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Abstract

Stochastic processes play a fundamental role in our attempt to model the world around us. This
thesis explores several topics within this field, with a particular focus on prediction, estimation, and
inference. We begin by addressing the empirical question of whether order book-based financial
markets exhibit predictability, using deep learning architectures to extract information from their
microstructural dynamics. Moving from discrete-time to continuous-time modeling, we then
consider continuous-time autoregressive processes, developing consistent and asymptotically normal
estimators for their drift parameters under both continuous and discrete observations. Finally,
we present new limiting results for the empirical expected signature, a powerful non-parametric
statistic of path-valued random variables, and review its application in various machine learning
algorithms, demonstrating the practical benefits of our findings. A recurring theme across all three

projects is the use of high-frequency data, an essential bridge between theory and practice.
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Preface

Every PhD journey is marked by randomness, and mine was no exception. Usually, as a research
project matures and new results are established, one unavoidably deviates from the original proposal.
Sometimes the change of course can be even more abrupt and one ends up branching out into new
research topics. In my case though, randomness was not only a defining characteristic of my path
of academic self-discovery but also comprised the primary subject of my research.

Throughout the three years I spent pursuing this degree I was part of the Mathematics of
Random Systems Center for Doctoral Training, an EPSRC-funded cohort of doctoral students
investigating the most disparate projects in probabilistic modeling and stochastic analysis. Covering
topics from random combinatorial structures to stochastic partial differential equations, with
applications spanning physics, finance, and healthcare, this served as an endless source of research
inspiration.

Motivated by insightful discussions with fellow students and my supervisors, I embraced this
unique opportunity and soon found myself engaged in three distinct research projects. This thesis
is a collection of the results I achieved in these areas. Given this premise, the reader might thus

find the following to be a less informative but more genuine title:

Random Topics in Random Systems.
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Chapter 1

Introduction

1.1 Modeling stochastic processes

The way humans perceive randomness has radically evolved over the centuries. Once associated with
unquestionable fate, randomness has since become a subject of rigorous inquiry, with researchers
developing tools to understand stochasticity and its influence on the world. A prime example is
its central role in quantum mechanics, which revolutionized humanity’s view of the universe in
the early twentieth century. A key breakthrough that enabled mathematicians to describe random
systems was Kolmogorov’s axiomatic study of probability (Kolmogorov, 1950). Building on this
solid mathematical foundation allows us to better understand systems displaying unpredictability,
whether randomness is interpreted as pure chance or lack of information.

The modeling process usually starts with a specific task one would like to accomplish based
on an observable quantity. Examples in this thesis include developing a high-frequency trading
strategy, analyzing a star’s light curve, and describing the dynamics of an ideal gas. A model
is then constructed to represent reality under stochasticity: the observable is endowed with a
probability measure, and the observed data is treated as one of its possible realizations. Based on
the available knowledge, the model can incorporate different levels of detail by defining functional
relationships governed by free parameters. Using real-world measurements, the model is tuned —
a process known as estimation or fitting — to closely approximate reality. Once tuned, the model

1 enabling inferences about the observable’s

serves as a proxy for the true data generating process
dynamics or predictions of its future behavior. This thesis explores a range of modeling tasks
under different levels of domain knowledge: from the constrained dynamics of continuous-time
autoregressive (CAR) processes in Chapter 3, to the over-parametrized deep learning models in
Chapter 2, and the fully non-parametric approaches based on expected signatures in Chapter 4.
In this thesis, we focus on observables indexed by time, known as stochastic processes®. Steering
clear of extensive philosophical debates®, one might argue that all observable quantities are in
constant evolution, making this a natural — if not the only — choice. From a modeling perspective,

the time-indexing may be taken to be a discrete set or a continuum of values. In discrete-time,

!Estimation error can often be quantitatively accounted for in this step.

2Although the indexing set need not always represent time, this assumption suffices for our purposes and is
arguably more intuitive.

3To paraphrase Heraclitus: panta rei (everything flows).
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one can then build, estimate, and analyze models using tools from time series analysis. In the
parametric setting these range from the specific functional relations of the ARMA(p, q) (Yule, 1927;
Slutzky, 1937) and ARCH models (Engle, 1982) to over-parametrized deep learning architectures
for sequential data like LSTMs (Hochreiter and Schmidhuber, 1997), discussed in Chapter 2.
Non-parametric approaches often analyze the spectral properties of the time series (Priestley,
1982), as touched upon in Section 3.6. Continuous-time models, in contrast, require arguably more
sophisticated tools from stochastic calculus. These find their origins in the pioneering work of
It6 (It6, 1944) followed by significant contributions by Doob, Meyer and Dellacherie (Doob, 1962;
Dellacherie and Meyer, 1978) and the more recent expositions by Protter, Jacod, Shiraev (Jacod
and Shiryaev, 1987; Protter, 1990) and many others. In this setting, estimation techniques such as
Serensen (1991), which inspired the results of Chapter 3, can then be employed to fit parametric
continuous-time models to data. More recently, rough path theory (Lyons, 1998) has emerged as
a model-agnostic alternative to classical It calculus?, giving rise to the non-parametric methods
discussed in Chapter 4.

Natural connections between discrete-time and continuous-time models often exist. On one hand,
a continuous-time model may arise as the limit of an appropriately rescaled discrete-time model
and, on the other, a discrete-time model is always obtained when sampling a latent continuous-
time model at a discrete set of times. This connection, for example, underlies the relationship
between the continuous-time autoregressive (CAR) models of Chapter 3 and classic discrete-time
autoregressive (AR) models. From an estimation point of view, when dealing with continuous-time
models, a practical limitation is that observations can only be collected in discrete-time®. While
often theoretically useful, statistics based on continuous-time processes thus cannot be computed
from observed data and hence need to be approximated by their discrete-time versions. Estimation
results are then derived under in-fill asymptotics, an approach common to Chapter 3 and Chapter 4.

As with any statistical procedure, a necessary prerequisite is the availability of data. Over the
past few decades, rapid technological advancements have made it increasingly simple to store and
handle large amounts of information in digital format®. Fueled by these technological advances, data
on an increasingly finer scale — commonly known as high-frequency data” — can now be collected

and analyzed. Chapter 2 leverages high-frequency tick data to analyze the efficiency of order

*We refer to Friz and Victoir (2010) for a detailed exposition of rough path theory in the context of stochastic
procsses.

5At this point the reader might wonder why one would want to consider continuous-time models in the first place.
Specifying a continuous-time latent model yields a single consistent description of the process across time scales, a
particularly helpful property when observations are collected over irregularly spaced grids.

5Just a few years ago, many of the numerical experiments presented in this thesis would have been impossible or
prohibitively time-consuming. Fortunately, the aforementioned technological advances, combined with the resources
provided by the Imperial High-Performance Computing (HPC) cluster (Imperial College Research Computing Service,
2022), made it possible to manage terabytes of (real and simulated) data and complete all experiments within a
reasonable timeframe, ensuring the timely submission of this thesis.

"The archetypal example of high-frequency data is financial tick data which, at the time of writing, is timestamped
at nanosecond precision by most major financial exchanges. The light-curve data considered in Section 3.6, which is
sampled at 5 minute intervals, can also be considered to be high-frequency relative to the time scale of the astronomical
phenomena being modeled.
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book-based markets. Similarly, high-frequency data underpins the theoretical results in Chapter 3

and Chapter 4, where estimation relies on in-fill asymptotics.

1.2 Outline

In the first chapter, we conduct a systematic large-scale analysis of order book-driven predictability
of high-frequency returns by leveraging deep learning techniques. First, we introduce a new and
robust representation of the order book, the volume representation. Next, we carry out an extensive
empirical experiment to address various questions regarding predictability. We investigate if and
how far ahead there is predictability, the importance of a robust data representation, the advantages
of multi-horizon modeling, and the presence of universal trading patterns. We use model confidence
sets, which provide a formalized statistical inference framework particularly well suited to answer
these questions. Our findings show that the class of deep learning models considered in our work
can consistently identify predictability in mid-price returns. The performance of the models is
strongly dependent on the choice of order book representation, and in this respect, the volume
representation appears to have multiple practical advantages.

The second chapter aims to develop estimation and inference methods for the drift parameters of
multivariate Lévy-driven continuous-time autoregressive processes. Starting from a continuous-time
observation of the process, we develop consistent and asymptotically normal maximum likelihood
estimators. We then relax the unrealistic assumption of continuous-time observation by considering
natural discretizations based on a combination of Riemann-sum, finite difference, and thresholding
approximations. The resulting estimators are also proven to be consistent and asymptotically
normal under a general set of conditions, allowing for both finite and infinite jump activity in the
driving Lévy process. When discretizing the estimators, allowing for irregularly spaced observations
is of great practical importance. In this regard, CAR(p) models are not just relevant for “true”
continuous-time processes: a CAR(p) specification provides a natural continuous-time interpolation
for modeling irregularly spaced data — even if the observed process is inherently discrete. When the
multivariate observation is known to possess a graphical structure, we can naturally restrict the
degrees of freedom of the drift parameters. We refer to such a process as GrCAR and discuss the
corresponding drift estimators and their properties. The finite sample behavior of all theoretical
asymptotic results is empirically assessed by extensive simulation experiments. Finally, as a practical
application, we model a high-frequency light curve with a CAR model, characterizing its variability
via spectral analysis.

In the third and final chapter, we develop theoretical results for the estimation of the expected
signature of a stochastic process. The signature transform of a path is an infinite but countable
sequence of its “iterated integrals” summarizing the data in a top-down fashion, meaning that the
informational content of the signature terms decays exponentially. When the path is a random

variable, i.e. a stochastic process, the expected signature can fully characterize its law (Chevyrev and
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Lyons, 2016; Chevyrev and Oberhauser, 2018), in the same way that moments can characterize the
law of a finite-dimensional random variable. This “model-free” property of the expected signature
has been successfully leveraged to build machine-learning algorithms for time series and sequential
data. Usually, to estimate the expected signature, one collects samples of the path over a discrete
observation partition, which leads to two sources of error: (1) the error due to the sample signatures
being computed from piecewise linear approximations of the path, and (2) the error originating
from the expectation being computed using the empirical measure. In this respect, the way the
samples are collected plays a crucial role, with the most straightforward assumptions being an
equally-spaced partition and i.i.d. samples. In many practically relevant applications though, for
example in the financial domain, one usually has access to a single — possibly irregular — data
stream that needs to be “chopped up” into shorter paths. In the third chapter of this thesis, we
thus aim to explore general conditions on the law of the stochastic process ensuring consistency
and asymptotic normality of the expected signature estimator in the in-fill and large-sample limit
under both sampling schemes. All theoretical results are complemented by extensive simulations
evaluating the estimator’s finite sample properties. Moreover, when the process is a martingale, we
suggest a modification of the estimator with significantly lower mean squared error. The modified
estimator empirically improves multiple machine learning algorithms employing expected signature

computations, suggesting both theoretical and practical advantages.
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Chapter 2

The Short-Term Predictability of
Order Book Markets

We begin this journey by addressing an empirical question: do order-book markets exhibit
predictability? While the question is simple to state, it lends itself to multiple interpretations and
approaches. A significant part of this chapter will thus be devoted to formalizing the experimental

setup and introducing the relevant statistical methodology.

We will be restricting ourselves to order book-driven predictability, which can be described as the
market’s reaction to past sequences of orders and trades — a dynamic often exemplified by market
impact. An order book-based market will be considered predictable if there exists a prediction
map, i.e. a function that uses the order book’s past dynamics to predict the mid-price’s future

direction, statistically outperforming an appropriately chosen unpredictive benchmark.

Motivated by universal approrimation theorems, we aim to remain relatively agnostic about the
underlying functional relationship and instead parametrize the class of prediction maps using
a deep neural architecture. To account for the sequential nature of the data, the model will be

strongly characterized by a recurrent design.

Without further ado, let us begin with the basics and introduce order book-based financial markets.

2.1 Introduction

2.1.1 Financial markets and exchanges: setting the scene

A financial market is an ensemble of market agents willing to buy or sell a certain financial
security, such as a stock, bond, or derivative. The natural infrastructure for a financial market is
an exchange, a physical or virtual place that brings together buyers and sellers, facilitating the
occurrence of transactions. Multiple types of exchanges exist, ranging from open outcry exchanges,
where agents physically meet to discuss prices, to electronic exchanges, where transactions occur
almost instantaneously via the internet.

Today most transactions occur on electronic exchanges. The way trades are executed on an
electronic exchange may vary: in an auction market, trades occur directly between buyers and
sellers, while in a dealer market, trades go through a specifically designated intermediary, known as

a market maker. Throughout this chapter, we will be focusing on listed U.S. equities. These are

This chapter is based on the published article: Lucchese, Pakkanen, and Veraart (2024).
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often traded on two main exchanges: the NYSE, a hybrid (floor and electronic) auction market
accounting for 20% of the U.S. equities market transactions, and the Nasdaq, a fully electronic
dealer market executing about 16% of such trades (as of time of writing, source: Cboe (2023)).
Both of these markets allow traders to access live order book information, i.e. the collection of all
standing orders for a given security. In theory, this allows for symmetric information across traders,
which should all have access to the same data regarding market depth, liquidity, and price discovery
dynamics.

In practice, traders have access to different technology, receiving market data and submitting
orders at different latencies. In the quest to exploit the advantages gained by faster access to
markets, almost two decades ago, a new market participant appeared. These market players are
today known as High-Frequency Traders (HFTs) and, over the years, have rapidly grown to represent
a significant share of the market (Abergel, Lehalle, and Rosenbaum, 2014). Their role has since
been the object of a fierce debate: their critics claim HFTs engage in predatory — and sometimes
illegal — behavior, while their supporters believe HF Ts to be overall beneficial to the market by
providing liquidity, reducing spreads, and helping price discovery dynamics. In this chapter, we
will not delve into questions regarding the legitimacy of HF T practices, but we will instead aim
to independently analyze the value of faster access to order book information. Over the past few
decades, HFT companies have engaged in a fierce race to zero latency, making vast economic efforts
to reduce their latency by just a few microseconds. What we aim to explore in this work is one of
the possible reasons why such a race happened in the first place. Specifically, we will be analyzing
the predictive value of order book data, i.e. to what extent can a trader with immediate access to
the order book predict the future direction of the market?

It is important to note that electronic auction and dealer markets are the predominant form
of exchanges, but alternative market structures exist, for example, decentralized securities can be
traded on decentralized exchanges (DEXs) where orders are executed through an automated market
maker. It is also important to note that not all trades occur on exchanges, recently there has been a
surge in alternative trading systems (ATS) such as dark pools and ECNs, which now count for 43%
of the volume of traded exchange-listed US equities (Cboe, 2023). In general, over the past couple
of decades, the trading process has become increasingly complex due to market fragmentation,
availability of new technologies such as smart order routers (SORs), and — sometimes controversial —
regulation, e.g. RegNMS (US Securities and Exchange Commission, 2005) and MiFID (European
Parliament and Council, 2004). While practices that exploit statistical arbitrage between competing
trading venues exist, in this work, we will assume the trader has access to a single electronic order

book-based exchange, namely the Nasdaq.

2.1.2 Order book predictability: asking the right questions

As discussed in the opening paragraph, we would like to explore whether, contrary to low-frequency

returns, ultra-high-frequency returns tend to display predictability. Empirical studies (Sirignano and
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Cont, 2019) have shown that price formation dynamics, i.e. next mid-price moves, are predictable.
In this chapter, we will try to understand whether such predictability persists at longer horizons.
Intuitively, predictability in high-frequency returns may be understood to arise simply from the
way an order book market is structured, i.e. the side of the order book with less liquidity is more
likely to erode faster, resulting in a price increase/decrease, or as the product of recurring trading
patterns in response to liquidity information. The approaches considered in the literature for
forecasting high-frequency returns from order book data can be roughly divided into two categories:
relatively simple models built on carefully handcrafted features (Ait-Sahalia et al., 2022) and more
sophisticated architectures applied directly to raw order book data (Zhang, Zohren, and Roberts,
2019; Zhang and Zohren, 2021; Kolm, Turiel, and Westray, 2021). In this work, we will focus
on the latter class of models, leveraging the ability of deep learning techniques to learn complex
dependence structures. We will consider a specific class of deep learning models, introduced by
Zhang, Zohren, and Roberts (2019), designed to extract features from order book data. There
is empirical evidence (Bengio, Courville, and Vincent, 2013) which suggests that, although deep
learning models can extract complex features, the way data is represented may have a significant
impact on model performance. We will hence explore how model performance varies when changing
the way the order book data is fed as input. Equipped with this class of models, we will aim to

investigate the following questions, which naturally arise from our preceding discussion:

1. Do high-frequency returns display order book-driven predictability? And if so, how far ahead

can we predict?
2. Which order book representations perform best?
3. Can we use a single model across multiple horizons?
4. Can we use a single model across multiple stocks?

We aim to answer all these questions in a formalized statistical inference framework based on model

confidence sets (Hansen, Lunde, and Nason, 2011).

2.1.3 Related work and contributions

It is important to note that mathematical modeling of order book dynamics is a very broad
and active area of research: ranging from Hawkes process models for order and trade events in
continuous time (Bacry and Muzy, 2014; Large, 2007) to discrete-time synthetic data-driven order
book generation (Byrd, Hybinette, and Balch, 2020; Coletta et al., 2022). The work presented
in this chapter can be seen as contributing to two parallel research streams in the literature for
order book-driven mid-price predictions. On one hand, we expand on the deep learning ideas
discussed in Zhang, Zohren, and Roberts (2019), Zhang and Zohren (2021), and Kolm, Turiel, and

Westray (2021) by introducing new data representations and carrying out a disciplined comparison
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between the specifications. On the other, we explore a set of questions related to short-term price
predictability in a similar spirit to Ait-Sahalia et al. (2022) but under a different class of models.

In the broader context of the questions addressed in this chapter, related works are those
of Sirignano and Cont (2019), exploring the universality of order book dynamics, and Wu et al.
(2021), advocating for robust representations of order books. We base our experimental procedure
on model confidence sets, introduced by Hansen, Lunde, and Nason (2011). We believe this
formalized statistical inference framework perfectly suits our aim of addressing questions that
require comparisons between multiple models and benchmarks.

The two main contributions of this chapter are summarized as follows. First, we introduce a
deep learning model for mid-price forecasting based on a more robust representation of the order
book, which we will refer to as deepVOL. This representation allows us to easily adapt the model
to the setting where more granular L3 data! is available. Second, we provide new empirical results
addressing essential questions regarding short-term price predictability in a disciplined experimental

framework.

2.2 The space of models under consideration

2.2.1 The order book

At a given point in time, an order book contains all the (visible) buy and sell orders placed for a
given security on a specific exchange. The lowest ask price, resp. the highest bid price, is known as
the first ask order book level, resp. the first bid order book level. Subsequent levels are defined
accordingly: the [-th ask/bid level is the I-th lowest/highest price at which someone is willing to
sell/buy the security. An example of a 10-level order book snapshot, i.e. the collection of orders
at the best 10 bid/ask prices at a given point in time, is displayed in Figure 2.1. We note that in
electronic exchanges, orders can be submitted on an evenly spaced discrete set of prices, known
as ticks. The smallest price increment is known as the tick size, for most U.S. traded stocks, it
corresponds to $0.01. It is important to note that not all tick prices may have standing orders;
therefore, the first 10-level ask/bid prices may not coincide with the first 10 ask/bid tick prices.

There are three main types of actions that traders can request on an exchange:

e a limit order: an order to buy a given quantity of the security at a given price;

o a market order: an order to buy a given quantity of the security at the best available price;
o a cancellation or partial deletion: an order to fully or partially delete a standing limit order.

Note that while market orders are always immediately executed once posted, passive limit orders,
i.e. orders which do not cross the spread, will sit in the order book until they are matched. A limit

order entering the market at a tick price where other limit orders are already present will be added

1See Section 2.2.1 for the definitions of L1, L2 and L3 order book data.
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Figure 2.1: A sample snapshot of an order book. Ask (resp. bid) volumes are denoted by red (resp. green)
bars. The lighter red shaded area represents the change in the order book shape when some of the liquidity

at the best ask price is removed.

at the end of the standing queue. Trades occur each time a market order or aggressive limit order?
is posted, the requested volume is matched to the standing limit orders according to price-time
priority. We will not delve into the detailed characteristics of all the different order types which
exist, but it suffices to point out that the three actions described above represent the fundamental
drivers of the evolution of order books. For example, in Figure 2.1, the change in order book shape
may be due to either a (partial) deletion of a first-level ask limit order or the execution of a buy

order (either a market order or an aggressive limit order).

During trading hours, electronic exchanges operate continuously, and for this reason, order
books are sometimes referred to as continuous books. Exchanges such as the Nasdaq timestamp
each event at nanosecond precision. Between different stocks, the level of trading activity may vary
significantly, and the time elapsed between consecutive events may differ by orders of magnitude.
For this reason, we define an alternative time clock: a discrete order book clock, which increments
by one each time an action is executed on the order book. Throughout our discussion, we will
explore questions of predictability with respect to this order book clock, which is the same as
the one considered in Ntakaris et al. (2018). Some authors, for example, Ait-Sahalia et al. (2022)

consider alternative order book-driven time clocks, such as transaction clocks and volume clocks.

We understand that models based on order book-specific clocks might be challenging to use
in practical trading applications. On one hand this approach tends to discard some important
microstructural information, such as event inter-arrival time. On the other, when constructing
target returns using an event-based clock, one might identify predictable instances which are not
practically tradable due to physical latency limitations, especially in periods of intense trading

activity®. While acknowledging these limitations, we still believe order book-based clocks provide

2A limit order that crosses the spread.

3In practice one might thus want to analyze the latency sensitivity of the predictions produced by these models,
i.e. understand how predictability of the returns vanishes as one increases physical latency in the construction of the
target return as detailed in Appendix 2.G.
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a more natural measure of time than physical wall clocks for exploring predictability as they are
more suitable for comparing results across stocks: a 100ms time horizon has a significantly different
meaning for stocks with different levels of trading activity.

Another important observation is that order book data might not be accessed by all market
participants at the same level of granularity. The Nasdaq Quotation Dissemination Service makes

the following distinctions:
e L1 data: the best bid and ask prices and corresponding volumes;
e L2 data: all available bid and ask prices and corresponding volumes;

o L3 data: all available bid and ask prices and corresponding volumes split among the orders in

the queue.

We will be comparing the performance of models when different levels of data granularity are
available?. Figure 2.2 provides a visual comparison of L1, L2, and L3 data.

We introduce the following notation: at time ¢ € N we denote by

. ch)ta g(ﬁli for 1 =1,2,... the I-th level ask/bid price and volume, for = € {a,b};

1
Py + L) o
o My = T the mid-price;

o 79 sY) for j =1,2,... the j-th ask/bid tick price from the mid and corresponding volume

z,t :vt

for x € {a, b}, i.e. this is defined recursively as

(1)_ mt 1fmt€T7
my + ﬁ itm, ¢ T,

7T<]t) ( Y1y for j =2,3,.

z,

where ¥ is the tick size, 7 = {k¥ : k € N} is the set of possible tick prices and + depends on
x € {a,b}.

(1)

. qu,(ct ) for k = 1,2,... the queue corresponding to volume s, ; and ordered by time priority.

2.2.2 Predictability of returns

We will explore models that aim to identify short-term predictability in returns. We first introduce
the familiar regression framework for return predictions. We then rephrase the task in terms of a

classification problem, extending the definition of predictability to this setting.

4In order book-based markets the most granular view available is a time-sequenced data feed that provides
every single event occurring in the order book (on the Nasdaq this is known as the ITCH feed). This feed contains
information that is discarded even from the L3 view of the order book, such as trade information, order history
(modifications and partial fills) and executions of hidden quantities. In Table 2.2 we give a small sample of what one
(decoded) message in an ITCH feed might look like.
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Figure 2.2: L1, L2 and L3 representations of the order book in Figure 2.1.

We will be exploring predictability arising from past order book data and thus we define the
information o-algebra JF; to be

ft = O'(Xt, e ;Xt—T+1)7

where Xy, ...,X;_74+1 are order book derived features at times ¢,...,t — T + 1 for some look-back

window of length T

Predictions in the regression framework

Let us first consider the regression setting. At time ¢ we denote by ;4 € R the h-step ahead
mid-price return, as defined in Section 2.3.2. Given order book information at time ¢, F;, there

exists a measurable function g such that

E[Tt,t+h"/_-;f] = g(Xt, e ,Xt—T+1),
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or, equivalently,

Teprh = 9(Xes - Xe—11) + €&,

for some mean-zero noise variable €; orthogonal to the space of F;-measurable random variables.
A prediction is defined to be any F;-measurable random variable and the best prediction is the

. t . o
JFi-measurable random variable 7“75 t) +, which minimizes the expected cost

E[C(") s reasn)],

for some appropriate cost function C' : R xR — R. In the case of quadratic cost C(r1,72) = (r1 —12)?,

we have

rt(ft)-i-h =Elryeen|Fi) = 9(%¢, -, Xe—141)-

Different choices of cost function are possible, for example, when C' is absolute cost, i.e. C(r1,72) =
|11 — ra|, the best prediction is the conditional median of ¢, given F;. Given a parametric family
of models {gs(-) }gco and an observed training set Dirain = {(X¢, - - - s Xe—T41, Tt.t4h) HeTiran ONE CAN

first learn a function g; approximating g and then produce the return predictions

Q- 5(x X )
tt+h — 9o\ Xty -+ - s Xt—T+1),

for test data points Diest = {(Xt; .- Xp—T41, Ttt4h) HeTios - ASsuming returns to be stationary,
we say that there is order book-driven predictability if the learned predictions outperform an

unpredictive benchmark prediction on the testing set with respect to the chosen cost function C(-, ).

Predictions in the classification framework

In this work, we will discretize the space of returns by grouping mid-price movements as downward,

no-change, and upward®. We hence introduce the discretized return random variable

i ren € (=00, —7),
Crith = = ifrypn € [, +7],

T if reqn € (4, +00),

for an appropriate choice of v > 0, cf. Section 2.3.2. Instead of modeling only the expected

conditional return, in the classification setting, one aims to approximate the whole conditional

5We believe that, for high-frequency returns, a classification framework is more natural: mid-prices move in
(half)-tick increments, and hence the corresponding returns live on a discrete lattice (see Section 2.3.2). Moreover,
grouping returns in three classes (downward, no-change, and upward) significantly reduces the effects of idiosyncratic
noise, i.e. large price changes unrelated to microstructural dynamics, while preserving the ability to investigate
questions regarding predictability.
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distribution, i.e. find measurable functions p, p—, py such that

P(ctprn = *[Ft) = pu(Xe, - - -, Xe—741),

for x € {],=,1}. The discretized return prediction for an unobserved sample is then given by the

minimizer of the expected misclassification cost:

ét,t—‘,—h = argmin Z C*|*p*,é(xt7 s >Xt—T+1)7
selb=Thve(l,=1}
where the parametric conditional probabilities P g P— g Py g are learnt from a training dataset
Dirain = {(Xts .-, Xe—T41, Cttth) HeTomn and Calx 18 the misclassification cost of a * observation
classified as a . Assuming the return process is stationary, we say that there is order book-driven
predictability if the learned predictions outperform an unpredictive benchmark prediction on a test

set in terms of total misclassification cost.

Specifying an appropriate cost function is task-dependent. For example, a trader using the
predictions as trading signals might be more interested in the correctness of up and down predictions
than no-change ones. On the other hand, a market maker might prioritize the correctness of no-
change predictions when using these to decide whether to tighten quoted spreads. In both cases,
the consequences of different types of errors are asymmetric and heavily impact the choice of
the cost matrix C' = {C*|*}*,*e{ 1,=1}- In the classification framework an alternative approach is
to compare the predicted conditional distributions, {p.(x, ... 7Xt—T+1)}*e{ 1,=,1} to the realized
outcomes directly. This approach does not require specifying a cost matrix C' nor a return prediction.
The predicted conditional distribution (the output of our model) is directly compared with the
observed data via a suitable “distance” on the space of probability measures P({],=,1}), where
realized returns are encoded as Dirac measures. A natural choice of such “distance” is given by
the categorical cross-entropy, as this can be interpreted (under appropriate assumptions) as the

(log)-likelihood of the test set:

1

—log P(Diest|0) ox —
g ( t t’ ) ‘Itest|

Z Z ]]‘{Ct,t+h=*} logp*yé(xta s 7Xt7T+1)7
t€Ttest *e{¢7:71\}

where the model parameters 0 are learnt from the training set Diyain. As this work does not target
a specific trading strategy but is more concerned with general predictability questions, we will be
evaluating our models based on the categorical cross-entropy loss. In the following, we will thus say
that there is order book-driven predictability if the learned conditional distributions outperform
an unpredictive benchmark distribution on a test set relative to categorical cross-entropy loss. As
discussed in Appendix 2.A, the natural choice for the loss used in training will also be categorical

cross-entropy.

Note that in both the regression and classification framework, we compare the learned predic-
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tions with those obtained from an unpredictive benchmark model to determine whether there is
predictability by using a score/cost function. Simply comparing point estimates of the scores does
not provide a sound statistical argument answering the question of whether there is predictability:
the difference in score may simply be due to statistical variability. This is where the model confi-
dence set (Hansen, Lunde, and Nason, 2011) procedure comes in. As we will discuss in Section 2.4
this provides a statistical testing framework to determine whether the learned models statistically

outperform the unpredictive benchmark, i.e. whether there is predictability.

Remark 2.2.1. Tt is clear that the definition of predictability is intrinsically tied to that of unpredictive
benchmark. Different choices for unpredictive benchmark models are possible, for example, in the
regression framework, a natural choice is given by (a version of) the efficient market hypothesis®
(EMH) (Fama, 1970). In this case, the unpredictive hypothesis assumes the conditional expected
return to be zero. Under the classification framework, the simple EMH does not translate into
a clear-cut model for the conditional distribution of returns. In this setting, we consider as a
natural unpredictive hypothesis a slightly stronger version of the EMH: under the unpredictive
benchmark, returns are assumed to be IID and independent of any information up to time ¢. The
unpredictive benchmark conditional distribution will therefore be given by the empirical distribution
of the training set. As a side remark, we believe it is important to note the EMH was originally
proposed in a very different market environment and at significantly lower frequencies than the
ones considered in this work. Nevertheless, we believe the EMH provides a natural unpredictive

benchmark hypothesis when testing for predictability.

As mentioned in Section 2.1.2, there are two main approaches considered in the literature for
exploring the short-term predictability of returns in order book markets: the first considers carefully
handcrafted features xi,...,x;_7 and relatively simple specifications for the prediction functions g
or (py,p=,pt), e.g. linear specifications or decision trees, the second — which we will explore in this
chapter — uses raw order book features xy,...,X;_7 as inputs to more complex prediction functions,
e.g. deep neural network architectures. We will assume the reader is familiar with deep learning
techniques and thus give a brief overview of the relevant concepts in Appendix 2.A, more detailed

expositions can be found in Goodfellow, Bengio, and Courville (2016).

2.2.3 Deep learning models

In the previous section, we set up the learning framework for the return prediction task. We now
discuss how the neural networks covered in Appendix 2.A can be combined to model price formation
mechanisms and predict h-step ahead high-frequency returns. We will consider a specific class of

deep learning models based on the deepLLOB architecture (Zhang, Zohren, and Roberts, 2019).

Tn an efficient market prices always fully reflect available information and hence the conditional expectation of a
price return given a public information set is zero.
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deepLOB, (Zhang, Zohren, and Roberts, 2019)

This network acts on raw order book input. A CNN module and an inception module feed into
an LSTM layer which produces the final classification output. The CNN and inception module
aim to extract short-term spatio-temporal features in the data, while the LSTM module works on

longer-term dependencies.

Input CNN module Inception module LSTM Output
4 QD QO
2
7 ; Q C/ Qﬁ o =]
@)
._H-“

Figure 2.3: Core modules of network architectures.

The deepLOB architecture is summarized in Figure 2.3 and is made up of the following

components:

e Input. The first L level raw order book information - price and volume - with a look-back

window of length T is used as input. The input at time ¢ is thus a (T' x 4L) array given by

_ ! ! l l -1k
{Xt*T}Z:Ol = {{ (p((z,zf—7'7 ,U<(1,)t—77pl(),1)t—7" Ulg,Z—T) } _ } € RTX4L'
=0 =1

A feature-wise rolling window z-score standardization is applied to the input, i.e. U((ll is

NA

standardized using the mean and standard deviation of the first level ask volumes over the

previous five days.

¢ CNN module. Convolutions are applied to the data in both the spatial and temporal
dimensions. The spatial convolutions aim to aggregate information across order book levels,
and the temporal convolutions can be understood as smoothing and/or differencing operations.

The CNN module is summarized in Figure 2.4.

e Inception module. This module up-samples the convoluted data by applying various
temporal convolutions with different filter lengths (time-window). Each temporal convolution
can be interpreted as a (weighted) moving average. It is similar in spirit to the computation

of technical indicators, but the frequencies at which this is applied are substantially different.

e LSTM. The Long Short-Term Memory layer takes the multidimensional time series produced

by the inception module and feeds it through a recurrent network structure aimed at extracting
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Figure 2.4: CNN module deepLOB.

longer-term dependencies among the data. The last hidden state of the LSTM is passed
through a dense layer with a softmax activation function to produce the h-step ahead return

prediction |, = or 7.
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Figure 2.5: Inception module and LSTM layer.

The exact details of the deepLOB architecture can be found in Table 2.1.1.

deepOF, (Kolm, Turiel, and Westray, 2021)

In the deepLOB model order book states, which are non-stationary, are mapped to a stationary

quantity, returns. While in theory, this shouldn’t be a problem (due to universality property of
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deep neural networks), Kolm, Turiel, and Westray (2021) argue that using some form of stationary
input might improve model performance by facilitating the training procedure.

A stationary” order book quantity is order flow. First-level order flow describes the net flow
of orders at the best bid and ask. This was introduced in Cont, Kukanov, and Stoikov (2013)
to explore the price impact of order book events. This single quantity parsimoniously models
the instantaneous effect of order book events on prices. The first-level bid and ask order flows

corresponding to the order book event occurring at time ¢ (in order book time) are defined by:

(1) (1) (1) (1) (1) (1)

Up,t > if Pyt = Ppi—1 Vg, t—1> if Pot > Pgi—1:
1 _ 1 1 o (1 1 1) _ 1 1 e (1 1
bOF, " = Ul(),t) - Ul(»,t)—lv if pl(xt) = pl(a,t)—lv and aOF;" = Ut(zt) - Ut(z,t)—l’ if p§2 = pg,g—l’
1 o (1 1 1 o (1 1
_Ul(;,t)—lv if pl(v,t) < pl(a,t)—la Ulg,t)’ if p,(lg < p¢(17t)—1-

The difference between the two is known as order flow imbalance:
or1Y =vor™ — aoFY.

Bid order flow corresponds to the net change in volume at the best bid level; the three cases in the

definition can be understood as:
e a new bid order being placed at a higher price than the current best bid;
e the order volume at the best bid price increasing or decreasing;
o the entire volume at the best bid price being consumed, thus decreasing the best bid price.

Note that, as discussed in Section 2.2.1, volumes can increase or decrease due to orders being placed,
executed, or canceled. A similar interpretation holds for ask order flow.

In Xu, Gould, and Howison (2019) the authors explore flows of volumes at deeper levels in
the order book, by introducing multi-level order flow. The definitions are exactly as above with
superscript (1) replaced by general (I). We note that in both Cont, Kukanov, and Stoikov (2013)
and Xu, Gould, and Howison (2019) the authors investigate the explanatory power of (multi-level)
order flow imbalance for price changes, i.e. the relationship between contemporaneous order flow
imbalance and price changes.

In our setting, as in Kolm, Turiel, and Westray (2021), we are instead interested in exploring
the predictive power of order flow, i.e. the relationship between past order flow and future price

changes. We will hence refer to deepOF as the deepLOB architecture with stationary order flow

"Generally, prices are deemed to be non-stationary while their changes, i.e. returns, are modeled under the
assumption of stationarity. Similarly, order flow can be understood as representing the stationary change in best
bid/ask volume. Whether a time series is indeed stationary is a difficult statistical property to test and usually
requires imposing some quite specific model on the data. In this context, we thus refrain from making the notion of
stationarity more rigorous than the previous simple argument by analogy.
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input, i.e. a (T x 2L) array given by

T-1

{thT}TZO,...,T—l = {{ (GOF(E)_” bOF(i)T)} }L S RTXQL.
=1

T7=0

The order flow input enters the CNN module in Figure 2.4 at the second convolutional layer. The
rest of the architecture is exactly the same as deepLOB, as detailed in Table 2.1.1. We note that the
first convolutions applied to the order flow input, i.e. the second convolutional layer in Figure 2.4,
aggregate information across bid and ask order flows, essentially computing a weighted order flow

imbalance.

Remark 2.2.2. The original deepOF specification in Kolm, Turiel, and Westray (2021) was structured
as a (multi-horizon) regression task. In their setting, the last layer of the deep neural network
maps each prediction to R instead of P({]},=,1}). Moreover, as discussed in Section 2.2.5, the way
multi-horizon predictions are produced in the original work does not rely on the encoder-decoder
structure we use for our multi-horizon models. Another slight difference with the experiments in
Kolm, Turiel, and Westray (2021) is in the standardization procedure: instead of standardizing

each feature by its training mean and standard deviation, we use a rolling window approach.
2.2.4 DeepVOL

The need for a robust representation

As discussed in the previous section the main difference between deepLOB and deepOF is in the
way the data is fed into the model. While deepLOB uses raw order book data as input, deepOF uses
a derived quantity, order flow. In general, the success of deep learning tasks is highly dependent
on the way the data is represented. The task of predicting returns in order book markets is no
exception. In order to achieve the best possible results, one should adopt a robust representation of
the data. Wu et al. (2021) identify five main desiderata for a robust representation of order book
data:

e Region of interest: the entire order book may contain a wide range of prices, the data

representation should select a region of interest based on a complexity-performance trade-off.
o Efficiency: the data representation should avoid excessive dimensionality.
« Validity: the data representation should have a simple definition of valid manipulations.
e Smoothness: the data representation should be robust to small perturbations.

o Compatibility: the data representation should be compatible with the deep learning architec-

ture.

In other words, a robust representation of the order book is a parsimonious data representation

well suited for the downstream modeling task. We note the order book representations used in



Chapter 2. The Short-Term Predictability of Order Book Markets 23

deepLOB and deepOF do not conform to these desiderata. Order book states organized by ‘level’
do not have a simple validity (price and volume information are intrinsically tangled and would
loose their significance if treated separately in a black box algorithm), are not robust to small
perturbation (small orders added at empty ticks completely change the order book feature vector),
and are incompatible with deepLLOB’s CNN module (the spatial structure is not homogeneous as
there is no fixed interval between levels). It turns out that while the ‘level’ representation of the
order book may be easily understandable by humans it is less so for statistical models. In addition
to not satisfying the desiderata, this representation does not respect the following fundamental but
implicit assumption of deep learning models: signals at the same entry of the input should come
from the same source. In the ‘level’ representation, as new order book events happen, the same

signal (i.e. a posted order) may move between levels.

We, therefore, introduce volume features, which provide a robust representation of order book

data. Fixing a window of size W > 0 we define:

T-1 _ [ (W) () W) \\ 71
{Xt*T =0 T {(Sb,t—T’ t ’Sb,t—r’ Sat—7rc e 75a,t—7') }TZO ’
where s;] LT for x € {a, b} are the bid/ask volumes corresponding to the j-th price from the mid
wé{Q_T, as defined in Section 2.2.1. We note that the volume representation indeed satisfies the five

desiderata: a region of interest is identified (via the window W > 0), it is efficient (for the same
dimension of input it may convey more or less information than the ‘level’ representation, depending
on how sparse the orders are placed in the order book), it has a simple validity (all entries are in
the same units), it is robust to small perturbations (new orders at empty levels minimally affect
the feature) and is compatible with the CNN architecture (the spatial structure of the volumes is
homogeneous). An intuitive visualization of this representation as a one-dimensional gray-scale strip
is given in Figure 2.6, when including a time dimension this naturally becomes a two-dimensional
gray-scale image. The main drawback of the volume representation is that when orders are placed
far apart in the order book it is sparse and a larger window W > 0 may be required. Our definition
of volume features is similar to the mid-price-centered moving window representation of Wu et al.
(2021), with the latter living in R2W+! instead of R?" and using = signs to distinguish between bid
and ask volumes. The need for a new, more robust representation of the order book was reached

independently.

1400 0 100 25400 3000 10000 0 7000 14930 8800 12000 22700 7000 100 5490 300 3000 4500 3900 500

1400 0 100 25400 3000 10000 0 7000 14930 8800 9484 22700 7000 100 5490 300 3000 4500 3900 500

Figure 2.6: Gray-scale visualization of the volume representation of the order book in Figure 2.1.

In order to use the deepLOB architecture with this new data representation, we must adapt the
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CNN module. In particular, we fold the volume input into a three-dimensional array

{{{ng }Tl}w } e RTXWx2.
’ =0 J=1 ze{a,b}

and feed this into a three-dimensional convolutional layer with a (2 x 2 x 1) filter and (1 x 1 x 1)
stride. This layer aims to extract imbalances in the order book by comparing volumes on the two
sides of the mid-price. The CNN module with the appropriate changes is depicted in Figure 2.7.
The rest of the deepVOL architecture is exactly the same as deepLOB with one slight difference in
the way the data is normalized. Thinking of the volume representation as a gray-scale image a

natural choice of normalization is

instead of the rolling window standardization we apply to deepLOB and deepOF features.
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Figure 2.7: CNN module deepVOL.

Remark 2.2.3. One could define a volume flow quantity based on the distance from the mid, in the
same way order flow describes the flow of orders based on the level. Following the same motivation
for considering order flow in deepOF, one could consider using a volume flow quantity as input to

the deep learning architectures with the desired robust representation properties.

L3 volume features

All models considered so far, deepLOB, deepOF, and deepVOL use L2 data as input. If one has
access to more granular data, i.e. L3 data breaking down each volume queue into single orders, one
might be interested in trying to leverage this information to obtain better predictive performance.
We thus define a natural extension of the volume representation considered in the previous section.

Let us denote by (qi{;l), qgf), ...) € RN for x € {a,b} the queue at the j-th bid/ask price from



Chapter 2. The Short-Term Predictability of Order Book Markets 25

(J:k)

the mid Wg(;jz as introduced in Section 2.2.1. Here ¢, ;" denotes the volume of the k-th order in the

queue sorted by time priority and is set to zero if there is no such order. The aggregated volume at
Fijt) is given by:
)= 3P
E>1

A natural extension of the volume representation would therefore be to consider

{{<q£t1)7_’qg(cjt2)7—"”> }T_l}W c RTXWX2><N.
=07 =1 ze{a,b}

Unfortunately, this is an infinite-dimensional array that cannot be directly fed into machine learning
models. We therefore cut off the queue at a given depth level. In order to avoid discarding precious
information, we aggregate all orders sitting past the maximum depth level at the end of the queue.

For a given depth level D > 0, we thus consider the L3 volume feature

T-1\W
G,1) D-1) TxW x2x D
qa:]t T7"‘7q$JtT Z xtr € RTEE
k=D 7=0 .
J=17 ze{ab}
Remark 2.2.4. A similar approach to the one used for cutting off the queue might be applied to
aggregate volumes sitting deeper in the order book when deriving L2 representations. This would

give a better idea of the total liquidity in the order book.

In order to extract relevant information from the queue, we add an initial convolutional layer,
which maps each queue to a weighted sum of the order sizes. The weighted aggregated volumes are
then fed into the deepVOL architecture as above. The resulting CNN module is summarized in
Figure 2.8.
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Figure 2.8: CNN module deepVOL(L3). Abusing notation slightly we denote Zk>D q;]tk)T by ¢

The full architectures for deepVOL and deepVOL(L3) are detailed in Table 2.1.2.

Remark 2.2.5. Note that even with the most granular L3 representation, some economically signifi-
cant information from the ITCH feed is lost. For example, in the L.1/1.2/L3 data representations

of all models considered in this work, a cancellation and a trade affecting the same orders appear
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identical. However, in practice, it might be reasonable to expect the market to react differently to

a trade than to a cancellation.

2.2.5 Multi-horizon models

So far we considered single horizon models, i.e. order book input z; is mapped to a three class
distribution (p|, p—,py) corresponding to the discretized return ¢, 4 at fixed horizon h. In the
following, we consider a generalization of the architectures considered thus far to the setting where
the forecasting horizon is a vector h = (hy,...,hg). In this case the modeling task consists in
predicting the distributions of the discretized returns ¢, ;4 n = (Cti+h1s- -5 Cothg)-

The simplest way of adjusting the current models to the multi-horizon framework would be to
replace the last softmax layer in Figure 2.5 with K parallel dense softmax layers. The last hidden
state of the LSTM module would hence be mapped to an array of size 3 x K, corresponding to
K distributions over three classes. A similar architecture — though in the regression framework —
is considered in Kolm, Turiel, and Westray (2021). While this approach is perfectly valid it does
not make use of the sequential nature of the task, potentially neglecting an important structural
feature of the data.

In this work, we will be leveraging architectures inspired by machine translation which are
naturally suited for sequential forecasting. Specifically, we will be considering encoder-decoder
models: an encoder maps the input data to a latent summary state (also known as context vector)
and then a decoder rolls forward predictions sequentially. In this context let z;_711, ..., 2; denote

the last T hidden states of an encoder at time ¢, then a decoder rolls forward predictions by:

/ N
Z(] = Zt, Po = pO)

C = h(zt—T-‘rla o 7Zt)7 Z;c - f([zllgfhck]?pk—l)) Pr = g(z;gflack)a

for k=1,..., K. Here h(-) is a function acting on the hidden states of the encoder to extract the
context vector ¢ (this may possibly depend on other inputs as well, such as previous hidden states
of the decoder), f(r,p) is a recurrent layer with recurrent input r and exogenous input p, g(-) is an
output layer depending on both the decoder hidden state and the context. The general mechanism
of such encoder-decoder architecture is visualized in Figure 2.9.

In our experiments, we will consider a sequence-to-sequence decoder (Cho et al., 2014), the
simplest example of such architecture. In this setting we set ¢, = 2z, implicitly assuming that
at every forecasting horizon, the last hidden state of the encoder summarizes all the relevant
information required to make the prediction. More complex architectures exist, for example, Luong,
Pham, and Manning (2015) introduce an attention-based decoder that uses a weighted combination
of all the hidden states of the encoder as context vector. In this setting different weights are
used at different forecasting horizons, selectively accessing hidden states of the encoder during

decoding. While attention-based networks have been successfully applied for high-frequency mid-
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Figure 2.9: A general encoder-decoder architecture.

price predictions (Zhang and Zohren, 2021; Tran et al., 2019), in this work we wish to only exemplify

the potential of multi-horizon models and thus restrict ourselves to simple seq2seq decoders.

In the experiments, we set f(-) to be an LSTM and g¢(:) to be a dense layer with softmax

activation. Moreover py is initialized at p, = (0, 1,0).

Using multi-horizon forecasting was first proposed for deepLLOB in Zhang and Zohren (2021):
the LSTM module of the deepLOB architecture acts as an encoder, mapping order book states
to the LSTM final latent vector z; = [h, s¢]. A seq2seq decoder then rolls forward the prediction
producing distributional forecasts at horizons h = (hy,...,hx). The LSTM module with seq2seq
decoder is illustrated in Figure 2.10. Clearly, there is nothing stopping us from applying the same

multi-horizon structure to the output of deepOF and deepVOL convolutional modules.

Full details of the multi-horizon architectures can be found in Table 2.1.1 and Table 2.1.2.

Remark 2.2.6. We adopt the same multi-horizon framework as in Zhang and Zohren (2021), where
the response ¢; 14, at horizon hy, € {h1,...,hg} corresponds to the return from time ¢ to time ¢+ hy,.
Alternatively, one might wish to consider as multi-horizon responses the subsequent incremental
returns ¢y ip, ,.t+h,, i-e. the returns between time ¢ + hy_; and time ¢ + hy. By choosing evenly
spaced hy’s one would obtain more consistent responses across prediction time steps {1,..., K}

and possibly improve the performance of the multi-horizon models.
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Figure 2.10: Inception module and LSTM layer with seq2seq decoder for multi-horizon forecasting.

2.3 Dataset

In this section, we introduce the dataset used in the experiments presented in Section 2.4. First, we
briefly describe how LOBSTER order book data is related to the Nasdaq ITCH feed. Next, we give
details of how we process LOBSTER data to obtain features and responses for the experiments.
We also provide some descriptive statistics of the data.

We consider the same universe of stocks and trading period as in Kolm, Turiel, and Westray
(2021): through LOBSTER (Huang and Polak, 2011) we access one year of open (9:30 EST) to
close (16:00 EST) trading data for 115 Nasdaq tickers from January 2, 2019, to January 31, 2020.
To produce results in feasible computational time, we select a subset of 10 stocks, trying to preserve
a sufficiently varied set of liquidity characteristics. The ten tickers and their liquidity characteristics
are summarized in Table 2.1. For full details on how the 10 stocks were selected, see Appendix 2.H.
Note that, as previously discussed, on the Nasdaq the tick size is fixed at $0.01 independently of
the value of the stock, meaning the size of the tick relative to the price/spread can have major
consequences on market behaviors (Bouchaud et al., 2018). Taking the tick-to-spread ratio as a
discriminant we can define small tick stocks as stocks with wide spreads relative to the tick size
and large tick stocks as those with narrow spreads relative to the tick (often equal to one tick).
In our universe, cf. Table 2.1, we can categorize QRTEA, EXC, AAL, WBA, ATVI as large tick
stocks (average spread between 1 and 2 ticks), LILAK, XRAY, PCAR, AAPL as medium tick

stocks (average spread between 2 and 3 ticks) and CHTR as a small tick stock (average spread
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greater than 3 ticks). Usually large tick stocks display dense “locked” order books with long queues
while small tick stocks have sparse order books with many empty price ticks. This observation will

be of particular relevance when considering universal models in Section 2.4.4.

Ticker Updates (000) Trades (000) Price Changes (000) Price (USD) Spread (bps) Volume (USD MM)

LILAK 49.89 1.81 3.77 18.09 15.92 2.63
QRTEA 121.32 5.23 2.79 13.54 9.75 9.563
XRAY 83.07 5.41 7.11 52.32 4.35 21.67
CHTR 80.97 6.75 19.21 400.68 6.22 111.71
PCAR 131.38 6.85 13.03 70.63 3.82 34.43
EXC 298.32 7.58 7.21 47.35 2.45 37.55
AAL 398.13 13.15 10.99 30.65 3.88 50.29
WBA 328.5 13.2 15.18 57.81 2.54 75.19
ATVI 423.01 17.97 20.25 49.87 2.81 91.82
AAPL 1137.36 64.19 127.86 215.8 0.99 1156.3

Table 2.1: Selected stocks’ characteristics, daily averages.

2.3.1 LOBSTER data

In Section 2.2.1 we described the basic mechanisms governing electronic exchanges such as the
Nasdaq. Every day, trading activity on the Nasdaq alone results in hundreds of thousands of
order book updates for each stock, cf. Table 2.1. To keep track of all events occurring on the
exchange and communicate them efficiently to (subscribed) market participants the Nasdaq uses
the TotalView-ITCH protocol. For efficiency, instead of streaming the entire state of the order book
after each update, only information on the event changing the order book is sent out to market
participants. An example of a (decoded) ITCH message is reported in Table 2.2, note these are
timestamped at nanosecond precision. It is up to each market participant to store the current state

of the order book and update it each time a new message arrives.

Event ID Timestamp (sec) Event Type Order ID Size (shares) Price Direction

1312 34714.133632201 deletion 206833312 2516 $11.86 sell

Table 2.2: Example message from a LOBSTER message file. This example corresponds to the order book

dynamics shown in Figure 2.1.

The service LOBSTER provides to academic researchers is to reconstruct the historic order
book from Nasdaq’s Historical TotalView-ITCH data. For each selected ticker and date, LOBSTER
returns message and order book files subsampled at a given granularity. In practical terms, a

10-level data granularity yields the set of messages corresponding to order book updates in the
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first 10 levels along with the corresponding reconstructed order book ‘chopped at 10 levels’ The
evolution of the order book determined by the message in Table 2.2 is reported in Table 2.3. More
information on the order book reconstruction algorithm used by LOBSTER can be found in Huang

and Polak (2011) and on the website www.lobsterdata. com.

Event ID Timestamp (sec) pgl) v,(ll) pl()l) vl(,l) p((lm) v,(llo) pgw) vém)
1311 34713.685155243 $11.86 12000 $11.85 8800 --- $11.95 500 $11.73 5500

1312 34714.133632201 $11.86 9484 $11.85 8800 --- $11.95 500 $11.73 5500

Table 2.3: Example order book update from a LOBSTER order book file. This example corresponds to the

order book dynamics shown in Figure 2.1.

2.3.2 Processed data

From the historic LOBSTER, order book data we build the features xy,...,x;—741 and the target
responses ¢y ¢44. In the experiments in Section 2.4 we apply the learning framework of Section 2.2.2
with the deep learning models introduced in Section 2.2.3 to these feature-response pairs, using
the model confidence set (MCS) procedure for model comparison. As previously discussed in
Section 2.2.1 we will be measuring time ¢ (and prediction horizons h) using an order book-driven
clock, ticking every time an event occurs on the order book. This clock corresponds to the Event
ID in Table 2.2 and Table 2.3. Note we access LOBSTER data up to level 10, thus our order book
clock is conditional on the updating event being in the first 10 levels. By construction, the data
contains all information on new limit orders, market orders, and cancellations restricted to the
first 10 levels. We apply some minor pre-processing steps to the LOBSTER data, summarized in
Appendix 2.C.

Features: order book, order flow and volume

We start by discussing how to derive the features x; at each time point ¢ from the raw LOBSTER
data, i.e. from Table 2.2 and Table 2.3. While it is quite simple to build L1/L2 order book, order
flow and volume features, reconstructing L3 volume data requires a bit more work.

The raw order book input x; used in deepLLOB (Zhang, Zohren, and Roberts, 2019) simply
corresponds to the LOBSTER data in Table 2.3, i.e. at t = 1312 the 10-level order book feature is
given by

X, = (p;{g, ooy e U,g}p) — (11.86,9484, 11.85,8800, . . ., 11.73, 5500).

The features are standardized using a 5-day rolling window.
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To compute the order flow input x; used in deepOF (Kolm, Turiel, and Westray, 2021) we
compute the bid and ask order flows from the LOBSTER data in Table 2.3, i.e. at t = 1312 the

10-level order flow feature is given by
x; = (aOF Y bOFY, .. bOF!") = (-2516,0,...,0).

Again, the features are standardized using a 5-day rolling window.

To construct the volume input x; at L2 granularity for the deepVOL model described in
Section 2.2.4, we select only the volume information from Table 2.3 adding in zeros corresponding
to empty price ticks, i.e. at ¢ = 1312 the volume feature with window size W = 10 is given by

X; = (Sg}p, O A 5(10)) — (1400, . .., 8800, 9484, . . ., 500).

s ’2a,t

Note that, in this example, sglto) = 1400 # 5500 = vlglto) since some bid price ticks are empty, cf.

Figure 2.1. As discussed in Section 2.2.4, volume features are normalized using max-scaling over
the whole input array (xq,...,X¢—741)-

Finally, to construct the L3 volume features, one needs to work with the message file in Table 2.2
to keep track of the queues. For example, the volume queue at the first ask price, i.e. 7rc(llt) = $11.86,
given at time ¢t = 1311 by

(quﬁ, o a5 q(1’5)) = (2516, 2000, 1484, 4500, 1500),

y da,t

is updated at time t = 1312 to

(ab” at? at” ab™) = (2000, 1484, 4500, 1500),

)

by the deletion in Table 2.2. All other queues are left unchanged. For more details on the
complexities of reconstructing volume features from LOBSTER data see Appendix 2.C.1. A deep
dive into the distributions of the processed order book, order flow, and volume features is carried

out in Appendix 2.D.1.

Responses: categorical mid-price returns

In this chapter, we are interested in answering questions regarding the predictability of market
returns. Inevitably, the way returns, i.e. the target responses, are defined has a profound effect on
this analysis. Here, in line with the related literature, we treat the mid-price as the “true” price and
define returns relative to it, but it is important to note that, by definition, this is not a tradable

price. We define the return at horizon h as
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where m; denotes the mid-price at time ¢t and k is a fixed smoothing window. The mid-price
my is computed from Table 2.3 by % (pl(z,lt) +p$2), i.e. at times t = 1311 and ¢t = 1312 we have
my = $11.855. This definition is subject to two possible interpretations. Treating the smoothed
mid-price as a de-noised estimate of the true (latent) price h steps ahead, we can understand the
return as the percentage change of the true (latent) price relative to the current mid. Alternatively,
the return can be understood as the average return one would experience by entering a position
at the current mid and exiting it roughly h steps ahead (assuming mid-mid trading). For all the
horizons h € {10, 20, 30, 50, 100, 200, 300, 500, 1000} which are considered in Section 2.4 we fix k = 5.

In Appendix 2.F we discuss other methods for defining mid-price returns and their shortcomings.

Remark 2.3.1. When defining the returns we assume immediate access to the order book. In practice
though, hardware and software constraints lead to non-zero time lags when receiving messages and
sending orders to the exchange. While, in our setting, such latencies have a negligible impact on
the definition of returns, we discuss how their presence could be more precisely accounted for in
Appendix 2.G.

All our experiments are carried out in a classification framework where the discretized returns
are defined as
\l/a if Ttt+h € (_007 _’7)a
Cavh = =, ifryn € [y, 7],
Ta if Tt t+h € (+77 +OO)>

for some v > 0. In order to make the three classes roughly symmetric and as balanced® as possible,

we empirically choose ~ from the training set Diyain by

_ 1Qn(0-33)] + Q1 (0-66)
2 )

Yh

where Qy, is the empirical quantile function of the training set returns {rtt4n tteTimn- As discussed
in Section 2.4, we will be splitting our data D in disjoint windows Dy, = Dy train U Duy val U D test
for w=1,...,W. The choice of « will, therefore, be window w and horizon h specific. Descriptive
statistics of the target return labels for the first window w = 1 are reported in Appendix 2.D.2.
We note that, since stocks trade on a discrete grid of prices determined by the tick size? 19, also
the mid-price m; evolves on a discrete price (with steps of size 9/2). One could thus define the

dollar return from ¢ to ¢t + h by the number of (half) ticks the mid-price moves, i.e.
Rigin =mppn —my € {...,—0,—9/2,0,9/2,9,...} ={...,—2,—-1,0,+1,42,...}.

This return is by definition discretized, and thus one could directly apply classification models

8Note that, especially for short horizons h, many of the returns r: ¢+, can be exactly zero, leading to Qh(0.33) =
@~ (0.66) = 0. When this happens the three classes are unbalanced.
99 = $0.01 for many US listed stocks and all the stocks considered in this work.
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(grouping large negative and positive returns to obtain a finite number of classes). A similar
approach is used in Sirignano and Cont (2019) when predicting the next change in mid-price. In

our work, we consider the estimate for the “true” mid-price to be

k
=k _ 1 }
Mith = 9k 1 z:z—k; Mt hti)
which lives on a much finer grid than my,p: over the, possibly quite long, time horizon A multiple
changes to the mid-price might occur. In this case the smallest change has little meaning and so we

group the dollar returns

9 v 9 9 }

Repon =™ {— _ 0, ,
ti+h = Mypp — Mt € %k+1 Ak+2 dk+2 2%+ 1

into larger classes given by

<_OO7 _mt7)7 [_mt77 +mt7]7 (+mt77 +OO)

2.4 Empirical results

In this section, we explore the four questions introduced in Section 2.1.2 and attempt to answer them
via the statistical framework provided by model confidence sets (MCS). This inference procedure
allows to compare a set of competing models Mg based on observed loss time series {Li7w}y:1
where L; ., denotes the loss of model ¢ € My at time w € W. To apply the model confidence set
procedure to the data described in Section 2.3, we divide the 55 weeks from January 14, 2019 to
January 31, 2020 into W = 11 five-week periods'®, as represented in Figure 2.11. Each window
of data D,, is divided into a training-validation set Dy train U Dy val, the first four weeks, and a
test set Dy test, the fifth week. The joint training-validation set is then further split into training
and validation sets by randomly selecting 5 days out of the four weeks for validation. First, the
training dataset Dy train is used to choose the vy threshold for defining the return labels, as detailed
in Section 2.3.2 (note that the choice of v is specific to the choice of window, horizon, and ticker).
Then, the joint training-validation dataset D, train U Dy val is used to train the models. For the
unpredictive benchmark model, this simply means determining the empirical distribution of returns
in Dy train U Dy val, cf. Appendix 2.D.2. For the deep neural network architectures, this amounts to
finding the optimal parameters which minimize the training weighted cross-entropy loss. To do
so, we use Adam optimization with validation-based early stopping as described in Appendix 2.A.

Once the model has been trained we compute the out-of-sample losses on Dy, test, i-€. for period

OData from the week starting on January 7, 2019, is used to start the rolling window standardization required for
deepLLOB and deepOF architectures
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w € {1,...,11} and model i € M,

1

a ’Iw,test ‘

Z ]l{ct,w,test:*} logﬁi,t7
t€7w test *€{},=,1}

A7
Li,w = _Cce(pw,testﬂ cﬂhteSt) =

is the categorical cross-entropy loss corresponding to the estimated probabilities f)fLU,test when
compared with the observations ¢ test- ﬁimest are the class probabilities produced by model ¢ on
the testing set Dy, test after being trained on the training-validation set Dy train U Dy val. The time
series of test losses {L;,, }LL are then “fed through” the MCS procedure described in Appendix 2.B
to obtain the set of MCS p-values {p%\/{CS}iG M,- The intuitive interpretation of these p-values is:
if model i € M has an MCS p-value lower than a prescribed confidence level then it is deemed
statistically inferior to other models in Mg at that confidence level. This naturally justifies the

following definition of order book-driven predictability.

Definition 2.4.1. For a € (0,1) we say that there is order book-driven predictability at confidence

level 1 — o if pglegghmark <a.

In other words, if the unpredictive benchmark is deemed to be statistically inferior to some of
the other models in My at least one order book-driven model does better than the unpredictive

benchmark, i.e. such model is predictive.

lanuary 14, 2019 | } i i } } } } } } } | January 31, 2020

Figure 2.11: Dataset windowing for experiments. We divide the 55 weeks from January 14, 2019 to January
31, 2020 into W = 11 five-week periods. In each period, the first four weeks are used for training (a subset of

5 days is randomly selected for holdout validation) and the fifth week is used for testing.

One of the strengths of the way we apply the model confidence set procedure in this context is
that it allows to fully account for parameter estimation error, while classic methods for comparing
deep learning models do not. To make this statement precise let us make explicit the dependence

of the test loss
Li,w = —cce(pi (Xw,test; 0; (Dw,train U Dw,vab 5i,w>)7 Cw,test);

on the training-validation data Dy train U Dy val, the fitting procedure initialization seed ¢;,, and
the testing data Dy test = {Xuw test, Cw test }- 10 the related literature, deep learning models are often
compared by fitting the model to the same data Dipain U Dya starting with different seeds and
reporting the out-of-sample average loss and standard error. This accounts only for the uncertainty

in € and not in the sampled training and testing datasets (cf. Remark 2.A.1). Our approach instead
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naturally considers overall parameter estimation uncertainty, comprised of both statistical and
optimization errors, by comparing model losses as functions of the random processes Dy train U D val,
€w,i and Dy, test. This provides a more robust comparison of model performance, i.e. specification

error.

Remark 2.4.2. Note that not all training procedures may converge to the optimal combination of
parameters. This is a characteristic of any model learned via numerical optimization methods. We
further note that in our experimental setup, no hyperparameter tuning is carried out for any of
the models. When using these models in a production setting, one may obtain better results by
selecting parameters using cross-validation on the training-validation set. Parameters which one

may investigate tuning include:
o Architecture hyperparameters:

— number of filters in each convolutional layer (we fix 32 channels);
— number of weighted averages and lengths of averaging windows;

— number of LSTM hidden nodes (we fix 64 hidden nodes);

decoder type for multi-horizon models (we use seq2seq).
e Feature hyper-parameters:

— number of levels in features (we fix L = 10 levels);
— queue depth in deepVOL(L3) (we fix queue depth D = 10);
— look back window length (we fix T'= 100);

o Training/Optimization hyper-parameters:

— Adam learning rate (we fix n = 0.01);
— Adam parameters (we fix e =1, 81 = 0.9, B2 = 0.999);
— batch size (we fix batch size 256);

— number of epochs (we fix 50 epochs);

early stopping patience (we fix 10 epochs validation patience);

training set downscale factor!'! (we subset the training dataset by a factor of 10).

Here we are not interested in obtaining the best fit possible for a specific model but in comparing
different models/benchmarks on a level playing field. We thus leave questions related to hyper-

parameter tuning for future work.

Tt is worth noting that in all our experiments, we subset the training dataset by a factor of 10, i.e. subsequent
feature-response observations in the dataset are obtained by sliding forward by 10 order book events. This serves
multiple purposes: on one hand, it significantly reduces the computational effort required to train the models, on the
other, it helps to prevent the risk of overfitting to specific patterns arising in the training dataset. Down-sampling the
dataset might also have adverse effects, for example, reducing the available training data of an illiquid stock by a
factor of 10 might result in insufficient information to robustly train these data-intensive models.
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Once the models are trained, we compare their out-of-sample performance on the test set using
the cross-entropy loss, i.e. we have time series {Li,w}i}l:l for each model ¢ € M where the model
set My will depend on the question/hypothesis investigated. From these we can thus compute the
differences in performance {dij,w}%,}:l such that d;j., = Ly — Ljw, which form the basis for the
MCS procedure. We will assume the loss difference time series {(dijw)ijem, o1 to be stationary.
We do not conduct multivariate DF or KPSS tests as these are based on asymptotic distributions,

and thus, due to the low data regime (W = 11), they would not yield statistically robust results.

Remark 2.4.3. The reader with particular attention to detail might argue that losses are computed
on different test sample sizes (depending on the number of order book updates occurring in the
test set, i.e. Myest,w) and thus the variance of losses and of their differences may change over time.
It is important to note that the sample sizes are random, and there does not seem to be strong
evidence against their stationary, so unconditional on sample size, the difference process can still be

reasonably assumed to be stationary.

All code is developed in Python with the tensorflow library and the keras API, with some
layers requiring custom tensorflow methods. Due to the computationally intensive nature of the
experiments, specialized infrastructure was required to store the data (5TB) and train the models
(GPUs). All computations were carried out on Imperial College’s High-Performance Computing
cluster (Imperial College Research Computing Service, 2022), which provides access to several
RTX6000 GPUs. The code is available on GitHub at https://github.com/lorenzolucchese/
deep0Bs under the BSD 3-clause license.

The results discussed hereafter are specific to the experimental setup under consideration, i.e.
they are specific to the selected stocks, time period, and models. Different experimental setups may

lead to different results.

2.4.1 Do high-frequency returns display predictability?

In order to understand whether high-frequency returns display predictability we consider the
following set of models:

Mo = {benchmark, deepLOB(L1), deepOF(L1), deepLOB(L2), deepOF(L2), deepVOL(L2), deepVOL(L3)},

where L1 models only use the first level of the order book, while L2 and L3 models use the first 10
levels. For each return horizon h € {10, 20, 30, 50, 100, 200, 300, 500, 1000} and TICKER € {LILAK,
QRTEA, XRAY, CHTR, PCAR, EXC, AAL, WBA, ATVI, AAPL} we determine the MCS p-value
of each model in Mg. The MCS p-value for the unpredictive benchmark model are reported in
Table 2.4. Lighter green shading corresponds to o = 0.05 while darker green is a = 0.01.

From the results reported in Table 2.4 we see that at high frequencies predictability is systemat-
ically present. For most of the stocks under consideration, we were able to identify predictability
up to 50 order book events ahead at the 99% confidence level.

Except for LILAK, which is the most illiquid stock, we observe a substantial correlation between


https://github.com/lorenzolucchese/deepOBs
https://github.com/lorenzolucchese/deepOBs
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h=10 | h=20 | h=30 | h=50 | h=100 | h=200 | h =300 | h =500 | h = 1000
LILAK 0.00 0.00 0.42 1.00 1.00 1.00 1.00 1.00 1.00
QRTEA 1.00 0.01 0.01 0.00 0.00 0.00 0.08 0.77 0.54
XRAY 0.00 0.00 0.00 0.01 0.10 0.23 0.48 1.00 0.93
CHTR 0.00 0.00 0.04 0.00 0.42 1.00 1.00 1.00 0.97
PCAR 0.00 0.00 0.00 0.00 1.00 1.00 0.60 1.00 1.00
EXC 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.51 1.00
AAL 0.11 0.00 0.00 0.00 0.00 0.71 1.00 1.00 1.00
WBA 0.00 0.00 0.00 0.00 0.02 0.27 0.13 0.01 1.00
ATVI 0.00 0.00 0.00 0.00 0.00 0.78 1.00 1.00 1.00
AAPL 0.00 0.00 0.00 0.23 1.00 1.00 1.00 1.00 1.00

Table 2.4: MCS p-values of the unpredictive benchmark model for the 10 tickers and 9 horizons under
consideration. When the p-value is low at least one of the order book-driven models statistically outperforms

the unpredictive benchmark, i.e. there is order book-driven predictability according to Definition 2.4.1.

the persistence in predictability and the average Updates to Price Changes ratio, cf. Table 2.1.
Recalling that in our setting the horizon h is measured in order book updates, this can be interpreted
as it being easier for the deep learning models to predict returns that are the result of fewer price
changes. One might thus expect to obtain a more consistent maximum predictable horizon across

stocks when using a price change-driven clock to measure time.

2.4.2 Which order book representations perform the best?

Having discussed the extent to which the class of models under consideration can identify pre-
dictability, it is now natural to ask which of these models performs best. In the MCS framework,
this corresponds to determining the specifications which are consistently placed in the set of superior
models. We restrict our attention to the horizons and stocks at which predictability is identified
and, for each model in consideration, we count the number of times it is identified as a superior

model. The results are reported in Table 2.5.

a=0.05 o=0.01

benchmark 0% 0%
deepLOB(L1) % 11%
deepOF(L1) 23% 22%
deepLOB(L2) 5% 11%
deepOF (L2) 88% 89%
deepVOL(L2) 65% 84%
deepVOL(L3) 7% 86%

Table 2.5: % of times the model is in the a-MCS when predictability is identified at the corresponding

significance level a.

From the results in Table 2.5 (at the 99% confidence level) we can make the following observations
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on the way order book representations influence model performance. When considering deep learning
models for short-term return prediction having access to L2 data provides a significant advantage
over L1 data. We see that models with L1 data are rarely placed in the set of superior models when
predictability is identified. When going from L2 to L3 data instead, the increased granularity does
not seem to provide a clear advantage: deepVOL(L2) and deepVOL(L3) display similar performance.
Our experiment, therefore, suggests that 1.3 data might be excessively granular when predicting
high-frequency returns from order books when using the deepVOL architecture.

The choice of features used to represent the order book is also crucial when leveraging deep
learning methods for return prediction. Using order flow or volume representations provides a
significant improvement in performance: the basic deepLOB model ends up being included in the set
of best models only 10% of the time and is outperformed even by the model with only first-level (L1)
order flow. Volume- and order flow-based models (with L2/L3 data granularity) display comparable

performance, being placed in the set of superior models in 85-90% of the predictable horizons.

2.4.3 Can we use a single model across multiple horizons?

In this section, we explore whether using a seq2seq decoder to produce multi-horizon predictions is
beneficial. Such models have the clear advantages of having a single set of weights (the network
size is only slightly bigger than single horizon networks) and output multiple predictions in very
similar run times. This significantly reduces both the memory required to store the models and
the time needed to train them. But how do they perform when compared to their single-horizon
counterparts?

To answer this question we run the same experiment as in Section 2.4.1 and Section 2.4.2 but
enlarge the set of models with the seq2seq specifications. We focus only on prediction horizons
h € {10,20,30,50}. The results are reported in Table 2.6 and Table 2.7.

From Table 2.7 we note that, for each input type, the seq2seq specifications outperform their
single horizon counterparts. We suggest this behavior might be due to the increased availability
of information in a multi-horizon setting. For a given input-target pair, when targets are multi-
horizon, more information is available on the “order book regime” the inputs should be mapped to.
Multi-horizon models can thus learn a more granular map from the input variables to the latent

space of “order book regimes”, which might be beneficial for producing predictions.

Remark 2.4.4. Note that running the model confidence set procedure again with a larger set of
models leads to a counter-intuitive situation where fewer predictable horizons are identified. One
would expect that adding models could only increase the number of horizons at which predictability
is identified. While this is true in the limit as the number of evaluation periods increases to infinity,
it does not hold in the setting where we have access to a finite set of observations'?. With this

observation in mind, we note that results in Table 2.6 are consistent with those in Table 2.4.

2This is due to the statistical nature of the MCS procedure: the more models under consideration, the higher the
probability that an unpredictive model will outperform the benchmark due to sampling effects.
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h=10 | h=20 | h=30 | h =250
LILAK 0.00 0.00 0.31 0.55
QRTEA 1.00 0.10 0.06 0.00
XRAY 0.00 0.00 0.00 0.00
CHTR 0.00 0.00 0.01 0.01
PCAR 0.00 0.00 0.00 0.00

EXC 0.23 0.00 0.00 0.00
AAL 0.08 0.00 0.00 0.00
WBA 0.00 0.00 0.00 0.00
ATVI 0.01 0.00 0.00 0.00
AAPL 0.00 0.00 0.00 0.07

Table 2.6: MCS p-values of the unpredictive benchmark model for the 10 tickers and 9 horizons under
consideration when seq2seq models are also considered. When the p-value is low at least one of the order
book-driven models statistically outperforms the unpredictive benchmark, i.e. there is order book-driven

predictability according to Definition 2.4.1.

2.4.4 Can we use a single model across multiple stocks?

In a similar spirit to Sirignano and Cont (2019), we investigate questions regarding the universality
of order book dynamics. Intuitively, at a microstructural level, securities which are traded by market
participants with similar characteristics may be subject to the same trading patterns, independently
of the underlying stock’s properties. In Sirignano and Cont (2019), the authors observe that price
formation dynamics driven by past order book information, i.e. next mid-price moves, display
common patterns across different stocks. In this section, we explore whether similar results hold
over longer horizons.

We run the same experiment as in Section 2.4.1 but train the models on multiple stocks
simultaneously. Specifically, we split the set of 10 stocks under consideration into two; a first “in-
sample” set of stocks given by {QRTEA, CHTR, EXC, WBA, AAPL}, and a second “out-of-sample”
set {LILAK, XRAY, PCAR, AAL, ATVI}. For each window w, we use all the training-validation
data for the “in-sample” stocks to train (and validate) the models. We then evaluate the trained
models on the test data of both the “in-sample” and the “out-of-sample” stocks. The results are
reported in Table 2.8.

Focusing on “in-sample” stocks, we note that using universal models leads to results that are
partially inconsistent with those in Table 2.4. A possible explanation for this is that equities on
the Nasdaq all trade with the same tick size, ¥ = $0.01, causing some stocks to trade with wider
spreads (small tick) and others with smaller spreads (large tick) relative to the tick size. The results
of Table 2.8 suggest the universal models are learning the trading dynamics of small tick stocks (as
these are more represented in the training data) and hence perform poorly on medium and large
tick stocks. These results are intrinsically tied to the observations of Remark 2.4.5.

These observations carry over to the “out-of-sample” stocks. For AAL and ATVI, two large
tick stocks, universal models can consistently outperform the unpredictive benchmark predictions

without ever learning from the stock’s past order book data. This provides evidence of the presence
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a=005 o=0.01

benchmark 0% 0%
deepLOB(L1) 6% 10%
deepOF(L1) 13% 16%
deepLOB(L2) 6% 13%
deepOF (L2) 63% 1%
deepVOL(L2) 63% 74%
deepVOL(L3) 75% 84%
deepLOB(L1, seq2seq) 13% 26%
deepOF (L1, seq2seq) 16% 16%
deepLOB(L2, seq2seq) 16% 39%
deepOF (L2, seq2seq) 91% 97%
deepVOL(L2, seq2seq) 78% 84%
deepVOL(L3, seq2seq) 81% 87%

Table 2.7: % of times the model is in the a-MCS when predictability is identified at the corresponding

significance level a.

of common trading patterns in the order books of different tickers. These result suggest that
when developing universal models one should either group stocks based on their microstructural
characteristics or appropriately normalize input and target data to account for such heterogeneity,
we refer to Briola, Bartolucci, and Aste (2024) for a recent review on the topic.

A natural question to ask is whether the conclusions from Section 2.4.2 carry over to the universal
setting. The results in Table 2.9 suggest the superior power of L2 over LL1 data is retained for
universal models. In this case, though, the increased granularity of L3 data appears to be actually
beneficial. Moreover, when considering universal models, the volume representation appears to
outperform both order book and order flow inputs. These results thus suggest that some predictive
universal patterns can be extracted only from the most granular data. This empirical observation
agrees well with the previously suggested explanation that universal models may be picking up
trading patterns of large tick stocks where, due to the increased constraint on L1/L2 dynamics, the

queue dynamics gain informativeness.

