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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

trading strategies in automated

fashion in the cloud, with,

among others, real-time

risk management and

monitoring,” explains

Hilpisch, an author \

of three books on

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
AT 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
4 institutions begin to perceive Python-
W based analytics as a prerequisite skill, the
organization will continue to provide
an “efficient and structured way of

\ N

AN mastering all the tools and skills

\ required in Python for Financial
Data Science, Algorithmic
Trading, and Computational

Finance”CM
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Al 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 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 Learning 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.”

Mnih, V. (2013): “Playing Atari with Deep Reinforcement
Learning”. https://arxiv.org/pdf/1312.5602v1.pdf
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Playing Atari with Deep Reinforcement Learning

Volodymyr Mnih  Koray Kavukcuoglu David Silver Alex Graves Ioannis Antonoglou

Daan Wierstra Martin Riedmiller

DeepMind Technologies

{vlad, koray,david, alex.graves, ioannis, daan,martin. riedmiller} @ deepmind.com

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.

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].
These methods utilise a range of neural network architectures, including convolutional networks,
multilayer perceptrons, restricted Boltzmann machines and recurrent neural networks, and have ex-
ploited both supervised and unsupervised learning. It seems natural to ask whether similar tech-
niques could also be beneficial for RL with sensory data.

However reinforcement learning presents several challenges from a deep learning perspective.
Firstly, most successful deep learning applications to date have required large amounts of hand-
labelled training data. RL algorithms, on the other hand, must be able to learn from a scalar reward
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
methods that assume a fixed underlying distribution.

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
the weights. To alleviate the problems of correlated data and non-stationary distributions, we use
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“Go-playing programs have been improving at a rate of about 1
dan/year in recent years. If this rate of improvement continues,
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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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“Kead this and embrace the futare WALTER ISAACSON

Deep
Thinking

Where Machine Intelligence Ends

And Human Creativity Begins

Garry
Kasparov

wise and compelling' CHARLES DUHIGG

“It was a pleasant day in Hamburg in June 6, 1985, ... Each of my
opponents, all thirty-two of them, was a computer. ... it didn’t
come as much of a surprise, ..., when | achieved
a perfect 32—0 score.”

“Twelve years later | was in New York City fighting for my chess life.

Against just one machine, a $10 million IBM supercomputer
nicknamed ‘Deep Blue’”

“Jump forward another 20 years to today, to 2017, and you can
download any number of free 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 in 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, it searches only 60
thousand positions per second in chess,
compared to roughly 60 million for
Stockfish.”

Source: http://deepmind.com
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Particle physics

Fundamental physics is frustrating

physicists

GUTs are among several long-established theories that
remain stubbornly unsupported by the big, costly
experiments testing them. ...

Despite the dearth of data, the answers that all these theories
offer to some of the most vexing questions in physics are so
elegant that they populate postgraduate textbooks. As Peter
Woit of Columbia University observes, “Over time, these ideas
became institutionalised. People stopped thinking of them as
speculative.” That is understandable, for they appear to have
great explanatory power.
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CAPITAL ASSET PRICES: A THEORY OF MARKET
EQUILIBRIUM UNDER CONDITIONS OF RISK*

WiLLiam F. SHARPET < M a rket RiS k”

I. INTRODUCTION

ONE oF THE PROBLEMS which has plagued those attempting to predict the e | d i O Sy n C ra ti C R i S k”

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).

Capital Market 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

0
\.___.___—av_———./
Expected Rate of Return

Pure Interest Rate
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Mohamed El-Erian

Reasons to worry about the Fed’s
‘beautiful normalisation’ —pacE 20

WORLD BUSINESS NEWSPAPER MIDDLE EAST

Confined in a circle

The myths that hold back women in
Indian society — AMY KAZMIN, PAGE 10

Torturing Theresa

Boris Johnson’s bid to dictate May’s
Brexit strategy — JANAN GANESH, PAGE 11

Las Vegas reels
from worst US
mass shooting

A casualty is carried from the scene
after a gunman opened fire on concert-
goers in Las Vegas on Sunday night.
More than 58 people were killed and
over 515 wounded, makingit the deadli-
estmassshootingin US history.

