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Abstract

In this thesis, we consider problems related to the numerical simulation of
stochastic differential equations (SDEs). In particular, we are interested
in methods that use both increments and areas of the Brownian path.
For example, time integrals of Brownian motion carry useful information
whilst being normally distributed and thus straightforward to generate.
We will make precise the “path information” contained by such integrals
and present a polynomial approximation theorem for Brownian motion.
Since the Gaussian coefficients given by this expansion are independent,
we can express Brownian motion as a polynomial with additional noise.

We shall then use this simple observation to develop high order methods.

The majority of these methods approximate SDEs through the use of
ODEs, which can be accurately discretized using state-of-the-art solvers.
To numerically demonstrate these approaches, we will simulate four SDEs:
Inhomogeneous Geometric Brownian Motion, Cox-Ingersoll-Ross model,
underdamped Langevin equation and the Lévy area of Brownian motion.

The code for these examples can be found at github.com/james-m-foster.

We also study problems related to variable step size methods for SDEs.
Most notably, we investigate which numerical methods and variable step
size strategies can ensure pathwise convergence to the true SDE solution.
Our analysis is based on rough path theory and requires methods to be
locally close to an ODE driven by a piecewise “Brownian polynomial”.
This result can therefore be applied to the Heun and midpoint methods.
In order to prove convergence, we will require variable step size strategies

to produce a nested sequence of partitions with mesh size tending to zero.


https://github.com/james-m-foster
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Chapter 1

A brief outline of the thesis

The main result of this thesis is a polynomial representation of Brownian motion,

which is presented in Chapter [4] (along with some applications to SDE simulation).
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Figure 1.1: Sample paths of Brownian motion with their polynomial approximations.

In particular, this polynomial approximation (Theorem [4.1.12)) can be applied to

develop estimators for non-Gaussian iterated integrals of Brownian motion such as

t u t u v
// odW ) o dW) and // / o dW) o AW du. (1.0.1)

These estimators are obtained by taking the moments of (|1 - conditional on certain

Gaussian iterated integrals of Brownian motion (which can be generated exactly):

/odW and // o dW, du. (1.0.2)

These integrals appear naturally in stochastic Taylor expansions and are of great
importance to the design and analysis of high order numerical methods for SDEs.
The study of Brownian iterated integrals will be a long-running focus of the thesis

and we present results concerning their conditional moments in Chapters [}, [5 and [7]
(More specifically, these are Theorems[4.2.8] |4.4.1} [5.1.2] [5.1.3] [7.1.1] [7.2.1] and [7.2.2)).
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The polynomial approximation of Brownian motion is introduced in Chapter
and its immediate applications to iterated integrals are given in sections [4.1] and [£.2]
In Chapters [ & [5], we will develop numerical methods using the integral estimators:

« A log-ODE method for SDEs driven by a single Brownian motion
In section [£.3] we shall present a new version of the asymptotically efficient
log-ODE (or Castell-Gaines) method that utilizes a certain integral estimator.
We discuss the rough path formulation of the log-ODE method in section [3.4]

. A stochastic Runge-Kutta method for SDEs with additive noise
In section [4.4] we will derive and solve order conditions for a type of explicit

three-stage Runge-Kutta method that approximates SDEs with additive noise.

« ODE methods based on “high order” piecewise linear paths
In sections [5.1 and [5.2] we use the integral estimators to design piecewise linear

paths that accurately approximate Brownian motion (with its iterated integrals).
Each research chapter (i.e. has a section with numerical experiments. These are:

. Inhomogeneous Geometric Brownian Motion (section [4.5)
dy; = a(b —y;) dt + oy, dW;.

. The underdamped Langevin equation (section [5.3)
th - Pt dt,
AP, = —VU(Qy) dt — vPydt + /% dW,.

« The Cox-Ingersoll-Ross model (section
dy, = a(b—y) dt + o\/y; dW,.

. The Lévy area between independent Brownian motions (section
dr, = I/Vt(i) th(j)_
Each numerical method for these SDEs is based on the theory developed in its chapter.

In Chapter [6] we consider approximations for SDEs that use variable step sizes.
Since the methods proposed in Chapter [5| require generating a third random variable
along with , we extend Lévy’s construction to certain triples in section .
This allows us to reduce step sizes conditional on these (Brownian) random variables.
In section we shall apply rough path theory (which is discussed in Chapter [3)
to establish sufficient conditions that ensure a variable step size method converges.
This result applies to a large class of numerical methods, including Milstein’s method,
but does not apply to the Euler-Maruyama method (which may not converge [39]).
Chapters [2] and [3] are introductory and give the necessary background for the thesis.
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Polynomial approximation
of the Brownian bridge
(Theorem 4.1.3 in Section 4.1)

v

Brownian motion = Brownian polynomial + Independent noise
(Theorem 4.1.12 in Section 4.1)
v

Extending Lévy’s construction of
Brownian motion via time integrals
(Theorems 6.1.4 - 6.1.8 in Section 6.1)

Weak approximation
of Brownian Lévy area
(Sections 7.3 and 7.4)

A
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methodology for 1d SDEs
(Definition 6.0.1 in Section 6.1)

Moments of Brownian iterated integrals
conditional on increments and time integrals
(Theorem 4.2.8 in Section 4.2, Chapter 7)
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High order Runge-Kutta method
for SDEs with additive noise
(Definition 4.4.3 in Section 4.4)

Universal limit theorem
and Davie’s lemma
(Section 3.3)
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(Theorem 6.2.17 in Section 6.2) (Sections 5.1 and 5.2)
A
\ 4

Rough Path Theory
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(Chapter 3)
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The rough Taylor expansion

and log-ODE method for RDEs
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Third order discretizations of the
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(Section 5.3)

Figure 1.2: Diagram showing how the various topics within the thesis are connected.
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Chapter 2

Introduction to numerical methods
for SDEs

Numerical methods for stochastic differential equations (SDEs) have be studied over
the past few decades and thus an extensive literature has developed on the subject.
However, for the purposes of this thesis, it will be enough to introduce some of the
key concepts underlying SDE numerics before applying them in subsequent chapters.
This introductory chapter is primarily based on the book of Kloeden & Platen [62]
(currently the highest cited text on the subject) and a review paper of Higham [54].

Many real-world phenomena (such as particle systems [76], financial markets [11]

and population dynamics [55]) can be modelled using the following class of 1t6 SDEs:

d
dye = fo(y) dt + > fi(ye) dW;”, (2.0.1)

=1
Yo = 57

where the initial condition ¢ and solution process {y;}:>o takes their values in R®,
each f; : R® — R® is a vector field on R® and W is a d-dimensional Brownian motion.

In practice, one is often interested in computing some averaged quantity from (2.0.1)):

¢ :=E[o(y) :yo=¢]. (2.0.2)

where ¢ is a functional on path space, e.g. ¢(y) could be a function of the point y.
In certain situations, the expected functional can be approximated by solving
a parabolic PDE (such as via the Feynman-Kac formula). However, standard finite
difference methods for these PDEs will suffer from the “curse of dimensionality”.
Furthermore, there are many problems (such as pricing exotic financial derivatives)
where ¢ depends on the entire trajectory of y and a PDE formulation is not possible.
Hence, in this thesis we shall focus on computing by Monte Carlo simulation.

4



Therefore, the general strategy for approximating (2.0.2) that we will consider is

Definition 2.0.1 (Monte Carlo simulation of SDEs). For N > 1, define the estimator:

N
P = S (), 2.0.3)

n=1
where {wfy }1 <<y are a collection of weights (typically wh = %) and each Y™V is a

numerical solution of (2.0.1]), usually obtained from a discretized sample path of W.

Remark 2.0.2. When the weights are uniform and the numerical solutions Y™ are

independent and identically distributed, the Monte Carlo estimator (2.0.3)) becomes

oV = %Zw(yn). (2.0.4)

So if ¢(Y™) has a finite second moment, it follows from the central limit theorem that
_ d
VN (gV —E[p(Y)]) = N (0, Var(o(Y))).

In other words, the estimator ¢~ converges to its expectation with a rate of O(\/LN)
It should be noted that E [¢(Y)] will differ from the true expectation ¢ = E[p(y)] due
to the (weak) approximation error of the numerical solution. For standard methods,

such as the Euler-Maruyama method, this error is O(h) where h denotes the step size.

It is reasonable to ask whether there are smarter ways of designing the Monte
Carlo estimator (2.0.3) than the standard approach described by the above remark.
One popular technique is called Multilevel Monte Carlo (introduced by Giles [43])

which is a variance reduction strategy inspired by control variates and takes the form

L Ne
N G~ 1 n n
@N(),...,NL — Z(;ON[> with SONe — EZ (SO(Y'Z 75) o QO(YVg_,f))7 (205)
£=0 n=1

where ¢(Y_1) = 0 and each pair of numerical solutions (an’g, Y[_Lf) can be coupled.
The level ¢ often indicates the step size used to compute each numerical solution Y,
(e.g. Yy is obtained cheaply with large steps whilst each YL”’L is a fine discretization).
By computing go(YE"’e) and go(Yﬂ’f) from the same sample paths of Brownian motion
it is possible to reduce the variance of the estimator - SN (e(YM) = o(YM))-
Thus, by choosing each N, appropriately, the multilevel Monte Carlo estimator
will exhibit a significantly lower variance than standard estimator given by .

Theorem 2.0.3 (Complexity of Multilevel Monte Carlo, Theorem 1 in [44]). Suppose
that the independent estimators p™¢ based on N, samples given by each costs

Cy and there exists positive constants «, 8,7, ¢1, co, c3 such that o > %min(ﬁ,y) and
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E[p(Y))] —Ele(y)]| < 127,
o Var(p™N) < N, 1277,
. E[Cg] S 03272‘

Then there exists a positive constant cy such that for any € < 1 there exist L > 0
and { Ny}o<e<r, for which the multilevel estimator @™o Nt given by obtains a

mean squared error E[(@NO’“"NL — E[go(y)])Q} < &% with expected computational cost
cae”?, B>,

C < S cye?(loge)?, B =1, (2.0.6)
e 2% B<y

Remark 2.0.4. Suppose that we discretized the SDE ([2.0.1)) using a numerical method
with a “weak” convergence rate (see definition[2.2.1)) of O(h") where h is the step size.
Then in order to achieve a mean squared accuracy of €2, the standard Monte Carlo
estimator would require O(¢7?) simulations (due to the Monte Carlo error)
and each simulation would require O(¢7+) steps (due to the discretization error).
Therefore the standard Monte Carlo estimator has a complexity of O(h=2+).
On the other hand, when 8 > ~, the multilevel estimator achieves the optimal
Monte Carlo complexity of O(e~2). That is, the average simulation has an O(1) cost.

In the multilevel Monte Carlo paradigm, three different rates appear: «, 8 and ~.
The rate o may be viewed simply as the “weak” convergence rate of the SDE solver,
whereas the rate 5 can be related to the “strong” convergence of the numerical solver
(these two types of convergence for SDE approximations are discussed in section .

For example, when the functional ¢ is assumed to be Lipschitz continuous, we have
~ _ 2 _ 2
Va’r(QONZ) S Né 1E|:||QO(}/ZZ) _QO(YZZ—I)” ] S NZ 1||¢||iipsohitzE[HYZ_}/Eg—lH :|7

where the mean squared error E [HY} -Yt 1H2] depends on the strong convergence

of the method. The rate v relates to how the computational cost increases with level.

Whilst the design of efficient Monte Carlo estimators is tremendously important
for SDE simulation, this thesis shall focus on the methodologies for computing the
numerical solutions Y accurately from discretized sample paths of Brownian motion.
That said, the majority of numerical methods that are proposed by this thesis will
have high convergence rates and should be compatible with the multilevel framework.
Incorporating the ideas of the thesis into more sophisticated Monte Carlo estimators

would be a step towards tackling real-world problems and thus is a goal of the author.



2.1 Some examples of numerical methods

In this section, we will present a variety of well-known methods for discretizing (2.0.1]).

For simplicity, these methods will be defined using a uniform partition Ay of [0,7].

Definition 2.1.1 (The Euler-Maruyama method). For N > 1, we can construct
a numerical solution {Y;},, <y of (2.0.1) by setting Yy := ¢ and for k € [0.. N —1]

defining Y;.1 as

d
i = Ye+ fo(V)h + 3 £ (V) (W), = w0) (2.1.1)

i=1

T
N

and tk = k—T.

where h = ~

Definition 2.1.2 (The Milstein method). For a fixed N > 1, we can construct a
numerical solution {Yj}o<,<y of (2.0.1) by setting Yy := ¢ and for k € [0 .. N — 1]
defining Y as

d
Yir = Yi+ fo(V)h+ Y (V) (W, — W) (2.1.2)

i=1
a 1 1
(4) (4) ©)) ) (4,9)
+ Z fz/ (Yk) fj (Yk> (5 (Wtk+1 - Wtk )(thiq - Wtkj ) + Atk,jtk+1 - §h61]>7
ij=1
where the antisymmetric matrix A is known as the Lévy area of Brownian motion:

460 L e oY g [ (o @ g
tetp+1 © 5 . ( [T ti ) [ < w tr ) u )
k

173

fori,j € {1,---,d}, h = %, t, = %T and 0 is the Kronecker delta. So when d = 1,

the Milstein method becomes

View = Yok Jo (V) fy () W + 5.1 (V) (V) (W

2733781

—h), (213)

where W, | = Wi, — Wy, is the increment of the Brownian motion over [ty tg41].

tet1

The methods (2.1.1)) and (2.1.3) are both straightforward to implement since the
Brownian motion W has independents increments and coordinate processes {W®}.

So to propagate these numerical solutions we generate the Gaussian random variables

W(i)

L, Tkt

~ N(0,h), (2.1.4)
independently for i € {1,--- ,d} and k£ > 0.

7



If the Brownian motion is multidimensional, the Milstien method will in genera]ﬂ
require one to generate the Lévy area Ay, ;,, in addition to the increment Wy, 4, .
This is known to be difficult problem [30] and algorithms for exact simulation have

only been proposed when d = 2 [38]. In Chapter [7, we will discuss Lévy area further.

As well as requiring a Jacobian matrix f/ : R® — L(R,R¢) for eachi € {1,--- ,d},
the Milstein method has a higher strong convergence rate than Euler-Maruyama and,
for example, is known to outperform Euler-Maruyama for SDEs with scalar noise [54].
However in the general setting, the Euler-Maruyama and Milstein methods will both
achieve the same orders of convergence when the area A, is omitted from ([2.1.2)).

The convergence rates for both of these methods will be discussed in the next section.

In Chapter [6] we shall analyse the convergence of variable step size methods using
rough path theory. Whilst the Euler-Maruyama method generally will not converge
to the true SDE solution when variable steps are used ([39] gives an example of this),

we will show that the “no-area” Milstein method (that is (2.1.2) without Ag;) does

converge under certain assumptions on the vector fields {f;} and variable step sizes.

However, since this analysis relies on certain key theorems from rough path theory,
it will be necessary to write the It6 SDE (2.0.1)) in the following Stratonovich form:

d
dys = fo(ye) dt+ Y fi(ye) o dW, (2.1.5)

i=1
Yo = é.a
_ d
where fo(y) := fo(y)—3 > f{(y) fi(y) is the drift with the It6-Stratonovich correction.
i=1

Since it is easier to develop high order numerical methods for Stratonovich SDEs,
the approximations presented in this thesis will directly apply to the SDE ([2.1.5)).

Below is a list of some low order numerical methods for the above Stratonovich SDE:

Definition 2.1.3 (The no-area Milstein method for Stratonovich SDEs).

d
Yier = Yi+ fo(V)h + Y (V) (W, — W) (2.1.6)
=1
1 d . 4 . .
5 2 FO LW, - W) (W - i),
i,j=1

f the vector fields {fi}1<i<q¢ commute according to (2.2.3) then the A, 4, ., terms cancel out.



Definition 2.1.4 (The Euler-Heun method).

d
Yi = Yi+ fo(Yi)h Zf' (i) (W, = W),

™M=~

Yirr = Y+ fo(Ya)h + (£(%) + £i(0%) (W), —w) .

1
2
=1

Definition 2.1.5 (Heun’s method (or the explicit trapezoidal rule)).

d
Z (fz Vi) + fi Yk)) (Wt(kil Wt(;:))

=1

l\)l»—

Yigi =Y+ 2 (fO(Yk> )h-i-

Definition 2.1.6 (The explicit midpoint method).

Yip1 ==Y+ fo(1 <Yk +Yk))h+ Zfz(l (Yk +Yk>) (Wt(kiil - Wt(z)) :

Except possibly Euler-Heun, these methods can be obtained by discretizing an
ODE goverened by the same vector fields but driven by a linear path W on [tk thit]
with a second order ODE method. Since these methods match the O(v/h) and O(h)
terms in the Taylor expansion of this ODE, they converge with variable step sizes
(Theorem [6.2.17). Finally, we shall present two high order (in a weak sense) schemes.

The first scheme (originally proposed by Talay in [88]) is based on the idea that it
is straightforward to generate a random variable with the same mean and covariance

as Brownian Lévy area and exploits the that (iterated) It6 integrals have mean zero.

Definition 2.1.7 (The Talay scheme). For a fixed N > 1, we can construct a
numerical solution {Vj}o<,<n of (2.0.1) by setting Yy := ¢ and for k € [0 .. N — 1]

defining Y1 as

(l)
Yk+1 = Yk + Z fl Yk te,let1

1=0
(Ya) f; (V) 1W< )W F00 1,
+ Z f k fj k) otk 1 teterr etk 9 ij |
i,j=0
where Wtk te, = and {Wtk beis }1 <i<d 15 @ collection of independent and identically

~ N(0,h) or

distributed random variables with either Wtk e

IP(W == ) ]P<Wt(k)7tk+1 = 0> = §7

teth+



- . . . . . — (2,0 — (0, .
and Ay, 4, is an antisymmetric matrix with At(;tiﬂ = As(ytl) =0for 1 <7 <dand

— (i) 1 ) 1
P{ A =4+—Vh|=-
( 2\/_ 2’

testk+1
for 1 <i<j<d.

For the It6 SDE ([2.0.1]), Talay’s scheme obtains |E[¢(yr)] — E[p(Yx)]| = O(N72)
provided the functional ¢ is six times continuously differentiable and has derivatives
with polynomial growth. However the “Stratonovich” version of the Talay scheme
(i.e. without the Kronecker delta) will not achieve a high rate of weak convergence.
In particular, it will not capture the expectation of the certain triple iterated integrals

in its Taylor expansion (approximations of such integrals are discussed in section |4.2]).

For Stratonovich SDEs, the Ninomiya-Victoir scheme (originally proposed in [81])

is a well-known method that can be viewed as an extension of the Strang splitting.
Definition 2.1.8 (The Ninomiya-Victoir scheme). For a fixed N > 1, we can
construct a numerical solution {Y}, <y of (2.1.5) by setting Yy := £ and for each
ke€]0.. N —1] defining Yy as
S/\k—‘rly if ng = 17
Yii1 =

~

Yk+1, if Nng = —17
where ny, is an independent Rademacher random variable and Yy, Yx11 are given by

Yip1 = exp (§hfo) exp (Wt(kl,szﬂfl) “reexp <Wt(,:l,3fk+1fd> exp (§hfo> Yy,

— 1 1
Yiq1 :=exp <§hf0> exp (Wt(,ﬁkﬂfd> T eXP (Wt(kl,imrlfl) exp <§hf0> Yy,

with exp (C’fz) denoting the map from x € R® to the solution at u = 1 of the ODE,
dz

T Cfi(z), 2(0)==x.

Remark 2.1.9. The high order weak convergence rate of this method can be achieved
if each ODE is discretized using an explicit fourth order Runge-Kutta method [41].

It was shown in [5] that if the SDE has smooth bounded vector fields
satisfying an ellipticity condition, then the Ninomiya-Victoir scheme converges in
total variation distance with order 2. That is, for ¢t € (0,7 there exists a constant

C; < oo such that for any given bounded measurable function ¢ : R® — R, we have

sup [£[ip(4)] - Elf(u)]| <

Since this thesis primarily focuses on strong approximations, we refer the reader

. YN > 1.

to Chapters 14 and 15 of [62] for an overview of weak numerical methods for SDEs.
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2.2 Types of convergence for numerical methods

In this section, we consider how the convergence of SDE methods can be quantified.
Since we are usually interested in computing the expectation of a functional ([2.0.2)),

a natural measure of convergence for SDE numerical methods is “weak” convergence:

Definition 2.2.1 (Weak convergence). A numerical solution Y for (2.0.1)) is said
to converge in a weak sense with order /3 if for any polynomial p there exists C, > 0
such that

[Elp(Yn)] - E[p(yr)]] < G, 17, (2.2.1)
for all sufficiently small step sizes h = %

On the other hand, there are situations where we would like the entire trajectory
of the numerical solution Y to be accurate and a notation of “pathwise” accuracy
should also help reduce the variance of the Multilevel Monte Carlo estimator ({2.0.5).

The most popular measure for “strong” convergence is defined using the L?*(P) norm:

Definition 2.2.2. We define the L?(P) norm of an Ré-valued random variable Z as

1Z1l2@) = VE[I2113].- (2.2.2)

We shall now define the order of strong convergence for SDE numerical methods.

Definition 2.2.3 (Strong convergence). A numerical solution Y for (2.0.1)) is said

to converge in a strong sense with order « if there exists a constant C' > 0 such that
1Yy — yT||L2(P) < Ch?,
. . o T
for all sufficiently small step sizes h = 5.

The convergence rates for the Euler-Maruyama and Milstein methods are given below:

Theorem 2.2.4. Let y denote the true solution of over the interval [0,T]
where fo, f1,- -+, fa are bounded smooth vector fields on R® with bounded derivatives.
Let Y and Y™ denote the numerical solutions of on [0,T] obtained from
the wnitial condition yoy using the FEuler-Maruyama and Milstein methods respectively.
Then Y% converges strongly with order 0.5, Y™ converges strongly with order 1.0
and both methods will converge weakly with order 1.0. Without the Lévy area term,
the Milstein method converges strongly with order 0.5 and weakly with order 1.0.

Furthermore, if the “noise” vector fields { f;}1<i<a satisfy the commutativity condition

fi(@) fi(z) = fi(x)fi(z), VxRS, (2.2.3)

fori,j € {1,---,d}, the no-area Milstein method converges strongly with order 1.0.

11



As the Euler-Maruyama and no-area Milstein methods have a strong convergence
rate of O(\/E) for general SDESs, it is reasonable to ask if there exist approximations
defined from the increments of W that achieve higher orders of strong convergence.

In 1980, Cameron and Clark [21] addressed this question with the following example:

Theorem 2.2.5 (An example of a slow best rate). Consider the following It6 SDE:

da, =y, dWY, (2.2.4)
dy, = AW,

where W and W@ are two independent Brownian motions and xg = 0, yy = 0.

ForT'>0, N > 1, Let Py be the o-algebra generated by {W,ElT), ng)} . Then
N~ N Jo<k<n
T/(1\?
lor ~Blarl Pl oy = 3 () - (2.2.5)

Corollary 2.2.6. For a general Ito SDE, any numerical method which uses only

increments of the Brownian motion cannot converge strongly with an order above 0.5.

Proof. Since the Milstein method converges strongly with order 1.0 (Theorem [2.2.4]),
it is enough to argue that no “increment only” method can approximate the Milstein
numerical solution Y™! with an order above 0.5. This follows immediately from
Theorem as Milstein’s method requires iterated integrals of Brownian motion,
(or equivalently Lévy area) which requires one to solve the 1to6 SDE ([2.2.4)). O

In addition, it was shown in [30] that any approximation of the SDE (22.2.4)) which
is measurable with respect to N Gaussian random variables (which are expressible as

linear functionals on W) cannot have a strong convergence rate better than O(N ’%).

Since “increment only” methods for ([2.0.1f) usually have a strong convergence rate
of O(\/ﬁ), the Euler-Maruyama method is appealing as it’s computationally cheap.
On the other hand, these complexity results do not give upper bounds for the weak
convergence of numerical methods. For example, the Talay and Ninomiya-Victoir
schemes both achieve a second order weak convergence rate (see previous section).

In fact, methods can be constructed to have higher orders of weak convergence [62].

Numerical methods can also achieve convergence rates better than O(\/E) in the
Wasserstein metric (which is defined by the LP(P) norm and a probabilistic coupling).
Such an approximation was proposed by Davie in [27] and further analysed in [34].
In Chapter , we consider possible improvements to Davie’s approximation of .

12



Fortunately, there are SDEs used in practice which satisfy the commutativity
condition (such as SDEs driven by a single Brownian motion or with additive noise).
In Chapters [4] and [5], we shall consider the d = 1 case and be primarily interested in
numerical methods that can achieve high orders of both strong and weak convergence.
In addition, we will develop methods for additive noise SDEs in sections and [5.3]
Our approaches are based on a new polynomial representation of Brownian motion
(Theorem and its direct applications to approximating stochastic integrals.

In Chapter [0 we incorporate some of these ideas into a variable step size framework.

2.3 The stochastic Taylor expansion

Just as for ODEs, numerical methods for SDEs can be analysed via Taylor expansions.

Therefore, the general strategy used to develop and analyse methods in this thesis is

Step 1. We first consider a high order Taylor approximation of the SDE ([2.1.5))
when the commutativity condition ([2.2.3)) is satisfied. In Chapters {4 and , we focus
on Taylor expansions containing terms with an L?(P) norm that is at least O(h?).
When we assume the SDE has bounded smooth vector fields with bounded derivatives,

it will follow that the approximation has a local error that is O(hg) in an L*(P) sense
(by Theorem 4.3.1]).

Step 2. The Taylor approximation described in Step 1 contains certain integrals:

t t u t u

/Oqu,// OdWUdu,// dv o dW,, (2.3.1)
t u v t u v t u v
///odWTOdWUdu,///odWTdvoqu,///drodeoqu.

Whilst the integrals in the first line are Gaussian and can be generated, the integrals

given in the second line are non-Gaussian and currently can only be approximated.

Two key results in the thesis (Theorems [4.2.8 and |5.1.2)) give the mean and variance

of these non-Gaussian triple iterated integrals conditional on the Gaussian integrals.

When the Brownian motion is multidimensional, there are also integrals of the form

t u v
///odwpodw,jﬁdu, (i # §)

We present the conditional expectations of these iterated integrals in Theorem [1.4.1]

Step 3. By applying these new unbiased integrals estimators for (2.3.1]) to the

Taylor approximation in Step 1, we can derive an explicit stochastic Taylor method.
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We then wish to design efficient and practical numerical methods that are locally
O(hg) close to this high order stochastic Taylor approximation (in an L*(P) sense).
In Chapters [f] and [0, we shall be considering the following types of numerical method:

« Log-ODE methods (definition [4.3.4))

« Stochastic Runge-Kutta methods (definition |4.4.3))

. Piecewise linear ODE methods (definitions |5.1.6} [5.1.11] and [5.2.2))

It is worth noting that the analysis of above methods also requires Taylor expansions.
Therefore, we will now present the Stratonovich-Taylor expansion for the SDE ({2.1.5).

To do this, we shall first identify vector fields with differential operators as follows:

Definition 2.3.1 (Vector fields as differential operators). Let V' : R" — R™ be

a vector field on R™. Then we can identify V' with the first order differential operator

- 0
Vi(z) — 9.3.2
> Vi) g (232)
where V = (Vi, Vs, -+, V,) and the variables {z'} come from a choice of basis of R™.

Definition 2.3.2. For vector fields U, V on R", we can define the differential operator

Uv = (Z Uy(z) 81) (Z Vi(x) %) (2.3.3)

j=

" aV; 0 a 0?
Z (z) Ox? (z) OxJ * Z ! Qi Oz
1,j=1 i,j=1

Definition 2.3.3 (Vector field Lie bracket). Let U and V' be vector fields on R™.
We shall define the Lie bracket of U and V as the first order differential operator:

U, V] =UV -VU = Z <UZ(CL‘) g?l (x) = Vi(x) ggz (:L‘)) % (2.3.4)

Remark 2.3.4. The Lie bracket [U, V] does not depend on the choice of basis of R".
Whilst the stochastic Taylor expansion of (2.1.5)) is detailed in Chapter 5 of [62],

it will be more convenient to use the notation that is given by Proposition 1.1 of [6].

Definition 2.3.5. Let A* := (J;5,{0,1,--- ,d}" denote the set of all multi-indices.
For a multi-index I = (i1, -,ix) € A*, we define the degree of I by deg(()) = 0 and

deg(l) :==k+|{j e {1, - k}:i; =0} (2.3.5)
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Theorem 2.3.6 (Stratonovich-Taylor expansion). Let m > 0 be a fized constant.
Suppose that F': R® — R® is an (m + 2)-times continuously differentiable function.
Let y be the unique solution of where the d + 1 vector fields {f;}o<i<a on R®
are smooth, bounded and with bounded derivatives. Then F(y;) can be expanded as

F(y) = Z fir o [ Fyo) W/ + Rt w0, F), (2.3.6)

I=(i1,,ix) €A*
deg(I)<m,k>0

where for each multi-index I = (iy, - , the Stratonovich integral W1 is defined as

// / odW™ o dW ™, (2.3.7)

with Wt@ = 1 and the zero coordinate of W denoting time (i.e. I/Vt(o) =1t fort>0).
Furthermore, there exists a constant C' > 0 such that the remainder term R, satisfies
sup || Rin(t, yo, F) |l 2y < Otz (mHi+ls) sup \fir - fir Flloo- (2.3.8)

yo ER® I=(i1,,ix) EA*
m<deg(I)<m+2,k>0

In particular, the remainder term R, (t) is O(t%(m“)) in an L*(P) sense for t < 1.

In Chapters and , we will apply this stochastic Taylor expansion when F(y) = y,
m = 4 and the vector fields {f;}1<;<q satisfy the commutativity condition (2.2.3)).

When d = 1, we explicitly write (2.3.6]) in terms of {f;, f/, f/'}o<i<a (Theorem 4.3.1]).

Throughout the thesis we assume the vector fields {f;} are smooth and bounded
with bounded derivatives. However, it is possible to establish convergence rates for
strong approximations of Stratonovich SDEs under significantly weaker assumptions.

We informally describe the conditions required by Theorem 10.7.1 from [62] below:

« (Lipschitz condition) |f;, -« fi,Id(t, ) — f;, -+ fi, 1d(t,y)| < K]z — y| for all
x,y € R® and multi-indices I = (i, - - - , i) with deg(/) < m.

« (Technical conditions) These are regularity and integrability conditions on each
fir - fidd so that || f£f5 [12 fo fdd(t, ) 0 AW o thﬂjk)Hm(P)
exists and is finite (for all multi-indices I = (i, - i) with deg(l) < m).

. (Linear growth condition) |f;, -+ f;,1d(¢, z)| < K3(1+ |z|) for all multi-indices
I = (iy, i) with deg(I) < m + 2.

At the very least, we expect that the methods proposed in Chapters 4| and [5| will
achieve their high convergence rates when fy is three times differentiable, {f;};>1 are
four times differentiable and all the vector fields and their derivatives are bounded.

Analysing our proposed methods under weaker conditions will be left as future work.
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Chapter 3

Elements of rough path theory

In this chapter, we shall give a brief overview of rough path theory. In particular,
we will focus on the fundamental concepts that will be most relevant to the thesis.
Detailed accounts of rough path theory are given by the books of Friz & Hairer [36]
and Friz & Victoir [37] as well as the lecture notes of Lyons, Caruana and Lévy [72].

The theory of rough paths was introduced in 1998 by Terry Lyons is his paper
“Differential equations driven by rough signals” (see [70] for further information).
Rough path theory provides an integration theory for controlled differential equations,

which are a natural generalization of SDEs/ODEs and can be expressed succinctly as
av; = f(¥i)dX,, (3.0)

where the solution Y takes values in a Banach space W, the path X takes values in
a Banach space V and f: W — L(V,W) denotes a collection of vector fields on W.
The crucial observation of rough path theory is that when X is sufficiently irregular,
additional information about the path X is required for the solution Y to be defined.
In particular, this information can be viewed as the iterated integrals of the path X.
For example, if the driving path is Brownian motion (possibly coupled with time),
this information can encode whether (3.0.1)) is defined in an It6 or Stratonovich sense.
By viewing an SDE as a “rough differential equation”, we can study the solution Y
in a pathwise manner. This interpretation complements the classical theory of SDEs
and gives a topology where Y is well-posed (and thus depends continuously on X).

An important object within this theory is the so-called enhanced Brownian motion:

Definition 3.0.1. Let W be a d-dimensional Brownian motion on the interval [0, T'].
For T > 0, let Ap := {(3, ):0<s<t< T}. Using It6 or Stratonovich integration,
we shall define a stochastic process W taking values in 7 (Rd) =ROR® (Rd)®2.

We will refer to the process W : Ay — T (]Rd) as an enhanced Brownian motion
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in the Itd sense if, almost surely, we have the following increment for (s,t) € Ay,

t t u
Wi = ( [av. [ [ dmdwu), (302)

Likewise, an enhanced Brownian motion in the Stratonovich sense is given by

t t u
W,, = <1/ oqu,// ode®oqu>. (3.0.3)

Remark 3.0.2. It can be show that and are p-rough paths with p > 2.
The classical argument is to construct a sequence of discrete approximations of W
and consider the limiting object. For example, we could approximate using
piecewise linear discretizations of W and then apply a correction term to get .
These “rough path lifts” of Brownian motion will be discussed further in section (3.2}

(For a comprehensive account of enhanced Brownian motion, see Chapter 13 of [37]).

Another key observation provided by rough path theory is that when the driving
path X has controlled roughness (i.e. finite p-variation), the governing vector fields
must compensate for this and have sufficient regularity for to be well posed.
This notion of regularity is referred to as Lip(vy) and is originally due to E. Stein [87].

Definition 3.0.3. A function f : R® — R€ is said to be Lip(y) with v > 1 if
it is bounded with |[v] bounded derivatives, the last being Holder continuous with

exponent (y—|v]). Wesay that f is Lip(1) if it is bounded and Lipschitz continuous.

In addition to the analytic results concerning controlled differential equations,
there are also algebraic aspects to rough path theory. These arise immediately when

one considers the increments and iterated integrals of a bounded variation path X:

t u t
/ XspdX, = / Koo dXy + X0 Xut —|—/ Xy dXy, (3.0.4)

where these integrals are defined in the Riemann-Stieltjes sense and X, := X, — Xj.

The above equality follows from standard properties of integration and implies that

t t v
(1, [ax. [ dXMXU) 5.0
u u v t t v
= 1,/ dXv,//dX,®dXU ® 1,/ dXv,//er®dXv ,

where the middle ® denotes the tensor product on T3 (R?) := R & R? & (Rd)®2.
The identity (3.0.5)) can be seen as an example of Chen’s relation (Theorem [3.1.20)),
which is a fundamental property that is used to define rough paths more generally.

We begin the chapter by giving an overview of the algebraic side to rough path theory.
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3.1 Signatures and tensor algebras

One of the central objects within rough path theory is the so-called “path signature”.

In order to define the signature, it will be necessary to consider the following spaces:

Definition 3.1.1. We say that T(]Rd) = @kzo (]Rd)@)k is the tensor algebra of R?
and T((R?)) := {a = (ag,a1,-++) s ay € (]Rd)@k vk > 0} is the set of formal series
of tensors of R%. Moreover, T(Rd) and T((Rd)) can be endowed with the operations

of addition and multiplication. Given a = (ag, a1, --) and b = (by, b1, --), we have
a+b:(a0+bo,a1+b1,-~~), (311)
a®b=(co, 1,02, ), (3.1.2)

where for n > 0, the n-th term ¢, € (Rd)®n can be written using tensor notation as

Cn =Yy ® by (3.1.3)
k=0

The operation ® given by (3.1.2)) is called the “tensor product”.
Remark 3.1.2. With these operations, we have that T(Rd) and T((Rd)) are algebras.
Due to the structure of T(Rd) , we can study certain finite dimensional subspaces:

Definition 3.1.3. For N > 0, we say that 70" (Rd) = @]k\;o (Rd)®k is the N-step
truncated tensor algebra of R?, which we can endow with addition and multiplication.
For a,b € TW(R?), we define @ ® b := Py(uy(a) ® ty(b)) where the functions
Py : T((RY)) — TW)(RY) and vy : T™(R?) — T((R?)) are the natural projection
and inclusion maps. In particular, 7V (Rd) is not a subalgebra of T’ (Rd) orT ((]Rd)).
Remark 3.1.4. There are natural isomorphisms between the algebras T( (Rd)) , T (Rd) ,
TW) (Rd) and certain spaces of non-commutative polynomials (that have d variables).
Let A be an alphabet with d letters and R((A)) denote the space of all formal series
over R in non-commutative variables from A. Similarly, let R(A) be the associated
subspace of polynomials (i.e formal series with a finite number of non-zero terms).
It is worth noting that the standard notions of addition and multiplication in R({A)
immediately extend to R((A)). In other words, R((A)) and R(A) are both algebras.
Moreover, it is then a straightforward exercise to establish the identifications below.

T((RY) =~ R((A)),

T(RY) ~ R(A),
TMW(RY) ~ {p € R(A) : degp < N}
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In rough path theory, there are three important functions defined on these spaces.

Definition 3.1.5 (The exponential of a formal series). We define the function exp as

exp : T((RY)) — T1((R)), (3.1.4)

o0
a®m

a — ZOT (3.1.5)

where a = (ag, a1, as,---) is an element of T((Rd)) and the set Tl((Rd)) is given by

Ti((RY) := {a € T((RY)) : ag = 1}. (3.1.6)
Remark 3.1.6. The series (3.1.5)) is defined as the limit of the partial sums (ZLO%).

It is straightforward to verify that this limit is well-defined in the coordinatewise sense.

Definition 3.1.7 (The logarithm of a formal series). For @ = (ag,a1,---) € T((R?))
with ag > 0, define log(a) to be the element of T'((R?)) given by the following series:

Qo

log(a) := log(ao) + Z %(1 — ﬁ) n, (3.1.7)

where 1 = (1,0, ---) is the unit element of T'((R?)) and log(ao) is viewed as log(ag)1.

Remark 3.1.8. The series (3.1.7)) is locally finite, and thus defined purely algebraically.

(That is, for any k, the entries with degree k can be written as a finite sum of terms)

Definition 3.1.9 (The inverse of a formal series). For a = (ag,a1,---) € T((RY))
with ag # 0, we define a™! to be the element of T' ((Rd)) given by the following series:

1 1 - a\“"
1 e 1-2) 31.8
=ty (1-2) (3.18)

n=0

Remark 3.1.10. As before, the series (3.1.8)) is locally finite and therefore well-defined.

Similar to (3.1.6]), we will also consider the subset of T((Rd)) with leading term zero.
To((RY)) := {a € T((RY)) : ag = 0}. (3.1.9)

Given these functions, one can immediately prove a number of elementary properties.
In particular, when the domain of the exponential function (3.1.5) is restricted to
To((R?)) and the domain of the logarithm function (3.1.7) is restricted to Ty ((R?)),
it is straightforward to directly verify that exp and log are inverses of one another.
Similarly, it can be shown that the formula for a ! satisfiesa 'a = aa"'=1.
As one would expect, there is also an identity concerning the inverse of an exponential.

We will give these results in the below theorem (see chapter 2 of [72] for more details).
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Theorem 3.1.11 (Basic properties of the exponential, logarithm and inverse maps).

The maps exp : TD((Rd)) — Tl((Rd)) and log : Tl((Rd)) — To((]Rd)) are inverses

1

of each other. In addition, there exists an inverse map a +— a~ on the subset

T((R))\To((R?)) given by the series (3.1.8). We also have the following identities:
exp(0) =1,
log(1) = 0,
exp(a)”! = exp(-a),
log (') = — log(a).

In addition, these maps can be defined on the truncated tensor algebra 7™ (R?).

To do this, we will first consider the projection and inclusion maps on these algebras.

Definition 3.1.12 (Projection and inclusion maps). Let Py : T'((R%)) — T™)(R?)
be the natural projection map and vy : T™)(R?) — T'((R?)) be the inclusion map.
Let my : T((Rd)) — (]Rd)®N denote the projection onto the N*" tensor power of R¢.

We can now define truncated versions of exp, log and ()~ using the above maps.

Definition 3.1.13 (The exponential, logarithm and inverse functions on 7") (Rd)).
Consider the subset of T7™)(R?) given by T (RY) := {a € T™(R?) : m(a) > 0}.
We can define the exponential and logarithm maps on these (truncated) domains as

exp®™ : TW) (Rd) — TW) (]Rd), (3.1.10)

a — (Pyoexpouy)(a),

log™ : TV (RY) — TW(RY), (3.1.11)

a— (PN o logOLN) (a),
and for @ = (ag, a1, -+, a,) € TW(R?) with a # 0, we can define the inverse a ™' as
a ' = Py(v(a)™). (3.1.12)

Remark 3.1.14. The above maps will satisfy a “truncated version” of Theorem [3.1.11}

Throughout this chapter, we shall see that there are additional algebraic structures
within 7W)(R?). In particular, there is a free nilpotent Lie group which will enable
us to study certain group-valued rough paths that have desirable analytic properties.
The logarithm map then maps this Lie group to a certain free Lie algebra.
This connection with Lie theory will become relevant in the next section, where we

introduce the geometric rough paths (which satisfy an integration by parts formula).
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We will now define the signature of a finite variation path X taking values in RY.

Definition 3.1.15. The path X : [0, T] — R? is said to have finite variation if

[ X |1-varsfo,7) = S%pz [ Xtsr — X || < 00, (3.1.13)
k

where || - || is a norm on R? and the supremum is taken over all partitions D of [0, T].

Definition 3.1.16. The signature of a finite variation path X : [0, T] — R? over

the interval [s, t] is defined as the following collection of Riemann-Stieltjes integrals:
where forn > 1,

X = // dX,, @ - @ dX,, € (R)"". (3.1.15)

s<uy <o <unp<t

Similarly, we can define the N-step (or truncated) signature of the path X on [s, t].

SS(,]X)(X) = (1,/ dXy, -, // qu1®“'®quN> GT(N)(Rd).
s<uy<t

s<up<--<un<t
(3.1.16)

The signature gives a high level description of the path and has seen a number of
recent applications within machine learning [7I]. One of the main reasons for this,
is that Ss;(X) uniquely determines the path X on the interval [s, ¢] modulo certain
equivalences [52] (for example S; ; (X ) does not depend on the parametrization of X).

The following theorem indicates that the signature is related to the exponential map.

Theorem 3.1.17 (The signature of a linear path). Suppose that X, = X;+ A(u—s)

for u € [s,t] where A € R? is some constant. Then the signature of X over [s,t] is
Sei(X) = exp (L1 (0, A(t — s))) : (3.1.17)

where exp is the exponential given by and ty s an inclusion map into T((Rd)).

Remark 3.1.18. With a slight abuse of notation, we will no longer display the map ¢;.

Hence the (truncated) signature of the linear path X can be concisely expressed as
Ss,t (X) = exXp (Xs,t)7 (3118)
SN(X) = exp™(Xyy). (3.1.19)
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Definition 3.1.19. The log-signature of a path X is log(S,:(X)) € To((RY)).
Similar to before, we can also define the N-step log-signature as log®) (S(N)(X)).

s,t

By applying the logarithm, we see the log-signature of a linear path X is X ;.
Moreover, we will see that the log-signature is an important quantity in rough path
theory and leads to the “log-ODE method” (which will be presented in section [3.4)).

To conclude this section, we shall discuss a key property of signatures known as

Chen’s relation, which allows us to interpret the signature map as a homomorphism.

Theorem 3.1.20 (Chen’s relation). Let X : [0,T] — R? be a finite variation path.
Then for s,u,t € [0, T] with s < u < t, the signatures on [s,u], [u,t], [s,t] satisfy

Set(X) = Seu(X) ® Sus(X), (3.1.20)
where ® 1is the tensor product given by definition 3.1.1 Similarly, we have

SH(x) = sM(x) @ ST (X). (3.1.21)

s

Proof. The result follows directly from the additivity and linearity of integration. [J

Remark 3.1.21. Suppose that X and Y are finite variation paths on the intervals s, u]
and [u, t] respectively (both taking values in R?). Then (3.1.20)) can be expressed as

Set(X #Y) = Seu(X) @ Suy(V), (3.1.22)

where * is path concatenation. In this sense, we see that the signature transform
X — S(X) is a homomorphism from the monoid of finite variation paths to Ty ((R?)).

Moreover, we can take the view that the signature map is a homomorphism further.
Concatenating a path X with its reverse path ? does not result in the “zero path”.
However, the resulting path X x ? has no total increment or any enclosed area over
the interval and thus can be viewed as a “tree-like” excursion from the zero path.
This then implies that X x ? has trivial iterated integrals and so S (X * ?) =1.

Theorem 3.1.22 (The inverse signature of a path). Let X be a finite variation path

over the interval [s,t]. Then the inverse signature of the path X can be expressed as
-1
Sa(X) = 5. (X)) (3.1.23)

where ? = {Xt_(u_s)}u

€ls.i] is the path X run backwards. Similarly, we also have

SA(x) = s (%) (3.1.24)

s s,t

Remark 3.1.23. In this sense, the signature map can be viewed as a homomorphism

from the group of finite variation paths (modulo tree-like excursions) into 71 ((R?)).
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3.2 Rough paths and the p-variation metric

Having previously discussed certain algebraic structures defined using tensors of R,
we shall now turn our attention to some of the analytic aspects of rough path theory.

To begin, we will equip the tensor algebra T' (]Rd) with the following family of norms:

Definition 3.2.1 (Admissible norms on tensor products). We say that the tensor

powers of R? are endowed with admissible norms if the below conditions are satisfied:

1. The n-th norm | - || on (R%)*" is invariant under the symmetric group S,,, i.e.

lov]| = |lo]l, Vo€ (RY)®", Vo€ S,. (3.2.1)

2. The tensor product has an operator norm of 1. That is, for n,m > 1, we have

lv@w| < ol w|, Yve R, Vwe (RY)®", (3.2.2)

Definition 3.2.2 (Examples of admissible norms on T(R?)). Let v € (R%)®". Then

. the projective norm of v is

ol = > |y iin] (3.2.3)

i1,42,,in €{1,,d}

. the injective norm of v is

V]|l = sup i (3.2.4)
11,22, ,inE{l,--- ,d}

. the L2 norm of v is

o]z == \/ > |vinsiasin| (3.2.5)
1,12,

o 77:71 6{17 7d}

As indicated in the previous section, the truncated signature of a finite variation
path can itself be viewed as a path taking values in a certain group within 7 (R?).
This is referred to as the “N-step free nilpotent group” GV (Rd) , and is defined below.

Definition 3.2.3 (The N-step free nilpotent group). Consider the subset of T™") (R?),
GN(RY) := {Séf\{) (X) : X is a finite variation path taking values in Rd}. (3.2.6)
Then by Chen’s relation, GV (]Rd) becomes a group under the tensor product 1D
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Associated with the Lie group G (Rd) is the “N-step free Lie algebra” gV (Rd).
Definition 3.2.4 (The N-step free Lie algebra). Consider the commutator Lie bracket
la,b] =a®b-b®a, (3.2.7)

fora,b € T((Rd)). Then for subspaces U and V' of T((Rd)), we can define the space
(U, V] :=R{{[a,b]:acUbeV})CT((R). (3.2.8)

The N-step free Lie algebra gV (Rd) is the smallest subalgebra of TW) (Rd) that
contains R? and is closed under the Lie bracket (3.2.7). That is, gV (R?) is given by

g"(RY) =R'@ R\, R @--- @ [R%, [ ..., [R', RY]]. (3.2.9)

(N —1) brackets

Using the exponential map, we can give the key relationship between GV and g .
Theorem 3.2.5. The N-step free nilpotent group GV (Rd) can also be expressed as
GV (RY) = exp™ (gV(RY)), (3.2.10)

and
GV (RY) = {® exp™ () xl,--‘,meRd}. (3.2.11)
i=1

As one would expect, we can extend the above definitions and hence construct
the full nilpotent Lie group G(Rd) and free Lie algebra g(]Rd) as subsets of T' ((Rd)).

Definition 3.2.6 (The full Lie group and Lie algebra). We define the set G(R?) as
G(Rd) = {5071 (X) : X is a finite variation path taking values in Rd}. (3.2.12)

Then by Chen’s relation, G(Rd) becomes a group under the tensor product.

We can also define the free Lie algebra g(Rd) as the smallest subalgebra of T((]Rd))
that contains R? and is closed under the Lie bracket |) Thus, g(Rd) is given by

g(RY) = {a e T((RY) : Py(a) € g"(RY), VN >0}. (3.2.13)

Remark 3.2.7. In the remainder of this chapter, we may refer to elements of the

algebra g(Rd) as Lie series and say that elements of |J g™ (]Rd) are Lie polynomials.
N>0

Remark 3.2.8. For N > 0, we have GN(Rd) = Py (G(]Rd)) and gN(]Rd) = Py (g(]Rd)).
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As before, the exponential map gives a key connection between G(Rd) and g(Rd).
Theorem 3.2.9. The free Lie group G(Rd) and Lie algebra g(Rd) can be related by
G(]Rd) = exp (g(Rd)) . (3.2.14)

A useful concept within Chapter @ will be the “homogeneous” norm on G (R?).

Definition 3.2.10. A homogeneous norm on the N-step free nilpotent group is a

function ||-|| : GV (R?) — [0, 0o) that is continuous and satisfies the below conditions:
1. |lg|| = 0 if and only if g is the unit element 1 € GV (R?).

2. For any element g € GV (Rd) and scalar A € R, we have the following equality:

lox(g)Il = Al - [lgll; (3.2.15)

where 8, : T(R?) — T(R?) is the dilation map with the defining property that

™ (0r(9)) = A"mu(g), (3.2.16)

for n > 0.
In addition, a homogeneous norm on G (R?) is said to be symmetric if ||g|| = [|g~*||

and subadditive if ||g @ k|| < ||g|| + || k|| (where ® denotes the usual tensor product).

Remark 3.2.11. The classic example of a homogeneous norm on GV (Rd) is given by
= " 2.1

lgllo =, max g, (32,17

for g € GN(R?), where the above ||-|| form a family of admissible norms on 7™ (R?).

In general, the homogeneous norm given by (3.2.17)) is not symmetric or subadditive.

Remark 3.2.12. Just as for norms on R¢ and admissible norms on T(Rd), we have
that all the homogeneous norms on the free nilpotent group G (Rd) are equivalent.

So for homogeneous norms || - ||; and || - ||2, there exists a constant C' > 1 such that

1
clall < llgllz < Cliglh. (3.2.18)

for all g € GN(Rd).