Remark 2.4.5. As discussed in Section 2.3.2, the choice of v used to define the return classes is
stock-specific. This means that up/down labels for different securities may correspond to different
numbers of mid-price changes. This is in line with our choice of order book-driven clock, which is
by definition also stock-specific. It is important to note that the choices of v and clock ¢ might not
entirely account for structural trading differences of stocks, making it harder to identify universal

trading patterns. This contrasts with Sirignano and Cont (2019), where the next mid-price move
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h=10 | h=20| h=30 | h=50 | h=100 | h=200 | h =300 | h =500 | h =1000
LILAK 0.98 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
QRTEA (x) 0.00 0.00 0.01 0.06 0.00 0.13 0.59 0.34 1.00
XRAY 0.03 1.00 1.00 1.00 1.00 1.00 0.62 0.81 1.00
CHTR(x) 1.00 1.00 1.00 1.00 1.00 1.00 0.94 1.00 1.00
PCAR 0.08 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
EXC(x) 0.00 0.00 0.00 0.00 0.00 0.39 0.69 1.00 1.00
AAL 0.00 0.00 0.00 0.00 0.00 0.58 0.60 1.00 1.00
WBA () 0.00 0.00 0.00 0.00 0.02 0.58 0.36 0.14 1.00
ATVI 0.00 0.00 0.00 0.00 0.60 0.74 0.88 1.00 1.00
AAPL (%) 0.07 1.00 1.00 1.00 1.00 0.59 1.00 0.65 1.00

Table 2.8: MCS p-values of the unpredictive benchmark model for the 10 tickers and 9 horizons under
consideration, universal models only. When the p-value is low at least one of the order book-driven models
statistically outperforms the unpredictive benchmark, i.e. there is order book-driven predictability according

to Definition 2.4.1. (%) are “in-sample” stocks.

a=0.05 a=0.01

benchmark 0% 0%
deepLOB(L1, universal) 0% 0%
deepOF (L1, universal) 0% 0%
deepLOB(L2, universal) 8% 24%
deepOF (L2, universal) 42% 62%
deepVOL(L2, universal) 1% 81%
deepVOL(L3, universal) 92% 100%

Table 2.9: % of times each model is in the a-MCS when predictability is identified at the corresponding

significance level a.

has a straightforward universal structural interpretation. There are a couple more differences with

Sirignano and Cont (2019) we want to point out:

o First, in Sirignano and Cont (2019), the authors consider a much bigger set of stocks, comprised
of 500 “in-sample” stocks used for training and 500 “out-of-sample” stocks, making their

model more general and thus more universal.

e Second, in that paper, the authors also investigate questions regarding the stationarity of price
formation dynamics. This entails using a single long training window: the greater availability
of data leads to more stable results. To employ the model confidence set procedure and allow
the models to capture patterns specific to different economic regimes, we did not adopt this

approach in our work.

o The LSTM model considered in that paper differs from the deepLOB/deepOF /deepVOL
architectures. In Sirignano and Cont (2019), the LSTM specification is an online model,

i.e. inputs at time t represent the order book state at time t only and are fed through an
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LSTM-based architecture updating the stored hidden state and producing output predictions.
In our models, instead, there is no storage of hidden units between one prediction and the
next, i.e. at each time step ¢, we input the order book history between t — 7'+ 1 and ¢ (in
the form of raw order books, order flow or volumes) and, after appropriate convolutional
feature extraction, apply an LSTM to the processed sequential data to produce the prediction.
When studying dependence on order book history 7', Sirignano and Cont (2019) refer to the
cut-off horizon used in the backpropagation through time computation of gradients during

the training procedure.

2.5 Conclusions and outlook

In this chapter, we explored empirical questions regarding the predictability of mid-price returns
driven by order book data in centralized exchanges. The predictability in price formation dynamics,
already considered in the sense of next mid-price change in Sirignano and Cont (2019), was found
to persist up to 50-300 order book updates ahead, horizons over which multiple mid-price changes
may occur. Such predictable horizons might vary from a few milliseconds to nearly half a second,
depending on the stock under consideration. These results contrast with low-frequency returns,
where predictability is much harder to identify but easier to trade once discovered. In fact, in the
high-frequency context, predictability is not always exploitable due to technological limitations and
market microstructure issues. A related and more challenging question is, therefore, to understand

whether the predictability identified in this chapter is actually tradable.

The experiments were carried out using specific deep learning architectures. Other than identi-
fying predictable horizons, we aimed to answer questions related to the models under consideration.
In particular, we found strong empirical evidence for using L2 data over L1 data. But, from the
results presented in this chapter, using even more granular order book information (L3) seems to
benefit only universal models. The experiments also highlight the importance of carefully choosing
a data representation: models based on the basic order book level representation are considerably
outperformed by those with order flow or volume inputs. Finally, we found empirical evidence
for the presence of universal trading patterns in order book dynamics. Our preliminary results
suggest that deep learning architectures may pick up different predictable order book patterns
when trained on a pool of stocks instead of a single one. The volume representation has some
considerable theoretical advantages, in particular, it is robust to small perturbations, which might

explain its superior predictive ability when considering universal models.

Many further theoretical questions regarding predictability which we believe to be of research
interest remain unanswered. First, it would be natural to explore whether predictability in returns
can be entirely explained by order book structure or if recurring trading patterns play a relevant role.

Next, one could compare the predictive performance of the deep learning architectures discussed in
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3 considered in Ait-Sahalia

this chapter to that of the models based on carefully engineered features!
et al. (2022). Finally, only Nasdag-traded stocks were considered in this work. This is a centralized
electronic dealer market on which relatively big companies are listed. It would be interesting to
explore whether similar results are obtained for securities traded on exchanges with different market
structures. With appropriate experimental setups, we believe the model confidence set procedure
used in this chapter provides a solid framework to tackle all these questions.

On the practical side, there are some relevant issues one should consider. First, it is essential to
note that in this work we focus on mid-to-mid returns, which are not tradable in practice. When
considering specific trading applications, one should thus define the return labels appropriately, for
example, working with ask/bid-to-mid returns. Second, in this work, we use an order book-driven
clock. In practice, this means the prediction horizon is intrinsically stochastic, which might be a
problem in execution. Another critical aspect that would need to be accounted for in practical
high-frequency trading is total execution speed. This consists of order book information latency,
model prediction run time, and order submission speed. Zhang, Zohren, and Roberts (2019) and
Kolm, Turiel, and Westray (2021) argue that their models (which are also considered in this work)
are sufficiently fast to be used by traders with good connections: see Appendix 2.G for a discussion
on the effects of infrastructure latency.

As with any trading application, one must also account for the impact his own trade will have
on the order book. Moreover, if many traders exploit the same inefficiencies, this might erode all
predictive power above the lowest tradable latencies. Overall we believe that while the predictability
identified in this work might not be directly tradable through a standalone strategy, it might still
help some market players, such as market makers, to gauge the direction of the market and adjust

their quotes accordingly.

13A linear regression on volume imbalance (a signal of market pressure) provides a good basic model for short-term
price changes. Understanding whether the deep learning models considered in this work are able to outperform or
identify alternative predictable patterns when compared to such economically motivated features is an interesting
avenue for future work.



Appendix

2.A Deep learning

2.A.1 Deep neural network architectures

When approximating a function'® f from a set of models {fs}oco, such as in the return prediction
task introduced in Section 2.2.2, a quite common approach is to consider a parametric family of
deep neural networks. Theoretically motivated by the universality of such models, this approach
does not rely on the functional form of f being correctly specified.

The main idea behind deep neural networks is to lift the input into a higher dimensional space
to extract relevant latent features before projecting onto output space. Mathematically a neural
network consists of a composition of functions, known as layers, f; : R%*-1 — R% for [ =1,...,L
where dy is the dimensionality of input space and dj, is the dimensionality of the output space, for
example dy, = 3 in our three-class classification task. A neural network is considered deep if the
number of layers L is large.

In the simplest case the layers f;’s are “activated” affine transformations, i.e. for input z;_1 €
Réi-1

filzie1) = al(Wizima + b),

where W, € R%*di-1 gnd b, € R% are learnable parameters, also known as weights, and o; is a
non-linear activation function applied element-wise. Neural networks of the form f = fro---0 f;
such that each f; is of this form have been shown to be universal for the class of continuous
functions (Cybenko, 1989; Hornik, Stinchcombe, and White, 1990), i.e. any continuous function
(on a bounded domain) can be approximated arbitrarily well by a large enough network in the
supremum norm'®. Related works have shown the representational benefits of depth: there are
functions that deep networks can construct with polynomially many parameters, which instead
require exponentially many parameters when considering shallow networks (Telgarsky, 2015).
More complex and domain-specific forms of layers f; exist; we briefly introduce convolutional and

recurrent/LSTM layers.

Convolutional layers

Convolutional layers are a natural choice when the input is an image, i.e.

di—1 _ mhi_1Xw;_1Xc_
Zl_leRll_Rll -1 ll’

!This notation covers both regression f(-) = ¢(-) and classification f(-) = (p,(-), p=(-), p1(-)) tasks.
15Tt follows directly that the class of neural networks is dense in LP(X) space, for bounded X C R

44
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where h;_1 is the height in pixels, w;_1 is the width in pixels and ¢;_1 is the number of channels, for
example ¢;_1 = 3 if the image is in RGB. A convolutional layer is a specific case of a generic dense
layer with parameter restrictions to account for adjacencies in the input’s structure. Weights are
constrained to be a family kernels, each aiming to extract local information. More specifically, a
convolutional layer consists of k; weight kernels, also known as filters, which are convoluted with the
input image to produce the output. Mathematically a 2-dimensional convolution with k; (n; x m;)

filters and stride (s; x ;) is described by

ng mp Ci—1

[fi(z1-1) ,]k Z Z Z{ nm,c[Zl—l]sl(i—1)+n,tl(j—1)+m,c+bl(k)}a

n=1m=1 c=1

where VVl(k) € Ruxmixca-1 for k =1,...,k;, are the k; filters, bgk) € R are bias terms and [-]; jx
denotes the 4, j, k-th entry of a three dimensional tensor. The output then lives in R X%k where
hy = (hi—1 —ny)/s1+1 and w; = (w;—1 —my)/t; + 1, assuming that s;|(hj—1 —n;) and ;| (w;—1 —my).
While this equation might look a bit daunting, convolutional layers are often easily understood
via a graphical depiction, as in Figure 2.A.1. Many empirical studies (Krizhevsky, Sutskever, and
Hinton, 2012; He et al., 2016) have investigated the ability of convolutional layers to extract relevant
features from input with grid-like topologies. In Section 2.2.3, we discuss how this ability might be

leveraged to extract relevant features from order books.

Output

3x3x32]
Filter (Bx3x32)

(4 x4)
Input with stride
(8x8x3) (2x2) Repeat @
32 filters

Figure 2.A.1: Convolutional layer, input z;_; € R8*8%3_filter size (n; x m;) = (4 x 4), stride
(s1 X t;) = (2 x 2) and number of filters k; = 32.

Recurrent /LSTM layers

When the input has a built-in temporal structure, this can be quite naturally accounted for by
recurrent layers. This type of layer retains information over time, discovering temporal dependencies
in the data. Recurrent layers may be used with streaming data to obtain online predictions or

applied to a whole time series yielding a single output. We focus on the latter case, i.e. assuming
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the input z;_; € R%-1 has a temporal structure of the form
Zj—1 = (Zl(i)p Sy Zl(iplfl))T € Rf-1xm-1,
the recurrent layer z; = fj(z;_1) is given by
hY e rm-1 B = ¢ (h,(tjll), zl@l) fort=1,..., Ty, z=h"",

(t)
1

where ¢; : R™-1 x R™-1 — R™-1 is a parameterized recurrent function and the h;”;’s are known

as hidden states. The most widely used type of recurrent layer is Long Short-Term Memory
(LSTM) (Hochreiter and Schmidhuber, 1997). While other types of recurrent layers may suffer from
vanishing or exploding gradients when training, the specific structure of LSTMs largely prevents
such problems (Hochreiter et al., 2001). In an LSTM layer each hidden state h is augmented with

a memory state s, and hence the recurrence becomes
t ¢ t—1) (t—=1) _(¢
(40,502) = (M 500

The equations governing the LSTM recurrence are given by

hl(t_)1 = ol(t_)1 ® tanh(sl(t_)l),
s =g U(bz + U, + Wlhz(:l)) + 1% o8y,

where the input, forget and output gates depend on the context, i.e. on hl(t:ll), zl(i)l, via:
t ¢ t—1
o = o0+ U0, + W),
t t t—1
fl(—)l = 0'<blf + Ulle(—)l + VVlfhz(—1 ))7

Ol(t—)l = U(blo + Ulozl(i)l + Wlohz(:l))7

for sigmoid activation function o, element-wise product ® and parameters b, blg , blf , by € R™Mi-1,

U, UZ, U] Up € Rmi-1<mi—1 and Wy, W, W/, WP € Rmi=1%mi-1_ The network diagram of an LSTM

layer is given in Figure 2.A.2. LSTMs summarize relevant context information in the memory cell
(t)

5,4, performing exceptionally well on tasks with a strong temporal dependency (Melis, Dyer, and
Blunsom, 2017).

2.A.2 Training deep neural networks

As discussed in Section 2.2.2, once we have specified a parametric model for approximating the
prediction function f = fy we wish to learn the best approximation to f from a training set of

observed input-output data Dyain = {(%i, ¥i) }ieTian - L0 do so, we aim to find the parameter
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Figure 2.A.2: LSTM layer network diagram.

combination 6 which yields predictions closest to the observations:

0 = argmin L(0|Dirain) = argmin{ 1. Z E(fg(:ci),yi)},
6co beo  \|Lurain| ; 5~

where L(-,-) is a loss function quantifying the distance between the prediction and the observed
value, and 6 contains all network parameters (weights matrices, bias terms, CNN filters...). The
form of £ may be chosen using probabilistic arguments or according to some other task-specific
criteria.

When the model fy is a deep neural network the loss landscape L(6) = L(0|Diyain) may be very
complex and finding a “good” minimizer is often a difficult task. The most widely used approach is

to use (some variant of) gradient descent in which the model parameters are iteratively updated by
pntl) — g(n) _ nVeL(H(”)),

until a convergence criterion is met. Here 7 > 0 is a fixed learning rate, and the weights 8(9) are
chosen according to an appropriate initialization rule. When considering deep neural network
architectures, the number of parameters is often very large, and therefore second-order methods are
often intractable or computationally infeasible. Many variants of the first order gradient descent
algorithm exist though. For example, the stochastic gradient descent algorithm updates parameter
values based on estimates of the gradient VyL(#™) computed from a random subset (known as a
batch) of the training dataset. More advanced first-order optimizers consider momentum and/or
use adaptive learning rates. In our experiments, we use the Adam optimizer (Kingma and Ba, 2017)

which updates the parameters based on adaptive estimates of first and second-order moments:

1
-5

o =4 153 {8200+ (1= B2) [VoL (0]},

n+1)

m(

{Bim™ + (1= B1)VoL(0™)},
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m(nt+1)

pintl) — ) _pp
VAT

for parameters n, 51, B2,€ > 0.

Remark 2.A.1. Note that, contrary to other model specifications, such as linear models, the fitting
procedure of deep neural networks is not closed form. This adds a further layer of uncertainty.
Any model is subject to the following two sources of uncertainty: one due to model specification
(i.e. f = fp) and one due to parameter estimation uncertainty (i.e. statistical error arising from
estimating 6 from a finite sample). Models that do not have closed forms for 6 from observed data
are further subject to numerical optimization error in the parameter estimation phase. Sometimes,
the optimization procedure may not even converge to a (global) minimum. With deep neural
networks, we thus trade off smaller model uncertainty (at least theoretically due to the universality

property) for larger parameter estimation error.

When the task is a classification problem fy is usually chosen so that it maps to {p € [0, 1]C :
llplli = 1}, where C is the number of classes in the set C. This allows to give a probabilistic

interpretation of the deep neural network outputs, i.e.

fo(x) = {pco(x)}eec, where peg(zx) =Py = clz,0).

In this case, a natural choice of loss function to use during training is the cross-entropy loss, which
can be understood by maximum likelihood arguments: assuming the responses are independent
given the features and the distribution of the features is independent of the parameters 6 the

negative log-likelihood is

1
L(9|Dtrain) = —log P(Dtrainye) XTI Z Z ]l{yi:C} logpae(xi).
‘Itrairl‘ 1€ ZL¢rain c€EC

When training samples for the classes are unbalanced, say class ¢ € C has many more samples
than all other classes, the optimization algorithm tends to get stuck in the trivial minimum given
by the Dirac measure at ¢ € C. One way to mitigate this effect is to re-weight the categorical cross
entropy loss such that the network is less incentivized to move towards the trivial minimum. With
appropriate weighting, ¢ € C observations influence the direction of the gradient less, thus reducing
the strength of the attraction towards the trivial minimum. Mathematically one uses the following

weighted categorical cross-entropy loss

1
’Itrain ’

L(thrain) = Z wcn{yi:c} log peo (xz)a

iEItrain ceC

where the weights w,. are chosen to be inversely proportional to the class’s training set density. For

example, in our experiments, we set:
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_ |Itrain|
#{Ci € Dirain 1 ¢ = C} '

We = wc(Dtrain)

2.B Model confidence sets

The model confidence set procedure introduced by Hansen, Lunde, and Nason (2011) provides a
formalized statistical inference framework in which to compare competing models. It does not
assume that any of the models is the true data generating process but simply aims to identify a
set of models that will contain the best model with a given level of confidence, known as model
confidence set, MCS. A model confidence set is, therefore, analogous to a confidence interval for a
parameter. To identify the best models, one must compare the model outputs (either as estimated
class probabilities or as forecasts) by selecting an appropriate loss/score function.

Let us denote by My the set of models under consideration and by {L;,}"_, for i € Mg the
time series of losses. In the MCS framework for models i, j € Mg and window w € {1,..., W} we
define:

dijw = Liw — Lj -

)

Under a stationarity assumption on the (d;j )w>1, we define the set of best models among those in
My as
M* = {ie My :Eld;;] <0Vje Mg}

This is the set we want to identify by using the MCS procedure. The MCS algorithm is then defined

as follows.

Definition 2.B.1. Let 6, and ey be an equivalence test and an elimination rule.
Step 0. Initially set M = M.
Step 1. Test Hoaq @ Eld;;] =0, Vi,j € M using drq at level a.

Step 2. If Hg aq is accepted, set MT_Q = M, otherwise, use e to eliminate an object from
M and repeat the procedure from Step 1.

Under appropriate assumptions on the equivalence test and elimination rule!®, the model

confidence set M}‘_a has the following asymptotic properties:
(i) iminf P(M* € M;_,) > 1 —a,
W—oo
(i) lim P>i € Mji_,) =0 for i ¢ M*,
W —o0

where W — oo denotes the number of sample periods. If furthermore, the equivalence test and

elimination rule satisfy a coherency condition!'”, we have the following finite sample property:

10We require the equivalence test duq to have asymptotic level o and asymptotic power 1, while the elimination
rule exq needs to satisfy limw o Plep € M*|Hinq) = 0.
"The required coherency condition is P(6a rejects Hoam, em € M*) < a.
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(iii) P(M* Cc Mi_,) >1—a.

In Hansen, Lunde, and Nason (2011), the authors give multiple practical examples of equivalence
tests and elimination rules. We focus on implementing the MCS procedure with tests constructed
from t-statistics and bootstrap estimators. This choice of equivalence test and elimination rule has
two practical advantages: it does not require estimating a variance-covariance matrix for the time
series {(dijw)ijemy, w > 1} which might be difficult when M| ~ W and it satisfies the coherency
condition required for the finite sample property (iii) of the MCS procedure. Let us assume the

following holds:

Assumption 2.B.2. For some 7 > 2 and v > 0, it holds that that {(d;jw)ijem,, w > 1} is strictly
stationary, a-mixing of order —r/(r — 2) and Var(d;j.) > 0, E|d;j.,["7 < oo for all i, j € M.

For a set of models M C M with time series of relative performances {(d;jw)i jem,w > 1}

define the following quantities Vi, j € M:

Ty oS g d— Y
i = Ty gy Qi = ijs
w w=1 |M| JEM
respectively measuring the sample relative performance of the models ¢ and j and the sample

relative performance of model 7 and all other models in M. We can then introduce the following

t-statistics Vi € M:

d;.
ti, = ———,

Var(d;.)
where \//a;"(cji.) are appropriate estimators of the variances of the d;.’s. The associated test statistic

is Tnax,m = max;em t;.. The equivalence test and elimination rule are given by:
(0m) Reject Ho a if Tinax, pm > Fg_l(l — ) where Tipax ~ F,.
(esm) Eliminate argmax;e y ti..

The asymptotic distribution of the test statistic Tinax, a1 is nonstandard because it depends on the
(usually unknown) nuisance parameter g under the null. The value of g is not strictly necessary
since we can consistently estimate the distribution of Tiyax a1 by using a bootstrapping procedure.
In this case, the equivalence test compares the observed value Tinax,m With the bootstrap empirical
quantile. The resulting procedure preserves the asymptotic'® properties (i) and (ii) and the finite
sample property (iii) under Assumption 2.B.2. For details of the bootstrapping procedure see the
Appendix of Hansen, Lunde, and Nason (2011).

Remark 2.B.3. The test based on the t-statistic discussed above relies on the fact that the null

hypothesis Hy ¢ can be equivalently rewritten as

1
= > di.

18As both the sample size W and the number of bootstrap samples B increase.

HO,M : E[dl] =0, Vi e M, where d;
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In this chapter, we present results using MCS p-values, which are defined as follows.

Definition 2.B.4. Let (drq, eaq) be the equivalence test and elimination rule associated with a
MCS procedure as defined in Definition 2.B.1. The elimination rule defines a decreasing sequence
of random sets Mo D M1 D ... D M|, by successively eliminating models ey, - - -, €jrq,)- Let
PH, \, denote the p-value associated with the null hypothesis Hy o¢ under the equivalence test
with the convention that PHo, ;| = 1. Then for model i = epq, € Mg the MCS p-value is defined
as

MCS __
P = mac pr, o,

Note that the definition of MCS p-value is such that for i € My pM©S > a <= ie Mj_,,.

Remark 2.B.5. The MCS procedure is quite flexible. It allows to compare models between each
other and to compare them to an unpredictive benchmark model (by including the unpredictive
benchmark in Mg). When only two models are considered, i.e. |[My| = 2, the MCS procedure
reduces to testing the null hypothesis Hy : E[d;,4,] = 0.

The model confidence set procedure relies on the assumption that the loss differences time
series {(dijw)ijemy, w > 1} is stationary and a-mixing. This means that even when the loss
process {(Li;w)iem,, w > 1} is non-stationary, e.g. model performance is tied to regime changes,
the model confidence set procedure might still be applicable. In Section 2.4, we assume the time
series {(dijw)i,jemo, W > 1} to be stationary based on intuitive arguments, but we discuss some
statistical checks which might be carried out to provide further evidence in this context. First of all,
it is worth noting that general tests for stationarity are not available: most tests require assuming a
parametric form on the time series. The simplest example would be to impose a linear structure on
the time series, i.e. assume the difference time series {d,,, w > 1} = {(d;j.w)i jem,, w > 1} follows

a Vector Auto-Regressive process of order 1:
dy =Tdy-1+1n,,

where n,, ~ N(0,%,) are serially uncorrelated. In this setting, one can consider various tests to
determine whether the process is stationary. For example, one may apply multivariate homogeneous
Dickey-Fuller tests (Harvey and Bates, 2003) to test the null of a unit root against the alternative
of stationarity or a multivariate KPSS test to test (short-memory) stationarity as the null and the

presence of a unit root as the alternative (Nyblom and Harvey, 2000).

2.C Data processing

From LOBSTER (Huang and Polak, 2011) we obtain the order book and message files introduced
in Section 2.3.1. These files are jointly processed to obtain the desired order book features, i.e. raw
order books, order flow and volumes, and responses as described in Section 2.3.2. Before extracting

the feature-response pairs the data is treated in the following way:
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1. order book states with crossed quotes are removed;

2. states occurring at the same time stamp (at nanosecond precision) are collapsed onto the last

state, e.g. an aggressive order executing against multiple resting limit orders;
3. the first and last 10 minutes of market activity are dropped;

4. the smoothed returns at the requested horizons — as defined in Section 2.3.2 — are computed

and matched to the corresponding features.

The data provided by LOBSTER is easily accessible and does not exhibit significant anomalies.
The only data inconsistencies we found were on 2019-11-05 for the WBA ticker after the trading
halt occurring between 13:32:50.233001415 and 13:37:50.2335639.

2.C.1 Volume data processing

LOBSTER provides level-based data in a form that can be easily manipulated to derive order
book and order flow features (we access the first L = 10 levels). Deriving the volume features
from LOBSTER data instead is a non-trivial task. If we set a window W > L for the volume
representation, some levels past L = 10 might have prices that fall in the volume window, i.e.
pgftﬂ) € {Tr:(ﬂlt) Ve ,773(;3/)}, and we won’t have the required information. To avoid this issue in all
our experiments we set W = L = 10. Reconstruction of L3 queue data has a further complication:
every time a quoting price leaves the 10-level range, all orders submitted/canceled at this price
are not recorded. Therefore there is no way of reconstructing what happens at such a price level
while it is outside of the 10-level range. To minimize the effect of this shortcoming, we adopt the
following systematic approach: each time a quoting price (re-)enters the 10-level range, we initialize
the corresponding queue with a single order of size given by the total liquidity available at that
price level (even if it may be made up of multiple independent orders).

These issues could be mitigated by accessing data deeper in the order book from LOBSTER,
say L = 50 or 100, while keeping a relatively small window W << L.

2.D Dataset descriptive statistics: ATVI deep dive

In this section, we report some descriptive statistics of the processed data used for the experiments.
We focus on one representative stock, Activision Blizzard Inc. (ATVI). First, we explore the
distribution of the order book, order flow, and volume features. For each level/price tick, we report
the aggregated distributional boxplot. Moreover, in order to understand the temporal behavior of
the data, we fix one specific level/price tick and look at how the distribution varies day by day.
Finally, we analyze the distribution of the target categorical returns. To do so we fix the first window
in the experiment procedure, i.e. w = 1 in Section 2.4, and plot the unconditional train, validation,
and test distributions at each prediction horizon h € {10, 20, 30, 50, 100, 200, 300, 500, 1000}.
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2.D.1 Features

In Figures 2.D.1-2.D.5 we plot the aggregate and temporal distributions of the features x; described
in Section 2.3.2. We note the following:

e As expected, order book prices display significant non-stationarity, cf. Figure 2.D.1.

(0

t,x

Figure 2.D.2, and volumes s(w), Figure 2.D 4,

o The difference between order book volumes v b

is that in the former we measure the distance from the mid in levels, i.e. the volume is strictly

positive, while in the latter we use all, i.e. also possibly empty, price ticks.

e In Figure 2.D.3 we note that order flow is zero most of the time. By definition, we have

non-zero flow only when an event affects exactly that level or the whole order book shifts.

e To provide some insight on the distribution of L3 volume features, we plot queue depth
statistics in Figure 2.D.5. We note that most queue depths are less than 9 orders long, this

justifies the queue depth cutoff of length 10 chosen in our experiments.

e Finally, looking at Figure 2.D.2, Figure 2.D.4 and Figure 2.D.5, one can clearly note the
difference between first level /price tick dynamics and those of the rest of the order book:

active price discovery leads to lower volumes and shorter queues.

2.D.2 Responses

In Figure 2.D.6 we plot the unconditional empirical distributions of the target responses defined
in Section 2.3.2 for the first window w = 1. Note that the threshold 4 is based on the training
dataset only. As detailed in Section 2.4, the train and validation sets are randomly partitioned from
a four week period, i.e. Dy train U Dy val, and thus are likely to display similar volatility regimes.
On the other hand, the test set D, test corresponds to the following week, cf. Figure 2.11, and
thus may exhibit a different volatility profile. By joining the train and validation distribution we
obtain the unpredictive benchmark described in Remark 2.2.1 and used to define predictability in
the experiments in Section 2.4.

In Figure 2.D.7 we explore the dependence structure of the return labels by plotting!® the
previous h-step return c;_j; against the next h-step return c;;15. We note that for all horizons
h € {10, 20, 30, 50, 100, 200, 300, 500, 1000} the null hypothesis of independence is rejected by a
contingency chi-square test. The fact that return labels display some form of persistency has a
two-fold interpretation. On one hand, it provides evidence towards the existence of predictability
in the data, i.e. against the i.i.d. Efficient Market Hypothesis on which the unpredictive benchmark
is based, cf. Remark 2.2.1. On the other, it suggests that a simple one-step ahead Markovian

model of returns may display predictive power, i.e. a model which predicts the next price move

9To be more precise, we plot ¢;—p—x,; against ¢, .y, in order to avoid any kind of overlap between the labels, cf.
Section 2.3.2. We drop the k for clarity of exposition and notational convenience.
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ATVI orderbook price
Aggregated distributions
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Figure 2.D.1: ATVI order book prices during the period from January 2nd, 2019 to Januray 31st, 2020.

¢t,t+h conditional on the last return ¢;_p; only. In this respect, we note the return label ¢;_j ; can
be computed from the features (x;—741,...,%;) for T sufficiently large. In view of the universal
approximation property of neural networks, any such simple model can thus be considered as
‘nested’ in the deep learning models treated in this work. In Appendix 2.E we explore how well a
specific model based on ¢;_p; only performs when compared to the more complex deep learning

models considered in this chapter.

2.E Simpler predictive models: an empirical auto-regressive speci-

fication

In this section, we explore how a simple model performs when compared to the deep learning
architectures considered in this work. We base the model on the simple empirical observation that

the target return labels display time-dependence, cf. Appendix 2.D.2 and Figure 2.D.7. We consider a
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ATVI orderbook volume
Aggregated distributions
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Figure 2.D.2: ATVI order book volumes during the period from January 2nd, 2019 to Januray 31st, 2020.

one-step ahead?” auto-regressive (AR) model, i.e. we aim to estimate p.(x) = P(ct1n = *|ci—pt = *)
for x,x € {],=,1}. We use a non-parametric approach, setting p.(x) in period w € {1,...,11}
to be the empirical distribution of ¢; 4, = * € {],=,1} given the previous return label was
ci—nt = * € {},=,1} in the training and validation set Dy, train U Dip val, i-€. the row normalised
matrices displayed in Figure 2.D.7. Formally, this is the maximum likelihood estimator of the
conditional probabilities P(¢c; ¢4, = *|ci—p = *) given the dataset Dy train U Dy val. We repeat the
experiments of Section 2.4.1 and Section 2.4.2 with this empirical AR model in the set Mg. The
updated results are reported in Table 2.E.1 and Table 2.E.2 (we only report results at the 99%
confidence level, i.e. & = 0.01).

The results reported in Table 2.E.1 are consistent with those in Table 2.4. The main differences
are due to some additional predictable horizons identified by including the empirical auto-regressive
model. This mostly occurs for stocks with low liquidity (LILAK, QRTEA, and CHTR) where the

low data regime makes it more challenging for deep learning models to train effectively.

2076 avoid any look-ahead bias we actually condition on ¢;—p—g,+ where k is the smoothing factor introduced in
Section 2.3.2. We write c¢—p + for clarity of exposition.
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ATVI orderflow
Aggregated distributions
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Figure 2.D.3: ATVI order flow during the period from January 2nd, 2019 to Januray 31st, 2020.

In Table 2.E.2 we note the greater expressivity of deep learning models provides a significant
advantage compared to the simple empirical auto-regressive model. While the simple AR model
does display predictive power, it is often outperformed by the order book-driven deep learning
models deepOF(L2) and deepVOL(L2/L3). In Table 2.E.3 we dive deeper into this analysis by
reporting for each ticker-horizon combination whether the simple AR model or deepVOL(L3) is in
the MCS of best models.

While our results suggest deepOF and deepVOL architectures significantly outperform the
simple AR model, a more in-depth study comparing these specifications to the models in Ait-Sahalia
et al. (2022) is required to shed some light on the question of whether the expressivity of deep
learning techniques is the key to producing good predictive models or if careful feature engineering
can be as effective. This analysis is of particular relevance in applications where prediction speed

plays a fundamental role, see Appendix 2.G.
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Figure 2.D.4: ATVI volumes during the period from January 2nd, 2019 to Januray 31st, 2020.

2.F Defining returns

The way returns are defined is often an overlooked topic which inevitably has a significant effect on
model evaluation. Here we state two alternative definitions to that given in Section 2.3.2 taken
from the literature and discuss their properties. In all cases, the mid-price is treated as the “true”

price and returns are defined relative to it. Recall this is not a tradable price.

o In Ntakaris et al. (2018) the authors define the return at horizon h as

_ h

My tph — Mt 1

Ttt+h = —— Mti+h = 1 th—l—i;
mi hi3

where m; denotes the mid-price at time ¢. This definition of return compares the smoothed

mid-price over the next h time steps to the current mid-price. In this case, the return can be

equivalently understood as the average mid-to-mid return over the next h time steps. As the

horizon h becomes longer, so does the window over which we smooth the returns. This has a
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Figure 2.D.5: ATVI queue depths during the period from January 2nd, 2019 to Januray 31st, 2020.

couple of practical disadvantages in terms of the predictability questions we wish to explore.
First, predictability over A = 100 time steps might be due to changes of the mid-price over the
first, say, h = 50 time steps, and thus it becomes difficult to discuss questions of persistency
in predictability. Second, this definition results in stronger correlation between returns at

different horizons, 71y, and 74yp,, inducing a hidden bias in multi-horizon models.

In Zhang, Zohren, and Roberts (2019) and Zhang and Zohren (2021) the authors define the
return at horizon h by

_ _ h

Mypih — My—ht 1

h—1

o 1

Ttt+h = m , Mt tyh = E E Miti, Mt—ht = E E mi—q,
t—ht i=1 i=0

where m; denotes the mid-price at time ¢. This definition has similar drawbacks to the
previous one. But, additionally, we believe it may suffer from look-ahead bias: for example, if
the mid-price has been going up in the past h steps (an information which is included in our

covariates), then it is more likely the return r; 45 will be positive.
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Figure 2.D.6: ATVI return labels during the first window of the experiment, i.e. from January 14th, 2019 to
February 15th, 2019.

The definition of returns used in this chapter, cf. Section 2.3.2, does not suffer from the issues

identified for these two return specifications.

Remark 2.F.1. The definition of returns intrinsically depends on the clock used to measure time. Note
that in Kolm, Turiel, and Westray (2021) the authors use a physical time clock with stock-specific
horizon h. In their setting, the authors use simple un-smoothed mid-price returns,

Miyh — My

Ttt+h = m
t

With our choice of order book-driven clock, even assuming mid-mid trading, there is no way of
placing a trade exactly h order book events ahead, i.e. the prediction horizon is random. Smoothing
the exit price can thus be understood as averaging out the uncertainty in the execution time.
Moreover, in our work, we aim to investigate questions regarding structural market predictability.
In our setting, smoothing mid-prices leads to better estimates of the true (latent) prices by weakening
idiosyncratic noise effects. As pointed out in the conclusions in Section 2.5 though, in practical
trading applications it may be more appropriate to consider a physical time clock and un-smoothed

returns.
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Figure 2.D.7: ATVI return labels dependence in the joint training and validation dataset during the first
window of the experiment, i.e. from January 14th, 2019 to February 15th, 2019.

2.G Infrastructure latency

In this work, we explored the predictive value of order book data by assuming instantaneous access
to such information. In practice, due to technological constraints, market participants experience
varying degrees of delay when engaging with the order book. Let us write \™Vi®" and A\™2t for

the latencies that market participant n experiences when viewing and acting on the order book



Chapter 2. The Short-Term Predictability of Order Book Markets 61

h=10 | h=20 | h=30 | h=50 | h=100 | h=200 | h =300 | h =500 | h = 1000
LILAK 0.00 0.00 0.38 0.40 0.04 0.08 0.00 0.01 1.00
QRTEA 0.00 0.01 0.03 0.00 0.00 0.00 0.06 0.85 0.26
XRAY 0.00 0.00 0.00 0.01 0.09 0.35 0.35 0.73 0.85
CHTR 0.00 0.00 0.03 0.00 0.00 0.00 0.06 0.14 0.56
PCAR 0.00 0.00 0.00 0.00 0.86 0.42 0.31 0.17 1.00
EXC 0.12 0.00 0.00 0.00 0.00 0.00 0.00 0.46 0.38
AAL 0.04 0.00 0.00 0.00 0.00 0.65 0.70 0.10 0.38
WBA 0.00 0.00 0.00 0.00 0.01 0.23 0.04 0.00 0.18
ATVI 0.00 0.00 0.00 0.00 0.01 0.61 0.34 0.12 0.03
AAPL 0.00 0.00 0.00 0.16 0.08 0.03 0.05 0.06 0.09

Table 2.E.1: MCS p-values of the unpredictive benchmark model for the 10 tickers and 9 horizons under
consideration. When the p-value is low at least one of the order book-driven models statistically outperforms

the unpredictive benchmark, i.e. there is order book-driven predictability according to Definition 2.4.1.

a = 0.01

benchmark 0%
empirical AR model 28%
deepOF(L1) 12%
deepOF(L1) 26%
deepLOB(L2) 12%
deepOF(L2) 81%
deepVOL(L2) 7%
deepVOL(L3) 79%

Table 2.E.2: % of times the model is in the a-MCS when predictability is identified at the level o = 0.01.

respectively. For x € {view,act} we can decompose
)\n,x — Ag + Ai,.t’

where A3 is the time it takes the financial entity running the market, e.g. the Nasdaq, to execute
an action on the order book once received and A§'®" is the time it takes the market entity to send
out the information regarding an order book update. Market participants make large efforts to
reduce their idiosyncratic latencies Ai’z for x € {view,act} by optimizing software and hardware,
one prototypical example being co-location. Note that Ai’aa also includes the time needed to take
a trading decision which, in our setting, requires a forward pass through a pre-trained predictive
model, e.g. deepLOB/deepOF /deepVOL. Figure 2.G.1 represents how market-wide and idiosyncratic
latencies affect market participants.

When considering practical trading applications one should thus take into account the effect
these latencies may have on the definition of returns, cf. Section 2.3.2 and Appendix 2.F. For

example, denoting by ¢t = 1,2,... the order book-driven clock considered in this work, one may
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[h=10 [h=20 [h=230 [ h=50 | h=100 [ h=200 | h =300 | A =500 [ h = 1000 |

LILAK
QRTEA
XRAY
CHTR
PCAR
EXC
AAL
WBA
ATVI
AAPL ||

Table 2.E.3: Comparison between emprical AR model and deepVOL(L3) MCS results, « = 0.01. Shading
indicates whether the empirical AR model and/or deepVOL(L3) is in the set of best models. White: neither,
light blue: empirical AR model only, blue: deepVOL(L3), dark blue: both. Grey shading indicates the

ticker-horizon combination was not deemed predictable at the 99% confidence level.

Action executed Action viewed by Action initiated by Action executed
on order book market participant n market participant n on order book
A A 3 A
view n,view n,act act
>‘O T )\+ >\+ T )‘0
Action broadcasted to Action received
market participants by market entity

Figure 2.G.1: Market-wide and idiosyncratic latencies.

want to predict the return between physical times 7 + A% and 77,5, + A™»*! where
p phy N
)\n,tot — )\n,view 4 )\n,act — )\(t)ot + A:l_,tot)

is the total round trip latency time to view and act once the order book clock ticks and 7 : N —
[0,00) is the increasing random function mapping the order book clock to physical time. An
interesting analysis in this setting would be to analyze how predictability varies as a function of
)\i,tot _ )\riview i )\ri,act‘

In order to quantify the magnitude of these time lags and better understand their impact we

briefly summarize some infrastructure tests published by market participants.

o As of 2023, the Nasdaq reports the door-to-door speed of its matching engine, i.e. A\f°* =
A3Ct 4 \¥IeW £ be ‘sub-40 s, with the fastest production implementation at 14 us’ (Nasdaq,
2023). Studies from 2015 report the door-to-door latencies of Brazilian and European futures
exchanges in the order of a few hundred microseconds (Kirilenko and Lamacie, 2015; Menkveld
and Zoican, 2017).

o Leading industry producers of co-located network adapters and feed handlers report the total

speed for processing an order book message and sending a trade action, i.e. tick-to-trade
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latency A% = APVY 4 A2 t0 be of the order of a couple of microseconds (us) (Enyx,
2020; CSPi, 2023). This is achieved via the use of specific hardware known as FPGA cards.
These figures assume relatively simple trading decision applications, when working with more
sophisticated predictive models, such as the ones considered in this work, one should account
for a couple of hundred microseconds in tick-to-trade latency, see Table III in Zhang, Zohren,

and Roberts (2019) for unoptimized forward-pass run times.

The total latency A\¥t°! is thus less than a fraction of a millisecond (ms) while the average time
elapsed between consecutive price changes in our data ranges from 0.18 to 8.38 seconds depending
on the liquidity of the stock, cf. Table 2.1. The effect of infrastructural latencies on the definition

of returns, cf. Section 2.3.2, should thus not deteriorate results significantly.

2.H Stock selection

Ideally, we would like to work with the same set of stocks as in Kolm, Turiel, and Westray (2021).
Due to computational limitations, we were able to conduct experiments only on a subset of 10
tickers from the total 115 NASDAQ stocks considered in the original paper. We selected 10 stocks
with diverse liquidity characteristics, hopefully providing a sufficiently representative sub-sample of
the whole set.

To choose the sub-sample, we use the stock characteristics provided in Kolm, Turiel, and Westray
(2021), Table 6. For each of the liquidity characteristics — Updates, Trades, Price Changes, Spread —
we compute a sub-score based on the characteristic’s rank. For example, the stock with the most
updates is assigned an updates score of 1, while the stock with the least number of updates is
assigned an updates score of 0. The characteristic-specific scores are then averaged to obtain a
general “liquidity score” for each stock. The 10 chosen stocks correspond to the 10 evenly spaced
quantiles of the “liquidity score”. The liquidity characteristics of the 10 chosen stocks are reported
in Table 2.1.

2.1 Model details

In the experiments, we use the model architectures reported in Table 2.1.1 and Table 2.1.2. To speed
up the training procedure, we use batch normalization (Ioffe and Szegedy, 2015) (with momentum
= 0.6) after every convolutional layer and inception block. To prevent overfitting, we use a dropout
layer (Srivastava et al., 2014) (with noise = 0.2) positioned after the inception module.

All the models are implemented with float32 precision policy: at every layer, float32 is used
as computation and variable data type. Loss and gradient computations are also carried out with

float32 precision.
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Chapter 3

Continuous-time Autoregressive

Processes

We now transition from discrete-time to continuous-time modeling. In the previous chapter, we
considered a discrete set of events as the time parameter of the underlying process: the LSTM’s
hidden state was updated whenever an action occurred in the order book. This discrete-time
framework constrains the modeling granularity and timescale: (i) there is often no natural way
to interpolate between observations, and (ii) the timesteps must have a consistent interpretation.
While these constraints posed no issues when modeling order books updated at each tick, many
systems involve quantities that could be measured at any point in time but are only observed over

a finite collection of (irreqularly) spaced points.

In such cases, a continuous-time model offers a unified representation that remains consistent
across varying observational timescales. The class of continuous-time autoregressive (CAR)
processes explored in this chapter eremplifies this approach. Probably due to their smooth
dynamics, CAR processes have received limited research attention. However, as we shall see at
the end of this chapter, their behavior closely aligns with certain physical phenomena, including
light curves. This chapter focuses on developing the estimation and inference tools needed to

analyze such observations under a CAR specification.

3.1 Introduction

3.1.1 Motivation: from OU processes to CAR processes

Let L = {L¢, t > 0} denote a d-dimensional Lévy process with characteristics (b, X, F') on the
probability space (€, F',P'), i.e. b € R%, ¥ a symmetric positive semi-definite d x d matrix and F
a Lévy measure on RY, that is F({0}) = 0 and [ga(||z||* A 1)F(dz) < co. For a detailed treatment
of Lévy processes see Sato (1999). The Ornstein-Uhlenbeck (OU) process driven by L with drift
matrix A € My(R) is the unique strong solution Y = {Y;, ¢t > 0} to the stochastic differential
equation (SDE)

dY, = —~AY,dt +dL,, t > 0. (3.1.1)

This process has been the subject of great research interest from a theoretical and practical point

of view. When L is taken to be a Brownian motion, its properties are now well understood, with

This chapter is based on the submitted article: Lucchese, Pakkanen, and Veraart (2023).
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the first studies dating back to Uhlenbeck and Ornstein (1930). OU processes with more general
Lévy drivers have also been extensively analyzed, for example, Sato and Yamazato (1984) related
stationary OU-type processes with operator self-decomposable distributions while Masuda (2004)
studied their transition semigroups, transition densities, and mixing conditions. Such processes
have been used for modeling purposes in various fields, including physics, finance, and biology.
For a concrete financial application, see Barndorff-Nielsen and Shephard (2001) where a positive

stationary OU process is used to model the volatility process in a stochastic volatility model.

Formally, the OU process (3.1.1) satisfies

where p(z) = z + A is a first order polynomial and D denotes differentiation with respect to time
t. Informally, DL; represents a continuous-time random noise process and Equation (3.1.2) a
stochastically perturbed first-order homogeneous linear differential equation with constant coeffi-
cients. If we instead interpret D as a backshift operator we immediately notice why OU processes
can be understood as the continuous-time analog of discrete-time autoregressive processes of order
1, AR(1) for short. A deeper connection between the two classes of processes is present: under
appropriate conditions on A and L, for any h > 0 the h-skeleton of the OU process Y, defined by
Yp :={Ynn, n €N}, is an AR(1) process, see for example Masuda (2004, Theorem 4.3). In view
of this connection, we can naturally generalize OU processes in the same way as AR(p) processes
generalize AR(1) processes, i.e. for p € Nand A;,..., A, € My(R) we consider the (p — 1)-times
“differentiable” process Y which formally satisfies Equation (3.1.2) where

p(z) =P + AP+ Az + A,

is a so-called autoregressive polynomial and D denotes differentiation with respect to time t.
Equation (3.1.2) can now be interpreted as a higher-order homogeneous linear differential equation
with constant coefficients subject to exogenous random kicks. Such a process, which will be
rigorously defined in Section 3.2, is known as a Continuous Autoregressive (CAR) process and
falls in the wider class of Continuous Autoregressive Moving Average (CARMA) processes, the
continuous-time counterpart of ARMA time series models. An overview of CARMA processes is
given in Brockwell and Davis (2016, Chapter 11.5), focusing mainly on the results for Gaussian
CARMA processes obtained by Jones (1981) and Chan and Tong (1987). Properties of Lévy-driven
CARMA processes are investigated by Brockwell (2009) and Brockwell and Lindner (2009) in the
univariate case and by Marquardt and Stelzer (2007) in the more general multivariate setting. It is
important to note that the study of the Lévy-driven OU and CARMA processes is an active area
of research, and many researchers have made significant contributions to their understanding. The
mentioned works are merely a small fraction of the research conducted in this field and should not

be regarded as an exhaustive compilation.
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3.1.2 Contributions and literature review

Firstly and most prominently we develop consistent and asymptotically normal estimators for the
drift coefficients of multivariate Lévy-driven CAR(p) processes both when continuous-time and
(possibly irregularly spaced) discrete-time observations are available. As a necessary step in the
discretization procedure, in Section 3.4.2 we provide a rigorous treatment of the finite difference
approximation of the derivatives of a differentiable stochastic process which, to the best of our
knowledge, is a novelty in the field. Moreover, we believe the proofs of the asymptotic results for
the OU drift estimators appearing in Mai (2014) might contain some inconsistencies. By carefully
modifying the arguments we show the stated properties hold under slightly different assumptions
as a special case of our more general asymptotic results for CAR(p) processes. Finally, when
the multivariate observation has a known underlying network structure, we reduce the model
parametrization by introducing the GrCAR architecture, a natural extension of the GrOU process

introduced in Courgeau and Veraart (2022), and the corresponding estimators in Section 3.5.

Estimation of OU drift coefficients

When p = 1 our task reduces to estimating the drift coefficient of the Lévy-driven OU process
in Equation (3.1.1). In this setting, a wide range of estimators have been investigated in the
literature under different assumptions on the driving Lévy process L, cf. Table 3.1. Other than
the well-studied Gaussian case, specific results were developed in the context of non-decreasing
Lévy drivers in Jongbloed, Van Der Meulen, and Van Der Vaart (2005) and Brockwell, Davis,
and Yang (2007b) for Davis-McCormick M-estimators. As discussed in the previous section, this
class of processes is of particular relevance for volatility modeling (Barndorff-Nielsen and Shephard,
2001). Assuming the Lévy driver has a non-degenerate Gaussian component, Mai (2014) develops
continuous-time maximum likelihood estimators and analyzes their discrete-time counterparts,
naturally allowing for irregularly spaced data. Gushchin, Pavlyukevich, and Ritsch (2020) extend
the continuous-time likelihood results when L has heavier tails and Courgeau and Veraart (2022)
consider a specific multivariate extension, imposing a graphical structure on the observations.
More general (symmetric) Lévy drivers are considered in Fasen (2013) and Masuda (2010) under a
discrete-time uniform sampling scheme, where the authors analyze least squares and least absolute

deviation estimators respectively.

In the present work, we aim to revisit the results in Mai (2014), treated in Courgeau and Veraart
(2022) in the multivariate case, and extend them to multivariate CAR(p) processes of general order
p € N. Working under similar assumptions, we will consider explicit continuous-time maximum

likelihood estimators and their corresponding discretizations.
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Lévy driver L with characteristics (b, X, F')

Square-integrable!

Heavy tails?

Non-decreasing® ¥ >0 ¥ > 04
. Gushchin,
continuous-—time Brockwell, Davis, and Clc\)/{?: g?ll:zl’ q Pavlyukevich,
Yang (2007b) Veraagrt (2022) and Ritsch
(2020)

discrete-time
(uniform)

Brockwell, Davis, and

Yang (2007b),
Jongbloed,

Mai (2014),
Courgeau and

Fasen (2013),
Masuda (2010)

Van Der Meulen, and
Van Der Vaart (2005)

Veraart (2022)

Mai (2014),
Courgeau and
Veraart (2022)

discrete-time
(irregular)

Table 3.1: Estimation of OU drift coefficients.
L |z]|?F(dz) < oco. 2F is regularly varying of order « € (0,2). 3supp(F) C (0,00), ¥ = 0.
43 strictly positive definite.

Estimation of CAR drift coefficients

Fewer results are available for the estimation of CAR(p) processes of order p € N, some of which
are summarized in Table 3.2. In the more general setting of Lévy-driven CARMA (p, ¢) models, to
the best of our knowledge, all available estimators are based on uniform discrete-time observations
and their statistical analysis relies on the properties of the h-skeleton of the process. Following this
approach, Brockwell, Davis, and Yang (2011) considers least squares estimators with non-negative
Lévy drivers while Schlemm and Stelzer (2012a) and Schlemm and Stelzer (2012b) develop Gaussian
quasi maximum likelihood estimation results. As previously mentioned, in this work we will take a
diametrically opposed approach by starting from continuous-time maximum likelihood estimators.
In this spirit, we aim to extend the results for Gaussian CAR(p) processes presented in Brockwell,
Davis, and Yang (2007a) by allowing for general Lévy drivers and rigorously proving the asymptotic

properties of the discretized estimators.

Outline

The rest of the chapter is organized as follows. In Section 3.2, we define multivariate CAR models
via their state-space representation. In Section 3.3, we develop continuous-time maximum likelihood
theory based on fundamental results for more general stochastic processes (Jacod and Mémin,
1976; Jacod and Shiryaev, 1987; Sgrensen, 1991; Kiichler and Sgrensen, 1997). In Section 3.4, we
discretize the maximum likelihood estimators and prove the asymptotic properties are preserved.

The discretizations are obtained by approximating the integrals by Riemann sums, approximating the
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Lévy driver L with characteristics (b, X, F')

Square-integrable!

2

Gaussian Non-decreasing® ¥ > 0t

Brockwell, Davis, (%)
and Yang (2007a)

Schlemm and
Stelzer (2012b),

(%)
(%)

continuous-time

discrete-time Brockwell, Davis, | Brockwell, Davis,
(uniform) and Yang (2007a) | and Yang (2011)

discrete-time
(irregular)

Table 3.2: Estimation of CAR drift coefficients. (x) contribution of this chapter.
Lzl F(dz) < 0o. 2F =0, ¥ > 0. 3supp(F) C (0,00), £ =0.
43 strictly positive definite.

derivatives by finite differences, and disentangling the continuous and jump parts via thresholding.
In Section 3.5, we consider the setting where a high-dimensional observation of a CAR process is
known to posses a graphical structure, allowing for a parsimonious parametrization of the drift
coefficients. Next, in Section 3.6, we discuss an empirical application to light curve data: we show
how the variability in a star’s intensity can be characterized using the spectrum of a fitted CAR
model. Finally, Section 3.7 summarizes the main findings and discusses possible avenues for future

work.

3.2 Multivariate continuous-time autoregressive processes

In the following we denote by M,, 4(R) the set of n x d matrices over R. When working with square
matrices we write Mg(R) = Mg44(R) and denote by o(A) the spectrum of A € My(R). For a
vector space V, we denote by V* its k-th Cartesian power, i.e. V¥ := {(v1,...,v) 1 v1,...,0 € V}.

We start by making the definition of a multivariate Lévy-driven CAR process rigorous.

Definition 3.2.1 (MCAR process). Let L = {L;, t > 0} be a d-dimensional Lévy process with
characteristics (b, X, F). Let p € Nand A = (41,...,4,) € (My(R))?. Define

Odxd  Lixda  Oaxda -+ Odxd Odxd
Odxd  Odxd  lixda -+ Odxd Odxd
Apa = € Mpd(R), &= € Mpd,d(R)~ (3.2.1)
Odxd  Odxd  Odxda -+ lixd Odxd
—A, —Ap1 —Apo - —A Lixd
Then, for any set of matrices A1, ..., A, € M4(R), we define a d-dimensional multivariate continuous-

time autoregressive process of order p, MCAR(p) process for short, driven by L with coefficient
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matrices Ay, ..., A, € My(R) and initial state-space representation £, an F)-measurable random

variable independent of L = {L¢, ¢ > 0}, to be Y = {Y, ¢t > 0} such that
Y= <Id><d Odxd - ded) Xy 20, (32.2)
where X = {Xy, t > 0} is the unique pd-dimensional solution-process to the SDE
dX; = AaXydt + EALy, X =¢. (3.2.3)

Remark 3.2.2. We stress the following important properties of the MCAR(p) process:

o The MCAR(p) process is well-defined since the stochastic differential Equation (3.2.3) has a

unique solution-process X = {X;, ¢ > 0} with the following representation:
t
X, = eat¢ + / eAr=9edL,, ¢t > 0.
0

e If, in particular, we assume

— L satisfies the log-moment condition [~ log [|lz[|F(dz) < oo,

— the coefficient matrices are such that o(A4a) C (—00,0) + iR, and

— the initial condition £ has law £ (f(;)o eAnsg dLs),
then the d-dimensional MCAR(p) process Y = {Yy, t > 0} and its state-space representation
X = {Xy, t > 0} are strictly stationary, cf. Masuda (2004, Proposition 2.2) and Sato and
Yamazato (1984, Theorem 4.1 and Theorem 4.2). If, moreover, the driving Lévy process is

assumed to be r-integrable for some r > 0 they are also ergodic, cf. Marquardt and Stelzer

(2007, Proposition 3.34).

o If we extend L to be a two-sided Lévy process, i.e. L = {L;, t € R} defined by
Ly = Lilj o) (t) — L7, 1_oog)(t), tER,

where L' = {L}, + > 0} and L? = {L?, ¢t > 0} are independent identically distributed
one-sided Lévy processes, we can write the state-space representation of the strictly stationary
MCAR(p) process Y = {Y,, t € R} as

t
X, — / A9 edL,, teR.

The process X is known as the pd-dimensional state-space process of Y. Formally, the MCAR(p)
process Y = {Y;, t > 0} satisfies

p(D)Y; = DY, + A1 DP 'Yy + ...+ Ay 1 DY + A,Y; = DLy, (3.2.4)
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where p(z) = 2P + A12P71 + ...+ A,_12 + A, is the autoregressive polynomial and the operator
D denotes differentiation with respect to t. Note that DL; is in general not defined as a random
function and hence we make sense of this formal equation by introducing the RPY-dimensional
state-space representation X = {Xy, t > 0}. Note that, due to this construction, from a realization

of the CAR(p) process Y we can recover its state-space representation via right differentiation.

Proposition 3.2.3. Let D denote right differentiation, i.e for a function f : [0,00) — R% we say f
is right differentiable at t € [0,00) if the limit

lim
510

)

f(t+0) - f(t)
0

exists, in which case we call this the right derivative of f at t € [0,00) and denote it by Df(t). We
say f 1is right differentiable if it is right differentiable at everyt € [0,00). Let Y be an MCAR(p)
process with state-space representation X = (X(l)’T, . ,X(p)’T)T. Then we have that almost surely

Y is (p — 1)-times right differentiable and
XUt = DIy, for j=0,...,p— 1.

Proof of Proposition 3.2.3. Note that if f(t) = fgg(s) ds for a cadlag function g (the integral is
well-defined in the Lebesgue sense since g has countably many discontinuities) then f is right
differentiable and at any t € [0,00) we have Df(t) = g(t). This can be seen as follows: fix ¢ > 0,
and choose § > 0 such that if s € [t,t 4+ d) then |g(t) — g(s)| < e. Then for any 0 < §’ < 4,

1

t+6’
L[ s =gt < 5

A t+4’
fit+6) - f(t) < 5//; lg(s) — g(t)] ds < e.

5 - g(t)’ =

Thus, we have that, by definition of the MCAR process Y,
X =v,, t>o0,
and, inductively, for j > 1
DIy, = XU = /Ot XUt ds, t>0 = XU = piy, t>o.

In particular, we have that DP~!Y can have (infinitely many) jumps, since it jumps every time L

does and by the same magnitude, while DJY is almost surely continuous for all j < p — 1. O

Throughout this chapter, we make the following assumptions on the driving Lévy process.
Assumption 3.2.4. The driving Lévy process L = {L;, t > 0} has characteristics (b, X, F) and:

e is square-integrable, i.e. E[||L1|?] < oo;
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Y DY
1] 1
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_3<
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o 1 2 3 4 5 6 71 8 o 1 2 3 4 5 6 71 8
t t

Figure 3.1: State-space path realization X = (Y, DY)T of a d = 1 dimensional MCAR process of order p = 2
with drift parameter A = (A;, A2) = (1,2) and Lévy triplet (b =0,% = 1, F'(dz) = ¢(z)dx) where ¢(z) is a
N(0,1) probability density. The path is simulated over a discrete time grid by using the exact scheme
described in Appendix 3.G.2.

¢ has a non-degenerate Gaussian part, i.e. X is strictly positive definite.

Remark 3.2.5. Assuming ¥ is strictly positive definite, we denote by $1/2 its unique symmetric
positive definite square root. This assumption is necessary to obtain equivalence between measures
on path space and develop a likelihood theory. Note our results will thus not be applicable to
non-decreasing driving Lévy processes, i.e. Lévy subordinators, which are considered instead in
Brockwell, Davis, and Yang (2011).

3.3 Continuous observations: explicit maximum likelihood

In order to develop a likelihood theory for MCAR processes we first need to understand the
probability measures these processes induce on the path space and how such measures are related
to each other via a likelihood function. Given an observation of an MCAR process Yjg =
{Y,, s €[0,t]} one can then estimate the drift coefficients A* € (M(R?))P by the set of parameters
A(Y[OJ]) € (M(R%))P corresponding to the measure which makes the observation “most likely”, i.e.
which maximize the likelihood.

Fixing an initial condition for the state-space process xg € RP? and a set of coefficient matrices
A € (M(RH)P, by applying the definition of an MCAR process and Proposition 3.2.3 we note
there is a one-to-one relationship between the MCAR probability measure pa x, on the space of
R?valued paths and the state-space probability measure Pa x, on the space of cadlag RP_valued
paths. Let ¢P71([0, 00); R?) denote the set of (p — 1)-times right differentiable cadlag functions so
that the support of pa x, is contained in €7~1([0, 00); RY) C D([0, 00); RY). Then

I[Dzﬁ,xo - f*,U/A,XO and ,U/A,X() - g*IP)A,xoy
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where f: €771([0,00); RY) — D([0, 00); RP) maps

{ye. t >0} = {(y/,Dy/,....,D""'y)T, t >0},
and g : D(]0, 00); RP?) — D([0, 00); R?) maps

(T X kP > 0} - {x), ¢ >0}

In view of this correspondence, we can work directly with the probability measures of the state-space
representation of the MCAR process, i.e. PA x,. These turn out to be easier to analyze since they
are solution-measures of the RP%-valued Lévy-driven OU SDE (3.2.3). The main issues in the

analysis arise from the degeneracy of the driving Lévy noise EL = {ELy, t > 0}.

3.3.1 Deriving the likelihood

For a parameter A € (M(R?))? consider the pd-dimensional state-space representation Xa x, =
{Xaxpt, t > 0} of a MCAR(p) process driven by a Lévy process L with characteristics
(b, X, F), parameter A and deterministic initial condition £ = x¢ on an arbitrary stochastic
basis (', F',{F{, t > 0},P’). This satisfies the stochastic differential Equation (3.2.3) which, using

the Lévy-Ito representation of L, we can write as

dX; = (AaX; + Eb)dt + EXV2AW,
(3.3.1)

4 / £x{p(dt, dz) — F(dz)dt} + Exu(dt, dz),
lIzlI<1 lIzl>1
for a d-dimensional standard Wiener process W = {Wy, ¢t > 0} and a Poisson random measure
p(dt,dz) on Ry x R4\ {0} with compensator F'(dz)dt. It is easy to check that the coefficients of the
SDE satisfy local Lipschitz and linear growth conditions. We can thus combine Jacod and Shiryaev
(1987, Theorem I1.2.32 and Theorem 11.2.33) to deduce that VA € (M4(R))? there exists a unique
solution-measure of the SDE (3.3.1) on the canonical state-space (2 = D([0, 00), RPY), F, {F;, t >
0}) for any initial condition xg € RP?. We denote this measure by PaA x,- Under P x, the canonical
process X = {X;, t > 0} defined by X;(w) = w(t), V¢t > 0 is a solution of SDE (3.3.1).

Remark 3.3.1. We note that ¢; := EXET is not strictly positive definite and thus Sgrensen (1991,
Condition C) (which is the same as the hypothesis of Jacod and Shiryaev (1987, Theorem 11.2.34))
does not hold. This condition is used by Sgrensen (1991) to show uniqueness of the solution-measure

to SDEs for more general diffusions with jumps.

In the analysis of measures induced by general semimartingales, such as PA x,, the characteristics
(Jacod and Shiryaev, 1987, Definition 11.2.6) provide a valuable tool. It is a standard result (Jacod
and Shiryaev, 1987, Theorem II1.2.26) that the set of all solution-measures to SDE (3.3.1) with

initial condition Xy = xq is the set of solutions to the martingale problem on the canonical space
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(Q, F,{F:, t > 0}) with deterministic initial condition 7 = dx, and semimartingale characteristics
(Ba,C,v) where for w e Q,t>0

t

t
Ba(w) = / (Aaw(s) + Eb)ds = Aa / w(s)ds + Ebt,

0 0
t

Ci(w) = / ExeTds = exet, (3.3.2)
0

v(w; dt, dz) = dt / Mgy (E2)F(d2) = dt do(da_) F(da),
R

T T

where we write z = (z1,...,2,)T € RP? and x_p, = (o], ... ,xp_l)T, for x1,...,7, € R% Under

PA x, the canonical process X is a diffusion with jumps with local characteristics (Ba,C,v).

Remark 3.3.2. See Jacod and Shiryaev (1987, Definition I1.2.4 and Definition 11.2.24) for the

definitions of solutions to martingale problems and solution-measures. Two remarks:

« Note that a solution-measure for an SDE as (3.3.1) defined on a general stochastic basis
(Y, F {F/, t > 0},P) is a probability measure on the canonical space (2, F,{F, t > 0}).
As we vary A € (My(R))P in (3.3.1) the original stochastic basis (', F', {F}, t > 0},P') does
not change but the solution measure Pa x, on (2, F,{F;, t > 0}) does indeed.

e Note that solution-measures and solutions to martingale problems depend on the initial
condition, i.e. the initial distribution n(-) = P/(Xy € -). In the case where this is non-
deterministic the canonical space needs to be enlarged so that Fy contains the o-algebra
generated by Xg. In the following though, we will only need to consider deterministic initial

conditions x¢ € RPY,

Under Pa x, X4 x, = {X% x,.t» t = 0} defined for ¢ > 0 by

t
%ot = Xt —x0— 3 AX D gax. (o1} — Bay — /0 / = v ), (3.3.3)

s<t

is a continuous local martingale, where p is the jump measure over R, x RP?\ {0} associated with

the canonical process X, i.e.

px (w; dt,dx) = Z 0(s,AX, (w)) (dE, dz), (3.3.4)
520:AX s (w)#0
and AX = {AXy, ¢t > 0} is the jump process of X, i.e. AX; = X; — X;_. Note that by construction
of the state-space representation of the MCAR(p) process, jumps will only occur in the last d entries
of X. Let
A = (04xeds - - 0axa) € (Ma(R))?,

and note that the jump measure v does not depend on A € (My(R))P, ie. Ya(t,z,y) = 1 in
Serensen (1991) and Jacod and Mémin (1976).
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Proposition 3.3.3. Assume Assumption 3.2.4 holds. Fizt > 0 and let IP’fA,xO and ]P’Z(O) - denote
the restrictions of Pa x, and Pp ) y, to Fy respectively. Then VA € (Mq(R))?
Paxo ~ Paw 0
and PZ(O)’XO—almost surely
t
dPA:xO — EPA(O)7XO [ d]P)A7XO ft‘|
d]P)fA(O) X0 CHPA(O) X0
t o 1 st o
—exp{~ [ XTARET dXG, — 5/ XTARE 1 AaX,ds}, (3.3.5)
0 ’ 0
where
Odxd  Odxd -+ Odxd
Ap=| - : R (3.3.6)
Oixd  Odaxd -+ Odxd
—A, —Ay,y - —A
and
Odxd -+ Odxd Odxd
Sti=gn et - . (3.3.7)
Odxd ++ Odxd Odxd
Oaxd -+ Ogxa X1

Proof of Proposition 3.3.3. We follow a similar proof strategy as that in Sgrensen (1991, Theo-
rem 2.1), relying on the results of Jacod and Mémin (1976) and Jacod and Shiryaev (1987), but we
note that our process does not satisfy Sgrensen (1991, Condition C) since ¢; = Y = EXET is not

strictly positive definite. The outline of the proof is as follows:

« We start by considering the state-space representation of an MCAR process Xa x, satisfying
(3.3.1) on an arbitrary stochastic basis (', F',{F/, t > 0},P') and the associated unique
solution-measure P x, on the canonical state-space (€2, F,{F;, t > 0}), i.e. the unique

solution to the martingale problem (X, (Ba, C,v), dx,).

o Next, fixing ¢t > 0, we construct the unique solution Q4 x, to the martingale problem with
stopped characteristics (X, (BY, C*, 1), dx, ), i.e. the solution measure of SDE (3.3.1) stopped

at t > 0. By construction, ]P’fA,xO = fg,xo-

o Fixing a reference measure corresponding to the parameter A(©) = (Odxd; - - -504x,), we
then apply Jacod and Mémin (1976, Theorem 4.2.(c)) to Qa x, € (X, (B4, Ct, 1), dx,) and

QA x, € (X, (B o), C",v1), 0x,) to deduce equivalence of the measures. This step crucially
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relies on the specific structure of the problem as we will be able to write
S
Bkvs - BtA(O),S +/0 dCfLZA,'M (338)

where Za = {Za s, s > 0} is the predictable process defined by Za s = Yl AAX,_. To

apply the theorem we check the assumptions:

1. “7,-uniqueness of the martingale problem (X, (B, C* 1), dx,)"

We prove this by
showing the stronger local uniqueness property. In Sgrensen (1991), under the assumption
that ¢, is strictly positive definite, local uniqueness is deduced by a simple application of
Jacod and Shiryaev (1987, Corollary 111.2.41). In our setting though this property does
not hold and we need to work a bit harder to prove local uniqueness. We check directly
the conditions of the more general result Jacod and Shiryaev (1987, Theorem I11.2.40)

for the martingale problem (X, (B, Ct, vt), dx,):
(a) Jacod and Shiryaev (1987, Assumption II1.2.13) is satisfied because we are working
on the canonical space.

(b) Jacod and Shiryaev (1987, Assumption I11.2.39) is related to the Markovian structure

of our martingale problem.

(c) The solution to the martingale problem defines a transition kernel as the characteris-
tics are shifted in time and the initial condition is shifted in space: this is obtained

via an application of the 7 — A theorem.

(d) Uniqueness of the original martingale problem (X, (BYy, C?, '), ix,) has already been
checked.

2. Equivalence of initial conditions: we work with fixed initial condition dx,.

3. The random variable AfA,oo7 given by the limit as s T co of

s SAL o ~
Al = / Z} AC'Z, = / XTAL S Ap X, du, (3.3.9)
0 0

is Qa,x, and Q4 (o) y, a.s. finite. This follows from bounds obtained from the assumption
of square integrability of the driving Lévy process and explicit formulas for the second

moments of XA x,-

 Finally, we apply Jacod and Mémin (1976, Theorem 4.5.(b)) to deduce the form of the

conditional Radon-Nikodym derivative of QA x, w.r.t. Qa0 ,- We check the assumptions:

1. QA x, satisfies the martingale representation condition as it is the unique solution of
the martingale problem (X, (B, C*, '), dx,), this follows from Jacod and Mémin (1976,
Theorem 4.4).
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2. AY = {Aks, s> 0} is QA© x, a-s. continuous and its limit is finite: this simplifies the
form of the conditional Radon—-Nikodym process as we can drop any dependency on the

localizing sequence (7, ).

For full details, see Appendix 3.C.1. O

Remark 3.3.4. We make some important remarks on the proof:

o The proof crucially relies on being able to write Equation (3.3.8), for which we had to leverage
the specific forms of Aa and X. Our proof, therefore, does not immediately generalize to OU
processes with arbitrary matrix coefficient A and non-negative definite Gaussian covariance
¥ of the driving Lévy process. In the particular case where ¥ is strictly positive definite,

though, it is a standard result that the same result holds for any matrix coefficient A.

o In the proof it is essential to stop the SDE (3.3.1) at t > 0 since, if instead we attempt to
apply the theorems by Jacod and Mémin (1976) directly to P x, and P (o) 4, then we cannot

guarantee that Aa o < 00, Pa x,- and P o 0) x,-2lmost surely, where fort >0
S S - . -
Any = / Z% ACuZp = / XTAL S s X, du.
0 0

Remark 3.3.5. The proof of the previous statement can be alternatively obtained by applying
Girsanov’s theorem to the background Lévy process directly. Starting with a background probability
measure Py on a filtered probability space (', F',{F/, t € [0,T]}) with respect to which the process
{Ly, t € [0,T]} is a Lévy process with Lévy triplet (b, X, F'), we define the process {Xy, t € [0,7T}

as the unique strong solution to
dXt == .A()Xtdt + Est’ Xo = X,

i.e. the state space representation of the MCAR process of order p with coefficients 0 € (M (R%))P.
For any A € (M(R%))?, we can then apply Girsanov’s theorem (Jacod and Shiryaev, 1987,
Section II1.5) to define the measure Py such that P’y ~ Pg and

P/,

T 1 T
/ _ _ A 1/2 _ - A A
Ej [dl% Fr| =exp{ /0 (D, SV2AW,) — /0 (D, D)t}

where {Wy, t € [0, 7]} is the Brownian motion associated to {L¢, ¢t € [0,7]} under P and the drift
is
DA =Y 1ETANX, ., te[0,T].

Under Py, the process
t
LA =L, —/0 ¥ DAds, te0,T],
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is a Lévy process with characteristic triplet (b, X, F') and hence {Xy, t € [0,T]} satisfies
dX; = (AX; + ETAAX;)dt + EALA = ApXdt + LA, X = xq,

i.e. it is the state space representation of the MCAR process of order p with coefficients A €
(M(R%))P. The statement of Proposition 3.3.3 is then obtained by mapping Py and P’y to the
corresponding path space probability measures. In this work we keep the path space construction as
we believe it provides a natural setup when developing estimation results (we assume the observations
are samples of the path space Q). Moreover, the tools used in the proof of Proposition 3.3.3 are

slightly more general, providing some additional insight into likelihood theory over path space.

3.3.2 Maximum likelihood estimation

Note that Proposition 3.3.3 yields the likelihood of parameter A with respect to reference parameter
A ag the Radon-Nikodym derivative of two measures on the canonical space of RP%-valued paths
(Q, F,{F:, t > 0}) restricted to F;, that is an F;-measurable random variable. This is thus a mapping
from paths in D([0,#]; RP?) to R, i.e. a function of X[g . Setting Yo = {Y,, s €[0,7]} = Xfé?t]v
understood as an observation of the MCAR process, in view of Proposition 3.2.3 we can write
the likelihood (3.3.5) as a function of Y|g, (and its right derivatives). This is formalized by the
following lemma in which we define the vectorization operator for elements V € (M(R?))? by
vee : (M(RD)P — RPF as

V=W, V)= vee(V):= W vyt D p (D T

Lemma 3.3.6. Assume Assumption 3.2.4 holds. Let Yo = {Ys, s € [0,t]} be the observation of a
MCAR(p) process. Suppose the process starts in yo € R® with initial derivatives D'yq, ..., DP"lyq €
RY ie xo = (ya,...,DP7lyS)T. Let

DY Y Q0 04 = 1D Yqo . s €011},

be the last d entries of XCA(O),XO’ the continuous martingale part of the state-space representation

with parameter A = (04yq, . ..,04xq) as defined in (3.3.3) — note we drop dependence on xq as
DP7IYG o 0.
Then the likelihood function of the MCAR(p) parameters A € (M(RY))P given the observation Yo

8

| will only appear as an integrator and thus the initial condition becomes superfluous.

dPA x,
d]P)A(O) X0

ft] = exp {VGC(A)THt — ;Vec(A)T[H]tvec(A)} ,  (3.3.10)

L(A; Yoy) := £ A© x [
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where
fé Dp—ly's(_l)z—lde—ch

A0) g

fg Dp_l}/;(il)z_lde_lYZ(O)’S

H, = — ; : (3.3.11)
tv (1) e— _

Jo Yoo 571 DP Y )

)

t v (d)w— _
Jo YSORTHDPTIY G o

with quadratic covariation matrix

féf Dp—lys(i)E—IDp—ln(i) ds - f(;f Dp—l}/g(i)x—l}/g(f) ds
[H]; = : : : (3.3.12)
f(f Y's(ii)z—le—ly'sq) ds . fOt Y;(d)z—ly(d) ds

— S—

Proof of Lemma 3.3.6. The form of the likelihood follows by expanding (3.3.5) and grouping
in terms of Ag’j) for k =1,...,pand i,j = 1,...,d. To determine that [H]; is indeed the
quadratic covariation of H = {Hy, ¢ > 0} we use the fact that [DP7'Y¢ ) ]: = ¥t and the
multidimensional version of the Kunita-Watanabe identity (Protter, 1990, Theorem I1.29), i.e. if
X={Xy, t >0}, Z={Z;, t >0} are semimartingales and {G¢, t > 0}, {K;, t > 0} are caglad

adapted processes then

. . t
[/ GSdXS,/ stzs} :/ G.d[X,Z],KT.
0 0 t 0

O
Remark 3.3.7. Note that, given the observation Yjq;, the process DplefA(o) 0,4 €A1 be expressed
as
Dr—1 CA(0)7S = Dples - Dp*lyo—bs - Z ADpilYu]l{HADP*lYu”Zl}
Osuss (3.3.13)

=[] el dy) - duF(y), s € (0.1
0 Jlyll<t
where fi is the jump measure of Dp_lY[Ovt] ={Dr Y, s€[0,t]}, i.e.

fi(ds,dy) = > O(u,ADr-1y,)(ds, dy).
0<u<t:ADP—1Y ,#0
Under P4 (o) 4, this process is a Brownian motion with covariance Y. For any other A € (My(R))P
we can write

p S .
DPIYG =DV Y0, + Z/ A;DPIY, du, s € [0,1],
i=17"
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which is a Brownian motion with covariance ¥ under Py x,.

We can now use the explicit form of the likelihood for the MCAR model to obtain a maximum
likelihood estimator when continuous-time observations are available. In order to prove its asymp-
totic properties, we follow the approach outlined in Kiichler and Sgrensen (1997, Section 11.7),

which first requires establishing the following result for the score process.

Lemma 3.3.8. Under Assumption 3.2.4, for any A € My(R) the score
Vvec(A*) log ﬁ(A, Y[O,t]) = Ht - [H]tvec(A*), t> 0, (3.3.14)

defines a mean-zero continuous square-integrable Pa x,-martingale with quadratic variation
{H],, t >0}.

Proof of Lemma 3.3.8. See Appendix 3.C.2. O

The main results of this section are given in the following theorem which establishes the existence
and uniqueness of the continuous-time maximum likelihood estimator as well as its consistency and

asymptotic normality.

