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Week Date Subject/Topics
1 2024/09/10 Introduction to Artificial Intelligence

3 2024/09/24 Artificial Intelligence and Intelligent Agents; Problem Solving

4 2024/10/01 Knowledge, Reasoning and Knowledge Representation;
Uncertain Knowledge and Reasoning

52024/10/08 Case Study on Artificial Intelligence |
6 2024/10/15 Machine Learning: Supervised and Unsupervised Learning



Syllabus A<,

National Taipei University

Week Date Subject/Topics

7 2024/10/22 The Theory of Learning and Ensemble Learning
8 2024/10/29 Midterm Project Report

10 2024/11/12 Deep Learning and Reinforcement Learning
11 2024/11/19 Case Study on Artificial Intelligence Il

12 2024/11/26 Deep Learning for Natural Language Processing
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13 2024/12/03 Computer Vision and Robotics

14 2024/12/10 Generative Al,
Philosophy and Ethics of Al and the Future of Al

15 2024/12/17 Final Project Report |
16 2024/12/24 Final Project Report I



Deep Learning and
Reinforcement
Learning




Outline

* Deep Learning (DL)
* Neural Networks (NN)
* Convolutional Neural Networks (CNN)
* Recurrent Neural Networks (RNN)
* Reinforcement Learning (RL)
* Markov Decision Processes (MDP)
* Deep Reinforcement Learning (DRL) Algorithms
* SARSA
* Q-Learning
 DQN, A3C, Rainbow



Stuart Russell and Peter Norvig (2020),
Artificial Intelligence: A Modern Approach,

4th Edition, Pearson

Russell BAFTicIal Intelligence
Norvig A Modern Approach

P Fourth Edition

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
https://www.amazon.com/Artificial-Intelligence-A-Modern-Approach/dp/0134610997/



https://www.amazon.com/Artificial-Intelligence-A-Modern-Approach/dp/0134610997/
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Artificial Intelligence:
A Modern Approach

. Artificial Intelligence

. Problem Solving

. Knowledge and Reasoning

. Uncertain Knowledge and Reasoning

. Machine Learning

. Communicating, Perceiving, and Acting
. Philosophy and Ethics of Al



Artificial Intelligence:
Machine Learning

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson



Artificial Intelligence:

5. Machine Learning
*Learning from Examples
*Learning Probabilistic Models
*Deep Learning
*Reinforcement Learning



Artificial Intelligence:
Reinforcement Learning

* Learning from Rewards

* Passive Reinforcement Learning

* Active Reinforcement Learning

* Generalization in Reinforcement Learning

* Policy Search

* Apprenticeship and Inverse Reinforcement Learning

* Applications of Reinforcement Learning
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Aurélien Géron (2022),
Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow:

Concepts, Tools, and Techniques to Build Intelligent Systems,
3rd Edition, O’Reilly Media
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Hands-On Y
Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems
wered by

Aurélien Géron

https://github.com/ageron/handson-ml3

https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1098125975



https://www.amazon.com/Hands-Machine-Learning-Scikit-Learn-TensorFlow/dp/1098125975
https://github.com/ageron/handson-ml3

Hands-On Machine Learning with
Scikit-Learn, Keras, and TensorFlow

Notebooks

1.The Machine Learning landscape

2.End-to-end Machine Learning project

3.Classification

4.Training Models

5.Support Vector Machines

6.Decision Trees

7.Ensemble Learning and Random Forests
8.Dimensionality Reduction

9.Unsupervised Learning Techniques

10.Artificial Neural Nets with Keras

11.Training Deep Neural Networks

12.Custom Models and Training with TensorFlow
13.Loading and Preprocessing Data

14.Deep Computer Vision Using Convolutional Neural Networks
15.Processing Sequences Using RNNs and CNNs
16.Natural Language Processing with RNNs and Attention
17.Autoencoders, GANs, and Diffusion Models
18.Reinforcement Learning

19.Training and Deploying TensorFlow Models at Scale
https://github.com/ageron/handson-ml|3

OREILLY’ 8,

Hands-On
Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems

Aurélien Géron
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https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/01_the_machine_learning_landscape.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/02_end_to_end_machine_learning_project.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/03_classification.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/04_training_linear_models.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/05_support_vector_machines.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/06_decision_trees.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/07_ensemble_learning_and_random_forests.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/08_dimensionality_reduction.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/09_unsupervised_learning.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/10_neural_nets_with_keras.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/11_training_deep_neural_networks.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/12_custom_models_and_training_with_tensorflow.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/13_loading_and_preprocessing_data.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/14_deep_computer_vision_with_cnns.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/15_processing_sequences_using_rnns_and_cnns.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/16_nlp_with_rnns_and_attention.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/17_autoencoders_gans_and_diffusion_models.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/18_reinforcement_learning.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/19_training_and_deploying_at_scale.ipynb
https://github.com/ageron/handson-ml3
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Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment

15



Reinforcement Learning (DL)
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Agents interact with environments
through sensors and actuators

/Px gent Sensors s

' Percepts
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Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

* Knowledge Representation
* Automated Reasoning
* Machine Learning (ML)
* Deep Learning (DL)
 Computer Vision (Image, Video)
* Natural Language Processing (NLP)
* Robotics

SSSSSS : Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Artificial Intelligence

Machine Learning & Deep Learning

ARTIFICIAL
INTELLIGENCE

\flint} HH gence

MACHINE
LEARNING

DEEP
LEARNING

1950’s 1960’s 1970’s 1980’s 1990’s 2000’s 2010’s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Source: https://blogs.nvidia.com/blog/2016/07/29/whats-difference-artificial-intelligence-machine-learning-deep-learning-ai/
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Al, ML, DL

4 Artificial Intelligence (Al) A
6 Machine Learning (ML) A
Supervised Unsupervised
Learning Learning
Deep Learning (DL)
RNN LSTM GRU
\ GAN )

Semi-supervised l Reinforcement

§ Learning Learning ) )




3 Machine Learning Algorithms
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Machine Learning (ML)

Meaningful
Compression

Structure Image

. o Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai : Classification Diagnostics
Visualistaion Reduction Elicitation Detection g

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
*
I I ac h I n e Population

Growth
Prediction

Recommender Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks
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Tristan Lim (2024).
"Environmental, social, and governance
(ESG) and artificial intelligence in finance:
State-of-the-art and research takeaways."
Artificial Intelligence Review

57, no. 4 (2024): 1-64.



ESG and Artificial Intelligence in Finance
PRISMA—the systematic mapping process

( Initialize search )

A 4

Identification

Search criteria applied within Google Scholar: :
e Search Engine Keywords:

finance ‘ESG" OR green OR climate OR inclusive OR carbon OR

sustainability OR "social impact’ OR ecology) +(“artificial intelligence” OR
machine learning’ OR "supervised learning’ OR "unsupervised learning”
reinforcement learning’ OR "deep learning’)

* Language: English only
* Year: 2008 onwards

Screening

A 4

Inclusion/ exclusion criteria applied through:
* Assess titles and abstracts for suitability
= Assess full text for suitability

Included

h 4

Articles included in the systematic literature mapping review: 370

Number of articles retrieved:

« 18,000 citations

Number of articles excluded:

- 17,387 articles
e 243 articles
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Network Analysis of ESG and Al in Finance

FORECASTING AND VALUATION
| '::-"RESPONSIBLE USE OF Al
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Research Area of ESG and Al in Finance

Thematic research area Total paper Total citation ~ Citation impact
count count
Trading and investment 91 1578 17.3
ESG disclosure, measurement and governance 77 809 10.5
Firm governance 52 1082 20.8
Financial markets and instruments 50 542 10.8
Risk management 41 1030 25.1
Forecasting and valuation 38 178 4.7
Data 14 206 14.7
Responsible use of Al 7 324 46.3

