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The Python Quants

First University Certificate in Python for

Algorithmic Trading

ython programming has become a key skill in the
financial industry. In areas such as financial data
science, computational finance or algorithmic
trading, Python has established itself as the primary
technological platform. At the same time, the
level of Python sophistication the industry is expecting from
its employees and applicants is increasing steadily. The Python
Quants Group is one of the leading providers of Python for
Finance training programs.

Among others, The Python Quants have tailored a
comprehensive online training program leading to the first
University Certificate in Python for Algorithmic Trading. Be
it an ambitious student with intrigue for algorithmic trading,
or a major financial institution, The Python Quants, through
this systematic training program, is equipping delegates with
requisite skills and tools to formulate, backtest and deploy
algorithmic trading strategies based on Python.

The topics covered in the training programs offered by The
Python Quants are generally not found in the typical curriculum

of financial engineering or quantitative finance Master programs.

Dr. Yves Hilpisch, the firm’s founder and managing partner,
explains, “There are courses out there that show students how to
apply machine learning for the formulation and backtesting of
algorithmic trading strategies. However, none of them explains
the difficulties or the skills

required in deploying

such algorithmic

trading strategies

in the real world.

Besides providing an

introductory course

that teaches Python

and financial concepts

from scratch, we train

our delegates and clients on

how best to deploy algorithmic n
trading strategies in automated S
fashion in the cloud, with,
among others, real-time
risk management and
monitoring,” explains
Hilpisch, an author

of three books on

Difives HIIpIS% \\“ mastering all the tools and skills

required in Python for Financial
Data Science, Algorithmic

1 Trading, and Computational

ol Finance’CM

the topic, with “Python for Finance” (2nd ed., O’'Reilly) being the
standard reference in the field.

The organization’s “Python for Algorithmic Trading
University Certificate” consists of 200 hours of instruction, 1,200
pages of documentation and 1,000s of lines of Python code. In
addition to offering both online and oftline Python training,
Hilpisch and his team also organize bespoke training events for
financial institutions, hedge funds, banks, and asset management
companies. “Most of the training is online since we have students
and delegates from about 65 different countries in general. Most
recently, we noticed that it’s not just financial firms and students
who want to deepen their algorithmic trading knowledge, but
even professors of finance who want to get more involved in this
popular topic,” says Hilpisch.

While the Quant Platform is the most popular choice,
especially for users in the financial sector who don’t have access
to a full-fledged, interactive, financial analytics environment,
the team at The Python Quants is currently developing The Al
Machine—a new platform which leverages artificial intelligence
to formulate and deploy algorithmic trading strategies in a
standardized manner. Hilpisch explains that it’s relatively easy
to write Python code for an algorithmic trading strategy, but
the same can't be said about the deployment of such a strategy.
“There are a few platforms out there that allow the formulation
and backtesting of algorithmic trading strategies by the use of
Python code. However, they usually stop exactly there. With The
AI Machine, it is a single click on the ‘GO LIVE’ button and the
strategy is deployed in real-time—without any changes to the
strategy code itself;” adds Hilpisch.

In 2019, The Python Quants will be introducing a new
university certificate titled “Python for Computational Finance,”
which will focus more on original quantitative finance topics,

such as option pricing, Monte Carlo

simulation, and hedging. As financial

g institutions begin to perceive Python-
based analytics as a prerequisite skill, the

organization will continue to provide

an “efficient and structured way of
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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, computational finance, and asset anagement. 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 1in Business Administration, a Ph.D. in Mathematical Finance, and 1s Adjunct Professor
for Computational Finance.

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

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

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

Python for Algorithmic Trading (2020, O0’Reilly)

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

_isted Volatility and Variance Derivatives (2017, Wiley Finance)
Derivatives Analytics with Python (2015, Wiley Finance)
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Yves is the director of the first online training programs leading to University Certificates in Python
for Algorithmic Trading (https://home.tpqg.io/certificates/pyalgo), Computational Finance (https://
home.tpq.io/certificates/compfin), and Asset Management (https://home.tpq.io/certificates/pyam). 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

O'REILLY" Finance with Python

Financial Theory Python Environments
Basic Finance Concepts and

with Python Models :

A Gentle Introduction e R 1 sk—-Return

 Pricing of Instruments
Expected Utility Theory
Mean-Variance Portfolio Theory
Capital Asset Pricing Model

%g‘¥°“~ * Portfolio Optimization
A f Basic Python Concepts and

Packages:

 Major Python Idioms
 NumPy Package

 SciPy & SymPy Packages

Yves Hilpisch
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A History of Finance



Finance has gone through multiple phases and paradigm

shifts over time (1):
- The ancient period (pre-1950): A period mainly characterized by
informal reasoning, rules of thumb, and the experience of market

practitioners.

- The classical period (1950-1980): A period characterized by the
introduction of formal reasoning and mathematics to the field.

* The modern period (1980-2000): This period generated many advances
in specific subfields of finance (for example, computational
finance) and tackled, among others, important empirical phenomena
1n the financial markets, such as stochastic i1nterest rates or
stochastic volatility.



Finance has gone through multiple phases and paradigm
shifts over time (2):

- The computational period (2000-2020): This period saw a shift
from a theoretical focus 1n finance to a computational one,
driven by advances 1n both hardware and software used 1n
finance.

- The artificial intelligence period (post-2020): Advances in
artificial intelligence (AI) and related success stories have
spurred interest to make use of the capabilities of AI 1in the
financial domain. AI-first finance describes the shift from
simple, 1n general linear, models 1n finance to the use of
advanced models and algorithms from AI.



AI Success Stories
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AI Success Stories
—Atari Games and
Reinforcement Learning






“We present the first deep learning model
to successfully learn control policies
directly from high—-dimensional sensory
input using reinforcement learning. The Playing Atari with Deep Reinforcement Learning
model is a convolutional neural network, it o Kt B A o e
trained with a variant of Q-learning, whose P Nari e

i n p u -t l S r aw p lX e 'L S a n d Wh O S e O u t p u -t l S a {vlad, koray, david, alex.graves, ioannis, daan,martin.riedmiller} @ deepmind.com
value function estimating future rewards.
We apply our method to seven Atari 2600
games from the Arcade Learning Environment,
with no adjustment of the architecture or
learning algorithm. We find that it
outperforms all previous approaches on six L R
of the games and surpasses a human expert ST e o e

However reinforcement learning presents several challenges from a deep learning perspective.

