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Abstract

We consider (damped) stochastic wave type equations on Ryq x T4,

dru(t,x) = Au(t, x) + d;Du(t, x) + f (t,x) + o ()W (¢, x),

where by wave-type we mean that the equations are second order in time and the spatial differential
operator A, aside from a reasonable lower order perturbation, is a essentially (—1)’”_1Am (m e IN¥)
and oW is an additive space-time white noise.

The aim of this thesis is to study how these equations emerge as limiting equations for discrete
equations of the form

duXn(t,1) = AyXn(t, 1)+ d: DNy Xn(t, 1) + gn(t, 1, XN (8, 1)) + 0By (1, 1),

whose spatial variables live on an equidistant, cubic, Bravais lattice, that is a discretization of the
spatial torus T7. Where (Ay)yon and (Dy)nven+ constitute sequences of discrete difference quotient
operators, whose continuous realizations converge to A respectively D in the strong operator
topology and By is a spatial L;-average of W, with respect to the step size of the lattice.

We first consider linear discrete equations, here (gy)ven = (fn)yen 1 @ sequence approximating
f, in a space of continuous functions with values in a suitable Sobolev space and we show that,
maximal regularity aside, the solutions of the discrete equations approximate the solution of the
continuous equation, and in turn get approximated by spatially averaged, orthogonal projections of
the continuous solution. Thus proving a Cauchy-Born rule under the influence of space-time white
noise.

While in a second step we consider renormalized continuum limits of non-linear equations.
Here gn(t, 1, Xn(t1) = fn(t, 1) + b(Xn(8, 1)), is the sum of the function fy from the linear part
and a polynomial non-linearity, rescaled to compensate the divergence in the limit, that will
either disappear in the limit or spawn a linear term, depending on the strength of the rescaling
compared to the non-linearity’s speed of divergence. Here we determine a candidate for the scaling
under which the renormalization into a linear term occurs and show that for stronger rescaled
non-linearities the term vanishes in the limit, for odd powered non-linearities a small gap between
the critical scaling and the vanishing scalings can be observed.
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Notation

As basis of all further notation we will use the following generic notations and conventions. (E, ||||g)
and (F,||-||r) denote generic Banach spaces, (H,{,-)y) is a generic Hilbert space and U c R? an
open, non-empty domain in R7. Given any space of E-valued functions or distributions X(U, E),
we denote the real valued version X(U,RR) by X(U). And unless needed for clarification the measure
and sigma-field will be omitted in the L, spaces and all derived function spaces.

General Notations

N {0,1,2...} the natural numbers

IN* {1,2...} the natural numbers without zero

INY set of all multi indices

z integers

71 set of all Fourier indices

(z1)p set of all Fourier multi indices

Q rational numbers

R real numbers

RY euclidean vector space

C complex numbers

K placeholder field for R or C

Ba(c,7) open K17 ball with center ¢ € K and radius r > 0

Bya(c, 1) Bya(c,r)NZ4

T [-7t, )1 the g-dimensional torus

Q?\] {—T[, %“, . ”T_Z, ”T_l}q equidistant grid discretization of T4

o} 8 {-N,-N +1,-N +2,...,N = 2,N - 2} the Fourier dual of Q},

ci(I) >q<1 [lj, i+ %] averaging cube extended from [ € Q?\J
j=

S, Permutation group of {1,2,...,n} for n € N

nl!! double factorial of n € IN

ej canonical basis vector in R? for j € {1,...,4}

AT transposed of A € R7*1

lim limsup



NOTATION

Specific Distributions, Functions, Operators and Maps

w(N, )

w(N,j,q)

(1 +(x,x)ga)"/? standard Fourier weight
Fourier transform

inverse Fourier transform

discrete Fourier transform

inverse discrete Fourier transform
convolution of (generalized) functions
discrete convolution of functions
support of a function or distribution
Identity map in E

Identity map, when the space is clear
indicator function of a set (sub-)set M

[x > x;] the j-th coordinate projection
the floor function [x — max{j € Z |j < x}]
Dirac ¢ distribution at xy € RY
Kronecker delta

Laplace operator

discrete Laplace operator

right translation operator, shifting by 1 € R in direction ¢;, over the continuum

discrete right translation operator, shifting periodically by a multiple of the
underlying grids step size in direction ¢;

partial difference quotient operator, with error 1 € R, in direction ¢;

discrete partial difference quotient operator, with error i € R being a multiple
of the underlying grids step size, in direction ¢;

1, i=0

exp(% -1 20 averaging weight of the j-th Fourier coefficient for j € Z
1j7C 4
~

1, q<2m,

log(N), q=2m,

N2, g>2m+1,
ﬁq,l(N)

Landau Big-O notation

Scaling function for dimension g and operator order 2m
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NOTATION

Spaces of Functions and Distributions

C(U)
C.(U)
c™"(U)
C(U)
BC(Ro)

Cc=(U)
ce(U)

C([0,T]E)
D(U)
D'(U)
S(U)
S’'(U)
Lo(U,B(U), M, KK)
L,([0, T} E)
L,(U)

Ly 10c(U)
W(U)
H™U)
H5(U)
H?3(T1)
h(QY)
h(QY)

continuous functions

continuous functions with compact support
n-times continuously differentiable functions
cHuU)nC(U)

Bounded and continuous functions mapping R to R

ﬂ c™(U)

nelN

(ctw)

nelN

continuous. E-valued functions on [0,T], T >0

space of testfunctions

space of all distributions

Schwartz space of tempered functions

Schwartz space of tempered distributions

B(U) — B(IK)-measurable functions

Bochner-Lebesgue space of p-integrable E- valued functions

usual Lebesgue space for p > 0

{f € Lo(U,B(U), A1, K)| 1gf € L,(U) VK € U} locally p-integrable functions
classical Sobolev space of integer order n and integrability p > 1
classical Sobolev Hilbert space of integer order

classical Sobolev Hilbert space of fractional order s € R

Fourier Sobolev Hilbert space of fractional order s € R over the torus T?
periodic discrete Sobolev Hilbert space over the torus grid Q?\]

Fourier dual of hS(QZ])

discrete periodic I, space

Fourier dual of lz(qu\,)
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NOTATION

Functional Analysis Notation

v
v
(A,dom(A))
(A*,dom(A%))

Ixllpa)

algebraic dual space of a vector space V

topological dual space of a vector space V

linear operator A with domain dom(A)

Hilbert space adjoint operator of A, with domain dom(A*)
|lx||g + ||Ax|[r graph norm of an Operator A: E — F
(dom(A), |- llp(a))

Set of bounded linear Operators mapping E into F

L(E,E)

Set of closed linear Operators mapping E into F

A(E,E)

Set of generators of Cy-semigroups

Set of generators of contraction semigroups on E

Set of all generators of Cy-semigroups on E

Set of all sequences, of discrete operators, admissible for a PDO A
growth rate of the operator semigroup T

image of the operator A

resolvent set of the operator A

spectrum of the operator A

resolvent Map

The polynomial describing the differential operator A and its eigenvalues

orthogonal projector onto a subspace M C H
Idy — P complementary projector to the projector P on H

Projector onto span{¢; | j € [-N, N + 1]}, with respect to the orthonormal basis
@ ={¢p;}jczq, as defined below

PL?\I(‘J for 6 €(0,1)

A generic orthonormal basis in the general theory. And everywhere else
O={p;ljezi}= {e!"/)r1 : R — C | j € Z7) the canonical orthonormal basis of
L, ().

{efCDRa Q?v —-Clje qu\,} orthonormal basis of lz(QIq\,)
{efCIma Q?\] —-Clje QZ,} orthonormal basis of lz(QZ,
Partial differential operator in the differential D, and with coefficients in x
Partial differential operator in the differential D, with constant coefficients

limit with respect to the string operator topology
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NOTATION

E<«>F E is compactly embedded into F

KeM the set K is compactly contained in the set M

Multi and Fourier Indices

q
|| Zoz]- Length of the multi index a € IN4
j=1
q o
a ] q q
X l_lx]- fora € N9 and x € R
j:l
0%u Halala u for a € N1
Oyl .0y ]
X1 xq
D%u (=id)*u or 0%u
M(Z4,j,p) Set of al Fourier multi indices a € (Z9)P of length p with j matches
M]],;(a) 1 M(Z9,7,) match function for Fourier multi indices « € (Z1)P
m(a) Match number of a Fourier multi index a € (Z7)P
P
a(k) a,k—Zaj for any a € (Z1)P
j=1
p
Uy ]_[ Ua]. for any a € (Z1)P

j=1
Probability and Measure Theory
X~ N(u,X?) X is Gaussian with mean y and covariance X2

X~CN(uX%T) X iscomplex Gaussian with mean E[X] =y, IE[XXT] =¥2and IE[|X|2] =T

Pr The predictable-o-algebra

Pr(Q,E) Set of all E valued predictable processes
Ho counting measure

(X =Y} {(w, ) e QA xT | Xy(w) # Y(w)}

LN convergence in probability
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Introduction

»[...] the real understanding involves, I believe, a synthesis of the discrete and continuous, [...].”1)
The aim of this dissertation is to study stochastic partial differential equations (SPDEs) of the form
dsru(t, x) = Au(t, x) + d;Du(t,x) + f (£, x) + o () W (¢, x), (SPDE)
on the torus TY = (R/21tZ), as limiting equations of corresponding discrete equations
IuXn(t 1) =ANXN(E1)+ I DnXn(H 1)+ gn (8 1L, XN (8 1)+ 0By (8, 1), (SPDQE)

on the equidistant, discrete, defectless, cubic lattices %{—N,. .o N-1},

Here the spatial partial differential operator (PDO) A is essentially an even order, self-adjoint,
negative PDO (think some power AP, p € IN* of the Laplace operator), the damping operator D is
either a non-positive constant or a positive multiple of the Laplacian, the forcing f is continuous in
time while taking values in some Sobolev- Hilbert-space and o(t)W(t,x) is an additive space time
white noise.

While on the discrete side Ay, Dy, are discrete operators (polynomials in the translation operators
with shift size equal to the step size of the lattice) with continuous realizations Ay, Dy, that converge
to A and D in the strong operator topology respectively and oBy/(t,1) is a spatial L;-average of
o(t)W(t,x). In the first part, where we deal with linear equations, gy is a function fy independent
of Xy approximating f uniformly in time, whereas in part two an additional polynomial non-linear
term, rescaled by some power of N, is added to the forcing fy, from the linear part. Rigorous
definitions and conditions will be given at a later point in this thesis.

This type of equation first appeared in the 1960s [Gro67], as infinite dimensional It5-equations,
while the study of SPDEs as such is commonly associated with the 1970s. From thereon three main
approaches towards SPDEs were developed, the semigroup approach ([DPZ14]), the variational
approach ([PR07] and [GM11]) and the martingale measure approach that goes back to Walsh
([Wal86]) and was later extended (see e.g. [D*99]), as the original theory can not integrate the
stochastic wave equations Green'’s function for dimensions q > 2 (see [DKM*09]), and studied in
various schools.(Italian, Russian, etc.) For a more detailed, though self-proclaimed biased, account
on the history of SPDEs see [Zam20]. Now we have to choose which of the two approaches to
model our space time white noise we use, while these approaches and their stochastic integrals are
(essentially) equivalent (see [DQS11],[Jet86]), working with the Da Prato-Zabczyk approach, has the
advantages that, in some sense, it is a linear extension of the deterministic semigroup approach and
comes with a Fourier series expansion, which will prove very useful in the proof of our main results,
while simultaneously working in the deterministic setting.

Now in the linear setting, we prove a Cauchy-Born rule, with noise, for interacting particle
systems, on a cubic lattice {£{—N,...,N — 1}, in the linearized regime, with interaction potential
V. Indeed (SPDQE) is the result of introducing a macroscopic time £t to the newton equation of
motion, for the aforementioned particle system, whose interaction potential V is encoded by the

discrete difference operator corresponding to Ay, with corresponding damping, forcing and noise.

1 [Lovl0]
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To visualize this consider the following simplified situation, without damping, forcing and noise, of a
particle system, of 2N particles, in one dimension, with nearest neighbour interactions according to

the potential V(x) = 3 (x - 1%)2 Assuming ;i to be the equilibrium position of the particle labelled
by i€ {-N,...,N —1} the Newton-Equation of motion read:

d*Xyn(t,1)

dt2 :XN(t,l+1)—2XN(t,l)+XN(t,l—l)

Now introducing the macroscopic time 7 = §;t yields

d*Xn(t,1)

L = AnaX ().

This corresponds exactly to the situation Ay = Ay, and A = A, and for suitably regular initial
data the deterministic version of this parts main result gives the first result of [BLL12]. Due to the
regularity or rather the lack thereof their proof using a factorization argument doesn’t carry over
and we instead we combine the mild solution with Fourier analysis to extend the result such that it
can be applied towards arbitrarily irregular initial data and a stochastic forcing. In the deterministic
setting these kind of results have seen extensive investigation covering a wider range of lattice types,
including defects, and potentials than this dissertation, (see for example [BLL12],[BS16],[OT13] and
[BLBLO07]) because of their applications in chemistry and material sciences.

In the second half due to irregular nature of space-time white noise ([Ver10]) once the dimension
reaches the order of the differential Operator A, its regularizing ability will be exhausted and the
solutions of (SPDE), will no longer be function valued and instead become generalized stochastic
processes ([Sch18]), taking values in a space of (Schwartz) distributions. Whilst this has no effect
on the treatment of linear equations using the semigroup approach, aside from changing the
Hilbert space from a Lebesgue space to a Sobolev space, the impact on non-linear equations is
considerably higher. As already remarked by Schwartz [Sch54] a simultaneous faithful extension of
multiplication and derivation, that covers all distributions, is impossible, this raises once more the
question if a non-linear SPDE is even well-posed. For parabolic (and sometimes elliptic) SPDEs an
answer to this was given in the form of the fields-medal earning contributions, by Hairer [Hail4],
while hyperbolic SPDE’s like the stochastic wave [GKO18b],[GKO18a] or sine-Gordon equation
[HS16] are treated according to the paracontrolled approach, using Wick renormalizations and the
Da-Prato-Debussche decomposition. Our situation may be comparably easier, as only the discrete
equations are non-linear and the divergence only occurs in the limit, however this does not prevent
us from modifying these tools to our needs. Similar results to ours have already been obtained for
parabolic [HM*18] and elliptic [MSS06] equations, therefore there now exists a treatment of each
type of the trinity.

So far we have discussed the contents of this thesis in the context of other works, in the fields
of (stochastic) analysis and continuum limits, but before we outline the structure of this thesis, let
us summarize what was achieved in this thesis:

In part one we are solving (SPDE) for any negative partial differential Operator of order 2m
(m € IN¥), perturbed by any differential operator of at most order m, in any space dimension g € R,
either undamped, damped by a constant rate or strongly damped by a multiple of a standard
Laplacian, for any regularity, that the regularity of the data, forcing and space time white noise
allow.

We then do the same with (SPDQE) for partial differential quotient operators Ay and Dy, whose
continuum realizations converge to A respectively D in the strong operator topology, and gy
approximating f.

Now the aforementioned Cauchy-Born rule can be obtained in the following way:

We represent both our partial difference quotient operators and a linearized interaction potentials,
in the corresponding Newton equations, in terms of translation operators (shifts), by introducing

2
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m
the macroscopic time 7 := \/%mt in the Newton equations and multiplying the equation with (%) )

those equations will coincide. By applying one of our main results, Theorem 3.3.1 or Theorem
3.3.1, we obtain the particle systems governing continuum equation. Among the partial differential
equations that can appear as continuum limits, of these discrete systems, are the (stochastic) wave,
plate and telegraph equation.

In part two gy not only consists of an approximation of the forcing term f, but also a non-linear
function b(Zy), that is either a scaled polynomial or the composition of a a scaling function (in N)
and a polynomial, in the solution Zy of the, now non-linear, equation (SPDQE). By converting them
into discrete convolutions, of the linear solutions Fourier coefficients, we compute the scaling of the
moments of Xy, in N, such that we can derive a critical scaling power of N, for which b(Xy) stays
bounded between two constants independent of N (IP-a.s.), and a subcritical level for which b(Xy)
vanishes, for N — co. To obtain the lower bound for the scaling we need an additional ellipticity
condition on the partial differential operator A.

We then want to turn this knowledge about the linear solution into knowledge about the non-linear
solution Zy . By differentiating their difference, twice in time, we obtain a random partial differential
equation for their difference, in which the non-linearity can be understood as a forcing. Using
a Gronwall estimates and our moment bounds, we can show that the solution of the non-linear
equation scales like the solution of the linear equation, and converges to the same linear continuum
solution. For even ordered polynomials this works in the full subcritical regime, while for even
ordered monomials the linear solution recreates a hS(Q?\,)—norm, when computing the scaling, as we
have no a priori knowledge whether the same happens for the non-linear solution we are left with a

gap of %, were g is our dimension, in the subcritical regime were we can’t say anything about Zy;,
based on our knowledge about Xy.

Finally we give an overview of how this dissertation is organized. This thesis consist of two
parts, not counting the preliminaries, as well as an appendix.

The preliminaries will recall important results on (stochastic) partial differential equations,
which will reappear later in the main part of this dissertation, as well as most of the notation
we will utilize. While, in the interest of keeping this thesis reasonably self-contained, we aim
at a well-rounded presentation of the topics covered in this part, their treatment is far from
comprehensive, as most of them have given rise to various monographs on themselves, a selection of
which will be provided in the respective sections.

In part I we will develop the continuum limit theory, for linear equations, with the main
results as well as some examples of wave-type being given in chapter 3. While the regularity w.r.t.
time of the mild solution is the same in the deterministic and the stochastic case (as usually with
a IP-a.s. in the stochastic case), this doesn’t carry over to the continuum limit as we would need a
general result allowing us to interchange the expectation operator with a supremum in time, e.g. a
bound for the moments of said supremum by the supremum of the errors moments. Nevertheless
we obtain convergence for all and not just one moment in time. The discrete versions of these
continuum limit theorems on the other hand are merely the second side of the respective same
coin, showing, to say it with [Lov10], that not only the large finite approximates the infinite?), but
also conversely an approximation of the large finite can be obtained from the continuum. The
subsequent chapters are dedicated to various steps of the main results proofs. In Chapter4 we give
a proof of existence, of a mild solution, that is a modified version of the proof for the wave equation,
using the spectral calculus for self-adjoint operators instead of the integration by parts. The fact that
our differential operators and their discrete counterparts act as multiplication operators, under the
respective Fourier transform, allows to determine a representation of the semigroup on the Fourier
space, via explicitly solving an ordinary second order oscillation differential equation. In Chapter 5
we will then develop the error estimates that we combine in Chapter 6 to complete the proof of our
main results. When developing these error estimates the high frequency Fourier modes have to be

2)  While both perspectives are valid, this will be the mindset assumed throughout part I.
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treated different from the low frequency Fourier modes, therefore we introduce a Fourier cutoff, by
virtue of an orthogonal projection in the Fourier space.

In the second part we turn to nonlinear discrete equations, with a polynomial nonlinearity,
that is rescaled to avoid an immediat universal blow up of the limiting equation. Using the ,Da
Prato-Debusche trick“we establish the linear solution as a basis for a priori knowledge and, by
its gaussianity, this leads to the assumption that the limiting equation will again be linear. By
the linear continuum limit, established in part I, we can obtain the moment bounds, controlling
the nonlinearoty evaluated at the linear solution, that give us our assumed critical scaling, for the
emergence of a renormalization term, by computing with the continous solution. As we require
our inital data and forcing now to be actual functions and not distributions our critical scaling
depends solely on the stochastic convolution term. As we assume a bound on the symbol of our
differentialoperator A, that lets it behave similar to the linear wave propagator in [GKO18b] and
[GKO18a], it is not surprising that our stochastic convolution scales in a way, that generalizing
their findings. Finally we prove critically of the scaling, by showing that for stronger rescaling of
the non-linearity, it actually collapses to zero. For even powers this result is optimal, in that the
non-linearity collapses for any scaling larger than our critical candidate. For odd non-linearitys on
the other hand there is a gap depending on the spatial dimension, as the discrete convolutions for
the linear solution reproduce a Sobolev norm, which is an effect we a priori can’t assume for the
non-linear solution.

The appendix serves as a place to present some results that either appear in a more standalone way,
atleast in the context of this thesis, or are basic computations outsourced from the main part.

Some of the proofs contained in this work are not fully justified. As a consequence, while we
keep the usual nomenclature for easy readability, the mathematical results stated as >Theorems ¢,
»Corollaries <and >Lemma «<are to be understood as (well-founded) conjectures and their >Proofs <as
evidence that substantiate these statements.
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1 Functional Analysis and PD(Q)E

In this chapter we will recall some functional analytic facts related to abstract Cauchy problems, that
take the form of partial differential equations, if the equation is posed in a space of (generalized)
functions over a continuum, respectively partial difference quotient equations, if the functions are
defined on a discrete space. While the aim here is to present all the necessary tools in a meaningful
context, the treatment will be far from depletive, for that we provide further references. A universal
reference (atleast for the continuum theory) will be the first monograph in the trilogy by Niles Jacob
[Jac01], with more specific references given at the beginning of each section.

1.1 Operatorsemigroups
Let A:dom(A) C E — E a linear operator and u, € E. Consider the Abstract Cauchy-Problem

{Btu =Au,

u(0) = uyg. (ACP)

A solution of (ACP) is a function u € C!((0,00), E) N C([0, o), E), such that u(t) € dom(A) for all t > 0
and u solves (ACP) pointwise in E. If A € L(E) the solution is given by

- (tA)*
ey = Z o
k=0

But for unbounded operators, like differential operators this is generally not defined, as it is not
even clear if uo € dom(AX) for every k € Nj.

Naturally we reference Hille [HP96] and Yosida [Yos94], further references for this section are
[Eval0], [Paz12] and [BR84].

1.1.1 Strongly Continuous Semigroups and their Generators

The Operators that generate Cj-semigroups can be found in the following class of potentially
unbounded operators, though not every closed operator generates a Cy-semigroup, the required
spectral properties will be specified when we give the classical characterization results.

Definition 1.1.1 (Closed Operator)
A linear Operator A : dom(A) C E — F is called closed , if for every sequence (x,,),en C dom(A) we have:

X, > xinE )
. = x € dom(A) with Ax = y.
Ax, —>yinF

Notation 1.1.2 (Closed Operator)

A(E,F):={A :dom(A) C E — F linear operator | A is closed)}.
A(E) :=A(E,E).

Remark 1.1.3
Note that A(E, F) in general is not a vector space as it is generally not closed under addition.

9



1.1. OPERATORSEMIGROUPS

Nevertheless as long as a perturbation stays bounded, the sum stays closed as the following theorem
shows.

Theorem 1.1.4
Let A€ A(E,F)and Be€ L(E,F), then A+ B e A(E,F).

Proof
Let (x,;)en € dom(A + B) = dom(A) and (x,v) € E x F, such that

x, > xin E and (A+B)x,, » pin F.

As Be L(E,F), Bx,, — Bx holds and therefore,

X, — x in E| AcA(E)F )
— xedom(A) with Ax =y - Bx.

Ax, - y—-BxinF
This is x € dom(A + B) with (A + B)x = y, and therefore A + B € A(E, F). [

Definition 1.1.5
For a linear Operator A : dom(A) C E — F we define D(A) := (dom(A), |[l|p(ay), where ||||p(ay is the Graph
norm (of A) is defined via

XD = [IXllg + [|Ax]lp ¥ x € dom(A).

Now for a linear operator and its domain equipped with the graph norm we have the following
properties.

Theorem 1.1.6
Let A:dom(A) C E — F a linear Operator. Then

(i) D(A) is a normed vector space D(A) — E,
(i) A€ L(D(A),F),
and

A€ A(E,F) <= D(A)is a Banachspace.

Now we define Cy-semigroups, the generalization of the exponential ¢4, while it is common (though
informal) to carry over the expression e/, we will instead use the more formal T(t) notation.

Definition 1.1.7 (Cy-Semigroup)
Let T:={T(t) | t > 0} C L(E) a one parameter family of bounded operators.
T is called a strongly continuous or Cy semigroup, if

* T(0) =Idg. (normalization)
o T(t+s)=T(t)T(s) forallt,s > 0. (semigroup property)

» T is strongly continuous in tq = 0, i.e. the map [t — T(t)x]: Rso — E is continuous in ty = 0 for
every x € E.

Next we give a basic growth estimate on semi groups, that will be used in the estimates for the
high-frequency terms, in the proof of our linear main results.

Lemma 1.1.8 (Evolution Estimate)
Let T :={T(t) | t > 0} a Cy-semi group, then there exist constants M > 1 and w > 0 such that

The previous estimate immediately inspires the following definitions.

10
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Definition 1.1.9
Let T :={T(t) | t = 0} a Cy semigroup.

(a) The growth rate w(T) of T is defined as

w(T) := inf{w € R| supe™* IT ()l £ (g) < oo}
t>0

(b) T is called a contraction semigroup if Lemma 1.1.8 holds with w = 0and M = 1.

Another important consequence of Lemma 1.1.8 is that strong continuity means that T : R,y — £L(E)
is continuous with respect to the strong operator topology.

Corollary 1.1.10
Let T :={T(t) | t = 0} a Cy-semigroup. Then for every x € E we have [t — T(t)x] € C([0,00),E).

Now we define what it means for an operator to generate a Cy-semigroup. (We define it in an intuitive
way as the right-sided time derivative of the semigroup evaluated at t = 0 on a suitable domain.)

Definition 1.1.11 (Infinitesimal Generator)
Let T :={T(t) | t > 0} a Cy-semigroup. Define

dom(A) = {x € E| lim Tt)x—x exist in E}
N0 t

and

T(t)x

Ax :=lim % for all x € dom(A).

N0
The linear Operator (dom(A), A) is called the infinitesimal generator (or generator for short) of T.

The following well-known theorem gives some properties describing the interaction of an operator
and the semigroup generated by it, which is used in solving (ACP).

Theorem 1.1.12
Let T :={Ty(t) | t > 0} a Cy-semigroup with generator A.

(i) Forall t > 0 and all x € E we have:

h+t
;lf\n%ﬁ t T(s)x ds = T(t)x.

(ii) For all t > 0 and all x € E we have:

t
J- T(s)x dx € dom(A) and A(I
0 0

(iii) For all t > 0 and all x € dom(A) we have: T(t)x € dom(A) and

tT(s)x dx) =T(t)x—x.

d
ﬁT(t)x =AT(t)x = T(t)Ax.

A direct consequence of this theorem is that we can establish a one to one relation between
semigroups and their generators.

Corollary 1.1.13
Let Ty :={Ty(t) | t > 0} and T, :={T,(t) | t > 0} Cy semigroups with generator Ay respectively A,.
Then A1 = A2 - Tl = Tz.

11



1.1. OPERATORSEMIGROUPS

Notation 1.1.14 (Infinitesimal Generators)

G(E,M,w) :={A | A generates a Cy—semigroup on E such that ||T (t)||z ) < Me®! for all t > 0).
G(E,1,0) :={A | A generates a contraction semigroup on E.}.

