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Introduction



RL for Finance

A Python-based introduction with different applications.
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A Python-Based Introduction
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Python and AI for Finance

Since 2014 publishing about Python & AI for Quant Finance.
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Community of
professional & aspiring
quant developers &
quant researchers.

1,000+ Members
and growing.

Webinar series

“Reinforcement Learning
in Finance”

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

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

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

* Reinforcement Learning for Finance (2024, O'Reilly)

* Financial Theory with Python (2021, O'Reilly)

* Artificial Intelligence i1n Finance (2020, O'Reilly)

* Python for Algorithmic Trading (2020, O’'Reilly)

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

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

Yves 1s the director of the online training program leading to the Certificates in Python for Finance
(https://cpf.tpg.io). He also lectures on computational finance, reinforcement learning, and algorithmic
trading at the CQF Program (http://cgf.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://pgf.tpg.io) and New York (http://aifat.tpg.io). He has given
keynote speeches at technology conferences in the United States, Europe, and Asia.

http://hilpisch.com
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Gist with Code Resources
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Overview



DAY 1

The Basics
(Python, Simple Strategies, Vectorized Backtesting)

DAY 2

The Platform
(Trading Platform, AI-Based Strategies)

DAY 3

The Deployment
(Cloud Provider, Tool Chain, Deployment)



http://bit.ly/algo_bc_2024

1. AI Success Stories
2. Physics Envy &

The Beauty Myth
3. Efficient Markets
4. Data-Driven Finance
5. AI-First Finance
6. DAYS 1-3 Bootcamp
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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
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AI Success Stories
—Go and AlphaGo
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NICK BOSTROM

SUPERINTELLIGENCE

Paths, Dangers, Strategies

o “Go—-playing programs have been improving at a

R0

e rate of about 1 dan/year in recent years. If
this rate of improvement continues, they might

beat the human world champion 1in about a
decade.
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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



https://deepmind.com/research/alphago/
https://www.nature.com/articles/nature24270.epdf?author_access_token=VJXbVjaSHxFoctQQ4p2k4tRgN0jAjWel9jnR3ZoTv0PVW4gB86EEpGqTRDtpIz-2rmo8-KG06gqVobU5NSCFeHILHcVFUeMsbvwS-lxjqQGg98faovwjxeTUgZAUMnRQ
https://deepmind.com/blog/alphago-zero-learning-scratch/

AI Success Stories
—Chess, Deep Blue & Alphalero



“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. .. 1t didn’'t come as much of
a surprise, .., when I achieved
a perfect 32—-0 score.”

“Twelve years later I 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 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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AI Success Stories
—GPT 01, ChatGPT & LLMs



=i How can | implement the Black-Scholes option pricing formula for a European call option in
concise Python code?

Sparks of Artificial General Intelligence:
Early experiments with GPT-4

Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang : _ _ : :
@ You can implement the Black-Scholes option pricing formula for a European call option in a 0 & &P
Microsoft Research

more concise manner using Python and the “scipy.stats" library as shown below:

o)
N
8 Abstract
— Artificial intelligence (AI) researchers have been developing and refining large language models (LLMs) thon G ConNlcads
Qo that exhibit remarkable capabilities across a variety of domains and tasks, challenging our understanding Py Py
< of learning and cognition. The latest model developed by OpenAl, GPT-4 [Ope23], was trained using an
N unprecedented scale of compute and data. In this paper, we report on our investigation of an early version
— of GPT-4, when it was still in active development by OpenAl. We contend that (this early version of) GPT- numpy np
4 is part of a new cohort of LLMs (along with ChatGPT and Google’s PaLM for example) that exhibit
= more general intelligence than previous AI models. We discuss the rising capabilities and implications of scipy .stats norm
— these models. We demonstrate that, beyond its mastery of language, GPT-4 can solve novel and difficult
Q tasks that span mathematics, coding, vision, medicine, law, psychology and more, without needing any
5] special prompting. Moreover, in all of these tasks, GPT-4’s performance is strikingly close to human-level
& performance, and often vastly surpasses prior models such as ChatGPT. Given the breadth and depth of ( S, K , T, T, sigma) .
GPT-4’s capabilities, we believe that it could reasonably be viewed as an early (yet still incomplete) version
Ve of an artificial general intelligence (AGI) system. In our exploration of GPT-4, we put special emphasis di = (np . 109 (S / K) + (r + * g igma** ) *T) / ( sigma * np.sqrt (T))
(El on discovering its limitations, and we discuss the challenges ahead for advancing towards deeper and more
— comprehensive ‘ver_sions of AGI, inclucliing the ppssible nee-d for.pursuing a new paradigm that moves beyond d2 = di - sigma * n p. sqrt (T)
c~ next-word prediction. We conclude with reflections on societal influences of the recent technological leap and
AN fture research directions. S * norm.cdf(dl) - K * np.exp(-r * T) * norm.cdf(d2)
8 Contents
o) - —
(@\| 1 Introduction S ’ Ks T y I, Sigma = ’ ’ ’ ’
~ 1.1 Our approach to studying GPT-4’s intelligence _ .
SE 1.2 Organization of our demonstration ( ’ black_scholes_call(S, K! T! I, Slgma) )
= Multimodal and interdisciplinary composition '