Overall 370 5749 15.5




Publication Count

Total publication count by research thematic areas
between 2008 and 2022
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Total citation count by research thematic areas
between 2008 and 2022
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5500 Data
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Source: Tristan Lim (2024). "Environmental, social, and governance (ESG) and artificial intelligence in finance: State-of-the-art and research takeaways." Artificial Intelligence Review 57, no. 4 (2024): 1-64.
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Network Analysis on Research Domains and Al Techniques
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Bump Graph Analysis of dominant Al Techniques
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Environmental, Social, and Governance (ESG) and
Artificial Intelligence in Finance: Research Takeaways

Archetype
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Applications of DL in Financial Economics

* Deep learning for financial economics

* Deep learning for macroeconomics and monetary economics
* Deep learning for agricultural and natural resource economics
* Deep learning for industrial organization

* Deep learning for urban, rural, regional, real estate, and
transportation economics

* Deep learning for health, education, and welfare
* Deep learning for business administration and microeconomics
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@5 VOSviewer

Machine Learning and Deep Learning in Finance
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Machine Learning and Deep Learning in Finance

Big data analytics

Prediction of success of
crowd funding

Data mining

Consumer finance

Aldgorithmic trading

Social media analytics

Financial forecasting

A el

Future Research Agenda of Machine
Learming & Deep Leaming in Finance

Text mining

Fraud detection

Credit risk management

Behavioural analytics

Supply chain finance

Credit scoring

Investors sentiments analysis

Financial forecasting

Stock market prediction of
wvolatility and trend




Financial Applications of Machine Learning

Application
—_— M Od el ANNMLPBPNNFFNN
Heatmap

16

14

CNN
RNN

GRU

Stock Market Rardom Fares
Portfolio Management -

Cryptocurrency m
Foreign Exchange Market -
Financial Crisis -

Bankruptcy and Insolvency s

Hybrid models
Ensemble models
Others ML & DL models

Source: Nazareth, Noella, and Yeruva Yenkata Ramana Reddy. "Financial applications of machine learning: a literature review." Expert Systems with Applications (2023): 119640.




Deep-learning-based stock market prediction
incorporating ESG sentiment and technical indicators

o =N =

S&P 500 historical data LexisNexis data

- -,

Text data preprocessing

"

Document labeling
with FINnBERT

-

Sentiment index

- = 4
e

Model
(Bi-RNN, Bi-LSTM)

et

Output (Predicted value)
Comparision I

Technical indicators
calculation

-

Performance evaluation
(MAPE)

> Ablation Study




Technical indicators in stock market prediction
b [beese

?éﬁgi; Moving Average Provides a smoothing effect on price data over a designated time frame

g&?)e ntial Moving Average Provides a smoother perspective of price trends, emphasizing recent data

Chaikin Accumulation/Distribution Line . . . - .

(AD) Measures cumulative buying and selling pressure for predicting price trends

gg;ge Directional Movement index Mean directional movement indicator

Kaufman Adaptive Moving Average Adapts to changing market conditions, aiding in identifying optimal entry and exit

(KAMA) points

Moving Average Convergence/Divergence (MACD) Convergence and divergence of moving averages

ﬁ:éz;t)ive Strength Index Evaluates asset’s overbought or oversold conditions, guiding potential reversals

fgﬁ);;lc Stop and Reverse Offers dynamic stop-loss levels, crucial for risk management

?;\I;)é)nﬁ;tum Measure the rate of change

Rate of Change Measure the percentage change in price from a previous period to the current

(ROC) period

Sional Provide partial visual smoothing of technical indicators and detect trend reversals
& and crossovers

Stochastic RSI Combination of the RSI and Stochastic indicator

Stochastic Oscillator Relative position of prices over a given period

37



Technical indicators in stock market prediction

2,769 days
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Al System and ESG World

ESG Disclosure Scores
& Research Tool

Public & Private
Company Disclosure l

Bespoke Data
Science Solutions

csc e

Knowledge NLP Scoring
ESC Ratings metrics

Portfolio Integration
Corporate Business

Mapped to SASB
TCFD Regorts

Data Science
ML, NLP & Al

Fund censtreints
Portfolio Cptimzation

Sustainable hvesting

Output & Visualise
Investment Managers

Cloud Data

Infrastructure Web App

3% Party Tools

Data processed by Al and
supervised by human
Al operational logic:

Model algorithms +
model interpretation

Prediction, estimation,
extraction, recommendation, and
decision by Al and supervised by

Al System I

Machine Readable

Annual & Sustainability Reports
Earnings Transcripts

JSON
NLP Classifiers

Distribute

AV\S §“

Sensors

Actuators

ESG world

Environmental

Governance

Observable data (e.g., partial & real,

full & virtual) through perceptions
via various sensors

Implementable & explainable
actions through Al and other
factors
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Al Solution for Net Zero Model

Challenges

Description

Potential AI Solution

Data Complexity
and Volume

Dynamic Nature
of Emissions

Integration of Di-
verse Data Sources

Predictive
Accuracy

Balancing Eco-
nomic and Envi-
ronmental Goals

Handling vast and complex data re-
lated to emissions across various in-
dustries.

Emissions vary over time and by in-
dustry, requiring adaptable models.
Different scopes may need different
approaches.

Combining data from different
sources and sectors for comprehen-
sive analysis.

Accurately predicting future emis-
sions and the effectiveness of mitiga-
tion strategies.

Ensuring that net zero strategies are
economically viable.

Use of big data analytics and ML to
process and analyze large datasets effi-
ciently.

Development of flexible AI models
that can adapt to varying emission pat-
terns and industry-specific factors.

Implementing AI algorithms capable
of integrating and synthesizing diverse
data streams for holistic insights.
Employing predictive analytics and
advanced ML techniques for precise
forecasting of emissions and strategy
outcomes.

Al-driven optimization models that
balance economic factors with environ-
mental impact to identify cost-effective
sustainability strategies.
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Data Analytics for ESG Ranking & Scoring

Data sources

Financial
statement,
Transaction
records, client
input, etc

Third-party (e.g.,
SnP, Refinitiy,
Bloomberg, MSCI,

etc), Public data

(e.g., company
disclosure, news),

proxy data, etc

Data processing &
quality assurance

Model building

Model output

Data processing

Data linkage between
external and internal
data (e.g., entity
resolution)

Data argumentation
(e.g., synthetic,
simulation, prediction,
etc)

Data quality assurance

Al and NLP analysis

Data Normalization

Sector-based
analytics

Statistical models

Al/ML models

Environmental

Governance

ESG rating

41



Traditional and Al-Power ESG Rating

Aspect

Traditional ESG Rating Agencies

Al-Powered ESG Rating Organiza-
tions

Data Processing
and Analysis

Speed and
Scalability

Consistency and
Objectivity

Predictive
Insights

Customization
and Flexibility

Rely on manual data collection and
analysis, subject to human bias, e.g.,
analyst.

Slower due to manual processes; lim-
ited in the number of companies as-
sessed. Usually, update semiannaully
or annually

Potential for inconsistencies and sub-

jective interpretations.

Focus on current and past perfor-
mance based on available data.

Limited customization and flexibility
due to manual processes.

Use algorithms, ML, and NLP to
analyze large data sets efficiently,
reducing human bias.

Faster updates and ability to scale
up to assess more companies due to
automation. Typically, update in
daily or weekly.

More consistent and objective,
though not immune to underlying
data biases.

Capable of offering predictive in-
sights about future ESG perfor-
mance and risks.

