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Den brusiga diffusionen av virme som utsatts for
slumpmassig energi

Elmir Nahodovic, Erik Karlsson Strandh

Energi och dess spridning har forutom dess otaliga applika-
tioner inom fysiken och teknologi, en vildigt djup matematisk
skonhet som visar sig i ekvationen som beskriver diffusionen.
Arbetet har studerat vad som hénder nir ett system som be-
skrivs av virmeledningsekvationen paverkas av slumpmissiga
fluktueringar, ett sa kallat vitr brus.

Temperature Distribution u(t, z)

Temperature

Figur 1. Simulation av virmediffundering i en stav som hettas upp enligt en
initial temperaturdistribution och som sedan diffunderar ut dver tiden.

Idén bakom vitt brus (férutom en del tekniska krav) ar att
den totala tillférslade energin &r 0, och att energin i tva sepa-
rata regioner i mediet dr oberoende av varandra. Filten som
beskriver diffusionen visar sig ha distinkta fraktalbeteenden
med kopplingar till andra vilkdnda slumpmissiga processer
som kan liknas till slumpvandringar, som exempelvis den
Brownska rorelsen och dess generaliseringar.

Temperature

Figur 2. Simulation av virmediffundering i en stav som hettas upp enligt
en initial temperaturdistribution och som sedan diffunderar ut 6ver tiden med
tillslag av vitt brus.

Dessa resultat giller dven for en del brus som ir fargat, vil-
ket innebdr att energitillférseln i mediet 4r inte helt oberoende.
Fokuset for den hér rapporten ligger i att rikna pa variatio-
nen over tid och rum for diffusionen som péaverkas av brus.
Variationen #r ett slags matt pa hur mycket filtet studsar fram
och tillbaka, och det vi sammanstiller i arbetet ir de statistiska

egenskaperna for variationen, samt hur datorn kan simulera
dessa ytterst ojimna filt.

Nir det kommer till datorsimuleringarna visar det sig att
manga av de standardmetoderna som anvénds for att simulera
virmeledning och allmin diffusion inte kan fanga den korrekta
variationen. Vi demonstrerar att av dessa standardmetoder,
finns det endast en som kan fanga de korrekta fraktalegen-
skaperna. Resten av dem antingen slatar ut féltet for mycket,
eller gor dem dnnu mer irreguljéra.

Eftersom filten ddremot dr slumpmissiga processer i tid
och rum, fas ytterligare en till metod att simulera diffusionens
vigar med hjilp av verktyg fran sannolikhetsteorin, och denna
metod lyckas fanga ritt variation.
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Figur 3. De vigvisa fraktalerna av temperaturdiffundering over tid och rum.

Vi belyser dessutom de statistiska egenskaperna av filten
med hjidlp av simuleringarna, som bekréftar den hérledda
teorin.
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Abstract

The field of stochastic partial differential equations (SPDEs) has been extensively stud-
ied the past decades, with the stochastic heat equation %u(t, z)—aAu(t,z) = oM(t, )
driven by a Gaussian noise that is white in time but perhaps correlated in space being
an important example of such SPDEs. The solution u and its exact g-variations is the
object of consideration. This thesis rigorously defines the solution u as an isonormal
Gaussian process, and we present how it is up to C'' perturbations a scaled fractional
Brownian motion ¢F? (fBm) with ¢ > 0 and some Hurst parameter H. The 1/H
variations of v and ¢F'H will agree, such that with the known variations, estimations of
the drift « and diffusion ¢ can be constructed, by sampling the variation at equidistant
points in time and space separately as well as jointly. The solution to the stochastic
heat equation is simulated both with the known covariance structure, along with finite
difference schemes. We demonstrate how the only one step finite-difference scheme ap-
proximation that obtains the correct limiting g-variations is a specific Crank-Nicolson
scheme with CFL number i The drift and diffusion estimators’ asymptotic normal-
ity is illustrated using the simulations.
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Chapter 1

Introduction

1.1 Background

Consider a rod of length L > 0 that is heated up according to some initial temperate at
starting time to = 0, and let u(t,z) denote the temperature distribution of the rod at a
point x between 0 and L and time ¢ > 0. The change of the temperature at the point
t is proportional to the second derivative in space at the point x € (0, L); in equation
form 5 o

U= YW (1.1)
which reflects how the heat diffuses through the rod, where a@ > 0 is a constant de-
scribing the rate of diffusion. The solutions to the heat equation are known for their
smoothness and regularity. Given sufficiently smooth initial conditions and for exam-
ple constant periodic Dirichlet boundary conditions u(t,0) = u(t,L) = C € R, the
solution u spreads out to a steady state due to the diffusive nature of the equation. An
illustration of this can be seen in the below Figure 1.1.
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Temperature Distribution u(t, z)

Temperature

0.6

Space Time

Figure 1.1: Illustration of the solution to the heat equation 1.1 with & = 1 on the "rod”
with length L = 1, constant boundary temperature u(¢,0) = u(t,1) = 0 for all ¢ > 0,
and initial condition u(0,z) = sin(27x) for 0 < x < 1.

The above heat equation (with derivation found in e.g. [Baehr and Stephan, 2011,
Chapter 2]) was first introduced by Joseph Fourier in his book ” Théorie analytique de
la chaleur” (The Analytical Theory of Heat). Addition of a driving term f(t,z,u(t, z))
on the right hand side of 1.1 allow us to consider the diffusion in a medium that is
provided thermal energy in both time and space according to f.

Applications of the heat equation 1.1 with some driving term are plenty, the obvious one
being the description of how heat diffuses in a medium where the solutions u enable
us to predict the temperature at a given time and space. Other applications of the
heat equation include describing and modelling the following, current flow in electrical
conductors, the diffusion of gases, flow in groundwater basins, and option pricing,
among many others (see e.g. [Narasimhan, 1999] for a comprehensive exposition of
applications and history of the heat equation).

For our thesis, we also aim to consider the heat equation, but with the addition of a
noisy driving term. We will firstly consider the randomness as a white noise in time
and space, W (t, z), which (heuristically), is Gaussian, adds on average 0 energy to the
system, and the energy added in two disjoint regions are independent. An illustration
of the solution to the heat equation driven by a space-time white noise can be seen in
Figure 1.2 below. Compare it with the smooth solution given in 1.1 above.
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Temperature Distribution u(t, z)
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Figure 1.2: Illustration of the solution to the heat equation 1.1 driven by a space-time
white noise W (t,z) with o = 1 on the ”rod” with length L = 1, constant boundary
temperature u(t,0) = u(t,1) = 0 for all ¢ > 0, and initial condition «(0, z) = sin(27z)
for 0 <z < 1.

After developing the necessary tools to study this stochastic heat equation, we will be
able to consider more general noise, which is still independent over time, but has some
spatial correlation, which we denote as M (t,z). This thesis emphasises the path-wise
roughness of the solutions to the stochastic heat equation, along with the regularity of
its simulations.

1.2 Stochastic processes and their roughness

Let (2, F,P) be a probability space. With the measurable space (R, B(R)) and some
arbitrary index set T, a stochastic process is given by the real-valued stochastic variables
X(t) :=={X(w,t), t € T}, where w € Q is any basic event for all .

1.2.1 The (Fractional) Brownian motion

The solutions to the stochastic heat equation are heavily related to the Brownian
motion and the fractional Brownian motion (fBm), the latter being a generalisation
of the former. The Brownian motion is named after the botanist Robert Brown who
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observed this process as a jittery motion of pollen grains in water. Brownian motion has
since then become a fundamental concept in various scientific fields, including physics,
chemistry, biology, and finance. It is used to describe and model the random movement
of particles, stocks, and to understand diffusion processes, as well as other phenomena
influenced by random fluctuations. Both Louis Bachelier in 1900 and Albert Einstein
in 1905 have made rigorous definitions of Brownian motion [Narasimhan, 1999]. For
a standard' Brownian motion we will use the following definition (see [Bjork, 2005,
Chapter 4, section 1]).

Definition 1.2.1. A stochastic process W is called a standard Brownian motion if the
following conditions hold,

1. W(0) = 0.

2. The process W has independent increments, i.e. if r < s <t < u then W(u) —
W(t) and W (s) — W(r) are independent random variables.

3. For s < t, the stochastic variable W (t) — W (s) € N(0,t — s).

4. The process W has continuous sample paths, i.e. for a fiv w € Q, the function
t— W(w,t) is continuous.

It is specifically the last point in the above definition that warrants some attention.
The standard Brownian motion has continuous sample paths indeed, but the path
t — W(w,t) is almost surely nowhere differentiable as a function of ¢ [Bjork, 2005,
Theorem 4.2]. See Figure 1.3 below for a plot of a sample path, demonstrating the
rugged trajectory.

!The emphasis on standard is to highlight the continuous trajectories of the Brownian motion. For
general Gaussian processes (and Brownian motions) continuity is not always guaranteed.
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Figure 1.3: A sample path of the standard Brownian motion.

Even though the paths are non-differentiable, they are at least almost 1/2—Hoélder
continuous.

Definition 1.2.2 (Local Holder continuity). A function f : D — R, where D some
normed space is locally v-Hélder continuous with Hélder exponent v > 0 if there exists
C > 0 such that

[f(x) = fWI < Cllz —y|”
for x, y € K for all compact sets K C D.

The noise we talked about earlier can be seen in some weak sense to be the deriva-
tive of the Brownian motion W (t) = 9 (¢), and for space-time white noise we would
have W (t,x) = %(t,a}), where W (t,x) is the Brownian sheet, a higher dimensional

generalisation of the Brownian motion.

The solutions to the stochastic heat equation will have many of the same properties
as the Brownian motion and the fractional Brownian motion (which does away with
the independent increments). The fractional Brownian motion was originally defined
in [Kolmogorov, 1940] by Kolmogorov in a Hilbert space framework. An example is
the usage of fractional Brownian motion for modelling the Nile by Hurst who created
the so called Hurst phenomena. The usage of the fractional Brownian- instead of the
Brownian motion was because of the fact that they wanted long range dependence in
the model [Mason, 2016].

The fBm is denoted F¥, where H € (0,1) is called the Hurst parameter, and with
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H = 1/2 the fBm becomes the Brownian motion. We will give a rigorous definition
of an fBm process later in Chapter 3, however we state now that the fBm is also
Hoélder-continuous, with Hélder-exponent that is almost H. See Figure 1.4 below which
shows the irregularity of the fBm for different Hurst parameters H and how its Holder
exponent is connected to the roughness of the paths. The smaller the parameter H,
the smaller the Holder-exponent and the more bumpy the paths become.

=1
— 1

| Samplg Path of a fractional Brownian Motion F¥, { =1/2 |

(b) Fractional Brownian Motion with Hurst parameter H = %

ample Pa - ’ H =3
| Samplg Path of a Fractional Brownian Metion F/, { =3/4

FH(t)

0 DI1 BIZ D‘J DIA 0'5 DIB 0‘7 O‘B DIQ 1
(¢c) Fractional Brownian Motion with Hurst parameter H = =

Figure 1.4: Fractional Brownian Motion with different Hurst parameters, simulated
using the same underlying independent standard Gaussian variables.
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1.3 Stochastic Partial Differential Equations (SPDEs)

Often scientists and applied mathematicians use differential equations to model complex
interactions in nature, but these equations have a hard time taking into account the
inherent randomness that we often perceive when measuring physical phenomenon.
One way to mathematically consider this is by the concept of noise, which captures
the intricacies of randomness present in nature and society. Noise can be observed by
the noise in transmitting voice by telephone, mechanical noise from machines, or noise
in the temperature from random fluctuations in weather, among others.

By adding noise terms to differential equations, and particularly partial differential
equations (PDEs), we obtain what is called stochastic partial differential equations
or SPDEs for short. We will see that we can solve a subset of SPDEs, with the
same methods as for deterministic PDEs. The solutions to SPDEs often have many
interesting mathematical and statistical properties, for instance the roughness of their
paths, which our thesis emphasises.

1.3.1 What is an SPDE?

In the most general setting, an SPDE of order k € N is a formal? equation that involves
the unknown multivariate function (stochastic process) u : Q2 x Z — R and its Jacobian
derivatives Diu, i = 1,...,k such that, for all x € 2 and w € Q,

o (w, Dru(z),. .., Du(z),u(z), y) =
Y (w, Dul), ..., Du(e), u(z), ) M(w, ). (1.2)

With initial- and boundary conditions if applicable. Here we have

pp  OxRY x . xREXR x 2 — R.

The factor M is called the noise in the system and is often symbolically denoted %,

furthermore, the initial- and boundary conditions may also be stochastic. The space
Q is the sample space from a complete probability space (2, F,P) while Z is usually
some subspace of the Euclidean space R? for some integer d > 1.

2Because the noise and randomness of the system often does not admit a point-wise (let alone
differentiable) solution to 1.2, we call the equation formal. It will become clear later what we mean by
a rigorous solution to an SPDE and how it connects to the corresponding PDE without randomness.
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1.3.2 Linear SPDE’s

To study general equations of the type given in 1.2 require very heavy mathematical
machinery that is beyond the scope of this thesis. Instead, the theory we present will
be able to handle SPDE’s of the unknown process v : @ x Ry x 2 — R of the form

Lu(t,z) = a(t,x,u(t, x)) +M(t,x), t >0, x€ P CRY, (1.3)

with deterministic initial conditions and if necessary also boundary conditions. In
the equations and calculations we usually omit the variable w € Q. The operator
L = % — A is a linear partial differential operator, where A is a second order dif-
ferential operator in space with the property of uniform ellipticity, see for example
[Polyanin and Nazaikinskii, 2016, Section 16.2.2]. The driving term M is a Gaussian
noise, where we start with what is called white noise and later expand to a noise which

is white in time but ”coloured” in space.

The SPDEs of the form 1.3 are often called linear SPDEs driven by additive noise.
In contrast with SPDEs driven by multiplicative noise, which instead would contain a
term b(t, z, u(t,z))M(t,z) on the right hand side. Equations with multiplicative noise
require heavier theory which we will not look at. However we will consider the case of
b = o > 0 being constant, with ¢ being the diffusion parameter. For the differential
operator we will mainly focus on £ = (% — aA), with a > 0 being called the drift
parameter. We will study the solution on two spaces, Z is either the bounded interval

(0, L) for some L € R or the entire space R? where the integer d > 1.

From PDE theory (see e.g. [Polyanin and Nazaikinskii, 2016]), if we assumed that
equation 1.3 did not contain any stochastic elements and with some further integrability
conditions on the functions, we know that there exists a mild solution formula for
equation 1.3 of the form

u(t,z) = Ip(t, x) +/0 /Q\I/(s,y; t,x)a(s,y,u(s,y))dyds

—i—/o /Q\I/(s,y;t,x)M(dyds). (1.4)

Iy contains the data from the initial- and boundary conditions and ¥(s,y;t,z) is the
fundamental/Green solution to the deterministic PDE version of equation 1.3. When
L = (% —al): U(s,y;t,x) = ¥(t — s,z,y) and furthermore for the fundamental
solution on 2 = R%: W(t —s,z,y) = ¥(t — 5,2 — y). This is because of the translation
invariance in time and space respectively for the Green and fundamental solution to
the heat equation.

One big conundrum of this thesis is to give a rigorous meaning to the stochastic



Stochastic Partial Differential Equations (SPDEs) Chapter 1

integral term above,

/Ot /9 (s, y;t,2) M (dyds).

We will see that the solutions to an SPDE will be given by the same formula as for
the deterministic case, as long as all stochastic integrals in the mild solution are well
defined. The definition of the stochastic integral is the big focus of chapter 2.

Remark 1.3.1 (Note on naming convention). When we are explicitly looking at the
solution on 2 = R we will denote ¥ = ® and call it the fundamental solution. If we
consider the solution on 2 = (0,L) or some other bounded interval we write ¥ = G
and call it the Green function.

1.3.3 The (Stochastic) Heat Equation

This section aims to lay down all the needed results for the later analysis of the stochas-
tic heat equation (SHE).

To get an intuition for the noise, first let

oM (t,2) ow (t,2)
a0 \LT)=0777"(1,7),
otox Otox
where oW := a%(t, x) is a white noise process in time and space scaled by the

diffusion ¢ > 0. The idea is that W € L?*(Q) is a zero mean Gaussian stochastic
process with finite second moment equal to 1, where the ”"white” of the noise means
that W (t1, 1) and W (t2, x2) are independent for (t1, ) # (ta, z2). However, a process
like W (t, ) cannot exist. A short motivation is that if it did exist then from these
W (t,x) we could construct uncountably many random variables in L?(Q) that are
mutually orthogonal. But the Hilbert space L?(Q) is separable, and therefore any
orthonormal set of vectors has to be at most countable. Which implies that there are
no such processes W(t, x). This suggests some careful treatment of the noise to make
equation 1.5 below rigorous. Nevertheless, we proceed heuristically.

The general heat equation that is the topic for the majority this thesis, on the spatial
domain 2 = R? for some integer d > 1, or 2 = (0, L) where L € R is,

%u(t,x) —alAu(t,z) =oW(t,z) t>0,z2€ 9
u(0, ) = ug(z) TE€EY (1.5)
+ Homogeneous BC if applicable x € 0.