G(E) = U G(E,M, w).

M>1,w>0

Now we return to the Abstract Cauchy-Problem, from the start of this section and show how we can
solve it if the Operator A generates a Cy-semigroup. Both mild and classical solutions of our abstract
Cauchy Problem will be discussed.

Definition 1.1.15 (Mild Solution)
Let T ={T(t) | t > 0} a Cy-semigroup on E with generator A and uy € E. The mild solution of (ACP)
u € C([0,00), E) is defined via

As we want to include forcing terms we extend the previous initial value problem and definition
in the following way. Let {0} = J C [0,00) an interval containing zero, A : dom(A) C E — E a linear
operator, f € C(J,E) and u; € E. Consider the inhomogenous Abstract Cauchy-Problem
diu=A , t , .
{ w=Au+f, te]\{0) HACP)

u(0) = ug.

Definition 1.1.16 (Mild Solution)
Let T ={T(t) | t > 0} a Cy-semigroup on E with generator A and uy € E. The mild solution of (iACP)
u € C(J,E) is defined via the variation of parameters formula

t

u(t) == T(t)ug +f T(t—s)f(s)ds Yte].

0

As as our equations will be second order in time the following adjustments are in order. Let {0} =
J € [0,00) an interval containing zero, A : dom(A) C E — E a linear operator, f € C(J,E) and uy € E.
Consider the inhomogenous Abstract Cauchy-Problem

{attu =Au+Bdu+f, te]\|{0}, (1ACP2)

u(0) = ug.

Definition 1.1.17 (Mild Solution)
A mild solution of (IACP2) is given by the first coordinate u; = 7 of the mild solution u of

u 0 Id\[ u 0
‘9f(at1141):(Ad,N B)(at:h)"'(f) (1.1.1)

1.1.2 Generator Charakterisations

Now to find a mild solution to solve (ACP) for a given Operator A, we need to know does A generate
a Cy-semi group or not. As the definition of a generator requires knowledge of the semi group, it
is not useful in determining if a given operator A, for example a differential operator, generates a
Co-semi group. For this we present the classical characterisation results, that allow us to determine
are we dealing with the generator of a C semi group or not, based on the operator A alone.

12
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The Hille Yoshida Theorem

The first characterisation result is the one by Hille and Yosida from around 1948, that was later
generalized by Feller, Miyadera and Phillips (see [BR84]), though we don’t need it and only included
it for historical reasons, therefore we give the , original“version.

Theorem 1.1.18 (Hille Yoshida)
Let A: dom(A)CE - E,M>1and weR. Then A € G(E,M, w) if and only if A € A(E) is densely defined
with (w, o) € p(A) and

M
”(/\ldE _A)_HHL(E) < _—w)n fOT alR3A>w YneN.

B

Moreover {A € C | Re A > w} C p(A) with

l(Aidg = A) ™|l 2 < T for all ReA>w ¥nelN.

M
(Red—w

Proof
Confirm [Paz12, Section 1.3 Theorem 3.1] or [HP96, page 363]. [

The following well known perturbation theorem is of interest as it allows for our odd order terms to
appear in our general linear results, as long as they are of sufficiently small order and therefore only
a bounded perturbation.

Theorem 1.1.19 (Perturbation Theorem)
Let A€ G(E,M,w) and B € L(E), then A+ B € G(E,M,w + M||B|z(g))-

The Lumer Philips Theorem

The second result is the theorem of Lumer and Phillips, which is especially useful in the Hilbert space
setting we are working with. As it is based on the concept of dissipativity we will briefly introduce
what it means for the operator A to be dissipative and provide an alternative characterization of
dissipativity in Hilbert spaces, before stating the Lumer-Phillips theorem.

Definition 1.1.20 (Dissipativ Operator)
A linear Operator A :dom(A)Cc H - H

(i) is called dissipativ, if Re(Ax,x)y < 0 for every x € dom(A).
(ii) is called m-dissipativ, if it is dissipativ and there is a Mg > 0 such that im(Agld - A) = H.

Theorem 1.1.21 (Lumer Philips)
Let A € A(E) a densely defined Operator. Then A € G(E, 1,0) if and only if A is m-dissipativ.

Proof
Confirm [Paz12, Section 1.4 Theorem 4.3] or [Yos94, page 250]. [

As the sufficient conditions rely on the adjoint operator of A we briefly recall the definition of the
adjoint operator of an unbounded operator.

Definition 1.1.22 ((Self-) Adjoint Operator)
Let A:dom(A) C H— H a linear Operator.

(i) The linear Operator (dom(A*), A*), defined via

dom(A*) :={y € H |there exists aze€ H: (Ax,y)y = (x,2z)y for all x € dom(A)},
Ay =z,

is called the adjoint operator (of A) .

(ii) Ais called self-adjoint, if A = A"

13
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Using the Hilbert space characterization of dissipativity we can now formulate the following
sufficient conditions for A to generate a Cy semigroup.

Corollary 1.1.23
Let A:dom(A) C H — H a linear Operator.
If A is densely defined, self-adjoint and dissipative, then A € G(H, 1,0).

Corollary 1.1.24
Let A € A(H) densely defined. If A and A* are dissipative then A € G(H, 1,0).

14
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1.2 Fourier Methods in Hilbert spaces

In this section we will discuss the Fourier analytical techniques, that will allow us to obtain
an explicit representation of of solution semi groups and develop error estimates between our
discrete and continuous solutions. The first section gives a general introduction about Fourier
series in Hilbert spaces. While the second and third subsection respectively, apply those results
for the continuous respectively discrete Sobolev Hilbert spaces. In the final subsection 1.2.4 we
will introduce a discretization, via integral averages, and the corresponding continuation, constant
interpolation, that allow us to interchange the discrete and continuous Fourier coefficients and basis.
From this we derive a , discrete to continuous norm equivalence”

1.2.1 General Theorie

We will begin with the abstract framework, i.e. some nice structural properties of Hilbert spaces that
can be found for example in [Yos94] and [Wer06].

Definition 1.2.1 (Orthonormal system)
Let (H,{-,-)y) a Hilbert space. A subset ® C H is called an

* orthonormal system, if and only if (@, P)y = 64,y

* complete orthonormal system or orthonormal basis if and only if it is an orthonormal system
and O+ = {0}.

Definition 1.2.2
Let (H,{-,-)y) a Hilbert space x,y € H and M C H.
(i) We say x is orthogonal to y and write x 1 y if (x,y)y = 0.
(i) M+ :={y e H|{x,y)y =0 for all x € M}.
Theorem/Definition 1.2.3 (Orthogonal Projections)

Let (H,({-,-)rr) a Hilbert space and M C H a closed linear subspace. Then M~ is also a closed linear subspace
of H called the orthogonal complement of M and every x € H admits a unique decomposition

xX=m+n,

with m € M and n € Mt. m is called the orthogonal projection of x upon M denoted by m = Pyx.
Py € L(H) is called the (orthogonal) projector upon M.

Proof
Confirm [Yos94, page 82].

Next we will introduce the projectors that we will use to separate the low frequency and high
frequency in the error estimates.

Definition 1.2.4 (Projections)
Let (H,(-,-)n) a Hilbert space with a countable orthonormal basis ® = {¢; | j € Z1}.

(i) For N € N define M(N) := span(¢p; | j € Z1N[-N,N|9) and the symmetric projector Py := Py (n)-
(ii) For N € N define M,(N) := span(¢; | j € Z1N (=N, N|9) and the asymmetric projector Py, := Py (n)-

(iii) For N € N and 6 € (0,1) define P := Pﬁ\m and P = PLSN(,J.

Remark 1.2.5
The symmetric Projector Py, := Py (n) is also called the canonical Galerkin Projector.

Finally we will show how we give every element of a given (separable) Hilbert space a series
expansion with respect to a given orthonormal basis, once we linked our discrete and continuous
complete orthonormal systems in Subsection 1.2.4 this will establish the framework in which we
compute our error estimates.
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Definition 1.2.6 (Fourier series)
Let (H,(:,-)y) a Hilbert space and ® C H an orthonormal system.

* (x,@)y is called the Fourier coefficient of x with respect to ¢ € .

. Z(x, @)@ is called the Fourier series of x with respect to ®.
ped

Theorem 1.2.7 (Bessel Inequality)
Let @ C H be an orthonormal system, then for every x € H the following inequality holds:

Y K@yl < xdi. (1.2.1)

ped

Theorem 1.2.8
Let (H,{-,-)y) a Hilbert space and ® C H a countable orthonormal system, i.e. ® = {@; € H |[j € I}, fora
countable set I. Then

(a) For all x € H the Fourier series

Y % p)ne;

jel
converges unconditionally. And for M := span(®) = O+ one has

Pu(x)=) (5 9)ue;
jel
(b) The following statements are equivalent:

(i) @ is an orthonormal basis,
(i) Py(x)=xforall x€ H,

(iii) For every x,y € H one has

&= e e
jEZ

Theorem 1.2.9 (Parseval Identity)
Let (H,(:,-)y) a Hilbert space and ® C H an orthonormal system. Then for every x € H:

Wiy = Goxom = ) K @l (1.2.2)

ped

Lemma 1.2.10
Let (H,(,-)y) an infinite dimensional Hilbert space. The following statements are equivalent:

(i) H is separable.
(ii) There exists a countable complete orthonormal system.

(iii) All complete orthonormal systems are countable.
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1.2.2 Lebesgue and Sobolev Spaces on the Torus

Now we will apply the previously established general theory to the continuum case on the Torus T4.

Definition/Notation 1.2.11 (Multi-index)
Let n € N. A multi-index is a n-tuple a = (a4, ..., a,,) € N”, for which we use the following notations:

n n n
. 9N ga g
— . | . a . a; a £
la| == ;a], al = I_[(oc].), x4 = ij , and J0%f = axfl axgz axf;"f'

j=1 j=1

Notation 1.2.12

For x € RY we write (x) = (1 + |x|?)/2.

Definition 1.2.13
The Hilbert space (Ly(T17),{-,-)2(14)) is defined as

L,(TY) = {f € Lo(RY, B(RY), A1,C) | f(x+2me;) = f(x) for a.e x € Rland |fl|Lga) < oo}

with

1
i = s | PP dy

and the inner product given by:

f O = Lr fWIE) dy.

Now we need an orthonormal basis, therefore recall the classical one on the torus.

Lemma 1.2.14
The family ® = {(pj(-) | j € Z} C Ly(T1), with

@j(x) = BRI for all x € T, for everyjeZ1,

defines an orthonormal basis of (Ly(T1),{-,-),(T4))-

Using the continuous Plancherel Theorem we can use the Fourier transform and our orthonormal
basis to reformulate the definition of the Sobolev Hilbert spaces on the torus T7 in the following
way.

Definition 1.2.15 (Real Order Sobolev Spaces)
For s € R the Hilbert space (H*(T1),{:,-)ys(4)) is defined as

H*(T1) := {f € Ly(T) | 1S Wz (may = J<f > fIms(wa) < oo},

where

Fr®msrn = ) (K f(k)g(EK).

kez4
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Remark 1.2.16

(i) (HY(T7), (- )gora)) = (La(T9), (-, -p, (m9))-
(ii) If s € N Definition 1.2.15 coincides with the classical Sobolev space definition.

(iii) The Hilbert spaces in Definition 1.2.15 are called Besselpotential spaces.

Lemma 1.2.17
For every s € R the family ©, := {(j)‘s/z(pj(~) | j € Z9} Cc H5(TY), with

Pj(x) = ORI for all x € T, for every j €21,
defines an orthonormal basis of (H*(T17),(-,-)ys(4))-

Proof
Follows by Lemma 1.2.14 and the definition of the Sobolev spaces H*(T1). [ ]

1.2.3 Lebesgue and Sobolev spaces on the discrete Torus

In this section we introduce the discrete Fourier counterparts of our discrete lattice and the
corresponding function spaces. Then we can introduce the discrete Fourier transform on these
function spaces, for which we show properties analogous to the continuous Fourier transform. When
it comes to the discrete Sobolev spaces we take inspiration from [Ste91], adjusting some ideas to our
finite grid setting. Let us begin with some motivation Now we are looking for suitable operators that
can be defined on spaces of discrete functions and approximate our partial differential operators in a
way compatible with our underlying discrete structure. For this we recall the centralized differential
quotients from elementary analysis:

J . f(x+e]-h)—f(x—ejh)
o, =i 20 :
0?2 L f(x+ejh)=2f(x)+ f(x—ejh)
ot =] 2 .

Leaving aside the limit for a moment we define.

Definition 1.2.18 (Shift Operator)
For h,seRand j e{l....,q} we define the left shift operator Th,j on H*(IR1) via

Th,]-u(~) =u(-+ejh).

With this one can rewrite the previous differential quotients into

0 R .

xf(x) :},135 E(Th,j =Tp)f (%),

9’ 1 .
ﬁf(x) :}:136 ﬁ(Th,]‘ =2Id+ T p;)f (x).

Thus shifting the limit from the function onto the operators. This begs the question on how to
interpret this operator limit. The answer to this question is given by the following topology.

Definition 1.2.19 (Strong Operator Topology)
The strong operator topology on L(E, F) is the topology induced by the family of seminorms {||-(e)||}eeE-

Notation 1.2.20
Let T € L(E,F) and (T,)),ew C L(E, F) that converges with and denote the convergence with respect to the
strong operator topology by

T=SOT-1im T, or T,>25T.

n—o0
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Now we define how to extend the above formula to general differentials and thereby differential
operators.

Definition 1.2.21 (Differential quotients) )

For h,se R, me N and j € {1....,q} we define the differential quotient operator 8;1”’], on H(R?) via
T2 (1d-T, 1y

T T " m even,

-1)/2 = -
(Th/ Thj)T(m ) (Id_Th})(m 1)

ém Ce—
W

! i i

2h"’l ’

m odd.

Definition 1.2.22 (Partial Differential Quotient Operator)
A linear partial differential quotient operator (or PDQO for short) Ap(x,9y) of order m(e Ny), in the
difference quotient dy, is a polynomial of degree m in dy,, i.e. given a function u € H*(RY) one has:

Ap(x, dy)u = Z aq(x)dyu

lalsm

Theorem 1.2.23 }

Let A(x,d) = Z a,(x)0% a partial differential operator and Aj(x, dp) := Z aa(x)ég the corresponding
la|<m |ev|<m

partial differential quotient operator, then

A(x,d) = SOT - }1111% An(x,dp).

Now we will introduce the corresponding discrete difference quotient operators by matching the
scaling parameter h with the step size of our lattice. Most notably we will introduce our version of
the discrete Laplacian (as this term is also frequently used for the corresponding discrete difference
operator which has the wrong scaling for our purposes), as this will allow to define the discrete
counterparts of the Sobolev spaces H*.

Definition 1.2.24 (Discrete Shift Operator)
For NeNN,s€R,je{l....,q} and h € R, a positive multiple of Qs step size §;, we define the discrete

left shift operator Tj, ; on hs(QIq\]) via
Ty, ju(-) = u(-+ hej).

Definition 1.2.25 (Discrete Differential Quotients)
For Ny meIN,selR, je({l....,q} and h € R, a positive multiple of QIq\, s step size 17, we define the discrete
differential quotient operator ) vzu

T,;,”J/Z(zd—r,;l)m
m o._ hm
Ay =

(Th/ Th}

) m even,
(Id T ) m-1)
2hm k4

(m
)Th]

m odd.

The corresponding multi index notation is given in the following way.

Notation 1.2.26
For N e N, h e R, a positive multiple of qu\J s step size 1., and a € Z1 we set

a._7m %
T =T, T
and for o € N9 we set
a . JHa 14
dy =9y ...Bh,q.

And as we do in the continuum case with D and d, we will use the generic notation dy, for the discrete
differentials dy, y,...,dy4
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Definition 1.2.27 (discrete Partial Difference Quotient Operator)

A linear partial difference quotient operator (or PDQO for short) Ay 4(x, dy,) of order m(e INy), in the

dzscrete differential 9y, is a polynomzal of degree m in d}', for h € R, a positive multiple of QN s step size
% Le. given a function u : QN — K one has:

AN a(x, dp)u = Z aq(x)dj .

lal<m

Example/Definition 1.2.28
The discrete Laplacian Ay 4 on lz(Q?\,) is for each N € N given by

9 (IdT)

q
a3 1
N,d [ a%,] [ - 2
j=1 j=1 ( ﬁ)
As in the continuum case, we need knowledge on the adjoint of our operators to solve the discrete

equations via semigroup theory. With the following Lemma we show that the symmetric difference
quotients mirror the behaviour of the corresponding differential operators, when adjoining.

Lemma 1.2.29
For N € N, a multi index a« € N1 and h € R, a positive multiple of Qs step size §; we have:

E:

(T“ )*: To*  and (8%)*:(—1)“'9%.

[\/]

We begin the main content part of this section with the definition of our discrete cubic lattice and its
Fourier dual . Followed by the definition of the respective I,-spaces defined on them.

Definition 1.2.30
Let g, N € IN* and define:

q . T W (N-1) |1
. QN .—{—K,...,—N,O,N,..., N ¢ ,

« Ql.:={-N,...,-1,0,1,..., N - 1}.

Definition 1.2.31
Let N,q € N* we define:

(QN {f —Zq—>IK|f = f(j + 2me;) for all]eQN and1<1<q}

and equip it with the inner product

o8 omd) = (F 8l = quZf ) for all f,g € 1(Q)

jeQl

and the corresponding norm

Wflhyioy = Fr ), for all f8 € 1a(QR).

Definition 1.2.32
Let N,q € N* we define:

L(QY) ={f*: 21 > K| f4(j) = f4(j+ 2Ne;) for all je QY and 1 <i < q)
and endow it with the inner product

(8D 0ma =80 = Ny Zfd )8%(j) for all 4,87 € 1(QY)

]EQN

and the corresponding norm

A

fd

(@) = (f* f 1/2 | for allf? € 1,(QF)).
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Now we notice the identities.
Lemma 1.2.33

(i) Forall k,k" € Qf

(R, Ky =

(ii) Forall j,j’ € QY :
(0w, 0wy 0 =6
With these we find a complete orthonormal system for each of our discrete spaces.
Corollary 1.2.34
(i) For every N € N* the family @y 4 := (¢ () | j € QX) € L(QY,), with
@;(k) = %% for all ke QY, and j € Q,
defines an orthonormal basis of(lz(Q?\]),C, '>12(Q}1\,)>'
(ii) For every N € N* the family Gy 4 = {@7 ()17 €Ql}chL(Ql)), with
@f (k) = /&1 for allk e Qf, and je QY
defines an orthonormal basis Of(lz(Q?\])’<"'>lz(Q?V))'
Using that by Corollary 1.2.36 Ay 4 is negative, we get that Id — Ay 4 is positive and therefore the

following definition makes sense for all s € IR, as the fractional operator (Id — ANJ,I)S/2 can be defined
for all s € IR. Confirm also [Ste91].

Definition 1.2.35
For N,q € N* and s € R define:

h Q) : {f —Zq—>lK|f( = f(j +2me;) for allje—Zq and1<z<q}

with the inner product
(fr ) = (Ud = A, £, (1= An,al @)y 01 )
and corresponding norm
Iflhiscay 3= (F @0

Corollary 1.2.36
The discrete Laplacian Ay 4 is a negative self-adjoint operator. As by Lemma 1.2.29

q g . 4
* _ 2 _ 2 _ _1)\2792 _
ANW[Z 1‘9;3,;] =) 1(%1) =) (1= b
j= j= j=

And using that by Corollary 1.2.34 a complete orthonormal basis of lz(QIq\J) is given by

{eltor . ol — €| kezi)
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we compute

.. 1 . q 1<€k>q —i(§ej k)Rra o
Ay g€ m = > 0% jew'k)m :[Z — e zN] o2 eIk
z,
]:1 (ﬁ)

—_4 (i — gmit e | kg
=-4) Zoi ¢

j=1
9 2
=—4 Z 7_(2 sinz( k ) i(j,k)ra
j:l

therefore the discrete Laplacians eigenvalues Ay are, for all k € Z1, given by

9
N Tt
Ay = —4Z—sin2(—k<)
k -y N/
J=1
,with the Fourier basis as corresponding eigenfunctions. Thus showing that it is a negative operator.

As for their Fourier counterparts, as in the continuous case we use the Eigenvalues of the respective
Laplacian to define the Fourier weights, leading to the following definition of the discrete Fourier
Sobolev spaces.

Definition 1.2.37
For N,q € N* and s € R define:

QY ={f:29 - K| f(j)= f(j+2Ne;) for all je€ Z? and 1 <i<gq)
and equip it with the inner product
— N 5 N N 5 S R
{8y = (2801 F,(28(8)y, g v

where § : R1 — RY is the map defined via

kq sm(g—ﬁ)
k= —
kg sin (557

With the corresponding norm given by

Uty = <F Dyl

Remark 1.2.38
Unlink the continuous H*(T1) spaces, these finite discrete Sobolev spaces are all equivalent, for fixed N,
with the equivalence constant depending on N, in such a way that they diverge for N to infinity.

Corollary 1.2.39
(i) For every N € IN* and every s € R the family @y 4 :={(1 - An,4)” =s/2 d( Jlje QN} - lz(QN) with

@;(k) = "®I%1 for all ke QY, and j e QF,
defines an orthonormal basis of(hs(Q?\]),<-, '>h5(Qﬁ1))'

(ii) For every N € N* and every s € R the family Oy ;4 = ((2Xs(55))™*2¢ ( ) 1jeQl)chQl)),
with

@i (k) == ' ®D for allk e Qf, and j € QY,

defines an orthonormal basis of (h*(Qf), (-, Yps(01))» where g is the eigenvalue function from Definition
1.2.37
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The Discrete Fouriertransform

Now we can introduce the discrete counterparts of the Fourier transform and the related results, that
is the Plancherel and Parseval theorem and, for the treatment of the non-linearities, we will prove
that, like the Fourier transform, the discrete Fourier transform interchanges multiplication with the
respective convolution.

Definition 1.2.40 (Discrete Fouriertransform)
Given a function f € ZZ(Q?\,) one defines the map fd € IZ(Q?\]) via

fAR) = (f ooy, for allke Q.

fd is called the discrete Fourier transform of y and the map F. lz(QZ]) — lz(QIq\,) defined via
Fi .= (?)d =y fd] is called the discrete Fourier transform.

Remark 1.2.41

Note that for a periodic function f € ZQ(Q?\]), the Fourier coefficients are 2N -periodic, by definition.

Theorem 1.2.42 (Discrete Fourierinversion)
Forall j € Q?\, we have

fG)=)_ flkel s = NI oy, o0 (1.2.3)
keQl,
Proof
Follows by Theorem 1.2.8 applied with Definition 1.2.40 for the complete orthonormalsystem from
Corollary 1.2.34. [

Furthermore a discrete Parseval theorem and Plancherel theorem can be obtained.

Theorem 1.2.43 (discrete Parseval)
Let f,g: Q?\, — K then

N8N an) = it

Corollary 1.2.44 (discrete Plancherel)
Let f € 1,(QY) then

(2N)7 | /¢

hs(QqN) = Hf”hS(QZ/)

Proof
Choose f = g in Theorem 1.2.43. []

The final property of the discrete Fourier transform we want to show, will allow us to compute the
discrete Fourier transform of a product as the discrete convolution of the factors Fourier transforms,
this will enable us to carry over results from the linear theory into the nonlinear setting.

Definition 1.2.45 (Discrete Convolution)

* The discrete convolution on lz(QIq\,) is defined via
(f*a8)(n) = <f’g(n_')>lz(QZ,) for all f,g € lz(QK])

* The discrete convolution on lz(QIq\]) is defined via

A

(f % 8 = (f. 4=y, for all {18 € L(QY).

Theorem 1.2.46 (Convolution/Multiplication)
Forallne qu\, the following equalities hold:
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1.2. FOURIER METHODS IN HILBERT SPACES

(i) (f*a8")(n) = g (n),

—

(i) (f¢)(n)=Frag (n).

Remark 1.2.47
The different prefactors are due to uneven distribution of the prefactor in the definition of the discrete
Fourier transform.

1.2.4 Discrete to Continous and Back

With both the continuous and discrete Fourier theory established, we will use this section to lay
the groundwork for our continuum limit theory, by either lifting the discrete solution to the spatial
continuum, via a constant extension, or discretize the continuous solution, using a spatial L, -average.
Subsequently we will express the Fourier coefficients, of the continuation respectively discretization,
by the original (generalized) functions Fourier coefficients, and use this to prove an ,equivalence“of
the continuous and discrete norms.

Definition 1.2.48
Forq,NeNandle QIq\, we define the cube

ca(l) = ]>z<1 [lj,lj + %]

Now we will use these cubes as a basis for our averaging and interpolation schemes.

Definition 1.2.49
For a function f : T1 — K and N,q € N the discretization operator [-]y , is defined via

N \4

Phat:= (3 [, w0 o sor it 10, (1.2.4

e
Definition 1.2.50 ~
Let N,geNand f : Q?\, — K we define the continuation f : T1 — K via

flx)= Z f()cagj)(x),

g
jeQy

and the continuation operator [-]Xj'q : ZZ(Q?\,) — Ly(TY) via

T, =F

We use the ~ to indicate that the continuation and discretization are in an almost inverse relation, as
every non constant continuous function on the torus is returned as a step function, it is evident that
this is not a full inversion. As we will see aside from the following weights, these operations will
leave the Fourier coefficients of (generalized) functions.

Definition 1.2.51
* For N € Nand j € Q) define

I j=0
w(N,]) = exp(Z -

)-1

&R

j=0.

1

23

. ForquN,Ne]NqandjeQ?\,deﬁne

q
w(N,j,q) = [ JwN,jy).
=1
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CHAPTER 1. FUNCTIONAL ANALYSIS AND PD(Q)E

At various point throughout this thesis we will need both upper and lower bounds for these weight
functions. While upper bounds are easy to come by, bounding them from below, away from zero,
requires a ,cut off “away from +N (respectively N + 2NZ for the periodic copies), this can be done
as follows.

Lemma 1.2.52
For every N € N and o € (0, 1) there exists a constant C,, > 0, such that for every j € QEaNJ

Co <|w(N,j)I<1, (1.2.5)
with the upper bound holding for all j € Q}\]

Proof
For the lower bound we note that

lexp(ix) — 1]

] =0 = xe2nZ\{0},

therefore we get for all j € QAEQNJ

|[w(N,j)|> min lexp(ix) - 1] > 0.
x€BR(0,aN) |x]|

As for the upper bound, here we use that max,¢_1,1)|sin(x)| < 1, to deduce that for all x € T! we have

fexp(in -] _ 2sin(3)
MW

Therefore we get [w(N, j)| < 1 for all j € QF. "

Lemma 1.2.53
Let N € N and f € PG(H*(T1?)) with continuum Fourier-coefficients f;. Then for every j € qu\,, the j-th
Fourier coefficient is given by:

[f]N,q(' = fiw(N,j,q).