Theorem 3.3.9. Assume Assumption 3.2.4 holds and let
A={A € (MyR))?:0(Aa) C (—00,0) +iR}. (3.3.15)
Define the mazimum likelihood estimator
A(Y(p,) = argmax s ¢ g, ) LA Yo ),
then the MLE exists and is uniquely defined ¥t > 0 by
A(Ypy) = vec  ([H]; 'Hy), (3.3.16)

where H; and [H]; are given in Equation (3.3.11) and (3.3.12) respectively. Moreover, if A* € 2
then the MLE is

e (weakly) consistent, i.e.
A IPA*,x

A(Y[O,t}) —5° A*, t — 00;
o asymptotically normal, i.e.
(o]

Vit (vee(A(Yy ) = vee(AY)) <5 Z~ N(O,H), t— o0,

where Hoo € Mpg2(R) is a symmetric positive definite matriz such that

P * %
tUH]), 23° Ho, t— oo
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Remark 3.3.10. The asymptotic normality result immediately yields a feasible version of the limit

[/ (Vec(A(Y[Oﬁﬂ)) - Vec(A*)) L Z~ N0, L), t— oo

Remark 3.3.11. We can quite easily extend these results to the setting where the initial conditions
for Yo and its first p — 1 derivatives are assumed to be random with distribution given by the

stationary distribution of the MCAR(p) state-space representation with parameters A* € 2, i.e.
oo
COYE,. . DY = ¢ (/ eSAA*EdLS) .
0

Under such measure Pa- the observed MCAR(p) process Y and its state-space representation
are stationary and ergodic, cf. Remark 3.2.2. All other assumptions withstanding, we can show
consistency and asymptotic normality hold under Pa+ by first showing Lemma 3.3.8 also holds

under P~ and then proceeding as in Appendix 3.C.3.

Remark 3.3.12. Strong consistency of the MLE may be obtainable by applying a martingale strong
law of large numbers, e.g., Sgrensen (1991, Theorem A.7.6). In the following section, as we progress
toward our ultimate goal of developing a feasible estimator based on discrete observations of the
process, we will only be able to show that subsequent approximations preserve weak consistency
(cf. Lemma 3.4.3). Therefore, it suffices for our purposes to establish weak consistency of the

continuous-time MLE.

Proof of Theorem 3.3.9. The proof follows standard arguments for exponential families of stochastic

processes, see Kiichler and Sgrensen (1997). The log-likelihood

1
{(vec(A); Yo) = vec(A)TH; — §VGC(A)T[H]1§V€C(A),
is a quadratic form and [H]J; is Pa x,-a.s. symmetric positive definite. Note that we can make
pointwise sense of the (log)likelihood by using the pathwise construction of the stochastic integral
given in Karandikar (1995) for the integral' appearing in H;, ensuring we can define the MLE

pointwise (i.e. for any w € Q). We can thus write
vec(A (Yo ) = [H]; "Hy = vec(A”) + [H]; ' (H, — [H],vec(A")),

where the score {H; — [H|;vec(A*), t > 0} is a mean-zero continuous square-integrable P« -
martingale with quadratic variation [H]; by Lemma 3.3.8. The desired results then follow by
martingale CLTs. For the full details, see Appendix 3.C.3. O

'The integrand is the left-limit process of a cadlag process and hence Karandikar (1995, Theorem 2) applies.
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3.4 Discrete observations: high-frequency estimators

In the previous section, we worked under the unrealistic assumption of a continuous-time observation
of the MCAR process Yjp4) = {Ys, s € [0,t]}. Instead, we now assume that we observe the process
on a discrete (possibly irregularly spaced) time grid. For each ¢ > 0, let N; € N and

Pr:={0=s90< 81 <...<38pn, =t},

be a partition of [0,¢] with mesh Ap, := supg<;, (5i+1 — 8;). The discretely observed process is
then given by
th = {YS, s e Pt}

As before, we assume the driving Lévy process parameters (b, X, F') are given. In this section,
we work under the probability measure Pa« corresponding to a stationary and ergodic MCAR(p)

process with parameter A* € 2. We start by noting that the maximum likelihood estimator
A(Y[o,t]) = vec” ' ([H]; 'Hy),
is a function of integrals of the form
/0 t D'y dprty ) and /0 " DIy Dy ) s, (3.4.1)
fori,je{l,...,d} and I,k € {0,...,p — 1} where

dDP7'Y G ), =dDP 'Y —bds —dJ, —dM,, s € [0,], (3.4.2)

and the jump process Jjg ) = {Js, s € [0,t]} and Mgy = {Ms, s € [0,t]} are defined by

Js = Z ADpilYu]l{”ADpfryuHZl}, (343)
0<u<s

M, = [ ylidudy) - duF(dy)). (3.4.4)
0 Jllyll<1

To write an estimator based only on Yp, we thus need to make the following approximations:

1. Approximate the integrals appearing in Equation (3.4.1) by Riemann sums computed using

discretized observations of the processes, i.e. replace
Ni—1

t
/0 *Sd s Wlth Z *Sn('5n+1 - 'Sn);

n=0

2. Approximate the time derivatives in Equation (3.4.1) and Equation (3.4.2) by finite differences,
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i.e. replace
DjYSn with ﬁijn forj=1,...,p—1;

3. Filter out the discretized jump increments A% J and Ap M from A%, D DP-1Y in Equa-
tion (3.4.2) via thresholding, i.e. replace

n p—1~ysC
n DPlY

o with |A%DPY —bAR |01 i

A’"L Dp— lY?bAn
Q¢

<u"}

As we will see in Section 3.4.2, when introducing finite difference approximations, we will need to
work on two granularity levels: a finer partition P; to approximate the derivatives and a coarser
partition Q; to approximate the integrals and filter the jumps. Thus, throughout this section, P; will
denote the finest grid on which observations are available and, when required, Q; an appropriately

chosen coarsening.

Remark 3.4.1. Let Ly denote the background driving Lévy process. If we assume L to have
finite jump activity, i.e. F(R?) < oo, then we can write the continuous martingale part of Dp_lY[Oﬂ
as

DP~ 1YA(O) =DP'Y, —DP 'Yy —bs— > ADP'Y,, se]0,],

0<u<s

where (b, X, F) is the characteristic triplet when the truncation function 7(z) = 0 is used, i.e.

L, =bt +X?°W, + Y AL,, t>0,

0<s<t

Where the sum is almost surely finite. In this case we will work with only one jump process,

T, = {J,, s €0,t]} given by

> ADPY,, (3.4.5)
0<u<s
in which case the integrator becomes
D' 'Y 0, = DPY, - DV Y —bs = J;, s €[0,1]. (3.4.6)

Note that by rearranging the integral form of the formal Equation (3.2.4), i.e. the last d entries
of SDE (3.2.3), we can retrieve the background driving Lévy process Ljg4 = {Ls, s € [0,]} from
Y[O,t] by

p S .
L, =D\ 'Y, - DP 1Yy + Z/O ASDPIY, du, s €[0,1]. (3.4.7)

Under Pa- this is a Lévy process with Lévy triplet (b, X, F).

Remark 3.4.2. Recall that DP~'Y jumps whenever L does and by the same magnitude, i.e.
ADP71Y = AL. Assuming we can observe the jumps of the process DP~'Y is equivalent to

assuming we observe the jumps of the driving noise L.
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The following lemma establishes the framework to prove the subsequent approximations preserve

the asymptotic properties of the estimator.

Lemma 3.4.3. Let Al,t = Vec_l([H]i,}HLt) with Hy 4 € RPdQ, H);+ € RPEXPd e o consistent

and asymptotically normal estimator for A* € 2, i.e.
e Al = A", t — o0;

e Vit (vec(ALt) — Vec(A*)) Lz~ N(0,H), t — 00, where Hoo € Mpgz(R) is a symmetric

P ax
positive definite matriz such that t—'[H]; 4 23 Moo, t — 0.

Suppose that

t71/2 (HQ,t - Hl,t) Rﬁ) 07 t— o, (348)
and
Y2 ([Hoy — [H]10) 2250, ¢ — oo, (3.4.9)

forHy; € R H]o; € RPE*xpd® - Then the estimator Ay, = Vec_l([H]i%Hg,t) is also consistent

and asymptotically normal for A* € 2, i.e.

e Vi (VeC(Agﬂf) - Vec(A*)> L7~ N(0,Ho)), t — oo, and t~ [H]ay Fay Hoo, t — 00.
Proof of Lemma 3.4.3. We start by noting that Equation (3.4.9) immediately implies
HDA*

til ([H]Qﬂj — [H]l,t> — 0, t — oo.

.. . . N . .
Combining this with ¢~ *[H]; ; —2% Heo, t — 00, by uniqueness of limits we have

U ], 25 Heo,  t— oo (3.4.10)
Next, we show that
Vi ([H]3 oy — [H] Hy, ) =50, oo (3.4.11)

To do so we split the limiting variable as

Vi ([H5{ Hy, — [H H, ) = VE([H]  Ha, — [H]; [ H )

(3.4.12)
+ Vit ([H]y { Hy, — [H]Hy ),

and show that each of these two terms converges to zero in probability. We can write the first term
as

Vi ([H]; 1 Hy, — [H]5 1 H ) = (HH]5)) 772 (Hay — Hyy).
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By Equation (3.4.10), continuity of the inversion operator and invertibility of H., we can apply the

continuous mapping theorem to deduce
—1 ]PA* -1
tH]y, — Ho, t— o0

Thus by multiplicativity of Pa«-limits and Equation (3.4.8) the first term in (3.4.12) converges to

zero in probability under Pa«. The second term in (3.4.12) can be written as
Vi ([Hp Hy, — [HI ) = (] ) ¢ (] — [H2,) (H ).

We note that:
o t[H], + converges in probability under Pa« to Hz;
o t7Y/2([H];; — [H]2,) converges in probability under Pa~ to zero by Equation (3.4.9);

o [H] itlHl,t converges in probability under Pa+ to vec(A*) by consistency of ALt and continuity

of vec.

Thus, by multiplicativity of Pa--limits, we get that also the second term converges to zero in
probability under Pax.
Equation (3.4.11) immediately implies

_ _ P p
[H]; Hy — H]  Hy, =250, ¢ — oo,

and hence consistency of the estimator A27t follows from consistency of ALt and continuity of the

vec operator. Combining Equation (3.4.11) with the asymptotic normality of ALt yields
12 (5 Hyy — vec '(A%)) 55 Z~ N(O,HT), o0,
which, together with Equation (3.4.10), gives the desired asymptotic normality result for Azt. ]

3.4.1 Approximating the integrals

First, we assume we have access to the sampled time series of Y[g ; and its first p—1 derivatives over
the partition P, i.e. D'Yp, := {D'Y,, s € P;} for i =0,...,p — 1, as well as the jump processes
Jp, :={Js, s € Pi}, Mp, := {Mj, s € P;:}. In this setting we can perfectly recover DP_IYCA(O>7Pt
by

DplefX(O)’S =DP Y, - DP Yy —bs—J,—M,, secP.

Approximating the integrals in (3.4.1) by

N¢—1 ) ) Ni—1 ‘ ‘
Z Dl}/s(,j) (Dp—IYC,(]) _ Dp_lY;7((()]))7sn) and Z DlYg(i)Dkn(g)(Sn+1 _ Sn)a
n=0 n=0

A(0)75n+1
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for i,5 € {1,...,d} and I,k € {0,...,p — 1}, we obtain natural approximations for H; and [H];
respectively.

In order to derive the asymptotic properties of this discretized estimator, classic in-fill approxi-
mations are not sufficient. Instead, we need to combine in-fill and long-span asymptotics by taking
the limits as both the mesh size vanishes and the observation horizon increases to infinity. We
consider a countable sequence of partitions {P;, ¢t € T} with mesh Ap, — 0 as t — oo which satisfy

the following “high-frequency sampling condition”.
Assumption 3.4.4. The sequence of partitions {P;, t € T} satisfies Ap,t — 0 as t — oc.

Under this assumption, we can prove the discretized estimator preserves the asymptotic properties
Of A<Y[0,t])

Theorem 3.4.5. Let Yp, denote the sampled observation of a stationary and ergodic MCAR (p)
process with parameters A* € A under Pa~ such that the driving Lévy process satisfies Assump-
tion 3.2.4. Let {P;, t € T} be a countable sequence of partitions satisfying Assumption 3.4.4.

Define the discretized estimator
A(Yp,,..., D", Ip, Mp,) = vec ™! ([H]p!Hp, ), (3.4.13)

where

Dp—l 5(1)2_1

Hp,=— : (D" Yy, ~ D" Yaa., ). (3.4.14)
n=0 Yjs(l)zfl
Y's(d)zfl
o (Driyisipey D proty(Deety@
Hlp, = ) : : (Sni1 — Sn). (3.4.15)
n=0 Ys(j)E_IDp_IYs(nl) . Ys(nd)z—lys(:l)

The estimator is

o (weakly) consistent, i.e.

A

A(Yp,,...,DP"YYp Ip, Mp,) 23 A*, t = oo;

o asymptotically normal, i.e.

\/E (VeC(A<Y79z7 S 7Dp_1YPt7°]]Pt7MPt)) - VeC(A*)> —Z~ N<07Hgol)7 t — 00,
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where Hoo € M,q2(R) ds a symmetric positive definite matriz such that

1 H]p, 225 Hao, t — o0,

Proof of Theorem 3.4.5. We apply Lemma 3.4.3 with
Al,t = A(Y[O,t]) and Agyt = A(th, e ,Dp_Ith,,]]’pt,Mpt),

by decomposing the integrator as
P S .
DY, = DY Y Y /0 ASDPIY, du
j=1
p S .
=x2w, - /0 A5DPIY, du, (3.4.16)
j=1

where W = {Wy, s > 0} is a standard Brownian motion under Pa+. Under Assumption 3.2.4 by
Theorem 3.3.9 (and Remark 3.3.11) we have that Al,t is consistent and asymptotic normal. It thus
remains to prove Equation (3.4.8) and Equation (3.4.9). See Appendix 3.D.1 for the full details. [J

3.4.2 Approximating the derivatives

Next, we assume we have access to the sampled MCAR(p) process only, i.e. Yp, := {Ys, s € P},
and, as in the previous section, the jump processes Jp, and Myp,. Motivated by Proposition 3.2.3
we approximate the first p — 1 derivatives of Y| at each point in P; by forward finite differences.

We can define these iteratively by

Sn+1

Dk—lY _ ﬁk—len

Sn+1 — Sn

DFYp, := {D*Y,,, n=0,...,N; — k} s.t. D*Y, =

(3.4.17)

for ke {1,...,p—1} and DOth = Yp,. In order to obtain appropriate convergence of the (higher-
order) finite difference approximations to the corresponding derivatives we assume the observation
partitions P, become increasingly uniform. This is what we will refer to as the “convergence to

uniform spacing” condition.

Assumption 3.4.6. The sequence of partitions {P;, t € T} satisfies
-1 —3/2
=11 =0 (AR7), t— oo, (3.4.18)
where

info<i<n, (Si+1 — i)
SUP0§i<Nt(3i+1 — 5i)

cp, =

Remark 3.4.7. To understand this condition we note that
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o for p > 2, it implies ¢p, — 1, t — oo and Equation (3.4.18) can be understood as the “speed

of convergence”;

o when p =1, it is trivially satisfied for any sequence of partitions {P;, ¢t € T }. This is what
one would desire: the resulting estimator does not depend on P; as there is no approximation

of derivatives.

We will also make use of the following immediate consequences of the definition of cp,:

« ¢p, € [0,1], thus Assumption 3.4.6 implies |, — 1] = O (AIEUQ), t — oo for all k =

1,...,p—1, and

o for any interval [s;, Sn+1] € P; one has

CPtAPt S ‘Sn+1 - STL| S A’Pt'

A weaker assumption might be sufficient, where we control the ratio between the smallest and the
largest interval in each group of p — 1 successive intervals, i.e. the maximum length over which a

forward difference is defined.

Lemma 3.4.8. Let Yp, denote the sampled observation of a stationary and ergodic MCAR (p) process
with parameters A* € A under Pa~ such that the driving Lévy process satisfies Assumption 3.2.4. Let
{Ps, t € T} be a countable sequence of partitions satisfying Assumption 3.4.6. Fork € {1,...,p—1}
let Dkth denote the k-th forward finite difference of Yp, defined in Equation (3.4.17). Then for
any n € {0,..., Ny — k} we have

Ea- U(Dstn — D*Y,,

2} —0(Ap,), t— . (3.4.19)

Proof of Lemma 3.4.8. See Appendix 3.D.2. O

Having approximated the derivatives on the partition P, we then proceed as in Section 3.4.1 to
approximate the integrals. To preserve the estimator’s asymptotic properties, we must work on a

coarser partition, as demonstrated by the following simple yet illustrative example.

Example 3.4.9. In this example we deviate slightly from the task of estimating MCAR coefficients.

Assume that, for some fixed T' > 0, we wish to approximate the integral

T t
/ Zt dDZt, Zt =1+ / WSdS,
0 0

for some standard Brownian motion {W;, ¢t > 0}. Then, for any sequence of partitions of the

interval [0, 7] with vanishing mesh size, we have

T T
> Zo,(DZs,., —DZy,) = > Zs,(Wi, ., — Ws,) R / ZydW; = / ZydDZ;, Ap 0.
snEP sn€EP 0 0
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If we observe the process Z = {Z;, t € [0,T]} on the evenly-spaced partition P we can form the

finite difference approximations

a an+1 B an 1 fntl

DZ, = = A _ sd7 n .
N Ap Ap )y Wsds, s, €P

But if then we attempt to approximate the integral on the same partition used to compute the

finite difference approximations

E[( Y Z0(DZus— DZ0) = Y 20 (D70~ DZ0)]
sn€P sn€P

N N 2 2 2
> Y B2 E[((DZ,,,, ~ DZ,) - (DZ, - DZ.,)) ] 2 Y 2ap =2,
sn€P sn€P

since

E[((f)Z - Dbz,) - (DZ, ., — Dan))z]

Sn+1

— Al%E[(/Sn“(Ws - WSn+l)dS - /S:n (WS - Ws")ds)q

Sn+1
2
= @E[( ;

If instead we approximate the integral over a coarsening Q of P then

o Wsdsﬁ - %AP, s € P.

E( Y Zun(DZus = DZu) = . Zup(DZu, —DZM))Q}
um€Q um P

= Y EZ E|((DZu,, — DZ0,) ~ (DZ —DZum))Q}

Um+1 Um, Um+1

3 3
< (1 + %) Z %A'p = 2(1 + T?)TAEAP — 0, aslong as AélAp — 0,

by assuming for simplicity that no consecutive points in P appear in Q.

For all t € T we hence let
Qt:{OZUO<’UJ1<...<uN£:t},

be a coarsening of P; on which we will approximate the integrals by Riemann sums. Note that
N/ < Ny and Ap, < Ag,. As before, we will assume the sequence {Q;, ¢t € T} satisfies the
high-frequency sampling condition Assumption 3.4.4, and, hence, so does {P, t € T}, but we will

also control the rate at which the number of observations increases.
Assumption 3.4.10. The sequence of partitions {Q;, t € T} satisfies cg, — ¢ > 0 as t — oc.

Remark 3.4.11. This is a slightly stronger condition than N/Ag, = O(t) as t — oo, which is used in
Mai (2014) and Courgeau and Veraart (2022). The stronger condition stated in Assumption 3.4.10



Chapter 3. Continuous-time Autoregressive Processes 91

will only be needed when jointly approximating the derivatives and thresholding the jumps in
Section 3.4.3. In any case, both versions of this condition can always be achieved by subsampling

Oy, i.e. discarding observations.

Finally, we control the relative mesh sizes of P; and Q; via the following joint condition. This
ensures the derivative approximations converge faster than the Riemann sums and the resulting

estimator does not degenerate. The relationship between P; and Oy is illustrated in Figure 3.2.

Assumption 3.4.12. The sequences of partitions {P;, ¢ € T} and {Q;, t € T} are such that
Ap, = o(t71AG,) as t — oco.

Remark 3.4.13. For example, since tAg, — 0 as t — 0 by Assumption 3.4.4, a sufficient condition
is that Ap, Ath'

A k N k
-D Yum ‘D Yum+1
~ ~ A—
Il Il Il Il Il Il Il \
T T T T T T U [ 4
Py Sp Sn+tl : Sn+k
Qt . U, Um 41

Figure 3.2: Approximating the derivatives on P; and the integrals on Q.

Theorem 3.4.14. Let Yp, denote the sampled observation of a stationary and ergodic MCAR (p)
process with parameters A* € A under Pa~ such that the driving Lévy process satisfies Assump-
tion 3.2.4. Let {P;, t € T} be a countable sequence of partitions satisfying Assumption 3.4.6 with
refinements {Qy, t € T} satisfying Assumption 3.4.4, Assumption 3.4.10 and Assumption 3.4.12.

Define the discretized estimator

A(Yp,,Jo,,Mg,) := vec ! ([H];t{ngPt,Qt) , (3.4.20)
where
Dr-1y,Us-1
Mi—1 DpilYu(i)Eil
Hp, o, =~ Y. : (D" Y0y = D" Y500, ) (3.4.21)
m=0 Yu(l)E—l
qud)z—l
(DY ey ) prty (st
-
Hlp,.0 = Y, : : (U1 — um),  (3.4.22)
m=0

Yu(d)zflf)pflyu(l) . Yu(d)zflyu(d)
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are the approximated integrals over the partition Q; with the derivatives replaced by the finite
difference approxzimations, My = max{m € {0,..., N/} : up, < sn,—p} (i-e. need ﬁp_lYth to be
defined) and for m =0,..., My,

- M, (3.4.23)

m m*

D40, = DY, — DPTY) — bu, — 3,
The estimator is

o (weakly) consistent, i.e.
PA*

A(Yp,,Jo,, Mg,) 23 A*, t— oo;

e asymptotically normal, i.e.

Vi (VeC(A(YPwJQtaMQt)) - VeC(A*)> i> Z~ N(Ongol)a t — oo,

where Hoo € Mpg2(R) is a symmetric positive definite matriz such that

U H]p, 0, 25 Heo, ¢ — 0.

Proof of Theorem 3.4.14. We again apply Lemma 3.4.3, this time with
Ay =AYg,,...,DP Vg, Jo,,Mg,) and As;= A(Yp,,Jo,,Mg,).

Consistency and asymptotic normality of Al,t are given by Theorem 3.4.5 under Assumption 3.2.4
on the driving Lévy process and Assumption 3.4.4 on {Q;, t € T}. As before, it thus remains to
prove Equation (3.4.8) and Equation (3.4.9), for which we rely on the result of Lemma 3.4.8. See
Appendix 3.D.3 for full details. O

3.4.3 Thresholding the jumps

Finally, we assume that we have access to the sampled MCAR(p) process Yp, only, the most
realistic assumption. To remove the dependency on the jump processes Jp, and Mp, we will use
thresholding techniques to disentangle the continuous and jump components of DP_IY[(M. For ease

of notation let us write the increments of the partition Q; with mesh Ag, as
AQ, == Umy1 — Um, m=0,..., My —1,
and the increment of a process Z over the interval [ty,, um11] € Q; as

B 7= (Zuyy — Zuy), m=0,..., M —1.
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In the following, we aim to approximate the increments of the process given in Equation (3.4.23),
ie. form=0,..., My — 1,

Ag}t‘lA)pilych(O) = Agﬂﬁp*IY - bAgt B Agt'] o Ath7
by the thresholded increments

Ap—1 o Ap—1
Bup DV Yy = [AB DY —bAG [ 01y Ag Dr1Y-bag |<vpr) (3.4.24)
where v € R? is a thresholding vector, 1 {Ix|<y} fory € R? denotes the vector with i-th entry
given by 17, 1<y} and © denotes element-wise product. The motivation behind the thresholding

approach is to interpret the (de-trended) increments
AL DPY D pOAT

greater than the threshold l/t(i)’m to be mainly driven by the jump part of DP~1Y(® and those

smaller than I/t(i)’m to be mainly due to the continuous part of Dr=1y (@), By an appropriate choice

of scaling for {(V?)%f:_ol, t € T} this procedure aims to disentangle the continuous and the jump
components of the process as t — co. We proceed in a similar way to Mai (2014) and Courgeau
and Veraart (2022) where the thresholding technique is used to develop an estimator for the drift
of a (multivariate) OU process. We treat the cases where the driving Lévy process has finite and

infinite jump activity separately.

Remark 3.4.15. Note that, while in the OU setting Mai (2014) and Courgeau and Veraart (2022)
could apply thresholding to Y directly, here we can only threshold the approrimated process Dr-ly.
Moreover, in the following, we allow for the slightly more general case of a (known) non-zero drift

b in the driving Lévy process.

In this section, we thus define the discretized estimator resulting from the combination of

Riemann sum, finite difference, and thresholding approximations by

A(Yp,; Qvr) = vee " ([Hlp, o, Hpi0um ) (3.4.25)
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where [H];}Qt is given by Equation (3.4.22) and

Dr-1ty(Dy-1
Ap—1v/(d) -1
Mi—1 1o YUmE R
Hp, 010, = — Z Bt,,,tDplecA(o). (3.4.26)
m=0 Yu(l)zfl
Yu(d)E_l

Remark 3.4.16. To show the asymptotic properties are preserved under appropriate conditions,
we will apply Lemma 3.4.3 one last time with A1, = A(Yp,,Jo,, Mg,) and Ag; = A(Yp,; Qs vy).
In this case, it will be sufficient to show that Equation (3.4.8) holds, as the approximator of the
quadratic variation [H]p, o, does not change and hence (3.4.9) trivially holds.

Finite jump activity

If we assume that the driving Lévy process has finite jump activity then by Remark 3.4.1 we can
write

8. DP1Y G o) = AL, DPTIY — A, — AGT, (3.4.27)

where J is the compound Poisson process given in Equation (3.4.5) with elementwise Poisson
counting processes N; = (Nt(l), . ,Nt(d))T. We denote by A(® the jump rate of the process
{Nt(i), t >0} and by F@(.) the probability distribution of jump sizes in the i-th component, i.e.
FO) = XOFO () where F(.) is the i-th marginal of the Lévy measure F. We impose the
following joint condition on the sequence of partitions {Q;, ¢ € T} and the thresholding sequences
{ms's teT):

Assumption 3.4.17. The sequence of partitions {Q;, ¢ € T} and the sequence of jump thresholds
{(wpMe Lt e T satisty for i € {1,...,d}
. (4) .
i) " = (Agt)ﬁ with 8 € (0, 1/2);

(ii) tAthﬁ(i) —0, t— oo
= (©) (®)
(iii) tF® ((—QAﬁQt , QAgt )) —0, t— o0

Remark 3.4.18. Note that ) € (0, 1/2) relates the strength of the thresholding, via Assump-
tion 3.4.17.(7), and the speed at which the mesh Ag, vanishes, via Assumption 3.4.17.(3i) and
Assumption 3.4.17.(4i7).

o Since 1 —28% € (0, 1) Assumption 3.4.17.(ii) is strictly stronger than the high-frequency

sampling condition for Q, i.e. Assumption 3.4.4.
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o Intuitively, Assumption 3.4.17.(i7) controls the rate at which the probability of observing
a continuous increment bigger than the threshold vanishes, while Assumption 3.4.17.(7i)
controls the rates at which the probability of observing a jump increment smaller than (twice)
the threshold vanishes. The “optimal” A is thus chosen by appropriately balancing the two
conditions. For example, if F()(.) has a bounded Lebesgue density, Assumption 3.4.17.(ii)
becomes

tAg:) —0, t— o0,
and we see the optimal trade-off is given by g()* =1 /3.

o From a theoretical point of view, given a sequence of partitions {Q;, ¢t € T}, one can
choose A1) depending on the driving Lévy process such that Assumption 3.4.17.(i7) and
Assumption 3.4.17.(iii) are “optimally” fulfilled. In practice, given the observation partition

Q;, one chooses 3% based on the data, we will discuss this in more detail in Section 3.4.5.

In order to understand the choice of thresholding sequence, we start sketching the main idea
of the proof. Let us focus on dimension i € {1,...,d} and assume for the moment that we can
perfectly observe an increment of DP~1Y ) over [uy,, tm41], i.e. the finite difference approximation
is close enough to the target value. In this case, one can bound the probability that the thresholding

technique fails by considering whether

e an increment is discarded due to a large move in the continuous component, or

e an increment is kept in the presence of a jump.
To do so one requires bounds on

 the probability of continuous increments larger than the threshold uti)’m = (Agt)ﬁ “. this is
controlled for ) € (0,1/2) by Assumption 3.4.17.(i) and Assumption 3.4.17.(ii7),

o the probability of jumps smaller than Z(Agt)ﬁ “). this is controlled by Assumption 3.4.17.(i).

One can then show that the probability of the thresholding technique being successful approaches one
and, on this set, the L'(Q, F,Pa~) distance between the original and the thresholded approximator,
i.e. Hp, o, and Hp, o, .,, approaches zero. The following theorem, along with Theorem 3.4.23 in
the infinite activity setting, states the asymptotic properties of the only practically computable, i.e.

depending on discrete data Yp, only, estimator for A* € 2, the main result of this section.

Theorem 3.4.19. Let Yp, denote the sampled observation of a stationary and ergodic MCAR(p)
process with parameters A* € A under Pa~ such that the driving Lévy process satisfies Assump-
tion 3.2.4 and has finite jump activity. Let {P;, t € T} be a countable sequence of partitions
satisfying Assumption 3.4.6 with refinements {Qy, t € T} satisfying Assumption 3.4.4, Assump-
tion 3.4.10 and Assumption 3.4.12. Furthermore, assume the sequence of partitions {Qy, t € T}
Ml ¢ T} satisfy Assumption 3.4.17. Then the estimator

m=0 >

A(Yp,; Qi,v;) defined in Equation (3.4.25) is

and the thresholding sequences {(v{")
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e (weakly) consistent, i.e.
~ P *
A(Yp,; Qs ve) 25 A, t— oo

e asymptotically normal, i.e.

Vi (vec(A(Yp,; Q1)) — vec(A)) 5 Z ~ N(0,HZ)), ¢ — o0,

o0

where Hoo € Mpg2(R) is a symmetric positive definite matriz such that

Ppx
t ' Hlp,.0, 2> Hoo, t— 0.

Proof of Theorem 3.4.19. We apply Lemma 3.4.3 with A;; = A(Yp,,Jo,,Mg,) and Ay; =
A(th; Q,v¢). Consistency and asymptotic normality of ALt are given by Theorem 3.4.14.
By Remark 3.4.16 it suffices to show Equation (3.4.8). The arguments of the proof are sketched
above, see Appendix 3.D.4 for full details. O

Infinite jump activity

We now consider the more general case, where the driving Lévy process . might have infinite jump
activity, i.e. F(R?) = co. In this case, by Equation (3.4.2), we can write the continuous martingale

increments as
0. DPIYS o) = AL, DPTIY —bAYG, — AT — A M, (3.4.28)

where J is the finite activity pure jump Lévy process with jumps greater than one given in
Equation (3.4.3) and M is the pure jump martingale with jumps smaller or equal to one given in
Equation (3.4.4). Note that J is a compound Poisson process with elementwise Poisson counting
processes Ny = (Nt(l), . ,Nt(d))T. We denote by A(®) the jump rate of the process {Nt(i), t >0}
and by F(i)(-) the probability distribution of jump sizes in the i-th component of J, i.e. the i-th
marginal of £ := Flixx|>13/F{x : [|x]| > 1}). We impose the following joint condition on the
sequence of partitions {Qy, ¢t € 7} and the thresholding sequence {(v)M 1+ e T

m=0 »

Assumption 3.4.20. The sequence of partitions {Q;, t € T} and the sequence of jump thresholds
{(wpMl t e T satisfy for i € {1,...,d}

(i) v = (a%)" with B0 € (0, 1/4);

(i) ALY S0, oo

(iii) tF® ((—4Ag:>,4AgZ)>) — 0, t — oo and Je(d > 0 such that tAQQi(i) — 0, t— ooand

Ea- [|M§i)|]1{ =0(s"*") ass Lo,

!
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Moreover, the driving Lévy process L has finite fourth-moment, i.e. E[||L1]|*] < oo.

Remark 3.4.21. Some important remarks are in place. If we compare these assumptions to those

considered in the finite jump activity case, i.e. Assumption 3.4.17, we note that:

o In Assumption 3.4.20.(7) the upper bound of allowed 5(")’s is lower. This implies the threshold-
ing cannot be too strong, i.e. enough observations need to be kept to identify the parameters.
A choice of ) € (1/4,1/2) would void Assumption 3.4.20.(ii) which is required to control
the rate at which the probability of observing increments of M bigger than the threshold

vanishes.

« On the other hand, Assumption 3.4.20.(4ii) implicitly requires additional control on 3 to
ensure the jump component of the kept increments is negligible. The control on the rate at
which the probability of observing a jump increment due to the compound Poisson process
J smaller than (four times) the threshold vanishes — also present in Assumption 3.4.17.(ii7)
— is complemented by a condition controlling the magnitude of the increments due to the
infinite activity jump part M. We note that, in the second part of Assumption 3.4.20.(7i7),
the existence and choice of € depends on both M and ().

o As in Assumption 3.4.17 the “optimal” 3() is chosen by appropriately balancing conditions (i)
and (i44). For example, if F()(-) has a bounded Lebesgue density and we write e = f (B(i)),
the optimal trade-off is given by

g5 = argmax min {1 — 480 g0 2f (6(2))} ,

BWe(0,1/4)
) . —480) W, 2f(B® . : .
i.e. by balancing the rates tAlgtw ,tABQt ,tAth(/B ) In practice, as for the finite activity

case, we usually choose the thresholding sequence from data as discussed in Section 3.4.5.

o When the jump components of L are independent, the first part of Assumption 3.4.20.(i3i) is
trivially satisfied since £()([—1,1]) = 0. This holds trivially when d = 1.

We note that our assumptions differ from those imposed in Mai (2014) to deduce the asymptotic
properties of the drift estimator for one-dimensional Lévy-driven OU processes. We had to modify
the assumptions after noticing some inconsistencies in the arguments applied at the bottom of Mai
(2014, page 944) when splitting the proof of Mai (2014, Equation (35)) into two steps denoted by
(i) and (i7) therein. Similar arguments were repeatedly applied in the paper (and ceteris paribus
extended in Courgeau and Veraart (2022) to the multivariate setting). Moreover, we wish to

underline the following additional differences.

e We will require finiteness of 4-th moments of the driving Lévy process. This was explicitly

imposed in Courgeau and Veraart (2022), but was a tacit assumption in Mai (2014).
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o The assumptions in Mai (2014) include an additional symmetric condition on M. As dis-
cussed in Appendix 3.D.5, including this additional condition allows to “weaken” Assump-
tion 3.4.20.(4i7).

Following multiple numerical experiments we believe the assumptions considered here might be
stronger than required but, as illustrated in Example 3.4.22, they are not too restrictive.

It is important to explore the attainability of Assumption 3.4.20.(iii), to ensure it is not a
void condition. Example 3.4.22 considers the case where the jump component of the driving Lévy

process is a Gamma process.

Example 3.4.22. Let L be a one-dimensional finite variation Lévy process such that
Lt = Bt—i‘O'Wt +Gt,

where G = {Gy, t > 0} is a standard symmetric Gamma processes, i.e. shape k = 1 and scale § = 1.

This is an infinite activity process with intensity measure
F(dz) = ]a:\*le*m]l{x#o}da:.
It has infinite activity since
00 1
F(R) = 2/ z e dx > 26_1/ 7 de = 2¢7 1 [In(1) — In(0)] = oo,

0 0

and finite moments for any n € N since by Sato (1999, Theorem 25.3) it is sufficient to check that
(o9}
/ |z|" F(dx) = 2/ 2" e dr < 2(n —1)! < oco.
|z[>1 1

We can rewrite L in terms of the Lévy-Itd decomposition with truncation function 7(z) = 1y <13

as

Ly =bt + oW, + J; + M;,

where, since F is symmetric, b = b and Gy = M; + J;. In order to check Assumption 3.4.20.(i4i) is
satisfied we need to control the increments of M = {M,, ¢t > 0}. Letting N = {N;, s > 0} denote

the Poisson counting process associated with J we have

Eax [‘MS‘1{|MS\§S/3}}

0
= Ear (Ml 1200y [No = 0] Pas (N = 0) + Ea- [IMafLy, <oy [No 2 1] Pas (N, 2 1)

(i2)

< Ea- [|Gullyjq, 1,2 | Ns = 0] Pax (N = 0) + Ea- [|M;]|N, 2 1] Pa- (N, 2 1)

(i)

< Ea- [|Gs,ﬂ{\cs\§56}} + Ea~ HMSHPA* (Ns > 1)

@ n (31+,8) o) (31/2) Os) = O (81+ﬁ) ,
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using in (7) the law of total expectation, in (i) the fact that G5 = My on { Ny = 0} and |z|14(z) < |z|
for x € R, in (i7i) the law of total expectation and the independence of M and N, in (iv) the fact

that the Lévy process is square integrable, N is a Poisson process and

B B
S S 1 s —x
Ea+ [‘GS|]1{|G5|§&B}] = [56 |$|p($,0,l’) dr = 2/0 ZF(S)J; e “da
s? B(s+1)
<t / e = < B,
I'(s) Jo I'(s) s+1

since p(s,0,z) = |z|*~te~1*l is the transition density of the process G and I'(s) > s~! for

2I°(s)
s> 0.

Thus if 5 € (0, 1/4), we can set € = 3 to obtain

Ea- [|MS|]].{‘MS|SSB}} =0 (31+€> >

i.e. Assumption 3.4.20.(7i7) is satisfied. In this case, the optimal thresholding power is given by
f* =1/5. Similar arguments can be carried out for non-standard (a-)symmetric multidimensional

Lévy processes with independent Gamma jump components.

We can now state the consistency and asymptotic normality result for the high-frequency

estimator (3.4.25) in the infinite-activity setting.

Theorem 3.4.23. Let Yp, denote the sampled observation of a stationary and ergodic MCAR (p) pro-
cess with parameters A* € 2 under Pa~ such that the driving Lévy process satisfies Assumption 3.2.4.
Let {P;, t € T} be a countable sequence of partitions satisfying Assumption 3.4.6 with refinements
{Qy, t € T} satisfying Assumption 3.4.4, Assumption 3.4.10 and Assumption 3.4.12. Furthermore,
assume the sequence of partitions {Qy, t € T} and the thresholding sequences {(W)M !, t € T}

m=0 »

satisfy Assumption 3.4.20. Then the estimator A(th; Qy,vy) defined in Equation (3.4.25) is

e (weakly) consistent, i.e.
Pax

A(Yp,; Qi vi) 25 A, t— oo;
e asymptotically normal, i.e.
Vit (vee(A(Yp,; Qi 1) = vec(A*)) <5 Z ~ N(0,H5)), ¢ — o0,
where Hoo € Mpg2(R) is a symmetric positive definite matriz such that

1 H]p,.0, 23 Hoo, t— 00,

Proof of Theorem 3.4.23. We proceed exactly as in the proof of Theorem 3.4.19 by applying
Lemma 3.4.3 with A ; = A(Yp,,Jg,,Mg,) and Ag; = A(Yp,; Qt,v4). Consistency and asymptotic
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normality of Al,t are given by Theorem 3.4.14 and thus, by Remark 3.4.16, it suffices to show
Equation (3.4.8). The main idea of the proof is to introduce an auxiliary finite activity process
with only the big jumps J. The difference between Hp, o, and Hp, o, ,, is then decomposed into

three terms which are shown to vanish in Pa«:

o A first term comparing Hp, o, to its approximation obtained by thresholding the auxiliary
finite activity process. Similar arguments as in the finite activity setting can thus be applied

to this term (since Assumption 3.4.20 is stronger than 3.4.17).

e A second term quantifying the difference between thresholding based on the auxiliary finite
activity process and the actual infinite activity process. To show the effect of the small jumps
is negligible when thresholding, we require a bound on the probability of observing small

jumps with the same magnitude as the threshold, namely Assumption 3.4.20.(i7).

e A third term quantifying the difference between the auxiliary finite activity jump process and
the actual infinite activity jump process, i.e. the small jumps M, when the increments are

kept. This term is controlled by applying the second part of Assumption 3.4.20. (7).

See Appendix 3.D.5 for full details. O

Table 3.3 summarizes how the assumptions of Theorem 3.4.19 and Theorem 3.4.23 relate the
driving Lévy process L, the sequences of observation partitions {Qy, t € T} and {P;, t € T}, and
the threshold powers 8®), i =1,...,d.
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L {Qi, teT} | {P, teT} | BDs

E[JLy[?] < 00

Assumption 3.2.4
3} positive definite

Assumption 3.4.4  Ag,t —0

Assumption 3.4.6  c¢p, — 1 “fast enough”

Assumption 3.4.10 c¢g, ¢ >0

Assumption 3.4.12  Ap, = o(t7'AY))

IO
tAlgtm —0

Assumption 3.4.17
0 (a8 2a87)) >0

IO
tAlgt‘w —0

=i (. () ()
Assumption 3.4.20 " )(< 4ABQt AA%‘ )) -0

control on M in terms of 5, Ag,

B[JLy[|*] < 00

Table 3.3: The assumptions of Theorem 3.4.19 and Theorem 3.4.23 where the thresholds are assumed to be
of the form )™ = (A’é’t)ﬁm fori=1,...,dand m=0,...,M; —1forany t € T.

3.4.4 Simulation study

In this section, we empirically check how well the asymptotic results proved in Theorem 3.4.19
and Theorem 3.4.23 perform in finite samples by carrying out a simulation study. We consider a
d = 1 dimensional MCAR process of order p = 2 with drift parameter A* = (A, A2) = (1,2). The
driving Lévy process has characteristic triplet (b, X, F') with drift b6 = 0 and variance ¥ = 1. We

consider three different jump regimes:
(BM) no jumps, i.e. F' = 0;

(CP) compound Poisson jump process with rate A = 1 and N(0,1) jump sizes, i.e. F(dz) =
1

22
\/T—ﬂ_e_Tde';
(T') symmetric standard Gamma jump process, i.e. F(dz) = |z|~te~|*ldz.

In all three cases, the Lévy driver satisfies Assumption 3.2.4. In the first two, the process has finite
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jump activity and hence we can apply Theorem 3.4.19, in the last case the process has infinite
activity with finite 4th moment and thus Theorem 3.4.23 applies.

We consider a sequence of uniform partitions {P;, t € T} with step size Ap, = ¢~% and uniform
refinements {Q;, t € T} with step size Ag, = t~2 so that Assumption 3.4.4, Assumption 3.4.6,
Assumption 3.4.10 and Assumption 3.4.12 hold. Noting that all partitions are refinements of each
other we simulate the processes at each point in the finest grid we will use for estimation, i.e. P;
with ¢t = 8. We use the exact procedure described in Appendix 3.G.2 to simulate the finite activity
CAR processes and the approximate Euler-Maruyama procedure described in Appendix 3.G.1 to
simulate the Gamma-driven CAR process. The code for simulating and estimating MCAR processes
is available at https://github.com/lorenzolucchese/mcar.

We assume the Lévy triplet (0,%, F)) is known and hence select the theoretically optimal
threshold powers 8* = —o00,1/3,1/5, i.e. no thresholding in the Brownian case and the values given
in Remark 3.4.18 and Example 3.4.22 for the finite activity and Gamma drivers. Under these
choices of observation partitions and thresholding vectors Assumption 3.4.17 is satisfied by regimes
(BM) and (CP) while Assumption 3.4.20 is satisfied by (I).

In Figure 3.3 we report the empirical distribution of the estimator A (Yp,; Qy,v;) for 1000
Monte Carlo samples under the three jump regimes for t = 2,4,8. We see that as t increases the
distributions concentrate around the true values A* = (1,2), validating the consistency result.
Moreover, in Figure 3.4, we check how well the pre-asymptotic normal approximation holds for
the bivariate statistic Z; of the feasible CLT (3.4.29). We see that as ¢ increases the empirical
distribution of the Z;’s approaches a N(0, [2x2) distribution.

3.4.5 Practical considerations

In this section we focus on the practically computable estimator A(th; Qy,v¢) defined in Equa-
tion (3.4.25) and investigate some natural questions which arise when applying it to observed
data.

First, we note that in Theorem 3.4.19 and Theorem 3.4.23 the estimator A(th; Qy, vy) depends,
more or less explicitly, on the driving Lévy triplet (b, X, F') as follows:

o the drift b € R? is used to de-trend the thresholded increments in Equation (3.4.24);

« the symmetric positive definite covariance matrix ¥ € My4(R) appears in both Hp, o, ,,, cf.
Equation (3.4.26), and [H]p, o,, cf. Equation (3.4.22);

e the Lévy measure F is used to determine the activity level of the Lévy driver and thence
choose the optimal thresholding powers 8 for i € {1,...,d} via Assumption 3.4.17 and
Assumption 3.4.20.

In practice, these quantities are not known, but some natural and data-driven choices are possible.


https://github.com/lorenzolucchese/mcar
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Figure 3.3: Empirical distribution of the estimator A(th; Q,,v,) for 1000 Monte Carlo samples under the

three jump regimes for t = 2,4, 8.
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Figure 3.4: Empirical distribution of the statistic Z; for 1000 Monte Carlo samples under the three jump

regimes for ¢t = 2,4, 8.
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e A natural choice is to set b = 0. This is exact when the stationary MCAR process is mean-zero
and the jumps of the driving Lévy process are symmetric since Ea[Y1] = ijlE[Ll] = A;lb =
0 implies b = 0. More generally, we note that the drift correction has scale ~ A, while
the stochastic increment has scale ~ Amt, thus, for small AF , the choice of b should have

little impact on the estimation of A.

« We note that in the computation of A(Yp,; Q;,v¢) the ¥’s appearing in Hp, o, ., and [H]p, g,
cancel out. This removes the dependency on ¥ when estimating A* but, as discussed later
in this section, does not remove the dependency on ¥ when making the CLT feasible for

inference.

e The thresholding powers B for i e {1,...,d} can be chosen using a data-driven approach.
To be more precise, in practice, we can choose the thresholds v;" 0 = (A’é‘t)ﬂm directly,
dropping their functional form in terms of A, and B, These thresholds should be selected
as small as possible to eliminate the jump part without throwing away too many continuous
increments, cf. Ait-Sahalia and Jacod (2014, Section 6.2.2) where increments of a general
semimartingale are thresholded to estimate the integrated volatility. Assuming A%, DP1Y s
close enough to AgtDp_lY, i.e. Ap, in Lemma 3.4.8 is negligible compared to AF , we can
write

p
AB DY~ ABL - T DY, du s AT L
(9P ~ 20 u 7 u ~ 20
j=17um

whenever A is small enough. This follows by noting that, for each j € {1,...,p}, we can

apply Jensen’s inequality and finiteness of second moments to bound

A 2
Q i

0 Qs

m AG, |DPIY || .
< (AG,)Ea- V H m ! du} -9 <( Qf)’
0
which is thus negligible compared to
Ea- [|A3,L]°] = 2(43,),

due to the presence of the Brownian component. We can hence threshold A, DP=YY as if we
were disentangling the increments of a Lévy process, cf. Appendix 3.H.1. In this setting, i.e.
(2)

when choosing thresholds v,""/, one may work on each component D=1y (®) independently.

Next, we discuss how to produce feasible asymptotic inference from Theorem 3.4.19 and
Theorem 3.4.23, i.e. how to compute explicit confidence regions for the parameters A* € 2. Under
the conditions of the theorems ¢~ '[H]p, g, is a consistent estimator for the inverse of the limiting

variance-covariance matrix Heo. Thus, in the spirit of Remark 3.3.10, we can apply Slutsky’s lemma
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to write the feasible CLT

Zy = [H] 5, (vec(A(Yp,; Qu,v1)) = vec(A)) <5 Z ~ N(0, Lg2), t— oo, (3.4.29)
By working with the distribution of a standard pd?-dimensional normal random variable one can
easily obtain asymptotic confidence regions for the parameters, e.g. elliptic regions centred at
A(Yp,; Qt,v¢). The main caveat here is that, as discussed at the beginning of the section, [H]p, g,
depends on the, usually unknown, covariance matrix Y. In this case though, having estimated the
parameters A(th; Qq,vy), we can plug these into (3.4.7) along with finite difference and Riemann

sum approximations to recover the Lévy increments

AB L~ AZ DPTY + ij S Aj(Yp,; Q) DPIY AR, (3.4.30)

J=1 sn€lum,um+1)
for m = 0,...,M; — 1 and use standard methods to estimate X, for example, one can use the
critical region-based estimator discussed in Appendix 3.H.1. The resulting estimator S can then
be plugged into [H]p, o, to compute explicit confidence regions. In Appendix 3.H.3 we repeat
the simulation study of Section 3.4.4 assuming ¥ and F' are unknown. We use the data-driven

M¢—1

meo and estimate . The simulations

procedures described above to select the thresholds (v}")
yield similar results to those of Section 3.4.4 for the estimator and z-statistic of the drift parameter

A and, moreover, suggest the estimator 3 is consistent.

Remark 3.4.24. We can go one step further and try to jointly estimate A and both the parameters
of the Lévy process (b, 3, F'). To do so we propose an iterative scheme in Appendix 3.H.2 and

evaluate the empirical properties of the estimators in Appendix 3.H.3.

Finally, the choice of the hyperparameter p, the order of the MCAR specification, may or may
not be motivated by the modeling task at hand. In the latter case, one may tackle such problem
from a model selection perspective. For example, one might use a likelihood-based criterion, such as
the Aikake Information Criterion (AIC), by plugging in the approximators Ho, p, ,,, and [H]o, p,

in the continuous-time likelihood (3.3.5).

3.5 Application: GrCAR

The parametrization of a d-dimensional MCAR, process is given by the tuple of coefficient matrices
A=(A,..., A € (Mg(R))P.

Clearly this means the number of parameters increases quadratically in the dimension d and thus,
for a high dimensional observed process, the number of parameters to be estimated can be quite
large. When additional structure of the observed process is known, one can significantly reduce

such parametrization. For example, as in Courgeau and Veraart (2022), one can interpret the
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components of an MCAR process Y as the nodes of a graph structure linked together through
a collection of edges. The edges of the graph are encoded in an adjacency (or graph topology)
matrix A € My({0,1}) such that A®7) = 1 if and only if there exists a link from node i to node
j. We set A =0 for all i € {1,...,d}. For any node i € {1,...,d} the in-degree is defined
asn; = 1V Z?:l AUD | je. the number of in-going edges to node i. We can thus define the

column-normalized adjacency matrix
A= Adiag(ni,...,n;") € My(R).

Definition 3.5.1 (Graph CAR process). Let L = {L;, t > 0} be a d-dimensional Lévy process
with characteristics (b, ¥, F). Fix p € N and let # € RP*2, Define

Ap(0) = 0%V g4+ 0FDAT € My(R), ke{l,...,p}.

A graph continuous-time autoregressive process of order p, GrCAR(p) process for short, driven by
L with parameter § € RP*? and adjacency matrix A € My({0,1}) is a is a d-dimensional MCAR(p)
process driven by L with coefficient matrices A(0) = (A1(0),...,A4,(0)) € (Mg(R))? and initial

state-space representation £.

Remark 3.5.2. e In the definition of the GrCAR process we use the column-normalized matrix
A. This is a modeling choice consistent with the GrOU definition of Courgeau and Veraart
(2022) ensuring the strength of the network effect is proportional to the average value of the
(derivatives of the) process at the influencing nodes. Alternatively, one could replace A by the
un-normalized adjacency matrix A, in which case the network effect becomes proportional to

the sum of the (derivatives of the) process at the influencing nodes.

« When defining the GrCAR process we transpose the matrix A so that if A7) = 1 values of
node 7 influence those of node j. In the social network literature instead a link from node %
to node j is interpreted as “node ¢ follows node j” and thus the values of node j influence
those of node i. By using the row-normalized version of A instead of AT in the construction
of the network effect, as in Courgeau and Veraart (2022), the interpretation of the GrCAR

parameters is consistent with such literature.

We now leverage the graphical structure of the GrCAR model to write the corresponding explicit
estimator for the # € RP*? parameters when continuous-time and discrete-time observations are
available. In the following, we consider the vectorization operator for elements 6 € RP*? given by

vec : RPX2 5 R?P guch that
0— Vee(@) = (9(171)’ 9(112)7 e 0(?»1)’ H(p,?))T‘

Theorem 3.5.3. Let Yo = {Ys, s € [0,t]} be the observation of a stationary and ergodic
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GrCAR(p) process with parameters
0" € ©:={0 € R"?: 0(Ap(g)) C (—00,0) + iR}, (3.5.1)

and known adjacency matrix A € M({0,1}) under Py« such that the driving Lévy process satisfies
Assumption 3.2.4. For ) = Opx2, let DpilYg(O),[O,t] = {Dpleg(O)’t, s € [0,t]} be defined as in
Equation (3.3.13). Let K = {K;, t > 0} be the process defined by

Jo(DP1Y s, dDPTIYS )

00 s
JS(ATDP 1Y de_lYg(O)’Qg
K, =— : (3.5.2)
Jo (Yoo, dDP1Y 5 >

JolATY de*lng),s)E

with quadratic covariation matriz

JHDP Y DPTIY Yy ds oo [H(DPTIY o, ATY )y ds
JHATDP=YY DPIY Ve ds oo [HATDPIY ATY )y ds
K], = : : : (3.5.3)
Ji(Ys—, DP71Y )y ds Jo (Yo, ATY )5 ds
JUATY o, DPIY Yeds -0 [HATY . ATY )y ds

Then the MLE given by
B(Yo,) = vee (K] 'Ky), (3.5.4)
18

o (weakly) consistent, i.e.

é(Y[O,t}) M 0%, t— oo

o asymptotically normal, i.e.
VE (vee(8(Y g ) = vee(8")) =5 Z ~ N(0,K3)), ¢ — oo,
where Koo € Map(R) is a symmetric positive definite matriz such that

K] -5 Kooy, t— o0

Neat, assume Yp, is a discretely sampled version of Yo s where {Py, t € T} is a countable sequence
of partitions satisfying Assumption 3.4.6 with refinements {Qy, t € T} satisfying Assumption 3.4.4,
Assumption 3.4.10 and Assumption 3.4.12. Also, assume the sequence of partitions {Qy, t € T}
and the thresholding sequences {(vT)Mt t € TV either

m=0 »
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o satisfy Assumption 3.4.17 and the driving Lévy process has finite jump activity; or
e satisfy Assumption 3.4.20.

Then the estimator

6(Yp; Qi) = vee ! (Klp, 0, Kpioim) - (3:5.5)
where
Dr=1yT
N
v | PPTYLA
. —1 Ap—1
Kp, Qo =— : »! (A, DP Y —bAY | O 1 s pr-ry-bay |[<vp) (356)
m=0 Y;Fm
Y! A
<ﬁp71Yum’ Z/\)pil-Y’Ufm,>E e <ﬁp71YUm 9 ATYUm>E
Mi—1 (ATﬁp_lYu'm’ 'Dp_l-Y.u7n>2 o <ATDP_1YU7”’ ATYU77L>Z
Klpio = D : : B (35.7)
=0 A _
" (Yu,, DV 'Y, ) - (Y, ATY )5
(ATY, DY, Vs . (A™Y,  ATY, Vs
8

o (weakly) consistent, i.e.

A Pyx
Q(th;Qt,Vt) i>9*, t — o0;
e asymptotically normal, i.e.

Vi (Vec(é(th; Qi,vy)) — Vec(0*)) £ 7~ N(0,K1), t— oo,

with t-[K]p,.0, -2 Koo, t — 0.
Remark 3.5.4. Note that, unlike the estimator for the MCAR. process A(th; Qq,vy) given in
Equation (3.4.25), we cannot easily remove the dependence of é(th; Q;,v;) on Y. Extending
Courgeau and Veraart (2022, Definition 2.6) from the GrOU to the GrCAR setting we can construct

an alternative estimator 6 for 6 from an estimator A for A by “inverting” the relationship
Ap(0) = 0%V g+ 0FDAT € My(R), ke{l,...,p}.

As long as each node has at least one neighbour the resulting estimator 6 depends linearly on A,
ensuring the asymptotic properties of A are preserved. In particular, by choosing A= A(th; Q,v¢)

given in Equation (3.4.25) the resulting estimator 0 does not depend on ¥.
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Proof of Theorem 3.5.3. The proof follows by similar arguments to Theorem 3.3.9, Theorem 3.4.19
and Theorem 3.4.23. See Appendix 3.E.1. O

In a similar spirit to Section 3.4.4 we carry out a finite sample simulation study. Here, we

consider a d = 5 dimensional GrCAR process of order p = 2 with parameters

oLl g(1.2) 2 1
o2 922 ) \1 05

*

and fully connected underlying adjacency matrix

01111
101 11
A=([1 10 1 1
1 1101
11110

The driving Lévy process has characteristics (0, %, F') with covariance matrix ¥ = I545. As in
Section 3.4.4 we consider the three jump regimes (BM), (CP) and (I'), and use the numerical
methods described in Appendix 3.G to simulate the processes. Again, we work with uniformly
spaced partitions P; and Q; with mesh sizes Ap, = ¢t7% and Ag, = t~2 with given optimal g* =
—00,1/3,1/5, so that all the Assumptions of Theorem 3.5.3 are satisfied. The resulting empirical
distributions for 1000 Monte Carlo simulations are plotted in (b1, 9(12)- and (#1), 0(2))-space
in Figure 3.5.

3.6 Empirical application: light curve modeling

In this section, we consider a practical application of CAR models and showcase the effectiveness of
the estimation procedures developed in this chapter. CAR processes, and more generally CARMA
processes, have received significant attention from the astrophysics community as a means to model?
(one-dimensional) stochastic light curves and quantitatively characterize their variability (Kelly
et al., 2014; Moreno et al., 2019). In classic time series analysis one is often interested in breaking
down a stationary process into a superposition of random periodic components, quantifying the
contribution of each component to the total variability of the process through the power spectral
density (PSD). Fundamental results in this context are Wold’s theorem and the Wiener-Khinchin
theorem which state that the PSD and the autocovariance function form a Fourier transform

pair for discrete- and continuous-parameter processes respectively. When observations are from a

2This class of processes is chosen for its ability to generate a flexible class of PSDs, specifically sums of Lorentzians.
While the CARMA parameters often lack a specific physical interpretation, in some cases — such as modeling light
curves from black hole systems — the quasi-periodic oscillation (QPO) features of CARMA PSDs may be driven by
astrophysical phenomena in accretion flows (Kelly et al., 2014).
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Figure 3.5: Empirical distribution of the estimator §(Yp,; Qy, ) for 1000 Monte Carlo samples under the

three jump regimes for ¢t = 2,4, 8.
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discrete-parameter process, e.g. a regularly sampled stationary process, one can use the periodogram,
i.e. the modulus squared of the discrete Fourier transform of the data, to estimate the PSD. Note
this is a completely non-parametric approach that provides a reliable PSD estimate (while the
simple periodogram is not consistent there exist “windowed” variations with better asymptotic
properties). When the observations are irregularly spaced, as is often the case with light curve data,
estimation in the frequency domain becomes a bit more challenging. In this case, practitioners
often resort to the Lomb-Scargle periodogram to estimate the PSD of the signal, but this method
loses robustness for highly non-sinusoidal signals (VanderPlas, 2018). If we are willing to trade off
estimation flexibility for robustness resorting to parametric models is a natural approach. Assuming
the signal is generated by a CAR process of order p with drift parameters A = (A;,...,4,) € R?
and driving Lévy parameters (b, 3, F') its PSD is given by

of

|2mif)P + kg Aw(2mif)p=F]2’

S(f) = f € (=00, +00), (3.6.1)
where 07 = Var(Ly) = ¥ + [p2?F(dz) € (0,00). We can thus use the estimators developed in
this chapter to estimate the CAR parameters to plug into the above expression and obtain an
estimate for the power spectral density of the process. A similar approach was introduced in the
astrophysics literature in Kelly et al. (2014). In that paper, the authors consider Gaussian CARMA
models to model a wide variety of light curves, including an X-ray binary, two active galactic nuclei,
a long-period variable star, and an RR Lyrae star. The parameters of the CARMA models are
estimated through numerical optimization of the likelihood which, at each gradient descent update,
is computed via Kalman filtering. Bayesian inference is carried out through an MCMC posterior
sampling algorithm. Both of these methods turn out to be very computationally expensive and
subject to optimization error. If one is willing to restrict the set of models under consideration to the
class of CAR processes® the closed-form estimators (and corresponding inference results) presented
in this work provide significant computational speed-ups. For example, the MLE optimization
proposed in Kelly et al. (2014) has order O(M N) where N is the number of observations and M is
the number of gradient-descent parameter updates (both Kalman filtering and gradient descent
cannot be parallelized) while, assuming parallelization of vectorized operations, the estimator
in Equation (3.4.25) can be computed in (’)(\/N ). This computational speed-up is especially
relevant for the large-scale astronomical datasets that have been and will be collected by massive
time-domain optical surveys such as the Vera Rubin Observatory Legacy Survey of Space and Time
(LSST).

To showcase the effective applicability of the estimation procedure we consider one of the

light curves treated in Kelly et al. (2014): the local active galactic nuclei (AGN) Zw 229-15 in

3The estimation and inference methods discussed in Kelly et al. (2014) also allow for the presence of “white noise”

measurement errors in the data. The estimators presented in this chapter require instead “direct” observations of a
CAR model. We remove the effects of measurement errors via Locally Weighted Scatterplot Smoothing (LOWESS),
but more complex joint estimation procedures could be employed.
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quarter Q9 from the Kepler observatory, Kepler Input Catalog (KIC) 006932990. The data used
in this section can be found in MAST: https://dx.doi.org/10.17909/24fc-ky94. This light
curve is almost regularly sampled every 30 minutes over 97 days for a total of 4651 observations,
consistently with the notation used so far we will denote this observation partition by P. To remove
measurement noise we apply Locally Weighted Scatterplot Smoothing (LOWESS) (Cleveland, 1979)

with windowing fraction 0.005. The original data and the smoothed curve are shown in Figure 3.6.

Zw 229-15, Kepler, Q9

12800
+  measured flux
—— smoothed flux

12600
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12200 A
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11800 A

820 840 860 880 900
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Figure 3.6: Light curve for the AGN Zw 229-15 from the Kepler satellite in quarter Q9 (KIC 006932990),
available from MAST: https://dx.doi.org/10.17909/24fc-ky94. The measurement errors are smoothed
out by applying LOWESS.

We apply a CAR(p = 2) model to the smoothed light curve. To estimate the parameters
A = (A1,As) and (b, %, F') we use the joint estimation procedure described in Appendix 3.H.2,
with the only hyperparameter choice being the coarser partition Q. We select Q by subsetting P by
a factor of 6. Figure 3.7 gives a graphical visualization of the main steps of the fitting procedure,
which include taking finite differences of the process and characterizing the distribution of the

background driving Lévy process. The fitted parameters are:

A

A = (A}, Ay) = (0.67 £ 0.23,0.0004 £ 0.0012) and (b, S, F) = (4.68,4963.23,0),

where we obtain inference bounds for A as described in Section 3.4.5 and set F' = 0 as no jumps
were detected. As in Kelly et al. (2014), albeit using a different CARMA specification, we do not
observe evidence against the assumption of the driving noise process being Gaussian.

In Figure 3.8 we report a detailed spectral analysis of the Kepler light curve. In this plot, we
compare the (parametric) fitted CAR PSD and the (non-parametric) periodogram. The fitted
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Figure 3.7: Estimation of a CAR(p = 2) model from the smoothed Kepler light curve Zw 229-15 in Q9. We
take finite differences of the process Y observed over P to approximate D'Y. The processes are then
sub-sampled over QQ to estimate A. Once A has been estimated we can approximately recover the

background driving Lévy process L and estimate its parameters (b, %, F).

CAR PSD is obtained by plugging the parameter estimates into the CAR PSD (3.6.1). We also
report the 95% confidence interval for the fitted CAR spectrum accounting for uncertainty in the

estimated drift parameters A (but not in 62). The parametric estimation of the PSD is compared
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to the periodogram?, the classic non-parametric estimator for the PSD. While these two estimates
of the spectral density seem in disagreement, Figure 3.8 shows that such apparent inconsistency is a
statistical artifact due to the periodogram’s biasedness. By bootstrapping the fitted CAR process —
i.e. sampling a large set of CAR realizations with parameters A and (13, S, F ) along P — and plotting
their corresponding periodograms (in green) we note that the periodogram is a significantly biased
estimator for the true PSD (the blue line). The observed periodogram data is well-aligned with
the bulk of the simulated periodogram distribution, suggesting there is no evidence to reject the
hypothesis of the observed data being an observation of the fitted CAR model. Finally, we plot
the measurement error PSD S.(f) o< 62 where 62 is the variance of measurement residuals, i.e. the
difference between actual measurements and smoothed data. The measurement error level gives a

rough estimate of the extent to which the smoothing operation contaminates spectral information.

Spectral Analysis

108 data periodogram
—— fitted CAR spectrum
CAR spectrum (95% c.i.)
9 fitted CAR periodogram distribution
—-- measurement noise

power spectral density

1072

1072 107! 10° 10!
frequency [1/day]

Figure 3.8: Spectral analysis of the Kepler light curve Zw 229-15 in Q9.

3.7 Conclusions and outlook

This chapter introduced novel estimation and inference methods for the drift parameter of a general
multivariate Lévy-driven CAR process. The main contributions can be summarized as follows.
By working on the path space of the state-space process, we showed the maximum-likelihood
estimators based on continuous-time observations are consistent and asymptotically normal. Next,

we addressed the more realistic scenario of discrete-time observations. We considered natural

“Note that since the curve is irregularly sampled the periodogram’s discrete-parameter theoretical properties do
not hold but, since the observation partition P is nearly regular, it still provides reasonable information about the
curve’s spectral properties.
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discretizations of the quantities appearing in the continuous-time setting and proved that the
resulting estimators possess the same asymptotic properties. Importantly, the proposed methods
also accommodate irregularly spaced observations, which often pose a practical modeling challenge.
To prove the desired asymptotic results we carried out a rigorous analysis of the finite difference
approximation of the derivatives of the CAR process. To the best of our knowledge, this was the
first time such kind of analysis was done for a differentiable stochastic process. Moreover, we
addressed what we deem to be inconsistencies in the proofs of the asymptotic properties of the
corresponding estimator for the drift parameter of a univariate OU process found in Mai (2014).
Under slightly different assumptions we provided modified arguments establishing the desired
results in the more general context of multivariate CAR processes. Finally, considering the case
where the multivariate observation possesses a known underlying network structure, we introduced
the GrCAR architecture, a natural extension of the GrOU process from Courgeau and Veraart
(2022), along with the corresponding continuous-time and discrete-time estimators. The reduced
parametrization offers an additional modeling advantage when dealing with graphically structured
data.

Moving forward, there are several directions for future research that can build upon the findings
of this chapter. Firstly, it is important to rigorously explore the practical challenges discussed
in Section 3.4.5, for example by developing a joint estimation framework for the CAR drift and
the parameters of the driving Lévy process. Investigating methods that simultaneously estimate
these components could potentially enhance modeling accuracy and capture the interplay between
structure of the CAR process and the underlying Lévy driver. From a practitioner’s perspective,
exploring different modeling applications of the GrCAR specification represents an exciting area
for future empirical work. In such an applied context the GrCAR architecture provides a flexible
framework to capture relatively simple relationships in very large networks from (possibly irregular)
high-frequency observations. A related interesting problem is to consider the scenario where the
adjacency matrix is unknown and needs to be estimated from an observation of the GrCAR process.
Developing methodologies that effectively estimate the adjacency matrix can provide insights
into the underlying network structure and improve the understanding of complex systems with a
graphical topology. Finally, we believe it would be of great research interest to explore the estimation
and inference of more general CARMA processes, possibly by extending the results discussed in
this chapter for CAR processes. CARMA models incorporate moving average components, allowing
for more flexible modeling of time series data. Developing estimators for CARMA processes with
strong theoretical underpinnings would provide a more comprehensive toolbox for modeling and

analyzing complex (spatio-)temporal data.



Appendix

3.A Preliminaries

3.A.1 Lévy processes

We consider a filtered probability space (', F',{F/, t € R},P') to which all stochastic processes
are adapted. Let L = {L;, ¢t > 0} be a d-dimensional Lévy process, i.e. a stochastic process that is
continuous in probability with stationary and independent increments, Ly = 0, P’ — a.s., which we
assume without loss of generality to be cadlag. Two well-known results about Lévy processes are

the Lévy-Khintchine representation and the Lévy-I1td6 decomposition:

o (Lévy-Khintchine representation, Sato (1999, Theorem 8.1)) For each ¢ > 0, the law L(L;) :=
(L¢)+«P’ of the random variable L is infinitely divisible with characteristic triplet (tb,tX, tF),
i.e. b € R ¥ is a symmetric positive semi-definite d x d matrix and F is a Lévy measure on
RY, that is F/({0}) = 0 and [ga(||z]|* A 1)F(dz) < oo, such that

E’ {exp{izTLt}} = exp {t

1 .
ibTz — izTZz + Rd(elyTZ —-1- inzT(y))F(dy)] } , z€RY

where 7 : R? — R is a fixed truncation function, i.e. a bounded measurable function such that
7(z) =1+ o(||z]) as ||z]] = 0 and 7(x) = O(||z||7!) as ||z| — co. We say that (b,X, F) are

the characteristics of L.

Remark 3.A.1. Strictly speaking, the triplet parameter b depends on the choice of truncation
function in the Lévy-Khintchine representation (cf. Sato (1999, Remark 8.4)). In this chapter,

we always take the truncation function to be 7(x) := 1y <1} but other choices are possible.

o (Lévy-1td decomposition, Sato (1999, Theorem 19.2)) One has the following representation for
the Lévy process L with characteristics (b, X, F)): for ¢t > 0, P'—a.s.

t
L; = bt + X/2W, + / / xp(dt, dx)
0 J{z:||z||>1}

t
—i—// x{p(dt,dz) —dt F(dz)}, (3.A.1)
0 Ha:||=f|<1}
where:

— W = {W;, t >0} is a standard Brownian motion on (¢, F', {F!, t € R},”’) and £'/2

isa d x d matrix s.t. ¥ = 21/221/2’T;

— {u(B) : B € B((0,00) x R?\ {0})} is a Poisson random measure independent of W such

117
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that

p(dt,dz) = Y §(sar,(dt,de),
§>0:ALs#0

and AL = {ALy, ¢t > 0} is the jump process of L, i.e. AL; = L; — L;_,

— we define the integral

/0 / pafeny " WA de) — dEE(do)} o= i /0 /{x:e<||x||<1}x{”(dt’dx) ~ diF(d)).

3.A.2 Stochastic integration

In order to define an MCAR process we require a notion of stochastic differential, or, more formally,

that of the stochastic integral
t
(H-L), = / H.dL,, >0,
0

for general (possibly stochastic) R™*%valued integrands H = {H;, t > 0}. When considering
a Lévy process L as integrator we will define the integral above via the definition of Lévy type
stochastic integral given in Applebaum (2009, Section 4.3.3) and Applebaum (2009, Example 4.3.2).
For any predictable process H = {H;, t > 0} s.t. [ | H|[?ds < oo, P-a.s. we use the Lévy-Ito

decomposition to define for any ¢ > 0

t t t
/HSdLS:/ Hsbds+/ H,YY2dW,
0 0 0

t t
—I—/ / Hzp(ds, dr) +/ / Hgx{p(ds,dz) — ds F(dz)}. (3.A.2)
0 J{z:||x||>1} 0 J{z|=|<1}

Here we use the following definitions:

o The first integral fg Hibds is a (stochastic) Lebesgue-Stieljes integral w.r.t. the Lebesgue
measure on R, i.e. for each w € .t > 0 one defines [} Hbds(w) := [J Hs(w)bds as a

Lebsgue-Stieljes integral.

e The second integral fg H,XY2dW, is a stochastic It6 integral w.r.t. Brownian motion defined
via an Lo-limit construction. The original theory was developed by It6 (1944) for Brownian
motion and then extended to general square-integrable martingales by Kunita and Watanabe
(1967). Expositions of the general theory can be found in Karatzas and Shreve (1996) when
the integrator is continuous or in Jacod and Shiryaev (1987, Theorem 1.4.40), when the
integrator is discontinuous (slightly different classes of integrands need to be considered in
the two cases, progressively measurable integrands when the integrator is continuous and
predictable integrands, a smaller class, when the integrator is discontinuous). Applebaum
(2009, Section 4.3.1) gives a slightly different but equivalent construction by treating W as an

R?-valued martingale measure on R.
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t
o The third integral is defined as / / H,zp(ds,dz) = > H,ALL,.
0 JHa:lll>1} 0<s<t:||ALs|[>1
o The last integral [ Jizo)<1y Hsz{n(ds, dz) — ds F(dz)} is a stochastic integral w.r.t. the
(2, F)-martingale valued measure M (d¢,dx) := p(dt,dz) — dt F(dz), cf. Applebaum (2009,

Section 4.2.2) where (2, F')-martingale valued measures and the corresponding integrals are
defined.

Remark 3.A.2. There are less general definitions of the integral which are consistent with this

construction when suitable stricter conditions are satisfied:

e When L is of finite variation this coincides P’-a.s. with a stochastic pathwise Lebesgue-Stieljes
integral, see Millar (1972, page 314).

There are also more general definitions that are consistent with the above construction of the

integral:

e Every Lévy process is a semimartingale, so any definition of the stochastic integral for

semimartingale integrators applies to Lévy integrators:

— The uniformly on compacts in probability (ucp) limit construction of Protter (1990). In
the simplest case the integrand H is an adapted caglad process but the construction can
be extended to more general predictable processes H which satisfy joint conditions with
X, cf. Protter (1990).

— The Lo-limit construction of Dellacherie and Meyer (1978) (also treated in Jacod and
Shiryaev (1987, Theorem 1.4.31)). This approach uses the decomposition of a semi-
martingale into a predictable finite variation process and a local martingale to define the

stochastic integral, as discussed below.

« Every Lévy process can be viewed as an R%valued Lévy random measure on R, so definitions
of stochastic integral w.r.t. infinitely divisible random measures apply. For example, Rajput
and Rosinski (1989) construct the integral using the P'-limit construction of Urbanik and
Woyczynski (1967).

In the following section we will also be integrating with respect to general semimartingales, i.e.

we will be considering processes H - X = {(H - X);, t > 0} where
t
(H-X), = / H.dX,,
0

for R%-valued semimartingale X = {X;, ¢ > 0} and suitable R"™*?-valued integrand H = {H;, t > 0}.
When considering such integrals, we will be using the definition of the stochastic integral obtained

by extending the classical Lo-integration theory of square-integrable martingales to semimartingales.
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To do so, one decomposes X = A + M, where A = {A;, ¢t > 0} is a predictable finite variation
process and M = {M, ¢t > 0} is a local martingale and defines

t t t
/ H,dX, :/ H,dA, +/ H,dMg,
0 0 0

where the first integral is defined as a stochastic Lebesgue-Stieljes integral while the latter is obtained
by an extension via localization of the classical Lo-theory for square-integrable martingales by Kunita
and Watanabe (1967). For further details see Jacod and Shiryaev (1987, Theorem 1.4.31), which
follows a similar exposition as that in Dellacherie and Meyer (1978). Note that the integral in the
most general form is defined for any locally bounded predictable process H, that is H = {H;, t > 0}
needs to be predictable, i.e. measurable w.r.t. the o-algebra generated by all left-continuous adapted
processes, and locally bounded, i.e. there exists a localizing sequence of stopping times (7,,)n>0
increasing to infinity such that the stopped process H™ is uniformly bounded for all n > 0. In
particular, it holds that H - X is also a semimartingale and, whenever X is a local martingale, then
so is H - X. The way these integrals are defined automatically ensures that when observations of
the continuous-time processes are only available on a discrete grid, the left Riemann-Stieltjes sums
constructed from the discrete observations yield a natural approximator for the stochastic integral
(under suitable continuity conditions for the integrand). This is of fundamental importance when

constructing estimators from discrete observations in Section 3.4.

3.A.3 Canonical space

Let (Q,F,{F;, t > 0}) denote the canonical space of RP%-valued paths, i.e.
o Q= D([0,00); RP%) the space of cadlag processes w : [0, 00) — RP4,

o {Fi, t >0} is the filtration s.t. V¢ >0

ft:ﬂa(w(s):0§sﬁu)7

o F is the smallest sigma algebra containing {F;, t > 0}.

This is the (filtered) probability space on which the probability measures Pa x, for xg € RP? and
A € (M(R%))P are defined.

Remark 3.A.3. Here o(w(s) : s € T) indicates the smallest sigma algebra such that w € D([0,00)) —
w(s) € RP? is measurable for each s € Z. We have that F = o (w(s) : s > 0) and hence F can be
characterized as the restriction to D([0,00)) of the product o-algebra @, B(RPY) defined as the
smallest o-algebra such that 7 € {f s.t. f:[0,00) — RP4} s 7(s) € RP? is measurable for each

s € Ry. Alternatively, we can define F as the o-algebra generated by cylinder sets of the form

C ={we D([0,00)) s.t. w(t1) € Ay,...,w(ty) € An},
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forany n € N,t; < ... <t, € Ry and Ay,..., A, € B(RP?). Moreover, by Ethier and Kurtz (1986,
Proposition I11.7.1), this o-algebra is the same as the Borel o-algebra generated by the Skorokhod
topology on D([0,00)). It is a well-known property that (€2, F) is a Polish space.

