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Abstract

In this thesis we consider two notions of mother wavelet uncertainty
for the one-dimensional wavelet transform based on a new localization
framework recently introduced by Levie and Sochen. It is shown that
minimizers of these uncertainties in the space of linear splines with com-
pact support approximate the minimizers in L? in an appropriate sense,
validating numerical schemes for searching for minimizers.






Popularvetenskaplig sammanfattning

Wavelettransformen &r ett verktyg
inom dataanalys for att analysera
signaler sasom EKG:er, ljudinspel-
ningar, temperaturavlisningar eller
aktiekurser. Transformen bygger pa
att man later en funktion som kallas
en wavelet bygga upp ett bibliotek
av forflyttningar och utdragningar
av sig sjalv vilket ar illustrerat i
bilden till hoger. Sedan beskrivs
signalen som summan av element
ur detta bibliotek. Sjalva wavelet-
transformen &r informationen om ex-
akt vilka element som utgdr sig-
nalen.
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Figur: Bibliotek av forflyttningar
och utstrackningar av en wavelet.

Med hjialp av wavelettransformen kan man komprimera information
genom att endast spara de viktigaste termerna i summan. For mask-
ininlarning kan man lata ett neuralt natverk analysera resultatet av
wavelettransformen av signalen istéllet for signalen. Detta har gjorts
med bade MR-undersékningar av hjarnan och réntgenbilder av lungor.

Det finns manga olika wavelets och vilken vi anvinder beror pa samman-
hanget. Gemensamt ar att man vill att waveleten ska vara maximalt olik
forflyttningar och omskalningar av sig sjalv for att inte spara 6verfoldig
information. Dock har det historiskt saknats ett matematiskt ramverk
for att beskriva detta. Denna uppsats gar igenom ett sadant ramverk
som nyligen har introducerats och behandlar wavelets som ar optimala
sett till tva olika matt av lAmplighet.

Algoritmer for att konstruera optimala wavelets sett till dessa matt
har skrivits i ar. I datorer kan vi dock bara arbeta med en begrénsad
samling funktioner som inte kan vara lika valbetedda som de funktion-
erna som faktiskt ar optimala. Uppsatsens stora bidrag ar ett bevis
for att vi i datorn kan konstruera wavelets som &r godtyckligt néra att
vara optimala. Forhoppningen ar att waveletserna som konstrueras med
hjalp av dessa algoritmer darmer ska kunna anvandas i tillampningar i
framtiden.
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Introduction

Wavelet analysis is a technique introduced in the 1970’s which has applications in ECG
analysis, seismic wave analysis, preprocessing for machine learning applications, image
compression and noise reduction among many others. The fundamental idea is to express
a signal as the sum of time shifts and dilates of a mother wavelet. This is similar to how a
signal can be decomposed in a Fourier series but with each term being localized in time.
A fundamental problem is to choose a mother wavelet such that each term conveys as
much information about time and scale as possible. This requires the mother wavelet to
be well localized in both time and scale.

The first wavelet was constructed in 1910 by Haar [1]. Since the proper mathemati-
cal foundation was laid in place in the 70’s and 80’s, a wealth of new wavelets have been
designed. Many wavelets, such as the Daubechies wavelets, are constructed based on
qualitative features including vanishing moments and compact support. This is partly
due to quantitative effort based around defining uncertainties have been largely unsuc-
cessful. However, a new framework for localization has recently been introduced by Levie
and Sochen [2] that allows more meaningful notions of uncertainty to be formulated. This
thesis presents the basics of this framework and uses it define and a notion of uncertainty
for wavelets and bound it.

We also discusss another notion of uncertainty proposed by Levie, Avraham and Sochen
[23]. Motivated by the problem of designing minimizers for these, the bulk of the thesis
is dedicated to proving that by looking for minimizers in the finite dimensional space of
linear splines, we can approximate the proper L? minimizers. This validates numerical
minimizing schemes which can only be carried out in finite dimensional spaces.

The exposition in chapters 1 and 2 are primarily based on [3]-[5]. The definition of
the uncertainty presented in Section 2.4 and the proof for the existence of a minimizer
are from the PhD thesis of Levie [6]. The main ideas for the convergence of spline
minimizers in Chapter 3 and the appendix are from the unpublished notes [7]. The un-
certainty bounds in Section 2.4 are novel and so are the results in Chapter 4. The latter
should be considered as the main contribution of this thesis.






Chapter 1

Windowed transforms

In this chapter we briefly introduce the short-time Fourier transform and the wavelet
transform and discuss some of their elementary properties and a generalization. The
exposition is primarily based on the material in the books [3], [4] by Grochenig and
Mallat respectively.

Figure 1.1: The output of the short-time Fourier transform and the wavelet transform applied
to the same signal from Example 1.7 below.

Notational conventions

Throughout the thesis we take norms and inner products without subscripts to be in
L*(R) so that || - || = || - 22y and (-,-) = (-, -)2®). We use the normalization of the
Fourier transform where

flw) = /R f(t)e2mit d

and the characteristic function of a set E' is denoted by xg. For two operators A, B, their
commutator is denoted by [A, B] = AB — BA and the adjoint of A is denoted by A*. A
normalized function f in a Hilbert space H is always a function such that || f|| = 1.

In chapters 3 and 4, all functions and operators are taken to be in the frequency
domain unless specified otherwise and the hat notation is dropped.



1.1 Short-time Fourier transform

The most classical windowed transform is the short-time Fourier transform or windowed
Fourier transform. The underlying idea is that with the Fourier transform we can deter-
mine which frequency make up a signal, but if those frequencies change over time, the
Fourier transform won’t be able to tell us at which times they were dominant. Therefore
we take the Fourier transform of different time slices of the original signal and end up
with a 2 dimensional plot of which frequencies made up the signal at different times.

Definition 1.1 (Short-time Fourier transform). Fix a window function g # 0. The
short-time Fourier transform of a function f with respect to g is defined as

‘/g(x)w) = R f(t)g(t - x)6—27rz'tw dt = <f7 Mwag>

where T}, : g(t) = g(t — ) and M, : g(t) = e?™™g(t) are the translation and modulation
operators.

The spread in time and frequency of the window function g fundamentally limits the
resolution of Vj f. Therefore, g is usually taken to be a Gaussian which is optimal in a
sense discussed in sections 2.2.1 and 2.3.1.

Somewhat analogously to Parseval’s formula for Fourier series, we for the short-time
Fourier transform have Moyal’s formula

<Vg1f17‘/};2f2>Lz(Rz) = (f1, f2)(91, 92)
which has the following direct corollary.
Corollary 1.2. If f,g € L*(R), then

1

I = 1gP

/ Vof(x,w)M,Tyg dwdx
R2

and
H‘@f“m(n@?) = HfHL?(R)H9HL2(R)~
In particular, if ||g|| = 1, then V, is an isometry from L*(R) to L?(R?).

In view of the above corollary, |V, f|? is a good real valued proxy for the short-time
Fourier transform which is easier to visualize but still carries information about how the
energy of the signal is spread out. It is referred to as the spectrogram of f with respect
to g.

Example 1.3. To illustrate the short-time Fourier transform we choose the signal

$sin(t), 0<t<5

sin(2t), 5 <t<15,

ft) =91
3sin(t), 15 <t <20,

sin(t), 20<t<32.

Applying the short-time Fourier transform with the Gaussian window function g(t) =
Vet we get the following spectrogram.



Figure 1.2: The function f(t), its spectrogram and an ”ideal” version of its spectrogram.

By introducing a parameter b which determines if g or g is well localized as

1
go(t) = —=e 5/,

by/m

we can choose if we want our short-time Fourier transform to have good resolution in
time or frequency. This is illustrated in the series of figures below.

= = = =0. b=04

Figure 1.3: The spectrogram of f with respect to g, for different values of the parameter b.
Note that as b increases the time localization increases while the frequency localization decreases.

1.2 Wavelet transform

For the wavelet transform, instead of modulating the window function we dilate it, replac-
ing the frequency parameter by a scale parameter. This makes it easier to investigate the
signal at different scales. We also place some additional restrictions on which functions
we allow to be windows.

Definition 1.4. A function f € L?(R) is said to be admissible if

Cy= /R ‘f(w)‘Q dw < oo.

jwl

Moreover, if f is also integrable, normalized and satisfies

[ rwyar= o) =0,
R

Remark. The Cy < oo condition is commonly referred to as the admissibility condition
or Caldéron’s condition.

it is said to be a wavelet.



Definition 1.5 (Continuous wavelet transform). For a wavelet f and a signal s € L%(R),
the continuous wavelet transform of s with respect to f is given by

Wi, b) = /2 /R s(t)f (te_ab> dt = (s, DTy f)

where Dy, : f(t) — e~®/2f(te~®) is the dilation operator.

Remark. An alternative (and equivalent) definition is

(a,b) f/ <t — b) dt (1.1)

which is used in e.g. [4], [8], [9].
Like the short-time Fourier transform, the wavelet transform preserves energy and is

invertible in the sense of the following theorem, originally proved in a more theoretical
context by Caldéron in [10].

Proposition 1.6 ([4]). Let f be a real valued wavelet and Wy the wavelet transform of
the signal s € L?(R) with respect to f. Then

s(t) = C}]C/IR+/IRWf(a,b)\}af <t ab> dbj—g

it =g [ [ Wi nrals.

The function |Wy(a,b)|? is known as the scalogram and is a natural counterpart to
the spectrogram of the short-time Fourier transform. The above formulas also provides
some intuition on why we require Cy < oo as this plays a similar role to ||g|| < oo in
Corollary 1.2.

and

Example 1.7. Analyzing the signal

sin(|t[17/3), 0<t<20,
(t—25)2 (t—30)2 (t—32)2 (t—34)2 (t—36)2
0 e 2 42 02 H4e 02 42 02 +e 02 , 20<t<40,
S =
sin((t — 40)?), 40 < t < 46,
(t—56)2
(1-(t—-56)2)e =z , otherwise
with the classical Mezican hat wavelet given by f(t) = 32f(1 — tz)e_tQ/Q, we get the
™

following scalogram.

w
/\MJ\’M\\/\// | .

Figure 1.4: The signal s(¢) and its scalogram.




1.3 Generalized wavelet transforms

Instead of viewing the above transforms as given, they can be taken to be induced by
the translations, modulations and dilations via representations, defined as follows.

Definition 1.8. A (unitary) representation (m,H) of a locally compact group G is a
strongly continuous homomorphism from G into the group U(#) of unitary operators on
the Hilbert space H. This means that 7 satisfies

(1) 7(g192) = 7(g1)7(g2),
(2) 7(g™") =n(g)' =7(g)*
(3) gn =g = 7(gn)f = 7(9)f.

In the case of the short-time Fourier and wavelet transforms, the group is R? and the
Hilbert space is L?(R). The short-time Fourier transform is induced by a representation
7 via Vy(z,w) = (f, 7(z,w)g) which can be decomposed as

My, Ty, f(t) = 7(g1,92) f(t) = ma(g2)m1(g91) f (1),
mi(g1) f(t) = f(t — g1),
ma(g2) f(t) = €™ f(1).

While in the case of the wavelet transform

Dy, Ty, f(t) = 7(g1,92) f(t) = ma(g2)m1(91) f (1),
m1(g91)f(t) = f(t — g1),
ma(g2) f(t) = e /2 f(te™92).

These representations induce groups with the set G being the domain and the group law
determined by the m(g1)m(g2) = m(g192) relation. The group induced to the short-time
Fourier transform representation is known as the Heisenberg group and for the wavelet
transform we have the affine group provided we use the alternative representation of
equation (1.1). We could have viewed the representations and in turn the transforms as
being induced by these groups, a view frequently taken in research and introduced for
the wavelet transform by Grossman, Morlet and Paul in [11].
From the representations, we can obtain the self-adjoint operators

X IAR) - LXR),  f(t) ;’gkmgl,gz)f(t)
g=0

for k = 1,2. These are known as (infitesimal) group generators and are canonical for the
groups in a sense which we do not pursue further. We take up this direction again in
Section 2.2.

We want our Hilbert space to be as small as possible to enable certain constructions
in Section 2.3 in the sense of the following definition:

Definition 1.9. A representation (m,H) is said to be irreducible if {0} and #H are the
only closed subspaces that are invariant under all operators 7(h).

We can generalize the concept of the short-time Fourier and wavelet transforms to
include a larger class of transforms as in [2].



Definition 1.10. Let H be the Hilbert space of signals to be transformed, G a manifold
and 7 : G — U(H) a representation of G. For a Radon measure on G, take L?(G) to be
the output space of the generalized wavelet transform defined as

Vit H — L*(G),
Vilsl(g) = (s, m(9) f)-

The mainfold G is called the phase space and the vector f € H is called the window
function.

The short-time Fourier transform and continuous wavelet transform are examples of
generalized wavelet transforms with the phase space R? being the cartesian product of
time and frequency and time and scale respectively. Below we list the representations of
some other common transforms who operate on signals in L?*(R?) to illustrate different
generalizations.

e Ridgelet transform [12]: The ridgelet transform is perhaps the most obvious
two-dimensional generalization of the wavelet transform. It allows for rotations in
the following sense

7w(a,b,0)f(x1,22) = \}sz (

cosfxq + sinfxo — b)
. )

e Shearlet transform [13]: For the shearlet transform, rotations and dilations are
replace by parabolic scalings and shears via

w(a,s,b) () = a” 1 f(A;1S (2 — b)),

o2 o)

making the transform better suited for extracting anisotropic features.

e Curvelet transform [14]: For the curvelet transform, the window function is
decomposed to a polar pair (W (r), V(t)) which is affected by the representation as

7(a,b,0)(W, V) = vaoo(Ro(z — b)),
Faoo (r,w) = W(ar)V (w/va)a®*

where ¥ is in polar-Fourier coordinates.



Chapter 2

Localization and uncertainty
principles

Having defined the wavelet transform, we now turn to the problem of designing optimal
wavelets. One way of doing this is to define an uncertainty and let that act as a loss
function for numerical purposes. The ultimate goal is to design a wavelet f which makes
the wavelet transform W; as sparse as possible for any arbitrary signal. This requires
that changing the input parameter (o, b) slightly should result in a large change in Wy|s].
We therefore want an uncertainty which punishes wavelets which are not well localized
in time or scale.

2.1 Uncertainty principles

The concept of spread of a function is most often expressed using expected values and
variances. This is analogous to the situation in quantum mechanics where we consider
the variance of the modulus square of the wavefunction instead of a wavelet.

Definition 2.1. Given a self-adjoint operator 7" and a normalized vector f € H, the
expected value and variance of T with respect to f are the quantities

ef(T) = <Tf7f>7
vi(T) = (T = ey (T)*f. f)
respectively.

We will in this chapter introduce the concepts of scale and scale space which are
analogous to frequency and frequency space, allowing us to define a notion of localization
in scale.

Time Frequency Scale
0.8 4 1.2 4

- (1) - ([flw)|? = [fo)?

2.0 1 1.0
0.6 1
1.5 081

0.4 4 0.6
1.0
0.4 4

J 0.2 4
0.5 0.2 1

0.0 1 0.0 4 0.0 4
-1 0 1 2 3 -1 0 1 2 3 -1 0 1 2 3

Figure 2.1: The modulus squared of the complex Mexican hat wavelet in time, frequency and
scale space together with its standard deviation in each space.



What remains now is to detail what operators are appropriate to consider and what
we can say about their variances. The most classical tool for bounding the variances is
the general uncertainty principle, originally proved by Robertson in [15].

Theorem 2.2. Let A, B be self-adjoint operators on a Hilbert space H and a,b constants,
then

(A= a)u|||(B —b)ul| > %K[A, Blu, u)| forallu e H
and equality can hold only if
(A—a)u=iA(B-0)f
for some A € R.

The proof is elementary and follows by expanding the right-hand side and using the
triangle inequality followed by Cauchy-Schwarz. Since the constants a, b are arbitrary in
the above, we can immediately deduce the following corollary bounding the product of
the variances by setting a = ef(A),b = e¢(B).

Corollary 2.3. Let A, B be self-adjoint operators on a Hilbert space H, then

os(A)es(B) > 1 |((A,BIF, )
and equality can hold only if

(A—ep(A)f =iAB —es(B))f
for some X € R.

The most famous example of the uncertainty principle is Heisenberg’s uncertainty
principle which is most often stated with time and momentum measuring operators. In
that case the commutator is a constant multiple of f and since f is normalized, this
means that we get a lower limit on the uncertainty.

2.2 Group generators as localization operators

In this section we compute group generators for the short-time Fourier transform and
wavelet transform and apply Corollary 2.3 to them.

2.2.1 Short-time Fourier transform

For the short-time Fourier transform from Definition 1.1, the group representation is of
the form 7(z,w) f(t) = f(t — x)e* . The group generators associated to this represen-
tation are

0
Xof () = 5om@ww) )|
_ g 2mitw g
5 (L~ @)e om0~ (t)




and

Xof () = g re)f (0

_ i o 2mitw

=0, w=0

= 2mitf(t).

z=0,w=0

With this we can compute the commutator as
(X Xu] £ (1) = (Ko X = XoXa) F(1) = =2 (£1(0) + () = £1'()) = —2mif ().

