(x)

for some function F, : R™ — R. Here a = (a1, @2,...,a,) € R" is a parameter vector
(so we may have several parameters). Perhaps there are natural constraints on the
parameter, say a € A for a given set A in R”.

For instance, consider

— az
y=ajcosx; +x,

sohere n=m =2, a = (a1,az) and F,(x) = ajcosx; + xgz where (say) a; € R and
as € [1,2].
The general model may also be thought of as

y = Fu(x) + error

since it is usually a simplification of the system one considers. In statistics one spec-
ifies this error term as a random variable with some (partially) known distribution.
Sometimes one calls y the dependent variable and x the explaining variable. The
goal is to understand how y depends on x.

To proceed, assume we are given a number of observations of the phenomenon
given by points

&y (i=1,2,...,m).

meaning that one has observed y corresponding to x = x*. We have m such obser-
vations. Usually (but not always) we have m = n. The model fit problem is to adjust
the parameter « so that the model fits the given data as good as possible. This leads
to the optimization problem

m . .
minimize Y (' — Fo(x%))* subjectto a € A.
i=1

The optimization variable is the parameter @. Here the model error is quadratic
(corresponding to the Euclidean norm), but other norms are also used.

This optimization problem above is a constrained nonlinear optimization prob-
lem. When the function F, depends linearly on a, which often is the case in prac-
tice, the problem becomes the classical least squares approximation problem which
is treated in basic linear algebra courses. The solution is then characterized by a
certain linear system of equations, the so-called normal equations.



1.2.3 Maximum likelihood

A very important problem in statistics, arising in many applications, is parameter
estimation and, in particular, maximum likelihood estimation. It leads to optimiza-
tion.

Let Y be a “continuous” real-valued random variable with probability densisty
px(y). Here x is a parameter (often one uses other symbols for the parameter, like
¢, 0 etc.). For instance, if Y is a normal (Gaussian) variable with expectation x and

i —(v—1)2
variance 1, then py(y) = \/inﬂe (y-0%12 gnd

b 2
Pa<Y <bh) =f ——e 2y
a V21
where P denotes probability.

Assume Y is the outcome of an experiment, and that we have observed Y = y
(so y is a known real number or a vector, if several observations were made). On
the basis of y we want to estimate the value of the parameter x which “explains”
best possible our observation Y = y. We have now available the probability density
px(). The function x — p(y), for fixed y, is called the likelihood function. It gives
the “probability mass” in y as a function of the parameter x. The maximum likeli-
hoodmaximum likelihood problem is to find a parameter value x which maximizes
the likelihood, i.e., which maximizes the probability of getting precisely y. This is an
optimization problem

max py(y)

where y is fixed and the optimization variable is x. We may here add a constraint
on x, say x € C for some set C, which may incorporate possible knowledge of x and
assure that p,(y) is positive for x € C. Often it is easier to solve the equivalent opti-
mization problem of maximizing the logarithm of the likelihood function

maxInp.(y)

This is a nonlinear optimization problem. Often, in statistics, there are several pa-
rameters, so x € R" for some 7, and we need to solve a nonlinear optimization prob-
lem in several variables, possibly with constraints on these variables. If the likeli-
hood function, or its logarithm, is a concave function, we have (after multiplying by
—1) a convex optimization problem. Such problems are easier to solve than general
optimization problems. This will be discussed later.

As a specific example assume we have the linear statistical model

y=Ax+w

where A is a given m x n matrix, x € R” is an unknown parameter, w € R™ is a ran-
dom variable (the “noise”), and y € R" is the observed quantity. We assume that the
components of w, i.e., wy, wo,..., w,, are independent and identically distributed
with common density function p on R. This leads to the likelihood function

m
px) =[] pyi-aix)
i=1
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where a; is the i’th row in A. Taking the logarithm we obtain the maximum likeli-
hood problem

m

max ) Inp(y; —a;x).

i=1
In many applications of statistics is is central to solve this optimization problem
numerically.
Example 1.3. Let us take a look at a model take from physics for desintegration of
muons. The angle 0 in electron radiation for desintegration of muons has a proba-
bility density

l+ax

p(x;a) = (1.1)

for x € [-1, 1], where x = cos@, and where « is an unknown parameter in [—-1, 1]. Our
goal is to estimate a from n measurements x = (x1,..., X;). In this case the likelihood
function, which we seek to maximize, takes the form g(a) = H;’zl p(x;; ). Taking
logarithms and multiplying by —1, our problem is to minimize

n n
f(a):—lng(a)z—ln(l_[ p(x,-;a)) =-) In((1+ax;)/2). (1.2)
i=1 i=1

We compute

n n
foon Xx;/2 _ X
J@= i;(l+ax,-)/2_ l-zzil+ax,-
n x?
1" _ i
f (“)‘;(Haxi)z

We see that f”(a) = 0, so that f is convex. As explained, this will make the problem
easier to solve using numerical methods. If we try to solve f'(a) = 0 we will run
into problems, however. We see, however, that f’'(a) — 0 when a — +o00, and since

1+x0ixi = m, we must have that f'(a) — co when @ — —1/x; from below, and

f'(@) = —oo when @ — —1/x; from above. It is therefore clear that f has exactly
one minimum in every interval of the form [-1/x;,—1/x;+1] when we list the x; in
increasing order. It is not for sure that there is a minimum within [-1,1] at all. If all
measurements have the same sign we are guaranteed to find no such point. In this
case the minimum must be one of the end points in the interval. We will later look
into numerical method for finding this minimum. &

1.2.4 Optimal control problems
Recall that a discrete dynamical system is an equation
Xee1=he(x) (£=0,1,..)

where x; € R", x is the initial solution, and #; is a given function for each ¢. We here
think of ¢ as time and x; is the state of the process at time t. For instance, let n =1
and consider h;(x) = ax (t=0,1,...) for some a € R. Then the solution is x; = a’xy.



Another example is when A is an n x n matrix, x; € R” and h(x) = Ax for each r.
Then the solution is x; = A’xg. For the more general situation, where the system
functions h; may be different, it may be difficult to find an explicit solution for x;.
Numerically, however, we compute x; simply in a for-loop by computing x(, then
x1 = f1(xp) and then x, = f>(x;) etc.

Now, consider a dynamical system where we may “control” the system in each
time step. We restrict the attention to a finite time span, ¢t = 0,1,...,T. A proper
model is then

Xie1=he(xpuy) (6=0,1,...,T—-1)

where x; is the state of the system at time ¢ and the new variable u; is the control at
time ¢. We assume x; € R"” and u, € R" for each ¢ (but these things also work if these
vectors lie in spaces of different dimensions). Thus, when we choose the controls
Uy, uy,..., ur—1 and x, is known, the sequence {x,} of states is uniquely determined.
Next, assume there are given functions f;: R” x R™ — R that we call cost functions.
We think of f;(x;, u;) as the “cost” at time ¢ when the system is in state x; and we
choose control u;. The optimal controloptimal control problem is

minimize fr(x7) + X1 fi(xp, ur)
subject to (1.3)
X1 = he(xp, uy) (t=0,1,...,T-1)

where the control is the sequence (ug, #1, ..., ur—1) to be determined. This prob-
lem arises an many applications, in engineering, finance, economics etc. We now
rewrite this problem. First, let u = (u;,uy,...,ur) € RN where N = Tn. Since, as we
noted, x; is uniquely determined by u, there is a function v; such that x; = v;(u)
(t=1,2,...,T); x is given. Therefore the total cost may be written

T-1

T-1
frxn)+ Y. filxpu) = frior@) + Y. fi(v (w),u) = f(w)
t=0 t=0

which is a function of u. Thus, we see that the optimal control problem may be
transformed to the unconstrained optimization problem

min f(u)

ueRN
Sometimes there may be constraints on the control variables, for instance that they
each lie in some interval, and then the transformation above results in a constrained
optimization problem.

1.2.5 Linear optimization

This is not an application, but rather a special case of the general nonlinear opti-
mization problem where all functions are linear. A linear optimizationlinear opti-
mization problem, also called linear programming, has the form



minimize cTx

subject to (1.4)
Ax=b,x=0.

Here A is an m x n matrix, b € R™ and x = 0 means that x; = 0 for each i < n.
So in linear optimization one minimizes (or maximizes) a linear function subject
to linear equations and nonnegativity on the variables. Actually, one can show any
problem with constraints that are linear equations and/or linear inequalities may
be transformed into the form above. Such problems have a wide range of applica-
tion in science, engineering, economics, business etc. Applications include portfolio
optimization and many planning problems for e.g. production, transportation etc.
Some of these problems are of a combinatorial nature, but linear optimization is a
main tool here as well.

We shall not treat linear optimization in detail here since this is the topic of a
separate course, INF-MAT3370 Linear optimization. In that course one presents
some powerful methods for such problems, the simplex algorithm and interior point
methods. In addition one considers applications in network flow models and game
theory.

1.3 Multivariate calculus and linear algebra

We first recall some useful facts from linear algebra.

The spectral theorem says that if A is a real symmetric matrix, then there is an
orthogonal matrix P (i.e., its columns are orthonormal) and a diagonal matrix D
such that

A=PDPT,

The diagonal of D contains the eigenvalues of A, and A has an orthonormal set of
eigenvectors (the columns of P).

Areal symmetric matrix is positive semidefinitepositive semideﬁniteﬂ ifx"Ax =0
for all x € R". The following statements are equivalent

@) A s positive semidefinite,
(i) all eigenvalues of A are nonnegative,
(iii) A= WTW for some matrix W.

Similarly, a real symmetric matrix is positive definitepositive definite if x” Ax > 0 for
all nonzero x € R". The following statements are equivalent

@) A is positive definite,
(i) all eigenvalues of A are positive,
(iii) A= WTW for some invertible matrix W.

Every positive definite matrix is therefore invertible.

28ee Section 7.2 in [7]



We also recall some central facts from multivariate calculus. They will be used
repeatedly in these notes. Let f : R” — R be a real-valued function defined on R".
The gradientgradient of f at x is the n-tuple

of(x) 0f(x) o0f(x)

ox;  0xx 7 0xp

Vfx)=

We will always identify an n-tuple with the corresponding column Vectoﬂ Of course,
the gradient only exists if all the partial derivatives exist. Second order information
is contained in a matrix: assuming f has second order partial derivatives we define
the Hessian matrixHessian matrixf_rlvz f(x) as the nx ni;2matrix whose (i, j)'th entry
is

0*f(x)

le-ax j ’

If these second order partial derivatives are continuous, then we may switch the
order in the derivations, and V2 f(x) is a symmetric matrix.

For vector-valued functions we also need the derivative. Consider the vector-
valued function F given by
F(x)
F(x)
F(x) =

Fy(x)
so F; : R" — Ris the ith component function of F. F’ denotes the Jacobi matrixJacobi
matrix{ﬂ or simply the derivative, of F

0F) (x) 0F; (x) . 0F) (x)

0x1 0x> 0xy
0F,(x) 0F,(x) . 0F; (x)

F'(x) _ 0x1 0x2 0xp
0F,(x) 0F,(x) . OFy(x)

0x, 0x2 0xp

The ith row of this matrix is therefore the gradient of F;, now viewed as a row vector.

Next we recall Taylor’s theorems from multivariate calculus E}

Theorem 1.4 (First order Taylor theorem). Let f : R” — R be a function having
continuous partial derivatives in some ball B(x;r). Then, for each k € R" with
||kl < r there is some ¢ € (0,1) such that

fx+h) =fx)+Vfx+thh.

The next one is known as Taylor’s formula, or the second order Taylor’s theorenﬂ

3This is somewhat different from [8], since the gradient there is always considered as a row vector
4See Section 5.9 in [8]

5See Section 2.6 in 8]

6This theorem is also the mean value theorem of functions in several variables, see Section 5.5 in [8]
7See Section 5.9 in [8]
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Theorem 1.5 (Second order Taylor theorem). Let f : R” — R be a function hav-
ing second order partial derivatives that are continuous in some ball B(x;r).
Then, for each h € R" with || k| < r there is some ¢ € (0,1) such that

fx+h)=fx)+Vfx) h+ %thzf(x+ th)h.

This may be shown by considering the one-variable function g(¢) = f(x+th) and
applying the chain rule and Taylor’s formula in one variable.

There is another version of the second order Taylor theorem in which the Hes-
sian is evaluated in x and, as a result, we get an error term. This theorem shows how
f may be approximated by a quadratic polynomial in n variablesﬂ

Theorem 1.6 (Second order Taylor theorem, version 2). Let f : R” — R be a
function having second order partial derivatives that are continuous in some ball
B(x;r). Then there is a function € : R” — R such that, for each h € R" with || k| <1,

fx+h)=fx+Vix) h+ %hTVZf(x)h+e(h)|Ih||2.

Here e(y) — 0 when y — 0.

The very useful approximations we get from Taylor’ theorems can thus be sum-
marized as follows:

Taylor approximations:

First order: fx+h) =f@+VF@Th+0(hl)
~fx)+Vf(x)h.

Second order: f(x+h) =f(x)+Vf(x)Th+h'V?f(x)h+O(|h|?)
~ f@®)+Vf @) h+5h"V? f(x)h.

We introduce notation for these approximations

Tixx+h) =f@)+Vfx)'h
Tixx+h) =fx)+V ) h+3h"Vf(x)h
As we shall see, one can get a lot of optimization out of these approximations!

We also need a Taylor theorem for vector-valued functions, which follows by ap-
plying Taylor’ theorem above to each component function:

8See Section 5.9 in 8]
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Theorem 1.7 (First order Taylor theorem for vector-valued functions). Let F :
R"™ — R™ be a vector-valued function which is continuously differentiable in a
neighborhood N of x. Then

F(x+h)=F(x)+F (x)h+O(||hl)

when x+ he N.

Finally, if F : R” — R™ and G : R* — R” we define the composition H = Fo G as
the function H : R¥ — R™ by H(x) = F(G(x)). Then, under natural differentiability
assumption the following chain rulechain ruleﬂ holds:

H'(x) = F(G(x))G' (x).

Here the right-hand side is a product of two matrices, the respective Jacobi matrices
evaluated in the right points.
Finally, we discuss some notions concerning the convergence of sequences.

Definition 1.8 (Linear convergence). We say that a sequence {x};2, converges
to x* linearlylinear convergence (or that the convergence speed in linear) if there
isay <1 such that

%+ =2 I < yllog —x"| (k=0,1,...).

Afaster convergence rate is superlinear convergencesuperlinear convergence which
means that
. * *
lim [[Xg4 —x" [/l —x7[ =0
k—o0

A special type of superlinear convergence is quadratic convergence where
2
%1 =X < yllxg —x*1° (k=0,1,...)

for some y < 1.

Exercises for Chapter 1

1. Give an example of a function f :R — R with 10 global minima.

2. Consider the function f(x) = xsin(1/x) defined for x > 0. Find its local minima.
What about global minimum?

3. Let f: X — R, be a function (with nonnegative function values). Explain why it
is equivalent to minimize f over x € X or minimize f?(x) over X.

9See Section 2.7 in [8]
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4. In Example[I.2.3lwe mentioned that optimizing the function p(y) is equivalent
to optimizing the function In p,(y). Explain why maximizing/minimizing g is the
same as maximizing/minimizing In g for any positive function g.

5. Consider f:R? — R given by f(x) = (x; —3)? + (x2 — 2)2. How would you explain
to anyonethat x* = (3,2) is a minimum point?

6. The level sets of a function f : R?> — R are sets of the form L, = x € R?: f(x) = a}.
Let f(x) = §(x1 — 1)* + (x; — 3)%. Draw the level sets in the plane for a = 10,5,1,0.1.

