e
)

Quantie

QUANTIE INSTITUTE OF ADVANCE STUDIES

The Quantitative
Finance Career Guide

From First Principles to First Job

oV 0*V oV
dSy = uSidt + oS dW; > %UZSZB—SQ +r5oc =1V =0

Vo = e "TEQ[®(St)] ES, = E[L|L > VaR,]

Prerequisites, stochastic models, twenty-two role profiles,
salary benchmarks, interview problems and month-by-month roadmaps

Dr. Akhielesh Prrasad

Second Edition - 2026 - www.quantie.in




Quantie



Quantie

The Quantitative
Finance Career Guide

From First Principles to First Job

A comprehensive introduction to quantitative finance for readers who
have never heard of the field — and a detailed map of the
prerequisites, mathematics, models, roles, salaries, and roadmaps for
those ready to build a career in it.

Dr. Akhielesh Prrasad



Quantie Institute of advance Studies
(A Private Limited Company)

www.quantie.in | akhpad@gmail.com

Second Edition, Revised and Extended
2026


www.quantie.in
mailto:akhpad@gmail.com

The Quantitative Finance Career Guide: From First Principles to First Job
Copyright © 2026 Quantie Institute of advance Studies. All rights reserved.

Published by Quantie Institute of advance Studies, Pune, India. www.quantie.
in

No part of this publication may be reproduced, distributed, or transmitted
in any form or by any means, including photocopying, recording, or other
electronic or mechanical methods, without the prior written permission of
the publisher, except in the case of brief quotations embodied in critical
reviews and certain other noncommercial uses permitted by copyright law.

Disclaimer. This book is intended for educational purposes only. Salary fig-
ures, employer names, certification requirements, and industry statistics are
indicative estimates current as of early 2026 and are provided to help readers
orient themselves; they will change over time and vary by geography, firm,
and market cycle. Nothing in this book constitutes financial, investment,
legal, or career advice specific to any individual’s circumstances. Readers
should independently verify figures (e.g., via Glassdoor, Levels.fyi, Ambi-
tionBox, or direct employer disclosures) before making career or financial
decisions.

Second Edition, 2026.


www.quantie.in
www.quantie.in

For every engineer, mathematician, physicist, statistician, and economist
who wonders whether their degree can build a career on Wall Street —
or Dalal Street, Bay Street, or Robinson Road.

It can. This book shows you how.



Contents

Preface xvii
How to Use This Book xix
I Understanding the Field 1
1 What Is Quantitative Finance? 3
1.1 A First Definition . . . ... ... ... . ... .. ...... 3
12 TheFivePillars . . ... ... .. ... ... ... ... ... 4
1.3 Evolution of Quantitative Finance . .. ... ... ....... 5
1.4 Why Quantitative Finance Is Growing . . . . . ... ... ... 8
1.5 Quantitative Finance and Its Neighboring Fields . . . . . . .. 8
1.6 Common Misconceptions . . .. ................. 11
II Is This For You? Backgrounds and Prerequisites 15
2 Choosing Your Path Into Quantitative Finance 17
2.1 A Decision Framework . . . . ... ... ... ... . ... .. 17
3 Profiles by Academic and Professional Background 19
31 Engineers. . .. ... ... ... ... 19
3.2 Mathematics Students . . . .. ... ... . o o oL 21
3.3 StatisticsStudents . . . ... ... oo oo oo 21



Contents

3.4 Computer Science Graduates . . . ... ... ..........
3.5 Physics Graduates . .. ... ..... .. ... .. .0 ..
3.6 Economists . ... .. ... ... ... ... ..
37 MBAStudents . . . ... ... .
38 CFACandidates . . . . . . ... ... ... ... ...
39 FRMCandidates . ........ ... ... ... ... ....
3.10 Actuaries . . . . ..o
3.11 Software Engineers . . . .. ... ..... ... .. .. .....
312 Traders . . . . . . . . . e e e e e
313 RiskManagers . . . ... ... ... .. ... .. . .

Prerequisites: What You Actually Need to Know

4.1 The Three Tiers of Readiness . . . . ... ... ... ......
4.2 Mathematics Prerequisites, Topic by Topic . . ... ... ...
4.3 Programming Prerequisites . . . ... ... ... ... .....
4.4 Finance Prerequisites . . . . ... ... ... ..........
4.5 Self-Assessment: Where Are You Now? . . ... ... .....
4.6 A Twenty-Four-Week Gap-Closing Plan . . . . ... ... ...

4.7 Prerequisite Failure Modes . . . . ... .............

III' The Mathematics, Explained Through Its Uses

5 Linear Algebra: Why Matrices Are Everywhere

51 Why Matrices Are Everywhere . . . ... ... .........
52 Applications . . ... ... oo oo

Calculus: The Mathematics of Change
6.1 Applications . . . ... ... oo o

Probability: Reasoning About Uncertainty
7.1 Applications . . . . ... ... . L

Quantie vi

31
31
32
34
35
36
37
37

43

47
47
47

49
49

51



Contents

8 Statistics: Learning From Data Honestly

81 Applications . . .. ... ... o oo

9 Differential Equations: Modeling Continuous Change
91 Applications . . . ... .. ... ... L oo

10 Optimization: Making the Best Decision Under Constraints

10.1 Applications . . . . ... ... oL o

11 Randomness in Continuous Time: Brownian Motion
11.1 From the Random Walk to Brownian Motion . . . . . ... ..
11.2 Defining Properties . . . . . ... ... .. ... .. ... ...
11.3 Quadratic Variation: Why Ordinary Calculus Fails . . . . ..
11.4 Related Processes You Will Meet . . . . ... ... ... ....

12 It6 Calculus and Stochastic Differential Equations
12.1 The Itd Integral . . . . .. .. ... ... ... .. .. ......
12.2 Stochastic Differential Equations . . . . ... ... .......
123 Itdo'sLemma . . . . . ... ...
12.4 Worked Example 1: Geometric Brownian Motion . . . .. ..
12.5 Worked Example 2: The Ornstein—Uhlenbeck Process . . . . .
12.6 Worked Example 3: Why E[[ WdW] =0 . .. ... ......

13 Risk-Neutral Pricing: Changing Measure
13.1 TheCentralIdea. . . . . .. ... ... ... ... ........
13.2 The Fundamental Theorems of Asset Pricing . . . . ... ...
13.3 Girsanov’s Theorem . . ... ... ... .. ... ........
13.4 Feynman-Kac: Expectations Are PDE Solutions . . . . .. ..
13.5 The Black-Scholes Formula . . .. ... ... ..........
13.6 Changing Numeraire . . . . . .. ... ... ...........

14 Simulating Stochastic Models

vii

53



Contents

14.1 Discretisation Schemes . . . . . ... ... . ... ... ..... 75
14.2 Monte Carlo Error and Variance Reduction . . . . . .. .. .. 77
14.3 Reference Implementation . . . . ... ... ........... 77
15 A Model Zoo: The SDEs Used on Real Desks 83
15.1 Why One Model Is Never Enough . . ... ... ........ 83
15.2 Local Volatility: Dupire . .. ... .. .. ... ... ...... 84
15.3 Stochastic Volatility: Heston . . . . . .. ............. 85
15.4 Stochastic Volatility for Rates and FX: SABR . . ... ... .. 85
15.5 Jumps: Mertonand Bates . . . . ... ... ... .. .. ..., 86
15.6 Short-Rate Models . . .. ... ............... ... 86
15.7 Forward-Rate Models: HIM and LIBOR Market Models . .. 87
15.8 Credit: Structural and Intensity Models . . . . . ... ... .. 88
15.9 Rough Volatility and What Comes Next . . . . ... ... ... 88
15.10ChoosingaModel . . . . . ... ... .. ... L L. 89
IV Programming and the Technology Stack 91
16 The Python Roadmap 93
17 The Quantitative Finance Technology Stack 95
17.1 Data and Numerical Computing . . . .. ... ... ... ... 95
17.2 Machine Learningand AI . . . . ... .............. 96
17.3 Data Engineering and Infrastructure . . . . ... ... ... .. 96
17.4 Market Data and Execution Infrastructure. . . . . . ... ... 97
17.5 Performance-Critical and Systems Languages . ... ... .. 97
17.6 When Each Language Is Actually Used . . .. ... ... ... 98
V  Finance Knowledge Every Quant Needs 103
18 The Structure of Capital Markets 105

Quantie viii



Contents

181 Money Market . . . ... ... .. ... . ... o L 105
182 Equity . . . . . . .o 105
18.3 Fixed Income . . . ... ... ... ... .. .. 106
18.4 Foreign Exchange (FX) . . . ... ... .............. 106
18.5 Derivatives . . . . . . . . .. e 106
18.6 Credit . . . . . . . . 106
18.7 Commodities . . . . . . ... e 107
18.8 Structured Products. . . . ... ... ... ... ... ... ... 107
18.9 Crypto and Digital Assets . . . . ... .............. 107
1810ESG . . . . o o 107
18.11Alternative Investments . . . . . .. ... ... ... .. .... 108
VI The Technical Topics That Define the Field 111
19 Portfolio Management and Asset Pricing 115
19.1 Portfolio Theory . . . ... ... ... ... ... ...... 115
19.2 Optimization Methods in Finance . . ... ... ... ... .. 115
193 FactorInvesting . . . ... ..................... 116
194 AssetPricing . . . . . ... ... ... 117
20 Data-Driven Finance: Time Series, Machine Learning, and Rein-

21

forcement Learning 119
20.1 Time Series Analysis . . .. ... .... ... .. ... ..... 119
20.2 Machine Learning . . . . .. ... .. ... ... .. . . 119
203 Deep Learning . . . . . ... . ... ... 120
20.4 Reinforcement Learning . . .. ... ... ... ... ...... 120
Derivatives, Stochastic Calculus, and Numerical Methods 121
21.1 Stochastic Calculus for Finance . . . ... ... ... ...... 121
21.2 Derivatives and Option Pricing . . . ... .. ... ... .... 121
21.3 Interest Rate Models and Stochastic Modeling . . . . ... .. 122

ix



Contents

21.4 Numerical Methods . . . . ... ... ... ... .. .. ... .. 122
21.5 Monte Carlo Methods . . . .. ... ... ... .. ....... 123
22 Financial Risk Management 125
22.1 Market Risk Analysis . . . .. ................... 125
22.2 Credit Risk Analysis . . ... ................... 125
223 Liquidity Risk . . . ... ... ... .. .. . oo 126
22.4 Counterparty Riskand XVA . . ... ... ... .. ... ...... 126
22.5 Model Validation and Model Risk . . .. ... ... ...... 126
23 Advanced Statistical Methods in Finance 129
23.1 Financial Econometrics . . . . . ... ... ... ... ... . 129
23.2 Bayesian Finance . ... ... ................... 129
24 The Frontier: AI and Emerging Technologies in Finance 131
241 Graph Neural Networks . . .. ... ... ............ 131
242 LLMsinFinance . . ... ... ... ... . ........... 131
243 Agentic Al . .. ... ... o 132
244 Quantum Computing in Finance . . . .. ... ... ... ... 132
25 Market Microstructure and Trading 133
25.1 Market Microstructure and Execution Research . . . ... .. 133
25.2 Trading Methodology: Technical Analysis and Quantitative
Strategies . . . . . ... ... L L 133
VII The Roles: Twenty-Two Career Profiles 137
26 How to Use This Career Guide 139
26.1 The Profile Template . . . ... ... ... ............ 139
26.2 Choosing Among the CoreRoles . . . ... ........... 140
27 Core Role Profiles 143

Quantie X



Contents

271 Risk Analyst . . . ... ... . .. L oo
27.2 Model Validation Analyst . . . . ... ... ...........
27.3 Quantitative Researcher . . .. ... ... ... ... ......
27.4 Financial Analyst . . ... ... . ... ... ... .. .. ...
27.5 Quantitative Trader . . . . . . . . ... ... ... . ... ...
27.6 ALMRisk Manager . . . . .....................
27.7 Data Scientist (Finance) . . ... ... ... ... ........
27.8 PortfolioManager . . . . . ... ... ... ... .. .. ...
279 Credit Risk Analyst . . . .. ............... .. ...
27.10Model Risk / Governance Specialist . . . ... ... ... ...

28 Related and Adjacent Roles

VIII The Industry and the Job Market

29 Where Quants Work: The Industry Landscape
29.1 InvestmentBanks . . . .. ... ... ... .. L L.
292 HedgeFunds . .. ... ... ... .. .. ..........
29.3 Asset Managers . . . . ... ... ... e
29.4 Proprietary Trading Firms . . . . ... ... ..........
295 Exchanges . . ... .... .. ... .. .. .. .. ...
29.6 Central Banks . . .. ... ..... ... . ... . ... ...,
297 Insurance . . . . . . ...
298 Mutual Funds . . . . .. ... ..o o o
299 FinTech . . . .. ... . .. .
29.10Regulators . . ... ...
29.11Rating Agencies . . . . . .. ... .. ... 0.
2912Consulting . . . . ... o
29.13Family Offices . . . .. ... ... ... .. ... .. . .
29.14Sovereign Wealth Funds . . . . .. ...... .. ... .....

xi



Contents

30 Job Prospects: Demand, Compensation, and the 20262030 Outlook181
30.1 Where Demand Comes From . .. ... ... .......... 181
30.2 The Shape of the Funnel . . . ... ............. ... 182
30.3 Compensation Benchmarks . . ... ............... 183
304 Geography . . . ... ... ... ... 185
30.5 The 2026-2030 Outlook . . . . . . . .. ... . .. ... .. 186
30.6 How to Benchmark an Offer Yourself . ... .......... 187

IX Certifications and Credentials 189

31 Certifications: Which Ones Are Worth It 191
31.1 CFA (Chartered Financial Analyst) . . . . ... ... ...... 191
31.2 FRM (Financial Risk Manager) . . ................ 191
31.3 CQF (Certificate in Quantitative Finance) . .. ... ... ... 192
31.4 CAIA (Chartered Alternative Investment Analyst) . . . . . . . 192
31.5 ERP (Energy Risk Professional) . . . ... ... ......... 192
31.6 PRM (Professional Risk Manager) . .. ............. 192
31.7 Actuarial Certifications . . . . . .. ... ... .. .. ...... 192
31.8 Python and Programming Certifications . . . . ... ... ... 193
31.9 Cloud Certifications: AWS, Azure, Google Cloud . ... ... 193

X Applications and Interviews 195

32 Building Your Application: Resume, Portfolio, and Presence 197
321 Resume . . . . . o oot e e e 197
322 Projects . . . . ... 197
323 GitHub . . . .. ... . 197
324 Research Papers . . . . ... ... ... .. ... .. .. ...... 198
32.5 Kaggle and Competitions . .. ... ... ............ 198

33

Interview Preparation by Question Type 199

Quantie xii



33.1 Interview Questions: General Structure . . .. ... ..
332 CaseStudies . . . ... ... ... .. ...
333 Coding . . .. ... ...
33.4 Probability Puzzles . . .. ... ..............
33.5 Brain Teasers and Mental Math . . . . . ... ... ...
33.6 Trading Interviews Specifically . . ... .. ... ....

XI Roadmaps

34 Roadmaps by Starting Point

34.1 First-Year Engineering Student . . . .. ... ... ...

34.2 Final-Year Student (Any Quantitative Background)

34.3 Working Professional (Career Switch) . . ... ... ..
344 MBA Student . ... ... ... ... ... ... ...
34.5 Researcher /PhD . . . . .. ... .. ... . .......
34.6 Career Switcher From an Unrelated Field . . . . . . ..

35 Roadmaps by Timeline

35.1 Six-Month Roadmap . ... ................
352 One-Year Roadmap . . . . ......... .. .. ....
35.3 Two-Year Roadmap . . . ... ...............

XII Resources

36 Curated Resources

36.1 Books . . . . ..
36.2 GitHub Repositories . . ... ... ... ... .......
363 Datasets . . ... .. ...
36.4 YouTube Channels and Newsletters . . . .. ... ...
36.5 Podcasts . . . ... ... ... ...
36.6 Competitions . .. .....................

Contents



Contents

36.7 CommunitieS . . . . . . . .o e e e e
36.8 Key Platforms . . . .. ......... .. ... .. ... ....

XIII Appendices

A Formula Reference

Al
A2
A3
A4
A5

Core Mathematics . . . . . . ... .. ... .. ... ..
Probability and Statistics . . . ... ... .... .. ... ... .
Derivatives and Option Pricing . . . . . ... ... ... ....
Fixed Income . . . ... ... ... ... .. L.

Risk Management . . . . ... ...................

B Python Quick Reference

C Notation and Abbreviations

C1
C2

Notation . . . . . . . . . . e

Abbreviations . . . . . ... ..

D Selected Derivations

D.1
D.2
D.3
D4
D.5
D.6
D.7

D.8
D.9

Itdo’s Lemma, Heuristically . . . ... ...............
The Solution of Geometric Brownian Motion . . . . ... ...
The Black-Scholes PDE by Delta Hedging . . . . . . ... ...
The Black-Scholes Formula as a Risk-Neutral Expectation . .
The Ornstein—Uhlenbeck Solution . .. ... ... .......
Girsanov in One Dimension, Used Once . . . . . ... ... ..

Feynman-Kac: Why a PDE and an Expectation Are the Same
Statement. . . ... ... ... .. L oo o

Euler-Maruyama and Why Its Order Is1/2. . . . . ... ...
The Markowitz Optimal Portfolio. . . . . ... ... ......

D.10 VaR and Expected Shortfall for a Normal Loss . . . . ... ..
D.11 The Kelly Criterion . . . ... ... ...... .. ........

Quantie

xiv

215

217
217
217
218
218
218

219

221
221
221



Contents

E Problem Set: Forty Problems with Solutions 229

Index 239

XV



Contents

Quantie Xvi



Preface

If you have never heard the phrase “quantitative finance” before picking up
this book, you are exactly the reader it was written for.

Most books on this subject assume you already know you want to be
a “quant.” They open with stochastic calculus on page one and assume
a graduate degree in mathematics or physics. This book does something
different: it starts from zero. It assumes you are a curious engineer, a final-
year mathematics student, a working data scientist, a CFA candidate, or
simply someone who has heard that “quants” make good money and wants
to understand, concretely, what that means, whether it is a fit for you, and —
if it is — exactly what to learn and in what order.

Quantitative finance sits at the intersection of five disciplines: mathemat-
ics, statistics, computer science, economics, and finance. Nobody arrives at it
with all five already mastered. What separates people who break into the
tield from people who merely admire it from a distance is not raw talent
so much as a clear map: which mathematics actually matters, which pro-
gramming skills are non-negotiable, which finance concepts you can pick up
on the job, and which of the (surprisingly large number of) roles under the
“quant” umbrella actually fits your background and temperament.

This book is organized as that map. Part I explains what quantitative
finance is and how it differs from adjacent fields such as investment bank-
ing, corporate finance, financial engineering, and fintech. Part II gives
background-specific guidance — if you are an engineer, a physicist, an MBA,
or an actuary, there is a section written for you specifically, with honest
advantages, disadvantages, and a preparation roadmap. Parts III through VI
build the technical foundation: mathematics explained through its financial
applications rather than in the abstract, the programming stack actually
used in industry, the finance knowledge every quant needs regardless of
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specialization, and a tour of the major technical topics — from portfolio
theory to large language models in finance — that define the field in 2026.

Part VII is deliberately the most detailed section of the book. Rather than
a superficial list of eight or ten job titles, it profiles the roles that working
quantitative professionals actually hold — risk analyst, model validation
analyst, quantitative researcher, quantitative trader, ALM risk manager, data
scientist, portfolio manager, credit risk analyst, and model risk/governance
specialist, among others — with the mathematics, programming, finance
knowledge, and interview preparation each one demands, alongside indica-
tive compensation in India and the United States. Parts VIII through XIII
round out the picture: the industry landscape, the certifications worth pur-
suing (and the ones that are optional), how to prepare for quant interviews
specifically, structured learning roadmaps by background and timeline, cu-
rated resources, and reference appendices of formulas and notation you will
return to again and again.

A note on scope. Quantitative finance is a large enough field that a truly
exhaustive treatment — every one of the hundred-plus job titles that exist, a
complete academic bibliography, a chapter of detailed case studies — would
run to a multi-volume reference work rather than a single career guide.
This edition prioritizes depth on the roles, mathematics, and roadmaps
a newcomer most needs, over breadth for its own sake. Where a topic is
compressed, the resources in Part XII point you toward the primary literature.

This book began as a curriculum outline for Quantie’s Certificate Program
in Quantitative Finance and grew, in the writing, into something broader:
a reference intended for anyone — student, career switcher, or working
professional — trying to answer the question “does quantitative finance
make sense for me, and if so, where do I start?”

Quantie Institute of advance Studies
Pune, India, 2026



How to Use This Book

This edition is longer than the first, and reading it front to back is only one
of several sensible ways through it. This short chapter tells you which route
to take, what the recurring boxes mean, and what notation to expect.

Four reading routes

The orientation route
(one evening)
Chapter 1, then Chapter 2, then the role comparison table
in Part VII and the job-market outlook in Chapter 30. You
will finish knowing whether this field is for you and which
two or three job titles to aim at.

The prerequisite route
(three to six months)
Chapter 4 first — score the self-assessment honestly —
then close the gaps it exposes using Part III for mathe-
matics and Part IV for programming, in the order the
readiness ladder gives. Return to Part VII only once you
can pass the Tier 2 checklist.

The technical route
(one to two semesters)
Parts III, VI, and the stochastic chapters (11-14) read as a
compact course in the mathematics of derivatives pricing
and risk. Work the problems in Appendix E as you go;
they are ordered to match the chapters.

The job-search route
(six to twelve weeks)
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Part VIIin full, then Chapter 30 for where demand actually
is, then Part X for interviews, with Appendix E as your
daily practice set and Part XI to schedule the whole thing.

Recurring elements

Key Takeaways boxes close a chapter or a long section with the three
or four sentences worth remembering if you remember nothing else.

In Practice boxes contain something from the real world: an excerpt
from a live job description, how a desk actually uses a model, or the
failure mode a formula hides.

Numbered equations are referenced across chapters — Equation (12.6) in
particular reappears constantly — and every formula in the book is collected
in Appendix A for revision. Terms in the index are marked at their first
substantive use.

Notation conventions

The book follows the conventions standard in the mathematical finance
literature; Appendix C gives the full table. The essentials:

* S;is an asset price at time t; W; (or WtQ) a standard Brownian motion; r a
continuously compounded risk-free rate; o a volatility; T a maturity and
T = T — t the time remaining.

¢ [P denotes the real-world (physical) probability measure and Q the risk-
neutral (pricing) measure. Which measure an expectation is taken under
is never optional information — it is the difference between a forecast
and a price.

e F; is the information available at time ¢ (a filtration), and E[- | F{] a
conditional expectation given that information.
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* Vectors and matrices are lower- and upper-case bold-free but distinguish-
able by context: w € R" is a weight vector, & a covariance matrix, w ' Zw
a portfolio variance.

e &(.) is the standard normal cumulative distribution function and ¢(-) its
density.

A word on figures, salaries, and dates

Every compensation figure, hiring statistic, and market-size number in this
book is an indicative estimate as of early 2026, given so that you can calibrate
expectations rather than quote a source. They move with the cycle, the city,
and the firm. Chapter 30 explains how to benchmark a specific offer yourself,
which is a more durable skill than any table can be.



How to Use This Book

Quantie xxii



PArT I

Understanding the Field






What Is Quantitative Finance?

“Finance is not a science, but the tools we use to study it increas-
ingly are.”

—attributed to a generation of quants who moved from physics
to Wall Street

1.1 A First Definition

Quantitative finance is the application of mathematics, statistics, computer
science, and economic theory to problems in financial markets: pricing
financial instruments, managing risk, constructing portfolios, and designing
trading strategies. Where traditional finance often reasons in prose — “this
company looks undervalued,” “the market seems nervous” — quantitative
finance reasons in equations, code, and data. A quant does not just believe a
stock is cheap; a quant builds a model that defines “cheap” precisely, tests
that definition against decades of historical data, and only then decides
whether to trust it.

This is not a stylistic preference. It is a response to the size, speed,
and complexity of modern financial markets. A single investment bank’s
derivatives book can contain hundreds of thousands of contracts, each
sensitive to interest rates, volatility, credit spreads, and correlations in ways
no human can track by intuition. A single trading firm might submit
millions of orders a day, each decided by an algorithm in microseconds. At
this scale, “finance” and “quantitative finance” are no longer separable —
the mathematics is not a nice-to-have layered on top of finance, it is how the
modern financial system operates.
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Quantitative finance is often shortened to “quant finance,” and its practi-
tioners are called quants. The term originated on Wall Street in the 1980s and
1990s to describe the (then unusual) trader or analyst with a PhD in physics
or mathematics, but it has since become the standard word for anyone whose
primary tools are mathematical models and code rather than spreadsheets
and market commentary alone.

1.2 The Five Pillars

Quantitative finance sits at the intersection of five disciplines, and under-
standing this intersection is the single most useful mental model in this
book.

Mathematics
provides the language: linear algebra for portfolios and risk
factors, probability and stochastic calculus for how prices evolve
randomly through time, differential equations for how option
values change, and optimization for finding the best portfolio
or trading decision subject to constraints.

Statistics  provides the discipline of learning from data honestly: esti-
mating parameters, testing hypotheses, quantifying uncertainty,
and — critically — knowing when a pattern in historical data
is real signal versus noise that will not repeat.

Computer Science
provides the ability to act: implementing models in code, pro-
cessing terabytes of market data, building trading systems that
execute in microseconds, and, increasingly, applying machine
learning to problems too complex for closed-form equations.

Economics provides the theory of why markets behave as they do: how
prices aggregate information, why interest rates move, how
central bank policy propagates through asset classes, and what
equilibrium means when millions of participants trade against
each other.

Finance provides the institutional knowledge: how markets are actually
structured, what instruments exist and why, how banks and
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funds actually operate, and what problems are worth solving
in the first place.

No one arrives at quantitative finance with all five pillars mastered.
Career paths into the field typically start from a deep foundation in
one or two pillars (most commonly mathematics, physics, or computer
science) and build the remaining three on top. Part II of this book gives
a roadmap for exactly this, tailored to your starting point.

1.3 Evolution of Quantitative Finance

The Early Foundations (1900-1970)

The mathematical study of financial markets predates the term “quantitative
finance” by decades. Louis Bachelier’s 1900 doctoral thesis, Théorie de la
Spéculation, modeled stock price movements as what we would now call
Brownian motion — five years before Einstein used the same mathematics to
describe the physical motion of pollen particles in water. Bachelier’s work
was largely ignored by economists for half a century.

The next major leap came from Harry Markowitz, whose 1952 paper on
portfolio selection formalized the trade-off between risk and return using
variance as a risk measure, and showed mathematically why diversification
reduces risk without proportionally reducing return. This is Modern Portfolio
Theory, and it remains the conceptual starting point for Part VI of this
book. William Sharpe extended this work into the Capital Asset Pricing
Model (CAPM) in 1964, giving the field its first widely used model for the
relationship between risk and expected return.

The Black—Scholes Revolution (1970s)

If quantitative finance has a founding moment, it is 1973. Fischer Black,
Myron Scholes, and Robert Merton derived a closed-form formula for pricing
European options — the Black—Scholes model — by showing that an option’s
payoff could be replicated by continuously trading the underlying stock and
a risk-free bond. This was a genuine breakthrough: it turned option pricing
from an exercise in guesswork into a solvable partial differential equation
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problem, and it opened the door to an explosion of new financial instruments
whose risk could now be measured and hedged.

The Chicago Board Options Exchange opened in the same year the
paper was published. Within a decade, derivatives markets — built on the
mathematical infrastructure the Black-Scholes framework provided — had
grown into a central part of global finance.

Wall Street Hires the Physicists (1980s-1990s)

Through the 1980s, investment banks began recruiting PhDs in physics,
mathematics, and engineering directly into trading and research roles —
people trained to model complex systems who had, until then, mostly gone
into academia or defense research. This period gave rise to the modern
meaning of the word “quant.” Fischer Black himself moved from academia
to Goldman Sachs. Emanuel Derman, a particle physicist, became one of
the most influential quants of the era and later wrote extensively about the
culture clash between physics and finance.

This era also produced the first large quantitative hedge funds. Renais-
sance Technologies, founded by mathematician James Simons in 1982, built
its Medallion Fund into what is widely regarded as the most successful
trading strategy in financial history, staffed almost entirely by mathemati-
cians, physicists, and computer scientists rather than traditional finance
professionals.

Risk Management After the Crises (1990s—2000s)

The collapse of Long-Term Capital Management in 1998 — a hedge fund
run by, among others, Myron Scholes and Robert Merton — was a formative
moment for the field’s relationship with risk. LTCM’s models were mathe-
matically sophisticated but underestimated the risk of extreme, correlated
market moves. The lesson was not that quantitative models were wrong
to use, but that model risk itself needed to be managed as rigorously as
market risk. This gave rise to model validation and model risk management
as dedicated disciplines, covered in Part VII.

The 2008 global financial crisis intensified this further. Mispriced mortgage-
backed securities and collateralized debt obligations, combined with under-
estimated correlation and tail risk, contributed to a systemic collapse. The
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regulatory response — Basel III, Dodd-Frank, and later the Fundamental
Review of the Trading Book (FRTB) — created enormous, durable demand
for quantitative risk professionals, a demand that has only grown since.

The Data and Machine Learning Era (2010s-Present)

Two developments have reshaped quantitative finance over the past fifteen
years. First, the volume and variety of available data exploded: not just
prices, but order-book data, satellite imagery, credit card transactions, web-
scraped text, and corporate filings, all now used as inputs to trading and risk
models under the umbrella of “alternative data.” Second, machine learning
— and later deep learning — moved from an academic curiosity to a standard
part of the quant toolkit, used for everything from signal generation to credit
scoring to natural-language processing of financial news.