Hence, applying Corollary 2.3 to these operators we get a result equivalent to Heisen-
berg’s uncertainty principle with the lower limit of the uncertainty being some constant
independent of f and Gaussians being equalizers.

2.2.2 Continuous wavelet transform

An early attempt of extending the concept of using group generators as localization op-
erators to the wavelet transform was made by Dahlke and Maas in [16]. They used the
representation 7(a,b)f(t) = |a|~Y/2f (=) from equation (1.1) which yields the genera-
tors

_ O g (20
= 2l f< ; )

These operators are skew-adjoint so we multiply them by ¢ to make them self-adjoint
which we denote by removing the tildes. From here we can apply Corollary 2.3 to get

a=1,b=0

o (Xaug(%0) > 1[{(Xa X — XX 1) = (72 )

Note that this lower limit is zero for real valued f. Compare this to the short-time Fourier
transform case where we obtained an absolute constant independent of f as the lower
limit. In further investigations by Maass, Sagiv, Sochen and Stark in [8], it was shown
that by disregarding the admissibility condition Cy < oo it is possible to construct a
sequence of normalized f, such that vy, (X,)vy, (Xp) — 0 as n — oo. This is illustrated

in the figure below.



0.8 f

0.6 A

0.4 A

0.2 A

0.0 A

=10 =5 0 5 10

Figure 2.2: The sequence of non-admissible f,, with vy, (X,)vy, (Xp) — 0 as n — oo from [8].

2.3 Observables as localization operators

Introduced by Levie, Stark, Lieb and Sochen in [5] and further developed by Levie and
Sochen in [2], the local and global localization frameworks is based on the concept of
observables borrowed from quantum mechanics which are simply self-adjoint or unitary
operators. It turns out that if we want our observables to be able to measure the param-
eters of representations, they need to satisfy the one parameter canonical commutation
relation

m(9)"Tr(g) =g+T (2.1)

where T is an observable. Intuitively, we want observables which satisfy (2.1) since it says
that translating our function by g, measuring it, and then translating is back by g has the
same effect as adding g to the measurement. The one parameter canoncial commutation
relation also guarantees that expected values and variances are well behaved in the sense
of the following proposition.

Proposition 2.4. Let T be an observable fulfilling the one parameter canonical commu-
tation relation (2.1), then

eng)f(T) = ¢(T) + g,
Un(g)f(T) = v (T).
Proof. We use the relation as T'= 7(g)T'n(g)* + g to find
ex(o)r(T) = (m(9)f. Tn(9)f)
= (f,7(9)" (7(9)Tm(9)" + 9)7(9)f)

=(1Tf)+{f.91)
= ef(T) +g.

10



Similarly for vy (f) we have

(7(9)f. (T = es(T) = 9)*x(9)f )
(o)1, (~(9)Tm(9)" +g - e5(T) = )’ m(9)S )

= (7)1, ()T ) + s (T)((9)f7(9)f ) = 2¢(T)(w(9) f, w(9)TF )
= ef (%) — ef(T)* = vp(T).

Un(g)£(T)

Remark. We can recover (2.1) from er(4);(T) = ef(T) + g by noting that

exigyf(T) = (m(9) [, Tn(g)f) = (f,Tf) + 9{f. [)
= (f,m(9) Tr(9)f) = (f,(T+9)f)

for all normalized f.

As a consequence of the Stone von-Neumann theorem, it is in [5] derived that any
observables which satisfies the one parameter canonical commutation relation is unitarily
equivalent to T f(x) = zf(x). In the two upcoming subsections we will make these unitary
operators explicit.

2.3.1 Short-time Fourier transform
For the short-time Fourier transform, the representation is of the form
(g1, 92) f(t) = ma(g2)m(g1) f (1),
m1(g1) f(t) = f(t — g1),
ma(g2) f(t) = €292 f(1).

As is the case in quantum mechanics, we use the observables defined in the time and
frequency domain respectively as

Ty : f(t) = tf(t)a
Ty : f(w) = wf(w).

where T,, = FT,,F* acts in the frequency domain. In this case the unitary operator
bringing the observable to its canonical form is the Fourier transform. To see that these
operators satisfy the one parameter canonical commutation relations (2.1), we first verify

m1(91) " Temi(g1) f(t) = m1(91) T f (T — g1)
=m(g1) tf(t —g1) = t+g1)f(t) = (g1 + T) f(2).

Next we need to compute T, which we do as
T.f(t) = FTLF{f}(1)
~ 1 ,
= Fwf(w)}(t) = 5= f'(t)

211
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allowing us to verify

ma(g2) Tuma(ga2) f () = ma(ga) " Tue™ 92 f(t)
6—27ritgg d

= gl

e—2mitg2 g . .
_ 5 % [27Ti92627rztg2 f(t) + eZTl'lth f,(tﬂ

= (g2 + TL) f (1)

We can also compute the commutator [T}, T;,] as

[To, Tu) £(t) = (ToTo — T Ts) f(t)
- CACRFORTAC)

-1
27

2

(t).

Note that this commutator is a constant multiple of the commutator based on the group
generators. The time and frequency measuring operators are also switched around com-
pared to Section 2.2.1 which doesn’t affect the commutator. This means that we still
recover a version of Heisenberg’s uncertainty principle with Gaussians as equalizers.

2.3.2 Continuous wavelet transform
For the continuous wavelet transform the representation is
m(g1,92) f(t) = m2(g2)m1(g1) f (1),

m1(g91)f(t) = f(t — g1),
ma(g2) f(t) = e /2 f(te™92).

This representation is only irreducible if we restrict the domain to the Hardy space
H*(R) = {f € L*(R) : supp(f) C R*}

of analytic signals. This since 7 corresponds to modulation and 7y corresponds to
dilations in the Fourier domain which both keep the support of f in RT. The Hardy
space H?(R) is in a natural correspondence with square integrable real valued functions
on R. Intuitively this can be seen as a consequence of any real valued signal being
completely determined by only its positive frequencies as there is redundancy in

§(—w) = / s(t)e?™t dt = / s(t)e=2miwt dt = §(w).
R R
The simplification of only considering wavelets with positive frequency support is made
in other works such as [2], [5], [9]. It should be noted that while analytical signals might
seem like a purely technical restriction, tools such as the MATLAB Wavelet Toolbox
uses analytic wavelets by default [17]. From now on, the ambient Hilbert space should
be taken to be H?(R) unless stated otherwise.
Before we can verify the one parameter canonical commutation relation (2.1), we need
to introduce a transform analogous to the Fourier transform, allowing us to measure the
scale parameter directly.
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Definition 2.5. The warping transform W : L?>(RT) — L?(R) and scale transform
U : H?(R) — L*(R) are defined as

W{f}(o)=e"?f(e™") = f(o),
U=WF.
We call the space which the warping transform maps into the scale space as an ana-

logue to frequency space. The relations between spaces and transforms are summarized
in the diagrams below.

Time space — 2" Frequency space H2(R) —Z— L2(RT)

m} lWarping R lw
I2(R)

Scale space

Proposition 2.6. The warping transform W : L2 (R*) — L?(R) is a unitary transfor-
mation with inverse

W Hw) 7 —In(w)).

Proof. By direct computation,

(wiwa), = [ e fe i io

For the inverse we verify

WW{fHw) =W H{f}(w)

= ﬁf(—lﬂ(w))
_ %6—(71n(w))/2f (6—(71n(w))> = f(w)

and

d

Associated to an observable T : H?(R) — H?(R) and a representation 7 : G —
U(H?*R)) we have

T = FTF*: L*(RY) — L*(RY), [ =UTU* : L*(R) — L*(R),
7= FrF*: R = U(L*(RT)), = UnU* : R? — U(L*(R)).

We are now ready to define the observables for the wavelet transform.

13



Definition 2.7. The time and scale observables T, T, are given in time and scale space
by

T : f(t) = tf(t),

T, : f(o) = o f(0)

and their respective domains Dy, D,, are given by D, = {f € H*(R) : HTngH2 < oo} and
2
D, ={f € H*R) : | T, f|" < oo}
Note that both of these observables are of the canonical form guaranteed to exist by
the Stone von-Neumann theorem as discussed in the beginning of Section 2.3. Therefore
the scale transform is in some sense canonical for the wavelet transform. However when

doing calculations it is often advantageous to move to the frequency domain as a form of
compromise between time and scale.

Proposition 2.8. In the frequency domain,

A~

tf(w) = —if'(w),
T f (@) = — In(w) f(w).
Proof. The first statement follows by elementary properties of the Fourier transform
while for the second statement we use the results of Proposition 2.6 to get
Taf(w) = W*Taw{f} (w)
=W {T,e ?f(e™) }(w)
= W*{Ue*"ﬂf(e*”)}(w)

- %(— In(w))e™ /2 f (")) = — In(w) f(w).

In the frequency domain the representation acts as
i1 (g1)f(w) = e 7270 f(w),
ta(92) f(w) = e/ f (we)
while in scale space,
72(92) f(0) = Wi{#2(g2) f} (o)

= Wi {2 f(we”) } (o)
= 692/2670/2]?(6706%) = JE(U — g2)-

Proposition 2.9. The observables T,., T, satisfy the one parameter canonical commuta-
tion relations

(1) Temi(91) = g1 + T,
m2(92) " Tom2(g2) = 92 + Ts- (2.2)

14



Proof. For the first relation, note that

(m1(g1)f, h) /ft_gl
/f h(s+ g1) ds—<f,7rl( gl)h>

= m(g1)" = m(—g1)

yielding
m1(91) Tom1(g1) f(t) = m1(91) T f(t — g1)
=m1(g1)"tf(t — g1)
=(t+g)f(t) =g f(t) +T:f(t)
as desired.

For the second relation, note that it suffices to show that
Uny(g2)* U UT,U Ump(g2)U™ = g2 + UT,U™

which is immediate from the above upon using the relations 7 = UnU™, T = UTU* and
recalling that 72(g2)f(0) = f(o — e2). O

2.4 Wavelet uncertainty

In this subsection we develop and bound an uncertainty quantity for a normalized wavelet
f based on the observables T, T, from Definition 2.7. In [5], this is done by using the
same type of product uncertainty as in the short-time Fourier transform case. This can
be bounded using Corollary 2.3, the general uncertainty principle.

Corollary 2.10 ([5, Proposition 23)). Let T, T, be as in Definition 2.7 and f € H?(R)
be normalized, then

= |f@)P

w

o (T)o(T) = [

with equality if and only if
Flw) = Cew(ief(Tm)ﬂ(ef(Tg)Hn(w)q))
where C' is determined by normalization and X is a constant.

Proof. By Corollary 2.3, it holds that

oy (Te)og(Ty) > LT Tof )P

We choose to compute the rlght hand side in the Fourier domain since we have explicit
expressions for both T, and T, there

if (w)

w

[Ty~ 1] f(w) = ~ie (~ (@) f() + () (~if @) =

Plugging this result into the general uncertainty relation yields the desired inequality.
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Equalizers must satisfy

(- z% —ef(Ty)) f = iA(— In(w) — ef(T,)) f
— ['w) = F@) (M) + ef(T,)) + ief(T2) )

s f(w) = Cexp </w Nef(Ty) + ies(Ty) + Mn(g)dg>

= Cexp (w[Aef(T,) + ief(Ty)] + Awln(w) — Aw + D)
_ e (ies (TN (e (To)+in(w)-1))

where we allow C' to change value between equality signs. O

Note that in the above, f (0) = C # 0 and hence the equalizer cannot be a wavelet.
We resolve this below by adding an additional term to the uncertainty.

In [5], it is noted that this notion of uncertainty is not meaningful because it is not
invariant under m, leading to the possibility of arbitrary small uncertainties by scaling
the wavelet. Such a construction is detailed below.

Lemma 2.11. The observables T, T, satisfy

15
15
T
g

er(1s),
()

( )’
e?920 4 (Ty,). (2.3)

Cri(g1)f

€ra(g2)f

(T,)
Uy (g1)f (To)
(Tx)
(Tx)

Una(g2) f

Inspired by these relations, the following sequence of wavelets with arbitrary small
uncertainty can be constructed.

Example 2.12 (][5, Proposition 25]). Choose a real valued twice continuously differen-
tiable bump function f supported in (0,1) with H fH = 1. Then

e, (Ty) =0,
A 1. w—n? vy, (Ty) — 0,
fn(w) - \/ﬁf < n > — efn(Tg) N — o0,
vf, (Tg) — 0.

This shortcoming is remedied in [2] where it is noted that it is more meaningful to
consider the uncertainty of the orbit {n(g)f}4ec of the wavelet. This is because it is
only when the time and scale of the wavelet is comparable to the signal that we record
the coefficients. The direct solution is to add a compensating factor of the form

vp(Ty) — e 261 To)y ()

making the variance orbit-invariant by the result in equation (2.3). With this we can
define an uncertainty of the form

S(f) :=exp <—2€f
IIf
which is orbit invariant.
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Lastly, we also want to impose the admissibility condition Cy < oo on wavelets to
avoid situations like the one in Corollary 2.10. To do so we introduce the operator WV in

the Fourier domain which acts as Wf(w) = L\/%) for which it holds that
2

Cp = Wi

Dy = {f € B*®R) : [PV f]| < oo} (2.4)

We add this term to the uncertainty and refer to it as a regularization term. To make
it orbit invariant we need to add a factor e~¢/(To) resulting in the regularized wavelet
uncertainty

Definition 2.13. For f € H 2(R), the regularized wavelet uncertainty is defined as
Aa2
WA
Il £11?

() = exp (<2 g (T) ) 0 g (1) +0 4 (T) +exp (e (T) (25

A1 A1 A1 A1
The following proposition is immediate from the construction above.

Proposition 2.14. The regularized wavelet uncertainty is invariant under translations,
dilation and linear scalings, i.e.,

S(f)=S(cm(g)f), forceC, g e R2

In view of the above lemma, if we want to look at minimizers S it by Lemma 2.11
suffices to consider the special case where ef(7}) = ef(T,) = 0 and || f|| = 1 for which S
simplifies to

2 2 A An2
S(f):SO(f): HTfo “'HTofH +’Wf .

(2.6)

We return to the problems of existence of minimizers of S and the relation between
minimizers in different spaces in Chapter 3.

Uncertainty bounds

When defining an uncertainty, it is good to check that it can be bounded from below as
a sort of safeguard against counterexamples such as Example 2.12. In the case of the
Heisenberg uncertainty principle, this is very straight-forward as the commutator is a
constant. For the uncertainty above we have added a term on top of the two variances
so we will not be able to use any general results directly.

In this subsection we give a rather broad condition for when we can bound the wavelet
uncertainty (2.5). The bounds are not sharp in general so we should not expect equalizers
to be optimal in any meaningful sense which can be contrasted with the Gaussians for
the short-time Fouerier transform from Section 2.3.1 or the waveforms from Corollary
2.10. The only requirements we need to put on our wavelet is that the induced wavelet
system is a frame for the underlying Hilbert space. Wavelet systems are families { f; 1}k,
usually chosen with

Fix(t) = a?/*f(a’t — kb)

where the parameters a,b satify a > 1 and b > 0. The classical choices for these are
a = 2 and b = 1. Frames are a generalization of orthogonal bases frequently used in
signal processing which we define formally below.
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Definition 2.15. A sequence {e;,j € J} in a seperable Hilbert space H is called a frame
if there exist positive constants A, B > 0 such that for all g € H

Allgliz; < lgsep® < Bllgl-
JjeJ
Any two constants A, B satisfying the above are called frame bounds. If we can choose
A = B, then {ej,j € J} is said to be a tight frame [3].

Frames were first considered by Duffin and Schaeffer [18] in 1952 and is still an active
area of study in the wavelet context. For an example of an orthonormal wavelet system,
consider the classical Haar wavelet f(t) = Xjo,1/2](t) — X[=1/2,0)(t) or see [4, Chapter 7].

A classical theorem first proved by Chui and Shi in [19] gives a necessary condition
for being a frame. It was originally proved for H = L?(R) case but we note that the
proof also works for H?(R) with minimal modifications.

Theorem 2.16 ([19, Theorem 1]). Let {f;x} be a frame of H*(R) with frame bounds
A, B. Then f satisfies

1 ~ y 2 +
A< EZUC(CL](U)‘ <B a.e. on R™. (2.7)

The utility of this theorem lies in the following corollary.

Corollary 2.17 ([19]). Let f € H*(R) be as above, then

~

Abln(a) < / M dw < Bbln(a).

R+ W
Proof. Multiplying both sides of (2.7) by % and integrating from 1 to a yields
a1 a £ J 2
Ab/ = dw = Abln(a) g/ Zde
1w Uiz Y

_ /Oo @I, < Bb/aldw — Bbln(a)
0 1

W w
as desired. ]
With this corollary established, we can prove the following novel uncertainty bound.
Proposition 2.18. Let {f;} be a frame of H*(R) with frame bounds A, B, then
S(f) > 2Aba=5"In(a).
Proof. We first bound e=2¢/(To)y +(T,,) 4+ v4(T,,) from below by using

0§(a—b)2 — a+b>2Vab

— 6_26f(TU)Uf(T$) —+ ’Uf(TO.) 2 2\/6_2€f(T0)’Uf(T:L')Uf(TO’).