With A := ZZ:1 59722 and ug : 2 — R is some sufficiently integrable deterministic
k

function.
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Some important properties that we will show later when we have defined the solution
u(t,z) to 1.5 with white noise forcing include that the wu(t,z) does not exist point-
wise in dimensions d > 2. And for d = 1, u will almost surely not be a differentiable
function anywhere. Its sample paths are incredibly rough but they are at least almost
1/2-Hélder continuous in space and almost 1/4-Holder continuous in time.

One way to force solutions in higher dimensions is to consider a more smooth driving
noise M in the right hand side, by for example, introducing some homogeneous spatial
correlation of the noise.

1.3.3.1 Solutions on 2 = R¢

The equation we consider will be

{gtu(t,a:) —alAu(t,z) = oW (t,z) t>0, zeR? (1.6)

u(0,x) = up(x) r € RY.

We give a formal proof of the below proposition in the case of a deterministic and more
regular driving term in Appendix C.

Proposition 1.3.2. The solution to 1.6 is by the superposition principle,

—|z—y|? —le—y|®

: e dat d e4a(t S) dud

With f(t,z) = oW (t,x) = Uatax (t,z) and using properties of the Riemann-Stiltjes
integral we can write the solution as

u(,:z:)—/Rd (47Tat)d/2 Jdy U/ /Rd 47T0ét—5)d/2 (dyds). (1.7)
—lz—y/?
e da(t—s)

The function ®(s,y;t,x) = ®(t — s, x,y) = Pt — s,z —y) = ( for t > s and

dra(t—s))d/2
z,y € R? is the fundamental solution to 1.5 above. It solves the differential equation

P
E(sﬂl/; t .T) - OéAq)(&y;t’ .’IJ) = 0.

With initial condition ®(s,y;t,2) = 6(z —y) for t > 0 and = € R? where s € [0,t) and
y € R? are free parameters for above equation. The Dirac-d initial condition should be
seen in a distributional sense, i.e. that

/ uo(y) @ (s, y;t, x)dy — ug(z) as t — 0.
Rd

10
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—|z—y|?

We emphasise again that the integral fg Jra %W(dyds) is not yet defined.

This is the aim of chapter 2.

Remark 1.3.3. The function

—|x|?
€ 4dat

(4mat)t/2

O(t,x) =

fort > 0 and x € R can be seen as the probability density function of a zero mean
Gaussian variable with variance 2adt.

A useful property is that for d = 1, the function (s,y) — P(t — s;x — y) lies in
L%((0,t) x R) for all + > 0. To see this note that by a change of variables t — s to s and
the translation invariance in y we have

t
/ /@(t—s,x—y)Qdyds

—le—yl® —lw®
/ / e da(t—s) s) dud / / Sas ez
(4ma(t — s))1/? vas = drras) yas:

We split the integral over space and time in the following way.
—|ul?

/ / (& 2as d d /t 1 / € 2as d d
yas = Y S.
(V2 - 8y/msa %) 0o V8msa \ Jr (V27sa)

2
—lvl
e 2as

(V2msa)

density of a Gaussian variable, and hence the integral over y is equal to 1. This gives

/t ! ds—l/tlds—\/t<oo

0 V8msa V2ra Jo 2vs 2o

The above result actually follows from the semi-group property (cf. [Samuil D. Eidelman, 1998,
Property VI.1]) of ® over R

We know that the fundamental solution

above can be seen as a probability

Proposition 1.3.4. For all z,z € R?, we have
O(s+t,x—2z)= / O(t,xz —y)P(s,y — 2)dy.
Rd

Where we also note the symmetry ®(t,z — z) = ®(t,z — x).

11
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1.3.3.2 Solutions on 7 = (0, L)

We prescribe vanishing Dirichlet boundary conditions wu(t,0) = u(t, L) = 0 along with
the initial condition u(0,x) = ug(z).

%u(t,aﬁ) —alAu(t,z) = oW (t,z) t>0, z¢e(0,L)
u(0,x) = ug(x) x € [0,L] (1.8)
u(0,t) =u(L,t) =0 t>0.

Where ug(z) is some sufficiently integrable function. We look at the corresponding

weak formulation and mild solution (cf. [Walsh, 1986, Chapter 3]). Multiply by a test
function ¢(x) and integrate up over the domain [0, ¢] x [0, L] gives us weak formulation,

/0 u(t, 2)6()dz— a// (5,2) 22 (2)duds
_ /0 wo(2)p(x)dzto /0 /0 o () W (dwds).

The above weak form implies a so called mild solution of 1.8, for a derivation see for
example [Dalang et al., 2009, Chapter 1. Section 6] or [Walsh, 1986, Chapter 3.

u(t, x) /G()y,t:cuo dy+// G(s,y;t,z) W(dyds). (1.9)

Where G(t—s,z,y) := G(s,y;t,x) := 23> e 12 (t=9) gin ("F) sin (my) fort > s
and z,y € (0, L) is called the Green function associated to the differential equation

aff(s,y; t,r) — aAG(s,y;t,x) = 0.

With initial condition (in distributional sense) G(s,y;t,z) = é(x — y) for ¢ > 0 and
x € (0, L) and vanishing Dirichlet boundary conditions. The parameters s € [0,¢) and
y € (0, L) are free parameters for the above equation.

Remark 1.3.5 (When ¥ = (—L,L)). We can find the solutions on (—L,L) by con-
sidering the equation on (0,2L) and utilising translation invariance on 1.9. Shift the
space one step to the left to get the solution on (—L,L). Effectively replacing all the
L’s to 2L and all the x and y’s to x + L and y + L respectively in 1.9.

For G(t,x,y) := G(0,y;t,z), an important inequality is that
1

Gt,z,y) <P(t,x —y) < )
drat

(1.10)

The Green function also satisfies a semi-group property.

12
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Proposition 1.3.6. For all z,z € (0, L), we have

L
Gt +5,2,2) = [ Glt.o,0)G(s,3.2)dy (1.11)
0
Proof. Recall that
G(t,z,y) = — ie_af?#tsin () <mry>
b ) L n:1

Then

L
/ G(t,2,9)GC(s,y, 2)dy
0

4 S = (n2t+k2s) nrx\ . [nwz L /ot . (kny
L;; sin - sin T ; sin T sin T dy.

equation 1.11 follows since,

1.4 The goal of this thesis

One important object of study is the sample path ((t,z) — u(w,t,z)) regularity of
the solution u(t,z) to the stochastic heat equation. One such regularity is the before
mentioned Hoélder-continuity of u. For the case of the stochastic heat equation with
additive white noise, we will show how the solution is almost 1/2-Hélder continuous in
space and almost 1/4-Holder continuous in time. In particular the solution u to the
stochastic heat equation has similarly roughlpaths to the sample paths of the fractlonal
Brownian motion, with the regularity of F'2 corresponding to x — u(t,z) and Fi to
t — u(t,z). Below in Figure 1.5 is a simulation of the solution on Ry x [0,1] with
homogeneous Dirichlet conditions- and initial condition.

13
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u(t,z) Simulation

0.4
0.6 0.5

o 0 0.8 0.7
1 ) Space

Figure 1.5: Simulation of the random field solution to the stochastic heat equation 1.8.

Fixing one variable we can look at u as a function of one variable, we have the following
simulated paths in figures 1.6 and 1.7 (which are from the same simulation as 1.5),

t u(z,t) for t >0
0.1 T T T T T T T T

u(x,t)
o
T
1

02+ -

03 1 I L L 1 1 i L
0

t %107

Figure 1.6: Simulation of the random field solution to the stochastic heat equation 1.8
as a function of time.
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x> u(z,t) fort >0
0.3 T T T T T T T T T

0.2~

u(x,t)
o

01+ -

.03 1 1 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 1.7: Simulation of the random field solution to the stochastic heat equation 1.8
as a function of space.

Of course it doesn’t tell us that much to just look at the paths in figures 1.5, 1.6 and
1.7 on their own. For a function f (which can be stochastic) we calculate the ezact
g-variation V[Z b [f] which exists if the limit

n—1
Vg lf1= lim > (f(xi41) = f(2:))?

i=1
converges in probability for z; in a uniform partition of the interval [a, b]. The function
t — u(t, x) has non-trivial (not equal to zero or 0o) exact 4-variation, which is directly
linked to the almost 1/4 Holder continuity. And z — u(t, ) has non-trivial 2-variation,
which again is thanks to the almost 1/2-Holder continuity. The variations will depend
on the parameters defining the SPDE, especially the drift o and diffusion o. From
these we can construct statistical estimators of the drift and diffusion parameters from
observing the field solution by measuring the variations in discrete sampled points.

The main goal of this thesis is to consider the exact g-variation of the true solutions
as well as the simulated solutions to the stochastic heat equation.

In Chapter 2 we will give the necessary theory and results needed to study the properties
of the solution u. Chapter 3 will show the theory behind the distributions of the
solution, how this is connected to the variations, stating and proving the values of
the exact g-variations of the solutions, how we can construct estimators of the drift-
and diffusion parameters, as well as stating their statistical properties. Chapter 4 will

15
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contain the methods to simulate the stochastic processes that make up the solution,
like we saw in figures 1.4, 1.5, 1.6, and 1.7. An interesting result here is that many
standard ways of simulating solutions to PDEs work for the SPDEs we are considering,
the approximations will converge, in the sense that the error goes to zero. But the
exact g-variations do not converge for general approximation schemes. We finish the
thesis with Chapter 5 where we show how to construct the white-coloured noise and
its respective stochastic heat equation with solution.

16



Chapter 2

SPDEs with Gaussian White
Noise

This chapter aims to give the central definitions and properties needed to study the
stochastic heat equation and its exact g-variations. We will start with some basics on
stochastic processes and Gaussian random fields. The presentation is heavily inspired
by [Dalang et al., 2009, Chapter 1]. We will be working on the complete probability
space (2, F,P). Let L?(Q) be the set of real-valued random variables with finite second
moment, i.e. E[X?] < co. L*(Q) is a Hilbert space with norm [|X||2(q) := /E[X?]
for X € L*(Q).

2.1 (Gaussian processes

Definition 2.1.1 (Gaussian random vector). Let g = (g1,...,94) be a random vector.
We say that the distribution of g is Gaussian if v-g = Zj:1 vjg; is Gaussian random

variable for all v € R,

Recall that for a given probability space (2, F,P) and the measurable space (R, B(R))
with some arbitrary index set T, a stochastic process is given by the real-valued stochas-
tic variables X (t) := {X(w,t), t € T}, where w € 2 is any basic event for all ¢.

Definition 2.1.2 (Gaussian random field). The stochastic process X = {X (w,t), t €
T} is called o Gaussian random field or Gaussian stochastic process if for all integers
k>1andty,... tx €T, the random vector (X (t1), X (t2),..., X (tx)) is Gaussian.

The finite dimensional distributions are the collection of probabilities obtained as fol-

17
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lows,

Dty ty (Al, e Ak) = ]P)(X(tl) S Al, .. ,X(tk) € Ak) (2.1)

Definition 2.1.3 (Non-negative Definite Kernel). Let T be an arbitrary index set. A
symmetric function K : T x T — C is called a non-negative definite kernel on the set
T if given n € N it holds that

SN K (te,tr)a > 0, (2.2)

k=1 I=1
for each cy,...c, € C and t1,...,t, € T.

Remark 2.1.4. The above definition is equivalent to that every matric K = (K (tg,t;))
created for every ty,...,t, € T and n € N is a non-negative definite matrix, or equiv-
alently that the eigenvalues to K are greater than or equal to zero.

Remark 2.1.5 (Note on naming convention). If the index set T = R? then the non-
negative definite kernel is called a non-negative definite function. If we also require that
2.2 is equal to zero if and only if all ¢, = 0 then we call the function/kernel positive
definite.

The idea of non-negative definite kernels is especially important for covariance func-
tions. For s,t € T, the covariance function C(s,t) := E(X (s) X (¢)) —E(X(s))E(X(t)) is
a symmetric (C(s,t) = C(t, s))- and non-negative definite kernel. There is a well known
result thanks to Kolmogorov, that guarantees the existence of a Gaussian random field
with a given covariance- and mean function.

Lemma 2.1.6. (1) Let X be a Gaussian random field. The probability measures py, ... 1,
defined in 2.1 are determined by the mean function m(t) = E(X (t)) and the covariance
function C(s,t)

(2) Given functions m : T — R and a symmetric non-negative kernel C': T x T — R,
then there exists a Gaussian random field X (t) with mean function m and covariance
function C.

By the above lemma, we have that two Gaussian processes are equal in distribution, if
their mean- and covariance functions agree.

Our goal is to represent stochastic integrals with respect to Gaussian random fields.
We want to integrate functions h from a separable Hilbert space .7 with inner product
(-,-). and induced norm || - || s.

Definition 2.1.7. Let (7, (-, )., ||-||.#) be a separable inner product space. A stochas-
tic process I(h) indexed by T = J on a complete probability space (2, F,P) is called
an isonormal Gaussian process if for all h,g € #, then I(h) € N(0,|h|%), and

E(1(h)I(g)) = (h,g)sr-

18
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We will see that the isonormal Gaussian processes I(h) indexed by separable Hilbert
spaces are a natural interpretation of the stochastic integral of deterministic processes
with respect to some Gaussian noise process. Symbolically we want I(h) = [ g hdW
where F is some measure space with measure p and we have a white noise W that is
based on p.

Proposition 2.1.8. If I(h) is an isonormal Gaussian process, then the map I : 7 —
L?(Q) such that h > I(h), is a linear isometry.

Proof. By definition 2.1.7, V(I(h)) = ||I(h)|@2(m = ||h||%,. Now we show that it is
linear in the sense that
I(ah + bg) = al(h) + bI(g) a.s

for a,b € R and h,g € 7. Both left- and right-hand side have zero mean. It suffices
to show that the difference I(ah + bg) — (al(h) + bI(g)) has zero variance.

E ((I(ah +bg) — aI(h) — bI(g))?) = llah + bg|% + a®|hl% + b*[lgl%
—2a(ah + bg, h) » — 2b(ah + by, g) » + 2ab{h, g)» =0
]

Proposition 2.1.8 guarantees that an isonormal Gaussian process is indeed a Gaussian
random field, since the linear combination al(h) + bI(g) € N(0,|lag + bh|%,). This
proposition will later also give us the natural property that stochastic integrals are
almost surely linear.

2.2 Stochastic calculus with white noise

We first make the definition of stochastic integrals with respect to a white noise W
based on a measure.

2.2.1 White noise

For our presentation we will use a o-finite measurable subspace (E, B(E), i) of R%. Let
By(E) be the collection of Borel-measurable subsets of £ with finite measure.

Definition 2.2.1 (White Noise). A white noise based on a positive measure {i is a
Gaussian random field W = {W(A), A € By(E)} defined on some probability space
(Q, F,P) with E [W(A)] =0 and covariance function

C(A,B) =E [W(A)W(B)] = u(AN B).
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The function C' above is indeed a covariance function. It is obviously symmetric
C(A,B) = C(B,A). To see that it is non-negative definite, take z1,...,x, € R and
Ai,..., Ay € By(E). Then

D amC(Ap, A) = Y apap( Ay N A)
k=1 k=1
2

T </ La, (y)La, (y)p dy) / ZxkﬂAk p(dy) > 0.

Thus the existence of the Gaussian random field W(A) with index set T = By(FE)
follows from Lemma 2.1.6.

n

k=1

Remark 2.2.2. An important note is that the "white” in “white noise” refers to the
covariance structure of the Gaussian random field W. Notice how

C(A,B) = y(AN B) = /E 14(9) 15 (n)u(dy) = (14, Lp) 2(5).

Therefore there exists a natural harmony between the finite second moment space L?(£2)
and the Hilbert space L*(E). This will conclude with the fact that the only functions
we will be able to integrate are precicely those which lie in L*(E).

Proposition 2.2.3. Let A, B € By(FE) be two disjoint subsets of E. Then W(A) and
W(B) are independent and

W(AUB)=W(A)+W(B) as.

Proof. Since A and B are disjoint, C(A, B) = u(AN B) = u(0) = 0. Therefore they
are uncorrelated, and hence independent, since W(A), and W(B) are Gaussian.

To show additivity we check that W(AU B) — (W(A) + W (B)) has zero variance. By
linearity of expectation and the definition of covariance for white noise,

E [(W(AUB) —W(A) —W(B))?]
=E [(W(AUB)?| + E [W(4)?] +E [W(B)?] - 2E [(W(A U B) W(A))Q}
9K [(W(A U B)W(B))Q] +E [W(A) W (B)]
=u(AU B) + pu(A) + u(B) — 2u(A) = 2u(B) + 0 = 0.

20



Stochastic calculus with white noise Chapter 2

Definition 2.2.4 (The Brownian Sheet). Let t = (t1,...,t,). The Brownian sheet
{(W(t),t € RLY defined by Wy := W{(0,t]} := W{(0,t1] x ... x (0,t,]}. This is a
zero mean, Gaussian process with covariance function E{W W} = min(sy,t2) - ... -
min(sy, t,).

For example if d = 2, the Brownian sheet over rectangles R = (s, t] X [z,y] (by Propo-
sition 2.2.3) is equal to W(R) = Wy — Wiy — Wy — W,

2.2.2 The stochastic integral

We take a general Lebesgue/Measure theory approach to the construction of a stochas-
tic integral. Starting with integrals of simple functions, and extending with a density
argument because of the linear isometry that will be created. Let our integrands come
from the Hilbert space # = L?(E, ). We can now construct an isonormal Gaussian
process I(h) on JZ, given a white noise W based on p.

