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Dr. Yves J. Hilpisch is founder and CEO of The Python Quants (http://tpqg.io), a group focusing on the
use of open source technologies for financial data science, artificial intelligence, algorithmic
trading, and computational finance. He is also the founder and CEO of The AI Machine (http://
aimachine.io), a company focused on AI-powered algorithmic trading based on a proprietary strategy
execution platform.

Yves has a Diploma in Business Administration, a Ph.D. 1n Mathematical Finance, and 1s Adjunct Professor
for Computational Finance.

Yves is the author of six books (https://home.tpq.io/books):

* Financial Theory with Python (2021, 0’'Reilly)

* Artificial Intelligence in Finance (2020, 0’'Reilly)

* Python for Algorithmic Trading (2020, 0'Reilly)

* Python for Finance (2018, 2nd ed., 0'Reilly)

* Listed Volatility and Variance Derivatives (2017, Wiley Finance)
* Derivatives Analytics with Python (2015, Wiley Finance)

Yves is the director of the first online training program leading to University Certificates in Python
for Algorithmic Trading (https://home.tpqg.io/certificates/pyalgo) and Computational Finance (https://
home.tpg.io/certificates/compfin). He also lectures on computational finance, machine learning, and
algorithmic trading at the CQF Program (http://cqf.com).

Yves is the originator of the financial analytics library DX Analytics (http://dx-analytics.com) and
organizes Meetup group events, conferences, and bootcamps about Python, artificial intelligence and
algorithmic trading in London (http://pqf.tpg.io), New York (http://aifat.tpqg.io), Frankfurt, Berlin,
and Paris. He has given keynote speeches at technology conferences in the United States, Europe, and
Asia.

http://hilpisch.com
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Financial Theory with Python — A Gentle Introduction

OREILLY" Finance with Python and Python
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Risk-Return

Arbitrage Pricing

Expected Utility Theory
Mean-Variance Portfolio
Theory

Capital Asset Pricing Model
Portfolio Optimization

Basic Python Concepts and
Packages:

Major Python Idioms
NumPy Package
SciPy & SymPy Packages
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Python & AI for Finance & Trading
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4 to 12 months
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Community of
professional & aspiring
quant developers &
quant researchers.
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DAY 1
« Data Science Packages
- Jupyter Lab
- NumPy, pandas
« Basic Finance
» Option Pricing
- Market Completeness
- Portfolio Selection
* Neural Nets from Scratch
« Basic Statistical Methods
» Descriptive Statistics
« Approximation
- Pattern Frequency

DAY 2
 Types of Machine Learning
* Unsupervised Learning
» Supervised Learning
 F1nance Applications
- Regime Detection
- Black-Scholes—Merton
- Efficient Markets
« Machine Learning as a Process
- Success, Capacity
- Bias vs. Variance
« Cross—-Validation
 Deep Learning
- Interactive Neural Networks
- Neural Network Classes
- Dense Neural Networks



Statistical & Machine
Learning



Mathematics. f(X) — ) 4+ —x

Function generates :Z
data.

:f(xl),l —_ 1,2,...,n
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Data generates
function.
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Types of Learning



Unsupervised learning (UL)

These are algorithms that learn from a given sample
data set of features (input) values only. They are
supposed to learn about the 1input data set, given,
for example, some guiding parameters. Clustering
algorithms fall into that category. In a financial
context, such algorithms might cluster stocks 1into
certain groups.






Supervised learning (SL)

These are algorithms that learn from a given sample
data set of features (input) and labels (output)
values. Examples are OLS regression and neural
networks. The purpose of supervised learning 1s to
learn the relationship between the input and output
values. In finance, such algorithms might be trained

to predict whether a potential debtor 1s credit-
worthy or not.



: import numpy as np

: features = np.array(((0, O,

¢ features

: labels = features[:, 0] | features [:, 1]

: labels

array([0, 1, 1, 1])
: from sklearn.naive bayes import GaussianNB
: model = GaussianNB()

: model.fit(features, labels)
GaussianNB()

: model.predict (features)
array ([0, 1, 1, 1])




Reinforcement learning (RL)

These are algorithms that learn from trial and error
by receiving a reward for taking an action. They
update an optimal action policy according to what
rewards and punishments they receive. Such
algorithms are, for example, used for environments
where actions need to be taken continuously and
rewards are received immediately, such as 1n a
computer game.
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https://certificate.tpq.io/lunar_lander.mp4
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Dense Neural Networks
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“A major source of difficulty in many
real-world artificial intelligence
applications 1s that many of the factors
of variation influence every single pilece
of data we are able to observe.”