The quantity in the square root can be bounded using Corollary 2.10 as

~ 2
2
2\/6_2ef(T")Uf(Tx)Uf(Tg) > 92 e—2ef(T(,)1 (/ |f(UJ)| dw)
4\ Jr+

w

£ 2
:eef(TU)/ LG
R+

w
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Adding the last term of equation (2.5) to this, we get

A~

S(f) > Qe—ef(Ta)/ M dw.

R+ w

The first factor can be crudely estimated using the inequality In(w) > = for w € (0,1)
as

exp (— / N —1n<w>|f<w>|2dw) e | Infe) (@) do + | 1n<w>|>i<w>|2 o

1 sz iw2
Zexp<—/0 |f(w)|dw> Zexp<—/R+|f(w)|dw).

The result of Corollary 2.17 now applies to both factors yielding

S(f) > 2exp (— Bbln(a)) Abln(a) = 24ba~P"In(a).

O
We remark that these results can be extended to f € L?(R) with
sth=uis, (L) s (5), ws =il (2
+ wy - w_ ]’ 1(R)

where HE(R) = {f € L*(R) : supp(f) C Ri}, f+ is the orthogonal projection of f onto
HZ(R) and St is the uncertainty on H3Z(R). This results in the following proposition.

Proposition 2.19. Let {f;} be a frame of L*(R) with frame bounds A, B, then
S(f) > 2AbIn(a)a—2P°.

The proof is omitted for brevity but is elementary and based on Proposition 2.18.

2.5 Ambiguity function localization

In this section we introduce the ambiguity function and discuss how its localization is
related to the sparsifying properties of the wavelet transform.

Definition 2.20. Given a wavelet f, the ambiguity function V¢[f] € L*(R) is defined as

Vilfl(g) = (f,m(9)f)

One interpretation of the ambiguity function is as the self-correlation of the window.
If f would be orthogonal to any time-scale shift of itself, the ambiguity function would
just be a Dirac delta peak at (0,0). Such a construction is not possible and there indeed
exists uncertainty principles for the ambiguity function itself such as [20] - albeit in
the short-time Fourier transform context. Apart from being fundamentally limited by
itself, the ambiguity function localization is also related to the localization of the wavelet
transform. The following proposition can be found in [21] and is based on a result from
[22].
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Proposition 2.21. Let f € H with Cy = 1. Then the image space of the wavelet
transform Vy[H] is a reproducing kernel Hilbert space with kernel V¢[f]. Precisely, for

any Q € Vy[H], Q = Vi[f] Q.

The interpretation is that any element of the image of the wavelet transform is at
least as blurry as the ambiguity function.

In [23], the wavelet-Plancherel theory, first introduced by Levie and Sochen in [21],
is applied to the problem of ambiguity function localization. We recall some of those
results here in preparation for the discussion in Chapter 4.

In the wavelet-Plancherel theory applied to the continuous wavelet transform, win-
dows are taken from the window space W equipped with the norm

£ 2
G

w

A A

Wil?

while signals are taken from the signal space S = L%(R). The wawvelet-Plancherel trans-
form V: W ® S — L?(R?) is defined for these spaces and is an extension of the wavelet
transform which is also an isometric isomorphism. Using the wavelet-Plancherel trans-
form, operators on L?(IR?) can be pulled back to the window and signal spaces, making
them essentially one-dimensional. T'wo such operators are the phase space scale observ-
able A and the phase space time observable B defined as

AF(a,b) = aF(a,b),  Dom(A) = {F € L2(R%,e%) : aF(a,b) € L3(R?, e—a)},
BF(a,b) = bF(a,b),  Dom(B) = {F € L3(R%, %) : bF(a,b) € L2(R?, e—a)}.

Applying these to a normalized version of the ambiguity function we obtain the following
uncertainty definition.

Definition 2.22 ([23, Definition 4]). The phase space uncertainty associated to the
window f is defined to be

L(f) = vk, (A) +vi,(B)
where Ky =V _ ¢ [ﬁ] is the normalized ambiguity function. The domain of £ is defined
to be

[Fill
Dom(L) = {f EWNS: f#£0,K; € Dom(A) N Dom(B)}.

Unlike the regularized wavelet uncertainty .S, the phase space uncertainty is not
invariant under dilates as can be seen by writing K¢(g) = m< fym(g)f) and recalling
that || f||y is not invariant under dilations. Instead of going through the trouble of
defining an orbit invariant uncertainty, we restrict our search of minimizers to the set of
f where ef(T;) = es(T,) = 0.

By pulling back the calculation of the variances to the window and signals spaces,
the following proposition can be established.

Proposition 2.23 ([23, Proposition 15]). Let f be a wavelet such that f is absolutely
continuous, ef(Ty) = ef(T,) = 0 and

w— f(w)In(w) € L*(RY), w i f(w)In(w) e W,
w f((j) c L*(RM), wes fl(w) e LARY), w s wf(w) e W.
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Then f € Dom(L) and the phase space uncertainty L(f) is given by

2
+0", (—In(w)) (2.9)

£l

ol
LOf) = |Tuf||* + | To £|* + 07, (WTU) £

£l

Note specifically the similarities between the above and S from equation (2.6). In
Chapter 4 we prove existence of minimizers and investigate their behavior in different
spaces.
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Chapter 3

Regularized wavelet uncertainty
minimizers

In this chapter we are concerned with the existence of minimizers of the regularized
wavelet uncertainty S from definition 2.13 and how they can be approximated by min-
imizers of S in simpler spaces. Those simpler spaces are more specifically L?(0,b) and
the space of linear splines Py(0,b). Linear splines in P, (0, b) are functions p : [0,b] — R
which are piecewise linear on the intervals [0, h], [h, 2h], ..., [b — h,b].

Time Frequency

1.04

1.00 4 0.8

0.6 q

0.4

0.00 1 02

—0.25 1

0.0
T T T T T T T T T T T T T T T
-3 -2 -1 o 1 2 3 00 05 1.0 15 20 25 30 35

Figure 3.1: A spline minimizer of S computed by minimizing S(p) numerically.

The material in the chapter is based on the ideas laid out in the unpublished notes
[7] by Levie.

In the rest of the thesis, all functions and operators are taken to be in the Fourier
domain unless stated otherwise. That means that f,7 and m now denotes what was
previously referred to as f T and # respectively.

The main theorems which we prove in this chapter are the following;:

Theorem 3.1. There exists a minimizer of S in

Dg := D, N Dy N Dy = {feLz(Rﬂ | Tof| < oo, WEll <°O}‘

TO’fH < o0,

Theorem 3.2. There exists a minimizer of S in Dg N L?(0,b) where
DG = {f € Ds : ef(T,) = 0}.

Theorem 3.3. There exist a minimizer of S in DZ N Py(0,b).
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Remark. Existence of a minimizer of S in Dg means that there exists a f € Dg such that

S = inf S()

In the process of proving the above theorems, we will make use of the invariance of
S under 7 discussed in Section 2.4 to restrict our attention to the subset

D = {f €D Ifll = 1, e4(T2) = 4(T5) = 0}.

Later in Section 3.2.3 we also show that minimizers can be taken to be real valued without
loss of generality, leading us to define the subset

DY = { FeDY: fis real valued}.
With these subsets established, we are ready to state the two main approximation theo-
rems of this chapter.

Theorem 3.4. Let fy be a minimizer of S in Dg’R. Then for any € > 0, there exist
b>0,h>0andye D%R N Pr(0,b) such that

[fo—wll <&, [S(fo) =Sl <e

Theorem 3.5. Let M;’Z be the set of minimizers of S in D%R N Pn(0,b). Then any
element of

M = {f € L2<R+) Cf = Ji_goplf’;, Dh,, € /\/ll,’; for two sequences b, — 0o, hy, — 0}

. L . 0,R
is a minimizer of S in Dy .

The interpretation of the above theorem is that if we numerically search for minimizers
in P, (0,b), we should expect the a minimizers to resemble a L?(R*) minimizer fy as long
as h is small and b is large.

Section 3.1 is dedicated to proving theorems 3.1, 3.2 and 3.3 and in Section 3.2 we
show that minimizers are smooth and real valued without loss of generality. In sections
3.3 and 3.4 we prove that minimizers can be approximated by functions in L2(0,b) and
P;,(0,b) respectively. This allows us to prove theorems 3.4 and 3.5.

3.1 Existence of minimizers

We establish existence of minimizers of S in Dg and DZ N L?(0,b) using a compactness
argument that requires quite a bit of work. For minimizers in DZ N P, (0, b) we use of the
fact that the space is finite dimensional to establish the same result.

We begin by proving Theorem 3.1 and then outline the changes required to adapt the
proof to Theorem 3.2. As mentioned above, it suffices to consider the subset

DY = {f € Ds: Il = 1. s(Tx) = 4(Ts) = 0},
e(Te) = (=if [}, es(Ty) = (~()f. )

where the uncertainty simplifies to equation (2.6), i.e.,
() = |Taf |* + |17 £ + s

The following proposition is the key to proving existence.
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Proposition 3.6. Let {f,}n C DY be a minimizing sequence of S(f) in the sense that

lim S(f,) = inf S(y).

n—00 yE’DO

Then, there exist N € N and a subset K C Dg such that f, € K forn > N. Moreover,
K is compact.

The first step is specifying the subset K C Dg. To do so, we first bound the uncer-
tainty from above by considering a normalized real valued tent function g with support
in R*. It then holds that m2(e4(7)) " tg € DY and

So(m2(eq(T»))'g) = S(g) = 0.5K >0

for some K > 0. Now, since infyepg S(y) < K, for any minimizing sequence (f,,), C D2,
there exists a N such that S(f,) < K for n > N. In particular, this means that

Tt <K, |Tofal’ <K, |Wh|* <K

The subset K can now be defined as the set of f € Dg such that the above inequalities
hold. For reference, we write it here as

K = {f €D |Ifl| = 1, e(T2) = 0, ef(Ty) = 0,
(3.1)

71|

2§K}

We prove that K is compact by showing that it is both closed and pre-compact. For the
closedness, we will need a couple of lemmas.

Lemma 3.7. The subset {f € L*(R) : ||z f||* < M} is closed in L*(R).

Proof. Let (fn)n be a sequence such that ||z f,]|> < M and write f = f,, + &,. We show
that fiVN 22| f|?dx < M for all N € N by noting that for all n,

N N N N
/ 22| f|? dx = / 2\fn|2da;+2Re/ 22 o d:z:+/ 226, da
-N N

<M+2\// x2]f\2dx\/N2/ 15, y2da;+N2/ 6af? da ——> M,

0

n—)oo n—0o

Letting N — oo, we obtain the desired inequality. O

Lemma 3.8. The subset

{feL2<R>: [als@paz=o. [ xz!f(ﬂ:)l2d:c§M}

is closed in L*(R).
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Proof. We remark that since f € L*(R) and [ #%|f(2)|? dz < oo, z|f(z)|? is integrable.
Now, let f, be a sequence in this subset that converges to f and write f = f, +J,. That
the second condition will hold for f follows by Lemma 3.7. For the first condition, note
first that by the triangle inequality, |a — b|?> < 2|a|? + 2|b|> and Lemma 3.7,

/:r2|5n|2d:n _ 2/ x2|f|2dx+2/ 22| fol? dz < 4M.
R R R
Also, for all a > 0,
/x|]5n|2dx:/ |x|\5n]2dx+/ 12]|60[2da
R |z|<a |z|>a
AM

1
< a/ |5n|2dx+/ 2|26, 2de =25 L < ——
lz|<a a Jiz|>a a

-0 <4M

and since this holds for arbitrarily large a, we have that

/ || |6, |2 dz — 0.
R

Next note that

/x!f]de:/w!fn+5n\2dx:/x\fn]2d$+2Re/xfn5;Ld:n+/x!énlzdaz.
R R R R R
—_———

=0

Therefore, we can estimate

\/ﬂNMmm¢/mmwm¢/mmwm+/umﬁm

R R R R

-— —
—0 =0

which will yield the desired conclusion once we show that [ |z||f,|*dz is bounded in n.

Indeed,
/umﬁm-/ mmﬁm+/ 2l fal? da
R |z|<1 |z[>1

S/ !fnlzder/ 22| f]? de < 1+ M.
|z|<1 |z|>1

Lemma 3.9. The following subsets are closed:
(4) {71 |* < K, es(T2) = 0},
(B) {|[1.1] < K. ef(1,) =0},

(©) {|ws|I* < x}.
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Proof. For (A) and (B), we can write these restrictions in time (which we denote by f)
and scale space as

[esoras<k. [diwrda-o
[P <k [alf@)P =0
respectively. That the set of f satisfying each of these conditions are closed follows by

Lemma 3.8.
Meanwhile for (C), we introduce the mapping

1 1
u: R 5 PR, Ui =16 (3)-
which can be seen to be an isometry by making the change of variables w = % It

furthermore holds that if HWfH2 < K, then

K2 i = [7 ZirPdo = [T sutrhoP ds

Since s is always positive, the above can be written as ||v/sU{f}||*> < K which can be
showed to correspond to a closed set by making a minor modification to the proof of
Lemma 3.7. O

Proposition 3.10. The subset K is closed in L*(R).

Proof. By writing K as an intersection as in (3.1) and noting that all subsets are closed
by Lemma 3.9, it follows that K is closed too. O

For pre-compactness, we show that K can be approximated by compact sets with
arbitrary small error.

Lemma 3.11. For any e > 0, there exists a compact subset Cqy, of L?(R*) such that for
any f € K, there is a y € Cyy such that

If =yl <e.

Proof. For f € K, consider the scale space representation |f(c)|? as a probability distri-

bution with mean value 0 and variance HTU f H2 < K. Applying Chebyshev’s inequality
to the associated random variable, we have for any a > 0 that

£ K
/[e—ayea]c |f(w)|2dw = / ‘f(O')|2 do < =

[70470‘](:

Now, fix ¢ > 0 and choose « so large that % < &. Then, with y = f’[e—a eo] € L?(e™®, e%),
it holds that || f — y|| < € by the above inequality.
Now write a = e~ %, b = e and consider the closed subset

Kiop) = {f\[a,b] 1 f € /c},

where f‘[a b is the restriction of f to [a,b] padded with zeros. We show that K, is
contained in a compact subset.
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For all f € K, we have

b
/ PP dw < ||f]]* = | Tef| < K

We want to expand f in a uniformly convergent Fourier series which is possible if f is
absolutely continuous with periodic extensions. Since f(a) # f(b) is general, we mirror
f around w = b and denote the even extension on [a,2b— a] by f.. This function has the
desired properties together with

1720 <26 = 5P =2 G Zprlenl® < 2K
n
— en| < @i
T ]

where (¢,,)n, are the Fourier coefficients of f.. The above inequality defines a compact
subset by Parseval’s formula known as a Hilbert cube which f. Letting H,; denote the
closed subset of square integrable even functions around b whose Fourier coefficients are
in the Hilbert cube specified above, we have that this set is compact too. Lastly, we
define C,; as the set of y € H, restricted to L?(a,b) and note that f € Cap- This set
is compact since we can mirror a sequence to be even and use the compactness of H,
to extract a convergent subsequence. Then the unmirrored subsequence converges to the
restriction of that limit to [a, b]. O

Proposition 3.12. The subset K is pre-compact.

Proof. Fix a sequence (fp), C K. We wish to prove that (f,), has a convergent subse-
quence which we do by constructing a Cauchy subsequence. By the above lemma, we can
for each m choose a,, by, such that any function in X can be approximated by a function

in Cy,, p,, With error less than % For each f, we let f]" denote these approximations so
that
1
f’;’an € Cam,bm’ an - fZLnH < E (32)

Fixing m, we view (f")n C Cq,, b, as a sequence in the compact set and extract a
convergent subsequence

J J g —0o0

We also filter the subsequences so that (n7'); is a subsequence of (n}”l) j form >m'.
Keeping m fixed, by (3.2) we have that
1
m
g — el < -

b, We can choose jy, so large that

Am,

Now since fh —— f™ in C,
J  j—oo

1 2
1 =1 < — = [ fap =7 < —
g m g m
for all j > jy,. This implies that ( fnm )m is Cauchy as can be seen by noting that for all
m > m’ it holds that

/ 4
an;?n - fm

ml

2
< W - an;nwil _fn;nysz <

for my, ms > m’. This finishes the proof. O
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With this we have what we need to prove Proposition 3.6.

Proof of Proposition 3.6. That the tail of any minimizing sequence is in K was shown
above and so only compactness remains. This follows by closedness via Proposition 3.10
and pre-compactness via Proposition 3.12. 0

Proof of Theorem 3.1. As established during the discussion on the invariance of S under
7 in Section 2.4, the existence of a minimizer follows if we can find a minimizer of Sy in D%.
Since a minimizing sequence can be taken to be in the compact subset K C Dg without
loss of generality by the above proposition, we can pass to a convergent subsequence
converging to some point fo € K. Moreover, by passing to a subsequence repeatedly we
have that

1Tl e WThall o ome VAT o ow

for some o0, 0,,01y < K € R such that o, + 0, + ow = infyepg S(y).
To show that fy really is a minimizer, define

Kosn = {y €K : | Tgll* < [Tl < 8, Wyl <)

and note that this subset is closed by Lemma 3.9 and thus compact. Now for each € > 0,
it holds that the tail of the minimizing sequence belongs to Ky, 1z 5, +e,0p+e- Lhus

S(fo) <oy + 05+ ow+ 3¢ foralle >0 = S(fy) =0 + 05 +ow
meaning that fy indeed is a minimizer. O

Proof of Theorem 3.2. The same argument of restricting the domain to a subset of Dg
works for Theorem 3.2 as for 3.1. The only difference is that we intersect with L2(0, b)
which preserves compactness, yielding existence again. O

Proof of Thoerem 3.3. We write S(p) explicitly as

b w 2
501 = [ (196 - @l + @) + 20 .

