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Abstract

We study the problem of statistical estimation under model misspecification, that is,
when there exists a discrepancy between the data-generating model and the actual model
of interest. Our framework is set in the mathematical theory of multiscale systems and
homogenization for stochastic differential equations and is substantially driven by ergodic
properties of the underlying stochastic processes. The discrepancy is of a weak kind: the
stochastic process of the data-generating model, the multiscale model, converges weakly,
in the sense of probability measures, to the stochastic process of the model of interest,
the homogenized model. Despite this weak model misspecification, many commonly used
statistical methodologies fail to obtain reasonable estimates for quantities of the homog-
enized model when they are confronted with multiscale structure in the data. In this
thesis, we adopt a new perspective on classical limit theorems for stochastic differential
equations, provide numerous extensions of those, including but not limited to mean er-
godic theorems and central limit theorems, and propose novel statistical estimators in
parametric and nonparametric estimation problems under weak misspecification. We not
only demonstrate the effectiveness of the limit theorems in establishing various asymptotic
properties of our proposed estimators, but we also substantiate many of the theoretical
findings through extensive numerical simulations.
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/usammenfassung

Wir untersuchen das Problem der statistischen Schétzung unter dem Aspekt der Mod-
ellfehlspezifikation, das heiffit, wenn eine Diskrepanz zwischen dem datenerzeugenden
Modell und dem tatséchlich interessierenden Modell besteht. Unser Ansatz ist in der
mathematischen Theorie multiskaliger Systeme sowie der Homogenisierung stochastischer
Differentialgleichungen verankert und wird mafigeblich durch ergodische Eigenschaften der
zugrundeliegenden stochastischen Prozesse bestimmt. Die betrachtete Diskrepanz ist von
einer schwachen Art: Der stochastische Prozess des datenerzeugenden Multiskalensys-
tems konvergiert schwach, im Sinne von Wahrscheinlichkeitsmaflen, gegen den stochastis-
chen Prozess des interessierenden homogenisierten Modells. Trotz dieser schwachen Mod-
ellfehlspezifikation versagen viele bewéhrte statistische Verfahren, wenn sie auf Daten mit
multiskaliger Struktur angewendet werden, und liefern keine zuverlassigen Schatzwerte fiir
GroBlen des homogenisierten Modells. In dieser Arbeit nehmen wir eine neue Perspektive
beziiglich klassischer Grenzwertsatze fiir stochastische Differentialgleichungen ein, geben
zahlreiche Verallgemeinerungen an, darunter insbesondere Ergodensatze sowie zentrale
Grenzwertséitze, und schlagen neuartige statistische Schétzer in parametrischen und nicht-
parametrischen Schétzproblemen unter schwacher Modellfehlspezifikation vor. Wir zeigen
nicht nur, dass sich die Grenzwertsétze effektiv zur Herleitung verschiedener asymptotis-
cher Eigenschaften der vorgeschlagenen Schatzer einsetzen lassen, sondern untermauern
viele der theoretischen Resultate auch durch umfangreiche numerische Simulationen.






AHHOTaAUMS

Mpbr ucceyeM 3a/1a4y CTATUCTHYECKOTO OIEHUBAHUSA B YCJAOBUAX HEKOPPEKTHOM CIle-
UPUKAIIIT MOJIEJTH, TO €CTh, €CJIA CYIIECTBYET PACXOXKIECHUE MEXK Ty MOJIE/TbIO, ITOPOXK-
JTaloIell TaHHbIe, M B CAMOM Jiejie MHTepecyIoleil Mojiesibio. Harr mojaxos ocHOBaH Ha
MaTeMaTUIeCKOW TEOPUU MHOTOMACIHITAOHBIX CUCTEM M NOMOT€HM3AIUU JIJIs CTOXACTU-
qecKuxX IuddepeHIma bHbIX YPABHEHUN W 3HAYUTEIBHO OMUPAETCS HA SPrOIMIEcKue
CBOMCTBA COOTBETCTBYIOIINX CTOXAaCTUYECKUX ITPOIECCOB. PaccmarpuBaeMoe pacxoxK]ie-
HIE HOCUT CJIAOBIN XapaKTep: CTOXACTUYECKUIl MPOIEeCC MHOTOMACIITAOHOW MOJIEJIH, 10~
POXKTAIOIIEN JaHHBIE, CXOMUTCS €J1ab0, B CMBICJIE MED BEPOATHOCTHU, K CTOXACTUIECKOMY
IIPOIIECCY TOMOTE€HU3UPOBAHHON Mojiesin nurepeca. HecmoTps Ha Takyio caadyio HEKOD-
PEKTHYIO CHenuUKAINIO MOJEIN, MHOTHAE ODIIENPUHSATHIE CTATUCTUIECKIE METO/bI He
MTO3BOJIAIOT TIOJIYYaTh YJIOBJIETBOPUTE/bHBIE OIIEHKN BEJINYMH T'OMOTN€HU3UPOBAHHOM MO-
JIeJTU TIPU HAJIUYIUNA B JAHHBIX MHOTOMACIITAOHON CTPpYKTypbl. B manHOit pabore MbI
IIpeJICTABIIEM HOBBIA B3TJIfAJ] HA KJIACCUYECKHUE IIPEJIe/IbHbIE TEOPEMbI JIJI CTOXaCTHU-
qecKuX JquddepeHnnabHbIX YPpaBHEHNH, TPUBOIUM MHOTOYHUCIEHHBIE WX OOOOIEHUS,
BKJIIOYAsl, IIOMUMO IIPOYErO, SProJINYecKre TeOPeMbl CPEJIHEr0 poja U IEeHTPAJILHBIE
npe/ieIbHbIE TEOPEMBI, & TaKKe pa3padaTbiBaeM HOBBbIE CTATUCTHYECKHE OIIEHKU B ITapa-
METPHYECKUX U HellapaMeTPUYECKUX 3aJ1a9aX OIEHUBAHUs TPHU CJIA00N HEKOPPEKTHOMN
criermupukaruu Mojiesin. Mbl HE TOJIBKO JeMOHCTpUPYEM 3D PEKTUBHOCTD TPEICTbHBIX
TeOpeM JIJIsl YCTAHOBJIEHUS PA3JIMYHBIX aCUMIITOTUYECKUX CBONCTB ITPEJIOKEHHBIX Olle-
HOK, HO U TOJTBEPXKJaeM MHOTUE TEOPETHYECKUE Pe3yIbTaThl C MOMOIILIO OOIIUPHO
YUCJICHHON CUMYJISIVN.
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Notation

This is a list of frequently appearing symbols, conventions, and abbreviations, without

any claim to completeness.

Numbers, vectors and matrices

Rd

Iy
-
|- |2
|- |
alNb
aVb

Functions
Vf

V. f(z,y)
o8

C(X;Y)

F

Probability

iid.

de(m, ¥)
Lr(Q, F,P)
M5

%c, loc

(X)
L2
P

—
D

—

d-dimensional Euclidean space with vectors understood as
column vectors

identity matrix in R%*?

transpose of a vector or matrix

Euclidean norm on R? or C?

absolute value on R or C

min{a, b}

max{a, b}

gradient of f understood as a row vector

denotes (0y, f(z,y),...,0s, f(z,y))

higher-order partial derivative for a multi-index § € Ny
space of continuous functions defined on metric space X with
values in metric space Y

space of real-valued continuous functions defined on metric
space X

space of infinitely differentiable real-valued functions defined
on X € {R¢, T}

space of real-valued Schwartz functions defined on R¢
Sobolev space of real-valued functions defined on R? whose
weak derivatives are integrable up to order &

Fourier transform operator (Z¢)(¢) = [z g(x)e 2% dx

independent and identically distributed

distributional equivalence

d-dimensional normal distribution with mean m € R¢ and
covariance matrix 3 € R4*4

space of p-integrable random variables defined on the prob-
ability space (€2, F,P)

space of continuous square-integrable martingales starting in
Zero

space of continuous local martingales starting in zero
quadratic variation process of a continuous local martingale
X e Hn loc

convergence in L*(Q, F,P)

convergence in probability

weak convergence

xi



Notation

Metric spaces

Let A, B be subsets of a metric space X with metric d and x € X.

AO

Landau symbols
f=0(g)
=)

f=o(g)

Xn = O]p(].)

Miscellaneous
sgn
supp

Acronyms
C
CLT
FEM
L
LHS
MDE
MET
MLE
MSE
ODE
ONB
PDE
QET
R
RHS
SDE

xii

interior of A

closure of A

boundary of A

infyeqd(z,y)

infreayen d(z,y)

SUP, yea d(,Y)

open ball around x with radius 6 > 0
Borel o-algebra of X

f grows at most as fast as ¢
f grows at least as fast as g
f grows slower than g

X, 50

left-continuous version of sign function
support of a function or a measure
Kronecker delta

coefficients

central limit theorem

finite element method
Langevin

left hand side

minimum distance estimator
mean ergodic theorem
maximum likelihood estimator
mean squared error

ordinary differential equation
orthonormal basis

partial differential equation
quantitative ergodic theorem
recurrence

right hand side

stochastic differential equation
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Introduction

1.1 Motivation

In the classical statistics literature, the topic of estimation is one of the main building
blocks of statistical inference for stochastic processes. It is a recurring theme to study such
inference tasks in a specified model setting, that is, when the data is assumed to come
from one particular family of distributions, see, for example, [IK81; Kut04; LS00; Pra99;
Kut94]. This setting undoubtedly holds up relevant, but is often violated in applications
where a mismatch between data and model is common. One prominent example of such
a mismatch exists in the realm of multiscale modeling where complicated dynamical sys-
tems, characterized by processes evolving on multiple time scales, are approximated by a
surrogate model capturing the effective dynamics of the full system. This approximation
not only achieves a substantial reduction in complexity and dimensionality but also, in
certain contexts that we will introduce later, a gain in structure. When using a reduction
method, such as scale separation, to derive a surrogate model, then this is commonly
known as coarse-graining; the surrogate model is thus called coarse-grained model, and
the rigorous, mathematical multiscale analysis is often termed averaging or homogeniza-
tion, see [BLP78; FW12; PS08; RX21].

Stochastic systems with multiscale structure arise naturally in a wide range of applica-
tions across the physical, biological, financial, and engineering sciences. It is therefore not
surprising that the method of deriving a surrogate model is an established practice in such
fields of study; for example, in econometrics when dealing with high-frequency financial
data and market microstructure [Tsal0], in network traffic data [Abr+02], in molecular
dynamics when identifying reaction coordinates and collective variables [Aze+13; Sch10],
or in the study of intracellular biochemical reaction networks involving multiple reactions
and chemical species [Bal4+-06; KRK17]. A comprehensive overview and additional exam-
ples of applications can be found in the books [Kuel5; PS08].

However, even after having derived a coarse-grained model, it is usually not possible
to give analytical closed-form expressions for the relevant model quantities. One promis-
ing way to still obtain coarse-grained model quantities in such a situation is to resort to
data, which, however, is compatible with the coarse-grained model only at the appropri-
ate macroscopic length and time scales. This is a particular setting of misspecification
between data and model, cf. [Kut04, Section 2.6.1]. Apart from the mathematical in-
terest, misspecification can be practically relevant for two main reasons. One reason is
the imperfect knowledge of the data-generating model. After all, a coarse-grained model
may very well approximate several different data-generating models, which are unknown
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in general, so that there is an identifiability issue from the coarse-grained model to the
possible set of data-generating models. The second reason is that, even if there is perfect
knowledge of the data-generating model, then the computational complexity for simu-
lation or estimation can potentially be so high that it becomes infeasible or virtually
impossible to work with the data-generating model. Hence, from a practitioner’s point of
view, it may be desirable to work with a simpler model.

In this work, we explore statistical estimation for misspecified models where a sequence
of stochastic processes, assumed to come from the data-generating model and character-
ized by a small-scale parameter, converges weakly, in the sense of probability measures,
to a stochastic process that describes the coarse-grained model as the small-scale param-
eter goes to zero. The basic idea in this setting is usually the same. One constructs an
estimator, often through quantities of the coarse-grained model, e.g., likelihood, plugs in
observations not from the coarse-grained model process but from the weakly converging
data-generating model process, and then analyzes how this estimator performs in the limit
for vanishing small-scale parameter. In this context of weak convergence, we will occasion-
ally refer to the model misspecification as weak misspecification and to the observations
as weakly perturbed observations or data. Although many of the theoretical results and
proposed estimators in this thesis may be applicable in and extendable to more general
settings, we will mostly confine ourselves to a setting where the stochastic processes are
given by solutions to stochastic differential equations (SDEs) and the preferred method
of coarse-graining is homogenization for SDEs. Since homogenization models naturally
arise from coarse-graining multiscale systems, we will refer to the coarse-grained model
as homogenization model or homogenized equation and to the data-generating model as
multiscale model or multiscale system. A review of homogenization for SDEs with rele-
vant references will be given in Section 1.2. The whole thesis is built on the underlying
assumption that we have continuous observations of the SDE paths, which is, of course,
not realistic, but facilitates theoretical proofs and makes the definition of estimators more
elegant with less burdensome notation. However, for the numerical implementations we
tacitly use properly discretized versions of these estimators and, by implication, plug in
high-frequency observations during simulation.

This kind of estimation problem with a weak misspecification between the data-
generating model and the coarse-grained model appears to be difficult to solve robustly
with standard statistical estimators, especially the ones that depend on path increments,
e.g., quadratic variation estimators for constant diffusion coefficients in SDE models,
which is less surprising, since weak convergence only quantifies closeness of expectations
against bounded continuous functions. As a consequence, considerable effort has been
put into solving these robustness issues of estimators, as will be recapped in Section 1.3.
As for the thesis, its line of thought stems not only from this shared desire to develop
new robust estimators, but also, more originally, from the personal wish to provide math-
ematical tools, first and foremost, limit theorems for certain functionals of the weakly
perturbed observations that allow one to prove asymptotic properties of a variety of esti-
mators rigorously. As we will see in all subsequent chapters, powerful limit theorems are
one of the missing links for the statistical asymptotic analysis of estimators when models
are misspecified.



1.2. Homogenization for SDEs

1.2 Homogenization for SDEs

Homogenization for SDEs is a type of diffusion approximation for a system of SDEs
involving two widely separated time scales such that the method of scale separation allows
for the derivation of a coarse-grained model. There are many multiscale SDE systems with
varying levels of generality and with different approaches to their homogenization, so the
following exposition is far from exhaustive, but, in order to illustrate the main ideas, let
us consider the following fully coupled multiscale SDE system in R4 d, d, € N,

1
dXE = LH(X;, Y7) + F(XE, Y;)] dt + (X, YR dW | X =zo € R%,  (1.2.1a)

1 1 1
dYy = L2fo(Xf, Yo+ Z A 1@] di+ —o(X7, Y)W, Y5 =yo € R, (1.2.1b)

where W®  W® are independent standard Brownian motions of dimension d, and
dy, respectively, and H,F: R%™ x R% — R% 3:Ré% x R — Re%xd a5 well as
fo, fi: RE x R% — R%, and o: R% x R% — R%*% are the coefficient functions. Here,
0 < € < 1 denotes a small scale parameter controlling the time scale separation. Under
suitable assumptions on these coefficient functions, one can show with homogenization
techniques, see the references later in this section, that the process X¢ converges weakly
in C([0,T];R%) as ¢ — 0 to the process X which solves the so-called homogenized SDE

dX, = F(X;)dt + 2(X,) dW,, X, = o, (1.2.2)

with certain limit coefficient functions F': R% — R ¥: R% — R%*d% and a potentially
new standard Brownian motion W of dimension d,. Figure 1.1 shows exemplary sample
paths of a multiscale SDE system with corresponding homogenized limit process.

Before we specify the limit coefficient functions, let us first identify from this abstract
presentation what homogenization achieves. In homogenization theory, it is generally
understood that X¢ evolves on a time scale that is much slower than the time scale of
Ye when 0 < ¢ < 1; this is reflected in the equations (1.2.1) through terms of different
orders of powers of 1/e. Hence, it is common terminology in this context to call X¢ the
slow or slow-scale variable and Y* the fast or fast-scale variable. Intuitively speaking,
homogenization is a procedure in which the explicit evolution of the fast variable Y* is
eliminated through scale separation, that is, letting € — 0, in order to obtain a simplified
equation that approximates the slow variable X¢ and captures the effective slow-scale dy-
namics of the multiscale system. Of course, the information from the fast variable is not
lost in the procedure, but rather embedded in an elegant way into the single homogenized
equation (1.2.2). Besides the immediate reduction in complexity and dimensionality, a
less obvious gain concerns structure. While the solution of the homogenized equation
is a Markov process, the slow variable itself is only a continuous semimartingale if it is
explicitly coupled to Y¢. As such, homogenization shows that the slow variable decouples
after scale separation from the fast variable in a way that semimartingale structure is
upgraded to Markovian structure.

The limit coefficient functions are given in terms of the solution to an auxiliary Pois-
son equation involving the drift term H in (1.2.1a). For the solvability of that Poisson

3
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—Slow process X~ —Slow process X*
Fast process Y*© 4/ Fast process Y*©
20 —Homogenized limit process X —Homogenized limit process X
01
—4
0 5 10 0 5 10

-
-

Figure 1.1: Sample paths of a multiscale SDE system with slow-scale and fast-scale
variable and their corresponding homogenized limit SDE process.

equation, it is necessary to assume the following centering condition for H

/Rd H(z,y) di*(y) =0, =€ R%, (1.2.3)
where p” is the invariant measure of the so-called frozen SDE
AYF = folz, V) dt + o(z, ) dWY |, YE =y (1.2.4)

Here, x € R% acts as a parameter of the equation. The invariant measure p® for Y exists
under a weak recurrence assumption on the drift f; and uniform ellipticity of a := oo '.
The reason (1.2.4) is called the frozen SDE is that on time scales long compared to &2
and short compared to 1, the process X appears frozen while the process Y ¢ traverses
its invariant measure on such time scales because it is evolving more quickly. Of course,
X¢ is not frozen, but since it evolves on a slower time scale than Y¢  intuition based on
freezing X© and considering (1.2.4) helps in understanding how homogenization arises.
Coming back to theory, if we assume the centering condition for H, weak recurrence for
fo, uniform ellipticity for a, and enough regularity of the coefficient functions, then there

exists a unique solution x satisfying the centering condition (1.2.3), i.e.,

/Rdy X(@,y)dp*(y) =0, @ €R™, (1.2.5)

and solving the following Poisson equation, which is called the cell problem in homoge-
nization,
—Lo(z,y)x(x,y) = H(z,y), reRE yeR¥b, (1.2.6)

Here, the second-order differential operator Ly is given by

1 & 0? il @) 0
EO(xay) =3 ai'<x’y) + fZ (I,y) ’ (127>
2 531 ! 9y;0y; ; ’ dy;
with component functions féi) of fo and matrix entries a;; of a for ¢,7 =1,...,d,. Note

that this is a differential operator in the variable y only while z is just a parameter. Using
the solution to the cell problem, we can write down the homogenized drift coefficient F'

4
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and diffusion coefficient ¥, namely, for z € R%

Fla)= [, F(e.) + Vox(e. ) Hzy) + Ve hle ) dev), (128
S(@)S(@) " = /R o B8 @) + [Vyx(@, )o@, )] [Vox(e, y)o(e,y) | du'(y). (1.2.9)

Since the RHS of formula (1.2.9) is positive semi-definite, there indeed exists a solution ¥
to that equation. Although this solution is not unique in general, this poses no problem
in a setting of weak convergence of measures as the relevant information about the law
of the SDE processes is encoded through the matrix ©X" and, of course, the drift vector
F'; compare with the various discussions in [SV79, Chapter 5].

As we can see from these equations for the limit coefficients, the O(¢!) terms H and f;
in combination with the solution x to the cell problem (1.2.6), which is itself based on the
O(e7?) terms fy and o, lead to subtle homogenization effects, so that the limit coefficients
F and ¥ are not only the O(1) terms F and ¥ integrated with respect to the invariant
measure p. In fact, if H and f; were not present, i.e., H = f; = 0, then the averaging
principle pioneered by Khas'minskii [Kha66b; Kha66a] would give rise to exactly these
averaged quantities, that is, the terms F and ¥ integrated with respect to the invariant
measure p*. Later on, Papanicolaou, Stroock, and Varadhan [PSV77; Pap76] employed
the powerful martingale approach, initiated by Stroock and Varadhan [SV79], to identify
the limiting equation and prove weak convergence of the slow variable to the homogenized
process. Their proof relies on the previously stated assumptions and sufficient regularity
and boundedness conditions of the coefficient functions in (1.2.1). They claim in several
remarks that these regularity and boundedness assumptions can be substantially relaxed
due to the way limit theorems are obtained through the martingale approach, cf. [SV79],
but they do not provide an explicit proof. Similar results can be found in [BLP78; Par99],
where a multitude of other homogenization problems with periodic structures and compact
state spaces, that is, the space in which the processes obtain their values, are thoroughly
analyzed. In the series of papers [PV01; PV03; PV05], the authors studied the regularity
properties of the solution to the Poisson equation (1.2.6) and provided probabilistic as
well as analytic proofs for the homogenization of SDEs when the coefficients belong to
Holder function classes and are unbounded not only in the fast variable but also in the
slow variable. The method they use to obtain weak convergence is again the martingale
approach. An alternative proof idea follows a corrector approach [PS07; PPS09], where
the so-called corrected process defined through X = X+ ex(X®,Y®) is analyzed in
the limit for ¢ — 0. This approach is especially intuitive as many of the homogenization
terms already appear in the equations for X through It6’s formula. Yet again, an entirely
different proof method — neither relying on the martingale nor on the corrector approach
— with similar assumptions to the aforementioned series of papers [PV01; PV03; PV05],
has been considered in the more recent contribution [RX21], where a transfer formula and
specific fluctuation estimates are derived to establish weak convergence. Though their
approach does not retrieve weak convergence at the process level, they do obtain explicit
weak convergence rates of X¢ to X; for fixed ¢ € [0,7] in terms of .

As we can see from this short exposition, the theory of homogenization for SDEs can
be approached from different angles and with different sets of assumptions, but they
all share similar core principles, e.g., the centering condition, the frozen SDE, and the
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Poisson equation. A modern overview of homogenization for SDEs, including more general
multiscale systems and other aspects of multiscale analysis, is given in [PS08].

Accompanying example. Although many of our results will be stated and proved
in more generality, we will consistently study one particular example of homogenization
throughout the manuscript. To be precise, consider the following SDE in R¢

1 X:\1"
dX; = |~aVV(X]) — —Vp <;) dt + V20 dW,, X5 = x, (1.2.10)

where V: R? — R is a large-scale potential, p: R? — R a periodic function with period
L > 0 in all directions, and «, 0, > 0. We assume for the introduction of this example
that all quantities are well-defined; precise conditions will be stated in the subsequent
chapters. If we define Y° := X¢/e, then this puts us into a similar setting! as given by
the multiscale system (1.2.1)

.
dt + V20 dW;,, X&=z9€R? (1.2.11a)

.
V2

dt + Y=L aw,, YE =ao/c € RY. (1.2.11b)
g

1
AX; = |~V (Xf) = ~Vp(¥7)

1 «
a7 = |~ 5V (%) - SVV(X)

We will call equation (1.2.10) the multiscale overdamped Langevin equation. As a special
case of a more general setting, it has been proved in [DDP23] that X converges weakly
in C([0,T]; R?) to the solution X of the homogenized overdamped Langevin equation

dX, = [—aKVV(X)] " dt + V20K dW,, X = 0, (1.2.12)

with IC, a positive homogenization factor that emerges from the cell problem, given by
K= /Tdud + Vv @) (Lo + Vyx () Tdi®(y), TE = RY/(LZY, (1.2.13)
L

invariant measure p* of the frozen SDE given through the Lebesgue-density

du*(y) = ZIeXp(—p(y)/O) dy, Z,:= /Td exp (—p(y) /o) dy, (1.2.14)

and the solution y: R? — R? to the cell problem with periodic boundary conditions

d 82 d

Lo(y)x(y) = Vp(y), yel0, L)%, Loly)=0 50t Zﬁyip(y)aay. (1.2.15)

ij=1 i=1 i

In the 1-dimensional case d = 1, the solution to the cell problem can be explicitly deter-
mined, and the homogenization factor K is then given by

1

1 L
_ +._ L
K= e = : L/o exp (£p(y)/o) dy. (1.2.16)

1System (1.2.1) only involves independent Brownian motions, but it is perfectly possible to include a
dependent Brownian motion and derive similar homogenized equations, see, e.g., [PS08; PPS09; PVO01].
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With the actual equations at hand, we can now clarify what we mean by statistical
estimation under weak misspecification. We want to construct estimators for quantities
of the homogenized equation (1.2.2), e.g., for the drift coefficient, diffusion coefficient,
invariant measures, etc., and plug in observations solely from the slow variable X< of the
multiscale system (1.2.1) into the constructed estimator, pretending as if we do not or
cannot observe the fast variable Y°. We then want to analyze the estimator’s asymptotic
behavior when the small-scale parameter £ goes to zero. For instance, in the setting of
the previously presented accompanying example, we will analyze parametric estimators
for the parameter ok in the drift coefficient of (1.2.12) and a nonparametric estimator for
the invariant density of the solution process X to (1.2.12). In both cases, the estimators
are built based on the homogenized overdamped Langevin equation (1.2.12), but their
statistical asymptotic properties will be analyzed under continuous observation paths of
the solution process X¢ to the multiscale overdamped Langevin equation (1.2.10). This
type of model misspecification is a delicate problem as we will review in Section 1.3.

1.3 Related Work

In recent decades, a lot of effort has been put into the investigation of estimation prob-
lems with the aforementioned weak misspecification. The most fundamental among these
efforts is arguably the seminal paper [PS07] where the authors considered a class of multi-
scale overdamped Langevin equations as their data-generating model with a well-defined
homogenized limit process that is again given by a Langevin equation with new coefficients
damped by a homogenization factor. Essentially, they considered the accompanying ex-
ample of the previous section. They then analyzed maximum likelihood estimation built
on basis of the homogenized limit process while subject to weakly perturbed observa-
tions coming from the slow variable of the multiscale system. Their main theoretical and
numerical findings are that the maximum likelihood estimator (MLE) is asymptotically
biased in the large-time and small-scale limit and recovers parameters from the unho-
mogenized multiscale system instead of the homogenized limit equation. To solve this
inconsistency of the MLE, they proposed a subsampling approach in which a minimal
subsampling interval between observation points must be respected in order to retrieve
the correct homogenized parameters. The estimation procedure depends sensitively on the
subsampling rate, which itself depends on the unknown scale parameter of the multiscale
system. Above all, they showcase that different unknown parameters in multidimensional
homogenized models require different subsampling rates, advocating for extreme care
when handling multidimensional estimation problems. In the subsequent work [PPS09],
the authors expanded on the previous results for the MLE and proved on a very rigorous
and general level that the MLE is asymptotically biased under weak misspecification but
can be repaired with appropriate subsampling. Chapter 7 of [PPS12| gives a unifying
summary of the preceding two papers and provides additional material regarding estima-
tion problems for multiscale models.

The idea of subsampling data has already appeared prior to these publications, for ex-
ample, in the context of market microstructure and high-frequency financial data [AMZ05;
ZMAO5]. In the years after, similar subsampling strategies have been investigated, as well,
see [Aze+13; OSP10]. Despite the apparent success of subsampling in multiscale SDE set-
tings, the authors in [FR11], for example, discuss limitations and accuracy issues of the

7
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subsampling procedure in the context of estimation for diffusion coefficients in homoge-
nized models. They instead propose a diffusion coefficient estimator with a preprocessing
step involving the filtering of drift contributions, although one must note that they re-
quire prior knowledge of the homogenized drift coefficient, which potentially mitigates the
practicality of their approach.

The keyword filtering already fell in the preceding paragraph and recently brought a
multitude of estimation methods applied not only to multiscale systems but also to other
stochastic dynamical systems. For instance, the authors of [Abd+23; GZ23| introduced
a technique of filtering multiscale observations through a low-pass exponential filter to
then use these filtered observations, in addition to the original observations, in a modified
MLE and diffusion coefficient estimator. Under certain assumptions on the multiscale
system and the homogenized equation, they proved the asymptotic unbiasedness of their
estimators. Motivated by these results, the filtering approach has then been successfully
combined with martingale estimating functions based on eigenfunctions of the generator
[APZ22] and, more recently, with stochastic gradient descent in continuous time [HZ24]
to infer homogenized quantities. In addition to multiscale systems, the same filtered data
approach has been applied to stochastic processes driven by colored noise [PRZ25]. A
nuanced analysis of this whole approach is given in the PhD thesis [Zan22].

Another popular source for estimators are martingale estimating equations. To give an
example, the series of works [KPK13; KKP15; Krul8], which was also applied in [Kru+15]
to paleoclimatic and biological data, is based on such martingale estimating equations in
a semiparametric framework under weak misspecification. Instead of a single long multi-
scale observation, they assume to have multiple short trajectories as observations, which
makes it possible to approximate certain conditional expectations necessary for the ap-
proach to work. This approximation is accomplished through specific Nadaraya-Watson
techniques. The effectiveness of this approach has been shown in several numerical studies
of these publications, but theoretical justification for robustness are, thus far, still limited.

Other noteworthy contributions include the series of works [GS17; GS18; SC13], where
they use appropriately adjusted maximum likelihood estimation for homogenized models
that emerge from a multiscale system with vanishing noise in the limit, so that the homog-
enized equation is actually deterministic, rather than an SDE. In [CV11], the authors take
advantage of the asymptotic closedness of the eigenvalue problems between the genera-
tor of the multiscale SDE system and the generator of the homogenized SDE to perform
nonparametric drift and diffusion estimation for the homogenized model by estimating
operator eigenpairs through Galerkin methods. The effectiveness of their method has
been numerically tested, although statistical properties of their proposed estimators have
not been investigated in that paper. Regarding diffusion coefficient estimation without
the usage of hyperparameter-dependent subsampling or filtering, there exists the paper
[MP19] where the authors propose a so-called extrema quadratic variation estimator for
the diffusion coefficient of the homogenized model in the case when the slow variable is
of bounded variation. Their estimator is inspired by the total quadratic variation from
rough path theory and employs a natural subsampling. The result is a purely data-driven
estimation method without the need of adjusting any hyperparameters, e.g., subsampling
rates or filtering widths.

This brief presentation of existing methodologies for the estimation of homogenized
quantities from multiscale observations shows that there are quite some commonalities
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between the different methods and the way they are analyzed. To reiterate, there are
many approaches that alter the observations through subsampling or filtering and there
are approaches that focus on certain objects or quantities which already behave well under
multiscale observations, such as martingale estimating equations or spectral quantities of
the generators. The estimators that we will analyze in this thesis follow a similar spirit
as the latter approaches. More specifically, we aim to analyze quantities that already
behave well under weak misspecification. In our case, these will be time averages of the
observations and integrals with respect to invariant measures. Ultimately, our goal is two-
fold. On the one hand, we want to develop estimators that can be numerically validated
in their asymptotic properties and, on the other hand, we want to rigorously justify not
only their robustness but also asymptotic normality, where proofs for the latter property
are a fairly rare sight in the field of estimation under multiscale observations.

1.4 Contributions and Outline of the Thesis

Although we will provide more detailed and motivational introductory material for each
chapter separately, let us at least give a crude overview of the thesis and present some of
the most relevant contributions here.

In Chapter 2, we motivate, present, and discuss a plethora of limit theorems for certain
functionals of continuous observation paths coming from the solution process X¢ of a

weakly perturbed SDE model. More specifically, we will develop a general mean ergodic
theorem (MET) of the kind

T/ (X%) dt—>/ w(x)dxr, e—0,

where h, and h are functions from an admissible class such that h, — h as ¢ — 0,
T. — oo as € — 0, and p is the invariant density of a limit SDE. We provide a qualitative
convergence result and a quantitative convergence result with explicit convergence rates
with respect to €. A bigger theoretical obstacle that we successfully overcome in our
analysis is the one of a nonstationary initialization of the SDE process; in other words, we
do not assume that we start the process with the invariant distribution but rather with
an arbitrary deterministic initial state. Building on these results, we will then prove a
central limit theorem (CLT) of the type

\/_/ (X7 dt 25 Ny (0,72), £ 0,

where h. is an appropriately centered function and N;(0,7?) is a normal distribution
with mean zero and variance 72 > (. These results are novel in the sense that we actually
establish well-defined long-time behavior of quantities for which homogenization results
thus far only exist with respect to finite time intervals. To be more precise, in Section 1.2,
we have mentioned that the slow process X¢ converges weakly to X in C([0,T];R9) as
e — 0 for fixed 7" > 0, but here we consider a time horizon that diverges to infinity. The
reasons for coupling the time horizon with the small scale parameter ¢ will be motivated
in Chapter 2. However, a shortcoming of the acquired results is that they are formulated
and proved only for 1-dimensional processes and when the slow variable is decoupled from
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the fast variable of the multiscale system. At least some words of solace with respect to
this matter are that a lot of these results are stated in a more general setting than what
is enforced through the diffusion approximation via homogenization. Additionally, the
1-dimensional case is a useful didactic tool for the multidimensional case, for which we
will give comments and proof ideas, as well. The work of this chapter is mainly based on
the submitted paper [BK26] and in parts on the results in [Bor+25; BKP25].

With these limit theorems at our disposal, we are then in a position enabling us to
analyze the specific estimation problems we are interested in. We start this endeavor in
Chapter 3 by considering parametric estimation problems. We define a general statisti-
cal framework for parametric inference under weak misspecification, introduce different
notions of robustness, and investigate the asymptotic properties, such as robustness and
asymptotic normality, of several parametric estimators. For instance, we will meticu-
lously analyze the following minimum distance estimator (MDE) that is defined through
a minimization problem

2

! du(u),

Te
q € : - T ye T
7. (X¥) € arginf Tg/o exp (zu Xt) dt — /Rd exp (w :v) du(9, )

9e0®q JR4

where v is a selectable weight measure and p(4,-) is the invariant measure of a limit
process, parametrized by the parameter ) € ©y which we are trying to estimate with the
given observations of X¢. Although minimum distance estimators are well-studied in the
existing statistics literature [Wol57; Kut94; Vaa98; Pra99|, available results on asymp-
totic properties of such estimators under weak misspecification and, especially, results
concerning asymptotic normality in a setting where observations come from a multiscale
SDE model are limited. In this thesis, we provide such a thorough theoretical and em-
pirical analysis of our proposed minimum distance estimator. The work of this chapter is
primarily based on the submitted papers [BK26; BKP25].

Chapter 4 is dedicated to a topic of nonparametric estimation where we employ the
following projection approach based on Hermite expansions for the nonparametric esti-
mation of homogenized invariant densities, i.e., we analyze the estimator

Ne—1 T
~¢ _ ~g ~g _ 1 € XE) d
'LLNsaTs - Z aanE 1/)”7 &n1Ts B T 0 ¢n( t) t?
n=0 €

where (¢,)nen, is the Hermite orthonormal basis of L*(R). Under a certain set of as-
sumptions and specific scaling conditions on the number of Fourier coefficients N. and
the observation time 7., we establish, theoretically and numerically, that this estima-
tor recovers the invariant density pu € L*(R) of the homogenized overdamped Langevin
equation (1.2.12) when using observations of X*¢ of the multiscale overdamped Langevin
equation (1.2.10). We prove this robustness, a functional CLT in L*(R) and we remark
possible extensions to other spaces and multiple dimensions. The novelty of our results
lies again in the rigorous mathematical analysis of a nonparametric estimator under the
aspect of weak misspecification. While the presented results build upon the submitted
work in [Bor+25], they are substantially extended here.

Finally, in the Appendices A, B, and C, we collect somewhat advanced topics from
stochastic calculus, basic concepts from the theory of weak convergence of measures on
different spaces, and technical derivations of a priori interior estimates of the Schauder
type for parabolic partial differential equations.
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Limit Theorems

Limit theorems are some of the main technical pillars for the rigorous analysis of asymp-
totic properties of statistical estimators. Without a good set of general limit theorems, it
becomes tedious to prove asymptotic results for every new estimator over and over again.
In particular, having a type of law of large numbers and central limit theorem builds the
backbone of any serious asymptotic analysis of estimators. Hence, this whole chapter
is dedicated to the derivation of qualitative and quantitative limit theorems of certain
functionals of the observation X¢. Although the limit theorems that we are about to
present are very well-studied in the case where no e-dependence is present, there appears
to be a theoretical gap for general limit theorems in a setting of weak misspecification.
Thus, we aim to partially fill this gap by proving a number of limit theorems in such a
setting. As already mentioned in the introduction, we are, thus far, able to prove these
limit theorems in the 1-dimensional case only. This is due to some technical limitations
that will become apparent soon. Nevertheless, we do provide several hints and ideas for
the multidimensional case.

In the first section, which is itself divided into two subsections, we motivate the type
of limit theorems we are interested in. The application of these limit theorems to specific
estimators occurs in the later chapters only. The first subsection is devoted to a qualitative
limit theorem without explicit convergence rates but fairly mild assumptions. Several
interesting tools from stochastic calculus, e.g., the Meyer-Tanaka formula and occupation
density formula, are employed in this subsection. In the second subsection, we then impose
stronger assumptions which allow us to prove a quantitative limit theorem with explicit
convergence rates. The second section deals with certain tail probabilities of the process
X°¢ and their convergence to zero as € — 0, a result which is especially useful for the proof
of the CLT, which is obtained in the third section through the well-known technique of the
Poisson equation. Finally, in the last section, we verify that the multiscale overdamped
Langevin equation (1.2.10) fulfills the main assumptions of the limit theorems and we
prove several other related asymptotic results in this case. As a side note, we supplement
this chapter with remarks on multidimensional extensions of the limit theorems at the
end of certain sections. These remarks are devoid of the utmost mathematical rigor and
act more as an illustration of challenges and prospective research ideas.

This chapter is fairly technical, with some of the proofs even deferred to Appendix C,
but the usefulness of our main results will eventually manifest in Chapter 3 and 4. Also,
Appendix A is a useful reference aid for this chapter and we will frequently refer to the
results stated there.
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Chapter 2. Limit Theorems

2.1 Ergodic Theorems

Since the details of this chapter may obscure the idea, we first outline a thorough high-level
reasoning behind our analysis. For this, we recall the multiscale overdamped Langevin
equation (1.2.10) for d = 1

1, /X7
dXE = —aV'(X5) — ~p/ (t) dt + V20 dW,, te[0,T), (2.1.1)
€ €
and its homogenized limit equation

dX, = —akV'(X,) dt + V20K dW,, te€][0,T]. (2.1.2)

In the paper [PS07], the authors analyzed maximum likelihood estimation built on basis
of the homogenized model equation (2.1.2) in order to estimate the homogenized drift
parameter o/C in (2.1.2). The MLE is given by the formula

R V(X dXy

Ap(X) = GO (2.1.3)

They then proceed to show that this estimator is asymptotically biased in the sense that
it estimates the unhomogenized drift parameter « in (2.1.1)

. . N E _

lim Tlgr;o Ap(X®) = «, almost surely, (2.1.4)
and propose, in addition to their estimators with subsampling, the following drift estima-
tor

. IS orse

Ar(X) = VX di (2.1.5)

which requires an estimate 3 for the coefficient o/C in (2.1.2). They establish the following
result

A

~ by
lim lim A7r(X®) = —a, almost surely, (2.1.6)
o

e—=0T—00
showing that their estimator is asymptotically unbiased in the sense that the homogenized
drift parameter is correctly estimated if S = ok.

As we can see, their established limit results are sequential in nature, that is, they first
let the time horizon T' — oo and then € — 0. One of the main theoretical tools applied
in that paper are limit theorems for SDEs. More precisely, if we consider the solution X
of the general 1-dimensional SDE

dX, = F(X,)dt + X(X,)dW,, t€]0,T], (2.1.7)
and suppose that X has an invariant density g on R, then, under various assumptions,

there exist well-established limit theorems in the literature, cf. [Kut04; DZ96; MT59;
KMN12], of the type

;/OTh(Xt) dt > [ hayur)de, T = oo, (2.1.8)

12
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for a suitable test function h, with the convergence understood either in the mean or
almost sure sense, or as convergence in probability. In their most general form, Birkhoff-
Khinchin’s ergodic theorem or Von Neumann’s mean ergodic theorem [DZ96] are used to
derive these results, and, as such, they then act as a limit theorem for solutions of SDEs
in the same way as the law of large numbers acts as a limit theorem for random variables.
Another closely related limit result is the CLT

\/_/ (X,) dt 25 N(0,72), T — oo, (2.1.9)

for a function h centered with respect to u. We want to extend the preceding two types
of limit theorems in the following way for a particular class of SDEs, including (2.1.1),
given by the solution X¢ of the 1-dimensional SDE

dX; = F.(X7)dt + S(X)dW,, € [0,T], (2.1.10)

where F. depends on € > 0 in a way that we will soon specify. Assuming this general
framework, our aim is to prove the following two limit theorems. Firstly, an MET of the

type
—/ L(XF) dt —>/ w(a)de, & — 0, (2.1.11)

for a suitable sequence of functions h. depending on € such that h. — h, and exploding
time horizon such that T, explicitly depends on € with T, — oo as € — 0. Secondly, we
want to prove a CLT of the type

\/_/ (XE)dt 25 N (0,72), & — 0. (2.1.12)
In the aforementioned reference [PS07], as well as in [Krul8; Abd+23; HZ24; GZ23;
PRZ25], the authors utilize sequential limits to prove asymptotic properties of their es-
timators, that is, they first let T" — oo and then € — 0, or vice versa. As far as we
know, the case of taking coupled limits as in (2.1.11) and (2.1.12) where almost every
relevant quantity depends on € has not been considered yet. At first glance this coupling
of observation time with the scale parameter might seem unmotivated, but, in fact, it
is particularly important when rigorously proving asymptotic normality of estimators for
misspecified models. To be more precise, in statistical estimation problems under weak
misspecification, one often has to deal with quantities like

T [ B = (. ()= [ Bt da,

but, in order to prove a CLT for this time integral, the function h needs to be centered
with respect to the correct invariant density, which is p. here, the one associated with the
process X¢. Doing so, we obtain the simple splitting

— (R dt (hue dt + VT () — (h)) -

L h(X L h(X

VT /0 VT /0
But here comes the crux. Due to the second summand, we cannot rigorously justify a
sequential limit as in the previously mentioned references, i.e., letting T — oo and then
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e — 0. We let T" depend on ¢ so that we can leverage the two factors in the second term
and obtain a rigorous and logically sound CLT. Some authors, such as the ones of the
paper [Abd+23], derived a CLT for their estimator formally, but not on the systematic
mathematical level as we aim for.

At this point, one might argue that exchanging the order in the sequential limit, i.e.,
letting ¢ — 0 first and then 7" — oo, fixes the problem. And, indeed, given certain natural
assumptions (e.g., weak convergence of X¢, ergodic theorem for X), it is almost trivial to
obtain, for example, the sequential limit

1 (T
Jim tim — [ (X7 dt [ h@)n() dr, (2.1.13)
for a sufficiently regular test function h such that the continuous mapping theorem for
weakly convergent sequences holds. However, there is a practical reason for why one does
not want to consider the limit order in (2.1.13). If we let ¢ — 0 first, then this is as if we
were to assume that we already have data from the limit process X, a setting we are not
considering here. Additionally, we need to emphasize that we generally have no control
over the scale separation parameter e. What we do have control over is the time horizon
T and what many other authors do assume is that ¢ is small but not vanishing. Hence,
the sequential limits

1 T
lim lim - / ho(X2)dt 2 / hz)p(z) dz, (2.1.14)
0 R

e—0T—o00

are more appropriate to consider and this can be seen numerous times in the literature,
cf. [Abd+23; MP19; PPS09; PRZ25; PS07].

The avoidance of analyzing coupled limits can possibly be attributed to the technical
difficulty that many relevant quantities and bounds explode for ¢ — 0, so that classically
established results in the literature for SDE processes cannot be applied directly. In
addition to that, many results concerned with the homogenization for SDEs are obtained
for fixed, finite time horizons T" and ¢ — 0, so that existing bounds and estimates in that
field of study will be rather crude and insufficient in terms of 7. Hence, an important
objective in the following sections will be to identify quantities that actually behave well
and we will see many instances of those.

2.1.1 A Qualitative e-Dependent Mean Ergodic Theorem

Let (2, F,P) be a complete probability space with filtration (‘Ft>t€[0,oo) that satisfies the
usual conditions, cf. Appendix A, and consider a 1-dimensional standard Brownian motion
W := (W;)ieo,00) On that probability space.