“Deep learning solves this central
problem in representation learning by
introducing representations that are
expressed in terms of other, simpler
representations. Deep learning enables
the computer to build complex concepts
out of simpler concepts.”

“The quintessential example of a deep
learning model is the feedforward deep
network, or multilayer perceptron (MLP).
A multilayer perceptron 1s just a
mathematical function mapping some set of
input values to output values. The
function 1s formed by composing many
simpler functions. We can think of each
application of a different mathematical
function as providing a new
representation of the input.”



Neural Network (Simple)
0 Hidden Layers

9
weights

Input Layer Output Layer



Neural Network (Shallow)
1 Hidden Layer

Input Layer Hidden Layer Output Layer



Neural Network (Deep)
2+ Hidden Layers

Input Layer Hidden Layers QOutput Layer



Recurrent Neural Networks



Recurrent Neural Network (Deep)
Remembering the Output/State

X1
= = 5
i i i
O O O
X2 D ) D
= = =
X3

Input Layer Hidden Layers QOutput Layer

state t = 0

for input t in 1nput sequence:
output t = f(input t, state t)
state t = output t

Recurrent
connection

Source: Chollet (2017)



Long Short Term Memory (LSTM)
Adding a Carry Track

output t-1

input t-1

output t

output t =
activation(
Wosinput t +
Uoestate t + State t+1
bo)

output t+1

input t+1

output_t =
activation(
Worsinput_t +
Uo-state_t + State t+1
Vosc_t +
bo)

output t-1

output t+1

input t+1

Carry track

activation(
Worsinput t +
Uoeslate t +
Voec_t +
bo)

State t+1

Source:

output t+1

Carry track

input t+1

Chollet

(2017)



Convolutional Neural Networks
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https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53

Overview of Neural Networks



Input Cell
() Backfed Input Cell
A Noisy Input Cell
‘ Hidden Cell
‘ Probablistic Hidden Cell

' Spiking Hidden Cell

. Match Input Output Cell
‘ Recurrent Cell
‘ Memory Cell

‘ Gated Memory Cell

Kernel

Convolution or Pool

A mostly complete chart of
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Deep Residual Network (DRN) Differentiable Neural Computer (DNC) Neural Turing Machine (NTM)

Capsule Network (CN)
Attention Network (AN)

Kohonen Network (KN)
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Reinforcement Learning
—Basic Notions



Reinforcement
Learning

An Introduction
second edition

“Of all the forms of machine learning,
reinforcement learning 1s the closest
to the kind of learning that humans
and other animals do, and many of the
core algorithms of reinforcement
learning were originally 1inspired by
biological learning systems.”

“The most important feature
distinguishing reinforcement learning
from other types of learning 1s that
1t uses training information that
evaluates the actions taken rather
than instructs by giving correct
actions.”

“Reinforcement learning 1s about
learning from interaction how to
behave 1n order to achieve a goal. The
reinforcement learning agent and 1its
environment interact over a sequence
of discrete time steps.”


https://www.amazon.com/Reinforcement-Learning-Introduction-Adaptive-Computation/dp/0262039249/

The Science of
Consequences

1IN

HOW THEY
AFFECT GENES, CHANGE THE BRAIN,
AND IMPACT OUR WORLD

SUSAN M. SCHNEIDER

JUDEA PEARL

WINNER OF THE TURING AWARD

AND DANA MACKENZIE

THE
BOOK OF

WHY

A

THE NEW SCIENCE
OF CAUSE AND EFFECT




Environment

The environment defines the problem at hand. This
can be a computer game to be played or a financial
market to be traded 1in.

State

A state subsumes all relevant parameters that
describe the current status of the environment. In a
computer game this might be the whole screen with
all 1ts pixels. In a financial market, this might
include current and historical price levels,
financial i1ndicators such as moving averages,
macroeconomic variliables, and so on.



Agent

The term agent subsumes all elements of the RL
algorithm that interacts with the environment and
that learns from these interactions. In a gaming
context, the agent might represent a player playing
the game. In a financial context, the agent could
represent a trader placing bets on rising or falling
markets.

Action

An agent can choose one action from a (limited) set
of allowed actions. In a computer game, movements to
the left or right might be allowed actions, while 1n
a fTinancial market going long or short could be
admissible.



Step

Given an action of an agent, the state of the
environment 1s updated. One such update 1s generally
called a step. The concept of a step 1s general
enough to encompass both heterogeneous and
homogeneous time 1intervals between two steps. While
1in computer games, real-time interaction with the
game environment 1s simulated by rather short,
homogeneous time intervals (“game clock”), a trading
bot i1nteracting with a financial market environment
could take actions at longer, heterogeneous time
intervals, for 1nstance.