Definition 2.2.5. For simple functions h = p_, arla, € L*(E, p) with ar, € R, and
Ay € By(E) pairwise disjoint. Then

h) =1 Zak]lAk = Zak W(Ak)
k=1 k=1

Proposition 2.2.6. The process I(h) from the set of simple functions on L*(E) to
random variables in L2() is an isonormal Gaussian process.

Proof. I(h) is a finite sum of zero-mean normal variables, and hence it is also normal
with zero mean. To see that E(I(h)I(g)) = (I(h),1(9))r2() = (h,9)r2(E), We first
observe that I is an isometry,

2

0220 = |7 [ S anta, —E( (Y wwn)’
k=1 k=1

12(9)

=§)%Uﬂ@ﬂ=§}@mwzzjﬁmh@ww
k=1 k=1 =1"F

n 2
/EZ azla,(y )dﬂ(y):/E(;aiﬂAk(y)> du(y)

k=1
— [ Wau= Al
E
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Since the map h — I(h) is an isometry between two inner products spaces, we know
that the inner products are preserved in the mapping. Therefore E (I (h)I (g)) =

<I(h),](g)>L2(Q) = <hag>L2(E)' ]

By the preceeding proposition as well as Proposition 2.1.8 we obtain the following
important corollary.

Corollary 2.2.7. The isonormal Gaussian process I(h) is a linear isometry from the
set of simple functions on L*(E) to L*(2).

Remark 2.2.8. The definition in 2.2.5 is well defined in the sense that if we have
another representation ofh Z bl]lBl with by € R and pairwise disjoint B; € By(E),
such that h = h, then I(h) = I(h)

Proof. (of remark 2.2.8) We show that the difference I(h) — I(h) has zero variance.

E((gakW(Ak) - gka(Al)f) - E((iakW(Ak)f)
+E((ib,W(Bl))2> —2E<(k ™ o IV )W (B)) )

3

=1 =11=1
:/ (ZaZﬂAk—FZb?ILBl—Q Zakbl]lAkmBl>du
B\ k=1 =1 k=1 1=1
n m 2
~\ 2
:/ ( ak]lAk—ZblIlBl> du:/ (h—h) du=0.
E\ k=1 =1 E

O]

Since we have a linear isometry from the (dense) set of simple functions on L?(E) to the
complete normed space L%(Q2), the map h + I(h) can be extended uniquely to L?(E).
Take h € L?(E) and a sequence of simple functions h,, such that ||h — hy|| r2g) — 0.
Then we define

n—o0

/de = I(h) == lim I(hy).
E

The above definition does not depend on the sequence of simple functions approximat-
ing h. To see this, let h,, — h and g, — h be two sequences of simple functions that
converge to h. Then by the linear isometry (Corollary 2.2.7), we have

1 (ha) = 1(gn)l 720y = I (7 = gu)|72(0) = l1hn = gnll T2y = 0.

That I(h) for h € L*(E) is an isonormal Gaussian process follows directly from the
isometry [[I(h)||2¢) = Ihllz2(p) for h € L*(E) in the same way that we proved it in
Proposition 2.2.6.
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Remark 2.2.9. [t is vital to note that the stochastic integral I(h) is well defined if and
only if h € L*(E).

We will use both [, hdW, and [ h(x) W(dx), to mean the stochastic integral I(h)
with respect to space-time white noise W, of the L?(E) function h, such that x
h(x). We obtain the following important formula, called Wiener’s isometry, that shows
symbolically how the inner product is preserved,

Theorem 2.2.10 (Wiener’s isometry). For any h,g € L*(E),

E(Lh(m)W(dw)ég(x)W(dm)) :/Eh(:c)g(x)da:.

The following corollary can be useful.

Corollary 2.2.11. Assume Ay,..., A, are disjoint sets in By(E), then for f € L*(E)

2

E ;/Aimwwx) —;/Aif()d.

Proof. Expand the sum and note that the cross-term multiplications are independent
Gaussian variables, then use Wiener’s isometry on the square terms. O

Corollary 2.2.7 gives us the almost sure linearity of the stochastic integrals,

Proposition 2.2.12. The stochastic integral is almost surely linear,
/h+gdW:/ de+/gdW a.s.
E E E

2.2.2.1 The case of white noise on Ry x ¥

In the coming presentation, £ = R, x 2, where 2 C R? for some integer d > 1, and
for g = h(s,y)L0,1)x2(s,y) where h € L2((0,t) x 2), we will write

¢
/gdW: gdW ::/ /h(s,y)W(dyds).
E Ry X2 0 Jg

The following identity is often useful.
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Proposition 2.2.13. If0 < t; <t then

/Ot/gh(S,y)W(dyds):/Otl/@h(s,y)W(dde)+/t1t/@h(87y)w(dyds) s

Proof. Let h(s,y) = Ljo4,)(8)h(s,y) + L, 4(s)h(s,y) and use the almost sure linearity
of the stochastic integral. O

2.2.3 Solution to an SPDE driven by white noise

We are now ready to give a definition of a solution to a simplified SPDE of the form
presented in the introduction, equation 1.3 with a driving noise W represented by the
white noise W based on the Lebesgue measure A. We again consider the space Ry x &
where 2 C R%. A linear SPDE with additive white driving noise W is the equation,

Lu(t,z) = oW (t,x), t>0, z€ D, (2.3)

with deterministic initial conditions and if necessary also boundary conditions. The
operator L = % — A is a linear partial differential operator, where A is a second order
differential operator in space with the property of uniform ellipticity, see e.g.
[Polyanin and Nazaikinskii, 2016, Section 16.2.2]. The diffusion o > 0 is a constant
that scales the white noise.

Definition 2.2.14 (Solution to 2.3). Suppose that there exists a fundamental/Green
solution U = U(s,y;t,x) to L such that as a function of s and y, ¥ € L?((0,t) x 2).
Then the SPDE 2.3 has a solution and it is the random field given by

t
u(t,z) = Ip(t,z) + O'/ /Q\Il(s,y;t,:):)W(dyds), t>0,r€ 9.
O 0,

Iy is the solution to the homogeneous problem Lu = 0 with the same initial- and
boundary conditions as 2.3.

2.3 The Stochastic Heat Equation

We consider the stochastic heat equation on 2 = R? for some integer d > 1, or
2 = (0,L) where L € R, driven by a white noise process W based on the Lebesgue-
measure A on Ry x &. Formally the equation is,

%u(t,w) — Au(t,z) = W(t, x) t>0,z€2
u(0,z) =0 reP (2.4)
+ Homogeneous Dirichlet BC if Z = (0,L) xz € 0%.
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With A := Zizl 88%. We note that for the rest of this chapter we will have the drift
k
term a = 1 and diffusion o = 1.

Let U(s,y;t,x) = U(t — s,z,y) represent the fundamental and Green solution re-
spectively to 2.4 above. We recall the semi-group property of ¥ stated in chapter 1
propositions 1.3.4 and 1.3.6.

Proposition 2.3.1. Forxz,z € 9 and s,t >0

W(s+ t,9) = [ Wlt,2,) V(5,02

2

And we have the symmetry V(t,z,z) = V(t, z, x).

By definition 2.2.14, the solution to 2.4 is given as

u(t, x) :/0 /@\P(ts,:v,y)W(dyds). (2.5)

The above solution is defined for a given ¢ > 0 and z € 2 C R? as long as the function
(s,y) + U(t — s,z,y) lies in L?((0,t) x 2), which is by definition equivalent to the
condition that

1172 (0,0yx ) < -
This holds for Z = (0, L) with ¥ = G: indeed by the semi-group property 2.3.1 of the
Green function (s,y) — G(t — s,z,y) and that G(t,z,y) = G(t,y, z), then
fOL G(t —s,2,y)?dy = G(2t — 2s,x,z). By inequality 1.10 we have that

1

/am(2t — 2s)

G(2t — 2s,x,x) <
And consequently

t
HGH%Q 0,t)x(0,L) — G(2t - 25,33,.’13)d8
((0,)x(0,L) 0

ds < 0.

¢ 1
S/0 VAm(2t — 2s)

On 2 = R? we have the fundamental solution

_lz—yl?
e 4(t—s)

(4r|t — s|)¥/2"

U(t—s,x,y) =Pt —s,x—y) =
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By the semi-group property 2.3.1

t
”Q‘%Q((O,t)XRd)_/ / (I)(t—s,x—y)Qdde
0 R4
t t 1 t 1
— [ ®o2t-250ds= | —— ds= | ——ds.
/0 ( 5,0)ds /0 (3|t —s))a2 " /0 (8ms)d2 ™’

The integral fo d ——azds < oo if and only if d/2 < 1. Therefore the solution given in

2.5 to equation 2 4 on 2 = R exists if and only if d = 1. We proceed with the solution
for d = 1.

—laf? \2
It will useful to calculate the integral [ ¢ T /2 dt for some ¢ > 0 when we work with the
solution on the entire real line. We have,

6*\2\2 o2 e*lﬂ;l2
c . 7Cz _ ) 70
/t1/2 dt =2 te et T / /2 dt

By the variable substitution s = x/v/ct.

2
=]

/;jzd =] ds_‘ff/

N
_—\/>GI'S_ L
e ().

eiw2 —le2  /mx x
/ 172 dt—2<\/ c + ﬁerf<\/g>>.

We therefore have the following.

e~ ds

Hence

Proposition 2.3.2. For the fundamental solution ®(t,z) =

/<1>(t 2)dt = F (\/e it 4 2\/;erf(2\ja>> . (2.6)

2.3.1 Covariance structure for the solution

By constructlon the Stochastlc integrals I(h) given by the isonormal Gaussian process
h — I(h fo fg W (dyds) for h € L*(R; x 2) are Gaussian. Therefore the
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solution u(t,z) at a point (¢,x) € Ry x &, which itself is a stochastic process indexed
on R, x 2, is a Gaussian variable, with E(u(t,z)) = 0 and V(u(t,z)) = E(u(t,z)?) =
||\Il||%2((07t)><9). For two points (t1, 1), (t2, x2) € Ry X Z we can explicitly calculate (at
least for 2 = R) the covariance function E [u(t1, 1)u(t2,22)]. Once again recall that

the solution is
u(t, z) / / —s,z,y) W(dyds).

Assuming t1 < to, the covariance can be written as

u(ty, z)u(ty, 22)]

_E Ut/ (t — 5,21,y W(dyds)/f/@\y(tg—s,xg,y)W(dydsﬂ
E [/Oh/@\ll(tl—s,xl,y)ﬂ(s§tl)W(dyds)/Ob/@\IJ(tg—s,acg,y)W(dyds)].

By Wiener’s isometry, the above expected value becomes the below Lebesgue integral
to
/ / \Ij(tl —57$1,y)\1f(t2—57$2,y):ﬂ.(8 S tl)dyds
0 9

t1
:/ / \Ij(tl - 57$1’y)\11(t2 - 5,22, y)dde
0 9

If we instead assumed ty < t;, we would integrate to t3. This gives us that the
covariance can be simplified to

t1A\t2
E [u(t1, z1)u(tz, 22)] = / / Uty —s,x1,y)¥(t2 — s,22,y)dyds. (2.7)
0 2

Looking at [, W(ty—s,x1,y)¥(t2 — s, T2, y)dy we can use the semi-group property 2.3.1

to obtain
t1At2
/ / U(ty — s,21,y)¥(t2 — s, 29,y)dyds
0 9

t1/A\t2
:/ U(ty + tg — 28,21, 22)ds.
0

I
For 2 = R, we have V(t; +ty —2s,x1,x9) = ®(t; +to — 25,21 —x2) = (4m€(t1+t1:f2s))1/2.
We make the substitution 7 = t1 + t5 — 2s and utilise Proposition 2.3.2:
t1A\t2 1 t1+to
/ CI’(tl—i-tQ — 28,11 —l’g)ds = / ‘I’(T, X —xQ)dT
0 2 [t1—t2|

1
W

t1+t

\/’7’6_'%1;%2‘2 i ﬁ(.ﬁbl — 1‘2) orf T — T2 e
2 2T

[t1—t2]
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And there we have

oy —x9|? _|901—31”2|2
=K [u(tl,xl)u(tg,xg)] = 2\/» (\/tl + toe 4(t1+t2) — 4/ |t1 — tz‘e 4t —tol )

(r1 — x2) Tr1 — T2 Tl — T2

e (erf(m> o Wm))

2.3.2 Sample path regularity

We gave the definition of local Holder-continuity in the introduction, we restate it here.

Definition 2.3.3 (Local Holder continuity). A function f : D — R, where D some
normed space is locally v— Hélder continuous with Hélder exponent v > 0 if there exists
C > 0 such that

[f(x) = fWI < Cllz —y|”
for x, y € K for all compact sets K C D.

Definition 2.3.4. Let X : Q x T — R be a stochastic process on the index set T.
A stochastic process X is called a modification of X if for all t € T it holds that
P(X(t)=X(t)) =1.

Two stochastic processes that are modifications of each other have the same finite
dimensional law.

The solution to the stochastic heat u(t,z) = u(w,t, ) is a stochastic process. Our goal
for this section is to show that there exists modifications of the processes = — u(t, )
and t — u(t, z) that are Holder continuous. This was shown for 2 = (0, L) in Walsh’s
lecture notes in [Walsh, 1986, Chapter 3.]. We give a proof of Hoélder-continuity in the
case of 2 = R. We will need Kolmogorov’s continuity theorem (statement and proof
can be found in e.g [Bell, 2015]).

Theorem 2.3.5. Let {X(t) : t € T} be an R-valued stochastic process on the 1-
dimensional normed index set T. If there exists constants o, 3,C > 0 such that for all
s,teT

E[|X(t) — X(s)[*] < C|t — s|**F.

Then there exists a modification of X (t) which is a.s. continuous and even further a.s
locally Holder ~-continuous for every v € (0, g)

If a function is 7-Holder continuous for every v € (0, g), we will often call it almost
g—Hélder continuous.
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Theorem 2.3.6. The solution (t,z) — u(t,z) to the stochastic heat equation 2.4 has
a modification which is locally Hélder continuous function with exponent almost i m
time and almost % in space.

Lemma 2.3.7. For Z ~ N(0,0?) we have

/2 a o
E [|Z]°] :Qﬁr( ;1)E[zﬂ ”

Proof. (Of Theorem 2.3.6)

In the proceeding calculations, the value of the constant C' may change from line to
line. Let a@ > 1. We will look at the Holder continuity in space and time separately,
i.e. look at,

E[|u(t,z +h) —u(t,z)|*] and, E[Ju(t+kz)—u(t,z)]*]. (2.8)
We will estimate these two terms separately starting with the first expression, fix t > 0,
E [|u(t,z + h) — u(t, z)|°]

a/2
_ 2—1“ (oz—l—l)E
Jr \ 2

_ 20‘\/:?2F<a—2kl) (/Ot/R(q)(t—s,x+h—y) —@(t—s,x—y))Qdyds>a/2.

Which is motivated by the fact that E [|u(t, x + h) — u(t,#)|*] is simply is the a:th
moment of a zero mean Gaussian random variable, so the constant comes from the
calculation of E [|Z]*] where Z ~ N(0,0?) from Lemma 2.3.7. Looking at the integral
@t —s,z+h—y)—®(t—s,z— y))2dy, we have that the integrand is equal to

a/2

(u(t, x+h) —u(t, x))z}

(‘b(t—s,x—i—h—y)—@(t—s,:v—y))2

=Pt —s,x4+h—y)—20(t—s,x+h—y)®(t—s,z—y)+*(t —s,x—y).

Since we are integrating with respect to y over R, we can use the semigroup property

in Proposition 2.3.1. Let C' = 2;%21“(0%1) (which, again, can can change from line to
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line), we have

t 2
C’(/ Ot —s,x+h—y)—0(t—s,z—y) dyds)

0 JR
a/2

t
(/(I) (2t — 25,0) — 28 (2t — 25, h) + B(2t — 25,0)d
0

t
:C(/ 20 (2t — 25,0) — 20(2t — 25, h)d )
0

:{7:21:—25}:0(/%@(7,0) (7, h)dr )
0

\_/

/2

We note that by Proposition 2.3.2,

/Zt O(7,0) — O(7, h)dT
0

h
- f(f—fe BC —2ﬁerf(2\ﬁ)>
=C1 + Cyh < Ch,

because the erf-and exponential functions are bounded. Hence the expected value of
an increment in z is bounded in the following way,

E [Ju(t,x + h) — u(t, z)|*] < Ch/2.

For the second expression in 2.8 a similar argument is used. We utilise that we know
the a-th moment of a zero mean Gaussian variable, fix r € R

E Uu(t + k,x) — u(t, 1:)|°‘]

—CE (/OHk/R@(tJrk—s,x—y)W(dyds)—/Ot/RQ(t—s,w—y)W(d@/dS))Z

We continue with the expected value of the increment squared, where we use Wiener’s
isometry, the semi-group property of ®, and that we know the primitive function of
(7, z) with respect to 7. Below we have C, C; and Cy being constants that may change

/2
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from line to line.