Wall Street to Modern Al

The most recent chapter, still being written as of 2026, is the integration of
large language models and agentic Al systems into quantitative workflows:
research assistants that read earnings calls and regulatory filings, automated
systems that manage parts of the trading and portfolio-construction pipeline,
and new categories of model risk around Al governance. Chapter 24.3
in Part VI covers this in depth. The throughline across 125 years, from
Bachelier’s thesis to today’s Al-augmented trading desks, is remarkably
consistent: quantitative finance advances whenever a new mathematical
or computational tool becomes available, and someone realizes it can be
pointed at a financial problem.

1900
Bachelier: ran-
dom walk
model of prices

1952-1964
Markowitz &
Sharpe: portfolio
theory, CAPM

1973 1980s-90s
Black-Scholes— Wall St. hires

Merton op- physicists; Re-
tion pricing naissance Tech

2010s 2020s )
Big data, machine LLM.S & ag?ntlc
Al in trading

learning in finance

1998-2008
LTCM, GFC: rise of
risk management

E—

and research

Figure 1.1: A timeline of quantitative finance, from Bachelier’s 1900 thesis to
the agentic-Al era.
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1.4 Why Quantitative Finance Is Growing
Several durable forces continue to expand demand for quantitative talent:

1. Regulation. Basel III/IV, FRTB, IFRS 9, CCAR, and similar frameworks
require banks to build, validate, and continuously monitor quantitative
models for capital, credit, and market risk. This is not optional — it is a le-
gal requirement, and it created an entire industry of model development,
validation, and governance roles almost overnight (see Chapter 27.2).

2. Electronification of markets. Equities, futures, FX, and increasingly fixed
income and credit are traded electronically. Electronic markets generate
the data and require the speed that only quantitative and systematic
approaches can handle.

3. Growth of systematic and passive investing. Index funds, factor in-
vesting, and systematic hedge funds now represent a large and growing
share of assets under management, all of which are built on quantitative
research.

4. Data abundance. The cost of storing and processing data has collapsed
while the amount of available data — market, alternative, and unstruc-
tured — has exploded, rewarding firms and individuals who can extract
signal from it.

5. AI and machine learning. Techniques that were research curiosities
a decade ago (deep learning, reinforcement learning, large language
models) are now standard tools, and firms are racing to hire people who
can apply them responsibly to financial problems.

6. Globalization of quant talent. Remote work and global hiring mean
quantitative roles are no longer concentrated only in New York, London,
and Chicago; Mumbai, Bangalore, Singapore, and Hong Kong are now
major quant finance hubs in their own right.

1.5 Quantitative Finance and Its Neighboring Fields

New readers frequently confuse quantitative finance with related fields that
overlap in vocabulary but differ sharply in day-to-day work, required skills,
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and career paths. Table 1.1 summarizes the distinctions; the subsections that
follow explain each one.

Table 1.1: Quantitative finance compared to neighboring fields.

Field Core Question Primary Toolkit

Traditional Fi- Is this asset a good invest- Financial statements, valu-

nance ment? ation multiples, qualitative
judgment

Investment How do we raise capital or Deal structuring, valuation,

Banking execute this M&A deal? relationship management

Corporate  Fi- How should this company al- Capital budgeting, cost of cap-

nance locate capital? ital, financial planning

Quantitative Fi-
nance

Financial Engi-
neering

Data Science in

How do we price, hedge, and
manage risk mathematically?
How do we design a security
or structure with a specific
payoff?

What can we predict from this

Stochastic calculus, statistics,
optimization, code
Derivatives theory, applied
quant methods, structuring

Machine learning, statistics,

Finance data? data pipelines

FinTech How do we deliver financial Software engineering, prod-
services through better tech- uct design, payments/infra
nology?

Finance

Traditional finance — as taught in most undergraduate and MBA programs
— focuses on valuation, corporate strategy, and investment decision-making,
typically using discounted cash flow analysis, ratio analysis, and qualitative
judgment about management and competitive position. It asks “is this a
good business at a good price?” Quantitative finance asks a narrower but
deeper question: “given a mathematical model of how prices move, what
is this specific instrument worth, and how do we hedge it?” The two are
complementary, not competing; a portfolio manager might use traditional
fundamental analysis to pick stocks while a quant on the same desk manages
the portfolio’s risk exposures mathematically.
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Investment Banking

Investment banking centers on corporate transactions: raising capital through
debt or equity issuance, and advising on mergers and acquisitions. It is
relationship- and deal-driven, and while investment bankers use financial
models, these are typically valuation spreadsheets rather than stochastic mod-
els. Investment banks do employ large quantitative teams, but those teams
(trading desk quants, structuring, risk) are organizationally and functionally
distinct from the corporate finance / M&A bankers.

Corporate Finance

Corporate finance is practiced inside non-financial companies: deciding how
to fund operations, whether to invest in a new factory, how much debt
to carry, and how to manage working capital. It shares vocabulary with
quantitative finance (discounting, risk, optimization) but at a much less
mathematically intensive level, and its practitioners are typically finance or
accounting graduates rather than quants.

Financial Engineering

Financial engineering overlaps heavily with quantitative finance and the terms
are often used interchangeably. If there is a distinction, it is one of em-
phasis: financial engineering leans toward the design of financial products
and structures (structured notes, securitizations, bespoke derivatives) using
quantitative tools, while “quantitative finance” is the broader umbrella that
also includes trading, risk management, and research that may never touch
product design at all.

Data Science in Finance

A financial data scientist applies general-purpose machine learning and statis-
tical techniques to financial data — fraud detection, credit scoring, customer
analytics, alternative-data signal research. The skillset overlaps substantially
with quantitative research, but financial data science does not always require
the deep stochastic-calculus and derivatives-pricing background that, say,
an exotic-options quant needs. Many entry points into quantitative finance
today run through data science roles.
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FinTech

FinTech is about delivering financial products and services through better
technology — payments, lending platforms, robo-advisors, digital banking.
It is closer to software engineering and product management than to quan-
titative modeling, though quantitative techniques (credit scoring models,
robo-advisory portfolio construction) frequently sit inside fintech products.

1.6 Common Misconceptions

“You need a PhD to work in quant finance.”
Untrue for the majority of roles. A PhD is common (and sometimes
preferred) for research-heavy roles at top hedge funds, but risk analysis,
model validation, quantitative development, and many trading-support
roles hire strong bachelor’s and master’s graduates in large numbers.

“Quant finance is just coding.”
Programming is necessary but not sufficient. The value a quant adds
is in correctly formulating the mathematical problem; code is how that
formulation gets executed and tested.

“Quant finance is just gambling with extra steps.”
Well-run quantitative strategies are built on statistically validated edges,
rigorous risk controls, and diversification — the opposite of undisciplined
speculation, even though both involve financial risk.

“All quants are traders.”
Trading is one path among dozens. Risk management, model validation,
quantitative research, portfolio construction, financial engineering, and
quant development are all distinct, substantial career tracks — explored
in full in Part VIL

“You have to be a genius.”
Strong quantitative aptitude and discipline matter far more than raw
genius. Most successful quants describe their advantage as rigor and
persistence, not innate brilliance.

“It's only for men.”
The field is historically male-dominated, but this is changing, and firms
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increasingly run targeted recruiting and mentorship programs for women
in quantitative roles.

A common on-ramp: an engineering graduate with strong Python and
probability skills joins a bank as a model validation analyst rather than a
front-office quant researcher. Eighteen months later, having built deep
familiarity with derivatives pricing and internal model documentation,
they move laterally into a market risk or quantitative research role. The
path into quant finance is rarely a straight line from “student” to “quant
researcher at a hedge fund”; it usually runs through an adjacent role
first.
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Choosing Your Path Into Quantitative Finance

Quantitative finance does not have a single “correct” entry door. Unlike,
say, medicine or law, where nearly everyone follows the same credentialing
sequence, quants arrive from mathematics, physics, engineering, statistics,
computer science, economics, and even the humanities by way of self-taught
programming and CFA/FRM study. What determines success is not which
door you entered through, but whether you deliberately fill the gaps your
background leaves behind.

This part profiles thirteen common starting points: engineers, mathe-
matics students, statistics students, computer science graduates, physics
graduates, economists, MBA students, CFA candidates, FRM candidates,
actuaries, software engineers, traders, and risk managers. Each profile is
honest about advantages and disadvantages — this book is more useful to
you if it tells you what is genuinely hard about your transition, not just what
is encouraging.

2.1 A Decision Framework

Before reading your specific profile, it helps to place yourself on two axes:
how strong is your mathematical/statistical foundation today, and how
strong is your programming foundation today. Figure 2.1 gives a first-pass
roadmap based on where you currently sit.
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Strong math/s- Yes

tats background?

Strong pro-
gramming
background?

Strong pro-
gramming
background?

Trading roles — ization — prioritize

Start: Research/- Start: Any special-
go to Part VII finance (Part V)

Y Y

Start: Part III Start: Quant Dev /

math primer, then Data Science roles
Python (Part IV) — Part IV & VII

Figure 2.1: A first-pass decision tree for where to begin, based on your
current math/stats and programming strength. This is a starting heuristic,
not a rigid rule — read your specific background profile in this part for
detail.

Two further principles apply regardless of background. First, finance
knowledge is the great equalizer — almost nobody arrives with deep knowl-
edge of derivatives, fixed income, or risk regulation, so a mathematician and
an MBA graduate both have real work to do in Part V, just of different kinds.
Second, programming is the fastest-closing gap and the slowest-forgiven
one — it can be learned in months through deliberate practice (Part IV gives
a roadmap), but a weak GitHub portfolio or an inability to write clean, tested
code is one of the most common reasons strong candidates are rejected at
interview.



Profiles by Academic and Professional Back-
ground

Each section below follows the same structure: who this profile describes,
genuine advantages, genuine disadvantages, and a preparation roadmap.
Table 3.1 gives a compressed overview before the detailed sections.

3.1 Engineers

Engineering graduates — mechanical, electrical, civil, chemical, aerospace,
industrial — are among the largest feeder groups into quantitative finance,
particularly in India, where engineering is the most common undergraduate
degree among quants.

Advantages. Engineering curricula build strong applied mathematics
(differential equations, linear algebra, numerical methods, signal processing)
and, crucially, train students to build working models of complex systems
under real-world constraints — a mindset that transfers directly to financial
modeling. Engineers are also typically comfortable with simulation, opti-
mization, and control-systems thinking, which map closely onto portfolio
optimization and algorithmic execution.

Disadvantages. Most engineering programs do not cover stochastic
calculus, probability at the depth quant finance requires, or any finance/in-
stitutional knowledge at all. Engineers sometimes underestimate how much
of quant finance is about correctly modeling uncertainty (as opposed to
deterministic physical systems), and can initially struggle with the idea that
financial “laws” are statistical regularities rather than physical constants.

Roadmap. (1) Shore up probability and stochastic processes beyond what
your engineering degree covered — Part III, Chapters on Probability and
Statistics. (2) Learn Python for data analysis (Part IV) if your engineering
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Table 3.1: At-a-glance summary of background profiles.

Background Biggest Advantage Biggest Gap to Close

Engineers Applied problem-solving, nu- Stochastic calculus, financial
merical methods institutions knowledge

Mathematics Rigor, comfort with abstrac- Programming fluency, market
tion intuition

Statistics Data/inference skills map di- Derivatives pricing theory, fi-
rectly to research roles nance context

Computer Sci- Strong programming, systems Probability/stochastic calcu-

ence thinking lus depth

Physics Modeling complex systems, Formal finance knowledge,
strong math networking into finance

Economics Market intuition, macro un- Advanced mathematics,
derstanding hands-on coding

MBA Business context, finance vo- Mathematical depth, technical
cabulary credibility

CFA Candidates Broad finance and valuation Programming, stochastic cal-
knowledge culus

FRM Candidates Deep risk-management vocab- Programming, model-
ulary building experience

Actuaries Rigorous probability, long- Market-relevant products,
horizon risk trading concepts

Software Engi- Production-grade code, sys- Finance and statistics theory

neers tems design

Traders Market intuition, decision- Formal quantitative modeling
making under pressure

Risk Managers  Institutional and regulatory Advanced stochastic and sta-

knowledge

tistical modeling
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track leaned on MATLAB or C++ only. (3) Build one full project applying
your existing numerical-methods strength to a finance problem (e.g., Monte
Carlo option pricing, or a PDE solver for the Black-Scholes equation) —
this is a natural strength to lead with in interviews. (4) Read one finance-
fundamentals text (Part XII) to close the institutional-knowledge gap.

3.2 Mathematics Students

Advantages. A strong pure or applied mathematics background gives the
most direct route into the theoretical core of quantitative finance: measure-
theoretic probability, stochastic calculus, and PDEs are the native language
of derivatives pricing and risk modeling. Mathematics graduates are often
the fastest to pick up new quantitative techniques because they already think
in proofs and formal structures.

Disadvantages. Pure mathematics training can be light on programming,
and mathematicians sometimes gravitate toward theoretical elegance over
the practical, data-driven, and occasionally “ugly” realities of real markets
(missing data, regime changes, transaction costs). Employers will also want
evidence you can apply theory, not just prove theorems.

Roadmap. (1) Build serious Python (and ideally some C++) fluency —
Part IV. (2) Take your existing measure theory and probability into Part III's
stochastic calculus material, then straight into Part VI's derivatives pricing
and interest rate modeling chapters. (3) Do at least two applied projects with
real market data, not just closed-form derivations, to demonstrate you can
bridge theory and practice. (4) Read broadly in Part V to acquire market
vocabulary you will be expected to know cold at interview.

3.3 Statistics Students

Advantages. Statistics graduates arrive with exactly the skills quantitative
research and financial data science roles need most: regression, time-series
analysis, hypothesis testing, and increasingly machine learning. This is,
along with mathematics and physics, one of the most direct pipelines into
research-oriented quant roles.
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Disadvantages. Classical statistics curricula often underweight deriva-
tives pricing, stochastic calculus, and financial-market microstructure, all of
which matter for roles beyond pure research (structuring, trading, risk).

Roadmap. (1) Deepen time-series methods specific to finance — GARCH-
family volatility models, cointegration, factor models (Part VI). (2) Add
derivatives and stochastic calculus fundamentals even if your target role is
research-focused; interviewers routinely test for it. (3) Build a portfolio of
backtested trading-signal or risk-model projects using real market data, since
“statistics applied to finance” is best demonstrated, not asserted.

3.4 Computer Science Graduates

Advantages. Strong software engineering skills are increasingly the scarce
resource in quant finance, not a nice-to-have — trading systems, backtesting
infrastructure, and production machine learning pipelines all need people
who can write reliable, performant, well-tested code. CS graduates also tend
to pick up new libraries and frameworks (PyTorch, distributed computing)
faster than non-programmers.

Disadvantages. A typical CS degree light on continuous mathematics
(probability, stochastic calculus, PDEs) will be a real gap for research or pric-
ing roles, though it matters less for quant developer or trading-infrastructure
roles.

Roadmap. (1) If targeting quant research or pricing: build probability,
statistics, and stochastic calculus from Part III seriously — this is non-
negotiable, not optional. (2) If targeting quant development, low-latency,
or trading systems engineering: deepen C++, systems design, and market
microstructure knowledge instead (Parts IV and VI). (3) Either way, learn the
vocabulary of financial instruments in Part V — CS graduates are sometimes
rejected not for lack of skill but for not knowing what a swap or a Greek is.

3.5 Physics Graduates

Advantages. Physics remains one of the highest-regarded backgrounds for
quantitative research roles, particularly at systematic hedge funds. Physicists
are trained to build tractable models of messy, high-dimensional systems,
reason about noise and signal, and move fluidly between analytical and



3.6. Economists

numerical methods — precisely the skills that made the original “quants”
physicists in the first place (Section 1.3).

Disadvantages. Physics graduates typically have zero formal finance
training and, outside a few universities with dedicated quant finance tracks,
no natural networking path into the industry — the gap is institutional
knowledge and industry access, not technical skill.

Roadmap. (1) Learn the institutional and product vocabulary of Part V
deliberately; this is your largest gap. (2) Translate your physics skills ex-
plicitly: if you did statistical mechanics, connect it to volatility modeling
and phase transitions in markets; if you did signal processing, connect it to
time-series and market microstructure. (3) Target quant research, systematic
trading, and derivatives pricing roles first — these value your background
most directly.

3.6 Economists

Advantages. Economics graduates bring market intuition, an understanding
of macroeconomic drivers, and (for the quantitatively focused, e.g., econo-
metrics tracks) solid statistical training. This maps well to macro trading,
economic forecasting, and market microstructure research.

Disadvantages. Undergraduate economics is often mathematically lighter
than engineering, physics, or mathematics degrees, and many economics
graduates have limited or no programming exposure. Advanced quant roles
(derivatives pricing, exotic structuring) may be a stretch without significant
additional mathematical training.

Roadmap. (1) Take mathematics further than your degree required —
linear algebra, real analysis, stochastic processes (Part III). (2) Build Python
fluency from scratch if needed (Part IV). (3) Lean into your comparative
advantage: macro-driven research, rates, FX, and economic forecasting roles
value your background more than, say, exotic-derivatives structuring does.

3.7 MBA Students

Advantages. MBA graduates bring business fluency, finance vocabulary
from core coursework, networking access, and (often) prior work experience
that gives credibility in client-facing or portfolio-management contexts.
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Disadvantages. A general MBA is not mathematically deep enough
for most technical quant roles; without a quantitative undergraduate de-
gree, breaking into pricing, research, or model-development roles is difficult.
MBAs are strongest where finance judgment matters as much as mathemati-
cal modeling.

Roadmap. (1) Be honest about target roles: portfolio management,
investment strategy, and quant-adjacent business roles (sales quant, pre-sales
quant, product) are realistic; front-office pricing/research usually requires
more mathematics than an MBA alone provides. (2) If you have a quantitative
undergraduate degree and an MBA, you are unusually well positioned —
emphasize both. (3) Take a structured mathematics refresher (Part III) and
CFA /FRM-style coursework (Part IX) to add technical credibility.

3.8 CFA Candidates

Advantages. The CFA curriculum gives unusually broad and rigorous
coverage of valuation, fixed income, derivatives (at an introductory level),
portfolio management, and ethics — a genuinely useful foundation for Part V
of this book, and a well-recognized credential for buy-side and portfolio
roles.

Disadvantages. CFA mathematics is applied and computational rather
than theoretical; it does not cover stochastic calculus, PDEs, or the derivation
of pricing models, so it is not, by itself, sufficient preparation for research or
derivatives-pricing roles.

Roadmap. (1) Treat the CFA as your finance-knowledge foundation
(Part V) and add mathematical depth on top of it (Part III) if targeting
technical roles. (2) CFA holders are particularly well suited to portfolio man-
agement, investment strategy, and quantitative research roles that emphasize
factor investing and asset allocation over exotic derivatives. See Chapter 31
for how CFA compares with FRM and CQF.

3.9 FRM Candidates

Advantages. The Financial Risk Manager (FRM) curriculum is the most
directly relevant certification for risk-management roles, covering market
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risk, credit risk, operational risk, and regulatory frameworks in depth —
material that overlaps substantially with Part VII's risk-focused role profiles.

Disadvantages. Like the CFA, FRM mathematics is applied rather than
theoretical; it will not, by itself, prepare you for stochastic-calculus-heavy
pricing roles, and it assumes some pre-existing quantitative or finance back-
ground to fully absorb.

Roadmap. (1) Pair FRM study directly with Part VII's risk-role profiles
(Market Risk Analyst, Credit Risk Analyst, Model Validation Analyst, ALM
Risk Manager) — these are your most natural targets. (2) Build enough
programming (Python, SQL) to be useful in a modern risk team, since risk
roles have become substantially more technical over the past decade.

3.10 Actuaries

Advantages. Actuarial training provides deep, rigorous probability and
long-horizon risk modeling — arguably the closest existing profession to
quantitative finance in its mathematical culture. Actuaries are unusually
strong at reserving, mortality /longevity modeling, and long-term risk under
uncertainty.

Disadvantages. Actuarial work traditionally focuses on insurance prod-
ucts over multi-decade horizons, quite different from the short-horizon,
market-driven problems of trading and derivatives pricing; the transition
requires learning market microstructure and, often, faster-moving stochastic
models.

Roadmap. (1) Map your probability and reserving skills onto credit risk,
ALM, and insurance-linked quant roles first — the transition is shortest
there. (2) Add market-specific knowledge (Part V) and, if targeting trading
or pricing roles, stochastic calculus applied to shorter time horizons (Part III).

3.11 Software Engineers

Advantages. Professional software engineers bring production-grade coding
discipline, systems design experience, and often direct experience with
the kind of low-latency, high-reliability systems that trading infrastructure
demands — a strong fit for quant developer and trading-technology roles.
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Disadvantages. Without a quantitative or finance-adjacent degree, the
mathematics and finance-knowledge gap can be substantial, and pure soft-
ware engineers are sometimes pigeonholed into infrastructure roles even
when they want research exposure.

Roadmap. (1) Decide explicitly whether you want to stay technology-
focused (quant developer, trading systems, low-latency engineering — short-
est path, leverages your strength directly) or move toward research (requires
substantial Part III mathematics investment). (2) Either way, learn the fi-
nance vocabulary in Part V; even infrastructure engineers are expected to
understand what the systems they build actually do.

3.12 Traders

Advantages. Experienced discretionary traders bring market intuition, risk
discipline under pressure, and a practical understanding of execution, lig-
uidity, and market microstructure that is very difficult to learn from books
alone.

Disadvantages. Discretionary trading experience does not automatically
translate into the ability to build or validate quantitative models; traders mov-
ing toward systematic or quantitative trading need to formalize intuitions
into testable, coded strategies.

Roadmap. (1) Learn Python and basic statistics/time-series methods
to formalize and backtest the patterns you currently trade on intuition
(Parts III-1V). (2) Study market microstructure and execution research for-
mally (Part VI) — this is the area where your practical experience gives you
the biggest edge over purely academic candidates.

3.13 Risk Managers

Advantages. Practicing risk managers already understand regulatory frame-
works, institutional risk culture, and how models are actually used (and
misused) inside a bank or fund — context that is hard to gain any other way,
and highly valued in model validation and model governance roles.

Disadvantages. Risk management roles vary enormously in technical
depth; a risk manager whose role has been largely reporting and committee-
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facing may need to build genuine modeling skills (not just an understanding
of model outputs) to move into more quantitative risk roles.

Roadmap. (1) Assess honestly how much of your current role is model-
building versus model-consuming, and close the gap with Part III mathe-
matics and hands-on Python modeling (Part IV) if needed. (2) Target model
validation, model risk/governance, and quantitative risk roles in Part VII,
which reward your institutional knowledge most directly while you build
additional technical depth.

Whatever your background, the fastest way to become credible to a
hiring manager is not just to read about the gaps above — it is to close
them visibly: a GitHub repository with real projects, a documented
Kaggle competition, or a small backtested strategy speaks louder than
a list of courses completed. Part X covers how to build this portfolio in
detail.
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Prerequisites: What You Actually Need to Know

“The gap between wanting to be a quant and being employable as
one is almost always a specific, listable set of topics — not talent.”

—Advice given to a Quantie cohort, 2025

Part II told you which door you are standing at. This chapter tells
you what is behind it. Most readers who fail to break into quantitative
finance do not fail because the field is closed to them; they fail because they
studied broadly instead of specifically, and arrived at interview with wide
but shallow coverage. What follows is deliberately narrow: a tiered list of
prerequisites, stated at the level of individual topics, with an honest estimate
of how long each takes to reach working fluency from a standing start.

4.1 The Three Tiers of Readiness

It is useful to think of preparation in three tiers rather than as one long
list. Tier 1 makes you trainable: with it, a bank or fund can hire you into a
junior risk, validation, analytics, or development role and teach you the rest.
Tier 2 makes you interviewable for the mainstream quantitative roles — risk
modelling, model validation, credit modelling, quantitative development,
data science. Tier 3 makes you competitive for the selective front-office
research and trading roles.

The single most common planning error is to attempt Tier 3 mathematics
before Tier 1 programming. It reads as ambition and behaves as delay:
a candidate who can derive the Black-Scholes equation but cannot write
a clean, tested backtest is unhireable in almost every team described in
Part VII, whereas the reverse candidate is hired constantly and taught the
mathematics on the desk.
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Table 4.1: The three tiers of quantitative-finance readiness.

Tier What it unlocks Mathematics Programming
Tier 1 Junior analyst, reporting, Calculus, linear alge- Python  fluency,
analytics, quant develop- bra, basic probability = SQL, Excel
ment support and statistics
Tier 2 Risk modelling, model val- Add: statistical infer- Add: testing,
idation, credit modelling, ence, time series, nu- version control,
data science, quant dev merical methods, in- vectorised numer-
troductory stochastic ics, one compiled
calculus language read-level
Tier 3 Quantitative research, sys- Add: measure- Add: production-
tematic trading, deriva- theoretic probability, quality research
tives pricing full stochastic code, C++ write-

calculus, change level for latency-
of measure, PDE sensitive desks
methods, convex

optimisation

4.2 Mathematics Prerequisites, Topic by Topic

Calculus (single and multivariable)

Required at Tier 1. Limits, differentiation, Taylor expansion to second order,
integration by substitution and by parts, partial derivatives, gradients, the
chain rule for functions of several variables, Lagrange multipliers, and the
interpretation of a second derivative as curvature. In finance these are not
background: a Taylor expansion of a bond price in yield is duration and

convexity,

AP
N A —Dmoa Ay + %C(Ay)z,

and the Greeks of Chapter 6 are literally partial derivatives on a trader’s
screen. Time from a standing start: 6-10 weeks part-time.

Linear algebra

Required at Tier 1. Vector spaces, matrix multiplication, rank, invertibility
and ill-conditioning, positive definiteness, quadratic forms, eigenvalues and
eigenvectors, the spectral decomposition of a symmetric matrix, Cholesky
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factorisation, least squares as a projection. Positive definiteness deserves
special mention: a covariance matrix that has lost it (through estimation error
or bad interpolation) will break every optimiser and every Cholesky-based
simulation you attach to it, and recognising that failure mode is a routine
part of the job. Time: 5-8 weeks.

Probability

Required at Tier 1, deepened at Tier 2-3. Sample spaces and conditioning, Bayes’
theorem, expectation and variance as operators, the standard distributions
and when each is a reasonable model (normal, lognormal, Student-t, Pois-
son, exponential, binomial), moment generating functions, the law of large
numbers, the central limit theorem, and — for Tier 3 — c-algebras, filtra-
tions, martingales, conditional expectation as a projection, and the change of
measure. Two identities are used so often they should be reflexes:

Var(X) = E[X?| - E[X]?,  E[X]=E[E[X|Y]].

Time: 8-12 weeks for Tier 1-2; a further semester for Tier 3.

Statistics and inference

Required at Tier 2. Estimators and their bias/variance, maximum likelihood,
confidence intervals, hypothesis testing and p-values (including what a
p-value is not), multiple-testing correction, ordinary least squares and its
assumptions, heteroskedasticity- and autocorrelation-consistent standard
errors, model selection and out-of-sample validation, bootstrap methods. If
you learn only one thing more deeply than your peers, make it this: nearly
every expensive mistake in quantitative finance is a statistical one wearing a
mathematical costume. Time: 8-12 weeks.

Time series

Required at Tier 2. Stationarity and unit-root testing, autocorrelation functions,
AR/MA/ARMA and ARIMA structure, volatility clustering, ARCH and
GARCH,

0} = w+aer_ |+ Pot ,, w>0,a>0a+p<1,
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cointegration and the error-correction representation, and the practical disci-
pline of walk-forward rather than in-sample evaluation. Time: 6-8 weeks.

Stochastic processes and stochastic calculus

Introductory at Tier 2, full at Tier 3. Random walks and their continuous
limit, Markov chains, Poisson processes, Brownian motion and its quadratic
variation, the It6 integral, Itd’s lemma, geometric Brownian motion and the
Ornstein—Uhlenbeck process, Girsanov’s theorem, martingale representation,
and the Feynman-Kac link between expectations and PDEs. Chapters 11-14
of this book cover exactly this material at the depth interviews test. Time:
10-16 weeks with a probability foundation already in place.

Numerical methods and optimisation

Required at Tier 2-3. Root finding (bisection, Newton-Raphson — the stan-
dard route to implied volatility), interpolation and spline construction (used
for every yield curve you will ever meet), numerical integration and quadra-
ture, finite-difference schemes and their stability conditions, Monte Carlo
estimation with variance reduction, convex versus non-convex optimisation,
quadratic programming, KKT conditions, and gradient-based methods. Time:
8-10 weeks.

Interviewers use prerequisites as a filter in a specific way: they ask a
question that is trivial with the prerequisite and impossible without it.
“What is the distribution of log St under geometric Brownian motion?”
is not a test of memory; it tests whether you have ever actually applied
Itd’s lemma. “Why can’t I just invert this covariance matrix?” tests
whether you have met ill-conditioning in practice. Preparation that
covers topics without ever using them fails these questions.

4.3 Programming Prerequisites

Python: the non-negotiable core

Not “syntax knowledge” but working fluency: NumPy array programming
without loops, pandas indexing, joins, resampling and rolling windows,
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SciPy optimisation and statistics, matplotlib for honest plotting, scikit-learn
pipelines, and the discipline that surrounds them — Git, virtual environ-
ments, ‘pytest’, type hints, docstrings, and notebooks that a reviewer can
re-run end to end. Assume that in any competitive process someone will
read your code, not merely your results.

SQL

Under-weighted by candidates and over-weighted by employers, because in
most institutions the data is in a database, not a CSV. Joins of every kind,
group-by aggregation, window functions (ROW_NUMBER’, ‘LAG’, running
sums), common table expressions, and an understanding of why a query is
slow.

