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First Documented Trade

• Aristotle (348 BC – 322 BC), in his book Politics, describes the story of 
Thales of Miletus (624 BC – 546 BC), who was a great mathematician,  

Thales, so the story goes, because of his poverty was taunted with the uselessness of philosophy; but from his knowledge 
of astronomy he had observed while it was still winter that there was going to be a large crop of olives, so he raised a 
small sum of money and paid round deposits for the whole of the olive-presses in Miletus and Chios, which he hired at a 
low rent as nobody was running him up; and when the season arrived, there was a sudden demand for a number of 
presses at the same time, and by letting them out on what terms he liked he realized a large sum of money, so proving 
that it is easy for philosophers to be rich if they choose, but this is not what they care about.

• Thales effectively bought a call option – the right, but not the 
obligation, to use the olive presses.  

• Luckily for Thales, the crop was strong, and his options finished in the 
money.
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Tulips - 1600

• Tulips were incredibly popular in the region and were considered to be status symbols among the 
Dutch aristocracy. Their popularity spread into Europe and throughout the world, and this led to a 
demand for tulip bulbs increased at a dramatic rate. 

• During the 1630s, the demand for tulip bulbs and the price continued to rise.  

• A secondary market for these contracts emerged which enabled anyone to speculate on the 
market for tulip bulbs. Calls and puts were used, initially for hedging purposes, then for 
speculation. They weren't as developed as they are today: informal and completely unregulated.  

• Many individuals and families in Holland invested heavily in such contracts, often using all their 
money or even borrowing against assets such as their property. 

• Eventually the bubble bursted.  

• Many lost all their money and their homes.   

• Option obligations were not met.  

• The Dutch economy went into a recession.
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1700

• The earliest known futures exchange was established in 
Japan in 1710 for trading rice futures, although informal 
futures trading in metals took place in England as far back 
as 1571 

• In the middle ages, buyers and sellers of commodities met 
annually at trading fairs to lock in future needs and prices. 
Middlemen provided banking and storage to facilitate 
trade.  

• The Chicago Board of Trade (CBOT) was formed in 1848 
and remains one of the largest futures exchanges in the 
world.
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1800

• US railroad expansion 1862 - fuelled by bonds 

• In 1868-1869 the Republican North Carolina 
legislature issued $27.8 million in railroad bonds. 
Swepson and Littlefield defrauded the state of an 
estimated $4 million in bonds that were intended 
for a western extension of the North Carolina 
Railroad delaying the construction until 1880.
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1900

• The crash followed a speculative boom that had taken hold in the 
late 1920s. Net profits of companies showed an increase of 36.6% 
over 1928, itself a record half-year.  

• Stock-exchange speculation which had led hundreds of thousands 
of Americans to invest heavily in the stock market, borrowing to buy 
more stocks. Brokers were routinely lending more than two-thirds of 
the value of the stocks. Over $8.5 billion was out on loan, more 
than the entire amount of currency circulating in the U.S. at the 
time.

• The average P/E ratio was 32.6 in September1929 

• Albert H. Wiggin, the head of Chase National Bank, 
shorted 40,000 shares of his own company, making a $4M profit.
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Regulation

Securities Act of 1933: created after the crash of 1929 to increase 
public trust by requiring uniform disclosure of information about 
public securities offerings. (“Truth in Securities Act”). 100 pages. 

Securities Exchange Act of 1934: Created the SEC to enforce the 
securities act of 1933, made insider trading illegal, created and 
regulated exchanges. ("the Exchange Act”). 200 pages. 

Trust Indenture Act of 1939: regulated debt securities such as bonds, 
debentures, and notes that are offered for public sale.  