This can be decomposed into a sum where each term will depend continuously on the
values p(0), p(h), p(2h), ..., p(b). Since it suffices to search for normalized minimizers on
a subset of the compact unit sphere of P,(0,b) and the mapping p — S(p) is continuous
by the above, we get existence of a minimizer. O

3.2 Properties of minimizers

The goal of this section is to establish ODE’s which are solved by minimizers in Dg and
Dg N L%(0,b). To do so, we establish an analogue of Fermat’s theorem for stationary
points formulated in the language of calculus of variations.

Definition 3.13. Let H be a separable Hilbert space and F': D — R a functional such
that Dp U {0} is dense in H, where Dp is the domain of F. The Gateauz differential of
F at f € Dp in the direction h € D is defined as
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whenever the limit exists. In the case where there exists a vector 6F = §F(f) € H such
that
dF(f,h) = (6F(f),h)

for all h € Dp, we call §F(f) the variation of F at f.

It turns out that choosing L?(R*) as the ambient Hilbert space means that not all the
variations we want to compute exist. Specifically, not even the variation of F\(f) = ef(T)
for a self adjoint T exists. However, by moving to the realification H of H we can get
around this.

Definition 3.14. The realification of a complex Hilbert space H is the real Hilbert space
H defined with the same set but with the underlying field for multiplication by scalars
being R and with the inner product

<" '>HR = Re('v >7-l

For the computation of the variation we will drop the R superscript and take all inner
products to be in the realification of L?(R™).

In the sequel, we will always implicitly assume that all domains are appropriately
dense in H and that the variation is defined for any f.

3.2.1 Establishing the Euler-Lagrange equations

The goal of this section is to establish the Euler-Lagrange equations satisfied by stationary
points of the uncertainty functional. We state the two main theorems here.

Theorem 3.15 (The L?(RT) Euler-Lagrange equation). A minimizer fo of S in DY
satisfies

1
(W) =Hw)folw),  H(w)=Inw)?+ o trw) —o
where £ = 2| T fol|* + [Wfoll* and o = T fol* + || T5 fol* + W foll*.

Theorem 3.16 (The L%(0,b) Euler-Lagrange equation). A minimizer fo of S in DY N
L?(0,b) satisfies

§w) = Ho@)folw),  Ho(w) =)’ + = + sln(w) + fIn(w) —o

where & = 2| Ty fol* + [Wholl?, 8 € R and o = | T fol* + | T foll* + [Whol*.

Before attempting a proof, we need to compute the variation of the uncertainty. To
that end, we write the uncertainty from (2.5) using only expected values and variances
as

S(f) =exp <—26”§|(T0)> vﬁ(Tz)—FUﬁ(Tg)—i—eXp (—el}v(Tg)> eﬁ(WQ). (3.3)

Proposition 3.17. The variation of the uncertainty S at f € Dg s given by
2

5S(f)(w) = =2f"(w)+ (401 In(w) — 20, + 20y In(w) + = — 203y + 21n(w)? — 200) f(w)
w

where oy = |Tof|?, 06 = |To f|? and oy = [WF]*.
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To prove this proposition we need to compute the variation of expected values and
variances which is the contents of the lemmas below. Throughout, we work with an
arbitrary self-adjoint operator T to be able to apply the results to T}, T, and W?2.

Lemma 3.18. When ||f|| = 1, the variations of the expected values and variances are
given by
Ses(T) = 2T,

Sup(T) = 2(T — ef(T))* 1.

Proof. To compute the variation, we use the method outlined in Definition 3.13. For the
expected value e¢(T) = (T'f, f) we have

— (T, f) + 2t (Tf,h) + O(¢?)
— 5€f(T) = 2Tf'

Meanwhile for the variance v¢(T) = ef((T — ef(T))?),
vpran(T) = ((T = epsn(D))*(f +th), [ +th) )
- <(T—ef(:r) —2t<Tf,h))2(f+th),f+th>.

Expanding the square as (a —b—c)? = (a —b)? +c? + 2¢(a — b) and noting that c? = o(t),
we find

vpsan(T) = ((T = ep(T)? (f + th), f +th))
+2t(Tf, h) (T — ey (T)) (f +th), f +th) + o(t)
= (T = es (M) £.£) +20 (T~ ef(1))? £.1)
+2t(Tf,h) (T — ef(1)) £, f) + olt)

= op(T) + 2t {[(T = e(T))* + (T = eg(T)) £, ) T| £,0) +o(t).
Now note that

(T = ep (D) £, f) = ex(T)(1 = || fI?) =

since we assumed || f|| = 1. Thus the last term of the above vanishes and we get that the
variation simplifies to

dup(T) = 2(T — ep(T))*f

which is what we wanted to show. O

Next we want to establish a form of the chain rule for compositions of the form F(f) =
H(Tf) where T : H — H is a possibly nonlinear operator and F, H are functionals on
H. To that end, we say that if there exists a bounded linear operator 67" : H — H which
satisfies

T(f+h)=T(f) =0T(h) + of[|n]),

then 6T called the variation of T at f. The o(||h]|) term is to be interpreted as a vector
with norm comparable to o(||h|]).
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Lemma 3.19. If F' and H are functionals on H and T : H — H is an operator such
that F(f) = H(Tf), then
SF(f) =06T*(6H(Tf)).

Proof. Using the rules

H(y+th) — H(y) = (6H(y), th) + o(?),
T(f +th) — T(f) = 6T(th) + o(t)

we compute

F(f+th)—F(f)=H(T(f+th)) — H(T)
=H(Tf+6T(th) +o(t)) — H(Tf)

— (6H(Tf),6T(th) + o(t) ) + o(t)
= (0T (SH(T ), th)) + o(t)
where we in the last step used that (§H (T f),o(t)) = o(t) by Cauchy-Schwarz. -

Lemma 3.20. If F and H are functionals such that F(f) = H (IIfH) then

e = o () + o () ) 1

Proof. Let T be the nonlinear operator 7" : f =TT fH To use it in Lemma 3.19, we need

to calculate its variation, i.e., how ”ﬁ%h” IIfH depends on h. To that end, take =~ to
mean equality modulo o(]|h||) and note that
f+h f+h f+h - f+
- 2
17+l VIFE 2R /1t 2n ) (1+ )

CFh (AR (b (R
”\vu(l WW) ru(*@m\ vuur)

since 1+ x ~ 14 2/2 and IJ%I ~ (1 —x). This yields that 0T'(h) = W |<| ﬁﬁ ﬁ which
can be seen to be self-adjoint by computing
a (fa) f >
5T(a),b) = ( & — T
7@ = (7~ Hot i
(a,0)  (f,a){f.D)
= — = (a,dT(b)).
T T ER R
Plugging this into the chain rule we find
1 f f f
OF(f) = —=0H <) + <5H () ,f> — .
D= i IDARVATIE
O
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Lemma 3.21. For all f, the variation of the expected value and variance are given by

o f
P @ =2 e ~ 260 Dy
and f f
J— p— 2 J—
00 (1) = 2T = et (D) e = 2 D

Proof. For both variations, we apply the chain rule to the results of Lemma 3.18. For
H(f) =es(T) we have

@ = (1) (0% (1) 4) 17

_ L foN
=1t <2T|!fH’f > HE

/ /
=2T—— —2 T
i D7

[
Similarly with H(f) = v(T) we have

9y = 8 (Hfll) o (1)) v
7))’
/!

— e
H

I L e g S
= < (T P )
e

—2(T - e (T))2
as desired. ]

A product rule also holds for variations with the proof being straight-forward.

Lemma 3.22. If A and B are functionals on H with variations 6A and §B, then the
variation of C(f) = A(f)B(f) is given by

6C(f) = 6A(f)B(f) + A(f)IB()-

With all the lemmas established, we are ready to prove the proposition.

Proof of Proposition 3.17. For reference we here recall the expression for the uncertainty
in expected values and variances from equation (3.3):

el

S(f) =exp (—Qef(Tg)) vy (Ty)+v s (Ty) +exp <—e}«|(T0)) e s (W?).
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By the product rule applied to the above using Lemma 3.21, we have that

+5’UHTfH(Tg)

B / f

= exp (‘2%( 7) [‘2 <2T" TP~ 24 ) HfH2> “%(Tm)]
2 f f

exp %WT")) [“Txe )T~ (T)ufH?]

— <2T0Hf||2 - 2ef(T(,)> efIH(WQ)} (3.4)

In the case where f € DY, i.e., ef(T;) = ef(T,) = 0 and | f|| = 1, this simplifies to

5S(f) = — 4vp(Ty) T, f
212 — 20y(Ty) f
—2e;(WAT, f (3.5)
+2Wf —2e;(W?) f
+2T2f — 20 (T, .

By writing out T, = i%, T, = —In(w), W? = % and putting
2
or =vf(Ty), oo = v5(T5), ow =ef(W?) = Nl
this reads as
2
5S(f)(w) = =2f"(w) + <4U$ In(w) — 20, + 20w In(w) + = — 20y + 21In(w)? — 200> f(w).
w

O
With the variation established, we move to proving the first theorem.

Proof of Theorem 3.15. Let fy be a minimizer of S in Dg and assume towards a contra-
diction that 6S(fy) # 0. Then we can find a h € Dg such that

(0S(fo), hy =e <.
By multiplying h by t > 0 we have
S(fo +th) = S(fo) +te +o(t)

since o(||th||) = o(t) so we can choose t so small that S(fo+th) — S(fo) < 0 in the above
which yields that S(fy + th) < S(fo), a contradiction to fy being a minimizer.
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Plugging 05(fo) = 0 into the result of Proposition 3.17 we obtain
2

—2f(w) + (4096 In(w) — 20, + dow In(w) + = — 20y + 2In(w)* — 205> folw)=0
w

1
— (W)= <ln(w)2 + -+ [2035 + 20’)/\}} In(w) — 0y — 05 — Uw) fo(w)
w
which is the desired conclusion. OJ

The same argument cannot be applied the problem of finding a minimizer in L2(0, b)
since in that case the variation needs to take into consideration that [0, b] is not invariant
under dilations. To incorporate this restrictions we can use a Lagrangian multipliers
approach where we only search for minimizers among functions with zero scale. This is
unfortunately technically difficult due to the underlying space being infinite dimensional.
For this reason, the proof of Theorem 3.16 can be found in Appendix A but we mention
here that the Lagrangian multipliers approach works in our case for the infinite dimen-
sional space and we essentially recover the differential equation 6.5(fy) — Bdey, (Ty) = 0.

Remark. The above theorems does not give us uniqueness of minimizers although it serves
as a strong indicator that we should expect minimizers to be unique.
3.2.2 Smoothness of the minimizers

Having established the variational properties of minimizers, we move to showing smooth-
ness properties and bounds. We will need the following simple auxiliary lemma.

Lemma 3.23. Let f € L?(R") be absolutely continuous with f(0) = 0 and | f'||*> < K,
then

@) < VEVG.
Proof.
F@)] = [F(@) - F(0)] = \ /0 N0 dt' < /0 @1 < 1 M xpw | < VE V.
O

Proposition 3.24. Let fy be a minimizer of S in Dg. Then fo is smooth and fé/‘(o b €
L%(0,b) for any b > 0.

Proof. By Theorem 3.15, fj satisfies the ODE
1
V=Hfy, Hw)=In(w)*+ —— kW) -0

where k,0 € R. We claim first that Hf()’(
VK y/w by the lemma above, we have that

/ | H @) folw)] do < / ’

Since f = H fy, we conclude that fél‘(o )
bounded by some constant M by the compactness of [0,b]. It thus holds that

op) € LY(0,b). Indeed, using that |fo(w)| <

In(w)*VEKvw + \/\/[E + k| In(w)|[VE Vo + o VE V| dw < 0o

€ LY(0,b) implying that f} can be uniformly

[folw)] < Mw
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which we can use to show that H fy| op) € L?(0,b). Using the inequality (a+b+c+d)? <

4(a® 4 b% + ¢ + d?) and |fo(w)| < Mw we get
b M20,2
||Hf0||%2(0,b) < / 4 <M2 In(w)*w? + 7 + &% In(w)? M3w? + M202w2> dw < oo.
0

We can establish smoothness inductively by noting that fy and H being continuous and
H fo = f§ implies that fy is twice continuously differentiable. Since H is smooth we can
repeat this argument that f = Hfy € C¥ = fy € C**2 for all even k. Inductively,
we get that fp is C°° as desired. O

Proposition 3.25. Let fy be a minimizer of S in D% N L?*(0,b). Then
(1) fo is smooth in (0,b),

(2) There exist bounds My, > 0 such that

Hf(gk)HLoo(o,b) < M, k=0,1,2,

(3) There exists a constant Ms such that

| In(w) fo(w)| < Ms.

Proof. To conclude that fy is bounded, note that fj is absolutely continuous and so in
particular uniformly continuous and bounded since [0, )] is compact. This gives the M
bound.

For smoothness and the M; bound of f{), we use the same argument as in Proposition
3.24 but with

Ho(w) = H(w) + BIn(w) = In(w)? + % ~ kIn(w) + Aln(w)

corresponding to Euler-Lagrange equation for the minimizers in D% N L?(0,b) from The-
orem 3.16. To bound f{ = Hyfo we need to bound Hj since fj is bounded already. Note
that for w < 3, In(w)? < |In(w)| < 1 and so

@) = [Ho(w) o) < Miw = O,

For w € [1/2,b], Hy is bounded trivially so we get another bound there yielding M, as
the maximum.

Lastly, note that we only need to show that the last estimate holds near 0 since
fo is bounded and [0,b] is compact. It holds since fy is right differentiable at 0 and
fo(0) = 0. 0

3.2.3 Existence of real valued minimizers

Let f be a minimizer of S in L?(R*). Then by Proposition 3.24 and Theorem 3.15, f is
smooth and satisifes the Euler-Lagrange equation

f"+Hf=0.
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By writing f = fr + ¢fr where fr and f; are real valued, we see that fr and f; both
are solutions to the above ODE since H is real valued. Since e¢(7}) = 0 is real, we have
that

0= ef(Tz) = ef(i%) = Re (q(ii)) = Re/o if fdw
- / Re (if'F) dw = / (= fifn+ fafr) do = / W (f1, fr) do
0 0 0

where

W(f.9)(w) = f(w)gw) - g'(w)f(w)

is the Wronskian. Note that we implicitly used that f € L?(R) which follows by || T f||* <
oo. Now, if fr and f; are linearly dependent, then f; = ¢fr and f = fr+icfr = (14ic)fr
implies that ﬁ is real valued. Then, since S is invariant under linear scalings, S(f) =

S (1 LC) and we have a real valued minimizer.

If instead fr and f; are linearly independent, then the Wronskian cannot be identi-
cally zero. However, since the ODE is of the form f” = H f, the Wronskian is constant

by
W' (fr, f1)(w) = fr(W)fi (W) = f1(w) fr(w)
= frRw)H(w) f1(w) = fr(w)H(w) fr(w) =0

meaning it must be constantly nonzero. This contradicts 0 = fooo W (fr, fr)dw however,
so we conclude that fr and f; must be linearly dependant.

In the case where f is a minimizer of S in Dg N L?(0,b), similarly to in the proof of
Proposition 3.25, we can replace H by Hy for which the above argument also works.

3.3 Convergence of compactly supported minimizers

The following two propositions show in which sense the minimizers in L?(0,b) approxi-
mate the minimizers in L2(R1).

Proposition 3.26. Let fy be a minimizer of S in Dg’R. Then for any € > 0, there exist
b>0andy € Dg’R N L2(0,b) such that

[fo—yl <e, 1S(fo) — S(y)| < e.

Proposition 3.27. Let My be the set of minimizers of S in DOS’R N L?(0,b). Then any
element of

M= {f e LX(RT): f= li_)m fons fb, € My, for some sequence b, — oo}

. L . o,R
is a minimizer of S in Dg™.

We now devote the rest of this section to proving the two above propositions. To do
so we will need the following auxiliary lemma.

Lemma 3.28. If f, f' € L*(R), then

lim f(w)=0.

w—00
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Proof. Since f is an L? function, we note that the f' € L?(R) condition implies that it is
meaningful to discuss pointwise values. This since f is Holder continuous with exponent

1/2 by
/aﬁf’(w)dw’ < W\/ﬂ_ VB a

for some constant C'. Now, to get a contradiction, suppose that there exists an increasing
sequence w, — oo such that |f(wy)|> > € for all n. By moving to a subsequence, we can
require

£ (B) = fle)| =

lwn+1 — wn| >, for all n

for some arbitrary 1. We now want derive the contradiction f ¢ L?(R) by bounding || f||?
from below as

1= [ e
Since f is Holder, it holds for all w € [wy,, wy, + 7] that
[f(w) = flwn)] < CVin
and we can choose 7 so small that
IF@)R = 1 @n)P| <5 = 1f@)?> <.