Greater customization and flexibil-
ity, adapting quickly to new data
sources or changing ESG criteria.
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ESG Data Providers

Provider Description Website
Provide global coverage of ESG data; mainly on listed or public htFps://fm—
Bloomberg . science.com/en/blog/esg/top-5-esg-
companies . :
data-providers-rating-and-report/
Provide ESG ratings, analytics, sustainability ratings, and sus-
tainable finance reviewer/certifier services using data from https://www.bvdinfo.com/en-
Moody’s. The BvD Orbis users can now add RepRisk's ESG risk  gb/blog/compliance-and-financial-
BvD : . : : : g
(Moody’s) metrics to the already substantial arsenal of company infor- crime/product-update-using-orbis-
y mation available to you through our flagship global database of to-assess-environmental-social-and-
more than 200 million private companies governance-esg-risk
CDP (formerly the Carbon Disclosure Project) ESG Rating is a
unique rating that identifies the best ESG-integrated investment https://www.cdp.net/en/scores/cdp-
CDP ; g
funds, based on their ESG performance scores-explained
Provide ESG ratings using a company’s Theme Exposure and
FISE Theme level score assessment to calculate range of assessments
. g .. https://www. ftserussell.com/prod-
Russell / that allow investors to understand a company’s ESG practices in &g
: ; : ucts/indices/esg
LSEG multiple dimensions.
Provide ESG data and research on companies. The system’s goal
ISS is to take the ESGY Scorecard directly to the industry level. https://www.issgovernance.com/esg/



ESG Data Providers

Provider Description Website
Offer data on ESG. Its ratings aim to measure a company’s man- https:// . / 1
MSCI agement of financially relevant ESG risks and opportunities. : AP/ e e el
tions/esg-investing/esg-ratings
Provides comprehensive ESG data. Their ESG scores are de-
signed to transparently and objectively measure a company’s rel- https://www.refinitiv.com/con-
Refinitiv / ative ESG performance, commitment and effectiveness across 10 tent/dam/marketing/en_us/docu-
LSEG main themes (emissions, environmental product innovation, di- ments/methodology/refinitiv-esg-
versity and inclusion, human rights, shareholders, etc.) based on scores-methodology.pdf
publicly-reported data
https://connect.sustainalyt-
Sustatnaly An independent ESG research and rating agency that provides ics.com/hubfs/SFS/Sustainalyt-
s data and research on the environmental and social performance ics%20ESG%20Risk%20Rat-
of companies. ing%20-%20F AQs%20for%20Corpo-
rations.pdf
S&P Provide access to transparently disclosed ESG data points for https://www.spglobal.com/esg/solu-
Global companies assessed in the S&P tions/esg-data-intelligence
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Machine Learning in Stock Market Prediction

Authors Index/Stock, Country Model Time Period Performance evaluation Task
Seong & Nam SPX index, KOSPI index, US and Attention based CNN + LSTM 1st January 1971 to Accuracy for short term = Classification
(2022) South Korea 31st December 2019 0.602 Medium term = 0.660 and Trading
and long term = 0.688 and
Sharpe Ratio for short = 5.490
medium = 2.895 and long
term = 3.239
Akhtar, Zamani, BSE 500, DJIA, NASDAQ, India Random Forest, SVM and LSTM Extracted from Kaggle Accuracy = 80.3 % Forecasting
Khan, Shatat, & and US
Dilshad, (2022)
Gupta, CNX-Nifty, India GRU based Stock-Net model 1st April 1996 to 6th RSME = 0.0896 MAE = Forecasting
Bhattacharjee, & January 2020 69.9396 MAPE = 0.8203
Bishnu (2022)
Ma & Yan (2022) CSI 300 index and Shanghai stock  CNN January 2007 to Accuracy = 69.39 % Forecasting
index, China December 2021
Park, Kim, & Kim S&P500, SSE, and KOSPI1200, US, LSTM_Random Forest (Hybrid) 01st Aug 2002 to 13th Regression: RMSE = 1.89, Classification,

(2022)

Bhandari, et al.
(2022)

Banik, Sharma,
Mangla, Mohanty,
& Shitharth
(2022)

Pokhrel, et al.
(2022)

China and South Korea

S&P 500 index, US

ICICI Bank and NIFTY-Bank from
National Stock Exchange of India
(Kaggle dataset)

Nepal Stock Exchange Limited
(NEPSE)

LSTM

LSTM

LSTM, GRU, and CNN

September 2018

2006 to 2020
1st Jan 2020 to 31st
July 2020

17th July 2016 to 15th
January 2020

MAE = 1.41, and MAPE = 0.51
Classification: Accuracy =
59.83 Balanced accuracy =
59.95

RMSE = 40.4574, MAPE =
0.7989 and R = 0.9976

RMSE = 4.13 %, MAE = 3.24
%, and MAPE = 1.21 %

RMSE = 10.4660 + 0.6836,
MAPE = 0.6488 + 0.0502 and
R = 0.9874 + 0.0009

forecasting and
trading

Forecasting

Forecasting

Forecasting
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‘Machine Learning in Portfolio Management

Title Index/stocks Models Portfolio strategy Time period Transaction cost Number of Performance
stocks in evaluation
portfolio
Betancourt & Bitcoin, Ethereum, Deep Reinforcement Agent trader 17th August With transaction Dynamic Average daily returns
Chen (2021) Litecoin and others. the Learning 2017 to O1st fees (except BNB) number of of over 24 %, Sharpe
number of active assets November 0.1 % and fees BNB  assets ratio = 0.46
that can be exchanged 2019 0.05 %
for USDT incremented
from three to 85
Juan (2022) 20 stocks from CSI 300 SVM, Random Forest, Mean-Variance May 4, 2012  Without transaction  Less than 20  Accuracy = 92.59 %
and 20 stocks from the and Attention-based Portfolio compared to August 4, cost stocks (CSI300) and 88.52 %
S&P 500 LSTM to 1/N 2020. (S&P 500), Sharpe
ratio of 9.31 (CSI 300)
and 2.77 (S&P 500)
Pinelis and NYSE, AMEX, and Random Forest, Elastic Buy and Hold 1927-2019 With an increase in N/A Sharpe Ratio = 0.68,
Ruppert NASDAQ indices Net and Linear model market strategy transaction cost @ Annualized returns =
(2022) 1bps, 10bps and 12 %-13 % and
14bps for trading standard deviation =
approximately 1 % 13t015%
of daily volume
Barua & MSCI Asia Pacific sector Hybrid: Buy and Hold 01st April With transaction N/A Sharpe Ratio = 2.55
Sharma indices: Energy, Utilities CNN-BILSTM market strategy 2002 to 31st  costs @ 25 basis and Herfindahl Index
(2022) Consumer, Health Care, March 2022 points = 0.128

Communication
Services, Information
Technology, Consumer
Staples, Discretionary,
Materials, Financials &
Industrials




erformance Metrics of Financial Applications of ML
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Deep Reinforcement Learning in Portfolio Management
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Passive Portfolio Management
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« Backtesting Portfolio Evaluation
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- Construct Deep

+ Add technical indicators , Performance
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Deep Reinforcement Learning in Portfolio Management

References Data set Data Features setting Deep learning Performance criteria Transaction
period method cost
Huang et al. CSI300 index, 3 stocks in CSIS00 2007—-2020 OCHLV DDPG Average return: Yes, 0.0025
(2020) 0.000949
Annual Sharpe: 1.707
Annual Sortino:
2.946
MDD: 8.09%
Zhang et al. 50 futures contracts 2005—-2019 OCHLYV, MA, LSTM, DQN, PG, E(R): 1.258 Yes, 0.0001
(2020) MACD, RSI A2C Std.(R): 0.976
Sharpe: 1.288,
Sortino: 2.220
MDD: 0.002
Rundo EUR/USD 2004—-2018 OCHLYV, LSTM, DQN ROI Max = 98.81% No
(2019 Technical MD Max = 19.28%
indicators
Liu et al. Bitcoin 20172020 OCHLYV, LSTM, PPO Profits rate = 1.46% Yes, 0.0025
(2021) technical
indicators
Darapaneni 16 index from Indian market 20112019 OCHLYV, SMA Q-learning Annualized Yes, 0.0030
et al. return = 8.54%
(2020) Max
drawdown = 1.44%
Whu et al. 3 stocks from US, 3 stocks from 2008-2018 OCHLYV, MA, GRU, DQN, DPG Return = 215.9% No
(2020) UK, and 3 stocks from China EMA, ACD, SR = 1.9%
BIAS
This stud 227 constituent stocks from 20002020 OCHLYV, Proposed Annual No
Day et al. MSCI US ESG Select Index technical DRLPMESG return = 45.58%
indicators framework, PPO

(2023)

SR = 1.37




Deep learning for Financial Economics

Appli- Article Aim of Data set Date size Time Used models
cation study span
subfield
Financial (Heaton Predict Component stocks of the Weekly 2012— Stacked AE
market et al., and biotechnology IBB index returns data 2016