Proof
Letj e QAIq\,, by definition of the discretization and the discrete Fourier transform, the j-th discrete
Fourier coefficient is given by

TN
(

Y S dy P,

CUp) et

Replacing f by its Fourier series, the averaging integral applies only to the continuous Fourier basis
and we compute

Zf kaez<ky> dy &P
27'(

pe QN k QN
:( ) Z kae z<p;>f ¢k gy
peql keQl, )
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~(5=)’ szkewl—[[exp (i + 5 )iizl) exp (ipiki) ()

PEQN kQN k]¢0 k1:0
1\ e exp(i%kl)—l -
i Pi)wa el<Pyk>]Rfiﬂ VN H _
) L ) e i N
peQ!, kO, k;20 ! k=0

Identifying the product term, as our previously defined weight function, we compute the lZ(Q?\])
inner product, with respect to p, using that the p-dependent functions are elements of our discrete
orthonormal basis:

o ik )1
%)q Z kae‘“p'”w P k)R ]—[[exp(l?,kl l)

peQZ] kQ?\, k=0

[1(5)

k=0

peQl keQl,

q . L 7w \41
ip.k) ,—i{p.j) ; o
J Y Y geobeionum o X)
L1.2.33

1

27

) ) 2NN,
keQl,

=fjw(N,j,q).

Notation 1.2.54
LetmeZvand je QZ, then we write j = mmonIq\] if jj—m; mod 2N =0, fori=1,...,q.

Lemma 1.2.55
Let NeNN,f e hS(Q?\]). Then for m € Z1 and m mOdQqu = j we have

[F1x,q(O)m) = £ Gw(N, =)
Proof

Let m € Z19, with m monZ’ = j. Using the periodicity of e* we have e P = ¢~/P.J) and thus ,
obtain the periodicity of the discrete Fourier coefficient, from the computation below.

[f]Nq
e~ imx)ga
27'( J\ [f]N dx
- % Lq[f]?\],q(x)e_iq"‘)m dx.
=[f1x,4()()

Together with the series expansion of the step function [f]IN\,q, we can again shift the averaging
integral onto the orthonormal basis and compute:

1 q »
E ) | g a

e 1R
27'( J;rq Zf ]lcq * dx
) ] e
2n - Ci(k)
N

keQ
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1\d exp (—i(ky + #)j1) - exp (~ijik)
()| L[

keQ@ k=0 k=0
(LY s [P TR 1 (ﬂ)
_(27'() )_ ftbe [ | ~ij) [ (%
keQl ki=0 k=0

Identifying the product term, as our previously defined weight function, though this time with a
different sign in j, we compute the lz(Q?\,) inner product, with respect to k, or rather identify it as the
definition of the discrete Fourier transform to conclude:

(3 e

exp(—iﬁjl)—l

[(%)

keQ, k%0 —H k=0
1\ . .
:(W) Z fk)e PORIw(N, -, q)
kng

=f4(j)w(N,~j.q).
||

Outsourcing from the proof of our upcoming ,discrete to continuous norm equivalence®, we relate
the discrete and continuous Fourier weights, with the following inequality chain.

Lemma 1.2.56
For every N € N and every j € QZ,, we have:

1. N _ jr .

—(N=2=8(==N =) 1.2.

() <@gy <) (1.2.6)
where g§ is the discrete eigenvalue function from Definition 1.2.37.

Proof
First we note, that by the definition of the Fourier weights (j) := (1 +|j|*)"/?, the proof can be reduced
to the one dimensional case, i.e. showing that

%) 2 .
2N

For this we use that for every N € IN and every j € qu\,, we have -N +1 < jy,...,j, <N, thus we can
substitute 4 by x € [-1,1], for 1 <! < g, and only have to show

% < 4sin2(?) < (nx)?, (1.2.7)

as (1.2.7) multiplied by 17\1’—22 gives the claim. The upper bound in (1.2.7) follows as
4sin® (%) < min{4, (rx)?},
by its power series representation. As for the lower bound we estimate for x € Bg(0, %)
X ix\2 (mx\*1\_ 2 nx \*
w525 5 o35
sin”{ = ( > > ) 3 3 (7ex) o
whereas for x ¢ Bg(0, %), we get with a slightly different intermediate estimate:

4sin2(%) > 4(?)2 = (Tcx)2 > (%)2
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In this section and chapters final result we prove an equivalence result, connecting the norms over
the discrete and continuous torus, not only will this give us the second linear continuum limit
theorem for free, once we have proven one, but it will also play an important role in proving that
the limiting equation, in the sub critical case, is the limiting equation, of the corresponding linear,
discrete equation.

Corollary 1.2.57
Let f € H*(TY). For all a € (0,1), such that aN € IN, there exist constants C,C, > 0 such that

C ||P5Nf| H5(T9) ||[PI€If]Nq hs Qq < C”f”]—ﬁ ) -
Proof

By definition,the discrete Plancherel Theorem and Lemma 1.2.53 we have

N jn

2s d ] 25 412 Y]

125 £ Il Z<2;5 PGP = ) @sg I, ja)P
jek jed}

Now note that

9

wN,j,g) < | [N, )P

I=1
Therefore by the weight bounds in Lemma 1.2.52 we get:

el

Z s L1 < 1B Il o Z<2 ZEyise

]EQaN JEQN

1034

The following estimates, or more precisely the involved constants, depend on the sign of s, therefore
we have to analyse s > 0 and s < 0 separately. For s > 0 we obtain, by Lemma 1.2.56:

elOtT[

025

Z G < PG Wl g Z<]>2Sm|2<||f||Hs T9)-

]eQaN ]EQN

iam

Whereas for s < 0 we get, by Lemma 1.2.56:

Z DUl < 15 F Il < 107 Z D= <1072 1f e

]EQD(N JEQN

iam

laTl 1
iam

Setting C := max({l, 10_25} and C, := min{l, 10‘25} we obtain the claimed ,equivalence”. =
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2 Probability Essentials

After covering the deterministic theory we now need to understand the stochastic convolution

T
j S(t—s)a(s) dW(s),
0

where S is the semigroup generated by our partial differential operator A and W is the infinite
dimensional Wiener-process associated with our noise term o W. We begin with some general theory
on stochastic processes, before extending the concept of a Gaussian process into infinite dimensions.
We then define the stochastic integral with respect to infinite dimensional Wiener-processes and state
the important It6-isometry. Finally we extend the analytical concept of mild solutions to SPDE’s.
For a comprehensive introduction into this theory we refer the reader to the paper [Tap13b] or the
monographs [PR07], [GM11] and [DPZ14].

2.1 Stochastic Processes

Following [JS13] though admitting more general index sets we introduce some basics on stochastic
processes.

Definition 2.1.1 (Stochastic Basis)
Let (Q, F,P) a probability space and (T, <) a totally ordered set or T = R", for some n € IN.

(i) A family F = {F}icr of sub-o-algebras (of F) is called filtration, if it is increasing, i.e. F; C J; for
all 0 <s <t. The tuple (QQ, F,IF,IP) is called stochastic basis .

(ii) If F is P-complete a filtration IF = {F},c7 is called normal if it is right-continuous, i.e.

F=Fu=(%

s>t
and for all A € F: IP(A) = 0 implies A € F.

(iii) A stochastic basis (QQ, F,IF,P) is called complete or said to satisfy the usual conditions, if the
filtration IF is normal.

Remark 2.1.2
From now on we will always assume that our stochastic basis satisfies the usual conditions.

Definition 2.1.3
Let (O, F,FF,P) a stochastic basis and (T, <) a totally ordered set or T =IR", for some n € IN.

* The subsets of QO x T are called random sets.

* A random set A is called evanescent, if

P ({w | there exists at e T such that (w,t) € A}) = 0.

* Two E-valued processes X and Y are said to be indistinguishable if the random set
(X=Y}):={(w,t) e QX T | Xi(w) = Yi(w)} is evanescent.
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Definition 2.1.4 (Stochastic Process)
Let (), F,IF,P) a stochastic basis and (T, <) a totally ordered set or T = IR", for some n € IN.

(i) An (E-valued) stochastic process (or process for short) is a family X = {X;};er of mappings

X;:Q—E forallteT.

(ii) If X ={X;}ser is a process and T C IRY for some q € N, then X is called a random field.

(iii) A stochastic process is called adapted to the filtration F (or adapted for short), if X, is
Fi-measurable for every t € T.

Definition 2.1.5 (Previsible-o-Algebra)
Let (O, F,IF,P) a stochastic basis and (T, <) a totally ordered set or T = IR", for some n € IN.

(i) The predictable-c-algebra is defined as

Pr=0({X:QxT — E | X is adapted and leftcontinous}),

(ii) If a process X is Pr — B(E)—measurable as a map X : QO x T — E, X is called predictable. And we
denote the set of all predictable process by

Pr(Q,E) ={X:QxT — E| X is a predictable process}.
An important class of stochastic processes are martingales, as they are the first class of candidates
for stochastic integrators, later though not in this thesis generalized to semimartingales.

Definition 2.1.6 (Martingale)

Let (QQ, F,IF,P) a stochastic basis and (T, <) a totally ordered set or T = IR", for some n € IN.

A stochastic process X is called a (IF-)Martingale, if P almost all of its paths are cadlag, such that every X,
is integrable and for every s < t we have:

E[X| ] = Xs.
An important property of martingales and one our mild solutions will sadly lack is the following.

Theorem 2.1.7 (Maximal Inequality)
Let p > 1 and {M(t)};e(o0,1] @ right-continuous H-valued IF —martingale, then

[IE
Proof

Confirm [PR07, Theorem 2.2.7]. [

1/p
M| < L= (E[menye ).
sup | (>||H]] <55 (BIMI))

2.2 Gaussian Processes in Infinite Dimensions

Now additionally following [Ver10] and [Sch18], we will discuss the processes that we will use to
model the noise term in our stochastic equations. But before that we will discuss an important
property of Gaussian processes, that we will need for our Moment bounds in the non-linear setting.
(The property itself is a well-known exercise, but as I didn’t find a source a brief sketch is given.)

Lemma 2.2.1
For a Gaussian random variable X ~ N (y, 02) and p € N we have:

Lp/2]

E[XP] = Z(z”k)(zk—l)!!azkyl’—z".

k=0
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Proof
First we consider X ~ NV (0,02). Using (iterated) Integration by parts we get for p odd

E[X?] = (p—1)!1(c?)P"VE[X] = 0,
and for p even
E[XP] = (p— 1)) P> VE[X?] = (p - 1)!1(0*) P> Vo = (p - 1)!1(0? P>

Now for X ~ N(p,0%) we set X = Z + p, with Z ~ N(0,02). Then we compute using the binomial
theorem

e o=l
k=0

using the previous computations we obtain

Lp/2]

E[X?] = Z(;k)(Zk—l)!!GZkyp_Zk.

k=0

Which proofs the assertion. |

Wiener Processes in Infinite Dimensions

Following for example [PR07] or [GM11] we first introduce the infinite dimensional counterpart of
the classical Wiener process before we will use it to model space-time white noise.

Definition 2.2.2 (Q-Wiener Process)
Let Q a trace class operator on H. A H-valued stochastic process {W(t)}e[o,T), on a stochastic basis
(Q, F,E,IP), is called a Q-Wiener process, if

(i) W(0) =0 (P-almost surely)
(ii) W has P-almost surely continuous trajectories,
(iii) for any finite sequence 0 =ty <t; <...<t, <T (n€IN) the increments
W(t1), W(tp) = W(ty),... W(ty) = W(t,—1)
are independent random variables.
(iv) the increments obey the following Gaussian laws:

Po(W(t)—W(s)) ' =N(0,(t-5)Q) for all0<s<t<T.

Lemma 2.2.3

Let Q be a trace-class operator on H with an orthonormal basis of eigenfunctions {ex}xeN and corresponding
eigenvalues {/\i}keN. If {W(t)}ser is a Q-Wiener process, then there exists a sequence of independent real-
or complex-valued Brownian motions such that

W) =) AZBrlt)er.
keIN

Definition 2.2.4 (Cylindrical-Q-Wiener Process)

Let Q € L(H), not necessarily of trace-class, with an orthonormal basis of eigenfunctions {ey}xeNn and
corresponding eigenvalues {/\i}kelN and {W(t)}er a H—valued stochastic process. If there exists a sequence
of independent real- or complex-valued Brownian motions such that

W(t)= ) Aip(tes,

kelN

converges in a larger Hilbert space U, we call {W (t)};cT a cylindrical-Q-Wiener process.
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Lemma 2.2.5

Let Q € L(H), not necessarily of trace-class, with an orthonormal basis of eigenfunctions {ey}xen and
corresponding eigenvalues {/\]%}keIN- If {(W(t)}ser is a Q-Wiener process, the there exists a sequence of
real-valued Brownian motions such that

Wt =) ABe(ter

kelN

White Noise

Now we will introduced what informally could be called the derivative of our previously established,
infinite dimensional Wiener processes, by defining space- time white noise as generalized processes,
thereby turning this informal notion into a formal one.

Definition 2.2.6 (Noise)
Let W be a H-valued cylindrical-Q-Wiener-process, supported by a stochastic basis (3, F,IF,IP), whose
representation with respect to the complete orthonormal system {ey}xen of H is given by

Wit =) AZpiltier,

kelN

with a family of independent real-or complex-valued Brownian motions {By}ren and {/\]%}ke]N C Ry, then
the corresponding space time white noise is given by

Wt =) Mrlber.

Where the time derivatives f, are to be understood in the sense of generalized Brownian motions and
H c D(T).

Definition 2.2.7
Let & := {0 W}t a noise process.

(i) & is called additive noise if o is independent of W.

(ii) & is called multiplicative noise if 0 = o(W).

Example 2.2.8
By choosing H = Ly(T9) and U = H*(TY) in 2.2.6, for s < _—zd, we obtain analogous to / generalizing
[Ver10], space time white noise.

Remark 2.2.9
Another approach to modeling and was introduced for example by [Wal86] and [HKPS93] uses the
Bochner-Minlos Theorem to construct an infinite dimensional Gaussian probability measure.

Stochastic Integration in Infinite Dimensions

For the standard bottom up construction of the stochastic integral with respect to Q- respectivly
cylindrical-Wiener processes we refer the reader to [Tap13b] or the monographs [PR07], [GM11]
and [DPZ14]. Nevertheless we want to list two important properties of the stochastic integral and
a likewise important consequence of them, which will be used frequently in the proofs of our main
results.

Theorem 2.2.10 (Itd-Isometry)
Let ® € L([0, T] x Q, Pr,dt @ P1, L,(QY?),U), then

2

T T
E J; D(s) dW(s) :]E[J(; tr(D(s)*D(s)) ds]

U
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Proof
Confirm [PR07, Proposition 2.3.5]. [

Theorem 2.2.11 (Stochastic Fubini Theorem)
Let (E, &, p) a finite measure space, with positive measure y and @(-,-,-) a Pr xE —B(L,(H, U))-measurable
mapping. Assume moreover

t 1/2
f (lE [J tr(D(t, w, x)" D (s, w, x)) ds]) dp(x) < oo.
E 0

J-J (s,x) dW(s) dp(x) JJ (s,x) dpu(x) dW(s).
Proof

Confirm for example [DPZ14]. [

then, almost surely

Corollary 2.2.12
Let B a complex Wiener-process, i.e fy ~ CN(0,0,t —s) and B = Pre + iPim, where Pre, Pim are real
independent Wiener-process with Pre ¢, Pim,t ~ N (0,t/2). Let further f € C([0, T]) then for every 2 <p € N

there exists a constant C(p) > 0:
T p
p( [ o).
0

We now want to consider the stochastic partial differential equation

du(t,x) = Au(t,x)+ f(t,x,u) + o (t)W(t,x) (2.2.1)

on the separable Hilbert space H, where H will usually be a Sobolev-Hilbert space H*(T) and
reintroduce the core concepts, of a mild solution.

Definition 2.2.13 (Mild Solution)
A H-valued predictable process {u( )}te[O ), is called a mild solution of the initial value problem
corresponding to (2.2.1), with u( &, if

t t
u<t>=8<t>é+j0 S(t—s)f (s <>>dS+j0 S(t—s)o(s) dW(s)

holds P-almost surely for each t € [0, T].

As we are dealing with a 2nd order evolution equation we need to extend this definition to account
for the higher order as we did in the deterministic case. We now consider the stochastic partial
differential equation

dittu(t, x) = Au(t,x) + Ba,ttu(t, x)+ f(t,x,u) + o(t)W(t,x) (2.2.2)

on the separable Hilbert space H, where H will usually be a Sobolev-Hilbert space H*(T%) and
reintroduce the core concepts, of a mild solution.

Definition 2.2.14 (Mild Solution)
Let u a mild solution of the first order system corresponding to (2.2.2),then we call uy = 71(u) a mild
solution of (2.2.2), where 1ty is the first coordinate projection.
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3 Continuum Limit Theorems

While the previous part of this thesis was all about compiling established results, for future usage
and to provide a contextual framework for the upcoming results, this chapter jumps directly in
medias res, with the presentation of of the continuum limit theorems, that are the central results
of this thesis. In Section 3.1 frequently used terminology is recalled!) respectively introduced
and the general framework, in which both the linear and non-linear continuum limit theorems
are formulated, is laid out. This entails in particular the general assumptions of the main results
and supporting results. In Section 3.3 and Section 3.3 the continuum limit theorems for linear
respectively non-linear equations are given.

3.1 General Framework

The deterministic and stochastic processes that are approximated, as well as those that are used to
approximate, are continuous in forward time (i.e. their index sets are subsets of [0, o)) and take one
of two types of spaces, of (generalized) functions as their state space. The state spaces are either one
of the Sobolev Hilbert spaces H"(T1), on the torus TY = [-7, ), or a discrete l,-space , on one of the
grids {Q?\]}NelN*; with an additional norm weight based on the discrete Laplacian , denoted by hS(QZ]).

Where Q?\, = {—n,...,—ﬁ,O, %,..., (NI\_,I)Tc}q denotes the equidistant (2N )7-point discretization of the
Torus T4. TY as underlying spatial structure, will be referred to as the ,,continuum torus“conversely
the grids {Q?\,}New will be referred to as ,discrete tori “, the respective settings will be adressed
as ,continuum case / setting“and ,discrete case / setting”. The same linguistic distinction is
applied to all the mathematical objects (equations, processes, spaces. etc.) related to one of the
aforementioned settings. Both the approximated and approximating processes arise from solving?
(stochastic) wave-type equations, that is second order® (stochastic) evolution equations, generated

by an evolution operator E of the form,

E = att—A,

where A is a partial differential operator (continuum case) respectively a symmetric? partial
difference quotient operator (discrete case), of order 2m acting w.r.t. the spatial variables. In the
continuum setting this leads to the initial value problem
dyu(t,x) = Au(t,x)+ Du(t,x)+ f(t,x) + o (t)W(t,x), (t,x) e R, xT1,
u(0,-) = ug(-), in TY, (EQ1)
d¢u(0,-) = uy(-), in T4,
while in the discrete setting this spawns a family of initial value problems of the form:

OuXn(t 1) =AsnXN( D)+ ;DX (D) + (XN, N) + fn(t, 1)+ 0(t)By(81), (t,])eR, x Q?\],
XN(0,) = Xn,0() in QF,,
9 Xn(0,-) = Xn1 (), in QY

(DEQ1)

1) If already established in Part I.

For a direct comparison the states of both processes have to be in the same setting, therefore a discretization or
interpolation is needed.

In time.

This refers to the type of difference.
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3.2. GENERAL ASSUMPTIONS

which introduces the additional term b(Xy, N), that will be omitted®, in case of linear discrete
equations, and otherwise represents the scaled polynomial non-linearity. The terms d;DyXy and
d:Du are the respective discrete and continuum damping terms, with damping operators Dy and D
of the form

D=-pi+p2A and D =-p1+p2Ana, p1,0220. (DMP)
This gives rise to the following classification.

Definition 3.1.1
The partial differential / difference quotient equations in (EQ1) respectively (DEQ1) and thereby the initial
value problems (EQ1) respectively (DEQ1) are called:

(i) undamped, if py =0 = p,,
(i) damped, if p; >0,
(iii) strongly damped, if p, > 0.
Regarding the nature of the stochastic integrals the following can be observed.

Remark 3.1.2
As the volatility function o is deterministic, there is no difference in understanding the partial differential
/ difference quotient equations in (EQ1) and (DEQ1) in the Ito or the Stratonovic sense.

3.2 General Assumptions

The following will be assumed throughout the rest of this thesis unless specified otherwise® for the
equations EQ1 respectively DEQ1.

(A1) ug e H*"™(T1),u; € H'(TY), and f € C(R»o, H"(T1)) for some r € R.

(A2) For every N € N* we have Xy o € i"*"(Q%), Xy 1 € i"(QY), fv € C(Rsg, h'(Q)) such that

~ N—oo

XN,O —> Uy in H”m(rll‘q),

~ N—>oo

Xy1 — up in H'(T?) and

A= F i (0, T)HI(TY) YT > 0.

5)
6)

As its contributions can be covered by Ay and fy in the linear case.

This will be especially relevant w.r.t. the initial data and forcing as we have to require a in general stronger spatial
regularity
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CHAPTER 3. CONTINUUM LIMIT THEOREMS

(A3) A=p(A,0d)is a partial differential operator of order 2m of the form

m—1 m
A=(=1)" 1AM 4 Zbi(—l)i‘lAi + Z ,9%,
i=1

la=1
for positive coefficients a, and b;.

(A4) The corresponding discrete partial difference quotient operator A is obtained by plugging the
discrete differential quotients dj, into the same polynomial that encodes A, i.e. (AjN)Nen: =
p(A, dp).

(A5) W is a space-time white noise supported on a complete stochastic basis (3, F,IF,IP) with
volatility function o € BC(Rs).

(A6) For every N € IN* By is the Gaussian process given by the following L,-averages of the
asymmetric Galerkin projection of W

By (t,1) = (PEW(t,x), Leag)yme) VY 1€ Q.
(A7) The respective damping operators are defined according to (DMP).

Remark 3.2.1
In the stochastic case there is no difference in understanding (EQ1) and (DEQ1) in the It0 or the Stratonovic
sense, as the volatility function o is deterministic.

Lets also recall the following notations/definitions from the preliminaries.

Remark 3.2.2
We recall that Py is the Fourier cutoff projector from Definition 1.2.4, from now on always with respect to
the complete orthonormal system Lemma 1.2.14.

Remark 3.2.3
The general assumptions are formulated with real world data in mind. If one has freedom of choice when it
comes to the initial data and forcing, the ,most natural choices“would be

XnN,0 = (Pyto(x), Leagp i, ey, X1 =(Pyur(x), Leagy)rymay and  fy =Py f(t,X), Leagy)r, ()

as they are exactly the discretized, projections of the corresponding continuum quantities.

3.3 Main Results

Now we are going to state our continuum limit theorems, while the proofs will be done over the
next three chapters. In Chapter 4 we will proof the existence of the mild solutions and develop
a representation theory for the associated operator semi-groups. In Chapter 5 we will use the
semi-group representation to derive error estimates, which we combine in Chapter 6 into the
respective three lemmata, that prove the statement of our main results for one specific type of
damping.

3.3.1 Linear Main Results

Now we present our linear main results. Even though the stochastic mild solutions, found in Chapter
4, have the same regularity in time as their deterministic counterparts, the same does not hold true
for the continuum limit. I.e. even though the stochastic mild solutions # and {X}yen+ are Gaussian
they are no martingales, therefore we lack the Maximal Inequality to exchange the expectation
and the supremum, from the norm. Therefore we state our stochastic continuum limit theorems
in the Bochner-Lebesgue spaces L, ([0, T], H*(T7)), where we can interchange the expectation and
temporal integration using the Stochastic Fubini Theorem, allowing us to use the It6 Isometry, when
computing our error estimates.
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3.3. MAIN RESULTS

Theorem 3.3.1 (Stochastic Continuum Limit Theorem)

Let A,D, f,W,ug,uy,(AgNINeN (DN)Nen (fN)INeNs (BN )Nen (XN 0)Nen (XN 1)News and o satisfy
the general assumptions (A1)-(A8), for r < —%. Then for every s < r (EQ1) has a unique stochastic strong,

mild solution u € H**"(T1), (DEQ1) has a unique stochastic strong, mild solution Xy € h””’(Q?\])for
every N € N* and for all T > 0 and every p > 1 we have:

N—>oo

[0 X 0 g gm0
and
IE[Hatu(trx)_atXN(t’x)||ip([0,T],H5(1rq)) — 0

And for 0 = 0 we obtain

N>
—

(IR ) ——

and
N—->o
”af” (t,%) = 9 Xn(t,x ”c (orH(my — O
even for every regularity r € R of the input data.

Proof
This follows by Lemma 6.2.2. [ ]

This time discretizing the asymmetric Galerkin Projection Pgu (onto the cube [-N,N —1]1), of the
continuum solution u, instead of continuating X);, we obtain the following continuum limit theorem
in the discrete norms.

Theorem 3.3.2 (Stochastic Discrete Continuum Limit Theorem)

Under the assumptions of Theorem 3.3.1, for every s < r < —% (EQ1) has a unique stochastic strong,
analytically mild solution u € H**"(T1), (DEQ1) has a unique stochastic strong, mild solution

XN € h5+m(Q?\J)for every N € IN*, such that for every T > 0 and every p > 1 we have:

N—ooo

2
E I:”[PK[M]qu(t; l) - XN(t’ l)”Lp([O,T],hS*”’(Q?\,)) — 0

and

N—oo

2
B[ (B 9rtebn g 0. = XN 0D oyt O

And for 0 = 0 we obtain

N-oco
“[PNM Nt 1) = Xn (1) ”c (0. 1L QL) 0
and
) N -0
1185 Ol = X D oty — 0
even for every regularity r € R of the input data.

Proof
Follows by Theorem 3.3.1 and and the ,norm equivalence“in Corollary 1.2.57 ]

Remark 3.3.3

The bound for the spatial regularity, depending on the dimension, is exactly as one would expect, based on
the regularity of Gaussian space time white noise, when formally viewing it as a forcing term, of the same
spatial regularity.
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4 Existence of Mild Solutions and Semigroup
Representation

In this chapter we proof the existence of mild solutions of both the discrete and continuous equations
and develop a representation theory for them, by transforming them into first order evolution

systems of the form
i (u) ) (u)’
v v

with an operator matrix M. In Section 4.2 we proof that M generates a Cy semigroup and deduce
the existence of a unique mild solution for the corresponding equation. Finally we use the Fourier
multiplier nature of our semigroups to develop a representation for them under Fourier transform
Section 4.3, which we will use in Chapter 5 to show the convergence of the low frequency Fourier
modes.