2.1 Integrative ability
2.2 Vision
2.2.1 Image generation beyond memorization
2.2.2 Image generation following detailed instructions (& la Dall-E)

2.2.3 Possible application in sketch generation This implementation calculates the price of a European call option using the Black-Scholes
2.3

Coding formula in a more concise way. The function *black_scholes_call" takes the same input

3.1 From instructions to code

3.1.1 Coding challenges parameters as before (stock price, strike price, time to maturity, risk-free interest rate, and

3.1.2 Real world scenarios

Understanding existing code stock volatility) and returns the option price. The example usage demonstrates how to call

this function and print the resulting call price.




Physics Envy &
The Beauty Myth



Traditional Finance

Not all cornerstones of traditional finance have stood the test of time.

Cornerstones of Finance

A. Expected Utility (x)

B. Equilibrium Theory (x)
C. Normal Distributions (x)
D. L1near Relationships (x)
E. Efficient Markets ()

F. Arbitrage Pricing ()



Normal Distributions

Easy to handle mathematically, often found 1in physics, but almost never 1n finance.

Theory Reality
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Linear Relationships

Easy to understand, intuitively appealing, and straightforward to manage.

The Journal of FINANCE

Vor. XIX SEPTEMEER 1964 . //tl — 7 + ﬂl( //tM — 7

CAPITAL ASSET PRICES: A THEORY OF MARKET
EQUILIBRIUM UNDER CONDITIONS OF RISK*

WiLriam F. SHARPET

I. INTRODUCTION dd M a r ke -t R i S k 144
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- i . . " 1
economic theory dealing with conditions of risk. Although many useful I d y t R k
insights can be obtained from the traditional models of investment under l O S n C r a l C l S
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
b___—.__.v__.—__/
Expected Rate of Return

Pure Interest Rate




Lacking Empirical Support

CAPM 1s still popular both in theory and practice although 1t lacks empirical support.

DETERMINING THE COST OF CAPITAL IS THEREFORE A MATERIAL

COMPONENT OF COMPANY VALUATIONS “The attraction of the CAPM 1s that it
Determination of beta factors B Cuui=lesh elelTEN BvRERC [a[o B g Rl Uk B o AL RVAR R ECE Ry o
and cost of capital

predictions about how to measure risk and
the relation between expected return and
risk.”

The cost of capital is the interest rate used to discount the cash flows

relevant to the valuation. The determination of the cost of capital is thus an

dd -

essential component of business valuations. For the determination of cost T h € version O f t h S CA PM d cve -l- O p € d b y
of capital, the valuation standard IDW Sl explicitly refers to the capital S h alr p e ( 1 9 64 ) ai d L l N 't ner ( 1 9 6 5 ) h adS never
market-based Capital Asset Pricing Model (CAPM or Tax-CAPM), according . .
e | | been an empirical success. ... The

quity can basically be broken down into a base ! _ _
interest rate, a beta factor and a market risk premium. The beta represents p 'O b -l_em S are serious enou g h t O 1NVvVa -l_ ld d t e
tche.c.ompany-specifi.c ri'.s.k. and measu.res t.he pri?e fluctuation of the mos -t a p p 'L l o -t lO NS O -f -t h e CAPM . "
individual value (the individual value risk) in relation to the market (market
risk).
The beta factor is determined on the basis of a linear regression of returns. Fa Ma an d F renc h ( 2 064 ) :
In practice, a valuer is regularly faced with a challenge in this process: in “The Caplta-l_ Asset Pric ]_ng Model: Theo ry and
the case of unlisted companies, the derivation must be made via the EV ld ence. ”n

returns of suitable listed comparable companies (peer group).


https://www.wollnywp-unternehmensbewertung.de/beta-factors/?lang=en

Prices are Predictions

Prices embody predictions about future cash flows discounted to today.