Given the above definitions, we would like to explicitly find a homogeneous norm
on the N-step free nilpotent group GV (Rd) that is both symmetric and subadditive.
Such a homogeneous norm can then be used to define a metric on the group GV (Rd).
This will be possible using the Carnot-Caratheodory distance (Theorem 7.32 in [37]).

25



Definition 3.2.13 (Carnot-Caratheodory distance). For g € GN(Rd), we define

1
gl := inf {/ |dy| : 7 is a finite variation path in R? with S((ﬁ) () = g} :
0

Then | - || gives a well-defined homogeneous norm on GV (R?) that is symmetric,

subadditive and continuous. Moreover, it induces the following metric on the group:
d(g,h) =|g" @ h|. (3.2.19)

The above metric is commonly referred to as the “Carnot-Caratheodory distance”.
Moreover, the Carnot-Caratheodory metric (3.2.19) is left-invariant. In other words,

d(goh,g® k) =d(h,k),
for g,h,k € GN(Rd).

Another key concept within rough path theory is the multiplicative functional,
which extends Chen’s relation (Theorem [3.1.20) to paths taking values in 7N (Rd).

We can then define rough paths as multiplicative functionals with certain regularity.

Definition 3.2.14 (Rescaled simplex in R?). We define the simplex Ay C [0,T]* as
Ap = {(s,t) €[0,T:0<s<t<T}.

Definition 3.2.15 (Multiplicative functional). Let N > 1 be a positive integer
and let X : Ap — TW) (R?) be a continuous function. For (s,t) € Ar, we use the

notation X, to denote the image X (s,t). We will refer to X, as the path increment:

Xyp = (XQ, X0, X)) e TV (RY).

st <Yst y N

The function X is called a multiplicative functional of degree N in R? if X s(?t) =1 and
Xow @ Xy = Xoy, (3.2.20)

for all (s,u), (u,t) € Ar.

Remark 3.2.16. Although we have the Chen property (3.2.20)), it does not follow that

a multiplicative functional X of degree N in R? takes its values in the group G (R?).

We shall now introduce the p-variation metric, which will extend the notion of
finite variation given by (13.1.13)) to more irregular paths (such as Brownian motion).

Within rough path theory, there are two popular definitions for the p-variation metric.
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Definition 3.2.17 (The p-variation metric for multiplicative functionals).

For multiplicative functionals X,Y of degree N, we define the p-variation metric as

P
dp-var;[sﬁt] <X7 Y) = n:Hl2a7‘X sup <Z H tlmtk-H - tkvtk-‘rl H > ) (3'2'21)
where supremum is taken over all partitions D of [s, ] and || -|| are admissible norms.

Similarly, we can define the p-variation norm of X by removing Y from the above:

%
B
1X lpvarifsg == _miax S (ZH el > . (3.2.22)

Definition 3.2.18 (The homogeneous p-variation metric for paths in GV).

3

For multiplicative functionals X and Y of degree N and taking values in the N-step

free nilpotent group GV (Rd), we can define the homogeneous p-variation metric as

1/17
Jp—var;[s,t] (X7 Y) = <S%p Z d(th,tk+1 ) Kk,tk_,_l)p) 3 (3223)
k

where d is the Carnot-Caratheodory metric.

Another metric that can be defined on the space of multiplicative functionals is the

a-Holder metric and is intimately related to the p-variation metric given by (3.2.21)).

Definition 3.2.19 (The a-Hoélder metric for multiplicative functionals). For

multiplicative functionals X and Y of degree N, the a-Holder metric is defined as

X5 — v

domarss(X,Y) = , 3.2.24
Hst (s, (X, Y) WX S e ( )
where the || - || are a family of admissible norms on the truncated algebra T (R?).

Just as before, we can define the a-Hélder norm of X by removing Y from the above:

15
X RErT = _ : .
| X || a-r51 5,41 nzgl?a}'}'(szgilgq);gt v — ufre

(3.2.25)

Definition 3.2.20 (The homogeneous a-Hoélder metric for paths in GV).
For multiplicative functionals X and Y of degree N and taking values in the N-step

free nilpotent group GV (Rd), we can define the homogeneous a-Holder metric as

{ d XUU7Yu,v
do-nsis(X,Y) == sup Q

s<u<v<t |’U_u‘a

, (3.2.26)

where d is the Carnot-Caratheodory metric.

27



We can view the p-variation norm as a parametrization invariant version of the

a-Holder norm. Furthermore, we have a simple estimate that relates the two norms.

Theorem 3.2.21. Let X, Y be multiplicative functionals with finite a-Holder norm.

Then on any interval [s,t] with |t — s| < 1, we have
dp—var;[&t] (X,Y) < da—Hijl;[sﬂ(Xy Y)(t — ). (3.2.27)
We will now define the most important object in the chapter, the p-rough path.

Definition 3.2.22 (The p-rough path). Let p > 1 be a constant. Then a p-rough

path in R? is a multiplicative functional of degree |p| in R? with finite p-variation.

For the purposes of this thesis (which primarily focuses on Stratonovich SDEs),

we shall consider a special class of rough path that behave like finite variation paths.

Definition 3.2.23 (Geometric p-rough path). A p-rough path X is said to be
geometric if there exists a sequence of finite variation paths (taking values in R?)

{X,,},>1 which converges to X in the p-variation metric on the group G'L*! (RY), ie
dpvarior) (S0 (X,), X ) = 0, (3.2.28)

as n — o0o. We shall denote the space of geometric p-rough paths in R? by G, (R?).
We now give the main example of a p-rough path, the enhanced Brownian motion.

Theorem 3.2.24 (Enhanced Brownian motion as a geometric p-rough path).
Let W be a standard Brownian motion on [0, 1] and let W™ denote its piecewise linear

discretization on the grid D, = {to < t; < -+ < ton} with t;, = k27", Then forp > 2,
dp-var;[[),l] (S(g,zl) (Wn) 7W> — O, (3229)

as n — oo almost surely, where W is the Stratonovich enhanced Brownian motion:

t t U
W, = (1/ oqu,// odWU®oqu>. (3.2.30)

Remark 3.2.25. By applying the It6-Stratonovich correction to the iterated integrals,

t u ) ] t u ) ) 1
// dWy)@dWy):// odWy)@odWy)—i(t—s)@j,

where 7,7 € {1,--- ,d}, we can construct the It6 enhanced Brownian motion as

t t u
W= (1/ dWM/ / dWU®qu>. (3.2.31)

The It6 enhanced Brownian motion is a p-rough path (p > 2) but is not geometric.
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In this thesis, we are primarily interested in approximating Stratonovich SDEs.
As a result, we will not use the It6 enhanced Brownian motion given by .
Instead, we will extend to a wider class of pathwise approximations of W
(see Theorem in Chapter @ This application of rough path theory will then
lead to sufficient conditions that ensure the convergence of variable step size methods,

which can be challenging to study when step sizes depend on the future values of W.

Since the signature of a finite variation path is defined using Riemann-Stieltjes
integration, its various integrals can be related via the integration by parts formula.
By , it follows that integration by parts will apply to geometric rough paths.
These relationships can be encoded using an operation called the “shuffle product”.

To begin with, we can consider the integration by parts for second iterated integrals.

t t t U t U
/ e / X7 — / / X! dX + / / ey e (3.2.32)

fori,j € {1,---,d}. In order to place (3.2.32)) within a wider algebraic framework,
we will first identify the iterated integrals of X with words built from an alphabet A.

Definition 3.2.26. Let X : [0,7] — R? be a finite variation path and let A denote

an alphabet consisting of d letters. For a word w = wy - - - w,, with w; € A, we define

I: XAT%R

/ / AXU - dX (3.2.33)

s<uy < <up <t

In addition, the map I can be naturally extended to R(A) x Ar by linearity. That is
Dyusago(8,t) := M ILu(s,t) + Xoly(s, 1),
for scalars A, A2 € R and words u,v € A*.
Using the notation given above, integration by parts can be written as
I.(s,t) - Iy(s,t) = Lp(s,t) + Ipa(s,t)
= Lup1ba(5, 1),

for letters a,b € A. Ideally, we would like to generalize the above to I, - I, = Ly,
where * is an operation defined on the algebra of noncommutative polynomials R({A).
We will see that the operation with this desired property is the shuffle product LLI.

As LLI encodes the integration by parts formula, we expect it to be defined recursively.
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Definition 3.2.27 (The shuffle product on noncommutative polynomials).
The shuffle product is the unique bilinear map L1J : R(A) x R(A) — R(A) satisfying

wa LJvb = (ulJvb)a + (va LLJv)b, Va,be A, Yu,v € A%, (3.2.34)
ulllde = elldu = u, Yu € A%,
where e denotes the empty word.

The shuffle product between words v = u; - - -u,, and v = vy - - - v,, can be viewed
as the sum of all words w constructed from the n+m letters {uy, -+, up, vy, -+ , U}
such that u can be obtained from w by removing the letters of v and vice versa for v.
Hence, each word w can be defined from u and v using a rifle shuffle permutation.

We shall give some examples to illustrate this interpretation of the shuffle product.
Example 3.2.28. ablUzy = (aLlWzy)b+ (ablLliz)y
= ((eldzy)a+ (a ltx)y)b+ ((a Llx)b+ (abLe)x)y
= zyab + (ax + za)yb + (ax + za)by + abry
= zyab + axyb + rayb + axby + xaby + abxy.
Example 3.2.29. a LU (w; -+ wy) = (e LU (wy -+ wy))a+ (a L (wy -+ wy—1) ) wy,
= (w1 wy)a + (wy - wp—1) aw,

+ (a L (wy « - - wy_2)) Wy 1wy,

— (wl---wn)a+Z(w1---wk)a(wk+1---wn)

+a(wy - wy).
The shuffle product is important in rough path theory due to the below theorem:

Theorem 3.2.30 (Shuffle product encodes the integration by parts formula).
Let X : [0,T] — R? be a finite variation path. Then with the above notation, we have

L(s,t) - I,(s,t) = Luuw(s,t), (3.2.35)
for all u,v € R(A). In addition, extends naturally to geometric rough paths.

Since the signature of “space-time” Brownian motion X}" := (¢, W;) can be viewed
as a geometric rough path, we will be able to use the shuffle product to simplify
calculations whenever a product of iterated integrals between W and time appear.
This shall be particularly helpful in Chapter (Theorem where we are interested

in finding efficient methods for approximating certain triple iterated integrals of X" .
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3.3 The universal limit theorem and Davie’s lemma

In previous sections, we have presented some of the key objects in rough path theory
but have yet to connect these objects to the controlled differential equation (3.0.1)).
Therefore, we shall begin this section by outlining two prominent definitions for the
solution of a “rough differential equation” driven by a geometric p-rough path X.
Whilst RDEs can be defined more generally, the definition due to Davie [26] will

suffice for studying Stratonovich SDEs driven by multidimensional Brownian motion.

Definition 3.3.1 (Davie’s definition of RDE solution). Let X = (1, X", X®)
be a p-rough path in R? with p € [2,3) and for each i € {1,---d} let f; : R® — R
denote a continuously differentiable vector field. We use the map f : R® — L’(Rd, Re)
to represent the collection of vector fields, f(y)z := 3, fi(y)z' for y € R® and z € R%.
We say that Y : [0,7] — R® is a solution to the rough differential equation (or RDE)

dYy = f(Yy) dXy, (3.3.1)
Yo = 57
if there exits a non-negative function € on [0, c0) such that 8(h) = o(h) as h — 0 and

<0(t—s), (3.3.2)

s,t

|V = e = 100X = D)) X

for all s,t € Ap, where Df : R® — E(Re, E(Rd,Re)) is the Fréchet derivative of f
and (Df) f : R® — L((RY)¥*Re).

In addition, we shall also describe the original approach due to Lyons [70} [72].
That said, we will not give the key details as certain concepts have not be introduced
within this chapter (such as almost rough paths and integration along rough paths).
As well as applying to SDEs driven by Brownian motion, the Lyon’s definition also

“works” in the rougher setting (i.e. when X only has finite p-variation for p > 3).

Remark 3.3.2 (Lyon’s definition of RDE solution). We will briefly outline the
approach taken by Lyons to define the solution of a rough differential equation [70, [72].
As one might expect, the RDE ([3.3.1)) could be formulated as an integral equation.

To do this, we require a theory of rough integration that can give precise meaning to

/ S(2)dZ. (3.3.3)

0

where Z = m(Z) and ¢ is sufficiently smooth (i.e. Lip(y), as in definition [3.0.3)).
In particular, when Z = S&’%(Z) for some finite variation path Z : [0,7] — R%, we
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would like (3.3.3) to coincide with the usual Riemann-Stieltjes integral [;(Z)dZ.
With a notion of rough integration, one can make sense of (3.3.1) by defining Z to
be the geometric p-rough path in R? @ R satisfying the following integral equation:

Z,. = / o(2)dZ, (3.3.4)

where Z =m(Z) = (X,Y) and p(Z) = (fél/) 8)

The solution Y can then be defined as a projection of Z onto its second component.

With Lyons’ definition of RDE solution, it is possible to present one of the main
results within rough path theory, the Universal Limit Theorem (Theorem 5.3 in [72]).

Theorem 3.3.3 (Universal Limit Theorem). Let p > 1 and f : R® — /J(]Rd,Re)
be Lip(y) function with v > p. Then for all X € GQ,(R?) and & € R®, the equation

dY, = f(Yy) dX,, (3.3.5)
YE) = 57

admits a unique solution Z € GSQ,(R*@R®) which on a path level is m(Z) = (X,Y)
(as outlined by remark[3.3.4 and given by definition 5.1 in [72]) and the solution map

D GQ,(RY) x R® = GQ,(RY),
(X, —Y,

is the unique extension of the standard solution map (i.e. when X has finite variation)

that is continuous in the p-variation topology.

For the purposes of this thesis (where we study Brownian motion and p € (2,3)),

it suffices to consider Davie’s definition due to the result below (Theorem 3.3 in [26]):

Theorem 3.3.4 (RDE solutions when p < 3). Suppose that X is a geometric
p-rough path with p € [2,3) and f : R® — E(Rd, Re) is a Lip(y) function with v > p.
Then the Davie and Lyons definitions for the solution of RDE are equivalent.

In Chapter [6] the universal limit theorem will enable us to establish pathwise
convergence for a certain class of SDE approximation (namely the solutions of ODEs
that are driven by piecewise polynomials and constructed using variable step sizes).
However in practice, one would not expect a numerical method to exactly solve these
“polynomial driven ODEs”. On the other hand, it is possible to develop numerical
methods that are close to a polynomial-ODE (local errors are o(h), similar to (3.3.2)).
To show convergence for this larger, and more practical, class of variable step size

approximation, we should quantify how the flow of an RDE propagates local errors.
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This analysis will be made possible due to another key result in rough path theory,

Davie’s lemma (also called Davie’s estimate). In addition to showing that an RDE

solution depends continuously on its initial condition, vector field and driving path,
Davie’s lemma tells us that all these dependencies are Lipschitz (in the usual sense).

Before introducing these estimates, we will define a norm on the Lip(y) vector fields.

Definition 3.3.5. For v > 1, we define the norm of a Lip(y) function f:R® — R€,

[v] _ Dl
T ::max{sup 1D/ @) = D@l {sup HD’“f(y)H}},

z,yeRe ”x_yH{’Y} ’k:()vlv"'7|_'w_1 yeRe

where {7} := 1 for v € N and {7} := v — |v] otherwise.

Using this norm, we shall now present Davie’s lemma (Theorem 10.29 from [37]).
Theorem 3.3.6 (Davie’s lemma). Suppose that v > p > 1 and consider the RDEs:
av; = f1(v}) dx},

Yy =&,
a7 = f2(¥2) dX?,
Y§ = &,

where X' and X2 denote geometric p-rough paths in R with HXiH%-Hél;[O,T] <1,
S5 Re — L(RYR?) are collections of d Lip(vy) vector fields, &,& € R® are the
initial conditions for the solutions Y1, Y? : [0,T] — R® and k is an upper bound on
the norms || f!|Lip(y) and || f?||Lip(r)- Then the RDE solutions Y, Y? are well-defined
(as geometric p-rough paths in R®) and there exists a constant C(7,p) > 0 such that

d%-Hél;[O,T} (Y17 Y2) <C <kHY61 - Y02|| + ||f1 - f2HLip(v—1) + kd%—Hél;[O,T} (Xla X2)>
- exp(CkPT). (3.3.6)
Remark 3.3.7. As one might expect, there is a version of Davie’s lemma in p-variation:

dp—var;[O,T} (Y17 Y2) S C1(]{:||Y01 - YO2|| + “fl - f2HLip('y—1) + kdp_var;[O,T} (Xl’ Xz))
- exp(CkPvP), (3.3.7)

where v is a bound on | X ||,varo.7) and || X2 ||pvar;o,7] -

In Chapter 6, we are interested in quantifying the propagation of local errors.

Therefore, we only require a Lipschitz property for the RDE flow and will apply
Davie’s lemma (3.3.6)) in the case when f! = f2 and X' = X2 (see Theorem [6.2.18)).
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3.4 The Taylor expansion and log-ODE method
for RDEs

Just as for SDEs, Taylor expansions are an important tool within rough path theory.
Moreover, such RDE expansions naturally lead to a canonical ODE approximation
known as the log-ODE method, which we study in the SDE setting in Chapter [4]
The below expansion (Theorem 1.1 of [9]) also inspired the methods in Chapter

Theorem 3.4.1 (Rough Taylor expansion). Let X be a geometric p-rough path
in R with p € [2,3) and let f : R® — E(Rd,Re) denote a Lip(7y) function with v > p.
Let Y be the unique solution of defined in either the Davie or Lyons sense.

Then Y; can be expanded as a function of Yy along with a remainder term as follows:

Vv S fefudd(v) [ axyeaxs @y
k=1 iy, ixe{l,—,d}

+ Rl_’YJ (}/SJX7 [SvtD

s<uy < - <up<t

where
Rn(Yy, X, [s,t]) (3.4.2)

= X [ R B~ fae f (Y X dXC
ily"':iNe{lv'”vd}s<u1<...<uN<t

with the differential operators f;, --- fi\, defined by from the previous chapter.
In addition, there exists a positive constant C, > 0, that depends only on p, such that
1

(&)

where we use the gamma function ' to define the factorial (L%J)! =T (% + 1) and

RN (Y, X [s,1])]| < BUIM, | fllo 1 X (3.4.3)

p-var;[s,t]’

lp]+1 lp]+1
My = 2C, (I luiper-aten V1™ (1K pvarsg V1)
- ok ymin(y—m,1)
Hf”OW : L’YJ*LP?}F%}SCkSL’YJ Hf ||Lip(min('y—k,1)7

00 lpJ+1
rep (0 () ).
and the derivatives f°F : R® — /J((]Rd)@k,]Re) are defined inductively for k > 1 by
oY) = f),
FPE () = D)) fy),

fory € Re.
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Remark 3.4.2. Tt is sometimes more convenient to write (3.4.1)) in the following form:

Y, +Zfok XY 4 R (Ye, X, [5,1), (3.4.4)
where
// dX,, ® - @ dX,, € (R
s<uy <--<up<t
for k > 1.

Whilst there is clearly a very detailed analysis required to prove Theorem [3.4.1],

we can make a simple observation concerning the (truncated) rough Taylor expansion

Yo+ > Ry X (3.4.5)

Namely that (3.4.5) is expressible as a linear functional on the signature Sg; (L) (X )

Thus, we define a homomorphism from T(Rd) into the space of differential operators.

Theorem 3.4.3. Let {fi,---, fa} denote a collection of smooth vector fields on R®
and let {f*,--- | f%} denote the corresponding differential operators given by .
Then there exists a unique algebra homomorphism ® from the tensor algebra T(Rd)
(endowed with the tensor product ® ) into the space of differential operators (which is
an algebra under the composition operation given by ) such that ®(1) = Id and

O(e;) = 7, (3.4.6)
for basis vectors {e;} of R? (viewed as elements of T(]Rd) using the inclusion map).

Remark 3.4.4. Using this homomorphism, the Taylor expansion can be written

[
S(SE(X))IA(YL) = Vo + Y FR(v) X . (3.4.7)

k=1
Since SS]J)(X ) e Gl (Rd), we can take the above remark further using exp and log.
(I)(SS(}]D(X)) - q)( exp(L) 1og(LVD) S&VJ)(X))

lv]
1 k
= o 14+ ZE <1Og(hj) Sg’ttvj)(X)>®



Thus, we can view a Taylor expansion as an “exponential” of a differential operator.

(]
VoY XY = e oSO, (49
k=1

where logS;Ltm(X ) is the |v|-step log-signature of the geometric p-rough path X.
Since the log-signature of X is an element of the ||-step free Lie algebra gl7! (Rd),

it can be expressed uniquely with respect to a basis B of gl (Rd). Thus, we will write
logS{y(X) = LL, 0. (3.4.9)
leB

The next key observation is that ®(¢) is a first order differential operator for ¢ € B.

Theorem 3.4.5. Let a,b € T(RY) give first order differential operators ®(a), ®(b).
Then @([a, b]) is also first order (and hence corresponds to a vector field by )

Proof. The result follows from the definition of vector field Lie bracket, (2.3.4). O

Therefore @ (logS,; (D) (X))Id(+) can be viewed as the following vector field on R®:
=) L., o0)1d(-). (3.4.10)

teB
As vector field Lie brackets do not depend on a choice of basis, F' is uniquely
determined by the RDE vector fields {f1,-- -, fa} and the geometric rough path X.
Hence by , a natural approximation of Y; would be the exponential of F' at Y.
These observations motivate the so-called “log-ODE method” for RDEs [57, [71], [10].

Definition 3.4.6 (The log-ODE method). Consider X, f, Y from Theorem [3.4.1]
Then, given Y,, we can approximate Y; by the solution at © = 1 of the below ODE:

— F(Y), (3.4.11)

where F': R® — R€ is the vector field (3.4.10)) defined using the log-signature of X.

Theorem 3.4.7 (Lemma 15 in [I0]). There exists a positive constant C,,., such that

1Ve = Y2 < G I 1T 1 X1 (3.4.12)

p-var;[s,t]*

Remark 3.4.8. The solution at © = 1 of the log-ODE can be viewed as the
solution of an RDE driven by the geodesic path Z with the defining property that
S&t(Z) = exp (logSﬁ,Ltﬂ)(X)). The existence of this path follows by Chow’s theorem.
This makes the log-ODE method well-suited for approximating RDEs on manifolds.
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Chapter 4

A polynomial approximation of
Brownian motion and applications

In this chapter, we will introduce a strong (or pathwise) approximation of standard
Brownian motion by polynomials. As Brownian motion is continuous almost surely,
the Weierstrass approximation theorem [67] shows that polynomials are a sufficiently
rich class of functions for approximating Brownian sample paths on closed intervals.
This was studied in [63], where random Bernstein polynomials were constructed by
interpolating a finite number of points along the Brownian motion. Although this
method converges almost surely, it is not suitable for numerical modelling due to the

large computational cost needed to evaluate Bernstein polynomials with high degree.

In [48], the authors were motivated by the idea of Lévy’s construction which allows
one to discretize Brownian motion as a piecewise linear function using Haar wavelets.
In the paper, they show that this can be extended by discretizing Brownian motion
as a piecewise polynomial using Alpert-Rokhlin multiwavelets (see [8]). However,
explicit formulae is only derived in the piecewise linear and piecewise parabola cases.
Since we expect these wavelets to be more practical than the Bernstein polynomials,
it is the approach of [48] that leads to the main result (Theorem of this chapter.

In the first section, we will prove a “polynomial version” of the Karhunen-Loeve
theorem for the Brownian bridge. This enables us to express Brownian motion as a
weighted sum of orthogonal polynomials where the weights are independent Gaussian
random variables. We shall then explore the relationship between these orthogonal
polynomials and the Alpert-Rokhlin wavelets. In the second section, the polynomial
approximation will be used for studying certain triple iterated integrals of Brownian
motion and time. In particular, we shall derive new optimal estimators for these third

order integrals and compute their respective L?*(IP) approximation errors. These new
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estimators can be directly incorporated into high order numerical methods for SDEs.
This will be demonstrated in the final sections where we develop a Runge-Kutta
method for SDEs with multidimensional additive noise as well as a state-of-the-art
discretization of Inhomogeneous Geometric Brownian Motion (IGBM). The majority

of the results that are presented in this chapter have already been published in [35].

4.1 A polynomial based Karhunen-Loeve theorem
for the Brownian bridge

Before we state and prove the main theorem of this chapter, we shall review the
approach detailed in [48]. In the paper, Brownian motion is generated in terms of

Alpert-Rokhlin multiwavelets (see [8]), which are defined as piecewise polynomials.

Definition 4.1.1 (Alpert-Rokhlin wavelets). For ¢ > 1, define the ¢ functions
¢t o %9 1 [0,1] — R as piecewise polynomials of degree ¢ — 1 with pieces on

0, %], [, 1] and which satisfies the following conditions for 1 <p < g and ¢ € [0,3) :

¢rP(t) = (—1) TP (1 — 1), (4.1.1)
/1 PTP ()" (t) dt = b4, for 1 <r <gq, (4.1.2)
0
/1 thotP(t)dt =0, for 0 <k <q-—1. (4.1.3)
0

The Alpert-Rokhlin multiwavelets of order ¢ can now be generated by translating and

scaling the mother functions ¢%P.

T(t) = —= $V7(2"t — ), (4.1.4)

1
NoT
forn >0and k € {0,---,2" — 1}.

Brownian motion can then be represented using the integrals of the above wavelets,
t
P(t) == / ¢ (s)ds
0
with h!? defined by translating and scaling hly in precisely the same way as (4.1.4)),
hai () = \/—n Ik (27t — k).

For example, the following representation of Brownian motion was established in [4§].
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Theorem 4.1.2 (Brownian motion expressed in terms of quadratic polynomials).

oo 2"—-1 2

W(t) =aot+arV3t(L—t)+ > > S aBn2(t), forte[0,1],  (4.15)

n=0 k=0 p=1

where the weights ag, ay, afﬁg are independent standard normal random variables and

pai = [V3H1=20), for t€10,5]
oo \") = \/§(1—t)(1—2t), for te [%,1] ’
o (i@, for 1€ [0.3]
hoo (1) = {(t— 1)(3t —2), for t e [%,1} .

It is also highlighted in [48] that the random coefficient a; is the integral of the basis
function v/3(2t — 1) with respect to the Brownian path. Since ay corresponds to the
endpoint W7, it is straightforward to produce a graph comparing a finely discretized

Brownian sample path against the approximation we obtain from truncating (4.1.5)).

—Brownian path ——Brownian path
0.2 0.2 4

——Piecewise linear approximation ——Piecewise parabola approximation

0.2 4
-0.4
-0.6

-0.8

-1.2

-1.4

-1.6 T ] -1.6

Figure 4.1: Brownian motion approximated by piecewise linear and parabola paths.
Both discretizations require ten independent Gaussian random variables to generate.

The above figure seems to indicate that the piecewise parabola may be a more
effective approximant for Brownian motion than the standard piecewise linear path.
As we shall see, the reason for this is that parabolas can capture the “space-time”

area of a path. This fact will be exploited in one of our numerical methods for SDEs.

The main result of this chapter provides a representation of Brownian motion in
terms of Jacobi-like polynomials. The proof follows the standard argument for the
Karhunen-Loeve theorem, but relies on the new discovery that a class of orthogonal
polynomials are eigenfunctions of an integral operator defined from the Brownian

bridge covariance function. After establishing a defining property for these basis
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functions, we shall give an explicit formula for them in terms of the well-studied
Jacobi polynomials. In addition, these polynomials can then be used to interpret the

geometrical features that certain iterated integrals encode about the Brownian path.
Theorem 4.1.3 (A polynomial Karhunen-Loéve theorem for the Brownian bridge).

Let B denote a Brownian bridge on [0,1] and consider the Borel measure p given by

b
1
p(a,b) == /a mdw, for all open intervals (a,b) C [0, 1].

Then there ezists a family of orthogonal polynomials {ey }r>1 with deg (ex) = k+1 and

1
/ eiej dp = 0;,
0

with §;; denoting the Kronecker delta, such that B admits the following representation

B=>Ie, (4.1.6)
k=1
where {1} is the collection of independent centered Gaussian random variables with
1
ek (1)
Iy = | B- dt 4.1.7
g /0 TE R (4.1.7)
and
Var(T) = £
ar = —.
YT k(k+ 1)

Moreover, {ex} is an optimal orthonormal basis of L*([0, 1], i) for approximating B

using truncated series expansions with respect to the following weighted L*(P) norm

||X||Lﬁ(P) = \/E [/0 (Xs)2 du(s)

where X 1s a square p-integrable process.

)

Proof. Our argument is that of the Karhunen-Loéve theorem in general L? spaces.

Note that B is a square p-integrable process as

E [/0 (B,)? d,u(s)] :/0 E[(B,)?] du(s) :/0 s(1—s)- s(l—l—s)ds =1<o0.

Let Kp denote the covariance function for the standard Brownian bridge on [0, 1].

One can show by direct calculation that

1 1
. 1
1Kol = [ [ (in(s,t) = st dus) du(t) = 57 = 3 < oc.
0 0
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Hence, it follows that the integral operator Tk : L2([0,1], u) — L2([0, 1], u) given by

(Twc f)(t / Kp(s,t)f(s) du(s),

is well-defined and continuous.

Furthermore, the function kg on [0, 1] defined as kg(x) := Kp(x,x) is u-integrable as

/0 |kB<x>|du<x>:/0 x(l—:v)-ﬁd:v:1<oo.

It is now possible to apply Mercer’s theorem for kernels on general L? spaces (see [18]).
It then follows from Mercer’s theorem that there exists an orthonormal set {ej }x>1 of
L*([0,1], p) consisting of eigenfunctions of Tk such that the corresponding sequence
of eigenvalues {\; }r>1 is non-negative. Moreover, the eigenfunctions corresponding to

non-zero eigenvalues are continuous on [0, 1] and the kernel K has the representation

t) = i /\kek(s) ek(t), (418)
k=1

where the series converges absolutely and uniformly on the compact subsets of [0, 1].
In the next part of the proof, we’ll show that each e is a polynomial of degree k + 1.

As each e, is an eigenfunction of Ty, we have

/ min( 1 . st ————er(s)ds = A\pex(t). (4.1.9)

Since e, € L*([0,1], i), it follows that e(0) = 0 and ex(1) = 0 for each k > 1.
Therefore by using the Leibniz integral rule to twice differentiate both sides of (4.1.9)
and then multiplying by ¢(1 —t), we observe that e, satisfies the differential equation,

H(1 — )Ml (t) + ex(t) = 0. (4.1.10)

Since e # 0, we have that \; # 0. Thus we can write the above in the standard form

1

en(t) +
Since the function t~!(1—¢)~! only has order 1 poles, the above ODE will have regular
singular points at 0 and 1. Therefore we can apply the Frobenius method to (4.1.11)
(see Chapter 4 of [90]). That is, we write e, using it power series expansion at zero,

o)

t)y=> aPt", (4.1.12)
n=1
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and then substitute it into the second order ODE (4.1.10])). This gives the following:

S+ D) +2)ally " =+ 1)(n+ 2)ay "+ A el e =0,
n=0 n=0 n=0

Thus, by equating the coefficients of each monomial, we have

n(n + 1)a£f+)1 =(n(n—1)="a k) (4.1.13)

n

for n > 1 and so each coefficient is given by

n—1.,. -1
w_ (Tl =D =X ) ®
a,’ = — Y | ay .
" (H i(i+1) !
We assume for a contradiction that A, ! is not of the form i(i — 1) for some i > 1.
Then lim aglk) exists and is non-zero when agk) # 0. So by the limit comparison test,
n—oo
we see that for each ¢ € [0, 1],

o0 [e.9]

Z a®¢" converges if and only if Z t" converges.

n
n=1 n=1

Thus the series does not converge at 1 which gives a contraction as e;(1) = 0.
Hence A, ! = i(i + 1) for some i > 1. Without loss of generality, we can let {\, ' }1>1
be an increasing sequence with A\; ' = k(k+1). Then by the series expansion (4.1.12)
and the recurrence relation , we see that ey is a polynomial with degree k4 1.

Differentiating both sides of ODE (4.1.10)) yields

d> d
t(1 — t)@(e;) +(1— 2t)a(e;) + k(k+ 1)e,(t) = 0.
For x € [—1, 1], we define the function
et
yr(x) =€} 5(1 +z)].

Thus y;. satisfies the following differential equation
(1 —2Hyy(z) — 2zy,(z) + k(k + Dyp(z) = 0. (4.1.14)

Remarkably, this is the Legendre differential equation [31] and so y; is proportional
the k-th Legendre polynomial (as we have already established that e} is a polynomial).

Hence ¢, is a constant multiple of the integral of the k-th shifted Legendre polynomial.
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We now define the following integrals for k£ > 1,

ex (1)
I, = /()Bt t(l—t)dt'

It follows from Fubini’s theorem that

E[I;] =0,

_E [ / 1 / BBy exfs) e3(t) du(s) du(t)]
// (B, B ex(s) e5(t) diu(s) dpu(t
:/0 (/ K(s,t) ei(s) dp(s >> dpt)

Since each [Ij is defined by a linear functional on the same Gaussian process B, we see
from the above that {I;} is a collection of uncorrelated (and therefore independent)

Gaussian random variables with

E[I] =0,
1
k(k+1)

Finally, the L?(IP) convergence we require follows as

(Bt -y Ikek(t)> =kp(t) +E | Y Llet)e;(t)
k=1

i,j=1

N
)+ Nei(t) — 2R
=1
N
=) el (t)
=1

which converges to 0 by Mercer’s theorem (4.1.8)).

Var(]k) =

—2E

Bt i Ikek(t)]

k=1

Z/{) B.Bieils)a(t) du(s)]

All that remains is to prove optimality for the truncated series expansions of (4.1.6)).
Let {f};>, denote an orthonormal basis of L*([0, 1], u1) such that

> 1
B = Z kak7 where Jk = / Bt fk(t) d,u(t), vk Z 1.
k=1

0

For each n > 1, we will consider the associated error process r,, := > Ji fr.
k=n-+1
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Then the square L?*(P) norm of the error process admits the following expansion,

> Jiiji(t)fj(t)]

2
7 () 2y = E

i=n+1 j=n+1
-y = [//BBtfz ) fi )du()du()]fl()fg()
-y Y ( I/ KB(S,t)fi(S)fj(t)du(S)du(t)) FO50).

Integrating the above with respect to p and using the orthogonality of {fi} gives

Il = /H Zage) it Z/O/Kgstfk ) fult) dia(s) du(t).

Note that an optimal orthonormal basis of L?([0, 1], 1) solves the following problem:
min Hrnl‘Lﬁ(P) subject to | fill 2 (o1, = 1-

By introducing Lagrange multipliers vy, we wish to find functions { fx} that minimize
! 2
Bl = > [ [ Kol o) 50 (o)) ~ ( | (s auts) - 1) .
k=n+1 0 0
We will now consider the following square integrable functions, defined for s, ¢ € (0,1):
1 ~ 1 1

fk(t)::fk(t).m, KB(S,t)Z:KB(S7t)'\/ = Vi1

Therefore it is enough to find a family of functions {f} in L2([0,1]) that minimizes

Bal{f)] = Z//KBstfk ﬁ()dsdt—vk(/o (Fels))’ s—1>

k=n-+1

To find a minimizer, we set the functional derivative of E,, with respect to fy to zero.

3fk / KB (s, t)f ds—Qkak(t) =0

By using the definitions of f, and Kp, it is trivial to show the above is equivalent to
1
| Kl (o) dus) = vefute),
0

which is satisfied if and only if f, are eigenfunctions of Tk. m
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As Brownian motion is expressible as the sum of its straight line approximation

and an independent Brownian bridge, the above theorem can be naturally extended.

Corollary 4.1.4 (A polynomial decomposition of Brownian motion). Let W be a
standard Brownian motion on [0,1] and let B denote the associated bridge process.
Then by Theorem [f.1.3, we have the following series representation for W :

W =Wieo+ Y Iy, (4.1.15)
k=1

where ey(t) :=t fort € [0,1], and the random variables {1} are independent of W;.

_ Wy x +[1><

_|_IQ>< —|_]3></\

Figure 4.2: Brownian motion as a sum of polynomials with independent weights.
The polynomials are orthogonal and capture different time integrals of the path.

Since e, € L*([0, 1], u) for each k > 1, it follows that ej, has roots at the endpoints,
er(0) = ex(1) = 0. This implies that ey - ﬁ is a polynomial but with degree k£ — 1.
Thus we can use integration by parts to express the stochastic integrals {I;} defined

in Theorem [4.1.6|in terms of the following iterated integrals of the Brownian bridge:

/ ledsl,/ ledslds%---,/ B dsy -+ ds,, -
0<s1<1 0<s1<s52<1 0<s1< - <sp<1

These are special coordinate integrals that appear in the signature of a space-time
Brownian bridge X/ := (¢, B;). Theorem [4.1.3)will help us to interpret these integrals
and what they encode about the trajectory of the Brownian path. In essence, the
first n iterated time integrals describe a polynomial approximant with degree n + 1.

In order to establish this general idea as a theorem, we require the following lemma.
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Lemma 4.1.5. For eachn > 1, there exists a lower triangular n x n matriz M, with

non-zero diagonal entries such that

I f0<51<1 By, ds,
: (4.1.16)
B, dsy -+ ds,

f0<31<---<sn<1

Proof. 1t has already been shown that e, - ﬁ is a polynomial with degree k — 1.

Hence we can apply the integration by parts formula k& — 1 times to express I as a

o 7f0<81<"'<8k<1 By, dsy - - dsk}'

Importantly, the coefficient that appears in front of f0<51<m<8k<1 Bg, dsy - -+ dsy is

non-zero as the (k — 1)-th derivative of ey - ﬁ is non-zero. O

linear combination of integrals in { fo <sy<l By, dsy, -

Since M,, is a lower triangular matrix with a non-zero diagonal, it is invertible.
Therefore both of the column vectors in carry precisely the same information
about the Brownian bridge. As a result, we can establish the following connection
between Brownian motion, polynomials and certain coordinate integrals appearing in
the signature of XV := (¢, W,).

Theorem 4.1.6. Consider the following unbiased estimator of a one-dimensional

Brownian motion over the interval [0, 1],

th =E [Wt Wl,/ Wsl dSl, cee ,/ W51 d81 s dSn_l . (4117)
0<s1<1 0<s1<+<Sp—1<1

Then W™ is the unique polynomial of degree n with a root at 0 such that W' = W,

and f0<81<m<5k<1Wg dsy--- ds, = f0<81<m<5k<1W31 dsy---dsy for1 <k <n-—1.

Proof. Tt is a direct consequence of lemma that W) = E[W, | W1, I, , I,_4].
Therefore by Corollary and independence of the random variables {Wy, I, - -},
we have that

n—1

Wn:W160+ZIk€k. (4.1.18)

k=1
Hence W™ is a polynomial of degree n with a root at 0 and has the same increment
as the Brownian path. Without loss of generality, we shall be assuming that n > 2.
It now suffices to show that W™ matches the n — 1 iterated integrals given in (4.1.17]).

Recall that the stochastic integrals {I;} are defined in terms of a Brownian bridge as

e ex (t)
Ik—/o Bt-t(l_t)dt.
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Using the orthogonality of {e;}, it is a consequence of (4.1.18]) that for 1 < k <n—1:

I = /01 (Wt - Wleo(t)> : t(€1k @t) dt

= /0 <Wt" + Y Lnen(t) - Wleo(t)> : t(ef@t) dt

m=n

_ /0 1 (Wt” - Wle()(t)) . t(e1k @t) dt + ilm /0 1 —e”; ((f)_ekt )(t) dt

= /01 <th — W160(t)> . t(elkg)t) dt.

Therefore W™ matches the integrals of Brownian motion against polynomials with

degree at most n — 1. The result now follows from the integration by parts argument
used in the proof of lemma O

1 A —Brownian path —Brownian path

Polynomial approximation (degree = 3) ——Polynomial approximation (degree = 4)

0.8 4

-0.6 4

-0.8 4

0 0.5 1
t t

Figure 4.3: Sample paths of Brownian motion with their polynomial approximations.

Whilst the approximation theorems we have seen are interesting from a theoretical
viewpoint, there has been no explicit formula for the orthogonal polynomials {ey}.
Fortunately, it was identified in the proof of Theorem that the derivative e is
proportional to the k-th shifted Legendre polynomial. As a result, we would expect
that each ey, is a (normalized) shifted («, 5)-Jacobi polynomial but with « = = —1.
Since Jacobi polynomials are traditionally studied with «, 5 > —1, it is important
to check that there are no issues appearing as both of these parameters tend to —1.
After establishing the existence of this non-standard family of Jacobi polynomials,

we shall derive explicit constructions for them and hence also for the functions {e}.

Lemma 4.1.7. Let P,EQ’B) denote the k-th degree («, B)-Jacobi polynomial on [—1,1].
Then for k > 2, there exists a real-valued polynomial Py such that HP;C—P,gO"ﬁ)”OO — 0
as a, 3 — —1T.
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Proof. Consider the following integral relationship for (o, §)-Jacobi polynomials with
a, > —1 (see [96]).

k 1 [
P,sa”g)(w) = %/ Pk(ff’ﬁﬂ)(u) du, forall k> 2. (4.1.19)
-1
Define a real-valued polynomial P, on [—1, 1] by
E—1 [
Pel() = =5 POYw)du, for all k> 2, (4.1.20)
-1

Since the terms of («, §)-Jacobi polynomials depend continuously on («, 3), we have

P = limg 50 PA* for n > 1. The result follows from (4.1.19) and (4.1.20). O
Hence, we can take the limit o, 3 — —17 so that the definition below makes sense.
Definition 4.1.8. For k£ > 2, the k-th degree (—1, —1)-Jacobi polynomial Pk('l"l) is

pfMY = lim P

a,——1%
Using the above definition, it is now straightforward to produce an explicit formula

for the family of orthogonal polynomials {ej} originally appearing in Theorem m

Theorem 4.1.9. Suppose each e has a positive leading coefficient. Then for k > 1,

1 1,-
ex(t) = E\/k(k +1)(2k+1) PSSV (2t —1), Vie(o,1].
Proof. The following result is stated in [96]:

1 a+p+1
e B(P@B) ()2 do — — 2 Fnta+DI(n+4+1)
/_1(1 )1+ 2) (B () dx_2n+a+ﬁ+1 L(n+a+p+1)n!

Y

for n > 1 and «, 8 > —1. Applying the change of variables, ¢ := 1 (z + 1), we have
! 1 r T 1
/ (1 — 1) (P (2t — 1)) %dt = (n+at+ln+5+1)
0 2n+a+pf+1 T'n+a+5+1)n!
for n > 1 and «, 8 > —1. By definition [4.1.8| taking the limit «, § — —1% will yield
bl 2 1 — 1! (n—1)!
/ ——— (RS (2t — 1)) dt = (n=1in—1)
o t(1—1) 2n—1 nl(n—2)!
1 n-1
S 2n—1 n

9

, forall n> 2.

Therefore by setting k :=n — 1, we have

1 1 (1 2
N E(k+1)(2k 1P(‘1"1)2t—1) dt =1, forall k> 1.
| =g (GREDRE= D P2 - ) . forallk>

Note that the construction of P in the proof of lemma implies that each e(t) is

proportional to P,gi{l) (2t—1). The result now follows from the above calculations. [
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In practice, there are at least two different methodologies for computing the

Jacobi-like polynomials P,E'l"l). These approaches are outlined by the theorems below.

Theorem 4.1.10 (A recurrence relation for constructing Jacobi-like polynomials).

For each n > 2, we have
n(n+2)P0 (@) = (n+1)@2n+ 1D)aP S (@) — n(n+ DR (), (4.1.21)

where the initial polynomials are given by

P (@) = 3 @ = e+ 1),

P& () = %x(m — 1)z +1).

Proof. The following recurrence relation for Jacobi polynomials is given in [96],

2k + 1)(k+a+ B+ D)2k +a+ )P (x)
=2k +a+B+1)((2k+a+B)(2k +a+ B+ 2)x +a® - 52) B ()
—2(k + a)(k + 8)(2k + a + 8+ 2) PP (),

for k > 1 and «, 8 > —1. By definition 4.1.8], it is possible to take the limit a, 8 — 17
provided that k > 3. Therefore, taking this limit and setting n = k — 1 > 2 produces

4n2(n + 2)P,Ei’2'1)(x) =4dn(n+1)(2n + 1):EP751’1'1)($) — 4n2(n +1) Pé'l"l)(m),

for n > 2. Dividing the above by 4n gives the required recurrence relation (4.1.21)).

Finally the below formula, stated in [96], can be used to compute PQ('l"l) and P?E'l"l):

Pe) = G (=)™ ()™ 2 (- (™), oz 2
"n! "

As before we take a, 3 — 17 in the above to obtain an explicit formula for Py O

In addition to computing these polynomials via a recurrence relation, it is also

) as the difference of two rescaled Legendre polynomials.

possible to express each Pﬁ'l"l
Since the Legendre polynomials already have efficient implementations in the majority

of high-level programming languages, this second approach is particularly appealing.

Theorem 4.1.11 (Relationship between the Jacobi-like and Legendre polynomials).

Forn > 1, we have

. n
C 4An+2

P (@) (Quir(@) = Quoa (@),
where Qy denotes the degree k Legendre polynomial defined on [—1,1].

49



Proof. Recall that %(P,,Ei’l_l)) = gPT(LO’O) for n > 1, where P,&O’O)(: Q) denotes the

degree n Legendre polynomial. Therefore differentiating both sides of (4.1.21)) yields
1 - 1
51+ D0+ 2)Quir(2) = (n+ 1) 20+ VP (@) + gnln +1)(2n +1)2Qu(a)

— %n(n —D(n+1)Qn-1(z).

Hence by simplifying and rearranging the above, we have that for n > 1,
(-1,1) 1
2n+ 1P (@) = 51 (Qnii(2) — @ua(2))

1
We see the last term is zero by a recurrence relation for Legendre polynomials [31]. O

Using the above theorem, one can generate plots of these “Brownian polynomials”.

Brownian polynomial (degree = 100)

2 T

_05 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Figure 4.4: A polynomial sample path of Brownian motion that has degree 100.

Matlab code for producing such plots can be found at the following web page:

www.chebfun.org /examples/stats/RandomPolynomials.html

20


https://www.chebfun.org/examples/stats/RandomPolynomials.html

The first four orthogonal polynomials are given below for ¢ € [0, 1]:

er(t) = V6t —1),
ea(t) = V30t(t — 1)(2t — 1),

es(t) = it(t _ ) ((2t I é) ,

215

ea(t) = —t(t _2t—1) ((m 12— %) |

In addition to viewing the polynomials {e;} as orthogonal with respect to the
weight function w(z) := m,
In particular, for 1 < k <n — 1, we have

! 1
/ en(s1)dsy -+ dsp = / en(s) d(—'sk>
0<s1 < <sp<1 0 k!

1 o
:m/o s* e, (s) ds

1 /!
=1 she! (s)ds
+Jo

=0, (by the orthogonality of e}.) .

we can characterize them via their iterated integrals.

Thus for k£ > 1, e, is a polynomial with degree k 4 1 that has zeroes at 0 and 1
as well as k — 1 trivial iterated integrals against time. By additionally specifying the

k-th iterated time integral, it is then possible to characterize the k-th polynomial e.

We shall now address the relationship between the Jacobi-like polynomials {ey}
and the Alpert-Rokhlin multiwavelets given by definition|4.1.1, Recall that the family
of polynomials {ej } is orthogonal with respect to the standard LQ([O 1]) inner product.
This orthogonality is exactly what is needed to satisfy conditions and -
So for any ¢ > 1 there exists an Alpert-Rokhlin mother function of order ¢ that is a
piecewise polynomial where both pieces can be translated and rescaled to give e]_;.
Since it is the integrals of Alpert-Rokhlin wavelets that form the approximants for
the Brownian path, we see that both of the approaches discussed in this chapter will

create the same family of piecewise polynomial approximations of Brownian motion.

Finally, we shall study the error processes corresponding to these polynomial
approximations. In particular, we will focus on the two simplest non-trivial cases
(when the polynomial approximant is quadratic or cubic). It will be shown that

these error processes are independent and Gaussian with interesting variance profiles.
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Theorem 4.1.12. Let W denote a standard real-valued Brownian motion on [0, 1].

Let W™ be the unique n-th degree random polynomial with a root at 0 and satisfying

1 1
/ude:Z:/udeu, for k=0,1,--- n—1.
0 0

Then W = W™ + Z™, where Z™ 1is a centered Gaussian process independent of W™.

Furthermore, Z™ has the following covariance function:
n—1
Cov(Zl, Z") = Kp(s,t) = Y Mer(s)ex(t), for st €[0,1].
k=1
where Kp denotes the standard Brownian bridge covariance function and {\;}, {ex}

are the eigenvalues and eigenfunctions that were defined in the proof of Theorem[4.1.3

Proof. Tt follows directly from the integration by parts formula that W™ matches the
increment and n — 1 iterated time integrals of Brownian motion appearing in (4.1.17]).
Hence W™ is also the polynomial defined in Theorem [4.1.6|and W = W" 4+ Z™ where

n—1

wn" = W160 + kaek,
k=1

7" = i[kek
k=n

So by Theorem [£.1.3] Z™ is a centered Gaussian process that is independent of W™.

In addition, the covariance function defining Z" can be directly computed as follows:

Cov(Z", Z") = Cov (Z Liei(s), Z e (t))
= Meer(s)ex(t)

n—1
= Kp(s,t) = > _ Mer(s)ex(t), for st €0,1].
k=1

Note that the final line is achieved using the representation of K given by (4.1.8]). [

The above theorem has a simple yet striking conclusion, namely that polynomials
can be unbiased approximants of Brownian motion for which the error process is
independent and can be uniformly estimated in an L?*(P) sense. Since we shall be

investigating some applications of this theorem, we will use the following definitions:
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Definition 4.1.13. The standard Brownian parabola W is the unique quadratic

polynomial on [0, 1] with a root at 0 and satisfying

1 1
W, = W, /Wudu:/ W, du.
0 0

—

Definition 4.1.14. The standard Brownian arch Z is the process Z := W — W.
By Theorem [4.1.12]is the centered Gaussian process on [0, 1] with covariance function

Kz (s,t) = min(s,t) — st — 3st(1 —s)(1 —t), for s,t€]0,1].

alihar .

L

Figure 4.5: Brownian motion can be expressed as a parabola plus independent noise.
In fact, this parabola has the same increment and time integral as the original path.

Definition 4.1.15. The standard n-th degree Brownian polynomial W" is the
n-th degree random polynomial with a root at 0 that was defined in Theorem [4.1.12]

Definition 4.1.16. The standard n-th degree Brownian bridge Z" is the centered
Gaussian process on [0, 1] given as Z" := W — W™ and constructed in Theorem [4.1.12]

In the case n = 3, the above bridge process has the following covariance function:

Kzs (s,t) = min (s,t) — st — 3st(1 — s)(1 — t)
— 5st(1—s)(1—t)(1 —2s)(1 —2t), for s, te]0,1].

