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Preface

Welcome to the course Mathematics 1b: Functions of Several Variables!
This textbook builds on the Compendium for the course Mat 1a by Peter
Beelen [Mathematics lal, used in the preceding course, Mathematics 1a:
Logic and Linear Algebra and continues much of the theory, notation, and
terminology introduced in Mathematics la, and you are encouraged to
consult the Mathematics 1la book whenever needed to revisit or clarify
foundational concepts.

This textbook is designed to guide you through the core ideas of
multi-variable calculus, a key area of mathematics that helps us analyze
and solve problems in multiple dimensions. Calculus of several variables
extends the familiar concepts of differentiation and integration to multiple
variables, enabling the analysis of more complex systems that are commonly
encountered in the natural and engineering sciences.

Differentiation in several variables allows us to determine the rate
of change in multiple directions simultaneously, a important concept in
fields like biology, where we might study how a plant’s growth depends
on environmental factors such as sunlight and water. Integration, on the
other hand, offers a means to aggregate effects over a region — whether it
is calculating the volume of a structure, the total energy in a system, or the
cumulative rainfall over an area.

These mathematical tools are indispensable for solving real-world prob-
lems, from designing aerodynamic structures in engineering, to optimizing
machine learning models in artificial intelligence, and understanding grav-
itational or electromagnetic force fields in physics. By bridging abstract
mathematical principles with practical applications, this course lays the
foundation for tackling complex problems across engineering disciplines.
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CHAPTER O

Preliminaries

In this initial chapter, we recall some concepts from calculus and linear
algebra that we be used throughout the book. The chapter is designed
as a reference section to acquaint you with the essential notations and
terminology, mainly from linear algebra, used throughout this book. It is
meant to be consulted as needed, rather than read sequentially. Use it to
clarify concepts and to familiarize yourself with the language of vector spaces
and matrices.

0.1 Scalars

A field is a set F with two operations, addition + and multiplication -, and
we refer to Definition 6.1.1 in Mathematics la for the formal definition of a
field. The real numbers R and the complex numbers C are all examples of a
field.

In this book, we use F as a common symbol for either R or C. It is
possible to consider other fields F, e.g., the rational numbers Q, but in this
book F always denote R or C. The numbers in F are called scalar. Hence, a
scalar is always either a real or complex number.

In [Mathematics la] we introduced the complex numbers C from the real
numbers R as the set of all numbers of the form ¢ + icy, where ¢; and ¢
are real numbers and ¢ is the imaginary unit. Let ¢ = ¢; 4 i7¢co be a complex
scalar, where ¢; = Rec and ¢y = Im ¢ are real numbers. Let us recall some
rules (where d is another complex scalar) that will be useful later:

(i) cc=cE+c=|c?



https://01001.compute.dtu.dk/_assets/enotesvol1.pdf#page=115
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0.1. Scalars

(iv) (c—d)?> = +d*—2cd and (c —d)(c+d) = * — d?

Even though, we have introduced the complex numbers as an extension
of the real numbers, you have probably never seen how the real numbers R
are introduced. This is done in the next subsection.

The real numbers. We assume the reader is familiar with the rational
numbers @ and their properties. The rational numbers are a ordered field,
meaning that they satisfy the axioms of a field and that there is a total order
relation < on Q which is compatible with Q as a field. An order relation
allows us to compare the size of two numbers, i.e., given two numbers, we
can say that one of them is smaller than or equal to the other. The complex
numbers C are not ordered, however, both Q and R are ordered fields.

The rational numbers are a useful set of numbers, but they have
limitations. For example, the equation 22 = 2 has no solution in Q. To
overcome this limitation, we introduce the real numbers R as an extension
of the rational numbers. The real numbers are a complete ordered field,
meaning that any nonempty subset of R which is bounded above has a
supremum in R.

Definition 0.1.1 Supremum
A nonempty subset A C R is bounded above if:

IMeRVzeA:z < M.

Any such M is an upper bound for A. A real number L is a least upper
bound for A (or a supremum for A) if:

(i) L is an upper bound for A, and
(ii) VM € R: M is an upper bound for A = L < M.

We use the notation sup(A) = L.

Similar definitions apply to subsets of R which are bounded from below:

(i) Any real number M with the property Vo € A : x > M is a lower
bound for A.

(ii) A real number L which is a lower bound for A and, in addition, satisfies:
VM € R: M is alower bound for A =— L>M

is a greatest lower bound for A, or an infimum for A.

date/time: 16-Jan-2025/10:44 2



0.1. Scalars

We use the notation inf(A) := L. If a set is bounded both above and below,
we say it is bounded.

Remark 0.1.1

The supremum of A is unique. However, sup(A) is not necessarily an element
of A; when it is, we say it is the maximum of A. The infimum of a set is
also unique, and inf(A) may fail to be an element of A. When it is in A, we
say it is the minimum of A.

We are now ready to define the real numbers R.

Definition 0.1.2

The set of real numbers R is the unique'complete ordered field. This means
that R satisfies the following axioms:

(i) (algebraic axioms) (R, +,-,0,1) is a field. This means:

e (R,+,0): Addition (+) is an associative, commutative operation
with neutral element 0. Any z € R has a unique additive inverse
—x (meaning = + (—z) = 0).

e (R,-,1): Multiplication (-) is an associative, commutative
operation with neutral element 1. Any x € R, = # 0 has a
unique multiplicative inverse x~! (meaning x - 27! = 1).

o Multiplication distributes over addition: - (y+2) =x-y+z- 2.
o Nontriviality: 1 # 0.

(i) (order axioms) There exists a subset R* C R with the following
properties:

o Defining z <y <= y—x € R" establishes a total order relation
in R.

e r<yand z<w = zr+z2<y+w.

e z<yand z2>0 —= x-2<y-z.

(iii) (supremum axiom) Any nonempty subset A C R which is bounded
above has a supremum L € R.

ITo be precise, the uniqueness holds only up to so-called isomorphisms. Note that it
is a theorem that any two complete ordered fields are isomorphic and that a complete
ordered field exists. We define R to be one such field.

date/time: 16-Jan-2025/10:44 3



0.1. Scalars

The set RT in Definition 0.1.2 is the set of positive real numbers. Note
that it follows from the supremum axiom that any nonempty subset A C R
which is bounded from below has an infimum, hence there is no need to
include this property in the axioms above.

Remark 0.1.2

Note that the set of rational numbers QQ also satisfies the algebraic and
order axioms. What distinguishes R from Q is the fact that Q does not
satisfy the supremum axiom. That is, a nonempty subset of Q which is
bounded above may fail to have a supremum in Q. For example, the set
A={qeQ|q* <2} is bounded above in Q, but has no supremum in Q.

We will not prove the existence of the real numbers here, that is, we will
not prove that there exists a set, to be denoted R, which satisfies the axioms
in Definition 0.1.2. This proof is rather long and beyond the scope of this
book. For a proper construction of the real numbers, we refer to Appendix
A of the additional notes. For an alternative existence proof using so-called
Didekind cuts, we refer to [4]. We do not expect the reader to be familiar
with these proofs, only that the reader is familiar with the real numbers R
and their properties.

However, we often need to find the supremum of a set A C R. The
following theorem provides a useful characterization of the supremum.

Theorem 0.1.1 Characterization of the supremum

Let A C R be nonempty and bounded above. Then L = sup(A) if and only
if:

(i) L is an upper bound for A, and
(ii) Ve >03Jdac A: L—e<a<L.

Analogously, if A C R is nonempty and bounded below, L = inf(A) if and
only if:

(i) L is a lower bound for A, and
(ii) Ve >0Jda€ A: L—e>a> L.
Let us show the existence of v/2 as a supremum in R.

Example 0.1.1
Let A ={x € R| 2z > 0andz? < 2}. Let L denote the supremum

date/time: 16-Jan-2025/10:44 4
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0.2. Sets

L = sup(A). We know that L exists since A is nonempty and bounded
above, and since we have an axiom in R which guarantees the existence of
the supremum. We will argue L satisfies L? = 2, that is, L is a square root
of 2 which we write L = v/2. Suppose, towards a contradiction, that L? # 2.
Then either L? < 2 or L? > 2. Assume first that L? < 2. For any 0 < e < 1
we have

(L+e?=L°+2L+e& <L?+4c+e=L*+5¢

since L < 2 and €2 < e. Since L? < 2, we can choose a sufficiently small
€ € ]0,1] so that also L?*+5e < 2. Thus, it follows that (L+€)? < L?+5e < 2.
By definition of A, this means that L 4+ € € A which contradicts the fact
that L is an upper bound of A.

The case L? > 2 is handled similarly, and we leave it to the reader. Hence,
we can conclude that L? = 2. Note that L = /2 is a supremum for A, but
not a maximum of A as L ¢ A.

0.2 Sets

Recall that a set A is a way to “bundle” elements together in one object. If
we for example want to write down a set consisting of the numbers 0 and 1,
we simply write {0, 1} (or {1,0} or more complicated {1,0,1,1}).

We often construct sets using set-builder notation; in fact, we already
did this in Example 0.1.1 above. The set of all even integers, expressed in
set-builder notation, is given by:

{neZ|3keZ n=2k}, (1)

where 3 reads “there exists”. In set-builder notation the vertical bar | is a
separator and is read “such that”. Hence, Equation (1) is read “integers
n such that there exists an integer k for which n = 2k”. One often uses
more complicated expressions left of the vertical bar | to obtain simpler
set-builder notation, e.g., the even integers can be written {2k | k € Z }.

Sometimes the vertical | is replaced with a colon : , but the meaning is
the same and we will only use it if it increases the readability, e.g., in case
the variable or the predicate contains other vertical bars such as:

{x e R": ||z|]| < 1}

where ||| denotes the norm of a vector (it will be introduced in
Equation (2.1) on page 30).

Intervals are subsets of the real numbers R defined by conditions on
their elements. Let a,b € R, where a < b. A closed interval is written

date/time: 16-Jan-2025/10:44 5



0.3. Functions f: A— B

[a,b] = {x € R| a <z < b}, where both endpoints are included. An open
interval is written |a,b] = {r € R | a < & < b}, excluding the endpoints.
Half-open intervals include one endpoint: [a,b] = {z € R | a < x < b} and
la,b) = {z € R | a < x <b}. If a =0, the open and half-open intervals
represent the empty set, while the closed interval is {a}. Unbounded intervals
are intervals such as |—00,b] = {z € R | x < b}.

The set of all integers is Z = {...,—2,—1,0,1,2,...}. Positive
integers are written N = {1,2/3,...}, and non-negative integers as
No ={0,1,2,3,...}. Insome references, N denotes the non-negative integers,
however, we will use Ny for this purpose. To avoid confusion, one can use the
notation Z- for the positive integers and Z for the non-negative integers.

0.3 Functions f: A — B

Definition 0.3.1 Function

Let A and B denote two sets. A function is a correspondence, which to each
element x € A in a unique way associates an element y € B. Denoting the
function by f, this will be written as

f:A— B, y=f(x). (2)

The set A is called the domain of the function f and wil be denoted by
dom(f). The set B is called the codomain set and will denoted by co-dom(f).

A function can be given in terms of en explicit expression, e.g., we can
define the quadratic function by

fR—=R, f(z)=2" (3)

However, a function can also be given in terms of, e.g., a table, which to
each element x € A simply lists the corresponding element y = f(z) € B.

Note that f is the function while f(x) is the function value, i.e., a real
number (scalar) if B = R. A function f consists of a set of inputs (the
domain z € A), a set within all outputs occur (the codomain y € B), and
a rule for assigning each input to ezxactly one output, which we write as
x +— y. Hence, we can, alternatively, define the quadratic function as

f:R=R, f=x— 2%

where z — z? reads “x (the input) maps to z? (the output)”.

date/time: 16-Jan-2025/10:44 6



0.3. Functions f: A— B

Two functions f : A — B and g : C — D are equal precisely if
they have the same domain, the same codomain, and they assign the
same values to each of the elements of their domain. Hence, if we define
g:[0,1] = R, g =z 2% then quadratic functions f and g are not the
same function even though the expressions f(z) = 2% = g(x) agree. This
is because A = R while C' = [0, 1] in this situation, in particular, f(2) = 4
while ¢(2) is not defined.

The definition of a function does not require that A and B are sets of
scalars — they can be arbitrary sets. For example, the correspondence
which to each item in a shop associates its brand, is a function. Here the
set A is the collection of all items in the shop, and B is the collection of all
brands. Note that we indeed for each item in the shop can identity a unique
brand. On the other hand, different items can very well be associated with
the same brand.

Note that the concept of the codomain B should be clearly distinguished
from the range of the function f. Indeed, the set B in Definition 0.3.1 is
just a set, within which all function values occur! We do not claim that
each of the elements in B occur as a function value. On the other hand, the
range or image of a function f is defined as precisely the set of all function
values f(x), where x runs through the set A:

im(f) ={f(z)[zeA}. (4)
The im(f) is sometimes written as f(A). For the function f in (3), the

codomain is R, but the range is only the set of nonnegative real scalars, i.e.,
the interval [0, col.

Definition 0.3.2 Surjective, Injective, Bijective
Consider a function f: A — B.

(i) The function f is said to be surjective if the range of f equals the set
B; that is, for each y € B there exists some x € A such that f(z) = y.

ii e function f is said to be injective if different elements in the se
ii) The function f is said to be injective if different el ts in the set A
get mapped to different elements in B, that is, if

Ty, %2 € A, 11 # 29 = f(21) # f(22).

(iii) The function f is said to be bijective if f is surjective and injective.
(iv) Let A" C A. The function f is said to be injective on the subset A’ if

T1,x2 € A, 11 # 29 = f(21) # f(22).

date/time: 16-Jan-2025/10:44 7



0.4. Matrices and vectors

Example 0.3.1
Let us illustrate the concepts in Definition 0.3.2 with a number of examples.

(a) The function f; : R — R, fi(x) = 22 is neither injective nor surjective.
The function f; is not injective since, e.g., fi(—1) = fi1(1) = 1 and not
surjective since fi(x) > 0 for all z € R. The function is injective on
the subset A’ == [0, oc].

(b) The function f; : R — R, fo(z) = 22 is injective and surjective, hence
bijective.

(¢) The function f3 : R — R, f3(z) = €” is injective, but not surjective.

The function is not surjective since for, e.g., y = —1, the equation
f3(z) = y has no solution z in R. To see this, recall that e* > 0 for all
x e R.

0.4 Matrices and vectors

An m x n matriz is an array of real or complex numbers of the form

@11 Qi2 -+ QA1p

Q21 Q22 -+ Q2p
A=lay] = . ,

Am1 Am2 - Amn

where a; ; € R or C is the (4, j) entry of the matrix A. We sometimes write
a;; (without a comma) instead of a; ;. The set of all m x n matrices with
entries in F is denoted by M,,«,(F). Real m x n matrices are then denoted
M, (R) and complex m x n matrices are denoted M,,x,,(C). The set of
square matrices, i.e., m = n, are denoted M,,(IF) := M., (F).

The m X n zero matrix is denoted by 0,,x,. The zero (column) vector
0,,»1 is denoted by 0,, or simply 0. The n x n identity matrix is denoted I,
or just I.

Block matrices are matrices that are partitioned into smaller matrices.
We have already seen such matrices before, e.g., the augmented matrix
[A|b] in the context of linear systems. We will write such block matrices

as [A|b], [A,b] or [A b]. Thus, if ay,a,,...,a, are column vectors in
™, then the matrix A whose columns are aq, as, ..., a, can be written as
A=lay|az| - |a,], A=lai,aq,...,a,] or

A= {al a, --- an].
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0.4. Matrices and vectors

If w is a column vector in " and U is an (n — 1) X m matrix, then the
n X m-block matrix U whose first column is w and the remaining columns
are the columns of U is denoted by [w | U], [u, U;] or [u Uy].

We recall some properties and terminology of matrix theory.

Inverse. We say that A € M,, is an invertible matriz if there exists a
B € M,, such that
AB =1, and BA=1,. (5)

Such a matrix B is an inverse of A. If A has no inverse, then A is non-
invertible or singular. Either of the equalities in (5) implies the other, that
is, for square? matrices A, B € M,,, we have AB = [ if and only if BA = I.

As we know not every square matrix has an inverse, but a matrix has at
most one inverse. If A is invertible, we can therefore speak of the inverse of
A. If A is invertible, then the inverse of A is denoted by A=!. A matrix and
its inverse satisfy:

AAT =T=ATA

If A is invertible, we define A% = (A~1)* for k =1,2,.... Let A and B
be matrices so that AB is well-defined, let j, k be integers, and let ¢ be a
scalar.

(i
(i

(ii

) (AR = A = (A

) (A7H)7 = A

) If ¢ # 0, then (cA)™'=c¢ 1AL

(iv) If A € My (F) and B € M,,5,,(F), then (AB)™' = B~'A~1 if AB is
invertible (this requires m < n).

Transpose. The transpose of A = [a;;] € M,x,, Is the matrix AT € My,
whose (4, j) entry is aj;. Let A and B be matrices of appropriate sizes and
let ¢ be a scalar.

A+ B)T = AT + BT,

cA)T = cAT.

AB)T = BT AT,

(v) If A is invertible, then (AT)™! = (A71)T. We write (A™H)T = A~T.

2Be careful! This statement is false for non-square matrices.
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0.4. Matrices and vectors

Conjugate. The conjugate of A € M,,,, is the matrix A € M,,,,,, whose
(i,7) entry is @;;, the complex conjugate of a;;. Thus,

(A)=A, ATB=A+B, AB=AB.

If A is a real matrix, then A = A.

Adjoint (conjugate transpose). The adjoint of A is defined by A* = AT,
meaning that we take the transpose of the matrix, and then take the complex
conjugate of each entry (or the other way around; the order does not matter
which you can easily check). Hence, the (7, ) entry of A* is @;;. Note, that
for a real matrix A taking transpose and adjoint is the same operation, i.e.,
A* = AT The adjoint of a matrix is also called the conjugate transpose since
this is what the operation does. Let A and B be matrices of appropriate
sizes and let ¢ be a scalar.

(i) I* = I,,.
(i) (Omxn)” = O

(iii) (A*)* = A

(iv) (A+B)" = A*+ B*

(v) (cA)* =ecA*

(vi) (AB)* = B*A*

(vii) If A is invertible, then (A%)~' = (A~)*. We write (A~1)* = A~

Special Types of Square Matrices. Let A € M, (C).
(i) If A* = A, then A is Hermitian.
(ii) If AT = A, then A is symmetric.

(iii) If A*A = I, then A is unitary; if A is real and ATA = I, then A is
real orthogonal.

(iv) If A*A = AA*, then A is normal .

(v) If A%> = A, then A is idempotent. An projection matrix is an idempotant
matrix.

(vi) If A is Hermitian and has (strictly) positive eigenvalues, then A is
positive definite.
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0.4. Matrices and vectors

(vii) If A is Hermitian and has non-negative eigenvalues, then A is positive
semi-definite.

(viii) If A is idempotent and Hermitian, then A is an orthogonal projection
matrizx.

Trace The trace of A = [a;;] € M,, is the sum of the diagonal entries of A:

n
tr A= Za”
i=1

For A,B € M,, and ¢ € C, we have:
(i) tr(cA+ B) = ctrA + trB.
(i) tr(AT) = trA.

(iii) tr(cA) = ctrA.

(iv) tr(A*) = trA.
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CHAPTER 1

Functions of Several Variables

The concept of a function is probably the most fundamental topic in
mathematical analysis. It provides the language for formulating basic
laws in physics and engineering in a mathematical language and hereby
calculate how we can obtain a desired effect in a given physical /mechanical
system. Questions like

What is the necessary temperature of a gas in a tank that is
necessary in order for the pressure in the gas to reach a certain
value?

can easily be phrased and solved using functions.

We expect the basic concepts of functions f : A — B in Section 0.3 on
page 6 to be known to the reader. Standard calculus is concerned with the
case where the domain of the function Equation (2) on page 6 is the set of
real scalars, like in (3), or a subset hereof. Our goal in the current chapter
is to generalize our knowledge of such functions to the case where A and B
are sets of (column) vectors in R™ and R*, respectively. For example, this
will allow us to consider real-valued functions of the form

f:R* >R, f(x,y):x+y2 (1.1)
and vector-valued functions of the form
cos(t)

fR—=R f(t)= |sin(t)
t

In Section 1.2 we introduce scalar (also called real-valued) functions
depending on several real variables, and in Section 1.3 we turn to the general
case of vector-valued functions of several variable. In order to get a good
visual understanding of a function of several variables, we need the so-called
level sets which is the topic of Section 1.4.

12



1.1. Scalar functions of one variable

1.1 Scalar functions of one variable

Functions depending on a single real variable are well-known from elementary
calculus. In this section we will remind the reader about some of the most
important concepts and results. We consider functions f : I — R, where
either I = R or [ is an open interval of the form | — 0o, a[, |a,oo[ or ]a, b|
for some a,b € R.

We already saw the first example of such a function in (3). In general,
when dealing with a function, it is important to specify as well the
expression for the function as its domain. For example, the natural logarithm
f(z) = In(z) is only defined for positive values of the variable x; thus, the
function must be described as

f:dom(f):{xER‘x>0}—>R, f(z) = In(x).

From elementary calculus we are already familiar with several classes
of functions, e.g., polynomials, exponential functions, and trigonometric
functions.

Example 1.1.1

Functions also appear naturally within all branches of science and engineering,
typically denoted by different letters than in the mathematical literature:

(a) Consider an (ideal) gas that is contained in a tank with volume V.
Assuming that the gas contains n particles (measured in moles), the
pressure P in the tank and the temperature 1" of the gas are related by
PV =nRT, where R is the ideal gas constant (approximately 0.0821.)
This can also be written as

nRT

P =
V

(1.2)
If the volume V' of the tank is constant, (1.2) shows how the pressure
in the tank varies with changing temperature. This means precisely
that the pressure P is a function of the temperature 7, i.e., we can
write

nRT

P(T) = =

(b) Consider an electric circuit, where a battery is connected with a
resistant R. By Ohm’s law, the voltage V' delivered by the battery
and the current [ in the circuit are related by V' = RI. Thus I = V/R.
Considering the voltage V' to be constant, this relationship shows how
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1.1. Scalar functions of one variable

the current I depends on the resistant R. In other words, the current
is a function of R,

Remark 1.1.1

Note that when introducing the functions in Example 1.1.1, we have
deliberately been sloppy. The problem is that we have only specified the
function expression of, e.g., the pressure P(T') = nRT/V in the tank, but not
the domain and codomain of the function. Both the domain and codomain is
part of the definition of the function so here we should specify P : [0, co[— R
(or perhaps we should even replace the domain [0, co[ with [0, 7] where
Tp ~ 1.416 - 10 is the Planck temperature measured in Kelvin).

Not all functions can be described explicitly by a formula or closed-form
expression. Instead, some functions are defined implicitly as solutions to
equations, or they are described algorithmically, or they are defined by a
table of values, or by other means. Let us consider a couple of examples of
such functions.

Example 1.1.2 Next prime function

Let f : R — R be the function that maps a real number x to the smallest
prime number that is strictly larger than x. For example, f(2) = 3, f(7) =5,
and f(13) = 17. The function f is well-defined (meaning that the mapping
satisfies the requirement of a function in Definition 0.3.1 on page 6) because
for every real number x there is a unique prime number p that is strictly larger
than x. However, there is no simple formula that can express f(x) in terms
of elementary functions like polynomials, exponentials, or trigonometric
functions. The function f is known as the next prime function.

Example 1.1.3 A special function

Let the function f : ]0,00] — R be defined by f(z) = y, where y is the
unique real number satisfying

ye =z, x> 0.

This equation implicitly defines f(x), but there is no simple formula that can
express f(z) in terms of elementary functions like polynomials, exponentials,
or trigonometric functions.

The function f(z) is well-defined because the equation f(z)ef® = z
has ezxactly one real solution f(x) for every positive input = > 0. However,
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1.2. Scalar functions of several variables

computing the value of f(z) requires actually solving the equation, which
is often done numerically. For example, f(1) =~ 0.567143. Of course, some
function values can be computed exactly, e.g., f(e) = 1. As an exercise, can
you find the value of f(2¢2)?

The function f is known as the principal branch of the Lambert W
function. Special functions like this one arise naturally in many areas of
science and engineering.

1.2 Scalar functions of several variables

In this section we will take the first steps to generalize the theory for
functions of one variable to functions of several variables. The desire to do
this comes from science and engineering, where we often face the need of
considering several changing parameters simultaneously. Let us illustrate
this with an example.

Example 1.2.1
We consider again the two examples in Example 1.1.1 on page 13:

(a) The pressure P in the tank is expressed by the formula (1.2). If we
imagine that as well the volume V' of the tank as the temperature T’
can vary, the pressure becomes a function of two variables:

nRT
P(T V)= ——.
vy ="
(b) If we replace the battery by a power supply with an adjustable output,
the current I in the circuit becomes a function of two variables, namely,
the output V' of the power supply and the resistant R,

1%

I(R,V) = 7

We will now consider functions that are defined either on R™ for some

n € N, or a subset hereof. We saw the first example of such a function in

(1.1). We will typically denote the variables by x1, zs, ..., z,; however, for

functions of just two variables we will also apply the shorter names x and y
for the variables.

For functions of n variables the vector notation from linear algebra is very

useful. For example, instead of writing a function value as f(xy, 2, ..., x,),

we can define @ = (z1, 29, ..., 2,) and then write the function value as f(x).
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1.2. Scalar functions of several variables

Visually, this is similar to our standard writing f(z) for a function of one
variable, except that now the boldface x indicates that the input is a vector.
Note that strictly speaking (z1,xs,...,2,) is a n-tuple real numbers. We
will, however, most often consider & as a column vector in R"™:

T
T2
€Xr =
Tn
or (less often) a row vector & = [z1,...,x,] in R". Even when we consider
x as a vector, we will also, when there is no danger of confusion, use the
tuple notation ® = (x1,xs,...,z,). Unless stated otherwise, we consider

vectors in R™ as column vectors.

The vector notation allow us to formulate several definitions and key
results for functions of n variable in a very similar way as for functions of
one variable (compare, e.g., the definition of continuity in Definition 3.1.1
on page 75 with the subsequent Definition 3.2.1 on page 82).

The following class of scalar functions of n variables called quadratic
forms will play an important role throughout the text.

Definition 1.2.1 Quadratic form

Let A € M, x,(R) be a square, non-zero matrix, let b € R" be a column
vector, and ¢ € R a scalar. The scalar function ¢ : R — R given by

qg(x) = T Az + ="b + c (1.3)
where x is considered as a column vector in R”, is called a quadratic form.*

Note that if n = 1, the quadratic form is a polynomial function of degree
two since (1.3) reduces to q(z) = Az? + bz + ¢. Indeed, a quadratic form is
a multivariate polynomial of degree at most two.

Determining a domain. As for functions of a single variable, it is
important to be able to describe the domain for a function of n variables.
Typically this is more involved than for functions of one variable as illustrated
by the following example.

!The term quadratic form is often used to denote the quadratic term x? Az (without
the linear b and constant terms c).
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1.2. Scalar functions of several variables

Example 1.2.2 Largest domain
We would like to describe the domain for the function expression:

f(z1,22) = In (asf — 2z + :Eg) : (1.4)

The natural logarithm is only defined on positive scalars so the function f
is defined on the set of (z1,23) € R? for which z? — 2x; + 23 > 0. Now, by
a direct calculation,

xs — 22 + 25 = (1 — 1)> — 1 + 3,
so the condition z? — 2z; + 22 > 0 means precisely that
(z1 —1)* + 23 > 1.
Thus the domain for the function f is
dom(f) = { (z1,22) ER?*| (21 — 1)* + 23 > 1}.

Note that dom(f) has a geometrical description, see Figure 1.1. It is the set
of points (1, 73) € R? that are located outside the circle in R? centered at
the point (1,0) and with radius 1.

iy

x

—14

—921

Figure 1.1: Domain of the function in Example 1.2.2 is everything strictly outside
the circle of radius one centered at (1,0).

Note that the domain dom(f) found in Example 1.2.2 is the largest
possible domain of the real-valued function expression (1.4). It is perfectly
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1.3. Vector functions of several variables

fine to introduced another function with a smaller domain, e.g.,

g:]2,0[XR =R, g(x1,25) =1In (xf — 211 + x%) .

1.3 Vector functions of several variables

Using the vector notation from linear algebra introduced above, we consider
a vector function as a function that takes column vectors in R™ as input
and outputs column vectors in R*:

Definition 1.3.1 Vector function
Let n,k € N. A vector function of several variables is a function of the form

f: dom (f) — R*, where the domain dom (f) is a subset of R".

Since f(x) is a vector in RF for each z € dom(f), we will write
=, frx)or
fi(z)
fl@)=1 : |, (1.5)
Jfu()
where f;: dom f — R is the ith coordinate function of f. In other words, the
ith coordinate function is defined from f by setting f;(x) = (f(x));, where
(f(x)); is the ith coordinate of the vector f(x). The coordinate functions
are scalar functions of n variables, and they all have domain dom (f). A
vector function f = (f1,..., f,n) : dom(f) — R* can often be analyzed
by considering the scalar-valued coordinate functions f;: dom (f) — R
separately.
We already know examples of vector functions from basic linear algebra,
namely, linear mapping from R" to R*.

Example 1.3.1 Linear and affine maps
Let A € Mgxn(R) be a rectangular matrix and define the linear map
Ly:R* 5 RFby Ly =« — Az, ie., Lyxz = Az. Then L, is a vector
function of n variables, and its image is the column space of the matrix
A, ie., im(Ls) = col(A). The ith coordinate function of Ly is given by
(La)i(x) = @11 + a;ox0 + -+ + @iy fori=1,... k.

Linear mappings L4 is a subclass of affine mappings which are vector
functions of the form:

x— Az +b forxeR" (1.6)
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1.3. Vector functions of several variables

where b € R".

Let us recap some terminology:

(a) f:R™ — R is a scalar (or real) function? of n variables. This is just a
vector function f: R® — R* where k = 1.

(b) f: R"™ — R* is a vector function of n variables.
Let us also introduce some new terminology:

(c) If K = n, the vector function f: dom(f) — R™ where dom(f) C R”
is called a wvector field.

(d) If £ =1, the scalar function f: R"™ — R is also called a scalar field
(often the scalar will be a physical quantity with units).

(e) If n = 1 and the (vector) function is continuous, we obtain curves
in R*. Strictly speaking, the curve is the image im(f) of the vector
function, not the function itself. If n = 1 and k > 3, we obtain space
curves, and one could think of a particle path in R*, e.g., a helix in
R3:

r(t) = [cos(t),sin(t),t]T fort eI (1.7)

where [ is usually a finite interval [a, b], but could be infinite, e.g.,
R. The vector function 7 : I — R"™ is called a parametrization of the
curve im(r).

(f) If n = 2 and the (vector) function is continuous, we obtain surfaces
in R*. A vector function of the form r : I x J — R", where I, J are
intervals, is called a parametrization of the surface im(r). An example
is the parametrization of the (unit) sphere in R? by

r(u,v) = [cos(u) cos(v), sin(u) cos(v), sin(v)]” (1.8)
where u € [0, 27| is the longitude and v € [0, 7| is the latitude.

We will see that parametrizations of geometrical objects become crucial for
the development of integration in higher dimensions, e.g., the computation
of a flux through a surface.

2also called scalar-valued or real-valued functions
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1.4. Visualizing functions

Remark 1.3.1 Complex functions

In this book we only consider functions with domain dom(f) C R™ and with
codomain co-dom(f) € R*¥. We could without too much effort also allow
for complex vector-valued functions, e.g., co-dom(f) C C*. For k = 1 such
functions are known from [Mathematics la| as complez-valued functions.
Given a complex vector-valued function f : dom(f) — C*, one can for
any x € R", write f(x) = fi(x) + ifo(x), where fi(x) = Re(f(x)) is
the coordinate-wise real part of the vector f(x) and fo(x) = Im(f(x))
is the coordinate-wise imaginary part of vector f(x). In this way, any
complex vector-valued function f : dom(f) — C* gives rise to two real
valued-functions Re(f) : dom(f) — R* defined as & ~ Re(f(x)) and
Im(f) : dom(f) — R* defined as = — Im(f(x)). Hence, we can reduce the
analysis of a complex vector-valued function to two functions taking values
in R¥.

1.4 Visualizing functions

It is often helpful to have a certain “geometric understanding” of a function
f: dom(f) — R* where dom(f) C R". In Figure 1.2 we see the “input
vectors” of the function f on the left and the “output vectors” on the right.

~

~

-/

Figure 1.2: Input-output view of a vector function of n variables. The function
f takes & € R™ as input and outputs f(x) € R¥. We have plotted both R” and
R* as R?, but we should allow ourselves to mentally think of n and k taking on

larger values.

In general, it is not possible to visualize functions when k£ and n are
large. However, for small values of k and n it is useful to study the graph
and the level sets of a function.
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1.4. Visualizing functions

Figure 1.3: The graph of the function f(x1,72) = 2? + 23 — 5 with domain
dom(f) = [-3,3] x [-3,3]

Graph of a function. From standard calculus we are used to extract
information on a function f : R — R by drawing or plotting its graph.
Formally, the graph of a scalar function of one variable consists of all points
in R? of the form (z, f(x)), where z belongs to the domain dom(f) of f.

Similarly, for a vector function f : dom(f) — R¥ where dom(f) is a
subset of R™, the graph consists of all points in R x R¥ = R"** of the form
(z, f(x)), where & € dom(f).

Definition 1.4.1 Graph of a function

Consider a vector function f : dom(f) — R*, where dom(f)) € R". The
graph of the function is the subset of R"** = R" x R* given by

{(z, f(x)) € R"™" | z € dom(f) }.

We can only illustrate such a set graphically for the cases where n+k < 3.
Hence, it is a very limited tool for visualizing and understanding functions
of several variables unless n and k are small. Examples of such functions are
scalar functions of two variables, i.e., n = 2 and k& = 1 in Definition 1.3.1.

Example 1.4.1
We consider the scalar function of two variables:

f:[-3,3] x[-3,3] = R, f(z1,22) = 22 + 22 — 5.
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Figure 1.4: Illustration of the function V (z1,x2) = (—x2/3,21/3) on [—4,4] x
[_47 4]

The graph of this function is given by
{ (21, 72,75 + 25— 5) | (71,72) € [-3,3] x [-3,3] } C R®

See Figure 1.3 for an illustration of the graph.

Visualizing vector fields Vector fields f : R* — R" (n = 2,3) can be
visualized by plotting the “output” vectors on a regular grid corresponding
to the coordinates of the “input” vectors. Similar to the graph of a function,
this idea mixes the domain and codomain of a function into one object. Let
us show the idea by an example.

Example 1.4.2

Consider the function
V :R? - R? V (1, x9) = (—x2/3,21/3).

This is an example of a wvector-field, which maps a point £ € R? to a
point in V(z) € R%. The new point V(x) is then interpreted as a vector
originating from the point . This is illustrated in Figure 1.4. E.g., the
vector-field V' evaluated at (xy,x2) = (0,2) is the vector (0,2/3), whereas
at (x1,22) = (1,4), it is (—4/3,1/3).
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Level sets of a function. It can be difficult to get a good impression of
a function f : R?> — R from its graph. In such cases it is often useful to
consider the so-called level sets. They consist of points in the domain that
are mapped to a pre-defined fixed vector:

Definition 1.4.2 Level set

Consider a vector function f : dom(f) — R*, where dom(f)) C R™. Given
a vector ¢ € R*, the corresponding level set is the subset of R” given by

{ € dom(f) | f(x) =c}.

Example 1.4.3
Consider the scalar function f

f:R? =R, f(r,y) =22 + 22 +3.
For ¢ € R the level sets are given by

{ (z1,22) € dom(f) | f(x1,22) = c}.

Since 7 + x3 > 0 for all (z,y), the level set associated with any ¢ < 3 is
empty. For ¢ = 3, the level set consists of the point (z1,x9) = (0,0), and for
¢ > 3, it consists of the (z1,x5) € R? for which 2% + 25 = ¢ — 3. Thus, for
¢ > 3, the level set is a circle centered at (0,0) with radius v/c — 3.

Level set are particularly useful if they correspond to “recognizable”
geometric shapes as in Example 1.4.3. In the following example we remind
the reader of the mathematical equations that characterize some of the most
well-known geometric shapes.

Example 1.4.4
Fix a point (c,cy) € R

(a) (circle) A circle in R? centered at the point (c;, cz) and with radius r
consists of precisely the (z,y) € R? for which

(x—c1)’+ (y—c2)? =12 (1.9)
(b) (ellipsoid) Given a,b > 0, the set of points (z,y) € R? for which

(55 - 01)2 (Z/ - 02)2
a? i 2 L

(1.10)
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1.4. Visualizing functions

f(x1,22) =10
flz1,22) =4

Figure 1.5: The graph of the function f(z1,72) = 2?2 + 23 + 3 and some of its
level sets (only shown for ; (z,y) € [-3,3] x [-3,3].)

forms an ellipsoid centered at (¢, ). The ellipsoid has symmetry
axes T = ¢1,y = ¢o and half-axes a > 0, b > 0.

c) (hyperbola) Given a,b > 0, the set of points (z,y) € R? for which
(c) (hyp p y

2 2

(r—c1)®  (y—c)
a? b2

=1, (1.11)

forms a hyperbola centered at (c1,c3). The hyperbola has symmetry
axes r = ¢,y = cy. Similarly, a hyperbola with symmetry axes
Yy = ¢1,T = Co, is given by the equation

(y—c2)? (x—c)® _
e~ =1 (1.12)

Example 1.4.5 Parabola

The graph of a second-order polynomial function of one variable is of the
form
y =az® + bz +c

Hence, the graph forms a parabola with symmetry axis x = —%.

Note that we can also consider higher-dimensional versions of the sets in
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Example 1.4.4.

Example 1.4.6 Sphere
Fixing a point (ci,cz,c3) € R3, the sphere in R? centered at the point
(c1, €9, c3) and with radius r > 0 is given by

(z—c)?+(y—c)? +(z—c3)® =r2 (1.13)

In the rest of this section we will consider the level sets for quadratic
forms, see Definition 1.2.1, of a particular simple form, namely,

q:R* >R, q(z,y) = M 4+ Xoy? + bz + by + ¢, (1.14)

where A1, A9, b1, b, ¢ € R. This function is indeed a quadratic form according
to (1.3) with the choices

A0 b
P R )
For such functions we are able to give explicit descriptions of the level sets in
terms of the geometric shapes discussed in Examples 1.4.4 and 1.4.5. Note
that the expression for the analyzed function ¢ in (1.14) does not involve
the product zy since A was assumed to be a diagonal matrix. The case

where the product zy appears is significantly more complicated and will be
handled in Example 2.8.3 on page 68.

Example 1.4.7

For the function ¢ in (1.14), the level set associated with a given k& € R
consists precisely of the (z,y) € R? for which

Mz + XAy + bz + by +c=k,

or,
M2+ Xy +hix+by=k—c (1.15)

For some (not all) values of the parameters Ai, \g, by, be, ¢ we will now
describe the geometric shape of the level set.

(a) If Ay = Ag = 0 and by # 0, the equation (1.15) takes the form
bix + by =k — ¢,
or
b1 k—c

y=-—-—2

by by
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Thus, the level set is a straight line with slope —by /bs.
(b) If Ao =0 and A\ # 0,b # 0, (1.15) can be written as

)\1 2 b1 k—c
bl Tt T

Thus, the level set is a parabola. Similarly, the case \; = 0, \y #
0,b; # 0 yields a parabola.

(c) If Ay # 0,y # 0, the level set can be identified as one of the sets
in Example 1.4.4. The technique to do so is always the same; let us
illustrate it on the equation

42° + y* + 8z — 6y — 3 = 0. (1.16)
Let us rewrite (1.16) as
4(x* + 27) + y* — 6y = 3. (1.17)

We will now consider the terms involving x and y separately. Thus,
we first look at the expression 22 + 2x. Notice that all the definitions
in Example 1.4.4 involve terms of the form

(z—c1)? =2° - 2c1z + &

for some ¢; € R. In order to rewrite 22 + 22 such that a term of this
form occur, we see that it is necessary that we choose ¢; such that
—2¢1 = 2, i.e., ¢ = —1. With this choice of ¢;, we have that

(z—c)=(@+1)?=2>+22+1=(2>+22) + 1;
therefore,
?+2r=(r+1)72-1. (1.18)

Thus, we see that we do not obtain that the term z? + 2z can be
written exactly as (z — ¢;)?, but we will see what to do with the
occurring number —1 soon. Before doing so, we will now run the same
procedure on the term y? — 6y. Exactly as before, we see that in order
to introduce a term

(y—c2)® =y" =209+ o3,
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1.5. What is multivariate calculus useful for?

it is necessary to take co such that —2cy = —6, i.e., co = 3. With this
choice,

(y—c2)?=(y—37°=9y>—6y+9=(y*+6y) +9,

i.e.,
y?—6y = (y—3)>—09, (1.19)

Inserting the expressions (1.18) and (1.19) in (1.17) yields that
41((@+1?2-1)+(y-32-9=3,

or,
4z +1)* + (y — 3)* = 16.
Finally, this equation can be rewritten as

(z+1)? (y—3)°
=1
4 + 16 ’

comparing with the characterizations in Example 1.4.4 shows that the
set is an ellipsoid centered at the point (—1,3), with symmetry axes
xr = —1,y = 3 and half-axes a = 2, b = 4.

