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1 Motivation

Courses of this type are often described as “math methods” courses. This description seems
uninspired and raises two obvious questions: (1) why is the physics department teaching a math
course (physics students can surely handle a course in the math department) and (2) is this just
a course in memorizing a list of specific mathematic results?

Mathematical and computational physics are instead important parts of a physics department
for good reason and it is my hope that this course will give you some flavor of it (while teaching
you want you need to know for your future endeavors). Although we teach specific fields and
topics, physics, and really all of science, is a united endeavor. One guise of this unity is that we
see essentially the same phenomena appear in seemingly completely different areas. Relatedly,
there are numerous examples of insights, originally invented to solve one specific problem, that
have had profound impact far beyond their original application. One reason for the far reaching
impact of these ideas is that the mathematical description of these different phenomena are either
the same or closely related. As a result, the behavior ends up looking the same. This unity of
physical phenomena is part of what makes scientific knowledge so valuable.

Mathematical physics can be thought of as the unified description of all of these different
physical phenomena. It is not divorced from physical intuition and the physical world but is
enhanced by the fact that many different pieces of physical intuition can be used to understand
the same problems. For example, when you think about friction, you can think either about a
block sliding on an inclined plane or current running through a resistor. Relatedly, we know that
(LCR) AC circuits behave like a ball on a spring. While you might have no intuition for AC
circuits, you probably have some feeling for what to expect of the ball. Even more dramatically,
we will see how the mathematical approach to understanding this problem (circuits, oscillators)
will bring tools to bear on problem like data analysis and image processing and far beyond what
one can even see in the physics department. I suspect that most of you will see some / all of
these topics reappear throughout our careers, no matter where the future takes you.

A striking modern example is the interplay between research into artificial intelligence (AT)
and statistical physics. Al has profoundly influenced physics research by helping automate and /or
speed up a number of complex tasks. In return, many techniques in Al correspond to finding the
lowest energy state in a very complex potential, which is essentially the description of a glass. In
fact, in some specific cases, Al techniques have been shown to be mathematically equivalent to
specific problems in statistical physics.

1.1 Practical Implications of Mathematical Physics

While the conceptual mysteries of the world/universe are what excite many physicists/scientists
about their day-to-day work, the reality is that we only get to enjoy learning more about these
big picture questions if we can solve the technical problems that stand in the way of progress.
Perhaps the simplest example are the pictures of space, (e.g. like from the Hubble space telescope)
that capture the public’s imagination of science. In most cases, the raw data is filled with all
kinds of noise and unwanted signals. To produce these beautiful images, we often have to filter
out the noise and/or separate the signal components we want from those we don’t. How do you



do this? Without having a powerful mathematical toolkit at your disposal, the beautiful images
would never emerge from your data. Some version of this is true in every aspect of science: at
the heart of every beautiful result is a method to solve a difficult technical problem.

Now, I can also see how one could look at this type of example and say “but I'm not interested
in image processing, so should I care how this is done?”. One could surely ask the same question
of every problem, but this one illustrates why this is the wrong attitude. The same ideas behind
how we filter data of this type show up in all kinds of different situations: they also appear in
everything from the origin of galaxies to fractals and chaos. Good ideas get recycled over and
over again.

This course is not going to teach you every tool you will ever need (no course could ever do
that). However, the goal is to teach you how the same mathematical tools appear in different
guises and, hopefully, will help you recognize what tricks work for what kinds of problems. At
some point you may see a problem that has a similar “feel” to it and you might think that a
certain approach would help. This is how problem solving in the real world happens.

1.2 A Current Example

One last piece of inspiration comes from the physics of phase transitions. There are lots of kinds
of phase transitions that you know well, like the transition that occurs when you boil water.
Perhaps some of you even know that there is a critical point in pressure, beyond which the liquid
and gas phases actually are the same (something like boiling doesn’t happen as you heat up the
water). If you zoom-in on the physics right at the critical point itself, you get some unusual

behavior because it is a special kind of phase transition known as a continuous or second order
phase transition.
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Figure 1: Sketch of the phase diagram of a typical substance.

So far, it sounds like we are just taking about some obscure facts about fluids, perhaps only
of interest to phase diagram aficionados. That was perhaps even true until Ken Wilson came
along, and showed us that the physics of these points is actually exactly the same as all kinds

of other phenomena that one would never imagine are the same. Evolution of populations of
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animals, the behavior of sandpiles, the central limit theorem (random numbers), the properties
of fractals, and on and on and on: these all exhibit the phase transitions that are mathematically
similar, or even equivalent, to the critical point of water.

What happens at these points is that the behavior of the systems becomes independent of
scale. What this means is that if I make the system twice the size, it looks the same in a very
precise mathematical sense. A fractal is one example you might know: it looks the same when
you zoom in or out, even though its appearance is very complex. Once you have a system that
obeys some kind of scaling behavior, the microscopic details of the system become irrelevant;
whether the individual elements are atoms, cells, or people the end result is still the same. To
take an extreme example from my own field, cosmology, the behavior of groups of billions of
galaxies interacting through gravity on the scale of the entire universe can be understood from
the same equations that describe the flow of water. I recommend the book Scale by Geoffery
West for examples ranging from the lifespan of animals to city planning.

The importance of these connections between different statistical systems has been very well
illustrated by the response to COVID-19. Since the beginning of the pandemic, researchers
from all branches of science dropped what they were doing to try to understand the evolution
of the disease and recommend strategies to mitigate it. The large scale behavior of a disease
in a network of people is not fundamentally different than the collective behaviors witnesses in
physical, biological or economic systems. From the right mathematical perspective, knowledge
of those systems has lead to valuable insights that has influenced policy decisions around the
world!.

1.3 Waves: the unifying theme of this course

If you understand one thing about physics really well, it should be waves. They appear in one
way or another in almost every physical system from light and sound, to quantum mechanics
and the beginning of the universe. Waves are so prevalent, that much of how we think about the
world is describe in a language built for waves. This perspective will help us organize the topics
in this course:

e The Fourier Transform: This is just the natural language for discussing waves, break
wave up into a super-position of waves with specific frequencies and wavelengths (breaking
light up into colors). The fourier transform is way to apply this to any problem. At the
level of problem solving, it turns the wave equation from an partial differential equation
(PDE) to an algebraic equation. Once you see the power of the fourier transform, you
realize that you can talk about any function in terms of its frequency and wavelength.

e Complex Analysis: Waves are easy to understand in fourier space, but we live in position
space. Going from one to the over requires integrals over complex valued functions.

e Green’s Functions: We have a source of light / sound in some complicated medium. The
Green’s function describes what happens to the waves after we create them.

Tf you are skeptical, you can take it up with UCSD Physics Professor Nigel Goldenfeld, who has made profound
contributions to all of these topics, including modeling COVID-19 and how universities should respond to it.
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e Partial Differential Equations: The world evolves in more than one-dimension. When
we think of confined waves or bound atoms, the boundary conditions might not make fourier
space very useful. What other tools do we have at our disposal? Like to fourier transform,
we will find more general ways to convert ODEs to algebraic equations.

e Spherical Harmonics and Special Functions: Waves are sometime confined in spher-
ically symmetry potentials or the surface of a planet. For such cases, spherical harmonics
are the natural generalization of the fourier transform.

As we go through the course, I will try to emphasize the physical connection between the tools
we are developing and why it is a good way to talk about physical systems. I am trying to give
you a map of where we are going in the hopes that I won’t lose you along the way.



2 Introduction and Review

Dubin Chapter 1, Sections 1.6, 1.3

Every idea that we develop in this course is a generalization of something you have already
seen for simple harmonic oscillators. We will review the simple harmonic oscilator with an eye
towards these features so that we can understand how and why they reappear in more complex

examples.

2.1 The undisturbed harmonic oscillator

The harmonic oscillator is by far the most ubiquitous phenomena in physics. Nearly every physical
system contains some component that behaves like a harmonic oscillator. As such, we study it
to death because every piece of intuition you can develop will serve you will in some situation or
another.

The simplest incarnation of the harmonic oscillator is a one-dimensional frictionless spring.
We have an object of mass m at position x and apply a linear restoring force F' = —kx so that
our equation is
mi(t) = —kx(t) = #(t) + wiz(t) =0 (2.1)

d2

where w3 = xk/m and @(t) = %m(t), Z(t) = gzw(t), etc. We can easily check that this is solved

by x(t) = asinwot + b cos wot.
Of course, the world is more complicated and we need to include friction, as follows:

E(t) +ya(t) + wiz(t) = 0 (2.2)

Note that v and wy have the same units of [time] . To find the solution to this equation, we
start by making the standard guess that there is a the solution of the from x(t) = Ae”* where A
and p are parameters we hope are determined using the equation of motion. Plugging this ansatz

into our equation we have
240+ udla() =0 > p =~ 1 L -3 (23)
When wy > 7/2 the second term is imaginary, so it is useful to write
p = tiw— /2 where w=A\lwf—— . (2.4)
This all looks good, but x(t) is a real physical quantity but in the oscillating phase I have
z(t) = Ae™te™ /2 (2.5)

which is complex. Clearly I did something wrong, but to get there, let’s remember some useful
facts about complex numbers.

[If instead 0 < wp < /2, the we find two exponentially decaying solutions but the slower
decay is given by

2
2(t) ~ Ae V2TV T 0. (2.6)



This is usually called the over-damped solution because the damping is too strong for it to
oscillate. |

Aside: Complex Numbers: [ am going to assume that you have all seen complexr numbers,
at least in their basic form. We will learn more about complex numbers in this course, but let me
remind you of some basic and very important facts about complexr numbers:

1. A complex number z = x + iy has a real part Rez = x and imaginary part Imz = y that are
both real numbers and i> = —1.

2. The complex conjugate z* = x — iy comes from switching i — —i.

3. The “absolute value” is a very useful thing to keep track of V/zz*. zz* = 2% +y? is always
a positive real number.

4. You can get the real part just by adding z and its complex conjugate x = (z + 2*)/2 or the
imaginary part by taking the difference y = —i(z — 2*)/2 (remember i(—i) = 1).

5. Complex numbers are extremely useful because of the Fundamental Theorem of Algebra: any
non-constant polynomial equation of one variable with complex coefficients has a complex
solution! Let me illustrate. Consider the equation:

a?+b2=0 (2.7)

If a and b are real numbers, then there is only one solution a = b = 0. I started with one
equation and two unknown and I somehow determined both a and b. Alternatively, we could
write a® + b*> = —1 and find no solution at all!l However, if a and b are complex numbers
than a = £1ib are solutions and so I have determined one unknown from one equation. I.e.
one equation gives me the relation between the two unknowns, a and b, but I still need to
determine either a or b to fully solve the problem. What is amazing about complex numbers
is that this is always true: every (polynomial) equation has a complex solution. Notice
that this is the first kind of number you encountered with this property (polynomials with
integer/rational/real coefficients have solutions that are not integer/rational/real).

6. The next most important fact is Euler’s formula: €™ = cos(z) + isin(x). It is easiest to
get this just by writing out the Taylor series. It is a remarkable mathematical fact that
connects the worlds of algebra and geometry. It is also extremely useful for a lot of reasons,
as we will see in this course. The simplest demonstration is that you can very easily show
all kinds of trig identities just using what you know about exponentials: e*e® = e*t? and
()’ = e®. For example:

e Re[(e)?] = cos2x = Re[(cos z + isinz)?] = cos? z — sin’ x

o e = ¢0 =1 = (cosz +isinx)(cosx — isinz) = cosx? + sin’ x
o e = cos(x + y) +isin(z +y) = (cosz + isinz)(cosy + isiny) = (coswcosy —
sinzsiny) + i(coszsiny + sinx cosy)

o 0.6 =ie’® = —sin(x) +icos(x) — Oy cosx = —sinx Opsinx = cosx .



7. You can also write a complex number in polar form z = pe'. This determines the x and y
position in a complex plane by taking a circle of radius p and a taking the point at an angle
0 around the circle counter-clockwise, starting at z = +p. This is just a different way of

thinking about Euler’s formula.

Complex numbers are going to show up a lot in this course. Sometimes it will just be an easier
way to find a solution to an equation (like the harmonic oscillator). At other times, the physical

quantities will actually be complex numbers (like in quantum mechanics or the fourier transform).

Now we know how to fix our problem. We want z(t) to be real, but we picked x(t) = Aet
and found out that p was complex. We can fix that problem by letting A be a complex number
and remembering we can add solutions so that z(t) = Ae? + (Aef!)* so that z(t) is real, even
though we are using complex solutions. This works for two reasons

1. Because the equation has real coefficients, we can take the complex conjugate of the entire
equation as follows: suppose I have a complex solution f(¢) then when I take the complex
conjugate of the equation (complex conjugate both sides), I get

(Imd} + 70 + Wl f(t) = 0)" — (MO} +~0; + wi f*(t) =0 (2.8)

Since f(t) solves the equation, then this procedure tells us is that f*(¢) is also a solution to
the same equation so that both f(¢) and f*(t) are solution to the same equation (note that
if the coefficients of the equation were complex, the f*(t) would be a solution to a different
equation, one where the coefficients are replaced with their complex conjugates.

2. The equation is linear in z(t). If I have two solutions fi(t) and fa(t) to the original equation
(i.e. [mO? +~0 +wd]fi(t) = 0 and [md} + v + wd] f2(t) = 0) then z(t) = c1 f1(t) + cafa(t)
is also a solution where ¢; and ¢z are complex numbers (constants):

(M} + 70; + wil(cLfr(t) + ca fa(t))
= [m0} + 70, + wilerfu(t) + [md} + 0, + wileafo(t) (2.9)
= ¢1[mO} + 70 + W2 f1(t) + [mOF 4 coyOy + Wi fa(t) (2.10)
= 0
This is the principle of superposition discussed in Section 1.6 of Dubin
Now we can write
1‘(t) _ effyt/2[Aeiwt + A*efiwt]
= e "?[(ReA + ilmA)e™ + (ReA — ilmA)e ]
= efvt/z[ReA(eM + e 4 iImA) (et — e7 ™))
e "/2[2ReA cos(wt) — 2ImAsin wt] . (2.11)
However, as emphasized above, it is going to be much easier to work with e*™* than coswt and

sinwt. You should know how to go between the two, but at some point in the course we will only
use complex exponentials.



2.2 Coupled Harmonic Oscillators

A classic mechanics problem is the evolution of two harmonic oscilators that are themselves
coupled together by a linear restoring force. A simple example you might have seen is two
pendua that are connected by a spring. Now we have two equations

mi = —kx1 — K (21— T2) (2.12)

mis = —kKro — K (T3 — 71) (2.13)

I have chosen the masses and spring constants to be the same so that it is easy to find the
solutions.

To find the solution to these coupled equations, we can try adding and subtracting these two
equations. If we define x4 = x1 4+ x9, then adding the two equations gives

miy +mie = —kx1 — K (1 — 22) — kro — K (T2 — 11) (2.14)

mi; = —KIy (2.15)
and subtracting gives

mi| —mis = —kx1— K (v1 — 22) + kT2 + K (12 — 1) (2.16)
mi_ = —(k+2K)z_ (2.17)

We see that the equations for z; and x_ are decoupled and can therefore be solved independently.

The solutions are given by x4+ = Ayre™+! 4+ c.c. where wy = /k/m and w_ = +/(k + 2x')/m.
Now using 21 = (z4 +x_)/2 and z3 = (z4+ — x_)/2 you can find that z; and z5 are the sum of

two frequencies, i.e.
r] = (A+eiw+t + A,ei‘*’*t) + c.c. (2.18)

ro =

N =N =

(Aye™+t — A_e™") +c.c. (2.19)

The two different modes correspond to two types of motion. E.g. for the coupled pendula, the +
solution is where the two pendula swing together in phase so that there distance from each other
is unchanged. The — solution is where they are completely out of phase so that approach each
other but then are repelled by the spring and get shot apart, only to be pulled back together.
Imposing initial conditions at ¢ = 0 so that only x; is moving (initially) and 29 = 0 corresponds
to Ay = A_ = A which is an equal mixture of these two modes.

The downside of the way we solved the problem is that it requires some cleverness in how
we combine equations. If we made the masses and spring constants different it would take more
work. If we added more springs it quickly gets out of hand. Instead, it is more useful to turn

this into a linear algebra problem:
mi = —K& (2.20)

k+K =K
K = ( o ,Hﬁ,) (2.21)

where



and ¥ = (z1, z2).

Side Note: & is not a really a vector in 2d space, but is instead a vector we invented as a way
to keep track of two 1d oscillators. This is important because we could easily imagine making
T = (x1,..,2100) describing 100 coupled oscillators, e.g. like 100 atoms coupled together. In this
way, we can very easily imagine T being an extremely large vector (like Avogadro’s number big) but
we shouldn’t confuse this with one harmonic oscillator living in 100-dimensional (or Avagadro’s
number-dimensional) space, although there may be limits where the solutions are equivalent.

The eigenvalues and eigenvectors of the matrix K are « and x + 2x’ for Z, = (1,1) and
Z_ = (1,—1) respectively. Le.

Kf_|_ = Iif_t,_ K.f_ = (/i + 2H/>f_ . (222)

Now suppose that & = A(t)Z4 then our equation is just Z4 (A(t) + kA(t)) = 0. Since x4 # 0,
A(t) = e+t + c.c. is our solution. Repeating for ¥ = B(t)#_ we see that our general solution is

T= Ae™+'F, + Be™'7_ +c.c. (2.23)

This is the same solution as the first time, but we see now that our adding and subtracting the
equation was just a way of finding the eigenvalues and eigenvectors.

Aside: Linear Algebra: In a mathematical sense, this course is about extending the ideas of
linear algebra from the space of N-dimensional vectors to the space of functions (this sentence
will hopefully make sense later). The key idea is that physics is described by function, but the
kinds of functions that arise in a lot of physical systems have special properties that make them
behave a lot like vectors.

The key idea is that what we need to understand about linear algebra starts and ends with
etgenvector decomposition. Recall that a linear operation, ﬁ, has two basics properties

Lix+y]=Llz|+ Lly] L x] = AL[z] (2.24)

where x and y are functions and A is a number. The case you should know well is where L=M
is a matriz and & and i are vectors and MZ is matriz multiplication. However, we will see
throughout this course that most differential equations you study are also just linear operations
(e.g. you can check that both differentiation and integration are both linear operations).

We will get most of our intuition from the eigenvalue decomposition of a matriz. Recall that,
given a matriz M, the (left/right) eigenvalues \; and (left/right) eigenvectors, u;, are defined by

for the left and right eigenvectors respectively and * denotes the transpose of the vector. If the
matriz is either symmetric or Hermitian, then the right and left eigenvectors / values are the
same.

This leads to the first useful result, which is that the eigenvectors for distinct eigenvalues of
a symmetry/hermitian matriz are orthogonal. Proof:

U_]TMILL‘ = )\Z‘u]' ;= )\juj -y (2.26)

11



where we used defining equation of the right and left eigenvectors in the first and second equality.
If \i # X\j, this equation only makes sense if u; and w; are orthogonal, u; -u; = 0. In this sense,
we see that find a basis of orthogonal direction and finding eigenvectors are related problems.

Given a n X n matriz, A, with n-linearly independent eigenvectors, one write the matriz in
diagonal form

A=QAQ! (2.27)

where

J

is a diagonal matriz of all the eigenvalues and Q! = u}, i.e. the ith column of Q is the eigenvector

of eigenvalue \;. This works because
AQ=QA (2.29)

by construction (this is just the eigenvalue equation). Since all the eigenvectors are independent,
Q, is an invertable matriz and therefore A = QAQ™'. This way of writting the matriz is very
powerful because now

n

A"=][(@aQ ™) =qQA"Q! (2.30)

i=1
where now A" = N!'0;;. In this sense one can even define fractional powers, exponentials, logs,
etc. of matrices just using how those functions act on the eigenvalues.

We can immediately see how this would generalize to an arbitrary number of spring with
different masses and different spring constants. Suppose we have N springs described by the
equation

i =—K7 (2.31)

where K is now an N x N real matrix. Suppose it has N non-zero eigenvalues \; and eigenvectors
Z; where ¢ = 1,.., N. For any eigenvector, we have

Ki; = M (2.32)

For each eigenvector, x; we have a time-dependent coefficient A;(t) then A;(t) + A\;A;(t) = 0 such
that

N
E(t) =) Ai(t)T; (2.33)
i=1
If all the \; > 0 and real, then we can write
N
T = Z aie’mtj’i + c.c. (2.34)
i=1

If T give you specific model that corresponds to some specific K, then the solution is found just by
calculating these eigenvalues and eigenvectors. For a large matrix, this is itself a difficult problem
but one that can but done by computer.

Using our knowledge of linear algebra, we can also notice an amusing fact. Recalling the
M" = QA"Q~! for integer n, we could go so far as to define

M2 = QIAY?)Q! expM = Q[exp A]Q ! (2.35)

12



where we define the operation on A by acting on all the eigenvalues. Now we can write our
general solution as

7 =Re [exp[itf(l/ﬂ #(t = 0) + Im [exp[itf(l/z]f{_l/z #t=0). (2.36)

It is an exercise for the reader to see that this is equivalent to our first answer. We have used
the real and imaginary parts to write the constants in terms of the initial position, Z(t = 0) and
velocity Z(t = 0). This works because exp[itK/?]|;—¢ is a the identity matrix which is purely
real.

2.3 The driven harmonic oscillator

Now we consider the situation where we drive the system with an external form Fuy = mag cos(w't):
E(t) + v (t) + wiz(t) = ag cos(w't) : (2.37)

Now we should be careful about how to make this a complex equation. Note that if we are solving

1 -
9? + 70 + wil[zo + c.c] = —ape™ ! + c.c. 2.38
t 0 5
then if we can solve 1
9? +~0 + wilzg = faoeiw/t 2.39
t 0 5

when we automatically solve the equation. Let’s try our ansatz again:

1 -
Ae™[p* + py + wip] = aoe™! (2.40)
First of all, we must have p = iw’ if we have any hope of solving this equation at every t. Solving
for A we get
1 2 2\
A=j 0w o) e (2.41)
2-w?+iyw+tw; 2 (wf—w?)?+ (W)
and therefore
2(t) = Thomogenous + a0 [(w% — w'?) coswt + wysin w't] (2.42)
(w§ —w'?)? + (w'y)?

