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2 A4 (Syllabus)

B R (Week) H 2j (Date) ™M % (Subject/Topics)

1 2018/09/13 AT EHX B W REZN L
(Course Orientation on Artificial Intelligence for
Investment Analysis)

2 2018/09/20 Al & @kft4k: & fkAkF; £ #7 & H

(Al in FinTech: Financial Services Innovation and Application)

3 2018/09/27 #% % AIERTER P HLAIR KM B A
(Robo-Advisors and Al Chatbots)

4 2018/10/04 3% %« ¥2 £ 1 47 2 Bt 7 42
(Investing Psychology and Behavioral Finance)

5 2018/10/11 Bt# 4 &k E 1+t % 7% (Event Studies in Finance)
6 2018/10/18 AT E&XE B EM R |

(Case Study on Artificial Intelligence for Investment Analysis |)



F42 K4 (Syllabus)

B &k (Week) B Hp (Date) M % (Subject/Topics)
7 2018/10/25 Python Al3% & »-#7 2L 5

(Foundations of Al Investment Analysis in Python)
8 2018/11/01 Python Pandas=4ti% & %41

(Quantitative Investing with Pandas in Python)
9 2018/11/08 Python Scikit-Learn #% 35 22 &

(Machine Learning with Scikit-Learn in Python)
10 2018/11/15 H#R ¥ 2k & (Midterm Project Report)
11 2018/11/22 TensorFlow /R J& % 5 B4 %5 05 e /- 5 78 78] |

(Deep Learning for Financial Time Series Forecasting
with TensorFlow )

12 2018/11/29 TensorFlow & & £ H A4 %5 0 Rl & 7 72 8] Il
(Deep Learning for Financial Time Series Forecasting
with TensorFlow lI)



F42 K4 (Syllabus)

B R (Week) H 2j (Date) ™M % (Subject/Topics)
13 2018/12/06 A% E& & o #7B E#H K
(Case Study on Artificial Intelligence for Investment Analysis Il)

14 2018/12/13 TensorFlow /& & 8 B4 75 85 A 5] TR ] 1N
(Deep Learning for Financial Time Series Forecasting
with TensorFlow lIl)

15 2018/12/20 # & ta bk fEibfz X X 5
(Portfolio Optimization and Algorithmic Trading)

16 2018/12/27 B #R3& 72 & ¥2 (Natural Language Processing)
17 2019/01/03 #g rk#k % | (Final Project Presentation I)
18 2019/01/10 #g rk=k % Il (Final Project Presentation )
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ERNEST P. CHAN

Source: Ernie Chan (2008), “Quantitative Trading: How to Build Your Own Algorithmic Trading Business”, Wiley



Source

chyTad ng Series

5 \,wwj'w\

\“

:

;,wmumegmssles ND THEIR RATIONAI

ERNEST P. CHAN

WILEY

\ﬂ & 187
orlthmlc

TRADING'

: Ernie Chan

(2013), “Algorithmic Trading: Winning Strategies and Their Rationale”, Wiley
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Wiley Trading Series

ACHINE

TRADING

DEPLOYING COMPUTER ALGORITHMS

TO CONQUER THE MARKETS

RNEST P. CHAN

Source: Ernest P. Chan (2017), “Machine Trading: Deploying Computer Algorithms to Conquer the Markets”, Wiley 11



Yves Hilpisch,

Python for Finance: Analyze Big Financial Data,

O'Reilly, 2014
‘ '

. a4 RS AR
¥ SR g A
s e A S = ¥ e
9 “ _g.._- e
FUN o f'

T 3
Y
-

Python e
for Finance

NANCIAL DATA

Yves Hilpisch

http://www.amazon.com/Python-Finance-Analyze-Financial-Data/dp/1491945281
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http://www.amazon.com/Python-Finance-Analyze-Financial-Data/dp/1491945281

Yves Hilpisch (2015),

Derivatives Analytics with Python:
Data Analysis, Models, Slmulatlon Calibration and Hedging, Wiley

Derlvatlves

Analytics
with

Python

Data Analysis, Models, Simulation,
Calibration and Hedging
' 4

~
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http://www.amazon.com/Derivatives-Analytics-Python-Simulation-Calibration/dp/1119037999/



http://www.amazon.com/Derivatives-Analytics-Python-Simulation-Calibration/dp/1119037999/

Michael Heydt,
Mastering Pandas for Finance,
Packt Publishing, 2015

Mastering pandas
for Finance

el . 4] open source:d

http://www.amazon.com/Mastering-Pandas-Finance-Michael-Heydt/dp/1783985100

14


http://www.amazon.com/Mastering-Pandas-Finance-Michael-Heydt/dp/1783985100

Algorithmic Trading

Live Finance
Market Data

4

Backtest Order Status
- -
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FinTech Innovation:
From Robo-Advisors to Goal Based Investing and Gamification,
Paolo Sironi, Wiley, 2016

Wiley Finance Series *

Innovation

From Robo-Advisors to Goal Based
Investing and Gamification

Source: https://www.amazon.com/FinTech-Innovation-Robo-Advisors-Investing-Gamification/dp/1119226988
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FinTech: Financial Services Innova
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FinTech:

Financial Services Innovation

1. Payments
2. Insurance
3. Deposits & Lending
4. Capital Raising
5. Investment Management
6. Market Provisioning
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Investment Management

Source: https://www.stockfeel.com.tw/20154F- 15
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FinTech: Investment Management

T~ Market Information
Platforms

New
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5 FinTech: Investment Management
Empowered Investors
Process Externalization
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FinTech: Market Provisioning
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FinTech: Market Provisioning
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The Quant Finance PyData Stack

@ PyThalesians  zj,jine DX Analytics

PyAlgoTrade
QuantLib

Quantopian

Ehylables Neto

' StatsModlels @&[ SCi k| Es-ima ge

Statistics in Pytlnon w image processing in python

& matplotlib pandas i
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Zipline
a Pythonic

Algorithmic Trading Library
http://www.zipline.io/



Zipline

e Zipline: Pythonic algorithmic trading library.
* Event-driven system
— supports both backtesting and live-trading.

e Zipline is currently used in production as the
backtesting and live-trading engine powering
Quantopian

— a free, community-centered, hosted platform for
building and executing trading strategies.

26



Quantopian

Get Funded Research Contest Community QuantCon Learn Help

Become an Expert in Quant Finance

Quantopian provides free education, data, and tools so anyone can pursue quantitative finance.
Select members license their algorithms and share in the profits.

Start Learning

Community Achievements

All numbers are as of June 1, 2018

https://www.quantopian.com/

Log In

Sign Up



https://www.quantopian.com/

Sign up for Quantopian
Sign up for Quantopian
Research and Develop Your Investment Ideas

Email address

Create a password

Get started

| accept the Terms Of Use and Privacy Policy.

°]

https://www.quantopian.com/users/sign up

28


https://www.quantopian.com/users/sign_up

Quantopian

Sample Mean Reversion Algorithm

n Capital Research
Sample Mean Reversion Algorithm
Settings: From 2015-03-27 to 2017-05-24 with $1,000,000 initial capital
Calendar:  US Equities
Status: v Backtest complete
Total Returns Benchmark Returns Alpha Beta Sharpe Sortino

Results Overview

Transaction Details
Daily Positions & Gains

Log Output
RISK METRICS

Returns

Benchmark Returns
Alpha

Beta

Sharpe

Sortino

Volatility

Benchmark Volatility

-13.4% 22.2% -0.08 0:13 -0.82 -1.15

Community Learn Help ‘

< All Backtests Algorithm Backtest

Live Trade Algorithm £ Share Results v

Volatility Max Drawdown

0.08 -17.3%

Cumulative performance: M Algorithm -13.24% M Benchmark (SPY) 21.9% Week of May 22, 2017 Week Month All
W W\\
°
-20%
Custom data: M short_count 150 Mlong count 150 M leverage 1
100
é
-100
Weekly returns ($3,518)
Ll ; _ [ | S N s o Li . _ | L Ok
T T ||||I|I| T T |||‘||l|.||||n TTT T [TrT1 T i | T T T T
-50k
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Quantopian

Sample Mean Reversion Algorithm

Calendar:  US Equities

Results Overview

Capital Research
Sample Mean Reversion Algorithm
Settings: From 2015-03-27 to 2017-05-24 with $1,000,000 initial capital
Status: v Backtest complete
Total Returns Benchmark Returns Alpha Beta Sharpe Sortino
-13.4% 22.2% -0.08 313 -0.82 -1.15

Transaction Details

Daily Positions & Gains

Log Output
RISK METRICS

Returns

Benchmark Returns

Alpha

Beta

Sharpe

Sortino

Volatility

Benchmark Volatility

Cumulative performance: M Algorithm -3.3% M Benchmark (SPY) -5.02%

Community Learn Help ‘

< All Backtests Algorithm Backtest

Live Trade Algorithm £ Share Results v

Volatility Max Drawdown

0.08 -17.3%

Week of Aug 24, 2015 Week  Month  All

0%

Custom data: M short_count 149 Mlong count 149.2 M leverage 0.99

-20%

100

Weekly returns $37,746

-100

-50k

30



Quantopian

Sample Mean Reversion Algorithm

Sample Mean Reversion Algorithm < All Backtests ~ Algorithm  Backtest
Settings:  From 2015-03-27 to 2017-05-24 with $1,000,000 initial capital N A =
Calendar:  US Equities
Status: v Backtest complete

Total Returns Benchmark Returns Alpha Beta Sharpe Sortino Volatility Max Drawdown

Results Overview

Transaction Details

Daily Positions & Gains

Log Output

RISK METRICS

Returns

Benchmark Returns

Alpha

Beta

Sharpe

Sortino

Volatility

Benchmark Volatility

Max Drawdown

-13.4% 22.2% -0.08 0.13 -0.82 -1.15 0.08 -17.3%

Cumulative performance: M Algorithm-11.1% M Benchmark (SPY) 6.8% Oct 29, 2016 Week  Month  All

o

NPT~ Y ot et -~V amiva byt O RN WM 0%

ey W e e -

Custom data: B short_count 150 M long count 150 M leverage 0.96

/ 100
0

-20%

-100
Weekly returns $3,535

-25k
Transactions
||||||||||||||||I|||||||||||||||||||||l||||I||||||||||I||I|I||||||1|I|I||||||||||I|Il||||||||||IIIIIIIIIIIIIIII£H
TR EE e T e e e e e ey e e e e p e e e e e e e e e e e e e e e e e e e e e e e T e e v e e e ey