2017) classify

financial
market

(Mishev Analyze Financial Phrase-Bank 4,845 - RNN, RNN,

et al., sentiment dataset, SemEval-2017 task English Attention, CNN,

2020) in finance  dataset sentences, Dense Network

2,510 news
headlines

Stock (Zhong Forecast SPDR S&P 500 ETF (ticker 60 factors 2003— DNN, ANN
market & Enke, daily stock symbol: SPY) over 2,518 2013

2019) return trading days

(Chatzis Forecast FRED and the SNL More than 1996— MXNET, DNN

et al., crisis 5,000 2017

2018) events records

(Nikou Predict 1Shares MSCI United King- 869 data 2015—- LSTM

et al., stock price dom exchange 2018

2019)

(Sharaf Predict Quandl dataset - 2000— LSTM, CNN,

et al., stock price 2019 Stacked-LSTM,

2021) Bi-LSTM
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Journal Articles of ML and Al in Finance

Publication outlet

Number of TC
articles

Expert systems with applications
Sustainability

IEEE access

Computational economics

European journal of operational research
Quantitative finance

Journal of behavioral and experimental finance
Journal of forecasting

Technological forecasting and social change
Applied soft computing

34 1174
34 169
28 159
22 105
16 842
12 80
11 88
10 115
10 52
9 467
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Journal Articles of ML and Al in Finance

Publication outlet

Number of TC
articles

Decision support systems

Mathematics

Economic computation and economic cybernetics studies and research
Journal of enterprise information management

Journal of intelligent & fuzzy systems

Complexity

Financial innovation

Journal of international financial markets institutions & money
Knowledge-based systems

Technological and economic development of economy

351
48
19
37
23
23
28
25

132

182

AN NN ON N NN o0 O

52



Deep learning: CNN, RNN

Features

Advantages

Disadvantages

Main variants

CNN

a. Effectively re-
duce the dimension
of large data images
to small data (with-
out affecting the
results);

b. Can retain the
characteristics of
the picture, similar
to the principle of
human vision.

a. Long-term
information can be
effectively retained;
b. Select important
information to keep,
and select “forget™
for less important
information.

a. The weight sharing
strategy reduces the
parameters that need to
be trained, making the
generalization ability
of the trained model
stronger;

b. Pooling operation
can reduce the spatial
resolution of the
network, so that the
translation invariance
of the input data is not
required.

The model is a depth
model in time dimen-
sion, which can model
the sequence content.

Depth models are
prone to gradient
dissipation.

a. There are many
parameters that need
to be trained, which
are prone to gradient
dissipation or gradient
explosion;

b. Without feature
learning ability.

GoogleNet,
VGG, Deep
Residual
Learning

LSTM, GRU
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Deep learning: AE, Transformer, DRL

Features Advantages Disadvantages Main variants
AE a. Data dependent; a. Strong a. Information is Denoising
b. Learn auto- generalization; somewhat lost in the AE, Stack AE,
matically from data b. Can be used for process of encoding Undercomplete
samples. dimension reduction; and decoding; AE, Regular
c. Can be used for b. The compression AE
feature detectors; ability only applies
d. Can be used for to samples similar to
generation model. training samples.
Transformer a. Self-attention a. Enables to model a. High program Linear Trans-
mechanism; more long-distance complexity; former, Sparse
b. Focus on global = dependencies; b. Not Turing Transformer,
information. b. Parallel computing. complete; Reformer, Set
c. Compute resource Transformer,
input average. Transformer-XL
DRL a. Combine deep a. Learn control a. Difficult to achieve = QR-DQN,
learning with rein-  strategies directly from continuous motion Rainbow DQN

forcement learning;
b. End-to-End
training.

high-dimensional raw
data;

b. Large numbers of
samples can be pro-
duced for supervised
study.

control;

b. Overestimation, that
is, the estimated value
function is larger than
the true value function.
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Stock Market Movement Forecast:
ML Phases of the stock market modeling

Data-sourcing Data Pre-Processing Modelling Evaluation
Blogs Word2vec
TF-IDF Deep Learning WM
Social Network :>
Accurac
- :> Notural Language Graph Models Ensemble /
Processing E>
Unstructured nputs Decision Tree Fuzzy F-Measure
Economic Indicators ANN Genetic Algorithms
;,> PCA ::> Return
Market Information | Rough Sets
T Order Reduction
Technical Indicators
Structured Inputs
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Machine Learning Tasks and Methods

Machine Learning
2
| e I ——— N s TP T
o ‘ _ i Semi-supervised Learning . i ’ Y . 0
Supervised Learning | Transfer Learning ' | UnsupervisedLearning | | ActiveLeaming | ReinforcementLearning )
Classical: Recent Development:  Classical: Recent Development: - Multi-armed bandit
- K-Nearest Neighboxs - Ensemble Method = Clusteu'ng - Topic Models 7 Dynamic pmgmmming
o - Random Forest =3 x s =S
- Naive Bayes TOCAILS 2 arsa
¥ LY RS R Representation Learning .
- Support Vector Machine i DBSCAN - AutoEncoder - Q-learning
@ - Decision Tree - XGBoost i : LG - n-Step Temporal Difference
o - Dimensionality Reduction: - Network Embedding
_g - Artificial Neural - Probabilistic Graphical -PCA - Deep Q Nertwork
R
= Network Model -SVD |
- Deep Neural Network - Factor Analysis
- Convolutional Neural
Networks
- Recurrent Neural
Nertworks

Note: Several entries in the diagram, e.g. word embedding or multi-armed bandit, refer to specific problem formulations for which a collection of methods exist.

: Tasks that take input data as given C): Tasks that involve interactive data acquisition Dashed border: methods not elaborated in paper text

Bold type: highlights recent developments

Source: Liye Ma and Baohong Sun (2020), "Machine learning and Al in marketing — Connecting computing power to human insights." International Journal
of Research in Marketing, 37, no. 3, 481-504.
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Learning



Machine Learning
Supervised Learning (Classification)
Learning from Examples



Machine Learning
Supervised Learning (Classification)
Learning from Examples

y f(x)
- a il Rl ¢ Sl T—=
Example_15.1,3.5,1.4,0. %»' Iris-setosa __ 1 _
14.9,3.0,1.4,0.2)Iris-setosa :
:4.7,3.2,1.3,0.2vIrls -setosa l
I7.0,3.2,4.7,1.4ﬂIrlS ver51color:

X :6.4,3.2,4.5,1.5HIrls ver51color: J)
:6.9,3.1,4.9,1.54Iris—versicolor|
16.3,3.3,6.0,2.5,Iris-virginica |
:5.8,2.7,5.1,1.9vIrls virginica |
I7.1,3.0,5.9,2.1ﬂIrlS virginica :
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Linear function

Y =f(x)

Yy=wW X TWw,

hw(x) — WX T Wo
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Learning




Deep Learning
and
Deep Neural Networks



© Backfed ingut Cett
@ inputCet
@ Noisynput Call

Neural -=

@ Probeblistic Hidden Cell
@ spiving Hiscen Call

Networks :::...

. Recurrent Cell

(NN) ==

A mostly complete chort of

Neural Networks ........