Fix 2y € R once and for all as the initial condition for the following 1-dimensional SDE
in R, depending on a small parameter € > 0,

dXF = FL(X5)dt + S(X5)dW,, te[0,T], X& =y, (2.1.15)

with suitable Borel-measurable functions F.: R — R, ¥: R — R. Assume, for the
moment, that there exists a unique strong solution to this SDE on the given probability
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2.1. Ergodic Theorems

space. We suppose a setting in which X¢ converges weakly in C'([0,T];R) to X as ¢ — 0,
where X is the unique strong solution to the SDE

dX, = F(X,)dt + (X)) dW,, t€0,T], Xo=mo, (2.1.16)

with Borel-measurable functions F: R — R and ¥: R — R and a standard Brownian
motion W := (W, )sc[0.00) 00 a potentially new probability space. Under Assumptions (C)
and (MET), which will be introduced soon, the following scale functions exist and are
twice differentiable on R with strictly positive first derivative

fe(z) := /Ox exp (— Oy 2X]F£€,Z()ZZ) dz) dy, f(x):= /0:C exp <— /Oy 2;;52) dz) dy. (2.1.17)

These functions are harmonic with respect to the differential operators

1 o1
[’a = Fa ax + 522 axza L= Faa: + 522 axxa (2118)

respectively, that is, L. f. = 0and Lf = 0. Setting £° := f.o0 X®, £ := fo X, and applying
It6’s formula yields the transformed SDEs

1

dfts - (5 ) th7 te [OvT]a 5(6) = fa('xO)a (2119)
d&; = p(l&) dV_Vt t e [O,T], & = f(l’(]) (2120)
Here, the functions p. and p are given by
1 1
= Seiie@ T Semreey 5 B

where ¢ and g¢. are the inverse functions to f and f., respectively. The transformed
processes £° and & are in the so-called natural scale because they satisfy an SDE without
drift and thus have the identity as their scale function, respectively. Note also that f!
and f’ are strictly positive implying that g, and ¢’ are strictly positive, as well.

In the following, we want to derive an "e-dependent” MET, i.e., under appropriate
assumptions and for arbitrary initial conditions, we want to prove the validity of

1T
Bl [ o) dt - /% )pe(y —>0, £ 0, (2.1.22)

T. Jo

where ¢.: R — R is a sequence of Borel-measurable, real-valued functions, C,,
Jg p=(x)*dz, and T. — oo as € — 0. If we further assume the convergence

2 2.1.2
c /% Y)pe(y dy—>C/ p(y) dy, €—0, ( 3)

for some function ¢: R — R and C, := [z p(z)? dz, then

2

E —0, &—0, (2.1.24)

7 [ o= & [ ety

15



Chapter 2. Limit Theorems

follows. To prove (2.1.22) we will follow the material by Gikhman and Skorokhod [GS68]
on the one hand and by Sundar [Sun89] on the other hand. They proved the MET for
the case where no e-dependence is present and the limit is established for T" — oo. We
will carefully adapt and combine the separate approaches whenever necessary.

In this section, we will constrict ourselves to the following assumptions:
Assumptions (C).

i) The functions F and X are locally Lipschitz-continuous on R, X2 is strictly positive,
and F/¥? is locally integrable, that is, for all x € R, there exists a § > 0 such that

z+0 F
/ 7|, W)l dy < oo. (2.1.25)
x—94 E(y)Q
ii) The function Y is locally Lipschitz-continuous on R, X2 is strictly positive, and
F./32 is locally integrable for each fizred € > 0. Moreover, for anye > 0 and N € N,
there exists a constant Ly > 0 such that for all z,y € [—-N, N]

Ly
‘Fs<x) - Fs(y)| < €T|x - y|'

Remark 2.1.1. Most homogenization results for SDFEs are, to the best of our knowl-
edge, established under global Lipschitz conditions, cf. [BLP78; Par99; PVO01; PS08;
RX21; DDP23], but, according to [PSV7T7], it is possible to relax the assumptions to local
conditions as long as the solution to (2.1.16) has almost surely infinite explosion time.

Assumptions (MET).

i) lim, 100 f(2) = £o00.
i) C, = [pplx)*de < oo.
iii) There exist constants cy, s, Cy, Cs, > 0 such that for all e > 0 and on R,

crf LSO, ¥ <3P < OnF2

We are not suggesting that these assumptions are minimal requirements for the follow-
ing results to holds. On the contrary, some of them, e.g., the pointwise bounds in (MET)
iii), can be rather restrictive and for certain proofs even superfluous. Indeed, the same
results can be obtained if, for example, in (MET) iii) there exist two integrable functions
k1, ko such that c¢pky < fI < Cyky on R. But in order to keep the exposition clear without
repeating similar arguments and altering assumptions over and over again, we will stick
to them throughout this work. Note, however, that we do not impose global Lipschitz
conditions on the drift coefficients, as it was done in [GS68] and [Sun89]. We also need to
emphasize the circumstance that the local Lipschitz constant in (C) ii) explodes as ¢ — 0
and we need to let the test functions in the integrals to depend on €. This makes the
analysis substantially more difficult compared to the case where there is no e-dependence
in the coefficients and in the time horizon.

16



2.1. Ergodic Theorems

Remark 2.1.2. As it has been established in [GS68, §18] and [Sun89] but will also become
apparent here, the invariant density of a stochastic process X defined through an SDE
such as (2.1.16) exists whenever its corresponding scale function satisfies f(x) — +oo as
x — £o00, and the function p? is integrable. In this case, the invariant density of X is
given by

p(x) == Zil(x)Q exp < OI ;Ty(z)/) y) A / 2 exp ( Ox 221:(;53)/3 dy) dx. (2.1.26)

For fized € > 0 and under analog assumptions, a similar formula holds for the invariant
density of X¢, namely

pe(x) == 2521(35)2 exp < OI 221%?5)3/2 dy) . L= /RE(y)_2 exp ( Ox 22122/()3/2) dy) dx.
(2.1.27)
Observe that an ordinary integral substitution gives
1 rIe T
7 b pe(X7)d /soe x)pe(z T p:(9:(&)) /soegs ))p=()* du,

indicating that it is indeed sufficient to prove the mean ergodic theorem for the process
in the natural scale (2.1.19). We start with a lemma that summarizes some properties,
following from Assumptions (C) and (MET). These simple facts will be used throughout
what follows.

Lemma 2.1.3. Assume (C) and (MET). Then the following hold:

i) For each of the SDEs defined in (2.1.15), (2.1.16), (2.1.19), (2.1.20) with their given
initial conditions, there exists a unique strong solution. Furthermore, for e > 0, we
have the moment inequality

E 6] < |fe(zo)exp(t), T € [0, 00). (2.1.28)

ii) There exist constants d,, D, > 0 such that d, < C, < D, for all e > 0.

iti) For every § > 0, there exists an M > 0 such that for all € > 0,

/ p:=(y)? dy < 6.
ly|>M

Proof. We will prove each of the statements separately.

i) Strong uniqueness for (2.1.19), (2.1.20), and inequality (2.1.28) are a consequence of
Theorem A.2.3. Indeed, the generator of £°, whose general definition is given in Appendix

A, equals

L,
a @m
oPe

so that the function v(x) := |z|, z € R, satisfies (A.2.13) and (A.2.12) for R = c=1. The
same ideas apply to . Strong uniqueness for (2.1.15), (2.1.16) now follows from [KS91,

17



Chapter 2. Limit Theorems

Proposition 5.5.13], because the existence of a strong solution to an SDE transformed
by the scale function is equivalent to the existence of a strong solution to the original
equation. Note here that, according to Feller’s test for explosions [KS91, Problem 5.5.27,
Theorem 5.5.29], the solution processes do not explode in finite time due to (MET) 1).

ii) This follows by a simple integral substitution and (MET) iii), namely

1
< 2d
/ Y(g-(y f’ g:(y / Xy T cxey /Rp(y)

and, similarly, for the lower bound.

iii) First, (MET) iii) implies that

crf < fe <Crf, onR, (2.1.29)

for any € > 0. Now let § > 0 be arbitrary. Due to (MET) ii), we can choose M > 0 such
that

2
ply)” dy < dcsey,
/|y>M/<cfvcf> ) d

where ¢y V C = max{cs, Cr}. Using this inequality, (2.1.29), and the strict monotonicity
of f, f-, g, and g., we can therefore estimate

/ pe(y)* dy = by 1 / _ W
yi>M =M (Y2 fL(y) ~ escr Jirw)smieves S(y)2f (y)
1 2
= y) dy <6
CxCy Jly|>M/(cyVCy) p( )
for all e > 0. ]

Under Assumptions (C) and (MET), we define, for any z,y € R and ¢ > 0, the
stopping time 7Y (£5%) := inf{s > 0|£5" = y}, that is, the time that the process £5°
solving (2.1.19) with £ = x requires to get to the point y for the first time. By [GS68,
§16, Theorem 1], we have

P (pe” =oc) <P (e = o) =1

so that P(7Y (£5%) < co) = 1, that is to say, £5* is a recurrent process, cf. [Dur96, Section
6.3]. Set also 7(®®) (&%) = inf{s > 0[&5® ¢ (a,b)} for any interval (a,b) C R and

€ (a,b). By [GS68, §15, Corollary 15] and some rearrangements of terms, we get the
formula

T —a b—x

b
E (@b (&%) = — / 2(b — z)pe(z)2 dz + b

/I 2(z — a)p.(2)*dz.

— a Ja

The following lemma gives explicit formulas for mean hitting times of the process £5% in
terms of its invariant density. The proof for it is found under [GS68, §18, Lemma 1]. As
€ > 0 is fixed in this case, nothing needs to be modified.

18



2.1. Ergodic Theorems

Lemma 2.1.4. Under Assumptions (C), (MET), for fized ¢ > 0, and for any x,y € R
with y < x, we have

E7Y(£5%) =2(x — y) /:) pe(2)*dz + 2 /yx(z —y)pe(2)? dz, (2.1.30)
while for <y, we have
E7Y(£5%) =2(y — z) /_w pe(2)*dz +2 /y(y — 2)pe(2)*dz. (2.1.31)

The next proposition essentially shows that time averages of the process forget their
initial condition as the time horizon grows.

Proposition 2.1.5. Let (¢:):~0 be a uniformly bounded sequence of Borel-measurable,
real-valued functions on R. Under Assumptions (C), (MET), and for any z,y € R and
e >0, we have

1
L /IE
1. Jo el T

Proof. The proof is basically analog to the original one, see [GS68, §18, Remark 1, Lemma
2], with the only difference being the estimate

< s el Dyl —ul

2.1.32
- (21.32)

E7Y(£5%) <2D,|x —yl,

which is an immediate consequence of Lemma 2.1.4 and Lemma 2.1.3 ii). [

Before we proceed, we have to introduce a sequence of nondecreasing stopping times
that will aid us several times in the subsequent proofs. The introduction of this stopping
time is mostly a technical inconvenience due to the local Lipschitz conditions on the
coefficients but, nonetheless, required to make the arguments that follow rigorous. In the
subsequent material, a lot of the notation and the results are explained in Appendix A,
so that we do not always introduce everything. To carry out the localization procedure
through the stopping times, fix ¢ > 0, x € R, and a bounded, Borel-measurable function
v.: R — R. We define the following processes

t
K¢ ::/ o (€57)ds, te0,00), (2.1.33)
0

t
ME* = [Csgn(€eT — 2)p () AW, te0,00), zER, (2.1.34)
0

where sgn is defined to be left-continuous, i.e., sgn = 19 o) — L(—sc,0. The appearing
integrands, thus the integrals, are measurable and adapted to the filtration (F;)
For any t > 0, observe that we have

te[0,00) "

[ e ds <t swp p (") < o0, Pas,

0<s<t

by continuity of p-! and 5%, so that (Mf’z)te[o o) € M1 for each z € R and ¢ >
0, where .#%'°° is the space of continuous local martingales starting in zero. Given
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Chapter 2. Limit Theorems

the boundedness of . and the fact that the quadratic variation process (M®?) satisfies
d{M®%), = p=2(£57) ds, a similar argument shows that

t
(vaz = / K dez> W
0 t€[0,00)

for each z € R. Hence, by definition of .# °°, there exists a nondecreasing sequence of
stopping times (7.7°")nen Of (F),¢(9,00) SUch that 7,74 — oo, P-a.s., as n — oo and

(Mez%z

tAT, )tG[0,00) ) tATEE

(1; )te[opo) € M, (2.1.35)

for each n € N, where t A77=" = min{t, 77="} and . is the space of continuous, square-
integrable martingales starting in zero. Note that the quadratic variation process of I=*
is given by

(1) = [ (K2 ) ds, e 0.00)

In particular, it does not depend on z € R. Therefore, and because (/%) and £% are
continuous, we can additionally choose the localizing sequence 775" in such a way that

(I9%) nrgee <, and [E70 e <y Poas, (2.1.36)

for each n € N and all z € R. Indeed, all we have to do is replace 7,7=* by s, A 7,757
where s, := inf{t > 0| (I€Z> >nor [§7°| > n}. Here, we used the notation £ .. for
the map [0,00) 3 ¢+ &0 oo defined elementwise on 2, and similarly for (15%) .\ <.

In addition to the previous localization procedure, recall the Meyer-Tanaka formula
(A.1.10) for a continuous local martingale, say Y; = Yy + M; with (M;)iejo,00) € A1,
that is, for z € R and t € [0, 00), the identity

t
Y, — 2| = Yy — | +/ sgn(Y, — 2)dM, + LE(Y), P-as., (2.1.37)
0

holds. Here, L;(Y') is the local time process for Y, cf. Theorem A.1.9. Recall also the
occupation density formula (A.1.9) that gives us the identity

/Otk(Ys)d<M)s = [ KL Y)Yz 1e ), Pas, (2.1.38)

for every Borel-measurable function k: R — [0, 00).

We will now utilize these formulas and the introduced sequence of stopping times to
prove a result similar to Proposition 2.1.5. The proof idea is borrowed from [Sun89], but
note that we do not assume global Lipschitz conditions here, and we need an explicit
estimate rather than just a qualitative convergence statement.

Proposition 2.1.6. Let (¢:)eso be a uniformly bounded sequence of Borel-measurable,
nonnegative functions on R with U.~o supp(v:) C [-R, R] for some R > 0. Under
Assumptions (C) and (MET), and for any x,y € R and € > 0, we have

SSL1p5>0 ||90€||00Dp|x - y|
T. '

Te
tE oo dt——/ LE . (& (2.1.39)

T2
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Proof. Assume without loss of generality that x > y. Using Fubini’s theorem, we first
have

é R e.(67) t—f/ tE o.(€
9 T T

—TEQ/O | Ee(&7) ~Ee.(&7) dt ds (2.1.40)
2 [T

=7 Jy E . (§7) —Ep (&) dt — / /goe — () dt ds.

Define 7,, := 77" A 7= through the previously constructed stopping times. With the
occupation density formula (2.1.38), we can write

E "7 66— 0o dt = E [ (2002 [Lonr, (€)= Lin, (6€7)] d2 (2141

for any s € [0, 00). The Meyer-Tanaka formula (2.1.37) gives

SA\Tn,
s/\‘rn<€€m> = ‘ g}\zTn - Z| - |‘r - Z| _/0 Sgn(gi@ - Z)p;1<€i’m> dWT? IP’—a.s.,

and similarly for LZ,. ({£5¥). The respective stochastic integrals in these formulas are
martingales, cf. (2.1.35), starting in zero and, thus, have expectation zero. Hence, it
follows that

E |Lipg, (€7) = Lipy (6Y)] = BIEE, — 2| — |z — 2| —E|&Y, — 2| +]y— 2| (2142)

With the uniqueness of the solution to the SDE (2.1.19) and = > y, a stopping time
argument shows that £&* > &Y for all r € [0, 00), P-a.s. Indeed, if 7 is the first time that
5" and £%Y coincide, then, by uniqueness, they must do so for all times afterwards as
well. Using this fact, a simple case distinction and the triangle inequality show that

E|& —z]<IE[ —S’y}:x—y,

- Z’ s/\‘rn SATn

S/\Tn ‘ S/\Tn
ly—zl—lr -2 <z—y
where we also used the martingale property in the first line. Therefore,

|: SATp, (5656) - S/\T (éa y)} S 2([E - y) (2143)

Observe that by (2.1.36), the compact support of ¢., and the Burkholder-Davis-Gundy
inequalities (A.1.8), we can upper bound and obtain

E [ [¢c(2)lpo(2)*Lin,, (€) dz

SATp,

<E [ ool |Je5z, — =1+l =21+ | [ senlee - 2 (67)

T}dz

r}dz

SN\Tn
<llpello [, 0ol [EIEER |+ el + 202 + B | [ snep - )02 (€27)
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< lleelloeDy [+ |2 + 2R + ByoB (105, ] < l@ellaoDp [+ || 4+ 2R + Byyan'?] < oo,

where By, > 0 is the universal constant coming from the Burkholder-Davis-Gundy in-
equalities for m = 1/2. A completely analog estimate is obtained if LZ,, ({*7) is replaced
with L%, (¢€%Y). Hence, we can use Fubini’s theorem together with (2.1.43) to obtain the

SN\Tp,
estimate

E [ (2002 [Lins, (6€7) = Lins, ()] dz < 2w =) [ pul2)pel)? 2.

Letting n — oo, the dominated convergence theorem implies through (2.1.41) and the
preceding inequality

B [ ou6) — oul6) dt < 20w — ) [ ea(e)pul2)dz < 2w~ ) sup leloaD
for any s € [0, 00). Therefore, we conclude from (2.1.40) and Proposition 2.1.5

88U~ ||z loo Dp(T — y) n
T. '

E,T 2

T2 Etcpg( )dt|

Since £57 is a Markov process, cf. Appendix A and Theorem A.2.3, we have the follow-
ing stationarity result, whose proof can be obtained, once again, by the same arguments
as in the original material in [GS68, §18] since ¢ is fixed here.

Corollary 2.1.7. Let € > 0. Under Assumptions (C), (MET), for any t € [0,00) and
any Borel-measurable function ¢.: R — R with [ |¢-(x)|p:(2)* dx < 0o, we have

/E% pe( Qdyszsoa(y)pa(y)Qdy- (2.1.44)

The following lemma gives us another key ingredient for our sought-after main result.
If we have a convergence like in (2.1.23), then this results shows that time averages of the
process 5% converge in expectation to the space integrals with respect to the invariant
measure as the time horizon grows.

Lemma 2.1.8. Let (p:)es0 be a uniformly bounded sequence of Borel-measurable, non-
negative functions on R. Under Assumptions (C) and (MET), we have

1 1
L g e dt——/ ()p-(y)? dy| — 0, 0, 2.1.45
= medea - o [enotira] o, o (2145

for x. := fo(xy). Similarly, if U.sosupp(¢:) C [=R, R] for some R > 0, then

2
T2 Jo

t]E%( i) dt—cf/gos y)p-(y dy‘ —0, £—0. (2.1.46)
Pe

Proof. We will only prove the first claim (2.1.45) as the proof of the second claim works
the same. For that second claim we would only have to replace estimate (2.1.32) with

(2.1.39) in the following.
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To prove claim (2.1.45), we first obtain from equation (2.1.44)

/ E . (67°) t_Clps/Rsoa(y)pa(y)Qdy

1|1 T
— = [ Eegdt [ p.) d—f//ng’yg%zdt
CpeTso p y S Eee(&)pe(y)  dy
—o [ [ Bede™) — B at) pty2a
O e \ T2 o Pel&t P\y)~ ay
—l2swp el [ pw)dy
P e>0 lze—y|>T:
1 E,Te £,Y 2
V[ [ R ~ Bl dt] ) dy |
jee—y|<T= | T2 Jo
For the second term inside the brackets of the last line, we use estimate (2.1.32) to get
L g @yt /
T Jo Pe w0 (y)pe(y
(2.1.47)
28Up, g || e l/ 2 2D, 2
< = \Y dy+7 Te —Y|Pe\Y dy
dp |$6*y‘>Tsp ( ) TE \%*?ASTE’ ‘p ( )

Now let § > 0 be arbitrary. By Lemma 2.1.3 iii) we can choose M > 0 such that for all

e >0,
/ pe(y)’ dy < 0.
ly|>M

Therefore, for sufficiently small ¢ > 0, we have with (2.1.29)
/ pe(y)* dy < pe(y)* dy < pe(y)* dy <9,
|ze—y|>T: ‘y|>Te |ze| |y|>Ts_(chCf)‘f($O)‘

1

TE |ze—y|<T:

and
7. — ylp-(y)* dy

1
=— [/ 2. — ylp-(y)* dy + 2. — ylp(y)* dy
To | J|ze—y|<T:, ly|<M |ze—y|<T-, |y|>M

cr VO f(xo)| + M| D
SK 1V Cy)l (To)\ ] ,0_|_/ ()2 dy
e ly|>M
< [(cp v Cf)’f;ffo)‘ +M]D,
Thus, it follows
Lot Py oo (1 + 2D
limsup —/ E@E fx‘f dt — 7/ SOa pa < sup5>0ng H ( + p)5
e—0 e J0 dp
Letting 6 — 0 yields the claim. ]
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The next lemma will be used twice in the proof of the MET. Compared to the results
in [Sun89|, we again resort to localization arguments with the previously introduced se-
quence of stopping times to account for the lack of global Lipschitz conditions; recall the
paragraphs before Proposition 2.1.6 for the definition of those stopping times.

Lemma 2.1.9. Let ¢.,v. be bounded, Borel-measurable, nonnegative functions such that

supp(¢:) C [—Ry, R1] and supp(v.) C [—Ra, Rs] for some Ry, Ry > 0. Set 71, := 17"
Under Assumptions (C) and (MET), and for all e > 0 and n € N, we have

Tg/\Tn TeNTn
E / :) / V=(£57%) ds dt
t

. (2.1.48)
:E/Rwa(z)pg(z)Z/OE ") 167, — 2l — 1657 — 2] dt .

Proof. Except where expectations occur, the following equations should be understood
P-almost surely. Applying the occupation density formula (2.1.38) gives

TeNATh e ToATn
/ wuw/ Va5 ds
Tg/\‘rn 5 =
:/0 ) / Ye(2)pe(z L;}/\‘r (§5%) — Lf(fg’%)} dz dt

TeNTh
=A%@M#A PE™) [Lin, (677) = Li(€57)] dtdz,

where we used Tonelli’s theorem in the last equality since L7 (£5%¢) is nondecreasing in t,
cf. Theorem A.1.9. The Meyer-Tanaka formula (2.1.37) yields

TeNTn
Li/\m (ga,xs) _ L?(ga’%) |€ng/\s7'n | |€8 e~ Z| o /t Sgn(g?xs - Z)ﬂa_l(g?xs) dW.,
= 655, — 2| — 1€ — 2| = [ Mz, — M7,
so that

[ e [ vt s
— /R 1Z)€(z)p5(z)2[ /0 T e I, — 2l — 16 — 2] at

Tg/\Tn
_ / o) [ Mg, — M dt] dz,

since M®*, £5%= are continuous processes, P-a.s., and . is bounded with compact support.
Stochastic integration by parts, see Lemma A.1.7, implies

TeNTn TeNTn
| KA = K Mz, - [ M dt
0 0
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TeNTn
= [ ey (M, - M7t
0

or equivalently

[ e [ v s
- /Ri/Js(z)ps(z)Ql/ng/\m () 1655, — 2 — &5 — =] dt

TeNTh,
- / K dME*| dz.
0

In what follows, we require integrability in order to apply linearity and Fubini’s theorem
with respect to E. For this, observe that, by (2.1.28) and (2.1.36), we can estimate

TE/\Tn ECC E,T €,T
E [ ) [ 6el2pe(2)? 1655, — 2l + €0 — ] dz

)

<Tlulleltell Dy (Em;’f;m\mm [ Elg™|a

Ifs | TE
STEHQOEHOOHQZJEHOOD;; +2R2—|— dt

and, using the Burkholder-Davis-Gundy inequalities (A.1.8) and (2.1.36), we can upper
bound

TeNTh

E [ @[ K dbg

dz < Bl/Q/R%(Z)Ps( )? E<IEZ>;§\T dz

S Bl/QHwE”OODpnl/z < 0.

Hence, it follows

TE /\Tn Ts NTn
B [ ) [ i s
t

—/wa z)pe(2

TeNTh,
_E / K dME*| dz.
0

e [ e i, — o — 16— <)

To reach the claim we finally use the fact that the last displayed expectation is zero due
0 (2.1.35). [

Using these preparatory results, we are now in a position to state and prove the MET.
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Chapter 2. Limit Theorems

Theorem 2.1.10. Let (¢c)e~0 be a uniformly bounded sequence of Borel-measurable, real-
valued functions on R. Under Assumptions (C) and (MET), and for x. = f.(xq) and
T. — oo as € — 0, we have

2

1
—~0, £—0. (2.1.49)

T, 1
ng/ Ea%ﬁ———/s ()2 d
) ¥ (&) . v (y)p=(y)" dy

Remark 2.1.11. In terms of the original quantities, i.e., with respect to the process X¢
that solves (2.1.15) and the invariant density p. in (2.1.27), the limit result (2.1.49) reads

as
2

E —0, £—0. (2.1.50)

= [ e = [ petwetn) dy

If we further assume the convergence

/cpa Yy dy—>/ y)dy, € —0, (2.1.51)

for a bounded, Borel-measurable function ¢: R — R, then we obtain the final MET

2

E 0, £—0. (2.1.52)

= [ ey = [ ownty)dy

Proof. We will first prove the result for the case where the functions ¢, are nonnegative
with U.s¢ supp(g.) C [ R, R] for some R > 0. Note that we can write

Lo

?/O @ (&) dt — /905 Y)pe(y
L™ igmya] |- (- <><>2d2
T. Jo Pe C, Réoeypey Y

E 1 TE E,T
_ (T;_:/O (,05( /805 /05 ) /906 ps

It is enough to prove

j{g/onwtw)dt’ < [ e-hot ) <0 (2.1.53)

because (2.1.49) then follows from the assumptions and Lemma 2.1.8. For this, let § > 0
be arbitrary. Choose M > 0 such that for all € > 0,

/ pe(y)’ dy < 0.
ly|>M

With the sequence of stopping times (7,)nen from Lemma 2.1.9, for all ¢ > 0, and any
n € N, we have

Tg/\Tn TeNTn,
IE/ :) / - (E57) ds dt
t

~E /Rsos<z>ps<z>2 [ e (1655, — o 67 o] dva,

E

limsup E

e—0

(2.1.54)
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2.1. Ergodic Theorems

and

Ts/\'rn ex TeNTn .
E/ S /t ]l[fM,M](g; s)det

Te ATy,
=F ps(y)2/0 (&) |55, =yl — 1657 — yl] dt dy.

ly|<M
Ts/\Tn 2
/ 6 yLe dt

2
= (SE%; ||90g||oo> E(T. A 70)% + pe(y)* dy E

ly| <M

(2.1.55)

First, observe that

/pa *dyE

TeNTn, 5 =
‘/0 905 8) dt

TeNTh, - 2
L et at

Let us analyze the second term in detail. Fubini’s theorem, equation (2.1.54), and the
triangle inequality allow us to estimate

2
< (sup H%HOOTE) 5+ [ ply)}dyE
e>0 ly|<M

9 TeNTh Ex 2
/ pe(y)” dy E / 0 (E577°) dt
ly|<M 0
T€/\Tn T-NTn,
\<M ]
TeATh cx . ca
-2 y\<M / pe(2)pe(z / pe (&) UfTJTn — 2| =& — z|} dt dz dy
T-NTn,
=2k y\<M /SOa 2)p-(2 / P (&) [|§§Ffim —yl = 1§ —y|] dtdz dy

TeNTy,
+4E / p-)? [ @e2p (2 [ &y — 2l dt dz dy.
ly|<M R 0

For the first term of the last inequality, equation (2.1.55) implies that

TeNTn
E/ Ps(y)Q/ @a(Z)PE(Z)Q/ 0 (£77) [|§Efim —y| =& — y” dt dz dy
ly|<M R 0
Tg/\Tn em TeNTn,
- o omrasn [ ) [t i

T-NTn,
S/sos(Z)pe(Z)deJE/ (&N Te A7y — t) dL.
R 0

For the second term, our assumptions yield

T-NTn, -
‘ / / 905 /05 / @e( E)|Z/—Z’dtd2dy
y|<M

27



Chapter 2. Limit Theorems

TeNTn
<E [C gt [ pew) [ @y — 2l d=dy

ly|<M

2
< (spllodan,) 1+ RIT.

Therefore, combining all these estimates yields

9 TeNTh e

footwrare || [
R 0

2

2
< (supusoguoon) 6+4(sup\muoon) (M + R)T.
e>0 e>0

TeNTh,
+2/ cpa(z)pe(z)deE/ o (E57) (T2 A 1y — 1) dt.
R 0

Letting n — oo and using the dominated convergence theorem gives the estimate

T 2
oo

2

2
[ o ay® < (swplleco) 544 (suplieD,) 01+ )T
R e>0 e>0

12 [ @@ oV dE [ o G)T ~ 1) it

Hence, it follows

= [ f"’“g)dtﬂ (o fetmtera)

<o fodonteras| e [T - o [l

5 2 4 2
e glloo € ooD M .
+1 (sphode) + o (suplodan,) 0+

p e>0

The RHS converges by Lemma 2.1.8 to (Sup.-g ||¢:|lso)’ /d, as € — 0, so that

1 T ; ? 1 y N 6 ?
— & — = < = .
Tg/g @ (&) dt (CpE /R%(Z)pe(Z) z) =7 (S;glgH%l&)

(2.1.56)
Letting § — 0 yields the claim (2.1.53). Thus, the convergence result (2.1.49) is es-
tablished for Borel-measurable, nonnegative functions ¢. with sup.. ||¢el|cc < oo and
Usso supp(pe) C [—R, R] for some R > 0. We now extend the convergence result to
Borel-measurable, nonnegative functions ¢, with sup,. ||¢:|l« < co. For this, let § > 0
be arbitrary and choose again M > 0 such that for all € > 0,

e—0

lim sup (IE

/ p=(y)* dy < 6.
ly|>M
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2.1. Ergodic Theorems

Define (™ := el —m ] With m* := m*(m) := m V M, m € N. We can upper bound

E|L (" )dt — —

= € ;e t_ € €

Tg/o e (& /so y)pe(
1 Te E,T E,T

ETE/Ogotfdt—/zp tfdt

1 I m £,%e
E?/Otbé)t ) dt — /soe Y)pe(y

2].

<8

We estimate the first term as follows

E|L (" )d
_ R 515 t—f Exs
TE/O e / v

2

T:
:E T SOE 6 E m*7m*]c( t& E)dt

< <SUP||906“<>0> ‘1—/ L o) (€7°) dt
EQEE 1 2
< (suplol) / Lo A= o [ pu(y)*dy
>0 pe Vlyl<m*

2 1 2
-+4<ﬂmH¢AkJ (o [ o)
e>0 pe ¥ lyl>m*
2 2 5 2
<4 (suplod | +<d)],
e>0 P

and the last upper bound converges to 4 (sup.- ||¢|ls0/d,)* as € — 0. By our previously
established result in this proof, we also have convergence of the second term for any m € N
as € — 0. The third term satisfies

2

E 1/TE]1 =) gt 1/ (y)2d
T Jo [—m*,m*} O | <m* Pe\Y Y

2

‘01 | (@) - o) pe(y)Qdy| - Clp [ e re () (1) dy

Pe
6 2
< (supliecy )
e>0 P

5\2
< 40 (SUPH%Hood> ,
e>0

In summary, we have

1 T E,T,
?/0 (ps( Edt_i/goe pz—:

limsup E

e—0

29



Chapter 2. Limit Theorems

which implies, by letting 6 — 0,

limsup E < 0.

e—0

I e
?/O 905( s dt_i/ws pa dy

Hence, the convergence result holds for a uniformly bounded sequence (¢.).~o of Borel-
measurable, nonnegative functions on R, too. The asserted full result is now straightfor-
ward; it can be accomplished by splitting the test functions into positive and negative
part and applying the preceding result to these nonnegative functions. ]

Remarks on multidimensional extensions I.

We somehow simplified the proofs in this section by using stationarity with respect to
the invariant measure as stated in Corollary 2.1.7 and the fact that we have a Markov
process X° already at the e-level. But the remarkable insight of Sundar’s work [Sun89] is
that ergodicity is not a Markovian property; it is a semimartingale property. If we briefly
recall the multiscale system (1.2.1), then the best we can say about X*© in a system where
slow and fast variable are fully coupled is that it is a semimartingale. It is these two
clues that might strike a path for a multidimensional mean ergodic theorem. We want to
illustrate this in the following.

We will keep the exposition of the ideas formal and systematic without any guarantee
for utmost rigor, because, while many of the claims would be natural in our setting, they
may not exist yet in the current literature. In particular, we will not specify concrete
regularity assumptions, but instead assume sufficient regularity and boundedness such
that the main steps are illuminating and lead to a plausible result. This line of thought
shall hold for any of the subsequent remarks on multidimensional limit theorems, too.

Let us consider a d-dimensional multiscale system as in (1.2.1) with 1-dimensional slow
variable X¢, (d — 1)-dimensional fast variable Y¢, and 1-dimensional homogenized limit
process X as in (1.2.2). We assume that all appearing diffusion coefficients are globally
nondegenerate, bounded on R, and that the limit diffusion coefficient ¥2 is Lipschitz-
continuous. The reason for considering a 1-dimensional slow variable is that in the pre-
ceding section we utilized the local time process, which exists for semimartingales in a
meaningful sense only in dimension 1. Another reason is that the homogenization pro-
cedure is a particularly favorable case of reduction in dimensionality here, because it
essentially eliminates the potentially high-dimensional fast variable. Our aim is to derive
an MET of the form

2
| o(X;) dt—/gp(y),u(y) dy| —0, €—0, (2.1.57)
R

for a Lipschitz-continuous, bounded, nonnegative test function ¢ with compact support,
where g is the invariant density of X. Results for more general test functions, say con-
tinuous and bounded, may be accomplished through sensible approximations and decom-
positions. If that invariant density exists, then it is given by the formula from Remark
2.1.2

RN S V7 () B D S
pi(z) Z5(z)?2 p(/o Y(y)? dy) Z3(x)2f!(x)’
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2.1. Ergodic Theorems

where f is the scale function of X, recall (2.1.17). In contrast to X, it does not make sense
to define a scale function for X¢ as there is no generator for X¢ alone. Regardless of this,
we can make the ideas of the preceding section still work and one of the main tools for
this is the solution y to the cell problem (1.2.6). In [RX21], the authors have thoroughly
analyzed the regularity properties of y in both arguments, cf. [RX21, Theorem 2.1],
essentially giving pointwise estimates for all relevant derivatives of y, with boundedness
in the slow variable and at most polynomial growth in the fast variable. They also used
the following uniform bounds

sup sup E|Y7[5 < Co(l+ |yoly"), (2.1.58)
te[0,00) e€(0,1]

for any m > 0 and some constant Cy > 0, which was originally proved in [Ver97], see also
[PV01; Ver00]. Using these two facts, one can therefore get estimates like

t
]E/ (X2, Y7) |ds+E/ IV, X(XE, Y ds = O (1), (2.1.59)
0

and similar ones for higher derivatives as long as they exist. Apart from such estimates,
we also need the following quantitative bounds, which were proved in [RX21] for various
regimes,

]E/ h(XE,YE) ds < Cie, (2.1.60)

sup |Ep(X7) — Ep(X,)| < Cre, (2.1.61)
te[0,T

for any function h satisfying the centering condition

/Rd_1 h(z,y)du®(y) =0, = €R. (2.1.62)

These were proved in [RX21, Lemma 4.2] and [RX21, Theorem 2.3], respectively, and their
"Regime 4”7 corresponds to our multiscale system (1.2.1) with scale parameter o, = e.
Tracking the dependence on ¢ > 0, one finds C; = O (t). One must remark at this
point that their results are built upon the assumption that the coefficient functions in
the multiscale system are bounded in the slow variable; an assumption that is violated
for ergodic diffusion processes with an invariant density on the whole space. However,
one might still get similar results in the unbounded case through a smooth cut-off of
the coefficients and a standard exit stopping time argument. This would most certainly
require uniform control of exit time probabilities for X¢ and X. For X, this can be
accomplished through a Lyapunov function and Markov’s inequality, whereas for X<, one
should use a corrected version of said Lyapunov function with the help of the corrector
term y. Such a construction was, for example, carried out in [BP78, Section 5]. Despite
these for now unresolved issues, we will pretend like we actually have the preceding results
and estimates so that we can continue with the derivation of the MET.

We start by applying the It6 formula to x and using the Poisson equation (1.2.6) to
obtain

1 1
AX(XFYE) = s Lox(XE, V) dt + ZLox(XE, V7) + Lax (X7, YE)+
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Chapter 2. Limit Theorems

1 T
Vo (XE Yo (X7 Y) dWLY 4 0ux (X7, Y0 S(XF, Y7 )aw

1 1
= = S HXEY) dt + —Lax (X7, Y7) + Lax (X7, Y7)+

1 T
VX(XE Yo (X7 Y7) AW+ 0ux (X7, YE)S(XF, V) AW,

where for x € R, y € R4,

1 z_: 0? gy (i) 0
Lo :=Lo(x,y) == Y aj(z,y) +> fo (xy) 5 (2.1.63)
2 i,j=1 ’ 8yzayﬂ ; ’ ayl
(9 d—1 0 8
= =H — ! 1.
Ly:=Li(z,y) (,y) 5+ ; fi (x,y)ayi, (2.1.64)
L= La(oy) = S50y + Fla,g) 2..65)
2 -— 2\, Y _2 x,y 82 aa,; ( .

We now define a corrected process X = X° + ex(X®,Y®) for which we have, based on
the previous calculations,

dXE = [F(XF,YE) + Lox(XE, YE)] dt + B(XF, Y7) dw™
(2.1.66)
+ VX (X5, Yo (XE, YS) dW + O (e),

where we assumed that some of the remaining terms are of order O (¢). Observe here
that the worrisome O (¢7!) term in the slow variable is canceled out perfectly through the
correction ex(X¢,Y*?), demonstrating the usefulness of the Poisson equation and correc-
tion at path-level. Another application of the It6 formula to the scale function f, while
neglecting the O (¢) terms of the previous equation, yields

. P RN . .
df (X7) = | (XD E + S f (X8 de + f/(X) S, Yy) dw™

(2.1.67)
+ XV X (XE, Yo (XE, V) dW
where
Fy = F(X;,YE) + Lox (X5, Y5), (2.1.68)
S0 = S(XE Y + [V (X5 YP)o (XF YOV (X7, Yo (XE, YT (2.1.69)

Here comes a neat trick. Since f is the scale function of X, we know that Lf = 0 on R,
where L is the generator of X defined in (2.1.18), allowing us to write

df(X7) = |f/(X0)(F = F(XP)) + ;f”(f(f)(i? - S(X5)?)| dt
(2.1.70)

+ FXOD(XE, YE) WS + f1(REV X (XE, V7)o (XE, V) dW,Y)
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2.1. Ergodic Theorems

Let us assume that ¢ is nonnegative, bounded, globally Lipschitz with Lipschitz constant
L, >0, and has compact support. We can start just like in the proof of Theorem 2.1.10
by writing

A

~2 (g [T et~ [ et dn) [ ot dy

For the second term, we have by (2.1.59) and (2.1.61)

1T
‘En/o so(Xt)dt—/Rso(y)u(y) dy‘
1 /= 1 [I: 1 [T-
< — € —_ __ 3 - £ .
- ETE/O P& dt ETS/O ‘P(Xt)dt|+|ETE/O p(X7) dt /ﬂ{s@(y)u(y)dy|

T,

Loe E@(Xf)dt—/RsO(y)u(y) dy|

T. 1
<E / X, Y¢ IE—/
<5 % [“hosnla g

£

Y
€

<0 +0Ta)+ B [ o0~ [ sty

so that the mean ergodic theorem for X, which is essentially just a special case of Theorem
2.1.10, shows that this second term converges to zero as ¢ — 0 as long as T.e — 0. This last
restriction comes from (2.1.61) and could be removed if one were to have uniform-in-time
convergence rates, that is, bounds where the constant Cr in (2.1.61) does not depend on
time. Estimates of this kind have been established in [Cri+26] for averaging systems, that
is, when H = f; = 0in (1.2.1a), and could potentially follow for homogenization systems
in the future. Coming back to the above, we want to emphasize here that subtracting
and adding quantities of the homogenized process does not work on the L2-level above,
because we only have weak convergence. The processes X¢ and X are in general not even
defined on the same probability space. Having dealt with this term, we now see that it is
enough to prove

2

T1/OTE p(X5)dt| | < (/Rso(y)u(y) dy)2- (2.1.71)

£

limsup E

e—0

Assuming this holds, then the MET (2.1.57) follows easily from Lipschitz-continuity of ¢
and (2.1.59). To prove (2.1.71), we proceed as in the previous section and write

L (%94
_ &) dt
7 [ e

2

9 T . T
E ) / o(X9) / o(X?) ds dt.
T2 Jo t
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The inner integral can be written as

oo T B 2 < T even 1 — 1 s
| etxnas= [ *”<Xs)(1 z(xg)a)d v ) DS <2(X5>2 2<X§>2>d

T: N
+/ X ds = I} + 2+ I*.
el )E(Xs)

For the first integral I!, we have by Lipschitz-continuity, nondegeneracy and boundedness
of the diffusion coefficients, and by (2.1.59)

1 _ I € o ig G = I A € _ ii
EL=E [ ¢(X) (1 E(Xg)g)d —E [ (p(X2) - o(X2) (1 E(XSE)Q)d
%3
—I-IE/ ((XE)) ds
LB [N YO (1 (82572 s
-5
+E/ ((X)) ds

<O(T.e) +E /tTE o(X7) (XW) ds

For the second term in that last line, we note that the integrand satisfies the centering
condition (2.1.62) by definition of ¥. We can see this from the following short calculation

N(2)? = B(x,y)* + [Vyx(z, oz, ] [Vyx(@, y)a(z, )]\ | .
[ ( zie ) i

S(x)? ~ /RH S(x,y)* + [Vyx(z, y)o(,)][Vyx (@, y)a(x,y)]Tduw(y)} = 0.

Hence, we can use (2.1.60) to obtain

n o (B2
E/ X((Xg))ds_O(Tas).

For the second integral 12, we use Lipschitz-continuity and nondegeneracy of 3, bound-
edness of ¢ and the functions defining ¥, and (2.1.59) to obtain

o ks () o
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2.1. Ergodic Theorems

For the third integral I3, we finally use the occupation density formula for semimartingales
(A.1.9). Since £° := f(X¢) is, by (2.1.67), a 1-dimensional continuous semimartingale, we
can express that integral in terms of the local time of £° as follows

/fioo%s in= [ “’XE e (s = V) 1z (@) - 1z(E)] d

R 7(2)?

where

U(z)i=po fTH2),  G(2):=(fD)ofT(2), z€R

Using the Meyer-Tanaka formula for semimartingales (A.1.10), it follows
N ~ N ~ T: N ~
Li (€)= Li(&) = |5 — 2l — 1 — =1 = | “sem(& — 2) s,

so that after inserting the differential of {AE , see (2.1.70), and eliminating the martingale
terms through expectation, we obtain

E L7 (€) — Li(€) =E (|6, — 2| — 1§ — =)

T: A ~ N
—E [ sen(& — ) (%9)(F - F(%)) at

1 Te “ ~ ~ N
~5E /t sgn(és — 2) f"(X5) (52 — S(X5)?) dt.

This is the point where we hypothesize that the last displayed expectations are of order
O (T.¢), which might be provable through suitable centering as we have done before and
an exit stopping time argument to handle the growth of f’ and f”, but the sign function
definitely poses an additional problem. In any case, if we were to have this result, then,
in a similar spirit as Lemma 2.1.9, we would obtain the following estimate from all the
preceding considerations

9 P
limsup—E/ @(Xf)/ o(XZ)dsdt
e—0 T52 0 t

(2.1.72)

Te N N ~
<tmswp® [ 0@ (16, 21— 1~ ol dra=

e—0 R G(2)?

The rest is fairly straightforward. One multiplies both sides of the last inequality by
Ji-r,B d(y)~2dy, R > 0, and uses the compact support of ¢ to eventually obtain

~ - 2 T: 5o T: oo
/[_RﬁR]a(y) 2dy(hmsupT E @(Xt)/t w(XS)dsdt)

e—0 e 0

U(2) .
RO‘( )2 dz(hl?jélpTQE/ —t)dt)

- (Lao) (L)
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Chapter 2. Limit Theorems

The exact details of the last argument can be found in the proof of Theorem 2.1.10 or, if
one prefers, in [Sun89]. Letting R — oo and performing the substitution dz = f'(y) dy,
we finally arrive at (2.1.71). As previously mentioned, this yields the final MET (2.1.57).

As we can see, given the fact that we used several deep structural properties of the
underlying equations, the preceding formal derivation of the MET seems quite plausible,
but in the current state it is not rigorous enough to call it a proof. Additionally, many
nontrivial, although technical, details persist, but they could be circumvented with the
right theoretical tools, so that we leave this for potential future research.