For a parameter A € (M(R%))P consider the pd-dimensional state-space representation
Xaxo = {XAxot t >0} of a MCAR(p) process driven by a Lévy process L with characteristics
(b, X, F'), parameter A and deterministic initial condition £ = x¢ on an arbitrary stochastic basis
(Y, F {F, t >0},P'). Under P/, the process Xa x, is a semimartingale with local characteristics

", C' V) on (U, F',{F/, t > 0},]7) given by
A t

t t
(W) = / (AAX A xps(w) + Eb)ds = A / X A xo.s(w)ds + ED,
0 0

t
Clw) = / exeTds — £xETt, (3.A.3)
0

Y (w; dt, dz) = dt / a2 F(d2) = dt do(da_) F(day),
R

where we write z = (z1,...,7,)T € RP! and v, = (o7, ... ,xpT_l)T for z1,...,2, € R%

3.B Properties of the state-space representation of the MCAR(p)

process

Note that the state-space representation of an R%dimensional MCAR(p) process Y = {Yy, t > 0}
driven by L = {L;, ¢t > 0} with coefficient matrices A = (A4;,...,4,) € (M4(R))P and initial
state-space representation X is the RP%-dimensional Ornstein-Uhlenbeck process X = {Xy, t >0}

driven by the (degenerate) Lévy process EL := {EL;, t > 0} and dynamics matrix

Odxd  laxd Odxd  *++ Odxd
Odxd  Oaxd Iixa -+ Ogxd

.A — )
Odxa  Odxd Odxa - lgxa
—Ap —Ap,1 —Ap,Q S — A

i.e. it can be written as
t
X, = X + / eAl=9)edL,, t> 0.
0

We can thus apply standard results from the theory of multivariate Ornstein—Uhlenbeck processes
driven by a general Lévy process (Masuda, 2004; Sato and Yamazato, 1984). For example, we

have that for ¢t > 0, the law of X; given Xy = x( is infinitely divisible with characteristics

(bt7XO,A7 2t As Ft,A) given by

t
bt7xo,A = €tAX() + / AEbds
0
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t
sA sA
+/de/0 ez (Tgi<ry (€%42) = Ligyi<y (2)) ds So(dz—p) F(dz,),

t
Et,A:/ esAEEETeSATds,
0
t
Fya(E) = /R . /0 15 (e42) dsdo(dz—p) F(dz,), VE € BEM),

where (b, 3, F) are the characteristics of the driving Lévy process L = {L;, t > 0}, cf. Sato and

Yamazato (1984, Theorem 3.1). If the driving Lévy process L is assumed to have second moments
2]
2]

then also X will have second moments and we can explicitly compute

| Xo — (bt,Xo,A + / ZFt,A(dZ)>
{z:l=lI>1}
t t
= tr ( / eSAEESTeSATdS) + / ) / e Ay 2 F(dy)ds+
0 Ra JO

t
("4 — )Xo+ / = AEE[L, |ds
0

E[|X: — Xol’] = tr (Ze.a) + /de 2] Fra(d2) + E

+E

And one can thus obtain the bound

t
E[|X; - Xo[*] = O (/ 2l qs 4 tHAHetA) = O (M 4 M) = 0(r), ¢ 0. (3B.1)
0

3.C Continuous observations: proofs

3.C.1 Proof of Proposition 3.3.3

A brief outline of this proof was given in Section 3.3.1. We shall now provide the complete
details. Let XA x, = {XAxo,s, t > 0} denote a MCAR(p) process driven by a Lévy process L
with characteristics (b, 3, F') on the stochastic basis (', 7/, {F}, s > 0},’) and parameter A, i.e.
such as it satisfies SDE (3.3.1). Recall that Pa x, represents the unique solution-measure to the
SDE (3.3.1) with initial condition Xy = xg, i.e. the unique solution to the martingale problem for
(Ba,C,v) on the canonical space with initial condition n = dx,, where (Ba, C,v) are defined in
Equation (3.3.2).

Fix a deterministic time horizon ¢ > 0, then, under P/, the stopped process X} = {X} ,, 5 5§ >
0} such that X (w) = XA xo,snt(w) satisfies the stopped SDE

A xq,s

dX, = (AaX, + Eb) L 4(s)ds + EXV 211 4 (s) AW,
3.C.1
+ Ex{p'(ds,dz) — Ly 4(s)F(dz)ds} + Ezut(ds,dz), ( )
ll2l1<1 [[2]1>1

where pif(ds,dz) = Lo y(s)p(ds, dz) is again a Poisson random measure on Ry x R? with compen-
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sator 1o (s)F(dz)ds (abusing notation slightly). The process XY , is a semimartingale with local
characteristics (B'y, C",vt) (Jacod and Mémin, 1976, Proposition 2.4) where By and C"* denote
the stopped at t > 0 processes B/, and C’ respectively and

VA = / Lo (s)/'(ds,dz), VA € B(R, x RP?).
A

We start by showing that for any A € (My(R))P the martingale problem for (BY,,C! v') with
deterministic initial condition has a unique solution. The characteristics (BY, C*,v') are defined

on the canonical space by

B ,(w) = Aa /OSM w(u)du + Eb(s At), Cllw)=X(sAt), (3.02)

v (w;ds,dx) = Ljg,4(s) ds do(dz—p) F'(dxp),

and we write z = (z],...,2;)T € R and x_, = («1,..., 25 ;)" for z1,...,2, € R%

Lemma 3.C.1. Let X denote the canonical process on (Q, F,{Fs, s > 0}). For any A € (M4(R))P

the martingale problem (X, (BY,C* v'),0x,) has a unique solution.

Proof of Lemma 3.C.1. Uniqueness can be proved as follows. First, we note that there exists a
solution-process to the stopped SDE (3.C.1) starting at xg on (', F',{F., s > 0},P') given by
Xy x, (and this implies the existence of a solution-measure to SDE (3.C.1)). If Y is another
solution-process of SDE (3.C.1) starting at xo then the difference Da =Y — XfA’XO must satisfy the
ODE

dDg = AAD;1 g yds, Do =0,

P'-a.s. and hence Dp = 0, P-a.s. Thus SDE (3.C.1) has a unique solution-process (for any
stochastic basis (', F',{F., s > 0},P')). By Jacod and Shiryaev (1987, Theorem III.2.33) this
implies uniqueness of the solution-measure with initial condition dx,. In turn, by Jacod and Shiryaev
(1987, Theorem II1.2.26), this implies uniqueness of the solution to the martingale problem on the
canonical space (2, F,{Fs, s > 0}) for the characteristics (B}, C?, v*) and initial condition 7 = dx,.
The same reasoning holds with A replaced by A(©. O

Proof of Proposition 3.3.3. According to Lemma 3.C.1, the martingale problems
(X, (BY,C" "), 0x,) and (X, (BY (), C" v'),0x,) have unique solutions. Let us denote by
QA xo and Q4 (o) 4, such unique measures on canonical path space (2, F, {Fs, s > 0}). Then we

clearly have that the restricted measures on (€2, ;) coincide, i.e.

t _ ot t _ mt
Qaxo =Pax, and Qu 0 = Paw
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Note that for w € Q, s >0

S

By (@) = Bl , ) + (Aa — Ax0) /0 w(u)du = Bl (@) + Aa /0 w(u—)du.

Due to the specific structure of Aa := A — Ay ), We can write Vx € RP?
AAX = 2271AAX,

where we define the pseudo-inverse X! for ¥ as

Odxd -+ Odxd Odxd
=

Odxd -+ Odxd Odxd

Odxd -+ Odxg X7

We can thus define the RP%-valued predictable process Za = {Za s, s > 0} on (Q,F, {Fs, s> 0})
such that Za ¢(w) = X' Aaw(s—) and for s > 0, w €

B o(w) = Bl (@) + [ dCiZau(w) (3.0.3)

The results from Jacod and Mémin (1976) can be immediately generalized to the multivariate setting,
cf. Sgrensen (1991). We can thus check the hypothesis of Jacod and Mémin (1976, Theorem 4.2.(c))

for QA x, and QA(O),xo:

e For s e Ry let
s SAL L ~
Al () = / Z (@)dC Zp u(w) = / w(w)TALS ! Apw(u)du,
0 0

and define the (Q, F, {Fs, s > 0})-stopping times (note that, by construction, this is a strict
stopping time in the sense of Jacod and Shiryaev (1987, Definition I11.2.35)):

Tp(w) = inf{s > 0: Axs(w) >n}.

In order to check 7,-uniqueness of the martingale problem (X, (B, Ct 1), dx,), in the sense
of Jacod and Mémin (1976, Section 4), we show the (stronger) condition of local uniqueness,
as defined in Jacod and Shiryaev (1987, Definition I11.2.37). Due to the Markovian structure
of the martingale problem we can apply Jacod and Shiryaev (1987, Theorem I11.2.40) to the
characteristics (BY, C*, ") to deduce local uniqueness (note that, unlike Sgrensen (1991), we

cannot apply Jacod and Shiryaev (1987, Corollary II1.2.41) directly because Sgrensen (1991,
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Condition C) is not satisfied). For s > 0,u > 0,w € €2, define

un(t—s)t
psBY uw:B(t_S)er:AA w(r)dr + Eb(u A (t —s)1),
A Au
’ 0

(PsC')u(w) = O 9" (w) = S(un (¢ = 5)7),
(st (w; du, dz) = l/(t_s)+(w;du, dz) = 1o 1)+ (v) dudo(dr—p) F(dz)p).

Note that for fixed u > 0 and A € B(R; x RP?) the maps
(5,w) = (psBlY)u(w), (5,w) = (psCV)u(w), and (s,w) — (psv')(w; A)

are clearly F ® B(R;)-measurable. Moreover, letting 6 : 2 — Q denote the shift operator,
it can be easily verified that the following relationships are satisfied Vs,u > 0, Vw € (,
VA € B(RPY):

(pSBtA)U(HSw) = Bf/&s-l-u(w) - Bf&,s (w)7
(psct)u(‘gsw) = C;—i-u(w) - Cz(w)a
(Psv") (55 (0, 1] x A) = V(w3 (5,5 + u] x A),

i.e. the mapping defined by p, satisfies Jacod and Shiryaev (1987, Assumption I111.2.39)
(moreover Jacod and Shiryaev (1987, Assumption I11.2.13) is implicit as we are working on

the canonical space). Next, we note that, by Lemma 3.C.1, the martingale problem for
(X, (B(At—s)\/o7 C(t—s)\/O, V(t—s)\/O)’ 51)’

admits a unique solution, QA s ., which, for fixed A, can be shown to define a transition
kernel from (R, x RP? B(R, x RP9)) to (92, F) by

Qs,x(dw) = QA,s,x(dw)a

cf. Lemma 3.C.3. Moreover, by setting s = 0, we know that (X, (B}, Ct, 1), dx,) admits a
unique solution. All hypothesis of Jacod and Shiryaev (1987, Theorem I11.2.40) are thus
satisfied and we can hence conclude that the martingale problem for (X, (BY, Ct, 1), dx,) is
locally unique. In particular, we have 7,-uniqueness in the sense of Jacod and Mémin (1976,
Section 4) for (X, (BY, Ct, 1), dx,) for all n.

o The initial conditions are both dx, and thus trivially equivalent.

e Finally we note that

t o 5 ~ t
Ay o = [ @@ AXS M Aaw(udu < |57 Aa] [ w@Pdu<oo,  (3.04)
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QA x, and Q A©) xq almost surely, where || - || denote appropriate arbitrary norms on the
underlying (finite dimensional) spaces. Since the driving Lévy process L is assumed to
have finite second moments on (', F' {F., s > 0},P'), we have that, for s < ¢, a so-
lution of the stopped SDE (3.C.1) with initial condition Xo = xo has law P'(X} , . €
) = P (Xaxys € ) = Psxo,a(-) which is infinitely divisible with second moments and

characteristics (bsxy,A,2s,.A,Fs.A) given by
bsxe.a = €440 +/ e"4AEb du

L e s (Lien (442) = Lyien(2)) duso(dz—p) Fdz,),

ZS7A:/ eSAAEEé'Te“AAdu,
0

Fya(E) = /R . /0 1 (£*442) dudo(dz_y) F(dz,), VE € BEM),

where (b, X, F') are the characteristics of the driving Lévy process L. = {Lg, s > 0}, cf. Sato
and Yamazato (1984, Theorem 3.1). Thus we can bound uniformly in s € [0, ¢]

EP [ Xamgsl?] = tr(Var® [Xox ) + [EP (X ]

bs xo,A +/ 2Fs a(d2)
’ {z:])2]>1}

k(t,x0,Aa,b, X, F), (3.C.5)

2
—tr(Sa) + [ elPFa(ds) +
Rpd

for all s € [0,t], where k(t) = k(t,x0,Aa,b, X, F) is a constant which depends on
t,x0, A, b, X, and F. Thus we can show that AA , is bounded in L(Q, F, Qa x,)

B t
E%40 [Afy o] < I=7]|[lAal /0 E%Ax0 [ [lw(s)|?] ds
-1 1 t P’ 2 —1 1
= [=7M|llAal /0 P [[|X A xo,sl2] ds < 6271 Aa | 5(t, A) < oo,
and hence
Aix,oo<007 QA xo-a.s

Similarly, we get
EVAO (Al ] <t 57 Aalls(t, A®) < oo,

and hence

t
AP oo < 00, QA<0),x0‘a S

The assumptions of Jacod and Mémin (1976, Theorem 4.2.(c)) for Qa x, and Q (o) 4, are satisfied

and hence we have

Qaxo ~ Qa0 x,
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which, by construction, implies

t
P xo ~ Pa©) x-

In order to deduce the form of the likelihood we apply Jacod and Mémin (1976, Theorem 4.5.(b))
to Qa x, and Q4 (o) - Note that, by the arguments above, Q4 (o) ,, is the (unique) solution to the
martingale problem (X, (BfMO) ,Ct 1), 6x,) on the canonical space (2, F,{Fs, s> 0}). Moreover
we have that Qa x, is the unique solution to the martingale problem (X, (BY,C?, 1), dx,) on
(Q, F,{Fs, s >0}) and hence satisfies the martingale representation condition (Jacod and Mémin,
1976, Theorem 4.4). Finally we note that by construction {AfA, s, § > 0} has continuous trajectories

QA 0) x,-a-s. and hence for Q4 (o) y-a.e. w € QL and Vs > 0

E2A© ldQA’XO‘fs]( _eXp /z XG0 /Z W)ACLZ A o (w )}

Qa© xo

= / X, ApE™dXG o), — 2/0 XEAXiflAAxudu},

and noting that, by construction, if we set s = t, for [P -a.e. w € €
A0) xq

EQA(O) 0 [ dQAa x,

t
dQA,xo d]P)fA,X() (w) _ ]EPA(O)’XO dIP>A,x0
dQa0) x,

}—t] (w) = (w) = ft] (w),
dQ 0 , APy 0) o

d]P)A(O),Xo

which completes the proof. O

Remark 3.C.2. In the general setting of Jacod and Mémin (1976, Theorem 4.2 and Theorem 4.5)

the condition Aa; = AfA,OO < 00, QA x,-a.s. ensures the stochastic integral

S S
(Z% - X%)s == /0 Zp.dXG 0, = /0 X ARSTH dXG o) s
is well-defined for s < ¢. Note that one can write
XZ(O),S = f’x,s + (BtA(0)75 - BtA,s)? ERS [O’ t],

where {XQ ,s € [0,t]} is a continuous local martingale under Qa x, and {B', ¢ , — BfA7S, s € [0,t]}

is a finite variation process. Then one defines

S S S
| ZRadXs0, = [ ZRadXau+ [ 2R, dBho, ~Bhy). s 0]

where the first integral is well-defined as the integrand is in

t
P*(X%;Q, F, {Fsy s >0},Qax,) = {H prog. meas. s.t. Qa x, </ HId(X4).H, < oo) = 1},
0

cf. Karatzas and Shreve (1996, Theorem 3.2.23), and the second integral is defined for any optional
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(and thus any predictable) integrand, cf. Jacod and Shiryaev (1987, Definition 3.4). In our specific
setting the processes {X} ., s € [0,t]} and {Za s, s € [0,t]} satisfy stricter conditions: the first is
actually a true square-integrable martingale under Q4 x, since E@ax0[(X4),] = ¥s < 0o, Protter
(1990, Corollary I1.3), and the latter is in

t
LX(XA;QF {Fs, s >0}, Qax,) := {]HI prog. meas.s.t. Eg, [/ HEd(Xi)SHS] < oo},
’ 0

since Ag}xa is bounded in L'(Q,F,Qa x,).- We can hence apply Karatzas and Shreve (1996,
Definition 3.2.9) (or from the original work of Kunita and Watanabe (1967)) to deduce that the

stochastic integral
S
(2} X = | 2Ry X, s €01

is not just well-defined but is actually a continuous square-integrable martingale. This observation
is fundamentally linked to Lemma 3.3.8: the process (Z} - X4 ) is the sum of the components of
the score, i.e. Equation (3.3.14), and is proved to be a Pa x,-square-integrable martingale (i.e. a

Qa x,-square-integrable martingale up to time ).
Lemma 3.C.3. Fiz A € (Mg(R))? and let Q : Ry x RP? x F — [0, 1] be given by
(8,2, 4) = Qs2(A) = Qas,2(4),
where QA sz 95 the unique solution to the martingale problem for
(X, (B(Atfs)VO’ C(tfs)V07 V(tfs)VO)’ 5y).
Then Q defines a transition kernel from (R x RPY B(R, x RPY)) to (Q, F).

Proof of Lemma 3.C.3. Clearly, for fixed (s,z), Qs () defines a probability measure on (€2, F).
Next, to show that for fixed A € F, (s,2) + Qs(A) is B(R; x RPY)-measurable, we use Dynkin’s
m — A theorem (Klenke, 2008, Theorem 1.19). Let C C F denote the m-system of finite cylinder
sets, i.e. C' € C of the form

C={west w(s))€Al...,w(sp) € An} € F,
forany n € N, sy < ... < s, € Ry and A1,..., A, € B(RP). Define
L={L¢cFst (5,2) = Qs(L) is B(R; x RPY)—measurable}.
This is a A-system, since:

1. Q€ Lsince (s,2) = Qs 2() = Qa 52(2) = 1 is trivially measurable;
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2. if A,B e Land AC B then B\ A € L since

<3a .f) = Qs,z(B \ A) = QA,S,Q:(B \ A) = QA,S,:E(B) - QA,S,:E(A) = Qs,z(B) - Qs,m(A)a
is the difference of measurable functions and thus measurable;

3. ifA1QAQQ---EEthenUnZlAnEESince

(va) = Qs,w( U An) = QA,S,&C( U An) = lim Qs,:v(An)7

n—oo
n>1 n>1
is the pointwise limit of measurable functions and thus measurable.

Moreover C C L since for C € C we can write

(37 $> — Qs,z(c> = QA,S,Q:(C) = /A e N QA,S(Sn—la Tn—1,Sn, d$n) te QA,5(07 Z, 81, dx1)7
1 n
where Qa s(-, -, ) : Ry x RPY x Ry x B(RP?) — [0, 1] are the time-inhomogenous Markov transition
(t—s)VO

probabilities associated with X, . 7" given by

PA(y,SQ—Sl,A), if0§81382§(t—8)\/07
Qa,s(s1,y,52,A) = Pa(y, (t—s) —s1,A), if0<s <(t—s)VO0<sy,

]lA(y), ifOS(t—S)VO§81§SQ,

for 0 < s1 < s9, y € RPY, A € B(RP?) and Pa(-,-,-) : R x R, x B(RP?) — [0,1] denoting the
time-homogeneous Markov transition probabilities associated with Xa x, given in Masuda (2004,

Proposition 2.1), or Sato and Yamazato (1984, Theorem 3.1). The map (s, z) — Qs ,(C) is:

« measurable in € RPY, using measurability of Pa(z,s1,A), Pa(x,t — s, A),14(z) to obtain
measurability of Qa s(0,z,s1, A) for general A € B(RP?) and then extending from simple

functions to obtain measurability of general integrals w.r.t. Qa (0, z, s1,dx1),

o right-continuous in s € R, using continuity in s of Po and treating the cases s <t and s >t

separately,
and thus jointly measurable in (s,z). Note that F = ¢(C) and by the m — A theorem we have
o(C) C L. We can hence conclude that measurability in (s, z) holds for any A € F. O
3.C.2 Proof of Lemma 3.3.8

Proof of Lemma 3.3.8. Under P4 ) y,, the process H is a continuous local martingale as it is
given by the integral of a locally bounded predictable process against the Py (o) ., Brownian

motion DP~1Y¢ ), i.e. H is a semimartingale with characteristics (0, [H],0) under P, (o) . Hence
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by Kiichler and Sgrensen (1997, Corollary 11.3.2), H is a semimartingale with characteristics
([H]vec(A), [H],0) under Pa x, and thus the score {H; — [H];vec(A), ¢ > 0} is a mean-zero
continuous local martingale with quadratic variation [H];. Since, moreover, the driving Lévy process
L is assumed to be square-integrable, the score has a P x,-integrable quadratic variation (here

|| - || denotes the Frobenius norm for matrices and || - ||y the norm induced by (-, -)s, for vectors):

1/2
EPA=o [|[E] ] < EFA% (Z >y (f oo mnD’“Y“ds))

1,k=01,j=1 mn=1

1/2
t ot P—1
< d||=7H|EPAxo (// > ZDZ v pkyli >DY(>DkY(J>dsdr>
0

l,k=01,5=1
1/2

=0 1=1
t ¢l d 9 1/2
< d||£Y|[EPA = /ZZ (DYDY, ) dsdr
070 1 —pi=1

2
p—l d
< d|| =7 |[EFAx0 (/ / ZZDZYS(i)DlYT(i)) dsdr

< dHE—IHEPAwo 3 (DZY“))2 ds

21ds < oo,

t t
<d|s7 [ B IXulflds = I [ BT (X Ay

by noting in the last step that {X;, s € [0,¢]} and {XA x,.s, § € [0,t]} have the same law under
Pa x, and P’ respectively and using the bound in Equation (3.C.5). Thus the Pa x, continuous local
martingale {H; — [H];vec(A), t > 0} is indeed a Pp x, continuous square-integrable martingale by
Protter (1990, Corollary I1.3). In particular, H; and [H]; are finite Pa x,-a.s. O

Remark 3.C.4. Alternatively one can explicitly substitute
p t )
DY ), = DY, Y /0 A;DPIY, ds
j:

into the score. This yields an integral with respect to the Pa x,-Brownian motion DP~1Y4 , which

one can then check to have quadratic variation [H];.

3.C.3 Proof of Theorem 3.3.9

Proof of Theorem 3.3.9. For ¢ € RP4 the log-likelihood is a quadratic form given by:

le(¢) == log L(vec™ (¢); Yo ) = ¢ H, —*cb [H];9,
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i.e. it has gradient
Vyli(¢) = Hy — [H]:9,

and Hessian
Hessyli(¢) = —[H];.

First, note that, for any ¢ > 0, the (log)likelihood has finite coefficients Pa« x,-a.s. (see discussion
at the end of the proof of Lemma 3.3.8). Moreover the matrix [H]; is strictly positive definite
Pa+xya.s. Let ¢ € R with ¢ = (¢],,...,67,)7 for ¢11,...,¢ap € RY Then

d p—1

t .
STHG = [ 1303 ouD' Y sds 20, Pars,-as.
0 i=11=0
with equality if and only if
d p—1 )
ST 6 DY =0, Leb®@Paxx,—as.
i=11=0

We define a collection of random variables {Z¢, i € Z} on (P, ), F’) to be affinely independent
under P’ if, for any ¢ € RZ, & € R

Y &Zi=¢& P-as. = £&=0.

i€l
Thus, showing that under Pax x,, {Dle(i), i=1,...,d,1=0,...,p— 1} is an affinely independent
collection of random variables for any s € (0,t] would imply ¢ = 0 and thus that [H]; is strictly
positive definite. Under P4 (o) ., With A0 = (Ogxds - - -, 04xq), we have that

A A . t ,
pr=iyD = L0 ply? :/ DHYds 1=p—2,...,0,
0

and one can check that the (independent) components of a non-degenerate Lévy process and their
first p — 1 time integrals are affinely independent under P A(0) x,» and hence — by equivalence of the
restricted measures up to t — also under Pa= x,. Thus we have that the (log)likelihood is a strictly

. . 2 . .
concave continuous function on R4 with unique maximizer

and thus

In the remaining part of the proof, we assume that A* € 2. Under Pa- x,, the MCAR(p)
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process Y and its state-space representation are ergodic. Thus, P« x, almost surely
1

where H is a strictly positive definite matrix (by similar reasoning as for [H];) given by

Ea- (DY s-1pr-1y V) .o Eae Dty n-1v )
Ea-[YAPs 1Dr-1vd] 0 Ea P17

and L([YZL,...,DPYYL]T) = £([;° eAa* € dL,) under Pa-. Note that
vec(A(Yyo,)) = [H]; "Hy = vec(A™) + [H]; ' (H; — [H]pvec(AY)),

and, by Lemma 3.3.8, the score H; — [H];vec(A*) is a mean-zero square-integrable martingale
under Pa« x,. By the central limit theorem for martingales, i.e. Kiichler and Sgrensen (1997,

Theorem A.7.7 and Corollary A.7.8), applied to the score, we have that
—1 * IPA"‘,xo
H]; " (H; — [H]svec(A¥)) —7 0,

and hence
. Pas x

vec(A(Yjpy)) —° vec(A¥), t — occ.
Again by Kiichler and Sgrensen (1997, Theorem A.7.7 ) we have

1
—=HA(H, — [H]vee(A)) =5 W ~ N(0, L), t— oo,

Vit

Combining this with Equation (3.C.6) via Slutsky’s lemma yields

Vi ([H]7TH, = veo(A)) -5 HI2W = Z~ N(0,H3)), t = oc.

3.D Discrete observations: proofs

In this section, we will be working heavily with inequalities. We introduce the notation f(t) < g(t)

to denote f(t) < Cg(t) for some constant C' independent of t.

3.D.1 Proof of Theorem 3.4.5

Proof of Theorem 3.4.5. To show Equation (3.4.8) with Al’t = A(Y[Oyﬂ) and A27t =

A(Yp,,...,DP7Yp,, Jp,,Mp,), we work in L'(Q, F,Pa~) and note that for each d-entry batch
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with 1 €{0,...,p—1}and i€ {1,...,d}

N¢—1

Z DyOsY(prlys ~ DY ) / DYt dDP Y o)

—1/2
t12E 5. [ A s

|

< s B

I Z / - DY) aw,

Ne—1 g, 00 . ] & ]
-3 / (P~ DY2) 4D IY s o
n=0 7 9n =1
(g) t_l/QHE_lH {EA* [ ‘ /Ot Ntz_l ]l[Sn,Sn+1](S) (Dle(j) o Dle@)Zl/g dWst} "
Nt 1

+ZEA*[

oy - ply ) iAij*ij dsH]}
j=1

t Nt—1

<)t 12|53 1||{tr n)1/2 / Z Ty, a0 (5 )EA*[(D v - Dlys(i))z} ds)

N¢—

1 p Sn
ZZ/ R
o fWHZ 1\{tr )12 i/ (DY~ DlYS@f] ds)

(i 1/2

s:|d3}

Iy (3 Iy (3 *
(Dys(n)_DY:s())Aj

1/2

. 1/2
a; vy, 7] ds}

® gt Lo g et i For (i) 2 1/2

< 227 (D) Y ( S swp EA*[(D Y®) - D YS(’)) ](sn+1 - sn)>
n=0 SE[sn,Sn+1]

/ N¢—1

. 1/2 ; A\ 271/2
+p max A7 Ea- [[Xoef*] 7 Y sup Eac (DY) - D'YO)] <sn+1—sn>}

n=0 sE [Sn 75n+1}

(vi) . N 298 1/2
< t1/2”21‘{t1‘(2)1/2 (t sup [Ea- [(DIY'O(l) - Dl}/s(z)> ]) /
86[07A'pt}

X 1/2 i N 241/2
+p max ||A;H Ea~ “ oo||2} t sup Ea-~ [(Dlyo() _ DZYS(Z)) } }
J_la"'zp

SE[O,Apt]

(vi)
< AR HH2A% 50, oo,

by using (i) the decomposition (3.4.16) of the integrator {DP IYZ(O) , § > 0}, (i) triangle
inequality and domination of L' (2, F,Po+) norm by L?(, F,Pa+) norm, (4ii) It6 isometry, triangle
inequality and Tonelli’s theorem, (iv) Cauchy-Schwarz inequality, (v) sup bounds on integral and
stationarity of the state-space representation, (vi) stationarity of the state-space representation

again, (vii) Equation (3.B.1) and the high-frequency sampling condition, i.e. Assumption 3.4.4.

Next, to show Equation (3.4.9), we work again in L'(€Q, F,Pa~) which then implies the corre-
sponding limit in probability. For each d x d sub-matrix with [,k € {0,...,p—1}and 4,j € {1,...,d}
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we note that

t_l/QEA* [

Nl . . t , ,
3 DIYORTI DY (s, — s,) —/0 DlY®s-1pky () g
n=0

|

(i) Neml s, . . . .

<27 Y / o Ea~ HDlys(;)DkYS(Z) — D'y pky ) H ds

n=0 “9Sn

) Ne—1 . . . .
<R Y. swp o Eae [[DYODRYYD) - DY DRV ] (5040 — s0)

n=0 SE [sn 75n+1}

(iid) . , . Lo et
< t71/2”271H sup Ea- [‘Dl%(l)Dk%(]) _ Dlys(z)DkYS(J) H Z (Sp41 — Sn)
s€[0,Ap, ] n=0

(i)
< RS swp {Ea |

Dzyo(i)(DkYO(j) _ DkYS(j))H +Ea- HDkYS(j)(DzYO(i) _ Dlys(i))u}

SG[O,Apt]
(v) 1/2{(x—1 911/2 911/2
< 257 2Ba- [[XlPP] T sup Eae X0 — X
SE[O,APt]
(vi)
< t1/2A%2 —0, t— o0,

where we have used (i) triangle inequality and Tonelli’s theorem, (ii) sup bound on the integral,

(7i7) stationarity of the state-space representation

DP1Y,

of the MCAR(p) process, (iv) triangle inequality, (v) Cauchy-Schwarz inequality and stationarity
of state-space representation, (vi) Equation (3.B.1) and the high-frequency sampling condition, i.e.

Assumption 3.4.4. O

3.D.2 Proof of Lemma 3.4.8

Proof of Lemma 3.4.8. Let k € {1,...,p—1}. First note that forn € {0, ..., Ny—k} by Lemma 3.F.1

and Lemma 3.F.2 we can express the forward difference as

k
‘DkYSn = Z(_l)k+l Z (Sn-i-l - Sn)inl e (Sn-i-z - sn+i—1)7ni (Y3n+i - Y5n+i—l)7
=1 ny,e..,mi>1
ni+-tni=k
and, for each 7 € {1,...,k}, the increments as
Y3n+i - Y3n+i—1
k—1

) S — 8V —(81s 1 — s, ) Snti Uy U1
— Z D]st ( n+i n) '( n+i—1 n) + / / . / DkYuk duk o dul.
— VR Sp4i—1 S s
]_]_ n+i—1 n n
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These can be combined to write

‘DkYSn = Z(_l)kH Z (Sn+1 = sp) ™ o (Sni — Spi1) ™™
=1 Ny, >1
nyrni=k
k_l . .
v (Snti — 5n)? — (Snti-1 — sn)’
J
<[ Y iy, i
j=1
Sn+i ul Uk —1 k
+ / / DMY,, duy ... duy).
Sn+i—1 Y Sn Sn
Thus for any k € {1...,p — 1} we can write
DFY, — DFY,
k=1
=Y " DIY, Csn,. s 8n4a35) + DY, [Clsn, .-y Snani k) — 1]
j=1
L e (3.D.1)
+ (—1) Z (8n+1 — sn) o (S — Snio1)
=1 n,...,mi>1
ni+-4ni=k
Sn+i Ul Uk —1 k k
x/ / / (DY, — D*Y,, ) duy ...dui |,
Sn+i—1 Y Sn Sn
where we define, for j € {1,...,k},
k .
C(5n7 ceey Sn—l—k;j) = Z(_l)kJﬂ Z (Sn—i-l_sn)inl Tt (5n+i - 3n+i—1)7ni
=1 e >1
’ nrll}l—m—:—lni:k (3D2)
> (Sn-i-i - Sn)] — (Sn—l—i—l - S’VL)]

J!

We note that, if P, is almost evenly spaced, then

C(Snu s 75n+k‘;j) ~
More rigorously, we can write (here we consider k even, the case where k is odd is covered by
multiplying both inequalities through by —1):

C(Snv AR Sn+k3j)

- ( Z o Z ) Z (5n+1 - Sn)inl e (577,+i - 577,+i—1)7ni (STH”i — sn)J — (Sn+i71 — sn)J
=1 =1

|
. = ni,...,n;>1 J:
teven ¢ odd gy4...4n=k

k - iAp,)i — b ((i — 1)Ap, ) - & (iAp,) — ((i — 1)Ap,)
< Zl (Ijll)cptkAptk( 771,) 77;'(( ) Pt,) . Z (k 1)Aptk Pt( 'Pt) ]f( ) Pt)

i even i odd
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- A?fk{ > (o))t —epi=1v1= 3 (32 )ieh — =177}
ilezvén 1l:dld
- Aj'?fk{i(‘”i(f—ll)[” =0+ 2 (57 ) [t = 111k, — 1+ - kM- 1]
and

k—1\ \ _pcp,(iAp,) — ((i = 1)Ap,)’ k—1\ _pr_p(8p) —cp ((i —1)Ap,)!
= Z <i—1)APtk = 3! o Z (Z'_1>CP¢]€APZ€ Pj|
i=1 ’ i=1 ’
i even i odd
A A . Ay S
=Y (571 )bt~ -1~ > (521 )entte - chti- 1)
ilf;ven il;dd
N T VY7 A A T A N TP
> S () - = () okt et i e ]),

where we use that for any m > 1 the relationship cp, Ap, < [sp4+1 — sp| < Ap, implies

m m m m m
B AP, < |snt1 — sn|™ < AR, AP

m m m
< —lsnt1 — sul™ < =B, AT,

A" < sng1 = sn| " < eptART, —ep AR < —lspr — su| T < AR
and forany k> 1,1 <i<k

k-1
#{(n1,...,ns) :n1,...,np > 1ng+--+n =k} = (i—1>'

We can rearrange and combine the upper and lower bounds for C(sy, ..., S,+k; ) to obtain

|C(Sn, s 7Sn+k;j) - F(]a k;)‘

ALFEE [ , o , (3.D.3)
P —ko —k .
sjfzi_lwaquuﬂﬂwﬂa—m%wy
i
where, by Lemma 3.F.3, we have
ALF E 1\ , 0, 7=0,....k—1,
F(j, k) = (~1)F =2 Z<—1>’<._1 - -1 =0" 7 -
Jo =3 t 1, j=k.
Next, we can use cp, € (0,1) and Assumption 3.4.6 to deduce that, for 1 < j <k,
k—j
; _ ek, — 1 ik cp,” — 1 =
op, =1 < leb =], lepf 11 = Fg= < 2Meh —1l, et 1) = Hm = <2 7ieh 1),
Pt Pt
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for t € T sufficiently large (i.e. such that ¢p, > 1/2). Due to the “convergence to uniform spacing”
condition on the sequence of partitions, i.e. Assumption 3.4.6, we can bound Equation (3.D.3) by
[C(sns - - 8n4k3 d) — F(J, k)l
AIH k(1 ‘ A . , (3.D.4)
Pe |k kY, k—j(: j—1/2
<l (g ) [0+ 297 £ 276y s A

This implies

Ea- [HE’“YSn — DbY,

/]

() k k
SZZ A [DPYE DY, 1C(sps- o Snaki §) = FGLR)NC (sns - -y snani 1) — F(LE)]
j=11=1
k ) _
+2Z sSup Ea- [D]YsTn(DkYu - D Sn)} |C(sna~“a3n+k;j) - F(Ja k)|C(5nw~wsn+k;k)
j=1 UE[Sy ,Sntk]
+  sup  Ea- [|D*"Yy — D*Y, 2] C(sn, -, Sngni k)
UE[Sn,Sn+k)
(1) g & .
< Z Ea~ [DJY;FODZYOO] |C(Sny - 8ntk; 3) = F (G, R)IC (80 - ooy Sk 1) — F(1,F)|
j=11=1
k ; 1/2 1/2
+2> Ea- [IDY ] sup  Ea- [[|D¥Y., — D"Y,|?]
= u€[0,kAp,]
X |C(spy oy 8nik;d) — F(G, k)| C(Sny -+ Sk k)
+ sup Ea- [|D*Y, — DFY|?] C(sn, ...\ Sntni k)
ue[O k‘Apf]
(111)
[ZZN 2pL 1/2+22 kAp,) 2L 4 kA, | S Ap,,
Jj=11=1 j=1
where

k k A
—n —n; Sn+i — Sn) — (Sn+i—1 — Sn
C(Sny-eySntk; k) = E E (Sn41 — Sn) "™ - (Snti — Snpi_1) (Sn+ ) k!( +i—1 )

=1 ny,...,n;>1
ni+-+n;=k

(z— 1) 7’? P, (Bn ) _C%kf(l_l = zk: (z—1)2k a k('z_ Dk’

M

by applying (i) Equation (3.D.1), sup-bounds on the integrals and triangle inequality, (i7) station-
arity of the state-space representation and Cauchy-Schwarz inequality and (iii) Equation (3.D.4),
Equation (3.B.1) and Ea+[Xoo X1 ] < 0. O

3.D.3 Proof of Theorem 3.4.14

Proof of Theorem 3.4.1/4. In order to apply Lemma 3.4.3 we need to show Equation (3.4.8) and
Equation (3.4.9) hold for A;; = A(Yg,,...,DP"'Yg,,Jg,,Mo,) and Ag; = A(Yp,,Jo,, Mo,).
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For ease of notation let us write the increments of the partition Q; with mesh Ag, as
AQ, = Umyl — Um, m=0,...,M;—1,
and the increment of a process Z over the interval [t,, tm,11] € Q; as

6,2 = (Z —Zy,,), m=0,...,M;, —1.

Um+1

We stress that, throughout the whole proof, the finite difference approximations are computed
on the finer partition P;. We will be repeatedly applying the bound (3.4.19) from Lemma 3.4.8
evaluated at points s, = u,, € Q; C P;. In this context, the notation ﬁlYum denotes the Pi-finite
difference approximation (3.4.17) at the point u,, € Q; which is, by construction, also in P;.

We start by showing Equation (3.4.8). We work in L!'(Q, F,Pa+) which then implies the
corresponding limit in probability. We note that for each d-entry batch with [ € {0,...,p — 1} and
ie{l,...,d}

M;—1 My—1
t~12E ,. [ > DYISTIAL DPTIYG o — Y DYISTIAG DY ) ]
m=0 m=0
) M;—1
< t—1/2||z—1||EA*[ > DY(){D” Y0 — D" Y0, —AG,DP 1YA<U)}
m=0

M;—1
+ > (DY) - DY AG DPTIYG )
m=0

Um

|

M;—1

(i)
< t_1/2||2_1||{ Z Ea-
m=0

HDlY’u&Q [(ﬁp_lYuwH»l - Dp_lYum+1) - (ﬁp_lYum - Dp_lYum)] H]

M;—1
e || 3 0w - pvinag o
m=0
(i) M1 211/2 N 22
oty 3 e o] e (o e - v
Y A 071/2
N

Um+1 .
ASDPIY, du]

m

t Mi—1

My—1
{ ‘ /0 Z Lot 1) (8 s)(D'Y]! ) D Y(Zn)zl/QdWS‘H

(,L) M;—1
1/2{ Z AY? + Ea-

’Mt 1

Z

p Um 1
Z/ A5(D'Y) - D'Y(DrY, du

j=1 Um,

-

¢ My—1

1/2
N . A\ 2
il ([5 oa (0950 - pvi2) o)

m=0
211/2 4 1/2
} Ea- [|DP—JYOO||2] du}

M;—1 p U1
5303 =Nl
m=0

j=1 Um

( )

D'y — D'y (")
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(vi)
<A ¢ AYE 4

SEIAN/AY? = ('NjAg,) (1A AR,)

—0, t— oo,

where we use (7) simple rearranging, (i7) triangle inequality, (#i7) triangle inequality, Cauchy-Schwarz
inequality and representation (3.4.16), (iv) bound (3.4.19), triangle inequality and Ea«[Xo XL ] <
00, (v) It6 isometry and triangle inequlity, Tonelli theorem, Cauchy-Schwarz and stationarity of
state-space, (vi) bound (3.4.19) again and, finally, M; < N/ by definition, Assumption 3.4.10 and
Assumption 3.4.12.

Next, to show Equation (3.4.8) holds, we again work in L'(, F,Po+) and note that for each
d x d sub-matrix with I,k € {0,...,p— 1} and 7,5 € {1,...,d} we note that

M;—1 M;—1
7 PEa- || Y DYOSTIDRY AR — Y DY OnT I DFY DAY,
m=0 m=0

(i) Mt N ) N A
<12 Y {EA* ley;g(my;gg . Dky;gg)ﬂ +Ea Hmm(pm - Dlymu }Agt

m=0
2:| 1/2

971/2
} Ea- Ui)lyy) - Dy,

(i9) = siy?] Ay '
< VR YD {EA* UDlYéfj ] s [\DkYéiR—D’“Yéi?
m=0

Um

1/2
+Ea- DD’“YU) 2} } m
(i) Mi—1

< —1/2 Z {A;p/gntA;;/Q} m
m=0

(iv)
< (tAp)Y? =0, t— oo,

where we have used () the triangle inequality, (i7) Cauchy-Schwarz inequality, (7i7) bound (3.4.19),
the fact that ﬁlen is a linear combination of stationary Y, , ..., Y, , with finite second moments,

stationarity of the state-space representation and Ea«[X.X L] < 0o, and (iv) the high-frequency

sampling condition, i.e. Assumption 3.4.4. O

Remark 3.D.1. Note that the estimator Aj; = A(Yq,,..., DP~'Yq,,Jo,,Mg,) is defined with the
summations up to N/ — 1 and not M; — 1. In order to prove Equation (3.4.8) and Equation (3.4.9)

we are thus missing

N/—1 Ni—1
> DO IDYOAS S 0 ad Y DYOSAR DY B .
m:Mt m:Mt

ast— oo for 0 <1,k <p—1and1<i,j<d. The first limit can be shown in L'(Q, F,Pa~) by

N/-1 NI—1
Ea- || 32 DY@s oY OAg || <=7 Y Eas [[DYODYD)]] A%,
m=Mj m=Mj;

S (Ng_Mt—l)AQt rg (p_l)AQt =0, t— o0,
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and similarly the second limit follows by

N/-1
]g =71 Z Ea- [||D'Y AL, DY )
m=DM;

N1
> DYLISTIAL DY
m=M;

]

< (Nt,—Mt— 1)Agt < (p—l)AQt —0, t— oc.

Ba|

3.D.4 Proof of Theorem 3.4.19

Proof of Theorem 3.4.19. Recall that by Lemma 3.4.3 it suffices to show Equation (3.4.8) with
A= A(Yp,, Jo,,Mo,) and Ay, = A(Yp,; Qs,v¢). To show this we work with a slightly different
approach than in the proofs in Section 3.D.1 and Section 3.D.3. We first introduce the event A,
representing whether the thresholding technique is succesful, and show this event has probability
approaching one as t — oo, i.e. Equation (3.D.8). Next, we show that on the set Ay, A(th; Q,vy)
converges to A(Yp,,Jo,,Mg,) in L'(Q, F,Pa~), i.e. Equation (3.D.11). Combining these results
implies the desired condition, i.e. Equation (3.4.8).

Fort e T,me{0,...,M;—1}and i € {1,...,d} let us introduce the event that the thresholding

technique is successful on the m-th interval of the ¢-th partition in the ¢-th component, i.e.

AL — Q-1 | . |
t {w € {|N§t Dr=1y () —p) AT |§Vt(l),m} (w) {am N©=0} (w)} ,

— (K;n72 ﬂ O:n’l) U (Ktrn7iyc ﬂ O?’L:Z‘,C) = (KZT’L,Z \ O;n,i)c m (O;ffn,l \ Kz’l’b,i)c’ (3D5)
where

e e g ),
o' = {w eQ: Agt]\f(z)(w) = 0}.

On the set A" either:

e 1o jumps have occurred and the approzimated de-trended increment is kept, i.e. we perfectly

recover AgtDp_lY;’((g)) On [ty Um41]; OF

e jumps have occurred and the approrimated de-trended increment is discarded, i.e.

A’é‘tﬁp_lYg(m is set to 0 on [y, Upm1]-
Recall that by definition of lA)p_lYfMO), i.e. Equation (3.4.23), we have
AGDPIYG ) — A DPIY G o) = AB,DPY — AG DPTY,

A0)

and thus, since the finite difference approximations live on P;, by Equation (3.4.19) we have the
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bound

]

= Ea- || A3, 071y - AgtDP*YHQ} < Ap,.

Ea H‘A&DPAYZ(O)—AgtDpleCNw

(3.D.7)

Define the event that the thresholding technique is successful over the whole partition Qy
M—1

d .
=N N
=1

We start by showing the sequence of events {A;, ¢ € T} has probability approaching one as t — oo,

ie.
Note
Pax (A7) (3.D.9)

{PA* (\Agtf)p—ly@ —~ B(i)Agt’ <yOm A NGO > 0)

+Pa- (|25, D7y D —50A7 | > v, AB NG = 0) }

(iid) d M;—1 . Lo o ) i i
<> {]P’A (|as, Drtye) + A5, JO| <™ A5 NGO = 1)

i=1 m=0

P (BB 22) e (885350 > 47|

(iv) 4 Mi—1 e B o B o |
< Z [IPA* (’AgtDpf YAj(o) 4 AgtJ(Z) <y, nQ@tJ(z) m AgtN(Z) _ 1)

i=1 m=0

+]P)A* (‘Am Dp 1YA((O)) + Agtj(l) < Qtj(’b) S 2Vti)7m7 AgtN(l) — 1)

- (A“)Agf +Pa- (|25, D71yl

> o)

y AL NG = 1)

[IP’A (’Am prty st >

4 Py~ (‘Agt Jo

< oM ABND = 1) Py (AB,ND = 1)

+ (2@ gt)Q +Pa- (|AB, D7y )

>0
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vi) Mi—1

£

i=1 m=0

[QPA* (|as, Dty >

A) B (-2l 20 ) 00+ (00

where we use in (i) Equation (3.D.5), in (zz) Equation (3.D.6), in (iii) Equation (3.4.27), in (iv)
theorem of total probability and AE N (i) *A* Poisson ()\( )Am ), in (v) triangle inequality and

definition of conditional probability, in (vi) the jump distribution AG J JO | AB,N ) =1" A FO().
Next, we can bound

(‘Am Dp IYC((O)

ool m)

(i) ) e
< Py ‘AmD” vl — Am prtys

V(i)nn o)
A(O) A0 2 + Pa- ‘A Dr- YA)(O)

(2)7 >
]

Um+1 p l/(i)vm
4 Py QA’" (SV/2wW) /u Zl (A1DPIY )W) du‘ > t2>
p

m

(i2) 4
<

Iy (Vt(i)»m)2

Ea- U’AmtﬁplYZm) — A D" Y40

(i) ‘ (),m Umg1 P ( );m
S LQ + Pa~ (’Agt(El/QW)(l) Vt4 ) + Pa-x (‘/ o Z (A;DP~ iY,) (@) qu ‘ S >
(Vt(z),m) wn, =
(iv) Ap, (Ag )1/2 1 =1 ( (i) m)2
S (V(i),m>2 + t(zg m eXp{_32§i2 (AQt) (Vt ) }
t
16 U1 P . @) 2
t J=

(v) A : (Amt) 1 m \—1 i),m 2
S V_P 7+ Vﬁ),m exp{—wgz(Agt) (Vt() )}

A™ um+1 P 2
+ ‘Qt 2/ [ZA*DP IY o (z) }du
(Vt(l)’m) Jj=1

(i) A AT 1/2 1 _ . 2 m )2
S £ 7t ( (Q;) exp{— 5 (A3,) ' (Vt(l)’m) }"‘ ( Qt) 2

(Vt(i),m) v 32¢; (Vt(i),m)
(vii) YO
< (Apt + ( gt)z) (AG,) 2 , for t € T sufficiently large, (3.D.10)

where we use in (i) triangle inequality, in (i) Markov’s inequality and Equation (3.4.16), in
(#47) Equation (3.D.7) and triangle inequality, in (iv) Klenke (2008, Lemma 22.2) with A% =
Var[Agt(El/ 2W)®] and Markov’s inequality, in (v) Jensen’s inequality and stationarity, in (vi)
Ea+[Xo0wXL] < oo and in (vii) Assumption 3.4.17.(7), exp{—2?/(32¢?)} < z73 for v = (A”Qq“t)ﬁ(l)_l/2
sufficiently large and A%, < 1 for ¢ sufficiently large. Plugging this into the previous inequality and
using A, > cg,Ag,, for t € T sufficiently large we have

d
Pac (45) £ 2 e Miap, a5 1 1al #1170 ((~2(a8,)?", 2(a5,)7")) +18q]

i=1
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Xd: e (N A (A G A )AL el 4B (<283, 283 7))] » o,

=1

as t — 0o, by Assumption 3.4.10, M; < N] by definition, Assumption 3.4.12, Assumption 3.4.17.(i)
and Assumption 3.4.17.(iii). We note that it now suffices to show the L!(Q, F,Pa+) convergence

Ea- {wa (Hp,,0,0. —Hpy0,) 1a, } — 0, t— o0, (3.D.11)
as this immediately implies convergence in probability
-1/2 . ]P’g*
t (HPth,Vt H'Pt,Qt) ]lAt 0, t — o0, (3D12)

and hence Ve > 0,

]PA* (Htil/z (pr,,Qth - H/Ptth)

’ > e) =Pa- ({wa Hp, 0.0, —Hp, 0,) ‘ > 6} n At)
+ Pa- ({Hfl/? (Hp, 0,., —Hp, 0,)

< ]P)A* <Ht_1/2 (HPt,Qt,Vt - H'F’t,Qt) ]lAt

e} mAg)

> e) + Pa- (AS)

— 0, t— o0,

by combining Equation (3.D.12) and Equation (3.D.8), i.e. this implies the sufficient condition
(3.4.8) for the required asymptotic properties of A(th; Q,vi).

To show Equation (3.D.11) note that for each d-entry batch

M;—1 M;—1
t71/2E 4. H (Z DYy =IAL |, DPTIY S o) — Z D'y (st AL DP~ YCA(0)> Ty, ]
m=0
M,—1
225 Y B [0 (A8, D Y - AB DY ) L]
m=0
Mi;—1 d
2 sy > Y Ea- [PV AB DY 1y o]
m=0 i=1
(iid) Mi—1 d
< Vs Y Z{]EA* [|Dyio g, (Drvgl) = oy ||
m=0 i=1
2 % m ,(9)
+Ea- H(Dlyﬁ DY) ag, oy
+ Ea- HDlYu(Q AL Dy o) Lomice } }
M;—1 d /2 1/2
2 s Z{EA* UD v ] UA (Dr=1vel) - Dty ’fm))”
m=0 i=1

A0)

}

1/2
+Ea- “f)lYu(Q—Dl X 2] “Am Drry gl

]1/2

+Ea- HDIY;Q AL (SY2W)D T e
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Um41 P
+EA*[D1Y(Z) / Z (ATDP7IY,)D du T mie }}
Um,

Jea (0

/ )0l 2}
Um

271/2 m,i,c 1/2
v :| ]P)A* (Ot " ) St}

M:;—1 d
< 3 Z{ AYP + AYPAY! + Ba- ||DYD || Ea [ |23, (512w
m=0

=1
p
+ ZEA* [ TﬂEA* [
=1
Mtfl d j p
oY Z{ AYP+ AYPAY +(A3,)1208, + Y Ea- |
m=0 i=1 i=1

(vi Mi—1 d
< e 3 Z{ AP+ LAY + (A, )3/2+(Agt)3/2}

D'Y) 1 i

Um

m=0 i=1
(viii)
S (VA (A AR )P AN + #12AY% 50, t— oo, (3.D.13)
where we use in (i) the triangle inequality, in (ii) the domination II“1l2 < |l -|l1 and the fact that

on Ay either the increment is perfectly recovered, on O;"", or set to zero by the thresholding, on
O/"°_in (iii) the triangle inequality and the fact that 1400 < 1o < 1 for sets 4,0 C , in
(iv) Cauchy-Schwarz inequality (and stationarity) on the first two terms, Equation (3.4.16) and
triangle inequality on the third term, in (v) Equation (3.D.7) and boundedness of the second
moments on the first term, the bounds (3.4.19) and (3.D.14) on the second term, independence of
DY
term, in (vi) boundedness of second moments of Xy, second moment of Brownian increments and

Pa-(O]") < A®) %, on the third term, independence of D'Y,,, and A N, Jensen’s inequality

A%, W and AY N on the third term, triangle inequality and Cauchy-Schwarz on the fourth

Um

and uniform boundedness of second moments in the fourth term, and finally (viii) Assumption 3.4.10,

Assumption 3.4.12 and Assumption 3.4.17.(77).

In the above, we applied the following bound on the squared increment of the continuous

martingale part

. [HA prlye 2}1/2

A0

Y Ea U]Agtzmwm . f: |45 || Ea- U
j=1

Um+1 .
/ DPTIY,, du
Um

(i7)

2]1/2
Lea [Jazzewl] e i (ag, [ e [l an)
)3 .
(ii)

< (A2, (3.D.14)

obtained by using (i) the representation (3.4.16) and the triangle inequality, (i7) Jensen’s inequality
and (4i7) the second moment of Brownian increments and stationarity and boundedness of second
moments of X; = (Y{,..., DP~1Y])T. O
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3.D.5 Proof of Theorem 3.4.23

Proof of Theorem 3.4.23. Recall that by Lemma 3.4.3 it suffices to show Equation (3.4.8) with
Ay = A(Yp,,Jo,,Mg,) and Ay; = A(Yp,; Qi,v¢). We start by splitting the limiting random
variable in (3.4.8) into three components. For i € {1,...,d} and l € {0,...,p — 1}, after factoring
out the ¥~! term, we decompose each d-batch entry as

M1 M,—1
t‘1/2< > DYIAR L DT Y0 — Y bleEQAgtbp_lYCA(o))
m=0 m=0
M1
t—1/2<z ﬁlylf;z*( B0 DY G0 — A DPT 1YA<0>)>
v
:tuz( (T L WWW)
m=0 ' '
) _1/2 & ly m ryp—1 o
~ t <mz:OD ((A DY - bAQ)Q]I{’A’Q"tf)l’*lY—bAgt’SV;"} Ag. D™ YA(")))
M1
— 12 ( Z Dz)/u(W? (A DP— ly@]l{ am Droiy—ban |<ep} T StDpchAm)))
" M,—1
+t72 < Z DlYu(QAgtMQﬂ{‘Agtf)P—lY—bASt SVT}>
M1 "
—41/2 ( Z D y(1 (Am DP~ 1Y®1{|Am DP*1Y|S2V;"} — Ag,DP™ YA<0>)>
m=0

g, |<vry T H|ag oo e })>
m=0

M,—1
L2 < Z D Y( )Am Mo Il{‘Am Dr=1Y—bA7 |<v} )

m=0

M;—1
—1/2 I (i) Am -1~
+t7Y ( E : D Yu(nzAQtDp YO (1{|Agtf)p—lY—bAm

=:S81(4,0) + SF(i, 1) + SP (i, 1),
setting DP~1Y = {DP~1Y,, s > 0} with
DP Y = D" Yo + DP1Y G o), + s = D’ 1Y — bs — M, (3.D.15)

and understanding the approximation step (*) in the L!(€, F,Pa+) limit (and hence in the
Pa+ limit) as t — oo. Note we directly define the auxiliary process DP=1Y but no Y. From
Equation (3.4.28) recall J is the finite activity pure jump Lévy process with jumps greater than one
given in Equation (3.4.3) and M is the pure jump martingale with jumps smaller or equal to one
given in Equation (3.4.4). Note that J is a compound Poisson process with elementwise Poisson
counting processes {Nt(i)7 t>0} fori=1,...,d. We denote by A) the jump rate of the process
{Nt(i), t > 0} and by F()(.) the probability distribution of jump sizes in the i-th component of J,
i.e. the i-th marginal of F' := Flx>13/F{x « [|x]] > 1}).
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The validity of the approximation (x) can be shown as follows for ¢ € T sufficiently large:

M;—1
Z D'y(") ((Am Drly — bA’”t) @IL{,M Drery-bag, |<vp} T 8,0 1sz«»)

m=0
Mi—1
- Z D'y (Am DPlY — bAQt)Qll{

t_l/QEA* l

m PHp—1Vy_ m
AQtDl7 Y bAQ,,

m
<vy

— AgtDp1Y2(0)> ||‘|

}

@) M,—1
pn'y {EA*

m=0

‘[711/;3‘3 (a8,077 1Y = bAz,) - DY) (A3, D"'Y ~ bAB,)

1 Ea-

‘EZY,EQAgtﬁP‘lYZ@ ~ D'YAL DPIYS o)

(i4) M1
<ty {EA*

‘D Y()(Am DPYY — AT DP- 1Y ‘H

m=0
e[| (2 - 1) (a0 )|
+Ea- Hf)lyu(U (Am DY G o) — AG, DV 1YA(U> ‘H

o | (2 - i) s v |
(iii) M1 L n2q1/2 R 291/2
S Y SB[ DO EA- |28, 00y - Az 0y ]
m=0
~ . L 11271/2 211/2
+]EA*HDIYU(2 -y ] ]EA*HA’& |
L 271/2 1/2
+EA*HDZYU(2 ] EA*HA’” DPIYS ) — AT DPTIYS o ]
N 1211/2 1/2
+IEA*HDIYH(2 - Dy } EA*HA DPYS ) }
) M;—1
< 1/2 Z {A1/2—l—Al/ZAgf—l—A;;/f+A%2+A%2A1Q/t2}
m=0

(v)
S VAMAY? S (IN[AG, ) (tAQ2 AR )Y = 0, t— o0,

where we use in (i) triangle inequality and ||x © Tyeaql < [x|| for x,y € R? in (ii) adding
and subtracting the same quantity and applying the triangle inequality multiple times, in (i)
Cauchy-Schwarz inequality on all four terms, in (iv) stationarity and boundedness of second
moments of X; = (Y£,...,DP7YY)T Equation (3.D.7), Equation (3.4.19), Equation (3.B.1) and
Equation (3.D.14), and finally in (v) Assumption 3.4.10 and Assumption 3.4.12. It now remains to
prove S} (i,1),S%(i, 1), S3(i,1) A 0 ast — oo fori € {1,...,d},1€{0,...,p—1}.

To show S} (i, 1) A" 0 as t — oo note that DP1Y is a finite jump activity process with b =0
and F® for i € {1,...,d} satisfies Assumption 3.4.20.(i44), i.e. a similar condition to Assump-
tion 3.4.17.(4i7). We can thus proceed with a similar strategy as in the proof of Theorem 3.4.19

presented in Appendix 3.D.4. We do not repeat the full argument but summarize the main steps.
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Importantly we note that here we can work with the “exact” derivatives DP~1Y directly while in

Appendix 3.D.4 we were working with the finite difference approximations DP=1Y. We consider

the events
. d My—1 o
A= AP where A7 i=(weQ:1 (i (@) = ]I{Am NG 0}
i=1 m=0 { ¢ }

fort e T,me{0,...,M;—1} and i € {1,...,d}. We note A; has probability approaching one:

> 2Vti)’m> + F® (( 4Vt( B)m ,41/ )) A® Ag, + ()\(i)Agt)2}

<3y {2PA* (‘Am pr-ty el

since

Pa- (|25, 071yl

> 2

Um+1 p

< ]P)A* A 21/2W (%) > A*Dp—]Yu (%) dul > V(i),m
Qt v h
Jj=1

Vt(i)’m> +Pa- (

—243(%)
< ( 8t>2 257 for t € T sufficiently large. (3.D.16)

The first inequality is obtained by proceeding exactly as in Equation (3.D.9) with b =0 and

the finite difference approximation DP~1Y replaced by the exact derivative Dp*IY The second

inequality follows from the bound on the second term in Equation (3.D.10).(¢) with ut "™ /2 replaced
(i),m

by 2,

Moreover, on Ay, the term S} (i,1) vanishes in L' (Q, F,Pa~). This follows by noting that the
same approach used in Equation (3.D.13) with the finite difference approximations replaced by

exact derivatives, i.e. the first two terms in step (3.D.13).(i7i) set to zero, yields

M—1 M,—1
l m IRy l ) m —1~sc
(Z DY AEDPY © | prerg|canpy — Do DYIIAB DY YA(0)>]l

m=0

< tl/zAIQ/t2 — 0, t— oo0.
We can thus conclude that S} (i, 1) [PA* 0 as t — oo by the same discussion as in Appendix 3.D.4
which ensures Equation (3.D.8) and Equation (3.D.11) imply the desired convergence in probability.
Next, to show S7(i,1) AT 0 as t — oo let us write

Mi—1
- ly
SQ(Z l 1/2 ( Z D Am Dp 1Y® < {{Am Dp 1y — bAm }<Vqtn} ]]-{‘Am Dpr— lY’<2um})>
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—1 2 l 1w
— / (Z DY, Am Dp Y®1{|Am Dp 1y— bA |<Vt 7|Am Dp— 1Y|>2Vm}>

N 1Y|<2u })

—1/2 - l i -1~

m=0

=: 8710, 1) — S77(3, 1).

We have S7 (i, 1) AT 0 as t — oo since

) M;—1 d o ‘
A (||St2,1(z',l)\| > 0) <Pa- | U U {’Am Drty ) — A ’ < ym AgtDp_ly(J)’ S 2Vt(j),m}
m=0 j=1

M;—1 d
< < 3 S pa (Jas o tyO vy [ < YO > 20

m=0 j=1
(441) Jw‘ 1 d . ) l/(j)’m
2SS e (| - sg oo - 0

m=0 j=1

3V(j)’m o .
4 Pa- ‘Am Dr-ly @) — piAm ‘ < AStDP—ly(J)‘ S gy

(iv) M1 () 2 (J),
9SS () e ([ 00| 0 a0

m=0 j=1

+ Pa- (‘AgtDp‘lff(j)’ > 2™, A I = 0) }

(0) At : p@)m _

m=0 j=1

+ ]P)A* (‘Am DP 1YA7((67)) > 21/]&(‘7)’777') }

(vi) Me 1 d N2 L -2 o /(N =2
S Z Ap, (Vtm’ ) + AG, (l/t(j)’ ) 5, + (A3,) (yt(”’ )

m=0 j=1

by using in (i) the fact that if the norm is non-zero then at least one component of one of the
summands is non-zero and thus the corresponding indicator is non-zero, in (iz) sub-additivity of
probability, in (ii7) theorem of total probability and |§ — y| < v/2,|9| < v,|g] > 2v = |y| <
3/2v,|g| > 2v for y, 9,9, v € R, in (iv) Markov’s inequality and Equation (3.D.7) on the first term,
theorem of total probability,

Ao, DP~ Y \) — b(j)Agt = Ao, DPYU) 4 AgtM(j)’



Chapter 3. Continuous-time Autoregressive Processes 149

by definition of DP~1Y in Equation (3.D.15), and |y| < 3/2v,|y — m| > 2v = |m| > v/2 for
y,m,v € R on the second term, in (v) independence of J and M on the second term, in (vi) Markov’s
inequality,

Ea- [|IA5,M|?], Ea- [|A3,3]2] < AZ, (3.D.17)
since Ml and J are Lévy processes with bounded second moments and AG, N G) Far Poisson (AU )Agt)

on the second term, Equation (3.D.16) on the third term, in (vii) Assumption 3.4.20.(7) and
AD, > co,Ag,, in (viii) Assumption 3.4.10, Assumption 3.4.12 and Assumption 3.4.20.(7).

To show S7%(i, 1) AT 0 as t — oo we write using Equation (3.4.16)
~ ~ p s .
DPY, - DPIY = DY Y o+ T = BPW, — Z/O ASDPIY, du+ T,
j=1

and we can hence further decompose St2 2 (i,1) as

m m
Qz|>yt s

M,—1
Sp2(i,1) =t 1/? < > DlYu(QAantDpil? © ]l{‘Am DP-1Y—bA
Qt

P AgtDplY‘gu;n})

M¢—1
_ 4172 Iy (i) Am Pp—1~ysc A B
=t ( Z D YUmAQtD YA(O) © ]1{‘AgtDp—1Y_bArQnt ‘>,,:n’ Aapyly‘gg,,:n})

m=0
M1
~1/2 Iy(i
#4702 (3 DVIOABTO L1y i v g ¥l
m=0 ’
=: S22, 1) + 8223, D).
We start by showing S* (i, 1) AT 0 as t — co. We work in LY(Q, F,Pas):

Ea- (I8! (0, 0)l]

) M,—1 d
(4) i . ;
—-1/2 Iy (i) Am yp—1v,6:(5) )
=t Z ZEA* UD Yum Qf,D YA(O) ]l{’Ag Dr=1y () —p() AT >,,t<a>~m}
m=0 j=1 t t
@y, My—1 d o) )
—1/2 i m p—1y/60
<t Z ZEA* “D Vi AG, DY\ ) (]l{ A Droly () —Am DP—lY(j)‘>yt(j)‘m/2}
m=0 j=1 t ¢
+ 1{|Am DP—1Y () —p() AT |>u(””"/2})]
Qt Qt t
(i) ) M,—1 d o 0
—1/2 i m p—1y,¢,0 .
st Z ZEA* “D Yy A5, DP77Y ), (]l{’Ag Dr-1y () —am Dp—1y<j)|>ut<-7”m/2}
m=0 j=1 t t
+ n{’AgtDpﬂy:((&MAgtM(j) Svim 2} + ]I{Agtzvubo})}
(i) Mi—1 d

<Y Y ma| [DvOag o)

1 . ) . i

-1 _ AT -1 (3),m
. ( {’Agtm’ Y@ —Ag Dr Y<JJ‘>yt /2}
m=0 j=1
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ﬂ{‘AgtDl’*lY S| ey + 1{|A81M<j>|>u,(,j>"m/4} + ]l{AgtNubo})]
2*| 1/2*|

N1/2
ut( 7, /4)

v am (gm0 12y
DYOAG, (W) D[ Y Ea
k=1

L fumet .
’DlYu(jg / (A DP7FY ) du

« [PA (‘Am Dr-1y (@) _ Am Dp—ly(j)‘ > Z,(j)»m/2> 1/2 4P (‘Am pr-ly)
* Qi Qt t A A0)

+Pa- (|a3,M9| >

ym /4) 4 Pa- (A’Q”tN(j) > o) ]

(vi) Mi—1

< t_1/2 i

7j=1 m=0

1/2 9172
E- UD Y@ } E- UAgt(zl/QW)W‘ }

Um

p U1 ) 2 1/2
+Z( g/ Ea~ “DlYlffj(AZDp_kYu)(J)’ ] du)
k=1 o

1771,

. -1 _ 3@ N T2
agE () a) T g (W) T+ Ay
(vi7)

m\1/2 m _fg(]) m 1_5(j) m 1_2[3(1) m
&S (ag) (AR (A8) 7 +(a5)" 7+ (a8)" 7 +ag)]
Jj=1

(vidi) o) _og)
< Zt_1/2M (SR
1

—

Jj=
%) Zd: [ (tINJAQ,) (A G2 AP ) 2AY> P 4 (71N]Ag,) (tAIQ:wm)l/T S0, t— o0,
j=1

where in (7) we use the triangle inequality, in (i7) || > v = |§—y| > v/2V]|y| > v/2fory,g,v € R
and 14 < 1pyc <1p+1¢ forsets A, B,C C Q such that A C BUC, in (ii7) 1 =14 + 1 4 and
Tanp < 14 for sets A, B C Q,in (iv) [y +m| >v/2 = |y| >v/4V |m| >v/4 for y,m,v € R
14 < 1pyc < 1p + 1¢ for sets A, B,C C § such that A ¢ BUC, in (v) Cauchy-Schwarz
inequality and triangle inequality in the first two terms, independence of D'Y,, , AStDp_lYZ(O)
and AG M, A% J in the last two terms, in (vi) independence of DY, and A, W on the first term,
Jensen’s inequality on the second term, Markov’s inequality and Equation (3.D.7) on the third term, a
slight modification of Equation (3.D.16) on the fourth term, Markov inequality and Equation (3.D.17)
on the fifth term, AgtN(j) S Poisson()\(j)Agt) on the sixth term, in (vii) boundedness of
fourth moments of X; = (Y{,...,DP~'Y )T, standard deviation of Brownian increments and
Assumption 3.4.20.(), in (viii) AG, < Ag,, in (iz) Assumption 3.4.10, Assumption 3.4.12 and
Assumption 3.4.20.(7).

To show SZ%%(i, 1) A" 0 as t — 0o we note

Pa- (872G, 0] > 0)

() Mi—1 d
SIP’A*( U {2879 #0,|ag,0r V0] < 27" })
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0~ m 7(5) p—17() (j),m
< ) Yo Pa- (A5IV #£0,|A5, D7V < 2)
m=0 1
(423) M — 1J d e m )
< > > [Par (ABND = 1,|A8, D7V O)| <o) 4 Pa- (B, NG > 1)]
m=0 j=1
(%) Mtlz Pa- (AB,ND = 1,3, D71V oll) + AB,I0| < 20 7™) 4 (A, 2]
(v) A;n;o "
S 0 Zl {IP’A* (|as,Dr 1Yol + aB,J9| < 2™ |Ag JO| > av)
m=U j=
+Pa- (AN = 1,|A7 0| < 4y 4 (Agt)ﬂ
(ﬁ%) Milzd: {IP’A* (|as, o1 v d)| > 207™) +Agtﬁ“<ﬂ'>((—4Agj’,4AgZ)))+( gt)ﬂ
m=0 j=1
(vig) M1 d m \2—280) m () B B mA2
SJ Z |:(AQt) +AQtF] ((_4A9z ’4AQt )) +< Qt) ]
m=0 j=1

where we use in (i) the fact that if the norm is non-zero then at least one component of one of
the summands is non-zero and thus the corresponding indicator is non-zero, in (ii) sub-additivity
of probability, in (ii7) theorem of total probability, in (iv) A N O P01sson()\(j)Agt), in (v)
theorem of total probablhty, in (vi) ly+j| < 2v,|j| > 4v = |y| > 2v for y, j,v € R on the first
term, A% NGO F, Pmsson(AmAgt) and A% J® | AgtN(i) —1' F@(.) on the second term, in
(vii) Equation (3.D.16), in (viii) Assumption 3.4.20.(i7) and Assumption 3.4.20.(4i7).

It remains to show S} (i, 1) AT 0 as t — co. We work in LY(Q, F,Pas):

Ea- [|[S7(i,0)]]]
M,—1 '
=t /24 mzzo DlYu(:n),AgtM © ﬂ{|AgﬁDPle—bAgt|Sul"} |H
@) Mi—1 d
< 12 Z ZEA* UD Y(l)Am M) { Am Dr-1y () —pG) Am <y(j>‘"’}]

m=0 j=1 o s

(i) Mi—1 d

< 12 Z ZEA “DIY( AT MU)’ (ﬂ{‘AS Dr=1y @ —Ag Dr1y @) [>00 2}
m=0 j=1 ! ’ ’

+]l{}A7QntDp1y(j)b(i)Agt|<3yfj)’m/2}):|

(#44) M1 d

< 712 Z ZEA “D vy, )Am M(J)‘ ( {|ag, Dr=1y @ —ag D=1y @ |>yP 2}
m=0 j=1 '

Am Dp—1y® (J)+Am M) <3V(]) m/2} + ]l{Aan N(j)>0}):|
t

+1
{ A0)
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(i) M:—1 d 4 '
< t—1/2 Z ZEA* “DlYu(QAStM(J)‘ (ﬂ{‘Agtﬁply(j)_AgtDp1Y(j)’>l/t(j)=m/2}

m=0 j=1

+ ]l{ Ag Dr1y SO Sy ) + ]l{|AgtM(j> | <2} + ]l{AgtN(j)>0}>:|

911/2 91/2
Y } Ea- UA&M(”)]

Mi—1

d
< +—1/2 Z Z{EA* UDZ
m=0 j=1

[]P’A* (‘Am DryW) — AT prely J>‘ > ) m/2)

m 1y,¢(5)
+Pa- (|23, 07715

> yt(j)’m/z) +Pa- (AgtN(j) > 0)}

+Ea- [[DY)

] Ea- UA&M@’ 1{|AgtM(j)|<2yt(j),m}:| }
. d |
< Z 1/2M { )1/2 [(Vt(j),m>1 A;D/tz n (Agt)l_ﬁ(ﬂ N Amt:| . Agf(j)}
]:

d
1/2-p9 1/2 3/2 BY L AL+
Z 1/2M{ ) Ap°+AY +AG

d

2

A e;

(Uzn) d

Z t"IN/Ag,) {(tA QAPt)l/Q AlQ/tQ—ﬁ(J) n (tAlg,tggu))l/? n (tAg:j))l/Z} L0t oo,

where we use in (i) triangle inequality, in (i4) 1 = 14 + Lge, |§| < vA|lg—y| < v/2 =
ly] < 3v/2, 14 < 1p and lygnc < 1¢ for y,g,v € R and sets A, B,C C  with A C B,
in (137) 1 = 14+ 1ge and Tynp < 14 for sets A, B C Q, in (v) 1 = 14 + Lge, |y +m| <
3v/2N|m| >2v = |y| > /2,14 <1p and Llgnc < 1¢ for y,m,v € R and sets A, B,C C
with A C B, in (v) Cauchy-Schwarz inequality and independence of D'Y,  and A%, M on the
first two terms, independence of DY, , AG,M and AZ N on the third term, independence
of D'Y,, and AG,M on the fourth term, in (vi) boundedness of second moments of X; =
(YS,...,DP7'Y T Equation (3.D.17), Markov inequality, Equation (3.4.19), Equation (3.D.16),
AgtN(j) o Poisson(A(j)Agt) and Assumption 3.4.20.(¢7), in (vii) Assumption 3.4.20.(7), in (vii7)
Assumption 3.4.10, Assumption 3.4.12 and Assumption 3.4.20.(i7) and Assumption 3.4.20.(¢37). O

Infinite jump activity: the symmetric driver case

In this section we give a slightly different version of Theorem 3.4.23 with Assumption 3.4.20 replaced
by the following joint condition on {Qy, t € T} and {(v™)M ! t e TY.

m=0 »

Assumption 3.D.2. The sequence of partitions {Q, ¢ € T} and the sequence of jump thresholds
{(wmMl t e TY satisfy for i € {1,...,d}

(i) v = (AP with O € (0, 1/4);

(i) tAL Y 50, t = oo;
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(iii) tE@ ((—4ABQ(:>,4A[S:))) — 0, t = oo and Je > 280 such that tAgg(i)_QB(i) —0,t— 00

and

Ea- ||M®]?1

S

_ 14e® )
R PR P

(iv) Jeo > 0,tp € T s.t. Ve < eg,t > tp,

Ba- [ABMOLjag aiojeq| =0 foric {1odh me {0, M~ 1),

Remark 3.D.3. Assumption 3.D.2.(iv) was introduced in Mai (2014) and is a symmetry condition
on M. In Mai (2014, Lemma 4.4) shows that a sufficient condition for Assumption 3.D.2.(iv)
is that F ][_171] is symmetric. We note that introducing this condition allows us to modify As-
sumption 3.4.20.(i7i): we now control the squared norm of small increments of M, a “weaker”

condition.

Theorem 3.D.4. Theorem 3.4.23 holds ceteris paribus with Assumption 3.4.20 replaced by As-
sumption 3.D.2.