We see the usual intuition that if we drive the system near the natural frequency w’ = wy, the

we get a large amplitude oscillation in response. If we assume yw > |w8 — w'?| then

ap .
z(t) =~ —— sinwgt 2.43
0~ (2.43)

which is parametrically larger than the force itself when wpy < ag. I.e. when the damping is very
small, we can fine tune the frequency so that a small external force produces very large response.
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2.4 Summary

Why did we learn all this right now? We had to remember complex numbers and linear algebra
to solve some seeming random problem about coupled harmonic oscillators. The key insight that
came from linear algebra is that life is much easier when we can replace matrix multiplication

with the eigenvalue:
K7 = N\ . (2.44)

In fact, we had already pulled the same trick with the derivatives with our ansatz:

d wt - twt

—e " = we™" . 2.45
o (2.45)
This is a general lesson: the laws of physics makes way more sense if you can replace complicated
mathematical operations with numbers (or simple functions). If you internalize this idea now
with these examples, it will be much easier to process everything that is coming up this quarter.
The purpose of this course is to generalize this idea far beyond the point you may have realized

is possible.
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3 The Wave Equation and the Fourier Transform

Dubin Chapter 2

3.1 Review

At some point, everyone should have seen the wave equation:

0%¢(x,t 0%o(x,t
Q;(t”; ) _ 2 ?(; ) _y. (3.1)

Given any function of space, g(x) and the boundary condition ¢(t = 0,x) = g(zx), this equation
has solutions
¢ = ag(z + cst) + bg(z — cst) (3.2)

where a + b = 1.

A priori, this looks like an intimidating equation. Had we not guessed the form of the solution,
it might not have been obvious that we could derived the solution so easily. After all, this is a
partial differential equation and we don’t have many general tools for such situations.

From your previous experience, you probably also have a sense that waves are about oscilla-
tions moving in space and time (think of a wave pattern on the surface of the ocean), but our
solution is true of literally any shape we can imagine. The reason is that most physical waves
are a bit more complicated than this equations suggests. The picture of oscillations emerges as
we try to understand where these solutions come from in a way that works for all-kinds of waves
in the real world and not just the ideal waves.

We can get a bit of intuition if we assume that ¢(t = 0,2) = Ae’*® + c.c.. Let us guess that
there is a solution of the form ¢(¢,z) = f(t)e?*® + c.c.. The equation for f(t) becomes:

[f+ 2K fle™™ =0 — [f + k2 f] =0. (3.3)

This is nothing other than the simple harmonic oscillator we solved last time. From our past
experience, we know f(t) = ae’* 4 be7¢kt 5o that

o(t,x) = aetklestz) 4 preiklest=2) 4 ¢ o (3.4)

Notice that we get the cst + x structure again, but this time we got it just from our knowledge
of the harmonic oscillator. By making this assumption about the initial shape, we found the
equation takes a form that we have lots of tools to handle and we can derive the result directly.
However, you might feel this is a bit of a false achievement: I put in a special solution and I
found a special solution. What are we going to do when we face new equations and we don’t
know what guesses or special solutions to look for?

The new idea that brings real power to this and many other problems is the Fourier transform.
The first step is just like the initial guess I made before: imagine I chose the initial shape so that
the solution could take the form ¢ = ae™!e’*® for some w and k. In this case my equation
becomes:

[w? — 2k*a =0 (3.5)
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This is amazing, I started with a PDE and I have reduced it to an algebraic equation. Now our
solution is just w = Zcgk! In fact, we can see this trick would work for any equation that is
made only of derivatives of ¢ and z, no matter how complicated: it would always reduce to a
polynomial equation!

Aside: It is also worth noting that our exponentials are “eigenvectors” of the derivative oper-
ation, i.e.

S
ot

The derivative is a linear operator so if we thing of 0, = L then ¢

Wt — et (3.6)

t in an eigenvector of L

with eigenvalue iw. In this sense, we can also see that what we are trying to do is decompose
the differential equation in terms of the eigenvectors of the differential operator that defines the
equation L[f(x)] = 0.

Physically, there is a very good reason to think in terms of frequencies and wavelengths instead
of positions and times. We can see this using some basic facts about light that you already know
very well. When light travels through a medium, we know that the speed of propagation depends
on the color of light. When we think in w and k, this is no big deal: I just have to solve

w? = AWw)k?=0 (3.7)

This just slightly changes the relationship between k and w at any given frequency. A lot of very

important aspects of optics are encoded in this seeming innocuous statement.

2

*(w), you might not have any idea how you would even

In contrast, for some generic function ¢
write a differential equation that gives this behavior. We will see how to do it but we will also
see that this seemingly simple generalization of the usual wave equation is a complicated mess
when you try to write it as a differential equation.

From this simple example, we can see how our physical intuition lives in the space of frequen-
cies and wavelengths not positions and times. The color of light is just a statement of its angular
frequency w or its wavenumber k. At this point, you are likely all familiar with the idea that
light can be decomposed into the individual colors (using a prism or example) to make a rainbow
(in the case of sunlight).

The Fourier transform is, very literally, the decomposition of light into its indi-
vidual colors; however, instead of using a prism, we will define it as a mathematical procedure.
While either is good for light, this mathematical procedure will let us decompose anything into
colors / frequencies / waves, whether it physically wants to treat them individually or not. More-
over, just as the waveform of light can take the shape of any (reasonably smooth) function (i.e.
any g(z) as appears in Equation (3.2)), we must be able to decompose any function in the wave-
lengths and frequencies (colors), regardless of whether it is a light, sound, or literally any other

kind of information you could imagine.

3.2 The Fourier Series

Dubin Chapter 2.1,2.2
At this point, it may still seem that we are still talking about specialized examples. Now
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comes the truly brilliant and profound part: we can break any”? function into a sum of these
types of oscillations without making an error! The precise statement is the following (via the
textbook):

Theorem: If a function f(x) is continuous on x € (—L, L) and its derivative is non-infinite and
sectionally continuous, then you can write a Fourier series such that is equal to f(x) at each
point.  In other words, for any function f(z) obeying these conditions, there exists a fourier
series representation

frs(x Z an, cos(mnz /L) + by, sin(mnz/L) (3.8)
n=0

such that frg(z) = f(z) for every z € (—L, L).

I will leave it to the math department to prove this statement (and its limitations). Instead, it
is easier to see how it works in action. Let us consider a function on the space [7, 7] with periodic
boundary condition (i.e. f(z +27) = f(x)). In order for these boundary conditions to work, we
need to pick the frequencies of the sines and cosines to have the same periodicity: sin(nz) and
cos(nx) where n € Z so that sin(n(z + 27)) = sin(nz + n27) = sin(nx). Let us suppose this
works and we can write -

= Z ap, cos(nz) + by, sin(nw) (3.9)
n=0
for some coefficients a,, and b,, (I dropped the frg because the theorem tells us that these functions
are the same). Part of the magic in knowing that such a representation exists is that it gives us a
recipe to figure out what these coeflicients are. To see how this works, let start by noticing what
happens when I integrate both sides of this equation:

/7T def(z) = Z/_ dxay, cos(nz) + by, sin(nx)

—T
= 2mag + Z n~Yay, sin(nz) — by, cos(nz)]|™,
n=1

= 2nmag (3.10)

Just be integrating, we have isolated a single term in the sum! The intuition here is pretty simple:
every term in the sum is an oscillation around 0, so when we average we are just canceling to the
positive and negative parts of the oscillation. Now suppose we tried another integral:

—T

/7r drsin(3z)f(x) = Z /7r dzay, sin(3z) cos(nx) + by, sin(3z) sin(nx) (3.11)
n=0"""T
S /” i (;an[sin((n +3)2) + sin((n — 3))]
n=0""T

+gbufeos((n — 3)z) — cos((n + 3>x>n>

2«Any” in the sense of function describing physical phenomena, but not all functions in the mathematical sense.
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We have used trig identities to rewrite this as something like the sum we had before. If we pick
a random n then we expect all of these oscillations to cancel out and we will get zero. But for
the special case of n = 3 we have cos((n — 3)x) — 1 and we get

/7r dz sin(3z) f(x) = wbs (3.12)

—T
How did this happen? The key is to notice that when we write just the n = 3 part of the integral,
we are integrating over by [sin3z]? = b,3[1 — cos6z]. Clearly [sin3z]? is positive everywhere so
there is no way the integral could vanish. The miraculous thing is that we again isolated just a
single term in the sum and that there or no other contributions that behave this way. From here,

it is easy to see the pattern:

ag = % i dx f(x) (3.13)

>0 = e dx cos(nx) f(x) (3.14)
2 J_,

b, = % g dx sin(nx) f () (3.15)

Now we have the tools to take any function and write it as a fourier series.

I wrote the Fourier transform in terms of sines and cosines to make it easier to understand.
But, as usual, it will be advantageous to work in terms of complex exponentials as well. So let
us take the series and write is as

flz) = Z an cos(nz) + by, sin(nx)

o0
Z an —|—Zb —inx + Z - Zb eine
n=0

0o

S Y e (3.16)

n=—oo

M\t—tﬁ

where ¢, = (ay, +iby)/2 for n > 0 and ¢, = (a—,, —ib_y)/2 for n < 0. The fact ¢, = c_,, is what
encodes that f(x) is a real quantify, i.e. (f(x))* = f(z). We can see this directly from the series

o
S e f) = Y e — e (3.17)

n=—oo n=—oo

This representation is slightly more compact notation in that we have extended the sum ton € Z
but now with only a single term for each n in the sum. Now we should also have a simplified
formula for the ¢, right? First, we need the orthogonality relation

/ dre™* ™ = 215y m (3.18)

—Tr

2inT ,—inm —inﬂ')

(we used """ = e*""e =e . S0 we can write

n = % /d:reimf(ac) (3.19)
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Notice that this formula simplifies what was an odd looking factor of 2 in the cosine / sine
description. Specifically, the formula for ag was different from a,~g and b,, by a weird factor of
two. The reason was that when we average sin? or cos? we get a factor of 1/2 that doesn’t exist
for ag. Using complex numbers, this went away because we are averaging over e/~ =1 for
every n including n = 0.

This mysterious factor of two survives in the full sum if we remember that c¢,* = c_,, so when
we sum over n, we are getting the sum of ¢, and its complex conjugate, except for n = 0 where
there is one one term in the sum. So n = 0 is still special but now in a way that is a bit more

obvious.

Finally, let us recall why we started doing this: by replacing a function with an exponential,
we replace a differential equation (with constant coefficients) with a algebraic equation. We can
solve the equation for each term in the fourier series so we write

fx,t) = Zane_iw"t_mx — wy, = Fegn (3.20)

n

so that our full solution is now
T, t) = ane_." Cst=) 1 ne_m G L oc.c. 21
f infest=x) 4 p (estta) 3.2

This is nothing more than the Fourier transform of the general solution. But now we have found
the same solution using a tool that we can apply to a much wider range of problems.

3.3 A Simple Example

Having established the power of this method, we should understand what the Fourier transform
is all about, independent of our initial motivations. To make this more concrete, let’s work out
a simple example. Suppose we have a function on [—7, 7] defined as

flx<0)=1+z/7 flx>0)=1—xa/7. (3.22)
(I have chosen f(x = —m) = f(Z = +m) so that it is consistent with periodic boundary conditions
without breaking continuity.). Since f(—z) = f(z) but sinn(—z) = —sinnz, it is easy to see

that b, = 0 for all n. So all we need to calculate is

2 ™

an = o 77rda:f(:c)cosn:c (3.23)
4 ™

= — dx(1 — x/m) cosnx (3.24)
2T 0

2 —2cosnm
For n =0 we get ap = 1/2.
Aside: I always forget how to do these integrals analytically, but here is a trick. First let’s

split the two terms:
/ dx(1 — x/7) cosnz :/ dx cosnx —/ dx(x/m)cosnx . (3.26)
0 0 0
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Figure 2: The fourier series for f(x) defined in (3.22) if we keep only up to n = N. We see that it converges
fairly quickly to the original function.

1

The first term vanishes as foﬂ dxcosnx = n~ sinnz|f = 0. We can use a trick for the second

term i 1d [7 1d 1
—/ dx(x/m)cosne = —— dxsinnz = 1 d cosnm) = 1 (3.27)
0 mdn Jg mdn n
Noticing tha % cosnm = —sinnw = 0, we get
4 11
- dz(z/m) cosnz = ———(cosnt — 1) (3.28)
0 ™n
In Figure 2, we have the result of this calculation when we define
N
In= Z Ay COSNT . (3.29)

n=0

Clearly keeping only n = 0 is a bad idea as it just gives the average. Since a; = 0, the first
non-trivial term is ae which gives a pretty good approximation. We see that we don’t need very
many terms to reproduce the function quite well.

Let us consider another example, but now we will use the complex exponential representation.
Suppose have the function f(z) = 2% defined on [—7, 7] with period boundary conditions. This
function is continous, even at the boundaries because f(—7) = f(+7) = 72. Coefficients of the
Fourier series can be calculated as follows. For n = 0, we have

_ 1" 2 1 o
=5 g dxx® = 37 (3.30)
and for n # 0
1 (7 ;
Cn =5 dza’e™™ (3.31)

—Tr
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Figure 3: The fourier series for f(x) = x2if we keep only up to n = N. We see that it converges fairly
quickly to the original function.

Let’s remember how to evaluate this integral by hand.

™ ) ™ 2
/_7T drz?e™® = /_7T dxe(in)_2%emm (3.32)
= xQ(in)_Qiemm R /7r dex(in)_Qieim (3.33)
dx ) dx ’

™
= 22(in)"te™®|T_ — 2z (in) " 2e™T|T —i—/ da2(in) "2e™® (3.34)
-7

= 22(in) " Le™ ™ — 2x(in) " 2e™®|T_ + 2(in) SemE| (3.35)

(3.36)

Noticing now that ™™ = e~ for any integer n, we see that the first and last terms vanish and

we are left with
& 47

2 _inx __ n
- dxx“e™ = ﬁ(_l) (3.37)
so that 5
Cp = ﬁ(—l)” (3.38)

Notice that this is purely real, so that when we write the Fourier series

o

f(z) = Z Cpe T = % Z ni " cos(nx) (3.39)

n=—oo
where used the fact ¢, is real to write the answer in terms of 2 cos(nz). The comparison of the
series with the original function is shown in Figure 3.
3.4 Broader Applications and Limitations
We were lead to the fourier transform from the wave equation: each mode evolves independently

and its time evolution is determined by a algebraic equation. However, the fourier series is a part
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of a much broader idea here which is that we can replace some object, in this case f(z), with a
sum over some set of normal / basis objects.
The canonical example here is vectors: you have some vector ¢ and a normal basis Z, § and

S\b

You can always write ¥ = v,& 4 vyy + v,2. Furthermore, since I will choose Z -2 = 1 and

-g=2-2=0,1 can also determine these coefficients as

=

VT =1, . (3.40)
The fourier transform is the same exact idea, except now we are representing the space of functions
on the region [—7, 7] in terms of an infinite set of basis functions and the dot product has become
an integral

f-cos, = /dxf(a;) COSNT . (3.41)

The common feature is that we are using the “orthogonality” ([ dzcosnzcosmz = bpp,) to
isolate the individual components.

This idea of thinking of the space of functions as some kind of vector space is incredibly
useful. In physics, this idea is at the heart of quantum mechanics, where the functions that make
up this basis are typically individual quantum states of constant energy. Beyond physics, this
is commonly used method to analyze data, especially noisy data. In particular, noise can effect
some of these modes more than others (e.g. noise can be dominated by high or low frequencies)
and thus by decomposing the data into such a basis, you can more easily eliminate the noise
without losing signal.

I made a few comments about the types of functions for which the Fourier transform can fail,
but the reason might not seem intuitive. After all, T have provided a recipe to compute a, and
by, for any function, as long as it is integrable, which is a much weaker condition that continuity.
To see the problem, consider the function f(z < 0) = —1 and f(z > 0) =1 and f(x = 0) = fo.
First one can see that a,, = 0 for all n. Iff we had a function g(z) = 0 for all  # 0 and g(0) < oo,
then [dzg(z)cosnz = 0. In particular, this means that the formula for a, doesn’t depend on
f(z = 0). As a result, since cos(—nx) = cosnx but f(—xz) = —f(z) it must be the case that
an = 0 for all n. Therefore our fourier series is

f(z) =Y bysin(nz) (3.42)

but clearly this has the property that f (x = 0) = 0. Therefore f (x) # f(x) unless fop =0.

This may seem like a minor issue, as we are talking about the disagreement between the
original function and its fourier transform at a single point. For the purpose of physics, this is
indeed a relatively minor point, as we are often not interested in exactly how such a function would
behave at x = 0. In cases where we use a discontinuous function, we are usually approximating
a smooth function that changes quickly over a short period of time. However, there is a principle
here that does have applications elsewhere. What we noticed here is that if g(z) = 0 for all z # 0
and |g(z = 0)| < oo, then

/d:cg(x) Sinna::/dxg(x) cosnr = 0 (3.43)
an=by = 0 (3.44)
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for all n. In other words, there are a set of functions that are indistinguishable by the fourier
series from the function g(x) = 0.

So what does it mean that there are a set of functions g(z) where these integrals always
vanish? Imagine you were working with 2-dimensional vectors in the basis £ and ¢ and someone
came along and told you that there was a new kind of vector Z # 0 such that 2-Z = 2-§ = 0. The
way that I have named this suggests that you have discovered that Z is really a new dimension
and that you need to expand you basis to capture it.

With functions, it is a bit more confusing. In some sense, it is an infinite dimensional space,
but it still makes sense to ask if your basis (cos nz and sinnz) is complete. For continuous, twice
differentiable functions, the answer is that the fourier basis is complete. Every such function
is perfectly represented in terms of this basis. We have now seen that if we don’t satisfy these
criteria, it is not complete: there are functions that are non-zero but have zero “length” this
basis.

The reason I am mentioning this is that there are lots of ways to break a function into
a sum of other functions. We will discuss a few in this course and you may encounter more
in your lives beyond this course. E.g. you could pick a set of polynomials, p,(z) such that
[ dzp,(2)pm(x) = Opm. The most important® question to ask when picking such a basis of
functions is whether it is “complete” in the sense of the problem you are interested in. lL.e. are
the types of objects you are using fully capture by the basis you are using.

Aside: Gibbs Phenomenon

This section s option reading that we will note cover in class

Another and perhaps more serious issue with discontinuous functions is the convergence of
the fourier series near the discontinuous point. The easiest thing we can do is consider a square
wave f(x) = —1 forx <0 and f(x) =1 for x > 0 (imposing periodic boundary conditions makes
this a square wave). Again, this is an odd function so a, = 0 for all n and

nim

2 [ 2 .
b, = — drsinnr = —(1— (—=1)") (3.45)
T Jo
Using this in the series we have

f(z) ~ Z 4 sin(nzx) (3.46)
n=1,3,5,...

The result is shown in Figure 4. Notice the values of N used in this plot: N = 20,50,100. In the
previous example, we did quite well with N = 8. Furthermore, as we increase N, it doesn’t seem
to be doing much for the overshoot on the corners of the square wave. This slow convergence near

a discontinuity is known as Gibbs phenomenon.

To see the problem, let us consider the series with N terms such that
N

fn(x) = Z %sin(nm) (3.47)

n=1,3,5

3The second most important question to ask yourself is whether the series description is practical in the sense
that can get a pretty good description with a few terms. E.g. if I am looking at functions that oscillate a lot, then
it is going to take a lot of terms in a polynomial to capture it, but it might take only one or two fourier coefficients.
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Figure 4: Gibbs phenomenon.

but now let’s evaluate it at the point v = w/N:

N

Iv(e/N) = 30 % sin(n7 /N) (3.48)

n=1,3,5

Remember a Reimann sum is related to an integral by

/da:h(x) = Algicrg0 Az y h(nAx) (3.49)

Let us first consider just the sum . _, % In this case we can think of this as
1 > d
ZAx‘i — / &, log z|X, — o0 (3.50)
1 Az T

So 1/n is not going to zero fast enough for this series to converge. Now let us rewrite our actual

sum
N/2
4 1 T 2mm
mZ::o N {+% N N
N2 .
sin(m/N + mmAx)
= 2A 3.52
3:7;:0 (m/N + mmAxz) (3:52)
1 .
— 2 / dy>2 T (3.53)
0 T

where we defined Az = 2/N. Evaluating this integral we find
In(m/N) =142 x0.089489... (3.54)

where this number 0.089489. .. is the Wilbraham—Gibbs constant that appears in every such ex-
ample and 2 = f(0+€)— f(0—€) which is size of the discontinuity. Let us rephrase what happens:
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at any finite N, I can find a point w/N away from the discontinuity such that the error is always
the size of the discontinuity times this constant. What this means is that at any finite N, I can
find a point where the function f(x) is continuous but the error is about 9 percent of the size of
the discontinuity. This is an example non-uniform convergence. While it is true that for every
point, there is an N large enough so that it converges to the answer, there is no single N that
works for every point.

Notice that this wouldn’t happen if the fourier series when to zero like a larger power of n.
E.g. suppose instead that our series took the form

N(m/N) = Z

Now suppose we try to write it as a Riemann sum with Ax = w/N, the our Riemann sum would
be

5 sin(nm/N) (3.55)

fn(m/N) =~ N?Z o /N > sin(nm/N) (3.56)
Ax 1 )
~ mzmsm(nAw) (3.57)
n=1
1 4 i
~ 5 /s dxij =0 (3.58)

But this vanishes as N — oo so that fy(7/N) — 0. This makes sense because if the function is
continuous and odd, the f(x — 0) = 0.
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4 Fourier Transforms on the Real Line

Dubin Chapter 2.3

4.1 Extending to Infinite Range

I motived the Fourier transform from the wave equation, but then I focused on the domain
[—7,m]. In many applications (e.g. light), we want to consider the domain [—00,00]. On this
domain, the Fourier transform also has a clear advantage over some polynomial basis of functions
(for example). In particular, because of the oscillations, the orthogonality property easy works
on any domain.