4.1 Mild Solutions

To use the semigroup approach, for first order evolution equations, the usual trick (confirm [Paz12]
or [DPZ14]) to transform the equations from second order equations into first order systems is used,
i.e. for the equation

dypu(t,x) = Au(t,x)+ Du(t,x) + f(t,x) + o () W (¢, x)

we get, setting v = d, 1, And the system corresponding to (EQ1) for D = p,A —p is given by:

at[”(t’x)]:(o Id]( ”(t’x))+[ 0 ]+[ 0 ) (t,x) € R, x T,
ou(t,x) A A\ dsu(t, x) f(t x) o(t)W(t, x)

(Sys1)
u(0,) | _ (uol" _—
8tu(0,-) ul(')
And the system corresponding to (DEQ1) for D = pAy 4 — p; is given by:
XN(t,l)] [ 0 Id ]( XN(t,l)] ( 0 ] [ 0 ] g
J = + + . , (t,1)eR, xQy,
t(atXN(t,l) Agn  p2ANa )\ Xn(t1)) \In(t1)) \o(t)Bn(t]) N (DSys1)

in Qf..

[ Xn(0,°) ]:[XN,0<-)
i Xn(0,7)) (Xn1()

4.2 Mild Solutions

With our equations now transformed into first order evolution systems, with respect to time, we
will show that for every r € R the D(L'/?) x H"(T) realization of our operator matrix, generates a C
semigroup and that gives us a mild solution of our evolution equation. (The same holds true for the
D(Lll\]/ii) X hr(QIq\,) realizations of our discrete operators). Here D(LV?) (resp. D(Lll\;ii)) again denote
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4.2. MILD SOLUTIONS

the formal domain of the square root of L (resp. Ly 4) equipped with the graph norm. The square
root exists, by a standard argument from spectral analysis, and will be an integral tool in the proofs
of the generator property, as it allows us to extend the integration by parts argument, used for the
wave equation or rather the Laplacian, when showing dissipativity of the operator matrix, to our
more general situation.

Though before proving the infinitesimal generator property of our operator matrices, we recall the
following embeddings, that will ensure that all of them are densely defined. While the continuum
embeddings are the well-established Sobolev embeddings, the discrete embeddings follow by the
equivalence of the discrete spaces remarked in Remark 1.2.38.
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CHAPTER 4. EXISTENCE OF MILD SOLUTIONS AND SEMIGROUP REPRESENTATION

Remark 4.2.1
The following continuous embeddings hold:
(i)
H™2™(T1) < D(L) — H"(T4).
(ii)
H™™(T7) < D(L"?) < H"(T9).
(iii)
H2M(QY) = D(Ly,a) = h'(Qy).
(iii)

H™(QE) > D(LY%) < 1 (QY)

Theorem 4.2.2
With A as in (A3) the operator matrix in (Sys1) generates a Cy Semigroup {S3(t)}s=o on D(LY?)x H"(T4),
for every r e R.

Proof
Note that, by Theorem 1.1.19 again, it suffices to show that the linear operator

D(M;) == [gl]eD(L)xD(Ll/Z) Agy € H'(T9\,

&2

-5 ) o
f9) -L pAN\& L9}

generates a Cy-semigroup. As H'+?"(T%) c D(L) and H"*"*?(T1) c D(L'?) M, is densely defined
and closed, as —L, A € A(H'(T)) as a self-adjoint operators and Id € £(D(L'/?)).
Now for ¢ = (g1,¢>)" € dom(M3) we compute:
(M38, 8 p(L1/2)xH" (T9) =(LY? g1, LY? g3) e ey + (~Lg1, &2 ) (19 + (P2 A2, V2 ) pr (1)
=(L"? g1, LY? )Y pyrway = (L"? g1, LY @2 ) e (19 + {22, 8217 (09
=+(p2A82,82)17(19) < 0.
Therefore by Corollary 1.1.20 M3 is dissipative. Note that the adjoint operator of M3 is given by

D(M3) = dom(M3),
BT ) o
& L pAl\g o)

and compute for ¢ = (g;,¢,)" € dom(M3):

(Mg, ) p(v2)arr(re) =(~L' g2 L2 g yarwn) + (L1, 82)marcen) + {0220, y2 Dy
=—(LY2g1, LY2 g prrry + (L2 g1, LY @0)mir o) + (02882, 82 brv(9)
=(p2A&2, 82)mr(m9) < 0.
Thus M3 is also dissipative and the assertion follows by Corollary 1.1.24. -

Corollary 4.2.3
For initial data and forcing as in (Al) and noise as in (A5) the unique stochastic strong mild solution of
(Sys1), by definition, is given by

t t
(aﬁ’ﬁ))233(”(5%)* L 53“'5)(1‘ (S,x)) d“L 53“‘5)(0?5)) AW (s, ).

43



4.2. MILD SOLUTIONS

Proof
This follows by Theorem 4.2.2. [

Corollary 4.2.4
For 0 =0, initial data and forcing as in (A1) and noise as in (A5) the unique mild solution of (Sys1), by

Definition, is given by
u(t,x) \ 1o(x) t 0
(atu(t,x)) = S3(t)(u(1)(x)) +L S3(t—5) (f(s,x)) ds.
Proof

This follows by Theorem 4.2.2. [ ]

Theorem 4.2.5
For every N €e IN" and Ay 4 as in (A4) the operator matrix in (DSys1) generates a Cy semigroup {Sl‘fm(t)}tzo

on D(Lll\]/,zd) X h’(QIq\,), for every r e R.

Proof
Note that, by Theorem 1.1.19 again, it suffices to show that the linear operator

D(My 3) := {[gl Ag e hr(@QI)Y,

82

MN,3 81 = 0 Id 81 , ' [gl ED(MN'g),
£ -L prANa)\&2 £

generates a Cy-semigroup. As h”z"’(Q?\,) C D(Ly,4) and h”m*z(Q?\]) - D(Lll\{fi) My 3 is densely
defined and closed, as —Ly 4,An,4 € A(hr(Q?\])) as a self-adjoint operators and Id € K(D(Lll\l/zd)). Now
for g = (g1,9)" € dom(My 3) we compute:

]e D(Ly,q) x D(Ly%)

(MN,388) a2 () =N 481 LN 2820 + (L8182 () + (P2AN.a82,82)r gt

1/2 1/2 1/2 1/2
:<LI\§,dg1:LI\;,dg2>hr(Q?\/) - <Ll\{,dgllLI\{’dg2>hY(qu\l) + <P2AN,dg2; g2>h’(QZ,)
=+ <p2AN/dg2ig2>hr(QIq\]) <0.

Therefore by Corollary 1.1.20 My 3 is dissipative. Note that the adjoint operator of My 3 is given by

81 0 -ld (& 81
M = , v e D(M ,
N3 (gz] (LN’d pZAN,d][gZ) [gz] (My.3)

and compute for ¢ = (g;,$)" € dom(My 3):

<MN,3gfg>D(Lll\,/i1)xh'(Q?\]) :<—L11\{,2dg2,L11\§,2dg1>hr(Qqu) +(Ln,381: 820 (gt ) * (P2AN.482: 82D ()
= (L8 LN, d 2 g0 gy + (L 281 L 82Dl + (020N.482 82D )
=(P2AN,a82, 8201 (gl < 0-

Thus My, ; is also dissipative and the assertion follows by Corollary 1.1.24. -

Corollary 4.2.6
For every N € IN" initial data and forcing as in (A2) and noise as in (A6) the unique stochastic strong mild
solution of (DSys1), by definition, is given by

N I t t
(a)f)?lj\(;t(t,)l)) =52 4(1) (§Z?§l;)+_[) S,‘fm(t—s)(fN(Os’l)) ds+f0 sﬁm(t—s)(a?s)) dBy(s,]).
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Proof
This follows by Theorem 4.2.5. [

Corollary 4.2.7
For every N € IN* and o = 0, initial data and forcing as in (A2) and noise as in (A6) the unique mild
solution of (DSys1), by definition, is given by

¥ I t t
(a)fg&t,)l)) _ Sz‘f]yl(t)(§Zi?§l;)+J;) Sﬁ,,3(t—5)(ngll)) ds+J(; Sl‘fm(t—s)(g(()s)) dBy(s,]).

Proof
This follows by Theorem 4.2.5. [

4.3 Semigroup Representation

Now that we transformed our equation into an evolution system and established the existence of
a Cy-semigroup, generated by the systems evolution operator, and a corresponding mild (or even
classical) solution, the next step is to develop a representation theory that can be used to derive
error estimates in the low frequency regime. Therefore, in this section, we will exploit the fact that
our semigroup acts as a family of Fourier multiplication operators, with respect to the canonical
complete orthonormal system of the product space H*""(T1) x H*(T1), that is

1 (2 . 1
Qi) _ (511G, p(j) +sp,(k i) .
FS(t 1)—( 11° 7012 keZland1€{1,2,3

’”(w sb G (i) + bk gy ) {,2,3)

(and similarly for the discrete semigroups, under the discrete Fourier transform, in the
corresponding discrete spaces h¥*"(Qy) x hS(Q?\,)) Thus by applying the respective Fourier
transform to the systems from the previous sections, they decouple into a(n) (in)finite family, of
first order ordinary differential equation systems, that we explicitly solve to obtain the coefficients
511(7),s12(j),521(j) and s;,(j), of each semigroup, for all j € Z1. Again the computations for the
damped cases are similar yet have to be done separately, due to the symbol of the (discrete) Laplacian
appearing in the strongly damped case, while the undamped cases could be included as either p; =0
or p, =0, in one of the damped cases, we keep them distinct for citation and illustration purposes.

To keep the subsequent representation results lucid, we introduce the following abbreviated
notation for some square root terms, in the (discrete) symbols of our respective operators and
damping terms. We will see that said terms are precisely the eigenvalues of the ordinary differential
equation systems, for our semigroups Fourier multiplier coefficients, or equivalently the roots of
the corresponding second order differential equations characteristic polynomial. While they might
appear unassuming on a first glance, these square roots formulae contain quite a bit of subtlety, as
they are ambiguously used to represent any suitable branch!) of the square root function applicable
to the respective, potentially complex valued evaluation of the symbol term underneath.

Notation 4.3.1 )
For (i) we have k € Z1, while for (ii) we have k € Q?\], and denote:

2
(i) Ry(k) = \/(M) +p(Ak),

_ Ay o k)
(i) R, (k) = \/(M) + paalAna k)

1) And, as long as we are consistent in applying the same branch to each individual pair of evaluated discrete and
continuum symbols, all of our low-frequency term estimates work out, while all other estimates are independent of

the explicit representation.
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Lemma 4.3.2
For j € Z1 and t > 0 one has

p2p(A)) , Inh(Rs(j)t
e t(cosh(Ra(])t)_%(js)(]))% R3(j)=0
| e%ﬁﬂt(w)(p Y ,
FS;0( %) = (8)) W ]
0 el (y _ p2pli),
e i Rs(j)=0
£2p(0) (pzp(AJ e
—e —t(P]
and
er’2.”§ tsmh(#()(p
j .
, Rs(j)=0,
p20(8)) p2p(A j)sinh(Rs(j)t) ’
Fsymnf 0] =1\ B (COSh(R3(]) A LTI A
3 @i - Mt
o . ’ = 0.
e%t(l+wt)?’j Y
Proof

The reduction of (Sysl) to a deterministic, homogeneous system yields

u(t,x) | (0 Id)[ u(t,x)
3t[at”(f:x)]_(A Pz)[atu(t,x)]’ (£,x) € R, x T,

[ u(0,) ]: [w(-)] —
dyu(0,9)) ()

(4.3.1)

By transforming (4.3.1) and separating by Fourier coefficients, we obtain an family of differential
systems for the Fourier coefficients, namely for every I € Z4 the corresponding Fourier coefficient u;
and its first derivative, with respect to ¢, satisfy

a[ul(t)):( 0 Id )( ul(t)] 50
Nouu(t))  \pAl) papA D\ 2eui(t)) ’

(4.3.2)
(”1(0) :[”O,I
d(0))  \uy,
By choosing
uo()\ _ [®j . up()\ _( 0
(ul('))_(O respectivly 0 ()]~ \g;
the claim follows, as for each I € Z7 the solution of (4.3.2) is given by
ex (( 0 Id ))(5l’j) respectivly ex (( 0 Id ))(0)
PUoan popan)f\ o] TPEY S pa,n) - pap(an)|\on;)
and %A’” + R3(I) are the eigenvalues of
( 0 Id )
pAD)  pap(A D))
|
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CHAPTER 4. EXISTENCE OF MILD SOLUTIONS AND SEMIGROUP REPRESENTATION

Lemma 4.3.3
ForNe]N,jeQIq\, and t > 0 one has

P2PN,d(AN,dJ) p2sinh(RY, N3l
P}

coshie (-

PZPN,d;AN d-j) (PN 4(AN.4,j)sinh(R

Y
ﬁz ) )(Pj’N’d pd (i
) ) RN’3(])¢O,
) PjN,d

d -
RN3

dcd PiNd\_ e
}—SN,3(t)( ]0 )— .
P2PN.dIAN /1) 1 — P2PN.a(AN.d.)

S R (i) =0
P2PNABNAD y (popy a(An,arf))? ’ N3 =5
z PNLENDT)

—e tQjN,d

and

eszN AN, sinh(R4 N,3(7)1) @ind
Rd (]) JAN,
2PN (AN 1), psz,dmN,d,j)sinh(Ri, 3()1)

“1 .. '
0 ): e 2 (cosh(RN'3(])t)+ 21%3(],) ©j.N,d
Pj,N,d

Fasd 5(t) _
’ P2PN,d (AN, d-]) b
e 2 Pi,N,d <
. AN d () _
7””'%“"””’*(1 . P2PNaBr,ar) ) ' Ry 5(7) = 0.

e tQjN.d

Proof
First we reduce (DSys1) to the deterministic, homogeneous system

XN(t,l)) [ 0 1d ]( Xy (1) ] q
= , (1) eR, xQy,
No:xn(t1) \Aan  p2dna )\ 2:Xn(t]) TN

Xn(0,-) _ Xn,0(°)
d¢Xn(0,-) Xna()

as this again fully determines the semigroup. By discrete transforming (4.3.3) and separating by
Fourier coefficients, we obtain an family of differential systems for the discrete Fourier coefficients,
namely for every m € qu\, the corresponding Fourier coefficient Xy, and its first derivative, with
respect to t, satisfy

(4.3.3)
in QF,

at[xN,w)]:[ 0 Id ][mem], >0,

A XNm(t)) \PNa(Ana)  P2PN,a(AN,a M) )\ 91 XN m(t) (4.3.4)
( XN,m(O) — XN,m,O]

al‘XN,m(O> XN,m,l '

By choosing

X’(')_(P',,d . X,(')_ 0
(XZ,?(-))_( J(l)\’ ) respectivly (Xz,i)('))_((Pj,N,d)

the claim follows, as for each m € qu\, the solution of (4.3.4) is given by

(s o))
P\ pna(An,arm) p20N,d(An.a,m)] ]\ O

respectively

pN,d(AN,dfm) psz,d(AN,drm) 6m,j
and PZPN,d(zAN,d””) Rd

~,3(m) are the eigenvalues of

( 0 Id )
pNa(AN,a, ™M) p2pN,a(AN,g,m))
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4.3. SEMIGROUP REPRESENTATION

Now we use these representations of the discrete semigroups to derive the representations of their
continuations we need for our estimates.

Corollary 4.3.4 X
Forie{1,2,3}, NeN, j,ke qu\, and T > 0 one has

. ®; (nLl(eliI;h’:l))
fo\i]’i(T)((PI]( ) =F4s% (1) N

Proof
This follows directly by Lemma 1.2.55 |
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5 Error Estimates

As the result of the previous chapter we have our mild continuum solution u# and the discrete
mild solutions {Xy}yen:, with corresponding constant interpolations {Xy}yen:, as well as a
representation for the semigroups guiding their evolution. In this chapter, using their respective
mild formulations, we study the difference of u and Xy and combining estimates from functional
analysis, most notably from the areas of Fourier analysis and the theory of Cj-semigroups, we obtain
bounds, that vanish as N goes to infinity, thereby providing the desired convergence.

In Section 5.1 we prepare the subsequent error estimates, done in Section 5.2 and Section 5.3,
by decomposing the difference of u and Xy, using their variation of parameters form. The resulting
new terms can be categorized in the following three ways, terms where the continuum semigroup
acts on a difference of the discrete and continuum data, as well as terms where the difference of the
semigroups acts on either the high-frequency or the low-frequency parts of the data.

As both the terms with error in the data and the high-frequency terms can be treated by
bounding the (difference of the) semigroup(s) and using that it was applied to something already
vanishing, for N — oo, both types will be treated in Section 5.2. While the low-frequency terms
are treated, in Section 5.3, using Taylor approximations of the coefficient functions, in the Fourier
representation of the semigroup.

5.1 Decomposition & Frequency Cutoff

In a first step we write the solutions in their variation of parameters form and by adding expansions
of zero and using triangular inequality we obtain one set of error terms, where the continuum
semigroup is applied to the difference of the continuation of the discrete data and continuum data
(resp. forcing and noise) and one set, where the difference of the continuum semigroup and the
continuation of the discrete semigroup acting on the discrete data (resp. forcing and noise).

The first terms we leave as is, while we split the second set of terms, into a high-frequency
and a low-frequency part each, by expanding the identity into the cutoff projector P;l), introduced
in Chapter 1.2, and its complementary projector (Py)* = Id — P{. This makes for a total of six,
respectively nine, terms we need to estimate in the following sections.

So far, when stating our main results, we considered the norms of the errors u — Xy and
d;u — d,;Xy individually, while the mild solution, of the Abstract Cauchy Problem, as derived in
Chapter 4, consists of both u and d;u, with the underlying semigroup acting on the product space
H™™(T1) x H"(T1). Therefore beginning with the deterministic errors we bound the sums of the
individual norms, as they appear in our main results, by the norm of the Abstract Cauchy Problems
mild solutions in the product space, with the first decomposition happening immediately, while the
insertion of the different expansions of zero is done in subsequent Lemmata.

1) Recall that while the cutoff projectors like the canonical Galerkin projectors map into a finite dimensional space, their

image span{p; | j € Z1n [-11® ], n® — 1]]9} is based on the asymmetrical cubes Z4 N [-n,1n—1]9, whereas the canonical
Galerkin projectors map into the finite dimensional spaces span{g; | j € Z7 N [-n,n]9}, based on symmetrical cubes.
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Lemma 5.1.1

Under the assumptions of Theorem 3.3.1, let u € H™(T1) the unique mild solution of (EQ1) and for
every N € IN* let Xy € h””’(QZqV) the unique mild solution of (DEQ1). Then depending on the damping
and T > 0 there exists a constant C > 0, such that for every N € IN*:

e - XN“E([O,T],HSH” oyt s - atXNHZ([O’T]’HS(W))

2
XN,0

<c sup fsw[ir) st ()

, HS+"1('II‘q)XHS(']I'q)

t t 2
, 0 ’ &d ’ O 7

+C sup jS(t—t)( ) )dt—JS (t—t)(~ ) )dt

te[0,T]11J0 e 0o " In() H(T9)xHs+(T1)

Proof
By interchanging summation and the supremum we get

H” XN”C[OT]HS“”TI +||at” aXN”C[OT |,HS(T9)))

el
du(t,)] \diXn(t,-)

<2 sup .
Hs+m(T9)xH5(T1)

te[0,T]

Now the claim follows by inserting the respective mild formulations and the triangular inequality.m

Now, in case of the stochastic solutions, we do the same for the expectation of the norms, albeit with
the additional step of reducing the deterministic parts of the solution to those appearing in Lemma
5.1.1, so we can reuse the estimates done for those terms and only need additional estimates for the
stochastic convolution terms.

Lemma 5.1.2

Under the assumptions of Theorem 3.3.1, let u € H**™(T1) the unique, stochastic strong, mild solution of
(EQ1) and for every N € IN* let Xy € h””’(Q?\,) the unique stochastic strong, mild solution of (DEQ1).
Then depending on the damping, every T > 0 and every p > 1, there exists a constant C(T,p) > 0, such that
for every N € IN™:

E [”“ _XNllii([O,T],HW”(T‘?)) + ||<9tu - atXN”iZ([O,T],HS(T‘i))]

2
<C(T,p) sup S(t)(z(l)) Sd(t)())iz(:)

t€[0,T]

Hs+m(T)xHs(T4)

t 0 t
C(T, S(t—+t Lo dry— | St- dt’
( p) tés[lé,pT] J;) ( )(f(t ’)) 0 (t t ( ) Hs ’H‘q Hs+m('I[‘q)
T t , 0 ) 0 2p
C(T,p)J; E LS(t—t)(a(t,)) dW(t',-) - LSN(t—t)(U(t,)) dBn(t,") HW)I dt.

Proof

Let v € H*™(TY) the unique mild solution of (EQ1) with ¢ = 0 and for every N € IN* let Yy €
h”m(Q?\,) the unique mild solution of (DEQ1) with ¢ = 0, then we have by triangular inequality and
monotony and linearity of the expectation:

B = X 7 oy * 195 = 2l 1y )

<C(p) [“V YN“L ([0,T],Hs+"(T1)) +||8 v- atYN”L [O,T],HSUW))]

' . ’ 0 ’ cd ’ 0 ) ’
[Tty awiea- [ stue=01( 0y aBueo
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Then by Fubini’s Theorem we can exchange expectation and the L,-norm and obtain:

t t 2p
’ 0 ’ & ’ 0 D 7
C(p)E J Si(t—t )(a(t’)) dw(t ")—j Sz‘ili,i(t_t )(G(t')) dBy(t',") } (5.1.1)
0 0 L,([0,T],H*(T1))
T t 0 t ~d 0 ~ 2p
SC(T,p)J E j S»(t—t’)( ) ) dW(t’,-)—j S i(t—t')( ) ) dBy(t',") dt.
0 0 ! G(i’ ) 0 N, U(t ) HS(T07)
Furthermore as v and (Yy)yen are deterministic we can drop the expectation and estimate
[Hv YNH o ([0,T),Hs*m(T9)) +||8tv J YN“ ([0.T] HS(W))]
=lv- YN”L ([0, T],Hs*m(T9)) +jow -9 YNHL ([0,T],Hs (7))
C(T,p) [”V - YN”C([O,T],HS“"(TW)) + ”8”’ - atYN||C([0,T],HS(qrq))]'
Now applying Lemma 5.1.1 together with the estimate (5.1.1) proves the claim. [

The next three lemmata deal with the next decomposition step, of one of the right-hand side terms,
from the previous two lemmata, by introducing suitable expansions of zero, beginning with the
initial data term.

Lemma 5.1.3

Under the assumptions of Theorem 3.3.1, let u € H*"™(T1) the unique mild solution of (EQ1) and for every
N eN* let Xy € h”m(Qq ) the unique mild solution of (DEQ1). Then for every i € {1,2, 3}, depending on
the damping and every T > 0, we have for every N € IN*:

_ 2
u 5 X
sup Si(t)(uo) s;@l(t)(XNO)
te[0,T] 1 NLi || gs+m(Ta)xHs(T9)
- 2 2

< sup Si(t)((uo)—(?\"o)) + sup (Si(t)—gd (t))(;NO) )

te[0,T] Uy N,1 Hs+m(T7)xHs(T9)  t€[0,T] N1 Hs+m(T9)xHs(T1)
Proof

By adding ,zero “, in the form of the following expansion:

X X
0=-S5;(t) (XZ?)+ Si(t)(XZ’(l)),

using triangular inequality and linearity of the semigroup we compute:

2
sup si(t)(”o) 54 (t)(iNO)
te[0,T] ! Noi [\l ggs+m (ra)x s (T09)
3 2 : 2
u X ~ X
< sup sm((,j’) (XNO)) + sup <s,-<t>—s;3,i<t>>(XN’°)
t€[0,T] 1 N/ | gs+m(Ta)xgs(m)  t€[0,T] N W pgsem(wa)x s (19)

Now we repeat this procedure for the forcing term.
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Lemma 5.1.4
Under the assumptions of Theorem 3.3.1, let u € H**™ (1) the unique mild solution of (EQ1) and for every

N € IN* let Xy € h”m(QZ,) the unique mild solution of (DEQ1). Then for every i € {1,2, 3}, depending on
the damping and every T > 0, we have for every N € IN*:

rt t 2
) 0 ’ &d ’ 0 )
sup S<(t—t)( ) )dt—JS ~(t—t)(~ , )dt
te[0,T]1|J0 ! f(t ") 0 N fN(t ") Hs+m(T9)xHs(T1)
rt 0 2
< sup S-(t—t’)( , < ) dt’
te[o,T][J0 1 fE) = fn(t,x) Hs*+m(T9)xH3(T1)
; 2
’ &d ) 0 ’
+ sup j(S,-(t—t)—SNi(t—t))(~ ) )dt
tefo,T]11Jo ’ fn(t') Hs+m(T9)xH(T4)

Proof
By adding ,zero “in the form of the following expansion:

N SN v (e[ O ,
0_—L Si(t t)(fN(t’,-)) dt +J; Si(t t)(fN(t’,-)) ar’,

using triangular inequality and linearity of the semigroup we compute:

rt t 2
’ 0 ’ od ’ 0 ’

sup S-(t—t)( ) )dt—JS -(t—t)(~ , )dt

te[0,T]|[J0 1 f(t ") 0 N fN(t ") Hs+m(T9)xH5(T9)
rt 0 2
< sup S'(t—t')( , . ) dt’
o[ Jo FI) = () H+m(T9)x HS (1)
t ~ 0 2

+ sup f (Si(t—t’)—Sl"\I,i(t—t’))( - ) dt’

tefo,T]]|Jo ’ In(t':) Hs+m(T49)xHs(T49)

And finally also expand the noise term.

Lemma 5.1.5

Under the assumptions of Theorem 3.3.1, let u € H*™(T1) the unique, stochastic strong, mild solution of
(EQ1) and for every N € IN* let Xy € h”m(Q?\,) the unique stochastic strong, mild solution of (DEQ1).