Proof of Theorem 3.D.4. The proof proceeds exactly as in the proof of Theorem 3.4.23, cf. Ap-
pendix 3.D.5 for details, with the only difference being in the arguments used to show S?(i, ) far g
as t — oo. In this setting, we rewrite S?(i,1) as

My—1
S?(i,1) = 4—1/2 < Z DlYifQAStM ® ﬂ{‘Agtﬁply_bAgt‘gu;ﬂ}>

m=0

M,—1
=t 2 Y DyPAz Mol . e <m A ,
Um = Qy {|ag, Dr-ty-bag |<vprag Mi>2vr )

m=0

M,—1
—1/2 I (i)
Iy (Z DYOAEME (s ooy g

m=0

-1
<vp|ag, Ml<2vp {iag M<2vp}

M;—1
4 ¢ 1/2 ( Z DlYu(i?Ath ® ]1{|A’" M<2u’"}>
m=0 St -
= 8PN, + 872 (1, 0) + 877 (6, ),

For S?!(i,1) note that in L(Q, F,Pa+) we have

Ea- ([0

. M—1 d
(@) ¢ ) .
—1/2 Ly (@) Am pr0) . .
st Z ZEA* UD Vi, Ao, M ‘]1{|A8 Dr=1y W —bDAg |<v ™ A M(j)|>2u§3)""}}
m=0 j=1 ¢ e ¢ )
(i) Mi—1 d
—1/2 Ly (@) Am pr0) ,
=1 Z ZEA* |:‘D YUmAQtM ’1{|Ag ﬁp—lyc,(J)JrAg J(i)}>l/t(])1m}:|
m=0 j=1 t t
(ii1) M;—1 d

< 7123 3 Ea UDIYU(ZA’Q”tMU)

m=0 j=1

(]l { ‘Agt Ep—1y;=(<d7‘)> ’>l,§j),m} +1 {Agth‘) >0} )]
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(iv) _ Mi—1 d
< ¢ 1/2 mz:() ;EA* ’D Y( AD M(J)‘ ( {‘Am Dr-1y® (<OJ)> ~-A7 DP*IY‘:}(UJ‘))’>U£J'),M/2}
+ 1{’AStDPfIYI:}(()j))’>y§j)=m/2} + H{Agtmnw})]
M;—1 d /2 ) 1/2
ESRED DI UD v } Ea- “AgtM(j)‘ }
m=0 j=1

]P’(’Am prtysld) - Am pr-tys )

L N1/2
A A >Vt(J)’ /2>

P (|ag, 0yl > t@’m/z)l/2 +P (ag,ND > 0)

| S

(v3) ) 1 )
< Zt V2, (Am )2 [(Vtm’m) A;{2+A1Q_tﬁm +Agt}
Jj=1

(vig) d ) ;
SJ Z t_lN Agt) |:(tA7DtA )1/2 AlQ/tQ_ﬁ(J) + (tAlgitZﬂ(. )>1
J

}—>0, t — o0,
j=1

where we use in (i) triangle inequality, in (i) |g| < v,|m| > 2v = |j —m| > v for §,m,v € R
and 14 <1p forsets AC BC Q,in (i4i) 1 =14+ 1 4c and Lgnp < 14 for sets A, B C Q, in (iv)
9| >v = |y| >v/2V|y—g| > v/2fory,§,v € Rand 14 < 1p+1¢ forsets A, B,C C Q such that
A C BUC, in (v) Cauchy-Schwarz inequality and independence of D'Y,,, and A%, M on the first two
terms, independence of DY, , A M and A5 N on the third term, in (vi) boundedness of second
moments of X; = (Y},... Dp_lYT)T Equation (3.D.17), Markov inequality, Equation (3.4.19),
Equation (3.D.16), AZ, NO) A P01sson()\(])Am ), in (vii) Assumption 3.4.10, Assumption 3.D.2.(7)
and A% < Ag,, Assumption 3.4.12 and Assumption 3.D.2.(i1).

Next, we consider $32(i,1). Again we work in L*(€, F,Pa-).

2a- {80
@ 1/2Mt 1 d - "
=t Z ZEA* UD Y, Ao, MY ’]l {|ag, Drryo—bag, [0 |ag M(j)<2u(j>‘m}:|
m=0 j=1
(1) 1/2 M1 d ) ()
<t ]E*‘D}”A’"MJ Lf nmm Aoty e am 17| (A g0 <o ()0
mE:o; A [ ( {|ag, o 1YA<(09>>+AQ;M(J)|>”t(J> 1ag, MO <20 |
+]1{AgtN(J'>>O}):|
(¢35 —1/2Mt ' (4) )
S t Z Z]EA* ‘D Y Am MJ {{A"l Dp 1y© (])’>V(7)Tn/2}
m=0 j=1
+ ]l{ut(j)’m/2<‘AgtM(j) |<2v@m ) + ]I{Agtjv(j»o})}
(iv) 1 2M’ 1 d (i .
<Y Z ZEA* ‘D YJQATQntM(J) {’Am Dr=1ye) _Am DP—1YC*<-7')|>V<-7'>”"/4}
=0 j=1 A0) Q¢ A0) t
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+ ]l{ ag prory S| sum el +]l{ut(j)’m/2<|AgtM(j)|<21/t(j)’m} + H{AgtN<j>>0}>]

1/2 RESEY
} - UA&MU)‘ }

% [P (‘Am Dp 1YC ,(9) Am DP~ 1Y ,(9)

Mi—1

d
D e Z {ZEA* UD v,
j=1

/2

A0 A0 >Vt(]) /4)

+B (|ag o)

> ) /4) 2 P(AgﬁN(j)>0)1

i (3),m
AgtM(J)|<2VtJ m}] }
(vi) d

. 1 j . .
< Z{ e (ag) | () A (a8) T ag | a0

+Ea- HDlYu(Q

:| EA* [’AStM(J)‘ ]l{yéj),m/2<

j=
d

S
S.
=

= 1/2M { )1/2 B A1/2—|—A3/2 B8 +A19_5(j)+6(j)/2}

t
J

(vidi)

—p@ )\ 1/2 i a\ 1/2
< S ('N/Ag,) [ (ta528p) P Ag> 4 (14527 ) T 4 (1ag, ) ] 0, - o0,
j=1

S

1
1
d

where we use in (¢) triangle inequality, in (i4) 1 = 14+14c and Lanp < 14 for sets A, B C Q, in (4i7)
|[g+m| >v = |g| >v/2V|m| > v/2for §g,m,v,€e Rand 14 < 1p+1¢ for sets A, B,C C Q such
that AC BUC, in (i) || >v/2 = |y| >v/4V|y—g| >v/dfory,§,yr e Rand 14 <1p+ 1¢
for sets A, B,C C € such that A C BUC, in (v) Cauchy-Schwarz inequality and independence
of D'Y,  and AG,M on the first two terms, independence of DY, , AE,M and AF N on the
third term, independence of D'Y,,  and A%,M on the fourth term, in (vi) boundedness of second
moments of X; = (Y{,... ,Dp_lYT)T Equation (3.D.17), Markov’s inequality, Equation (3.4.19),
Equation (3.D.16), A%, NO) A P01sson()\(j)Agt) and

AgMD 1y |
‘ O {u,ﬁj)”"/2<]AgtMU>]<2y§”””}

1/2
< Pa- (Vt(j),m/2 < ’AgtM(j)Dlﬁ Ea~ ﬂ{\AgtM(”k?”gj)’m}]

. 271/ | v
= (Vt(j)’m> I]EA* UAT&MQ)H ‘AgtM(j)’g1{|AgtM(j)|<2y§j)’m}]

mA—B8D A m m ) m 11— B0 1)
< (AG) (NG )N ) EEE = (A )P, (3.D.18)

’AgtM(j)‘z

in (vii) Assumption 3.D.2.(7), in (viéi) Assumption 3.4.10, Assumption 3.4.12 and Assump-
tion 3.D.2.(iii).

Finally we show S;%(i,1) A" 0 as t — co. In this case we work in L3(Q), F,Pa.) and note that,
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for ¢ sufficiently large, S;*(i, 1) is mean-zero by Assumption 3.D.2.(iv):

. {HS?’?’(LZ)Hz}

d M;—1 2
= ¢! () (4) ,
=t7') Ea- || > D'YIAZ MU L iag mol<z® )
j=1 m=0
d M;—1M,—1
=¢1! (l) ( m 3 r(5) (4) , ,
=t7'> > 3 Ea- [D YD Ap MGAG MU L iag i@V L ag a0 <20
7j=1 m=0 m’=0
d M;—1 ) )
=t 1 @ T (4) ,
=Y 3 B [ e [\A&MJ 1 g o icaiomy)
j=1 m=0 t
! ) )
S Zt 1 Am 14eU < ZAE(J t — o0,
Jj=1 m=0 j=1

using independence of AgﬁM(j), Ag;M( 7) DZYU(Q, DlY(l) for m # m’ and Assumption 3.D.2.(iv)

to show that off-diagonal elements are zero and Assumption 3.D.2.(ii7). O

3.E GrCAR: proofs

3.E.1 Proof of Theorem 3.5.3

Proof of Theorem 3.5.3. We proceed exactly as in Section 3.3 replacing the dependencies on the
parameter A € (M(R?))? with dependencies on § € RP*2, Expanding the form of the likelihood in
Proposition 3.3.3 and grouping in terms of 89 for ¢ = 1,...,p and j = 1,2 we can rewrite the
likelihood of the GrCAR(p) process as

L(0;Y(04) = exp {VeC(G)TKt — ;VGC(Q)T[K]tVGC(H)} , O cRP*Z

with K = {K¢, ¢t > 0} as in the statement of Theorem 3.5.3. One can then proceed as in Lemma 3.3.8
to check that for any 6 € RP*2 the score

Viyec(0) 10g L(0; Y[o ) = K — [K]svec(6),

defines a continuous square-integrable martingale under Py ,. This is ensured by showing the

quadratic variation is integrable, i.e.

Eg.x, [IKJell] < (11 + [ AT 1D Ex,

tp—1 ,
| S0y ds
=0

_ t
< (Il + HATII)HE”II/0 E o [[| X 1*] ds < 0.
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Finally, as in Theorem 3.3.9, we check that V¢ > 0 the matrix [K]; is strictly positive definite

Py« xo-a.s. By carrying out the full computation one can show this boils down to proving that
(DY@, i=1,....d1=0,...,p—1},

is an affinely independent collection of random variables for any s € (0,¢] under Py(0) x,» Which
follows by the same arguments as before. The rest of the results carry over ceteris paribus for the
MLE (Y/,) with

Eg«[(DP~1Y o, DP" 1Y o )s] -+ Eg[(DP 1Yo, ATY 5]
Eg-[(ATDP~1Y o, DP71Y Vx| - Ep[(ATDP1Y o, ATY )5
Koo = : : . (3.E.1)
Eg+[( Yoo, DP7 1Y o) 5] e g [{ Yoo, ATY 50 5]
Eg+[(ATY 5, DP71Y o0 )5 e Eg[{ATY 00, ATY o0 ) 5]

The inference results for the discretized estimator follow by the same subsequent approximations as
in Section 3.4 (and the corresponding proofs in Appendix 3.D), noting that one can simply factor

out the AT term. O

3.F Finite difference approximations of derivatives

For k € {1,...,p— 1} let D*Y|g = {D*Y,, s € [0,]} denote the k-th time derivative of the
process Yoy = {Ys, s € [0,t]}. We define the forward finite difference approximation of the

derivatives over the partition
Pt:{0250<51<...<51\7t:t},

iteratively by

- I A - ﬁk_lY _ ﬁk‘—lY
‘DkYPt = {DkYSn’ n= 05 ... 7Nt - k} S.t. -DJYSn = Sntl Sn ,
Sn+1 = Sn

forj=k,...,p—1and ZA)Oth = Yp,. We make use of the following results.

Lemma 3.F.1. Let k € {1,...,p — 1}. The forward differences can be written as follows for
nec {O,...,Nt—k}

k
DkYSn = Z(_l)kﬂ Z (Sn+1 = 8n) " (Snti — Snyi-1)” " (Y5n+i - Y5n+i—1)'

=1 ny,e..,mi>1
ni+-4n;=k
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Proof of Lemma 3.F.1. For m=1,...,k,

m

ﬁkYSn = Z(_l)m+i Z (5n+1 - Sn)inl e (3n+i - 3n+z‘—1)7ni(f)kimst+i - Dk—mst+i71).
=1 ni,...,n;>1
ni+-+n;=m

This can be proved inductively:

e for the case m = 1 this is the iterative definition of the forward finite difference;

e given the case m < k

m

ﬁkYSn = Z(_l)m+i Z (Sn-‘rl - Sn)inl to (Sn-i-i - 3n+i—1)7ni

=1 ni,...,n;>1

ni+--+ni=m

x (DF=my, . — DF™Y

m
=SSN ST (s )T (S i)™
=1

NYyeens n;>1
ni+-t+ni=m

X |:(5n+i+1 - 57l+i)71(f)kimilYSn+i+1 - ﬁkfmleanri)

Sn+i Sn+i—1)

- (Sn+i - Sn+i*1)_1(f)k_m_lYSn+i - ﬁk_nl_1Y57L+i—l)
m+1
- Z (—pme Z + Z (Snt1 = sn) "™ - (Sngi — Sngio1)
=1 ni,..ni—1>21,n;=1 ni,...,n;—1>21,n;>2
nit+-+n;=m+1 nit+-t+n;=m+1
X (ﬁk—m—lenﬂ - bk_m_lYSanl)
m+1
=3 D™ N (s = 50) T (S i)
=1 ni,...,n;>1
ni+-4n;=m+1
X (ﬁk—m—lenH - ﬁk—m—lYS7L+i71)’

where we use that

{(ng,...,n5) iny,.coony > Lng 4+ +ny=m+ 1} =
{ny, ..oy, 1) iy, ooy > Lng + - +nmp = mp+

{(m,...,ni):nl,...,ni_lZl,ni22,n1+---+ni:m+1}.

O

Lemma 3.F.2. Let k€ {1,...,p—1}. We can write for n € {0,...,N; — k} and i € {1,...,k}

Y

Sn+i

k-1 ; :
j (Sn-i-i - Sn)] — (Sn-i-i—l - Sn)j
- Y5n+i—1 - Z DY ;
Jj=1 !

4!
Sn+i ul Uk —1 k
—|—/ / / D*Y,, duj...du;.
Sn+i—1 v Sn Sn
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Proof of Lemma 3.F.2. This follows by writing
DY, =D'Y,, + / DITYY, du,
Sn

and noting that for j=1,.... k-1

Snti UL uj—1 Spti — Sn ) — (Sptio1 —
/ / / du]n..dulz(nﬂ n) '( it
Sn+i—1 Y Sn Sn ‘]

Lemma 3.F.3. The following holds for k > 1 and j € {0, ..., k},

B
Pl = o e (o= T

i = i—1

Proof of Lemma 3.F.3. Note that we can write

ALF

where

159
5 )7
O
) k— 1a
(3.F.1)

k

_ (_1)k -;(_1)1' (lj: 11> W g(_ )1 (Z _(];)T(klj)i Z)'(z — 1)]—1‘|
[k E—1) . ; k—1)! _

= (=" _;H)Z(-_ 1)“ TG 1()!(l<: - i’ 11
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We note that f(j, k) satisfies the relationship

m=0 m

-1 /.
FG ) = (MY (-1 ("’jf) > (” 1) (-1

m=1 \ ™M i=2
1 _
e (J N 1) (- 'k —-1) ki(—w(k 12> e
m=1 \ ™ i=1 t=
j—1
—k <‘7 1>f(m, k—1).
m=1

Proceeding by induction on k > 1 one can easily show that

0, j=0,....k—1,
K, j=

[, k) =

3.G Simulating MCAR(p) processes

In this section, we will discuss numerical methods for simulating a discrete-time realization Yp, of
the MCAR(p) processes Y defined in Definition 3.2.1. We note that the state-space representation
of the MCAR(p) process X = {X;, ¢t > 0} satisfies the Ornstein-Uhlenbeck SDE (3.2.3) with drift
matrix Aa and degenerate Lévy driver EL = {EL;, t > 0}. The task of simulating a realization
of Yp, can thus be tackled by simulating the OU process Xp, and then keeping only the first d
entries. We first discuss an approximate scheme and then consider some special cases where exact

simulation is possible.

3.G.1 An approximate simulation method: Euler-Maruyama scheme

We note SDE (3.2.3) can be approximated over the partition P := {0 =tg < t1 < ... < tn, =t} by

Xt =X,, X

tn+1

= X'+ AAXTIAB, + EABL, n=0,...,N;— 1, (3.G.1)

where we simulate Lévy increments A% L using an exact simulation method. The Brownian

component and the jump component of A L = A%tWE + A%, J can be simulated independently:
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« the continuous increment is given by A%tWE ~ N(0,A%%);
e the jump component depends on whether:

— L has finite jump activity, i.e. F = AF where F is the jump size distribution and \ is the
jump rate, in which case we can simulate the number of jumps in [ty,t,+1] by a Poisson

random variable Kan ~ Poisson(A%, A) and i.i.d. jump sizes from F;
t

— L has infinite jump activity, in which case one simulates directly from the prescribed
increment distribution, e.g. assuming the d jump components follow independent Gamma

processes we can sample each increment as A% J @) ~ (7 A%, M), j=,....d.

Remark 3.G.1. We can vectorize the operations to speed up computations. For example, if

L = W¥ + J has finite jump activity, one can generate
. {A%tWZ,n =0,...,N; — 1} by simulating N; i.i.d. N(0,X) variables and scaling them by
Nics
. {A%tj,n:(),...,Nt— 1} by

— simulating K; ~ Poisson(t\) the total number of jumps over [0, ¢],

— generating the jump times UM < ... < UKY) ag uniform order statistics over [0, ¢] and
the corresponding i.i.d. jump sizes AJy, ..., AjKt ~F,

— aggregate the jumps over the partition bins [t,, tn4+1] by A%tj = 2k U®) €t tnga) AJy.

n+1

The strong convergence rate of this Euler-Maruyama scheme is studied in Kiithn and Schilling
(2019, Theorem 2.1). Kiithn and Schilling (2019, Remark 2.3.(i)) covers the case where L has a
non-vanishing (possibly degenerate) diffusion part, as in SDE (3.2.3). For the OU process X, under
sufficient regularity conditions for the transition density of €L, they prove the strong convergence
rate is

Ea [ sup || X, — XI'|*| < Ap,.

s€[0,t]

3.G.2 An exact simulation method: the finite jump activity case

When the driving Lévy process has finite jump activity we can simulate the OU process X exactly.
Recall that when L has finite jump activity we can write the Lévy measure as F' = \F where X is
the jump arrival rate and F is the distribution of jump sizes. The process X satisfies the integral
equation

t
X, = eAal=9X, 4 / eAal=edL,, t>0. (3.G.2)

By plugging-in the Lévy-It6 decomposition of I when the truncation 7(z) = 0 is used, i.e. Ly =

bt + W + J;, we can write

X, = etal=9xX 4+ / L AN gy + / t eAal= eqw> 4 / t eAalt=veqy,,
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where

t
. / eAat—v) ehdy = (e-AA(t—S) _ I) Azlgf);

S

t
. / Al eqwW? ~ N (0, F(t— ‘9)(3“4/{(“8))7 where we use the It6 isometry to compute
S

S S

T
]EA [(/t e-AA(tu)gdWE> (/t e.AA(tu)gdW§> ] _ /t eAA(tiu)gngeAZ(tiu)du

/t_s e.AA(t—s—u)gnge.AX(t—s—u)du
0

=F(t— S)eAX(tfs),

T
M- Apx EXE ’
0 —-Ajx

M(t—s) <€AA(t_s) F(t —s) )
e = :

and define

to compute

0 e_AX(t_S)

t
. / eAaltmweqy, = N ArETIEAT, | where

s Tke[svt}

— {7k, k > 1} denote the jump times of J, i.e. Poisson arrival times with rate ), and

— {AJ,,, k> 1} denote the jump sizes of J, i.e. i.i.d. F-distributed random variables.

Starting from Xg = x¢ we can thus evolve the process X along Py = {0 =to <t; < ... <tn, =t'}
by setting s = t,, and ¢t = ¢, in Equation (3.G.2) and simulating the increments due to W> and
J independently. Similarly, we can simulate the initial condition from the stationary distribution

by writing
X, = / AruEDdy + / ARUEAW 4 / Arug g
0 0 0

_ T -
ARED [ NEaWT Y Mmead,,
0 T€[0,T)

where T > 0 is a big enough cutoff threshold (which can be chosen depending on ||Aa||) and W>/

and J' are independent copies of W* and J.
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3.H Practical considerations: details and simulation study

3.H.1 Disentangling Brownian and jump component of a Lévy process

In this section, we focus on how to disentangle the continuous and jump components of a discretely
observed d-dimensional Lévy process Lo, = {Ly, u € Q¢} with Q; = {0 =1ty <t1 <... <ty =t}
In our setting, this is particularly useful when estimating the covariance matrix of the Brownian
component ¥ and choosing the thresholding powers 8®), cf. Section 3.4.5. To do so we follow the
approach outlined in Gegler (2011) based on a critical region B; but generalize it to irregularly
spaced data. The idea is quite simple and is essentially a multidimensional version of thresholding.
Let us fix the hyperparameter v > 1 and define the true critical regions depending on the unknown
parameter %

Bl (X)) ={xe RY: xTy 1x < 27AG, log(My)}. (3.H.1)

We can then classify each Lévy increment in {AZ L, m =0,...,M; — 1} as
« a Brownian increment if AZ L € B/, (%);
e a jump increment if AG L ¢ B/, (%).

The choice of such critical regions, inherently tied to the elliptical shape of multivariate normal
level curves, ensures that asymptotically only Brownian increments are retained. This procedure

leads to a consistent (as Ag, — 0 with ¢ fixed) estimator for ¥

M;—1
. 1 Mt g .
E(]L’Qt;’}/? E) = M Z A ( BtL)(ABtL) ]l{AgtLGBZm(E)}' (3H2)
m=0 T Q¢
Clearly, this estimator is infeasible in practice since the true critical regions depend on the unknown
covariance matrix . To use this in practice we apply the following iterative scheme with tolerance

level € > 0:

1. initialize £ = - 501! xp (AGL)(AZ L)

2. for n > 0 set ) = 5(ILg,; v, £ until || — SO <.

Gegler (2011) shows that the limiting critical regions BZ m(i*) where 3* = lim,, o0 $(n) converge in
probability to the true critical regions BZ m(2). From the iterative procedure above we thus obtain
an estimator 3 = (Lg,;v,€) for ¥ and feasible critical regions {Bzm(ﬁl), m=0,...,M; — 1}
which can be used to disentangle the Brownian and jump components of Lo,.

The obtained critical regions can also be used to estimate integrals of the Lévy measure F' of
the form F(f|x) = [y f(z)F(dz) for sets K C R? and functions f : K + R*. In this case, the
critical region-based estimators are defined as

A | M1
F(flk) = n > FAG L)Ly LeBenky,

m=0
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where B = B/,,(¥) or B/ . (32) depending on whether ¥ is known or has to be estimated. Gegler
(2011) provides theoretical guarantees of convergence for functions f : R? — R of the form
f(z) = (2" Mz)" with M € R™? and | € N and sets K C R? of the form K = {z € R?: ||z|| < ¢}
for ¢ € (0,00) U {o0}.

3.H.2 Joint estimation

As discussed in Section 3.4.5 we do not require to know the parameters (b, 3, F') of the driving
Lévy process to estimate the MCAR drift parameter A since we can make some pretty good
approximations and data-driven choices. More precisely, the choice of b should have little impact on
the value of A, ¥ is not required and the jump thresholds (for which one would require knowledge
of F') can be chosen empirically via the critical region procedure described in Appendix 3.H.1. In
practice though, one might be interested in estimating such parameters for inference procedures,
for example, to produce the asymptotic confidence regions described in Section 3.4.5. We hence
propose the following iterative scheme given the observations Yp, = {Y,, s € P} and refinement
Qr C Py

1. Set b = 0.
2. Until convergence criterion (in terms of A, b, 3 and F(id“IZ\\zl)) is met:

(a) estimate A using Equation (3.4.25) with b = b and v, chosen as described in Section 3.4.5,
i.e. for each ¢ = 1,...,d treat the increments Ag‘tﬁple(i), m=20,...,M; — 1 as
univariate Lévy increments and identify the critical interval BZ TEZ)(EAJ) = [-y" ’(i), v ’(i)]

as in Appendix 3.H.1;

(b) recover the increments of the background driving Levy process {ALy(A), u € Q;} using
Equation (3.4.30) and estimate:

. ﬂ = t_lLt(A) or Ap (ﬁ ZsePz Ys),
e 3 and F(id\”z”ZI) by applying the critical region-based estimators described in
Appendix 3.H.1;

« b=p— F(id|jz1)-

In the above procedure, we can estimate the auxiliary quantity p := Ea[L;| by using either of the
two proposed estimators. The first is a “law of large numbers” estimator while the second is a
“method of moments” estimator obtained by inverting Ea[Y1] = A, ' p.

Once the convergence criterion is met, we can estimate other quantities related to F'(f|x) by
applying the critical region-based estimators described in Appendix 3.H.1 to the recovered Lévy

increments.
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3.H.3 Simulation study with unknown b, > and F

In this section, we repeat the simulation study carried out in Section 3.4.4 but now assume the
Lévy process parameters b, > and F' are unknown. We use the joint estimation procedure described
in Appendix 3.H.2.

The experiment is set up exactly as in Section 3.4.4, i.e. we consider a d = 1 dimensional CAR
process of order p = 2 such that the driving Lévy process has triplet b = (0, X = 1, F') and F follows
the three jump regimes (BM), (CP) and (I'). To evaluate the quality of estimation of the Lévy
measure I we consider the statistics F(id) = [ 2F(dz) and F(id?) = [, 22F(dz). Note that the

choices of F' are such that:

(BM) F(id) = 0, F(id?) = 0;

(CP) F(id) = 0, F(id®) = 1;
(T) F(id) = 0, F(id?) = 2;

As before P; and Q; are chosen to be uniform with mesh sizes Ap, = t76 and Ag, = t72. The
hyperparameters of the iterative scheme are set to v = 1.01 and ¢ = 0.01 respectively.

The results are reported in Figure 3.H.1, Figure 3.H.2, Figure 3.H.3, 3.H.4, Figure 3.H.5 and
Figure 3.H.6 which empirically suggest consistency and asymptotic normality of A is retained and
the estimators b, 3, F'(id) and £'(id?) are consistent. It is worth noting that in the low data regime
(at t = 2 with Np, = 128 observations) the estimators for A perform considerably worse than in
the case where the Lévy process parameters are known. When more data is available though the

performance of the estimators appears comparable.
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. t=2 t=4 t=8
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Figure 3.H.1: Empirical distribution of the estimator A(th; Q;,vy) for 1000 Monte Carlo samples under

the three jump regimes for ¢t = 2,4, 8 when b, 2 and F' are unknown.
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Figure 3.H.2: Empirical distribution of the statistic Z;(X) for 1000 Monte Carlo samples under the three

jump regimes for ¢ = 2,4,8 when b, ¥ and F are unknown.
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Figure 3.H.3: Empirical distribution of the estimator b for 1000 Monte Carlo samples under the three jump

regimes for ¢t = 2,4,8 when b, ¥ and F' are unknown.
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Figure 3.H.4: Empirical distribution of the estimator 3 for 1000 Monte Carlo samples under the three jump

regimes for ¢t = 2,4,8 when b, ¥ and F' are unknown.
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Figure 3.H.5: Empirical distribution of the estimator F'(id) for 1000 Monte Carlo samples under the three

jump regimes for ¢ = 2,4,8 when b, ¥ and F' are unknown.
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Figure 3.H.6: Empirical distribution of the estimator F (id?) for 1000 Monte Carlo samples under the three

jump regimes for ¢ = 2,4,8 when b, ¥ and F are unknown.
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Chapter 4

Expected Signature Estimation

In the third and final chapter of this thesis, we shift from parametric to non-parametric statistics.
In the previous chapter, the dynamics of CAR processes were specified through a parametric
stochastic differential equation, interpreted rigorously via classical Ité calculus. More recently, it
has been shown that such stochastic integrals can also be constructed in the broader framework of
rough path theory. For a given stochastic process, this pathwise construction uniquely defines the
expected signature: the expected value, under the law of the process, of a sequence of its iterated

integrals.

This infinite but countable object is exceptionally rich and — when the integral is constructed
“geometrically” — uniquely characterizes the law of the process. Leveraging this property, the
expected signature has been widely applied in practical settings to design various machine
learning algorithms. In this chapter, we provide asymptotic results for the expected signature
of a finite collection of discrete paths, demonstrating that this non-parametric statistic can
consistently estimate the target continuous-time expected signature under realistic sampling
schemes. Additionally, we propose a modification to this statistic with better finite sample
properties when the underlying process is a martingale. Finally, we showcase the practical

advantages of this modified statistic across several machine learning tasks.

4.1 Introduction

Originally introduced by Chen (1954) and serving as a fundamental object of rough path analysis
(Lyons, Caruana, and Lévy, 2007), the signature

S={S(X)p, € T(RY), t € [0, T},

of a path X = {Xy, t € [0,T]} € C([0,T],RY) is a lift (in the sense that it embeds X) to the
space of continuous functions over the tensor algebra T((R%)) := @kZO(Rd)@’k possessing some nice
algebraic and geometric properties. When the path is of bounded variation, i.e. X € BV([0, 7], R%),

the signature is defined as the sequence of iterated Riemann-Stieltjes integrals of X,

SH(X) g = // dX,, ®---©dX,, te[0.T], k> 0.

0<s1 <. <5<t

In many practical applications the path X is taken to be the piecewise linear interpolation of

a discrete-time stream of data, which is of bounded variation by construction. Signature-based
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machine learning (ML) approaches (Lemercier et al., 2021; Ni et al., 2022; Liao et al., 2024)
thus often restrict the theoretical framework to the bounded variation case. In this setting, two
fundamental properties of the signature are the characterization result of Hambly and Lyons
(2005) and the universality approximation theorem of Levin, Lyons, and Ni (2016). Moreover,
when the path X is understood as a (realization of a) random process with distribution P over
BV ([0, T], Rd), the shuffle property of the signature implies that all moments of the random variable
S(X)p,1) € T((R%)) are determined by the expected signature ¢(T) = E[S(X) o1l € T((RY). A
natural question, known as the Hamburger moment problem (Fawcett, 2003), is thus whether the
expectation of the signature characterizes its law (and thus the law of the path). When imposing a
probability distribution P on X the assumption of bounded variation paths becomes quite restrictive:
Brownian motion, the basic building block of many stochastic models, has paths of infinite variation
almost surely. Even if we observe a discrete-time stream of data, we often still would like to define
the process X as a latent stochastic process of which we observe the linear interpolation over some
partition 7 of [0, 7], hereafter denoted by X™. We hence wish to make sense of the signature of
a stochastic process X with paths of unbounded variation. For a given path X € C([0, T], R%) of
finite p-variation, once we “lift” the process to a p-rough path (Lyons, Caruana, and Lévy, 2007,
Definition 3.11) then the signature S of X is uniquely defined — this is the first fundamental theorem
in the theory of rough paths (Lyons, Caruana, and Lévy, 2007, Theorem 3.7). Without delving into
the details of rough path theory, for our purposes it suffices to interpret the choice of lift as fixing
a notion of integration with respect to X: the higher order signatures terms are then understood
as iterated integrals of the path X defined in this sense'. To help intuitive understanding of this
statement, let us consider a couple of examples. When X is a semimartingale it has finite p-variation
for any p > 2. It hence suffices to lift X to a 2-rough path to fix the definition of signature. It turns

out that, for a given notion of stochastic integral (e.g. Stratonovich or 1t6), the lifted process
¢
t (1, X, / Xs®dXS> e T*((RY), tel0,T],
0

is a p-rough path for all p > 2 and hence uniquely defines a full signature for X. All higher-order
signature terms can then be shown to be the iterated stochastic integrals in the sense fixed by
the lift. Similarly, a fractional Brownian motion with Hurst parameter H € (1/4,1/3] has finite
p variation for all p > 1/H. In this case, we need to lift X to a 3-rough path. For a large class
of Gaussian processes, including fractional Brownian motion, a canonical lift is defined in Coutin
and Qian (2002). For a complete treatment of stochastic processes as rough paths we refer to the
detailed monograph Friz and Victoir (2010).

Motivated by the fact that we can only ever observe the process X over a discrete partition 7 of
[0,T] we restrict our attention to the class of stochastic processes whose lift (and hence signature)

can be approximated by the lift (and hence signature) of the bounded variation path X™. Following

!Note that, when X is a bounded variation path, it does not require to be lifted as all notions of integral coincide
and we can define all higher-order signature terms as iterated Riemann-Stieltjes integrals.
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the rough path literature we take such approximation in the p-variation metric to define the notion
of canonical geometric stochastic process, cf. Definition 4.3.1. This definition ensures the resulting
lift of X is almost surely a geometric p-rough path in the sense of Lyons, Caruana, and Lévy (2007,
Definition 3.13) and Friz and Victoir (2010, Definition 9.16). When X is a semimartingale, the
Stratonovich lift ensures the resulting 2-rough path is geometric and is given by the p-variation limit
of the lifts of piecewise linear approximations X along any sequence of partitions with |r| — 0 (Friz
and Victoir, 2010, Theorem 14.16)2. For more general stochastic processes the choice of sequence
of partitions 7 along which we approximate the lift of X plays a fundamental role, in which case we
call the sequence of partitions signature defining. In Chevyrev and Lyons (2016) and Chevyrev
and Oberhauser (2018) the authors provide characterization results® for the expected signature of
canonical geometric stochastic processes, i.e. conditions under which the map P~ E[S(X) 7] is
injective. The characterizing property of the expected signature has found practical use in a wide
range of applications, ranging from pure machine learning tasks (Lemercier et al., 2021; Triggiano
and Romito, 2024; Ni et al., 2022; Liao et al., 2024) to mathematical finance (Lyons, Nejad, and
Pérez Arribas, 2021; Futter, Horvath, and Wiese, 2023).
The expected signature
6(T) = E[S(X)o ] € T((RY),

is thus a highly informative quantity and, consequently, methods for computing ¢(7T") have received
considerable research interest. Such methods can be broadly categorized into two classes: those
employing an analytical approach and those following a statistical one. Analytical methods aim to
develop exact formulas for specific classes of models. A first step in this direction was taken in Ni
(2012, Section 4) showing that the expected signature of an It6 diffusion satisfies an explicit partial
differential equation (PDE). This result was subsequently generalized in Cuchiero, Svaluto-Ferro,
and Teichmann (2023) to the class of signature-SDEs and in Friz, Hager, and Tapia (2022) and Friz,
Hager, and Tapia (2024) to (discontinuous) semimartingales. On the other hand, the statistical
approach aims to estimate ¢(7) directly from observed data, preserving the model-free nature of

the expected signature. For a given set of observations X™!, ..., X™" one can form the estimator

2N, 1 al n,m
PNT(T) = NZIS(X o>

and study its in-fill |7| — 0 and long-span N — oo asymptotics. This line of work includes the
explicit results of Ni (2012, Section 3.2) for Brownian motion and of Passeggeri (2020) for fractional
Brownian motion with Hurst parameter H > 1/2 as well as the preliminary results in Friz and
Victoir (2010) for more general semimartingales. In this chapter we aim to provide a unifying

set of general conditions under which the expected signature estimator QASN ™(T) displays desirable

2In Theorem 4.3.8 we give a weaker version of this result sufficient for our purposes.

3In Chevyrev and Oberhauser (2018) the authors prove universality and characterization of a robustified version
of the signature. Nevertheless, the authors suggest the use of the classical expected signature is still justified in
certain situations (Chevyrev and Oberhauser, 2018, Remark 4).
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asymptotic statistical properties, namely consistency and asymptotic normality. Our results allow

4 7 — possibly different across samples — and for dependency

for irregular observation partitions
across the samples X', ..., X". We consider the practically relevant case where the samples are

obtained by chopping-and-shifting a single long observation of the process {X;, t > 0}.

Remark 4.1.1. In Bonnier and Oberhauser (2020) the authors introduce the log expected signature,
i.e. K(T) := log E[S(X)[o,7]] where log denotes the logarithm on the space of formal power series.
Much like the expected signature ¢(T") yields a natural generalization of the moments of the process
X, the log expected signature x(7") provides a generalized notion of the cumulants of X. We refer
to Schell and Oberhauser (2023) for an application of the log expected signature to nonlinear
independent component analysis. In this work we focus on estimating terms in the expected
signature ¢(7T") but the consistency results immediately carry over to the estimation of terms in

k(T) by a simple application of the continuous mapping theorem.

The rest of this chapter is structured as follows. In Section 4.2 we start by considering the simple
but insightful case where the process X is taken to be a standard Brownian motion. Section 4.3 then
sets the scene by defining canonical geometric stochastic processes and their signatures. Section 4.4
contains the main theoretical results of the chapter. This section is quite naturally divided into two
parts treating the in-fill and the long-span asymptotics of the expected signature estimator. Piecing
together these two components yields the complete asymptotic theorems, namely Theorem 4.4.19,
Theorem 4.4.29 and Theorem 4.4.34. Having established the theoretical asymptotic properties
of the estimator, Section 4.5 is devoted to empirically assessing its finite samples properties. In
Section 4.6 we then focus on the case where X is a martingale and introduce a modification of the
expected signature estimator with better finite sample properties. A review of machine learning
applications employing the expected signature estimator is given in Section 4.6.2, with an emphasis
on how the modified expected signature estimator can be used to improve empirical performance.

Some final remarks and potential future research directions are discussed in Section 4.7.

4.2 A simple motivating example: Brownian motion

In this section, we will focus on the task of estimating the signature of Brownian motion from
a finite collection of discretely sampled Brownian paths. From an epistemic perspective, this is
somewhat unnecessary, as [E {S (B)[O,T]} is known explicitly. Nevertheless, this serves as an important
motivating example for the results developed in the rest of this work. In the first part of this section,
we follow quite closely Ni’s doctoral dissertation (Ni, 2012). The results on asymptotic normality
and variance reduction via control variates are new.

In the following we fix 7' > 0 and let Q = C([0, T]; R%) be the set of continuous paths from [0, 7]
to R%. We equip  with the Borel sigma-algebra F, i.e. the o-algebra generated by the open sets

4Clearly, for the estimation problem to be well-posed, the sequence of partitions needs to be signature defining in
the sense of Definition 4.3.6.
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with respect to the sup-norm || - || on €2, and the Wiener measure P, i.e. the measure on (€2, F)
such that the canonical process B = {By, t € [0,T]} with By(w) = w(t) for all t € [0,T], w € N is a

standard d-dimensional Brownian motion. Fixing the standard basis for R we write
d .
B, =Y B, te0,1].
i=1

We will be interested in estimating the expected (Stratonovich) signature of Brownian motion:

(1) :=E [S(B) )

where

SB)z = (1, S' B)p.1, S*B)oay, ---) € T(RY),

with
Sk(B)[o,T]: // odB,, ®---®o0dB,,, k>1.

o<ur <...<up<T
The expected signature of Brownian motion can be explicitly computed, its analytic form is given

by the following theorem.

Theorem 4.2.1. The expected signature of Brownian motion up to time t € [0,T] is given by

k

d o0 k [/ d ®
t 1/t
o(t) =E {S(E)[O,t]} =€XPg 9 5 Zei e = Z - () Zei e .
25 o B2 i=1
Remark 4.2.2. This result can be found in Fawcett (2003).
Proof. See Appendix 4.A.1. O

In the general setting, when X is a process whose expected signature is not available analytically
(either because the model is not fully specified or simply because no closed form formula is known
for the fully specified model), we are interested in estimating ¢(7") from samples of the discretely

observed process. In the Brownian case let
B"={By, ten} where m={0=ty<...<tyy=T}.
We define the (continuous-time) linear approximation of B = Bio,7) on 7 by
B = Bf, 1y = {B], t €[0, 71},
where

t—1tm

Bf =B, +
t tm+1 - tm

(Btm+1 - Btm) , te [tma tm—i—l}'
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For simplicity, in this section we assume evenly spaced observations of Brownian motion, i.e.
tm = mA where A = 37, and thus make the dependence on the number of steps M explicit by
writing BM = BT. We start by showing that the expected signature of the linearly interpolated
process BM is close to the expected signature of Brownian motion. This assumes we have access
to “infinitely” many observations of BM and thus can perfectly compute its expectation. In the
following, the results rely on being able to compute the expected signatures of B and BM explicitly
but in the more general setting of Section 4.4 we will develop approximations results which will not
require an analytical form of the limiting quantity ¢(T).
We start by computing the expected signature of the linearly approximated Brownian motion

explicitly.

Theorem 4.2.3. The expected signature of the linearly approximated Brownian motion up to time

mA € [0,T] form=0,...,M is given by

. ®m
¢>M("7’LA):E[5(A [OT]] (Z Z . <> Rier ei) ;

k OIE’CQk

where

o [Cop is the set of even words of length 2k, i.e. nj(I) =|{i € I :i=j}| is even Vj € {1,...,d};

k 2k
e Cr=1, n / or I € Ko.
! (12(1)77d2(])> (nl(I)77nd([)> f 2

Remark 4.2.4. This result is from Ni (2012). Here and in what follows we use the convention that

when I = () (the empty word) we write ®;cre; = 1.
Proof. See Appendix 4.A.2. O

Corollary 4.2.5. The k-th level of the expected signature of the linearly approximated Brownian
motion up to time mA € [0,T] form =0,..., M is given by

Z ® Z i (> ®icr €i, if k is even,
Jiseesjm 20 1=1 ]elCzJ
¢]k\4(mA) — 251+ +2jm=k
0, if k is odd.
Proof. See Appendix 4.A.3. O

Given the exact forms of ¢ and ¢, we can compute the following error bound explicitly, which

shows that ¢ converges to ¢ with rate O (M~1!) as M — oc.
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Theorem 4.2.6. For every even integer k > 4 it holds that

dF/2A k/2—1
H(ﬁkM( — (T )H =22 (2) =0 (]\14> , (4.2.1)

while for all other integers, i.e k € {0,2} or k odd, we have
o (T) = pu(T).

Remark 4.2.7. This result is from Ni (2012), with the only minor correction being the explicit

dependence on the dimension d.

Proof. See Appendix 4.A 4. O

We can now consider the more realistic setting where we do not observe the full law of BM but
instead have access to NV i.i.d. copies of BM . In this case we cannot compute ¢M (T') exactly but need
to estimate it. In view of Theorem 4.2.6 such estimator will also be a (biased) estimator for ¢(T).
Let {Iﬁ%M MmN denote N i.i.d. linear approximations of Brownian motion over the evenly space
partition 7. By the independent increments property of Brownian motion, one may equivalently
assume that such copies are obtained by chopping up and shifting (so that each subsample starts
from zero) a single long discrete observation over [0, NT]. We then define the estimator for the

expected signature of Brownian motion as

N
SMN (T . Z ™)o.17- (4.2.2)

Note that, for every word I and fixed M we can apply the strong law of large numbers and the

classic central limit theorem to the i.i.d. random variables {S7(BM ™o T]} _1 with

E [ST(BM) 0] = 63/ (T),

and variance

0%71 := Var (SI(I@M)[QT])
—E|(5"@")pm) | - E [ B o]
S Gl (T) - (1) < o0,

Keluwl

to deduce that
&N (T) — (1) B0, N = oo,
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and
A (GIN(T) — M (1)) S N(0,1), N o,
oM,I

These results only describe the relationship between ¢™N-™(T) and ¢M (T for each fized M. The
following theorem is of more practical relevance as it gives the asymptotic properties of (;ASN M (T') as
an estimator for ¢(T") as both N and M increase to co. Note that, due to the interplay between

the in-fill and the large sample limits, only an L? consistency result can be obtained.
Theorem 4.2.8. Fiz a word I # (), then the estimator quN(T) for ¢1(T) is

1. consistent, i.e.
2M,N L?
¢ (T) = ¢1(T),

for any sequence (M, N) such that M — oo, N — 0o;

2. asymptotically normal, i.e.

N (67" (1) - 61(1)) 5 N (0, 1),

o1

where

of i=Var (S'B)pr)) = > ox(T) - éx(T)* € (0,00),

Keluwl

for any sequence (M, N) such that M, N — co and, when |I| > 4 and even, VN /M — 0.
Proof. See Appendix 4.A.5. O

Remark 4.2.9. The proof of Theorem 4.2.8 immediately yields a quantitative version of the CLT,

VN

i.e. denoting by ®x s the c.d.f. of — (Q%M’N(T) - d)I(T)) one has for N,M >1and z € R
o1

oM,I Cpm,1
‘I’NMI(’$+ NMI>—‘1’33 < =,
vans (P s s ) - o) p

with “CLT bias”
vIN
s =~ (61(T) = 6:(T)).
or

Finally, we extend the previous result to the joint estimation of multiple signature terms by a

simple application of the Cramér-Wold theorem.

Theorem 4.2.10. Fiz a collection of words I such that I # () for all I € I, then the estimator
o1 (T) for o1(T) is

1. consistent, 1i.e.
~M.N L2
¢p (1) = o1(T),

for any sequence (M, N) such that M — oo, N — oo;
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2. asymptotically normal, i.e.
VN ("N(T) = 6n(T)) £ N (0,51,
where

} 5 = Cov (SI(B)[O,T]aS [OT) = > ox(T)—¢1(T)ps(T), I,J€T,

KelwJ

for any sequence (M, N) such that M, N — oo and, when |I| > 4 and even for some I €1,

VN/M — 0.

Proof. See Appendix 4.A.6. O

Remark 4.2.11. The CLT result of this theorem is feasible since we can explicitly compute XT using
Theorem 4.2.1. In the more general setting when ¢(7") is unknown, to make the CLT feasible
we will need to find a consistent estimator for ¥I. Note that this is a function of higher order
signature terms and hence it will be sufficient to apply the consistency part of the estimation result,
cf. Remark 4.4.22 and Remark 4.4.30.

Note that in the proofs of the central limit theorem, we use ¢ (T') as “intermediate” approxi-
mating quantity between ¢M-N (T') and ¢(T). One could alternatively consider as “intermediate”

quantity
N
N Z ")0.175

where {B"}_, are the i.i.d. Brownian motions from which {BM-"}N _ are discretely sampled and

decompose
SN (T) = ¢(T) = (S"N(1) = $N(1)) + (6™(T) — (1))
N
= % > (S(BM’H)[O,T] = SB")po, T]) < Z S(B") 0,1 — [S(B)[O,T]D :

In this case, the proof of Theorem 4.2.8 would simplify considerably once we obtain a result on
the convergence of S (I@%M )[O,T] to S(B)(o,r) in an appropriate probabilistic sense, a stronger result
than the convergence of the expectations given in Theorem 4.2.6. With the results we develop in
Section 4.4.1 we can easily show such convergence indeed holds in L™ for any m > 2. This follows
by applying Theorem 4.4.7 to the process X = B, which clearly satisfies Assumption (A«) and
Assumption (Ad) with « =1/2, 6 =1 and p > 2 and to the uniform sequence of partitions 7 with
|7| = M~!, which by Theorem 4.3.8 is signature-defining for the Stratonovich signature.
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4.2.1 Variance reduction via control variates

In this section, we explore whether we can find a better estimator for ¢(7) than g?)N M(T) given the
observations {B™"}N_, i.e. an alternative estimator with the same bias as "™ (T) but smaller
variance. We will focus on the one-dimensional case (d = 1) to keep notation as light as possible.

To provide some initial intuition we start by considering the unrealistic setting where N
i.i.d. continuous-time observations, i.e. {E%’T]}fle, are available. We will then move on to the
more realistic scenario where the processes are discretely observed and the signature needs to be

approximated.

Continuous-time observations

Motivation: level k = 2. To provide some motivation for the choice of control variate we will be
using we start by considering the estimation of the level k = 2 expected signature of one-dimensional
(d = 1) Brownian motion. Assuming N i.i.d. observations of the Brownian motion one has the

“naive” estimator
N

Z (B") o775

where
T B2
S*(B)jo,1) :/ B,odB, = =L.
) 0 2

At least formally, we can understand ¢N (T) as ¢™N'M(T') when M = co. One can easily check that

the estimator is unbiased
E[$5 (T)] = ¢(T),

and has variance )
. 1 B T
Var(¢d (T)) = + Var <2T> =5 >0

If we instead consider

N 1 X
= Z {52 B")po SCQ<Bn)[O,T]}7

n:l

where . )
B T
2 _ _ br
Sc (B)[O,T} = /0 ByudB, = 7 - 57
is the level k = 2 signature term in the [t0 sense, it can be easily checked this is a “perfect” estimator
since
n T
(T = 5 Poas

This simple but powerful example motivates us to “control” the naive estimator based on iterated
Stratonovich integrals via a similar object obtained through It6 integration. Such control will be, by

construction of the It6 integral, mean zero and hence won’t affect the (un)biasness of the original
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estimator. As we will see later, the variance reduction effect of the control depends directly on its
correlation with the original iterated Stratonovich integral, and thus, intuitively aiming to maximize
correlation, we will consider as control the signature-like object obtained by interpreting only the

outermost integral in the Itd sense.

General signature level k. We continue assuming access to N independent Brownian motion

observations over [0, 7] in dimension d = 1, i.e. {B"})_;, and consider the (unbiased) estimator
1 al k(mn
=N > S*B™) o1,
n=1
for the target parameter

or(T) =E [Sk(B)[O,T]] ,

where

S*(B) .1 = // 0dBy, ---0dB,, , 0cdBy,.

O<ur <--<up<T
As above, at least formally, we can understand ¢V (T') as ¢ (T') when M = oc.

We then define the control variate estimator
~N, 1Y
op (T) = N > { 0,7] — CSf(Bn)[O,T]} ,
n=1
where the controls are defined as
S [OT / / odB,, ,dB,.
O<uy <--<up<T

One can verify that the resulting estimator is unbiased
/\N c A
E 6] = B[4 ()] = én(T),

and, setting

Cov (Sk(B)[O,T]a S¥ (B)[O,T])
Var (Sff (B)[O,TO

Cy = y

it has variance
Var <¢N e (T )) =(1- pi)\/ar (ési;v(T)) )

where

pi. = Corr (Sk (B)o,175 Sk (B)[O,T})
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= Corr / . / odBy, ---0dBy,_, cdBy,, / . / odBy, ---0dB,, ,dBy,

O<uy <--<up<T O<uy <--<up<T

As discussed in the previous motivational paragraph we choose S¥ (IBB)[QT] with only the outermost
integral interpreted in the Itd sense to preserve the “mean-zero” property of the control while

aiming to maximize p; and, thus, minimize the resulting estimator’s variance.

Proposition 4.2.12. The correlation is py is given by

1 k12 k k+i—2
pk=Corr(Sk(B)[o,Tb55(3)[0?1):5’“\/2 CTST 2 ( g > ’

i+keven

where

k!?’ -1/2
6k _ <1 — WW) s ka' even,
1, if k odd.

Proof. See Appendix 4.A.7. O

In Figure 4.1 we plot the correlation py for k € {2,...,50} and note that using the control variate
Sk

(B)(o,r) leads to a decrease in the variance of the estimator by a factor > 5 and asymptotically
9.

%

Discrete-time path observations

We now consider the more realistic setting of discrete-time observations, i.e. we assume access to N
independent discrete-time observations of one-dimensional Brownian motion over the evenly-spaced
partition 7 = 7y in d = 1 and denote them by {B™™}~_,. We consider the biased but consistent
estimator

N M al M)y

oM Z B0,

n:l

for the target parameter

o(T) =E |S* B)o )

where

S Eory= [ [ edBY-oaBl = [ [ aBM..aBl,

O<uy <---<up<T O<u <--<up<T

since the linear approximation of Brownian motion BM has finite variation and thus we have a

unique notion of integral (which can be defined in the Riemannian sense).
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Figure 4.1: Control variates correlation, continuous-time observations.

As in the previous setting, we define the controlled estimator
AN, M, al
¢k’ C Z{Sk ]BnM [OT]_CS (IB ’ )[0,T]}7

where the discrete-time analog of the It6 control is given by

SE = S [ BB (B, - B
m= 00<u1< LUp—1<tm
One can verify that the resulting controlled estimator is also consistent, with the same bias as
qg]kV’M(T) since
AN, M, AN, M
E [¢k C(T)} = E[ k (T)} )

and, when

Cov (S*(BM) 0.1, SEBM ) 0.7

Var (SéC (BM)[QT])

Cy = )

has variance

Var (¢N Mcx (T)> =(1- p%jM)Var (Q%VM(TD )
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where

Pk,M = Corr (Sk(BM)[O,T]7 S?(I@M)[OvT]>

M—-1
= Corr // dBi B, // dBy!---aBY (B, — B,

O<u; < <up<T m=0 O<uy < <up_1<tm

As before, we can explicitly compute the correlation py ps.

Proposition 4.2.13. The correlation py ar is given by

E M—1[(k-1)/2] 94 A A
! (1> Z Z ( i 2k —2j =2 )mk_]_l(Mm)]
7

e Ik —1I\M) = = —ji—1,k—2j—1
’ (2k — 1)1 (k— 112\ [(2k —3)11 /1 \k M2
J ( R NP (k—1)2 (M) z_:o m*
Proof. See Appendix 4.A.8. O

In Figure 4.2 we revisit Figure 4.1 by comparing the signature control variate correlation
Pk, k€{2,...,50} obtained from continuous-time observations (in blue) with the signature control
variate correlation pi ar, k € {2,...,50} computed from discrete-time observations (in green, with
color gradient increasing in the number of discretization steps M € {5,10,20,50,100}). We note
that, for fixed M < o0, as k increases the benefit of using the It6 control decreases, while for fixed
signature level k the finer the observational grid, i.e. the bigger the M, the higher the variance
reduction obtained by using the control. In general, we note that for reasonable values of k£ (and

M) the controlled estimator ¢~ (T) has a significantly lower variance than ¢™- (T).

4.3 Canonical geometric stochastic processes

In this section, we introduce the class of stochastic processes for which we will develop expected
signature estimators. Recall from rough path theory that the signature of a stochastic process is
generally not unique, as it depends on the choice of lift (for example, we may lift a Brownian motion
to a 2-rough path using either Itd or Stratonovich lifts). Given the discussion in the introduction,
we will focus on processes that can be lifted to geometric rough paths in a canonical way, i.e.
from limits of piecewise linear interpolations of discrete observations (this will correspond to the
Stratonovich lift in the aforementioned Brownian setting), and will be interested in estimating
the corresponding signatures. In the following let X = {Xy, t € [0,7T]} denote a d-dimensional
stochastic process over a probability space (2, F,P).

Definition 4.3.1. We say X = {X;, ¢ € [0, 7]} is a canonical geometric stochastic process of rough

order p if there exists a deterministic sequence of partitions p with |p| — 0 such that the limit in
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Figure 4.2: Control variates correlation, discrete-time observations.

the p-variation metric of the canonically lifted linearly interpolated process X exists in probability.
Convergence in probability implies almost sure convergence (along a subsequence) and hence we

can almost surely define the lift of X as such limit.

Remark 4.3.2. Any canonical geometric stochastic process of rough order p can thus be almost
surely lifted to a geometric p-rough path. A question for the rough path community: is this a strict
inclusion?

If we replace geometric by weakly geometric in the previous question then the answer is
affirmative. For example, fractional Brownian motion with H < 1/4 can be lifted to a weakly
geometric p-rough path (Nualart and Tindel, 2011) but for any sequence of partitions p the limit in
the p-variation metric of the canonically lifted linearly interpolated process X* does not converge

(Coutin and Qian, 2002).

Remark 4.3.3. The definition of lift suggests this might depend on the choice of the sequence of
partitions p. In any case, for a wide range of stochastic processes there exist canonical lifts that

satisfy our definition of canonical geometric rough path. These include:

o Semimartingales: for p € (2,3) any semimartingale can be lifted to a geometric p-rough path
by defining the lift via Stratonovich integration; the signature of X then coincides with iterated
Stratonovich integrals. For any sequence of partitions p the lifts of the linear interpolations

{S2(XP) 0,4, t € [0, T]} converge in p-variation metric to the Stratonovich lift (Friz and Victoir,
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2010, Chapter 14) and hence X is a canonical geometric stochastic process in the sense of
Definition 4.3.1. In Section 4.3.1 we discuss a slightly weaker result, but sufficient for our
purposes, implying that for any sequence of partitions p, S2(X”)[O7ﬂ converges uniformly over

compacts in probability to the Stratonovich lift.

o Gaussian processes: many Gaussian processes admit canonical lifts to geometric p-rough paths
(Friz and Victoir, 2010; Coutin and Qian, 2002, Theorem 15.34, Definition 15.35) with the
existence criterion for such canonical lifts easily stated in terms of the covariance function. The
definition of the lift implicitly yields p to be any sequence such that X converges uniformly
to X almost surely. For example, fractional Brownian motion with Hurst parameter H > 1/4
can be canonically lifted to a geometric p-rough path with p > 1/H by choosing p to be the

sequence of dyadic partitions.

In what follows, we will assume the canonical geometric stochastic process X has a canonical lift
(i.e. a canonical sequence of partitions p along which the lift is defined) and unambiguously refer to

it as the lift of X.

More precisely, let p denote a partition of [0,7] with mesh |p| = max| |lv — u| and let

u,v]Ep
XP = {Xf, t € [0,T]} denote the linear approximation of X = {Xy, t € [0,T]} over p, i.e.

t—
X? =X, + _ZXWJ, for ¢t € [u,v].

v

The signature of X up to time ¢ € [0, 7] is defined as
S0y = (1 S' (K)o, S2(XK) 0 -..) € T(RD), (43.1)

with

Sk(Xp)[o,t] = // dle Q- ® dXP kE>1,

UL ?
O<ur <...<up<t
where the integrals are defined in the classic Riemann-Stieltjes sense along the piecewise-linear path

XP. The canonical lift of X? to a (geometric) p-rough path is
(1, S*XP) oy - > SWI(XP) o) € T ((RT)), £ (0,7, (4.3.2)

Definition 4.3.1 requires that there exists a sequence of partitions p for which this sequence of
geometric p-rough paths converges in probability in the p-variation metric.

A key result from rough path theory is that a (geometric) p-rough path has a full signature.
Fixing the lift of X via Definition 4.3.1 we thus have a uniquely specified signature for X.

Definition 4.3.4. The signature of a canonical geometric stochastic process X,

S = {S(X)[O,t] € T((Rd))v le [OvT]}7
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is defined pathwise (on a set of full measure) as the unique extension of the lift of X to a multiplicative
functional of arbitrary order in the sense of Lyons, Caruana, and Lévy (2007, Theorem 3.7). The

elements of the signature are the rough iterated integrals of X.

Remark 4.3.5. Taking p to be a sequence such that Definition 4.3.1 holds, by continuity of the
extension map (Lyons, Caruana, and Lévy, 2007, Theorem 3.10), it immediately follows that the
signature of X? (truncated at level K > |p|) converges in probability to the signature of X (up
to level K) in the p-variation topology. In particular, this implies that for any finite collection of
words I,

SHE) g — SUX) 0. (4.3.3)

Similar arguments imply that when convergence to the lift along p holds almost surely in the p-
variation metric then also the higher order signature terms converge almost surely, and in particular

Equation (4.3.3) holds in the almost sure limit.

In this work, we will be interested in estimating the expected signature at the fixed time
horizon T' > 0. To develop the properties of these estimators it will be thus sufficient to work with
pointwise limits like Equation (4.3.3) without having to deal with the stronger pathwise p-variation
convergence used to define canonical geometric stochastic processes. This mode of convergence will

thus be sufficient to consider a sequence of partitions as signature-defining.

Definition 4.3.6. Let X = {X;, t € [0,T]} be a canonical geometric stochastic process, we say that
a determinstic sequence of partitions 7 of the interval [s, ¢] C [0,7] with |7| — 0 is signature-defining

if for any collection of words I,
- P
ST XM s = S (X) s 7] = 0. (4.3.4)

Remark 4.3.7. By Remark 4.3.5 every canonical geometric stochastic process has at least one
signature-defining sequence of partitions over any [s,t] C [0,7] given by the sequence p in Defini-
tion 4.3.1. Moreover, by passing to a subsequence if necessary, this also guarantees the existence of

a sequence of partitions p, along which Equation (4.3.4) holds almost surely.

In the next section, we show that when X is a semimartingale, every sequence of partitions

with || — 0 is signature-defining.

4.3.1 Semimartingales: convergence in probability of signatures

In this section, we consider the case where X = {X;, ¢t € [0,T]} is a d-dimensional continuous
semimartingale, i.e. we can decompose it as X = M + A where M is a continuous local martingale

and A is a continuous finite variation process (requiring Ay = 0 ensures the decomposition is
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unique). The Stratonovich® lift of X to a p-rough path for p > 2 is

(1, X, /OtXu ® oqu> c T2 ((Rd>> :

and the corresponding signature

SX)pry = (1, S Xpay, S2X)pay, ---) € T(RY),

with
Sk(X)[o,T]: // 0dXy, ®---®odX,,, k>1

O<ur <...<up<T

We denote by {S<*(X)jo4, ¢ € [0,T]} the signature truncated at level K > 0, i.e.
SEX)pg = (1 X, - K (X)) € TH(RY),

Theorem 4.3.8. If X is a continuous d-dimensional semimartingale then fort € [0,T] and any

(deterministic) sequence of partitions m with |r| — 0

Sup} HSSK(XW)[O,S} - SSK(X)[O,S] E} 07 ‘ﬂ‘ - Oa

s€[0,t

which immediately implies
r P
SEE(XM) 0 = S=K(X) g, |7l — 0.

Proof. See Appendix 4.B.1 O

Remark 4.3.9. We abuse notation slightly be writing 7 for the restriction of 7 to [0, ¢].

4.4 Estimating the expected signatures of a canonical geometric

stochastic process

In the following, let X = {X;, t € [0,7]} be a d-dimensional canonical geometric stochastic process,

as defined in Definition 4.3.1. Let 7 denote a signature-defining sequence of partitions of [0, 7] with

®Recall that, for a (one-dimensional) semimartingale X = {X;, ¢t > 0} and suitable integrand Y = {Y;, t > 0},
the Stratonovich integral is defined (Protter, 1990, Chapter I1.7) in terms of the Itd integral as

" t
/ Ys— odX; := / Y, dX, + l[Y, XJ;.
0 0 2

In the case of continuous X and Y this simplifies to

t t t
/YsodXs:/ stX5+1[Y,X]t:/ YadX, + 2 (Y, X)..
0 0 2 0 2

For a multi-dimensional semimartingale, the integral can thence be defined component-wise.
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mesh |7] — 0, cf. Definition 4.3.6, and let X™ = {XT, t € [0,T]} denote the linear approximation
of X over 7. Assuming we have access to N “copies” of X™ denoted by {X™"}¥ _, we consider the

estimator

omn 1 al Tn
o1 (1) = > ST X0, (4.4.1)
n=1

where I is a finite collection of words. Assuming the target expected signature

¢1(T) = E[ST(X)o.7), (4.4.2)

exists, i.e. ¢1(7T") < co. We can decompose

o 1 &
or"(T) — =N > (SI (X" — ST(X n)[O,T])
=t (4.4.3)
( Z S'(X")o — E [SI(X)[O,T}]> -
n=1

Under suitable conditions, we will prove the estimator (;AS}T’"(T) is consistent and asymptotically

normal for ¢1(7) by showing that

1. each summand in the first term converges to zero in L™ in the in-fill asymptotics |7| — 0 (in
Section 4.4.1);

2. the second term, when inflated by v/ N, converges in distribution to a normal random variable

in the large sample asymptotics N — oo (in Section 4.4.2).
Remark 4.4.1. Note that if {X;, ¢ > 0} has stationary increments of length 7', in the sense discussed
in Section 4.4.2, and each observation partition over [0, NT] can be decomposed as

I(N)=nU(T+m7)...U(N—-1)T+m),

then the set {X™"}V_, can be obtained by chopping up and shifting (so that each X™" starts from
zero) a single long observation over II(N). This is why we equivalently refer to the large sample
asymptotics N — oo as “long-span” asymptotics.

4.4.1 In-fill asymptotics

In this section we explore conditions on the process X under which the summands in the first term

of Equation (4.4.3) converge to zero in L™ as || — 0, i.e.
I L™ a1
ST XN = S (X)p17- (4.4.4)

Recall that, by Definition 4.3.6, along the sequence of partitions 7 this convergence holds in

probability, i.e. Equation (4.3.4). We first discuss why convergence in probability is not strong
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enough to obtain the desired asymptotic properties for the estimator &}r"(T)

We then give conditions on X which ensure convergence in L™ of the signature terms. This
yields the desired in-fill asymptotics, Equation (4.4.4), along any signature-defining sequence of
partitions 7. Through various examples, we provide verifiable sufficient conditions when X is
assumed to be a martingale, an It6 processes, an It6 diffusions, or a fractional Brownian motion,

effectively showcasing the broad applicability of our results.

Why is convergence in probability not sufficient?

We give two motivating examples illustrating why the convergence in probability (4.3.4) might not
be strong enough to estimate ¢r(7"). In the first example, SI(X”)[O,T] converges to ST(X) 0,7] in

probability but the limiting signature is not integrable, i.e.
E[SI(X)[O,T}] = 00,

and hence the estimation problem is ill-posed. This example naturally pushes us to look for
conditions on X that ensure the approximators SI(X”)[QT} are (square-)integrable and converge in
L™, ensuring the limiting quantity is also (square-)integrable, cf. Theorem 4.4.4 and Theorem 4.4.7.
The additional requirement of square integrability will be fundamental for the CLT results of
Theorem 4.4.19 and Theorem 4.4.29.

The second example illustrates another shortcoming of working with convergence in probability:
even if the limiting quantity is integrable, convergence in probability of each summand does not
necessarily imply convergence in probability of the sum. As this example illustrates, one would need
explicit rates of convergence in terms of |7| for Equation (4.3.4) to get conditions on the relative
speed at which |r| — 0 and N — oo ensuring the first term in the decomposition (4.4.3) vanishes.
Moreover, when considering this mode of convergence and moving beyond the i.i.d. setting, one
would need to take care of the dependence structure of the summands. On the other hand, L™
convergence (4.4.4) of each summand immediately implies L™ convergence of the sum, regardless of
the dependence structure and the relative rate at which |7| — 0 and N — co. This explains why the
L™ convergence result given in Theorem 4.4.7 naturally leads to consistency results, Theorem 4.4.19

and Theorem 4.4.29, which do not impose any joint conditions of |r| and N°.

Ezample 4.4.2. Let X = {X; =w; € R, t € [0, 1]} be defined on (2, F,P) such that

where

5The asymptotic normality results of Theorem 4.4.19 and Theorem 4.4.29 instead requires a joint condition on ||

and N, to ensure the first term in (4.4.3) vanishes faster than ﬁ
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and ¢ : [0,1] — R is the tent map

P(t) = 4t Ljg1/9)(t) + (4 —4t) L1 01)(t), t€[0,1].

Let {m, k> 1} denote a sequence of dyadic partitions of [0, 1] with || = 27*. Then one has

S (X) 0,1y (@™ —Qm/ o(s m > 1,

and

0, kE<m,
S (X)) (™) =

2m, k>m

Hence

P(|SEDx™)0y - SV X)py| > ) = Y2 =2"F 50, koo

m>k

While

E[S(2 [0 1] Z 2m2 m =

m>1

Figure 4.3 gives a graphic visualization of the process X and its approximations X",

Q xm X X X
w! with prob. 0.5
w? with prob. 0.25
w? with prob. 0.125

12 (xm (1)) = 2

100

80

60

40

20

0 0.1250.250.375 0.5 0.6250.750.875 1 0 02 04 06 08 1

Figure 4.3: Some realizations (corresponding to w™ € ) for m = 1,2, 3) of the process X and its

approximations X" for k = 1,2, 3 as defined in Example 4.4.2.

Erample 4.4.3. Assume X™’s are independent and identically distributed and assume

Zy = S' (X" o0 — ST X0,y > 0, Vm,n.
Then

N
1
Pl|=
(N

S z5| >
n=1

1 X 1 X
—P(=S"|z7 —1-P(=S" |77 <
)=r (x> =i-r (=)

>1 - P (max|Z]| < Ne) =1-P (|27 < Ne)"
n
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Assume that for all € > 0,
wllrl, ) =P (27 <) 11, |r] 0.

Let {m, & > 1} be such that || — 0 and {Ng, k > 1} be such that Ny — oo, k — oco. Then

Vn > 1,
P

Zk =0, k— oo,

but if
K'(’ﬂ-k‘kae)Nk 7L) I, N — o0,
then
1 - ZTk J 0, k
— — o0.
Ny 2R A koo

We can construct a concrete example as follows: let X = {X; = w; € R, ¢ € [0,1]} be defined
on (2, F,P) such that
P(w™)=2""" m>1,

where

wi = (t, 2 H(27) Tjg g (t)) €’ te01],

and ¢ : [0,1] — R is the tent map. Let {m;, k& > 1} denote a sequence of dyadic partitions of [0, 1]
with |m| = 27%. Note this is a very similar setting to Example 4.4.2 (and displayed in Figure 4.3)

but the different scaling of the w™’s ensures
E[SCY (X)) = Y 27" =1 < o0,
m>1
since

1
S ™) = [ Gls)ds =1, Vm > 1.
0

Similar computations as in Example 4.4.2 yield
P (|S@DX™) 01 - SEV(X)py| > €) =277 >0, koo,

and indeed
Zm = SED(X) g — SEV(X™) gy >0, VEk>1,

with
K(|ml,e) =1 —2|x|.

Then, letting {Ny, k > 1} increase as Nj, = 2¥ and recalling that {m, k& > 1} was chosen with
|| = 2% we have

N, -k 2" —2
kel Nge) Vs = (1-27F)7 5 e < 1,
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and hence

Under the convergence in probability (4.3.4) what we can show is that we can get arbitrarily
close in probability to ¢1(7"), defined in Equation (4.4.2), via an appropriate choice of 7 and
N. Fixing € > 0, suppose a weak law of large numbers holds for the long-span asymptotics (e.g.

assuming i.i.d. observations of X), i.e. we have that the second term in the decomposition (4.4.3)

‘

Then by (4.3.4) we can also find 7y such that

satisfies

1 Y n €
5 2 S XM —E [S" )] | > 2) 0, N co.

n=1

P <HSI(X”N)[07T] — SI(X)[QT]H > ;) = O(N—Q)’

and hence

P(||7> N (1) = on(1)| > )

s £
2

by the pigeonhole principle (applied twice) and identical distribution of the (X™", X")’s. There are

N
< NxP (HSI(XWN)[QT] — SI(X>[0,T}H > ;) +P <Hi] Z SI<Xn>[0,T} —E [SI(X)[O,T]]
n=1

—0, N — oo,

two clear problems with this approach:

e The dependence of mx on N is not given explicitly, hence in applications we cannot know

how fine our partition has to be relative to the sample size;

e The choice of 7wy also depends on the required precision level €, therefore this statement is

weaker than “there exists a sequence (7, N) such that QAS;N N (T) is consistent”.

Motivated by the discussion at the beginning of this section, we hence look for conditions on X
and 7 under which SI(X“)[()’T] converges to SI(X)[O’T] in L™.
From probability to L™ convergence
We work in the probability space (€2, F,P) over which the process X := {Xy, t € [0,T]} is defined.
We denote by L¥F = L*(Q, F,P) the space of random variables Y : Q + E such that

1Y llx = EY[** < oo,

where || - || is a norm over the Banach space E. When FE is a finite dimensional vector space the

choice of norm is irrelevant (since all norms are equivalent). Unless explicitly stated otherwise, we
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select || - || to be the ¢y-norm over finite dimensional E. In the following, to simplify notation, we
write X, := X; — X, for any s,¢ € [0,7] with s < ¢.

In the following theorem let {F;, [s,t] C [0,7]} be a family of sigma-algebras such that, for
all [u,v] C [s,t] C [0,T], Fup C Fs; and, for each [s,t] C [0,T], X;,, is F,-measurable for all
u € [s,t]. Note that, by contraction property of conditional expectation, the strongest form of

Assumption (Af) and Assumption (A7) is obtained by setting Fs; = 0(Xsu, u € [s,1]).
Theorem 4.4.4. Let k,m > 2, p=mk. Assume X = {Xy, t € [0,T]} satisfies for some a > 1/4,
(Aa) [|Xstllzr S|t —s|* forall0 <s<t<T.
If o € (1/4,1/2] assume further that for some 3 > 1,
(AB) Ex, v+ [ Xsu @ Xyl oz S|t~ s|? forall0<s<u<t<T.
If o € (1/4,1/3] and k > 3 assume further that for some v > 1,
(A7) 1By v Ko © XE oo, By v 1 (XE2 @ Kol s S It = sI7 for all 0< 5 <u<t<T.

Let
200 — 1, if e (1/2,1],
e=¢(a,8,7) ={3aAp—1, if e (1/3,1/2], (4.4.5)
daNB ANy —1, if € (1/4,1/3],

and consider a signature-defining, cf. Definition 4.3.6, sequence of refining partitions {m,, n > 1}
of the interval [0,T] such that

Z |7tn | < 00,

n>1
then the stronger convergence holds
k n m k
S*X™) o = ST (X)), 1 — 00, (4.4.6)

with rate O3>y, [T [)-

Remark 4.4.5. The requirement

Z |Tn|€ < 00,

n>1

restricts the set of signature-defining partitions for which this result holds. If {m,, n > 1} is a

sequence of dyadic partitions with |m,| = 27T then for any € > 0,

Sl =S = T

n>1 n>1

and the rate of convergence is O(277¢).
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Proof. See Appendix 4.C.1. O

The conditions of the previous theorem are quite difficult to check when o < 1/2 as they require
to compute (or at least bound) the conditional expectation Ex, v, 7 [Xsu ® Xyz]. This would
require an understanding of the conditional behavior of the stochastic process X, for u € (s,t)
given both past information Fq s and future information F; 7. For models of practical interest, it is
often quite difficult to characterize X,, given its future values. We hence provide an alternative
result for the case when av = 1/2, which is often the regularity of processes considered in practice,
see Example 4.4.12 and Example 4.4.13.

We first prove a useful lemma that allows us to write the k-th level signature of a piecewise
linear path as a “causal” sum of lower order signature terms, i.e. preserving time order. This will
serve as the basis to derive an in-fill result with assumptions on the regularity of Ex, [X,;], a
more natural object than Er, vFir [Xsu @ Xy t]. As we shall see we will need to sacrifice some
generality on the unconditional regularity of X, i.e. we will require X to satisfy Assumption (Ac)
with a > 1/2.

Lemma 4.4.6. Let w be a partition of [0,T] and let 7 € w. Then for k > 0 we can write

k
k T 1
S on = 2

=0

ST S g @ XU,

[u,v]€mg 7]
Proof. See Appendix 4.C.2. O

In the following theorem let {F;, ¢t € [0,T]} be a filtration such that X is F;-adapted. We
denote by [E; the conditional expectation given F;. Note that by contraction property of conditional

expectation the strongest form of Assumption (Ad) is obtained by setting F; = (X5, s € [0,1]).

Theorem 4.4.7. Let k,m > 2, p > mk and {m,, n > 1} be a signature-defining sequence
of partitions for the process X = {Xy, t € [0,T)}, ¢f. Definition 4.5.6. Assume X satisfies
Assumption (Aa) for some o > 1/2 and

(AS) |Es[Xst]llrr S|t —s]° forall0<s<t<T,

for some 6 > 1. Then the stronger convergence holds
k(xmn L ok
S (X )[O,T] - S (X)[O,Tb n — oQ. (447)
If, moreover, {m,, n > 1} is a sequence of refining partitions with =51 [mn| < oo for
e=¢ela,0)=(a+d—1)A (200 —1/2), (4.4.8)

it is sufficient for X to satisfy Assumption (Aa) and Assumption (Ad) with p = mk. In this case,

we can explicitly characterize the rate of convergence as O(3 5, |Tn[).
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Remark 4.4.8. Note that if {m,, n > 1} is a sequence of dyadic partitions with |m,| = 27T then

€

S lmal = 32T = o < o,

n>1 n>1

and the rate of convergence is O(27"¢).

Remark 4.4.9. When {m,, n > 1} is a sequence of refining partitions with 3°, - [m,|* < oo the
proof actually yields the following (stronger) result

sup [|S"(X™) 011 — S* (X0, ll pmrrs S Y 1mw| =0, 0 — oo

TET
n n'>n

for all i € {1,...,k}. In particular, this implies

1S (X™) 0,11 — S" K)ol i S D | =0, 0 — o0,
n'>n
which shows that the convergence is stronger for lower-order signature terms. Fixingm > 2, let k > 1
be the largest value for which X satisfies Assumption (A«) for some o > 1/2 and Assumption (AJ)
for some § > 2 with p = mk. Then, k represents the highest order of the signature that can be
approximated in L™ by applying Theorem 4.4.7.

Proof. See Appendix 4.C.3. O

We now consider a few important examples of stochastic processes X and provide sufficient
conditions for Assumption (A«a), Assumption (AS), Assumption (A7), Assumption (AJ) to be
satisfied.

Ezample 4.4.10 (Martingales). If X is a (local) martingale” starting at zero then by the Burkholder-
Davis-Gundy (BDG) inequality we can write a stronger version of assumptions Assumption (A«)

in terms of the quadratic variation of X,

(AaM) [|[(X)sill oz STt — s> forall 0 <s <t <T.

Note that for many martingales® Assumption (Aa.M) holds with o = 1/2 and hence, since
Assumption (Ad) holds trivially, we can usually apply Theorem 4.4.7. Some non-trivial exceptions
exist: for example, consider a one-dimensional mean-zero Gaussian martingale over [0, 1] with
covariance function C(s A t) where C' is the Cantor function. This process has quadratic variation

(X)+ = C(t) and hence — since the Cantor function is Holder continuous with Hélder exponent

"Under Assumption (Aa.M) the local martingale X is necessarily a true martingale. This follows by noting that
applying the BDG inequality, the inclusion of L” norms and Assumption (Aa.M) yields

E[ up. ||Mo,t|] SE[OYE] < IMDor /e S 717 < 0,
te|o,

and hence by Protter (1990, Theorem 1.47) X is a true martingale.
8For martingales that can be written as Brownian integrals see Example 4.4.12 with b = 0.
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(Aa.M) is satisfied with o = £ logs 2 € (1/4,1/3]. In this case, one can easily

check that Assumption (AS) and Assumption (Av) hold by combining the independent increments

and martingale property of X.

FEzample 4.4.11 (Gaussian processes). Let X be a Gaussian process with mean function p : [0,7] —

RZ. If X satisfies Assumption (Aa) with p = 2 and a > 1/4 and p is a-Hélder continuous then

it satisfies Assumption (A«) for any p > 2. Note that, by the inclusion of norms in LP spaces, it

suffices to show this holds for arbitrarily large p. Choosing p = 2q we can write

1Xs, < || Xt — phs,tll p2a
d q 1/2q
<|E x@ _ @ i gl
~ ZE: s,t /Lsi 4_| S|
i=1
1/2q
SR (d) | 294 a
- D e D S +|t—s|
a1+ +qd —q \11>-
q1,-.- 7Qd>0
1/2q
v ( ) > I Cov(x3 x| sl
qi+.. +Qd q Qs P2 2q, {hdYeP
q1,-- 7qd_ ,,,, d
1/2q
@) q 2c a
S22 IL k=P she=sl
P PPy Gher

where in (i) we apply Isserlis’ Theorem? denoting by P,
S ={1}20 y{2}?®U..

qu q, the set of all the pairings of

U {d}?% i.e. all distinct ways of partltlomng S into ¢1 + ...+ qq = ¢ pairs,

and in (i7) the fact that Assumption (A«) with p =2 and o > 1/4 and a-Hélder continuity of u

implies for all 4,5 =1,...