2.1.2 A Quantitative e-Dependent Mean Ergodic Theorem

In this subsection, we want to derive quantitative versions of the preceding results in terms
of convergence rates. These quantitative estimates will become especially important for
our nonparametric estimator in Chapter 4. For this subsection, we concretize our setting
slightly and consider the 1-dimensional SDE (2.1.15) with drift F, := F+H. and ¢ € (0, 1],
where H. may be understood as a general additive perturbation. For ¢ € Ny, » > 0, and
s € R, we define the following function classes

Z(q) = {f : R — R continuous |IC, s > 0 : |f(z)| < Cy (1 + |2|?), Vo € R}, (2.1.73)

H(r) = {(f, 9)| f,g9 : R — R measurable, g # O,Iimsupw < —r} . (2.1.74)
VI+v
H(s) = {(f,g) | f, 9 : R — R measurable, g # 0,limsup sup 1/ Mdu < s},
|x|—o00 lv|>1, U JzAz+v g(u)
sgn(z)v>0
(2.1.75)
2=\ 2@, %= 2. (2.1.76)

q€Np r>0

The first and fourth class represent classes of functions with polynomial majorants. The
second and last class will be used to define recurrence conditions and the third one will
be a convenient class to work with when dealing with e-dependence in the drift coefficient
and in the invariant density of X°©.

We will work under the following assumptions.
Assumptions (QET).

i) The functions I, F and 2,3 are locally Lipschitz-continuous on R, 32,52 >0 on
R, X2%2%2€ P, and (F+ H.,X%),(F,X%) e %.

it) Fore >0 and N € N, there exists a constant Ly > 0 such that for allz,y € [N, N|,
Ly
|H6('r) - He(y)| < ?L’E - y|'

iii) There exist v > 0 and s € R with r > s such that (F,X?) € Z(r) and (H.,%?) €
F(s).
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2.1. Ergodic Theorems

iv) For every N € N, there exists a bounded, Borel-measurable function by : [N, N] —
R such that for all € > 0,

[

Under Assumptions (QET) i) and ii), there exists a unique strong solution to the SDEs
(2.1.15) and (2.1.16) by Lemma 2.1.3 i). Moreover, by (F,%?) € Z, there exist r, A > 0
such that for all |z| > A,

He(y)
SIOE dy‘ <bn(z), xe€[-N,N]|.

sgn(z)F(x) T
Sor <7 (2.1.77)

Hence, we obtain for, say y > A, the following estimate

v F(2)
/A Sl S =) (2.1.78)

so that the scale function of X can be bounded, for z > A, by

f(z) = /Ox exp (— /Oy 5((5))2 dz) dy = f(A)+ f'(A) /: exp (— /Ay 5((5))2 dz) dy

f'(A)

r

> f(A) + (exp(raz) — exp(ra)),

yielding lim, ., f(z) — oco. Similar conclusions hold for x < A due to the symmetry of
the inequality (2.1.77). Thus, we just proved condition (MET) i). For condition (MET)
ii), we use X2 € & and (2.1.78) again to obtain

Cp—/Rp(x)de_/Ri(:cg”’(x)

> (1 -+ Jo]%) x exp(rA) z|?) exp(—r|z|) dr| < oo
SCq,EQ[/xlgA F(z) dz + F1(A) /|z|>A(1+‘ 1) exp(—r|z]) dz| < oco.

Analog ideas and conclusions apply to the scale function f. of X¢, too. Hence, if conditions
(QET) i) and ii) hold, then the invariant densities for X¢ and X exist by Remark 2.1.2
and are given by (2.1.27) and (2.1.26), respectively. Due to condition (QET) iv), we also
have the following uniform lower bound on the normalization constant of the invariant
density p. of X¢

: N _ * F(y)
infZ. >exp|—2 sup by(z / Y(z) ?ex 2/ d ) dx > 0. 2.1.79
wiz > e (<2 s ino)) [ S rew (2 [ £ 0 ay 2,179
Our aim in this subsection is to prove, for any deterministic initial condition g € R,

| [ etxda - [otntn ) =00, <o 21.50)
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Chapter 2. Limit Theorems

where p € P, T, = ¢~ with a > 0, and r(¢) is a convergence rate such that r(¢) — 0 as
e — 0. If we further assume the convergence of

’/R“O(y)ﬂe(y) dy—/RsO(y)/uL(y) dy

with a certain explicit convergence rate s(¢) — 0 as € — 0, see Lemma 2.4.7 for an
example, then we get the full mean ergodic theorem with explicit convergence rates and
limit quantities coming from the SDE (2.1.16), i.e

= [ ey~ [ enty) dy

The proof idea for this result is not entirely new as it goes back to [Kut04, Section 1.2],
which is why we only give a sketch of the main proof steps and more detailed explanations
for the parts which actually require modifications. The main assumptions that come into
play in our setting are (QET) iii) and iv). But before we present that proof, we would
like to shed some light on the perturbation H. and on the possibly obscure assumption
that (H.,X?%) € #(s) for some s € R. We will provide some examples with additional
assumptions on the coefficients yielding the membership to that function class. Bear in
mind that the presentation of these examples is nowhere near comprehensive, so that
other assumptions may yield similar conclusions.

i =0(s(e)), e—0,

p

E =0O(r(e) Ns(e)), e—0. (2.1.81)

Example 2.1.12. If we consider a somewhat natural perturbation of the form H.(z) =
eH(z) with a locally Lipschitz-continuous function H: R — R, then the assumption
(H.,X?) € #(s) for some s € R becomes, for x > 0 and v > 1,

v He(y) v H(y)
Losups|l sup dy‘ — |I(x +v) — I(x)

0 X(y)?

where we used 0 < ¢ < 1. One viable assumption to have now is "asymptotic” global
Lipschitz-continuity of I with asymptotic Lipschitz constant L; > 0, that is, there exists
L; > 0 such that
. I(x+v)— F(z
hmsupsup| ( ) (=)l

=00 p>1 v

so that (H.,Y?) € #(L;). Otherwise, one could also assume boundedness of HY™? and
obtain (H.,¥?) € Z(||HX?||s). Similar ideas apply to the case x < 0.

< Ly,

Example 2.1.13. A slightly more delicate example is given by H.(x) = H(z/e)/e with
a locally Lipschitz-continuous function H: R — R having an antiderivative I such that
I/%? is bounded on R. Further assuming that the diffusion coefficient ¥ is continuously
differentiable, integration by parts gives, for x > 0 and v > 1,

Ax+vHE(y)dy§ l] zr+v+ / ] )d‘

(y)? Z
<2 1/5%|n <v +log ;’“’ )
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2.1. Ergodic Theorems

Assuming global Lipschitz-continuity of ¥ with Lipschitz constant Ly, > 0 eventually
gives (H.,¥?) € Z(2(1+ Ly)|[IX72||o)- Similar ideas apply to the case x < 0. Note that
the multiscale overdamped Langevin equation for d = 1, given by (1.2.10), falls into the
setting of this example. As a matter of fact, in Section 2.4, we will see that this Langevin
equation satisfies all conditions of Assumptions (QET).

Theorem 2.1.14. Let Assumptions (QET) hold. If T. — oo as ¢ — 0 in an arbitrary
way, then, for any ¢ € & and p € [1,00), we have

LE 7
R |7,

E/OTsw(Xf’y> dt—/RsO(Z)Ms(Z) dz

p

pe(y) dy = O (CP T7%) & =0,
(2.1.82)

where Cq, , > 0 is the constant from the polynomial growth bound of ¢ and XY denotes
the solution to (2.1.15) with initial condition XV = y.

Proof. As already mentioned before, we will only give a proof sketch. The main proof
ideas are contained in [Kut04, Lemma 1.17]. We first define the function

/2 Vi (y /_ P (2)pe(2) dzdy, z €R, (2.1.83)

and note that it solves the Poisson equation
2

5
Ld == / W)dy,  Loi=[F+ H]0s+ 0  (2184)

Thus, [t6’s formula gives

1 T ®, J(XE)
?/ .(XE)dt = )~ r.) T / Y(XE)PL(XE) dW,. (2.1.85)
e JO

8

For z € R, the RHS of the Poisson equation satisfies

7.(0)] < CopolL+ laf) + | [ olw)nc(w) dy.

With (QET) iv) and the uniform lower bound (2.1.79), we obtain

Lot

O‘h soC q2,572
lnf5>0 Ze

+ |yl>N(1+|y|€“)(1+Iqug)eXp (2 Oy 5(( ) ( 2 ) ]

for any N € N. The first term is obviously bounded independently of ¢ and the second
term can be dealt with as follows. By Assumption (QET) iii), there exist r > 0 and s € R
with 7 > s such that for §, ; := (r — s)/4 > 0, there exists an A > 0 with

[ e (2 £ dz)exp@bN( ) dy

sgn(x)F(x) 1 pxveto H (u)
—— =2 < —r+ 0,5, su f/ du < s+ 0,4, x| > A.
E('T)Q 7 MZIi U JzAz+v E(u)2 ’ | |
sgn(z)v>0
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Chapter 2. Limit Theorems

The second inequality can be written here, depending on the sign of x, as

sup — du < s+46,5 x> A, su
vzll) UV Jzx Z(U) v§P1 U Jztv Z( )

For N — 1> A, it then holds

[ s e (2 7 FEE S 0:)

<4exp (2 /ON_1 F2)] dz +2by_1(N — 1)) /NOO |y| 9+ exp (2 /y Fz) + He(2) dz) dy

du < s+d,5, x<—-A.

Y(z)? N-1 ¥(z)?
<Cn /OOO IN 4 w|"+% exp (2 /NNTU 5((5)2 dz) exp <2 /NNTU gzgg dz) dw

<Oy [T IN + ] exp (<2(r — 5 — 28,.)(w + 1)) duw
0

=Cy /OO IN + w|?T® exp (—(r — s)w) dw,
0

which is again a finite constant independent of €. A similar estimate holds for the integra-
tion region {y € R|y < —N} due to the symmetry of our assumptions. Thus, we have just
proved that there exists a constant D; > 0, depending only on Cy, »-2, q1, ¢2,7, 5, A, N, by,
such that

|0.(2)] < CpoDi(1+|z|"), ze€R. (2.1.86)

Using this estimate, the preceding argument, and the fact that
Y o] e}
[ pomez)dz = [ () de [ "B dz = [ B () dz, yeR,

it is easy to obtain the estimate

|OL(z)| < CppDa(1 + |2|"F%), z€R, (2.1.87)

qi,p

where Dy > 0 is a constant depending only on Cy, s-2,q1,¢2,7,5, A, N, by, cf. [Kut04,
Lemma 1.17]. The preceding arguments and estimate (2.1.87) enable us to bound

sup [ [@.(2)pc (@) dw+/R\Z(:U)<D’E(x)\pug( Ydr < CP _Ds, (2.1.88)

>0 q1,¥

where D3 > 0 only depends on Cy, x-2,q1,¢2,p,7,5, A, N,by. With all this preliminary
work, we can now prove the theorem. Equation (2.1.85), stationarity with respect to the
invariant measure p. dx, cf. Lemma 2.1.44, Burkholder-Davis-Gundy’s inequalites (A.1.8)
with universal constant B,/; > 0, Jensen’s inequality, and estimate (2.1.88) yield

/RIE /|<1> P e (y dy+/

S(XE)PL(XE) dW,

p

1
pe(y dy<

T d
— D.(X7)dt
7 [ 7D

(X5)| pe(y) dy

p

"L

pie(y) dy]
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3p p/2

< TP Bp/2 '/ S(X7)POLX5)2dt| pe(y) dy
+2/ 1D ()] 1= (y) dy
3}0

T
< 75 | B2 [ [ B [DOXDRUX) ely) dy de

£2 [ 10.)F pely) dy

3PC?
< %[Bp/ Tp/2 + 2],

which gives the claimed estimate (2.1.82). O

Remark 2.1.15. Under Assumptions (QET) and ¢ € P, the above proof shows that the
first derivative of the solution ®. of the Poisson equation

2

Y
—L.O. =7, = 90/ y)dy, L.:=[F+H.]0, +—

axa:a
2

satisfies the polynomial growth bound in (2.1.87), namely
P (2)] < Cqy o Da(1 + [2|"T®), =z €R,

where Dy > 0 is a constant depending only on Cy, si—2, q1, g2, 7,5, A, N,bn. In particular, if
¢ = q2 = 0, then @ is uniformly bounded in ¢ on R and ®. is globally Lipschitz-continuous
with a Lipschitz constant independent of €.

Remark 2.1.16. The same proof arguments work even if the test function explicitly
depends on € > 0, but has a polynomial growth bound uniform in €, i.e., ¢ = . and

|pe(2)] < Cop. (1 +[2]7),  z €R, (2.1.89)

where Cy . > 0 does not depend on €. For example, Theorem 2.1.14 applies to ®L as in

Remark 2.1.15.

Evidently, the last theorem gives us LP(Q2)-estimates only in stationarity, that is, as
if we initialized the process X® with the invariant distribution p.dy. We would like to
extend this result to the non-stationary case where we start the process in an arbitrary
deterministic state zg € R. Unfortunately, we need more assumptions for that, and we
also need to take a step back in order to prove estimates for the transition probability
density function p. of the process X¢. To this end, we will assume that the diffusion
coefficient is constant with ¥ = 1. It is not necessary to assume a unit diffusion for
the following results to hold, but it improves readability. However, it is thus far not
clear how to obtain the results for non-constant diffusion coefficients. That being said,
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Chapter 2. Limit Theorems

suitable estimates for transition probability density functions in the non-constant case
might be found in [SV79; Str08]. We will present a more elementary approach here. In
this particular 1-dimensional setting, p. is given by the formula

1 )\ (y — x)? !
pe(h, x,y) = (Ma(@) exp <_2h> E exp (h/o BE(N(h,x,y,u))du> ,

(2.1.90)
with ] ]
B.(z) = —§F5(x)2 — iFé(w)’ F.(z) = F(x) + H.(z).
Here, N(h,z,y,u) is a shorthand notation for
N(h,z,y,u) ~ Ni(x +uly — z),hu(l —u)), u€(0,1). (2.1.91)

The formula (2.1.90) can be obtained from the results in [GS68, §13], in particular, from
equation (9) of that paragraph. The proof of the following lemma is interesting in the
sense that we encounter a reoccurring phenomenon when dealing with multiscale SDE
problems. More precisely, in order to leverage against the 1/&? factor in the exponential
estimate appearing in the proof, one chooses a time step of h € (0,?], i.e., at most at the
fastest scale of the multiscale SDE. In other words, to get good estimates on the transition
probability density function, the time step h between the two transitional states z and y

should be of order O (¢72).

Lemma 2.1.17. Assume (QET), ¥ =1 > 0, and that there exist constants Ky, Ky > 0
such that for all z € R and ¢ > 0,

K
—Fl(z) = —(F + H.)(z) < K2° + ?j (2.1.92)

Then there exists a constant C, > 0, independent of € and h > 0, such that for allz,y € R,
sufficiently small €, and h € (0, %], the following bound holds

pe(h,2,y) < Cppic(y)*dnly — ), (2.1.93)

where ¢y, is the probability density function of the centered normal distribution N1(0,h/(1—
4K1h?)).

Proof. Let x,y € R be arbitrary and h € (0,?). Using Jensen’s inequality and condition
(2.1.92), we can estimate the expectation figuring in equation (2.1.90) as follows

1 1
E exp (h/ BE(N(h,x,y,U))dU> < / E exp (hB:(N(h,z,y,u))) du
0 0
1 h
< ['Bew (-5 RV da
0
Koh\ [ Kb )
< — ——N .
_exp<262>/0 Eexp( ) (h,x,y,u))du
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2.1. Ergodic Theorems

Hence, because h € (0, %], we obtain

1 K 1 Kih
E exp (h/ B.(N(h,z,y,u)) du) < exp (22) / E exp (21N(h,gc7 y,u)2> du.
0 0
We now use

N(h,z,y,u) ~x +u(y — ) + Vhu(l —uw)Z, Z ~ N;1(0,1),

in order to bound

E exp (KShN(h,x, y,u)2> <E exp (th ([x +uly — z)]* 4 hu(l — u)Z2))
< exp (th [z + u(y — Z‘)]Q) E exp (KZLQZ2>

< exp <2K1h [x2 +(y — x)QD E exp (KVZIQZ2>

= exp <2K1h [372 +(y - x)QD m7

where u € (0,1) and € > 0 is sufficiently small so that K;h? < 2. Hence, for sufficiently
small € > 0, we have the following estimate

E exp (h /01 B.(N(h,z,y,u)) du) < exp (?) exp <2K1h {xQ +(y— gg)2]> /2_2[(1h2.

(2.1.94)

Moreover, a short calculation shows that

\/217T_h exp (—21]1 (y — :U)2> exp (2K1h(y — .77)2) = o exp <_2h<y - 17)2) :

where ¢ > 0 is sufficiently small so that 4K;h? < 1. In conclusion, we have proved the
following bound, whenever ¢ is sufficiently small such that for h € (0,¢?] and K1h?/2 V
4K1h2 < ]_/2,

1/2 o 2
q-(h,z,y) <exp ([;2) exp (2K1h1:2) (Z:Eii) \/jr_h exp <—Wl(y — 93)2> )

Using (QET) iv), it is easy to see that p.(x)~! is uniformly bounded in €, so that a simple
calculation eventually yields

QE(ha x, y) S Cpﬂe<y>1/2 ¢h(y - :L“), (2'1'96)

with a constant C), > 0 that is independent of ¢ and h, and a centered Gaussian density
¢p, with variance h/(1 — 4K,h?), that is,

-4k 1— 4K b2,
n(y) = WGXP <_2hy , yeER O
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Chapter 2. Limit Theorems

With these bounds, we can now handle the non-stationary case.

Theorem 2.1.18. Assume (QET), ¥ =1 > 0, and that there exist constants Ky, Ky > 0
such that for all x € R and € > 0,

K.
—(F+ H.)(z) < K12® + ?j (2.1.97)

Furthermore, for all x € R and € > 0, assume the Lyapunov condition

2
— LE:[F+HE]8I+2—

gzm 2

Lo(x) < =Xv(z) + v (2.1.98)

with a nonnegative function v € C*(R) N L2(2m) for some m € N and constants \,c > 0.
Then, for any continuous function p such that |p|* < v and T, = e~ with a > m/3V1/2,
we have, as € — 0,

E

= [ ey~ [ ey

2 _)o <(1 v C’,%L’w)e(ﬁa”m)/“r’) . ifa<2m — 2,
o ((1 Y C’fn’w)&?a_lp) : if o >2m — 2
(2.1.99)
where Cy, , > 0 is the constant from the polynomial growth bound of . If, instead of the
Lyapunov condition, we simply assume that ¢ € Z(0), then, for T. = e~ with a > 1/2,
we have, as € — 0,

1

/T5¢(X§) dt—/RSD(y)Ne(y> dy

E
T. Jo

T —0 (5;) =0(C3e"7?) . (2.1.100)

Proof. Let 3. be defined as in (2.1.84). We first note that the Lyapunov condition implies
the following standard estimate

Ev(X;) < v(ze) exp(~At) + e (1= exp(~AL)), 1 € [0, 00),

>\

whose argument can be found in [KS91, Exercise 4.5.35] for example. Therefore, we also
have

t v(zo) c 1
) ds < - . 1.
[ Eexas < 8+ (H—)\), t € [0, 00) (2.1.101)

We can estimate the relevant quantity for any h € (0, £?] as follows

2 2

1 T 2 | T
E |~ [ w.(X0)dt <—E / x| + A8 | pxpar
T. Jo T2
2
2h o 6 2 2 Ts_hf €,20 £,20
2h g T.— EXEIO 2
T2/]E|€(X )2 dt + E‘/ Xy

2h o\ 12
- 7 || Bl a
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2.1. Ergodic Theorems

2

T-—h
/0 @E(X?y) dt p8(h7 $0,y) dy7

2
s / E
where we used the Cauchy—Schwartz inequality once and the Markov property in the last
line. Here, XV denotes the solution to (2.1.15) with initial condition XY = y. The
number h will soon be chosen to depend on € such that A — 0 in a suitable way as ¢ — 0.
Just as estimate (2.1.86), we can show that there exist constants Dy, Dy > 0 such that

?.(2)]* < ComoDi + Dov(z),  €R,
Thus, we can apply (2.1.101) to obtain for the term above

h

T?/ E |5, (X2)[2 dt < 7/ Como Dy + DoE v(X5)) dt

h DQ’U(I’()) DQC ( 1) . h
Ti [hCQmUD1+ )\ +52m)\ h+X —O g—:sz—E .

(2.1.102)

For the other term, we use the estimate in Lemma 2.1.17, the Cauchy—Schwartz inequality,
and Theorem 2.1.14 to obtain

1
— | E
).
<[E
R

<C, / 1= (y) P dn(y — 20) dy

4 1/2 1/2
<c, (/RE = /OTs_hsog(Xf)dt]us(y)dy) ([ onty— w0y

O(cQ 1h 1/4)

2

T-—h
/0 ¢€(Xt€) dt p5<h,l‘0,y) dy

" (X?)d
- Et
P A

Lo (X)d
€ dt
i

2
] pe(h, o, y) dy

2

(2.1.103)

for h € (0,£?] and sufficiently small € > 0. We now choose h = £*?m=%/5 A¢? and combine
the previous estimates to obtain the claim. For the other case where ¢ is bounded, we
can use this boundedness in (2.1.102) to obtain the estimate

h h2
T2/ |7, (X2 dt = O<O§¢T2>, (2.1.104)

which, in turn, enables us to choose h = &2 in (2.1.103). This proves the final claim. [

Remark 2.1.19. Using similar ideas, one can obtain bounds in LP(2)-spaces with p €
[1,00), but since we only need the MET, we will not delve into these.
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Remark 2.1.20. As we already noted in Remark 2.1.16, the same proof arguments work
even if the test function explicitly depends on € > 0 and has an upper bound uniform in
g€, i.e., p = . and

lo-(2)]> < v(x), z€R, (2.1.105)

in the unbounded case with the Lyapunov condition, or sup.-g ||¢e||cc < 00 in the bounded
case without the Lyapunov condition.

Remarks on multidimensional extensions II.

The proofs in this section rely heavily on the Markov property of X¢ and stationarity with
respect to the invariant density u. as one can see, for example, in the proof of Theorem
2.1.14 or Theorem 2.1.18. In addition to that, we utilize estimates for the transition
probability density function of X¢ and for the solution to a Poisson equation based on the
generator L. of X°. On the one hand, all of this essentially prohibits an extension of the
given proofs to multidimensional multiscale SDE systems (1.2.1) where X¢ and Y* are
coupled, because we lose the Markovian structure for X¢ alone. On the other hand, the
use of Markovian structure might suggest that analyzing X¢ alone is not productive for
ergodic theorems. The full multiscale system with generator £, is in any case Markovian,
so that one could advocate for proving the MET with respect to (X¢,Y?), i.e., proving
something like

2

1 [T:
= [Ceiyad- [ @y d(ey)| -0, e=0,  (21.106)

1. Jo Rde xR

E

where, most likely, dv(x,y) = du(x) dp®(y) with the invariant measure p of (1.2.2) and the
invariant measure p® of the frozen SDE (1.2.4), c¢f. [PPS09, Theorem 3.8]. This would
obviously imply an MET for X¢ if ¢ only depends on the first argument, but proving
(2.1.106) brings a whole set of different problems with it. Just to give an example, the
generator of (X¢ Y?) is often expressed in the form

1 1
L.=—Ly+ L1+ Loy, (2.1.107)
€ €
with
ai; £ a=o0', 2.1.108
”ZI Ja ayj Zl 0 5. ( )
(0 O
ZH FIo Z h'3 (2.1.109)
1 dy 82 dy () a T
Lo = — Ajj——— FY—0>  A:=%%", 2.1.110
2 2 i;’:zl J 83@833] * ; (9.%1 ( )
so that analyzing the Poisson equation with respect to the full generator, i.e.,
—LP. = — o(z,y) dve(z,y), (2.1.111)

Rédz xRy

with the invariant measure v, of (X, Y*) if it exists, usually goes against the grain in
homogenization theory, where Poisson equations are commonly studied for generators
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2.2. Asymptotic Vanishing of Tail Probabilities

without explicit e-dependence. Although we essentially analyzed exactly such Poisson
equations for a multiscale system with decoupled slow and fast variable, our proofs could
be adapted rather easily due to the explicit formula for the solution to said Poisson
equation, see (2.1.83). This is something that is most certainly not true for the multi-
dimensional setting. However, initial reference points for Poisson equations in the whole
Euclidean space could be the well-known series of papers [PV01; PV05; PV03] and the
more recent work [RX21].

2.2 Asymptotic Vanishing of Tail Probabilities

This section is concerned with the quantity X7*/R. and its convergence in probability
to zero as € — 0, where R. — oo satisfies a sufficient asymptotic condition with respect
to e = 0 and X=® is the solution to (2.1.15) with initial condition X7 = x. The final
result is contained in Corollary 2.2.5 at the end of this section. Most of the crucial
proof ideas of this section originate from [KMN12, Chapter 4], but, as in the preceding
sections, we must practice caution due to the e-dependence. Because the results of this
section are primarily used to argue a specific point in the next section about CLTs, which
itself is a qualitative convergence statement, we will mostly consider the setting and the
assumptions of Subsection 2.1.1. That being said, with the necessary techniques that are
outlined here and in the preceding section, it should be possible to obtain the exact same
results under Assumptions (QET), as well.

We make the following adjustment to Assumptions (C) where the only difference be-
tween (C) and (C*) is the strict nondegeneracy of 32 on R and the explicit local linear
growth condition on F.

Assumptions (C*).

i) The Junctions F and ¥ are locally Lipschitz-continuous on R, $2 is strictly positive,
and F/¥? is locally integrable, that is, for all v € R, there exists a § > 0 such that

=+ |F(y)|
/H Sy <o (2.2.1)

ii) The function Y is locally Lipschitz-continuous on R and satisfies $* > mgy on R for
some mg > 0. Moreover, for any € > 0 and N € N, there exists a constant Ly > 0
such that for all x,y € [N, N|,

L L
|Fe(z) — Fu(y)| < E%V\w -y, [F(2)] < g%v(l + |z))-

The first major step towards the main result of this section is establishing a priori
interior estimates of the Schauder type for the parabolic partial differential equation
(PDE)

Owus(t,x) — Lou(t,x) =0, te(0,T), zeUl, (2.2.2)

where L. is the generator defined in (2.1.18), 7' > 0, and U is an open, bounded interval
in R. Let us introduce additional terminology that is commonly used in the analysis of
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parabolic PDEs, see for example [Fri64; Fri58; Lorl7; Lie96]. For « € (0, 1), we say that
a function f: (0,7) x U — R is locally Hélder-continuous on (0,7") x U with exponent
a € (0,1) if, for any closed subset D C (0,7") x U, there exists a constant H > 0 such
that for all (¢, z), (r,y) € D,

a/2
[F(ta) = flry)| < H ||z =yl + [t —r]] (22.3)
holds. Furthermore, we define the function d: [0,00) x U — R by
d(t,z) == dist(z, 0U) AVt, t€[0,00), x €U. (2.2.4)
At last, for m € Ny and « € (0, 1), we define the norms
|d™, fla == sup  |d(t,x)"f(t,x)]
(t,2)e(0,T)xU
‘o) — (2.2.5)
b st Ade e LD =T
(t,z),(ry)€(0,T)xU |z —y]2+ |t — 7]
(t,@)#(ryy)

Observe that whenever the norm |d™, f|, is finite for some m € Ny and « € (0, 1), then
f is locally Holder-continuous on (0,7") x U with exponent .

The following result, whose proof is standard in the literature for PDEs, see [Fri64,
Chapter 4], requires, although very technical and tedious, merely an explicit tracking of
the constant appearing in the upper bound with respect to €. A tabular derivation of
the final constant is given in Appendix C. The acquired estimates on the constant are far
from being optimal in any sense, but, given our assumptions, this will serve our purposes,
as we will eventually see.

Proposition 2.2.1. Let X be bounded away from zero on U and let the coefficients 3, F,
of the operator L. satisfy

1d° 2|, < Ky, |d', F.lo < Kpe?, (2.2.6)

for an exponent a € (0,1) and some constants Ky, Kr > 0. Assume that u. € C*((0,T)x
U) is a solution of (2.2.2) such that SUP (0,1)xU lu.| < oo and u., Oyu., O%u., Oy, are locally
Hoélder-continuous on (0, 1) x U with exponent o € (0,1). Then there exists a constant
K >0, only depending on Kyx, Kr and «, such that for sufficiently small € > 0,

1d° ug|q + |dY, Opuic]a + |d%, Pucla + |d2, Opuic|q < Ke™ U9 sup  Ju|. (2.2.7)
(0,7YyxU

Proof. Carefully tracking the constants in [Fri64, Chapter 4, Section 4] with respect to e
yields the claim; refer to Appendix C for more details. O

Our aim is to apply Proposition 2.2.1 to the time-homogeneous Feller transition prob-
ability function P. of X**° which exists by Theorem A.2.3 and is given by the relation

P.(x,t,A) =P(X;" € A), z€R,te(0,00), Ac BR). (2.2.8)
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2.2. Asymptotic Vanishing of Tail Probabilities

Evidently, it is stochastically continuous, which is to say, by definition, that for all z € R
and 6 >0
P.(z,t,Bs(z)) =P(|X;" — x| <d) =1, t—0".

Hence, [KMN12, Lemma 3.1] implies that (t,z) — P.(x,t, A) is a A([0,00) x R)-meas-
urable function for any A € #(R), which makes it possible to write down certain integrals.

Before we proceed, we introduce the following parabolic PDE with initial and Dirichlet
boundary conditions and coefficients in the differential operator that do not depend on
time

Oue(t,x) — Lou(t,x) =0, t€(0,T], z €U,
u:(0,2) = g(x), reU, (2.2.9)
us(t,x) = h(t, x), t € (0,7], z € aU,

where g € C(U) and h € C([0,T] x oU) are given functions satisfying g(x) = h(0, z) for
x € OU. If there exists a solution to this initial-boundary value problem, then it satisfies
the Feynman-Kac formula, c¢f. [KMN12, Lemma 3.3, Remark 3.13], that is,

ue(t, ) = B [g(XP") D rzryy + bt = 70, X Lnmy] . tE€(0.T), 2 €U, (2.2.10)

where 7y ;= inf{t > 0| X;* ¢ U} is the first exit time of the process X¢* from U. This
representation can be directly proved with the help of It6’s formula; the needed techniques
to carry out this proof are standard and can be found in [KS91; PR14]. With these facts
at our disposal, we may now state and prove the following lemma.

Lemma 2.2.2. Assume (C*) and (MET). Then, for any closed set A € ZA(R), the
function (t,x) — P.(x,t, A) is a solution of

Owue(t,x) — Lou(t,x) =0, (t,z) € D, (2.2.11)

where D C (0,T) x U is an arbitrary subdomain with closure in (0,T] x U. Moreover,
for (to,T) x C C (0,T) x U with ty € (0,T) and closed C, and for any o € (0,1) and
sufficiently small e > 0, we have

K e—(1044/a)
sup |0, P-(x,t, A) °

T : 2.2.12
(t:2)E(to, T)xC < dist(0C, 0U) A \/tg ( )

where K > 0 is the same constant as in (2.2.7).

Proof. First, note that (C*) ii) implies that the coefficients ¥, F. of the operator L. satisfy
(2.2.6) for any exponent « € (0, 1). Indeed, since the coefficients do not depend on time,
it is easy to prove

S(z) — %
1d°, %] < sup |S(2)] + diam(U)*  sup M
2T waexv [T =l
7Y

|Fe(z) — Fe(y)]

|z — y|*

|d*, F.|, < diam(U) sup | F.(z)| + diam(U)*™*  sup
xEU (Lt,y)EXU
TF#Y

bl
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Chapter 2. Limit Theorems

which implies the inequalities in (2.2.6) after applying (C*) ii). Observe also that these
constants do not depend on 7. With these estimates and the strict nondegeneracy of X,
the existence of a solution u. to (2.2.9) with locally Holder-continuous derivatives of all
relevant orders for any exponent o € (0, 1) is secured whenever the initial and boundary
data are continuous, see [Fri64, Chapter 3, Section 4, Corollary 2|. For ¢t € (0,7] and
xr € U, we can write

Po(z,t,A) = E [1a(X ) ] + P (X7 € At > 1) (2.2.13)

Using the strong Markov property, see Appendix A, the second term can be expressed as
follows

P (XS € At > 1) :/

{TU <t}

P (X" € A| Fry) (w) dP(w)
_ /Qll{m(wkﬂpg (X7t — 10, A) () dP(w) (2.2.14)

t £,x
:/ /PE (y,t — s, A) dP0X) (5 4).
oU JO

In the last step, we used the Z([0, 00) x R)-measurability of (t,z) — P.(x,t, A). Hence,
it follows that
P(X{" € At > 1) =E [PAXE,t =71, Al innyy] (2.2.15)

TU

For t € (0,T] and x € U, inserting (2.2.15) into (2.2.13) gives

Po(x,t, A) = B [Ta(X7) Ly + Po(XE = 717, A fionyy ] (2.2.16)
which is (2.2.10), but with initial and boundary data that are only Borel-measurable. We
can take care of this with the following approximation argument. To this end, consider
the sequence of functions

K (x) := max{0,1 —ndist(z,A)}, ze€R, neN (2.2.17)

Since A is closed, it follows that 7 | 14 pointwise on R as n — oo. Moreover, x'; is
continuous and 0 < k" < 1 for each n. Now define for n € N,

ul(t,r) :=Ex(X0"), (t,2) €[0,T] x oU. (2.2.18)

Since U is a bounded interval, OU consists of only two points. Hence, in order to check
continuity of u? on [0,T] x AU, it suffices to check the continuity in ¢ at each boundary
point € QU. But this follows directly from the sample path continuity of X%, continuity
of k', and the dominated convergence theorem. Thus u? € C([0,7] x OU). By the
discussion at the beginning of this proof, for each n € N, there exists a unique solution v”

to (2.2.9) with initial data g = k% € C(U) and boundary data h = u? € C([0,T] x oU)
and a representation given by the Feynman-Kac formula, namely

M (t ) = B (KA ) geryy +ul(t = 70, X5 M sngy| . t€(0,T), €U, (22.19)
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2.2. Asymptotic Vanishing of Tail Probabilities

A similar application of the strong Markov property as above shows that
vt x) = BB (X0T) =ul(t,z), te(0,T], zeU. (2.2.20)

Hence, u? solves dyu” — L.u? = 0 on (0, 7] x U and has locally Holder-continuous deriva-
tives of all relevant orders for any exponent o € (0,1). A well-known result from the PDE
literature, e.g., [Fri64, Chapter 3, Section 6, Theorem 15|, provides us with a subsequence
ue’ of u™ that converges pointwise on D to a function u> as j — oo, where D C (0,7) x U
is an arbitrary subdomain with closure in (0,7] x U. Furthermore, this limit function
satisfies Qyu® — L.uZ® = 0 on D and also has locally Hoélder-continuous derivatives of all
relevant orders for any exponent a € (0,1). We will now show that u2(t,z) = P.(x,t, A)
for (t,2) € D. On the one hand, we have the pointwise convergence

lim w7 (t,z) = u>X(t,x), (t,x)€ D,

Jj—o0
and, on the other hand, the dominated convergence theorem gives

lim v (t,2) = lim Ex{ (X)) = E14(X7°), (t,2) € (0,T] x U.

Jj—00 Jj—o0
Eventually, this implies
uX(t,x) = P.(x,t,A), (t,x)€ D. (2.2.21)

Hence, by way of this approximation argument, we have shown that the function (¢, z) —
P.(z,t, A) fulfills (2.2.11) and, in particular, has locally Hélder-continuous derivatives of
all relevant orders for any exponent a € (0,1). At last, we can derive (2.2.12), which is a
consequence of (2.2.7) since

S |0, P-(x,t, A)| < |d, 0, P-(+,+, A)|a < K e—(10+4/a)
u xd e x, 5 < - < ‘ |
(t@)E(tOI’)T)XC dist(0C,0U) A /Ty — dist(0C, U ) A \/ty

For the remainder of this subsection and the next subsection, we will need the following
additional assumption.

Assumptions (R). There exist numbers S,~v > 0 such that for all |y| > S,

sgn(y) < —. (2.2.22)

Informally speaking, the inequality above indicates that the drift coefficient of the limit
SDE (2.1.16), when sufficiently far away from the origin, stays below the threshold —v and
pulls the dynamics of X towards the origin, resulting in a solution with infinite explosion
time and strong recurrence properties. This condition already implies the conditions
(MET) i) and ii), so that, by Remark 2.1.2, the invariant densities u and . of X and X,
respectively, exist. Furthermore, if (MET) iii) holds, then it is easy to prove that, for all
e >0,

cupp < pte < Cupp on R, (2.2.23)
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Chapter 2. Limit Theorems

with some constants c,, C}, > 0 that are independent of e.

In the proof of the next Proposition 2.2.3, we will make use of recurrence properties of
the process X=%0; refer to [KMN12; Dur96] for different aspects of recurrence properties
of SDE solutions. First, note that, under Assumptions (C*) and (MET), the process X0
is recurrent for each € > 0, i.e., for any y € R and ¢ > 0, it is true that

P(r¥ (X5%) < 00) = 1, (2.2.24)

where we recall 7¥ (X=%) = inf{t > 0| X;™ = y}. This is a consequence of [KMN12,
Lemma 3.9, Remark 15], cf. with [KMN12, Example 3.10], as well. We even have positive
recurrence of X uniformly in e, which implies recurrence as described above. That is
to say, for any y € R, we have

supE 7Y (X5%) < o0. (2.2.25)

e>0

Indeed, for all € > 0 and y € R, Lemma 2.1.4 implies

E7¥ (X5%) = E /W (/@) <2D,|f.(w0) — fo(y)| < 2Dp(|f (o) + | £ ()]).
Proposition 2.2.3. If Assumptions (C*), (MET), and (R) hold, then

P(|X7™| > R(e)) =0, -0, (2.2.26)

for any initial condition xo € R, where R(e) = Q(e7") with n > 0.

Proof. Fix I := (—y,y) for some y > 1. Consider the initial datum zq € I first, and let
T > 0 be arbitrary. For all € B,((xo), where r(¢) | 0 as ¢ — 0 will be determined
soon, ty € (0,7, and all o € (0,1), the mean value theorem and Lemma 2.2.2 yield
K e—(10+4/)
|z — xg
(8Br(£) (:L‘()), 8]) VAN \/%

Evidently, we have dist(0B, (o), 01) — dist(xo,01) = |xg —y| > 0 as ¢ — 0, so that
choosing r(g) := e+ gives

Po(x,T, Bre)(0)9) = Px(20, T, Bre)(0)°)| < g . (2.2.27)

PE(:L‘7 Ta BR(E) (0)0) - P&‘("L‘O? T’ BR(E) (O)C)

< Ke, (2.2.28)

with a new constant K > 0 independent of . As the next step towards verifying the
claim, we may estimate, using (2.2.23) and stationarity as in (2.1.44),

/ P.(x,T, Bp)(0)) () do = / pe(x)de < C, w(zx)de. (2.2.29)
R Bp(e)(0)° Bpr(e)(0)°

Also, using (2.2.28), it follows

/RPE<x7 T, BR(a)(O)C>N€<x> dx > Cu/ PE(‘IJ T, BR(€)(O)C>:U’(x> dx

Br'(s) (750)

> e, / u(z) dx [P.(zo, T, B (0)°) — Ke] .
By(¢)(%0)
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2.2. Asymptotic Vanishing of Tail Probabilities

Rearranging terms yields

Cu fBR(E)(O)C () da

P (| X5 > R(¢)) = P-(xo, T, Br(0)°) < Ke + (2.2.30)
’ ( : C,U‘ fBr<€)(x0) M(x) dx
for all T"> 0 and xy € I. Observe that, by continuity, we have
1
i dr = > 0, — 0, 2.2.31
Iy 55 /. M) 7 = o) e (2.2.31)

on the one hand. On the other hand, for > S, Assumption (R) implies

pu(x) = ;exp <2 /Ox g((yy)l dy> < C(F,%,8)exp <2 /: g((yy)l dy)

S C(F> i) 57 ,}/) eXp(_2,7$)a

and, similarly, for x < —S but with different signs. For sufficiently small ¢ > 0 such that
R(e) > S, the last estimate gives

/sm (o MB dT < C(F, %, 8,7) exp(=27R(e)). (2.2.32)

Combining (2.2.30), (2.2.31), and (2.2.32) eventually yields

exp(—27R(e))
7(e) (o)

while using our condition on R(¢). Since the appearing estimates did not depend on T,
this preceding result also holds when 7" = T..

Now consider xy € ¢, assume zo > y without loss of generality, and let § > 0. By (2.2.25)
and Markov’s inequality, we can choose Ty := Ty(9, g, y) > 0, independent of €, such that
for all € > 0,

P (| X3 > R(e)) < Ke + C(F,%, S, v, 1) —0, =0,  (2233)

E 79~ (X&)
Ty
Notice that we use y — 1 € I here, because we soon want to utilize (2.2.33), which was

only proved for interior points xg € I. Next, for sufficiently small € > 0 such that 7. > Ty,
we have

P(rv! (X570) > Tp) < 00 <. (2.2.34)

P (|xi”

> R(s)) <0+P (’X?f“

> R(e), 7V (X5™) < TL) .

Using (2.2.33) and the strong Markov property again, the last term can be estimated as
follows

P (|xi| > Be). ot (xom) < 1) = | U P (y = LT — 5, By (0)) dPT X (s)

exp(=27R(e))

< Ke+C(F,%,8,7,p)

rieuly—1)
Hence, we obtain
. €,Z0
lim P (|xz™ > Re) <4,
which yields the claim for the case xzq € I, as well. [
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Chapter 2. Limit Theorems

Remark 2.2.4. In the proof of Proposition 2.2.3, instead of R(c) = Q(¢7"), one can
also choose R(g) = —(27)"'Q(log(r()e")) for somen > 0 as € — 0 and obtain the same
convergence result.

Corollary 2.2.5. Let Assumptions (C*), (MET), and (R) hold, and consider R. = Q(e~")
for somen >0 ase— 0. Then, for all § > 0 and any xo € R, we have

lim P (W

e—0 Rz—:

> 5) — 0. (2.2.35)

In other words, X7™ /R. converges in probability to zero as e — 0.

Remarks on multidimensional extensions III.

As in the preceding remarks on multidimensional extensions, we observe that Markov
structure plays an important role in this section, as well. Fortunately, some other results
in this section, although formulated for the 1-dimensional case only, are based on standard
PDE arguments which are easily extendable to the multidimensional setting of a fully
coupled multiscale SDE system (1.2.1). For example, the interior Schauder estimates
can be copied almost word-for-word, see Appendix C. But also results like Proposition
2.2.3 may be proved for the multidimensional case since they are based on arguments in
[KMN12, Chapter 4], which were originally proved in multiple dimensions. However, as
always with multiscale systems, one needs good, ideally uniform, estimates of relevant
quantities with respect to €. In the context of this section, these relevant quantities are
the invariant measure of the full multiscale system (X¢,Y¢) and mean hitting times for
bounded domains of these coupled processes.

2.3 An e-Dependent Central Limit Theorem

As we already motivated at the beginning of Section 2.1, our ultimate goal in this chapter
is a rigorous CLT for time integrals. Up until now, most of the efforts were concentrated
on ergodic theorems for time integrals, so that it should not come as a surprise that
the ergodic theorem is needed for the CLT. In fact, it is often formulated as a sufficient
condition for the CLT of time integrals, cf. [KLO12; Kut94; Kut76; Kut04], and we will
follow the same route. Interestingly though, this stands in contrast to the classical CLT
by Lindeberg-Feller and the law of large numbers for i.i.d. random variables, see, for
example, [Chu01].

For a given function h.: R — R and the solution X¢ of (2.1.15) with fixed initial

condition X§ = z(, we want to prove

1T
\/T/o ho(XE)dt 25 N1(0,72), &0, (2.3.1)

We will achieve this by employing the technique of the Poisson equation, which is classical
in the literature, cf. [KLO12; MST10], and was already used in Subsection 2.1.2. The
idea works as follows.
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2.3. An e-Dependent Central Limit Theorem

Let L'(u.) :== L'(R, B(R), 1) be the weighted L'-space with respect to the invariant
density p. of Remark 2.1.2; and define

Li(e) = { £ € L'(u)

/Rf(x)ﬂg(x) dr = 0} . (2.3.2)

For ¢ > 0, we consider a continuous function h. € L{(p.). If there exists a solution
. € C*(R) to the Poisson equation

—L.D. = h., (2.3.3)

where L. is the generator of X¢ introduced in (2.1.18), then applying the It6 formula to
d, yields

1
VT:

Inspecting equation (2.3.4), we notice that, in order to obtain the CLT (2.3.1), we need
to control the first term on the RHS in such a way that it vanishes in probability as ¢ — 0
and use a CLT for the remaining stochastic integral. The latter claim is contained in
[RY98, Exercise (IV.3.33)], with proofs given in [Kut76] and [Pra99, Appendix B], so that
we merely state the result in the way that we require.