May 2015 Jul 2015 Sep 2015 Nov 2015 Jan 2016 Mar 2016 May 2016 Jul 2016 Sep 2016 Nov 2016 Jan 2017 Mar 2017 May 20_127

@ May 2015 Sep 2015 Jan 2016 May 2016 Sep 2016 Jan 2017 May@7
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Quantopian
Sample Mean Reversion Algorithm

Sample Mean Reversion Algorithm

Settings: From 2015-03-27 to 2017-05-24 with $1,000,000 initial capital

Calendar:  US Equities

Status: v Backtest complete

Results Overview Transaction Details - Expand All - Collapse Al
Transaction Details Date A ¢ Asset
Daily Positions & Gains 2017-05-15 - 11:07 PM PRAA
e 2017-05-15 - 11:07 PM PRTA

2017-05-15 - 11:07 PM PSTG
RISK METRICS

2017-05-15 - 11:07 PM PTCT
Returns

2017-05-15 - 11:07 PM QLYS
Benchmark Returns

2017-05-15 - 11:07 PM RGR
Alpha 2017-05-15 - 11:07 PM RRD
Beta 2017-05-15 - 11:07 PM RXN
Sharpe 2017-05-15 - 11:07 PM SUPN

2017-05-15 - 11:07 PM TCO
Sortino

2017-05-15 - 11:07 PM TIVO
Volatility

2017-05-15 - 11:07 PM TLRD
Benchmark Volatility 2017-05-15 - 11:07 PM TPC
Max Drawdown 2017-05-15 - 11:07 PM TROX

2017-05-15 - 11:07 PM TWNK

Transaction

SELL

SELL

BUY

SELL

BUY

SELL

BUY

BUY

SELL

SELL

BUY

BUY

SELL

SELL

BUY

Y

Unit Price

$37.32
$55.83
$11.68
$13.31
$43.50
$64.07
$13.30
$23.45
$33.50
$59.08
$17.15
$12.11
$28.20
$19.21

$15.69

Y

< All Backtests

Algorithm Backtest

Live Trade Algorithm < Share Results v

Quantity

-10
10
-2

62

-12

Y

Group by day

osition Value A ¢

($74.65)
($1,730.64)
$513.96
($133.09)
$435.03
($128.14)
$824.60
$211.05
($401.98)
($413.54)
$34.30
$629.77
($140.99)
($1,152.54)

$266.75
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Quantopian

Sample Mean Reversion Algorithm

Capital Research Community Learn

Help

Sample Mean Reversion Algorithm Settl ngs From 2007_01 _01 to 20 1 6_1 2_31 < All Backtests

Algorithm

Backtest

Settings:  From 2007-01-01 to 2016-12-31 with $1,000,000 initial capital with $1 000,000 initial Capita| Live Trade Algorithm .

colendar U8 Faulies Calendar:US Equities

Status: + Backtest complete

I Total Returns Benchmark Returns Alpha Beta Sharpe Sortino Volatility Max Drawdown
11% 93.2% 0.01 0.07 0.16 0.23 0.10 -16.2%
pansactionbeta S Cumulative performance: M Algorithm 10.97% M Benchmark (SPY) 94.12% Week of Dec 26, 2016 Mopth .
Daily Positions &
Gains
100%
®
Log Output
RISK METRICS hed =
Returns ~100%
Custom data: M short_count 149 M long count 149 Mleverage 0.98
Benchmark Returns
100
Alpha Total Returns Benchmark Returns Alpha Beta Sharpe d
= 11% 93.2% 0.01 0.07 0.16
Sharpe Weekly returns $1,458
ot Cumulative performance: M Algorithm 10.97% M Benchmark (SPY) 94.12% 100K
ortino
Volatility W—{J—-—ﬁﬁﬁl?l—,lr—ﬁl | 1 Tt —— —_ ‘.—-v-ble-\T'?l. - — AT _ e e e '1I th" " .l'llll- II1|'| . o R ?ls
-100k
Benchmark Volatility Transactions $864,718 bought, ($857,837) sold

SR T—

Jul 201Qan 2017

Jan 2007ul 2007  Jan 2008  Jul 2008  Jan 2009 Jul 2009  Jan 2010 Jul 2010 Jan 2011 Jul 2011 Jan2012 Jul 2012 Jan 2013 Jul 2013  Jan 2014 Jul 2014 Jan 2015  Jul 2015

2008 2010 2012 2014

Ll [

D)
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Quantopian
Sample Mean Reversion Algorithm

Total Returns Benchmark Returns Alpha Beta Sharpe

11% 93.2% 0.01 0.0/ 0.16

Cumulative performance: M Algorithm 10.97% M Benchmark (SPY) 94.12%

34



Risk and Return

Return

Risk (variability)