By applying the natural scaling of Brownian motion, the above definitions can
be extended to define processes on any interval [s,¢] with finite length h = ¢t — s.
Although the Brownian arch can be viewed in a similar light to the Brownian bridge,
there are clear qualitative and quantitative differences in their covariance functions.
In particular, the Brownian arch has less variance at its midpoint compared to most
points in [s,¢] (by which we mean that [{u € [s,] : Var(Z,) < Var(Z%(SH))H < 3h).
This is in contrast to the Brownian bridge, which has most variance at its midpoint.

Moreover, the Brownian parabola gives a fairly uniform estimate of the original path.
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0 1 0 1

Figure 4.6: Variance profiles of the Brownian arch and third degree bridge over [0, 1].

The polynomial expansion of Brownian motion presented in this section was also
obtained by Habermann in [50] and expressed using shifted Legendre polynomials.
Furthermore, it was shown that the n-th degree bridge process Z™ converges to zero in

an L*(P) sense at a rate of O(\/Lﬁ) and has a variance profile approaching a semicircle.

10 X 1073 Nearly semicircular variance profile
T T T

T

Figure 4.7: Variance profile of the 20th degree Brownian bridge over the unit interval.

It is straightforward to extend all the results in this section to a d-dimensional
Brownian motion W = (W(l), ,W(d)). For example, we can approximate W by
taking d independent polynomial approximations for each coordinate process W®.
There may also be possible extensions of these results to fractional Brownian motion,
however this will not be explored within the thesis. In Chapter [7} we will consider

the multidimensional setting and use the polynomials to study Brownian Lévy area.
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Since we have a polynomial expansion of Brownian motion, it is natural to compare
it to the standard Karhunen—Loeve expansion, which involves trigonometric functions.
Truncating the trigonometric expansion may give a better approximation of W as it

is optimal with respect to the standard L?(IP) norm for stochastic processes on [0, 1],

1 X 2y = \/E [/0 (X,)? ds] ,

whereas the polynomial approach is optimal with respect to a weighted L?(IP) norm.

Therefore we believe the advantage of the polynomial approach is theoretical in that
it leads to new approximations for iterated integrals of Brownian motion and SDEs.
In fact, the majority of approximations proposed within this thesis are based on this

polynomial expansion (one exception being the shifted ODE method in section .

Although we have not found an application for it, we would also like to present a
“rational construction” of Brownian motion that is associated to the polynomials e.

To derive this rational construction, we will first note the following standard result:

Proposition 4.1.17 (Brownian motion as a rescaled time-changed Brownian bridge).
Let B denote a Brownian bridge on [0, 1]. Then the stochastic process W' = {W/}i>¢
given by
I
W) =1+ t)B%H,
has the same law as a standard Brownian motion defined on [0, c0).
Proof. To show the result, it suffices to verify that Cov(W,, W/) = min(s, t). O

By expressing B in terms of the polynomials {ey }, we obtain the following theorem:

Theorem 4.1.18 (Construction of Brownian motion using rational functions). Let
{Zk }k>1 be a sequence of independent normal random variables with Zy, ~ ./\/(O, m)
and {ex }x>1 be the family of orthogonal polynomials given by Theorem and define

W)= Znex(t)
k=1
where €(t) = (1 +t)ex(1) fort > 0 (note that each € is a rational function,).
Then W' has the same law as a standard Brownian motion defined on [0, c0).

Proof. The result follows immediately from Theorem[4.1.3|and Proposition[f.1.17 O

Moreover, we conjecture that {€x}r>1 is a family of Jacobi-like rational functions

1
x(1+x)2 "

on [0,00) which are orthogonal with respect to the weight function w(x) :=
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4.2 Conditional moments of third order iterated
Brownian time integrals

It was shown in the previous section that certain iterated integrals of Brownian motion
and time have a centered Gaussian distribution. In particular, these iterated integrals
are expressible using multiple dt integrators but with only a single dW integrator.
Thus, they correspond to certain linear functionals evaluated on the Brownian path.
It is therefore practical to generate such integrals for the purpose of SDE simulation.

The following integral is not Gaussian and currently can only be approximated [89],

t u v
///OdWTodedu.

In this section, we will derive new optimal and unbiased estimators for the above
quantity and understand their associated L?(PP) errors. These estimators and their
L?(P) errors can then be utilized in numerical methods for SDEs. For example, they
can be directly incorporated into the stochastic Taylor method and the log-ODE or

Castell-Gaines method (see [19, [74]). To achieve this, we use the following definitions:

Definition 4.2.1. The rescaled space-time Lévy area of Brownian motion over

the interval [s, ¢] encodes the signed area of the associated bridge process with time,
S . S, u S u? e
! h J, ’ h !

where h =t — 5. Since e;(t) = V/6t(t — 1), one can see that Hy; corresponds to ‘/?611

as defined in Theorem . Therefore Hgy ~ N (O, 1—12h) and is independent of Wy ;.
] = hHg
Wy

W

T T
N t

Figure 4.8: Space-time Lévy area as the region enclosed by a path and its chord.

Remark 4.2.2. Tt is straightforward to prove that fst [lodW,du = AW, 4+ hH,,
and fst [ dvodW, = $hW,, —hH,,. This fact will be used by the log-ODE method.
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Definition 4.2.3. The rescaled space-time-time Lévy area of Brownian motion

over an interval [s, t] is the below estimator for skewness of the associated arch process.

1 [ uU—S 1
Ko =4s | (Ws,u - TWM) (§h (- s)> du, (4.2.2)

where h =t — s. Since ey(t) = V/30(t — 1)(2t — 1), Ky, will be associated to #@[2
as defined in Theorem1.1.3} So K,; ~ N (0, %h) and is independent of (W, Hy).

— Brownian arch
[\n\ /MM\ Cubic approximation
. W R !
twf‘ M M'AWMU.\JN‘P[AWMM J ﬁ\ ‘ XK st

V

Figure 4.9: Space-time-time Lévy area gives the amplitude of the cubic approximant.

Definition 4.2.4. The space-space-time Lévy area of Brownian motion over an

interval [s, ?] is defined as the following linear combination of triple iterated integrals.

1 t u v t u v
Lsﬂg::é(///odWrodedu—Z///odWrdvoqu (4.2.3)
t u v
—i—///drodWUoqu).

Although it is difficult to describe space-space Lévy area through an illustration,

the lemma below shows why it is an important object for studying iterated integrals.

Lemma 4.2.5. Let Hy; and L, denote the Lévy areas of Brownian motion given by

definitions|4.2. 1| and|4.2.4) respectively. Then the following integral relationships hold,

t u v 1 1
/ / / e} dWr o) de du = éh‘WSQJ» + §th,tHS,t + Ls,tv

t u v 1
///OdWTdUOqu:—hWS%t_2Ls,ta

6
t u v 1 9 1
dr o dWU o) qu = éhWS’t - ths,tHs,t + LS,tu

where h =t — s.
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Proof. By the Markov property of Brownian motion, it is enough to show the result in

the case s = 0. We use the following notation to represent various iterated integrals.

I(t) = /Ot du, I(t) == /toqu,

0
t u t u
L(t) ::/ / dv o dW,, Ly (t) = / odW, du,
0o Jo 0o Jo

t [ v t [ v
Lo (t) := / / / dr o dW, o dW,, Lyrw(t) :== / / / odW, dv o dW,,
o Jo Jo o Jo Jo
t [ v
Lywr (t) == / / / odW, o dW, du.
o Jo Jo

The result then follows by direct computation using the integration by parts formula

(or equivalently the shuffle product on words with letters from the alphabet {7, w}).

1 1 1 1 1
_tW2 ~tWH, Ly = _]T]wIw _]w ]wT - ]Tw ~ ]wa - 2]w7'w ITww
gl + 5t Wille + Ly G + 1 ( )+ 6 ( + )
1 1
- g (ITww + ]wTw + Iwa) + Z (2]wa + ]wTw)
1 1 1 1
- ]wTw 2]7'11)111 _Iwa - _IwTw _ITww
4 ( * )+ 6 3 * 6
= Iwa
1 1 1
_tWQ —2Ly= - I I, Iy — 5 (Lwwr — 2Lrw + Lrww
6 ! 6 3 + Irwo)
1 1
=5 ([Tww + IwTw + [wa) 5 ([wa 2[w'rw + Iﬂuu))
3 3
- IwTw
L Ywm v no= i, -t (e — L)+ (1 2 Lurw + Lrunw)
6 t 2 t4lt t — 6 TLtwdw 4 w wT TW 6 wwT wWTW TWwWwW
1 1
— (L—ww + Ium-w + Iwa) - (2Iww7- + I’ll)T’LU)
3 4
1 1 1 1
n IwTw QITUJ”LU _Iwurr - _Iwrw _ITww
+ 4( + ) + 5 3 +z

TWW *

]

It is also possible to derive similar formulae for the rescaled space-time-time Lévy
area defined previously. These integral relationships can be interpreted using rough
path theory and will be vital to our error analysis for a new version of the log-ODE
(or Castell-Gaines) method. In the last section of this chapter, we shall utilize this

method to accurately discretize Inhomogeneous Geometric Brownian Motion (IGBM).
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Lemma 4.2.6. Let Hy,; and K,; denote the rescaled Lévy areas of Brownian motion

given by definitions|4.2.1 and|4.2.5 Then we have the following integral relationships,

t u v 1 1
/ / / odW, dv du = EhZW&t + QhQHs,t + h* K,

t u v 1
/ / / dr o dW, du = éhQW&t — QhQKS,t,

t u v 1 1
/ / / dr dv o dW, = ghQW&t — §h2H8,t +h* K.

Proof. 1t suffices to prove the result when s = 0. It follows by direct calculation that

t u v tl
/ / / dr dv o dW, :/ —u? o dW,
o Jo Jo 0 2

1 ! 1
= 5152 W, — / Wy d <§u2) (integration by parts)
0

1 t
:_t2Wt—/ uW, du
2 0

=g [ (3:-)
1
——t/Wdu—i—/ Wt<2 u)du

= thW - §t2Ht —l— t2Kt

// / odW, dvdu—// W, dv du
—t/ W, du—/ ud(/ W, dv) (integration by parts)
0 0

t
=t Wudu—/uWudu
0 0

1 1
= 6t2 Wy + §t2Ht + 12 K,. (by the previous calculations)

t U v t u v
/ / / dr o dW, du = / (uWu — / / odW, dv) du  (integration by parts)
o Jo Jo 0 o Jo
t t U v
—/uWudu—// / odW, dv du
0 o Jo Jo

1
= 6t2 W, —2t°K;. (by the previous calculations) [

Using the notation presented in the proof of lemma we can express these

Brownian integrals in terms of the commutator Lie bracket [-, -] on the algebra R(r, w).
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Theorem 4.2.7. Let Hy;, Ls; and K,,; denote the Lévy areas of Brownian motion
over the interval [s,t] given by definitions|4.2.1], |4.2.1 and |4.2.5 respectively. Then

Ws,t - ]'Ll)7
1
hHs,t = El[w,ﬂ7
1
Ls,t = gj[w,[wn']]?
WK, =21
st — 6 [[w,7],7] >

where for any word z € {T,w}" and we define the integral I, := I,(s,t) recursively as

1, if the word z has zero length
L(s,r) = ¢ [] L(s,u) du, if z = x1 for some word x € {T,w}" ,

[ I(s,u) 0 dW,, if z=zw for some word x € {T,w}"
and for words x,y € {T,w}" and \;, \s € R, we can consider the linear combinations
Dyotngy = M1y + Aoy,
e,y = Tay—ya-
Proof. This is a consequence of remark [4.2.2], definition and lemma 4.2.6, [

The above theorem has an interpretation within rough path theory. It shows that
Wsi, Hsy, Lsy and K, can all be viewed as (rescaled) coefficients appearing in the
Stratonovich log-signature of space-time Brownian motion X"V := {(u, W) buelsa-
Specifically, they appear as (rescaled) coefficients of the log-signature with respect
to the Lyndon basis for the free real Lie algebra generated by the alphabet {w,7}.

Log-signatures, Lyndon words and their respective computations are detailed in [83].

Rough path theory also informs us that the log-signature is an efficient method
of encoding information about a path [71]. In the thesis, this will be utilized for
the numerical simulation of SDEs. It is first worth noting that W, Hy,;, K, are all
independent Gaussian random variables and thus it is straightforward to generate or
approximate these quantities in practice. On the other hand, the Lévy area L, poses
a significant challenge as its distribution is non-Gaussian and currently it can only be
approximately generated [89]. This motivates us to study the relationship between
L, and the other “low order” coefficients of the space-time Brownian log-signature.
In particular, the following theorem establishes various conditional moments of L,

that give new unbiased estimators for the truncated log-signature of Brownian motion.
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Theorem 4.2.8 (Conditional moments of Brownian space-space-time Lévy area).

Let Hgy, Ly and K, denote the Brownian Lévy areas we previously defined. Then

3
E Lot | Was, Hor] = %hQ + hHZ,, (4.2.4)
11
Var (L | Wz, Hey) = =———h* + h? < W2, + H2> 4.2.5
ar (Lo | Werr Hea) = 5505+ 1"\ 79 700! (4.2:5)
60

E [Loy | We, Hy, Ko y] = _140 R+ = hH2 — W Koy + — - —hKZ,, (4.2.6)
Var(Lt|WthKt):Lh4+h<1H2+1K2) (4.2.7)

SELTT e s T 88200 700t 497 )

Proof. By the natural Brownian scaling it is enough to prove the result on [0, 1].
Recall that W = W + Z where the parabola W is completely determined by (W5, Hy)
and Z is independent of (W, Hy). This immediately leads to the following calculation,

1 1 Py 9
EU Wfdu‘Wl,Hlle[/ (W +2.) dujwl,Hl
0

0

1 1 1
:E[/ Wjdu+2/ WuZudu+/ ngu‘wl,m]
0 0 0
1A 1A 1
:/ Wjdu+2/ WME[Zu]dqu/ E[Z7] du
0 0 0

1 1
—/ (uWy + 6u(1 —u)Hl)zdu—l—/ u—u? —3u*(1 —u)’du
0 0

1
= / W WP 41202 (1 — u) Wi Hy + 36u*(1 — u)?H; du
0
1
+/ u—u® — 3u*(1 —u)®du
0

6 1
:—W2 Wy H H? + —
t Wit i e

The first conditional expectatlon (4.2.4]) now follows from the above and lemma m

Deriving the first conditional variance (4.2.5)) requires more extensive computations.

1 1 1
ar</ Wfdu‘Wl,H1>:Var(/ Wjdu—/ Wfdu‘Wl,H1>
0 0 0

lA 1

0 0
IA 1

:4Var(/ WuZudu‘WI,H1)+Var(/ Zﬁdu)
0 0
lA 1
+4cov</ WuZudu,/ ngu(wl,m).
0 0
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Recall Z = Z I e, where {1} are independent centered Gaussian random variables.
k=2
In particular, this means that Z and —Z have the same law. Therefore, we have that

1
E [/ WuZudu‘Wl,Hll — 0,
0

1 1
Cov (/ WuZudu,/ ngu‘Wl,[—h) =0.
0 0

The remaining two terms were resolved with assistance from Wolfram Mathematica.

1
ar(/ WuZudu‘Wl,H1>
0

1 1
:/ / W, W, E[Z.Z, | Wh, Hy] dudv
0

and

1ol
= / Wy, W, (min(u, v) — uv — 3uv(l — u)(1 —v)) dudv

1 v 1 2 1 2
= 2/ Wv/ uW, dudv — (/ uW, du) -3 (/ u(l —u)W, du)
0 0 0 0

13 13 1 1 2 1 1 2
s s Ba) - () o (s L)

60 70 2 5
1 1
= —W?*+ —H?.
7201 T 700

W(/Olzgdu)—mz (/Olzgdu>2 —<E[/0125du])2
// E [2227] dudv—(E[/olZSdUD2
_ /01 /olza [Z:]E (2] +2(E12.2.])° dudv - (E [/ol £ dD

—4/01/0v(u—uv—3uv(1—u)(1—v))2 du dv

6300
By lemma|.2.5, we can derive an explicit formula for the conditional variance (4.2.5)).
1! 11 1 1
Var (Li | Wi, Hy) = Var (5 [ W2du| Wi, Hy ) = oo+ oW oo
ar (Ly | Wh, Hy) ar<2/0 w | 1) 25200 720 ' 700

The last two moments (4.2.6) and (4.2.7)) will be shown using a very similar strategy.
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Recall that W = W + Z where the cubic polynomial W is completely determined
by (Wi, Hy, K;) and 7 is a centered Gaussian process independent of (Wh, Hy, Kq).

Moreover, Z is a third degree Brownian bridge and has the below covariance function:
K7 (s,t) = min (s,t) — st — 3st(1 — s)(1 — 1)
—b5st(1—s)(1 —t)(1 —2s)(1 —2t), for s,te€[0,1].

As before, we consider a conditional expectation for the integral of W? against time.

1 1 . .2
E[/ Wfdu‘Wl,Hl,KlizE!/ (W +Z.) du)Wl,Hl,Kli
0 0
1 1 1
:IE[/ W2 du +2 WuZudqu/ Zﬁdu‘Wl,Hl,Kll
0 0 0

1 1 . 1 _
:/ Wjdu+2/ WUE[Zu]dqu/ E[Z?] du
0 0 0
1
:/ (uWy + 6u(l — u)Hy + 60u(l — u)(1 — 2u)K;)” du
0

1
+/ u—u? —3u*(1 —u)? — 5u*(1 —u)*(1 —2u)du
0

1 6 120 3
= W2+ W, H, +-H? - 2W,K; + — K? + —.
3 .+ W 1+5 1 1481 + - 1+70

The second conditional expectation (4.2.6) follows from the above and lemma [4.2.5]
Finally, we will consider the second conditional variance (4.2.7)) for the Lévy area L.

1 lN . 1~
Var (/ Wjdu(wl,Hl,m) — 4 Var (/ Wuzudu(wl,Hl,m) + Var </ ngu)
0 0 0

1 1
+4Cov< WuZudu,/ Zﬁdu‘WI,HbKl).
0

0

Since Z = > Irex, we see that 7 and —Z have the same law. Hence this implies that
k=3

1
E [/ WuZudu’WhHl,Kli —0,
0

and

1 . 1 .
Cov (/ WuZudu,/ Zidu‘Wl,Hl,Kl) ~0.
0 0

Therefore the above conditional variance can be simplified to the following expression:

1 1 . 1~
Var </ Wfdu‘Wl,Hl,K1> = 4Var (/ WuZudu)Wl,Hl,K1> + Var (/ Zjdu)
0 0 0
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The remaining two terms were resolved with assistance from Wolfram Mathematica.

1N ~
Var( WuZudu‘Wl,Hl,&)
0
1 T .
:/ / W.W,E | Z,Z,| Wy, Hy, Ky | dudv
0

= /0 /0 W, W, (min(u, v) — uwv — 3uv(l — u)(1 — v)
—5uv(l —u)(1 —v)(1 = 2u)(1 — 2v)) dudv

:2/01WU/0quududv— </01uWudu)2—3</01u(1—u)Wudu)
~5 (/Olu(l—u)(l—Qu)Wudu>2

13 5 13 1 5
:2( W2 WiH, — — WK H} — —H K —K2>
1571 T i T it i m g i 2 G

2

() () ()
- H K
v(/Zdu>:E </2du) _<E[/2du]>
- [ [mzzw - (e[ [ Za])
- [ [ szmmz o (@2.20) auar- (e /ZdD
:4/01/0v(u—uv—3uv(1—u)(l—v)

—5uv(1l —u)(1 — v)(1 = 2u)(1 — 20))* dudv

1 1,

11

22050
By lemma4.2.5, we can derive an explicit formula for the conditional variance (4.2.7)).

11 1,

1
I § -
88200+700 1+49 !

O
Remark 4.2.9. The methodology presented in the above proof can be extended to

1 1
Var (L, | Wy, Hy, K,) = Var (5/ Wjdu(wl,ﬂl,f(l) -
0

computing means and variances of Ly, conditional on {W4, I, I5,--- ,I,} for n > 2.

However, this would be quite challenging due to the involved calculations for large n.
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Theorem {4.2.8|is a central result in the thesis and utilized in upcoming chapters.

For the remainder of this section, we shall outline these applications for the theorem.

Most notably, the conditional expectations (4.2.4) and (4.2.6) can be used to
approximate L, and are thus applicable to high order numerical methods for SDEs.
Although there are many numerical methods for any given SDE, we will see that these

unbiased estimators are especially applicable within the following classes of methods:

. Stochastic Taylor methods

Unsurprisingly, it is possible to incorporate estimators for iterated integrals into
stochastic Taylor methods. Chapter [2| gives a brief overview of these methods.
Just as for ODEs, there are potentially three disadvantages of Taylor methods:

— They require one to explicitly compute or estimate vector fields derivatives
— They can exhibit instability (such as for SDEs on manifolds or stiff SDEs)

— High order Taylor methods can perform poorly if large step sizes are used

For the above reasons, we will present more suitable methods for the numerical
examples covered in the thesis. On the other hand, it is worth noting that
the Milstein scheme is a type of stochastic Taylor method and is particularly
applicable to multidimensional SDEs (see [42] and [45] for concrete examples).
Moreover, the approximations of Brownian Lévy area developed in Chapter [7]
can be naturally incorporated into the Milstein scheme. That said, it is still

ongoing work to demonstrate and quantify the effectiveness of this methodology.

. The log-ODE method

The log-ODE method is a way of approximating an SDE by numerically solving
an ODE constructed using iterated integrals along with vector field Lie brackets.
Compared to Taylor methods, this approach is more stable and performs well

when larger step sizes are used (provided the ODE solver has these properties).

Unfortunately, this method has the disadvantage of requiring derivatives of
vector fields and the “log-ODE” can be stiff and difficult to solve numerically.

Chapter 3| contains an overview of this method from the rough path perspective.

In the next section, we shall analyse a version of the log-ODE method that uses
the estimator (4.2.4)) for SDEs driven by a one-dimensional Brownian motion.
The log-ODE method with (4.2.4)) is then used further in this chapter to design

a state-of-the-art discretization of Inhomogeneous Geometric Brownian Motion.
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. Stochastic Runge-Kutta methods

A popular class of numerical methods for ODEs are the Runge-Kutta methods,
which have seen significant development in the past century (see [15] for details).
The general idea is to match the Taylor expansion of the differential equation,
up to some order, by weighted sums of nested compositions of the vector field.
As SDEs have multiple vector fields and admit Taylor expansions which contain

stochastic integrals, it is often difficult to design Runge-Kutta methods for them.

In the penultimate section of this chapter, we will exploit the structure that
comes from the parabola approximation of Brownian motion to design a high

order three-stage stochastic Runge-Kutta method for SDEs with additive noise.

Piecewise linear or Wong-Zakai methods

A classical approach (first introduced in [97] by E. Wong and M. Zakai) is to
discretize the driving Brownian motion as the piecewise linear path that agrees
on discretization points. Along each such piece, the SDE then reduces to an
ODE that can be approximated using a sufficiently accurate numerical method.

It is worth noting that this is precisely the “derivative-free” log-ODE method.

In Chapter |5, we develop a piecewise linear discretization of Brownian motion
that captures the “shape” of the path (i.e. matches certain iterated integrals).
Here the estimators and play a critical role in designing the paths.
These new piecewise linear discretizations can be applied to SDE simulation just
as before, but are expected to give higher orders of strong and weak convergence.

Specific numerical examples for these methods are given in sections [5.3 and [6.3]

0.5 7

——Brownian path ——Brownian path

Piecewise linear approximation 0 Piecewise linear approximation

A

0

T T d
0.5 1 1] 0.5 1

Figure 4.10: Brownian motion approximated by “high order” piecewise linear paths.

In practice, the above piecewise linear paths can be generated using two independent
Gaussian random variables and a further independent Rademacher random variable.
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In addition, the conditional variances given by and enable one
to compute the L?(P) errors corresponding to the estimators and (4.2.6]).
Since the iterated integrals associated with L, appear naturally in stochastic Taylor
expansions and can be the largest source of numerical error in high order methods, this
provides a methodology for estimating the L?(IP) error of each one-step approximation.
Estimating such L?(P) errors is especially important within the context of variable

step size methods which are very well suited for tackling non-homogeneous problems.

Unlike for ODEs, it is not entirely trivial to simply “take a smaller step size”.
The reason is that the decision to reduce a step size usually comes after information
about the Brownian path has been generated (with respect to the larger step size).
Fortunately, Lévy’s construction of Brownian motion is precisely what is needed to
generate path increments within an interval conditional on the endpoint information.
In [13], it was explicitly shown how to extend this approach to generate both the

Brownian increment and time area conditional on the same pair over a larger interval.

I I I
S u t

Figure 4.11: Brownian motion and its space-time area can be generated at a midpoint.

In Chapter [0, we shall apply Theorem for determining when a step size is
large enough to cause the local numerical error to exceed at a prespecified tolerance.
For example, if the path’s increment or space-time Lévy area is particularly large
(which is possible as they have normal distributions), then the conditional variance
computed using and thus the estimated L?(PP) error will also be considerable.
In section|6.3] we will combine the new piecewise linear method for SDEs, a diagonally
implicit Runge-Kutta method for ODEs and this variable step size methodology to

accurately discretize the Cox-Ingersoll-Ross model (and thus also the Bessel process).
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4.3 Application of conditional moments to parabola
and log-ODE methods

For this section, we shall be considering the Stratonovich SDE on the interval [0, T7:
dy, = fo(ye)dt + fi(y) o dWr, (4.3.1)
Yo = 57

where £ € R® and f; denote bounded C'* vector fields on R® with bounded derivatives.
It follows from the standard Picard iteration or fixed point argument that there exists
a unique strong solution y to the above SDE (see chapter 8 of [66] for further details).
As discussed in section [2.3] an important tool in the numerical analysis of this solution
is the stochastic Taylor expansion (see chapter 5 of [62] for a comprehensive review).

For the purposes of this section, we only need the following specific Taylor expansion:

Theorem 4.3.1 (High order Stratonovich-Taylor expansion). Lety denote the unique
strong solution to andlet) < s <t. Theny; can be Taylor expanded as follows:

Y=o oy b+ ) War + 5 A Al W2+ 5 o) flu) i (432)
+ a5 [ [ oawidns fws [ [ avo a,
2 (A ) ) + F ) ), A W)
G A1) + 7 o) ) [ [ [ oo aw,au
0I5 + 2. ) [ [ [ camdoaw,
) 0o + ) ). o)) [ t | ] areaw,caw,

+ i (f{(ys)f{(ys)f{(ys>fl(ys) + f{(ys) {,(ys)(fl(yS)a fl(yS))

+ 3f{/(ys)(f{ (ys)fl (ys)7 fl (ys)) + f{”(ys)(fl (ys)a fl (ys)v fl (yS)))Wét
+ R4<ha yS) + R5(ha ys),

where h := t—s and the remainder terms have the below uniform estimates for h < 1,

sup ”R4(h7ys)HL2(p) <4 hg, (4.3.4)
ys€Re
sup || Rs(h, ys)|l 2y < Ca b, (4.3.5)
ys€Re

and the constants Cy, Cy depend only on the vector fields of the differential equation.
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Remark 4.3.2. The derivatives appearing in the above Taylor expansion can be defined

as Fréchet derivatives, and thus viewed as maps into the space of multilinear functions:
f" iR — L((R)®",R), forn>0.

In addition to being multilinear, each f"(y) is symmetric in its n arguments for n > 2.

Remark 4.3.3. As discussed in section [2.3] the above Taylor expansion holds when a
finite order of smoothness is assumed on the vector fields (for example, it suffices to
assume boundedness for the first three derivatives of fy and four derivatives of fi).
Moreover, stochastic Taylor expansions can be used under weaker assumptions such

as linear growth (instead of boundedness) and this will be considered in future work.

From a numerical perspective, the most challenging terms appearing within
are those with non-trivial third order iterated integrals of Brownian motion and time.
Fortunately, Theorem [4.2.8| gives a natural method for approximating these integrals.
Therefore in order to propagate a numerical solution of over an interval [s, t],
we will generate (W, H,;) exactly and then approximate Lg; using Theorem .
Recall that by lemma , we can recover iterated integrals from (h, Wy, Hst, L)

In this section, we shall be considering the following two numerical methods for (4.3.1]):

Definition 4.3.4. (High order log-ODE method). For a fixed number of steps N

we can construct a numerical solution {Y }<,<y of (4.3.1) by setting Yj := & and for
each k € [0 .. N — 1], defining Y41 to be the solution at u = 1 of the following ODE:

dz

qu fo()h+ [1(2) Wiy + 1, fol(2) - hHiy a4 (4.3.6)
3 1
P LA G (Sha,, + on?),
20 = }/}67
where h := %, tr := kh and [-,-] denotes the standard Lie bracket of vector fields.

Definition 4.3.5. (The parabola-ODE method). For a fixed number of steps N

we can construct a numerical solution {Y} }o<.<y of (4.3.1) by setting Yy := ¢ and for
each k € [0 .. N — 1], defining Y1 to be the solution at u = 1 of the following ODE:

dz
o= fo(z)h+ fi(2) Wiy, + (6 —120) Hy, 4, ), (4.3.7)
20 = Yk7

where h := % and t; := kh.
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In the above methods, the true solution y at time ¢, can be approximated by Y.
Whilst there are different ways of interpolating between the successive approximations
Y: and Yj.q, for the thesis we will simply interpolated between these points linearly.
Before giving an error analysis for these numerical methods, we shall discuss how the

high order log-ODE method relates to the rough path theory presented in Chapter 3]

The (Stratonovich) signature of space-time Brownian motion X"V := {(u, W, w) uels g

is given as the following element in the vector space of all formal series of tensors,
T ((R?)) := {a = (ag,as,---) : a, € (R%)®" ¥n > 0}:

J I ) I I
w _ TT TW TTT TTW wTT wTw I
587t (X ) - (1’ (]T7 ]w) ’ (I’LU’T [UJ’LU) ’ ((-[T’U)T I’T’UJ’UJ) ’ (I’Ll)’UJT I’Ll)’UJ'LU)) ’ ) ’

where we use notation presented in Theorem [.2.7] Using the results of the previous

section, we see that taking an expectation of S ; (X W) conditional on W ;, Hy ; yields:

E [Ss,t (XW) ‘ Ws,t; Hs,t]
1p? LhW,, — hH,
- (17 (h7 Ws,t)u ( 2 2 ! 7t> y

LhW,, + hH., L2,
Lp3 Lp2W,, — Lh2H,,
((%hQWM ShW2, — shWy H 4+ 2 H?, + 30h2)
th*Wey + 3h?Hy, W2, —2H2, — Lh?
(1hW2t+ LhW, H,, + 2 H?, + 102 Ly, )))
Since E [Ss,t (XW) | W1, Hs,t} is an element of 7" ((R )) with first entry equal to 1,
we can apply the logarithm map log(a) := log(ag) + Z (% a— 1) to give

log (E [Ss,t (XW) | Ws,ta Hs,t})

0, (h, W.,), hH ot <3H2 1h2> OO\ (0
= ) ; s,t) s, sy \ 4ds + —= ) y T
' "\1 o0 50730 01/'\1 o

3
=he,+ Ws,t Ew + hHSyt Clw,7] + <_

2 2
5Hs,t+—h ) Cfw,w,]] T 0 €ffuw,7),7] + -

30

where e;, €y, €w,7]; Clw,fwr]]> €[lwr,7 are the first five Lyndon basis vectors in the
free Lie algebra g (R?) C T((R?)) (see [83] for further details). From the above

calculations, we can now give a rough path interpretation of the new log-ODE method:

Remark 4.3.6. The log-ODE (4 is constructed from the “log-expected-signature”

of space-time Brownian motion conditional on (W,, Hy;) and truncated at level 3.
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Moreover, the basis used to express this log-signature coincides with the Lyndon basis

and the log-ODE true solution, z, is equal to the solution at time r = h of the RDE:

= fo(z,) dvﬁo) + fi1(x,) dfyﬁl), To = Ys. (4.3.8)

where the rough path 7 is a so-called “geodesic in the 3-step nilpotent group” with

log(So,n(7)) = log (E [Sit (XW) ’ Wi, Hs,t]) .
This leads us to an important remark concerning the practicality of these methods.

Remark 4.3.7. Both methods can be viewed as solutions to RDEs driven by either a
geodesic (in the log-ODE case) or a space-time parabola (in the parabola-ODE case).
However, whilst these methods involve computing a numerical solution of an ODE,
the parabola method does not require one to explicit resolve vector field derivatives.

Therefore, the parabola-ODE method may be applicable to a wider class of problems.

In order to estimate the numerical errors experienced by these methods, we will

compute their respective (standard) Taylor expansions up to a sufficiently high order.

Theorem 4.3.8. Let Y9 be the one-step approximation defined by the log-ODE
method on the interval [s,t] with initial value Ylog = ys. Then for sufficiently small h

Y% =y, + folys)h + fi(ys) Wes + f1 Fily) W2 + = fo folys)h® (4.3.9)
45 hl) (50t hHS,t) 4 folo) (%hws,t ~hil,,)
(fl fl fi+ f (fla fl))(QS)WSt

1 1 3 1
ORI+ S ) (GhIV2 + S, Ho o SH2, 4 )

5 30
Rt £ o f) (th2 6 2 _ihz)
1JoJn 0,J1 W — sl — ¢
1 3 1
+ (f1 f1 o+ f1(f1s fo)) (ys) <6hWS2¢_§hWS,tH8,t+gH§,t+%h2)

+ i(f{ fLfLfo+ fLA (s ) + 300 (fL fu fr) + f///<f17f17f1))(y8)wj,t
+ R (h,y,) + O(h?),

where | R9|| 12 (p) ~ O(h?) satisfies the same L2(P) estimate as and E[R"¥] = 0.

In the expansion, O(h3) denotes a remainder term R(h,ys) which can be estimated as

sup [|R(h, ys) || 2y < Cr 1.

ys€Re

where the constant C'r depends only on the vector fields of the differential equation.

71



Remark 4.3.9. Throughout this thesis (except section[6.2), we use the notation O(h*)
to refer to terms with an L?(P) norm that can be bounded by Ch® for some C' > 0.

Proof. In order to derive (4.3.9)), we shall Taylor expand of the ODE (4.3.6)) on [0, 1].
Let F' denote the vector field defined in (4.3.6]) that was constructed from fy, and f;:

3

F(0) = o)+ RWae t [ ) B+ [ o o) (D2, + 551

= fo)h+ [r)Wee + (fo fr = f1 fo) (W) hHe + (fo f1 Fr = 211 fo fr + fL 11 fo
I ) =20 o 1)+ F G )W) (20204 o0

Therefore, we see that F'is a bounded C'*° vector field on R® with bounded derivatives.
As F' is smooth, we can apply the classical Taylor’s theorem to the log-ODE (4.3.6)).

1 1 1 1
Y110g =ys + F(ys) + 5F’F(ys) + EF’F’F(yS) + gF”(F, F))(ys) + o1 F'F'F'F(ys)

1 1 1
+ o F'FU(F,F)(ys) + S F'(F'FF)(ys) + o F"(F, F,F)(y,)

1 1 1
+ EOF/F/F/F/F(:QS) —I— mF,F,F”(F/, F,)(ys) —f- EOF/F”/(F, F, F)(ys)

1 1 1
+ g FF(F'EF) (o) + o F'(F'F.F'F)(ys) + 55 F'(F'(F.F), F) (y:)

1 1 1
t+ag B (E'F'EF) () + g F"(F'FLFF)(y) + g " (FLFLFF) (y:)

+ higher order terms.

One can define the degree of each term in the above Taylor expansion by counting
the number of times functions from {F, F’, F",---} appear. Hence we can see that
the higher order terms are precisely the terms with degree strictly greater than five.
Since the largest component of F is fi(-)W,,, both F and its derivatives are O(h2).
Thus the “higher order terms” in the above Taylor expansion are O(h?) as in (4.3.5)).
Moreover, it follows from the definition of F that the O(h?) component in the Taylor

expansion can be expressed as a linear combination of the following random variables:
5 3 72 2 2 3 772 2 3 4
Wy WWVey, WWey, W Hgy, WHy, W HS,, WV HS,, hHS,, W H,.

As Wy, and H,; are independent centered Gaussian random variables, all of these
terms have zero expectation. Since fy, f1 and their derivatives are globally bounded,
we have shown that ong = M"9 4 R°¢ + O(h3) where M'"9 consists entirely of terms
that are at least O(h?) and the remainder R'°6+O(h?) satisfies the required estimates.
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As the terms of degree four that are not O(hg) are those involving W2

+1, it 1s enough

to expand only the first four terms in the expansion of Y1log using the definition of F"

3

Vi =y, + folys) b+ fu(ys) Wi + [ Jol(s) RHo + [frs [, foll(ys) <5H82’t " 3_10h2)

+ féh + f{ Ws,t + [fl?fO]/ hHs,t) (fﬂh + les,t + [fl?fO] hHs,t) (ys)

(
+ (f6h+f{Ws,t)<f(l)h+f{Ws,t)(f0h+f1Ws,t)(ys)
(

+

D= D~ N

(Slh + f{/Ws,t) (th + fl Ws,ta th + fl Ws,t) (ys)

+ 2—14(f{ ff A+ A (o f) + 38 )+ f{//<f1:flaf1))(ys) Wét

where R'%(h,y,) has zero mean and satisfies the same L? (P) estimate as R'°%(h, ys).
The result can now be shown by directly expanding and rearranging the above terms.

For example, the coefficient which appears in front of AW, H;; can be computed as

S (U B+ A1 ) 02

= (B = SR B B = 1 60) ()
= LSRR — B o)+ J3 B~ BB o+ LBy = FLF ) )
1

2(f(/) fifv+ fo(fu, fo) = fL fi fo — f{/(fl,fo))(ys)-

As the higher order terms obtained after expanding are either O(h%) with mean zero

or O(h?), it follows that Yllog has the required Taylor expansion given by 1) O

Remark 4.3.10. In practice, it is often difficult or even impossible to solve the log-
ODE (4.3.6)) exactly. In which case, it must be approximated using an appropriate
solver. It is clear from the proof of Theorem that a one-step approximation from
any ODE numerical method of fourth order will produce the desired Taylor expansion
and if the noise is additive (i.e. fi is constant) then a third order method is sufficient.

Due of the structure of the log-ODE’s vector field, splitting methods can be applied.

Fundamentally the idea behind this proof is an entirely algebraic one and can
be extended to the general rough path setting (see Chapter 3| for further details).
The exponential map of a smooth vector field V' is defined as the flow obtained from
solving ¢’ = V(y) over the unit interval. Thus the log-ODE method corresponds to

the exponential of a vector field F' that is constructed from a truncated log-signature.
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In particular, the Taylor expansion for z; where 2 = F(z) can be viewed as the
standard algebraic series representation of exp(F’). Similarly, applying the algebraic
series representation of the exponential map to the log-signature gives the signature.
Since there is a natural algebra isomorphism between the space of formal tensor
series T'((R%)) and a space of differential operators generated using V = (Vy,- -+, Vy),

exp(F')(ys) can be expressed as the output of a linear function applied to the signature.

In fact, the algebra works out exactly and exp(F')(ys) coincides precisely with the
Stochastic/Rough Taylor expansion obtained from the vector fields V = (V4, -+, V)
and the exponential of the input truncated log-signature in T((R%)). Combining this
result with Chow’s theorem (see section 7.4 of [37] for a statement and proof of this)
then leads to the geodesic interpretation of the log-ODE method seen in remark [4.3.6]

We shall now compute a similar Taylor expansion for the parabola-ODE method.

Theorem 4.3.11. Let YP¥* be the one-step approximation for the parabola-ODE

method on an interval s, t] with initial value Yg'*"" = ys. Then for sufficiently small h
lepam*ys—i_f()(ys)h—i_fl(ys) st+ fl fl(ys) t+ fO fO(ys) (4310)
1
45 fl) (5t hHS,t) 41 folo) (éhws,t ~hil,,)

(fl f1 N +f (flafl))<yS)W53t

@Ir—\

1 3
(f0f1f1+f0 f17f1 hW t+2hW5tHSt+gH527t)

2 6 2
tht 5Hs,t>
Y " 2 1 3 2
UL fot 20 ) w) (6 B2, — W,y 2, )
s LS R £+ 350G F) + B o F0) )W,
+ R (h,ys) + O(h?),

where || RPY"|(| L2y ~ O(h3) has the same L*(P) estimate as and E[RP™] = 0.

In the expansion, O(h3) denotes a remainder term R(h,y,) which can be estimated as

sup [|R(h,ys)|lp2@) < Cr b

ysE€Re

where the constant Cr depends only on the vector fields of the differential equation.
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Proof. Using the substitution X, = z1(,_,) for u € [s,t], the ODE ( can be
rewritten as

= fo(Xu)du+ fi (X,)dW,, (4.3.11)
XS =Ys,
where W denotes the Brownian parabola defined by (W4, Hs 1) on the interval [s,t].

By emulating the derivation of the Stratonovich-Taylor expansion (4 , it is possible
to Taylor expand (4.3.11]) in the same fashion. The only difference is that Stratonovich
integrals with respect to W are replaced by Riemann-Stieltjes integrals against W,
Note that this type is argument is common in rough path theory, and leads to the
so-called rough Taylor expansion (see [9] for a recent account of this expansion that
gives a uniform factorial decay estimate for the remainder in the p-variation metric).

In our setting, the rough path driving the differential equation is the “space-time”
Brownian parabola XV := {(u, Wu)}ue[s,t]- However, we are interested in estimating

the remainder term in an L?(PP) sense and not a rough path sense (such as p-variation).
Thus, the Taylor expansion of the ODE (4.3.11)) can be written in the following form:

Y =y, + folys)h + f1 ys) sttt = flfl(ys) 5t+ fofo(ys) (4.3.12)

+fof1ys// deu+f1f0ys// dv div,

<f1f1f1‘|‘f (flafl))(ys ngt
+ (fo f1 i+ 15 (f1, f1) ys///deWdu
A S 50 [ [ advatt,

UL G ) [ [ [ drai,atb,
+i(f{ FLE R FLE s £ 4 3FCE F )+ £ oo 1)) () W2

+ RP*(h,ys) + higher order terms,

where RP*(h,ys) consists of terms corresponding to the following iterated integrals:

St,///drdvqu,///drdW du///devdu
////ddeTdequ,////dWAfwdrdWA/Uqu,
St Su Sv ST N N - St Su Sv ST - _ N
////dwwdmdvdwu,// / / ATV, ATV, diV, du.
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Since Wu can be expressed as a linear combination of W, and H,,, it follows that all
of the above iterated integrals have zero expectation. Therefore, E [RP*?(h,y )] = 0.
Moreover, by the natural Brownian scaling, we see that these integrals are all O(h3).
This implies that RP™2 ~ O(h?) satisfies the same type of L2(P) estimate as .

By lemma [4.2.5| and some calculations from the proof of Theorem |4.2.8| we have that

t u A 1 1 3
/ / / AW, dW, du = éhwgt + o h Wi Ho + gH;t,

t u v . 1 6
// / dWTdvdWUZEtht—EH;t,

t u v PR 1 1
/ / / dr AW, dW, = ghwit — 5 WoiH + gﬂit.

Finally, it follows from Brownian scaling that the “higher order terms” are O(h3). [

Remark 4.3.12. The key difference between the Taylor expansions of the two methods
are the terms corresponding to certain triple integrals of Brownian motion and time.
In particular, after comparing the expansions for the log-ODE and parabola-ODE
methods with the Stratonovich-Taylor expansion of the original SDE (4.3.1)), we have

}qlog =Yt — [fla [fla fO]](yS) (Ls,t —E [Ls,t‘Ws,ta Hs,t] ) + Elog(hv y8)7 (4313)
VP =y — [f1, U, foll(ys) (Ls,t - thsQ,t> + EP(h,ys), (4.3.14)

with high order errors satisfying E'°8, EP2 ~ O(h3) and E [Elg] [ E[EP™2] ~ O(h?).

The above remark shows that both methods give a one-step local error of O(h?).
This means the log-ODE and parabola-ODE methods are both locally high order;
however there is a significant difference in how the methods propagate local errors.
The reason is that the O(h?) parts of the log-ODE local errors give a martingale,
whilst the O(h?) part for each parabola-ODE local error has non-zero expectation.
Thus the log-ODE method is globally high order whilst the parabola method is not.
However, since the parabola-ODE method is straightforward to implement and locally
high order, one could expect it to perform well compared to other low order methods.
In the numerical example, we shall see that the parabola method has the same order of

convergence as the standard piecewise linear approach but gives much smaller errors.

We will now present the convergence rates for the parabola and log-ODE methods.
Recall that the notions of weak and strong convergence (with order «) for numerical
solutions of SDEs were given in Chapter [2| by definitions [2.2.1] and [2.2.3| respectively.
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Theorem 4.3.13 (Orders of convergence). For a general SDE , the log-ODE
method converges in a strong sense with order 1.5 and a weak sense with order 2.0.

The parabola-ODE method converges in both a strong and weak sense with order 1.0.

Proof. Taylor expansions for these methods are given in Theorems |4.3.8 and 4.3.11]

The strong convergence can then be shown as in the proof of Theorem 11.5.1 in [62].
Moreover, the proof of Theorem 11.5.1 also provides the orders of strong convergence.
Since these methods converge strongly to the true solution, they also converge weakly.
Additionally, the weak convergence (with rates) follow from the Taylor expansions
(4.3.9), (4.3.10) and can be established as in the proof of Theorem 14.5.2 in [62].

Although we have not presented a detailed self-contained proof (which would require

further estimates such as Growall’s inequality), we will highlight the following ideas:

1. Since the largest part of the log-ODE local error is O(h?) and has mean zero,

the local errors propagate like a random walk and give a strong error of O(hg).

2. In addition, the O(h2) component of the log-ODE local error has zero mean.
Therefore each moment of the one-step approximation has an error of O(h?).

These errors propagate at least linearly and provide the O(h?) weak convergence.

3. For the parabola-ODE method, the expected value of the local error is O(h?)

provided that the two vectors fields do not satisfy the commutativity condition:

[flv [flafO]] =0.

The O(h?) bias in each one-step approximation causes local errors to propagate

linearly and produces the O(h) convergence rates for the parabola-ODE method.

It is also worth noting that these arguments (and theorems in [62]) still apply if the

initial condition £ is a random variable that satisfies certain moment conditions. [

Remark 4.3.14. This result can be extended naturally to the multidimensional case:

d
dye = fo(y) dt + 3 fi (ge) o AW,

=1

yozga

where W is a standard d-dimensional Brownian motion and the smooth vector fields

fi are assumed to have bounded derivatives and satisfy the commutativity conditions

7



Note that this includes the SDEs with additive noise (i.e. f; is constant for ¢ > 1).
In this setting, each step of the numerical methods require generating d independent
copies of (W, Hy,) for each coordinate of W. The parabola-ODE and log-ODE
methods can then be extended by replacing the any term constructed from f; with the
corresponding sum of d terms that involve { f1,-- - , f4} and {(Ws(lt), H s(zt) ):1<i<d}.
Due to the condition ([4.3.17)), the convergence rates given in Theorem still hold.

Although the parabola-ODE method has a low order of convergence, it is in some
sense “close” to being high order. Specifically, if one corrects for the local bias of
% [f1, [f1, fo]| ? after each step then the resulting numerical method would enjoy high
orders of both strong and weak convergence. That said, this approach would require
computing vector field derivatives (which was a key feature of the parabola method).
This suggests that whilst the parabola gives an unbiased and effective approximation

of a Brownian path, it may not be the most suitable path for general SDE simulation.

In Chapter 7 we construct piecewise linear paths that compensate for this O(h?)
bias and thus solving the ODE driven by these paths gives high order methodologies.

As one would expect, this also extends to the commutative multidimensional setting.
To conclude this section, we shall briefly discuss some topics related to this work.

Interplay between ODE approximations of SDEs and numerical ODE solvers

A central theme throughout this thesis is that SDEs can be well approximated
by solutions of (random) ODEs. However for this to lead to practical methodologies,

one needs to also consider the numerical method that is used to discretize each ODE.

In the case where vector fields are smooth, bounded and with bounded derivatives
we have that the random coefficients of each ODE have finite moments of all orders
(since any polynomial function of Gaussian random variables has finite moments).
Therefore, when we apply a Runge-Kutta method to the random ODE (and consider
its Taylor expansion), we should obtain an error term which has a finite L*(P) norm.
Moreover any fourth order Runge-Kutta method will have a Taylor expansion with

the desired terms and therefore should produce an error term that is O(h3) in L*(P).

On the other hand, for certain problems these random ODEs could become stiff
and thus standard explicit Runge-Kutta methods may lead to numerical instability.

In Chapters [5 and [6] we give two numerical examples of SDEs where this is the case:

. The Langevin diffusion moving in a locally Lipschitz potential (section [5.3).
Here, the SDE can become stiff whenever the gradient of the potential is large.
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« The Cox-Ingersoll-Ross and squared Bessel processes (section . These SDEs

become stiff near zero as the derivatives of the square root vector field blow-up.

In the ODE literature, implicit methods and variable step size methods are used
for tackling stiff problems [15]. Similarly, such ideas apply to the SDE setting [62].

However, in our setting there are two ways in which variable step sizes can be used:

1. We discretize the SDE using variable step sizes. This would involve generating
increments (and areas) of the Brownian motion over a non-uniform partition.

The problem of generating W in an adaptive manner is discussed in Chapter [6]

2. We discretize each random ODE using variable step sizes (for the ODE solver).

This does not require generating further information about the Brownian path.

It is worth noting that these approaches are not mutually exclusive and can be
simultaneously applied to tackle the same problem. That said, we take the view that
(1) is the more important type of step size and so we prefer to avoid the use of (2).
For example, when discretizing the CIR model, we use variable step sizes for the SDE
but solve each ODE using one step of an implicit third order Runge-Kutta method.
We prefer step sizes of type (1) simply because it intuitively feels more appealing
to generate further information about the Brownian path. Thus understanding the

trade-off between these two different types of variable step size is an open problem.

Although it is not a central focus of this thesis, the use of implicit ODE solvers
is an important consideration for stiff problems. In particular, implicit Runge-Kutta
methods can be “A-stable” (that is, they exhibit the correct long-term behaviour
when applied to ¢y = —A\y with A > 0) and are therefore desirable for stiff ODEs [15].
For the CIR model, we apply an A-stable diagonally implicit Runge-Kutta method

(in addition, this method also preserves the non-negativity of the numerical solution).