/0 o (XE)dt = (DE(””O)\;T@&(X%S) + jT /O S (X W (2.34)

Proposition 2.3.1. For every € > 0, let B* be an adapted process with respect to the
filtration (Ft)ieo,c0) Such that [y°(Bf)*dt < oo, P-a.s. If there exists T > 0 such that

I 2 P2
?/0 (Bo)2dt £u 72, £ 0, (2.3.5)
then
1 e D 9
:Jo

To apply this proposition to (2.3.4), we first provide a lemma concerning the properties
of . and its derivative. The main ideas for this lemma are borrowed from the proof of
[Kut04, Lemma 1.17] and are modified to our setting.

Lemma 2.3.2. Let Assumptions (C*), (MET), and (R) hold. Assume that the functions
h. € Li(pe), € > 0, are continuous and satisfy sup.~ ||he|le < 00. Then the sequence of
functions ®., where O, solves (2.3.3), is uniformly bounded, i.e., sup.- ||PL||e < 00.

Proof. In this particular 1-dimensional setting, the function ®. is given by

x 2 Y
@E:c:—/ 7/ he(2)pe(2)dzdy, =z € R. 2.3.7
= S ) 230
Its first derivative equals
2 T
P (x :—7/ he(2)ps(2)dz, xe€R. 2.3.8
(@) =~y | el (238)
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Chapter 2. Limit Theorems

Recall the inequality (2.2.23), namely
cupt < pe < Cpp on R,

and observe that h. € Lj(u.) implies

! — —72 : z z)dz = 72 ~ z 2)dz, =«
P (z) = S ()2 () _/_OO he(2)pe(2) d Z(IE)Z,UE(I)/QC he(2)pe(2)dz, cR.

Now, let S,~ be as in Asumptions (R). By using (C*) ii), the inequality in (R), and the
uniform boundedness of h., we obtain

o< 2 (SO (2P Y
[®e(@)] < c /z ¥ (2)? p(z S (y)? dy)d

m

< QOM SUPe>0 ||h8||oo > exp (_27(2 o ZE)) dz = CM SUPe>o ||h’€||00
CpuMyo T YCuMyo

for x > S. A similar estimate is also true for z < —S. For x € [—S5, 5], it obviously holds

|(1)(/€(ZL‘)| S SUPe>q HhEHOO
cymopi(z)

which implies the claim. [

For the final result, we define L'(u) and L}(u) with respect to the invariant density p
of Remark 2.1.2 in the same way as with y. before. For a continuous function h € L}(u),
we define

x 2 Yy
O(zr) = —/0 W/—oo h(z)u(z)dzdy, =z €R. (2.3.9)

This function solves the Poisson equation —£® = h with the generator £ of X given in
(2.1.18).

Theorem 2.3.3. Let Assumptions (C*), (MET), and (R) hold, and consider T. = Q(e™")
for some n > 0 as € — 0. Assume that ¥ is bounded on R and that the functions
h. € L*(p.), € > 0, and h € L{(u) are continuous and satisfy sup.-g ||hz|lco < o0 and
|h]leo < 00. Additionally, assume that

72 = / N(2)? @ (z) e () do — / S(2)2® (2)?pu(x) do =: 7%, & — 0, (2.3.10)
R R
where &, and ® solve the Poisson equations
—L.P. = h, —LP = h, (2.3.11)

respectively. Then
1

VT,

T
/ ho(XE)dt -2 N1 (0,72), €= 0. (2.3.12)
0
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2.3. An e-Dependent Central Limit Theorem

Proof. Recall the equation (2.3.4)

D, — & (X7
L[ g = )~ L[
VI VI, VL
By virtue of Corollary 2.2.5, the first term on the right-hand side vanishes in probability

as ¢ — 0 because ®. is uniformly bounded by Lemma 2.3.2. For the second term, we first
bound

S(XE)PL(XE) dW,.

1 T
= [ SRl at - 7

E <E
T. Jo -

+ |T€2 - 7—2’7

1 T
= [ o)t - o2

and then we apply Theorem 2.1.10 to get

1 [T:
= [ SOGPeLx) at — 72

E
T. Jo c

—0, —=0.

By condition (2.3.10) it therefore follows

1 [T
= [Tl e —

€

E —0, —0.

Hence, in view of Proposition 2.3.1 and Slutzky’s lemma B.1.5, the claim is established.

O

Remarks on multidimensional extensions I'V.

It should be clear by now that the prevailing approach of this chapter is the Poisson
equation. And this is especially true for the proof of the CLT for time integrals. In
multiple dimensions, the idea carries out in the same way. If we have a multiscale system
(1.2.1) with generator £. as given in (2.1.107) and a function h: R%™ — R, then we
consider the Poisson equation with respect to the full multiscale generator, that is,

Lo (x,y) = he(z) = h —/ h(z) dv.(z, ),
(0,9) = hele) = hia) — [ hia)dve(a,y)
where v, is the invariant measure of (X, Y*¢). Applying the It6 formula to ®., inserting

the Poisson equation, and rearranging terms yields

T6 _ (I)s(XSv YE)E) - CI).e(XjE}) Yii)

1 T .
+ ﬁ /0 Vx(I)E(XtE7 Yf)E(X1557 Yf) th )

1 Ts € £ € €
o VR Yo (X Y i

As we can see from this representation, it is unavoidable to have quantities of the full
multiscale system (X¢,Y¢) on the RHS, even if the LHS only depends on the slow vari-
able X¢. The first term might be controllable with the results of Section 2.2 extended
to multiple dimensions, but even then, it is unclear if one can get good estimates for the
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Chapter 2. Limit Theorems

solution ®. with respect to €. Considering Proposition 2.3.1, which can be generalized
to multiple dimensions, see [Kut76], the representation also suggests that one is anyway
forced to obtain an ergodic theorem for the full multiscale system; at least if one aims for
a CLT. A possible approach into this direction could be the work in [MSHO02] in which the
authors establish geometric ergodicity for various SDE systems. From geometric ergodic-
ity as desribed in that paper, one can then derive a mean ergodic theorem, see the main
arguments in the proof by Gikhman and Skorokhod [GS68, §18]. Apart from these prob-
lems, the convergence of asymptotic variances as assumed in (2.3.10) poses considerable
difficulties, too. Except for specific examples, which we will present in the next section,
it is not clear how to obtain the convergence of the unhomogenized asymptotic variance

Lo V20 @) S )l + 272 9,02y, )] dvele,y)
to the homogenized asymptotic variance

\/'Rd$

as ¢ — 0, where p is the invariant measure of the homogenized SDE solution X and ®
solves the Poisson equation

V.B(0)S(2)|. d(z)

—LO=h— h(z) dup(z).

R
All in all, unless one comes up with an alternative approach to the limit theorems in
multiple dimensions with fully coupled multiscale systems, one is probably bound to deal
with some challenging theoretical problems.

2.4 Multiscale Overdamped Langevin Equation

In this section, we derive several results surrounding our accompanying example intro-
duced in Chapter 1. We will see that, under a small set of assumptions, the multiscale
overdamped Langevin equation (1.2.10) and its homogenized limit equation (1.2.12) fulfill
the conditions of the preceding sections, so that the limit theorems are directly applicable
in this case.

2.4.1 Multidimensional Case

We will use the following set of assumptions for the coefficient functions of the multiscale
overdamped Langevin equation (1.2.10) and the homogenized Langevin equation (1.2.12).
In the context of homogenization, it is customary to call V' the large-scale potential and
p the fast-scale periodic oscillation.

Assumptions (L).

i) V,p € C*(RY), p is L-periodic in all directions with period L. > 0, and o, o > 0.

i) For any multi-index 3 € N4, the derivative 9°V is at most polynomially bounded,
i.e., there exists an N € Ny and a constant Cy 53 > 0 such that for all z € R?,

10°V (2)] < Cnp(1+|2[5). (2.4.1)
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2.4. Multiscale Overdamped Langevin Equation

iii) There exist a,b > 0 and R > 0 such that for all x € R with |z| > R,

~VV(2)r < a— blzl3. (2.4.2)

It is not necessary to impose so much regularity on the coefficients, but it makes the
presentation of the results here and in later chapters slightly less technical. That being
said, it should become clear from the statement and the proofs of the results how much
regularity is actually required.

Remark 2.4.1. Most of our results are established for 1-dimensional SDEs, so that we
will rarely consider the Langevin equations (1.2.10) and (1.2.12) in arbitrary dimensions,
but let us remark that, under Assumptions (L), there exists a unique strong solution to
(1.2.10) and (1.2.12), respectively. This is a consequence of the local Lipschitz-continuity
of the coefficients and the fact that (L) i) gives the explicit Lyapunov function x — |z|3
for each of the generators L. and L, see [KMN12, Theorem 3.5] or Theorem A.2.3. In

this case, the generators of X¢ and X are given by

L & 1 \] @
Lm0y gm-3 [aaxiv -0, <5> i (2.4.3)
d 82 d o
LZUKZ?ﬂ?_EFK@WEE’ (2.4.4)

respectively, with IC defined in (1.2.13). Furthermore, although the homogenization results
for the Langevin equations are based on globally Lipschitz-continuous coefficients, cf.
[DDP23], one can suspect that it also holds in the local case, as has been indicated in

[PSV77].

We will first prove a multitude of analytical results in arbitrary dimensions and later
specialize to the case d = 1 as the limit theorems of the previous sections were proved for
1-dimensional SDEs only. We start with the following simple fact. Here, .%(R%) stands
for the space of Schwartz functions defined on R

Lemma 2.4.2. Let Assumptions (L) hold. Then x — exp(=V (x)) € (RY).

Proof. We first derive a lower bound for V. For this, fix a vector § € ST !, where S! is
the d-dimensional unit sphere in R, and define f(r) := V() for r > 0. Then

f@)zvvwmezivvumw.

For r > R, condition (L) iii) gives

(br* —a) = br — e

r

S |

fir) =

Integrating from R to r > R yields
f0) = fR) 2 [ (bs =) ds = S(* ~ B~ alog 7.
R s 2
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Chapter 2. Limit Theorems

Hence

b
V(r6) > V(R) + 5 (r — R?) — alog %.

Since § — V(R0) is continuous on the unit sphere S*!, which is compact, it attains a
minimum m. Therefore, for all x € R? with |z|, = r > R, we have

b
V(z) >m+ 5(7"2 — R*) —alog % (2.4.5)

From this estimate, it follows that there exists a constant C' > 0 such that for all |z| > R,
b
exp(—V(z)) < Clz|§ exp (—2|x|g> . (2.4.6)

Let a € N¢ be a multi-index. By induction on |a] = X% | a;, we have
0%(exp(—=V))(x) = exp(—=V (2)) Py (z), (2.4.7)

where P,(z) is a finite sum of products of derivatives of V' of order between 1 and |a].
Indeed, for |a| = 0, this is trivial with P, = 1. So, assume the statement holds for |a/.
Let i € {1,...,d} and consider « + e; where e¢; is the i-th standard unit vector. Then

0°(exp(=V)) = Oy, (exp(=V) Pa) = (O, exp(—V)) Po + exp(—V )0y, Pa-
Since 0, exp(—V') = —(0,,V) exp(—V'), we obtain
0t (exp(=V)) = exp(=V) (= (0., V) Py + 0, Py) ,

which has the required form. This completes the induction. With formula (2.4.7), estimate
(2.4.6), and the polynomial growth condition (2.4.1), we therefore obtain the claim. [

In the next result, we derive an estimate for an integral that is related to certain oscil-
latory integrals and which produces quantitative weak convergence rates for the invariant
measures of our considered Langevin equations. In the proof, we will make heavy use of
multi-index notation and Fourier analysis on the d-dimensional torus T¢, that is, we fix
L = 1. A standard text for the latter topics is [Gral4, Chapter 3]. Recall here that if
A € RN\ {0}, then successive integration by parts gives the formula

/Rd(ﬁﬁf)(x) exp (27ri)\Tq:) dz = (—1)1Pl(2miN)P /]Rd f(z)exp (27rz')\Tx) dx, (2.4.8)

for any multi-index 3 € N¢ and f € #(R?). This is obviously just the differentiation
rule for the Fourier transform on R? and will be useful for what follows. We denote
by WH*1(R?) the Sobolev space of functions defined on R¢ whose weak derivatives are
integrable up to order k. More concretely, let

WH(RY) = {f € L'(R") | 0°f € L}(R?) VB € N§ with |8] < k} (2.4.9)
be equipped with the standard Sobolev norm || - ||yx.1(gay given by
I fllwesggay = D 1107 fllszay,  f € WHH(R?). (2.4.10)
BeNd
1BI<k

We now come to the previously announced integral estimate.
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2.4. Multiscale Overdamped Langevin Equation

Proposition 2.4.3. Recall T{ = R4/(LZ)? and set

p(l) == / p(y) exp (2m’lTy> dy, €7 (2.4.11)
Td

L

If Assumptions (L) hold, then, for alle >0, any k € N, and any f € .Z(R?), we have

< ( - €Xp (Z 1p(1) ) £ l[we.1 (ray-

lezd
(2.4.12)

|/ leXP (23/6)) - ]Lid /Tﬁ exp (p(y)) dy] dx

Proof. By rescaling we may assume without loss of generality that I = 1, so that T¢ = T¢.
We will do an approximation argument. To this end, we first consider the case of a general
trigonometric polynomial on the torus given by

Tn(z):= > a(l)exp(2mil'z), z€T? NEN,
1ezd
<N

with coefficients a(l) € C. We will occasionally suppress writing [ € Z¢ and likewise
notation in the appearing sums whenever it does not create confusion. Given the set of
coefficient indices A := {l € Z?||l] < N}, there exists a bijective map

I:A—=A{l,....M};, 1~ I(1),

where M := |A| is the cardinality of A. Using a series expansion and the multinomial
theorem, we can write

/TdeXp(TN( dy—n On,/

/W<Z m)) exp(2mil ' (m )y)>ndy

m

Qm

nl Z <n> /]l‘d ﬁ [a(f_l(m))exp(?wil_l(m)Ty)} dy

Z P ( ) ﬁ 71 (m))o / exp <2my SO )dy.

m=1

We set SM := M  [-1(m)a,, and note that SM € Z¢. By virtue of the periodicity of
the complex exponential on T¢,

T oM _
/Td exp (27rzy S, ) dy = Tigm—gy

holds, so that the above calculation simplifies to

/T exp (T (y)) dy = Z 3 (Z) ﬁ a(I7(m))°. (2.4.13)

\al m=1
SM—o
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Chapter 2. Limit Theorems

For any € > 0 and = € R%, we obtain with similar steps as before

exp (Tn(z/e)) = Z > ( ) [T a(Z7'(m))* exp (QWixT(Siw/e)).

! anNM m=1

laj=n

Observe that by (2.4.13)

exp (T (z/2)) Z 3 (Z) ﬁ a(I!

Djame \O

SM=0

()

1__[ a(I™*(m))*™ exp (2mxT(S§”/s))

SM-£0

= [, exp (Tw(w) dy

Z ; (Z) Ula(rl(m))am exp (2miz " (SM /e)) .
SM-£o

For the next step, we note that for any multi-index o € N}! with |a| = n and S¥ # 0,
there exist indices ji,...,Jm € {1,...,d}, m < d, such that (SM);,...,(S¥);,. # 0.

Hence, using formula (2.4.8), we obtain the following estimate, for any multi-index 3 € N¢

with |8 = 32j_, B = X% B, = k and 8, > 0,

2 SM d kaHW’” (R4) < 8k||f||wk,1(Rd) 9414
/ exp miz' ( /6 2] (3P| I (2.4.14)

where we also used the fact that |[(SM)?| > 1. Using this last estimate (2.4.14) and the
preceding calculations, we get

/Rd f(z) [exp (Tn (z/e)) — /J]‘d exp (Tn(y)) dy] dx

Z > (Z) nﬁl ‘a([‘l(m))’am /Rd f(z)exp <2m'xT(S£4/£)) dx’

Ial
SM£0

ok 0
< “f”WR;ﬂl/'l ()H‘ ’

SIW#Q

By another application of the multinomial theorem, we have

> (o) It < 52 (1) 11 f-om) [

SJVI #0
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2.4. Multiscale Overdamped Langevin Equation

(o~ (5]

Hence, we obtain the following estimate for a general trigonometric polynomial
< e a(l 3 .
= (%) Xp ( Z |a( ) 1S lwear (e

‘/ <N
(2.4.15)

Note that, by p € C°°(T?)!, the Fourier coefficients of p defined in (2.4.11) satisfy
(p(1)ieze € H(Z?), see [Grald, Theorem 3.3.9]. Next, recall that the Cesaro means
defined by

dx

) [exp (T (2/€)) = [ exp (T (y)) dy

_al Ml o T a

on(z) =) (1 1= p(l)exp(2mil z), xe€T% N eN,

=, N+1 N+1
[1;1<N

are trigonometric polynomials, whose coefficients are evidently bounded by the absolute
value of the Fourier coefficients of p. So, using (2.4.15), we have the following uniform
bound in N

‘/ {exp oy (z/e)) — /Td exp (on(y)) dy] dr

< ( - exp (Z (1) ) 1S [l ray-

lezd

Using this uniform bound, the mean value theorem, and the triangle inequality, we even-
tually arrive at

[ 1@ [exp o a/2) ~ [ exp (ply)) dy) do

< ( - €Xp (Z (1) ) [ f1lwrer ray

lezd
+ 2exp (HPHC(W) + > !ﬁ(l)!) 1 fllr@ayllp — on | o (ray-
lezd

It is a well-known fact, see [Gral4, Chapter 3], that the Cesaro means converge to p in
C(T?) as N — oo, so that we finally arrive at the concluding estimate (2.4.12). O

The next corollary gives weak convergence rates for the invariant densities of our
considered Langevin equations. The fact that they are indeed the invariant densities

has been proved in [PS07, Proposition 5.1 and 5.2].

Corollary 2.4.4. Define the d-dimensional Lebesque-densities

pe(z) = Zl exp (—jV(m) _ L <IU/€)> ) reRY >0, (2.4.16)
p(x) == ;exp (—jV(m)) : r € RY, (2.4.17)

the Holder space C%9(T9) with § > 0 would be enough

63



Chapter 2. Limit Theorems

where Z,Z. > 0 are normalization constants. Set two random wvariables (. ~ p.dx,
¢ ~ pdz. If Assumptions (L) hold, then, for any function g € C*(R?) with all of its
derivatives growing at most polynomially, for sufficiently small e > 0, and any k € N, we
have

[Eg(¢) ~Eg(Q)l =0 (). (2.4.18)

Proof. Let L = a = 0 = 1 without loss of generality. Recall the following normalization
constant from (1.2.14)

Zp = /w exp(—p(y)) dy. (2.4.19)
Notice that

Eg(¢.) ~Eg(Q) = [ 9() [ne(a) - p(a)) da

+ [ o) [ expl(-V @) = pla)]| do

= 5 9@ exp(-Via)) fexp(-p(a/2) - Z) do

+ ZZEZ_EZE/Wg(x) exp(=V (x)) de.

Observe that
2.~ 22, = [ exp(~V (@) |exp(-plafe)) = [ exp(=ply)dy|dz. (2420

Lemma 2.4.2 and Proposition 2.4.3 yield

\Z. —ZZ,| < ( - exp (Z 1p(1) ) | exp(—=V)[|wk.1(ma)- (2.4.21)

lezd

In particular, Z. > (ZZ,)/2 > 0 for sufficiently small ¢ > 0. Furthermore, using the
estimate (2.4.6) and the assumption that all derivatives of g grow at most polynomially,
it follows that x — g(z)exp(=V(x)) € .7(R?). Therefore, Proposition 2.4.3 eventually
implies

Eg(¢) —Eg(Q)] < ZZQ( - exp (Z (1) ) g exp(=V ) |lwr (ray

lezd

2k
+ 5o g XD (Z 1p(1) ) | exp(=V)|lwr1wallg exp(=V)| 11 (ra)

227 ( lezd
=0 (ek) ,
(2.4.22)
for sufficiently small £ > 0. O
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2.4. Multiscale Overdamped Langevin Equation

2.4.2 One-Dimensional Case

From now on, we assume d = 1. In this case, we can derive stronger results and the
first one is a special case of Proposition 2.4.3 and Corollary 2.4.4 with explicit large-scale
potential given by a quadratic potential and a fast-scale periodic oscillation given by a
cosine function. The proof is essentially the same, but it might be more illuminating than
the general case as we do not need multi-index notation. We will need this special case
later in Chapter 3.

Lemma 2.4.5. Assume the setting of Corollary 2.4.4 with d = 1, a,0 > 0, . = 2,
V(x) = 2?/2, and p(z) = —cos(z). Set ¢,(z) := exp(iuz) for x,u € R. Then

E ¢u(C) —Egu(Q)| =0 <exp (—j;)) : (2.4.23)

Proof. In this proof, the appearing constant C(«, o) may change from line to line but
will, in any case, remain independent of €. As before, we can write

(67

B6u(G) ~E0ulQ) = o [ expliv)exp (- 27 [exp (f“) - H-] dr

+ZH_—Z€/ (iz) < a2>d
77 i exp(ix) exp 20.7: x,

where I1~ was defined in (1.2.16). Observe that

Z. — 7117 = /]Rd exp (—;ﬁ) [exp (COS(:/g)> — 2171 /O27r exp <Coi(y)> dy} dx.

We will prove that

7. — 211 | = O (exp (-jé)) | (2.4.24)

For this, we can use a series expansion and the binomial theorem to calculate the integral

1 gom cos(y) R "
27r/o exp( . )dy—2ﬂz /0 cos(y)"dy

— o™n!

1 & 1 2m ) \\n
- 5 o et

1 & & 1 n 2m

2 2 2 oyl (k) e it = 20 dy

1 oo 2m 1 1 o
S % _

or ;::0,;) (20027 KI1(2m — k)| /0 exp (2i(m = k)y) dy
J— . 1
- — (20-)2m(m|)2
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Chapter 2. Limit Theorems

Similarly, for € > 0 and € R, we obtain

o () S5

( >exp (i(n — 2k)z /e)

o o n”'
o) oo 2m
exp (2i(m — k)x/e)
= 2 oy (e m' T2 2 o kI @m — bl
m*[) m=0 k=0
k#m

o 2t exp (i(2(m — k) + 1)z /¢)
P (20) 2m+1kz'(2m k+1)!

m=0 k=0

We will estimate the last two terms. For the middle term in the last appearing equation, we
obtain, by Fubini’s theorem, the fact that E exp(itZ) = exp(—t%/2) when Z ~ N;(0,1),
|m — k| > 1, and the binomial theorem,

/Rexp <—x > Z ka: 222;7‘127:)33]/5) dx

20
e

> o)
< _a 2) 2i(m — k)z/e) d ’

mZ:O kZ:O 20) ka‘ 2m — )] exp< 55 exp (2i(m — k)z/e) dx

fem (2.4.25)
> 2m 1 2(m — k)*c
< _~ 7
(o0 mzo ];) (20)?mE!(2m — k)! exp< ae? )

k#m

20\ & 1
< Cloo)ew (~.5) 2 CE )l

An analog estimate holds for the third term, namely

o (~) £ 75 omliatn b 1 1ej)

i i (20) 2m+1k‘(2m kE+1)!

20 1
0462) mZ::O o2t (2m 4 1)1

< Cla,0)exp (—

With these equations and estimates, we can therefore arrive at (2.4.24). Note also that
we can get a similar estimate for the term

/R exp (i) exp (—20;:52) lexp <ws(:/5)> - H‘] dz

= [ expliuz) exp (-iﬁ) [exp (W) - ;ﬂ / " exp (Coi(y)> dy] du.

This is because we only have to replace exp(—awz?/20) with exp(iux) exp(—awx?/20) in
(2.4.25), so that we end up with the characteristic function of an unnormalized Gaussian
again. [
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2.4. Multiscale Overdamped Langevin Equation

Our last objective in this section is to prove that the Langevin equations (1.2.10) and
(1.2.12) satisfy the assumptions of the preceding sections on limit theorems so that every
main result is directly applicable.

Lemma 2.4.6. Under Assumptions (L), the set of Assumptions (C*), (MET), (R), and
(QET) are all satisfied for the multiscale overdamped Langevin equation (1.2.10) and its
homogenized limit equation (1.2.12).

Proof. The conditions on the diffusion coefficients £ = 20 and £2? = 20K in all stated
assumptions are trivial as they are merely constants. The local Lipschitz-continuity in
Assumptions (C*) i) and ii) is immediate from the mean value theorem. In particular,
for x,y € [N, N] for some N € N, the periodicity of p, hence boundedness, implies

1 1 1
V/ - / . V/ - / < V// . 7 /! o . .
aV'(z) + D (z) —aV'(y) P (y)| < O‘Ze?i?@fNH (2)||z =yl + > 1" loo] — ]
Moreover, the local integrability condition in (2.2.1) holds by continuity and the fact that
the diffusion coefficient 32 is just a constant. Hence, Assumptions (C*) holds. Next, we
will prove Assumptions (R). For this, note that, by (L) iii), there exist a,b, R > 0 such
that for all x € R with |z| > R,

a

—sen(@)V'(2) < bl <

]

— blz|.

Thus, we can find S, 5 > 0 such that for € R with |z| > S,

akV'(x)

= <5 (2.4.26)

— sgn(x)

which is exactly Assumptions (R). We will now prove Assumptions (MET). In this case,
the scale functions are given by

= f o (2 5o(2)
f@) = [Cexn (2Vw) dy

o

(2.4.27)

By periodicity of p, hence boundedness, we therefore obtain the pointwise lower and upper
bounds in (MET) iii). After noting

1 1
Cp = ‘/Rp(x)Q dr = 2_32‘/R f’(l‘) dx,

Condition ii) is a consequence either of Lemma 2.4.2 or (2.4.26). Condition i) follows from
2.4.26. For x > S, we have

f) = [ew (Pa [[ViE)d) dy = 5(5)+ £1(5) [ exp(25) dy,

which implies lim, o f(z) = oco. Similarly for lim,, . f(z) = —oo but with different
signs. Hence, Assumptions (MET) holds, too. At last, we come to Assumptions (QET).
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Chapter 2. Limit Theorems

Considering what we have proved so far, there is not much left to verify. Concerning the
recurrence conditions in (QET), we mainly need to observe that (L) iii) yields

lim sup — sgn(z)V'(z) = —o0, (2.4.28)

|z| =00

vielding (=V’,1) € Z(r) for all r > 0. This readily implies that (—aV’' —p/'(-/¢) /e, ¥?) €
R and (—aKV',%?) € #. Assumption (QET) iii) follows by Example 2.1.13. Since p
is bounded on R by L-periodicity, we have (—p'(-/€)/e,3?) € Z(257?||p||oo). Choosing
r > 2Y72||p||s, which is possible due to (—aV’,¥?) € N,~oR(r), indeed gives (QET) iii).
Finally, (QET) iv) is quite straightforward because

TP (y/e) 1 2[|p]oo
| B dy) = 55 e/ —p(O)] < T2, weR

This concludes the proof. O

To properly apply Theorem 2.3.3 to the Langevin equations, one also needs to verify the
convergence condition in (2.3.10). Hence, in the rest of this section, we will be primarily
concerned with explicit convergence rates for the difference of the asymptotic variances

h{/qmy%@mm—i{/@@fmwdx (2.4.29)
R R
as ¢ — 0, where ¥ = V20, ¥ = V20K, and ®., ® solve the Poisson equations

-ﬁ@fﬁg:h—émm%@mﬁ (2.4.30)

-f@:ﬁ:h—émwawm, (2.4.31)

respectively, with the generators £, and £ given in (2.4.3) and (2.4.4). One could prove
qualitative convergence in the sense of a limit result, but we will need explicit convergence
rates in Chapter 4.

We start with two lemmas that will be the main key for obtaining estimates for (2.4.29).
The estimates we are about to obtain are nowhere near optimal in any sense, but they
are at least sufficient for our purposes. We will formulate and prove the results without
loss of generality for L = a = 0 = 1 as the handling of these constants is only a matter
of rescaling or absorption through the potential V' and the oscillation p. The general case
works exactly the same and is merely an additional notational burden. The first lemma
is a slight generalization of Proposition 2.4.3 to finite intervals.

Lemma 2.4.7. Let Assumptions (L) hold and consider a,b € [—o0, 00| with a < b. If
h € C*®(R) such that hexp(=V) € #(R), then

[ @) ete) = e

(2.4.32)
= O (e [|n(a) exp(=V (a))| + [h(b) exp(=V ()| + [[hexp(=V) lwrrm] ) -
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2.4. Multiscale Overdamped Langevin Equation

with the understanding that |h(—o0) exp(—V (—00))| = |h(o0) exp(—V (c0))| = 0. More-
over, for any k € N, we have

[ b)) = pla)) do| = O (| exp(=V) e (2.4.33)

Proof. Assume without loss of generality that . = o = 0 = 1. The proof is very similar
to the proofs of Proposition 2.4.3 and Corollary 2.4.4, which is why we will only give a
sketch here. First, note that

[ @) ) — () do = - [ () exp(~V (@) [exp(—pla/e) - T dr
EZH_ Lo (2.4.34)
+ ZZ_EE/Q h(z)exp(—V(x)) dx,

and
Z.—ZII" = /Rexp(—V(a:)) [exp(—p(aj/s) — H_} de, 11" = /01 exp(—p(y)) dy. (2.4.35)

As we can see from these two expressions, this puts us into the setting of Proposition
2.4.3, with the only difference being that we might have a finite interval (a,b) in some
integrals. Thoroughly inspecting the proof of that proposition reveals that the relevant
estimate appears in (2.4.14), which, in the case of a = —o0, b = 00, turns into

< e¥||hexp(—=V)|lwri(w),

/Rh(x) exp(—V(z)) exp (2m’x(5§4/5)) dx

with a number S¥ € Z\{0} determined in the proof of that proposition. In the case of
a,b € [—00, 00] with at least one of these two numbers being finite, we can use integration
by parts once to obtain

[ (@) exp(~V (@) exp (2miz (5L /€)) da| < e[ Ih(a) exp(~V (@) + |h(b) exp(~V ()

+ ||heXP(—V)||W1,1(R)],

Continuing verbatim with the proof of that proposition, we obtain the estimates

‘/Rh(l') exp(—V(x)) {exp(—p(g;/g)) _ H_] dx

= O (H|hexp(=V)llweace))

/ab h(z)exp(—V(x)) [eXp(—p(gj/g)) _ H_} dr

= O(e[|h(a) exp(=V(a))] + [1(b) exp(=V (D) [[hexp(=V) [wrrw)] ), a,b €[00, 0],
By using these in (2.4.34) and (2.4.35), we arrive at the conclusion. O

The second lemma shows, in particular, that ®. converges uniformly on compact sets
of R to ® as ¢ — 0, proving a type of homogenization result for the solution to the Poisson
equation.
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Lemma 2.4.8. Let Assumptions (L) hold and consider x € R. Then, for any bounded
function h € C*(R) with hexp(—=V) € L (R), we have

@.(2)=0(a)| = O (=sen(@) [z + [ V()] dy -+ [hexp(=V)llwrsge) [ exp(Vw)dy] ).

(2.4.36)
as € — 0, where ®. and ® solve the Poisson equations
—L.O, =h.=h— / h(z)pe(x) de, (2.4.37)
R
—LOP=h=h— / h(z)p(x) dz. (2.4.38)
R

Proof. Let x > 0. The case x < 0 works similarly due to symmetry in our assumptions,
especially due to (L) iii). Assume without loss of generality that L = o = o = 1. First,
recall the explicit solution formulas for ®. and ® given in (2.3.7) and (2.3.9) by

v(0)=- [ ij) [ h@pydzdy, o) =~ [ ,C:(y) [ hentz) dzdy.

Since p is bounded, we have the simple inequality
cupp < pte < Cupp on R, (2.4.39)

with constants ¢, C,, > 0 that are independent of . We define
Hy) = [ he@(z)dz H) = [ Bouz)dz yeR (2.4.40)
Then, for y € R, Lemma 2.4.7 yields
Ho(y) = Hl = | [ (el2) = () dz+ [ () (0n(2) = (=) dz

—0o0

he =B+ | [ B (2) - ) dz

[ A ) - e d:

= | [ ) 0e() — (2)) dz

-0 <5k||hexp(—V)||Wk,1(R))
+ 0 (= [Imy) exp(=V @) + [hexp(=V)lwe])

= O ([ Ih() | exp(—V () + [hexp(=V)[lwrim] ) -

It follows
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2.4. Multiscale Overdamped Langevin Equation

1 o |Ho(y) — H(y)| g L1
= cu/o i) T /o H(y) (ua(y) /Cﬂ(y)> dy"

For the first term, using the estimates above and the boundedness of h, we get

Clu/o |He(yL(;J)H<y)’ dy = O <5 UO 1(y)] + |7 exp(=V)|lw gy exp(V (1)) dyD

=0 (5
and, for the second term, we notice that
zH d—Z/ y)exp (V(y)) (exp(p(y/e)) — 11T dy
50 (- ) ) (explolu/e) - 11°)

+ (2. — 21" [ Hiy)exp (V(y)) dy.

T+ [[hexp(=V)||wri(w) /Oz exp(V(y)) dyD ,
(2.4.41)

(2.4.42)

with ITT as in (1.2.16). With the same ideas as in the proof of Lemma 2.4.7 for the finite
interval case, we can show that

/Oz H(y) exp (V(y)) (eXp(p(y/g)) _ H+) dy'

=0 (& |IH@exp(v @)l + [t exp(V))|(w) dy] ).

Obviously, H exp(V') is bounded on [0, S] where S > 0 comes from (2.4.26). For z > S,
we can use (2.4.26) and the fact that lim, ., H(y) = 0 to estimate

@ eV = 7| [~ b esp(V () + V@) dy
/:O h(y) exp (— /xy V'(2) dz) dy‘

hllo [
< e [ exp( -2ty — ) dy
2|l [ hllso
_ 2 exp(—20y) dyzuﬁg ,

that is, Hexp(V) is bounded on R. By using this fact, H exp(V) = h/Z, and the
boundedness of h on R, we obtain

’/ y)exp (V(y)) (exp(p(y/e)) — 1Y) dy‘ =0 (a [a:+/: IV’(y)|dyD,

providing us, in conjunction with Lemma 2.4.7 (recall (2.4.35)), with the following result
for the second term (2.4.42)

z 1 1 e
[ Hw) <Ma(y) - /C,@)) dy| —0 <g [“/o 1% (y)|dyD. (2.4.43)
Combining (2.4.41) and (2.4.43) yields the claim. O

Z
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Chapter 2. Limit Theorems

We come now to convergence rates for the difference of the asymptotic variances.

Proposition 2.4.9. Let Assumptions (L) hold. Then, for any bounded function h €
C>(R) with hexp(—=V) € L (R) and any v € (0,1), we have

22/ ' (2)*pe () do — 22/ ' (2)*pu(z) dz| = O (57||h exp(—V)||W1,1(R)>, (2.4.44)

as € — 0, where ®. and ® solve the Poisson equations

—L.O, =h.=h— /Rh(x)us(x) dx, (2.4.45)
—LDd=h=h— /Rh(x),u(x) dx. (2.4.46)

Proof. Recall that we assume . = o = ¢ = 1 without loss of generality. Integration by
parts and the Poisson equation give

IC/ Q' (2) pu(z) de = K [®(2)®' (x)p —IC/ ' (z) + 0" ()] p(x) da

_ /R O(2)(— L) (2) () do = /R O (2)h(z) () de,

where ®®’y; vanishes at infinity due to Remark 2.1.15 and Lemma 2.4.2. A completely
analog calculation shows

/cp’ 2 (x da:-/@ he () 1. () da.

We can do the following splitting

/ o, ( () da — /R O (2)h(2) () de = /R . (2) (he(x) — h(a))pe(z) do
+ [ (@.(2) - (@)h(@)p.(x) da
+ [ 2@h@) (k@) - p(a)) da

=I.+J.+ K..

By Remark 2.1.15 and ®.(0) = ®(0) = 0, we know that |®.(z)|,|P(z)] < C|z| for all
x € R, with a constant C' > 0 that does not depend on . With this fact, Lemma 2.4.7,
and (2.4.39), the first and the last term can be estimated, for any & € N, as follows

1< [he = [ lalu() do = O (Hhexp(=V) ) (2.4.47)

K. = O (¥ ®hexp(=V) lwram)) » (2.4.48)

where in the first line we also used the fact that [ |z|u(x)dr < oo by Lemma 2.4.2.
For the middle term, we first introduce a sufficiently large R. > S, which we will choose
depending on ¢ soon, such that (2.4.26) holds and

J. = /|xSRE<<1>E<a:> — B(a)) () pe () d + (®.(z) — B())h(a)pe () dar

|z|>Re
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2.4. Multiscale Overdamped Langevin Equation

Then, using the linear bounds on ®. and ¢ as mentioned above, (2.4.39), and the bound-
edness of h, yields

[ @) = SeDRe)de =0 ([ felesa(-v () ae)
Note that, by (2.4.26), we have

"z exp(~V(2)) dr = exp(~V(R.))
A J

[e.o]

T exp (— /Ri V'(y) dy) dx

€

< exp(=V(R.)) /Om(x + R exp (—28z) de

< exp(—20R.) exp(28S — V(9)) /Ooo(x + Re)exp (—fx) dx

=0 (RE eXp<_2/8RE)) :

We can get similar estimates for the integral on the negative axis due to the symmetric
nature of (2.4.26). Therefore, we obtain

/Ia:>RS((I)E(I) - (I)(:E))ﬁ(w)ug(x) dr = 0O (R‘E exp(—QﬁRE» ) (2‘4‘49)

For the first term in J., we utilize Lemma 2.4.8, (2.4.39), and the boundedness of h to
obtain

/wISRE((DE(x) — ®(x))h(x)pe(x) da
-0 (6 /|x|§Rg sen(x) [x T /Of V' (y)] dy} exp(—V (z)) dx)

+0 <5 /chRs sgn(z) [Hhexp(—V)HWl,l(R) /Ox exp(V(y)) dy} exp(—V(x)) dx) )

By (L) ii), it follows that [ |V'(y)|dy is at most polynomially bounded, so that, by
Lemma 2.4.2, we may upper bound

[ s [Vl dyesp(-vi@) ds < [ [TVl dyesp(-Via) ds < o

Moreover, by L’Hépital’s rule and (2.4.26), we obtain

lim sup (sgn(x) /Oz exp(V(y)) dy exp(—V(x))) = limsup !

1
— < —, (2450
|x|—o00 |z]—o0 Sgn($>vl($) 25 ( )

giving us at least the boundedness of that quotient on R, so that we eventually arrive at

/|I<R€<‘DE(I) — ®(x)h(x)pe(w) dr = O (eRel[hexp(=V)|lwrim) (2.4.51)

Choosing R. = £" for any n € (0, 1), we get the final result by combining (2.4.47), (2.4.48),
(2.4.49), (2.4.51), and taking the worst among these estimates, that is, (2.4.51). O
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Chapter 2. Limit Theorems

Remark 2.4.10. Closely inspecting the last proof reveals that an improvement of the
convergence rate primarily relies on an improvement of the bound in (2.4.51). To be more
precise, if one were to find a function a: R — R giving the exact asymptotic growth of the
quotient in (2.4.50), namely

i d@)sen(@)f(z) - al@)sgn(@) Jo exp(V(y)) dy
2| o0 f'(z) |z — 00 exp(V (z))
where f is the scale function in (2.4.27), then such an improvement is feasible, but it

depends on the exact condition in (L) iii) or (2.4.26). We settled for this explicit condition,
but more stringent conditions can certainly yield better control.

=1, (2.4.52)

We end this chapter with a summary and restatement of the main limit theorems in
the case of the Langevin equations so that we can reference it more easily in the following
chapters.

Corollary 2.4.11. Consider the multiscale overdamped Langevin equation (1.2.10) and its
homogenized limit equation (1.2.12) under Assumptions (L). Let h be a bounded function
such that h € C*°(R) and hexp(=V) € .Z(R). Then, for T. — oo as ¢ — 0, we have

2

1
—~0, £—0. (2.4.53)

1 /OTE h(xp) dt = [ h(z)u(a) da

E
1z

Proof. This is an immediate consequence of Lemma 2.4.6, Theorem 2.1.10, and Lemma

2.4.7. U

Corollary 2.4.12. Consider the multiscale overdamped Langevin equation (1.2.10) and
its homogenized limit equation (1.2.12) under Assumptions (L). Assume that V" € 2(2),
i.e., there exists a constant K > 0 such that for all v € R,

V"(2)| < K(1+ |z]?). (2.4.54)

Let m € N be such that b > (2m — 1)/(2m)?, where b > 0 comes from (L) iii). Then, for
any continuous function p € P (m) and T, = ~* with « > m/3 V 1/2, we have

O ((1vC2,)e®2m5)  ifa <2m -3,
@ <(1 V C’fn’w)e‘”*l/ﬂ : if > 2m — 2

29

(2.4.55)
as € — 0, where C,,, > 0 is the constant from the polynomial growth bound of ¢. If
p € P(0), then, for T. = e~ with « > 1/2, we have

E

I{E/OTS (X)) dt—/ﬂ%s@(y)ua(y) dy’ :{

E jlﬂg/OTEsO(Xf)dt—/RsO(y)ua(y) dy

as e — 0.

2
Cg#? 2 _a—1/2
=0 (Tﬂ/g> =0(C3e71), (24.56)

Proof. This follows from Lemma 2.4.6 and Theorem 2.1.18 as soon as we verify the two
remaining conditions in Theorem 2.1.18. Inequality (2.1.97) holds by boundedness of p”
and the assumption (2.4.54), since, for ¢ > 0 small enough,

KA+ 1Pl

p'(z/e)
V(@) + < K+ =
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2.4. Multiscale Overdamped Langevin Equation

The other assumption one has to verify is the Lyapunov condition (2.1.98). To this end,
define v(x) := 2®™ for x € R. Using (L) iii), we can calculate and estimate

20016l om-1

Lo < —2mbz®™ 4 (2ma +m(2m — 1)X%) 2?2 +
£

Young’s inequality for products with p = 2m/2m — 1 and ¢ = 2m yields

2m||p/‘|00x2m71 < 2m — 1x2m

2m?* |12
€ - 2m gzm '

Moreover, for any n > 0, we have the basic fact that 2?2 < nz*™ + C(n,m) with
C(n,m) := sup,cg (2?2 — nz®™). With these two estimates, we can conclude

2m2 || 2 + (2ma + m(2m — 1)£2)
€2m

)

Lov< = v(x)+

where

2m —

1
A= 2mb— —n(2ma+m(2m—1)%?), c:=2m*™ Y|P |2+ (2ma+m(2m—1)%?),

which are both positive by the assumption b > (2m — 1)/(2m)? and after choosing 7
sufficiently small. O

Corollary 2.4.13. Consider the multiscale overdamped Langevin equation (1.2.10) and
its homogenized limit equation (1.2.12) under Assumptions (L). Let R. = Q(¢7") for some
n>0ase— 0. Then, for all 6 > 0, we have

AN
Proof. This follows immediately from Lemma 2.4.6 and Corollary 2.2.5. [

Corollary 2.4.14. Consider the multiscale overdamped Langevin equation (1.2.10) and
its homogenized limit equation (1.2.12) under Assumptions (L) and the Poisson equations

—L.D.=h.=h— /Rh(a:)ua(:c) dz, (2.4.58)
—LP=h="h— /Rh(x)u(x) dzx, (2.4.59)

with a bounded function h € C*°(R) such that hexp(—=V') € .#(R). Then, forT. = Q")
with n > 0, we have

1 /T
7 Iy he(X7)dt 25 N1(0,7%), & — 0, (2.4.60)

where B
7%= 22/ ' (x)?u(x) da. (2.4.61)
R
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Chapter 2. Limit Theorems

Proof. This readily follows from Lemma 2.4.6, Theorem 2.3.3, and Proposition 2.4.9. [J

Remark 2.4.15. We want to repeat that it is not necessary to assume so much reqularity
on the coefficient functions of the generators and test functions in the limit theorems. For
example, in Corollary 2.4.11 and Corollary 2.4.14, it would, in fact, suffice to assume
V,p € C*(R) and a bounded function h € C'(R) such that hexp(—V') and its derivative
(hexp(=V))" have sufficient decrease at infinity.

Overall, this section shows us that, although we proved general limit theorems in the
previous sections, there still remains some work even when considering a specific class of
multiscale equations with their homogenized limit equation. This added work is mostly
due to the condition on the asymptotic variances (2.3.10) in Theorem 2.3.3. Hence, it
would be highly valuable to find a proof for the limit theorems that avoids such a condition,
but, for now, this remains an open problem.