Source: Bacon, Carl. "How sharp is the Sharpe-ratio?-Risk-adjusted Performance Measures." Statpro White Paper (2000). 35



Sharpe Ratio

Sharpe Ratio
Portofolio Return — Risk Free Return

Portofolio Risk

Source: Bacon, Carl. "How sharp is the Sharpe-ratio?-Risk-adjusted Performance Measures." Statpro White Paper (2000).
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Sharpe Ratio

I'p —Tfg

Sharpe Ratio SR =
Op

Where

rp = portfolio return

rr = risk free rate

op = portfolio risk (variability, standard deviation of return)

Source: Bacon, Carl. "How sharp is the Sharpe-ratio?-Risk-adjusted Performance Measures." Statpro White Paper (2000).

37



Sortino Ratio

'p — I

Sortino Ratio =
Op

Where

rp = portfolio return

rr= Minimum Target Return

o, = Downside Risk

Downside Risk g, =

Zn: min|(r; —rT), 0] ?
NG "

Source: Bacon, Carl. "How sharp is the Sharpe-ratio?-Risk-adjusted Performance Measures." Statpro White Paper (2000).
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Cumulative return

Max Drawdown

Recovery time

T

uMopMel(J Wwnuwirxej

Time

Source: Bacon, Carl. "How sharp is the Sharpe-ratio?-Risk-adjusted Performance Measures." Statpro White Paper (2000).
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Quantopian

Sample Mean Reversion Algorithm

Build Algorithm

nun

This is a sample mean-reversion algorithm on Quantopian for you to test and adapt.
This example uses a dynamic stock selector, pipeline, to select stocks to trade.
It orders stocks from the top 1% of the previous day's dollar-volume (liquid
stocks).

Algorithm investment thesis:
Top-performing stocks from last week will do worse this week, and vice-versa.

Every Monday, we rank high dollar-volume stocks based on their previous 5 day returns.

We long the bottom 10% of stocks with the WORST returns over the past 5 days.
We short the top 10% of stocks with the BEST returns over the past 5 days.

This type of algorithm may be used in live trading and in the Quantopian Open.

from quantopian.algorithm import attach_pipeline, pipeline_output
from quantopian.pipeline import Pipeline

from quantopian.pipeline.data.builtin import USEquityPricing

from quantopian.pipeline.factors import Returns

from quantopian.pipeline.filters.morningstar import Q1500US

def initialize(context):

Called once at the start of the program. Any one-time
startup logic goes here.

context.long_leverage = 0.5
context.short_leverage = -0.5
context.returns_lookback = 5

(rebalance,
date_rules.week_start(days_offset=0),
time_rules.market_openChours=1, minutes=30))

(record_vars,

API| Reference

Lo Al Exit Fullscreen

77.6% Cancel

Enter Contest Collaborate
Backesting [N

RETURNS ALPHA BETA

-10% -0.07 0.12

M Algorithm 3.75% M Benchmark (SPY) 1.77%

SHARPE

-0.72

DRAWDOWN

-16.4%

Week of Dec 28, 2015

nt149 Mlong_count 149

|

M leverage 1

Jul 2015 Jan 2016 Jul 2016 Jan 2017

2016 2017

Logs Runtime Errors

2015-03-30 23:00 INFO This week's longs: ARCB, ACXM, ARW, AVT, AXP,
BBY, CAMP, CDE, CMCS_A, CY, ATGE, S, HL, HMSY, HPQ, IDCC, BIIB, IDTI, IMGN, IONS,
JCP, KLAC, LRCX, MAT, MBI, MGM, MTG, REGN, RGLD, SMTC, SONC, TDS, TDW, TER, TRMB,
WDC, WERN, WOR, YRCW, ZBRA, CREE, RIG, GMCR, HST, BCRX, KNX, SSYS, FOXA, VECO, MYGN,
SNDK, NVAX, SCCO, ANDE, HUBG, CRR, NBIX, GWR, OCN, CIEN, TIVO, POWI, WAC, BRCM, AMKR,
NVDA, BRCD, LPNT, JNPR, VIAV, FNSR, ON, SGMO, CYH, ARNA, KERX, MDCO, ARRY, UTIW,
EXAS, SGMS, BTU, JOY, GME, LCI, BDSI, STX, CNX, APOL, ARRS, XPER, WLL, NRG, AGO,
ACAD, GNW, ALNY, DRH, HPY, IHS, CROX, ZIOP, SFLY, LDOS, ACHN, GSAT, AFSI, TWC, SMCI,
CZz, DFT, CATM, SEM, PEB, PPC, FNGN, TSLA, SWFT, ZG, ZLTQ, GEVA, IMPV, HLSS, NSM,
PBYI, FRGI, WAGE, BLMN, RGLS, FLTX, ENTA, CSTM, PTCT, GOGO, AGIO, COMM, NMBL, RARE,
TRUE, ANET, TMST, ECR, KITE, MIK, SYF, MBLY, KEYS, VA, LC, QRVO




Quantopian

Sample Mean Reversion Algorithm
se | Buld Agortm Coborate | anirererence 1+ |

Top-performing stocks from last week will do worse this week, and vice-versa.