Then for every i € {1,2,3}, depending on the damping, every T > 0 and every p > 1, we have for every
N e IN*:

T rt 0 t 0 B 2p
J E Si(t—t’)(a(t,)) dW(t’,-)—f S;\lf'i(t_t,)(a(t’)) dBy(t,") dt
0 JO 0 Hs+m(T9)xHs(T9)
T rt 2p
, 0 , 5 ’
<[ || [ sy a0V =B dr
0 Jo Hs+m(T)xHs(T4)
T ' ’ agd ’ 0 B ’ 2
o | EJ| | Sttt = STt - 0 )| 4B (E) dt
0 0 Hs+m(’]1‘q)XHs(']rq)

Proof
By adding zero in the form of the following expansion:

! N ' o 0N s
OZL Silt—t )(U(t,)) dB(1 »—L Silt—t )(G(t,)) dBy(r', )

Using triangular inequality and linearity of the semigroup, as well as the monotonicity of the
expectation and integral we compute:

T ! ’ 0 ’ t”d ’ 0 5] ’
JoE|[, 502 oy) awee - | Sa=0( ) B
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2p

f NEY : :
[ sty vt Bt

T
sjm
0
T
+f1E
0

Now we further decompose the second terms by splitting them into a high frequency part and a low
frequency part. For this we recall the cutoff projector P{, that by Definition 1.2.4 is the orthogonal
projector onto, the finite dimensional space, span{(pj |jeZin [—LN‘SJ, LN‘S —1]]13, for 6 € (0,1),
where @ = {¢; | j € Z7} denotes the canonical orthonormal basis of H*(T1), for every s € R. And its
complementary projector (Py')* = Id — P{. And we will make use of the following convention: When
we write

dt
Hs+m('1[‘q)><Hs('H‘q)
2p

t
fo <si<t—t')—éﬁ,,-(t—t’))(o(ot,)) dB(t')

] "
Hs+m(Tq)xHs(T49)

~ 2
X

P{ll ~I\],O)

() (XN’1

those are to be understood in the sense of matrix vector multiplication. L.e

[[(Si(r) - S5 (¢ Pg“z (Herm(T)xH7 (1) OF

Hs+m(T9)x H5(T4)

2
y d P 0
H(Sl(t)_SNZ Pba”[: (Hs+m(T9)xH"(T1)) ”(Sz(t)_SN,l(t))( Ob Pa)

L(Hs+m(T9)xH (T1))

with the respective realizations on the diagonal and

~ 2 ~ 2
(Pa)J_ )SN,O _ (P;)J_{(N,O
s\ x = I\(peyrx
N,1 Hs+m(T4)xHs(T49) o N1 Hs+m(T49)xH(T9)

with the respective realizations in each component.

Lemma 5.1.6

Under the assumptions of Theorem 3.3.1, let u € H**"™(T1) the unique mild solution of (EQ1) and for every
N elN* let Xy € h”’"(Qq ) the unique mild solution of (DEQ1). Then for every i € {1,2,3}, depending on
the damping, every 6 € (0,1) and every T > 0, we have that for every N € IN*:

2
~ X

sup {I(S(r) - S§, <t))(XN°)

te[0,T] N/ gs+m(Ta)x Hs ()
~ 2
X

<C sup =S8 OVPE|| 2 s , (~N’0)
te[0,T] 5it6) =St b”‘:H (OH T NXN,1 || ovmmayezs (1)

2

+Ctes[1(1)pT ”S S~Ia\lf,i(t HE(H”"‘(T‘%)XH’(TQ))

(P;)J_ (};{N,O)
XN H+m(T)xHS(T1)

Proof
Inserting an Identity and expanding it as Id = (Py')* + P, then splitting into the high Fourier modes
(,,(Pg)“) and the low ones (,,P{“), using triangular inequality, we obtain:

2

< X
Si(t)— S (¢ ~N'°)
t:[l(l)g] (Si(t) =Sy i( ))(XNl

2

_t:,[lég] (Si(t) SN,i(t))((Pa)“rPa)(;zf,?)

Hs+m(T49)x H5(T4)

~ X
< sup [|(Si(t)-S§ »(t))(P“)L( ~N'°)
t€[0,T] l N o7 \Xna

Hs+m(T9)xHS(T1)
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2

+ sup
t€[0,T]

s X
(50~ 8800 )

Hs+m(T4)xHs(T4)

By using the definition of the operator norm and Xy o € H*""(T7) c H¥*"(T7) we obtain

~ 2
~ X
< sup (511054, () ()
t€[0,T] N/ gs+m(Ta)x Hs ()
X 2
+ sup (Si(t)—SI’fLi(t))Pg(XN'O)
t€[0,T) N1/l gs+m(T49)xH3(T9)
~ 2
X
< sup = S8 A OPE|[ ysim , (~N'O)
te[OT]” vl b“[:H (T M)\ Xy, 1 Hs+m(T4)xH5(T1)

2

sd
+t€s[‘(1)’pT]HSi(t)_SN,i( ||L(Hs+m(1rq)xHr(1rq))

X
(P(;l)i (XN,O) )
N,1 Hs+m(T41)xHS(T17)

Using the same procedure once more we get the frequency decomposition of the forcing term.

Lemma 5.1.7
Under the assumptions of Theorem 3.3.1, let u € H**"(T1) the unique mild solution of (EQ1) and for every

N eN* let Xy € hs””(Qq ) the unique mild solution of (DEQ1). Then for every i € {1,2,3}, depending on
the damping, every 6 € (0,1) and every T > 0, we have that for every N € IN*:

t 2
sup J-(Si(t—t) Sl‘sz(t—t (f )dt’
te[0,T]11J0 N Hs+m(T9)xH5(T1)
T
2
< | sup [|(SiCt =)= SRt = DR gpeomapmr oy I O Mgy 4
.[0 te[OT]H N b“z:H (T)xH"(T1)) 17 Hs(T9)
T d ,
S ayL )
+J sup [|(S;(t)- S5 ||£Hb+mm)xH,m (P8 A’ [
0 te[0,T)

Proof

Inserting an Identity and expanding it as Id = (P§')* + P, then splitting into the high Fourier modes
(»(P§)*) and the low ones (,,Py“), using triangular inequality, we obtain:

t 0 2
sup j (Si(t—t) =S (t=+t) ( ) ar’
te[0,T]1|J0 fN Hs+m(T9)xH5(T9)
t 2
’ & 7 O 7
= sup J-(Si(t—t)—Sﬁ,’i(t—t))((Pg)L+P§)(f " _)) dt
te[0,T] 0 N\t Hs+m(T7)xHs(T4)
t 0 2
< supf (si(t—t’)—§gi(t—t’))P;(~ ) ) dt’
te[0,T]J0 ’ fN(t") Hs+m(T9)x H5(T1)
t 2
+ sup f (Si(t—t’)—S;i,i(t—t’))(Pg’)L(~ 0, ) ds
t€[0,T]J0 ’ fN(t’.) Hs+m(T7)xHs(T9)

By using the definition of the operator norm and fy/(t') € H**"(T1) c H*"(T4), for every t' € [0, T],
we obtain

t
sup J
te[0,T]J0

2
dt’

(Si(t—1') - sN1<t—t>)P“(f 0 )

Hs+m(T49)xHs(T7)
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; 2
+ sup f (Si(t—t')—gl‘f,ri(t t')(Py) (f 0 ) dt’
t€[0,T]J0 Hs+m(T4)xH3(T1)
up (-0~ I It
< sup t_t ) S (t_t Pﬂ s+m r fN s dt,
J:) [0.T] N,i o ll£(Hs+m(T)xH" (T1)) Hs(T1)
T 2
+ Sup S S+m r Pa J‘fl\] S dt,
L [0, T]” N1 ||LH (T9)xH" (T1)) “ H3(T7)

As for the second split of the noise term, here we keep extraction of the semigroup until later, for the
high-frequency part we do it when we compute the error estimate and for the low-frequency part we
do it when proving the individual continuum limits in Chapter 6.

Lemma 5.1.8

Under the assumptions of Theorem 3.3.1, let u € H*""(T1) the unique, stochastic strong, mild solution of
(EQ1) and for every N € IN* let Xy € h”m(Q?\]) the unique stochastic strong, mild solution of (DEQ1).
Then for every i € {1,2,3}, depending on the damping, every T > 0, every 6 € (0,1) and every p > 1, we
have that for every N € IN*:

T
N
0

2p

dt
Hs+m(T49)xHS(T4)

t
L (Si(t—t)) =S (¢~ t’))(a(ot,)) dBy(t'")

t 2p
<E f (Si(t—t')—S& ,(t—t'))Péo(t') dBy(t',") l
0 Hs+m(T4)xH5(T1)
t o ~ 2p
+E f (Silt—t) =S8 (= )P (') dBy (¢, .
0 Hs+m('I[‘q)><Hs('H‘q)

Proof
Again inserting the identity expansion Id = (Py)* + Py and triangular inequality we compute:

T [ t
[ e L<si<t—t'>—§;3,i<t—t'))(a(ot,)) dBy(t')

r ' ’ ad , ayl a 0 5 ,
-| el [ tsite=rr=st - nazr 20| ) aBut'

2p

] a
Hs+m('1[‘q)XHs('1[‘q)
2p
dt

Hs+m(T9)xH*(T9)
2p
dt

T [ ot
sL ]E» L(S,-(t—t’)—SI‘f]li(t—t'))Pga(t’) dBy(t',-)

Hsﬂn(jrq)XHs("ﬂ"q)
2p

t
L (Si(t =)= 5 (¢~ )P o (¢)) dBy(F')

] a
Hs+m(T4q)xHs(T17)

5.2 Elementary Functional Analytic Estimates

In this section we compute error estimates for the terms, in which either the continuous semigroup
is applied to a difference directly in the data (initial data, forcing or noise) or the error stems from
a difference of the continuous semigroup and the discrete semigroups continuous counterpart,
applied to the high-frequency Fourier modes.

The common theme of all these estimates will be that we use the evolution estimate for semigroups,
the central tool of this section, to bound the operator norm of the semigroup by a constant, at most
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depending on time, and then use convergence of the semigroups arguments. Therefore unlike the
estimates for the lower Fourier modes in the upcoming Section 5.3, the estimates in this section are
identical, for all three semigroup pairs, and therefore done simultaneously.

The first estimates are for the deterministic terms in which the respective continuous semigroup
is applied to a difference of the continuous data and the respective constant interpolation of the
discrete data. Here we use the aforementioned evolution estimate and the convergence assumed in
(A2) to obtain the following two estimates.

Lemma 5.2.1
Under the assumptions of Theorem 3.3.1 for every i € {1,2,3}, every T > 0 and every € > 0, there exists a
N{(e) € IN* such that for every N > N(¢) :

. 2
sup Si(t)((uo)—(?\]’o)) <&
t€[0,T] ! N[ pgsem(Ta)xHs (T4)
Proof
Let € > 0. Using Lemma 1.1.8 and then bounding the exponential depending on the sign of w; we
compute:
- 2
u X
e ool ()
te[0,T] 1 NLT | gstm(Ta)x Hs (T9)

2
<C 2wt
<C sup M;e

HRES
ur) \Xn

te[0,T] Hs+m(T9)xHs(T1)
. 2
<CM; max{1,e“T} (MO)_(§N,O) .
—_—,——— M] N,l Hs+m("lI'q)XH5("jI'q)
=Ci(T)

And by the, in (A2), assumed convergence of the initial data there exists N(¢) € IN* such that for

every N > N(¢):
- 2
(-
up) \Xnn

&

< .
- CGi(T)

Hs+m(T9)xHS(T4)

Lemma 5.2.2
Under the assumptions of Theorem 3.3.1 for every i € {1,2,3}, every T > 0 and every € > 0, there exists a
N(e) € N* such that for every N > N(¢e):

' , 0 ,
L&“”%Uw»—&wwﬂm

2

sup <Ee.

t€[0,T]

Hs+m(TT)xH(T7)s)

Proof
Let € > 0. Again using Lemma 1.1.8 and then bounding the exponential depending on the sign of w;
we compute:

2

sup
t€[0,T]

T
SCJ sup ”Si(t -t
0

t€[0,T]

! , 0 ,
\L&“4%UWJ—&WJJw

2 ’ F /
L(Hs+m(TT)xH"(T9)) ”f(t ") _fN(t ")

Hs+m(T9)xH{(T4)s)

2

HS(T4) dt

2

ey

T
scf sup M0 |[£(t,) - fu(t')
0 te[0,T]
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2

,
FS(T) dt’.

T ~
gCMimax{l,ewiT}f Hf(t/f')_fN(t,l')
~—_—J0
=Ci(T)

And by the, in (A2), assumed uniform convergence in time of the forcing terms, there exists a N(¢) €
IN* such that

2 &
<

”f(t,,')_]?N(t/") HH (T~ C(T)T

for all ' € [0, T) for all N > N(e). [

Now that we have all the estimates we need for the deterministic case we want do do the same for
the stochastic case,as by Lemma 5.1.2 the estimates for the initial data and forcing part of the mild
solutions, can be traced back to the respective deterministic estimate, all we need in addition is the
following estimate for the difference of the stochastic convolution terms, here we use the convergence
assumed in our general assumption (A6).

Lemma 5.2.3
Under the assumptions of Theorem 3.3.1 for every i € {1,2,3}, depending on the damping, every T > 0,
every 6 € (0,1) and every p > 1, there exists a N (&) € IN* such that:

T
[ e
0

forall N > N (¢).

2p

! ’ 0 / 7
[ site=0 ) w1 Byt

l dt <eg,
Hs+m(T4q)xHs(T17)

Proof
In a first step perform the following decomposition:

T || rt 0 ~ 2p
[, | st o) d0wte ey at
0 | 0 Hs+m(T9)xHS(T4)
rT 2 rt , B , 2p
SC(T) ”Si(t)”[:(HHmurq)xHr(Tq))IE 1 d(W(t r') _BN(t ;)) dt
JO JO Hs(T1)
rT 2 [ t , _ , 2p
SC(T) ”Si(t)l'[(Hs+riz('1rq)XHr('1rq)) IE P]?] d(W(t 1') - BN(t i )) dt
Jo | JO HS(T1)
rT ) [ rt - 2p
) [ SO pmanyeanria B[ [ (P dB(e' dt
JO i JO HS(T1)
rT ) [ rt 2p
(1) [0SO gy azrcrn B [ (B aw(e,) dt.
JO i JO Hs(T7)

Where right in the first estimate we moved ||o||, in our constant C(T'). Using once again

sup ||Si(t)”%:(HSer(']I‘q)XHr(r]rq)) < C(T)M; max{1,e? T},

t€[0,T]
=Gi(T)
the claim follows as by the It6-Isometry
T || rt ~ 2
J- E J- PG d(W(t',-)—Bn(t,-)) dt
0 i 0 H5(T9)
2\P

[t5-Isom. T p k 2 1 ei%kj—l d
= Z (k) ]_I — -1 t

keZI\[-N,N-1]1 j=1
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p
sCTP[ <k>25] N=¢,

keZI\[-N,N-1}4
as well as

2p

t
JO (P&)* dBy (',

_—
J E
o 1 H(T1)
T q P
Ito-Isom. 2s e’ N -1
= tP k | | -1 dt

kez\[-N,N-1]1 =10 N

p
SCTP[ <k>25] N2,

keZ1\[-N,N-1]1

P Ito-Isom T
e =" J tP
HSs(T9) 0

N—->o

p
<k>5] =% 0.

and finally

T
N
0

=CT?

t
f (BS)* dW(r',)
0

P
<k>25] dt

keZI\[-N,N-1}4

keZI\[-N,N-1]4
[

Now for the second type of terms we at first return to the deterministic case. This time we are
dealing with the difference of the continuous semigroup {S;(t)};>¢ and the continuum version of
the corresponding discrete semigroup, applied to the high-frequency part of the data. Both of the
semigroups will be bounded using the evolution estimate, while we use a further estimate on the
discrete partial difference quotient operators eigenvalues, to ensure the constant bounding the sum
of both semigroups norms is independent of N. As our cutoff projector P§ converges pointwise to
the identity, the norm of the high-frequency terms vanishes in the limit. While for s < r it becomes
even easier, as we can squeeze a rate of convergence out of the norm itself, by returning to the H"(T1)
norm, and then bound the norm of the high-frequency part by the norm of the data.

Lemma 5.2.4
Under the assumptions of Theorem 3.3.1 for every i € {1,2,3}, every T > 0 and every € > 0, there exists a
N(e) € N* such that for every N > N(¢):

2
<E&.
Hs+m(T9)xHs (1)

5d 2 XN’()
sup]”S(t)—SN(t)||£(H5+m(m)XHr(m)) (Pg)L(XNl)

te[0,T

Proof
By using Lemma 1.1.8 for both semigroups, we compute

~ 2
t:{t&pﬂ HS(t) - Sﬁf(t)H[(HH"‘(T‘?)XH'(Tq))

2 &d 2
=¢ t:[%%] (“S(t)Hﬁ(HS*"’(W)xH’(W)) + ”SN(t)“ﬁ(HS*"‘(T‘?)xH"(T‘?)))

<C sup (Me®“" + Mye®4")
t€[0,T]

<Cmax{M,My}max{1,e“T,e®T} = C(T).

Note that the constants M; and w; could be chosen independent of N (as the semigroups are either
contractions or their growth rate can be bound (As the highest degree term of the polynomial p(4,-),
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in every direction, is even and negative p(A,-) can be bounded from above independent of N. Hence
the real part of the growth rate w,; can be bounded independent of N) using Lemma 1.2.55), therefore

we have fory =s—r
‘ (Pg)* (XN’O)
XN,I Hs+m(T49)xH5(T1)

ANSpY (XN,O)Z
=[lawe Bz

X
Pﬂ 1 ~N,O)
( o ) (XN,I
Now (| N°|)?" vanishes for s < r and ({N°|)?7 =1 for s = r. Furthermore
X
Pa € ~N,0)
( 5) (XN,I
as (PJ)*v N 0 for every v € H™*™(T1) x H"(T7) Thus there exists N(¢) € IN* such that

(Pgl)J_ (§N,O)

N,1

2

Hs+tm(T9)xHs(T1)
2
<(IN°

Hr+m(T49)xH"(T1)

2
N—oo
H

Hr+m(T)xH" (T9)

’

2
(LN® ]y <e,

Hr+m(T)xH" (T4)

for all N > N(¢). Thus proving the claim. [ ]

Lemma 5.2.5

Under the assumptions of Theorem 3.3.1 for every T > 0 and every € > 0, there exists a N (&) € IN* such
that for every N > N(¢):

T
5 2
sup [|(si(r)- S, etz caan NV I (s, s <
;5 10500~ S8 oo Bt
Proof
Again using the estimate
sup ”(Sl(t) - S~N,i(t))||£(H5+’”("ﬂ"’i)><H’(”ﬂ"’1)) < Gi(T),

t€[0,T]

derived from Lemma 1.1.8 and that for # = s —r we have

rT -
sup ||(P§)* fu(t ds
Jo te[O,T]“ ° ()
rT o1\ - 2
< M(Pg)LfN(er) ds
Jo teOT] (LN HS(T'7)
O\ ayL 2
< (LN D SuP || (P I (t, ’HY(T‘?) ds
Jo

<(IN°}>C(T ” (F) LfN”c ([0,T],H" (T9)

Now (| N? |)?" vanishes for s < r and {{N°|)*! =1 for s = r. Furthermore
H Pa J‘fN 2 N—-o

Neray — 0

for every ' €[0,T), as (P§)*v N2 for every v € H"(T1) Thus there exists N(¢) € N* such that

(IN°p*1C(T “ Fy) LfN“c (0,7, Hr(Ta) <€

for all N > N(¢). And we obtain the assertion. [
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Again these deterministic estimates can be recycled via Lemma 5.1.2 and we only need an additional
estimate for the difference of the stochastic integrals.

Lemma 5.2.6
Under the assumptions of Theorem 3.3.1 for every i € {1,2,3}, depending on the damping, every T > 0,
every 0 € (0,1) and every p > 1, there exists a N (&) € IN* such that:

T t 2p
[ e f(&(t—t')—%,,»(t—t’))(P:)l(a(Ot,)) dBx(t) dt <
0 0 Hs+m(T4)xH"(T17)
for every N > N(e).
Proof
In a first step we compute fory =s—r
T t J 0 2p
’ & ’ 1 > )
[ e f (1t~ t') = S5 (£~ #)(PY) (g(t,)) dBy(F,) d
0 0 Hs+m(T9)xH" (1)
rT 2
¢ ks Q) [pm—— HJ Py dBu(t, )| 2p)dt
Jo Hs(T)
T . (LN°)y O
<C (Si(6) = SR O 2 ggeem reran 10 (Bl E ‘ —J (P5)* dBn(t',) dt
Jo “ i N,i ”[(H (T9)xH"(T1)) (IN° ]y S 0 HS(T9)
(" &d 2 o 1\2 f AL B (4 ”
<C | [I6Si0) = SR O s ggsmpayetzr oy 17 Dlloo (LN H*E f (Py)* dBy(t',") dt.
JOo 0 Hr(T1)
Using once more the estimate, by Lemma 1.1.8,
~d 2
sup || -5 ”(t))||£(H5“”(']1"q)><H7(']1"q)) < CZ(T),
t€[0,T]
and
T t ~ 2p
R KGR R
0 0 H'(T4)
T q jnkj 2\P
Ito-Isom. ~ -1
p 2
< CJ t Z (k)rl_[[ T ]
O lkezn-wNepvepp =il R
P
<CT? Z (k)2
keZ\[-|N°]|N®|-1]4
Once more (| N°|)?" vanishes for s < r and ((N?])? = 1 for s = r. Furthermore
<k>2r N—->co 0,
keZA\[-|N°|[N® -1}
as the remainder of a convergent series. Thus there exists N(¢) € IN* such that
T t ~ 0 ~ 2p
[ e f<si<t—t')—S%,At—t'))(l)ﬁf(a(w)) NI di <
0 0 Hs+m(T9)xH" (T1)
for every N > N(¢). And we obtain the assertion. [
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5.3 Semigroup Error Estimates

Finally we have to control the error between the continuous semigroup S and the continuation Sy 4,
of the corresponding discrete semigroup Sy 4, acting on the low-frequency terms. In a first step
we will use that the Fourier transform is an isometric isomorphism, with respect to the |-|| HS(T)»
for all s € IR, to get it into the norm. Now we have access to the Fourier semigroup representation
developed in section 4.3 and can use Taylor expansions of the semigroups coefficient functions to
obtain the desired error estimates.

Naturally the Taylor estimates will be outsourced from the proof this sections main result and
build up individually for each of the coefficient functions, where we use the Landau Big-O notation,
which we will recall now, to give a qualitative description of the error.

Notation 5.3.1
Let f : E — Fand g: E — [0, 00), such that g(x) > 0 on an environment U of O.

We say f(x) = O(l|g(x)l|g) for x — O if

T @l _
x—a - g(x)

Now we will begin the bottom up construction of our error estimates, recalling the square root
functions R and RI”I\IZ), introduced at the beginning of Section 4.3 and encoding the eigenvalues of
the respective operator matrix, we will rewrite the discrete eigenvalues as the continuous eigenvalues
plus an error term, for this we will use the Taylor expansion® of a (shifted) square root function, with
the symbol p(4,-) as its center.

Lemma 5.3.2 R
Under the assumptions of Theorem 3.3.1 every N € IN*, every 6 € (0, ﬁ) and k € QbeJ Nsupp(R;(+)) one

has

2
E?\,(k)—R(k):O( |k|1\i(k)').

Proof

2

2 2
AN 4.k Ak
p(A k) + (p2PN,d( é\l.d )+p1 ) —p(Ak) - (Pzp( : )+p1 )

2
\/( PZP(Aék)'*'pl ) +p(A,k)

2
L]Eél\/(—pzp(A’zk)ij1 ) +p(Ak)+O

2 N?

2
:\/(pzpm,k)wl) iy |k|2R<k>‘)'

On the same ,level “we get the first order Taylor expansion of exponential term, in the strongly
damped setting, as it only relies on the estimates for the (discrete) Laplacian.

At this point we should remind ourself, that the symbols and these square roots may very well be complex valued and
we need to be consistent in our choice of branch for each pair of evaluations.

3)  As the spectra of our operators are discrete and the roots don’t appear in the semigroup representation, when they are
zero, we are always far enough away from zero, to use Taylor expansions.
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Lemma 5.3.3
Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for i = 3, every N € IN*, every k €

QfNéj and t > 0 one has
Proof

Using the series representation of the exponentialfunction and the relation between the continuous
and discrete symbol we compute:

P2PNdAN,KE pop(A k)t k|*t2
e 2 —e 2 = O
N2

p2p(AK)t 0o
e 23 P2

P2PN,dAN,aK) | B 5 pap(Ak)t
€ : =e 2 "‘O( T(PN,d(AN,d:k)_P(A,k)))
_ et o(’ p(A, K)E2[k[2 ): TSI ( £21k|* )
N2 N2

Building upon Lemma 5.3.2 we can now compute the error estimates for all the functions appearing
in our semigroups coefficients, this time using tR;,tR, respectively tR; as center of the Taylor
expansion.

Lemma 5.3.4

Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1,2,3}, every N € N*,
everyke Q! . and t >0 one has

Proof

[N?]
We linearize cosh(x) and use the series expression of sinh(x) and Lemma 5.3.2 to express the error in
terms of k/N:

|k|2m+2t2

cosh(RdN,i(k)t) —cosh(R;(k)t) = O(‘ N2

cosh(RY, ;(k)t) " 27 cosh(R; (k)t) + sinh(R; (k)t) (RS, ;(k)t - R;(k)t)

Ri(k)|k|2t)
N2

La32 cosh(R;(k)t) + sinh(R,'(k)t)O(

Lé‘zcosh(Ri(k)t)+O(‘(Ri(kZ)\)]¢ ): cosh(Ri(k)t)+O(‘I%)|zklzﬂ )
:cosh(Ri(k)t)+(”)(‘(Ri(kI)\)]# ): cosh(R,-(k)t)+O( W;{# )

Lemma 5.3.5

Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1, 2,3}, every N € IN*,
1 andt> 0 one has

Proof

every k € QLNaJ
t2| k|2m+2
Multiplying by { we then can use the linearization of sinh(x)/x to compute:

N2

sinh(RdN’i(k)f) _sinh(R;(k)t) _ O(
RY, (k) Ri(k)

sinh(RY, ;(k)t)  tsinh(RY, ;(k)t)
RY, (k) R, ()t
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LemmaB.4tsinh(R;(k)t) . R;(k)t cosh(R;(k)t) —sinh(R;(k)t)
- R;(k)t (R;(k)t)?

