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| Introduction 9P lum

Gaurav Chakravorty

Qplum
Chief Investment Officer + Chief Data Scientist
e 14+ years experience in ML based trading
e Founder and CEO of a global High Frequency Trading
firm (2010 to 2015)
e Youngest partner at Tower Research Capital.
Established one of the most profitable trading groups at
Tower Research Capital.
e M.Sin CS from University of Pennsylvania.
e B.Techin CS from the prestigious I.I.T. Kanpur.

References: Previous talk at GTC 2017, Podcast, Opalesqgue, SSRN, Amazon



http://on-demand.gputechconf.com/gtc/2017/video/s7592-gaurav-chakravorty-ai-and-deep-learning-in-trading.mp4
https://soundcloud.com/theaipodcast/ai-finance
https://www.cohencpa.com/CohenSite/Media/CohenRedesign/resources/Article_Opalesque-2017-Investor-Roundtable.pdf
https://papers.ssrn.com/sol3/cf_dev/AbsByAuth.cfm?per_id=1427461
https://www.amazon.com/Legends-Leaders-Hedge-Funds-Finance/dp/B07DXJLNBP

| Outline 9P lum

e Business overview of the asset management landscape
o Who is using ML and why

e Machine Learning methods used
o  Which ML methods are used and where

e Software Engineering aspects
o SWE aspects specific to finance

o Importance of looking at data science as a bridge
between SW and BD

o Need for continuous deployment

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.
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| Business reasons for A.l.
adoption

Who is trying to use A.l. and why?

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.



| Business overview C| P lum

1. Fast - High frequency trading - dynamic

2. Mutual funds - stock selection using multiple types of variables
3. Multi-manager firms - performance attribution

4. Large institutional investors - Tactical asset allocation

5. RIAs : Understanding the customer better

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 5



| Business overview C| P lum

High accuracy needed -
high scalability (vs humans)

No diaitization W Data science works
NI wonders. The hard part is to
No data science _ .
use it. (easy wins)

Speed and execution on
simple data science
models - low scalability
(against other machines)

Passage of time

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.



| Business overview C| P lum

Fast - High frequency trading
e About 800 GB of new data per data.
e However, very little new information in the data.

e \ery hard to figure out the right objective function, or what to
learn.

e Data is created by machines and hence it is very dynamic. A
market could totally change in a span of a few weeks.

References:

Machine learning infrastructure : key to High Frequency Trading (Qplum)

Use of ML in high frequency trading (Qplum)

Eric Schmidt heralds Machine Learning to Combat High Frequency Trading: SALT 2017

A step by step tutorial on the evolving use of ML in HET (video)

A primer on high frequency trading and the importance of algorithmic and ML innovation in it
(Investopedia)

6. High frequency trading as a service (Qplum)

A S A

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.


https://slides.com/gchak/high-frequency-trading-and-machine-learning-infrastructure#/
https://www.qplum.co/investing-library/81/machine-learning-in-high-frequency-algorithmic-trading
https://www.thestreet.com/story/14140153/1/alphabet-chairman-talks-up-machine-learning-to-combat-high-frequency-trading-salt-2017.html
https://www.youtube.com/watch?v=extCB7YqB-M&ab_channel=qplum
https://www.investopedia.com/news/highfrequency-trading-primer/
https://www.investopedia.com/news/highfrequency-trading-primer/
https://qplumproduction.s3.amazonaws.com/uploads/file_download/pdf_file/10/qplum_hft.pdf

| Business overview C| P lum

Mutual funds - security selection

e \Very little alpha left in few variables like “value” and “quality”.

e o0 justify fees firms have to show that they are taking all factors
into account, and not just a few.

e Data driven commentaries and outlooks are given prominence
over prescient “gut feelings”.

References:
1. Guide to machine learning jobs (JP Morgan)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.


https://news.efinancialcareers.com/uk-en/285249/machine-learning-and-big-data-j-p-morgan

| Business overview C| P lum

Multi-manager firms

e Attribution of performance, alpha and beta and uniqueness of
managers, or trading strategies.

e Deciding risk allocation among strategy styles

e Deciding capital allocation and incentives for managers.