7. The sublevel set of a function f : R" — R is the set Sg(f) = {x € R? : f(x) < a},
where a € R. Assume that inf{f (x) : x € R"} = 1) exists.

a. What happens to the sublevel sets S, as @ decreases? Give an example.

b. Show that if f is continuous and there is an x’ such that with @ = f(x') the
sublevel set S, (f) is bounded, then f attains its minimum.

8. Consider the portfolio optimization problem in Subsection|1.2.1

a. Assume that ¢;; = 0 for each i # j. Find, analytically, an optimal solution.
Describe the set of all optimal solutions.

b. Consider the special case where n = 2. Solve the problem (hint: eliminate
one variable) and discuss how minimum point depends on a.

9. Later in these notes we will need the expression for the gradient of functions
which are expressed in terms of matrices.

a. Let f:R" — R be defined by f(x) = g”x = x” q, where q is a vector. Show
that V f(x) = g, and that sz(x) =0.

b. Let f : R” — R be the quadratic function f(x) = (1/2)x” Ax, where A is
symmetric. Show that V f(x) = Ax, and that V2 flx)=A.

c. Show that, with f defined as in b., but with A not symmetric, we obtain
that Vf(x) = 3(A+ AT)x, and V? f = £ (A+ AT). Verify that these formulas are
compatibe with what you found in b. when A is symmetric.

10. Consider f(x) = f(x1,x2) = xf +3x1 X2 — 5x§ +3. Determine the first order Taylor
approximation to f at each of the points (0,0) and (2, 1).

1 2
11. Let A = (2 8)' Show that A is positive definite. (Try to give two different

proofs.)
12. Show that if A is positive definite, then its inverse is also positive definite.

13
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Chapter

A crash course in convexity

Convexity is a branch of mathematical analysis dealing with convex sets and convex
functions. It also represents a foundation for optimization.

We just summarize concepts and some results. For proofs one may consult [4]
or [14], see also [1].

2.1 Convex sets

A set C < R" is called convexif (1-A)x+ Ay € C whenever x,ye Cand0< 1 < 1.
Geometrically, this means that C contains the line segment between each pair of
points in C, so, loosely speaking, a convex set contains no “holes”.

For instance, the ball B(a;0) = {x e R": | x — a|| < §} is a convex set. Let us show
this. Recall the triangle inequality which says that |lu + v|| < ||| + ||v] whenever
u,veR". Letx,y€ B(a;6) and A € [0,1]. Then

A-Dx+Ay)—al =11-A)(x—a)+Ay-al
=1A-Dx-a)l+1Ay-a)l
=(1-MDlx—-al+Aly-al
<s(1-A1)6+A6=04.

Therefore B(a; ) is convex.

Every linear subspace is also a convex set, as well as the translate of every sub-
space (which is called an affine set). Some other examples of convex sets in R? are
shown in Figure[2.1] We will come back to why each of these sets are convex later.
Another important property is that the intersection of a family of convex sets is a
convex set.

By a linear system we mean a finite system of linear equations and/or linear in-
equalities involving n variables. For example

X1+x2=3,x1=20,x=0

15



(a) Asquare (b) The ellipse ’2—2 + y2 <1 (c) The area x* + y4 <1

Figure 2.1: Examples of some convex sets.

is alinear system in the variables x1, x,. The solution set is the set of points (x;,3—x;)
where 0 < x; < 3. The set of solutions of a linear system is called a polyhedron. These
sets often occur in optimization. Thus, a polyhedron has the form

P={xeR":Ax< b}

where A€ R™" and b € R™ (m is arbitrary, but finite) and < means componentwise
inequality. There are simple techniques for rewriting any linear system in the form
Ax <b.

Proposition 2.1. Every polyhedron is a convex set.

Proof: Assume that P is the polyhedron given by all points where Ax < b. Assume
that x and y lie in P, so that Ax < b, and Ay < b. We then have that

AAx+(1—-)y) = AAx+(1—-)Ay<Ab+(1-)b=b.

This shows that AAx + (1 — 1) Ay also lies in P, so that P is convex. ]

The square from Figure 2.1{(a) is defined by the inequalities —1 < x,y < 1. It is
therefore a polyhedron, and therefore convex. The next result shows that convex
sets are preserved under linear maps.

Proposition 2.2. If T:R" — R is a linear transformation, and C < R" is a convex
set, then the image T'(C) of this set is also convex.

2.2 Convex functions

The notion of a convex function also makes sense for real-valued functions of several
variables. Consider a real-valued function f: C — R where C < R" is a convex set.
We say that f is convex provided that

FA-Dx+A) <A-D)f®)+Af() (x,yeC,0<A<1) @.1)
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(This inequality holds for all x,y and A as specified). Due to the convexity of C,
the point (1 - A)x + Ay lies in C, so the inequality is well-defined. The geometrical
interpretation in one dimension is that whenever you take two points on the graph
of f, say (x, f(x)) and (y, f(¥)), the graph of f restricted to the line segment [x, y]
lies below the line segment in R”*! between the two chosen points. A function g is
called concaveif — g is convex.

For every linear function we have that f(1-A)x+Ay) =1 -A) f(x) +Af(y), so
that every linear function is convex. Some other examples of convex functions in n
variables are

¢ f(x) = L(x)+a where Lis alinear function from R" into R (a linear functional)
and «a is a real number. In fact, for such functions we have that f((1 - A)x +
Ay) = (A -A) f(x)+ Af(p), just as for linear functions. Functions on the form
f(x) = L(x) + a are called affine functions, and may be written on the form
f(x) = ¢ x + a for a suitable vector c.

¢ f(x) = |lx|| (Euclidean norm). That this is convex can be proved by writing
A-Dx+ Ayl < IQA-Vxl+ Ayl = 1=V x] + Al yll. In fact, the same argu-
ment can be used to show that everynorm defines a convex function. Such an
example is the [;-norm, also called the sum norm, defined by || x||; = ;?:1 |x;].

e f(x)= eXi1Y (see Exercise.
e f(x)=e"™ where h:R" — R is a convex function (exercise@).

¢ f(x) = max; g;(x) where g; : R” — R is an affine function (i < m). This means
that the pointwise maximum of affine functions is a convex function. Note
that such convex functions are typically not differentiable everywhere. A more
general result is that the pointwise supremum of an arbitrary family of affine
functions (or even convex functions) is convex. This is a very useful fact in
convexity and its applications.

The following result is an exercise to prove, and it gives a method for proving
convexity of a function.

Proposition 2.3. Assume that f : R” — R is convex and H : R — R” is affine.
Then the composition f o H is convex, where (f o H)(x) := f(H(x)).

The next result is often used, and is called Jensen's inequality.. It can be proved
using induction.

Theorem 2.4 (Jensen’s inequality). Let f : C — R be a convex function defined
on a convex set C < R”. If x!,x*>...,x" € C and A,...,A, = 0 satisfy Z;zlflj =1,
then

FOAx) <

Ajfd). (2:2)
j=1 j=1
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A point of the form Z;zl A jxf , where the A;’s are nonnegative and sum to 1, is

called a convex combination of the points x1,x%...,x". One can show that a set is

convex if and only if it contains all convex combinations of its points.
Finally, one connection between convex sets and convex functions is the follow-
ing fact whose proof is an exercise.

Proposition 2.5. Let C < R" be a convex set and consider a convex function f :
C — R. Let @ € R. Then the “sublevel” set

xeC:f(x)<a}

is a convex set.

2.3 Properties of convex functions

A convex function may not be differentiable in every point. However, one can show
that a convex function always has one-sided directional derivatives at any point. But
what about continuity?

Theorem 2.6. Let f: C — R be a convex function defined on an open convex set
C cR". Then f is continuous on C.

Proof: Prove this here. ]

However, a convex function may be discontinuous in points on the boundary of
its domain. For instance, the function f: [0,1] — R given by f(0) =1 and f(x) = 0 for
x € (0,1] is convex, but discontinuous at x = 0. Next we give a useful technique for
checking that a function is convex.

Theorem 2.7. Let f be a real-valued function defined on an open convex set C <
R”" and assume that f has continuous second-order partial derivatives on C.

Then f is convex if and only if the Hessian matrix V2 f (x) is positive semidefi-
nite for each x e C.

Example 2.8. Using Theorem it is straightforward to prove that the remaining
sets from Figure[2.1]are convex. They can be written as sublevel sets of the functions
flx,y) = xTZ +y%,and f(x,y) = x* + y*. For the first of these the level sets are ellipses,
and are shown in Figure[2.2] together with f itself. One can quickly verify that the
Hessian matrices of these functions are positive semidefinite. It follows from Propo-
sitionthat the corresponding sets are convex. &

An important class of convex functions consists of (certain) quadratic functions.
Let A€ R"™*" be a symmetric matrix which is positive semidefinite and consider the
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(a) The function f(x,y) = %2 +y (b) Some level curves of f

Figure 2.2: A function and its level curves.

quadratic function f : R"” — R given by

n
f@=02x" Ax-b"x=(1/2) Y aijxix; - Y bjx;.
i\j j=1

(If A =0, then the function is linear, and it may be strange to call it quadratic. But we
still do this, for simplicity.) Then (Exercise@in Chapter the Hessian matrix of f
is A, i.e., V2 f(x) = Afor each x € R". Therefore, by Theoremis a convex function.

We remark that sometimes it may be easy to check that a symmetric matrix A is
positive semidefinite. A (real) symmetric n x n matrix A is called diagonally domi-
nantif |a;;| = Z#,- la;j| for i = 1,..., n. These matrices arise in many applications,
e.g. splines and differential equations. It can be shown that every symmetric diago-
nally dominant matrix is positive semidefinite. For a simple proof of this fact using
convexity, see [3]. Thus, we get a simple criterion for convexity of a function: check
if the Hessian matrix V2 f(x) is diagonally dominant for each x. Be careful here: this
matrix may be positive semidefinite without being diagonally dominant!

We now look at differentiability properties of convex functions.

Theorem 2.9. Let f be areal-valued convex function defined on an open convex
set C < R". Assume that all the partial derivatives 0 f (x)/0xy,...,0f (x)/0x, exist
ata point x € C. Then f is differentiable at x.

A convex function may not be differentiable everywhere, but it is differentiable
“almost everywhere”. More precisely, for a convex function defined on an open con-
vex set in R”, the set of points for which f is not differentiable has Lebesgue measure
zero. We do not go into further details on this here, but refer to e.g. [5] for a proof
and a discussion.
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Another characterization of convex functions that involves the gradient may now
be presented.

Theorem 2.10. Let f: C — Rbe a differentiable function defined on an open con-
vex set C < R”. Then the following conditions are equivalent:

(@) f is convex.

(i) fx) = flx)+ Vfxg) T (x—xp) for all x, xo € C.

(iii)  (Vfx)=Vf(xe) T (x—x0)=0 for all x, x, € C.

This theorem is important. Property (ii) says that the first-order Taylor approxi-
mation of f at xo (which is the right-hand side of the inequality) always underesti-
mates f. This result has interesting consequences for optimization as we shall see
later.

Exercises for Chapter 2

1. We recall that An B consists of all points which lie both in A and B. Show that
AN B is convex when A and B are.

2. Suppose that f is a convex function defined on R which also is positive. Show
that g(x) = (f(x))" also is convex.

3. (Trial Exam UIO V2012) Assume that f, g are convex, positive, and increasing
functions, both two times differentiable and defined on R. Show that h(x) = f(x)g(x)
is convex.

Hint: Look at the second derivative of h(x).

4. Show that the previous result also holds for any f, g which are convex, positive,
and increasing functions (i.e. they need not be differentiable).

5. (Exam UIO V2012)

a. Let f and g both be two times (continuously) differentiable functions de-
fined on R. Suppose also that f and g are convex, and that f is increasing.
Show that h(x) = f(g(x)) is convex. This states that, in particular the func-
tion f(x) = eh®) (which we previsously just stated as convex without proof),
is convex.

Hint: Compute the second derivative of h(x), and consider its sign.

b. Construct two convex functions f, g so that h(x) = f(g(x)) is not convex.

6. Let f be a convex function defined on C c R”. Show that g(x) = e/ ™ also is con-
vex (i.e. the result from the previous exercise holds also when f is not differentiable).

7. Let S={(x,y,2): 2= x* + y?} c R3. Sketch the set and verify that it is a convex set.

8. Let f: S — Rbe a differentiable function, where S is an open set in R. Check that
f is convex if and only if f”'(x) =0 forall x € S.

9. Prove Proposition[2.3]
10. Prove Proposition|2.5
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11. Explain how you can write the LP problem max {(¢’x:Ax=b, Bx=d, x>0} as
an LP problem of the form

max{ch: Hx<h, x=0}

for suitable matrix H and vector h.
12. Let x1,...,x; € R" and let C be the set of vectors of the form

t
2 Ajx;
Jj=1

where 1; = 0 for each j =1,...,t, and Z;zl A; = 1. Show that C is convex. Make a
sketch of such a set in R3.
13. Show that f(x) = eZ

14. Assume that f and g are convex functions defined on an interval I. Which of
the following functions are convex or concave?

noxi. .
j=171 is a convex function.

a. Af where 1eR,
b. min{f, g},
c. Ifl.

15. Let f:[a, b] — R be a convex function. Show that
max{f(x): x € [a, b]} = max{f (a), f (D)}

i.e., a convex function defined on closed real interval attains its maximum in one of
the endpoints.

16. (Trial Exam UIO V2012) Show that max{f, g} is a convex function when f and g
are convex (we define max{f, g} by max{f, g} (x) = max(f(x), g(x)))).

17. Let f:(0,00) — R and define the function g : (0,00) — Rby g(x) = xf(1/x). Why
is the function x — xe!’* convex?

18. Let C < R” be a convex set and consider the distance function d¢ defined by
dc(x) =inf{||x - y| : y € C}. Show that d is a convex function.
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Chapter

Nonlinear equations

A basic mathematical problem is to solve a system of equations in several unknowns
(variables). There are numerical methods that can solve such equations, at least
within a small error tolerance. We shall briefly discuss such methods here; for fur-
ther details, see [6} [11].

3.1 Equations and fixed points

In linear algebra one works a lot with linear equations in several variables, and Gaus-
sian elimination is a central method for solving such equations. There are also other
faster methods, so-called iterative methods, for linear equations. But what about
nonlinear equations? For instance, consider the system in two variables x; and x,:

x2—xix;3+cosx; = 1
5x] +2x7 — tan(x; x3)

Clearly, such equations can be very hard to solve. The general problem is to solve
the equation
F(x)=0 (3.1

for a given function F : R” — R”. If F(x) = 0 we call x a root of F (or of the equation).
The example above is equivalent to finding roots in F(x) = (F;(x), F>(x)) where

Fi(x) =x2 —x1x,% + cosx; — 1

Fo(x) =5x] +2x; — tan(x; x3) - 3

In particular, if F(x) = Ax—b where Ais an n x n matrix and b € R", then we are back
to linear equations (a square system). More generally one may consider equations
G(x) = 0 where G : R"” — R™, but we here only discuss the case m = n.

Often the problem F(x) = 0 has the following form, or may be rewritten to it:

K(x) =x. (3.2)
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for some function K : R” — R”. This corresponds to the special choice F(x) = K(x)—
x. A point x € R” such that x = K(x) is called a fixed point of the function K. In
finding such a fixed point it is tempting to use the following iterative method: choose
a starting point xo and repeat the following iteration

Xy =K(xp) fork=1,2,... (3.3)

This is called a fixed-point iteration. We note that if K is continuous and this pro-
cedure converges to some point x*, then x* must be a fixed point. The fixed-point
iteration is an extremely simple algorithm, and very easy to implement. Perhaps sur-
prisingly, it also works very well for many such problems. Let € > 0 denote a small
error tolerance used for stopping the process, e.g. 1075.