Abstract

We present the first deep learning model to successfully learn control policies di-
rectly from high-dimensional sensory input using reinforcement learning. The
model is a convolutional neural network, trained with a variant of Q-learning,
whose input is raw pixels and whose output is a value function estimating future
rewards. We apply our method to seven Atari 2600 games from the Arcade Learn-
ing Environment, with no adjustment of the architecture or learning algorithm. We
find that it outperforms all previous approaches on six of the games and surpasses
a human expert on three of them.

1 Introduction

Learning to control agents directly from high-dimensional sensory inputs like vision and speech is
one of the long-standing challenges of reinforcement learning (RL). Most successful RL applica-
tions that operate on these domains have relied on hand-crafted features combined with linear value
functions or policy representations. Clearly, the performance of such systems heavily relies on the
quality of the feature representation.
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Recent advances in deep learning have made it possible to extract high-level features from raw sen-
sory data, leading to breakthroughs in computer vision [11, 22, 16] and speech recognition [6, 7].

arxXiv

144 Firstly, most successful deep learning applications to date have required large amounts of hand-

O n t r e e O t e m labelled training data. RL algorithms, on the other hand, must be able to learn from a scalar reward
n signal that is frequently sparse, noisy and delayed. The delay between actions and resulting rewards,

which can be thousands of timesteps long, seems particularly daunting when compared to the direct

association between inputs and targets found in supervised learning. Another issue is that most deep

learning algorithms assume the data samples to be independent, while in reinforcement learning one

typically encounters sequences of highly correlated states. Furthermore, in RL the data distribu-
tion changes as the algorithm learns new behaviours, which can be problematic for deep learning

- n il - - - methods that assume a fixed underlying distribution.
n l ’ | [ | a y l n g a r l W l e e p This paper demonstrates that a convolutional neural network can overcome these challenges to learn

successful control policies from raw video data in complex RL environments. The network is
trained with a variant of the Q-learning [26] algorithm, with stochastic gradient descent to update

R e i n -f O r C e m e n -t L e a r n i n g 1] . h .t -t p S : / / a r- X iV . O r- g / the weights. To alleviate the problems of correlated data and non-stationary distributions, we use
pdf/1312.5602v1. pdf



https://arxiv.org/pdf/1312.5602v1.pdf
https://arxiv.org/pdf/1312.5602v1.pdf

AI Success Stories
—Go and AlphaGo



RD

NICK BOSTROM

SUPERINTELLIGENCE

Paths, Dangers, Strategies

LPNILES

Re®0)))7

Ay Y
\-‘\_\\\&\

N
S

A\ _.'-‘.‘
L\ \\“\\\, //1‘\ ///‘&\

recommend A \“ \ \\ \\\\ n\\:“\\\\\\\\\\ll“ \\\ \‘
. ! el \\\ l“ i ‘\' .
this book § l"i\m\“ W, 'l\,\,‘“\\‘“‘\\\u\\\ \\:r_\F 7
BILL GATES (,;\,“ » “‘\\\ "“\‘u\\“ A\
ttt\‘\\\\ AN “\
() '\
\\‘“ \\i\ (\- '/\
'\‘“\\\ \\\\\ \/// //7
; ww®ﬁwWJ
, f//,m\\ 4,“\\ 7 \\\\.. l(\\\\‘\\\\\\\.«\&\
e :”'\\‘\ W, \\ "'I/\\\ Nu\\
’/\

i " roeeets
' _— g
L calfz=> ’

-

X

ll \\\,

a3 :/.;

)

S

RS - -
N SRR AL

™~
4

S
ez

&
v
7z

7

/“‘ \//

Yah

%
Y
v
.

85((:196.1)3

o A

“Go-playing programs have been
improving at a rate of about 1
dan/year 1in recent years. If this
rate of improvement continues,
they might beat the human world
champion 1in about a decade.”

Nick Bostrom (2014)
Superintelligence.



The story of AlphaGo so far

AlphaGo is the first computer program to defeat a professional human Go player,

Elo Rating

the first program to defeat a Go world champion, and arguably the strongest Go AlphaGo Zero surpasses all other versions of AlphaGo
player in history. and, arguably, becomes the best Go player in the world.
It does this entirely from self-play, with no human
AlphaGo’s first formal match was against the reigning 3-times European Champion, intervention and using no historical data.

Mr Fan Hui, in October 2015. Its 5-0 win was the first ever against a Go

professional, and the results were published in full technical detail in the e o o - -

international journal, Nature. AlphaGo then went on to compete against legendary
. . . . zazanneny eoece h L seee AlphaGo Mast
player Mr Lee Sedol, winner of 18 world titles and widely considered to be the AlphaGio Zero 40 blocks AlphaGo Lee L

greatest player of the past decade.

AlphaGo's 4-1 victory in Seoul, South Korea, in March 2016 was watched by over
200 million people worldwide. It was a landmark achievement that experts agreed
was a decade ahead of its time, and earned AlphaGo a 9 dan professional ranking

(the highest certification) - the first time a computer Go player had ever received
the accolade.

During the games, AlphaGo played a handful of highly inventive winning moves,
several of which - including move 37 in game two - were so surprising they
overturned hundreds of years of received wisdom, and have since been examined
extensively by players of all levels. In the course of winning, AlphaGo somehow
taught the world completely new knowledge about perhaps the most studied and
contemplated game in history.

AlphaGo Fan AlphaGo Lee AlphaGo Master AlphaGo Zero
(176 GPUs) (48 TPUs) (4TPUs) (4 TPUs)

Power Consumption (TDP)

AlphaGo has become progressively more efficient thanks to hardware gains and more recently

algorithmic advances
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AI Success Stories
—Chess, Deep Blue & Alphalero



“It was a pleasant day in Hamburg in June 0,

e eSS 1985, .. Each of my opponents, all thirty-two

Deep of them, was a computer. .. it didn’t come as
Thlnkln much of a surprise, .., when I achieved

"here Machine Intelligence Ends

“Twelve years later I was 1n New York City
fighting for my chess life. Against just one
machine, a $10 million IBM supercomputer

’ 144

nicknamed ‘Deep Blue’.