©2016 Floder van Veen - oy

Perceptron (P) Feed Forward (FF)  Radiat Basis Network (REF)

o St &

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)

Aecurrent Neural Network (RNN)

...
RIERIERS

v

t‘\‘ .l‘\’ .I.\

Auto Encoder (AE) Sparse AE (SAE)

BM (RBM) Deep Belief Network (D8N)

Deep Convolutionad Inverse Graphics Network (DOIGN)

Xa%0

N

W, 0"“ >‘"-
N\ \

X - \/

Generative Adversacial Network (GAN)  Liquid State Maching (LSM)  Extreme Learing Machine (ELM) Echo State Networek (ESN)

add \'l
~ U\

. 9.9 9.9
NG NG G NN NG
MM MRS,
VaVaVaVa Va2

e

Deep Residual Network (DRN) Kohonen Network (KN)  Sepport Viector Machine (SVM)  Newral Turing Machine (NTM)

s 46t 9 g

Source: http://www.asimovinstitute.org/neural-network-zoo/
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Convolutional Neural Networks

(CNN or Deep Convolutional Neural Networks, DCNN)

%
AR
QR

XMWY

Nvivs
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Recurrent Neural Networks
(RNN)
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Long / Short Term Memory
(LSTM)
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Gated Recurrent Units
(GRU)
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Generative Adversarial Networks (GAN)
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. r\

Tensor

Tensor
°3
* # a rank O tensor; this is a scalar with shape []
*[1.,2., 3.]
* # a rank 1 tensor; this is a vector with shape [3]
*[[1., 2., 3.], [4., 5., 6.]]
* # a rank 2 tensor; a matrix with shape [2, 3]

- [[[1., 2., 3.1}, [[7., 8., 9.]11]
* # a rank 3 tensor with shape [2, 1, 3]

https://www.tensorflow.org/
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Deep Learning
Foundations:
Neural Networks



Deep Learning and

Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)

X1

X2
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Deep Learning and

Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)




Input Layer
(X)

Deep Learning and

Neural Networks

Hidden Layers
(H)

Deep Neural Networks
Deep Learning

OO000O
0000
OO000O

Output Layer
(Y)
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The Neuron
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Neuron and Synapse

% Dendrites

° Microtubule

Neurofibrils
Neurotransmitte

Receptor

Synaptic vesicles
Synapse (Axoaonici -
Synaptic cleft -
Axonal terminal

—
~
/

Rough ER
{Niss| body)

Polyribosomes Node of Ranvier

Ribosomes
Golgi apparatus

Myelin Sheath
|Schwann cell)
Nucleus

Nucleolus
Membrane
Microtubule &

ondrion

Smooth ER

I(Axodendritic h ‘ Dendntes

Synapse
\ ) »
A Y

Microfilament

Microtubule
Axon
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The Neuron

>

y=F

F(x)=max(0,x)
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y=max (0,-0.21 *x,+ 0.3 *x,+ 0.7 * x3)

Weights

-0.21

nputs X2 O 0.3 >
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Neural Networks




X1

X2

Neural Networks

Input Layer
(X)

Hidden Layer Output Layer
(H) (Y)
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Input Layer
(X)

Neural Networks

Hidden Layers
(H)

Deep Neural Networks
Deep Learning

OO000O
0000
OO000O

Output Layer
(Y)
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Neural Networks

Input Layer  Hidden Layer Output Layer
(X) (H) (Y)

Neuron

Synapse

Synapse

» Neuron

X2
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Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)



https://www.youtube.com/watch?v=P2HPcj8lRJE&list=PLjJh1vlSEYgvGod9wWiydumYl8hOXixNu&index=2

X1

X2

Neural Networks

Input Layer
(X)

Hidden Layer Output Layer
(H) (Y)
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X Y

Hours Hours
Sleep Study | Score

3 5 |75
5 1 (82
10 2 |93
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X Y
Hours Hours
Sleep Study | Score
3 5 |75
Training 5 1 (82
10 2 |93
Testing 8 3 |?



Linear function

Y =f(x)

Yy=wW X TWw,

hw(x) — WX T Wo



Y=WX+b



Outlput inptljt
Y=WX+b
T T

Weights bias
~— /

Trained



WX+b=Y

2.0

1.0

0.1

Scores

=1 0.7

-] 0.2

- 0.1

> Probabilities
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SoftMAX

WX+b=Y

Logits

2.0

1.0

0.1

Scores

=1 0.7
eYi
Zjey] == 0.2
- 0.1

> Probabilities
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eYi e2:0 2.7182%0

(i) YieYi e20+el04¢01 T 2.71822042718210+42.718201

eYi el0 2.718210
SO = Yie’)  e?0+el0+e01  271822042.718210+42.718201 0.2
eYVi e0-1 2.718201
SOi) = Yie¥i  e20+el04e01 T 2.7182204271821.042.718201 0.1
2.0 |- - =1 0.7
WX+b=Y
j
0-1 = - =P 001

Logits Scores > Probabilities
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Training a Network

Minimize the Cost Function



Training a Network

Minimize the Cost Function
Minimize the Loss Function
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Error = Predict Y - Actual Y
Error : Cost : LoSS
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Activation
Functions




Activation Functions

Sigmoid TanH RelLU

(Rectified Linear Unit)

[0, 1] -1, 1] fx) = max(0, x)
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=02

Activation Functions

TanH RelLU
10
2
tanh(z) = -~ 8 ~JO for 2<0
L 1+e2 f(m)—{z for >0
. 2
4
2
0
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LossS
Function



Binary Classification: 2 Class

Activation Function:
Sigmoid

Loss Function:
Binary Cross-Entropy



Multiple Classification: 10 Class

Activation Function:
SoftMAX

Loss Function:
Categorical Cross-Entropy



Dropout

Dropout: a simple way to prevent neural networks from overfitting
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Learning Algorithm

While not done:
Pick a random training example “(input, label)”
Run neural network on “input”

Adjust weights on edges to make output closer to
“label”
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y=max (0,-0.21 *x,+ 0.3 *x,+ 0.7 * x3)

Weights

-0.21

nputs X2 O 0.3 >
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Next time:
y=max (0, -0.23 *x,+0.31 *x,+ 0.65 * x3)

a7V WA W 4 / n n 04 * A\ W4 | n ’) * \ W4 1 n 7 * A\ W 4 \
y = I1IAA ( vV, “U.4L | A1 rU.J /\2 .7 /\3/
Weights

-0.23

Inputs X2 O - > V
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J(w)

Optimizer:
Stochastic Gradient Descent
(SGD)

Global cost
minimum




This shows a function of 2 variables: real neural nets
are functions of hundreds of millions of variables!
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Neural Network and Deep Learning
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https://www.youtube.com/watch?v=aircAruvnKk

Gradient Descent
how neural networks learn
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Backpropagation
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https://www.youtube.com/watch?v=Ilg3gGewQ5U

Convolutional
Neural Networks

(CNN)



Convolutional Neural Networks
(CNN)

*Convolution
*Pooling
*Fully Connection (FC) (Flattening)



Input

CNN Architecture

Conv

Pool

Conv

=

4
/
’
/’
4
.
-
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~
~
~

Pool

FC

1

FC Softmax
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CNN Convolution Layer

Convolution is a mathematical operation to merge two sets of information
3x3 convolution

0 [ 1 1 110 T 101
O] 0|1 1 1 0 | 1 0
O] 0|1 110 T 101

[nput Filter / Kernel
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CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

1x1

1x0
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0x0

1x1
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Feature Map



CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

1x1

1x0

Ox1

1x0

1x1

1x0

Ox1

1x0

1x1

0

1

1

1

1

0

Input x Filter

Feature Map
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CNN Convolution Layer

1x1

1x0

1x1

0x0

1x1

1x0

Ox1

0x0

1x1

Example convolution operation shown in 2D using a 3x3 filter
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32

CNN Convolution Layer

10 different filters 10 feature maps of size 32x32x1

V=

5x5x3

32

final output of the convolution layer:
a volume of size 32x32x10

\
———0
1x1x1
32x32x1
10

32

32
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CNN Convolution Layer
Sliding operation at 4 locations

L/;—o




CNN Convolution Layer

two feature maps

/
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CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each step

Stride 1 Feature Map
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CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each step

Stride 2 Feature Map
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CNN Convolution Layer
Stride 1 with Paddmg

______________________________

_____

_____

_____

_____

_____

_____

______________________________

Stride 1 with Padding

______

_____

_____

—————

—————

—————

—————

______

Feature Map
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CNN Pooling Layer

Max Pooling

max pool with 2x2
window and stride 2

— | LWl o1 | —

DO | DD | O] =
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10

CNN Pooling Layer
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pooling

>

10

16

16
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CNN Architecture
4 convolution + pooling layers,
followed by 2 fully connected layers
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model
model

model.