Las Vegas police said the suspected
gunman, 64-year-old Stephen Paddock,
fired shots from his 32nd floor room in
the Mandalay Bay Hotel and Casinointo
the crowd of 22,000 people attending
the Route 91 Harvest Festival.

In televised remarks, Donald Trump,
the US president, called the shooting
“anact of pure evil” but made no refer-
encetoguns. He plans to visit the city on
Wednesday to meet the families of the
victims and law enforcement officials.
Report page 2

Catalan president urges Brussels
to mediate in independence clash

e Region seeks to avoid ‘traumatic split’ from Spain e EU says dispute is ‘internal matter’
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US banks

Jamie Dimon hands more
responsibilities to
lieutenants

Wall Street’s longest-serving chief executive says he is ‘more
like the coach now’
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e Lehman/US bank capital: loss cause
o After the crisis, the banks are safer but debt is a danger
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» Puerto Rico calls for billions in aid

Ratil Maldonado Gautier, Puerto Rico’s treasury
secretary, says the d will need “tens of billions™
of dollars in aid from the US as it struggles to
recover after Hurricane Maria.— PAGE 2

» Portugal’s Sodialists reap benefits
Portugal’s ruling Socialists reaped the rewards of a
recovering economy by winning a decisive victory
inlocal elections midway through the first term of
an anti-austerity government.— PAGE 3

» Uber’s UK head quits as chief fliesin
Jo Bertram, Uber's boss, has <= N
quit the company a day before

avisit to London by Dara

Khosrowshahi, chief executive,

tomeet regulators over athreat ||

torevoke the ride-hailing app’s

licencein the capital.— pAGE 13

» Koike faces Japan election dilemma
Tokyo governor Yuriko Koike is under pressureto

Cid BodkaoGarry Inmaoes

beat Shinzo Abe, the prime minister.— PAGE &

» Equifax defends silence over hack

Credit reference agency Equifax has daimed ahead
of a hearing at the US Congress later today that
disdosing that it had been hacked would have
encouraged “copycat” cyber attacks.— PAGE 13

» Western envoys warn on Kenya re-run
Western ambassadors have condemined President
Uhuru Kenyatta and Raila Odinga, opposition
leader, for undermining the electoral commission’s
ability to restage its election this month.— pAGE 4

» Huawei beats Apple as top China choice
Huawei has for the first time beaten Apple to top
spot for intended smartphone purchases in China,
according to a survey of 1,000 consumers.— PAGE 14

Datawatch

US manufacturing
purchasing managers’ index
Above 50 = growth

neruleof law.
Yves vkish calls by
of the liberal
h supports the
% g/ (\a end Catalonia’s
pnded the cen-
\w the national

A \ Visit Markets Data Renloved tothe

US manufacturing

activity as

measured by the

Institute of Supply
§ < Management was

with Madrid atits highest level
15 17 since the summer
of 2004

02 05 10

Sources: Thomson Reutees Datastream; 15M

Portfolio  Account Settings

Hong Kong bear market worsens as Asia
stocks fall 3H AGO
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M named its first female

CEO, tapping company vet-
eran and product chief Mary
Barra to run the auto maker. Al

M Financial regulators ap-
proved the Volcker rule, which
curbs banks’ risk-taking and
could slash their profits, Al
B The FDIC board approved a
draft plan to keep parts of a
failing financial firm open
without a taxpayer bailout. C3
M Finance ministers from big
euro-zone nations reached
an understanding on wind-
ing down failing banks. C3