And Human Creativity Begins

Gafl’}’ “Jump forward another 20 years to today, to
Kasparov 2017, and you can download any number of free
Oprimistc.wise 308 compeling CHARLES DUHIGG chess apps for your phone that rival any human

Grandmaster.”




AlphaZero: Shedding new light on the grand
games of chess, shogi and Go

“Traditional chess engines —

including the world computer chess

champion Stockfish and IBM’s
ground-breaking Deep Blue — rely
on thousands of rules and
heuristics handcrafted by strong
human players that try to account

for every eventuality 1n a game. ..

AlphaZero takes a totally
different approach, replacing
these hand-crafted rules with a
deep neural network and general
purpose algorithms that know
nothing about the game beyond the
basic rules.”

“The amount of training the
network needs depends on the style
and complexity of the game, taking
approximately 9 hours for chess,
12 hours for shogi, and 13 days
for Go."”

“In Chess, for example, 1t
searches only 60 thousand
positions per second in chess,
compared to roughly 60 million for
Stockfish.”

Source: http://deepmind.com
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Physics Envy &
The Beauty Myth



“A wild, deep; thought-provoking read that would make
any reasona ble person in the field who's still

"

capable of introspection doubt themselves.

HOW BEAUTY LEADS

PHYSICS ASTRAY

SABINE HOSSENFELDER

Sabine Hossenfelder (2018): Lost in Math
— How Beauty Leads Physics Astray.

“They were so sure, they bet billions on
1t. For decades physicists told us they
knew where the next discoveries were
waliting. ... The experiments didn't
reveal anything new. What failed
physicists wasn't their math; 1t was
their choice of math. They believed that
Mother Nature was elegant, simple, and
kind about providing clues. They thought
they could hear her whisper when they
were talking to themselves. Now Nature
spoke, and she said nothing, loud and
clear.”
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CAPITAL ASSET PRICES: A THEORY OF MARKET
EQUILIBRIUM UNDER CONDITIONS OF RISK*

WiLriam F. SHARPET

I. INTRODUCTION

ONE oF THE PROBLEMS which has plagued those attempting to predict the
behavior of capital markets is the absence of a body of positive micro-
economic theory dealing with conditions of risk. Although many useful
insights can be obtained from the traditional models of investment under
conditions of certainty, the pervasive influence of risk in financial trans-
actions has forced those working in this area to adopt models of price
behavior which are little more than assertions. A typical classroom ex-
planation of the determination of capital asset prices, for example,
usually begins with a careful and relatively rigorous description of the
process through which individual preferences and physical relationships
interact to determine an equilibrium pure interest rate. This is generally
followed by the assertion that somehow a market risk-premium is also
determined, with the prices of assets adjusting accordingly to account for
differences in their risk.

A useful representation of the view of the capital market implied in
such discussions is illustrated in Figure 1. In equilibrium, capital asset
prices have adjusted so that the investor, if he follows rational procedures
(primarily diversification), is able to attain any desired point along a
capital market line.! He may obtain a higher expected rate of return on
his holdings only by incurring additional risk. In effect, the market
presents him with two prices: the price of time, or the pure interest rate
(shown by the intersection of the line with the horizontal axis) and the
price of risk, the additional expected return per unit of risk borne (the
reciprocal of the slope of the line).

* A great many people provided comments on early versions of this paper which led
to major improvements in the exposition. In addition to the referees, who were most
helpful, the author wishes to express his appreciation to Dr. Harry Markowitz of the
RAND Corporation, Professor Jack Hirshleifer of the University of California at Los
Angeles, and to Professors Yoram Barzel, George Brabb, Bruce Johnson, Walter Oi and
R. Haney Scott of the University of Washington.

t Associate Professor of Operations Research, University of Washington.
1. Although some discussions are also consistent with a non-linear (but monotonic) curve.

425

=1+ Py —r

“Market Risk”™
“Idiosyncratic Risk”

Capital Market Line
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Expected Rate of Return
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WARNING: Physics Envy May Be

Hazardous To Your Wealth!*

Andrew W. Lo' and Mark T. Mueller*
This Draft: March 19, 2010

Abstract

The quantitative aspirations of economists and financial analysts have for many years been
based on the belief that it should be possible to build models of economic systems—and
financial markets in particular—that are as predictive as those in physics. While this per-
spective has led to a number of important breakthroughs in economics, “physics envy” has
also created a false sense of mathematical precision in some cases. We speculate on the ori-
gins of physics envy, and then describe an alternate perspective of economic behavior based
on a new taxonomy of uncertainty. We illustrate the relevance of this taxonomy with two
concrete examples: the classical harmonic oscillator with some new twists that make physics
look more like economics, and a quantitative equity market-neutral strategy. We conclude
by offering a new interpretation of tail events, proposing an “uncertainty checklist” with
which our taxonomy can be implemented, and considering the role that quants played in the
current financial crisis.

Keywords: Quantitative Finance; Efficient Markets; Financial Crisis; History of Economic
Thought.

JEL Classification: G01, G12, B16, C00

*The views and opinions expressed in this article are those of the authors only, and do not necessarily
represent the views and opinions of AlphaSimplex Group, MIT, or any of their affiliates and employees. The
authors make no representations or warranty, either expressed or implied, as to the accuracy or completeness
of the information contained in this article, nor are they recommending that this article serve as the basis for
any investment decision—this article is for information purposes only. Research support from AlphaSimplex
Group and the MIT Laboratory for Financial Engineering is gratefully acknowledged. We thank Jerry
Chafkin, Peter Diamond, Arnout Eikeboom, Doyne Farmer, Gifford Fong, Jacob Goldfield, Tom Imbo,
Jakub Jurek, Amir Khandani, Bob Lockner, Paul Mende, Robert Merton, Jun Pan, Roger Stein, Tina
Vandersteel for helpful comments and discussion.