Comparison to well-known SDE schemes such as stochastic Taylor methods

It is reasonable to compare the numerical methods proposed in this thesis with
other strong order 1.5 methods (such as those given in [84] and section 11.2 of [62]).
Whilst all these methods achieve the same order of strong convergence, previously
studied methods do not utilize expectations of space-space-time Lévy area that are
conditional on both increment and integral information about the Brownian path.
So, everything else being equal, we expect previous methodologies to exhibit greater
local error for each one-step approximation (asymptotically and in an L?*(P) sense).
Quantifying the improvement in accuracy gained from these new (optimal) estimators

of L, as well as further comparisons with existing schemes is a topic of future research.
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Extension to more complicated models with piecewise smooth vector fields

In mathematical finance, it is reasonable to consider SDEs with vector fields that
have discontinuities in time. In particular, so-called “term structure” models for
interest rates may use piecewise constant or piecewise linear coefficients - which allows
them to be calibrated against multiple bond prices with different maturity dates [I1].

For example, in [56], the authors propose the following extension of the CIR model:
dre = (a(t)(b—r¢) + c(t)) dt + o(t)y/ri AW,

where the mean reversion a(t), ¢(t) and volatility o () coefficients can be time-varying.
For problems where vector fields (or their derivatives) have discontinuities in time,
we would simply compute a numerical solution between each point of discontinuity.
Letting {7, } be the sequence of times where a discontinuity occurs and provided the
SDE’s vector fields are sufficiently smooth on each interval (7,, 7,4+1), we may apply
a high order approximation. For each such interval, we would continuously extend
the vector fields from (7, 7,+1) to [T, Thi1] before defining our ODE approximation.

As usual, a high order Runge-Kutta method can then be applied to solve each ODE.

4.4 A Runge-Kutta method for the parabola-ODE
when noise is additive

In this section, we shall develop a numerical method for SDEs of the following form:
Yo = 67

where ¢ € R, W is a standard d-dimensional Brownian motion, o > 0 is a constant

and f will denote a bounded smooth vector field on R? that has bounded derivatives.

In [84], the author develops stochastic Runge-Kutta methods for (4.4.1) which
converge strongly with order 1.5 and do not require us to evaluate derivatives of
f. However whilst these methods use the increment W, and space-time Lévy area
Hj, of the Brownian motion, they do not optimally approximate (in an L?(IP) sense)
higher iterated integrals using the pair (Ws¢, Hs¢). In this section, we will develop a
Runge-Kutta method for based on some optimal estimators of such integrals.

Due to the structure of these integral estimators (see Theorem 4.4.1]), the proposed
Runge-Kutta method also requires evaluations/approximations of the Laplacian Af.
Whilst this is not ideal, Af is easier to compute than f” and scales linearly with d,

which may be important for applications such as the overdamped Langevin equation.
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To discretize (4.4.1)), we consider a three-stage Runge-Kutta method of the form:
Y;g = }/s"i_blkl +b2k’2+b3k’3, (442)

where by, bo, b3 € R and the stages that we use to compute the numerical solution are

ki :=hf(Ys)+oWs,+dioH,,, (4.4.3)
]{32 = hf(Y; + a921 k‘l) + O'W&t + dQO-HSJ, (444)
/{;3 = hf(Y; + asy k‘l + (Ing‘Q) + O'Ws,t + dSUHs,ta (445>

where W, and H,; are now defined as vectors in R¢ and the coefficients are all real.
One can express the method (4.4.2)) more concisely using the Butcher tableau below:

0 dy

C2 | G21 do

C3 | G31 a32 d3
b by by

As the noise in (4.4.1)) is additive, it can be interpreted in a Stratonovich sense.
Therefore, we have the following high order Stratonovich-Taylor expansion for (4.4.1)):

b=t W+ f ) 5 P S +or ) [ [ a4

t u v
+02f”(y8)///odWr®odWUdu

+ o f"(ys) (f(ys)®/: /Su/:odWrdvdu)

+0f’(ys>f’(ys)/: /Su/:odWT dv du

vorw(swde [ [ [ aroawian) + Rith) + Rothva),

where the two remainder terms will satisfy the below (uniform) estimates for h < 1,
E [R4(h7 ys) ] =0,

5
sup ||R4(h, ys)HL?(P) < i h2,
ySERd

sup ||R5(hays)||L2(P) S 02 h37
ySERd

and the constants C7 and Cy depend only on the smooth vector field f as well as o.
Tensor notation can be used here since the derivative f”(-) is a bilinear form on R

(see chapter 5 of [62] for a review of multidimensional stochastic Taylor expansions)
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As in the previous section, we would like to design numerical methods that match
the conditional expectation of the Taylor expansion up to a certain high order.

Therefore, our first step is to derive the unbiased estimators for the various integrals.

Theorem 4.4.1. (Conditional expectations of multidimensional Brownian integrals)

t
1
/ Wi du = 5 hWis + hH,. (4.4.7)

t ru pv 1 1
/ / / e} dWr &® o dWU du ‘ Ws,t; H57t] = —thZ + _hHSJ X Ws,t (448)

6 2
+§hH®2 Loy
5 st Ty h
t pru pv 7 1 ) 1 )
o dW, dv du ‘ Woa Hy| = Sh*Wey + 51 Hay, (4.4.9)
t pru pv 7 1
/ / / drodWUdu‘W&t,H&t = SH W, (4.4.10)

where 1; denotes the d x d identity matrizx.

Proof. The first equality was addressed by remark and used in previous sections.
The last two equalities follow by lemma and the independence of (W4, Hy 1, Ks¢).
The second conditional expectation has already been proved in the one-dimensional
case by Theorem [4.2.8| (along with lemma . Thus, all that remains is to compute

t pu pv
/ / / odW ¥ o dW W du‘Ws,t,Hs,t],
when i # j.

Similar to the proof of Theorem we shall use the decomposition W = w + Z,

where W is the (multidimensional) Brownian parabola and Z is the associated arch.

So by the linearity of conditional expectations and Stratonovich integration, we have

t pru pv
/ / / odW® o qW) du‘W&t,H&t]
/// W+ 20) o d (W9 + z0) du‘WSt,Hst]
t pru pv P . t pu pv ) )
- / / / dW}Z>dW53>du+E[ / / / odzf,’)odZ,Eﬂdu)WS,t,Hs,t}
t ru v ) t pru pv o
/ / / AW o dZ9) du + / / / 0 dZD dW V) du‘Ws,t,H&t .
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As 7 is symmetric and W is determined by (Wi, Hsy), the last line gives zero.
The other expectation is zero as Z and ZU) are independent symmetric processes.

Therefore, the result follows by explicitly computing the remaining iterated integral.

t pu po
///OdWT(i)Odngj)du‘Ws,taHS,t]
t pu pv . .
— / / / AWD w9 du

ththt+ W;t //U—S 6(t —v)(v—s))du

1 . 4
—HﬁWg// 6(t —v)(v—s)dvdu
1 ) ) St S’u,
nggﬂgg// 6(t —v)(v— 5) d(6(t — v)(v — s)) du

MWW 4 2 hH w42 hH HY),

T 6

| =

fori,j € {1,--- d} with i # j. O

Therefore, we would like the method (4.4.2) to have the following Taylor expansion:
1
Yi=Ys+oWei+ f(Ys)h+ = f (Y f(Yo)h* +of (V) <§th,t + hHs,t> (4.4.11)

3 1
—hHE? + 3—Oh21d)

1/ 1
+ a2 (V) (— 5

s hWWE + §hHs,t Q@ Wi+

+af"(Ys) (f(YS) ® <%h2Ws¢ + %hm&t))

1 1
+of' (Vo) f(Ys) <6h2Ws,t + §h2Hs,t>
+ higher order terms.

Since 55h?0? f"(Y,)(I4) is a challenging term that can be computed afterwards

using the stages k1, ko, k3, the Runge-Kutta method will actually have the expansion:

Y=Y+ oWs, + f(Yo)h+ = f( )f(YS)hQ+af’(}g)(1hws,t+hHs,t> (4.4.12)

2

3
= th?f)

1
hMWE? + ZhHs’t @ Wiy + 1 hWay ® Hoy +

+ a2 f(Y,) (8

1 1 1
hQWs,t + ZhQHs,t> + <_h2Wst + _h'ZHs,t> & f(n))

v (roe (s Wt ]

6

1 1
+of (Yy) [ (Ys) <6h2WS’t + §h2Hs,t> + higher order terms.
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Since f”( ) is symmetric, the rearrangements that were performed are acceptable.
By Taylor expanding the stages (4.4.4) and (4.4.5) using tensor notation, we obtain

ki =W +dioHgy + hf(Ys),
ky =0Ws, +dooHsy + hf(Ys + ank:)
= oWss +daoHsy + hf(Ys) + hf' (Ys)(axk) + %hf”(}/;)(aglkl)@’z
+ higher order terms

- UWs,t + dZUHs,t + hf(Y:s) + a21hf,<Y:9)(0-Ws,t + dlaHs,t + hf(YS))

1
+ iaglhf”(Y;) (oW + dyoHyy + hf (Y)®? + higher order terms.

ky = oWy +dsoHgy + hf(Ys + asiky + aseks)

= oWy +dsoHgy + hf(Ys) 4+ hf'(Ys)(asiky + asoks) + %hf"(ys)(a:n/ﬁ + agoks)®”
+ higher order terms

= oW, +dsoHsy + hf(Ys)
+ hf'(Ys)((as1 + as2) (Wi + hf(Ys)) + (asidy + asads) 0 Hy )
+ agaast b f' (Vo) f'(Yo) (oW + dyo Hs )
S0 (a1 s2) OWa + hF(Y2)) + (as1s + ) o H,)
+ higher order terms.

Since the expansion of will have 16 individual terms (and Yj), there are

initially 16 order conditions that we would like to be satisfied by the 9 coefficients.

That said, there are several terms in these expansions that give the same conditions.

After removing such redundancies, we are left with the following order conditions:

bi+by+by=1, (4.4.13)
bldl + bgdg ‘I— b3d3 - O, (4414)
1
baagy + bs(az + aze) = 3 (4.4.15)
b2a21d1 + bg(&gldl —+ agzdz) = 1, (4416)
2 2 1
bQCL21 + bg(agl + CL32) = 5, (4417)
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1
baad dy + by(azs + asz)(azidy + azeds) = 3 (4.4.18)
6
byagydi + bs(asidy + agyda)” = 5 (4.4.19)
1
bsazzan = 6’ (4.4.20)
1
byagsasidy = 5 (4.4.21)

As the number of equations and variables are the same, we hope that a solution exists.

Theorem 4.4.2. The conditions (4.4.13)—(4.4.21]) have the following unique solution

0 3

3| 3 12

7 7 7

T s (4.4.22)
15 15 5
1 19 5
9 72 24

Proof. It is clear that the two order conditions (4.4.20)) and (4.4.21f) imply that d; = 3.
To make the computations easier to handle, we shall use the change of variables below.

C3 = a31 + asa, (4423)
T = 3@31 + a32d2, (4424)
With the above variables, the four order conditions (4.4.15)—(4.4.18)) will simplify to
1
b2a21 + b303 = 5, (4425)
1
bw;+%£:§, (4.4.26)
3b2a21 -+ ng' = 1, (4427)
1
3b2a31 + bgcgilf = 5 (4428)
By multiplying the first two conditions by 3 and then subtracting the others, we have
1
3b3€3 — bgi[) = 5,
9 1
3[)303 — bgCgiL‘ = 5
Dividing the second equation by the first gives ¢35 = 1 and therefore b3 = m
Substituting these values for c3 and b3 into the equations (4.4.25)) and (4.4.26) yields
b + ! =
a — ==
1 1
bpal, + —— = —.
S TEp R
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By multiplying the top equation by as;, we can derive the following equation for as;.

( 1) 1 1
—(ag — 1) = —ag — =.
23 —z)" ' 27713
Rearranging the above shows that aq = % and therefore gives by = %

We can now substitute the values for b3 and as; into condition (4.4.20)) to obtain ass.

(-3)(x~-2)

52 3_ 2

As c3 = 1, it follows by (4.4.23|) that az; = 1 — ags. Thus, we have az; = “722%_“3;3

Using these values along with the definition of x, we can derive the following equation,

dgz

3—2x (:1:—3 x2—3x+3)_a€—3
(x —3)(z —2) 27 — 3 =2

Conditions (4.4.13)) and (4.4.14)) now allow us to determine b; and ds in terms of x.

rz—1

by = ———
T 22z —3)

Substituting = and the values of asy, ba, b3, d; into the order condition (4.4.19) yields

27(z — 2)? 2¢ — 3 \? 1 , 6
2@—3)(%—3)(3@—2)) HTCE R

It is now straightforward to see that the unique solution to the above is x = % O

The Runge-Kutta method that is defined by the Butcher tableau (4.4.22)) will now
produce the Taylor expansion given by . In particular, it is worth noting that
this coincides precisely with the expansion of the parabola-ODE up to the third level.
Hence, we have derived a three-stage Runge-Kutta method for discretizing the ODE:

dY, = f(Y;)dt + o dW,, (4.4.29)

Therefore, we would expect this three-stage Runge-Kutta method to have the same
low order of convergence as the parabola-ODE method did in the previous section.
On the other hand, by accounting for the local O(h?) bias in each step, the numerical
method should achieve the same high orders of convergence as the log-ODE method.

Recall that the O(h?) correction term that should be computed after each step is

1 2 2l _ 1 2 _2
S V) (La) = 35 h*o* A S (Vo). (4.4.30)
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which can be estimated by taking finite differences of the stages within the method:
f(Yer2k)) - £(Y)

T
() (4) ()
f'(Y +§k;(i)) ~ fi(¥e+ 3k”) - £i(Y - BR + B8)
i s 7 1 ~ @k(l) _ @k(z) ’
1051 1572

F(Ys+ 267) = f1 (YL
AfiYs) = ( 3 (i))
7k

Y

where f; : R — R is the i-th component of f and k](-i) € R is the i-th coordinate of k;.
Therefore, the proposed three-stage Runge-Kutta method for SDE (4.4.1]) is given by

Definition 4.4.3. (A stochastic Runge-Kutta method for additive noise).
For a fixed number of steps N, we can construct a numerical solution {Y;}, .y of
(4.4.29) by setting Yy := € and for each i € [0 .. N —1], defining Y;,; with the formula
1 49 5 1
Vigr =Yi+ ki 4+ o= ko + —ks + —h**’Af(Y; 4.4.31
+1 +91+72 2+243+30 o Af(Yi), ( )
where the Laplacian A f(Y;) can be discretized through finite differences of the stages

k= hf(Y:)+ OWiitipn T30 Hp 1y
3 12
k2 = hf }/7: + ?kl + O’Wti,ti+1 + 70-Hti7ti+17
13 28 36
k?g = hf(Y; — Ekl + 1—5]{32) + O-Wti,ti+1 - EUHti,tH-l'

Using the same error analysis as in the previous section, we see that the above
method converges in a strong sense with order 1.5 and in a weak sense with order 2.0.
It is also worth noting that in the zero noise setting (i.e. when the constant o = 0),
it is straightforward to verify that gives a third order Runge-Kutta method.

Therefore, we expect this method to perform especially well when the noise is small.

We have not yet conducted numerical experiments for our proposed method but
intend to apply it to the overdamped Langevin diffusion. We would compare against
the following SRK method given in [77] and studied as an MCMC algorithm in [69]:

1
Yigg =Y+ §h<f(}/1+) + f(}/zi)> + UWti,tiﬂv

1 1
}/;»+ = }/Z +0o ((5 + %) Wti,tiJrl + Hti,ti+1) )

_ 1 1
Y; = le + f(Y;)h +o ((5 - %) Wti,ti+1 + th‘yti+1> :
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4.5 Discretizations of Inhomogeneous Geometric
Brownian Motion (IGBM)

We shall demonstrate some of the core ideas presented in this chapter through various

discretizations of Inhomogeneous Geometric Brownian Motion (IGBM)
dy: = a(b—y) dt + oy, AWy, (4.5.1)

where a > 0 and b € R are the mean reversion parameters and o > 0 is the volatility.

As the vector fields are smooth, the SDE (4.5.1)) is expressible in Stratonovich form:

dy; = a(b — y;) dt + oy, o AW, (4.5.2)

2ab
2a+02

where a 1= a+ %02 and b := denote the “adjusted” mean reversion parameters.

IGBM is an example of a one-factor short rate model and has seen recent attention
in the mathematical finance literature as an alternative to popular models [17, [100].
Since the solution of the SDE is both mean-reverting and non-negative, IGBM
is suitable for modelling interest rates, stochastic volatilities and default intensities.
In addition, it was used in [I] as a stochastic model for coal and natural gas prices.

IGBM is also one of the simplest SDEs that has no known method of exact simulation.

By incorporating the ideas provided by the main result (Theorem into
the log-ODE method, we will design a state-of-the-art numerical method for IGBM.
Whilst the vector fields are unbounded, they have linear growth and our numerical
evidence indicates the method converges with a strong rate of O(h%) and a weak rate
of O(h?). Tt is known that admits a unique strong solution (see [99]) satisfying

t
y, = e WhFoWss <ys + ab/ e@lu=s)=oWs,u du). (4.5.3)

This representation will be utilized for approximating the parabola-ODE accurately.
Another appealing feature of (4.5.2)) is that the following Lie brackets are constants:

[f1, fol(y) = (f(l) fi—fi fo)(y)
= —aoy — ao(b—y)

= —abo,

Lo U foll(w) = (fo fL fr = 201 fo Fo + fi fi o
+ fo (f1, f1) = 27 (fo, 1) + £ (Fr fo)) ()
= —ao’y + 2a0’y + ac’(b — y)

= abo?.
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Therefore the high order log-ODE (4.3.6)) that was given by definition [4.3.4] becomes

dz

Tu d(b —2)h+02zWs, —abohH,, + abo? (thQ 3Oh2> (4.5.4)

From the above, we will see that the log-ODE method for IGBM can be written in

terms of a closed-form expression that guarantees positivity for the numerical solution.

We shall investigate the strong and weak convergence rates of the following methods:

1.

Log-ODE method (see definition [4.3.4)
Since the vector fields of (4.5.2)) give constant Lie brackets, this method becomes

log . log —ah+oWy, ¢+
Y, 5 =Y, "e kot

3 1 eiah‘i’o’Wtkvtlﬂ»l o 1
bh (1— H, 2<—hH2 —h)) ,
ta Ot F 0\ 5 i+ 55 —ah + oWy,

Ylog = yp.

Parabola-ODE method (see definition [4.3.5)
By emulating the proof of the formula (4.5.3]), this method can be expressed as

_ ley1 —
Ykpfia — e*athUWtkvthrl (Ykpara + ab/ ea(sftk)fJWtk,s dS),
ti
para , _
)/O L yO;
where W denotes the Brownian parabola constructed using (Wi, 1,1, Hey b1

The integral above will be approximated by 3-point Gauss-Legendre quadrature.

. Piecewise linear method (see [97] for a definition with proof of convergence)

Just as above, this method can be simplified to give a straightforward formula.

7&h+0Wtk*tk+1 o 1

}/2111 — Ylln —ah-‘rO'Wtk oot + abh

Y

—ah + UWtk,

lkt1

thn =Yo.

Milstein method (see section 6 of [54] and section 10.3 of [62] for overviews)

For this method, we shall be taking the positive part to guarantee non-negativity.
mil m11 mil mil mil 2 *
v = (V0 b — Y+ o Y W+ 0 VEWE L)
}/E]mll = Y.

Euler-Maruyama method (see sections 4, 5 of [54] and section 10.2 of [62])
Just as before, we take the positive part of each step and ensure non-negativity.
eul eul eul eul *

v = (Ve ab = YR+ oV Wae )

)/Oeul = .
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The Euler-Maruyama and Milstein methods are included in the numerical experiment

as benchmarks for testing how the proposed methods compare to well-known methods.

0.12 4
[
0.06 -A.J#"
0 T T T T 1
0 1 2 3 4 5
t

Figure 4.12: Log-ODE sample paths of IGBM where a = 0.1, b = 0.04 and ¢ = 0.6.
The sample paths experience larger fluctuations the further away from zero they are.

We shall now present the estimators used for quantifying strong and weak errors.
As before, we shall be discretizing the SDE on a uniform partition with mesh size h.
The functional chosen for testing weak convergence is p(y) = (y — b)™ which is the

payoft of a European call option with strike b and well approximated by polynomials.

Definition 4.5.1 (Strong and weak error estimators). For each N > 1, let Yy denote
a numerical solution of 1} computed at time T using the fixed step size h = %

We can define the following estimators for quantifying strong and weak convergence:
Sy = \JE[ (Y — V)7, (4.5.5)

By = |E[(vw-0)"] -E[(vf - 1)"]

, (4.5.6)

where the above expectations are approximated by standard Monte-Carlo simulation
and Yf"® is the numerical solution of (4.5.1)) obtained at time T using the log-ODE
method with a “fine” step size of min (7%, oo
the L%(P) error between Y% and the true solution y is negligible compared to Sy.

). The fine step size is chosen so that

Note that Yy and Yf" are both computed with respect to the same Brownian paths.

In this numerical example, we shall use the same parameter values as in [17],
namely a = 0.1, b = 0.04, 0 = 0.6 and yo = 0.06. The time horizon is fixed at T' = 5.
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We will now present our results for the numerical experiment described above.
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Figure 4.13: Sy computed with 100,000 sample paths as a function of step size h = %

From the above graph we see that the log-ODE method is by far the most accurate.
This is epitomized by the fact that the numerical error produced by 100 steps of the
log-ODE method is comparable to the error of the parabola method with 1000 steps.
In addition, whilst there are three methods that share the same order of convergence
it is evident there are magnitudes of difference between their respective accuracies.
For example, the parabola method is seven times more accurate than piecewise linear.
As one might expect, the Euler-Maruyama and Milstein schemes both perform poorly.
Nevertheless, in order to truly measure the performance of these numerical methods,

we should consider the computational costs required for achieving a specified accuracy.

Table 4.1: Estimated simulation times for computing 100,000 sample paths that
achieve a given accuracy by a single-threaded C++ program on a desktop computer.

Log-ODE | Parabola | Linear | Milstein | Euler
Estimated time to achieve 0.179 0.405 1.47 154 0.437
an accuracy of Sy = 107* (s) (s) (s) (s) (days)
Estimated time to achieve 0.827 3.90 14.9 157 61.2
an accuracy of Sy = 107° (s) (s) (s) (s) (days)

The above times are estimated using the graph in figure 4.13| with the following table:
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Table 4.2: Simulation times for computing 100,000 sample paths with 100 steps per
path using a single-threaded C++ program on the same desktop computer.

Log-ODE | Parabola | Linear | Milstein | Euler
Computation time (s) 2.44 2.95 1.48 1.18 1.17

Finally, we will investigate the rates of weak convergence for these numerical methods.

12 -

¢ Log-ODE method
® Parabola-ODE method
10 1 . - -+
4 Plecewise linear 77/0/y= 2.0451x+ 5.3997
Milstein method - —
B Euler-Maruyama /
8 //Q
_— y = 1.0003x + 3.9402
__—-e
- logo(Ey) & 1 — e~ ) y=0.9972x+3.5417
108N @ T T T T e A
@ T T T A & y = 1.0663x+ 3.2151
- I A
T SRS A - — -
4 1 :4 ---------------- | g B y = 1.0043x + 2.3493
_m—
_. A=
.-
2 -
0 r . r : \
0 0.5 1 1.5 2 25

- logo(step size)

Figure 4.14: En computed with 500,000 sample paths as a function of step size h = %

The above graph demonstrates that the log-ODE method is especially well-suited
for weak approximation as it achieves a second order convergence rate in this example.
As well as achieving this high order of weak convergence, the method is accurate even
when using larger step sizes. For example, the log-ODE method produces less weak

error with a step size of 0.5 than the other methods produce using a step size of 0.005.

Surprisingly, the middle three methods all perform with a similar level of accuracy.
In particular, this gives numerical evidence that the parabola-ODE method has low

convergence rates (in both senses) but may perform better as a strong approximation.

We expect the log-ODE and parabola-ODE methods to have about twice the
computational cost as other methods since each step requires two random variables.
Table confirms this and thus sampling may be a bottleneck for these methods.
So overall, the numerical evidence supports our claim that the high order log-ODE
method is currently a state-of-the-art method for the strong approximation of IGBM
(though we have yet to compare with the splitting schemes recently proposed in [02]).
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In conclusion, there are primarily four results that are established in this chapter:

An efficient strong polynomial approximation of Brownian motion
The main result allows one to construct a “smoother” Brownian motion as a
finite sum of (-1,-1)-Jacobi polynomials with independent Gaussian weights.
Moreover, it was shown that the approximation is optimal in a weighted L?(PP)

sense and the surrounding noise is an independent centered Gaussian process.

Unbiased approximation of third order Brownian iterated integrals
Iterated integrals of Brownian motion and time are important objects in the
study of SDEs as they appear naturally within stochastic Taylor expansions.
We have derived the L?(P)-optimal estimator for a class of such integrals that

is measurable with respect to the path’s increment and space-time Lévy area.

A parabola-based Runge-Kutta method for SDEs with additive noise
Runge-Kutta methods are popular for numerically solving differential equations
since they only require evaluations of the vector field (and not its derivatives).
We have developed a three-stage Runge-Kutta for SDEs with additive noise

that gives a Taylor expansion which correctly uses the new integral estimators.

Simulation of Inhomogeneous Geometric Brownian Motion (IGBM)
IGBM is a mean-reverting short rate model used in mathematical finance and
also one of the simplest SDEs that has no known method of exact simulation.
By incorporating a new iterated integral estimator into the log-ODE method we

have developed a high order and state-of-the-art numerical method for IGBM.

Moreover, the results of this chapter immediately lead to the following open problems:

Is it possible to generalize the main theorem for a fractional Brownian motion?

What are the most efficient Runge-Kutta methods for general one-dimensional

SDEs that correctly utilize the new estimators for third order iterated integrals?

Does this polynomial expansion give an optimal approximation of Lévy area?

(This problem was studied for the standard Karhunen-Loeve expansion in [30])

Is there a connection between the stochastic integrals {/.} appearing in the
polynomial expansion and the “space-time” log-signature of Brownian motion?

(We have already shown that [; and I, are (rescaled) log-signature coefficients)

Does the polynomial approximation theorem extend to the Brownian sheet?

(This would correspond to the space-time white noise commonly used in SPDEs)
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Chapter 5

High order piecewise linear
discretizations of Brownian motion

In the previous chapter, we presented a high order version of the log-ODE method
based on new unbiased estimators for certain iterated integrals of Brownian motion.

In particular, this numerical method was designed for Stratonovich SDEs of the form:

dy: = fo (ye) dt + f1 (ye) o dW4, (5.0.1)
Yo = 67
where ¢ € R and f; denote bounded C'*° vector fields on R® with bounded derivatives.

Although it is accurate, there are primarily two disadvantages of the log-ODE method.

1. The method requires one to explicitly evaluate or approximate the Lie brackets:

[flafo] = f[gfl _f{ f07

s fll = fo fifi =2fi fo fr + fLfL fo
+ fo (fu, f1) =27 (fo, f1) + f1 (f1s fo)-

2. It is possible for the “log-ODE” itself to be stiff and difficult to solve numerically.

This motivates us to consider alternative numerical methods that can discretize SDEs
using ODE solvers, but do not necessarily require knowledge of vector field derivatives.
The methods that are presented in this chapter are all examples of piecewise linear
or Wong-Zakai approximations ([97] has the first account of this standard approach).
The idea is to discretize the Brownian motion as a piecewise linear path that agrees
on discretization points. Along each such piece, the SDE can then be approximated
by an associated ODE that has the same vector fields but is driven by a linear path.
In practice, each step of this numerical method requires one to discretize an ODE

with a sufficiently accurate solver (such as Runge-Kutta or linear multistep methods).
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Before we start designing piecewise linear discretizations in sections and [5.2]
we will give an overview of our motivation, general strategy and numerical examples.

To begin, we recall the piecewise linear paths used in the Wong-Zakai approximation.

Definition 5.0.1. (Standard piecewise linear method). Let W be the piecewise
linear approximant for a Brownian motion W that agrees on N equally spaced points,

— —1
Wy =Wy, + %Wtkatk-‘-l? for u € [tk,tk+1] and k=0,1,---,N — 1,

where h := % and t;, := kh. We construct a numerical solution {Y;},<y for (5.0.1)
by setting Yy := £ and defining Y} to be the solution at u = 1 of the following ODE:

dz _
Ty fo(2)h + fi(2) Wity (5.0.2)
20 = Yk‘a

for k € [0.. N — 1] where Wtk,tkH = /MZ&,@H — Wtk is an increment of the path V.

Alternatively, we can view the above as simply the “derivative-free” log-ODE method.

Remark 5.0.2. The path W is the best L?(PP) approximation of the Brownian motion

that is measurable with respect to its increments on uniformly spaced grid points [21],
W, = E[W, | Wiy, Wi, --- Wy ] for ue [0,T].

Remark 5.0.3. For a general SDE ((5.0.1)), this method exhibits strong and weak

convergence rates of O(h). Thus the standard piecewise linear approach is low order.

In this chapter, we shall be constructing piecewise linear paths so that solving the
associate sequence of ODEs (/5.0.2)) gives a high order numerical method for ([5.0.1)).
In order to achieve this, we design these piecewise linear discretizations of Brownian

motion to capture the “local shape” of the path (i.e. match certain iterated integrals).

——Brownian path —Brownian path

Piecewise linear approximation 1.2 4 ——Piecewise linear approximation

0.8 4

0.6

0.8
0.4 4

0.2 0.4 4

o &
o0 4

-0.6 T " -0.8 T |
0 0.5 1 o 0.5 1
t t

-0.2 4

0.4

Figure 5.1: Brownian motion with piecewise linear paths that match certain integrals.
In practice, the above piecewise linear paths can be generated using two independent
Gaussian random variables and a further independent Rademacher random variable.
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In addition to the above geometrical interpretation, we can view these piecewise
linear approximations as specific compositions of derivative-free log-ODE methods.
It is still ongoing research to develop and analyse new methodologies for composing

log-ODE methods containing vector field Lie brackets or multiple Brownian motions.

As one would expect, over each interval [s,t] we will construct a piecewise linear
path v using the increment W, and space-time Lévy area H,; of the Brownian path.

After generating v, we can then consider an ODE defined with the same vector fields:
dzy = fo(24) du+ fi (24) da. (5.0.3)

Recall that in the proof of Theorem [£.3.T1], we analysed the above differential equation
but with « equal to the Brownian parabola corresponding to W over the interval [s, ¢].
In a similar fashion, the ODE (55.0.3) yields the (rough) Taylor expansion for small A,

5= 2t o) b+ Fi(20) Vs + 5 L) G ol B2 (5:0.4)

+féf1(zs)/:/su dvvdquf{fo(zs)[/su dv dv,

bR R ) )

t u v
U R F) () / / / dry dry du
LR o f) (24) / / ' / "y do dy

LS ot o)) (22) / / / dr dv, do,

o (R A foob B R B4 3F £+ £ fu ) ()

+ higher order terms.

Thus for the numerical method defined by v to perform comparably to the high
order log-ODE method, we want ({5.0.4]) to be close to the Taylor expansion (4.3.9).
Therefore as a minimum requirement, the path v should match both Wy, and H,.

So if 7 has two pieces, it must belong to the following one-parameter family of paths:

W+ =W, + 2 H o for u€ [s,s+ 0h]

78 = , where 6 € (0,1).

Wi+ 57 Wi + % Hgy for w e [s+0h,t]
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In this case, it is possible to analytically compute the following integrals of the path,

(The calculations required to derive these expressions are presented in Appendix

t t
/ﬁmdu:/ W du,

t 1 2 4
/ (/yse,u)Q du = _hWSQ,t + g(l + g)hWS,tHs,t + thSQ,tv

3
¢ 1 1
/ (u—s)y2, du= ghQVVS,t + 5(1 +0)h*H,,.

On the other hand, the integral moments below were derived in the previous chapter.

t 1 6 ]
/ W527u du’WS,hHs,t = §th27t+hWS,tHs,t+ th37t+1_5h2’

E
! ] 1 2 1 2
E| [ (u—s)W,,du ] Was Hy| = h*Wi 4+ 50 Hi.

It is clear that the paths in the one-parameter family {79}96(071) are not sufficient to
capture (W, H,,) along with the above estimators for third order iterated integrals.
Thus, the piecewise linear paths developed in this chapter have at least three pieces.

To begin with, we shall choose the paths from the following three-parameter family:

W+ L (u—s) for u € [s, s+ ah]

a,b,c

y®Pe = W5+b+ﬁ(u—(s+ah)) for uw € [s + ah,t — ah]
Ws—i—c—i—%(u—(t—ah)) for u € [t — ah,t]
where a € (O, %) and b, c € R. As before, certain integrals can be computed explicitly.

(The calculations required to derive these expressions are presented in Appendix |A))
t 1 1 1
/ 'yg”fj’c du = 5 abh + 5(1 —2a)(b+c)h + §a(c + Wey)h, (5.0.5)
t 2 1 1
/ (v&2e) du = §(1 —2a)(b* + be + ¢*)h + ga(b2 + 4+ Wey+W2)h, (5.0.6)
¢ 1 1
/ (u— $)vere du = gaQth + 6<1 —2a)((1+a)b+ (2 —a)c)h? (5.0.7)
1
+ ga((?) —2a)c+ (3 — a)W,,)h*

For simplicity, we will first consider the choice of Y**¢ when W+ =0and Hy; = 0.

In this scenario, the parameters (a, b, ¢) are chosen so that the Taylor expansion ((5.0.4))
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matches the log-ODE expansion up to O(h?) terms and hence satisfy the equations,

1 1 1
§abh+ 5(1 —2a)(b+c)h + iach =0,

1 1 1 1
gath + §(1 — 2a) (b2 + be + c2)h + gac2h = Bh2'

For any fixed choice of a € (O, %), there are two distinct solutions to the above system:
1 1
be) = (G=vh, —VE).
(b, ¢) 7 7

Although our aim is to design the path v%%¢ solely for the purpose of SDE simulation,
we would ideally want this approximation to resemble the driving Brownian motion.

In the above case, both choices for y** are equally poor approximants (by symmetry).

- 3

| 7
Figure 5.2: Possible piecewise linear paths that can approximate the Brownian arch.

This motivates one to generate addition information about the Brownian path.
A natural candidate for this could be the space-time-time Lévy area K, as it is
independent of (W, Hs;) and estimates the skewness of the associated arch process.

In this setting, we can choose the path v**¢ that additionally minimizes the quantity

t t
/ (u— 3)7;’3": du — / (u— )Wy, du

The construction of piecewise linear approximations that are measurable with

respect to (W, Hy s, K) shall be discussed in the first two sections of this chapter.
On the other hand, for SDEs where the two vector fields are cheap to evaluate,
generating an additional Gaussian random variable during each step may be excessive.

As a result, we will define the following quantities to be cheaper alternatives to K.

Definition 5.0.4. The space-time orientation n,; of Brownian motion over an

interval [s, t| represents the relative size of two space-time subareas and is defined as
Nst =sgn (Hg, — Hyt)

where u := 3(s +t).
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Nt =sgn(|:|— |:|) =1

Figure 5.3: A sample path of Brownian motion with positive space-time orientation.

Definition 5.0.5. The sign of the skew of Brownian motion over [s, t] is given by
ks,t ‘= sgn (Ks,t) :

It is clear that n,; and k,; have Rademacher distributions and therefore require
less computational effort to generate than K,,. Whilst it appears that these random
variables can be used interchangeably with one another, we shall see that it is more
straightforward to incorporate n,; into variable step size and multilevel Monte Carlo
methodologies that use both increments and areas. That said, in order for n,; or ks,

to be used in a numerical scheme, they must be generatable along with W, and H, ;.
Theorem 5.0.6. The space-time orientation ng, is independent of (W, Wy, Hst).

Proof. It was established in the previous chapter that H,, is independent of Wj,.
Since (s,u) and (u,t) are disjoint intervals and Brownian motion has independent
increments, it follows that (W, , W,.) and (H,, H,.) are independent of each other.
As {Wi, trepsg and {Wy — Wyt }efs,q have the same law, we have by symmetry that

COV(HS’U, Hs,t) = COV(Huﬂg, Hs,t)- (508)

Note that Hy,, — H,; and H,, can be expressed as linear functionals on the same
Brownian motion and are therefore jointly normal random variables. By the above
covariance, we see that Hy , — H,; and H,, are uncorrelated (and hence independent).

The result immediately follows since n; is a deterministic function of Hy,, — H, . [
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Theorem 5.0.7. The sign of the skew sgn(K,) is independent of (Wi, War, Hst).

Proof. Without loss of generality, we can consider the Brownian motion over [0, 1].
It has already been established in Chapter {4 that K,; corresponds to the integral
I, as defined in Theorem and is therefore independent of both W,; and H;.
Corollary expresses W using the independent Gaussian random variables {1},

We can see from the above that W% and Iy are independent as es(t) = 0 when ¢t =

1
2
The result now follows since ks, := sgn(K;) is a deterministic function of K,;. [

In the first section of this chapter, we will construct piecewise linear paths for
discretizing the Stratonovich SDE ([5.0.1]). Our general methodology is outlined below:

1. Identify the expectation of L,; and K, conditional on certain random variables.

In our case, we shall be generating one of the following triples over each interval.

° (Ws,t7 Hs,t; Ks,t) * (Ws,t7 Hs,tu ns,t) ® (Ws,t7 Hs,t7 ks,t)

2. Using (5.0.5)) and (5.0.6), we can derive a system of equations for (a,b,c) from

/ sbcdu—/Wsudu
t
/(7?30 /W2 du WvHa')s,t :

As already seen, for any fixed a, there may be two solutions to the above system.

3. So once a is fixed, the solution for (b, ¢) is then chosen to additionally minimize

t
[1e-ita

Currently the choice of a is somewhat arbitrary and may require further work.

/:(u — )W du‘ (W, H, -)S,t ] ‘ )

4. Propagate a numerical solution to ((5.0.1]) over the time interval [s, ] using the
ODE that is governed by the vector fields fy, f; but is driven by the path v*<,
This method then converges strongly with order 1.5 and weakly with order 2.0.

The numerical examples that we will use to demonstrate this approach are the

Cox-Ingersoll-Ross and squared Bessel processes (which are presented in Chapter @
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. Cox-Ingersoll-Ross (CIR) process (see [23] for the original paper on this)
dy, = a(b—y,) dt + o\/y, dW;.

. Squared j-dimensional Bessel process ([47] gives a survey of both processes)

dZt = 5dt+2\/ZOth

These SDEs are not further discussed in this chapter as they are discretized using a
piecewise linear approach in a variable step size framework (see sectionfor details).
The motivation for varying the step sizes used within the numerical approximations
of these processes is that one of the governing vector fields is not globally Lipschitz.
More specifically, the derivatives of v/ “blow-up” whenever the process is near zero.
So we generally would like to take smaller step sizes if the process gets closer to zero.

In the second section of this chapter, we shall construct piecewise linear paths for
discretizing the SDE when the vector fields satisfy the commutativity condition

Lf1, LA, fol] = 0. (5.0.9)

The above condition implies that the O(h?) component of the SDE’s stochastic

Taylor expansion does not depend on the Brownian space-space-time Lévy area L.

As a result, we do not need to approximate this quantity when constructing ~v».

Instead, we can generate the triple (W, Hs, K;) and consider the three-parameter

piecewise linear path y*%¢ on [s,t] which is defined according to the following recipe:

. Once a is fixed, the pair (b, ¢) can be uniquely determined so that y*%¢ satisfies

t t
a,b,c _ a,b,c
/%,u du-/ W du,
s s

t t
/ (u— s)’yjﬁ’c du = / (u— s)VVfi2c du.

« We will choose this constant to be a = % — ﬁg as it produces the equality below

t t
/ (u - 8)2’7;1,’3’6 du - E / (U - S)QWS,u du ‘ Ws,t7 Hs,t7 Ks,t] .

For Stratonovich SDEs that satisfy the condition (5.0.9)), we expect the numerical
method associated with this path to converge strongly and weakly with order 2.0.

Whilst the above methodology is fairly general, we have a specific example in mind:
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The Langevin equation (Chapter 6 of [82] gives a detailed analysis of this SDE)

th - Ptdt,

2
dP, = —VU(Qy) dt — vP,dt + | /E” AW,

where @, P € R? represent the position and momentum of a point particle that
moves in a scalar potential U according to Newton’s second law but is subject to
additional frictional and stochastic forces. In the above SDE, the linear dissipation
term —v P is governed by the friction coefficient v and the noise term is determined
by a d-dimensional Brownian motion W and inverse temperature 5 = (kBT) ! where

kg is the Boltzmann constant and T denotes the absolute temperature of the system.

The Langevin equation appears in statistical mechanics as the fundamental model
of a Brownian particle that moves under the influence of an external force along with
frictional and stochastic forces ([22] is a comprehensive textbook on this equation).
In the third section of this chapter, we shall discretize the Langevin equation using

the above methodology and demonstrate that it achieves a convergence rate of O(h?).

5.1 Piecewise linear methods for SDEs with
non-commuting vector fields

In this section, we will define piecewise linear paths for numerically solving SDE
(5.0.1)) where the vector fields fy, f; are assumed to not satisfy the condition (5.0.9)).
As stated previously, these paths shall be measurable with respect to (W, Hy ) along
with an additional random variable that encodes the “skew” of the Brownian motion.

To follow the methodology outlined earlier in this chapter, we use the lemma below.

Lemma 5.1.1. Consider a piecewise linear path v**¢ in the three-parameter family.

The rescaled Lévy areas of the space-time process {(u,vﬁ’b’c)}ue[s,t] can be defined as

7 1 ! a,b,c U—38 abe
Hs,t = E/s 75,737 - T,}/s:tb’ du? (511)
= I u—Ss 1
K= ( whe ") <— — (u— ) . 1.2
it 12 /S Vsu h Vst 2h (U 8) du (5 )
Then for any choice of (a,b,c) € (O, %) x R? and any Brownian increment Wy, € R,
=~ 1
Hgy = 5(1—a)(b+C—W3,t), (5.1.3)
= 1
K, = E(l —a)(b—c+ (1 —2a)W,,), (5.1.4)
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and the following triple iterated integral of v**¢ and time can be computed explicitly:

t
1 _ —~
/ (V) du = ShW2, + Wy Hoy = 20V Koy (5.1.5)
——— —hH?,+ ———hK_?,.
_I_ 3(1 _ &)2 s,t + (1 _ &)2 s,t

Proof. Expressing the integrals in || and 1) in terms of ﬁ&t and k\s’t yields

1 ~ 1 1 1
5th,t +hHgy = 3 abh + 5(1 —2a)(b+c)h + §a(c + Wiy )h,

1 1 5= = 1 1
§h2Ws,t + §h2HS7t — hQKSﬂg = §a2bh2 —+ 6(1 — 2&)((1 + CL)b + (2 — G)C)h2

+ éa((B —2a)c+ (3 — a)W,,)h?.

Simplifying the LHS and RHS of these equations and dividing by i (and h?) produces

1 —~ 1 1

- H,=-(1— -

2W57t + s, 2( a)(b+c) =+ 2aW37t,
L s X0t o4 taws, R = 21— )b+ 21— a)e+ ~a(3 — o)W,
12 s,t 4 4 s,t s,t — 6 3 6 st

Solving this system for f{\s,t and f{\sﬁt is straightforward and gives 1’ and 1'

Moreover, after further rearranging, we obtain explicit formulae for b+c and b—c.

2~
b+c= Ws,t+—Hs,t7
1—a

12 —~
b—c= Ky = (1—-20)Wi.

We can derive (|5.1.5)) by substituting the above expressions into the RHS of ([5.0.6)).
! b.c\ 2 1 1 1
/ (V) du = 3ab®h + (1= 2a) (b* + be + ) h+ za (¢ + Wy + W3 )

1 1 1 1
= —(3—4a)(b+c)’h+—(b—c)’h+ gachW&t + gahW§t

12 12
1 2 =~ \? 1 12 =~ 2
- o+ 2 e (R -
@A) (Wor b 7 Hoa ) ot 5 (T Koa = (1 =20 Wea )
1 2 = 12 = 1
+ éa(Ws,t + mHs,t — m s,t + (1 — 2G)W57t> th,t + gahWit

The result now follows by simplifying the various terms in the above equation. [J

The second ingredient that we use for constructing the piecewise linear paths are
the conditional moments of Lévy area L,;. Recall that Theorem established the
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mean and variance of L, conditional on the tuples (W, Hst) and (Wsy, Hgy, K y).
Since we intend on using the Rademacher random variables n,; and ks; as cheaper

alternatives to K, we will derive the corresponding moments of both L,; and K.

Theorem 5.1.2 (Additional conditional moments of space-space-time Lévy area).
Let W be a standard Brownian motion and Hy,, L, be the previously defined areas.
Let nsy and ks be the discrete random variables given by definitions[5.0.4] and[5.0.5,

Then the conditional means and variances of Ly, associated with this information are

1 3 1
E[Lg; | Wes, Hopynss] = %hQ + thf,t ST hiW,,, (5.1.6)
Var(Lgy | Wz, Hypynsy) = Lhu (i — L) R*W? +ih3H2 (5.1.7)
st sb st Bst) ™ 95900 720 3847 st oo et N
1 .
. h2W.,,
320061 " !
1 5 3, .5 1 3
E[Ls’t ‘ W&t, Hsﬂg, ks,t] = %h + gh’Hs,t — m ks,t hQWs,t7 (518>
Var(Lgy | Wey, Hoyp kisy) = Ly (i - L) B2, + —— S H? (5.1.9)
st b st ) ™ 95900 720 3607 sthogpp T et AT
1 ;
k. hW.,,
252101 " !

where h =1 — s.
Proof. In order to show ([5.1.6]) and (5.1.7]), we shall use the following random variable,
Ns,t = Hs,u - Hu,t, (5].].0)

where u := s + %h is the midpoint of the interval.

Our strategy is to divide [s, ] in half and apply Theorem on both subintervals.
The result then follows after a further conditional expectation is taken (by Tower law).

It is worth noting that Theorem [4.1.12| allows us to express the Brownian motion as

r—s 6(r—s)(t—r)
G

where Z denotes a Brownian arch process on [s, t] that is independent of (W, Hy ;).

Ws,r ==

Het+ Zs,, Vr € [s,t], (5.1.11)

Recall that in the proof of Theorem [5.0.6] it was shown that N, is independent of
(W, Wau, Hg ). In particular, this implies that W, Hy;, Ny, Zs,, are independent.
By considering the subregions which contribute to the space-time Lévy area, we have
1

1
hHs,t = éhHs,u + 9

1 1
hH,, + 5h(ws,u - §Ws,t>. (5.1.12)
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Using equations (5.1.10)), (5.1.11) and (5.1.12)), it is straightforward to express the
Gaussian random variables { W ,,, Wy,;, Hy o, Hy i } in terms of {Ws s, Hoy, Not, Zs o }-

1 3
WS,U = 5 s,t+ 2Hst+Zsu; (5113)
1 3
Wu,t = 2 st 2Hs,t - Zs,ua (5114)
1 1 1
Hsu = —11s Zsu Ns ) 11
) 4 R 2 + = 2 ,t (5 5)
1 1 1
H,;, = -H, —Zsu— =Ngy. d.1
)t 4 R 2 s 2 ,t (5 6)

In a similar fashion to (5.1.12)), the third order iterated integrals of Brownian motion

and time can be written as a linear combination of integrals over the two half intervals.

t u t
/ W2, dr :/ Wirerr/ W2, dr+ 2/ Wsuwwdwr/ W2, dr.  (5.1.17)
Since W has independent increments, applying Theorem to the above will give

t 1 1 1, 3
/ W2, dr ‘ Wi, Wiass Hy o, Hu,t] = ShW2, + ShWouH,+ b+ ShH2,

1 1
+ éhWS%U + §th,uWu,t + th,uHu,t

1 1 3
hW2 “hWoiH,y + —h* + ShHZ,.
Tty tlut T 5g" Tt g

Before taking the expectation of the above conditional on (W, Hs s, nst), we shall
express the LHS in terms of { W, Hsy, Ny, Zs,, } since only Ny, is dependent on ng ;.

So after the four equations (5.1.13]) — ((5.1.16)) are substituted into the above, we have

t
1
/medr‘Ws,u,Wmt,Hs,u,Hu,t] 3hW2t+thtH3t+%h2 (5.1.18)

6 2 3
—hH?,+ —hZ?,+ —hN?
+ 5 s,t + 15 s, + 10 s,t

1 1
+ ths,tZs,u - Zth,th,t-

Since ns; = sgn(Ns), we see that Ny ;|ns, has a half-normal distribution (times n;).

Moreover, as N, ~ N (0, 112 h), the following moments can be computed analytically:

B[Ny |nsy] = \/% nssh? (5.1.19)
B[N |nai] = 5h, (5.1.20)
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1 3

]E[N.it }ns’t} = mn&thﬁ, (5121)
E[N, | nee] = %h? (5.1.22)

(The raw moments of a half-normal distribution on [0, co) are explicitly given in [95])

Since Zs,, is independent of (W, Hs+, Ng ) and N, is independent of (W4, Hy ),
the expectation of ([5.1.18) conditional on (W, Hs, ns,) can simply be computed as

t
2
E / W2, dr ‘ N

hWQt + Wi Hor + =5 h2 - QhHgt
2
+ Ehﬂz[zj ]+ hIE[NQt | 75t

b ShHLE(Zu] — (hWL B[N s

1 1 6 1
— AW2 4+ hW, ,H,, + —h>+ —hH?, — ———
g/ War t MWaellsp & 27+ £l Aer

where we use the moments E[Zs,u] =0 and E [Zszu] = %Gh (see definition [4.1.14)).
The conditional expectation ([5.1.6|) now follows by applying lemma to the above.

The conditional variance can also be computed via the decomposition (5.1.17)).

(/ W2 dr‘WsuywuhHsuaHUt)

_Var< / W2, dr + / (W2, + 2W, W) dr + / Wirdr’Ww,Wu,t,HS,u,Hu,t>

3
ns,t h2 Ws,t )

u t
= Var ( / Wsz,r d?” ‘ Ws,ua Wu,tv Hs,u; Hu,t) + Var ( / Wzir dT ‘ Ws,1u Wu,t> Hs,ua Hu,t) .