1.5 What is multivariate calculus useful for?

Understanding multivariate calculus is crucial for making sense of and
solving many problems in the modern world. The question posed in the
title is very broad and cannot be fully answered in this short section, but
we here aim to give a flavor of its importance. One striking example is
its use in the training of artificial intelligence models. During the training
process, the model adjusts its parameters® to minimize a scalar loss function
that quantifies how far its predictions are from the true or desired values.
This process involves calculating the derivative of the loss function with
respect to each parameter. These derivatives form a vector that points in
the direction of the steepest increase of the loss function. To minimize the
loss, the parameters are adjusted in the opposite direction. Since modern
networks often have millions or even billions of parameters, the derivatives
are computed in very high dimensional spaces.

3These parameters are often called weights in the context of neural networks. In this
respect, they behave as variables of the loss function, as the function depends on them
and is optimized by changing their values.
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But what does it mean to take the derivative of a function with several
(or billions of!) variables? The derivative quantifies the sensitivity of change
of a function’s output with respect to its input. From standard calculus
we know that the derivative of a scalar function f : R — R at a point
xr = xy is, whenever it exists, the slope of the tangent line to the graph
of the function at (zq, f(xo)). It is not at all clear what the derivative of
a vector function of several variables should be. In fact, as we will see in
Chapter 3, a proper understanding of differentiability of functions of several
variables truly requires a multi-dimensional analysis of the problem. To give
an example, the derivative of the linear mapping L, in Example 1.3.1 is
A, that is, the derivative is a k X n matrix, and that the derivative of the
quadratic form considered in Definition 1.2.1 is (4 + AT)x + b which is a
vector in R™ and, considered as a function of @, the derivative is an affine
function from R™ to R".

For the loss function, how can the derivatives be efficiently computed
and interpreted to update the model parameters? Moreover, how can we
ensure that the loss function even is differentiable and that the derivatives
are well-defined? Multivariate calculus provides the mathematical toolbox
to answer these questions, making it a cornerstone of modern techniques in,
e.g., machine learning and optimization.
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CHAPTER 2

Inner Product Spaces and the
Spectral Theorem

In this chapter we will develop the theory of linear algebra that will be
needed in later chapters. Continuing from the textbook [Mathematics la,
we will introduce new central aspects of linear algebra that has its origins
from plane geometry, e.g., lengths and angles in the two-dimensional real
plane. This leads to the development of axioms for inner products and norms,
extending the concepts of length and perpendicularity (or orthogonality as
we will say) to abstract vector spaces. From the concept of a norm, we will
be able to introduce open and closed sets in a vector space, Section 2.2.
That section provides the necessary background for studying continuity and
differentiability of functions of several real variables.

The main result of the chapter is the spectral theorem that shows us that
symmetric matrices have a basis of eigenvectors that are orthogonal to each
other. The name spectral theory was introduced by David Hilbert, and it
concerns theories extending the eigenvalue problem of a single square matrix
to classes of matrices and linear transformations. The set of eigenvalues of
a square matrix is called the spectrum and the matrix classes we will study
are real symmetric, Hermitian and normal matrices.

Abstract vectors spaces can be considered over arbitrary scalar fields
IF, however, we will restrict our attention to either real or complex vector
spaces. That is, we will always assume that F = R or F = C. We are mainly
interested in the real case, however, as even real matrices can have a complex
spectrum (i.e., complex eigenvalues), it is natural to study spectral theory
in the setting of both real and complex vector spaces. We will sometimes
write formulas both for real and complex case, but we will in some cases
only state the complex formulas as they also apply to the real case.

While we consider abstract vector spaces, we will focus on the space of
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2.1. Inner product spaces

real column vectors of size n x 1, that is, the vector space R™ over the reals
R, as well as the space of complex column vectors of size n x 1, that is, the
vector space C" over the field C of complex scalars.

2.1 Inner product spaces

Inner product and norm in R™. In dimensions two and three, the length of
a vector, i.e., the distance from the origin to its endpoint, can be computed
by the Pythagorean rule. For example in R?, the length of the vector

x = [11,25]7 is given by
]| = /2t + a3.

It is natural to generalize this formula for all n € N, and we define the
length of the vector x € R™ as

|| = /2% + a3 + ... +a2. (2.1)

Instead of the word “length” we will say that the non-negative real number
||| is the norm of «.

The dot product of two vectors & = [x1, z9, ..., x,]
in R" is defined as

T7 Y= [y17y27"'7yn]T

T-Y =21y + ToYs + ... + TpYn- (2.2)

In dimensions two and three, this definition reduces to the well-known
formula, e.g., the dot product in R? is -y = z1y; +x2ys, where & = [, xo]"
and y = [y1,y2]T. While the notation x - y and the term “dot product” is
often used for the inner product in (2.2), we often prefer the notation (x,y)
and call this the standard inner product on R™.

The norm of & can be computed from the dot product of & with itself:

||l = V- . (2.3)

With the dot product and the norm the vector space R" is sometimes said
to have euclidean structure or geometry.

Using the notion of matrix transpose, one can write the standard inner
product in R™ by (z,y) = y"x. Note that this is a slight abuse of notation
because (x,y) is a real scalar while 7y is a 1 x 1 matrix as it is the
matrix-matrix multiplication of a 1 x n and n x 1 matrix, respectively. Note
also that y’x = ”y, and we use the notation y’« only to be consistent
with the formula in the complex case.

The angle between two vectors is closely related to the norm and inner
product as the following example shows.
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Example 2.1.1

Consider the triangle below, whose vertices are given by the origin 0 = [0, 0]7
and the real, non-zero vectors & = [11, 25]T and y = [y1, y2]” .

X2

A

Let 6 denote the angle between the vectors  and y. One can show (e.g.,
using the law of cosines) that

(x,y) = ||zlllyll cos 6.

If 6 = +£90°, we say that & and y are orthogonal to each other. Note that x
and y are orthogonal if and only if (x,y) = 0.
From the formula
(z,y)
Tellyl

we see that the angle € between two vectors can be found from the values of
inner product (x,y) and the norms ||| and ||y||.

cosf =

Inner product and norm in C”. Let us now define norm and inner product
for the vector space C™ over the scalar field C. We cannot directly use (2.3)
as for R™ since the expression inside the square root might be complex if x
is a complex vector; recall that 22 is rarely a real number if x is complex
(in fact, 22 is real only if z is real or if z is purely imaginary). However, for
a complex number x = a + ib, a,b € R, we have |z|*> = 27 = a* + b* > 0.
Hence, if & € C" is given by

a, + by
as + ibg
xr = i

9

a, + b,
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it is natural to define its norm ||x|| by

k=1

|| = Ji(ai +b;) = szn: k] (2.4)

This definition guarantees that ||| is a non-negative real number which
is what we would expect from a quantity that is the “length” of a vector
xz c C.

Since we want to keep the relation ||z||*> = (x, ) as for R", we can define
the standard inner product on C" by

(T, y) = TY1 + 25 + ...+ Tuln = D, Tkl
k=1

it follows that (z,x) > 0 since 2,75 = || > 0 forall k =1,...,n.

Using the notion of matrix adjoints, one can write the standard inner
product in C" by (x,y) = y*x. Again, this is an abuse of notation (that we
will ignore) because (x,y) is a complex scalar while y*x is a 1 X 1 matrix.

Inner products and norms in abstract spaces. Let V' be a vector space
over F. If F = R, we say that V is a real vector space, and if F = C, we say
that V' is a complex vector space.

A norm on a vector space V is a function that assigns to each vector
x € V a non-negative real number ||z|| € [0, co[ that we call the norm of
x and consider as the length of . The norm function has to satisfy the
following properties:

Definition 2.1.1 Norm
Let V be a vector space over F =R or C. A norm on V is a function

|l-1]:V =R
that satisfies for any «,y € V and ¢ € F the following properties:

(i) non-negativity: ||| is (real and) non-negative,

(ii) non-degeneracy: ||z|| = 0 if and only if = 0,
(iif) scaling: [lcx|| = || [|]],
(iv) triangle inequality: ||z + y| < |lz|| + ||ly]l-

A vector space V with a norm is called a normed vector space or simply a
normed space.
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The norm is a function that behaves like the length of vectors in the
plane R?, e.g., the length of (—5) times the vector is 5 times the length of
the original vector. This last property is a special case of Item (iii) in the
definition above.

Example 2.1.2 p-norms on C"

Consider V' = C" as a vector space over C. For p € [1, 00|, the p-norm of a
vector & = [x1,Ta, ..., x,|T is defined by

n 1/P
lel, = (Zw) for p € [1, 0]
k=1
and
[ —)

=1,...,

The p-norms are norms on C" for p € [1, 00]. Since these norms are different
from each other, we have added a subscript in |||, to distinguish them.
The 2-norm ||x||, is the standard norm on C™ that we considered above in
Equation (2.4). The 1-norm ||x||; is the sum of the absolute values of the
entries of &, and the co-norm |||/« is the maximum absolute value of the
entries of &. The p-norms are used in many applications, e.g., in statistics
and signal processing and are often called P-norms.

An inner product is a function that assigns to each pair of vectors (x,y)
a scalar in F, denoted by (@, y). The inner product function (x,y) — (x,y)
has to satisfy the following properties:

Definition 2.1.2 Inner product
Let F =R or C. An inner product on V is a function

(+,-):VxV=F
that satisfies for any «,y,z € V and ¢,d € F the following properties:
(i) non-negativity: (z,x) >0,
(ii) non-degeneracy: (x,x) = 0 if and only if © = 0,

(iii) (conjugate) symmetry: (x,y) = (y,x); note, that for a real vector
space, this property is just symmetry, (x,y) = (y, ),

(iv) linearity: (cx + dy, z) = c¢(zx, z) + d{y, z).

A vector space V with an inner product is called an inner product space.
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It is important to remember that the quantity (x,y) is always just a
scalar: it is a real number for real vector spaces and a (possible) complex
number for complex vector spaces. For complex vector space the inner
product is conjugate linear in the second entry (and linear in the first as
required in Item (iv)). Conjugate linearity means that

(x,cy +dz) =z, y) + d{zx, z)

which follows from (iii) and (iv) in Definition 2.1.2. Loosely speaking, we
are allowed to move scalars “out” from inside the inner product, but we
have to remember to do a complex conjugation if the scalar comes from
the second entry of the inner product. Finally, we mention that the inner
products with the zero vector are always zero, i.e.,

(0,y) =0 and (x,0) = 0.

To see this, we use linearity of the inner product to compute (0,y) =
(0x,y) =0-(x,y) =0.

Given an inner product space V', we can always construct a norm on V.
From an inner product (-, -) on V, we define the derived norm on V' by

-1 V= (0,00, [l] = \/(z, ) (2.5)

Note that by the non-negativity property of the inner product (x,x) > 0,
the expression inside the square root in (2.5) satisfies (x,x) > 0 hence
]| = 0.

Theorem 2.1.1 Induced or Derived Norm

Suppose V' is an inner product space over F with inner product (-, -). Then
the derived norm || - || given by (2.5) is indeed a norm.

Proof. (i): Non-negativity follows from non-negativity of the inner product
in Definition 2.1.2.

(ii): The equation ||z|| = 0 holds if and only if (x, ) = 0 holds which,
by Definition 2.1.2; holds if and only if = 0.

(iii): The scaling law follows from (conjugate) linearity and conjugate
symmetry of the inner product:

el = (cm, ca)'2 = (ce (@, @) = (e[, @) = |e] 2]

(iv): The inequality is illustrated in Figure 2.1. We postpone the proof
of the triangle inequality to Theorem 2.1.7 on page 42.
|
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A

Yy
Tty

Figure 2.1: Tllustration of the triangle inequality (2.15) in R2.

The standard inner products on R™ and on C" introduced above are in
fact inner products, that is, they satisfy the requirements in Definition 2.1.2,
see Exercise 2.1.2. Let F" denote either R™ and on C". Then the standard
inner products can be written as:

(@, y) = 2171 + T2z + ... + T = D Ty, (2.6)
k=1

since this formula reduces to the dot product x - y if y is a real vector. The
norm induced by the standard inner product is then the so-called 2-norm
given by:

|zl = (@ x) = o1 2+ |za2 + o+ a2 = [ Slal2 (27)
k=1

The standard inner product and norm on F" are the ones we will use unless
stated otherwise.

The standard inner product on F" has the following useful property
when taking adjoints (or transposes) of a matrix A € M,,(F):

(Az,y) = (x, A'y) and (x,Ay) = (A"x,y). (2.8)

for all ,y € F*. If F = R one can write A in place of A* in (2.8), e.g.,
Az -y=x - A*y.

Exercise 2.1.2

Show that the standard inner product on F” in (2.6) satisfies the assumptions
of Definition 2.1.2.

There can be many different norms and inner products on a vector
space, thus, also on F". Hence, one sometimes add subscripts to distinguish
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them, e.g., one writes (x,y)p- for the standard inner product in (2.6). The
standard inner product is also called the canonical inner product. However,
this particular inner product is nothing special, it is just the one we will
always use unless stated otherwise. As an example of another inner product
on F" we can define (x,y)4 = (Ax, Ay)p» where A € M,,(F) is assumed
to be an invertible matrix.

Exercise 2.1.3

Show that (-, -)4 is not an inner product on F" if A is singular. (Hint: The
non-degeneracy condition of Definition 2.1.2 fails.)

Inner products and norms in other spaces. Let us equip some of the
vector spaces from Section 9.1 in Mathematics la with an inner product.

Example 2.1.3 Frobenius inner product and norm

Recall the vector space of matrices F"*™ from Example 9.2.2 in Mathematics
la. In this book we also use the notation M,,,(F) as an alternative to F™*".
This vector space becomes an inner product space under the Frobenius inner

product
(A, B)p = trace (B*A).

The Frobenius norm is then

S 1/2
1AllF = (4, A)p = \/trace (A*A) = (Z Z|am|2) .

i=1j=1

The Frobenius norm is often used in machine learning and many other areas
of applied mathematics.

We leave it as an exercise for the reader to prove that Frobenius inner
product indeed is an inner product.

Example 2.1.4

Let P, be the complex vector space of polynomials of degree at most n.
Given a finite, nonempty real interval [a, b], we consider the vector space
P,([a,b]) of degree n complex polynomial functions restricted to [a, b]. For
polynomials p,q € V' we define

(pa)r2 = /a bp(w)@ dz (2.9)

This is known as the L? inner product on P, over the interval [a, b], and the

date/time: 16-Jan-2025/10:44 36


https://01001.compute.dtu.dk/_assets/enotesvol1.pdf#page=179
https://01001.compute.dtu.dk/_assets/enotesvol1.pdf#page=183
https://01001.compute.dtu.dk/_assets/enotesvol1.pdf#page=183

2.1. Inner product spaces

inner product plays an important role in many areas of mathematics and
physics, e.g., in signal processing and quantum mechanics.

Unit and orthogonal vectors. Suppose V' is an inner product space over
F with inner product (-, -) and derived norm || - ||. A vector & € V with
the property that

lz|| =1 (2.10)

is called a unit norm vector or simply a unit vector. We can always create
a unit norm vector from a non-zero vector y # 0 that points in the same
direction as y. In fact, we just define u by:

Y 1
u = —— — 7y
[yl llyll

and see that

1 1
full = o] = Il =1

where we have used the scaling law in Theorem 2.1.1. Since u is a (very
simple) linear combination of y, it follows that u € span{y} and thus u
and y point in the “same direction”. We have added quotation marks here
since V' is an abstract vector space, e.g., u and y could be polynomials, so
we take “same direction” to mean exactly u = cy where ¢ is a non-negative
real number. If ¢ < 0 in the relation & = cy, one can say that = and y has
“opposite” direction, but if ¢ is complex and non-real this picture does not
work. (In fact, in complex vector space it is usually sufficient to know if two
vectors span the same subspace, i.e., whether span{u} = span{y}).

With Example 2.1.1 on page 31 in mind, the following definition of
orthogonality is rather natural.

Definition 2.1.3 Orthogonality

Let V be an inner product space over F with inner product (-, -).

(i) Two vectors &,y € V are orthogonal if (x,y) = 0. A list/set of vectors
is orthogonal if the vectors in the list/set are pairwise orthogonal.

(ii) Two vectors u,v € V are orthonormal if they are both unit vectors
and orthogonal. A list/set of vectors is orthonormal if the vectors in
the list/set are unit vectors and pairwise orthogonal.

(iii) Let S denote a (nonempty) list/set of vectors in V. Then the
orthogonal complement of S in V' consists of vectors that are orthogonal
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to all vectors in S. It is denoted S+ and given by
St={xecV:(x,s)=0foral scS}
If S =0, then S* =V

Note that also (y,x) = 0 if (x,y) = 0 by conjugate symmetry of the
inner product. We write & | y if & and y are orthogonal. It follows from

Definition 2.1.3 that a list of vectors uy, ..., u, is orthonormal if and only if
1 ifj=k,

(uj, up) = - (2.11)
0 ifj+#k.

Example 2.1.5

We consider R? as an inner product space over the reals R with the standard
inner product (2.6) (which is the same as the dot product (2.2)). Let
x,y € R? be given by

1 —-2/3
x=12|, y=1|2/3
2 -1/3
The vectors & and y are orthogonal, written & L vy, since

(,y) =1(-2/3)+2(2/3)+2(-1/3) =0

However, the two vectors are not orthonormal as only y is a unit vector.
Let us check:

lz|| = (z,x) = V12+ 22 +22 =5 £1
and

lyll = /(y,y) = /(=2/3)2 + (2/3)% + (~1/3)?
= /4/9+4/9+1/9=v1=1

Example 2.1.6

We consider the vector space M, «,(F) of n x m matrices equipped with the
Frobenius inner product introduced in Example 2.1.3. In Example 9.2.2 in
Mathematics 1a the standard basis of £(+) matrices was introduced. The
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matrices E7) are defined as n x m matrices of zeros except at index (i, 5),
where the matrix has a one. The list containing the nm matrices E(7) is
orthonormal, i.e.,

N .y
(869, B = trace (BN BN = { (T2 T and T
0 ifj#£j ori#7.
This can be verified by computing the diagonal of (E))*E®3). Note
that we are only interested in the diagonal of this matrix product as the
Frobenius inner product only takes the trace of the product.

Example 2.1.7

The Legendre polynomials are a family of orthogonal polynomials with
respect the L?-inner product introduced in (2.9) on the interval [—1,1]. The
first four Legendre polynomials are given by:

Pyz)=1, Pi(z)=z, P(z)=13 (31‘2 - 1) , Py(z)=13 (5x3 - 3:1:)

and plotted here (note we are only interested in the polynomial inside the
interval [—1, 1]):

It is straightforward to check that Fy, P;, P, P3 is an orthogonal list in
P3([—1,1]). Let us check one of these orthogonalities:

=1e® =2l =3((1®-1) = (-1 = (-1))) =3(0-0) =0

(Py, Po) = /_11 Py(z)Po(z) dz = /11 (302 1) da
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hence Py L P,. Note that the list is not orthonormal as the polynomials
are not normalized, e.g.,

1

1 1
122 = [ |P@)Pde = [ ofde=[4a®]_ =2#1

_ rz=-—1

The only vector that is orthogonal to all other vectors is the zero vector.
Let us state and prove this simple but very useful fact; it is an essential
property in the so-called weak formulation of partial differential equations
used in, e.g., the finite element method.

Lemma 2.1.4

Let V' be an inner product space over F with inner product (-, -). If
(x,y) = (x, z) for all & € V, then y = z. In particular, if (x,y) = 0 for all
x €V, then y = 0.

Proof. Suppose (x,y) = (x, z) for all ® € V. Then (x,y — z) = 0 for all
x € V. Taking x = y — z yields (y — z,y — z) = 0. By non-degeneracy of
the inner product it follows that y — 2z =0, i.e., y = z.

[ |

The Pythagorean theorem, known from two-dimensional and three-
dimensional euclidean spaces', just think of R? and R3, can also be
generalized to inner product spaces.

Theorem 2.1.5 Pythagoras

Let V be an inner product space over F with inner product (-, -) and
derived norm || - ||. If « and y are orthogonal, then

lz +yl* = lll* + llylI* (2.12)

Proof. Assume (x,y) = 0. Then (y,x) = (x,y) = 0 = 0. Now just
compute:

Iz +yl* = (x+y,z+y)

IStrictly speaking, a euclidean vector is a geometric vector, often represented by a
directed line segment (an “arrow”), that has a length and a direction. In physics this
representation is often used, e.g., as the velocity or force vector. Here, we will think of
euclidean vectors as elements of @ € R™ (an “arrow” from 0 to x) equipped with the
standard inner product.
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Figure 2.2: Illustration of the Pythagorean theorem in R2.

=(z,x) + (z,y) +(y,z) +(y,y)
= ||lz|* + 0+ 0+ [y|?
= [lz[]* + [Jy]*-

Two important inequalities for the inner product and norm. The inner
product and the derived norm satisfies the following useful inequality:

Theorem 2.1.6 Cauchy/Schwarz’ inequality

Let V' be an inner product space over F with inner product (-, -) and
derived norm || - ||. Then

(. y)| < llzllllyll- (2.13)

Proof. Let x,y € V. If y is the zero vector, then both sides of the inequality
are equal to zero, and the inequality is trivially satisfied. Thus, we can
assume that y # 0.

Suppose first that (x,y) is real. We know that, for all ¢t € R,

| + ty|]* > 0. (2.14)

since the norm is always non-negative. Expanding the left-hand side using
the properties of the norm, we have

|z + ty|*> = (z + ty, z + ty) = (z,x) + (z, ty) + (ty, =) + (ty, ty)
= ||z||* + 2t(z, y) + t*||y|],
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where we have used that (@, y) is real. The expression above is a quadratic
polynomial in ¢ with the leading coefficient ||y||* > 0, which means it opens
upwards. Therefore, since the polynomial is non-negative for all ¢ € R, the
discriminant of the polynomial must be zero or negative. Indeed, if the
discriminant is positive, the polynomial has two real, distinct roots and
therefore taking negative values for ¢ between the two roots, contradicting
(2.14). Hence, the discriminant is non-positive, that is,

D = (2(z,y))* — 4llz|*ly]* < 0.
Rearranging this inequality and dividing through by 4, we get

(@ y)* < =l

and by taking the square root of both sides, we obtain

{2, y)| < llzl|llyl]

Now, if ¢ = (x,y) is not real, we replace & by x’ = %a} Then

|z|| = ||&’|| and |{(x,y)| = [(x’,y)|. Since (', y) = %c = |c| is real, the
general case follows from the special case we considered above.

For V' = R" the Cauchy/Schwarz’ inequality, when squaring both sides,
reads

(ayn o+ waya)’ < (af + o ah) (57 o+ i),

where = [z1,...,2,]7 and y = [y1,...,y,]7 are real vectors. It is not
obvious that such a relation should hold. In fact, it is rather difficult to
show this Cauchy/Schwarz’ inequality by means of algebraic methods alone.

The second inequality we want to prove here is the triangle inequality
for inner product space. Intuitively, the length of the sum of two vectors
x + y should be maximized if the two vectors « and y point in the same
direction. Moreover, the maximal length of x + y should not be able to
be bigger than the sum of the individual lengths of the two vectors. The
precise statement behind these ideas can be formulated as follows:

Theorem 2.1.7 Triangle inequality

Let V' be an inner product space over F with inner product (-, -) and
derived norm || - ||, and let &,y € V. Then

lz +yll <] + |yl (2.15)

with equality if and only if  and y points in the same direction, i.e., one
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vector is a non-negative scalar multiple of the other.

Proof. By properties of the inner product and Cauchy/Schwarz’ inequality,
we compute:

|z +yl* = (z+y,z+y)
=(z,x) + (z,y) + (Y. z) + (¥, y)
=(z,z) + (z,y) + (z.y) + (y.y)
= [|z|* + 2Re(z, ) + [|y|*
<[] + 2/(x, y)| + |yl
<l + 2llz|[|y]l + [y

(Il + llyl)’

where we have used the following well-known properties: z +Z = 2 Re z and
Rez < |z| for z € C and a?® + 2ab + b* = (a + b)? for a,b € R.

Finally, to prove the “with equality’-statement in the theorem, we need to
prove that the two inequalities in the above computations become equalities
precisely when & and y points in the same direction. We leave the details
to the reader.

[ |

2.2 Open and closed sets

For functions of one variable the concept of an open interval is crucial in
order to study continuity and differentiability. The goal of this section we
will introduce the corresponding concept in an inner product space V' and
therefore, in particular, for R™.

From the norm || -|| on an inner product space V' we will define open
and closed sets. This is a so-called topology on V', and it is precisely the
topology of R™ that is crucial when we want to consider continuity and
differentiability of functions of several variables.

Throughout this section, we let V' be an inner product space over [F with

inner product (-, -) and derived norm ||z = (x, )'/2. However, you can
safely think of R" with the euclidean norm whenever you see V. To simplify
notation, we will also write vectors = [z1,...,z,]T in R™ as (z1,...,2,)

when this does not lead to confusion.

Definition 2.2.1 Open ball
Fix a vector &y € V. The (open) ball at @y with radius r > 0 is the set
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B(zxo,r) ={x eV ||z — x| <7} (2.16)

In R2, the ball at a point x, corresponds precisely to the set of points
inside a circle with center at the point.

Example 2.2.1
Let p = (1,2) € R? and r = 2. Then
B(a?(),’l“) = B((]_,Q),T)
={zeR|[lz - (1,2)]| <2}
= {(21,22) €R? | /(21 — 1)2 + (22 — 2)2 < 2}
= {(33'1,372) € RQ | (371 — 1)2 -+ (iL'Q — 2)2 < 22 }

This is precisely the points in R? that are located within a circle of radius 2
centered at the point @y = (1, 2).

Definition 2.2.2 Open set

Consider a subset U of an inner product space V. Assume that for each
xo € U, there exists a ball B(xg,€) at oy that is entirely contained in U,
that is, there exists € > 0 such that

B(CL’Q, 6) - U.
Then the set U is said to be open.

The concept of an open set in R™, in fact, generalize the concept of open
intervals in R as the following example shows.

Example 2.2.2 (a) An interval of the form ]a,b[ in R is an open set.
Indeed, for each xy €la, b[, letting ¢ denote the minimal distance to
either a or b, the set B(xg,€/2) in R is completely contained in ]a, b].

(b) A ball B(xg,r) in R™ is itself an open set.

(c) Letting a > 0, a set in R? of the form [—a,a]? = [—a,a] x [—a,d] is
not open. Indeed, letting, e.g., xy = (a,a), every ball B(xg,r) will
contain points outside the set [—a, a]?.

We now define the concept of a closed set U in V. Interestingly, this is
defined via a condition on the complement of the set U, i.e., the set V' \ U.
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Definition 2.2.3 Closed set
A set U in V is said to be closed if its complement V' \ U is an open set.

Example 2.2.3 (a) An interval of the form [a,b] in R is a closed set.
Indeed,
R\ [(l, b] :] - 0070’[ U ]b,OO[,

which is a union of two open sets and hence open.

(b) Let o € R? and r > 0. Then the set
{x e R ||z — aol| <1}

is closed. Compare the set with the definition of the ball in
Definition 2.2.1.

(c) Letting a > 0, a set in R? of the form [—a,a]? = [~a,a] x [—a,d] is
closed.

Note that many sets in V' and R™ are neither open nor closed (e.g.,
intervals of the form [a,b[ in R). On the other hand, there are two special
sets with the particular property of being both open and closed, namely, the
entire space V and the empty set ().

We need a few more concepts related to sets in R™.

Definition 2.2.4 Boundary of a set

Consider a subset M of V. The boundary of M, to be denoted by 0M,
consists of precisely the points @y € V' for which each ball B(xy, €) contains
points from the set M and from the complement V' \ M.

Note that the points in the boundary 0M do not necessarily belong to
the set M.

Example 2.2.4
Consider an interval |a, b[ in R. Then the boundary consists of precisely the
two points a and b, i.e., d]a, b[= {a, b}.

Similarly, for the set {x € R? ‘ llx — xo|| < r} considered in
Example 2.2.3((b)), the boundary is

{z eR?[|lx —m| <7} ={x R ||z —ao] =r}.

The reader is encouraged to make a graphical illustration of this result. In
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words, it says that the boundary of a disc with radius simply consists of
the corresponding circle. If we, e.g., consider the case where » = 1 and
xo = 0 = (0,0), this is precisely the unit circle. It can be described as the
set of points

_|cos(t)
ORI b 2.17)
where t € [0,27]. We say that the vector function = provides a

parametrization of the boundary curve; cf. Equation (1.7) on page 19
and the discussion following the equation.

Example 2.2.5
Let a > 0 and consider the rectangle

[~a,a)? = [~a,a] x [~a,d]

in R2.  Then the boundary consists of exactly what our intuitive
understanding of the word says, namely, the four line pieces that bound the
rectangle. It is a little bit more complicated to give an exact mathematical
description than in Example 2.2.4, due to the fact that the boundary consists
of four pieces. One way of describing the boundary is as the union

({a} x [=a,a]) U ({=a} x [=a,a]) U (] = a,a[x{a}) U (] = a,a[x{~a}).

Due to this more complicated structure of the boundary, the parametrization
is more complicated. Indeed, we have to choose separate parametrizations
for each of the four curves. The piece of the boundary consisting of the
points {a} X [—a,a] can be parametrized as

r@:m, (2.18)
where t € [—a, al.

Definition 2.2.5 Closure and interior of a set

Consider a subset M of V. The closure of the set M, to be denoted by M,
consists of the union of the set M and its boundary OM, i.e.,

M= M| oM.

The interior of the set M, to be denoted by M®°, consists of the points in
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M that are not boundary points, i.e.,
M° =M\ oM.

Using the concept of the norm of a vector in V', we will now define what
it means that a set in V' is bounded.

Definition 2.2.6 Bounded set

A set U in V is said to be bounded if there exists r > 0 such that ||z|| < r
for all z € U.

Geometrically, a set U is bounded if there exists a sufficiently big ball in
V' that contains U.

Example 2.2.6 (a) A ball B(x, ) in R" is itself a bounded set.

(b) Letting a > 0, a set in R™ of the form [—a,a]™ is bounded. Indeed,
if x = (x1,29,...,2,) € [—a,a]”, then |xx| < aforallk =1,...,n.
Hence

x| =2+ 25+ +22 <d®+a*+---a® =na’

this implies that ||x|| < y/na for all € [—a, a]".

(c) The graph of the function y = 22, i.e., the set
(@) e Ry =)

is not a bounded set in R2.

2.3 Projections onto a line

In R? and R? we can project a vector (orthogonally) onto another vector as
shown in Figure 2.3. The aim of this section is to generalize this construction
to arbitrary inner product spaces.

Let y be a non-zero vector in an inner product space V. We consider
Y = span{y} as the line spanned by y; Y is of course a one-dimensional
subspace of V. The orthogonal projection of a vector * € V onto the
subspace Y = span{y} is defined as:

(x,y)
(v, y)

projy : V.=V, projy(z) = y.
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A w

proj, ()

Figure 2.3: Orthogonal projection in R2.

It is easy to check that projy is a linear mapping (do it!). Note that the
image of projy indeed is Y, i.e., im(projy, ) =Y.

We can simplify the expression for projy,. by normalizing the spanning
vector y. So let uw = y/||y||. Then Y = span{y} = span{u} and

projy (x) = (x, u)u. (2.19)

With abuse of notation we will also write the projection projy, onto Y as
proj,, where y is any vector that spans Y.

Exercise 2.3.1

(a) Verify the formula in (2.19). (b) Show that proj, : V' — V is a linear
mapping. (c) Show that proj, o projy, = projy. Thus, it does not matter if
we apply the mapping once or twice (or n times), the output is the same. In
other words, nothing happens to the input of the mapping the second time
we apply the projections. Why is this a reasonable property of a projection?

Example 2.3.1

We consider the vector space F" with the standard inner product (-, -).
Recall that the standard inner product is given by

k=1
for &,y € F". Let uw € F” be a unit vector and let Y = span{u} be
the one-dimensional subspace spanned by w. Then, for any & € F™:
projy (x) = (z,u)u = u(x,u) = u(u*z) = (vu*)r = Px. The n x n
matrix P = wu™* is called a projection matrix and uu* is called an outer
product (as a matrix product of a column vector and a row vector). The
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projection matrix is Hermitian (i.e., P* = P) and idempotent (i.e., P? = P)
as is readily verified:

P* = (fu,fu,*)* = (’u,*)*’u,* =uu' =P

and
P? = (uu*)? = uvuuu* = u(u'u)u* = uu* = P

since u*u = (u,u) = ||u||* = 1. We finally note that col P =Y.

Example 2.3.2

Consider y = [1,2,2]7 € R3 and let Y = span{y}. We compute
(y,y) = 12 4+ 22 4+ 22 = 9. The orthogonal projection onto Y is therefore
given by

1 1 1
projy<w)=9<w, 2 > 2
2 2

for x € R3. Alternatively, we normalize the vector y to a unit vector
u=[1/3,2/3,2/3]" € Y and compute

1/3 122
P =uu = |2/3| [1/32/32/3] = 5 |2 4 4 (2.20)
2/3 2 4 4

Hence, the projection projy () can also be computed by Pz for any x € R3.

2.4 Orthonormal basis

Recall from Definition 9.2.3 in Mathematics 1a that a finite ordered basis in a
vector space V over FF is a list of linearly independent vectors o := vy, ..., v,
with the property that any vector & in V can be written as a linear
combination of the vectors from the list «, that is,

x =) cy forall z e V. (2.21)
k=1

In this text we will simply say that « is a basis as all bases will be finite
and ordered. Recall also that if V' is an n-dimensional vector space, then
any list of n linearly independent vectors is a basis.

One can show that for a given vector & € V the scalars (also called
coefficients) ¢, € F, k = 1,...,n, are unique. The column vector of
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coefficients is the coordinate vector, and it is denoted

(&1

(&)
all =

Cn

That is, there is a one-to-one correspondence between vectors and coordinate
vectors. Hence, instead of working with (potentially complicated) vectors x
(e.g., a polynomial function), we can always choose to work with column
(coordinate) vectors in F”. However, to actually find ,& we usually have to
solve a linear system of equations which is not always feasible in applications.
To address this problem, we introduce a particular nice class of bases called
orthonormal bases.

Definition 2.4.1 Orthonormal basis

Let V be an inner product vector space over F. A list 8 of vectors in V is
called an orthonormal basis of V if the list is orthonormal and a basis.

Suppose [ == uq,...,u, is an orthonormal basis in an inner product
vector space V over F. We fix j =1,...,n and compute

n

(T, u;) = (i CRg, wj) = > (uy, ug)

k=1

However, all the terms in the sum >-}_; cx(u;, uy) are zero unless k is equal
to the fixed number j since, by orthonormality of /3,

1 ifj=k,
(uj, up) = L :
0 ifj#k.
Therefore,
(x,uj) =04+ +0+¢;+0+---+0=g¢,. (2.22)
Hence, to find the coefficients ¢, k = 1,...,n, we just have to compute the

inner products (x, uy).
So, for an orthonormal basis, it is straightforward to compute the
coordinate vector of a vector x using the formula:

C1 <CU,'U,1>

Cs (x, ug)
ﬁw - = : )

Cn (x,u,)
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and the expansion formula (2.21) becomes:

n

x =) (x,up)uy forall x € V.
k=1

Lemma 2.4.1

Suppose w1, . .., u, is a list of orthonormal vectors in an inner product space.
Then w4, ..., u, are linear independent.

Proof. Suppose uyq, ..., u, is orthonormal. Consider the expression:

n
0= Z CrUg.
k=1

To show linear independence of w4, ...,u,, we have to show that all the
coefficients ¢, k = 1,...,n, are zero. From the computation (2.22) we know
that ¢, = (0,uy) for k = 1,...,n. However, for any k = 1,...,n, it then
follows that ¢x = (0, uy) = (0z, ux) = 0(x, ur) = 0 where € V.

|

Corollary 2.4.2

Let V be an n-dimensional inner product vector space over I, and let
£ = u,...,u, be a list of n vectors. Then 3 is an orthonormal basis if
and only if § is orthonormal, that is, if 5 satisfies (2.11).

Proof. Suppose uq, ..., u, is orthonormal. By Lemma 2.4.1 the list is linear
independent. Since the list consists of n vectors in an n-dimensional vector
space, it must span the vector space. Hence, uq,...,u, is a basis. It is
assumed to be orthonormal so we conclude that wq, ..., u,, is an orthonormal

basis.
[ |

Example 2.4.1

We consider the standard basis eq,...,e, for F" where e, is a size
n column vector with all zeros except a one at index k, that is e, =
[0,...,0,1,0,...,0]%. Since ey, ...,e, is a list of n orthonormal vectors,
it follows from Corollary 2.4.2 that the standard basis e;,...,e, is an
orthonormal basis.

The standard basis ey, ..., e, for F" is obviously an orthonormal basis
for both R™ and C".
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Remark 2.4.1

Recall that we consider R™ as a vector space over the field R and C" as a
vector space over the field C. Suppose uq,...,u, € R". If uy,...,u, is an
orthonormal basis for R”, then wq, ..., u, is also an orthonormal basis for
C". (Can you give a proof?)

Exercise 2.4.3

Show that the basis considered in Example 2.1.6 on page 38 is, in fact, an
orthonormal basis.

2.5 The Gram-Schmidt process

In the previous section we saw that orthonormal bases are particularly nice
bases to work with. Orthonormal bases are also important in numerical
linear algebra, where orthogonality is frequently employed to stabilize
computations. Given any list of vectors in an inner product space, the
Gram-Schmidt process is used to find an orthonormal basis for the subspace
spanned by those vectors. The Gram-Schmidt process is closely related to
the QR decomposition of matrices used in many different applications in
mathematics and engineering.

Suppose we have a list of linearly independent vectors vy, vs, ..., v, in
an inner product space V. The goal of the Gram-Schmidt procedure is now
to generate a list of orthonormal vectors wy, us, ..., u, that span the same
subspace. The process is as follows:

1

(i) (initialization) Set w; = vy and u; = LT
(ii) (orthogonalization & normalization) For k = 2,...,¢ do as follows:
construct wy by removing the component of vy along each of
Ui, U2, ..., Up_1:
k—1
Wy = v — Z pI'Ojuj (vk)a
j=1

where projuj('vk) is the orthogonal projection of v; onto the subspace
span{w;}. Then normalize wy to make sure it is a unit vector:

Wy,

okl
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Example 2.5.1

Let V' € M3y«2(R) be given by
1 -2
V=12 4
2 0

Denote the two column vectors of V' by v; and vy. The Gram-Schmidt
process goes as follows. In the initialization, we compute the norm of v,

Joall = (12 + 22 + 292 = V5 = 3,

and normalize v; to w; = (1/3)v; = [1/3,2/3,2/3]T. The orthogonal
projection proj,, onto the subspace spanned by w; was already found in
Equation (2.20) on page 49, so here we can directly compute the projection
of vy:

1 1 2 2| [-2 2/3
proj,, (v2) = Pvy = 9 2 4 4|4 |=14/3].
2 4 4110 4/3
We then construct wy by
—2 2/3 -8/3
Wy = Vg — projul ('Ug) = 4 — 4/3 = 8/3
0 4/3 —4/3

Finally, we need to normalize ws as

: _2/3
Uy = — Wy = 2/3
||| ~1/3

Let us summarize. The list of vectors vy, vy is a basis for the column
space colV = span{vy,vo}. From the Gram-Schmidt process we found
vectors uq, us that constitute an orthonormal basis for the same subspace
colV = span{u;, us}.

Exercise 2.5.1
This exercise is a continuation of Example 2.5.1. Suppose
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=2 =1
V=12 4 -1
2 0 3

Perform the Gram-Schmidt process on the three column vectors of V. Show
that the outcome is the three column vectors of U given by

|
wIN

W=

U:

WO 1D [ Do | =
W

2
3

W=

Note that, if a list v, v9, v3, as in Exercise 2.5.1, spans the entire space
R3, and if we are only asked to find an orthonormal basis for the span of the
list (the entire space), there is no need to do the Gram-Schmidt process. We
can simple pick the standard basis e, €5, e3. What makes the orthonormal
basis found via the Gram-Schmidt process special is the property (2.24)
stated below. Let us prove this property and at the same time show that
the Gram-Schmidt process always works as claimed:

Theorem 2.5.2 Gram-Schmidt

Suppose v1, vV, ...,V is a list of linearly independent vectors in an inner
product space V. Then the list wq,us,...,u, given by (2.23) is an
orthonormal list with the property

span{vy, vs, ..., Vp} = span{uy, Ug, ..., Uk} (2.24)
for k=1,....,¢

Proof. The proof goes by induction on ¢. The base case ¢ =1 is easy. Since
v, is assumed to be linearly independent, it cannot be the zero vector. Hence,

u; = HZ%H is well-defined. A list of only one vector is orthonormal precisely
1

when the vector is of norm one. We compute [Jui|| = |2 || = ppllval = 1.