One compiled language

C++ is the industry standard for pricing libraries and low-latency systems;
Rust appears increasingly in newer infrastructure. At Tier 2, read-level
competence — following someone else’s pricing library, understanding
memory layout and why a copy is expensive — is enough. At Tier 3, for
latency-sensitive desks, write-level competence with templates, RAII, and
cache-aware data structures becomes a genuine differentiator.

Supporting tools

Excel remains in daily use in risk and treasury teams, and dismissing it is
a mistake; add Linux command-line comfort, a plotting or dashboarding
tool, and enough cloud familiarity (object storage, managed notebooks,
containers) to be useful in a modern data stack.

4.4 Finance Prerequisites

Because finance knowledge is the great equaliser (Part II), the prerequisite
here is defined by what interviewers assume you already know rather than
by a curriculum: the difference between a forward and a future; what a swap
exchanges; put—call parity as a model-free relationship,

C—P=5S;,—Ke'T;
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why bond prices fall when yields rise; what duration measures; what a
Greek is; the difference between the banking book and the trading book;
what VaR does and does not tell you; and how a clearing house changes
counterparty risk. Part V covers all of it. Two weeks of deliberate reading
closes most of this gap, which is why arriving without it is read as a signal
about motivation rather than ability.

4.5 Self-Assessment: Where Are You Now?

Answer honestly, without looking anything up. Score 2 for “I can do this
now, on paper, unaided,” 1 for “I have seen it and could recover it in an
hour,” and 0 otherwise.

1. Differentiate f(x) = xe~** and find its maximum.

2. Expand log(1+ x) to second order and say when the expansion is unsafe.

3. Explain what it means for a matrix to be positive definite, and give a
financial consequence of losing that property.

4. Compute the eigenvalues of a 2 x 2 symmetric matrix by hand.

5. Derive the variance of a two-asset portfolio and show how correlation
changes it.

6. State Bayes’ theorem and apply it to a base-rate problem (e.g., a test with
1% prevalence and 95% accuracy).

7. Give the mean and variance of a lognormal variable in terms of the
parameters of the underlying normal.

8. Explain the difference between E[f(X)] and f(E[X]), and name the
inequality involved.

9. Define a martingale and give one financial example.
10. State Ito’s lemma and apply it to f(S) = log S under dS = uSdt +ocSdW.
11. Write the Black-Scholes PDE and identify each term’s economic meaning.
12. Explain what changes, and what does not, when you move from IP to Q.

13. Define VaR and Expected Shortfall precisely, and give one reason to
prefer the latter.



14.

15.

16.
17.

18.
19.

20.

4.6. A Twenty-Four-Week Gap-Closing Plan

Explain the assumptions of OLS and what breaks when errors are auto-
correlated.

Explain what a p-value means, then explain what goes wrong if you test
500 signals.

Test a series for stationarity and say why it matters before you regress.

Write, without a loop, the NumPy expression for the covariance matrix
of a returns array.

Write a SQL query returning each account’s most recent transaction.

Explain how you would price a European option by Monte Carlo, in-
cluding one variance-reduction technique.

Given a strategy with a backtested Sharpe ratio of 3, list five reasons to
distrust it.

Scoring. 0-14: you are pre-Tier 1 — work through Part III alongside a
calculus and probability text before applying anywhere; six months of
deliberate study changes this completely. 15-26: Tier 1 — apply now
for analyst, analytics, and development-adjacent roles while closing the
statistical and time-series items. 27-33: Tier 2 — you are interviewable
for mainstream quantitative roles; convert study into two portfolio
projects (Part VII) and start applying. 34-40: Tier 3 candidate — target
research and trading, and spend your remaining preparation time on
problem-solving speed (Part X and Appendix E) rather than new topics.

4.6 A Twenty-Four-Week Gap-Closing Plan

The plan below assumes 10-12 hours a week and a Tier 1 starting point. It
is deliberately sequenced so that every mathematical block is immediately
implemented in code — topics learned without implementation do not
survive an interview.

4.7 Prerequisite Failure Modes

Collecting courses instead of skills.

Twelve completed online courses with no artefact is a weaker signal
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Table 4.2: A 24-week prerequisite closing plan (10-12 hours per week).

Weeks

Study

Build in parallel

1-3

4-6

7-9

10-12

13-16

17-19

20-22

23-24

Probability review; distribu-
tions; CLT
Linear
Cholesky
Statistical inference; OLS diag-
nostics

algebra; PCA;

Time series; ARIMA; GARCH

Stochastic calculus (Ch. 11—
12)

Derivatives pricing; Greeks;
implied volatility

Risk measures; VaR/ES; back-
testing

Consolidation and interview
drilling

Monte Carlo estimator for 7t, then
for a European call

PCA of a yield curve; correlated
path simulator

Factor regression on real equity
returns with robust standard er-
rors

Volatility forecaster benchmarked
against realised volatility
Euler-Maruyama and Milstein
simulators; convergence study
Black-Scholes library with Greeks
and a Newton implied-vol solver
Multi-asset VaR engine with his-
torical, parametric, and Monte
Carlo modes

Publish, document, and write up
two projects; work Appendix E
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than one repository containing a documented, tested, honestly evaluated
project.

Learning mathematics without implementation.
The gap between recognising It6’s lemma and being able to apply it
under time pressure is closed by use, not by rereading.

Skipping statistics for machine learning.
Candidates who can fit a gradient-boosted tree but cannot explain out-
of-sample validation or multiple-testing bias are filtered out early, partic-
ularly in research interviews.

Backtests without costs.
A strategy evaluated without transaction costs, slippage, borrow costs,
and survivorship-bias-free data is not a result; presenting one suggests
you do not yet know what a result is.

Ignoring the institutional layer.
Not knowing what a clearing house does, or why the banking book differs
from the trading book, reads as disinterest — and it is the cheapest gap
in this chapter to close.

Prerequisites are finite and listable, which is the good news: the distance
between where you are and Tier 2 is a number of weeks, not a question
of aptitude. Score the self-assessment in Section 4.5, write the resulting
gaps down as a list, attach each to a project from Table 4.2, and re-score
in three months.
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ParT III

The Mathematics, Explained
Through Its Uses
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This part does not teach mathematics from scratch — that is what a linear
algebra or probability textbook is for (see Part XII for recommendations).
Instead, each chapter explains why a given branch of mathematics is central
to quantitative finance and exactly where it shows up, so that when you sit
down with a textbook, you know which chapters matter most and why you
are learning them.
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Linear Algebra: Why Matrices Are Everywhere

5.1 Why Matrices Are Everywhere

A portfolio of n assets is a vector in R". The relationships between those
assets — how they move together — is a covariance matrix, an n x n object.
The moment you have more than one asset, you are doing linear algebra
whether you intend to or not. Linear algebra is the language of quantitative
finance’s most basic object: the portfolio.

5.2 Applications

Portfolio Optimization

The variance of a portfolio with weights w € R"” and covariance matrix X is
the quadratic form

0’?, =w' Tw.

Minimizing this subject to a return target and budget constraint is a quadratic
program, solved using exactly the linear algebra machinery (matrix inversion,
Lagrange multipliers, eigendecomposition) covered in a first linear algebra
course. Chapter 19 builds directly on this.

Principal Component Analysis (PCA)

PCA decomposes the covariance matrix X into its eigenvectors and eigen-
values, & = QAQ, revealing the dominant sources of joint variation across
assets. In fixed income, the first three principal components of yield-curve
changes almost always correspond to level, slope, and curvature — a result
so consistent it is treated as a stylized fact of rates markets. PCA is also



Chapter 5. Linear Algebra: Why Matrices Are Everywhere

used to hedge portfolios against the dominant risk factors rather than every
individual instrument.

Machine Learning

Nearly every machine learning algorithm used in finance — linear regression,
PCA, support vector machines, neural networks — is, underneath, a sequence
of matrix multiplications, projections, and decompositions. Understanding
linear algebra is what allows you to understand why a model behaves the
way it does, rather than treating it as a black box.

Kalman Filters

The Kalman filter, used to estimate unobserved (“latent”) states such as a
time-varying hedge ratio or a smoothed estimate of an asset’s “fair” price,
is fundamentally a recursive linear-algebra algorithm: it propagates a state
vector and covariance matrix forward through time using matrix multiplica-
tions, updating both whenever new data arrives. It is a workhorse tool in
pairs trading and statistical arbitrage.

Covariance Estimation

Real covariance matrices estimated from limited historical data are often ill-
conditioned or singular when the number of assets approaches or exceeds the
number of observations. Techniques such as shrinkage estimation (Ledoit-
Wolf), factor-model-implied covariance, and random matrix theory-based
cleaning are, at their core, linear-algebra tools for producing a covariance
matrix that is both realistic and numerically well-behaved enough to invert.



Calculus: The Mathematics of Change

6.1 Applications

The Greeks

An option’s price is a function of several variables: the underlying price S,
volatility ¢, time to maturity T, and interest rate r. The Greeks are simply
partial derivatives of the option price with respect to each of these:

1% 02V 1% oV

A= —, I'=—-——=, Vega = —, 0=

as 952 T ot
Every options trading desk manages risk by monitoring and hedging these
derivatives in real time — calculus is not academic background here, it is
the literal risk-management dashboard.

Optimization

Finding the minimum-variance portfolio, the maximum-Sharpe-ratio portfo-
lio, or the optimal trade execution schedule are all calculus problems: setting
a gradient to zero (unconstrained) or using Lagrange multipliers / KKT
conditions (constrained). Chapter 10 builds on this directly.

Black—-Scholes

The Black-Scholes formula itself is derived using It6’s Lemma, a calculus
result for how a function of a random process changes over time (Chap-
ter 21.1). Multivariable calculus — partial derivatives, Taylor expansions —
is the machine underneath the entire derivatives-pricing edifice.
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Stochastic Calculus

Ordinary calculus assumes smooth, differentiable functions. Asset prices are
not smooth — they are driven by random shocks at every instant. Stochastic
calculus extends ordinary calculus to handle this, and is arguably the single
most distinctive mathematical tool of quantitative finance, covered in full in
Chapter 21.1.



Probability: Reasoning About Uncertainty

7.1 Applications

Risk

Nearly every risk measure — Value-at-Risk, Expected Shortfall, probability
of default — is a statement about a probability distribution: a quantile, a
conditional expectation, or a tail probability. Risk management is, at bottom,
applied probability theory (Chapter 22.1).

Option Pricing

The Black-Scholes formula can be written, and is most intuitively understood,
as a discounted expectation under a risk-neutral probability measure:

Vo = e "TE® [payoff(St)] .

This “risk-neutral valuation” framework — reframing every pricing prob-
lem as computing an expectation under the right probability measure —
is the conceptual heart of modern derivatives pricing, explored fully in
Chapter 21.1.

Monte Carlo

When a pricing or risk problem has no closed-form solution, Monte Carlo sim-
ulation estimates the answer by simulating thousands or millions of random
paths and averaging the results — a direct, computational application of the
law of large numbers. Chapter 21.4 covers the numerical-methods side of
this in depth.
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Credit Risk

Whether a borrower defaults is fundamentally a probabilistic event. Models
of probability of default (PD), and joint default across a portfolio of bor-
rowers (which requires modeling dependence between default events, not
just individual probabilities), are core applications of probability theory in
Chapter 22.2.



Statistics: Learning From Data Honestly

8.1 Applications

Regression

Ordinary least squares regression — and its many extensions (weighted
least squares, Lasso, Ridge) — underlies factor models, hedge-ratio estima-
tion, and much of quantitative research. Interpreting a regression correctly
(understanding heteroskedasticity, autocorrelation, and when standard er-
rors are unreliable) is a genuinely high-value skill that separates rigorous
quants from those who simply run sklearn.fit () without understanding
the output.

Factor Models

The idea that an asset’s return can be decomposed into exposures to a small
number of common risk factors (market, size, value, momentum, quality,
and others) plus an idiosyncratic residual is one of the most important ideas
in modern finance, and it is fundamentally a statistical (regression-based)
construct. Chapter 19.3 covers this in depth.

Forecasting

Time-series statistics — autoregressive models, GARCH-family volatility
models, cointegration — are the standard toolkit for forecasting returns,
volatility, and relationships between assets. Chapter 20.1 covers these meth-
ods and their financial applications in detail.
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Risk Models

Statistical estimation — of volatilities, correlations, tail behavior, and default
probabilities — underlies essentially every risk model used in industry. The
single most common failure mode in quantitative finance is not a wrong
formula, but an unstated or unjustified statistical assumption (e.g., assuming
normally distributed returns when the true distribution has fat tails).



Differential Equations: Modeling Continuous
Change

9.1 Applications

The Black-Scholes PDE

Rather than deriving the option price directly as an expectation, the original
Black-Scholes-Merton approach derives a partial differential equation that
the option price V(S, t) must satisfy:

2
aa‘t/ + ;(725235‘2/ + rSaa‘S/ — 1V =0.
Solving this PDE with the appropriate boundary condition (the option’s
payoff at maturity) yields the Black-Scholes formula. This PDE approach gen-
eralizes far beyond vanilla options to exotic derivatives with no closed-form

solution, solved numerically using finite difference methods (Chapter 21.4).

The Heat Equation

The Black-Scholes PDE can be transformed, via a change of variables, into
the classical heat equation from physics, g—ﬁ = 81”2‘. This is not a coincidence or
a curiosity — it is why so many physicists moved into quantitative finance
in the 1980s and 1990s (Section 1.3): the mathematics of how heat diffuses
through a medium and the mathematics of how option values evolve are,

after a substitution, the same equation.

The Hamilton-Jacobi-Bellman (HJB) Equation

Optimal control problems in finance — how should an investor consume and
invest over their lifetime to maximize utility? how should a trader optimally
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execute a large order to minimize market impact? — are typically solved
using the Hamilton—Jacobi—Bellman equation, a PDE that characterizes the value
function of a dynamic optimization problem. It appears throughout portfolio
choice theory, optimal execution research (Chapter 25), and reinforcement
learning’s theoretical foundations (Chapter 20.4).



Optimization: Making the Best Decision Under
Constraints

10.1 Applications

Portfolio Construction

From Markowitz mean-variance optimization to risk parity and Black-
Litterman, portfolio construction is fundamentally a constrained optimiza-
tion problem: maximize expected return (or a utility function) subject to
a risk budget, position limits, and other constraints. Chapter 19 and Sec-
tion 19.2 cover this family of methods extensively.

Execution

Deciding how to break a large order into smaller pieces over time, trading
off market impact against timing risk, is an optimal-control / optimization
problem (the Almgren—Chriss framework is the canonical reference). This
sits at the heart of execution research and algorithmic trading, covered in
Chapter 25.

Asset Allocation

Strategic and tactical asset allocation — how much to hold in equities versus
bonds versus alternatives, and how to adjust that mix over time — is an
optimization problem over a longer horizon, often incorporating dynamic
programming and the HJB equation above when the investor’s objective
spans multiple time periods rather than a single-period decision.
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You do not need graduate-level mastery of all six subjects before you
start applying for roles. What you need is working fluency: the ability
to set up the right equation for a problem, know which numerical
method or statistical test applies, and reason about assumptions. Depth
compounds on the job — breadth and correct intuition is what gets you
the interview.
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Randomness in Continuous Time: Brownian
Motion

“Everything in derivatives pricing is a consequence of one equa-
tion: (dW)? = dt.”

—a remark made to every first-year quant, and worth taking
literally

Part III explained why each branch of mathematics matters. The next
four chapters do something different: they develop, with equations, the one
mathematical apparatus that is genuinely specific to quantitative finance.
Nothing here requires measure theory to follow, but everything here is
stated precisely enough that you could implement it, and it is the material
interviews for pricing, risk-modelling, and research roles test most directly.

11.1 From the Random Walk to Brownian Motion

Start discretely. Let a price change by +h every At seconds with equal
probability, so after n = t/At steps the displacement is X; = h) [ ; ¢; with
¢; = +1 independent. Then E[X;] = 0 and Var(X;) = h?n = h*t/At. For the
variance to stay finite and non-zero as At — 0 we must scale the step size as
h = v/At, and the central limit theorem then gives

Xi L W~ N(O,8). (11.1)

This limit object W; is standard Brownian motion (also called a Wiener process).
The scaling h = \/At is not a technical convenience — it is the origin of the
square-root-of-time rule that pervades finance, from volatility annualisation
Cann = U'daily\/ﬁ to the vh scaling of a h-day Value-at-Risk.
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11.2 Defining Properties
A process {W; };>0 is a standard Brownian motion if:

1. Wy = 0 almost surely;

2. increments are independent: for s < t, Wy — W; is independent of F5, the
information generated by the path up to s;

3. increments are normally distributed, W; — W; ~ N(0, t —s); and

4. t — W; is continuous almost surely.

Three consequences follow immediately and are worth committing to
memory:

E[W)] =0, E[W,W,]=min(s,t), E [eAWf} — M2 (11.2)

The last of these — the moment generating function — is the workhorse
behind nearly every closed-form pricing result in this book, because it
converts an expectation of an exponential into an exponential of a variance.

Brownian motion is also a martingale: E[W; | Fs] = W, for s < t. A
martingale is the mathematical statement of “no predictable drift given what
you know now,” and the entire theory of arbitrage-free pricing (Chapter 13)
amounts to finding a probability measure under which discounted traded
prices are martingales.

Self-similarity and scaling

For any ¢ > 0, the process W, = ¢V W, is again a standard Brownian
motion. This scale invariance is why a volatility estimated on daily data can
be rescaled to any horizon at all under the model’s assumptions — and why
observing that empirical returns do not scale this way (volatility clustering,
fat tails at short horizons) is the starting point for the more realistic models
in Chapter 15.
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11.3 Quadratic Variation: Why Ordinary Calculus Fails

Partition [0, t] into n intervals of length At = t/n and consider the sum of
squared increments,

n

2
Qn = Z (Wti - sz‘—l) :

i=1
Each term has expectation At, so E[Q,] = nAt = t for every n. Its variance
is Var(Q,) = Y 2(At)? = 2t>/n — 0. Therefore

n
IERT i 2 . 2
W], = nlgr(}og (Wi, =Wy, )" =t (in L?), (11.3)

which is written in differential shorthand as

(AWy)> =dt,  dW,dt =0,  (dt)*>=0. (11.4)

For a smooth function the same sum would vanish, since (Af)? =~
(f'At)? = O((At)?) and n - O((At)?) — 0. Brownian paths are different:
they accumulate a finite, deterministic amount of squared variation over any
interval. That is precisely why they are nowhere differentiable (|AW| ~ v/At,
so AW /At ~ 1/v/At — ), and why a second-order term survives in every
Taylor expansion of a function of W. Equation (11.4) is the whole of It
calculus in three symbols.

This is not merely theoretical. Realised variance — the sum of squared
high-frequency returns over a day — is the empirical estimator of
exactly the quantity in Equation (11.3), and it is the underlying of the
variance swap market. A variance swap pays the difference between
realised variance and a strike, so a desk quoting one is quoting a price
for quadratic variation itself.

11.4 Related Processes You Will Meet

Arithmetic BM X; = Xy + ut + cW;. Normally distributed, can go negative
— the original Bachelier model, and still used for spreads,
basis, and (post-2020) negative interest rates.

Geometric BM S; = Spexp((y — 302)t + cW;). Lognormal, strictly positive
— the Black-Scholes model of Chapter 12.
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Brownian bridge
W conditioned on both endpoints; used to refine simulated
paths (for barrier options) without re-simulating.

Ornstein—Uhlenbeck
Mean-reverting Gaussian process; the backbone of pairs
trading, short-rate models, and commodity spread models.

Poisson process
N; counting jumps at rate A, with P(N; = k) = e~ M(At)*/k!;
the building block of jump-diffusion and default models.

Compensated Poisson
N; — At, a martingale — the jump analogue of W;, and the
reason jump risk carries a premium.

Brownian motion is the continuous-time limit of a random walk whose
step size scales as v/At. Its defining computational property is (dW)? =
dt: squared increments do not vanish, so a second-order term survives
every expansion and ordinary calculus does not apply. Everything in
the next chapter follows from that single fact.




It6 Calculus and Stochastic Differential Equa-
tions

12.1 The It Integral

We want to give meaning to fot H; dW; — the cumulative gain from holding
H; units of an asset whose price is driven by W. Because W has unbounded
tirst variation, the Riemann-Stieltjes construction fails; Itd’s resolution is to
define the integral as an L? limit of left-endpoint (non-anticipating) sums,

t n
/ HodW, = lim Y H, (W, —W;_,). (12.1)
0 7’1—)001:1

The left endpoint matters financially, not just mathematically: H;, , is the
position you held before observing the increment. A right-endpoint rule
would let you trade on information you do not yet have, and would price
arbitrage into the model.

Two properties do the real work:

( /O 'H, dWS>2

The first says the It integral is a martingale — a trading strategy in a
driftless asset has zero expected gain. The second, the Itd isometry, converts
the variance of a stochastic integral into an ordinary time integral and is the
single most-used computational identity in the subject.

t
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Chapter 12. It Calculus and Stochastic Differential Equations

12.2 Stochastic Differential Equations

A stochastic differential equation (SDE) specifies a process by its local drift and
diffusion,
dXt = a(Xt, ) t)dt + b(Xf, ) th, (123)

which is shorthand for the integral equation X; = X, + fo a(Xs,s)ds +
fo (Xs,5) dW;. The drift a is where the process is heading on average;
the diffusion b is how violently it is pushed around on the way. Under
Lipschitz and linear-growth conditions on 2 and b, Equation (12.3) has a
unique strong solution — conditions worth knowing because the models
that violate them (the CIR process at the origin, for one) are exactly the ones
that misbehave numerically.

12.3 It6’s Lemma

If X satisfies Equation (12.3) and f(x,t) is twice continuously differentiable
in x and once in ¢, then

df(X;,t) = (a{ af 2b232é> dt + bgf dW;. (12.4)

The derivation is a second-order Taylor expansion with Equation (11.4)
substituted in:

0 %) 102
df = fdt+ade+zaj;(dX)2+---, (dX)? = (adt+balw)2 = b2 dt.

The term %bz fxx dt — absent from ordinary calculus — is the Itd correction.
Every appearance of —30? or +10? in a finance formula traces back to it, and
so does the entire economic content of convexity: a convex payoff (fx» > 0)
gains from volatility, which is why a gamma-long option book profits from

realised movement and pays for it in theta.

Multidimensional form

With X € R" driven by correlated Brownian motions satisfying dW'dW/ =
pij dt,

of ixi azf
dt + Z Xt Z I b ibj pjj dt. (12.5)



12.4. Worked Example 1: Geometric Brownian Motion

A useful special case is the Itd product rule, d(XY) = XdY +YdX +dXdY,
where the last term is the cross-variation that ordinary calculus omits — and
which is precisely what makes quanto and correlation products non-trivial
to price.

12.4 Worked Example 1: Geometric Brownian Motion

The Black-Scholes model assumes
dSt = }/ISt dt + O'St th, (126)
i.e. that proportional returns, not absolute price changes, are the stationary
quantity. Apply Itd’s lemma to f(S) = log S, with f' =1/S and f” = —1/5*
B 1. 1,0 1 1 B o?
dlog S = (ys g 5078 ( - 52)> dt+0S - < AW, = (y - 2) dt + o dW,.

The right-hand side has constant coefficients, so it integrates directly:

o? St o2 )
ST—Soexp(<y—2>T+0’WT>, logSON./\f<<y—2>T,c7T).
(12.7)
Using the moment generating function in Equation (11.2),

E[S7] = Soe"T,  Var(Sp) = 26T (e‘sz - 1) . (12.8)

Two lessons are hidden in these three lines, and both are standard
interview material. First, the median of St is Soe(”_‘TZ/ 2)T while the mean is
Soet'T: the lognormal distribution is right-skewed, so the typical outcome is
worse than the average outcome. Second, the drift of the log price is not u
— the —J0? volatility drag is the Itd correction, and it is why an asset with
positive expected return can still have a negative expected log return when
volatility is large enough (02 > 2pu).

12.5 Worked Example 2: The Ornstein—-Uhlenbeck Process

Mean reversion is modelled by

dX; =10 (m — Xt) dt + o dW;, 0 >0, (129)
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where m is the long-run level and 0 the speed of reversion. Apply It0’s
lemma to Y; = X;e (here f has no second derivative in x, so no It6 correction
appears): dY = 0e% X dt + e%dX = Ome®'dt + ge®*dW. Integrating,

t
Xi=m+ (Xo—m)e " +0o / e~ 0t=s)aw. (12.10)
0

The process is Gaussian with

2 2

_ _ —ot _ 0 (1 o0t o

E[X|] = m+ (Xo—m)e™",  Var(X,) = 25 (1 e ) — =
(12.11)

where the variance follows from the Itd isometry, Equation (12.2). Unlike
geometric Brownian motion, the variance does not grow without bound
— reversion pulls the process back — and the half-life of a deviation is
tl /2 = In 2/ 6.

This is the equation behind statistical arbitrage. A pairs trader regresses
one asset on another, models the residual spread as Equation (12.9),
estimates 0 and hence a half-life, and sizes and times entries in units of
the stationary standard deviation o /+/26. If the estimated half-life is
longer than the holding period the strategy can fund, the trade is not
viable regardless of how attractive the z-score looks — a calculation
that turns a chart pattern into a capital decision.

12.6 Worked Example 3: Why E[ [ WdW] =0

Apply Itd’s lemma to f(W) = W2: d(W?) = 2W; dW; + dt, hence

W2 —t
5

t
/ Ws dWs -
0

Ordinary calculus would have given W2/2; the —t/2 is the Itd correction
again. Taking expectations recovers IE[W?] = t consistently, and shows that
W2 — t is a martingale — the fact that makes variance itself tradable.

Itd’s lemma, Equation (12.4), is the chain rule with one extra term,
102 f, dt. Applying it to log S gives the lognormal solution of geometric
Brownian motion; applying it to Xe’ gives the Ornstein-Uhlenbeck
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solution. If you can reproduce those two derivations unaided, you can
follow essentially every pricing argument in this book.
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Risk-Neutral Pricing: Changing Measure

13.1 The Central Idea

A derivative’s price is not the discounted expectation of its payoff under
the real-world probabilities. If it were, two investors with different risk
preferences would disagree about its price, and one of them could be arbi-
traged. Instead, no-arbitrage forces a change of probability measure: prices
are discounted expectations under an artificial measure Q chosen so that
every traded asset earns the risk-free rate.

V, = e "T-DEQ[d(ST) | F. (13.1)

This is the most important equation in derivatives pricing, and the
rest of this chapter explains why Q exists, how to construct it, and how
Equation (13.1) connects to the Black-Scholes PDE.

13.2 The Fundamental Theorems of Asset Pricing

First fundamental theorem.
A market is free of arbitrage if and only if there exists an equivalent
martingale measure Q — a probability measure with the same null
sets as IP under which every discounted traded price S; = S;/B;, with
By =¢t isa martingale.

Second fundamental theorem.
That measure is unique if and only if the market is complete (every
contingent claim is replicable). Uniqueness is what makes a single
price, rather than a no-arbitrage interval, meaningful — and its failure
is exactly why incomplete-market models (stochastic volatility, jumps)
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admit a range of prices and require calibration to observed quotes rather
than derivation from first principles.

13.3 Girsanov’s Theorem

Girsanov’s theorem is the machinery for switching measures. Let 6; be an
adapted process satisfying Novikov’s condition, and define

dQ B T 1 T2
ﬂ?ﬁ_@4<—4 &ﬂ%—EA @%). (13.2)

t
WP:M+/9JS (13.3)
0

Then

is a standard Brownian motion under Q. In words: changing measure
changes the drift of a diffusion and leaves its volatility untouched. That
asymmetry has a direct practical consequence — volatility can be estimated
from historical data and used for pricing, whereas an estimated historical
drift cannot be, because pricing does not use the real-world drift at all.

For geometric Brownian motion, the choice

_ P
6=" (13.4)

is the market price of risk (the Sharpe ratio of the asset), and it transforms
Equation (12.6) into
dS; = r Sy dt + oS dW2. (13.5)

Under Q the stock grows at the risk-free rate, EQ[St] = Spe'T, and the
discounted price is a martingale as the first fundamental theorem requires.

13.4 Feynman-Kac: Expectations Are PDE Solutions

Equation (13.1) gives a price as an expectation; the Black-Scholes PDE gives
it as the solution of a boundary-value problem. The Feynman-Kac theorem
says these are the same object. If dX; = a(Xy, t)dt + b(X;, t)dW; and

u(x,t) =E [e”(T’t)CI)(XT) ’ X; = x] ,
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then u solves

2

881: + agz + ;b%; —ru =0, u(x, T) = O(x). (13.6)
Substituting the risk-neutral dynamics (13.5), with a = rS and b = ¢S, yields
the Black-Scholes PDE exactly as stated in Chapter 9. This equivalence is
why quants can choose their computational weapon freely: Monte Carlo
simulates the expectation, finite differences solve the PDE, and both must
return the same price. Disagreement between them in production is one of
the most reliable ways to find a bug in either.

13.5 The Black-Scholes Formula

Evaluating Equation (13.1) for a European call, ®(St) = (St — K)™, under
the lognormal law implied by Equation (13.5) gives

In(S/K) + (r £ 30?)t
o\/T ’

with T = T — t and ® the standard normal CDF; the put follows from put—call
parity, C— P = S — Ke™'". Appendix D carries out both the replication-based
and expectation-based derivations in full.

C(S,t) = S®(dy) — Ke ""®(dy),  dip = (13.7)

Interpretation matters more than the formula. ®(d,) is the risk-neutral
probability of finishing in the money; ®(d;) is that probability weighted
by the terminal stock price, and is also the hedge ratio A. The two terms
are therefore “expected stock received” minus “expected cash paid,” each
conditional on exercise.