First let us consider the domain [—L,L]. We can just get this from the previous case, by
defining « = yL /7 such that y € [—m, 7] so that we have

e} o

fly) = Z cne” ™ — f(x) = Z cpe /L (4.1)

n=-—00 n=—00
Similarly, we can compute the coefficients of this series as

IR L IR
_ iny _ inmx/L ] 4.9
=g [ Avi) = 5y [ dae T (o) (12)

Now we want to take the limit L — co. To make sense of this limit, we define k = 7mn/L such
that k € [—00,00]. This starts to look like a Reimann sum where Ak = 7/L — 0.

—imnz/L 1 Ak fznAkx 4.3
Z cne — lim o Z Ak (4.3)

n=—oo

where « is some normalization we will pick later (for now it is arbitrary). Now remember a
Reimann sum is related to an integral by

/dach(ac) = Alig0 Az Z h(nAzx) (4.4)
then we define ~
f(z) =« / dif(k)e~ e (4.5)

where f(nAk) = ¢,/(aAk). So how do we pick a? It is totally arbitrary because I am just
changing the definition of f(k). But, remember what makes this expansion useful is that I can
isolate individual terms by integrating, so let’s see how that works. Using the formula for ¢, we

have
z 1 * inAk
_ inAkx 4.
fndh) = s [ de () (4.6)
using nAk = k and AkL = m we have
ooy = = [ dwetep(a) (4.7)
5o - ze .
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We will choose o = 1/27 so that

fy = [ dse) (48)
fo = [ Shimet (19)

Be aware, sometimes people choose o = 1//27 so that these formulas look a bit more symmetric
in terms of the normalization.

At face value these formulas are pretty difficult to understand without using the Riemann
sum to understand what’s going on. However, if we invent a new type of object our life becomes
a lot easier. The invention is due to Dirac and we will just state it this way

[e.e]
/ dze*™ = (2m)5(k) (4.10)
—00

where 0(k) is the “Dirac delta function”. I put quotes because it isn’t really a function in the
mathematical sense. In particular, it doesn’t make much sense as a function because it is defined
to be 6(k) = 0 for k£ # 0 and 0(0) = oco. Instead, what defines it is how it behave in an integral.
In particular:

/ dkf(k)s(k) = F(0) (4.11)

for any smooth function f (k). In fact, we can even define derivatives of §(k) using integration by
parts:

[ miw o) =~ i ®leo (4.12)

Notice this means that

/ T dks(k) = 1. (4.13)

—00
You can think of the d-function as the limit of a functions with a finite limit and height but I
make it more and more narrow but increase the height to keep the area fixed to 1.
To see the utility of this function, we can re-derive our formula for f(k) as

/ " dpeits flz) = / " dzeite / > dk/f‘(k’)e—ik/w

- SN
— > dk / > i(k—k')x
= /Oo%f(k:)/ooda:e
= [ i) emsk - k)
= ) (114)

So now we can understand how we go back and forth between f(z) and f(k) without having to
take the limit starting with a finite domain.
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Of course, the §-function can also appear in position when we invert the fourier transform.
In particular, suppose f(k) =1

> dk —ikx
(@) :/ e = d(a) (4.15)
In fact, if f(k:) is just a polynomial k
> dk —ikx
flx) = / 7(%)6 F [Co+clk+02k2+...]
= Co (18] d ngx2 - (271_)6
. d?

= [co+101% —02@—1—...]5(:13) (4.16)

In other words, anything that looks like a polynomical in fourier space is related to a pure §-
function in position space (and vice versa). We will return to this when we talk about complex
integration.

4.2 Some Important Examples

We are in a position to derive some of the extremely simple but useful properties of the Fourier
transform. Let’s start by just listing a few obvious ones:

e Linearity: If f(z) = g(z) + h(z) then f(k) = §(k) + h(k) (assuming that both §(k) and
h(k) are well-defined. Obviously if g(z) = f(z) + co and h(z) = —oo this wouldn’t make
much sense.). This is just a statement that [ dz[g(z) + h(z)] = [ dzg(z) + [ dzh(z).

e Translations: if f(z) = g(z + ¢) then f(k) = e *<g(k). This just follows from the
definition.

e Convolution: Another very useful property we will use over and over again is that

f@ = [ agl e —a) (4.17)

= fk) = / dze™ / da'g(z")p(z — ')
= / da:dq:/eikx/ d(k;rd)]zze—iklz’e—ikg(m—x/)g(kl)ﬁ(k2)
> dkidk . I .
= / dr (;W)Q(s(k‘l . k’z)@lkxe_lk?xg(k‘l)p(kg)
= k) (4.18)

This is amazingly useful! A convolution (often written as g(z) xp(z) = [ da’g(a")p(z — 2'))
in position space is just multiplication in Fourier space (and vise versa).

e Derivatives and Eigenfunctions: At many points, we have emphasized that the fourier

transform, is like expanding in “eigenvectors” of the derivative, given that O,e " =
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(—ik)e*®.  Since these are functions, not vectors, we will given them the name eigen-
functions. The particular consequence of this statement is the following: if g(x) = 97 f(x)
for some integer n, then

§(0k) = (—ik)" (k) . (4.19)
Proof:
g(k) = /OO drg(z)er® = /OO da:%f(m)eim (4.20)

Now we can integrate by parts n-times, assuming f(x — +o00) = 0, to get

00 d\" . 00 ) N
g(k) = / dz f(x) <_d> ethr — (—z’ka:)"/ drf(z)e™® = (—ik)" f (k) (4.21)
oo x oo
This observation is useful in both directions, as something you are trying to inverse trans-
forms G(k) = k2f(k) where f(k) in the fourier transform of some function you know f(z).

You can find g(x) by realizing
d2
o) = o 1) (1.22)

Part of what makes the Fourier transform useful analytically (as opposed to numerically,
which we will discuss later), it that (a) we can evaluate a number of cases easily and (b) it has
some useful general properties that simplify calculations.

Let’s start with the simplest possible case: f(t) = coswpt. I am using ¢ here to evoke the
idea that this is time and wy is a single frequency. Think of someone holding a single note on the
piano. Now the fourier transform is

flw)y = / dte™* cos wot
> iwtl iwot —iwot
= / dte 5[6 0f g0
= 7[d(w+ wo) + d(w — wp)] (4.23)

So we see that the fourier transform of a pure wave picks out the the specific frequency as a
d-function. We can also use use the translation property to figure that if

f(t) = sinwgt = coswy(t — m/(2wp))
— flw) = ™ C0r[§(w + wp) + 6w — wo)]
= 7[e 25w + wo) + €25 (w — wp)] (4.24)

Note two things here: (a) if I have f(z)d(x) I can just replace it with f(0)d(z) and (2) the

relationship between fourier transform of a sine and cosine is just a constant phase eim/2,
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Now let’s try the more non-trivial case of an exponential
f(x) = e—b|CC| N f(k) — / dxezka:e—bm\
—o

_ /oo dfe— (b= 4 (~(+ibay

0
1 . 1 ,
- _ —(b—ik)zyj00 —(b+ik)zy oo
TR I8 = 527zle 118
_ ;jL 1
 b—ik  b+ik
2b
= 92 4.2
b2 + k2 (4.25)

We can similarly extend this to z™e 0.

—x2 /202

A very important example is the case of f(x) = e . This is a Gaussian of variance o.

We will sketch the caculation now but we will revisit this when we discuss complex analysis:

; _2/9.2
zka:e z° /20

_ 1 —22 /202 ~ _
@) = ——=¢ — f(k)

1 /OO d
—_ xe
V2ro? J-oso

1 _k2o.2/2/oo _( _~k2222
= ——e dype~(@=iko®)"/20
V2mo? —0
1 k2022 /oo_“wd —y2/202
V 27TO'2 —oco—tko
= ¥ (4.26)

Remember this one! We will come back to talk about meaning of this formula for physics (e.g.
the uncertainty principle!), but the fact that the Fourier transform of a Gaussian is a gaussian
with 0. — 1/0 is something that something as important to remember as F' = ma.

I should add an important remark here: I cheated you when doing this integral. I changed
variables from x to y = & — iw in the integration. This is perfectly fine, but now I am doing
an integral in the complex domain, not just from —oco — oco. The answer I quoted is correct,
but we will come back to talk about these kinds of integrals because it is a much more delicate
procedure than I let on and you will get into trouble in many other cases if you aren’t careful
about complex integrals.

4.3 Multi-Dimensional Fourier Transforms

To study more complicated examples, we are going to want to fourier transform in more than
one coordinate at a time. A common situation is that we will have a function ¢(t,#) where

¥ = (r,y,2)" is a 2/3 dimensional vector. To solve these types of problems we may fourier

transform all of the coordinates to write
dlw, k) = /dteiwt/da:eikzx/dyeikyy/dzeikzzqﬁ(t,x,y, z) (4.27)
= / dt / dBFetei TR (¢, 7) (4.28)
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where k = (ky, ky, k)T, Given ¢(w, k), we get ¢(t, Z) by inverting all of the transforms which we
will write as

_ dw i, dkz  _ijoa ﬂ —iky T
o(t,x,y,z) = /(27r)e t/(27r)6 /(27:)6 y/(27r)e d(w, k) (4.29)

3F . -
/ (;l;) / (;iﬂ-)g efzwtefm-kqs(w? k) (430)

There is nothing particularly special about doing higher dimensional fourier transforms, it is just

repeating the operation on the multi-variables that define the function ¢(t, ). In some situations,
it may be helpful to only fourier transform some but not all of these variables, e.g. &(t,k) we
only fourier transform the space and not the time dependence.

4.4 Back to Physics

At the beginning of the section, we discussed how the wave equation for waves in the real world
have speeds that depend on frequency. In particular, we said the the fourier transform is nothing
more than breaking light into colors. We can see this explicitly if we apply the Fourier transform
to the wave equation,

0?¢(z, 1) 2 0?¢(z, 1)

=0. 4.31
ot? 5 0x? 0 (4.31)
Specifically, we can represent this function in terms of its fourier transform in space and time
*® dw © dk .~
t,a) = et e (W k) . 4.32
ota) = [ et [ e i (432

If we plug this into the equation we get

9? 0? ® dwdk e ik
(8#_282)/ Gt oW k) =0 (4.33)

* dwdk . , itk
/ @) ((—iw)? — c2(—ik)*) e™™" R h(w, k) =0 (4.34)
Now if we integrate both sides of this equation by
/ dt / dze™ ™' *[LHS] = / dt / dze™ ™™ *[RHS] (4.35)

Integrating over x and ¢ given (27)d(k —k’) and (27)d(w —w’) respectively. We can then integrate
over k and w to find
(—w'? + A P(w, k) =0 (4.36)

This means that w’ = £c.k and
D(w, k) = ¢1(w)(2m)d(w — csk) + do(w)(2m)d(w + csk) (4.37)

Suppose we have light coming in from one direction so that ¢o = 0. The waveform we observe is
completely determined by is colors

bz 1) = / ‘Qii;ew(t%/%%l(w) (4.38)
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Notice gz~51 (w) takes complex values as needed to get the phases of the waves. In contrast, the
amplitude of each color |¢ (w)| is what you would see as the spectrum of light is missing of the
information about the waveform.

Now we remember that we had this interesting case of light travelling in a medium where
w? = c}(w)k?, or that the speed depends on the color of light. Now we are in a position to
understand what this would look like in the differential equation. Specifically, we notice that we

must get a product between ¢,(w) and ¢(w, k) in fourier space. Now we recall that multiplication

2

(w) must be related to some

in fourier space is convolution in position space. Given that our ¢

c2(t) (inverse fourier transform), our “wave equation” takes the form
(1) (. 1)
L d[At -t ] = 4.
o - a2 -0t n o (4.39)

In turns out it isn’t a differential equation anymore but is an integro-differential equation. I won’t
say much about such equations other than to point out that we don’t discuss things this way
for a reason: it is not very useful. This, in essence, is why we think about waves as oscillations:
waves are a much more complicated phenomena that the wave equation suggests but thinking
about it as a bunch of oscillations is the most useful way to organize this breadth of phenomena.

The simplicity of physics in fourier space is a far more general phenomena that just waves
with non-trivial dispersion. We also can see other physical phenomena are simple consequences
of the fourier transform

e Energy and Momentum Conservation: You may have noticed that when we write
many equations of motion in fourier space, the equations give some w or k but they don’t
change over time or space. In some sense, you might say that w and k are “conserved”. In
fact, this is not an accident: this is literally energy and momentum conservation in action.

At our level of discussion, we noticed that if we have a linear equation that has no explicit
dependence on z or t, then we can write it as an algebriac equation in terms of w and k. In
addition, each allowed pair of w and k will evolve in time without changing. Furthermore,
you can add all these solutions together and they will evolve independently.

In quantum mechanics, the energy of a specific state is just £ = wh and the momentum
of the state is just p = kh. Therefore, in a very literal sense, the fourier transform works
because (when) energy and momentum are conserved.

e The uncertainty principle: The uncertainty principle follows from the statement that
the Fourier transform of a Gaussian of width o is another gaussian of width 1/0. In quantum
mechanics, the position and momentum representation are related by the fourier transform
so that k = p/h if f(z) is wavefunction for the position. Now, the probability of finding a

2 |2. As a result, if the wavefuncton

particle at position z is | f(z)|* and momentum p is | f(p)

has some width o so that the fourier transform in k as width 1/0 then we have

o h h
Op = —= op = —F— — O20p = =

V20 2

which is the essence of the uncertainty principle.

(4.40)
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e Sidebands: If you have used a radio, you might notice that you signal is present not just in
the carrier frequency about also the frequencies nearby. The easiest example is AM radio,
where you have a carrier frequency wy and some message g(t) so that the signal is

f(t) = g(t) coswpt (4.41)

Here we imagine that g(¢) chances much more slowly than one period of oscillation 27 /wg.Now
you tune your radio to a frequency wqg to pick up the signal. But if we Fourier transform
we can see that actual frequencies that are carried are

fw) = [ digpetcen
duw’ o )
— / (2(';) dtg(w/)efzw telwtefzwot
= g(w—wo) (4.42)

So the fact that g(t) is slowly varied means that g(w’) is peaked near zero. However, because
g(t) is some non-trivial function (i.e. not a constant or a polynomial), g(w’ # 0) # 0 and
therefore the signal that was originally a pure frequency w = wgy will bleed into adjacent
frequencies. For example, if you signal was itself a pure frequency w; so that g(w') =
§(w’ — w1) then our signal would be f(w) = §(w — wp — wy).
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5 Introduction to Green’s Functions

Dubin Chapter 2.4

5.1 Sources and Green’s Functions

Green’s functions are a very powerful tool in solving differential equations and all kinds of physics
problems. They can also seem a bit intimidating. But believe it or not you are all already familiar
with a least a few examples fo Green’s functions. Physically, the Green’s function is a object that
tells you what happens when you disturb a system in some way. In particular, if I do something
in one place, that information will propagate and the Green’s functions tells us how this happens.

To give you an example you all should know, let us recall Gauss’s laws from electrostatics. It
is written as differential equation as

(02 + 02 + 02)B(x) = ——p(x) (5.1)

 Arwe
where ® is the electro-static potential and p(x) is the density of electric charges. You have also
all learned that if you have a single change ¢ at location z = 0, then the potential away from

that charge is
q 1

- dmeg /22 + y2 + 22 '

You then lean that since electro-statics is linear, you can get the answer for any change distribution

d(x) (5.2)
just by adding up all of the individual changes

1 5 1
= d°z p
o ) o -y G

®(x) (2) (5.3)

You should have reasonably good intuition for this formula: each electric charge generates an
electric field and we are simply adding up all the contribution to the electric field from all of
those changes.

On the other hand, this formula is one we will see over and over again in the context of
Green’s functions and beyond. If I defined the function

Gla) = ——t (5.4)

VaZ 4y + 22

then our formula is

1
47req

(z) = / B/ GT — ) —— p(a) (5.5)

where G(Z — @) is the Green’s function defined by Gauss’s law. In this course will built up some
tools for how to actually find the Green’s function given a differential equation. But, intuitively
this is all that is happening. The Green’s function is just a generalization of the rule for how
adding an electric charge influences the electric potential: I find the answer for what happens for
a single point-like “charge” and then I add them all up.
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5.2 Sources and the Harmonic Oscillator

Now let us go back to a simpler case, the harmonic oscillator with a general driving force h(t):
E(t) +ya(t) + wix(t) = h(t) (5.6)

Now we fourier transform both sides of this equation

/ Qe [ (1) + vi(t) + Wie(t) = h(t)] (5.7)
(W2 —w? —iw)i(w) = hw) (5.8)
Here we used integration by parts to get, for example, [dte™'i(t) = — [dt(iw)e™ti(t) =

—w? [dte™'z(t). Here we are implicitly using one of two assumptions

e 2(t = +00) = 0: This means when we integrate by parts, the terms like e™’z ()|, = 0
because the function itself is zero.

e x(t ==+00) # 0 but z(t — 00) = x(t — —o0) is periodic: If x(t+00) # 0, this integral is not
well-defined as the integral formally diverges. To define the integral in these cases, we recall
that the fourier transform was just the limit of the fourier series and we must (secretely)
still be imposing periodic boundary conditions. Therefore, we still have ez (t)|>, = 0
because of the implicit periodic assumption.

If the integration by parts makes you uncomfortable for this reason, we could derive the same
equation by plugging in the definition of x(¢) in terms of Z(w):

& d o\ [dw dw it
(dtQ ”dﬁ%) ¢ T = / 3¢ M) o9

dw i, 2 o - _ /dw —iwt
/2776 (W —w” —iyw)z(w) = 5 € h(w) (5.10)

Since we can’t cancel the time dependence between different frequencies at all times, the only
way to solve this equation is if it is true for every w:

(W2 — w? — iyw)i(w) = h(w) (5.11)

Both ways of arriving at this equation are correct, so feel free to use whichever derivation is easier
to understand for you.
Solving for the influence of the source h(t) might not have been obvious, but now in fourier
space it is just algebra
1

T(w) = (2 = irw) h(w) (5.12)

We are now going to define the Green’s function by its fourier transform

. 1
Gw) = e p——— (5.13)




so that in fourier space
i(w) = Gw)h(w) . (5.14)

Using the convolution property of the fourier transform, we can see that this is exactly what we
could have expeted

o) = /ﬁ@@—wmw. (5.15)

This is the same property we found before: when the fourier transform turns a differential equation
into an algebraic equation, the problem of finding the behavior form are arbitrary source similarly
becomes algebraic in fourier space.

5.3 Matching to Previous Solution

Now we consider the situation where we drive the system with an external form Fu = mag cos(w't).
Let us recall how we solved this case:

B(t) + v (t) + wiz(t) = ag cos(w't) : (5.16)

Now we should be careful about how to make this a complex equation. Note that if we are solving

1 .
(07 + 70 + w][xo + c.c] = iaoew "t (5.17)
then if we can solve
1 .
(07 + 70 + wilzo = iaoe“" t (5.18)
when we automatically solve the equation. Let’s try our ansatz again:
1 -
AeP[p? + py + wip) = iage“" t (5.19)
First of all, we must have p = iw' if we have any hope of solving this equation at everyt. Solving
for A we get
A= 1 ap _ @ (U)g — (.U/Q) B Z(U/’}/ (5 20)
2—w?t+iyw+wd 2 (WB—w?)?+ (wy)? '
and therefore
_ @0 2 2 / s
2(t) = Thomogenous + (B =2+ () [(wo —w') cosw't + wysinw t] (5.21)

We see the usual intuition that if we drive the system near the natural frequency w' = wq, the we
get a large amplitude oscillation in response. If we assume yw > |w8 — w'?| then

x(t) ~ % sin wot (5.22)

which is parametrically larger than the force itself when woy < ag. I.e. when the damping is very
small, we can fine tune the frequency so that a small external force produces very large response.
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Notice that this way of solving secretly used the Green’s function in the form

1 (W — w'?) —iw'y
Gw—w) = = 0 5.23
W) = o i) - T W) (52

In fact, all we have done is take the case where h(w) = agr[d(w — ') + §(w + &')] so that

dw ; ag (W2 — w'?)(e™'t 4+ 7't 4/ ('t 4 e~ W't
—G h wt Y 0 5 o4
/ o7 (w) (W)€ 9 (wg o w/2)2 + (w/,y)Q ( )
ao

= =225 () [(wg —w'?) cosw't + wy sinw't]  (5.25)

When we put in a pure frequency, the Green’s function is just implementing the inhomogenous

solution in the way you would have just by guessing. Now we get the general inhomogeous
solution without just by adding up all the possible pure frequencies.

But what happened to the homogenous solutions. When we solved this equation we just used

algebra in the most obvious way. However, I made a seemingly innocuous decision to divide by

2

(w% — w?® — iyw) but the homogeneous solution are precisely those where this expression is zero.

When ~v = 0, it is clear what we should do:

z(w) = kKé(w — wp) + K6 (w + wp) + G(w)h(w) . (5.26)

But what happens when v # 0 and the only solutions to (wf — w?

— iyw) = 0 are for w are
complex. But w is a real number and therefore there are no additional solutions. To see the

problem, let’s go back to real space and remember our homogenous solution was
z(t) = e "2 [ke™t + c.c] (5.27)

We are trying to define this function on the domain ¢ € [—o0, 00| but clearly z(t) — oo as
t — —oo0. As a result, the only well defined solution is with k = 0. The Fourier transform was
indeed telling us something important!