1.1 Prices are Predictions

Modern analysis of financial markets centers on the following definition
of a price, derived from the generic optimality condition of an investor:

Pt = E[M11X; 41|Z¢). (1.1)

In words, the prevailing price of an asset, P; ¢, reflect investors’ valuation
of its future payofls, X; ;1 1. These valuations are discounted based on in-
vestors’ preferences, generically summarized as future realized marginal
rates of substitution, M, 1. The price is then determined by investor
expectations of these objects given their conditioning information Z;. In
other words, prices are predictions—they reflect investors’ best guesses
for the (discounted) future payoffs shed by an asset.

Source: Kelly and Xiu (2023)


https://bfi.uchicago.edu/wp-content/uploads/2023/07/BFI_WP_2023-100.pdf

Prediction Fails

Empirically, finance has a pretty bad track record in predicting prices

10-year U.S. Treasury yield, market expectations vs. realized

Federal-funds rate, market expectations vs. realized

6.0%
W Effectiverate = Expectations

55
>0 6% RECESSION
45 = Expectations

4.0 W Yield
3.5

3.0

2.5

2.0

1.5

1.0

2003 05 10 15

Note: Expectations based on average consensus from the Philadelphia Fed’s quarterly survey of professional forecasters.
Source: Clocktower Group

Source: wsj.com
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Physics Envy

Finance might have been driven for too long by quest for the most simple models.

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.
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JEL Classification: G01, G12, B16, C00

arxXiv

*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@nit.edu (email).

!Senior 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.con (email).
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Efficient Markets



Efficient Markets

1965-1974

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
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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 imrortant 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
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Markets appear to be efficient, meaning that traditional prediction methods are ineffectual.

“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
1s an accurate description of reality,
then the various “technical” or “chartist”
procedures for predicting stock prices are
completely without value.”

- In a least-squares sense, the best
predictor of tomorrow’s stock price 1is
today’s stock price.



Efficient Markets-Simple Illustration

IfT 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.
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# The Autopilot system
that prompted Tesla’s recent
recall of two million vehicles
has been the subject of law-
suits claiming the company
promised more than it deliv-
ered, and in some cases, put
people in danger. AT

# Companies in finance and
accounting are now recruiting
for interns nearly 18 months
before college students would
be expected to start. Al

# The Dow set a record for
a third straight day Friday,
as it rose 0.2%. The S&P 500
slipped 0.01% and the Nas-
daq gained 0.4%. B

# Fed officials offered com-
peting views of when they
might begin to lower interest
rates next year after Chair
Powell suggested they were
likely done raising !hem.ﬁ

# Activision Blizzard has
agreed to pay more than
$50 million to settle a law-
suit by a California regulator
that helped spur Microsoft’s
takeover of the company. B9

# A.P. Moller-Maersk and
Hapag-Lloyd have stopped
their ships from entering the
southern entrance of the
Red Sea after attacks on
their vessels. B9

# A process to sell the ven-
ture-capital arm of bankrupt
SVB Financial, the former
parent of Silicon Valley
Bank, has fallen flat. B9

World-Wide

—_—

# The Israeli military said it
mistakenly killed three |s-
raeli hostages that it mis-
identified as militants during
fighting in Shujaiyeh, in the
east of Gaza City. A1

# Residents of th¥Gaza
Strip are facing widespread
starvation for the first time in
recent history, as Israel and
the UN. trade blame over
why aid deliveries are falling
short of soaring needs. A9

# Jake Sullivan, the riz=
tional security adviser,
pressed Palestinian leaders
to help provide security for
the postwar Gaza Strip. A9

# EU leaders pledged to
continue providing Ukraine fi-
nancial aid despite failing to
agree on a proposed $54 bil-
lion funding package after
deciding to begin member-

ship talks with the nation. A8

# The U.S. count of home-
less people surged to the
highest level on record,
reaching more than 653,
people early this year. A3

# Matthew Perry died from
the acute effects of ketamine,
according to an autopsy of
the “Friends” actor. A4

# The mother of the 6-
year-old boy who shot his
teacher earlier this year was
sentenced to two yearsina
Virginia prison. A4
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Families and supporters of hostages held in Gaza demonstrated in Tel Avw on Friday, calling

for their release in exchange for Pales

an prisoners. The Israeli army said it accidentally

killed three hostages, from left, Samer Talalka, 25, Alon Shamriz, 26, and Yotam Haim, 28.