1|""" -

2 | This is a sample mean-reversion algorithm on Quantopian for you to test and adapt. 03/27/2015 to 05/23/2017 $ 1000000 S dultice R
3 | This example uses a dynamic stock selector, pipeline, to select stocks to trade.

4 | It orders stocks from the top 1% of the previous day's dollar-volume (liquid RETURNS ALPHA BETA SHARPE DRAWDOWN

Z stocks). -13.2% -0.08 0.13 -0.81 -17.3%

7 |Algorithm investment thesis: B Algorithm 2.64% B Benchmark (SPY) Week of Jan 4, 2016
8

9

10 | Every Monday, we rank high dollar-volume stocks based on their previous 5 day returns.
11 |We long the bottom 10% of stocks with the WORST returns over the past 5 days.
12 |We short the top 10% of stocks with the BEST returns over the past 5 days.

14 | This type of algorithm may be used in live trading and in the Quantopian Open.

16 rt_count 149.6 M Ilong count 150 M leverage 0.97
18 | from quantopian.algorithm import attach_pipeline, pipeline_output °
19 | from quantopian.pipeline import Pipeline

20 | from quantopian.pipeline.data.builtin import USEquityPricing
21 | from quantopian.pipeline.factors import Returns

22 | from quantopian.pipeline.filters.morningstar import Q1500US

23

24

25 | def initialize(context): Jul 2015 Jan 2016 Jul 2016 Jan 2017

26 W] 2016 2017

27 Called once at the start of the program. Any one-time () e e —————— 2
28 startup logic goes here.

53 Logs Runtime Errors More A
31 2015-03-30 23:00 INFO This week's longs: ARCB, ACXM, ARW, AVT, AXP,

- context.long_leverage = 0.5 BBY, CAMP, CDE, CMCS_A, CY, ATGE, S, HL, HMSY, HPQ, IDCC, BIIB, IDTI, IMGN, IONS,

= context. short_leverage = -0.5 JCP, KLAC, LRCX, MAT, MBI, MGM, MTG, REGN, RGLD, SMTC, SONC, TDS, TDW, TER, TRMB,

34 context.returns_lookback = 5

35 WDC, WERN, WOR, YRCW, ZBRA, CREE, RIG, GMCR, HST, BCRX, KNX, SSYS, FOXA, VECO, MYGN,
36 SNDK, NVAX, SCCO, ANDE, HUBG, CRR, NBIX, GWR, OCN, CIEN, TIVO, PONI, WAC, BRCM, AMKR,
37 (rebalance, NVDA, BRCD, LPNT, JNPR, VIAV, FNSR, ON, SGMO, CYH, ARNA, KERX, MDCO, ARRY, UTIW,

38 date_rules.week_start(days_offset=0), EXAS, SGMS, BTU, JOY, GME, LCI, BDSI, STX, CNX, APOL, ARRS, XPER, WLL, NRG, AGO,

39 time_rules.market_open(hours=1, minutes=30)) ACAD, GNW, ALNY, DRH, HPY, IHS, CROX, ZIOP, SFLY, LDOS, ACHN, GSAT, AFSI, TWC, SMCI,
3? CZz, DFT, CATM, SEM, PEB, PPC, FNGN, TSLA, SWFT, ZG, ZLTQ, GEVA, IMPV, HLSS, NSM,

PBYI, FRGI, WAGE, BLMN, RGLS, FLTX, ENTA, CSTM, PTCT, GOGO, AGIO, COMM, NMBL, RARE,

[H rd_var
(c ' S5 TRUE, ANET, TMST, ECR, KITE, MIK, SYF, MBLY, KEYS, VA, LC, QRVO




Writing and Backtesting
an Algorithm on Quantopian

https://www.quantopian.com/tutorials/getting-started
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https://www.quantopian.com/tutorials/getting-started

What is a Trading Algorithm?

On Quantopian,
a trading algorithm
is a Python program
that defines two special functions:
initialize() and handle_data()



https://www.quantopian.com/tutorials/getting-started

An example of an algorithm that
allocates 100% of its portfolio in
AAPL

Source: https://lwww.quantopian.com/tutorials/getting-started
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Moving Average

Source: https://www.quantopian.com/tutorials/getting-started


https://www.quantopian.com/tutorials/getting-started

Quantopian
WSJ Example Algorithm

Capital Research Community Learn Help '

Cloned from "WSJ Example Algorithm" < All Backtests ~ Algorithm ~ Backtest
Settings:  From 2009-01-01 to 2011-01-01 with $1,000,000 initial capital Live Trade Algorithm -
Calendar:  US Equities
Status: + Backtest complete
) Total Returns Benchmark Returns Alpha Beta Sharpe Sortino Volatility Max Drawdown
Results Overview 0 0 0
46.3% 45.4% 0.16 0.16 1.82 2.89 0.11 -12.1%
Transaction Details
Cumulative performance: M Algorithm 46.3% M Benchmark (SPY) 45.4% Jan1,2011 Week  Month Al
Daily Positions & Gains L]
25%
Log Output
KN AL N P 0%
RISK METRICS \WW
-25%
Returns
-50%
Benchmark Returns
Custom data: M num_positions 299
Alpha 300
°
Beta 295
Sharpe 290
Daily returns $963
Sortino
Volatility T T