Cov(X,

7d7

xY)) < |cov(x{), x|
smmﬂxﬁn+mw%h
<E[x{)xY)] 9
PR XY, H””HMH%A

it
5|2,

i)

t

< E[IX
< Xl

9Tf {Z;, i € I} is a collection of jointly normal mean-zero random variables, then

B[ 2] =

i€

Z H COV(ZZ',Z]'),

peP2 {i.jtep

where P} denotes the set of all pairings of Z, i.e. all distinct ways of partitioning Z into pairs (note that if |Z] is odd

then PZ is the empty set).
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Ezample 4.4.12 (1t6 processes). We consider the case where X is an It6 process, i.e. satisfies
¢ t
X, :X0+/ bsds—ir/ V,dW,, tel0,T),
0 0

where b = {by, t € [0,T]} and V = {V;, t € [0,T]} are progressively measurable d- and d x ¢-

dimensional processes such that

sup sl sup [Vl < oo, (4.4.9)
s€[0,T] s€[0,T]

W ={W,, t >0} is a g-dimensional Brownian motion and Xy € LP. The assumptions on b and V'
imply that for all 0 < s <t < T,

t t
’ [ buda] < [ bulles (4.4.10)
S Lp S
g( sup HbuHLp)t—s\, (4.4.11)
u€[0,T

by Minkowski’s integral inequality, and

t p/27/P t
‘ (tr/ VuVquu) ] = ’/ Ve |2 du
s s Lp/2
t 1/2
< ([ WVl au) (14.12)

< (sup Vil )it o2 (4.4.13)

u€[0,T]

1/2
<E

t
/ VudW,,
s Lr

by Burkholder-Davis-Gundy (BDG) inequality, the formula for the quadratic variation of the Ito6

integral, and Minkowski integral inequality.

We can show Assumption (A«) holds with a = 1/2 by noting that for all 0 < s <t < T,

t
/ b,du + ’
S Lp

by combining bounds (4.4.11) and (4.4.13).

t
X ot 1o s‘ [ vaaw,

Slt—sl+[t—s['? S [t —s'/?,
Lp

Next, we can show Assumption (Ad) holds with 6 = 1 by noting that for all 0 < s <t < T,

t t
E, [/ budu] / b,du

where we use the martingale property of Itd integrals, contractive property of conditional expectation
and the bound (4.4.11).

IEa Xl = \ <t — s,

S ‘

Lr Ly

Ezample 4.4.13 (It6 diffusions). We consider the case where X is a (possibly time-inhomogeneous)
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1t6 diffusion, i.e. satisfies
dX; = f(t, Xt>dt + U(t, Xt)th, tc [0, T],

where W = {W;, t € [0,T]} is a ¢g-dimensional Brownian motion, f : [0,7] x R? — R% o
[0,T] x RY — R4 and Xg € LP. Itd diffusions form a subclass of 1té processes, which we already
covered in Example 4.4.12. Here, we give conditions specific to It6 diffusions — i.e. in terms of f

and ¢ — which imply condition (4.4.9).
o If f and o are uniformly bounded on [0,7] x R? then condition (4.4.9) immediately holds.

« Assume f and o are Lipschitz continuous, i.e. for all s, € [0,7] and x,y € R?

1t %) = f(s,¥)| < Kpll(t,x) = (s, 9)[] < Kf(|t = s[ + [x = yl]),
lo(t,x) —o(s,y)|| < Kol (t,x) = (s,3)[ < Ko (|t —s| + [[x = y]).

Then, for all 0 < s <t < T, we can bound

[ Xs,tll e

t t
/ f(u, Xu)du+/ o(u, Xy,)dW,,
S S Lr
G) ot t ) 1/2
< [ Xl du ([ o X )

(i)
< 17 Xl = 5 100 Xa) = 75 X

t 1/2
ol Xa) o (¢ = )72+ ([ llotu,Xu) = o5, X,)|, du)

(i) —5)2
< 1.0 + By s + Xl 0 = 5) + K L

t
* / Ky Xl du

1/2
+ (190,001l + Ko+ IXsl )| (2 = )72 + K, ( - (X[} du)

(i) (t—
< [1700.0) + K (s + Xl (0~ ) + K / K7 X ol du
1/2
+ o001 + Kol + 1X.ll)] (¢ - s>1/2 8 ([ o= sPa)

t 1/2
LK, (/ X2, du)

© 1/2 t t 2 1/2
S OVt 9"2 4 [ Xl dut ([ 1Kl da)
1/2

(vi) t
S VX =9 4 ([ 1Kl da)

by using in (7) triangle inequality and Equations (4.4.10) and (4.4.12), in (4¢) triangle inequality,
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in (7i7) Lipschitzianity of f and o, in (iv) triangle inequality, in (v) for all 0 < s <t < T,
s <T <1and (t—s)/2te <T(t—5)Y/2 < (t—s)/? for € > 0, and in (vi) Jensen’s inequality.

Setting s = 0, since we assume Xg € LP, this is

t ) 1/2
1Kol <692 + ( | 1ol du) ,

and we can apply Willett (1964, Lemma 2.2), a nonlinear generalization of the Gronwall

inequality, to deduce for all 0 <t < T,

(f(f exp{—Cs}s ds) 2

X St 4
Xouller 5 1—+/1—exp{-Ct}
< T2 + T < 00.

1—+/1—exp{-CT}

We can hence show the condition for It6 processes (4.4.9) holds by noting that Xy € LP and
Lipschitzianity of f and ¢ imply

1F (8 Xe) e < [1F(0, 0) [} + Ky ([t] + [ Xollr + [ Xo.tllzr) < o0,
lo(t, Xe)l[Lr < [lo (0, 0)[] + Ko ([t + [[Xollz» + [[Xo,tllr) < o0,

uniformly in ¢ € [0, 7], and hence Assumption (Aa) and Assumption (Ad) hold with o = 1/2
and J = 1 respectively.

o Assume f and o are time-homogeneous such that f is Lipschitz continuous and o is 1/2-Holder

continuous, i.e. for all x,y € R?

1f(x) = f(y)ll < Kyllx—yl,
lo(x) — o(y)|| < Kq|x — y||'/%

Then, for all 0 < s <t < T, we can bound

t t
HXS,tHLp:H [ rxaaus [oxaw.|
p

S / £+ ( [N ||Lpdu)1/2

UK )+ [ 1%, ~ Kl
¢ 1/2
oDl (=92 4 ([ oXa) = oK) du)

< (19 + Ky Xl =)+ [ K 1Kol

(zzz)
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¢ 1/2
1/2
+ [l )+ Ko X172 (¢ = )72+ K32 ([ X1t

S
(iv) 1/2 t ¢ 1/2
(LY Il VIR ) = 905 [ Kl ([ 1 Kelaod)

S S

by proceeding as in the previous case. Setting s = 0, since we assume X € LP, this is
1/2

t t
Xoallr S 072+ [ 1Xoullpdut ([ [Xoullpdu) |

and we can apply Dragomir (2003, Theorem 41), another nonlinear generalization of the

Gronwall inequality, to deduce for all 0 < ¢ < T,
t T
[Xoytllr < <\/£+ eCt -l—/ \/ﬂecudu> eft < (\/T + T +/ \/ﬂecudu> e“T < .
0 0

We can hence show the condition for It6 processes (4.4.9) holds by noting that Xy € LP and

the conditions on f and o imply

1FXo)lze < [1F O + K¢ (I Xoll e + [1Xo ¢l ) < o0,

lo(Xo)llze < o] + Ko (XKoo + [Xollz)? < oo,

uniformly in ¢ € [0, 7], and hence Assumption (Aa) and Assumption (Ad) hold with o = 1/2

and J = 1 respectively.

Ezample 4.4.14 (Semimartingales). Assume X = {X;, t € [0,7]} is a continuous semimartingale
with decomposition
X =Xo+M; + Ay tE[O,T],

where M = {My, t € [0,T]} is a continuous local martingale and A = {A4, ¢ € [0,7]} is a continuous
adapted process of locally bounded variation with My = Ag = 0. Assume Assumption (Aa.M)
holds for X (or, equivalently, for M) for some o/ > 1/2 and

(AS.S) ||Astllr St —sl forall 0< s <t <T,

holds for some § > 1. Then X satisfies Assumption (Aa) with a = o/ Ad > 1/2 since
Xsellzr < [Msellzr + | Aselzr S 1Ml o + 1t = s St =5, 0<s<t<T,
and Assumption (AJ) for 6 > 1 since
1B [Xollle = [Es[Moi] + Es[Asilllee = [IEs[Asillle S|t =", 0<s<t<T,

since, by Example 4.4.10, M is necessarily a true martingale.
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Ezample 4.4.15 (Fractional Brownian motion). Let X = {X/, t € [0,T]} be a (one-dimensional)
fractional Brownian motion (fBm) with Hurst parameter H > 1/4. X is a Gaussian process with
stationary increments X ~ N(0, [t — s|*"') and hence one can casily check Assumption (Ac) holds

with @« = H since by Example 4.4.11 it is sufficient to note that
X2 =1t—s", 0<s<t<T.

When H € (1/2,1) then all the assumptions of Theorem 4.4.4 are satisfied.

When H = 1/2 the process reduces to a standard Brownian motion and hence the strongest
form of Assumption (Af), or Assumption (Ad), can be easily proved to hold by using the martingale
and independent increments properties.

When H € (1/4,1/2) to apply Theorem 4.4.4 we would further require X to satisfy Assump-
tion (AS) with respect to a family of sigma algebras {Fs;, [s,t] C [0,7]}. We can show that
Assumption (Af) is not satisfied when choosing Fs; = o(By, u < t) for 0 < s <t < T where
B = {B;, t € R} is the driving Brownian motion in the fBm representation'® of Mandelbrot and
Van Ness (1968), i.e.

o0
XM — HH/ (w2 = (cw)71?) aB,.

—0o0

We can write the increments of the process as

+oo
Xﬁ =KH [ ((t - u)_lf_[*l/2 — (s — u)ffl/Z) dB,

s t
= RH/ ((t — w12 (5 — u)Hﬁl/Q) dB, + KH/ (t —u)1/24B,.

Since Fos L 0(B, — Bs,u > s) we have that for 0 <s <t <T,

S

B [Xai] = “H/ (= w12 = (s — w12} dB,,

and for 0 <s<u<t<T,
IE]‘—o,s [XguE]:o,u [th]]
= /@%IIE]:OJ [(/ (u—v)H12 (s —0)H1/24B, +/ (u— U)H_1/2dB»U>
Y </ (t— o) H12 _ (y — U)H—l/QdBv)}

—0o0

_ ﬂ%(/_;(u B U)Hq/z (s v)HmdBU) </_;(t B v)H*1/2 (- U)Hl/ZdBv)

°An alternative representation of fBm is can be obtained with the Volterra kernel, as in Nualart and Tindel
(2011). In this case, the filtrations generated by B = {B;, t > 0} and X7 = {X{, t > 0} coincide; however, deriving
explicit bounds for the kernel presents a significantly more complex challenge.
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+ R%{EK/SU(U - U)H_1/2dBU> (/Su(t — )2y — U)H_1/2dBU>}
_ H%(/s (0 — v)H*m (s U)Hl/deU> (/_;(t B U)H71/2 ~(u— U)Hl/dev>

+ m%{/ (u— ’U)H_l/2 ((t — U)H_1/2 — (u— v)H_I/Q) dv.
And hence

E [[Ex, . [ X2 Ex,, [X2])]

EK/;(U ) Y2 (g ) 12, > (/;(t — o) — (- v)H‘l/QdBvﬂ
+/ H 1/2 <( U)H71/2 —(u~— U)Hfl/z) dv

[ =072 (s =) ()2 ()2
+/ ) H-1/2 <( — )2y — ,U)H—I/Q) aul.

Zﬁfq

Note that s < u < t implies (s — v)7~V2 > (u —v)H=V2 > (t — v)"=1/2 for all v < s and hence
the first term in the absolute value is positive while the second is negative. We can show that the

second term is strictly larger in magnitude than the first:

‘ / DY IV2 (6 ) T=12) (¢ — ) H12 (4 — ) T=1/2) gy
/ D V2 (6 = o) T12) (1 — o) T12 (4 — )T =1/2)dy
< /S D H12 (s~ p)H-1/2)2q,
(2 QHF 1/2+H) 22) (U—S)QH —. CLH(U—S)2H,

while

/u(u _ )12 ((t _ )2y — U)H—l/Q) dv
/ )12 <( _ o) H2 ,U)HA/Q) do

>/ )12 _ (t—v)H’1/2)2dv

> (/Su(u ) H1/2 _ (4 — U)H1/2dv>2

| (_(u _ )2 (g H2 (g u)H+1/2>2

> 1 1
Tu—s(H+1/2)?

(()\ + 1)H+1/2 — \H+1/2 1)2
- (H +1/2)?

(u— 3)2H =: Co g \(u— S)2H,
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when (t —u) = A(u — s) (only used in the last step). Choosing A sufficiently large!! so that
Ci,g < Cy.m) we can hence conclude that for H € (1/4,1/2) for all 0 < s < u < t < T with

(t —u) = Mu — s) we have

1B ro v (XX T o2 > | Er [ X Er, JX T o

> [|Er, [ XL E R [Xa ]l > en(t — 9)*,

for some constant cy = K}%{(CQ’ ax — C1,r) > 0 and hence Assumption (AS3) does not hold. This
serves as an example where the assumptions of Theorem 4.4.4 cannot be easily checked to hold.
One might still try to show Assumption (AS) (and Assumption (Av)) hold under a different family
of sigma-algebras {Fs;, [s,t] C [0,T]} or establish the L™-convergence of the signatures in an

alternative way.

Ezample 4.4.16 (Add-time transform). In many practical applications the add-time transformation
is applied to the data, i.e. the d-dimensional martingale X is augmented with a strictly monotonic
deterministic function ¢ — 1 (t) to form the (d + 1)-dimensional process X = {((t), X), ¢ € [0, T]}.
Introducing the auxiliary time variable 1(t) “resolves” tree-like equivalences, ensuring (bounded
variation) paths are identifiable from their signature (Hambly and Lyons, 2005). If the function

¥ (t) is Lipschitz continuous over [0, 7] (as is usually the case) then it can be easily shown that

« X satisfies Assumption (Ac), Assumption (AS) and/or Assumption (Ad) if X satisfies the

corresponding condition(s); and

e any sequence of partitions that is signature defining for X is also signature defining for X

(since any sequence of partitions 7 is signature-defining for 1)).

In most cases the auxiliary time variable 1 (t) is taken to be v (t) =t for ¢ € [0, T].

4.4.2 Long-span asymptotics

Having established results for the in-fill asymptotics, we now investigate the large sample properties
of the second term in the decomposition (4.4.3). We will focus on two ways in which one might

obtain “copies” of X™ = {XT, t € [0,T]} to estimate the expected signature ¢1(T).

(ind) Repeatedly observe X through N independent experiments over partitions mn 1, ..., 7y N of
the interval [0, 77, in which case the “underlying” signatures S(X")jg ) for n =1,..., N are

independent and identically distributed.

(chop) Chop-up (and shift in time) the process XIN) = {X?(N), t € [0, NT]} into {X™n N
where

I(N) =7y U(T +7n2)U...U((N -1)T +7nnN),

"For example, A = 4 works for all H € (1/4,1/2).
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TN,n

and each 7y ,, is a partition of [0, 77, i.e. X™.n = {X, ™", ¢t € [0,T]} is the linear interpolation
of

X" = {X], t€ [0, 7]} € C(0.T:R?), where X} =X(u1yrnyrae € [0.7],

over the partition 7wy ,. In this setting, it is natural to assume the discrete-parameter process
{X", n > 1} taking values in C([0,T]; R%) is stationary'?, i.e.

(X™, . X)) £ (xmtn Xty ke N, ng,...,ng €N, n >0, (4.4.14)

to ensure'® the signatures S (X”)[QT] form a stationary sequence. This implies the signatures
are identically distributed and hence the task of estimating ¢5(7") is easily understood (this is
a stronger but more natural assumption than needed to make the estimation task well-posed,
see Remark 4.4.18). Note this condition is weaker than requiring {X;, ¢ > 0} to be stationary,
cf. Proposition 4.4.23.

In both cases, we will be interested in the double asymptotics where, as the number of signature
evaluations N increases, the granularity of the discretized paths from which such signatures are

computed also increases, i.e.

II(N)| := N .
(N := max |rnn| =0, N —o0
To ensure we are approximating the signature in the in-fill asymptotics, for each n > 1 we will
require the sequence of partitions 7. , := {7nn, N > n} to be signature-defining, cf. Definition 4.3.6.
Note that, when X = {Xy, ¢ € [0, T]} is a semimartingale, this condition is satisfied by any sequence

of partitions with vanishing mesh, cf. Section 4.3.1.

For each N > 1, we allow the observation partitions 7y 1,...,7n n to differ, and hence we
briefly revisit the definition of the expected signature estimator (4.4.1) and decomposition (4.4.3).
Letting {X"}¥_, denote the N “copies” of X = X! underlying the observations {X™V=}N | we

n=1
consider
ATI(N) 1 &g
or (1) = > SHX™) 01, (4.4.15)

n=1

2Throughout we will use the term stationary to denote a strictly stationary process.
13Taking 7 to be a signature-defining sequence of partitions for the signature of X, as defined in Definition 4.3.6,
one has

(S"X™)o,11, - -, SH (X)) 0,77) = P-lim (Sl(x"vnl)[o,ﬂ, L SYXTM ) 0 )

|| —0

L . T,n+n T,n+n;
:P*llm (SI(X et 1)[0’T],...,SI(X nt 9)[0"1"])

|| —0

= (S"X"") o7y, -, XY 0.1)

where the second equality follows by stationarity of {X", n > 1} and S(X")p 1= @ expg Xuo.

[u,v]em
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where I is a finite collection of words. By writing

N
oM () - 3 (S — 51K )
N (4.4.16)

1
+ (N nZ::l SI(Xn)[mT] —-E {SI(X)[O,T]D ;

we note that if one establishes, for example through Theorem 4.4.4 or Theorem 4.4.7, that for all
n>1,
IS X)o7y — SI(X)HLm 0, N — o0, (4.4.17)

and ST(X") £ SY(X), n > 1, then, as long as

|II(N )\—linax TN n| — 0, N — o0,

the first term in Equation (4.4.16) vanishes in L™ (and thus also in P). To ensure such in-fill
discretization error vanishes when inflated by v/ IV, as required to study the asymptotic distribution

of the second term, we will additionally need to impose

VN max p(N,7.,) =0, N — oo,
1<n<N

where {p(N,7.,), N > n} is the rate of convergence of (4.4.17) for the signature-defining sequence
of partitions 7., = {mny,, N > n}. When each 7., is a sequence of refinements the rate of
convergence may be obtained explicitly through Theorem 4.4.4 or the second part of Theorem 4.4.7

in the form

p(N)W~,n) = Z ‘ﬂ-n’,n|e’ N > n,
n'>N

with € > 0. It thus remains to determine the limiting behavior of the second term as N — oo, i.e.
the long-span asymptotics. In the following sections, we state combined consistency and asymptotic
normality results referring to the assumptions of Theorem 4.4.7 for the in-fill asymptotics but the

same results hold with the assumptions of Theorem 4.4.4.

Remark 4.4.17. Here, we focus on estimators obtained by averaging out signatures computed over
non-overlapping time intervals, i.e. in the estimator (4.4.15) the processes {X™m n =1,..., N} are
sampled over the disjoint time intervals [(n — 1), nT]. One could alternatively consider estimators
obtained by computing the signatures over partially overlapping time intervals: for example, when
the process is observed over an evenly spaced grid II(N) with mesh A, the signatures can be
computed from observations of the process over [0,T], [A, T + A],...,[(N —1)T, NT]. For ease of
exposition, we restrict our discussion in this chapter to non-overlapping time intervals. However,
the asymptotic results for dependent observations — e.g., Theorem 4.4.29 and Theorem 4.4.34 —

carry over directly to the overlapping case. On the other hand, the two approaches may exhibit
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quantitatively different behaviour in the finite-sample regime: while using partially overlapping
observations increases the sample size, it also introduces greater sample correlation. A detailed
analysis of this trade-off is an interesting direction for future research but is beyond the scope of

this work.

Remark 4.4.18. In this work, we consider the setting where the sequence of successive observations
of the process, namely {X", n > 1}, is assumed to be stationary. One could alternatively work in
the more general setting where such sequence converges ergodically to a stationary regime. In this
case, one would aim to estimate the expected signature of such limiting stationary distribution. As a
concrete example, one could consider the time-homogeneous It6 diffusion discussed in Example 4.4.32
starting in an arbitrary initial distribution, i.e. X¢ ~ g, and converging ergodically to the stationary
distribution p. The estimator (4.4.15) would then estimate the expected signature of {Xy, ¢ € [0,7]}

in the stationary regime, i.e. with Xg ~ p.

Independent observations

Assuming the X™’s, and thus the S (X”)[O,T]’s, are independent we can apply the classic weak law of

large numbers and central limit theorem.

Consistency For convergence in L? of the sample average, i.e.
1 I/xn L? I
N Z SUX )[O,T} = E {S (X)[O,Tﬂ = ¢1(7),
n=1

it is sufficient to have SI(X”)[QT] € L%. This is immediately implied by Theorem 4.4.7 with m = 2

and k = maxyey ||, which is required for the weakest form of the in-fill asymptotics.

Central Limit Theorem For asymptotic normality,
1 X C
\/N <N Z SI(XH)[QT] —E [SI(X)[QT}}) — N(O, EI),
n=1

it is again sufficient to have S’I(X")[QT] € L?. Here one can explicitly compute for I,J € I

Y15 = Cov (SI(X)[O,T]a SJ(X)[O,T])
= E[$'(X)005” (Xpo.11] — E [T (X)joury| E[S7 (K)o
= Y ox(T) = ¢1(T)s(T),

KelwJ
which, in practice, will also need to be estimated from data.
It is thus clear that under the assumptions of Theorem 4.4.7 with m = 2 and k = maxyeg |/

one immediately obtains consistency and asymptotic normality of the estimator (%}T(N) (T).
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Theorem 4.4.19. For each N > 1 let X™.1 . . X"™.N pe independent discrete-time observations
of the canonical geometric stochastic process X = {Xy, t € [0, T} over the partitions Ty 1, ..., TN N
of the interval [0,T]. Assume that X satisfies Assumption (Aa) and Assumption (Ad) with o > 1/2,
0 > 1 and p > 2k where k = maxyey |I|. Assume that for each n > 1 the sequence of partitions

Ton =A{TNn, N >n} is signature-defining and

[II(NV )|—1£nax |TNnl =0, N — oo.

Then the expected signature estimator (4.4.15) is
A 2
1. consistent, i.e. qu(N) (T) L ¢1(T) as N — 0.

If, moreover, for each n > 1, w.,, is a sequence of refinements with - N, |Tn|© < 0o then p = 2k

1s sufficient and, under the additional assumption

1I<1r1na<xN gN\ﬂn nlc—=0, N — o0,

where € = €(a, §) is given in Equation (4.4.8), the estimator is also
2. asymptotically normal, i.e. \/>( H(N)( T) — qu(T)) £>./\/(0, Y1) as N — oc.

Remark 4.4.20. We state the result with sufficient conditions to establish the in-fill convergence via
Theorem 4.4.7, i.e. X satisfies Assumption (A«) and Assumption (Ad) with o > 1/2, 6 > 1 and
p > 2k where k = maxy¢y |I|. These can be replaced by the sufficient conditions of Theorem 4.4.4.
Remark 4.4.21. If {II(N), N > 1} is a sequence of expanding dyadic refinements, i.e. for each
n > 1, m. , is a sequence of dyadic partitions with |7y | = 2-NT N > n, then, proceeding as in
Remark 4.4.8, 3 /sy [0 n|¢ = O(27Y) and hence
—eN
\/nglnangZ [Tl = O(VN2™N) 50, N — .
n'>N
Remark 4.4.22. To make the CLT feasible one requires a consistent estimator for the covariance .

The simplest choice is to consider the sample covariance of the {SI(X”N@)[O’T], n=1,...,N}, ie.

the matrix

. 1 Y . ; x ; !
SN - ~ 3 (SI(X Yo — dp ) (T)) (SI(X Yo — (T)> :
n=1

where for I,J € I the I, J-th entry is given by

?SM—NZSI X" 08T (XN o 2y = 6 (1) 3y (T

n=1

72 Z SK XN on) [OT QBIH(N)(T)(Z)EI(N)(T)

n=1 KelwJ
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ATI(N ATI(N ATI(N
= > oM@ =M ma; M),
KelwJ
If Assumption (Aa) and Assumption (Ad) hold with o > 1/2, § > 1 and p = 4k then, by the
consistency result of Theorem 4.4.19, @?((N) (T') consistently estimates ¢x (7)) for all K € I J,

I,J €1, and hence f]F(N) is consistent for Xy.

Note that, when observations are independent, it suffices to check that Assumption (A«a) and
Assumption (AJ) hold with o > 1/2 and § > 1 to obtain consistency of the expected signature
estimator. We refer to the examples at the end of Section 4.4.1 for sufficient conditions ensuring these
assumptions are fulfilled by different classes of stochastic processes. For example, when {X;, t > 0}
is a Itd diffusion with deterministic initial condition it suffices to consider Lipschitz continuous drift
and diffusion coefficients to guarantee the process satisfies Assumption (Aa) with o = 1/2 and
Assumption (Ad) with § =1 and any p > 1, cf. Example 4.4.13. We can hence immediately apply
Theorem 4.4.19.1 to obtain consistency of the expected signature estimator for any sequence of
partitions {II(N), N > 1} with |[II(/V)| — 0 since by Theorem 4.3.8 all sequences of partitions with
vanishing mesh size are signature-defining. If, moreover, the sequence of partitions {II(N), N > 1}
is an expanding sequence of dyadic refinements as in Remark 4.4.21, then Theorem 4.4.19.2 ensures

the estimator is also asymptotically normal.

Dependent observations

We now move to the dependent observations setting, i.e. where samples of the process are obtained
under the (chop) observational scheme. Requiring the path-valued sequence {X", n > 1} to be
stationary might look like a bit of a high-level condition. A slightly stronger assumption which is
sometimes easier to verify for models of practical interest is to assume that {X;, ¢ > 0} has jointly

stationary increments'?, i.e. forany n € N, 0<s; <t;,i=1,...,nand t > 0,

L
(X517t17 e 7X3nytn) = (Xt+317t+t17 M 7Xt+3n7t+tn)' (4418)

The following result uses this condition as a middle step to relate stationarity of the process

{X}, t >0} and the corresponding chopped up sequence {X", n > 1}.

Proposition 4.4.23. Fiz T > 0 and let {Xy, t > 0} be a stochastic process. Then the following

sequence of implications holds

{X¢, t > 0} stationary
= {Xy, t >0} has jointly stationary increments

= {X", n > 1} stationary.

MWe call condition (4.4.18) jointly stationarity increments since the term stationary increments usually refers to
the weaker condition X ; £ Xo,t—s for all 0 < s <t.



Chapter 4. FExpected Signature Estimation 211

Proof. See Appendix 4.D.1. O

The following somewhat technical result ensures the signature map (can be extended to) a

measurable mapping of the observed path, i.e. a random variable over the canonical space.

Proposition 4.4.24. Let X = {X;, t € [0,T]} denote a canonical geometric stochastic process
defined on the probability space (o) = C([O,T];Rd),B[O,T],]P’[O,T]) by Xi = wpo(t) for t €
[0,T] and w1 € Qo). Then for any collection of words I there exists a measurable map
St: ([0, T); RY) — R such that

SI(W[OvT}) = SI(X)[O,T}y IPJ[O,T] — a.s.

Proof. See Appendix 4.D.2. O

Remark 4.4.25. Let (Q = C(]0,00);R%), F = Bjy,0),P) denote the canonical space on which
{X;, t > 0} is defined. Consider {X", n > 1} as the sequence of C([0,T]; R%)-valued random
variables on the space'® (C([0,T];R%)>, F&T],P‘[’&T]), where the probability measure P([)(?,T] is

obtained by pushing forward P by the measurable mapping
we N {w, n=1} € C([0, T); RY,

where
wio, 7 == {w((n = )T +t) —w((n —1)T), t € [0, T}

If {X", n > 1} is stationary and X = X! is a canonical geometric stochastic process then each X"
is also a canonical geometric stochastic process on (C([0,T]; R%), Bjo, ), P« X™) with signature given

by the same measurable mapping ST : C ([0, T]; R?) — R, ie.
SI(W%’T]) = SI(X’”)[O’T], P—a.s.

Given a model (i.e. a probability measure P) for {X;, ¢ > 0} such that {X", n > 1} is stationary
the signature can thus be interpreted as a measurable map from C([0,T];RY) to R/ for every X".

This ensures the sequence {ST(X™)g 71, n > 1} is defined P-a.s. and is also stationary.

5Recall that if (£, B(E)) is a Borel measurable space and we equip E°, i.e. the space of sequences with values in
E, with the product topology then

B(E™) = ®n>1B(E) := 0 (Un>1(B(E)" x E)),

as long as F is second-countable.
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Consistency If {X", n > 1} is stationary'® and ergodic'” we can apply Birkhoff’s Ergodic
Theorem (Kallenberg, 2021, Theorem 25.6), to deduce

1 g5
5 S & ST ES (X)pr), N oo
n=1

Remark 4.4.26. Under the weakest condition for the in-fill asymptotics, i.e. Assumption (Aa)) and
Assumption (Ad) with o > 1/2, § > 1 and p > 2k with k = maxyeg |1], ST(X) 0,1] € L? and hence

the above convergence extends to L?.

As for stationarity, cf. Proposition 4.4.23, one might expect ergodicity of {X;, ¢ > 0} to imply
ergodicity of {X", m > 1}. This turns out not to be the case as illustrated by the following

counterexample.

Ezample 4.4.27. Let {X}, t > 0} be an R-valued process such that
. 7t
Xt—sm(T—i—¢>, t>0,

and ¢ ~ U(]0,27]). The process is stationary and ergodic. Stationarity of {X;, ¢ > 0} implies
stationarity of {X", n > 1} by Proposition 4.4.23. But the shift-invariant set

I = H{w%’ﬂ € IZO U ISO} € BE)O,T]?
n>1

where
Iso := {wp 1) s wpo,n(t) >0, VE € [0,T]}, T<o := {wpo) : wio,n(t) <0, Vt € [0,T]} € By 11,

has measure ]P’[O[iT](I) =P(¢p € [7/2,m]U[37/2,27]) = 1/2 ¢ {0,1} and hence {X", n > 1} is not
ergodic. Two realizations of {X;, ¢t > 0}, one in I and the other not, are displayed in Figure 4.4.

On the other hand, we will see in Proposition 4.4.28 that strong mixing of {X;, t > 0}, a
stronger condition than ergodicity, implies strong mixing (and hence ergodicity) of {X", n > 1}.
As we shall see in the next paragraph, when {X", n > 1} is strongly mixing the estimator can be

proven to be not just consistent but also asymptotically normal.

SNote that, stationarity of {X", n > 1} means that 6{X", n > 1} £ {X", n > 1} where the shift operator
6 : C([0,T);RY)*> — C([0, T]; RY)> maps

0{6’”7 n 2 1} = {€n+17 n Z 1}7

or equivalently, using the definition more familiar to the stochastic processes community,

L
(Xnn s :Xnk) = (Xn1+n7 cee 7Xnk+n),
for all ny,...,nE,n > 0.
"Recall, a stationary sequence is ergodic if all shift-invariant sets, i.e. I € B[O(iT] such that 6717 = I, have trivial
probability, i.e. P51 (1) € {0, 1}.
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Figure 4.4: Realization of X; when ¢ = 1/47 and ¢ = 3/4w overlayed with the shift-invariant set
ICC(0,T];R)*.

Central Limit Theorem We will require the notion of strong-mixing (also known as a-mixing).

Let {Z;, t € T} be a stochastic process, for s € T let a(s) be the strong mixing coefficient

a(s) = sup |P(AN B) — P(A)P(B)], (4.4.19)
teT,AcFt , BEFSY,

where F? := 0(Z,, u € T,a < u <b) for a,b € T with a < b. Suppose that a(s) — 0 as s — o0,
the idea being that for any ¢t € T, Z; and Z;,, are approximately independent for large s. In
this case the stochastic process {Z;, t € T} is said to be a-mixing. The definition allows both
for discrete-time (7 € {N,Z}) and continuous-time (7 € {Ry,R}) stochastic processes. Note this

definition does not require {Z;, t € T} to be strictly stationary.
We start by establishing the following result, which, in a similar spirit to Proposition 4.4.23,

describes how strong mixing of the signature sequence is related to strong mixing of the underlying
model for {X;, ¢t > 0}.

Proposition 4.4.28. Fiz T > 0 and let {X;, t > 0} be a stochastic process such that X = {Xy, t €

[0,T1} is a canonical geometric stochastic process and {X", n > 1} is stationary. Then

{Xy, t >0} strongly mizing
= {X", n > 1} strongly mizing
— {SI(X")[QT}, n > 1} strongly mizing,
for any collection of words 1.

Proof. See Appendix 4.D.3. O

Under the strong mixing assumption we have access to a wide range of dependent CLT

results, see Bradley (2005) for a survey. Usually, these require SI(X")[QT} e L**< for ¢ > 0,
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which we immediately obtain when applying Theorem 4.4.7 with p > 2k and k = max;er|/|.
To give a concrete example, let us consider the dependent CLT Ibragimov (1962, Theorem 1.7)
extended to the multivariate setting via the Cramér-Wold theorem. To apply this result we require
{SI(X”)[O,T}, n > 1} to be stationary with SI(X")[O,T] € L?T¢ and strongly mixing with strong

mixing coefficient o’(n), n € N satisfying

S o (n) /240

n>1

so that
EI = Var (SI(XI)[O’T}) + 2 Z Cov (SI(XI)[O’T}, SI(Xn)[(]’T]) < 00,

n>2

and, if Yy is strictly positive definite,
1 Y c
VN (N > SUXM)or — ]E[SI(X)[O,T]]> = N(0,%1), N — oo.
n=1

We can now combine this result with the in-fill asymptotics of Theorem 4.4.7 to obtain the

asymptotic properties of the estimator QEIH(N) (T') in the dependent observation setting.

Theorem 4.4.29. Fiz T > 0 and let {X;, t > 0} be a stochastic process such that X = {Xy, t €
[0,T1} is a canonical geometric stochastic process satisfying Assumption (Aa) and Assumption (AJ)
with o > 1/2, 6 > 1 and p > 2k with k = maxyer|I|. Assume {X", n > 1} is stationary and
ergodic. For each N > 1 let X™.1 . X"™N.N be discrete-time observations of X1, ..., XN obtained by
chopping up (and shifting in time and space) a single long discrete-time observation of {X;, t > 0}
over the partition

H(N) =7nn,1 U (T+7TN’2) u...u ((N— 1)T—|—7TN,N),
of the interval [0, NT| such that each my ,, partitions the interval [0,T)], for each n > 1 the sequence
of partitions m.p, = {TNn, N > n} is signature-defining and

[IL(NV )|:11<nax |TNnl =0, N — oo.

Then the expected signature estimator (4.4.15) is

I(N) oy L2
1. consistent, i.e. qu (T) = ¢1(T) as N — oo.

If, moreover, {X", n > 1} is strongly mizing with strong mizing coefficient {a(n), n > 1} such that
for( =p/k—2>0,
> a(n)/CT < oo, (4.4.20)

n>1
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and for each n > 1, m., is a sequence of refinements with Y- n s, [TN | < oo with

\/NlrgnnangngN [T nl© =0, N — o0,

where € = €(a, §) is given in Equation (4.4.8), then the estimator is also

2. asymptotically normal, i.e. VN (ngSF(N) (T) — d)I(T)) £ N(0,%1) as N — oo, as long as

S = Var (S1X"p7) +2 Y Cov (S"(XN a7, S (X)) (4.4.21)

n>2

is strictly positive definite.

Remark 4.4.30. To make the CLT feasible one requires a consistent estimator for the long-run

covariance of the sequence of random variables {ST (X™")o,7, n =1},

EI = Z(I) +2 Z E?, where Z? = Cov (SI(Xl)[()’T}, SI(X1+n)[O7T]) , n > 0.
n>1

In a similar spirit to Remark 4.4.22 we can consider the non-overlapping sample (cross-)covariances
of the sequence {ST(X™n)o 7, n=1,...,N}, ie. for [n| <N —1,

) L W/ern)
s

U TN/t 1)) 2

m=1

. R T
(SI(XT(N,(TH»I)WL*W,)[OyT] _ (bP(N) (T)) (SI(XWN,(HJFUm)[O’T] _ ¢?(N)(T)> 7

as estimators for 1. Note that, for a fixed observation partition II(N), we are only able to estimate
Y up to n = N — 1 with the quality of the estimator decreasing as n increases'®. A natural choice

(N) s, IT(V)
I

would thus be to put less weight on i?n with n large than on X with small n. To do so,

one can consider the kernel estimator

A N-1 . . N T
Z}T(N) _ Z k (;) E?vH(N)’ Z;"’H(N) = (Z?’H(N)) forn=1,...,N —1,
n=—(N-1) N

where k : R — [0, 1] is a decreasing kernel function continuous at zero with with £(0) =1 and hy is

an appropriately chosen band-width parameter'®. In what follows we set k to be the truncation

'8In this context, one might exploit the available data more efficiently by considering the full sample cross-covariances
of the sequence {S"(X™.n)g 7y, n=1,...,N}, ie. for [n| < N — 1,

N—n
1 ) A ] ) i
N-n 2 (SI(X "ot = ¢F(N)(T)) (SI(X N ) o,y — F(N)(T)) :

m=1

as estimators for X7 with n > 0. The reason for using the non-overlapping sample covariance will become apparent
once we introduce the process Y", which will be used to show consistency of the estimator i;,H(N) for X1 by
re-applying Theorem 4.4.29.1. To show consistency of the full sample covariance estimator we would instead require
the generalization of such result for time-overlapping expected signature estimators, cf. Remark 4.4.17.

9Tn the presence of conditional heteroskedasticity such estimators for the long-run covariance are known as
Heteroskedasticity and Autocorrelation Consistent (HAC) estimators (Newey and West, 1987). Note that decomposing
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kernel k(z) = 1_; 3j(z) for simplicity but other choices, such as the Bartlett kernel, might lead

n,II(N)

to better finite sample properties. For each I,J € 1, if f][ 7 is consistent for X7 ; in L? with

monotonically decreasing rate r(M) — 0 as the effective sample size M = [N/(n + 1)| — oo, then

HZ[S) Sralle < ) Hi?,’?(N)_ T ’ >

In|<hn [n[>hN

< > r(IN/n+ D))+ | D] E1y

|n|§hN ‘TL|>hN

If the band-width hy — oo as N — oo then Y1 < oo ensures the second term vanishes. If, moreover,
we set the rate at which Ay — oo to be slow enough to ensure also the first term converges to
zero®?, then consistency of the estimators E ( ) for n > 0 is inherited by ZH( ). Under such
choice of kernel estimator for the long-run variance we can hence focus on determining under which
conditions, other than those of Theorem 4.4.29.2, the estimator ZA];L,’?(N)

anyn>0and I,J € L

is consistent for X7 ; for

Note that, as in Remark 4.4.22, we can apply the shuffle identity to write for I, J € I,

2 = 3 @) - V@i @),

KelwJ

and show consistency of this estimator for E(}’ s by applying the consistency result for the estimator
of the expected signature terms to K € I i J for I,J € I. We now attempt to apply a similar
approach in the dependent observations setting, where the products of signature terms over non-
overlapping time intervals appear. To do so, we introduce an R™@-valued auxiliary process>' defined

as Y ={Y}, t €[0,(n+ 1)T]} where

X
th/\T i
X2 . T
Y? = EDAT e 0,(n+ 1)T) <= Yi= X+ |, t=iT+s,5€[0,T],0<i<n.
' 0
+1

X?t nT)TAT

0

the estimation of 2X} into the sum of Z” AT

and its transpose ensures the resulting long-run covariance estimator
EF(M is symmetric.

20For example, if 7(M) ~ M~ for v € (0,1) one can set hy = NY/2. Unfortunately, Theorem 4.4.29.1 does not
yield the rate of convergence r(-), and hence in practice the band-with hx needs to be chosen from the data.

21We would like to thank Nicola Muca Cirone for suggesting this clever trick.
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By construction, we have that for any two words I, J € I over the letters {1,...,d},

ST XY 0r = S (Y o,y and ST (X" o1y = S™ (Y™) 0, (ns 1)1

i.e. we have re-written the two signature components of X! and X" over [0, 7] as time-overlapping

signature components of Y over [0, (n 4+ 1)T]. We can thus apply the shuffle product to deduce

ST 01187 (XM 01 = ST (Y") 0,004y 8™ (Y 0, nt1y7] = > SEY) o msn-
Kell(nd+J)

We can thus re-write the (I, J)-th entry of Xj as

Yi;=E [SI(XI)[O,T]SJ(X1+n)[O,T]] —E [SI(XI)[O,T]} E [SJ(XH")[O,Tﬂ
=B [S"(Y") 0,111 (Yo, minymy | — B [ (K)o 1) B [ 7 (X)o7

= Y E [SK(Yn)[O,(nJrl)T]] —E [SI(X)[O,T]} E {SJ(X)[O,T]}
Kelu(nd+J)

= Y Ur((n+1)T) —¢1(T)¢s(T),

Kelw(nd+J)

and estimate it by

SN =S G (4 )T) - (1N (),

Kelu(nd+J)

where, setting M = [N/(n+1)],

M
2II(N;n T
wK( )(( . Z Y N'mn [0,(n-+1)T]»
and
H(N,n) =7N1nU... U ((M — 1)(n + 1)T + WN,M;n),
where foreach m=1,..., M,

TNmn = TN, (m—1)(n+1)+1 u...u (nT + 71-N,m(nJrl))v
partitions [0, (n + 1)T] and
TI(N;n)| == | hax TN min| =  max max |7 (m-1)(nt1)+i| < V).

m<M 1<m<M 1<i<(n+1)

In order to apply the consistency result of Theorem 4.4.29 to w K (nT) we need to understand
under which additional conditions on {X;, ¢t > 0}, other than those of Theorem 4.4.29, the process
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{Y}, t > 0}, defined by

XZL—(m—I)T)ﬂL/\T
Xm+1
Y? _ Z (t—mT)+ AT . t>0,
m>1 e
Xm+n

(t—(mAn—1)T)+ AT

satisfies itself the assumptions of Theorem 4.4.29. Note that canonical geometricity of the stochastic
process X (with lift-defining sequence of partitions p, |p| — 0) and stationarity of {X™, m > 1}
imply that each X™ is a canonical geometric stochastic process and hence so is Y (with lift-defining
sequence of partitions p" = pU (T + p)U---U (nT + p), |p| — 0). Moreover, stationarity and
ergodicity of {X™, m > 1} imply stationarity and ergodicity of {(X™,...,X™*") m > 1} and

hence of the measurable transformation {(X™, ..., X™t") s Y™ m > 1}.

For fixed n > 0 and m > 1, each 7. ;.n = {TN min, [IV/(n+1)] > m} is a signature-defining
sequence for Y? = Y™ over [0, (n + 1)T] since each 7., = {mn,, N > n} is a signature-defining
sequence for X over [0,T]. Moreover, by construction of II(N;n), [II(N;n)| < [II(N)| — 0 whenever
[II(N)| - 0 as N — oo.

It thus remains to check that Y” = Y™! satisfies Assumption (Aa) and Assumption (Ad) over
[0,(n+1)T] with & > 1/2, 6 > 1 and p > 4k with k = maxy¢y |I]. Clearly, as we are now considering
the process over an arbitrarily long time span [0, (n + 1)T'], we will require {X;, ¢ > 0} to satisfy
Assumption (A«) and Assumption (Ad) with e > 1/2, § > 1 and p > 4k not just over [0,7] but
for any 0 < s <t with |t — s| <T. This condition is automatically fulfilled when {X;, ¢ > 0} is
stationary (or, more generally, has jointly stationary increments) and satisfies Assumption (A«
and Assumption (AJ) over [0,7] with o > 1/2, § > 1 and p > 4k with k = maxyey |[I|. It turns out
that these conditions, only slightly stronger than those already required in Theorem 4.4.29 for the
asymptotic normality of q@? (V) (T'), are sufficient to show that A[H((Nm)((n + 1)T) is consistent for
Yi((n+1)T), and thus i?:};(N) is consistent for X7 ; for any n > 0 and I, J € L.

To show Assumption (Aa) holds for Y” with the same a > 1/2 as {X;, ¢ > 0} note that for
0<s<t<(n+1T,

n

Y Sllzr < Z ”XZ(—stliT)w\T,(HT)MTHL”
i=0
n

<Y Xzt (s—imy AT+ (t—iT)+ AT L7
i=0

n
SY Nt =) T AT = (s —iT) " AT|™ S |t — s|*
=0

Next, to show that Assumption (Ad) holds for Y” with the same § > 1 as {X;, ¢t > 0}. Note that
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for0<s<t<(n+1)T,

IEs] ||L10 < Z IEs XZ(stT AT, (t— zT)+AT]”LP
n
< B [Xrp (s—imy AT+ (1—im)+ A7) | P
i=0

< Z ]1[0 i+1 T](S)HEiT—i-(s—iT)JF/\T[XiT-i-(s—iT)+/\T,iT+(t—iT)+/\T} HLP
=0

n
<SS E—iD) AT — (s —iT) " AT S [t — s
=0

Ezample 4.4.31 (Add-time transform cont.). When applying the add-time transform as in Ex-
ample 4.4.16 we add the same clock to all observations X", i.e. the add-time augmented process
{X", n > 1} is formed by first chopping and shifting the path X into {X"”, n > 1} and then adding
time X” = {(¢(t),X?), t € [0,T]}. The process {X", n > 1} thus trivially inherits stationarity,
ergodicity and strong mixing from {X", n > 1}.

We would now wish to revisit the examples presented at the end of Section 4.4.1, providing
classic conditions for stationarity and strong mixing of {X;, ¢ > 0} and hence, by Proposition 4.4.23
and Proposition 4.4.28, for stationarity and strong mixing of {X", n > 1}. Together with the
previously discussed class-specific conditions implying Assumption (A«a) and Assumption (Ad),
this would yield a set of sufficient conditions for Theorem 4.4.29. Unfortunately, checking whether
a process is strongly mixing is a hard task. A large class of processes for which we do have a
thorough understanding of the ergodic and strong mixing conditions is that of Markov processes.
It6 diffusions represent a large subclass of Markov processes??, often used to model real-world

phenomena, and hence we will start by expanding on Example 4.4.13.
Ezample 4.4.32 (1t6 diffusions cont.). When developing conditions ensuring stationarity and ergodic-
ity of an It6 diffusion it is natural to restrict {X¢, ¢ > 0} to the case where it is time-homogeneous,

i.e. satisfies
dXt = f(Xt)dt + U(Xt)th, t Z 07

where W = {W;, t > 0} is a ¢-dimensional Brownian motion, f : R? — R? and o : R? — R¥4,
Assume:

o The diffusion coefficient ¢ : R* — R%*? is Lipschitz continuous and ¥ := oo! : R* — R¥*4 g

bounded and uniformly elliptic, i.e.

(&, B(x)8)

in >0,
weRyecRI\(0}  [|&]|?

this is a classic PDE condition which ensures the transition densities are “nice”, i.e. continuous

22 A1l strong Feller continuous-path Markov processes that are semimartingales are Ité diffusions (Cinlar et al.,
1980).



220 Chapter 4. Fxpected Signature Estimation

and bounded away from zero (Friedman, 1964).

o The drift f: R¢ — R is Lipschitz continuous and has negative radial part at oo, i.e.

T
1‘ NNTPED = K - ) )
ﬁxm” sup<7‘(a:), TG 1> Cy € [—00,0)

pushing the process towards the origin with strength?? controlled by x € [~1,00). When
k = —1 assume further that 2C_; > sup,cpa Tr X(z) and define

00, if kK >0,
Nes = _
2C/((L+R)IIZI, if v € (=1,0),
(20—1 — SUPgeRd TI'E(.’L‘)) /H|EH|7 if K =—1,
where [[X]] := sup,epa [|5(2)].

These conditions are enough to ensure there exists a unique invariant probability measure p on RY
with

Jga €Ml u(dz) < oo, if Kk >0,

Jra ezl y(dz) < oo, if Kk € (—1,0),

fr 2l (da) < 00, itk =1,

for all n € (0,7} y), such that for any x € RY the transition probabilities?* {P(z,-), t > 0} converge

to p in total variation distance with rates

cre—<2t(enllel 4 cq). if k >0,

ept(14R)/(1=r) (

[Pz, ) — pllry < Q cre ezl 4 g, if kK € (—1,0),

c1(1+ eat) 2 (|| + c3), if £ =—1,

with ¢1, 2, c3 > 0. (Kulik, 2018, Theorem 3.3.4, 3.3.5 and 3.3.6).

Assuming X ~ p the Ito diffusion {X;, ¢ > 0} defines a stationary Markov process with
Xg € LP for all p > 2 when k > —1 and for all 2 < p < 77;572 when x = —1. Recall that, by the
discussion in Example 4.4.13, when f and o are Lipschitz continuous it is enough to have Xy € L?
to ensure the process X = {Xy, ¢ € [0,T]} satisfies Assumption (Aa) and Assumption (Ad) with
a=1/2 and § = 1, implying € = 1/2. By Proposition 4.4.23 the chain {X", n > 1} is stationary

ZNote that, for large ||z||, one has <f(gc)7 m> ~ —Cy||z||", and hence the strength of the pull grows as ||z||

increases when x > 0 and decays as ||z|| increases when x < 0.
24For the time-homogeneous Ité diffusion {X¢, t > 0} these are defined by

Pt(CL‘, A) = ]P)(Xt S AlXo = I) = IP(XSH S Ale = CL‘),

for all t,5 >0, z € RY, A € B(R?).
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and hence it remains to establish strong mixing of {X", n > 1} to apply Theorem 4.4.29. The

strong mixing coefficient of the stationary Markov process {X;, t > 0} can be easily?® bounded by

e—¢2t, if k>0,
a(t) < /Rd 1P, ) — plloy p(dz) S eme2t ™00 0 if e (<1, 0),
(1 + cot) /2, if K =—1,

and hence the process is strongly mixing. By Proposition 4.4.28 the chain {X", n > 1} is also
strongly mixing with coefficient o’/ (n) < a((n—3)T), n > 3. It follows immediately that {X" n > 1}
is ergodic and hence, we can apply Theorem 4.4.29.1 to deduce that, letting [TI(V)| — 0 as N — oo,
the expected signature estimator (4.4.15) is consistent for any expected signature term when £ > —1
and for all expected signature terms with || < %"7}572 when k = —1.

Finally, we note that for any ¢ > 0

o>t e—e2nTC/(2H0) « oo, if K >0,
Z a//(n)(/(2+§) S Zn>1 6_02(nT)(1+n)/(1—n)C/(2+€) < o0, if k€ (_170)7
n>0 B

dons1(1+ conT) ~15/(4H20) = oo, if Kk = —1,

and hence, if K > —1 and II(N) is a sequence of expanding dyadic refinements, we can apply
Theorem 4.4.29.2 to show that the expected signature estimator (4.4.15) is also asymptotically

normal for any expected signature term.

Another class of processes for which we can obtain a characterization of the strong mixing
condition in terms of a more fundamental object is that of Gaussian processes. As discussed in the
following example, for this class of processes there is a well understood relationship between strong

mixing and the properties of the spectral density.

Ezample 4.4.33 (Gaussian processes cont.). Let {X;, ¢ € R} be a stationary Gaussian process, i.e.

I {X,, t > 0}} is a stationary Markov process with stationary distribution y and A € F£_, B € F%, for
t,s >0,

|P(AN B) — P(A)P(B)| = [E[1alp] — E[1A]E[L5]|
= |E[1AE[E[L | FE] FLo]] — E[LAE[L5]]|

= ‘E |:]lA 15| Xeys]Xe] — E[E[13|Xt+3”>] ‘

(51X
- ‘E |:ﬂA </Ri hp(2)Ps(Xe, dz) — /Rd hB(x)u(dx)ﬂ ’

/th( )(Ps (X4, dx) — (dw))}

SE[IPs(Xe, ) — pllrv]

/ 1Pu(a, ) — e p(da),

§E|:]1A

where hp : R — [0, 1] is the measurable function defining the conditional expectation E[15|Xts] = h(Xts)-
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its mean function u(t) = E[X;] = u is constant and its covariance function C(s,t) = Cov(X;, X¢) =
C(|t — s|) is homogeneous in the sense that it depends on |t — s| only. The spectral measure of the
stationary Gaussian process {X;, ¢ > 0} is defined implicitly as the positive definite matrix-valued

countably additive set function F'(d\) such that
CO(t) = / eMF(d)), teR,
R

and, if F' is absolutely continuous, the spectral density f(A) is defined by F(d\) = f(\)dA,
cf. Gikhman and Skorokhod (2004, Chapter IV, Theorem 5). Ibragimov and Rozanov (1978,
Chapter VI) provides in depth discussions on the connection between the spectral density function
and complete regularity of a one-dimensional continuous-time Gaussian process (which, in the
case of Gaussian processes, is equivalent to strongly mixing, see Ibragimov and Rozanov (1978,
Chapter IV)). In Chapter VI.3, Theorem 2 and Chapter V1.5, Theorems 4 and 5 of Ibragimov
and Rozanov (1978) the authors give necessary and sufficient conditions in terms of f(\) for the
process to be completely regular and, hence, strongly mixing. In the sufficiency setting the results
also yield characterizing upper bounds for the coefficient of complete regularity, and hence for the
strong mixing coefficient. Generalizing these result to the multivariate case is an interesting avenue

of research for which we do not foresee any major difficulties, but is beyond the scope of this work.

Requiring the process {Xy, t > 0} to be stationary and strongly mixing is clearly a stronger
condition than required to obtain asymptotic theorems. If we drop the strong mixing assumption,
checking that {X", n > 1} is ergodic is a challenging task since, as discussed in Example 4.4.27,
it is not sufficient to show {X;, ¢t > 0} is ergodic. In the next section we thus give alternative
conditions in terms of {X;, ¢ > 0} to establish consistency of the expected signature estimator
for Gaussian processes, including fractional Brownian motion (cf. Example 4.4.15), which do not

require neither stationarity of {X;, ¢t > 0} nor ergodicity of {X", n > 1}.

Dependent observations, Gaussian processes

Given a model for {X;, ¢t > 0}, ergodicity of {X", n > 1} might be hard to establish. It is thus
of practical relevance to ask whether one can obtain sufficient conditions for consistency that do
not rely directly on this assumption. For example, when {X;, ¢ > 0} is a Gaussian process, it is
natural to look for a condition in terms of the covariance function, as this completely specifies the
law of the process. As an alternative approach to establish consistency of the estimator, we thus
aim to apply the following weak law of large number under for dependent variables?®. Assume that

{Sn, n € N} is a stationary sequence of random variables such that:

1. S, € L%

20T his result is originally due to Markov but often referred to as Bernstein’s weak law of large numbers. It can be
proved by a simple application of Chebyshev’s inequality. We refer to Seneta (2013) for a nice historical review of the
law of large numbers.
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2. Cov (Sp,Sm) — 0 as |m —n| — oo,

then the weak law of large numbers holds, i.e.
P
3 S, = E[S,], N — oo

Theorem 4.4.34. Fiz T > 0 and let {Xy, t > 0} be a Gaussian process such that X = {Xy, t €
[0,T1} is a canonical geometric stochastic process satisfying Assumption (Aa) with o > 1/2 and
p =2. When a = 1/2, assume furthermore X satisfies Assumption (Ad) with § > 1 and p > 2k
where k = maxyer |I|. Assume the sequence of dyadic partitions of [0,T] is signature-defining for X
and for each N > 1 let X™1 . X"™N.N be discrete-time observations of X',..., XN obtained by
chopping up (and shifting in time and space) a single long discrete-time observation of {X;, t > 0}
over the partition
I(N) =an 1 U (T +7n2)U...U((N-1)T + 7N nN),

of the interval [0, NT] such that each my, is the dyadic partition the interval [0,T) with mesh
[Tl =27NT.
Suppose {Xy, t > 0} has constant mean function p: Ry — Re i.e. u(t) = p for allt >0, and

has time-homogeneous covariance of the increments C : Ri — R? x RY, j.e. for all u,v,s,t,r >0,
Cov(Xy v, Xst) = C(u,v,8,t) =C(r+u,r+v,r+s,r+1t),

satisfying, for some decreasing 0 : Ry — Ry with 6(t) — 0, t — oo and fOT O(t)dt < oo and m € N,

(AG) ||Cov(Xy,v, Xs,t)

| SO(|s—v|)|[v—ul|t—s]| for all0<u<v<s<t with |s—v|> %(|t—s|—l—|v—u|).

Then the expected signature estimator (4.4.15) is consistent, i.e. qBF(N) (T) 5 ¢1(T) as N — oo.

Remark 4.4.35. We state and prove the theorem for expanding dyadic refinements but more general
forms might be obtained via similar arguments.
Note that if Assumption (Aa) holds with o > 1/2 then we have no restriction on k and hence

the result holds for any collection of words I.
Proof. See Appendix 4.D 4. O

Ezample 4.4.36 (Ornstein-Uhlenbeck process). If {X;, t > 0} is a stationary mean-zero d-dimensional

Ornstein-Uhlenbeck process, i.e. a mean-zero Gaussian process with covariance
C(s,t) := Cov(Xy, Xy) = e~ Alt=sly,

where ¥ = Var(X;) and the drift matrix parameter A € R has positive real parts of all

eigenvalues, then we can show that:
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o Assumption (Aa) holds with o = 1/2 and p = 2. Note that forall 0 < s <t < T,

X tll72 = Eltr(Xs © X))
= tr(Var(X;) + Var(X;) — 2Cov(X;, X;))
= 2tr((Ig — e~ Al=shs)
< 2| g — e el g
<2(||AJ||t — slel A=y |z

S [t = s

o Assumption (Ad) holds for any p > 2 with § = 1. Using the integral representation of the
OU process, one can easily verify that for all 0 < s <t < T, E,[X;] := E[X;|F,] = e~ Alt—51X,
where {F;, ¢t € [0,T]} is the natural filtration of X. Then, for all 0 < s <t < T,

B (Xl e = (e = 1) X,]llze < g — e 1Kl e S Tt = 5.

e The covariance of the increments is homogeneous since for all u, v, s,t > 0,

Cov (Xyv, Xs,t) = Cov (X, X¢) — Cov (X, Xs) — Cov (Xy, X¢) + Cov (X, Xs)

— (67A|t7v\ - €7A|sfv| o 67A|t7u\ + 67A|sfu|)27

depends only on the relative distances |t — v|, |s — v|, |t — u| and |s — u].

« The covariance of the increments satisfies Assumption (Af) with m = 0 and 0(t) = e~ 4!

where A4 is a constant depending on the drift matrix A € R Forall 0<u<wv<s< t,

HCOV (Xu,st,t) H — HefA\sfv\(efA|tfs| - Id o efA\tfs|fA\v7u\ + efA|v7u|)2H
_ He—A\s—v\(e—A|t—s| - Id)(Id o €_A|v_u|)EH
= lle= A |1 1g — el [T — e Al )3

S e MBI —sfjo — ],

where in the last step we use the fact that A € R%*? has positive real parts of all eigenvalues

to find A4 € (0, minyg,(4) Re(A)) such that e~ 4| < e~ At for all t > 0.

Note that Assumption (A«) and Assumption (Ad) could have been alternatively established by
noting that the OU process is an [t6 diffusion with Lipschitz continuous coefficients and applying
the results of Example 4.4.13.

Erample 4.4.37 (Fractional Brownian motion (cont.)). If {X/, t > 0} is a (one-dimensional)

fractional Brownian motion with Hurst parameter H > 1/2, i.e. a mean-zero Gaussian process with
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covariance
1
CM(s,t) :== Cov(X, X[1) = Q(ItIZH + s — |t — 1),

then we can show that:
o Assumption (A«a) holds with o = H > 1/2 (and p = 2) by Example 4.4.15.

e The covariance of the increments is homogeneous since for all u, v, s,t > 0,

u,v?

Cov (X1, X1) = Cov (X1, x{T) = Cov (X[, xI") — Cov (X, X{") + Cov (X[, xIT)
= s = 0Pt — P — Jt = o — |5 — uPH),

depends only on the relative distances |t — v|, |s — v|, |t — u| and |s — u].

« The covariance of the increments satisfies Assumption (Af) with m = 3 and 0(t) = #2H-2.

Forall 0 <u <wv<s<twith |s—v|>3/2(|t — s| + |[v — ul),

[Cov (X2, x1) |
1
= Slls =Pl —ulP? — |t = v — |5 — ]
1
= f‘|s—v|2H
2
oo
(2H)---(2H —n+1) _
+y , s — o2H (| = |s — o)
— n!
n=0
2H n+1) _
- Z |5 — o2 (|t — v] = |s — v])"
2H 1
- Z P D g o s — ] — |s — o]
2H n+1)

s — o2 [(t = 8| + o — ul)" — [t = 5" = v ul"]|

:2‘2
— s —f2H- Q’Z 2H 1) | (n=2) nif( >|t—s]3v—u|" ]’

7=1
< 5ls o2t — s][v — ul
. )
@) - (2H —n+1)| -
« 2Vt = spifo — u|2
X -y 5"
1
< L= of12e = sllo — all22 — 1] S [s = o] ([t = 5|+ v — ul)”
n=0
1 t — 1
gbmﬂﬂﬂtﬂvmpﬂﬂyf1<1’ sl v “)
2 |s — o]
< |2H||2H — 1||s — v[*H 2|t — s||v — ul,
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by using the fact that that = +— f(z) = 22 is analytic around |s — v| > 0 and |s — v| >
3/2(|t — s| + [v — ul).

4.5 Simulations

In this section we explore the finite sample properties of the expected signature estimator given in
Equation (4.4.15) whose asymptotic properties we established in Section 4.4 in Theorem 4.4.19,
Theorem 4.4.29 and Theorem 4.4.34. We consider four different processes, displaying a variety of

different dynamics:

(BM) A bidimensional standard Brownian motion {By, ¢t > 0}. This is arguably the most fun-
damental stochastic process, satisfying many desirable properties and serving as a building
block for more complex models. Since Brownian motion is a semimartingale, it is a canonical
geometric stochastic process and any sequence of partitions with vanishing mesh size is
signature defining, cf. Theorem 4.3.8. It can be easily checked it satisfies Assumption (A«)
and Assumption (Ad) for any o > 1/2,0 > 1 and p > 2. Moreover, {B;, ¢t > 0} has stationary
and independent increments and hence the i.i.d. and chopped sampling schemes are equivalent:
we can thus apply Theorem 4.4.19 to deduce consistency and asymptotic normality of the
expected signature estimator under both sampling schemes. As an additional remark note
that Brownian motion is also a Gaussian process with constant mean function and time-
homogeneous covariance of the increments trivially satisfying Assumption (Af#) with 6 =0

and m = 0, it thus also falls under the scope of Theorem 4.4.34.

(fBm) A bidimensional fractional Brownian motion {B}, ¢ > 0} with Hurst parameter H = 0.75,
i.e. such that its components are independent one-dimensional fractional Brownian motions
with Hurst parameter H. This provides an example of a process which is not a semimartingale
but that, as shown in Coutin and Qian (2002), is a canonical geometric stochastic process
with dyadic signature defining sequence (as long as H > 1/4). Note that, by Example 4.4.15,
when H > 1/2 the assumptions of Theorem 4.4.4 are fulfilled and hence, when paths are
independently sampled, we can apply Theorem 4.4.19. When instead paths are obtained by
chopping up a single long realization we can apply Theorem 4.4.34, cf. Example 4.4.37, to
deduce consistency of the expected signature estimator. Note that the increments of fractional
Brownian motion are not strongly mixing (Mandelbrot and Van Ness, 1968) and hence we

cannot apply the second part of Theorem 4.4.29 to deduce asymptotic normality.

(MCAR) A bidimensional continuous-time autoregressive process {Y¢, ¢ > 0} of order p = 2 driven

by a standard Brownian motion with drift parameters A = (A1, 4s),

1 11
11 01
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These processes represent the continuous-time generalization of classic discrete-time AR(p)
models. They are defined as the first d entries of their state space representation {X;, ¢t > 0}:
an Ornstein-Uhlenbeck process with a specific drift matrix Aa and diffusion matrix X, cf.
Chapter 3. In the case of a bidimensional MCAR process of order p = 2 driven by a standard

Brownian motion these are given by

0 I 0 0
AA _ 2X2 2X2 : Y — 2X2 2X2
—Ay —Aq O2x2  Toxo

The MCAR process is therefore a canonical geometric stochastic process (since it is a
semimartingale) and any sequence of partitions with vanishing mesh size is signature defining.
Moreover, note that since {X;, ¢t > 0} is a Gaussian process, so is {Y¢, ¢t > 0}. We can apply
Example 4.4.13 to deduce that {X;, ¢ > 0} (and hence {Y;, ¢t > 0}) satisfies Assumption (A«)
and Assumption (Ad) for « = 1/2, § = 1 and any p > 2. When paths are independently
sampled we can hence apply Theorem 4.4.19 to obtain both consistency and asymptotic
normality results when choosing the sequence of partitions appropriately. Moreover, under
the classic assumption that Aa has positive real parts of all eigenvalues?” and the process is
started in its stationary distribution, then {X;, ¢ > 0} and {Y;, ¢ > 0} are stationary, ergodic
and strongly mixing with strong mixing coefficient a(t) = O(e~) for some a > 0 (Marquardt
and Stelzer, 2007). We can hence apply Proposition 4.4.23 and Proposition 4.4.28 to deduce
that {Y", n > 1} is stationary and strongly mixing (and hence ergodic) with strong mixing
coefficient a(n) = O(e~*"T). The strong mixing coefficients thus satisfy Equation (4.4.20)
for (any) ¢ > 0 and hence we can apply both the consistency and asymptotic normality
results of Theorem 4.4.29 under a suitable choice of partitions {II(N), N > 1}. As a final
remark, note that, like for Brownian motion, the MCAR process is also a Gaussian process
which, by Example 4.4.36, satisfies Assumption (Af). Under a sequence of expanding dyadic
refinements, we could hence alternatively establish consistency of the expected signature

estimator by applying Theorem 4.4.34.

(Heston) The joint price-variance dynamics of a Heston model under the risk-neutral measure?® Q

with zero interest rate and no dividends, i.e. {(St, V), t > 0} such that

dsS, = VS, dw?
AV, = k(0 — V)dt + £/ VedW)

2"In this chapter we consider an OU process to be defined by dX; = —AX,dt + dW? In the referenced work
Marquardt and Stelzer (2007) and in Chapter 3 we defined the OU process through dX; = AX,dt + dW?T, the
conditions on the eigenvalues of the matrix A are hence of opposite sign.

28To be precise, the Heston model is incomplete (there is only one asset {S, t > 0} and two sources of risk) and
hence the risk free measure is not uniquely defined. To obtain a proper pricing measure one would need to add a
volatility dependent asset to the market and choose the values of ,6 and & under which such (discounted) asset is
also a martingale.
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where {W, t > 0} and {W), t > 0} are standard Brownian motions with correlation

(WS, WV, = pt. Note that we can rewrite the Heston dynamics as

(i) o) e vempem) )

Vi k(0 — Vi) PeN Vi 1= p2VV, W

where {W; = (W}, W2), t > 0} is a bidimensional standard Brownian motion. The Heston
process is therefore a canonical geometric stochastic process (since it is a semimartingale)
and any sequence of partitions with vanishing mesh size is signature defining. Under the
Feller condition 2x60 > ¢2 the variance process is strictly positive (and so is {S, t > 0}). The
Heston model is thus an It6 diffusion with Lipschitz drift f : R, x Ry + R? and 1/2-Hélder
continuous diffusion o : Ry x Ry +— R?*2. We can thus apply the third case of Example 4.4.13
to prove that {(S;, V;), t > 0} satisfies Assumption (A«) and Assumption (Ad) with o = 1/2,
0 = 1 and any p > 2 for deterministic initial conditions Sy = sg and Vy = vg. When paths
are sampled independently from this model we can hence apply Theorem 4.4.19 to deduce
consistency and asymptotic normality of the expected signature estimator. In the experiments
below we set sg = 1,v9 =0.1,0 = 0.1,k = 0.6, = 0.2 and p = —0.15.

In all the simulations we fix T' = 1 and consider the two observational schemes described in

Section 4.4.2, i.e. for each N > 1 we consider
(ind) N independent observations over the partitions 7 1,..., 7NN,
(chop) a single long observation over the partition II(N) = ny 1 U(T+7n2)U- - -U((n—1)T+7N.N),

where in both cases the partitions mx 1 = ... = 7y n are uniform with mesh |ry | = 2~ LN/10J+1
This choice ensures the sequences of partitions are signature-defining for all four processes de-
scribed above and satisfy the conditions necessary for consistency and asymptotic normality, cf.
Remark 4.4.21. In Figure 4.5 we plot one realization of each of the four stochastic processes, noting
the very different dynamics they model. The code used to produce the simulations is available
at https://github.com/lorenzolucchese/esig and leverages the signatory and iisignature

packages for efficient signature computations in Python.

4.5.1 Consistency

In Figure 4.6, Figure 4.7, Figure 4.8 and Figure 4.9 we plot the histograms over 10,000 samples of
the expected signature estimates (4.4.15) up to level k = 3. We report exact values of the BM, {Bm
and MCAR expected signatures: for BM these are given by Theorem 4.2.1, for fBm with H > 1/2
these can be found in Baudoin and Coutin (2007, Theorem 31) and for MCAR we extract them
from the expected signature of the OU state-space process computed using Ni’'s PDE approach (Ni,
2012). For the Heston model we do not compute the exact expected signature values as this goes

beyond the scope of this work.


https://github.com/lorenzolucchese/esig
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Figure 4.5: Path realizations of the four processes. From top to bottom: a Brownian motion, a fractional

Brownian motion, a multivariate CAR process and a price-variance process with Heston dynamics.

In Section 4.4 we proved the asymptotic properties of the expected signature estimator by
decomposing it as a sum of the average error due to discretization (in-fill error) and the sampling

error around the true signature of the process (long-span error), cf. Equation (4.4.3). An alternative
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decomposition, which can be more easily distinguished in the plots, is given by

N
T(T) — ¢u(T) = <le > S X)) E[s%xm)[o,ﬂ]) + (EIS"X™™) o] —E [S"(X)o ] ) »
n=1

where the first term is a mean-zero sampling error and the second term is the bias due to the
discretization (independent of the sampling scheme). Note that in all four cases the theoretical
consistency results are verified for BM, fBm and MCAR under both observational regimes, and for
the Heston model under the (iid) sampling scheme: the L? error, measured as bias® + Var, decreases
as N increases.

As expected, for BM the (iid) and (chop) schemes coincide?”. The effect of the in-fill discretization
is clear for low values of N (e.g. observe the bias of the distributions for N = 20 and I = (0,0), (1,1))
while for larger IV the error can be mainly attributed to sampling. For fBm and MCAR the expected
signature under (chop) observations performs worse than (iid) observations. It is interesting to note
that for fBm the difference in performance, due to the long-range persistency in the increments,
occurs mainly in the first level. On the other hand, for the MCAR, process, the performance gap
between the two schemes is marked also in the second signature level. For fBm the discretization
error is small (the distributions are close to being unbiased, even for small values of N) while for
the MCAR process we observe significant discretization error in the second level of the signature.
For the Heston model, without knowing the exact values, we cannot comment on the discretization

error. The sampling error though clearly decreases with V.

4.5.2 Asymptotic normality

In Figure 4.10, Figure 4.11 and Figure 4.12 we explore the distributions® of the z-statistics

ZTN) — /N (giwv))—l/? (BN — 4y(1)) € BRI,

where (f)IH(N))il/Z denotes the inverse of the Cholesky decomposition of the estimator for the
covariance matrix >y required to make the asymptotic normality result feasible. The covariance
estimators are discussed in Remark 4.4.22 and Remark 4.4.30 for the independent and the chopped
observational schemes respectively. As discussed at the beginning of this section, the theoretical
results presented in this chapter ensure asymptotic normality of the expected signature estimators
under the independent sampling scheme for all processes under consideration. Moreover, since in
all cases the in-fill conditions hold for arbitrary p > 2, the covariance estimator is also consistent,
cf. Remark 4.4.22, and hence the z-statistic will follow a multivariate standard normal distribution
asymptotically. Under the chopped observational scheme instead we only have asymptotic normality

results for BM and MCAR processes. In both cases the processes are stationary and satisfy the in-fill

29Perfect correspondence in the distributions is due to the way the path samples were seeded.
30We only consider BM, fBm and MCAR as these are the processes for which we computed the exact value of the
expected signature, ¢1(T).
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conditions for arbitrary p > 2 and hence the covariance estimator is consistent, cf. Remark 4.4.30,
ensuring Z"™W) is indeed an asymptotic z-statistic. Note that, under the chopped observational

(N)

scheme, the covariance matrix estimator f]? might not be strictly positive definite. When this is

the case, we set the corresponding z-statistic to zero.

As in the previous section, we consider all words in the first three levels of the expected signature
and hence Z"™W) is a |I| = 2 + 4 + 8 = 14-dimensional vector (the processes are of dimension
d = 2). Plotting a 14-dimensional distribution is quite a challenging task, we thus make do with
the (superposition) of the marginals and the empirical correlation matrix. Again we consider
N = 20,40, 80.

Under the (iid) sampling scheme, the z-statistic appears to be converging to a multivariate
normal at a similar rate across the three processes, i.e. the rate at which the cumulative marginal
standard deviation approaches one and the mean, skewness and kurtosis approach zero. While the
correlation matrix clearly whitens as N increases, the correlations which take longer to disappear
are the same across the three processes. These correlations appear to define three clusters of the
same dimensionality as the three signature levels. The clustering is much more pronounced when
considering the correlation matrix of the expected signature estimator, but we do not report this

here.

We now consider the distribution of the z-statistics under the (chop) sampling scheme for the
BM and the MCAR process. Note that when N = 20 most long-run covariance estimates are
not positive definite, yielding point masses at zero. When N = 40,80 instead the z-statistics
display qualitatively different behaviors for the two processes. The BM z-statistics distribution
is very similar to the (iid) case. Since the estimates are the same under the (iid) and (chop)
sampling schemes, the difference is entirely driven by the long-run covariance converging to the
sample covariance as N increases, i.e. the cross-covariance terms vanishing. On the other hand, the
distribution of the z-statistics for the MCAR expected signature estimates converges to a standard
multivariate normal slower under the (chop) sampling than under (iid) sampling, displaying a weird

hump even for large values of N.

4.6 Estimating the expected signature of a martingale

4.6.1 Martingale correction: variance reduction via control variates

In Section 4.4 we developed the necessary theory to establish the asymptotic properties of the
estimator (4.4.15) for the statistic

¢1(T) = E[SI(X)[O,T]]7
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Figure 4.10: Distributions of the z-statistics of the expected signature estimators for the BM process. First
row: collective marginal with (iid) sampling in red and with (chop) sampling in blue. Second and third row:

correlation matrices with (iid) sampling and (chop) sampling respectively. From left to right: N = 20,40, 80.
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Figure 4.11: Distribution of the z-statistics of the expected signature estimators for the fBm process under
the (iid) sampling scheme. Top row: collective marginal. Bottom row: correlation matrix. From left to right:
N = 20,40, 80.

for any word I = (i1, ...,i). This section aims to find an alternative estimator with better finite

sample properties when the process X = {Xy, t € [0,7]} is a martingale3'. We restrict ourselves

to the independent observation setting, with the same partition across samples, i.e. mxn, = 7 for

n=1,...,N. We will hence be considering the estimator
N 1 &
o7 (T) = N > ST )0, (4.6.1)
n=1

where for each N > 1 the X™™ are i.i.d. piecewise linear observations of X over the partition 7
(note that by the results in Section 4.3.1 any sequence of partitions with vanishing mesh size is

signature-defining). Let us start by considering the unfeasible estimator

N

1 & .
o7 (T) = N > ST(X )[0,775
n=1

where the X" are i.i.d. copies of X and, setting I_; := (i1,...,9k—1),

. . T .
SI(X)[o,T] _ / . / o dX&l) R ® oXm(lek) _ /O SI_I(X)[O’S] o dXSW,

o<ur<..<urp<T

31To be fully rigorous, in this section we assume X is a square-integrable martingale “nice enough” to ensure all

It6 integrals can be constructed in the L? sense and the resulting It6 integral is also a square-integrable martingale
(Jacod and Shiryaev, 1987, Theorem 1.4.40).
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Figure 4.12: Distributions of the z-statistics of the expected signature estimators for the MCAR process.