model

model
model

model

model
model

model

CNN Architecture
4 convolution + pooling layers,
followed by 2 fully connected layers

https://gist.github.com/ardendertat/0fc5515057c47e7386fe04e9334504e3

= Sequential()

.add(Conv2D(32, (3, 3), activation='relu', padding='same', name='conv_1',

input shape=(150, 150, 3)))
add (MaxPooling2D( (2, 2), name='maxpool 1'))

.add(Conv2D(64, (3, 3), activation='relu', padding='same', name='conv_2'))
model.

add (MaxPooling2D( (2, 2), name='maxpool 2'))

.add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv _3'))
.add(MaxPooling2D((2, 2), name='maxpool 3'))
model.

add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv_4'))

.add(MaxPooling2D((2, 2), name='maxpool 4'))
model.
.add(Dropout(0.5))

.add(Dense(512, activation='relu', name='dense 1'))
model.

add(Flatten())

add(Dense (128, activation='relu', name='dense 2'))

.add(Dense(1l, activation='sigmoid', name='output'))
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https://gist.github.com/ardendertat/0fc5515057c47e7386fe04e9334504e3
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Model Performance

Train Loss: 0.054, Val Loss: 1.345
14
- Train Loss

12 — Val Loss

Starts Overfitting

1.0
0.8
0.6
0.4
0.2

0.0
0 5 10 15 20 25

Train Accuracy: 0.981, Val Accuracy: 0.732

- Train Acc
- \/al Acc
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Recurrent
Neural Networks

(RNN)




Recurrent Neural Networks (RNN)

TrTrTIY

hidden

Input



Recurrent Neural Networks (RNN)

Time Series Forecasting
110 150

120 130 140

hidden

Input @

100 110 120 130 140




Recurrent Neural Networks (RNN)

output

hidden

?
LT




Recurrent Neural Networks (RNN)
Sentiment Analysis

:
ISP

This movie is very good

output

hidden

Input



Recurrent Neural Networks (RNN)
Sentiment Analysis |
A//!‘

!
DR

This movie IS very boring

o0

output

hidden

Input



Recurrent Neural Network (RNN)




RNN

b o




RNN long-term dependencies
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Source

Vanishing Gradient
Exploding Gradient
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: https://medium.com/deep-math-machine-learning-ai/chapter-10-1-deepnlp-Istm-long-short-term-memory-networks-with-math-21477f8e4235
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Recurrent Neural Networks (RNN)

hidden

Input



RNN
Vanishing Gradient problem
Exploding Gradient problem

Error

output

hidden

Input

if |W| <1 (Vanishing)
if |W| > 1 (Exploding)
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RNN
Vanishing Gradient problem

Error
output
VvV V VvV
. 0.9 0.9 0.9
hidden
U U U
Input @

W = 0.9 < 1 (Vanishing)

147



RNN
Exploding Gradient problem

Error
output
VvV V VvV
. 1.1 1.1 1.1
hidden
U U U
Input @

W =1.1>1 (Exploding)
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RNN LSTM
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Long Short Term Memory

Neural Network
Layer

forget input output

)
1k

gate

(LSTM)

gate

gate

| )

O—>>->—<

Pointwise

Operation

Vector
Transfer

Concatenate

150



Gated Recurrent Unit

(GRU)
reset update hy
gate gate
(X &
e Tt Zt: ! ilt
0] (9] tanh

151



LSTM Recurrent Neural Network

one to one one to many many to one many to many many to many

Traditional Music Sentiment Name Machine
Neural Generation Classification Entity Translation
Network Recognition
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Long Short Term Memory (LSTM)
for Time Series Forecasting

TIITT
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Time Series Data
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Reinforcement
Learning




Reinforcement Learning (RL)

Computer Science

Engineering Machine

Optimal_ P29 _pard

Control System
Reinforcement

Learning
Operations Classical/Operant
Research Conditioning

Neuroscience

Mathematics Bounded Psychology
Rationality

Economics
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Branches of Machine Learning (ML)
Reinforcement Learning (RL)

No Labels
Labeled data * No feedback
Direct feedback * Find hidden structure
Predict
Supervised Unsupervised
Learning _ Learning
Machine
Learning

Reinforcement

Learning - Decision process
Reward system
Learn series of actions
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Reinforcement Learning (DL)

Agent

{ EnvironmentJ




Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment
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Reinforcement Learning (DL)

Agent

0,
3 reward TRt

Environment

1 observation 2 action
A

t
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Agent and Environment

* At each step t the agent:

* Executes action A;
* Receives observation O,
* Receives scalar reward R,

* The environment:
* Receives action A,
* Emits observation O,,,
* Emits scalar reward R,,;

* tincrements at env. step

observation

0,

Agent

action

4,
reward TRt

Environment
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David Silver (2015),
Introduction to reinforcement learning

* Elementary Reinforcement Learning
* 1:Introduction to Reinforcement Learning
 2: Markov Decision Processes
* 3:Planning by Dynamic Programming
 4: Model-Free Prediction
 5: Model-Free Control
* Reinforcement Learning in Practice
* 6: Value Function Approximation
7: Policy Gradient Methods
8: Integrating Learning and Planning
9: Exploration and Exploitation
10: Case Study: RL in Classic Games
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Reinforcement learning

* Reinforcement learning is
learning what to do
—how to map situations to actions
—s0 as to maximize a numerical reward signal.
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Two most important distinguishing features of
reinforcement learning

*trial-and-error search

*delayed reward



History and State

* The history is the sequence of observations, actions, rewards
Ht = 01, Al’ R]"“)At-DOt’Rt

* i.e. all observable variables up to time t
* i.e. the sensorimotor stream of a robot or embodied agent
 What happens next depends on the history:

* The agent selects actions
* The environment selects observations/rewards

e State is the information used to determine what happens next
* Formally, state is a function of the history:

S, =f(H)
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Information State

* An information state (a.k.a. Markov state) contains all useful
information from the history.

* Definition
A state S, is Markov if and only if
P[Sii1 | S = P[S11 ] Sp-..8/
* “The future is independent of the past given the present”
Hy,— S, — Hypo

* Once the state is known, the history may be thrown away i.e.
The state is a sufficient statistic of the future

* The environment state S,° is Markov
* The history H, is Markov
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Fully Observable Environments

* Full observability:

* agent directly observes

environment state state A action
S gent y
t t
* Agent state =
environment state = reward TRt

information state

.« . Environment
* Formally, this is a

Markov decision process
(MDP)
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Partially Observable Environments

 Partial observability: agent indirectly observes environment

* A robot with camera vision isn’t told its absolute location
* A trading agent only observes current prices
* A poker playing agent only observes public cards

* Now agent state # environment state

* Formally this is a partially observable Markov decision process
(POMDP)

* Agent must construct its own state representation 8%, e.g.
* Complete history: 8%, = H,
* Beliefs of environment state: 8% = (P/S°, = s,/,...,P[S¢, = 5,,])
* Recurrent neural network: S, =o(5°_, W, + O, W, )
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Reinforcement Learning (DL)

The Agent-Environment Interaction
in @ Markov Decision Process (MDP)

Agent

reward action

R, 4,
§< R (
' ¢S+ | Environment
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Characteristics of
Reinforcement Learning

* No supervisor, only a reward signal
*Feedback is delayed, not instantaneous

*Time really matters
(sequential, non i.i.d data)

* Agent’s actions affect the subsequent data it
receives
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Examples of Reinforcement Learning

* Make a humanoid robot walk
* Play may different Atari games better than humans

* Manage an investment portfolio
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Examples of Rewards

* Make a humanoid robot walk
* +ve reward for forward motion
* -ve reward for falling over

* Play may different Atari games better than humans
* +/-ve reward for increasing/decreasing score

* Manage an investment portfolio

* +ve reward for each S in bank
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Sequential Decision Making

e Goal: select actions to maximize total future reward
* Actions may have long term consequence
* Reward may be delayed

* It may be better to sacrifice immediate reward to gain
more long-term reward

* Examples:
* A financial investment (may take months to mature)

* Blocking opponent moves (might help winning chances
many moves from now)
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Elements of Reinforcement Learning

* Agent

* Environment

* Policy

* Reward signal
* Value function
* Model
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Elements of Reinforcement Learning

* Policy

e Agent’s behavior

* It is a map from state to action
* Reward signal

* The goal of a reinforcement learning problem
* Value function

* How good is each state and/or action

* A prediction of future reward

* Model

* Agent’s representation of the environment
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Major Components of an RL Agent

1. Policy: agent’s behaviour function
2. Value function: how good is each state and/or action

3. Model: agent’s representation of the environment
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Policy

* A policy is the agent’s behaviour
* It is a map from state to action, e.g.
* Deterministic policy: a = 7(s)
* Stochastic policy: z(a|s) = P[A, = al|S, = s]



Value Function

* Value function is a prediction of future reward
* Used to evaluate the goodness/badness of states

* And therefore to select between actions, e.g.
V.(s)=E, [Rt+l+th+2+y2Rt+3+“° 1S, =s/
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Model

* A model predicts what the environment will do next
e P predicts the next state
* R predicts the next (immediate) reward, e.g.