Benchmark Volatility

-50k
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Investment Science:
Portfolio Optimization

| a |
@ How to Combine Them? '

Risk

Lucena Researc h LLC | www.lucenaresearc h.com | 404-907-1702

Three important portfolios on the Efficient Frontier

Full screen (f)

> Pl o) 11:42/1808 T Ari=R
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https://www.youtube.com/watch?v=5qbMhXXq0vI

Portfolio Optimization
Efficient Frontier

Efficient Frontier

Return



https://www.youtube.com/watch?v=5qbMhXXq0vI

Portfolio Optimization and
Algorithmic Trading

co & Portfolio_Optimization_Algo_Trading.ipynb 7«

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL

50 #locate position of portfolio with highest Sharpe Ratio

° 51 max_sharpe port = results_frame.iloc[results_frame[ 'sharpe'].idxmax() ]
52 #locate positon of portfolio with minimum standard deviation
53 min_vol_port = results_frame.iloc[results_frame['stdev'].idxmin()]

55 #create scatter plot coloured by Sharpe Ratio

56 plt.figure(figsize=(10,6))

57 plt.scatter(results_frame.stdev,results_frame.ret,c=results_frame.sharpe,cmap='RdY1Bu')
58 plt.xlabel('Volatility')

59 plt.ylabel('Returns')

60 plt.colorbar()

61 #plot red star to highlight position of portfolio with highest Sharpe Ratio

62 plt.scatter(max_sharpe port[l],max sharpe_port[0],marker=(5,1,0),color="r',s=1000)

63 #plot green star to highlight position of minimum variance portfolio

64 plt.scatter(min_vol_port[1l],min_vol_port[0],marker=(5,1,0),color="g',s=500)

[ <matplotlib.collections.PathCollection at 0x7ff864d33c18>
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0.350

0.325

0.300

0.275
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annualised returns
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Portfolio Optimization
Efficient Frontier

Portfolio Optimization with Individual Stocks

mmm  efficient frontier
* Maximum Sharpe ratio

* Minimum volatility

— .
- "
.
x o
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/0 .AAPL
*
r
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annualised volatility
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JoinQuant
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RiceQuant
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RiceQuant
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R T2 HIPython Notebookfiff R & AR B AN ERE. MFFITEE
RBRMI0FEHE . D FRH EHIE K 4002 SRR 55 2R
RIENX AR gENLERE, RHELTSECENRE AR

Source: https://www.ricequant.com/
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RiceQuant

Ricefluant i 7 B 8

4 F—NNITEE & ENIES FEsEEm

2 5B R GBS 2016-0-01 | = 2017-01-01 000000 || &8 v PR
; # oA E SimportE 1 F & X IF M E = Hpythont& R, LtbWpandas. numpy EE B o LIRS Sharpe 2K EH
3 |# EERANSEPESEAODIEKIBE. contexty 252 1 710 B % % B @ dee betii S 00 e S
B2 EMEE,
4 ~|def init(context): 10%
D context.sl = "Q0000f .XSHE" M :
6 # ZETITEIA & A P i, WO\ PO N 2\ O%-:
7 logger.info("Interested at stock: " + str(context.sl)) w7 P T A | E
8 -10%
9 |# before_tradinglt RM S EBRARZARBIE AR, YXIRSBFH—
1?' def Ze‘:‘;"‘e—tmding(c°”te"t’ bar_dict): 20162016-02 2016-04 2016-06 2016-08 2016-10 2016-12 ~20%
a
12
13
14 |# MEBNIESNBREEFRSMALKEZE, SINBS2HHEHRBYRAERX
RNEIED R EMN “ A& LT EES ~
12- o Zar;}? ;gﬁcoﬁ’%g@?'ﬂg‘gg) ‘| 2016-01-04 WARN [Deprecated]fEbefore_trading®#+, EZPS#bar_dictBEEFBERT.
17 2016-01-04 INFO Interested at stock: 000001.XSHE
18 # bar_dict[order_book_id] & I\ % 3 & 4 3 % fbar{s & 2016-06-27 WARN 1ITERIRIER: RAIAREARE. HAIRE: 6756.93, 000001.XSHE THAFHHE: 8610.00,
19 # context.portfolio IUNZFMEMBRBHENRTSER 2016-06-28 WARN {TEHIER: TJRABSAR. ZHpiHSE: 6756.93, 000001.XSHE THRFFFEZHRE: 8630.00,
20 2016-06-29 WARN iT&iiE%: TRARSFRRE, HAES: 6756.93, 000001.XSHE THFESRS: 8690.00,
21 # {£ Morder_shares(id_or_ins, amount)’5 & #17% & 2016-06-30 WARN iTEA#IES: TJRESAR. HaiESE: 6756.93, 000001.XSHE THEFHEAE: 8700.00.
22 ) . 2016-07-01 WARN iT#iiE%: AIAASFE. YaTHS: 6756.93, 000001.XSHE FHFHEHS: 8710.00,
;31 zrzggoshiinséﬁco;&ilzf ”%%) 2016-07-04 WARN iTHIIEE: TRRETR. YAIRS: 6756.93, 000001.XSHE FHFFEXRS: 8810.00,
- ’ 2016-07-05 WARN iTE#ER: JHAESARE. HAlHES®: 6756.93, 000001.XSHE TEFIHEHESE: 8810.00,
2016-07-06 WARN iT&ikiEs: TIAASFRRE. YATHAS: 6756.93, 000001.XSHE TFEFFEHRS: 8789.90.
2016-07-07 WARN iTE#iEs: TRARSARE. HESE: 6756.93, 000001.XSHE THFFFHERE: 8780.00,
2016-07-08 WARN IiTHiFEH: ATREEARE. é%ﬁﬁﬁ 6756.93, 000001.XSHE TEFIFEEE: 8740.00,
2016-07-11 WARN iTE#IES: TJRAESAR. HeiESE: 6756.93, 000001.XSHE THEFHEAE: 8750.00,
2016-07-12 WARN iTE#ER: JRESAE. éuaumﬁ: 6756.93, 000001.XSHE THFfF#HE: 8880.00,
2016-07-13 WARN iTEHIER: JRAESAR. HiESE: 6756.93, 000001.XSHE THFFFHEZAE: 8990.00,
2016-07-14 WARN iTEHIEH: JRAESAR. HpiESE: 6756.93, 000001.XSHE THEFFHEZHE: 8940.00,
. . 2016-07-15 WARN ITERIER: HHRETRE. HAlR=E: 6756.93, 000001.XSHE THFFHRE: 8990.00,
<RER clrl+ i/ emd + i FRBERATBRRIIAE > 2016-07-18 WARN ITHWIES: TRAESTRRE., HAIES: 6756.93, 000001.XSHE FHFFEAS: 9039.90,
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R‘ice.ﬁ].ua nt ‘ z RS TERE