Fintech Fugitive Sought in Huge Theft

Is Now Suspected of Spy

/ Séupermodel
Makeup
Moves

OFF DUTY

Israeli Troops
Acadentally

By Anat PELED

The Israeli military said it
mistakenly killed three Israeli
hostages that it misidentified
as militants during fighting in
Shujaiyeh, in the east of Gaza
City on Friday, an mcident

the government to redonble
efforts to free the remaining
people in captivity.

“This is a sad and painful
event for all of us, and the IDF
is responsible for everything
that happened,” Israeli mili-
tary spokesperson Daniel
Hagari said, adding that the
event was currently being in-
vestigated.

The killed civilian hostages
were identified as Yotam
Haim, 28, Samer Talalka, 25,
and Alon Shamriz, 26, accord-
ing to Israeli officials and the
Hostages and Missing Families
Forum. All three men were ab-
ducted from kibbutzim near
the Gaza border on Oct. 7.

ving for Russia

Wirecard's ex-COQ helped Moscow fund covert operations around the world, officials say

By Bouan PANCEVSKI AND Max COLCHESTER

BERLIN—Scon after payment-pro-
cessing giant Wirecard reported in
June 2020 that nearly $2 billion had
gone missing from its balance sheet,
its chief operating officer Jan Mar-
salek boarded a private jet out of Aus-
tria. After a landing in Belarus, he was
whisked by car to Moscow, where he
got a Russian passport under an as-

sumed name.

Western intelligence and security
now say they have reached

official

around the world.

the unsettling conclusion that Mar-
salek had likely been a Russian agent
for nearly a decade.
Marsalek already stands accused of
stewlmg hundreds of millions of dollars
. Following multiple in-
igations, officials
from intelligence, police and judi-
cidry agencies in several countries now
ear-old native of Austria
used h|> defunct payments company to
illegally help Russian spy agencies
move money to fund covert operations

One of the most wanted men in the
world, Marsalek has also provided as-

sistance to the mercenary organization

of Yevgeny Prigozhin, the late Russian
warlord, and is now involved in the re-
configuration of his business empire in
Africa on behalf of Russian officials
from his new domicile in Dubai, ac-
cording to Western intelligence,
Wirecard got its start processing
payments for pornography websites on
its way to becoming an Internet fi
nance behemoth. During its heyday,
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a drummer, and
who was about to

Haim,

engineering, were both from
kibbutz Kfar Aza. Talalka, an
Arab Israeli from the town of
Hura, was abducted from the
chicken hatchery where he
worked in kibbutz Nir Am.
Hagari said that the mili-
tary believes that the three Is-
raeli hostages either ran away
or were abandoned by their
captors. “There will be full
transparency to the public
about this event,” he s
The accidental killing of the
three hostages was the first
incident of its kind since the
start of the war, and it comes
as the Israeli military is en-
gaged in combat in densely
packed urban areas. Since the
Pleaseturntopage A9

# Gaza faces widespread
EICTUL YT, TR——

# U.S. presses PalestiniansTo
secure Strip after war... A9

EXCHANGE

ROUGH ROAD
The CEO of
General Motors
struggles with
setbacks on her
big bets. B1

Democrats | Giuliani Told to Pay 5‘3"" Lawsuits Allege Tesla
Oversold Autopilol

Get Antsy
As Biden
Faces Ke
Stretch

By ANNIE LINSKEY

WASHINGTON—President
Biden heads into the end of the
year with Democratic worries
about his re-election deepening,
his effort to aid allies in two
wars hanging in the balance on
Capitol Hill and an impeach-
ment inquiry into him and his
family moving forward.

).

JUDGMENT DAY: A ji ‘ury said former Trump campaign lawyer

Rudy Git

iani must pay $148 million for falsely claiming two
Georgia election workers rigged the 2020 presidential vote, A3

By Reeecea ELuiort
Anp Ryax FeLton

The Autopilot system that
prompted Tesla’s recall of two
million vehicles this past week
has been the subject of a se-
ries of lawsuits claiming the
company promised more than
it delivered, and in some
cases, put people in danger.

Tesla faces at least a dozen
lawsuits in the U.S. related to
the driver-assistance system,
many of them brought by the
families of people who died in
crashes allegedly involving

Autopilot. Consumers and in-
vestors have also sued Tesla,
claiming its marketing of Au-
topilot and an upgrade called
Full Self-Driving Capability is
deceptive and misleading.

Several cases are poised for
trial next year, including one
over a fatal crash in California
that is set to be presented to a
jury in March.