As before, we will apply Theorem and change variables using (5.1.13)) - (5.1.16)).

t
ar </ Ws?,r d?" | Ws,ua Wu,tu HS,’LM Hu,t)

11 1 1
— h4 3 ( 2 H W2 H2 >
50400 + 1440 su T 1400 su 1440 wt ¥ 7100 1400 wt
1, 3< 9 2 1, 1 2)
- W2 H —H,,Z,, Z? +——N2, ).
50400 2880 “+2800 s’t+525 ! +6300 ) +2800 it
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So the second moment of the triple integral conditional on (W, W4, Hsy, Hyy) 18

t 2
</ WSQ,T dT) ) Ws,uu Hs,uu Wu,ta Hu,t

¥ |

11 1 2 11 1
:—h4+h3 (—W2t+ 9 H2 HStZSU+ Zsu+_N2t)

t 1\ 2 t
/Ws%rdr‘ws,u7Wu,t7Hs,uaHu,t ) —|—Var(/ Wirdr’Ws,uvWu,taHs,uaHu,t>

50400 2880 ' 2800 525 6300 2800
6
+ h? <3W2t + W, Hg s + 30h+ gﬂj’t
2 3 1 1 2
7?2 N? Hy1Zgu— ~ SNS)
g len T gar T gt 4W’t ot
— —h’NZ, — h2WstN8t(1W2 +WstHst+ih+§H2 + — 2 — 72 + 1HstZSu)
T 9800 st RN ST 5 1575% " 5

3 1 9
— —Rh*W, N3, + —hQWftht + —h2th + additional terms.
20 16 et 100 ’

Since the additional terms do not contain N;; or N3 +» they will be independent of ng ;.

Thus we can compute the expectation of these terms conditional on (W, Hg s, nst).

s,t] .

Applying Theorem and noting that N2, and N, are independent of n,, gives

E[addz’tional terms | W, Hsy, ns,t}

1 1 9
w2, d — —WN?, — —h2W N2, — — 2N,
/ " 2800 ot 16 st~ 100

ERA)

/ W2 d?" ) Ws7t7 Hs,t7 ns,t]

6 1 21 1
WV2, + hW,  H —hH? —h2> —hr 4+ h? ( 2 H2)
(3 Waa + hWsy st T g+ 79 T30 T 18OW 175 %t

1 1 1 6 3
— SHWE[Ny | n,,] (gwgt FWoeHy b oot gHjt) — o HPW B[N i)

Finally, we can derive an explicit formula for the conditional variance of this integral.

</ W2 dr’stHst:nst)
_ (E

/ W2 dr ‘ Ws,t, Hs,t7 Mgt
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Substituting in the above formulae for the (conditional) moments of fst W2, dr gives

t
2
ar ( / W2, dr ] Wiy H,,, ns,t>
S

6 21 1
hW2, + hW,  H,, —h2 hH2 ) —nr+n? (—W2 —H? )
(3 T R T tes00" T 180 175 st

1
2/ 67
6 1

hW2, + hW,, H, L S L
(3 s tHat 5 F R 467

11 11 ) 7
= 5300" <— - —> MW, L ot W W
6300" " \180 ~96x/ " e T AT M T goes e e

The conditional variance (5.1.7) is now a consequence of the above with lemma [4.2.5]
To derive (5.1.8)), we do not need subintervals and can directly apply Theorem [1.2.8|

5 1 6 1 .
s h2 W, <—W2 W, H, —h —H? ) - ng hEW,
nse h2Ws, 3 Vst + ad1s s + o1 + 5 s 40\/6_7Tn ch2W,

E[Ls,t ‘ Ws,tv Hs,t: ks,t] =E |:E[Ls,t ’ Ws,ta Hs,ta Ks,t} } Ws,t7 Hs,t> ks,ti|

3 3 60
—E EOhZ + 5hH2 WMWKy + 7hK§,t W, Hop, ks,t]
3 1
= L S, o h2 Wiy,

30 5% 6y/10m

fks t
where we use the half-normal moments E[ K|k, ] = svics and E[K2,|ksi] = =550,
with the independence of (W, Hy,) and ks, (since the latter only depends on K ).

All that remains is to compute the final conditional variance using the above.
As before, we will begin by obtaining the second moment of stt from Theorem [4.2.8] .

E [Lit | Ws,t7 Hs,t7 Ks,t:|
2
= Var <Ls,t | Ws,t7 Hs,t; Ks,t> + (E[Ls,t | Ws,t; Hs,tu Ks,t])

11 1 1 60 2
= ——pt 4 hd (700H2t + = Kst> + (—h2 + = hH2 — AW, K, + 7hK§,t)

88200 49 140
103 19 19 9 72

= g (700 Hi+ 35 K§t> e WH + WWEKS, + - hPHE K,
3600 3 6 120

+ — K, — 7—Oh3Ws,tK&t — gh%{/s,tlﬁljtf( ;= 7h2Ws,tK§t.
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Substituting the moments E[ K2, | k.| = ngsjmhz and B[ K, |ksi] = 13550577

(which can be calculated using [95]) after a conditional expectation is taken produces

29 9
B L2, | Wap, Ho 5}2—4 3( W2, + H2> —h2H!
st | Wt Hats K 8400h +h 720 * 700 e +25h st
19 ;

1 .
ko hEW,, — ——— Ky, h2W, HZ,.
1260v/107 " Y svior st

To conclude the proof, we explicitly compute the conditional variance given by (|5.1.9)).
2
Var <Ls,t | Ws,t7 Hs,t; ks,t) =E [Lit } Ws,t7 Hs,t7 ks,t:| - (E[Ls,t ‘ Ws,tu Hs,ta ks,t])

13 1 29 9
= —— pt+hnd ( W2, + —H; ) —h2H4
8400 + 720 700 st 25

19 . 1
kAW, — ———
1260107 " Y 5107

3 1 5 2
h? + hH2 —— k, h2WS)
(30 5 6v/10r " !

11 1 1 1
= —pt (— — —) W2 + —h3H?
25200 * 720 3607 st st

7
5 2
kst h2Ws HZ,

1 .
ek hIW.,.
252107 " !

To derive formulae for the piecewise linear paths, we also use the moments of K.

Theorem 5.1.3 (Conditional moments of the rescaled space-time-time Lévy area).
Consider a standard Brownian motion W with space-time Lévy area Hgy over [s,t].
Let ng, and ks, be the discrete random variables given by definitions|5.0.4) and|5. 0.5

Then the conditional means and variances of Ky, associated with this information are

E[K&t | stt,Hs,t,nsvt] — ﬁns,t\/ﬁ, (5.1.23)
Var (K | Wag Hop e ) = 7710112, (5.1.24)
[ stIWst,Hst,kst] 6\/11@/48,75 h, (5.1.25)
Var (K | Wog Hop iy ) = %OhQ, (5.1.26)

where h =t — s.
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Proof. As in the previous proof, we shall introduce the Gaussian random variable

Ngy == Hy, — H,, where u := s + %h denotes the midpoint of the interval, so that

t
E / (r — s)*dW,

u t
=E /(T—S)QdWT+/(T—S)2dWT

Ws,ua Wu,t; Hs,ua Hu,t]

Ws,u; Wu,t7 Hs,fm Hu,t]

u t
=K / (r—8)2dW, Wy, Hoo | +E / (r — s)*dW, Wu,taHu,t]
1y 1, 7T, 3,
= Eh W Zh H,., + 12]1 Wit 4h Hy,:
1

1
— §h2 Wiy — h*H,, + Z—thNs,t,

where the above was computed by applying Theorem 4.1.12f on the two half intervals.

Taking the expectation conditional on (W, Hs¢, ns,) and using lemma m yields

1
E[Ky | Wap, Hogyngy] = E {_ .,

1
3 Ws,ta Hs,t7 ns,t:| = —ns,t\/ﬁ-

8v o

Clearly the value of K E’t does not change if the Brownian motion is multiplied by —1.
On the other hand, the value of n,, would be flipped if W were replaced by —WW.

Therefore, by this symmetry, Kfyt and n,; are independent random variables and so

1
E[Kit } Wi ts Hs,tyns,t} = E[Kit } ns’t} = E[Kit] = ﬁoh’

The moments ([5.1.25) and (5.1.26)) are elementary to derive as ky; = sgn(K,;). O

Finally, we can now incorporate the previous two theorems (5.1.2/and [5.1.3)) with

lemma to define high order piecewise linear paths in the three-parameter family.
Theorem 5.1.4. Let [s, ] be a fized interval and (W, H, + ), , denote one of the triples:
® (Ws,t7 Hs,t; Ks,t) ° (Ws,t7 Hs,t; ns,t) ® (Ws,tu Hs,t7 ks,t)

For a € (0, %), suppose there exists a three-parameter piecewise linear path satisfying

2
b+C: Ws,t+ 1— sty (5127)
—a

b—c=aW, +e((1—a)?W2 —24W,,E[K,,| (W,H,-),,] (5.1.28)

72a% — 64a+12 , 1440
st —E
5(1 —a)? ’ 7

(K2 (W) ]+1—8h>2
s,t )T s,t 35 ’
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where

1 if B[Ky| (W H,-), ] > %2,

1 i E[Ky| (W H,-),, ] < 52w,
Then

1 [lyebedu= ["W,, du.

2 ety du =B [IW2, dul (W, H,-),, |.

3. For any three-parameter piecewise linear path 4% on [s,t] with properties 1-2

and the same value of a as ¥*%¢, we have the following inequality

{(w— )yebe du— B [ (= s) W, du| (W, H,-),, ||

<

fst(u — s)’yg’fj"c/du — E[fst(u — 5)Ws du | (W, H,-),, } ‘ .

Proof. Let y**¢ have space-time Lévy area I/ZI\s,t and space-time-time Lévy area f(\&t.
Then by lemma/5.1.1], we can explicitly compute these areas from ({5.1.27)) and (5.1.28)).

~ 1
Hg, = 5(1 —a)(b+c—W,,) = Hyy, (5.1.29)
—~ 1 %

Ko = E(l—a)((l—a)Ws,tJre(---) ). (5.1.30)

Therefore y*%¢ satisfies the first property and applying (5.1.5) in lemma yields

12

t ! = 3 —4a .
a,b,c . 2 , 2
/; (PYsu ) du == ghW,g,t + hWS,tHs,t - QhWS,tKS,t + mhﬂ'&t + mhK&t
! 1 3 —4a
B 12( a) hWa + 3(1—a)? %
1 2 2 18
+ 5 (=0 W, - 24W,, B[ Kye| (W, H,+),, ] + 2h
720 — 6da+12 _, 1440 1, )
e ST
L, o2 6. 5 3,
— ghWS,t + th,tHs,t + thS,t + 7—Oh _ QWS,tE[Ks’t‘ (VV, H7 . >S7t :|
120
+ B[R W), |

By Theorems 4.2.8},[5.1.2] and [5.1.3] it follows that y*"¢ satisfies the second property.
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In order to show the third property, we should identify all the three-parameter
piecewise linear paths with the same value for a as v**¢ and the first two properties.
Once a is fixed, it is clear from that the first property will determine b + c.
The second property can then be rewritten as a quadratic equation in Es,t by .
Hence by , there are at most two three-parameter paths with properties 1 - 2.
Moreover, it follows by direct calculation that the roots of this quadratic equation
correspond to the formula for b — ¢ where ¢ € {—1,1} is determined by k\s,t-
Since f{\s,t = H,,;, it is evident that the third property is equivalent to minimizing
}k\syt—E[K&t} (W, H,-),, ]| and the required value of  can be seen using (5.1.30). O

The above theorem explicitly gives a method for constructing piecewise linear
paths that capture certain iterated integrals of the original Brownian path and time.
That said, there are still two important details that Theorem does not address.

« What type of information (K, ns4, kst) should be used in an SDE simulation?

« What value of a should be chosen for the three-parameter piecewise linear path?

Whilst these questions are not fully resolved, there is plenty that can be discussed.
If a vector field in the SDE is expensive to evaluate, then the choice of random
variables we generate per step makes little difference to the simulation’s complexity.
Therefore in this case, it makes sense to use K,; to construct the piecewise linear
path as it results in a superior estimator for Ly, when compared to either ng, or k.
[ronically, the effectiveness of this estimator can cause additional challenges if one is
discretizing an SDE using the variable step size methodology proposed in Chapter [6]
This is because the main term in the local error expansion is independent of W, as

Var(Lst | Wst,Hst,Kst) = s (ngt + iK@) :
’ ’ ’ ’ 88200 700 " 49 %

So in this regime, it is unclear how one should control the size of the increment W ;.

Alternatively, if the vector fields governing the SDE are all cheap to compute,
then the sampling of random variables during each step may be become a bottleneck.
Hence in this setting, both n,; and k,; can be seen as cheaper alternatives than K.
Theorem m shows that k,; gives a slightly better approximation of L, than ng,.
That said, we shall see in the next chapter that n,; is much more straightforward to

incorporate into variable step size methods and can be used to control (W, Hy+) as
Var (Ls,t } Ws,t» Hs,t> ns,t)

11 1 1 1
:_h4 (___) 3w2 —h3H2 - n, h
25200 * 720 3847 st t 700 %Y 32067 Tsit

7

2Wsy.
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A natural choice for a is %ﬁ since it ensures that b — c is independent of Hy,.

This may be desirable since Brownian motion has this type of independence property:
Proposition 5.1.5. The process {Ws, — W,,yt}re[s,t] is independent of the area H,.

Proof. By Theorem we have that Wy, — W, = Z;, — Z,;, where Z denotes

the Brownian arch process. The result now follows as Z and H,; are independent. [
Using this choice of a, we can now define the paths corresponding to ns,; and k.

Definition 5.1.6. Consider the unique three-parameter path v*¢ on [s, t] satisfying

8 — V10
a=——"-"
18
2

b+C:Ws,t+— s,t
1—a

4
b—c= aWS,t + 5\/(1 - a)QWS%t - Cs,th,t + _ha

)
where
1 if Gy >2(1—a)?W,,
R P Cor < 2(1—a)?W,,
and
. \/%ns,t\/ﬁ if ng; is used
st

)

\/%7]{38,1:\/5 if ks, is used
Then v**€ is a high order piecewise linear approximant of W given by Theorem m

Ideally, we would like to choose the above value for a when constructing piecewise
linear paths that are (W, H,,, K;;)-measurable due to this independence property.

However, it is now possible for the expression in the square root to become negative.

Theorem 5.1.7. When a = %ﬁ, there is a mon-zero probability that a high order
piecewise linear path cannot be constructed from (W, Hyy, K1) as in Theorem m

Moreover, the probability of this event occurring s small and can be bounded above by

60-+28v/5 / / /
P |X| N 3\/4300707283500\/§+331128\/5737525\/ﬁ (3545 14 +700v35 + 2268 70)
140v/2 + 98v/10

~ 0.0022,

where X ~ N(0,1) is a standard normal random variable.
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Proof. 1t is clear that the construction of the piecewise linear path fails if and only if

55 + 1010 1440 18
— W2 —24W, Koy + — K2, + ——h < 0.
162 s,t )t )t + 7 s,t + 35 <
Since this quadratic defines a hyperbola, the above event has a non-zero probability.

In order to estimate this probability, we aim to find the largest constant C' such that

55 4 10v/10 1440 18
leTWf —24W, K, + TK% <0 = W, +VT720K,| > C.

The constant C' can be obtained by solving the below non-linear optimization problem.

55 4+ 104/10 2v/5 2 18
i r? — \/_xy+—y2+—:O.
162 ) 7 35

With assistance from Wolfram Mathematica, the constant is explicitly computable as

3\/ 60+28v5 (3545/T4 + 700/35 + 2268+/70)
c

430070—2835001/2+331128+/5—37525v/10
140 + 98/5
which is approximately 4.321. O

minimize |z + y| subject to

Remark 5.1.8. Monte Carlo simulations indicate this probability is less than 0.0005.

The above theorem shows that there can be additional complications when one

considers piecewise linear paths that are measurable with respect to (W, Hsy, Ky ;).

Since we cannot always construct the three-parameter path with a = 8_1@, we use
L 0- V70
10
as it is the largest constant in (0, %) that guarantees non-negativity for the following:
(1—a)’W2, —24W, K, + @ 2,

This then ensures the existence of the piecewise linear path given by Theorem [5.1.4]

A potential downside of this approach is that b — ¢ is not independent of Hy,.

Therefore, it may be worthwhile to consider constructing paths that have four pieces.

Definition 5.1.9. For a € (0, %) and b, c,d € R, we define the path %% on [s, t] as
,Ya,b,c,d — ,ya,b,c 4 d;?a’

where the path %% belongs to the three-parameter family and 7 is the tent function

0 for u € [s,s + ah] U [t — ah,t]
7% = B for w € [s+ ah, s + 37
% for u € [s + 1h,t — ah]
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By extending lemma we can derive formulae for iterated integrals of y®%¢.

Theorem 5.1.10. Let v**“? be a piecewise linear path in the four-parameter family.

The rescaled Lévy areas of the space-time process {(u, 7&"?)}ye(s) can be defined as

—~ 1 rt _

=g [ oot = 2t au, (5.131)
~ 1 [t - 1

K&t = ﬁ <’7g”3’c’d — %’ygﬁbﬁ,d) <§h — (U, — 8)) du (5132)

Then for any choice of (a,b,c,d) € (0, %) xR?* and any Brownian increment Wy, € R,

~ 1 1

Hy, = 5(1 —a)(b+c— W) + 5(1 — 2a)d, (5.1.33)
~ 1

Ko = 12(1 —a)(b—c+ (1—2a)W,,), (5.1.34)

a,b,c,d

and the following triple iterated integral of and time can be computed explicitly:

¢ 1 = = 3—4da | -
a,b,c,d 2 2
/s (Ve ) du = gthi +hWy Hy — 20 W, Ky + 30 =0y hHZ, (5.1.35)
12 = a(l —2a), - 1—2a
—— —hK?, + ———2hdH,; + ————— hd*.
* (1—a)z % * 3(1 — a)? T 12(1 — a)?

Proof. It is straightforward to explicitly compute the following time integrals of 7¢,,.

1 [, u-—s 1

EL Ysu — h Vstdu 2(1 - 2&),

1 [ty u—s_,\(1

ﬁ \ (75,u_ h 73t> <2h‘_<u_5)) du = 0.

Hence, by lemma and the linearity of integration, we have ((5.1.33)) and ([5.1.34)).

Similarly, we can compute the final integral using lemma [5.1.1| along with the above.

t t
JRCERTE / (725)? du + 24 / JEbe RS, du + & / (32,)° du
hwi + hW,, (H L — %(1 - 2a)d> — 2hW, K,

12
(1—a)?
2 ~ 1—-2 1

ad)

1 2
+§hd(1—2a) (Ws,t"i_mHs,t_ 5(1—2a)hd

3—4 ~ 1 2
+——"h (Hs,t (- 2a)d> +

hIC>
3(1 —a) 2 st

1—a

The result then follows by rearranging and simplifying the RHS of this equation. [
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We can set a = 0= ‘ﬁ for the above path and find b, ¢, d to match the integrals:

/ CLdedU—/T/Vsudu

t
/< mz‘:ddu—/(u—s)m,udu,

/ (vebe ) du =

It is then clear from Theorem [5.1.10| that this yields a quadratic equation for d.

1044 8 54 /70 3, 6
; \/_tht i \/—hstt *4‘2\/_ W = S R,

/ Ws%u du ’ Ws,t7 Hs,t7 Ks,t] .

Solving this equation produces two distinct real solutions, which are given below.

—10 70 490 — 2870 5) 70
%\/_H&t L TE)V_HS% N %_h

d:

Since the cubic polynomial approximation of the Brownian path is 1 W57t+%H st at
1

its midpoint, we will choose the value of d to be a close as possible to (— —= 70) Hg,.

7

Therefore, we can now define the (W, Hs;, K, +)-measurable piecewise linear paths.

Definition 5.1.11. Using the triple (W, Hsy, K5+ ), we have derived two piecewise

linear paths that can each be used to approximate the non-commutative SDE (5.0.1]).

. Three pieces with guaranteed existence
10— +/70
10

2
b+c:Wst+1—Hsta

2112 — 240/70 _,
Hst
105 ’

b—c=aWs; +e ((1 —a)’ W2, — 24W,, K, +

1440 , 18 )é
K% 4 —h
TRt

where in the above piecewise linear path, we define € to minimize |K; — K sitls
1 it Ko > L(1—a)2W,,

-1 if Ko<+ (1 —a)?* Wy, .

Then the resulting path v**¢ satisfies all the properties given by Theorem m
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. Four pieces with an independence property and guaranteed existence

a_10—\/%

10 ’
2 1-2
b+C:W3t+—Hst_ ada
’ l—a 7 1—a
12
b_C:]_— si—(l—Qa)W&t,
—10 4+ /70 490 — 28/ 70 54 +/70
d= %Hs,t + Sgn(Hs,t) \/THg’t + —;—5h

The piecewise linear path y%? defined by these parameters has the integrals:
t abe t
1. fs 75”3’ A dy = fs W du.
2 1 (ko) du = B[ [LW2, du | Wi, Hop, Ko |.

3. f:(u — s)vgﬁ’c’d du = fst(u — s) W, du.

Remark 5.1.12. In addition, we have also derived a piecewise linear path with three

pieces and the same independence property as the paths given by definition [5.1.6]

_8—410

a )
18
2
b—i_C:WS’t_‘_— S,t)
1—-a
1440 18
b—c=aWs; + 8\/(1 —a)?W2, — 24W, Ky + — 2+ %h ,

However, since there is a small probability (< 0.0022) that this path can not be

constructed, it will require further analysis to justify its use for approximating SDEs.

—— Brownian path —— Brownian path

—— Piecewise linear approximation Piecewise linear approximation

t.5 1 0 Ot.S Ill
Figure 5.4: Brownian motion approximated with “high order” piecewise linear paths.

The above paths are generated using three independent Gaussian random variables.

Therefore in this section, we have developed four different piecewise linear paths
that can be used to discretize the non-commutative SDE ((5.0.1]) using ODE solvers.
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These piecewise linear paths are explicitly described in definitions [5.1.6| and [5.1.11]

We shall now conclude this section by giving the convergence rates of these methods.

Theorem 5.1.13. For a fixed number of steps N, we can construct a numerical

solution {Yi}ocren Of by setting Yo = & and for each k € [0 .. N — 1],
defining Yy.41 to be the true solution at time u = tyyq1 of the following (random) ODE:

dzy, = fo(z4) du+ f1(24) dya, (5.1.36)

Ztk - Yk?

where h := %, ty = kh and 7y is a piecewise linear path from deﬁmtion|5.1.6| 0r|5.1.11|.

Then Y converges in a strong sense with order 1.5 and a weak sense with order 2.0.

Proof. Just as in the analysis of parabola-ODE (see Theorem , we can derive a
(rough) Taylor expansion of in terms of the iterated integrals of 7 and time.
By the construction of 7, the lower order terms in the expansion are matched exactly,
the O(h?) terms have the correct mean and the expectation of the remainder is O(h?).

Therefore, the result follows using the standard convergence arguments in [62]. [

Remark 5.1.14. In order to approximate the ODE (/5.1.36)) over the interval [tg, t;41],
we must discretize a sequence of several ODEs (equal to the number of pieces v has).
Each intermediate ODE requires at least one step of a high order numerical method.
In general, one should use fourth order ODE solvers, however for an SDE without the

Wét term in its Taylor expansion, it is enough to use a third order numerical method.

In Chapter @ we will apply the (W, Hst, ns+)-measurable piecewise linear path
given by definition to accurately discretize the CIR and squared Bessel processes.
There are two key features of this path that make it well suited for both of these SDEs:

. Since n,; is a Rademacher random variable, it is faster to generate than K.

This is appealing as the vector fields governing these SDEs are cheap to evaluate.

« It is possible to generate (W, H,n)s,, and (W, H,n),, conditional on (W, H,n)s .
This property enables variable step size methods (and multilevel Monte Carlo),

which is important as the CIR and Bessel SDEs have non-Lipschitz vector fields.

Whilst the paths presented in this section are designed for SDEs driven by a single
Brownian motion, it is straightforward to extend them to the multidimensional case
since the width of each “linear piece” does not depend on the Brownian path itself.
That said, it seems unlikely that this captures the mean and variance of Lévy area.

Hence it is still ongoing research to construct piecewise linear paths for general SDEs.
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5.2 Piecewise linear methods for SDEs satisfying
a commutativity condition

In this section, we shall consider two piecewise linear paths for discretizing the SDE

(5.0.1) when the governing vector fields satisfy the following commutativity condition:

[f15 [f, foll = 0. (5.2.1)

Due to the above condition, it is no longer necessary for the path to capture the
space-space-time Lévy area Lg; as it does not appear in Taylor expansion of ({5.0.1)).

Therefore, we can now reconsider the paths that belong to the one-parameter family.

Theorem 5.2.1. The path 'y% 15 the only path with two pieces and the below integrals.

t o t
/%?,udu:/ W du,

t 1 1 4
/ (1) du = ghwﬁt + AW, Hy; + ghﬂgt,

t 1 t
/ (u—8)Yiudu =E / (u—s)Wsdu ‘ Wi, H&t] )

Proof. The result follows directly from the calculations presented in Appendix[A]l [

Recall that the disadvantage of using this path for discretizing non-commutative
SDEs is that it approximates the Lévy area Ly, with $hHZ, (which is then unbiased).
If the SDE also has additive noise, then it is worthwhile to generate K.
Hence, the piecewise linear path defined below will match the triple (W, Hyy, Ks4).

Definition 5.2.2. Consider the unique three-parameter path v%¢ on [s, t] satisfying
1 1

2 25

2
b+C:Ws,t+— syt
1—a

12
b—C:m S,t—(l—QQ)Ws,t.

Then, provided (5.2.1) holds, driving (5.0.1]) by v%*¢ gives a high order approximation.

Remark 5.2.3. 1t is straightforward to extend the above paths to the multidimensional
setting by viewing W, Hs; and K, as vectors in R? with independent coordinates.
Whilst it is still ongoing research to study piecewise linear methods for general SDEs,
we shall see that the multidimensional version of path given by definition is

particularly well suited for numerically solving the (underdamped) Langevin equation.
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Theorem 5.2.4. The piecewise linear path v**¢ given by deﬁnz’tion has integrals

/ stdu—/ W du,

¢
/ (7330) du 3hW2t+hWStHst+Lst7
¢ ¢
/(u—s)%ubch—/(u—s)Ws,udu,

t
/( )/}/szlzcdu_E

t
/ (u - S>2Ws,u du ‘ Ws,tu Hs,t’ Ks,t] 5

where

- 545
L= G\f hHZ, — 2hW, K, + (90 — 30V5) hKKZ,.

Proof. The first two integrals can be shown using and (5.1.4) in lemma[5.1.1]
In a similar manner, the formula for the third mtegral directly follows from (|5.1.5)).

In order to derive the last integral, we will first compute the conditional expectation:

E

t

/ (U - S)2Ws,u du ‘ Ws,t7 Hs,ta Ks,t]
t
= / (u - S)2E[WS,U| Ws,t; Hs,h Ks,t] du
1
= h3/ w? (uWiy + 6u(l — u) Hyp 4 60u(l — u)(1 — 2u) K,,) du
0
1 3 3 3 3

= (W 1o PP ey = DK,

4

where the penultimate line uses Theorem [4.1.6| as well as integration by substitution.

The corresponding time integral for v

¢
1
/ (u— 3)27;’3’0 du = Za?’bh3 +

can also be resolved by a direct calculation.

1—12(1 — 2a)((20 + 1)b + (2a° — 4a + 3)c) I’

1
+ 5@ a((3a® = 8a + 6)c + (a® — 4a + 6)W,,) I’

= %(1 —a)(a®—a+2)(b+c)h® — %(1 —a)(b—c)h?

1
+ Ea(a —da + 6)h*W,,

1 1
:Zh3W8t+6(a —a+2)h3HSt h3K57t

Therefore, the integrals for v%%¢ and W will coincide if and only if a = % + ﬁg O
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—— Brownian path — Brownian path
14 . - . 0.6 . - A
— Piecewise linear approximation — Piecewise linear approximation

T d - T d
(1] 0.5 1 [} 0.5 1
t t

Figure 5.5: Brownian motion approximated with the simpler piecewise linear paths.
The above paths were generated using two independent Gaussian random variables.

— Brownian path — Brownian path
—— Piecewise linear approximation —— Piecewise linear approximation

1.2 A 0.2 4

0.8 - 0.2
0.6 0.4
0.4 - 0.6

0.2 -0.8 4

-0.2 T 1 -1.2 T d
0 0.5 1 0 0.5 1
t t

Figure 5.6: Brownian motion along with the associated linear three-parameter paths.
The above paths are generated using three independent Gaussian random variables.

To conclude the section, we shall present a convergence theorem for these paths.

Theorem 5.2.5. For a fixred number of steps N > 1, we construct a numerical

solution {Yi}ocren Of by setting Yo = & and for each k € [0 .. N — 1],
defining Yj41 to be the true solution at time u = tyyq of the following (random) ODE:

ztk - Yk‘?
where h = %, t, = kh and 7 is a piecewise linear path considered in this section.

Then provided holds, Y converges in a strong and weak sense with order 2.0.

Proof. The result follows using essentially the same analysis as for Theorem [5.1.13]
The key difference is that, due to the vectors fields commuting according to ([5.2.1)),

space-space-time Lévy area no longer appears in the expansions of (5.0.1]) and ([5.2.2)).
This means that the Taylor expansions now coincide up to the terms of size O(h?).

Since the expectation of the O(h2) remainder is still O(h3), we can use the standard

arguments presented in [62] to establish the strong and weak convergence rates. [
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5.3 Third order numerical methods for the
underdamped Langevin equation

In this section, we shall apply the piecewise linear path given by definition with

a Runge-Kutta-Nystrom method to discretize the (underdamped) Langevin equation:

AP, = —VU(Q,)dt — vP, dt + /%Vth, (5.3.2)

where @, P € R? will represent the position and momentum of a point particle,
U : R? — R denotes a scalar potential, v > 0 is a friction coefficient, 3 = (k;BT)_1
is the inverse temperature of the system (kp denotes Boltzmann’s constant, 7" is the

system’s absolute temperature) and W is a standard d-dimensional Brownian motion.

The underdamped Langevin equation can be viewed as an extension of Newton’s
second law which takes additional frictional and stochastic forces into consideration.
Since its conception, it has become well established within statistical mechanics as
the fundamental model of a Brownian particle that exhibits noise and moves under

the influence of an external force ([22] is a comprehensive textbook on this equation).

In the numerical analysis of the underdamped Langevin diffusion (ULD), one
typically assumes that the potential U : R? — R is twice continuously differentiable,

m-strongly convex and has an M-Lipschitz gradient. That is, for z,y € R?, we have
|VU(@) - VU@ < Mz -y, (5.3.3)

and
Uly) > Ulx) + (VU (2),y — z) + %me—yHQ- (5.3.4)
We refer to the conditions and as the “standard assumptions” for ULD.

More recently, the underdamped Langevin equation has been applied to problems
in Bayesian statistics as it is intimately related to Hamiltonian Monte Carlo (HMC).
Whilst HMC was originally proposed in 1987 by Duane et al. [32], it was the 2011
papers of Neil [80] along with Girolami and Calderhead [46] that spurred the recent
developments of the approach. In addition, underdamped Langevin Monte Carlo has
also progressed due to a non-asymptotic convergence result by Dalalyan [25] in 2017.
In these statistical problems, U is obtained as the logarithm of the target density and
for many real-world applications, it will satisfy the standard assumptions for ULD.
For example, in Logistic regression, U is strongly convex and infinity differentiable

(with each derivative being Lipschitz continuous).
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To the best of the authors knowledge, the current state-of-the-art methods for
underdamped Langevin MCMC are the “Randomized Midpoint Method” [85] and
“OBABO Scheme” [14] 78], 86] (which is a stochastic version of the symplectic velocity

Verlet algorithm). The convergence rates for these methods are summarized below:

« The randomized midpoint method achieves an O(\/(_thl'5) 2-Wasserstein error

under standard assumptions. This rate was later shown to be optimal in [16].

« The OBABO scheme achieves an O(\/c_lh) Wasserstein error under standard
assumptions. In addition, if the Hessian V2U is Lipschitz continuous, then the
OBABO scheme achieves an O(dh2) Wasserstein error. It is also worth noting
that a Metropolis-adjusted version of the OBABO scheme is given in [78], 86].

In addition, Strang splittings are known to perform well on Hamiltonian SDEs.
In [12], the authors propose an ABC algorithm (Approximate Bayesian Computation)
for a stochastic neural mass model and show that splitting schemes will significantly

outperform the Euler-Maruyama method at capturing the SDE’s stationary measure.

The underdamped Langevin diffusion has also been studied when the gradient VU
is superlinear but satisfies certain growth conditions (such as Condition 3.1 in [75]).
For example, Theorem 3.2 in [75] guarantees the existence of the stationary measure
for ULD when U has polynomial growth. In this setting, VU is only locally Lipschitz
and the Euler-Maruyama method may not produce an ergodic numerical solution.
Hence to address this problem, researchers have proposed implicit numerical methods,

such as the split-step backward Euler method [75] or variable step size methods [64].

Since the discretizations of (5.3.1]) presented in this section were discovered during
the writing of this thesis, it is still ongoing research to prove existence and then
establish convergence results for the stationary measure of the numerical solution

(which is needed to quantify the method’s effectiveness for statistical applications).

Therefore, the primary focus of this section will instead be to demonstrate the
high orders of convergence of the proposed numerical methods over a finite time
horizon. In particular, the piecewise linear approaches for described in this
section can achieve convergence rates of O(h?) provided each step uses a suitable ODE
solver. That said, if VU is only locally Lipschitz and with polynomial growth, we
would not expect convergence for our methodology without the use of either variable
step sizes or implicit ODE solvers. This is likely to be a topic for future research.
Another advantage of using ODE methods is that they allow one to employ symplectic

integrators, which can achieve state-of-the-art performance on Hamiltonian systems.

123



To simplify the notation, we shall rewrite the underdamped Langevin equation as

dQ; = P, dt, (5.3.5)
dP, = f(Qy) dt — vP,dt + o dWy, (5.3.6)
where f := —VU is a smooth bounded vector field on R? with bounded derivatives

and o := 4 /FV We can expand the above in terms of iterated time integrals of W.

Theorem 5.3.1 (Stochastic Taylor expansion for underdamped Langevin equation).
Let (Q, P) denote the solution to over [s,t]. Then (Q, P) can be expanded as

Qu= Qo+ P+ 5(J(Q) — VPP + S (PP + QIR — vf(Q)F (537
+a/:Ws,udu—au/:/suws,vdvdwau2/st/su/svws,rdrdvdu
+of(@) | t | [ Werdravaus R @R,
P, =P+ (f(Qs) —vP) h+ oW, (5.3.8)
—ov [ Wodut 3 (2P, F(QIP. ~ 1@

((f(Qs) +v*) (£(Qs) = vP.) = vf'(Qs) Ps + f"(Qs) PS?) W

t u t U v
VZ) (a// Wsyvdvdu—al/// / Wsmdrdvdu)
t u v t u v
_gyf’(Qs)///Ws,rdrdvdu—I—af”(Qs)<Ps®///Wsyrdrdvdu>

+af”(Qs)<Ps ®/:/:/:(r — 5) dW, dvdu) + R”(h, (Qs, Py)),

where h := t—s and the remainder terms have the below uniform estimates for h < 1,

1
6
+ (£

sup |[[R2(h, (Qs, P)) | o) < CL 1, (5.3.9)
Qs,Ps€Rd
Sup ||RP (Qs, P, ||L20P,)502h4, (5.3.10)
Qs,Ps €

and the constants C1, Cy depend only on the vector fields of the differential equation.

Proof. The result follows by applying the standard Stratonovich-Taylor expansion
(see Proposition 1.1 in [6] or Theorem 5.6.1 in [62]) to the Langevin equation (/5.3.5)).
Although the various coefficients within the expansion can be computed individually,

it is possibly more straightforward to derive the entire Taylor expansion by hand. [J
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Perhaps the most significant feature of the Taylor expansions and is
that lower order terms only depend on “linear” iterated integrals of Brownian motion.
As a result, it is then clear from Theorem that the piecewise linear path given
by definition [5.2.2]is particularly well suited to the underdamped Langevin equation.

Since the path 4%¢ will capture these time integrals, we have the following theorem:

Theorem 5.3.2. For a fized number of steps N, we construct a numerical solution

Yitocr<n of the SDE by setting Yo := (Qo, Po) and for each k € [0.. N —1],
defining Yy.41 to be the true solution at time u =ty of the following (random) ODE:

dx, = z,du, (5.3.11)

2
dzy = =VU(z,) du — vz, du + 4| Ey Ay, (5.3.12)

(xtka Ztk> — Yk7

~; te = kh and v is the piecewise linear path given by definition .

Then Yy converges to the solution (Pr,Qr) in strong and weak senses with order 3.0.

where h == L

Proof. As we have already noted, the path ~ was constructed so that it matches the
iterated time integrals of Brownian motion that are Gaussian and larger than O(h?).
So the Taylor expansions of (5.3.11)) and (5.3.12)) will match those in Theorem

up to and including the O(h®) terms and therefore give local errors that are O(h?).

By linearity of expectation, we see that the iterated integrals below have mean zero:

t pru po t ru o

/ / / W, dr dv du, / / / (r —s)dW, dv du,
t u v t u v

/ / / Vs,r dr dv du, / / / (T‘ — S) d’}/r dv du.

Hence, the expectation of the local error between the two Taylor expansions is O(h?).

The result now follows using the standard argument (see Theorem 10.7.1 in [62]). O

Remark 5.3.3. Since the odd moments of a standard multivariate Gaussian random
variable are all zero, the O(h%) terms in Taylor expansions always have zero mean.
Therefore it is sufficient to discretize ((5.3.11]) and ([5.3.12)) using three steps of a third

order numerical method to achieve the strong and weak convergence rates of O(h?).

Remark 5.3.4. From the Taylor expansions and for ULD, we would
conjecture that the above theorem holds when U is three times differentiable with
each derivative being Lipschitz continuous. In particular, we do not expect that the
boundedness assumptions on U and VU are needed to obtain the local error estimates.

That said, the analysis required is likely to be involved and is thus left as future work.
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Since the piecewise linear path ~ given by definition has three pieces, the
corresponding SDE numerical method requires one to discretize three ODEs per step.
It is therefore reasonable to question whether there exist cheaper ODE methods that
can achieve a third order convergence rate for the underdamped Langevin diffusion.
We conjecture that by setting a = 0 in definition |5.2.2] we can obtain such a method.

That is, we consider a piecewise linear path with discontinuities (or “vertical pieces”).

— Brownian path — Brownian path
1.4 4 . L . . 0.8 4 R L . R
— Piecewise linear approximation —— Piecewise linear approximation
1.2 4 0.6 1

. 0.4 -7
0.2 A
0.8 4

- 0 -
06 A —
7 -0.2 4
0.4 4
-0.4 4

0.2 - 0.6 A

-0.8 4

0 0.5 1 0 0.5 1
t t

Figure 5.7: Brownian motion approximated using paths defined with vertical pieces.

The above paths are generated using three independent Gaussian random variables.

Since the Langevin equation has additive noise, each vertical pieces corresponds to
a trivial ODE (with a constant vector field). Hence, the resulting numerical method

only requires one ODE to be approximated per step. We define this method below:

Definition 5.3.5 (A shifted ODE method for the underdamped Langevin diffusion).
For a fixed number of steps N, we construct a numerical solution {Yj}q,<, of the
SDE (5.3.1)) by setting Y := (Qo, P) and for each k € [0.. N — 1], defining Yy, as

2 0
Vi = () e ( ) | (5:3.13)
Rt ﬁ Htkﬂfk“ - 6Ktk:tk+l

where {(2, 2) bucfty t.) 1S the solution to the following (random) ODE:

@
du

dz v Wy 4 — 12K, 4
== VU — 4+ 4/ = kotk 41 ok tl 5.3.15
du () —vz \/ B ( h )’ ( )

with initial condition

T 2 0
2ty B Htk,tk+1 + 6Ktk¢k+1
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Remark 5.3.6. By setting K, ;, ., = 0 and applying a change of variable to the
velocity, we see that the above reduces to the log-ODE method (see definition [4.3.4)).

For both the “piecewise linear” and “shifted” ODE methods, it is necessary to
discretize ODEs of the form (5.3.11)), (5.3.12)) using a high order numerical method.

However, before doing so, it is worth noting that each “linear” ODE is expressible as

d*x dx 2u dry

As this ODE is second order, it is natural to consider Runge-Kutta-Nystrom methods:
Definition 5.3.7 (Runge-Kutta-Nystrém method). Consider the second order ODE
y' = F(t,y), (5.3.17)

y(0) =0, ¥'(0) =y,

where yo, y) € R? and the time-varying vector field F': R x R? — R? does not use 3/
An explicit m-stage Runge-Kutta-Nystrom (RKN) method for (5.3.17)) is defined as

Yigr 1= Yi o+ WY + B2 b Pty + cih, i),

i=1

YkIJrl = Yk/ + h Z d’LF(tk + Cih‘7 gk,i)a
i=1
i1
Jhi =Y+ hY] + B> ai Fte + cikh, i),
j=1
where (YO, YO’) = (yo, y{]), t = kh and the coefficients a;;, b;, ¢;, d; are real numbers.

It is usually more convenient to express the above method using the Butcher tableau:

1

Co | G21

Cm | Gm1 *°  Am(m-1)
bl e bm—l bm
dl e dmfl dm

Although the theory of Runge-Kutta-Nystrom methods is separate from that of
standard Runge-Kutta methods, in both cases it is essential to derive order conditions.
In [91], order conditions were derived using the Mathematicia programming Language.

A detailed reference for these methods is also given by section 14 in Chapter 2 of [51].
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However in order to apply a Runge-Kutta-Nystrom method, we require the ODE
to have the form (5.3.17)). Therefore, we shall apply the following change of variable:

By = e%”(“ft’“)l'u, Vu € [ty, trta),

d
to remove the d_x term in the RHS of (5.3.16)). Thus, we rewrite the ODE ((5.3.11)) as

u
d2f 1 2 1 1 1 2v d’y
s s 2~ sv(u—ty) —sv(u—tg) 4 sv(u—ty) (22 2T
T = gV B e VU (e7 2", ) 4 ex" 7 du (5.3.18)
N o 1
Ty, = Ty, Ty, = ZVTy, —+ 2y, -

ko2
Since the time-varying vector fields in (5.3.18)) depend only on Z and not its derivative,
we can discretize the above ODE using any high order Runge-Kutta-Nystrom method.

In the numerical example, we will use the three-stage RKN method described in

[28] as it is third order as well as symplectic (when applied to a Hamiltonian system).

Definition 5.3.8 (Third order three-stage symplectic Runge-Kutta-Nystrom method).
This RKN method is presented in [28] and defined by the following Butcher tableau:

0
0.630847693 | 0.164217030
0.536704894 | 0.139710559 —0.103005664
0.260311692  0.4039053382 —0.164217030
0.260311692  1.094142798  —0.354454490

Of course, the analysis of numerical methods for ODEs is a well developed research
area and thus we expect that our approach to discretizing can be improved
as we would ideally like the ODE solver to be specifically designed for this problem.
One possibility (that is left as future work) is to use a high order splitting method.
To apply a splitting method, we write the ODE’s vector field as a sum of operators:

T 2t 0
d = + 2vdy | °
2t 0 —VU(xy) — vz + 5
——

[\

=4 =B

In this case, the ODEs governed by A and B have the following closed-form solutions:
x T+ 2t
z z
BT\ . _ ‘
Pt R ety 4+ ( —VU(z) + %Z_Z) (1_51”5)
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For example, the fourth order splitting detailed in [98] gives the approximation

T _ B A B A B A B Ly
<Utk+1> = Pllio)n © P+20)h © P—oh © P(=1-49)h © P—oh © P(1+20)h © P(Lig)n (vtk) )
k+1 k

3
where ¢ := 2?21_;3/‘/; . Since VU (xy,) is computed in the first operation and VU (z,, )
is computed in the last, we see that this method only requires 3 additional evaluations
of VU per step (with the only exception being the initial step — which requires four).

In addition, when v = 0, this fourth order splitting method will become symplectic.
For the numerical experiment, we will consider a scalar double-well potential along
with the same friction and temperature parameters used in the first example of [93]:

Ulg)=(¢"—1)? wv=1, B=3, (Qo,F)=0.

6

Figure 5.8: The scalar double-well potential given by the polynomial U(q) = (¢*—1).

Although this is a simple example, the potential U does not satisfy the standard
assumptions for ULD. Moreover, U and its derivatives are not even globally Lipschitz.
Thus, it may be possible that the proposed ODE method does not converge to the
SDE solution. At the very least, further analysis would be required to show otherwise.
A double-well potential example is also included in [64], where the authors compared
adaptive Euler and sympelctic schemes (both of which appeared to converge weakly).
In addition, it is possible for implicit schemes, such as the split-step backward Euler
method in [75], to converge for this example as U satisfies a one-sided Lipschitz
condition. Hence we conjecture that the piecewise linear and shifted ODE methods

can converge provided they are either adaptive or use an implicit solver for each ODE.
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Figure 5.9: A sample path of a Brownian particle moving in a double-well potential.
The path was computed by applying the RKN method in definition [5.3.8[to (5.3.18]).

Due to the symmetry of the double-well potential (and the initial conditions),
the particle is expected to spend the same amount of time above and below zero.
Furthermore, the sign of the Brownian particle will change less frequently when the

friction coefficient v is decreased or the inverse temperature parameter 3 is increased.

In the numerical experiment, we will approximate at a fixed time using
the piecewise linear and shifted ODE methods on a uniform partition with step size
h. We shall use similar error estimators as those presented in the previous chapter to
demonstrate the strong and weak convergence properties of the numerical method.

The functional chosen for testing weak convergence is ¢® and estimates the variance.

Definition 5.3.9 (Strong and weak error estimators). For each N > 1, let ) denote
a numerical solution of 1} computed at time T using the fixed step size h = %

We can define the following estimators for quantifying strong and weak convergence:

Sy = \/IE @y — Qr)?], (5.3.19)

£y = |E[Q4] - E[(@5)*)

: (5.3.20)

where the above expectations are approximated by Monte-Carlo simulation and Qfn®

is the numerical solution of (5.3.1]) obtained at time T using the piecewise linear ODE

b _T
257 50000

the L?(P) error between Qi and the true solution is negligible compared to Sy.

method with a “fine” step size of min ( ) The fine step size is chosen so that

Note that Qy and Q"¢ are both computed with respect to the same Brownian paths.
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Below are our results for this numerical experiment with the time horizon T" = 10.

y = 2.9667x - 0.4555

® Piecewise linear ODE method o

e Shifted linear ODE method °

e y=27376x-0.8765

F =Y
1

- log(Sy)

0 L} L) L) L) L) 1
0 0.5 1 1.5 2 2.5 3

- log(step size)

Figure 5.10: Sy computed with 100,000 sample paths as a function of step size h = %

12
® Piecewise linear ODE method y = 2.8677x+ 2.099
10 1
e shifted linear ODE method :
8 A - .
y =2.7828x+1.7001
e
..
- log(Ey) 6 - o
4 4 e i
.-
2 4
0 T T T T T 1
0 0.5 1 1.5 2 2.5 3

- log(step size)
Figure 5.11: E computed with 100,000 sample paths as a function of step size h = %

Although there is additional error due to the Monte Carlo estimation of Sy and El,
these graphs support the hypothesis that the methods converge with a rate of O(h?).
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In conclusion, there are two results that have been discussed within this chapter.
. High order pathwise discretizations of space-time Brownian motion

One classical technique for approximating SDEs is to discretize the driving
Brownian motion as a piecewise linear path and then solve the resulting ODE.
This was introduced in [97] by Wong and Zakai, however their piecewise linear
paths were constructed to match only the increments of the Brownian motion.
By designing piecewise linear paths that match additional iterated integrals,
the subsequent ODE methods can achieve higher orders of strong convergence.
In this chapter, we developed several such paths that can be used to compute

accurate pathwise discretizations of SDEs driven by a single Brownian motion.

. Third order approximations of the underdamped Langevin equation

The underdamped Langevin equation appears in statistical mechanics as a
model of a particle moving in a potential under the effect of stochastic forces.
Recently this equation has been applied to computational statistics as, under

mild conditions (see [20]), the process admits a stationary measure with density

(¢, p) o exp (—B <U(Q) + %I|p||2>>,

and thus gives a method for approximately sampling from a target distribution.
We have proposed piecewise linear methods for the underdamped Langevin
equation which can achieve both strong and weak convergence rates of O(h?).

These numerical methods also enable one to apply state-of-the-art ODE solvers.

Therefore we have the following open questions relating to this chapter’s research:

. What are the most effective piecewise linear discretizations of Brownian motion

that lead to high order numerical methods for general multidimensional SDEs?
« How might this approach be used to design effective cubature paths? (see [73])

. Under what conditions on the potential do the proposed ODE approximations

of the underdamped Langevin diffusion admit a unique stationary distribution?
« Would an ODE method for ULD exhibit exponential Wasserstein contractivity?

« Does the stationary measure of the ODE solution converge to that of the SDE?

If so, could one quantify the rate of this convergence in a 2-Wasserstein sense?

« Similarly, the overdamped Langevin equation has applications within statistics.
Would the Runge-Kutta method in section [4.4] be practical for this? (see [69])
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Chapter 6

Variable step size methods for
stochastic differential equations

It is well established within the ODE literature that for certain problems, there are
significant advantages to propagating numerical solutions using variable step sizes.
Concrete examples demonstrating this can be found in the textbooks [51] and [15].
On the other hand, we have only been discretizing SDEs using constant step sizes.
Whilst this approach seems to be effective for our current numerical examples, it is
possible that a fixed step size is inappropriate for some (non-homogeneous) systems.
In addition, since the increments of Brownian motion are all normally distributed,
there is always a non-zero probability that the path will experience large excursions.

These excursions could then result in further numerical errors in an SDE simulation.

In this chapter, we shall investigate variable step size approaches which aim to
control the (local) errors experienced by the high order methods studied previously.

For these methodologies to be developed, we require the following two key ingredients:

« A refinement procedure for increments and areas of a Brownian path

Reducing the step size is perhaps the most basic strategy for controlling errors.
However the decision to take “a smaller step size” often comes after information
about the Brownian path has been generated (with respect to a larger step size).
Fortunately, Lévy’s construction of Brownian motion enables us to generate
increments of the path in an interval conditional on the endpoint information.
It was shown in [13] that this construction can be extended to generate both
increments and space-time Lévy areas of the Brownian path in a similar manner.
In the first section of this chapter, we will further extend these constructions
to generate the triples (W, Hg s, ns¢) and (W, Hyy, K ¢) on dyadic intervals.

This allows the piecewise linear methods from Chapter [5| to use variable steps.
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. Estimation of local L?(P) errors conditional on the path’s information

As the motivation for using variable step sizes is to reduce numerical errors, it is
necessary to determine when a one-step approximation is insufficiently accurate.
It can be seen from the Taylor expansions of our proposed numerical methods

that the leading term in the variance expansion of the local error has the form:

([Lf1, Lf1, fo”(ys))ZVaf (Lsy |Wes, Hoy, ),

where the above variance would correspond to either (4.2.5)), (4.2.7) or (5.1.7).