5.4 Sources and the Wave Equation

The wave equation captures both some of the complexity of higher dimensional examples we will
encounter later in the course, but it is also situation you likely have good physical intuition for.
In particular, if you have ever thrown a rock into a still pond, you probably have a sense of what
happens when you source a wave at a specific place at a specific time. Let’s see how that intuition
manifests itself in mathematical form.

Like the harmonic oscillator, we are going to take an equation we have already solve and add
an arbitrary “source” on the RHS of the equation:

Now, as before, we are going to fourier transform this equation in two variables, so that
P(w, k) = / dtdxg(x, t)e ke (5.29)
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and therefore
_(w2 - C§k2)¢(w’ k) = h(wv k)

MO R) ()6 — eak) + ba(K)3(w + cak) (5-30)

R

Here I have added the homogenous conditions back in terms of solutions to (w? — ¢2k?) = 0 by
using J-functions.
Just like the harmonic oscillator, we can fourier transform the Green’s function back to space

dwdk -1 —iwt—ikx
G(t,x):/(27r)2 EEEOE t (5.31)

and time,

so that we have
d(x,t) = /dt’d:n'G(t —t'x— 2" )h(t,2") + ¢1(z + cst) + da(x — cst) (5.32)

This is all very dry because I haven’t told you what G(¢, z) is, so let’s figure it out. To make the
calculation easier, I also what to specify the source is just a constant frequency in time, wg but
a d-function in space:

h(t,z) o< coswot X §(x) = h(w, k) = (2m)[6(w — wp) + 0 (w + wo)] (5.33)

We can now compute the response

oz, t) = /?;J;l)];:ei“t”ka(w,k)h(w,k)

; dk 1
= ezwot/ 2 e’ wE — 2k? + {wo = —wo}
S
i

_ [e—iwot—iw0|x\/cs| - e+iwot+iwo\x|/cs\]
2wy

= Cjo sin(wot — wolz|/cs)) (5.34)

Understanding how to do this integral correctly will again lead us to complex integration.

We can look at the final answer and see something physically intuitive. We are driving the
system with an oscillation at a pure frequency wg at the location x = 0. If I stand at z = 0, this
means that I find

bz = 0,1) = Ljo sin(wot) (5.35)

The phase and amplitude don’t quite match h(t, ) but that is to be expected (the response of ¢
need not match h(t) exactly), but I am still seeing an oscillation with frequency wy.
Now consider what happens if I am standing at a position z > 0. I now see

b, t) = wlo sin((wo(t — 2 /cy)) - (5.36)

which is the same oscillation I saw at x = 0 that I see at time ¢ what happened at z = 0 at a
time by t — x/cs. In other words, what I see is delayed by a time x/c,, which is the time it takes
a wave to propagator from x = 0 to x (remember ¢, is the speed of the wave).
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In the end, this Green’s function is telling you something you should have expected anyway: if
I disturb the system at x = 0, what I see at = > 0 is just the wave sourced at x = 0 propagated at
a speed c¢s. In higher dimensions, this formula essentially the same, but include some additional
powers of 27! to account for the attenuation of the wave as it propagates (i.e. as the ring travels
outwards, it must conserve energy as the radius gets larger and thus the amplitude goes down as

x increases.)
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6 Basics of Complex Analysis

Wikipedia:Complex Analysis

Youtube Khan Acadamy:Complex Functions

6.1 Why Complex Analysis?

The need for complex analysis can be traced to basic physical principles. To see this, let us recall
that the evolution of a harmonic oscillator with a generic external force, Foxy = mh(t), is given
by the equation

E(t) + i (t) + wiz(t) = h(t) (6.1)

In fourier space, we could solve this equation algebraically. So that

1 -
7 — h 6.2
where the Green’s function is 1
Gw) = . 6.3
() (wE — w? —iqw) (6:3)

In real space, we know this must be a convolution

o
z(t) = / dt'G(t —t')h(t') . (6.4)
—0oQ

There is something bizarre about this formula, at first sight: the integral including ¢’ > ¢ so that
it, naively, looks like h(t' > t) is affecting x(t). Stop to think about this for a second - it is
suggesting that the location of the particle at time t is affected by the force at some time later.
This would violate our most basic notions of cause and effect, namely that the future does not
affect the past.

The resolution to this puzzle is that the Green’s function must vanish for ¢’ > ¢, G(t —t' <
0) = 0, so that there is actually no contribution from h(t" > ¢) to z(¢t). This is an absolutely

necessary property of G(t —t'). But this is hardly obvious from the fourier transform

Glt) = / o dw L et (6.5)

27 (wE — w? —iyw)

What somehow must be true is that

 d 1 ,
/ e = 0 <0 (6.6)
o0 2T (w§ — w? — iyw)

(o.9]
/_OO g—: = wlz — iw)e—m £ 0 t>0 (6.7)
Without knowing complex analysis, this would seem to be some kind of miracle. For physics to
work, we require some apparently magical property of integration to hold. The reason we are
going to learn some complex analysis is that there is actually a very simple reason that the above
integral behaves are required.
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6.2 Complex Functions

Wikipedia: Holomorphic functions

We saw that Green’s functions in Fourier space are fairly simple to write down but they are
complex valued functions of w € R. In order to understand some of the special properties of
the Green’s function, it is useful to think of the function G(w) as being a function of a complex
variable w € C. Of course G(w) itself is always complex valued but what we are doing is trying to
understand the behavior of G(w) for real values of w by assigning it meaning when w is complex.
In other words, we will consider G(z) where z = z + iy, even though we will eventually only
worry about the situation where y = 0 and x <> w.
We will think of a complex function

f(z=x+1dy) =u(z,y) + iv(z,y) (6.8)

On the surface this is a trivial extension of f(z) — f(z). But if we now start demanding that it
makes sense in terms of z, we will find some remarkable results.

Holomorphic Functions

A function is said to be holomorphic in some open set U if it has a well-defined derivative:

Z—20 zZ— 20

This sounds trivial, but remember that this only makes sense if it is f’(z) is independent of
how you take the limit. This is clear if we consider the following non-holomorphic function
g9(z) = z + z where I have defined z = z* = z — iy. Of course, this is nothing more than the
function g(z) = 2Rez = 2z. However we can now think about taking a derivative at the point
zo = x + iyg two different ways. First, we could take the limit purely in the z-direction

f(x +1iyo) — f(xo + iyo)

/ _ . _ s —
[o(20 =20 + 1Y) = xlggo pra— =2. (6.10)
Alternatively, we could take the limit only in the y-direction
. . + iy) — f(@o + o)
20 = 20 + 1 = lim I (xo : =0 6.11
ylz0 =0+ i) y—0 iy — yo) (.11

These two limits clearly do not agree and therefore we do not have an ambiguous notation of
f'(z0). Instead, a function if only holomorphic we can the same answer no matter how we
approach the point zg

To understand the requirements for a well-defined derivative, let us break up our any derivative
into a limit along the real axis, z = h + zg, or imaginary axis, z = ¢h + zq, for real h. Requiring
that the function in holomorphics means the derivative is independent of this choice. Concretely,
we have

lim flzo+h) = flz0) _ lim f(z0 + iff) — f(20)

h—0 h h—0 ih
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The LHS is just a derivative with respect to the real part of z which is  and the RHS is the
imaginary part, y, which gives

0 10 0 1d
%f(%y) = ga*yf(%y) %f(%y) - Z@f(%y) =0. (6.12)

The combination of derivatives on the left hand side can be written more elegantly by noticing

0 _ Of(z,y) 0z Of(x,y) Oy
22/ = T o dy 9z (6.13)
df(x,y)  1df(z,y)
_ _z 14
dx 1 dy (6.14)
where we used 8%2 = —i and %2 = 1. As a result, a function is holomorphic when
0
- — 1
() =0 (6.15)

In other words, we have to write it purely in terms of z and not z. Now if we take a derivative
with respect to z we have

0 0 0? 0?
9 05 () =0— <8902+8y2> f(z,y) =0 (6.16)

In other words, f(z,y) and hence u and v solve the Laplace equation!
Aside: Splitting f = u + iv this means

0 0 0
or
0 0 0 0
= = = - 6.18
oz " 8yv 8yu T ( )
These equations are knows as the Cauchy-Riemann equations.
Analytic Functions
A function is said to be analytic in an open set U if is has convergence Taylor series:
1 dn
F2) = 30 it f () emeals = 20)" (619)
n=0

for any point 2y € U. Technically speaking, the use of analytic is also applicable to real function
as well.

A function f can be shown to be analytic if and only if it is holomorphic. As a result, the
use of holomorphic and analytic are often used interchangeably. However, analytic has a precise
meaning even when f is a real valued function or a function of a single real variable. Holomorphic
is only a statement about complex function.
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6.3 Branch Points, Cuts and Poles

Wikipedia: Branch Cuts
Wikipedia: Zeros and Poles
Since holomorphic / analytic functions must obey the Laplace equation, we can use our
extensive knowledge of electrostatics to gain intuition for these functions. In particular, we
know that there are no interesting solutions to the Laplace equations without sources. But what
happened to the richness of the space of functions we know and love on the real line? The answer
is that (almost) all of the interesting structure of complex functions is encoded in now it fails to
be analytic in specific regions. If we think of this points (or regions) like charges, then just like
electrostatics, complex functions will be uniquely determined by these non-analytic points.
There are several kinds of non-analytic behavior we need to worry about.

e Poles: The most basic type of non-analytic term are the poles. These are easy to describe:
a function f(z) has a pole of order n (where n is a positive integer) at z = z¢ if, in the
vicinity of zg is can be described as

1 > .
f(z) ~ m mz:ocm(z —20) (6.20)

Said differently, if f(z) has a pole of order n at z = zp then g(z) = f(z)(z—20)" is a analytic
function in some open set that includes zy. Poles of order n = 1 are called simple poles.

Two quick comments: (1) It is essential that n is an integer. We will see what happens
when n is not an integer next. (2) It is also important to note that not every divergence at
a point is a pole. For example, there is also something called an essential singularity, which
is basically anything that is not a pole. The canonical example is

fz) =€ =" %zim (6.21)
m=1

So we see that, using the series expansion of the exponential, that there is no finite n we
can choose such that f(z)z" is an analytic function at z = 0 (we won’t really talk about
these much in this course).

e Branch Points: A branch point is fairly easy to explain: a point zy is branch point of the
a function f(z) is f(z) is discontinuous when we going around the point zg, i.e. z = zy+ee?
with 6 € [0, 27], for arbitrarily small e.

It is easiest to explain with the example f(z) = z!/2. This function has a branch point at
z = 0. If we go around this point we have

f(z = ee’) = /21912 (6.22)

So that @ = 0 we have f(z = €;) = 1 but then we we take § = 27 we have f(z = e_) =
e'™ = —1. Therefore, we see that the naive definition of the square root is discontinuous.
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( J(Z):a

o At £)=V7

Figure 5: Branch point for f(z) = /z at z = 0.

From this argument, we can see the z® will have a branch point at z = 0 for any non-integer
a. Le. for f(z) = 2

f(ee®™) = ¥ £ ¢ = f(e) (6.23)
for av £ 0,+1, 42, .... We see the difference between poles and branch points, the poles are
divergent at zo but are well behaved everywhere else. Not so for the branch points (e.g.
non-integer powers). (See Figure 5)

Remark: Notice that whether or not z = 0 is a branch point has nothing to do with whether

2

f(2) diverges at z = 0 or its derivatives diverge. E.g. f(z) = 2% is not a branch point but

— 112

everything diverges there. Similarly f(z) s a branch point, but the function and its

first derivative, f'(z) = %29/2 approach zero.

Branch Cut: What is happening here is that f(z) is actually a multi-valued function.
However, it is useful to define f(z) so that it is single valued over the complex plane, at
the cost of introducing branch cuts. A branch cut is a curve (or curves) we define in C
that we define such that our function is single valued and is only discontinuous across the
curve. Where we put this curve is part of defining which of the many possible values we
are choosing for f(z).

Consider two options for f(z) = z!/2. Option 1: branch cut from z = —oo to z = 0 so that
we define z = pe? with @ € (—, 7] (See Figure 6). We can see now that the function is
00 — 1 — f(Z — 00

continous on the positive real axis f(z = e = 1. But we see the

discontinuity across the branch cut:
flz=—1+ice— -1 =e"?=i4 flz=-1—ie—>—1)=e "2 =—j (6.24)

Option 2: the branch cut is along the positive real axis so that z = pe’ with 6 € [0, 27).
As before, this lead to a discontinuity on the real line.

The later choice is not commonly used because it is nice to keep the funny behavior away
from the positive real axis where we think functions like /x are well behaved.
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Figure 6: Branch cut for f(z) = /z at z =0.

The next important example is the complex logarithm. The need for a branch cut in this
case is pretty clear from the familiar fact that e = 0?2 Ags a result, when we define

log e? = log 2™ — i + i27n . (6.25)

Clearly my definition of log is going to require that I pick what range of 6 so that the log
is single valued.

It is again, natural to pick the branch cut to be on the negative real axis. This means that
the phase lies between (—m, 7] so the discontinuity along the negative axis by taking the

log of e*™ = —1.

The imaginary part of the complex logarithm is also called that arguement. So, if you are
given a complex number in polar-coordinates, z = pe’® then

log z = log |z| + iarg z = log p + i0 (mod 27) . (6.26)

6.4 Examples

The most non-intuitive part of complex analysis (in my opinion) is where to put branch cuts.
There isn’t a unique choice which is part of what makes it confusing. However, our goal is to
define the function in a way that is maximally useful. This is sort of what the whole business of
complex analysis is about: we had many options in taking f(z) = v/ and inventing a function
f(z) such that f(z) = /z when z = x + 0. But if we replaced every = with z (and not z) then
we get a function that is holomorphic and analytic almost everywhere and this will be a useful
property. Now we are defining where to make f(z) non-analytic in order to make it single valued
with preserving as many nice properties as possible.

The best way to understand this is just to try a bunch of examples. Let’s consider f(z) =
2z(z+1). We can see it has two branch points, z = 0 and z = —1 as follows (See Figure 7).
First, to see z = 0 is a branch point, take z = ee?? so that

flee”) = Vel /1 + eci® — \Jee™/? (6.27)

Let’s do the same for z = —1 by considering z = —1 + ee? to get

F(=1+ ee®) = V=T /a2 (6.28)
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In both cases, taking 6 € [0,27) we see that f(0 = 0) = —f(0 = 27). For z = —1, we also see
that we need to pick a branch of v/—1 but this doesn’t depend on 6.

S lor-Jzt)

Figure 7: Branch cut for f(z) = \/2z(z +1) at z = 0.

Now we want to pick some brach cuts that make f(z) single valued at every point in the
complex plan. A useful rule of thumb is that we should try to put the branch cut between the
two branch points. This will not always be possible, but in this case it is. One way to see why if
is possible not to have a brach cut that runs to oo is that if you take z = pe®® with p > 1 then

f(2) = \/p2e2if = pet? (6.29)

so that the function is single valued if we go around both branch points. Noticed that this
wouldn’t work if we had some different fraction power of z(z + 1).

So how do we put the branch cut between the branch points? One way we do this is as follows:
given a point z we define

z+1=pe® (6.30)
where 0; € (—7, 7] and
z = poe'® (6.31)
with 6y € (—m,m]. Now let us check there the function f(z) has discontinuities. The general
answer is
F(z) = /prpae’r1102)/2 (6.32)
We will go to the real axis with z > 0 we have
F(z > 0) = /prp2e/%e%2/2 5 Jpips (6.33)

because both 65,607 — 0. We see that there is no discontinuity. For z < —1 we have

flz<-1)= ‘/plpgei(eﬁ%)/2 = —\/p1p2 (6.34)

It is not obvious this is continuous but we have 01 + 69 = +27 above and below the real line.
However, et = —1 so it is actually continuous. It is only between the two points that we have
01 + 05 = £ and

f(-1<2z2<0)= pipaet i t02)/2 — 44 55 (6.35)
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Now let’s see how this works by calculating f(z = i). First we determine

z+1=i+1=peh =24 z =i = pye® = /2 (6.36)
so that
f(z — 'L) — /p1p2€i(91+92)/2 — 21/4€i37r/8 ) (637)

This is more or less what we would have thought to do, expect we just need to be careful how
we pick @ in polar coordinates.

It might not be obvious at this point, but you might realize that when you put things in polar
coordinates, you are just taking a bunch of logs. In fact, we could think of the entire class of
non-integer powers as

2O — eialogz (638)

This might as well be a definition of logz. Since e* is a nice analytic function everywhere, it
means that the branch cut is just the same as the branch cut of log z. Therefore, we can pick the
branch cuts for z/3, 21/4 or even 2™ to lie along the negative real axis.

It is not always useful to use the branch cuts of the log, however. If we consider the case

h(z) = (22 —1)'/? (6.39)
we can think of this two ways:
hz) = (z = DY2(z+ D2 or  h(z) = ez losz""D) (6.40)

Recall that there is a branch of logw whenever w is real and negative. But this means we are
on the branch cut for z = iy for any y and z = z when |z| < 1. So the branch cuts from the
log look pretty ugly. On the other hand, I can solve this problem in the exact same way as
f(z) = v/2(z+ 1) and just had a branch cut running between the two branch points z = £1.
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7 Complex Integration

Wikipedia:Contour Integration

In the previous section, we took a function f(z) and asked how to define f(z) if we invented
a complex variable z = x + iy. From our point of view, this is a trick since we are usually
interested in functions of a real variable. You can think of this as being similar to the problems

—x2/2

of integrating x*"e and noticing that it is a good idea to invent a parameter b and integrate

e~%*/2 and taking derivatives with respect to b. Although your answer is independent of b, it is
a very useful invention to find the answer, even though you take b = 1 at the end.

We are now going to see the payoff for inventing an imaginary partner to our real variable.
Like b, it is going to make a bunch of integrals much easier to evaluate. Unlike b, it is not as

obvious from the beginning so we need a few theorems before it will make sense.

7.1 Smooth Arcs and Contours

We are going to be interested in integrals in the complex plane over a smooth arc or contour. A
smooth arc is just a smooth line in the z-plane that we can write as a map from a real number ¢
into z:

2 () = a(t) + iy(t) (7.1)
Just think of this as a parametric plot in 2d dimensions. In order to be useful, we will require
that 2(t) = @(t) +iy(t) # 0 for any ¢ € [a,b], where & = %x(t) as before. We will call this curve
smooth if 2’ is continuous and the map ¢t — z is one-to-one (i.e. each ¢ gives a unique value of
z). We also can definite a directed arc by giving meaning the the order through which you go
through the points z assuming you start at ¢ = a and go to t = b (we want to to this because we
want to distinguish integration fol dz # flo dz, for example).

A smooth closed curve is the same as the above, except it is one-to-one for ¢t € [a,b) but we
have z(a) = z(b). Le. there is a unique z for every t except at the endpoint, where we need to
close the curve on itself.

A contour is a slight generalization of these two ideas: it is just a finite sequence of smooth
arcs that are glue together at the end point. l.e. a contour < is just a list of smooth arcs
{7,.s 7} with the property that z(b,,) = z(a,,,,). Contours make sense for integration in
a way similar to integrating over a discontinuous function: integration is still well defined as
long as the curve doesn’t have an infinite number of sharpe corners, just like how integrating a
discontinuous function is fine if there are only finitely many discontinuities.

7.2 Contour Integration

Integrating over the contour is now defined in the obvious way:
Oz~ (t
[ezrer= [ a2 s ) (7.2)
.

In other words, we can just define a new function g(t) = 2'(t) f(2(t)) = ug(t) + ivy(t) and then

the integral is just

/ dtg(t) = / dtug(t) + i / dtoy (t) | (7.3)
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so that complex integration is just the sum of two real integrals. On any smooth arc, we can
then use basic results from calculus of one variable. E.g. if a complex function f(¢) = F'(t) on
all ¢t € [a, b] then we cal also use the fundamental theorem of calculus to evaluate a single arc:

b
/ F(#)dt = Fa) — F(b) (7.4)

We can use this to evaluate some integral easily.
This is obviously well defined on a smooth directly arc, and we can define it on a contour as
just the sum over all the arcs in the contour.

Adzf(z) -/ dzf(z)~|—/72 dzf(z)+...—|—/% d=f(2) (7.5)

where v = {71, ..,7} is a contour (we will use this kind of label a lot). One caveat is that we
will have to be careful about using our intuition from calculus on the full contour + rather than
just the individual pieces of the curve.

Finally, note that if our function is analytic, we have a well defined z-derivative so if there is
an analytic function F(z) such that f(z) = F’(z) everywhere, then

[ 428:) = Peo) - Fe(@) . (7.6)
Y

As a result, if you know the indefinite integral for a function f(z), chances are you can still
integrate function over a contour just by plugging in the values at the endpoints. However,
remember, we are not promised this will work when f(z) is not analytic everywhere (we will see

shortly what to do in those cases).

Example

Let’s start with some very simple examples. Imagine we want to integrate the function e® from
z =0 to z = i. We define the contour as z = it for ¢ € [0, 1] and now we are just evaluating

1 1
. 1 . .
/dzez = / dtz'e” = z/ dte =i[=(e' — )] =¢' — 1. (7.7)
~ 0 0 ¢

This is, of course, the same result we would have function using F(z) = e and computing
/dzez =F(i)-F0)=¢—1 (7.8)
¥

However, it is useful to check it with the explicit parameterization for practice for functions that
are not everywhere analytic.

Now let us do a more interesting example: integrate (z — zp)" for some integer n around the
circle |z — zp| = 7. So we can write the contour as z = 2z + re® where t € [0, 27]:

2

/dz(z—zo)” = ; dt(ire')(re)"

2m )
rn—f—l /O dtel(n"rl)t (79)
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If n # —1, the we can easily see that

1
dz(z — 20)" = ir™™!

_— oi2n(ntl) _
5 e 1)=0 (7.10)

However, when n = —1 we have

2
/ dz(z — %) ' = z/ dt = 2mi (7.11)
T 0

This is a somewhat strange result: integrating in a circle around any power of z is zero, except
when it’s a simple pole. When it is a simple pole, the answer doesn’t depend on the radius of the
circle and is just 27i. Remember this funny fact, it will be related to something very important!