Tesla Chief Executive Offi-
cer Elon Musk has said re-
peatedly over the years that
the company’s cars were close
to operating autonomously.
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Track the Markets: Winners and Losers
Alook at how selected global stock indexes, bond ETFs, currencies
and commodities performed around the world for the week.
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Investment-grade spreads that tightened the most...
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# A British court awarded
Prince Harry nearly $180,000
after finding that UK. tab-
loids hacked his phone. A10
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Summer Interns Are
In Demand—for 2025

At the same time, some rays
of hope are peeking through for
the incumbent as a tough 2024
contest looms, with the Dow
Jones Industrial Average reach-
ing a record high and—perhaps

First Federal Savings of Lor
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Shohei Ohtani signed a record contract;

NOONAN
What universities
have done to
themselves A15
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eserved

most important from an elec-
toral perspective—consumer
confidence rebounding faster
than expected this month.

A round of dismal polls is
intensifying jitters among
Democrats, including some in
the West Wing, who are wor-
ried that voters’ negative
views about the president are
going unchallenged, and who
are growing impatient for a
full-fledged campaign to start.

Those with concerns in-
clude former President Barack
Obama, who “knows this is go-
ing to be a close race” and
“feels that Democrats very
well could lose” the 2024 elec-
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many fans just want to yap

By LinpseY ADLER

Douglas  Tsao
and his beloved
dog Hercules were
sitting down at
home in New York
to watch the an-
nual Major League
Baseball Most
Valuable  Plaver
Award announce-
ment in Novem-
ber when they
found themselves
looking into a mir-
ror. Shohei Ohtani, the most

bout h

famous baseball player in the
world, appeared on
screen with a cute
dog that looked just
like Hercules.

The sight of a
Nederlandse Kooil
erhondje on televi-
sion  was more
shocking to Tsao
than Ohtani’s unan-
imous MVP desig-
nation—it is a rare
breed, and Kooiker
owners in the U.S.
are a passionate

s pooch

Please turntopage A1l

By Lixpsay ELLis

The starter pistol has
sounded for college internship
applications—for the summer
of 2025.

Companies in finance and
accounting are now recruiting
for interns nearly 18 months
before college students would
be expected to start.

The investment bank
Guggenheim Securities and
the Royal Bank of Canada, in
addition to accounting stal-
warts Grant Thornton and
Pricewaterho Coopers
among others, started adver-
tising for 2025 summer in-
ternships this fall.

Many suminer 2024 intern-
ship slots are already filled,
several (‘OH\pal’llC sa)

The advanced nmelme
means that college students
who may have taken just one
business class are trying to
prove their mettle in competi-
tive application processes that
can launch careers after grad-
uation.

To prepare students, col-
leges are hosting recruiting
events and prepping their stu-
dents earlier. Many applicants
for 2025 are sophomores
striving for a coveted intern-
ship after their junior year.
The stints often lead to a full-
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Al Is Ravenous for Energy. Can
It Be Satisfied?

The revolution in artificial intelligence
may soon require more electricity than all
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PRO CYBER NEWS

Intelligence Researchers to
Study Computer Code for
Clues to Hackers’ Identities

e UOVETNINEeNL DIOCUdin v\ CEXDIONE

Activision Blizzard to

Pay More Than $50
Million to Settle
Lawsuit That Spurred
Takeover

California’s Civil Rights Department sued
Activision in 2021, alleging its leadership
ignored numerous employee complaints
of sexual harassment, discrimination and
pay disparity.

By Sarah E. Needleman and Kirsten Grind

5hoursago @ 4minread

Meta’s Threads Launches in
Europe

Meta Platforms rolled out Threads in
Europe, months after the Facebook and
Instagram parent launched the

Most Popular in Technology

News Publishers See Google’s
Al Search Tool as a Traffic-
Destroying Nightmare

December 14,2023 @ 8 minread

EXCLUSIVE | Activision

Blizzard to Pay More Than $50
Million to Settle Lawsuit That
Spurred Microsoft’s Takeover

5hoursago @ 4 minread

Apple Makes Security
Changes to Protect Users
From iPhone Thefts

December 12,2023 @ 5minread

Al ls Ravenous for Energy. Can
It Be Satisfied?

7 hoursago @ 6 minread

The Difference Between a

Good Ski Day and a Bad One?
Two Inches.