"Harris & Harris Group Professor, MIT Sloan School of Management, and Chief Investment Strategist,
AlphaSimplex Group, LLC. Please direct all correspondence to: MIT Sloan School, 50 Memorial Drive,
E52-454, Cambridge, MA 02142-1347, alo@mit.edu (email).

fSenior Lecturer, MIT Sloan School of Management, and Visiting Scientist, MIT Department
of Physics, Center for Theoretical Physics, 77 Massachusetts Avenue, Cambridge, MA 02142-1347,
mark.t.mueller@mac.com (email).

“The quantitative aspirations of
economists and financial
analysts have for many years
been based on the belief that it
should be possible to build
models of economic systems — and
financial markets 1n particular
— that are as predictive as
those 1n physics. While this
perspective has led to a number
of i1mportant breakthroughs 1in
economics, °‘physics envy’ has
also created a false sense of
mathematical precision 1n some
cases.”


https://arxiv.org/pdf/1003.2688

Data-Driven Finance
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whats| GE Breakup Marks End of an Era

News

Business & Finance
-

General Electric, the com-
pany that for more than
a century stood as a beacon
of U.S. manufacturing might
and management prowess,
will split into three public
companies, drawing the cur-
tain on an era of business—
the dominance of industrial
conglomerates. Al, A12, A13

# U.S. stocks fell back,
from record levels, with
the Nasdaq, S&P 500 and
Dow declining 0.6%, 0.4%
and 0.3%, respectively. B12
# Rivian priced its highly an-
ticipated IPO at $78 a share,
well above its raised expecta-
tions, valuing the electric-vehi-
cle maker at more than $77 bil-
lion on a fully diluted basis. B1

4 Panera plans to go public
and has secured an unconven-
tional investment from restau-
rateur Danny Meyer’s SPAC. Bl

4 Semiconductor makers
have earmarked less than 17%
of the roughly $146 billion the
industry will devote to capital
spending this year to legacy
chips, Gartner estimates. Bl

4 Hertz, which emerged from
bankruptcy this summer, listed
on the Nasdag, with shares
closing down nearly 10% in the
first day of trading. Bl

# DoorDash said it agreed to
acquire European food-deliv-
ery company Wolt in a deal
valued at over $8 billion. B3

# Presto is close to a deal to
combine with a SPAC and go
public in a merger that would
value the restaurant-technol-
ogy firm at about $1 billion. B3

# Videogame company
Unity agreed to pay $1.63
billion for major parts of vi-
sual-effects studio Weta. B4

World-Wide

—_—

# Nicaragua, after a presi-
dential election the U.S. called
fraudulent, is now widely
seen to have become Latin
America’s third dictatorship
and part of a broader trend of
democratic backsliding across
the region, U.S. officials and
political analysts said. A1

# Ports snarled with sup-
ply-chain problems will be
able to redirect money from
other federally funded proj-
ects to help ease the logjams
under a plan outlined by the
Biden administration. A2

4 The Oklahoma Supreme
Court overturned a ruling
that held J&J liable for
contributing to the state’s
opioid-addiction crisis. A2

# Pfizer and partner BioN-
Tech asked U.S. health reg-
ulators to expand the au-
thorization of their Covid-
19 booster to people as
young as 18 years old. A3

# A federal judge said re-
cords from the Trump White
House can be turned over to
the House commlttee investi-

Over the past four decades, GE's revenue swelled

and ebbed under four CEOs as it focused on
different businesses, including a shift away
from consumer goods and a bet on finance.

GE'’s revenue by segment
Adjusted for inflation

i § CEO Jack Welch

Energy &
Power

Infrastructure
& Technology

1980

1990

CEO Jeff Immelt : 2004
Sept. 2001

Notes: Segment categorizations for GE’s annual revenue were taken as initially reported in the
company’s annual reports from 1980 to 2020 and adjusted for inflation. The graphic excludes
corporate items and eliminations that GE reported in some years. Revenue from GE Capital

is included starting in 1988 when GE began reporting consolidated revenues that included

the finance business in its annual report. In prior years, GE reported earnings from the

subsidiary, which was called GE Credit Corp.

Sources: SEC filings, staff reports (revenue); FactSet (share price)
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Tax Bill
Looms as
Musk Eyes
Share Sale

Elon Musk’s pledge to sell
10% of his Tesla Inc. stock
highlights the complex finan-
cial web the world’s richest
man has spun around his per-
sonal fortune.

By Rebecca Elliott,
Richard Rubin
and Theo Francis

Selling a stake valued at
about $17 billion could provide
Mr. Musk, who has at times
said he was cash-poor, with a
sizable liquidity infusion. It
could also go a long way to-
ward helping the billionaire
pay a bill likely coming due
from the Internal Revenue
Service. Completing these
moves before year-end would
help Mr. Musk avoid a possible
tax increase.

Mr. Musk is worth about
$300 billion on paper, according
to the Bloomberg Billionaires
Index, with the majority of that
wealth tied up in Tesla and his
rocket company, Space Explora-

Pleaseturntopage A2

# Tesla’s valuation punishes the
war
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GE
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2010 2020

Company that
symbolized U.S.
manufacturing power
to split into three parts

By THOMAS GRYTA

General Electric Co., the
company that for more than a
century stood as a beacon of
U.S. manufacturing might and
management prowess, will split
into three public companies,
drawing the curtain on an era
of business—the dominance of
industrial conglomerates.

The decision, announced
Tuesday by Chief Executive
Larry Culp, ends the myth that
GE wielded a magic touch to
run companies better, and
make everyone richer, through
its management of varied en-
terprises around the world.

‘When Mr. Culp took over as
CEO of a wounded GE three
years ago, he faced calls from
inside and outside to break it
apart. He resisted the idea,
saying he wanted to fix GE and
just needed more time. He re-
paired company finances, but
ultimately concluded that in-
vestors wanted a simpler
structure. “It was clear this

Pleaseturntopage AI3

@ General Electric through the
years in photos .. A12-13

@ Heard on the Street: GE sheds
conglomerate label B13

Facebook Rife With Stolen Content

By KeacH HAGEY
AND JEFF HORWITZ

Facebook has allowed pla-
giarized and recycled content
to flourish on its platform de-
spite having policies against it,
the tech giant’s researchers
warned in internal memos.