E (/()t+k/R<I>(t+k‘—s,x—y)W(dyds)—/Ot/R@(t—s,:n—y)W(dyds)>2

t+k
:Cl/ / Pt +k — s,z —y)dyds
0 R
(t+k)At t
+02/ / O(t+k—s,x—y)P(t— s,z —y)dyds + 03/ / ®2(t — s,z — y)dyds
0 R 0o JR
242k 2
e / B(r,0)dr + 02/ B(r,0)dr + Cy < C1 + Cov/k < CVE.
0 k

In the second to last inequality we used va +b < \/a+ Vb for positive numbers a and
b. And hence
E [ju(t + k,z) — u(t,2)|*] < Ok,

This completes the proof by using Kolmogrov’s Theorem 2.3.5 with 1-dimensional index
space, 1+ 3 equal to a/2 and «/4 in space and time respectively. Therefore the solution
has a modification that is Holder-continuous with Hélder-exponent v € (0,1/2 — 1/«)
and v € (0,1/4 — 1/«) for every a > 0. Consequently, the Holder-exponent is almost
1/2 in space and almost 1/4 in time. This is the upper bound of Holder-continuity. [

For the coming discussions, assume that we are working with the Holder-continuous
modification of u with Holder-exponent almost 1/2 in space and almost 1/4 in time.

2.3.3 Localisation error

This thesis focuses primarily with the solution on ¥ = R, but the solutions on ¥ = R
and 2 = (0, L) are closely linked. Because we simulate solution on both bounded 2 and
2 = R we have the following nice property that was shown by Candil [Candil, 2022]. As
the bounded domain increases to the whole real line, both solutions become arbitrarily
close to one another. If we consider 2 = (—L, L) for some L € R, then as L — oo, the
solution to 1.8 actually converges to the solution of the stochastic heat equation on the
entire real line, subject to the same initial conditions (where the initial condition can
be stochastic as well). First let ug satisfy

sup E(|uo(z)[P) /P < co. (2.9)
z€R

For some p > 2. Below is the localization error, see [Candil, 2022, Theorem 2.4 page
21].
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Theorem 2.3.8. Let up(t,x) be the solution to the stochastic heat equation on R, X
2 =Ry x (—=L,L), L >0, driven by white noise, drift parameter o = 1, and diffusion
o =1, and let u(t,x) be the solution to the same differential stochastic heat equation
on R x Ry subject to the same initial conditions as ur. Fix T > 0, then

—(L—x)? —(L+a)?
E(|u(t,z) — ur(t,z)|P)/? < & <e e e > )

Forallz € (—L,L) and t € (0,T). Where ¢ is independent of t,x and L. The p is the
same as for the initial condition 2.9.
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Chapter 3

Distribution, Exact ¢-Variation,
and Inference of the Solution

Inference on the stochastic heat equation will focus on the estimation of the drift and
diffusion of the field solution to the stochastic heat equation,

{gtu(t,a:) —alAu(t,z)=cW(t,z) t>0,zeR (3.1)

u(0,2) =0 r € RY,

Given the field, one can look at the solution for a fixed = or a fixed ¢ which results in
a stochastic process whose distribution depends on « and o. Now let V' : Cl[a,b] —
Ry U {400} be the functional called the exact g-variation. Throughout, Kolmogorov’s
continuity theorem will be used such that the sample paths are a.s. continuous and
hence in the domain of the functional. One of the most important results in this chapter
is that the exact g-variation of our solution in time and space will be a known value
that depends on the drift and diffusion.

We will have the important property that the functional V is invariant to Lipschitz
perturbations, i.e. let the sample paths v be Lipschitz and u be continuous, then
V(u+v) = V(u). This is a strong property which will be needed throughout this
chapter since we only know the value of the functional V' for a specific stochastic process,
the fractional Brownian motion (fBm). Hence this chapter begins by representing the
solution in time and space with the fBm, which will give us a way to calculate the
variation of u, and consequently get some information about the drift and diffusion.

Remark 3.0.1. Note that the results on the variations of the solution are proved only
over the unbounded spatial domain R. However, the results coincide for the solutions
on compact intervals &, these proofs are based on the Malliavin calculus and can be
found in e.g. [Cialenco and Huang, 2019].
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3.1 Fractional and bi-fractional Brownian motion

This chapter will heavily use the fractional- and bi-fractional Brownian motion. Both
are generalisations of the Brownian motion in the sense that they keep some properties
such as, being Gaussian, having stationary increments, being self similar and starting
from zero. The more generalised, the less properties kept.

Definition 3.1.1. The fractional Brownian motion (fBm) is a continuous time zero
mean Gaussian process denoted FH () with covariance

E [FHOF(s)] = S + [P — [t - 5H)

where H € (0,1) is the Hurst parameter.

A proof that the above covariance function is non-negative definite can be found in e.g
[Nourdin, 2012]. Thus the existence of the Gaussian process F' is guaranteed.

Note that if H = % we have normal Brownian motion. Some properties of the fractional
Brownian motion,

Proposition 3.1.2. Fractional Brownian motion is self similar for all a > 0,

FHat) L " FE()  for allt € Ry. (3.2)

Proof. Because they are zero mean Gaussian it suffices to prove that,

E [(F"(at))?] = |at]*" = |o]*" |t = E [(a" F¥(1))?].

Proposition 3.1.3. Fractional Brownian motion has stationary increments,

FH¢) — FH(s) L FH(t — s).

Proof. Since both the left- and right hand side are zero mean Gaussian processes it
suffuses to prove that,

E [(FH(t) = FH ()] = [t + [s|*7 — ([t + s — |t — s|*)
= [t — s =E[(F"(t - 5))?]

O]
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The value of H determines the regularity of the sample paths, since for every T > 0
and e > 0 there exists a random variable ¢ such that,

|[FA(t) — FH(s)| < c|t — s (3.3)

where s < t < T. This will be proven later when needed, but it is easily visualised in
Figure 3.1 below where three different values of H are compared.

H=0.25
T T

o
I MWNW‘\M " Wb AL
/ N LR
iw W, WW’M,V NA}M Ay Ay i ”\W‘WW‘M W ""‘WW‘W"U.M/ "
i\‘ 1

0 02 04 0.6 08 1 12 14 16 18 2

b ' ) :
qM’M i W, j‘“w,uww

]
¥

Figure 3.1: Three different values of Hurst parameter for the fractional Brownian
motion with the same underlying independent Gaussian variables.

A further generalisation of Brownian motion is the bi-fractional Brownian motion,
which was introduced by Houdré and Villa [Houdré and Morales, 2003] to generalise
even further, but importantly, it keeps the self-similarity property and lightens the
restraint of stationary increments since it was not that useful for modelling purposes.

Definition 3.1.4. The bi-fractional Brownian motion is a continuous time zero mean
Gaussian process denoted B™X(t) with covariance

BB (B (6] = g (7 462" — 1= o) (34

where H € (0,1) and K € (0, 1].

The covariance function is non-negative definite [Houdré and Morales, 2003, Proposi-
tion 2.1].

Note that if K = 1 we have fractional Brownian motion. Some properties of the
bi-fractional Brownian motion,
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Proposition 3.1.5. The bi-fractional Brownian motion is self similar for all a > 0,

BIE (q) £ GHEBHK (1) for qll t € R, (3.5)

Proof. Because they are zero mean Gaussian it suffices to prove that,

E [(BH’K(at))Q} _ ;Ii(at)ZHK _ (a)QHK(t)QHK -F [(aHK BH’K(t))2] .

O]

Noting that the first term in the covariance for the bi-fractional Brownian motion
inhibits it from having stationary increments since the freshman’s dream unfortunately
is not true in general, the next best thing will have to suffice.

Proposition 3.1.6. The bi-fractional Brownian motion has approzimately stationary
increments for small increments.

Proof. Because they are zero mean Gaussian it suffices to prove that for n > 0 and
s=t+ %, then

1-K

1 _ 1 2
E [(BH’K(t) _ BH’K(S))Q} _ ’t—i— E’2HK + W2HK _ 9ol K(’t—l— 5’2H + ‘t‘ZH)K + AR

s|2HK s|2HE =

: 1-K :
which converges to igﬁ = QLK|7§ — as n — oo and since 2iK|t —

E [(BH’K(L‘))Z} this completes the proof. O

3.2 Distribution of u(t, x)

Since the goal is to calculate the variation of the stochastic processes given by either
fixing t or x, they need to be perturbed such that they have the same distribution as
the fractional Brownian motion. To be able to know which process to perturb with, we
need to know the distribution of the solution with o = 1 and ¢ = 1 in time and space.

3.2.1 In time

By fixing x, the solution varying over time will be shown to have the distribution of a
known process, the bi-fractional Brownian motion.
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Proposition 3.2.1. The solution u(t, ) to the stochastic heat equation 3.1 with o =1
and o = 1 has the same distribution modulo a constant to the bi-fractional Brownian
motion with H = % and K = %,

u(t, x) 4 (27‘()_% B%%(t) forallt € R;.

Proof. Recall the covariance to the solution of equation 3.1 with a fixed z, « = 1 and
o=1,

E [u(tl,m)u(tg,x)] = L((t1 +t2)% — |t — t2‘%)’

Var

and the covariance for bi-fractional Brownian motion is,

1
E[BH’K(t)BH’K(S)] — 27(752}1 4+ SQH)K o |t . S,ZHK)'

Hence they match if K = %, H = % and the covariance for bi-fractional is scaled by

a factor \/% Since the covariance of the solution above is the same as the one for

the bi-fractional Brownian motion, they have the same distribution by Lemma 2.1.6
(1). O

Remark 3.2.2. The fact that two Gaussian processes are equal in distribution when
their mean and covariance coincide thanks to Lemma 2.1.6 (1) will not be stated
throughout the rest of this chapter.

3.2.2 In space

In space we will stumble upon the fractional Brownian motion instantaneously. The
following is inspired by [Foondun et al., 2014, Proposition 3.1],

Theorem 3.2.3. The solution u(t,x) to the stochastic heat equation with o = 1 and
o = 1 perturbed by the stochastic process

Sy(x) = / B(s,4:0,0) — (s, : 0, )W (dyds) (3.6)
(t,00) xR
has the same distribution modulo a constant as the fractional Brownian motion with

Hurst parameter H = L (i.e. a Brownian motion),

1

V2

The stochastic process Sy() is a zero mean Gaussian process in C1.

ult,z) — Sy(z) £ — F2(z) for allz € R. (3.7)
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Proof. The process Si(z) is a zero mean Gaussian random field since the kernel is in
L?((t,00) x R). We define the derivative of Sy(x) as

—St / / —®(0,z; s,y) W(dyds). (3.8)
The process - 4 S, (x) has finite second moment (and hence exists in L?(Q2)),
B[ sl | = [T [ 1Lamsprais = = [T [ 16005 )@
d.ﬁUt _t Rdl’ y L3S, Y Y _27Tt R yUs 8, Y )

where the last equality is motivated by the invariance of a change of variable in space
and Plancherel’s theorem. Continuing,

/ /m 4 @@—iﬁ”t“%<x

The derivative defined in 3.8 is a.s. the true derivative in an L? sense, let

Si(z + A:L' / / (0,2 + Ax;s,y) — ©(0,x; 8,y) W (dyds).
Azx
then,
S A
lim E 1(r + Ax) / / —®(0,2; 8 y)W(dyds)
Az—0
2
. © [ D0,z + Azx;s,y) — P(0,x;8,y) d
— lim E o
A;:go / / Az dr (0,x;s,y) W(dyds)
2
N . ®(0,x + Ax;s,y) — (0, x; 8,9) ' B
B /t /RAlzlgo Azx - @q’(ovaz s,y)| dyds =0.

The process %St(x) has a continuous modification, with Kolmogorovs continuity the-
orem,

d

E H;‘ist(xg) - Sim)

2 1 [ d A .
] = 27T/t /R!ﬁ(dﬁ(O,O;s,y))(&) (e ™28 — emME)2deds

1 o0 .
=L//m““wﬂﬂkf@Ww
™ Jt R

where € = z9 — x1. Continuing with the fact that |1 — exp(6i)[?> = 2(1 — cos(#)) and
Fubinis theorem,

tlg)?

o [ e 0 costeopasas = [ T - costegyas
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The fact that 1 — cos(0)

1/_t|
<—Je
™ JR

Now the process B(x) := u(t,z) — Si(z) can be identified, using the fact that u(¢,x)
and Si(x) are integrated over disjoint sets (and hence independent) the following is
true,

IN

6% and symmetry is used,

2
\

N‘m

1 oo
(e = 1 [ e @ = Clay —a P

E [|B(z2) — B(x1)]*] = E [Ju(t, ) — u(t, 21)*] + E [|Si(z2) — Si(x1)]?]

which by the Wiener isometry is equal to
1 [t ‘ |

i = T . —ix1§ _ —ix2€\|2
v [ [12@0.050)(© (7 - e Pagas

L[ s (1 cos((@s — L1 (= cos((@a — @1)9))
— o [ [ = st —npeasas = < .

T £2

A change of variables z = (z3 — x1)§ gives

|xe — 1| /‘X’ (1-— COS(Z))dz _ |xe — 21|
v 0 22 2

via Contour Integration and hence the process B(z)v/2 is a Brownian motion. O

3.3 Distribution of ou,(t, x)

The distributions for the solution with @ = 1 and ¢ = 1 have been calculated. Now
the effects of changing the drift o and the diffusion ¢ needs to be understood. Since
we are working with the heat equation a powerful technique which shifts the drift to
the diffusion can be utilised, even in the stochastic case.

The solution to the stochastic heat equation 3.1, is by definition

o (t, x) :/0 /R(I)(as,y;at,m)ch(dyds). (3.9)

Where ®(s,y;t,x) is the fundamental solution to the SHE 3.1 with « = 0 = 1. We
denote solution to the SPDE 3.1 with ¢ = 1 and general drift as u,(t, x), and u; (¢, x)
is the solution with &« = 1 and ¢ = 1. Just like in the last part the distributions to
ouq(t, ) must be known such that they can be perturbed into fractional Brownian

motions. The shift of drift to diffusion is stated more precisely below. The calculations
are inspired by [Mahdi Khalil and Tudor, 2019).
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Proposition 3.3.1. Suppose that the process ous(t, z) for allt € Ry and x € R is the
solution to 3.1. Define

t
ova(t, ) == oua(—,x) forallt e Ry, xz €R
«
then the process v, (t,x) satisfies the stochastic partial differential equation
0 1.z
Eva(t, x) — Avg(t,x) = a 2 W (t, x)
where W is a space-time white noise.

Proof. Let t € Ry, z € R, then by equation 3.9,
Vo (t, ) = up(— o / / as,y;t,x)W(dyds) = {s = —}
1
// (s,y;t,x) (d dy) = « 2// (s,y; t,2)W (dyds)

where the second to last equality is motivated by approximating the integrand with a
step-function and scaling the rectangles over which we integrate and the last equality
is motivated by the self similarly property of Brownian motion. O

(3.10)

3.3.1 In time

Proposition 3.13.2. For every x € R the drift « > 0 and diffusion ¢ > 0 scales the
solution by ca™ 1, i.e.

N

oug(t, ) 4 0'(2oz7r)_i B2 (t) forallteRy.

Proof. Let x € R, 0 > 0 and o > 0, then we have the following equality in distribution
E [oua(t, x)aua(s,a:)] = o’E [va(at,x)va(as,x)} (3.11)
=c%a " 'E [ur(at, z)ur (s, x)] ‘

where the second equality is motivated by same change of variable as in the proof of
equation 3.10 and seen below

(ot z) = /O t /R B(as, y: ot, )W (dyds)

» (3.12)
:/ /@(s,y;at,x)W(dey) = a_%ul(oet,x).
0o Jr «

40



Decomposition of the bi-fractional Brownian motion Chapter 3

Continuing on equation 3.11 firstly with the distribution given in Proposition 3.2.1 and
secondly the self-similarity property of bi-fractional Brownian motion,

11 11 11 11
o?a 'E [ur (at, z)uy (s, )] = 0'201_1(271')_%[@ {BQQI;QBO%Q} = 02(a27r)_%IE {BtQ’QBSQ’Q} :

O]

3.3.2 In space

Proposition 3.3.3. For every t € Ry the drift a > 0 and diffusion o > 0 scales the
1

perturbed solution by ca™ 2, i.e.

oug(t, ) — 0Sa(x) 4 0(204)*% F%(x) for all x € R.

Proof. Let t > 0,
oug(t, x) = ovg(at, ) 4 Jof%ul(at, xz) foralzeR

where the last equality is motivated by equation 3.12. Continuing the calculations
using the distribution given in Lemma 3.2.3,

aof%ul(at,m) — 0Sat(x) 4 0(2&)7%}7%(:{:) for all x € R.

3.4 Decomposition of the bi-fractional Brownian motion

Since the distribution of the solution in time is the bi-fractional Brownian motion we
want to perturb it into the fractional Brownian motion such that the variation can be
calculated. The following is inspired by [Lei and Nualart, 2009, Proposition 1].