A potential disadvantage of using this quantity to estimate local L?(IP) errors is

that it requires one to compute or approximate certain vector field derivatives.
Furthermore, there is an additional complication if the triple (W, Hs, Ks) is
used as the conditional variance would not depend on the path increment W ,.

That said, we will see that this approach is effective for our numerical example.

In this chapter, we shall only consider strategies defined over dyadic partitions.
The main reason for this is that the new “refinement procedures” established in the

first section are limited to generating information at the midpoint of a given interval.

L
l
P2l j |
3 R ]

Figure 6.1: The particle can always take a smaller step, but not always a larger one.

Once an initial step size has been fixed, we can propagate the numerical solution
over the whole interval or the two half intervals depending on our local error estimate.
It is then possible to recursively apply this process for both of the smaller intervals.
Proceeding in this way gives a variable step size methodology using dyadic partitions.
The above diagram illustrates a potential limitation of this approach since it only
allows step sizes to be “refined” (and therefore step sizes can not always be increased).
That said, it will be shown in section that the requirement for methods to only

refine intervals is helpful and enables us to prove convergence using rough path theory.
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Definition 6.0.1. The proposed variable step size methodology for SDEs of the form:

dy, = fo (y) dt + f1 () o dW, (6.0.1)
Yo = 5;

is defined by the following steps:

Step 1. Fix an initial step size, h =t — s, for computing the numerical solution.
Step 2. Generate some information describing the Brownian path, (W&t, Hgy,- )
Step 3. If h is below a prespecified constant h;,, approximate over [s, t].

Step 4. Otherwise, check that the discretization error is small using the condition

(Lfs Ly Fo) (V) Var (Lyy | Was, Hy, - ) < Ch, (6.0.2)

where Y; denotes the approximation of y, and C' > 0 is some prespecified constant.

Step 5. If (6.0.2) is satisfied, approximate (6.0.1)) over the interval [s,¢] using an

appropriate numerical method (i.e. one using the estimator E [stt ‘ W, Hsy, ] )

Step 6. If (6.0.2)) is not satisfied, apply Steps 1-6 on the intervals [s, u] and [u, t],

where u = s+ %h is the midpoint and Step 2 is now done by refinement procedure.

Remark 6.0.2. In numerical simulations, we would ideally like to avoid using Step 3,
which was only included to ensure that the algorithm uses a finite number of steps.
Depending on the problem, it may also be better to modify the condition (6.0.2)) as

an alternative way of controlling the (expected) computational cost of the algorithm.

Remark 6.0.3. The above variable step size methodology drew some inspiration from
the paper of Gaines and Lyons [39] where a step size control was proposed for SDEs
and aimed for steps to have uniform contribution to the variance of the global error.
Since variances can “add up”, the condition was designed with this intention.

As discussed in [39], one of the challenges associated with variable step size
methodologies is establishing convergence of the approximation to the SDE solution.
The difficulty is due to the resulting partitions depending on the Brownian motion.
In addition, there may be complications if the SDE is driven by a multidimensional

Brownian path as local Taylor expansions can contain the following iterated integral:

t u
/ / odW, @ odW,. (6.0.3)

Since there is currently no refinement procedure that exactly generates this quantity,

it must be approximated — which gives an O(h) error by the natural Brownian scaling.
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In the second section of this chapter, we shall establish pathwise convergence for a
large class of variable step size methods using key ideas from rough path theory. The
core of this argument is showing that the piecewise polynomial approximants given
in Chapter [4] can be “lifted” to an enhanced Brownian motion in a rough path sense
along certain sequences of partitions {D,,} with mesh(D,,) — 0 almost surely. This

result (along with its proof) was inspired by the following theorem given in [37].

Theorem 6.0.4 (Rough path convergence of nested piecewise linear approximants).
Let {D,} denote a fized sequence of nested partitions of [0,T], that is D, C Dp41
for all n, such that mesh(D,) — 0 as n — oco. Let WP be the (standard) piecewise
linear approrimation that agrees with the Brownian motion W on the partition D,,.
Then WPn can be lifted to a geometric 2-rough path WP» .= Sé?:)p (WD") and we have

da—Hijl;[O,T] (WD"7 W) — 07

almost surely where do.psijo,r) 15 the a-Holder metric given by definition with

a € (0, %) and W is the enhanced Brownian motion obtained via a Stratonovich lift.

Once this lift has been established, it then follows from the universal limit theorem
(see Theorem that the solution of an ODE with sufficiently regular vector fields
and driven by a piecewise polynomial on D,, converges to the desired SDE solution.
Moreover, we can argue that variable step size methods only need to be “locally close”
to these polynomial driven ODE solutions to have guaranteed pathwise convergence.
The key condition is that each one-step approximation should utilize an estimator for
the iterated integral that can be expressed as a conditional expectation since

t u t u
//de@dW{}:E //ode®oqu

where { e } is the o-algebra generated by W, along with n —1 time integrals of IV/.

{---}], Vn>1, (6.0.4)

In the last section of this chapter, we shall incorporate the high order piecewise
linear paths developed in Chapter |5 into the above variable step size framework and

numerically demonstrate the resulting method for the following (non-Lipschitz) SDEs:

. Cox-Ingersoll-Ross (CIR) process (see [23] for the original paper on this)
dyy = a(b —y) dt + o\/y; dW;.
. Squared /-dimensional Bessel process ([47] gives a survey of both processes)
dzy = §dt +2/7 dW,.
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6.1 Extending Lévy’s construction of Brownian
motion via time integrals

As previously stated, the first ingredient that a variable step size method requires is a
“refinement procedure” that can generate a Brownian path over subintervals of [s, t].
If we wish to generate increments of the Brownian motion, this can be done using the

well-known Lévy’s construction (see, for example, the proof of Theorem 1.3 in [79]):

Theorem 6.1.1 (Paul Lévy’s construction of Brownian motion). For each n > 0,

consider the random piecewise linear path Wn defined on [0, 1] inductively as follows:
Wo(1) ~ N(0, 1),
Wo(t) == tWy(1),

and for each k € [0 .. 2" — 1], we can generate /Wn+1 at equidistant dyadic points by

—

Wi ((k‘ + %) 2‘”) ~ N(%(Wn(k:z—") + W ((k+ 1)2—")), i : 2—”> :

where these normal random variables are independent (once their means are fized),

and we can extend Wn_l’_l to the whole interval by linearly interpolating between points,

Wi ((k+1)27")
(1 —26) W, (k27) + 2t W, ((k + 1)277), for te[0,1]
(2= 20 Wi ((k+ 1)27) + 2t = )W ((k +1)27), for te[L1]
Then {W,} converges uniformly as n — oo (almost surely) and the limiting process

is distributed by the Wiener measure (i.e. it has the same law as Brownian motion,).

As well as giving the standard argument for the existence of Brownian motion,
the above theorem can be used to establish some basic continuity properties of W.

In particular, Brownian paths are locally Hélder continuous (Corollary 1.20 in [79]):

Theorem 6.1.2. Let o be a positive real number with o < % Then, almost surely,

Brownian motion is everywhere locally a-Hdélder continuous so that for all s € [0, 00),
de>0, Je >0, |Ws—=Wy| <c|ls—t|*, YVEt>0 with |s—t| <e.

The key idea behind Lévy’s construction is that one can always generate W at
the midpoint of a fixed interval using elementary properties of the Brownian bridge.
Since we defined “higher degree” bridge processes in Chapter (see definition |4.1.16)),

we should be able to extend this construction using integrals such as H,; and K.
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The diagram below illustrates how this process would refine a linear path on [s, ¢].

| |
S u t

Figure 6.2: Brownian motion can be generated conditional on its values at endpoints.

Proposition 6.1.3. For any value of Wy, we have W, ~ /\/’(“;8 st wh(t_“))
Proof. The result follows using the covariance function of the Brownian bridge. [

Since two of the central objects studied in this thesis are space-time Lévy area

and the Brownian arch, the above theorem naturally leads to the following question:

What is the joint distribution of (W, Wy, Hy.., Hy,) conditional on (W, Hyy)?

Figure 6.3: Brownian motion and its space-time area can be generated in an interval.
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Recall that the distribution of Wj, conditional on the pair (Ws,t, HM) can be
deduced from the n = 2 case of Theorem |4.1.12 using the natural Brownian scaling.
Therefore all that remains is to establish the conditional distribution of (Hsvu, Hu’t).
Fortunately, this distribution was determined (albeit with different notation) in [13].

As this result is crucial for high order variable step size methods, it is presented below:

Theorem 6.1.4. Let W denote a standard Brownian motion. Then for u € (s,t),

u—s 6(u—s)(t —u) 2(a+0b)
Ws,u = h Ws,t + 12 Hs,t + h Xla

t—u 6(u—s)(t—u) 2(a+0b)
Wu,t = n Ws,t - 2 st h Xl:

a2
Hs,u (u hQS) Hs,t - ¢ Xl + ¢ X2’
— S — S

(t —u)? b c

Hut: 12 Hs,t_tTXl_t_uX%

where Wy, Hqy, X1, Xo are independent normally distributed random variables and

X17X2 NN(Ovl)a

I Ve L ek
ohy/(u— ) + (t — u)®

y o (=9t
ohy/(u— s’ + (t —u)®

o \/g(u—s)%(t—u)%

' 6\/(u—s)3+(t—u)3'

Proof. 1t follows by the independence of both Brownian increments and bridges that

are independent random variables.
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Consider the following 3 x 3 matrix:

6(u—s)(t—u)  2(a+bd)

h? ) h 0
M = e =T k. (6.1.1)
(t—u)? b c
w2 Tta i

where the constants a, b, ¢ > 0 were defined in the statement of this theorem and

6(u—s)(t—u)( a c c b )
det M = . )
¢ h? u—s t—u+u—5 t—u

+2(ah+b)<(u—3)2 c ¢ .(t_u)2>>0.

h? t—u  u—s h?

Therefore M is invertible, and we can define the random variables Xy, X, X5 by

XO Ws,u - % s,t
X=| X, |:=M"1 H, . (6.1.2)
X2 Hu,t

It is clear that Xy, X, X5 are jointly normal with zero mean as they can be
expressed as a linear combination of independent centered normal random variables.
This means that the random vector X has a centered trivariate normal distribution.

In addition, it is worthwhile noting that X is independent of the path increment W .

Using the linearity of expectations, the covariance matrix for X can be computed as

Yi=E[XX"]
(u—s)(t—u) 0 0
—1 h 1 —1 T
- M 0 L(u—s) 0 (M~1)".
0 0 St —w)
In order to explicitly compute these covariances, we shall define the following matrices:
% h 0 0
C=( 0 10|, D:=MCM" (6.1.3)
0 0 1

It can then be verified by a direct calculation that D is the following diagonal matrix:

6(u—s)(t—u)  2(a+b) u—s)(t—u u—s)2 —u)?
72 7 0 % h 0 O 6( 2)2(t ) h;) (t h2)
D — (u—s)? __a c 0 1 0 2(a+b) _a b
h? u—s u—s h u—s t—u !
t—w)? b 0 0 1 0 c __c
h? t—u t—u u—s t—u
(u—s)(t—u)
el 0
0 0 St —u)



Therefore, the matrix D can be used to simplify the computation of ¥ as follows,

This means that X, X;, X5 are jointly normal and uncorrelated random variables.
In particular, the above covariance matrix implies that they must be independent.
By considering the different regions within the area hH,; (see Figure |6.3]), we have

1 _
hHs,t = (u — 8) H&u + (t — ’U,)Hu,t -+ §h<WS7u — Y SWSi) (614)
3 3
uU—3S t—u
:<( ]’L2) XO—CLX1+CX2>+(( ]’L2> X()—le—CX2>
_ t_
N <3(u s}z( ) X, + (a+b)X1)

= %((U — )2+ 3(u—8)*(t —u) +3(u—s)(t —u)® + (t —u)*) Xo
— hXO

Thus Xy = H,,; and so

_ 6(u—s)(t—u)  2(a+bd)
Wsu — 52 Wis h2 h 0 Hg
— (U—S)2 a c
HS’“‘ - h? T u—s u—s X1 ’
2
H e e\ x
wt h? t—u t—u 2

where W, H, ¢, Xi, X are independent random variables with X, Xy ~ N(0,1). O
Remark 6.1.5. The above gives an alternative proof of Theorem [4.1.12] when n = 2.

Moreover, we can identify the Gaussian random variable X; with a Brownian arch as

2(a+0b)
h

In this way, we can interpret X; as a normalized version of the stochastic process Z,

Xi(u) = <\/(“ ) | G B C o) i G ) Zyu

Zs,u ~ Xl-

h h3

When w is the midpoint u = s + %h, Xo becomes proportional to Ny := Hy,, — H, .
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Using the above result (and remark), we can extend Proposition and derive

a dyadic refinement procedure for generating increments and space-time Lévy areas.

Theorem 6.1.6. Let u denote the midpoint u = s+ %h and Ngy = Hs\,— H, ;. Then

W = Wae b S Hog b Zos,
W = 5 War = S Hot = Zus,
Haw= {Hue— 5 Z0n+ 5 Na,
Hue = {Hoi= 3 Zos— 3 Nut

where Wy, Hg v, Zs ., Nt are independent normally distributed random variables with

Ws,t NN(O,h),

Hs,t NN(O,%h),
1

~ (0. 5h).

N N0, 51).

Proof. The result follows using the same strategy as in the proof of Theorem|[6.1.4 [

—_

—_

I I I
S u t

Figure 6.4: Brownian motion and its space-time area can be generated at a midpoint.
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Recall that in the previous chapter, we studied numerical methods that require
an additional random variable (along with the increment and space-time Lévy area).
Therefore, we wish to extend Theorem to refine triples of the form (W, Hgy, - ).
It is clear that this is possible when the space-time orientation n; := sgn(Hs,, — Hy¢)

is used due to the independence of the normal random variables: Wy, Hs;, Zs.,, Ns;.

Corollary 6.1.7 (A dyadic refinement procedure for generating (Ws;, Hss, nst))-

Let u be the midpoint u = s + %h. Then, using the same notation as before, we have

Ws,uzé s,t+gHst+Zsu,
Wis = 5 War = 3 Hot = Zuss
Huw= Hue = 3 Zuu+ gmas| Naol,
Hu,t:%1 . ;Z 1nst}N

where ‘Ns7t| s a half-normal random variable independent of (W&t, Hgy, Zsga, ns,t).

Furthermore, ng, and n,; can be independently generated as Rademacher variables.

Proof. Since ng; = sgn (Ns,), the result is a direct consequence of Theorem [6.1.6 [

In section [6.3] this procedure will be used with a piecewise linear ODE method
(from Chapter to discretize the Cox-Ingersoll-Ross model using a variable step size.
We shall now turn our attention to generating space-time-time Lévy area on dyadics.
Most notably, this refinement procedure could lead to high order variable step size

methods for the underdamped Langevin equation (see section for further details).

Theorem 6.1.8 (A dyadic refinement procedure for generating (W, Hsy, Kgy)).
Let u denote the midpoint u = s + %h. Then, the following system of equations hold:

1 3

Wsu = S Ws _Hs Zsua
w = e Tt 2
1 3
Wu,t = 5 st iHs,t - Zs,ua
1 15 1
Hsu = _Hs _K Zsu X )
, 1 ¢t 1 5 + Xy
1 15 1
Hu,t = Z s,t_z s,t_§Zs,u_X17
K., = 1K 1X + X
sau ] s,t 9 1 25
1 1
Kyp = ~Koy— =X; — Xy,
)t 3 )t 9 1 2
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where Wy, Hyy, Ksy, Zsa, X1, Xo are independent Gaussian random variables with

1
i~ {0, 5).
1~ N0 755
Xo ~ N <O ! h)
2 12880/
Proof. The random variables X; and X5 will be explicitly defined using the formulae:
15 15 1
Xl — 1_6Ks,u+ 16Kut 32 (Hs,u_Hu,t)a
1

X2 = 5 (Ks,u - Ku,t) .

As H,,,, K, Hy, K, are independent, we see (by symmetry) that Cov(X;, X3) = 0.
Thus, X; and X5 are independent random variables with the required distributions.
Similarly, it is straightforward to argue that X5 is independent of (Wsyt, H,, K&t).
Furthermore, we can use a symmetry argument to compute the following covariance.

1 1 3
COV(X27 ) COV<2 (Ks,u - Ku,t) ) Ws,u - §Ws,t - §H37t>

1 1 3
= 5 Ku - Ksu 1o Vs _Hs
Cov(5 (Kuw — o), Wit S H., )
= 0.
We have therefore established that X5 is independent of (W&t, Hoy, Ksy, Zs o, Xl).
Showing the independence of X is more involved but will follow a similar argument.

Firstly, we shall express K, using the random variables defined on the half intervals.

To simply the calculation, we introduce the following integral of the Brownian path:
1 t

M, = 7 (r — )W, dr. (6.1.5)
We can view ([6.1.5)) as a “shifted” version of the space-time-time Lévy area K, since
I 1 (/1
M, = o W, dr — 73 (—h— (T—S)) W, dr

1 1 [t/1 r—s
() f (o))
1 [t/1 r—s
) (G0 (W - )
1/1 1 1 /1 r—s
=3 (5 W + Hs,t) + EWs,t - ﬁ/s <§h —(r— 5)) (Ws,r - TWS’t> dr
1 1
3 s,t + éHs,t - Ks,t-
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So decomposing M, ; over the intervals [s, u] and [u, t] will give an expression for K ;.

1 [ 1 [t
Ms’t:ﬁ S (r— )Wsrdr—i—ﬁ (r—s)Ws,.dr

LG VAR By A d+1 t( VIV, d
_4 s,u 12 ; s,u ar 12 r—u s,u ar

1/t 1/t
+ﬁ (u— )Wwdr—i—ﬁ (r —u)Wy, dr

1 1 1 1

S,U S, h U Hu ) _Mu
4W +8W +2h< Wye + = h ¢ —|-4 y
1 3 1
4Mut+ 8Ws,u+ gWu,t+ ZHu,t-

1
Msu
1 +
1

Msu
= 1 Msut

By substituting the previous formulae (M = %W + %H - K ) into the above, we have

% S7t+;H5t Kst:1—12Ws,u+%Hs,u—iKs7u+%Wu,t+%Hu,t—i&,ﬁ
—l—ZWs ;Wut‘{'iHu,t
= Wit g (GHaut gHut g (Wa— 5t
élleu leKt éHsu—l-;Hut
L T Y -

where the final line is a direct consequence of (6.1.4)), or equivalently Theorem m

Therefore, we have derived the following decomposition of K, over the half intervals.

1 1 1
KS,t - ZKS,’U, + ZKQL,t + g(H57u - Hu7t) . (6.1.6)

Using this expression, it is possible to compute the covariance between X; and K ;.

15 15 1 1 1 1 )
X, K = K —K,;— —N,,.- K -K - N,
COV( 1, s,t) COV<16 ER + 16 u,t 39 s,y 4 S, + 4 s,u + ] s,t
15 15 1
= 6—4Var(K ) + 64Var(K ) — 2—56VaI(NS t)
B 15 1 n 15 1 1 1
64 1440 64 1440 256 12

= 0.
Hence, it is clear that the random variable X is independent of (Ws,t, Hgy, Ksy, Xg).
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Therefore, the final covariance that we need to calculate is between X; and Z,,.

15 15 1 1 3
COV(XD Zs,u) = COV(EKS,u + EKu,t - ENS,M Ws,u - §Ws,t - éHs,t>
45
= _3_2 COV(Ks,u + Ku,t7 Hs,t)
45 ( 1 1 1 1
= — 355 Ksu Ku 7_Hsu _Hu _<Wsu__ s ))
32COV , + )t 5 , +2 ,t+2 , 2W7t

= 0.
Hence the random variables Wy, Hy ¢, Ky, Zs,, X1, Xo are all independent and
Ws,t = Ws,u + Wu,ta

1 1 1
Hs,t = §Hs,u+ 5 u,t‘l'Z(Ws,u _Wu,t)a
1 1 1
Ks,t = ZKs,u + ZLKS,u + g(Hs,u - Hu,t)a
1 1 3 3
Loy = — - = --H,,—-H
S,Uu 8 Ws,u 8 Wu,t 4 S,u 4 S, U
15 15 1
X == S, T ut T 55 Hs u Hu )
1= 76 Ko+ 75 Kue = 35 (s +)
1
X2 = 5 (Ks,u - Ku,t) .
The result can now be obtained by solving this system of linear equations. O

We now have dyadic refinement procedures (Corollary and Theorem
for the triples (Ws+, Hst, ns,) and (Wi, Hg, K ¢) studied in the previous chapter.
Along with these random variables, we also considered generating k,; := sgn (K&t).
Although k,; may give a more accurate approximation than ng,, it has additional
limitations as we cannot always deduce ks; from (Wi, Hou, ksu)s (W, Huts kut)-
This means that there is no “exact coupling” between the triple (VV, H, k) over the
whole interval [s,t] and the same variables over the two half intervals [s,u], [u,t].
Thus, it is difficult to construct an efficient refinement procedure for (W, Hy,, ksy).
Since n, can be refined by Corollary , it is more straightforward to incorporate

into variable step size methods than k; and shall be used in the numerical example.

The coupling of random variables over the intervals [s,t], [s,u], [u,t] is also
essential for the multilevel Monte Carlo method introduced by Giles (see [42] [43] 45]).
Whilst it is ongoing research to incorporate the methods proposed in this thesis into a
multilevel framework, it should be easier to use n,; or K, instead of &, ; as they admit
exact couplings for (W&t, Hgy,- ) For this line of research, we would be interested

in studying the variance reduction exhibited by methods with a strong order of 1.5.
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6.2 Pathwise convergence of polynomial based
variable step size methods

In this section, we will present sufficient conditions for ensuring that a variable step

size method converges (in a pathwise sense) to the solution of the Stratonovich SDE:

d
dye = foly)dt + Y filye) o W}, (6.2.1)

=1
Yo = 57

where £ € R, the vector fields f; : R® — R€ are all assumed to be Lip(y) with v > 2
(as detailed in definition [3.0.3) and W is a standard d-dimensional Brownian motion.

The first step in our analysis will be to consider the following two approximations:

Definition 6.2.1 (Discretization of Brownian motion using a piecewise polynomial).
For each w € Q, let D(w) = {to < t1 < --- < ty} denote a partition of [0, 7] and let
WnP(w) : [0, T] — R be the continuous path constructed from W (w) and D(w) as

Wn,D

L n
T W[tk Jtht1]?

[tk tey1]

for each k € [0.. N — 1] where n > 1 denotes a fixed integer and Wy , = is defined

as the unique n-th degree polynomial on [t, tx11] satisfying Wi, tkﬂ}(tk) = W,, and

trt1 tkt1
/ (u—t)™ AWy, 4.1 (w) :/ (u—tg)™dW,, for m=0,1,---,n—1.

tr tr

Definition 6.2.2 (Polynomial driven ODE approximation for Stratonovich SDEs).
Forn > 1and w € Q, let z”’D(w) be the unique solution of the below ODE on [0, T'],

d
dy;"P = fo(YP)dt+ > f(YP) dwP (6.2.2)
=1

i\/;)n,D — f’

where &, f; are from 1} and WP is the piecewise polynomial in definition .

Given a discrete numerical solution of (6.2.1]), there is a corresponding partition
of [0, T] that is obtained from the discretization points used in the SDE simulation.
Therefore the action of “taking smaller step sizes” will add points to this partition.
On the other hand, any sequence of partitions naturally corresponds with a sequence

of piecewise polynomial approximations that are constructed using definition [6.2.2]
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Thus, we will study the convergence of (6.2.2)) along certain sequences of partitions.
Since the decision to reduce a step can depend on the Brownian path itself, we shall

represent a given variable step size methodology using the (deterministic) map below.

Definition 6.2.3 (Decision function for variable step size methods). For N > 1, let
Dy denote the set of partitions of [0, 7] with N + 1 points (including 0 and 7') and

D= UDN,

~

D"::UDNX<Rd )N,

N>1

where n > 1. A decision function for a method using n pieces of information is a map
A" : D" — D.

We wish to find conditions so that A™ gives partitions on which (6.2.2]) converges.

In order to express these conditions, we shall require the two definitions given below.

Definition 6.2.4 (Partially enhanced Brownian motion). For n > 1 and 0 < s < t,

we say I/VS ;= { f s)kdw, }0 <h<n-1 is a partially enhanced Brownian increment.
Definition 6.2.5 (Map induced sequence of partitions). For a partition D € D, let
Wy = {WSTZ : s and ¢ are neighbouring points in D }
Then, for an initial partition Dy € D, we can define a sequence {D,,} inductively as
Dy = A" (D, W) ) |
for m > 0.
Using these definitions, we can consider an important class of decision functions.

Definition 6.2.6 (Refining decision function for variable step size methodologies).
We say that A" : D" — D is refining if for every Dy € D we have Dy C A" (DO, )

and the induced sequence of partitions {D,,} satisfies mesh(D,,) — 0 almost surely.

Throughout this section, we will assume that the decision function A™ is refining as

it naturally induces a filtration (which allows us to use certain martingale arguments).
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Theorem 6.2.7. Let A" : D" — D be a refining decision function for somen > 1.
So for any fized partition Dy € D, A™ induces a sequence of nested partitions {D,,}.

Letting th = Wont denote the partially enhanced Brownian motion, we shall define

Fp=o (W, :t € Dy). (6.2.3)

Then {.7-"77,§}m>0 is a family of o-algebras that is increasing in m, i.e. F" a filtration.

Proof. Since Dy is a fixed partition, it is clear that F§ is a well-defined o-algebra.

Suppose that for some m > 0, {.7-",1,1 is a family of g-algebras increasing in k.

}ogkgm
As D1 = A" (Dm,ng>, we see that D, is a F'-measurable random variable
and therefore does not encode any additional information about the Brownian path.
Since A™ is assumed to be refining, it follows that D,,(w) C D,,41(w) for all w € Q.

Thus O'(th teD,,) C O'(th :t € Dyyy1) and the result follows by induction. [

Remark 6.2.8. By viewing W' as part of the signature of space-time Brownian motion
XW .= {(-,W.)}, we can apply Chen’s relation (given by Theorem [3.1.20) to recover

=N TN

the increment Wunt from the pair (W,,,W,,) where u € (s,t). On the other hand,

s,u)
—n , . . . 7N
I/Vut), we can use Chen’s relation to obtain the increment W,,.

T

given the pair (W

s,u?

Hence, this correspondence gives an alternative characterization of the filtration F™.

Fr=o0 (WST:e : s and ¢ are neighbouring points in D, ). (6.2.4)

Having defined the filtration F", we shall highlight two of its key properties.
Theorem 6.2.9. Let F" be the filtration given by and consider the o-algebra

Fr ::a<U f;).

m>0
Then, up to null sets, we have FY = O'(th ¢t e 0, T])

Proof. Recall that the decision function A™ was assumed to be refining, and thus
mesh(D,,) — 0 almost surely. In addition, when the sample path W (w) is continuous,
so are the integrals ( f(f uk W, du) (w) and we therefore have continuity of ¢ — W," (w).

The result immediately follows since Brownian motion is continuous almost surely. [

Theorem 6.2.10. Let {D,,} be the sequence of (random) partitions associated with
the filtration F™ defined in Theorem |6.2.7. Then the conditional expectation of W is

E[W, | Fr] = WP, (6.2.5)
forte[0,T].
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Proof. Since Dy is fixed, the result when m = 0 is a consequence of Theorem |4.1.12
along with the scaling and independent increment properties of Brownian motion.
Recall that the partition D,,; is F,'-measurable and thus only encodes information
obtained by evaluating the partially enhanced Brownian motion W' (w) on D,,(w).
Assume there exists m > 0 so that whenever s and ¢ are neighbouring points in D,,, (w),
we have that {WU—WS’D*” | ]—“g}ue[s’t]

Then by the independent increments of Brownian motion and the F,'-measurability

is an independent n-th degree Brownian bridge.

of D,41, it follows that when s and ¢ are neighbouring points in D,, 1 (w), we still have
that {Wu — WS’DWH | 1 +1}u€[syt] is an independent n-th degree Brownian bridge.
Hence by induction, we see that for each m > 1, the Brownian motion W' | F has this
“independent Brownian bridge” property and the result follows as each n-th degree

Brownian bridge is an independent centered Gaussian process (with mean zero). [

In order to incorporate ideas from rough path theory into our analysis, it will be

necessary to lift the piecewise polynomial WnD to a path in a certain tensor algebra.

Definition 6.2.11. Let W™P denote the piecewise polynomial approximation of

Brownian motion given by definition and obtained using the partition D(w) € D.
— —~—n,D

As it has finite variation, we can enhance W™ (w) to a path W (w) in T®(R?) by

—~n,D

W= P (WD)

(e [ [ avereare)y
’ s Js 0<s<t<T

where the above iterated integral of WD is understood in a Riemann-Stieltjes sense.

}.

In the rest of this section, W shall denote the Stratonovich lift of Brownian motion.

—~n,Dpm,

We will now present our results concerning the pathwise convergence of {W

—~n,Dpm
Theorem 6.2.12. For any 0 < s <t < T we have that Ws,t — Wi as m — oo

almost surely and in an L*(P) sense (where the convergence is viewed coordinatewise).

Proof. By Theorems|6.2.7|and [6.2.9], we see that {J"—"f,;}m>0 is a filtration and therefore

{W;?%Dm}mzo - {E[stt | ‘/—-TZ} }mZO’

is a martingale. We can now apply Doob’s martingale convergence theorem to give:
E[We. | Fr] — E[W,, | FL],

almost surely and in L2(P). By Theorem 6.2.9} we have that 77 = o (W, : t € [0, T)
up to null sets (recall that the proof of this required mesh(D,,) — 0 almost surely).

Hence, it follows that Wf :Pm s W, almost surely and in an L?(PP) sense as m — co.
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All that remains is to establish convergence for the iterated integrals of WD
Let i,5 € {1,---,d} with i # j so that W and W0) are independent of each other.

Recall from the proof of Theorem [6.2.10] that whenever s and ¢ are neighbouring
points in D,, (w), we have that {WH—W37DW |]:,’,3}u€[S .
Brownian bridge. In particular, this means that (W—W"’Dm)(i) and (W—W“Dm)(j)

are independent when i # j. It is also worth noting that W™Pm is F"-measurable.

is an independent n-th degree

Therefore, we can simplify the conditional expectation of the following Riemann sum:

f’n

@ yx7(9) ]
tiEAE ’ 7

Z WS t th tiy1
- Z ]E[Wgzzwt(zjtlﬂ |‘Fn]

[7IYANS

== Z E[(Ws,tl Wsntle> Z')(VVtz,tHl Wt?gﬁ) v |'F77rlz]

Heny
+ ) E [le W)Y }]:nﬂ + D E[(th?’") Wil }]:n}
tieNg ti€EN
= B[O (W) | ]
[F1STANA

:ZMWwWWWWﬂW%m‘Wm”ﬁ}

tiEN
1171, Dm, n 1, Dm ) % n
+ Z Ws tlD [ tl tH—l |‘F :| Z (th tll)+l) [W‘S(vt)l |ij|
tiEN tiEN
- Z W tsz Wﬁfﬁ)(])
tIENE
n, Do, 7, D\ (7)
- Z (Ws t? ) (Wtz tﬂl) ",
tEAE

where {A} denotes a sequence of partitions on [s, t] with mesh(A;) — 0 as k — oo.

Note that Ito integrals of W can be defined as the limit of their Riemann sum
approximations where the convergence taking place is in the standard L?(P) sense.

As {Ag} is a fixed sequence with mesh(A) — 0, we can apply (13.3) in [37] to give

< Z S tl tl tl+1 / sl dW ) — 07
tENE
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TL

as k — oo. Using Jensen’s inequality and the Tower law for E[- | F], it follows that
W( W(J
syt Vb4

2
t
(E / W) aw ) )f;])
t1ENE s
(Z Stl tm+1 / Daw ) — 0.

tiENE

Since W® and W) are independent, there is no Ité-Stratonovich correction term for

t t
/ W aw i) = / W o aw)

Hence, taking the limit as k£ — oo of the Riemann sum’s conditional expectation gives

t
/ W o daw )

t
;,;] / ([P Dg([Tmr) D (6.2.6)
As before, since {F*},,>0 s a filtration, it follows that the above gives a martingale.
So by applying Doob’s martingale convergence theorem to these integrals, we have

] / W odw i,

t
/(wan) 4(mom) 9 L g /w@ o dW | Fr

almost surely and in an L?(PP) sense. Finally, for each i € {1,--- ,d}, we note that
' @) _ L oon D )2
/ (W) a(iom) = 2 ()0 (62.7)
and

e ) _ L)
[ weeawd =S (wiy)”
The above is simply a consequence of the integration by parts formula. We can now

apply the same martingale convergence argument to these “diagonal” integrals. [

—~n,Dpm

In order to establish convergence of {W } > 1 a rough path sense, we will

first show the sequence is bounded using the a-Holder norm given by definition [3.2.19]
Theorem 6.2.13. For every a € (0, %) there exists a positive random variable C,
—~n,Dp,
with C' < oo almost surely, which is an a-Holder upper bound for W and {W }
W

W | a-nistso,m) < C, sup H

m >0

<C. (6.2.8)

o-HBL[0,T]
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Proof. By corollary 13.15 in [37], there exists ¢ > 0 (depending on v and T") such that

]E[exp <C ||W||a—H61;[O,T]> < Q.

In particular, this implies that there exists a non-negative random variable C'; with

|Ci|l2p) < o0 so that, for almost all w € €2, the increments of the path W (w) satisfy
IWeall* < Cuft — s,

for all 0 < s <t < T where || - || is a homogeneous norm with the form (3.2.17)).

Hence, there exists a non-negative random variable Cy with ||Cs||2p) < 0o such that
t . .
—Cylt — s]** < / Ws(g o dWW) < Cylt — s

Taking the expectation of the above inequality conditional on the o-algebra F gives

t
—Cslt —s]** <E /W@)odWU) Fr| < Cslt — s)*,

S,U u

where

Cy := sup E[Cy] Fpr].

m>0

Since {E[Cﬂfm }m> , 18 a martingale, we can apply Doob’s maximal inequality,

sup E[Cy|F]

0<m<k

< 2HE[02|]:£] HLQ(]P’) < 2”02“132(1?’)'
L2(P)

Therefore ||Cs|2p) < 2||Ca[22p) < 00. In particular, Cs will be finite almost surely.
It then follows from 1' and 1) that each iterated integral of WmDPm gatisfies

t . __ .
_Cglt o S’Qa < / (WS&Dm)(Z)d<W3,Dm)(J) < Cslt_ S|2a’
where the constant Cj is independent of m. If necessary, replacing C3 by d?Cs gives

t u o .
/ / AW P @ dW P

Similarly, we can apply the same martingale argument to obtain the below estimate:

sup < Cslt — s>

m>0

sup HWS;D’"H < Cslt — s|*.
m>0
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Therefore, by the equivalence of homogeneous norms ([3.2.18)), it directly follows that

1/2
// AW™Pm @ WP )§03|t—s|°‘,

(6.2.9)
where ('3 is a non-negative random variable, independent of m and almost surely finite.

I < s 72

Note that (6.2.9) is precisely what is required to obtain an estimate for || - ||a-mey[0,77-
The result now follows by setting the random variable C' equal to C + Cj5. O

Theorem 6.2.14. Let {D,,} denote the sequence of partitions induced by a refining
decision function A™ and let {W o

yDm
Using the above two theorems, we can establish pathwise convergence for {Wn

} be the associated piecewise polynomials. Then

1, Dy,

do-Hs1:[0,7) (ﬁ// ) W) — 0,

almost surely where dq_psyjo,r) denotes the a-Holder metric given by definition

and W is the enhanced Brownian motion obtained from W using a Stratonovich lift.

—~n,Dpm,

Proof. By Theorem [6.2.12], the sequence {W
(and in an L*(P) sense) to W when restricted to any uniform partition Ay of [0, 7.

} >0 will converge almost surely

Usmg the uniform a-Holder bound - we can estimate the difference between

1, D,
cach W " and its piecewise linear discretization W that agrees on the grid Ay.
—~n,Dp, —~n,Dp, —~n,Dp, —n,Dp,
(W™ - W) < [ (W = W) | ¢ e (W )]

So for fixed N and sufficiently large m, the RHS terms can be estimated by ( )ka.

As this estimate is uniform, it follows that {W } converges uniformly to W a.s.

Note that for a-Holder continuous rough paths X and Y (With I<a< 5), we have

Xs _Ys Xs _YS % 17%
1775 (X s t)|’§<‘|77k( it t>”> < sup HT"k(Xs,t_Y&t)H) '

[t — st |t — s|* 0<s<t<T

—~n,Dp,
The result follows as {W } and W can be bounded in the g-Holder sense. [

Corollary 6.2.15 (Convergence of piecewise polynomials in p-variation for p > 2).

n,Dm,

dp—var;[O,T] (W 7 ) W) — 07

almost surely where d,, var0,7) denotes the p-variation metric given by definition|3.2.17,
Proof. The result immediately follows since || X |1 yuis4 < | X la-msnsg (8 — )% O
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—~n,Dp,
Now that we have established that the piecewise polynomials {W } converge
in a rough path sense to the enhanced Brownian motion W, we can apply Lyons’

universal limit theorem (Theorem [3.3.3)) to show convergence for the associated ODEs.

Theorem 6.2.16 (Convergence of polynomial driven ODEs along variable step sizes).
Let y denote the true solution of the Stratonovich SDE over the interval [0, T,
where the vector fields f; : R® — R® are each assumed to be Lip(vy) for some vy > 2.
Suppose that {D,,} is a sequence of partitions induced by a refining decision function.
For each m > 0, let Y™Dm denote the solution of the ODE driven by the piecewise
polynomial WnDm gnd governed by the same vector fields (see definition . Then

dp—var;[O,T] (?H,Dm’ y) — Oa
almost surely where 2 < p < 7.
Proof. The result follows from the universal limit theorem and Corollary [6.2.15] [J

In practice, it is unlikely that we can solve each “polynomial driven” ODE exactly.
However some numerical methods can be viewed as being close to the ODE ([6.2.2]).
For example, the Heun and midpoint methods are close to “piecewise linear” ODEs.

In the rest of this section, we shall make these ideas precise and give our main result:

Theorem 6.2.17 (Pathwise convergence of variable step size numerical methods).
Let y denote the true solution of the Stratonovich SDE over the interval [0, T,
where the vector fields f; - R® — R® are each assumed to be Lip(y) for some v > 2.
Suppose that {D,,} is a sequence of partitions induced by a refining decision function.

For m >0, let Y™Pm denote a numerical solution of with Yb"’Dm = 1o and

for each pair of consecutive points ty,tp1 € D,, where CI)?kjtkH(}QZ’Dm) denotes the

7Dm n 1Dm
vl —an (V) )H < wltpsr — 1), (6.2.10)

solution at time t = ty1 of the below ODE driven by the Brownian polynomial WD .

d
dY; = fo(Vi)dt + > fi(Yr) dWiPr,
i=1
i\/ik = Y;SZDma
and w(h) = o(h) as h — 0 almost surely. Then {Y™Pm} converges pathwise, that is

sup [[VPm — gy || — 0,

as m — oo almost surely.
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Proof. Our argument is inspired by the proof of Theorem 4.3 in [39] and will require
a corollary of Davie’s lemma (which establishes a Lipschitz property for RDE flows):

Lemma 6.2.18 (ODEs driven by Brownian polynomials produce Lipschitz flows).
There ezists a positive random variable K with K < oo almost surely so that for each

piecewise polynomial approrimation WnDm of the path W and s,t € [0, T], we have

~nD ~u.D ~ ~
||th: m _Y*tn, mH < KHX;L,Dm _Y;n,Dm

, (6.2.11)

almost surely, where XmPm and Y™Pm denote two solutions of the ODE that
have different initial conditions. The constant K depends on the vector fields {f;},
the time horizon T > 0 and the positive random variable C' given by Theorem |6.2.15

Proof. The result immediately follows by applying Davie’s lemma (see Theorem [3.3.6)
to the family of ODEs corresponding to the piecewise polynomials {W”’D m}. This is
possible due to the uniform a-Hélder bound that was given by Theorem [6.2.13] [

For each k > 0, let {Z”;Dm}pt denote the solution the polynomial driven ODE:
’ 2k

d

AV = fo(VPmyde+ 3 fu(V0m) dwetn (6.2.12)
=1

yoom = yptn,

where t;(w) is the endpoint of the k-th interval in the partition D,,(w), for w € Q.
Then by the original assumption ((6.2.10) on the approximation Y™ it follows that

|

So by lemma [6.2.18] we obtain the following estimate for each t € D,,, with ¢ > ¢, 1:

Yn,Dm . N, Dm
le+1 ktpi1

< w(tgyr — ty)-

Yn’Dm — f}}’n,Dm S Kw(tkH — tk).

Tet1 kytii1

Nn,Dm N’Vl,Dm
HYkH,t _Yk,t H < K’

Expressing ffknfm —%’f;kDm as a telescoping sum and using the triangle inequality gives

[Tl = Tl | < & wities -0,
i<k

Since ?,;?;fm = Yt:’D’" and {?O@Dm } ;>0 has initial condition %%Dm = yo, we have that
Sup [Yir o = YinPr|| < sz(ti—H —t). (6.2.13)
kEDm i

It is now worth recalling that (for almost all w € Q), mesh(D,,,) — 0 as m — oo and
w(h) = o(h) as h — 0. Hence the RHS of (6.2.13) converges to zero as m — oo a.s.
The result now immediately follows from the above estimate and Theorem [6.2.16] [
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Remark 6.2.19. This result already has an interesting application in the n = 1 case.
In this setting, W " is a standard piecewise linear approximation of W and therefore

tpaa U . 1
/ / AW @ dWh? = — W2
th ts 2

ti,tkt1?

for each pair of consecutive discretization points tj,tx1 € D. So Theorem

would apply to numerical methods with each one-step approximation taking the form:

d d
i 1 i j
Yo = Yot foly)h+ DS Wil + 5 D7 ) i) Wi Wi + o(h),
i=1

i,j=1
where h =t — s. In particular, this means that the Heun and midpoint methods will
converge when incorporated into a variable step size framework (provided that the
underling decision function is refining and the vector fields are sufficiently regular).

On the other hand, this result clearly does not apply to the Euler-Maruyama method.

Remark 6.2.20. In order to apply Davie’s lemma and the universal limit theorem, we
required the vector fields { f;} to all be Lip(y) with v > 2. It may be possible that the
conditions on the fy vector field can be weakened due to time having finite variation.

Thus we conjecture that Theorem [6.2.17| would still hold if f, were only Lip(1), and
the proof may require the theory of II-rough paths (as introduced by Gyurké in [49]).

Although Theorem [6.2.17 establishes pathwise convergence for a large class of
numerical methods, it is qualitative and does not give explicit rates of convergence.

That said, quantitative results are known for piecewise linear approximations of W:

Theorem 6.2.21 (Corollary 13.22 from [37]). Let D denote a fized partition of [0, T).

Then for o € |0, %) and n € (0,5 — «), there exists a constant C' depending only on

(a,n, T) such that for k € {1,2} and ¢ > 1,
_ o@D
o Il s

s,t€[0,T] [t — sk

< C’qg(mesh(D))n, (6.2.14)

La(P)
where WP 1[0, T] — R? is the piecewise linear path that coincides with W on D and
Sgi)(WD) is the 2-step truncated signature of WP on [s,t] given by definition|3.1.16

So when the step sizes do not depend on the Brownian motion, we can apply

1g

the above theorem to obtain an a-Hdélder convergence rate of O(h%;x) from (6.2.14
(where hyay denotes the largest step size used). By Davie’s lemma (Theorem [3.3.6)),

we have the same a-Hdélder convergence rate for the associated ODE approximations

provided the vector fields are Lip(7y). It is still an open problem to understand whether
these convergence rates extend to the setting when the variable step sizes used come

from a refining decision function and therefore may depend on the Brownian motion.
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6.3 Simulation of the Cox-Ingersoll-Ross (CIR)
model and Bessel process

In this section, we shall use the ideas discussed in previous chapters to present a new

(variable step size) numerical discretization of the Cox-Ingersoll-Ross (CIR) process:
dyy = a(b—y) dt + o/y, AW, (6.3.1)

where a,b > 0 are the mean reversion speed/level parameters and o > 0 is volatility.

The CIR process was first introduced in [23] and is now a well-established and popular
one-factor short rate model used within the mathematical finance literature (see [11]).
Since the solution of is both mean-reverting and non-negative, the CIR process
is suitable for modelling interest rates, stochastic volatilities and default intensities.
As the vector fields are smooth on (0, c0), we can write in Stratonovich form:

dy, = a(b — ;) dt + o/y; 0 dW;, (6.3.2)

provided that the “adjusted” mean reversion level parameter b:i=b— ﬁ02 is positive.

Therefore, we impose the following constraints on the parameters of the CIR model:

2ab 1
0:=—>—. 6.3.3
The quantity 6 is often referred to as the Feller ratio. In particular when 6 > 1, the
CIR process is almost surely positive whereas if # < 1, the process touches zero with
a non-zero probability [58]. Therefore the condition (6.3.3)) allows for this latter case.
Ifo < %, then it could be problematic to discretize the Stratonovich SDE 1 near
zero since the drift b < 0 would no longer ensure that the diffusion is non-negative.

Thus, for our proposed method to be non-negative, we require that (6.3.3)) is satisfied.

In any case, increments of the CIR process follow a closed-form distribution given by

1
?/t|ys = _X7
C

and X is a random variable that follows a non-central chi-squared
tfs)ys'
Since it is possible to sample from this distribution, y; can be generated exactly.

_ 4a
where ¢ = —l—

distribution with %b degrees of freedom and non-centrality parameter ce %
However in practice, it can be computationally expensive to do so (see Table 1 in [2]).
This provides the motivation for developing numerical methods for the CIR diffusion.

That said, there are two significant challenges one faces when approximating (66.3.1):

158



« The solution y is non-negative almost surely. Thus, we would like the proposed

method for the CIR model to always produce non-negative numerical solutions.

« The square root vector field is not globally Lipschitz as its derivatives “blow-up”

near the origin. For example, this makes it is difficult to successfully apply the

log-ODE method (see definition [4.3.4]) to the CIR model for small values of y.

In [53], the authors establish an upper bound for the L!(P) error of approximations

that use just the increments of the driving Brownian path (with uniform time steps).

Theorem 6.3.1 (Theorem 1 in [53]). Let y denote the solution to the SDE
on the interval [0, T| with the mean reverse speed and volatility parameters satisfying
2a < 0. Then there exists a positive constant ¢ > 0 such that for all N > 1, we have

2a

ooy g ] =< ()

Borel measurable

For the CIR process, the majority of (strong) numerical methods proposed in the
literature are based on either an explicit or implicit Euler method and use a fixed step
size (we refer the reader to [2], [4], [7], [24] and [29] for examples of such methods).
However, it follows from Theorem that these methods will exhibit arbitrary slow
convergence rates in the “higher volatility” settings. Thus, the authors of [53] argue

that there is a need to develop more sophisticated approximations of the CIR process.

This leads one to consider either high order weak approximations (such as in [3])
and /or variable step size methods (an adaptive scheme was recently proposed in [59]).

The below table summarizes convergence results for some recent Euler-type methods:

Numerical method LP convergence rate and parameter assumptions

Truncated Euler [24] O(\/ﬁ) 2<p< 1.

O( hlog h ), 1<p< 2@

o2

h), 1<p<3%.

302

o(
Symmetrized Euler method [7]  O(Vh), 22 >1+ \/_< Y a(16p D V (16p — 2))
(\/hmax) ab > 20%, p=2.

Drift-implicit Euler [2] 4] 29]

Adaptive Euler method [59]

Table 6.1: Convergence rates for Euler-based approximations of the CIR process.

We will simulate the CIR model using a high order piecewise linear discretization
of Brownian motion (given in Chapter [5) and variable step sizes (see definition [6.0.1)).
Importantly, this is outside the scope of [53] and thus Theorem does not apply.
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The proposed method can also be applied to the squared d-dimensional Bessel process:

provided that o > 0. The Bessel process is an important one-dimensional diffusion
which arises when one studies {||W¢||2}:+>0 (for a d-dimensional Brownian motion W).
That said, we will focus our attention on the CIR model as it has significant real-world
applications and presents a slightly greater challenge from a numerical perspective.
Moreover, since Bessel processes are more analytically tractable than the CIR model,

it may be the case that we should design a numerical method specifically for (6.3.4]).

Throughout this section, we shall assume that 0% < 4ab so that b>0in (16.3.2)).
Since our approach is based on driving the CIR model by a piecewise linear path /V[7,

we will require an appropriate numerical method for discretizing the following ODE:
dg; = a(b—73,) dt + o\/3, AW, (6.3.5)

which, along each linear piece of W\, can then be expressed as the solution at ¢t = 1 of

~

% =a(b—7)At+ 0 /TAW. (6.3.6)
The numerical method that we will apply to belongs to the following family.
Definition 6.3.2 (Diagonally implicit Runge-Kutta methods). Consider the ODE:
y = F(t,y), (6.3.7)

y(0) = v,

where yo € R? and F : [0,00) x R — R? denotes a time-varying vector field on R¢.

A diagonally implicit m-stage Runge-Kutta method is defined using the recurrence:

Yigr o= Y+ b Y biki, (6.3.8)
i=1
YE) = Yo,
where hy, := tpy1 — t, b1, -+, b, € R and each stage k; € R? satisfies the equation
7j=1

with real coefficients {a;;} and {¢;}. Note that (6.3.9) may not have a unique solution.
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It is usually more convenient to express the above method using the Butcher tableau:
€1 | 411

Co | Q21 Q22

Cm | Gm1 Gm2 " Amm

by by - b,

Using , we can apply the standard Taylor theorem for F' to expand .
This can then be directly compared with the Taylor expansion of the ODE (|6.3.7)).
The theory of rooted trees provide an effective tool called “B-series” (see [51] or [15])
for computing these expansions which enables one to derive order conditions on the
coefficients {a;;}, {b;} and {¢;}. The use of rooted trees in the theory of ODEs can
be viewed as a precursor to the algebraic theory of rough paths and SPDEs (see [30]).

Applying the change of variable z := \/Z\ to 1} results in the below equation.

dz  a (b 1
= _42 3 - . 3.1
— =2 <g Z)At+20AW (6.3.10)

For discretizing the (square root) CIR process, we shall use the following method:

Definition 6.3.3 (Third order A-stable diagonally implicit Runge-Kutta method).
This three-stage method is presented in [60] and defined by the below Butcher tableau.