Investment Advisers Act of 1940: requires that firms or sole 
practitioners compensated for advising others about securities 
investments must register with the SEC and conform to regulations 
designed to protect investors. 
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Value Investing

• P/B: Price to Book 

• EPS: Earnings per share (Price/Earnings ratio) 

• Net income 

• Free cash flow 

• EBITDA
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1952 - Modern Portfolio Theory

• Markowitz proposed that portfolios are 
characterized by two parameters: 

• Their expected return 

• Their standard deviation 

• In this framework, portfolio selection is reduced to 
picking points in a risk-return plane
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Risk can be lowered 
combining assets in a portfolio



Possible investments

Impossible investments
Boundary between true and false possible and impossible



Independent of the portfolio: 
Normal (0,1)

Cumulative distribution of the Gaussian

A  portfolio manager will be paid a bonus if it makes a benchmark return of r.
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The rational decision is to maximize 
the Sharpe Ratio with benchmark r
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• Hedge funds 

• Absolute return strategies 

• Active portfolio management 

• Prop-desks

• Stocks 

• Bonds 

• Infrastructure 

• Private Equity 

• Credit

BetaAlpha
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Dodd-Franck

• The Dodd-Frank Wall Street Reform and Consumer Protection Act 

• A massive piece of financial reform legislation passed by the 
Obama administration in 2010  

• A response to the financial crisis of 2008.  

• Named after sponsors U.S. Senator Christopher J. Dodd and U.S. 
Representative Barney Frank 

• It created new Government agencies to oversee different aspects 
of the banking activity 

• The Volcker Rule: stops prop-desks.
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Hedge Funds

• Alpha producers 

• Un-regulated 

• They turn risk into return: 

• Market inefficiencies 

• Information advantage 

• May have a limited opportunity set 

• May have liquidity restrictions 

• Often innovative
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Post-modern Portfolio Theory
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Nicholas Nassim Taleb: 
“Your Grandmother’s Intuition about Tail Risk is Usually Right”

Gerd Gigerenzer (Max Planck Institute):  Markowitz mean-variance strategy is worse than 
a strategy of equal distribution of investments across funds (1/N)

HSBC’s Head of Global Risk Strategy:  
“it is important to have historians, geographers and political scientists  

alongside the mathematicians in formulating scenarios.”

The Basel Committee has proposed retraction of its AMA to operational risk, preferring “Standardized Measurement Approach” (SMA).  
Was AMA too deterministic and hence we seek to reduce the focus of analysis? 

Does this allow expanding operational risk to incorporate compliance, fraud, cyber, etc?.



1/N

• Markowitz theory is very dependent 
on the estimations for expected 
return and standard deviation 

• Leads to concentrated portfolios 

• Some authors have proposed 
simpler allocation techniques  

• One of them is the one that 
allocates equal weights to all 
assets in the portfolio, independent 
of expected return or risk 

• The authors show it outperforms 
mean variance optimization

 18

How Ine�cient is the 1/N Asset-Allocation Strategy?⇤

Victor DeMiguel† Lorenzo Garlappi‡ Raman Uppal§

December 1, 2005

⇤We wish to thank John Campbell and Luis Viceira for their suggestions and for making available their
data and computer code and Roberto Wessels for making available data on the ten industry sectors of
the S&P500 index. We also gratefully acknowledge comments from Suleyman Basak, Michael Brennan,
Ian Cooper, Bernard Dumas, Bruno Gerard, Francisco Gomes, Eric Jacquier, Chris Malloy, Narayan Naik,
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Motivation

I Ancient wisdom

• Rabbi Issac bar Aha (Talmud, 4th Century): Equal allocation

A third in land, a third in merchandise, a third in cash.

I More “recent” wisdom

• de Finetti (2006, 1940), Markowitz (1952);

• Tobin (1958), Sharpe (1964) and Lintner (1965);

• Samuelson (1969), Merton (1969, 1971)

DeMiguel, Garlappi & Uppal
1/N

1

Motivation Objective Methodology Results Conclusion

Conclusions

I Empirical analysis shows that

• None of the optimizing models consistently dominate 1/N ;

? 1/N often has a higher Sharpe ratio and CEQ than optimal portfolio strategies;

? 1/N almost always has lower turnover.

I Analytical results indicate that

• Critical length of estimation window needed is unreasonably large;

• Critical length of estimation window needed increases with N .