Note the identity © + 202ST +rSA — rV = 0: the Black-Scholes PDE is
a statement about the Greeks. A delta-hedged option position earns gamma
and pays theta, and the equation says those two exactly offset when realised
volatility equals implied volatility. That single sentence is the economic
content of the entire model.

13.6 Changing Numeraire

The risk-free bond is not the only sensible unit of account. If N; is any
strictly positive traded asset, there is a measure QN under which V;/N; is a
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Table 13.1: Black-Scholes Greeks for a European call (t = T —t, ¢ the
standard normal density).

Greek Formula What a desk uses it for
Delta A =d(dy) Directional hedge ratio; shares
held per option
d
Gamma = g)(il) Rate of hedge decay; cost of rebal-
VT ancing
Vega v =S¢(d)\/T Exposure to the volatility surface
d
Theta e = _S9ldye Daily carry of the position
2V
rKe """ ®(dy)
Rho p = Kte "T®(dy) Rate exposure, material for long-
dated books
martingale, giving
\%
V, = N, EQ" [T ]-"t} : (13.8)
Nt

Choosing the numeraire well is one of the field’s genuine labour-saving
devices. Taking N to be the T-maturity zero-coupon bond gives the T-
forward measure, under which the forward rate is a martingale — this is
what makes Black’s formula the market standard for caps and swaptions.
Taking N to be the annuity gives the swap measure. Taking N to be the asset
itself converts a quanto or best-of payoff into a simpler one. Chapter 15 uses
these choices repeatedly.

Pricing is expectation under Q, not IP. Girsanov’s theorem constructs
Q by shifting drift while leaving volatility unchanged; Feynman-Kac
shows the resulting expectation solves a PDE; the Black-Scholes formula
is what that expectation evaluates to under lognormal dynamics. The
practical takeaways: never quote an expectation without naming its
measure, and never use a historical drift estimate in a price.




Simulating Stochastic Models

Most SDEs of practical interest have no closed-form solution, and most
payoffs of practical interest are path-dependent. Simulation is therefore not
a fallback but the default tool of the trade, and knowing its error structure is
what separates a usable pricer from a plausible-looking one.

14.1 Discretisation Schemes

Euler-Maruyama
The direct discretisation of Equation (12.3) over a step At is

X1 = X4+ a(Xu tn) A+ b(X, t )VDEZyy1,  Zpir ~ N(0,1) iid.
(14.1)
It has strong (pathwise) convergence order 1/2 and weak (distributional)
order 1. The distinction is practical: for a European payoff, which depends
only on the terminal distribution, weak order governs the bias; for a path-
dependent or hedging application, strong order does.

Milstein

Adding the next term in the Ito—Taylor expansion gives

. . 1, 9b

Xupr = X+ aMt+bVALZ+ S b= (At Z* — At), (14.2)
which raises strong order to 1 at essentially no computational cost when
db/dx is known analytically. For geometric Brownian motion (b = o,
db/dx = 0) the correction is 302x(At Z2 — At).
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Exact simulation where available

For geometric Brownian motion, never discretise the SDE at all — Equa-
tion (12.7) is exact for any step size:

0.2
Sui1 = Suexp ( (r - 7) At + VAt z) . (14.3)

This also preserves positivity exactly, whereas Euler applied to Equation (12.6)
can produce negative prices for large steps. The same idea extends: the
Ornstein—Uhlenbeck and Vasicek processes have exact Gaussian transition
densities from Equation (12.11), and the CIR process has an exact noncentral
chi-squared transition. Use the exact scheme whenever one exists.

Table 14.1: Discretisation schemes and their convergence orders.

Scheme Strong Weak Use when

Euler-Maruyama 0.5 1.0 Default; European payoffs; quick
prototypes

Milstein 1.0 1.0 Path-dependent payoffs; db/dx
known

Exact (lognormal/- — — GBM, OU, Vasicek: always pre-

Gaussian) ferred

Full truncation Eu- 0.5 1.0 CIR and Heston variance: pre-

ler vents negative variance

Quadratic- — high Heston at large steps; industry

exponential standard

The Heston variance process dv = «(0 — v)dt + /v dW is the classic
trap: plain Euler regularly drives v negative, at which point /v is unde-
fined and the simulation fails or, worse, silently returns nonsense. The
standard fixes are full truncation (replace v by max(v,0) inside the dif-
fusion) or Andersen’s quadratic-exponential scheme. A candidate who
mentions this unprompted in an interview signals real implementation
experience.
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14.2 Monte Carlo Error and Variance Reduction

The Monte Carlo estimator V = e~"T L. yM, @(S(Ti)) has standard error

’ ¢
se(V) = —, 14.4
(V) ~ (14.4)
where ¢ is the payoff’s standard deviation. The vM is unforgiving: one

extra decimal place of accuracy costs a hundred times the paths. Hence the
standard toolkit:

Antithetic variates
Simulate with Z and —Z and average. Free, and effective
whenever the payoff is close to monotone in Z.

Control variates
With a correlated payoff Y of known price, use Vo =V +
c(E[Y] — Y) with optimal ¢* = — Cov(V,Y)/ Var(Y), reduc-
ing variance by the factor 1 — p%,,y. Pricing an Asian option
with the geometric-average Asian (which has a closed form)
as control is the canonical example, and routinely cuts error
by an order of magnitude.

Importance sampling
Shift the sampling measure toward the region that matters.
Indispensable for deep out-of-the-money options and tail-risk
estimation, where most naive paths contribute exactly zero.

Stratification / Latin hypercube
Force even coverage of the sample space rather than relying
on it.

Quasi-Monte Carlo
Replace pseudo-random numbers with low-discrepancy (Sobol)
sequences, improving the rate from O(M~1/2) toward O(M 1)
for smooth, moderate-dimensional problems.

14.3 Reference Implementation
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1 import numpy as np

2> from scipy.stats import norm

def gbm_paths(SO, r, sigma, T, n_steps, n_paths, exact=True, seed=0):
"""Simulate GBM. exact=True uses the closed-form solution (Eq. 4.9);

6 exact=False uses Euler-Maruyama (Eq. 4.19) for comparison."""

'S

[$)]

7 rng = np.random.default_rng(seed)

8 dt = T / n_steps

9 Z = rng.standard_normal ((n_paths, n_steps))
10 S = np.empty((n_paths, n_steps + 1))

11 S[:, 0] = S0

12 for t in range(n_steps):

13 if exact:

14 S[:, t+1] = S[:, t] * np.exp((r - 0.5*sigma**2)*dt

15 + sigma*np.sqrt(dt)*Z[:, t])

16 else:

17 S[:, t+1] = S[:, t] * (1 + rxdt + sigma*np.sqrt(dt)*Z[:, t])
18 return S

20 def mc_call(SO, K, r, sigma, T, n_paths=200_000, seed=0):

21 """Antithetic Monte Carlo price of a European call."""

2 rng = np.random.default_rng(seed)

23 Z = rng.standard_normal (n_paths // 2)

24 Z = np.concatenate([Z, -Z]) # antithetic wariates

25 ST = SO * np.exp((r - 0.5*sigma**2)*T + sigma*np.sqrt(T)*Z)
26 payoff = np.maximum(ST - K, 0.0)

27 price = np.exp(-r*T) * payoff.mean()

28 se = np.exp(-r*T) * payoff.std(ddof=1) / np.sqrt(n_paths)
29 return price, se

31 def bs_call(SO, K, r, sigma, T):

32 dl = (np.log(S0/K) + (r + 0.5*sigma**2)*T) / (sigma*np.sqrt(T))
33 d2 = d1 - sigma*np.sqrt(T)

34 return SO*norm.cdf (d1) - K*np.exp(-r*T)*norm.cdf (d2)

3 if __name__ == "__main__":

37 args = dict(50=100.0, K=105.0, r=0.03, sigma=0.25, T=1.0)

38 mc, se = mc_call(**args)

39 print(£"Monte Carlo: {mc:.4f} (se {se:.4f}) Black-Scholes:

{bs_call (x*args): .4f}")

Listing 14.1: Exact and Euler simulation of geometric Brownian motion, with
an antithetic Monte Carlo price checked against Black-Scholes.
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Two habits this listing encodes are worth carrying into any production
work: always report the standard error alongside a simulated price (a price
without an error bar is an opinion), and always validate a simulation against
a closed-form case before trusting it on the exotic one you actually care
about.

Use exact schemes when the SDE has a known transition law, Milstein
when the payoff is path-dependent, and Euler only when neither applies
— and never let a variance process go negative. Monte Carlo error falls
as 1/+/M, so variance reduction, not raw path count, is where accuracy
is actually bought.
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A Model Zoo: The SDEs Used on Real Desks

“Black-Scholes is not a model of the market. It is the coordinate
system in which the market quotes its disagreement with Black-
Scholes.”

—folk wisdom on every volatility desk

Geometric Brownian motion, Equation (12.6), is where every quant starts
and where no quant stops. Its two structural assumptions — constant volatil-
ity and continuous paths — are contradicted by data every day: implied
volatility varies with strike and maturity (the volatility smile), realized volatil-
ity clusters in time, and prices gap on news. Each model in this chapter
is a specific, minimal repair of one of those defects, and each repair costs
something in tractability.

Read this chapter as a reference rather than a narrative. For each model
you should be able to state the SDE, say which market feature it was built to
explain, and name the price you pay for it. Interviewers ask exactly that, in
exactly that order.

15.1 Why One Model Is Never Enough

Under Black-Scholes, log-returns over [0, T] are exactly normal with variance
2T, so a single number prices every option on the underlying. In practice,
inverting market prices through the Black-Scholes formula strike by strike
gives a function

(K,T) = oimp(K, T),

which for equity indices slopes downward in K (out-of-the-money puts are
expensive), for FX is roughly symmetric and convex, and for interest rates
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and commodities is different again. A non-flat oy is not evidence that
traders are irrational; it is evidence that the true return distribution has fatter
tails and more negative skew than the lognormal, and that volatility itself is
random.

The three repairs available are, in increasing order of ambition:

1. make volatility a deterministic function of price and time — local volatility;
2. make volatility a second stochastic process — stochastic volatility;

3. allow the price to jump — jump diffusion.

Everything in serious production use is one of these three, a hybrid of
two, or a term-structure model built on the same machinery.

15.2 Local Volatility: Dupire

Let volatility be a function of the current price and time, o (S, t), so
dS; = rSpdt + o (S;,t) Sy dWR. (15.1)

The remarkable fact — Dupire’s result — is that if a continuum of European
call prices C(K, T) is observed, the local volatility surface is determined
uniquely:

a£+rKa—C

2 (K, T) = 9T 9K (15.2)
|, 0°C
Ko

In Practice. Equation (15.2) makes local volatility the standard cali-
bration tool for exotic desks: it fits today’s vanilla surface exactly by
construction. Its weakness is dynamic, not static — the model implies
that as spot moves the smile slides in a way markets do not respect,
so forward-starting products and cliquets are mispriced. A model-
validation analyst is expected to know this failure by name.
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15.3 Stochastic Volatility: Heston

Heston (1993) makes the variance v; a square-root mean-reverting process
correlated with the price:

dSy = uSedt + /v Sy dWY,
doy = k(0 — vy) dt + &\/vr dWY, (15.3)
d(W°, W®); = pdt.

The five parameters carry clean economic meanings: 6 is the long-run
variance level, x the speed of reversion (so 1/« is a variance half-life), ¢
the volatility of volatility, p the leverage correlation (negative for equities,
which produces skew), and vy today’s instantaneous variance. Variance stays
strictly positive provided the Feller condition

2K > &2 (15.4)

holds; when it fails, v; can touch zero and simulation schemes must be
chosen with care.

Heston’s practical advantage is that the characteristic function of log St
is known in closed form,

EQ {ei”logST} =exp {C(u,T) + D(u, T)vo + iulogSo},

with C and D solving Riccati ODEs, so vanilla prices follow from a single
Fourier integral in microseconds — fast enough to calibrate to a whole
surface inside an optimizer.

15.4 Stochastic Volatility for Rates and FX: SABR

SABR (stochastic alpha, beta, rho) models a forward F; and its volatility a;
directly:
dFt = LVtFlP thl,

(15.5)
da; = vy dW?, AW, W?), = pdt.

The exponent 8 € [0,1] interpolates between normal (8 = 0) and lognormal
(B = 1) dynamics, v controls smile convexity, and p controls skew. SABR
earned its place on swaption and cap/floor desks because of an asymptotic
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expansion for implied volatility — accurate for short maturities, and quoted
directly as a smile parameterization:

o

z
(FK)1-P)/2 " x(z) | [

Oimp (K, F) =~ 1+ (higher-order terms)|. (15.6)

where
F

v
— Z(FKY1=B)/21n =

z o (FK) n K

Traders think in SABR parameters the way equity traders think in skew and
kurtosis; “the p has moved” is a statement about the market, not about code.

15.5 Jumps: Merton and Bates

Diffusions have continuous paths, so they cannot produce an overnight
—12% gap. Merton (1976) adds a compound Poisson term:

ds;

o = (= Akydt +odW, + (Y ~1)dN,, (15.7)
.

where N; is a Poisson process with intensity A, jump multipliers satisfy
logY ~ N (uj, (TIZ), and k = E[Y — 1] compensates the drift so the discounted
price stays a martingale. Because a European payoff conditional on exactly
n jumps is again lognormal, the price is a Poisson-weighted mixture of
Black-Scholes prices:

VoL

The Bates model superimposes Merton jumps on Heston volatility and is,
in one form or another, what many equity-derivatives desks actually run:
jumps explain the steep short-dated skew, stochastic volatility explains the
long-dated term structure, and neither alone does both.

_)\’ / mTZ
(A D B8 (S0, K, T, ray ), =0+ (158)

15.6 Short-Rate Models

Fixed-income modelling starts from the short rate r; and prices a zero-coupon

bond as T
P(t, T) = E9 [exp <—/ Ts ds> ‘ ]-"t] . (15.9)
t

Three classical specifications:
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Vasicek (1977). Ornstein—Uhlenbeck dynamics,
dry = k(0 — ) dt + cdWZ, (15.10)

so r; is Gaussian and bond prices are affine and closed-form: P(t,T) =
A(t, T)e BT with B(t, T) = (1 — e *(T1) /x. Its known defect — rates
can go negative — was considered fatal until 2014 and is now regarded as a
feature.

Cox-Ingersoll-Ross (1985). A square-root diffusion,
dri = k(0 — 1) dt + o /1 AW, (15.11)

which keeps 7 > 0 (strictly positive under 2xf > o2, the same Feller condi-
tion as Equation (15.4)) and remains affine. CIR reappears far from rates: it
is the variance process in Heston and a standard intensity process in credit.

Hull-White / extended Vasicek. Make the reversion level time-dependent,
dry = (0(t) — xry) dt + o dWR, (15.12)

and choose the function 6(t) so that the model reproduces the observed
initial discount curve exactly. This is the decisive practical step: a model that
cannot reprice today’s bonds cannot be trusted to price a swaption on them.

15.7 Forward-Rate Models: HJM and LIBOR Market Models

Heath—Jarrow—Morton models the whole instantaneous forward curve f (¢, T)
at once,

d .

df(t,T) = a(t, T)dt + Y oi(t, T)dWj, (15.13)

i=1
and its central result is that absence of arbitrage determines the drift from the

volatilities:

d T

a(t,T) = Y it T) / oi(t u) dut. (15.14)
i=1 f

Equation (15.14) is the fixed-income analogue of “drift equals r under Q”:
you calibrate volatility structure, and no-arbitrage supplies the rest. Market
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models (BGM/LMM) restate the same idea in terms of discretely com-
pounded forward rates that are directly observable and directly hedgeable,
which is why they, not HJM in its abstract form, are what sits in production
libraries.

15.8 Credit: Structural and Intensity Models

Merton’s structural model. Treat equity as a call option on firm assets V;
with strike equal to debt D:

AV, = uyVidt + oy Vi dW,,  Er = max(Vy — D, 0), (15.15)
giving a default probability and a distance to default
In(Vo/D) + (uv — 303)T

DD = ,
O'V\/T

P(default) = &(—DD). (15.16)

Reduced-form (intensity) models. Let default arrive as the first jump of a
process with stochastic intensity A, so survival to T has probability

Q(t > T) = EQ [exp (— /OT As ds)] , (15.17)

and a CDS spread is approximately s ~ A(1 — R) for recovery R. Reduced-
form models calibrate to traded spreads; structural models explain them.
Risk teams use both, for different questions.

15.9 Rough Volatility and What Comes Next

Empirically, the log of realized volatility behaves like fractional Brownian
motion with Hurst exponent H ~ 0.1 — far rougher than the H =1/2 of a
diffusion. The rough Bergomi family writes

~ —~ t
o =voexp (g W - 5RH), Wi = \/2111/O (t— )T 3aw,, (15.18)

and fits the observed steepness of short-dated skew with two or three
parameters where conventional stochastic volatility needs recalibration. The
cost is that the variance process is no longer Markovian, so PDE methods
are unavailable and pricing is simulation- or neural-network-based. This
is currently the most active research area in derivatives modelling, and a
defensible answer to “what would you read next?”
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15.10. Choosing a Model

Table 15.1: What each model repairs, and what it costs.

Model Built to explain Tractability Typical desk
GBM /  Nothing beyond a price Closed form All (as a quoting
Black- quote; the common lan- convention)
Scholes guage
Local volatil- Today’s full vanilla sur- PDE, fast Exotics calibration
ity face, exactly
Heston Smile plus volatility Fourier / semi-closed Equity, FX vanillas
clustering
SABR Smile in rates and FX Asymptotic formula  Swaptions, cap-
forwards s/floors
Merton Gaps, fat short-dated Series of BS prices Equity, credit-
jumps tails linked
Bates Skew and term structure Fourier Equity derivatives
together
Vasicek / Mean-reverting rates; Affine, closed form Rates research,
CIR positivity (CIR) ALM
Hull-White  Exact fit to today’s Affine, closed form Rates, XVA
curve
HJM / LMM Whole curve, observ- Simulation Rates exotics
able forwards
Rough Roughness of realized Simulation only Volatility research
volatility vol; short-dated skew

authority over what does not.

Key Takeaways. Every model past Black-Scholes exists to repair one
specific empirical failure: local volatility fits the static surface, stochas-
tic volatility (Heston, SABR) adds random volatility and hence smile
dynamics, jump models add discontinuity, and short-rate and forward-
rate models transplant the machinery to fixed income. No model is
“correct” — you choose the one whose failure mode is harmless for
the product you are pricing, and you are expected to be able to name
that failure mode out loud. Calibration to liquid instruments is not a
technicality; a model that cannot reprice what already trades has no



Chapter 15. A Model Zoo: The SDEs Used on Real Desks

Quantie 90



PAarT IV

Programming and the
Technology Stack

91






The Python Roadmap

Python is the default language of quantitative finance today — not because it
is the fastest (it isn’t), but because it offers the best combination of readability,
an enormous data and scientific computing ecosystem, and speed of iteration
for research. A realistic learning roadmap, in order:

Core language. Variables, data types, control flow, functions, error
handling, and — critically for interviews — object-oriented programming
(classes, inheritance) and basic data structures and algorithms (lists,
dictionaries, sorting, searching, complexity analysis).

Scientific stack. NumPy for array computation, Pandas for tabular/time-
series data, Matplotlib/Plotly for visualization.

Statistics and ML. SciPy for statistical functions and optimization, scikit-
learn for classical machine learning.

. Deep learning (if relevant to your target role). PyTorch or TensorFlow.

Production skills. Git, SQL, Linux command line, basic Docker and
cloud familiarity.

A short, idiomatic example — computing rolling realized volatility, a

routine task in almost every quant role — illustrates the level of fluency
expected:

5

~

import numpy as np
import pandas as pd

def realized_vol(prices: pd.Series, window: int = 21) -> pd.Series:
"""Annualized rolling realized volatility from daily close prices."""
log_ret = np.log(prices / prices.shift(1))
return log_ret.rolling(window).std() * np.sqrt(252)
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8
9 vol = realized_vol(price_series, window=21)

Listing 16.1: Rolling annualized realized volatility in Pandas.



The Quantitative Finance Technology Stack

This chapter surveys the tools you will encounter on the job, organized by
purpose, with guidance on when each is actually used — a common mistake
among self-taught candidates is learning tools in the wrong order or with
the wrong priority.

17.1 Data and Numerical Computing

NumPy

Pandas

SciPy

Polars

The foundation of numerical computing in Python — array
operations, linear algebra, random number generation. Used
everywhere; learn this first.

The standard tool for tabular and time-series data manipulation
— cleaning, merging, resampling, rolling-window calculations.
Used everywhere in research and reporting.

Statistical distributions, optimization routines, interpolation,
and numerical integration — the standard toolkit for imple-
menting pricing and calibration algorithms.

A newer, Rust-backed DataFrame library offering significantly
faster performance than Pandas on large datasets; increasingly
used at firms processing tick-level or large historical datasets
where Pandas becomes a bottleneck.

Matplotlib & Plotly

Matplotlib for quick, static research plots; Plotly for interac-
tive dashboards and presentations, particularly when sharing
results with non-technical stakeholders.
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17.2 Machine Learning and Al

PyTorch

TensorFlow

JAX

The dominant deep learning framework in research settings
today, valued for its flexibility and debuggability; the default
choice for most new quant research involving neural networks.

Still common in some production ML pipelines and at firms
with legacy TensorFlow infrastructure, though PyTorch has
become the more common choice for new projects as of the
mid-2020s.

Used where speed and automatic differentiation over custom
numerical code matter — increasingly popular for research
requiring fast, differentiable simulations (e.g., differentiable
Monte Carlo pricing, custom optimization).

17.3 Data Engineering and Infrastructure

SQL

Git

Linux

Docker

Non-negotiable. Almost every firm stores market data, posi-
tions, and trade history in relational or columnar databases;
SQL fluency (joins, window functions, query optimization) is
assumed at interview for nearly every quant-adjacent role.

Version control is a baseline professional skill, not a specialized
one — expected of every candidate regardless of role.

Most production trading and research infrastructure runs on
Linux; comfort with the command line, shell scripting, and pro-
cess management is expected, especially for quant developer
and infrastructure-adjacent roles.

Used to package research and production code into repro-
ducible, portable environments — increasingly expected even
of research-focused quants, not just engineers.

Cloud (AWS/Azure/GCP)

Used for scalable data storage, distributed computation (e.g.,
large backtests, model training), and increasingly for produc-
tion trading infrastructure at newer firms. Chapter 31.9 covers
relevant certifications.
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17.4 Market Data and Execution Infrastructure

Bloomberg API (BLPAPI)
The standard way to programmatically pull Bloomberg Termi-
nal data (prices, fundamentals, analytics) into Python or Excel;
ubiquitous on the buy side and sell side alike.

Refinitiv (formerly Thomson Reuters) Eikon/Workspace API
A major alternative/competitor to Bloomberg for market data
access, common at firms that use Refinitiv as their primary
data vendor.

Interactive Brokers API
A widely used API for retail and small-institutional algorithmic
trading, popular for personal projects and smaller trading
operations due to its relatively low cost of access.

FIX Protocol
The Financial Information eXchange protocol is the standard
messaging protocol for communicating orders and executions
between trading systems, exchanges, and brokers — relevant
knowledge for quant developer and trading-systems roles
specifically.

17.5 Performance-Critical and Systems Languages

C++ The dominant language for latency-sensitive trading systems
(market making, high-frequency trading, pricing libraries em-
bedded in larger systems) where Python’s overhead is unac-
ceptable. Expected for quant developer and HFT engineering
roles; not required for most research roles.

CUDA NVIDIA’s parallel computing platform, used to run computa-
tion — particularly Monte Carlo simulation and deep learning
training — on GPUs for large speedups. Relevant for computa-
tionally heavy pricing and ML-training workloads.

Rust Increasingly adopted for performance-critical infrastructure
where C++’s memory-safety pitfalls are a liability; still a smaller
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Julia

share of the industry than C++ but growing, especially at newer,
tech-forward trading firms.

Designed specifically to combine Python-like ease of use with
C-like performance; has a devoted niche following in quantita-
tive finance and academia (notably at some central banks and
macro-focused research groups) but has not displaced Python
or C++ as the industry default.

17.6 When Each Language Is Actually Used

Table 17.1 gives a practical summary — a frequent point of confusion for
newcomers deciding what to learn first.

Table 17.1: Typical usage patterns by language, across common quant role

types.
Language Primary Use Typical Roles
Python Research, prototyping, data Quant researcher, data scien-
analysis, ML, most day-to-day tist, risk analyst, most roles
work
C++ Low-latency execution, produc- HFT engineer, quant devel-
tion pricing libraries oper, trading systems devel-
oper
SQL Querying and managing struc- Nearly every role
tured data
R Statistical research, some aca- Academic quants, some
demic and actuarial contexts risk/actuarial teams
Rust Safety-critical, high- Quant developer (select firms)
performance infrastructure
Julia Fast numerical research code Research-heavy roles at select

without leaving a high-level lan-
guage

funds, central banks

If you can learn only one language deeply before applying for roles,
learn Python — and learn it deeply enough to pass a live coding
interview, not just well enough to run a Jupyter notebook. C++ matters



17.6. When Each Language Is Actually Used

enormously for a specific subset of roles (Part VII) but is not the default
starting point for most quant careers.
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The Structure of Capital Markets

Mathematics and code are necessary but not sufficient. Every role profiled
in Part VII assumes fluency in the instruments and markets described in
this chapter — interviewers routinely ask newcomers to explain, in plain
language, what a swap is or why the yield curve matters, and a hesitant
answer here can undo an otherwise strong technical interview.

18.1 Money Market

The money market covers short-term (typically under one year) borrowing and
lending instruments: Treasury bills, commercial paper, certificates of deposit,
and repurchase agreements (repos). It is the plumbing of the financial system
— banks, corporations, and governments use it to manage short-term liquidity,
and central banks use it as the primary channel through which monetary
policy is transmitted (via the policy rate and open market operations).

18.2 Equity

Equity represents ownership in a company. Equity markets are the most
familiar to newcomers — stocks, indices, IPOs — and generate the majority
of retail financial-media coverage, but represent only one of many asset
classes a quant may work with. Key quant-relevant concepts include market
capitalization, dividend policy, corporate actions (splits, buybacks) and their
effect on historical price data, and the equity risk premium.
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18.3 Fixed Income

Fixed income securities — government and corporate bonds — promise a
stream of future cash flows. Their prices move inversely with interest
rates, and quantifying that sensitivity (duration and convexity, covered in
Chapter 18.3) is one of the most important quantitative skills in the asset
class. The yield curve — the relationship between yield and maturity across
government bonds of different tenors — is one of the single most information-
rich objects in all of finance, reflecting market expectations of future growth,
inflation, and monetary policy.

18.4 Foreign Exchange (FX)

The FX market is the largest and most liquid financial market in the world
by trading volume, where currencies are exchanged against one another. FX
is central to macro trading, international portfolio hedging, and emerging-
market risk analysis, and involves its own derivatives (forwards, swaps,
options) used to hedge currency exposure.

18.5 Derivatives

A derivative is a contract whose value is derived from an underlying asset —
options, futures, forwards, and swaps are the four basic building blocks, from
which a vast range of more complex (“exotic”) instruments are constructed.
Derivatives are used for hedging (reducing risk), speculation (taking a view),
and arbitrage (exploiting mispricings), and they are the instrument class
most closely associated with quantitative finance historically, given the
mathematical sophistication required to price and hedge them (Chapter 21.2).

18.6 Credit

Credit risk and credit markets concern the possibility that a borrower fails to
meet its obligations. Corporate bonds, loans, and credit derivatives (credit
default swaps) all price in a credit spread — compensation for default risk
over and above the risk-free rate. Credit risk modeling (Chapter 22.2) is one
of the largest employers of quantitative talent in banking, driven heavily by
regulatory requirements.



18.7. Commodities

18.7 Commodities

Commodities markets — oil, natural gas, metals, agricultural products —
have distinctive dynamics driven by physical supply and demand, storage
costs, and seasonality, in addition to the financial factors that drive other
asset classes. Commodity derivatives (futures, especially) are central to
how producers and consumers hedge price risk, and commodities quant
roles (Chapter 28) require understanding these physical-market dynamics
alongside standard derivatives mathematics.

18.8 Structured Products

Structured products combine multiple underlying instruments (typically a
bond plus one or more derivatives) into a single security with a customized
risk/return profile — for example, principal-protected notes that guarantee
return of capital while offering upside participation in an equity index.
Designing, pricing, and risk-managing these products is a core financial
engineering activity (Section 1.5).

18.9 Crypto and Digital Assets

Cryptocurrencies and digital assets have, since roughly 2017, developed in-
creasingly sophisticated derivatives markets (perpetual futures, options) and,
more recently, institutional trading infrastructure that mirrors traditional
finance. Quant roles in crypto span market making, on-chain data analysis,
and adapting traditional derivatives-pricing theory to markets with different
microstructure (24/7 trading, fragmented liquidity, and unique risks such as
smart-contract and custody risk).

18.10 ESG

ESG (Environmental, Social, and Governance) investing incorporates non-
financial criteria into investment decisions, either as an ethical screen or,
increasingly, as a source of quantifiable financial risk (e.g., climate transition
risk affecting long-horizon asset values). ESG data is notoriously inconsistent
across providers, creating a genuine quantitative research problem: how to
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construct a reliable, comparable ESG signal from noisy, non-standardized

data.

18.11 Alternative Investments

Alternative investments — private equity, venture capital, hedge funds, real
estate, infrastructure — sit outside traditional public equity and fixed income
markets. They are typically illiquid, valued infrequently (creating distinctive
statistical challenges such as smoothed and autocorrelated return series),
and require different risk and performance-measurement frameworks than
daily-traded public assets.

Table 18.1: Capital markets asset classes at a glance.