The theorem is motivated by the decomposition of the covariance function for bi-
fractional Brownian motion,

RH’K(t, 8) — 27K((t2H + SQH)K _ ‘t . S‘QHK) —

27K[((t2H +52H)K _tZHK . SZHK) + (tQHK +82HK . |t _ S|2HK)] (313)

where the second term is the covariance for the fractional Brownian motion. Now the
first term needs to be identified.
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Theorem 3.4.1. The bi-fractional Brownian motion with parameters H and K per-
turbed by the stochastic process

K A > _ e—ta a# a
XK (1) ._/0 (1 ) W (da)

has the same distribution modulo a constant as the fractional Brownian motion with
Hurst parameter H - K,

BEE (1) 4 0y XK (#2H) & \ol-KFHE (1) for all t € R

-K . . .
where, Cy = ,/13(17_1%. The process X5 (t*H) is a zero mean Gaussian process in C*.

Proof. The definition of X (t) comes from the fact that the covariance matches the
sought after covariance structure in the first term of the decomposition 3.13 with a sign
change which can be seen by,

E (XXX (s)] = /0 00(1 — e (1= e*)a K da
T(1-K)
==

Now since these variables are Gaussian the behaviour is governed by the expectation
and covariance. Hence the process F(t) = B"X(t) + 1/%XK(752H) has the

following covariance,

(5 + 55 — (t + 5)F).

E[P(t)F(s)] =E [B7X (1) B (s)] + F(Ql_l_{[(K)E (XK (£28) x K (5]
— QLK(({QH _|_$2H)K _ |t— 8|2HK) + 2%( 2HK +82HK _ (tQH —|-82H)K)

1 ( 2HK +52HK _ ’t— S,ZHK)'

= 2%
Therefore, the process F'(t) is a fractional Brownian motion with Hurst parameter H K,

ie. FHE(),

To prove that XX (t2#) has a.s. differentiable sample paths, let Y (t) := [;° 93 e 0 W (d6)
which is well defined since

E|Y(t)?] = / 9> K129 = (2 — K)28K 252 < o0,
0

Applying Fubini and then Cauchy Schwartz inequality with the the moment coefficients
from Lemma 2.3.7, we note that Y'(¢) is locally integrable,

E[/ﬂt\Y(s)!ds gﬁ/;mds_fm—fﬂ“ /OtsK22ds<oo.
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Applying stochastic Fubini (see e.g. [Protter, 2010, Theorem 64 page 210]),

/OtY(S)ds = /Ot (/Ooo 012Keesw(d9)) ds = /OOO 05" (/Ot 608(15) W (d6)

_ /OO 67T (1 — ) W (do) = XK (8).
0

Hence, XX (t) is absolutely continuous and by the fundamental theorem of Lebesgue
integral calculus, this is equivalent to the fact that the sample paths of XX (¢) is C!
with the derivative Y (¢) a.s. O

3.5 Variation of perturbed stochastic processes

The functional V' mentioned before is called the exact g-variation of a stochastic process
over an interval [a,b]. Let us define it more precisely.

Definition 3.5.1. For alln >1, lett; = A+ (B — A) fori=0,...,n. A continuous
real valued stochastic process X (t) with t € T C R admits the exact q-variation

n—1
Vi (X)) = Jim Vit [X0] = lim 31X tian) = X"

if the sequence V[Z”%] [X(t)} converges in probability as n — oo.

The importance of the fact that the additive processes X 7% (t) and S(z) from Theorem
3.3.3 and Theorem 3.4.1 respectively are in C'! is that they have Lipschitz sample paths
and hence do not change the exact g-variation for ¢ > 1. The variation in either time
or space of the perturbed solution, u(t, x) + X7 (t) or u(t,x) + Si(z) respectively, are
equal to the variations of the solution, i.e.

v

0 lult,2)+ X (1) = v

[t1,t2

}[u(t, r)], and V?

[x

1,22] [u(t’ $)—St(.1‘)] - V[Zh,m] [u(t7 .CL')]

This is formalised in the theorem below which is inspired by [Lei and Nualart, 2009,
Proposition 4].

Theorem 3.5.2. Let q > 1, then a stochastic process Y (t) with finite exact g-variation
perturbed by A(t) which is a zero mean Gaussian process with Lipschitz sample paths
has the same exact q-variation as Y (t) itself,

v[g,b] Y ()] = V[Z’b} Y (1) + At)] .
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Variation of the fractional Brownian motion Chapter 3

Proof. Firstly,

n—1

DY (tig1) + Altirn) = Y (k) ti)|* = Z Y (tig1) = Y (ti) + Atiya) — A(t:)|%.

=0

The Minkowski inequality can be used to create the following enclosure

(i Y (tis1) — Y(ti)!q)l/q - (i: |A(tit1) — A(ti)|q)1/q
1=0 1=0
n—1
< (STIV (tir) + Altinn) — Y (1) — At)]7) (3.14)
=0
n—1 n—1
< (ST i) = YE)10) " 4 (S IAti) — A7),
=0 =0

Continuing by using the fact that A() is a.s. Lipschitz continuous where C' can change
between inequalities,

n—1 n—1
S T IA(ti1) — A7 < CY i — |7 = Z( ) =cnle
=0 =0

Hence, since the above sum converges to 0 a.s. as n — oo since 1 — ¢ < 0. This
completes the proof because the exact g-variation of Y (¢) is finite combined with the
enclosure in equation 3.14. ]

3.6 Variation of the fractional Brownian motion

A specific value of ¢ needs to be chosen for the exact g-variation to have some meaning
and not converge to zero or diverge to infinity. This value is one over the Holder
continuity constant v, i.e. ¢ = % The reason is that the variation of a ~y-Holder

continuous process Y (t), again let C' be changing,

n—1 n—1 —A
Z|Y (tir1) (>|q<c;<rti+1—ti|>w—c§13n Moo @)

goes to infinity if y¢ < 1 and to zero if vq¢ > 1. Hence to actually get some information
about the variation of a y-Hoélder continuous function one needs to use the exact %—
variation.

Kolmogorovs continuity theorem can be applied to the fractional Brownian motion
since because of the stationary increments,

E [|FH(t) — F¥(s)]1] < |t —s|™"E [|F™(1)]7].
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Let ¢ := Y2 and ¢ := ¢ — 1 = R which gives that F¥(¢) is y-Holder continuity
for 0 < v < q/e = Hl%%? and since R was arbitrary, v € (0, H). Hence the exact

%—Variation of the fractional Brownian motion is non trivial and can be seen below (cf.

[Rogers, 1997]).
Theorem 3.6.1. The exact %—vam’ation of ¢ times a fractional Brownian motion with
Hurst parameter H 1is,

.

] [CFH(t)} = cm (b—a)E [|Z]%} ,

where Z ~ N(0,1).

The proof is located in the appendix A since it requires some prerequisites which would
disturb the flow of the text. In this appendix the theorem which provides the exact %—
variation of the fractional Brownian motion F'¥ will be proved. The reasoning behind
perturbing into fractional Brownian motion is because it has stationary increments,
since if a sequence is constructed from these increments, it is a stationary sequence
which enables us to use tools from ergodic theory.

3.7 Exact variation of ocu,

Using everything constructed above the exact g-variation can be calculated.

3.7.1 In time

In time, the solution has the distribution as the bi-fractional Brownian motion with
parameters H = % and K = % given in Proposition 3.3.2. Perturbing this solution
with the stochastic process given in Theorem 3.4.1 results in the fractional Brownian

motion with Hurst parameter H = %.

The connection between Holder continuity and variation implies that the exact 4-
variation of the solution should be used. The variation is not changed by the pertur-
bation stated in Theorem 3.5.2. This sum is the fractional Brownian motion and the
variation is given by Theorem 3.6.1. In summary,

C 1
4 4 1 1
Vist,50] [oua(t, z)] \:’/V[SLSQ] [aua(t, x) + 07(2047()1/4)(4 (t)
3.5.2 1 (3.16)
_ oy 210 Fi ; B o*E [\Z|4] (s2 — s1)
—~—  [s1,52] (20)1/4 (t) ~— o :
3.6.1 3.6.1
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3.7.2 In space

Almost exactly the same argument can be used for the solution in space. The only
difference is that the perturbed solution is the fractional Brownian motion with Hurst
parameter H = % given in Theorem 3.2.3 with coefficients from Theorem 3.3.3. All of
which can be expressed in the following equation,

V[ihyz} [Uua<t’x)] g V[yl,y2] [Uuo‘(t’x) n USO‘t(x)]
3 5.2
- T phy| = CEIZE 2=y (317
~—  W192] (20)1/2 —— 20
3.6.1 3.6.1

3.8 Estimators

Now that the variation is known and how it depends on the drift and diffusion, estima-
tors can be constructed. We will construct four estimators, two for each path in time
~(n) ~(n)  ~(n) ~(n)

and space respectively, ;. .,Qspace, Tgimes ad Ospace-

Recall the theorems 3.5.2 and 3.6.1, for a stochastic process X with Lipschitz sample

paths, V[(fb} [CFH( )+ X (t )} ‘/[a%b] [CFH(t)} = cH( a)E[|Z|7 ] and hence

1 1 L
B2 = el [ePH () + X (1)

Consider therefore the sequence of stochastic variables V[ ﬁ{ [CF He)y+ X (t)} forn > 1.

1 n L
Replacing V[fb] [CFH(t) + X(t)} by the sequence Vi ’bf [CFH (t) + X(t)} should give an

approximation for the value E[|Z \%} The lemma given below is a special case of
[Mahdi Khalil and Tudor, 2019, Lemma 1] which shows how well this approximation
holds through a central limit type theorem.

Lemma 3.8.1. Let cF'H(t), with t > 0, be a fBm with H € (0, %] scaled by the constant
c > 0. Let X be a zero mean stochastic process with Lipschitz sample paths. Then as
n — oo we have the following convergence in distribution

Vil [eFH (1) + X (1) 1
0.0 C[l/H(b_a) }—EHZ!H] —>N<0’P§J,%)'

Where pz 1 15 an explicit positive constant.
'H
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The variance ,012[[ 1 for the Hurst parameters H = i and H = % are calculated in
H

appendix B. We present the results here. Let,

n—1n—1
l
hjn = g g Yi—34]), where, rl(k):= (\k—i— 12H ke — 12 — 2]k\2H) :
n—oo n
=1 j=1

For Hurst parameter H = % and H = % the variance from Lemma 3.8.1 is,

px 5= 2&%, and p3 = 72/{% + 24/@21.
27 4>

3.8.1 Path estimation of drift and diffusion separately

The above lemma will give us a method of determining the asymptotic normality of
our estimators of a and o. By utilising that we know the variations as function of «
and o we can "solve” for one of them if we have the other.

Motivated by equality 3.16, if we calculate the quartic variation over t € [0, s] for some
s > 0, the estimator of o can be constructed,

N ot sE[|Z|"]
e S otta(tir 1 @) — oot )|

We show the explicit method of computing the asymptotic normality of estimators by

utilising Lemma 3.8.1 only for estimator &Ei@le above. The asymptotic normality of the
rest of the estimators aég?me, 3517;)1@ and 8533@ will follow by the same procedure and

are omitted. We know from equation 3.16 that

(3.18)

E[Z|*] = V[o g loualt,z)] =

We can perturb the solution ¢ +— ouq(t, z) to some fractional Brownian motion,
Tua(t,z) = cualt,z) — X(t) + X (1) £ cFH(t) + X (1).

Applying Lemma 3.8.1 then gives that the stochastic variable

yd OUq(t, x
Vn:: = [Os}[ ( )]’

g S

which admits the following asymptotic normality
Vi [Vu —E[|Z|"] = N (o,pfllA) .
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Multiplying V,, by m gives that

i s~ ] o (0 ozt ).

—

The variable Ofl(time) = IE[\]Z}% is an estimator for 1/a. The well known Delta method
(see e.g. [Doob, 1935]) states that if A4, is a sequence of random variables such that
Vn(A, —ag) — N(0,0?) and if g is a function such that ¢’(ag) exists and is not equal
to zero, then /n(g(Ay) — g(ao)) — N(0,02¢'(ag)?). In our case we are looking to take

the reciprocal of the variable =—24—, by

E[|Z]*]a”
S Ve 1 oS 21
E[|Z]4]a M% WZ?:_OI loua (tiv1, ) — oug(t;, x))|*
o, . 4 4 ~ .
By definition, wzz;_ol|ou:(tf_:y,i;_]aua(ti,x))\4 = agirir)le and with g(a) = %a gl(é)Q = a47

we have as n — oo the following convergence in distribution,
~ 2 -1 47) 2
Vi@, ~a) = N (0.3, (o~ E(21%) ).
We collect all results on the estimators below. First for « estimations,

Proposition 3.8.2. Let

_(n) a*sE[|Z|"]

T |oualtivy, ©) — oua(ti, )t

time "

be the estimator of the drift o over a path in time t € [0, s] of the solution ouq(t,x) of
equation 3.1. Then as n — oo, the following limit converges in distribution

. _ -2
Va@" —a) N (o, P (o 'E[lZ|") ) .
Proposition 3.8.3. Let

o Rl
P2 oua(t, miv1) — oualt, 7)) 2

be the estimator of o over a path in space x € [y1,y2] of the solution ouy(t,z) of
equation 3.1. Then as n — oo, the following limit converges in distribution

Vi@, — o) = N (0.6, ("B ZP) 7).
2’

The estimations of o follow by the same procedure.
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Proposition 3.8.4. Let
1/4

o [0n i loualtion, @) = gua(ti @)
time SE[|Z|4]

be the estimator of the diffusion o over a path in time t € [0, s] of the solution ouq(t, x)
of equation 3.1. Then as n — oo, the following limit converges in distribution

Ve, o) =N (0,502 (o El1Z1) ).

Proposition 3.8.5. Let

e E[lZ (g2 — w1)

9\ 1/2
) (mz Hota(t, zi1) — oualt, xl))|>

be the estimator of o over a path in space x© € [y1,y2| of the solution ouy(t,x) of
equation 3.1. Then as n — oo, the following limit converges in distribution

n 1 . 2
Ve, —0) = N (0,552, (o7 E12P) ).

3.8.2 Joint estimation of drift and diffusion

Noting that the two estimators estimate the different ratios %4 and %2 in time and

space respectively gives that both ¢ and « can be estimated from one stochastic field
[Cialenco and Huang, 2019, Section 5.

Let V be the exact 2-variation of sample paths of the solution in space given in equation
3.17, then

E [1Z]?] (y2 — v1) a* 2V,
a2 = 4T E [1Z12] (2 — 1)

Q

Vs =

Let V; be the 4-variation of sample paths to the solution in time given in equation 3.16,
then plug in the equation above,

o?E [|Z]*] (s2 — s1) _ 2V,o?E [| Z]*] (s2 — s1)
m TE[|Z?]) (y2 — 1)

O'
V==
o

Again equation 3.17 gives,
4 a4‘/s2

5 .
a  E[IZ]*]" (y2 — y)?

)
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Plugging this ratio into equation 3.16,

v A E[|Z]*] (s2—s1)  oAVIE[|Z|*] (s2 — s1)

t = — = .
o ™ E [|Z[2)7 (y2 — 1)

Algebraic operations gives the two estimators,

ViR [1Z2]* (y2 — v1)? o VirE[1Z]?] (y2 —y1)
5 1 , and &° = 1

AVZE [|Z]*] (s2 — s1) 2VLE [|Z|4] (s2 — s1)

. (3.19)

a =

According to [Cialenco and Huang, 2019, Section 5] the asymptotic normality of the
above estimators remains an open problem. Using finite difference schemes we will
simulate a field of our solution in chapter 4 and show that asymptotic normality seems
reasonable.
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Chapter 4

Simulations of the Stochastic
Heat Equation

We will employ two ways to simulate solutions to the stochastic heat equation. Since
we have studied the covariance structure in detail, we have been able to find the explicit
mean and covariance in time and space separately for the SHE on the entire real line.
Therefore, the first method is to utilise that we know how the solution is distributed.

We can use the well known procedure of factorising the covariance matrix C (with for
example a Cholesky decomposition) such that RRT = C. Then u = Rz, is a way to
simulate the solution, where z € N(0,I) are i.i.d normal variables. The draw-back of
this method is the computational cost. One would be tempted to simulate a covariance
matrix in time and space together (since we have calculated the full covariance for all
pairs (t1, 1) and (t2,22)). The problem is that if we want to simulate, say, 100 time
points and 100 space points, then the covariance matrix C would be of the huge size
(100-100 x 100-100). Only simulating the paths ¢ — u (¢, z) and = — u(t, x) separately
is much less demanding. Therefore we can use the paths in time and space separately
to calculate the variations and in turn estimate the drift and diffusion.

The second method of simulating consists of utilising the one-step © finite difference
schemes, which is much more computationally effective if we aim to simulate the entire
field of the solution to the stochastic heat equation. These simulations can in turn be
employed for the joint estimation of a and o explained in the previous chapter. The
finite-difference schemes are sadly restricted to the SHE on bounded intervals, but the
localisation error presented in Theorem 2.3.8 suggests that these approximations will
also represent the solution on the entire real line, as long as we make the interval large
enough and consider spatial points far away from the boundary. Luckily we also have
many shared properties for both the solution on bounded and unbounded domain that
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we can use. One of these properties is that the exact ¢g-variations agree noted in remark
3.0.1.

We once again state the equations we are considering for the coming simulations. We
have the SHE driven by white noise on a compact domain 2 = [a, b],

%u(t,x) —alAu(t,z) = oW (t,z) t>0, z€ (a,b)
u(0,x) = up(x) x € [a,b] (4.1)
u(t,a) = u(t,b) =0 t>0.

