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A 30-minute roadmap

Central question for the semester

How do we turn noisy information into a defensible
investment decision?

PART 1

Course logic
decision system

PART 2

Learning setup
backbone + experiments

PART 3

Career lens
evidence + defense

Build a model you can trust, implement, and defend.
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The course starts where an idealized model ends

Textbook abstraction

known returns
stable covariance
optimal portfolio

frictionless trading

Investment reality

estimated inputs
changing regimes

noise amplification
costs and frictions

Every quantitative decision should be tested, challenged, and
monitored.
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Quantitative investing as a decision system

Information −→ Model −→ Forecast −→ Portfolio

Trade −→ Monitoring −→ Revision / Retirement

Research risk
timing, leakage, stability

Decision risk
estimates, constraints,

sensitivity

Implementation
risk

cost, liquidity, stop rules
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A beautiful backtest

ARNOTT, HARVEY AND MARKOWITZ (2019): “ALPHA-BET” BACKTEST

It first looks real
▶ NYSE market-neutral:

1963–2015
▶ Built on 1963–1988; works in

1989–2015
▶ Nearly 6% alpha; low turnover

What would you question first?
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all potential combinations,2 the chances of f inding a 
strategy that looks pretty good are pretty high.

A data-mined strategy that has a nonsensical basis 
is, of course, unlikely to fool investors. We do not see 
exchange-traded funds popping up that offer “alpha-
bets,” each specializing in a letter of the alphabet. 
Although a strategy with no economic foundation 
might have worked in the past by luck, any future suc-
cess would be the result of equally random luck.

The strategy detailed in Exhibit 1, as preposterous 
as it seems, holds important lessons in both data mining 
and machine learning. First, the S(3)−U(3) strategy 
was discovered by brute force, not machine learning. 
Machine learning implementations would carefully 
cross-validate the data by training the algorithm on 
part of the data and then validating on another part 

2 Online tools, such as those available at http://datagrid.lbl.
gov/backtest/index.php, generate fake strategies that are as impres-
sive as the one illustrated in Exhibit 1. 

of the data. As Exhibit 1 shows, however, in a simple 
implementation when the S(3)−U(3) strategy was identi-
fied in the first quarter-century of the sample, it would 
be “validated” in the second quarter-century. In other 
words, it is possible that a false strategy can work in the 
cross-validated sample. In this case, the cross-validation 
is not randomized; as a result, a single historical path 
can be found.

The second lesson is that the data are very lim-
ited. Today, we have about 55 years of high-quality 
equity data (or less than 700 monthly observations) for 
many of the metrics in each of the stocks we may wish 
to consider. This tiny sample is far too small for most 
machine learning applications and impossibly small for 
advanced approaches such as deep learning. Third, we 
have a strong prior that the strategy is false: If it works, it 
is only because of luck. Machine learning, and particu-
larly unsupervised machine learning, does not impose 

E X H I B I T  1
Long–Short Market-Neutral Strategy Based on NYSE Stocks, January 1963 to December 2015

Notes: Gray areas denote NBER recessions. Strategy returns scaled to match S&P 500 T-bill volatility during this period.

Source: Campbell Harvey, using data from CRSP.
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A beautiful backtest

ARNOTT, HARVEY AND MARKOWITZ (2019): “ALPHA-BET” BACKTEST

It first looks real
▶ NYSE market-neutral:

1963–2015
▶ Built on 1963–1988; works in

1989–2015
▶ Nearly 6% alpha; low turnover

Punchline
Long third-letter S; short

third-letter U.
No real economic story.
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The 13-week journey

Unifying thread

How does uncertainty propagate from data to portfolio outcome?

Foundations −→ Research −→ Portfolio

AI & Trading −→ Defense

Point-in-time data | honest backtesting | portfolio construction | LLMs | project
defense
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What you will actually do

Research layer

▶ point-in-time data
▶ risk and covariance models
▶ alpha diagnostics
▶ flawed-backtest audit

Portfolio and execution layer

▶ constrained portfolios
▶ direct indexing / tax-aware choices
▶ ML and LLM signals
▶ execution and cost

Python is the implementation language. Research judgment is the
subject.
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The coding requirement: enough Python to experiment

REQUIRED

working Python
PROVIDED

quant engine
backbone

FOCUS

research judgment
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Why this belongs in Financial Mathematics

The bridge this course tries to build

Models −→ Inputs −→ Decisions −→ Validation

What you bring
probability, statistics, linear algebra,

optimization, financial modeling

What the course adds
data discipline, implementation frictions,

validation, monitoring, defense

Turn mathematical ideas into defensible financial decisions.
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What I hope you can take away

Research
Integrity

no leakage; no backtest
luck

Decision
Engineering
forecasts under risk,

turnover, cost

Model Defense
assumptions, failure modes,

monitoring

The final product is not “a good backtest.”

It is a defensible investment decision process.
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The semester project: build it, then defend it

Build

problem → data → forecast → portfolio
→ implementation → validation

Defend

▶ most uncertain input
▶ drivers of holdings
▶ simpler benchmark
▶ cost survival
▶ stop-trading rule

Expected background: probability/statistics, linear algebra, basic investments, and working Python.
Convex optimization helps.
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From this course to your career

PART II

How can the course help you
become useful in a quant finance
team?
Part I explains what you build. Part II explains why that evidence matters.

Working hypothesis

AI makes implementation easier; this course builds the judgment
to decide when a model is usable.



AI changes the career equation

Becoming cheaper

▶ first prototypes
▶ boilerplate code
▶ baseline models
▶ text summarization

Becoming more valuable

▶ right question
▶ leakage control
▶ portfolio usefulness
▶ risk communication

Use AI for implementation. Invest your learning time in decision
judgment.
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Course work becomes career evidence

Course work

▶ point-in-time data
▶ alpha validation
▶ portfolio construction
▶ ML / LLM evaluation
▶ project defense

Career signal

▶ research discipline
▶ statistical honesty
▶ decision awareness
▶ AI-finance literacy
▶ communication under scrutiny

Quant Research | Portfolio Engineering | AI / ML for Finance | Model Validation
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Make the semester project interview-ready

A strong project tells one coherent story

hypothesis → data → validation → portfolio decision → risk control

Show
economic rationale, data timing, robustness,

cost impact

Defend
fragile assumptions, benchmark, monitoring,

retirement

The goal is not the fanciest algorithm; it is a defensible decision process.
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Recap: what to take away

1

Think in
systems

2

Practice
judgment

3

Create evidence

If there is one phrase to remember:
Build something you can defend.

Questions and discussion
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