I Simulation results show that

• Constraints may not help if expected returns need to be estimated (if N is large);

• Critical estimation window for mv similar to other optimal portfolio models.

• High idiosyncratic volatility improves relative performance of optimal models.

DeMiguel, Garlappi & Uppal 1/N 29



Risk Parity
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The Equal Risk Contribution portfolio is such that



Minimum Variance
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Post-modern Portfolio Construction
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Equal weights

Equal Risk Contributions

Minimum Variance
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Modern vs. Post-Modern

Equal weights

Equal Risk Contributions

Minimum Variance
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The investment paradigm shift
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The Talk on Fees

Mutual Funds: 0.5-2% 

ETF: 5-25 bps 

Hedge Funds: 2+20



ETF’sCheapExpensive

• Hedge funds 

• Absolute return strategies 

• Active portfolio management 

• Prop-desks
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• Stock-ETF 

• Bonds-ETF 

• Infrastructure-ETF 

• Private Equity-ETF 

• Credit-ETF
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Deep  Reinforcement learning



Robo-Advisors
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Strategy

Infrastructure

Get started

Delivery

Scale

before

Learn

Strategy

Infrastructure

Get started
Delivery

Scale

Keep learning

after



Post-modern banking
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Canadian Bank

Step 1:  
Registered customer  

goes to  
check-out counter  

at Supermarket

Step 2:  
Customer requests 
a loan up to $300 at 
time of check-out

Step 3:  
Supermarket sends Bank 

customer profile

Step 4:  
Within 5 seconds 

Bank responds with a 
yes/no 
answer

Step 5:  
Supermarket 

provides 
customer with loan



Big data - Big Risk
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Customer Database

Not Bank-owned

Unstructured Data
Machine Friendly 

Human un-friendly

Subject to manipulation

Dynamic database: 
updates in real time

Customer name 
Address 

Profession 
Income 

Address 
Shopping patterns by 

- time 
- goods purchased 
- store locations 

…. etc…

Customer name vs Household name
Customer address vs. store address

Mining the customer network

Decision and monitoring 
systems updated  

in real time
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The Data Virtuous Cycle

More 
data

More 
users

Better  
Analytics

Better  
Products

Purchases 
Generated content 

User activity 
clicks 
likes 

sensor data

Artificial  
Intelligence

In-house 
Out-sourced 

In-cloud

Hyper-personalized communications 
Collaborative Product development

$100M customers: 
1Mb/c. -> 100Tb 
10Mb/C. -> 1Pb 

Google -> 10Eb



AI vs HI
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We need to do digital to stay relevant

Data science is exciting yet dangerous,  
profitable for some,  

a time-sink for others

BitCoin is bad  
BlockChain is good

Automation and digitalization  
is unstoppable

Automation-inspired job cuts are taboo

Consulting	companies	want		
automated	nirvanas	devoid	of	people,		

except	for	their	consultants

you say machine learning; I say overfitting

Machine learning is a trade-off  
between a model I can understand  

and another which may have better coefficients

Yes, overfitting is a big problem,  
but it is useful for fraud management
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Cyclebot
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AI at work

Deep 

Learning

Algorithms

Hardware Data

Democratization of AI 
has rendered Algorithms 

a free commodity 

Tensor flow 
can render ideas free 

Data monopolies 
have the advantage 

Data is king

The AI revolution 
has been made possible 

by the advances in computing power  

Further enhances can be 
especially disruptive 

(crypto-threats)
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Scotiabank and Deep Learning
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Collections: Traditional Risk Model

Credit 
Score

Actions

Manual 
Time Consuming
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Collections: End-to-end solutions

Introduces user-specific considerations 
in a deep learning environment



The Future 

ESG - Credit Scoring based on 

• Environment 
• Social 
• Governance
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The Amazonification of  Asset Management

Portfolios that sell

Cryptocurrencies



Data

Traditional data sources are being 
replaced by unstructured data sources 

• Facebook 

• Goldman Sacks 

• Amazon Web Services 

 39

Database

Numbers

Words

Bloomberg <-> Symphony

Algorithms will have to adapt
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Risk - explained



The end
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