December 13,2023 @ 5minread

Related Opinion

Computers Will Soon Read Your Mind

Trump as Dictator Is a Classic Case of
Projection

the
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BUSINESS SUMMARY >

Apple Inc. designs, manufactures and markets smartphones, personal computers, tablets, wearables and accessories, and
sells a variety of related services. The Company's product categories include iPhone, Mac, iPad, and Wearables, Home and
Accessories. lts software platforms include iOS, iPadOS, macOS, watchOS and tvOS. Its services include advertising,
AppleCare, cloud services, digital content and payment services. It operates various platforms, including the App Store,
that allow customers to discover and download applications and digital content, such as books, music, video, games and
podcasts. It also offers digital content through subscription-based services, including Apple Arcade, Apple Fitness+, Apple
Music, Apple News+ and Apple TV+. The Company's products include iPhone 15 Pro, iPhone 15, iPhone 14, iPhone 13,
MacBook Air, MacBook Pro, iMac, Mac mini, Mac Studio, Mac Pro, iPad Pro, iPad Air, iPad, iPad mini, Apple Watch Series 9,
AirPods, AirPods Pro, AirPods Max and HomePod.

NEWS
16-Dec-2023

04:32:00 UPDATE 1-FOCUS-Exxon's low US tax payments ruffle Biden's climate agenda RTRS

02:31:46 Apple settles Family Sharing plan lawsuit for $25 million. See if you're eligible for payout USADAY

00:11:29 Apple reportedly facing expansion of China ban SEECOM

15-Dec-2023

23:07:44 UPDATE 1-China's ban on Apple's iPhone accelerates- Bloomberg News

23:00:50 Apple workers deserve iDorms as good as the technology FT

22:20:47 China's ban on Apple's iPhone accelerates- Bloomberg News RTRS

22:18:15 APPLE INC SHARES FALL 0.6% AFTER THE BELL RTRS

22:12:06 BRIEF-China’S iPhone Ban Accelerates Across Government And State Firms- Bloomberg ... RTRS

22:10:35 CHINA'S IPHONE BAN ACCELERATES ACROSS GOVERNMENT AND STATE FIRMS- BLO... = RTRS

20:46:29 Government issues advisory regarding various vulnerabilities in Apple products HINDUT

EVENTS > PAST
31-Jan-2024

AMC Q1 2024 Apple Inc Earnings Release

PRICE PERFORMANCE >

Open ® 197.53

Prev. Close ® 198.11

Bid / Ask ©®© 196.56/196.6

VWAP 197.581529

Turnover ® USD 25.40B

Volume © 128,538,401

Short Interest 0.70%

YTD ® 52.06%

Beta (5Y Monthly) 1.30

Mkt Cap - Default
* Default Market Share Type = Outstanding

PE (LTM)

UsD 3.07T

32.21
Div Yield 0.48%
DR BRL (5 AAPL34.SA (1:0.05)
DR Type
DR Bank

Free Float 15.54B  Asset

QOutstanding 15.55B  Share

IPO Date 12-Dec-1980 Lot Si
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Minute Bars

%%time

data = ek.get_timeseries(symbols, TICk Data
start_date='2023-12-15",
end_date="'2023-12-16",
interval="minute',
fields="'*")

%%time
data = ek.get_timeseries('AAPL.O",

start_date='2023-12-15 15:00:00',
CPU times: user 26.5 ms, sys: 2.22 ms, total: 28.7 ms end_date='2023-12-15 15:15:00",
Wall time: 800 ms interval="tick',

fields=['x"])
data.loc['2023-12-15 15:30:00"':
'2023-12-15 15:34:00"'] CPU times: user 103 ms, sys: 7.09 ms, total: 110 ms
Wall time: 1.74 s

AAPL.O HIGH LOW CLOSE COUNT VOLUME

data.info()

Date

PR <class 'pandas.core.frame.DataFrame'>
SR IOUSCIRRY  ildzh, Teleie IRERD etitesl 131027 DatetimeIndex: 36176 entries, 2023-12-15 15:00:00.009000 to 2023-12-15 15:14:59,991000

2023-12-1515:31:00 19816 198.035 198.04 198.1199 112091 Data columns (total 2 columns):
# Column Non-Null Count Dtype

2023-12-1515:32:00 198.15 198.06 198.105 198.1012 95976
@ VALUE 36137 non-null Float64
1 VOLUME 36176 non-null Int64

2023-12-1515:34:00 198.109 198.0 198.07 198.005 119302 dtypes: Float64(1), Int64(1)
memory usage: 918.5 KB

2023-12-1515:33:00 19816 198.05 198.107 198.065 114239

data.tail()