Asset Class

Defining Risk

Where Quants Work

Money Market
Equity
Fixed Income

FX
Derivatives

Credit
Commodities
Structured Prod-
ucts

Crypto

ESG

Alternatives

Liquidity, short-term rates
Market (price) risk
Interest rate risk

Currency risk
Volatility, path-dependency

Default risk

Physical supply/demand, ba-
sis risk

Combined market and struc-
tural risk

Volatility, custody, liquidity
fragmentation

Data quality, transition/cli-
mate risk

Mliquidity, valuation risk

Treasury, ALM, money mar-
kets desks

Quant research, factor invest-
ing, market making

Rates quants, ALM, fixed in-
come research

Macro trading, hedging desks
Pricing quants, structuring,
risk

Credit risk, CVA /XVA, struc-
tured credit
Commodities/energy quants

Financial engineering, struc-
turing
Crypto quant, market making

ESG quant, climate risk ana-
lyst

Portfolio analytics, private
markets research
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This part surveys the major technical topics that define quantitative
finance as a discipline in 2026. Each topic could (and often does) fill an
entire textbook; the goal here is to give you a working map of what each
field covers, why it matters, and where to go deeper (Part XII).
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Portfolio Management and Asset Pricing

19.1 Portfolio Theory

Modern Portfolio Theory (Section 1.3) formalizes the idea that a rational
investor cares about both expected return and risk (variance), and that com-
bining imperfectly correlated assets reduces portfolio risk without propor-
tionally reducing expected return. The efficient frontier — the set of portfolios
offering the highest expected return for each level of risk — remains the
conceptual starting point for essentially all portfolio construction, even as
practitioners have moved well beyond simple mean-variance optimization to
address its well-documented weaknesses: extreme sensitivity to estimation
error in expected returns, and unrealistic concentration in a small number of
assets.

19.2 Optimization Methods in Finance

Building on Chapter 10, practical portfolio optimization extends the basic
Markowitz framework in several important directions:

Risk Parity / Hierarchical Risk Parity
Allocate risk (not capital) equally across assets or asset clusters,
avoiding the concentration risk of naive mean-variance opti-
mization and the instability caused by noisy expected-return
estimates.

Risk Budgeting
Explicitly allocate a total risk budget across positions or strate-
gies according to conviction or diversification objectives, rather
than optimizing a single objective function.
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Drawdown-Based Optimization
Optimize directly against drawdown-related risk measures
— Average Drawdown (ADD), Maximum Drawdown (MDD),
Drawdown-at-Risk (DaR), and Conditional Drawdown-at-Risk
(CDaR) — which better reflect the loss experience that actually
drives investor behavior than variance does.

VaR and ES Optimization
Optimize portfolios directly against Value-at-Risk or Expected
Shortfall constraints rather than variance, particularly relevant
when return distributions are non-normal.

Component and Marginal VaR
Decompose total portfolio VaR into the contribution of each
position (component VaR) and the sensitivity of total VaR to a
small change in each position (marginal VaR), used for both
risk attribution and optimization.

Black-Litterman Model
Combines market-implied equilibrium returns with an in-
vestor’s subjective views (and confidence in those views) using
a Bayesian framework, producing more stable and intuitive
portfolios than feeding raw historical expected returns into a
mean-variance optimizer.

19.3 Factor Investing

Factor investing decomposes asset returns into exposures to a small number
of systematic risk factors — market, size, value, momentum, quality, and
low-volatility are the most widely studied equity factors — plus asset-specific
residual risk. The insight, developed from the CAPM (Section 1.3) through
the Fama-French three- and five-factor models, is that much of what appears
to be manager skill (“alpha”) is actually compensated exposure to these
systematic factors (“beta”). Factor investing underlies both smart-beta index
products and much of institutional quantitative equity research today.



19.4. Asset Pricing

19.4 Asset Pricing

Asset pricing theory asks a foundational question: why do different assets
earn different average returns? The two dominant frameworks are the
CAPM (return is explained by exposure to overall market risk) and Arbitrage
Pricing Theory / multi-factor models (return is explained by exposure
to multiple systematic factors). Modern asset pricing also incorporates
behavioral finance — systematic deviations from rational behavior that
create persistent, exploitable patterns — and continues to be one of the most
actively researched areas in both academic finance and industry quantitative
research.
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Data-Driven Finance: Time Series, Machine
Learning, and Reinforcement Learning

20.1 Time Series Analysis

Financial data arrives sequentially through time, with dependence struc-
tures that violate the independence assumptions of standard statistics —
making time series analysis one of the most fundamental technical skills
in quantitative research. Core topics include ordinary least squares and its
underlying assumptions, statistical tests for those assumptions, weighted
OLS, tests of normality, autoregressive (AR), moving average (MA), and
ARIMA models, cointegration (the basis of statistical arbitrage and pairs
trading), vector autoregression (VAR) for modeling multiple interdependent
series, and the ARCH/GARCH family of models for time-varying volatility
— alongside practical volatility estimators such as exponentially weighted
moving average (EWMA) and range-based estimators (Parkinson, Garman-
Klass, Rogers—Satchell, Yang-Zhang) that extract more information from
OHLC price data than close-to-close returns alone.

20.2 Machine Learning

Machine learning in finance spans supervised learning (linear and logistic
regression, Lasso/Ridge/Elastic Net regularization, decision trees, support
vector machines, and ensemble methods such as random forests and gradient
boosting), unsupervised learning (PCA, Independent Component Analysis,
Linear Discriminant Analysis, self-organizing maps, and clustering algo-
rithms), and the practical machinery of applied ML: handling imbalanced
classification (common in default and fraud prediction, where positive cases
are rare), feature engineering, hyperparameter tuning, cross-validation, and
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building reproducible pipelines. A distinctive challenge in financial ML,
compared to other domains, is that standard cross-validation techniques
can leak information across time-dependent samples; techniques adapted
specifically for financial time series (purged and embargoed cross-validation)
are an active and important area of practice.

20.3 Deep Learning

Deep learning extends classical machine learning with neural network ar-
chitectures capable of learning hierarchical representations directly from
data: multilayer perceptrons (MLPs) for tabular data, convolutional neural
networks (CNNSs) for spatial or grid-like structure, and recurrent architec-
tures (RNNs, LSTMs, GRUs) and, more recently, Transformer architectures
for sequential and time-series data. Understanding activation functions,
optimizers (SGD, Adam and its variants), and the practicalities of model
tuning (regularization, early stopping, learning rate schedules) is essential to
applying these architectures reliably rather than merely running example
code.

20.4 Reinforcement Learning

Reinforcement learning (RL) frames decision-making as an agent learning to
act in an environment to maximize cumulative reward, formalized through
Markov Decision Processes. In finance, RL has been applied to trading strat-
egy execution, portfolio rebalancing, and optimal execution and transaction-
cost minimization, using both value-based methods (e.g., Q-learning and its
deep-learning extensions) and policy-based methods (e.g., policy gradient
methods). A central practical challenge is that financial markets are non-
stationary — the dynamics an RL agent learns from historical data may not
hold in the future — making risk-aware, constrained RL formulations and
rigorous out-of-sample robustness testing essential rather than optional.



Derivatives, Stochastic Calculus, and Numeri-
cal Methods

21.1 Stochastic Calculus for Finance

Stochastic calculus extends ordinary calculus to functions of random processes,
and is the mathematical foundation of modern derivatives pricing. Key build-
ing blocks include Brownian motion (the continuous-time random walk that
models the “noise” driving asset prices), the Kolmogorov forward and back-
ward equations describing how probability distributions evolve, It6’s Lemma
(the stochastic-calculus analogue of the chain rule, essential for deriving
how a function of a random process — like an option price — changes
over time), and stochastic differential equations (SDEs), the standard way
to specify models of asset price dynamics. Martingale theory, the Girsanov
theorem (which allows changing the probability measure under which an
asset’s expected return is calculated — the mathematical machinery behind
risk-neutral pricing), the Radon—-Nikodym derivative (which formalizes that
change of measure), and the Feynman-Kac formula (which connects PDEs to
expectations, linking Chapter 9’s PDE approach to Chapter 7’s probabilistic
approach) together form the theoretical core from which the Black-Scholes
model, interest rate models, and stochastic volatility models are all derived.

21.2 Derivatives and Option Pricing

Before reaching for stochastic calculus, every options trader and researcher
needs command of the no-arbitrage relationships and practical tools of
options markets: put—call parity (the model-free relationship linking call and
put prices), common option strategies (spreads, straddles, collars) and their
payoff diagrams, the Black-Scholes model and its assumptions, binomial and
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trinomial tree methods (which price options by discretizing time and price
movements, and generalize more easily than Black-Scholes to American-style
early exercise), the Greeks (Chapter 6), and implied volatility — the volatility
input that, when plugged into Black-Scholes, reproduces the market price of
an option. The fact that implied volatility varies systematically across strikes
and maturities (the volatility smile and volatility surface) is one of the most
important empirical departures from the basic Black-Scholes model, and
much of derivatives research is devoted to models that capture it correctly.

21.3 Interest Rate Models and Stochastic Modeling

Fixed income and interest rate derivatives require models of the entire yield
curve evolving through time, not just a single asset price. Widely used short-
rate models (Vasicek, Cox-Ingersoll-Ross, Hull-White) and market models
(LIBOR/SOFR market models) are calibrated to current market prices using
maximum likelihood estimation (MLE) and other calibration techniques, then
used for Monte Carlo simulation-based pricing of interest rate derivatives,
alongside stochastic volatility models (e.g., Heston, SABR) that capture the
volatility smile in equity and rates markets, and jump-diffusion models
that capture sudden, discontinuous price moves that pure diffusion models
cannot.

21.4 Numerical Methods

Most real-world pricing and risk problems have no closed-form solution
and must be solved numerically. Core techniques include (pseudo-)random
number generation and variance reduction methods (antithetic variates,
control variates, importance sampling) that make Monte Carlo simulation
computationally efficient; finite difference methods for numerically solving
the PDEs of Chapter 9; Euler (and higher-order) discretization schemes for
simulating the SDEs of Section 21.1; and matrix decompositions (Cholesky
and LU decomposition) used both to simulate correlated random variables
and to solve the linear systems that arise throughout numerical finance.
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21.5 Monte Carlo Methods

Monte Carlo simulation prices and risk-manages instruments too complex
for closed-form or PDE-based solutions by simulating a large number of
random price paths and averaging the resulting discounted payoffs. It is the
workhorse technique for path-dependent exotic options, portfolio-level risk
measures (VaR, Expected Shortfall) that must account for complex, nonlinear
interactions across many positions, and counterparty risk / XVA calculations
(Chapter 22.4) that require simulating an entire portfolio’s exposure profile
through time.
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Financial Risk Management

22.1 Market Risk Analysis

Market risk is the risk of loss from movements in market prices — equities,
rates, FX, commodities, credit spreads. The dominant measure historically
has been Value-at-Risk (VaR), the loss level that will not be exceeded with a
given confidence (e.g., 99%) over a given horizon, though Expected Shortfall
(ES) — the average loss beyond the VaR threshold — has become the reg-
ulatory standard measure under the Fundamental Review of the Trading
Book (FRTB) precisely because VaR does not describe how bad losses in
the tail actually get. Stress testing (evaluating portfolio losses under spe-
cific historical or hypothetical extreme scenarios), liquidity risk, tail risk
analysis, and Asset-Liability Management (ALM, matching the interest-rate
and liquidity profile of assets and liabilities, central to how banks manage
balance-sheet risk) round out the market risk toolkit, all conducted within
the Basel regulatory capital framework.

22.2 Credit Risk Analysis

Credit risk modeling quantifies the risk that a borrower or counterparty fails
to meet its obligations, built around three core parameters: Probability of
Default (PD), Loss Given Default (LGD), and Exposure at Default (EAD), whose
product gives expected loss. Under the IFRS 9 accounting standard, banks
must estimate both 12-month and lifetime Expected Credit Loss (ECL) and
classify exposures into stages based on credit deterioration since origination
— a major driver of quantitative hiring in credit risk teams over the past
decade. CVA (Credit Valuation Adjustment) and DVA (Debit Valuation Ad-
justment) price counterparty credit risk into derivatives valuations directly
(Section 22.4), credit derivatives (Section 18.3) allow credit risk to be traded
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and hedged separately from the underlying bond, and models are continu-
ously stress-tested and validated against regulatory rating methodologies.

22.3 Liquidity Risk

Liquidity risk takes two related forms: funding liquidity risk (the risk a firm
cannot meet its cash obligations as they come due) and market liquidity risk
(the risk that a position cannot be exited, or can only be exited at a significant
price concession, due to insufficient market depth). The 2008 financial crisis
was as much a liquidity crisis as a solvency crisis, driving the post-crisis
regulatory focus on liquidity coverage ratios and net stable funding ratios as
core elements of the Basel III framework.

22.4 Counterparty Risk and XVA

Counterparty risk is the risk that the other side of a derivatives transaction
defaults before the contract’s obligations are fulfilled. Since the 2008 crisis,
banks price a whole family of valuation adjustments — collectively XVA —
into derivatives to account for this and related risks: CVA (counterparty
default risk), DVA (own default risk), FVA (funding valuation adjustment,
the cost of funding uncollateralized derivatives positions), and others. Com-
puting XVA requires simulating the joint evolution of a portfolio’s exposure
and the counterparty’s credit quality across thousands of Monte Carlo paths,
making it one of the most computationally demanding areas of derivatives
quant work, and the domain of the dedicated XVA quant role profiled in
Part VIL

22.5 Model Validation and Model Risk

Every model described in this book — pricing, risk, credit — can be wrong,
and model risk is the risk of loss arising from that possibility: an incorrect
model, incorrect implementation, or a model used outside the conditions
for which it was designed. Model validation is the independent function
(kept organizationally separate from model development, a regulatory re-
quirement under frameworks such as the U.S. Federal Reserve’s SR 11-7)
responsible for reviewing, testing, and challenging models before and after
deployment, covering conceptual soundness, implementation testing, and



22.5. Model Validation and Model Risk

ongoing performance monitoring. This has grown into one of the largest
sources of quantitative hiring in banking, profiled in detail as the Model
Validation Analyst role in Part VII.
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Advanced Statistical Methods in Finance

23.1 Financial Econometrics

Financial econometrics applies statistical methods specifically adapted to the
properties of financial data: fat-tailed and skewed return distributions, volatil-
ity clustering (large moves tend to be followed by large moves, of either
sign), and structural breaks or regime changes that violate the assumption of
a stable data-generating process. It provides the statistical rigor underneath
nearly every model in Part VI — testing whether a factor model’s residuals
are well-behaved, whether a trading signal’s apparent edge is statistically
significant after accounting for multiple testing, or whether a volatility model
is correctly specified.

23.2 Bayesian Finance

Bayesian methods treat model parameters as random variables with a prior
distribution, updated using observed data via Bayes’ theorem to produce a
posterior distribution — a natural framework for combining limited financial
data with pre-existing views or theory (as in the Black-Litterman model, Sec-
tion 19.2), quantifying parameter uncertainty explicitly rather than reporting
a single point estimate, and updating beliefs sequentially as new data arrives
(closely related to the Kalman filtering discussed in Chapter 5).
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The Frontier: AI and Emerging Technologies
in Finance

24.1 Graph Neural Networks

Many financial systems are naturally structured as graphs: companies con-
nected by supply-chain relationships, counterparties connected by deriva-
tives exposures, or transactions connected by shared accounts. Graph Neural
Networks (GNNs) extend deep learning to this relational structure directly,
and are increasingly applied to fraud detection, systemic risk analysis (model-
ing contagion through a network of interconnected institutions), and supply-
chain-aware credit risk assessment, where the relationships between entities
carry as much predictive information as the entities” own attributes.

24.2 LLMs in Finance

Large language models (LLMs) are increasingly used to process the vast amount
of unstructured text in finance — earnings call transcripts, regulatory filings,
news, and research reports — for sentiment analysis, automated summariza-
tion, and information extraction at a scale and speed no human research
team could match. Quantitative teams are actively researching how to com-
bine LLM-extracted signals with traditional structured market data, and how
to validate and govern LLM outputs given their well-documented tendency
to produce plausible-sounding but incorrect content (“hallucination”) in a
domain where errors have direct financial consequences.
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24.3 Agentic Al

Agentic Al systems — Al systems capable of planning and taking multi-step
actions toward a goal, often orchestrating multiple tools or sub-models —
are beginning to be applied to automated trading, portfolio, and execution
workflows, and to research support (autonomously gathering and synthesiz-
ing information for an investment thesis). This raises new categories of risk
beyond traditional market and credit risk: operational risk from autonomous
decision-making, workflow risk when agents interact with live systems, and
a growing need for governance, validation, and human-oversight frameworks
specifically designed for Al-driven financial systems — an area regulators
and risk-management functions are actively developing standards for as of
2026.

244 Quantum Computing in Finance

Quantum computing remains an emerging, largely research-stage technology
in finance, but several financial problems are natural candidates for quantum
speedups once hardware matures: portfolio optimization (a combinatorial
optimization problem that quantum annealing and gate-based quantum
optimization algorithms target directly), Monte Carlo simulation (where
quantum amplitude estimation offers a theoretical quadratic speedup over
classical Monte Carlo’s convergence rate), and risk-factor simulation more
broadly. Major banks and technology firms maintain dedicated quantum
computing research groups, though as of 2026 practical, fault-tolerant quan-
tum advantage for these problems remains a research goal rather than a
production reality.



Market Microstructure and Trading

25.1 Market Microstructure and Execution Research

Market microstructure studies how the specific mechanics of trading — order
types, the limit order book, bid-ask spreads, market maker behavior, and
venue fragmentation — determine prices and trading costs, in contrast to
asset pricing theory’s focus on longer-horizon equilibrium prices. Execution
research applies this understanding to the practical problem of trading a large
order with minimal cost: balancing market impact (moving the price against
yourself by trading too aggressively) against timing risk (the price moving
away from you while you wait), a trade-off formalized by the Almgren—
Chriss optimal execution framework building on the optimization theory in
Chapter 10.

25.2 Trading Methodology: Technical Analysis and Quantitative
Strategies

Technical analysis — using historical price and volume patterns to inform
trading decisions — predates quantitative finance and remains widely used,
though quantitative researchers typically demand statistical evidence that a
given technical pattern has genuine, out-of-sample predictive power rather
than accepting it on tradition alone. Quantitative trading strategies range
from systematic implementations of classical ideas (trend-following, mean-
reversion, momentum) to statistical arbitrage (exploiting temporary mispric-
ings between related instruments, often using the cointegration techniques
of Section 20.1) to high-frequency market making, all sharing a common dis-
cipline: a strategy is only as good as its rigorously backtested, out-of-sample,
transaction-cost-adjusted performance — not its story.
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No single quant masters all twenty-plus topics in this part. Most
quantitative careers specialize deeply in two or three of these areas
(for example: credit risk, model validation, and financial econometrics;
or option pricing, stochastic calculus, and numerical methods) while
maintaining working fluency in the rest. Part VII shows exactly which
topic clusters map to which roles.
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How to Use This Career Guide

This is the most detailed part of the book, and deliberately so: the single most
common question this book was written to answer is “given my background,
what job title should I actually be looking for, and what do I need to know
to get it?”

Rather than a superficial list of eight or ten job titles, this part profiles
ten roles in full depth — Risk Analyst, Model Validation Analyst, Quantitative
Researcher, Financial Analyst, Quantitative Trader, ALM Risk Manager, Data
Scientist, Portfolio Manager, Credit Risk Analyst, and Model Risk / Governance
Specialist — chosen because together they cover the roles most quantitative-
finance newcomers actually target and the roles real hiring managers most
often list under “quantitative and related roles.” Chapter 28 then surveys a
further two dozen adjacent titles in condensed form, so you can see how the
wider landscape connects to the ten core profiles.

26.1 The Profile Template
Every core role profile in Chapter 27 follows the same structure:

Overview  What the role is and where it sits in an organization.
Daily work What the job actually looks like week to week.

Required mathematics / programming / finance / statistics
The specific technical prerequisites, at the level actually ex-
pected — not an idealized maximum.

Tools The specific software, languages, and platforms used day to
day.



Chapter 26. How to Use This Career Guide

Sample interview questions
Representative questions to practice against (Part X covers
interview preparation in general).

Typical employers
The kinds of firms that hire for this role.

Indicative salary — India and United States

Approximate compensation ranges as of early 2026. These are
directional estimates only, based on typical ranges reported
by recruiters and compensation platforms at the time of writ-
ing; they vary substantially by city, firm tier, and individual
experience, and should be independently verified (e.g., via
Glassdoor, Levels.fyi, or AmbitionBox) before being used in
salary negotiations.

Career progression
A typical trajectory from entry-level to senior levels.

Difficulty level
A rough, subjective indication of how hard the role is to break
into from outside the industry (Entry-Accessible, Moderate, or
Highly Competitive).

Recommended projects
Specific, concrete projects that would meaningfully strengthen
an application for this role.

26.2 Choosing Among the Core Roles

Figure 26.1 gives a rough guide to which of the ten core roles best matches
your primary interest.



 Finding new alpha |
/ trading signals
—+ Quantita-
tive Researcher

Making live
trading decisions
—+ Quantita-
tive Trader

/—A
Building/managing

.

Measuring and con-
trolling market risk

investment
portfolios
— Portfo-

lio Manager

— Risk Analyst

What draws
you most?

rower/counter-

— Credit
Risk Analyst

26.2. Choosing Among the Core Roles

Testing and

challenging other
people’s models
— Model Vali-

dation Analyst
—
Assessing bor-

party default risk

~.[  Data-driven
prediction &

analytics broadly

— Data Scientist

Governing model
use across an
institution
— Model Risk
/ Governance

Figure 26.1: A rough interest-based guide to the core roles in this part. ALM
Risk Manager (balance-sheet interest-rate and liquidity risk) and Financial
Analyst (company- and investment-level financial analysis) sit adjacent to
Risk Analyst and Portfolio Manager respectively, and are detailed in their
own profiles.

Table 26.1 gives a compressed side-by-side comparison across the ten
core roles before the detailed profiles.
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Table 26.1: Core role comparison at a glance. Salary figures are indicative
annual total compensation midpoints for a mid-level (3-6 year) professional;
see individual profiles for full ranges.

Role Core Skill Emphasis Difficulty Indicative India  Indicative US
(INR/yr) (USD/yr)

Risk Analyst Statistics, regulation Entry— 1022 L 100-150 K
Moderate

Model Validation Math, model critique Moderate 12-25L 110-160 K

Analyst

Quantitative Re- Math, stats, ML Highly Com- 18-45L 150-350 K

searcher petitive

Financial Analyst  Finance, valuation Entry- 7-16 L 75-110 K
Accessible

Quantitative Speed, judgment, math  Highly Com- 20-60 L 150-400 K

Trader petitive

ALM Risk Man- Fixed income, regula- Moderate 15-30 L 120-180 K

ager tion

Data Scientist ML, programming Moderate 12-28 L 120-180 K

Portfolio Manager ~ Markets, judgment Highly Com- 25-80 L+ 150-500 K+
petitive

Credit Risk Ana- Statistics, credit Entry— 1022 L 95-145 K

lyst Moderate

Model Risk / Gov-  Regulation, model Moderate 18-35L 130-190 K

ernance breadth




Core Role Profiles

27.1 Risk Analyst

Overview

Daily work

A Risk Analyst measures, monitors, and reports on a firm’s
exposure to financial risk — most commonly market risk,
though the title is also used broadly for credit and operational
risk work. It is one of the most common entry points into
quantitative finance from a non-front-office background.

Calculating and reporting daily VaR and Expected Shortfall
figures; investigating and explaining limit breaches; running
stress tests and scenario analyses; reconciling risk system
outputs against front-office positions; preparing materials for
risk committees; and supporting regulatory reporting (Basel,
FRTB).

Required mathematics

Probability and statistics at an undergraduate level; enough
calculus and linear algebra to understand portfolio variance
decomposition and sensitivity (Greek-based) risk measures.

Required programming

Python or R for analysis; SQL for querying risk and position
data; Excel/VBA remains heavily used in many risk teams,
particularly for reporting.

Required finance

Solid grounding in the instruments the desk trades (Part V);
understanding of VaR/ES methodology, stress testing, and
the Basel/FRTB regulatory framework (Chapter 22.1).
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Required statistics
Distributions, quantiles, correlation and covariance estima-
tion, backtesting methodology (comparing predicted VaR
against realized P&L).

Tools Enterprise risk systems (e.g., Murex, Calypso, Riskmetrics-
style platforms, or proprietary internal systems), Python/R,
SQL, Excel, Bloomberg.

Sample interview questions
“Walk me through how you would calculate 1-day 99% VaR
for a simple equity portfolio.” “Why might Expected Shortfall
be preferred to VaR?” “A risk limit was breached yesterday
— how would you investigate why?” “Explain the difference
between historical simulation and parametric VaR.”

Typical employers
Investment banks, commercial banks, asset managers, regula-
tors, and increasingly hedge funds and proprietary trading
firms.

Salary — India (indicative)
Entry-level: INR 8-14 lakh per annum. Mid-level (3-6 years):
INR 14-22 lakh. Senior: INR 25 lakh and above, depending
on firm and city.

Salary — United States (indicative)
Entry-level: USD 80,000-105,000. Mid-level: USD 105,000-
150,000. Senior: USD 150,000+ including bonus, at major
banks.

Career progression
Risk Analyst — Senior Risk Analyst — Risk Manager / VP,
Risk — Head of Market Risk / Chief Risk Officer track.
Lateral moves into model validation, quantitative research,
or trading are common mid-career.

Difficulty level
Entry-Accessible to Moderate — one of the more attainable
entry points for strong analytical graduates without a finance-
specific degree.
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Recommended projects
Build a VaR/Expected Shortfall calculator (historical, para-
metric, and Monte Carlo methods) on a real multi-asset port-
folio; backtest it against realized returns; replicate a simplified
stress test using historical crisis scenarios (2008, 2020).

27.2 Model Validation Analyst

Overview A Model Validation Analyst independently reviews, tests,
and challenges the quantitative models built by a firm’s
model developers — pricing models, risk models, credit
models — before and after they go into production. The role
exists because regulators require model risk to be managed
as rigorously as market or credit risk (Chapter 22.5).

Daily work  Reviewing model documentation for conceptual soundness;
independently reimplementing or benchmarking models against
alternative methodologies; designing and running test suites
(sensitivity analysis, stress scenarios, benchmarking); writing
detailed validation reports with findings and required reme-
diations; and conducting ongoing performance monitoring
of models already in production.

Required mathematics
Strong enough command of the mathematics underlying the
models being reviewed (stochastic calculus for derivatives
models, statistics for risk/credit models) to independently
assess whether a model is conceptually sound — not just
whether its code runs.

Required programming
Python (most common for independent reimplementation
and testing); familiarity with the languages models are actu-
ally built in (often C++ or proprietary vendor systems) helps
but is not always required.

Required finance
Deep familiarity with the specific asset class and models
under review — a rates model validator needs strong fixed
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income and interest-rate-model knowledge (Chapter 21.3); a
credit model validator needs Chapter 22.2 in depth.

Required statistics
Hypothesis testing, backtesting methodology, and a sharp,
skeptical eye for statistical overfitting and data-snooping bias
in the models under review.

Tools Python, SQL, model inventory and governance systems, and
whatever pricing/risk platform the models in question run
on.

Sample interview questions

“How would you validate a Black-Scholes-based pricing model
against market quotes?” “What is model risk, and why must

validation be independent of model development?” “Given a

model with excellent backtested performance, what would

make you suspicious?” “Explain SR 11-7 (or your local ju-
risdiction’s equivalent model risk management guidance) in

your own words.”

Typical employers
Investment banks and commercial banks (the largest em-
ployer of this role by far), regulators, and increasingly larger
asset managers and insurers with substantial internal model-
ing.

Salary — India (indicative)
Entry-level: INR 9-15 lakh. Mid-level: INR 16-25 lakh. Se-
nior: INR 28 lakh and above.

Salary — United States (indicative)
Entry-level: USD 85,000-110,000. Mid-level: USD 110,000-
160,000. Senior: USD 160,000+.

Career progression
Model Validation Analyst — Senior Validator / VP — Head
of Model Validation for an asset class — Head of Model Risk.
A well-trodden lateral path leads into quantitative research or
model development after two to four years, once deep model
knowledge has been built.



27.3. Quantitative Researcher

Difficulty level

Moderate — values rigor and skepticism as much as raw
technical brilliance, making it a strong fit for strong-but-not-
necessarily-elite quantitative graduates.

Recommended projects

Take a published derivatives pricing model, implement it
independently from the paper (not from existing code), and
write a short validation-style report identifying its assump-
tions, limitations, and conditions under which it would break
down.

27.3 Quantitative Researcher

A representative quantitative researcher job description reads, in part:
“Research statistical relationships and predictive signals using quantitative
techniques and models; analyse large datasets to identify a new set of alphas
and provide analytics on existing live trades; research and apply concepts
from academic journals and financial literature, translating them into fully
automated trading strategies using historical price, volume, and tick-level
inputs; build and deploy high-, mid-, and low-frequency trading strategies
across equity, derivatives, and commodities; back-test ideas rigorously using
historical tick-by-tick data; evaluate strategy performance and scale successful
strategies into live capital.”

Overview

Daily work

A Quantitative Researcher (QR) develops and refines the sta-
tistical and mathematical models that generate trading signals
(“alpha”), primarily at systematic hedge funds, proprietary
trading firms, and investment bank trading desks.

Analyzing large historical and alternative datasets to discover
new predictive signals; formalizing ideas from academic
literature into testable hypotheses; rigorously backtesting
strategies with realistic transaction costs and market impact
assumptions; collaborating with quant developers to produc-
tionize successful strategies; and continuously monitoring
and refining live strategies as market conditions change.
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Required mathematics
Strong probability, statistics, linear algebra, and (for derivatives-
adjacent research) stochastic calculus.