About 40% of the traffic to
Facebook pages at one point in
2018 went to pages that stole
or repurposed most of their
content, according to a re-
search report that year by
Facebook senior data scientist
Jeff Allen, one of a dozen in-
ternal communications re-

TH
FUTURE
OF
EVERYTHING

THE (ALMOST)
CAR-FREE CITY
R1-10

Democracy Loses Favor

From print ..

the facebook files

Latest in a series

viewed by The Wall Street
Journal. Pages are used by
businesses and organizations
to disseminate content on
Facebook, while individual us-
ers put content on what Face-
book calls “profiles.”

The researchers also wrote
Facebook has been slow to
crack down on copyright in-
fringement for fear of opening
itself to legal liability.

“What’s the easiest (lowest

effort) way to make a big Face-
book Page?” Mr. Allen wrote in
an internal slide presentation
the following year. “Step 1:
Find an existing, engaged com-
munity on [Facebook]. Step 2:
Scrape/Aggregate content pop-
ular in that community. Step 3:
Repost most popular content
on your Page.”

Mr. Allen, who left Facebook
in late 2019, wrote that Face-
book pages seeking big follow-

ings simply had to ask one
question of the content they
were considering recirculating:
“Has it gone viral in the past?”
Posting unoriginal content
continues to be a formula for
success on Facebook, accord-
ing to data the company has
Pleaseturntopage A6

Meta Curbs
Targeted Ads

Personalized advertising on
politics is dropped

A $115,000 USC Degree
Yields Low Pay, Huge Debts

Elite school hired for-profit firm to woo students to social-work master’s

By Lisa BANNON AND ANDREA FULLER

Over the past decade, the University of
Southern California has used a for-profit
company to help enroll thousands of students
in its online social-work master’s program.

The nonprofit school used its status-sym-
bol image to attract students across the
country, including low-income minority stu-
dents it targeted for recruitment, often with
aggressive tactics. Most students piled on

reached $115,000 for the two-year degree.

The majority never set foot on the posh Los

debt to afford the tuition, which last year

Is Santa

Angeles campus but paid the same rate for
online classes as in-person students.

Recent USC social-work graduates who
took out federal loans borrowed a median
$112,000. Half of them were earning $52,000
or less annually two years later, a Wall
Street Journal analysis of newly released
U.S. Education Department data found. Com-
pared with other master’s-degree programs

PleaseturntopageAl4
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US-China relations

Biden urges Xinot to allow
competition to ‘veer into
conflict’

Leaders hold first virtual meeting as ties between US and
China fray over Taiwan
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e Biden and Xi to tackle Taiwan and nuclear build-up in virtual meeting Cradeown

e Australia vows to help US defend Taiwan from Chinese attacks
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http://workspace.refinitiv.com
http://workspace.refinitiv.com

Tick Data

%%time

data = ek.get_timeseries('AAPL.O',
start_date='2021-11-15 15:00:00"',
end_date='2021-11-15 15:30:00"',
interval="'tick',
fields=['*"])

CPU times: user 120 ms, sys: 14.5 ms, total: 135 ms
Wall time: 2.7 s

data.info()

<class 'pandas.core.frame.DataFrame'>

DatetimeIndex: 41213 entries, 2021-11-15 15:00:00.004000 to 2021-11-15 15:29:59.936000
Data columns (total 2 columns):

# Column Non-Null Count Dtype

® VALUE 41145 non-null Float64
1 VOLUME 41213 non-null Int64
dtypes: Float64(1), Int64(1)
memory usage: 1.0 MB

data.tail()

AAPL.O VALUE VOLUME

Date

2021-11-1515:29:59.134 150.4456
2021-11-1515:29:59.313 150.445
2021-11-15 15:29:59.588 150.4409

... to powerful APIs.

2021-11-1515:29:59.745 150.445
2021-11-1515:29:59.936 150.4488




Apple Event on 18. October 2021 (https://www.apple.com/de/apple-events/october-2021/).

headlines = ek.get_news_headlines(query='R:AAPL.0 macbook',
count=5,

date_from='2021-10-18",

date_to='2021-10-19"')

headlines

versionCreated

text

storyld

sourceCode

2021-10-18
23:30:18.401

2021-10-18
23:10:18.012

2021-10-18
21:41:19.927

2021-10-18
21:33:50.860

2021-10-18
21:33:50.623

2021-10-18
23:30:18.401000+00:00

2021-10-18
23:10:18.012000+00:00

2021-10-18
21:41:19.927000+00:00

2021-10-18
21:33:50.860000+00:00

2021-10-18
21:33:50.623000+00:00

Apple is finally fixing the
things people hate...

Apple event - live:
Macbook Pro and other
new ...

New MacBook Pro
features ultra-fast chips,
ret...

Apple Event: MacBook
Pro 2021 alleged
pictures...

Apple launches new
MacBook Pro: Price,
specs a...

urn:newsmli:reuters.com:20211018:nNRAh2psl1:1

urn:newsml:reuters.com:20211018:nNRAh2kj3a:1

urn:newsml:reuters.com:20211018:nNRAh2u38b:1

urn:newsml:reuters.com:20211018:nNRAh2u1wj:1

urn:newsml:reuters.com:20211018:nNRAh2u1vv:1

NS:WASHPO

NS:INDEPE

NS:EFEING

NS:TIMIND

NS:TIMIND




story = headlines.iloc[0]

story

versionCreated 2021-10-18 23:30:18.401000+00: 00
text Apple is finally fixing the things people hate...
storyld urn:newsml: reuters.com:20211018:nNRAh2ps11:1
sourceCode NS :WASHPO
Name: 2021-10-18 23:30:18.401000, dtype: object

news_text = ek.get_news_story(story['storyId'])

from IPython.display import HTML

HTML (news_text)

- The demise of MagSafe charging. An inelegant Touch Bar. Limited selection of ports. The laundry list of complaints about
Apple's laptops has steadily grown over the past five years. Now, Apple is finally walking back those changes.

On Monday, the Cupertino, Calif., company unveiled a pair of new MacBook Pro laptops, powered by its latest homegrown
processors and free of the many limitations that plagued earlier models. It also showed off a set of updated AirPods and colorful
HomePod mini smart speakers. Riding high from record Mac sales last year, Apple made sure to make its new MacBooks the star
of its virtual event Monday.