Fixed-point algorithm:
1. Choose an initial point xy, let x = x¢ and err = 1.
2. while err > € do

@) Compute x; = K(x)

(ii) Compute err = ||x; — x||

(iii) Update x:= x;

When does the fixed-point iteration work? Let | - || be a fixed norm, e.g. the
Eulidean norm, on R”. We say that the function K : R” — R" is a contraction if there
is a constant 0 < ¢ < 1 such that

[K(x)-Kpl<clx-yl (x,yeR".

We also say that K is c-Lipschitz in this case. The following theorem is called the
Banach contraction principle. It also holds in Banach spaces, i.e., complete normed
vector spaces (possibly infinite-dimensional).

Theorem 3.1. Assume that K is c-Lipschitz with 0 < ¢ < 1. Then K has a unique
fixed point x*. For any starting point xy the fixed-point iteration (3.3) generates a
sequence {xk}zozo that converges to x*. Moreover

Ixks1—x*| < cllxg—x"| fork=0,1,... (3.4)

so that
k
lxr —x* N < c“llxo— x|

Proof: First, note that if both x and y are fixed points of K, then

lx—yl=IKx)-K@Il=<clx-yl
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which means that x = y (as ¢ < 1); therefore K has at most one fixed point. Next, we
compute

k
lXpr1 =Xkl = 1K (xg) — KXl S cllxg — Xp—1ll =-- = c™ [l %1 — X0l

SO
lm = %ol = I X750 G = X1 < T 1%k — Xkl
< (X725 M)llxr = xoll < (1/ (1 = o) %1 — xol

From this we derive that {x;} is a Cauchy sequence; as we have

Xsem— x5l =1K&Xsym-1) — Kxs—DI = cllXsrm—1 — X511l =---
s cxm—xoll = (c*/(A = c))llx1 —xoll.

and 0 < ¢ < 1. Any Cauchy sequence in R” has a limit point, so x,, — x* for some
x* € R". We now prove that the limit point x* is a (actually, the) fixed point:

lx* =K@ =Ilx* = xpl+1x, - K&
=[x* = x| + 1 K(x5-1) — K(x¥)||
slx* —xml +cllxm_y —x*|

and letting m — oo here gives | x* — K(x*)|| <0 so x* = K(x*) as desired.
Finally,

k+1
[Xp+1 — X" = 1K(xp) = K(x") | < cllxg —x" | < " lxg — 2"

which completes the proof. ]
We see that x; — x* linearly, and that Equation (3.4) gives an estimate on the
convergence speed.

3.2 Newton’s method

We return to the main problem (3.I). Our goal is to present Newton’s method, a
highly efficient iterative method for solving this equation. The method constructs a
sequence

X0, X1,X2,...

in R" which, hopefully, converges to a root x* of F, so F(x*) = 0. The idea is to
linearize F at the current iterate x; and choose the next iterate x;,; as a zero of this
linearized function. The first order Taylor approximation of F at x is

Tp(xi;%) = F(xp) + F' () (x — xp).
We solve T}, (xx; x) = 0 for x and define the next iterate as xy; = x. This gives
Xpep1 = X — F' () " Flxg) (3.5)

which leads to Newton’s method. One here assumes that the derivative F’ is known
analytically. Note that we do not (and hardly ever do!) compute the inverse of the
matrix F'.
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Newton’s method for nonlinear equations:

1. Choose an initial point x.

2.Fork=0,1,...do
(i) Find the direction p by solving F'(x;)p = —F (xy)
(ii) Update: xg1 =X+ p

In the main step, which is to compute p, one needs to solve an n x n linear sys-
tem of equations where the coefficient matrix is the Jacobi matrix of F, evaluated
at x;. In MAT1110 [8] we implemented the following code for Newton’s method for
nonlinear equations:

function x=newtonmult(x0,F,J)
% Performs Newtons method in many variables
% x: column vector which contains the start point
% F: computes the values of F
% J: computes the Jacobi matrix
epsilon=0.0000001; N=30; n=0;
x=x0;
while norm(F(x)) > epsilon && n<=N
x=x-J(X)\F (%) ;

fval = F(x);
%fprintf (’itnr=Y2d x=[%13.10f,%13.10f] F(x)=[%13.10f,%13.10f1\n?, ..
yA n,x(1),x(2) ,fval(1),fval(2))

n=n+1;
end

This code also terminates after a given number of iterations, and when a given ac-
curacy is obtained. Note that this function should work for any function F, since it
is a parameter to the function.

The convergence of Newton’s method may be analyzed using fixed point theory
since one may view Newton’s method as a fixed point iteration. Observe that the
Newton iteration may be written

X1 = Gxg)

where G is the function
Gx)=x—F (x)"'F(x)

From this it is possible to show that if the starting point is sufficiently close to the
root, then Newton’s method will converge to this root at a linear convergence rate.
With more clever arguments one may show that the convergence rate of Newton's
method is even faster: it has superlinear convergence. Actually, for many functions
one even has quadratic convergence rate. The proof of the following convergence
theorem relies purely on Taylor’s theorem.
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Theorem 3.2. Assume that Newton’s method with initial point xy produces a se-
quence {xx}?2, which converges to a solution x* of (3.1). Then the convergence
rate is superlinear.

Proof: From Taylor’s theorem for vector-valued functions, Theorem in the
point x; we have

0=F(x") = F(x) + (x" —x3)) = F(xp) + F' (x3) (x" = x3) + Ol xp — %™ )
Multiplying this equation by F’(x;)~! (which is assumed to exist!) gives
xp—x" = F (x) " F(xg) = O(llxg — x|
Combining this with the Newton iteration xj.1 = x; — F'(x;) "' F(x}) we get

Xie+1 — X" = O0(lxg —x™ ).

So
lim [lxeeq —x" 1/ xp -7 =0
k—o0
This shows the superlinear convergence. ]

The previous result is interesting, but it does not say how near to the root the
starting point need to be in order to get convergence. This is the next topic. Let
F: U — R" where U is an open, convex set in R”. Consider the conditions on the
derivative F’

(i) IFx-FI<Lix-yl foralx,yeU

(ii) |F'(xp)ll=K for some xg € U 3.6)

where K and L are some constants. Here || F'(xo) || denotes the operator norm of the
square matrix F’'(xg) which is defined as

IF'(x0) | = sup || F'(xo)xl
=1

and it measures how much the operator F’(xg) may increase the size of vectors. The
following convergence result for Newton’s method is known as Kantorovich’ theorem.

Theorem 3.3 (Kantorovich’ theorem). Let F : U — R” be a differentiable func-
tion satisfying . Assume that B(xg;1/(KL)) € U and that

I F (x0) ' F(xo)l < 1/(2KL).

Then F'(x) is invertible for all x € B(x(;1/(KL)) and Newton’s method with ini-
tial point xp will produce a sequence {xy}?2, contained in B(xo;1/(KL)) and
limy_.oo X = x* for some limit point x* € B(xo;1/(KL)) with

F(x*)=0.
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A proof of this theorem is quite long (but not very difficult to understand) [8].

One disadvantage with Newton’s method is that one needs to know the Jacobi
matrix F’ explicitly. For complicated functions, or functions being the output of a
simulation, the derivative may be hard or impossible to find. The quasi-Newton
method, also called the secant-method, is then a good alternative. The idea is to
approximate F'(xj) by some matrix By and to compute the new search direction
from

Bip =—F(xy)

A practical method for finding these approximations By, By, ... is Broyden's method.
Provided that the previous iteration gave xj, with Broyden’s method we compute
xi+1 by following the search direction, define s = x4 — x; and y; = F(xg41) —
F(xy), and compute By, from By by the formula

Bier1 = By + (1/ 83 ) (Vi = Biest) sy - 3.7)

It can be shown that By, approximates the Jacobi matrix F’(x) well in each iteration.
Moreover, the update given in (3.7) can be done efficiently (it is a rank one update of
By).

Algorithm: Broyden’s method:
1. Choose an initial point x, and an initial By.
2.Fork=0,1,...do
(i) Find direction p; by solving By p = —F(x})
(ii) Use line search (see Section along direction p, to find ay
(iii) Update: X1 := Xi + @ py
Ski=Xk+1 — Xk
Vi = F(xy41) — F(xg)
compute By, from .

Note that this algorithm also computes an a through what we call a line search,
to attempt to find the optimal distance to follow the search direction. We do not
here specify how this line search can be performed. Also, we do not specify how
the initial values can be chosen. For By, any approximation of the Jacobian of F
at xo can be used, using a numerical differentiation method of your own choosing.
One can show that Broyden’s method, under certain assumptions, also converges
superlinearly, see [11].

Exercises for Chapter 3

1. Show that the problem of solving nonlinear equations (3.1) may be transformed
into a nonlinear optimization problem. (Hint: Square each component function
and sum these up!)
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2. Let T:R — R be given by T'(x) = (3/2)(x — x%). Draw the graph of this function,
and determine its fixed points. Let x* denote the largest fixed point. Find, using your
graph, an interval I containing x* such that the fixed point algorithm with an initial
point in I will guaranteed converge towards x*. Then try the fixed point algorithm
with starting point xo = v/5/3.
3. Let a € R be fixed, and consider f(x) = x2 — a. Then the zeros are ++v/a. Write
down the Newton’s iteration for this problem. Let a = 2 and compute the first three
iterates in Newton’s method when xg = 1.
4. For any vector norm | - || on R”, we can more generally define a corresponding
operator norm for n x n matrices by

IAl= sup || Ax].

llxll=1
a. Explain why this supremum is attained.

In the rest of this exercise we will use the vector norm || x| = [|x|l; = ;':1 |x;l on R™.

b. For n =2, draw the sublevel set {x € R?: || x||; < 1}.

c. Show that f(x) = || Ax|| is convex for any n, and show that the maximum
of f on the set {x: ||x|| = 1} is attained in a point x on the form *ey.
Hint: For the second statement, use Jensen’s inequality with x/ = +e; (Theo-

rem[2.4).

d. Show that, for any n x n-matrix A, || All = supy Z:Ll la;k|, where a;; are the
entries of A (i.e. the biggest sum of absolute values in a column).

5. Consider alinear map 7 : R" — R given by T'(x) = Ax where Ais an nx n matrix.
When is T a contraction w.r.t. the vector norm || - ||;2

6. Test the function newtonmult on the equations given initially in Section[3.1}

7. In this exercise we will implement Broyden’s method with Matlab.

a. Given a value x(, implement a function which computes an estimate of
F'(x¢) by estimating the partial derivatives of F, using a numerical differenti-
ation method and step size of you own choosing.

b. Implement a function

function x=broyden(x0,F)

which returns an estimate of a zero of F using Broyden’s method. Your method
should set By to be the matrix obtained from the function in a. Just indicate
where line search along the search direction should be performed in your
function, without implementing it. The function should work as newtonmult
in that it terminates after a given number of iterations, or after precision of a
given accuracy has been obtained.
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Chapter

Unconstrained optimization

How can we know whether a given point x* is a minimum, local or global, of some
given function f : R"” — R? And how can we find such a point x*?

These are, of course, some main questions in optimization. In order to give good
answers to these questions we need optimality conditions. They provide tests for
optimality, and serve as the basis for algorithms. We here focus on differentiable
functions; the corresponding results for the nondifferentiable case are more difficult
(but they exist, and are based on convexity, see [5}[13]).

For unconstrained problems it is not difficult to find powerful optimality condi-
tions from Taylor’s theorem for functions in several variables.

4.1 Optimality conditions

In order to establish optimality conditions in unconstrained optimization, Taylor’s
theorem is the starting point, see Section[1.3] We only consider mini-mization prob-
lems, as maximization problems are turned into minimization problems by multi-
plying the function f by —1.

First we look at some necessary optimality conditions.

Theorem 4.1. Assume that f : R"” — R has continuous partial derivatives, and as-
sume that x* is a local minimum of f. Then

Vfx*) =0. (4.1)

If, moreover, f has continuous second order partial derivatives, then V2 f(x*)is
positive semidefinite.

Proof: Assume that x* is a local minimum of f and that Vf(x*) # 0. Let h =
—aVf(x*) where @ > 0. Then Vf(x*)Th = —aIIVf(x*)II2 < 0 and by continuity of
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the partial derivatives of f, Vf(x)” h < 0 for all x in some neighborhood of x*. From
Theorem|[I.4](first order Taylor) we obtain

fx*+h)-fx)=Vfx*+th)'h 4.2)

for some ¢ € (0,1) (depending on ). By choosing a small enough, the right-hand
side of is negative (as just said), and so f(x* + h) < f(x*), contradicting that x*
is a local minimum. This proves that V f (x*) = 0.

To prove the second statement, we get from Theorem 1.5|(second order Taylor)

fx*+h)=fx)+Vfx)Th+ %thzf(x* +thh
= f(x*) + %hTVZf(x+ thh (4.3)

If V2 f (x*) is not positive semidefinite, there is an k such that kY V? f(x*)h < 0 and,
by continuity of the second order partial derivatives, h’ V2 f (x)h < 0 for all x in some
neighborhood of x*. But then gives f(x* + h) — f(x*) < 0; a contradiction. This
proves that V2 f(x) is positive semidefinite. ]

The two necessary optimality conditions in Theorem[d.1]are called the first-order
and the second-order conditions, respectively. The first-order condition says that
the gradient must be zero at x*, and such a point if often called a stationary point.
The second-order condition may be interpreted by f being "convex locally" at x*,
although this is not a precise term. A stationary point which is neither a local min-
imum or a local maximum is called a saddle point. So, every neighborhood of a
saddle point contains points with larger and points with smaller f-value.

Theorem [4.1] gives a connection to nonlinear equations. In order to find a sta-
tionary point we may solve V f(x) = 0, which is a n x n (usually nonlinear) system of
equations. (The system is linear whenever f is a quadratic function.) One may solve
this equation, for instance, by Newton’s method and thereby get a candidate for a
local minimum. Sometimes this approach works well, in particular if f has a unique
local minimum and we have an initial point "sufficiently close". However, there are
other better methods which we discuss later.

It is important to point out that any algorithm for finding a minimum of f has to
be able to find a stationary point. Therefore algorithms in this area are typically iter-
ative and move to gradually better points where the norm of the gradient becomes
smaller, and eventually almost equal to zero.

Example 4.2. Consider a convex quadratic function

fx)=1/2)xTAx-b"x

where A is the (symmetric) Hessian matrix is (constant equal to) A and this matrix
is positive semidefinite. Then V f(x) = Ax — b so the first-order necessary optimality
condition is

Ax=Db

which is a linear system of equations. If f is strictly convex, which happens when A
is positive definite, then A is invertible and the unique solution is x* = A™1b. Thus,
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there is only one candidate for alocal (and global) minimum, namely x* = A~ b. Ac-
tually, this is indeed a unique global minimum, but to verify this we need a suitable
argument. One way is to use convexity (with results presented later) or an alternative
is to use sufficient optimality conditions which we discuss next. The linear system
Ax = b, when A is positive definite, may be solved by several methods. A popular,
and very fast, method is the conjugate gradient method. This method, and related
methods, are discussed in detail in the course INF-MAT4360 Numerical linear alge-
bra [10]. &

In order to present a sufficient optimality condition we need a result from linear
algebra. Recall from linear algebra that a symmetric positive definite matrix has only
real eigenvalues and all these are positive.

Lemma 4.3. Let A be an n x n symmetric positive definite matrix, and let 1,, > 0
denote its smallest eigenvalue. Then

hTAR= A, B> (heR™).

Proof: By the spectral theorem there is an orthogonal matrix P (containing the
orthonormal eigenvectors as its columns) such that

A=pDpPT

where D is the diagonal matrix with the eigenvalues 1;,...,A, on the diagonal. Let
heR" and define y = P h. Then ||yl = | k|l and

n n
h' Ah=h"PDP h=y"Dy=3 Aiy; 2 An ) ;= Aullyl? = Anlhl?.
j=1 i=1
]
Next we consider sufficient optimality conditions in the general differentiable
case. These conditions are used to prove that a candidate point (say, found by an
algorithm) is really a local minimum.