First row: collective marginal with (iid) sampling in red and with (chop) sampling in blue. Second and third

row: correlation matrices with (iid) sampling and (chop) sampling respectively. From left to right:

N = 20,40, 80.



Chapter 4. FExpected Signature Estimation 239

is defined in the Stratonovich sense. Note that, as long as S’ (X)j0,77 € L? or, equivalently, ¢x (T)
is finite for all K € I wi I, the arguments in Section 4.4.2 imply the estimator is consistent and
asymptotically normal for ¢;(T"). To reduce the variance of the estimator while keeping it unbiased
we aim to find a mean-zero control S!(X)(o 7] that is highly correlated with S*(X)( 77. The form of

St (X)[QT] quite naturally suggests the control variate

T .
S:(X) 011 :/0 ST1(X) 0,5 AX 1), (4.6.2)

where the outermost integral is now interpreted in the It sense. Since X is a martingale satisfying
the conditions for L? integration®, {S}(X)p 4, t € [0,T]} is a square-integrable martingale and

hence E[S!(X)jo 7] = 0. We can thus form the control-variate estimator

1 XN

7N, c

or )=y Z: (8" G = eSe (o) (4.6:3)
which, like g%v (T'), is unbiased but has reduced variance

Var(ﬂ%'v’c* (T)=(1- p%)Var(q%V(T)), with  py:= COU‘(SI(X)[U,Tp S&r(x)[o,ﬂ),
when picking the optimal

" " COV(SI(X) [0,T]> SCI(X)[O,T])

c =cy =
! Var(S£(X)0,17)
Note that we can compute
Var(S"(X)j0,1)) = E[S"(X)fo 7] — = > 0T (7).
Jehul

Introducing the R4 valued process (X, (X)) := {(Xy, vec(X);), ¢ € [0,T]} with expected signature
¥(T) over the alphabet {1,...,d,(1,1),...,(1,d),...,(d,d)}, we can rewrite this as

Var(S [OT Z wJ )27

Jelwul

and also compute

Var (S} (X) o) =E

T 2
([ o)
0

T )
s[5 a0xn)

E [/OT SJ(X)[O,s] d<X(ik)>S]

Jel il
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Jel_ 1wl

= > Yutan(D)

Jel_11l_4

and

_ ] |
Cov($! (X)o7, 5! (K)o) = E | (K)o </ S (%)pq dXﬁ““)ﬂ

=FE :SI(X)[QT] (SI(X)[O,T} - % <SI_1(X)’ X(ik)>T)}

) 1 . . i
=E _SI(X)[ZO,TJ - iE {SI(X)[O,T} </0 gl-2 (X) [0, © dXs( k ), X! k)>T}

1 T , ,
Z ¢J(T) o §E [SI(X)[O,T]/() 51_2 (X)[O,s] d(X(““_l), X(m))S]
Jelwul
1 ) .
>° wa(T) = SE |S" (X (X))o 8" oW (X, (X))o,
Jelwl
1
> wa(T) -5 > E[ST(X E))og]
Jelul JEIUJI,Q*((ik_l,ik))
1
> (7)) - 3 v (T),
Jelul Jelwl_ox ('Lk—laik))

where I * J denotes concatenation between word I and J.

In practice, to devise a feasible estimator, i.e. depending on the observed piecewise linear
paths X7 ... XM we need to discretize the estimator (4.6.3). We introduce the control-variate

modification of the estimator (4.6.1),

TN,m,c 1 al n,m n,m
ST = v > (SHXM )01 — eSEHXM ) 0.17), (4.6.4)
n=1

where

Sg(X“)[[)ﬂ =) ST "X u]X(Zk)'

[uv]en
Note that, if X is a martingale, the correction term is mean-zero and hence the control variate

estimator ¢"™(T) has the same bias as ¢}""(T') but, when picking the optimal®? ¢, i.e.

o Cov(ST(X™) 0,77, SEX™)j0,17)
e Var(SE(X7)j0,7)

it has reduced variance

Var($) ™ (T)) = (1 — p? ) Var($)™(T)), where pyr := Corr(ST(X™) 0.2, SL(X™)0.1))-

#2We assume throughout Var(S!(X™),7]) > 0.
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Remark 4.6.1. In this section we focus on considering a single control obtained by substituting the
outermost Stratonovich integral with an It integral. In principle, for a word of length |I| = k > 2,
one could consider 2¢=2 distinct controls: for any subset Z C {2,...,k — 1} one can obtain a
control by changing each of the integrals with index in Z U {k} to Itd integrals. One can then apply
the controlled linear regression estimator (with only the intercept term as regressor) described in

Appendix 4.F. This family of controls will likely be highly correlated and hence:

e the improvements provided by each additional control might be quite marginal compared to

the considerable increase in computational cost;

o the estimator of the (inverse) variance matrix of the controls, needed to make the estimator

feasible, might be quite unstable.

Hence, for clarity of exposition and computational ease, throughout the rest of this chapter we only

consider the control introduced above.

In practice, to estimate ¢ we can use one of the two following methods:

e The most straightforward approach would be to use the sample variance and covariance. In
this case the estimator for ¢ is the slope of the simple linear regression of {SI (X"”T)[QT], n =
., N} against {S! (X™)o,rp, n=1,..., N} or, exploiting the mean zero property of the

control,
o S 151(Xnﬂ)[0T]SI(XnW)[0T}
Tl — n,m

N SInR

o Alternatively, we can exploit the explicit form of the covariance and variance of the unfeasible

estimator and approximate

COV<SI(XW)[0,T]> SCI(XW)[O,T]) ~ COV(SI(X)[O,T}7 SCI(X) [O,T])

=Y wm-y Y )

Jelwl Jelwl _ox((ig—1,ix))
~ 1 ~
~ > NI -5 3 PH(T)
Jelul Jelul _ox((ig—1,ix))
N 1 SN
~ Y ) - > Py
Jelwl JEIUJI,Q*((ik_l,ik))
N 1 AN
DI AR DY ) ),
Jelwl JeIWI_ox((ig—1,ix))
where
) 1 X N 1 &
PY(T) = N > ST (X)) .17 ek : N Z ") o,1)s
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and

"N,m, 1 al n7r T\,
1/1]JV’ ' = N E (X7 X)) 0,175
with (X)™ = {(X)7, t € [0,T]} defined as

X)F = X2 P Uxe t .
< >t Z + —u U,V E[uﬂj}

[u/ W] €m0,
Similarly, we can approximate

Var(SI(X o) ~ Var(S!(Kom) & Y YT (D~ Y B (D),

Jel_ 1l 1 Jel_qwl 4

and hence we define the second estimator for c: as

ANﬂT, AN77T7
o — > serwr ¥y (1) — %ZJeImI—z*((ik vin) Y (7)
T2 *N,m
drer Wiy 1/{]*( z/k ,k))( )

ZL1(ZJ€1MSJ((X”’W7 ™™ N1 = 3 Erenuros((i_r.in)S” (X, <§§>"’”))[0,T1)
YA Y ser i, ST (Xnm (X))o 1 '

Whether estimator ¢} ; or estimator ¢ 5 is more precise, in terms of MSE, depends on the

properties of the process X and the expected signature word I being estimated by (4.6.4).

Lemma 4.6.2. Let X = {Xy, t € [0,T]} be a square-integrable martingale satisfying Assump-
tion (Aa.M) for some o > 1/2 and p = 4k where k = |I|. Assume that 7 is part of a sequence of

refining partitions with mesh vanishing fast enough, i.e.

Z ‘ﬂ_n‘2a—1/2 < 0.

n>1

Then the difference between the mean-square errors of the two estimators ¢y | and ¢ 5 for ci is

approzimately

(@ — b)) - El(es — )] ~ (AL (8123) - Bl2E) - 2(BY 23] - ElY 21)).

where

Y = SM(X)jom St (X)), Z1 = ScI(X)%O,Tp Zy= Y. §7(liin)) (X, X))o,17>
Jel_q1l 4

and py = B[Y], nz = E[Z1] = E[Z3].

Proof. See Appendix 4.E.1. O
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In practical applications, the above expression cannot be evaluated exactly but we can approxi-

mate it by its sample estimate

N [ 2
~ 2 ~
E[(r2 —cz)’] = E[(ér, Z = ((25,) — (Z7,)°) = Y (Y25, — YinZi,)
ne1 Kz =
where
1 (N N 1 (N N
by =5 <2Y17fn+ZYz7fn> Bz =5 (ZZ£n+ZZ§,n> ;
n=1 n=1 n=1 n=1
and Y77, 27, Y5, 23, are given in Appendix 4.E.1.
Another important discriminant when choosing between estimators ¢;; and ¢ 5 is usually
computational cost. To compute ¢ ; it suffices to regress {s! (X™ ), n=1,..., N} against
{Sg(X”“)[&ﬂ, n=1,...,N}. Both samples need to be computed to evaluate the control-variate

estimator (4.6.4) and thus the extra computational cost of ¢ ; is just the cost of a simple linear
regression with sample size IV, namely O(N). On the other hand, to compute ¢; ,, one needs
to compute all the higher-order expected signature estimates wyﬂ/(T ) with J € Twli, J e
Twi o9x((ig—1,ix)) and J = J % ((ix, ix)) for J' € I_; 1 1_1 which has (naive) extra computational
cost O(|m|*Tk(d* + (d + 1)?*71)) when parallelizing across the N samples. In the in-fill limit,

|7|~1T > N and hence computing ¢ , is significantly more expensive than computing & ;

Remark 4.6.3. This variance reduction technique is not limited to processes X that are “full”
martingales but can also be applied to “partial” martingales, i.e. X such that only a subset of the
components is a martingale. In this case, we can use the control variate expected signature estimator
(4.6.4) for any word I = (i1,...,4) where i, € {1,...,d} is such that X(#) is a martingale. For
example, if the add-time transformation is applied to the data, i.e. as in Example 4.4.16 and
Example 4.4.31 the d-dimensional martingale X is augmented with time to form the (d 4 1)-
dimensional process X = {(t,X;), t € [0,T]}, we can use the control variate expected signature
estimator (4.6.4) to estimate ]E[SI(X)[QT]] for any word I = (iy,...,i;) € {1,...,d + 1}¥ with
i # 1.

4.6.2 Machine learning applications

Signatures of paths have found widespread use in the machine learning community, with applications
ranging from character recognition (Graham, 2013; Xie et al., 2018) to medical diagnosis (Pérez
Arribas et al., 2018). Taking the signature of a stream of data is essentially a feature extraction
method mapping raw stream-like data to a lower-dimensional but highly-informative latent space.
Originally developed in the context of rough path theory, i.e. to study differential equations driven
by irregular paths, the theoretical foundations for their efficacy in machine learning applications

(where paths are of bounded variation) are multiple, ranging from a characterization result (Hambly
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and Lyons, 2005; Cass and Turner, 2022) to a universal approximation theorem (Levin, Lyons, and
Ni, 2016, Theorem 3.1). We refer to Lyons and McLeod (2024) for a recent review of the signature
method in machine learning applications.

When dealing with collections of paths it is natural to consider the expected signature as
a feature extraction method. A natural question is thus whether the desirable characterization
properties of the signature carry over to the distributional setting, i.e. is the expected signature
characteristic for the full law of the signature and, in turn, of the path? Positive answers to this
question can be found in Fawcett (2003), Chevyrev and Lyons (2016) and Chevyrev and Oberhauser
(2018) under progressively more general®® settings and assumptions. While dealing with a collection
of paths is arguably a less common setting than a single stream of data, the literature still provides
a wide range of machine learning algorithms leveraging expected signatures*. These cover many
different tasks (from distributional regression to generative modeling) and applications (from ECG
classification to option pricing). In this section, we review five of these machine learning algorithms
discussing how the martingale correction introduced in Section 4.6.1 can be applied to the expected
signature computation step to improve performance. Before diving into each specific application
in detail, we discuss some general considerations on the use of the martingale correction term in
practice.

In the previous section, we considered the same framework as in the rest of this work, namely the
setting where X is a continuous-time stochastic process and X™ is a piecewise-linear interpolation of
the discrete-time observation of such process along the partition 7. It is important to note that,
while some applications have a natural underlying latent continuous-time model (Lyons, Nejad,
and Pérez Arribas, 2021) others do not (Lemercier et al., 2021). In any case, we do not necessarily
require the “background” continuous-time model X to be defined to apply the control-variate
estimator (4.6.4) with ¢ = ¢} ;. Letting 7 = {0 =¢; < ... <ty =T}, one can easily see that it is
sufficient for the discrete-time process {X,,, = Xy,,, m = 1,..., M} to be a discrete-time martingale
with respect to F,,, = 0(Xy,...,X,,) for the control variate estimator to have the same bias but
lower variance than the naive expected signature estimator. In what follows all path observations
are inevitably sampled at discrete points in time and hence, abusing notation slightly, in some
places we drop the dependence on the partition w. Whether X is a continuous-time process or a
sequence of observations in discrete time should be clear from the context.

Machine learning methods based on signature methods often apply augmentations to the raw
streams of data before computing the signature, cf. Lyons and McLeod (2024, Section 2.5). For
example, a path augmentation which is often found to improve model performance is the lead-lag
transform. Combining the previous observation on discrete-time martingales with Remark 4.6.3, we
can easily see that the control variate expected signature estimator can also be employed when

the lead-lag augmentation is applied to the raw data, i.e. when the d-dimensional discrete-time

33Even moving beyond bounded variation paths.
34The GPES algorithm actually takes as input a single stream of data and applies a data augmentation technique
to form a collection of paths.
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martingale {X,,, m =1,..., M} is embedded into the 2d-dimensional process

X' = {(X1,X1), (Xa,X1), (X2, X2), ..., (Xar, Xaro1), (Xar, Xar)} = (XL, m! =2,...,2M + 2}

m/s

Note that for each m’' = 2,...,2M + 2, if m' = 2m then X/, = (X;;, X)), X[ = (Xins1, Xon)
and
E[X'lm’—i-l‘xll’ s 7X'lm’] = (E[Xm+1|X17 cee 7Xm]7Xm) = (Xm, Xm)v

and if m' = 2m + 1 then X] , = (Xp41, X)), X = (Xng1, Xiny1) and

E[X. 11X X0 = (Xt 1, Xong1)-

and hence the leading components, i.e. the first d entries of X/, form a discrete-time martingale
with respect to the natural filtration of X’. By Remark 4.6.3, we can hence apply the control
variate expected signature estimator (4.6.4) for any word I = (iy,...,ix) € {1,...,2d}* with
ire{l,...,d}.

Finally, in some applications, we may not have a strong prior on whether the process being
modeled is a martingale or not. In this case, we may consider the martingale correction as a model
configuration hyperparameter to be tuned, just like the lead-lag path augmentation discussed above.
In the model training phase we can then apply a cross-validation procedure to learn whether applying
the martingale correction to (some of) the expected signature terms improves the performance of

the model.

Remark 4.6.4. Both the signature transform and the expected signature transform are general
methods applicable to any machine learning task dealing with (collections of) streams of data.
These can thus always be used as out-of-the-box feature extraction methods when little domain
knowledge is available. On the other hand, when task-specific information is known, incorporating

such knowledge in the machine learning model will most likely improve performance.

Remark 4.6.5. It is important to note there is also a wide range of machine learning methods based
on signature kernels (Kiraly and Oberhauser, 2019; Chevyrev and Oberhauser, 2018; Lemercier
et al., 2021; Salvi et al., 2021). This bypasses the need to explicitly estimate the expected signature

and hence we cannot directly apply the martingale correction developed in Section 4.6.1.

Distributional regression for streams (Lemercier et al., 2021)

The first machine learning model we consider is perhaps the most natural one when working
with expected signatures. Introduced in Lemercier et al. (2021), the Signature of the pathwise
Expected Signature (SES) model aims to learn a map from a collection of paths X!,... XV € X C
Lip([0,T],R%), understood as an empirical measure on path space = & S0 5xn € P(X), to a
corresponding scalar value f(u) € R. The task of learning such function f : P(X) — R from a

finite number of (possibly noisy) observations { (i, ¥;) }icz,,.., is known as distributional regression.
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Under appropriate conditions, by combining the characterizing property of the expected signature
and the universality of the signature, the authors show that linear functionals on the signature
of the pathwise expected signature are universal for weakly continuous functions f : P(X) — R
(Lemercier et al., 2021, Theorem 3.2). The training and testing of the SES model is summarized in

Algorithm 1 with the step at which we can apply the martingale correction highlighted in blue.

Algorithm 1 Signature of pathwise Expected Signature (SES), training and testing

Hyperparameters Signature truncation levels: ki, ko € N. Linear regression regularizers.
12 Toput (X" byt 56) e LK bnens 1) ez where X7 € ROV and y; € R
cdy = d4 -+ d" and dy «— dy 4 -+ di2.
. for i € Tipain U Liest dO

Pathwise ES of {X"}en;: & € RIM & o N1 T <ki, 1<m< M.

Signature of ®%: S? « SSkZ(CI)i)[Qﬂ € R,
: end for
. Fit linear regression: 8 = (3o, ..., Ba,) + LinearRegressionFit({(S%, ¥;) }icTuum)-
. Predict using fitted linear regression: {f; }iez,,., + LinearRegressionPredict(8, {S}icz,..,).

© 0 N G A W N

: Output Performance metric: L({J; }ieTiu» {¥i bicTiow )

We repeat two of the synthetic data experiments conducted in Lemercier et al. (2021), analyzing
the performance of the SES model without and with martingale correction (MC). In the first
experiment (Lemercier et al., 2021, Section 5.2), the task is to infer the temperature of an ideal gas
from the paths of N = 20 particles moving in a box. The dynamics of the system are inevitably
linked to the radius of the particles, with larger particle radii resulting in more frequent collisions.
Two settings®® are therefore considered, one with smaller particle radii r; = 0.35 x ¢/V/N and
one with larger particle radii ro = 0.65 x /V/N. The second experiment (Lemercier et al., 2021,

Section 5.3) concerns the estimation of the mean-reversion parameter in a rough volatility model.

N

More precisely, the task is to infer the value of a € [1075, 1] from a sample {o7}Y_,

of (discretely
observed) paths ¢” = {0}, t € w} over the partition 7 = {0,0.01,...,2} with continuous-time
dynamics

dZ; = —a(Z; — p)dt + vdBl, o, =expZ;, te€0,2],

where {Bf!, t € [0,2]} is a fractional Brownian motion with Hurst parameter H = 0.2, u = 0.5,
v =10.3 and Zy = 0.5. The performance of the model is evaluated with increasingly large collections
of paths as inputs, i.e. N = 20,50,100. As expected, the model becomes more accurate as the
number of paths increases. We refer to Lemercier et al. (2021) for more details on the two
experimental setups.

In both experiments, we keep the same training-evaluation pipeline as the one considered
in the original paper, namely nested k-fold cross-validation with 5 outer folds for evaluation

and 3 inner folds for hyperparameter selection (including the signature truncation k; and a

35V = 3cm® denotes the volume of the box in which the particles are moving.
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Lasso regularization parameter). We report the average out-of-sample mean-squared error (MSE)
and its standard deviation for the two experiments in Table 4.1 and Table 4.2, as well as the
t-statistic and p-value of a pairwise t-test between the MSEs of the two models. While the
results do not yield statistical significance there still seems to be a mild benefit in using the
martingale correction, especially when considering that the processes of both experiments are not
martingales3®. The code used to produce the results of Table 4.1 and Table 4.2 is available at

https://github.com/lorenzolucchese/distribution-regression-streams.

Predictive MSE [x1072]

r1=0.35x YV/N re=0.65x {V/N

SES 1.27 (0.23) 0.09 (0.03)
SES-MC 1.31 (0.45) 0.07 (0.02)
t-stat —0.29 1.41
p-value 0.79 0.23

Table 4.1: Ideal gas experiment of Lemercier et al. (2021, Section 5.2): SES model without and with

martingale correction (MC).

Predictive MSE [x1073]
N =20 N =50 N =100

SES 1.49 (0.39) 0.33 (0.13) 0.20 (0.08)
SES-MC 1.26 (0.48) 0.31 (0.09) 0.19 (0.05)
t-stat 0.87 0.63 0.29
p-value 0.43 0.56 0.79

Table 4.2: Rough volatility experiment of Lemercier et al. (2021, Section 5.3): SES model without and with

martingale correction (MC).

Time series classification (Triggiano and Romito, 2024)

The next model we consider falls under the general task of time series classification, mapping an
input path x € R¥™M t0o a class label ¢ € C. We will refer to this model as Gaussian Process
augmented Expected Signature (GPES) classifier. The input stream x is interpreted as a discrete-
time realization of a Gaussian process X ~ GP(u(t),2(t)) at points m ={0=1; < ... <tp, =T},
i.e. a realization of X™. Values of the process over a fixed set of in-fill points m = {s1 < ... < sps,}

can thus be sampled®” from the conditional distribution of X™ given the input X™, i.e. the

36In the first experiment one could intuitively argue that when the particle radii are large and collisions are more
frequent the motion of the gas particles could be somewhat amenable to the motion of pollen grains in water, the
original experiment which led to the “discovery” of Brownian motion by Scottish botanist Robert Brown in 1827.

37Super-sampling the input data to a collection of realizations from a Gaussian process, can be effectively understood
as a regularization by noise technique.
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conditional distribution X™2[X™ = x ~ N (fix ) s, Dx,m1,m0 ). Lhe expected signature of the process
X is then estimated from a collection of samples Xb™ U2 XN.mUT2 gych that X™™ = x and
X2 N (g 0> Dxomyome) for mo= 1,...,N. In Triggiano and Romito (2024) the authors
emphasize the theoretical and empirical importance of the tensor normalization introduced in
Chevyrev and Oberhauser (2018), ensuring the resulting expected robust signature is characteristic
for a larger class of processes. An important component of the GPES model is thus the (truncated
at level k) tensor normalization Ao : T5 ((R%)) — T ((R9)), controlled by the hyperparameter C.
For more details on the effect of the tensor normalization procedure and a sensitivity analysis®®
with respect to the hyper-parameter C' we refer to Triggiano and Romito (2024). When applying
the martingale correction to the GPES model we subtract the correction term &St (Xk””luﬁ)[oﬂ
to each ST (kalU”?)[O’T] , i.e. before taking the empirical expectation over the paths. The final
layer of the GPES model then maps the expected signature to a class by a combination of a linear
transformation and a softmax output activation. The forward pass through the GPES model is

summarized in Algorithm 2.

Algorithm 2 Gaussian Process augmented Expected Signature (GPES) classifier, forward pass

Hyperparameters Signature truncation level £ € N, tensor normalization parameter C' € R,
data augmentation size N € N, in-fill partition mo € Af\é%r] s.t. Ms € N.
Parameters Biases b, € R%, by, € R, byy, € R%u and weights W, € R&uxdin s, €
Ré=xdin T, € Rlowt*dsic where diy, < (d My + My + M), d, < d Ma, ds, < d Ma(d Mz +1)/2,
dsig < (d+ ... + d*) and doy; + [C].

1: Input x € R>*M1 and 7, € Af\(;{lzr’]-

C s, < b+ Wy(x, 1, m2).

: Lx,m,wz — by + WE(X, T, 7['2) and EX,m,Trz — Lxﬂrl,ﬂzLEmhM.

: forne{l,...,N} do

X X,

Sample X™™2 ~ N (flix 7y 95 Sxc,mp,m0)-

Signature of X»m1Um2: S — ka(X”’mU”?)[O’T]—éTSCSk(X"’”IUm)[O’T} € Rsie,

Tensor normalization: S™ <— A (S").

: end for

1
10: Expected signature ES « N SN s
11: Output ¢ + softmax(boyt + Wout ES).

Note that, unlike classic Gaussian process regression where the prior mean is assumed to be

constant p(t) = p and the prior covariance function
¥ :[0,T] — R4,

is parameterized by a kernel and the posteriors are computed by combining standard properties of

38Choosing a very large value of C' is in practice equivalent to not applying a tensor normalization.
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the multivariate normal distribution and the kernel trick®”, in the GPES model the conditional

mean and covariance functions

:LLX,7T1,7|'2 6 RdXM2 g RdMQ?

(x, 7, m2) € RIXMi o AML o AM2 o pd My+My+Mz oy
Zx,ﬂ'l,ﬂ'g c M(RdXMQ) o~ RdMQXdM27

[0,T] (0,7

are parametrized by linear transformations

Mx, w0 = b,u + WM(Xa 1, 7T2)7

T
ZX,ﬂ’lﬂrz = LX,7T1,7T2Lx77r1,7r27 LX,7T1,7T2 = by + WZ(Xa 7717772)7

where Ly x, , is a lower triangular matrix. The parameters b, by, W,, Wy, are learned along
with the output layer parameters bgy, Wout in the training phase via numerical optimization,
in Triggiano and Romito (2024) the authors use simple stochastic gradient descent (SGD). If
the timestamps 7 of the observations x are not provided, they need to be fixed and can be
regarded as hyperparameters of the model. The (way the) in-fill partition mo (is chosen) is instead
always set a-priori, with a natural choice for w3 being the set of mid-points of ;. Other model
hyperparameters include the signature truncation level k, the size of the augmentation N and the
constant C' controlling the strength of the tensor normalization, as well as the training procedure’s
hyperparameters (learning rate, batch size etc.).

We replicate the synthetic data experiments of Triggiano and Romito (2024). These consist of

three datasets:

(FBM) Two equally balanced classes with samples generated according to a standard Brownian
motion and a fractional Brownian motion with Hurst parameter H = 0.26 (both in dimension
d=1).

(OU) Two equally balanced classes with samples generated according to two different Ornstein-
Uhlenbeck (OU) processes (both in dimension d = 1).

(Bidim) Six equally balanced classes with samples generated according to six different bidimensional

stochastic processes (d = 2).

We refer to the original paper for more details on the way the datasets were generated. When
fitting the models we take the optimal hyperparameters cross-validated by Triggiano and Romito
(2024)%° and apply cross-validated SGD to the training dataset. That is, we use 80% of the training
dataset to iterate through SGD parameter updates, while keeping the remaining 20% of the training

39The Gaussian process regression model is then fitted by tuning the kernel hyperparameters (either via maximum
likelihood or cross-validation).

4°The only hyperparameter we modify is the truncation level k which we set to 4 for computational reasons (in
the original paper the optimal value was found to be 5 or 6, depending on the dataset). The hyperparameters and
the training and testing routines used to produce the results in Table 4.3 can be found at https://github.com/
lorenzolucchese/gp-esig-classifier.
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dataset (the validation set) to determine when the procedure has converged without overfitting. As
described in Triggiano and Romito (2024) the presence of the tensor normalization step often leads
to exploding gradients in the training procedure. We thus repeat the SGD routine over 5 different
parameter initializations and pick the model with best validation performance. The performance
on the out-of-sample testing datasets of the GPES model with and without martingale correction
is reported in Table 4.3. The output of the GPES model is by construction stochastic and hence
we repeat the evaluation of the model with 10 different seeds. In Table 4.3 we report the mean
accuracy and standard error of the model with and without martingale correction (MC), as well
as the results of an independent samples t-test between their accuracies. The results suggest the
martingale correction indeed improves the performance of the GPES model. Note that, as in the
experiments of the previous section, most of the processes in the three datasets are not martingales.
Moreover, the GPES algorithm estimates the expected signature conditional on X™™ = x, so
technically the martingale correction is biasing the estimator. The code used to produce the results

of Table 4.3 is available at https://github.com/lorenzolucchese/gp-esig-classifier.

Predictive Accuracy [%)]

FBM Oou Bidim
GPES 95.62 (0.18) 62.20 (0.70) 79.33 (0.46)
GPES-MC 95.26 (0.70) 88.26 (0.31) 88.97 (0.44)
t-stat 1.49 —101.92 —45.52
p-value 0.15 0.00 0.00

Table 4.3: Synthetic data experiments of Triggiano and Romito (2024): GPES model without and with

martingale correction (MC).

Generative time series modeling (Ni et al., 2022; Liao et al., 2024)

In the two papers Ni et al. (2022) and Liao et al. (2024) the authors introduce two signature-based
models for generative time series modeling. The unconditional setting considered in the first paper
is “nested” in the conditional framework of the second paper. We thus focus on the generative
algorithm introduced in Liao et al. (2024) the Signature-based Conditional Wasserstein Generative
Adversarial Network (SIGCWGAN).

We start by recalling the classical Conditional GAN (CGAN) framework. Given a background?*!
probability space (§2, F,P) on which we define two random variables X € (X,B(X)) and X* €
(X*,B(X*)), the aim of the conditional generative model is to simulate samples from the conditional
distribution p(x) = £(X*|X = x). The target distribution is usually approximated by v(09,x) =

g(09,%, - )itz where uz is a standard distribution with values in some space (Z,B(2Z)) which we

41 A1l measures are then defined as the push forwards of P by the respective random variables, e.g. X ~ p = X, P
and Z ~ uz = Z.P.
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can simulate from (e.g. a standard multivariate normal distribution) and g : ©9 x ¥ x Z — X* is a
“rich-enough” parametric function pushing forward samples of Z into samples of X*|X = x (usually

parametrized by a neural network architecture). The aim is to find the values of #9 € ©9 such that
IM(X) ~ y(egv X)7 X~ p,

where p denotes the distribution of X. In the (Conditional) Wasserstein GAN setting the quality

of the approximation is measured using the Wasserstein metric, i.e.

w(X) ~ 167, X)
— Wi (p(X),r(07,X)) =0

—  sup Exeeoux) [ (X)) = Exennos,x) [ (X)),
Il fllLip<1
where the second equivalence follows by the Kantorovich-Rubenstein duality theorem. Taking the
supremum over all Lipschitz-functions with Lipchitz norm bounded by one is not computationally
feasible and hence this set is approximated by another “rich-enough” class of parametric functions
d: 0% x X* — R (this is also usually parametrized by a family of neural networks, with weight
clipping or a penalty term added to ensure the derivative remains bounded by one). Training a

CWGAN thus reduces to solving the mini-max problem

. d * d *
pin, max, ExpExcempu(x) [d(07, XF)] — Ex <99, x)[d(0%, X7)]],

where the family of functions g is usually referred to as the generator and the family of functions d
is the discriminator. As pointed out in Liao et al. (2024) training a classical CWGAN can be hard

for two reasons:

e Adversarial training of the min-max problem is in practice difficult to tune and very sensitive

to the choice of hyperparameters and discriminator.

« In the conditional setting, for each parameter 8¢ € ©¢ encountered in the optimization
procedure one needs to compute Ex-.,,(x) [d(6?,X*)] (and the corresponding derivative in
69). By the Doob-Dynkin lemma this is a measurable function of X satisfying

Ex | ((6%, X) = Excero (6%, X)) | = wednt B (4007, %) - hx) ]

and hence, in practice, a third function approximation is usually employed approximat-
ing Ex«(x) [d(69,X*)] = hga(8",X). This leads to additional complexity in the training

procedure.

In the context of conditional time series generation the random variables X € R¥*M and

X* € R*M« are taken to be past and future values of a times series over M + M, steps. Given the
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values X = x of the time series over the past M time steps one wishes to sample from the distribution
of the time series over the future M, times steps. The random variables X and X* can be understood
as discrete-time observations of the processes*? X € BV ([0,7],R?) and X* € BVo([T, T + Ti], R%)
(these latent continuous-time processes may just be the linear interpolations of X and X*). The
authors in Liao et al. (2024) hence propose to adapt the CWGAN model in the context of time
series data by exploiting properties of the signature. Motivated by the universality theorem of
Levin, Lyons, and Ni (2016) and the characteristic property of the signature, the authors propose
to replace the W; metric in the CWGAN model by the Sig-W; metric, which has the analytic

representation

Sig-Wi (11, v) = |Es~s, u[S] — Esws, (S]],

where S, denotes the push-forward of the measure y on BV([0, 7], R?) to T((R**1)) by the
signature transform S : Up<r, <rp BVo([71, 7o), RY) — T((R%*1)). Since the Sig-W; metric admits
such analytical representation this means there is no need to resort to a duality theorem to compute
it and hence there is no need for a discriminator d. The min-max problem is thus reduced to a
standard supervised learning framework for the parameters 689 € ©9. Moreover, by applying again

the bijective property of the signature, note that letting S = S(X) we can write

ES*~S*M(X) [S*] = ES*NS*us(S)[S*]a

where p15(8) := u(S7H(S)) = (S H(S(X))) = u(X). The universality of linear functionals on the

signature (Levin, Lyons, and Ni, 2016, Theorem 3.1) then motivates the approximation

* *1\21 __ . * 2
Es~s.ul(8" — Egens.us(s)[8])] = h:T((Iéglfl))_}RESNS*u[(S h(8))7]
measurable

~ inf Ess..[(S* — L(S))%,
prih L B8 sl( ()71
linear
and hence Eg-.s, ,,4(s)[S*] = ﬁ(S) Training a SIGCWGAN thus reduces to linearly regressing the
future signatures S* = S(X*) against the past signatures S = S(X) and then finding

992& EXN#[Hf:(S(X)) = Exx (9,50 [S (X)]]]-

We leave the form of the generator g unspecified, in Liao et al. (2024) the authors use an Autore-
gressive Feed-forward Neural Network (AR-FNN) generator. It is thus clear that the SIGCWGAN
model does not suffer from the two challenges associated with the training of classic CWGAN

discussed above.

The SIGCWGAN model has been applied to the (conditional) generation of price paths, which

“2Here BV (I, R?) denotes the space of continuous d-dimensional paths of finite 1-variation starting from the
origin, with the Oth coordinate being the time dimension.
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— up to a reasonable approximation®?

— can be regarded as martingales. We hence now discuss
how the martingale correction introduced in Section 4.6.1 can be employed in the context of the
SIGCWGAN algorithm. Effectively, there are two steps of the SIGCWGAN algorithm which we

can modify to use the martingale correction:

« When estimating the linear regression coefficients L we can use the values of the future
signature corrections as controls. More precisely, when regressing S’ (X*)r,r4+1.) onto the
past signatures {SJ(X)[QT}, |J| < ko}, we can add S’CI(X*)[T7T+T*] as a control since, if
{X¢, t €[0,T + 7]} is a martingale, we have

E[SI X)) iy SX)p,m] = BIESI X)) i rim) [ Fr]S(X)o,m] = 0.

This is an extension of the martingale correction approach from the simple control variate
estimation problem introduced in Section 4.6.1 to a more general controlled linear regression

setting. We refer to Appendix 4.F for more details on controlled linear regression.

o When computing the expected signature under the synthetic measure X* ~ (09, X). Here we
apply the standard control variate martingale correction described in Section 4.6.1. One might
decide to introduce the correction at a later stage of training when samples from v(09,X) are

closer to the reference measure p(X) = £(X*|X) under which X* is a martingale.

We report the original SIGCWGAN training algorithm in Algorithm 3, highlighting the two
points at which we can use the martingale correction. Note that when applying the martingale
correction term we are biasing the SIGCWGAN model towards producing paths with martingale-
like properties. This may or may not be a desirable feature depending on the task at hand.
Code implementing the SIGCWGAN model with martingale correction is available at https:

//github.com/lorenzolucchese/conditional-sig-wasserstein-gans.

Pricing path-dependent derivatives (Lyons, Nejad, and Pérez Arribas, 2021)

The next application we consider is a purely financial one. The objective is to price and hedge path-
dependent derivatives by decomposing them into a set of atomic Arrow-Debreu-like securities. While
in Lyons, Nejad, and Pérez Arribas (2021) the authors consider a more general setting, for brevity
we focus on the case where the (discounted) price process X is assumed to be a semimartingale.
Let X = {Xy, t € [0,T]} be a semimartingale on the probability space (2 = C([0,T],R), F,P) and

denote by Q%L the set of realized (time and lead-lag augmented) price signatures, i.e.
OF = {SE") ) € T(RY) : X = {(t,X), ¢ > 0}},

where we refer to Lyons, Nejad, and Pérez Arribas (2021, Definition 2.14 and Example 2.15) for

the definition of the lead-lag augmentation but, for the purposes of our discussion, it is sufficient

431.e. modulo risk free rate and market price of risk.


https://github.com/lorenzolucchese/conditional-sig-wasserstein-gans
https://github.com/lorenzolucchese/conditional-sig-wasserstein-gans
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Algorithm 3 Signature Conditional Wasserstein Generative Adversarial Network (SIGCWGAN),
training

Hyperparameters Signature truncation levels k, k* € N, # of Monte Carlo samples N € N.
SGD hyperparameters (learning rate n € R4, batch size B € N, # of epochs Nepochs € N).
Parameters 67 € 609,
1: Input {(X?, X*)};e7,.... such that X' € Qy([0, 7], R?Y) and X*¢ € Qo([T, T + T],R%) are linear
interpolations of the streams X’ € R™>*M and X** € R>*M= for all i € Zirain.
. for i€ 70 ,;, do
Compute S; « Sgk(X")[OvT}.
Compute S; . + S<F(X) 147, Siew = S5 (X)) rrym)-

: end for

. Tnitialize 9 € ©9.
: for n € {1,..., Nepochs } do
Randomly partition Ziain = Ué\i”i‘“hf’

2

3

4

)

6: Fit linear regression: Lj < ControlledLinearRegressionFit({(S;, SZ{ o Si[’ D YieTopa )y ] < K
7

8

9 train

10: for b e {1,..., MNpaten} do

such that |Z?

train| -

B for b = 1,.. -aNbatch'

11: Initialize £°(9) « 0.
12: for i € IV, do
13: Simulate N samples Z', ..., ZN ~ pz.
14: Generate N samples X*1 . Xx6N. Xoin o g(ég,Xi, Z"), ne{l,...,N}.
5 Hi INi,E1 7,1 A ey *
15: ES &7, &} op " (X%) = 5 oL [9T (X p ppery =10 SEE ) i ], [ <K
16: Update £°(G9) « £b(09) + ||LS? — 7.
17: end for
18: Compute Vgol?(69)|,,_g, via backpropagation.
19: Update 69 < 09 — 1 Vg l°(69)|py_ss-
20: end for
21: end for

22: Output Trained parameters 69 € ©9.
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to note that it is uniquely defined through Stratonovich integration. The authors then consider
the market (Q%, B(QKY), {F;, t € [0, T]}, PMY) where PM is the push-forward of P onto QFF. By
defining the set of derivative payoffs as all measurable F' : QI:;L — R, i.e. for a given price realization
X the holder of the derivative receives F(S (XLL)[O’T]), in Lyons, Nejad, and Pérez Arribas (2021,
Proposition 4.5) the authors use the universality of the signature to show that any continuous
payoff F' can be arbitrarily well approximated by a linear payoff*4. In particular, this implies the

price of any such F' can be decomposed as
ER[Zr F(S(X") o)) = (f, ZrE[SE™) 0.1)),

for a set of linear coefficients f € T((R*)*) where Q is a pricing measure for X and Zr is a deter-
ministic discount factor over [0, T]. The set of signature payoffs {5’ (XLL)[()’T], I e W({1,2,3,4})}
can thus be understood as a set of Arrow-Debreu securities spanning the set of continuous path-
dependent derivatives F'. Similarly, in Lyons, Nejad, and Pérez Arribas (2021, Proposition 4.6) the
authors show that linear trading strategies are dense in the space of admissible trading strategies
A, here defined as the set of all continuous functions 6 : S (X)[Oﬂ — 6(S (X)[O,t]) over the stopped at

t € [0, T] time-augmented price path signatures, i.e.
0(S(X)p.) = (6,5X)y), Vit € [0,T],

for a set of linear coefficients £ € T((R?)*). These two results are then combined in Lyons, Nejad,
and Pérez Arribas (2021, Theorem 4.7) to show that the solution of the quadratic P-hedging

problem®

0" = ar@grjin EP (F(S(XLL)[QT]) —Ppo— /0 Q(S(X)[O,t])dxt> ) (4.6.5)
€

can be arbitrarily well approximated by the solution of a linear signature quadratic hedging problem,
i.e.

0" (S(X)jo.) = (€5, SX)o), te€[0,T7,

where ¢* € T((R?)*) can be computed by

0" = argmin ((f — po@ +€4)LU2,EP[S(XLL)[O,T}]>~
eT((R2)%)

These theoretical results suggest both a pricing and a hedging strategy for path-dependent

46

derivatives based on expected signatures®, summarized in Algorithm 4 and Algorithm 5. Both

44Note that the approximation of F' by f does not depend on the choice of probability measure P, i.e. it is a
pathwise density result. In Algorithm 4 and Algorithm 5 we thus assume that f has been estimated offline (i.e. for
any model) by linearly regressing F(w) against w for a large set of w € Q.

45For conciseness here we only discuss the quadratic hedging problem, in Lyons, Nejad, and Pérez Arribas (2021)
the authors obtain results for general polynomials which allows them to also approximate the optimal hedge under
exponential utility.

46 As discussed in Pérez Arribas et al. (2018, Section 6.1) the expected signature under the measure Q can
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Algorithm 4 Pricing Path-Dependent Derivatives with Expected Signatures

Hyperparameters Signature truncation levels k, number of Monte Carlo samples N € N.
Parameters Risk-neutral measure Q, deterministic discount factor Z7 € R, linear approxi-
mator f € TF((R*)*).

Input Derivative payoff F : Q%L - R.

Sample N trajectories X', ..., XN ~ Q.

Compute time-augmented lead-lag transforms XL for n € {1,...,N}.

Compute S" € TF((R*)) s.t. S? « SI(X”’LL)[QT], |[I| <kforne{l,...,N}

Estimate ® € T*((R*)) s.t. @7 « ¢2(T), |I| < k from {XWLLAN

Output Price p = (f, Zr®).

Algorithm 5 Hedging Path-Dependent Derivatives with Expected Signatures

Hyperparameters Signature truncation levels k, number of Monte Carlo samples N € N.
Parameters Real-world measure P, initial capital py € R, linear approximator f € T#((R*)*).
Input Derivative payoff F' : Q%L — R.

Sample N trajectories X!, ... XN ~ P.

Compute time-augmented lead-lag transforms XLl for n e {1,...,N}.

Compute S" € TF((R%)) s.t. S? « SI(X”’LL)[QT], |[I| <k forne{l,...,N}

Estimate ® € T*((R%)) s.t. @7 « ¢3 (T, |I| < k from {XLLIN_

0 ¢ inf i) (@) ((f —poD + £4)"2, ®).

Output Hedging strategy ¢ — (£*,.5(X)[0), t € [0,7T].
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algorithms make use of expected signature estimation via Monte Carlo simulations, an approach
that provides a classic setting for applying the martingale correction described in Section 4.6.1
(recall that by Remark 4.6.3 and the Lead-Lag discussion at the start of the section we apply the
correction only to signature terms with the process X appearing in the outer integral). Note that
price processes under P (as considered in the hedging setting) are usually not martingales and
hence it is not clear whether the variance reduction for the Monte Carlo estimator of the expected
signature obtained via the martingale correction offsets the introduced bias. On the other hand,
when pricing under Q, the (discounted) price process X is a martingale and hence the correction
term is exact. In Figure 4.13 we compare the finite sample properties of the expected signature
estimator with and without martingale correction when the price process is assumed to follow a
Brownian motion, in the context of option pricing this is known as the Bachelier model. Similarly,
in Figure 4.14, we plot the densities of the two estimators under the Heston dynamics specified in
Section 4.5 (we only correct the estimator for signature terms corresponding to words ending in the
index 0, i.e. whose outermost integral is with respect to the price process S;). In other words, in
Figure 4.13 and Figure 4.14 we overlay the density of the expected signature estimator g%vw (T)
under the i.i.d. sampling scheme reported in Figure 4.6 and Figure 4.9 with the density of the
martingale corrected expected signature estimator Aﬁv’ﬂ’c(T). Note that the y-axis is now in log

scale.

Systematic trading (Futter, Horvath, and Wiese, 2023)

The last application we consider is also motivated by a financial application and can be understood as
a natural extension of the quadratic hedging problem given in Equation (4.6.5). In Futter, Horvath,
and Wiese (2023) the authors consider the same setup as in Lyons, Nejad, and Pérez Arribas (2021)
but allow the trading strategy 6 € A to depend on the signature of the augmented process

Z= {(t,X;,£,), t €[0,T]} € C([0, T], RIFd+9),

where X = {X;, t € [0,T]} € C(][0,T],R%) is a d-dimensional price process and F = {f;, t €
[0,T]} € C([0,T],R?) is a set of g observable but not tradable factors (or signals) influencing X.
Again motivated by a universality result of the signature the authors approximate any such trading

strategy by a linear one, i.e.

HZ(S(Z>[O,1€]) ~ <£i7S(Z)[O,t]>7 (S {17 s 7d}7 te [07T]a

alternatively be estimated in a model-free way from the market prices of a large enough set of exotic derivatives,
yielding the implied expected signature. Here we assume the measures P and Q have been appropriately calibrated to
market data.
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for some set of linear functionals /1, . .., ¢y € T((R'T4+9)*). The authors then show that an explicit

solution to the path-dependent mean-variance problem

d T . '
el = argmin E¥[PnLz], where PnLy = Z/ (Ui, S(Z) 10 4)d X3,
b lg €TF (RIF449)%) i=1"0
Var(PnLp)<A

for arbitrary truncation level £ € N can be read from the entries of
1 1 des k
mzsigusig e R™e, dy,=d+...+d(1+d+q)",
where g5 € R%ie and Ysig € Ré%ie¥dsis and Ay € Ry only depend?” on the expected signature
EP[S(ZM)0,1)-

A standard way of applying the sig-trading strategy in practice is given in Algorithm 6.
Note that in real financial markets price and signal paths cannot be resampled and hence the
collection {(X",F")}_; can only be obtained by chopping-and-shifting a single long observation
{(Xy,£), t € [0, NT]}. In this respect, the sig-trading algorithm provides a striking example of a
setting where the sampling scheme cannot be considered i.i.d. and hence one needs to resort to the
results of Theorem 4.4.29 to obtain theoretical guarantees for the expected signature estimator.

A silent but fundamental assumption?® is that the market dynamics of the collection of past
price-factor paths {(X" F")})_; used to estimate the expected signature will be the same as those
of the future price-factor process (X*,F*) to which the trading strategy will be applied. Using
the martingale correction for estimating (some of the entries of) the expected signature, induces
a bias to “ignore” the drift component of the signature term. For example, the first level of the
martingale-corrected expected signature is always zero. This might be a desirable feature to avoid
over-fitting the trading strategy to spurious drifts in the data (for example in the price processes X
(Buehler et al., 2022)) while capturing higher order effects. As with other applications discussed in
this section, the usefulness of the martingale correction in Algorithm 6 can be empirically assessed

via cross-validation.

4.7 Conclusions and outlook

In this chapter, we developed a unified framework for the statistical estimation of expected signatures.
Theorem 4.4.19, Theorem 4.4.29 and Theorem 4.4.34 provide quite general conditions on the process
X ensuring the expected signature estimator is consistent and asymptotically normal. In particular,
the latter two results relax the independent observations assumption and consider the case where

the samples are obtained by chopping a single long realization of the process, as is often the case in

47As in the mean-variance optimal portfolio, the variance scaling parameter Aa € R, also depends on the target
variance A.

48Clearly, this assumption is not specific to the sig-trading strategy but applies to any trading strategy that tries
to learn patterns from the past to profit in the future.
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Algorithm 6 Signature Trading

Hyperparameters Signature truncation level k£, maximum variance A € R.
1: Input Collection of price-factor paths {(X",F")}_, where X" = {XP, t € [0,T]} €
C([0,T],R%) and F" = {f}*, t € [0,T]} € C([0,T],R?) for n € {1,...,N}.
Set Z + {(t, Xy, £), t € [0,T]}.
Compute time-augmented lead-lag transforms Z™" for n € {1,...,N}.
Estimate ® € TF((R'49)) s.t. ®; « @3 (T), |I| < k from {ZWFEAN_
Compute Aa, lsig, Ysig from corresponding entries of .
Extract £* from corresponding entries of (2AAXsig) L sig for i € {1,...,d}.
Output Trading strategy t — (%, S(Z*)[Qtp, ie{l,...,d}, t€]0,T] for new (X* F*).

applications. When X is a martingale we can improve the finite sample properties of the estimator,
i.e. its mean-squared error, by adding a correction term. The practical advantages of the modified
estimator are not limited to the case where the process is a martingale, as illustrated by the
empirical results of Section 4.6.2.

We hope this work will serve as a starting point for developing more estimation results for
expected signatures. There are many generalizations of our assumptions that one may explore.
These include but are not limited to: different sampling schemes, e.g. chopping a single long
realization into overlapping samples as discussed in Remark 4.4.17, or different ergodic assumptions,
e.g. non-stationary samples converging to a stationary distribution as in Remark 4.4.18. Moreover, as
discussed at length in Chevyrev and Oberhauser (2018), by considering a tensor-normalized version
of the signature one can obtain more general characterization results than in the un-normalized
setting. A natural extension is thus to develop asymptotic results for the expected robust signature
estimator, which we briefly touched upon when discussing the GPES model in Section 4.6.2. Finally,
there are many machine learning applications that one may consider other than those discussed in
Section 4.6.2. These may be tackled by developing new expected signature-based algorithms or by

improving already existing ones, like we demonstrated with the martingale corrected estimator.



Appendix

4.A Brownian motion: proofs

4.A.1 Proof of Theorem 4.2.1

Proof of Theorem 4.2.1. The result can be equivalently restated as Vk > 0, t € [0, 7]

k/2

1 t k/2 d
— | = e @ e; ) if k is even,
o(t) =E {Sk(E)[wﬂ =< (k/2)! (2) (; ) (4.A.1)
0, if k is odd.

We proceed by induction on k. Note that for k = 0 the result is trivial while for kK = 1 we can easily
compute

E [Sl(B)[o,tﬂ —E [/OtdBu} =E[B] =0, tel0,T].

Now for general k > 2 we have that

E[Sk(B)[O,ﬂ] -k // 0dBy, ® - ®odBy,

O<ur<...<urp<T

i 1
0 g 2< // odBu1®--~®OdBuk1»B->t

O<ur <...<up_o<-

T
lf (o] etbaoseisa Yo
0

O<ur<...<up_1

—~
=

i) 1 :
N R P
t

O<ur<...<up_1

iii) 1 </< // odBm@...@odBqu)@dBuk1,B.>
0 t

0<’U;1<...<’U4k,1

) 1 t

0<uy <...<Up_1

o) 1 [t -
(:)5/ E // odBy, ® - ®o0dB,, ,| ® (Zez‘@ei) dug—1
0

O<ur <...<up—1 =1

(i) 1 t B d
=1
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where in (i) we apply the Stratonovich-to-It6 transformation, in (¢i) the mean-zero property of the
It6 integral, in (7i7) the Stratonovich-to-1t6 transformation again and the fact that the Stratonovich-
to-Itd correction is a finite variation process and thus has zero quadratic variation, in (iv) the
formula to compute the quadratic covariation of two semimartingales (Protter, 1990, Theorem I1.29),
in (v) the formula for quadratic variation of a d-dimensional Brownian motion and in (vi) the

inductive assumption. ]

4.A.2 Proof of Theorem 4.2.3

Proof of Theorem 4.2.3. Since BM is piecewise linear we have that

A

S(BM [0 mA] — ® exp®{Bt]+1 - j}’

and thus
m
¢M(mA) =E | Q) expe{By;,, — B} | = E [expg {Ba}] ™"
follows from B having independent and stationary increments and |tj;1 — tj| = A for all j =
0,...,m — 1. Moreover we can write
<1
E [expg{Ba}] = Z kz'E [(BA)G%]
where

E[(Ba)®"] Z E[BA" - (Zk)] Rier €
IeWy,
= Y EBYY]-E[BYY] @icr e
IeWw,

Finally, the fact that E[B}] = t*/%(n — 1)!! if n is even and zero if n is odd implies

k/2 — ... - if i
E[B”l(l)]---E[B"d(I)}: AFE(ny () — DI+ (ng(I) — D! if I is even,

0 otherwise.
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4.A.3 Proof of Corollary 4.2.5

Proof of Corollary 4.2.5. Note that from Theorem 4.2.3 we can write ¢™ (mA) = ¢M (A)®™ and
thus

SM(mA) =g (A = Y (R eM(A)
kl,m:kaO l:l
k1+-+km=k

Z ® ¢%I(A), if k is even,

lregm>0  1=1

0, if k£ is odd.

since qb% (A) =0 for all k£ odd. The result follows by noting that Theorem 4.2.3 gives Vj > 0,

Cr (AY
¢ (D)= > ],I(> Qiel €i-

2
Ieka;

4.A.4 Proof of Theorem 4.2.6

Proof of Theorem 4.2.6. We start by considering ¢™(A) and ¢(A). By setting m = 1 in Corol-
lary 4.2.5 and t = A in Equation (4.A.1) we can write for k£ > 0:

<2> (k/2)! > Cr®icrei— Y ®icreip,  if kis even,

Ieky I1€Sy,

(D)) — d(A) =

0, if k£ is odd,

where S C K}, is the set of all square words of (even) length k, i.e. I = (i1,41,...,1/2,1x/2) for
i1, 5ik2 € {1,...,d}. When k € {0,2} one can easily check that Sy = K and C; = 1 for all
I € K, thus

PY(A) = ¢r(A) if k is odd or k € {0,2}. (4.A.2)

For I € W, with k > 4 and even we have:

k/2
(A> ! (C[—l), if I € Sy,

2) /)
¢§V[(A) - ¢I(A) - (2) (k/12)' Cr, if I € K \Sk

0, if[%Kk.
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Note that C7 denotes the ratio between the total number of ways of arranging k objects in groups
of size ni(I),...,nq(I) with and without fixing pairs. Thus Cj € [0, 1]. For k > 4 even we can thus
bound

k/2 k/2
o) -l = X (5) G-+ > (2) i

IeSk

()

) (dj)m o

IN

|Sk‘ + Z Cr
1€k

IN

since |Sy| = d¥/? and

{I € Ky :ni(l) = 2na,...,na(I) = 2nd}|<n1 k/Q nd)

So= %

IeKy, ni,...,ng>0 g
2nq+-+2ng=k 2ny,...,2nq

= 3 < k/2 ):dk/Q. (4.A.3)
ni,...,Ng

ni,...,nqg=>0
2n1+--+2nqg==k

Now, to propagate the estimate to time horizon T" we note that

p(mA) @ oM (M = m)A) = ¢((m +1)A) @ oM (M —m — 1)A)}

||
=)

is
HO

{
{¢ (mA) @ 6M(8) @ ¢ (M —m —1)A) = g(mAd) ® $(A) @ " (M —m —1)A) }
-4

o(mA) @ [¢M(A) = o(A)] @ " (M —m—1)A)],

0

3
]

where we use the fact that ¢((m+1)A) = ¢(mA) @ ¢(A) and M ((m+1)A) = ¢(A) @ M (mA) for
m =0,..., M —1 which follows directly from the explicit forms of ¢ and ¢ given in Theorem 4.2.1

and Theorem 4.2.3 respectively. We can hence bound

lex" (T) — éw(T)]l,
M-1
< Z H( ) [64(a) - ()] © 6™ (1 —m - 1)) |
95 5 lon ) [624(8) — b ()64 —m— DA

m=0 nj,n2,n3>0
ni+ns+nz=k
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k1 k2 — — k3
S (mAy L (YL (MM DAYEL s even

y |
@) | m=0 ki kaks>0 2 kA2
< k1 +2ko+2ks =k

ko>1

0, otherwise.

where in (i) we use the fact that ||v ® w||y < ||v||1]|w]||1 for v € (R)E™, w € (R})®™ in (ii) for the
middle term we apply Equation (4.A.2) and Equation (4.A.3) and for the first and third terms

9 kL= 2o\ "o )> if k even,
or(mA)|ly = > [r(mA))| (k/2)''\ 2 (k/2)I \ 2
e 0, if & odd,

and

[t s, = S TTIed @

Bty km>0 1=1

1ok =k
1 dmA\ F/?
Z H ||¢23 M = () ) if k even,
) i T = (k/2)! \ 2
2j1+42jm=k
0, otherwise,

since for k£ even one can compute

Y IMed@h= Y 11 .J‘r@)

Glyeensim>0 1=1 J1eJm 20 1=11€Ky;, Jr
2j1++2im=k 2j1++2jm=k

ANF2 Hm 1 5
B <2> J! ci
jl,...,jmzo =1 ' IE’ngl
2j1++2jm=k

-(3)7 x e

om0 i
2j1+~-~+2jm—k

_dANR? k/2
(2> (k/2)! »%20 (jl,...,jm>

J1,
21+ +2jm =k

N (dn;A>k/2 (k/12>!'

To finish the proof we can manipulate the previous bound as follows when k£ > 4 and even

(]

lor" (T) — éx(T)]l,
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<M*1 > (dmA)’“ 1, (dA>k21<d(Mm1)A)k31
- 2 k! 2 ko! 2 k3!

m=0  ky,k2,k3>0
2k1+2ko+2ks=k
ko>1

()L AY S k
—m" (M —m —1)%
2 k2 m=0  ki,k3>0 k!
2k1+2ks=k—2ko
da\"? L& 2 A
_ [ 2= e o /2—ko
(5 2wy M
< R _ /27’{32
<(3) X mamra
AN 1 "2 (k22
—oM [ 2= - M—1 k/2—k—2
(2) (/{:/2—2)!’;) p ) )
dANF? 1 .
=M | — MF/2=2
() @
dk/2—1A T k/2—1
(k/2—2)! (2)

4.A.5 Proof of Theorem 4.2.8
Proof of Theorem 4.2.8. We start by showing that

omg —or >0, M — oo.
Note that

o= >, (M) =t (T)? = > ¢x(T)—¢1(T)? =07, M — o,

Kelul Kelwl

by applying Theorem 4.2.6 to the word I and all words in I L1l I. Moreover, from Theorem 4.2.1,
recall that

T\%2 1
(2> 1 €8y, for some k > 0,

0, otherwise.
Thus if I = (i1, ...,4|7) ¢ Sax for all k£ > 0 we have that I? = (41,91, 47, %)7)) € I W I and thus

of = > ox(T) (T) = ¢r2(T) > 0.

Kelul
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If instead I € Sy for some k > 0 we note that there are (Qkk) ways of shuffling

{1, d0), - Gy i)y (15405 -5 (&7 ) b

i.e. the total number of shuffles of a word of length 4k with fixed pairs. All of the resulting

“fixed-pairs” shuffles are in Sy;. The word

(llvzla" . 7Z\I|72|[|7117217"' 71\I|77’|]‘>7

is also in I W I but is not a “fixed-pairs” shuffle. We thus have that if I € Sy,

oi =Y., ¢x(T)—¢1(T)

Keluwl
2k 2k
(2) @ (2) w

()
Tk2k 1
-(3) (ET5T

We can hence show consistency since

AV

|67 (1) =1 (1)|

L2
(@) || ~
< |6 N st @), + |01 (1) - 61(D)]
(@) opr g
< TR el (1) - ou(T)|
“, N, M — oo,

where in (i) we use the triangle inequality, in (iz) the formula for the standard deviation of N i.i.d.

random variables and in (iii) 03, ; — 07 as M — oo and Theorem 4.2.6. Moreover

VN /-
o (0MNT) = on(T)
OM,I \/N *M,N M \/N M
= — (T — 7))+ — T)— (T
o oy O @) = (D) + 2 (61 (1) = 61 ()
O-M’IZN’MJ + 0O <\/N> , if ’I’ > 4 is even,
_ or M
IM,I ZN.M,I, otherwise,
a1

where
N /.
Znan = = (67" (T) = 6! (T)) = N(0,1), N, M = o0,
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since, denoting by Fn ar,r the c.d.f. of Zn a7, and by @ the c.d.f. of a N(0,1) random variable, we
can apply the Berry-Esseen theorem (quantitative CLT) to the i.i.d. variables {S[(BM7H)[O,T]}'{’LV:1
to deduce Vo € R

C
Py () — @) < 0L

—0, M,N — o0,
O’M7[\/N

since 03, ; — 03 >0 as M — oo and

pum,g i=E {(S](I@M)[O,T] - E[SI(@MM)[O,T]])Y}

= 3 oMM =361 Y M)+ 20)(T)?

Kelwlwul Kelwl

= > or(T)=361(T) Y ¢x(T)+261(T)°
Kelwlwl Kelwl

=: pr < Q.

The CLT result then follows by combining the distributional convergence of Zn 1 with or/onr — 1
as M — oo, under the additional conditional that v/ N/M — 0 when |I| > 4 and even. O

4.A.6 Proof of Theorem 4.2.10

Proof of Theorem 4.2.10. Joint consistency follows directly from the element-wise consistency result

of Theorem 4.2.8, since element-wise convergence in L? implies joint convergence in L?.

For the joint asymptotic normality result, we apply the Cramér-Wold theorem (Billingsley, 1986,
Theorem 29.4). Let A € RIT\ {0} where |I| is the number of words in I and note

ofx = Var (A, S"(B) 1)) = (A, TiA) > 0,
since

ofx= > ML= D AAsCov (8T(B)pay, S (B )
I,Jel I,Jel

=2 /\IAJ{ > ¢K(T)—¢I(T)¢J(T)},

I,Jel KelwJ

(%)

ZZA%{ 5 ¢K<T>—¢I<T>2},
Iel Kelul

(4) 9 . 9
> ||A]|* mino7 > 0,
Iel
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using in (i) the fact that by Theorem 4.2.1 on can deduce’

> ¢x(T) = ¢1(T)¢s(T) 20, VI,J# (),

KelwJ

and in (i7) the fact that o7 > 0 for any word I # (), cf. (proof of) Theorem 4.2.8. Note that since
this holds for any A € R¥ \ {0} this implies ¥y is strictly positive definite.

For M > 1 we an now deduce
oir1a == Var (<A7 SI(BM)[O,TD) = (A ZaaA) = (A SIA) = 0fy, M — oo,
since for all j,k € {1,...,K}

E%’II : = Cov (SI(BM)[D,T]v SJ(BM)[O,T])
> k(1) — o1 (T)¢) (T)

KelwJ

= > ¢x(T) = ¢1(T)¢s(T) =St ;, M — oo,

KeluJ
by applying Theorem 4.2.6 with words I, J and all words in K € I L J.

Then, proceeding as in Theorem 4.2.8, we can show asymptotic normality of (A, g%iw ’N(T )) by

writing
VN ,
s (™M@ - o aumy)
onir VN /. - ; VN (30
_ IIA VN (5 GMN () - GT)) + L (0 G(T) — gn(T))
oL A OMIA ILA
N
IMIA 7 MI)\"‘O(\/»)? if 37 € I's.t. |I| > 4 and even,
_ ) o1 M
IMIX ZNM.Ixs otherwise,
o1

19We proceed as in Theorem 4.2.8 by applying Theorem 4.2.1. Note that if I ¢ Sa, for all k > 0 or J ¢ Say, for all

k > 0 then
S outr Y

KelwJ KelwJ

If instead I € Soi, J € Sz for some k,j > 0 we note that there are (k+j) ways of shuffling

{G1,11), ..., (ik, ix), (37,47), - . ., (37, i)},

i.e. the total number of shuffles of a word of length 2(k + j) with fixed pairs. All of the resulting “fixed-pairs” shuffles
are in Sy(x4;) and hence

> ox(T (T)¢s(T) > (k2]> (%)kﬂ (k-|1-j)! - (%)k % (%)J % -0

KelwJ
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where

VN

OM,I A

(2" M) = (A A1 (T))) = N (0,1), N, M — o,

ZNMIN =

by applying the Berry-Esseen theorem to the i.i.d. variables {(X, ST(BM )01 Yh=1 as in Theo-
rem 4.2.8. We have thus shown that for any A € R¥ \ {0},

VN (@) = (A 6(T)) 5 N0 0Fx = (A BIN)),

for any sequence (M, N) such that M, N — oo and, when |I| > 4 and even for some I € I,
VN /M — 0. The Cramér-Wold theorem then implies the desired asymptotic normality result. [

4.A.7 Proof of Proposition 4.2.12

Proof of Proposition 4.2.12. Note

Bk
Sk(B)[(),T] — // OdBul"‘OdB’ukflodBuk :?T7
O<uy <--<up<T :
T BS—I
[0 T] = / / -odBy, , 0dB,, ,dBy, = /0 = 1)!dBu7

O<uy < <up<T

and, by considering the pathwise evaluation of the stochastic integral (Karandikar, 1995), both

terms can be computed from a continuous-time observation Bjg 77

To compute the variance reduction factor (1 — p7) note

Bk
Var (Sk(IB%)[()’T]) Var < i )

2k -1
(2K 3 ) , if k odd,
B%k B% 2 k!
_E[W]_E[k'] 2k — 1) k—1)12
<( k:_‘2 L ;,2)" )Tk, if k& even,

T pk-l 2
(A (k—lﬂdB%>

1 T B 2k —3)1 (T ,_ (2k — 3)!!
— E B2k 2 du = / k ld — Tk
[CEE /0 B du E—D2 Jo T —Dw
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Bk T Bluc—l
= Cov (J,/O (k—l)!dBu>
[ BE T Bi:—l
-2 |(5) (] @)
[ Bk Bk 1 rT Bilj_Q
=k (k:'T> (le B 5/0 (i — 2)!d“>1

B 1 T k k-2
_E_k!2]_2(k—2)!k:!/o B |BrBI ) du
(2k — D)1, 1 /T “ (& k—i Ritk—2
= TF — E [(Br — B, B! d
k12 20k — 21! Jo ; i [(Br = BB ) du
_@E-DN 1 SN AW k—i i-+k—2
= L _Q(k—Q)!k!;) i /OE[(BT_B“) |2 B au
R CL Y1 1 k k\ [T . , (k—i)/2, (i+k)/2—1
- T s ; Z, /O(k—z—l)!!(k+z—3)!!(T—u) u du
i—i—k?)ven
2k — 1), 1 MRk —i— D)k 41— 3)! k/l ()2 (i +K) /21
= TF - T [ (1- /240 d
k12 20k — 2)1k! ZO ik — ) , (19 8 §
i+k_even
_@k—nn 1 Xk: Bk +i=2)! (k= 0)/2N(+k)/2- D!,
G 2(k — 2)'k! il(k — i) (k +i—2)!! k!
i+keven
2k — N, 1 Fo(k+i—2)
- T — SALEL A o
k12 2k (k — 2)!k! ZO il
i—&—k_even
k-, 1 S (ka2
=T LT o ;) i T
i—i—lc?zven
1 T\F)2k)! Ek: k+i—2
kN2 k12 prd i
i+k?3ven

We can hence explicitly compute

1 K2 & (k-2 T 1
— k k —
pk—Corr<S (B)[O,T}>SC(B)[O,T])—5I~: 2—% 1—® E < . ) > CRTS

i=0 t
i+keven

where

13 12
5k _ (1 — <2k)'(k/2>'2> if k even,

1 if k odd.
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4.A.8 Proof of Proposition 4.2.13

Proof of Proposition 4.2.13. Note

. . . BE
kM _ M M _ Br
0<u1< <up<T
R M-—1 Bffl
Sf(BM) 0 T] Z Sk ! ]BM)[O tm](Btm+1 - Btm) - = '(Btm+1 - Btm))
0 0 (k—1)!
by using
M-1 ¢ ¢ k
k(M —UIm
SFBM ) = 2l Z (o stmsa] () <Btm + m(Bth - Btm)) , k>1

This can be proved inductively starting from the base case k = 1 which follows trivially from the

definition of BM and then writing

gh+1 (BM)[O,t]

t A A
— / SE(BM ) g, BM
£ M1 w—1t k
- / k‘ Z [tm7tm+1 <Btm tm+1 _TT;: (Bt'yVLJrl - Btm))
u —_—
xd ( Z Lty ) (Btn m(Bth - Btn)>>
£ M-1M-1 w—t,, kB, B,
Tl I B — ™ (B _ B nt1 nq
/(\) k] = nz tm¢m+l [tn,tn+1]( ) ( tm tm-}—l o t ( tm+1 tm)> tn+1 _ tn
ML ptAtmgr | B, .. —B B, . —B
= / _ (Btm + M(u _ tm)) tm41 tm du
m=0 tAtm, k! tm+1 - tm tm—i—l - tm
M1 1 <B . By — Btm( . )>k+1r/\tm+1
= [ (k1) tma1 — tm m A
1 N B, .. — B, k+1
— ]1 t B m—+1 m _ t ) )
(k + 1)! mz::O [t7n7tm+1]( ) ( by, T bt — tm (u m)
To compute the correlation py s note
2k — !
(k'z)Tk if & odd,
. Bk '
Var (Sk(BM)[OyT]) = Var (J) =
— if k£ even,

2k — 1) (k—1)1? T
k2 k12
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R M-1 Bffl
Var (Sf(]B%M)[O,T]) = Var ( %]-)!(Btm-‘-l — Btm)>

M-1 Bkil 2
=K tim(Bt _ Bt )
= (k o 1)' m—+1 m
M-1 k—1 k—1
B~ B,
B N l(k: — ! (k—1)! (Btmsr = Bt )(Broy — Btn)]
m,n=0 : .
M-—1 1
— - 2k—2 _ 2
B — (k — 1)!2E [Btm } E [(Btmﬂ B,.) }
M-l
= 2 e k- Bt (tg1 — tm)
m=0 .
_ @k -3 (T)k Mg? mk
k-ne \ar) ="
and
Cov (S*(BM) 0.1, SEBM )0.1))
Bf B!
- o (kl’ m=0 (k — 1)' <Btm+1 N Btm)
Bk ~' B!
- l(') 2 oyt Bmes = Bun)
M-l )
— k k-1 B
C =Rk - 1)1E[BTBtm (Bt Btm)}

AR XN k 2%—j—1 1 »
= [ — —J— _ 1+ _ —1
o= kl(k—1)! JZ_;“Z(:] (H ik _j>E[Btm }E[(Btmﬂ By,) }E“BT By, ) ]

M-1 k J . . . .

1 2k —g—=2)NG —i— D (. . »
"X Gl = gk o e = )T )OO
m=0 j] O:dld ilo:dld
T\ 1 I ) N ,.
=\ —G+D/2( 01 — oy — 1)0-0)/2
M) = (k1) ; L GG - )Nk — ) (M —m —1)

4 odd ¢ odd

>k M-1  LkZD/2) g (2% — 27— 3)1

(k=11 gz% 2 i — o g =i M mm e

k—1)/2 ' ' ]
T Z%/J (2K — 2j - 3)! mk_j_lzjjﬂi‘
2/ (k —2j — 1)l =LA

J=0

Il
A~ P A~ A~

i
— o
—~
Ea
|
—_
S~—

B

1 W“_zl:)m (2k — 2j — 2)!
(k—1)! = 21k —j—1)!(k—2j— 1))

_1(T)’“M‘“(’”)/2J< 2%k — 2j — 2

Jok—j—1k—2j— 1>mk_j_1(M_m)j'
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4.B Semimartingales as canonical geometric stochastic processes:

proofs

4.B.1 Proof of Theorem 4.3.8

Proof of Theorem 4.3.8. This result also follows from the stronger convergence in p-variation given
in Friz and Victoir (2010, Theorem 14.16). Here we provide an alternative proof based on a simple

application of the Wong-Zakai theorem.

It follows directly from the definition that {S=(X)jy, t € [0,T]} satisfies the system™ of
Stratonovich SDEs

sk = Sk 1godX,, k=0,....K, tel0,T],

with initial condition Sy = 1 € T5((R?)). We can rewrite this component-wise as

s} = s o ax ) =37 fl(S) 0 dX P, te[0,T), (4.B.1)
=1

where for each word I = (iy,...,4;) with |[I| < K we have f{ : T ((R?)) — R maps

(81,esil—1) if i =i
s if i, =1
I M )
s fi(s) =

0, otherwise.

We can immediately observe that for any i = 1,...,d and word I with |I| < K the function f/
is “Fisk-Stratonovich acceptable” as defined®® in Protter (1990, Chapter V.5): it is Lipschitz
continuous with continuous partial derivatives given by

afll 1, ifJ:(Z'l,...,ikfl) and i = iy,

s BsJ(S):

0, otherwise,

*0Here and in what follows we adopt the convention that s* = 0 for any k < 0, s € T ((R?)).
5! Conditions (i) and () are satisfied with g/ = f{ because f/ is time-independent, non-random and bounded on
compacts where condition (¢) should be

F(t,0,%)— (0,0, %) = / 9(s,w,%)dA..
0
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for any word J with |J| < K, and the function

of! siobm=1) = 4f J = (i, ..., ip_1) and i = i and I, = [,
s L) o) =
s 0, otherwise,
is also Lipschitz continuous for words I, J as above and L = (I1,...,ly) with |L| < K. We can

hence apply Protter (1990, Chapter V.5 Theorem 22) to the Stratonovich SDE (4.B.1) to conclude
that the solution Sy = SX (X)j0, for t € [0,77] is unique and satisfies the It6 SDE

Bfl

(S £ (Sp) d[x ), X @],

dsf = ZfISth +5 Z > 3

1,j= 1|J\<K

= ikt ) 4 55,5’1’--"%—2) d[x -0, X)), ¢ e 0,7,
for each word I = (i1,...,1) with |I| < K. This can be rewritten in tensor notation as
dskF = SF~ ' @ dX, + %Sf‘Q ®d[X];, k=0,...,K, tel0,T]. (4.B.2)
The signature of X” is

SXMry = (1, ' XMy, SAX )y, ---) € T(RY),

with
SH (X)o7 = / / AXT ® - © dXT, k>1,

O<ur <...<urp<T
where the Riemann and It6 integrals coincide since X™ has almost surely bounded variation. The

truncated signature at level K of X™ thus satisfies the (It6) SDE
dsF = S 1 ®dXT, tel0,T], k=0,..., K.

We can then apply Konecny (1983, Theorem 1) to conclude that the truncated signature up to
level K computed from X", i.e. {S=F(X"), t € [0,T]}, converges uniformly on compacts in
probability to the solution {Sy, ¢ € [0, 7]} of the SDE (4.B.2), i.e. to {S<K(X), t € [0,T]} the

truncated signature of X. O

4.C In-fill asymptotics: proofs

We first establish a couple of useful lemmas which will be used repeatedly in the proofs of the in-fill
asymptotic results. The first is a basic result which is also applied in the proof of the stochastic

sewing lemma (Lé&, 2020).
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Lemma 4.C.1. Let {Z,, n=1,...,N} be a finite sequence of E-valued random variables in L™
with m € [2,00) and let {G,, n=1,...,N} be a filtration such that for eachn € {1,...,N} the

variables Z1, ..., Z,_1 are G,-measurable. Then

N N N 1/2
2 <3 ezl +20n (3 120
n=1 Lm n=1 n=1
Proof of Lemma 4.C.1.
N N N
Z Zn Z Egn [Zn] + Z (Zn - Egn [Zn])
n=1 Lm n=1 Lm n=1 Lm

1/2

N
m || D 120 — Eg,[Zn]|I?

n

< Z 1Eg,, [Zn]llLm +

Lm/2

:;7 1/2
< ZHEQn wlllLm + (Z 1Zn — Eg,[1Z H%m)
N
px

1/2
Z IEg, [Zn]llLm + Cn 1ZnlLm + ||Eg, [ n]IILm)2>

1/2

n=1

(v) N

< Z |Eg, [Zn]l|Lm + 2Cm (Z HZnH%m),
n=1 n=1

by using in (¢) the triangle inequality, in (i¢) triangle inequality and the Burkholder—Davis—Gundy

(BDG) inequality applied to the martingale {M,,, n =1,..., N} with M,, =>1"(Z; — Eg,[Zi]), in
(747) and (iv) the triangle inequality and in (v) the contraction property of condltlonal expectation.
O

Lemma 4.C.2. Let p,p1,...,p; € (0,00) U{+00} be such that 101_1 +... —l—pl_l = p~! then for any

set of tensors Ay € LP1((RY)®F1), ... A; € LPi((RY)®F)
AL @ @ Agllee S d | Al oy - ALl o -

~

Proof of Lemma 4.C.2.

[A1® - ® Allr < > AT - AP
(w17-~~7wl)€Wk1+...+kl
(%) w1 w,
= > AT [ por - 1A ]
(W1, W) EWhy 4.4k
< dBr TR A o A e

where Wy, = {1,...,d}"* denotes the set of words of length k and in (*) we applied the classical
Holder inequality. O
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4.C.1 Proof of Theorem 4.4.4

Proof of Theorem 4.4.4. Denote by {m,, n > 1} the signature-defining sequence of refining par-
titions of the interval [0,7]. Without loss of generality, we can consider {m,, n > 1} to be such
that m,11 is obtained from m, by adding at most one refinement in each sub-interval, i.e. for
each [s,t] € m, either [s,t] € mp41 or [s,u], [u,t] € Tt for u € (s,t). If not, one can consider a

super-sequence satisfying this property and then pass to the original subsequence.

