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Introduction

Machine learning in finance sits at the intersection of a number of emergent
and established disciplines including pattern recognition, financial econometrics,
statistical computing, probabilistic programming, and dynamic programming. With
the trend towards increasing computational resources and larger datasets, machine
learning has grown into a central computational engineering field, with an emphasis
placed on plug-and-play algorithms made available through open-source machine
learning toolkits. Algorithm focused areas of finance, such as algorithmic trading
have been the primary adopters of this technology. But outside of engineering-based
research groups and business activities, much of the field remains a mystery.

A key barrier to understanding machine learning for non-engineering students
and practitioners is the absence of the well-established theories and concepts that
financial time series analysis equips us with. These serve as the basis for the
development of financial modeling intuition and scientific reasoning. Moreover,
machine learning is heavily entrenched in engineering ontology, which makes devel-
opments in the field somewhat intellectually inaccessible for students, academics,
and finance practitioners from the quantitative disciplines such as mathematics,
statistics, physics, and economics. Consequently, there is a great deal of miscon-
ception and limited understanding of the capacity of this field. While machine
learning techniques are often effective, they remain poorly understood and are
often mathematically indefensible. How do we place key concepts in the field of
machine learning in the context of more foundational theory in time series analysis,
econometrics, and mathematical statistics? Under which simplifying conditions are
advanced machine learning techniques such as deep neural networks mathematically
equivalent to well-known statistical models such as linear regression? How should
we reason about the perceived benefits of using advanced machine learning methods
over more traditional econometrics methods, for different financial applications?
What theory supports the application of machine learning to problems in financial
modeling? How does reinforcement learning provide a model-free approach to
the Black—Scholes—Merton model for derivative pricing? How does Q-learning
generalize discrete-time stochastic control problems in finance?
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viii Introduction

This book is written for advanced graduate students and academics in financial
econometrics, management science, and applied statistics, in addition to quants and
data scientists in the field of quantitative finance. We present machine learning
as a non-linear extension of various topics in quantitative economics such as
financial econometrics and dynamic programming, with an emphasis on novel
algorithmic representations of data, regularization, and techniques for controlling
the bias-variance tradeoff leading to improved out-of-sample forecasting. The book
is presented in three parts, each part covering theory and applications. The first
part presents supervised learning for cross-sectional data from both a Bayesian
and frequentist perspective. The more advanced material places a firm emphasis
on neural networks, including deep learning, as well as Gaussian processes, with
examples in investment management and derivatives. The second part covers
supervised learning for time series data, arguably the most common data type
used in finance with examples in trading, stochastic volatility, and fixed income
modeling. Finally, the third part covers reinforcement learning and its applications
in trading, investment, and wealth management. We provide Python code examples
to support the readers’ understanding of the methodologies and applications. As
a bridge to research in this emergent field, we present the frontiers of machine
learning in finance from a researcher’s perspective, highlighting how many well-
known concepts in statistical physics are likely to emerge as research topics for
machine learning in finance.

Prerequisites

This book is targeted at graduate students in data science, mathematical finance,
financial engineering, and operations research seeking a career in quantitative
finance, data science, analytics, and fintech. Students are expected to have com-
pleted upper section undergraduate courses in linear algebra, multivariate calculus,
advanced probability theory and stochastic processes, statistics for time series
(econometrics), and gained some basic introduction to numerical optimization and
computational mathematics. Students shall find the later chapters of this book,
on reinforcement learning, more accessible with some background in investment
science. Students should also have prior experience with Python programming and,
ideally, taken a course in computational finance and introductory machine learning.
The material in this book is more mathematical and less engineering focused than
most courses on machine learning, and for this reason we recommend reviewing
the recent book, Linear Algebra and Learning from Data by Gilbert Strang as
background reading.
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Advantages of the Book