Required programming
Excellent Python (and often C++ at HFT-oriented firms);
strong software engineering discipline, since research code
that will inform live trading capital must be correct and
well-tested.

Required finance
Deep understanding of the asset classes traded, market mi-
crostructure (Chapter 25), and how transaction costs and
market impact erode theoretical backtested returns.

Required statistics
Rigorous hypothesis testing, awareness of multiple-testing
and data-snooping bias (testing hundreds of signal ideas
inflates the chance of a false positive), time-series methods
(Chapter 20.1), and applied machine learning (Chapter 20.2).

Tools Python (NumPy, Pandas, scikit-learn, PyTorch), proprietary
backtesting and research platforms, tick-level and alternative
datasets, SQL/columnar databases for large-scale data work.

Sample interview questions
“Design a backtest for a mean-reversion strategy and identify
the ways it could be biased.” “How would you test whether
an apparent trading signal is statistically significant given
you tested 500 signal candidates?” “Price this option using
a binomial tree” (brainteaser-style probability and pricing
questions are common; see Part X).

Typical employers
Systematic hedge funds (e.g., large multi-strategy and quant-
focused funds), proprietary trading firms, investment bank
trading desks, and increasingly quant-driven asset managers.

Salary — India (indicative)
Entry-level: INR 15-25 lakh (higher at top proprietary trading
firms). Mid-level: INR 25-45 lakh. Senior: INR 50 lakh and
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above, with substantial performance-linked bonus at trading
firms.

Salary — United States (indicative)
Entry-level: USD 130,000-200,000 total compensation at top
quant funds. Mid-level: USD 200,000-350,000. Senior: USD
400,000+ at leading funds, heavily bonus/PnL-linked.

Career progression
Junior/Associate QR — QR — Senior QR / Portfolio Man-
ager track (at funds that allow researchers to manage capital
directly) — Head of Research / Book runner. This is the role
with the widest compensation variance in this book, since
much of senior pay is tied directly to strategy profitability.

Difficulty level
Highly Competitive — among the most sought-after and
selective roles in quantitative finance, typically drawing from
top mathematics, physics, statistics, and computer science
programs.

Recommended projects
A complete, rigorously backtested trading strategy on public
data (with an honest accounting of transaction costs and out-
of-sample performance) is the single strongest artifact you
can bring to interview; a Kaggle competition placement or
published research replication are strong secondary signals.

27.4 Financial Analyst

Overview A Financial Analyst evaluates companies, investments, or
business units using financial statement analysis, valuation,
and forecasting. It is a broader, less exclusively quantitative
role than the others in this chapter, but is included because
it is one of the most common titles newcomers encounter,
and because quantitatively-skilled financial analysts stand
out sharply from the field.

Daily work  Building and maintaining financial models (DCF, comparable
company analysis); analyzing financial statements and indus-
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try data; preparing reports and presentations for investment
or business decisions; and supporting budgeting, forecasting,
and variance analysis in corporate settings.

Required mathematics
Algebra-level mathematics for most roles; basic statistics and
probability add real differentiation.

Required programming
Excel is the baseline expectation; Python and SQL are an
increasingly strong differentiator, especially for roles touching
larger datasets.

Required finance
Financial statement analysis, valuation methodologies, corpo-
rate finance fundamentals (Section 1.5).

Required statistics
Basic descriptive statistics and forecasting/trend analysis;
more advanced statistics increasingly expected at quantitatively-
oriented firms.

Tools Excel/VBA, Bloomberg or Capital IQ, PowerPoint, increas-
ingly Python/SQL for larger firms.

Sample interview questions
“Walk me through a discounted cash flow valuation.” “How
would you value a company with negative earnings?” “What
is the difference between enterprise value and equity value?”

Typical employers
Corporates (FP&A roles), investment banks, asset managers,
private equity, consulting firms.

Salary — India (indicative)
Entry-level: INR 5-9 lakh. Mid-level: INR 9-16 lakh. Senior:
INR 18 lakh and above.

Salary — United States (indicative)
Entry-level: USD 60,000-80,000. Mid-level: USD 80,000-
110,000. Senior: USD 120,000+.
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Career progression
Financial Analyst — Senior Analyst — Finance Manager /
Associate — Director / VP Finance, or lateral moves into in-
vestment banking, portfolio management, or (with additional
quantitative training) more technical quant roles.

Difficulty level
Entry-Accessible — the most attainable role in this chapter for
candidates without a strong quantitative background, though
quantitative skills accelerate progression significantly.

Recommended projects
A well-documented company valuation model built from
scratch (not a template), ideally paired with a simple sta-
tistical forecasting extension (e.g., regression-based revenue
forecasting) to demonstrate quantitative differentiation.

27.5 Quantitative Trader

Overview A Quantitative Trader executes and manages systematic or
model-driven trading strategies, making real-time decisions
about position sizing, risk, and execution — distinct from a
Quantitative Researcher in that the trader’s core responsibil-
ity is running the live book, not just designing the strategy
(though at smaller firms the roles often merge).

Daily work  Monitoring live positions and risk throughout the trading day;
managing execution of orders (manually or via algorithms);
adjusting strategy parameters in response to changing market
conditions; reconciling P&L; and collaborating closely with
research and technology teams on strategy improvements.

Required mathematics
Strong probability and statistics; enough stochastic calculus
and derivatives theory to understand the instruments traded.

Required programming
Python for analysis and monitoring; increasingly expected to
read (if not write) the C++ or low-latency code underlying
execution systems at HFT-oriented firms.
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Required finance
Deep, practical market microstructure knowledge (Chap-
ter 25); a strong intuitive feel for liquidity, order flow, and
risk under pressure.

Required statistics
Real-time statistical monitoring of strategy performance, and
the judgment to distinguish a strategy experiencing normal
variance from one that has genuinely stopped working.

Tools Proprietary trading platforms, Python, real-time market data
feeds, execution algorithms, risk dashboards.

Sample interview questions
Probability brainteasers under time pressure (Part X); “How
would you size a position given a 60% edge?” “Walk me
through how you would react if a strategy’s live P&L di-
verged sharply from its backtest.”

Typical employers
Proprietary trading firms, hedge funds, investment bank
trading desks.

Salary — India (indicative)
Entry-level: INR 15-30 lakh at leading proprietary trading
firms. Mid-level: INR 30-60 lakh. Senior: highly variable,
often PnL-linked, INR 75 lakh and above.

Salary — United States (indicative)
Entry-level: USD 150,000-250,000 total compensation at top
firms. Mid-level: USD 250,000-450,000. Senior: highly vari-
able and PnL-linked, often USD 500,000+.

Career progression
Junior Trader — Trader — Senior Trader / Book Runner —
Portfolio Manager or Desk Head, with compensation increas-
ingly tied to individual or desk profitability at each step.

Difficulty level
Highly Competitive — one of the most selective entry points
in quantitative finance, with intense, multi-round interview
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processes emphasizing speed, probability, and composure
under pressure.

Recommended projects
A live or paper-traded systematic strategy with real-time mon-
itoring and risk controls (not just a backtest) demonstrates
the operational mindset this role requires; participation in
trading competitions or simulated markets is also valued.

27.6 ALM Risk Manager

Overview An Asset-Liability Management (ALM) Risk Manager man-
ages the interest-rate, liquidity, and balance-sheet risk arising
from the mismatch between a bank’s assets (loans, securi-
ties) and liabilities (deposits, borrowings) — a specialized,
balance-sheet-wide risk discipline distinct from trading-book
market risk.

Daily work  Modeling the interest rate sensitivity of the banking book (as
distinct from the trading book); managing liquidity coverage
ratio and net stable funding ratio compliance; running be-
havioral models for non-maturity deposits and prepayment
risk; supporting funds transfer pricing; and presenting to
Asset-Liability Committees (ALCO).

Required mathematics
Fixed income mathematics (duration, convexity), scenario
and simulation modeling, statistics for behavioral modeling
(e.g., deposit attrition).

Required programming
Python or R, SQL, and often specialized ALM software plat-
forms.

Required finance
Deep fixed income knowledge (Chapter 18.3), banking book
vs. trading book regulatory distinctions, Basel III liquidity
and interest rate risk in the banking book (IRRBB) frame-
works.
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Required statistics
Behavioral and time-series modeling for deposits and prepay-
ments, scenario analysis, stress testing methodology.

Tools ALM-specific platforms (e.g., QRM, Moody’s ALM systems),
Python/R, SQL, Excel.

Sample interview questions
“Explain the difference between the banking book and the
trading book.” “How would you model the interest rate
risk of non-maturity deposits, which have no contractual
maturity?” “What is the liquidity coverage ratio and how is
it calculated?”

Typical employers
Commercial and retail banks, central banks, regulators.

Salary — India (indicative)
Entry-level: INR 10-16 lakh. Mid-level: INR 16-30 lakh.
Senior: INR 32 lakh and above.

Salary — United States (indicative)
Entry-level: USD 85,000-115,000. Mid-level: USD 115,000
160,000. Senior: USD 170,000+.

Career progression
ALM Analyst — ALM Risk Manager — Head of ALM /
Treasury Risk — Treasurer or Chief Risk Officer track — a
role with a clear path into senior bank leadership given its
balance-sheet-wide, executive-facing nature.

Difficulty level
Moderate — rewards deep fixed income and regulatory
knowledge over raw mathematical sophistication, making
it accessible to strong finance and economics graduates as
well as quants.

Recommended projects
Build a simplified interest rate risk model for a hypothetical
bank balance sheet, including a behavioral deposit model
and a duration-gap analysis under multiple rate scenarios.



27.7. Data Scientist (Finance)

27.7 Data Scientist (Finance)

Overview A Financial Data Scientist applies general-purpose statistical
and machine learning techniques to financial data — credit
scoring, fraud detection, customer analytics, alternative-data
signal research — often with a broader scope of application
than a front-office Quantitative Researcher, whose focus is
narrowly on trading signals.

Daily work  Cleaning and exploring large, often messy datasets; build-
ing and validating predictive models; running A/B tests
and experiments; building and monitoring production ML
pipelines; and communicating findings to both technical and
non-technical stakeholders.

Required mathematics
Solid probability and statistics; linear algebra for understand-
ing model mechanics.

Required programming
Strong Python (pandas, scikit-learn, PyTorch/TensorFlow),
SQL, increasingly cloud /MLOps tooling (Chapter 17).

Required finance
Varies by employer — a data scientist at a bank needs to
understand credit or fraud domains deeply; one at a fintech
may need product and payments knowledge instead.

Required statistics
Experimental design, causal inference basics, classification
and regression evaluation metrics, especially handling imbal-
anced classes (common in fraud/default prediction).

Tools Python, SQL, cloud ML platforms (AWS SageMaker, Azure
ML, GCP Vertex Al), experimentation platforms, data visual-
ization tools.

Sample interview questions
“How would you build a fraud detection model given a highly
imbalanced dataset?” “Explain precision-recall trade-offs in
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a credit-scoring context.” “Design an A/B test to evaluate a
new lending product feature.”

Typical employers
Banks, fintechs, asset managers, insurers, credit bureaus,
payment companies.

Salary — India (indicative)
Entry-level: INR 10-18 lakh. Mid-level: INR 18-28 lakh.
Senior: INR 30 lakh and above.

Salary — United States (indicative)
Entry-level: USD 100,000-130,000. Mid-level: USD 130,000—
180,000. Senior: USD 190,000+

Career progression
Data Scientist — Senior Data Scientist — Lead / Staff Data
Scientist or Data Science Manager — Head of Data Science,
with a common lateral branch into ML engineering or, in
trading-adjacent firms, quantitative research.

Difficulty level
Moderate — a large and growing field with many entry
points, though top-tier finance and tech firms remain highly
competitive.

Recommended projects
An end-to-end ML project on real financial or economic data
— data cleaning through model deployment (even a simple
API) — demonstrates the full skillset better than a notebook-
only Kaggle submission.

27.8 Portfolio Manager

Overview A Portfolio Manager (PM) is responsible for constructing
and managing an investment portfolio against a mandate —
deciding what to hold, how much, and why — and is account-
able for the portfolio’s risk-adjusted performance. PMs range
from purely discretionary (fundamental, judgment-driven) to
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fully systematic (rules- and model-driven); this book focuses
on the quantitative end of that spectrum.

Reviewing portfolio positioning and risk exposures; incorpo-
rating new research and signals (from an internal research
team or their own analysis) into portfolio decisions; manag-
ing risk limits and drawdown controls; and reporting perfor-
mance and attribution to investors or senior management.

Required mathematics

Portfolio theory and optimization (Chapter 19), risk decom-
position, enough statistics to critically evaluate research pre-
sented by a quant research team.

Required programming

Varies enormously — systematic PMs at quant funds are often
as technical as quant researchers; discretionary PMs may rely
on analysts and technology teams for implementation but
still need to be conversant in Python/Excel-based analysis.

Required finance

The deepest and broadest finance knowledge of any role in
this chapter — spanning whichever asset classes the mandate
covers (Part V), plus performance attribution and manager
due diligence practices.

Required statistics

Tools

Performance measurement (Sharpe ratio and its extensions,
drawdown statistics), factor attribution (Chapter 19.3), and
enough rigor to distinguish genuine edge from noise in both
their own and others’ research.

Portfolio and order management systems (e.g., Bloomberg
AIM, Charles River), Python/Excel for analysis, risk and
attribution platforms.

Sample interview questions

“Walk me through how you would construct a portfolio given
this set of return forecasts and a risk budget.” “How do
you think about position sizing and risk limits?” “Describe a
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time an investment thesis of yours was wrong, and how you
responded.”

Typical employers
Asset managers, hedge funds, insurance company investment
divisions, sovereign wealth funds, family offices.

Salary — India (indicative)
Entry-level (Portfolio Analyst / Associate PM): INR 15-25
lakh. Mid-level: INR 25-60 lakh. Senior PM: highly variable,
often materially performance-linked, INR 80 lakh and well
above at larger AUM.

Salary — United States (indicative)
Entry-level: USD 100,000-150,000. Mid-level: USD 150,000-
300,000. Senior PM: highly variable and performance-linked,
frequently USD 500,000+ at larger funds.

Career progression
Portfolio Analyst — Associate Portfolio Manager — Portfolio
Manager — Senior PM / CIO track, almost never a direct
entry-level role — it is typically reached after several years
as an analyst or researcher.

Difficulty level
Highly Competitive, and structurally later-career — best un-
derstood as a destination role most readers will grow into
rather than start in.

Recommended projects
A fully documented, risk-aware portfolio construction exer-
cise (with explicit risk budgeting and performance attribu-
tion, not just a backtest of returns) demonstrates PM-relevant
judgment and rigor together.
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27.9 Credit Risk Analyst

A representative credit risk analyst project: “Developed an IFRS 9-
compliant Expected Credit Loss (ECL) framework covering PD, LGD, and
EAD modelling. Built an application scorecard using logistic regression with
WOE (Weight of Evidence) transformation, implemented stage classification
logic, calculated lifetime and 12-month ECL, validated the model using ROC-
AUC and backtesting, and integrated outputs into ICAAP capital planning
and Risk Appetite monitoring.”

Overview A Credit Risk Analyst quantifies and monitors the risk that
borrowers or counterparties fail to meet their obligations,
building and applying the PD/LGD/EAD models that under-
lie both regulatory capital and accounting provisions (Chap-
ter 22.2).

Daily work  Building and validating scorecards and PD models (often
logistic regression with WOE transformation, alongside mod-
ern ML alternatives); calculating IFRS 9 expected credit loss
and staging classifications; performing portfolio-level credit
risk monitoring and stress testing; and supporting regulatory
submissions (Basel IRB, ICAAP).

Required mathematics
Probability, statistics, and enough optimization to understand
model fitting and validation metrics.

Required programming
Python or R for model development, SAS in some legacy
banking environments, SQL for data extraction.

Required finance
Deep understanding of lending products, credit risk terminol-
ogy (PD, LGD, EAD, ECL), and the IFRS 9 / Basel regulatory
frameworks.

Required statistics
Logistic regression and classification metrics (ROC-AUC, Gini
coefficient), survival analysis for time-to-default modeling,
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and increasingly machine learning methods for credit scoring
alongside traditional statistical approaches.

Tools Python/R, SAS, SQL, credit bureau data platforms, model
documentation and governance systems.

Sample interview questions
“Explain PD, LGD, and EAD and how they combine into
expected loss.” “What is WOE transformation and why is
it used in credit scorecards?” “How would you validate a
credit scoring model, and what does a Gini coefficient tell
you?”

Typical employers
Commercial and retail banks, NBFCs, credit rating agencies,
fintech lenders, regulators.

Salary — India (indicative)
Entry-level: INR 8-14 lakh. Mid-level: INR 14-22 lakh. Se-
nior: INR 25 lakh and above.

Salary — United States (indicative)
Entry-level: USD 80,000-100,000. Mid-level: USD 100,000
145,000. Senior: USD 150,000+

Career progression
Credit Risk Analyst — Senior Analyst — Credit Risk Man-
ager — Head of Credit Risk / Chief Credit Officer track,
with common lateral moves into model validation or model
risk/governance roles.

Difficulty level
Entry-Accessible to Moderate — one of the more attainable
quantitative roles, with strong and growing demand driven
by regulatory requirements (IFRS 9, Basel).

Recommended projects
Build a full credit scorecard on a public lending dataset
(e.g., Lending Club-style data): logistic regression with WOE
transformation, an IFRS 9-style staged ECL calculation, and
validation via ROC-AUC and a simple backtest.
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27.10 Model Risk / Governance Specialist

A representative model oversight role: “Serve as model owner for a port-
folio of 70+ capital models spanning Standardised and Advanced Approach
frameworks — including IRB credit risk models, IMA models for market risk
and CCR, IMM, and CVA — under multiple regulatory regimes. Ouversee
full model lifecycle governance: reviews, validations, ongoing performance
monitoring, and annual assessments, facilitating senior management sign-off
and ensuring alignment with capital rules. Review in-scope model changes
against current regulatory interpretations, assessing materiality and advising
on regulatory expectations. Maintain model inventory metadata and gover-
nance status across the portfolio to support forward-looking senior management

reporting.”

Overview

Daily work

A Model Risk / Governance specialist oversees the full lifecy-
cle of an institution’s model inventory — distinct from (and
typically senior to, or a career step beyond) the hands-on
Model Validation Analyst role, this position manages gover-
nance process: model classification, review cadence, sign-off
workflows, and regulatory alignment across potentially hun-
dreds of models spanning multiple risk types.

Maintaining and updating the firm’s model inventory and
risk-tier classifications; coordinating model reviews and vali-
dations across teams; assessing the materiality of proposed
model changes; preparing governance reporting for senior
management and regulators; and staying current with evolv-
ing regulatory expectations across jurisdictions (US, UK, EU,
and others).

Required mathematics

Broad (rather than narrowly deep) familiarity with the math-
ematics underlying the model types being governed — credit,
market risk, counterparty risk, CVA — sulfficient to assess ma-
teriality and risk tiering even without personally rebuilding
every model.

Required programming

Python/SQL for model inventory analytics and reporting;
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less hands-on model-building than Model Validation, more
process and governance tooling.

Required finance
Very broad — credit risk, market risk, counterparty risk, and
capital frameworks (Basel III/IV, CRR/CRD, PRA rules) all
in scope simultaneously.

Required statistics
Enough to interpret validation findings and performance
monitoring metrics across many model types, more as an
informed reviewer than a primary builder.

Tools Model inventory/governance platforms, Python/SQL, regu-
latory reporting systems, extensive documentation and work-
flow tools.

Sample interview questions
“How would you assess whether a proposed model change
is material enough to require re-validation?” “Explain the
difference between model validation and model governance.”
“How do you keep a model inventory current across a large,
decentralized organization?”

Typical employers
Large global and regional banks, particularly those operating
across multiple regulatory jurisdictions.

Salary — India (indicative)
Mid-level: INR 18-28 lakh. Senior: INR 30-45 lakh and above
at global banks’ India-based risk hubs.

Salary — United States (indicative)
Mid-level: USD 130,000-165,000. Senior: USD 170,000-220,000+.

Career progression
Model Validation Analyst or Risk Analyst — Model Risk /
Governance Specialist = Head of Model Risk — Chief Model
Risk Officer — typically a mid-to-senior career destination
rather than an entry point, drawing on validation or risk
experience.
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Difficulty level
Moderate, but typically requires 3-5+ years of prior model
validation, risk, or regulatory experience — not usually an
entry-level hire.

Recommended projects
A model inventory / governance framework design exercise
(e.g., proposing a risk-tiering methodology and review ca-
dence for a hypothetical portfolio of models) demonstrates
process and governance thinking distinct from pure model-
building skill.
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Related and Adjacent Roles

The ten roles in Chapter 27 are the most common entry points, but the quan-
titative finance job market includes many more specialized titles. Table 28.1
surveys a further set of adjacent roles in condensed form — each builds
on the mathematics, programming, and finance knowledge in Parts III-VI,
typically specializing in one of the topic areas from Part VI.

Table 28.1: Adjacent and specialized quantitative finance roles.

Role

Overview

Builds On

Typical Employ-
ers

Execution Quant

Pricing Quant

Operational Risk

Analyst

Treasury Risk Ana-
lyst

Stress Testing Ana-
lyst

IFRS 9 / 1IRB
Model Developer

Basel / FRTB Spe-
cialist
CVA / XVA Quant

SIMM / Margin
Specialist

Designs and refines algorithms for
optimal trade execution and market
impact minimization.

Builds and maintains derivatives
pricing libraries used by trading
desks.

Quantifies risk of loss from failed

processes, systems, or people.
Manages interest rate and liquidity

risk on the firm’s own balance sheet.
Designs and runs firm-wide stress

scenarios for regulatory and internal

use (e.g., CCAR-style exercises).
Builds the credit provisioning and

regulatory capital models validators

later test.
Focuses specifically on regulatory

capital calculation methodology.
Prices and risk-manages counter-

party credit valuation adjustments.
Manages standard initial margin

model calculations for uncleared
derivatives.

Ch. 25, optimiza-
tion

Ch.21.2,21.1

Statistics,

nario analysis
Sec. 27.6 adjacent

sce-

Ch. 221,222

Ch. 222

Ch. 22.1
Ch. 224

Ch. 224

Prop trading
firms, banks

Investment
banks

Banks, insurers
Banks,

rates
Banks, regulators

corpo-

Banks

Banks, consultan-
cies
Investment

banks
Banks,

desks

clearing
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Role

Overview

Builds On

Typical Employ-
ers

Trading System / Builds and maintains the software in- Part IV program-

Quant Developer

Low-Latency  /

HFT Engineer
Research Engineer

ML / Al Engineer
(Finance)

Alternative Data
Scientist

Market Mi-
crostructure
Researcher

Portfolio Construc-
tion Specialist

Performance Attri-
bution Analyst

Volatility Re-

searcher
Fixed

Quant

Income

Commodities  /
Energy Quant

FX Quant

ESG / Climate
Risk Quant

Crypto / Digital
Asset Quant

Insurance / Actu-
arial Data Scientist

frastructure trading and pricing run ming

on.

Optimizes trading systems

for C++,

microsecond-level execution speed. Ch. 25

Bridges quant research and produc- Part IV, Ch. 20.2

tion engineering, productionizing re-
search code.

Builds and deploys machine learning Ch. 20.2, 20.3

systems for trading, risk, or client-

facing products.
Sources and  evaluates

traditional datasets (satellite,
web, transaction data) as trading

signals.
Studies order-book dynamics and

short-horizon price formation.

non-

Focuses specifically on translating
signals into implementable, risk-
controlled portfolios.

Decomposes portfolio returns into
factor and security-selection contri-

butions.
Specializes in modeling and trading

the volatility surface.
Focuses on rates modeling, curve

construction, and fixed income

derivatives.
Applies quantitative methods to

physically-settled commodity and

energy markets.
Focuses on currency derivatives pric-

ing and macro/FX systematic strate-
gies.

Builds quantitative frameworks for
climate transition and ESG-related

financial risk.
Applies derivatives and market-

making techniques to digital asset

markets.
Applies ML alongside traditional ac-

tuarial methods to underwriting and
reserving.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

Ch.

20.2

25

19

19.3

21.2

21.3

18

21.2

18

21.2

20.2

All trading firms

HFT firms

Hedge funds,
trading firms

Banks, funds, fin-
techs

Hedge funds

HFT firms, ex-
changes

Quant asset man-
agers

Asset managers

Derivatives

desks, funds
Banks, asset man-

agers

Trading houses,
energy firms

Banks,
funds

macro

Banks, asset man-
agers

Crypto
firms

trading

Insurers
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Role Overview Builds On Typical Employ-
ers

Academic Quant / Pursues original research in quanti- Deep Part ITII-VI Universities, cen-
Researcher tative finance in a university or re- theory tral banks
search institute.

This is not an exhaustive list — new specialized titles appear constantly
as markets, technology, and regulation evolve (agentic Al governance
and climate-risk quant roles, for example, barely existed a decade
ago). The underlying pattern is consistent throughout this book: every
specialized role is a combination of the mathematics in Part III, the
programming in Part IV, the finance knowledge in Part V, and a specific
topic area from Part VI. Once you can decompose any unfamiliar job
title this way, you can evaluate any quant finance role you encounter,
not just the ones listed here.
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Where Quants Work: The Industry Landscape

The same role title can mean quite different things at different types of firms
— a “quantitative researcher” at a systematic hedge fund and a “quantitative
researcher” at a large bank’s structuring desk have substantially different
day-to-day work, culture, and compensation structures. This chapter surveys
the major employer types.

29.1 Investment Banks

Investment banks (Goldman Sachs, Morgan Stanley, JPMorgan, and similar
global and regional players) employ some of the largest and most diverse
quant populations in the industry, spanning trading-desk quants, structuring,
risk management, model validation, and technology. They offer strong
training, brand value, and exposure to a very wide range of products, at the
cost of larger, more bureaucratic organizations than trading firms or funds.

29.2 Hedge Funds

Hedge funds range from large multi-strategy platforms running dozens of
independent trading teams to small, focused quant shops running a single
strategy. Systematic (quant-driven) funds are the most research-intensive
employer type for quantitative researchers, generally offering higher com-
pensation potential (often tied to strategy performance) alongside less job
security than banks.
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29.3 Asset Managers

Traditional and quantitative asset managers (running mutual funds, ETFs,
and institutional mandates) employ portfolio managers, quantitative re-
searchers focused on factor investing and portfolio construction, and risk
teams. Compared to hedge funds, compensation is typically more stable and
less performance-linked, with a stronger emphasis on long-only, benchmark-
relative investing.

29.4 Proprietary Trading Firms

Proprietary trading firms (e.g., Jane Street, Optiver, Jump Trading, and
similar firms, alongside a growing set of firms based in India, Singapore,
and elsewhere) trade the firm’s own capital rather than client money, often
specializing in market making and high-frequency or systematic strategies.
They are known for intense, technically rigorous hiring processes, strong
pay for junior talent, and cultures that prize speed, quantitative rigor, and
competitive problem-solving.

29.5 Exchanges

Stock, derivatives, and commodity exchanges (NSE, BSE, CME, ICE, and
others) employ quantitative professionals for market microstructure design,
risk management of the exchange’s own clearing function, and increasingly
for the technology and data products they sell to trading firms.

29.6 Central Banks

Central banks (the Reserve Bank of India, the U.S. Federal Reserve, the Bank
of England, and others) employ economists and quantitative researchers
for monetary policy analysis, financial stability research, and increasingly
for the kind of macro-financial modeling that overlaps substantially with
quantitative finance. Compensation is generally lower than the private
sector, offset by research depth, public-interest mission, and strong work-life
balance.
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29.7 Insurance

Insurance companies employ actuaries and, increasingly, quantitative risk
professionals for pricing, reserving, and — for insurers with large investment
portfolios — asset-liability management and portfolio management roles
that closely resemble their banking-sector counterparts.

29.8 Mutual Funds

Mutual fund complexes overlap substantially with the broader asset manage-
ment category above, with quantitative roles concentrated in factor-based and
index-tracking strategies, risk management, and increasingly quantitative
research supporting active fund managers.

29.9 FinTech

FinTech companies (payments, lending, robo-advisory, and digital banking
tirms) employ data scientists and quantitative analysts for credit scoring,
fraud detection, and algorithmic investment products, typically in faster-
moving, more engineering-driven cultures than traditional finance, with
compensation often including meaningful equity.

29.10 Regulators

Financial regulators (SEBI, the Federal Reserve and other U.S. banking
regulators, the Bank of England’s PRA, and others) employ quantitative pro-
fessionals to supervise and stress-test the institutions they regulate, review
model risk management practices, and conduct financial stability research
— a route into quant finance less commonly considered by newcomers but
valuable for its systemic, cross-institutional perspective.

29.11 Rating Agencies

Credit rating agencies (Moody’s, S&P Global Ratings, Fitch, and regional
agencies such as CRISIL and ICRA in India) employ credit analysts and
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quantitative modelers to develop and apply rating methodologies across
corporate, sovereign, and structured finance issuers.

29.12 Consulting

Risk and financial consulting firms (large professional services firms’ finan-
cial risk practices, alongside specialized quantitative consultancies) provide
model development, validation, and regulatory advisory services to banks
and other financial institutions — often a route to broad exposure across
many firms and model types early in a career, at the cost of project-based
rather than deep, ongoing model ownership.

29.13 Family Offices

Family offices manage the wealth of a single family or small group of fami-
lies, and increasingly run genuinely sophisticated quantitative investment
operations, particularly larger single-family offices. Roles here can offer
PM-like scope with less bureaucracy than a large asset manager, though
opportunities are less numerous and less publicly advertised than at larger
institutions.