Theorem 4.4. Assume that f : R” — R has continuous second order partial
derivatives in some neighborhood of a point x*. Assume that Vf(x*) = 0 and
V2 f(x*) is positive definite. Then x* is a local minimum of f.

Proof: From Theorem|1.6|(second order Taylor) and Lemmal4.3|we get

f&*+h) =f&)+Vfx)Th+3h V2 f(x*)h+e(h)|h|?
= f(x*) + 3An | R +e(h) | h|?

where A, > 0 is the smallest eigenvalue of V2 f(x*). Dividing here by || h||? gives
1
(F&" + 1) = FE/RI* = S A +e(h)
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Since limp,_.g€e(h) = 0, there is an r such that for || k| < r, |e(h)| < A,,/4. This implies
that
(f(x* +h) = F(x* )/ |h]> = Apl4

for all h with || k|| < r. This proves that x* is a local minimum of f. ]

We remark that the proof of the previous theorem actually shows that x* is a
strict local minimum of f meaning that f(x*) is strictly smaller than f(x) for all
other points x in some neighborhood of x*. Note the difference between the neces-
sary and the sufficient optimality conditions: a necessary condition is that V2 f(x) is
positive semidefinite, while a part of the sufficient condition is the stronger property
that V2 f(x) is positive definite.

Let us see what happens when we work with a convex function.

Theorem 4.5. Let f:R"” — R be a convex function. Then a local minimum is also
a global minimum. If, in addition, f is differentiable, then a point x* is a local
(and then global) minimum of f if and only if

Vf(x*)=0.

Proof: Let x; be a local minimum. If x; is not a global minimum, there is an
x2 # x1 with f(x2) < f(x1). Thenfor0<A <1

FA=-Dx1+2Ax2) = (1-A)f(x1) +Af(x2) < f(x71)

and this contradicts that f(x) = f(x;) for all x in a neighborhood of x*. Therefore x;
must be a global minimum.

Assume f is convex and differentiable. Due to Theorem we only need to
show that if Vf(x*) = 0, then x* is a local and global minimum. So assume that
Vf(x*) =0. Then, from Theorem[2.10jwe have

f@=fx)+ViE) (x-x%)

forall x e R"™. If Vf(x*) = 0, this directly shows that x* is a global minimum. ]

4.2 Methods

Algorithms for unconstrained optimization are iterative methods that generate a se-
quence of points with gradually smaller values on the function f which is to be min-
imized. There are two main types of algorithms in unconstrained optimization:

e Line search methods: Here one first chooses a search direction d;. from the
current point x, using information about the function f. Then one chooses
a step length a so that the new point

Xp41 =X +agdy
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has a small, perhaps smallest possible, value on the halfline {x; + ad : a« = 0}.
a describes how far one should go along the search direction. The problem of
choosing ay is a one-dimensional optimization problem. Sometimes we can
find aj exactly, and in such cases we refer to the method as exact line search.
In cases where aj can not be found analytically, algorithms can be used to
approximate how we can get close to the minimum on the halfline. Such a
method is also refered to as inexact line search.

* Trust region methods: In these methods one chooses an approximation fk to
the function in some neighborhood of the current point xj. The function fk is
simpler than f and one minimizes fk (in the mentioned neighborhood) and
let the next iterate x4, be this minimizer.

These types are typically both based on quadratic approximation of f, but they
differ in the order in which one chooses search direction and step size. In the fol-
lowing we only discuss the first type, the line search methods.

A very natural choice for search direction at a point xj is the negative gradient,
di = —Vf(xy). Recall that the direction of maximum increase of a (differentiable)
function f at a point x is Vf(x), and the direction of maximum decrease is —V f(x).
To verify this, Taylor’s theorem gives

fx+h)=fx)+Vfx) h+ %hTVZf(x+ th)h.

So, for small h, the first order term dominates and we would like to make this term
small. By the Cauchy-Schwarz inequalit)ﬂ

Vi@ hz -V Al

and equality holds for k = —aV f (x) for some a = 0. In general, we call h a descent di-
rection at x if V f (x) Th < 0. Thus, if we move in a descent direction from x and make
a sufficiently small step, the new point has a smaller f-value. With this background
we shall in the following focus on gradient methods given by

Xir1 =X +apdy 4.9
where the direction d. satisfies
Vi dy<0 (4.5)
There are two gradient methods we shall discuss:

» If we choose the search direction dy = —V f(x), we get the steepest descent
method
Xir1 = X — AV (xp).
In each step it moves in the direction of the negative gradient. Sometimes this
gives slow convergence, so other methods have been developed where other
choices of direction d. are made.

LThe Cauchy-Schwarz’ inequality says: |u-v| < ||ul| || v| for u,v e R".
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e An important method is Newton's method
X1 = X — (V2 f () TV f (). (4.6)

This is the gradient method with dy = —(V? f(x)) "'V f (x1); this vector d. is
called the Newton step. The so-called pure Newton method is when one simply
chooses step size ay = 1 for each k. We then also say that we take a full Newton
step. To interpret this method consider the second order Taylor approximation
of fin x

fxe+h) = fx)+VIixTh+1/12RTV f(xi)h

If we minimize this quadratic function w.r.t. k, assuming V2 f(xy) is positive
definite, we get (see Exercise

h=—(V?f(x) 'V f(xp)

which explains the Newton step.

In the following we follow the presentation in [1]. In a gradient method we need
to choose the step length. This is the one-dimensional optimization problem

min{f(x+ad):a =0}.

Sometimes (maybe not too often) we may solve this problem exactly. Most practical
methods try some candidate a’s and pick the one with smallest f-value. Note that it
is not necessary to compute the exact minimum (this may take too much time). The
main thing is to assure that we get a sufficiently large decrease in f without making
a too small step.

A popular method for choosing the step size is backtracking line search.:

Definition 4.6 (Backtracking line search). The method of backtracking line
search for choosing a step size is defined as follows: We assume that (in advance)
we have chosen parameters s < 1, a reduction factor § satisfying 0 < § <1, and
0 < o <1 (typically this is chosen very small, e.g. o = 10-3). We define the integer

mp =min{m: m=0, f(x;) — f(xp+ p™sdy) = -0 sV f(xp)  dy}. 4.7)
The step size is then defined to be ay = " s. The inequality
fxp) — fxp+pMsdy) = - sV f(xp)  dy (4.8)

is also called the stopping condition of backtracking line search.

The parameter s fixes the search for step size to lie within the interval [0, s]. This
can be important: for instance, we can set s so small that the initial step size we try
is within the domain of definition for f. The natural thing would be to choose s = 1:
if the stopping condition then applies immediately, then a = 1. If Newton’s method
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is used this corresponds to using the pure Newton step, i.e. a full Newton step is
chosen.

According to [1] f is usually chosen in [1/10,1/2]. In the literature one may find
a lot more information about step size rules and how they may be adjusted to the
methods for finding search direction, see [1], [11].

Now, we return to the choice of search direction in the gradient method (4.4).
A main question is whether it generates a sequence {x}3_, which converges to a
stationary point x*, i.e., where Vf(x*) = 0. It turns out that this may not be the
case; one needs to be careful about the choice of d to assure this convergence.
The problem is that if d tends to be nearly orthogonal to V f(xy) one may get into
trouble. For this reason one introduces the following notion:

Definition 4.7 (Gradient related). {d;} is called gradient related to {xi} if
for any subsequence {xkp}‘;f:l of {x;} converging to a nonstationary point,
then the corresponding subsequence {dkp ‘;f’:l of {d;} is bounded and
limsuppaoon(xk)Tdk<().

What this condition assures is that ||d| is not too small or large compared to
IV f(xr) |l and that the angle between the vectors dj. and V f (x) is not too close to
90°. The proof of the following theorem may be found in [I].

Theorem 4.8. Let {x}37, be generated by the gradient method , where
{d )%, is gradient related to {x,}7 , and the step size ay is chosen using back-
tracking line search. Then every limit point of {x;}?? ) is a stationary point.

We remark that in Theorem[4.8] the same conclusion holds if we use exact mini-
mization as step size rule, i.e., f(xy + ady) is minimized exactly with respect to a.

A very important property of a numerical algorithm is its convergence speed.
Let us consider the steepest descent method first. It turns out that the convergence
speed for this algorithm is very well explained by its performance on minimizing a
quadratic function, so therefore the following result is important. In this theorem A
is a symmetric positive definite matrix with eigenvalues 1; = A, =--- = 1, > 0.

Theorem 4.9. If the steepest descent method xx.1 = X — @V f(xf) using exact
line search is applied to the quadratic function f(x) = x” Ax where A is positive
definite, then (the minimum value is 0 and)

fxpi1) < maf(xg)

where ma = (A1 — )/ (A1 + )2

The proof may be found in [1]. Thus, if the largest eigenvalue is much larger than
the smallest one, m,4 will be nearly 1 and one typically have slow convergence. In
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this case we have m ~ cond(A) where cond(A) = A1/A,, is the condition number of
the matrix A. So the rule is: if the condition number of A is small we get fast con-
vergence, but if cond(A) is large, there will be slow convergence. A similar behavior
holds for most functions f because locally near a minimum point the function is
very close to its second order Taylor approximation in x* which is a quadratic func-
tion with A = V2 f(x*).
Thus, Theorem[4.9]says that the sequence obtained in the steepest descent method

converges linearly to a stationary point (at least for quadratic functions).

We now turn to Newton’s method.

Newton’s method for unconstrained optimization:
1. Choose an initial point xg.
2.Fork=1,2,...do
(i) (Newton step) dy. := —sz(x)‘IVf(x); n= —Vf(x)Tdk
(ii) (Stopping criterion) If /2 < e: stop.
(iii) (Line search) Use backtracking line search to find step size aj
(iv) (Update) x4 := X + ardy

Recall that the pure Newton step minimizes the second order Taylor approxima-
tion of f at the current iterate x;. Thus, if the function we minimize is quadratic,
we are done in one step. Similarly, if the function can be well approximated by a
quadratic function, then one would expect fast convergence.

We shall give a result on the convergence of Newton’s method (see [2] for further
details). When A is symmetric, we let A,,,;,(A) denote that smallest eigenvalue of A.

For the convergence result we need a lemma on strictly convex functions. As-
sume that x is a starting point for Newton’s method and let S = {x e R" : f(x) <
f(x0)}. We shall assume that f is continuous and convex, and this implies that S is a
closed convex set. We also assume that f has a minimum point x* which then must
be a global minimum. Moreover the minimum point will be unique due to a strict
convexity assumption on f. Let f* = f(x*) be the optimal value.

The following lemma says that for a convex function as just described, a point is
nearly a minimum point (in terms of the f-value) whenever the gradient is small in
that point.

Lemma 4.10. Assume that f is convex as above and that Amin(V2 f(x)) = m for
all x€ S. Then

1
fx)-f*< %nw(x)nz. 4.9)

Proof: From Theorem the second order Taylor’ theorem, we have for each
x,yeS$
fO=f@+Vf@ (y-x+1/12) -0V f(2)(y-x
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for suitable z on the line segment between x and y. Here a lower bound for the
quadratic term is (m/2)||y — x|?, due to Lemma Therefore

= f@+Vi@ -2+ mi2)ly-x|

Now, fix x and view the expression on the right-hand side as a quadratic function of
y. This function is minimized for y* = x— (1/m)V f(x). So, by inserting y = y* above
we get
[ 2 f@+Vf@ " —x)+m/2)|y* -x|?
= f(x%) = 55 IV ()12

This holds for every y € S so letting y = x* gives

* _ * _i 2
=& =fx 2mIIVf(x)II

which proves the desired inequality. ]

In the following convergence result we consider a function f as in Lemma[4.10}
Moreover, we assume that the Hessian matrix is Lipschitz continuous over S; this is
essentially a bound on the third derivatives of f. We do not give the complete proof
(itis quite long), but consider some of the main ideas. Recall the definition of the set
S from above. Recall that the spectral norm of a square matrix A is defined by

Al = max || Ax].
llxll=1

It is a fact that || All» is equal to the largest singular value of A.

Theorem 4.11. Let f be convex and twice continuously differentiable and as-
sume that

(i) Amin(V2f(x)) = mforallxeS.
(i) IV2f(x)-V2f(p)l2<Llx—ylforallxes.

Moreover, assume that f has a minimum point x*. Then Newton’s method gener-
ates a sequence {x}?7 ; that converges to x*. From a certain k' the convergence
speed is quadratic.

Proof: The proof is based on [2]). Define f* = f(x*). We will prove the result
by establishing two lemmas. The proofs of these lemmas are rather technical, so
they are put in their own sections which are not part of the curriculum, and are only
included for the sake of completeness.

The first lemma applies to the first iterations of Newton’s method. In this phase
the convergence of the method may be slow, and we will see that backtracking line
search may choose a step size which is very small. This phase of Newton’s method is
therefore called the damped Newton phase:
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Lemma 4.12. For any 7, there exists y > 0 so that, for each k, if |V f (x¢) || =, then

F&xps1) < flxp) —y. (4.10)

The proof can be found in Section[4:2.1] After the damped Newton phase, the
Newton method will enter a phase where the convergence is much quicker, as the
following result shows. It is in this phase that we have a quadratical convergence
rate, so that this phase also is called the quadratically convergent phase. It turns out
that backtacking line search always chooses a step size equal to 1 in this phase:

Lemma 4.13. There existsnwith0 <7 < m?2/L so that, for each k, if IVfx)ll <n,
then a . = 1 satisfies the stopping criterion of backtracking line search in Newton’s
method, and Newton’s method with backtracking line search gives

L L z
W”Vf(xk-ﬂ)” < Wllvf(xk)ll o (4.11)

The proof can be found in Section Now, let us combine these two lemmas
to prove the theorem. In each iteration where occurs f is decreased by at least
7, so the number of such iterations must be bounded by

(fx0)— )y

which is a finite number. For some k we must thus have by Lemmal4.12|that ||V f (x) ]| <
n, and we can then use (.I1) and Lemma[d.13]to obtain

2m?( L 2
IV f )l < % (ﬁ”vf(xk) ||)
1 L

- IVfxl? < L - <lns<
T om? W= 52 =552 = 5=

Therefore, as soon as occurs in the iterative process, in all the remaining itera-
tions will occur. Actually, let us show that as soon as “kicks in”, quadratic
convergence starts:

Define y; = ﬁllVf(xl)ll foreach I = k. Then 0 < y; < 1/2asn < m?/L. From
it follows that

Uil < ,u% (I=k).

So (by induction)
w2 =@ U=k+1,k+2,..).

40



Next, from Lemma/4.10

1 1 4m*( L 2
fxp-f*=< %”Vf(xl)uz = om 12 (ﬁ”vf(xl)”)
_ 2md 9 2m3 ol-k+1

== AT

for [ = k. This inequality shows that f(x;) — f*, and since the minimum point is
unique due to convexity, we must have x; — x*. It follows that the convergence is
quadratic. ]

From the proof it is also possible to say something about haw many iterations
that are needed to reach a certain accuracy. In fact, if ¢ > 0 a bound on the number
of iterations until f(x;) < f* +eis

3

(f(x0) = f*) 1y +log,log, 26%

Here y is the parameter introduced in the proof above. The second term in this
expression (the logarithmic term) grows very slowly as € is decreased, and it may
roughly be replaced by the constant 6. So, whenever the second stage occurs,
the convergence is extremely fast, it takes about 6 more Newton iterations. Note
that quadratic convergence means, roughly, that the number of correct digits in the
answer doubles for every iteration.