For the induction step, let & < ¢. Suppose that, given k — 1
linearly independent vectors vy, vs,...,vi_1, the vectors wy, us, ..., up 1
are orthonormal and

span{vy, vy, ..., V51 } = span{ui, Us, ..., Ur_1}.
Since vy, ..., v are linearly independent, it is impossible to write v, as a
linear combination of vq,...,v,_1, that is,
vy, & span{vy, vy, ..., Vp_1} = span{uy, Us, ..., Ur_1}.
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In particular, vy # Zk_l prOJuJ (vg) hence wy, # 0, and the normalization
up = wy/||wy| in (2. 23) is well-defined.

We need to prove that w, is orthogonal to wq,us,...,ui_1. For
1 <m < k-1, we first compute

k—1 k—1
(Wi, W) = (O = D Proj,,, (Vg), ) = (Vk, ) — (3 (O, wj) w5, U )
j=1 j=1
— k—1
'Uk7 um Z Vg, 'U'] uja um) = <Ukv um) - Z('Uk, Uj>5j,m
Jj= j=1

- <'Uk;, um> <’Uk-, um> - Oa

and therefore

<uk7um> =\, Um :7<wk7um> :70:0
<IIwkII ) [k [[wil]
Since uy, is defined as a linear combinations of vy, vs, ..., vy, it follows

by the induction hypothesis that
Span{’u’la Uy, ... ,'U,k;} g Span{vh Vg, ... 7'U]<;}-

However, the dimension of both these subspaces are k as both lists of
vectors are linearly independent by Lemma 2.4.1. We conclude that
span{u, us, ..., u;} is a k-dimensional subspace of a k-dimensional space

span{wvy, vy, ..., v}, and hence these subspaces must agree”.
|

Exercise 2.5.3

Consider the list a = 1,z,z% 23 of polynomials in P3([—1,1]) equipped
with the L?-inner product. Argue that « is a list of linearly independent
vectors. Apply the Gram-Schmidt process to a and show that it outputs
a normalized® version of the Legendre polynomials from Example 2.1.7 on
page 39.

2Strictly speaking, we here assume that the reader is familiar with the fact that the
only k-dimensional subspace of a k-dimensional vector space is the vector space itself.
We refer the reader to Theorem 2.2.9 in [1] for a proof.

3There is no standard rule of how to “normalize” a polynomial. Considered as a
vector in normed vector space, it is natural to normalize polynomials to have norm one,
but there are other choices, e.g., one can require that P(1) = 1 or that the coefficient of
the highest order term is 1.
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Figure 2.4: Tllustration of the Gram-Schmidt process in R2.

Note that we have formulated the Gram-Schmidt process only for a list
of linearly independent vectors. Mathematically, it is not difficult to extend
the Gram-Schmidt process to vectors vy, vs,...,v, that are not linearly
independent. The idea is simply to skip a vector v in the process whenever
the list vy, vy, ..., v, becomes linearly dependent. Algorithmically, we then
update k — k + 1 without appending a vector to the output list. Effectively,
we remove vectors from the list vy, v, ..., vy to obtain a linearly independent
list of vectors. Numerically, however, the “trick” often leads to instability
issues, and it is usually recommended to use an implementation of the QR
factorization.

2.6 Unitary and orthogonal matrices

Definition 2.6.1 Unitary and real orthogonal matrix

A square matrix U € M, (C) is unitary if U*U = I. A unitary matrix
Q € M, (R) that is real is called real orthogonal.

Since U*U = I if and only if U is invertible with U* being the inverse, it
is easy to invert unitary matrices. If ) is real orthogonal, the adjoint and
the transpose are equal, hence it satisfies Q7Q = I. So, for unitary U and
real orthogonal @), we have:

Ut=Un=T") Q' =Q"=q",

Example 2.6.1
The following 3 x 3 matrix is real orthogonal and therefore also unitary.
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|
wWIN
|

U:

Q=0 N

(2.25)

OO | DO [
wiNy

o=

Wl

This is verified by computing: UTU = U*U = I.

Consider the vector space F" with the standard inner product (-, -),
ie., (xz,y) = y*x. Suppose U € M,,(C) is unitary and let u; denote the kth
column of U. Then U*U = I can be written:

uj uju; UjU2 ... UjU, 10 ...0

u; [ USU] URUZ ... UsU, 01 ...0
wouy | = . .=

u; uru; UpUy o Up Uy o0 -1

which, in turn, is just

1 iftj=k,
0 ifj#k.

Hence, a matrix U is unitary, i.e., U*U = I, if and only if the list of its column
vectors is an orthonormal list. By Corollary 2.4.2 on page 51 we conclude
that the column vectors of a square matrix constitute an orthonormal basis
of C™ if and only if the matrix is unitary. This is one of the key properties of
unitary matrices, and therefore also of real orthogonal matrices. We collect
a few more characterizing properties in the following result.

Theorem 2.6.1
Let U € M,,(C). The following assertions are equivalent:

(i) U is unitary, that is, U*U = 1.
(ii

)
)
(ili) UU* = 1.
)
)
)

The columns of U are an orthonormal basis of C".
(iv) U* is unitary.

(v) The rows of U are an orthonormal basis of C".

(vi) For all z,y € F": (Uz,Uy) = (x,y).
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Proof. We have already argued that Item (i) < Item (ii). Recall that for
two square matrices the identity AB = [ is equivalent to BA = I (which, in
turn, is equivalent to B being invertible with B = A~!). This shows Item (i)
< Item (iii) with A = U and B = U*. To see Item (iii) < Item (iv), we
simply write Item (iii) as (U*)*U* = I which by definition is unitarily of U*.

A list of vectors is an orthonormal basis for F” if and only if the list of
vectors complex conjugated is an orthonormal basis for F”. The rows of U
are the complex conjugates of the columns of U*. Hence, from Item (i) <
Item (ii) we see that Item (iv) < Item (v).

Assume now that Item (i) holds, that is, assume U*U = I. Then we can
compute, for x,y € F",

(Uz,Uy) = (UUz,y) = (x,y),

which is Item (vi). Assume then Item (vi) holds. By the same computation
as just before, we than have (U*Ux,y) = (x,y). By Lemma 2.1.4 on
page 40 we conclude that U*Ux = « for all & which shows that Item (i)
holds. This completes the proof.

|

Using the so-called polarization identities, one can show that the
conditions in Theorem 2.6.1 are also equivalent to:

(iii) For all x € F™: ||Ux|| = ||=]|.

From Items (iii) and (vi) we say that linear maps associated with unitary
matrices preserves the length of vectors and angle between them.

Exercise 2.6.2

Consider the vector space F" with the standard inner product (-, -), i.e.,
(x,y) = y*@x. Suppose U € M, (C) is unitary and let u; denote the kth
column of U. As shown above U*U = [ is just another way of stating
that wy,...,u, is orthonormal. Show that UU* = [ is just another way of
writing

T =) (@, up)ug for all x € F".
k=1

(Hint: UU* = I states that UU*x = x for all € F". Start by relating U*x
to (x, uy).)

The equivalences in Theorem 2.6.1 can be formulated for real orthogonal
matrices. Here, we focus on the most important equivalence.
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Corollary 2.6.3
Let @ € M, (R). The following assertions are equivalent:

(i) Q is (real) orthogonal, that is, QTQ = I.

(ii) The columns of ) are an orthonormal basis of R™.

Proof. Since @ € M,,(R) is real, it is unitary if and only if it is orthogonal.
So, by Theorem 2.6.1, @) is orthogonal if and only if the list of the columns
of @) is an orthonormal basis of C". However, the column vectors are real
vectors by assumption, so they also constitute an orthonormal basis of R"
as the standard inner product in C” is identical to the dot product on R"
for real vectors.

Example 2.6.2
The n x n Fourier matriz F, is a complex matrix F, = [f; ;]752, whose (i, )
entry is given by
fy= el wh

g = — where w,, =

5J \/ﬁ
The complex number w, is called the nth root of unity (try to sketch it in
the complex plane). It can be shown that F), is unitary for every n € N.
The column vectors of F;, are called the discrete Fourier basis of C". The
linear mapping

eZTri/n

DFT:C" - C",DFT =z — F'x

is the so-called Discrete Fourier Transform (DFT). If n is a power of 2, i.e.,
n = 2™ for some m, it can be computed very fast* using an algorithm called
the Fast Fourier Transform (FFT). This transform is extremely useful and
has applications in all of engineering.

Note that if W € Mgy, (F) has orthonormal columns, it is only unitary
if it is square k = n. However, if k < n, that is, we have fewer orthonormal
column vectors than needed to span F"”, we can extend the matrix with
additional columns so that the extended matrix becomes unitary. This fact
is a consequence of the following simple result.

4To be precise: The speed of the FFT depends on the number of factors in the prime
factorization of n. For n = 2™ the algorithm uses a constant multiple of nlog(n) floating-
point operations, while standard matrix-vector multiplication uses C'n? operations.
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Lemma 2.6.4 extension to orthonormal basis

Suppose w1, Us, ...,y is an orthonormal list of vectors in an inner product
space V of dimension n. Then there are n — ¢ vectors wp.q,...,u, so that
the combined list wq, us, ..., u, is an orthonormal basis for V.

Proof. Let w,us,...,uy is an orthonormal list. Pick n — r vectors®
v1,...,U,_, so that the combined list a := wy,us, ..., up,v1,...,0,_, is
linearly independent, that is, so that span{a} = V. Now, if we perform
the Gram-Schmidt process on the list «, we obtain the desired orthonormal

basis.
[ |

2.7 Diagonalizable matrices

Recall that two square matrices A and B in M, (F) are called similar if
there is an invertible matrix S € M,,(F) such that B = S~'AS. A complex
square matrix is said to be diagonalizable (over C) if and only if it is similar
with a diagonal matrix. We are interested in the cases where S is not just
invertible, but unitary. This leads to the following definitions.

Definition 2.7.1 Diagonalizable matrix
A matrix A € M,,(C) is:

(i) diagonalizable if there is an invertible matrix S € M, (C) such that
S7LAS is diagonal.

(ii) wnitarily diagonalizable if there is a unitary matrix U € M,,(C) such
that U*AU is diagonal.

(iii) real orthogonally diagonalizable if there is a real orthogonal matrix
Q € M, (R) such that QT AQ is diagonal.

In Chapter 11 in Mathematics la it is shown that A € M,(C) is
diagonalizable if and only if A has n linearly independent eigenvectors which
in turn happens if and only if the algebraic and geometric multiplicities
agree for all eigenvalues®.

5Tt is almost obvious that this can be done. However, it does require a proof. The
proof is “easy” and can be done by induction of the definition of linear independence.
We leave the details to the reader.

6See Lemma 11.3.2 in Mathematics 1a and Corollary 11.3.5 in Mathematics 1a.
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However, it may not be apparent directly from Definition 2.7.1 that the
notion of diagonalibility of a matrix is closely related to eigenvectors and,
in fact, the column vectors of S, U and () in Definition 2.7.1 constitute a
basis of eigenvectors. To see this, suppose that A is diagonalizable. Then
S~1AS is diagonal for some invertible matrix S. Let us denote this diagonal
matrix by A = diag (\(,...,\,). From S7'AS = A we get AS = SA by
multiplying with S from the left. If we denote the ¢th column of S by s;,
we get

AS =A {31 Sy +- sn} = [Asl Asy .- Asn] (2.26)
and
SA=[Msi Xasy o+ Ausa|. (2.27)

Since the matrix-matrix products in (2.26) and (2.27) are equal, each column
must be equal, thus:

AS,’ = )\7;81', for 1 = 1, .o, n. (228)

Hence, we see that ()\;,s;) is actually an eigenvalue-eigenvector pair of
A. Since S is assumed to be invertible, its column vectors are linearly
independent, hence they constitute a basis.

If A is either unitarily diagonalizable or real orthogonal diagonalizable,
the same computations carries through. We just have to use that U* and
QT are inverse of a unitary matrix U and a real orthogonal matrix Q,
respectively. Moreover, in these cases the eigenbasis is an orthonormal basis
for R™ and C", respectively, by Theorem 2.6.1.

2.8 The Spectral Theorem

The spectral theorem can be formulated for three classes of square matrices:

(i) real, symmetric matrices A, that is, matrices satisfying A = AT with
real entries.

(ii) Hermitian matrices A, that is, matrices satisfying A = A* with complex
entries.

(iii) normal matrices A, that is, matrices satisfying AA* = A*A with
complex entries.
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Real, symmetric matrices are Hermitian matrices, and Hermitian matrices
are normal matrices. These statements are easy to prove. E.g. if A is
Hermitian, it satisfies A = A* and therefore also AA* = AA = A*A which
is the condition for being normal.

Example 2.8.1
Consider the 3 x 3 matrices A, B, C defined by

2 1 0 2 3+i 1 2 1 0
A=1|1 2 1|,B=1[3-i 2 —i|,c=0 2 1
01 2 1 i 2 10 2

The matrix A is real and symmetric; hence, A is also Hermitian and
normal. The matrix B is Hermitian (and normal), but not symmetric nor
real. The matrix C' is neither symmetric nor Hermitian, but it is normal as
can be seen by computing C'C* and C*C' and verifying that they agree.

The different versions of the spectral theorem are very similar so we will
for brevity focus on the case of real and symmetric matrices. Let A € M,,(R)
be a symmetric matrix. The spectral theorem, Theorem 2.8.5, we will prove
below, implies that A can be decomposed as the matrix product:

A= QAQ7, (2.29)

where @ € M,,(R) is an orthogonal matrix and A is a diagonal matrix. The
formula (2.29) is called the spectral decomposition of A. From Section 2.7
we then know that A contains the eigenvalues of A and that the columns of
() contain the corresponding eigenvectors.

Before we prove the spectral decomposition, let us discuss how we can
compute (2.29) given that the formula is actually holds. So, let A be a real
and symmetric matrix. We first compute the eigenvalues of A. Counted
with algebraic multiplicity there are exactly n eigenvalues. Hence, we let
A1, ..., A, be the eigenvalues of A. Note that the value of ); is this list has
be repeated according to the algebraic multiplicity of the eigenvalue. We
define A = diag (A1, ..., \,). As we will see a real, symmetric matrix A has
n linearly independent eigenvectors (recall that this is not the case for all
n x n matrices). The list of eigenvectors should be ordered to match the
eigenvalues so that the ith eigenvector has eigenvalue \;. After applying the
Gram-Schmidt procedure to this list of n linearly independent eigenvectors,
we end up with an orthonormal basis of eigenvectors qy,...,q,. Setting
Q = |qi,...,q,] provides us with the spectral decomposition A = QAQT.
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Lemma 2.8.1
If A e M,(C) is Hermitian, i.e., A = A*, then all eigenvalues of A are real.

Proof. Let A € C be an eigenvalue of a Hermitian matrix A, and let
v € C"\ {0} be an associated eigenvector. Hence, Av = Av. Then,
since A = A*,

Mo, v) = (\v,v) = (Av,v) = (v, A*v) = (v, Av) = (v, \w) = A\ (v, v).

Since ||z||* = (@, x) for all vectors &, we have shown that A||v||* = A||v]|?.
An eigenvector v cannot be the zero vector so [[v|| # 0. Hence, we can
devide through by [|v[|?, and we arrive at A = A\, which shows that X is real.

[

Eigenvectors of a Hermitian matrix have the following orthogonality
property: two eigenvectors associated with two different eigenvalues are
orthogonal.

Exercise 2.8.2

Suppose A € M,,(C) is Hermitian, i.e., A = A*. Let \; and Ay by eigenvalues
of A with associated eigenvectors w; and ws, respectively. Show that if
)\1 7é )\2, then (I3} 1 Uo, i.e., <u1,'u,2> = (0

A real and symmetric matrix is automatically Hermitian since A =
AT = A*. Hence, real, symmetric matrices inherits the same properties as
Hermitian matrix, in particular, they have real eigenvalues by Lemma 2.8.1.
However, not only will a real and symmetric matrix have real eigenvalues, it
will also have a real eigenvector:

Lemma 2.8.3
A real, symmetric matrix A has a real eigenvector.

Proof. The characteristic polynomial of A is a degree n polynomial and by
the fundamental theorem of algebra, we know that it has at least one root A;.
By Lemma 2.8.1 we know that A\; is real. The fact that \; is an eigenvalue
means that A — A\ is singular, hence there is a non-zero vector q; such
that Aq; = A\1q;. We need to prove that we can find a real eigenvector of
A associated with A;. For the (possibly complex) non-zero eigenvector q;
we write ¢, = Req; + 7 Im q,, where we take the real and imaginary parts
coordinate wise. The equation Aq; = A1q; holds if and only if the real and
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imaginary parts of the left and right hand side agrees. Since both A and \;
are real, we arrive at the two equations:

AReqi =M Req: and Almqg; = M\ Imq

Note that both Re g; and Im q; are real vectors and that they cannot both
be the zero vector (as then g, would be the zero vector). Hence, we have

shown the existence of at least one real eigenvector.
[

Exercise 2.8.4

Find the eigenvalues and eigenvectors of the Hermitian matrix A = [Ez é] .
The eigenvalues of A are real by Lemma 2.8.1, but are there any real
eigenvectors of A?

We are now finally ready to state and prove the spectral theorem for
real, symmetric matrices.

Theorem 2.8.5 Spectral Theorem (the real case)
Let A € M,,(R). The following assertions are equivalent:

(i) A is a symmetric matrix.

(ii) A is real orthogonally diagonalizable, that is, there is a real orthogonal
matrix @ € M,,(R) such that QT AQ is diagonal.

(iii) R™ has an orthonormal basis consisting of eigenvectors of A.

Proof. (i) = (ii): Suppose A is real and symmetric. We need to show that
A is real orthogonally diagonalizable. The proof is by induction on the size
n of the matrix A.

The result is trivial for n = 1: The matrix A € M;(R) is just a scalar,
ie., A = lay,] for a;; € R. Hence, \; = a1, is the eigenvalue of A and
with @ = [1] or Q@ = [—1], we have A = QAQT. Note that both Q = [1] or
@ = [—1] are real orthogonal 1 x 1 matrices.

Now, we turn to the induction step. So, let n > 1 and assume the
implication (i) = (ii) is true for any matrix of size n — 1.

Let A1 be an eigenvalue of A. By Lemma 2.8.1 it is real, and by
Lemma 2.8.3, we can find a real eigenvector u; associated with \q, i.e.,
Auq = Ajuy. If uy is not normalized, i.e., of length one, we can replace it by
w1 /||u|| which is an eigenvector of norm one. Hence, we can assume that
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|lui|| = 1. Note that there is no risk of division by zero since eigenvectors
are always non-zero.

By a result in Lemma 2.6.4 on page 60 we can extend u; to an
orthonormal basis for R™. The first element in this list is still w; since it
was a normalized vector, but the remaining n — 1 vectors are not necessarily
eigenvectors of A. We let the last n — 1 vectors in the orthonormal basis be
columns in an n x (n — 1) matrix V4. Then [u, V4] is an orthogonal matrix
since the columns are an orthonormal basis of R™.

The matrix V;T AV} is symmetric since it is equal to its transpose:

(VAW =1 AT (V)T = VAV (2.30)

So, by our induction hypothesis, the (n — 1) x (n — 1) symmetric matrix
VI AV} is real orthogonally diagonalizable, that is, there is a real ortogonal
(n — 1) x (n — 1)-matrix Q; such that QT VI AV1Q; is diagonal. We denote
this diagonal matrix by Ay, i.e.,

A= QI VT AVIQL. (2.31)

We define the n x (n — 1) matrix U; = Vj@Q;. By construction the
columns of U; are linear combinations of the columns of V;; we can express
this as colU; C colV; 7. Since u; is orthogonal to all columns in V7, it is
therefore also orthogonal to all columns of U;. The conclusion that w, is
orthogonal to all columns in U; can be summarized as

Ufu, =0,_4, (2.32)

where 0,,_; is the column vector of n — 1 zeros. We claim that the matrix
U = [uy, U] is real orthogonal. To see this claim, we have to show that
UTU = I, but this follows from the following computation:

UTU = [ﬁ] [u U]
1

o Jufw WU 1 0] I
N UIT’U,l UlTUl o On—l In—l S
SiHCe UlTUl = Q?VYITV&Ql = QTIn—lQl = 1p_1-

From equation (2.32), we see that Ul Au; = MU u; = A0, = 0,,_;.
Note also that Equation (2.31) reads A; = U] AU;. Using these relations,
we can compute:
uf
Uy
“In fact, colU; = col V1, but we will not need this property.

UTAU = UT A [ul Ul} - [ 1 [Aul AU,
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. ’U;{A’U;l ’U;{AUl . )\1 On—l
a UlTA’Uq UiTAUl a On,1 A1 ’
where in the last step we have used that u] Au; = (Auy, ui) = (\jug,uy) =

)\1”’11,1”2 = )\1, and
U{AUl = (UlTA’Ull)T = Ogll

Hence, we have exhibited an orthogonal matrix U € M,,(R) such that U AU
is diagonal. This completes the induction proof.

(ii) = (iii): We assume that there is a real orthogonal matrix @ € M,,(R)
such that QT AQ is diagonal A = diag (A1,...,\,). Write Q = [qu, ..., qy,).
As in (2.28), we then have:

AqZ:)\qu, forizl,...,n.

So qi,...,q, are eigenvectors of A. Since @ is real orthogonal, the list
q1,--.,qy is an orthonormal basis (of eigenvectors).
(iii) = (i): Suppose that q, ..., g, are an orthonormal basis of R™ and let
A1, ..., Ay be the associated eigenvalues, i.e.,

Aq; = N\iq; for i =1,... n. (2.33)
Then @ = [q1,...,q,] is unitary, and we can write Equation (2.33) as
matrix-matrix products as in Section 2.7:

AQ = QA.

Since Q! = QT, we can express A as A = QAQT. From this expression of
A, it is easy to see that it is symmetric:

AT = (QAQT)T = (QT)TATQT = QAQT = A.

Corollary 2.8.6
Let A € M,(R) be a symmetric matrix. Then the spectral decomposition

A= QAQT

holds, where A is a diagonal matrix whose diagonal consists of the
eigenvalues of A (repeated according to their algebraic multiplicity) and
where @ € M,,(R) is a real orthogonal matrix, whose columns are eigenvectors
of A.
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Proof. From 2.8.5 (ii) we have that QT AQ is diagonal. Denote this diagonal
matrix by A := QT AQ. Then

QAQT = QQRTAQQ" = I, AL = A

since @ is real orthogonal, i.c., QQT = I.
[ |

The spectral decomposition shows how we pick the simplest possible
matrix representations of linear mappings defined through real, symmetric
matrices by changing basis to the orthonormal eigenvector basis.

Example 2.8.2
Let A € M,(R) be a symmetric matrix and define the linear map
Ly:R" 5 R"by Ly =a — Ax, ie., Lyx = Ax.

If we let e denote the standard basis for R", i.e., e = ey, ..., e,, then the
matrix representation of Ly is simply .[La]. = A. However, the spectral
decomposition provide us with a much simpler matrix representation of L4
as follows:

Let A = QAQT be the spectral decomposition of A, where Q =
[q1,...,q,] contains the orthonormal basis of eigenvectors. Let ¢ =
qi,...,q,. Recall from Lemma 11.1.3 in Mathematics 1la:

e[LA]e = qu q[LA]q quv

where (M, is the change-of-basis matrix from g¢-basis to e-basis. This is in
fact just the spectral decomposition of A is disguise. We first note that
Q= .M, and QT = Q7' = ,M,. Hence, the spectral decomposition of A
can be written

e[Lale = A= QAQ" = My A (M.
We conclude that ,[L4], = A.

The spectral theorem can also be used to simplify the study of functions,
in particular, quadratic forms. Consider a quadratic form ¢ : R — R. The
following simple result says that we may always assume that the matrix
A e M,(R) in Equation (1.3) on page 16 is symmetric.

Lemma 2.8.7
Let g : R® — R be a quadratic form:

q(x) = T Az + =7b +c,
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where A € M, (R), b € R", and ¢ € R. Let B := (A + AT)/2. Then B is
symmetric and
q(x) = "Bz +x"b +c

Exercise 2.8.8
Prove Lemma 2.8.7.

Example 2.8.3 Reduction of quadratic forms
Let ¢ : R® — R be a quadratic form. By Lemma 2.8.7 we can write q as

g(x) =xTAzx + Tb+ ¢

where A € M,,(R) is symmetric, b € R”, and ¢ € R.
By Corollary 2.8.6, we have the spectral decomposition

A=QAQ",

where A is a diagonal matrix whose diagonal consists of the eigenvalues of
A (repeated according to their algebraic multiplicity) and where @ € M,,(R)
is a real orthogonal matrix. The column vectors g; of () constitute an
orthonormal basis of R”, i.e., 8 = q1,qo,...,q, is an orthonormal basis and
QT is the change-of-basis matrix from e-basis to standard 3-basis.

We consider the column vector x as the coordinates of the vector & with
respect to the e-basis. However, there is of course no difference on « and .z,
but if we now define y = Q”x we see that y = ,& represents the coordinates
of x with respect to the eigenvector basis f. That is, given x € R", we
write as ® = y1q1 + ¥2q2 + . . . Ynq, instead of x = x1e; + x2e5 + ... 1€,

Let us see why this change-of-basis is useful. Consider the second order
terms:

T Az = 2TQAQ T = yT Ay = My? + Mavd + - + Mt

hence there are no cross-terms of the form y;y; (i # j) in the S-basis.
We can therefore write ¢ as

q(®) = Myt + Aoy + -+ Xy +y Qb+ ¢
where y = ,x. Hence, we can analyze quadratic forms in a simplified form:
MY+ Aoys + -+ Ays +y Y +c

where b’ := Q7b. This reduced expression is exactly the quadratic forms
considered in (1.14), for which we described its levelsets in Example 1.4.7
on page 25.
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Finally, with a little more work, we can prove the complex version of the
spectral theorem. We leave the proof to the reader.

Theorem 2.8.9 Spectral Theorem (the complex case)
Let A € M,,(C). The following assertions are equivalent:

(i) A is a normal matrix.

(ii) A is unitarily diagonalizable, that is, there is a unitary matrix
U € M,,(C) such that U*AU is diagonal.

(iii) C™ has an orthonormal basis consisting of eigenvectors of A.

Proof. Most of the proof of Theorem 2.8.5 generalize to the complex case.
The only real difficulty is proving that V;* AV}, see (2.30), is normal which
is needed in order to apply our induction hypothesis. It requires a bit of
work, and we leave the details to the reader.

|

From Theorem 2.8.9 we obtain a spectral decomposition of normal
matrices A. The proof of the following result is essentially identical to the
proof of Corollary 2.8.6 on page 66 so we do not repeat it.

Corollary 2.8.10

Let A € M,,(C) be a normal matrix. Then the spectral decomposition
A=UANU*

holds, where A is a diagonal matrix whose diagonal consists of the
eigenvalues of A (repeated according to their algebraic multiplicity) and
where U € M,,(C) is a unitary matrix, whose columns are eigenvectors of A.

2.9 Positive definite and semi-definite
matrices

Hermitian matrices have, as we have seen, real eigenvalues. Hermitian
matrices with only nonnegative or positive eigenvalues are of particular
interest, and they are the subject of this chapter. They can be seen as the
matrix counterparts to nonnegative or positive real numbers. These matrices
frequently appear in various fields: in statistics, they emerge as correlation
matrices and in the normal equations for least squares fitting problems;
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in Lagrangian mechanics, they represent the kinetic energy functional; in
quantum mechanics, they are crucial as density matrices; and in mathematics,
they characterize inner products.

Definition 2.9.1
Let A € M,,(F).

(i) A is positive definite if A is Hermitian and (Ax, x) > 0 for all nonzero
x € F".

(ii) A is positive semi-definite if A is Hermitian and (Ax,x) > 0 for all
79 (S I

(iii) A is negative definite if —A is positive definite.

(iv) A is negative semi-definite if —A is positive semi-definite.

Since (A0,0) = 0, we see that a positive definite matrix A is
also a positive semi-definite matrix. Note also that the inequalities in
Definition 2.9.1 implicitly assume that (Ax, x) is a real scalar. This potential
issue is solved by assuming A is Hermitian since (Ax, x) € R whenever A is
Hermitian.

We already know several examples of positive semi-definite matrices.
The zero n x n matrix and the projection matrix (from Example 2.3.1
on page 48) are positive semi-definite matrices, and the identity matrix
is positive definite since (x,x) > 0 for all nonzero & € F". It is easy to
construct other (and less trivial) positive semi-definite matrices as we will
see in the next example.

Example 2.9.1

Let B € M5, (F). We claim that both BB* € M,,,(F) and B*B € M,,(F)
are positive semi-definite matrices. Let us prove this claim for A = B*B.
The matrix A is Hermitian since

A*=(B*B)"=B*(B")"=B"B=A.
From the computation, using that the norm is always non-negative,
(Az,z) = (B*Bz,z) = (Bzx,(B*)*z) = (Bz, Bx) = ||Bz||> > 0,

we see that A is a positive semi-definite matrix.
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The following characterization of positive definite (positive semi-definite)
is a consequence of the Spectral Theorem. There are actually two theorems
stated in Theorem 2.9.1: the equivalence holds either for all the statements
in the parentheses or for all the statements without the parentheses.

Theorem 2.9.1
Let A € M,,(F) be Hermitian. Then the following are equivalent:

(i) A is positive definite (positive semi-definite)
(ii) The eigenvalues of A are positive (non-negative)

(iii) There exists a positive (non-negative) constant ¢ such that (Ax,x) >
c(x, x) for all x € F™.

Proof. We will only prove that A is positive semi-definite if and only if A is
Hermitian and all its eigenvalues are non-negative and leave the rest of the
proof to the reader. If A is positive semi-definite, then A is Hermitian, and
for an eigenvalue-eigenvector pair (A, ), where we have normalizes u, we
have

A= Mu,u) = (M, u) = (Au,u) > 0.

Suppose A is Hermitian with non-negative eigenvalues \q, ..., \,. Let
A = UAU* be the spectral decomposition of A, where U is a unitary
matrix and A = diag(Ay,...,\,). Define B = UT'U*, where I' =
diag (VA1 ..., v An). Then

B*B = (UTU*)*UTU* = UI*U*UTU* = UT*U* = UAU* = A

From Example 2.9.1 it follows that A is positive semi-definite.
[

If A € M,,(IF) is Hermitian, then it is normal. From the Spectral Theorem
it follows that A = UAU* for some unitary matrix U and diagonal matrix
A. Theorem 2.9.1 tells us that the matrix A is positive definite precisely
when all the eigenvalues in the diagonal of A are positive.

2.10 Projections onto a subspace

This section is optional and can be skipped as it will not be used in the
rest of the text. However, it is included since projections onto subspaces
are important in many applications, e.g., in statistics, principal component
analysis, and dimensionality reduction. In dimensionality reduction, one
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typically has data living in a high dimensional space, e.g., F" where n is
large, but one believes that the data fits (or approximately fits) within a
much lower dimensional subspace. To extract the essential information from
the data, we therefore need to find a way to project the data onto this lower
dimensional subspace. This is done to reduce the complexity of the data,
e.g., to minimize the number of features or parameters needed in a model.

We have already studied projections onto a line in Section 2.3 on page 47.
In this section, we will generalize this concept to projections onto subspaces
of V. So, let Y be a non-trivial subspace of an inner product space V. Let ¢
denote the dimension of Y, and let & = w1, ..., u, be an orthonormal basis
of Y, found, e.g., by the Gram-Schmidt process. The orthogonal projection
projy : V' — V of a vector & € V onto the subspace Y is defined as:

¢
projy(z) = > proj,, (x)
k=1

(T, up)ug. (2.34)

I
Me\

b
Il
—

The projection is a linear map on V since it is a sum of linear maps,
and the image of projy indeed is Y, i.e., im(proj,-) = Y. It is important to
use an orthonormal basis for Y when computing the projection in (2.34) as,
otherwise, the expression will not be valid.

For V' = [F" the orthogonal projection onto a subspace Y can be computed
by using the projection matrix P onto Y as follows:

projy (x) = Pz with P = UU",

where U = [u, . .., u,] is the nx ¢ matrix whose columns are the orthonormal
basis vectors of Y. To see why this holds, we can follow the reasoning in
Example 2.3.1 on page 48, but we will not repeat it here. We simply mention
that the projection matrix P is Hermitian (i.e., P* = P) and idempotent
(i.e., P?=P),and col P =Y.

Let us show by an example how such a projection matrix can be
computed.

Exercise 2.10.1

Let Y be the subspace of R? spanned by the column vectors of V' € Msy»(R)
given by
=2

1
V=12 4
2 0
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2.10. Projections onto a subspace

In Example 2.5.1 on page 53 we found an orthonormal basis u;, us for Y by
applying the Gram-Schmidt process to the columns of V:

|
wWIN

7im for ] -

Wi

QOO | DO | =
Ll

The projection matrix PP onto Y is then given by

[1
3
_2
3

Hence, to compute the projection projy (x) of a vector in R3, say & =
[1,2,3]7, onto Y, we simply have to compute the matrix-vector product Pz,

We finally remark that P can also be computed as P = wju! + usul
(check it!).

[SV]] )

P=UU*=UUT =

wWInN

W
W=
[ I
©|ut
|
O~
|
OIN

O DR [ DO | =
SIS

OO [

© O |00

O UKD |

1
3

date/time: 16-Jan-2025/10:44 73



CHAPTER 3

Continuity and Differentiability

The current chapter forms the core of the book, and we will see that the
introduced topics play crucial roles in the later chapters.

We expect the reader is familiar with calculus of scalar functions of one
variable, but we will briefly review some of the theory in Section 3.1 for the
reader’s convenience. As for functions of a single real variable, the topics
of continuity and differentiability are central in the analysis of functions
of several variables. We start by considering continuity in Section 3.2;
the good news here is that having defined continuity of functions of one
variable in a precise way, we can easily extend the definition to functions of
several variables. Section 3.3 introduces the concept of partial derivatives
for functions of several variables, in much the same way as differentiability is
defined for functions of one variable. This is generalized in Section 3.5, where
we consider partial derivatives of higher order and the so-called Hessian
matrix.

The material in Sections 3.3 to 3.5 unfortunately shows that some of the
standard results for functions of one variable do not immediately generalize
to functions of several variables. For this reason we introduce the topic of
differentiability in Section 3.6. Section 3.7 discusses the so-called chain-rule,
an important result that generalizes the well-known results for differentiation
of a composite function to the case of functions of several variables. Finally,
in Section 3.8, we generalize the previous discussions of differentiability to
vector functions of several variables.

3.1 Analysis of functions of one variable

The mathematical analysis of functions is based on the concepts continuity
and differentiability. We first consider functions of the form f : [ — R,
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3.1. Analysis of functions of one variable

where either I = R or [ is an open interval of the form | — oo, al, |a, 00| or
la, b[ for some a,b € R.

Definition 3.1.1 Continuity
A function f : I — R is continuous at zq € [ if

f(z) = f(xo) whenever z — x. (3.1)

For short, the function f is said to be continuous if it is continuous at all
o € 1.

The condition (3.1) can alternatively be stated as
|f(x) — f(xo)| = 0 whenever |z — xo| — 0. (3.2)

It is phrased as “ f(x) tends to f(x¢) if x tends to xy”. Intuitively, this means
that the function values f(x) are “close” to the function value f(xq) for
points x that are “close” to xp. The mathematically exact way of formulating
the definition is:

For any given € > 0 there exists a 0 > 0 such that if x € I satisfies
|z — x0| < & then |f(x) — f(xo)| < € holds.

We can write this much shorter using the so-called universal quantifier V
(which is read “for all”) and the existential quantifier 3 (which is read “there
exists”).

Ve>030 >0Ve €1 :|z—x0| <0=|f(x)— flxg)] <e. (3.3)

A function is, on the other hand, said to be discontinuous at a point x
if it is not continuous at this point. Negating the condition (3.3) gives the
following equivalent statement for discontinuity of f at z:

Je> 0V > 03z €l :|x—xo| <dand |f(x) — f(zo)] > €. (3.4)

We should read this as “there exists an € > 0 such that for all 6 > 0 there
exists an x such that |z — x| < ¢ and |f(z) — f(xo)| > €”.

It is well-known that, e.g., polynomials, exponential functions, and
trigonometric functions are continuous within their domains. Let us here
show that z*, in fact, is continuous for any k € N.
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3.1. Analysis of functions of one variable

Example 3.1.1

The polynomial function f(z) = z* is continuous on R for all £ € N. We
have to show that for every xy € R and every € > 0, there exists o > 0 such
that

|z —zo| <6 = |z*-zf|<e

We start by rewriting the difference ¥ — xf using the factorization:

z* — xlg = (z — a:o)<xk_1 + 2 g+ + x’g—l)
Taking absolute values yields
|z* — zF| = |z — 2| - ‘ oo 2R g 4+ xlg_l‘. (3.5)

We will assume that x is close to xg, i.e., |z —zo| < 1. Weset M = |z|+1
Then, for |z — xo| < 1, we have

|z| < |zo| + |2 — @o| < |z0o| +1 =M.
Each term in the sum (3.5) can be estimated as follows:
2t < Jof*7t < M

’$k72x0‘ S |x|k72 ’xO’ S Mk72‘x0| S Mkflj

and so on. In total, there are k terms, each bounded above by M*~1.
Consequently,

|2t + b2 o < kMR

Combining the factorization and the bound on the sum, for any x with
|z — x0| < 1, we get

2% — zf| = |z — 2| - ’mk_l +---+xlg_1‘ < |z — zo| k M*L.
Let € > 0 be given. We want

b gk <e

|z
From the above estimate, it suffices to show that

|z — zo| E M*! < e
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3.1. Analysis of functions of one variable

Therefore, it is enough to require

€
| — xo| < Y=t

and also |z — x| < 1. Thus we define

€ €
S=min{l, — —b=minJl, ——
mm{ - Mk_l} mln{ , k<|x0|+1>k_1}

Then, whenever |z — xo| < §, both conditions |z — x¢| < 1 and |z — x| <
¢/(k M*=1) hold, leading to

|z* — zf| < e
which is what we wanted to show.

From Example 3.1.1 above, we see that proving a function’s continuity can
require quite lengthy arguments. Fortunately, standard algebraic operations
on continuous functions yield continuous functions. Specifically,

o If f and g are continuous functions defined on the same domain, the
functions f + g and fg are continuous.

o If f and g are continuous functions and the range of f is contained in
the domain of g, the composite function h(x) = g(f(x)) is continuous.
Recall that we denote the composition by h = g o f.

Thus, in many cases, continuity of a given function can be checked without
referring explicitly to Definition 3.1.1.

Example 3.1.2
Consider the function f : R — R given by

f(z) = 2* + cos(z?), z € R.
We showed above in Example 3.1.1 that the function 2* is continuous on R.
Assuming that we also know that cos(x) is continuous' on R, we can argue
that the composition cos(z?) is continuous. The sum of two continuous
functions is also continuous so 22 + cos(z?) is continuous as a function of z.
We conclude that f is continuous on R.

date/time: 16-Jan-2025/10:44 77



3.1. Analysis of functions of one variable

Definition 3.1.2 Differentibility
A function f : I — R is differentiable at xy € I if the expression

fwo +h) = f(xo)
h

(3.6)
has a limit as h — 0; if this is the case, the limit is denoted by f’(zy), i.e.,

) — i f(xo+h) — f(iﬂo)'

h—0 h

(3.7)

For short, the function f is said to be differentiable if it is differentiable at
all o € I. If f is differentiable and f’(z() depends continuously on ¢, the
function f is said to be continuously differentiable. The value f'(z) is
called the derivative of the function f at the point xg.

The derivative f'(xg) is the slope of the tangent line to the graph of f
at the point (xo, f(x¢)). Differentiability of a function at a point o implies
continuity at xo; we will prove later in Theorem 3.6.4 (see also Theorem 3.8.2)
that this also holds for functions of several variables.

As for continuity, the concept of differentiability behaves in a convenient
way regarding the standard mathematical operations: a sum, a product,
or a composition of two differentiable functions f,¢g : R — R is again
differentiable, and the derivatives are given by:

(f+9)(z) = f(z) + g'(), (3.8)
(f9)'(z) = f(x)g' () + f(2)g(x), (3.9)

and
(go f)(x)=g'(f(@)f (). (3.10)

Example 3.1.3
Let ¢ € R denote any constant, and consider the function given as
h:R — R, h(z) =sin(z® + ¢).

Then h(z) = (go f)(z) with g(x) = sin(z) and f(z) = 2> + ¢. Thus h is
differentiable, and
B (x) = 2z cos(z® + c).

1Unless stated otherwise, we will always assume that continuity and differentiability
properties of standard functions, such as polynomial functions, exponential functions,
and trigonometric functions, are known.
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3.1. Analysis of functions of one variable

—3 -2 1 1 2 3 =
14

Figure 3.1: The graph of the function f(x) = ReLU (z).

Note that in order to check that a function f : I — R is differentiable,
we need to examine differentiability at each single point xy € I. There exist
functions that are differentiable at certain points, but not in all points:

Example 3.1.4

The rectified linear unit function used as a so-called activation function in
neural networks in machine learning is given by:

ReLU : R — R, ReLU(z) = max(x,0).
We can write the function on explicit form as

x forx >0,
0 forz<O.