We now get our contradiction as

9 wn+1M 9 wn+M €
=D Y INFETED DY BT F RS

O]

Note that this lemma applies to all f € Dg since HTx f H <oo = f'e L*(R"). We
now move to proving the two propositions.

Proof of Proposition 3.26. With fy a minimizer in DY the inequality ||7, fol < oo
implies that we can find an increasing sequence b, — co such that

nlgrolo | ln(bn)‘|f0(bn)| = 0.

With this sequence we construct the following sequences of approximations leading up

to fi:
Write ¢, = | fo(bn)| = |enle®, 0, € {0, 7} and define

fo(w), w € (0,by),
faw) = en—e® (W =bn), w € [bn,bn+ lcall,
0, otherwise,

2/, 0\ _ fa(w) el =ep(Th),
n) = {eg—efgm),

fa(w) = m(el,e5) " f(w).
Note that the last step yields that ey, (1) = ey, (T5) = 0. From here we show that
Ifo=full =0, |5(fo) = S(fu)l = 0O

by showing that the following series of approximations hold:
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1) | fo— 11 — 0:

90221 = [ Ifofe) = £ P

S bn+‘cn| .
S/ |f0(w)|2dw+/ ’cn—ew"(w—b ’ dw —— 0.
bn bn

n—oo
<2|en|—0
—0
2) Hfo fI/H mo
o 17112 oe / 2 bn+|6n|
b, bn f n—oo
1 2
) [lfn = Fall —= 0
TlL_ T2L = n -1=0.
153 = 220 = [1= |28 1
|5 = = 0
153 = 220 = |1 = g | 1221 1) =
W—’
—0
(5) €5y (Ty) —— 0
!m@sz ﬁwmwm4
bn brn+|cn| ,
< ‘ fé(w)fo(W)dw'Jr/ | fa (w Hf )| dw —— 0.
0 bn A/—’
~~ =1 <len|—0

—>€f0( 1)20

(6) es2(T:) —— 0: By (5), it suffices to show that

n—oo

1
(T = e @] = [T£2 1] (1= e ) 7500

(7) ep(Ty) — 0:
bn bnt|en
) = [ m@pe)Pa+ [ )| e do——0

~ <lIn(b 2
el <In(bn-+lenl)lenl

where the last limit follows by |c¢,| — 0 and |1In(by,)|||fo(bn)| — 0.
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(8) es2(T,) —— 0: By (7) it suffices to note that

n—o0

n—oo

kmnwwﬁmmzxnﬁmmh—

1
1fall?
) H 2 - an — 0: This follows from the continuity of 7 since e} — 0 by (6) and

ey — 0 by (8).

(10) |[fo— fal| — 0: This follows from the triangle inequality applied to (1), (3) and
n—,oo
(9)-
(11) |7 12| — |7 fo||: This follows immediately from (2) and (4)
n—oo

(12) | Teall = |12 | 5 0
sl =Nzl < [ 15 @ - 5| do =0

by the dominated convergence theorem motivated by fy € Dg and the continuity
of m together with (6) and (8).

(13) || T fn| — || T fol|: This follows from the triangle inequality applied to (11)
n o
and (12).

14) [T fall <=0 1o foll:

T 21 = T foll| < 702 = Tosoll + Tl = (oS
=0

The first term converges to 0 by
|To £ = To ol = [in(@)fo = £

00 bn+|en| )
< / |1n(w)\2|f0(w)]2dw—l—/ ]ln(w)|2|cn—elen(oj—b } dw —— 0
bn

n—oo

n

§|Cn‘
—0

since |In(b,)||fo(bn)| — 0.

(15) |70 22| = [T f2]| = 0
Tofall = 17 f Tﬁl 1 0.
o320~ ] = el g 1|
06) (1772 = 1Tl 0
s 2= s fall| < [ e |26 = 1P o 0

by the dominated convergence theorem motivated by fy € Dg and the continuity
of m together with (6) and (8).
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17) HTU an — HT o foH: This follows from the triangle inequality applied to (14),
(15) and (16).

18) (W —= Wil

by, 2 bntlenl |
Hva}LHQZ/O L7COE:‘})|dw+/b *| fn ’ dw—) HWf0H2.
IR <2\cn|—>0
9y [z - wi| —= o
wwnu>Mmm—wwnHQﬂH 1 0
20) ||z = WAl | —= o
0o [1£2(, V2 _ 2
wszl ~ wa| < [T IEOEBOE,,
0 w n— 00

by the dominated convergence theorem motivated by fy € Dg and the continuity
of 7 together with (6) and (8).

(21) HW an — HW foH: This follows from the triangle inequality applied to (18),
(19) and (20).

(22) |S(fo) — S(fn)l —= 0: This follows from the triangle inequality applied to (13),
(17) and (21).

To finish the proof, let € > 0 and choose n so large that || fo— f|| < € and |S(fo)—S(fn)| <
€. Then f, is compactly supported since it is the dilation of the compactly supported
fL. That f, € DOS’R is immediate from the construction. O

Proof of Proposition 3.27. Fix f € M so that f = lim, . fp, for a sequence b, — oo
where fp, is a minimizer of S in D%R N L?(0,b,). By Proposition 3.26,

S(fi) —= S(fo)

where fy is a minimizer of S in D%R. We can therefore conclude that f;, € K for large
enough n by the definition of . Now in the same way as in the proof of Theorem 3.1
on page 28 with K, 5., we can show that S(f) = S(fy) since f,, — f and so f is indeed
a minimizer. O

3.4 Convergence of compactly supported spline minimizers

The goal of this section is to establish the following two propositions which will allow us
to prove theorems 3.4 and 3.5.
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Proposition 3.29. Let fy be a minimizer of S in Dg’R N L?(0,b). Then for any e > 0,
there exist h >0 and y € DOS’R N Py(0,b) such that

1fo—yll <e, 1S(fo) — S(y)| < e.

Proposition 3.30. Let M), be the set of minimizers of S in Dg’R N Py(0,b). Then any
element of

M= {f € LZ(O,b) f = Ji_{%ophn’ Dh,, € My, for some sequence h,, — O}

is a minimizer of S in D%R N L2(0,b).
The following diagram illustrates how we obtain splines in DOS’R N Pp(0,b) which
approximate minimizers fy € Dg’R N L?(0,b):

Interpolation Nudge scale to 0 Normalize k

fo b k Tkl

L°°+L? bounds L? bounds L? bounds

Interpolating fy means that we construct a linear spline p for which p(w) = fo(w) for
w =0, h, 2h,...,b. The following lemma gives quantitative estimates on the L? error
between a continuous function and its interpolation. Note that unless we state otherwise,
all interpolations are to be taken to be with step size h.

Lemma 3.31 ([24, Theorem 3.4]). Let [a,b] C R be a compact interval. Then for any
f € L?(a,b) and its interpolation p, the following holds.

(1) If f is absolutely continuous in [a,b], with f' € L?(a,b), then
1
1f = pll < =||||h-
v
(2) If f' is absolutely continuous in [a,b], with f" € L?(a,b), then

1
17—l < 5 1

In particular, in the case where fy is a minimizer of S in DOS’R N L%(0,b) and p its
interpolation, the following approximation lemma holds.

Lemma 3.32. With fo and p as above, it holds that || fo — p|| = O(h?) and
folw) — p(w)| < Mah?

for all w € [0,b].

Proof. For the L? error, since p is the interpolation of fy, it holds that

1 1
1fo—pl < iR < —5Mah?* = O(h?).
N~~~ T N~~~ T
by Lemma 3.31 by Proposition 3.25

For the pointwise error, let g(w) = fo(w) — p(w) and note that g(kh) = 0 for all integer
k and ¢"” = f§ a.e. For a fixed w € [0, ] we can find an integer n such that

nh<w<(n+1)h
and so |w — nh| < h, yielding

w w t w t
lg(w)| = / g (t) dt‘ = / / g"(s) dsdt‘ §/ My dsdt < Myh?
nh nh Jnh nh Jnh
using the My bound from Proposition 3.25 since ¢” = f{ a.e. O
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We now show how T, affects p compared to fo.
Lemma 3.33. With fo and p as above, it holds that
‘efo - ep(Ta)‘ = O(hZ)a
[ fou N )

Proof. For the expected scale, we estimate directly as

|(—=In(w) fo, fo) — (— In(w)p, p)
[(=In(w) fo, fo — p) + (= In(w)(fo — p),p)|
< [|In(w )fOHHfo —pll + |l fo — plll| In(w)p]|

= 1o = 2l (@) o]l + n(w)pl)-

‘efo (T5) — ‘

By Lemma 3.32, the first factor is O(h?) so the desired conclusion will follow if we can
bound the two terms. For the first term it suffices to note that fy € K while the second
term can be crudely estimated as

b
n(w)pll < max |p(w)l jﬁ [ In(w)[? dw < max |fo(w)| - O(ln(b)Vd)

€[0,3] wE0,b]

which, for b fixed, is bounded since it is independent of h.
For the differences in norm, since both fy and p are real valued, we have

2ol = Eenl| = | [ 1P o)? = )

b
< / | In(w)*[ fo(w) + p(w)]] fo(w) = p(w)| dw
0

b
< max_|fo(w) + p(w ‘ max | fo(w) — p(w)] ’/ | In(w)/? dw’ = O(h?)
wel(0,b] €1[0,0] 0
§2M0 SMth
where we used the estimates from Proposition 3.25 and Lemma 3.32. ]

Since we want to approximate fo with a spline k € P, (0,b) with ex(7,) = 0, we need
to modify p. To that end, let

L:C(0,b) — Py (0,b)

be the operator that, applied to a function f, interpolates the product In(w)f. With L
we define the spline
k=p+alp

where « is a real parameter. This next lemma states that we can choose a so that k is
close to p and has expected scale zero.

Lemma 3.34. There exists a = O(h?) such that k = p+ O(h?) and e(T,) = 0.
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Proof. In order for e;(T,) = 0 to hold we need to have that

0=ex(T,) = (—In(w (p+aLp) (p+ aLp))
= (= In(w)Lp, Lp) &* + 2( — In(w)p, Lp) o + (— In(w)p, p)
A B C
= Aa® + Ba + C.

If we can find a solution a = a(h) = O(h?) to this equation, we will be able to choose k
as in the lemma since Lp is bounded in h. Recall that the solutions are of the form

—B++vB?—-4AC

“= 2A

Since p is the interpolation of fy € Dg’R N L%(0,b), B = (—In(w)p, Lp) is real valued.
Therefore, if we can show that 4AC < B? = /B2 —4AC =~ |B|, we can choose the
sign in front of the square root to get cancellation. More specifically, we show that A is
bounded from above, |B| is bounded from below and note that e,(T,) = C' = O(h?) by
the first statement of Lemma 3.33. By Taylor expanding the expression for «, this yields
that o = O(h?) when the sign before the square root is chosen appropriately.

To bound A from above, note that since p is the interpolation of fy, Lp = L.
Furthermore, since fj is differentiable at 0 and fy(0) = 0, In(w)fo(w) = 0 at w = 0.
Moreover, by Proposition 3.25, | In(w) fo(w)| < M3 = |Lp| < M3 and so

b b
— In(w = niw 2 W 2 nlw w 0.
(=t 1) = [ 1) Epf dw < 223 [ n(e) o <

To bound |B| = |(In(w)p, Lp)| from below, we show that it behaves as ||T, fo|| for small
h. The first step in that direction is to recall that by Lemma 3.33, |||T; fo|* — || Top|?| =
O(h?) so we only need to bound

|B — | T,p|?| = |{In(w)p, Lp) — {In(w)p, In(w)p)|
= [(In(w)p, Lp — ln( )p)|
< || m(w)p|||Zp — In(w)p|.

The first factor is bounded by Lemma 3.33 again while the second factor is the norm of
the difference between the smooth function In(w)p and its interpolation Lp. By Lemma
3.31 this difference is O(h) if we can bound the norm of the derivative. For this we have

lin(@)p@))'[| < [lo™"p[| + || ()]

The first term can be bounded using Proposition 3.25 which states that |f)(w)] < M;
which combined with fy(0) = 0 yields |fo(w)| < Mjw. The same argument also works
for p by the mean value theorem. We get

1 00
Hw_lpH < / w?p(w)? dw -l—/ w2p(w)dw < ME +1+o(1)
0 1
since the norm of p is close to the norm of fy by the triangle inequality and Lemma 3.32.

For the second term, we simply use that the support of p is compact combined with the
same mean value theorem argument to get that

b
| In(w)p/|| < M1/0 | In(w)|? dw < 0.
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Having established this, we can make the approximation argument explicit as

1B~ |70 follP| = |(m()p, Ln) — |7 fol|

< [(w(pp, 29) | Ton| + Il 7. ]|

~
—0 by above —0 by Lemma 3.33

Taking a step back, this means that B indeed is bounded from below and we can find an
« satisfying the desired properties.

All that is left to show is that k = p + O(h?), i.e., |k — p|| = | Lp|| = O(R?).
Since we have already showed that o = O(h?), it suffices to bound ||Lp||. In the above,
we showed that ||Lp — In(w)p|| = O(h) but that same argument works to show that
||Lp — In(w) fol| = O(h) and so

ILpll = I n(w) foll + O(h) < oo
as desired. ]
With k defined we show that as h — 0, S(k) — S(fo)-

Lemma 3.35. The following three estimates hold:

(4) |1 foll - e NabP| = 00,
(8) |7, oll* - el | = 0002)

(©) Wil - i IWEF| = 0t2).

Note first that ||k| = 1+ O(h?) by lemmas 3.34 and 3.32 meaning we can dismiss the
normalizations. We now treat each estimate separately.

Proof of Estimate (A). For T,, we first note that
7 soll® = Nkl P| = I8 = 1)1
|+ aleal? - 157
2
<| (Il +allizar ) = 1]

= |IP/11* = 11561 + (20 N 21 I + e 21

For the first term we have that
1717 = 17517 < Wl = £5ll ('l + 1561) = 0y

the reverse triangle inequality and Lemma 3.31. Meanwhile the second term is O(h?)
since a = O(h?) and both p’ and [Lp]" are bounded.

Proof of Estimate (B). For T,, we estimate in steps via the triangle inequality as

ool = k]| < 117010l = 1Tol?] + [Zom ] ~ 172417
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The first term is O(h?) by Lemma 3.33 while for the second term we have
b
bl = 7P| < [ 1?0+ ) = )

b
= [ m@Plo-+ BiaLp)lde.

Since Lp is the interpolation of In(w) fo(w), we can bound it by M3 by Proposition 3.25.
Similarly we can bound the sum p + k as

p+k=2p+alp <2My+ aMs

b
= [ITopl = 17,47 | < M [ i) P20 + ads) o = O(12)

which is the desired conclusion.

Proof of Estimate (C). For the W estimate, we first show that for the interpolation p,

‘HWft)H2 - HWPH2’ = [(w ™" fo, fo) = (w7 'pop)
= [{w ™ fo, fo — ) + {fo — p,w ™ 'p)|
< [lw™ folll[ fo = oIl + | fo = 2l [« "]l
= |1 fo = ll (llo™foll + [lw™21)-

That this quantity is O(h?) will follow if we can show that Hw_lfOH and Hw_lpH are
bounded since || fo — p|| = O(h)? by Lemma 3.32. This is done similarly to the proof of
Lemma 3.34: By Proposition 3.25, we have that | fj(w)| < M7 = |fo(w)| < Mjw since
f0(0) = 0 and that same bound holds for p by the mean value theorem. Therefore we
can estimate Hw_lfoH and Hw‘lpH as

1 1
/ w?p(w)? dw < M7, / w2 fo(w)*dw < M2
0 0

For the second parts of the integrals we have
’ 2 2 k 2 2 2
[ o du < [ pw)de < IplP < (Ip= foll + 10l) = 1+ 0(1)
1

b b
[ e howr o < [ fow do < 1507 =1
1 1
by Lemma 3.32. In conclusion,
sl - [woll| = o).

By the triangle inequality, it suffices to show that ‘HWsz — HW]{HQ‘ = O(h?) to get the
desired conclusion. We can show this by estimating HW(p — k) H since

pll = W[l < [Wp = k)| + WK = [VE] = [Wie = k)|

and a similar inequality holds for the HWk:H — HWpH case. Since k — p = aLp we have
reduced to problem to bounding HWLpH since a = O(h?).
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Note first that HLp] (w)| < M3 by Proposition 3.25 and we therefore pointwise have
that

(L)) (w)‘g/ow‘([LpP)l(t)‘dtg/o 2My|[Lp)' () |dt

< 2M3\//0w [Lp)/ (1) dtv/ew < Mav/w

where we bounded the integral by recalling that H Lp] H < oo as shown in the proof of

Lemma 3.34. This inequality yields that ‘[Lp ()l < Afi which is integrable providing the
desired bound. O

Remark. Estimate (A) can with some more work be improved to O(h?) using an inter-
polation result of the form ||p/|| < || £l

With the above lemma established, the proof of Proposition 3.29 follows without
much extra work.