29.14 Sovereign Wealth Funds

Sovereign wealth funds (Norway’s Government Pension Fund Global, Singa-
pore’s GIC and Temasek, the Abu Dhabi Investment Authority, and others)
manage national reserves and resource wealth with very long investment
horizons, employing portfolio managers and quantitative researchers across
public and private markets, generally with a stability and mission-driven
culture distinct from hedge funds.
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Table 29.1: Industry employer types compared.

Employer Type

Compensation Profile

Culture

Investment Banks
Hedge Funds

Asset Managers

Prop Trading Firms

Central Banks
Regulators
FinTech

Consulting

/

Strong, structured bonus

Highest potential,
performance-linked
Stable, moderate

Very strong for junior talent

Lower,
linked
Moderate base + equity up-
side

Moderate, structured

non-performance-

Large, structured, broad ex-
posure

Fast-paced, research-
intensive

Long-only, benchmark-
driven

Intense, competitive, techni-
cal

Research-driven,  mission-
oriented
Fast-moving, engineering-
driven

Project-based, broad expo-
sure
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Job Prospects: Demand, Compensation, and
the 2026-2030 Outlook

“The question is never whether quants are being hired. It is which
kind, in which city, at what price.”

—a head of quantitative recruitment, London

Chapter 29 described who employs quants. This chapter is about the
market for them: how many roles there are and where, what they pay, how
the hiring funnel actually filters candidates, which segments are growing
and which are quietly shrinking, and how to benchmark an offer you have
in hand. Every figure below is an indicative estimate as of early 2026 and
should be treated as a calibration device, not a citation.

30.1 Where Demand Comes From

Quantitative hiring is not a single market. It is four demand engines that
move on different cycles, which is why the field as a whole is less cyclical
than any one employer in it.

Regulation  Post-crisis and post-2023 supervisory frameworks (Basel II-
I/IV endgame, FRTB, IFRS 9 and CECL expected-credit-loss
provisioning, SR 11-7 and equivalent model-risk guidance,
stress testing) create work that is legally required rather than
discretionary. This is the most stable source of entry-level
demand and the largest by headcount: model development,
model validation, and model risk governance.
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Electronification
As more asset classes trade on screen — credit, FX options,
rates, increasingly emerging-market products — market mak-
ing becomes a modelling and low-latency-engineering prob-
lem. This engine drives the highest-paid, most competitive
roles and hires in small numbers.

Data abundance
Alternative data, exchange microstructure data, and cheap
compute have made systematic strategy research viable at
firms that were purely discretionary a decade ago. Asset
managers, multi-strategy funds and even corporate treasuries
now hire quantitative researchers and data scientists.

Automation of the middle office
Pricing libraries, XVA engines, collateral optimization, and
treasury/ALM analytics are being rebuilt as software. This
is where quantitative developers are hired, and where the
boundary between “quant” and “engineer” has effectively
dissolved.

A useful corollary: if you are optimizing for probability of a first offer
rather than for prestige, the regulation and automation engines are where the
roles are. If you are optimizing for compensation ceiling, the electronification
and data engines are.

30.2 The Shape of the Funnel

Candidates consistently misread the funnel. For a typical entry-level opening
at a bank or large asset manager, the attrition looks roughly like this:

Table 30.1: Indicative funnel for one entry-level quantitative
opening, bank or large asset manager.

Stage Survivors What actually filters here

Applications received 300-800 Keyword and degree screen;
referral status
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Stage Survivors What actually filters here

Recruiter screen 60-120 Coherent story; visa and loca-
tion feasibility

Online assessment / take- 25-50 Probability, statistics, coding

home correctness

Technical round 1 12-20 Depth on one project you

claim to own

Technical round 2-3 4-8 Derivations under question-

ing; code review
Final / fit 1-2 Communication; judgement
about model limits

Two observations follow. First, the largest single cut happens before a
human reads your work, which is why a targeted CV and a referral change
outcomes more than another certificate does. Second, of the candidates who
reach a technical round, most are eliminated on depth, not breadth: three
projects you can defend line by line beat nine you have merely completed.
Chapter 32 and Part X are written around that fact.

At quantitative hedge funds and market makers the funnel is shorter
but far narrower — often fewer than one offer per two hundred applica-
tions, weighted heavily toward mathematics, physics and computer-science
graduates from a small set of institutions, with olympiad or competitive-
programming credentials over-represented. Reading that as a verdict on
your ability is a mistake; it is a verdict on a selection process optimized for
false negatives.

30.3 Compensation Benchmarks

Compensation in this field is bimodal, and averages across the whole field are
meaningless. Report and think in terms of segment x seniority X geography.

India
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Table 30.2: Indicative total compensation, India, early 2026
(INR, lakhs per annum).

Role Entry (0-2y) Mid (3-6y) Senior (7y+)
Risk analyst (bank/GCC)  8-16 18-32 35-60
Model validation analyst ~ 10-18 22-38 40-70
Quantitative developer 12-24 28-50 55-90
Quantitative researcher 18-35 40-75 80-150+
Quantitative trader (prop) 25-60 60-150 150-400+
Data scientist (financial) 10-20 22-40 45-80

ALM / treasury risk 9-16 18-30 32-55
Credit risk (IFRS 9/IRB) 8-15 16-28 30-50

The Indian market has a distinctive structure worth understanding: a
large and growing share of roles sit in global capability centres (GCCs) —
captive offshore units of Western banks and asset managers in Bengaluru,
Mumbai, Pune, Hyderabad, Gurugram and Chennai. These do genuine
model development and validation work, pay well below the parent-country
figure for the same title, and offer an internal transfer path that is often the
cheapest available route to a London or New York seat.

United States

Table 30.3: Indicative total compensation, United States,
early 2026 (USD thousands).

Role Entry (0-2y) Mid (3-6y) Senior (7y+)
Risk analyst (bank) 95-135 140-200 200-300
Model validation analyst ~ 110-150 160-230 230-330
Quantitative developer 140-200 200-300 300450
Quantitative  researcher 150-220 230-350 350-550
(bank)

Quantitative  researcher 250-400 400-800 8002000+
(fund)

Quantitative trader 200—-400 400-900 900-3000+
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Role Entry (0-2y) Mid (3-6y) Senior (7y+)

Data scientist (financial) 120-165 170-240 240-350

Three cautions about reading these tables. Bonus is a larger share of
the total as seniority rises and as you move from bank to fund — a senior
fund number is a distribution, not a salary. Deferred stock and multi-year
guarantees make headline figures non-comparable across employers. And
the top of the fund column reflects performance-linked payouts that a small
minority of people reach; treating it as an expectation is the single most
common error made by candidates entering the field.

30.4 Geography

* New York — the deepest market across all four demand engines; strongest
for sell-side derivatives, credit and multi-strategy funds.

¢ London — rates, FX and commodities; the densest concentration of risk
and model-validation roles in Europe.

¢ Chicago — options market making and futures; the centre of gravity for
high-frequency trading talent.

¢ Singapore and Hong Kong — Asian rates and FX, private banking
structured products, growing systematic funds.

¢ Bengaluru, Mumbai, Pune, Hyderabad, Gurugram — the fastest-growing
hiring market by headcount in the world for quantitative risk and model
work, mostly through GCCs, plus a genuine domestic prop-trading and
quant-fund scene.

¢ Amsterdam and Dublin — market making and fund administration
respectively, both expanded post-Brexit.

* Remote — rare for trading and market making (latency, surveillance,
and information-barrier requirements), increasingly normal for model
validation, quantitative development and data science.
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30.5 The 2026-2030 Outlook

Growing

Model risk for Al
Every machine-learning model that touches credit deci-
sions, pricing, surveillance or client communication now
needs documentation, monitoring, bias testing and chal-
lenger models. This is a genuinely new job family, it sits at
the intersection of two scarce skill sets, and demand for it
currently exceeds supply by a wide margin.

Climate and transition risk
Scenario design, physical- and transition-risk modelling,
and regulatory climate stress tests are moving from pilot
exercises into standing teams.

XVA, capital and collateral optimization
Capital is expensive and balance-sheet efficiency is a mod-
elling problem; desks that optimize it are being resourced.

Private credit and illiquid valuation
As credit migrates from banks to funds, valuation, cash-
flow modelling and risk analytics for illiquid assets become
bottlenecks.

Digital-asset market structure
Now institutionally sanctioned in several major jurisdic-
tions and hiring for derivatives pricing, market making
and surveillance.

Flat to shrinking

Manual reporting and reconciliation
Any role whose day is spent moving numbers between
spreadsheets is being automated, including inside risk
functions.

Vanilla pricing implementation
Writing yet another Black-Scholes or curve-building library
is a solved problem serviced by vendors and open source.
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Single-signal alpha research
Simple cross-sectional factors are crowded; incremental
headcount is going to execution, capacity and portfolio
construction instead.

What AI actually changes

Large language models and coding assistants have compressed the parts
of quantitative work that are transcription: boilerplate implementation,
documentation drafting, literature search, test scaffolding, data cleaning.
That is a real productivity shift and it has raised the bar for entry-level
candidates — “I can implement the formula” is no longer a differentiator,
because so can the tooling.

What has not been automated is the part that carries accountability:
choosing the model given the product and the data, knowing which as-
sumption will break first, designing the validation that would detect it, and
signing your name to a number a regulator or a risk committee will question.
The skill mix that pays in 2030 is therefore tilting toward judgement, model
criticism, and the ability to explain a result to a non-quant — not away from
mathematics, but away from the mechanical use of it.

In Practice. A 2026 model-validation job description for a large bank
asks for “experience challenging machine-learning models in a regu-
lated context, including surrogate modelling, stability testing under
covariate shift, and documentation to SR 11-7 standard.” Five years
earlier the same requisition asked for “experience validating regression
and scorecard models.” The title, grade and salary band are unchanged.
The content is not.

30.6 How to Benchmark an Offer Yourself
Tables age. The procedure does not:
1. Fix the comparison: same city, same segment (bank / asset manager /

fund / market maker / GCC), same years of experience. Never compare
across segments.
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2. Gather three to five real data points from Levels.fyi, Glassdoor, Ambi-
tionBox, published graduate-scheme bands, and — most reliably — two
people doing that job now. Take the median, not the maximum.

3. Decompose the offer into base, target bonus, actual recent bonus payouts
for that team, deferred stock with its vesting schedule, sign-on, and
pension or provident-fund contribution. Compare only the first-year cash
and the three-year total.

4. Price the non-cash terms: what you will be trained in, whose name goes
on the model documentation, whether internal mobility to another desk
or geography is real, and how the team behaves in a bad year.

5. Negotiate on the band, not on your need. “For this grade in this city I
understand the range to be X to Y; my experience with Z places me in
the upper half” is a professional sentence. Anything about rent is not.

Key Takeaways. Demand for quantitative skills is driven by four largely
independent engines — regulation, electronification, data abundance
and middle-office automation — and the regulation and automation
engines are where most first jobs are. Compensation is bimodal: read
segment, seniority and geography together, and never quote a field-
wide average. Between now and 2030 the growth is in model risk for Al,
climate risk, capital and collateral optimization, private-credit valuation
and digital-asset market structure, while manual reporting and vanilla
implementation shrink. AI has automated the transcription half of the
job and left the accountable half untouched, which raises the bar on
judgement rather than on mathematics.
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Certifications: Which Ones Are Worth It

Certifications are not a substitute for the technical skills built in Parts III-VI,
but several are genuinely useful signals to employers, structured learning
paths, or (in a few cases) prerequisites for specific roles. This chapter is
deliberately candid about which certifications matter most for which career
paths, since certification marketing rarely is.

31.1 CFA (Chartered Financial Analyst)

The CFA charter, awarded by the CFA Institute after three demanding
exams, is the most widely recognized credential in traditional investment
management — valuation, portfolio management, fixed income, and ethics in
particular. It is most valuable for portfolio management, investment research,
and asset management career paths (Section 27.8), and less directly relevant
to derivatives pricing or quantitative research roles, where its mathematical
depth is insufficient on its own.

31.2 FRM (Financial Risk Manager)

The FRM, awarded by the Global Association of Risk Professionals (GARP)
after two exams, is the most directly relevant certification for risk manage-
ment career paths — market risk, credit risk, operational risk, and regulatory
capital frameworks (Chapter 22). It pairs particularly well with the Risk
Analyst, Credit Risk Analyst, and ALM Risk Manager profiles in Part VIL
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31.3 CQF (Certificate in Quantitative Finance)

The CQF is a part-time, practitioner-oriented qualification focused specifically
on the mathematics of derivatives pricing, risk, and machine learning in
finance — closer in spirit and content to Parts III, IV, and VI of this book
than either the CFA or FRM. It is a strong signal for candidates transitioning
from a non-finance quantitative background (engineering, physics, computer
science) who want structured, finance-specific technical training without
committing to a full master’s degree.

31.4 CAIA (Chartered Alternative Investment Analyst)

The CAIA focuses specifically on alternative investments — hedge funds,
private equity, real assets, structured products (Section on Alternative Invest-
ments in Chapter 18) — and is most valuable for roles in alternative asset
management, fund-of-funds due diligence, and institutional allocator roles.

31.5 ERP (Energy Risk Professional)

Also administered by GARP, the ERP focuses on risk management specific
to energy and commodity markets, and is a useful, specialized credential for
commodities and energy quant roles (Chapter 28).

31.6 PRM (Professional Risk Manager)

The PRM, administered by PRMIA, covers similar ground to the FRM —
market, credit, and operational risk, plus mathematical foundations — and
is a reasonable alternative credential in risk management, though generally
less widely recognized than the FRM in most major financial centers.

31.7 Actuarial Certifications

Actuarial credentials (from bodies such as the Society of Actuaries, the
Institute and Faculty of Actuaries, or the Institute of Actuaries of India)
remain the gold standard for insurance and long-horizon risk roles, and
— as discussed in Section on Actuaries in Part II — provide genuinely
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strong preparation for credit risk and ALM-adjacent quantitative finance
roles, though the exam sequence is lengthy (often five or more years to full
qualification).

31.8 Python and Programming Certifications

Vendor and platform-specific Python certifications (e.g., from Python Insti-
tute or various online learning platforms) carry relatively little independent
signaling weight compared to a strong GitHub portfolio and demonstrated
project work (Part X); they are most useful as structured learning paths
for genuine beginners rather than as a credential to list prominently on a
resume.

31.9 Cloud Certifications: AWS, Azure, Google Cloud

As quantitative and data science infrastructure increasingly runs on cloud
platforms (Chapter 17), associate-level cloud certifications — AWS Certified
Machine Learning or Solutions Architect, Microsoft Azure Al/Data Engineer
certifications, or Google Cloud’s Professional Data Engineer /ML Engineer
credentials — are a genuinely useful, low-cost signal for data scientist, ML
engineer, and quant developer roles, particularly for candidates without
direct professional cloud experience to point to.
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Table 31.1: Certifications compared by primary relevance.

Certification Best Suited For Typical Duration

CFA Portfolio management, invest- 2-4 years (3 ex-
ment research ams)

FRM Risk management roles 12 years (2 ex-

ams)

CQF Technical transition into deriva- 6 months (part-
tives/quant roles time)

CAIA Alternative investments, allocator 1-1.5 years (2 ex-
roles ams)

ERP Commodities/energy risk roles 1 year

PRM Risk management (FRM alterna- 1 year
tive)

Actuarial Insurance, long-horizon risk, 5+ years

(SOA/I- credit-adjacent roles

FoA/IAl)

Cloud (AWS / Data science, ML engineering, Weeks to months
Azure / GCP)  quant development

No certification substitutes for the mathematics, programming, and
project portfolio this book emphasizes throughout Parts III-VIL. Choose
at most one or two certifications aligned tightly with your target role,
and treat them as a structured supplement to — not a replacement for
— demonstrated technical skill.
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Building Your Application: Resume, Portfolio,
and Presence

32.1 Resume

A quantitative finance resume should lead with technical substance, not soft-
skill adjectives. For each project or role, state the problem, the specific
methods used (name the model, not just “analysis”), and — wherever
honestly possible — a quantified result (backtested Sharpe ratio, model
AUC, percentage improvement). Recruiters and hiring managers in this
field read dozens of resumes per role and are explicitly looking for concrete
technical detail they can ask follow-up questions about at interview.

32.2 Projects

The single highest-leverage thing a newcomer can do is build two or three
complete, well-documented projects rather than many shallow ones. “Com-
plete” means: clean, tested, version-controlled code; a clear write-up of
methodology and results, including honest limitations; and, for anything
backtest-related, a transparent accounting of transaction costs and out-of-
sample performance. Suggested project types, matched to the role profiles
in Part VII, appear throughout that part’s “Recommended projects” fields.

32.3 GitHub

A public GitHub profile with a small number of substantial, well-organized
repositories (clear README files, sensible commit history, tests) is now
close to a baseline expectation for technical quant roles. Avoid the common
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mistake of a profile cluttered with dozens of abandoned tutorial-following
repositories; curate to your two or three best projects.

32.4 Research Papers

Replicating a well-known academic paper’s results (even a simplified version)
and documenting where your replication matches or diverges from the
original is a strong, underused portfolio piece — it demonstrates the ability
to read and implement technical literature independently, a core quantitative
research skill (Chapter 20.2).

32.5 Kaggle and Competitions

Kaggle and similar data science competitions (see Part XII for specific plat-
forms) provide a structured, benchmarked way to demonstrate applied
machine learning skill against a large pool of competitors. A strong rank-
ing is a genuine signal; even without a top ranking, a well-documented
competition write-up demonstrates process and rigor.



Interview Preparation by Question Type

33.1 Interview Questions: General Structure

Quantitative finance interviews typically combine several distinct question
types across multiple rounds: technical/coding, probability and mental math,
case studies or modeling exercises, and behavioral/fit questions. Understand-
ing which type is being tested helps you answer efficiently — interviewers
assessing probability puzzles usually care more about your reasoning process
than the final number.

33.2 Case Studies

Case-study interviews (common for research, structuring, and consulting-
adjacent roles) present an open-ended problem — “how would you price
this new product,” “how would you investigate why this strategy stopped
working” — and assess structured thinking under ambiguity. State your
assumptions explicitly, work through the problem out loud, and check in
with the interviewer rather than working silently.

33.3 Coding

Coding interviews for quant roles typically combine general software-engineering
fundamentals (data structures, algorithms, complexity analysis) with finance-

or data-flavored problems (e.g., implement a rolling-window calculation effi-
ciently, or simulate a simple pricing model). Practice writing clean, correct
code under time pressure, including edge cases, not just the “happy path.”
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33.4 Probability Puzzles

Classic probability puzzles remain a staple of quant interviews, particularly
at trading firms. Representative examples: “What is the expected number of
coin flips to get two heads in a row?” “You have 100 doors and open them
according to [some rule] — how many remain open?” “Two people agree
to meet between 12 and 1pm and wait 15 minutes for each other — what
is the probability they meet?” Practice a broad range of these — pattern
recognition across puzzle types is itself a trainable skill.

33.5 Brain Teasers and Mental Math

Beyond formal probability, many trading-firm interviews test rapid mental
arithmetic and estimation (Fermi-style “estimate the number of piano tuners
in Chicago” problems) and lateral-thinking puzzles. Regular practice with
mental math drills (multiplication, percentage estimation, quick expected-
value calculations) pays off disproportionately in these settings.

33.6 Trading Interviews Specifically

Trading interviews (Section 27.5) frequently include simulated trading games
(e.g., market-making card games) that test not just calculation speed but
risk management instincts, composure, and the ability to update quickly
on new information — practice these formats specifically, since they differ
structurally from research- or engineering-oriented technical interviews.

Interview preparation should mirror the actual structure of the role
you are targeting: a quant researcher interview weighs probability and
modeling heavily; a model validation interview weighs conceptual cri-
tique and skepticism; a trading interview weighs speed and composure.
Prepare disproportionately for the question types most relevant to your
specific target role, rather than spreading effort evenly.
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Table 33.1: Interview question types and how to prepare for each.

Question Type

What's Being Assessed

How to Prepare

Coding

Probability puz-
zles
Case studies

Mental math
Trading simula-

tions
Behavioral

Correctness, code quality,
complexity analysis
Structured reasoning under
uncertainty

Structured thinking under
ambiguity

Speed and accuracy under
pressure

Risk instincts,
adaptation
Fit, motivation, communica-
tion

composure,

Timed practice, data struc-
tures/algorithms review
Solve a broad range repeat-
edly, not memorization
Practice thinking out loud,
frameworks

Daily drills

Practice simulated market
games specifically

Prepare specific, honest sto-
ries (not generic ones)
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Roadmaps by Starting Point

This chapter turns Parts II through X into concrete, sequenced plans. Pick the
persona closest to your situation, then pair it with a timeline from Chapter 35.

34.1 First-Year Engineering Student

Focus on excelling in your core mathematics coursework (it will matter
more than you realize) while beginning Python outside the classroom. Do
not rush into finance-specific material yet — use these years to build an
unusually strong foundation in probability, linear algebra, and programming
fundamentals, which will make every later stage faster.

34.2 Final-Year Student (Any Quantitative Background)

Prioritize, in order: (1) closing your single biggest gap from your Part II
background profile, (2) one complete, well-documented project, (3) beginning
interview-style practice (Part X) at least 3-4 months before you start applying.
Apply broadly across the role types in Part VII rather than fixating on one
title early — your first quant role rarely determines your ceiling.

34.3 Working Professional (Career Switch)

Working professionals have less time but more discipline and often transfer-
able domain knowledge (Part II). Treat the transition as a part-time, 12-18
month project: consistent evening/weekend study of Parts III-IV, one solid
project completed over several months rather than abandoned after a few
weekends, and networking within your target industry (informational inter-
views are disproportionately valuable for career switchers).
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34.4 MBA Student

Pair core MBA finance coursework with a structured mathematics refresher
(Part IIT) and, if time allows, the CQF or a similar technical certification
(Chapter 31) to build credibility for more technical roles. Target roles where
business judgment is valued alongside technical skill — portfolio manage-
ment, investment strategy — rather than the most mathematically intensive
pricing roles.

34.5 Researcher /PhD

PhD researchers (particularly in physics, mathematics, statistics, or engi-
neering) typically have the deepest technical foundation of any persona in
this book but the least direct finance exposure. Prioritize Part V (finance
knowledge) and a finance-specific project translating your research skills
into a financial context; your technical depth will otherwise speak for itself.

34.6 Career Switcher From an Unrelated Field

If your background is outside Part II's profiles entirely (e.g., humanities,
unrelated sciences), be realistic about timeline — expect 18-24 months of
consistent preparation, starting with mathematics fundamentals (Part III)
before programming and finance. Entry-Accessible roles (Risk Analyst,
Financial Analyst, Credit Risk Analyst — see the difficulty ratings in Part VII)
are the most realistic initial targets.



Roadmaps by Timeline

35.1 Six-Month Roadmap

Realistic for someone with an already-strong quantitative background (e.g.,
a mathematics or engineering graduate) targeting an Entry-Accessible or
Moderate-difficulty role. Months 1-2: close your primary mathematics/pro-
gramming gap (Parts III-IV). Months 3—4: build one complete project and
finance-domain knowledge (Part V). Months 5-6: interview preparation
(Part X) and active applications.

35.2 One-Year Roadmap

The most common realistic timeline for a full transition from an adjacent
quantitative background. Quarter 1: mathematics and programming foun-
dations. Quarter 2: finance knowledge (Part V) and choice of specialization
area (Part VI). Quarter 3: one or two substantial projects targeted at your
chosen role (Part VII). Quarter 4: certifications if relevant (Part IX), intensive
interview preparation, and applications.

35.3 Two-Year Roadmap

Appropriate for career switchers starting further from a quantitative back-
ground, or for those pursuing a part-time master’s degree or CQF alongside
working. Year 1 mirrors the one-year roadmap at a slower pace, allowing
deeper mastery of fundamentals. Year 2 adds a second, more advanced
project, a relevant certification, active networking, and a sustained, disci-
plined application process.
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Phase 1 . Phase 2 Phase 3 Phase 4
Mathematics & Finance Knowl- . Interview P
P . dee & Spe- Projects & nterview Prep
rogramming eage & op Portfolio & Applications
Foundations cialization

Figure 35.1: The four-phase structure underlying every roadmap in this
chapter, regardless of total timeline length.

Every roadmap in this chapter follows the same four phases at different
speeds: foundations, finance knowledge and specialization, portfolio-
building, and interview preparation. If you are unsure how to sequence
your own preparation, default to this order — it reflects how the chap-
ters of this book itself are organized.
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Curated Resources

This chapter is deliberately curated rather than exhaustive — a small number
of genuinely excellent resources per category, chosen for how directly they
support the roadmap in this book, rather than an attempt at a comprehensive
bibliography.

36.1 Books

Foundational and widely recommended texts, organized by the part of this
book they support: Options, Futures, and Other Derivatives (Hull) and Paul
Wilmott Introduces Quantitative Finance (Wilmott) for derivatives fundamen-
tals; Stochastic Calculus for Finance I & II (Shreve) for the mathematical core;
Advances in Financial Machine Learning (Lépez de Prado) for modern quantita-
tive research methods; Analysis of Financial Time Series (Tsay) for econometrics;
Active Portfolio Management (Grinold & Kahn) for portfolio construction; The
Concepts and Practice of Mathematical Finance (Joshi) as a broad, interview-
relevant reference; My Life as a Quant (Derman) and The Quants (Patterson)
for the field’s history and culture (Section 1.3); and Quantitative Risk Manage-
ment (McNeil, Frey, & Embrechts) for a rigorous risk-management reference.
Full citations for these and other texts referenced throughout appear in each
part’s chapter-end bibliography.

36.2 GitHub Repositories

Search GitHub directly for actively maintained, well-starred repositories in
your area of interest — “awesome-quant,” “
lists are good starting points and are kept more current than any static list in
a printed book could be. QuantLib itself (a widely used open-source library

quantlib,” and similar curated
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for quantitative finance, with Python bindings) is worth exploring directly
for derivatives-pricing implementations referenced throughout Part VI.

36.3 Datasets

Yahoo Finance and Stooq (via their respective Python libraries) for free
historical price data suitable for most portfolio and time-series projects;
Kaggle’s finance-tagged datasets for credit, fraud, and other structured-
data projects; FRED (Federal Reserve Economic Data) for macroeconomic
time series; and, for those with institutional access, WRDS (see below) for
research-grade data.

36.4 YouTube Channels and Newsletters

Search for channels and newsletters specifically focused on quantitative
finance, derivatives pricing, or financial machine learning — the landscape
changes quickly enough that specific recommendations in a printed book
age poorly; prioritize creators with genuine practitioner or academic back-
grounds over generic “finance influencer” content, and cross-check any
strategy or claim against the primary textbook and paper sources cited
throughout this book.

36.5 Podcasts

Look for podcasts featuring practicing quants, portfolio managers, and
researchers in long-form interview formats — these are particularly valuable
for understanding the day-to-day texture of roles described more formally
in Part VIL

36.6 Competitions

Beyond Kaggle (below), look for university and firm-sponsored trading
competitions and case competitions, which simulate the case-study and
trading-game interview formats described in Part X under realistic time
pressure.
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36.7 Communities

Online communities (Quantitative Finance Stack Exchange, relevant sub-

reddits, and

Discord/Slack communities focused on quant finance and

algorithmic trading) are valuable for asking specific technical questions and
staying current, though — as with any open community — verify technical
claims against primary sources rather than accepting them uncritically.

36.8 Key Platforms

Bloomberg

The dominant professional market data and analytics termi-
nal; not typically accessible to individuals outside an institu-
tion, but many universities provide student access — use it if
available, since Bloomberg fluency is a genuine professional
expectation (Chapter 17).

WRDS (Wharton Research Data Services)

Kaggle

WorldQuant

A widely used academic research data platform aggregating
CRSP, Compustat, and many other datasets; available through
many university subscriptions and valuable for research-grade
project work.

The leading data science competition platform, also hosting
many finance-relevant datasets and notebooks (Chapter 32).

Runs the WorldQuant BRAIN platform, which lets participants
research and submit trading signals (“alphas”) against histori-
cal data at no cost, and is a genuinely useful, resume-relevant
way to practice quantitative research (Section 27.3) outside a
formal job.

QuantConnect

Numerai

An open-source, cloud-based algorithmic trading platform
supporting backtesting and live trading across multiple as-
set classes — a strong platform for building the backtested-
strategy projects recommended throughout Part VII.

A hedge fund that crowdsources trading signals through a
data science tournament with cryptocurrency-based staking
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and rewards; an unusual but genuine way to build and demon-
strate quantitative research skill against a global community
of participants.

Resources go stale; skills and completed projects do not. Treat this
chapter as a starting point for building the two or three genuinely
strong projects Part X emphasizes, not as a reading list to complete
before you feel “ready” to apply — most successful transitions into
quantitative finance happen in parallel with, not after, this kind of study.
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Formula Reference

This appendix collects the formulas referenced throughout the book in one
place for quick lookup and interview review. It is a reference, not a substitute
for understanding the derivations in Parts III and VL

A.1 Core Mathematics

Portfolio variance:

Covariance:

Correlation:

[t6’s Lemma (1D):

Geometric Brownian Motion:

o2 =w'Tw

p
Cov(X,Y) = E[(X — ux)(Y — py)]
_ Cov(x,Y)
oxy = X0y
0 0 1,02 )
df (X, t) = (aj; + ”aﬁ + z"zaxé) dt + O'aicht

dSt = ySt dt + O'St th

A.2 Probability and Statistics

1
Normal PDF:  ¢(x) = e /2

OLS estimator: B = (X'X) X'y

Sharpe ratio: SR =

EWMA volatility: 02 = Ac? ; + (1 — A)r?
GARCH(1,1): ¢f = w +ar? | + pot,
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A.3 Derivatives and Option Pricing

Put-call parity: C —P = Sy — Ke "7
Black-Scholes call: C = SoN(d;) — Ke "N (d>)

dy =
Black—Scholes PDE: aET‘t/
The Greeks
1% 2V
A= T =
9S’ 052”7
A.4 Fixed Income
Bond price:

Macaulay duration:

Modified duration:

A.5 Risk Management

~ In(So/K) + (r+02/2)T

, dy=d; —oVT
/T 2 1
1 5, ,0%V oV B
+§asa—9+rsg rV=20
1% 1% 1%
Vega—g, @—g, p—g
T
Ct F
P = +
Ly b oy
C
ooty
P
D AP
Dmod = mr ? ~ _Dmod Ay

Parametric VaR: VaR, = — (¢ + z,0) - Portfolio Value
Expected Shortfall: ES, = E[L | L > VaR,]
Expected Loss (credit): EL = PD x LGD x EAD

o
Sharpe-style risk-adjusted return: Information Ratio = w—p (active return / tracking er

p



Python Quick Reference

A compressed reference of idioms used throughout Part IV and the projects
recommended in Part VII.