ReLU(x) = {

The function ReLU is differentiable for all x # 0, but not for x = 0; see
Figure 3.1. To prove that ReLU is not differentiable at xo = 0, we compute:

f(wo+h)— f(xg) ReLU(h) |1 forh >0,
h B h |0 for h<O.

The limit of this expression as h — 0 does not exist, and hence ReLU is not
differentiable at zy = 0.

Vector-valued functions of one variable. We now turn to wvector
functions of one variable. These are functions of the form f : I — RF,
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3.1. Analysis of functions of one variable

where [ is an interval of R. Such functions are used to parameterize curves
in R* as we discussed in Item (e) on page 19. We have indeed already
met curves, e.g., in our discussion of the boundary of a set in R?, see
Examples 2.2.4 and 2.2.5. Here are a few more illustrative examples to keep
in mind. As is typical when considering curves, we use the symbols r and
t € I instead of f and x € I.

Example 3.1.5 (a) Consider the function

r:[0,2] = R, r(t) = m ¢ H . (3.11)

Note that by letting the parameter ¢ traverse through the interval
[0,2], the vectors r(t) traverse through the straight line starting at
the point 7(0) = (0,0) and ending at the point r(2) = (2,2).

(b) Similarly, we can consider the function

(3.12)

) 9 __ |cost
r:[0,7] = R r(t) = lsint] :

When we let the parameter ¢ traverse through the interval [0, 7], the
vectors 7(t) traverse through “half the unit circle”, starting at the
point r(0) = (1,0) and ending at the point r(7) = (—1,0).

More generally, the concept of a function r : I — R¥ in a natural fashion
leads to the concept of a curve:

Definition 3.1.3 Curve in R*

Let I denote an interval in R, and consider a function  : I — R*. The
image of r
im(r)={r(t)|tel} (3.13)

is called a curve in R¥. The function 7 is said to provide a parametrization
of the curve, and the variable ¢ € I is called the parameter of . Curves will
often be denoted by C.

Note that a curve C can be parameterized in different ways; that is, a
set of the form (3.13) will occur by different choices of the function r. For
example, the function

ro[0,1] = R, r(t) = Bﬂ (3.14)
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3.1. Analysis of functions of one variable

yields exactly the same set of points in R? as the function in (3.11) — we
just “travel through the curve with double speed”. When we speak about a
curve, we will always consider a fized choice of a parametrization.

As in Equation (1.5) on page 18 we write r(t) = (r1(t), r2(t), ..., rk(t))
using the coordinate functions r; : I — R. The coordinate functions are
scalar-valued functions of one variable, which we can analyze using the
result presented in the current section. E.g., if each coordinate function is
differentiable, we can differentiate = by 7/(t) = (r(t),r5(t),...,r.(t)) for
tel.

Definition 3.1.4 Tangent vector

Let » : I — R*. We say that r is (continuously) differentiable if all
the functions 7,79, ...,7, are (continuously) differentiable®. The vector
r'(t) = (ri(t),r5(t), ..., r.(t)) is the tangent vector at v(t). If v'(t) # O for
all t € I, the parametrization r is reqular.

°If I is not an open interval, we assume that ri,73,...,7, are continuously
differentiable on an open interval containing I

Example 3.1.6

We consider the parametrization of the half circle in (3.12). Since
r'(t) = (—sint,cost) # (0,0) for all ¢ € [0, 7], the parametrization is
continuously differentiable and regular. Fix ty € I. The tangent line or just
tangent at r(fp) can then be written as

r(to) + s7'(tg) = (costy,sinty) + s(—sintg, costy), s € R.

E.g., with o = /2, we find the tangent at the mid-point (7w /2) = (0,1) to
be (0,1) + s(—1,0) = (—s,1) for s € R.

In Definition 3.1.3, the starting point is the function r from which, we
obtain a curve. In applications we often face the opposite scenario, where a
curve is given, and we subsequently want to find a parametrization. In the
next example we describe a parametrization of the straight line connecting
two given points in R¥.

Example 3.1.7

Given arbitrary points a, b € R*, the straight line starting at a and ending
at b can be parameterized as

r:[0,1]] = R* rt)=a+tlb—a)=(1—ta+tb.
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3.2. Continuity of vector functions of several variables

3.2 Continuity of vector functions of several
variables

We are now ready to start the approach of generalizing the key concepts
in mathematical analysis from functions of one variable to functions of n
variables. We begin with continuity.

Recall the way we described continuity for a function of one variable,
f:1—R,in (3.2). Here, the term |z — x| measures the distance from the
point x € I to the fixed point xg € I. In R™ we measure the distance between
two points @ and xy by the norm || — x| introduced in Equation (2.1)
on page 30. In fact, the norm ||| on R™ for n = 1 is just the absolute
value. Therefore, continuity for a function of n variables can be defined
precisely as we did for functions of one variable, simply by replacing |z — x|
by || — x|, where & and x; now are vectors. Similarly, we replace the
|f(x) — f(xo)| by ||f(x) — f(z0)||. The precise definition reads as follows:

Definition 3.2.1 Continuity of vector functions

Let A denote a set in R”. A vector function f : A — R” is continuous at
xo € A if

|f(x) — f(xo)|]] = 0 whenever |x — xq| — 0. (3.15)
We will also write the condition (3.15) as
f(x) = f(xy) whenever = — x. (3.16)
The function f is continuous if it is continuous at all &y € A.

Definition 3.2.1 is a proper generalization of the definition for a function
of one variable. Indeed, if we write & = (z1,...,2,) and g = (210, ..., ZTno),
then

le — @oll = /(21 — 210)2 + -+ + (20 — Tap)?;

in the case n = 1 this corresponds to || —xo|| = \/(x1 — 210)? = |21 — 210/,
which is the expression appearing in (3.2).

As for a function of one variable, the condition (3.16) means that the
function values f(x) are “close” to the function value f(xg) for vectors x
that are “close” to @y. The mathematically exact way of phrasing this is:

For any given € > 0 there exists a 0 > 0 such that

Ve e A: |z — x|l <0 = | f(x) - Flao)| <e.  (3.17)
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3.2. Continuity of vector functions of several variables

Going from continuity of scalar functions to vector functions is not a
real complication. In fact, we can check continuity of a vector function by
looking at each coordinate separately:

Theorem 3.2.1 Continuity of coordinate functions

Let A denote a set in R™. A vector function f = (f1,..., fx) : A — RF is
continuous at xq if and only if all the functions f; : A - R, i=1,... k are
continuous at x.

Proof. For i =1,..., k we compute:

| fi(z) — fi(zo)| = \/|fz(33) — fi(zo)|?
< VIfi@) = fl@o)]?+ -+ | ful®) — fulmo)2 = | F (=) — flzo)].

Thus, if [|f(x) — f(x)|| < € then |fi(x) — fi(xo)| < €. It follows from
Equation (3.17) on the previous page that if f = (f1,..., fx) : A — R¥ is
continuous at xg, then so is f; for each i.

Conversely, assume all the coordinate functions f; are continuous at x
and we are given an € > 0. For each functions f; we can find a d; > 0 such that
|l — x| <6 = |fi(x) — fi(xo)| < €/k. We now put § = min{dy, ..., d}.
If || — xo|| < 0 then |fi(x) — fi(xo)| < €¢/m for all i =1,..., k and hence

1f (@) — F@o)| = /I fi(@) — fulmo)] + -+ |fil®) — filmo)[?

Example 3.2.1

Recall that, by Example 3.1.1 on page 76, the polynomial function z + z*,
R — R, is continuous for each k& € N.

(a) The functions
F:R—R% f(r)=[2"0]" and g: R — R? g(z) = [0,2"]"

are also continuous. This follows from Theorem 3.2.1 since the two
coordinate functions x — x* and x — 0 are continuous.

(b) Consider the functions

fiR? R, f(z,y) =2" and ¢g:R* > R, g(z,y) = ¢*,
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3.2. Continuity of vector functions of several variables

where k& € N; for k£ = 1, the functions are called coordinate projections.
We want to argue that f is continuous; the argument for g is analogous.
Let o = (7o, 90) € R? be given, and let € > 0 be arbitrary. We need
to find a 6 > 0 such that

1z, y) —=oll <0 = [f(2,y) = f(20,%0)] <€

Since f(z,y) = ¥, we almost have the situation as in Example 3.1.1,

where we proved that the function x — 2* is continuous on R. Indeed,
we can use the same d as in that example. Note that

1(z,y) — oll = \/(x — 20)? + (y — %0)2 = |z — 9|

Hence, ||(z,y) — @o|| < ¢ implies |z — x¢| < 6 and therefore that
|f(2,y) — f(@o,90)] = |2* — 25| < e.

As for functions of one variable, continuity of a vector function is
preserved under standard algebraic operations. In particular, the sum,
the scalar product, and the composition of continuous vector functions
are again continuous vector functions. We state this in the following two
theorems which we present without proof for brevity.

Theorem 3.2.2

Let A denote a set in R™. Suppose f,g: A — R* h: A — R are vector
functions that are continuous at g € A. Then the following vector functions
are continuous at xy € A:

(i) The sum f + g and difference f — g,

(ii) The product hf, where h is a scalar function and hf(x) = h(x) f(x),
(iii) The norm || f]| and the inner product (f, g).
(

If h(xo) # 0, the quotient f/h is also continuous at .

Note that, in Theorem 3.2.2; the product Af (and the quotient f/h) is
only defined when h is a scalar function which is why we require h to have
codomain co-dom(h) = R.

Theorem 3.2.3 Composition of continuous vector functions
Let A C R® and B C R* be sets. Suppose that f: A — Band g: B — R¢
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are continuous at &y € A and at f(xg) € B, respectively. Then the
composition h = g o f, A — R’ is continuous at .

We are usually interested in continuity in more than in a single point.
This leads to the following definition.

Definition 3.2.2 (C° vector function

A vector function f : A — RF¥ is called continuous if it is continuous at all
points & € A. Continuous vector functions are called C° vector function.

Let us show how we can argue for the continuity of a function without
explicitly to refer to Definition 3.2.1.

Example 3.2.2
The function

h:R?* - R? h(z,y) = [z*+ zy + sin(z + y),e™¥]"

is a sum and composition of continuous functions, and thus, by Theo-
rems 3.2.2 and 3.2.3, it is continuous.

Special attention is needed for functions that are defined by multiple
expressions as illustrated in the next example.

Example 3.2.3
Consider the function

2
= whenever (z, 0,0),
f . RQ _) R’ f(:L', y) _ $4+y2 ( y) # ( )
0 whenever (z,y) = (0,0).
Then f is continuous for all (z,y) # (0,0) since it is a composition of
continuous functions. The point (z,y) = (0,0) needs special attention —
and the function is indeed not continuous at this point! In order to see this,
consider points in R? on the curve y = 22, x > 0, i.e., points of the form
(x,y) = (x,2?). For any such points we see that
2,2 4
9 5 0 1
x’ = x’ €T = —————- — = —7
that is, along the curve y = 22, the function f takes the constant value
%. Since there are points on the curve y = 2, > 0, arbitrarily close
to the point (0,0) and f(0,0) = 0, this implies that the function f is not
continuous at (z,y) = (0,0).
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One may wonder if the function in Example 3.2.3 can be made continuous
at (0,0) if we define f(0,0) to be 1/2 instead of 0. In other words, we ask
if we can “patch” the function f at (0,0) by assigning it a value different
from 0 at this point. The answer is no. No matter what value we assign
to £(0,0), the function cannot be continuous at (0,0). In order to see this,
consider points in R? on the line y = 0, i.e., points of the form (z,y) = (z,0).
Hence, along the line y = 0, the function f takes the value f(x,0) =0 for
all x # 0. This argument shows that f(0,0) needs to be 0 in order for f to
be continuous at (0,0), but in Example 3.2.3 we saw that f(0,0) also had to
be 1/2. As it is impossible for a function to take two different values at the
same point, we conclude that f cannot be continuous at (0,0) regardless of
the value we assign to f(0,0).

3.3 Partial derivatives of first order and the
gradient vector

In Section 3.2 we saw that continuity for functions of n variables can be
defined in a similar fashion as for functions of one variable. In contrast,
the theory for differentiability is significantly more involved for functions of
several variables than for functions of one variable.

In the next three sections we will develop the theory of differentiability
of scalar functions of several variables. In Section 3.8 we will return to
vector functions.

Let us begin with an introductory example.

Example 3.3.1
Consider the function

fR? =R, f(z,y) = zy® +2° + 4>

The function f is obviously continuous as it is composed of well-known
continuous functions, but we have not yet defined how we should interpret
differentiability for a function of two variables.

However, note that if we fiz an arbitrary value of the variable y and
consider the function f only as a function of the remaining variable x, we
obtain the function h, (the subscript is chosen to indicate that the function
depends on the chosen y) given by

hy : R =R, h,(z) = f(z,y) = 2y* + 2° + 3°.
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3.3. Partial derivatives of first order and the gradient vector

For all (fixed) values of y, the function h, is a differentiable function of the
variable z, and
2
by (x) = y* + 2. (3.18)

Note that the expression (3.18) is obtained simply by considering y as a
constant and applying standard rules for differentiation of a function of one
variable.

We will now introduce a new terminology to describe the situation. Being
a little ahead of the formal definition (to be given in Definition 3.3.1) we will
say that the partial derivative of the function f with respect to the variable
x, to be denoted by %(:{;,y), exists, and is given by

0

ai(x,y) = hi(z) = y* + 2z. (3.19)
Similarly, if we fiz an arbitrary value of the variable z and consider the
function f only as a function of the remaining variable y, we obtain the
function

ke iR =R, ka(y) = fz,y) = 2y + 2% + .

Regardless of the chosen z, the function k, is a differentiable function of the
variable y, and
K. (y) = 2xy + 3y°. (3.20)

We say that the partial derivative of the function f with respect to the
variable y, to be denoted by g—g(x,y), exists, and is given by

0
ai(fc, y) = ky(y) = 2zy + 3y°. (3.21)

Note that in order to obtain the expressions (3.19) and (3.21), it is
not necessary to introduce the functions h, and k,. Since, in order to
calculate the partial derivative %(a:, y), we simply consider y as a constant
and differentiate the function f with respect to the variable z. Similarly,
we calculate the partial derivative %("T’ y) by differentiating the expression
f(z,y) with respect to the variable y when considering x as a constant. Let

us illustrate this by one more example.

Example 3.3.2
Consider the function

f:R* = R, f(zx,y) = sin(z?® + y).
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Then (compare with the calculations in Example 3.1.3)

0
ai(:r;, y) = 2z cos(z® + y)

and of

2
—(x,y) = cos(x” +v).
8y< y) (=" +y)

Already in Example 3.1.4, we saw that a function of one variable can
be differentiable at some points and non-differentiable at other points. The
same complication occurs for functions of several variables. Therefore we
would like to stress the fact that the existence of the partial derivatives
for a function f : R? — R has to be checked individually for each point
(z,y) € R%

Example 3.3.3

Consider the function
f:R? =R, f(z,y) = ReLU(x) y*.

For each fixed x € R, the function k,(y) = ReLU(z)y? is differentiable
for all choices of y € R; thus, the partial derivative g—i(x, y) exists for all
(z,y) € R? and

of

dy
The situation is slightly more complicated when we fix y € R and want to
consider f as a function of x. The reason is that as we saw in Example 3.1.4,
the function ReLU is not differentiable at = 0. In order to handle this,
let us write the function f as

(x,y) =2 ReLU(x)y.

2
xy® wheneverz > 0,
f(z,y) = {

0 whenever x < 0.

From here we see that for any fixed y € R, the function h,(z) =
ReLU(z)y? is differentiable whenever x # 0; thus, for (x,y) € R? with

x # 0 the partial derivative %(w, y) exists and
of y?>  whenever z > 0,
7(‘777 ) =
Ox 0  wheneverz < 0.

However, when we fix any y # 0, the function h, is not differentiable at
x =0, as we saw in Example 3.1.4; that is, the partial derivatives %(0, Y)
do not exist.

date/time: 16-Jan-2025/10:44 88



3.3. Partial derivatives of first order and the gradient vector

Complications like in Example 3.3.3 makes it evident that we need
a formal definition of the partial derivatives. We will now state such a
definition for a function of n variables (z1,xs, ..., ;).

Definition 3.3.1 Partial derivative

Let U be an open subset of R", and let f : U — R be a scalar function.
Consider a point (z1,xs,...,2,) € U. Fix some j =1,...,n, and assume
that the expression

flri,zo, x5+ hy oo oxy) — f(@1, 20,00, 2j, .., Ty)
h
has a limit as A — 0. Then we say that the partial derivative % exists at
J
the point = (x1, 2o, ..., x,), and we define
0 T1,To, .. Ti+h, ... xy) — f(x1,To, ..., Tjy ..., Xy
—f(:l;):hmf( 1,42, 7]+ ) ) ) f(l 2 7 )
0x; h0 h

Let us explicitly formulate the definition of the partial derivative with
respect to the first variable z;. If the expression

flzr+ hyxo, ... xn) — f(z1, 22, ..., T4)
h

has a limit as h — 0, the partial derivative % exists at the point

(x1,x9,...,x,) and it is given by

ﬂ(w . 2,) = lim flzr+hyxo, ... xn) — fz1, 20, ..., T4)

8301 1y L2y« ydbn b0 h .

If all the partial derivatives %,k = 1,...,n exist at a given point
(x1,...,2,), we will collect the information in a single vector:

Definition 3.3.2 Gradient vector

If all the partial derivatives a%,k = 1,...,n, exist at a given point
(x1,...,x,), the gradient vector of the function f at the point x =
(21,...,,) is defined as the vector
of of af
= (@), ), . 3.22
Vi@ = (2@, g @) @ (322

The symbol V is pronounced “nabla”. The gradient vector will be
considered as a column vector unless stated otherwise.
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Example 3.3.4
For the function

[R5 R, f(z,y) =ay* +2° +°,

we calculated the partial derivatives in Example 3.3.1. Formulated in terms
of the gradient vector, the result says that

Vi(z,y) = (v + 2z, 2xy + 3y%). (3.23)

Example 3.3.5

Consider the function
f:R® 5 R, f(x1,22,23) = 2122 + x%x%
Then all the partial derivatives exist at all points (z1, 22, x3) € R, and

of of of
Vf(xy,xe,x3) = | = (21,29, 23), = (1, T2, T3), = (21,22, T
f( 1,42, 3) <8£L‘1( 1,42 3) 8332( 1,42, 3)78x3( 1,2 3)
= (2, 71 + 22273, 37573).
Recall that if a function f : R — R is differentiable, then f is also
continuous. For a function f : R™ — R it is therefore natural to ask whether
existence of all the partial derivatives implies that the function is continuous.

The answer turns out to be no:

Example 3.3.6

Consider again the function in Example 3.2.3,

12
FiR2 SR, f(z,y) = Py whenever (z, y) # (0,0),
0 whenever (z,y) = (0,0).

For (z,y) # (0,0), the function f is composed of functions that are

differentiable with respect to as well x as y, i.e., the partial derivatives

9 (x,y) and g—i(a:, y) exist. In order to check whether the partial derivative

g—ﬁ(x,y) exists at the point (z,y) = (0,0), we apply Definition 3.3.1 and
calculate

f(h,O)—f(0,0) _ 0-0 —

h - h

since this expression indeed has a limit (namely, 0) as h — 0, we conclude

that also the partial derivative %(O, 0) exists. By a similar argument, also

0;
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the partial derivative %(O, 0) exists, i.e., both partial derivatives exist in
all points. However, as we saw in Example 3.2.3, the function f is not
continuous.

In order to avoid issues like in Example 3.3.6 we need to consider
a stronger differentiability condition than just existence of the partial
derivatives. We will do so in Section 3.6.

3.4 Directional derivatives

When computing the partial derivative % in xg € R™, one moves along the

1th coordinate axes, in the sense that %(mo) is equal to the usual derivative
as in Definition 3.1.2 of the function h — f(xg+ he;),R — R, evaluated at
h =0, where ¢; = [0,...,0,1,0,...,0]7 is the ith standard basis vector of
R™. However, there is nothing special about the coordinate axes, and it is
just as natural to move along other directions. This is the idea of directional
derivatives.

Definition 3.4.1 Directional derivative

Let v be a non-zero vector in R”, let U be an open subset of R”, and let
f : U — R be a scalar function. Define u = v/||v|. Consider a point

(x1,22,...,2,) € U. Assume that the expression
f(x + hv) — f(x)
h

has a limit as h — 0. Then we say that the directional derivative V, f exists
at € = (r1,9,...,2,), and we define

Vof(x) = lim fl@+hu) - f(w)

h—0 h

Note that the directional derivative V, f evaluated at a point € U is
just a scalar in R. Moreover, V., f(x) = é%f(a:)

The length of the vector v in the definition of V, f is irrelevant, and
we see that only the direction matters. In particular, if w € span {v} is a
non-zero vector, then V,,f = £V, f. (The minus sign is needed if w and v
points in opposite directions, i.e., w = cv for ¢ < 0.)

The directional derivative can easily be computed from the gradient
vector using the standard inner product in R".
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Lemma 3.4.1
If w is a unit vector, then

Vuf(x) = (u,Vf(z)) (3.24)
for & € R".

We leave the proof to the reader. In case v is not necessarily of norm
one, the formula in Equation (3.24) should be changed to V,f(x) =
L (0, V f()).

The directional derivative |V, f(x)| is maximized if v is a unit vector in
the span of the gradient vector as shown in Exercise 3.4.2. Loosely speaking,
we say that the function f : R™ — R increases and decreases the most along
the gradient vector.

Exercise 3.4.2

Let f : R® — R be a function for which all directional derivatives exist
at € R". Show that v = Vf(x)/||Vf(x)| is a unit vector. Show that
the scalar |V, f(x)| is maximized for v = £u. Hint: Equation (3.24) and
Theorem 2.1.6 on page 41.

3.5 Partial derivatives of second order and the
Hessian matrix

We will now give a short introduction to higher-order partial derivatives. In
Chapters 4 and 5 we will see that they play a central role in connection with
Taylor polynomials and optimization problems for functions of n variables
(like f”(x) does for a function of a single variable!).

Consider again a function f : U — R, where U is an open set in R".

If the partial derivative a% exists at all points (x1,...,2,) € U for some
index £ =1,...,n, we can consider the function % as a new function of n
variables,
0
—f U — R.
(%k
Thus, we can ask whether the function E?TJ; has partial derivatives, say, with
respect to x; for some j = 1,...,n, at a point (z1,...,2,) € U; if this is
the case, the partial derivative will be denoted by
P (o1, o)
8%8:@ 1, yn
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In the special case where j = k we will use the shorter notation

an(ycl,...,xn) : ’f

87]7]% . axkﬁxk

(xl, c. ,.I'n).

Example 3.5.1
For the function

f R 5 R, f(z1,22,73) = 2120 + 7273,

we saw in Example 3.3.5 on page 90 that, for = (21, x9, x3),

of of of

_ o _ 2. 2
awl (:13) = Tg, 31‘2 8,1'3 (-’L’) 3332.273.

() =21+ 23:293%,

All these partial derivatives have partial derivatives with respect to x1, zs,
and x3; by direct calculation we get that

dxi A 019011 =5 923071 x)=70,
i Pf oy o O :
0x10x (@) ' O3 () = 23, 52305 (x) = 6z923,
82f 82f ) 82f ,
Ox10z3 (@) =0, 0x20x3 () = 6233, 87:103(3:) = 6ryxs,

where © = (21, 29, x3).

By inspection of the second-order partial derivatives in Example 3.5.1
we notice that for all values of j, k = 1,2, 3 we have that

O*f 0*f

M(%,xml’s) = M(xlax%xfi);

that is, the order in which the partial derivatives is taken does not matter.
This turns out to hold in general, provided that an extra assumption
introduced in Section 3.6 is satisfied — see Theorem 3.6.5.

All information about the second-order partial derivatives are collected
in the so-called Hessian matriz defined as follows.

Definition 3.5.1 Hessian matrix

Assuming that all the second-order partial derivatives exist for a scalar
function f : R" — R, the associated Hessian matriz is the n X n matrix
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3.5. Partial derivatives of second order and the Hessian matrix

given by:
@ @ i@
O e L I CEY
(@) @) - 2

For a function f :R?* — R the Hessian matrix takes the form

Plwy) ZL(x,y)
Hyw,y) = | g0 o V)| (3.26)

Example 3.5.2

For the function
f:R? =R, f(z,y) =sin(z* +y),

we saw in Example 3.3.2 that

O (0 ) — 2 Of N _ 2
e (x,y) = 2z cos(z” + y), and By (x,y) = cos(z” + ).
Thus
0*f 2 2 i (2
@(x,y) = 2cos(z” + y) — 4z” sin(z” + y)
0? :
S () = —2asin(a’ + 1)
0? .
o () = ~2zsin(a? + 1)
0? .
ayj;(x, y) = —sin(z® + y).

The Hessian matrix is therefore

2 2
. %(CE, y) aamgy (ZL’, y)
Hy(z,y) = 92f 92 f

_|2cos(z? +y) — da?sin(z? +y) —2zsin(z? +y)
N —2xsin(z? +y) —sin(2? + y)
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Example 3.5.3

For the function f in Example 3.5.1, the Hessian matrix is

r 2 2 2
%(901, g, T3) %(%7 T2, T3) %(%, To, T3)

2 2 2
H(x) = 73;9223{“ (21,72, 23) %(ﬂﬁl,xm%) 7352;933 (71, T2, 73)
_%@1,%2,1‘3) %(9017332,%3) %(171,952,%3)
[0 1 0

_ 2 2
= |1 225 O6xazs|,
10 6xox3 6a3ws

where ¢ = 1, 2, 23 € R3.

Example 3.5.4 Quadratic forms

Let ¢ : R® — R be a quadratic form. Recall from Lemma 2.8.7 on page 67
that we may assume that

q(x) = T Az + b + ¢,

where A € M,,(R) is symmetric, b € R™, and ¢ € R. It can be shown using
Example 2.8.3 on page 68 that the Hessian H|, is constant and equals

H,=2A.

Exercise 3.5.1
Prove the claims made in Example 3.5.4.

3.6 Differentiability of scalar functions of
several variables

We have already mentioned that differentiability is a much more complicated
issue for functions of several variables than for functions of one variable.
One reason is that Definition 3.1.2 is restricted to the one-dimensional case:
in contrast to our approach to continuity, the condition can not be changed
to a condition on R" simply by exchanging the point x( by a vector xy. The
argument for this is that if we want to consider the numerator in (3.6) with
xo replaced by a vector xg, i.e., an expression of the form

f(@o+h) = (o),
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then A is forced to be a vector in R”, and therefore the division with A in
(3.6) becomes meaningless as we have no concept of division by a vector.

In order to generalize the concept of differentiability to higher dimensions,
we therefore need to reformulate the condition in Definition 3.1.2 in such
a way that we obtain a condition that can be transferred into R". This is
done next.

Lemma 3.6.1

Consider a function f : I — R, where [ is an open interval in R, and let
xg € I. Fix ¢ € R. Then the following are equivalent:

(i) The function f is differentiable at xy and f'(zo) = c.

(ii) There exists a function € : R — R such that e(h) — 0 as h — 0 and

Flzo+h) — flzo) —ch—e(h)|h| =0 forallheR.  (3.27)

Proof. We first note that we in (ii) can replace (3.27) with the equation
fxo+h) — f(xg) —ch —e(h)h =0 forall h € R.

Indeed, the two ¢ functions are related by a changing the sign for h < 0.
We will in the rest of the prove use this version of (3.27).
Now assume that (i) holds. Then, by (3.7)

f(xo+h) — f(xo)
h

Now define the function € by

— f'(xo) =c as h — 0.

) M — ¢  whenever h # 0,
€ =
0 whenever h = 0.

Then e(h) — 0 as h — 0, and by multiplying the expression for (h)

with A and collecting all terms on one side of the equality sign, we see that
(3.27) holds.
On the other hand, if (ii) holds, then

e(h)h = f(xzo + h) — f(zo) — ch.
Dividing by h now yields that

c(h) = f($o+h})l—f(l’o) e

date/time: 16-Jan-2025/10:44 96



3.6. Differentiability of scalar functions of several variables

applying now that e(h) — 0 as h — 0, we conclude that

f(xo +h) = f(xo)

N —cas h—0.

This means precisely that the function f is differentiable at xy and that
f'(x¢) = ¢, which proves (i).
[

Let us discuss condition (ii) in Lemma 3.6.1. First, we remark that the
constant ¢ appearing in (ii) is not arbitrary, indeed, it is equal to f'(xg).
Second, we note that ch for a given constant ¢ defines a linear map h > ch,
R — R. Hence, the derivative of a function is closely related to linear maps
in h. This linear map also “appears” in the tangent line of the graph at
(o, f(0))*.

In contrast to our original definition of differentiability, the condition (ii)
in Lemma 3.6.1 has a natural generalization to functions of several variables.
Let us explain this in detail.

Consider a function f : U — R, where U is an open set in R", and let
@y € U. In order to generalize the condition (3.27) we will do the following:

1) We will replace the scalar h by a (column) vector h € R™.

2) We will replace the scalar ¢ by a (column) vector ¢ € R" and the
quantity ch by the scalar ¢’ h.

3) We will replace the function ¢ : R — R by a function £ : R — R of n
variables, and we replace the expression £(h)|h| by e(h)| h||.

Note that in 2) h — ¢’ h is a linear map from R" to R defined by the 1 x n
“matrix” e¢’. Note also that the e’ h is just the standard inner product on
R", i.e., c’h =h-c = (h,c). In 3), the norm |h|| reduces to |hy|if n =1
and h = [hy].

These modifications lead to the following definition of differentiability:

Definition 3.6.1 Differentiability

Consider a function f : U — R, where U is an open set in R”, and let
xo € U. We say that the function f is differentiable at the point x if there
exist a vector ¢ € R" and a function € : R* — R such that ¢(h) — 0 as

2The graph of this linear map is a line in R? through (0,0). If we add (o, f(70)) to
each point in this set, we obtain the tangent line.
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h — 0 and
f(xo+ k) — f(zo) — c"h —e(h)||h|| =0, YhecR" (3.28)

We will now show that there is a strong link between Definition 3.6.1 and
the concept of partial derivatives in Section 3.3. In particular, if the function
f is differentiable at the point x, all the partial derivatives %’ 887];, ey %
exist at the point &y and the vector ¢ in (3.28) equals the gradient vector
V f(xo). Note that this is similar to the situation in Lemma 3.6.1 on page 96,
where the constant c is equal to f'(xg). The linear map h — V f(xo)"h is

called the differential of f at ax.

Theorem 3.6.2

Assume that the function f: U — R is differentiable at the point xy. Then

all the partial derivatives (’%fl’ a%? e % exist at the point &y and the

vector ¢ in Definition 3.6.1 equals the gradient vector V f (o).

Proof. Assume that f is differentiable at the point &g and choose the vector
c and the function e(h) such that (3.28) is satisfied. We will now consider
certain special choices of the vector h, namely h = (h,0,...,0), where
h € R. The matrix product ¢’ h becomes:

cTh:{cl Cy v cn} | = cih.

Since ||kl = Vh2+0+ -+ + 0 = |h|, we also see that
e(h)|[h]l = e(h)|h]
Inserting into (3.28), we obtain
f(xo+ (h,0,...,0)) — f(xog) —cth —e(h,0,...,0)|h] =0,

where
e(h,0,...,0) — 0 whenever h — 0.

Applying now Lemma 3.6.1, we see that the partial derivative % exists at

the point g and that %(mo) = ¢1. A similar argument applies to the other
partial derivatives, and the conclusion is that

0 0 0
Cc = (01702, C.. ,Cn) = (61{1($0), 8;;(:50)7 s ,%f‘(w())) = Vf(w0>
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as claimed.

Theorem 3.6.2 shows that differentiability of a function f : U — R implies
existence of the partial derivatives. On the other hand, existence of the
partial derivatives is not enough to guarantee differentiability! Indeed,
in Example 3.3.6 we saw an example of a function, for which all the
partial derivatives exist; but the function is not continuous, and hence,
by Theorem 3.6.4, not differentiable. However, a slightly weaker result hold:
existence and continuity of all partial derivatives implies differentiability.

Theorem 3.6.3

Let U C R™ be an open set and let f : U — R be a scalar function. If
the partial derivatives a% exist at all points and are continuous, then f is
differentiable for all € U.

Proof. For a proof we refer the reader to Theorem 3.22 in the additional
notes.

Example 3.6.1

Let A € R™™ b€ R", and c € R. A quadratic form ¢(x) = zT Az +bTx +c
is differentiable at all points & € R", and the gradient vector at x, is given
by Vg(z) = (A+ AT)x +b. Now, if A is symmetric, then A+ AT = 24, and
so the gradient vector becomes Vq(x) = 2Ax + b. Recall that the derivative
of the second degree polynomial function p : R — R, p(z) = az? + bz + ¢ is
p'(z) = 2az + b. Hence, Vq(x) = (A+ AT)x + b is a proper generalization
of this well-known fact.

Similarly to what we know for functions of one variable, differentiable
functions of n variables are continuous®:

Theorem 3.6.4

Assume that the function f : U — R is differentiable at the point xy € U.
Then f is also continuous at x.

Proof. Assume that f is differentiable at the point &y € U. Then (3.28)
holds for some function ¢ : R — R such that e(h) — 0 as h — 0. It then
follows that

f(xg+h) — flxg) = c"h +e(h)|h|| = 0 as h — 0,

3You should compare this fact to the issues we encountered in Example 3.3.6.
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3.7. The chain rule for scalar functions

i.e., the function f is indeed continuous at the point a.

The concept of differentiability also yields the condition that implies that
the order in which we take partial derivatives of second order is irrelevant:

Theorem 3.6.5
Let U be an open set in R™ and consider a differentiable function f : U — R

for which all the second-order partial derivatives a?f , 3, k=1,...,n, exist
Ox;0xy,
on U and are continuous. Then
0? 0?
T1, Xy en, Tpy) = x1, To, x
8xj8 k( 1,42, n) aﬂi’ka ]( 1,42 ) n)

for all j,k=1,...,nand all (z1,22,...,2,) € U.

The proof of Theorem 3.6.5 is technical and will not be given here. Again,
we refer to Theorem 3.34 in the additional notes for a proof.

3.7 The chain rule for scalar functions

The rule (3.10) concerning differentiation of a composed function g o f has
an important generalization to the case where g is a function of several
variables. For the sake of convenient notation we will only state it for a
function g that is defined and differentiable on all of R". We will state the
general case in Theorem 3.8.4 on page 105.

Theorem 3.7.1

Consider a differentiable function g : R — R, and let fi, fo, ... f, : R =R
denote differentiable functions. Then the composite function

hiRSR, h(e) = g(fi(@), fo(a),-- , fula) (329)
is differentiable, and
W) = 2 (h@), @), s @A
+ 2L (@), o), @) ()
ot L@ L@, B (330
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3.7. The chain rule for scalar functions

The proof of Theorem 3.7.1 follows closely the classical proof of
(3.10). The expression (3.30) can be written in a more compressed
form using the inner product between the gradient of g at the point
(fi(z), fa(x), ..., fu(z)) and the vector (fi(z), f5(x),..., fi(x)). Combining
fz) = (fi(x), fa(x),..., fu(z)) into a vector function of one variable, we
can express the derivative of h(z) = g(f(x)) as follows.

Corollary 3.7.2
The expression (3.30) means precisely that

W (z) = ((fi(x), f3(x), ..., fu(@)), Vg (f1(2), fa(2), . .., ful2)))
= (f'(z), Va(£(2))) = Vg (£ (2))" f ().

The result in Theorem 3.7.1 and Corollary 3.7.2 is known as the chain rule.
The generalized chain rule for vector functions can be found in Theorem 3.8.4
on page 105. The chain rule has many applications, e.g., it is fundamental
in the concept of backpropagation used to estimate the gradient of the loss
function in machine learning under the training of neural networks and
artificial intelligence models.

If the functions g and f1, fo, ..., f, in Corollary 3.7.2 are explicitly given,
we can directly use (3.29) to obtain a formula for the function A, which then
can be differentiated “as usual” without reference to the chain rule. Hence,
for us, the chain rule is mainly important for theoretical analysis as it rarely
makes practical computations easier. Indeed, let us illustrate this with an
example.

(3.31)

Example 3.7.1
Consider the function

9: R =R, g(z1,22) = 2] + 2
and let

fi(z) =sin(z), fo(x) = cos(z).
Then

h(z) = g(fi(@), fa(2)) = sin®(z) + cos(),

so we directly see that h is differentiable, with

h'(z) = 2sin(x) cos(z) — sin(x). (3.32)
Let us derive the same result by applying the chain rule as formulated in
Corollary 3.7.2. We see that the gradient of the function g is

Vg(fhlé) - (2'1:1; 1)7
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Vy(fi(x), f(z)) = (2sin(z), 1).
Also,
(fi(x), f3(x)) = (cos(z), —sin(z)).
Thus, via (3.32)

W(z) = (Vg(fi(2), fa(2)), (fi(2), f5(2)))
= ((2sin(z), 1), (cos(z), —sin(z)))

= 2sin(z) cos(x) — sin(x),
as we also saw in (3.32).

While the chain rule did not really make the calculations easier for us
in Example 3.7.1, it is important to become familiar with the use of the
gradient notation and the inner product in Equation (3.31). Indeed, as we
will see in Section 4.6 on page 123, this type of notation is very convenient
when considering Taylor polynomials in higher dimensions.

3.8 Differentiability of vector functions of
several variables

We will now turn to differentiability of a vector function f = (fi,..., fx) :
U — R* where U is an open set in R”. We again need to generalize
Equation (3.28) on page 98, this time to an equality in R* since f(xzq) € R”.
The modifications are as follows.

1) We will replace the linear map h + ¢'h, R® — R with a linear map
L:R"— R* ie, h— L(h).

2) We will replace the function ¢ : R® — R by a vector function

e:R" — RF.

Definition 3.8.1 Differentiability of vector functions

Consider a vector function f : U — R¥, where U is an open set in R”, and
let g € U. We say that the function f is differentiable at the point x, if
there exist a linear map L : R® — R¥ and a function € : R® — R* such that
e(h) — 0 as h — 0 and

f(xo+h) — f(xo) — L(h) —e(h)|h|| =0, forallheR".  (3.33)
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The linear map L is called the differential of f at x¢ and is denoted d f,.
From Lemma 10.3.2 in Mathematics la we know that L is of the form
L(h) = Jsh where J; € My, (R) is a unique matrix called the Jacobian
matriz.

We already know examples of vector functions that can be differentiated.
Indeed, a linear map is differentiable:

Lemma 3.8.1 Linear maps are differentiable

If L : R® — R* is linear then it is differentiable at all points &, € R™ and
the differential is dL,, = L. That is, if A € My, (R), then the linear map
x — Az, R" — RF is a differentiable vector function at all points x, € R”,
and its Jacobian matrix is (the constant) matrix A.

Proof. Since L : R® — R* is linear it satisfies

for all ¢y, h € R". Thus, if we take € to be the zero vector function e(h) = 0
for all h € R", then (3.33) is satisfied.
[

As for scalar functions, differentiability of vector functions implies
continuity.

Theorem 3.8.2

Assume that the function f : U — R” is differentiable at the point x € U.
Then f is also continuous at .

Proof. The proof of Theorem 3.6.4 on page 99 carries over verbatim to the

setting of Theorem 3.8.2 so we will not repeat it here.
[ |

In terms of the Jacobian matrix Equation (3.33) reads
flx+h) = f(x)+ Jsh+e(h)|h|. (3.34)

We will return to this expressions in Section 4.7 on page 125.
As for scalar functions, where ¢ in (3.28) was equal to the gradient
vector, the Jacobian matrix also has a very special form. If f: U — RF is
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differentiable at @, the Jacobian matrix J¢ is a £ X n matrix given by:

70 (@) g(@) o (@)
Jy = 8@( ) %( ) . 8“.( ) : (3.35)
o CONE - CONRERIE 7 C)

The proof is similar to the proof of Theorem 3.6.2 on page 98 and will not
be repeated here. Note that J; consists of gradient vectors of f; as row
vectors. This shows that if we take £ = 1 in Definition 3.8.1, we recover
Definition 3.6.1 on page 97.

As for continuity of vector functions, we can also check differentiability
of a vector function by looking at each coordinate separately:

Theorem 3.8.3 Differentiability of coordinate functions

A vector function f = (fi,..., fr) : U — RF is differentiable at x, if and
only if all the functions f; : U — R, i =1,..., k are differentiable at x.

The proof is similar to the proof of Theorem 3.2.1 on page 83 and will
not be given here.

When speaking of the Jacobian matrix, we should really say “the Jacobian
matrix evaluated at ” as the matrix clearly depends on x. If we want to
stress this fact, we will write Jg(x). Consider a vector function f : U — R¥,
where U is an open set in R". The map x — J¢(x), U — R¥™ is then
called the differential of f, and it is denoted df, : U +— R¥*™_ This map
is clearly only well-defined for vector functions differentiable at all points
zcU.