Proof of Proposition 3.29. The spline by which we approximate fyisy = ﬁ By lemmas
3.31 and 3.34 and the fact that ||k| = 1 + O(h?) we can choose h so small that

€ € k 15
_ < _k < k— <
lh-sl<§ Io-sl< [e-g]<3

By Lemma 3.35, we can also choose h so small that

T T,k ‘ ‘ T, fol1? ‘ Wl Wi ‘
‘H xfOH ||kH2H H H UfOH ||l<:| H fUH ||k||2H H
are all smaller than £. Tt thus follows by the triangle inequality that

Ifo—yll <e, 1S(fo) = S(y)| <e
as desired. ]

Proof of Proposition 3.30. This proof works the same way as that of Proposition 3.27.
Fix f € M so that f = lim,_,~ ps, for a sequence h,, — 0 where pj,, is a minimizer of
S in DY® N P,(0,b). By Proposition 3.29,

S(pn,) —— S(fo)
where fp is a minimizer of S in Dg’R N L2(0,b). The tail of the sequence (pp,)n is

therefore in a closed subset of KN L?(0, ) which is compact, hence S(f) = S(fy) and f
is a minimizer as desired. O

We are now ready to prove the original theorems of this chapter.

Proof of Theorem 3.4. Letting fy be a minimizer of S in DOS’R, by Proposition 3.26 there
exist a b >0 and f € D%R N L2(0,b) such that

S(fo) = ()] < 5.

Ifo— £l <5,

We now want to repeat this step by approximating f by a spline but Proposition 3.29
requires the L2(0,b) element to be a minimizer. We can do away with this condition if we
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can show that f satisfies the estimates of Proposition 3.25. This is however immediate
from the construction of f in the proof of Proposition 3.26. Therefore we can find a h > 0
and y € Dg’R N Pp(0,b) that satisfies

e S
If =yl <5, 1S -SWI<3.

Using the triangle inequality, we can obtain the two inequalities of the theorem, finishing
the proof. O

Proof of Theorem 3.5. We again use the same strategy as for propositions 3.27 and 3.30.

Fix f € M so that f = lim pl;L” where pI;L" is a minimizer of S in D%R N Py, (0,b,). By
n—oo- T n

Theorem 3.4,

5(19%;) — (fo)

where fy is a minimizer of S in D%R. We can therefore conclude that p?[; € K for
large enough n by the definition of IC. Using the same 3¢ argument as in the proof of
Theorem 3.1 on page 28 we can conclude that S(f) = S(fy) which yields the desired
conclusion. O
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Chapter 4

Phase space uncertainty
minimizers

Inspired by numerical constructions of minimizers and a calculation of the variation of
the phase space uncertainty £ from Section 2.5, introduced by Levie, Avraham and
Sochen in [23], we in this chapter investigate existence and properties of minimizer in
an analogous way to Chapter 3. Later we also show that spline minimizers approximate
proper minimizers in an appropriate way as shown for the regularized uncertainty in
Chapter 3. These results are novel and validates the numerical scheme used to construct
minimizers in [23].

Time Frequency
0.06 1.5}
0.04r
1 L

0.0

0 0.5t
-0.02 1
0.4 0 - :

-10 -5 0 5 10 0 1 2 3 4

Figure 4.1: Numerical spline minimizer of £, reproduced with permission from [23]. Compared
with Figure 3.1, a noticable difference is that f is smaller near zero for the phase space uncertainty
minimizer.

For reference, we repeat here the expression for the phase space uncertainty in the
special case where e¢(T,) = ef(T,) = 0 and || f|| = 1 from Section 2.5

et = P4 P o () [Z] 4 0% e

where T, f(w) = —if'(t), T, f(w) = — In(w) and W is the window space from Section 2.5

with norm || fllw = ( [z M dw)l/Q.
The theorems that we set out to prove are the following.
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Theorem 4.1. There exists a minimizer fo of L in D% where

DY = {f € Dom(L) 1| f|| = 1, ef(Ty) = 0, ef(T,) =0

f

17717 < M, s[5 < M, || =

2
<M, wf € L2(R+)}

for any M > 50.

Remark. The wf € L?(R*) condition is not strictly required for existence but only for
the next two theorems. The < M inequalities are a purely technical detail needed for
the proof. In practice, the fact that M can be arbitrary large means that any minimizer
for which all norms are finite can be attained which is what we want. The reason for the
lower limit of 50 is that it is hard to prove that the set is nonempty for M < 50.

We expect that the above quantities are finite for any minimizer and so present the
following conjecture.

Conjecture 4.2. There exists a minimizer of £ in
{f €Dom(L): |If] =1, e(T2) =0, e5(T,) = 0}.

Theorem 4.3. There exists a minimizer fo of £ in D% N L?(0,b).
Theorem 4.4. There exists a minimizer py of £ in D% N Py(0,b).

For the convergence theorems, we once again define the spaces of real valued functions
with expected time and scale zero as

D%R = {f € D% : f is real valued}.

Analogously to the situation in Chapter 3, it suffices to consider real valued functions.
We prove this in Section 4.2.

Theorem 4.5. Let fy be a minimizer of L in D%R. Then for any € > 0, there exist
b>0,h>0andye D%R N Pr(0,b) such that

[fo—yll <e, |L(fo) — L(y)| < e.

Theorem 4.6. Let le’l be the set of minimizers of L in D%R N Pn(0,b). Then any
element of

M= {f e L’(RM): f= Jlngopzz, pzfl € M?L’; for two sequences b, — 0o, hy — 0}
. o . 0R
is a minimizer of L in Dy .
Remark. When proving the above theorems and all results leading up to them below, we

will assume that M is chosen so large that none of the < M inequalities defining D% are
sharp.
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4.1 Existence of minimizers

The goal of this section is to prove the three existence theorems. We treat Theorem 4.1
first and conclude Theorem 4.3 as a consequence. Theorem 4.4 is proved separately at
the end of this section.

As mentioned in Section 2.5, we limit our search to

D} = {f € Do |Ifl =1, es(T2) = e(T>) = 0}

Note that when the expected signal time e (7}) is zero, so is the expected window time

ey‘}(Tx) since
0 1 .0
e (igs) = e (i) =

HfHW

We can therefore further simplify the uncertainty (4.1) for f € D2 to

1 UW — In\w
T

We will prove the theorems in the same way as in Section 3.1. The first step in this
direction is to produce a function g € D% with non-zero uncertainty. Due to the < M
limits in the definition of D%, this requires a bit more finesse than in the Dg case. For
brevity, we mention that it is possible to construct a bump function g with expected time
and scale 0 such that

1
5 = Tt P+ T f )P+ e liwf |15,
1712,

2

/ < 50.

£ <0, sl <so. |

We write £L(g) = 0.5K for this g and some nonzero K and note that for a minimizing
sequence (fn)n in DY,
L(fn) <K

for large enough n. Since each term of L(f,,) is positive, we can conclude that

fn
HTxf”H2 < K, anHQ HZ fn“w < K, (4 4)
1 .
HTO-an2 S K, W'Ufn(* ln(UJ)) S K
niw

for large enough n. Now define K C D% as the space of all f € D% such that the above
inequalities hold. For reference, we write it here as

— {f € Dom(L) : ||| =1, e4(T) =0, ef(T,) = 0, wf € L*(R™),

2
<M

2
il <

[Fdli wf'[lyy <

Y

(4.5)

1 o
A < Kl

7.1 P < K}

1
K, ——v
= 4 2 °f
1£15

20



If we show that K is compact, we will be able to prove Theorem 4.1 using the same
method as for Theorem 3.1.

Before we can prove that I is compact however, we need to specify a topology. We
can choose this rather freely but the tougher we choose the norm, the harder it will be
to prove pre-compactness but easier to prove closedness. We make the choice

7lws = 5 (171 + 17w + 1)+ [ V/TRG@)17],) -

For pre-compactness we will need to do some extra work to show convergence in each
term compared to the Lemma 3.11.

Lemma 4.7. For any € > 0, there exists a compact subset Cyp C L?(R*) such that for
any f € K, there is a y € Cyp such that

If —yllws <e.

Proof. The proof comes in two parts; first we show that there exist a, b such that any f
can be well approximated by a function in L?(a,b) and then we show that those functions
can, without loss of generality, be taken from a compact subset of L?(a, b).

We parameterize a,b by a € R so that [a,b] = [e_o‘ —e /2, e* + e_a/2] and show
that y = f¢ works as an approximation where ¢ is the C° smoothened indicator function

%—1, w € [em¥?, e,
pw) =41, w € [e7% e,
1—:ae/2, weE (e*e*+e /2.

The reason we do not use fXc—a o] is that we want f — y to be differentiable. This
choice yields that f —y =0 on [e”%,e%] and |f —y| < | f| otherwise. Therefore it suffices
to show that all four terms of || fX[c-a cajel[ws can be made small uniformly in a:

(1) For || fX[e-e,ee)ell, We can move to the scale domain to get

[ sepa= [ jferash
[efa’ea]c [_a7odc (0%

using Chebyshev’s inequality since vs(o) = || T, f I?< K by fek.

(2) For || f|lw, we can estimate as

[e3

[f@)? T W) * (W)
/{ea,ea]c - dw—/o - dw—i—/ea " d

AL
</0 s + [
con [ If(u;)l2 o X
0

2
where we used the result from (1) and that H%H <M.
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(3) For [l f"Xje-a caell, we can estimate the tail as

/ |f’(w)|2dw:/ g\f’(w)|2dw§Me_a

« «

by |lwf||?, < M. Meanwhile for the [0, e™®] interval, we need to use the || f/[|* < M
inequality. For w € [0,e™?] it holds that

"(w)| = ‘/Ow (€ dé' < me,w]f”HLl < VwVM < e ?VM

== / W) dw < e e M = e 2 M.

the tail can trivially be estimated as

(4) Lastly, for H\/’ln(UJ)|fX[e—a7ea]c W

[ P < [T isepra < 5

« «a ()[2

by (1). Meanwhile, the [0,e~?] interval can be estimated as

/ ‘ln( )"f( )‘de_/e w|1n( )‘|f( )| dw < ae” M
0 0

2
o [ <

For the second part, we construct the subset is C,j similarly to how it was done in
Lemma 3 11 with the change that we also require the Fourier coefficients (¢, ), to satisfy
len ] <& ) for a constant C' depending on M. The reason that we can require this is that
12 < M. With this change, Cq is compact with respect to the || f|| norm. To get
compactness of Cy in the VWS norm it only remains to show that any sequence in Cy
converges in the norms || f||yy and H V] ln(w)|fHW. This follows from the compactness of

a,b] and the continuity of + and @)l 5 a, b). ]
w w
Proposition 4.8. The space K is pre-compact.

Proof. The only part which does not carry over directly from the proof Proposition 3.12
is completeness of the underlying space. To see that this holds, let (f,), be a Cauchy
sequence in WS. Since this sequence is also Cauchy in L?, it converges to some function
f. By the completeness of Sobolev spaces, ||fn, — foll + ||f;, — foll = 0 and so it only
remains to show that the last two terms of ||f, — f|lws converges. The proof for both
terms are similar so we illustrate the procedure only for the YW norm.

Since (fy)n is Cauchy in WS, it is convergent in W, i.e., f,/y/w is Cauchy in L2.
Since L? is complete, f,,//w converges to some element g € L2. It thus holds that

|22 —a = | 22 - 22| = 0 = 15~ vl 0

and so f,, converges also in W. O

We now move to showing that I is closed. The first step in this direction is to show
that a sequence in K cannot leave Dy .
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Lemma 4.9. The window space W is closed in (L*(RT), | - [ws)-

Proof. Since we have established that W is complete in the above proposition, let (fy,)n
be a sequence in W that converges in WS. Then (f,), is Cauchy in WS and hence also
in W. From here, completeness of W yields the desired result. ]

Meanwhile for the three last three conditions in equation (4.2) we employ another
method.

Lemma 4.10. The subset {f € L*(R™) Hf”H < M} is closed in (L*(RY),] - [lws)-

The proof is completely analogous to that of Lemma 3.7 after moving to the time
domain so we omit it for brevity.

Lemma 4.11. The subset {f : |lwf’||?, < M} is closed in (L*(RT), | - [ws)-

Proof. We again use an argument similar to that used in the proof of Lemma 3.7. Let
fn— fin WS and write 6, = f — f,, to get for each N that

N N N N
/ Wl ()2 deo = / Wl (w)[? dw + 2 Re / () (@) e + / ], (@) 2 deo
0 0 0 0

N N N
§M+2\/N/ |f,g(w)|2dw\/zv/ 57’1(w)|2dw+N/ 107 (@) [2 dow — M
0 0 0

by ||f' — || = 0. By letting N — 0o we obtain our desired inequality. O

2
Lemma 4.12. The subset {f : Hg” < M} is closed in (L*(RY), || - ws)-

Proof. We use a similar argument to the above lemmas; let f,, — f in WS and write
0n = f — fn to get for each N that

N 2 N n 2 N 1 , TN N 1 /
JCl / L 4, 4o, // FhET@ e [ e de

/N W /N W

N
<M+2\/N2/ |2dw\/N2/ Pdw+N2/ 160 (w)|2 dw — M
1/N

by ||f' = f1]| = 0. By once again letting N — oo we obtain our desired inequality. [

Lemma 4.13. The subset {f ”fHQ szf’”w H L H < K} is closed in (L*(RT), || [|ws)-

Proof. Write

2
R O

so that the condition can be written as

A(H)B(f) < K| fl3y-
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Now let (fn)n be a sequence in the set such that f, — f in WS. Then for each N it
holds that

N ML e
(/UNw!f (@) dw> (/UNerf( )P )

N N N N
< / Wl f ()P dwo 42 | N / ()2 dwy | N / 181, (w) 2 deo + N / 181 () du
1/N 1/N 1/N 1/N

<A(fn) <|falP<K

N 1 N N N
x / L @) dov2 | N2 / Fu(@)]? deoy [ N2 / 50 (w) 2 dio + N? / 60 (w)? oo
/N W 1/N 1/N 1/N

<B(fn) <llfnll?<1

Now since

L =l 41 = fallws = 0, If = fall < 4If = fallws,

we can, by letting n — oo, conclude that

N / 2 M 2 2
(/I/Nwlf(w)l dw> (/I/Noﬂvw dw> < KII7 1By

for all N. The left-hand side converges to A(f)B(f) as N — oo, allowing us to conclude
that
’f

2
< K| flI?
Il s £ 1l

A(f)B(f) = ||liwf'|3,

as desired. ]

Lemma 4.14. The subset {f : Wv}/\}(—ln(w)) < K} is closed in (L*(RY), || - ws)-
w

Proof. We begin by writing out the variance as
vf (—In(w)) = ey (In(w)?) — ¥ (= In(w))?

which implies that ”fﬁQ v}/v(— In(w)) < K can be written as
w

* In(w)? * —In(w 2
/ In(e) rf<w>|2dwgf<||f||%v+< / ~Infw) )|f<w>|2dw) = K| I+ el (— In(w)?.
0 0

w w

Before showing that this corresponds to a closed subset, note that

If = fallws =0 = [If = fallw = 0 = [[fallw = [Ifllw (4.6)
by the reverse triangle inequality. Similarly, we have that

e%\j(—ln(w)) — e}?v(—ln(w)) (4.7)
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as n — o0o. Indeed, this follows if we can show that

[ P as s [T e
0w 0 w

* In(w) 9 * In(w) 9
[T p o [T R

To see this, consider the two weighted spaces L*(x(o, ]&) and L2 (x(1,00) lng*’)) We
can then use the reverse triangle inequality as

and

[ P 5 O =g T 4 Ry
< |Vm@ita - n)|, —o.

The same argument works for (1, 00), yielding the desired conclusion.
We are now ready to prove that the condition corresponds to a closed subset. Writing
0n = f — fn, we have that for each N,

Nn@? s N mw)? N n(w)?
/ @) dw = /m ful(w)>dw + 2Re / Fo(w)50 (@) deo

/N W /N W

N

1

+/ M|5n(w)|2dw
/N W

< K|\ falliy + € (= In(w))?

In(1/N) In(1/N)2 [N
+2\/N/1 ‘fn )‘Zdw\/N/l/N’(sn(w)‘de
In(1/N)? )2 deo
+ 2 /1/N\6n< )P deo

By equations (4.6) and (4.7), the first two terms converge to K||f|%, + e}f"(—ln(w))l
Meanwhile, the remaining terms all vanish as n — oo since [|d,|| — 0. We can now
conclude that

 1n N n(w 2
| @F o= tim [ PO ) dw < KB + O (= n(w))?

N—oo 1/N w
as desired. O

Proposition 4.15. The subset K is closed in (L*(RY), ]| - [lws)-

Proof. To prove this we need to show that each condition defining K from equation
4.5 corresponds to a closed subset. Functions which satisfy the < K inequalities from
equation (4.4) are in Dom(£). The remaining conditions corresponding to closed subsets
was shown in lemmas 3.9, 4.9, 4.10, 4.11, 4.12, 4.13 and 4.14. O

Having established compactness of K from propositions 4.8 and 4.15, we can prove
theorems 4.1 and 4.3 in the exactly the same way as the analogous theorems 3.1 and 3.2.