References:
1.  Optimal Tactical Allocation — Using Netflix style Recommender Systems for manager selection

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3334021

| Business overview C| P lum

Large institutional investors
e.g. pension funds, endowment funds, insurance firms

e Regime detection

e (Generative scenario analysis

e Understanding risks of current portfolio - risk analytics

e Demystification of performance of managers and risk allocation

e Manager selection

References:
1. Deep learning for tactical asset allocation - Gaurav, Ankit (Qplum), Brandon (OPTrust)
2. A study on the use of Artificial Intelligence on the investment management practices of Japan's GPIF
by GPIF and Sony
3.  ClO of Japan praises A.l. technology
4. World’s biggest pension funds sees A.l. replacing asset managers
5. GPIF to use A.l. for manager selection

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.
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https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3242432
https://www.gpif.go.jp/en/investment/research_2017_1_en.pdf
https://www.gpif.go.jp/en/investment/research_2017_1_en.pdf
https://www.pionline.com/article/20190305/ONLINE/190309937/cio-of-japans-gpif-praises-ai-technology
https://www.bloombergquint.com/markets/world-s-biggest-pension-fund-sees-ai-replacing-asset-managers
https://www.ai-cio.com/news/gpif-use-ai-determine-manager-selection/

| Business overview C| P lum

Financial Advisors
e Understanding the client better (classification, objective estimation)
e Providing more applicable solutions (strategy classification)

e A.l intax optimization

References:
1. How RIAs are using A.l. to scale their practices (Investopedia)
2. Tax optimization needs multi objective multi variable prediction, hence A.l. - Anshul (Qplum, IB)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 11


https://www.investopedia.com/financial-advisor/ai-key-scaling-your-practice/
https://www.youtube.com/watch?v=Y3S-LPIUnhU&ab_channel=InteractiveBrokers

C|P|Um

| Which M.L. methods are
used in asset mgmt”

Cataloging the methods used in different parts of asset management

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 12



| ML deep dive C||:>|L_|m

Machine Learning needs to answer why - decision trees and generative modeling

e Not enough to output a portfolio likely to do well. We need to demystify it. We need to explain why
is the model predicting this portfolio now.

e Generative modeling - make data that trumps up my strategy

e Unsupervised learning for dynamic factorization ( both for risk and more stable alphas)

References:
1.  Using Boosting to demystify complicated multi-parameter models like Neural Networks (video)
2. Making A.l. driven investment strategies more transparent
3. Static factors don’t work (SSRN, Research Affiliates)
4. Generated (hypothetical) data is key to improving accuracy of machine learning strategies

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 13


https://www.youtube.com/watch?v=gGhhJOZ6Srg
https://www.qplum.co/investing-library/313/making-a-i-driven-strategies-more-transparent
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3331680
https://slides.com/gchak/hypothetical-data-machine-learning-trading-strategies

| ML deep dive C||:>|L_Im

Strategy/manager selection used to like a hierarchical basket filling

LET'S FILL THIS P1E AND GUYS, CouLd Yov DO SOME ANALYSIS
INVEST THESE FUNDS?

INVESTMENT PIE j
MD
cI10 MDsg ANALYSTS

JOHN, FIND ME SOME FUNDS To INVEST IN, ALRIGHT, T HAVE NARROWED TT DOWN
\ WHAT ARE YOU LOOKING FOR? TO THESE 4 FUNDS. T AM SENDING OVER
THE INFo.
WELL ., ANYTHIN& THAT
MAXIMIZES MY BONUS TnIs YEAR.

ANALYST
CONSULTANT
References:

1.  Using a matrix factorization approach to categorizing managers and strategies and asset classes (OReilly)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 14


https://conferences.oreilly.com/artificial-intelligence/ai-eu-2018/public/schedule/detail/70302

C|P|Um

| ML deep dive

Recommender systems approach to
manager selection

— ‘s’ strategies ——

—— ‘s’ strategies — — ‘k'regimes ——
t
3
% Strategy Characterization Matrix
@ - @ Date 2 (S)
§ Strategy Returns Matrix - g Characterization X o
o (SRM) o Matrix |
l (DCM)
o