M Discovery is considering a
bid for Food Network major-
ity owner Scripps, presaging a
possible wave of TV deals. Bl
W Stocks declined as investors
weighed the potential impact
of reduced Fed stimulus. The
Dow dropped 52.40 points. C4
B OTC stock trading was
halted for about an hour be-
cause of a hardware error. C4

W Smith & Wesson said profit
slid 20% and revenue rose just
2%, as gun sales slow from
their recent torrid pace. B2

W Pacific trade talks adjowrned
without a deal amid discord be-
tween the U.S. and Japan. A17

W Italy pulled out of a two-
year contraction in the third
quarter, posting flat GDP. A13

M Three Swiss banks agreed
to participate in a U.S. tax-eva-
sion-disclosure program. €5

W LightSquared can proceed
with a suit against Dish over a
debt purchase, a judge ruled. B3

W Monsanto is teaming up
with a Danish firm to develop
useful microbes for plants. B4

* - *

World-Wide
W Congressional negotiators
struck a budget deal that would
allow more domestic and mili-
tary spending and include defi-
cit-cutting measures. Al, A8
W Ukrainian forces stormed a
protesters’ encampment in
Kiev, hours after Western dip-
lomats called for a nonviolent
end to the political crisis. A13

W Obama’s disapproval rate
hit 54%, the high for his presi-
dency, amid the flawed health-
law rollout, a Wall Street
Journal/NEC poll found. A4

W World leaders gathered to
honor Mandela. In a rare en-
counter, Obama shook hands
with Cuba’s Rail Castro. A12

M Senate Democrats con-
firmed an Obama appeals-
court pick and the head of Fan-
nie and Freddie's overseer. A4

W A key Senate Democrat
said he would back the Obama
administration’s request to
delay new Iran sanctions. A17

M Supreme Court justices ex-
pi sympathy for the EPA
approach to air pollution
that crosses state lines. A2

B An AIDS group called for a
probe to see if HIV-infected pa-
tients were discouraged from
enrolling in health plans. A6

W Uruguay’s Senate voted to
legalize marijuana. The presi-
dent plans to sign the bill. A15

W France’s leader flew to the
Central African Republic after
two French troops died. A13

M Singapore police charged
24 Indian citizens in connec-
tion with a night of rioting. A13

M Died: Jim Hall, 83, ac-
claimed jazz guitarist.
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Deal Brings Stability to U.S. Budget

Congressional Negotiators Avert January Shutdown and Soften Sequester Cuts; Airline Fees to Climb

By Janer Hook

House and Senate negotiators,
in a rare bipartisan act, an-
nounced a budget agreement
Tuesday designed to avert an-
other economy-rattling govern-
ment shutdown and to bring a
dose of stability to Congress’s
fiscal policy-making over the
next two years.

Sen. Patty Murray (D., Wash.)
and Rep. Paul Ryan (R., Wis.),

who struck the deal after weeks
of private talks, said it would al-
low more spending for domestic
and defense programs in the
near term, while adopting defi-
cit-reduction measures over a
decade to offset the costs.
Revenues to fund the higher
spending would come from
changes to federal employee and
military pension programs, and
higher fees for airline passen-
gers, among other sources. An

extension of long-term jobless
benefits wasn't included.

The plan is modest in scope,
compared with past budget deals
and to once-grand ambitions in
Congt to craft a “grand bar-
gain” to restructure the tax code
and federal entitlement pro-
grams. But in a year and an insti-
tution characterized by gridlock,
lawmakers were relieved they
could reach even a minimal
agreement.

“In divided government, you
don’t always get what you want,”
said Mr. Ryan.

Ms. Murray joined him in wel-
coming the prospect that law-
makers would steer away from a
crisis-driven budget process. “We
have lurched from crisis to crisis,
from one cliff to the next,” she
said. “That uncertainty was dev-
astating to our fragile economic
recovery.”