76



Parametric Estimation

With the necessary asymptotic techniques developed in the previous chapter, we can
now present and analyze several estimators for parameters in homogenized SDE models
under the aspect of robustness and asymptotic normality. The estimators all share some
common features. One feature is that we are aiming to retrieve parameters from the
invariant densities of the homogenized limit SDE through observations of the unhomog-
enized slow variable of the multiscale system. The idea is that, as shown in the previous
chapter, invariant densities and averaged functionals, that is, time averages, of the weakly
perturbed observations are asymptotically well-behaved. The other feature is that we will
identify these parameters through minimization of a suitable distance quantity. This idea
lends itself to the so-called minimum distance approach, which is an ubiquitous method
for statistical inference in parametric estimation problems and often also goes under the
name of M-estimation, cf. [Wol57; Kut94; Vaa98; Pra99]. In certain contexts, it encapsu-
lates many commonly known inference methods as special cases, e.g., maximum likelihood
estimation, least squares methods, or method of moments.

In the first section, we introduce a general estimation framework for models under weak
misspecification, define the notion of robustness, and provide an example showcasing the
failure of the maximum likelihood estimator when it is built based on the limit model,
but confronted with data from the perturbed model. Afterwards, we present a first simple
example of a parametric estimator that is robust and asymptotically normal. Although
the considered test case is quite simple, the example already highlights what is necessary
in order to prove these two asymptotic properties and how the results in Chapter 2 come
into play. In the second section, we present a more sophisticated estimation method, prove
several interesting asymptotic results, and substantiate them with a numerical simulation
study. Since this whole chapter deals with several different notions regarding the theory of
tightness and weak convergence of measures, we recommend Appendix B for continuous
reference to these topics.

3.1 A Primer on Parametric Inference under Weak Mis-
specification

As we are in a setting of parameter estimation under weak misspecification, we first

extend some basic terminology that is commonly used in asymptotic estimation theory,

cf. [IK81; Hen24; Kut94|. Let (2, F,P) be the underlying complete probability space
and (21, B(Z7r)) a measurable space with a non-empty set 27 of functions from [0, 7]
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Chapter 3. Parametric Estimation

to R?, equipped with a o-algebra %(27). Moreover, let © C RP, p € N, be an open set
and ¢: ©® — RP a map. We consider the stochastic processes X, X € Z7, ¢ > 0, and
assume that their laws with respect to IP can be parameterized through a finite-dimensional
parameter ¥ € ©, i.e., there exist two sets of probability measures on (27, B(Z7)), say

P:={Pj|9ec0} and P.:={F),|0c0}, (3.1.1)

serving as distributional models for X and X¢, respectively, such that PX € P and
PX° ¢ P.. In our specific context, we will refer to P as limit model or effective model
and to P. as weakly perturbed model. The map v, which is independent of ¢, draws a
connection between the parameters of the two distributional models, see the beginning of
Subsection 3.1.1 for an example. For identifiability purposes, we assume that the maps
9 — P and 9 — Pg(ﬂ) are injective. In particular, this implies that ¢ is injective. If
we, for a second, interpret X¢ as a realization of a random experiment on (27, B(Z71)),
then our statistical task is to find the parameter ¥y € © which gives the distributional
model ]P’Z(ﬁo) and, thus, also IP);‘,CO. We will call such a vy the true value or true parameter.
Finding the true parameter can be accomplished with a parametric estimator, which is
just a measurable map Or: Xy — O,

We will either consider the following family of T-dependent parametric models

My = (Lr, B( ), {Pg |0 €O}), T>0, (3.1.2)
or the family of e-dependent parametric models
My, = (Xr., B(2r.), P, |9 €0}), >0, (3.1.3)

where 7. > 0 depends on the parameter €. Note also that in the classical parameter
estimation setting for well-specified models, we would rather work with the family of
parametric models

(27, 8(27),{Pj|veo}), T>0

We will say that the estimator (§T) = (§T)T>0 is e-T-robust for the true value 6, € ©
if for all 6 > 0, R

e—=0T—o0

Similarly, we will say that the estimator (67) is T-e-robust for the true value 6, € © if for
all 0 > 0, R
im lim sup P(|07(X®) — 6pl2 > 6) = 0. (3.1.5)

7l—>°° e—0
The reason to use lim sup instead of lim here is purely technical and essentially motivated
by Alexandroff’s theorem B.1.4. Lastly, we will say that the estimator (07.) := (01.)zs0
is e-robust for the true value 6, € © if for all 6 > 0,

li_r>r(1)P(|§Ts(X‘5) — G|y > 6) = 0. (3.1.6)

In these cases, we also write lim,_,o lim7_, HAT(X ) £ 0y and likewise for the other limits.

Observe that these definitions bear resemblance to the concept of consistency of es-
timators, see [Kut04; Kut94; IK81]; however, since we do not assume that the given
observations are generated from a distribution of the limit model, the nomenclature is
adjusted to our setting.
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3.1.1 Example — Maximum Likelihood Estimation

Consider the multiscale overdamped Langevin equation (1.2.10) with d = 1, o,0 > 0,
L =2m, V(z) = 2%/2, and p(z) = — cos(z), that is,

1 X7
dX; = |—aX; — —sin <t)] dt + 20 dW,, X; = xo, (3.1.7)
€ €

and its homogenized limit equation (1.2.12), restated here for convenience,
dX, = —aKX,dt + V20K dW,, X, = o, (3.1.8)

with the constant homogenization factor K defined in (1.2.16). If the statistical task is the
estimation of the drift parameter ¥ := ak € (0,00) =: © in (3.1.8) through observations
coming from (3.1.7), then we may consider the e-dependent model

My, = (C([0,Te);R), B(C([0, T R)), {Pl7,y, [0 € ©0}), €0, (3.1.9)

where #(C([0,T.];R)) is the Borel o-algebra on C([0,7:];R), T. — oo as € — 0, and O
is a compact interval in © = (0, 00). In this case, the map ¢ is given by () = ¢/K. We
want to prove that, even when 7. depends on the scale parameter € > 0, the MLE (ﬁTE)
defined in (2.1.3) is asymptotically biased, i.e., it does not recover the true parameter v
when confronted with observations from (3.1.7). The precise statement is formulated in
the next proposition.

Proposition 3.1.1. Consider the multiscale overdamped Langevin equation (3.1.7) and
its homogenized limit equation (3.1.8). Let ¥y = apkC € ©g C (0, 00) be the true parameter
for some ag > 0. Then, for T. = Q(e™1) as ¢ — 0 and under the true parameter ¥y, that
is, whenever PX° = ]P’if(ﬂo), we have

. T e\ P

Proof. We first note that the MLE is given by the formula

n Joo XidX7
Ap (X&) = —20 Tt 00 3.1.11
recall (2.1.3). We can apply the Itd formula to obtain
T 1 X¢ T
X5 [2 — | XEJ2 = 2/0 X {—aOXf - Zsin (;)} dt + 2\/20—/0 X2 dW, + 20T,
and, after rearranging, we get the expression
2 [T: X¢ | XE12 — | X5 2 2v20 [T
X s t) gt = 2o~ 1o | xzaw
T Jo tsm(a T. Ty
e (3.1.12)
- ;‘0 [ IXP dt + 2.
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MLE estimates AT(XE) and AT(X) for 9,

- True drift parameter 9, ~ 1.25
—MLE estimates A ;(X)
~MLE estimates A r(X°) withe=0.1
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Figure 3.1: MLE estimates Aq for ¥ when the observations come from the Euler—
Maruyama approximation of the multiscale overdamped Langevin equa-
tion (3.1.7) and the homogenized limit equation (3.1.8).

The first term on the RHS converges in probability to zero as € — 0 by Corollary 2.4.13
since T, = Q(e™!) as € — 0. For the second term on the RHS, we use a standard result
for stochastic integrals, cf. [KS91, Problem 1.5.25], which states that if the quadratic
variation process of a sequence of local martingales converges in probability to zero, so
does the sequence of local martingales. By Corollary 2.4.12 with m = 2 (note that we
have b = 1) and Lemma 2.4.7, it follows that

lim /TS|X5|2dtL2/ 2(a) de = 2 (3.1.13)
11m — = T s €r = —. ..
e=07T. Jo t R a Qp

If we multiply the time integral on the LHS of the last limit statement (3.1.13) by 8¢ /T,
then we get exactly the quadratic variation process of the stochastic integral in (3.1.12).
By the preceding arguments, this quadratic variation process converges in probability to
zero as € — 0. So the stochastic integral, too, converges in probability to zero. Hence, we
obtain

2 [T X;
lim X; sin <t> dt & —2040i + 20 = 0.
e=0¢eT. Jo € (%]

Now we only need to observe that

- 1 [T My [T 1 [T Xt
Ap(X7) = 7/ X2 dt 7/ X2 dt / X2 s <t>dt
w0 = (g [ ipa) (5[ pepae [ s (X

+ 1/T€ | X2 at h
1. Jo t

20 (1=
- /0 X dw,
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3.1. A Primer on Parametric Inference under Weak Misspecification

:a0+(£/oTS|X§|2dt> [ /stm( ) \/_/ Xath].

Applying the previous arguments yields lim._, A, (X¢) £ . O

Figure 3.1 shows simulation results for the MLE illustrating the consequence of Proposi-
tion 3.1.1. We plugged in discrete observations from the Euler-Maruyama approximation,
for which we have provided more details in Section 3.2.4, of both SDEs, the multiscale
overdamped Langevin equation (3.1.7) and the homogenized limit equation (3.1.8), to
compare the results. We set ag = 2, 0 = 1, ¢ = 0.1, and a time discretization step of
At = 1073 for the Euler-Maruyama approximation. With these values, the true value
equals approximately 9y &~ 1.248. Each estimated value is an average of the same simu-
lation experiment repeated for 1000 times. The shaded regions show empirical standard
deviation bands of 1 standard deviation computed from the acquired estimates. As we
can clearly and unsurprisingly see, the MLE estimates the true parameter 9, very well
when the observations come from the homogenized limit equation. However, in concor-
dance with Proposition 3.1.1, it is biased under observations of the multiscale overdamped
Langevin equation and instead recovers the unhomogenized parameter .

3.1.2 Example — Minimum Distance Estimation

We stay in the same statistical setting of the previous example introduced in Subsection
3.1.1 but propose a different estimator. For identifiability reasons of the homogenized
limit equation (3.1.8), we assume that we know the homogenized diffusion parameter
2 = 20K, e.g., from a prior estimation procedure. Such diffusion parameter estimation
problems under multiscale data were analyzed, for example, in [PS07; KPK13; MP19;
Abd+23]. We consider the following simple minimum distance estimator

e — I
Tg/o exp(iuX;) dt — exp (—Mu )
where we recall that O is a compact interval in © = (0,00) and ¥ = K. Evidently,
the proposed estimator is based on the characteristic function of the invariant density u
at the point v € R\{0}, which equals an unnormalized Gaussian density in this setting,
since p is the density of a centered normal distribution with variance o/a. Since this
estimator is a special case of the general minimum distance estimator which we will study
more thoroughly in the next section, we will not discuss estimation-related issues, such as
existence or measurability, here. These will be addressed in the more general setting of
the next Section 3.2. Using our established limit theorems from Chapter 2, we can now
prove e-robustness and asymptotic normality of (1§Ts) with ease.

2

U7.(X°) € arginf : (3.1.14)

JEBOg

Proposition 3.1.2. Consider the multiscale overdamped Langevin equation (3.1.7) and
its homogenized limit equation (3.1.8). Let u € R\{0} and ¥y = ook € O C (0,00) be
the true parameter for some o > 0. Assume that £ = 20K is known. Consider the time
horizon T, such that T, = Q(e™") for some n > 0 and T. = o(exp(4o/(pe?)) as € — 0.
Then, under the true parameter 9y = aolC, that is, whenever PX™ = Pis(ﬂo)’ we have

lim I, (X°) = 9, (3.1.15)

e—0
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VI (X) = 00) 2 My (o, () ) eo (3.1.16)
where
T2 = EQ/Rq);(:c)%u(x) dr = ﬁi/R(I);(xf exp (—gg:f) dr, (3.1.17)
with
z 2 y : :
O, () = —/0 w/—oo <Re(exp(zuz)) - /Rexp(zuv),u(v) dv) u(z)dzdy, xeR.

(3.1.18)

Proof. We first note that we can rewrite the minimization problem in (3.1.14) as follows
arg inf

1 T. XV d 22 ) 2
— ] ) dt — I
rg inf |7 /0 exp(iuXy) exp ( ke )

1 T 22,1\
= af;%éfff (Re T /0 exp(iuX;) dt — exp <_40UQ>>

because the imaginary part does not depend on the parameter ¥). Observe that

1 52
Re T /0 exp(iuX;)dt — exp (—419013)
(3.1.19)

1 [T
=Re —/ exp(iuX;) dt — / exp(iux)p(x) dr,
T. Jo R
which converges in L? (Q, F,P) to zero as ¢ — 0 by Corollary 2.4.11. Moreover, using dif-
ferentiation on Oy, it is straightforward to obtain an explicit expression for the estimator,
namely

~ 22 1 (T -
I (X°) = — 1 (log (ReT/O exp(iuX;) dt)) : (3.1.20)

Hence, convergence of (3.1.19) to zero implies

.= o P o 322 1 [T v g
lli%ﬁTa(X):hm_ 1 (log(ReT/o exp(qut)dt>> = 1y,

e—0 c

proving the first claim (3.1.15). Moving on to asymptotic normality, we can write
1 T e 2 I - -
Re \/1_}/0 exp(iuX;) — exp (—4190u2> dt = \/1_}/0 he(X[)dt + \/i(he(x) — h(x)),
(3.1.21)
where for x € R,

he() := Re(exp(iu)) — | explivy)uc(y) dy.
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3.1. A Primer on Parametric Inference under Weak Misspecification

h(@) := Re(exp(iua)) — [ exp(iuy)u(y) dy.

since p and p. are symmetric densities. By Lemma 2.4.5, we already know that

) = h(a)| < e = Bl = O (exp (~=5 ) ).

04082

so that by the assumption that 7. = o(exp(40/(ape?)) as € — 0, we realize that the
second term on the RHS in (3.1.21) goes to zero as € — 0. The first term on the RHS in
(3.1.21) converges weakly to N;(0,72) by Corollary 2.4.14, so that, with Slutzky’s lemma
B.1.5, this implies
X5) — 25 dt 25 N1(0,72), =0
" exp(iu ex ——u T € :
\/— p P 190 1Y Ty )y

The final claim (3.1.16) is just a simple application of the delta method, cf. [Hen24],
to the function g, (V) := —X%u?/(4log(v)), ¥ > 0, with ¢/ () = S2u?/(491og*(¥9)), and
yields

T, (X%) = 0) = |/T. [gu (Re 5 esplincxd) dt) - <exp (—j;))]

22U2T 2

D u

— _ — 0. ]
Nl (07 <419010g(190)2> ) ) 9 0

Remark 3.1.3. This example motivates clearly why the time horizon should depend on
e. It is less about the robustness result and more about the asymptotic normality result.
More precisely, the decomposition on the RHS of (3.1.21) shows that T. cannot grow to
infinity in an arbitrary way, because, otherwise, a bias emerges that can be made arbitrarily
large. Interestingly though, this is something that is special to model misspecification. To
illustrate this, suppose we plug in observations X coming from (3.1.8) into the estimator,
that is, we consider the estimator

2

~

Up(X) € arginf
YEO

Y

49

1 T »2
—/ exp(iuX;) dt — exp (—u2>
T Jo

where T is now independent of €, and we carry out the steps of the previous proof. In this
case, (3.1.21) turns into

¥2 P 1T
Re—/ exp(iuX;) — exp ~ 10 dt = \/T/o h(X
0

which actually has no bias term and, under standard assumptions, converges weakly to
N1(0,72) as T — oo. Thus, the time horizon, which represents the amount of data and,
therefore, usually controls sampling error, acquires a new interpretation of bias amplifi-
cation in a setting of model misspecification. As a result, when discussing distributional
statements about estimators, it is important to find a value for the time horizon that
minimizes both sampling error and bias amplification. Unfortunately, precise statements
depend on the unknown scale separation parameter €, whose estimation problem we will
touch upon briefly in the next Chapter 4.
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Chapter 3. Parametric Estimation

3.2 A General Minimum Distance Estimator Approach

The approach in this section is a direct generalization of the minimum distance estimator
in the preceding section. They are both inspired by the classical BHEP goodness-of-fit test
for multivariate normality, which was thoroughly studied in [HW97] and later generalized
to the setting of random elements in a separable Hilbert space in [HJ21]. Minimum dis-
tance estimation was originally developed and introduced by Wolfowitz in [Wol57]. Since
then, the method has been extensively studied and applied; see, for example, [Kut94] and
the references therein for a comprehensive analysis of minimum distance estimators in
the context of statistical inference for SDE processes. Although minimum distance esti-
mators enjoy several favorable theoretical properties, such as consistency or asymptotic
normality, a prevailing shortcoming is their computational cost; c¢f. [CM11] for a brief
discussion of this aspect. We will partially address this issue in the following by providing
a computationally tractable formula for our minimum distance estimator in a multivari-
ate Gaussian setting. In non-Gaussian settings, we will utilize a fast Fourier transform
algorithm for the efficient and accurate approximation of appearing convolution integrals.

3.2.1 Problem Setting and Approach

One can formulate the minimum distance estimator and prove results in very general
settings, where the state space is, for example, a Polish space, but, since the stochastic
processes that we consider are continuous, we will refrain from doing so and just present
everything for the state space C([0,T];R?). We adopt the notation from the previous
Section 3.1 and consider the following set of assumptions.

Assumptions (MDE).

i) There exists a compact set Oy C © where the open set © C RP, p € N, is the ambient
parameter space.

ii) v is a probability measure on R?.

iii) The stochastic processes X, X° € C([0,T];RY) are such that X¢ converges weakly to
X in C([0,T);RY) as e — 0.

i) The two families of probability measures P and P. in (3.1.1) act as parametric
distributional models for X and X¢, respectively.

v) If PX =P for some 9 € ©, then there exists a probability measure pu(1,-) on R%
such that

dim 2 [T [ ela) du(.) (3.2.1)

for all p € Cy(RY),

vi) The function © > ¥ — p(V,-) is weakly continuous, i.e., if ¥, — 9, then pu(V,,-)
converges weakly to u(d,-) on RY.

As before, we call a realization of the process X¢ a weakly perturbed observation of
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3.2. A General Minimum Distance Estimator Approach

X. Based on Assumptions (MDE), we define the following bounded, jointly continuous
maps:

Gr: C(0, TR x R 5 C: (f,u) s ;/OT exp (i f,) dt, (3.2.2)

€:0 xR = C; (J,u) /Rd exp (zuTx) du(v, x). (3.2.3)

For notational brevity, we will occasionally write u(9) := u(9,-), € = €(9,-), and
6r(X) := €r(X,-) whenever X € C([0,T]; RY) is a fixed stochastic process. Observe that
%y is simply the characteristic function of the measure u(?J,-) and %r is the empirical
counterpart. Let L?(v) := L*(R? %(R?),v) be the weighted L*-space with respect to the
weight measure v. For ¥ € © and X € C([0,T];R?), we define the (random) distance
quantity

Ar(9, X) = | Gr(X) = Gy |z = /R Gr(X,u) — ()| dv(u), (3.2.4)

For fixed X € C([0, T];R?), the map © 3 ¥ — Ap(d, X) is continuous by the dominated
convergence theorem. Hence, we can define the minimum distance estimator ¥ (MDE)
by means of the minimization task

o~

Ur(X) € arginf Ap (9, X), (3.2.5)
9€B

where the set on the RHS is non-empty by compactness of ©y and continuity of the dis-
tance quantity. In other words, the existence of a minimizer is secured under Assumptions
(MDE). To avoid dwelling too much on measurability questions, we assume the existence
of a measurable minimizer J7 and only consider those from now on; under the present
assumptions, this can be justified by measurable selection arguments. Asymptotic unique-
ness will be obtained separately in the results because we consider different limit orders in
our robustness notion. Although we used X to exemplify the definitions, we will almost
always analyze the MDE under the process X°.

Choosing the weight measure v as a Dirac measure 4, at a point u € R\{0} recovers
the type of minimum distance estimator that is defined in (3.1.14). Minimum distance
estimators are well known in the statistics literature. For example, in [Kut94] several
minimum distance estimation approaches were rigorously discussed and studied for dif-
fusion processes with small noise. Furthermore, questions of (asymptotic) existence and
uniqueness of minimum distance estimators have been addressed and answered under
mild regularity and identifiability conditions, see [Mil84; Kut94]. We will not dwell on
these more general assumptions for the MDE at this stage. Instead, we want to provide a
specific example that will become important in the numerical experiments presented later
in the section.

Example 3.2.1. Let us first introduce useful notation for this example. We denote by ¢¢
the density of a centered multivariate normal distribution with positive-definite covariance
matrix Q € R4 ie.,

1 1
wo(x) == )72 det(Q) 172 exp (—QxTQ_1x> , xR (3.2.6)
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We further abbreviate g := pg2;, for 8 > 0 and the identity matrix I; € R%*?. Now let
¥ € Og. Choose the weight measure v in (3.2.4) through the density g, that is,

dv(u) = pp(u) du = W exp ( g;g) du, u€R? (3.2.7)

where det(-) denotes the determinant. Note that the characteristic function of v equals
kg(z) = exp(—32|x|3/2), x € R We can expand the complex inner product inside the
integral in (3.2.4) and apply Fubini’s theorem to obtain

Ar(9, X) = | €r(X) |72, — 2Re(Gr(X), €o) 120 + | 6o 1 720)

— 7%Q/OT/OT /Rd exp(in (X, — X,))ps(u) dudt ds
_ ;/()T /Rd /Rd exp(iu’ (X; — z))pp(uw) dudu(V, ) dt

+ /Rd /Rd /Rd exp(in' (y — z))ps(u) dudp(V, z) du(d, y)

T2/ / ks(X, — X,) dt ds

N 7% /OT | k(X = 2) dp(d, ) dt + /R /R ksy — x) du(9, ) du(d, y).

Hence, we get the formula

(0, X) TQ/ / ka(X, — X,) dt ds
(3.2.8)

- <k5 u(@)(X)dt+ [ (ks p(@))(x) dpu(v, ),
where * denotes the convolution operator on R%. Going a step further, if (1) is given by

the density @) of a centered multivariate normal distribution with a positive-definite
covariance matrix Q(¥) € R™? then formula (3.2.8) simplifies to

(0, X) TQ//kB ) dt ds

B 2 TeX _£2 - , .
T\/det(ld+ﬂ2Q(q9))/0 p( 3 X (It %) Xt) (32.9)

1
" Aot 1 2500))

The last formula is a consequence of the convolution formula for the densities of two
normal distributions, which states ¢g, * v, = ¥0,+0,, and the following integral formula
for the product of two such densities

1
dz = . 3.2.10
| 0 (@) 00, (7) de 2 a0 O ( )

86



3.2. A General Minimum Distance Estimator Approach

In our case, we have kg = (27/3%)%? ¢ 5, so that

2) d/2 2 d/2
kg * (V) = ( 72 P15 * (V) = <;)d<PQ+521d.

From this formula, we immediately obtain the middle term on the RHS of (3.2.9), whereas
for the third term on the RHS of (3.2.8), we simply calculate

(27’(’ d/2

[ (ks 1 (@))(@) dpa (9, ) = [ ears@)pa(s) da

1 1
BN Jdet(521y +2Q(0))  /det(ly +252Q(9))

In this particular Gaussian case, there is a remarkable connection to nonparametric kernel
density estimators, compare with the results in [HW97]. Namely, we can define the
following kernel density estimator

1 T 1 X, — x|
Krs(X, / / R T ) 3211
(X, ) =7 on(Xy — ) dt = Thi by m)i exp ( T dt, (3 )

with h := 1/(v/28). For D := 2718721, + Q(¥) and Krz(X) := Krz(X,-), we can
calculate
(2,/T)d/2
ﬁd

(27r)d/2
| Krs(X) = o s =~ (1 () Iagus

— 2K s(X), o) + [ 00 o)

After completing the square, the first term equals

1 T T
| K7,5(X) H%?(Rd) = TTth/o /0 » on(Xy — x)op(Xs — x) de dtds

1 r T ’Xt - Xs’2
e oo 255
(2m)4T2h2 Jo Jo 4h?

2
/d exp (— [(Xe + Xo)/2 = I|2> dx dt ds
R

12
7Td/2h T T 52 )
- (27T)dT2h2d/0 /0 exp <—2|Xt—XS|2> dtds
) MT?/ / ks(X, — X,) dt ds.

With the previously used convolution formula, the middle inner product term equals

1 /T 1 /T
(Krp(X),vp)r2me) = T/o on * op(Xp) dt = T/o ©pynzr, (Xy) dt
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1 T
= TA @Q(ﬂ)+ﬁ—2jd(Xt) dt

- Ik TeX _572 T 2 -1
B T(2m)%/2\ [det(Iq + B2Q(9)) /0 P ( 2 (Id 7 Qw>) Xt) o

Finally, by the formula (3.2.10), the third term equals

/ #p(r)’ do = 1 = - |
Rd (2m)4/2,[det(2D)  (2m)4/2\[det (I, + 262Q(D))

Hence, multiplying these three terms by (27)%2/3? proves the representation

1 Krs(X) = ¢ |72 (ga)- (3.2.12)

This formula allows for the interpretation of § as a smoothing parameter through the
defined bandwidth h = 1/(v/2f3) of the kernel density estimator. Although the formula
suggests that one could analyze asymptotic properties of the MDE through the kernel
density estimator — using material such as [Bos98; GN16; Tsy08] — we will not take this
path as we aim for more general asymptotic statements.

The example demonstrates that even in the simple case of a multivariate normal dis-
tribution, it is impossible to derive a closed-form expression for the MDE, which, from a
numerical point of view, necessitates the use of optimization algorithms. Fortunately, in a
multivariate Gaussian setting, the formula (3.2.9) makes the computation quite tractable,
which need not be the case for minimum distance estimators in general, cf. [CM11].

3.2.2 Asymptotic Properties

We come to questions of robustness and asymptotic normality of the proposed MDE. As
we will see, the proofs for the various robustness properties that we defined in Section 3.1
are quite straightforward and certainly rely on Assumptions (MDE), but hinge primarily
upon limit theorems for time averages of the observations, which, in contrast, can be
difficult to obtain as we have realized in Chapter 2. Considering the fact that we try
to retrieve the parameter of interest from the invariant measure of the limit model, it is
rather unsurprising that limit theorems for time averages play a significant role here.

Proposition 3.2.2. Let Assumptions (MDE) hold and fix ¥y € ©q as the true parameter.
Assume that, whenever PX™ = ]P’g(ﬂo), there ezists another probability measure p.(Vg, ) :=

e (¥(9g), ) on RY such that u.(dy,-) converges weakly to pu(dy,-) on R? as e — 0, and
such that for all p € Cy(RY) and e > 0,

1 /T 2

lim f/ o(X?) dtL:/ o(2) dpie (o, ). (3.2.13)
T Jo R

Suppose further that the separation condition

d(s(ﬁo) = |19711913|f2>6 || (gg — Cgﬁo ||L2(1/) > 0, (3214)
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3.2. A General Minimum Distance Estimator Approach

and the v-identifiability condition
| Go, — Co, l120) =0 = 1 =0y V9,05 €6, (3.2.15)

hold. Then, under the true parameter ¥, the MDE (@T) is e-T-robust for 9.

Proof. The v-identifiability condition is needed for global model identifiability as required
in the beginning of Section 3.1. The separation condition is used to prove the robustness of
the MDE, but it also gives model identifiability in the neighborhood of the true parameter.
By definition of the MDE, we have

{WT(X ) — Jol2 > 5} C {,9_191(1){29 | 67(X®) — Cy || L2() > \19—%(1)|f2>5 | 67(X*) — 6 ||L2(u)}
for all 6 > 0. It follows that

P(|07(X*) — o> > 6)

gIP( inf | Gr(X%) = G llewy > inf || Gr(X) - %, ||L2(V)>

[9—10|2<d - [9—3B0|2>8

gp( inf || Gr(X°) — Co, 120

[9—10]2<6

. _ > . 5 (C" _ .
ol = Gl 2l 16X %) ”L“”’)

We use the fact that inf|y_g,[,<s || €9— €, || 22() = 0, the triangle inequality, and Markov’s

inequality to deduce

T |9—90|2>6

P(|07(X%) — |y > 0) < IP’(H Cr(X) — Coo l2wy > inf || Gy — Gy l2w)

— || r(X°) — Gy, HL?@))

N 4
=P 2] 67 (X) — 6o, lr20) = ds (Vo) | < 553 E Ar(do, X°),
ds (Vo)

Next, we define

Ceo(u) = / Jexp (iu'x) dpc(do, x), ueR (3.2.16)
R
and bound the last expectation by

E Ar(¥o, X) < 2[E || Gr(X%) = G 32y + | Gono — G 1320 -
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By Tonelli’s theorem, assumption (3.2.13), and the dominated convergence theorem, we
obtain for the first term on the RHS of the last inequality

2

1 /7
—/ exp (iuTXf) dt — 6. 9,(u)| dv(u) =0, T — oo,

EHCfT(XE)_Cgs,ﬁO H%Q(SO) - /RdE T Jo

and, for the second term, we have that u.(Jy,-) converges weakly to u(dy,-) on R? as
e — 0, so that 6.y, — 6y, pointwise on R? as ¢ — 0. Another application of the
dominated convergence theorem gives

| €200 — Coo |20y = 0, € —0.
Putting everything together, we obtain

lim lim P(|97(X%) — ¥l > 8) = 0. O

e—=0T—o00

Remark 3.2.3. If we exchange the ergodicity assumption (3.2.13) by the condition that,
for any ¢ € Cy(RY),

2

1
—0, £—0, (3.2.17)

Te .
Elg [exdi— [ o(us(do, ) do

1s satisfied, then, by the same proof, we obtain the e-robustness of (3T) for ¥g. We have
already proved results of this kind in Chapter 2.

We briefly want to recall that the space C(R?; C) is equipped with the metric

o~ L plfig) o B .
=2 Ty (g P9 = sw @) = 9@l fig € CREC),
(3.2.18)

which makes C(R%; C) a complete, separable metric space. For details on tightness and
weak convergence of random elements in C'(R%; C), we refer the reader to Appendix B.

In the next proposition, we exchange the order of the limits and prove the T-e-
robustness under different assumptions. Heuristically speaking, the assumptions in the
following proposition make sense as we no longer need the ergodicity on the "perturbation
level” but only on the "limit level”. Nonetheless, we require other additional assumptions
which secure tightness of a naturally emerging random element in C'(R?; C).

Proposition 3.2.4. Let Assumptions (MDE), the separation condition (3.2.14), and the
v-identifiability condition (3.2.15) hold. Fiz ¥y € Oy as the true parameter. Furthermore,
assume that for some p > d,

T
M(9g) == /d ||y du (g, ) < o0, sup [ E |X[|) dt < Cr, (3.2.19)
R

e>0 J0

with a constant Cr > 0 that can depend on T'. Then, under the true parameter Oy, the
MDE (9r1) is T-e-robust for 9.
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Proof. In the preceding proof, we already established that
P(|97(X5) — Yoz > 0) < IP’<2|| Cr(X®) — Gy || 1200) > d5<190)) (3.2.20)

for any € > 0 and T" > 0. The last expression motivates the definition of the map

A

T
Zr(XE,0) i= Go(X7, 1) — Gy (u) = ;, | e (i X7) Gy (wydt, we R, (3:2.21)
0

with 7' > 0 fixed. We claim that the map Zr(X®,-): R? — C is a random element in
C(R%; C), which means that Q 3 w — Z7(w) := Zp(X*(w), -) takes values in C(R?; C) and
is F-2(C(R% C))-measurable, where Z(C(R?; C)) is the Borel o-algebra of the metric
space C(R%;C) and F is the o-algebra of the underlying probability space. For fixed
w € Q, the map R? 3 u — Zp(X¢(w),u) € C is continuous by the dominated convergence
theorem, hence, an element of C'(R%; C). Regarding the measurability, we only need to
prove that Q > w — p(Zr(w), f) is F-B(R)-measurable for any f € C(R? C). This is
because

Zr (B(f) = {w € Q| p(Zr(w, f)) <r},

where B,(f) is the open ball of f in C(R? C) with radius » > 0, and these open balls
generate the Borel o-algebra Z(C(R% C)). To see that the map w — p(Zr(w), f) is
indeed F-Z(R)-measurable, one only needs to realize that w — p,(Zr(w, f) is F-B(R)-
measurable, which is immediate from the following identities

p(Zr(w, f) = sup |Zr(w,u) = f(u)l = sup [Zr(w,u) = f(u)]

u€[—n,n]? u€QN[—n,n]d

The last equality in the line above is a standard fact for continuous functions. The map
w = |Zp(w,u) — f(u)| for fixed u € R? is measurable by Fubini’s theorem. Hence,
w > pp(Zr(w, f) is measurable as the supremum of measurable functions over a count-
able set and, in turn, w — p(Zr(w), f) is measurable as the countable series of mea-
surable functions. Completely analog considerations hold for Zr(X,-). On the other
hand, Zr(-,u): (C([0,T];R?), || - ||s) — C with fixed u € R? is bounded and Lipschitz-
continuous. Indeed, for fixed u € R? and any f,g € C([0,T];R?), we have |Z7(f,u)| < 2
and

Z z ey ' u'g,) dt
Z0(f0) = Zr(g.)| = |7 [ exp (107 ) — exp (in" )
1L (T] pulfe :
< T/ /uTgt iexp (is) ds|dt

1 T
<= [T (=90 dt < Juls)f - gl
0
In the following, we prove, for T" > 0,
Zp(X°,) 25 Zp(X,-) in C(R%C) (3.2.22)
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as € — 0. If not stated otherwise, the subsequent limit behavior is always understood as
e — 0. We fix arbitrary vectors ui,...,u; € R? k € N, and define the map

F: (C(0,TERY). I - floo) = (€5 M- Nler)s f = (Ze(fow)s - Ze(f,un)).

It immediately follows by the calculation before that F' is Lipschitz-continuous:

k
IF(f) = Fo)llzs = ZIZT froui) = Zr(g, w)] Zlui|§||f—g||§o7 f.9 € C([0,T;;RY).

Weak convergence of X¢ to X in C([0, T]; R?) and the continuous mapping theorem B.1.6
yield the convergence of the finite-dimensional distributions of Zp(X¢®,-):

(Zr(XE,w1), ... Zp(XEu)) = (Zp(X,u1), ... Zp(X,u))  in CF.

To finish the proof of (3.2.22), it suffices to establish tightness of (Z7(X¢, ))e>0 in the space
C(R?; C) as weak convergence then follows from Theorem B.2.1. For this purpose, we
aim at establishing the two conditions of Lemma B.2.2, which require that (Z7(X®,"))es0
satisfies, for some positive constants «, 5,v > 0,

supE |Z7(X*®,0)|" < oo, (3.2.23)

e>0

and, for all k € N and u,v € {x € R?||z|y < k},

supE | Zp(X%,u) — Zp(X5,0)|” < O Ju — 0| T, (3.2.24)
e>0
where C} > 0 can depend on k. We will establish these conditions for a = 1, 8 = p, and
v = p—d. The first condition (3.2.23) is obvious since Z7(X*,0) = 0, P-a.s., for all £ > 0.
For the second condition (3.2.24), we estimate

‘; /OT exp (iuTXf> — exp (ivTXf) dt‘

| Z0(X5,u) = Zp(X5,0)| <

+ |G, (u) — %o(v)ll

IA

K; /OT X, dt) | — vl + M(Do) |u - %]

1 /T .
< f/o | X7, dt‘i‘M(ﬁg)] lu —vl,,
which turns into
1 T
B 1200 0) = 205 o) <27 | [ X dr-+ 21000 = ol
0

after exponentiation by p, taking expectations, and applying Jensen’s inequality. Thus, by
the assumptions (3.2.19), condition (3.2.24) is satisfied, as well. Hence, (3.2.22) follows
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by Lemma B.2.2 and Theorem B.2.1. The next natural step would be to apply the
continuous mapping theorem to || - [[z2(,), but this function is not even well-defined on
C(R4; C). Luckily, we can remedy this as follows. First, note that Zp(X¢,-), Zp(X, ) €
So = {f € CRELC) ||| fllo < 2}, P-a.s., where || f]loo = Supyega |f(1)]. It is easy to see
that Sy is closed in C(R%; C). We simply have to notice that

So= ({7 € CERYC)| sw |f(w)] <2},

u€[—n,n]?

and this is just the countable intersection of preimages of the closed set [0, 2] under the
continuous map C(R%C) > f = sup,e_ ¢ |f(u)]. We now define ¢ : Sy — [0, 00)
by ¢(f) = || fllz2@). The map ¢ is bounded with [¢(f)| < 2 for all f € Sp. It is
also continuous, since, for any 6 > 0, we can first find n € N large enough such that
V(R4 [—n,n]¢) < § and, thus, for any f,. — f in C(R%; C) with fi, f € Sp, it follows that

6(fe) = 6N = [ 1)l = 17 () dv(w)
= [ ()l = 1F @D U] + £ ) dv(w)
= [ 15w) = Fl ()] + £ )] dvw)

<4 |fu(w) = f(w)] dv(u) + 160(R\[-n, n]")

[_nvn]d
< 4pn(fr, f) + 160.

By the Tietze-Urysohn theorem B.1.7, ¢ extends to a bounded continuous function é on
the whole of C'(R%;C) such that ¢|s, = ¢. We can now apply the continuous mapping
theorem B.1.6 to obtain

$(Zr(X7,-) = (Zr(X7, ) = ¢(Zr(X, ) = 6(Zr(X,-)),
which is equivalent to
167 (X%) — G, |20y — | 6r(X) — G, 12y in R

Returning back to (3.2.20), Alexandroff’s theorem B.1.4 implies

e—0

thUpP(2H Cr(X°) — oy 12y > da(%)) < P(QH Gr(X) = Gy |l 20) > d5(190))7

so that the final claim now follows from Markov’s inequality and (MDE) v), the mean
ergodic theorem for X. [

Our next result concerns an asymptotic representation of the centered and scaled quan-

tity \/7_}(3;@ (X¢) — ) in a way that eventually allows for a proof of the asymptotic
normality of the MDE as ¢ — 0.
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Theorem 3.2.5. Assume the setting of Proposition 3.2.2 with condition (3.2.17) instead
of (3.2.13) and assume additionally that ©y is convex. Fiz 9y € OF as the true param-
eter. Suppose that the function ©F > ¥ — €y(u) € CP, u € R%, is twice continuously
differentiable with respect to ¥ and

sup |0y6y(u)|, < B(l)(u), sup
9edg 9e0g

0 Cop(w)| . < B (u), (3.2.25)

with BY, B® € L[2(v). Here, ||Al|% := S0, |ay;|* denotes the Frobenius norm of a

i5=1
matriz A € CP*P. We interpret the first derivative Oy6y as a column vector in CP whereas
2%y is the p x p-Jacobian matriz of €y. Assume further that for any a € RP,

a' 096y, =0 wv-ae. = a=0. (3.2.26)
Then, under the true parameter ¥y and for any x € R, we have
VI, (X7) = )

Lo ) ) (3.2.27)
(00 + onl) [ﬁ [ Ry it L) - h(w))] +ox(1),

as e — 0. Here, J is the positive-definite p X p-Jacobian matrix of the estimating equation
defined by

J(9) := Re /]R 099G, (u) 0Ca,(u) dv(u), (3.2.28)
while h. and h are given by
h(z) = Re /R (exp (" 2) — gy (1)) Bs%a (w) di(u),  z €R, (3.2.29)
h(z) = '
(z) :=Re /Rd (eXp (zu x) — G (u)) OpCy,(u)dv(u), xR, (3.2.30)
where
Cep,(u) = /]Rd exp (zuTx) dpe(Vo,z), ueR% (3.2.31)

Proof. Tn the following, we write U := 07, (X¢) and €(-) := %5 (X<,-) for the sake of
readability. By our integrability assumptions (3.2.25), we can differentiate under the
integral sign in (3.2.4) with respect to ¥ and obtain

00, 8. (9. X%) = 05, | [ (6u) = %(u)) (G(w) = Golw)) dv(w)

= /R (09,5 ()(€ (u) — Cy(u)) + (€ (w) — Co(w)(~0y,s(u)) dv (u)

— _2Re /R (B () — C(u)) Dy, Gy () dv(u),

for e =1,...,p, where we used the fact that wz + 2w = 2 Re wz for any w, z € C. Hence,
in vector notation, we have

By, (0, X°) = —2Re /]R () — Co(w)Dyalw) du(u). D € O,
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We define

%wy:m/(ﬁm—%mm@%@mmm,ﬁe%. (3.2.32)

R4

Let A, be the event on which 9 € O and the line segment S[i, @] that connects 9 and 0
lies in ©F. Recall that, under the setting of Proposition 3.2.2 with condition (3.2.17), the
MDE 4 is e-robust for ¥Jy. Thus, by convexity of ©p, we have P(A.) — 1 as ¢ — 0. We

-~

also have U_(¥) = 0 on A, because ¥ is the minimizer of Ar(¥, X¢). By the integrability
conditions (3.2.25), the function W.: ©F — RP? is differentiable, so that we can apply the
mean value theorem around 9, as follows

0= \Ijs({g) - \116(190> + 879\1[6<1§6)<{9\ - 790)7 (3233)

with an intermediate point 9. € S[dy, 1?] For the partial derivatives of ., we have

P —— A

819i\11§j) (¥) = Re /Rd(—&gi%ﬁ(u))aﬁj‘ég(u) + (€' (u) — Cy(u))0y,09,€9(u) dv(u).
fori,j =1,...,p. In compact matrix notation, we therefore have
WV:.(V) = —J(W) + R(9), (3.2.34)

with J defined as in (3.2.28) and

~ e —

R.(9) == Re/ (€ (u) — Cp(u)) 036y (u) dv(u). (3.2.35)

R4
This last remainder term satisfies, by the Cauchy—Schwartz inequality and (3.2.25),
IR(0) | < 16— €5, |12 | B? [|120)

<1 B Iz (16 = Goo ll226) + | G5 = G 2wy ) -

Recall here that, in Proposition 3.2.2, we have proved that |4 — %, | L2(») converges in
probability to zero as € — 0. For the other term in the above estimate of the remainder,
we have, by the mean value theorem and (3.2.25) again,

P (|65, — %o llz2) > 8) < P (| BY |20z = Vo2 > 9)
<P (|0 = dola > 0/l BY ||r2)) =0, =0,
for any 6 > 0. Here, we also used the e-robustness of J. Hence,

R.(0.) = 0p(1), e —0. (3.2.36)

Observe that J(1J).) converges in probability to J(y) by continuity of the map Oy 3 ¥
J(¥) and lim._,0 9. = ¥y. The condition (3.2.26) implies that J(d) is positive-definite.
Indeed, this can be seen from

a'J(¥y)a = Re/d a' D9y, (u) 819‘5790(u)Ta dv(u)
R
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= Re/ a' 0yCy,(u) aT 09Cy, (u) dv(u)
R4

- / a9 Gy ()2 dvu), a € RP,
R
which is zero if and only if
aT(%‘égo =0 v-a.e.

Thus, by assumption, a must be zero. We now use the standard fact that if A, is a
sequence of matrices converging to an invertible matrix A as n — oo, then A,, must be
invertible for sufficiently large n, and A-! — A~! as n — oco. Since we have justified that

D9V (0.) = —J(0.) + R.(V.) = —=J(9) + op(1), € —0, (3.2.37)

this continuity of the matrix inversion yields, on another event B. on which dy¥.(1.) is
invertible, that P(B.) — 1 and

DV (0.)F = —J(W) ™ + op(1). (3.2.38)

All that is left to do now is rearrange the terms in (3.2.33) and multiply both sides by
VT to obtain, on A, N B,

VT = d,) = —aﬁxpe(&s)—lﬁxpswo)

= (J(W) "+ op(1 \/7‘1’ (Vo)

. J(ﬁo) +O]P>
B VT-

_ JWo) P op(l) (T L
_ v /0 R(XE)dt

_ Wo)‘\;%oﬂ»(l) l/OT he(X?) dt+/OTE h(X?) — Bg(Xf)dt]

= (J(Wo) " + op(1) [\/_/ L(XE) dt + [T (he( ]

Since P(A. N B.) — 1 as € — 0 and the last asymptotic expansion is exact on the event
A. N B, we obtain the final claim (3.2.27). O

" Re/ exp zuTX5> %90> 009Gy, (u) dv(u) dt

Inspecting the asymptotic representation (3.2.27), it is tempting to use a CLT for the
time integral

(X7) dt,

\/_

and conclude asymptotic normality for the MDE. This would be justified by Slutzky’s
lemma B.1.5 as long as one can guarantee /7. (h.(z) — h(x)) = op(1) at the same time.
However, while such a CLT for the time integral would provide us with the asymptotic
normality of the MDE;, it cannot simply follow from our general setting without imposing
assumptions that might be difficult to verify. Instead, we will return to our accompanying
example in the following subsection and carefully investigate the limit behavior of the
stochastic fluctuation and deterministic error in (3.2.27) with the help of our established
limit theorems of Chapter 2 and, especially, Section 2.4.
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3.2. A General Minimum Distance Estimator Approach

3.2.3 Multiscale Overdamped Langevin Equation

In this section, we want to prove that the MDE is e-robust and asymptotically normal
when the weakly perturbed model is given by the multiscale overdamped Langevin equa-
tion (1.2.10) and the limit model by the homogenized limit equation (1.2.12). As we have
seen in more generality in the preceding section, this problem reduces to verifying the as-
sumptions of Theorem 3.2.5 and, ultimately, to proving weak convergence of the stochastic
fluctuation and deterministic error figuring in (3.2.27) to a normal distribution. Since we
will apply the limit theorems of Section 2.4, which were, for the most parts, restricted to
the 1-dimensional case, we will also set d = 1 for the Langevin equations.