Readers will find this book useful as a bridge from well-established foundational
topics in financial econometrics to applications of machine learning in finance.
Statistical machine learning is presented as a non-parametric extension of financial
econometrics and quantitative finance, with an emphasis on novel algorithmic rep-
resentations of data, regularization, and model averaging to improve out-of-sample
forecasting. The key distinguishing feature from classical financial econometrics
and dynamic programming is the absence of an assumption on the data generation
process. This has important implications for modeling and performance assessment
which are emphasized with examples throughout the book. Some of the main
contributions of the book are as follows:

* The textbook market is saturated with excellent books on machine learning.
However, few present the topic from the prospective of financial econometrics
and cast fundamental concepts in machine learning into canonical modeling and
decision frameworks already well established in finance such as financial time
series analysis, investment science, and financial risk management. Only through
the integration of these disciplines can we develop an intuition into how machine
learning theory informs the practice of financial modeling.

e Machine learning is entrenched in engineering ontology, which makes develop-
ments in the field somewhat intellectually inaccessible for students, academics,
and finance practitioners from quantitative disciplines such as mathematics,
statistics, physics, and economics. Moreover, financial econometrics has not kept
pace with this transformative field, and there is a need to reconcile various
modeling concepts between these disciplines. This textbook is built around
powerful mathematical ideas that shall serve as the basis for a graduate course for
students with prior training in probability and advanced statistics, linear algebra,
times series analysis, and Python programming.

» This book provides financial market motivated and compact theoretical treatment
of financial modeling with machine learning for the benefit of regulators, wealth
managers, federal research agencies, and professionals in other heavily regulated
business functions in finance who seek a more theoretical exposition to allay
concerns about the “black-box” nature of machine learning.

* Reinforcement learning is presented as a model-free framework for stochastic
control problems in finance, covering portfolio optimization, derivative pricing,
and wealth management applications without assuming a data generation
process. We also provide a model-free approach to problems in market
microstructure, such as optimal execution, with Q-learning. Furthermore,
our book is the first to present on methods of inverse reinforcement
learning.

* Multiple-choice questions, numerical examples, and more than 80 end-of-
chapter exercises are used throughout the book to reinforce key technical
concepts.
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e This book provides Python codes demonstrating the application of machine
learning to algorithmic trading and financial modeling in risk management
and equity research. These codes make use of powerful open-source software
toolkits such as Google’s TensorFlow and Pandas, a data processing environment
for Python.

Overview of the Book

Chapter 1

Chapter 1 provides the industry context for machine learning in finance, discussing
the critical events that have shaped the finance industry’s need for machine learning
and the unique barriers to adoption. The finance industry has adopted machine
learning to varying degrees of sophistication. How it has been adopted is heavily
fragmented by the academic disciplines underpinning the applications. We view
some key mathematical examples that demonstrate the nature of machine learning
and how it is used in practice, with the focus on building intuition for more technical
expositions in later chapters. In particular, we begin to address many finance
practitioner’s concerns that neural networks are a “black-box” by showing how they
are related to existing well-established techniques such as linear regression, logistic
regression, and autoregressive time series models. Such arguments are developed
further in later chapters.

Chapter 2

Chapter 2 introduces probabilistic modeling and reviews foundational concepts
in Bayesian econometrics such as Bayesian inference, model selection, online
learning, and Bayesian model averaging. We develop more versatile representations
of complex data with probabilistic graphical models such as mixture models.

Chapter 3

Chapter 3 introduces Bayesian regression and shows how it extends many of
the concepts in the previous chapter. We develop kernel-based machine learning
methods—specifically Gaussian process regression, an important class of Bayesian
machine learning methods—and demonstrate their application to “surrogate” mod-
els of derivative prices. This chapter also provides a natural point from which to
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develop intuition for the role and functional form of regularization in a frequentist
setting—the subject of subsequent chapters.