As well as the corresponding equation for z € R (without boundary conditions),

{%u(t,x) —aAu(t,z) =oW(t,z) t>0,z€R 42)

u(0,x) = up(x) z eR.

4.1 Simulations using the distribution

Recall for « = o = 1, the solution u(¢,z) to equation 4.2 above has the covariance
structure,

B \ B ) |
E [u(tl,xl)u(tg,xz)] = Q\f (\/tl + toe 4(’51“2) — 4/ |t1 — tg‘e 4Jt1— t2‘ >

(1 — x2) T1 — X9 T1 — To

L (erf(zx/t1+t2)_erf(2 ytl—tQ\)>'

The solution ouy(t,z) with general drift and diffusion, by Proposition 3.3.1, has the
covariance function

2 _ oy —ao? _ e
E [ouq(t1, 21)0ua(ts 32)] = 50— (\/t1+t2€ et — [t tofe ')
2 _ _ —
Gk ) rf (— LTy g (T2 )
dav 2¢/a(ty +to) 2\/alty — to

Considering the path in time, ¢ — u(t,z), for a fixed x € R, let 1 = 2 = z, we
create the covariance matrix for the paths in time Ctime = E [oua(ti, z)ouqa(tj, z)].
Similarly by fixing ¢ > 0, and t; = t5 = t we get the covariance matrix CSpace =
E [oua(t, z;)ouq(t, ;)] for the paths in space, z — u(t,z).
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4.1.1 Paths of the solution

The covariances where calculated for N = 2000 uniformly spaced points in the interval
[0,1] for both space and time respectively. An illustration of the simulated paths is
found in Figure 4.1 below.

ou,(t,x) for o = 3.14159, o = 2.71828

t = oua(t,z)
+o e ]
M *W R e 1
JW mw w y W ” ]
D L T y h“ ol L ‘|V"W| M/ W ﬂ W ,\r l f‘vf
A SRR )
L W '\ ]
T — oug(t, x)
il " s "‘wm‘h ™ o Iy /rvw s M\. B
AT A R i i

Figure 4.1: Simulated paths t — ou(t, x) and z — ouq(t, z) of the solution to equation
4.2 with a = m,0 = e. Simulated with covariance matrix for the paths.

4.1.2 Estimations of drift and diffusion

We can check the normality assumption of employing the estimators aéfvnje,aéﬁ,ﬁce, Gt(i]r\il)e,

and Eérj)va)ce, that were defined in the previous chapter, from propositions 3.8.2, 3.8.3,
3.8.4, and 3.8.5. We made K = 20000 independent simulated paths in time and space
for the solution ou, with 0 = e and @ = 7 (N = 2000 points). The results of these
estimations can be found in Table 4.1.

53



Simulations using the distribution Chapter 4

Table 4.1: Estimated mean and variance along with true asymptotic variance of estima-
tors. N = 2000 points for simulated path in time [0, 1] and space [0, 1] with K = 20000
independent paths respectively. The true variance is calculated from the central limit
type convergence given in propositions 3.8.2, 3.8.3, 3.8.4, and 3.8.5, with a scaling fac-
tor of 1/N to compare it to the estimated variance.

Parameter Path  Est. Mean True Mean Est. Variance True Variance
Drift Estimate & Time 3.1424 3.1416 0.0621 0.0599
Diffusion Estimate 6 Time 2.7208 2.7183 0.0029 0.0028
Drift Estimate & Space 3.1462 3.1416 0.0098 0.0099
Diffusion Estimate & Space 2.7173 2.7183 0.0018 0.0018

All variances seem to agree. We can even see this in a histogram plot of our simulations
found in figures 4.2 and 4.3 below.
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e Drift Estimate - Time
I I

I T
[ Histogram
—— Asymptotic Normal Distributi

Frequency

Value

(a) Drift Estimate - Time

s Drift ‘ - Space :

T
[0 Histogram
— Asymptotic Normal Distributi

(b) Drift Estimate - Space

Figure 4.2: Asymptotic normality check for drift estimators &EiNm)e, and agfi}ce of a from

the simulated paths t — ous(t,2) and x — ouy(t, x) of the solution to equation 4.2
with o = 7,0 = e. Simulated in total K = 20000 different paths in space and time
respectively, with N = 2000 points simulated. The normal distributions given by the
red lines are created with mean being the true drift and variance from the central limit
type convergences given in propositions 3.8.2 and 3.8.3, with a scaling factor of 1/N to

compare it to the estimated variance.
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- Time

T
[ Histogram
—— Asymptotic Normal Distributi

Frequency

(a) Diffusion Estimate - Time

o - Space : ,
[0 Histogram
— Asymptotic Normal Distributi

Frequency

27
Value

(b) Diffusion Estimate - Space

Figure 4.3: Asymptotic normality check for diffusion estimators &\t(i]zl)e, and AS(I],\ch of o
from the simulated paths t — ou,(t, z) and z — ou,(t, x) of the solution to equation
4.2 with a = m,0 = e. Simulated in total K = 20000 different paths in space and time
respectively, with N = 2000 points simulated. The normal distributions given by the
red lines are created with mean being the true diffusion and variance from the central
limit type convergences given in propositions 3.8.4 and 3.8.5, with a scaling factor of

1/N to compare it to the estimated variance.
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4.2 One step O finite-difference schemes

We will consider the solution on the space [0,7] x [a,b], with T" > 0 and a,b € R. We
discretize the time [0, 7] and space [a,b] into rectangles AT = [z;_1,2;] X [tim—1, L],
with j =1,2,...,N+1,and m =1,2,3,..., M. The desired number of points of the
solution in space and time being N +2 and M respectively, and At = T'/M, Ax = k,;fl,
such that ; = a + jAz and t,, = mAt. We let zp and zxn41 be the boundaries [a, b]

with known values, and ¢y = 0 being the initial time where we have an initial condition.

Time (@5, tme+1)

£y SPPP SE (241, tmi1)
2 2 m—+1, gm+1

AT A Ay

Figure 4.4: Ilustration of the grid scheme

We discretize equation 4.1 in the following way,

m—+1 m—+1 m—+1 m—+1 m—+1 m—+1 m—+41 —_—
o A SN QUiy ~2Uj Ui . @)"j+1 —2uyAuy YoV (g )
At - Ax? Ax? otox \"M 7]

uy' =uy, =0, m=0,1,....

u?:u()(xj), j=1,2,...,N.

(4.3)
Note that the time points m = 1,2, ... continue on forever. In our simulations however
we will look at some fixed number of time points M.
: wr oW . . .
We will see how iz = %(tm,xj), where W7' € N(0,AtAxz), is a suitable dis-
cretization of the white noise for equation 4.3 above.
Rewriting the equations, with r; = GAO‘IAJ and ro = % we have for every j =
1,2,...,Nand m=0,1,..., M.
—rlu;.nfll +(1+ 27’1)u§”+1 — rlu?fll
= —rouj’y + (1 = 2r)uj" — roujyy + Ar (4.4)
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Let U™ = (u’f‘, uy', ... ,uﬁ) and W,, = ( ... ,WTN”) We can also write the system
4.4 in matrix form.

Wi,
I+ AU = (I - 7A)U™ + A

With A being the N x N tridiagonal matrix,

2 -1 0 0

-1 2 -1 0
A=[0 -1 2

: -1

0 0 -1 2

4.2.1 Approximating the noise

First our goal is to find a suitable discretisation of the noise process W. The approxi-
mations presented here are the ones that are used for the papers in the literature study
below.

Employing the following approximation of the mixed derivative 8%;%%9”). The white
noise W at point (z;,t,,) can be approximated as

tm x;
:/ / AW (t,z) = W (AT).
tm—1 Jxj—1

W™ e N(0, AtAz),

And we have that

are i.i.d for every j = 1,2,...,N and m = 1,2,..., M. Assume for a moment that W
is a continuously differentiable function (it is certainly not). Taking inspiration from
properties of the Riemann-Stiltjes integral and the mean value theorem, we would find

that,
tm Zj tm €T
/ / dW(t,x):/ / W ¢ vyt
tm—1JTj1 tm—1Jxj_1 Oxot

oW
= AzAt——
TAt o at(& n).

For some (§,71) € [xj—1,2;] X [tm—1,tm]. Since the intervals are small, a reasonable
approximation for the white noise is therefore

aw( t /tm/ L m
Dzt % tm) AxAt T AzAL T
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4.2.2 Known results on finite-difference schemes for the stochastic
heat equation

Finite difference schemes with a one-step © method on the solutions to SPDEs is often
studied by looking at the error: |E [|u§” — u(tpm, tj)|p} , for some p > 2. The convergence
of the error has been widely studied. It started with Gaines work in [Gaines, 1995],
which contained numerical experiments indicating convergence of finite-difference ap-
proximations to solutions of the stochastic heat equation driven by white noise. Gyongy,
I. and Nualart, D. in [Gyongy and Nualart, 1995] showed that the Euler finite-difference
schemes for SPDEs with space-time white noise actually converge. Davie and Gaines
in [Davie and Gaines, 2001] discovered a universal lower bound for the error of numer-
ical schemes applied to parabolic SPDEs. They found that regardless of whether the
scheme is implicit or explicit, the error of the scheme, in terms of space step (Az) and
time step (At), will be at least on the order of O(Az'/? + At'/*) (note the exponents
and compare it to the Holder continuity in space and time respectively). This lower
bound matches the one proposed by Gyongi, indicating that even the simple FEuler
scheme achieves the optimal rate of convergence.

All the mentioned papers demonstrated convergence, but it’s important to verify if the
numerical approximation accurately reflect the true solution. This was precisely the
focus of the paper by Walsh and Chong in [Yuxiang and B, 2012]. They show that
the quadratic and quartic variations of the simulations converge to a function of @ and
At/(Az)?. However, since the true values are unique, it’s evident that most schemes do
not achieve the correct limit. It is perhaps surprising, but there is only one scheme that
produces the correct limiting quadratic and quartic variations. It is the Crank-Nicolson
scheme (© = 1/2) with CFL number aAt/Az? = 1.

4.2.3 Variations for Simulations of SHE with white noise

The simulation ", for j =0,1,2,...,N +1 (space) and m = 0,1..., M (time) is an
approximation of the solution u(t,,,z;) for t,,, and z; in the grid (see Figure 4.4 of the
grid). Like in chapter 3 we can define the corresponding g-variations of the numerical
approximation ugn

Definition 4.2.1 (Variations for the numerical approximation.). Assume uj" is the
approximation for j = 1,2,....N and m = 1,2,.... Let T > 0 and |T]| be the
greatest integer less than T'. Assume we have approximated time up to time step number
M = |T|/At. Then

N
2 2
QW(T) =" |ully —
7=0

Let y be a lattice point, i.e. a rational number such that y = j/(N + 1) for some
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7=12...,N. Then

The idea is that the g-variations of the simulated solution uj* will be the limits (if they
exist)

Q1) = lim QF(D).

The quartic limit would be defined analogously,
Dy T) = i @ T,
QW (y,T) = lim Qy(y,T)

With the note that there are infinitely many N such that y = j/(N + 1) for some j,
so the quartic limit is inevitably along such a subsequence. Although, for the quartic
variation, we first need to have

QW (y,T.9):= lim QV(4,7) - QY (v 9). (4.5)

And then
QW(y,T) = lim QW (y, T, ).
0—0

This is because the numerical approximation fluctuates excessively near ¢t = 0 for some
schemes, so this corrects it. A reason for this instability could be because of the
correlation of two nearby points in time around zero. Recall the covariance structure
over two time points ¢t and t + h for a fixed x1 = 2o = y is ﬁ\/Zt +h — \/W As
t — 0 and h sufficiently small we have that the derivative of the covariance approaches
infinity. This could suggest these fluctuations in the scheme.

The important object of study for this section is the CFL number,
aAt

~ (Ao
Let the space domain be [a, b] with boundary conditions u(t,a) = u(t,b) = 0, and also
assume that uwg = 0. The higher order variations of the simulations actually don’t
depend on the initial condition but it takes some work to show. For a proof of this see
[Yuxiang and B, 2012, Section 8].

Remark 4.2.2. These are some important points for the discussion of convergence of
variation for the numerical scheme,

1. We will heavily study the CFL number, cy = %, where the subscript N denotes

2
the dependence of N in Ax = ]l\’]jral The time step At is then LI& N oas a
consequence of the choice of sequence (cy).
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2. The convergence of the variations are with respect to IN.

3. We will see that the limiting value (as N — oc) of the variation for the numerical
approrimations depends on O, T, and ¢y := limpy_soo CN -

4. Spoiler, The only scheme that converges in both variations will be the Crank-
Nicolson (© =1/2) with cos = —15.

™

5. Although (important): According to [Yuziang and B, 2012] it is an open prob-
lem if the conditions we will set on cn in definition 4.2.3 below actually suffice
for convergence of solution. They only show converge of variation. It will con-
verge if coo(1—0©) < 1/4 ([Gydngy and Nualart, 1995]), so it is not certain if the
approrimation will converge to the correct solution when coo = ﬁ Although it
is conjectured that they will.

Definition 4.2.3. The sequence (cy) is said to be a good sequence, if

1. ¢y > 0;

2. if 0 < © < 1/2 then there exists an eg > 0 such that cy < ﬁ —€g ‘= Co;
3. if©=1/2, then cy < VN;
4. if1/2 < © <1, then cy < N;

The following two theorems 4.2.4 and 4.2.5 are the main results stating what the
limiting variations are for the approximations to the stochastic heat equation. The
theorems are only stated here, the proofs can be found in [Yuxiang and B, 2012, Section
5.1].

Theorem 4.2.4 (Convergence of Quadratic Variation). Let 0 < © < 1 and T > 0.
Assume (cn) is a good sequence with cy — ¢ € [0,00] (extended). Then the following
limit exists in probability
B o%(b—a)

20\/1 + 2¢00(26 — 1)

QD) = lim QF(T)

Theorem 4.2.5 (Convergence of Quartic Variation). Let 0 < © < 1, ¢t >0 and y a
rational number between a and b. Assume (cn) is a good sequence with cNy — Co €
[0,00] (extended). For © = 1/2 suppose also that cny/vVN — 0 and for © > 1/2 that
cN/N?’/2 — 0. Then the following limits exist in probability

Q(4)(y,T) = lim ( lim Qgé)(y,T) — Qgé)(y, l/d))

d—oo \N—ro0
4 2 (4.6)
30T 1-20 n 20
- a VI+t2e020-1) VI+4c®)
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For © > 1/2, if coo = 00 then 4.6 is seen as a limit, such that

2
3cT 1-20 20 3T 2
li + =—(Vve—-y/Oe-1/2) .
oo a <\/1—|—20(2®—1) \/1—1—40@) o ( /)

4.2.4 True variations

We restate the true variations of the solution to the stochastic heat equation 4.2 (so-
lution on the real line), they will agree with the variations for the solution on bounded
space of equation 4.1 (see e.g [Cialenco and Huang, 2019]).

a%(b—a) 3To4
V[?;,b} [Uua(t,az)] = —an and V[éﬂ [Uua(t,aj)] = ot (4.7)

Now we aim to find for which ¢, that the variations in theorems 4.2.4 and 4.2.5 match
the variations in 4.7.

. s 3 2) _ o?(b—a) _ a?(b—a) _
For the quadratic variation we can see that Q% (7T) 2/ T 20m (26 T) Sor
V[ib] if and only if ¢ (20 — 1) = 0. The approximation’s quadratic variation Q@ will

therefore agree with the true quadratic variation V2 if we employ the Crank-Nicolson
scheme (© = 1/2), or we let ¢ = limy, 00 ¢y = 0.

If coo = 0, the quartic variation vanishes; Q) = 0. Assuming that © = 1/2, the
limiting quartic variations will match if

2
3cee0?T 1-20 20
Q'(y, T) = +
o V1426020 —1)  V1+4c©
_ 3eo'T _, 3To* PRI
Ta(l+2e) BT ar =2

The only finite difference scheme that provides both the correct quadratic- and quartic

variation that match 4.7 is therefore the Crank-Nicolson scheme (0 = 1/2) with coo =
aAt _ 1
AzZ T m-2°

4.2.5 Simulations

First we make an approximation of the stochastic heat equation 4.1 with [a, b] = [0, 1],
up = 0, and @« = o0 = 1. wusing a Crank-Nicolson scheme (0 = 1/2) as well as
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© = 0.25 and © = 1, we have M = 5000 time points and N = 4999 space points

with ¢ = ﬁ = (AA;)Q, such that At = % and the final stopping time is T = M At.