Definition 3.8.2 (' vector function

Let U be an open set in R™. A vector function f : U — R* is called
differentiable if it is differentiable at all points & € U. If all partial derivatives
g%’_ : U — R appearing in the Jacobian matrix are continuous functions, then
the vector function f is said to be continuously differentiable or, alternatively,
f is said to be a C* vector function.

A note on terminology: the class of C° vector functions consists of all
continuous vector functions and the class C! consists of all differentiable
functions whose derivative is continuous (such functions are also called
continuously differentiable). In general, the class of C™ vector functions
consists of functions for which the first m partial derivatives of each
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coordinate function exists and are continuous. The class C* are functions
so smooth that they belong to C™ for all values of m.

Just like for scalar functions, differentiability is preserved by the usual
arithmetic operations, e.g., if f: U — R* and g : U — R are differentiable
at g € U, then so is f + g. In particular, the composition of differentiable
vector functions is differentiable. This result is the generalized chain rule.

Theorem 3.8.4 Generalized chain rule

Let U C R® and V C RF be open sets. Suppose that f : U — R* and
g : V — R are vector functions such that im(f) C V, f is differentiable
at &y € U, and g is differentiable at yo = f(xy). Then go f : U — R’ is
differentiable at @, with differential d(g o f)., = dgy, © dfs, and Jacobian
matrix

Jgop(@o) = Jg(yo)J¢(x0), (3.36)
where Jgof € MEXH(R>7 Jg S Mﬂxk(R>, and Jf € Man(R).

The proof is not particularly difficult, however, for brevity, we will not give
it here, but refer to Theorem 3.28 in the additional notes. The generalized
chain rule shows that the Jacobian matrix of composed vector functions is
just a matrix-matrix product of other Jacobian matrices (evaluated at two
different points). Note that, compared to the chain rule for scalar functions
of one variable in Equation (3.10) on page 78, the order of the Jacobian
matrices in (3.36) is important. Indeed, Jg4(yo) is a matrix of size ¢ X k,
while Jg(x) is of size k x n. Hence, if £ # n, only the matrix product in
(3.36) is well-defined.
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CHAPTER 4

Taylor Approximation

In mathematics, physics, and engineering we often face functions that are
complicated to work with. The reason can be, e.g., that the function is given
by a complicated expression, or that we only know the function in terms of
its graph. In such cases it is helpful if we can approximate the function with
a simpler function, for example, a polynomial. The precise meaning of this
will be clear soon, but the idea is to search for a polynomial P such that
the deviation between the function values f(x) of the given “complicated
function” f and P(z) is small for all z in the considered interval. In many
cases it is then possible to do the further calculations with the polynomial
P instead of the function f, and still obtain useful and realistic results.

The starting point of Taylor approximations is the notion of differen-
tiability from Definition 3.8.1 on page 102. Suppose f is differentiable at
xo € U as in Definition 3.8.1. By a simple rearrangement of the terms in
(3.33), we get, by setting @ == x¢ + h,

F(@) = f(zo + h) = f(xo) + Jp(x0)(h) + e(h)[|h||
= f(zo) + J¢(x0) (T — T0) + (T — o) | — 0| (4.1)

for h € R™. The goal is to generalize the formula (4.1) to higher order
derivatives and, in particular, to quantify the behavior of the e-function. For
now, we just know that e(x — xy) — 0 as & — xg — 0, i.e., as & — xy. The
function Py 4, : R" — R* defined by P f 4, () = (o) + J4(x0)(x — x0)
for & € R" is the so-called first-degree Taylor polynomial for f at the point
xy. Hence, from Chapter 3, we already know that, for small h = & — x,
i.e., for & close to @, we can approximate f(x) by a first degree polynomial
P ¢2,(x) (in n variables) and the error f(x) — P 5 4,(2) goes to zero faster
than ||k||. As we will see, we can obtain better approximations using higher
degree polynomials.
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4.1. The tangent for a function of one variable

However, let us take a step back and first consider the simple setup
of approximating a scalar function f of one variable by a first-degree
polynomial. This is just the well-known tangent line for a function of
one variable and the topic of Section 4.1. This approximation is generalized
and improved in Section 4.2, where we approximate the function f by
higher-degree polynomials, the so-called Taylor polynomials. The associated
error estimates, i.e., the estimates of the deviation between the function
values f(x) and the values P(z) of the Taylor polynomials, are considered
in Section 4.3. In the Sections 4.4 to 4.6 we run precisely the same program
for functions of several variables. Finally, in Section 4.7 we return to Taylor
polynomials for vector functions.

The Taylor polynomials we will encounter in this chapter depend on
the given function f, the desired degree of the Taylor polynomial K, and
a fixed “expansion” point &g in the domain of f. The polynomial will be
denoted by Pk, f 2, (x), Pk (), or simply Pk () if f and x, are clear from
the context.

4.1 The tangent for a function of one variable

Definition 4.1.1

Let I C R denote an interval and consider a differentiable function f : I — R.
Fix a point z¢ € I. Then the first-degree approximating polynomial — or
the Taylor polynomial of first degree — at the point xy is defined by

P17f7x0(1‘) = Pi(z) = f(z0) + f'(z0)(x — 20), z €R. (4.2)

The graph of the function Pj, i.e., the straight line given by

y = f(zo) + f'(x0)(x — 20), z € R, (4.3)

is called the tangent of the function f at the point x,.

Remark 4.1.1

The form of the polynomial P, = P f,, in (4.2) implies that two very
particular properties hold, namely,

Pi(x9) = f(x0) and Pj(zo) = f'(w0)-

That is, the function value of P; at the point zy coincides with the function
value f(zo), i.e., the graph of the approximating polynomial P; goes through
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Figure 4.1: The function f(z) = sin(x) and its first-degree Taylor polynomial at
xo = 0 (dashed).

the point (zo, f(x0)). The fact that also the first derivative of P, and f
coincide at xy, implies that the polynomial P; provides an approximation
of the function f in a (small) neighborhood of zy. The graph of P it is
a straight line with slope f’(z¢); see the subsequent Example 4.1.1 for an
illustration of this. In particular, the slope f’(x) tells how the function f
evolves around the point x, : for example, a positive value of f’(xg) means
that the function f is increasing at the point x.

Example 4.1.1

Consider the function f : R — R given by f(z) = sin(x), x € R. Then
f'(z) = cos(z). If we choose zy = 0, the Taylor polynomial of first degree at
xo is given by

P (z) =sin(0) + cos(0)(z — 0) =z, z € R.

We see from Figure 4.1 that P; indeed provides a quite good approxima-
tion of the function f for x close to xq = 0.

In practice it depends on a given application whether we can consider
the Taylor polynomial of first degree as a satisfying approximation of a
given function. Depending on the function f, the interval where P; is
approximating the function f might be very small:

Example 4.1.2
Consider the function f: R\ {0} — R given by

date/time: 16-Jan-2025/10:44 108



4.1. The tangent for a function of one variable

A

251

| A
2 o o | o
5] 0.05\/ 0.07 e
~15

—9251

Figure 4.2: The function f in (4.4) and its first-degree Taylor polynomial at
x = 0.07, shown on the interval [0.03,0.1] (dashed).

The graph of f is sketched on Figure 4.2 for x € [0.03]0.1; note that
the function has “infinitely” many oscillations around z = 0 . Due to the
strong oscillations of the function f it is clear that for values of z( close to
0, the Taylor polynomial of first degree at zy can only provide us with a
reasonable approximation in a very small interval containing xy. In other
words: overall, we can not claim that the first-degree Taylor polynomial
provides us with a good approximation of the function f. See Figure 4.2 for
an illustration of this.

We also note that the information provided by the first-degree Taylor
polynomial is too limited to distinguish even very different functions:

Example 4.1.3
Figure 4.3 shows the graphs of the functions

filz) =22, folz) = —22, fa(z) = =°. (4.5)

It is clear that these three functions behave very differently; nevertheless
they all have the same first-degree Taylor polynomial at the point xy = 0,
namely, P;(z) = 0.

Motivated by our observations in Examples 4.1.2 and 4.1.3 we will

now turn our attention to a more general theory for approximation using
higher-degree polynomials.
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— filx) — fa(x) — f3(x)

Figure 4.3: The functions in (4.5).

4.2 Taylor polynomials for functions of one
variable

Examples 4.1.2 and 4.1.3 demonstrate clearly that we need to develop a
finer approximation theory than the one provided by first-degree Taylor
polynomials. In order to do so, it is natural to use the expression (4.2) as
the starting point. Indeed, as we saw in Remark 4.1.1 the graph of P, goes
through the point (z¢, f(xo)) and has the “correct slope”, so maybe we can
obtain better approximation properties by adding “small correction terms’
of the form a(z — x¢)?, b(x — x0)3, c(x — x0)*, etc? This turns out indeed to
be the case whenever the constants a, b, ¢ etc are chosen correctly. We will
now provide a general formula for an approximating polynomial of degree
K for any positive integer K. In order to do so, we need to assume that the
function f is K times differentiable; we will denote its derivatives at the

point x by f(xo), f* (o), fP(20), ete.

)

Definition 4.2.1 Taylor polynomial of Kth degree

Fix a positive integer K. Let I C R denote an interval and consider a K
times differentiable function f : I — R. Fix a point xq € I. Then the Taylor
polynomial of Kth degree Pk ., = Pk at the point z is defined by

JP(x0) JE) (20)
o A

(z—z0)¥.

(4.6)

Pr(z) = f(20)+ f'(20)(x—0) + (z—20)%+-
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Recall that for a positive integer K, the expression K! (pronounced “K
factorial”) is defined by

KI=K(K-1)(K-2)---1.
For convenience we also define 0! = 1. In particular, we thus have
Ol=1, 11=1, 21=2 31=6, 4/ =24, 5 =120, 6! = 720.

Note that for K = 1 the expression (4.6) indeed corresponds to our
definition of the first degree Taylor polynomial. The Kth Taylor polynomial
can be written in a more compressed form as

K f0) (g
Py (z) = Z / k(' )(x — xo)k. (4.7)

The compressed expression (4.7) allows to work with the Kth degree Taylor
polynomial on a computer, using only little extra effort compared with the
first-degree Taylor polynomials.

Example 4.2.1

Consider the function
f(z)=¢" z€R.

The function is arbitrarily often differentiable, and
@)= fO@) == fO@) = =

For K € N the Kth Taylor polynomial at o = 0 is given by

/ " (K)
Px(z) = f(0) + fl('o)x + f2(!0)x2 SF oooarF / K'(O)xK

_1q 1 1 4 1
= +x+§x +§x +"'+ﬁ‘”

=Y =z (4.8)

Figure 4.4 shows that the fifth-degree Taylor polynomial at zqg = 1 gives a
very good approximation to the function in a quite large interval containing
o — 1.
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Figure 4.4: The function f(z) = e* and its fifth-degree Taylor polynomial at
xo = 1 (dashed).

Example 4.2.2
For a function like in Example 4.1.2,
fo) = sin(5), o #0 (4.9
xr)=—sin|—), x .
T T Y Y

it is cumbersome to calculate higher order derivatives by hand, but for a
mathematical computer program it is easy to do so and also to plot the
graph. Figure 4.5 shows the 4th degree Taylor polynomial at the point
xo = 0.07. Compared with the first-degree Taylor polynomial shown on
Figure 4.2, we see that we get a good approximation of the function f over
a significantly larger interval.

Remark 4.2.1

Note the very particular form of the “correction terms” in (4.6): each term
of the form (z — x0)*, k=0,1,..., K, is multiplied with the corresponding
factor £ (k;f!m). This particular structure implies (compare with Remark 4.1.1
on page 107) that the function value and the value of the first K derivatives

of the polynomial Px and the function f agree at the point xg, i.e.,
P (xo) = f (o),

Py (z0) = f'(20),
P2 (z0) = fP(x0)

ey

PO (o) = B (x0).
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Figure 4.5: The function f in (4.9) and its fourth-degree Taylor polynomial at
x = 0.07.

4.3 Taylor’s formula for functions of one
variable

Examples 4.2.1 and 4.2.2 indicate that we indeed improve the approximation
quality by considering higher degree Taylor polynomials. However, in order
to apply the theory we need to have more exact knowledge about the
approximation quality. In other words: we need to be able to estimate
the difference between the function value f(z) and the corresponding
approximations Pk (x) for z belonging to a suitable interval containing
the point xy. In order to do so, we define the so-called remainder term by

B K f(k)(m())

o (z — x0)". (4.10)

Ry () = f(x) — Px(x) = f(x)

k=0
Our goal is to develop methods to answer the following type of questions:

e Given a fixed value of K € N, how do we estimate the maximal
deviation | f(z) — Pk(x)| between f(x) and Pg(z) over a given interval
I?

o Given a fixed value of K € N, how do we specify an interval containing
the point xg such that the maximal deviation between f(z) and Py (z),
measured over the interval, is below a certain prescribed threshold?
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o Given a fixed interval containing xy, how large do we have to choose the
degree K of the Taylor polynomial P such that the maximal deviation
between f(x) and Pk (z) is below a certain threshold, measured over
the entire interval?

The technical tool to answer such questions is known under the name
Taylor’s formula.

Lemma 4.3.1 Taylor’s formula

Let I C R denote an interval and assume that the function f : I — R is
arbitrarily often differentiable. Let zo € I and K € N. Then, for each x € I
there exists a scalar £ between x and x( such that

(K+1)
Ru(z) = f(0) = Prelo) = TS . @)

The proof of Lemma 4.3.1 is quite lengthy and is given in Appendix A.1,
see Lemma A.1.3. Note that Taylor’s formula does not provide us with a
completely explicit expression for the difference f(x) — Px(x), it simple says
that when we fix « € I, there exists a corresponding & such that (4.11) holds.
Taylor’s formula does not tell us how we can choose &; it just tells us that
such a ¢ exists. In applications of Lemma 4.3.1 it is typically a technical
challenge that different choices of z also lead to different values of £. Before
we show how to apply Taylor’s formula, let us restate the result:

Lemma 4.3.2 Taylor’s formula

Let I C R denote an interval and assume that the function f : I — R is
arbitrarily often differentiable. Let xq € I and K € N. Then there exists a
function ex : R — R such that

Rk (z) = f(z) — Pg(z) = ex(x — x0) (x — 20)™, forall z €1, (4.12)
and ex(x —z9) = 0 as x — zg — 0, i.e., = — x.

Proof. Fix some xy € I. The scalar ¢ in the expression (4.11) actually
depends on the considered = € I and the parameter K so for the sake of
clarity of the proof we will denote it by &, k. Thus,

f(KJrl)(fz,K)
(K +1)!

RK(x) _ )KJrl7

(x — x¢

date/time: 16-Jan-2025/10:44 114



4.3. Taylor’'s formula for functions of one variable

and hence s )
S £,
Ri(z) = (x — 20)® Tl)'}((m — o) | -
This corresponds precisely to (4.12) with
FE(E,,
€K(ZL‘ — Qfo) = ([{_|_<1)|K) (:L‘ — xo).

Also, when © — g, it follows that & x — x9. The function fH*Y is
differentiable by assumption, and hence continuous; therefore 5+ (¢,) —
fE+ (24) as x — 2. This implies that

f(K+1)(§:Jc,K)
(K + 1)

f(K+1)(:L’0>

0=0
(K +1)! ’

ex(x —x0) = (@ — o) —

as r — Tg, i.e., as xr — xro — 0, as claimed.
[ |

We are now ready to address the question of how to apply Taylor’s
formula to estimate the maximal deviation |f(z) — Pk(x)| over a given
interval. This is done via Taylor’s theorem, stated next. It shows that under
certain conditions, we can find a polynomial which is as close to f in a
bounded interval as we wish:

Theorem 4.3.3 Taylor’s theorem

Let I C R be an interval. Assume that the function f : I — R is arbitrarily
often differentiable and that there exists a constant C' > 0 such that

f®(@)|<C, forallkeNandallzel. (4.13)

Let o € I. Then for all K € N and all x € I,

K £(k)
-4 k(!xo)(f—wo)’“

|f(a;) <Y oo nfT 1)

k=0

In particular, if I is a bounded interval, there exists for arbitrary ¢ > 0 an
Ky € N such that

B K f(k) (l‘[))

X <e€ forallz € [ and all K > K,. (4.15)

(z — 20)"

‘f(x)

k=0

The proof of Theorem 4.3.3 is given in Appendix A.1 on page 200.
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Note that in case we can choose xqg = 0, Taylor’s theorem takes a
slightly simpler form. Under the assumptions in Theorem 4.3.3 we can then
approximate f near xo = 0 as well as we like with a polynomial

K (k)
RO
B B

by choosing the degree K sufficiently high.

The inequality (4.14) can be used to decide how many terms we should
include in the Taylor polynomial in order to reach a certain approximation
of a given function on a fixed interval. The following example illustrates
this for the exponential function, and also shows how the number of terms
depend on the considered interval and on how well we want the function to
be approximated.

P (x) (4.16)

k=0

Example 4.3.1

Consider the function

flx)=¢€", z€R.
We saw in Example 4.2.1 that the Kth Taylor polynomial at xy = 0 is given
by

1 1 1
PK(x):1+x+§x2+§x3+--~+ﬁxK

=Y =z (4.17)
= k!

We now aim at finding three values of K € N, namely:

(a) K € N such that

K :Ek
e’ — ,;%E < 0.015 for all z € [-1,2]. (4.18)
(b) K € N such that
K J}k
e — kz—;)ﬁ <0.0015 for all z € [—1,2]. (4.19)
(c) K € N such that
K :Ck
e” _,;)H < 0.015 for all z € [-5,5]. (4.20)
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In order to do so, we first observe that the estimate (4.14) involves the
constant C', which we can choose as the maximum of all derivatives of f on
the considered interval. For the function f we have that f)(z) = e%, i.e.,
all derivatives equal the function itself.

For Ttem (a) we can thus take C' = e%. Now (4.14) shows that (4.18) is
obtained if we choose K such that

e2

K+1 )
T <005 (4.21)
this is satisfied for all K > 8.

In Item (b), we obtain an appropriate value for K € N by replacing
the number 0.015 on the right-hand side of (4.21) by 0.0015; the obtained
inequality is satisfied for all K > 10.

Note than in Item (c), we enlarge the interval on which we want to
approximate f. In order to find an appropriate K-value in Item (a), we need
to replace the previous value for C' with C' = e°; we obtain the inequality

5

€ K+1

which is satisfied for K > 19.

4.4 The tangent plane for functions of several
variables

We will now take the first steps to generalize the theory for Taylor
polynomials to higher dimensions. In this section we focus on first-degree
Taylor polynomials; the case of second degree Taylor polynomials will be
treated in Section 4.5.

Consider a function f : U — R, where U is an open set in R", and fix a
vector o € U. Similarly to our generalizations of the concepts of continuity
and differentiability, our task is to identify a general definition of the Taylor
polynomial of first degree at the point x(; the definition must correspond to
Definition 4.1.1 in the case n = 1.

Looking now at (4.2), the difference x — xy will then be replaced by the
difference & — x(, where & € R". For a function of n variables it is natural
to replace the derivative f’'(z¢) in (4.2) by the gradient vector at the point
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xo. The gradient vector was defined in Equation (3.22) on page 89 as

With these observations, the expression in (4.2) indeed has a generaliza-
tion to R™ if we consider the product between f'(xo) and (x — z) as the
inner product in R. We thus arrive at the following definition:

Definition 4.4.1 Taylor polynomial of first degree

Let U denote an open set in R” and consider a function f : U — R for
which all partial derivatives exist on the set U. Fix a point g € U. Then
the Taylor polynomial of first degree at the point xq is defined by

P jao(x) = Pi(x) = f(20) + (( — 20), Vf(x0)), = €R™ (4.23)

The graph of the function Py, i.e., the set of points (x, Pi(x)), € R", is
called the tangent plane of the function f at the point x,.

We will often consider functions of two variables. In such cases we can
apply the following explicit expression for the first-degree Taylor polynomial:

Lemma 4.4.1

Let U denote an open set in R? and consider a differentiable function
f:U — R. Fix a point (z9,y0) € U. Then the Taylor polynomial of first
degree at the point (xg,yo) is

Pi(z,y) = f(x0,%0) + gi(%; Yo)(z — x0) + gg(ﬂﬂo,yo)(y — %), (4.24)
where (z,7y) € R%

Proof. Write x = (z,y) and &y = (x0,%). Then (4.23) shows that

Pi(z,y) = f(zo) + ((x — x0), Vf(20))

= f(x0,%0) + {%(%Hyo) %(woa ?Jo)} B - ;ﬂ

— ) + 5 0 g0)o o) + 5 o, )~ ),

as claimed.
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Remark 4.4.1

Lemma 4.4.1 shows that the first-degree Taylor polynomial at a point (xg, yo)
for a function of two variables satisfies that

8P1 af aPl af
P = e = — —_— — .
1(3707340) f(l‘o,yo)a o (xo,yo) O (55071/0)7 By (90073/0) By (Jfoayo)

That is, the function f and its first-degree Taylor polynomial P; coincide at
the point (zg,yo), and the gradient of f and the gradient of P; also coincide
at (xo,Y,). This property corresponds to what we have for the first-degree
Taylor polynomial for a function of one variable; see Remark 4.1.1. The
similar result (with a similar calculation) holds for a function of n variables.

Example 4.4.1
Let us return to the function

fR* =R, f(z,y) =sin(z? +y),

which we considered in Example 3.3.2. The calculations in Example 3.3.2
show that
Vf(z,y) = (2x cos(a® +y), cos(z? + y)).

Thus, at the point (xg,y0) = (v/7,7) we have

Vf(V/m,m) = (2y/7cos(m + ), cos(m + 7)) = (2y/7, 1).

Therefore the Taylor polynomial of first degree at the point (g, yo) = (v/7, )
1S

Pi(w,y) = f(/7,m) + <[$y__ﬂ , [be
=sin(r + ) + (v — V7)2V/7 + (y — 7) - 1
= 2v/mx +y—3m, (z,y) € R%

4.5 Taylor polynomials for functions of
several variables

As for functions of one variable, we can define higher-degree Taylor
polynomials by adding higher-degree terms to the formula for the Taylor
polynomial of first degree. We will here only consider the Taylor polynomial
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of second degree as the notation for higher degree polynomials becomes rather
complicated as one usually formulate such higher degree Taylor polynomials
using tensors or multi-indices. We refer the interested reader to the additional
notes. To define second-degree Taylor polynomials of functions of several
variables, we need the Hessian matrix H(x) introduced in Equation (3.25)
on page 94.

Definition 4.5.1 Taylor polynomial of second degree

Let U denote an open set in R™ and consider a function f : U — R for
which all partial derivatives of order one and two exist on the set U. Fix a
point &y € U. Then the Taylor polynomial of second degree Ps f 4, = P» at
the point x( is defined by

Py(x) = f(@o) + ((x — x0), Vf(x0)) + ;<(w — @), H(x0)(x — x9)) (4.25)
for & € R".

If, in addition to the assumptions of Definition 4.5.1, all second-order
partial derivatives are continuous in U, then the Hessian matrix is a real
symmetric n X n matrix by Theorem 3.6.5 on page 100.

For functions of just two variables we can apply the following explicit
expression for the second-degree Taylor polynomial:

Lemma 4.5.1

Let U denote an open set in R? and consider a function f : U — R for which
all partial derivatives of second order exist and are continuous on the set
U. Fix a point (2o, yo) € U. Then the Taylor polynomial of second order at
the point (o, yo) is

Pa(e.9) = f o, 0) + 5 (20, 30) (o = 0) + 5 (s, 90)(y — ) (426)

0? 52
+ ;8;27(%, Yo)(z — 950)2 < ;ay];(xo,yo)(y - y0)2

92
+ (%(;Cy(fﬁo,yo)(l' - $0)(y — yo), (:U,y) c R?. (4.27)

Proof. The terms in the first line (4.26) corresponds exactly to the first-
degree Taylor polynomial f(xo) + ((x — xo), Vf(x0)), so we now focus on
the new term

@ — o), Hylawo)(w —20)) = 3 (Hj (o) (@ — ),z — 20),
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4.5. Taylor polynomials for functions of several variables

where we have used that Hy(x) is a symmetric matrix by Theorem 3.6.5.
Using the expression in (3.26) for the Hessian matrix at the point (zg, yo),
we see that in the two-dimensional case,

H(xo)(x — x0) = H(z0,y0) [x : :Uo]
Y —Yo
%(930» Yo) %afy(l"o, yo)] [x — xol

= z %
_8ayafx(x07y0> %(950,90) Y —Yo

— |0z :
_a(r;afm (o, yo)(x — wo) + %(%, Y0) (Y — Yo)

M 92 2
2L (w0, yo) (@ — 20) + 2 (20, y0) (y — y@]

Therefore
1
§<Hf(330)(33 — x), (a: - $0)> =
1 L (0, y0) (x — T0) + 2 (20,90) (¥ — o)
§[m_x0 y—yo} o’ f 92 f
Dy (0, yo)(z — o) + 372@0, Y)Yy — o)
192 192
= 28;;(%’3/0)(:6 - 350)2 + 28;;(%;%)@ - yo)2
32
+ g 0@ = 20)(y = o)
as claimed.

The second-degree Taylor polynomial P ., (x) defined in Equation (4.25)
on the previous page is actually a class of functions we understand very well.
In fact, P f4, is a quadratic form. We ask the reader to prove this fact in
the next exercise.

Exercise 4.5.2

Show that the second-degree Taylor polynomial P s, (x) defined in
Equation (4.25) on the preceding page is a quadratic form as defined in
Definition 1.2.1 on page 16. You should express the matrix A, the column
vector b and the constant ¢ in terms of f and its derivatives and xq. Hint:
Start by expanding all inner products in (4.25) using linearity of the inner
product. Collect all constant terms (those not depending on «) and set
them equal to c. Proceed to the terms linear in x.
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Example 4.5.1
For the function

[R5 R, f(z,y) =sin(z® +y),

we saw in Example 4.4.1 that, at the point (zg,v0) = (1/7, 7), the Taylor
polynomial of first degree is

Pi(z,y) = 2vmx +y — 37, (z,y) € R

The second-order partial derivatives were calculated in Example 3.5.2,
where we saw that

9% f

a—x(x, y) = 2cos(a® + y) — 4a? sin(z? + y)
aajgy(x, y) = —2zsin(z® + y)

afafx(x’ y) = —2zsin(a? + y)

ZZJ;(J;, y) = —sin(z? + y).

Thus, at the point (zg,vo) = (/7 7),

0*f 3 s
%(\/i ) = 2cos(m + m) — 4n”sin(w + ) = 2,
gzaj;(\/ﬁ 7) = =2/ sin(n + w) = 0,
afjafx(\/y_r, ) = —2y/msin(m + ) = 0,
and
ZZ(\/TT, 7) = —sin(w +7) = 0.

By Lemma 4.5.1, the second-degree Taylor polynomial at the point

(z0,40) = (V/7,T) is

Py(z,y) = 2y/mx +y — 31 + (z — /7)?
=2? +y—2m.

date/time: 16-Jan-2025/10:44 122



4.6. Taylor's formula for functions of several variables

Example 4.5.2
For the function

f:R* =R, f(z,y) =sin(2® +y?),

direct calculation (try to do it) shows that the first-degree Taylor polynomial
at the point (z¢,yo) = (0,0) is

Py (33’, y) =0,
and that the second-degree Taylor polynomial is
P2<.T,y) = 332 + y2'

Figure 4.6 shows the function f and the two Taylor polynomials.

4.6 Taylor’s formula for functions of several
variables

The Taylor polynomial P, of second degree is typically a better approxima-
tion of a given function f :R™ — R than the first-degree Taylor approxima-
tion, but still it is just an approximation. That is, we can write

f(x) = Py(x) + Ra(x),

where the function R, : R™ — R is the so called remainder term.
Alternatively, we may write

Ry(x) = f(z) = Py().

In general we do not know exactly how the function Rs look like, but
as for the case of functions of one variable the important Taylor’s formula
quantifies its behavior:

Theorem 4.6.1 Taylor’s formula
In the setup of Definition 4.5.1, the remainder-term R, has the form

Ry(z) = f(z) — Pa(z) = e(x — z0)[|® — 20l” (4.28)

for some function € : R” — R for which e(x — xy) — 0 whenever  — .
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Figure 4.6: The function f(x,y) = sin(z? + y?) and its Taylor polynomials of
first degree and second degree at the point (0,0).

Theorem 4.6.1 can be proved by a number of tricks, reducing the problem
to the one-dimensional case considered in Lemma 4.3.1; this leads to a
result of a similar type (but of higher complexity) as in Lemma 4.3.1.
Furthermore, there exist definitions of Taylor polynomials of arbitrary high
degree, and corresponding error estimates. It is outside the scope of the
current presentation to go into an analysis of this.
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4.7 Taylor polynomials for vector functions of
several variables

We will now turn to Taylor polynomials of a vector function f = (f1,..., fx) :
U — R* where U, as usual, is an open set in R". Luckily, the situation is
not much more complicated than for scalar functions of several variables.
Recall that each coordinate function f; : U — R is a scalar function of n
variables. So to get the Kth degree Taylor polynomial for f at xy, we “just”
need to find the Kth degree Taylor polynomial of each coordinate function
fi at the same point xy. This leads to the following definition.

Definition 4.7.1 Taylor polynomial for vector functions

Let U denote an open set in R™ and consider a function f = (fi,..., fx) :
U — R*. Suppose all partial derivatives up to degree K of each coordinate
function f;, i =1,... k, exist on the set U. Fix a point &y € U. Then the
Taylor polynomial of K degree Pk ¢ ., = Pk at the point @, is defined as
the vector function Pf : R — R¥ whose ith coordinate function is Pk, z,-

In Definition 4.7.1, one usually assumes that f is a C* vector function, see
the discussion just below Definition 3.8.2 on page 104, as it guarantees that
all the partial derivatives exist and are continuous. Note that Definition 4.7.1
is not very explicit, and we have only discussed how to write down Py y, 4,
for K =1and K =2 in case n > 1. For K = 1 there is a simple formula
for P f 4, in terms of the Jacobian of f. Suppose that f : U — RF is a
differentiable function at xy € U. Then the first-degree Taylor polynomial
at the point x( is given by:

P jao(x) = f(@0) + g (0) (2 — 20). (4.29)

We actually derived this first-degree Taylor polynomial in Equation (4.1)
on page 106 from Definition 3.8.1 on page 102. Moreover, we know the
remainder term satisfies:

Ry g (@) = f(®) = Prja(®) = e(@ — @)z — 20|,
where e(x — xy) — 0 as * — x.

Exercise 4.7.1

Suppose that f = (f1,..., fx) : U — R* is a differentiable function at
@y € U, where U C R" is an open set. Derive the formula in Equation (4.29)
by applying the formula in Equation (4.23) on page 118 for each coordinate
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function f;, 1 = 1,...,k. Hint: Remember that the rows of the Jacobian
matrix contain the gradient vector of each coordinate function.

It is rather technical to write down Pk s ,, () explicitly for K > 1, and
it is beyond the scope of this text.
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CHAPTER 5

Local and Global Extrema of
Functions

Many important problems in engineering deals with optimization. For
example, how can we — under given physical conditions — minimize the
power consummation of an electric device? Or, how can we maximize the
output from a wind mill or a solar panel? Typically, the value of the “item”
to be optimized can be expressed as a function of a number of variables
representing physical quantities. In such cases we are left with a purely
mathematical question of how to maximize/minimize a function in a certain
domain that is determined by the physical limitations for the involved
variables. In this chapter we will discuss methods for optimization for scalar
functions of several variables. We begin by reminding the reader of the
one-dimensional case in Section 5.1. The general case of a scalar function of
several variables is then considered in Section 5.2.

We will not consider vector functions in this chapter. In fact, one cannot
optimize vector functions since such functions takes values in R*. Recall
that it does not make sense to ask if a vector y; € R* is smaller than
or larger than y, € R*. Phrased mathematically, there is no ordering on
R¥ so we cannot ask for the “smallest” or “largest” value of a function
f : dom(f) — R*. We already see this issue for complex-valued scalar
function, again, because there is no ordering on C. However, the solution
is evident: we optimize the norm of the function values instead. Hence, if
f : dom(f) — F*, we consider the function & — || f(z)]|, dom(f) — [0, o0,
which is a real-valued scalar function. The norm ||| is not necessarily
the standard norm F*, and the choice often depends on the application in
question.

For (real-valued) scalar functions, we will consider two types of
optimization, a global optimization and a local optimization. Global
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5.1. The range of functions of one variable

optimization aims at finding the maximum/minimum value of a given
function over the entire domain. On the other hand, local optimization deals
with an analysis of a given function in a small neighborhood of a given
point. It provides methods to decide whether the given point at least yields
the maximum /minimum value within a small neighborhood of the point.
The main tool here is to approximate the function locally by a quadratic
form, namely, a second-degree Taylor polynomial. Both local and global
optimization are highly relevant in practice.

5.1 The range of functions of one variable

In this section we will remind the reader about standard results concerning
the image or range of a function f that is defined on a closed and bounded
interval [a,b] in R. The image set im(f) of f : [a,b] — R is also written as
f([a,b]), and it is the set given by { f(x) ‘ x € [a,b]}. One of the fundamental
theorems of analysis states that, if the function f defined on a closed and
bounded interval is continuous, then the image set is itself a closed and
bounded interval.

Theorem 5.1.1

Consider a continuous function f : [a,b] — R defined on a bounded and
closed interval [a,b]. Then the image of f is bounded and has a minimal
value m € R and maximal value M € R, that is,

Im, M € im(f)Vy € im(f) : m <y < M.
Moreover, the image set has the form

f(la, 0]) = [m, M]. (5.1)

The proof of Theorem 5.1.1 is beyond the scope of this text, and we refer
the reader to Theorem 2.9 in the additional notes for a proof.

The value m in Theorem 5.1.1 is called the minimum of the function f,
and the value M is called the maximum. We use extremum to denote either
the minimum or the maximum. Theorem 5.1.1 tells us that there indeed
exist x; € [a, b] such that f(z1) = m, and we say that the function f attains
its minimum in ;. Similarly, there exists xo € [a, b] such that f(xq) = M,
that is, f attains its maximum in xs. Furthermore, Theorem 5.1.1 says that
any y in the interval between m and M there exists an x € [a,b] so that

f(z)=y.
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For the validity of Theorem 5.1.1 it is essential that all the assumptions
are satisfied. The following examples illustrate this.

Example 5.1.1 (a) Consider the continuous function

f:10,1[—= R, f(z) = In(z).

Then im(f) = f(]0,1]) =] — 00,0[. That is, the image set is not
bounded, and the function f neither has a minimum nor a maximum.
Note that the domain ]0, 1] is non-closed, i.e., the conclusion does not
contradict Theorem 5.1.1. Note that In(1) = 0 is not a maximum
of im(f). It is, however, the supremum of im(f) as the least upper
bound of |—o0, 0[. The function f does not attain a maximum since
there is no x € dom(f) such that f(z) = 1.

(b) Consider the continuous function
f:[0,00[= R, f(x) = 3%

Then im(f) = f([0,00]) = [0,00[. Hence, the image set is not a
bounded interval, and the function does not have a maximum value.
Note that the domain [0, 0o is not a bounded set so the conclusion
does not contradict Theorem 5.1.1.

(c¢) Consider the function

f:[-2,-1U[1,2] =R, f(z) = {—1 whenever z € [-2, —1],

1 whenever x € [1,2].
Then the image set only consists of the two points {—1,1}, and is thus
not an interval. This does not contradict Theorem 5.1.1; the function

f is continuous (why?), and the domain [—2, —1] U [1,2] is closed and
bounded, but it is not an interval.

(d) Consider the function

whenever x # 0,

whenever x = 0.

fi[-L1] =R, f(z)= {8

Then the image set is f([—1,1]) =] — o0, —1] U {0} U [1,00[. That
is, even though the function f is defined on the closed and bounded
interval [—1,1], the image set is not an interval; furthermore there
is neither a minimum or a maximum. This does not contradict
Theorem 5.1.1 since the function f is not continuous.
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Note that Theorem 5.1.1 is a theoretical result: it tells us that a function
f that satisfies the stated conditions has a minimum and a maximum, but
not how to find these values. For this purpose we need the following result.

Theorem 5.1.2

Consider a continuous function f : [a,b] — R. Then, if f attains its
minimum or maximum at the point zy, one of the following possibilities
occur:

(i
(ii

) T
)

(iii) zo is a point where f is not differentiable;
)

ZL'O:

(iv) o is a point where f is differentiable, and f'(zo) = 0.

Proof. The result follows from a more general result proved in Theorem 5.2.2.
|

In other words: in order to find the minimum and the maximum for the
function f, it is enough to search among the end points a,b of the domain
and the points xy where f is either not differentiable, or f'(xy) = 0.

Example 5.1.2

Consider the function
f:00,2] = R, f(z) =22

Then f satisfies the conditions in Theorem 5.1.1. In order to find the
minimum and the maximum, we now apply Theorem 5.1.2. First, the
function f is differentiable for all = €]0, 2[, and

f'(z) = 3z% — 1.

Note that the solutions to the equation 322 —1 = 0 are x = 4-1/+/3. However,
x = —1/4/3 does not belong to the considered domain [0,2] and will thus
be discarded. According to Theorem 5.1.2, the minimum and maximum of
the function f are among the values

1 1 1 )
f(O):O, f(2)267 f(31/2)233/2_31/2 :_@'
We conclude that the minimum is f(5i73) = — 57z, the maximum is f(2) = 6,

and the image set is [—53, 6].
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Note that Theorem 5.1.2 just tells us that in order to find the minimum
and the maximum, we should examine the points x € [a, b] where f'(z) = 0;
it can very well be that f/(x) = 0 and that the function f neither assumes a
minimum nor a maximum at the point x. The following example illustrates
this.

Example 5.1.3
Consider the function

f:[-2,2] = R, f(z) =2

The function f is increasing, so the image set is f([—2,2]) = [f(—2), f(2)] =
[—8,8]. We see that f/(x) = 322 and that f’(0) = 0; however, the function
f neither has a minimum nor a maximum at the point x = 0. A point were
the derivative is zero, but where f neither has a minimum nor a maximum,
is called a saddle point.

Recall that the second derivative f"” can help us to decide whether a
point zp with f'(z9) = 0 qualifies as a candidate to give a minimum value
or a maximum value.

Theorem 5.1.3 Second derivative test
Consider a function f : [a,b] — R which is two times differentiable on the

open interval ]a, b[. Assume that f'(zq) = 0 for some zq €]a, b[. Then the
following assertions hold:

(i) If f"(zo) < 0, there exists an open interval I Cla, b containing xy such
that f(z) < f(xo) for all z € I\ {z}.

(ii) If f"(xo) > 0, there exists an open interval I Cla, b| containing x, such

that f(z) > f(xg) for all z € I\ {zo}.

Proof. The result follows from a more general result proved in Theorem 5.2.4.
[

Note that if the assumption in Item (i) of Theorem 5.1.3 is satisfied, the
conclusion only says that the function value f(xg) is larger than the function
values in a small interval containing xy. That is, we can not conclude yet
that f(zo) is a maximal value measured over the entire interval [a,b]. We
say that f(xz¢) is a (strict) local mazimum value. Similarly, in Item (ii) of
Theorem 5.1.3, the conclusion is phrased by saying that f(xg) is a (strict)
local minimum value.
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In case f'(z9) = 0 and also f”(z¢) = 0, Theorem 5.1.3 does not give us
any information. In this case it is necessary with a closer examination to
find out whether zy can lead to a minimum value or a maximum value. The
following example illustrates this.

Example 5.1.4
Consider the following three functions, all of them on the interval [—1, 1]

fla) = —a?, g(z) = 2%, h(z) = 2°
Then
f'(z) = —4a°, d(z) = 42>, R (z) = 3z°
and
f'(z) = —12x2, J"(x) = 1227, h"(z) = 6z,
S0

f(0) = f"(0) = ¢'(0) = ¢"(0) = #'(0) = n"(0) = 0.
By inspection, we see that z = 0 leads to a maximum for the function f

and a minimum for the function g. For the function h, the point neither
yields a minimum value nor a maximum value.

5.2 The range of functions of several
variables

We will now consider the image set for functions of n variables. Our first
goal is to generalizes Theorem 5.1.1 to functions f : B — R, where B
is a subset of R™. In order to do so, we need to find the correct higher-
dimensional variants of the conditions in Theorem 5.1.1, such that we avoid
the issues encountered in Example 5.1.1. Let us look at the conditions in
Theorem 5.1.1, one by one:

(i) Example 5.1.1 (i) shows that in order for the result in Theorem 5.1.1
to hold, it is essential that the function f is defined on an interval
la, b] and not on ]a, b[; that is, the domain must contain the end points
of the interval, or, in other words, the domain must be closed. For a
function of n variables, f : B — R, we will therefore require that the
domain B is closed.

(ii) Example 5.1.1 (ii) shows that in order for the result in Theorem 5.1.1
to hold, it is essential that the function f is defined on a bounded set.
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For a function of n variables, f : B — R, we will therefore require
that B is a bounded set; see Definition 2.2.6.

(iii) Example 5.1.1 (iii) shows that in order for the result in Theorem 5.1.1
to hold, it is essential that the function f is defined on an interval;
that is, the result might not hold for functions that are defined on a
union of two disjoint intervals. The next definition translates this into
a condition on sets in R™.