0 0
34+v3 | 3+v3  3+V3
3 6 6
1 |38 1=v3 343 (6.3.11)
12 4 6
3+v3 1-v3 3+V3
12 4 6

Although the vector field of (6.3.10]) is not globally Lipschitz (or even bounded),
we shall see that the numerical method given above is particularly well suited for it.

Theorem 6.3.4. When applied to the ODE , the Runge-Kutta method (0.53.11

reduces to solving two quadratic equations which will always have positive solutions,

provided 20 > 0 and 0 < 4ab. The corresponding method for the CIR model is then

2

Oy 4+ 1/C2 + (1 + calrt)(cabAt)
1+ calt ’

Yy iar = (6.3.12)
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where Yy is the numerical solution of computed at time t (with Yy := yo) and
3+V3

12 7
Cy = % <\/17t+cF<\/§7t> + ! _4\/§F(Z> +CJAW> ,

5. Cy + \/022 +(1+ caAt)(calN)At)
L 1 + caAt ’

Cy: % <\/?t+20F(\/§7t> —l—caAW) ,

with F:(0,00) — R denoting the vector field that governs the square root process Z\,

b 1 =
F(z) = 2 (— - z) At + 50AW. (6.3.13)

z

Proof. Applying the Runge-Kutta method (6.3.11)) to the ODE (6.3.10]) on [0, 1] gives
5o g 3EV3 1-V3 34+ V3,

Zy = Zy+ 5 ki + 1 ko 5 3, (6.3.14)
where
kl - F(Zo),
~ 3+V3 34++vV3
ky = F | Zy + \/—k1+ \/_k‘z )
6 6
~ 3+V3 1—+/3 3++V3
ks = F <Zo + 12\/_/61 + 4\/_/{2 + 6\/_k:3> )

Let Z = Zy + 38k, 4 38k, g0 that ky = F(Zy), ks = F(Z) and ks = F(Zy).
Substituting the values for {k;} into the definitions of Z and Z, gives the equations:

7=yt ? +6\/§F(20) 3 +6\/§F(2), (6.3.15)
- ~ . 1 - R
7= 70+ 3+12“§F(zo) n 4\/§F(Z) T 3+6\/§F(ZI). (6.3.16)

As Y} is the numerical solution of 1} computed at time ¢, we will set Z) =Y.
Similarly, we shall define Y, a; to be 212 Since F'(z) has the form Az + B + Cz71,

both ((6.3.15) and (|6.3.16]) can be expressed as quadratic equations. The result now
follows by using the quadratic formula to find the positive roots for Z and 21. O]
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Remark 6.3.5. In general, each step of an implicit Runge-Kutta method requires a
root-finding algorithm (such as the Newton-Raphson method) to compute each stage.
Depending on the problem, this could be challenging or computationally expensive.
Fortunately, due to the analytic tractability of the vector fields that govern ,

we have found a positive solution Y;, o; that can be computed quickly and accurately.

Having chosen a method for discretizing the ODE 1’ along each piece of /W,
the next step is to decide which “high order” piecewise linear path should be used.

However, before doing so, it worth noting the Taylor expansion for the CIR process.

Theorem 6.3.6 (Stochastic Taylor expansion for the Cox-Ingersoll-Ross process).
Let y be the solution of the SDE (6.3.9). Applying the Taylor expansion gives

- 1
= ys+ oy Wy +a(b—ys)h+ 20" WS, (6.3.17)

t u ao B t u
—ao ys// odW, du + b— ys //dvoqu
o ), SN AN
—1a2(l~)—ys)h2—laJQ/t/u/vodWTodedu
2 2 S S S

1 ) CLO'2 _ ) t U v
—(§a0 +4ys(b—y8) /s/s/sOdWTdedWU

+ remainder terms,

where the remainder would be O(h%) in the “Lipschitz setting” (as in Theorem )

Proof. The result follows by setting fo(y) = a(i)—y) and fi(y) = oy/y in 1) O
Remark 6.3.7. There is no Wit term appearing within the above Taylor expansion.
Therefore, a third order numerical method would be sufficient for discretizing (6.3.5)).
Remark 6.3.8. The SDE (/6.3.2) has non-commuting vector fields (see section as

U L follw) = (o Lo =201 fo Fa+ f1 11 fo
+ 1o (fr, f1) = 201 (fo. ) + f1 (f1, fo)) (w)

= 0 T e+ D alh— ) - (b -
= —5a0 +ao +4y a(b y)+2y a(b y) a(b y)

2

2y
Since the vector fields of the CIR model do not commute with each other and we
aim to have variable step sizes, we shall use the (W, H, ns)-measurable piecewise

linear path given by definition (with Theorem detailing its key properties).

163



Since we are discretizing the CIR process using the (W, Hyy, ns¢)-measurable
approximation of Brownian motion from Chapter 5[ and the third order Runge-Kutta
method given by (6.3.11)), the leading term in the (squared) L?(IP) error expansion is

. 2
(a;j) Var (Lyy | Wiy, Hopmsy) (6.3.18)
So in order to control local errors, we shall use the strategy given by definition [6.0.1}
Definition 6.3.9. The proposed variable step size methodology for the CIR process
dy: = a(b—y;) dt + o\/y; o AW,
Yo > 0,

over [0, T'] is defined recursively (starting from Yy := 79) by the following procedure:

Step 0. Assume the numerical solution Y, at time s has already been computed.

Step 1. Fix an initial step size, h =t — s, for computing the numerical solution.

After the first iteration of this procedure, h is obtained by halving a previous step.

Step 2. Generate the triple (Ws,t, H,, ns,t) for describing the Brownian motion.

Recall that this information is straightforward to generate due to Theorem |5.0.6|

Step 3. If h is below a prespecified constant h.;,, approximate (6.3.2]) over [s, ¢].

The numerical method we shall use is obtained by approximating the ODE (|6.3.5|)
with T denoting the (Ws,t, Hy, ns,t)-measurable piecewise linear path given by
definition Along each linear piece of /V[Z we will discretize (|6.3.5)) using one
step of the third order implicit Runge-Kutta method . By Theorem m,

this method is practical and guaranteed to give a positive numerical solution Y;.

Step 4. Otherwise, check that the discretization error is small using the condition

~ 2
DB Vax (Loy | Wos Hosmas) < Ch (6.3.19)
QY; ar s,t sty 45ty ns,t = 9 cJ.

where C' > 0 is a prespecified constant and the variance is given by Theorem |5.1.3|

Step 5. If (6.3.19) is satisfied, approximate the SDE ([6.3.2)) over the interval [s, t]

using the piecewise linear ODE method described above (with initial value Yj).

Step 6. If (6.3.19) is not satisfied, apply Steps 1-6 on the intervals [s, u] and [u, t]

where u = s+ %h is the midpoint and Step 2 is now done by using the refinement

procedure given by Corollary [6.1.7]
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Applying the above procedure to the CIR model on the whole interval [0, T'] gives

a discretization where each step satisfies the condition ((6.3.19)) or has size h < Ay, -
A worthwhile sanity check for the strategy is to estimate the step sizes for small y.

Since the derivatives of /- blow-up near zero, we would want to use smaller steps.

For any fixed Y, the LHS of the condition (6.3.19)) will scale with i as O(h*) and so
hox Y.
In particular, this means the step size h tends to zero as Y approaches zero if hpi,

=0.
That said, the step sizes taken by the proposed strategy can also be viewed as being
asymptotically large when compared to the numerical solution (provided it is small).

2.5 A

1.5 A

/’/”\\
\ \ \" VO
\\\ \‘ v
0.5 A

0 0.2 0.4 0.6 0.8 1

Figure 6.5: CIR sample paths with a = 1, b =1, 02 = 3 and the same control C.

When close to zero, the sample paths exhibit smaller fluctuations and step sizes.

For the numerical experiment, we compare the proposed variable step size method

(definition |6.3.9)) with the best-performing implicit scheme proposed by Alfonsi in [2].

Definition 6.3.10 (Drift-implicit Euler scheme [2, 4], 29]). We construct a numerical
solution of (6.3.2)) by setting Y, := yo and for each k € [0 .. N — 1], defining Yj41 as

2
2 -
LoWiete + VY5 + \/(%aWtthl + \/Yk> + 2abh(1 + jah)
Yiq =

2(1 + %ah)

with ¢, := kh and h := % The solution can then be approximated at time t; by Y}

This method can be derived by applying the implicit Euler method to (6.3.10]),
but with W now denoting the standard piecewise discretization of Brownian motion.
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The drift-implicit Euler method has been well studied in the literature and has known
strong convergence rates. We refer the reader to Table|6.3|or [4],29] for further details.

We shall now present the estimators used for quantifying strong and weak errors.
The functional chosen for testing weak convergence is p(y) = (y — b)* which is the

payoft of a European call option with strike b and well approximated by polynomials.
Definition 6.3.11 (Strong and weak error estimators). Let Yy be the numerical

solution of (6.3.2)) computed at time 7" using the proposed variable step size method,
as described in definition with NV steps (where N is allowed to be random).

The first step size will be chosen to be equal to the time horizon T and hy;, := 2%0 T.

We can define the following estimators for quantifying strong and weak convergence:

Sy = \JE [(Yw - vi)7]. (6.3.20)

Ex = |E[(Yy - 6)"] —E[(vf* - 0)"]

: (6.3.21)

where the above expectations are approximated by standard Monte-Carlo simulation
and Y/ denotes the numerical solution of (6.3.2) obtained at time 7' using the

. . . . . . 1% 99 . . h T
proposed piecewise linear approximation but with a “fine” step size of min (6—4, m) ,

with h denoting the step size used by the variable step size method to produce Yy.

Note that Yy and Y are both computed with respect to the same Brownian paths.

With a slight abuse of notation, we also use Yy to denote the numerical solution
of (6.3.2)) obtained at time 7" using the drift-implicit Euler method (with N steps).

We shall emulate the numerical experiments done in [2], and use a constant step size

of h = % to discretize 1) using the drift-implicit Euler method (definition|6.3.10)).

In this case, we will also use Sy and Ex to denote strong and weak error estimators.

h T
10 5000 )

For both numerical methods, the fine step size is chosen so that the L?*(P) error

The only difference is that Y% is computed with fixed step size h = min(

between the true solution y; and approximation Yi"¢ is negligible compared to Sy.

In this numerical example, we shall use the same parameter values as in [2], namely
Low volatility case: a=1,b=1,0?2=1, yo=1, T = 1.
High volatility case: a=1,b=1,02=3, yo=1, T = 1.
We will use 100,000 sample paths to compute the strong/weak error estimators.
In addition, we can average the number of steps that are taken in each simulation.
This “expected” number of steps can then be used to measure the computational cost

of the method. As step sizes are fixed for the Euler method, this simply becomes V.

We will now present our results for this numerical experiment using log-log plots.

Each data point for the proposed scheme is obtained with a fixed step size control C.
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Figure 6.6: Strong convergence rates for both methods in the low volatility setting.
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Figure 6.7: Weak convergence rates for both methods in the low volatility setting.
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Figure 6.8: Strong convergence rates for both methods in the high volatility setting.
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Figure 6.9: Weak convergence rates for both methods in the high volatility setting.
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In each of the above graphs, we see that the proposed variable step size method
achieves higher convergence rates than the (fixed step) drift-implicit Euler method.
In addition, increasing the volatility ¢ appears to reduce the orders of convergence.
This phenomenon is unsurprising as, when o is large, the CIR process can have long
excursions near zero which give numerical errors due to the non-Lipschitz vector field.
In the high volatility setting, the proposed method exhibits a high convergence rate
whilst the drift-implicit Euler method appears to converge with a low order (< 1.0).
Nevertheless, in order to truly measure the performance of these numerical methods,

we should consider the computational costs required for achieving a specified accuracy.

Table 6.2: Estimated simulation times for computing 100,000 sample paths that
achieve a given accuracy using a single-threaded C++ program on a laptop computer.

Estimated time to achieve an accuracy of | High/Low

Sy =1073 (s) Ex =107 (s) volatility
High order method 1.0 0.5 Low
(variable step size) 7.4 7.2 High
Drift-implicit Euler 2.9 11.6 Low
(fixed step size) 47.0 38.8 High

The above times are estimated using figures [6.6] —[6.9] along with the following table:

Table 6.3: Simulation times for computing 100,000 sample paths with an average of
100 steps per path using a single-threaded C++ program on a laptop.

Computational time | Average number | High/Low

(s) of steps volatility
High order method 11.76 100.1 Low
(variable step size) 11.89 100.2 High
Drift-implicit Euler 1.02 100 Low
(fixed step size) 1.01 100 High

Table 6.3 shows that the proposed method is an entire order of magnitude slower
than the drift-implicit Euler method when the average number of steps used is 100.
Our numerical evidence suggests that this difference in simulation time does not
change significantly when the average number of steps used is less than 1000 (with
1000 steps, our method is about 12.5 times more expensive than the Euler method).
It should also be noted that with a constant step sizes, the ODE method is only four
times slower than the Fuler method. Therefore, evaluating the condition (|6.3.19)) and

refining the triples (W, Hqt,ns+) has a noticeable impact on the simulation time.
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On the other hand, the proposed method appears to be an order of magnitude
more accurate than the Euler method (even with a small average number of steps).
This is demonstrated in Table [6.2] which shows that the variable step method can
obtain the same accuracy as the drift-implicit Euler method in a fraction of the time.
For example, our method is between five and six times more efficient in the high
volatility setting. For smaller error tolerances, we would expect the proposed method

to substantially outperform the Euler method (since it appears to be higher order).

At this point, it is natural to question which part of the proposed method has more
importance: the high order piecewise linear ODE method? or the variable step sizes?
If the volatility is sufficiently small, then the high order ODE method should have
the greater impact and we would conjecture that the resulting performance increase
would be comparable to that demonstrated in the IGBM example (see section [4.5)).
On the other hand, when the volatility is high, the CIR process is more likely to have
excursions away from the mean reversion level b (and, in particular, close to zero).
Since the derivatives of /- blow-up near zero, the proposed high order ODE method
would only be accurate when the step size used is sufficiently small. Moreover, we
expect that Theorem[6.3.1]can be extended to methods which use integral information

in addition to Brownian increments (and thus quantify the limitations of fixed steps).

So when the volatility is sufficiently high, the variable step sizes should have the
greater impact. Of course, the use of a high order method is still likely to be beneficial.
In particular, for excursions away from zero, the derivatives of v/ can be bounded and
thus we expect the proposed method to outperform the drift-implicit Euler method
just as the log-ODE method outperformed Milstein’s method for IGBM (section .
Another benefit of employing a high order ODE method is that it is possible to
estimate the local L?(P) error of each one-step approximation, which naturally leads
to the variable step size strategy given by definition [6.0.1} If a lower order method
were used, then it is possible that another criterion should be used instead of .

Whilst it would be interesting to see how the importance of the variable step sizes
depends on the Feller ratio 2(%’, a more pressing issue is simply proving convergence.
In addition, it is not known whether the high convergence rates observed in the
numerical experiments are sensible. Since each piecewise linear ODE produces a local
error that is O(h?) in L?*(P) and the noise vector field is not globally Lipschitz, it is a
little surprising that the method could exhibit an O(N~!%) strong convergence rate
(Recall that we would expect O(h'®) convergence for SDEs with “nice” vector fields).

Thus, we wish to better understand how variable step sizes impact convergence rates.
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In conclusion, there are primarily three key results that are presented in this chapter:

. Generating Brownian increments and integrals on dyadic partitions
To develop variable step size methods for SDEs, it can be necessary to generate
the Brownian path within an interval conditional on its endpoint information.
Inspired by Lévy’s construction of Brownian motion and the paper [13], we give
algorithms that generate the triples (W, H,n),, and (W, H, K),; in this manner.

. Proving convergence of variable step size methods using rough paths
The standard error analysis of SDE numerical methods requires deterministic
step sizes and so variable step size methodologies can be challenging to study.
Using rough path theory, we have established sufficient conditions which ensure
a variable step size method converges to the SDE solution (in a pathwise sense).

In particular, this result can be applied to both the Heun and midpoint methods.

. Discretization of the Cox-Ingersoll-Ross model (and Bessel process)
It can be difficult to accurately simulate the CIR process as it is non-negative
and governed by a square root vector field with derivatives that blow-up at zero.
By incorporating a high order piecewise linear ODE method from Chapter
into a variable step size framework, we derive a new scheme for the CIR model.

Our numerical experiments suggest this scheme has high orders of convergence.
Furthermore, the research discussed in this chapter raises some interesting questions:
. Can we extend Lévy’s construction to generate increments and n time integrals?

. What improvements could be made to the step size control in definition

« Given an explicit variable step size strategy (using a refining decision function),
is it possible to strengthen Theorem [6.2.17]and quantify the rate of convergence?

« How might the log-ODE discretization of IGBM be improved by variable steps?
. Can we incorporate the ideas within this chapter into Multilevel Monte Carlo?

. How should one design variable step size strategies that do not use derivatives?

For example, we could estimate local errors by comparing the “one-step” and
“two-step” approximations. This quantity would have the form Y, ; —Y;, — Y,

and so may fit into the Stochastic Sewing Lemma framework developed in [65].

. Could we prove the ODE approximation (6.3.5)) converges to the CIR process?

171



Chapter 7

Approximation and conditional
moments of Brownian Lévy area

Up to this point, the majority of the thesis has focused on developing high order
numerical approximations for SDEs driven by a one-dimensional Brownian motion.
In this setting, most terms within the stochastic Taylor expansion can be
generated exactly. However, in order to develop high order numerical methodologies,

it was necessary to first consider approximations of the “space-space-time” Lévy area:

1 t u v t U v
L57t::6(///OdWTOdedu—Q///OdWTdUOqu
t u v
T dmdmodm).

In Chapters [ and [5, we approximated L,, using its conditional expectation
E[Lsyt W, Hsy, } , where H,, is the space-time Lévy area of the path W over [s,t].

As one might expect, the numerical analysis of SDEs driven by multidimensional
Brownian motion is significantly more challenging than for the one-dimensional SDEs.

In particular, we have the following classic result due to Cameron and Clark in [21].

Theorem 7.0.1 (An example of a slow best rate). Consider the following Ité SDE:
da, =y dW,Y, (7.0.1)
dy, = W,

where W and W@ are two independent Brownian motions and xo = 0,yy = 0.
ForT >0 andn > 1, let P, be the o-algebra generated by {W,ElT) , W,Ei)} . Then
3y 0<k<n

n n

oo~ Bfori Pl = 5 (2)'
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Remark 7.0.2. This result implies that any P,-measurable approximation of (7.0.1]

cannot achieve a strong convergence rate better than O(\/E ), where h is the step size.

Remark 7.0.3. It was shown by Dickinson in [30] that any approximation of x7 that
is measurable which respect to n Gaussian random variables (which are expressible as

linear functionals on W) cannot have a strong convergence rate better than O(n_%).

More generally, we would not expect better convergence rates when approximating

multidimensional SDEs that are governed by non-commutative vector fields. That is,

d
dys = foly)dt + > filye) dW;, (7.0.2)

=1

3/0:57

where £ € R, the vector fields { f;} do not satisfy the below commutativity condition:
[fi, fi] =0, Vi,je{l,---,d}. (7.0.3)

When the condition is not satisfied, then certain iterated integrals of W
(Brownian Lévy area) in the Taylor expansion of result in local errors of O(h).
If these errors propagate like a martingale, we obtain the O(\/ﬁ) convergence rate.
Thus, we will consider the following “low order” stochastic Taylor expansion of .

(see chapter 5 of [62] for a comprehensive review that presents the below expansion)

Theorem 7.0.4 (Low order It6-Taylor expansion). Let y denote the unique strong
solution to where the vector fields { f;} are assumed to be smooth and bounded
with bounded derivatives. Then for 0 < s < t, y, can be Taylor expanded as follows:

d t u
> Hh) [ [ avOaws moa

1,7=1

d
e =ys+ folu) b+ > fily) W+
=1

+ R2 <h> ys) )
where h := t—s and the remainder term Ry has the below uniform estimate for h < 1,

sup HRQ(h?ys)HL2(P) < Cl h%’ (705)

Ys cRe

and the constants Cy, Cy depend only on the vector fields of the differential equation.

Remark 7.0.5. Each iterated integral in (7.0.4) will satisfy an SDE of the form ([7.0.1)),
and may be hard to approximate by the results of Cameron & Clark and Dickinson.

Remark 7.0.6. Milstein’s method can be obtained precisely as the first line of (7.0.4)).
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So when the commutativity condition ([7.0.3)) is not satisfied, in order to exactly

generate the first line of this Taylor expansion, we require the below stochastic area.

Definition 7.0.7. The Lévy area of a d-dimensional Brownian motion over [s,t] is
1 b . Lo .
=3 / W awy) — / WO aw ), (7.0.6)

Remark 7.0.8. A;,; can be viewed as an antisymmetric matrix since A ’] ) = Agf).

fori,j e {1,---,d}.

1. . . y
SWOWE AL

Despite its non-trivial joint distribution, a method for generating ( W,

Remark 7.0.9. By integration by parts, we have / WS(ZZ o dWéj) =

s

(1,2
(t7Ws]t)7A ))

was proposed in [38]. That said, this approach was not extended to higher dnnensmns.

Designing methods that exactly generate (stt, A&t) is an open problem when d > 2.

w @

w@

Figure 7.1: Lévy area is the chordal area between independent Brownian motions.

In this chapter, we will study the Lévy area of multidimensional Brownian motion.
Just as for Ly, we shall compute moments of A,; conditional on the pair (W, Hy;).
The motivation for investigating the relationship between H,; and A, comes from the

research of Davie [27] and Flint & Lyons [34] who proposed the below approximation:
AL = HOWE = Wi HE) 0, (7.0.7)

)

where {b( Di1<i<j< d} is a collection of 1d(d—1) independent and identically
distributed random variables with Es(ztj Vo N (0, 57?) and b 0 — BS(? ) for all 4, j.
In particular, it was shown that discretizing Brownian Levy area using the random

variables { Ay s, ..} will converge (in the 2-Wasserstein sense) with an order of O(h).
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One advantage of using the 2-Wasserstein metric (deﬁnition is that it is now
possible for methods without Lévy area to converge faster than O(\/E) for general
SDEs. At the same time, the 2-Wasserstein error of an approximation can be viewed
as an L*(IP) error (specifically between random variables that are optimally coupled).
The proof of this O(h) convergence requires Komlés-Major-Tusnddy (or KMT) theory
but ultimately relies on the approximation 121\8775 having the same covariance structure
as true Lévy area once the Brownian motion’s increment W, ; has been generated.

More concretely, the following theorem is used in the proof of Proposition 6.2 in [34].
Theorem 7.0.10 (Matching conditional moments of multidimensional Lévy area).
E|AS | W | =E|AT) | W], (7.0.8)
E[A{P AL (W, | =E[AL ALY W], (7.0.9)
fori,j,k,le{l,--- d}.
Remark 7.0.11. The conditional moments and are all zero except for
E[(AG) W] = —h2 1 2h ((Wﬁ)f + (W,ff))z) . (7.0.10)

Since the space-time area H,,; must be generated to compute ﬁsvt, it is natural to

consider approximations of Lévy area that match (W, Hy;)-conditional moments:

Theorem 7.0.12 (Non-trivial conditional moments of two-dimensional Lévy area).

E|AS) | Wy, Hey| = HY WY —wi) Y, (7.0.11)
Var (A% | W, Hyy ) = 2—0h2 + ;h(<H N+ (Hgg)z) , (7.0.12)

fori,je{l,---,d}.

The above conditional moments will be derived in the first section of this chapter.
As one might expect, the proof of this result uses the decomposition W = W+ 2
where W is a Brownian parabola and Z is a Brownian arch (see Theorem .
Although the expectation ((7.0.11)) is already matched by the random variable ﬁs,t, the
approximation does not capture the non-trivial conditional variance given by .
Hence a potential improvement could be made to gst by rescaling each Bs(zt] ) 5o that

(B W ) ~ N (0t (D) + (82)7))

In the last section of this chapter, we will show that this “change of variance” does

not impact the O(h) 2-Wasserstein convergence rate of the Lévy area approximation.

It is still ongoing research to apply these weak approximations to real-world problems.
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This chapter is outlined as follows. In the first section, we shall compute the first

four conditional moments of two-dimensional Lévy area using the theorems below.

Theorem 7.0.13 (Decompositions of Lévy area using polynomial approximations).
Let Hyy and Ky, denote the Brownian space-time areas defined in Chapter . Then

As,t = Hs,t & Ws,t - Ws,t ® Hs,t + bs,ta (7013)
As,t = Hs,t X Ws,t - Ws,t & Hs,t +12 (Ks,t X Hs,t - Hs,t ® Ks,t) + Qs t, (7014)

where by is the Lévy area of the Brownian bridge B on [s,t] that corresponds to W,

s,t

pid) . / BY 0 dBY, (7.0.15)

S

and as; denotes the Lévy area of the Brownian arch Z on [s,t] corresponding to W,

afid = / 70 0 dz¥), (7.0.16)

S u

fO?"i,j € {17 T 7d}
Proof. By the natural Brownian scaling, it is enough to prove the result on [0, 1].
Suppose that i,j € {1,---,d}. Then by the decomposition W, = tW; + B;, we have

1

. 5 Wl(l) Wl(] )

A = / W o g
0

1
i i j j | T —
- / (1w + BY) o (1w + BY) — w )
1 . St N . L . 1 .
_ §W1(” w9 4w / B dt + w / tdBY + / BY 0 dBY — iwf” w9
0 0 0
=W HD - wIHD L))
Similarly, the decomposition By = 6t(1 —t) H; + Z; (Theorem [4.1.3)) can be applied.

AYY =wP aP —wHY + / B{" o dBY
0

=wVHY —wPHY +/ (6t —tyH" + z{") o d(6t(1 —t)HY + Z7)
0
=wWIPHY - wPHY +36HHY / (t =) d(t —?)
0

) 1 ) ) 1 . 1 . .
+6HY / Z9d(t — ) + 6 HY / (t =) dz + / 2 o dz!
0 0 0

1 1
i) 17(i i) 170 j i 1 i 1 j ij
=wHY - wiHY ~ 12H1(”/ zd <§t2> — 12H] )/ 51472 + a5
0 0
The result now follows by applying integration by parts and then Theorem [4.2.6, [
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Remark 7.0.14. The quantity Ay, in (7.0.7) approximates the “bridge Lévy area” by .

Theorem 7.0.15. The two-dimensional Lévy area of the Brownian bridge process
has a logistic distribution with mean 0 and variance 1—12h2. So for i,j € {1,---,d}
with © # j,

i,j . 1
b ~ Logistic (0, —h) .
’ ™
Proof. 1t is known that the joint density function for x = Wl(i), Yy = Wl(j ), z= Agi’j ) is
1 [ 2., ,2
f(x,y,2) = —2/ . eXp( w) cos(zu) du,
0

27 sinh(u) ~ 2tanh(u)

(see Lévy [68] and Lyons [38]). So when the increment W, is zero, the density of z is
1 <
= — _— du. 7.0.17
/) 272 /0 sinh (u) cos(zu) du ( )
We shall now evaluate the above integral. It is first worth noting that for all u > 0,
1 2 1 - -
— — Qe U. 97U —2ku _ 2 7(2k+1)u.
sinh(u) e* — e S g ¢ kz; ‘ kz; ‘

Since this decays exponentially fast, we can swap the sum and integral operations in

> sin(zu) /°° . - _2k+1)u
- du = 2 sin(zu e du
/0 sinh(u) 0 ( )§

= 22/ sin(zu)e” DU gy,
k=00

-9 Z Im </ e(—(?k:-l—l)-l—iz)u du)
k=0 0

i —Z
=2y — 7.0.18
— (2k+1)* + 22 ( )

By the Weierstrass factorization theorem, there is a product representation of sinh(z):

i) == 11 (1+ (57) )
sinh(z) = 2 H + =
k=1
Taking the logarithm of the above and differentiating gives a representation of coth:

- 22
th(z) = - =z
coth(z) z + ; (km)? 4 22

This has the same structure to the infinite series ([7.0.18]). In addition, it implies that

* si 1 1
/ S.m(zu) du = 7 coth(mwz) — =7 coth <—7rz>.
o sinh(u) 2 9
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Using the double angle formulae for hyperbolic trigonometric functions, we have

sinh(z)  cosh(z)  sinh®(2) 4 cosh®(2)

tanh th(z) = = = 2 coth(2
anh(z) + coth(z) cosh(z) = sinh(z) cosh(z) sinh(z) coth(22),
and so
> sin(zu) 1 (1 )
du = —mtanh| -7z |. 0.1
/0 sinh(a) u = gmtanh| S72 (7.0.19)

Differentiating both sides of ([7.0.19) and applying the Leibniz integral rule gives

* wcos(zu) 1 9 <1 )
YOSV i = —— sech? [ =72 ).
/0 sinh(u) T g™
By substituting this into ((7.0.17]), we see that bY’j ) has the desired distribution.

The result now follows as by and hbs; have the same law (by Brownian scaling). [

In the second section of this chapter, we shall compute additional moments for
d-dimensional Brownian Lévy area when d > 2 (conditional on the increment Wi,).
In this setting, we will identify all conditional moments with degree at most four.

Most notably, the following two moments demonstrate the intricate structure of A, ;.

Theorem 7.0.16. Let by, denote the Lévy area of a Brownian bridge on [s,t]. Then

N . 2 7
E[ b(%]) b(Jyk) } — —h4
(s,t ) (s,t ) 720 9
(@) rp(k) 1 ig) G _ L 53
E |:Hs,t Hs,t bs,t bs,t :| - 720h )
where i,j,k € {1,--- ,d} are distinct.

In the third section, we will develop new approximations for Brownian Lévy area
in the low dimensional cases (d = 2,3) by matching these new conditional moments.
In addition to matching the first four moments of Brownian Lévy area, the proposed
random variables are fast to generate and straightforward to implement in practice.
Furthermore, we shall demonstrate the accuracy of this approach in the d = 2 case
by numerically estimating the 2-Wasserstein distance between the proposed “weak”

approximation A and the true Brownian Lévy area. Numerical evidence suggests that
WQ(IU/A, /jA) S 0.01h.

In the final section, we shall compare our approximation with that of Davie’s.

There may also be additional applications of the research discussed in this chapter.

For example, the conditional variances (7.0.10)) or ([7.0.12)) could be used to quantify

local L?(P) errors and develop variable step size methods for multidimensional SDEs.
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7.1 Moments conditional on the path increment
and space-time Lévy area

In this section, we shall compute the first four moments of two-dimensional Brownian
Lévy area conditional on the increment W, ; and space-time Lévy area Hj,; of the path.
Theorem 7.1.1. Let A, denote the Lévy area of Brownian motion over [s,t]. Then

AP~ HOWD ~wlES) 1, (7.11)

fori,5 € {1,---,d} where the Brownian bridge Lévy area by, is independent of W,

and a symmetric random variable. Then if i # j, we have the conditional moments:

E[AY) | We Hy| = HYWS —wiHY), (7.12)

2 A 2
Var (AU | Wy, Ha, —h2+ h((H )+ (HY) ) (7.1.3)
— (7.1.4)

1400 tig 1 + 175 Ak ((Hﬁ?)Q + (HS(Jt)>2)

D\ 2 AMN2\\2
<2Oh+ ((H()) +(HY) ))
Proof. The area decomposition ([7.1.1) was established as part of Theorem |7.0.13]

Since b, ; depends only on a Brownian bridge process, it must be independent of W ;.

( )=
Skew (ALY | Wy, H.,)
(45 )

Kurt A |Wst7H t (715)

Using Theorem [7.0.13] we have the following decomposition of the bridge Lévy area,

o) = 12(KHY - HOK)) +al, (7.1.6)
where K, denotes the “space-time-time” Lévy area given by definition and
asy is the Lévy area of a Brownian arch process (and thus also independent of Hy ).
Since the Gaussian weights in the polynomial representation of the Brownian bridge
(Theorem are all independent with zero mean, b,,; and a5, must be symmetric.
It is enough for us to compute the moments of b, ; conditional on the pair (W, Hy;).

Since (K4, as;) is independent of Wy, and H,,, it follows directly from (7.1.6]) that
E [0 | W, B,y = 1209 B[KY)] — 1200 E[E[}] + E[o{5] =0,
and

E[( 0’ |Wst,Hst} — 144 (H ?)QE[(KS@)Q] +144(H§72)2E[(K§f2)2}
DE[KOa )



By reflecting the i- th coordinate of the Brownian arch, we see that [E [K S(Jt) aif;j )} =0.
Since Kg; ~ N (0 (

, 720 ) the above expression can be simplified to give the variance:

B[(7) | W 1..] - E[<as;;z>>2} ; §h<<Hsfz>2 P(E9)?). @)

By taking the expectation of both sides in and using the Tower law, we have

E[(af?)"] = E[@gﬁpﬂ — k= (7.18)

. 1
by Theorem |7.0.15 (Where it was shown that E [(bgf’tj)>2] = Eh2>. Thus, we have

]E[(biff))z \Ws,t,Hs,t} - 2—0h2+ 5h<(H N+ (HS?)Q) . (7.1.9)

Hence the first two conditional moments, ((7.1.2)) and ([7.1.3]), have been established.
To compute the skewness, we will first show that the following moments are all zero.
. AN 3T .
E [(agf )) =0, <by the symmetry of agf )) ,
K 9 (” =0, (by the symmetry of Z® )

since a'' t = agt)>.

(
(K i 2 (Z] =0, (by the symmetry of 707) )
(

E[K(QKS(?CL(”) =0,

s

Therefore expanding (b‘(9 )> using (|7.1.6)) and taking a conditional expectation gives

E [(bﬁf’f)) | W, Hs,t:| = 0. (7.1.10)
Recall that by Theorem we can represent the Brownian arch Z on [0, 1] using a

family of orthogonal polynomials {e }r>2 and independent Gaussian weights {Ij }x>2.

Z = Zlkek = 12€2+Zv,

k=2

where Z denotes the “third degree” Brownian bridge (see definition |4.1.16)) given by
Z = Z I kCL -
k=3
Then the Lévy area ag; of the Brownain arch Z can be further decomposed as follows,
o) = [ 2 0dz?
0

=191 / ea(t) dea(t) + 17 / es(t) dZY + 1Y / Z0deq(t) + / 79 o az"
0

0 0 0
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Therefore, by the orthogonality of the Jacobi-like polynomials {ey}, this simplifies to

o) = 1019 / ea(t) des(t) + I 15" / es(t) dea(t) + i), (7.1.11)
0 0

where ¢, is the Lévy area of a third degree Brownian bridge over the interval [s, ],

S, u

ng;%j) — / Z(z odzqgj)- (7.1.12)

Recall that the polynomials {e;} can be constructed using Theorems 4.1.9and [4.1.10}

In particular, it is straightforward to explicitly compute the polynomials e, and es.

ea(t) = V30t(t —1)(2t — 1),
es(t) = it(t - 1)((2t —1)2 - %) :

Thus, the integral of e3 against e; can be directly computed using elementary calculus.

1 1
2
/ es(t)des(t) :/ es(t) - V30 (61> — 6t + 1) dt = —3\/35
0 0
Furthermore, it follows from definition that Ko; = #%IQ. So ([7.1.11)) becomes
i 3 0 1 N (i
o =124/ (K19 - KOLD) + ), (7.1.13)

where Is ~ N (0 ( , 12) and cO i ) are both independent of the space-time-time area K ;.

Taking the squared L?(IP) norm of ((7.1.13)) and simplifying the terms as before gives

E[(af?)"] = @E[(Kg?m KOO ] +E[(§7)]

+
[\
=~
%
=
| —
/N
>
—_
o
<
<
BN
N
—
oD
=3
N
| I

The squared L*(P) norm of a ) is given by ([7.1.8]). So by Brownian scaling, we have

E[(cgff>)2] — 2i8h2. (7.1.14)

Using ([7.1.13)) and ([7.1.14)), we shall calculate the following (fourth degree) moment:
2
i)\ 2 i)\ 2 3 i) 7(j ) (i i,
(5" ()] = B | (680)° (12y/3 (0219 - KG219) 4 7 ] .
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Expanding the RHS and evaluating the resulting moments (using independence) gives

B[(k)" (a7)"] = 28 [(K0)" (k019 - K919)] +E[(55) (&7)’]

432 (1)2 1 432 (1)2 1 1 1
= — X4dX|——=) X =+ —X|z—=) X =+ —— X —
7 720 12 7 720 12 720 © 28

~ 11200
So by the natural scaling of Brownian motion, it follows that
N 2 NN 1
E(KD) (l)"] = s 1.1
( S,t) (a's,t ) 11200 h (7 5)

By reflecting the j-th coordinate of the Brownian arch process Z, we can deduce that

s,t

S[(vt ] =0

i N2 (5]
B[ (k9)'?] =0
Using the above moments and the bridge Lévy area decomposition ([7.1.6|), we have

B[ (0) [0 ] = 120 (1) B[ (10)'] 12 (1) B (12)']



Therefore, all that remains is to compute the final term in the above calculation.
By Theorem [7.0.15

! bif;? ) has a logistic distribution with mean 0 and variance 1—12h2.

As the kurtosis of the logistic distribution is known to be %, it directly follows that

Y] T 4

E[(bsyt ) ] = sh" (7.1.16)
By taking expectations in the previous expression and using the Tower law, we have

.o\ 4 NN 41 27

E[(af?) ]| =E[ (o) ] - 5ioht = soooht. 1.1
(a5) (6)' ] - 256"" = 3300 (7.L.17)
Substituting this into the expression for the fourth conditional moment of ag’tj ) gives
NN
E [(biff) ) !Ws,t,Hs,t} (7.1.18)
20 0 2

_ (i) 2 () 2) 3 2< () () 2>2
= seh' + ooh ((HSJ) + (HD) ) + 52 (H) + (9)) "
Dividing this by the squared conditional variance of bgf;j ) yields the required kurtosis:
()2 (M)?
st h (HS) + (H9))

(v 2 ()" (1))

Kurt (00| Wae, Hoy ) = 3+

(7.1.19)

O

Remark 7.1.2. (As,t | Wy, Hs,t) always has more kurtosis than a normal distribution.

Ex. Kurt (A(()i”lj) ‘ Wi, H1>
o

Figure 7.2: The kurtosis of Brownian Lévy area as a function of space-time area.
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7.2 Additional moments of Lévy area conditional
on the path’s increment

In this section, we will apply the previous theorem to identify further moments of
multidimensional Brownian Lévy area conditional on the increment of the path W ;.
Since our motivation is to develop numerical approximations of the form , it
suffices to consider moments of the multidimensional Brownian bridge Lévy area b ;.

We shall begin by establishing a family of cross-moments of (Hs,t, b57t) that are zero.

Theorem 7.2.1. Let Hy; be the space-time Lévy area of a Brownian motion on [s,t].

Let by, denote the Lévy area of the associated Brownian bridge. Consider the moment

pr = E[(HY - =) (0007 o) | (72.1)
where I = (z’l, x -,im) and J = (jl, o -,jn) are multi-indices with iy, ji, € {1,---,d}.
For each index k € {1,--- ,d}, we can count its number of appearances in I and J.
Nk::‘p:ip:k:,ipél‘+|q:jq:k,jq6J‘. (7.2.2)

Suppose there exists an index k € {1,---,d} such that Ny is odd. Then pr ;= 0.

Proof. We can construct a new process B on [s,t] from the Brownian bridge B as

— BY  if i £k,
B0 _ | 7
—BWif i=F.

Then B has the same law as a Brownian bridge and we can define the corresponding

Lévy areas H,; and bs;. By the linearity of integration, it immediately follows that

-7 (1) Hs(,lt)> if 1 #k, —(4,5) bgéj), if k¢ {i,j} ori=yj,
Hs,t = (i) . and b =
—Hg,, it i=kF.

5t . '
—bgf ) , otherwise.

As B and B have the same law, counting the number of k’s appearing in (7.2.1)) gives
prg = B[ (HY - H) (00755
(_ 1)Nk E [(Hs(,ltl) . Hs(f;n)) (b(jhjz) L b(in—hjn))]

s,t s,t
= (— 1)NkﬂI7J-

The result now follows as N}, is assumed to be odd for some index k € {1,--- ,d}. O
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In addition, there are certain cross-moments of (H&t, bs,t) that can be computed
using the conditional moments obtained in Theorem along with the Tower law
(and possibly the fact that Brownian motion has independent coordinates processes).
For example, the moment below is zero but falls outside the scope of Theorem [7.2.1}

E[HY HD V| = E[HHY [ | W, Ho]| =0,
by the Tower law and the conditional expectation (|7.1.2)) detailed in Theorem [7.1.1]

We will now present the main result of this section, which gives some non-trivial

cross-moments of (Hs,t, bs,t) with degrees at most four and even numbers of indices.

Theorem 7.2.2. Let bs; denote the Lévy area of a Brownian bridge on [s,t]. Then

E (o000l ] =0, (7.2.3)
@\2 (7GRN2] _ T 4
E[(bs,t ) (807) ] = =5 (7.2.4)
B[ AP 0] -~ 29
i7) 1 Gk) 1 (kD) 1. (16) T 1
E[bg,tj)bgt )bg,t )bg,t)_ = %Mla (7.2.6)

where i,7,k,l € {1,--- ,d} are distinct.

Proof. Since each coordinate of B is independent and identically distributed, we have

E 657000000 | = E b0 000000 (7.2.7)
On the other hand, bs; can be viewed as an antisymmetric matrix as bgf;f ) = —bg,;i).

Therefore, switching the indices of all the Lévy area terms in the RHS of ((7.2.7)) gives

B[] = B[]
It then follows that the moment ([7.2.3)) must be zero. To derive (7.2.4), we note that
B .= % (B9 +B®), (7.2.8)

is a process with the same law as a one-dimensional Brownian bridge on [s,¢]. Hence

V2 (b8 — b)) = v2 (05 + b7 = / V2 (BY), + B®) 0 dBY,

2 2 2

has the same law as bgf’tj ). In particular, we can apply (|7.1.16)) to compute the moment

4
(20 -0 ] - f60)'] - e

240
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Expanding the LHS of the above and removing the terms with zero expectation gives

pE[ )]+ SE[() 040) ]+ G049 '] = ign

4 2 4 40
So by applying ((7.1.16|) to the first and third terms, we obtain the required moment.
LN 2 . 2 7
B[ (o) (007)"] = oo, 7.2.9
( st ) ( st ) 720 ( )

To compute the cross-moment ([7.2.5)), we will use the decomposition ([7.1.6) for b ;.

B[ HE W6 = BIHD HY > (12(K0 HEY - BIKD) + o))

« (12(K9 B9~ HOKD) 1 o).
When the RHS of the above is expanded, the majority of the resulting terms have
zero expectation since both K, ; and a,; are independent of H,,. This leaves us with
0 27 (k) 1.(6f) 1 Gk N2 [ (k)2 Y 2 1
E[al) a0 000 ] = e | (80)(8Y) (KD)| = 0"
Therefore all that remains is to compute the final non-trivial cross-moment, ((7.2.6)).

By considering the process Bk (which has the same law as B("))7 we can see that
V2 /i k,j V2 Lk
(064 s7). %20 )

has the same law as (bgf ), bg{;i)). Hence both pairs have the same fourth moments.

| (32 (9 - o) + 32 (60 - 7))

2 S,t

) [(bgff) + bgf;f))4] .

As before, we shall expand both sides and remove the moments that are equal to zero.
B[(667)' ] + 6B [(657)" (o) ] +E[(547)]

= (A E[(6) ]+ 6 x ax B[ (1) (067)°] +6 x 2 x B[ (567)” (5°)’]
+ 2B PO ).

S,

Note that the cross-moments we removed can be seen to be zero by Theorem [7.2.1}

Since the variance and kurtosis of bg’tj ) are both known, the above can be simplified:

B[00 ] = (B[ 067)'] - B[ (0) TR [ (4)°] ) = 7ggn.

by Theorem [7.0.15 (Where it was shown that bg’tj ) follows a logistic distribution). O

Remark 7.2.3. The results of this section allow us to compute any conditional moment

(with degree at most four) of Brownian Lévy area conditional on the increment W ;.
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7.3 Efficient weak approximation of Lévy area in
low-dimensional settings

In this section, we shall present approximations of Brownian Lévy area with the form
Agy = Hgy @ Wy — Wy @ Hyy + by, (7.3.1)

where by, approximates the Brownian bridge Lévy area by, in the “weak” sense.

More specifically, the random variable gsi will be constructed to capture the various

moments of by, established in the previous sections (see Theorems [7.1.1] and [7.2.2)).

We shall develop numerical approximations in the low-dimensional cases (d = 2, 3)
that are fast to generate and match the moments of A,; with degree at most four.
Due to the non-trivial moment , it is ongoing research to construct Es,t in the
general multidimensional setting (d > 3) that matches the cokurtosis structure of by ;.

We shall conclude the section by numerically investigating the d = 2 approximation:

Definition 7.3.1 (Weak approximation of two-dimensional Brownian Lévy area).

Let A;t denote the antisymmetric matrix with the following entries (for 7, j € {1,2}),
Al = HOWD —w HI) ), (7.3.2)

s,t

where, conditional on the area H,;, the random variable 337,5 will be defined as follows:

Us,t&s,t; if (Zaj) = (172)7

b =8 ok, i (i0)) = (2,1), (7.3.3)
0, if 1 = 7,

¢ Logistic (0, \/Tg) , with probability p;,, (7:3.4)
> Normal (O, 1), with probability 1 — ps, o

Y B ) ((H(1)>2 + (H(Q))z) (7.3.5)
) 20 5 s,t s,t )

L 1 1 4 1 3 (1) 2 (2) 2

Pot = o (%h +o5h ((Hs,t) + (HY) ) : (7.3.6)

h:=1t-—s.

As it may not be clear, the random variable &, can be generated via the procedure:

Step 0. Generate the space-time Lévy areas H S(lt) and H S(Zt) on the interval [s,].

Using H,,, we can define the variables o, and ps; according to (7.3.5) and (7.3.6).

187



Step 1. Asps; < 1, we can generate an independent variable X ~ Bernoulli (ps,t).

Step 2. If X =1, define &; to be an independent logistic random variable with

mean 0 and variance 1.

Step 3. If X =0, define &, to be an independent normal random variable with

mean 0 and variance 1.

Remark 7.3.2. We can see that 0 < p,;; < 1 (and therefore Zsﬁt is well-defined) since

poct = gt + 5t ()" (2))

< gttt (HD) (D)) + o (HD) 4 (HE)') = ot
Remark 7.3.3. It is clear that (§S7t | Wi, Hs,t) always has zero mean and unit variance.
The above approximation is designed to match the following moments of Lévy area.
Theorem 7.3.4. Let ES’t denote the approximation given by definition . Then
E[(A ”>) |Wae, Hey] = E[(Agf;”)" |Wae, He] (7.3.7)
fori,je{1,2} and 1 <n < 4.
Proof. To begin, we shall compute the moments of &, conditional on W, and Hy .
E[(&)" [Wey, Hoy] = E[(&s0)" |Wes, Hep, (X = 0)] P(X = 0)
+E[(&0)" |War, Heao (X = 1) P(X =1).

As the normal and logistic distributions have the same first three moments, we have

E[fst“/vst, Hst} =0,

[ gst }WstaHst} =1,

E [ (&)’ [Wes, Hat] = 0.

We will also compute the fourth moment of £, conditional on the pair (W, Hy;).

21

— DPsit

[ (&st) }WstaHst} = 3(1_pst) + 5

6
:3 —Ps
+5p7t

o e e (0 )

So by Theorem [7.1.1}, £ has the same conditional skewness and kurtosis as Agf )
when 7 # j. The result now follows since gs(ft] )= H 32 Ws(? — W(?H Dt 0,46y O

s S,
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Using the additional cross-moments established by Theorems and ( -

we can also construct a high order weak approximation of A, Wlth dimension d = 3.

Definition 7.3.5 (Weak approximation of three-dimensional Brownian Lévy area).

Let A, denote the antisymmetric tensor with the following entries (for i, j € {1,2,3}),
A = m{wE —wh Y +12(KHY) - HO)KE)) +30, (7.3.8)
where, conditional on the space-time-time Lévy area K, the random variable a,, is

lj) fst ) if 1 < j?
5&3') — _Ugij) éift])7 if i > 7, (7.3.9)
0, it i =7,

with the independent random variables gif; and 0 ) defined for i < 7 according to

(7.3.10)

s,t

f(i’j) Uniform [—\/g, \/ﬂ , with probability p
Rademacher, with probability 1 — p,

irj 3 , 1 2 AN 2
ol = \/2—8(00 +¢)(CWD 4 ¢)h2 + %h((uf(g}) + (12K3) ) ., (7.3.11)

where each O is an independent and identically distributed random variable with
() . 15
C'" ~ Exponential <) (7.3.12)

and the constants ¢ and p are defined as

V3 8

315
21130

P 95601

The above approximation is designed to match the following moments of Lévy area.
Theorem 7.3.6. Let Ay, denote the approzimation given by definition[7.3.8. Then
E[(AS)" W, Hoy| = B[(ASD)" | Way, By, (7.3.13)
and
E[(AZ)" (AGP)™ (AGD)™ | W] (7.3.14)
= B[(A)" (A0)7 (A57) W]
for distinct i, j, k € {1,2,3}, no,n1,na,nz > 0 with ng < 4 and ny +ny+ns < 4.
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Proof. To compute the conditional moments of Eéff ), we note that by independence

E[(@)" Wi o] = E[(0%) | E[(€2)"], (7.315)

for i < j. As &, is a mixture of uniform and Rademacher random variables, we have
E[& ] =0,
E[(€?) ] =1,
B[(£)] =0,

]9 42525
E[(’S&t]) ] =52+ (1-0) = 55551

Here we used the fact that the kurtosis of the uniform distribution is known to be 9

Using the mean and variance of each C¥), we can compute the even moments of o, tj ).

B[(007)] - & [28((;(@ ¢)(C9) +c)h? + 28h((12K§f3)2+(12K£73)2ﬂ,

E[(o—ﬁft’”ﬂ _ E!(%(Cm 1) (C9) 1 e)h? + 218/1((12}(“2) - (12}(5({2)2))2]

2
3\ 2 8\2 16 (V3 8 3 8\’ 1
:(—) 2(—) + — v3_ 8 + V3_ 8 ht 4+ ——h*
28 15 5\ 3 15 3 15 700
10321 L 25621
4410000 700 4410000

Therefore by (|7.3.16)) and ((7.3.17]), along with the first four moments of §§th ), we have
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We shall now define the “Brownian bridge” Lévy area gﬁ corresponding to ;1/37,
bst = Ast ( st ® Wst Ws,t ® H&t). (7318)
Hence, it is enough to compare the conditional moments of ESJ and bs;. Recall that

b = 12(K HY — HYKD) +aly), (7.3.19)

S

where Adggj ) and the space-time-time Lévy area K, are independent of (W, Hy;).