The computed values of the variations and their theoretical values from theorems 4.2.4
and 4.2.5 can be seen in Table 4.2 below. The true variations for the solution (¢, x) to
the stochastic heat equation 4.2 with drift and diffusion & = ¢ = 1 and space domain
[0,1] are

Vioy [u(t, )] =05, and  Vig gz [u(t, z)] = 0.0008, (4.8)

Table 4.2: Comparison of theoretical values Q®)(T') and Q¥ (y, T) (given in theorems
4.2.4 and 4.2.5) for the higher order variations of simulated solutions in limit N — oo,
and estimated values QE\Q,) (T') and Q%)(y,T) of quadratic and quartic variation for
simulations using M = 5000 points in time, and N = 4999 points in space. At/(Ax)? =
—Ls. With 7' = MAt and y = Y52,

) 53) (T) | Q®(T) (Theoretical) 53) (y,T) (Est.) | Q®(y,T) (Theoretical)
0.25 || 1.4031 1.4197 0.0054 0.0073

0.5 || 0.4914 0.5000 0.0007 0.0008

1 0.2899 0.3014 0.0003 0.0003

We can actually see how the different ©-schemes smooth the solution, which will reflect
on the variations. The paths that created the values in Table 4.2 above are seen in
figures 4.5, 4.6 (for a path in time), 4.7, and 4.8 (for a path in space) below. Note
once again that if coo = 15 and © = 1 the condition that cx(1 — ©) < 1 holds and
hence the schemes will converge to the correct solution. However, we can not guarantee
convergence to the correct solution when © = 0.25 and © = 0.5 since this is still an
open problem. Although, it should be noted that the simulated paths seem to coincide
except for the variation in the figures below.
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t = u(t,x) for © =0.25,0.5 and 1

| w’ Uil A

.015 1 1 I I 1 1 I I
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

Time x107*

Figure 4.5: Path of solution using ® = 0.25,0.5, and ©® = 1 over the time variable at
xz = 0.5.

t = u(t,x) for ©® =0.25,0.5 and 1
T T T

—6-02
—0=05
- e-1

Time x107

Figure 4.6: Path of solution using ® = 0.25,0.5, and ©® = 1 over the time variable at
x = 0.5. Zoomed in to show the difference in amplitudes.
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x> u(t,a) for © = 0.25,0.5 and 1

04 1 1 1 1 1 1 1 1 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Space

Figure 4.7: Path of solution using © = 0.25,0.5, and © = 1 over the space variable at
T = MAG.

x> u(t, @) for © = 0.25,0.5 and 1
0.14F T T T T T T T 7&)=n‘25‘
— 0 =05

o=1

0.12
0.1
0.0811

X 0.06
b 8

0.04
\
0.02- Vo
or >
i
-0.02 "
1 1 1 1 1 1 1 1
0.352 0.354 0356 0.358 0.36 0.362 0.364 0.366

Space

Figure 4.8: Path of solution using © = 0.25,0.5, and © = 1 over the space variable at
T = MAt. Zoomed in to show the difference in amplitudes.
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4.2.5.1 Estimations of drift and diffusion

We made another Crank-Nicolson simulation with ¢ = ﬁ with M = 1000, N =
999, with @ = m and ¢ = e and simulated these approximations K = 1000 times.
See Table 4.3 below for the estimations of drift and diffusion. Note that the true
asymptotic variances of the joint estimations seems to still be an open problem (see

[Cialenco and Huang, 2019]).

Table 4.3: Estimates of drift o = 7 and diffusion ¢ = e over paths in time, space, and
jointly respectively, with discretisation M = 1000, N = 999 and K = 1000 independent
simulations. The true variance is calculated from the central limit type convergence
given in propositions 3.8.2, 3.8.3, 3.8.4, and 3.8.5, with a scaling factor of 1/N to
compare it to the estimated variance.

Parameter Path  Mean Est. Variance True Variance
Drift Estimate & Time 3.1778 0.1191 0.1199
Diffusion Estimate & Time 2.7155 0.0055 0.0056
Drift Estimate & Space 3.1744 0.0212 0.0198
Diffusion Estimate & Space 2.7064 0.0039 0.0037
Drift Estimate & Joint  3.2152 0.2105 -
Diffusion Estimate & Joint 2.7281 0.0260 -

For the joint estimation we have the following histogram of the K = 1000 simulations
in Figure 4.9.
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Normality Illustration for Estimates
Drift: o = 3.14, Diffusion: o = 2.72

Drift Estimate - Time

Drift Estimate - Time

3

Figure 4.9: Normality check for joint estimators of o and ¢ from the simulated paths
t — oug(t,x) and x — ouy(t,z) of the solution to equation 4.2 with o = 7,0 = e.
Simulated in total K = 1000 different paths in space and time respectively, with N =
999 points in space and M = 1000 points in time simulated.
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Chapter 5

A Splash of Colour

We saw in chapter 2 how the stochastic heat equation fails to admit a point-wise solution
in d > 2. This pickle arises from the definition of the stochastic integral, where we recall
that I(h) = [, ga hdW is well defined if and only if h € L*(R x R?). In our case this is
the function h(s,y) = L4 (s)¥(t — s, z,y) that we need to integrate over that does not
lie in this L? space. Recall remark 2.2.2 of the white noise definition, where we saw how
we acquire an isometry to some Hilbert space depending on the covariance structure of
the noise. We finish our thesis with this chapter which aims to show a way to smooth
the noise enough to allow solutions in any dimension d > 1. Our presentation here is
heavily inspired by the work of [Dalang, 1999] and [Tudor, 2014].

5.1 White-Coloured noise

Let’s restrict ourselves to the measure space (E, u) = (R+ x R% B(R, x RY), )\), with
A being the Lebesgue measure and where we use the notation (¢, A) := ([0,t] x A) €
B(R, x RY). We aim show the construction of a noise process M, and consequently a
stochastic integral [ hdM with a bit more regularity, so that we can integrate a larger
class of functions h € J¢, where S is this "larger” Hilbert space. The presentation
here focuses on 2 = R?, but it is not hard to adapt the discussion for rectangles
2 C R

For the case of white noise based on A, using standard results on set algebra and
the Lebesgue measure we have that its covariance function C ((t,A), (s,B)) can be
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factorised in a time and space component in the following manner,

C((t, A), (s.B)) = A(([0,1] x A)n([0,s] x B)) = A(([0,] N[0, 5]) x (AN B))

(5.1)

= Ar([0,¢] N[0, s]) - Aga(ANB) =t As-Aga(AN B).
Where Ag and Aga are the Lebesgue measures corresponding to R and R¢ respectively.
Given a smart choice of covariance for the noise, we can extend the stochastic integrals
to a larger class of integrands.

One general idea is to establish a spatial parameter to the covariance structure, which
is done by changing the spatial factor A\gae(A N B) from calculation 5.1 above. We note
that in a generalized sense,

Aea(A N B) = /A /B 5z — y)dady.

Because we formally have that the derivative of an indicator function is the dirac-§

such that
/A/Bé(x ~ y)dwdy = /A (/B 5z — y)dx) dy
= [ 18y = [ 1418y = Ass (A0 B).

This motivates the following choice of covariance, which was introduced in Dalang’s
paper [Dalang, 1999] on the extension of martingale measures in the Walsh sense of
SPDEs,

C((t,A),(s,B)):t/\s~/A/Bf(x—y)dxdy. (5.2)

We can therefore colour the spatial component by using an integrable function (or
distribution) f as a spatial parameter to the noise.

Let us discuss (a bit informally) the question, for which f is the covariance in 5.2
actually a covariance function? As long as C defined in 5.2 above is non-negative
definite and symmetric, we can guarantee by Lemma 2.1.6 that there exists a zero
mean Gaussian stochastic process M indexed on the sets (t, A) € By(R; x R?). We
note that the factor ¢ A s is itself a covariance function (that of the Brownian motion).
Since the product of two covariance functions is once again a covariance function, we
only require that the spatial component satisfies, for any Ay,..., A, € By(R?) and

T1,...,Tn €R
n

Z LRI (/A . flx— y)dxdy) > 0. (5.3)

k=1

Let g(2) := > p_; 2x1a,(2) € &, where & is the vector space over R of simple functions,
and denote §(z) = g(—z). Then 5.3 above holds if [z4(g* g)(y)f(y)dy > 0. This can
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be seen by rewriting equation 5.3 (a bit naively) and utilising convolution formulas,

n

> ( RCE y)dwdy) = > w ( L] i@ - y)dxdy)

k=1 k=1

:// Y oala (@) | | Domlay) | fl@—y)dady
Rt R I=1

k=1

- / (9.%3) (9) F(4)dy.
Rd

From [Norvidas, 2015, page 19], for any h € L'(R), then if f is continuous, fRd(h *
h)(y)f(y)dy > 0 is equivalent to that f itself is a non-negative definite function. Since
the simple functions g € & lie in L!'(R?), condition 5.3 is fulfilled for continuous non-
negative definite functions.

Bochner’s theorem (see e.g. [I.M and N, 1964, Theorem 2, p. 155]) actually char-

acterises all non-negative definite functions as the Fourier transforms of finite non-
negative definite measures. We will actually need the concept of tempered measures.

5.1.1 Fourier transforms of tempered measures

Definition 5.1.1. A non-negative measure v on R% is called a tempered measure if
there exists some k > 0 such that

1 k
/]Rd (1 n §|2) dv(€) < oc.

We will work Borel measures of the above form since they will guarantee the existence
of solutions to our SPDEs with white-coloured noise (more on this later). For any
¢ € L'(R?), we define the Fourier transform

Fo) = d(e) = / e TEV Gy dy.

Rd

Let S(R?) be the Schwartz space, which consists of the infinitely differentiable functions
which are rapidly decreasing as |x| — oo together with their derivatives of all orders
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and let S’'(R%) be the corresponding dual containing the distributions on S(R?). (Recall
that ¢(x) is rapidly decreasing if lim|;|_,o |2k (x)| = 0 for all k.)

Let f and g be two integrable functions. Then we have the relation

/ Fw)a(w)dy = / F)aw)dy
Rd Rd

If we have ¢ € S then every integrable function f induces a distribution Ay € &’
in the sense that A¢(¢) = = Jra f( y)dy. It is therefore natural to define

the Fourier transform on any dlstrlbutlon A € S'(RY) by A(¢) = A(qb) for every
¢ € S(R?). A (tempered) measure v can naturally be seen as a distribution on test
functions ¢ € S(R?) as ¢ — ( = Jra ¥(E)dv(€).

Definition 5.1.2 (Fourier transform of a tempered measure). If ¢ = 5 1s the Fourier
transform of ¢, then f is called the Fourier transform of the tempered measure v if

f@)(x)de = | H(&)dv(€) (5.4)
Rd Rd

holds for all functions ¢ € S(R?).

Remark 5.1.3. For the proof of one implication in the Bochner theorem we will ac-
tually need the equivalent definition of the Fourier transform of a measure in the sense

of
— = —i27rx~§d .
fla) == [ e an(e

An important fact that will be used in several calculations is the following.

Proposition 5.1.4. For any ¢, € S(R?) it holds that

/ / D)) @ — y)dedy = | DE)F (€)du(©)
Rd JRd R4

Where z* denotes the complex conjugate of z € C.

Proof. Note g(z) := g(—z). We have

[ [ stnste —spaaas= [ ([ otwroti s an) ao -
fuv ( o W@ - y>dy> o= [ vta) ( JRCE y)f(y)dy> &
— /Rd /Rd Y(@)o(z — y) f(y)dzdy = /Rd f(y) (/Rd V(x)p(—(y — x))dx) dy

= [ 1= by = [ F©F ©ine).
R4 R4
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Where the last equality follows from definition 5.1.2 and the property that the Fourier
transform of convolutions is the product of the Fourier transforms. O

Below we state a variant of Bochner’s theorem [I.M and N, 1964, Section 2, Theorem
2, page 147].

Theorem 5.1.5 (Bochner’s theorem). A complex valued continuous function f defined
on R? is non-negative definite if and only if f is the Fourier transform on S'(RY) of a
tempered measure v on RY.

Proof. For a full proof see [I.LM and N, 1964, pages 145-147]. We show the simple
implication that the Fourier transform of a tempered measure is non-negative definite.
Let f be the Fourier transform of v and recall that v is a finite non-negative measure.

SNt ) =303 (ckcl / W“—“)'ﬁdv@))
k=11=1 k=1 1=1

Z (Ckcl / i27r:rk-§ei27rxl-§dy<£)>

( cpe —2mixy & ZC 627”11 §> dl/(f)
k=1 =1
(ZC e —2mixy - ZC e —i2mxy {) dl/(é')

2

:/ che 27§ dv(€) > 0.

Il Il
\ \

O]

It follows that the covariance structure defined in 5.2 is actually a covariance function
if and only if the continuous spatial parameter function f is the Fourier transform of a
tempered measure v.

5.1.2 Definition of white-coloured noise

Definition 5.1.6 (White-Coloured Noise). A spatial coloured noise that is white in

time is a Gaussian random field indexed on the sets with bounded measure of the mea-
sure space (RY, B(R?), \),

M = {M(t,A), t >0, A€ By(R}, (5.5)
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defined on some complete probability space (Q, F,P) with E[M(t, A)] = 0, and covari-
ance function

C((t,A), (s, B)) =E[M(t, A)M(s, B)] :t/\s-/A/Bf(x—y)dxdy.

Where the function f is the Fourier transform of a tempered measure v.

A note on the naming convention: A noise that is white in time and white in space will
simply be referred to as white noise, and if it is white in time but coloured in space it
is called white-coloured moise. There are several examples of the spatial parameter f,
as presented in for example C.A Tudor’s paper [Tudor, 2014]. Here is one that we will
use as a basis of study (See e.g. [Stein, 1970, Chapter 5, Lemma 1]).

Example 5.1.7. The Riesz kernel of order ~,
r((d-v)/2)
7)) =R (x) =22 T/, 7d+7, 0<y<d
with v(d§) = [€]77dE.

Remark 5.1.8. The reason for the enclosure 0 < v < d of the value of v is because
of the definition of a tempered measure. The order v of the Riesz kernel depends on
the space 9 = R® for which it is defined, such that the solution to the stochastic heat
equation exists.

Remark 5.1.9. As~ — 0, we will actually approach the white noise case, symbolically,
limy o Ry(x) = 6(x).

5.1.3 Stochastic integral with white-coloured noise

Proceeding with the white-coloured noise M we construct a stochastic integral with
respect to M. The procedure is the same as for white noise, we define the stochastic
process I(h) on deterministic functions h € J# where the Hilbert space . is the
completion of the set of indicator functions 1(; 4) on R4 X R? with inner product

Wil = [ [ [ otarrta =it Odydear (56)

Call the space of simple functions &. Define the isometry mapping from & to finite
second moment space L?(),

I1:8— LQ(Q), g = Zakl(tkﬂk) — ZakM(tkaAk) = /ng. (57)
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Proposition 5.1.10. The mapping I : & — L*(Q2) is an isonormal Gaussian process.

Proof. Tt suffices to show that I is an isometry. Taking asimple g = Y )’ | ar 1, a,)(t, ) =
Yo arly,(t)1a,(x) we see that

2
12(9) =E {(ZakM(tijk))Q}

= Z azEM(tk, Ak)Q +2 Z akalE W(tk, Ak)M(tl, Al)]
k=1 k<l

11(9)lI72() = HZ apM (g, Ak)‘

Proceeding with the norm of g we find

”9”?? :/R+ /Rd /Rd f(x—y)(;akl(tk,Ak)(t,x))(;all(tlﬂl)(y,t))dtdxdy
:/R+ /Rd /Rd f(x y)(Z (a%:ﬂ‘(tkaAk)(t?x)]]'(tk,Ak)(yyt))

k=1

+ 2 Z (akalﬂ(%Ak) (t, x)]l(tl,Al) (y, t))) dxdydt
k<l

Splitting up the integral over the sum of the two sums we obtain,

=[] ] £ =03 (bt )L 1))y
R, JRIJR 1

+ /R + /R L Ha =023 (awart ) (62) 00,4 (0.0 dodyds

k<l

k=1 Ry JRE JRd

23 ara ( / / F(@ = )V ) (b 2) Ty (0 t)dxdydt>
Ry JRe JRA

k<l

= afEM (tp, Ap)® + 2 apaiE M (ty, Ap)M (1, A)]
k=1 k<l

and hence the norms are equal. ]

The rest of the construction follows the white-noise case. We take the completion of
& with respect to the inner-product induced from 5.6 which is the Hilbert space 2.
Since we have a linear isometry from the set of simple functions, the map h +— I(h)
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can be extended uniquely to 5. Take h € 57 and a sequence of simple functions h,,
such that ||h — hy||,» — 0. Then we define

/ hdM = I(h) := lim I(hy).
E

n—oo

Like in the white noise case, the above definition does not depend on the sequence of
simple functions approximating h.

5.2 The Stochastic Heat Equation revisited

Consider the stochastic heat equation with white-coloured noise (coloured by the Riesz-
kernel in example 5.2.5).

{gtu(t, z) — 1 Au(t, z) =M(t,z) t>0,zcR? (5.8)

u(0,z) =0 r € R%,
As before we define the solution to this equation to be

e |21(; s)
u(t, z) / / ———————— M (dsdy), (5.9)
R

d 27T’t— 8‘ (2|t — s[)d/2

as long as the integral above is well defined which is answered by Proposition 5.2.2
below. The following proposition guarantees that the Riesz kernel is actually a non-
negative definite function.

Proposition 5.2.1. The Riesz-kernel f with order v is a Fourier transform of a tem-
pered measure v, i.e. f =D, if and only if

d—2<~vy<d.