One thing to notice is that, even in the case of a circle, there is still a meaning to the direction
of the curve. E.g. it was important I went counter-clockwise around the circle. If I had gone
clockwise, z = e~ then I would get

2
/ dz(z —z) ' = / dt(—ire ") (re" ")~ = —2mi (7.12)
Cr,clockwise 0

Path Independence

Now we have arrived at the first powerful theorem: path independence. In short, the theorem
will say that for sufficiently nice functions, the result of integrating along a contour sum z; to
z9 doesn’t depend on the space of the countour. This should be reminiscent of electro-statistics
where the work done by an electro-static field is independence of how you move the charge : it
is just the voltage difference between the two points.

Theorem: if f(z) is a continous function on D with an anti-derivative such that F'(z) = f(z)
everywhere in D, then for every contour in D,

/ d2f(2) = F(z) — F(2) (7.13)

With a small amount of work, one can show that if f(z) is continuous in D, having an anti-
derivative is equivalent to saying the integral is independent of path. This second statement is
useful because it is sometimes easier to prove that the integrals are independent of path than it
is to show that that have an anti-derivative.

7.3 Cauchy’s Integral Theorem

Now we get to the fun part of complex integration: we will see that being an analytic function is
sufficient to prove path independence. From there, lots of nice results follow almost immediately.

We first need the idea that two closed curves vg and 71 are continuously deformable if there
exists a continous function z(s,t) with s € [0,1] such that z(0,t) = vy and z(1,¢) = 1 (see
Figure 8). From here, we can now show that if f(z) is analytic, then

/70 dzf(z) = /71 dzf(z) (7.14)
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Figure 8: Deformable contours.

where vy and ~v; are continuously deformable into one another. We can define

b 9
I(s) = / At (=(5,1) o205, 1) (7.15)
Showing equality just means that %I (s) =0, so we write
9 b g 02
() = / a1 (a5, 1) 5] (7.16)
b , 0z 0z 02z
= [ e G g+ )5 (717)
b y 0z 0z 02z
= [ GG g+ ) (7.18)
b z
~ [ a0y (7.19)
= ) ZEY - pas,ap 2 (7.20)
~ 0 (7.21)

In the last step we used the fact that each loop is closed so that the endpoints of the integration
are always the same point in the complex plane, i.e. z(s,a) = z(s,b) for all s. You can also see
that this applied to smooth arcs that are deformable to each other, if we hold the endpoints fixed,
z(s,a) = z, and z(s,b) = z, for all s, so that %z(s,a) = %z(s,b) =0.

A simple consequence of this is Cauchy’s integral theorem: If D is simply connected (i.e. all
closed curves can be continuously deformed to a point), then

/dzf(z) =0 (7.22)

for every closed « in D.
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Next follows Cauchy’s integral formula: for any closed positively oriented (i.e. contour clock-
wise) curve 7y with z¢ inside the curve and an analytic function f(z), then

1 f(z)
=— [ dz——— 7.23
f(z0) 2mi /7 zz — 20 ( )
Proof: consider a circle of radius € enclosing zg. Since f(z) is analytic, we can expand in a Taylor
series
f(z) = f(z0) + f'(z0)(z — 20) + ... (7.24)
Now we integrate each term in the sum:
1 f(2) > 1 artt
— d = — =z dz(z — zo)" 2
27 Jo, - 20 ngl (n+ 1)1 dzntt J(&)le=z /Ce e = z) (7:25)

But we already know that this integral is zero except when n — 1 and therefore

= /C A GO T / dz(z — 20)" = f(z0) (7.26)

21 z—2z9 2m

Now we use the fact that this integral is the same for every curve that can be continuously
deformed to C. and were done.
The above proof makes the following generalization obvious:

dif n! d f(2)

= A 2 - 2
dzn (Z)| 0 20 ; (Z —*Zo)n+l (7 7)

Proof: Repeat the above proof, but now isolate the n-th term in the Taylor expansion so that
the total power of (z — zp) is —1.

7.4 Cauchy’s Residue Formula

Wikipedia: Residue
Wikipedia: Residue Theorem

We have seen that the problem of solving a number of integrals can be reduced to identifying
the piece in a series around z = zy that behaves like 1/(z — zp). But now we would like to see
what it means for computing an integral [ dzf(z) and f(z) itself has poles.

Recall that the f(z) has a pole of order n at z = zg if f(z) and f(2)(z — 29)™ are not analytic
at z = zo for m < n but g(z) = f(z)(z — 20)" is analytic at z9. Locally, we see that

g9(2) 2mi dnt
/c dzf(z) = /C dz G2 = D) dzn_lg(z)\Z:ZO (7.28)
It is therefore useful to define the residue as
) 1 dn—l "
Res(f(2),20) = i o5 5 ((= = 20"/ (2) (7.29)

It is then easy to see Cauchy’s Residue Theorem: if f(z) is analytic except at poles z; then

/dzf(z) = 27m'ZRes(f, i) (7.30)
v i
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Thus we have replaced the problem of integration with the problem of finding the poles of f(z).
Note that we are taking v to be counter-clockwise (positively oriented). The clockwise orientation
would just give a —2mi ), Res(f, z;) on the RHS instead. (see Figure 9)

i ﬁes@ufd)
28e)= 1T
S\ﬁé\ <+ 2at ’KQ(&FZ)

Figure 9: Illustration of the residue theorem.

Take-away: we began our discussion of holomorphic / analytic function by pointing out that
they a lot like the potential for an electrostatics problem. In this analogy, we should think of poles
like point sources and their residues are their electric change. Cauchy’s Residue formula is like
the statement of Gauss’s law that the integral of the electric flux through a volume is given by the

sum of the charges.

Example: First let us see how this works in a couple quick examples: Let’s imagine we integrate
the function f(z) = 23/(2?+1) in a small counter-clockwise contour  around z = +i. The shape
of this contour doesn’t matter but it is important that it encloses a pole at z = +i. If we write
22+ 1= (z+1i)(z — i) we can see that this is a simple pole (see Figure 10, left panel). We now
have
2 . . 28 P .

Ldzf(z) = /de(ZJFi)(Zi) = 2miRes(f(2),z =1) = 2mm|zzi = 27”% =-—mi (7.31)
Now let us perform an integral over the same contour but now with f(z) = 23/(z — i)? (see
Figure 10, right panel). We now have a second order pole but we can still apply the residue
formula

3
Ldz(zii)z = 27iRes(f(2),2 = i) = 27Tidizz3lzzi = 2mi3(i)? = —6mi . (7.32)

This is makes evaluating these contour integrals pretty easy. The question we will still have to
address is how to make this useful to integrals that you actually want to do.

Application: We now know everything we need to resolve source of confusion we encountered
with the fourier transform. When integration a Gaussian, I made the claim that

oco—tko 00
/ dye V127" = / dye V"% = \/2r0 . (7.33)

—oco—iko —00
We can prove this result by adding forming a closed contour that runs over the line segments
[—L,L, [L, L — iko], [L — iko, —L — iko], and [—L — iko, —L] (see Figure 11). Since e=2"/20" is
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Figure 10: Examples f(z) = 23/(2% + 1) (left) and f(z) = 23/(z — i)? (right).

an analytic function with no poles. The integral over this closed contour vanishes because there

are no residues. Taking the limit L — oo, we have

L L—iko —L—iko —L 5 2
lim ( / dz + / dz + / dz + / dz> e #1277 = (7.34)
L—oo \J_L L L—iko —L—iko

Since ,
L—iko 1
lim dze /27" = lim e~L°/20" [ e~ (-ikot/L)*/20% _ (7.35)
L—oo L L—oo 0
we have ‘
00 9 9 oco—iko R 9
/ dze™% /27" — / dze * /27" =0 . (7.36)
—00 —oco—iko
—ag
G—-t_ ‘S?}a) =° 0 Do

Figure 11: Contour for Gaussian integral.

7.5 The Contour at Infinity and Jordan’s Lemma
Mathworld: Jordan’s Lemma
Khan Academy / Youtube: Jordan’s Lemma Proof
A contour of general interest is one that runs along the real axis and then closes on itself
with a semi-circle at infinity. The reason we should care is that it means we can use the residue

formula to write

/_Oo dzf(z) + /C+ dzf(z) = 2m’ZRes(f, 2i) (7.37)
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The first term is an integral you often want to calculate. The RHS is something that is very easy
to calculate. A priori, you might think that means that the integral over CJ is equally hard as
the integral we originally wanted to compute because there should be no free lunch. Amagzingly,
this pessimism is not justified and there are many circumstances were this integral at infinity
vanishes.

The most trivial case is when f(z) = P(z)/Q(z) where P(z) and @Q(z) are polynomials of
degree p and ¢ respectively (we want them to be polynomials so that there are no branch cuts to
worry about). Now we want to show that if g > 2 + p then

/ d2f(2) = 0 (7.38)
ot

We can see this by taking z = Re” and then taking R — oo:

) T . i Rpeipa
/C+ dzf(z) = R11_1r>1C1>O ; iRe daRqeiqe (7.39)
p+1 ™ )
= Jim RRq /0 dhe!P+1=a0 _, ¢ (7.40)

If we didn’t have to worry about branch cuts, this would show that if the ¢ > p + 1 the integral
will vanish as R — oc.

Jordan’s Lemma: Given a function f(z) = €“*g(z) where a > 0 and g(z) is holomorphic up
to a finite number of poles in the upper half plane.

/ dzf(2)] < “maxg_io.n(g(Re™)) (7.41)
cg a

This means if g(Re?) — 0 as R — oo (for all § € [0, 7] then the integral at infinity vanishes.

The intuition is that this should be better than just polynomials because as z — 1y — i00,
this function is f(z) ~ e~ ®g(iy) which vanishes exponentially (see Figure 12). Of course, part
of this integral is near z ~ 400 and there is no exponential suppression so we need to be more
careful.

(j@.uy/\‘“ é&:)

Figure 12: Contour for Gaussian integral.
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Proof: We define the integral as before
/ . dzf(z) — / da(iReie)eiaR(cos 0+i sin(@))g(ReiG) (7'42)
Cr
First we are going to use a simple inequaly

| / drf(x)) < / dz| f(z)| (7.43)
to write

|/de(iReiG)eiaR(cos9+isin(9))g(Rei9)’ < R/dee—aRsin9|g(Rei9)| (7'44)

< RmaXQ[O’W](g(Rew))/ dfe=aBsn0 (7 45)
0

Because of sin 6 is symmetric about 7/2 we can just integral from 0 to 7/2 twice. Now as a final

—aRsin@ < efaG/Tr

step, one uses sinf > 26/7 on 6 € [0,7/2] so make and therefore e onto bound

the integral:
o . , , /2
|/de(iRezﬁ)emR(cosG—Hsm(@))g(Rez@)| < 2RmaX9:[0m] (g(RezQ))/ d96—2aR9/7r (746)
0

- mmaxg_[o - (9(Re™)) (1— e o) (7.47)

a

Return to Causality

So let’s return to our original motivation: where does the requirement of causality, G(t) = 0
when ¢ < 0, appear in fourier space. Let suppose we have G(w) and we write

G(t) = / %e*iwté(w) (7.48)

Using Jordan’s lemma, if G(w) is analytic in the upper half plane and G(w) — 0 as on CZ (as
we go to infinity in the upper half plane), then G(t) = 0 for ¢ < 0.
We can see this directly in our example from the Harmonic osclilator

G(t) = / T e ! it (7.49)

0 2 (W2 — w? — W)

We notice that this function has two poles (see Figure 13)

2
Wy = —z% +yfw? — Vz - —% +0 (7.50)

which are both in the lower half plane. As a result, Jordan’s lemma means that G(t < 0) = 0.
For t > 0, we close in the lower half-plane and pick up the two poles

1 4, . 1 -
Gt) = i [_62%“” - _egte“"t} (7.51)
2 2
(7.52)
Putting this all together we have
1
G(t) = 56—% sin(wt)0(t) (7.53)

where 6(t) = 1 when ¢ > 0 and 0 when ¢ < 0 is a step-function.
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Figure 13: Contour for Green’s function inverse Fourier transform.

Examples

Let’s take a case we know well:

dw _, 2b
t) = —wwt 7.54
f( ) ot € w2 + b2 ( )

when ¢t < 0, we can close the contour in the upper half plane and use Jordan’s lemma to ingore
the piece at infinity. We now use the residue theorem with the pole at w = +ib to get

1 2b
f(t <0)=2mix gﬂebt = e (7.55)

When ¢ > 0, we have to close in the lower half plane, and use the pole at w = —ib to find

1 2b
F(t>0) = =2mi x _%be*bt =0 (7.56)

Notice we had to flip the overall sign because we went from being clockwise to counter-clockwise.
So we found, as we knew already that

f(t) = et (7.57)

Another simple example (see Figure 14):

i i S A
T2 T G iE

= (7.59)

o P 1 d 2° 1
/ -+ x4+ d 2" +z+4 (7.58)

You can plug this into mathematica and find the same result.

7.6 Integrals in the Presence of Branch Cuts

The simplification of integrals is not quite the same when there are branch points along the real
axis. It is easiest to see this with an example:

/0 dac(x_i_\/i)z (7.60)
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Figure 14: Contour for integrating [~ dx %;;ff)%

It is helpful to put the branch on the positive axis and the draw a big loop around the branch
cut and close it in a circle at infinity (see Figure 15). Then the integral breaks into a piece above
the cut, a piece below the cut and a circle at infinity that vanishes. The fact that the circle
vanishes is a simple generalization of our P(z)/Q(z) arguement for polynomials: when z = R¥
with R — oo, our integrand scale like R'/2/R? oc R=3/2. The circumference of the circle scale
like R so the integral over C'r will vanish like R™1/2 — 0 as R — .

We can now evaluate this integral if we are careful to place the branch cut on the positive
x-axis. This means we define \/z by taking z = pe?’ where 6 € [0,27). The contour integral is

therefore
oo N /0 Vre?r ‘ vz B
/0 dx @+ )2 + _ dx G 27mRes((Z +4)2,z = —4) (7.61)
00 \/:E B d
2/0 d:z(x+4)2 = 2mdz\/§|zz_ (7.62)
omix 1 (7.63)
= T — .
2 \/4eim
T
=5 (7.64)
or . /i
x T
de— YT T .
/0 = (7.65)

This is an interesting case because it isn’t just some simple application of the residue theorem.
Notice that our evaluation of the residue at z = —4 was only well defined by because we have
placed the branch cut on the positive z-axis. The residue otherwise would have been ambiguous.

There are two general lessons with these kinds of examples that you need to pay attention
to: (1) The range of integration over x will run between to branch points or from a branch point
to infinity. (2) The integrand must scale like R~ with o« > 1 as R — oo. Because there is a
branch cut, this doesn’t have to be an integer, but it must be strictly large than 1. To see this
two principles in action, we could consider

/—1 V1-a?

Ao (7.66)
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Repeating the same logic, we can put the branch cuts between the two branch cuts between the
branch points the way we did above. Then we can see that the integrand scales as R~2 as R — 0o
so the circle at infinity will vanish. So that we have

5 / LoVl =22 vz

. dxm = QWlReS(W,

However, if you were to consider instead

/ P (7.68)

3:—1—2

2= —2) = 2mi- (7.67)

when the integral around the circle doesn’t vanish and you find

v1-— V1—22
2/ i 2 = 2m'Res(L2,
1 x—|—2 CR z+2 (z+2)

At infinity, we we expand in z = Re? with R — oo then

/C ! V-2 / dz — o (7.70)

z+2

Moving this term to the right hand side, we get

1 1— 22 2
dp—m = —m — 7 7.71
L == 75 (7.11)

You can check these results with Mathematica and see this funny behavior of the integrals for
yourself if you don’t trust our complex analysis.
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8 Ordinary Differential Equations

Dubin Chapter 1.6

So far we have been focused on the harmonic oscillator and the wave equation. These examples
as particularly useful as they are (1) extremely common and describe lots of physical systems and
(2) are dramatically simplified by using the fourier transform. Now we want to take the lessons
we have learned from these examples and generalize them to more complicated situations. In
this topic, we will focus on a generalization of the harmonic oscillator, namely linear ordinary
differential equations (linear ODEs), but will introduce the ideas that will also be important for
generalizations of the wave equation to linear partial differential equations (linear PDEs).

8.1 Basic Structure of an ODE

We are interested in equations that take the form:
P(Ly z(t) = h(t) (8.1)
dt’ B '

where I:(%, t) is some kind of machine (we’ll call it an “operator”) that acts on functions. Specif-
ically, the derivatives inside L will act on any function to the right of L but not to the left. Will
assume it can be written as a polynomial in derivatives, % or some other variable of our choosing.
We can organize such an equation so that all of the derivatives act on x(t), which is what we are
trying to solve for. The function h(t) is a function we are given and is some kind of generalization
of the external force. Notice that if h(t) = 0 then z(t) = 0 is a valid solution, so whatever the

physical origin of h(t) is, it is trying to make z(t) # 0.

Differential “Operator”

We will think of ﬁ(%, t) as a polynomial of order n in % so that we can write
. d n dnt d

In general, these functions w;(t) are arbitrary functions of ¢ (not necessarily polynomials). How-
ever, in practice, we can only solve these equations for particularly simple functions of ¢t. Up
until now, we have been interested in the cases where n = 1,2 and these functions are actually
just constants (i.e. they do not depend on time).

We also think of this as an “operator” that acts to the right. E.g. if L = % then

d -

La(t)=i(t) ()L = (), (e(t)L)y(t) = =(t)(Ly(1)) = =()y(t)  (8.3)

Linearity

A operator, L, is defined to be linear if it has the following properties:

A

Li(t) +a2(t)) = (Laa(t)) + (La(t)) (8.4)
Licx(t)) = e(La(t))
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where c is a constant.

Linearity is the origin of the superposition principle that appears in electrostatics and quantum
mechanics. The idea is that if we have two solutions to the equation, x1(t) and x3(t) such that
Lxy =0 and Lxy = 0, then we can find a third solution x3 = c¢121(t) + cox2(t). This is a simple
application of linearity:

ﬁ(Cll‘l (t) + Cgllg(t)) = Cli/l‘l + CQ.i/fL‘Q =0. (86)

Given an equation that is a polynomial of order n in J;, there are typically n-solutions, z;(t) for
i =1,..,n such that
E(4 () =0 (8.7)

Because the equation is linear we can write the most general solution as

2(t) =Y cimi(t) . (8.8)
=1

Now, it isn’t always true that there are n-independent solutions so this isn’t a rigorous result but
just a general expectation (e.g. you know from electrostatics that there is a unique solution to
the potential for a change distribution, up to an overall constant).

We call the solutions to the equation f/x(t) = 0 the solutions to the homogenous equation. If
we want to solve the equation Lxz(t) = h(t) then the most general solution will take the form

z(t) = Tinhom. () + Z cixi(t) . (8.9)
i=1

where Ziphom.(t) is any solution to the equation L¥inhom. (t) = h(t). You might think this is too
restrictive because there can be multiple solutions to this equation, x;inhom.(t) for j = 1,..,m
such that I:ycj,mhom. (t) = h(t). However, you can see that were aren’t missing any solutions as
follows: suppose that you take Zinhom.(t) = Tj=1,inhom.(t) and I take Zinhom.(t) = Zj=1 inhom. (%)
and look at the difference of our two solutions AZinhom (t) = =1 inhom. (t) — j=2 inhom. (t). Using
linearity, we see that

LAZinhom = Lt j—1 jnhom. (t) — L2 j=2 inhom. (t) = h(t) — h(t) = 0 (8.10)

Therefore Aziphom(t) # 0 is just some solution to the homogenous equation! Therefore, the
relationship between our two solutions is just that we have different coefficients ¢;. L.e.

A~’f\«'inhom(t) = Z Acixi(t) (811)
=1
so that
x(t) = szl,inhom.(t) + Z Cil'i(t) (8.12)
=1
n
= l'j:Q,inhom.(t) + A:L‘inhom + Z Clxl(t) (813)
i=1
= xj:Q,inhom.(t) + Z(Cz + Acz)xz(t) (814)
=1
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Therefore we only ever need to find a single solution to the inhomogenous equation.
We can use the same trick of linearity to find solutions to h(t) = >, dgfy(t). In particular, if
we can solve

Ly (t) = f(t) (8.15)

for some particular z4(t), then we can solve the full equation using
2(t) =Y dgwy(t) (8.16)
q

We can see this just by plugging into our equation:
La(t) = LY dexy(t) (8.17)

q
= > dyLx(t) (8.18)

q

= > (dyfy(®)) (8.19)

- hq(t) (8.20)

This will be a useful way to think about Green’s functions.

8.2 Boundary Conditions and Initial Value Problems

In order to determine the constants ¢, that sit in our list of homogenous solutions, we need to
decide what properties we want out solution to have. There are three basic ways we can do this:

e Fix the value of a function at a point: e.g. z(t =0) =0
e Fix the value of a derivative at a point: e.g. @(t =0) =1

e Fix the behavior at +o0: E.g. if our solution has the form ¢(z) = e*** we might require
that ¢(x — 00) is finite.

For a typical second order differential equation, we need to impose two conditions to fix the two
constants that typically arise.
There are typically two different ways these conditions can be deployed

e [Initial value problems: In this case we are imposing all of our constraints at a specific point
(we will interpret as a point in time) and as what happens in the future. E.g. we might give
the initial position z(0) and velocity #(0) and ask there the particle moves in the future.
These are also easy to evaluate numerically because you are can essentially just integrate
the equation one time step at a time to figure out how the particle evolves from z(0) and
#(0) to any other configuration.

e Boundary value problems: rather than imposing all the conditions at one point, we impose
conditions at multiple points. E.g. T might want to know the shape of a piece of string, h(x),
it I hold it at spefic points at the ends, h(0) = h; and h(L) = ha. If I impose a condition
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on the function at that point (z(0) = 5) is is a Dirichlet boundary condition and if the
condition is on the derivate (¢ = 5) then it is called a Neumann boundary condition. You
can also have a linear combination of the two ¢;x(0) 4+ c24(0) = ¢3 that are called Robin
boundary conditions. (Technically there are 2 end points and these names usually refer
to applying the same type at both ends and mized boundary conditions refer to applying
different choices of these three at each end.)

e The case where we impose behavior at x = F00, it is best to think of an analytic solution of
this type as just a boundary value problem. However, numerically, it can be very difficult
to impose the kinds asymptotic conditions.

e If we are only solving the equation on some domain ¢ € [0, L] (for example) then we could
similarly have the boundary condition that we want the solution that is well behaved at the
boundaries. E.g. if we had solutions of the form (acosz + bsinz)/x then we might want
to take a = 0 so that the solution doesn’t diverge as x — 0.