AAPL.O VALUE VOLUME

Date

2023-12-1515:14:59.579 198.16
2023-12-1515:14:59.609 198.151
2023-12-1515:14:59.613 198.15
2023-12-1515:14:59.858 198.155
2023-12-1515:14:59.991 198.15




Financial News

Apple Event on 30. October 2023 (https://www.apple.com/events).

headlines = ek.get_news_headlines(query='R:AAPL.0 macbook m3',
count=5,
date_from='2023-10-29"',
date_to='2021-10-31")

headlines

versionCreated text

storyld

sourceCode

2023-10-28 12:33:37.872 2023-10-28 12:33:39.512000+00:00 Apple Scary Fast event: MacBook Pro with M3 Ma...
2023-10-28 09:15:46.319 2023-10-28 09:50:37.924000+00:00 Apple Scary Fast event: MacBook M2 with M3 Max...
2023-10-28 09:16:16.240 2023-10-28 09:38:53.757000+00:00 Apple Scary Fast event: MacBook Pro with M3 Ma...

2023-10-05 11:31:39.137 2023-10-05 11:43:42.534000+00:00 MacBook Air M1 at just Rs 52,999: Amazon Great...
2023-10-0114:01:05.453 2023-10-0114:01:13.513000+00:00 Amazon unveils Apple deals for Great Indian Fe...

urn:newsml:newswire.refinitiv.com:20231028:nNR...
urn:newsml:newswire.refinitiv.com:20231028:nNR...
urn:newsml:newswire.refinitiv.com:20231028:nNR...
urn:newsml:newswire.refinitiv.com:20231005:nNR...

urn:newsml:newswire.refinitiv.com:20231001:nNR...

NS:MINTNE
NS:MINTNE
NS:MINTNE
NS:INDIAE
NS:INDIAE

story = headlines.iloc[0]

story

versionCreated 2023-10-28 12:33:39.512000+00:00
text Apple Scary Fast event: MacBook Pro with M3 Ma...
storyIld urn:newsml:newswire.refinitiv.com:20231028:nNR...
sourceCode NS:MINTNE
Name: 2023-10-28 12:33:37.872000, dtype: object

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




[23]:

[24]:

[24]:

from IPython.display import HTML

HTML (news_text)

New Delhi

New Delhi, Oct. 28 -- Apple is all set to unveil new devices at the company's annual October event, which has been dubbed 'Scary Fast' because it takes place on the eve of Halloween at 5:00 PM PT/5:30 AM
IST. The tech giant had earlier unveiled the latest iPhone 15 range at the Wonderlust event in September.

Also Read| Apple Scary Fast event: MacBook Air, MacBook Air Pro, iMac and everything expected

The highlight of the new Apple event is expected to be the launch of the new M3 chipset, which will run on 3-nanometer processors and bring significant improvements over the M2 lineup that was released in
June 2022, Bloomberg reported.

Bloomberg's Mark Gurnman reported that Apple is likely to unveil two new MacBook Pros, codenamed J514 and J516, powered by the M3 Pro and M3 Max processors.

Apple is reportedly testing different versions of the 12-core M3 Pro processor, which will include six high-performance cores and six efficiency cores. Another M3 Pro chipset could have 14 main cores, including
10 high-performance cores, 4 efficiency cores and 20 graphics cores.

Meanwhile, a top-of-the-range M3 Max chipset could come with 16 main cores, including 12 high-performance cores, 4 efficiency cores and 40 graphics cores. The iPhone maker is also planning to offer more
upgraded RAM variants, including a 24GB and 48GB options.

The Bloomberg report notes that while the specifications for the M3 chipsets that will ship with the new MacBook Pro lineup are not clear, the Cupertino company is likely to offer improved gaming capabilities
similar to the much-touted prowess of the A 17 chip in the iPhone 15 Pro.

Recent media reports had hinted at the possibility of Apple expanding its iPad line-up, with announcements expected at recent events. However, Gurnman noted that Apple will not be unveiling any new iPads at
this year's event. Published by HT Digital Content Services with permission from MINT. For any query with respect to this article or any other content requirement, please contact Editor at
contentservices@htlive.com

Copyright (c¢) 2023 HT Digital streams Ltd
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“It doesn't matter how beautiful your
theory 1s, 1t doesn't matter how
smart you are. If 1t doesn't agree
with experiment, 1it's wrong.”

Richard Feynman



“It ain’'t what you don’t know that
gets you into trouble. It’s what you
know for sure that just ain’t so.”