For the purpose of precision, let us reiterate the statistical framework. Our aim is to
estimate the drift parameter ¥ := oK > 0, a > 0, in the homogenized limit equation
(1.2.12). Therefore, it is natural to consider the ambient parameter space © := (0, 00)
and a compact interval ©y C ©. We do not assume that we know the fast-scale periodic
oscillation p, but, at least for identifiability reasons of the homogenized limit equation, we
must assume that the homogenized diffusion coefficient ¥2 = 20K is known or has been
attained through a prior estimation method, cf. [PS07; KPK13; MP19; Abd+23]. For
simplicity, let us assume that X2 is a fixed positive constant. We take the e-dependent
parametric model

My, = (C([0, T.];R), B(C([0, T R)), {P[:,) [0 € ©0}), >0, (3.2.39)
where Z(C([0,7];R)) is the Borel o-algebra of C(]0,7:];R), T. — oo as ¢ — 0, and
() = ¥/K. The set of probability measures in this parametric model serves as a

distributional model for X¢. Let us also recall the invariant densities of X¢ and X from
Corollary 2.4.4

pe (9, x) = L exp (—WV(QJ) — p(x/s)) , reR, &>0,

L9 o o

)

1 29
u0,2) = 1 e (—yvu)) . zeR
where we obviously abuse the notation regarding p and p. from the preceding Subsection
3.2.1, but we will stick to the notation at least for this subsection.

Before we analyze the MDE under this statistical framework, we need to establish the
following short lemma which gives weak convergence rates of the invariant measures of
X¢ and X in terms of their characteristic functions. Although we already know that they
converge weakly by Corollary 2.4.4 and the fact that C>°(R?), the space of compactly sup-
ported, infinitely differentiable real-valued functions on R?, is a convergence determining
class for probability measures on R¢, see [Bogl8, Theorem 1.5.3], we still need such a
refined estimate for the proof of asymptotic normality later.

Lemma 3.2.6. Consider the multiscale overdamped Langevin equation (1.2.10) and its
homogenized limit equation (1.2.12) under Assumptions (L). Then, for any k € N, u € R,
and ¥ € ©, we have

6.0 (1) — Cou)| = O <Z<1 + |u|)"€k) . 0. (3.2.40)

n=0
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Proof. The estimate (2.4.22) at the end of the proof of Corollary 2.4.4 applied to the
function g(z) := exp(iux) with u,x € R gives

‘%6,19 (U) %19 (U)‘
( > H Wk, 1

- 2k Z (
= Z,I-(2m)k P P
29 29
exp <—V> H g exp (—_V>
Z Wk*l(R) 22

9 lez
2e*
gt g (50 )
for sufficiently small € > 0, where II™ was defined in (1.2.16). Using Leibniz’s differen-
tiation rule, Holder’s inequality, and the fact that [02g| < |ul’ on R for j = 0,...,k,

ez
yields
k n 20
< Z Z ( >|u|” 9107 exp (—V)
n=0j=0 A IZNEY

(5

32 Wk1(R)

20
(5|

22 ch,l(]R)

)

L' (R)

and therefore

[€0(0) = 6o(0)] < s exp( > 150) )

X (1 + |lexp (—;gV)

producing the claimed estimate. [

LY(R)

Proposition 3.2.7. Consider the multiscale overdamped Langevin equation (1.2.10) and
its homogenized limit equation (1.2.12) under Assumptions (L). Let ©y be a compact
interval in © = (0,00) and v a probability measure on R with supp(v) = R. Then, under
the true parameter 9¢ € Oy, the MDE (@TE) is e-robust for 9.

Proof. We will prove the validity of the assumptions in Proposition 3.2.2 where we ex-
change (3.2.13) with (3.2.17), recall Remark 3.2.3. Concerning Assumptions (MDE), the
ergodic theorem for X as stated in v) is essentially a special case of Theorem 2.1.10 but is
anyway classical and can be found in [GS68; Sun89; DZ96; MSHO02]. Condition vi) follows
from Scheffé’s theorem, see for example [Bog07, Theorem 2.8.9], because © 3 ¥ — u(v, x),
x € R, is continuous. The remaining assumptions in (MDE) are obvious from our setting.

Convergence of the invariant measures follows from Lemma 3.2.6 and Lévy’s continuity
theorem, see, for example, [Bogl8, Theorem 1.6.6]. Condition (3.2.17) is a consequence
of Corollary 2.4.11. We have to remark here that, in the proof of Proposition 3.2.2, con-
dition (3.2.17) was only applied to the function x — exp(iuz), u € R, which satisfies the
requirements of Corollary 2.4.11. In other words, a mean ergodic theorem as in Corollary
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2.4.11 is already sufficient for the proof of Proposition 3.2.2.

It remains to prove the separation condition (3.2.14) and the v-identifiability condi-
tion (3.2.15). To accomplish this, we assume that there exists a ¢* > 0 such that (3.2.14)
is not satisfied. This means that there exists a ¥* € ©¢ such that [9* — Jy| > ¢* and
| €9« — €v, |22,y = 0. This is possible by using a minimizing sequence and the fact
that ©¢ is compact. Thus, the characteristic functions %y« and %y, coincide v-a.e. on
R. In particular, they must coincide on supp(v) = R by continuity. This is because if
u € supp(v) such that €y« (u) # €y, (u), then, by continuity of the characteristic functions
and the support definition, there must be an open interval U > u for which €y # €y, on
U and v(U) > 0, contradicting €y = %y, v-a.e. Hence, they must indeed coincide every-
where, which, in turn, means that the densities pu(9*) and u(dy) coincide Lebesgue-a.e.
and, thus, everywhere by continuity. This implies

0

Now, choose any two distinct points z1, x5 € R for which V(z1) # V(z2) so that

2(0* — 0
e OB} B!
from which it easily follows that ¥* = ¥y, a contradiction. Hence, (3.2.14) holds. The
v-identifiability condition (3.2.15) follows by the same arguments. Therefore, Proposition
3.2.2 with condition (3.2.17) implies that the MDE (¢¥7,) is e-robust for . O]

Remark 3.2.8. We assumed that the weight measure v has a support that equals the
whole real line. This was only used to obtain the separation condition (3.2.14) and the
v-identifiability condition (3.2.15), but it is possible to somewhatl weaken this assumption
in exchange for more technical arguments. To give an example. Consider a probability
measure v on R? such that supp(v) = {u € R|VY§ > 0 : v(Bs(u)) > 0} has an accumulation
point ag in R. If €y, = €y, v-a.e., then D = {u € R|Cy,(u) = Gy,(u)} has full v-
measure. Since ag is an accumulation point of supp(v), there exists a sequence (a,) C
supp(v) such that a, # ay and a,, — ag. Because v(D) =1 and a,, € supp(v), we know
that D 0 By, _q((an) # 0. Take a sequence an € D N By, _qq\(an). This is another
sequence approrimating the accumulation point ag and, more importantly, along which
Gy, and €y, coincide. Now, if €y, ¥ € O, is a real-analytic function, then the identity
theorem for analytic functions, see, for example, [Sas13, Theorem C.1.8], implies that €y,
and 6y, must coincide on all of R. The rest of the proof then works as before.

Theorem 3.2.9. Consider the multiscale overdamped Langevin equation (1.2.10) and its
homogenized limit equation (1.2.12) under Assumptions (L). Let Oy be a compact interval
in © = (0,00) and v a probability measure on R with supp(v) = R. For k € N, let T. be
such that T, = O(¢") for some n > 0 and T, = o(¢~?*) as ¢ — 0. Then, under the true
parameter ¥y € ©f, the MDE (1§TE) is asymptotically normal, i.e.,

VT2 (92.(X%) = 00) 25 J(90) "N (0, 72(0y)),  as € — 0, (3.2.41)

with
T00) = 110063, I3y, 7(00) = 52 [ @, ()4(00, ) d.
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The function ®y, is given by

T 2 Yy
By, () = — /0 S /_ h(uldo2)dzdy, @€ R, (3.2.42)

where h was defined in (3.2.30).

Proof. Since we already proved that (d7,) is e-robust for 9 in Proposition 3.2.7, we want
to verify the remaining assumptions of Theorem 3.2.5 and then prove weak convergence of
the RHS in (3.2.27). First, recall the following estimate (2.4.5) from the proof of Lemma
2.4.2

b
V() 2 m+ (e~ R - alog ('R') =R

For ¥ € ©y, this implies the following estimate

29 29 0 9 09 /5:2 vb, o,
exp (—?V(x)> < s &P <22(2|m\ + bR )) || exp _§‘$’ . (3.2.43)
From this upper bound and the compactness of Oy, we can obtain a ¥-independent dom-
inating function for V (9, -), dyu(d, ), and d3u(V, ), enabling us to differentiate under
integral signs, so that ¥ — %y and ¥ — Zy are twice continuously differentiable with
respect to 1. A calculation reveals that

Dy (9, ) = — (D, ) (;V@) + a;f”) , (3.2.44)
2 (9, 7) = (9, ) (;V(x) + aﬁz?f - 852? + (8’92519)2 | (3.2.45)
and
0y Zy — —222 /R V(y) exp (-f;zV(y)) dy, (3.2.46)
027,y — <222>2 [ vy es (—;ﬁV@)) dy. (3.2.47)

By the above arguments, we obtain the integrability conditions (3.2.25) as follows

sup [0y%s(u)| < sup [ [9yp(d, )| de = BO() < o0,
Y€O6] 9e0g /R

sup |03y (u)| < sup / |020(9, )| dz =: B®(u) < o0.
SCH ¥ef /R

Since B and B® do not depend on u, they must belong to L?(v). It remains to
prove condition (3.2.26). For this, note that u +— 096y, (u) € L (R) because 096y, =
2. F (Ogpn(Vo, (—27) - )), where .Z is the Fourier transform operator, and Oyu(do,-) €
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< (R) by Lemma 2.4.2. By continuity and supp(r) = R, we obtain J(dy) > 0, which
implies (3.2.26). Hence, Theorem 3.2.5 applies and we get the asymptotic representation

VI (7. (X%) — o)
= (J(Wo) ™" +0p(1) [\/_/ ho(X7) dt + /T (e ]+0P(1)

for ¢ = 0, where x € R is arbitrary. We use Lemma 3.2.6 to estimate

|he () = h(x)| =

(3.2.48)

Re [ (%00(u) = G, 1) DT () ()

(/i 1+ [u]) |C€§O(u)|du(u)5k> =0 (),

which holds because sup, g % _o (14 [u|)* €, (u)| < 0o by virtue of u — €y, (u) € Z(R).
Thus, by our assumption T, = o(¢~%), we obtain

VTe(ho(x) = h(z)) = o(1), &—0. (3.2.49)
It remains to prove the weak convergence

e [ RO a2 N0 00). e (3250

If we define the function
h(z) := Re/d exp(iux)0y6y, (u) dv(u), x € R,
R
then it holds that

he(@) = h(z) = [ h(y)p-(0o.y) dy.

hz) = hia) = [ h)u(do,y) dy.

after applying Fubini’s theorem. Moreover, h € C'*° is together with all of its derivatives
bounded on R by the dominated convergence theorem and u — %y,(u) € (R). In
particular, the boundedness of all derivatives implies hexp(—V) € .#(R) by Lemma
2.4.2. As a result, Corollary 2.4.14 applies directly to this case, so that (3.2.50) indeed
holds. The asymptotic normality of the MDE now follows from combining (3.2.49) and
(3.2.50) with Slutzky’s lemma B.1.5 and tightness of the weakly convergent sequences in
the asymptotic representation (3.2.48). ]

Remark 3.2.10. If we consider the multiscale overdamped Langevin equation and its
homogenized limit equation in multiple dimensions, then the proof of robustness of the
MDE with sequential limit orders, that is, Proposition 3.2.2 and 3.2.4, may be obtained
with existing results. For example, the required mean ergodic theorems in (MDE) v) and
(3.2.13) are well established in the literature [DZ96; KMN12; MT59]. The more difficult
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conditions would be the separation condition (3.2.14) and the moment bounds (3.2.19)
that are uniform in . At least the latter one could potentially be obtained from corrected
Lyapunov functions, see [BP718] for this idea. However, for an asymptotic normality result
such as Theorem 3.2.9, we would need e-robustness of the MDE, which remains unclear due
to the lack of an e-dependent mean ergodic and central limit theorem in higher dimensions.
As we have outlined in various remarks in Chapter 2, the aforementioned limit theorems
would be highly valuable in multiple dimensions but fairly difficult to obtain rigorously.

3.2.4 Numerical Experiments

In this subsection, we will, on the one hand, substantiate the theoretical findings with
numerical simulations for different example pairs of a weakly perturbed model and a
limit model and, on the other hand, investigate how the MDE performs empirically in a
setting which is not yet fully covered by the provided theory. The simulation results have
been realized in the programming language Julia, see [Bez+17], and the code with full
documentation can be accessed publicly through the GitHub repository [Bor25].

Implementation details. In order to validate robustness and asymptotic normality
through a simulation, we have to generate realizations of the path observations from the
weakly perturbed model. In almost all cases, we will be simulating realizations from
SDE solutions for which we employ the standard Euler—Maruyama scheme, see [KP92,
Chapter 9] or [PB10, Chapter 5]. For this, we fix an initial value z € R%, d € N, and a
time discretization step At > 0 such that we have an equidistant time interval partition
0=ty <ty <---<ty:=Twitht;y;—t;=Atforalli=0,...,N—1land N = [T/At].
If Z is the solution to the generic d-dimensional SDE

dZ; = b(Zy) dt + c¢(Z;) dWy, t€[0,T], Zy= 2o,
then the Euler—-Maruyama approximation is given by
Zign = Zi +0(Z;) At + o(Z;))(Wiga = W;), i=0,...,N —1,

where Z; := Ziany, Wi := Wiay, and Wi — W; ~ \/A_t/\fl(O, 1) foralli =0,...,N — 1.
This approximation produces a set of discrete observation points (Z;)Y,,, which we will
plug in into the MDE. Under certain regularity conditions on the coefficients of the SDE,
the Euler-Maruyama approximation achieves a strong order of convergence of 1/2 and
a weak order of convergence of 1. Since our theory is built upon continuous stochastic
processes and ergodicity, we will be considering 7" large and At small, which corresponds
to high-frequency observations over a long time horizon.

Regarding the MDE implementation, we will suppose a setting as in Example 3.2.1
where we choose the weight measure v according to (3.2.7), but we also assume that the
invariant measure p(19) is absolutely continuous with respect to Lebesgue measure and,
by abuse of notation, denote the corresponding invariant density by u(¢) again. With
these assumptions we get the simplified distance formula

1 [T [T
Ar(0, X?) :ﬁ/o /0 ks(XE — X2) dt ds
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2

T

= 2 |k @) (XYt + [ (¢ (D) (@) (0, ) i,

where we recall kg(z) = exp(—£%z|3/2), * € R, with 8 > 0 and X comes from a weakly
perturbed model. Since we are optimizing with respect to ¥ and the double time integral
above does not depend on 1), we can safely discard that term in the numerical simula-
tions. The computational implementation of the distance quantity is straightforward and
realized through the discretized distance formula

2 N
A0, (X)) = oy Sk e s)XE) + [ (ks e w0, ) e, (3251)
=0
with (X?) := (X§)Y, produced from the Euler-Maruyama approximation of a weakly

perturbed model equation. If no analytical expression is available for the space integral in
(3.2.51), then we use an adaptive integration rule to approximate this integral for the given
parameters. Specifically, we used the Gauss-Kronrod quadrature rule, see [DR84], that
is available in the Julia package Cubature.jl [Joh05]. When it comes to the convolution
terms in the sum, then a naive direct convolution would be very expensive to evaluate,
especially, considering that N is quite large in our cases. Hence, we use the fast Fourier
transform algorithm, see, for example, [TAL97], to evaluate the discrete-time convolution
as the inverse discrete-time Fourier transform of the product of the individual discrete-
time Fourier transforms. In practice, we need to add a sufficiently large cutoff of the
functions kg and p(¢) for given parameters S and ¢ in order to avoid erroneous artifacts
caused by non-negligible tails. We also need to include zero-padding so that we obtain
the true linear convolution instead of the circular convolution. We implemented this step
through the Julia package DSP.jl [Kor+25]. Furthermore, since the convolution outputs
are given on a deterministic spatial grid, but we require the convolution evaluated at the
observation points (X?)Y,, we additionally applied a linear interpolation at these points.

Concerning the actual optimization task (3.2.5), we used different gradient descent
algorithms from the Julia package Optim.jl [MR18], such as the limited memory Broy-
den-Fletcher-Goldfarb—Shanno algorithm (L-BFGS) and the interior-point Newton meth-
od (IPNewton), see [NW06, Chapter 7, Chapter 19]. For both of these methods, we need
gradients of the cost functional with respect to ¥, i.e., OyAn (¥, (X)), which we will ei-
ther compute with the forward mode of automatic differentiation, c¢f. [NW06, Chapter 8],
during optimization or implement directly through the gradient formula

) N

AW, (X0) = -5 ;(kﬂ * Opp(0))(X7) + /Rd(kﬁ * Opp(0)) () (0, ) de, (3.2.52)

for whose computation we can use the numerical approaches described in the preceding
paragraph. In any case, we will specify the exact parameter constellations separately for
each considered example and simulation.

As we have realized in Example 3.2.1, the distance formula simplifies drastically in
the Gaussian setting, i.e., when the invariant density ;(¢) is given by the density g
of a centered multivariate normal distribution with a positive-definite covariance matrix
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Q(¥) € R¥4. Likewise, the discretized formula (3.2.51) simplifies to

2
(N 41 )y/det(Iq + B2Q(V)
1
+ Y
Vdet(Iy +232Q(9))

An(0,(X7)) =

Zexp (—52 (x5 ( d+ﬁ2Qw>)’1Xf>

(3.2.53)

which now only involves a simple sum, allowing for very fast evaluation and, hence,
parameter estimation.

Multiscale overdamped Langevin equation in one dimension. We are in the set-
ting of Subsection 3.2.3 and consider the 1-dimensional multiscale overdamped Langevin
equation (1.2.10) with either a quadratic potential (QdP1) or a quartic potential (QrP)

V(z) = 5:132, (QdP1)
V(z) = im4 - ;xQ, (QrP)

and a fast scale 2m-periodic oscillation p = sin. When choosing the quadratic potential
(QdP1), the homogenized limit SDE process X, defined through (1.2.12), is a simple
Ornstein—Uhlenbeck process with invariant density given by

w(d, x) = ieXp (—19x4 + 19:1:2> , Ly = /}Rexp (—;;y + ;y > dy.

Recall here that we want to estimate the true homogenized drift coefficient ¥g = ap/kC from
observations (X¢), while assuming that we know the homogenized diffusion coefficient
¥2 = 20K. Hence, the optimization is performed with respect to ¥ € (0,00). The specific
parameter constellation we have used for this simulation is as follows.

o Multiscale and homogenized SDE parameters:

=2 o=1 Yo~1248, X?~1.248 X = 10.

o Small scale parameter and time parameters:

(QdP1) : £ €{0.25,0.1}, T € {50m|m=1,...,40}, At=¢e%
(QrP) :e=0.1, T €{100m|m=1,...,20}, At=c¢".
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MDE estimates '19T(X5) for ¥, when £ =0.25 MDE estimates &T(XE) for ¥, when € =0.1
1.384 1.384
1.324 1.324
1,269 o o e - 126 o o o o o e e e e e e o
1.201 r—’_’_’—’ww_—_—x 1.201 /ﬂ\/—’_\,—_’_"—k—’
= 1.14 21.14
1.084 1.084
1.021 1.02
0.96. - -True drift parameter 7, - -True drift parameter #,
—MDE estimates 9, (X°) 0.961 —MDE estimates 9 ;(X°)
0.901 1 standard deviation band 0.904 1 standard deviation band
400 800 , 1200 1600 2000 400 800 ’ 1200 1600 2000

Figure 3.2: MDE estimates J7(X¢) for ¥y when the observations (Xf) come
from the Euler—-Maruyama approximation of the multiscale overdamped
Langevin equation (1.2.10) with d = 1, a fast scale 27-periodic oscilla-
tion p = sin, and a linear drift term corresponding to (QdP1). The left
figure shows the estimation results for ¢ = 0.25 and the right figure for
e=0.1.

o Gradient descent algorithm parameters:

B =1, initial point: Yyt = 10,  box interval: (0,00), optimizer: L-BFGS.

Note that we make a couple of distinctions depending on the chosen drift term. This is
because the optimization is numerically more involved for the quartic potential (QrP). To
be more precise, for the quartic potential, we optimize the discretized distance formula
(3.2.51), while for the quadratic potential we use the simplified formula (3.2.53). For
the optimization itself, we use the L-BFGS algorithm with box-constraints from Optim.jl
[MR18], which require an initial starting point Jinta1 € (0,00) and the gradient of the
cost functional with respect to ¥ in (3.2.52).

Figure 3.2 and 3.3 show estimation results on the robustness of the MDE in the case
(QdP1) and (QrP). Here, every single estimated value is, in fact, an average of the same
experiment repeated for 1000 times. We can observe that the MDE succeeds in estimating
the true parameter v for decreasing € and increasing 7. This is in agreement with the
established theoretical results of Subsection 3.2.3.

Before we move on to the next example, we briefly want to draw attention to nu-
merical results regarding the asymptotic normality of the MDE. We consider the case
(QdP1) with the same parameter configuration as before but this time only for ¢ = 0.1
and T € {100,1000}. The two plots in Figure 3.4 show normalized histograms of 1000
estimates, together with the (approximated) density of the asymptotic normal distribu-
tion of Proposition 3.2.9. The histogram bin width has been chosen according to the
Freedman-Diaconis rule, see [FD81|, and normalized means that the total area of the
bars equals 1, which allows for a proper comparison with a probability density function.
To compare the MDE estimates with the density of the asymptotic normal distribution,
we need the asymptotic variance of that normal distribution, for which we can calculate
the following formulas. Since p(vy) is the density of a centered normal distribution with
variance ¥2/(20), the characteristic function equals €y, (u) = exp(—X2u?/(41)), u € R,
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MDE estimates ¥, (X°) for 9, when ¢ =0.1

- True drift parameter 9,
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Figure 3.3: MDE estimates J7(X¢) for 9y when the observations (X7) come
from the Euler—-Maruyama approximation of the multiscale overdamped
Langevin equation (1.2.10) with d = 1, a fast scale 27-periodic oscilla-
tion p = sin, and a nonlinear drift term corresponding to (QrP).

from which we obtain

3 () 0o
—_— 2 e — —_— 5 2‘:7_
T(00) = [ 100%a,(u)Ppalee) du = 1 (2%) o o= e

after a short calculation, and
h(y) = Re /Rd (exp (z’uTy) — Cfgo(u)) 09, (u) ps(u) du

52 3 2.2 ‘7%22 3 2 3?0y
= 419(2)5 [02(1—022 )exp Ty — 01|, O0Og9:i= 190+f]—252/2’

for y € R. We have approximated 72(1y) with the help of formula (3.2.42) and the Gauss-
Kronrod quadrature rule. In this particular case, we computed an approximate value of
72(¥9)/J (V9)* ~ 2.670 for the asymptotic variance. As we can see from Figure 3.4, the
results are in relatively good agreement with the theoretical results.

Multiscale overdamped Langevin equation in two dimensions. Consider the
equations (1.2.10) and (1.2.12) for d = 2 with

V(z) = ;xTMx, p(x) = p1(z1) + po(xg) :=sin(x;) + ; sin(xz), (QdP2)
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MDE estimates /7T (4 ;(X°) —d,) for T=100 MDE estimates /T (9 ,(X%) —9,) for T=1000
0.284 - ‘- -Density of J(¥,) ~'N,(0, 7*(¥,)) ‘ 0.284 ‘- -Density of J(1,) "N (0, 7(9,)) ‘
0.24 ERRSRN 0.241 .

0.20- ol 0.20-
0.16 \ 0.16
0.121 0.12]
0.08 0.08]

0.04+ 0.04

0.00] ---- 0.00

Figure 3.4: Comparison between the density of the asymptotic normal distribution
J(90)*N1(0,7%(99)) and normalized histogram plots of centered and
scaled MDE estimates vT'(J7(X¢) — 9g) when the observations (X?)
come from the Euler—-Maruyama approximation of the multiscale over-
damped Langevin equation (1.2.10) with d = 1, a fast scale 27-periodic
oscillation p = sin, and a linear drift term corresponding to (QdP1).

where 7 1= (z1,72)" € R? and M € R?*? is positive-definite. In this case, the Langevin
equations read as follows, for X¢ := (X1, X2)T and X := (X!, X?)T,

dx,* My, M X;° cos (X, °/e dw}
) (M M) (X0 feos (X)L ()
dx>e My, My ) \ X2° L cos (X7 /e) AW?
(3.2.54)
1 1 / f7al
dXt — Kl,l 0 Ml,l MLQ Xt di + 20’/C171 0 dV_Vt
dth 0 IC272 MQJ MQ’Q Xt2 0 \/ 20"(:272 thZ
(3.2.55)
and the homogenization matrix X € R?*? equals
K 0 I 1)t 0
o= () , (3.2.56)
0 ICQ’Q 0 (H;HQ_)_I
1 2 i )
% = 7/ exp (ip (y)> dy, i=1,2. (3.2.57)
27 Jo o

We set @ = 1 and formulate our goal as the estimation of the positive-definite matrix
Yy 1= KM, for some positive-definite matrix M, € R?*? while assuming that we know the
homogenized diffusion matrix ¥? := 20/C. Since X is a 2-dimensional Ornstein-Uhlenbeck
process, by the results in [Lorl7, Chapter 10}, the invariant density p(Jy) is given by the
density of a centered 2-dimensional normal distribution with positive-definite covariance
matrix Q. € R?*? satisfying

Q. = /0 " exp (—tK M) (20K) exp (—H(KMy)T) dt. (3.2.58)
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Figure 3.5: MDE estimates d7(X¢) for Jy € R2%2 when the observations X¢ come
from the Euler-Maruyama approximation of the multiscale overdamped
Langevin equation (1.2.10) with d = 2 and a linear drift term with fast
scale 2m-periodic oscillation corresponding to (QdP2).

Using the properties of the matrix exponential and a diagonalization of the positive-
definite matrix VKMV = SDST with orthogonal matrix S and diagonal matrix D =
diag(dy, dy), we can simplify the previous formula

Qx = 20\/E/OOO VK exp (—tK M) K exp (—tMyK) VK dt VK

=20VK /OOO exp (—t\/EMO\/E) exp (—t\/EMO\/E) dt VK

= 20VK /OO Sexp(—tD)STSexp (—tD) STdt VK
0

— 25VKS / Y exp(=2tD) dt STVE
0

= 20VKS diag (/OOO exp(—2t/dy)dt, /Ooo exp(—Zt/dg)dt) STVEK

— oVKSDSTVK

= oMyt = (KMy)'oK = (200) ' 52

We can utilize the simplified formula (3.2.53) for the optimization task. The opti-
mization was performed using an interior-point Newton algorithm with suitable nonlinear
constraints which ensure that the cost functional of the optimization stays well-defined.
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More precisely, we optimized with respect to the four entries of a matrix A € R?*2 that
satisfy the following nonlinear constraints

Cl(A) = A11 > O,
c2(A) == A1 Agg — A Asp > 0,

c (A) - 1412 N 1421 _ O
TS0 (B

(3.2.59)

These constraints are derived from the requirements that A must be positive-definite,
which corresponds to ¢;(A) > 0 and cy(A) > 0, and (2A)71%2? must be symmetric, which
corresponds to c3(A) = 0. The exact parameter configuration for this example is as
follows.

o Multiscale and homogenized SDE parameters:

4 2 3.222 1.611
My = , o=1.5, ’(90 ~
2 3 1.893 2.839
<o 2.416 0 10
~ , X5 =
0 2.838 10

e Small scale parameter and time parameters:

e=01, Te{50klk=1,...,20}, At=10"".

o Interior-point Newton algorithm parameters:

(Z2)11/4

£ =1, initial point: Yinitia = , optimizer: IPNewton.

(22)90/4 6

The interior-point Newton algorithm requires an initial starting point, in this case, a ma-
trix Uiniial € R?*? satisfying the nonlinear constraints above, and gradients of the cost
functional Ay, which we have computed with the forward mode of automatic differentia-
tion during optimization. Figure 3.5 shows the estimation results of the same experiment
repeated for 500 times. We can once again see that the MDE is capable of estimating
the true parameter matrix, which validates the robustness results for a multidimensional
example that is not yet covered by the presented theory.
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Fast Chaotic Noise. Consider the following system of ordinary differential equations
(ODEs) with a slow component X¢ and a fast component Y= := (YF, Y5, YY)

dXe A
= AX — BX3+ 2Y¢
dt + e 2’
dyg 10, . .
dtl = ? (YZ - }/1 ) ;
e (3.2.60)
df = (28Y) — Yy = Y7YS),
d}/}f 1 € 15 8 €
a :<” ‘3’”3)’

where A, B € R, and A > 0. According to [PS08, Chapter 11], see also [GKS04], by
eliminating the fast component Y*, which by itself solves the Lorenz equation at pa-
rameter values where the solution is chaotic, see [Wig03], the slow dynamics X¢ can be
approximated by the solution of an SDE given by

dX; = (AX, — BX})dt + X dW,. (3.2.61)

Here, the diffusion coefficient £2 can be expressed in terms of the Green—Kubo formula,
see [PS08, Chapter 11],

_ 00 1 T
52 = o)\ / lim — / Y=l (s)YE=" (s + t) ds dt, (3.2.62)
0 0

T—oo

where Y5=1(¢) denotes the solution of the fast process’ second component at time ¢ when
¢ = 1. This whole approximation can be rigorously justified with the proofs in [MS11].
Looking at the Green-Kubo formula for ¥2, it would be a computationally expensive task
to approximate it numerically. Instead, we will use the MDE for the estimation of that
diffusion coefficient by plugging in discrete observations coming from the slow component
X¢ of the deterministic system (3.2.60). This is possible because, when keeping the
formulas (3.2.51) and (3.2.53) in mind, it is immediate that there is no need to change
anything about the methodology. We merely have to optimize these distance formulas
with respect to the parameter ©2 now. However, as before, we have to assume that the
true drift coefficients A and B are given or obtained from a prior estimation procedure.

Due to the stiffness of the ODE system (3.2.60), a simple fourth-order Runge-Kutta
scheme, see [DB02, Chapter 4], is sufficient to generate a discrete set of observation points
of the slow component. The considered parameter constellation in this simulation example
is as follows.

o ODE parameters:

A=-1, B=0, \= 425, (X2(0),Y4(0)) = (1,1,1,1); (3.2.63)
A=B=1, \= 425, (X2(0),Y*(0)) = (1,1,1,1). (3.2.64)
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100 500 1000 100 500 1000

A=—1, 1071 | 0.131 0.115 0.118 || A=1, 1071 | 0.069 0.104 0.105
B=0 107321 0.123 0.118 0.109| B=1 |107%32{0.100 0.127 0.118

Table 3.1: MDE estimates J7(X¢) for £2 when the observations (X?) is a discrete
approximation of the slow component X¢ of the system (3.2.60) under
different parameter configurations.

o Small scale parameter and time parameters:

ee{1071,107%2}, T € {100,500,1000}, h =103,

o Gradient descent algorithm parameters:

f =1, initial point: Yiniia = 0.8, box interval: (0,00), optimizer: L-BFGS.

Table 3.1 shows estimated values for the true diffusion coefficient 9y := ¥2 under the
specified parameter configurations. Since there is no analytic expression for 2(2), we have to
compare the obtained estimates directly with existing numerical results given in [GKS04].
There, they adopted a setting with A = B = 1 and ¢ = 107%/2, giving an estimate of
0.126£0.003 via Gaussian moment approximations based on a modified Euler-Maruyama
discretization of the limit equation (3.2.61). Another estimate is 0.1340.01 which is based
on the heterogeneous multiscale method (HMM) with a discretization of the Green-Kubo
formula for ¥2; see [WLVO05; FVO04] and the references therein for more details on the
HMM method and further applications to the Lorenz 96 model. When T' € {500, 1000},
we observe similar values for the diffusion coefficient i%, indicating good agreement of
our estimation with previously reported values. All in all, this example solidifies the
robustness and usefulness of the MDE for a chaotic deterministic ODE that is not at all
covered by the theoretical results.

Bilinearly coupled fast-slow SDE system with Ornstein—Uhlenbeck limit. We
return to the general fully coupled multiscale SDE system (1.2.1) and its homogenized
limit SDE (1.2.2). More specifically, let us consider the system

1 .
dXE = [JY; - aXtE] dt+ S dW®,  X¢ =g €R, (3.2.65a)
£

c 1 e Crevre 1 € m
dYf = [—€2DY; +€Xtyt1dt+€o—dwfy), Yy =vo € R, (3.2.65b)

withm > 1,y e R™ a >0, ¥, c e R, D € R™™ such that all eigenvalues are contained
in {\ € C| Re\ > 0}, and o € R™*™ such that a = oo is positive-definite. In this case,
the frozen SDE (1.2.4) takes the form

dY} = —DY{ dt + odW, Y§ =yy, z€R, (3.2.66)
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which is an m-dimensional Ornstein—Uhlenbeck process. The assumption on the eigen-
values of D secures the existence and uniqueness of the invariant measure p* of Y, cf.
[Lorl7, Section 10.3], which is given by the density of a centered normal distribution with
covariance matrix

Qo = /OOO exp(—tD)o exp(—tD ") dt. (3.2.67)

We will only need the covariance matrix in the following, but let us remark that, after
differentiation, (), solves the matrix equation

DQw + QD' =0.
Since ;1 has mean zero, we immediately obtain
[ ATvdn ) =0, seR,

showing that the centering condition (1.2.3) is satisfied. Hence, we can solve for the
solution of the cell problem (1.2.6)

—Lo(z,y)x(z,y) =7"y, z€R, (3.2.68)
where
Loloy) = £ 3 a4 S (D2 (3.2.69)
n 2@3‘:1 Zjayia?/j im1 "y o

One can check that the unique solution to the cell problem (3.2.68) satisfying the centering
condition (1.2.3) is given by x(z,y) = 7' D~ 'y, where D~! exists by the eigenvalue
assumption. With the solution of the cell problem, we can write down the coefficients of
the homogenized limit SDE. The homogenized drift is given by

F(z) = / ez + dux(@, 9y Ty + V(e y)ay| det(y)

= —ax +/ YD ey du®(y) = —ax, x €R,
Rm

and the homogenized diffusion coefficient by

22— [ [+ Vyx(@p)a Vyx(e )] dp(y)
=32 4+~"DaD 1.
Hence, the homogenized limit SDE is a 1-dimensional Ornstein—Uhlenbeck process

dX, = —aX,dt + SdW,, X, = . (3.2.70)

Assuming we know a, we aim to estimate the true diffusion coefficient 9y := %2 with
the MDE. Once again, we can do the optimization efficiently with the simplified distance
formula (3.2.53) since the invariant density of X equals

w(d,x) = \/gexp (—3#) . (3.2.71)
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MDE estimates 1A9T(Xf) for ¥, when € =0.1

- True diffusion parameter J,

-MDE estimates ,(X?)
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Figure 3.6: MDE estimates U7(X¢) for ¥y when the observations (X7) come from
the Euler—-Maruyama approximation of the slow variable X¢ of the cou-
pled fast-slow SDE system (3.2.65).

We chose the following set of parameters for the simulation. The results are shown
in Figure 3.6. They are comparable to the simulation results of the previous examples
and showcase that the MDE is capable of estimating homogenized parameters even from
observations of fully coupled multiscale SDE systems.

o Multiscale and homogenized SDE parameters:

1 25 1 0 1 03 O
m=3, y=|-2|, D=]10 2 08|, o=[02 09 04/,
1 0 0 15 0 0.1 08
2

a=1 £=05 c=1, Xi=1, Y =|[3], vy~1.283.

o Small scale parameter and time parameters:

e=0.1, Te€{l100k|k=1,...,20}, At=10"3

o Gradient descent algorithm parameters:

f =1, initial point: Vi = 10,  box interval: (0,00), optimizer: L-BFGS.
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Nonparametric Estimation

This chapter contributes to the vast field of nonparametric estimation [Tsy08; IK81;
Pra99; Was05; GN16] and considers the prototypical problem of estimating densities
[Vaa98; Kut04; Bos98] but under our predominating perspective of weak misspecification.
We will present a projection-based density estimator for the estimation of the homogenized
invariant density of an overdamped Langevin SDE process. The approach is driven sub-
stantially by a truncation of the Fourier expansion of the homogenized invariant density
with respect to the orthonormal basis of L*(R) consisting of the Hermite functions and
an ergodic approximation of the Fourier coefficients through time averages of continuous
observations.

The first two sections are meant to introduce the setting and the estimation approach.
In the third section, we prove that the proposed density estimator is, upon fine-tuning,
robust and satisfies a CLT in the Hilbert space L*(R); the main results are contained
in Theorem 4.3.2 and Theorem 4.3.6. We also explore robustness and questions of weak
convergence in different spaces beyond L*(R). As in the preceding chapter on paramet-
ric estimation, any rigorous asymptotic statement is only possible thanks to the limit
theorems of Chapter 2. Finally, in the fourth section, we present a multitude of numeri-
cal results validating and supplementing the approach and the corresponding theoretical
results.

4.1 The Density of Interest

Although the estimation approach is not particularly constrained by the underlying SDEs
and can be practically implemented for many different SDEs, the theoretical results and
many technical considerations do require a certain set of assumptions. As we have seen
in the preceding chapters, the multiscale overdamped Langevin equation (1.2.10) and its
homogenized limit equation (1.2.12) put us into a fairly convenient setting where most
of the established limit theorems of Chapter 2 are directly applicable. For that reason,
we will consider the following 1-dimensional multiscale overdamped Langevin equation as
the running example, that is,

£

1,/X
X7 = |=V'(X7) = —p (;)]deth, X5 = o, (4.1.1)

with ¥ = v/20, and the homogenized limit equation

dX, = —KV'(X,)dt + X dW,, X, = @0, (4.1.2)

115



Chapter 4. Nonparametric Estimation

with ¥ = /20K, where K was defined in (1.2.16). In this chapter, we will work under
the following set of assumptions.

Assumptions (L*).

i) V,p € C®(R), p is L-periodic with period . > 0, and o > 0.

i) Any derivative of V' is at most polynomially bounded and there exists a constant
K > 0 such that for all z € R,

V"(z)] < K(1+ |z]?). (4.1.3)

iii) There ezist a,b > 0 and R > 0 such that for all v € R with |z| > R
—V'(x)x < a — blz|*. (4.1.4)

They are slightly stronger than the original Assumptions (L) in the sense that we allow
the second derivative of V' to grow at most quadratically. This is simply motivated by
condition (2.4.54) in Corollary 2.4.12, so that all the results of Section 2.4 are directly
applicable. Let us also recall the invariant densities of X¢ and X, which were initially
defined in Corollary 2.4.4,

pe(z) = Zlexp (—iV(x) — p(i/€)> , reR, &>0, (4.1.5)
p(x) = ;exp (—iV(w)) , r € R. (4.1.6)

Our goal is the nonparametric estimation of the homogenized density p from continuous
observations of the process X¢ defined by (4.1.1).

4.2 Density Estimation by Hermite Expansion

Since the density p € L*(R), one can expand p in an orthonormal Fourier basis and,
thanks to the ergodic theorem, approximate the Fourier coefficients with available obser-
vations. This is what the authors of [CGL25] proposed and studied in their Section 4 and
we will base our approach on a similar idea. However, we have to handle the truncation
of the estimator’s Fourier expansion more carefully as we are, as always, confronted with
weak misspecification.

We focus on the orthonormal basis (ONB) of L*(R), which is equipped with the usual
inner product (-,-)z2(r), generated by the Hermite functions

IQ

() = (2"n!/7) Y2 exp (—2> H,(z), zeR, neN, (4.2.1)

where H,, denotes the n-th physicist’s Hermite polynomial, see, for example, [Sze75,
Chapter V] or [CGO21], given by

n

dz™

H,(z) := (=1)" exp(z?) exp(—z?), z€R, neN,. (4.2.2)
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The Fourier expansion of p with respect to this ONB is
L= iy, Q= /an(x)u(:c) dx. (4.2.3)
n=0

Recall here our underlying assumption that we consider continuous observations of the
SDE paths over a long time horizon. Hence, by ergodicity and homogenization of the
multiscale overdamped Langevin equation, it is natural to approximate each Fourier co-
efficient v, by time averages a;, 7 given by

1 /T
& = f/ Un(XE)dt, T >0, (4.2.4)
’ T Jo
since
N . :
limg tim = [ (X7 dt = lim [ (@0pe(e) do = [ (@p(e)de, (4:25)
which is the same as
ll_rf(l] Tlgrolo a5, p = (4.2.6)

where the convergence is at least in P-probability. Based on this initial observation, we
introduce the estimator fiy  for the invariant density p by truncating the Fourier series
and retaining only the first N approximated Fourier coefficients

N-1

n=0

Before we investigate the asymptotic behavior of this estimator, let us take a step back
and see what has been established about this type of estimator in [CGL25] when there is
no weak misspecification, that is, when one uses observations coming from X defined by
(4.1.2). In [CGL25, Section 4, Proposition 7|, the authors proved the following bound

N C
Ellins — pllFe@m < lon = pll7om + ra (4.2.8)
for a constant C' > 0 independent of N and T'. Here, fiyr is
N-1 1 T
ﬁNVT = Z &an ¢n7 &n,T = T/o ¢n(Xt) dt, (429)
n=0

and py is the truncated Fourier expansion of u given by ux := 3"\ a, ¥,. As we can
see, the bound on the mean squared error (MSE) of iy 1 in (4.2.8) consists of a truncation
error of the Fourier expansion of ;1 and a sampling error controlled by the time horizon
T'. We will observe a similar error decomposition of the MSE in our asymptotic analysis
of jiy 7, see Theorem 4.3.2 and Remark 4.3.4, but we will have one additional error term
that accounts for the weak misspecification.
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4.3 Estimator Robustness and Asymptotic Normality

The estimator pif - depends on three key parameters: the scale separation parameter ¢,
the time horizon or observation time 7', and the number of Fourier coefficients N. Among
these, ¢ is typically unknown, 7' reflects the amount of available observations, and N
is a tunable hyperparameter of the method. Intuitively speaking, one might expect the
estimator to converge to the true invariant density p in the limit of infinite data (7" — o0),
infinitely many Fourier coefficients (N — oo), and vanishing scale separation parameter
(¢ — 0). However, this convergence does not always hold. In fact, the estimator is robust,
i.e., asymptotically unbiased, only under specific conditions reflected by certain couplings
of T, N, and €. In particular, the number of Fourier coefficients N should not grow too
quickly relative to the scale separation parameter . In other words, /N should be carefully
chosen as a function of €. Conceptually, this can be seen from the truncated series of the
Fourier expansion of p.

N-1
UNe = Z Qe Yn, Qe = /R@Z)n(m),ua(x) dx, (4.3.1)
n=0

and its convergence

N-1 [e's)

. . 2 _1: : 2 2 _

ity = plliag = lm lim > fane = anl® + 3 Jaq* =0,
n=0 n=N

which is a consequence of weak convergence of the invariant measures and the fact

that Hermite functions are bounded; recall Corollary 2.4.4 or Lemma 2.4.7, and refer

to (4.3.11). However, if we exchange the limit order, then we obtain

lim Tim_{[n.c = plew = lim [z — 1172wy

but the last limit does not even exist as we only have weak convergence of the invariant
measures, which is strictly weaker than convergence in L*(R).