8.3 Power-Law Solutions

The simplest situations to solve after exponentials are those where the solutions are power-laws,
like t7 for some fixed . This is best seen by example:

at®i(t) + (b+ a)ti(t) + cx(t) =0 (8.21)
where a, b, ¢ are some constants. If we plug in the ansatz, z(t) = Ct" we get
Ct'(ay(y—1)+ (b+a)y+c)=0 (8.22)

Notice that this implies
ay:+by+c=0 (8.23)

so that ~y is a solution of the quadratic equation.

Why did this work? Notice that if we think of % as counting like ¢! all the terms have
the same number of powers of ¢ in them. As a result, when we plug in our ansatz, we get a
polynomial in v but we don’t change the power of . As a result, we can factor our ¢t7 and just
set the polynomial to zero.

The number of examples where this works are limited, but the intuition behind the power
law is very important. In fact, it underlies the series solution which applies much more broadly,
as we will see.

Physically, there actually a very deep reason this gives a power law. By the same observation

above, notice that if I rescale time ¢t = At’ then % = /\_1%. In the above example this means
that

z o d 20 d

L(gt) = L(gg,t) (8.24)

We will find power law solutions when a weak condition is met, namely

L(dt) = NAL(& 1) (8.25)
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In particular, we notice that the equation does not change as we rescale time. As a result,
the solution has to look the same on all time scales. Il.e. it should look the same over a few
nanoseconds or a few billion years. This physical property is known as scale invariance and is
essential to the understand a vast set to physical phenomena, from phase transitions and chaos
to the origin of structure in the universe and the quantum nature of gravity. It is even more
essential as an approximation to the dynamics in a wider range of systems.

Given scale invariance, we find power law solutions because they are essentially the only
functions of 1 variable that obey this property. In contrast, for the harmonic oscillator we have
z(t) = e it looks like a constant if ¢ < 1/w and oscillates when ¢ > 1/w. One easy way to
think about this is that w is a constant with dimensionful units (i.e. it has units 1/[time]). This
means the problem has a natural time scale associated with it. Power-law solutions are what we
find when things are scale invariant, as in there is no special dimensionful scale in the problem.

8.4 Series Solutions

Most ODEs do not have solutions in terms of simple functions. The typical experience is if plug
even a somewhat non-trivial ODE into mathematica, if it can solve it, it will spit out a solution
in terms of functions with some special name (e.g. Bessel, Hermite, Hypergeometric, etc.). In
some cases, these functions are literally defined to by the fact that they are solutions to some
differential equation, so what exactly does this mean?

The most concrete way to understand this is to think about the function as a series expansion.
E.g. if you aren’t sure what ¢ means, you can simply define it as

; 1 1
e’ =1+ (ix) + 5(2:0)2 + g(zm):3 +.... (8.26)
The series expansion of the exponential actually converges for all x so simply defining the function
by the series is actually a rigorous definition.
As a simple warm-up, we should be able to see how the series describing the exponential

solves ODEs like the simple harmonic oscillator:
i(t) +wiz(t)=0. (8.27)

If we guess there is a series solution of the form x(t) = t7 x > 77 ;¢,t" and plug it into the
equation, we get
> (49 (n+7 = D" 20, + wit™e,) =0 (8.28)
n

We need to satisfy this equation order by order in ¢ because ¢, and v must be t-independent.
Starting from the smallest power of ¢ we have

SR04 )0+ 7 = Den + when-z) = 0 (8:29)

and therefore
(n+7)(n+7—1)en +wicn2 =0 (8.30)

By definition ¢_o = ¢_; = 0. Therefore, to solve this equation for n = 0 we have

MNHy—1)=0 (8.31)
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Our options are therefore v = 0 or v = 1. Since our equation jumps 2, we can solve this equation
for the odd and even power separately.
Let’s start with the even so that ¢y # 0 and v = 0. Using the recursive formula, we have

4 2m
2 €0 9 €2 CowWg Ccowy
S L i b wvr: By TRl ey (8.32)

Similarly, if we start from n = 1, we have camy1 = (—1)"c1w2™ ™ /((2m +1)!). The even terms
are just the expansion of ¢y cos wpt and the odd terms are c; sin wgt. We knew the solutions ahead
of time, but what might not have been obvious is that the solution would break up into sines and
cosines rather than e’

We can think of most special functions in the same way. To see this, let’s just consider the
example of the Bessel function J,(¢) and Y, (¢) which are defined to be the two solutions to the
equation

2L L2 a2 =0 (8.33)

dt? dt ’
Now let us assume that x(t) =7 x Y °  ¢,t™ (I pulled out an overall t” for some unknown ~ in
case the solution as t — 0 is a non-integer power law (this is based on the educated guess that
ast — 0, (t? — a?) — —a? and this equation looks like one we can solve with a fixed power law).

So, let’s just plug this series into the equation

Y (" (v +n) (v +n—Den+enly+n) —cne® +cng) = 0 (8.34)

t Zt” (7% = a® +2ny +n?)en + cp2) =0 (8.35)
n
where ¢,_2<9 = 0 by construction. Since these coefficients are time independent, each term in
the series must vanish seperately if the equation is going to be solved for all t. For n = 0 and
n =1, ¢co_o = 0 and we can easily solve:

n=0 — y*=a’—=y=+a (8.36)

For n > 2 now we can use the equation to determine ¢, in terms of c¢,_o. Since ¢; = 0, this
means C,—o4d = 0. The even one are given by a recursion relation

n

1 -1

. ———. = S — 8.38
e Fona fn2 n2 T T H +2ma + m? (8:38)
m=24,..
For example, for n =2 and o = 1/2 and v = £1/2 we have
1
Cy = —604 To (8.39)
If you look at the series expansion of J,(t) and Y, (t) for @ = 1/2 we have
20172 L
m 6
Vi) ~ —y 22 Ly ) (8.41)
1/2 - 5 . .
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so we see that v = +1/2 corresponds to Jyo(t) with co = \/g and v = —1/2 is Yj/, with

o = —\/g. This property that v = +a (—a«) corresponds to J, (Y,) holds in general. The

relationship between ¢y is more complicated but this is clearly no important since we always
write the solution as

2(t) = CLJa(t) + CoYalt) . (8.42)

This way of thinking about solutions to differential equations is the simplest general way I
know to understand what these solutions are (other than numerically solving them). Of course,
you can always use mathematica to provide the solution in terms of functions that mathematica
knows how to evaluate, but in the end, the only reliable way to understand why these functions
are solutions at all is to go back to the series expansions. In specific cases, these functions will
have other definitions that also allow you to see why they solve the equation but this works only
on a case by case basis.

8.5 Green’s Functions

We want to understand how to think about Green’s functions in this general context. The general
setup is that we are looking for a function of two variables G(¢,t") so that

LGt =6t —t) (8.43)

First, we can just check that if this is true, we have a solution to the equation

o0 oo oo
(t) = / dt'G(t, t")h(t') — La(t) = / dt'(LG(t,¢'))h(t) = / dt's(t — t)h(t') = h(t)
—00 —0oQ —0o0
(8.44)
We also remember that once we have one solution to this equation, every other solution is just
related by adding the homogenous solutions.

It may also be useful to think of these expression in terms of linear algebra: if we think of L
as being like a matrix, then this equation is like an equation of the matrix inverse G = L1 so
that LG = I. Given the inverse, if you wanted to solve the equation L¥ = ﬁ, you apply multiply
by L~! so that

Z=L"'h=Gh. (8.45)

This is clear in fourier space in situations where L — L(w) is just a polynomial in the frequency,
w. In those circumstances, G(t,t') = G(t —t') and therefore G(t,t') = G(w,w') = G(w)d(w + ')
is diagonal in w and solves the equation

L(w)G(w) =1 (8.46)

as you would expect for the diagaonal entries of the matrix equation LG = I.
It is worth noting that this function is really a function of two variables ¢ and t’, unlike the
cases we have solved with the fourier transform. Recall what we found in that case,

ﬂ@z@@ﬂ@%ﬁﬂﬂz/ﬁ@@—ﬂmw (8.47)
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Here we see that G(t,t') = G(t — t') is really us a function of one variable ¢t — ¢/. This is
a consequence of the fact that the L;G(t,#) = &(t — t') doesn’t depend on ¢ itself but only
derivatives or the difference ¢t — t’, so that if we shifted ¢ — ¢ + ¢ and t' — ¢’ + ¢ the equation is
the same. As a result, G(¢,t') could only depend on this combination.

For a general linear ODE, the coefficients in the equation can depend on ¢ but cannot depend
on t'. Therefore, we really have to treat ¢ and ¢’ independently. It is somewhat important
therefore to remember that ¢ is the time that appears in the equation and ¢ this the time of the
source. For completeness, let’s see how to solve for G(t,t") without using the fourier transform.

Let’s take )

e
we happen to know how to solve this using the fourier transform but let’s pretend we don’t and

+ WG, ) =6t —t) (8.48)

see if we can get the same answer. This first thing to notice that is that when ¢ # ¢’ this equation

is just
d2 2 /
Therefore, we know that both G(t < #',t') and G(t > t/,t') are just solutions to the homogenous
equations e*™“ot so we have
Git>t,t) = A{t)e“" +c.c. (8.50)
Git<t,t') = B()e™ +cc.. (8.51)

Notice that the “constant” can be a function of ¢, it just can’t depend on t. Now the problem
of solving the equation is just how to determine A(t') and B(#') so that we get the §(t — t')
on the RHS of the equation. First, we are interested in the retarded Green’s function, so that
G(t < t',t') =0 (i.e. cause does not come before the effect). This means we are taking B(t") = 0.

To figure out what A(t') should be, it is useful to integrate the equation over a tiny integral
around t/, t =t —e = t' + e

t'+e 2 t'+e
/ dt[@wgw(t,t/) = / dts(t —t') (8.52)
t'—e t'—e
d , t'+e
aG(t,t’) b+ /t ) dtwiG(t,t) = 1 (8.53)

The RHS integrated to 1 because it is a d-function. Now the LHS is might not be a priori obvious
what to do. It seems physically reasonable that we should want G(¢,¢') to be continuous at
t = t' (presumably G(t',t") should be well-defined). With this assumption, f:_tﬁ dtwdG(t, 1) =0
(actually, this is true even without this assumption, but it is very obvious is the function is
continuous). Since G(t < t/,t') = 0 so is 0;G(t < t/,t') = 0 so combining the continuity and our
equation we have two conditions:

At 4 ce. = 0 (8.54)
%A(t')ei“’oth:t/ +c.c. = iwgA(t)e™ +ce. = 1 (8.55)
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These are sufficient to solve for the real and imaginary parts of A. If we add the two equations:

At) = —A*(t)e 2! (8.56)
) , e—’int,
At = A*(t)e 2ot 4 — (8.57)
wo
we have
Ay = < 8.58
SO
Git<t,t) = ﬂem +cc (8.59)
’ 2w o '
1
= —sin(wo(t —1t')) . (8.60)
wo

It is easy to see this satisfies our requirements:
e G(t —t',t') — 0 so it is continuous at t = ¢'.

o G(t,t') ~ (t—t') ast — t' so that £G(t,t')|,=p = 1. This was need to match the J-function
after integrating the equation.

e We also derived that G(¢,t') = G(t —t') without assuming it ahead of time, which is a nice
check that this method gives the same answer as using the fourier transform.

8.6 Using the Fourier Transform

As a general rule, it is very useful when you can find a list of functions z such that
Ly = f(\)xy (8.61)

where f()\) is some function of a parameter (or list of parameters). This is exactly what we did
with the fourier transform where A\ = w and f(w) was some polynomial. What made this possible
is that our equation had constant coefficients, i.e.

d" a”
— =Wy .
der — dn

The general reason is that 0y — —iw under fourier transform but ¢ — —id,,. This first identify is

wy (1) (8.62)

just integration by parts and the second one is

. d . d -

iwt _ g iwt — i
/dte tf(t) = /dt( ioe ) f(t) zdwf(cu) : (8.63)

As a result, if L = td;, the fourier transform of Lf becomes
e d d ;.. d

wt g — g wwty T 64
/dte L) /dt( e % fi) (8.64)

- d d ity d

d ~

= —i@(—iwf(w)) . (8.66)
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This is a very technical way of thinking about it. There is a more beautiful way of thinking
about it in terms of symmetries that hopefully you will learn more about in quantum mechanics.
The short answer is that this is related to the fact that when the coefficients are constant, the
equation is the same if we shift time by a constant ¢ — ¢ + ¢ (i.e. the physics is the same at
every time). There is an amazing fact that symmetries are related to conserved quantities and
this symmetry means that energy is conserved and w is proportional to the energy.

That being said, there are situations where the differential equation in w is significantly easier
to solve than it is in ¢. For example:

d3 d?

[+ 2t L 4 3a(t) = [(—iw)® + 5(—iw?) + 2 — i (—iw) — Bi-L]F(w)  (8.67)

dt? dt dw dw

so we replaced a differential equations with three derivatives with a differential equation with
one. We can usually solve first order equations, so this can be a useful trick.
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9 Partial Differential Equations

Dubin Chapter 3

Like ODEs, (linear) Partial Differential Equations (PDEs) are just an extension of what you
know from the wave equation or anything from electrodynamics / electrostatics. However, unlike
ODEs, even the simplest PDEs can become surprising complicated just because of boundary
conditions. This is also something you have surely already experience in eletro-magnetism, which
is just a set of first order linear differential equations with constant coefficients, but you know
that even a slightly complicated charge distributions, conducting surface, etc. can make finding
a solution quite challenging. Unlike ODEs, we will therefore focus our efforts on the simplest
cases.

9.1 Basic Structure of a general linear PDE
The most general PDE takes the same form as an ODE, just with many variables

As you know from electro-magnatism, there can also be systems of these equations that organize
into some nice vector-like equations® so that L is itself a vector-like operator and ¢ — E , B and
h — f, etc. However, to keep this discussion manageable, we fill focus on the case of a single
PDE for a scalar function ®(t, Z).

For PDEs, the difference between initial value problems and boundary value problems is much
more significant. Initial value problems are defined by imposing conditions at a single time:

d(t=0,7)=q(@)  d(t=0,7) =p@) (9.2)
The non-trivial fact is that we have to specify a whole function of Z, but this will rarely impact
how we think about the solutions to the equation or the dynamics in general. There are even
physical situations where want to impose ¢(Z) = p(Z) = 0 or ¢(Z) = qo and p(Z) = po, where the
initial value problem is very similar to the ODE case.

In contrast, boundary value problems are significantly more complicated in more than one
dimension of space’. For example, imagine we are solving the Laplace equation (electrostatics)
in 3-dimensions where I have a conductor that is a complicated shaped surface, v. It is easy to
state the boundary condition (vanishing electric potential at the conductor)

(#)]zey =0 , (9.3)

but solving this equation can be very difficult because of the shape of . If you have solved this
problem for a point change and one conducting sphere, you are already familiar with how even a
very simple surface can be fairly complicated.

4Notice also that I wrote the L in terms of Vi, anticipating that our equations will not distinguish x, y and z
(i.e. it looks the same if we rotate out coordinates). Even this assumption need not be true, as waves inside materials
can have a preferred origination. It should be clear how to generalize to these more complicated circumstances
using the tools we will develop for the simplest cases.

5Technically, 1 space + 1 time dimension is enough to show the complication, but people often assume that
boundary value problems as boundary conditions in £ that are independent of ¢, as we will do here.
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For our purposes, we will usually impose two types of boundary conditions:

(X, t)|zey = q(@€,t) Dirichlet BCs (9.4)
zey = p(@e€n,t) Neumann BCs ,

where 7 is the direction normal to the surface. With electromagnetism, you are also often
interested in conditions on derivatives parallel to the surface, but these two will be complicated
enough for us in this course.

9.2 Structure of Simple Linear PDEs

For the purpose of this course, we will focus only on cases where ﬁ(@t, 65;) and is, at most, second
order in any one of the derivatives. To make life even easier, we will assume we are solving for a
single function ® and everything is rotationally symmetric so that derivatives with respect to &
must take the form V-V = V2. With these constraints, there are essentially 4 simple classes of
equations of cover a very wide range of physical applications:

V20(2) = h(Z) Laplace Equation (9.6)
|:(9t —aV?| ®(t, &) = h(t,7T) Heat Equation (9.7)
[8252 — cgﬁj O(t, %) = h(t,©) Wave Equation (9.8)
n? =]
[ih@t + %VQ O(t, @) = h(t,T) Schrodinger Equation (9.9)

We will leave the Schrodinger Equation to quantum mechanics, but there is nothing particularly
different about how we solve the equation. For all four of these equations, the same tricks apply.
In particular, each equation involves a V2® which controls all of the tricks at our disposal for
dealing with the boundary conditions.

Just like ODEs, we understand how these equations work by setting h(t, ) and solving the ho-
mogenous equation. The case of h(t, ) # 0 is solved using Green’s function, which are essentially
built from these solutions anyway (as we saw in the case of ODEs).

9.3 Separation of Variables for the Homogenous Equation

The basic idea that underlies all of these equations is that we can find solutions using the following
ansatz:

O(t, 7) = F(t) x G(T) (9.10)

In rectangular coordinates we can further decompose G(Z) = ¢.(2)gy(y)g-(z) (this might not be
the best choice depending on the boundary conditions). The reason this will work is that none of

these equations have mixed ¢ and & derivatives (or mixed x,y, z derivatives). Let’s see how this
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works in the heat equation (again, taking h(t,Z) = 0):

(F()GE) = aV(TH)GE(@)
G@)F'(t) = F(t)aV?G(F)

F'(t)  V2G(d)

oF () G(@) (6-11)
F'(t)  _ 9y()9:(2)9z(2) + 90(2)9:(2)g, (y) + 92(2)9y ()92 ()

aF(t) 92(2) 9y (y)9-(2)

F'ity — gi=)  9,w) | gl(2)

FO) 0@ el e) 012

At first sight, this might not look that remarkable as I still have what looks like a mess of an
equation. To see why this equation is powerful, imagine I am trying to solve the equation:

f(z,pi) = 9(y,q5) (9.13)

for all  and y, in terms of some parameters p; and g; that define these two functions. Since x

and y are independent variables, there is only one way to solve this equation:

f(x,pi) =k = g(y,q5) (9.14)

where k is some constant. To see why this is true, notice that this equation is true if I just fix
y = constant so the the RHS of this equation is a constant. So clearly then f(z,p;) must also
be a constant. Repeating the logic on the LHS, we see that both sides must be independent of x
and y and are therefore just constant.

9.4 Eigenvalue problems in Rectangular Coordinates

In the above example, it is presumably clear that I am just solving one of two possible equations:
T'(t) = akT(t) (9.15)

or
9" (@) = kag(x) (9.16)
(and similarly for y and z). These are called eigenvalue problems because they are equations of

the form:
Lf=\f. (9.17)

where L is a differential operator and A is a constant. This use of words should remind you of
linear algebra where the eigenvalues ()\;) and eigenvectors (¥;) of a matrix (M) were defined such
that

Muv; = N\t (9.18)

If you remember that L and M are just example of linear operations, then this is really just the
same thing: a linear operation on a object that returns the object times a constant. (The fourier
transform is itself a linear operation and in your homework you found that the Hermite functions
are the eigenfunctions of this operation.)
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In rectangular coordinates, you already know everything you need to solve these equations:
you all know that e is an eigenfunction of the derivative operator so clearly we can just write
T(t) = eM and g;(t) = et to get

M=ok N, =key. aki=katky+k. (9.19)

So clearly we can find solutions to the equation pretty easily. But, as we have emphasized, what
makes PDEs hard is the boundary conditions, not finding functions that satisfy the equation
itself. A related question is which of these )\, , . are we allowed to sum over before / after
imposing our boundary conditions.

Imposing boundary conditions

Separation of variables and the eigenvalue problem are only useful if the boundary conditions can
be imposed separately on each of the functions. E.g. we impose boundary conditions at fixed
t,x,y and/or z. First let’s assume this is the case and see how to solve the equation.

Suppose our boundary conditions are something like ®(t,z = 0,y,2) = ®(t,z = L,y,z) =0
and similarly for y and z. We will need an initial condition as well but since, A; is determined in
terms of ), . it makes sense to deal with the boundary conditions first.

This particular set of boundary conditions can clearly be solved by setting

Goy,2(2,y,2=0) = gpy.(z,y,2=L) =0 (9.20)

Clearly if I can solve these boundary conditions with a single eigenfunction, the it will be part of
my solution. There is already one subtelty as this point: k. = )\g,yﬂz so £z .- both give the
same k., .. Separation of variables only works if the eigenvalues all match, but if we have more

than one function with the same eigenvalue, then we can / must add them together:

gz = c16TNT 4 cpe N (9.21)

This is important because e*

¥ is never zero, for both real and imaginary A;, so we must include
both solution to have a hope of solving this equation.

The next question is whether we are missing solutions where the individual eigenfunctions
(with different eigenvalues) do not satisfy the boundary conditions, but there is a sum of eigen-

functions that does. Let us suppose that were true, then we would have

O(z=0)=0= Z ¢iTi(t)9,i(0)9y,i(¥)9g2,i(2) (9-22)

where g, ;(0) # 0 for all 7. This equation can only be solved if T;(t) o T}j£;(t) and similarly for
gyi(z) and g, i(z). However, by construction at least one of eigenvalues of these three functions
must be different because A\;; # A;; by assumption. As a result, it is impossible to cancel the
non-zero contributions between functions with different eigenvalues.