In the following for any n > 1 and [s, ] € m, denote by m, (5, the restriction of 7, to [s,?] and,

abusing notation slightly, S(X™)(, 4y = S(X™mls1) (g 4.
Let [19,71] € my for N > 1 and note that for any k£ > 2 and n > N we can write

Sk(XwnH) _ Sk(Xﬂn)[To,Tﬂ — Z [Sk(an,t)[m’n] _ Sk(Xwn’s)[m,ﬁﬂ , (4,C.1)

[5715]671'”’[7-0’7—1]

[70,71]

where the partitions 7, s are defined as m, s = 7,41,0,5) U T [s,7], 1-€. for each [s,t] € 7, the
partitions 7, s and m,; differ by at most one point u € (s,t). Using Chen’s relation and the

definition of the tensor product we can write for each [s,t] € m, with refinement u € (s,t),

SEX™ ) 1) = S (X))
= ) ST, @ [SiQ (X4 g — 5 (X””)[s,tﬂ ® S (X™)pp- (4.C.2)

70,71]

11,12,13>0
i1+i2+i3=k

Note that for iy € {0, 1},
Si2 (Xﬂ7l+1)[s,t] - SiQ (Xﬂn)[s,t} = 07

and applying again Chen’s relation when iy > 2 yields
Szz Xﬂn+1 Z S] Xﬂ'n+l sl ® G2 J(Xﬂn-H ft] = ' Z (12> X®] X‘igh—j),

where we used the fact that if Y is linear over [s,t] then S(Y)[,4 = expg Y which also implies

. X?’LQ Xsu+Xu ®1i2 1 . .
S2(X™) 5 = — _ X , +) Sp > ®(X® ® X2 ))7

! ! i)
2 Tef01}2 i€

12! 12!

denoting by Z € {0,1}” a binary number of length iy with |Z| = Y ;.7 and recalling that
x®0 = 1,x®! = x for any x € R?. We hence have that

(X )y = SHX ™y = Y. Cr @ (XX ),
Ze{0,1}%2 i€l
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where for Z € {0,1}%2,

1 i2

— -1 if 7=(1,...,1,0,...

ig! [(I‘) ]7 1 (7 ) >O) 70)7
Cr =

1

o otherwise.
19!

Plugging this into Equation (4.C.1) via Equation (4.C.2) and noting that Cz = 0 for Z €
{(0,...,0),(1,...,1)} we can write for any N > 1,[r9,71] € mny,n > N and k > 2,

Sk(Xwn+1)[’m,Tﬂ - Sk(Xﬂn)[m,n]
_ Z Z Z CI Si1 (XWHJFI)[TO,S] ® ® (X®z ® X®(1 z)) Q Sig (Xﬂn)[t,ﬁ]'
[S t]Eﬂ' [10,71] 11,i32>0,12>2 IE{O 1}7‘2 1€L

UE(S t) i1tigtiz= k I#( )7(17 71)

We now proceed inductively to show that for any i € {1,...,k} and any [r, 71] € 7y with N > 1
the sequence {S"(X™)(; -1, n > N} converges in L™/ with rate O > T |) and

Sup  Sup “Si(XﬂN)[TO,Tl]”Lm’“/i < 0. (4'0'3)
N2>1[ro,m1]ETN

k' = 1. Note that for [rg,71] € 7y with N > 1 one has S (X™)

and

Xy foralln > N,

[r0,71] =

HXTO,TlHLm’C < ’7'1 - 7'0|Oé <T% < o0,

by Assumption (Aa). Hence S'(X)j 1) = Xo1 € L™ and the statement holds trivially.

Assume the inductive hypothesis holds for all 7 € {1,...,k'} with & € {1,...,k —1}. Then for
each [19,71] € my with N > 1 and n > N let

k' +1 n k' +1 n
HS (X H)[To,n]_s (X" )[To,ﬂ] Lmk/(K'+1)
< ¥ Y ol Y 2, RN¥eR)
i1,i5>0,i9>2 IE{O 1}i2 [$:t] €70, (70,m1] Lmk/ (k' +1)
i1+io+iz=k'+17£(0,.. ,0),(1,...,1) ue(s t)

where for each [r, 7] € 7y, ™, with n > N, iq,i3 > 0,i2 > 2 with iy +i9 + i3 = k' + 1 and
T € {0,1}*2 we define

i Tn i 1—i i Tn .
2Ly =S (X g © Q) (XS @ Xy ) @ S X™)n, [5,8] € T fry ) With € (s,8),
i€T

keeping only the dependence on Z for notational convenience. Note that by applying Lemma 4.C.2,
the inductive hypothesis and Assumption (A«),

Izl

Sil (Xﬂn+1) ||Xs,u ”Lmk HXU t ”ZI?""

5 |t_8‘i2a7

7] ‘

SZ& Xﬂ—n)[t 7’1}

T
12 gll s S | trosel | s J—
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T

and hence each Z[ -

| € Lmk/(K+1) Moreover, by a simple application of the triangle inequality,

7 .
Y Zig S D ftsE (4.C.5)
[$:1€Mn 70,711 Lmk/(K+1) [ )€ [r),7y]
uE(S,t) ue(s,t)

Hence, if o > 1/2, we have for each [rp,71] € 7N, ™, with n > N, dy,i3 > 0,ip > 2 with
i1+i2+i3:k’+1andIE{O,l}iz,

< ma?* 7 Hm = 7ol (4.C.6)
Lmk/ (k' +1)

Y. Zhy

[37t]€ﬂ-n,[7’0,7‘1]
uE(s,t)

If « € (1/3,1/2] note that if 7 is such that i3 > 3 then

S 1wl = 7ol (4.C.7)
Lmk/ (k' +1)

Y. Zhy

[Svt]eﬂ-n,[fo,'rl]
u€(s,t)

but if io = 2 then the bound Equation (4.C.5) is not strong enough. We can instead apply
Lemma 4.C.1 with the filtration {Gj,, [s,t] € mn} defined by

g[s,t] =FsV U(Xv,wa [’U, ’LU] € Wn,[t,T])7

by noting that each Z[I | with w < s is G5 y-measurable and mk/(k'+1) > 2 for all ¥ +1 < k.

v,W

This implies

Y. gy

[Svt]eﬂ-n,[‘ro,rl]
u€(s,t)

Lmk/(k'+1)

1/2
< ¥ HEg[S,ﬂ[Zﬁ,ﬂ]HW(k,m+( >4y, rimk/(km))

[S7t]e7r"![7'0!7'1] [s7t]67rn,[7'0,7'1]
u€(s,t) u€(s,t)
1/2
S \t—sm( > rt—sr4a>
[S,t]Gﬂ'n,[TO,Tl] [S,t]Eﬂ'n’[TO’TI]
u€(s,t) u€(s,t)
< |y |~ DA2a=1/2) (|7‘1 — 70| + |11 — 7‘0|1/2> , (4.C.8)

where we used the fact that for Z € {(0,1), (1,0)},

HEQ[s,t] [Z[Zs,t]] H

mk/ (k' 41)
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(@ 7 uy
= ’ ®S3(X n)[t,ﬁ]

S 007 ) 0B, | @ (K2R 0 X2 )

i€T Lmk/(k/+l)

(47) . i ®(1—i i

< st (Xﬁn+1)[T0,S] Lk Eg[w] [@ (ng ® Xu,g Z))‘| ‘ S (Xﬂn)[t,n] [mk/is
i€ [mk/2

D)

5 ‘Eg[syt] [stu ® XU‘?t] HLmk/2

(iv)

5 Efo,s\/ft,:r [XS,U ® X’u,,t] ’Lmk/2

(v)

5; ‘t - 8|67

by using in (i) measurability of S% (X7n4) o and Sis (X77)11,7,) With respect to G, 4, in (i7) Holder
inequality for tensors Lemma 4.C.2, in (7i7) the inductive assumption Equation (4.C.3) and the fact
that |[A@B|| = |B®A|| for any A, B € R%, in (iv) the tower property and the contractive property
of conditional expectation applied to G|y C Fos V Fir and in (v) Assumption (A3). Combining
bound Equation (4.C.8) when i2 = 2 and bound Equation (4.C.7) when iy > 3 with a € (1/3,1/2],
it follows that for each |19, 71] € 7, ™, With n > N, 41,43 > 0,i9 > 2 with i1 + i +i3 = k' + 1 and
Z e {0,1}%,

S || FmDAGDy — ). (4.C.9)
Lmk/ (k' +1)

Y. iy

[S7t}€7r’n,[‘r0,7'1]
u€(s,t)

A similar reasoning can be applied when a € (1/4,1/3] (and k > 3) by considering the cases
i9 > 4, i9 = 3 and i9 = 2 separately. The case ia > 4 follows directly from Equation (4.C.5),
the case io = 2 follows from Equation (4.C.8) and the case ia = 3 can be shown in the same
way as iy = 2 with the only difference being that we require Assumption (Av) to show that for
7 €{(0,0,1),(0,1,0),(1,0,0)},

2
S HE}—O,s\/]‘—t,T [X&u ® Xf?,t} H S |t - S|7’

mk/3 ™

[Bgr.(2E4]]

mk/ (K +1)

and for Z € {(0,1,1),(1,0,1),(1,1,0)},

2
S HE-FO,S\/-Ft,T [Xgu ® XU,t} HLmk/g, 5 ’t - 3’77

HEQM [Z[Zs’t]] HLmk/<k'+1>

so that applying again Lemma 4.C.1,

>, iy

[s7t]eﬂn,[‘r0,‘rl]
u€(s,t)

Lmk/(k'+1)

1/2
2
’Lmk/(k’-u))

< 2 [l (T W

[51t}6ﬂ—n,[70,7—1] [Svt]ewn,[ro,rl]
u€(s,t) u€(s,t)
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1/2
< > \t—s\u( > \t—s\6°‘>
[5,1]

[S7t}€ﬂ-n,[7’0,71] €My

1m0.71]
u€(s,t) u€(s,t)
< TN (7 — g [y — 7o2)). (4.C.10)

Combining the cases ia = 2, i3 = 3 and i2 > 4 when a € (1/4,1/3] yields for each [ro, 71| € TN, 7,
with n > N, i1,i3 > 0,19 > 2 with i1 4+ 10 + 13 = K+1landZ € {O,l}iQ,

S Rl L (4.C.11)
1mik/ (K +1)

Y. Zly

[s.1] €Tn,[r9,71]
u€(s,t)

Defining € as in Equation (4.4.5), we can plug bounds Equation (4.C.6), Equation (4.C.9) and
Equation (4.C.11) into Equation (4.C.4) to deduce that
S |m = 7ollmal,

HS’C,'Fl(Xﬂ'nJrl)[ _ Sk/H(X””)[

70 77-1] 70 77-1]

Lmk/ (K +1)

and hence, under the assumption that -, |m,|® < oo, for any [r9,71] € mny with N > 1 the
sequence {S¥ 1 (X™) n > N} is Cauchy in L™/ +1) - Since L%/ (K'+1) is a Banach space

the sequence converges in L™*/(K'+1) ¢4 Sk""l(X)[mJﬂ e Lmk/(K+1) (by uniqueness of limits) with

[T0,71]>
rate

Hsk’—‘rl(x)[ _Sk/—i-l(Xwn)

70,71] [10,71] Lmk/(k/+1)

/ /
< Z HSk +1(X7Fn/+l)[7'o,7'1] — Gk +1(X7Tn’)[7_0771] b/ (A1) < = ol Z |70 |6

n'>n n’'>n

And, to complete the inductive step for &’ + 1, note that for all N > 1 and [r, 1] € 7,

K +1/xm E'+1 €
HS (X N)[To,‘l'l] Lmk/ (k1) ,S HS (X)[TOJ'I] Lmk/ (K1) + ’7_1 - 7_0’ gN ‘ﬂ—n/‘
< k' +1 ,|€
S 8% @i sy + T nglmw .
O
4.C.2 Proof of Lemma 4.4.6
Proof of Lemma 4.4.6. Note that for k > 0,
Sk—H(XW)[Oﬂ_] — Z [Sk—i_l(Xﬂ)[O,v] _ Sk+1(X7r)[07u]}
[u,v]€mg 7]
(*) ey k+1 X, k+1
) +l—i ¢ u,0 +1/gm
= Y lzs (XM [0,y ® T X )[O,u]]
[uv]€mg, 1 Li=0



Chapter 4. FExpected Signature Estimation 283

k+1 &1

SR SELS UL

[va]eﬂ'[o,-r] =1 !
oo
]

S S g @ XU,

( [va]eﬂ'[o,-r]

where in (*) we use Chen’s relation and S(X"), ) = expg Xy, since X™ is linear over [u,v] € 7. [

4.C.3 Proof of Theorem 4.4.7

Proof of Theorem 4.4.7. By definition of {m,, n > 1}, we have
” P
SF(X ")jo,r] — Sk(X)[o,T], n — oo,

for all £k > 0. To show L™-convergence it is thus sufficient to show that the sequence

{S*(X™) 0,17, n > 1} is uniformly bounded in L™ for some m’ > m, i.e.
sup IS*(X™) 0.1l Lo < 00, (4.C.12)
n_

as this implies uniform integrability of {HS"“(X’T")[()T] ||, n > 1} which, together with convergence
in probability, yields L™-convergence to S*(X) (o,7] (by uniqueness of limits).

We show Equation (4.C.12) by proving inductively the stronger statement: for each i €
{1,...,k},

sup sup ||Si(X7r")[0,T]HLp/i < 00, (4.C.13)
n>1TEMTY

Setting ¢ = k and 7 = T yields the required uniform bound in L™ with m/ = p/k > m.

Note that the case k' = 1 is trivial since for any n > 1 and 7 € 7,, by Assumption (A«)
IS (X™)jo e = 1 Xoyrlle S 74 S T

Next, for the inductive step, assume that Equation (4.C.13) holds for all ¢ € {1,...,k'} with
k' <k — 1. Then by using Lemma 4.4.6 we can bound for any n > 1 and 7 € 7,

" .
1S5 LX) 10,79 | s 1)

k,/

(Z) 1 s T 7
< ' Z Gk (X™) 0] ® X%H)
— (1 +1)!
i=0 [u,v] €M j0,7] Lp/(k'+1)
(4t) /
< X |8 E™w @ BulXu)

e/ (k'+1)
[’U':U]Eﬂ—n,[o,r]

1/2
2
k:, n
n ( Z HS (Xﬂ' )[O,U] ®Xu,v LP/(’“/'H))
[U,U]Eﬁny[O,T]
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k/
T K/~ x B(i+1)
+;(1+i)![uv]§ HS (X™)0,0] @ X0 ‘
’ n,[0,7]

1/2 k
DY IIEU[XU,U]HLer( > HXumH%p) + > X

[uvv]eﬂ-n,[O,T] [uvv]eﬂ-n,[O,T] i=1 [uﬂ}]@Tn,[o,r]

Lp/(K'+1)

i+1
Lp

1/2 K
S '““'5+<[ pa pu) EY T e
1 u,v

[’U/,'U]eﬂ'n’[o’T €n,[0,7] i=1 [u’v]eﬂ—"v[oﬂ']

(v)
STHVT+T ST+ VT,

where in (i) we applied the triangle inequality, in (i) we bounded the i = 0 term by applying

Lemma 4.C.1 to sequence of random variables
L) = ¥ (Xﬁn)[(),u] @ Xyw € Lp/(k’—&—l)’

with filtration {F,, [u,v] € 7, [0} and we bounded the i = 1,..., k" terms by applying the
triangle inequality, in (ii7) we applied the Holder inequality given in Lemma 4.C.2 and the inductive
hypothesis Equation (4.C.13) for all signature levels up to &, in (iv) we used Assumption (A«) and
Assumption (AJ).

We now consider the case where {m,, n > 1} is a sequence of refinements satisfying >, ~; |7, <
oo. Without loss of generality, we can consider {m,, n > 1} to be such that m,; is obtained
from 7, by adding at most one refinement in each sub-interval, i.e. for each [s,t] C 7, either
[$,t] C mpy1 or [s,u], [u,t] C mpyq for u € (s,t). If not, one can consider a super-sequence satisfying
this property and then pass to the original subsequence. Note that, assuming Assumption (A«

and Assumption (Ad) hold with p = mk we can proceed as in the previous induction to show that

Sup s St (X ke /i ) 4.C.14
gggkzgfgg 1S (X™ ) 10,7l ki < 00 ( )

We shall now proceed again by induction to show that: for each i € {1,...,k}, forall N > 1,
Tenyand n > N,
1S (X™ ) 0.7) = S (X™) 0.7 | protsi S [ (4.C.15)

The case k' = 1 is again trivial since for all N > 1, 7 € 7y and n > N, S! (X1 ) 10,7, = Xo,rs
and hence

HSl (XWTH—I)[O,T} - Sl <X7rn)[0’7-] HLmk = 0.

For the inductive step assume Equation (4.C.15) holds for all i € {1,...,k'} with ¥’ < k. Fix

N >1,7€ny and n > N, then we can write the telescoping sum

SFEE™ 0y = S X0 = Y [T E ™0 — ST, (4.C.16)

[Svt}eﬂ-n,[o,f]
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where the partitions m, s are defined as m, s = T,41,(0,5] U 7y [s,77, 1-€. for each [s,t] € m, the
partitions m, s and m,; differ by at most one point u € (s,t¢). Note that for each [s,t] € 7, with
refinement u € (s,t) we can apply Lemma 4.4.6 to write

Sk’+1(X7rn t) N Sk,Jrl(Xﬂ—”'s)[O,T]
k'
Z {Sk’l(Xﬂn t)[O J ® X®(1+z + Sk: 7Z(X7Tn t)[O ul ® X®(1+l) B Sklii(Xﬂ—"’s)[ N ® X®(1+l)
1=0
+ Z |:Skl_i<X7rn’t’)[0w] _ Sk/_i(xﬂ—n’s)[(),u]} ® X?Sﬁ—i—l)}
[v,w]€my 11,71
v 1 k' —i/gm ®(1+1) ®(1+1) K —i—jem X ®(1+z)
-2 (1+4)! STET )00 @ [XS’“ — X } Z SETTIXT )0, ® —= @ Xy
i= : j=0
+ Z [Sk/_i(xﬂ'n’t)[o,v] _ Sk/—i(xﬂ'ms)[o’v]} ® X§$+z)}
[’va]eﬂ'n,[t,'r]
k,
1 . ; i [
_ Z (1 — i)' {Sk —Z(me+1)[07s] ® [X;Gigl—i-z) + Xi@ﬁl—‘— ) X§§1+ )}
k' —i—1 1 ( )
+ : Sk'—i—j—l X7t g X®(1+j) ® X® 1+4
j:ZO (1+])' ( )[0,] S,u u,t

+ Z [Sk —’L‘(Xﬂ'n,t)[oyv] _ gk _i(Xwn’s)[O,v]} ® X§$+i)}

[’va]eﬂ'n,[t,'r]

1 "4 T 1-1
= Z a +i)'{ _ gk (X n+1)[07s] ® Z ® (X®l ® X®( ))
0 . Ze{0,1}1+¢ leT
Z#(0,...,0),(1,...,1)
k' —i—1 1
+ > ST (e g @ XOMH) @ XTHHY
= (T4 5)!

+ [Sk”(xﬂ"’t){o,v] - Sklfi(xﬂ"’s)[o,v]} X?(u}+1)};
[V, W] €T ¢, 7]

by noting that for all [v,w] € m, with w <'s, S(XTt)q ) = S(X™=)(g ) = S(XT™+1) 15, and when

applying Chen’s relation to S(X™t)( , setting S(X™t);, 1 = expg X, since X™* is linear over

[s,u] € mp¢. Plugging this expression into Equation (4.C.16) and exchanging the orders of the

summations we obtain
SEH X1 ) g 7 — SE LK™ g 1

K ] 3
:; (1+i)!{_ 2 > ST g e Q) (XEL e X0

Ze{o,1}*  [st]€mn 0,7 lez
Z#(0,...,0),(1,...,1)  u€(s,t)

1 i1 ; ®(1+i
S B s, e X o
[s,t]€m0,10,7]
u€E(s,t)
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[vvw]eﬂ'n,[O,T] s>t]€7'rn,[0,'u]

o
= z; (1 n Z)'{ _ Z Z Sk Xﬂ'n+1 [0 . ® ® <X®l ® X® (1— l))

Ze{o,1}* " [st]€mn 0,7 lez
Z#(0,...,0),(1,...,1)  u€(s,t)

1 I i T 1 (147
+ > s, ST g @ XEUH) @ XU
[s,t]€Tn,0,7]
u€E(s,t)

D> [s’“’-ﬂxmww—sk’-i<X”n>M]®x;81u}+i>}

[v,w]€mn,[0,7]

k' f—i—1
_ 1 1,7 27,] 3,1
Sl XY A4y oy ¥ oA ¥4
i=0 Te{0,1}1+¢ [S,ﬂEﬂ'n)[g)T] [5775]67771,[0,1—] [v,w]€mn 0,7]
Z#(0,...,0),(1,...,1)  u€(s,t) weE(s,t)

We thus proceed to bound each of the summation terms over m, o - using Lemma 4.C.1 and

Assumption (Aa) and Assumption (AJ).

Let Z € {0, 1}!*% with Z # (0,...,0),(1,...,1) with ¢ € {1,...,k'}. Note that for all [s,#] €

Tn,[0,7]

7l

VZ55 sy < [[S¥ 7K™, 1Kl (XKl < e — )00, (4.017)

Imk/ (k! —i)

by applying Lemma 4.C.2, the uniform bound Equation (4.C.14) and Assumption (Aa) hence
Z[ i € LK/ (K+1)  When i = 1 we can thus apply Lemma 4.C.1 to the sequence {Z [s,t] €
T 0,7, W € (s,t)} with filtration {Fy, [s,t] € T, (07, u € (s,1)} to bound

[s,8]°

> Zy

1/2
1,7
< > |Eu[Z[s,t]]||Lmk/<k’+1>+( > | [st|Lmk/k’+1))

[S’t}ewnv[ov‘r] Lmk/ (K +1) [Svt]EWn,[o,r] [Svt}Eﬂ’n,[O,‘r]
u€(s,t) u€(s,t) u€(s,t)
1/2
< D> It — 5|2t 4 ( > ]t—s]4a>
[szt]eﬂ-n,[O,T] [s»t]eﬂn,[o,r]
u€(57t) UE(S,t)
S PO 4 [ POTRT S (T 4 VT, (4.C.18)

where we used Equation (4.C.17) with ¢ = 1 and

7I ! —q n
1Bl Z g k) = [[S% 7K™ )0, @ K @ EBulXur]|

I,mk/ (k! +1)

< 8 oy

1
sy Kl e 1B (Xl s S 18— 5[4,

by applying Lemma 4.C.2, the uniform bound Equation (4.C.14) and Assumption (A«) and
Assumption (Ad). When i > 2 we can directly apply the triangle inequality and Equation (4.C.17)
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to bound
1.7
Y. Zyy < ||Z[st | L/ (87 41)
[Svt]Eﬂ'n,[O,T] Lmk/(k’+1) [57t]67rn,[0,7-]
u€(s,t) w€e(s,t)
D A SRR MLy T M (4.C.19)
[S’t]eﬂ'n,[(),r]
u€(s,t)
Next, let 7 € {0,...,k'} and j € {0,...,k' —i — 1}. We can proceed exactly as for Z[’ 1

(applying Lemma 4.C.1 when ¢ = j = 0 or the triangle inequality when i + j > 1) to show that
under Assumption (A«) and Assumption (AJd),

2,i,5
Z Z[s,t]
[S’t] €Ty, [0,7]
u€(s,t)

< |l (7 + V7). (4.C.20)

mk/(k'+1)

Finally, let ¢ € {0,...,k"}. We proceed in a similar way as for Z[ v 1 and Z[2 Zt’]] but using the
inductive hypothesis Equation (4.C.15) instead of the bound Equation (4.C.14). Note that for all
[37 t] € 7Tn,[0,7']

144
Lmk

|| [St HLmk/(kl+1) < Hsk _7/ Xﬂ'nJrl)[O ] _ Sk (Xﬂ'n)[ 5]

Lk /(K i) 1 X5t
< |6t — 5|0, (4.C.21)

by applying Lemma 4.C.2, the inductive hypothesis Equation (4.C.15) and Assumption (A«), hence

3.t
Zist

Wn’[O’T]} with filtration {Fs, [s,t] € Wn,[o,r]} to bound

e L™k/(K+1)  When i = 0 we can hence apply Lemma 4.C.1 to the sequence {Z[?;’iﬂ, [s,t] €

> 4y

[Svt} Eﬂ-n, [0,7]

1/2
3,
< E HE [Z[slt ]||Lmk/(k/+1) + < § : HZ[st HLmk/(k’+1)>

Lmk/(K 1) [s,t]€mp 0,7 [=:11€7n 0.7

1/2
S Y Imllt s+ ( > maf - 8\20‘>
]

[s,t]Gﬂn’[Oﬂ- [s’t]eﬂ'n,[o,‘r]

S (7 + V), (4.C.22)
where we used Equation (4.C.21) with ¢ = 0 and

1B ZE 5 Loty = | (¥ (K™ 0,9 = ¥ (X™)p0,9) @ EulXod |

< || (X g = SF (X0 g

Lmk/ (K +1)

||E5[X‘S7t]||Lmk 5 ‘ﬂ-n‘e‘t - 8|57

Lmk/k’

by applying Lemma 4.C.2, the inductive hypothesis Equation (4.C.15) and Assumption (Ad). When
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i > 1 we can instead directly apply the triangle inequality and Equation (4.C.21) to bound

> 4y

[svt]eﬂ-n,[o,r]

3.t
< Z ||Z[S;}Hynk/<k’+1)

Lmk/ (K +1) [Svt}Eﬂ'n,[O,T]

<Y w80 < o (4.C.23)

~

[Svt} €7rn, [0,7]

Combining bounds Equation (4.C.18), Equation (4.C.19), Equation (4.C.20), Equation (4.C.22)
and Equation (4.C.23) yields

”Sk/-‘rl (Xﬂn+1)[077] _ Sk’+1 (XW’VL)[O,T]

sil.{ >
iz (1+1)!

Lmk/(k'+1)

> 4y

Ze{0,1}1+? [s,t]€mp [0, 7] mk/ (K 41)
I7£<0 ----- 0)7(1771) UE(S t)
'—i—1
23,5
* Z 1+3) X 4
[Svt]Eﬂ—n,[O,T] Lmk/ (K +1)
u€(s,t)

X Zyy

[szt] 67Tn,[O,T]

L mk/(k'+1) }

S 1wl (r +v/7) S |mal (T + V),

which proves Equation (4.C.15) with ¢ = k¥’ + 1, completing the inductive step.
Setting t = k, N =1 and 7 = T in Equation (4.C.15) yields

1S* (XY 077 — SHX™)omllm S |mal, n > 1

and hence, assuming 3,5 |m,| < 00, the sequence {S*(X™ )i 77, n >} is Cauchy in L™. Since
L™ is a Banach space, the sequence converges in L™ to Sk(X)[O’T} € L™ (by uniqueness of limits)

with rate

||Sk(X7r")[o,T] - Sk(X)[o,T}HLm < z ||Sk(X7r"'“)[0,T] — SF (X oryllLm S Z |7 |

n'>n n'>n

4.D Long-span asymptotics: proofs

4.D.1 Proof of Proposition 4.4.23

Proof of Proposition 4.4.23. The first implication follows directly from the definitions of stationarity

and joint stationarity of the increments. It remains to show the latter implies stationarity of
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{X", n > 1}, i.e. Equation (4.4.18) implies Equation (4.4.14). Under joint stationarity of the

increments, for all k € N, nq,...,nr € Nand n > 0,

P(X" € Ay,..., X" € Ay)
= P(X(nl—l)T,(nl—UTth} € B%, s 7X(nk71)T,(nk71)T+t,’§1k S Br]j@k)v

1 k
= PX(nyn-1)T(mtn-1)7+1 € Bis s Xy 1)1 (mprn—1)yr+45, € By )

= P(Xern €Ay, ... ,Xnk+n S Ak),
for all Ay, ..., A cylinder sets of the form
Aj = {wpr € C([0,T;RY) : w(t]) € B],... Jw(th,) € Bl },

for B{,...,Bj ;€ B(RY), tl,...,tZHj € [0,7], m; > 1. Noting that the collection of the sets

m

Ay x ... x A is a semi-ring that generates®® the o-algebra Bf% ), We can apply Caratheodory’s

extension theorem to conclude that Equation (4.4.14) holds. O

4.D.2 Proof of Proposition 4.4.24

Proof of Proposition 4.4.24. By Remark 4.3.7 there exists a Borel set Q[O 7 € Bjg, 7 and a sequence

of partitions p* with vanishing mesh such that for all wjy 7] € Q/[QT],
SI(‘-"{S:T})[O,T] — SI(W[O,T])[O,Tp lps«| — 0,
and P[O,T](Q/[O,T]) = 1. For every partition p, the map
wor) € Yo7 Sl(wﬁﬂ)[om] e R,

is Q’[D 7] N By, -measurable (by measurability of the sums and products of coordinate maps appearing

in the discretized signature) and hence also
wior) € Loy = S wo € RY,

is Q’[O,T] N Bjy r)-measurable (by measurability of the pointwise limit of measurable functions). We

can hence extend ST : Q’[O’T} — R to a measurable map on the whole of Qo1 = C([0, T;RY). O

2Recall that for a set I C Ry, the Borel o-algebra By := B(C(I;R?)) (w.r.t. the topology induced by | - ||e) can
be equivalently defined by

Br =0 (weCL;RY) tw(th) € A1, ... w(tn) € A, t1,... tn €I, A1,..., Ay € BRY), n>1).
Moreover, if (E, B(E)) is a Borel measurable space and we equip E* with the product topology, then
B(E¥) = B(E)* := 0(A1 x --- X Ay, A1,...,Ar € B(E)) = 0(A1 X --- X Ay, A1,..., A, €G),

where G is a generating collection for B(E), i.e. B(E) = o(G).
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4.D.3 Proof of Proposition 4.4.28

Proof of Proposition 4.4.28. We start by showing that strong mixing of {X, ¢ > 0} with strong
mixing coefficient a(s), s € R, implies strong mixing of the progressive increment process {X7}, t >
0} where

X! = Xyrrs, t20,

with strong mixing coefficient o/(s) < a(s — 27T), s > 2T. This follows immediately from the
definition of strong mixing and the fact that for ¢ > 0,

o(XT w<t) Co(Xy, u<t),

u

and for s > 27T,

o(XE u>t+5)Co(Xy, u>|(t+5)/T|T) C o(Xy, u>t+(s—2T)).

u

Next, we show that strong mixing of {X}, ¢ > 0} with strong mixing coefficient o/(s), s € Ry
implies strong mixing of {X", n > 1} with strong mixing coefficient o”'(n) < o/((n — 1)T), n € N,
and thus o’(n) < a((n—3)T), n > 3. Let

X = o(XZ, u e [a,b),

a

for a,b € Ry with a < b and let
St =X, m<1<n),

m

for m,n € N with m < n. Then, by definition, for each n € N,
X(?EQT = o(Xm-1)1,(mn-1)741> t €[0,T]) =S5

Thus for any m,n € N with m < n
m

Letting k € Nand Ae S*__, B¢ Spin we thus have

IP(AN B) — P(A)P(B)] < &/((n— 1)T) =0, k — oc.

Finally, note that by measurability®® of St : C([0,T];R) — R, o(S*(X")) C o(X") for all n > 1,
which implies {S* (X™)(0,r1, m > 1} is also strongly mixing with strong mixing coefficient at most
a’(n), neN. O

*3Here we abuse notation by writing S* to denote the extension of S* : Qfo,7) — R to the whole of C([0, T]; R).
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4.D.4 Proof of Theorem 4.4.34

Proof of Theorem 4.4.34. Note that foranyn e N, 0 <s; <t;fori=1,...,nandt >0
L
(Xt+81,t+t13 s 7Xt+5n7t+tn) = (Xsl,tu B Xsrutn)’
since both vectors are normally distributed with means
EX¢ts t+t,] = E[Xs, 1] =0,
fori=1,...,n and covariances
Cov(Xipp sy bty Xegsjttt;) = Cov(X, 1, X, 1) = C|ts — sil, [s5 — til, [t — s4]),

for i,7 = 1,...,n. This implies {X;, ¢ > 0} has jointly stationary increments and hence, by
Proposition 4.4.23, {X", n > 1} is stationary. By Remark 4.4.25 the sequence {SY(X"), n > 1} is

defined P-a.s. and is stationary.

Note that by Example 4.4.11, X satisfies Assumption (A«) for any p > 2. We can thus apply
Theorem 4.4.4 when o > 1/2 and Theorem 4.4.7 when a = 1/2 to obtain an L? in-fill asymptotic
result along a sequence of dyadic refinements. By the discussion at the start of Section 4.4.2, we

can thus focus on showing the weak law of large numbers holds for {S*(X"), n > 1}.

To apply the weak law of large number for dependent random variables, note that:
1. SI(X")[O,T] € L?, by the in-fill asymptotic result.

2. To show Cov (SI(X”)[&T], SI(Xm)[OvT]) — 0 as |m —n| — oo, by stationarity of {X,,, n > 1},

it is sufficient to show that
COV (Sk/(Xl)[()’T}, Sk/ (Xn)[07T]> — O, n — o0, (4D1)

for any 1 < k' < k = maxjer |1

To show Equation (4.D.1) we wish to find a bound on Cov(S* (XY 0,175 SH (X™)j0,77) vanishing
to zero as n — oo. Note that, by the in-fill asymptotic result, along the signature-defining sequence

of dyadic refinements, for all n > 1 and 1 < k' <k,
Cov (S¥' (X)o7, S (XP)0.1y) = Cov (S¥ (X)o7, ¥ (XMy)» |ol 0. (4D.2)

To bound Cov(S* XY017 SH (X™)(0,71) we can hence start by bounding the covariance between
the discretized signatures Cov(Sk/(Xp’l)[O,T}, SH (XP™)0,77) and then let [p| — 0.



292 Chapter 4. Fxpected Signature Estimation

Let p be a dyadic partition of [0, 7] and note the form of the discretized signature

SX) o = @ expg Xu,

[u,v]€p
implies
®’[u v]
SHEKom = Y, @ S
zPEM’; [u,v]€p [u v]
where

MIZI = {ZP = {i[u,v}}[u,v]Ep :0< Z'[u,v] < kla [u,v] c€p Z Z'[u,v] = k/},

[uv]ep
is the set of multindices over p with sum of components k’. Note that we can rewrite this as

J ®Zl

S¥ (X)) = Z DD DEIED DY "l_’”l

J=1 1,221 [ugv]<-<[ug,u5]€p I=1

i1+t =k
K J
=2 X XX H ®X
=1 1,021 ugo]<<[uj,vj]€p |I= 1] 2=
i1t =k

where we first split the sum over the number of non-zero i, ,) for each i, € M’;, and then rewrite
the tensor product by introducing (I1, -+ ,lx) = (1,...,1,2,...,2,...,4,...,j) where the index
1 is repeated ¢; times, the index 2 is repeated i5 times, and so on. We introduce the notation
[u1, v1] <pv [u2,v2] denoting at least m’ intervals between [ug, v1] and [ug, v2] in p. When m/ = 0

we equivalently write < or < to denote the interval [ug, ve] being after [uj, v1] in p.

We then group the above summations over the intervals [u,v1],. .., [uj,v;] over all possible
combinations of time intervals with at least one pair less than m steps away in the partition p.
To do so, introduce the set? variable T &g J € Sy jm where T € {1} x {0,1}77! is such that
Z|=T1+...+Z; =5 and J € {1,...,m}7~7" where m is such that Assumption (Af) holds. We

can then recursively define for [ =1,...,7,

interval J; steps after [u;_1,v,_1](Z @0 J) if 7, =0,
[ug, v](Z ©0 J) =

(W1 V7] if 7, = 1,

where |Z1,| =71 + ... + Z;, and write

® X[Uzz Wi | (Z®0T )

FEn-Y Y Y Y v ey ihe

J=1 1,421 j'= 11@0»765]/],71[U1,Ul]<m1---<mj/_1[u]-/,vj/}ep

i14-i =k

54Here 7 ®o J denotes pairing elements of J to the elements of Z equal to 0.
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where for each I’ = 1,..., 5" —1 we have [uy,vy] <m, [uy41,vr41], i.e. there are at least my intervals

between [uy, vy] and [uyyq,vp41] in p, where

J
my =mp(I @0 J) = Tz, 1~ z~0)-
=1

The structure of the tensor products in the summation is thus

3 ®’Ln Rin +1 Rin +2 Rin +n
Xg)fl’ul ® X?QZ%UQ ® : ® X— 1 n1 ® Xu27’l}12 ® XuQ Ulg ® X_ 1’0 2 ®
171 U 272
where [u1,v1], [u?,v3], -, [u]',v]"] are all less than m intervals apart and [ug,ve] is at least m

intervals after [u}*, v]'] (and so on)>°.

Let n > 3 and define p, = (n — 1)T 4 p. Then, for each word I = (w1, ..., wy) of length k', we

can write

Cov (ST(XPY) 0,77, ST(XP™)0,77)

Jj1 J2

S Y Y Y5Oy

Jrd2=1 d1,...,45,>1 €1,0s€55>1 ji:ljé:lIl@OJlGS !rm

i1+ +Z.J1—k 61+“‘+e.7‘2:k/ I2®0j2€sj’ ,d2,m
J1 J2 K K’
1 1 (ws) (ws)
S oon G [ ool T o T m
[u,v1] <1 <pr - g vgrl€p z=1 z=1
il -1

[sl’t1]<m§"'<mj, . [sjé,tjé]epn

2

£ & o ip! er!
Ju,ge=1 1,05, 21 e1,e5, 21 §i=144=1T1®0J1ES; ! [ur,v1]<, 1<, 1 [uji,v%]Ep =1 =1
1 | i

m

irtetig, =k e1 o tej, =k 12690.7263 I m -
gz [s1,t1]<,, 2 < 2 [s;7,t;11€pn
-1 22
x (We1)01 (wzl)(l 61) (W) 02 (way)(1—-02)
Z H COV( [u ll 7Uzl ](Z1®031)X[ 12 , l2 ](12690:72)7)([“[; o ](11690\71)X[ l2 712 1(Za®0T2)
peEMPE, |, {(31,21), 2
(d2,22)}€p
by using the fact that, for two collections of mean-zero normal random variables (Zy 1,. .., Zo k)

55To help intuitive understanding consider the case where k' = 2 and m = 1, then the above expression reduces to

X2
SQ(XP)[O,T] - Z ul’vl + Z Xul v ® le,wl + Z Z Xul,vl ® Xug;ugv

[u1,v1]€p [u1,v1]€p [ur,vi]€p  [uz,v2]€p
[u1,v1]<1[uz,vz]

where [v1,w1] is the interval right-contiguous to [u1,v1] in p. If ¥ = 2 and m = 2, instead

SQ(Xp)[OyT] = Z u1,v1 + Xuivr ® Xoy,wy + Z Xupwr @ X,z
[ui,v1]€p [u1,v1]€p [ui,v1]€p
+ Xulavl ® Xu2:'U27
[ur,vil€p  [uz,v2]€

[u1,v1]<2 [uz va]

where [u1,v1], [v1, w1], [w1, 21] are consecutive intervals in p.
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and (Z1,1,..., 721 ) we can apply Isserlis’” Theorem to show

Cov (Zo1 -+ Zog, 211" Z1 i)

where P2

=E[Zoy- ZowZip-Ziw| —E[Zoy- Zow|E|[Z1g- Z1 1]

= Y II ElZunZipl—| >, 11 ElZoiZol| | D 11 ElZuiZ]

pEPQZk,) {(ini2), g€ P2, {i.j}teq repP? {i.jrer
(41.2)}ep

= Z H E [Z’h,iz Zjl,jz]

pEMP(22 . {(i1,32),(j1,42) Y€P

—_ Z H Cov (Zil,i27 Zj17j2) )

PEMPE, ) (i1si2),(j1,42) }ep

(2,x) denotes the set of all the pairings of {0,1} x {1,...,k'}, P2 denotes the set of all the

pairings of {1,...,k'} and MP(22 k) denotes the set of all the pairings of {0,1} x {1,...,k'} that

contain at least one “mixed” pair, i.e. for all p € MP(QQ’k,) there exist {(i1,142), (j1,72)} € p such that
i1 # J1

cases:

Note that each [uy,vy] for I’ =1,...,j] appears in at least one covariance term. We proceed by

o If [uy,vy] appears in a pair with an interval [u,,v,] such that [uy_1,vp_1] < [us,ve] <

[w 41, vp41] then
Cov(x () XD OIS Jow =,

[y, op]? 7 [, vs]

by applying Assumption (Aa) with a > 1/2 and the fact that p is dyadic (and hence uniform).

If [uy, vy] appears in a pair with an interval [u,, v,] such that [u., vi] < [uy_1,vp_1] then we

have |uy — vi| > m/2(|ve — us| + |vpr — uy|) and

Cov(Xx (™ x @

gy o) X)) | S O = vil) v = walfor —up| S O(Jur — vy —a])|ve — oy — upl,
by applying Assumption (A#).

Similarly, if [uy, vy] appears in a pair with an interval [u, v,] such that [uy 1, vp 1] < [ws, vy

then we have |us — vp| > m/2(Juy — uy| + |ve — uy|) and

’COV(X(w) },X(q) })‘ 5 9(|U* — ’(}l/|)"l}l/ — UZ/HU* — U*| 5 9(|ul/+1 — Ul")|/Ul’ — Ul/HU* — Ux|-

[y op [, 04
If [uy,vy] appears in a pair with an interval [s., t] € p,, then
Cov(Xpan) s X L S 0 = 2)T) o — [t = .,

[ul’ vvl’} ’ [S* 7t*]

by applying Assumption (A6)
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As similar reasoning applies to each [sy,ty] for I’ =1,..., j5. Noting that at least one pairing is
mixed across p and p,, we can hence bound

|Cov (SI (Xp’l)[mT] ) SI(XWL)[O,T]) |

.= . - il! 61!
Ji,g2=1 1,05, >1 e1,ejp >l ji=144=1 Il@ojles 1itm [ur,v1]<, 1<, 1 [u ' U /]Ep =1 =1
iteetig =k e1 o tej, =k Iz@ojzes / "

!
.71_
dbdzm
[s1,t1]<,,2<,,2  [s;7:t;1]€pn
1 G 7272

> 0((n—2)T)|or — ua|6(juz — va])va — ual - O(|uj; — vy —1])|vj —

pEMP(2 )

X [t1 — s1|0(]s2 — ta])[t2 — s2| -+ O([sj, — tj—1])[tsy — s

J1 J2

SOy Y S

Ji,J2=1 d1,.,i5, 21 e1,...,ej,>1 ji=1j4=1
i1+~~'+ij1:k/€1+'--+6J‘2:k}’

(X bl (X o) (5 0t Dl )

[u1,v1]€p [u2,v2]€p [ 050 1€p

x([ > |t1—81|)<[ > 9(82|)t2—82|>“'([sj2z]

s1,t1]€pn s2,t2]€Epn ”tJé €pn

015, DIty — Sjgl)

— 0((n—2)T) ﬁ: > > ii:ﬂ(/ dt)jiﬂé_z , ol —o0.

Ji,j2=1 d1,..,ij,>1 e1,..,ej, 21 ji= 1]’71
i1t Fig, =k er 4 tej, =k

Combining this bound with Equation (4.D.2) we can conclude that, for all n > 3,
[Cov (T (XN o1, 8" (XM ) | S 0((n = 2)T) -0, n— o0,

i.e. we have shown Equation (4.D.1). Hence, we can apply the weak law of large numbers of

dependent random variables and the in-fill asymptotics to obtain the desired consistency result.

O]

4.E Martingale correction: proofs

4.E.1 Proof of Lemma 4.6.2

Proof of Lemma 4.6.2. Note that both ¢} ; and ¢} 5 are ratio estimators of the form

T N T

o ij . n=1 ij,n

7T7j - 77‘(‘ - N T
Z n=1Z}n

)
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for random variables Y™

T-- Yy and 274, ... Z7  with j = 1,2 given by i.i.d. copies of

Y7 = ST (XM o SEX N,y 2T = SEE o,

and

1

vi= 3 S EMen -5 X SUEE Do,
Jelwl Jelnl_ox((ix_1,ix))
7y = Z SJ*((ik,ik))((Xﬂ—7 <X>7’F))[0’T]‘

Jel 1l 4

By the standard theory of ratio estimators, these are biased estimators for

* J
Crj = —
J IE[Z]-]
and applying a first-order Taylor expansion®® we can approximate the mean squared error as
El(&* * 2] ~ 1 V. }7# ED/JWFV Zﬂ 2 E[}/Jﬂ—] C Yﬂ' Zﬂ'
[(Cﬂ',j _Cﬂ',j) ]N ]EI:Z;T:I2 ar( j )+ ]EI:Z;T:I4 ar( j)_ E[Z;r]g OV( jo j)
~ o ! Var(Y") + [YjW]ZVar(Z”) -2 ERT] Cov(Y;", ZT)
SN A\EZE Y TRz T Rz )
Note that
&= E[SI(XW)[O,T]Sg(XW)[O,T}] _ COV(SI(XW)[O,T]aSCI(XW)[O,T]) _ ok
E[SI(X")2 1, Var(SL(X™)2, 1) "

and, as || — 0,

o= Y serwr BIS7 (X7, (X)™))jo.7y] — %de‘zm,ﬂ((ik?ik)) E[SY (X", (X)™))jo.71]
" > ger_ywr_y BT i) (X7 (X)) j0,1)]
(48.6) 2 seqwr BIS7 (K (X)) 011 = 3 X serur_n((in_rin)) EIS” (X, (X)) 0.19]
- S serywiy E[S7H i) (X, (X))™)0.1]

On the set |Z] — E[Z]]| < [E[Z]]],

Y© —E[Y]] Zr —E[Z7]\ !
i =ct (1 J J 1 J J
o ( T TE] )( TR

e (12 B (2 27 —Blzp)
(”Em) T TEmT O <WJ)

o g (O B0 - (s sy +o (M) (E RN,

For the approximation to be rigorous one needs to assume the probability of the set {w : |Z] (w) — E[Z]]| > |E[Z]]|}
approaches 0 faster than the speed at which the MSE conditional on this set explodes as N — oo.
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(4.E3) > serwr BIST((X, (X)) jo.r1] — %ZJeImI_Q*((ik,l,ik)) E[S7((X, (X)))jo,r]]
S ser_ywi_y BIS7 i) (X, (X)) 0]

. COV(SI(X)[O,T]7 Sg(X) [O,T])

B Var(SCI (X>[20,T})

(4E1),(4.E.2) Cov(ST(X™) 0,71, SEX™)j0,77) .,
= Var(SIK 2 )

We refer to Lemma 4.E.2 for the rigorous justification of the approximations Equation (4.E.1),

Equation (4.E.2), Equation (4.E.3), Equation (4.E.6). Moreover, as || — 0, by Equation (4.E.1)
and Equation (4.E.2),

v L2 - L2
Yi' = SI(X)[O,T]Sg(X)[O,T] =Y, 4= SCI(X)[QQT] =: 71,

and by combining Equation (4.E.3) and Equation (4.E.6),

2 1
WA Y S e -y Y S &) = Y
Jelul JEIWT_o%((if—_1,i1))
2 . .
Y s (X, (X))o = Ze.

Jel_ 11l

Note that Y7 = Ys =: Y but Z; # Z3 even though E[Z;| = E[Z3] =: uz. When |7| is small we can

thus approximate the MSEs of ¢7 ; and é7 5 with respect to ¢} as

L [1 14 Ky
E[(&E, — )~ — | 0% + X Var(Z;) — 25%-Cov(Y, Z1) |,
: N\uy "y w3
and
E[(&5, — )] ~ = — oy + %V&r(Zg) - 2’%”cov(y, Zs) |,
’ N \nz Pz Kz

which differ by

~ Ly (py

B — b)) - El(eh) — )]~ (A2 (B1Z3) - B(ZE) - 2(ElY 22) - EIY 21 )

Remark 4.E.1. Note that we can “mix” the two estimators and form
T }77r

Ak _ "2 ¥ _ 1
Cron = —Zf and Crio = —Zg.

The discussion above ensures that, as || — 0, &% 5 ; and &% , have the same MSEs as ¢ | | = ¢, 1

and ¢ 59 = €7 9 respectively.
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Lemma 4.E.2. Assume that X satisfies Assumption (Aa.M) for some o > 1/2 and p = 4k where
k =|I|. Assume that 7 is part of a sequence of refining partitions with mesh vanishing fast enough,
i.e.

Z |21 < 0.

n>1

Then the approximations Equation (4.E.1), Equation (4.E.2), Equation (4.E.3), Equation (4.E.6)
hold as || — 0.

Proof. By Example 4.4.10 X satsfies Assumption (A«) with o > 1/2 and p = 4k. Note that, since
X is a martingale, Assumption (Ad) holds trivially and hence we can set € = 2o — 1/2.

We can apply Theorem 4.4.7 to deduce that
Ii¢m Lt o1
ST XD = S Xy, 7l = 0.

Moreover,

4
ScI(Xﬂ)[O,T] L, ScI(X)[O,T}7 7| — 0.

since

152 (X)j0,2) — Se (X™) 0,11l o

(4) ,
< |ISEX)pr — Y ST X)X+ (ST (X) 0, — ST (X™) o,) X8
[u]em 4 [u,v]em L*
(i) . .
< ST (X) 0,d X = D™ ST (X) g X
0 [u,v]em 4
1/2
2 .
+2C; ( Z HSLI(X)[OvU] _SLl(XW)[O’u] L2k/(k—1) ”XI(L%))PL%)
[u,vlen
(i) || T , .
S / ST (X) o, gd X — 3 ST (X)) X )
0
[u,v]em A

+ 2C5 sup HSI_I(X)[O,u] - SI_I(XW)[U:U]

ueT

1/2
2
L2k/(k—1) ( Z ]”U—u\ a)

[u,v]er

o, |x| =0,

by applying in (i) the triangle inequality, in (i¢) Lemma 4.C.1 with the natural filtration of X
in (i7i) Theorem 4.4.7 to the word I_; with m = 2k/(k — 1) and in (iv) the definition of the It
integral and Remark 4.4.9.

Under these assumptions, we thus have

2
ST(XM) 0 SEX o1y L ST X)pmSEX) o, |7l =0, (4.E.1)
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and
L2

Sg(Xw)[Zo,T] - Sg(X)%o,Tp || — 0. (4.E.2)

Next, we consider the approximation given in Equation (4.E.3). Note that X satisfies As-

sumption (A«a) (and trivially Assumption (AJ)) with o > 1/2 and p = 4k while (X) satisfies

Assumption (Aa) and Assumption (Ad) both with exponent 2ac > 1 and p = 2k. By using a slightly

more general version®’ of Theorem 4.4.7 applied to the process (X, (X)), for any word J € I I or
JeTwl o ((ig_1,ix)) or J = J * ((ig,ix)) with J" € I W I_1 we have

87 ((X, (X))o 2 87 (X)) poury, Il = 0, (4.E.3)

and hence for fixed N > 1,
N L2 ~
PyTT) B YD), x| = 0.

Finally, making Equation (4.E.6) rigorous is a bit more challenging. Let us start by considering
the case where (X) only appears in the outermost integral, i.e. J = (j1,...,jx) where j1,...,ji_1 €
{1,...,d} and jp € {(1,1),...,(1,d),...,(d,d)} for some k' € {1,...,2k — 1}. Then for any 7 € 7

157, D)) 0.m = 87 (X7, (K)o

LAak/ (k' +1)

—~
.
=

Z > S X Xl X (08 - (R)min))

" u, v]€T0,7] LAk/ (k' 41)
) & 1 Grroir) |y Gwro) A )’
Y T st xl (oo - (x))
i=1 [u,v]€m(0,7) LAk/ (K +1)
, 1/2

(ig) Z ‘

[u,v]€m0,7]

D o

. 2
ST (XM, ]((XW’“/) (Xfﬂ,ﬁ')> )

Lak/ (k' +1)

ST (XY g g Xk~ X (<X YGr) — (Xijz’)f)

[u vlemon LAk/ (K 41)
) 1/2
(i44) , 2
< | > ‘5‘] (XM, 1(( W) - (x0)) )
[w.vlenon LAak/ (k' +1)
T - ) ) 2
+ Z > |57 ool (1)) - (i)
" [u,v l€m0,7] LAk/ (K +1)
1/2
(i) J_q T ®2 2
< sup HS X [O u] HL%/W 1) Z H <X>u7v - Xu,vHsz
U€M(o, 7] [u,v]€m0,7)
k' 1 )
+ o Sup 157 X ol oo Do IKullyar [ = XT3 e
i=2  UET0,7) [u,v]en
) [0,7]
5TTo estimate the expected signature term corresponding to the word I = (i1,...,4s) it is sufficient to require

Assumption (Aa) and Assumption (AJd) to be satisfied by X0 X0k with py,. .., ps such that prt +p,;l
m ™. In Theorem 4.4.7 we considered the case where p; = --- = p;, = p for clarity.
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(v)
< lnf 7T+ lalr =0, x| =0,

by using in (i) Lemma 4.4.6, in (ii) the triangle inequality and the definition of (X)™, in (iii)
Lemma 4.C.1 with the natural filtration of X (with respect to which X — (X) is a martingale) for
the i = 1 term and the triangle inequality for the i = 2,...,j terms, in (iv) Holder inequality and

in (v) Remark 4.4.9 after Theorem 4.4.7 applied to X and J_; with p = 4k, m = 4k/(k’ — i) and
|J_i| =k —ifori=1,...,k and

‘ ’ <X>U,v - Xﬁ%

oo S Xl o + (Xl 7an < o ul, (4.E.4)
by Assumption (Aa.M) with o > 1/2 and p = 4k. We have thus shown
J ™ _qQJ T\ <
iléEHS (X, X)), — 57 (X, (X)) 0,7 LAk 1) |7|. (4.E.5)

This extends to any J = (j1,..., k- -+ i) With m’ > 0and 1 < &' k' +m' < 2k — 1 where,

as above, jr € {(1,1),...,(1,d),...,(d,d)} and j; € {1,...,d} for all other i # k’. We proceed
inductively on m’ = 0,...,2k — k' — 1 to show Equation (4.E.5) holds for any J of this form in the

LA/ (K +m'+1) norm. The case m’ = 0 has been covered above. Assume Equation (4.E.5) holds for
Jgrem with m € {0,...,m'} and 0 < m/ <2k — k' — 1, then

1570 (O, (000, — S8 (K7, (7))o

LA4k/ (k' +m’+42)

m’ 41
. 1 A~ i ’ . J1.1 ’
OIS L S [ (K, (R0 g — S (K7, R | X2 X
2.
i=1 [u,v]€m(0,+)
k' 4+m'+1 1
Jyr m! —i us
+ D g > S (X
i=m’/+2 [u,v]€m[0, 7]

% X?(jq,jwmwzfi) . (<X>$LJ,]§),) _ <X>Z:1()]k/)) ...X£{Z/+WL/+1)

LAk/ (k' +m’+2)
(i)
<

Z |:SJk/+'m,/ ((X, <X>)7T)[O,u] _ SJ""/‘*'"”/ ((Xﬂ7 <§§>ﬂ))[07u}]Xﬁj’5/+m/+1)

[u,v]€mo,7]

LAk/ (K +m/+2)
m’'+1

1
+;i—!

> [S‘]k’W“*i((X, (X))o = ST emni= (X7, <X>ﬂ))[0=“]]

[u,v]€m0, 7]

.j~’ / —q ] ’ !
X qu,,'):) +m/+2 1) .. X'g,,f) +m +1)

LAk/ (k' +m’42)
k' +m/+1

1
+ZH

i=m’+2

Z Gk g1 (X”)[o,u]

[u,v]€m0,7)

% Xq(jswmurzfi) . <<X>7(j’,;)/) _ (ngs/))Q) o Xq(jg/+v,ﬂ+1)

LAk/ (k' +m’42)

1/2
E 2
LAk/ (k' +m/+1) ( XU,'UlL‘““)

[u,v]€m(0, 7]

(ii4) .
< sup [T (X, (K)o — ST (X7, (K)o

UET(0, 7]
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m’'+1
1 N
F Y0 o sup [|S e (X (K) g — S (X7, (K)o

1. UET0, 7]

LAk/ (k! +m/ —i+2)

i=2
(5 )
[u,v]€m0, 7]
k'+m'+11 ;
+ 3 g st (e ( > |Xu,v|z4%n<><>u,v—X%,%Hm)
i=m/+2 [0.7] [u,v]€m 0,71

(@)
S IV +[xlr = 0, || = 0,

where in (i) we have used Lemma 4.4.6, in (i7) triangle inequality, in (i74) Lemma 4.C.1 with the
natural filtration of X for the 7 = 1 term, traingle inequality for the i = 2,..., k' +m/ + 1 terms and
Holder inequality across all terms, in (iv) the inductive hypothesis for Ji/y,, with m =0,...,m’ for
the first two sups, Remark 4.4.9 after Theorem 4.4.7 applied to X and J; with p = 4k, m = 4k /i and
|Ji| =i fori=1,...,k" — 1 for the third sup and bounds Equation (4.E.4) and Assumption (Ac«)
with p = 4k and o > 1/2 for the summations over g ;.

We have thus shown that for any word J € Twlor J € Tl 9% ((ig_1,ix)) or J = J * ((ig, ix))
for J/ € I_{ W I_{ we have

ST, (X)) o) — 87 (X" (X))o, 2 0, x| =0, (4.E.6)
and hence for fixed N > 1,

N N 2
Ny =1y B o, x| — 0.

4.F Controlled linear regression

In this section, we introduce the notion of controlled linear regression. The main rationale is to
exploit as much information as possible in the training phase to make the coefficient estimators as

precise as possible. We start by considering the following linear model
y:ﬁ1x1+...+6p:ﬂp—l—e:XT,@+e,
and assume we observe the training data {(yn,Zn1,...,Znp), n=1,..., N}, ie.
Yn = B1Tn1 + ...+ BpTnp + €n :xzﬁ—i—en, n=1,...,N,

where, given the design matrix X € RV*P| the errors {e,, n =1,..., N} are

o mean zero, i.e. E[e,|X] =0forn=1,..., N,
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o homoscedastic, i.e. E[¢2|X] = 02 € [0,00) forn =1,..., N, and
o uncorrelated, i.e. E[e,6,,|X] =0 for n,m =1,..., N with n # m.
For any test observation x, = (4 1,...,%«,) € R? we thus have the best possible prediction (in

terms of MSE) for y, is
Ely.|x] = x; 8 =: §.(8),

and plugging in an estimator B for B yields the predictor
9-(B) = %7 B.

Note that, under the assumptions introduced above, the mean squared error of such a predictor

can be decomposed as

=+ E[(3.(8) - 5.(8)* X, x.].

Under the assumptions discussed above minimizing the mean squared error of the predictor relative
to the target g, is thus equivalent to minimizing the mean squared error of the predictor relative to

the unfeasible best prediction g.(8).

4.F.1 Controlled Ordinary Least Squares (OLS) estimation
Classic OLS estimation

The usual OLS estimator for 8 = (81, ...,3,) € RP is given by’
BX = (XTX)ileya

which, by the Gauss-Markov theorem, is known to be the best linear unbiased estimator (BLUE):
for any A = (A1,...,p) € R,
E|A"Bx - ATBPX| = min  E|A'Bx-A"B)X],

where LUE(X,y) is the set of all linear and unbiased estimator for 3, i.e. Bx = C(X)y for some
X-measurable matrix C(X) € RP*N and ]E[BX]X] = B. By applying the BLUE property, we can

show that 9,(Bx) is the best® predictor across all predictors formed from linear and unbiased

58Here, and in all other estimators discussed in this section, the dependence on y is dropped from the notation.
9In terms of mean squared error (MSE). Recall that for unbiased estimators, the MSE is equal to the estimator’s
variance.



Chapter 4. FExpected Signature Estimation 303

estimators, i.e.

A

E {(ﬁ*(ﬁx) - ﬁ*(,@))2‘X,X*} < E {(@*(BX) - g*(ﬂ))sz,x*} )

for all Bx € LUE(X,y). Note that here we applied the mean-zero uncorrelated errors assumption.

Controlled OLS estimation

Let us now assume we can additionally observe the “control” random variables {z, =
(Zn,1s--+»2nk) € R¥ n = 1,...,N}. We shall assume the controls are available for training,
i.e. when estimating B, but for predicting, i.e. when forecasting y, we will have access to x, but
not to z,. Given the original design matrix X € RV*P we now assume the errors and the controls

are jointly
« mean zero, i.e. E[(e,,2,)|X] =0 RF ! forn=1,...,N,

« homoscedastic, i.e. E[(en, z,)®?|X] = & € REFDXEHD) for n = 1,..., N for some ¥ symmetric

positive definite,

« uncorrelated, i.c. E[(€,, 2,)®(€m, 2m)|X] = 0 € REFTDXEHD for pom = 1,..., N with n # m.

o7 v ,
Ez,y Zz

for 02 € (0,00), S,y = E;Z € R¥ and %, € R¥**. Note that we can use the notation ¥, since

forall n =1,..., N we have Cov(z,, Y,|X) = E[z,€,|X] =: £, ,. We use this notation, instead of

In what follows we partition

the possibly more natural ¥, ., as we believe that in applications it is often easier to find highly

correlated controls by thinking about the target rather than the residual.

Remark 4.F.1. Throughout the whole section, unless stated otherwise, we consider the original

design matrix X and the new observation x, € RP to be fixed with random controls Z and errors e.

As discussed above, fixing the design matrix X € RM*P and a test observation x, =
(x,1,5 -, Zxp) € RP, the predictor
~ (A TA
y*(IBX) = Xy ﬂXa

is unbiased for the statistic §.(8) = x; 8 € R. We hence introduce the control variate predictor

where Z € RV*F ig the control design matrix while A; € RN and Xy € R¥ are measurable in X and

X,. Under the assumptions introduced above the controlled predictor can be shown to be unbiased
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60

and attains a minimum®’ in variance when

T=X(XTX) I, and A= -X%,1'%,,.

For any x, = (24,1,...,%+p) € RP we thus have
7:(Bx, Z, ") = xI (XTX) ' XTy - xI(XTX)"'XTZ%,'s,, = X*Tﬁx,z,z = @*(BX,Z,E)»
yielding the unfeasible (in the sense that it depends on the unknown quantity ¥) estimator

BX,Z,E = (X"X)"'X"(y - 2%,'s,,) = Bx — (X'X)"'XTZy 'y, .

Note that, given X, BXZ’E is unbiased (by mean zero property of the controls). Moreover, for

%ONote that since Z and € are assumed to be jointly spherical given X (and x.) the variance of the controlled
predictor is given by

Var (. (Bx, Z, N)|X, x..)

Var(x; (XTX) ' XT(XB + €) + AT ZX2|X, x..)

=x  (X"X) ' X Elee” | X, x. X (X" X) x4 2% (XTX) T XTE[eA; ZT X, %A1 + ATE[ZAA Z7 X, %A
=% (XTX)  'xe + 22008, yxt (XTX) T XTAL 4+ AT AT AL

Setting partial derivatives in A1 and A2 equal to zero
Oy Var(Gu (Bx, Z, )X, x4) = 223 Bg yxr (XTX) ' XT 4+ 22T 5,000 = 227 (Za,,x1 (XTX) 7 'XT 4+ 2,00A:) =0,
Oy Var (G (Bx, Z, )X, %) = 22T X(XTX) 7' %50 4 22T A1 20 = 22T (X(XTX) "% 8ay + A1Z0A2) = 0,

yields as non-trivial (i.e. such that A1, A2 # 0) stationary point A} = X(XTX) 'x. and A\ = —X,;'%,,. By taking
second derivatives we can compute the Hessian at the stationary point to be

=2 < Ey,zzz_lzz,yINxN _X(XTX)_1X*2%2>
A=A - 7

a)\a)\Tvar(g*(ﬁA)OZvA)|X7X*) Ez yx*(XTX)fle x*(XTX)flx*Ez

which is positive (semi)definite since X is positive definite and hence A* is a minimum. To show the assumption that
3 is positive definite implies the Hessian is positive (semi)definite we use the following result from linear algebra

theory: a symmetric block matrix
A B
M= <BT D) ’

where A is square is positive (semi)definite if and only A and D — BTA~'B are positive (semi)definite. Applying this
result to the Hessian at A, note that A = %, , %, %, , Inxn is trivially positive (semi)definite since By %7 1%, , > 0
by positive definitness of X,, and

D-B"A'B=x.(X"X) "'x. [ 2, - 72“1219’2 :
Yy eXs 1y

is positive (semi)definite since x.(XTX) 'x, > 0 by positive definitness of X*X and ¥, — (24,2715, ) " %, , 8y 2
is positive (semi)definite by applying the converse of the previous statement to the positive (semi)definite matrix

! _ Ey,ZZ;lZZ,y Ey,z
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any test observation X, = (Zx1,...,%xp) € RP,

Var(X*TﬂAx,z,z\Xa Xy)
= Var(x! Bx|X, x,) + Var(xI (XTX)1XTZ%, 1%, ,|X, x,)
—2Cov(x! By, xF (XTX)1XTZx, 1%, ,|X, x,)
= o?x; (XTX) %, + 8, .5, xf (XTX) 7 Ix, — 2%, , 5,15, xF (XTX) " Ix,
= (02 = 2,5, 1%, )xF (XTX) %,

< T (XTX)'x. = Var(x! Bx|X, x.),

with equality iff ¥, , = 0. In other words, as long as the controls are correlated with the target, we
obtain a better prediction by using BX,Z,E instead of the OLS estimator ,(;’X and the quality of the
prediction increases as the correlation between y and z increases. The variance reduction factor is

constant across test observations and is given by

g

Var(x;f,BAX,Z72|X,X*) (i Ey,zzglxz,y
Var(xT Bx| X, x.) ?

Remark 4.F.2. Note that when X =1 € RV, x, =1 and Z € RY we estimate p, = E[y] with the

OLS estimator i, = B =y and the simplest control variate estimator

o _ o Cov(y,z)
o=y — < n
Var(z)
. . 1 N . Cov(y,z) . .
since A] = Nﬂ e R and \5 = T Vare) which has reduced variance by a factor of (1—Corr(y, z)).

In practice, the correlation matrix ¥ is usually unknown; hence, to make the estimator BX,Z,Z
feasible, we need to estimate it. Under the assumptions discussed above, the most natural candidate

is given by the sample estimates

. 1 . 1
Yoy = NZTy and X, = NZTZ,

yielding the feasible estimator

Bx 7= X"X)'XN(1 - 2(2"Z)'z")y.

This can be equivalently understood as regressing y on the control Z (i.e. projecting y onto the

space spanned by Z) and then regressing the residual onto X. The resulting estimator will likely be

biased (given X), with its exact finite sample properties depending on the distribution of (X, Z)|e.
When € depends linearly on Z, i.e.

e=Za+n,



306 Chapter 4. Fxpected Signature Estimation

we can write

y=XB+Za+n,

and hence we know that the joint OLS estimator obtained from the design matrix (X Z) € RV*(P+5),

~ -1 -1
Bxz\ | (X" Xt  (X'TX X'z Xy
o) | ) (o) ) ()

By using some simple algebraic manipulations for block matrices, we can extract the first p entries

i.e.

of the joint OLS estimator, i.e. the estimator for 8, as
Bxz =Bxgs =B—(X"X)'X"Z(2"Z - Z"X(X"X)'X"Z) ' (Z"y - Z"X(XTX)'XTy),

ie. BX,Z,E with ¥ estimated by

. 1 . 1
S, = i ZY(I1 - X(XTX)"'XT)y and X = ¥ ZT(1 - XXTx)"1xhZ.

Note these are the covariance and variance estimators obtained when projecting Z onto the
orthogonal complement of the space spanned by X. Under the assumptions introduced above, these

are also unbiased for ¥, , and ¥,. This provides a second feasible controlled estimator for 3.

If we fix both X and Z and assume 7 satisfies the Gauss-Markov conditions, then the joint
OLS estimator is the BLUE for (83, ). Extending the classic OLS estimator B to (Bx, ax.z) we
obtain another linear and unbiased estimator for (3, ). It follows from the Gauss-Markov theorem

that for any x, € RP, setting A = (x4, E[z+|X, Z, x,] = 0), one has

A

E[(5.(Bx.z) — 08X, Z.x.] <E[(5.(Bx) — 9.(8)*X. Z.x.] .
and hence, by the tower property of conditional expectation,
E[(5(Bx2) — 9-(8))°[X. x| <E [(3:(Bx) - 5:(8))%| X, x.]
Using the forms of the variances of BX and BX,Z we can compute

E[(5.(Bx.z) — 9-(8))1X.x.] = o*xTE[(X"(I - 2(272)'Z2")X) ' |X]x..

E[(@3(Bx) - 3-(8)7Xx.| ! (XTX) I, ’

E [(Q*(ﬁx,z) — 3:(8))*X, X*] xTE[(XT(I — Z(ZTZ)"'Z7)X) " |X]x.
T
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which we note does not depend on ¢2.

Given X and Z, augmenting the first feasible controlled estimator BX 7 ¢ to an estimator for
(B, @), yields a linear but biased (at least in the 8 components) estimator. Whether szﬁ or
BX’Z yields a better predictor cannot thus be deduced from the Gauss-Markov theorem. As we will
see in the numerical experiments discussed in the next section, which estimator performs better

depends on the properties of the data generating process.

4.F.2 Simulation study

In the previous section we introduced two feasible control estimators, BX 75 and BX,Z’ for the

parameters 8 € RP. We showed that when
e=Za+n,

and n|Z, X is mean-zero, uncorrelated and homoscedastic then Q*(BX,Z) is always a better predictor
than the one formed by the classic OLS estimator g, (BX) This leaves unanswered the question of
how BX,Z,E performs relative to BX,Z (and BX) We address this question empirically in Table 4.F.1
with the following experimental setup.

We consider N = 1,000 i.i.d. samples from the model

y = Bo + Pix1 + Baza + €,

with g = —1,81 = 6, 82 = 8 and
e =o(pz+/1—p?n),

with 7 ~ N (0,1) L z ~ N(0,1) independently of X. We thus have Corr(y, z|x) = Corr(e, z) = p
and € ~ N(0,0%) L X. We fix N = 1,000 samples 21 ~ N(0,1) L 22 ~ N(1,1) to obtain
X € RV*3 and evaluate the performance of the predictor on the new observation ] =025 =1.

For each estimator, we report an estimate of the root mean square error

RMSE(. (8),5.(8)) = \ & [(3.(8) ~ 9. (8))21X. ]

obtained over 10,000 Monte Carlo samples (i.e. keeping X and x* fixed and resampling Z € RV
and 7 € RY). We highlight with a single asterisk (*) RMSEs that are lower than the uncontrolled
OLS estimator’s RMSE with high statistical significance (t-test p-value across the Monte Carlo
samples less than 0.001). When one of the two proposed estimators outperforms the other with
high statistical significance we highlight the corresponding RMSE with double asterisks (**).

As expected, as the correlation between the control and the target p increases, the performance
gain obtained by using either of the feasible control estimators increases. The joint-OLS estimator

outperforms the standard OLS estimator by the same amount across different signal-to-noise ratios
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while BX 7 s ’s relative performance changes. Comparing Bx 7 5 and sz we note the results suggest
that for high signal-to-noise ratios®' the joint-OLS estimator BX,Z slightly outperforms BX 7%
while for lower signal-to-noise ratios the latter estimator performs marginally better. Consider the

two edge cases:

 when there is no error, i.e. 0 =0, By , ¢ performs worse than Bx (= ﬁx,z) as it is adding

uninformative variability to the estimator;

o when there is no signal, i.e. X = 1 € RY, szﬁ and BX,Z both reduce to the classic
control variates estimators, cf. Remark 4.F.2, but the former is more precise as it estimates

Ay = —%, 1%, , using the knowledge that the control is mean zero.

Next, we investigate the empirical performance of BX,Z,E and BAX,Z when the dependency
between Z and € is non-linear but (Z, €)|X are still jointly mean-zero, uncorrelated (across samples)
and homoscedastic. Keeping the same design matrix X as in Table 4.F.1 and the same parameters
B = (—1,6,8) we now let

e=o0kf(z) +oV1—Kn,

with n ~ N(0,1) L 2 ~ N(0,1) independently of X. By choosing f(z) such that E[f(z)] = 0 and
E[f(2)?] = 1 we have E[¢] = 0 and E[¢?] = 02. Moreover, choosing x = Cov(z, f(2))"!p ensures

that Corr(y, z|x) = Corr(e, z) = p. We investigate the following three dependence functions:

224+z-1
(sq) f(z) = T;
3
(cube) f(2) = i

Q)
N
\

B

(exp) f(z) = \/6277_‘

The code used to produce the results of Table 4.F.1 and Table 4.F.2 can be found at https:
//github.com/lorenzolucchese/controlled-linear-regression.

We also experimented with multiplicative noise (€ o< f(z)n), heavier tailed errors (n ~ t3) and
different dataset sizes (N € {100, 1000,10000}). The results are similar to the ones reported in
Table 4.F.1 and Table 4.F.2: the two control estimators outperform the classic OLS estimator
as long as p > 0 while the differences in performance between the two control estimators are

statistically significant but small.

51Here we define the signal-to-noise ratio as std(x”8) /o where std(x" ) measures the variablity of the explainable
part of the model (signal) and o measures the variability in the error e (noise). In Table 4.F.1 the signal component
of the model is kept fixed and hence higher o denotes lower signal-to-noise ratio.


https://github.com/lorenzolucchese/controlled-linear-regression
https://github.com/lorenzolucchese/controlled-linear-regression
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BX BX,Z’ﬁ . BX,Z R BX,Z,E R
o p |RMSE RMSE (% of Bx) RMSE (% of Bx) RMSE (% of fx)
0.00 | 0.1572 0.1579 100.46% 0.1573 100.03% 0.1572 100.00%
0.25 | 0.1588 0.1550%* 97.57% 0.1538** 96.86% 0.1489 93.75%
5 0.50| 0.1581 0.1368* 86.48% 0.1358** 85.86% 0.1186 75.00%
0.75 | 0.1592 0.1052* 66.08% 0.1043** 65.52% 0.0697 43.75%
1.00 | 0.1606 0.0164* 10.21% 0.0000** 0.01% 0.0000 0.00%
0.00 | 0.3144 0.3146 100.06% 0.3145 100.03% 0.3144 100.00%
0.25 | 0.3177 0.3082* 97.03% 0.3077** 96.86% 0.2978 93.75%
10 0.50 | 0.3163 0.2719* 85.97% 0.2715* 85.86% 0.2372 75.00%
0.75 | 0.3185 0.2088* 65.57% 0.2086* 65.52% 0.1393 43.75%
1.00 | 0.3211 0.0164* 5.11% 0.0000** 0.00% 0.0000 0.00%
0.00 | 0.6289 0.6286 99.96% 0.6291 100.03% 0.6289 100.00%
0.25 | 0.6353 0.6154* 96.86% 0.6154* 96.86% 0.5956 93.75%
20 0.50 | 0.6325 0.5429* 85.83% 0.5431%* 85.86% 0.4744 75.00%
0.75 | 0.6369 0.4169* 65.46% 0.4173* 65.52% 0.2786 43.75%
1.00 | 0.6422 0.0164* 2.55% 0.0000** 0.00% 0.0000 0.00%
0.00 | 1.2578 1.2569 99.93% 1.2582 100.03% 1.2578 100.00%
0.25 | 1.2707 1.2300** 96.80% 1.2307* 96.86% 1.1913 93.75%
40 0.50 | 1.2651 1.0853** 85.79% 1.0862* 85.86% 0.9488 75.00%
0.75 | 1.2738 0.8336** 65.44% 0.8346* 65.52% 0.5573 43.75%
1.00 | 1.2845 0.0164* 1.28% 0.0000** 0.00% 0.0000 0.00%

Table 4.F.1: RMSEs of the classic OLS estimator BX, the two feasible control estimators BAX,Z;A; and BX,Z,
and the unfeasible optimal control estimator BX_’Z’E. A single asterisk (*) indicates feasible RMSEs that are
lower than the uncontrolled classic OLS estimator’s RMSE with high statistical significance (t-test p-value
across the 10,000 Monte Carlo samples less than 0.001). A double asterisk (**) indicates the feasible control
estimator’s RMSE is lower than the other feasible control estimator’s RMSE with high statistical

significance.
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BX B\X,Z’ﬁ) R BX,Z R BX,Z,Z R
f p | RMSE RMSE (% of Bx) RMSE (% of Bx) RMSE (% of Bx)
0.00 | 0.3144 0.3146 100.06% 0.3145 100.03% 0.3144 100.00%
0.25 | 0.3174 0.3084* 97.14% 0.3075** 96.88% 0.2976 93.75%
(sq) 0.50 | 0.3202 0.2772* 86.57% 0.2761** 86.25% 0.2401 75.00%
0.75
1.00
0.00 | 0.3144 0.3146 100.06% 0.3145 100.03% 0.3144 100.00%
0.25 | 0.3184 0.3088* 97.00% 0.3083* 96.83% 0.2985 93.75%
(cube) 0.50 | 0.3184 0.2736* 85.95% 0.2734* 85.86% 0.2388 75.00%
0.75 | 0.3222 0.2125* 65.96% 0.2123* 65.90% 0.1409 43.75%
1.00
0.00 | 0.3144 0.3146 100.06% 0.3145 100.03% 0.3144 100.00%
0.25 | 0.3178 0.3085* 97.07% 0.3078** 96.85% 0.2979 93.75%
(exp) 0.50 | 0.3182 0.2741* 86.13% 0.2734** 85.92% 0.2387 75.00%
0.75 | 0.3191 0.2091* 65.53% 0.2081** 65.20% 0.1396 43.75%
1.00

Table 4.F.2: RMSEs of the classic OLS estimator BX, the two feasible control estimators BX,Z,E and ﬂfxyz,
and the unfeasible optimal control estimator BX?Z’E. A single asterisk (*) indicates feasible RMSEs that are
lower than the uncontrolled classic OLS estimator’s RMSE with high statistical significance (t-test p-value
across the 10,000 Monte Carlo samples less than 0.001). A double asterisk (**) indicates the feasible control
estimator’s RMSE is lower than the other feasible control estimator’s RMSE with high statistical significance.

Empty values indicate setups that are not achievable for the given correlation p and dependence function f.
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