Still, computers that run Apple's MacOS software account for only a fraction of the overall PC landscape — just over 7 percent
as of the end of the second quarter, according to market research firm IDC. Its market share has slipped from 8 percent in the
first quarter and 7.6 percent a year earlier, IDC data showed. The changes on display Monday seem to be geared more toward
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The Unreasonable
Effectiveness of Data

Alon Halevy, Peter Norvig, and Fernando Pereira, Google

ugene Wigner’s article “The Unreasonable Ef-

fectiveness of Mathematics in the Natural Sci-

1

ences”! examines why so much of physics can be

neatly explained with simple mathematical formulas

such as f = ma or e = mc?. Meanwhile, sciences that
involve human beings rather than elementary par-
ticles have proven more resistant to elegant math-
ematics. Economists suffer from physics envy over
their inability to neatly model human behavior.
An informal, incomplete grammar of the English
language runs over 1,700 pages.? Perhaps when it
comes to natural language processing and related
fields, we're doomed to complex theories that will
never have the elegance of physics equations. But
if that’s so, we should stop acting as if our goal is
to author extremely elegant theories, and instead
embrace complexity and make use of the best ally
we have: the unreasonable effectiveness of data.
One of us, as an undergraduate at Brown Univer-
sity, remembers the excitement of having access to
the Brown Corpus, containing one million English
words.? Since then, our field has seen several notable
corpora that are about 100 times larger, and in 2006,
Google released a trillion-word corpus with frequency
counts for all sequences up to five words long.* In
some ways this corpus is a step backwards from the
Brown Corpus: it’s taken from unfiltered Web pages
and thus contains incomplete sentences, spelling er-
rors, grammatical errors, and all sorts of other er-
rors. It’s not annotated with carefully hand-corrected
part-of-speech tags. But the fact that it’s a million
times larger than the Brown Corpus outweighs these
drawbacks. A trillion-word corpus—along with other
Web-derived corpora of millions, billions, or tril-
lions of links, videos, images, tables, and user inter-
actions—captures even very rare aspects of human

1541-1672/09/$25.00 © 2009 IEEE

behavior. So, this corpus could serve as the basis of
a complete model for certain tasks—if only we knew
how to extract the model from the data.

Learning from Text at Web Scale

The biggest successes in natural-language-related
machine learning have been statistical speech rec-
ognition and statistical machine translation. The
reason for these successes is not that these tasks are
casier than other tasks; they are in fact much harder
than tasks such as document classification that ex-
tract just a few bits of information from each doc-
ument. The reason is that translation is a natural
task routinely done every day for a real human need
(think of the operations of the European Union or
of news agencies). The same is true of speech tran-
scription (think of closed-caption broadcasts). In
other words, a large training set of the input-output
behavior that we seek to automate is available to us
in the wild. In contrast, traditional natural language
processing problems such as document classifica-
tion, part-of-speech tagging, named-entity recogni-
tion, or parsing are not routine tasks, so they have
no large corpus available in the wild. Instead, a cor-
pus for these tasks requires skilled human annota-
tion. Such annotation is not only slow and expen-
sive to acquire but also difficult for experts to agree
on, being bedeviled by many of the difficulties we
discuss later in relation to the Semantic Web. The
first lesson of Web-scale learning is to use available
large-scale data rather than hoping for annotated
data that isn’t available. For instance, we find that
useful semantic relationships can be automatically
learned from the statistics of search queries and the
corresponding results® or from the accumulated evi-
dence of Web-based text patterns and formatted ta-
bles,® in both cases without needing any manually
annotated data.

IEEE INTELLIGENT SYSTEMS

Published by the IEEE Computer Society

Eugene Wigner’s article “The Unreasonable
Effectiveness of Mathematics 1n the Natural
Sciences” examines why so much of physics
can be neatly explained with simple
mathematical formulas such as f = ma or

e = mc2. Meanwhile, sciences that 1involve
human beings rather than elementary
particles have proven more resistant to
elegant mathematics. Economists suffer from
physics envy over their inability to neatly
[and successfully] model human behavior. An
informal, i1ncomplete grammar of the English
language runs over 1,700 pages. Perhaps
when 1t comes to natural language
processing and related fields, we’re doomed
to complex theories that will never have
the elegance of physics equations. But if
that’'s so, we should stop acting as 1f our
goal 1s to author extremely elegant
theories, and instead embrace complexity
and make use of the best ally we have: the
unreasonable effectiveness of data.
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Random Walks in Stock Market Prices

Eugene F. Fama

or many years economists, statisticians, and

teachers of finance have been interested in
developing and testing models of stock price be-
havior. One important model that has evolved
from this research is the theory of random walks.
This theory casts serious doubt on many other
methods for describing and predicting stock price
behavior—methods that have considerable popu-
larity outside the academic world. For example, we
shall see later that if the random walk theory is an
accurate description of reality, then the various
“technical” or “chartist”” procedures for predicting
stock prices are completely without value.

In general the theory of random walks raises
challenging questions for anyone who has more
than a passing interest in understanding the be-
havior of stock prices. Unfortunately, however,
most discussions of the theory have appeared in
technical academic journals and in a form which
the non-mathematician would usually find incom-
prehensible. This article describes, briefly and sim-

ply, the theory of random walks and some of the

important issues it raises concerning the work of
market analysts. To preserve brevity some aspects
of the theory and its implications are omitted.
More complete (and also more technical) discus-
~ sions of the theory of random walks are available
elsewhere; hopefully the introduction provided
here will encourage the reader to examine one of
the more rigorous and lengthy works listed at the
end of this article.

COMMON TECHNIQUES FOR PREDICTING
STOCK MARKET PRICES
In order to put the theory of random walks into
perspective we first discuss, in brief and general
terms, the two approaches to predicting stock
prices that are commonly espoused by market
professionals. These are (1) “chartist” or “techni-
cal” theories and (2) the theory of fundamental or
intrinsic value analysis.

The basic assumption of all the chartist or
technical theories is that history tends to repeat

Reprinted from Financial Analysts Journal (September/October
1965):55-59.