Pl = P[S ) =5" |51 ,=8, A;=a]

R =E[R, ,|S, =s, A, =a]
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Reinforcement Learning

* Value Based

e Value Function

* Policy Based
* Policy

e Actor Critic
* Policy

e Value Function
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Reinforcement Learning

* Model Free

* Policy and/or Value Function

* Model Based
* Policy and/or Value Function
* Model
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{ RL Algorithms J
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Learning and Planning

* Two fundamental problems in sequential decision making

e Reinforcement Learning
* The environment is initially unknown
* The agent interacts with environment
 The agent improves its policy

* Planning
* A model of the environment is known

* The agent performs computations with its model
(without any external interaction)

* The agent improves its policy
* a.k.a deliberation, reasoning, introspection, pondering, thought, search
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Exploration and Exploitation

* Reinforcement learning is like trial-and-error learning

* The agent should discover a good policy

* From its experiences of the environment

* Without losing too much reward along the way

* Exploration finds more information about the environment

* Exploitation exploits known information to maximise reward

* It is usually important to explore as well as exploit
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Exploration and Exploitation

Examples
e Restaurant Selection

* Exploitation: Go to your favorite restaurant
* Exploration: Try a new restaurant
* Online Banner Advertisements
* Exploitation: Show the most successful advert

* Exploration: Show a different advert
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Exploration and Exploitation
Examples
* Oil Drilling
 Exploitation: Drill at the best known location
* Exploration: Drill at a new location
* Game Playing
* Exploitation: Play the move you believe is best

* Exploration: Play an experimental move
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Prediction and Control

* Prediction: evaluate the future
*Given a policy
* Control: optimize the future

*Find the best policy



Markov Decision Processes (MDP)
Example: Student MDP
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Generalized Policy Iteration
(GPI)

evaluation

/7N
T V

Improvement

/4% >V %
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Generalized Policy Iteration (GPI)

Any iteration of policy evaluation and policy improvement,
independent of their granularity.

evaluation

ﬂ E q\
74 Q
kgreeW

improvement
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Temporal-Difference (TD) Learning

*SARSA: On-policy TD Control
*Q-learning: Off-policy TD Control



SARSA
(state-action-reward-state-action)
On-policy TD Control

QS Ap) «— QS Ap) + Ry 7 Q(Ser1s A1) - Q(Sp Ay)

S, A
R

S?

A’
SARSA
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Q-learning (Watkins, 1989)
Off-policy TD Control

Q(Sp A — Q(S, Ap) + a[Ryyy +y max Q(Syq, a) - Q(Sy, Ay) |

® oA

Q-learning
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Q-learning and Expected SARSA

® oA

Q-learning Expected SARSA
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Q-learning and Double Q-learning

100% /\ ML
0 0
\ .
75% \\ . B left A right D
\
\
% left \
actions  50%; \ Q-learning
from A
Double
o5k 'Q-learning \\*’\
5"6, ——————————————————————————————————— ~ optimal
1 100 200 300
Episodes

Figure 6.5: Comparison of Q-learning and Double Q-learning on a simple episodic MDP (shown
inset). Q-learning initially learns to take the left action much more often than the right action,
and always takes it significantly more often than the 5% minimum probability enforced by
e-greedy action selection with € = 0.1. In contrast, Double QQ-learning is essentially unaffected by
maximization bias. These data are averaged over 10,000 runs. The initial action-value estimates
were zero. Any ties in e-greedy action selection were broken randomly.
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n-step methods for sate-action value

1-step Sarsa co-step Sarsa n-step
aka Sarsa(0) 2-step Sarsa 3-step Sarsa n-step Sarsa aka Monte Carlo Expected Sarsa

D U U T
I 7T 7.7 1 1
! 1 1]
! bl
SR
? O

I
[
I
[

Figure 7.3: The backup diagrams for the spectrum of n-step methods for state—action values.
They range from the one-step update of Sarsa(0) to the up-until-termination update of the
Monte Carlo method. In between are the n-step updates, based on n steps of real rewards and
the estimated value of the nth next state-action pair, all appropriately discounted. On the far
right is the backup diagram for n-step Expected Sarsa.
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Reinforcement Learning
Actor-Critic (AC) Architecture

N\

Critic

s

\
Policy
N\

Actor
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D
error

{ Environment j«

action
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Reinforcement Learning
Actor-Critic (AC) Learning Methods

Policy
State ~ (Actor) Action

J

 (Critic)

State T Reward

Environment
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Reinforcement Learning Methods

width
of update
Temporal- Dynamic
difference /\(;)rogrammlng
learning O d o)

depth
(length)
of update

? Exhaustive
Ncl;)ar:t; - /' search
(?? ..t/o\;

: oo b

;

Figure 8.11: A slice through the space of reinforcement learning methods, highlighting the

two of the most important dimensions explored in Part I of this book: the depth and width of
the updates.

Source: Richard S. Sutton & Andrew G. Barto (2018), Reinforcement Learning: An Introduction, 2nd Edition, A Bradford Book
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Monte Carlo Tree Search (MCTS)

1 Repeat while time remains I
Selection = Expansion —— Simulation ——» Backup —J

AN N N

VARVAN

Tree Rollout
Policy Policy
|

X

Figure 8.10: Monte Carlo Tree Search. When the environment changes to a new state, MCTS
executes as many iterations as possible before an action needs to be selected, incrementally
building a tree whose root node represents the current state. Each iteration consists of the four
operations Selection, Expansion (though possibly skipped on some iterations), Simulation,
and Backup, as explained in the text and illustrated by the bold arrows in the trees. Adapted
from Chaslot, Bakkes, Szita, and Spronck (2008).
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Monte Carlo Tree Search (MCTS)
MCTS in AlphaGo Zero

a Select b Expand and evaluate € Backup d Play
3 Repeat )
v #

E.  ® A #

B B gL Z IR i AN
 Q+Upfhap 0V (ma;\f;ﬁ ffffffffffffffffffffffffffffffffffffff O/ N\Q. | i & O AL"A TN

(V) =1, v v

--------------------------------------- ;p P \P\ﬁﬁj

202



MCTS in AlphaGo Zero

a Select

a: Each simulation traverses the tree by selecting the edge with
maximum action value Q, plus an upper confidence bound U that

depends on a stored prior probability P and visit count N for that edge
(which is incremented once traversed).
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MCTS in AlphaGo Zero

b Expand and evaluate

b: The leaf node is expanded and the associated position s is
evaluated by the neural network (P(s, -),V(s)) = fq(s); the vector of P
values are stored in the outgoing edges from s.