4.2.1 *The proof for Lemmal4.12
We have that
1
ldill? = (VFx) T (V2 f () 2V f(xp) < E(Vf<xk))T(v2f<xk))*IVf(xk).

since the largest eigenvalue of (V f(x)) T (V2 f(x1)) "2V f (xx) is less than 1/m. Since
there also is an upper bound M on the highest eigenvalue of V2 f(x), the second
order Taylor approximation gives

1
[l +ardy) = fxp) +apVee)  d + E(ak)z(dk)TVZf(Z)dk

Mldgl* ,
—

< fxp) +apV ) Tdy + %

< fxp) —ar (V)T (V2 f ) TV Flxeg) +

M) T (V2 f(x)) IV f(xk) o

2m
If we try the value & = m/ M we get

1
Feee+didp) < fx0) = 5 di(V FENT (V2 f )V f (),
which can be written as
1
Foer) = f (e + i) = S di(V FENT (V2 )V f ()

20dr (VT (VEFx0) YV flxp)
= —0dp(Vfx)  dy,
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which shows that &y = m/M satisfies the stopping criterion of backtracking line
search. Since we may not have exactly m/M = " s for some n,we may still conclude
that backtracking line search stops at ay = fm/M, so that

Fxs) < fxp) +odr(Vf(x)  dy
< fxp) —oar (V)T (V2 F(x)) 1V f(xp)

1

< flxg) - aﬁ]\—"; DS
m

< flxp) —Uﬁﬂzm~

This shows that we can choose y = o n? #

4.2.2 *The proof for Lemma}4.13

We will first show that backtracking line search chooses unit steps provided thatn <
3(1 - 20)m?/L. By condition (i),

IV f (g + ardy) = V* f(x) 12 < ag Ll dgll,

so that
[(di)" (V2 + adi) — V2 f(xp) die| < arLildgl?®.

Now we define the function g(#) = f(x + tdj). The chain rule gives that
g =Vf(x+tdy)dy g () = (d) 'V f(xr + tdy)dy.

In particular, note that g”(0) = (V£ (x) T (V2 f(x1)) "'V f(x1). The inequality above
can therefore be written as

18" (1) - g" ()| = tLidl?,

so that

g0 =g") +Lid|®

< (VE) (VA f(x) IV fa0g) + tﬁ((Vf(xk))T(vzf(xk))‘1Vf(xk)>3/2
where we have used that
midel® = m(V @) (V2 f(x) 2V f () < (Vx0T (V) TV f ().
We integrate this inequality to get
g1 =g )+ t(Vfx) (V2 f(x) "V (xp)

Zm%((Vf(xk))T(vzf(xk))‘lvf(xk))g/2

= (V@) TV Fx) Vo) + tV F ) T (V2 F ) IV ()

+12

L
+ 17— (Vf (x) T (V2 f () TV f ()2
2m

42



We integrate this once more and get

g(1) < g0) = t(Vfx) T (V2 fx) IV (xp)

1
+ tzz(v FENT (V2 f )V F ()
L

o (Vo) (VA f (o) TV f o).

+13

If we here set £ = 1 we get
fOp+dp) < flx) - %(v FET (V2 Fx) TV F(x0)

- 6m%((v FENT (V2 F ) 7V fa))* 2.

Assume now that also |V f (x| < 3(1 —20)m?/L. Since the biggest eigenvalue of
(sz(xk))‘1 is less than 1/m, we have that

(VFEDT (V2 F ) V(g < %(3(1 —20)m?/L)* = 301 - 20)m*?/ L)%

This implies that

L@ (Ve TV

1/2 6312 =

We therefore have that

1
fp+dp) < f@) -VEE) (V) 'Via |- (VLT (V2 F () TV f(a0)) 2

2 6m3/2
<fxX) -V xNT (Vi Fx) WVEx) = fF(x) + oV fx)  dy,

which proves that a; = 1 is accepted by the stopping criterion of backtracking line
search. We also have that

IVFfxp+d)l = IV f(xp+di) = VFxp) - VA f(xp)dll

1
oy fo (V2 Fx + 1) = V2 f (e it
1
< fo (V2 f (g + tdy) — V2 f(xp) dicll2d t
! 2 L 2 L 2 -1 2
< fo tdil*dt = S1dil® = 1V f )V ol
L 2
< ﬁ”vf(xk) <.
This proves the lemma.

43



Exercises for Chapter 4

1. Consider the function f(x1, x2) = x% + ax% where a > 0 is a parameter. Draw some
of the level sets of f (for different levels) for each a in the set {1,4,100}. Also draw
the gradient in a few points on these level sets.

2. State and prove a theorem similar to Theorem[4.1]for maximization problems.

3. Let f(x) = xT Ax where A is a symmetric nx n matrix. Assume that A is indefinite,
so it has both positive and negative eigenvalues. Show that x = 0 is a saddlepoint of
f-

4. Let f(x1,x2) =4x1+6x2 +xf +2x§. Find all stationary points and determine if they
are minimum, maximum or saddlepoints. Do the same for the function g(x;,x,) =
4x1+6x2 + xf - ng.

5. Let the function f be given by f(x;, x2) = (x; — D2+ (0 —2)2+1.

a. Compute the search direction dj which is chosen by the steepest descent
method in the point x; = (2,3).

b. Compute in the same way the search direction dj which is chosen when
we instead use Newton’s method in the point xj = (2,3).

6. The function f(x1, x2) = 100(xz — x2)? + (1 - x;)? is called the Rosenbrock function.
Compute the gradient and the Hessian matrix at every point x. Find every local
minimum. Also draw some of the level sets (contour lines) of f using Matlab.

7. Let f(x) = (1/2)x” Ax — bT x where A is a positive definite n x n matrix. Consider
the steepest descent method applied to the minimization of f, where we assume
exact line search is used. Assume that the search direction happens to be equal to
an eigenvector of A. Show that then the minimum is reached in just one step.

8. Consider the second order Taylor approximation

THxx+h) = f(X)+Vfx) h+1/2R"V fx)h.
a. Show that Vj, T]% =Vf(x)+V2f(x)h.

b. Minimizing T}% with respect to h implies solving Vj, T/% =0, ie Vf(x)+
W fx)h=0froma.. If V2 f(x) is positive definite, explain that it also is invert-
ible, so that this equation has the unique solution h = —(V? f(x)) "'V f(x),
as previously noted for the Newton step.

9. We want to find the minimum of f(x) = %xTAx— bTx, defined on R”. Formulate
one step with Newton’s method, and one step with the steepest descent method,
where you set the step size to a; = 1. Which of these methods works best for finding
the minimum for functions on this form?

10. Implement the steepest descent method. Test the algorithm on the functions
in exercises[dand|[6] Use different starting points.
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11. What can go wrong when you apply backtracking line search (Equation (.7)) to
afunction f where V2 f er negative definite (i.e. all eigenvalues of V2 f are negative)?
Hint: Substitute the Taylor approximation

flap+p"sdy) = fxp) + V) (B"sdy)

in Equation (4.7), and remember that o there is chosen so that o < 1.

12. Write a function newtonbacktrack which performs Newton’s method for un-
constrained optimization. The input parameters are the function, its gradient, its
Hesse matrix, and the initial point. The function should also return the number of
iterations, and at each iteration write the corresponding function value. Use back-
tracking line search to compute the step size, i.e. compute my from Equation
with =0.2, s=0.5, 0 = 1073, and use @ = " s as the step size. Test the algorithm
on the functions in exercisesdand[6] Use different starting points.

13. Let us return to the maximum likelihood example[L.3]

a. Run the function newtonbacktrack with parameters being the function
f and its and derivaties defined as in Example[1.3|with n = 10 and

x=(0.4992,-0.8661,0.7916,0.9107,0.5357,0.6574,0.6353,0.0342,0.4988, —0.4607)

Use the start value ag = 0 for Newtons method. What estimate for the mini-
mum of f (and thereby &) did you obtain?

b. The ten measurements from a. were generated from a probability distri-
bution where a = 0.5. The answer you obtained was quite far from this. Let
us therefore take a look at how many measurements we should use in order
to get quite precise estimates for a. You can use the function

function ret=randmuon(alpha,m,n)

to generate an m x n-matrix with measurements generated with a probabil-
ity distribution with a given parameter a. This function can be found at the
homepage of the book.

With a = 0.5, generate n = 10 measurements with the help of the function
randmuon, and find the maximum likelihood estimate as above. Repeat this
10 times, and plot the ten estimates you obtain. Repeat for n = 1000, and for
n = 100000 (in all cases you are supposed to plot 10 maximum likelihood es-
timates). How many measurements do we need in order to obtain maximum
likelihood estimates which are reliable?

Note that it is possible for the maximum likelihood estimates you obtain here
to be outside the domain of definition [-1,1]. You need not take this into
account.
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Chapter

Constrained optimization -
theory

In this chapter we consider constrained optimization problems. A general optimiza-
tion problem is

minimize f(x) subjectto x € S

where S € R" is a given set and f : S — R. We here focus on a very general opti-
mization problem which often occurs in applications. Consider the nonlinear opti-
mization problem with equality/inequality constraints

minimize f(x)
subject to
hi(x)=0 (i<m) (5.1)

gix)=0 (j=n

where f, hi, hy,...,h, and g1, 8,...,8r are continuously differentiable functions
from R” into R. A point x satisfying all the m + r constraints will be called feasible.
Thus, we look for a feasible point with smallest f-value.

Our goal is to establish optimality conditions for this problem, starting with the
special case with only equality constraints. Then we discuss algorithms for solving
this problem. Our presentation is strongly influenced by [2] and [I].

5.1 Equality constraints and the Lagrangian

Consider the nonlinear optimization problem with equality constraints
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minimize f(x)
subject to (5.2)
hi(x)=0 (i<m)

where f and hy, hy,..., h;, are continuously differentiable functions from R” into
R. We introduce the vector field H = (hy, hy,..., hy,), so H: R" — R™ and H(x) =
(h (%), ho(x%),..., by (x).

We first establish necessary optimality conditions for this problem. A point x* €
R" is called regularif the gradient vectors Vh;(x*) (i < m) are linearly independent.

Theorem 5.1. Let x* be alocal minimum in problem and assume that x* is
aregular point. Then there is a unique vector 1* = (1%, Ass..., Ay € R™ such that

m
Vf(x*)+ ) A;Vh;(x*) =0. (5.3)

i=1

If f and each h; are twice continuously differentiable, then the following also
holds

m
RY (VA f(x*)+ ) AFV2hi(x*)h=0 forallhe T(x*) (5.4)
i=1

where T(x*) is the subspace T(x*) = {heR" : Vh;(x*)-h=0 (i < m)}.

The numbers 1} in this theorem are called the Lagrangian multipliers. Note
that the Lagrangian multiplier vector A* is unique; this follows directly from the
linear independence assumption as x* is assumed regular. The theorem may also
be stated in terms of the Lagrangian function L:R" x R™ — R given by

m
Lx,A) = fx)+ Y Aihix) = fx) +ATHx) (xeR",1eR™).
i=1

Then
ViL(x,A) =Vf(x)+) A;Vh;
i
V,L(x,A) = H(x).
Therefore, the first order conditions in Theoremmay be rewritten as follows
VxL(x*,A%) =0, VA L(x*,1%) = 0.
Here the second equation simply means that H(x) = 0. These two equations say that

(x*,A") is a stationary point for the Lagrangian, and it is a system of n + m (possibly
nonlinear) equations in n + m variables.
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Figure 5.1: The two surfaces h; (x) = b; og hy(x) = b intersect each other in a curve.
Along this curve the constraints are fulfilled

Vhi(x*) Vf(x*)

‘A Vha(x*)

Figure 5.2: V f(x*) as a linear combination of Vh; (x*) and Vhy(x™)

Let us interpret Theorem[5.1] First ofall, 7(x*) can be interpreted as a linear sub-
space consisting of the “first order feasible directions” at x*, i.e. search directions
we can choose which do not violate the constraints (so that &; (x* + h) = 0 whenever
hi(x*) =0, i < m). To see this, note that Vh;(x*) - h is what is called the directional
derivative of h; in the direction h. This quantity measures the change of h; in direc-
tion h, and if this is zero, h; remains zero when we move in direction h, so that the
constraints are kept. Actually, if each h; is linear, then T (x*) consists of those hk such
that x* + h is also feasible, i.e., h;(x* + h) = 0 for each i < m. Thus, Equation(5.3)
says that in a local minimum x* the gradient V f(x*) is orthogonal to the subspace
T(x*) of the first order feasible variations. This is reasonable since otherwise there
would be a feasible direction in which f would decrease. In Figure[5.1Jwe have plot-
ted a curve where two constraints are fulfilled. In Figure[5.2)we have then shown an
interpretation of Theorem/5.1]

Note that this necessary optimality condition corresponds to the condition V f (x*) =
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0in the unconstrained case. The second condition is a similar generalization of
the second order condition in Theorem (saying that V2 f (x*) is positive semidef-
inite).

It is possible to prove the theorem by eliminating variables based on the equa-
tions and thereby reducing the problem to an unconstrained one. Another proof,
which we shall present below is based on the penalty approach. This approach is
also interesting as it leads to algorithms for actually solving the problem.

Proof: (Theorem For k=1,2,... consider the modified objective function

F*(x) = fx) + (k/2) | H®)|? + (@/2) | x — x*||?

where x* is the local minimum under consideration, and « is a positive constant.
The second term is a penalty term for violating the constraints and the last term is
there for proof technical reasons. As x* is a local minimum there is an € > 0 such that
f(x*) < f(x) for all x € B(x*;€). Choose now an optimal solution x* of the problem
min{F¥(x) : x € B(x*;¢)}; the existence here follows from the extreme value theorem
(F* is continuous and the ball is compact). For every k

F*(xR) = f8) + (k121 H@E) 2 + (@r2) 125 - x71% < FF(x*) = f(x*).

By letting k — oo in this inequality we conclude that lim_.o, | H (xk) | = 0. So every
limit point x of the sequence {x*} satisfies H(%) = 0. The inequality above also im-
plies (by dropping a term on the left-hand side) that f(xk) +(a/2)xk—x*2 < fx*)
for all k, so by passing to the limit we get

f@®+ @2 -x"1? < f(x*) < f(X)

where the last inequality follows from the facts that € B(x*;¢) and H(x) = 0. Clearly,
this gives & = x*. We have therefore shown that the sequence {x*} converges to the
local minimum x*. Since x* is the center of the ball B(x*;¢), the points x¥ lie in the
interior of S for suitably large k. The conclusion is then that x* is the unconstrained
minimum of F¥ when k is sufficiently large. We may therefore apply Theorem so
VE*(x%) =0, so

0=VFrx5 = Vb + kH 5 THES + a@k - x). (5.5)
Here H' denotes the Jacobi matrix of H. For suitably large k the matrix H’ xkH (x7T
is invertible (as the rows of H' (x¥) are linearly independent due to rank(H' (x*)) = m
and a continuity argument). Multiply equation by (H'(x*)H'(x*)T) "' H' (x*) to

obtain
kH(x*) = —(H' (5 H (x"T) " H' (x*) (V f (x%) + a(xF - x*)).

Letting k — oo we see that the sequence {kH(x")} is convergent and its limit point
A* is given by
ﬂ* — —(H'(x*)H'(x*)T)_IH'(x*)Vf(x*).

Finally, by passing to the limit in we get

0=V fx")+Hx"HTA*
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This proves the first part of the theorem; we omit proving the second part which may
be found in [1]. ]

The first order necessary condition along with the constraints H(x) =0is a
system of n + m equations in the n + m variables x1, x», ..., x,i3%2and 11, A2,...,Ap.
One may use e.g. Newton’s method for solving these equations and find a candidate
for an optimal solution. But usually there are better numerical methods for solving
the optimization , as we shall see soon.

Necessary optimality conditions are used for finding a candidate solution for be-
ing optimal. In order to verify optimality we need sufficient optimality conditions.