4 IZ)\RohEslk & EMER  FHEE

B BT IR ) 2015-01-04 | = 2017-01-04 1900000 g8 v BV
1 |# & i ﬁ F % ﬁ‘F SEEEUMNMRALEE., context YR B ERAEMNBEEZRBENEMDTS EES BN &AL IS EoEES Ep VIS Sharpe 2AEE
- e (!ﬂc::niie)l(i) 0 & 42.833% 19484% 7487% -381% 06913 25.468%
3 #iFP R30035 ¥ . P IES003E A E 17 38 #
4 context.stocks = ["000300.XSHG","000905.XSHG" , "000012 . XSHG"] L2
5 |# before_tradinglt RPEEBRARSABAKIAR, SRXRIRSFBAH—RK 50% 94
6 |# {RIEFEMIES ) EY =R R IR BlaNB s HEHRBBIRAER 25% ¥
IR HIBEREMN O%§
7 ~|def handle_bar(context, bar_dict): MM" AWMO Bt
8 # AR SMNEENEABE =
9 hs300 = history_bars(context.stocks[0],20,"1d","close") 2015-04 2015-08 2015-12 2016-04 2016-08 2016-129%
10 zz500 = history_bars(context.stocks[1],20,"1d","close")
11 hsIncrease = hs300[19] - hs300[0]
12 zzIncrease = zz500[19] - zz500[0]
13 p = context.portfolio.positions X
14 hsQuality = p[context.stocks[@]].quantity B
15 zzQuality = p[context.stocks[1]].quantity 2015-01-05 INFO [
16 gzQuality = p[context.stocks[2]].quantity i
17 ~ if hsIncrease < @ and zzIncrease < 0: 2015-01-19 INFO SRHFIR300
18 « if hsQuality > @: 2015-01-19 INFO EANEfE
19 order_target_percent(context.stocks[0],0) 2015-01-20 INFO SEHEMR
20 logger.info(" £ & iF i&300") 2015-01-20 INFO SEAHFRES00
Zils if zzQuality > 0: 2015-05-05 INFO S2HhiF500
22 or'der'_tqrget:percen’F(conFext.stocks[l],0) 2015-05-05 INFO STAF300
gi- ” glgﬂgi;;”zcoiiﬁjﬁsm ) 2015-05-06 INFO SEHiF3R300
25 order_target_percent(context.stocks[2],1) 2015-05-06 INFO *)\thﬁsw
26 logger.info("E£ NEfE") 2015-05-07 INFO SEHrhiF500
27 ~ elif hsIncrease < zzIncrease: 71| 2015-05-07 INFO SEAiFR300
28~ if hsQuality > 0: 2015-05-08 INFO 435300
29 order_target_percent(context.stocks[0],0) 2015-05-08 INFO EAFRIE500
30 logger.info(" 3£ it )P 7R300") 2015-06-19 INFO SEHFIE500
31~ if gzQuality > 0: 2015-06-19 INFO EAEfR
32 or'der'_tqr'get_percent(context.stocks[Z],0) 2015-06-25 INFO S E(E
* Logger. info("22 i B ") 2015-06-25 INFO EAFRE500
34~ if zzQuality <= 0.001: <HREBFE chrl 4 i / cmd + i FFR IS EA RIS ETNAE >
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MultiCharts

