Using deep |eornmg to trade

pracﬁca\ lessons for Jrec:hno|c>gisjrs
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Why use Deep Learning?



The problem

Assets monoged g|ob0||y: $164 trillion
Fees Chorged . more than $1 trillion o year

Yet, we are no closer to so|ving the pro|o|em
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Towards a science of investing

‘“ In future, we should be investing with a
trustworthy tool and not experts.

The tool should look at every aspect of the data.
The tool should be affordable and efficient.

The tool should know what we have learned
already.”

- Benjamin Graham



.. and it should keep |eorning

The answer is obvious ... Deep Learning



How do we use DL at qp|um?

Kinds of DL that we found useful and blind
alleys that we have gone down



A better relative value trade
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A lot more unsupervised \eorning
FACIAL RECOGNITION

Deep-learning neural networks use layers of increasingly
complex rules to categorize complicated shapes such as faces.

Layer 1: The
computer
identifies pixels
of light and dark.
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Layer 4: The computer
learns which shapes

and objects can be used
to define a human face.

qp|um research report of who is using DL in trading


https://www.qplum.co/documents/deep-learning-trading

A better g\oloa\ macro trade
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Undersbnding the yie\d curve

.. the way humans do
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Technical aspects of DL at gplum
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Technical ano operoﬂriono\ eHellar

Supervised / unsupervised
Number of |Oyers

W hat sort of data
Key bottlenecks in fraining and

inference
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Software hardware and

dep\opymerﬁ

e Keras / Tensorflow / Caffe 2
e GPUs / CPUs - how many?

e |nstance type and Devops
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Business drivers for DL in rcding:

\)\/I”Iy HOW?
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1987, 1997, 2007, 20177

Deep
Learning

1987 1997 2007 2017
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Why now? - Lots of data

o High Frequency Jrrao|ing and systematic Jrrao|ing, in
gener0|, has led to a lot of data. We are generating

more data in one o|c1y now than we were in the entire

decade of 1990:s.
e The traditional quant opprooch does not spend as

much time in discarding noise.
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Why now? - Hardware and Software
opﬁmized for DL

e GPUs and customized hardware that allows us
to solve prolo|ems in hours that would have

taken weeks a year or two ago.

e Software like Tensorflow/PyTorch ano
MapReduce make all of this cheap enough for

aatell companies to innovate with.
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\)\/hy now? - ML in social sciences

o Troding is a social science and unfil recenﬂy all
machine |eqrning was focused on pure sclences.

Deep Leorning B pen(ecjr for social sciences.
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Why now? - ML is better than traders

e A shift in power from star traders to Comp|ex

systems.

o Five yedrs ago, no serious money manager

would let us touch their money with DL
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https://www.youtube.com/watch?v=uS1VHC4s_o0

\)\/hy now? - Because of us

. Avoi|obi|i+y of talented engineers in Dev@ps,
Data Infrastructure and Machine L_earning who
can make it hqppen, who want to make inroads
into this last bastion of inequo|i+y, who want to

stop peop|e from se||ing crap fo investors.
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How is it different from the traditional
quant opprooch?
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The traditional quant opprooch

1. Hire lots of quanfs.

2. | hey all think of Jrrc1c>|ing strategies.

3. lhey backtest them

4. The firm invests in the strategies

that have the best returns.
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Problem: Too much data at every step

e This requires hiring a lot of quonJrs

o They will then make millions and

billions of features.

e Challenge then is to pick the needle
Tale hostrock of Jrrqo|ing strategies,
with very ittle data.
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|nves+ing s a science, qui\ier, not
a game or-.competifion, but a

genuine\y inc\usive Orocess

gplum.co

Email: contact@gplum.co Ph: 1-888-QPLUM 4U

gplum LLC is a registered investment adviser. Information presented is for educational purposes only and does not intend to make an offer or solicitation
for the sale or purchase of any specific securities, investments, or investment strategies. Investments involve risk and, unless otherwise stated, are not
guaranteed. Be sure to first consult with a qualified financial adviser and/or tax professional before implementing any strategy discussed herein. Past

performance is not indicative of future performance. o4


https://www.qplum.co/investment-planner