1 import numpy as np
2 import pandas as pd

4 # Log returns
5 log_ret = np.log(prices / prices.shift(1))

7  # Annualized volatility (daily data)
8§ ann_vol = log_ret.std() * np.sqrt(252)

10 # Sharpe ratio
11 sharpe = (log_ret.mean() * 252) / ann_vol

13 # Rolling correlation between two return series
14 rolling_ corr = ret_a.rolling(60).corr(ret_b)

16 # Covariance matrixz -> portfolio variance
17 cov = returns_df.cov() * 252
18 port_var = weights @ cov.values @ weights

20 # Simple Monte Carlo GBM path simulation
21 def simulate_gbm(SO, mu, sigma, T, n_steps, n_paths, seed=42):

2 rng = np.random.default_rng(seed)

23 dt = T / n_steps

24 Z = rng.standard_normal ((n_paths, n_steps))

25 increments = (mu - 0.5 * sigmax*2) * dt + sigma * np.sqrt(dt) * Z
26 log_paths = np.cumsum(increments, axis=1)

27 return SO * np.exp(np.hstack([np.zeros((n_paths, 1)), log_paths]))

Listing B.1: Common NumPy/Pandas patterns for quantitative finance.
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Notation and Abbreviations

C.1 Notation

wn
<«
3
o
=]
p—

Meaning

»

S 9T AR

H=z8 MRBO

—
—

Asset price at time ¢

Strike price

Time to maturity

Risk-free interest rate

Volatility

Expected (drift) return

Standard Brownian motion (Wiener process)
Risk-neutral probability measure
Real-world (physical) probability measure
Covariance matrix

Portfolio weight vector

Standard normal cumulative distribution function
Expectation operator

C.2 Abbreviations

Abbreviation Full Term

ALM
ARIMA
CAPM
CCAR
CDS

Asset-Liability Management

Autoregressive Integrated Moving Average
Capital Asset Pricing Model

Comprehensive Capital Analysis and Review
Credit Default Swap
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CVA Credit Valuation Adjustment

DVA Debit Valuation Adjustment

EAD Exposure at Default

ECL Expected Credit Loss

ES Expected Shortfall

FRTB Fundamental Review of the Trading Book

GARCH Generalized Autoregressive Conditional Heteroskedas-
ticity

GBM Geometric Brownian Motion

H]B Hamilton—Jacobi-Bellman (equation)

HFT High-Frequency Trading

ICAAP Internal Capital Adequacy Assessment Process

IFRS International Financial Reporting Standards

IRB Internal Ratings-Based (approach)

IRRBB Interest Rate Risk in the Banking Book

LGD Loss Given Default

LLM Large Language Model

MLE Maximum Likelihood Estimation

PCA Principal Component Analysis

PD Probability of Default

PDE Partial Differential Equation

OR Quantitative Researcher

RL Reinforcement Learning

SDE Stochastic Differential Equation

VaR Value-at-Risk

VAR (statis- Vector Autoregression

tics)

WOE Weight of Evidence

XVA (Collective term for) Valuation Adjustments (CVA,

DVA, FVA, etc.)




Selected Derivations

The main text states results and explains what they mean. This appendix
supplies the derivations that repay being worked through once, in the order
a candidate is most likely to be asked for them at a whiteboard. Each is
written so that the step where the mathematics actually happens is visible,
not hidden in an “it can be shown.”

D.1 Ité’s Lemma, Heuristically

Let X; satisfy dX; = adt+ bdW, and let f(X;,t) be twice differentiable.
Expand to second order:

of ., of 19°f 2
df = dt—l—a dXt—I—iﬁ(dXt) +
Now use the multiplication table of Itd calculus, (dt)? = 0, dtdW; = 0,
(dW;)? = dt, which is the statement that Brownian motion has finite non-
zero quadratic variation, Equation (11.3). Then (dX;)? = b*dt and

of | Of 1,20°f of
df = ( tags+ 302 ) dt bW,

which is Equation (12.4). The whole content of stochastic calculus is the extra
term 1b%fy,: a convex function of a martingale drifts upward even though
the martingale does not. Say that sentence in an interview and you have
answered the question behind the question.
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D.2 The Solution of Geometric Brownian Motion

Apply Ito to f(S) = InS with dS; = uSidt + 0S;dW;. Here f' = 1/8,
"= -1/82s0

1 1 2
d(InSy) = S—t(yStdt + oS dW;) — %s? 257 dt = (;4 - %) dt + o dW;.
The right-hand side has constant coefficients, so it integrates directly, and
exponentiating gives Equation (12.7):

ST:SOGXp{("LL—U;)T—I—U'WT}.

Note where the —c?/2 comes from — not from the drift of the price, but
from the convexity correction. It is why the median of St is below its mean,
and why E[St] = Spe"T while E[InSt] =In Sy + (p — 02/2)T.

D.3 The Black-Scholes PDE by Delta Hedging

Hold one derivative V(S,t) short and A units of the underlying long: IT =
—V 4+ AS. Over dt, using Itd on V,

dIl = — (V; + uSVs + 30%S*Vsg) dt — oSVs dW; + A (uS dt + oS dW;) .

Choose A = Vs. Every dW; term cancels and the portfolio is instantaneously
riskless, so it must earn 7:

Tl = — (V, 4 10%82Vss) dt = 1T1dt = r(—V + SVs) dt.
Rearranging gives the Black-Scholes PDE,

2

%‘t/ + ;azszgs‘g + rSaa‘; —rV =0.

Two things are worth noticing and are frequently the follow-up question.
The drift 4 has vanished — the price of the option cannot depend on the
expected return of the stock, because the hedge removes exposure to it. And
the hedge is only riskless instantaneously: rebalancing at discrete intervals
leaves a residual proportional to I' and to the difference between realized
and implied variance, which is precisely what a gamma-scalping strategy
monetizes.



D.4. The Black—Scholes Formula as a Risk-Neutral Expectation

D.4 The Black-Scholes Formula as a Risk-Neutral Expectation

Under Q, St = Soexp{(r — ¢?/2)T + 0+/TZ} with Z ~ N/(0,1). For a call,
C = e*I’T IEQ[(ST . K)Jr] — efrT/ (Soe(rfo'z/Z)TJrU'\/Tz o K) 4)(2) dz,

where z* solves St = K, i.e.
. In(K/So) — (r—02/2)T
z = = —dz.
ov'T
The second integral is immediate: Ke™'T (1 — ®(—d,)) = Ke "T®(dy). The
first uses the completing-the-square identity

eVTip(z) = " T2 p(z — 0V/T),
which shifts the Gaussian and produces So®(d;) with dq = dp + ov/T. Hence

2
C = So@(dy) — Ke "Td(dy), dry— In(Sp/K) :\}rfi(r /z)T.

The exponential shift is the same manoeuvre as a change of measure: ®(d;)
is the probability of exercise under the stock-as-numéraire measure, (d>)
the probability under Q. That is why A = ®(d;) and not ®(d,), a distinction
interviewers enjoy.

D.5 The Ornstein—-Uhlenbeck Solution

For dX; = (0 — X;) dt + o dW;, use the integrating factor e*'. Apply Itd to
Y; = "' X;; since Y has no second-order term in X,

dYt = KeKtXt dt + ethXt = K9€Kt dt + UeKt th

—xt

Integrating from 0 to ¢ and multiplying by ™,

t
Xi =0+ (Xo—0)e ™ + (7/ e K= g
0

The stochastic integral is Gaussian with mean zero, and by the It6 isometry,
Equation (12.2), its variance is ¢?(1 — e~2**)/(2x), which tends to ¢?/2x
— a stationary distribution, unlike GBM. This single calculation underpins
Vasicek rates, pairs-trading spread models, and the variance process intuition
behind Heston.
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D.6 Girsanov in One Dimension, Used Once

Let IP and Q be related by the Radon-Nikodym derivative

dQ _ T 1 T 2
S| —en{ [ [ 0]

Girsanov’s theorem says we = Wi + fot As ds is a Brownian motion under Q.
Substituting dW; = dW;Q — A¢dt into dSy = uSydt 4+ oSy dW; gives

dSt = ("Ll —U/\t)stdt—f—UStthQ,

so the choice A = (y —r) /0 — the market price of risk, Equation (13.4) —
and nothing else makes the drift equal r. Volatility is unchanged by the
measure change; only drift moves. That asymmetry is the reason implied
volatility is a meaningful market quote while implied drift is not.

D.7 Feynman-Kac: Why a PDE and an Expectation Are the Same
Statement

Let dX; = a(X;, t)dt + b(X;, t)dW; and define u(x,t) = E[e"T-)®(Xr) |
X¢ = x|. Consider M, = e 76Dy (Xs,s) and apply Ito:

dM; = ¢~ "1 (—ru+us + auy + %quxx) ds +e "Dy, dW..

By construction M is a martingale, so its ds coefficient must vanish identi-
cally:
ut+aux+%b2uxx—ru =0, u(x, T) = O(x).

Read left to right this turns an expectation into a PDE (solve it on a grid);
read right to left it turns a PDE into an expectation (solve it by Monte
Carlo). Every pricing library in existence exploits this equivalence, choosing
whichever side is cheaper for the payoff at hand.

D.8 Euler-Maruyama and Why Its Order Is 1/2

Discretize dX; = adt + bdW; on a grid of step At:

Xn+1 — }/Zl’l + a(Xn, tn)At + b(}?n, tn) V At ZVl'



D.9. The Markowitz Optimal Portfolio

Taylor-expanding the exact solution shows the leading neglected term is
%b by fttn”“(Ws — W, )dW;, whose size is O(At) but whose sign is random.
Errors therefore accumulate like a random walk rather than additively, giving
strong convergence of order 1 — E|Xr — Xr| = O(At'/?) — while the weak
error in expectations is O(At). Adding the missing term back, using [ (W; —
Wi, )dWs = 3((AW)? — At), gives the Milstein scheme, Equation (14.2), with
strong order 1. Since most pricing problems need only expectations, weak
order is usually what matters — a point worth making before someone
assumes you do not know the difference.

D.9 The Markowitz Optimal Portfolio

Minimize %wTZw subject to w'y = m and w'1 = 1. The Lagrangian is
L=1w"Sw—A(w'p—m)—Ay(w'1-1),
and dL/0w = Xw — Ay — A1 = 0 gives
w* =X (A + Agl),

with Ay, A, fixed by the two constraints. Dropping the return constraint and
maximizing the Sharpe ratio instead yields the tangency portfolio

whn — Zil(l’l — 1’1) )
1721 (p—r1)

Note the Z~!. When X is estimated from T observations on 1 assets with
T not much larger than n, its smallest eigenvalues are badly estimated,
inverting amplifies exactly that error, and the “optimal” weights become
enormous and unstable. Every practical fix — shrinkage, factor models,
weight constraints, risk parity — is a response to this one line of algebra.

D.10 VaR and Expected Shortfall for a Normal Loss

If loss L ~ N (pr,0?) then
(2 (a))
T :

The ES expression follows from the truncated-normal mean, E[Z | Z > ¢| =
¢$(c)/ (1 —P(c)). At @ = 0.975 the ratio ES/VaR is about 1.15 for a normal

VaR, = yup + 0, @ a), ES, = + o1
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and materially larger for fat-tailed losses — which is why FRTB replaced
VaR with ES, and why quoting the normal ratio as if it were universal is a
trap.

D.11 The Kelly Criterion

With a bet returning +b with probability p and —1 with probability 1 — p,
maximizing expected log wealth ¢(f) = pIn(1+bf) + (1 —p)In(1 — f)
gives

g'(f) pb 1—P:0 — f*_pb—(l—p)_edge

T 1+4bf 1—f b ~ odds’

For a continuously traded asset with excess return u — r and volatility o, the
same logic gives f* = (u — r)/0? — the Merton fraction, and the reason a
Sharpe ratio can be read as a leverage instruction. Kelly maximizes long-run
growth rate, not utility for any finite horizon, and half-Kelly is the standard
practical compromise because the growth curve is flat near the optimum
while the drawdown is not.



Problem Set: Forty Problems with Solutions

These forty problems are ordered to follow the book: probability and statis-
tics first (Part III), then stochastic calculus and pricing (Chapters 11-15), then
risk, portfolio construction, programming and market judgement. They are
the genre of question actually asked in first- and second-round quantitative
interviews: short enough to do at a whiteboard, and chosen so that the
reasoning matters more than the arithmetic.

Work each problem before reading its solution. A problem you have read
the answer to teaches you almost nothing; a problem you have failed at and
then read teaches you a great deal.

Problems

Probability and statistics

1. A fair coin is tossed until two consecutive heads appear. What is the
expected number of tosses?

2. Three points are chosen uniformly and independently on a circle. What
is the probability that all three lie in some semicircle?

3. You draw two cards from a shuffled deck. What is the probability the
second is an ace, given no information about the first?

4. X and Y are independent standard normals. What is the distribution of
X/Y, and what is its mean?

5. A stick of length 1 is broken at two uniform random points. What is
the probability the three pieces form a triangle?
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6.

10.

Returns are i.i.d. with mean 0 and standard deviation 1% daily. What is
the probability of at least one daily move beyond 3% in a 252-day year,
assuming normality? Comment on the answer.

You have 100 coins, one of which is double-headed. You pick one at
random and flip it 10 times, getting 10 heads. What is the probability it
is the biased coin?

Estimate [E[max(X, Y)] for independent standard normals X, Y.

A regression of y on x gives R = 0.04 on 5,000 daily observations,
t-statistic 14. Is the relationship useful? Explain the distinction you are
drawing.

Two estimators of a variance are available: the sample variance with
1/n and with 1/(n — 1). One is biased and the other has larger mean
squared error. Which is which, and which would you use to size a
position?

Stochastic calculus

11.
12.
13.
14.
15.

16.

17.
18.

19.

20.

Compute d(W?) and hence E[W?].
Compute d(W?) and use it to find E[W?] and E[W}].

Is e™ a martingale? If not, find 6 such that eWi—bt i,

For dS; = uS;dt 4+ 0S¢ dW;, find the SDE satisfied by S}.

Show that E[St] = Spe*T while the median of St is Soe=*/2)T 'and
explain what practical error follows from confusing them.

Find Cov(W;, W;) and, for the OU process, Corr(X;, X;) in the stationary
regime.

Let 7 be the first time W; hits level a > 0. What is IP(7 < o0) and E[t]?

A stock follows GBM. What is the probability it ever doubles before
halving?

Derive the SDE for the log-price under Q and explain why u disappears
but o does not.

Write down the Heston system and state the Feller condition. What
breaks if it fails?



Derivatives pricing

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Without computing, state whether a call’s price rises or falls with each
of §,K, o, T,r, and give the sign of each Greek for a long call.

Why is A = ®(d;) rather than ®(d,), given that ®(d,) is the risk-neutral
probability of exercise?

A stock trades at 100, one-year at-the-money implied volatility is 20%,
rates are zero. Estimate the call price mentally, to within a few percent.

Show that a call and a put with the same strike and maturity have the
same vega and the same gamma.

You are long a straddle and delta-hedging daily. Under what condition
do you make money?

An option’s implied volatility is 25% but you forecast realized volatility
of 30%. Describe the trade and its risks.

Explain why American calls on non-dividend-paying stock are never
optimally exercised early, but American puts may be.

A digital option pays 1 if St > K. Price it under Black-Scholes, and
explain why its delta blows up near expiry.

You must price a five-year cliquet. Would you calibrate a local-volatility
or a stochastic-volatility model, and why?

A trader claims a 25-delta risk reversal is “just a view on skew.” What
else is he exposed to?

Risk, portfolios, and code

31.

32.

33.

Compute 99% one-day VaR and ES for a $10m position with 2% daily
volatility, assuming normality. Then say why the true numbers are
larger.

VaR is not subadditive. Construct a two-position example where portfo-
lio VaR exceeds the sum of standalone VaRs.

Two assets have equal volatility ¢ and correlation p. What is the
minimum-variance weight, and what happens as p — 1?
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34.

35.

36.

37.

38.

39.

40.

Explain why the Markowitz solution is unstable and name three fixes
actually used in production.

A backtest shows a Sharpe ratio of 2.5 over three years. List five reasons
to disbelieve it.

You have 4,000 daily returns and want a 10-day 99% VaR. Give two
methods and state which assumption each makes.

How would you compute a rolling 60-day annualized volatility for 3,000
tickers efficiently in Python? Give the approach, not the code.

You price an option by Monte Carlo with 1m paths and get a standard
error of 0.4%. How many paths for 0.1%? Name a variance-reduction
technique that beats brute force.

A production risk model has quietly used a stale correlation matrix for
three weeks. Walk through what you do, in order.

A regulator asks why your machine-learning credit model rejected a
specific applicant. How do you answer, and what should have been
built beforehand?

Solutions

1.

7

6. Let E be the expected additional tosses from “no relevant history”
and Eg from “last toss was a head.” Then E = 1+ %EH + %E and
Eg=1+ % -0+ %E. Solving, Ey = 4, E = 6. The general result for k
consecutive heads is 211 — 2.

3/4. Fix any point; the probability that both others fall in the semicircle
starting clockwise from it is (1/2)? = 1/4, and the three events (one
per point being the “first”) are disjoint, giving 3 x 1/4. For n points the
answer is n/2"1.

4/52 = 1/13. By symmetry every position in a shuffled deck is equally
likely to hold an ace; conditioning on the unobserved first card changes
nothing. Interviewers ask this to see whether you compute or reason.

Standard Cauchy. It has no mean — the integral [ |x|f(x)dx diverges.
The finance point is that ratios of noisy quantities (an estimated beta



10.

11.

12.

13.

with a near-zero denominator, an implied “fair value” from a thin quote)
inherit tail behaviour that no amount of averaging tames.

1/4. With break points U, V uniform on [0, 1], a triangle requires every
piece below 1/2; the favourable region is two triangles of area 1/8 in
the unit square.

P(|Z| > 3) ~ 0.0027 per day, so IP(no breach) = (1 —0.0027)%? ~ 0.505;
roughly a 50% chance of at least one. Empirically such moves occur
several times a year, which is the cleanest one-line demonstration that
returns are fat-tailed and that a Gaussian VaR understates tail frequency.

1/100

P =
1/100 4+ (99/100)(1/1024)
a very strong likelihood ratio: the point is that 10 heads is 1024 times

more likely under the biased hypothesis, which overwhelms the 99:1
prior.

~ 0.912. Bayes with a small prior and

1/y/7 ~ 0.564. Use max(X,Y) = (X +Y) + }|X — Y|; the first term
has mean 0 and X — Y ~ N(0,2) has E|X — Y| =2//m.

Statistically real, economically small. R? = 0.04 means 4% of variance
explained — but on daily data with a large sample, a small, stable edge
is exactly what a systematic strategy is made of. The distinction is sig-
nificance versus effect size, and the follow-up you should raise yourself
is whether the t-statistic survives autocorrelation-robust standard errors
and out-of-sample testing.

1/n is biased (downward) but has smaller MSE; 1/(n — 1) is unbiased.
For position sizing, the relevant loss is squared error, not bias, and
in practice a shrunk or exponentially weighted estimator beats both.
Saying “unbiased is not the objective” is the answer being looked for.

d(W?) = 2W; dW; + dt, so taking expectations kills the martingale term
and leaves E[W?] = t.

d(W?) = 3W2dW; + 3W; dt, so E[W?] = 3 [ E[W,]ds = 0. Similarly
d(W}) = AW2dW; + 6W2dt gives E[W}] = 6 fot sds = 3t> — the normal
kurtosis of 3.

Not a martingale: Ito gives d(e™) = e"tdW; + LeWidt, a positive drift
from convexity. Subtracting t/2 fixes it, so 6 = 1/2 and eWi—t/2 ig the



Appendix E. Problem Set: Forty Problems with Solutions

14.

15.

16.

17.

18.

19.

20.

21.

exponential martingale — the same object that appears as the Radon-
Nikodym derivative in Girsanov.

n
d(S") = nS"1dS + In(n—1)S"2028%dt, i.e. 467) _ (np +3n(n —1)0?) dt +

S¢
no dWy: again geometric, with drift boosted by convexity.

St is lognormal, so its mean carries the full T while its median carries
(u — 02/2)T. The practical error is projecting compound growth using
an arithmetic average return — it overstates the typical outcome, and
the gap widens with volatility. This is the entire content of “volatility
drag.”

Cov(Ws, W;) = min(s, t). For the stationary OU process, Corr(Xs, X;) =
e~ *It=sl _ exponential decay with half-life In2/x, which is how a pairs-
trading horizon is chosen.

P(T < 00) = 1 but E[t] = co: Brownian motion hits every level almost
surely, yet the expected waiting time diverges. Traders meet this as “the
trade works eventually” being an unfinanceable statement.

With X; = InS; having drift m = u — 02/2, the classic gambler’s-

ruin result for Brownian motion with drift gives, for barriers at £1n 2,
1— e—2mln2/02

2
. eZman/a

P(double first) = A2/ pamin2/ , which reduces to

1/2 when m = 0. The instructive special case is that a driftless price
with positive 4 = 02/2 is a fair bet in log space — volatility, not just
drift, decides.

Under Q, dInS; = (r — 0% /2)dt + (TdWP. Girsanov shifts drift only; the
quadratic variation of the path is invariant under an equivalent measure
change, so ¢ is unchanged. Hence implied volatility is a quotable
market parameter and implied drift is not.

See Equation (15.3); Feller is 2xf > (;‘2. If it fails, the variance process
can reach zero, a naive Euler discretization produces negative variances
and NaNs at the square root, and you must switch to a full-truncation
or quadratic-exponential scheme.

Call price: increasing in S, o, r; decreasing in K; increasing in T (non-
dividend, positive rates). Long call: A > 0, I >0, v >0, ® <0,
p > 0.



22.

23.

24,

25.

26.

27.

28.

29.

®(dy) is the exercise probability under Q; ®(d;) is the exercise proba-
bility under the measure with the stock as numéraire, which is what
appears when you differentiate the discounted expected payoff and
the St inside the expectation is itself sensitive to So. Equivalently, A
must account for how much stock you receive, not merely whether you
receive it.

Use the at-the-money approximation C ~ 0.4 So/T = 0.4 x 100 x 0.2 =
8. The exact Black-Scholes value is 7.97. Knowing this approximation —
and that it follows from ®(x) ~ 1 + ¢(0)x — is a standard screen.

Both follow from put—call parity, C—P = S — Ke'T: the right-hand
side is linear in S and independent of ¢, so differentiating twice in S or
once in ¢ gives zero difference. Hence identical gamma and vega, while
deltas differ by exactly one.

You profit if realized variance exceeds implied variance over the life
of the hedge; the P&L of a delta-hedged option is approximately
T[S (02, — (Tfmp) dt. The dependence on I' means when the volatility
arrives matters as much as how much: a big move after gamma has
decayed does not pay you.

Buy the option and delta-hedge (long gamma, long vega). Risks: real-
ized volatility arriving as a single gap rather than continuous movement,
hedging costs and discrete rebalancing, vega losses if implied falls be-
fore realized rises, and financing on the hedge.

For a non-dividend call, early exercise forfeits both time value and
interest on the strike, so holding dominates — formally the discounted
price is a Q-submartingale. For a put, exercising early captures interest
on the received strike immediately, which can dominate when the
option is deep in the money and rates are positive.

V = ¢7"Td(d,). Tts delta is proportional to ¢(dz)/(So+/T), which
diverges as T — 0 for S near K: the hedge requires an unbounded
position in the underlying. Desks therefore hedge digitals with a tight
call spread and price in the spread width, which is also why digital
quotes embed a skew cost.

Stochastic volatility (or a hybrid). A cliquet pays on forward-starting
returns, so its value depends on future smile dynamics, and local
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volatility — although it fits today’s surface exactly — implies unrealistic
forward smiles. This question tests whether you know the difference
between a static fit and dynamics.

30. Vega if the surface shifts asymmetrically, gamma and hence a hedging
cost, and — most importantly — correlation between spot and volatility:
the risk reversal is a directional trade in disguise, since selling downside
puts to buy upside calls loses on both legs in a sharp sell-off. He is
short the crash.

31. VaRggy, = 10m x 0.02 x 2.326 = $465k; ES = 10m x 0.02 x ¢(2.326)/0.01 =
$533k. Understated because real return distributions are fat-tailed and
volatility clusters, so the conditioning set for a 99% day is itself a
high-volatility regime.

32. Take two independent digital-loss positions each losing 100 with prob-
ability 2% and nothing otherwise. Standalone 95% VaR is 0 for each.
Combined, the probability of at least one loss is 3.96%, so the portfolio
95% VaR is 100 > 0 + 0. This is why the Basel framework moved to
expected shortfall, which is coherent.

33. w* = 1/2 by symmetry, for any p < 1; portfolio variance is 02(1 + p) /2.
As p — 1 diversification vanishes and the variance tends to 0% as

p — —1 it tends to zero, which is the mathematical statement of a
hedge.

34. Because it inverts an estimated covariance matrix whose smallest eigen-
values carry the most estimation error. Production fixes: Ledoit-Wolf
shrinkage or a factor-model covariance; weight constraints or a turnover
penalty; and resampling / Black-Litterman to stabilize the return inputs.
Naming risk parity as a fourth is fine.

35. Look-ahead bias; survivorship bias in the universe; transaction costs,
market impact and shorting availability ignored; overfitting through
repeated parameter search on the same data; and regime dependence —
three years may be one regime. A sixth worth adding: the Sharpe was
computed on daily returns that are autocorrelated, which inflates it.

36. (a) Scale a one-day estimate by /10 — assumes i.i.d. returns and no
volatility clustering. (b) Use overlapping or block-bootstrapped 10-
day historical windows — assumes the past sample spans the relevant



37.

38.

39.

40.

regimes and accepts autocorrelation in overlapping windows. State that
the square-root rule understates risk precisely when it matters.

Load returns into a single wide DataFrame or a T X N NumPy array and
vectorize: one rolling(60) .std() on the whole frame, then multiply
by V/252. Never loop over tickers; if memory binds, chunk by ticker
blocks or use an exponentially weighted recursion, which is O(1) per
update and is what a live system would do anyway.

Monte Carlo error scales as 1/v/N, so a 4x reduction needs 16x the
paths — 16m. Better: antithetic variates, control variates (price the
analytic Black-Scholes payoff alongside and correct), or quasi-Monte
Carlo with Sobol sequences, which can approach 1/N.

Quantify first — rerun with current correlations and measure the dif-
ference in reported risk. Contain: notify the risk owner and the model-
governance function immediately, do not silently patch production.
Then remediate: restate affected reports, identify which limits or capital
numbers were computed on stale inputs, add an automated staleness
check with an alert, and file the incident. The order matters: quantify,
escalate, remediate, prevent. Hiding it is a career-ending answer.

You answer with reason codes derived from the model’s actual be-
haviour on that applicant — for example, SHAP or equivalent local
attributions mapped to plain-language adverse-action reasons — and
with documentation showing the model was tested for stability and
for disparate impact across protected classes. What should have been
built beforehand: a model card and development documentation, a
monotonicity-constrained or otherwise interpretable challenger model,
an approved reason-code mapping, and ongoing monitoring with re-
training triggers. If none of that exists, the honest answer is that the
model should not have been in production — and saying so is what a
model-risk interviewer is testing for.

Key Takeaways. Interview problems reward three habits: setting up re-
cursions and conditioning arguments rather than brute force (Problems
1-10), knowing the It6 multiplication table well enough to differentiate
anything (11-20), reading pricing questions as questions about hedging
(21-30), and — in risk, portfolio and production questions (31-40) —
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volunteering the failure mode before you are asked for it. In every
one of these forty answers, the sentence that earns the offer is the one
explaining what would break.
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CAREERS & QUANTITATIVE METHODS

Start from zero. Finish
interview-ready.

Quantitative finance is where mathematics, statistics, computing, economics and
market knowledge meet — and nobody arrives holding all five. This edition is
written as a single continuous route through the field: what it is, whether it fits you,
precisely which prerequisites to close and in what order, the stochastic models the
work is actually built on, the twenty-two job families that hire for them, what those
jobs pay in India and the United States, and how the market is likely to change
between now and 2030.

Every mathematical idea is stated as an equation you can use, derived where the
derivation teaches something, and immediately tied to the desk, model or interview
question where it appears.

Inside this edition
- Twenty-two role profiles with tools,

- A measured prerequisite ladder with a projects and progression

self-assessment you can score .
- Hiring funnels, geography and 2026-2030

- Brownian motion, Itdé’s lemma, Girsanov
4 ’ demand outlook

and Feynman-Kac, worked in full

- A model zoo: Heston, SABR, Vasicek,
CIR, Hull-White, HJM, Merton jumps

- Forty interview problems with complete
solutions
- Formula reference, notation tables and a

- Euler-Maruyama and Milstein schemes,
full glossary

with convergence orders
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