(R (K}t = Ri(K)t),
and using the series expansions of sinh(x) and xcosh(x) we obtain

sinh(RY;(K)1) _sinh(R, (k)1)

+O(R; (k)t)(RY, (k) = R;(k)t) L53.2 (i) sinh(R, (k)t) O(‘P(A,k)tzlkF

|

Re (k) Ri(kt R;(k)t N2
_sinh(R (k)t) t2|k|?m+2
TRkt +O( N2 )

Lemma 5.3.6
Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1,2,3}, every N € IN%,
every k € QLqN"J and t > 0 one has

t2|k|2m+2 )

RY, (k)sinh(RY, ;(k)t) - R;(k)sinh(R; (k)t) = o( N

Proof
Using the series expansions of xsinh(x) to linearize:

i L RY, .(k)tsinh(RY, . (k)t)
RdN'i(k)SIDh(R?\I,i(k)t) = : i

R;(k)sinh(R; (k)t) +

sinh(R;(k)t) + R;(k)t cosh(R; (k)t)
t

LB7

(RY ;(k)t = R;(k)t)

and using the series expansions of sinh(x) and xcosh(x) we obtain

R, (k)sinh(RY ;(k)t) =R; (k)sinh(R; (k)t) + O(IR; (k)t|)(RY, ;(k)t — R;(k)t)

322 Ok (k) sinh(R; (k)t) + o(’—p (A";I)f'k'z )

t2|k|2m+2

:Ri<k)sinh(Ri<k>t)+0( N2

Corollary 5.3.7
Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1,2,3}, every N € IN%,

every k € QALqN(,J and t > 0 one has
p(A, g(k))sinh(RY, ;(k)t) _ p(A,j)sinh(R;(k)t) _ o( |k|2m+2t2)
RY, (k) R;(k) N2 )
Proof
We rewrite
A, g(k))sinh(RY, (k)t) ) Zsinh(RY, ;(k)t
p(A, &( ))~d ( N,l( ) ):R?\,l(k)sinh(R}i\“(kt _Pl ~:l N,l( )t)
Ry ; (k) 4Ry ; (k)
By Lemma 5.3.6 we have for the first term on the right-hand side
< . t2|k|2m+2
Ry ;(k)sinh(RY, ;(k)t) — R;(k)sinh(R;(k)t) = O(T)
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and by and by Lemma 5.3.5, also

sinh(RY; (K)t)  sinh(R;(k)t) o ( t2|k|2m+2)
RY, (k) Rik) — 7\ N2 [

|k‘2m+2t2

As O( ) is closed under addition, we obtain the claim. ]
Corollary 5.3.8
Under the assumptlons of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {2,3}, every N € IN%,

every k € QLNaJ and t > 0 one has

. pi-1sinh(RY, (j)t) .« _ pi_1 sinh(R;(j)t) (|k|2m+2t2)
h(R¢ —cosh(R;(j)t) F % =0|————|.
[cos (Ry,i(7)t) = 2Rd,,(1’) cosh(R;(j)t) () NE
Proof
By Lemma 5.3.4 we have
_ ) ) |k|2m+2t2
cosh(Ry ;(j)t) — cosh(R;(j)t) = O NT

and by Lemma 5.3.5, also

pi-1 sinh(RY ()t _ p;_ 1s1nh(Rl(]) ) (|k|2m+2t2)
+ =0 .
STORLG) 2R() N2

|k‘2m+2 2

As (’)( ) is closed under addition, we obtain the claim. ]

As already announced, in the introduction to this section, we will now bring in the Fourier transform,
so we can use all the previously computed estimates. Furthermore we use that, through the
projection onto the low-frequency Fourier modes, we are working on in a finite dimensional setting
to further simplify the norm.

Lemma 5.3.9
Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1, 2,3}, every N € IN*
and t > 0 one has

[[(Si(t)— Pg”a (HS+m(T9)xHS(T1))

st §)(5)
< Mo\ Lo (T9)xLo(T4)

<f<5f<f>-%<f>>(£,) b
Ly(T9)xL, (T9)

]EQq

+C sup
=01
JEQ s,

Proof
By the definition of the operator norm, as dim(ran(Py')) < co and H"(T9) > H**"™(T)

2
5 C (3"
165:8) = S8 OVPEN mreomar ey < —= sup||(Si(t) = S& (t))( j :
A TN et AR TN

And by Theorem 1.2.9

sup
k,jeQ!

2
(5:(0)- S, (t))(”> q’f')

k)" px H(T9)xH'(T4)

IN?]
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< (o[
< sup [lsi0-si,00( )
jeal, H (T9)xH (T9)
y o |\’
+ sup |I(Si(f) =Sy (1)) k)" i
e, Hr (T9)xH' (T9)
Theorem1.2.9 5 i i
< C sup <J”:(5i(t)—Sﬁz,i(t))(%])’((g]»
jleNﬂ Lo(T9)xLp(T1)
- 0 0
+C sup <]'—(5i(t)—Sﬁlz,i(t))((p.)’((p» :
j€Q ., i1\ Ly wayxe, (1)

Now that we have collected all the needed components we will combine them into the main result
of this section, that is the error estimates for the semigroups, on the low-frequency Fourier modes.

Theorem 5.3.10
Under the assumptions of Theorem 3.3.1 respectively Theorem 3.3.1, for every i € {1,2,3} and t > 0 one
has: For every € > 0, there exists N(¢) € IN*, such that

. 2

[(Si(t)— SN,i(t))pg”[(HS*’”("JT‘UXH’(T‘”) <&
forall N > N(¢).
Proof

(i) By Lemma 5.3.9 it suffices to consider

(#sio-st (%))
Lp(T)xLy(T)

sup

-1
JEQ s

and

sup

-1
TR s,

<F(51(t) - §ﬁ,,1(t))(£j)’(£j)>L (T9)xLa(T)

for every j € QfNéJ.

Now using the representations in Lemma 4.3.2, Lemma 4.3.3, and Corollary 4.3.4 we have

F510)-58,00(%)

(e -1 <4
cosh(Ry(j)t) - o cosh(Ry 1 (/)t) | @
_ i
o . = N 9 ( ™ » Ri(j)=0
_ [ p(Aj)sinh(Ry (j)t)  PN,a(AN.a,j)sinh(RY , (j)1) H e | o
Ri(j) RY () hel ik’ﬁ” !
4 einNi—l @;
1_H[ . jnT [0]]; Rl(])ZO
=1\ PN

and
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sinh(Ry (j)1) []i[[eianh—l ]sinh("’ (J')t)]
vt (1| e | et
1(7) h=1 L q R,E(]) Ry(j) 20,
_ [cosh(Rl(k))—cosh R, () [I_[[ N] 9;
h=1 N
4 ei% t(p)
1- . J Ri(j)=0
]h_l[[ ; ((p] 1)

Then by the Lemmata 5.3.4, 5.3.5, B.5 and Corollary 5.3.7

sup <f(51(t)—5§,1(f))((€j)'((€j)> Yol ;
jea,, L (T9)xL,(T4) O(W)' Ry(j
and
{0} (0 O(E=E). RiG)=o0,
sup <f(51(t)—51‘3,1(f))(¢) (qo )> - wﬁ ;
JEQLNbJ j i1 L, (T9)xL,(T4) O(W), Rq(j)=0.

Thus for every j € QLNOJ

sup
jeQl s,

f(slu)—ﬁfé,l(t))("gf),(%f

)>L2 (T9)xLo(T7)

(4m+4)o qo
<C(T)max { N N }

N4 7 N4

N—>oo

SC(T)max{N4((m+1)5_1),N‘7(5_1} =0,

N—
%0

and

sup
jeQ!

<f<sl<t>—§fé,l<t>>(£) (£])>
Ly(T9)xL,(TY)

N(4m+4)6 Nqé
N4 ' N1

IN?]
SC(T)max{

N—>oo

<C(T)max {N4((m+1)6_1),Nq(5_1} —- 0,

N
%0

which gives the assertion for i = 1.

(ii) By Lemma 5.3.9 it suffices to consider

sup <f<sz<t>—5f32<t>)(")f),(“”f)>
' O /N O] L waywe o)

jed!

[N9]

and

Sup
]EQ N9

<f<sz<t>—§1‘3,z<t>>(£]) (£J)>
L,(T9)xL, ()
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q

LN®J’

Again using the representation results Lemma 4.3.2, Lemma 4.3.3 and Corollary 4.3.4 we
obtain a representation of the differences

for every j € Q

f(sm)—si]%z(r))(‘gf) and f(sz<r>—51%2<r>>( 0,)
’ ’ @]

and by Lemma 5.3.4, 5.3.5,B.5 and the Corollary 5.3.7 and 5.3.8 we obtain

H2m+2 2
~ \ (o O(E), Ratf) 20,
sup. (#5208 200 () (5] O |
jeQAfN(ﬁJ Ly(T9)xLy(T) O(m), R,(j) =0.
and
- 0) (0 O(M) Ry(j) =0,
sup (#5208 )] S ,
70!, iIP\Pi x| |O(%e ), Ralj)=0.
; 9
Thus for every j € QLNﬂ
sup f<s2(t)—S}%,z<t))("(’)f),(%f)>
i€Qys, Ly(T)xLo(T)
N(4m+4)6 Nqé
SC(T)maX{T,W}
N —o0

SC(T)max{N4((m+1)5—1),Nq(6—1} ol

N—ooo
—

and

sup

- A1
JEQ s

<5E (sz(t)_§ﬁ],2(t>)((,?j)'(£j)>L (X))

N(4m+4)5 Nq(5
SC(T)maX{T, W

N—-oo

SC(T)max{N4((”’+1)5*1),N‘i(5*1} =%,

N—oo
— 0

which gives the assertion for i = 2.

(iii) By Lemma 5.3.9 it suffices to consider

sup <f(83<t)—51‘33(0)((’)]'),(%»
’ O N0 Loy o)

. Aq
TR s,

and

sup

- A4
TEQ s

<f(53(t)‘gﬁfﬁ(t))(ﬁgj)’((gf)x (T)=L2(T7)

67



5.3. SEMIGROUP ERROR ESTIMATES

for every j € QLN"J
Now using the representation results Lemma 4.3.2, Lemma 4.3.3 and Corollary 4.3.4 we find a

representation of the differences

F53(0)- 555000 ) and #5500 585000 |
]

and by the Lemmata 5.3.4, 5.3.5,B.5 and Corollary 5.3.7

‘ ' |]|2m+2t2) R . 20
ap |[risi0-s00(51(%) el b oy 0
jeds Ly(T9)xL(T9) max{ ).0( W)} R3(j)=0
and
0\ (0 (']'Z'Mtz) Rs(j) # 0
sup <f(53(t)—51€1,3(t))((p ) ((p )> = t K42
jed’, i i1 Ly (Ta)xL, (T9) max{ , (W)} R3(j)=0

With the additional error terms of order O(thz ) being the result of Lemma 5.3.3 applied to
the strong damping terms. While they don’t affect the order of the already existing ones as they

only appear in terms of lower order in those entries. Thus for every j € Qf N9 |

sup
. Aq
JEQ s,

(7s-ts00( %)%

)>L2(T‘1)><L2(I[‘1)

N(4m+4)5 Nqé N45
SC(T)maX{T'W’W

N—ooo

SC(T)max{N4((m+1)6—1)’Nq(é—l),N%—z} ol

N
50

and

sup
jeQ!

(o=t ly o),
Ly(T9)xLy(T4)

N(4m+4)5 Nq5 N45
N4 " N1’ N2

IN?)
SC(T)maX{

N—>oo

SC(T)max{N4((m+1)6—1)’Nq(6—1)’N4672} =20,

N
0

which gives the assertion for i = 3.

Remark 5.3.11

Now that we have done all the error estimates, we wish to point that for s strictly smaller than r, it is possible
to obtain a rate of convergence, that would depend on s, the chosen cutoff range 6, as well as the rate of
convergence of the discrete initial data/forcing and noise damping towards their continuum counterparts.
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6 Proofs of the Main Results

In this chapter we are finally combining all the existence results, representations, decomposition
results and estimates, done in the previous two chapters, into the lemmata proving our main results.

6.1 Deterministic Proofs

Lemma 6.1.1
Under the assumptions of Theorem 3.3.1with D = p,A, for some constant p, > 0, for every s <r (EQ1)

has a unique mild solution u € H**™(T1), (DEQ1) has a unique mild solution Xy € h5+m(Q?\,)f0r every
N € N and for every T > 0 we have:

~ 2 N—oo
”” - XNHC([O,T],HSW(W)) -

and
N—oo

“atu_al‘XNt“é([O,T],HS(Tq)) — 0

Proof
The existence of unique mild solutions follows by Corollary 4.2.4 respectively Corollary 4.2.7.

Consider
o _XN“é([O,T],HSﬂn(TW +0u-2a XN”C ([0,T},H=(T9)) "

Let ¢ > 0. By Lemma 5.1.1, Lemma 5.1.3, Lemma 5.1.4, Lemma 5.1.6 and Lemma 5.1.7 we get

”” XN”C[OT]HS*"’"JW +||at“ aXNHC[O,T],HS("JT‘i))

2
ug) _(Xn,0
< sup s o))
t€[0,T] ur) \Xno H+m (T9)x H (T4)
+ sup Jts (t t’)( 0 )dt’ 2
3~ ’ £
tE[O,T] 0 f(t 4 ) - fN(t/’ ) Hs+m(’]1"1/])><HS(’][‘q)

2

+C sup ||(S5(t) - S 5(£))P¢

[0.T] ”1: (Hs+m(T)xH' (T1))

8
Xle Hstm(T9)xH5(T9)
~ 2
X
ayLl N,0
(P(S ) (XN 3)

T
" CJ;J t:[lé,%] H(S3(t )= Sﬁl]ﬁ(t “ﬁ (Hs+m(T9)xH (T1)) HfN |

T
' Cjo t:[lé,};]H(s3(t)_Sﬁ’3 ) [F—— 1l SRR

+C SLSPT] “53 S~f<l;,3(t)Hﬁ(Hsm(Tq)XHr(qrq))

Hs+m(T9)xH5(T9)

2

FS(T) ds

2
Hs(T4

| ds.
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6.2. STOCHASTIC PROOFS

By Lemma 5.3.10(iii) we find N; € IN such that

- 2
=~ XN 0 &
sup (33(t) - Sd Pa s+m r ( " ) <—-
t€[0,T] “ N el ”L e ) [\ X, Hs+m(T)xHs(T4) 6
for all N > N; and N, € IN such that
- 2
sup [|(S5(t) - Sg 5 companeptrcrny SUP LA ) < =
te[O,T]” N, 5t ”L (T)xH"(T9)) e[o.7] H HS(T) = 6

for all N > N,. Therefore we find N3 € IN such that the total of the remaining terms is bounded by
%s, for all N > N3, and setting N := max{Ny, N, N3, Ny, N5, Ng} we obtain:

”u(r,x)—XN(T X) +||8 u(t,x)— 9. Xy Tx”C (0.1 <g,

2
”C([O,T],HS*"’("JT‘? JH3(T9))

for all N > Ny, thus proving the claim. [

6.2 Stochastic Proofs

Before we proof our stochastic results we will proof a Lemma that will allow us to reuse the
deterministic estimates for the deterministic part of the stochastic solutions, that is everything but
the difference of the respective stochastic convolutions.

Lemma 6.2.1

Under the assumptions of Theorem 3.3.1, let u € H*™(T1) the unique, stochastic strong, mild solution of
(EQ1) and for every N € IN* let Xy € hs+m(Q?\,) the unique stochastic strong, mild solution of (DEQ1).
Then for every i € {1,2, 3}, depending on the damping, T > 0 and every p > 1 we have and every & > 0, there
exists a Ny € N and a constant C(T,p) > 0, such that for every N > Ny:

s |12p s |12p
E [””XN||Lp([o,T],Hs+m(qrvz)) +|0ru - atXN”Lp([O,T],HS(T‘i))]
2p
fs,-(t—t’) 0 ) dW(t’,-)—JtSf\l, (t—t’)( 0 ) dBy (") dt.
0 G(t ) 0 A O(t ) Hs(’]rq)
Proof

Let v € H**"(T1) the unique mild solution of (EQ1) with ¢ = 0 and for every N € N let Yy € h**"(Q])
the unique mild solution of (DEQ1) with ¢ = 0, then we have by triangular inequality and monotony
and linearity of the expectation:

TE
sj ~+C(T,p)E
0 2

E [H” _XN”ii([O,T],HW”(TI)) + ||at” - anN”ip [0,T],H5(T )]

<C(p)E [“7’_ YN‘EZ([O,T],H”’"(I‘I)) + ||8tv(r, - YN” ([0, 7] Hs (T4 ))]

' . ’ 0 ’ cd ’ 0 ) ’
[Ty awiea- [ st ue=01(, 0y auee

By then Stochastic Fubini Theorem we can exchange expectation and the L,-norm and obtain:

2p
+C(p)E

Ly([0,T),H¥(T9))

t , 0 ) , t"’d , ( 0 ) ~ ) 2p
C(p)E S;(t— n| AW, ) — | Sy i(t— | dB ,t
(p) L (t t)(a(t) (t',-) J; Ni(t=1) a(t') N(t) L, (0,T}HE(T7)
T t 0 t N ~ 2p
SC(T,p)J; E L S;(t—t )(G(t’)) dW(t,-)—JO SN'i(t—t )(a(t’)) dBy(t,-) Hs(w)l drt.




CHAPTER 6. PROOFS OF THE MAIN RESULTS

Furthermore as v and (Yy)nen are deterministic we can drop the expectation and estimate
[HV YNHL ([0,T],Hs+m(T4)) T 0w~ YN“L (0.T Hmrq))]
:HV_YN” ([0, T],Hs+(T4)) +||8tv J YNHL ([0,T],H5(T4))
R (U DR  |

By Theorem 3.3.1 we now find Ny € IN such that for every N > N

c(T.p) [”v B YNHE([O:T]’H””‘(W)) * ||9tv B atYNHé([O,T],HS(qrq))] < g’

thus proving the claim.

Now once again we proceed to prove our stochastic continuum limits in order of increasing damping

strength.

Lemma 6.2.2

Under the assumptions of Theorem 3.3.1 with D = pAy 4, for some constant p, > 0, for every s <r (EQI)
has a unique stochastic strong, mild solution u € H**"(T1), (DEQ1) has a unique stochastic strong, mild

solution Xy € h5+m(Q?\,)for every N € IN and for every T > 0 and every p > 1 we have:

N—co

~ 2
E [”” ‘XN||LP<[0,T],H~<+M<W>)] -
and

] N=.

[Hafu aXNHL ([0,T],H3(T9))

Proof

The existence of unique stochastic strong, mild solutions follows by Corollary 4.2.3 respectively

Corollary 4.2.6.

Now we consider

S P R |ty

Let € > 0. By Lemma 6.2.1 there exist a C(T,p) > 0 and Nj € IN such that

[”” XN“L (0T} Hs+m(Ta)) * Haf“_atXNpHLHS(W)([O'T]') ZP]

<& C(T,p)jTIE jt83(t—t’)( 0, ) dW(t’,~)—Jt§d (t—t’)( 0, ) dBy(t,) i ldt.
5 0 0 o(t)) o N3 o(t) HS(T4)
Now by Lemma 5.1.5 and Lemma 5.1.8 we have
T t 0 ) t~d 0 o 2p
J; E J; S3(t—t )(a(t’)) dW(t,.)_L Sna(t—t )(a(t’)) dBn(t,") HWJ dt

2p

T t
sfo E L (S3(t—t")=Sg 5(t—t)Pfa(t') dBy(t',)
T
E
g

T
+JIE
0

dt
Hs+m("ﬂ“q)><Hs("ﬂ“q)
2p

t
fo (S3(t— )= S8 5t~ )(POY o(t') dBy (',

d
H+m(T9)xH3(T1)
2p

t [ 0 N Ry
| PR N

dt
HS(T9)xHs(T9)
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6.2. STOCHASTIC PROOFS

by Ito-Isometry and Lemma 5.3.10 we find N; € IN such that for ever N > Nj:

T 2p
j E dt<£,
0

H+m(T9)xHS(T1) 6
by Lemma 5.2.6 we find N; € IN such that for ever N > N,:

T
[ e
0

and by Lemma 5.2.3 we find N3 € IN such that for ever N > Nj:

T
[ e
0

Thus for every N > max{Ny, N1, N, N3} we get:

t
L (S3(t=1t') =S 5(t—t")Pfa(t') dBy(t',)

t
L (S(t— )= 58 5(t— )P o (') dBy (',

2p
}dt<E

Hs+m(T7)xHs(T9) 6

! 7 0 ’ D 7
[ 51002 o) w02 B

2p
ldt<£.

HS(T9)xH5(T) 6

E [“” - XN”Z([O,T],H””’(T’?)) + ”af” h anNllii([o,T],HS(W»] <&
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Part 11

Nonlinear to Linear Continuum Limit
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7 Scaling of the Non-linear Term

In the second part of this thesis we want to study the limiting behaviour of semilinear discrete
equations, that is we will add a non-linear function in X to the right-hand side of (DEQ1).

I Xn(t,1) = AgnXn(t1) + 0Dy Xn (1) + by (Xn, N) + fy (1) + o (B (1), (t1) € R, x QF,
XN(0,-) = Xn,0(*), in QY
9:Xn(0,) = Xn 1 (), in Qf,,

(NLEQ1)

where the new part by(:) is a scaled non-linear function, that is the combination of a N-dependent
scaling function and a polynomial, that does not directly depend on t.

(Al) Uy, Uy € Lz(Tq), and f € C(H{Zo,Lz(Tq)).
(A2) For every N € N* we have XN0 XN,1 € lz(QIq\I), v € C(Rsg, lz(QIq\I) such that

~ N—oo
XN,O —> U in L2(Tq),

~ N—oo
XN,I — U in Lz(Tq) and

Ao N2 £ in C([0,T] Ly(T%) VT > 0.

To treat these equations we will employ a technique similar to the renomalization scheme developed
for the continous stochastic wave equation (see for example [GKO18a] or [GKO18b]), but instead of
adding a divergent (time-dependent) constant, we reign in the non-linearity by dividing through an
appropriate scaling function (in N), such that the non-linearity collapses into a linear expression
in the limiting equation. As in the continuous case the ability to implement this renormalization
scheme on an algebraic level limits the choice of admissible non-linearitys to polynomials and
trigonometric, hyperbolic and exponential power series, though the later won’t be covered here as
their treatment requires some more control on the dependency between the monomial powers and
their renormalization constants.

As we lack any a priori knowledge on the solutions (Zy)yen of our non-linear equations NLEQ1, in
Section 7.2 we will turn back to the linear solution (Xy)yen of DEQ1 and the scaling of (b(Xy))nen'),
that is the linear solution under the N-independent non-liner part of by, as a reference point. Finally
in Section 7.3 we will investigate the difference between the linear solution, that by the previous part
converges to our expected linear continuous limiting equation, and the non-linear equation, under a
stronger scaling than the reference value.

7.1 Moment Bounds for the Linear Solutions

In this section we will collect some useful estimates on the pseudo-covariance of the linear
continuous solution, that we will frequently use when determining the scaling of (b([Py#])))nen+-

1) Though, as they are interchangeable, by the theory for linear equations we will actually use (b([Pyu]))NeN in our

computations, as its symbol immediately gives us the scaling in terms of a hyperharmonic series.
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7.1. MOMENT BOUNDS FOR THE LINEAR SOLUTIONS

Where u is a solution of the continuous stochastic equation

dpu(t,x) = Au(t,x)+ Du(t,x)+ f(t,x)+ o (t)W(t,x), (t,x)eR, xTY,
u(0,-) = ug("), in T, (LEQ1)
d:u(0,-) = uy(-), in T4,

Remark 7.1.1
At this point it is good to remember that the polynomial p(A,-) and its square root can, and in general will,
take values in the complex numbers.

Lemma 7.1.2 X
Let u a solution of (LEQ1), N e N* and k € Q?\, Nsupp(p(A, k)), then

IE[|uk 2] J’|smh ((t-5s) \/)|A Lk))I? s

and for k & suppp(A, k) we have
Elug(t)] = £°.

Proof
First we note that for k ¢ supp(p(A, k)):

t
U (- 5) dBols)
0

E[luo(0)P] =E

2 t
}Thm%llOJ‘ (t—5) ds = £,
0

And k € Q?\, Nsuppp(A.k) we have:

t sinh((f - s)\/p(A K 2
]E[luk(t)|2] -E L Sin ((t p;{)q If)( )) dﬂk(s) jl
Thm2.210 (" |sinh((t —s)y/p(A, k)
= pAR

To further estimate this the following bound on the real part of \/p(A4, k) is needed, as its boundedness
ensures that the hyperbolic functions appearing in our solution stay bounded.

Lemma 7.1.3
Under our general assumption (A3) there exist a C > 0 such that for all k € Z1:

0 <|Re+/p(A, k)| <C.

Proof
Let p(A, k) = ay + iby € C then the real part of its square root is given by

,/ai + b,% + ay
Re+/p(Ak)== —

depending on our choice of square root. But now for every ¢ > 0 there exists an N(¢) € IN* such that

for ever k outside [-N(¢), N(¢)]1 we have
A /ai + blf + ag

2
as by our general assumption (A3), there exists an Ny € IN* such that a; < 0, for all k > Ny, and

<g,

by k
220,
Ay
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CHAPTER 7. SCALING OF THE NON-LINEAR TERM

Now we can derive the following bounds.

Lemma 7.1.4 X
Let u a solution of (LEQ1), N e N*and k € Q?\, Nsupp(p(A, k)), then there exist C1(T), Co(T) > 0 such that

2
Cl(T)L sinh?((t —s)Re/p(A, k)) +sin?((t — s)Im+/p(A, k) 5<]E[|uk(t)|2]

Ip(A, k)l
and
Cz(T)'[ sinh?((¢ - s)Re y/p(4, k) +sin’((t - s)Imy/p(4 k)
0 Ip(A, k)l
Proof

Expanding the complex sinh we get

|sinh((t —s)y/p(A, k)I?
—smhz((t—s)Re\/p(A k))cos?((t —s)Im+/p(A, k)) +cosh?((t—s) )Re+/p(A, k))sin?((t —s)Im+/p(A, k))

As 0 < cos?(x) < 1 for all x € R and cosh?((t —s)Re \VP(A, k)) stays bounded on [0, T], for every T > 0,
by Lemma 7.1.3 we get the claim. [ ]

Lemma 7.1.5
For NeIN*, ke (Q?\] Nsupp(p(A, k) \ [-No, No + 111 there exist constants Cy,Cp > 0 such that

( t t3) t sin(2tIm+/p(A, k)) ( t t3)
C )< <G, +—|.
Ip(A, k)™ 2lp(A k) 4\/p(A, k)2 Tm+fp(A, k) [p(AK)™ 6

Where Ny denotes the cutoff from (A3.3).

Proof
For k € QIZ\, such that [\/p(A, k)| < % we get from the power series of sin(x) the existence of constants
Cl, Czi

o)

t
6;

t sin(2tTm+/p(A, k)) ] ¢,

t
Y6 = [2|P(A,k)| 4\/p(A, k)P Tm+/p(A k

while for k € QN such that [Tm+/p(A, k)| > 5; usmg |sin(x)| < 1 we find constants C;, C,:

t sin(2tIm+/p(A, k)) <o ( t )
h [p(A k) )

A t
“ ( Ip(A, k)l ) : (ZIP(A,k)I - 4\p(A, k)2 Tm+/p(A, k)

Now by (A3.3) we get with possibly different constants C;,C,:

t sin(2tIm+/p(A, k)) ) é(l(t ) C( t )
14

N t A t
Cil——]<¢ <
lmW)lw%W)&WMHM@AWMWAk AK) EZ

The claim follows by choosing C; := min{C;,C;} and C, = max{C,, C,). [

Lemma 7.1.6 R
For NeIN*, k e (Q;I\, Nsupp(p(A, k))) \ [-No, Ng + 1]7 there exist constants Cy, Cy > 0 such that

c ( t t3)<[ t sinh(2¢tRe+/p(A, k)) ]<C ( t +£)
Nlpa o 2(A K A oA R Rep AR ) \pAK 6 )

Where Ny denotes the cutoff from (A3.3).
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7.1. MOMENT BOUNDS FOR THE LINEAR SOLUTIONS

Proof
For k € QN such that /p(4, k)| < 2t we get from the power series of sinh(x) the existence of constants
Cl/ C2

¢, t3 t sinh(2tRe+/p(A, k)) < t3
6 “\2p@ K " oA DERe o AR) ) 26
while for k € QIZ\, such that |Re+/p(A, k)| > %, using that by Lemma 7.1.3 the real part of /(p(A, k) and

therefore [sinh(2tRe y/p(A, k)/(Re/p(A, k)) is bounded by a constant C(T) on [0, T], we find constants
Ci(T), Co(T):

C(T)( 1 )<[ t sinh(2tRe+/p(A, k)) ]séz(T)( 1 )
Ip(A, k)l 2|p(A, k)| 4|,/ (A, k)|2(Re~/p(A, k))

Now by (A3.3) we get with possibly different constants C;,C,:

C(L)«:( t )<[ t sinh(2tRe+/p(A, k)) <é( t ) c(t)
Wik )= =N ip@ k1) =\ 2@ 01 4 ypa 0P RevpAR) )~ \ip(AK)] e[

The claim follows by choosing C;(T) := min{C,(T),C;} and C,(T) := max{C,(T), C,}. [
Now we combine the previous results into their final form.