Financial Analysts Journal / January-February 1995

itself, i.e., past patterns of price behavior in indi-
vidual securities will tend to recur in the future.
Thus the way to predict stock prices (and, of
course, increase one’s potential gains) is to de-
velop a familiarity with past patterns of price
behavior in order to recognize situations of likely
recurrence.

Essentially, then, chartist techniques attempt
to use knowledge of the past behavior of a price
series to predict the probable future behavior of
the series. A statistician would characterize such
techniques as assuming that successive price
changes in individual securities are dependent.
That is, the various chartist theories assume that

the sequence of price changes prior to any given day
is imPortant in predicting the price change for that
day

The techniques of the chartist have always
been surrounded by a certain degree of mysticism,
however, and as a result most market profession-
als have found them suspect. Thus it is probably
safe to say that the pure chartist is relatively rare
among stock market analysts. Rather the typical
analyst adheres to a technique known as funda-
mental analysis or the intrinsic value method. The
assumption of the fundamental analysis approach
is that at any point in time an individual security
has an intrinsic value (or in the terms of the
economist, an equilibrium price) which depends
on the earning potential of the security. The earn-
ing potential of the security depends in turn on
such fundamental factors as quality of manage-
ment, outlook for the industry and the economy,
etc.

Through a careful study of these fundamental
factors the analyst should, in principle, be able to
determine whether the actual price of a security is
above or below its intrinsic value. If actual prices
tend to move toward intrinsic values, then at-
tempting to determine the intrinsic value of a
security is equivalent to making a prediction of its
future price; and this is the essence of the predic-
tive procedure implicit in fundamental analysis.

THE THEORY OF RANDOM WALKS
Chartist theories and the theory of fundamental
analysis are really the province of the market

75

Eugene F. Fama (1965):

“For many years, economists,
statisticians, and teachers of finance
have been 1nterested 1in developing and
testing models of stock price behavior.
One 1important model that has evolved
from this research 1s the theory of
random walks. This theory casts serious
doubt on many other methods for
describing and predicting stock price
behavior—methods that have considerable
popularity outside the academic world.
For example, we shall see later that,
1f the random—-walk theory 1s an
accurate description of reality, then
the various “technical” or “chartist”
procedures for predicting stock prices
are completely without value.”—Eugene
F. Fama (1965): “Random Walks in Stock
Market Prices”



Michael Jensen (1978): “Some Anomalous Evidence
Regarding Market Efficiency”:

“A market 1s efficient with respect to an
information set S if 1t 1s 1impossible to make

economic profits by trading on the basis of
information set S.”

IT a stock price follows a (simple) random walk
(no drift & normally distributed returns), then
1t rises and falls with the same probability of
50% (“toss of a coin”).

In such a case, the best predictor of tomorrow’s
stock price — 1n a least-squares sense — 1s
today’s stock price.



AI-First Finance



scientific method

noun

a method of procedure that has characterized natural science since the 17th century, consisting in
systematic observation, measurement, and experiment, and the formulation, testing, and
modification of hypotheses.

"criticism is the backbone of the scientific method"




“Machine learning 1s the scientific method on
steroids. It follows the same process of
generating, testing, and discarding or
refining hypotheses. But while a scientist
may spend his or her whole life coming up
with and testing a few hundred hypotheses, a
machine—-learning system can do the same 1in a
second. Machine learning automates discovery.
It's no surprise, then that 1t’s
revolutionizing science as much as 1t’s
revolutionizing business.”




Bearish Double To

e

— -

Reversal Patterns

Continuation Patterns







Financial Finance AI 1n Finance

Markets , ~ History " = finalnce
“normative economics “positive economics =
= assumptions, data, relationships,
X X
(too) “simple and “general,
elegant theories” l parametrizable,

\4

- .
. - .
N
21 s B VS 42023 \
30.55 127 166.1 139241 176 02 240400, n A
15068 Uiz 72 18g; 7 247.49 394 DN 4 )
58677962603 oy 518 1TSS tsay etz ¥ B ey
28 55.21 181,75 15, { %
o\ S 10730, A L N}
125,91 89.03 o N\ o s | . * R} ) .
7 |

2 24.74 3235 O 247226 -y

o 103.95 100.9;

103.95 99.99 g4 N
129.9 134.69 486,04 81, Joe sea7 %
131.82 o
83.48 135.98 8,019.79
56.29 92.37 02 107.21 7821 5834 197.41  \6972, 410649 [
8 187 6 213 12.674.40 NN 1
58.00 9,401.00 D

“hardly any “might show good
supporting performance, but
Y f(x) 2y m(x, ax, bx) = vy
“non-1linear, complex, “brain—-driven & “data—-driven &

changing” beauty myth” AI-first”



scikit



Basic Strategies



Basic Strategy 1l: Going all passive.

“Tt 1s true that the indices that
passive funds track have over time
Index fund universe has vaulted past $12tn mark morphed from being supposedly neutral
Total net assets, sorted by asset class ($tn) SnapShOtS Of marketS lITtO SOmethlng that
Bl Equities Bonds Bl Other

actually exerts power over them, thanks
to the growth of passive investing.

Mr Green arques that this helps explain

why active managers are actually seeing
their performance worsen as passive
investing grows. The more money index
- funds garner, the better their holdings
. I do 1n exact proportion to their
weighting, and the harder 1t 1is for

traditional discretionary 1investors to

'2);1__;(_:& Morningstar kee p u p . "

—Robin Wigglesworth: "A theory of (almost)
everything for financial markets." Financial
Times, 29. December 2020.

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020




Basic Strategy 2: Going all in on data & AI.