Definition 5.2.1 Connected set

A set B C R” is said to be connected if, for each choice of points @, x> € B,
there exists a continuous function 7 : [0,1] — B such that »(0) = x; and
7'(1) = I3.

Since the function » in Definition 5.2.1 is a curve, one sometimes speak
of curve connected sets. The key point in Definition 5.2.1 is that the curve r
runs entirely inside the set B. In the one-dimensional setting, this condition
excludes the possibility that the function is defined on the union of two
disjoint intervals. It turns out that we now have identified the precise
conditions that are necessary in order to generalize Theorem 5.1.1:

Theorem 5.2.1

Let B C R" be a closed and bounded, and consider a continuous function
f: B — R. Then f has a minimal and maximal value. If B is, in addition,
also a connected set, then the image set has the form

im(f) = f(B) = [m, M], (5.2)
for some m, M € R.

Thus, exactly like Theorem 5.1.1, the result guarantees the existence of
a minimum value and a maximum value. In order to find these values, we
will typically apply the following result, which generalizes Theorem 5.1.2.

Theorem 5.2.2

Let A C R" be a set, and consider a function f : A — R. Then, if f
attains its minimum or maximum at the point &y € A, one of the following
possibilities occur:

(i) &g € ANOA (x is a boundary point in the domain);

(ii) @y € A° is a point where f is not differentiable;
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(iii) @y € A° is a point where f is differentiable, and V f(x() = 0.

Proof. Suppose that xy € A is a point where f attains an extremum. It
is obvious that xq is either a boundary point &y € A or an interior point
xy € A°. If x( is an interior point, then one of two things can happen: f is
not differentiable at @y or f is differentiable at xy,. Hence, the only thing
we have to prove is that if f is differentiable at xg, then Vf(xy) = 0. We
postpone the proof of this fact to Lemma 5.2.3 on page 137.

[ |

Thus, under the assumptions in Theorem 5.2.2, if a function f is
differentiable and we want to find its minimum value and maximum value, it
is enough to examine the function values f(a) for points & belonging to the
boundary of the domain of the function and for points @ in the interior of
the domain for which V f(xq) = 0. This motivates the following definition.

Definition 5.2.2 Stationary point

Let A C R be a set. A point xy € A° is called a stationary point for f if f
is differentiable at @y and V f(xq) = 0.

Calculation of the stationary points require us to solve a number of
equations:

Example 5.2.1

For the function
fR =R, f(z,y) =2y* +2* +y°,
we saw in Example 3.3.4 on page 90 that
Vf(z,y) = (v* + 2, 2zy + 3y?). (5.3)
Thus, in order to find the stationary points, we need to solve the equations
¥ +2r=0 A 2zy+3y*=0. (5.4)

Note that the first equation implies that 2z = —y?; inserting this in the
second equation shows that —y? + 3y? = 0, or, y*(—y + 3) = 0. Thus, we
have y = 0 or y = 3. For y = 0, the first equation in (5.4) leads to x = 0,
and for y = 3 we get x = —9/2. Thus, the stationary points are (0,0) and
(—9/2,3).
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Note that the set of stationary points might not consist of isolated points:

Example 5.2.2
For the function

[R5 R, f(z1, 22, 23) = 2122 + $§x§7
we saw in Example 3.3.5 that
Vf(z1, 29, 23) = (T2, T1 + 22073, 37373).

Thus, (x1, 29, x3) is a stationary point if and only if the equations

Lo =0, 1+ 2zo15=0, and3z3z3=0,

are satisfied. Using that x5 = 0, the second equation shows that also ;1 = 0;
also, the third equation is automatically satisfied, i.e., the equations do not
put any restriction on x3. Thus, the stationary points are exactly the points
of the form (z1, x5, x3) = (0,0,t), where t € R.

Let us now consider an example, where we apply Theorem 5.2.2 to find
the minimum value and the maximum value for a given function.

Example 5.2.3
Let
B ={(z,y) € R | 2> +1* < 4},

and consider the function
f:B—=R, f(r,y) =xy+ 1.

In order to apply Theorem 5.2.2, we first calculate the stationary points
in the interior of B. We have

Vi(z,y) = (y,).

Thus, the only stationary point is (z,y) = (0,0), and f(0,0) = 1.

We now need to examine the function values on the boundary of B.
Note that B is a ball with radius 2. Thus, the boundary §B is the circle
in R? with radius » = 2. The points in this set are parameterized by
r(t) = (2cost,2sint), where t € [0,27]. On the boundary, the function
values for the function f are therefore precisely the values of the function
g :[0,2r] - R,g = for, ie, g(t) = f(2cost,2sint). We see that
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g(t) = f(2cost,2sint) = 4costsint + 1 = 2sin(2t) + 1 for t € [0, 27].
The sine function take all values in the interval [—1, 1], so the image set
of the function g is ¢([0,27]) = [—1, 3]; comparing this information with
the function value of f in the stationary point (0,0), it follows that the
minimum value for the function f is —1 and the maximum value is 3, i.e.,

im(f) =[-1,3].

Frequently, in particular, in application with functions of many variables,
it is impossible to find global extrema, and we have to settle with a
local analysis of a given function f, that is, we search for extrema in a
neighborhood of a certain point xy. In such cases we apply the following
definition, which is formalizing the discussion after Theorem 5.1.3.

Definition 5.2.3 Local minimum and maximum
Let A be a set in R” and f: A — R a function.

(i) If &y € A and f(x) > f(=xo) for all © # x( in some ball B(xg,€) N A,
that is,

Je >0V € A\ {xo} : ||z — x| < €= f(x) > f(x0),

we say that the function f has a local minimum at the point x.

(ii) If &y € A and f(x) < f(x) for all & # x( in some ball B(xg,€) N A,
that is,

E|€>O\V/CC€A\{£U0}:HCU_-’BOH <€:>f(€13>§f($0),

we say that the function f has a local maximum at the point x.

(iii) If the above conditions hold with strict inequalities, i.e., f(x) > f(xo)

and f(x) < f(xo), we say that f has a strict local minimum and a
strict local maximum, respectively.

Let us illustrate the notion of local extrema with an example of a function
of one variable.

Example 5.2.4
Consider the function
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172 S [_271[7
f:[-2,3] = R, f(z)=11 z € [1,2],
4(x —5/2)* z€]2,3].

By plotting the graph of the function, it is not difficult to conclude the
following. The function has local minima at x = 0, z = 3/2 and for any
r € ]1,2]. At x = 0 and x = 3/2 the two local minima are also strict
global minima with value 0, while the local minima in |1, 2[ are neither strict
nor global. The function has local maxima at x = —2, x = 3 and for any
x € [1,2]. The local maxima at x = —2 is also a strict global maxima with
value f(—2) = 4.

In order to find the points where a given function attains local maximum
and local minimum values, we use the same approach as we saw in
Theorem 5.2.2; that is, we search for points xg, where V f(z9) = 0. This
gives us a necessary condition for a differentiable function having a local
extremum in an interior point.

Lemma 5.2.3

Let ACR"™ If f: A — R has a local extremum in an interior point &y € A°,
where f is differentiable, then x, is a stationary point, i.e., V f(x) = 0.

Proof. Assume f is differentiable at x, but Vf(xg) # 0. Let e =
Vi(xo)/||Vf(xo)|, and let h = te for some ¢t € R. Then, there is a
function € : R — R satisfying e(h) — 0 for h — 0 such that

f(xo +h) = f(xo) + Vf(zo)h +c(h)|h|
= f(o) + t|Vf(o)|l + (te)]t]
= f(=mo) +t(IVf(z0)| *e(te)).

For sufficiently small values of |t|, the term ||V f(xo)|| £ (te) is positive,
hence f(xo+ et) = f(xg) + ct for some positive constant ¢. This shows that

f(xo) cannot be a local extremum.
|

Note that V f(xo) = 0 in Lemma 5.2.3 is only a necessary condition.
Indeed, the function f: R — R, f(x) = z* has a stationary point at x¢ = 0,
but f(x¢) is neither a local minimum nor local maximum. This motivates
the following definition.
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Definition 5.2.4 Saddle point

A stationary point of f: A — R, A C R", is called a saddle point if it is
neither a local minimum nor a local maximum.

The name saddle point comes from the fact that the graph of f(z,y) =
2?2 — y? near the stationary point (0,0) looks like a horse saddle.

Let us finally notice that under certain circumstances the Hessian matrix
can be used to argue whether a stationary point is a candidate to yield a
minimum value of a maximum value:

Theorem 5.2.4 Second partial derivative test

Let U C R™ be an open set, and assume that @y € U is a stationary point
for a function f : U — R. Assume that f is twice continuously differentiable,
that is, assume that Vf is a C! vector function (recall Definition 3.8.2 on
page 104). Denote the Hessian matrix at &g by H (o). Then the following
hold:

(i) If Hy(xo) is positive definite (i.e., all eigenvalues are positive), then
xo is a strict local minimum.

(ii) If Hy(xo) is negative definite (i.e., all eigenvalues are negative), then
xq is a strict local maximum.

(iii) If Hf(xo) has both positive and negative eigenvalues, then x, is a
saddle point, that is, f(xg) is neither a minimum nor maximum value
(not even in a small neighborhood of ).

(iv) If Hy(x) is singular (i.e., has A = 0 as an eigenvalue) and all non-
zero eigenvalues have the same sign, then a detailed examination is
necessary in order to decide whether f(xg) is a minimum value, a
maximum value, or a saddle point.

Proof. Since xy € U is a stationary point, i.e., Vf(xg) = 0, it follows from
Taylor’s formula for Ps ¢ ., in Theorem 4.6.1 with h = © — @ that

Flao+ h) = Flao) + bV fao) + 3 (h Hy(wo)h) + () 1]
= f(@o) + 5 (h, Hy(wo)h) + () 1]

where ¢(h) — 0 as h — 0. Since H(x) is real and symmetric, it follows
from the spectral theorem that H (o) = QAQ" where @ is real orthogonal
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and A = diag (A1, ..., \,;,) contains the eigenvalues of the Hessian matrix.

Let A = QTh, and let hy be the kth entry of A. Then

<h,Hf(w0)h) h Ah Z/\klhk|2

To prove Item (i), we assume that H(x) is positive definite, i.e., A, > 0
for all k. Let Apnin > 0 denote the smallest eigenvalue. Then

(h, Hy(xo)h Z Ailhu* > AmmZIW Asmin |l[* = A |

Hence, for any h € R" with ||h| # 0 sufficiently small, we have

f(®o +h) = f(xo) + 3Amin||hl* + (R)|R]* =
f(xo) + ||h||2()\min/2 + 5(h)) > f(=o),

which shows that f(x) is a strict local minimum.
The proofs of the other assertions are similar, and we leave the details

to the reader.
[ |

Note that the complication in Item (iv) in case of a non-invertible Hessian
matrix corresponds precisely to the information we got out of Example 5.1.4
in the one-dimensional case. The complication is due to the fact the a second
order Taylor approximation is not a sufficiently high order polynomial to
examine the stationary point.
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CHAPTER 6

Integration

Integration is one of the fundamental concepts in mathematics. Several
definitions of integration exist in the mathematical literature, each tailored
for specific purposes. Also, numerous problems in physics and engineering
can be formulated and solved in terms of integrals. In this chapter we aim
at a presentation of the classical Riemann integral, often just called the
integral, as the other types of integrals only occur in more advanced literature.
We begin in Section 6.1 by considering integrals of scalar functions over
bounded intervals [a, b] in R. In Section 6.3 we first mimic the procedure to
introduce integration over rectangles in R?, and then show how to integrate
scalar functions of two variables over more complicated domains in R2. In
Section 6.4 we introduce a technique that can often be used to transform a
“complicated integral” into a “simpler integral”; a special and particularly
useful version of this technique is discussed in Section 6.5. A natural
generalization of integration in R? to R" is presented in Section 6.6. Finally,
in Section 6.7 we consider integration of vector functions of n variables.

6.1 The Riemann integral of functions of one
variable

As prelude to the later and more advanced sections in this chapter, we will
start by considering integration of functions f : [a,b] — R, where [a, b] is
a bounded and closed interval in R. The integral can be defined in two
equivalent ways, namely, either as a limit for certain sums (to be specified
below) or as the anti-derivative of the function f. We will describe both
ways. We expect the reader to have some basic knowledge about the topic,
but maybe at a less technical level.

To get started, let us assume that the function f : [a, b] — R is continuous
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and positive, that is, f(z) > 0 for all = € [a,b]. Let us imagine that we
want to find an approximate value for the area of the subset in R? that is
bounded by the lines z = a, x = b, the x-axis, and the graph of the function
f. In order to do this, fix some J € N and split the interval [a, b] into J
subintervals @;,7 =1,...,J, given by

Q1 = [1o,71),Q2 = [21,29],..., Qs = w51, 2], (6.1)
where xg, z1,...,2; € |a,b] satisfy:
a:ZE0<I1<I2<"'<ZL‘J_1<ZL'J:b. (62)

The length of each interval @; = [z,_1, x;] is denoted by Az; = z; — x;_1.

One such choice is to divide [a, b] in J intervals of equal length Az = Ax; =
b—a.
Sak

Q1= [a,a+b‘7‘l},Qz: {a+"‘7“,a+21"7“],...,QJ: [a+(J—1)b_Ta,b},

For each interval );, we pick an arbitrary point §; € @;. Then the
associated Riemann sum, to be denoted by S, is defined as

Sy = Z f(&)Az;. (6.3)

Intuitively, if J is “large”, the value S; is a “good approximation” of the
desired area; furthermore, typically we obtain “better approximations” by
increasing J, i.e., by splitting the interval [a,b] into finer intervals. See
Figure 6.1 for an illustration of this.

The Riemann sums S; indeed have a limit, denoted I € R, as J — oo
regardless of how we pick the subintervals @); and §; € @;; the limit / can
be considered as the precise definition of the area of the considered domain.
If the function f is not necessarily positive (but still continuous), one can
prove that the Riemann sums S still converge to a real scalar I as J — oo,
and the limit [ is the “signed” area under the graph, see Theorem 6.1.1 on
page 143.

However, we often need to integrate functions that are not continuous
on their entire domain. This leads to the following definition.

Definition 6.1.1 Riemann integral in R

A function f : [a,b] — R is said to be Riemann integrable if there exists a
number I € R with the following property: For any € > 0 there exists 6 > 0
such that for any subdivision of [a,b] into J intervals @;, j =1,...,J, with
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Figure 6.1: Riemann sums of the function f(z) = =% on x € [1/2,1]. On the
first figure, the interval [1/2, 1] is split into two intervals (corresponding to J = 2.)
The area “under the staircase” corresponds to the Riemann sum S for the choice
&1 = 5/8,& = 7/8. On the second figure, the interval [1/2,1] is split into four
intervals (corresponding to J = 4.) The area “under the staircase” corresponds to
the Riemann sum Sy for the choice & = 9/16,& = 11/16,& = 13/16,&4 = 15/16.
We see that already S4 is a much better approximation to the area under the
graph of the function f than Ss.

max; Az; < 0 and for any §; € @);, the Riemann sum S; = ijl f(&)Ax;
satisfies:
‘] — SJ‘ < €.

In case f is Riemann integrable over the interval [a, b], the real scalar [ is
called the integral of f over [a,b], and it is written as

/ab flz)dz = 1. (6.4)

Often we will skip the name “Riemann” and simply speak about the
integral of the function f over the interval [a, b]. It is important to remember
that the symbol ff f(x)dz has only one “meaning”: it is just the way we
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denote the limit for the Riemann sums S; as J — oo, indeed,
b J
[/ ) = Jum 5= i 3 16

One can show that the number I from Definition 6.1.1 is uniquely determined.
It is also important to note that although different choices of the points x;
and §;, 7 =1,...,J, lead to different values for the Riemann sums S, the
limit [ is independent of the choice of these points.

As we already remarked, the Riemann sums always converge for
continuous functions. Let us state this useful result as a theorem.

Theorem 6.1.1
Let f : [a,b] = R be a function.

(i) If f is Riemann integrable, then f is bounded, i.e., the image im(f) is
a bounded set in R.

(ii) If f is continuous, then f is Riemann integrable.

Let us state, again without proof, a number of useful properties of the
Riemann integral.

Theorem 6.1.2 Rules of Riemann integration
Let f,g : [a,b] — R be functions.

(i) (linearity) Let ¢,d € R. If f and g are Riemann integrable functions,
then so is ¢f + dg and

/ab(Cf(:L‘) +dg(z)) dx = c/abf(x) dz + d/abg(x) dz. (6.5)

(ii) (monotonicity) If f and g are Riemann integrable functions and
f(z) < g(x) for all x € [a, b], then

/ab f(z)dz < /abg(x) dz. (6.6)

(iii) (triangle inequality) If f and |f| are Riemann integrable functions,
then

[ i@ ad < [17@)da (6.7)
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(iv) (insertion rule) Let xy € |a,b[. If f is Riemann integrable over [a, x]
and over [xg,b], then f is Riemann integrable over [a, b] and

/ab f(z)de = /;O f(z)dz + /g:) f(x)dz. (6.8)

It turns out that it is useful to define f;’ f(z)dx not only for b > a but
also for a < b. We do this by setting, for b > a:

a — b xXr xXr a
Frowe B0 2

With this notation, we can phrase the insertion rule (6.8), given that each
of the three integrals exist, as

[ s@yae= [ rayae s [ f@ar

where f: I — R, I C R is any interval, and a,b,c € I.

6.2 Anti-derivatives of functions of one
variable

In general, it is cumbersome to calculate the integral [’ f(z)dz as in
Equation (6.4) on page 142, even for simple functions like cos(x) and 2" (and
one often has to approximate it on a computer using numerical integration).
This is the point, where the second interpretation of the integral comes in
handy. It is based on the following concept.

Definition 6.2.1 Anti-derivative

Let I C R be an arbitrary interval, and let f : I — R be a function. A
function F': I — R is an anti-derivative of f on [ if I is differentiable on [
with

F'(z) = f(z), forallzel. (6.10)

Anti-derivatives are often denoted by a so-called indefinite integral:

F(z) = /f(:v) de, (6.11)

while the Riemann integral is called a definite integral.
Anti-derivatives are known for a large class of standard functions in the
mathematical analysis:
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Example 6.2.1

Let us list a number of functions from the classical mathematical analysis
and their corresponding anti-derivatives. Note that in each case we only
mention one anti-derivative.

/x"dx: niﬁnﬂ’ for n € R\ {—1}, (6.12)
idx = In(z), (6.13)
/cos(x) dz = sin(x), (6.14)
/sin(:v) dz = — cos(x), (6.15)
/e"’C do =e". (6.16)

Be careful not to confuse [ f(z)dz with the Riemann integral. The
symbol [ f(x)dz means a function whose derivative is f, while [” f(z) dz
is a real scalar. However, the anti-derivative is, in fact, closely related to
the integral defined in Definition 6.1.1 on page 141. More precisely, we have
the following fundamental result.

Theorem 6.2.1 Fundamental Theorem of Calculus
Suppose f: I — R is a continuous function. Then f has an anti-derivative
on [ given by

F(z) = / fly)dy forxel, (6.17)

0

where x(y € [ is a fixed, but arbitrary point in /.

It is easy to show using the mean value theorem that if F' is an anti-
derivative of the function f, then all anti-derivative are given by the formula
F(z) + C, where C' is an arbitrary constant.

Hence, if a function has an anti-derivative, it actually has infinitely many
anti-derivatives. On the other hand, there are many Riemann integrable
functions that do not have an anti-derivative. It follows from Theorem 6.2.1
that such functions cannot be continuous. A simple example of Riemann
integrable function with no anti-derivative is considered in the next exercise.

Exercise 6.2.2
Consider the function f : R — R given by
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o) — 1 zé€led],
/(@) {0 x & [c,d],

where d > c¢. Show first that f is Riemann integrable. Show then that f
cannot have an anti-derivative.

Corollary 6.2.3

Let F' denote an anti-derivative of a continuous function f : I — R. Then,
for any a,b € I,

/a " f(2)dz = F(b) — Fl(a). (6.18)

Often, the result in (6.18) is written in a slightly different form, namely
as

/a ' fle)de = [F(2)]" (6.19)

this form shows directly that we calculate the integral by first calculating
an anti-derivative of the function f, and then insert the endpoints a and b
of the considered interval.

Typically, application of Corollary 6.2.3 simplifies the calculation of the
Riemann integral. Let us demonstrate this with a few examples.

Example 6.2.2
Using Corollary 6.2.3 and (6.14), we directly see that

/07T cos(z) dz = [sin(x)]; = sin(7) — sin(0) = 0.

Similarly, using (6.16),
2 T _rx2 2
gar =" = =2
1

Many complicated integrals can be simplified (basically to an application
of some of the results in Example 6.2.1) by using certain rules, stated next.
For the precise statement of the results, we need to assume that functions,
whose derivative appears inside an integral, are continuously differentiable
as defined in Definition 3.1.2 on page 78.

Theorem 6.2.4 Rules of indefinite integration
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(i) (Partial integration) If f is a continuous function, F' an anti-derivative
of f, and g is continuously differentiable, then

[ 1@)9@) dz = Fa)g(@) - [ F@)g'(@)dz.  (6.20)

(ii) (Integration by substitution) If f is a continuous function, F' an anti-
derivative of f, and g a continuously differentiable function such that
its range is contained in the domain of the function f, then

[ 7a@)g' (@) dz = F(g(a)). (6.21)

Obviously, Theorem 6.2.4 can also be formulated for Riemann integration.
In particular, Equation (6.20) becomes

[ F@)g(e) 4 = @) Fygla) — [ Py

Note the particular structure the right hand side: it does not give the “final
result” for [° f(z)g(x)dz since we still have to calculate [° F(x)g'(z)dx
subsequently. In other words, partial integration is only a useful technique
if the particular structure of the functions f and g implies that it is easier
to calculate the integral [ F'(z)¢'(x) dx than the integral [ f(x)g(x)dx.
The difficult in integration is typically to identify an integration rule that
can simplify the given integral. Worse than that, there exist integrals that
can not be expressed in terms of the standard functions from mathematical
analysis. Let us illustrate Theorem 6.2.4 with a number of examples.

Example 6.2.3
We would like to calculate the integral

2
/ 22 In(z) da. (6.22)
1
In order to do so, we first aim at determining
/Qx In(z)dz,z > 0. (6.23)

We immediately see that the integrand in (6.23) can be considered as the
product of two functions, namely 2z and In(z). This makes it natural to try
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to apply partial integration as in (6.20). First, let f(z) = 2z, g(z) = In(z).

Then F(x) = 22 is an anti-derivative of f and g (z) = z~!. Thus, using
Theorem 6.2.4(i),

1
/2:6 In(x) dz = 2% In(z) —/x2x*1 dz = 2?In(z) —/xdx = 2?In(z) — 53:2.

In this particular case we could actually also take the “opposite choice” of
the functions f and g! Indeed, letting f(z) = In(x), g(z) = 2z, the function
F(z) = xln(z) — x is an anti-derivative of f, and ¢'(x) = 2. Thus,

/Qx In(z)dz = (zln(z) — z)2x — /(sv In(z) — z)2dz (6.24)

= 22% In(z) — 22° — /2.7: In(z) dx + /23: dz
= 222 In(z) — 2% — /2:}0 In(z) dz. (6.25)
Note that at first sight, this calculation does not seems to be useful because
it returns exactly the same integral in (6.25) as the one we start with in
(6.24). However, exactly this observation allow us to collect the terms and

write that
2/2:10 In(z) dz = 22°In(z) — 22,

again showing that

1
/2I In(z) dz = z* In(z) — §m2.

Finally, after having calculated the integral in (6.23), we can apply (6.19)
to obtain that

/12 2zIn(z)dr = [1‘2 In(x) — lxﬂz

2 1

=(4In(2) - 2) - (In(1) - ) = 4In(2) - .

Example 6.2.4
Fix some a,b € R with a # 0 and consider the integral

/cos(ax +b)dx. (6.26)

The function cos(ax + b) can natural be considered as a composition of
the functions cos(x) and ax + b, so it is natural to take f(z) = cos(z) and
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g(x) = ax + b, and aim at an application of the rule in Theorem 6.2.4(ii).
With the mentioned choice of the functions f(z) and g(x) we indeed obtain
that f(g(x)) = cos(ax + b). However, the integral does not get exactly the
form in (6.21), as the term ¢'(z) is missing. But in the current case we can
get away with this problem by observing that ¢’(z) = a, i.e., the missing
term is just a constant! Therefore we can write the integral (6.26) as

/cos(ax +b)dx = i/cos(am +bladr = i/f(g(:r))g'(x) dz

= :LF(g(x)) = isin(a:p + b).

Note that this calculation used the linearity rule in Theorem 6.1.2(i) in the
first step!

Example 6.2.5
Using the results in Examples 6.2.3 and 6.2.4,

/ (10:c In(x) + 3 cos(2z + g)) dz =5 / 2z In(x)rdr + 3 / cos(2z + %) dx

=5 (Jc2 In(x) — %x2) + 3sin(2z + %)

= 52 In(z) — 32% + Zsin(2z + %).

6.3 The Riemann integral of functions of two
variables

Integration in R? (and R") is in many regards completely similar to
integration in R. However, the notion of an anti-derivative does not generalize
well to functions of several variables, and we will not return to this concept
until Chapter 7. Moreover, even when defining the Riemann integral of a
function of two variables, we will encounter technical issues arising from
the fact that general sets in R? can be significantly more complicated than
just intervals in R. In order to avoid these difficulties we will first consider
integration over rectangles in R2.
A rectangle in R? is a set of the form

Q:{(as,y)eRz‘algxgbl/\aggygbg}. (6.27)

The rectangle will also be written as @ = [ay, b1] X [az, by]. Consider now a
continuous function f : ) — R, and assume first that all function values
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are positive, i.e., f(z) > 0 for all x € ). Our goal is to define the integral
of f over Q; parallel to our definition of the integral in R, it should be
interpreted as the volume of the region between the graph of the function
f @ — R and the xy-plane.

We will follow the procedure for the Riemann integral in R and first split
the rectangle () into smaller rectangles. Technically, this is done by fixing an
J € N and splitting the intervals [ay, b;] and [ag, bo] into J intervals of equal
size. Denote the splitting points by x1,xs,..., 251 resp. y1,Y2,.--,YJj_1,
and let, for notational convenience, xq = a, x; == b, yo = as, and y; = b;
then

CL1:ZEO<ZL’1<ZL’2<"'<ZL‘J_1<IJ:b1, (628)

and
Ay = Yo <Y1 < Yo < -+ < yj_1 <yy = b. (629)

The partition of the rectangle ¢) into smaller rectangles is now defined via

Q@j = [Ii_l, lL‘Z] X [yj—la ij Z,j = 1, 2, RN J. (630)

bi1—aq

Note that the length of each subinterval [z;_1, ;] is Az == *5% and
the length of each subinterval [y;_1,y;] is Ay = ’”‘T‘“ Now, for each
i,7=1,2,...,J, pick an arbitrary point §; ; € (); ; and define the associated
Riemann sum to be denoted by S, by

ii f(&i ;) area(Q; ;) (6.31)
]_ =1

where area((Q); ;) = AzAy is the area of each rectangle Q; ;.

Intuitively, if J is “large”, the value S; is a “good approximation” to
the desired volume. Furthermore, we typically get better approximations
by increasing the number of J. One can prove that the Riemann sums S;
indeed have a limit as J — oo; this limit can be considered as the definition
of the exact value of the desired volume.

If the function f is not necessarily positive (but still continuous), one
can prove that the Riemann sums S still converge. Hence, we can define
the Riemann integral of the function f over the rectangle @) as

/Qf(ac,y) d(z,y) = hm S; = hm ZZf &) area(Q; ;) (6.32)

Although we now have a precise definition of integration over () at hand,
it is clear that it is tedious to apply the described procedure in practice.
Fortunately, again the situation is similar to what we encountered in R: we
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can calculate the integral using the concept of anti-derivatives. In order
to explain this, consider again the rectangle @) in (6.27) and a continuous
function f : @ — R. Fix an arbitrary value for y € [as, bo]; then the function
x +— f(z,y) is a continuous function, and we can calculate the integral

/a " ) d, (6.33)

1

e.g., as in Corollary 6.2.3. The expression in (6.33) is now a continuous
function of the variable y; we can therefore apply Corollary 6.2.3 again, and
form the integral of this function, i.e.,

/a ” ( b (e, y) dx) dy. (6.34)

2

It can be shown that the outcome of this double integration is identical
with the Riemann integral introduced in (6.32). In fact, we could also have
integrated first with respect to y and then with respect to z, and we would
have arrived at the same value of the integration. Let us formulate this as a
theorem:

Theorem 6.3.1 Integration over a rectangle in R?
Consider a rectangle @ in R? of the form

Q:{(x,y)GRQ‘algxgbl/\aggygbg}, (6.35)

and let f: @@ — R denote a continuous function. Then

[, = [ ([ s as) ay (6.30)

2 1

_ /b ( b f(z,y) dy> dz. (6.37)

Theorem 6.3.1 says that integration over a rectangle in R? can be reduced
to calculation of two “standard integrals” over bounded intervals in R. Let
us illustrate formula (6.36) by an example.

Example 6.3.1
Let
Q=1[23x[0,1] = {(z,y) e R* |z € [2,3] A y € [0,1]},

and consider the function f(z,y) = z%. In order to calculate
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Jo f(x,y)d(z,y), we apply (6.36), which yields that

/Qf(x,y) d(z,y) = /01 (/23 z2y da:) dy. (6.38)

According to the definition of the double integral, we first consider the
variable y as a constant and calculate the inner integral with respect to x:

3
/ 2?ydx =
2

We now insert this result in (6.38) and perform the outer integration with
respect to y:

1

r?’ 19
3 =2

5

119 {191 QT 19
0

/Qf(x,y)d(:r,y)z ! SYdy =53y

The two formulas (6.36) and (6.37) in Theorem 6.3.1 show that we can
switch the order of integration. It is a very useful technique that can be
used in case calculation of an integral simplifies by changing the order of
integration.

We are now ready to address the technically much more complicated
question of integration over a general subset B in R?. We will assume that

(I) B is bounded, i.e.,
B C [(11, bl] X [CLQ, bg] (639)

for some aq, as, b1, by € R.

(IT) The boundary 0B of B is formed by a finite number of continuously
differentiable curves.

Recall that a curve is just (the image of) a vector function of one variable.
We have already discussed boundary curves in Examples 2.2.4 and 2.2.5.
The technical condition Item (II) guarantees that the boundary 0B of B
has an area that is zero (more precisely, 9B can be covered with a set of
arbitrarily small area).

The subset B might have a geometrically complicated shape, so in
general we can not split it into small rectangles as we did for the set () in
(6.27). However, we can perform such a splitting on the “bigger” rectangle
[a1, b1] X [ag, be] in (6.39) as we did in the beginning of this section. That
is, we again fix an integer J € N, split the intervals [ay, b1] and [ag, by into
J intervals (not necessarily of equal length), and form the corresponding
subrectangles Q); ;,4,7 = 1,2, ..., J; see Equations (6.28) to (6.30).
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Among the rectangles @); ;, some of them will be outside the subset B;
some of them will be inside B, and some of them will have parts inside B
and parts outside B. We will exclusively consider the rectangles @); ; that
are completely contained in B, i.e., @); ; C B. For these sets (); ;, we again

pick arbitrary points &; ; € ); ;, and form the corresponding Riemann sum,
to be denoted by S, defined by

Sy= Y. [f(&,)area(Qi,), (6.40)
{(4,4)|Qs,;CB}

where area(Q); ;) = Az;Ay;, and Az; and Ay; are the side lengths of the
rectangle ; ; and 1 <1,5 < J.

In words: the Riemann sum is formed precisely like we did in (6.31),
except that we only consider the rectangles @); ; that are completely contained
in the given subset B. With this setup, one can again show that if the
function f is continuous, the Riemann sum S; tends to a limit as J — oc.
The limit is denoted by

/fxy (z,9), /fxy (6.41)

or by

/B Fla,y) dX, (6.42)

and it is called the Riemann integral of f over the subset B.

For functions that are not continuous in all points in its domain, we
need a slightly more technical limiting procedure, just as was the case in
Definition 6.1.1 on page 141.

Definition 6.3.1 Riemann integral in R?

Consider a subset B in R?  which satisfies the conditions Items (I) and (IT) on
the preceding page. A function f: B — R is said to be Riemann integrable
if for any € > 0 there exists 6 > 0 such that

[ Fa)dtey) - 5] <

for any Riemann sum S; with max; Az; < 0, max; Ay; < 6 and any
&.; € Qi;. The scalar [ f(x,y)d(z,y) is called the integral of f over B.

As for functions of one variable (see Theorem 6.1.1), continuous functions
on B C R?, satisfying the conditions Items (I) and (II) on the previous page,
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are guaranteed to be Riemann integrable. In particular, since the function
f(z) =1 for all z € B is continuous, it is Riemann integrable. This leads to
an exact definition of the area of a subset B.

Definition 6.3.2 Area

Consider a subset B in R?, which satisfies the conditions Items (I) and (IT)
on page 152. Then the area of B is defined as

area(B) :/BldX. (6.43)

In general it is complicated to calculate the integrals in Definition 6.3.1
and (6.43) via the described procedure, except if B has a simple geometric
structure. We will now consider a particular case, where it can be done in a
similar way as to what we did in Theorem 6.3.1.

Theorem 6.3.2 Integration over axis-parallel regions

(i) Consider two continuously differentiable functions
a; : [a,b] = R, ag : a, b = R,

and assume that a;(x) < ag(z) for all x € [a, b]. Consider the subset

B defined as
B:{(I,y) € R? ‘aﬁxﬁb A aq(x) §y§a2(x)}. (6.44)

Then, for any continuous function f: B — R,

[, senawa = [ ([ sena)an

ai(x)

(ii) Similarly, if the subset B can be described as

B={(z,y) eR?|c<y<dApi(y) <z <foly)}  (6.46)

for some continuously differentiable functions 5, fs : [¢,d] — R with
B1(y) < Ba(y) for all y € [c,d], then for any continuous function
f:B—R,

[, enden = ([ fenas)an. oan

B1(y)
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Figure 6.2: The domain B in (6.48).

In words, Theorem 6.3.2 says that integration over a subset in R? of
the special types (6.44) and (6.46) can be reduced to calculation of two
“standard integrals” in R. In particular, if both descriptions (6.44) and (6.46)
are available, we are free to choose the order of integration in the way that is
most convenient; this observation generalizes what we saw in Theorem 6.3.1.
Let us illustrate this by an example.

Example 6.3.2

Let
B={(xyeR|0<z<1A0<y<l-z}, (6.48)

and consider the function f(x,y) = 2xy. Then, according to Theo-
rem 6.3.2(1),

The set B in (6.48) is illustrated on Figure 6.2. It also can be described
as
B:{(x,y)GRQ‘OSygl /\nggl—y}.

Thus, we can also apply Theorem 6.3.2(ii), which yield that
1 1—y
/ fla,y)d(z,y) = / (/ 2zy dw) dy.
B o \Jo
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From here we can perform the same operations as above, leading to (we skip
some of the details)

=0

11 2d !
—/Oy( - ) V=15

/B f(z,y)d(z,y) = /01 [2%y]"” " qy

In this particular example, the two versions of Theorem 6.3.2 lead to the
same calculation, but in many cases one of the results is more convenient to
apply than the other.

6.4 Change of variables in R?

Section 6.3 provides us with a very general theory for integrations over
subsets in R%. However, except in the case of integration over rectangles or
cases where results of the type in Theorem 6.3.2 apply, concrete calculations
of integrals will be tedious. The purpose of this section is to introduce a
technique that in certain cases can transform integrals over complicated
subsets into integrals over “simpler subsets”, e.g., rectangles. We will
consider an important concrete case in Section 6.5.

The main tool to transfer integration between “complicated” subsets and
rectangles is vector functions of the following form.

Definition 6.4.1 Jacobian determinant

Let A be a subset in R2. Consider a function r : A — R?, ie., r(u,v) =
(r1(u,v),72(u,v)) with coordinate functions r; : A — R. Suppose 7 is a C*
vector function on A°, i.e., the partial derivatives of the coordinate functions
exist and are continuous on the interior of A. Let J,.(u,v) € Mays(R) denote
the Jacobian matrix of = at (u,v) € U. The determinant of J,.(u, v) is called
the Jacobian determinant det (J,(u,v)) of r at (u,v) € U.

We can be completely explicitly in Definition 6.4.1. The Jacobian matrix
of r = (ry, ) at (u,v) is:

To(u,v) = H; E;] | (6.49)

and the Jacobian determinant is:
)
Lul(uv U) 7(“7 U)

oe(u,v) GH(u,v)

det (J,.(u,v)) = (6.50)
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. T
0.5 1

Figure 6.3: The domain B in (6.52).

B 87“1 (97“2 87’2 87“1
= (u,v) 5 (u,v) — 5 (u,v) 5 (u,v). (6.51)

Recall that the row vectors in the Jacobian matrix consist precisely of
the gradient vectors for the functions r and rs.

Example 6.4.1

The function

2
T(U7U) = [Ui%2‘| ) (U,U) = R27

is a continuously differentiable map from R? to R2. Its Jacobian matrix is

o (y,v) 9L(u,v) 2uv  u?
Jr(U,U)—[£(u7U) D(u,v)| |1 2v]’

and its Jacobian determinant is

2
det (J(u,v)) = det [QUU Y ] = 4uv® — u®.

1 2v

Let us now turn to the question of integrating a function f: B — R
over a potentially complicated subset B C R?. The key assumption in the
subsequent Theorem 6.4.1 is that we can find a injective and surjective
map or function r : I' — B from a “simple subset” I' in R? onto B and
then turn the “complicated” integral over B into a “simple integral” over
I'. Before stating Theorem 6.4.1, let us consider an example of such sets
B,T', and a corresponding map r. Before reading this example, it is a good
idea to remind yourself how we parametrized a line between two points in
Example 3.1.7 on page 81.
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Example 6.4.2 Parametrization of a subset
Consider the subset

B={(x,y) eR*|0<z<1Ay>0Az+y<2}, (6.52)

which is illustrated on Figure 6.3.
We will now argue that the map

r:R2 5 R p(uv) = [“(QU— u>] (6.53)

is mapping the rectangle
F:[O,l]zz{(u,v)eRZ‘Ogugl /\Ogvgl}

bijectively onto the set B.
In order to do so, consider first a fixed point (z,y) € B that is located
on the “upper” boundary, that is, z € [0,1] and = + y = 2. Then, for u = x

'I“(CL‘, 1) = (ZL‘,Z - $) = (l‘,y),

i.e., the given point (x,y) is indeed the image of the point (u,1) € I'. Also,
if we consider a point (x,y) € B that is located on the “lower” boundary,
then z € [0, 1] and y = 0; such a point is also in the image of the set I" under
the map r because

r(u,0) = (u,0).

Fixing now any u € [0, 1], and letting the parameter v € [0, 1] traverse
from v = 0 to v = 1, the point 7(u,v) will initiate in 7(u,0) = (u,0) and
traverse through a horizontal line to its terminating point 7(u, 1) = (u,2—u).
That is, for any fixed u € [0, 1] the function r(u, v) traverse from the point
(u,0) on the “lower” boundary to the point (u,2—wu) on the “upper” boundary.
When we now let u € [0, 1] vary, we thus parametrize all horizontal lines
connecting the “lower” and “upper” boundary. In other words: each point
(x,y) has a representation as (z,y) = 7(u, v) for some (u,v) € I'. This shows
that r indeed maps the set I" onto B.

When we consider r as a map on I', i.e., » : I' — B, then r is also
injective. In order to see this, assume that r(ui,v1) = 7(us, v9) for some
(u1,v1), (ug,v2) € I'. Then, by writing out how r acts on the vectors,

uy = ug and v1(2 — uy) = v2(2 — ug). (6.54)

Using now that (uq,v1), (uz,v9) € I', we know that 0 < u; < 1, and therefore
2 —uj; = 2—uy # 0. Thus the second equality in (6.54) implies that v; = vy,
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and therefore (uy,v1) = (ug,v). This proves that r indeed is injective on
the set I'.

Altogether we have now proved that » maps I' bijectively onto B. We
call (u,v) € I" parameters, and we say that the map 7 in (6.53) provides a
parametrization of the set B.

We are now able to state the important change of variables theorem.
The result is quite involved, and we will explain how to apply it after having
stated it.

Theorem 6.4.1 Change of variables in R?

Let T' be a bounded subset in R? with boundary formed by a finite number
of continuously differentiable curves. Suppose that there exists a C'* vector
function 7 : I' — R? that is injective on the interior I'° and such that

det (J,.(u,v)) # 0 for all (u,v) € I'°. (6.55)

Then, for any continuous function f : r(I') — R,
Ly £ A= [ (72 0),7a(on, ) det ( w,0)) [, (6.56)

where = (z,y) and u = (u,v).