This conclusion is, of course, special to this particular set of boundary conditions. Suppose
instead that we imposed boundary conditions so that ®(t,z,y, z) = 0 when 22 +y?+ 2% = L? (i.e.
on a sphere). Clearly I can’t impose the boundary conditions separately on each of the g, .. On
the other hand, they are still solutions to the equation, so I must be able to think of whatever
answer | get as some linear combination of these solutions. It will just be horribly complicated.
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9.5 Example 1: Heat Equation in One-Dimension

As an example are going to study the equation:
[0, — ad?])®(t,z) =0 (9.23)

with the boundary conditions ®(x = 0,t) = ®(x = L,t) = 0. Separation of variables tells us that
the a solution takes the form:

O(t,z) = T(H)G(x) = ®M[ae¥ ™ 4 bV ] (9.24)
for A # 0. There is also two zero eigenvalue solutions:
O(t,x) =T(t)G(x) =a+ bx (9.25)

Now let’s go through the possibilities to see what the possible solutions are that satisfy our
boundary conditions:

e )\ > 0: We have two equations
at+b=0 aeM4be VN =0sa=b=0 (9.26)

Solve the conditions as x = 0 sets a = —b and so the second equationis a(1 — e*QﬁL) = 0.
For A > 0 the only way to solve this is to set a = —b = 0.

e )\ = 0: Like the first case we have

a=0 a+bL=0—a=0b=0 (9.27)

e )\ < 0: We will rewrite the square root as v\ = ik and we get

a+b=0 [ae*t + be~™*L] = 0 (9.28)
Now we can solve this with a = —b and k = 7n/L for some integer n.
Putting this together we have
o0
2,2 2
O(t,x) = bpe ™ "W sin(mna/L) (9.29)
n=1

Now we impose the initial conditions, ®(t = 0,z) = ®¢(z) and we will just fourier transform to

find

L
by, = 2/0 dx®y(x) sin(rnz/L) (9.30)

Notice that since n > 0, as t — oo, ®(t,2) — 0. This is kind of obvious, as we are cooling a
material at both ends, so the long time behavior should be that it reaches equilibrium.

This looks essentially like we are just solving the equation by fourier transform. Why didn’t
we just take the fourier transfrom from the beginning? In this case, we ended up with something
that looks just like a fourier transform because we picked boundary conditions that are are
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consistent with it being periodic boundary conditions since ®(t,z = 0) = ®(t,z = L). So let’s
see what happens if we pick boundary conditions that are not periodic:

d(t,x=0)=0 Bt,x=L)=Tpy>0 (9.31)

Now we have to revisit the question of boundary conditions. Holding ®(t,x = L) = Tp > 0 is
non-trivial. For A # 0, T'(t) depends on time and therefore there is no way maintain a boundary
conditions for all time.

However, if we have a solution to the equation with A = 0 that satisfies the boundary
conditions, the answer is time independent. Now if we have a single solution that satisfies
Oy—o(t,z = L) = Ty, we can impose ®y.o(t,x = L) = 0. Remembering that the solution for
A =0 was a + bz we have

a=0 a+bL =Ty, (9.32)

we just add this solution to our previous solution to find
T o0
2,,2 2
O(t,x) = ZTO + Z bpe @™ L gin(rna /)] (9.33)
n=1
where now the coefficients are

L X
by = % /0 dr(@o() — 7 To) sin(na /L) (9.34)

Physically, this makes a tone of sense. A = 0 is the equilibrium solution (i.e. 9;®(¢,x) = 0). So
if we wait, everything should decay away and we should be left with the equilibrium solution.
As last example in one dimension, we will consider the case of Neumann boundary conditions:

0, ®(z = 0,) = 0y ®(z = L,t) = 0 (9.35)

Before we solve the equation, we should understand the physics of this boundary condition. This
equation says that the temperature at the boundary of the material isn’t fixed but that there is
no temperature gradient. To make sense of this equation, let us recall that the heat flow across
a surface is related to the temperature gradient ¢ = —kVT. In other words, heat flows from hot
to cold. So, if we set nVT = 0, then we are requiring that no heat flows through the boundary.

Again, the eigenfunction as the same as before, Eqn (9.24), but we need to check which
solutions are allowed by the boundary conditions

e )\ > 0: We have two equations
VMNa=b)=0 VXV —be VAL =0 5a=b=0 (9.36)
Nothing much changed here.
e )\ = 0: Like the first case we have
b=0 b=0—-b=0 (9.37)

Notice that we can have a being anything we want.
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e )\ < 0: We will rewrite the square root as VA = ik and we get
ika —ikb=0  ik[ae®™t — be~*L] =0 (9.38)
Now we can solve this with a = b and k = 7n/L for some integer n.

So now our solution is

O(t,x) = Z ane O™ /L2 cos(mnz/L)] (9.39)
n=0
where
9 L
ap = L/ dx®y(x) cos(mnz /L) . (9.40)
0
for n > 0 and
1 L
ap = / dx®o(z) . (9.41)
L Jo

Notice now that as t — oo we have ®(t,x) — a¢ which is just the average temperature. We
don’t allow heat to flow out the ends, so the temperature just moves around to make a universe
temperature but the average doesn’t change.

Relation to Wave/Schrédinger Equation

It is worth noting that very little about our solutions were specific the heat equation. Notice that
we spend all of our time determining the solutions to V2g(z) = A?g(x) and imposing boundary
conditions. This would have been the same problem for the Wave equation or the Schrodinger
equation. Specifically, for the one-dimensional wave equation with Dirichlet boundary conditions
(waves on a string) the only different is that the equation for time becomes

T" = EXT — T, = 1/ E 4 egemiestnm/L — g cos(cgtnm /L) + by, sin(cstna /L) (9.42)

This is before we impose initial conditions at ¢ = 0. Since we have two constants to determine,
we need two conditions ®(t = 0,z) = Q(z) and ®(t = 0,x2) = P(x) then

Q(z) = Z ap sinxmn/L P(z) = Z by sinxmn/L (9.43)
So we again determine a,, and b, by integration:
2 [k 2 [*
w=1 [ deQ)sinomn/L by =7 [ deP(a)sinamn/L (9.44)
0 0

We should also notice that the discrete spacing in the allowed eigenvalues is common to all
of these equations. For the wave equation, we think of this as a set of harmonics associated to
a fundamental mode of oscillation. In quantum mechanics, these are energy levels. We should
just remember that this appearance of discrete quantites from continuous equations is incredibly
common and isn’t fundamentally tied to quantum mechanics, waves or anything else.
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9.6 Polar Coordinates

The simplest extension of rectangular coordinates that arises in many physical systems are polar
coordinates. We already encountered this for complex variables: instead of writing z = x 4 iy we
write z = pe’? so that o = pcosp and y = psin .

Suppose we are solving the heat / wave equation in two dimensions but our boundary condi-
tions are defined as ®(t,x,y) = 0 when 22 + y? = R?. If we could instead separate variables into
p and ¢ this is just

O(t,p=R,p)=0 (9.45)

For this to work, we need to write the Laplacian in terms of p and ¢, not « and y. This is easier
if we remember that

0, =0, + %83/ (9.46)
so that
V2= 02+ 02 =0.0. (9.47)
Now using the chain rule
_ O0p 0  Op 0
0 = 0z0p 0z dp (9.48)
i 0 e % 0
= e ——1 — 9.49
dp p Op (9.49)
_ Op 0 0p 0
O = 0z*0p  0z* Oy (9.50)
., 0 e 0
_ e ;€79 9.51
dp  p O (651)
so now we have
- ., 0 e % 0 ., 0 e 0
7 - (e_wi ) <ew+i> 0.52
dp p Op dp  p O (9.52)
P i i 10 @0 10 1@ o
9p?  p?0p  pOpdp  pdp pdpdp  prOp  p*Op? '
? 10 1 9
= 4+ -~ 4+ 2 9.54
op*  pdp  p? 0p? (9:54)

You don’t need to remember this derivation, but just to understand roughly where the result
comes from. (You can also do it with the chain rule using y = psiny and = = pcos e but it is
more tedious and much less insightful. )

Armed with this expression, we can now attack problems problems new types of boundary
conditions. Suppose we are solving the heat equation in two-dimensions. Using seperation of

variables we have

(t,p, ) =T(t)g(p)p(p) (9.55)
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and we find

— -+ =+ 5| =0 (9.56)

ol g pg p*p
T = a)\T (9.57)
/! / 1 /!
%+%+ﬁ% — A (9.58)
Now we take the last equation an rewrite it as
! / /!
ng; + p% + % =\ (9.59)
Now applying the same logic again, we have
/!
LA—. (9.60)

I have labeled it this way because of an educated guess: ¢ is a periodic variable, so that p(0) =
p(2) is our boundary condition. As a result, we can see p = ™ where n is an integer. Now we
get:

p*g" +pg + (—p°A—n?)g =0 (9.61)

Although we started with a PDE with only constant coefficients, we see that it has lead us to
solve an ODE with non-constant coefficients. We now have two constants to keep track of as we
enumerate possible solutions:

en=0,A=0: g=a+blogp. Imposing the boundary conditions that g(p = R) = 0 and
that g(p = 0) is finite gives a = b = 0.

en#0,A=0:g=ap"+ bp " so again, the boundary conditions and that it is finite at
p = 0 requires a = b = 0.

e \>0: g=aK,(vVp)+bl,(vAp). These functions are a generalization of the exponentials
and have no zeroes. However, in the limit p — 0, K,(p — 0) — oo so maintaining a finite
solution requires that a = 0. The boundary condition at p = 0 is the bl,(v/AR) = 0 which
can only be satisfied with b = 0.

e \<0: g=ay(kp)+bY,(kp), where k? = —\. Y, (x — 0) — oo so we set b = 0. J,(kp)
is some generalization of sin and has an infinite number of zeros x;, so that J,(z;) = 0.

Imposing boundary conditions requires that k;, = z;,/R.

The easiest way to understand this pattern is to notice that when p — oo, this equation looks
like ¢” — Ag + O(%) = 0 so the solutions asymptote to etV o eFike depending on the sign of
A. For this reason, what A\ values are allowed looks essentially the same as the exponential case,
expect that the zeros of the Bessel function aren’t just at 7n. In addition, when p — 0, we can

m

essentially ignore A and the solutions are p™™ as p — 0 and therefore one of the two solutions

was always going to be excluded when m # 0 because it diverges as p — 0 .
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Using these results, the full solution becomes

d = Z cnefam?lnt/Lz Jn(xjﬁnp/R)eiW (9.62)
7,n

Now, we want to impose initial condition ®(t = 0, p, p) = Po(p, ¢). If we want to follow what we
did before, we need some way to related ®g and c,. This is where we can use a remarkable fact:

1
1
| don Ttz I ) = 5w (30085 (9.63)
So suppose that
o(p, ) = Z Cjndn(Tjnp/R)e™? (9.64)
7sn
then ) ) R
R & —in’

2 T (g )y = /0 dy /0 Appds (231,40 0/ B)e™ ™ 20 (p, ) (9.65)

It might seem miraculous that we have this nice “orthogonality” property of the Bessel func-
tions that allow us to determine the coefficients like this is a fourier transform. This is no a
coincidence: if you learn more about Sturm-Louiville problems, you will find that for a very large
number of ODE eigenvalue problems, there exists some kind of integral over two eigenfunctions
that vanishes is they have different eigenvalues.

This is essentially the function version of the statement that eigevectors of a symmetric matriz
with distinct eigenvalues are orthogonal. This follows from the fact that (vi M)vy = A\vy - vg =
vlf(Mvg) = A1 - V2. Since A\ # A9 the only way this equation can be true is if v - vo = 0.

This fact is extremely useful even if you don’t care about the ODE’s themselves: just like the
fourier transform, there are lots of reasons you might want to rewrite a function in terms of some
basis of functions with nice properties. E.g. suppose you have a data set that lives on a disk
of radius L. It is nice to know you can decompose this information in terms of Bessel functions
and cosmy. We will see this again with spherical harmonics, which have a lots of applications
outside of solving the eigenvalue problem for the Laplacian.

Cylindrical Coordinates

There is a natural generalization of polar coordinates to three dimensions that have cylindral
symmetries, so you write ®(¢, p, ¢, z), where we wrote z,y in polar form and left z unchanged.
This is useful for finding standing waves inside a cylinder, for example. We will not discuss this
case in detail because it just involved combining the two ideas. Clearly we have

(t,p,p,2) =T ()g(p)p(p)Z(2) . (9.66)

The only non-trivial fact is that now we have three eigenvalues, A, Ag, and A, that are related
by aX = A\gn + A
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9.7 Spherical Harmonics

Spherical harmonics are just the generalization of polar / cylindrical harmonics to cases where we
impose boundary conditions on the surface of a sphere in three dimensions (harmonic functions
are functions that solve the Laplace equation, so these names are just refer to solutions to the
Laplace equation in different coordinate systems).

Unlike the case of polar coordinates, we will not derive the Laplace equation. It follows from
the same principles, but it is mostly tedious to work out. Recall the spherical coordinates are
described by the radius, r and two angles ¢ and 6 such that

2z =rcosf x =rsinfcosy y =rsinfsingp (9.67)

The way to remember this is that we take the vector project it onto the z-axis (r cos ), and the
different is some vector of length rsin # somewhere in the x,y-plane. We then decompose that
vector as usual with cos ¢ and sin ¢.

Now, I will claim without proof that the Laplacian in these coordinates is

2, 1 2 1
V= TQaT(T Orf) + r2sin 6

We can recognize the 837 is the same as before but now has 1/sin? # as we would have guess from

Dy(sin00g f) + (9.68)

_732f
r2sinf?2 ¥

the way we decomposed the coordinates.
As before, we will separate variables and solve the eigenvalue problem: ®(¢,7,0,¢) = T(t)g(r)p(0)q(v)

so that
gll+2g//r+p//_p//tan9 q//

= 9.69
g r2p sin 62r2q (9.69)
First we multiply by 2 to get
2.1 / /! / !
2 —p//tanf
vy, P op/tanb g (9.70)
g p sin 62q
So the LHS and RHS must be equal to some constant L.
Angular Equations
Now focusing on the angular part, we have
" !/ tan 6 " " _ !/ tan O 1"
il AL SN Y et WAL PR (9.71)
p sin 62¢ P q

We again equate this to a constant, —m? and write ¢ = €™ as we did in the case of polar

coordinates. Now the tricky part, our equation for p(6) is

p’ —p'/tand
p

It is not obvious what to do with this. But it is useful to remember that the volume element in

sin’ 6 — Lsin?60 = m? (9.72)

three dimensions is r? sin @drdfdy — r’drd cos @dy, which suggests maybe cos 6 is a more useful

1
sin 0

variable than 6 itself. Using O.os9 = Op we have

1 .
@%(Sln 936f) = 80059(1 - COS2 0)6c080 (9'73)
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If we define ¢ = cos @ € [—1, 1] then our equation becomes

m2

@il—fgﬁ%p@ﬂ—-Lp@)—-1_(Qpﬁﬁ==0 (9.74)

(This equation is usually written where = cosf, but I am using ¢ to remind you it is a cosine
and to avoid confusion with the z,y, z coordinates).
This is another example of an equation where mathematica will just tell you the answer, but
it isn’t very helpful:
p(c) = C1P"(c) + C2Q7* (¢) (9.75)

where L = ¢(¢ + 1). These functions are called the associated Legendre polynomials. If you
have studied quantum mechanics, this should look pretty familiar, but note that we haven’t
said anything about what values of £ and m are allowed. In particular, because ¢ = cos#f, this
functions should be smooth at ¢ = £1. This constraint forces the following: (i) C2 = 0, (ii) ¢ is

a positive integer, and (iii) m = —¢,£ + 1, ..., +¢. To see how this works, we can just expand the
m = 0 case around z = —1 to find
_ in ¢
Pr=0(e) ~ — 2 og(1 + ¢) + O(1 + ¢) (9.76)

This function will diverge Logarithmically unless sin /7 = 0, so we see £ must be an integer for
this logarithmic term to vanish. Since L =/¢({ + 1) = (—{)(—¢—1) = ((-¢— 1)+ 1)(—¢—1) so
we notice that Py(c) = P_y—1(c) so the set of unique Legendre polynomials that are smooth for
c€[-1,1] have £ =0,1,2,.... In contrast, if you expand Q}*=%(c) around z = 1 you get

Q=) = —% log(1 —¢) (9.77)

which cannot be removed for any choice of ¢ and therefore Cy = 0. Making this work for all m
sets the above conditions (you see similar I' functions appear at m # 0 that you can imagine
giving these conditions).

As a more practical matter, these functions can be computed using the Rodrigues’ formula:

_ 1

Py =P = QZ—glaﬁ(c2 —1)* (9.78)
m -1)" m m

Pi'(c) = (W)! (1 =)Mot — 1) (9.79)

Clearly P, is just a polynomial of order ¢. However, it is also clearly invented to have a very nice
property: let us assume ¢ = £ + n for some integer n > 0, then

1 1 1 1
/ dePQ)Pu(c) = == / dedl(® — 1){aL (2 — 1)t (9.80)
. 201200 |
_ L L[ i@ et e (981
okt f e ¢ '
(9.82)
_ (_l)nii ! dc[aQZ—I—n(cQ o 1)(](62 o l)é-i—n (9 83)
- g1ty | T '
_ 0 (9.84)
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In the last line, we use the fact that we are taking 2¢ 4+ n derivatives of a polynomial of order 2/
and must vanish. We also used the fact that 9" ~9(c? — 1) oc (1 — ¢?)7 — 0 at ¢ = £1 and
therefore the integration by parts doesn’t pick up additional terms from evaluating the function
at the end points.

The above tells us that fil dcPy(c)Py(c) o dgpr and therefore make a set of orthogonal poly-
nomials on the domain [—1, 1]. This might already be familiar from the multipole expansion from
electro-statics (we will review this later, in case it is not). Using the actual definition, one finds:

9
— Sop .
2014

1
/ dePy(c) Py (c) (9.85)
-1
You could imagine arriving at the Legrendre polynomials a much less clever way, just by building
a set of polynomials interatively. Here are the first few polynomials:

Poc)=1 Pc)=c  Pylc) = %(302 _1) (9.86)

This is what you would get if you thought P(c) = Zfz:O dpc” and then, starting from ¢ = 0 and
increasing £ one at a time, fix the d,, by requiring the integral with the lower order polynomials
vanish.

The second part of this formula also makes sense if you remember that sinf = (1 — ¢2)!/2
(remember that 6 € [0, 7] so sin 6 is always positive. The associate Legendre polynomials are just
the Legrendre polynomials (P;(cosf)) where we are switching out cosines and replacing them
with sines. If you think of this a basis for possible angular dependence, this makes a lot of sense.
If and when you talk about this in quantum mechanics, this will make even more sense as you
can show that m # 0 comes from m = 0 by some kind of rotation.

In terms of the associated Legendre polynomials, P;"(cos#), we have the following relation

—-m m (‘€ — m)' m
P = (—-1)"— P X
7E) = ()" G P (9.57)
and the orthogonality property

With this information, we have enough to define the spherical harmonics:

20+1(0—m)! ;
Y, — pm ime )
tm \/ I Utm) (cosB)e (9.89)

The normalization was chosen to so that

/dcos 0doYo.mYyi yr = 00,00 Omme (9.90)

This basically just combines known properties of the individual function ¥ and P (cos0).
Notice that
Vi = (~1)" Yo (9.91)
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This relation is somewhat trivial because we used

( (:m))! Py (e) (9.92)

l—m) . . (-
PO = T !

(£ +m)!

so complex conjugation is just changing the phase and we are just relabeling everything else in
terms of —m, but they were real functions to start.
Now recall that the spherical harmonic were defined so that

V2V (cos 0, @) = £+ 1)Y(cos 0, @) (9.93)

This is important because (a) it doesn’t depend on m and (b) £(¢ + 1) is the eigenvalue that will
appear in the radial equation.

Application of Spherical Harmonics

It is worth taking a moment to appreciate the value of the Y; ,, before we use it to find the radial
solution. This piece, like the Fourier transform, has countless applications. To name a few. The
most obvious is that it will show up in all of the differential equations where spherical coordinates
are useful.

e They are central to quantum mechanics, including both the periodic table and describing
the result of particle collisions.

e They also play a very important role in modeling tides, as we use measurements of the
earth and moon’s multipole moments

e The are used to describe waves propagating through the earth (seismology), the sun (hielo-
seismology) and other stars (astro-seismology).

e Understanding sources of radiation, both electromagnetic (time dependent dipole) and grav-
itational (time dependent quadrupole).

e Describing things in the sky or in space- the sky is the surface sphere and so if we want
to describe patterns in the sky that have a characteristic scale we can decompose it into
spherical harmonics. The cosmic microwave background is the a great example of this (see
figure). Even when we map space in 3 dimensions, what we observe usually depends on the
angles in the sky and the distance from us, so we still decompose it into spherical harmonics.

e Describing the surface of the earth : just like the fourier transform, if you need to separate
signal on particular scales from noise, it helps to decompose it into a basis of functions
that separate scales. This is useful for mapping things on the surface of the earth on large
scales, including temperature, mass distribution, etc.

e Imaging, graphics, etc
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Figure 16: Left: Map of the cosmic microwave background on the sky. Right: Decomposition of the cosmic
microwave background into multipoles. The pattern seen in the multipole expansion shows the properties
of sound waves propagating through the universe when it was 380 000 years old.

Radial Equation
Now we are left with the radial profile, which solves the equation:

2 1 ma
9T 2y L — g+ 1) (9.94)
g

Remember that m does not appear in this equation because it only appeared as a constant in
separating 6 and . Our equations is therefore:

r2g"2rg + (=X — Ll 4+ 1))g =0 (9.95)

where we know that £ = 0,1,2... but A can be any constant. This equation is very similar to case
of polar coordinates: the only different is that we have 2r¢g’ in the middle term rather than rg’
in the case of polar coordinates.