Theorem 5.2. Assume that f and H are twice continuously differentiable func-
tions. Moreover, let x* be a point satisfying the first order necessary optimality
condition (5.3) and the following condition

yIV2L(x*,A*)y >0 forall y #0 with H' (x*)Ty=0 (5.6)

where V2L(x*,A*) is the Hessian of the Lagrangian function with second order
partial derivatives with respect to x. Then x* is a (strict) local minimum of f
subject to H(x) = 0.

This theorem may be proved (see [1] for details) by considering the augmented
Lagrangian function

Le(x,A) = f(2) + AT H(x) + (c/2) | H(x) |1 (5.7)

where c is a positive scalar. This is in fact the Lagrangian function in the modified
problem
minimize f(x)+ (c/2)||H(Jc)||2 subjectto H(x)=0 (5.8)

and this problem must have the same local minima as the problem of minimizing
f(x) subject to H(x) = 0. The objective function in (5.8) contains the penalty term
(¢c/2)|l H(x) > which may be interpreted as a penalty (increased function value) for
violating the constraint H(x) = 0. In connection with the proof of Theorem5.2]based
on the augmented Lagrangian one also obtains the following interesting and useful
fact: if x* and A* satisfy the sufficient conditions in T heorem then there exists
a positive ¢ such that for all ¢ = ¢ the point x* is also a local minimum of the aug-
mented Lagrangian L.(-,A™). Thus, the original constrained problem has been con-
verted to an unconstrained one involving the augmented Lagrangian. And, as we
know, unconstrained problems are easier to solve (solve the equations saying that
the gradient is equal to zero).

5.2 Inequality constraints and KKT

We now consider the general nonlinear optimization problem where there are both
equality and inequality constraints. The problem is then
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minimize f(x)
subject to
hi(x)=0 (i<m) 52

gix)=0 (j<=n

We assume, as usual, that all these functions are continuously differentiable real-
valued functions defined on R”. In short form we write the constraints as H(x) =0
and G(x) < 0 where we let H = (hy, hy,...,hy) and G = (g1, 82,---,8r)-

A main difficulty in problems with inequality constraints is to determine which
of the inequalities that are active in an optimal solution. If we knew the active
inequalities, we would essentially have a problem with only equality constraints,
H(x) = 0 plus the active equalities, i.e., a problem of the form discussed in the previ-
ous section. For very small problems (solvable by hand-calculation) a direct method
is to consider all possible choices of active inequalities and solve the corresponding
equality-constrained problem by looking at the Lagrangian function.

Interestingly, one may also transform the problem into the following equality-
constrained problem

minimize f(x)
subject to "
hi(x) =0 (i<m) (E-LiT)

gj(x)+z§=0 (j=n.

We have introduced extra variables z;, one for each inequality. The square of
these variables represent slack in each of the original inequalities. Note that there
is no sign constraint on z;. Clearly, the problems and are equivalent.
This transformation can also be useful computationally. Moreover, it is useful the-
oretically as one may apply the optimality conditions from the previous section to
problem to derive the theorem below (see [11).

We now present a main result in nonlinear optimization. It gives optimality con-
ditions for this problem, and these conditions are called the Karush-Kuhn-Tucker
conditions, or simply the KKT conditions. In order to present the KKT conditions we
introduce the Lagrangian function L:R" x R x R" — R given by

LExAW=Ff@+Y L@+ ) pigi®=f@+ATH®) +p’ 6(x). (5.11)
i=1 j=1

The gradient of L with respect to x is given by

VLA, @) =V (x)+ Y A;Vhix)+ ) ujVgi(x).
i=1 j=1
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The Hessian matrix of L at (x, A, u) containing second order partial derivatives of L
with respect to x will be denoted by V,xL(x, A, u). Finally, the indices of the active
inequalities at x is denoted by A(x), so A(x) ={j < r: g;j(x) = 0}. A point x is called
regularif {Vhy(x),...Vh,(x)} U{Vg;(x): i€ A(x)} is linearly independent.

In the following theorem the first part contains necessary conditions while the
second part contains sufficient conditions for optimality.

Theorem 5.3. Consider problem with the usual differentiability assump-
tions.

(i) Let x* be alocal minimum of this problem and assume that x* is a regular
point. Then there are unique Lagrange multiplier vectors A* = (A],15,..., 1))
and p* = (uy,p3,..., 4y) such that

ViL(x*, A%, u*) =0
,u}’f =0 (G=n (5.12)
y;f =0 (jg Alx™)).

If f, g and h are twice continuously differentiable, then the following also holds
yIv2 Lx*, A", u*)y=0 (5.13)

for all y with Vh,-(x*)Ty: 0 (i <=m)and ng(x*)Ty: 0(jeAx™).

(ii) Assume that x*, A* and p* are such that x* is a feasible point and (5.12)
holds. Assume, moreover, that (5.13) holds with strict inequality for each y. Then
x* is a (strict) local minimum in problem (5.9).

Proof: We shall derive this result from Theorem|5.1}
(i) By assumption x* is a local minimum of problem (5.9), and x* is a regular
point. Consider the constrained problem

minimize f(x)
subject to
hix)=0 (i<m) (5.14)

gix)=0 (jeAx")

which is obtained by removing all inactive constraints in x*. Then x* must be a
local minimum in (5.14); otherwise there would be a point x’ in the neighborhood of
x* which is feasible in and satisfying f(x') < f(x*). By choosing x' sufficiently
near x* we would get g;(x") < 0forall j € A(x*), contradicting that x* is alocal min-
imum in (5.9). Therefore we may apply Theorem 5.1]to problem and by reg-
ularity of x* there must be unique Lagrange multiplier vectors A* = (A],15,...,4;,)
and p;f (j € A(x™)) such that

m
VI + Y AjVhi(x)+ ). pivgi(x")=0
i=1 jeAx™)
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By defining . = 0 for j ¢ A(x™) we get (5.12), except for the nonnegativity of p.

The remaining part of the theorem may be proved, after some work, by studying
the equality-constrained reformulation of and applying Theorem [5.1]to
(5.10). The details may be found in [I]. m

The KKT conditions have an interesting geometrical interpretation. They say
that —V f(x*) may be written as linear combination of the gradients of the h;’s plus
anonnegative linear combination of the gradients of the g;’s that are active at x*.
Example 5.4. Let us consider the following optimization problem:

min{x; : x 20,1— (x; — 1) — x5 = 0}.
Here there are two inequality constraints:

g1(x1,x2) ==x2=<0

g2 (x1, %) = (x1 —1)* + x5 — 1 <0.

If we compute the gradients we see that the KKT conditions take the form

0 200 -1))
—1)+“2( 2% )_0’

1 +

o] TH
where the two last terms on the left hand side only are included if the corresponding
inequalities are active. It is clear that we find no solutions if no inequalities are ac-

tive. If only the first inequality is active we find no solution either. If only the second
inequality is active we get the equations

(x1—1)2+x§:1
14+2u2(x;1-1)=0
2/.12)62 =0.

From the last equation we see that either x, = 0 or yp = 0. pp = 0 is in conflict with
the second equation, however. If x, = 0, the first equation gives us that x; = 0 or
X1 = 2. x1 =2 putinto the second equation gives that yp, = —1/2, which contradicts
U2 = 0. With x; = 0 we get that up = 1/2, so that (0, 0) is a candidate for the minimum.
If both inequalities are active we get the equations

(x1-D%+x5=1

X2 =0
1+2u2(x1—1) =0
—f +2U2x2 = 0.

Itis clear that this reduces to the system we just solved, so that (0, 0) is the only candi-
date for a minimum. It is clear that we must have a minimum, since any continuous
function defined on a closed, bounded region must have a minimum.

Finally we should comment on any points which are not regular. If the first in-
equality is active it is impossible to have that Vg; = 0. If the other inequality is ac-
tive we must have that (2(x; — 1),2x2) = 0 in a point which is not regular, so that
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(x1,x2) = (1,0). However, it is clear that the other inequality is not active at this point.
If both inequalities are active it is clear that (x;, x2) = (0,0), or (2,0). We have already
considered the first point. In the other point the gradients are Vg; = (0,—1) and
Vgs = (2,0), which are linearly independent, so that we get no candidates for the
minimum from points which are not regular. &

We remark that the assumption that x* is a regular point may be too restric-
tive in some situations, for instance there may be more than rn active inequalities
in x*. There exist several other weaker assumptions that assure the existence of La-
grangian multipliers (and similar necessary conditions). Let us briefly say a bit more
on this matter.

Definition 5.5 (Tangent vector). Let C < R” and let x € C. A vector d € R" is
called a tangent (vector) to C at x if there is a sequence {x*} in C and a sequence
{ay} in R, such that

lim (xk -x)/ap=d.

k—o0

The set of tangent vectors at x is denoted by T¢ (x).

Tc(x) always contains the zero vector and it is a cone, meaning that it contains
each positive multiple of its vectors. Consider now problem (5.9) and let C be the set
of feasible solutions (those x satisfying all the equality and inequality constraints).

Definition 5.6 (Linearized feasible directions). A linearized feasible direction at
x € Cis avector d such that

d-Vh;(x)=0 (i<m)
d-Vgi(x)=0 (jeAx)).

Let LF¢(x) be the set of all linearized feasible directions at x.

So, if we move from x along a linearized feasible direction with a suitably small
step, then the new point is feasible if we only care about the linearized constraints at
x (the first order Taylor approximations) of each h; and each g; for active constraints
at x, i.e., those inequality constraints that hold with equality. With this notation
we have the following lemma. The proof may be found in [I1] and it involves the
implicit function theorem from multivariate calculus [8].

Lemma5.7. Let x* € C. Then T¢(x*) < LFc(x). If x* is a regular point, then
Tc(x*) = LEc(x).

The purpose of constraint qualifications is to assure that T¢(x*) = LF¢(x). This
property is central for obtaining the necessary optimality conditions discussed above.
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An important example is when C is defined only by linear constraints, i.e., each h;
and c;j is a linear function. Then T¢(x*) = LF¢(x) holds for each x € C.
For a more thorough discussion of these matters, see e.g. [11}[1].

In the remaining part of this section we discuss some examples; the main tool is
to establish the KKT conditions.
Example 5.8. Consider the one-variable problem: minimize f(x) subject to x = 0,
where f: R — Ris a differentiable convex function. We herelet g; (x) = —xand m = 0.
The KKT conditions then become: there is a number u such that f'(x) —u =0, u=0
and p = 0 if x > 0. This is one of the (rare) occasions where we can eliminate the
Lagrangian variable u via the equation g = f’(x). So the optimality conditions are:
x = 0 (feasibility), f'(x) =0, and f'(x) = 0if x > 0 (x is an interior point of the domain
so the derivative must be zero), and if x = 0 we must have f'(0) = 0. &
Example 5.9. More generally, consider the problem to minimize f(x) subjectto x =
0, where f : R"” — R. So here C = {x € R" : x = 0} is the nonnegative orthant. We
have that g;(x) = —x;, so that Vg; = —e;. The KKT conditions say that —V f(x*) is
a nonnegative combination of —e; for i so that x; = 0. In other words, V f(x*) is a
nonnegative combination of e; for 7 so that x; = 0. This means that

0f(x*)/0x; =0 foralli=< nwithx;‘ >0, and
0f(x*)/0x; =0 foralli< nwi'[hx;.k =0.

It we interpret this for n = 3 we get the following cases:

* No active constraints: This means that x, y, z > 0. The KKT-conditions say that
all partial derivatives are 0, so that V f(x*) = 0. This is reasonable, since these
points are internal points.

* One active constraint, such as x = 0, y,z > 0 The KKT-conditions say that
0f(x*)/0y =0f(x*)/0z =0, so that V f(x*) points in the positive direction of
e, as shown in Figure[5.3|(a).

* Two active constraints, such x = y = 0, z > 0. The KKT-conditions say that
0f(x*)/0z = 0, so that Vf(x*) lies in the cone spanned by e, e, i.e. Vf(x*)
lies in the first quadrant of the xy-plane, as shown in Figure[5.3|(b).

* Three active constraints: This means that x = y = z = 0. The KKT conditions
say that V f(x*) is in the cone spanned by e), e, e3, as shown in Figure[5.3|(c).

In all cases Vf(x*) points into a cone spanned by gradients corresponding to the
active inequalities (in general, by a cone we mean the set of all linear combinations
of a set of vectors, with positive coefficients). Note that for the third case above, we
are used to finding minimum values from before: if we restrict f to values where
x = y =0, we have a one-dimensional problem where we want to minimize g(z) =
f(x,y,2), which is equivalent to finding z so that g’(z) = df(x*)/dz = 0, as stated by
the KKT-conditions. &

Example 5.10. Consider a quadratic optimization problem with linear equality con-
straints
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(a) One active constraint (b) Two active constraints

(c) Three active constraints

Figure 5.3: The different possibilities for Vf in a minimum of f, under the con-
straints x = 0.

minimize (1/2) x"Dx—q"x
subject to
Ax=Db

where D is positive semidefinite and A € R"*", b € R™. This is a special case
of (5.16) where f(x) = (1/2) x” Dx— q"x. Then Vf(x) = Dx — q (see Exercise[9|in
Chapter([I). Thus, the KKT conditions are: there is some A € R™ such that Dx — g +
AT A = 0. In addition, the vector x is feasible so we have Ax = b. Thus, solving the
quadratic optimization problem amounts to solving the linear system of equations

Dx+ATA=q, Ax=b

which may be written as

A 0

D AT
b

L)

Under the additional assumption that D is positive definite and A has full row rank,
one can show that the coefficient matrix in is invertible so this system has a
unique solution x, A. Thus, for this problem, we may write down an explicit solu-
tion (in terms of the inverse of the block matrix). Numerically, one finds x (and the
Lagrangian multiplier A) by solving the linear system by e.g. Gaussian elimi-
nation or some faster (direct or iterative) method. &

9 ] . (5.15)
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Example 5.11. Consider an extension of the previous example by allowing linear
inequality constraints as well:

minimize (1/2) xIDx - qTx
subject to
Ax=Dhb
x=0

Here D, A and b are as above. Then Vf(x) = Dx — q and Vgx(x) = —ej. Thus,
the KKT conditions for this problem are: there are A € R™ and p € R” such that
Dx-q+ATA—pu =0, p=0and u; =0if xp >0 (k < n). We eliminate g from
the first equation and obtain the equivalent condition: there is a A € R such that
Dx+ATA=gqand (Dx+ATA—q);-x; =0 (k < n). In addition, we have Ax = b, x >
0. This problem may be solved numerically, for instance, by a so-called active set
method, see [9]. &

Example 5.12. Linear optimization is a problem of the form

minimize ¢’x subjectto Ax=b, x>0

This is a special case of the convex programming problem where g;(x) =
—x;j (j =n). Here Vf(x) = c and Vg, (x) = —ey. Let x be a feasible solution. The KKT
conditions state that there are vectors A € R and p € R” such that c+ ATA - p =0,
K =0and py =0if xi > 0 (k < n). Here we eliminate g and obtain the equivalent set
of KKT conditions: there is a vector A € R” such that c+ ATA =0, (c+ ATA)-x; =0
(k < n). These conditions are the familiar optimality conditions in linear optimiza-
tion theory. The vector A is feasible in the so-called dual problem and complemen-
tary slack holds. We do not go into details on this here, but refer to the course INF-
MAT3370 Linear optimization where these matters are treated in detail. &

5.3 Convex optimization

A convex optimization problem is to minimize a convex function f over a convex set
C in R". These problems are especially attractive, both from a theoretic and algo-
rithmic perspective.

First, let us consider some general results.

Theorem 5.13. Let f: C — Rbea convex function defined on a convex set C = R”.
1. Then every local minimum of f over C is also a global minimum.