The deal, which goes to the

Thousands Honor Memory of South Africa’s Liberator

REST IN PEACE: A boy attended the memorial service for former South African President Nelson Mandela at a soccer stadium in Johannesburg
on Tuesday that drew celebrities and dozens of heads of state, including President Obama, along with thousands of other mourners. A12

By JEREMY PAGE

BEIJING—The Communist Party boss in

eastern China's Jiangsu province

local officials recently to a compulsory study
session. Their task was to watch
documentary on the Soviet Union's

The film begins with images of the Soviet

PARTY DISCIPLINE

China Spins New Lesson From So

fall apart because of the communist system
itself, but because of individuals who be-
trayed it, especially Mikhail Gorbachev.
The film is part of an ideological cam-
paign launched by China’s new leader, Xi Jin-
ping, to re-energize the party and enforce
s members. It has been
shown at dozens of political meetings since

summoned

discipline among

Union in its heyday, but quickly cuts to September.

graphic footage of unrest in China's northern
neighbor in the 1990s, set to ominous music

and punctuated by Russian com
menting their nation’s fate.
When the screening in Jian,
state media reported, local part
Zhijun exhorted the assembled

“correctly understand the lessons of history.”
The film’s message: The Soviet Union didn’t

Bank Rule
Challenges
Wall Street

By JusTIN BAER
AND JULIE STEINBERG

A broad new government rule
to limit risk-taking by Wall Street
will force banks to rethink virtu-
ally every aspect of their trading
activities, setting the stage for
more tumult at the largest U.S.
financial institutions.

The so-called Volcker rule, ap-
proved by five financial regula-
tory agencies on Tuesday, could
lop as much as $10 billion total
in yearly pretax profit from the
eight largest U.S. banks through
lower revenue and higher com-
pliance costs, according to esti-
mates from Standard & Poor's.

The 953-page edict, part of
the 2010 Dodd-Frank financial
overhaul, codifies and restricts
the way banks trade securities. It
curbs banks’ ability to bet with
their own capital and forces

Pleaseturntopage A6

 Plan for ailing banks detaled_ C3
4 Heard on the Street: Rule is
a means to an end...........—. C14

The frequent showings suggest Mr. Xi be-
lieves China needs to reinforce its Leninist
munists la- political system rather than limit the party's

powers. Party insiders and academics say it
gsu ended, is part of an effort to combat what is por-
y chief Luo trayed as an American conspiracy to over-
officials to  throw the party through “peaceful evolu-
tion"—the spread of Western ideas via
media, academia and popular culture.

The office in charge of Mr. Xi’s campaign
didn’t respond to questions about the film,
called “20th Anniversary of the Death of the
Soviet Party and State: As the Russians Re-
late,” but said the campaign drew on experi-
ences from China and the rest of the world.

The film, which was produced by a retired
Chinese major general, has drawn criticism

from some Chinese scholars of Soviet his-

Here’s Your Holiday Bonus,
Now Start Running

*

Workers Win All-They-Can-Grab Sprees
From Companies; ‘Supermarket Sweep’

BY RACHEL FRINTZEIG

On Thursday, Alan Comley will
get the holiday gift he never
knew he always wanted: two
minutes at a Texas Costco.

The 27-year-old wasn't even a

member of the wholesale ware-
house store until a few days ago.
But his employer, coupon website
RetailMeNot Inc., takes a cue
from the game
show “Super-
market Sweep”
when it comes
to rewarding
employees. As
a prize for his
work as a soft- _
ware engineer,
Mr. Comley will have 120 seconds
to run unbridled through the big-
box store’s aisles, grabbing a
plasma television, a videogame
console and almost anything else
that he can hoist onto his cart.

“I'm looking to break a re-
cord,” he says.

At a time of year when many
workers anticipate a Christmas
bonus check or a holiday ham,
some companies say one of the
best ways to reward outstanding
performance and inspire em-
ployee loyalty is a chance to shop
'til they drop.