Corollary 7.1.7
Let u a solution of (sSSWEQ) and N € IN*, then there exists constants C1(T), Co(T) >0

t Z K 2+83+1]< ZJE[|uk(t)|2]sc2(T) tZ(k)_2+t3+l .

keQY ) ke, keQl,

Proof
Let Ny be the cutoff from (A3.3), then there exist constants C;(T) > 0 and C,(T) > 0 such that

CUT) < ) E[lu(t)P] < Co(T).
ke,
Now using Lemma 7.1.2 and further expanding using Lemma 7.1.4

.r sinh?((t —s)Re\/p(A, k)) e e t sinh(2tRe/p(A, k))
0 Ip(A, k)l 2|p(A k)l 4|\/ (A, k)|2(Re~/p(A, k))

and

Jt+sin2((t—s)1n1\/p(A,k) s — t _sin(2tImyp(A,k))
0 Ip(A k)l 2p(A K] 4 p(A )2 TmAp(A k) )

Bounding everything using Lemma 7.1.5 and Lemma 7.1.6 we obtain the claim, by noting

Y B[] < ) E[lut)P]

keQZ, 7 keQIq\]
and applying all the previous estimates together. ]

Finally we will give a moment bound, that uses a worst case estimate, to create a shift back to the
Sobolev norms in the odd power cases.
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Lemma 7.1.8
Let u a solution of (LEQ1), N e Nand a € Q?\, then there exists a C(t) > 0:

Y B[Py (B g (k- )] < CH) Y (R TE[lu(0)?]:
ke, keQ},

Proof
Firt we note that by Lemma 1.2.55 there exists a @ € Z9 such that k — @y € Q?\, and

[Pnu(t)]n,q(k —a) = [Pyu(t)]n,q(k = d)-

Now we decompose the left hand side of the claim as follows:

Y E[ I[Py ()] g (k- )]

keQ,
=) e IR E [l (P ]+ ) Lggappayy (0) "B [lgg (]
keQ?\, keQ?\,

For k : [k| > |k — ai| by

<k>_2rIE[|uk—dk(t)|2] < (k- dk>_2r]E[|u(k—dk(t)|2]’
we obtain

D Lkizk-ah (Y 2 E [l (DP] € ) Tmpeayy (), = i) "B [lug_g, (1))
keQl, keQl
By setting k’ := k — @ we estimate:
Y Lkisiap (RIRY T E [Jux g, (1)
ke,
< Z Tyjk+ap=pen (K + dk)<k/>72rlE[|“k’(t)|2]
ke,
< ) D E[lue (9P
Kedl,
For k : |k| < |k — @;| we use Lemma 7.1.5 and the explicit form of the Fourier coefficients.

(i) For |k —ay| €0, %], by Lemma 7.1.5, we find constants C,C > 0 such that

E |-, (D] < C#> < CE[lug (1))

(i) For |k — | € (&, 00), we find C > 0 and k(t) € QY such that [k(t)| = c[%} this yields:

t3 = Ctz[iw2 ! 5 < Ct[ihE[luk(t)(f)F]:
2t C[%-‘ 2t

and by Lemma 7.1.5, we find new constants C, C(t) > 0 such that

Y Lty 51 (KIE) " E [l (1)P]

keQl,
o _2r,3
<SC ) Tppapag 00 Tap =€ D Likitc-amodyg 4 I8
keQ?\, kEQIq\J N

1

<C Z <o ? Ct[%}m[mkm(t)ﬁ] <Cr? [—T Z (k)_zr]E[|uk(t)|2].

- 2t &
keQl, keQY,
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Thus
D etk K B[l 0F] < € (¢ 57 +1) Y G0 B fluecor?]
keQl, keQY,

And together with Lemma 7.1.1

S RV E g, (0F] < c(t2 [}tf + z) S Ry E (1P

keQIqV keQIq\I

7.2 Scaling of linear solutions under nonlinearitys

By considering the moments of our linear solutions {Xy}nen+ we determine their scaling behaviour
as N tends to infinity. First we consider the toy case of a stochastic wave equation with a simple,
monomial nonlinearity, that is either quadratic or cubic. From the cubic case upwards, all degrees of
the monomial nonlinearity, require some combinatorics, that will be developed before we prove the
scaling results for a general partial differential operator A and all monomial nonlinearitys. Finally
we consider three different renormalization approaches for polynomial nonlinearities.

7.2.1 Scaling of a Simple Stochastic Wave Equation

In a first step we will consider the following stochastic wave equation without forcing and zero initial
data:

= q
{atu Au+W (t,x) eR, xT (SSWEQ)

M(O,') =0= 81‘”(0"):

to better understand the interaction between the non-linearity and the stochastic convolution

JtS(t—s) dW(s)
0

and how it is different from the interaction of the non-linearity with a deterministic forcing of the
same spatial regularity. We begin by introducing the following notation, that is motivated by the
multiplicative properties of multi-indices, that will help to keep the notation lucid, especially for
higher degree non-linearities, the iterated discrete convolutions lead to longer and longer products
of Fourier coefficients.

Notation 7.2.1
LetpeIN*, keZi, 1 CZ1, a,e(Z7) and {u}re; C C. From now on the following notations will be used:

p
o a(k):= [a,k— Zai],
i=1

_17P
P |

Lemma 7.2.2
Let u a solution of (LEQ1) ug = uy = f(t,-) =0 Yt >0, w(N,],q) the weight function from Definition
1.2.51 and a € (Z7)P. Then

(i) Uy =u_g,

(ii) wo(N,q) =w_a(N,q).

Proof
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(i) This follows as by the Definition 2.2 iy =u_; V k € Z1.
(ii) This follows as exp(x) = exp(x) Y x e C.

Definition 7.2.3
We define the dimension dependent scaling function B, : IN* — Rvia

L, q=1,
ﬁq(N) =1¢log(N), g=2,
Ni=2, >3,

forall N e IN*.

Theorem 7.2.4 (Critical Scaling for quadratic nonlinearities)
Let b(a) = a2, NeIN*, T >0 and u a solution of (sSSWEQ) then, for every t € [0, T], there exist constants
C1(9),C»(q) > 0 such that

CL@thy(N) + £+ 17 <[Pl (0D 1 | < Cot@eBy () £+ 1)2

Proof

We begin with the lower bound, where we use the lower bound for the norm weights to switch
to classical Fourier weights. Then we drop everything but the k = 0 term. Next we use that the
discrete Fourier transform behaves analogous to the continuous, i.e. it transforms multiplication
into a discrete convolution, to express everything in terms of the discrete Fourier coefficients. Now
we can replace the discrete Fourier coefficients by the continuous ones, at the price of the weight
function w.

3 A e
(1.2.6) _
SE| Y 0Pl k)P

| keQY,

> 1 By o0 P

2
—  d _ d
TEEOR || Y [Pyulng(t ) [Pyt g(t-a)
haeég
2
RN Y wao)(N. (o))
| |acOl
Using the identities
wa(O)(Nr q) :wa(N’ Q)w—a(Nr q) = |wa(N1 61)|2:
ua(O)(t) :ua(t)ufa(t) = Iua(t)lz
we obtain
2 2 2
E|| ) waoN,@ta(t)] [=E|[ Y waN,a)Plua(dP | |ZE|| ) lwa(N, )P lug(t)?
ang aeQ% angn

The right-hand side of the last inequality enables us to give a nonzero lower bound for the
absolute values of the weight functions and using the complex Gaussian distribution of the Fourier
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7.2. SCALING OF LINEAR SOLUTIONS UNDER NONLINEARITYS

coefficients and previously established covariance bounds we compute:

2
B[0Pyl gt D on, |2 Bl Y e NPl (o)
“GQ?V/Z
2 2 2
“é’s)c%m Z lug ()| | &> CE Z P S el Z (ay 2+t +1
ae@z@/z O‘EQ?\I/Z “EQ?\I/2
LA.4

> Ci()(tBy(N) + 12 +1)2.

Now for the upper bound we start with the upper bounds on the norm weights to switch to classical
Fourier weights though in this direction we get an additional prefactor. Next we use that the discrete
Fourier transform behaves analogous to the continuous, i.e. it transforms multiplication into a
discrete convolution, to express everything in terms of the discrete Fourier coefficients. Now we can
replace the discrete Fourier coefficients by the continuous ones, at the price of the weight function w
(note that by the periodicity of the discrete Fourier coefficients we can assume w.l.o.g. that

(k—a)e Q?\,). And compute similar to the lower bound

2
B[ loPwulyqt M g, |
(1.2.6) N d
< 107B| ) (k) Ib([Pyuly ot k) P
| keQf,
i 2
Thml.2.46 _ —F 4 — d
L0 Y (07| Y [Byuly,(ta) [Pyuly (k- a)
| keQY, aeQl,
i 2
L1.2.53,
=107 E Z(’er Zwa(k)(N’Q)ua(k)(t)
_keQIq\] aeQIq\]
_ 2 2
<I0E|| ) wao)(N, @ta@o)(t)] [+10727E| ) (k)| Y waq(N,@)tapo(t)
i aeQy; keQi\(0) aeQy;

While we treat the first term as we did for the lower bound we can’t simply drop the second term.
Instead we have to bound it by the first. In a first step we use the cancelations to get the absolute
value inside the sum, before bounding the weight functions

2 2
L0E|| ) waqo)(N,@)itaqo()] [+ 107l Y (| ) wage) (N, q)ttaqp (1)
| aeQ}; keQi\{0) aeQf
r 2
Lemma7.2.6
<TTI0E|| ) walNq)Plua (1)
|\aedl

+2(107)E Z (ky*" Z e k) (N, q) |t (£) Pt (D))

keQi o) acQf,
2
(1.2.5)
< U0E(| ) lua®P | [+20070E[ Y (T fua (0P luge-ay (B |
acd, ke \o)  aeQf,

82



CHAPTER 7. SCALING OF THE NON-LINEAR TERM

Now we bound |u(k,a)(t)|2 by the sum over Q?\, and use that r is chosen negative enough for the series
of Fourier weights to converge, and therefore can be bounded independent of N.

E| ) 0 ) laPluaP|[SE[ ) (7 ) luad ) lua(t)

keQi\{0} aeQy, keQi\ (0} acQ, aeQ};
2 2
< ) OTE|| ) lma®P | |=CE|| ) ()P
ke \(0} aed?, aeQ,

Inserting this into the previous estimate we obtain

2
2 2 2
Cor7.1.7
<CE[| Y lualP | [“EECE] Y jua(n)l <t Y @)y Par el
aeQl acQ, aeQl

LA.4
< Co(@)(tBg(N) + £ +1)%.

While we could also go for a straightforward computation for cubic non-linearities it is much more
convenient to already introduce a the tool we will use in the general case.

Definition 7.2.5
Let pe N and p € IN.

(i) We define the set of all p—tuples with p conjugate pairs as

M(Z9,p,p) =

a€(ZN :30€S,:a,-1(; = ~@o(peiy fori€ il pl,
PR N e gy, Vie(2ptl,ph\ i) forie(2p+1,..,p).

(ii) We define the matchfunction MS :(Z9)P —{0,1} via
Mg((l) = lM(Zq,p,ﬁ)(a)‘

(iii) The matchnumber 1i(a) of a € (Z1)P is defined as the unique number () € Ny, such that

i(a) = [p > My(a)] " ({1)).

With this we obtain the following computational properties that will allow us to compute or atleast
greatly simplify the expectations of product of Fourier coefficients.

Lemma 7.2.6
Let I ¢ Z9 and {uy}ie; a family of centered complex Gaussian random variables, such that E u]f =0and
uy and uj are independent, unless j € {k,—k}, with u_ = uy. Then we have for p € N* and ay, a, € IP:

(i) Ifm(ay) = m(ay) then E[uq, g, ] = 0.

(ii) If m(ay) = m(ay) = 0 then

IE[ual ua;] = {](]i[luallz]’ eElI:-e.e SP Cap= —0'(0(1 )’
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(iii)

E|| Y ual]m = ) E[ua, -

ai€lP aelP aelP

Proof

(i) W.l.o.g. we can assume mi(ay) > m(a;), we find ay; € Iﬁ(al),allz € Ip_zm(al),az’l e I"@2) and
apy € [P=2M@2) sych that w(ay ) =0=m(ay,), m(ay 1) =n(ay), m(ay,) =m(ay) and

_ — —_— _ 2 2
lE[ual uaz] _lE[ual,Lual,l ual,zuaz,1uaz,1uaz,2] - 1E[|u¢‘41,1| ua1,2|ua2,1| uaz,z]

Cor02.2.12
"oz C(p,al,aan[wal1|2|ua21|2]m[ua12ua2,2].
Now mi((ay,2, @,2)) < min{p — 2m(ay),p — 2m(ay)} = p — 2m(ay). Thus there exist i € {1,...,p -
27(ay)}, r(i) €N, a(i) € I and d@(i) € [P~ @2)=7e)- 7( such that u,(;) and ug(;) are 1ndependent
and

UayUay, = Ui Hali)y

with this and Corollary 2.2.12 we compute
C(p' al’ az)IE [|u0(1l1 |2|u0(2)1 |2] E [”allz uazlz]

:C(p, aq, az)IE [|1/la1’1 |2|u0¢2,1 |2] E [ud(i)] E [u;((li))] =0,
——
=0
where E [u;((ii))] =0, as it is complex Gaussian with pseudo-covariance 0.

(ii) If there is a 0 € S, such that @; = —o(ay) then

]E[ua1 uaz] = IE[ua1 u,g(al)] = IE[ua1 ug(al)] = IE[ualu_al] = ]E[|ual |2].
If there exist no such permutation, we find a & € I such that
Ay =Ho({i (a1)i}) = Ho({i (a2)i}) = A,.
Let 01,00 € Sy : 0i(a;) = (a,...,a,%...,*) and define @; such that o;(a;) = (a,...,a, &) fori = 1,2.
S— —
A; Aj
Then assuming w.l.o.g. A; > A, we compute, using Corollary 2.2.12 respectively independence:
E [ual uazl = [uo"zl ud2(|ua|2)Az (g )AI_AZ]
=C(p, a1, @) [ug, ttg, | B[ (1ual?)*2 | B[ (ug) 42| = 0.

—————
=0

Again [E [(ua)Al’AZ] =0, as it is complex Gaussian with pseudo-covariance 0.
(iii) Follows by (ii) and linearity of the expectation operator.
|

Theorem 7.2.7 (Critical Scaling for cubic nonlinearities)
Let b(a) = a®, N e N*, T >0 and u a solution of (sSSWEQ) then there, for every t € [0, T, exist constants
C1(9),C2(q) > 0 such that

CL@NEByN) + £+ 1R [Pyt () | < B[0Pt

2
hr(QY)

and

[ lo(Pwlyqt )]

gt | £ Co@BN) + £+ D[Py |
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Proof

As usual by now we begin with the lower bounds. First we switch to classical the Fourier weights.
As for the higher even powers iterating Theorem 1.2.46 and using Lemma 1.2.53 we express the
discrete Fourier coefficients by their continuous counterparts (again we can w.l.o.g. assume that
(k—a; —aj) € Q?\] by periodicity of the discrete Fourier coefficients).

i 2
E||[b([P t,-
|| ([ NM]N,q( )) hr(Q?\l)]
(1.2.6) S d
> E| ) () Ib([Pyuly q(tK) P
[keQY
i 2
Thm1.2.46 - 4w d _— d
"=TTE Z(’er Z [Pyulng(tar) [Pnulng(t @) [Pnulng(tk—a) —az)
| keQ ae(Qf)?
i 2
L1.2.53
ZVE| ) 07| ) wag (N, q)iaq (t)
| keQY ae(Qy)?

Using our match function we compute:

[ 2
E Z(k)zr Z Wa(k)(N,q)ta k) (t)
»ke(j?\, ag(Q])?
: 1 ,
=E| ) (7] ) ) M(@(k)wage (N, )taq(t)
| keQY, ae(Qh)2v=0
[ 2
Lemma7.2.6 r
EPEORLY R Y M (@(k)wa (N, q)itage(?)
| ke ae(Q))?
2
FE| Y 07| ) M(@(k)wag(N, g)aqo(t)
keQIq\] oze(QIq\,)2
>0
2
>E| Y 07| ) M(@(k)waq(N, g)uau(t)
keQl, ae(Q])?

Now we use that for « € M(Z1,3,1) we have (with some a’ € Z1)

wa(k)(Nf q) :wa’(Nr Q)wfa'(N; q)wk+a’—a’(Nr 61) = |wa’(Nf q)lzwk(Nr CI)’
ua(k)(t) :”a'(t)u—a'(t)ukJra’—a’(t) = |ua(t)|2uk(t)’

therefore we get, factorising the double sum using stochastic independence respectively Coro2.2.12
and the lower bound on the weight function (omitting all non-negative terms for which the weight
drops below the threshold chosen by us) we compute:

2

E| Y (07| Y M@k wa (N, q)ua(t)

keQY ae(QY)?
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2
=C(3,1)E Z<k>2’ Y Twar (N, )P wi(N, )lug (P ue(1)
keQd, a’eQl,
2
Cor2.2.12
TEVCE| ) wNm ) Plun(t) | E| ) (R Tw(N,k )ui (1)
»meQ?V keQIq\]
2
(1.2.5)
> CE Z |14,y ()| IE[“PN/ZM‘Hr(Tq)] (7.2.1)
[meQ/,
By Corollary 7.1.7 and the lower bound from Lemma A.4 we get
2 2
Cor717 ¢ LemmaA.4
E| ) lum(®)P Z @72 +241 T Cula)tpy(N) + £+ 1),
meQ, aeQl

which gives the claimed lower bound when inserted in (7.2.1).

Now for the upper bound we begin by switch to classical the Fourier weights. As for the
higher even powers iterating Theorem 1.2.46 and using Lemma 1.2.53 we express the discrete
Fourier coefficients by their continuous counterparts (Again we can assume (k—a; —a;) € Q?\]).

(1.2.6) —
[ R A = T I RO e I T

keQ?\,
2
Thml.2.46 _ — 4 —, 4 —
202l ST | Y (Bl ) (@) Bl () (@) By ulng () (k- @y — )
»keQZ, ae(Qf)?
r 2
FEPI0VE| Y 07| ) wap (N, @)uagp ()
| keQY, ae(Q)?

Next we use our match function to sort out the highest match number terms that give us the scaling
and everything else:

LB Y (| ) wa(N,@)tago(?)

»keQZ, ae(Qf))?

1
=1077E| ) (07| ) ) M@k waqe (N, q)uaq ()

_keQi, ae(Q])2v=0

2

Lemma7.2.6

1072'E Z(k)” Z M3 (a(k))wa(e) (N, q)tta(k(t)

_keQZ, ae(Q])?

FLOE| D)) M3k (N, a)uag (1)

keQ, ae(Q])?
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By (7.2.1) but with the upper bound on the weights we obtain

2 2
(1.2.5)
El Y & ) M(a(k)wapN,Qia(®)| | < CE| Y lum(®| B[Pyl

kedf,  |ae(@lr meQl

For the second term we show that it indeed is controlled by the highest match number term:

2
E| ) (07| ) M(@(k)wa(N,q)uauw(t)
_keQZ, ae(Q)?
L7.2.6
ZOE[Y RTY ) lua (OPluey (P, ey ()P
| keQly a1€Ql\(k) a2€Q \ (k1)
Cor2.2.12
B e Z<k>2r Z X [l (1)1 B [ty () | [ty a0 (£)F]
ke, a QI k) axe0f \kay)
L718
Z<k>2f YooY B[l 0P| B[luay ()] [lu(1)]
keQy  meQ\kapeQi \kan)
<C Y ® Y B[l P | B[lnay ()P | E[li(1)P]
keQ?\, aleQIq\,azeQ?\,
2
Cor2.2.12
TECIE Z (O || B[Pyl -
meQY,
Therefore
2
IE[Hb([PNuJN,qu,-)) (! ]<c E Z ()P | E{I1Px el (7.2.2)
meQN
Now by Coro 7.1.7 and the upper bound from Lemma A.4 we get
2
Cor717 G LA.4
E| ) lun(t)P X<a> +P41| S Clla)(tpy(N)+£2+1),
meQ?\, aeQN
which gives the claimed upper bound when inserted in (7.2.2). [

7.2.2 Renormalization Scaling for General Non-linearities

As we now return to the general case we will see the full usefulness of our match function in dealing
with the combinatorics arising from higher pseudo-covariance moments of our linear solution.
While the computation of the linear solutions quadratic and cubic powers, pseudo covariance,
could be performed directly?, as we were in a binary situation of there either being a pre-existing®
complex conjugate pair, of Fourier coefficients, in the summand or not, for higher monomial terms
both the potential number of conjugate pairs, as well as the combinations of Fourier coefficients that
can produce them, increase drastically necessitating a slightly more sophisticated bookkeeping.We
also need to adjust our scaling function f to account for the more general order of our differential
operator A.

2)
3)

though we already committed to use matching for a more convenient and lucid notation
That is without the complex conjugation of the pseudo covariance
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Definition 7.2.8
We define the dimension and parameter dependent scaling function B, ,, : N — R via

1, q<2m,
ﬁq,m(N) =<{log(N), q=2m,
NI=2m  g>2m+1,

for all m, N € N.

Monomial Non-linearities

We begin with with the monomial non-linearities as they are the building blocks of all further
non-linearities for which we can implement our renormalization scheme.

Theorem 7.2.9 (Critical Scaling for higher even powered nonlinearities)
Let b(a) = a®?, p,N € N, T > 0 and u a solution of (LEQ1), with 0 = uy = u; = f, then, for every t € [0, T},
there exist constants Cy(q), Co(gq) > 0 such that

C@)tyn(N) + £+ 1) < E|[b([Pyul (1) < Co(@)(tpgm(N) + £+ 1),

:|
Pr 001

Again we begin with the lower bound. Iterating Theorem 1.2.46 and using Lemma 1.2.53 we express
the discrete Fourier coefficients by their continuous counterparts.

B[P ehnq () o, |
PETR| Y IRl (P
ke,
2

Thml.2.4 r
S Bl R ) . warN e ()

L1.2.53 - L
ke, ae(Qf) !

In a first step we again drop all terms except the one with k = 0, as those can’t contain the maximum
number of matches, that is p matches.

2

E| Y 07| ) wag(N,)uiag(t)
»keQ?\, ae(Q])2!

2

>E Z Wa(0)(N,q)ta(0)(t)

[ |ae(@})!

In the next step we use our Match function to further filter out everything that doesn’t contain p
matches:
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2
Lemma7.2.6

p
E[) | ) M(@k)wao N 9uae)?)
v=0ae(@d)>!
- 2
SE| ) M (@(0)wau(N. et

[ |ae(QY)?P!

Finally combining the conjugate pairs into squares of the absolute value we obtain
2 |2
2
E|| ) M (@k)wapnNquag )] |ZE[[l D walN,gPlua()
ag(Q})*! aeQy,

With the inequality being only due to the fact that we dropped terms such that we now can use
this bound to continue our previous estimate and get rid of the weight functions by using a nonzero
lower bound on their absolute values to proceed as in the quadratic case, with the constants now
depending on p due to the moment change with Corollary 2.2.12:

2p 2p
(1.2.5)
IE[llb([PNulN,qu,-)) ,i,(Q?V)]zm Y lwalN,q)Plua () > CyE|| ) lua(t)P
aeQZ,/z ozeQA?\,/2
2p 2p
C2RepE| Y | E |t Y (@t
aeQIq\//z c(EQ?\I/Z

> C1(p,q)(tBy(N) + > +1)%P.

For the upper bound we start as for the lower bound only with the inverted inequalities and
corresponding changed prefactor

E|||b([Pyuln,q(t)
|

2
wQZ,)]
Corollary1.2.57 .

<0 E] Y 0B ) (R
| ke,
2
Theorem1.2.46
Lemm;1.2.53

107¥E Z<k>27 Z Wa(k) (N, q)tta(k) (1)

| keQY, ae(Qf) !

Now we use our Match function to split of the terms with p- matches that give us our scaling and a
remainder term we have to control by the p match terms.

2

E Z<k>2r Z Wa(k)(N, q)ta k) (t)

| ke, ag(Qf)w1

[ p
=E| ) 0] Y ) MP(ak)wa(N,q)ua(t)

kGQ?\] ae(Q?\])Zp—l v=0

p
Lemma?. 2.6 Z<k>er Z M (a(k))wagey (N, @)oo (t)

kel V0 ae(Q) !
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2

(k) (N, @) ua k) (£)

=E| ) (k)

keQl,

Y M@k,

ae(Qf)!
p-1

+E Z(k)Z’Z Z pr(a(k))wa(k)

kel v=0|ae(@f)-!