Chapter 4

Chapter 4 provides a more in-depth description of supervised learning, deep
learning, and neural networks—presenting the foundational mathematical and sta-
tistical learning concepts and explaining how they relate to real-world examples in
trading, risk management, and investment management. These applications present
challenges for forecasting and model design and are presented as a reoccurring
theme throughout the book. This chapter moves towards a more engineering
style exposition of neural networks, applying concepts in the previous chapters to
elucidate various model design choices.

Chapter 5

Chapter 5 presents a method for interpreting neural networks which imposes mini-
mal restrictions on the neural network design. The chapter demonstrates techniques
for interpreting a feedforward network, including how to rank the importance of
the features. In particular, an example demonstrating how to apply interpretability
analysis to deep learning models for factor modeling is also presented.

Chapter 6

Chapter 6 provides an overview of the most important modeling concepts in
financial econometrics. Such methods form the conceptual basis and performance
baseline for more advanced neural network architectures presented in the next
chapter. In fact, each type of architecture is a generalization of many of the models
presented here. This chapter is especially useful for students from an engineering or
science background, with little exposure to econometrics and time series analysis.

Chapter 7

Chapter 7 presents a powerful class of probabilistic models for financial data.
Many of these models overcome some of the severe stationarity limitations of the
frequentist models in the previous chapters. The fitting procedure demonstrated is
also different—the use of Kalman filtering algorithms for state-space models rather
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than maximum likelihood estimation or Bayesian inference. Simple examples of
hidden Markov models and particle filters in finance and various algorithms are
presented.

Chapter 8

Chapter 8 presents various neural network models for financial time series analysis,
providing examples of how they relate to well-known techniques in financial econo-
metrics. Recurrent neural networks (RNNs) are presented as non-linear time series
models and generalize classical linear time series models such as AR(p). They
provide a powerful approach for prediction in financial time series and generalize
to non-stationary data. The chapter also presents convolution neural networks for
filtering time series data and exploiting different scales in the data. Finally, this
chapter demonstrates how autoencoders are used to compress information and
generalize principal component analysis.

Chapter 9

Chapter 9 introduces Markov decision processes and the classical methods of
dynamic programming, before building familiarity with the ideas of reinforcement
learning and other approximate methods for solving MDPs. After describing Bell-
man optimality and iterative value and policy updates before moving to Q-learning,
the chapter quickly advances towards a more engineering style exposition of the
topic, covering key computational concepts such as greediness, batch learning, and
Q-learning. Through a number of mini-case studies, the chapter provides insight
into how RL is applied to optimization problems in asset management and trading.
These examples are each supported with Python notebooks.

Chapter 10

Chapter 10 considers real-world applications of reinforcement learning in finance,
as well as further advances the theory presented in the previous chapter. We start
with one of the most common problems of quantitative finance, which is the problem
of optimal portfolio trading in discrete time. Many practical problems of trading or
risk management amount to different forms of dynamic portfolio optimization, with
different optimization criteria, portfolio composition, and constraints. The chapter
introduces a reinforcement learning approach to option pricing that generalizes the
classical Black—Scholes model to a data-driven approach using Q-learning. It then
presents a probabilistic extension of Q-learning called G-learning and shows how it
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can be used for dynamic portfolio optimization. For certain specifications of reward
functions, G-learning is semi-analytically tractable and amounts to a probabilistic
version of linear quadratic regulators (LQRs). Detailed analyses of such cases are
presented and we show their solutions with examples from problems of dynamic
portfolio optimization and wealth management.

Chapter 11

Chapter 11 provides an overview of the most popular methods of inverse reinforce-
ment learning (IRL) and imitation learning (IL). These methods solve the problem
of optimal control in a data-driven way, similarly to reinforcement learning, however
with the critical difference that now rewards are not observed. The problem is rather
to learn the reward function from the observed behavior of an agent. As behavioral
data without rewards are widely available, the problem of learning from such data
is certainly very interesting. The chapter provides a moderate-level description of
the most promising IRL methods, equips the reader with sufficient knowledge to
understand and follow the current literature on IRL, and presents examples that use
simple simulated environments to see how these methods perform when we know
the “ground truth" rewards. We then present use cases for IRL in quantitative finance
that include applications to trading strategy identification, sentiment-based trading,
option pricing, inference of portfolio investors, and market modeling.