Jordan, Nicholas, Elliott Inc,, a
Florida company that runs sev-
eral restaurants, unleashes high

performers on a

Lakeland, Fla.,

Winn-Dixie,

where they get

two to four

minutes to fill

b their carts as

co-workers race

alongside. Still

other companies hit the mall—
one gives workers $150 and an
hour to buy what they like, while
an Ohio health-care system
awards 20-year employees a
$300 trip to a shopping center,
after which they strut down a
PleaseturntopageAl8

tory, including some within the party. They
argue that Moscow’s mistake was to over-
look deep flaws in the Soviet political and
economic systems that emerged long before
Mr. Gorbachev.

The film “lacks rational analysis, is mainly
aimed at defending the Stalinist system and
is illogical in many places,” wrote Zuo Fen-

Pleaseturntopage A18
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House and Senate for approval in

the coming days, marks a major

change in the 2011 budget-cut-

ting law, which set in motion 10

| austerity, includ-

he-board spending
sequestration.

The annual discretionary

spending target will be raised to

Pleaseturntopage A8

4 Farm groups fight imits....... A6
4 Pension-change pushback?... A8

Longtime
Insider Is
GM’s First
Female CEO

By JEFF BENNETT
AND SARA MURRAY

DETROIT—General Motors Co,
tapped product chief Mary Barra
as its next chief executive, smash-
ing a century-old gender barrier
while choosing a longtime insider
who grew up steeped in Detroit's
car culture.

Ms. Barra will succeed Dan Ak-
erson as CEO next month and be-
come the first woman to run a
major global auto maker. The 51-
year-old joined GM 33 years ago
as a college intern, eventually be-
coming an engineering manager
before running one of its big U.S.
assembly plants. She got global
experience managing human re-
sources and, more recently, the
company’s world-wide product
development group.

She will become the 22nd
woman currently running a For-

PleaseturntopageAlO

4 Milestone is hailed, but women
continue to face obstacles..... B7
# Heard on the Street...... C14

Ukrainian Forces

L e
BTV el
Government security forces
cracked down on protesters in
Kiev hours after US, and EU
diplomats called for a
nonviolent resolution. A13

International Stocks
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SUMMARY SOV

BUSINESS SUMMARY >

Apple Inc. designs, manufactures and markets mobile communication and media devices, personal computers and portable
digital music players. The Company sells a range of related software, services, accessories, networking solutions, and third-
party digital content and applications. The Company's segments include the Americas, Europe, Greater China, Japan and Rest
of Asia Pacific. The Americas segment includes both North and South America. The Europe segment includes European
countries, India, the Middle East and Africa. The Greater China segment includes China, Hong Kong and Taiwan. The Rest of
Asia Pacific segment includes Australia and the Asian countries not included in the Company'’s other operating segments. Its
products and services include iPhone, iPad, Mac, iPod, Apple Watch, Apple TV, a portfolio of consumer and professional
software applications, iPhone OS (i0S), OS X and watchOS operating systems, iCloud, Apple Pay and a range of accessory,
service and support offerings.

NEWS >
28-Dec-2016

10:24:36 Apple dominerade julhandeln matt i antalet aktiverade enheter

10:15:18 UPDATE 3-S.Korea fines Qualcomm $854 min for violating competition laws

09:42:52 Corea del Sur multa a Qualcomm con 854 mins dir por violar leyes de competencia

06:00:10 RPT-Wall Street cale une fois de plus au seuil des 20.000 points

03:30:18 Aumento del gasto de dltimo minuto impulsa a temporada de ventas de fin de afio ...
01:50:14

27-Dec-2016

Last-minute spending surge lifts U.S. holiday shopping season

23:33:16 CNBC
CNBC

RTRS

Reuters Insider - Tech stocks could take the Dow to 20k

23:32:28 Reuters Insider - History suggests Dow could hit 20k by Friday: Technician