(N, q)ua ) (t)

First note, again because p- Matches are only possible if k = 0, we have

2
2
E| Y 07 Y M (@k)wag(N, @)ttag(?)
| ke, ae(Qf)!
r 2
2,
=Bl ) My (@(k)wau(N, Q)ttagp(t)
ae(QF)%!
P2
=E||| ) wa(N,q)Plua(t)?
[ [\acOy
2p
Cor2.2.12
TEVE|| Y wa(N,q)Plua ()
el

Now we only need to bound the terms with less conjugate p
way we did for the quadratic case.

airs to complete the proof in the same

2
p-1
2
E| Y 07) | ) M (@) wag (N, q)uaq(t)
_keQ?V v=01ae(Qy)?!
2v 2
~E Z<k>”Zc pv)| ) (N, m,q) Pl (0 > () (N, )it 1 (1)
kqu V= nlequ\, aye(Q?\l)Zp—l—ZV
2y 2
C2.212 ,
Yk ZCPr Y N m )Pl (e || B () (N, )tk 1 (1)
keQl, | meQ, ] i a,e(Ql)2p-1-2v
12v
L726
Z<’<>”ZC pVIE|[ Y N m PP || Bl ) wa,i(N@)Pla, s (B -
keQd, v= | \med], | o, €(Qf))2P-1-2v

Now we use (again bounding |u o ( t)|? by the entir
aj)

(k=12
assumed in QA?\J by periodicity)

2p—2v— .
e sum, as k — Z P oc]- can again be

E Z W, (1) (N, @) |t (k) (1))
avE(Q?\,)Zp—l—ZV
<E| ) (wa, (N, )Pl (¢ Z [w(N, m, )it (1)
a,e(Qf)r1-2v meQf
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to compute (i.e bounding all lower match expressions by the highest possible number of matches)

2
p-1
2
E| Y 07) | ) M (@) wag (N, q)uaqp(t)
keQl, v=0|ae(Qf)2!
Cor2.2.12 p-l ¥
orz.z.
<N Y ClpmE|| Y (N, g)P (1
keQ?\] v=0 meQIq\]
- 2p
<CP)E|| ) [w(N,m,q)Plun(t)
(e,
2p
(1.2.5)
< CRE| ) lua(t)?
aeQl
Plugging this into our original estimate we can compute
2
B[ loPwlygt M g, |
2p 2p
Cor7.1.7 LA.4
<COIE| Y | < Clpa|t Y (@241 TS Colp,q)(thy(N)+ £+ 1)
aeQf, aeQ};

Theorem 7.2.10 (Critical Scaling for higher odd power nonlinearities)
Let b(a) = a®**!, p,N € N, T > 0 and u a solution of (LEQ1), with 0 = uy = uy = f, then, for every
t € [0, T], there exist constants C1(q), C2(q) > 0 such that

C1(@)(tBgm(N) + >+ 1) [l)PN/zu(t,»! fmm] = IE[Ilb([PNuJNW->>||ir<Qg)]

and

E{[o(Py gt D] o, | < Col@tByn(N) £ 4 P[Py |

Proof

Again we begin with the lower bound.After the usual switch to the classical Fourier weights we
iterate Theorem 1.2.46 and using Lemma 1.2.53 we express the discrete Fourier coefficients (after
replacing them by their copy in QZ] by periodicity of the discrete Fourier coefficients) by their
continuous counterparts:

O]

SB[ Y R Pul() (RP

_keQ?\]

Thm1.2.46 ,
=2R Z(’QZ Z Wa(k) (N, q)ua(k)(t)

11.2.53 _ _
| keQY, ae(Ql)%

2

Now we drop all the terms with less than p conjugate pairs, using our Match function:

2

E Z<k>zr Z Wa (k) (N, g)ta(k)(t)

keQl, ae(Ql)?
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[ P
=E| ) | ) 0Mﬁ”“(a(k))wa<k><N,q>ua<k><t>

hkeQAIq\, ag(Q])»v=

p
YRR Y w0y | Y M @) wagy (N, @)

keQl, v=0|ag(Q])?

2

>E| ) (07| Y M (@(k)wage (N, )ttao(t)

»keQA?\, ae(Q)%

Analogous to (7.2.1) we factorize the multi sum and use a lower bound on the weight functions
(dropping the terms where the bound doesn’t hold)

2
2p+1
Bl Y 0 Y M (@) wau(N, @)ttag (t)
keQl, ae(Qh)%
p 2
=Cp+LPE| ) (|| Y lwa (N, @)Plua (D) | wi(N, que(t)
keQd, a’eQl,
- 2p
Cor2.2.12
TEVCE| ) N m )Pl | B[ ) (N, k g)ui (1)
»meQ?\, keQIq\]
- 2p
(1.2.5) )
> CE Z |1, (1)) IE[||PN/2u|Hr(m)]. (7.2.3)
,W‘EQ?\I/Z

Putting everything together we get the claimed lower bound.

For the upper bound we once more iterate Theorem 1.2.46 and use Lemma 1.2.53 to express
the discrete Fourier coefficients (after replacing them by their copy in Q?\, by periodicity) by their
continuous counterparts:

JE[“b([PNu]N,q(tf)) Ii’(Q}@]

(1.2.6) S
< 1077E| ) (0¥ Ib([Pyul gt ) (0P
_keQAi,
[ 2
Thml.2.46 . _op 2
s 0 E Z<k> Z W (k) (N, G) g ) (1)

| keQY, ae(Q)?r

With our Match functionwe identify the leading order term, and those that need to be bounded by
it:

2

E| ) 07 ) wag(N,q)uau(®)

| keQY, ae(Qf)?

P
=E| ) (0] ) ) M @) wa(N, g t)

| keQY, ae(Q])z v=0
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2

P
VOB ) | ) M @) wa (N g)ian ()

keQY, v=0lac(Q})?
2

<E[ ) 07| Y M @) waw (N, q)itage(®)

| keQY, ae(Qh)%

+E Z<k>2fz Y M @) wage (N, q)ttago ()

keQf, v=0|ae(Qf)?r

Analogous to (7.2.3) we compute with the upper bound on the weights

2 2p
(1.2.5)

E| Y 0] ) M alk)wap(N, Quap(t)| | < CE me Pl E[IPyulle s

keQ?\l ae(QqN)ZP meQN

Now we only need to bound the terms with less conjugate pairs to complete the proof in the same
way we did for the quadratic case. In a first step we use the existing matches and Corollary 2.2.12
respectively independence to factorize into a power of the expectation of sums with matching and a
sum without any further matches we bound in the following step.

2
p-1
2
E| ) 07 | ) M (@k)wau(N,g)au(®)
_keQ?V v=0lae(Qf )
2v 2
=E Z<k>2’ZC pv)| Y (N, m,q) Pl () Y Wt (N Dt 1) (1)
kqu mquN aye(QIq\,)ZP’ZV
12v T 2
C2212
Z<k>2fzc pE( Y N m )PP || || ) wa,w(N @, (1)
ke, v= | \meQ], ] [ |ay e(QF)2P2
12v
L726
Z<’<>”ZC pE( Y N m PP || E| ) w0 (N, @) Plta, g (5
kEQq | mEQ?\] ] »ave(Qf\])Zp—Zv
2v
L1253
Z<k>2ch pVE( Y P E| ) a0,
keQl, | \medf, a,e(Q)p-2
For v € [0,p — 1] we have the bound:
RS Z 4, 1) (1)
keQ ay €(Q) %P~
Cor2.2.12 ’
e ) wr ) B [lte, (0] g7 0, (0
keQY, a,€(Qy)P
Z<k>2r Y B[l (P[]
keQy QZ,)ZP 2
<C(P)E| ) lua(t) Y [l (1)

aeQN keQN
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2(p-v)

=CPIE| Y lua®P|  E[IPvully o]

on the remaining multi sum without any further matches. Thus putting everything together we get
2p

2 2

hf(QZ»] <CIE| ) lun®P|| E[IPvullgro)- (7.2.4)

meQl,

E 6Pyl )

Now by Corollary 7.1.7 and the upper bound from Lemma A.4 we get
2p 2p
E[ Y 0P| el Y @ e1] L oi@upmn 1,
meQy; aeQy,
which gives the claimed upper bound when inserted in (7.2.4). [

From this we obtain the general results for non-trivial initial data and forcing (as far as admitted by
our modified general assumptions) by the following observations:

Corollary 7.2.11
Let b(a) = a?p, p,NeN, T > 0and u a solution of (LEQ1), then, for every t € [0, T], there exist constants
C1(9), C2(q) > 0 such that

C1(q)(tBgm(N)+ £ +1)% < IE[||b([PNu1N,q<t,-)) < Coq)(tBgm(N) + £ +1)%.

)
hr(QY)

Proof
For a constant C >0,/ € Ngy,,, g € C([0, T],L,(T%)) and v solving (LEQ1) with 0 = ug = u; = f we have

E

2p-1 1)
[N PR VTR

i)
hr(QY)

)] < Clig(t M7 o) E [H([PNle,q(t,»)zP—l
and the claim follows as by Theorem 7.2.10 respectivly Theorem 7.2.9

E[(Puvlqt )|

(ol ]SCz(q,t)(tﬁ m(N)+ 8+ 1) 4 Cy(q) (¢ m(N) + £ + 1),
Q) @ 0

Here the Expectation in Theorem 7.2.10 is part of the time dependant constant. ]

Corollary 7.2.12
Let b(a) = q?p+l p,N eN, T > 0and u asolution of (LEQ1), then, for every t € [0, T], there exist constants
C1(g), C2(q) > 0 such that

Cl(q)(tﬁq,m(N)+t3+I)ZPIE[||PN/2u(t") ;rm)] S]E[||b([PN”]N’q(t")) Ii’(Q?V)]
and

{0yl gt Dl o, | < Col@NtBymN)+ 22 4 P[Pyt |
Proof

Let v solve (LEQ1) with 0 = ug = u; = f, then v is precisely the stochastic convolution term of u and
we can compute as in the proof of Theorem 7.2.10

Cy ||Pn/2u(t,)

S 1] (10 NI O) e o 3 111, ¥ ) R NPT I

2
hr(QY)
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and

IE[ll([PNle,qu,->)2P[PNu<t,->1N,q1 ir@,@)] = Cz||PNu<t,‘>||Hsm)IE[ll([PNv]N,qu,->)2P )

h’(Q?V)]’

for some constants Cy, C; > 0. The remaining terms of b([Pyu]y 4(t,-)) are of the form

E|[((Pvvln (6027 [Pl = o)t )y |

2
hr(Ql)

with I € NN [2,2p + 1] and (u — v)(t,-) € L,(T9), a.s.. Thus claim follows as by Theorem 7.2.10
respectivly Theorem 7.2.9

2

h(QY)

<Co(q )(tBgm(N) + 12 + 1) 2P Co(q)(tBym(N) + 12 +1)% 7.

E(|(Pvlnqgt )1 By = o)t )k

Here the Expectation in Theorem 7.2.10 is part of the time dependant constant. ]

Polynomial Non-linearities

Now unlike the monomial case there are three possible routes to renormalize a polynomial
non-linearity. The first would be simply renormalizing everything with the scaling of the highest
order term. This leads to the following two results, as for an even degree polynomial, this
renormalization only sees the highest degree monomial.

Corollary 7.2.13
2p

Letp, NeIN, T >0, b(a) = Zc]-aj a polynomial of even degree and u a solution of (LEQ1) then,for every
=0

t € [0, T] there exist constants Cy(q), Co(q) > 0 such that

C1l@)(tFg(N) + £+ 122 < o[ Py el g,

Moy | < C2@NEBynN) + £ 4 17

Proof
First we note the existence of constants C;, C, > 0 such that:

Cib (IE [H[PNM]N,q(tr ‘)

ir(Qg)]) < IE[Hb([PNu]N,q(tI')) ;,(qu\])] < CZb(IE[H[PNu]N,q(t;')

vt
h’(Q?V)] ’
as we simply estimate all the mixed terms in the norm by multiples of the unmixed terms and use
linearity of the expectation to pull it inside the polynomial. Now the claim follows by applying
Theorem 7.2.9 and Theorem 7.2.10 to the upper and lower bound. ]

While for odd degree polynomials this renormalization sees both the highest degree monomial, as
well as the even power directly

Corollary 7.2.14
2p+1

Let p, NeIN, T >0, b(a) = Z cjuj a polynomial of odd degree and u a solution of (LEQ1) then, for every
j=0

t € [0, T] there exist constants C1(q), C2(q) > 0 and C3(q), C4(q) > 0 such that

CL@)tByn(N) + £+ 1P [Pytu(t, ) | + Co @t Bm(N) + £+ 1027 < B[Pyl 0]

h'(Q?V)]
and

2

1E[||b([PNu1N,q<t,~>) hy(Qg)]sc2<q)(tﬁq,m<N)+t3+1)21E[||PNu Mitrirn] + Cal@)(tBgm(N) + £ +1)7
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Proof
First we note the existence of constants C;,C, > 0 such that:

€1t ([P g 0 g |) < B BRI M 1 | < Cob (BP0 bvg 6 g, |

as we simply estimate all the mixed terms in the norm by multiples of the unmixed terms and use
linearity of the expectation to pull it inside the polynomial. Now the claim follows by applying
Theorem 7.2.9 and Theorem 7.2.10 to the upper and lower bound. [

The second renormalization scheme uses the fact that the scaling itself acts as a power of our
scaling function, which depends on the power of the monomial, and moves the scaling inside the
non-linearity. Though this renormalization will still turn a blind eye to odd powers, it is notable for
being the finite version of the power series renormalization.

Corollary 7.2.15
2p

Let p, NeIN*, T >0, b(a Z ]ai an even order polynomial, and u a solution of (LEQ1) then, for every
j=0

t € [0, T] there exist constants C1(q,t), C,(q,t) = 0 such that

H Nu]Nq )) 2

< Cz(q; t)'
ﬂq m hy(Q?\l)

Proof
First we note the existence of constants C;,C, > 0 such that:

[” Pyulnq(t,-
Bgm(N)

i)
hr(Qh)
Bg,m(N) '

h’ Qq

1

2 l IE[H[PN”]N,q(tI')
<Cob

H [PN“]Nq ))
Ba.m(N

hr(QY)

as we simply estimate all the mixed terms in the norm by multiples of the unmixed terms and use
linearity of the expectation to pull it inside the polynomial. Now the claim follows by applying
Theorem 7.2.9 and Theorem 7.2.10 to the upper and lower bound. [ ]

The final possible renormalization scheme circumvents the problem of ,blindness for lower order
terms “by separating the non-linearity into an odd and an even part, while keeping the scaling inside
the non-linearity, and compensating the odd terms by balancing out the surplus power of our scaling
function.

Corollary 7.2.16

p
Let p, N € N*, T > 0 b(a) a polynomial, that can be decomposed into the polynomial b,( ZCJ 2 of
j=0
p .
only even degrees and b,(a) = cha2]+1 a polynomial of purely odd degrees, and u a solution of (LEQ1)
j=0
then, for every t € [0, T] there exist constants C1(g,t), C(q,t) > 0 and C3(q,t), C4(q,t) = 0 such that
[PNu]N, (tl) 2
Catg) <o) <cutan
ﬁq,m h'(Q?\])
as well as
[Pyl gt )\
c1<q,t)1E[HPN/zu Mo ] Ba.n(N)b (—)
Hr (1) ﬁq,m(N) hr(Q‘[?\l)
and
[Pvuln q(tr')) g
N, | ——F—— < Cy(g, t)E|||Pyu( .
BN i W L O
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Proof
First we note the existence of constants C;,C, > 0 such that:
2
c [”[PNM]Nq( hr(Qq ] <gllly ([PNU]N,q(tr'))) 2 e ]E[”[PNM]N,q(t,-) hr(Q?\l)]
o Bam(N) N B )] Bam(N) ’
and
E|||[P 2 2 E|||[ 2
C1b [H[ Nt () h«Q?V)] <E||lb (—([PNM]N“’(L.))) <Cyb [”[ ) hr(QZI)]
o ﬁq,m(N) B ’ ﬂq,m(N) hr(Q?\I) - ﬁq,m(N) ’

as we simply estimate all the mixed terms in the norms by multiples of the unmixed terms and use
linearity of the expectation to pull it inside the polynomial. Now the claim follows by applying
Theorem 7.2.9 and Theorem 7.2.10 to the upper and lower bound. [

7.2.3 Deterministic Scaling

As a last point we will discuss what happens in the non-linear case, if instead of a space time white

noise we were dealing with a distribution valued forcing, thereby exemplary giving the reason for

the change of general assumption (A1). For simplicities sake let us again consider the wave equation

this time with a forcing f € C([0, T], H°(T1Y)), for R 5 s < 0, instead of the space-time white noise

{8ttu =Au+f (t,x) e R, x T1 (DetEQ)
u(0,-) =0 =d;u(0,-),

and the case of a cubic forcing.

Just as before, just this time without the expectation, using the weight bounds (1.2.6), Lemma
1.2.53 and Theorem 1.2.46 we estimate:

2
6Py 1N q(t ) h' @) Z<k>2r Z Wak) (N, @) gk (t)
keQl, ae(Qf)?
and
2
(TN NHOR [ <1o-2f2<k>2f Y Wa(N, @iy 1)
k@l |ac@])

For this lower bound, unlike the stochastic case, where we could use combinatorics to interchange
the summation and square of the complex absolute value, here we have no such tool at our disposal.
This leaves only zero as available lower bound,as for every N € IN and s € R there exists a f €
H*(T4) \ H*1(T9) with Py f = 0 and therefore Pyu = 0, as the Fourier coefficients of u are given by

tsm t—t')
R e
0

While for the upper bound by Lemma 1.2.52 for every N € IN we find an f € H*(T1), for s < —Tq’ such
that

—1 sin((t-s)k) Aq
fk(s):{wa<k> e forkeQuyy

0, otherwise,
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for some «a € (0,1). Therefore we get

2 -2 2 4
[Pyl (1D 1, < 1077 ) (R (N,
ke(j?\]
Therefore the upper and lower bound don’t even show the same scaling behaviour, which leaves no
hope for the general critical case. And the scaling needed to be subcritical is twice as large, as it
would be in the stochastic setting.

7.3 Subcritical Scaling

In the previous chapter we obtained a candidate for the critical scaling of the non-linearity, by
determining the scaling of the continuous linear solution. Now we consider the linear equation

XN(O) 0 = thN(O)
and for g€ N5, and 8 > (‘1;22) the non-linear equations
7 (t/') .
& Zn(t) = AnaZu () +p(292) + o (0B (1) (NLEQ1)
Zn(0)=0=47y(0),

where p is a polynomial of degree g € IN. to show that for scaling § larger than our candidate the
non-linear equations (NLEQ1) admit the same limit behaviour as the linear equation (LEQ1).

Theorem 7.3.1

Let g > 2,g € N*, B > “5=, p a polynomial of degree g and (Xy)nen+ (ZN)New- solution sequences of
(LEQ1) respectively (NLEQI). Define Dy = Zy — Xy for all N € IN*, then for all 1 € (q;zz,ﬁ) and all
x € (0,1) we have

P
|P NDNHL2 (o 1LH-1 ) O

Proof
By definition Dy solves

2 _ )
{%DN(t,')—ﬁN,dDN( )+P( ng ) (DEQ2)

Now the polynomial p(Zy) can be understood as forcing and the linear theory provides the following
mild formulation of Dy

t 0
DN(t,) = J;) T (Sl(t_s))((p(zl\l’\]ﬁ ))) dS,
¥

where 717 is the projector mapping onto the first entry. Now for any # € (%, ) there existsa v > 0

such that = py + v and a sequence, (Tx)neN, Of stopping times, defined via
= inf(IDN(O)-0(f > 1) AIEIXN(O)l 0, > 108N,

Now we estimate the norm of the stopped difference Dy (- A Ty, ), by first replacing Zy by Xy + Dy
and using the resulting terms binomial expansion .

ZN(s,")
P ( NP )
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tATN 8§ Xl (S ‘)Djil(s )
N\~ N \>r
[y y et o,

j=0 1=0

nmY Q)

Now by iterating Theorem 1.2.46 and compressing the interior sum into the constant we obtain the
following I,-bounds:

ey & X (s, ) D] l(s,)
[y y e,
j=0 1=0 h‘W‘Z(QI‘{])
p-1 _
<f““& TS N R I L R P
o N NT o) b NT ol It NTllef)

As we are working with discrete functions over Q?\,, we can now trade powers of N -1 for »spatial
regularity”, and apply the bounds build into the stopping time 7y, i.e.

g-1 _
e ¢, ‘xms,-)g Y v PG| e
Jo NVUE NT el I NT il Nl
AT C g1 |
P 1 a &=
< . .
SR [ )||M(QqN)+;I|XN(s, R LSRN O | N K2
r‘l/\TNC
< | R (1ogtN)E + Pyllog(N)IDN (5. o gt ) s
Jo

where P,(log(N)) denotes a different polynomial of degree g. By using a redundant stopping we
move the stopping time 7y from the integral into the (time-)argument of Dy.

tATN C

IDn (£ A TN)“h*’](QZ]) SL N (log( ) +Pg(log(N))||DN(51')||h*'/(QZ])) ds

tC
< 5 (1081 10N DD A M gy )

and compute using Gronwall’s inequality

IDn (£ A TN)”h—rz(Q?\]) <

Cptlog(N)& (CptPg(log(N)))
exp .
Nv Nv

Now use Corollary 1.2.57 we can convert this into an estimate for the continuous norm

CotlogNK ( C, Py (log(N) )

[P Dy (8 A 780 g oy < NV NY

And taking the L,-norm with respect to time we arrive at

C,Tlog(N)& C,TP,(log(N))\\>
» T log( )exp( » TPy (log( )))) Py

”PKaNIjNHLZ([O,T/\TN],H*’I(T'?)) < NV NY

With these ,preparations“out of the way we can go on to prove the claimed convergence in
probability. First we rewrite the events of interest in such a way, that we can use the previous
calculations and standard estimates for probabilities to give a bound, by a term vanishing for N — co.
For 6 > 0 consider

IP(HP;?NDNHLZ ((0,TLH-1(T7)) = %)
<P(ty <T ,

>8)+P(ty > T ,

|P1<NDN||L2 ([0,T],H-"(T)) = )P’?NDN”Lz([O,T],H"’(T‘”) z9)
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<P(ty < T)+P(|Pf

KNDN||L2([0,T/\TN],H—'1(1W)) 2 9)

smt:[%p; ]||DN<t>||hﬂ,(Q;5) >1)+ P(ti’[‘épT ]nXN(t)uhﬂ,(ng) >1og(N)) + P(||Péy Dl (0.7 ey -y = O

Using the previous calculations and the Chebyshev Inequality we compute

2
]PT,N Vv IPT,N

IP(”PJ?NDN”Lz([O,T/\TN],H”I(Tq)) 20)= 52

and again by the previous computation and this time the Markov Inequality we compute

C,tlog(N)8 CptPy(log(N))
IP( sup |IDn(E)l,-4(07) = 1) < sup P exp( )
te[0,T] Q) tefor] NV NY
_CpTlog(N)g o Cp TP (log(N))
R P NV '

For the final probability we use that for N sufficiently large, by Theorem 3.3.2, for u denoting the
corresponding continuous solution, and every t € [0, T | we have

”XN(t)”h"I(QZ,) < |)[P1?N”]Xl,q(t)||h—»;(Q}1\]) +¢(N) P-as.

with ¢(N) N80, Now by Corollary 1.2.57 we have, as u € C([0, T], H(T1)),

sup [[[PeyulR o],

g < sup Cllu(t,)llg-nra) < C(T).
tefo,T (Qy)

tG[O,T/\'[N]

plugging this into the Markov Inequality we gain the estimate

C(T)
log(N)’

P| sup Xy ()ln g Zlog(N))S
(te[O,T] Q)

Combining the last three estimates we get

lim IP(”PI?NDN“Lz([O,T],H"I(IFq)) 2 5) =0,

N—-oo

for every 6 > 0, that is the claimed convergence in probability. [

Remark 7.3.2
While this covers every p, larger than the critical value for even degree p, for polynomials p, of odd degree,

there is a gap of %.

Remark 7.3.3
Aside from a slightly different estimate when iterating Theorem 1.2.46, the exact same result can be
obtained for the other two renormalization schemes for polynomials.

Remark 7.3.4

While non-linear potentials weren’t considered during the writing of this thesis, at this point it should be
pointed out, that by the last theorem we have obtained a (stochastic) continuum limit theory, for discrete
equations where the non-linear contribution is such that after the rescaling, in the subcritical case can carry
over.
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A Miscellaneous Results

In this chapter we collect some standalone results that weren’t covered in the Preliminaries.

Theorem A.1 (Chebyshev Inequality)
Let X € L,(Q, F,P,R) a square-integrable random variable and a > 0, then

E[X?]

P(|X|>a) < >
a

Proof
Confirm [Tap13a, Satz 6.69].

Theorem A.2 (Markov Inequality)
Let X € L1(Q, F,P,R) an integrable random variable and a > 0, then

Proof
Confirm [Tap13a, Satz 6.59].

Theorem A.3 (Gronwall-Inequality)
Let ] C R an interval, ty €], and a, B, u € C(J,R5q). Then

u(t) < a(t)+ Vte],

t

j B(s)u(s) ds
to

implies

t t
J a(s)B(s)l e B0

to

u(t) < a(t)+ Vte]. (A.1)

And if a(-) = ag(| - —tg|) for an increasing function ay € C(Rsg, Rsg), then (A.1), becomes

t
u(t) < ae”’oﬁ(s) 4 Vite].

Proof
Confirm [Ama95, (6.1) and Korollar (6.2)].

Lemma A.4 (Integral Test for Hyperharmonic Series)
Let N,m,q € N*. Then there exist constants C; = C1(q), C, = C,(q) > 0 such that

C, = Z (ky=2m, q<2m,
ke,
Cilog(N) < Z (ky2" < Cylog(N), q=2m,
keQ%
CINT2m < ) (k)" < NI, g>2m+1.
kng
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Theorem A.5 (Bochner-Minlos)
Let C be a function on N with the following properties:

(i) C is continuous on N,
(ii) C is positive definite,
(iii) C(0)=1.

Then there exists a unique probability measure puc on N*, B, so that for all & € N':

Cle)= | expliae (5,2 duc(s).

Moreover if C is continuous with respect to |||, for p € N, and if n > p is such that the injection iy : N, —
N, is of Hilbert-Schmidt type, then uc(N_,) = 1.

Proof
[HKPS93, Theorem] [

102



B Basic Taylor Approximations

In this chapter we collect the Taylor approximations we use as buildingblocks in our semigroup
estimates in chapter 5. As for their validity we refer to the respective chapters on Taylor-Formulas in
[AEO6a] and [AE06b].

Lemma B.1
For p > 0 there are constants Cy, C, > 0 such that for every y € B¢(0,p)

\/;‘9+C1%5\/ms\/;’7+c2%.

Lemma B.2
For a € R there are constants Cy, C, > 0 such that for every x € Bg(a, 1)

sinh(a) + C; |x — a| < sinh(x) < sinh(a) + C,|x — 4.

Lemma B.3
For a € R there are constants Cy, C, > 0 such that for every x € Be(a, 1)

cosh(a) + C;|x —a| < cosh(x) < cosh(a) + Cy|x —al.

Lemma B.4
For a € R there are constants Cy, C, > 0 such that for every x € Bg(a, 1)

+ Ci|x —a| < sinh(x) <

sinh(a) +Colv—adl
a

sinh(a)
a
Lemma B.5
For a € R there are constants Cy, C, > 0 such that for every x € Be(a, 1)
exp(a) + Cy|x —a| < exp(x) < exp(a) + C,|x —al.

Lemma B.6
For a € R there are constants Cy, C, > 0 such that for every x € Bg(a, 1)

acosh(a) + Cq|x —a| < xcosh(x) < acosh(a) + C,|x —al.

Lemma B.7
For a € R there are constants Cy, C, > 0 such that for every x € Be(a, 1)

asinh(a) + Cy|x — a| < xsinh(x) < asinh(a) + C,|x —al.

103



104



APPENDIX B. BASIC TAYLOR APPROXIMATIONS
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