Many Foundations of Finance

are Flawed Data-Driven & AI-Based
A. Expected Utility (x) Approaches

B. EQquilibrium Theory (x) A. Data Science

C.Normal Distributions (x) B. Machine Learning

D. Linear Relationships (x) C. Deep Learning

E. Efficient Markets (v) D. Reinforcement Learning
F. Arbitrage Pricing (v)



Basic Strategy 2: Going all in on data & AI.

dd -
An Overview Of Artificial Neural Networks for I n t h e ma t h €ma t 1Ca -l' t h €0 ry
Mathematicians of artificial neural networks,
Leonardo Fertira Guilhoo the universal approximation
v theorem states that a feed-

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), f d 't k 't h -L h d d
backpropagation, etc. We then focus on interesting properties of the expressive power of feedforward O rwa r n e WO r W l a S l n g e l e n
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 -L t f -t b
MNIST database of handwritten digits is carried out, examining how parameters such as learning rate, a y e r C O n a l n l n g a l n l e n u m e r

width, and depth of a network affects its accuracy. This work focuses mainly on theoretical aspects of

feedforward neural networks rather than providing a step-by-step guide for programmers. O f n e u r O n S C a n a p p r O X i m a t e C O n t i n u O u S
Contents functions on compact subsets of Rn,

1 Introduction

2 An Overview of Feedforward Neural Networks u n d e r m i -l_ d a S S u m p t i O n S O n t h e

2.1 Structure . . . . . . . e e s

13 Nt Ao P activation function. The theorem thus
o states that simple neural networks
e Bapresive Power ot eedorsard Newra Newarks can represent a wide variety of

3.1 Universal Approximation . . . . . . . . . . .. . L e e e e e . . . .
3.1.1  Useful Definiti d Th from Functional Analysis. . .. . ... ... ..
313 S of G opesanao s o g R interesting functions when given
Activation Functions . .

3.2 Effective Versions of the Universal Approximation Theorem . . . . ... .. ....... a p p 'O p I ia t e pa I’'d met ers ; h owever ’ it

4 Implementation and Case Study of Efficiency

A1 PROGRQUIE . . does nOt tOUCh upon the

4.2 Comparison Results . . . . . . . o
421 LearningRate. . . . .. . . .. . ...

422 Width . . .o oo a-l_gorithmic learnability Of thOSG

423 Depth . . . . . e

JR—— parameters.”

References

—https://en.wikipedia.org/wiki/
Universal _approximation_theorem
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Basic Strategy 2: Going all in on data & AI.

DEEP ORDER FLOW IMBALANCE: EXTRACTING ALPHA AT Mwe employ deep -l'ea rning :!'n fo reca.s-ting high_
MURTIPLE HORIZONS FRON THE LIVIT ORDER BOOK frequency returns at multiple horizons for 115
PETTER N, KOLAL JEREMY TURIEE, AND NICHOLAS WESTRAY stocks traded on Nasdaq using order book

Petter N. Kolm is Clinical Professor and Director of the Mathematics in Finance ln f O rma t lo n a t t h e mo S t g ra n u -l_a r -Leve -L 5 Wh l -Le

Master’s Program at NYU’s Courant Institute of Mathematical Sciences, New

pettr-olmOnyed raw order book states can be used as input to
Jeremy D. Turiel is Ph.D. Candidate at University College London, Department t h e f O re C a S t i n g m O d e -l_ S - We a C h ie \V/ e S t a 't e — O f —

of Computer Science, 66-72 Gower Street, London WC1E 6EA

joremy uril. 186ucloc the-art predictive accuracy by training simpler

Nicholas Westray is Visiting Researcher in Financial Machine Learning at NYU’s

Courant Institute of Mathematical Sciences, New York, NY 10012 ) O f f—t h e—S h e -l_ f . a rt if iC ia -l_ n e u ra -L n etwo r kS O n

nicholas.westray@nyu.edu

AusTuACt, We ey desp lnmin n frecasting igh qency e stationary 1nputs derived from the order book.”

multiple horizons for 115 stocks traded on Nasdaq using order book informa-
tion at the most granular level. While raw order book states can be used as

input to the forecasting models, we achieve state-of-the-art predictive accuracy
raining simpler “off-the-shelf” artificial neural networks on stationary in-

e . . ’ . l l ] ] ] ]
Data used for  WiSkNRRSw NN Finally, our proposed approach 1s similar to
S t u dy . 1 a TB . >ctional regr%s]i(ons we lililk l11;he forecasting pelrlforma.rlltce of a long short- . .
N t to st teristi tt t mi truct
B e o e that of a real-world production setting where
rately. Finally, we demonstrate that the effective horizon of stock specific

e ppsl v s i s the models are updated on a rolling basis.
Based on our experience from training the deep

In this article we employ deep learning (DL) in forecasting high-frequency re- -l' e a r n i n g m O d e -l' S i n t h i S a r t i C -l' e a C r O S S a -l' a rg e
turns at multiple horizons for 115 stocks traded on Nasdaq using order book infor- n u m b e r O -f S -t O C k S ) We C O n C 'l- u d e -t h a -t d e p 'l- O y i n g

mation at the most granular level. In the last decade, DL has experienced enormous

success, outperforming more traditional approaches in areas such as image classifi- -t h e S e m O d e 'L S a .t 'L a r g e S C a 'L e i n p r a C _t i C e i S

cation, computer vision and natural language processing (Krizhevsky et al., 2012;

LeCun et al., 2015; Schmidhuber, 2015; Goodfellow et al., 2016; Devlin et al., -f u -l- -Ly -f e a S i b 'l-e a n d n O 'l- O n g e r a p i p e_d re a m . ”n

Date: August 6, 2021.

1. INTRODUCTION

Key words and phrases. Artificial neural networks; Deep learning; Financial machine learning;
High-frequency trading; Limit order books; Market microstructure; Multiple horizons; Order flow;

Return predictability.

: Lightening Talk by Petter Kolm.


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3900141
https://drive.google.com/file/d/1TQ3bv5Zc9rBttppnEq9fYyQB8Tj6fm83/view

Conclusions



. Finance has long been driven by the “beauty myth” -
elegant but too simplistic models, equations and
approaches.

. The availability of big financial data (historical-
streaming, structured-unstructured) gives rise to
data-driven finance.

. It can be assumed that the “unreasonable effectiveness
of big data” holds true in the financial domain as
well.

. Due to the availability of big data (e.g. billions of
hours of virtual car driving, billions of self-played
games), Artificial Intelligence (AI) is changing almost
every area of our Llives.

. It 1s therefore to be assumed that in the same way the
combination of data-driven and AI-first finance will
influence and change finance, 1investing, and trading
for good.
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