Reward

Depending on the action an agent chooses,

a reward (or penalty) is awarded. For a computer
game, points are a typical reward. In a financial
context, profit (or loss) is a standard reward.

Target

The target specifies what the agent tries to
maximize. In a computer game, this 1n general 1s the
score reached by the agent. For a financial trading
bot, this might be the trading profit.



Policy

The policy defines which action an agent takes given
a certain state of the environment. Given a certailn
state of a computer game, represented by all the
pixels that make up the current scene, the policy
might specify that the agent chooses “move right” as
the action. A trading bot that observes three price
increases 1n a row might decide, according to 1ts
policy, to short the market.

Episode

An eplsode is a set of steps from the initial state
of the environment until success 1s achieved or
failure 1s observed. In a game, from the start of
the game until a win or loss. In the financial
world, for example, from the beginning of the year
to the end of the year or to bankruptcy.



Reinforcement Learning
—Q-Learning



Reward Function

The reward function R assigns to each state—-action
(S, A) pair a numerical reward.

R:SXA—->R

Action Policy

An action policy Q assigns to each state S and
allowed action A a numerical value. The numerical
value is composed of the immediate reward of taking

action A and the discounted delayed reward — given
an optimal action taken 1n the subsequent state.

O:5%XA - R,
0 (S,A,) =R (S.A,) +7- max 0 (S;41-a)



Representation

In general, the optimal action policy Q can not be
specified in closed form (e.g. in the form of a
table). Therefore, Q-learning relies in general on
approximate representations for the optimal policy

Q.

Neural Network

Due to the approximation capabilities of neural
networks (“Universal Approximation Theorems”),
neural networks are typically used to represent
optimal action policies Q. Features are the
parameters that describe the state of the
environment. Labels are values attached to each
allowed action.



An Overview Of Artificial Neural Networks for

Mathematicians “In the mathematical theory
Leonardo Ferreira Guilhoto of artificial neural networks,
s the universal approximation

This expository paper first defines what an Artificial Neural Network is and describes some of the key

ideas behind them such as weights, biases, activation functions (mainly sigmoids and the ReLU function), t h e O r e m S t a t e S t h a t a f e e d =

backpropagation, etc. We then focus on interesting properties of the expressive power of feedforward
neural networks, presenting several theorems relating to the types of functions that can be approximated

by specific types of networks. Finally, in order to help build intuition, a case study of effectiveness in the f O rwa r d r e t WO r k W l t h a S l n g -l_ e h l d d e n

MNIST database of handwritten digits is carried out, examining how parameters such as learning rate,
width, and depth of a network affects its accuracy. This work focuses mainly on theoretical aspects of

et etk e proviing 44 9 e o g layer containing a finite number
Contents of neurons can approximate continuous
' Tt functions on compact subsets of Rn,

2 An Overview of Feedforward Neural Networks

T A e under mild assumptions on the activation

Weights, Biases and Activation Functions . . . . . . . .. .. .. .. .......

22 Les | function. The theorem thus states that

222 g;ii;err;tplsgjsent ................................... Simp-l_e neura'L networks Can represent a

The Expressive Power of Feedforward Neural Networks

1 Untverst Approsimaton e wide variety of interesting functions

3.1.1 Useful Definitions and The.orems from Fu.nctic?nal Analysis . . R . .
T etvation Functions L e oo when given appropriate parameters;
3.2 Effective Versions of the Universal Approximation Theorem

Implementation and Case Study of Efficiency h Owe V e r i t d O e S n O t t O u C h u p O n t h e

4.1 Procedure

42 CompariSOnReSUlts . . . . . . o o o o algorlthmlc learnablllty Of those

42.1 Learning Rate
422 Width . . . . e

123 bepo parameters.”

Acknowledgemests —https://en.wikipedia.org/wiki/
Beferonces Universal _approximation_theorem

Appendix A Data



http://math.uchicago.edu/~may/REU2018/REUPapers/Guilhoto.pdf

Exploration

This refers to actions taken by an agent that are

random 1n nature. The purpose 1s to explore random
actions and their associated values beyond what the
current optimal policy would dictate.

Exploitation

This refers to actions taken 1n accordance with the
current optimal policy.

Replay

This refers to the (reqular) updating of the optimal

action policy given past and memorized experiences
(by re-training the neural network).



gamma
The parameter gamma represents the discount factor
by which delayed rewards are taken 1nto account.

epsilon
The parameter epsilon defines the ratio with which

the algorithm relies on exploration as compared to
exploitation.

epsilon decay
The parameter epsilon decay specifles the rate at
which epsilon 1S reduced.
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