Using the above, the first three moments of 5\ are then straightforward to compute
E [0 | Wi, Hos| =0,
E[(0) |Wap, Hot| = (HD) B[ (1260)"] + (HD) B[ (1263)"]
+E [( iy’ ] ,
= o h () 4 (HD)),
E [('Es(f;”)g [Wae, Hyg] = 0.

Therefore Zs(zj ) and Agf;f ) have the same conditional moments up to degree three.

It is also worth noting the following non-zero cross-moment between 'déf;j ) and K g
2
B[(K%) (ait )
(2) 7 @] 2
B[(KD) (o5) B[ ()]

z ; 1 () 2 ) 2
= E{ ( (C9 +c) (C(])+c)h2+2—8h<<12}(s,t) + (12K5)) )
1 1\? 1 < 1 >2
= — x 144 — x 144 ¥
<720 28 +28X X?’X(?zo) Tog M m) )"
= 1’ 3.2
11200 (7.3.:20)

By the construction of a,,, it is also clear the below fourth degree moments are zero.




Expanding the fourth power of ES(’;]' ) and substituting in the above moments produces
N\ 4 N\ 4 N\ 4
B[(05) [War, Heg| = 120 (HD) B[ (K0)'] +12* (HD) B[ (£9)"]

16 x 12 (H‘22)2(H§73)2E (8) (K2)]

2 2

i)
t

z?])

)]
Y] +E[@)']

a

)

9y’ al
) @

(K
+6x 144 (H f2)2E[(Ks<gt>
)

bt (H) + (H9)") + i

This matches the kurtosis given by Theorem and so we have verified ([7.3.13]).

We will now compute fourth degree moments of ?)/sﬁt with the forms 1} and 1’
~rr AN D e 2

E [(bgff)) (399 ] (7.3.21)

. . . N 2 . . 2
— 1B (KO 1Y)~ HOKY)' (K9 Y 1Y ) |

s,t s
+ (2% 129 B[ (KO HY) — HOKD) (K9 1S - 1Y K®) al) |
+ (2% 123)E[(K§?H§32 HS(ZKSt)z( § s]t)Ks(t)) adt |
i

S,

(2
(<9~ ) ()
+ 24 [(K0O HY) - HO k)3l (@)
AR (1) Y — ) (35) 70
CE[(E9) (597
As £ ) §Svjt’k) are both independent and symmetric, the above expansion simplifies to
[(599)? (340" ] = 12*B[ (k1% - HOKY (K 5 - WY
+ i [ (K9 HE) + (1Y KDY ) (3]
+144E[(( N )2+( WED) )(ag;@ﬂ
[ 7).
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The middle terms will be equal as each coordinate of W is identically distributed.

We shall now compute the first term by expanding the brackets inside the expectation.
i . i AN 2 . . 2
2 B[(K9 HY) - HOKY) (K0 Y - 1Y)’

=1f(EKK§Hﬂ)(S?H@)}+EKK$HQ)(m?K$)]
+E[ (1Y KD (k9 HE) ]+ B [(HD KDY (G KD)'))
1\2/ 1\? 1\2/ 1\? 1
=2x 12* (—) (—) (—> <—) ht = —ht. 7.3.22
% ( 12) \70) 73\12) 70 450 (7.3.22)
For the middle terms, we use the cross-moment between a,; and K, given by (7.3.20)).
~(i.5)\ 2
144E[((K§2H§f?) +<H§{2K( )) )(a;,ﬁ’) }
1 1 1 1 1 1
= 144< —_— 4 — X — —> ht = —ht. 7.3.23
12 11200 T 12 “ 720 * 20 525 (7.3.23)

The final term can be computed using the moments of the exponential distribution.
o () (1)
—E [( (CD +¢) (CD +¢)h? + 28h ((1269)" + (12K§?2)2))
(CY +¢) (C® + c)h* + 28h((12f<§f;})2 + (12K§§>)2))]
2 2
225 QX%X%X% §+<218) X6X<%) >h4
(7.3.24)

Putting all this all together produces the required fourth degree cross-moment of gs,t'

E[(0) (199)'] = b’ + pagh® + qao bt = =isht (7.3.25)

Computing the moment of (Hs,t,gs7t) corresponding to ([7.2.5) is straightforward as

- E[HSQHU?(M(KSEQ Hs(jt) Hs(ng(Jt)> +a (”))<12<K( )HS(? Hs(t)Ks(kt)> +3 (Jk))}

S

:—144]E[< (7’)>2( ) ( )] %Oh?’, (7.3.26)

where we have used the fact that H,;, K, 58? ) §s’jt’k) are independent and symmetric.
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By Theorem [7.2.1] and ([7.2.3]), we have that all the remaining cross-moments of

(Hs,t, bs,t) with degree at most four are zero. On the other hand, by the symmetry

and independence of Hy;, K ; and &, these moments will also be zero for (H&t, bs,t)-
Thus, it follows that As,t|WS7t and gs,t|Ws,t have the same cokurtosis structure. [J

Remark 7.3.7. We can interpret C¥) as being the “size” of the Brownian arch Z®.

Remark 7.3.8. In practice, we can generate 12Ks(f2 ~ N(O, %h) as its own variable.

To conclude this section, we shall numerically demonstrate that the proposed
two-dimensional Lévy area approximation is accurate in the 2-Wasserstein metric.

(See Chapter 6 of [94] for an account of the Wasserstein distance and its properties)

Definition 7.3.9 (Wasserstein metric). Let u and v be probability measures on R.

Then for any p € [1, 00), the p-Wasserstein distance between p and v is defined as

Wy(uv) = inf (E[A(X,Y)])", (7.3.27)

(X, Y) ~ (pxv)

where d(-,-) is a metric on R%. The above infimum is taken over all couplings of
random variables X and Y with distributions X ~ y and Y ~ v. For our purposes,

we will consider the 2-Wasserstein metric associated with the standard L?(P) norm:

Wa(p,v) = inf )(E[HX—YH%])%. (7.3.28)

(X,Y)~ (uxv

Recently, there has been significant progress in approximating the Wasserstein
distance between empirical measures due to its applications within image processing
and machine learning (well-documented open source software can be found at [33]).
In particular, if g and v are distributions on R and have cumulative distribution

functions F' and G, we can consider the following empirical estimator studied in [61]:

Definition 7.3.10 (2-Wasserstein distance estimator for continuous distributions).
Let {X;}1<i<n and {Y;}1<;<n be independent and identically distributed samples
from p and v respectively (with cdfs F' and ). We define the following estimator for
Wg( L4 V):

1 N
W= 5 2 1Xe = Yoll; (7.3.29)
=1

where X(;) and Y{;) denote the i-th order statistics from the samples {X;} and {Y;}.

Remark 7.3.11. The estimator W3¥ is precisely the 2-Wasserstein distance between

the empirical distributions corresponding to the samples {X;}1<;<ny and {Y; }1<i<n.
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As one might expect, this estimator is consistent and will converge almost surely

to the true 2-Wasserstein distance Ws(p, ) almost surely (see Theorem 2.1 in [61]).

Theorem 7.3.12 (Convergence of the empirical 2-Wasserstein estimator). Suppose

that . and v are square-integrable, i.e. EXN#[Xz} < oo and Ey., [YQ} < 00. Then
Wy — Wa(p,v), (7.3.30)

almost surely as N — oo.

Moreover, with extra assumptions, one can establish an asymptotic convergence rate.

Theorem 7.3.13 (Central limit theorem for the empirical 2-Wasserstein estimator).

Under certain mild conditions on F and G, there exists a constant o > 0 such that
VN (W) = WE (1)) = N (0,0%), (7.3.31)

as N — oo, where the above convergence is in distribution. In other words, the

estimator W converges to the true 2-Wasserstein distance weakly with rate O(N ’%) )

Remark 7.3.14. The above theorem is the main result of [61], where precise conditions

on F and G are given along with an explicit formula for the asymptotic variance o2.

In practice, we would approximate Lévy area after the increment of the Brownian
path has been generated since both quantities appear in the Taylor expansion ([7.0.4)).
Hence in the numerical example, we will investigate the Lévy area approximation

1} on the interval [0, 1] for a number of different path increments Wl(l) and WI(Q).

As the standard deviation of each increment is 1, we shall use the range {—2,---,2}.

Table 7.1: Table showing estimated 2-Wasserstein distances between finely discretized
Lévy area and the approximation conditional on certain Brownian increments.
Each estimator W3 is obtained using N = 1,000, 000 samples. The discretized Lévy
area is computed using the standard piecewise linear approximation with 256 points.

Wi

—2 | -1 0 1 2
—20.0024 | 0.0019 | 0.0022 | 0.0019 | 0.0028
—10.0018 | 0.0021 | 0.0022 | 0.0018 | 0.0018
w® | 0 ]0.0020 | 0.0019 | 0.0030 | 0.0022 | 0.0020
1 ]0.0023 | 0.0022 | 0.0020 | 0.0024 | 0.0021
2 1 0.0026 | 0.0020 | 0.0019 | 0.0023 | 0.0029

The above results were obtained using a Python implementation (Jupyter Notebook).
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Whilst there is significant variation in the above estimated Wasserstein distances,
it is clear that they are all have similar orders of magnitude (between 1073 and 10_2).

To give some perspective on this, we recall that the L?(PP) norm of two-dimensional

Lévy area Ay, conditional on Wy, is || Ao r2@) = /15 + 55 /|Wil|3 (remark [7.0.11)).

Therefore, the 2-Wasserstein distance between the distribution of Brownian Lévy area

and the distribution of its best W;-measurable strong approximation is at least 0.28.

It should be noted that since estimators for Lévy area and 2-Wasserstein distances
have slow O(N ’%) convergence rates, it is possible that our results have inaccuracies.
That said, the numerical evidence is promising and indicates that the proposed weak

approximation produces samples that are statistically similar to Brownian Lévy area.

7.4 Comparison with Davie’s weak approximation
of Brownian Lévy area

In this section, we will show that our approximation of Lévy area is “close” to the
approach originally proposed by Davie [27] and later analysed using rough path theory

by Flint and Lyons [34]. We first recall Davie’s approximation of Brownian Lévy area.

Definition 7.4.1 (Davie’s approximation of multidimensional Brownian Lévy area).

Let [s,t] be an interval with size h =t — s. We define the random matrix A\SJ as
A\s,t =H; @Wg, — Wy, @ Hgy +/l;s,t7 (7.4.1)
where /b\&t is an antisymmetric matrix with the following independent entries:
B ~ (0,52,
’ 12
for 1 <i<j<d.

Although Davie’s approximation of Lévy area matches the conditional mean ([7.1.2])
exactly, it uses a constant variance as a proxy for the conditional variance (|7.1.3]).

Thus, we propose the following approximation for the Lévy area of Brownian motion:

Definition 7.4.2 (Weak approximation of multidimensional Brownian Lévy area).

Let [s,t] be an interval with size h = ¢ — s. We define the random matrix A, as

AVSJ = Hs7t X Ws,t - Ws,t ® Hs7t +gs,t, (7.4.2)

196



where gﬁ is an antisymmetric matrix with the following independent entries:

5~ (0 gon® + () + (19)")).
for 1 <i<j<d.

We will show that this choice of variance results in a small O(h) 2-Wasserstein
error when we discretize Lévy area on [0, 1] using a constant step size h. To this end,

we shall construct a probabilistic coupling between Davie’s approximation and our’s.

Definition 7.4.3 (Coupling sums of approximate Lévy areas over dyadic intervals).
For each N > 0, let Dy := {tx}o<rp<ov denote the uniform partition of [0, 1] with

= kh and mesh size h := 27¥. We say that a subset £ C Dy is dyadic if
E = {ti}mo-n<k<(m+1)2-—n for some integers n € {0,--- , N} and m € {0,--- ,2" —1}.

Given a dyadic subset E of Dy, we can then define the following sums:

‘/S\(” : Z Atk topr 7 <Slg7j)’ (ag7j))2 >’ (74.3)

keE

=6 S(,) (~(0,5)\2

3 = SO AL N ( @, (569) ) (7.4.4)
keE

where

: Z(H W — W g ) (7.4.5)

keE
50N = %\Em, (7.4.6)

50 = (2—10|E|h2 + %hz ()" + (Hﬁ?)z)> . (7.4.7)
keE

for 1 <14 < j < d where W}, and Hj, will simply be notation for Wi, 4., and Hy, 4, .
When |E| = 2V, we will couple the sums S ) and S ) via a standard normal random
variable X 7). That is, for 1 < i < j < d, we shall generate the pair (S](;’j ,Sg”)) as

G — G 4 GED X6 F6) _ GD 4 FEIX6D (748)

where each X7 ~ A(0,1) is independent. We extend this coupling recursively as

Step 1. Suppose that we have generated the pair (§ , S E) for some dyadic subset
E of Dy with |E| > 2. Then FE is the union of two disjoint dyadic subsets, which we
denote by £~ and E™.
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Step 2. For all 1 <1 < j < d, we sample an independent normal random variable
X8 N(0,1).

)
i i 509 2 i s 50y (50:0) g
GG = Gl) 4 Ejé’j);z (867 —857) + G 8)(1.’(].)” )Xg”, (7.4.9)
E E
~(4,5))2 ~(1.9)\ (= (5.9)
(i =~ o (e (2 Op- o 2,7
S =S Eﬁg’;);?< £ - éj)) - A)(z'g')E+ )Xf(f’])’ (7.4.10)
. i 59 2 iy i 5@y (509 y
S — 569 4 (M’g’j)L (sg’” - S,E;”) + %xgﬁ, (7.4.11)
(@:") 9k
. i & (:))2 i A @Y (9 y
50 = g D) (gpo gy - e )0 ) )
(@) 9k

forall 1 < i < j < d. We note that the above constructions of (§E7,§E+) and

(§ Jo S E+) clearly have the desired covariance structure and thus follow the normal

distributions (7.4.3) and ([7.4.4).

Step 4. If |E| > 2, we continue the coupling and apply Steps 1-3 to the dyadic
subsets E~ and ET. (There is nothing left to generate if |E| = 2).

It is worth noting that the variances for Davie’s approximation are constant,

e[S

b\'Ef - b\'E+ - EE

Before quantifying the 2-Wasserstein error between our approximation and Davie’s,
we will estimate the difference between o and . Hence we first recall the following

result, which shows that x — /2 is Lipschitz continuous on [a, c0) whenever a > 0.

Proposition 7.4.4. Fora > 0 and z,y > 0, we have

1
|\/a+x—\/a+y‘2 < Elx—yﬁ.
Proof. Without loss of generality, we assume that x > y. Then
r—y 1
< T —1),
Vatz+aty 2\/5( v)
and the result follows. O

Va+r—aty=

Theorem 7.4.5. Let E, E~, E* be dyadic subsets of Dy with E= and ET disjoint
and of equal size. Then for all 1 <1 < j <d, we have

~ (4, ~(4,5)\ 2 1

E[(#67 —567)] < 751 (7.4.13)
) (i 1

B[ (757 —557)| < oon® (7.4.14)
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Proof. We shall establish the first inequality by direct calculation. More concretely,

we will express the LHS of ((7.4.13)) using the formulae for o and & in definition
and then apply Proposition [7.4.4]

3 1\2]
|k -aky] e (( |E’+51h ((Hgg)Z*(HS(?)Q)) - %'E'))

2
_ ]_ i 2 AN 2 1
< 5B KE ( g LS ()" (1) >—E'E‘)
ke

E

= 5|E| "Var (% Z ((H,ﬁ“f + (H,ij))z)>

< 5|E| ZV&r( >+Var<(H,gj))2>

2

~ 180
Since 0g- and og+ are independent and identically distributed, the second inequality
follows as
i ~(i,7)\ 2 ~ (i) ~(irj
E[(Ué_j) aéﬂf)) } = Var(aé_j) — Uéf))
—Var( ) +Var(ag+"))
i i i i,5)\ 2
<E[( (0:9) U(J)}—FE[(UEP a](gf))]
1
< —h2
— 90
Alternatively, we could have show the second estimate ([7.4.14)) by slightly adapting
the argument used for ((7.4.13]). O

We are now in a position to prove the main result of this section, which shows that

our method for generating Lévy area can be closely coupled to Davie’s approximation.

Theorem 7.4.6. Let N > 0 and suppose thalt we have constructed the approximate

Lévy areas {A}MHI, A\tk,tk+1}0<k<2N using the coupling procedure in definition |7.4.5.

Then for any dyadic subset E of Dy, we have

. 3+42V15 V5
Z At(k %k+1 Z Atk et < — + ) h"

< i
- 270 30
keE keE

(7.4.15)

for1<i<j<d, where| - |2 := (E[| - |2])% denotes the standard L*(P) norm.
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Proof. Let Fy denote the o-algebra that is generated by {Wtk,tkﬂ, Hiy b1
When |E| = 2V, we have

|56~ 84N|2, , =E (509 x ) — 5 X(i,j))Q]
—E|(F57 - 557) B | (X)) Fy] |
=E :(53]’) —547)’]
1_ 2

< —h
— 180

by the Tower law and Theorem [7.4.5 Now suppose that E is a dyadic subset of Dy
with |E| > 2. Therefore we have E = E~ U ET where E~ and E™ are disjoint dyadic
subsets of equal size and just as in definition [7.4.3] we construct the random variables

}0§k<2N'

S ](;LJ ), S ](;,J ), S gﬁ ), S gﬁ ) using a coupling. Before we derive estimates for the differences

S g’_] )3 g_j ) and § i) _ g 1(~J+)= we shall first consider the following quantities:

T 2
g0 = <(‘71(3j)) (g}(;,j) _ §g’,j)> I (35 ”)(Uéf))Xg,j))

(agj))Q ‘71(3”)
~(4,7)\ 2 ~ ()N (3]
_ (JJEE*J)) S0.9) Q) (Uéf)) (oij)) (i.9)
(333’) (524)) Sp™ — Sp T 8,(5’” Xp ’
~(4,5)\ 2 ~ (i ~ (1
glid) . (aéf)) ) _ gudY _ (oéf))(aéﬁ))X(”)
E+ (51(9”))2 E E ~gyj) E
A(ZJ) 2 A(iJ) (Z])
_ (JE+ ) SGd)  QGa)\ (O-E* )(UE+ ) (i,3)
~(6,9)\ (= (5.7) Sk Sp ~(i,) Xp ’
(UEJ ) (55" B

To estimate 5( 9 and % E+ , we note that
Var(E ) +Var(5 ) = Var(é'g’,j) +€gf)) ZCOV(E' ,),ng)). (7.4.16)
The first term is straightforward to estimate using the Tower law and Theorem [7.4.5|
[/ (50N2 | (=@D\2 (N2 5N\
Var(eg) + ey = | (Ce) @) @)+ (6,0) ) (369 - 5,8’”)2]
I o @) (@s")
i (i,j))2 (3(2‘4‘) 2

2
E_J)__ 5") [(”’(m)_ A(m‘))Q ]
— — — E|l(S S F
i ( g,J))Q (8}5’”)(55’”)) E E ‘ N
[ ~(i4) \ 2
o ~(i,5) 2
=R 5](51',;')) (01(5])) ]

I
=
h

QA

E

—E :(ag"j) - 3]8””)2],
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and so by Theorem [7.4.5] we have

. y e 1
Var(ggij) + ggf)) = E[(Ug’j) — Ug’j))2:| S @hQ
We can simplify the covariance term in ([7.4.16) since (gg,j)’ggj)) and Xg’j) are

uncorrelated conditional on Fy.

Cov (e €57)
~(i,§)) 2 A (6,§)) 2

((@3’)2 @) ) (369~ 5gY’
CRRNCRICE

N <a§;f>>‘<,agf>>>x<i,j>>

) )

o)
(

@) @) 6

)
_ ((55’]'))‘(‘55’3‘)) B (31(5’]'))(‘35#@)))(;,]‘)) ‘FN]]
e

(N2 (i )\ 2 ~(i§)\ [~ (i,] 2
(757) e (F5) _lan) (757 (757 RPN

It directly follows from definition |7.4.3| that 5}5’” > ‘1/—05\E|%h and Gg’j) = ‘/?§|E|%h.
Thus, by Theorem we have

~ (4,5 ~(4,5)\ 2
(‘71(33) —Uz(zf)) ] < \/31_5E[(~(i,j) _5(113'))2] < V15

h2

—2COV(Sgij), Egﬁ)) = /J\g’j) E i) o v <30
E

Plugging these estimates into ([7.4.16|) gives

3+2\/1_5h2.

Var(c‘fg’_j)) +Var(5]gf)) < E10
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Since & gf ) and € gﬁ ) have the same symmetric distribution, we obtain the estimates:

3+2v15

1E8 oy = 1€ ] 2y < 1080

h. (7.4.17)

We can now estimate S g,] )3 ](;,] ) using the coupling in definition |7.4.3| followed by

Minkowski’s inequality.
Hg(Zj) o g(i@HH(P

(i, . (4,5 (4,9) .
H (( I(*J ) (S ggﬁ) X (UE )'<7E+ )Xém)>
Op

(F5")’ il
A GEY raen zeany, GEDEED) o
i) 2<SE Sk >+ —an B
(@5") F L2(P)
O'(ZL]) . i 5(1}7]') 5(i7j) .
(b -ar0) - B
E
i i
_ ( (@) (569 - 369 + (Ué]))‘(?éf))Xgm)
(G5") @E57) Gy 12(p)
,7)\ 2 ~(4,5)\ 2
N (557) (g(m) B g(m)) G
(Ag]))(o.gj) E E (ag,j)f E y
L2(P)
,7)\ 2 ~(2,5))2
N (G5 ]'))2 (gga) ggm) B (%Q);gﬂ
(UJ(EZ ])) (3}%,3)) L2(P)
_ | gt@d) G 36 _ g _ L (gup _ gaa
- L2(P 7
e e + | 25 (5109 — 57 — L (589 - 8¢
20‘E L2(p)
||5 57 = 557 oo

The second term can be simplified as

s P [/ o6 (\? . _
a““E(ij) g7 = 357 =k <U~E(ij) _§> E[(S,SJ))QVN]
20y L2(P) |\ 20p’
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Therefore by Theorem m along with the previous estimates (7.4.17]), we have that

I s~ 3+2V15 V5
1567 = Se ey < 51557 = 857 ey + (m " )

Similarly, the above estimate will also hold for ||§ gﬁ )3 ](;f ) H 2B

Recall that when |E| = 2 we have ng(z”) S HLQ(P) 151;0 h? and SO
1559 — U < 3+2VI5 V5,
E BoAlzae) = 1080 60 |
for all dyadic subsets E of Dy. O]

Hence by combining the above result with Theorem 1 from [27], we can establish

an O(h) 2-Wasserstein convergence rate for our approximation of Brownian Lévy area.

Corollary 7.4.7. There exists a constant C' > 0 such that for each N > 0, we can
define the independent random wvariables {Ztk,tkﬂ}ogkdfv given by definition
(with ty := kh and h = 27Y) on the same probability space as a d-dimensional

Brownian motion W so that
2N 1

1 i 1
Z (2 (Wtk +Wtk+1)m(kj7)tk+l t(szlﬁ—l / W th

< Ch, (7.4.18)

L2(P)

forl1 <i<j<d.

Proof. Recall that the y, = fot W, @ dW; is the solution to the following Ito6 SDE:
dxy = dWy,
dyy = v, @ dWy,

with 29 = y = 0. By Theorem 1 in [27], there exists a constant C' > 0 such that for
each N > 0, we can define the independent random variables {A\tk,tk 1 Yo<k<on given
by definition (with t;, := kh and h := 27) on the same probability space as a

d-dimensional Brownian motion W so that

where (X N yN ) is the following Milstein approximation,
Yl = + ® W it
<Ytiv+1 Yo/, \o Xi o

0
- n )
<% (Wtkﬂfkﬂ ® Wtk:tk+l - hId) + Atkﬂthrl)

1
vN — / W, @ dW; < COh, (7.4.19)
0

L2(P)
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for £ > 0 with XY =Y¥ = 0. It then follows that Y can be expressed as

2N _1
Ny Gd) L (i) ) 20)
(Yl ) - Z (5 (Wtk + Wtk+1> thz:tlﬂ»l + Atk’%kJrl)'
k=0

Let { Ay, 10, }0§k<2N be coupled with {Ay, 4, ., }0§k<2N using the procedure given by

definition [7.4.3] The result follows by Theorem [7.4.6| and Minkowski’s inequality. [
In conclusion, there are two key results that have been discussed in this chapter.

. Conditional moments of multidimensional Brownian Lévy area
The second iterated integral of Brownian motion is an important object in the
study of SDEs since it appears naturally within stochastic Taylor expansions.
We have a computed a number of moments for this iterated integral conditional

on certain path information (such as its increment and space-time Lévy area).

. Weak approximation of multidimensional Brownian Lévy area
By generating normal random variables that match such conditional moments,
we can approximate Lévy area with an O(h) rate (in the 2-Wasserstein metric).
In addition, we have developed approximations for low-dimensional Brownian
Lévy area (d = 2,3) that also capture the conditional cokurtosis structure.
In the d = 2 setting, we have numerically demonstrated the accuracy of this

approach using the natural empirical estimator for the 2-Wasserstein distance.
Furthermore, this research leads to the following open questions related to Lévy area.
. Can we show similar numerical Wasserstein errors for the d = 3 approximation?

. Is it possible to establish high order 2-Wasserstein convergence for A directly?

(i.e. without having to compare with Davie’s weak approximation A from [27])

. How might one construct a piecewise linear path 7 : [s,¢] — R? that matches

an approximate Lévy area and gives a high order numerical method for SDEs?
« Which conditional expectations can be computed for triple iterated integrals?

. Since (Ws,, Hyy) and (Wsy, Hsy, Kp) can be refined, would it be reasonable

to use the proposed Lévy area approximations in a variable step size method?

Is this approach worthwhile and when would such an approximation converge?

. Could this research be used for PDE numerics? (see “Group Laplacian” in [40])
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Appendix A

Computing iterated integrals of
piecewise linear paths

In this appendix, we will present some basic calculations that are used by Chapter 5]

Lemma A.0.1. Let X be an affine path that is defined on the interval [s,t]. Then,

(X, + X)) (t—s),
(X2 + X, X+ X7)(t—s),

/t(u — )X, du = %(Xs +2X,)(t — 5)%.

Proof. Since X, = X, + 7=

t t U— s 2
/ngu :/ (Xs—i- " (Xt—XS)> du
s s - S

— (Xf + X (X — X)) + %(Xt — Xs)2> (t—s).

(X; — X,), we can directly compute the above integrals.

/St(u—s)Xudu = /:(u—s)<Xs—|—u_s(Xt—Xs)> du

t—s
_ (%Xs+é(Xt—Xs))(t—s)2. =

Using the above lemma, we shall compute integrals of paths with two linear pieces.

Definition A.0.2. For a € (0,1) and b € R, we will define the path y** on [s,t] by

, Vs + 2 (u—s) for u € [s, s+ ah]
v = ab_
Vs + b+ ija)z (u—(s+ah)) for u € [s+ ah,t]

where h =t — s.
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Theorem A.0.3. Let v* be a piecewise linear path given by definition . Then

! 1 1

/ YVoudu = Sbh+ S (1= a)7h, (A.0.1)
(b2 LTI 2 ab a,b)2

/ (76)" du = gab’h+ 5(1 - a) (02 + byf + (7)) b, (A.0.2)
' b L g0 1 2

/ (u— s)yeu du = 3¢ bh™ + 6<1 —a)(b+2ab+ (2 + a)ys)h*, (A.0.3)

where h =t — s.

Proof. Clearly, the first two integrals of v** follow immediately from lemma [A.0.1]
Hence, all that remains is to compute the third integral. By lemma [A.0.1] we have

Liu—@ﬁﬁmuaéﬁww—swg%w—sﬂdu

' Ve —b
+ah/ b+ 2 (u—(s+ah))du
stan (1 —a)h( ( )

¢ ab
+/ (u— (s + ah)) <b+%’t—)2(u— <s+ah>>> du

+ah (1 —a
1 1 1
= @+ S0+ a1 — @) + (b4 27,0)(1 - a)?R.
The result now follows by simplifying the above terms. n

Corollary A.0.4. The “space-time” and “space-time-time” Lévy areas of Y are

: a U—3=5 4 1 a
/s 73,’3 - h ’}/S:tb du = 5 (b —_ afys,7tb> h,
tr1 . u—5 , ] a
Proof. The first integral follows immediately from (A.0.1). The second integral is

tr1 wr U—S ap
/s<§h_(u_s)>(/ys,u_ h 75,15) du

1 . 1 1 1,
=3 (b — a%;f) h* — (§a2bh2 - 6<1 —a)(b+ 2ab+ (2 + a)%t)hQ) - g%;flf
o 1 2 1 ab 12 1 2 1 2 abi2
=1 bh 73 sl h 6abh + 6@ Vs h*.
The result now follows by factorizing the above terms. m

In particular, the above calculation show that if Y*® has no space-time-time Lévy

area and is not a constant path, then a must equal % (which proves Theorem [5.2.1]).
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We will now perform similar calculations for paths v in the three-parameter family:

Definition A.0.5. For a € (0, %) and b,c € R, we define the path %€ on [s, ] by
Vs + = (u—s) for u € [s, s+ ah]
yobe =y b+ i 2@) 7 (u—(s+ah)) for u € [s+ah,t— ah]
Vs +c+ 5= (u— (t —ah)) for ue [t —ah,t]
where h =t — s.

Theorem A.0.6. Let v be a piecewise linear path given by the above definition. Then

! 1 1 1
/ Vs du = 5 abh + =(1 —2a)(b+ c)h + 5(1(0 + Yt ) o, (A.0.4)

2

! 1 1
/ (vw)2 du = 5(1 — 2a) (b2 + be + 02)h + ga(b2 +2+ Vst ﬁt)h, (A.0.5)
' Lo 1 2
(u—8)Ysudu = 30 bh” + 8(1 —2a)((1+a)b+ (2 —a)c)h (A.0.6)

+ éa((i’) —2a)c+ (3 — a)’Ys,t)h2~

Proof. As before, the first two integrals of ~ follow immediately from lemma
The third integral of v can be directly computed using (A.0.1)) and (A.0.3|) as follows:

/st(u—s)%,udu:/ss+ah<u—s< u—s)du
)

t—ah
—|—/S+ah u—(s+ah))| b+ —-— 1= 2a)h (u—(s—l—ah))> du

t—ah c—b
+ah/s+ah b+m(u—(s+ah))du

e e e - a)

t fya,b —c
+(1—a)h/ et 25 4 (¢ — ah)) du
t—ah ah

1 1
= §a2bh2 + = (b+2¢)(1 — 2a)*h? + §(b + ¢)a(1 — 2a)h?

1
+ —(c+ 2vs4)a*h® + 5 (¢4 7se)a(l — a)h?

_ %a%h? + 2 (1= 2a)((b+2)(1 — 2a) + 3(b+ c)a) h?

D= D= O =

1
+ éa((c +29s¢)a+3(c+yse) (1 — a))hg.

The result now follows by simplifying the above terms. O

207



Bibliography

1]

[10]

L. Abadie and J. M. Chamorro. Valuing flexibility: The case of an Integrated
Gasification Combined Cycle power plant. Energy Economics, 30(4):1850-1881,
2008.

A. Alfonsi. On the discretization schemes for the CIR (and Bessel squared)
processes. Monte Carlo Methods and Applications, 11(4):355-384, 2005.

A. Alfonsi. High order discretization schemes for the CIR process: application
to Affine Term Structure and Heston models. Mathematics of Computation,
79(269):209-237, 2010.

A. Alfonsi. Strong order one convergence of a drift implicit Euler scheme:
Application to the CIR process. Statistics and Probability Letters, 83(2):602—
607, 2013.

V. Bally and C. Rey. Approximation of Markov semigroups in total variation
distance. FElectronic Journal of Probability, 21, 2016.

C. Bayer. The geometry of iterated Stratonovich integrals. 2006.

A. Berkaoui, M. Bossy, and A. Diop. Euler scheme for SDEs with non-Lipschitz
diffusion coefficient: strong convergence. FESAIM: Probability and Statistics,
12:1-11, 2008.

G. Beylkin, R. Coifman, and V. Rokhlin. Wauvelets in Numerical Analysis. in
Wavelets and Their Applications, ed. by Ruskai, Beylkin, Coifman, Daubechies,
Mallat, Mayer, and Raphael (Jones and Bartlett, Boston), 1992.

H. Boedihardjo, T. Lyons, and D. Yang. Uniform factorial decay estimates for
controlled differential equations. Electronic Communications in Probability, vol.
20, paper no. 94, 2015.

Y. Boutaib, L. G. Gyurkd, T. Lyons, and D. Yang. Dimension-free Euler esti-
mates of rough differential equations. Revue Roumaine de Mathématiques Pures
et Appliquées, 59(1):25-53, 2014.

208



[11]

[14]

[15]

[16]

[17]

[18]

[21]

D. Brigo and F. Mercurio. Interest Rate Models: Theory and Practice. Springer,
Berlin, 2001.

E. Buckwar, M. Tamborrino, and I. Tubikanec. Spectral density-based and
measure-preserving ABC for partially observed diffusion processes. An illustra-
tion on Hamiltonian SDEs. Statistics and Computing, 30(3):627-648, 2020.

P. M. Burrage and K. Burrage. A Variable Stepsize Implementation for Stochas-
tic Differential Equations. SIAM Journal on Scientific Computing, 24(3):848—
864, 2002.

G. Bussi and M. Parrinello. Accurate sampling using Langevin dynamics. Phys-
ical Review E, 75(5):056707, 2007.

J. C. Butcher. Numerical Methods for Ordinary Differential Equations. John
Wiley and Sons, 2016.

Y. Cao, J. Lu, and L. Wang. Complezity of randomized algorithms for under-
damped Langevin dynamics. https://arxiv.org/abs/2003.09906, 2020.

L. Capriotti, Y. Jiang, and G. Shaimerdenova. Approximation Methods for In-
homogeneous Geometric Brownian Motion. International Journal of Theoretical
and Applied Finance, 22(2), 2019.

C. Carmeli, A. De Vito, and E. Toigo. Vector valued reproducing kernel Hilbert
spaces of integrable functions and Mercer theorem. Analysis and Applications,
4(4):377-408, 2006.

F. Castell and J. G. Gaines. The ordinary differential equation approach to
asymptotically efficient schemes for solution of stochastic differential equations.
Annales de l'Institut Henri Poincaré Probabilités et Statistiques, 32(2):231-250,
1996.

X. Cheng, N. S. Chatterji, P. L. Bartlett, and M. I. Jordan. Underdamped
Langevin MCMC: A non-asymptotic analysis. In Proceedings of the 31st Con-
ference On Learning Theory, volume 75 of Proceedings of Machine Learning
Research, pages 300-323, 2018.

J. M. C. Clark and R. J. Cameron. The mazimum rate of convergence of discrete
approximations for stochastic differential equations. in Stochastic Differential

Systems Filtering and Control, ed. by Grigelionis (Springer, Berlin), 1980.

209


https://arxiv.org/abs/2003.09906

[22]

[25]

[26]

[27]

28]

[29]

[30]

[31]
[32]

[33]

W. T. Coffey, Y. P. Kalmykov, and J. T. Waldron. The Langevin Equation:
With Applications to Stochastic Problems in Physics, Chemistry and Electrical
Engineering. World Scientifc, 2012.

J. C. Cox, J. E. Ingersoll, and S. A. Ross. A theory of term structure of interest
rates. Econometrica, 53(2):385-407, 1985.

A. Cozma and C. Reisinger. Strong order 1/2 convergence of full truncation
Euler approximations to the Cox—Ingersoll-Ross process. IMA Journal of Nu-
merical Analysis, 40(1):358-376, 2020.

A. S. Dalalyan. Theoretical guarantees for approximate sampling from smooth
and log-concave densities. Journal of the Royal Statistical Society: Series B

(Statistical Methodology), 79(3):651-676, 2017.

A. Davie. Differential Equations Driven by Rough Paths: An Approach via
Discrete Approximation. Applied Mathematics Research eXpress, 2008.

A. Davie. KMT theory applied to approximations of SDE. in Stochastic Anal-
ysis and Applications, ed. by Crisen, Hambly and Zariphopoulou (Springer
Proceedings in Mathematics and Statistics), 2014.

M. A. Demba, N. Senu, and F. Ismail. A symplectic explicit trigonometrically-
fitted Runge-Kutta-Nystrom method for the numerical solution of periodic
problems. International Journal of Applied Engineering Research, 11(11):7495—
7500, 2016.

S. Dereich, A. Neuenkirch, and L. Szpruch. An Euler-type method for the strong
approximation of the Cox-Ingersoll-Ross process. Proceedings of the Royal Soci-
ety A: Mathematical, Physical and Engineering Sciences, 468(2140):1105-1115,
2012.

A. S. Dickinson. Optimal Approximation of the Second Iterated Integral of
Brownian Motion. Stochastic Analysis and Applications, 25(5):1109-1128, 2007.

B. G. S. Doman. The Classical Orthogonal Polynomials. World Scientific, 2016.

S. Duane, A. D. Kennedy, B. J. Pendleton, and D. Roweth. Hybrid Monte
Carlo. Physics Letters B, 195(2), 1987.

R. Flamary and N. Courty.  POT Python Optimal Transport library.
https://github.com/rflamary/POT, 2017.

210


https://github.com/rflamary/POT

[34]

[35]

[38]

[39]

[40]

[41]

[42]

G. Flint and T. Lyons. Pathwise approximation of SDEs by coupling piecewise
abelian rough paths. https://arxiv.org/abs/1505.01298, 2015.

J. Foster, T. Lyons, and H. Oberhauser. An optimal polynomial approximation
of Brownian motion. SIAM Journal on Numerical Analysis, 58(3):1393-1421,
2020.

P. Friz and M. Hairer. A Course on Rough Paths: With an Introduction to
Regularity Structures. Springer Universitext, Springer, 2014.

P. Friz and N. Victoir. Multidimensional Stochastic Processes as Rough Paths:
Theory and Applications. Cambridge University Press, 2010.

J. G. Gaines and T. Lyons. Random Generation of Stochastic Area Integrals.
SIAM Journal on Applied Mathematics, 54(4):1132-1146, 1994.

J. G. Gaines and T. Lyons. Variable step size control for stochastic differential
equations. SIAM Journal on Applied Mathematics, 57(5):1455-1484, 1997.

P. Gassiat, H. Oberhauser, and C. Zou. A free boundary characterisation of the
Root barrier for Markov processes. https://arxiv.org/abs/1905.13174, 2019.

A. Gerbi, B. Jourdain, and E. Clément. Ninomiya-Victoir scheme: strong
convergence properties and discretization of the involved ordinary differential
equations. https://arxiv.org/abs/1410.5093, 2016.

M. B. Giles. Improved multilevel Monte Carlo convergence using the Milstein
scheme. in Monte Carlo and Quasi-Monte Carlo Methods, ed. by Keller, Hein-
rich and Niederreiter (Springer, Berlin), 2006.

M. B. Giles. Multilevel Monte Carlo path simulation. Operations Research,
56(3):607-617, 2008.

M. B. Giles. Multilevel Monte Carlo methods. Acta Numerica, 24:259-328,
2015.

M. B. Giles and L. Szpruch. Antithetic multilevel Monte Carlo estimation
for multi-dimensional SDEs without Lévy area simulation. Annals of Applied

Probability, 24(4):1585-1620, 2014.

M. Girolami and B. Calderhead. Riemann manifold Langevin and Hamilto-
nian Monte Carlo methods. Journal of the Royal Statistical Society: Series B
(Statistical Methodology), 73(2):123-214, 2011.

211


https://arxiv.org/abs/1505.01298
https://arxiv.org/abs/1905.13174
https://arxiv.org/abs/1612.07017

[47]

[48]

[49]

[50]

[51]

[52]

[56]

[57]

[58]

A. Going-Jaechke and M. Yor. A survey and some generalizations of Bessel
processes. Bernoulli, 9(2):313-349, 2003.

D. S. Grebenkov, D. Belyaev, and P. W. Jones. A multiscale guide to Brownian
motion. Journal of Physics A, 49(4), 2015.

L. G. Gyurké. Differential Equations Driven by II-Rough Paths. Proceedings
of the Edinburgh Mathematical Society, 59(3):741-758, 2016.

K. Habermann. A semicircle law and decorrelation phenomena for iterated
Kolmogorov loops. Journal of the London Mathematical Society (in press),
2020.

E. Hairer, S. P. Ngrsett, and G. Wanner. Solving Ordinary Differential Equa-
tions 1. Nonstiff Problems. Springer, Berlin, 1993.

B. Hambly and T. Lyons. Differential equations driven by rough signals. Annals
of Mathematics, 171:109-167, 2010.

M. Hefter and A. Jentzen. On arbitrarily slow convergence rates for strong
numerical approximations of Cox-Ingersoll-Ross processes and squared Bessel
processes. Finance and Stochastics, 23(1):139-172, 2019.

D. J. Higham. An algorithmic introduction to numerical simulation of stochastic
differential equations. SIAM Review, 43(3):525-546, 2001.

T. Huillet. On Wright-Fisher diffusion and its relatives. Journal of Statistical
Mechanics: Theory and FExperiment, 11, 2007.

J. Hull and A. White. Pricing Interest-Rate-Derivative Securities. Review of
Financial Studies, pages 573592, 1990.

A. Janssen. Order book models, signatures and numerical approximations of
rough differential equations. PhD thesis, University of Oxford, 2011.

I. Karatzas and S. E. Shreve. Brownian Motion and Stochastic Calculus. Second
edition, Springer, Berlin, 1991.
C. Kelly, G. Lord, and H. Maulana. Hybrid, adaptive, and pos-

itiwity  preserving numerical methods for the Cox-Ingersoll-Ross model.
https://arxiv.org/abs/2002.10206, 2020.

C. A. Kennedy and M. H. Carpenter. Diagonally Implicit Runge-Kutta Methods
For Ordinary Differential Equations: A Review. NASA Scientific and Technical

Information, Hampton, 2016.

212


https://arxiv.org/abs/2002.10206

[61]

[65]

[66]

[67]

[68]

[69]

[71]

[72]

T. Klein, J. Fort, and P. Berthet. Convergence of an estimator of the Wasser-
stein distance between two continuous probability distributions. hal-01526879,
2017.

P. E. Kloeden and E. Platen. Numerical Solution of Stochastic Differential
Equations. Springer, Berlin, 1992.

E. Kowalski. Bernstein polynomials and Brownian motion. American Mathe-
matical Monthly, 113(10), 2006.

H. Lamba, J. C. Mattingly, and A. M. Stuart. An adaptive Euler-Maruyama
scheme for SDEs: convergence and stability. IMA Journal of Numerical Anal-
ysis, 27(3):479-506, 2007.

K. Lé. A stochastic sewing lemma and applications. FElectronic Journal of
Probability, vol. 25, paper no. 38, 2020.

J. Le Gall. Brownian Motion, Martingales, and Stochastic Calculus. Springer,
2016.

K. Levasseur. A probabilistic proof of the Weierstrass approximation theorem.
American Mathematical Monthly, 91(4):249-250, 1984.

P. Lévy. Wiener’s Random Function, and Other Laplacian Random Functions.
In Proceedings of the Berkeley Symposium on Mathematical Statistics and Prob-
ability, pages 171-187. University of California Press, 1951.

X. Li, D. Wu, L. Mackey, and M. A. Erdogdu. Stochastic Runge-Kutta Ac-
celerates Langevin Monte Carlo and Beyond. Advances in Neural Information

Processing Systems, 2019.

T. Lyons. Differential equations driven by rough signals. Revista Matemdtica
Iberoamericana, 14:215-310, 1998.

T. Lyons. Rough paths, signatures and the modelling of functions on streams.

In Proceedings of the International Congress of Mathematicians, 2014.

T. Lyons, M. Caruana, and T. Lévy. Differential equations driven by rough
paths. In Ecole d’été de probabilités de Saint-Flour XXXIV-2004, edited by
J. Picard in Volume 1908 of Lecture Notes in Mathematics, Springer, Berlin,
2007.

213



[73]

[76]

[77]

T. Lyons and N. Victoir. Cubature on Wiener space. Proceedings of the Royal
Society A: Mathematical, Physical and Engineering Sciences, 460(2041):169-
198, 2004.

S. J. A. Malham and A. Wiese. Stochastic Lie group integrators. SIAM Journal
on Scientific Computing, 30(2):597-617, 2008.

J. C. Mattingly, A. M. Stuart, and D. J. Higham. Ergodicity for SDEs and
approximations: locally Lipschitz vector fields and degenerate noise. Stochastic
Processes and their Applications, 101(2):185-232, 2002.

G. Milstein and M. Tretyakov. Quasi-symplectic methods for Langevin-type
equations. IMA Journal of Numerical Analysis, 23(4):593-626, 2003.

G. Milstein and M. Tretyakov. Stochastic Numerics for Mathematical Physics.
Springer Science & Business Media, 2013.

P. Monmarché. High-dimensional MCMC with a standard splitting scheme for
the underdamped Langevin diffusion. https://arxiv.org/pdt/2007.05455, 2020.

P. Morters and Y. Peres. Brownian motion. Cambridge University Press, 2010.

R. M. Neal. MCMC using Hamiltonian dynamics. in Handbook of Markov
Chain Monte Carlo, ed. by Brooks, Gelman, Jones and Meng (Chapman and
Hall/CRC Handbooks of Modern Statistical Methods), 2011.

S. Ninomiya and N. Victoir. Weak Approximation of Stochastic Differential
Equations and Application to Derivative Pricing. Applied Mathematical Fi-
nance, 15(2):107-121, 2008.

G. A. Pavliotis. Stochastic Processes and Applications: Diffusion Processes, the

Fokker-Planck and Langevin Equations. Springer, New York, 2014.

J. Reizenstein. Clalculation of Iterated-Integral Signatures and Log Signatures.
https://arxiv.org/abs/1712.02757, 2015.

A. Rofller. Runge-Kutta Methods for the Strong Approximation of Solutions
of Stochastic Differential Equations. SIAM Journal on Numerical Analysis,
8(3):922-952, 2010.

R. Shen and Y. T. Lee. The Randomized Midpoint Method for Log-Concave

Sampling. Advances in Neural Information Processing Systems, 2019.

Z. Song and Z. Tan. Hamiltonian  Assisted  Metropolis  Sampling.
https://arxiv.org/pdf/2005.08159, 2020.

214


https://arxiv.org/pdf/2007.05455
https://arxiv.org/abs/1712.02757
https://arxiv.org/pdf/2005.08159

[87]

3]

[89]

[90]

[91]

[92]

[97]

[98]

[99]

[100]

E. Stein. Singular integrals and differentiability properties of functions. Prince-
ton Mathematical Series, No. 30. Princeton University Press, Princeton, NJ,
1970.

D. Talay. Efficient numerical schemes for the approximation of expectations of
functionals of the solution of an SDE and applications. In Filtering and Control

of Random Processes, pages 294-313. Springer, 1984.

X. Tang and A. Xiao. Asymptotically optimal approximation of some stochastic
integrals and its applications to the strong second-order methods. Advances in
Computational Mathematics, 45:813-846, 2019.

G. Teschl. Ordinary Differential Equations and Dynamical Systems. Graduate
Studies in Mathematics, vol. 140, American Mathematical Society, Providence,
2012.

C. Tsitouras and I. T. Famelis. Symbolic derivation of Runge-Kutta-Nystrom
order conditions. Journal of Mathematical Chemistry, 46(3):896-912, 2009.

I. Tubikanec, M. Tamborrino, P. Lansky, and E. Buckwar. Qualitative proper-
ties of numerical methods for the inhomogeneous geometric Brownian motion.

https://arxiv.org/abs/2003.10193, 2020.

N. Vercauteren. Numerical investigation of solutions of Langevin equations.

Master’s thesis, Ecole Polytechnique Federale de Lausanne, Switzerland, 2005.
C. Villani. Optimal transport: Old and New. Springer, Berlin, 2009.
E. W. Weisstein. Half-Normal Distribution. From MathWorld — A Wolfram Web

Resource, https:/ /mathworld.wolfram.com /Half-NormalDistribution.html.

E. W. Weisstein. Jacobi Polynomial. From MathWorld — A Wolfram Web

Resource, https://mathworld.wolfram.com /JacobiPolynomial.html.

E. Wong and M. Zakai. On the Convergence of Ordinary Integrals to Stochastic
Integrals. Annals of Mathematical Statistics, 36(5):1560-1564, 1965.

H. Yoshida. Construction of higher order symplectic integrators. Physics Letters
A, 150(5-7):262-268, 1990.

B. Zhao. Inhomogeneous geometric Brownian motion. SSRN FElectronic Journal,
2009.

B. Zhao, C. Yan, and S. Hodges. Three One-Factor Processes for Option Pric-
ing with a Mean-Reverting Underlying: The Case of VIX. Financial Review,
54(1):165-199, 2019.

215


https://arxiv.org/abs/2003.10193
https://mathworld.wolfram.com/Half-NormalDistribution.html
https://mathworld.wolfram.com/JacobiPolynomial.html

	A brief outline of the thesis
	Introduction to numerical methods for SDEs
	Some examples of numerical methods
	Types of convergence for numerical methods
	The stochastic Taylor expansion

	Elements of rough path theory
	Signatures and tensor algebras
	Rough paths and the p-variation metric
	The universal limit theorem and Davie's lemma
	The Taylor expansion and log-ODE method for RDEs

	A polynomial approximation of Brownian motion and applications
	A polynomial based Karhunen-Loève theorem for the Brownian bridge
	Conditional moments of third order iterated Brownian time integrals
	Application of conditional moments to parabola and log-ODE methods
	A Runge-Kutta method for the parabola-ODE when noise is additive
	Discretizations of Inhomogeneous Geometric Brownian Motion (IGBM)

	High order piecewise linear discretizations of Brownian motion
	Piecewise linear methods for SDEs with non-commuting vector fields
	Piecewise linear methods for SDEs satisfying a commutativity condition
	Third order numerical methods for the underdamped Langevin equation

	Variable step size methods for stochastic differential equations
	Extending Lévy's construction of Brownian motion via time integrals
	Pathwise convergence of polynomial based variable step size methods
	Simulation of the Cox-Ingersoll-Ross (CIR) model and Bessel process

	Approximation and conditional moments of Brownian Lévy area
	Moments conditional on the path increment and space-time Lévy area
	Additional moments of Lévy area conditional on the path's increment
	Efficient weak approximation of Lévy area in low-dimensional settings
	Comparison with Davie's weak approximation of Brownian Lévy area

	Computing iterated integrals of piecewise linear paths
	Bibliography