Let us again work through the possible scenarios:

e \=0: g =ar’ +br~*"!. Imposing the boundary conditions that g(r = L) = 0 and that
g(r = 0) is finite gives a = b = 0.

o A\ > 0: g = ake(v/Ar) + bigv/Ar). These are the modified spherical bessel functions. a = 0
so the function is finite. The boundary condition at r = 0 is the biy(v/AL) = 0 which can
only be satisfied with b = 0.

e A\ <0: g=aje(kr)+ bys(kr), where k? = —\. These are the spherical bessel functions and
imposing boundary conditions requires that k; y = x; ¢/ L where z; ¢ are the zeros.

Now this is just like polar coordinates but now we are using the spherical Bessel functions. But
even this difference is insignificant because there is the following identity:

) =\ 3 @) (9.96)
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We can sce this by noting that if we define g(r) = r~'/2G(r) then our equation becomes

P2 (BG4 G ) + (A a6+ 1) - 6] =0 (997)

and then use £(¢ + 1) + 1/4 = (£ + 1/2)? to recover the Bessel equation with £+ 1/2 = n.
Putting this together, our solutions is

O(t,r,0,0) = Z aiome fet/L? Je(@i o) Yem(0, ) (9.98)

i0,m

We will again impose intiail condition that ®(t =0, 7,6, p) = ®o(r, 0, ¢) and we will decompose

Do(r,0,0) = > aiomie(@ier)Yom(0,0) (9.99)

ilm

So we again can integrate this expression (we will set L = 1 to reduce clutter):

/r2drd cos 0dpjp (i 7)Yy 1y Po(r, 6, ) Z @i om / r2drd cos Odpje (@i o) Yy Je(Ti,07) Yom

im

> ai o / r2drjo (zi or)jo (wi0m)
i

Zai,e/,m//TdT;ng (@i o) Ty (xmr) (9.100)

= Qyom JE’ (xl/ Z’T) (9101)

9.8 Multipole Expansion

As you likely recall, in electrostatics or gravity the potential is determined by the Poisson equa-

tion:
V20(%) = p(Z) (9.102)
and the solution takes the form
3./ 1 =/
o= [ dz ]a‘c’—f’]p(x) (9.103)
It is useful to note the following;:
]x — 7 Z oS Py(cos8) (9.104)

where |z| = r and |2/| =" and @ - & = rr/ cos#. What this means is that you can decompose ®
into multipoles:

=) & (9.105)
0

where

1
o) = sy /dr d cos Oder’™ 2 Py(cos 0)p(r', 0, ) (9.106)
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The origin of this formula can be understood from remembering that the Green’s function
satisfies V2G(Z — ') = 0 for & # . This means that where r # ' both the r and " dependence
must satisfy the Laplace equation. Now if we go back to our radial equation, we notice that we
are solving the case A = 0 for 7 > /. The solutions were ¢ and ¢! and similarly for ’. For
r, we impose the condition that is goes to zero as r — oo and for ' we impose that it is finite at
r’ — 0, therefore the unique combination is

Pt
Gom = C&mva&m(COS 0,¢) (9.107)

now choosing coordinates so that £ point only in the z-direction, we see that there can be no ¢
dependence so
74
r
Gom = Cemyé,m:o(cos 0) (9.108)
This is an incredibly useful result for several reasons, but the most noteworthy is to realize that
if we have an object of size a, then

/dr2r£+2pg,m:0r o at (9.109)

just from dimensional analysis (p is a density, so it scales like Q/a® or M/a3). This means that

at

So if r > a, then we have a good estimate of how many terms we need to achieve a given level
of accuracy. E.g. if a/r ~ 0.1, then if I want 0.1% accuracy (which is very good), then I will
probably only need to keep £ =0, 1,2, 3.
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10 Final Summary

Theme: like Linear Algebra for Functions

A common idea that has propagated this course is that we can think of functions the same way
we think about vectors and matrices. The most intuitive analogy is with a problem you know
well:the motion of a particle under earth’s gravity - the force acts only in the z-direction but
does nothing in the x, y-directions. So you decompose your vector into x, ¥, z, solve for the time
dependence of each one separately and add them back together. This works because (a) the
problem is linear - if you write your solution as a sum, you can solve the equations individually
for each term in the sum and add them back together at the end and (b) there exists a basis of
vectors where the evolution in each direction is independent.

We can think of this more mathematically as well: we want to konw Z(¢) where forces act on
this vector in some complicated way that could be described with a matrix:

Z(t) = MI(t) (10.1)

for some symmetric 3x3 matrix M. But we know the following about M, there exist 3 eigenvectors
Z; such that
Mz = N . (10.2)

We also know that these vectors are orthogonal
Ty Ty = 045 (10.3)
Now we can solve the problem for any vector Z(t) by writing
Z(t) = a1(t)z1 + ax(t)z2(t) + az(t)zs(t) (10.4)
Since the equation is linear, we can solve for each one individually:
Gi(t) = Nai(t) — a;(t) = bieV™! + ¢~ Vit (10.5)

Finally we impose some initial condition to determine b;, c;. We can figure out what the intial
conditions are because we have the dot-product Z(t = 0) - &; = a;(t = 0).

What we have done in this course is to extend this idea from vectors to the space of functions.
We introduced the idea that a differential equation takes the form

Lo(t,7) = h(t,7) (10.6)

where L is some function of ¢, # and derivatives 9y, V. Ina variety of circumstances, we were
looking for a list of functions ®; that have the nice property:

Ld; = NP, (10.7)
and it also turned out that these functions have the property that they are “orthogonal”

/ AVDB; = 5, (10.8)
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In the case of PDEs, the analogy with the force is very accurate. We had an equation
o® = L,® (10.9)
These problems could all be solved the same way: find a set of eigenfunctions
Ld; =\ . (10.10)
The solution can be written in terms of the eigenfunctions with some time dependent coefficients
=) a;(t)®; (10.11)
i
and we could use this “orthogonality” to determine the coefficients
0 ~ /dV@i(f@(zﬁ _0.7) . (10.12)
In the case where we were trying to understand the response to a source (h(t,z)), we wrote

=) ad, (10.13)

and then can use orthogonality to write

La;®; = \ja;®; = ®; x / AV ®;h (10.14)
so that o
a; = f/\’ (10.15)

Fourier Series

The fourier transform is the prime example we used in the course. The functions e~ ™% are
eigenfunctions of the derivative:
Ope R = (—jk)e k" (10.16)
so that (—ik) is the eigenvalue. These functions are orthogonal
e ikna ik
— dxe "'nTem® — § 10.17
2L I n,m ( )

where k,, = mn/L so the functions obey periodic boundary conditions.
We can expand any function f(z) =), fne %% on this space by using this projection

1

L .
o= 57 /L da f(z)etFn® (10.18)

If you wanted to solve a differential equation on the space [—L, L] with periodic boundary con-
ditions, we could also expand the solutions as

O(t,x) = an(t)e *n* (10.19)
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We can extend this produced to [—o0, co] but now we replace the sum by the integral

f(z) = / (;Zi)e—““f(k) (10.20)

and we replace the d, ,, with a new object, the Dirac J-function
/ dre ke — (9m)5(k — k') (10.21)
—0o0
which is defined by the property:

/ dzf(2)5(z) = £(0) (10.22)

for any function f(z). With this, we can compute the coefficients:

f(k) = / p— f(z) (10.23)

—0o0

The fourier series / transform is very useful for solving differential equations because it is
often an eigenfunction of L. In particular, we should remember that

8, + —ik (10.24)
O © iz (10.25)

What does this mean? You should think of the following properties
xf(x) = (—ik)"f(k) (10.26)

and
" f(x) — —idP f(k) (10.27)

This fact is what makes solving equation easy. For example, if I have
020 + 0;°10(x,y) = &y p(x, ) (10.28)
then this equation in fourier space is just
[(=ika)™ + (—ik,))B (ke k) = (—i)'20}2 (=) 2025k, k) (10.29)
This is just a direct application of the fact that these are eigenfunctions of the derivatives - 1
shouldn’t have to integrate by parts 50 times to know this is the answer.
Generalization: eigenfunctions and orthogonality

Unlike finite dimensional vector spaces, the space of functions is infinite. As a result, there are
really many different “orthogonal” representations of a set of functions. For example, in this
course we have seen two ways to represent functions on the space x € [—1,1]. The fourier series
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represents a basis of functions with period boundary conditions on this interval. However, we
also saw that we can use the Legendre polynomials to represent this function

fl@) =" aPy(a) (10.30)
l
which also obeys a type of orthogonality
! 2
drPy(x) Py (z) = Oppr 10.31
| doPd@)Puta) = 5 (10.31)

Each of these representations comes up in different physical examples, related to both the operator
for which the function is an eigenfunction and the boundary conditions / geometry of the problem.

Similarly, we have seen that there are multiple ways to write the eigenfunctions of the Lapla-
cian. For problems with retangular boundaries, the fourier series/tranform works great

V2eik T — 2k (10.32)

If we are instead confinded to the surface of a sphere, we found the spherical harmonics gave nice
eigenfunctions
V= L0+ 1)Yy (10.33)

Neither one is better or worse, are just more useful in different physical situations.

Finally, because these are the kinds of eigenfunctions that arise from physical situations, they
tend to be very useful tools for understanding data. In particular, we can take a given data set
and expand it in one of these basis of functions. E.g. a map of the sky might be more usefully
expressed in spherical harmonics

C(0,0) = atmYim(0, ) (10.34)
lm

One reason to do this is that our signal and our noise may behave very differently in this basis,
allowing us to isolate a signal of interest. The fact that this works still has its origins in physics:
the signals we are interested in usually looks nice in one of these basis of functions because
eigenfunctions of differential operators are the kinds of things that come out of almost any
physical system.
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11 Bonus Topic: The Discrete Fourier Transfrom

Dubin: Section 2.3.5

So far we have been focused on the fourier transform as a way to understand differential
equations using algebra. However, this misses the very large number of situations where the
Fourier transform is applied to make sense of data. Data is collected as number of discrete
measurements and thus we need to extend our ideas from functions of continuous parameters to

a discrete number of points.

11.1 Big-Picture

So far, we have seen a number of situations where we have a set of “orthogonal” functions so that

/dmfn(x)fm(:c) =0 (11.1)

when n # m. E.g.

s

/ dze™ ™ = 278 m (11.2)

—Tr
Now imagine that we have some data T'(x) = S(z) + N(z) where S(x) is the signal we are
interested in and N (x) is some noise that is obscuring our signal. Of course, the problem is that
we only measure the total, T'(z). You might think that if |S(z)| < N(z) on average, then there is
no hope of extracting the signal. Fortunately, there are lots of situations where you know enough
about N(z) to do much better. For example, image that you knew that

/de(x)fn(x) = S00n,p /de(a;)fn(a:) _ Mo (11.3)

n

for some p > 1, Sy and Ng. Even if Ny > Sy, to extract our signal using f,—,, we only need that
our signal stands out above the noise for that particular function, which only requires Sop > Ny.
If our signal is localized to a small number of these functions while the noise is spread out over
many functions, we have use the projection onto this basis to isolate our signal and throw away
our noise.

This result is a fairly simple / obvious parallel with vectors: suppose our single and noise are
both vectors in an N-dimensional space so that F = § + N. You might worry that if |S| < |N|
you wouldn’t be able to measure S. However, if we knew that S was mostly pointing in the
direction of one basis vector, lets say that & then it doesn’t matter what the length of N , only
the size of N - # matters.

This is what we intend to do with the fourier transform. We often know that our signal is
some one or a few pure frequencies, and our noise is pretty much independent of frequency. In
some cases, there might also be some pure frequency we want to get ride of (like a 60 Hz hum
from the lights) that we can also isolate in this way.

11.2 Time-Series Analysis

The challenge of real-world data is given as some list of data points and not a continuous function.
We will focus here on the case of making a measurement of a single quantity at a number of
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different times. The ideas can be easily extended to multiple dimensions (e.g. images involve a
value on a array of points (z;,y;) instead of a list).

To make life manageable, let us assume that we took measurements at N points, {to,...,txy—1}
and produced a list of N measurements { fo, .., fv—1}. We will define the discrete fourier transform
of this to be

N-1
F, = Z fneiQWmn/N (114)
n=0
where m = {0,..N — 1} and you can get back the original data using

1 N-1 A
fo=55 D Fme 2N (11.5)

m=0

A priori, it is not obvious that this procedure inverts the discrete fourier transform. In order to
see this, we also need to note a small feature about our sum. Suppose we want to calculate

N-1 N-1 ,
Z (6—227r/N)nm _ Z (xm)n Ty = 6—227Tm/N (116)
n=0 n=0

First if m # 0, then we have
N-1 N

D (@) = S (11.7)

Cl-—a,

n=0

where we noticed that z,, = e 2"N™/N = 1 In contrast, if m = 0, we have Zivz_ol(l)” = N.
There are some familiar aspects of the DFT compared to the Fourier Series, but also some

funny ones.

e Notice that we never used the list {¢g,...,tx_1} anywhere! We are just defining a discrete
operation that lives on the N-points. What this looks like is a fourier tranform on the
domain [-N/2, N/2].

e The list of “frequencies” is just the integers [0, N — 1] but we usually have frequencies at
w = —00,.. — 1,0,1,..00. Furthermore we had the relationship f(—w) = f*(w). Where
did the negative frequencies go? Notice that this expression is unchanged when we shift
m — m + N. So imagine that N is odd and we we make new set of labels m = {—(INV —
1)/2,..,—1,0,1,..(N —1/)/2}. Then this is exactly the same as m = m + N but now we see
that m = N —1 is the same as m = —1 and m = —(N —1)/2 is the same as m = (N +1)/2.

e We see that there is something very funny happening at m = N/2. This is what we call the
Nyquist frequency and it is the largest frequency that we can possibly find in our data. If
we were to create data with larger frequencies w > 7 (think w,, = 27m/N), then it would
just look like one of the lower frequencies. The simplest example is if we have the function

f(t) = e (11.8)

and then we sample it at t = 0,1,2,3,.. the we would just get the data {1,1,1,1,1,1...}.
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e If we want to think of this as a fourier transform on the time domain ¢ € [tyin, tmax]. For this
domain, we know that the list of frequencies would be k,, = n27/|tmax — tmin| (this is just
our formula from the fourier series with = € [-L, L] and our frequencies were k,, = mn/L).
We can relate these two just by rescaling w,, = 27m/|tmax — tmin|- We can then write
tn = (n 4+ D|tmax — tmin|/N and wy, = 27m/|tmax — tmin| SO that

N—-1
me — eiwrn tmin E fTL eiwnLtn (1 1 9)
n=0

e In terms of these rescaled frequencies, the Nyquist frequency is given by

2r(N/2) w

- = — 11.10
’tmax - tmin‘ At ( )

WNyquist =
where At = |tmax — tmin|/N is the spacing in time between the measurements. This result
is related to the Nyquist-Shannon sampling theorem, which basically says if you want to
measure a single of frequency w then you need to sample it at a rate At < w/w.

e The information contained in frequencies w > wWnyquist are not lost but instead just show up
as lower frequencies, related by a shift by 2r/N. E.g. the frequencies w = 0, 2wNyquist s 4WNyquist s ---
all show up as w = 0 in the discrete fourier transform. This fact that high frequencies you
don’t sample properly (by the sampling theorem criteria) show up in lower frequencies in
your discrete fourier transform is known as aliasing.

Relation to Matrices

Somewhat surprisingly, the discrete Fourier can be treated a matrix multiplication of an N-
dimentional vector. In paricular, our data f, forms a vector and the Fourier transform is

— —

F=Mj (11.11)

where
My = ™™ wy = e 2N (11.12)
The inverse of this matrix implements the fourier transform

1

M= —M* 11.13
N (11.13)

Interestingly, if we use a different normalization
F=mf (11.14)

with m = ﬁM then this is a unitary operation, as f~! = f*.
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11.3 Summary

The DFT is takes a list of IV data points and returns the fourier transform of that data in terms of
N complex numbers F. If we want to think of these as frequencies associated with a conventional
fourier transform, then a given F}, is associate with a frequency

2mm

Wy = —————— = mAw (11.15)
‘tmax - tmin|
where Aw = 27/|tmax — tmin|- The frequency that we associate to the data is actually capture
physical frequencies that are related by m + N X q for any integer ¢q. This corresponds to shifts
by 2wNyquist- Therefore, a given w,, includes

DFT
Wiy Wi £ 2WNyquists Wm £ 4WNyquists - — W, (11.16)

For real data, the condition F'(w)* = F(—w) must still hold. It is useful to use the freedom to
shift wy, — W — 2WNyquist to interpret m > N/2 as negative frequencies. Therefore, listing the
frequencies from m = 0 to m = N — 1 we have

0, Aw, 2Aw, ..., WNyquist — Aw, WNyquist; —WNyquists —WNyquist + Aw, .., —Aw (11.17)

As a result, our condition is that F;, = Fn_p,.

astde: some fourier transform software has a function that will shift the F,, and w,, so
that that are list in sequential order, namely —WNyquists --0, .., TWNyquist- 1his s a fairly simple
procedure (it is just reordering a list) and you could write your own function to do this, of course.

Example

Suppose I have a data stream that composed of two pieces: a signal s; = ag cos(wot;) and random
noise n; = random number. A given data point is then d; = s; + n;. A very common situation
is that each n; is drawn independently from a gaussian distribution with mean p = 0 and some
variance o.

Very naively, you might think that the condition for being able to recover the signal is that
its amplitude is larger than the noise, e.g. ag > o. Fortunately, this is overly pesimistic. If we
look at Figure 17, we see that I put in a signal approximately 3 times smaller than the noise (you
can’t really see it in the time series data) but when I take the fourier transform, I get a huge
spike at the frequency of my signal at w = 2.5.

What about the fourier transform made this possible? Since the fourier transform can be
perform on each piece seperately, let’s start with the signal:

=

-1

Flyp=wo signal = %[eiwot" + e~ wotnglomtn (11.18)
n=0
1 N—-1
= =) [e0fn 4] (11.19)
2 n=0
. g (11.20)
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Figure 17: Left: Data (blue) and signal burried in the data (orange). Right: The discrete fourier transform
of data correctly identifying the signal of cos(wt) with frequency w = 2.5.

N-1

=0 e2wotn — () as we found earlier.

where we used that the >

Now let’s compare this to the noise itself. Since the noise is random, we want to compute
some kind over average. Since (n;) = 0 (i.e. it has a mean value of 0), just averaging the equation
is the wrong question. In particular, what we care about average absolute value of the fourier

coefficients (e.g. how big they are) not the sign. So we should compute

N-1
(| Fupmoisel®) = (D minembiemiomts) (11.21)
i,j=0

But now we use the fact that n; and n; are independent random variables so (n;n;) = 028;;. Le.
the average the noise at two separate points is zero so that only non-zero average is the square
a single point (I used the fact that the noise if drawn from a Gaussian to say that (n?) = o2.

Using this result, we can eliminate one of the sums and we have

N-1 N-1
(Fomnoise”) = D (nf)emtiemti = 0> 3~ = No? (11.22)
=0 =0

This is the square of the absolute value, so if we take a square root:

<’me,n0ise‘2> = \/NU' (1123)

This is exactly what we see in our example. We have approximate 1200 data points: the signal is
about 600 but the typical size of the noise at other frequencies is about 90 = 3 x v N (remember
the noise was 3 times the signal in the original data stream).

This is what makes the fourier transform such a useful tool when looking at data: if you know
you are looking for signals at specific frequencies, we get a v/N enhancement of our signal over
our noise as we increase the number of data points.

11.4 Usefulness of the DFT

This example showed that the idea of transforming your data from the basis in which you mea-
sured it (time series) to the basis where your signal lives (fourier) is extremely powerful. This
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strategy works much more generally, regardless of whether your signal is a pure frequency: you
can think of your signal as a vector § and you want to project your data onto the signal direction.
Noise is random and thus will mostly not point along the signal direction leading to some kind
of enhancement.

However, the Fourier transform is special amoung these types of transforms for a number of

reasons:

e Harmonic oscillators and waves are very common, so it turns out lots of signal are pure
frequencies. We also engineer lots of things to use frequencies. We communicate primarily
through light and sound which are both examples, but we also use a lot of AC circuits in
electronics instead of DC.

e The fast fourier tranforms (FFT) is an incredibly powerful algorithm. If you just use our
formula, for each frequency you have to sum N points. So to get all N frequencies, you
have to do N? operations. The FFT finds all of the numbers in just N log N operations!
Imagine you have a data set where N = 10°, then the FFT is 10%/Log(10°%) = 7.2 x 104
times faster. To put that in context, if the FFT worked in 0.1 seconds, then the brute
force algorithm would take 2 hrs. Similarly efficient algorithms don’t exist for a lot of other
applications.

e Noise can sometimes depend strongly on frequency: e.g. vibrations of the earth that rattle
experiments are mostly low frequency waves. Even if our signal doesn’t look like a pure
frequency, we can fourier transform and project-out the noise by cutting the low or high
frequencies, for example. In other words, even if our signal is not localized in the frequency,
the noise can be and we can best avoid it in frequency space.

e Lots of physical effects look like convolutions. E.g. if you are looking at a start through a
telescope, its position on the image is blurred by the resolution of the mirror so that you
see

obs(z) = /d:]:’b(w — 2')signal(x’) (11.24)

If you know what this blurring effect looks like, we can actually remove it pretty easily:

a(k) = b(k)3(k) — 3(k) = o(k)/B(k) . (11.25)

We have even fourier transform to get a nicer image with no (less) blurring. ILe.

1 —1 rO kn
ObScorrected(l') = N Ze ki ngi (11.26)

n

This is one of many examples where it is easy to “undue” effects by going to Fourier space
and dividing out by the fourier transform of the thing you want to remove.
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