22:55:29 LEAD 2-Wall Street cale une fois de plus au seuil des 20.000 points

22:09:39 Apple, Cisco Lead DJIA Higher Tuesday WALLST
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EVENTS ~ Upcoming
24-Jan-2017 » 30-Jan-2017
NTS Q1 2017 Apple Inc Earnings Release
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Gross Margin

Operating Margin

AAPL
(Sep-2016)

38.02%
25.10%

Growth

(4.71%) 4Q
(11.59%) 4Q

Industry

38.91%
5.75%




Tick Data

tick = ek.get timeseries([ 'AAPL.O'],
fields="*",
start date='2017-07-11 16:00:0000",
end date='2017-07-11 16:15:0000",
interval="'tick")

tick.info()

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

DatetimeIndex: 1898 entries, 2017-07-11 16:00:00.686000 to 2017-07-11 16:14:59.708000
Data columns (total 2 columns):

VALUE 1892 non-null floaté64

VOLUME 1898 non-null floaté64

dtypes: float64(2)

memory usage: 44.5 KB

In [25]: tick.tail()

Out[25]: AAPL.O  VALUE VOLUME

Date

2017-07-11 16:14:59.693 144.9500 100.0
2017-07-11 16:14:59.693 144.9500 100.0
2017-07-11 16:14:59.693 144.9500 100.0
2017-07-11 16:14:59.707 144.989S 400.0
2017-07-11 16:14:59.708 144.989S 1305.0




News

In [29]: news = ek.get news headlines('R:.SPX AND "Trump" AND Language:LEN', count=5)
news

Out[29]: versionCreated text storyld sourceCode

2017-08-18 16:46:19 2017-08-18 16:46:15 U.S. STOCKS EXTEND GAINS AFTER NEW YORK TIMES ... urn:newsml:reuters.com:20170818:nL4N1L44L5:1 NS:RTRS
2017-08-18 15:53:08 2017-08-18 15:53:08 CORRECTED-U.S. STOCKS PARE LOSSES, TRADERS CIT... urn:newsml:reuters.com:20170818:nL4N1L44IK:1 NS:RTRS
2017-08-18 15:16:27 2017-08-18 15:16:27 US STOCKS-Wall St lower on growing concerns ov... urn:newsml:reuters.com:20170818:nL4N1L44F2:5 NS:RTRS
2017-08-18 11:24:30 2017-08-18 11:24:30 US STOCKS-Futures flat amid growing concerns o... urn:newsml:reuters.com:20170818:nL4N1L43RR:5 NS:RTRS
2017-08-17 17:09:05 2017-08-17 17:09:05 US STOCKS-Wall St extends losses on Trump poli... urn:newsml:reuters.com:20170817:nL4N1L34N1:5 NS:RTRS

storyId = news.iloc[4, 2]
storyId

‘urn:newsml:reuters.com:20170817:nL4N1L34N1:5"

from IPython.display import display, HTML

display(HTML(ek.get news story(storyId)))

» Gary Cohn resignation rumors knocked down
» Wal-Mart drops after reporting margin fall
» Indexes down: Dow 0.81 pct, S&P 1.03 pct, Nasdaqg 1.39 pct

Updates to early afternoon
By Sruthi Shankar and Tanya Agrawal

Aug 17 (Reuters) - U.S stocks hit session lows in early afternoon trading on Thursday as investors worried about President Donald Trump's ability to




EXPERT OPINION

Contact Editor: Brian Brannon, bbrannon@computer.org

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-
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 in 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 involve 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, 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.
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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 interested in developing and
testing models of stock price behavior. 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
popularity 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.”—Eugene F. Fama
(1965): “Random Walks in Stock Market Prices”



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

“A market is efficient with respect to an information set Sif it is
impossible to make economic profits by trading on the basis of
information set S.”

If a stock price follows a (simple) random walk (no drift & normally
distributed returns), then it 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 —in a
least-squares sense — is today’s stock price.
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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"




“The grand aim of science is to cover the greatest number of
experimental facts by logical deduction from the smallest
number of hypotheses or axioms.”