Note that (6.56) involves the absolute value of the Jacobian determinant
of the map r. The factor |det (J,.(u, v))| describes the local change in area
of a small region around (u,v) € I'° under the mapping r. We will make this
statement precise and outline the proof of Theorem 6.4.1 when we consider
the change of variables for functions of n variables in Theorem 6.6.3 on
page 167. Let us here just consider a very simple example that shows that
an “area correcting” factor is needed.

Example 6.4.3

Let B = [0,2] x [—3,0]. The area of B is 6. Let us also compute this trivial
statement using both (6.43) and (6.56). By Definition 6.3.2 on page 154 we

get:
area(B) = /1da: = /_03 </021da:> dy = /_Og[x]gdy
= /_032dy = [2]°, = 6.

We can parametrize B using r : I' — R? given by r(u,v) = (2u, —3v)
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and ' = [0,1]*>. The Jacobian matrix is J,.(u,v) = diag (2, —3), and its
determinant is —6. Using (6.56) we get

1/ 1
area(B):/ 1dw:/|—6\du:/ (/ 6du>dv
r(T) r 0o \Jo

1 1
:/ 6[u](1)dv:/ 6 dv = [6v]; = 6.
0 0

Without the factor |det (J,(u,v))| = 6, the latter integral would have given
us 1. The Jacobian factor exactly describes the factor by which we “stretch”
the unit square I' to “fit” onto B = r(I'). Note also that we need the
absolute value of the Jacobian determinant as we would have otherwise
arrived at a negative area.

For the computations in Example 6.4.3 we certainly did not need the
“change of variables” theorem since B was a simple rectangle. Let us return
the goal of this section: to obtain a tool to calculate integrals [ f(x,y)de,
when B is a complicated subset. The idea is to identify or construct a map
r : R? — R? and a simple domain I' C R? satisfying the conditions in
Theorem 6.4.1 such that 7(I') = B; in that case, we obtain that

@y = [ fy)dy)

:/Ff(rl(u,v),Tg(u,v))|det(Jr(u,v))|d(u,v). (6.57)

The hope is now that the simpler structure of the set I' compared with B
makes it possible to calculate the integral (6.57).

In practice, the difficult task is to identity an appropriate map r and the
set I'. Let us consider a concrete case, where we can get through with the
technical conditions, based on what we already know from Example 6.4.2.

Example 6.4.4

Let us consider the subset B from Example 6.4.2 on page 158. Our aim is
to calculate the integral

/B 2xy d(z,y). (6.58)

The function 7 in (6.53) maps the rectangle I' = [0, 1] injectively and
surjectively onto B. Hence, 7(I') = B. In order to apply Theorem 6.4.1, we
therefore calculate the Jacobian determinant

1 —w

0 2_q — 2%

() =|
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and note that J,(u,v) =2 —u > 0 on (u,v) € I'. Parametrizations for
which the Jacobian determinant is nonzero on I' are sometimes called regular,
cf. regular parametrizations Definition 3.1.4 on page 81.

Thus, applying (6.57) with f(z,y) = 2zy,

/B 2zy d(z,y) = /F Fr1(u,v), 7a(u, v))] det(J,(u, v)]) d(u, v)

= o 2uv(2 — u)|2 — u| d(u, v).

Since the Jacobian determinant 2 — u is positive on the considered interval
€ [0, 1], we can remove the absolute sign on the Jacobian determinant,
and we obtain that

/2$ydxy /( 2uv2—u(2—u)du>dv
// v(du — 4u® + u*) dudv

o 44 1y =t
= 20 |2u” — = = d
; v{u 3u —l—4u]u_ov
11 1 11 1 11
2vdv = — [02} = —.
12 0 12 0 12

where we used Theorem 6.3.1 on page 151 to compute the integral over

I = [0,1]2.

Note that, in this particular case, we could have obtained the result
in Example 6.4.4 in a much simpler way using the same procedure as in
Example 6.3.2. In Section 6.5 we will see an application, where Theorem 6.4.1
is of substantial importance.

6.5 Polar coordinates

In this section we will discuss an important application of Theorem 6.4.1. For
subsets B in R? having a convenient representation in polar coordinates, it
leads to a useful and explicit formula for integrals of the type [z f(z,y) dz dy.
Recall that a point in R? can be represented either by its rectangular
coordinates
(l’ ) y)a T,y € R7

or its polar coordinates

(r,6), rel0,00[,0€]—mml
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The relation between these two types of coordinates is that
x =rcos(f), y=rsin(0).

trigonometric functions are 27-periodic in the angle 6 hence we can use any
interval of length 27, e.g., § €] — 7, 7| as above, or 6 € [0, 27[.

Example 6.5.1 Parametrization of a subset
Consider the subset

B={(w,y) eR*|z>0Ay>z A2 +y? <2} (6.59)

The region B is an eighth of a circular disc with radius v/2, exactly, the
piece above the line y = z and to the right of 2 = 0 (including both lines).
This region is easy to describe using polar coordinates as all pairs (r,0)
with 7 € [0,v/2] and @ € [7/4,7/2]. This description leads to the following
parametrization of B with ' = [0, /2] x [r/4, 7/2]:

p:T —=R? p(r,0) = (rcos(f), rsin(h)).

The function p is a transformation from polar coordinates (r, #) to Cartesian
coordinates (x,y). The function is surjective. It is also injective, but only
on the interior of I'°. It fails to be injective on I' since p(0,0) = (0,0) for all
values of 6.

In Section 6.4 we used parameters (u, v) and denoted the vector function r.
Here, we use p instead, as it is standard to work with (r, ) as parameters
in polar coordinates. Using » in this context could lead to confusion due to
its association with the radial parameter r. This is, of course, just a matter
of notation. Moreover, we do not need to use [0, /2] x [r/4,7/2] as domain
for our parameters. We are always able to re-scale the parameter domains
of the form [a,b] X [c,d] to [0,1]?, e.g., the function

r:[0,1*> = R? r(u,v) = (\/éucos(g(l + v)), \/éusin(g(l + v)))

is an alternative parametrization of B. In particular, parametrizations are
never unique, but, and this is the important fact, the value of the integral
[ f(z,y)dzdy is independent of the chosen parametrization.

Assume now that we have given «, 8 € R such that 0 < a < § < 2,
and two functions

pr:fon Bl =R, pa:a, 8] =R (6.60)

date/time: 16-Jan-2025/10:44 162



6.5. Polar coordinates

s

477T”
3

Figure 6.4: The subset B C R? given by Equation (6.62) with a = 5 B= %ﬂ,
p1(0) =5 and pa(0) = /152,

™

such that
0 < p1(0) < pa(0), for all 0 € [a, 5]. (6.61)

Associated with such functions, we consider the subset B in R? which is
given by

B ={(z,y) = (rcos(f),rsin(6)) | a <0 < BA@i(0) <7 < pa(0)}. (6.62)

An example of such a set is shown in Figure 6.4. The subset B considered
Example 6.5.1 is also a set of this form.

In general, a subset B of this form will have a complicated representation
in terms of rectangular (z,y)-coordinates which makes it cumbersome to
calculate an integral of the form [ f(x,y)dx dy directly. This is the point,
where Theorem 6.4.1 turns out to be helpful. Indeed, consider the map

p:R2 5 R% p(r6) = l:(;?r?ég))] . (6.63)

Then p is mapping the subset
T={(r0)eR|a<h<BA@@®)<r<pl)} (6.64)

bijectively onto the subset B; that is, p is injective on I and p(I") = B. The
Jacobian matrix of p is

B 8_;;1(7“’9) 6—’;1(7”,9) _ |cos(f) —rsin(0)

or
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so its Jacobian determinant is

cos(f) —rsin(f)

det(Jp(r,0)) = sin(f) 7 cos(6)

' = rcos?(f) + rsin?(0) = r.

Note that det(Jp(r,0)) > 0 for (r,0) € I'°. Hence, the technical condition
(6.55) is satisfied.

Hence, by Theorem 6.4.1 (see the version stated in (6.57)), for any
continuous function f: B — R,

[, faw)dey) = [ F@a(r.0).pa(r.6))[det (2,0, 0)] d(r.6)
- / F(rcos(8), rsin(0))r d(r, 6)
r
L7 prcos(). rsin(@)yrdras
= rcos(@), rsin(6))r dr do.
a Jei1(9)
Let us formulate the obtained result as a theorem.

Theorem 6.5.1 Integration in polar coordinates

Consider a subset B in R? of the form (6.62). Then, for any continuous
function f: B — R,

/Bf(a:,y) d(z,y) = /ﬂ /Ww) f(rcos(f),rsin())rdrdo. (6.65)

a Jei1(9)

Example 6.5.2

Let us continue Example 6.5.1 with B given as Equation (6.59). We want
to calculate the integral [5 f(z,y)dz dy for the function f: B — R given
by f(z,y) = 2 + y? using Theorem 6.5.1. Hence, we first need to express f
is polar coordinates:

f(rcos(8),rsin(f)) = (rcos(#))* + (rsin(f)))?* = r*.

Then we need to express B in the form (6.62). We see that ¢1(0) = 0
and @5(0) = /2 for 0 € [a, f] = [1/4,7/2]. By Theorem 6.5.1, we finally

compute

™

[ )Gy [ raras - -3 /fﬁdr
T 2

% 0
[1 4]\7 T
= — =1 = —,
4 4 1o 4
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6.6 The Riemann integral of functions of
several variables

Integration in R™ is completely analogue to the procedure we described in

Section 6.3 for R? so we will not repeat all the details. We will follow the

steps in Section 6.3 closely and first consider integration over rectangles.
A rectangle in R™ is a set of the form

Q= {(xl,xg,...,xn) e R" ‘ a; < x; < b, Vi = 1,2,...,n}. (6.66)

In order to define the integral of a continuous function f: @ — R, we will
first split the rectangle @) into subrectangles. Precisely as in Section 6.3,
this is done by splitting each of the intervals [a;, b;] into J intervals of equal
length Ax; = b%]‘“ and forming the corresponding subrectangles. Recall that
in the case of R? the procedure gave us subrectangles @Q; ;4,7 = 1,...,J,
that is, we were dealing with .J? subrectangles. In the case of R", we obtain
J" subrectangles; in order to avoid a cumbersome multi-indexing, we will
simply denote them by @;,7 = 1,2,...,J". The n-dimensional volume of
each of these rectangles Q;,71 = 1,2,...,J", is Ax1Axy--- Ax,. For each
of these subrectangles ); C R", we define its n-dimensional volume as the
product of its side lengths

vol,(Q;) = Az1Axy - - - Azy,

and we pick a point & € ;. Similarly to what we did in (6.31), the
corresponding Riemann sum S is then defined by

JTL
Sy = Z (&) vol, (@) (6.67)
i=1
as J — 0o, the Riemann sum S; tends to a limit, which we denote by
| fram) s ) (6.68)

Similar to Theorem 6.3.1, integration over a rectangle in R™ can be
reduced to n consecutive integrations over bounded intervals in R.

Theorem 6.6.1 Integration over a rectangle in R”
Consider a rectangle @ in R™ of the form (6.66), and let f : @ — R denote
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a continuous function. Then

/Qf(xl,xg, co ) Az, T2y Ty

— /:L e (/: (/:1 flz1,xe,. .. xy) dxl) d:r2> - day,. (6.69)

Calculations using (6.69) are always done starting from in-
side. We first calculate the integral f:ll f(z1,x9,...2,)dxy, then
ffj (ffll fzy,xe,. .. xy) dxl) dxs, and so on.

The Riemann integral is extended to more general subsets B in R"”
precisely as we did for R? on page 152. To be more precise, we will assume
that

(I) B is bounded, i.e.,
B C [Gl,bl] X [Clg,bg] X oo X [an,bn] (670)
for some a;,b;, e R,i =1,... n.

(IT) The boundary 0B of B is smooth, i.e., it is formed as the union of
the graphs for a finite number of continuously differentiable functions
from R"! to R.

Fix again an integer J € N, split each of the intervals
lay, b1], [ag, ba], ..., [an, b, into J intervals of equal length Ax; = bi%fi,
and form the corresponding subrectangles @); C R", ¢ = 1,...,...,J"
Among the rectangles Q;, we will exclusively consider the ones that are
completely contained in B. For these sets ();, we pick arbitrary points

& € Q;, and form the corresponding Riemann sum

Sy= Y [f(&)vol,(Q). (6.71)

{i|Q:CB}

where the notation > ¢ q,cpy means that we only include the ith term in
the sum if @); is contained in B.

One can again show that if the function f is continuous, the Riemann
sums Sy tend to a limit as J — oco. The limit is denoted by

/Bf(xl,xg,...,:vn)d(xl,xg...,xn), /Bf(atl,:pg,...,mn)da:, (6.72)

or by
/f(xbx%”'axn)an (673)
B
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and it is called the Riemann integral of f over the subset B. Note that
the Riemann integral of f over the subset B is a real scalar, and we will
sometimes use the compact notation [ f(x) dx.
Similar to the definition of area in R", we define the n-dimensional
volume of B C R" as
vol, (B) = /B 1dX.

Exercise 6.6.2

A parallelotope P in R™ “spanned” by n linearly independent vectors
ai,as,...,a, C R"is defined by:

P={yeR"|y= Az, wherex; €[0,1]fori=1,2,... n},

where A is the n x n matrix whose 7th column is a;. The set of points P
can also be written as P = A([0,1]"). The n-dimensional volume of P is
given by the formula:

vol, (P) = |det(A)]. (6.74)

We want to prove this fact without using tools from integration theory.
(a) Give a proof of (6.74) in the case n = 2.
(b) Give a proof of (6.74) in the case n = 3.

(c) Give a proof of (6.74) in the general case n € N (Note: this is a
difficult exercise).

Finally, the definition of a (not necessarily continuous) function f :
B — R, B C R", being Riemann integrable is similar to how we did in
Definition 6.3.1 on page 153, and we leave the details to the reader.

The technique for changing variables is a straightforward generalization
of the result we saw for R? in Theorem 6.4.1.

Theorem 6.6.3 Change of variables in R"

Let I' be a bounded subset in R™ having a smooth boundary. Suppose
that there exists a C! vector function 7 : I' — R™ which is injective on the
interior I'° and such that

det (J.(uw)) # 0 for all w = (uyq,...,u,) € T°. (6.75)

Then, for any continuous function f : r(I') — R,

/T dw—/f ))det (J,(w))| du, (6.76)
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that is,

[ A, ) ldet (T, )| (s, ).

Proof. A full proof of Theorem 6.6.3 is beyond the scope of this book, but
it is useful to do a heuristic argument in order to see where the factor
|det (J-(w))| comes from. It is clear from Example 6.4.3 on page 159 that
some “Jacobian factor” is needed.

Let ri,79,...,7 : I' — R be the coordinate functions, so that
r(u) = (ri(uw),...,r(uw)). Let uw € T" be fixed. Since r is continuously
differentiable, it follows, e.g., using Taylor’s formula, that

r(u+ h)=r(u)+ J.(u) h + e(h)||h|,

for ||h|| < d, where § is chosen so small that w + h € T'°. For brevity we
write the Jacobian matrix at w as J = J,.(u).

Let ¢, > 0,i=1,2,...,n, be given (small) real scalars. The rectangle,
depending on uw and € = (e, €9, ..., €,),
Q = [ug, uy + €1] X [ug, us + €] X« [Up, Uy, + €]

={h|u; <h;<wu;+efori=12,...,n}

is under r mapped to r(Q). By Taylor’s formula this rectangle is
approximately mapped to

{T(U)+Jh|0§h1§€1,...,0§hn§€n},

which can also be written as r(u) + J([0,€;] x --- x [0,¢,]). However,
J([0,€1] x -+ x [0,€,]) is a parallelotope given by A([0, 1]"), where A is the
matrix whose ith column is ¢; times the ith column of J = J,.(u).

The n-dimensional volume of the parallelotope J([0, 1] X - -+ x [0, €,]) is

€1 €€y |det (Jp(u))]
while the n-dimensional volume of the rectangle @ is
vol,(Q) = €1 - €3¢,

Intuitively, we thus have that

vol, (J([0,e1] X -+ x [0,6,]))
vol,(Q)
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i.e., |det (J.(u))| is the local expansion factor at the point w under the
transformation u — x = r(u).

In other words, the “infinitesimal” rectangle [uj,u; + Aug] X -+ X
(U, + Auy,| is a rectangle with side lengths Auy, ..., Au,, and the image
of this “infinitesimal” rectangle under r is a parallelotope with volume
|det (J,.(w))| Auyg - - - Au,. Hence, if we consider a Riemann sum (6.71) for
forover u € T', we need to replace f(&;)vol,(Q;) with the corrected volume

f(r(7i)) vol(Qs)|det (J(us))],
where &; = r(v;) and u; € Q;.

Remark 6.6.1 Jacobian

The “Jacobian factor” |det (J,.(u))| appearing in Equation (6.76) is often
simply called the Jacobian of the change of variables. When using this
terminology, one has to be careful not to confuse the Jacobian with the
Jacobian matrix and the Jacobian determinant.

Exercise 6.6.4

Consider again the parallelotope from Exercise 6.6.2. Show that the formula
vol, (P) = |det(A)| follows immediately from Theorem 6.6.3.

Let us end this section with a few examples of the important special case
of R3.

Example 6.6.1 Coordinate systems in three-dimensional space
There are three commonly used coordinate systems in R3: the well-known
Cartesian coordinates (z,vy, z), the cylindrical coordinates (p, ¢, z), and the
spherical coordinates (7,6, ¢). See Figure 6.5 on the following page for an
illustration.

In cylindrical coordinates, the position of a point in three-dimensional
space is described by the parameters (p, ¢, z), where p is the radial distance
from the z-axis, ¢ is the so-called azimuthal angle measured in the xy-plane
from the positive z-axis (similar to # in polar coordinates), and z is the
height above the xy-plane. The parametrization of a point in space using
cylindrical coordinates can be expressed as the vector function

p cos(o)
c(p, ¢, 2) = |psin(d) | , (6.77)
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Figure 6.5: Illustration of cylindrical and spherical coordinates of a point in R3.

where p > 0, ¢ € [0,27] and z € R. The Jacobian determinant of the
transformation from cylindrical to Cartesian coordinates is given by the
formula J.(p, ¢, z) = p.

In spherical coordinates, the position of a point is given by three
parameters (r,0,¢), where r is the radial distance from the origin, 6 is
the polar angle measured from the positive z-axis, and ¢ is the azimuthal
angle in the zy-plane from the positive x-axis. The parametrization of a
point in space using spherical coordinates can be expressed as the vector

function
rsin(6) cos(¢)
s(r,0,¢) = |rsin(f)sin(¢) | , (6.78)
rcos(6)
where 7 > 0, § € [0,7] and ¢ € [0,27[. The Jacobian determinant for

the transformation from spherical to Cartesian coordinates is Js(r, 6, ¢) =
r? sin(6).

Example 6.6.2 Volume of a ball

Let us compute the volume of a closed® ball B in R? of radius R > 0. We
need to compute

volz(B) :/Bld(x,y,z).

A point belongs to B if, in spherical coordinates (7, 6, ¢), the radial distance
7 is smaller than or equal to R, or, in other words, if r € [0, R], § € [0, 7] and
¢ € [0,27[. Thus, we let I' = [0, R] x [0, 7] x [0, 27] so that B = s(I"), where
s is given by (6.78). On I'°, the function s is injective and its Jacobian

date/time: 16-Jan-2025/10:44 170



6.7. The Riemann integral of vector functions

determinant is positive. Hence, by Theorem 6.6.3 on page 167, it follows

vol,(B) :/ 1d(z,y, 2 /det (r,0,¢))d(r,0, o)

_/%//rsm )drdfdp = // [4r°] sm )6 de

1
- gR?’/O [—cos(0)] do = §R3 (-1-(-1)) . d¢
:;33-2-%:?1%3.

“Whether the ball is open or closed is not essential for the computation and the result
is the same.

6.7 The Riemann integral of vector functions

We now turn to the case of integrating vector functions of several variables.
The situation is simple, in the sense that, we will just integrate each
coordinate of the vector function separately using the techniques we have
just developed in Section 6.6 on page 165.

Let us consider a vector function f = (f1,..., fi) : dom(f) — R*. Given
a subset B C dom(f) in R™ that satisfies our standard assumptions Items (I)
and (IT) on page 166, we define the Riemann integral of f over B

/B f(z)da (6.79)

as a vector in R¥ whose ith coordinate is [ fi(z)dx for i = 1,... k.

Example 6.7.1 Center of mass

Let f : B — R be a continuous function on a bounded, connected set
B C R" describing the density (kgm™"). In other words, we consider a
“solid” B C R™, whose mass distribution is continuous with density f(x) for
x € B. Typically n = 3, but we can easily consider the general case.

The total mass M [kg| of B is given by

M:/Bf(:n)da:. (6.80)

Let us argue that the unit of M is indeed kg. The integral is a limit of
Riemann sums S, and S is a sum of terms of the form f(¢;) vol,(Q;). Since
f(&) and vol,,(Q;) have units kgm™" and m", respectively, the Riemann
sum and, therefore also, the integral in (6.80) have unit kg. The integral as
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a limiting process of Riemann sums also explains why the mass M is given
by (6.80).

By similar considerations, the center of mass ™ € R™ is the integral of
the vector-valued function  — xf(x), B — R™

1
M
= — d 6.81
2™ = = [ zf(z)dz, (6.81)
i.e.,
1
M = M/szf(zc)da:
for each i = 1,...,n. The unit of each coordinate ™ is m.
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CHAPTER 7

Vector Fields

Let U be an open subset of R™. A vector field is a vector function f : U — R”,
where k& = n, i.e., where the dimension of the domain and codomain are
equal. We have already seen vector fields several times, cf. Example 1.4.2 on
page 22. Vector fields are often denoted V' in place of f, and we will follow
this tradition. When dealing with vector fields, we often think of V' as a
field of vectors on U, i.e., we attach the vector V(x) to the point & € U,
see Figure 1.4 on page 22.

The vectors could represent the velocity of a fluid, the inner forces or
strains in a beam, or the electric field around an antenna. Since a vector
field is a special case of a vector function, we can integrate them over subsets
of R™ as outlined in Section 6.7. However, in applications, we are often
interested in another type of integration. Let us give a two examples of such
integrals.

If V:U — R? is a force field, we may want to calculate the work done
by the force. Recall that work is done when a force acts on something that
undergoes a displacement from one position to another. This could be a
displacement along a space curve 7 : [a,b] — R3 connecting the starting
point r(a) € R? to the end-point r(b) € R3. The curve could be, e.g., the
helix considered in (1.7) on Page 19. To calculate the work done, we need
to integrate the “length” of the force vectors in the direction of the tangent
vector of the curve over the entire curve from the start-point r(a) € R? to
the end-point 7(b) € R3.

If V : U — R3 represents the velocity of a fluid, we may want to calculate
the flow rate, i.e., the flowing per unit of time through a surface F in R?. In
this case, the function we are integrating is the length of the velocity vectors
in the direction of the normal vector to the surface, i.e., in the direction of
the orthogonal complement of the tangent plane. A surface could be the
upper half of the unit sphere; cf. the parametrization considered in (1.8) on
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Page 19 with u € [0, 27| and v € [0, 7/2].

In both these cases we need to integrate scalar quantities f : U — R,
U C R?, over “thin” subsets of U such as curves or surfaces in R?. However,
if we use the integration techniques from the previous chapter, we do not
get a useful outcome. E.g., let f(z,y,2) = 1 be the constant function for
(x,y,z) € R®. The Riemann integral of f over the upper half of the unit
sphere F in R3 is

/ff(ma%z)dX:/fldszol:;(}"):()

since the 3-dimensional volume of the sphere is zero. A sphere of radius
r > 0 has surface area 47r?, and the desired outcome of the integration of
f =1 over F, where r = 1, is indeed %4# = 2.

However, no matter which continuous function we are trying to integrate,
the Riemann integral in R will give 0 if we integrate over “thin” subsets
such as the surface considered above. The aim of this chapter is to develop
a useful integration over “thin” subsets, and to develop the notion of curve
(or line, as we will call it) and surface integrals of vector fields.

7.1 Parametric curves and surfaces

Our starting point when considering curves and surfaces in R" will always
be a parametrization. So throughout this chapter we let » : I' — R" be a
continuous vector function, where I' is a connected subset of R™ (m < n)
that satisfies Items (I) and (II) on page 166. Usually, we will take I' to be a
rectangle of the form

I'= [al,bl] X [ag,bz] X oo X [am,bm]
:{U,ERm|ajSujgijjzl,Z,...,m},

where a; < b; for j =1,...,m.

The number of parameters in the parametrization r is given by m. For
curves we have m = 1 (and n > 2), and we then often take I to be a bounded
and closed interval, i.e., I' = [a, b]. For surfaces we have m = 2 (and n > 3),
and we then usually take I' to be a bounded and closed rectangle, i.e.,
[' = [a1, b1] X [ag, bs]. A closed curve is a curve r([a, b]) with no “endpoints”,
ie, r(a) = r(b). It is called a simple closed curve, if the curve does not
intersect itself, i.e., if r is injective on the interior of I', e.g., on |a,b[. A
closed surface is a surface with no “boundary points”. It is beyond the
scope of this text to precisely define what it means for a surface to have no
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“boundary points”, but the intuitive meaning should be clear: the boundary
0F of a surface F is where the surface stops. Let us consider some examples.

Example 7.1.1 Closed surfaces
The sphere with center @ € R? and radius r > 0:

flz{m€R3|||m—a||:r}

is a closed surface with no “boundary points”, i.e., 6F; = (). The same holds
for the torus. Note the potential confusion of terminology here. According
to Definition 2.2.4 on page 45 the sphere is equal to its boundary, i.e.,
F1 = 0F;. We use 6.F; to denote the boundary of the surface, while 0.F;
denotes the boundary of F; as a subset of R™.

The half sphere given by

Fo={zcR’||zl|=r A 23>0}
has “surface boundary” given by
bF,={xeR®|22+25=7 A z3 =0}

Since J, has a boundary §.F, # (), it is not a closed surface.
Let hq, hs € R. A hollow cylinder surface without top and buttom given
by
Fs=A{x e R? | x%+x§ =71 Ax3 € [h, hs]}

has boundary
5]:3:{336R3|x%+x§:7“ A (Igzhl V I‘3:h2>}.

Definition 7.1.1 Regular parametrization

Let m <n,and let r : ' — R*, T C R™, be a C*! vector function on an
open set containing I, i.e., all partial derivatives of the coordinate functions
r = (ry,re,..., ) exist and are continuous. The Jacobian (also called the
geometric tensor) of r is defined to be the function given by:

' > R, ur y/det(JTJT), (7.1)

where J = J,.(u) € M« (R) is the Jacobian matrix of r at w € I'. If

det ((Jo(w))" Jp(u)) # 0 (7.2)
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for all w € I'°, the parametrization r is said to be reqular, and r(T") is said
to be a smooth m-fold (a 1-fold is a curve and a 2-fold is a surface) .

Let us study the matrix product G := J*J in (7.1) in more detail. Recall
that the ith row, ¢ = 1,2,...,n, of the Jacobian matrix J,(u) € R™™ is
the (transpose of the) gradient vector of the jth coordinate function, i.e.,

T

(Vrj(u)) € R™. On the other hand, we can also consider the columns

of the Jacobian matrix. The jth column, j = 1,...,m, of J.(u) at
or

u = (up,us,...,uy,) € I' is the tangent vector Wj(u), also denoted by

') = [0 (), 02 Orn n
o) = (G, 5w ) e e

Hence, the (i,j) entry of G = J'J € R™™ is the inner product!
(T To,) = (r;j)T'r;i. Such matrices are often called a Gram matrix or the
Gramian of the tangent vectors. One can show that the condition (7.2) is
equivalent with J,.(u) being of rank m for every w € I'°, i.e., the tangent
vectors r;j, J = 1,2,...,m, being linearly independent and, hence, the
tangent vectors span the tangent plane of r at w.

From Example 2.9.1 on page 70 we have that the G is a positive semi-
definite matrix, and therefore det(G) = Ay - -+ A, > 0. Hence, the condition
in (7.2) simply says that G is positive definite, i.e., the eigenvalues of G
cannot become zero.

We introduced the Jacobian in Remark 6.6.1 on page 169 in Chapter 6 for
parametrizations where n = m. We will show in Lemma 7.1.1 that this form
of the Jacobian is identical to the Jacobian introduced in Definition 7.1.1,
that is, there is one expression of the Jacobian “factor”, namely (7.1), that
can be used in all cases. However, it is often cumbersome to compute the

1/2
Jacobian by the formula (det((Jr(u))TJr(u))) / . Hence, in Lemma 7.1.1,
we will also give explicit formulas in the most common situations. For this
formulation we need to introduce the cross product of two vectors @,y in
R3:

€y n
T XY= |Ta| X [Y2
| T3 Ys
_$2y3 — T3Y2
= |T3Y1 — T1Y3| - (7-3)
| T1Y2 — T2Y1

'In case of complex-valued vector functions r, one needs to replace the transpose J7*
by the adjoint J* in the definition G := J7J.
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The cross product is not commutative as it satisfies
TXYy=—-yXxex.

The cross product is a mapping from R? x R3 to R? for which x x y is
orthogonal to = and y, that is  x y € {x,y}*. The length of the cross
product can be computed by Lagrange’s identity:

le <yl = llz*llyl* — (z, y)* (7.4)

which, in turn, follows from the Cauchy-Binet formula.

Lemma 7.1.1 Jacobian in special cases
Consider regular parametrizations as in Definition 7.1.1 on page 175.

(i) (curves in R™). Let m = 1 and let / = ' C R be an interval. The
tangent vector is r'(u) = (rj(u),r5(u), ..., 7. (u)), and the Jacobian
(7.1) is the norm of the tangent vector:

u— || (u)]. (7.5)

(i) (surfaces in R?). Let m = 2 and let n = 3. For any u = (u1,uy) € ['°
the tangent plane is spanned by the two tangent vectors 7, (u) and

r!_(u), and the Jacobian (7.1) is the norm of the cross product of the

u2
two tangent vectors:

u = |7, (u) X 7, (u)]). (7.6)

(iii) (“Thick” subsets of R™). Let m = n. The Jacobian in (7.1) is identical
to the Jacobian introduced in Remark 6.6.1 on page 169, that is, the
Jacobian satisfies

\/det((JT(u))TJr(uD = |det(J,(w))].

Proof. (i): The matrix G = JTJ € R isa 1 x 1. By the discussion above,
the (1,1) entry of G is the inner product (r'(u),r'(u)) = ||7'(u)||>. The
determinant of a 1 x 1 matrix is just the entry at (1, 1) itself. Taking the
square root of ||7'(u)||* we end up with

et ()T, () = ()]
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(ii): The matrix G = JTJ € R**? is in the form of a Gram matrix given
by:

(Forl) ()

G: uy’ " ul ur? " u2 ,
<Ir’:1,27 Ir’:l,l> <7‘;2, T;2>
where each tangent vector should be evaluated at w = (uj,uz). The

determinant of this two-by-two matrix is easily found as:

det(G) = (v vl Wrl vl Y — (! 7l )2

uy’ " ul u2’ " u2 ur? " u2

By Lagrange’s identity (7.4) we conclude that

det(G) = [|rl, P, I1* = (rl, 7,0 = lrs, x v, |1

(iii): Recall that det(AB) = det(A)det(B) and det(A) = det(AT) for
square matrices A and B. For brevity, denote J := J,(u). Then

Vdet (JTJ) = \/det(J) det(J) = |det(J)|

which was what we wanted to show.
[ |

9

Note that in this chapter we are interested in the situation of “thin’
subsets where m < n, hence we will use Items (i) and (ii) from Lemma 7.1.1
in the next sections, while Item (iii) relates to integration as in Chapter 6.

For surfaces as in Lemma 7.1.1, the vector ny(u) =7, (u) x r,, (u) is
called the normal vector of the surface F = r(T') at the point r(u) € R3.
The tangent plane at r(u) € R? can be expressed as

{z € R | (z —r(u),nr(uw) =0},

i.e., the set of all vectors “from r(u) to &” orthogonal to the normal vector.

In the remainder of this chapter, we will assume that parametrizations
r are always reqular and injective on I'°. However, we will allow 7 to be
continuous and only piecewise C'. When m = 1, this simply means that
we can subdivide [a,b] in k pieces a = ug < uy...up = b such that r is
C' on each interval [u;_1,u;]. Such a curve r([a,b]) can be considered as a
joining of k curves, each being C'. For piecewise C! curves, the tangent
vector is not well-defined at the points u;. For piecewise C! surfaces, the
normal vector is not well-defined along curves where two surfaces meet, but
this will not be an issue when it comes to defining integration since these
problematic subsets are “small”.
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7.2 Line and surface integrals

It is possible to introduce integration over curves and surface directly from
Riemann sums in much the same manner as we did in Chapter 6. However,
we will here simply define integration of continuous functions over thin sets
(m-~folds) using the change of variables technique.

Definition 7.2.1 Integral over m-folds

Let r: I' - R™", I' C R™, be a regular parametrization that is injective on
I'°. Suppose f: A — R, A CR"is a scalar, continuous function on the
piecewise smooth m-fold D := r(I"). Then the Riemann integral of f over
D is defined by

[ f@as = [ f(r(u))\/det((Jr(u))TJr(uDdu, (7.7)

where the integral on the right-hand-side of (7.7) was introduced in
Section 6.6

Note that the Jacobian (7.1) appearing in (7.7) is again an m-dimensional
volume correcting factor. The argument for why this factor is correct will
not be given here, but we mention that the argument is similar to the proof
sketch of Theorem 6.6.3 on page 167, e.g., in case of the surface integral,
m = 2, one needs to show that the area of the parallelogram spanned by two
linearly independent vectors & and y in R™ on the two-dimensional subspace

span{zx,y} of R™ is given by ,/det(JTJ), where J = [z y] € R™*2.

Remark 7.2.1 Re-parametrization

The integral introduced in Definition 7.2.1 is independent of the chosen
parametrization of the m-fold. That is, the value of the integral does not
change under re-parametrization of the m-fold. A re-parametrization of
r: 'y — R" is a mapping of the form r o p, where p is a bijective C! vector
function p : I'y — I'y, whose Jacobian determinant is never zero. Here, as
usual, I'; and I'y are connected subsets of R™ satisfying Items (I) and (II)
on page 166. The domain of o p is I's, hence we have changed parameter
domain from T'; to T'y, while not changing the m-fold itself 7(I';) = rop(T'y).

Let us explicitly write out the definition in (7.7) for the cases m = 1 and
m = 2. Thus, we assume the setup used in Definition 7.2.1.

The line integral. Let m =1 and I = [a, b]. The “infinitesimal element”
dS for curves is written ds. Let us denote the curve by C := »(I'). The
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integral is called a line integral (also called path or curve integral), and the
definition in (7.7) becomes

b

[r@yas = [ frli @) du. (79

The length of the curve C is found by setting f(x) = 1 for all € dom(f):
b

length(C) = /C 1ds = / 17 (u)]| du. (7.9)

Example 7.2.1 Arc of semi-circle
Let us return to the curve

ro[0,7] > R% r(u) = [Z?E((Z))] ’

considered in Example 3.1.5. According to (7.9) the length of the curve
C =r([0,7]) is

L ™| —sin(u) _/’T B
length(C) = /0 |7 (w)|| du = /0 H[ cos(u) ]H du = : ldu=m
which is as expected half the circumference of a unit circle.

Example 7.2.2 Length of a helix

Let us return to the curve

cos(u)
r(u) = |sin(u)| for u € [0, 27] (7.10)
U
introduced in Equation (1.7) on page 19. The tangent vector is
[— sin(u)
r'(u) = | cos(u)
1

Hence, the length of the helix C = ([0, 27]) is
2 , 2 ) 5 B 1/2
length(C) = / |7 (w)|| du = / ((— sin(u)) + (cos(u))” + 1) du
0 0
2m
— [T+ 1) au=2v2r
0

which is a factor v/2 longer than the unit circle in the plane.

date/time: 16-Jan-2025/10:44 180



7.2. Line and surface integrals

The surface integral. Let m =2, I' C R?, and let us denote the surface
by F := r(I'), and denote the vectors in I' by u = (uy,us). The surface
integral defined in (7.7) reads explicitly, using (7.6),

[ @as = [ fe@plr, @) xrl, @) dow,w). (71
The area of the surface F is found by setting f(x) =1 for all € dom(f):
area(F) = [ 148 = [ |irl, (w) x vl ()| d(wu).  (7.12)
F r
Example 7.2.3

A “parameter” subset I' C R? can itself be identified with a surface F in
R3, simply by taking

r(u,v) = (u,v,0), (u,v)el.

Then, the tangent vectors are

SO

Thus (7.12) yields

area

(u,v) x 7, udeuv /lduv)

which coincides with the definition of the area of I' C R? in Definition 6.3.2
on page 154.

Example 7.2.4 Area of cylinder

With an appropriate positioning of the coordinate system, a hollow cylinder
Z with height h and diameter 2r can be described as

Z={(z,y,2) ER®| 2> + 2 =r* A 2 €[0,h]}. (7.13)

The surface Z can easily be parametrized using cylindrical coordinates,
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1 —05 0

Y

Figure 7.1: The cylinder as in Equation (7.13) with » =1 and h = 4.

see Equation (6.77) on page 169, as

7 cos(u)
r(u,v) = [r sin(u)] , (u,v) € T =1[0,27[x]0, Al (7.14)

—rsin(u) 0
r (u,v) = %(u,v) = {rcos(u) ] and 7, (u,v) = 2—2(%@) = {0] :

—rsin(u) 0 7 cos(u)
or or
—(u,v) X —(u,v) = | rcos(u) | x |0| = [rsin(u)| .
o (,0) X o (,0) { O()] H { O()]

Note that the vector mz(u,v) = [rcos(u),rsin(u),0]” is indeed a normal

vector to the surface Z. The Jacobian of the parametrization of Z is the
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Figure 7.2: The graph surface associated with the function h in (7.17).

norm of the normal vector:

Inz (s, 0)I| = Il () x 7w, 0)]| = 3/ (r cos(u))? + (rsin(u))? =,

hence, the area-correcting factor does not depend on the parameters u, v,
but is constant over the entire surface.

More importantly, the Jacobian ||[nz(u)|| is positive, so (7.12) finally
yields

area(Z) = /zldS = /F”’I";(U,U) X 7, (u,v)]| d(u, v)
:/Frd(u,v)

h 27
= / / rdudv = 27rh.
o Jo

This coincides with the standard definition of the surface area of a cylinder.

An important class of surfaces occur by considering the graph of a
continuous function of two variables.

Definition 7.2.2 Graph surface

Let B be a connected subset of R? which satisfies the conditions Ttems (I)
and (II) on page 152. Given a continuous function

h:B—R, (7.15)
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a surface of the form
S = {(u,v,h(u,v)) € R?| (u,v) € B} (7.16)
is called a graph surface.

Figure 7.2 illustrates the concept of a graph surface for the function
h:[=2,2] x [-2,2] = R, h(z,y) =2® —y*+5. (7.17)

To compute surface integrals over graph surfaces, we need to specify
a Jacobian, cf. Definition 7.1.1 on page 175. So, let us consider a graph
surface of h : B — R as in Definition 7.2.2. Let I' = B and define the

parametrization

r(u,v) = [u,v, h(u,v)]" (u,v) €T, (7.18)
The tangent vectors are
1 0
r (u,v) = 0 and 7 (u,v) = 1
g—};(u, v) g—ﬁ(u,v)

The normal vector ng(u,v) is given as the cross product of the two tangent
vectors:
- % (u7 U)
nS(u7 U) = r;(u, U) X T;(U, U) = _87(“’ ’U)
1

SEPS S

Hence, the Jacobian (7.6) is given by

(1,0) = s, 0) | = J (§Z<u>) n (g%)) .

7.3 \Vector fields and gradient fields

We already have discussed the notion of vector fields several times before.
Recall that this is just vector functions of the form V : U — R", where the
domain U is an open subset of R™. The vector field expressed in terms of
its coordinate functions is:

Vi(zy, zo, ..., )
Vo(xy, 2oy ..o, )

V(ry, @, ... x,) = 7 :’ T . (xy,m9,. .. 1p,) €U,
Vn(xl,a:g,...,xn)
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where each coordinate function V; : U — R, ¢ = 1,...,n, is a scalar function
of n variables.
Let us give some examples of vector fields.

Example 7.3.1
The function

V(z,y) = L;os(a; f§> + e’r]

defines a vector field V' : U — R? where the domain is U = R?. Similarly,

the function
T1X3

V(xy, 29, 23) = sin(zix2)
(1'1 —+ I + 173)3

defines a vector field V : U — R?, where U = R3.

Also, any n x n matrix with real entries in a natural way corresponds to
a vector field V : R" — R".

Example 7.3.2
Let A denote an arbitrary n X n matrix with real entries. Then

V:R" - R" V(x)=Azx (7.19)

defines a so-called linear vector field. As a concrete example,

(7.20)

VR2 SR, Viey) = [2"”43/]

3z + 6y

defines a vector field, and it corresponds to (7.19) with the choice

A:E g]

Example 7.3.3

In Example 3.3.4 on page 90 we considered the function
[R =R, fla,y) =2y’ +2° +4°,
and we computed the gradient vector as

Vf(z,y) =@+ 2z, 2zy + 3%, (2,9) € R (7.21)
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Thus, the gradient V f is actually vector field as a function from R? to R2,
ie, Vf:R? — R%
Similarly, in Example 3.3.5, we saw that for the function

f:R* =R, f(zy,,3) = T129 + 2523,
the gradient vector at the point (zy, 29, 73) € R? is
V f(z1, 22, 23) = (T2, T1 + 22073, 3T223);
that is, the gradient is a vector field Vf : R3 — R3.