On the other hand, the final time 7" must diverge sufficiently fast; a condition we have
required multiple times not only in the limit theorems of Chapter 2 but also in the
parametric estimation problems of Chapter 3. Hence, in order to get robust estimates
and a proper convergence result, it is important to impose meaningful scaling restrictions
between these key parameters. These restrictions should encapsulate the interplay of the
parameters in the sense of ”T" must grow sufficiently fast while ¢ must vanish before N
diverges” as mentioned earlier. The robustness result under these requirements, while
at the same time being the main theoretical contribution of the joint work [Bor+25], is
stated in the following theorem.

Theorem 4.3.1. Consider the SDEs (4.1.1) and (4.1.2). Assume the following conditions:

i) V,p € C*R), p is L-periodic, and V(0) = 0 = p(0) holds without loss of generality.

it) V' is globally Lipschitz on R with Lipschitz constant Ly > 0, and there ezists a
constant K > 0 such that for all x € R,

—V"(z) < K(1+ |z]?). (4.3.2)
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4.3. Estimator Robustness and Asymptotic Normality

i11) There exist b > 0 and R > 1 such that for all x € R with |x| > R,

—sgn(z)V'(x) < —b|x]|. (4.3.3)

Suppose further that the number of Fourier coefficients and the final time of observation
scale with € as

2
N=N.=|—— T=T.=re ", 4.3.4
Bt ke (1.3.)
respectively, for some k > 0, where the parameters v and ¢ satisfy
3+ log(8), ifo =1, 5 ifr>1,
> 2 3 ¢ 2 . C> l .
c+ max{l(iez, g (log‘g — 1’ + 210g(4)>} , ifo#£1, 50, ifr <,
(4.3.5)
with I - ;
1 0
el VOl b (4.3.6)
o o o
Then )
ll_r)%E H:“NE,TE - ,u‘ pE 0. (4.3.7)

The key insight of this theorem is that the MSE of fi5 ;- indeed converges to zero as
e — 0 as long as N = N. and T' = T. satisfy the prescribed scaling conditions. We
will not prove this specific result here, because, unfortunately, it is not sufficient for our
second goal, proving the asymptotic normality of the density estimator. That being said,
the rather technical proof of Theorem 4.3.1 is contained in [Bor+25]. Instead of the
qualitative convergence statement of Theorem 4.3.1, we aim for a quantitative statement
with explicit convergence rates, which will serve our purpose of establishing asymptotic
normality.

More precisely, building from a quantitative robustness result, we can tackle the asymp-
totic normality of the estimator i° := [i§,_r. by proving weak convergence of VIZ (i — p)
to a centered Gaussian random element taking values in L?(R). To properly motivate what
we are trying to accomplish, note that one can decompose the estimator’s error using a
stochastic part and a deterministic part

VI3 = 1) = T (3 = i) + T (v — ) =: S+ D, (4.3.8)

with g, . defined in (4.3.1). This is a decomposition that we have encountered many
times before in other estimation settings, cf. (3.1.21), (3.2.27), or (3.2.48), making it a
reoccurring theme of statistical estimation under weak misspecification. For the given
setting at hand, the idea is to prove weak convergence of S, in L*(R) and convergence
of D, to zero as ¢ — 0 so that Slutzky’s lemma B.1.5 can yield weak convergence of
VT (jif — ). However, this is challenging for at least two reasons. First, we do not
have explicit L?(R) estimates for the term (puy. . — i) yet such that it would allow us to
leverage them against the exploding v/T. factor in D.. Second, it is not clear yet why,
under the standing assumptions, an asymptotic Gaussian random element should always
exist in L?(R). We will address and answer these questions in the following.
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We need to introduce some preliminary facts about Hermite functions and scale-
dependent Sobolev-type spaces defined through these. We start with the latter. For
k € Np, we define the spaces

i = {7 € LR X0 4 0Pt < (139)

which emerge from the completion of the pre-Hilbert space (.7 (R), || - ||x) endowed with
the inner product

e}

<f7 g)k = Z(Q?’L + 1)k <f7 wn>L2(]R) <gawn>L2(]R) ) fag S y(R)a (4310)

n=0

and the corresponding induced norm || - ||z := 4/(:,-)x. The construction of these spaces
has been carried out in [[t684, Chapter 1] and has, in fact, been defined more generally
for arbitrary exponents s € R. Note that H° = L*(R). It can be shown that .#(R) C H*
for all k € Ny, see [Str23, Section 4.3].

We also need the following two standard facts about Hermite functions, see, for exam-
ple, [Ind61] and [Tha93, Chapter 1|. For n € Ny, it is true that

[nloe < 74, (4.3.11)

and

o (2) = \/Z%_l(g;) s L nni(z), zER (4.3.12)

As announced earlier, before we can prove asymptotic normality, we need to establish
the following quantitative restatement of Theorem 4.3.1 and prove an explicit convergence
rate of the estimator to the homogenized invariant density x in terms of the MSE of i, .

Theorem 4.3.2. Consider the SDEs (4.1.1) and (4.1.2) under Assumptions (L*). Sup-
pose that the number of Fourier coefficients and the final time of observation scale with &
as

N.=[e?],  T=e, (4.3.13)

where o > 1/2 and § € (0,2 A\ (o — 1/2)). Then, for all k € N and as € — 0, we have

E|

~E
Un. 1. — M

2 N,
=0 = 2k NEFL L Nk 4.3.14
L2(R) (TE\/E tem N+ A ( )

In particular, upon choosing k > max{(a —1/2 —0)/0, (o —1/2)/(2 — )}, there exists a
constant Cy, > 0 such that

E | L e (4.3.15)
2w = U

~E
Un.T. — 1

for sufficiently small € > 0.
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4.3. Estimator Robustness and Asymptotic Normality

Proof. Just like in (4.3.8), we can write

PE— =" — fiNoe T [N.e — s

where fi° = p%_ 5. and py, ¢ is defined in (4.3.1). We will estimate these two differences
separately. For the first difference, orthonormality and estimate (2.4.56) of Corollary
2.4.12, which is applicable to the Hermite functions thanks to inequality (4.3.11), imply

Ne—1 9

(0 T —Oén75

> [ e a - [ va@ne

= O (N1 2) = O (TN\/E>

Now let £ € N be arbitrary. For the second difference, observe that

Ne—1
Z ’ana_an|2+ Z |O‘n‘2]

n=Ng

~ 2
E [[z°— NNS,SHL?(R) =

Ne—1

:ZE

(4.3.16)

[

With Lemma 2.4.7, which is applicable since Hermite functions are Schwartz functions,
we can estimate the coefficients in the first term by

e = anl = | [ (@) (pela) = p(a)) di| = O (H1 exp(=V) ey -
From (4.3.11) and (4.3.12) one can deduce, inductively for n,! € Ny,
6]l = O ((n+ 1)), (4.3.17)

so that Leibniz’s differentiation rule and Lemma 2.4.2 yield

[4bn exp(=V)llwra) < sz: ()IIW [exp(=V)]"™ [l = O ((n +1)*2).

7=01=0

Hence,
N.—1

N:.—1
S e —an*=0 (e% Y (n+ 1)’“) = O (*NH). (4.3.18)
n=0 n=0

Since p € (R) C H* by Lemma 2.4.2, the tail of the Fourier series expansion of y can
be estimated by

oo 1 2 B
S Janf? < T Z (20 + 1)F (11, ¥n) 2z \ < ”]’\ﬁ,'f =0 (N¥).  (43.19)
=N,

£

Combining (4.3.16), (4.3.18), and (4.3.19) yields (4.3.14). The last bound (4.3.15) is
obtained from (4.3.14) by choosing k > max{(a —1/2 —§)/0, (a« —1/2)/(2 — )}, so that
2k —6(k+1) >a—1/2 -6 and 0k > o — 1/2 — § simultaneously. Hence,

@ < N, ) -0 (8a71/2N€) -0 (8a71/275) :

Tz
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O (€2kN81c+1) 0 (€2k—6(k+1)) -0 <€a—1/2—5> 7
O (ka) O (€6k) -0 (60471/275) 7

which yields the final claim. [

Remark 4.3.3. The number k € N may be understood as a smoothness parameter that
controls the reqularity of p through the spaces H*. It may be chosen arbitrarily large here
because p € L (R) by our assumptions, but it certainly has to be restricted if we impose
less reqularity on pu.

Remark 4.3.4. The bound in (4.3.14) consists of three terms that correspond to three
different error sources. The first term comes from
Ne—1

b= L E /wnxa = [ dul@)nala

which is the stochastic sampling error that decreases with growing observation time T, =
=%, that is, more observation points. Note here that the constant that is obscured by the
Landau notation in (4.3.16) does not actually depend on «; one can verify this claim from
the proof of Corollary 2.4.11 or Corollary 2.4.12. The second term corresponds to the
weak model error, namely

E 7 ~ i L (4320

Ne—1 Ne—1

Z an,swn - Z anwn
n=0

n=0

Ns_l 2

S| [ n)pela) - pla) | @32)

L2(R) n=0

which goes to zero in the limit for ¢ — 0 as long as N, obeys the appropriate scaling
regime. The last term corresponds to the truncation error of the Fourier series of u, that
18,

2

N:.—1 o]
H:u_ Z anwn = Z |an|27 (4322)
n=0 L2(R) n=Ng

which converges to zero as long as N. goes to infinity. Also, keep in mind that (4.3.15)
does not mean that we can increase « indefinitely and hereby get an arbitrarily small
error, because the constant Cy will blow up as o — 0o, which can be verified from the
estimates leading up to (4.3.18).

Remark 4.3.5. Since p € 7 (R) and iy € 7 (R), P-a.s., it is actually possible to prove
robustness in the Schwartz space #(R). By [Str23, Section 4.3], the Schwartz space can
be equipped with the metric

-1 ||1 _ng
= —_— f.g e (R 4.3.23

where ||-||; is defined through (4.3.10), turning the Schwartz space into a complete, separable
metric space. Forn >0, we have the basic estimate

. Ed(fik, 7., 1)
P (d(fis, 1., p1) > n) < %
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which, according to the definition of the metric d, converges to zero as € — 0 if and only
if
E |‘ﬁ§VS7Ts - :u“l —0, =0,

for alll € Ny. By similar arguments as in the proof of Theorem 4.3.2, we can prove, for
[ € Ny,

E [|3° — i o = z (2n 4 1)

— Ope

2

Ne—1 N:-.—1 —
Z et — Z ant| = Z 20+ Dlan. — ag|? = 0(52(l+1)N3(l+1))’
n=0 n=0 1 =
N.—1 2 00
Hu — Y ant, = > 2n+1le,*=0 (N€_1> ,
n=0 L2(R) n=N¢

where one can take k = 1 + 1 in the proof of Theorem 4.3.2 to achieve the latter two
estimates. Depending on [, one can therefore choose the scaling regime for N. such that
all three terms vanish for € — 0. Since | was arbitrary, this shows that p%_r. converges
in P-probability to p in the metric space (. (R),d).

Our next goal is to prove a CLT for /7. (fi° — p1) to a centered Gaussian random
element in L?(IR) and thereby show that, under Assumptions (L*), the asymptotic random
element always exists in L?(R). To prove this CLT, we verify the two conditions given in
Theorem B.3.1, which we recall here in the form that we require. Suppose we identified the
asymptotic random element G € L2(R), then, in order to conclude /T, (fi — p) 26
in L*(R), we need to prove

I
n=0 L2(®)
lhm lim sup P <H\/7 pe—p) — 1 (\/’i(ﬂe - M))

e—0

l
2, <G, Zﬁn¢n> , =0, VieNy, (4.3.24)
n=0

L2(R)

. > 77) =0, Vn>0, (4.3.25)

where [y, ..., 3 € R are arbitrary and
l
Hl: LQ(R) — L2(R)7 f = Z <f7 2ﬂn>L2(R) wnu
n=0

is the orthogonal projection onto the I-th subspace of L?*(R) spanned by the orthonormal
Hermite basis vectors g, ..., ;.

Since L?(R) is a separable Banach space, the notions of strong measurability of a
function Z: Q@ — L?*(R), i.e., the pointwise approximation of Z by simple functions
Z,: Q — L*(R), and weak measurability, i.e., the measurability of Q 5 w — (Z(w), f) r2)
for all f € L*(R), are equivalent. This is a consequence of the Pettis measurability theo-
rem. Moreover, in the following we denote by L?*(€2; L?(R)) the Bochner space of strongly
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measurable functions Z: Q — L?(R), that is, the space of random elements Z taking
values in L?(R) such that

E |12l = [ 12(@)3s@ dPw) < oo.

A reference for the different notions of measurability, the Pettis measurability theorem,
and Bochner spaces is [Hyt+16]. Recall also that a random element Z: Q — L%*(R) is
called a centered Gaussian random element if for every f € L?(R) the random variable
(Z, f)r2m) has a 1-dimensional normal distribution with mean zero. We present the main
result now.

Theorem 4.3.6. Consider the SDEs (4.1.1) and (4.1.2) under Assumptions (L*). Sup-
pose that the number of Fourier coefficients and the final time of observation scale with e
as

N.=[e7],  To=e, (4.3.26)

witha > 1/2 and § € (0,(2/3)AN(a—1/2)). Then there ezists a centered Gaussian random
element G: Q — L*(R) such that

VI (B — 1) > G, in LAR), 0. (4.3.27)

The Gaussian random element G is given by the Fourier series

G =) &in, (4.3.28)
n=0
where (&, ...,&)", n € Ny, is an (n + 1)-dimensional random vector with a multivariate

normal distribution with mean zero and covariance matriz entries given by
E &l = X2 /R Q! (2)®] (x)u(x) dz =: Ty, m,n € Ny. (4.3.29)
Here, ®,, € C*(R) is the solution to the Poisson equation
LD, = iy = by — /R bn(@)p(z) dz, L= —KV'9, + oKd2,, (4.3.30)

which is explicitly given by

D, (x) =— /Ox Wj(y) /yoo Un(2)p(2)dzdy, = €R. (4.3.31)

Before we prove this result, we want to motivate, through an example, why L*(R)
is indeed a natural space to consider for the asymptotics and not a larger space, e.g.,
a Sobolev-type space as in (4.3.9) with negative scale exponent. Although we leverage
specific eigenfunction structure of the Poisson equation (4.3.30) in the following example
of an Ornstein-Uhlenbeck process, it reveals certain techniques that can be utilized in the
more general setting of Theorem 4.3.6.
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Example 4.3.7. Consider the Ornstein-Uhlenbeck process for the homogenized limit
equation (4.1.2) with o = 1, that is,

dX, = =KX, dt + VK dW,. (4.3.32)

The invariant density is given by

pu(z) = N exp (—12) . (4.3.33)

We want to show that .
> E&[* < oo, (4.3.34)
n=0

because G would then exist as a random element in L?(R) by a simple Cauchy sequence
argument, see the proof later. We may consider the generator £ = —Kz0, + (K/2) 9?2,
as an unbounded operator on L?*(u) with domain dom(L£) C L*(u), cf. [Lorl7, Chapter
10], where L*(p) := L*(R, A(R), u) is the weighted L*-space with respect to the invariant
density p. The normalized Hermite polynomial basis (H,,)men, defined by

— 1

H,(z):= H,(x), zeR,

)= g )

is an ONB of L?(u). By the following well-known recurrence relation for Hermite poly-
nomials, see [Sze75],

Hy1(z) =22H,, () — H (), z€R, meN,,

one can easily verify that H,, is an eigenfunction of —L with eigenvalue Km for m € Nj.
We can expand v, in this ONB of eigenfunctions of —L via

vn = mzzl <¢n, Hm>L2(u) Hums
since <1;n,ﬁ0>[]2(ﬁ) = <1;n, 1>L2(M) =0 and <1;n, ﬁO)LQ(u) = <1/JA, ﬁm>L2(;¢) for m > 0 due to
centeredness of 1, with respect to 1 and orthogonality of (H,,)men,. If we define

(o)

1 — —~
o, =Y o <¢n,Hm>L2(m H,, (4.3.35)

m=1

then one can verify that ®,, € D(L) by the spectral theorem for unbounded operators,
see [BS18], but, more importantly, the equation

00 1 e e 00 . g _
— LD, = m; o (tn, Hm>L2(H) (—LH,,) = mz::l (tn, Hm>L2(M) Hy =y

holds in L?(u). Thus, integration by parts, the preceding Poisson equation in L?(u), and
the ONB expansions yield

Bl =K [ @,@)u@)dr = [ ®,(@)(~Le,)@)n(x) dr
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= <(I)n7 _‘C(I)n>L2(,u) = <(I)n71;n> = llc i

L2 ()

||Hm:uH%2(R)'

So the verification of (4.3.34) rests upon the finiteness of the last series. The remaining
estimates follow from the following integral formula for Hermite polynomials, see [GRO7,
7.374(2)],

1
/ H,,(2)* exp(—22?) dx = 2m=3] (m + 2) :
R

and the asymptotic approximation of the Gamma function

r (m + ;) ~o D(m)ym? = (m — 1)!vV/m

for m — oo, where ~, denotes asymptotic equivalence. The last asymptotic formula can
be proved directly with Stirling’s formula I'(m + 1) ~, v27m(m/e)™ for m — oo. With
these facts at our disposal, we obtain

— 1
| Hnblaey = —gor [ Hon(@)? exp(—22%) do

P(m+3)  (m-nm_ 1
V2rm! e V27rm! _\/§7r\/ﬁ’

and therefore

> 1
2 o

Proof of Theorem 4.3.6. To prove the assertion of the theorem, we proceed in four steps.
Step 1. We first show that >°° (E|&,|* < co. For n € Ny, we define

U, (z) == /_; bn(y)ly)dy,  Fu(r) = /I u(y)dy, xeR

—00

Then

L))t sony) = Fu@) dy = [ b)) dy— [ / Unl2) =) dz ply) dy

_/ (wn /wn ) pu(y) dy = U, (),

which is simply W,,(z) = (¢, ks) 12(r) With

ko(y) == () (L) (y) — Fu(x)), =,y €R. (4.3.36)
Since 3.00)
, 2 U, (z
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we obtain

et o= (3 S e (3) L

Applying Tonelli’s theorem and Parseval-Plancherel’s identity yields

Observe that

(4.3.37)

(4.3.38)

2
= [ 10)* (Leoom(®) = Ful@)” dy = llelZoge)

By Assumptions (L*) iii), there exist a,b, R > 0 such that for all |z| > R

sen(@)” D — @) lviey < 1 ( - b\x|> '

p() o o \|z]

Suppose x > R. Then, integrating from x to y > x yields

pu(y) < p(x) <y>a/g exp (—2(;(@/2 - w2)> :

X

From this estimate, one obtains, for some constant C; > 0 and sufficiently large x > R,
00 b 00 b
/ u(y)® dy < p(x)*z=>7 exp <w2> / y** exp (—y2> dy
T g T g

b b
< Cup(r)a/7 exp () 22/7 exp (‘)

g

since, by L’Hdopital’s rule,

i 2a; [;7y™ exp (—agy®) dy
im

=1
T—00 x@ L exp(—agx?)
for any ay,as > 0. Moreover, we have
00 C’Q
1= Fy(2) = [ ply)dy < o)
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for some constant Cy > 0 and sufficiently large x > R. Similar bounds can be obtained
for # < —R, as well, but, in this case, one should establish the bounds for [ u(y)*dy
and F,(x). With these estimates and formula (4.3.38), we can conclude, for sufficiently
large R > R,

1 2 (1= Fy(x))?* (= ) F,(z)? [ ,
/R/L(l')||kx||L2(R) de/R,u(l’)/ooﬂ(y) dy + Iu(x) /x Iu(y) dy dx

<ot [ I iy + s [Tty

1 x 2 Fu(x)2
+/gc<ziw(x)/oo”(y) Wty Wl &

with constants C5,Cy > 0 that may have changed from line to line. Returning back to
(4.3.37), we therefore have 3°° (| E |€,|* < .

Step 2. Building on the previous step, we can now prove that there exists this well-defined
centered Gaussian random element G taking values in L?(R). To this end, consider the
partial sums Sy, := Zﬁ:o £, for L € Ny, where we recall that (&,...,&)" have been
defined in the statement of the theorem. For L € Ny, S; takes values in L*(R) and
is strongly measurable, because, for any f € L*(R), the inner product (St, f)r2mr) =
Sk &, f) r2(r) is measurable as a finite linear combination of the random variables
&,. Moreover, we have

L
E||Scllzem = Y Elél® < cc.
n=0

Hence, S, € L*(Q; L*(R)). For M > L, it follows

M M M
Ell Sy —5Sclliem =E( D &athm, D &)@ =E Y. &n&lm

m=L+1 l=L+1 m,l=L+1

M 0o
= Y E&< Y E&—0, L— oo,

where the last convergence is justified by step 1. This shows that (Sp)ren, is a Cauchy
sequence in L%(; L2(R)), so that G := limy_,., Sy, exists as an element in L?*(Q; L?(R))
and, therefore, as a random element in L*(R). It remains to show that G is centered
Gaussian. We take an arbitrary f € L?(R) and observe that

L
(St 2wy = Y &altn, frzm
n=0

has a 1-dimensional normal distribution with mean zero because (&, ...,&,)" is normally
distributed with mean zero. The continuity of the inner product implies (S, f) 2y —
(G, f)r2m) as L — oo. Hence, we can conclude that the limit (G, f)12r) also has a 1-
dimensional normal distribution with mean zero because normal distributions are closed
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4.3. Estimator Robustness and Asymptotic Normality

even under weak convergence, which is a consequence of the convergence of their charac-
teristic functions. This proves that G is a centered Gaussian random element in L*(R).
Step 3. We now move on to prove condition (4.3.24). First, recall the splitting in (4.3.8)

\/i(ﬁs—ﬂ):\/?(/i — UN. e —l-\/» (UN. e =S, + D..
By the estimates (4.3.18) and (4.3.19), we know that
e — pill 2@ = O (f’f%NfH + N;k> , €0,
for any k£ € N. With the assumption on 7. and N., we therefore obtain
Tl = gy = O (4000650 4 cokoe)

so that we get ||D.| 2wy — 0 as € — 0 after choosing k > max{(a +6)/(2 — 6),a/d}.
Concerning the stochastic part, we can write it in the form

T. N:—1

Se = T2 (3° — pin..e / > nelX7) e,

(4.3.39)
Gne(@) = (@) - /R Uu(ey) dy, @R

For sufficiently small € such that N. — 1 > [, the last representation (4.3.39) gives

<ﬁ A Z Bn¢n>

where g, ..., 0 € R, | € Ny, are arbitrary numbers. This motivates the definition

1 1. | _
= \/T /0 Z Bnqu)n,e(th) dt
€ n=0

L2(R)

h (2 Z Bt e ( Z Bnthn( / Z Butbn(y)pe(y) dy, x €R.

Note that 3! _; 8.1, € C®(R) with all of its derivatives bounded uniformly on R by
inequality (4.3.17), so that 3! _ B.t, exp(—=V) € #(R). Hence, we can use Corollary
2.4.14 to conclude

<ﬁu — KN nzoﬂnwn>

where

hl&‘ }(5 — >./\/1(O 712) 6—>0
/ ’ ) )
L2(R) VT,

(4-3-40)

- 22/ O (2)2(x) dz > 0, (4.3.41)
and ®; solves the Poisson equation —L®; = h;, with
Z Buthula Z Butoa() = | Z Butba(puly) dy, @ € R
The solution to that Poisson equation is explicitly given by

x 2 Yy _
() = —/0 w/_oo hi(z)p(z)dzdy, x€R.
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Observe that the asymptotic variance in (4.3.41) satisfies

2

l l l l
Tl2 = Z Z ﬁnﬁanm = Z Z BnﬁmEgngm = ]E

n=0m=0 n=0m=0

(2] | - v (5e)

Now we only need to notice that
! oo ! !
n=0 m=0 n=0 n=0

L2(R) L2(R)

which is a normally distributed random variable with mean zero and variance 77, i.e.,
it has the same distribution as the limit distribution in (4.3.40). This, together with
Slutzky’s lemma B.1.5, proves (4.3.24).

Step 4. It remains to prove condition (4.3.25). Because of the linearity of II; and
| D: || 2my — 0 as € — 0, we only have to prove

Jim lim sup P (H\F — pN.e) — 1L (@(ﬂg - NN5,5)> H > n) =0, Vnp>0.
L2(R)

e—0
(4.3.42)
By (4.3.39) and sufficiently small € > 0 such that N, — 1 > [, we have

l

11, (\/E(ﬁs - MNE,E)) => <\/7T€(ﬁ€ — HN.e) 7¢n> Lo Wn

n=0 L2(R)
I N:—1
- wn 5 XE dt 6nm¢n
SEomh

f/ e (X7)

which implies

2

2 Ns—l
H\/i(ﬁe - :uNg,e) —1I <\/7T5(:a‘E - :uNs,a)> / @Dna (X7)dty
Nil 1 /Tg 5 x) 2
= — Y (X[) dt
n=Il+1 VT Jo '

We can, once again, consider the Poisson equation —£.®,, . = @Envg. Since 1, is uniformly
bounded in n on R by (4.3.11), we obtain uniform bounds of the kind

M :=sup sup (D) ||oo < 00 (4.3.43)

e>0 neNg

by Remark 2.1.15, which is applicable due to Lemma 2.4.6. It6’s formula entails the
P-almost sure representation
Te _ D, (x0) — P (X5)
e (X5 dt = — e\ T /
v VT. VT

i / Y(XZ) dW,.
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4.3. Estimator Robustness and Asymptotic Normality

On the one hand, we have

2
Nl | By, o (0) — oo (X5,)

> 7

n=I[+1

<202 |X5, — o ]YY

by (4.3.43). On the other hand, [td’s isometry and the triangle inequality give

2

T
IE—/ o, ) (X)W,
T [ @,
o 1 = 10 yveN2
= S2E o [ (@) (X7)? dt
T. Jo

<3

B [ (@0 (6 bt = [ (00 (0P (e) da

+

2 [(@n) (0 pela) do =22 [ @ (2)u() do

+ 32 / ! (2)*p(z) do
R
= Aa,n + Ba,n + Tnn-

By Corollary 2.4.12, Remark 2.1.20, and estimate (4.3.43), we have

2

A <E =0 (27117,

o [ @y [ (@0 ) do

By Proposition 2.4.9 and (4.3.17), we also have
Bey = O (£ [n exp(=V)lwiag) = O (7 +1)

for any v € (0,1). We choose 7 € (36/2,1) to obtain

st—l A= O (5"_1/2]\78) -0 (ea—l/Q—(S) ’ Nil B, -0 (571\783/2) -0 (57—35/2> _

n=I[+1 n=I[+1

With Markov’s inequality, [t0’s isometry, and the triangle inequality, we therefore obtain,
for any n > 0,

. (Nil

2‘2 /OTE@n,s)’(Xf) dw,

2 772 4 Ne—1
Z Z S 72 Z (An,z-: + Bn,s + Tn,n)

< % @ (5‘“1/27‘5 + 57*35/2) + Z Tom | -
n n=Il+1
Moreover, we have
2
Ne—1 (I)n,s o) — (I)n,s X7 2 2 Ng 2
P ‘ (0) ( Ts) 2777 SP(QMQ‘X%—$0‘2n>,
Sar® T, 4 v 4
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which converges to zero as e — 0 by Corollary 2.4.13 since T, /N, = e~ @9 and 0 < § < av.
By our assumptions on « and 9, and by the choice of 7, we finally obtain

e (5 (7 ), =)

e—0
2
> 772>

N [, (o) — B (X5,)|
< limsupP Z
e—0 n=I[+1 TE

1 T -

e—0 n=Il+1

N.—1
= limsupP Z

>
— 4
2 2
>
=)

By step 1, the last series tail converges to zero as [ — oo, finishing the whole proof. [

/ ®,.) (X5) dW,

i

e—0 n= l+1

Na—l
+ limsup P

4
< =
— m2

oo 4 >
> Tan=—5 > EE
n=Il+1

n=Il+1

Remark 4.3.8. One might be able to prove weak convergence not only in L*(R) but also
in a scale-dependent Hilbert space up to a certain scale threshold. To be more precise, if
one considers the harmonic oscillator on R given formally by

H = —0py + |2]?, (4.3.44)

then it is well-known that this unbounded operator is essentially self-adjoint on the complex
Hilbert space LE(R) with compact resolvent and eigenfunctions given by the Hermite basis
functions (Vn)nen, with eigenvalues X\, := 2n + 1 for n € Ny, see [CR21]. The spectral
theorem and the functional calculus for unbounded operators, see [BS18], enable us to
characterize the domain of s-powers of H, s > 0, via

dom(H*/?) = {f Z frton) 12y ¥

f wn L2(R ’ < OO} (4345)

With this domain characterization and for any s > 0, we can define the scale-dependent
Sobolev-type Hilbert space

H* = {f c L*(R Z X3l (o) 2y P < oo} (4.3.46)

which is a closed subspace of dom(H*/?) and a direct generalization of the spaces introduced
n (4.3.9). The inner product on H* is given by

<f7.g>HS = ZAZ <f7wn>L2(R) <gawn>L2(R)> fag EHS'
n=0

Proving weak convergence in H® amounts to justifying the two conditions (4.3.24) and
(4.3.25) with the Hilbert space structure provided by H®. As we have seen in the previous
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proof, this only works if we can also prove that G is a random element in H®, which is
a question of verifying 00 o N |€,]? < oco. We are led to believe that this is the case if
and only if s < 1/2, since, by step 1 of the proof of Theorem 4.3.6 while using similar
arguments, we would have,

%0 92 ;1
NEIE, |2 = (_) /7 k|2, da, 4347
;) nE |€nl = Ru(x)ll s dz ( )

with k, exactly as in (4.3.36) and ||« ||ms := +/(*, )us. Note that k, has a jump discontinuity
of height u(x) at x, but, outside a neighborhood of this jump discontinuity, it is actually
a Schwartz function. Since H?® is locally equivalent to the classical Sobolev space H®, see
[BTO06, Theorem 3], and, according to [Sic21, Theorem 1, Lemma 3], k, € H® if and only
if s < 1/2, it does not seem too far-fetched to obtain weak convergence in H® for s < 1/2,
with a sharp scale threshold of 1/2. Although these hints appear promising, one would still
need more specific control of the norm ||k, |lm= appearing in (4.3.47).

In the same vein as Remark 4.3.5, one might think that proving weak convergence in
the Schwartz space .#(R) is more appropriate, and although the Schwartz space equipped
with d as in (4.3.23) is a complete, separable metric space for which weak convergence
is well-studied, see [Bogl8; Bil99; Hen?2j/, it cannot follow from our setting. There is
no such Gaussian limit element in . (R) as we have seen from the above discussion and
Example 4.3.7.

4.4 Numerical lllustration

In this section, we present a series of numerical experiments to assess the empirical per-
formance of [iy r in approximating the invariant density p of the homogenized limit
equation (4.1.2). Since our theory is established for continuous observations and is inher-
ently asymptotic in nature, but numerical results would be pre-asymptotic, that is, ¢ is
small but fixed, the presentation of those numerical findings serves more as an illustration
rather than a rigorous numerical study. We begin by demonstrating the influence of the
observation time 7' and the truncation level N on the accuracy of the estimation when
the scale separation parameter ¢ is small. Although not covered by the theoretical results,
we also show through an example simulation that the methodology extends naturally to
multidimensional SDE processes. Then, following Theorem 4.3.6, we present various dis-
tributional plots validating the CLT in L?*(R). Finally, through a heuristic approach, we
illustrate how the scale separation parameter € can be inferred from our density estimator
by considering a large number of Fourier coefficients. The numerical results have been
implemented in the programming language Python and the code is available through the
public GitHub repository [BZH26].

4.4.1 General Implementation Details

Throughout all experiments, path observations are generated by numerically solving the
multiscale overdamped Langevin equation (4.1.1) with deterministic initial condition
X; = 0. The SDEs are discretized using the Euler-Maruyama scheme, as already de-

scribed in Section 3.2.4, with a fine time discretization step of At = 2. The invariant
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densities 1 and p. are computed from the equations (4.1.5) and (4.1.6), where the nor-
malization constants Z and Z. are evaluated via a Gauss-Kronrod quadrature rule, see
[DR84], as provided by the Python function scipy.integrate.quad from the SciPy li-
brary [Vir+20]. The implementation of iy, is straightforward and realized through the
following natural discretization of (4.2.7)

)= X (T o) v (4.41)

where (X?) := (X5,)E, comes from the Euler-Maruyama discretization of (4.1.1) with

= [T/At]. Furthermore, the physicist’s Hermite polynomials (4.2.2), thus ,,, are com-
puted using the Python function scipy.special.eval_hermite from the aforementioned
SciPy library [Vir+20].

4.4.2 Robustness

We consider the multiscale overdamped Langevin equation (4.1.1) with a large-scale po-
tential and a fast-scale 2m-periodic oscillation given by

V(z)=—— p(y) =cos(y), o=1, e=0.1, (4.4.2)

r_or
4 2’
for x € R and y € Ty, = R/(27Z). The discretized version of the density estimator
[i%y r is then computed for varying values of the observation time 7" € {50, 500, 5000} and

number of Fourier coefficients N € {4, 16,64}.

In Figure 4.1, we compare the resulting estimates® of fi . with both the target homog-
enized invariant density p and the unhomogenized invariant density p. through density
plots. Strictly speaking, these plots are not corresponding to expected L*(R)-convergence
as presented in Theorem 4.3.1 and Theorem 4.3.2, but they make for a better illustrative
tool than plain L?(R)-norm plots. However, recall Remark 4.3.5 where we justified the
convergence of our estimator in the Schwartz space, which may be a more convincing rea-
son for considering density plots. From the plots, we observe that the estimator fails to
accurately approximate the invariant density when the number of Fourier coefficients N
is too small. This is due to the truncation error in the Fourier expansion as characterized
by the remainder term, cf. proof of Theorem 4.3.2 and Remark 4.3.4. On the contrary,
when N is chosen appropriately and the trajectory is sufficiently long, the estimator fif; r
accurately captures the homogenized density p. However, an excessive number of Fourier
coefficients causes the estimator to break down, consistent with the theoretical limitations
established in Theorem 4.3.1 and Theorem 4.3.2. In particular, %  begins to capture the
fine-scale oscillations of the multiscale dynamics instead of the coarse-grained behavior
of the homogenized equation. This leads the estimator to approximate pu. rather than pu.
Additionally, the estimation quality improves overall as the observation time 7" increases,
which is in concordance with Remark 4.3.4.

Next, we examine a two-dimensional test case to demonstrate that the methodology
extends beyond the 1-dimensional setting. Recall the multiscale overdamped Langevin

Lactually estimates of the discretized version as given by (4.4.1)
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Figure 4.1: Estimates of [y across varying values of the observation time T' €
{50,500,5000} and number of Fourier coefficients N € {4,16,64} for
observations (X{) coming from the Euler-Maruyama discretization of
(4.1.1) under the setting (4.4.2).

equation (1.2.10), its homogenized limit equation (1.2.12) for d = 2, and the corresponding
invariant densities u. and p given in (2.4.16) and (2.4.17), respectively. We consider a
two-dimensional analog of the previous 1-dimensional test case given by
v+ at 2?42l

V(z) =2 1 z2_1 5 2 p(y) =sin(yy) +sin’(y), o=15 =01, (44.3)
where = (1, 72)" € R? and y = (y1,42)" € T3, = R?/(2nZ)?. The basis functions for
the Fourier expansion are constructed through tensor products of 1-dimensional Hermite
functions. Specifically, the estimator ji%;, v, 7 With respect to continuous observations is
given by

N1—1 Na—1

/LNl,Nz, Z Z mnT mn (444)

m=0 n=0
where Ny, Ny € N are the number of Fourier coefficients in dimension one and two,
respectively, and the basis functions ¥,,,,: R? — R are defined by

Upn (1) := Y (21) 0 (22), 1 € R?, (4.4.5)
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Figure 4.2: Estimates of fify, v, 7 with 7" = 2000 and N1 = N3 = 16 for observations
(X?) coming from the Euler-Maruyama discretization of (1.2.10) under
the setting (4.4.3).

so that the coefficients a;,, 1 are given by
G = 7 / U, (XE) dt. (4.4.6)

Likewise, the discretized version of this estimator is defined by

Ni—1Nx—1

g, (X0) = >0 > (LHZ\IJWL X€)> U, (4.4.7)

m=0 n=0

where (X?) = (X{z,)E, are two-dimensional observation points coming from the Euler—
Maruyama discretization of (1.2.10) with L = [T/At]. A trajectory of the multiscale
SDE is generated over a time interval of length 7" = 2000 with a time discretization step
of At = 3, and the estimator is computed using N; = Ny = 16 Fourier coefficients in
each dimension. In Figure 4.2, we compare a single estimate of fiy, y, r and the invariant
densities . and p with the help of contour plots. We can observe that pi%, v, 7 provides
a reasonably accurate approximation of y by capturing its main features, demonstrating
that the methodology produces numerically sound robustness results even in multidimen-
sional settings.

4.4.3 Asymptotic Normality

To investigate aspects of the asymptotic normality of fi% ;- numerically, we must draw
samples from the random vectors (&,...,&,)", n € Ny, which, as we recall, have a
multivariate normal distribution with mean zero and covariance structure prescribed by
(4.3.29). For this, we need to solve the Poisson equation (4.3.30) for a finite number of
centered Hermite functions. While an explicit formula is given by (4.3.31), it can become
numerically unstable as we have to divide a very small number, the inner integral, by a
very large number, the inverse of u, which is why we choose to solve the Poisson equation
more efficiently with the finite element method (FEM), see, for example, [Hac92]. More
specifically, for n € Ny, we can first write the Poisson equation

(4.4.8)

Tx?

—LD, =1, =1, — /an(aj)u(x) dr, L=-KV'0,+ cKo?
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II,/(G) with M=16

Figure 4.3: Left: 500 sample paths of the projection II;;(G) with M = 50 under
setting (4.4.2) but with large-scale potential as in (4.4.16). Right: 100
sample paths of both HN(\/T(,TﬁV,T—u)) and Iy, (G) with N = M = 16
and T' = 5000 under setting (4.4.2).

in the equivalent form
»2 .
_?(l@;y = o1, (4.4.9)

since i/ /pn = —V/o. For sufficiently large R > 0 such that pu(R)®! (R) and pu(—R)P),(—R)
become negligible, we can turn (4.4.9) into a weak problem with Neumann (zero-flux)
boundary conditions corresponding to u(R)®,(R) = pu(—R)®,(—R) = 0, see [Hac92;
EGO04], as follows:

Seek ®,, € H'((—R, R)) such that

a(®,,v) =1,(v), Yve€ H'((-R,R)), (4.4.10)

where
H'((—R,R)) = {ve L’(-R,R)) |V € (R, R))}, (4.4.11)

and
2 R
a(u,v) = > /. o' (2)v(x)p(x) de, (4.4.12)
R _

Ia(v) = /_ a(@)o(@)u() da. (4.4.13)

for u,v € H'((—R, R)). The solution to (4.4.10) is only unique up to an additive constant.
To fix this constant, we impose the following normalization

/_I; O, (z)pu(x) dr =0, (4.4.14)
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Figure 4.4: Left: 100 estimates of fiy; ;- for N = 16 and 7' = 1000 under setting
(4.4.2) but with a large-scale potential as in (4.4.16). Right: 100 esti-
mates of fify r for N =16 and T'= 1000 under setting (4.4.2).

ie., ®, € Hi((—R, R)), where

H,((—R,R)) := {v € H'((-R,R)) ‘ /iv(m)u(m) dr = 0} . (4.4.15)

Using this mathematical setup, one can build the FEM implementation to compute the
relevant covariances, which correspond to 7, = E&,&,, = 2a(®,, ®! ) for n,m € Ny. In
our setup and for the sole purpose of illustration, we chose an ad-hoc value for R such
that the approximation of 7, stabilizes. We solved for the FEM approximation in a
finite-dimensional subspace of H'((—R, R)) consisting of 1-dimensional Lagrange linear
elements. The normalization (4.4.14) was enforced a posteriori by subtracting the pu-
weighted mean from the acquired FEM solution. Although this is more aligned with the
centering condition of the original Poisson problem (4.4.8), the normalization does not
affect the computed quantities 7,,,,, which only depend on derivatives of the solutions. The
actual implementation itself has been realized with the open-source computing platform
FEniCS [Bar+25; Aln+14] and their provided Python interface.

In order to draw sample paths from the centered Gaussian random element G of The-
orem 4.3.6, we have to compute the covariances 7,,, for finitely many n,m € Ny up to
a cutoff of M € Ny, assemble the covariance matrix 7y = (Tom)pm—o, and then draw
samples from a multivariate normal distribution Ny, 1(0, 7a). Strictly speaking, this only
gives us the orthogonal projection I1;(G) onto the M-th subspace of L*(R) spanned by
the orthonormal Hermite basis vectors )y, ..., ¥, but it is a meaningful approximation
to G and is sufficient for our illustrative purposes. On the left hand side of Figure 4.3,
we can see an example of 500 sample paths of this projection with M = 50. On the right
hand side of Figure 4.3, a rough comparison of 100 sample paths of both the projection
of the centered and scaled estimator fi§ r and the projection of G with N = M = 16
and T" = 5000 indicates a visual similarity between their respective distributions. The
right plot has been generated under the setting (4.4.2) and the left plot, too, but with a
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Figure 4.5: Comparison between the density of the asymptotic random variable
(G, ¥n) 2wy ~ N1(0,7yy,5) for n € {0,..., 15} and normalized histogram
plots of the Fourier coefficients (v/T' (B 7 — 1), ¥n) L2(w) for N =16 and
T = 1000 when the observations (X7) come from the Euler-Maruyama
discretization of (4.1.1) under the setting (4.4.2) with € = 0.1.
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Figure 4.6: Comparison between the density of the asymptotic random variable
(G, hn) 2y ~ N1(0,7nn) for n € {10,...,15} and normalized his-
togram plots of the Fourier coefficients (v/T (BN — 1)s¥n) 2wy for
N = 16 and T = 1000 when the observations (X?) come from the
Euler-Maruyama discretization of (4.1.1) under the setting (4.4.2) with
e = 0.05.

different large-scale potential given by

V(r)=a"—2*-2% z€R (4.4.16)

The humps of the samples paths in Figure 4.3 can be attributed to the specific forms of
the homogenized invariant density u. For a concrete visual comparison, Figure 4.4 shows
density plots as in the previous Subsection 4.4.2 but with 100 estimates of fiy  using
N =16 and T = 1000. Here, the left plot corresponds to setting (4.4.2) with large-scale
potential (4.4.16) and the right plot to the already familiar case (4.4.2) of the previous
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Subsection 4.4.2.

Let us now take a closer look at individual Fourier coefficients of the centered and
scaled estimator \/T(ﬁ}:vj — ), that is, (ﬁ(ﬁﬁ\w — 1), Un)r2w) = \/T(&;T — ) for
n € {0,..., N}, and compare their distribution with the asymptotic normal distribution
given by the random variables (G, ¥,,) r2®) = & ~ N1(0, 7,,,). We assume setting (4.4.2)
with € € {0.1,0.05}. Figure 4.5 shows normalized histograms of 1000 samples of the
random variable (\/T(ﬁ?va — ), Yn) 2wy for n € {0,...,15} and compares them to the
(approximated) density of the asymptotic normal distribution N;(0,7,,). Most of the
histograms resemble the correct asymptotic normal distribution, but the histograms of
<\/T(ﬂ§v,T — 1), Yn) 2w for n € {10,...,15} do not attain the correct asymptotic shape
yet. Because ¢ is not small enough yet, we can still see a mismatch in estimated mean
and variance. This is perfectly in line with the established asymptotic theory since the
final asymptotic normal distribution is only reached as soon as the deterministic bias
term, i.e., D, in (4.3.8), vanishes and the unhomogenized asymptotic variance converges
to the homogenized asymptotic variance, recall condition (2.3.10) in Theorem 2.3.3. If
we reduce the scale separation parameter to ¢ = 0.05, then we can indeed observe that
these aforementioned mismatches in mean and variance start to disappear, as illustrated
in Figure 4.6.

4.4.4 Inference of the Scale Separation Parameter

Theorem 4.3.1 shows that the optimal number of Fourier coefficients N depends on the
wavelength ILe, which is typically unknown. A heuristic approach to estimate this wave-
length involves analyzing the Fourier transform of the estimator fif; r in the regime where
N > 1 and the scaling condition in Theorem 4.3.1 is not fulfilled. In this case, fast-scale
oscillations emerge in the estimator, and the wavelength Le can be inferred by identifying
the most significant positive frequency € > 0 in the frequency domain, see [Bra00], that
is, € = arg maxc v |-Z (A%.7)(€)| where .Z is the Fourier transform operator and

M :={¢>0|¢ is a local maximum of | (@5 1) ()|} - (4.4.17)

For the sake of simplicity, we assume that ¢ is well-defined. The Fourier transform of A r
reads

N-1
F (Iinr)( / v r()e 2™ de =) &Z,T/Rl/m(x)e_%m dr, {€R, (4.4.18)
n=0

and, using the fact that the Hermite functions v, are eigenfunctions of the Fourier trans-
form [Tha93], we obtain

F ([ €) = VIR 3 (=)@t (27E) (1419

Then, by plotting the magnitude of the Fourier transform |% (% )(§)|, we can identify
the dominant frequency &. From this, the dominant wavelength can be estimated as Le ~
1/€. Note also that knowing the wavelength Le enables selecting a suitable observation
time 7', as prescribed in Theorem 4.3.1 and Theorem 4.3.2.
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Figure 4.7: Top: Magnitude of the Fourier transform of the density estimator,
namely |F(i% r)|, across varying values of e € {0.075,0.1,0.125} and
N € {30,60,90} with fixed " = 1000, where the observations (X?)
come from the Euler—-Maruyama discretization of (4.1.1) under the set-
ting (4.4.2). Bottom: Inference of the scale separation parameter ¢ from
the dominant frequency & = arg maxgc v |-F (1% 7)(§)| with known pe-
riod L = 2.