« +1 888 340 6572

MULTICHARTS MULTICHARTS ~ MULTICHARTS .NET  SUPPORT  COMPANY

MultiCharts 12

Advanced market analysis features for
expert traders

- Native chart type for Time Price Opportunity analysis
- Matrix Optimization for the strategy re-optimization
- Evaluate Strategy Robustness with greater ease
- More Cryptocurrency data providers are now available
- Local order emulation has been enhanced
- New Kase Bar custom resolution plugin has been added
| - Completely new optimization GUI and extended Report metrics
il e - Flush Cached Data to Database manually
- You can now view optimization reports on-the-go

More exciting features & improvements

LEARN MORE TRY IT FOR FREE

https://www.multicharts.com/
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https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RKCrT

Python Pandas in Google Colab

& python101.ipynb
cO pyt py

File Edit View Insert Runtime Tools Help

3 CODE

>

TEXT 4 CELL ¥ CELL

# lpip install pandas_datareader
import pandas as pd

import pandas_datareader.data as web
import matplotlib.pyplot as plt
import seaborn as sns

import datetime as dt

gmatplotlib inline

#Read Stock Data from Yahoo Finance

end = dt.datetime.now()

#start = dt.datetime(end.year-2, end.month, end.day)
start = dt.datetime(2016, 1, 1)

df = web.DataReader("AAPL", 'yahoo',6 start, end)
df.to_csv('AAPL.csv')

df.from csv('AAPL.csv')

df.tail()

df[ 'Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj Close')
plt.figure(figsize=(12,9))

top = plt.subplot2grid((12,9), (0, 0), rowspan=10, colspan=9)

bottom = plt.subplot2grid((12,9), (10,0), rowspan=2, colspan=9)

top.plot(df.index, df['Adj Close'], color='blue') #df.index gives the dates
bottom.bar(df.index, df['Volume'])

# set the labels
top.axes.get_xaxis().set_visible(False)
top.set_title('AAPL')
top.set_ylabel('Adj Close')
bottom.set_ylabel('Volume')

plt.figure(figsize=(12,9))
sns.distplot(df['Adj Close'].dropna(), bins=50, color='purple')

# simple moving averages

df[ 'MAO5'] = df['Adj Close'].rolling(5).mean() #5 days
df[ 'MA20'] = df['Ad]j Close'].rolling(20).mean() #20 days
df[ 'MA60'] = df['Ad]j Close'].rolling(60).mean() #60 days

df2 = pd.DataFrame({'Adj Close': df['Adj Close'], 'MAO5': df[ 'MAO5'], 'MA20': df[ 'MA20'],
df2.plot(figsize=(12, 9), legend=True, title='AAPL')

df2.to_csv('AAPL MA.csv')

fig = plt.gcf()

fig.set_size_inches(12, 9)

fig.savefig('AAPL plot.png', dpi=300)

'MAG60': df['MA60']})

Bl COMMENT 2% SHARE 0

+/ CONNECTED ¥

2 EDITING

A
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Deep Learning for
Financial Time Series Forecasting

https://colab.research.google.com/drive/1aEK0eSev8Q-YOnNNY32geFk7CB8pVgSQM

& Deep_Learning_for_Financial_Time_Series_Forecasting.ipynb 7
P- g-for- - - - 9-1py Bl COMMENT 2% SHARE 0
File Edit View Insert Runtime Tools Help
CODE TEXT 4 CELL ¥ CELL / CONNECTED + /’ EDITING A
§ -~ LSTM for Time Series Forecasting
° # univariate lstm example E

[

from numpy import array

from keras.models import Sequential
from keras.layers import LSTM

from keras.layers import Dense
import matplotlib.pyplot as plt
gmatplotlib inline

# define dataset

X = array([[100, 110, 120], [110, 120, 130], [120, 130, 140], [130, 140, 150], [140, 150, 1601])
y = array([130, 140, 150, 160, 170])

# reshape from [samples, timesteps] into [samples, timesteps, features]
X = X.reshape((X.shape[0], X.shape[l], 1))

# define model

model = Sequential()

model.add(LSTM(50, activation='relu', input_shape=(3, 1)))
model.add(Dense(1l))

model.compile(optimizer="'adam', loss='mse')

# fit model

history = model.fit(X, y, epochs=2000, verbose=0)

# demonstrate prediction

x_input = array([150, 160, 170])

x_input = x input.reshape((1l, 3, 1))

yhat = model.predict(x_input, verbose=0)

print('yhat', yhat)

print (model.summary())

# list all data in history

print(history.history.keys())

# summarize history for loss

print('loss:', '%f'shistory.history['loss'][-1])
print('loss:', history.history['loss'][-1])
plt.plot(history.history['loss'])

plt.title('model loss')

plt.ylabel('loss')

plt.xlabel('epoch')

plt.show()

yhat [[181.34615]]

Source: https://machinelearningmastery.com/how-to-develop-Istm-models-for-time-series-forecasting/ 65
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Summary
* Portfolio Optimization

* Algorithmic Trading
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