2. If f is continuous and C is closed, then the set of local (and therefore global)
minimum points of f over C is a closed convex set.
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3. Assume, furthermore, that f : C — R is differentiable and C is open. Let
x* € C. Then x* € C is alocal (global) minimum if and only if V f (x*) = 0.

Proof: 1.) The proof of property 1 is exactly as the proof of the first part of Theo-
rem[4.5} except that we work with local and global minimum of f over C.

2.) Assume the set C* of minimum points is nonempty and let @ = minyec f(x).
Then C* ={x€ C: f(x) < a} is a convex set, see Proposition Moreover, this set is
closed as f is continuous.

3.) This follows directly from Theorem2.10} m

Next, we consider a quite general convex optimization problem which is of the

form (5.9):

minimize fx)
subject to
Ax=b (5.16)

gix)=0 (j=n

where all the functions f and g; are differentiable convex functions, and A € R™*"
and b e R™. Let C denote the feasible set of problem . Then C is a convex set,
see Proposition[2.5] A special case of is linear optimization.

An important concept in convex optimization is duality. To briefly explain this
introduce again the Lagrangian function L:R" x R” x R}, — R given by

Lx AV = fx) +AT(Ax-b)+vIG(x) (xeR",AeR™ veR))

Remark: we use the variable name v here in stead of the g used before because
of another parameter pu to be used soon. Note that we require v = 0.
Define the new function g : R™ x R’, — R by

gA,v) = iI}fL(x, A,v)

Note that this infimum may sometimes be equal to —co (meaning that the function
x — L(x,A,v) is unbounded below). The function g is the pointwise infimum of a
family of affine functions in (A, u), one function for each x, and this implies that g
is a concave function. We are interested in g due to the following fact, which is easy
to prove. It is usually referred to as weak duality.

Lemma 5.14. Let x be feasible in problem (5.16) and let A € R™,v € R” where
v =0. Then

gA,v) = f(x).
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Proof: For A e R™, v € R” with v = 0 and x feasible in problem (5.16) we have

g4, v) =Lx,A,v)
=f@+ATAx-b)+vIG(x)
<fx

as Ax=b,v=0and G(x) <0. [

Thus, g(A,v) provides a lower bound on the optimal value in . It is natural
to look for a best possible such lower bound and this is precisely the so-called dual
problem which is

maximize g(A,v)
subject to (5.17)
v=0.

Actually, in this dual problem, we may further restrict the attention to those
(A, v) for which g(A,v) is finite. g(A,v) is also called the dual objective function.

The original problem will be called the primal problem. It follows from
Lemmal5.14 that

g =f
where f* denotes the optimal value in the primal problem and g* the optimal value
in the dual problem. If g* < f*, we say that there is a duality gap. Note that the
derivation above, and weak duality, holds for arbitrary functions f and g; (j < r).
The concavity of g also holds generally.

The dual problem is useful when the dual objective function g may be computed
efficiently, either analytically or numerically. Duality provides a powerful method for
proving that a solution is optimal or, possibly, near-optimal. If we have a feasible x
in (5.16) and we have found a dual solution (A, v) with v = 0 such that

fx)=gA,v)+e

for some € (which then has to be nonnegative), then we can conclude that x is
“nearly optimal”, it is not possible to improve f by more than €. Such a point x is
sometimes called e-optimal, where the case € = 0 means optimal.

So, how good is this duality approach? For convex problems it is often perfect
as the next theorem says. We omit most of the proof, see [5} [T} [14]). For noncon-
vex problems one should expect a duality gap. Recall that G'(x) denotes the Jacobi
matrix of G = (g1, 82,...,8r) at x.

Theorem 5.15. Consider convex optimization problem (5.16) and assume this
problem has a feasible point satisfying

gi(x)<0 (j=r).
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Then f* = g*, so there is no duality gap. Moreover, x is a (local and global ) mini-
mum in (5.16) if and only if there are A € R and v € R” with v = 0 and

Vix)+ATA+G x)Tv=0

and
vigi(x)=0 (j=r).

Proof: We only prove the second part (see the references above). So assume that
f* = g* and the infimum and supremum are attained in the primal and dual prob-
lems, respectively. Let x be a feasible point in the primal problem. Then x is a min-
imum in the primal problem if and only if there are A € R™ and v € R” such that
all the inequalities in the proof of Lemma[5.14 hold with equality. This means that
g(A,v) = L(x,A,v) and vI'G(x) = 0. But L(x, A,v) is convex in x so it is minimized
by x if and only if its gradient is the zero vector, i.e., Vf(x) + AT A+ G'(x) v = 0. This
leads to the desired characterization. ]

The assumption stated in the theorem, that g; (x") < 0 for each j, is called the
weak Slater condition.
Example 5.16. Consider the convex optimization problem where we want to mini-
mize the function f(x) = x> + 1 subject to the inequality constraint g(x) = (x —3)? —
1 < 0. From Figure [5.4(a) it is quite clear that the minimum is attained for x = 2,
and is f(2) = 5. Since both the constraint and the objective function are convex, and
since here the weak Slater condition holds, Theorem guarantees that the dual
problem has the same solution as the primal problem. Let us verify this by consid-
ering the dual problem as well. The Lagrangian function is given by

L(x,v) = f(x) +vg(x) = x> + 1+ v((x—3)* - 1).

It is easy to see that this function attains its minimum for x = fjr—"v This means that
the dual objective function is given by
3v 3v \? 3v 2
——v|=|—=—| +1+v|[—-3] -1].
1+v 1+v 1+v

This is shown in Figure[5.4|(b). It is quite clear from this figure that the maximum
is 5, which we already found by solving the primal problem. To prove this requires
some more work, by setting the derivative of the dual objective function to zero.
Therefore, the primal and the dual problem are two very different problems, where
we in practice choose the one which is simplest to solve. &

Finally, we mention a theorem on convex optimization which is used in several
applications.

gv)=L

Theorem 5.17. Let f: C — Rbe a convex function defined on a convex set C < R”,
and x* € C. Then x* is a (local and therefore global) minimum of f over C if and
only if

Vix)T(x—x*)=0 forallxeC. (5.18)
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(a) The objective function and the inequality con- (b) The dual objective function

straint

Figure 5.4: The objective function and the dual objective function of Example

Proof: Assume first that Vf(x*)” (x — x*) < 0 for some x € C. Consider the func-
tion g(e) = f(x* +e(x—x*)) and apply the first order Taylor theorem to this function.
Thus, for every € > 0 there exists an ¢ € [0, 1] with

fx* +ex—x*) = f(x*) +eVfx* +te(x—x*)T (x—x").

Since Vf(x*)”(x — x*) < 0 and the gradient function is continuous (our standard
assumption!) we have for sufficiently small e > 0 that V f (x* + te(x—x™)) Tx—x*) <0.
This implies that f(x* +e(x —x*)) < f(x*). But, as C is convex, the point x* + e(x —
x*)=ex+(1-¢€)x* also lies in C and so we conclude that x* is not a local minimum.
This proves that is necessary for x* to be a local minimum of f over C.

Next, assume that holds. Using Theorem[2.10|we then get

fx) = f&)+VfxH)Tx—x") = f(x*) foreveryxeC

so x* is a (global) minimum. ]

Exercises for Chapter 5

1. Inthe plane consider a rectangle R with sides of length x and y and with perime-
ter equal to @ (so 2x +2y = a). Determine x and y so that the area of R is largest
possible.

2. Consider the optimization problem

minimize f(x;,x2) subject to (x x2) € C

where C = {(x1, x2) € R?: x1, X2 = 0,4x] + X2 = 8,2x] + 3x3 < 12}. Draw the feasible set
C in the plane. Find the set of optimal solutions in each of the cases given below.
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flx,x)=1.

b. f(x1,x2) = x1.

c. f(x1,x2) =3x1 + x2.

d. f(x1,%2) = (- 1%+ (xp— D2

fx1,x2) = (x1 — 10) + (x2 — 8)2.

e

3. Solve ;
max{x| Xz - Xy : Z xj=1,x; =0}
j=1
4. Let S = {x € R? : | x| = 1} be the unit circle in the plane. Let a € R? be a given
point. Formulate the problem of finding a nearest point in S to a as a nonlinear
optimization problem. How can you solve this problem directly using a geometrical
argument?
5. Let S be the unit circle from the previous exercise. Let ay, a, be two given points
in the plane. Let f(x) = le.zl lx — a;||?. Formulate this as an optimization problem
and find its Lagrangian function L. Find the stationary points of L, and use this to
solve the optimization problem.
6. Solve
minimize x; + X, subject to x? + x5 = 1.

using the Lagrangian, see Theorem|[5.1] Next, solve the problem by eliminating x,
(using the constraint).
7. Let g(x1,X2) = 3x% + 10x1 x2 + 3x3 — 2. Solve

min{|| (x1, x2) |l : g(x1, x2) =0}.

8. Same question as in previous exercise, but with g(x;, x2) = Sxf —4x1%x2 + 4x§ —6.
9. Let f be a two times differentiable function f : R” — R. Consider the optimiza-
tion problem

minimize f(x) subjectto x; + xp + -+ x, = 1.
Characterize the stationary points (find the equation they satisfy).
10. Consider the previous exercise. Explain how to convert this into an uncon-
strained problem by eliminating x,,.
11. Let Abe areal symmetric n x n matrix. Consider the optimization problem

L r
max Ex Ax:|x|l=1
Rewrite the constraint as || x|| — 1 = 0 and show that an optimal solution of this prob-
lem must be an eigenvector of A. What can you say about the Lagrangian multiplier?
12. Solve

min{(1/2)(x% + x% + xg) 1 X1+ X+ X3 < —6}.
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13. Solve
min{(x; -3)%+ (X0 — 5)% + X1X2:0=<Xx1,X2 <1}.

14. Solve

min{x; + x, : x% + xg <2}

15. Write down the KKT conditions for the portfolio optimization problem of Sec-
tion[[.2.1

16. Write down the KKT conditions for the optimization problem

n
min{f(x1,Xz,...,X,) 1 x; 20 (j<n), ) xj<1}
i=1

where f:R" — Ris a differentiable function.
17. Consider the following optimization problem

2
+x§:x1+x251,x1—x251,—x1+x251,—x1—x251}.

min{[x; — =
{(1 5

a. Draw the region which we minimize over, and find the minimum of f(x) =

2 : .
(x1-3)"+ x5 by a direct geometric argument.

b. Write down the KKT conditions for this problem. From a., decide which
two conditions g; and g, are active at the minimum, and verify that you can
find y; 20,2 =0sothat Vf+p, Vg + Vg =0 (as the KKT conditions guar-
antee in a minimum) (it is not the meaning here that you should go through
all possibilities for active inequalities, only those you see must be fulfilled
from a.).

18. Consider the following optimization problem
min{—x;x; : xf + x% =1}

Write down the KKT conditions for this problem, and find the minimum.

64



Chapter

Constrained optimization -
methods

In this final chapter we present numerical methods for solving nonlinear optimiza-
tion problems. This is a huge area, so we can here only give a small taste of it! The
algorithms we present are known good methods.

6.1 Equality constraints

We here consider the nonlinear optimization problem with linear equality constraints

minimize fx)
subject to (6.1)
Ax=Db

Newton’s method may be applied to this problem. The method is very similar to
the unconstrained case, but with two modifications. First, the initial point xy must
be chosen so that it is feasible, i.e., Axyg = b. Next, the search direction d must be
such that the new iterate is feasible as well. This means that Ad = 0, so the search
direction lies in the nullspace of A.

The second order Taylor approximation of f at an iterate xy is

T} (x5 xc+h) = f(x) +Vf(x) " h+(1/12R"V? f(x)h
and we want to minimize this under the constaint Axy,; = A(xy + h) = Ax; = b, i.e.
Ah=0 (6.2)
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Since the gradient of T} w.rt. his Vf(x) + V2 f(x)h, setting the gradient of the
Lagrangian w.r.t. k equal to zero gives

Vix)+Vifxh+ATA=0, (6.3)
where A is the Lagrange multiplier. Equations (6.2)-(6.3) together give

V2f(xp) AT
A 0

h ] _ [ A

The Newton step is only defined when the coefficient matrix in the KKT problem
is invertible. In that case, the problem has a unique solution (k, A) and we define
d ;= h and call this the Newton step.

Newton’s method for solving may now be described as follows. Again e >0
is a small stopping criterion.

Newton’s method for linear equality constrained optimization:
1. Choose an initial point x, satisfying Axy = b and let x = x.
2. repeat
(i) Compute the Newton step d; and n:= d%tvzf(x)dm.
(ii) If 1]2/2 <e: stop.
(iii) Use backtracking line search to find step size a
@iv) Update x:=x+ ady;

This leads to an algorithm for Newtons’s method for linear equality constrained
optimization which is very similar to the function newtonbacktrack from Exer-
cise[I2]in Chapter[d.2] We do not state a formal convergence theorem for this method,
but it behaves very much like Newton’s method for unconstrained optimization. Ac-
tually, it can be seen that the method just described corresponds to eliminating vari-
ables based on the equations Ax = b and using the unconstrained Newton method
for the resulting (smaller) problem. So as soon as the solution is “sufficiently near”
an optimal solution, the convergence rate is quadratic, so extremely few iterations
are needed in this final stage.

6.2 Inequality constraints

We here briefly discuss an algorithm for inequality constrained nonlinear optimiza-
tion problems. The presentation is mainly based on [2}[LT]. We restrict the attention
to convex optimization problems, but many of the ideas are used for nonconvex
problems as well.

The method we present is an interior-point method, more precisely, an interior-
point barrier method. This is an iterative method which produces a sequence of
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points lying in the relative interior of the feasible set. The barrier idea is to approx-
imate the problem by a simpler one in which constraints are replaced by a penalty
term. The purpose of this penalty term is to give large objective function values to
points near the (relative) boundary of the feasible set, which effectively becomes a
barrier against leaving the feasible set.

Consider again the convex optimization problem

minimize fx)
subject to
Ax=Db {64

gix)=0 (j=n

where A is an m x n matrix and b € R™. The feasible set hereis F={x € R": Ax =
b, gj(x) <0 (j < r)}. We assume that the weak Slater condition holds, and therefore
by Theorem the KKT conditions for problem are

Ax=b, gix)<0 (j=r)
v20, V) +ATA+G' x)Tv=0 (6.5)
vigi(x)=0 (j=r).

So, x is a minimum in if and only if there are A € R™ and v € R” such that
holds.

Let us state an algorithm for Newton’s method for linear equality constrained
optimization with inequality constraints. Before we do this there is one final prob-
lem we need to address: The a we get from backtracking line search may be so that
x+ ady; do not satisfty the inequality constraints (in the exercises you will be asked
to verify that this is the case for a certain function). The problem comes from that
the iterates x + ™ sd; from Armijo’s rule do not necessarily satisfy the inequality
constraints. However, we can choose m large enough so that all succeeding iterates
satisfy these constraints. We can modify the function newtonbacktrack from Ex-
ercise[12)in Chapter[4.2]to a function newtonbacktrackglg2 in an obvious way so
that, in addition to applying Armijos rule, we also choose a step size so small that
the inequality constraints are saitsfied:

function [x,numit]=newtonbacktrackglg2LEC(f,df,d2f,A,b,x0,g1,g2)

epsilon=10"(-3);

x=x0;

maxit=100;

for numit=1:maxit
matr=[d2f(x) A’; A zeros(size(A,1))];
vect=[-df (x); zeros(size(A,1),1)];
solvedvals=matr\vect;
d=solvedvals(1:size(A,2));
eta=d’*d2f (x) *d;
if eta~2/2<epsilon

break;
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end

% Armijos rule with two inequalities

beta=0.2; s=0.5; sigma=10~(-3);

m=0;

while (f(x)-f(xt+beta"mks*d) < -sigma *beta”mks *(df(x))’*d) || (gl(xtbeta mxsxd)>0) ||
m=m+1;

end

alpha = beta"m*s;

x=x+alphaxd;
end

Here g1 and g2 are function handles which represent the inequality constraints.
The new function works only in the case when there are exactly two inequality con-
straints.