Following this procedure, we compute the magnitude of the Fourier transform of
the estimator, namely |F(fi% )|, for various values of ¢ € {0.075,0.1,0.125} and N €
{30,60,90} through a discretization of (4.4.19). In Figure 4.7, we observe that the domi-
nant frequency ¢ emerges only when N is sufficiently large. In particular, smaller values
of € require larger values of N for this frequency to become visible. From the final set of
plots with N = 90 Fourier coefficients, we extract the dominant frequency & and, assum-
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4.4. Numerical Ilustration

ing the fast-scale period . = 27 is known, we estimate the scale separation parameter
via & = 1/(LL§). Comparing € with the true value of &, we find strong agreement, demon-
strating the effectiveness of this heuristic approach for inferring the wavelength LLe. This,
in turn, provides a practical method for guiding the selection of N and 7" in the density
estimator.
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Concluding Remarks and Outlook

In this thesis, we have considered the problem of statistical estimation for misspecified
SDE models when the observations come from a stochastic process, depending on a scale
separation parameter, that is assumed to converge weakly to the solution of the SDE model
of interest as that scale separation parameter goes to zero. In this sense, we have referred
to this setting as estimation under weak misspecification. The main mathematical frame-
work we have been using is the one of homogenization for SDEs and a running example for
our theoretical and numerical analysis was the multiscale overdamped Langevin equation.
Based on ergodic assumptions of the underlying SDE processes, we have proved a variety
of novel limit theorems, with which we were then able to study asymptotic properties of
parametric and nonparametric estimators for quantities of homogenized SDE models but
under the aspect of weak misspecification.

In Chapter 2, we derived the limit theorems which then became indispensable tools
for the later chapters. Starting from the development of a qualitative and a quantitative
mean ergodic theorem for SDE solutions, we were able to eventually prove a central limit
theorem for time averages of weakly perturbed observations. Since we aimed for results
where we do not need to start the stochastic process in stationarity, a larger intermediate
step in this endeavor was proving that certain tail probabilities of the weakly perturbed
observations vanish as the small scale parameter goes to zero. We then continued to es-
tablish the validity of the various limit theorems for a specific class of SDEs, the multiscale
overdamped Langevin equation and its homogenized limit Langevin equation.

Although the established limit theorems turned out be useful for proving asymptotic
properties of statistical estimators, their applicability is nonetheless still limited. On the
one hand, we have, for the sake of simplicity, only considered continuous observations,
which is, of course, not properly aligned with numerical implementations of estimators.
Thus, it would be desirable to extend the gist of the limit theorems to the more realistic
case of discrete observations and perhaps even to low-frequency observations. On the
other hand, most of the results have only been proved for 1-dimensional SDE processes,
which, as we recall, has bought us some additional structural properties, such as the
Markov property and the existence of a generator for the slow variable, and thus enabled
our ideas to flourish more easily. However, multidimensional versions of the limit theo-
rems remain unanswered for now. Regarding this matter, a first starting point for future
research may be the several remarks on multidimensional extensions in Chapter 2.

In Chapter 3, we first introduced a statistical estimation framework for parametric
models under weak misspecification. Under this framework, we reconfirmed the known
fact from the existing literature that maximum likelihood estimation is asymptotically bi-
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ased when confronted with multiscale observations. We then proposed a general minimum
distance estimator for parameters of homogenized SDE models under ergodic assumptions.
The estimator is based on a minimization problem for the L?-distance between the char-
acteristic function of the invariant measure of the homogenized SDE and an empirical
characteristic function depending on the observations. We proved that the minimum
distance estimator exhibits many favorable asymptotic properties, like robustness under
weakly perturbed observations for different limit orders and even asymptotic normality.
These findings were also numerically reinforced in a comprehensive empirical Monte Carlo
parameter study.

Apart from theoretical questions, which primarily rely on an extension of the limit
theorems in the sense we have already indicated in the last paragraph, there are certain
methodological and computational challenges concerning the MDE that ought to be re-
marked. A striking methodological constraint of the MDE is the requirement of a prior
estimation of a homogenized quantity, say the diffusion coefficient of the homogenized
SDE model, if we are trying to estimate the drift coefficient. This is per se an identifi-
cation problem of the underlying parametric models because we are trying to estimate
quantities from the invariant measure, for which identifiability issues arise even in set-
tings without misspecification. This is usually deemed unproblematic in specified model
settings because one can, for example, estimate the diffusion coefficient consistently with
the classical quadratic variation estimator purely from observations and then use this
estimate in a subsequent drift estimation method. However, as we recall from the review
on related works in Section 1.3, the quadratic variation estimator is asymptotically biased
under weak misspecification, so that the identifiability issue persists for the MDE. In a
way, this shifts the actual estimation problem under weak misspecification from the MDE
to the prior estimation method. That being said, if one has an asymptotically unbiased
prior estimator, then the MDE performs robustly, so that the approach of combining two
robust estimators might be a direction worth investigating.

Concerning computational aspects, the MDE is overall numerically tractable, even in
specific multidimensional settings, but it does suffer from the curse of dimensionality in
non-Gaussian settings. One potential way of mitigating this problem lies in the following
idea. Let us return to the distance formula (3.2.8) of Example 3.2.1, while ignoring the
first double integral as it is irrelevant for the minimization and assuming that the invariant
measure (1) has a Lebesgue-density jy, and consider

9 T
A0 X) 1= == [ (kg x ) (X) dt + [ (kv o) (@)po ) do
Using Fubini’s theorem, we can rewrite this to

850,3) = [ | [ oo = whate) o = 2 [ X = )t o)

Recalling that kg is given by kg = (27/32)42¢, /5 and thus corresponding to the Lebesgue-
density of a finite measure, we obtain

A% (9, X) = (202K 4 [/Rd wo(x — Z)py(x) doe — ;/OT wo( Xy — Z) dt} :

conditioned on a fixed sample path X, where Z ~ Ny(0, 721,) is independent of X . Since
we may draw samples of Z independently of X, the last expression for A%(¥, X) gives
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passage to optimization schemes through Monte Carlo estimators and stochastic gradient
descent, or, more precisely, through stochastic approximation as originally introduced in
[RM51; KW52]. This would be computationally more tractable as we no longer have
to deal with the integral involving the convolution ks * 1y and essentially reduced it to
pointwise evaluations of the convolution gy * p19. Though this approach seems promising,
it would still need to come under proper mathematical scrutiny.

In Chapter 4, we proposed a projection-based density estimator for the estimation of
the invariant density of a homogenized Langevin equation with observations coming from
the multiscale overdamped Langevin equation. The estimator is based on a finite Fourier
expansion of the homogenized invariant density in L?(R) with respect to the Hermite
orthonormal basis and an approximation of the Fourier coefficients via time averages
of the observations. As before, the driving underlying principle here is ergodicity. We
proved that the density estimator is robust and converges to a Gaussian random element
in L?(R) as long as the number of Fourier coefficients and the final observation time scale
appropriately with the scale separation parameter. A numerical simulation study further
corroborated and supplemented the established theoretical results.

As with the MDE, most generalizations of the theoretical results regarding the density
estimator depend on an extension of the limit theorems of Chapter 2. However, Remark
4.3.8 already shows a possible extension of the acquired central limit theorem to a space
beyond plain L?(R), which should be a result attainable without new limit theorems.
Another possible direction for future research concerns nonparametric drift estimation.
More specifically, for the homogenized drift V := —KV, the following identities hold

2 1 2
V=Sl V=T g +10s(2), k= gew(-5V),

2 2
which express both V' and V in terms of the homogenized invariant density p. Estimating
)’ requires the additional estimation of p/ while estimating V necessitates an extra condi-
tion, e.g., a zero mean condition with respect to u, to fix the additive constant. Moreover,
knowledge of the homogenized diffusion coefficient ¥ = 20K is required in both cases and
must therefore be estimated in advance, which brings us to the same challenge that we
have discussed beforehand with the MDE. Nonparametric estimators for V' and ¥V would
then be obtained by substituting p and p’ with their respective estimators in the previous

identities.

Finally, the nonparametric estimation has revealed that the procedure depends sen-
sitively on the scale separation parameter as reflected by the choice of the number of
Fourier coefficients and the final observation time. As we recall from Section 1.3, this
is also true for numerous other statistical methodologies where hyperparameters are in-
corporated into estimators that depend on the scale separation parameter. Although we
provided a heuristic inference method for identifying the small scale parameter from ob-
servations via Fourier transforms and setting a high number of Fourier coefficients, the
estimation of this parameter remains highly non-trivial for more complex multiscale sys-
tems with higher dimensionality and explicit coupling between slow and fast variable.
One reason for this difficulty can probably be attributed to the fact that we, in general,
do not observe the fast variable of the multiscale system, or, at least, this is what is often
assumed. Hence, an extremely valuable future contribution could be the investigation
and analysis of data-driven inference methods for this scale separation parameter.
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Stochastic Calculus

In this appendix, we collect several different results and concepts from stochastic cal-
culus and the theory of Markov processes which were used in the main material. Even
though these topics are standard in the existing literature, they are somewhat more ad-
vanced in the sense that they go beyond It6’s formula and are therefore worth mentioning
for the purpose of easier reference to the main text. We will primarily present and take
material from [KS91; KMN12] in the way that we require, but most of it can also be found
in other standard references, such as [RY98; Pro03; PR14; SV79; Oks03; KS14; Lorl7;
DZ96; Dyn65; IM96; Kal21]. The first section is based on [KS91, Section 1.5, Section
3.2, Section 3.3, Section 3.7] and the second section on [KMN12, Section 3.1, Section 3.3,
Section 3.4].

A.1 Martingales, Quadratic Variation, and Local Time

Let (©, F,P) be a complete probability space equipped with a filtration (F;):cp0,00) that
satisfies the usual conditions, which, as we recall, means that (E)te[om) is right-continuous
and Fy contains all the P-null sets of F. The appearing stochastic processes in this section
are all 1-dimensional real-valued stochastic processes on (2, F,P).

Definition A.1.1. A continuous process X = (Xi)icjo,00) 0n (2, F,P), adapted to the
filtration (F)icjo,00), with E|X;| < oo for every t € [0,00) is a martingale if, for every
0<s<t< oo, we have

E[X;|Fs =Xs, P-as. (A.1.1)

IfE|X;|? < 0o for every t € [0,00), then we say that X is a continuous square-integrable
martingale and if, in addition, Xy = 0, P-a.s., then we write X € 4.

For any X € .5, it is true, by the Doob-Meyer decomposition, that X% = M + A with
a continuous martingale M and a natural increasing process A such that My = Ay = 0,
P-a.s. As we define next, this latter process A constitutes the quadratic variation process
of X. See [KS91, Section 1.4] for the concepts of increasing and natural processes.

Definition A.1.2. For X € 5, we define the quadratic variation process of X to
be the process (X) := A, where A is the natural increasing process in the Doob-Meyer
decomposition of X2, that is, (X) is the unique (up to indistinguishability) adapted, natural
increasing, continuous process such that (X)o =0, P-a.s., and X? — (X)) is a martingale.
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Definition A.1.3. For X,Y € .5, we define their cross-variation process (X,Y) by

(X,Y), = - (X +Y) — (X —Y)], tel0,00). (A.1.2)

o |

Definition A.1.4. Let X = (Xi)icp0,00) be a continuous process that is adapted to the
filtration (Fi)ico,00)- If there exists a non-decreasing sequence (T,)nen of stopping times
of (Fi)iclo,00) such that (Xinr, )p,00) € M5 for each n € N and P(lim,, o0 7, = 00) = 1,
then we say that X is a continuous local martingale. If, in addition, Xy = 0, P-a.s., then
we write X € M.

For X € .#% "¢, one can show that there exists a unique (up to indistinguishability)
adapted, increasing, continuous process, also denoted (X), such that (X)q = 0, P-a.s.,
and X2 — (X) € .#%"°. We call this process (X) the quadratic variation process of X.
Likewise, the cross-variation process (X, Y) of X, Y € .#¢1°¢ can be defined through the
same polarization identity (A.1.2) as in Definition A.1.3.

In the definition of the stochastic integral, one can take M € .Z5 as an integrator as
long as the progressively measurable integrand X satisfies

T
IEJ/ X2d(M), < 0o, VT €[0,00).
0

However, one can weaken these conditions and extend the definition of the stochastic
integral to integrators given by local martingales M € .# '°¢ and to integrands that are
only P-a.s. locally integrable. The last requirement can be formalized via the collection
P*(M) of (equivalence classes of) all progressively measurable processes X = (X;)ic[0,00)
satisfying

P (/OT XZd(M), < oo> =1, VT €0,00). (A.1.3)

Through a localization procedure, one can then define the stochastic integral with respect
to a local martingale integrator M € .# '°¢ and integrands from £2*(M) as follows.

Definition A.1.5. Consider M € 4% and X € P*(M). The stochastic integral,

denoted 1(X) = (fy X, dM;)icp0,00), 15 the unique (up to indistinguishability) continuous
local martingale ® € .4 1°¢ that satisfies

t
<<I>,N>t:/ X, d(M,N),, P-as., (A.1.4)
0
for every N € .#<1° and t € [0,00). In particular, we have
t
(I(X)), = / X2d(M),, P-as., (A.1L5)
0

for allt € [0, 00).

We come now to the definition of a continuous semimartingale. The most prominent
example of a continuous (non-Markovian) semimartingale that we have encountered in
the main text is the slow variable X*¢ of the multiscale system (1.2.1).
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Definition A.1.6. An adapted process X = (Xi)icp,0) 95 @ continuous semimartingale if
it has the decomposition

Xt :X0+Mt+Bt, t e [0,00), IP)-(Z.S., (A16)

where M = (My)icpo,00) € M loc and B = (Bt)iejo,o0) 95 @ continuous, adapted pro-
cess with By = 0, P-a.s., and finite total variation on [0,t] for any t € [0,00). This
decomposition is unique up to indistinguishability.

A direct consequence of Itd’s formula in multiple dimensions is the following stochastic
integration by parts formula for continuous semimartingales.

Lemma A.1.7. Suppose we have two continuous semimartingales with their respective
decompositions

X;=Xo+ M+ By, YVi=Y9+N+Cy, tec[0,00), P-as.,

where M,N € .#°"° and B,C are adapted, continuous processes with By = Cy = 0,
P-a.s., and finite total variation on [0,t] for any t € [0,00). Then, for any t € [0,00), we
have

t t
/ X,dY, = X,Y; — XY — / Y,dX, — (M,N),, P-as. (A.L7)
0 0

Another result that follows from Itd’s formula are the so-called Burkholder-Davis-
Gundy inequalities, which are very useful martingale moment inequalities.

Theorem A.1.8. Let M € .4 "¢, For every m € (0,00), there exist universal constants
by, B > 0, depending only on m, such that

2m
( sup |Ms|>
0<s<t

holds for any stopping time T of (Ft)ic(0,00)-

bmE [(M)T] < E < BnE [(M)T'] (A.1.8)

Finally, we present several results and formulas surrounding the local time of a contin-
uous semimartingale.

Theorem A.1.9. Let X be a continuous semimartingale of the form (A.1.6). Then there
exists local time for X, i.e., a nonnegative random field L(X) := (L;(X))ic[0,00),2cr Such
that the following hold:

i) The map (t,z,w) — L{(X)(w) is measurable and, for each fized (t,z), the random
variable L7 (X) is Fy-measurable.

it) For every fivzed z € R and w € Q, the map t — L;(X)(w) is continuous and
non-decreasing with L§(X)(w) = 0.

i11) For every Borel-measurable function k: R — [0,00), the occupation density formula
t
/ k(X,) d(M), = / k(2)LE(X)dz, P-as., (A.1.9)
0 R

holds for every t € [0, 00).
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iv) For every z € R, the Meyer-Tanaka formula
t
X, — 2| = | X — 7| +/ sen(X, — 2)dX, + +LZ(Y), P-a.s., (A.1.10)
0

holds for every t € [0,00), where the sign function is defined to be left-continuous,
that is, sgn := 19 o) — L (—s0,0)-

A.2 Markov Processes and Strong SDE Solutions

Let the underlying probability space and the filtration be as in the previous section. An
adapted process (X;)ie(o,00) With values in R?, d € N, defined on (2, F,P) with (F;)te(0,00),
is called a Markov process if, for all B € Z(R%) and 0 < s < t,

P(X, € B|F,) =P(X, € B|X,), Pas. (A.2.1)

Associated to a Markov process, it can be proved that there exists a so-called transition
probability function, which we define as follows.

Definition A.2.1. A function (s,x,t, B) — P(s,z,t, B), defined for 0 < s < t < o0,
v € RY and B € B(R?), is called a transition probability function if it satisfies the
following set of conditions:

i) P(s,z,s,RN\{z}) =0 for all s >0 and v € R?,

ii) B(RY) > B+ P(s,x,t,B) is a probability measure on R for all 0 < s < t and
x € RY,

iii) © > R4 P(s,z,t, B) is Borel-measurable for all 0 < s <t and B € B(RY),
w) for all B € B(R?) and 0 < s < t,
P(X; € B|F;) = P(s,X;,t,B), P-a.s., (A.2.2)

v) for all0 <r < s<t<ooand B € B(RY),

P(r,z,t, B) = /d P(s,y,t, B)P(r,z, s, dy). (A.2.3)
R

It is said to be time-homogeneous if P(s,x,t+s,B) = P(0,z,t, B) for all0 < s <t < 0,
v €RY and B € B(RY). In this case, one can use the notation P(s,x,t,B) = P(x,t —
s, B) without harm. A time-homogeneous transition probability function P is stochastically
continuous if lim,_,o+ P(x,t, Bs(z)) =1 for any 6 > 0 and v € R%.

Equation (A.2.3) is known as the Chapman-Kolmogorov equation. Based on a time-
homogeneous transition probability function P, one can associate the following family of
operators defined on Cy(IR%), the space of continuous functions on R? vanishing at infinity
equipped with the supremum-norm, and ¢ € [0, 00)

Lf(@) = [ f@)P(.t.dy), feCo®). (A24)
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A time-homogeneous transition probability function P for which T; maps Cy(R?) into
itself, i.e., T;(Co(RY)) C Cy(R?), is called a Feller transition probability function. The
Chapman-Kolmogorov equation (A.2.3) yields the semigroup property Ty.s = T;7Ts. Fur-
thermore, if P is also stochastically continuous, then lim,_o+ Tif = f for any f € Co(R9),
so that (7})sefo,00) forms a strongly continuous semigroup in Co(R?). As a result of semi-
group theory, one can thus define the infinitesimal generator A of the strongly continuous
semigroup (7%):cjo,00) by the standard formula

Af = lim tht_ f, f € dom(A), (A.2.5)

with the domain given by

t—0+ t

dom(A) := {f € Co(R")|3g € Cy(RY) : g = lim th_f} . (A.2.6)

A standard example of a Markov process with Feller transition probability function is
given by the solution to an SDE. In order to present this and related results, we choose
a complete probability space (€2, F,IP) with a filtration (F});c(0,00) such that the filtration
satisfies the usual conditions and the whole space can accommodate an r-dimensional
standard Brownian motion W := (W})co,00), adapted to (F)icpo,00), Where r € N; re-
fer to [KS91, Section 5.2] for this construction. We consider the time-homogeneous d-
dimensional SDE

dX; =b(Xy)dt + o(Xy)dW,, te]0,00), (A.2.7)

with Borel-measurable functions b: R¢ — R? and o: R — R and initial condition
Xo = 79 € RL Let us recall the concept of a strong solution to SDE (A.2.7).

Definition A.2.2. A strong solution of the stochastic differential equation (A.2.7), on
the given probability space with filtration (F;)icjo,00) and with respect to the fized Brownian
motion W and initial condition xo € R?, is a continuous process X = (Xt)ie(0,00) with the

following properties:
i) X is adapted to the filtration (F¢)ic(0,00),
it) Xo = xg, P-a.s.,
i) for every1 <i<d,1<j<r, andt € |0,00),

P (/Ot 10:(Xs)| + |oi; (X) [P ds < oo) =1 (A.2.8)

holds, where b; and o;; are the component functions of b and o in (A.2.7).

iv) the integral version of (A.2.7), namely
¢ ¢
Xo=Xo+ [(b(X)ds+ [ o(X,)dW,, Pas, (A.2.9)
0 0
holds for all t € [0, 00).
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Whenever W is an r-dimensional standard Brownian motion on the given probability
space with filtration (Fi)ico00), the initial condition x, € RY s fived, and X, X are
two strong solutions of (A.2.7) such that they are unique up to indistinguishability, i.e.,
P(X = X on[0,00)) = 1, then we say that X is the unique strong solution of (A.2.7)
with X() = Xg-

The following theorem gives a general existence and uniqueness result for SDEs with
only local regularity assumptions of the coefficients. At least in the context of this theo-
rem, the function v that satisfies the conditions (A.2.12) and (A.2.13) is commonly called
a Lyapunov function.

Theorem A.2.3. Let b: R? = R? and 0: RY — R¥>" d.r € N, be continuous functions
such that for every N > 0 there exists some constant Ky > 0 with

|bi(z) = bi(y)| + |oi;(x) — 0i;(y)| < Knlz —yl, z,y € By(0), (A.2.10)
bi(x)| + oy (z)] < Kn(1+|z]), x € Bn(0), (A.2.11)

forall 1 < i < d and 1 < 5 < r. Moreover, suppose that there exists a monnegative
function v e C*(Bg(0)°) for some R > 0 such that for a constant ¢ > 0

d 9% d
Br(0)° A.2.12
2:: Aij o O axj E:I 7 v, on R(O> ) ( )
lim inf v(x) — oo, (A.2.13)
R—oo |z|>R

where a == oo’ € R™? s the positive semi-definite diffusion matriz. Then there exists a
unique strong solution X to (A.2.7) with Xy = xq satisfying the inequality

Ev(X;) < wv(xg)exp(ct), t€]0,00). (A.2.14)

This solution is a Markov process with a time-homogeneous, stochastically continuous
Feller transition probability function that is given, for t > 0, x € R?, and B € B(R?), by
the relation P(x,t, B) = P(X} € B), where X7 is the unique strong solution to the SDE

AXT = b(XP)dt + o(XF)dW,, te0,00), XI=u. (A.2.15)

Based on the last theorem, it is customary to associate a second-order differential
operator with drift coefficient b and diffusion coefficient a given by

1 ¢ 0*f

d
Ef::§z Y 9,0z Zl

(A.2.16)

Z

It turns out, see, for example, [Dks03], that the infinitesimal generator A of the Markov
process given by the unique strong solution X to (A.2.7) coincides with the second-order
differential operator £ on C?(R%), the space of twice continuously differentiable functions
having compact support, that is,

Af =Lf, feC*RY. (A.2.17)
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A.2. Markov Processes and Strong SDE Solutions

By a slight abuse of terminology, it is therefore common to call £ the generator of X.

Lastly, when X? is like in Theorem A.2.3, then it is not only a Markov process but
even a strong Markov process, which is to say that, for any x € R? B € %(RY), any
stopping time 7 of (F}):c[0,00), and any F.-measurable random variable 7 satisfying n > 7,

P-a.s., we have
P(X) € B|F;) = P(X},n—1,B), P-as. (A.2.18)
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Weak Convergence of Measures

Similar to the previous appendix, we present here general concepts and especially
useful sufficient conditions for tightness and weak convergence of probability measures on
different spaces that have been considered in the main text. This is a very well-studied
branch of mathematics and standard references include, among others, [Bogl8; Bil99;
VW23; Kal21]. Particularly interesting cases of weak convergence of diffusion processes
and related questions, such as tightness in the context of martingales, are thoroughly
discussed in [SVT79]. We will mostly present material, adjusted to our purposes, from
[Bog18, Chapter 2] and [KS91, Section 2.4] but also state results from [Hen24, Chapter
17 ] for the case of a separable Hilbert space.

B.1 General Metric Spaces
Let (E,d) be a metric space equipped with the metric d and the Borel o-algebra Z(F).

Definition B.1.1. Let (P,),en be a sequence of probability measures on E and P another
probability measure on this metric space. We say that P, converges weakly to P on E if

n—o0

lim /E (@) dPo () = /E (o) dP(z) (B.1.1)

holds for every f € Cy(E), the space of bounded, continuous functions on E.

Definition B.1.2. If X,,, n € N, and X are E-valued random elements that are defined
on (L, Fu,Pn) and (2, F,P), respectively, then we say that X, converges weakly to X
in E as n — oo if the induced probability measures PX» converge weakly to PX on E as
n — oo. In this case, we write X, 2y X inE asn — . Equivalently, X, 2y X inE

as n — oo if and only if
lim E,f(X,) =E f(X), (B.1.2)

n—o0

for every f € Cy(FE), where E,, and E denote expectations with respect to P, and P,
respectively.

We stress the fact again that X,, and X need not be defined on the same probability
space. If they are defined on the same probability space (€2, F,P), then we may consider
the following convergence mode.
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Appendix B. Weak Convergence of Measures

Definition B.1.3. Let X,,, n € N, and X be E-valued random elements defined on
(Q, F,P). Then X, converges in probability to X if, for every § > 0,

lim P(d(X,, X) > §) = 0. (B.1.3)

n—0o0

In this case, we write X, L X asn— 0. In particular, if P(X = a) = 1 for some
a € E, then we also write X, Ly a asn — co.
The following characterization theorem is due to Alexandroff but often goes under the

name of Portmanteau theorem.

Theorem B.1.4. Let (P,),en and P be probability measures on E. Then the following
conditions are equivalent:

i) P, converges weakly to P on E.

it) For every bounded, uniformly continuous function f on E,

lim /Ef(x) dIPn(x):/Ef(x) dP(x). (B.1.4)

n—oo

iti) For every closed subset F' of E, limsup,,_, . P(F) < P(F).
i) For every open subset G of E, liminf, . P(G) > P(G).
v) For every subset A of E with P(0A) =0, lim,_,. P(A) =P(A).

A result we heavily make use of is Slutzky’s lemma.

Theorem B.1.5. Let (X,,,Y,), n € N, and X be E-valued random elements defined on
the same probability space. If X, 2 X in E and d(X,, Y,) 5 0asn — 00, then
Y, Py X asn — oo.

We also need the following most basic form of the continuous mapping theorem.

Theorem B.1.6. Let (E,d), (E',d") be metric spaces and h: E — E' a continuous map.
Suppose X,,, n € N, and X are E-valued random elements such that X, 2y X in E as
n — 0o. Then h(X,) —» h(X) in E' asn — co.

The following result is the well-known Tietze-Urysohn extension theorem from topol-
ogy, which is quite useful together with the continuous mapping theorem. For example,

we have seen a combined application of these two theorems in the proof of Proposition
3.2.4.

Theorem B.1.7. Fvery bounded, continuous function f defined on a closed set F' of a
metric space E extends to a bounded, continuous function f on the whole space with the
same supremum-norm, that is, flr = f and sup,cp |f(x)| = sup,cp | f(2)].

We conclude this section with the definition of tightness and relative compactness of
a family of probability measures.
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B.2. Continuous Functions on R¢

Definition B.1.8. Let & be a non-empty family of probability measures on the metric
space . We say that &2 is tight if, for every § > 0, there exists a compact set Ks C E such
that P(K5) > 19 for every P € &2. We say that & is relatively compact if every sequence
of elements in & contains a weakly convergent subsequence. If (Xp)nen s a family of
E-valued random elements, then we say that (X, )nen is tight (relatively compact) if the
family of induced probability measures (PX"),cy is tight (relatively compact).

B.2 Continuous Functions on R*

Let us consider C(R?), the space of continuous functions on R?, equipped with the topol-
ogy of compact convergence induced by the metric

= 1 pa(f.9) d
p(1,9) =2 st 77 Palfig)= sup |f(x)—g(x)], f,g€CRY), (B21)
n=1 2n 1+ pn(f7 g) x€[—n,n]d
turning C(R?) into a complete, separable metric space. Recall here that convergence of
a sequence (fi)reny C C(R?) to an element f € C(R?) with respect to the given metric p
can be determined by the criterion

po(fe, /) =0 ask —o00 <  pu(fi,f) =0 VneN, ask— oo, (B.2.2)

If X,,, n € N, and X are C(R%)-valued random elements, then it is a well-known fact that
convergence of the finite-dimensional distributions of X,, to those of X i.e.,

(Xn(u1), ..., Xn(w)) N (X(u)y..., X(w)), asn— oo, (B.2.3)

for any finite points uy,...,u; € R? [ € N, is not enough for weak convergence of X,
to X in C(R%). The missing link here is tightness, which essentially ensures that no
probability mass escapes to infinity. More concretely, we have the following result, which
is a consequence of the famous theorem by Prokhorov about the equivalence of tightness
and relative compactness of measures on complete, separable metric spaces.

Theorem B.2.1. Let (X,)nen be a tight sequence of C(R?)-valued random elements and
X a C(RY)-valued random element such that the finite-dimensional distributions of X,

converge to those of X in the sense of (B.2.3). Then X,, —» X in C(R%) as n — oco.

The convergence of the finite-dimensional distributions can often be verified by study-
ing characteristic functions, so that one only needs to verify tightness. A set of practical
sufficient conditions is given in the following lemma, which is a corollary of a variant of
the Arzela—Ascoli theorem and the Kolmogorov—Chentsov continuity theorem.

Lemma B.2.2. Let (X,)nen be a sequence of C(R?)-valued random elements on (2, F,IP)
satisfying the following conditions

sup E | X, (0)|* < oo, (B.2.4)

neN

supE | X, (v) — X, (v)]° < Crlu — 0|, Vu,v € {z e RY||z| <k}, VEeN, (B.2.5)

neN

for some constants «, 5,7 > 0 and Cy > 0, which may depend on k. Then (X,)nen 1S
tight.
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Appendix B. Weak Convergence of Measures

B.3 Separable Hilbert Spaces

Let H be a separable Hilbert space over R with inner product (-,-)y and induced norm
|| - [[m- Consider an ONB (eg)ren, of H and, for I € Ny, let

!
I, H - H; =z~ Z(:p, €k )HEk, (B.3.1)
k=0

be the orthogonal projection onto the [-th subspace

[
{zﬁkek
k=0

517"'a/6l€R}

of H spanned by {ei,...,e;}. We have the following simple result concerning the weak
convergence of random elements in H.

Theorem B.3.1. Let (X,)nen be a sequence of H-valued random elements and X an
H-valued random element such that

l
<Xn7 Z 6k€k>
k=0

l
i><X,Zﬁkek>, n—oo, VBi,....5€R, VieN, (B.3.2)
k=0

H = H

lim limsup P (|| X, — I, (X,,)[|g > 60) =0, Vé>0. (B.3.3)

=00 n—ooo

TheanngHasn%oo.

Taking a closer look at the preceding two conditions, then (B.3.2) is reminiscent of
a condition corresponding to convergence of the finite-dimensional distributions while
(B.3.3) resembles a tightness condition.
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Interior Estimates of the Schauder Type

This appendix is entirely devoted to the derivation of the final estimate appearing in
Proposition 2.2.1 of Chapter 2, which is a classical result in the theory of parabolic PDEs,
see [Fri64; Fri58; Lorl7; Lie96], and goes under the name of a priori interior estimates of
the Schauder type. We will follow along the proof by Friedman given in [Fri64, Chapter
4, Section 4]. Since we are literally only concerned with the tracking of constants with
respect to €, and, other than that, change nothing about the proof, we will only give a
detailed table with the relevant constants and estimates. Another reason for not laying
out the whole proof is that it would add a substantial amount of material that is not
pertinent to the main subject of the main text. That being said, the table, which we
will thoroughly explain shortly, should serve as a reference aid if one were to reconstruct
said proof line by line. Also, because this material is, except for the aforementioned
Proposition 2.2.1, not used elsewhere in the main text, we will completely adhere to
the notation by Friedman [Fri64] without explaining it here in detail. This also means
that, unless otherwise stated, any equation number, theorem, lemma, etc., appearing here
corresponds one-to-one to the one in [Fri64]. As such, the present appendix is considered
to be contextually independent from the main text and it is very important to keep in
mind that it only makes sense alongside [Fri64].

Let us first start with some useful comments. In [Fri64, Chapter 1, Section 1] and
[Fri64, Chapter 3, Section 2|, the main definitions on Holder regularity, Holder norms,
and parabolic PDEs are introduced, and it is explained what interior estimates are and
what they entail. The result that we are interested in is [Fri64, Chapter 4, Section 1,
Theorem 1], which we state here again for clarity with additional information enclosed by
the parentheses | |.

Theorem 1. [Let D C R"™ n € N, be any bounded, open set.] Assume that
’ai]"oya < Kl> ’bi‘l,a < Kl> ’C|2,a < Kl; (18)

that for any real vector & and (x,t) € D,
> a(z,t)&& > K|¢)?, (K, > 0), (1.9)
ij=1

and that | fla.a < 00. There ezists a constant K, depending only on Ky, Ky, n, o, such that
if u is any solution of (1.1) in D such that Dyu, D?u, Dyu are [locally] Hélder continuous
(exponent o) in D and such that |uly < oo, then u € Coy,, and

luloz+a < K(lulo +[f]2)- (1.10)
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Appendix C. Interior Estimates of the Schauder Type

Here, u is the solution to the following parabolic PDE, which was defined in equation
[Fri64, Chapter 4, (1.1)],

n 0*u " ou ou
w= }: L S b ) g . 1.1
> a;;(z,t) (9 w0, + bl(x,t)ax + c(x, t)u T f(z,t) (1.1)

i=1 (
In our case, instead of (1.8), we want to assume that, for ¢ > 0,
laijloe < K1,  |bil1a < Kie™?, el < Ky, (1.8%)

that is, we assume explicit e-dependence for the first-order terms b;. Therefore, the main
task is to simply track how this e-dependence propagates to the final estimate (1.10). For
convenience, we write out the Hoélder norms of the coefficient functions and the solution
to the parabolic PDE in the notation by Friedman. By the equations [Fri64, Chapter 4,
(1.4), (1.5), (1.6), (1.7)], we have

|aijlo.a = laijloo + Moalai;] = lailo + Halas]

- o |CL1](P) - al](Q)|
= Lgeplas (P + L b doo = gy

|bil1,0 = [bi]1,0 + Mo [bi] = |dbi|o + He[dby]

= 1+a |bz(P) B bz(Q)|
=L AP+ L u b deg™ = G gy
|Cl2.0 = |¢l20 + Maalc] = |d%c|o + Hu[d?c]
c(P) —
= Lub.d3le(P)| +Lu.b d2+aM
pPeD

|flo.a = |fl20 + Maolf] = ‘dzf‘o + Ha[d2f]

— b a2l (P)] + Ly a LU= L

and
|ulo2+a = |ufo2 + Moalu] + Mialu] + Maa[ul
= Moolu] + Mo 1[u] + Moalu] + Moo [u] + My o[u] + Ma o [u]
= [ulo + Y [dDyulo + " |d*Dlulo + Ho[u] + Y Ho[dDyu] + Y Ho[d*D2u]
= [ula + > [dDsula + Y |d*D3ula,

where the summation is taken over all partial derivatives and dp,dpg, and d(P, (Q)) have
been defined in [Fri64, Chapter 3, Section 2]. As already mentioned, we will not write
the whole proof of [Fri64, Chapter 4, Section 1, Theorem 1] again, but let us at least
illustrate by an exemplary estimate, which is quite prototypical for the proof, how the
e-dependence enters the interior estimates. Consider estimate [Fri64, Chapter 4, (4.8)] for
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example. There appears the term |b;||0u/0z;|. For @Q € N, where N is a semicube with
top P and edge d = Adp, it can be estimated as follows

du
Ox,

ou

%<@>| < 4d2dglb(Q)]do

ou

(Q)|

10:(Q)] Oy,

<@>| 42 dplb(@)ldr

< 4d;>2|bz‘|1,0M0,1[U] < 4d;2|bi|1,a|u|0,1 < 4K1d;>2€_2|ufo,1~

Here, we additionally used the fact that dg > dp/2 if Q € N, as stated in the proof
of [Fri64, Chapter 4, Section 1, Theorem 1]|. Although tedious, other estimates can be
obtained in a similar fashion. Another noteworthy point in our adjustment is that the
parameter A that is introduced and determined in the proof will be chosen to depend on
¢ at some point, but this will be explicitly indicated in the table.

A couple of last remarks are in order. Although [Fri64, Chapter 4, Section 2] and [Fri64,
Chapter 4, Section 3] are crucial for establishing the actual proof in [Fri64, Chapter 4,
Section 4], the estimates do not depend on ¢ as there are no first-order terms involved in
the proofs, so that one can safely skip those two sections. Hence, the focus is solely on the
proof that is contained in [Fri64, Chapter 4, Section 4]. Since we consider the more general
setting of Friedman here, the derivation of the estimates applies to multidimensional and
time-inhomogeneous settings, so that Proposition 2.2.1 from the main text follows as a
simple corollary. The obsolete notation 1. u.b. in [Fri64] stands for the supremum-norm
by context. The result [Fri64, Chapter 4, Section 1, Theorem 1] has been stated without
proof prior to that chapter as [Fri64, Chapter 3, Section 2, Theorem 5]. There seems to
be an editorial slip between that Theorem 5 in Chapter 3 and Theorem 1 in Chapter 4
because Friedman writes locally Holder continuous in D for the former one but Hoélder
continuous in D for the latter one. The former is the precise statement, considering the
weighted norms that are used in the proof. This can also be confirmed through his article
[Fri58] with a more general statement of said theorem, where he actually defines Holder
continuity in D as local Holder continuity in D.

Table C.1 shows a comprehensive tracking of the constants in [Fri64, Chapter 4, Section
4] with respect to €. The table is ordered according to the equation numbers as they
appear in that section starting from equation (4.8). To reduce redundancy, any equation
or estimate staying the same as in the original material has been skipped. Sometimes,
there are intermediate steps indicated by (+) which lead up to a subsequent equation.
These were added for more transparent tracking because some details are not fully written
out in the original proof by Friedman. Compared to the original material, we also added
two additional numbered estimates, namely (4.26) and (4.27), around the end of the table
which correspond to the last two unnumbered estimates at the end of the proof after
equation (4.25). The field "LHS” and "RHS” mean the left-hand side and the right-hand
side corresponding to that equation or estimate. Inequalities should always be understood
as <. A constant such as K®(¢72) indicates that it contains at least one term of order
O (¢72). The occasionally appearing constant K > 0 in the table is not always the same.
It is loosely used for any positive constant that is independent of . Lastly, the field
"Notes” provides further remarks if necessary and ”"case (a)” and "case (b)” have been
defined in the actual proof.
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791

%qsltl?ﬁ;?e/ LHS RHS Notes
(4.8) Lub.y|F| K®) (e72)dp? (| fl2,a + [ulo,1 + A M) -
(4.9) d*Hp y[F] KXd5%|fl2,a + KO (e72)A%d 52 ulo,2 + KO (e72)Ad g ijo dj;?Hp y|Diul .
(4.10) d®*Hp n[F) K(m)(e_z))\o‘d}_;2 (|f|2,a + |ulo,2 + Z;:O MO,H—a) -
(4.11) d21 KA~2|ufo,2 + KOV (e72)| flz,a + KOV (e72) ulo,1 + KD (e72)Ax (M + M + M) -
(4.13) dp|DZu(P)| K ()2 2Jufo + K13 (e72)|fla,0 + KD (e2)A (M + M + Mj) -
(4.14) M KO ()22 ulo + KD (e72)| flo,0 + KD (e72)A (M + M + M]) =
(4.18) d*Hg, [F] KO (=222 (|fla,0 + lulo2 + 31y Moita) + Kd* S |ai; (P) — aij (Q)|Ho,n [D3u] -
(+) d“Hg, N|F] KO8 (e=2)2%dp? (|fla,0 + [ulo2 + Y i_g Moita) + KX2¥dp 2 M} -
(4.19) M K9 (e2)A=2ulg + K9 (e72)A= fla,0 + K09 (e72) (M + Mj + M]) + KA*M; D s TST;Z
(4.21) M/ K@D (e=2) A~ ufg + K@D (e=2)N2=170 flg o + K@D (e72)N2~ (M + Mj + Mj) + KX2-i+e M} -
(+) M K@D (e=2)a-170ufo + KV (=)A= fla,q + KV (e 2)\ (M + M} + M]) + KXY M) + KA~ Mo, (Z?Q?)Oinf‘d}ﬁ;{)
(4.22) M+ M| K (e=2)A~1=2ulg + KD (e=2)A1=9| flo o + K2 (e~2)AM + KAFOM) + KA~*Mo :V}:;’S;ni i;fg?;?l)l
multiplying constants;
(4.23) M} K(23>(€—4))\—2—a\u|0 + K(23>(s—4))\—“|f\2,a + K(23)(s—2)M 4 K(23) (e=)A"*Mo 1 choosing A\ even smaller
with A = \. = O (2/9)
(4.24) M+ M} + M/ KCY (e 2)A2|ulo + K@Y (e72)| flz,a + KOV (e=2)A(M + M} + M}) + KA~“Mo 1 -
(+) KX~*Mpo 1 LM +4CoK A" |ulo by (2.3)
(4.25) M + M} + M| K5 (e=2)A~2ulg + K5 (672)|f|2,a final estimate case (a)
(+) M KfS)(s_Q))\_Q_a|u\o + Kfs)(e_z))\_ﬂf\z,a final estimate case (a)
(4.26) M+ M; K@) (e=H)A~1=y|g + K20 (e=2)A1=2| f|5 o, + K(20) (e=2)AM 4+ K26 (e=2)\~* My ; =
(4.27) M + M} + M| KCD (e HA2|ulo + K@D (e72)|flz,a + K@D (e=2)A(M + M + M}) + K@D (e=2)A=* Mo 1 -
+) K@D (e=2)A\=> My 1 LM +4CoK D (e=2)A=ulo by (2.3)
(+) M + M + M] Kfn (e™HA"2|ulo + K_(~_27) E™)Ifl2,a final estimate case (b)
(+) M K_(f_:) (e7OA27Yulp + K_(f_:) (E™HAYfl2,0 final estimate case (b)

Table C.1: Tracking of the final constant in estimate (1.10) of [Fri64, Chapter 4,

Section 1, Theorem 1] with respect to ¢ when (1.8) is replaced by (1.8%).

odA T, Iepneypg o) Jo sojewir)sy JIouojul ) xipuoddy



Let us now derive the full interior estimate from the table. Summing over all final
estimates in case (a) and (b) from Table C.1 implies

M+ Mg+ M{ + My < K (e N2 (|ulo + | fl2.a),

and using [Fri64, Chapter 4, Section 1, Lemma 1] in the form
1
[uo,1 < §M + K|ulo

yields
[ulos + M + My + M + My < KPP (e )A2 7 (Julo + [ f]20)

after a rearrangement of terms. By definition of the quantities on the LHS, the last
inequality is equivalent to

|u|0,2+oz - |u|a + Z |dD;vu|oz + Z |d2Dg2;u|oz S K(29) (5_6)/\(5_2_a(|u|0 + |f|2,o¢)‘

For the sake of completeness, to get a similar bound on the weighted norm |d*>D;ul,, one
uses the PDE (1.1) and the bounds [Fri64, Chapter 3, (5.8)] and [Fri64, Chapter 4, (1.3)],
namely

g o = g « )y g a = g [0 Q)
|d*(gh)]a < |d*glalh] |d*(gh)la < |dglaldh]

to obtain
|d*Dyulo < |d*(cu)|a + | fla + D |d*(0:Dyw)|o + Y |d*(ai; Diu)|q
< |d%claltla + 1 fla + D |dbilaldDaula + " |aij|ald® D2ulq
< KOO N2 (lulo + | fl2.a),

where the last inequality followed from the previously derived interior estimates and
(1.8%). After recalling that A\. = O (52/ a), we eventually arrive at the final estimate

|ulo + Z |dDgulq + Z ‘d2D§u|a + |d2Dtu|a < K571074/a<|u’0 + ‘f’za) (1.10%)

for sufficiently small & > 0, which corresponds to (2.2.7) of Proposition 2.2.1 from the
main material with f # 0.
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