The vector fields in the examples above are examples of very nice vector
fields in the sense that they are C'*° vector functions, that is, vector functions
whose coordinate functions are infinitely often differentiable in the entire
domain of the vector function.

We have already seen that the gradient of a scalar C* function f : U — R,
U C R", gives rise to a vector field Vf : U — R". In Theorem 7.4.2 we will
see that vector fields arising from a differentiable function f in this way,
have certain particularly pleasant properties. This motivates the following
definition.

Definition 7.3.1 Gradient field and anti-derivative

A continuous vector field V' : U — R”, where U C R" is an open set, is
called a gradient field if there exists a C' function f : U — R such that
V =V/f, ie,

Vi(x)=Vi(x),...,Vu(x)) = (aai(az), e aa;; (:z:)) (7.22)

for all ® € U. The function f is called the anti-derivative of the vector field
V.

In physics, gradient fields are also known under the name conservative
fields, and the anti-derivative are known as the (scalar) potential. Note that,
in the definition of potentials f of vector fields V', it is not uncommon to
use the convention V' = —V f (the anti-derivative is multiplied by —1).

Let U C R™ be an open set, and let V' : U — R" be a C'! vector function.
If V is a gradient field, i.e., V = Vf for some C? function f : U — R.
Note that we assume V is C!, not only C° as in Definition 7.3.1, so we can
compute the derivatives of V. Since V; = gT:fi the Jacobian matrix of V is
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@) M) - o)
Wlx) M) o Hw)
JV(Q?): : . c. :

Gon(x) Fn(x) - G (x)
% f 92 f 9% f
@<m) 8:1:128:02(m) 8&712(93:”(3:)
0 0 0

| o - |,

82f' 82]" ‘ 82f'
8zn8w1(m) 8xn8m2<m) @((L‘)

Hence, for a C! gradient field V' = V f, its Jacobian matrix is the Hessian
matrix of the anti-derivative f, i.e., Jy(x) = Hy(x). Since the Hessian
matrix is symmetric for C? functions, we conclude that the Jacobian matrix
of a gradient field is symmetric. Note that a symmetric Jacobian matrix is
a rather restrictive property that even the simplest vector fields need not
have.

Exercise 7.3.1

Show that the Jacobian matrix of the linear vector field V' defined in (7.20)
is not symmetric. Conclude that the vector field is not a gradient field, i.e.,
conclude that V' has no anti-derivative.

Let us formulate our findings as a lemma:

Lemma 7.3.2
Let U C R™ be an open subset, and let V : U — R" be a C* vector field. If

V is a gradient field, then Jy () is symmetric for all € U, i.e.,
aV; 0V

foralli,j =1,2,...,n. (7.23)

Example 7.3.4
For the vector field
%y
Vie,y) = [cos(a: +y)+ e'x]

in Example 7.3.1 we have

oV, o
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and 5V
“2(a,y) = —sin(z +y) + ¢

Thus, the condition (7.23) is not satisfied, i.e., V' is not a gradient vector
field.

We will see in Theorem 7.4.2 on page 193 that the converse of Lemma 7.3.2
is also true if we assume the domain U is simple connected. A subset U is
simple connected if it is a connected set (recall Definition 5.2.1 on page 133)
and if U is “without holes” that goes completely through the set. Intuitively,
“without holes” means that any closed curve can be continuously transformed
into a single point in U without leaving the subset U. Hence, the sphere in
R3 is simply connected since any closed curve, i.e., a loop, on the sphere can
be shrunk to a point. On the other hand, the “sphere” in R? and the torus
in R? are not simply connected since a loop can be “trapped” around a hole.

Definition 7.3.2 Simply connected set

Let U C R™ be a connected set. Let  and y be any two points in U, and
r; 1 [0,1] = U, i = 1,2, be two continuous curves from @ to y in U, that is,
r;([0,1]) CU,i=1,2, x = r1(0) = r5(0) and y = r1(1) = ry(1). If for any
two such curves, r; can be continuously deformed into 5 without leaving
U, the set U is simply connected. (It is beyond the scope of this text to
explain precisely what is meant by “continuously deformed”.)

Let us introduce a large class of subsets, the so-called star-shaped sets,
that are straightforward to define and that are simply connected.

Definition 7.3.3 Star-shaped set

A subset S € R" is called a star-shaped set if the exists a point (a “center”
of S) @ € S such that the line segment between & any other point in S is
contained in S.

Example 7.3.5
Let n € N, and let us consider subsets of R".

(a) The sets R™ itself is star-shaped and therefore also simply connected.
More generally, any convex set is star-shaped and therefore also simply
connected. Open (and closed) balls B(x,r) and rectangles in R™
are examples of convex sets. Convex sets are, in fact, star-shaped
where any point in the set can be chosen as the center  according to
Definition 7.3.3.
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(b)

Let r9 > r1. The annulus

{z € R [ < ||lz]| < s} = B(0,72) \ B(0,72)

is a ring-shaped figure between two concentric balls. It is not star-
shaped for any value of n € N as it has no “center”. If n = 1, the set,
being a union of two disjoint intervals [—ry, —71] U [y, 1], is not even
connected so it cannot be simply connected. If n = 2, the annulus is
connected, but it is not simply connected as any closed curve looping
around the inner circle cannot be contracted to a point. However, if
n > 3, the annulus is simply connected as any closed curve can be
continuously transformed into a single point.

Let & € R™ be any point; often we take & = 0. The set R" \ {x} has
the same properties as the annulus when it comes to being star-shaped
and simply connected (or not), e.g., for n = 2 the set is not simply
connected, while for n > 3 the set is simply connected. The arguments
are the same as for the annulus (e.g., by considering r; — 0 and
T — 00).

We can now state a converse of Lemma 7.3.2. It is beyond the scope of
this text to give a proof of the result.

Lemma 7.3.3

Let U C R™ be an open and simply connected subset, and let V' : U — R"
be a C! vector field. If Jy (x) is symmetric for all & € U, i.e., if (7.23) holds,
then V' is a gradient field.

Example 7.3.6
For the vector field
2
- Y -+ 2 2
V(Z)’J,y) - [2xy+3y2] ) (l’,y) S R
we have v
1
zvi — 9
o (z,y) =2y
and V.
2
—= = 2.
pe (z,y) =2y

Since R? is a star-shaped set, and therefore simply connected, and since
Equation (7.23) on page 187 is satisfied, it follows from Lemma 7.3.3 that
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V is a gradient vector field. This is, of course, what we already knew from
Example 7.3.3.

7.4 Line integrals of vector fields and
computing anti-derivatives

In (7.8) we defined the line integral of scalar functions of n variables. It
is straightforward to extend this integral to a vector-valued integral of
vector functions using the same definition as in Equation (6.79) on page 171.
However, for vector fields V : U — R", U C R", it is often more useful to
integrate the projection of the vector fields onto the tangent vector of the
curve. Let 7 : [a,b] — R" be a regular C'' parametrization that is injective
on ]a, b[. Recall that the orthogonal projection of the vector V' (r(u)) onto
r'(u) is given by

Proj,.(,) (V (r(u)) = <V<""(“)>’ ||:'EZ;|| > ||:’EZ§II

where ﬁ;‘g“ is a unit norm tangent vector. The norm of the projection
is the absolute value of the inner product of V(r(u) and the unit norm
tangent vector. If we think of the vector field as a force field, and the curve
C = r([a,b]) the trajectory along which we move, e.g., a particle, the work
done by traversing the particle along the curve needs to take sign of the
inner product of V(r(u) and the unit norm tangent vector into account.
Hence, the combined work is calculated as line integral along the curve C of
the scalar-valued function

' (u)
w <V(r(u)), Hr’(u)|!> (7.24)

Hence, by Equation (7.8), the integral is:

/c<V(T(u))’ ||::EZ§||>dS _ /ab<v(r(U)), ||::EZ§H>HTI(U)HdU

= [V, ') du

Let us turn these ideas into a definition.
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Definition 7.4.1 Line integral of a vector field

Let U C R™ be an open set, and let V : U — R" be a continuous vector
field. Let 7 : [a,b] — R™ denote a regular, piecewise C' parametrization of
the curve C := r([a, b]). The line integral of the vector field is defined as

[vds= /ab<V<r(u))’rl(u)>du (7.25)

Note that [, V - ds is just our notation for the line integral of V' along
C = r([a,b]). In particular, we cannot take the dot product of V and dr.
The notation is used since (7.25) can be written as

/CV-ds:/abV(r(u))-r’(u) du.

Example 7.4.1
Consider the vector field

Viz,y) = [x;?;y] . (z,y) € R

(a) The line integral of V' over the curve C; parametrized as
nw =, vep

is

(b) The line integral of V' over the curve Cy parametrized as

u

ro(u) = [ 2] , we€0,1],

u

V.ds = /abV(rg(u)) rh(u) du
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]

1
:/ (u +u? + 2u*) du
0

3T
307

Note that both the curves C; and Cy start at the point (0,0) and end at
the point (1,1). In particular, we see that, in general, different paths that
connect two points also lead to different values of the line integrals.

Given a vector field V' and a parametrization of a curve C, we can directly
calculate the line integral (7.25). However, the calculation can, of course, be
cumbersome if the parametrization r(t) is given by a complicated expression.
A significant simplification occurs if the vector field V' is a gradient field.
Then, it turns out, the line integral of V' over a curve C only depends on
the starting point and the endpoint of the curve, but it is independent of
the curve itself. This is the content of the following result.

Lemma 7.4.1

Let U C R™ be an open set, and let V : U — R" be a continuous vector
field. Let 7 : [a,b] — R™ denote a regular, piecewise C'' parametrization of
the curve C := r([a,b]) C U. Suppose V has an anti-derivative f: U — R,
i.e., suppose V is a gradient field V' = V f. Then

fr@®) = f(r(@) = [V -ds. (7.26)

Proof. Consider a continuously differentiable parametrization r : [a, b] — R”
of the curve C. Using V = Vf, we can rewrite the integrand of the line
integral as

V(r(w)-r'(u) = Vf(r() r'(u).
Define h = for,ie., h(u) = f(r(u)) for u € [a,b]. By Corollary 3.7.2 on
page 101, the function A is differentiable, and the derivative of h is given by
h'(u) = (r'(u), Vf(r(u)) = Vf(r(u)- r'(u). Therefore, by inserting in the
definition of the line integral, we get

/CV-ds:/abe(r(u))~r’(u) du:/bh’(u)du

a

as claimed.
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In case the continuous curve 7 : [a,b] — R™ is piecewise C'', we use the
above argument on each C'! piece u € [u;_1,u;]. We then piece together each
of these finitely many pieces using the insertion rule of integration stated in
Equation (6.8) on page 144. This completes the proof.

[ |

Lemma 7.4.1 explains why gradient fields are also called conservative
vector fields. They represent forces of physical systems in which energy is
conserved, where the amount of work done as one moves through a path in
configuration space is determined solely by the path’s starting and endpoints.
This allows for the definition of potential energy (given by f) that does not
depend on the specific route traveled.

We now turn to the question of computing the anti-derivatives (i.e., the
potential) of a vector field that is already known to be a gradient field. The
formula for the anti-derivatives is given as a line integral of the vector field:

Theorem 7.4.2 Anti-derivative of a vector field

Let U C R™ be an open and connected set, and let &y € U. Let V : U — R"
be a continuous vector field. Suppose V' has an anti-derivative, i.e., suppose
V is a gradient field. Then the anti-derivative f : U — R that satisfies
f(xo) = 0 is given by

() :/CV-ds, zel, (7.27)

where C C U is any piecewise C! curve from x, to x, that is, there is
a piecewise C! parametrization r : [a,b] — R" such that r is regular,
xo =71(a), x =r(b), and C = r([a,b]) C U.

Moreover, all anti-derivatives are of the form f(x) + ¢ for some constant
ceR.

The choice f(xg) = 0 in Theorem 7.4.2 is arbitrary in the sense that
if f:U — R is any anti-derivative of V' : U — R" and if C C U is any
piecewise C! curve from xy € U to & € U that runs entirely inside U, then
f satisfies

fla) — flzo) = / V.ds, zel. (7.28)

c
The results in (7.27) and in (7.28) are just reformulations of the result in
Lemma 7.4.1 on the preceding page. As a consequence, the integral in (7.27)

is (also) independent of the chosen curve as long as the curve is continuous,
starts in xg, and ends in .
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Note that U is assumed to be connected, hence any two points can, by
definition, be connected by a continuous curve. However, Theorem 7.4.2
uses a piecewise C* continuous curve. It can be shown that, using U is
also assumed to be open, that one can always modify the continuous curve
so that it becomes piecewise C!. It is beyond the scope of this text to
include the proof. However, we do prove the final piece of new information
in Theorem 7.4.2 the “Moreover”-part: if f: U — R is an anti-derivative of
V', then clearly so is f + ¢, where ¢ € R is a constant since

V(if+¢)=Vf+Ve=V+0=V.
On the other hand, if f; and f, are two anti-derivatives, then for g := f; — fo
Vg = Vfl VfQ V-V =0.

Now, (7.28) shows that g is constant since

g(w)—g(a:o):/CVg-ds:/CO-ds:O

for all values of @, xg € U. Thus, f; = f5 + ¢ for some constant ¢ € R.

In order to apply Theorem 7.4.2; it is an advantage to choose the curve
C as simple as possible. One possibility is to take o = 0 and simply let C
be the straight line from 0 to . Let us see how this works in practice.

Example 7.4.2
Consider the vector field

y? + 2z
22y + 3y°

V(z,y) = l ] , (z,y) € R

In order to decide whether V' is a gradient vector field, we will now apply
Equation (7.27). The simplest curve connecting the starting point &y = 0
and the endpoint & = (x,y) is the straight line parametrized by

r:[0,1] — R?, r(u)zumzu[ﬂ .
With this choice (7.27) yields the function
1
f(z,y) /V ds —/ V(r(u))"r'(u)du

_/ +2xu |z d
2u:vy+3u Y Y
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1
— /0 (2w + 20%u + 2ulzy® + 3uy®) du
= a:y2 + 2% + y3.

Thus, the function f(z,y) = xy? + 2> + 3 is our candidate for an anti-
derivative of V. A fast check, as we already did in Example 7.3.3, confirms
that V' = Vf indeed is satisfied, i.e., V is a gradient field, and functions
f(z,y) = xzy* + 22 + y> + ¢, where ¢ € R, are the anti-derivatives of V.

For applications of Theorem 7.4.2, it is important to stress that (7.27)
defines a function even for vector fields without anti-derivatives. Hence, we
should only use the formula (7.27) after we have proved existence of an
anti-derivative or we should check that the computed function f indeed
satisfies Vf = V. To prove that a vector field has an anti-derivative, that
is, to prove the vector field is a gradient field without computing the line
integral (7.27), we usually apply Lemma 7.3.3 on page 189.

As an alternative, the existence of anti-derivatives is actually character-
ized in the following result. However, the result is difficult to use in practice
as one has to check a condition for infinitely many curves.

Corollary 7.4.3 The circulation theorem

Let U C R™ be an open and connected set. Suppose V : U — R" is a
continuous vector field. Then the following assertions are equivalent:

(i) The vector field V' is a gradient field, i.e., it has an anti-derivative.

(i) For any closed and piecewise C' curve C in U it holds

/CV .ds = 0. (7.29)

Proof. Assume (i) holds. Since C is assumed to be closed, any parametriza-
tion = : [a,b] — R™ of C satisfies r(b) = r(a). Since the anti-derivative f
satisfies (7.26), it follows that

0= f(r() = () = f(r(v)) = f(r(a) = [ V-ds,

which is the assertion in (ii). We leave the proof of (ii) = (i) to the reader.
|
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Example 7.4.3
Consider the curve parametrized as
sinu |

r:[0,27] = R2, r(u) = lCOS“]

Then 7(0) = 7(27), so the curve is closed. Thus, for any gradient field V/,

/V~ds:0.
C

For closed curves C the line integral [, V - ds is called the circulation of
the vector field, and the integral is sometimes denoted by

fv-ds
C

to stress the fact that C is assumed to be closed.

7.5 Surface integrals of vector fields

We introduced the integral of scalar functions over m-folds in R™ and, in
particular, over surfaces in R? in Section 7.2. The scalar function of interest
in this section is the projection of a vector field onto the (unit) normal vector
of a surface. The integral of this scalar function over the surface is called
the flur of a vector field. For simplicity, we restrict ourselves to vector fields
in R3.

Let V : U — R3, U C R? be a vector field, and let F be a piecewise C*
surface in R? parametrized by r : I' — R3, where I' C R2. For (uy,ug) €T
the normal vector is nz(uy, uz) = v, (u1, uz) X 7, (U1, up). Similar to (7.24),
the integrand, i.e., the scalar function, is

nr(i,00)
Uy, ug) — ( V(r(ug,ug)), ——————— ), 7.30
(o) (Vo) o )
where % is a unit normal vector. Note that, the direction of the

normal vector depends on the chosen parametrization, e.g., —r, (u1,u2) X
7., (u1,u2) is also a normal vector to the surface at the point 7 (uy, uz) € F
and the integrand will change sign if we use this definition of the normal
vector.

By (7.11), the surface integral of the function (7.30) reads:
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/F<V(r(u1,u2)) w>||n;(u1,@)||d(uhu2)

Imr(ur, u)|

= /F<V(r(u1, us)), nr(us, u2)> d(u, uz).

Let us turn these ideas into a definition.

Definition 7.5.1 Flux: surface integral of a vector field

Let U C R3 be an open set, and let V' : U — R3 be a continuous vector
field. Let 7 : I' — R? denote a regular, piecewise C'! parametrization of the
surface F = r(I"). The surface integral of the vector field is defined as

/fV-dS:/F<V(r(u1,u2)),n;(u1,u2)>d(u1,u2). (7.31)

Note that [V -dS is just our notation for the integral of the vector
field V' over the surface F. The value of this integral is also called the fluz
of the vector field through the surface. Note that the sign of the flux changes
if we use —nx(uy,us) as normal vector.

Example 7.5.1

Consider the cylinder surface Z from Example 7.2.4 of radius » > 0 and
height h > 0 parametrized by

rcos(u)
r(u,v) = |rsin(u)|, (u,v) €T =][0,2x[x[0,A].

Let V : R? — R3 be given by

x + 2sinh(z)

V('r7y7 Z) - y
z(h — 2)

We want to compute the flux of V' out through the cylinder, where we by
“out” understand the direction away from the z-axis.
We already computed the normal vector in the previous example:

7 cos(u)
nz(u,v) =7, (u,v) x 7l (u,v) = |rsin(u) |,

0

and we note that it points away from the z-axis which is the desired direction.
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It is not necessary to compute the Jacobian of the parametrization as
the integrand in the flux integral simply is:

(V(r(u,v)),nz(u,v)) = (7‘ cos(u) + 2sinh(v) )r cos(u)
+ 7sin(u)rsin(u) + v(h — v) 0 = 7 + 27 sinh(v) cos(u)

Hence, the flux is
L v-as = [(V(r@v),na(w0)dwu0)
Z r
h 2w
= / / r? + 2r sinh(v) cos(u) du dv
0 Jo
We split the integral in two integrals and compute first
h 2w h
/ 2r sinh(v) cos(u) dudv = / 2r sinh(v) [sin(u)]2" dv
o Jo 0

h
= /0 2r sinh(v)(0 — 0) dv = 0.

h 2m
/ / r?dudv = 27r2h
o Jo

Using linearity of the integral, we conclude that the flux is

We then compute

/ V -dS = 27r?h.
z
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APPENDIX A

Additional Proofs

A.1 Proof of Taylor’s theorem

Before we prove Taylors theorem we state some results which will be used
in the proof. We begin with Rolle’s theorem:

Theorem A.1.1

Assume that the function f : [a,b] — R is differentiable and that
f(a) = f(b) = 0. Then there exists a point £ €|a, b[, for which f'(§) = 0.

Proof. The function f has a maximal value as well as a minimal value in
the interval [a, b]. If the maximal value equals the minimal value, then f is
constant, and f'(z) = 0 for all x €]a, b[. On the other hand, if the minimal
value is different from the maximal value, the assumption f(a) = f(b)
implies that there exists & €]a, b[ where f assumes an extremal value; but
this implies that f/(£) =0

[

Lemma A.1.2

Assume that f : [a,b] — R is arbitrarily often differentiable, and let z, xq
be arbitrary points in [a, b], with > xy. Assume that for some N € N,

f(z) =0and f9(20) =0 forall je{0,1,...,N}. (A1)

Then there exists & €]xg, #[ such that fOV+ (&) = 0.

Proof. The proof consists of a continued application of Rolle’s theorem. We
first prove the result for N = 0, and then move on with N = 1, etc. Observe
that when we want to prove the theorem for one value of N, the assumption
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A.1. Proof of Taylor’s theorem

(A.1) is available for all j € {0,1,..., N}; this will play a key role in the
proof.

For N = 0, our assumption is that f(x) = f(xy) = 0. We shall prove the
existence of a point & €]z, x[ for whichf’(£;) = 0; but this is exactly the
conclusion in Rolle’s theorem.

Now consider N = 1; in this case, the assumption (A.1) is available for

=0 and 7 = 1. Via the assumption for j = 0 we just proved the existence
of & €lxg, [, for which f/(&) = 0. Now, if we use the assumption for j =1
we also have that f’(x¢) = 0. Applying Rolle’s theorem again, this time
to the function f’ and the interval [z, &;], we conclude that there exists
& €]xg, & [ such that f”(&) = 0. This is exactly the conclusion we wanted
to obtain for N = 1.

We now consider the general case, where N > 1. Thus, the assumption
(A.1) means that

f(z) = f(zo) = fl(xg) = f'(xg) =+ = f(N)(xo) = 0.

Applying Rolle’s theorem to the function f and the interval [xg, z], we can
find & €]xo, x[ for which f'(&) = 0. Applying Rolle’s theorem to f’ and the
interval [z, ;] leads to a point & €]xg, & [ for which (&) = 0. Applying
this procedure N + 1 times finally leads to a point {41 in |z, x| for which

SO (Eng1) =0.
[ |

Now we only need one step before we are ready to prove Taylor’s theorem.
As before, we let Py denote the Nth Taylor polynomial for f at z.

Lemma A.1.3

Assume that f : [a,b] — R is arbitrarily often differentiable, and let
xo €la,b[, N € N. Then, for each x € [a,b] we can find £ between z and x
such that

FOH) (¢

) N+1
l(x—:vo) A

Proof. Fix x € [a,b]. The statement certainly holds if = = z, so we assume
that zo < x (the proof is similar if zy > x). Consider the function ¢ defined
via

¢(t) = f(t) — Pn(t) — K(t — xo)™™; (A.2)
here K is a constant, which we choose such that ¢(z) =0, i.e.,
o J@) — P(a)

(z — zo)NH1
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A.1. Proof of Taylor’s theorem

Differentiating leads to
¢'(t) = f'(t) = Py(t) = (N + DE(t — 20)",
and more generally, for each integer j € {1,2,3,..., N + 1},

0D(1) = fO(1) = PP (1)
~(N+1)N(N —1)--- (N —j+2)K(t — o)V It

In particular,
SNV () = FOED () = PO () (N 4 1)K, (A.3)

By definition,

Pult) = f(zo) + L '(ﬁ"“) (t—mo)+ 2 ";"’0) (t — a0)?
®) (2 , M) (2 N
+f 3(! )(t— 0)” + ""fN<! )(t—%)

In this expression the first term is a constant, so

Ph(t) = £/ao) + Tt -
+ f(3;(!x°>3(t —zo) f(N]if(f())N(t )N
= f(wo) + f" (o) (t — x0)
+ f(g;(!x[)) (t—20)® + -+ M(t —xo)N L
Differentiating once more,
Py (1) = (o) + 5 7O @0t — o)
S R
= f"(zo) + [P (o) (t — o) + -+ + M(t —x)V 2,

More generally, for j € {1,2,3,..., N},

P (t) = f9(x0) + f9H (20)(t — o)
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+w(t_%)2+...+

(N) .
5 f (l’o) (t . I(])N—J.

Note that
PN (@) =0, vt e R.

For j € {0,1,..., N}, we have PY)(xq) = £ (1), and therefore 1) (z4) = 0.
This means that the function ¢ satisfies the conditions in Lemma A.1.2.
Thus, there exists & €]xg, x| for which ¢V (¢) = 0. But according to
(A3),

PE) = FE = (N + DK

SO

FHI(E)
FNDE) = (N + 1)K and K = W
Using the expression (A.2) for ¢ and that ¢(x) = 0, we see that
(N+1)
f(z) = Py(z) + M(x — )N

Here is finally the proof for Taylor’s theorem, in the case I = [a, b]:

Proof of Theorem /.3.3 on page 115. Let N € N and x €]a,b[ be given.
According to Lemma A.1.3 we can find & €]a, b[ such that

N £(n) Zo (N+1) Nt
) =3 oy E S e,

Thus,

N ) (g . (N+1)
fla) =32 o gy = F S o -

By assumption we have that | fV*1(z)| < C for all x €]a, b, so this implies
that

Y (o n (V1) N+1
)= > E e =y - (e =
c -
St ol

This finally proves (4.14).
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APPENDIX B

Symbols and terminology

B.1 Short list of symbols

Symbol Meaning

R the real numbers

C the complex numbers

Z the integers, i.e., 0,£1,£2, ...

N the positive integers, i.e., 1,2,...

Q the rational numbers, the fractions

reA x is an element in the set A

AUB the union of the sets A and B

ANB the intersection of the sets A and B

ACB the set A is a subset of the set B, possible that A = B
ACB the set A is a subset of the set B and A # B
v for all

= there exists

f:A—B function f with domain A and codomain B
A a matrix

At inverse of a matrix, defined when det(A) # 0
x a vector

f a vector function
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B.2. Short mathematical dictionary (English <~ Danish)

B.2 Short mathematical dictionary (English

<> Danish)
From English to Danish:
English Danish
absolute value absolutveerdi, modulus (i tilfaeldet af
komplekse tal)
affine map affin afbildning
anti-derivative stamfunktion
argument (of a complex num- | argument (af et komplekst tal)
ber)
area areal
augmented matrix totalmatrix
ball kugle
bi-implication biimplikation
bijective, bijection bijektiv, bijektion
binomial equation, the den binome ligning
bounded set begranset maengde
boundary (of a set) rand (af en maengde)
the chain rule keedereglen
closed set afsluttet eller lukket meengde
closure of a set afslutning af en meengde
codomain dispositionsmaengde
column (of a matrix) sojle (aldrig kolonne)
column vector sgjlevektor
complement (of a set), the komplementet (af en maengde)
complex conjugate kompleks konjugerede
complex number komplekst tal
complex plane, the den komplekse talplan
composite, composition sammensat, sammensatning
connected set sammenhangende maengde
conservative field konservativt felt
continuous function kontinuert funktion
coordinate function koordinatfunktion
coordinate vector koordinatvektor
cross product krydsprodukt
curve kurve
definite integral bestemt integral
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English Danish

degree grad

derivative of a function den afledte af en funktion
diagonal diagonal

diagonal matrix diagonalmatrix
diagonalizable diagonalisérbar
differential differential
directional derivative retningsafledet
discrete Fourier transform diskret Fourier-transformation
disjoint disjunkt

domain (of a function) definitionsmaengde
dot product prikprodukt
double integration dobbeltintegral
(row) echelon form trappeform
ellipsoid ellipsoide
endpoint slutpunkt
equation ligning

even number lige tal

extremum ekstremum

field legeme

flux flux

Fourier matrix

Fourier-matrix

fraction

brok

general solution

fuldsteendige lgsning

geometric tensor

geometrisk tensor

gradient gradient

gradient field gradientfelt
gradient vector gradientvektor
graph graf

graph surface grafflade

Hessian matrix Hesse-matricen
hyperbola hyperbel

identity matrix identitetsmatrix
image (of a function) billede, veerdimeengde
implication implikation
indefinite integral ubestemt integral
indeterminate ubekendte
inequality ulighed

injective injektiv
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English

Danish

inner product

indre produkt

integration by substitution

integration ved substitution

integration, partial

partiel integration

integer heltal
interior of a set indre af en meengde
intersection of sets feellesmeengde

inverse element

invers element

invertible matrix

invertérbar matrix

Jacobian determinant

Jacobi-determinant

Jacobian matrix

Jacobi-matrix

length of a curve

lzengden af en kurve

level curves niveaukurver

level sets niveaumaengder

limit graenseveaerdi

line integral (tangentielt) kurveintegral
linear combination linearkombination

linear map

lineaer afbildning

linear vector field

linesert vektorfelt

linearly (in)dependent

lineaert (u)afheengig

local maximum

lokalt maksimum

local minimum

lokalt minimum

lower bound

undertal

lower triangular matrix

nedre trekantsmatrix

matrix, matrices

matrix, matricer (aldrig matrice)

matrix of a linear map

afbildningsmatrix

matrix representation, mapping
matrix

afbildningsmatrix

modulus

modulus, absolutvaerdi

natural number

naturligt tal

norm

norm

odd number

ulige tal

orthogonal basis

ortogonal basis

orthonormal basis

ortonormal basis

partial derivative

partiel afledet

partial integration

delvis integration, partiel integration

particular solution

partikuleer lgsning

polar coordinates

poleere koordinater

polynomial

polynomium
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English Danish

pre-image urbillede

principal value of the argument | hovedargument (af et komplekst tal)
product rule produktreglen

primitive function stamfunktion

quotient rule kvotientreglen

range (of a function)

billede, veerdimaengde

rank

rang (af en matrix)

real line, the

den reelle tallinje

real number

reelt tal

reduced row echelon form

reduceret trappeform (af en matrix)

rectified linear unit (ReLU)

rektificeret lineger enhed

root of a polynomial

rod i et polynomium

row (of a matrix) raekke

row echelon form trappeform

row vector rackkevektor

scalar skalar

set maengde

span udspaending (af en meengde af vek-
torer)

sphere sfeeren (i R™)

square matrix

kvadratisk matrix

square root kvadratrod

surface flade

surjective surjektiv

tangent vector tangentvektor
transpose transponerede (matrix)
triangular matrix trekantsmatrix

union (of sets) foreningsmeengde

unit ball enhedskuglen

unit circle enhedscirklen (i R? eller C)
unit sphere enhedssfaeren

upper bound overtal

upper triangular matrix gvre trekantsmatrix
vector field vektorfelt

vector function vektorfunktion

vector space vektorrum

vertex (vertices) knude(r), hjorne(r)
zero vector nulvektor
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From Danish to English:

Danish

English

absolutveerdi, modulus (i tilfseldet af

komplekse tal)

absolute value

afbildningsmatrix matrix of a linear map

afbildningsmatrix matrix representation, mapping
matrix

affin afbildning affine map

areal area

argument (af et komplekst tal) argument (of a complex num-
ber)

begraenset meengde

bounded set

billede, veerdimaengde

image (of a function)

billede, veerdimaengde

range (of a function)

biimplikation bi-implication
bijektiv, bijektion bijective, bijection
brgk fraction

den afledte af en funktion

derivative of a function

den binome ligning

binomial equation, the

den komplekse talplan

complex plane, the

den reelle tallinje

real line, the

definitionsmaengde domain (of a function)
diskret Fourier-transformation discrete Fourier transform
disjunkt disjoint
dispositionsmaengde codomain

dobbeltintegral double integration
diagonal diagonal

diagonalmatrix diagonal matrix
diagonalisérbar diagonalizable

direkte produkt

dot product

direkte felt

conservative field

dispositionsmaengde codomain

diskret Fourier-transformation discrete Fourier transform
ellipsoide ellipsoid

enhedskuglen unit ball

enhedscirklen (i R? eller C)

unit circle

enhedssfaeren

unit sphere

extremum

extremum
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Danish English
feellesmeengde intersection of sets
flade surface

flux flux
foreningsmeengde union (of sets)

Fourier-matrix

Fourier matrix

fuldsteendige lgsning

general solution

geometrisk tensor

geometric tensor

gradient gradient

gradientfelt gradient field

gradientvektor gradient vector

graf graph

grafflade graph surface

graenseveerdi limit

hovedargument (af et komplekst tal) | principal value of the argument
hyperbel hyperbola

identitetsmatrix identity matrix

indre produkt

inner product

indre af en maengde

interior of a set

injektiv

injective

integral ved substitution

integration by substitution

invertérbar matrix

invertible matrix

kaedereglen

the chain rule

kompleks konjugerede

complex conjugate

komplekst tal

complex number

komplementet (af en maengde)

complement (of a set), the

kugle ball

kurve curve

kvadratrod square root
kvadratisk matrix square matrix

lige tal even number
linearkombination linear combination

lineaert (u)afheengig

linearly (in)dependent

linesert vektorfelt

linear vector field

lokalt maksimum

local maximum

lokalt minimum

local minimum

ligning equation
leengden af en kurve length of a curve
maengde set
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B.3. Some well-known formulas

Danish

English

modulus, absolutveerdi

modulus

nedre trekantsmatrix

lower triangular matrix

niveaukurver level curves
niveaumaengder level sets
norm norm
nulvektor zero vector

poleere koordinater

polar coordinates

prikprodukt dot product
produktreglen product rule
reekke row (of a matrix)
raekkevektor row vector

rektificeret lineser enhed

rectified linear unit (ReLU)

rod i et polynomium

root of a polynomial

sfeeren (i R™) sphere

slutpunkt endpoint

span span
stamfunktion anti-derivative
stamfunktion primitive function
surjektiv surjective
tangentvektor tangent vector
totalmatrix augmented matrix
transponerede (matrix) transpose
trekantsmatrix triangular matrix
trappeform row echelon form
ulige tal odd number
undertal lower bound
urbillede pre-image
vektorfelt vector field
vektorfunktion vector function
vektorrum vector space

B.3 Some well-known formulas
Useful formulas:

e(a+zw)t _ eat(

coswt +isinwt), a,w € R;

1 . )
coswt = §(em +e ™, weR,

date/time: 16-Jan-2025/10:44 211



B.3. Some well-known formulas

1 . .
sinwt = ?(em —e N, weR,
i

a+ib=re’ r=la+ib|, § = Arg(a + ib),
a=rcosf, b=rsind,
la +ib| = Va? + b2, a,b € R (Pythagoras);
la 4+ b] < |a| +1b], a,b € C (the triangle inequality);

a b
det (c d) = ad — bc
-1
a b 1 d —b
(c d) = (—c " ) when det(A) = ad — bc # 0

11 Aarz2 i3
det | ag1 age a | =an

az1 asz g3

Q12 A13
Q22 A23

12

13
+ ag;
a32 33

sin(z 4 y) = sinx cosy + cos zsin y

cos(z +y) = cosxcosy — sinzsiny

Relationship between growth of classical functions:

ma

b—x—>0forx—>ooforalla>0,b>1

Inz

e — 0 for x — oo for all a > 0.
Partial integration:

[ 1@)g(w) dz = F@)g(@) ~ [ F(a)g (@) dz, where F(x) = [ f(z) da.
Integration by substitution:

[ Fa@)g () dw = Flg(x)), where F(x) = [ f(x)dz.

Some useful integrals:

1
nd _ n+1 _1
/x x n+1x ,n#£ —1;

/idx = In(z);
/cos(x) dz = sin(z);
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B.3. Some well-known formulas

/sin(x) dz = — cos(x);

/e"”da::ex.
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1l-norm, 33

2-norm, 33

C° vector function, 85
C! vector function, 104
oo-norm, 33

p-norm, 33

affine map, 18
anti-derivative, 144

vector field, 186
approximating polynomial, see

Taylor polynomial

area, 154

surface, 181
attains its maximum, 128
attains its minimum, 128

ball

inV, 43
basis, 49

orthonormal, 50
bijective, 7
boundary

of a set, 45
bounded, 3
bounded above, 2
bounded from below, 2
bounded set, 47

chain rule

215

generalized, 105
simple, 101
change of variable, 167
circle, 23
circulation, 196
closed set, 45
closure of set, 46
codomain, 6
complement, 44
connected set, 133
conservative field, see gradient
field
continuity
vector function, 82
continuous function
of one variable, 75
continuously differentiable
function, 78
coordinate function, 18
cross product, 176
curve
parametrization, 80
boundary, 46
connected set, 133
in R¥, 80
regular, 81
tangent vector, 81
curve integral, see line integral
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definite integral, 144
derived norm, 34
diagonalizable, 60
differentiability
vector function of several
variables, 102
differentiable function
of one variable, 78
of several variables, 97
differential, 103, 104
scalar function of several
variables, 98
directional derivative, 91
discontinuous, 75

Discrete Fourier Transform, 59

domain, 6
dot product, 30
double integration, 151

ellipsoid, 23
endpoint, 192
extremum, 128

flux, 197

Fourier matrix, 59

function, 6
continuous, 82

continuously differentiable, 78

directional derivative, 91

gradient, 89

of one variable, 13, 74

of several variables, 15

partial derivative, 89

rectified linear unit, 79

ReLU, 79

scalar functions of several
variables, 19

vector field, 19

vector functions of several
variables, 19

generalized chain rule, 105
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geometric tensor, 175
gradient field, 186
gradient vector, 89
Gram-Schmidt process, 52
Gramian, 176

graph

for function of one variable, 21

of function of several
variables, 21
graph surface, 184
greatest lower bound, 2

Hessian matrix, 93
hyperbola, 24

image, 7
indefinite integral, 144
infimum, 2
injective, 7
injective on, 7
inner product, 33
Frobenius, 36
on C", 32
on ", 35
on L?, 36
inner product space, 33
integration
by substitution, 147
linearity of, 146
partial, 147

rules, one variable, 143, 146

interior of set, 47
invertible matrix, 9

Jacobian, 175
Jacobian determinant, 156
Jacobian matrix, 103

least upper bound, 2
length

curve, 180
level sets, 23
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line integral, 180

vector field, 191
linear vector field, 185
linear map

differential, 103
local minimum, 131
local maximum, 131, 136
local minimum, 136
lower bound, 2

matrix, 8
diagonalizable, 60
Fourier, 59
Hermitian, 10, 61
Hessian matrix, 93
idempotant, 10
inverse, 9
Jacobian, 103
normal, 10, 61
ortogonal projection, 11
positive definite, 10
positive semi-definite, 11
real diagonalizable, 60
real orthogonal, 10
similar to, 60
symmetric, 10
unitarily diagonalizable, 60
unitary, 10

maximum, 3, 128

minimum, 3, 128

norm, 30, 32

derived norm, 34
normal vector, 178
normed space, 32
normed vector space, 32

open set, 44

orthogonal, 37

orthogonal projection, 47, 72
orthogonal projection matrix, 11
orthonormal, 37
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orthonormal basis, 50

parametrization

curve, 19, 46, 81

regular, 176

surface, 19
parametrization of a set B, 159
parametrized

curve, 135
partial integration, 147
partial derivative, 89
polar coordinates, 162
positive definite, 10
positive semi-definite, 11
potential, 186

quadratic form, 16
definition, 16

quadratic forms
symmetric matrix, 67

quadratic form
differential, 99

range, 7
real orthogonally diagonalizable,
60

rectangle

in R?, 149

in R™, 165
rectangular coordinates, 161
ReLU, 79
remainder term, 113
Riemann integrable, 141, 153
Riemann sum, 141, 150, 153, 166
Rolle’s theorem, 200

saddle point, 131, 138

scalar, 1

set
boundary, 45
bounded, 47
closed, 45
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closure, 46
complement, 44
connected, 133
interior, 47
open, 44
similar, 60
simply connected, 188
smooth set, 166
special functions, 15
spectral decomposition
normal matrix, 69
real, symmetric matrix, 66
Spectral theorem
normal matrix, 69
real, symmetric matrix, 64
spectrum, 29
sphere
in R3, 25
standard inner product, see inner
product
on R", 30
starting point, 192
stationary point, 134
strict local maximum, 136
strict local minimum, 136
supremum, 2
surface integral, 181
vector field, 197
surjective, 7

tangent
curve, 81
scalar function of one variable,
107
scalar function of several
variables, 118
vector function of one
variable, 81
tangent plane, see tangent
tangent vector, 81
surface, 176
Taylor polynomial
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one variable, first degree, 107
Taylor polynomial
notation, 107
one variable, Kth degree, 110
several variables, first degree,
118
several variables, second
degree, 120
vector function of several
variables, 125
Taylor’s formula
remainder term, 113
scalar function of one variable,
114
scalar function of several
variables, 123
Taylor’s theorem
scalar function of one variable,
115
the Jacobian, 169
trace, 11

unit norm vector, 37

unit vector, 37

unitarily diagonalizable, 60
upper bound, 2

vector, 173
notation, 16
vector function
continuously differentiable,
104
vector field, 19, 173
vector function
C°, 85
Ct, 104
continuous, 82, 84
differential, 103
vector function of several
variables, 18

volume
in R™, 167
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