Proof. By definition 5.1.1, a tempered measure has the property that,

k
/ (1‘1‘1’§P> dv(§) < oo for some k > 1. (5.10)
R4

Let k = 1 and since 1+ |¢|? acts like a constant around zero and like |£|? at oo, equation
5.10 is equivalent to

/§|§1 v(d§) < oo, and /§|>1 G v(dé) < (5.11)
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The fact that v(d§) = [£]77dE gives,

1 1
—d¢ < oo, and / ——d€ < o0.
/|§§1 1€ lel>1 €12

The change of variables to polar coordinates gives the Jacobian

d—1
Jg = (—1)d*17'd*1 H sin®71g, < r¢1L,
k=2

given in [Muleshkov and Nguyen, 2016]. Thus the conditions in equation 5.11 can be
expressed as,

| 1
/O mdr < o0, and /1 md?" < Q.

From elementary calculus the above integrals are bounded if y—d+1 < 1, hence v < d,
and vy —d+3 > 1, hence d < v+ 2. Then, d — 2 < 7 < d is subsequently a necessary
and sufficient condition to equation 5.10. O

5.2.1 Existence of solution and covariance

The fundamental solution to the heat equation with drift «, where x € R? ¢ >0,

2
_ l=|

Dt 7) =
= ran) @2
has the Fourier transform, Y
Fd(t,-) (&) = e 4 olel™, (5.12)

We are ready to show the existence of solution to 5.8.

Proposition 5.2.2. The equation 5.8 with noise coloured by the Fourier transform of
a tempered measure, f = U admits a unique solution if and only if

1
/]Rd TT1ER |£’2dy(§) < 0.

Proof. We show that the variance (by isometry),

t
E[u(t,$)2] :/0 /Rd /Rd O(s,y;t,2)P(s,9;t,2) f(y — v )dydy'ds,

is finite. Using Proposition 5.1.4, and a change of variables £ = (2r¢), the above
variance is equal to
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¢ 1 c12 1 £12 ~ 1 512 ~
_ (g d AR - (s oy [ L e .
(27) /0 /R K e dv(&)ds = (27) /R e

Since

L I R 1
CltT— 79 = 79 —€ SCt a9
L+ ¢~ [€]? 1+ ¢?

the proof is done, since v is a tempered measure. The thing to note is that E[u(t, x)?] =
|®(s,y;t,2)|% by the isometry which defines the integral of ® with respect to M. [

Proposition 5.2.3. Given the Riez kernel of order ~y, the solution u(t,z) to 5.8 has
the covariance in time for a given x € RY,
-

Elu(t, z)u(s, z)] = Co((t +s) T (- s)JTH)

where

Co = [(2m) /]R e a)]

Proof. Let s < t, starting with the Fourier transform from 5.1.4 and a change of
variables to scale away the (27)? from the Fourier transform of the fundamental solution
given in equation 5.12,

tAs
Efu(t, z)u(s, z)] = / / / (s t,0)B(r s 5,0) f(y — o )dydy'dr
0 R2 JRA
:(27r)d/ / efé(t*T)\§|26*%(S*T)\£|2dy(§)d7-
0 Rd
— (27) / / e~ HE=IER o~ (s=IER ¢~y (6
0 R4

With the change of variables letting §~ =/t + s — 27&, the functional determinant gives
the scaling (¢t + s — 27) %2,

Elu(t, z)u(s,z)] = (2r)~¢ /0 8(t+s—27)$ /R , e 2l qy(¢)dr

:(27r)_d/ e~ 312 (dg) = ((t+3)—d%w+1_|t_s|—d%+1).
R -t +1

Where we let Cp := (2m) ¢ g e 28 (de) —L O

d—~ .
— 3 fl

The covariance given in Proposition 5.2.3 is the same as a bi-fractional Brownian motion

defined in 3.1.4, with H = % and K =1 — ‘FTV. This proves the following proposition,
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Proposition 5.2.4. Fiz x € RY. The solution u(t,z) to the stochastic heat equation
5.8 has the same distribution modulo a constant to the bi-fractional Brownian motion

withH:fandK— —dTV,

u(t, x) LAY 2_1‘*'(1%003%’1_%(15) forallt € R;.

Proceeding with the above we can utilize the exact same methods as in chapter 3 and
4, we can calculate the exact ﬁ = ﬁ—v&riaﬁon of our solution. The distribution

2 4
from Proposition 5.2.4 can of course be calculated for different drift and diffusion in
equation 5.8, which in turn motivates the same kind of estimators as before. Simulations
of the solution u(t, z) can be created with the same methods as in chapter 4.

5.2.2 White-coloured noise approximation

The finite-difference schemes discussed in the previous chapter can be employed here
as well. These types of approximations also converge, see for example

[Millet and Morien, 2005] which show convergence of such approximations. The white-
coloured noise M at point (¢,,,z;) can be approximated as

= /ttm /a’] M (dtdz) =M ([tm—1,tm] X [xj-1,2;]) . (5.13)

The M" are dependent variables in the spatial direction. The covariance structure is
given by

E(M}'M}) =E (M ([tm-1,tm] x [1;-1,2;]) M ([t1-1,t2] X [25-1,74]))

=A([tm—1,tm] N [ti-1, 8] / / flx —y)dxdy

_ At ka 1fxz ) y)dedy m =1 (5.14)

0 m # .

And they are normally distributed.

zj (e
M3 e N <0,At/ / flx— y)dxdy) . (5.15)
Tj—1JTj—1

Like before the mixed derivative can be approximated as %M (75,tm) = xrhz-
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To simulate the Gaussian field we need the covariance matrix which is given by the
calculation 5.14 above. Consider Figure 4.4 of the discretization scheme. The points
we are simulating the field on are (xj,t¢y,) for each j =1,...,N and m = 1,..., M.

We order theseM?”” in a vector as F = (M%,...,M1 ,M%,M%...,M2 ,M]\N/[)

Let the matrix K, = Ji'j—l f;:_1 f(z—y)dzdy be the covariance matrix over the spatial
points for a fixed time point ¢,,. The final covariance matrix over all time and space
can be written in the block diagram form with K on the diagonals and zero matrices

everywhere else,

K 0
0

Q= (5.16)

0

K 0
: 0 N
o ... ... K

Performing a Cholesky decomposition Q = RRT we can simulate the noise field as
F = Rz, where z is a vector of V- M standard i.i.d normal random variables. To speed
up computation and save memory we note that the Cholesky decomposition can be
reduced to decomposing K = LLT. We then simulate the field F,,, = ( ... ,Mﬁ)
incrementally over the time m = 1,2,..., M by taking F,, = Lz[(m — 1)N + 1 : mN]
and F = (Fq,...Fy).

5.2.2.1 Calculating the covariance integral

We will consider the Riesz-kernel given in example 5.2.5, we state it here again.

Example 5.2.5. The Riesz kernel of order ~,

f(z) = Ry(z) := QdWWd/2W|x|d+7, 0<vy<d

with v(d€) = €|~ dE.

We will only look at one spatial dimension, d = 1. The goal is to calculate the covariance
given in 5.14 and to do so we find the following integral.

b pd b d
/ / |x—y|71dxdy:/ (/ |x—y|71dy) dzx.

(Note the use of Tonelli’s theorem since g(x) = |z|7~! is a positive measurable function
for v € (0,1) and = # 0.)
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We have two cases for our discretization, either [a,b] N [c,d] = 0, or [a,b] = [¢,d]. First
we assume they are disjoint, and w.l.o.g that a < b < ¢ < d. Then z € [a, b] will always
be less than y, so |z — y| = (y — x) which gives

d d
/ \x—y\“dyz/ (y— )" dy

(d—=z)" = (c—x)7).

2=

Thus we obtain for a < b < ¢ < d.

/ab (/cd |z — y|7—1dy) dr = /abi ((d_ z)7 = (c— x)y) da

_ 7(711) (=)™t — (d— by — (e — a4+ (d— a)H)

For the general case of [a,b] N [c,d] = 0 we get

b d
/ / |z — y|" dzdy
a C (5.17)

1
= (Je=b* —jd— b —[c—a["*! +]d—a]""!).

Yy +1)

Now continuing with [a,b] = [c, d].

Which actually corresponds to calculation 5.17 above. For [a,b] N [c,d] = 0 or [a,b] =
[c,d] it holds that,

b d
//Il‘yl”‘ldﬂﬁdy
o Je (5.18)

1
:4447(¢—mﬁ4—u—mﬁﬂ—w—@ﬂ4+w—awﬂy

Yy +1
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5.2.2.2 A simulation

We make a Crank Nicolson finite-difference scheme approximation (© = 0.5), with
M = 1000 points in time, N = 999 points in space, and aAt (Az)? = ﬁ to the
stochastic heat equation 5.8 with initial condition uy = 0.2sin(27x). The coloured
noise is coloured by the Riesz kernel R,(x) with v = 3/4. In Figure 5.1 below are the
simulated fields. Figure 5.1a is the coloured noise approximation and 5.1b is the white
noise with the same underlying independent Gaussian variables for comparison. We
can directly see the smoothing effect of the noise.

Temperature Distribution u(t,z) - Coloured Noise

u(t, z)
°

o =
l!

-0.4 = 0.5
0 0.1 0.2 03 04 os

06 07 08 g T o Time

Space

(a) Temperature Distribution u(¢, z) - Coloured Noise

Temperature Distribution «(t, z) - White Noise

u(lt,z)

(b) Temperature Distribution u(t,z) - White Noise

Figure 5.1: Approximation of the solution to the stochastic heat equation 5.8 with both
white noise and white-coloured noise, using a Crank-Nicolson scheme.

81



Appendix A

Proof of Theorem 3.6.1

Let (2, F,P) be a probability space. A map 7 : Q — Q is called measure preserving if
P(r71(A)) = P(A) for all A € F. For a stochastic process Y (n), we define its’ shifting
map Sk : Q@ — Q such that Y (Si(w),n) := Y (w,n + k).

Definition A.0.1. A map 7: Q — Q is ergodic if for every invariant set A € F (i.e.
T(A) = A), then P(A) =0 or P(A°) = 0.

A property which implies ergodic is mixing.
Definition A.0.2. A map 7: Q — Q is mixing if

lim P(AN7"(B)) = P(A)P(B),

n—oo

forall A,B € F.

Mixing implies ergodic since, let A be any invariant set, we have that
limy, 00 P(7"(A) N A) = P(7"(A))P(A) = P(A)P(A) because of mixing and invariance.
Hence P(A) = P(A)? which only can be true if P(A) is equal to 0 or 1.

An equivalent condition for shifting maps Sy from a stationary process Y (n) is the
following.

Theorem A.0.3. The shifting map Sy, : Q@ — Q of a stationary process Y (n) is mizing
if and only if the autocorrelation function r satisfies,

i () — i B[O ZEYOD0(n) ~EY(0))]
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Lastly, the reason for introducing dynamical systems is because of the ergodic theo-
rems that can be utilised. In this proof we will use the following theorem (see e.g.
[Pollicott and Yuri, 1998]).

Theorem A.0.4 (Ergodic Theorem of Birkhoff). Let (2, F,P) be a probability space.
If the map 7 : Q — Q is ergodic and measure preserving, then for any X € LY(Q, F,P),

n—1

1 .
nli_}ngongX(T’(w)) :/QXdIP’. a.s.

Now the proof of Theorem 3.6.1 can commence,

Proof. The sum can be rewritten as,
Zw tisr) =P (O = cw (b —a) - Z\FH (i+1) = FH @)

using the self similarity of the fractional Brownian motion. The ergodic Theorem of
Birkhoff will be used and hence the shifting map has to measure preserving and ergodic.

Let S) be the shifting map from |F7(1 4 n) — FH(n)|% For any A € F,let C CR
such that P(A) = P(|FH (k + 1) — FH(k)|# € C), then
P(A) = P(|F™ (k+1) = FP (k)| € C) = P(IF7(1) - F(0)[7 € C) = P(S,}(4)),

where the stationary increments of fractional Brownian motion motivates the second
equality. Hence the shifting map is measure preserving.

The shifting map Sy, from FH (1 + k) — F¥ (k) is mixing since by Theorem A.0.3,
1
E[(F*(1+k) - FP(k)F"(1)] = Sk + 12 4k — 127 = 20kPH) = 0 as k — oo,

and hence it is ergodic. Further, the shifting map Sy from |FH (1 + k) — FH(k)\% is
ergodic since x — |:c\% is a measurable map (the definition of ergodicity rests solely
on measures).

Applying the ergodic theorem of Birkhoff with X := |FH (1) — FH(O)|% = \FH(I)\%,
T =51, then

n—1

S [eFH (i) = P (1) =c (b Z [FH i+ 1) = PP (@)

=0

et (b — a)/ \FH(1)|7dP = ¢ (b — a)E [\Z\%] .
Q

With Z := FH(1) € N(0,1). O
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Asymptotic Variance

The asymptotic variance ,01211 4 from Lemma 3.8.1 actually follows from the below

H
stronger theorem, found in [Cialenco and Huang, 2019][Theorem A.1]. First we define
the probabilist Hermite polynomials,

22

Hej(z) := (—1)%727

22

&2
we 2, (Bl)

The first five polynomials (and the ones we need) are given as

Hep(z) =1,

Hey(z) = =,

Heo(z) = 22 — 1,
Hes(z) = 23 — 3z,
Hey(z) = 2% — 62 + 3

A polynomial H(x;k) is said to have Hermite rank k if it can be expanded as

o0

H(z;k) = c;Hej(x), (B.2)
j=k

with ¢, # 0.

Theorem B.0.1. Let X(t) be a Gaussian process with the following properties,

1. X(0) =0 and E[X(t)] =0 for all t.

2. X(t+s)— X(t) € N(0,0%(s)), where o(s) is some non-random function of s.
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3. There exists a constant v > 0 such that X (ct) 4 A X(t) for any ¢ > 0.

4. For anyt >0, At > 0, the sequence X;, = X(t+nAt)— X(t+(n—1)At), n € N
1s stationary.

5. Let r be the covariance function of the stochastic process Y, = %, r(n) =

EY;,Yintn and assume there exists some positive integer k such thaty oo r*(n) <
0.

Then we have the asymptotic normality

;ﬁ Z;H <J(q) (X;/m = XG-1)n) ;k) — N(0,52) (B.3)

With . .
- .1 .
52 :Zc%l!m%, and K} ZRIEEO;ZZTZW_JD-
I=k i=1 j—1

For Lemma 3.8.1 by the above theorem we have
rk) = (I + 1P 4 [k — 1P — 2P
And the variances are given as
pQ%Q = 2x3, and pé,zl = 723 + 24K3.
For p;4 the constants 72 and 36 comes from the fact that the 2* — E [|Z|4] =z*-3=

6 Hes + Hey with coefficients ¢co = 6 and ¢4 = 1. All this is because the terms in the sum
defining the exact 4-variation subtracted by E []Z \4] can be written as a polynomial
with Hermite rank 2,

(o.9]
ph = f Ul k] =67 20 k3 + 4l 5§ = 7235 + 2455,
47
=2

For p2 , the quadratic variation minus the centring constant 22 —FE UZ ]2] =22—-11is
2 b

equal to Hes. Hence

o0
p2%72 = g Gk} =2 k2 = 263
1=2
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Derivation of Solution to Heat
Equation

Set oW = f (t,z). Assume that all coming manipulations are well defined for u, uy and
f (like the Fourier transforms, inverse transform, all integrals, etc.).

We have the equation,

%u(t,x) —aAu(t,z) = f(t,z) t>0, rcR? 1)
u(0,2) = up(z) z € R4 '
To solve 1.6 we solve first the homogeneous problem
%u(t,:ﬁ) —alAu(t,z) =0 t>0, zcR? (C2)
u(0,x) = up(x) r € R4 '

Recall the Fourier transform
7 (00,2)(.0) = 166 = [ a1 5
R4

Where &z is the inner product on R?. Using that .# (Au) = —|¢|?u and the convolution

identity .7 (f*g) = f-g. We will do a Fourier transform on C.2 to get the corresponding
ODE

Fa(&, 1)+ |¢Pat(s,t) =0 t>0, { e RY

u(,0) =ug(&) £ € R
We continue with an inverse transform, obtaining the homogeneous solution

—le—y|?
e 4dat

t = — d RY,t > 0.
wta) = [y, = R 1>
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Proceed to the in-homogeneous problem with zero initial value to complete the super-
position,
{gtu(t,x) —aAu(t,z) = f(t,z) t>0, rcR? (C3)

u(0,2) =0 z € R4

To solve the equation above we will invoke Duhamel’s principle (see e.g. [Evans, 2010,

Page 49]. Which gives a method to solve the equation above with homogeneous initial

conditions, but with a non-zero driving term. We illustrate it like this: Consider once

again a homogeneous equation, for 0 < s < t, of the form,

%u(t, r) —alAu(t,z) =0 t>s, xcR? ()
u(s,z) = f(s,x) r € R4 '

By a translation ¢ = ¢ — s we obtain a PDE of the form in C.2, which admits the
solution,
—|o—y|?

e 4a(t—s)
s(t,z) = ,y)dy, RY ¢ > s.

Duhamel’s principle gives us that the solution to C.3 is simply to integrate u, with
respect to s for 0 < s < t, which gives the particular solution

—Jz—y|?

e4a(t s)
»(t, ) / /Rd Trall )d/Qf(s,y)dyds, reR? t>0.

The solution is given by the superposition principle, u(t,z) = u,(t, x) + up(t, z).
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