— Albert Einstein

“Machine learning is 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 samein a
second. Machine learning automates discovery. It’s no surprise,
then that it’s revolutionizing science as much as it’s
revolutionizing business.”
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Financial Finance Al in Finance
Markets History = finaince
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MARCOS LOPEZ DE PRADO

ADVANCES

K INAN CIAL
MACHINE

LEARN IN G

“The essential tool of econometrics is multivariate linear
regression, an 18th-century technology that was already mastered
by Gauss before 1794 ... It is hard to believe that something as
complex as 21st-century finance could be grasped by something as
simple as inverting a covariance matrix.”

“...what if economists finally started to consider non-linear
functions?”

“An ML algorithm can spot patterns in a 100-dimensional world as
easily as in our familiar 3-dimensional one.”

“Econometrics might be good enough to succeed in financial
academia (for now), but succeeding in practice requires ML.”

Marcos Lopez de Prado (2018)
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Deep Learning
—Some Background
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Mathematics of Deep Learning:

. Applied Mathematics

- Machine Learning Basics

- Deep Feedforward Networks

- Regularization for Deep Learning

. Optimization for Training Deep Models
- Convolutional Networks

- Recurrent & Recursive Nets

.+ Monte Carlo Methods


http://www.deeplearningbook.org/

Francois Chollet

| | BTYTIIT

Practice of Deep Learning
(with Python and Keras):

What is Deep Learning?

Mathematical Building Blocks
Getting Started with Neural Networks

Fundamentals of Machine Learning

Dee
Dee

D

D

_earning for Computer Vision

_earning for Text and Sequences

- Advanced Deep Learning Best

Practices

Generative Deep Learning


https://www.manning.com/books/deep-learning-with-python

Deep Learning
—Universal Approximation Theorem



An Overview Of Artificial Neural Networks for
Mathematicians

Leonardo Ferreira Guilhoto

“In the mathematical theory of artificial neural
This expository paper first defines what an Artificial Neural Network is and describes some of the key netWO rks, the u nive rS al apprOXimatiOn

ideas behind them such as weights, biases, activation functions (mainly sigmoids and the ReLU function),
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 t h m t t t h t f d f d t k t h
by specific types of networks. Finally, in order to help build intuition, a case study of effectiveness in the e O re S a e S a a e e O rW a r n e W O r W I a
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

feedforward neural networks rather than providing a step-by-step guide for programmers. Si n g l e h id d e n la ye r CO n ta i n i n g a fi n ite n u m b e r
Contents of neurons can approximate continuous

1 Introduction

2 An Overview of Feedforward Neural Networks fu nCtionS On CompaCt Su bsets Of Rn, under mild

2.1 Structure
2.1.1 Nodes And Layers

212 Weighs, ises nd Ataion Fnions assumptions on the activation function. The

2.2 Learning Process
22.1 Cost Function

theorem thus states that simple neural networks

2.2.3 Backpropagation

The Expressive Power o Feedforward Neural Netwris can represent a wide variety of interesting functions

3.1 Universal Approximation
3.1.1 Useful Definitions and Theorems from Functional Analysis

3.1.2 i::irifgg a;l:nftrlc::li of Universal Approximation Theorem for Sigmoid and ReLU W h e n giv e n a p p ro p ri a te p a ra m et e rs; h OW eV e r, it
mplenctaton snd Cas Study of Effcincy does not touch upon the algorithmic learnability of

4.1 Procedure
4.2 Comparison Results

o Losig R those parameters.”

42.2 Width

423 Depth —https://en.wikipedia.org/wiki/Universal_approximation_theorem
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Deep Learning
—Market Prediction



The Al Machine
—Quick Demo



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) gave rise to data-driven finance.

. It might 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
(Al) is changing almost every area of our lives.

. Itisto be assumed that in the same way the combination of

- data-driven and

- Al-first finance

will influence and change finance and algorithmic trading

for good.
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