Tomorrow's regime

Today
vector

References:
1.  Using a matrix factorization approach to categorizing managers and strategies and asset classes (OReilly)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 15


https://conferences.oreilly.com/artificial-intelligence/ai-eu-2018/public/schedule/detail/70302

| ML deep dive C||:>|L_Im

Trades with short holding periods / High frequency trading:
e Linear regression of sophisticated indicators.
e Ensemble methods approach to strategy construction

e Reinforcement learning approach to detecting non-standard behavior in
markets or specific stocks

e Walk-forward measurement of strategy performance

References:
1. Machine learning infrastructure : key to High Frequency Trading (Qplum)
2. What is walk-forward backtesting? Why non-walk-forward results should be discounted in strateqy
construction
Use of ML in high frequency trading (Qplum)
Reinforcement learning approach to market microstructure learning - Kearns et. al
Eric Schmidt heralds Machine Learning to Combat High Freguency Trading: SALT 2017
A step by step tutorial on the evolving use of ML in HFET (video)

o O 0o

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 16


https://slides.com/gchak/high-frequency-trading-and-machine-learning-infrastructure#/
https://www.qplum.co/investing-library/140/what-is-walk-forward-backtesting
https://www.qplum.co/investing-library/140/what-is-walk-forward-backtesting
https://www.qplum.co/investing-library/81/machine-learning-in-high-frequency-algorithmic-trading
https://www.cis.upenn.edu/~mkearns/papers/KearnsNevmyvakaHFTRiskBooks.pdf
https://www.thestreet.com/story/14140153/1/alphabet-chairman-talks-up-machine-learning-to-combat-high-frequency-trading-salt-2017.html
https://www.youtube.com/watch?v=extCB7YqB-M&ab_channel=qplum

| Institutional investment C| P lum

Tactical Asset

Map complex relationships Allocation

Other applications

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.



| Al can map complex relationships in financial markets C| P lum

Automated Feature Extraction

X2
x3

x4

X5

=

Regime detection
Data-driven strategies
Expected returns model
Portfolio characteristics

x6

X f3

X8 4

.
N

© Summary

Feature Encoding

xn

Inputs

Neural networks separate strong indicators from
weak indicators in an adaptive manner

Output Layer

Input Layer

For lllustrative purposes only

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 18



| Deep Learning for Tactical Asset Allocation C| P | um

Asset Allocation

OO OO

_____________________________ ot

Hidden Layers
learned by SGD

________

S \i c E Expected Returns
. Correction | | Uncertainty | P
Hidden Layers to learn a [ J
representation of input
features

References:
1. Deep learning for tactical asset allocation - Gaurav, Ankit (Qplum), Brandon (OPTrust)
2. Empirical Asset Pricing via Machine Learning - Gu (UChicago), Kelly (AQR). Xiu (UChicago)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 19


https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3242432
http://dachxiu.chicagobooth.edu/download/ML.pdf

| ML deep dive C|Plum

Using A.l. in better client profiling:
- higher client retention if PM understands the scenario response surface of the client.

Absolute risk aversion Relative risk aversion

References: Investment objective |= maximize returns

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 20


https://www.qplum.co/documents/january-2018-market-commentary

C|P|Um

| Software / Hardware
engineering aspects

e \What’s specific to finance?
e Data science = data insights.
e (Continuous deployment

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 21



| Engineering aspects C| P lum

Specific to finance

e Losses hurt alot: In applying ML to trading and portfolio management
cost of a mistake is much higher than thousands of correct trades.

e Data walls: Quality data is expensive and high information data is
virtually unavailable. No collaboration.

e Preference to build everything in house

References:
1. Sourcing data can be challenging for new firms. These are some great free sources.
2. Datasets to use and avoid in quantitative portfolio management

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 22


https://www.cmswire.com/information-management/githubs-top-open-datasets-for-machine-learning/
https://www.qplum.co/investing-library/320/datasets-to-use-and-avoid-in-quantitative-portfolios

| Engineering aspects

As parts of the ML system become
more standard, the focus changes to
speed. Most of the ML in production
HFT systems are now written on
Network card and FPGA cards.

Software ML code is only used to set

hyper parameters or for higher level
choices.

References:

Market Data

Order Routing

5B

Network Switch

i

Order Routing
Server

S

Trading Logic

1. FPGA leading to speed being an edge in delivering machine learning

Market Data

&

FPGA

C|P|L_Im

gooo

llllnllll

Shared Memory

S

Update Indicators

& Models

Trading Logic

Update Indicators
& Models

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.
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https://slides.com/gchak/three-sources-of-alpha

| Engineering aspects C| P lum

APls and services for robustness
and for different teams to work in e e e e e e +
an agile fashion.