Chapter 12

Chapter 12 takes us forward to emerging research topics in quantitative finance
and machine learning. Among many interesting emerging topics, we focus here
on two broad themes. The first one deals with unification of supervised learning
and reinforcement learning as two tasks of perception-action cycles of agents. We
outline some recent research ideas in the literature including in particular informa-
tion theory-based versions of reinforcement learning and discuss their relevance for
financial applications. We explain why these ideas might have interesting practical
implications for RL financial models, where feature selection could be done within
the general task of optimization of a long-term objective, rather than outside of it,
as is usually performed in “alpha-research.”

The second topic presented in this chapter deals with using methods of reinforce-
ment learning to construct models of market dynamics. We also introduce some
advanced physics-based approaches for computations for such RL-inspired market
models.
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Source Code

Many of the chapters are accompanied by Python notebooks to illustrate some
of the main concepts and demonstrate application of machine learning methods.
Each notebook is lightly annotated. Many of these notebooks use TensorFlow.
We recommend loading these notebooks, together with any accompanying Python
source files and data, in Google Colab. Please see the appendices of each chapter
accompanied by notebooks, and the README . md in the subfolder of each chapter,
for further instructions and details.

Scope

We recognize that the field of machine learning is developing rapidly and to keep
abreast of the research in this field is a challenging pursuit. Machine learning is an
umbrella term for a number of methodology classes, including supervised learning,
unsupervised learning, and reinforcement learning. This book focuses on supervised
learning and reinforcement learning because these are the areas with the most
overlap with econometrics, predictive modeling, and optimal control in finance.
Supervised machine learning can be categorized as generative and discriminative.
Our focus is on discriminative learners which attempt to partition the input
space, either directly, through affine transformations or through projections onto
a manifold. Neural networks have been shown to provide a universal approximation
to a wide class of functions. Moreover, they can be shown to reduce to other well-
known statistical techniques and are adaptable to time series data.

Extending time series models, a number of chapters in this book are devoted to
an introduction to reinforcement learning (RL) and inverse reinforcement learning
(IRL) that deal with problems of optimal control of such time series and show how
many classical financial problems such as portfolio optimization, option pricing, and
wealth management can naturally be posed as problems for RL and IRL. We present
simple RL methods that can be applied for these problems, as well as explain how
neural networks can be used in these applications.

There are already several excellent textbooks covering other classical machine
learning methods, and we instead choose to focus on how to cast machine learning
into various financial modeling and decision frameworks. We emphasize that much
of this material is not unique to neural networks, but comparisons of alternative
supervised learning approaches, such as random forests, are beyond the scope of
this book.
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Multiple-Choice Questions

Multiple-choice questions are included after introducing a key concept. The correct
answers to all questions are provided at the end of each chapter with selected, partial,
explanations to some of the more challenging material.

Exercises

The exercises that appear at the end of every chapter form an important component
of the book. Each exercise has been chosen to reinforce concepts explained in the
text, to stimulate the application of machine learning in finance, and to gently bridge
material in other chapters. It is graded according to difficulty ranging from (*),
which denotes a simple exercise which might take a few minutes to complete,
through to (***), which denotes a significantly more complex exercise. Unless
specified otherwise, all equations referenced in each exercise correspond to those
in the corresponding chapter.

Instructor Materials

The book is supplemented by a separate Instructor’s Manual which provides worked
solutions to the end of chapter questions. Full explanations for the solutions to the
multiple-choice questions are also provided. The manual provides additional notes
and example code solutions for some of the programming exercises in the later
chapters.
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