The interior-point barrier method is based on an approximation of problem
by the barrier problem

minimize f(x) + u¢p(x)
subject to (6.6)
Ax=Db

where

,
$(x)=-)_ In(-g;(x))
j=1

and p > 0 is a parameter (in R). The function ¢ is called the (logarithmic) barrier
function and its domain is the relative interior of the feasible set

F°={xeR":Ax=b, gj(x) <0 (j =)

The same set F° is the feasible set of the barrier problem. The key properties of the
barrier function are:

* ¢ is twice differentiable and

r

\Y% = —F—Vg; (6.7)
P (x) ];(_gj(x)) gj(®)
r 1 r
Vo) =Y —Vgix)Vg;i '+ Y ———V?gi(x) (6.8)
0= 2 iy VEIOVEIW L Ve

* ¢ is convex. For this it is enough to show that V2¢ is positive semidefinite at
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all points, which can be shown from Equation|[6.8]as follows:

r 1 1
RIV2p(x)h = h'vVg: (x)Vgix)Th+ ———h"V?g;(x)h
¢ (x) ];( ]z.(x) gj(x)Vg;(x) Cg ) 8j(x) )

" 1 1
=Y | ==IVgi® hI*+ ———h"V?gj(x)h|=0
j; ( g (—g;(x)) !
since (_g]ﬁ >0and h'Vv?g j(x)h =0 (since all g; are convex, Vig j(x) is posi-
tive semidefinite).

e If{x}is asequencein F° such that g;(x;) — 0 for some j < r, then ¢(xy) — co.
This is the barrier property.

The idea here is that for points x near the boundary of F the value of ¢(x) is very
large. So, an iterative method which moves around in the interior F° of F will typ-
ically avoid points near the boundary as the logarithmic penalty term makes the
function value f(x) + u¢p(x) very large.

The interior point method consists in solving the barrier problem, using New-
ton’s method, for a sequence {u} of (positive) barrier parameters; these are called
the outer iterations. The solution xy found for p = yj is used as the starting point in
Newton’s method in the next outer iteration where p = ur.;. The sequence {u} is
chosen such that pyi — 0. When p is very small, the barrier function approximates
the "ideal" penalty function 7(x) which is zero in F and —oo when one of the in-
equalities g;(x) < 0 is violated.

A natural question is why one bothers to solve the barrier problems for more
than one single y, typically a very small value. The reason is that it would be hard
to find a good starting point for Newton’s method in that case; the Hessian matrix of
Lo is typically ill-conditioned for small p.

Assume now that the barrier problem has a unique optimal solution x(); this is
true under reasonable assumptions that we shall return to. The point x(u) is called a
central point. Assume also that Newton’s method may be applied to solve the barrier
problem. The set of points x(u) for p > 0 is called the central path; it is a path (or
curve) as we know it from multivariate calculus. In order to investigate the central
path we prefer to work with the equivalent problerrE]to obtained by multiplying
the objection function by 1/, so

minimize (1/p) f(x) + $(x)
subject to (6.9)
Ax=Db.

A central point x() is characterized by

Ax(W)=b
gilx(w) <0 (=7

IEquivalent here means the same minimum points.
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and the existence of A € R™ (the Lagrange multiplier vector) such that
A/ WV f(x(w) +Voxw) + ATA=0

ie.,

1/ )V f(x() + Z Vgi(xw)+ATA=o0. (6.10)

(- g]( )

A fundamental question is: how far from being optimal is the central point x(u)? We
now show that duality provides a very elegant way of answering this question.

Theorem 6.1. For each u > 0 the central point x(u) satisfies

fF<fxw)<f*+ru.

Proof: Define v(u) = (vi(),...,v, (@) € R" and A(u) € R™ as Lagrange parame-
ters for the original problem by

Vi) =—pl/gix(w), (=)

(6.11)
Al =

where A and x(u) satisfy Equation (6.10),i.e. they are Lagrange parameters for the
barrier problem. We need to return to the dual problem (of the original problem),
defined in Section 5.3} We first claim that the pair (A(u), v()) is feasible in the dual
problem to (6.4). We thus need to show that v(u) is nonnegative. This is immediate:
since g;(x(u)) <0and u >0, we get v;(u) = —p/ gj(x(w)) > 0 for each j. We now also
want to show that x(u) satisfies

AW, v(p) = infLx, A(p), v()) = Lx (1), A(), v (W),
where g is the dual objective function. To see this, note first that the Lagrangian
function L(x, A,v) = f(x) + AT (Ax— b) + v G(x) is convex in x for given A and p > 0.
Thus, x minimizes this function if and only if V4L = 0. Now,

VxL(x(), A(w),v(w)

=V @) + ATAWw+ Y v (Vg (xw)

j=1
=V +puATA+p Y ———Vg;
FE@W) +p uZ( g]( w0y V&)
Vf(x(,u))+AT)l+Z Vgjx(w) | =0,

(- g]( x(W)

by and the definition of the dual variables (6.11). This shows that g(A(u), v(u)) =
L(x(p), A(), v (W)
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By weak duality and Lemma we now obtain

fF=zgAw,vw)
= L(x(w), A(w), v(w)

r

= fxw) + AW (Ax(w -b)+ Y v (g xWw)
j=1

=fxeW)—rp
which proves the result. [

This theorem is very useful and shows why letting ¢ — 0 (more accurately u —
0%) is a good idea.

Corollary 6.2. The central path has the following property
lim f(x(w) = f*.
u—0

In particular, if f is continuous and lim;,_.q x(u) = x* for some x*, then x* is a
global minimum in (6.4).

Proof: This follows from Theorem[6.1] by letting ¢ — 0. The second part follows
from

f&x") = flimx(w) = lim f(x(w) = f*
u—0 u—0

by the first part and the continuity of f; moreover x* must be a feasible point by
elementary topology. m

After these considerations we may now present the interior-point barrier method.
It uses a tolerance € > 0 in its stopping criterion.

Interior-point barrier method:

1. Choose an initial point x = xp in F°, p = p® and a < 1.

2. while ru > e do
(i) (Centering step) Using initial point x find the solution x(u) of
(ii) (Update) x:=x(u
(iii) (Decrease ) ui=ap.

This leads to the following algorithm for the internal point barrier method for
the case of equality constraints, and 2 inequality constraints:

function xopt=IPBopt(f,gl,g2,df,dgl,dg2,d2f,d2g1,d2g2,A,b,x0)
xopt=x0;
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mu=1;
alpha=0.1;
r=2;
epsilon=10"(-3);
numitouter=0;
while (r*mu>epsilon)
[xopt,numit]=newtonbacktrackglg2LEC(. ..
Q(x) (f (x) -mu*log(-gl(x))-mu*xlog(-g2(x))),. ..
Q(x) (df (x) - muxdgl(x)/gl(x) - muxdg2(x)/g2(x)),...
Q(x) (d2f (x) + muwkdgl(x)*dgl(x)’/(gl(x)"2) ...
+ muxdg2 (x) *dg2(x) ’/ (g2(x) ~2) - mu*d2gl(x)/gl(x)...
- muxd2g2(x) /g2(x) ),A,b,xopt,gl,g2);
mu=alpha*mu;
numitouter=numitouter+l;
fprintf(’Iteration %i:’,numitouter) ;
fprintf (’ (%L, %) \n’ ,xopt, f (xopt)) ;
end

Note that we here have inserted the expressions from Equation[6.7]and Equation|[6.8]
for the gradient and the Hesse matrix of the barrier function. The input are f, g,
g, their gradients and their Hesse matrices, the matrix A, the vector b, and an ini-
tial feasible point xy. The function calls newtonbacktrackglg2LEC, and returns
the optimal solution x*. It also gives some information on the values of f during
the iterations. The iterations used in Newton’s method is called the inner iterations.
There are different implementation details here that we do not discuss very much.
A typical value on « is 0.1. The choice of the initial u° can be difficult, if it is chosen
too large, one may experience many outer iterations. Another issue is how accu-
rately one solves (6.6). It may be sufficient to find a near-optimal solution here as
this saves inner iterations. For this reason the method is also called a path-following
method,; it follows in the neighborhood of the central path.

Finally, it should be mentioned that there exists a variant of the interior-point
barrier method which permits an infeasible starting point. For more details on this
and various implementation issues one may consult [2] or [11].

Example 6.3. Consider the function f(x) = x* + 1, 2 < x < 4. Minimizing f can be
considered as the problem of finding a minimum subject to the constraints g; (x) =
2—-x=0, and g»(x) = x —4 < 0. The barrier problem is to minimize the function

Fx) +pp(x) = x> +1 - pln(x —2) — uln(4 - x).

Some of these are drawn in Figure where we clearly can see the effect of de-
creasing p in the barrier function: The function converges to f pointwise as yu — 0%,
except at the boundaries x = 2, x = 4. It is easy to see that x = 2 is the minimum of
f under the given constraints, and that f(2) = 5 is the minimum value. There are no
equality constrains in this case, so that we can use the barrier method with Newton’s
method for unconstrained optimization, as this was implemented in Exercise(12|in
Chapter[d.2] We need, however, to make sure also here that the iterates from Armijo’s
rule satisfy the inequality constraints. In fact, in the exercises you will be asked to
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Figure 6.1: The function from Example[6.3]and some if its barrier functions.

verify that, for the function f considered here, some of the iterates from Armijo’s
rule do not satisfy the constraints.

It is straightforward to implement a function newtonbacktrackglg2 which im-
plements Newtons method for two inequality constraints and no equality constraints
, similarly to how we implemented the function newtonbacktrackgig2LEC. This
leads to the following algorithm for the internal point barrier method for the case of
no equality constraints, but 2 inequality constraints:

function xopt=IPBopt2(f,gl,g2,df,dgl,dg2,d2f,d2gl,d2g2,x0)
xopt=x0;
mu=1; alpha=0.1; r=2; epsilon=10"(-3);
numitouter=0;
while (r*mu>epsilon)
[xopt,numit]=newtonbacktrackglg2(. . .
Q(x) (f (x) -muxlog(-gl(x))-mu*xlog(-g2(x))), ...
Q(x) (df (x) - muxdgl(x)/gl(x) - muxdg2(x)/g2(x)),...
Q(x) (d2f (x) + muxdgl(x)*dgl(x)’/(gl(x)"2) ...
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+ mukdg2(x) *dg2(x) >/ (g2(x)"2) ...
- mu*d2gl(x) /gl (x) - mu*xd2g2(x)/g2(x) ),xopt,gl,g2);
mu=alpha*mu;
numitouter=numitouter+l;
fprintf(’Iteration %i:’,numitouter) ;
fprintf( (%f,%£) \n’ ,xopt, f (xopt) ) ;
end

Note that this function also prints a summary for each of the outer iterations, so that
we can see the progress in the barrier method. We can now find the minimum of f
with the following code, where we have substituted with Matlab functions for f, g;,
their gradients, and their Hesse matrices.

IPBopt2(@(x) (x.~2+1),0(x) (2-x) ,0(x) (x-4), . ..
Q(x) (2*x) ,0(x) (-1),e(x) (1), ...
e(x) (2),e(x) (0),0(x) (0),3)

Running this code gives a good approximation to the minimum x = 2 after 4 outer
iterations. &

Example 6.4. Let us consider the problem of finding the minimum of xf +x§ subject
to the constraint x; + xp = 2. We set f(x1,x2) = xf + x%, and write the constraint as
g1(x1,x2) = 2—x1 — x2 < 0. Here it is not difficult to state the KKT conditions and
solve these, so let us do this first. The gradients are Vf = (2x1,2x), Vg, = (-1,-1),
so that the KKT conditions take the form

(2x1,2x2) +v1(-1,-1)=0

forav; =0, where the last term is included only if x; + x, = 2 (i.e. when the constraint
is active). If the constraint is not active we see that x; = x» = 0, which does not satisfy
the inequality constraint. If the constraint is active we see that x; = x» = v1/2, so
that x; = x = 1 and v; = 2 = 0 in order for x; + x, = 2. The minimum value is thus
f(1,1) = 2. It is clear that this must be a minimum: Since f is bounded below and
approaches co when either x; or x, grows large, it must have a mimimum (f has no
global maximum). For this one can also argue that the Hessian of the Lagrangian
for the constrained problem becomes positive definit. All points are regular for this
problem since Vg; #0.

Let us also see if we can come to this same solution by solving the barrier prob-
lem. The barrier function is ¢(x1,x2) = —In(x; + x2 — 2), which has gradient V¢ =
(=1/(x1 + x2 — 2),—1/(x1 + x2 — 2)). We set the gradient of f(x1,x2) + u¢p(x1,x2) to 0
and get

(2x1,2x2) + p(=1/(x1 + x2—2),=1/(x1 + x2 = 2)) = 0.

From this we see that x; = x, must fulfill 2x; = 5=, so that 4x; (x; — 1) = 1, so that

2x1-2’
. 4+,/16+16p _ 1+4/1

4xf —4x), — u = 0. If we solve this problem we find that x; = 3 L > BT,

we choose the negative sign here we find that x; < 0, which does not lie inside the

domain of definition for the function we optimize (i.e. points where x; + x» > 2). If

1+4/1

> ¥ It is clear that, when u—0,

we choose the positive sign we find x; = x; =
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this will converge to x; = x» = 1, which equals the solution we found when we solved
the KKT conditions. &

Exercises for Chapter 6

1. Consider problem in Section Verify that the KKT conditions for this
problem are as stated there.

2. Define the function f(x,y) = x + y. We will attempt to minimize f under the
constraints y—x=1,and x,y =0

a. Find A, b, and functions gj, g2 so that the problem takes the same form
as in Equation (6.4).

b. Draw the contours of the barrier function f(x, y)+u¢(x, y) foru=0.1,0.2,0.5,1,
where ¢(x,y) = —In(-g1(x,y)) —In(-g2(x, ).

c. Solve the barrier problem analytically using the Lagrange method.

d. Itis straightforward to find the minimum of f under the mentioned con-
straints. State a simple argument for finding this minimum.

e. State the KKT conditions for finding the minimum, and solve these.

f. Show that the central path converges to the same solution which you found
ind. ande..

3. Use the function IPBopt to verify the solution you found in Exercise[2] Initially
you must compute a feasible starting point x;.

4. State the KKT conditions for finding the minimum for the contstrained problem
of Example and solve these. Verify that you get the same solution as in Exam-
ple[6.3]

5. Inthe function IPBopt2, replace the call to the function newtonbacktrackglg?
with a call to the function newtonbacktrack, with the obvious modification to the
parameters. Verify that the code does not return the expected minimum in this case.

6. Consider the function f(x) = (x— 3)2, with the same constraints 2 < x < 4 as in
Example[6.3] Verify in this case that the function IPBopt2 returns the correct mini-
mum regardless of whether you call newtonbacktrackglg?2 or newtonbacktrack.
This shows that, at least in some cases where the minimum is an interior point, the
iterates from Newtons method satisfy the inequality constraints as well.

7. (Trial Exam UIO V2012) In this exercise we will find the minimum of the function
f(x,y) =3x+2y under the constraints x+ y=1and x,y = 0.

a. Find a matrix A and a vector b so that the constraint x+ y = 1 can be
written on the form Ax = b.

b. State the KKT-conditions for this problem, and find the minimum by solv-
ing these.
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c. Write down the barrier function ¢(x, y) = —In(-g; (x, y)) —In(—g2 (%, y)) for
this problem, where g; and g» represent the two constraints of the problem.
Also compute V.

d. Solve the barrier problem with parameter y, and denote the solution by
x(u). Is it the case that the limit lim,,_.o x(u) equals the solution you found in
b.?
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