FRONTEND
fmm + o - o +
| Portfolio | | Admin Pages | | User Accounts |
| Performance | | | | |
fm——— tm———— + fm———— fm——— + e fm—————— +
| | |
e +
| | |
| Fmm fmm e ——— - |
v | | v
fm———— tm———— v+ +——y———— e ——— +
| Strategies API | | User Portfolio Service |
| | | |
) ) ) fm———— tm——————— + Fmm————————— fmm e ———— -
Separate the pipeline into separate | |
| DATA LAYER |
| |

e - tm——————— fm———— +
| Strategy development | | Trade execution |
| FLm + |
fmmm—————— e - fmmm—————— fmm————— +
| |
| |
| tmm——————————— + |
e >+ Market Data f€s==—===—===—= +
| |
R ———— +
BACKEND

References:
1.  Complete architecture for systematic investing - including transactional, data and research systems (Qplum)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 24


https://www.notion.so/qplum/Overview-of-Qplum-s-architecture-f97641fdf3644ec8bb4a97088772bb3f

| Engineering aspects

Intelligence

Digital

Mobile

Mainframe

Source: Thoughtworks Intelligent empowerment

References:

C|P|Um

Data Insights = Product Development using Data
Science

While Mobile and Digital were about distribution and
getting closer to the client,

Intelligence (ML systems development) is about delivering
more precisely what the clients want.

Hence many industries, like trading and portfolio
management have data-science teams working closely
with product development teams.

This is particularly true in asset management where clients
are inundated with products and they need solutions for
their unique situations.

1.  How data science is key to new product development, and hence software is not permanently unstable

2. Clients want solutions not new products from Asset Management firms

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 25


https://www.thoughtworks.com/insights/blog/intelligent-empowerment-next-wave-technology-led-disruption
https://www.qplum.co/documents/november-2017-market-commentary
https://www.thoughtworks.com/insights/blog/intelligent-empowerment-next-wave-technology-led-disruption

| Software Engineering in a data science world

Configuration

Data Collection

Machine
Resource
Management

- Analysis Tools

Feature
Extraction

Process
Management Tools

Serving
Infrastructure

Monitoring

C|P|Um

Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown

by the small black box in the middle. The required surrounding infrastructure is vast and complex.

References:

1. Hidden technical debt in machine learning systems (NIPS, Google)

Source: NIPS (see ref blow)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use.
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https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems

| Software Engineering in a data science world C| P | um

Business
goals

Product Owner

Product Product Manager
Management
Smart Data User
predictions > Science - Experience < Userneeds
Data Scientist UX Designer
Data Scientist Anchor Hasarehsr
Development Visual Designer

Developer Anchor
Technical

Developers delivery

Source: Pivotal (see ref blow)

References:
1.  Continuous integration for data-science (Pivotal)

All investments have risk. This material is for informational purpose only and should not be considered specific investment advice or recommendation to any person or organisation.
Past performance is not indicative of future performance. Please visit our website for full disclaimer and terms of use. 27


http://engineering.pivotal.io/post/continuous-integration-for-data-science/
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| Thank you

Contact: gchak@qgplum.co

Website: www.gplum.capital

Presentations: https://slides.com/gchak

Publications: Hosted by SSRBN, Hosted by Qplum

Acknowledgements: Mansi Singhal, Dr. Michael Steele

Important Disclaimers: This presentation is the proprietary information of gplum Inc (“gplum”) and may not be disclosed or distributed to any other person without the
prior consent of gplum. This information is presented for educational purposes only and does not constitute and offer to sell or a solicitation of an offer to buy any
securities. The information does not constitute investment advice and does not constitute an investment management agreement or offering circular.

Certain information has been provided by third-party sources, and, although believed to be reliable, has not been independently verified and its accuracy or
completeness cannot be guaranteed. The information is furnished as of the date shown. No representation is made with respect to its completeness or timeliness. The
information is not intended to be, nor shall it be construed as, investment advice or a recommendation of any kind. Past performance is not a guarantee of future results.
Important information relating to gplum and its registration with the Securities and Exchange Commission (SEC), and the National Futures Association (NFA) is available
here and here.
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