Proof of Theorem /.4. As in the proof of Theorem 3.3, we can write out L(p) explicitly
and note that each term depends continuously on the spline parameters to conclude that
the minimum is attained since the unit sphere in Py (0,b) is compact. O
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4.2 Properties of minimizers

The variation and Euler-Lagrange equations for the phase space uncertainty were recently
established in [23]. We recall those results here and use them to conclude that minimizers
are smooth and can be taken to be real valued without loss of generality, similarly to the
results in Sections 3.2.2 and 3.2.3.

Theorem 4.16 ([23, Theorem 32]). The variation of L for f satisfying e¢(Ty) = ef(1,) =
0 is given by

gy = ) )

| Gl
tl (“’&u> ST !

When we are looking for minimizers in D as in theorems 4.3 and 4.4, we say that the
variation is constrained. The following proposition gives the Euler-Lagrange equation in
this case.

Proposition 4.17 ([23, Proposition 35]). The constrained variation of L for f satisfying
ef(Ty) = ep(To) = 0 is given by

cons . a
BL(f) = OL(f) — Mnw)f — pi o f
for some Lagrange multipliers u, A € C. Moreover, if f is real valued, then u = 0.

From here we can can establish Euler-Lagrange equations. This is formulated in
Theorems 19 and 34 in [23] as dL(f) = 0 and JL(f) = 0 respectively. We make this
explicit in the following propositions.

Proposition 4.18 (The L?(RT) Euler-Lagrange equation). A minimizer fo of £ in D%
satisfies

f3 (W) (cow + c1w?) + fi(w) (cow)
+ fo(w) (c;;w In(w)? 4 c4w + ¢5In(w)? + ¢ In(w) + %7 + 08) -0

for constants cg, . .., cs depending on fy.
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Proposition 4.19 (The L?(0,b) Euler-Lagrange equation). A minimizer fo of L in
DY N L%(0,b) satisfies

£ (W) (cow + c1w?) + f(w) (cow — pd)
c
+ fo(w) <03w In(w)? 4 c4w + ¢51n(w)? + ¢ In(w) + ;7 + Cg) =0
for constants cq, ..., cs, u depending on foy.

We are now ready to establish smoothness results analogous to propositions 3.24 and
3.25.

Proposition 4.20. Let fo be a minimizer of L in D%. Then fy is smooth and fé”(o b €
L?(0,b) for any b > 0.

Proof. For smoothness, note that we can write

0 (w) = a(w)fo(w) + bw) fo(w)

which allows us to inductively show that fy is smooth. The f{ ’(0 p € L?(0,b) property
follows directly from || fo|| < M since fo € DY. O

Proposition 4.21. Let fo be a minimizer of £ in D% N L*(0,b). Then
(1) fo is smooth in (0,b),

(2) There exist bounds My > 0 such that

1N oy < M k=0.1,2,

(3) There exists a constant Ms such that

| In(w) fo(w)| < Ms.

Proof. Smoothness follows by the same argument as in Proposition 4.20. For the L™
bounds, the k = 0 case follows by the smoothness of fp and compactness of [0, b]. Both
the k =1 and k = 2 bounds follow by fy € D%. Lastly, the M3 estimate can be shown in
the same way as for Proposition 3.25. O

We now fulfill the promise of showing that minimizers can be taken to be real valued
without loss of generality.

Proposition 4.22. Let f be a minimizer of L in D%, then there exists a real valued
manimizer 7% = cf € D%R for a ¢ € C with unit norm.

Proposition 4.23. Let f be a minimizer of L in D% N L2(0,b), then there exists a real
valued minimizer % = cf € D%R N L2(0,b) for a ¢ € C with unit norm.

The proof of both of these propositions are analogous to that in Section 3.2.3 with
the main difference being that it is not immediate that Wronskian in not constant. This
can however be proved by standard methods and we omit the proof for brevity.
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4.3 Convergence of compactly supported minimizers

In this section we aim to establish results analogous to those in Section 3.3.

Proposition 4.24. Let fy be a minimizer of L in D%R. Then for any € > 0, there exist
b>0andy € D%R N L2(0,b) such that

[fo—yll<e,  [L(fo) = L(y)| <e.

Proposition 4.25. Let My, be the set of minimizers of L in D%R N L?(0,b). Then any
element of

= {f e L*RM): f= nl;rglo fo,s fo, € My, for some sequence b, — oo}

. o . R
is a minimizer of L in D% .

Proof of Proposition 4.24. We build on the construction from Proposition 3.26 with the
change that we are using the condition wf € L?(R*") to get an increasing sequence
b,, — oo such that

bn| fo(bn)| — 0.

From here the approximation is constructed in the same way which we recall here is by
writing ¢, = fo(bn) = |cnle®, 0, € {0, 7} and defining

fO(W), w € (Oabn)a
frlt(w) = Cn_ewn(w_bn)a w e [bnybn'i_‘cnua
0, otherwise,

flw) [ =ep(@),
) = Ty { —epn(T),
fn(w) = 7l'(€1,€2)71fn2(w).

Recall also that since fo € D%, L(f) can be written as in equation (4.3), i.e.,

L1
1£13y

and convergence of the first two terms and the || f||yy factor was already established in
Proposition 3.26. Therefore to finish the proof we need to show that the last two terms
of L(fy) converges, i.e.,

1
£0) = T+ 172+ s 1 )

1

+ W (=1
v“f’r{ﬁw( n(w)) P o ||2 HZ fOHW

fo

+0"V 5 (—In(w)).

I follw

oLl |2

[/ H2 i

We do this in the following sequence of approximations where some easier proofs are
omitted.

D el o5 ol

bn bn+|cn|
lwof¥ ]l = /0 Wl fo ()2 duo + /b Gl @) d

—llwfsllw =0(bn|cn])—0
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— 0.

n—0o0

@) |2l = w2

® [l = | 5 0

oty = 2 ] < [~ ofltat)l = 152 @) do 0

n—oo

by the dominated convergence theorem motivated by fy € D, and the continuity
of 7.

(4) ||jw f;LHW — [jw f(’)HW: This follows from the triangle inequality applied to (1),

n—oo
(2) and (3).
1 N 1
®) T o TR,
1P fol?
(6) w n—00 w
12 b 2 butlenl 1 2
’” :/ 7|f0(b;)’ dw+/ —| fHw) Pdw —— fo
w 0 w by W "~~~ n—oo || w
<|en|—0
2] ‘f; 2 ;
(7) ‘ w w n—00 0
217 | £ .
(8) ‘ f B —=o:
2
HfZ fa? S/“\!fﬁ(w)\Q—z\fn(w)lzldw .
w w 0 w n—o00

by the dominated convergence theorem motivated by fo € D, and the continuity
of .

9) e;:lj(ln(w)Z) — e‘Jf(‘)’(ln(w)Z):

n—0o0

bn ln(w)2

bn+|cnl n(w)2
o) do+ [ %) 1) ds —— Y (In(w)?).

b w n—00
n

w 2\
Hnw?) = [

(10) ¥ (In(w)) — e}fg(ln(w)).

fa n—00
(11) ‘e%(ln(w)z)—e%(ln(w)z) — 0
En(w)?) — Y (n(w)*)] = S (in(w)?) ||fi||2—1 e
(12) ‘e}%}(ln(w)) — ¥ (In(w))| —— 0.
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(13) [l (n(w)?) = Y (In(w)?)| —— 0:
w 2 w 2 > In(w 2 2
[ n(w)?) — e n(w)?)| < /0 W) 22 o)) deo —— 0

by the dominated convergence theorem motivated by fo € D, and the continuity
of 7.

(14) [el (n(w)) = F (n(w))| —— 0:
| In(w
) - | < [T 2R - 5P do 0

by the dominated convergence theorem motivated by fy € D, and the continuity
of 7.

(15) e

In(w)?) ——e T YW (In(w)?): This follow by the triangle inequality applied to (9),

n—o0

( and (13).

(16) P n(w))? —— e (n(w))*
10

(10), (12) and (14).

That || f,— fol| = 0 was established in the proof of Proposition 3.26 and having established
that L(f,) — L(fo), we can for any ¢ find a f, which satisfies the conditions of the
proposition. O

This follow by the triangle inequality applied to

hdt
1)
(
)

The proof of Proposition 4.25 is completely analogous to that of Propositon 3.27.

Proof of Proposition 4.25. Fix f € M so that f = lim,_, f3, for a sequence b, — oo
where fp, is a minimizer of £ in D%R N L?(0,b,). By Proposition 4.24,

L(fv,) — L(fo)

where fy is a minimizer of £ in D%R. We can therefore conclude that f;, € K for large
enough n by the definition of K. Now in the same way as in the proof of theorems 3.1
and 4.1 with ICy 5., we can show that L(f) = L(fy) since f,, — f and so f is indeed a
minimizer. (]

4.4 Convergence of compactly supported spline minimizers

In this section we extend the results of Section 3.4 to the remaining terms of L(f). To do
so, we reuse the construction of the splines k from Lemma 3.34 for which it only remains
to show that the last two term of L(k) converges to the corresponding terms in L£(fp),
i.e,

2

1 k fo
!WP” ‘M‘MMH WM\WWHZ%MV ’
W (—In(w)) ——= 0"}, (—In(w)).
el =0 Yol
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Proposition 4.26. Let fy be a minimizer of L in D%R N L?(0,b). Then for any e > 0,
there exist h >0 and y € D%R N Py(0,b) such that

L(fo) — L(po)| < e.

Before attempting a proof, we need to establish the following lemma which should be
seen as an extension of Lemma 3.35.

Ifo—yl <e,

Lemma 4.27. The following three estimates hold:

(A) iwdi|| | = lliwsslls, = 0w,

) HWHQ— & = ove

(C) v%(— In(w)) — vy (—In(w)) = O(h).

We again use that ||k| = 1+ O(h?) by lemmas 3.34 and 3.32, meaning we can dismiss
the normalizations. From here we treat each estimate separately.

Proof of Estimate (A). This can be seen as a consequence of the T, convergence estab-
lished in Lemma 3.35. Indeed,

b
ok By = ] < [ wllW @) = Fo)Pldo <[] = 5] = O
as desired.

Proof of Estimate (B). Here we first approximate by p similarly to the proof of Lemma
3.35:

fol?

21| = e o)~

= [w ™ fo,w™ (fo—p)) — (w ' (fo—p),w )|
<l follllw™ (fo = p)| + [l (fo = p)[ | "p|
= [l (fo = p)| (o™ fol| + P )-
The two terms in the second factor are both bounded in the proof of Lemma 3.35 so

it only remains to show that the first factor is O(h?). Note that the pointwise bound
established in Lemma 3.32 on |fy(w) — p(w)| can easily be improved for w € [0, h] to

| fo(w) — p(w)| < Maw®.

/ [fo(w) — p(w)I? dw_/h [folw ) 2 +/ [folw) —p@)?
/ 2 dw+/ [folw) — plw)? du

= O0W%) + 2 llfo — pll> = O(?)

Hence
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where we used that || fo — p|| = O(h?).
Now we need to show that approximating k£ by p works as well. Indeed, we can

repeat the above argument with fy replaced by k yielding that we need to show that

f b M dw is small. To see this, note that

h
0

From here, the second term can be estimated as
o2 [P ) a? ,
2 [ 1L do < S0 = o)
while for the first term, Lp is linear and has the value In(h)p(h) at w = h. Hence
a2/ (m h)f‘2 dw < a2hIn(h)2M2— = O(h2)
0 w2 h - h2

since hln(h)? < 1 for small h.

Proof of Estimate (C). As done previously, we split the variance as

v’ (~In()) = e’ (In(w)?) - e (= In(w))?

and show that we have convergence in each term. This is a weaker statement than the
convergence in the second estimate since — is less well-behaved near 0 than ln( ) and so

follows by the same argument. We illustrate it for e}’ (In(w)?) and note that “the same

procedure works for e}V (—In(w)).

e (In(w)?) — ef¥ (In(w)?)|

()2 o, fo) = (In(w)%™'p,p)|

’< n(w)%_lfo? fo—p) — (In(w)*w™"(fo — p)7p>’
‘< o, n(w)?(fo — p)) — (In(w)?(fo — p), _lp>‘
< 1fo\Hlﬂ “(fo =P + [[n@)*(fo = p) ||~ "pll
= || m@)*(fo = )| (o™ foll + [l p])

The second factor is bounded in the proof of Lemma 3.35, so we move to bounding the
first factor. On [0, 1], In(w)* < ﬁ while on [1,b], In(w)* < In(b)* < oo and we conclude

that || In(w)?(fo — p)|| = O(h).
To approximate this by e}’ (In(w)?), we can repeat the same argument used for esti-
mate (B). O

Proof of Proposition 4.26. With the above lemma established we are ready to finish the
proof. As in Proposition 4.24, we have reused the constructions from Chapter 3 and so
can recover the corresponding results. In particular, from Lemma 3.35 we have that

1
Il - WHMHQ — o),

Tl = g7 = 02,

Hkl

Il = piglwel’| = o).

1%l
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Therefore by combining these estimates with those established in Lemma 4.27 above, we
obtain the desired result that

et ()| <

for small enough h. O
We again also have the following limit set result.

Proposition 4.28. Let My, be the set of minimizers of L in D%R N Py(0,b). Then any
element of

M= {f € L*(0,b): f = T}Lr{:ophn, Dh, € My, for some sequence h,, — 0}

is a minimizer of L in D%R N L2(0,b).

The proof is analogous to that of Proposition 4.25.
We are now in a position to prove the two main convergence theorems of this chapter.
This works analogously to theorems 3.4 and 3.5

Proof of Theorem 4.5. Let fy be a minimizer of £ in D%R. By Proposition 4.24 there
exist b >0 and f € D%R N L?(0,b) such that
€

o= Jl<5 LU~ LW < 3

We now want to repeat this step by approximating f by a spline. However, Proposition
4.26 requires the L2(0, b) element to be a minimizer. We can do away with this condition if
we can show that f satisfies the estimates of Proposition 4.21. This is however immediate
from the construction of f in the proof of Proposition 4.24. Therefore we can find a h > 0
and y € D%R N Pp(0,b) that satisfies

IF =yl <5 1D L)<

Using the triangle inequality we can obtain the two inequalities of the theorem, finishing
the proof. O

Proof of Theorem 4.6. Fix f € M so that f = li_)rn pzn where p%” is a minimizer of £ in
n o0 n n
DY N Py, (0,b,). By Theorem 4.5,

L) —— L(fo)

n—oo

where fp is a minimizer of £ in D%R. We can therefore conclude that pZ’ZL € K for large

enough n by the definition of K. Using the same argument as in the proof of Theorem 3.1
on page 28 we can conclude that £(f) = L£(fo) which yields the desired conclusion. [
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Appendix A

A proof of Theorem 3.16

The purpose of this appendix is to prove Theorem 3.16 which we restate here for conve-
nience.

Theorem A.1 (The L?*(0,b) Euler-Lagrange equation). A minimizer fo of S in D% N
L?(0,b) satisfies

7(w) = Ho(w)folw),  Holw) = In(w)?+ % + kln(w) + flnw) — o

where £ = 2| T: fol* + [Wfol?, B € R and o = || T foll* + | To foll* + [Whol1*-

By the discussion in Section 3.2.1, this will follow if we can show that

65(fo) = Beys (15)

for a minimizer fo € DY N L%(0,b).

As mentioned in the end of Section 3.2.1, when we are searching for minimizers in
L*(0,b), we want to only consider wavelets with e;(7},) = 0 so as not to find a minimizer
which would leave L?(0,b) when having 7 applied to it. Had this been a finite dimensional
problem we would have used the following Lagrangian function to express this

L(f,8) = S(f) — Bes(T5)

and with the gradient corresponding to the variation, we would have obtained 6S(fy) —
Bdes,(T,) = 0 for fo € DY, which is the ODE in Theorem 3.16. The remainder of this
appendix is spent on formalizing this argument for L?(0,b). The arguments are based on
a collection of unpublished notes from [7].

A.1 Sobolev boundedness of the uncertainty differential

The first part of showing that our ODE holds is to show that it holds in terms of Gateaux
differentials, i.e.,

dS(fo) = pde_s, (T5). (A1)

[Ifoll

To do so, we first show that Gateaux differentials can be viewed as bounded linear
functionals on an appropriate space and that those functionals are uniquely determined
by their values at {sin,, },, where sin,, : [0,b] — R is defined as

sin, (w) = \/gsin (%mw) .
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Note also that the collection {sin,,}men is an orthonormal basis of L?(0,b). A more
general version of the space we will be working in is defined for s € N as

WS(O,b):{fGLQOb Z|fsmm l—i—m) <oo}

meN

with the inner product and induced norm

(F.9bs = S (F.sin) g, i) (1 + m?)",

meN

Hf”%/VQ(Ob Z | f,SlIlm 1+m ) .

meN
We wish to prove the following proposition.
Proposition A.2. Let f € Dg N L?(0,b), then dS(f, ) € W2(0,b)*.

To do so we will need the following three lemmas, the first two of which we omit for
brevity.