Marc Twailn



Dictionary

Definitions from Oxford Languages - Learn more

© sci-en-tif-ic meth-od

/ sTen tifik ‘'meTHad/

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

Machines effortlessly test and refute thousands of different hypotheses.

“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 it’s
revolutionizing science as much as 1t’s
revolutionizing business.”




Efficient Markets

New technologies and methods have changed the thinking about efficient markets.

Jensen (1978): “Some Anomalous Evidence Regarding Market Efficiency.”:
“A market is efficient with respect to an information set S if i1t 1is 1impossible
to make economic profits by trading on the basis of information set S.”

Timmermann and Granger (2004): “Efficient Market Hypothesis and Forecasting.”:
“A market is efficient with respect to the information set, S(t), search
technologies, T(t), and forecasting models, M(t), if it is impossible to make
economic profits by trading on the basis of signals produced from a forecasting
model in M(t) defined over predictor variables in the information set S(t) and
selected using a search technology in T(t).”



ML-Based Asset Pricing

Machine learning methods can easily encompass a large number of predictor variables.

Empirical Asset Pricing via Machine
Learning*

Shihao Gu
Booth School of Business, University of Chicago

Bryan Kelly
Yale University, AQR Capital Management, and NBER

Dacheng Xiu
Booth School of Business, University of Chicago

We perform a comparative analysis of machine learning methods for the canonical problem
of empirical asset pricing: measuring asset risk premiums. We demonstrate large economic
gains to investors using machine learning forecasts, in some cases doubling the performance
of leading regression-based strategies from the literature. We identify the best-performing
methods (trees and neural networks) and trace their predictive gains to allowing nonlinear
predictor interactions missed by other methods. All methods agree on the same set of
dominant predictive signals, a set that includes variations on momentum, liquidity, and

volatility. (JEL C52, C55, C58, GO, G1, G17)

“., the collection of candidate conditioning
variables for the risk premium 1s large. The
profession has accumulated a staggering list of
predictors that various researchers have argued
possess forecasting power for returns. The
number of stock-level predictive characteristics
reported in the literature numbers 1in the
hundreds and macroeconomic predictors of the
aggregate market number in the dozens.
Additionally, predictors are often close cousins
and highly correlated. Traditional prediction
methods break down when the predictor count
approaches the observation count or predictors
are highly correlated. With an emphasis on
variable selection and dimension reduction
techniques, machine learning 1s well suited for
such challenging prediction problems by reducing
degrees of freedom and condensing redundant
variation among predictors.”


https://dachxiu.chicagobooth.edu/download/ML.pdf

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 = mc2. 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

Adding Complexity
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Like Natural Language Processing, finance might needto go bigger & embrace complexity.

“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
mc2.
Meanwhile,
than elementary particles
elegant mathematics. Econo
envy over their inability to neatly [and successfully]
model human behavior.

Ma OI €

sciences that involve human beings rather
nave proven more resistant to

nists suffer from physics

informal, incomplete grammar of the English language
ns over 1,700 pages. Perhaps when 1t comes to natural
nguage processing and related fields, we’'re doomed to

nplex 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

the best ally we have: the unreasonable

effectiveness of data.”



Ever-increasing volume, variety, and
velocity of financial data.

Non-linear, high dimensional, and
changing relationships in finance.
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DAY 1

The Basics
(Python, Simple Strategies, Vectorized Backtesting)



http://bit.ly/algo_bc_2024

DAY 2

The Platform
(Trading Platform, AI-Based Strategies)



http://bit.ly/algo_bc_2024

DAY 3

The Deployment
(Cloud Provider, Tool Chain, Deployment)



http://bit.ly/algo_bc_2024

MacBook Air 13 Inch, M1, 8GB,

256 GB, Retina Display
MacMini, M1-8 Cores, 8GB, 256 GB

MacMini, M1 Max,
32GB, 512 GB

MacBook Pro 14 Inch, M1, 16GB,
512 GB, XDR Display MacMini, 17-6 Cores, 32GB, 512 GB



MacMini, M4, 16GB, 256GB
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https://m.do.co/c/fbe512dd3dac

The Python Quants GmbH

Dr. Yves J. Hilpisch
https://tpg.10 | team@tpg. 1o
https://youtube.com/@dyjh | x.com/dyjh
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https://growth.tpq.io/cpf
https://growth.tpq.io/cpf
mailto:team@tpq.io
https://youtube.com/@dyjh
http://x.com/dyjh