Lemma A.3. Let k be even and satisfy k < s. Functions f € W#(0,b) can be term-by-
term differentiated according the formula

f *) = k/ 2 Z f Sinyy,) sing,
meN

where the convergence of the sine series is uniform for k < s in W#(0,b), and in
We=k(0,b) for k < s.

Lemma A.4. Let k < s and W*(0,b) > n, — n € W*(0,b) in the topology of W*(0,b).
Then nﬁlk) — n®) uniformly.

Lemma A.5. The space W2(0,b) is a dense subspace of Ds N L?(0,b).

Proof. We need to show that all f € W?2(0,b) satisfy
|Tefl] <oor | Tofll <00, [WF] < oo

For T,, by Lemma A.3

L1 = " K f singn) 2 < € [(f, sing)[Pm® < C|fllw < oo

meN meN
It also holds that f(0) = 0 since f can be written as a sine series by Lemma A.3.
Therefore by Lemma 3.23 we get the desired conclusion for 7, and W.
Denseness follows by denseness of trigonometric polynomials in L2(0,b). O

With the above lemmas established, we are ready to prove the proposition.

Proof of Proposition A.2. In order for dS(f,h) to be defined, we need S(f + h) to be
defined which it is since W?2(0,b) C Dg by Lemma A.5. Linearity is clear and so it only
remains to show continuity.

65



By collecting terms in equation (3.5) and using the fact that T}, T, and W are self-
adjoint, we can expand the Gateaux differential dS(f,h) as

dS(fh) = (da(f), Teh) + (do (f), Toh) + {dw(f), Wh) + {d1(f), )

for functions d, d,, dyy, d;. Now let h,, — h in W?2(0,b) and conclude, using the Cauchy-
Schwarz inequality, that

’dS(f, h) - dS(f, hn)‘ < ||d:r(f)||L2HTx(h - hn)HL2 + ||da(f)||L2HTa(h - hn)
+ldw ()l 2 [ Wk = ha)|| o + Idz(F)ll 2 1B = Bl 2.

=

Each of the d functions are in L? and so continuity follows if we can show that each
of Ty, T,,W and the identity operator is continuous from W?2(0,b) to L?(0,b). For the
identity mapping we need to show that

l9llz2 < Cligllw-=

for g € W2(0,b). Using that {sin,, },, is an orthonormal basis, we get

lgllzz = > Hg.sinm)? < > [g.sinm) 2 (1 +m2)* = [lgllwe.
meN meN

Similarly for T,

lg'll> = D (g sing)[> = C Y [m{g, sing)[?

meN meN

<O g.sing) (1 +m?)* = Cllgllwe
meN

For T, and W we will need to use a more intricate method which implicitly uses that
lgllzz < Cllgllw2- By Lemma A.3, h(0) = h,(0) = 0 and by Lemma A.4, h,, — I
uniformly. Combining this with the uniform continuity of h’, k], we can bound both h
and h,, simultaneously as

[P(w)] + |7 (w)] < 31 (0)]w

for w < R and n > N for some R and N. Therefore for any » < R we can split up
HW (h — hy) H as

HW(h_hn)H2:/0 |h = hal® \2 / |h = hn|? \2 / Ih wh |2

h/ 2
< / de + Ln = 2.
0 w T

By choosing r = r, = ||h — hy|| — 0, the above converges to zero as n — oco. In the

special case where r, = 0, HW(h — h”)H2 = 0 too. This same argument carries over
directly to the T, case and so we are done. O

By writing the variations of e;(T") and v;(T') in the same form as S above, the above
argument works to show that they too can be viewed at linear functionals on W?2(0,b).
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A.2 The uncertainty differential on a finite dimensional
subspace

In view of the following lemma, we are only interested in the values dS(fo)(sing,).

Lemma A.6. The sine coefficient mapping S : y — {y(sinm)}meN 18 a one-to-one linear
mapping from W2(0,b)* to CN.

Proof. Assume that S(y1) = S(y2), i.e., y1(sing,) = ya2(sin,,) for all m. Any test function
h € W?2(0,b) can be written as the infinite sum

h= Z (h, sin, ) sing,

meN

since {sin,,} is an orthogonal basis of L?(0,b). Now since both y;,y2 are linear and
continuous we have

N
yi(h) = ( R > (n, sing,) Smm)

m=1
N

= lim Z Y1 (Sinm)<77a Sinm>
m=1

N—oo

N
= lim Z Y2 (Sinm)<77a Sinm>
=1

N—oo

N—oo
m=1

N
=y ( lim (n,sinm>sinm) = ya(h).

O]

We now restrict ourselves to the subspace of W?2(0,b) consisting of sinusodial poly-
nomials

Il = span { Sing, }T]Z:l.

For K1, Ky, K3, > 0, we define K., g, r, as the space of all f € DgN L%(0,b) such that

1 1
1£11? 17112

Lemma A.7. The space IC%’KQ’K3 s compact.

L
/112

T | < Kie®, T, f|| < Ko, IWE|? < Kses, <e.

e s (1)
¥

Proof. Closedness follows from writing K% x. k. as the intersection of closed sets corre-
sponding to the above conditions while pre-compactness can be proved as with Lemma
3.11 and Proposition 3.12. O

Proposition A.8. Consider the domain

RNI{pEHN[O,b]: ! Se“%l(To) 1 }

N =UN

Let p; be a minimizer of S in Ry. Then there exists a subsequence (p )m of (PN
converging to a minimizer fo of S in D%R N L%(0,b) such that

S(wh,.) = S(fo).
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Proof. Let yy be a minimizer of S in DOS’R N L%(0,b) and py the truncation of its sine

series, i.e.,
N

PN = Z(yo,sinn> sin, .

n=1
We now claim that S(py) ST S(yo) which we prove by showing convergence in each
—00

term below.

(1) [lpnll YR lyol = 1: Since yo € Ds, yy € L?(0,b) and so by Parseval with
—00

¢n = (Yo, sin,) we have that
o0
Z n?c2 <K
n=1

for some K > 0. Therefore,

2 —~ 2_ 1 = 2o —2
lyo —pn||” = Z Cnﬁmzn ¢ =0(N"7)
n=N+1 N+1

and using that {sin, }, is a basis we also have that
lyoll® = Ilox1* = llyo — pwvlI* = o(N 7).

(2) e o (T,) = 0: By (1) we can dismiss the normalization factor and just com-
PN —00

pute
b
eon (o) = epny (T) — e40(Ts) = / In(w) (P — 2) do

0
b
\//0 In(w)?|pn + yol? dw ||pn — wo|

IN

b
N A r —:
0 —_——— —00

- —0
<oo

where we used Lemma 3.23 and the fact that ||py|| < |lyo|| by Parseval. Note also
that this convergence is o(N~2) by (1).

(3) v_ex (T) — || Teyol|?: Note first that since yp is real valued, so is py and hence

el N—o0
epy (1) = 0 yielding 1

HE leNH2

By (1), we can ignore the normalization factor and just show that

N (Tx) =

V_p
PNl

[Pl = [lwoll = [P = woll == 0

This holds since g} is an L? function and Fourier series converge in L2

—2e pny (Ts) 9
(4) e  TNT v oy (Ty) — ||Toyo||”: This follows by (2) and (3).

[FNA N—o0
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(5) v_ox (T,) — || Toyol|*: By (1), we can disregard the normalization. The first
ol N—o0

step is to show that v, (T;) behaves as HTopNHQ. Indeed,

2
vpn (T) = | Topn||” = —2py (T5)* + epy (To) lpn | gravnil

by (2). We can now proceed similarly to (2) to find
b
T = Tl = | [ 6% - o8

b
= /0 In(w)?(pn + %) (pn — f — 0) dw

b
< \// In(w)*pn + yo|? dw HPN *QOH F 0
) ), N—oo

—0
<o
as desired.
—e pn (To)
(6) %HV\@NHQ - HWQOHQ —— 0: By (1) and (2) we can dismiss the first
| N—o00

factor and write the difference as
1
sl = Il = | [ 2 on? - ) ds
R+ W
1
< / —|pn + vollpn — yol dw.
R+ W

Both yy and p, can be bounded using Lemma 3.23 since ||p/y|| < [lyoll by Parseval
to yield |pny(w) + yo(w)| < 2||ypllv/w. If we apply the same estimate to |py — yo| to
bound the integrand we can move the limit inside the integral by the compactness
of [0,b] and the dominated convergence theorem. The a.e. pointwise convergence
of Fourier series now yields the desired conclusion.

Now since each of the terms of S(px) converges to those of S(yo), S(pn) gra (yo)
—00

as desired.

To get existence of a minimizer p(])v, note that since S is invariant under linear scalings
and Ry is finite dimensional, we can search for minimizers in the compact unit sphere
of Ry and since S is continuous in each parameter, we get existence of the minimizers
pQ € Ry. Since epiNl(Tg) = o(N~2) by (2), for large enough N we have that py € Ry

o]
and thus w
S(pi) < S(pv) ——— Swo) = SR) ——— S(vo).
—00 N—oo

In particular, the above convergence holds for any subsequence (p(])vm)m and so it only
remains to show that p(}v has a subsequence which converges to a L?(0,b) minimizer.

Since S(p%) < S(pn) and all terms of S(pn) converge to the corresponding terms of
S(yo), we have that p% € K}(,K,K for K =1+ S(yo) for large enough N. This space is
compact by Lemma A.7 and so we get a convergent subsequence p?vm — fo. To show
that fo indeed is a L?(0,b) minimizer, note that we can pass to an additional three
subsequences if necessary to get that

2
Uq%(TCE) 4)09’ qun(TO') *)O'g, HquzH —)O'g, S(vo) :0(1)+08+Ug‘
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Hence for each 6, > 0 there exists an integer M such that ¢¥, € /CaoJr(s 0450016 for
o7+06,05+0,03
m > M. By virtue of this holding for all €, §, we conclude that
2 2 2
ero(Ty) <0, ||Tefol|” <oty ||Tofol|” <03 [Wh|" <08

and since yp is a minimizer of S, S(fo) = S(vo) and so fp is a minimizer as desired. [

A.3 An Euler-Lagrange equation for the uncertainty dif-
ferential

We now claim that each ¢0, satisfies an Euler-Lagrange type equation. Indeed, ¢9, is a

solution to the Lagrangian multipliers problem of minimizing S(q) subject to e o (T,) <
q

\/J{Tn and e e (T,) > \/_T% Now recall that solutions of Lagrangian multiplier problems

with inequality conditions of the form g(x) < 0 satisfy

AS(¢3,) — Bmde_yy, (T,) =0

g I

with B, = 0 for those m for which ¢J, is in the interior of the allowed region. This
equality only holds in the domain in which we found ¢2, and since we added the bounds
on the expected scale as a restriction, this is Iy, , i.e.,

dS(qgn)(sink) = Bmde p (T,)(sing) (A.2)

g, I

for k < N,,. Our goal is now to lift this result to the L?(0,b) minimizer fo with the first
step being to move to a subsequence where [3,, converges.

Proposition A.9. The sequence (B )m has a convergent subsequence.
Before proceeding with the proof we need to establish three lemmas.

Lemma A.10. Let f € K, k, g, for some K1, K3, K3,e > 0. Then de 5 (T,) is given

I
/]
as an L? inner product with the L? function —21n(w) 1) _9¢ (T,) 1) which we denote

I

[ A Vi i
by de_y (Ty), i.e.,
[FA

de g (T)0) = { ~ s () e g (1)) )0

[Eil A1

:6ei(Tg)(w)
A

Proof. This is a direct consequence of the calculation in Lemma 3.21. O

By translating variations to L? functions we can show equality in distribution by
showing equality in L2. In particular, this holds for the sequence ¢2,.

Lemma A.11. With e o (T,) and de 5, (T,) as L? functions by Lemma A.10,

q
a1 1ol

de 9, (Ta‘) — 5€f70(Ta-).

m—00 lfoll

a2 I
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Proof. From how ¢9, is defined in Proposition A.8, it hold that ||¢%|| = 1 = || fo|| and

eqo. (T5) — 0 and so the only nontrivial part left to verify is that

(A O] R

m—00

We derive this as a consequence of ||¢), — fo|| — 0. Note that Lemma 3.23 applies to
both ¢°, and fo meaning we can bound them by VK \/w and so by splitting up the above
integral at r,, = |¢°, — foll, using the elementary inequality (a + b)? < 2(a? + b%) and
assuming that r,, < b we have

Tm b
1T — o) :/0 |~ In(w)g® + Inw)fo dw—i—/ |~ In(w)g?, + In(w) fo]? dw

Tm

§4K1n(b)2/ w dw + In(b) / |49, — fo|? dw < Cllg%, — fol® — 0.
0 Tm

When r,, > b, we simply do not split up the integral. O

From this lemma and Lemma A.10 we conclude that

de o (Ty) — de o (Ty). (A.3)

llaD, |l llaQ, I

Lemma A.12. For any integer k,

lim dS(q,)(sing) = dS(fo)(sing).

m—ro0

Proof. The convergence we want to show here is similar to that in Proposition A.2.
Indeed, using equation (3.4) we can write

|dS(gn,) (sing) — dS(fo)(sing)| < [{da(f) — dalaly), Tuh)| + |{do(f) — do(aD,), Toh)|
+ | {dw(f) — dw(ah,), Wh)| + [{d;(f) — di(qn,), h)|

where d, d,, dyy can be derived from (3.4). We now verify that each nontrivial term goes
to 0. Note that in the following the integer £ is fixed.

(1) (>, — fo,sing) ——> 0: This follows immediately by Cauchy-Schwarz and /g0, —
m—0o0
foH — 0.

(2) <q0 " 0 sink> ——— 0: By moving the derivatives to the sine we can get the
m—ro0

m

desired conclusion using Cauchy-Schwarz combined with ||¢%, — fol| — 0.

(3) <q21/ - 10, sink> —— 0: Again we can move the derivative to the sine and use
m—0o0

Cauchy-Schwarz since || sin), || < co.

(4) < (S, — £, smk> — 0: By moving the 1/w to sing and applying Cauchy-
m—00

Schwarz, we see that it suffices to show that

lam = fol[[loo™" stne [ = 0.

The second factor is bounded since sing has a zero of order 1 at 0 while the first
factor converges to 0.
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(5) (In(w)[g%, — fo,sing) —— 0: Similarly here we can move the In(w) to sin, and
m—0o0
note that the resulting product is bounded near 0 and then apply Cauchy-Schwarz.

O]

Proof of Proposition A.9. Existence of a convergent subsequence follows if we can show
that (8 )m is bounded. If de s, (15)(sing) = 0 for all k we can take /3, = 0 for all m.
IIfoll

If not, then we can write
g, = -4 (g ) (sing)
"™ de o (T,)(sing)

g, I

and it will hold that the numerator converges to de s, (T,)(sing) # 0 as m — oo
[Ifoll
by Lemma A.11, so it is bounded from below. There?ore it only remains to bound

dS(g%,)(sing) from above, but this holds since it converges to dS(fo)(sing) by Lemma
All12. O

By abuse of notation, we denote this convergent subsequence by 5,, and note that
the results established above suffice to lift the result in equation (A.2) to fo:

dS(qp,)(sing) = Bm ~de o (T5)(sing)
T —~ lla% I
—> dS(fo)(sing) — B _
by Lemma A.12 by Prop. A.9 __. 4. fo (To)(sing)
Tfoll
by eoq. (A.3)

which implies that

dS(fo)(sing) = Bde“%(To)(Sink)-

By Proposition A.2, this differential can be viewed as a linear functional on W2(0, b) and
by Lemma A.6 we have

dS(fo) = ﬂdeﬁ(%)

which is precisely equation (A.1).

A.4 From the uncertainty differential to the uncertainty
variation

Finally we prove a representation theorem for functionals on W2(0,b) that will allow us
to translate the uncertainty differential to a variation.

Lemma A.13. Let y € W2(0,b)* satisfy {y(sing,)}men € €2, then there exists a unique
function q € L*(0,b) such that for any h € W2(0,b),

y(h) = (h, q) 2.

Proof. Since {y(siny,)}men € £2, we have convergence in the sum

q= Z y(sing,) sing, .

meN
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By writing an arbitrary h € W2(0,b) as h = >, _(h,sing,) 2 sin,, as in the proof of
Lemma A.6 and using the linearity and continuity of y, we have that

y(h) =y (Z (h, sing, )2 sinm) = Z (h, sin, )y(siny,)

meN meN
_ <<h, sinm>L2,m>ﬁ = (h, q) 2.

For uniqueness, if y(h) = (h,q1)r2 = (h,q2)12 for all h, we form ¢ = ¢; — g2 and note
that
(h,@)r2 =0  forall h € W?*(0,b).

Now since W?2(0,b) is dense in L?(0,b) by Lemma A.5 and inner products are continuous,
we conclude that ¢ = 0. O

Proof of Theorem 3.16. Both dS(fo) and de s, (T,) satisfy the £? condition of the above
lfoll
lemma by Lemma A.10 and equation (A.1). Thus since de s, (T,) was given as an inner
Il foll
product in Lemma A.10 and dS(fy) was defined via the inner product with the variation

in the first place, we have equality in the L? sense of

dS5(fo) = B(—=2In(w) fo)-

The factor —2 can be absorbed S to yield the desired equality, completing the proof. [J
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