204



MCTS in AlphaGo Zero

€ Backup

_____________________________________________

c: Action value Q is updated to track the mean of all evaluations
V in the subtree below that action
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MCTS in AlphaGo Zero

d Play

d: Once the search is complete, search probabilities t are
returned, proportional to N/T, where N is the visit count of each
move from the root state and t is a parameter controlling

temperature.
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|
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T
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Reinforcement Learning
Actor Critic ANN

Environment Environment
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Reinforcement Learning

General Dyna Architecture

Vol X
Policy/value

functions

planning update
direct DL S|mulated
experlence odel search
learning control
Model

(Environment)
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Dyna:
Integrated Planning, Acting, and Learning

value/policy

acting
planning direct
RL
model experience
model

learning
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Model-Based RL

value/policy

acting
planning

model experience

“

model
learning
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Model-Free RL
(DQN, A3C)

value/policy

acting
planning direct
RL
model experience
model

learning
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Reinforcement Learning

Algorithms

Deep Reinforcement Learning (DRL)

Dynamic Programming‘

Markov Decision Process
(MDP)

Monte Carlo Method

¥

Q-Learning

TD Learning

Partially Observable MDP
(POMDP)

Actor-Critic Methods

<

Deep Q Network (DQN)

Double DQN

Neural Fitted Q | Deep Recurrent Q
Learning Network (DQRN)

A3C

Rainbow
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Deep Q-Network (DQN)

Q-value

T

Network

N

State Action

Q-value 1

T~

Q-value 2

Network

I

State

Q-value 3
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Reinforcement Learning

with policy represented via DNN

1 Reward r
Agent pnNy  Policy
. Ty(S, a)
Lo
state 7 R -
CRSOSREY Take action a
S ' e

parameter 6

Observe state s

-

Environment
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//
am—

(A3C)

/ Global Network \

A
(& ———
Worker 1 Worker 2

SSSSSS : https://medium.com/emergent-future/simple-reinforcement-learning-with-tensorflow-part-8-asynchronous-actor-critic-agents-a3c-c88f72a5e9f2

—— 37

Worker 3

Asynchronous Advantage Actor-Critic
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.

Worker n
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Training workflow of each
worker agent in A3C

5. Worker q
updates global 1. Worker reset

network with to global
gradients network
4. Worker 2. Worker
gets interacts
gradients with
from losses environment
3. Worker
calculates

value and
policy loss
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FinRL:

A Deep Reinforcement Learning Library for
Automated Stock Trading in Quantitative Finance

Conventional RL Agents =~ DRL Agents

== I-I-l..-

Financial Market Environments

e: Xiao-Yang Liu, Hongyang Yang, Qian Chen, Runjia Zhan qugY ngeX nd Christina Dan Wang (2020). "FinRL: A Deep Reinforcement Learning Library for Automated Stock
Trading in Quantitative Fin arXiv preprint arXiv:2011.09607 (2020).
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Value

FinRL

Deep Reinforcement Learning Algorithms

DQN States Q-value Vo Discrete only Single stock trading Target network, experience replay Simple and easy to use
Double DQN States Q-value Vealoe Discrete only Single stock trading Vs o iderthicat el nebrgark Reduce overestimations
based models to learn
s Value ; < g Better differentiate actions,
Dueling DOQN States Q-value e Discrete only Single stock trading Add a specialized dueling Q head rinovessihe eaning
DDPG ?tate . Qivaiue Actor-critic Eontinuousonly Multiple .stock traFling. Being deep Q-I.earning for continuous | Better at handling high-dimensional
action pair based portfolio allocation action spaces continuous action spaces
A2C State Q-value Actor-critic Discrete and i Advantage function, parallel gradients Stable, cost-effective, faster and
action pair based continuous updating works better with large batch sizes
State Actor-critic Discrete and Improve stability, less variance,
PPO Q ; Q-value i All use cases Clipped surrogate objective function P 5 ty
action pair based continuous simply to implement
SAC ?tate . Q-value ACLOREES o o only MACIIRES .StOCk trafling. Entropy regularization, Improve stability
R action pair based portfolio allocation exploration-exploitation trade-off
t tor-critic ultipl trading, i : i
TD3 ?ta . ; Q-value Aetar Continuous only Mitip e.StOCK ra.d "NE. | Clipped double Q-Learning, delayed Improve DDPG performance
action pair based pOfthIIO allocation policy update, target p°|icy smoothing.
State Actor-critic - Multiple stock trading, - e
MADDPG : ; -value Continuous onl : ; Handle multi-agent RL problem Improve stability and performance
action pair Q based y portfolio allocation . ; & ty .

Source: Xiao-Yang Liu, Hongyang Yang, Qian Chen, Runjia Zhang, Liuging Yang, Bowen Xiao, and Christina Dan Wang (2020). "FinRL: A Deep Reinforcement Learning Library for Automated Stock
Trading in Quantitative Finance." arXiv preprint arXiv:2011.09607 (2020).
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Rainbow: Combining improvements in

deep reinforcement learning

Median human-normalized score

200%

100%

0%

DQN

DDQN

Prioritized DDQN

Dueling DDQN /
A3C

Distributional DQN
Noisy DQN

Rainbow f

| |
44 100 200
Millions of frames

Source: Matteo Hessel, Joseph Modayil, Hado Van Hasselt, Tom Schaul, Georg Ostrovski, Will Dabney, Dan Horgan, Bilal Piot, Mohammad Azar, and
David Silver (2017). "Rainbow: Combining improvements in deep reinforcement learning." arXiv preprint arXiv:1710.02298 (2017).
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A Typical Strategy Development
Workflow

Policy Strat Parameter
—» Development —>» Backteigl‘:l —» Optimization —>»
(By Hand) B (Simulation)

1 | |

Supervised
Model Training

Simulation &

Data Analysis —>» Paper Trading

—>» Live Trading
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Reinforcement Learning (RL) in

Trading Strategies
RL Agent Simulation &
Data Analysis —>» gra'::::g;: —>» Pa;l::'r::lng —>» Live Trading
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Portfolio management system in equity market

neutral using reinforcement learning
(Wu et al., 2021)

S0 stocks x 10 days x OHLC 50 x 10 x 4
: 1
: 1 Normalized
Stock Prices o Input Tensor
: Training : Testing
Data Data
........................... l.----__ ___----l.------_------------y---__
Long RL model Short RL model
~ - ™~
Environmen e Environmen
— iy S A
Weights Weights
(Portfolio) Reward State « tfolio Reward State
- ™~ - ™~
NN Agent NN Agent
Long Portfolio Short Portfolio
Combine
(Half-and-Hal )
EMN Strategy l
EMN
Portfolio
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Deep Reinforcement Learning
Library

*OpenAl Gym
*Google Dopamine
*RLIib

*Horizon

*FinRL



Open Al Gym

RandomAgent on Ant-v2

Gym is a toolkit for developing

and comparing reinforcement

learning algorithms. It

supports teaching agents
everything from walking to
playing games like Pong Episode 12

or Pinball.

RandomAgent on CartPole-v1
View documentation »

View on GitHub » . .
!

https://gym.openai.com/ 224
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Google Dopamine

A
SN

Dopamine is a research framework
for fast prototyping of
reinforcement learning algorithms.

https://github.com/google/dopamine
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Deep Reinforcement Learning
Dopamine Colab Examples
DQN Rainbow

) agents.ipynb B GD SHARE 0

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL ¢} COPY TO DRIVE +/ CONNECTED ~ 2 EDITING A

Table of contents Code snippets Files X

Copyright 2018 The Dopamine Authors.

Dopamine: How to create and train a custom Licensed under the Apache License, Version 2.0 (the "License"); you may not use this file except in compliance with the License. You
agent may obtain a copy of the License at

https://www.apache.org/licenses/LICENSE-2.0

Unless required by applicable law or agreed to in writing, software distributed under the License is distributed on an "AS IS" BASIS,
Necessary imports and globals. WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied. See the License for the specific language
governing permissions and limitations under the License.

Install necessary packages.

Load baseline data

Example 1: Train a modified version of DQN

~ Dopamine: How to create and train a custom agent

Create an agent based on DQN, but

choosing actions randomly. This colab demonstrates how to create a variant of a provided agent (Example 1) and how to create a new agent from scratch
(Example 2).
Train MyRandomDQNAgent. Run all the cells below in order.

Load the training logs.
[ 1 Install necessary packages.

Plot training results.

[ 1 Necessary imports and globals.
Example 2: Train an agent built from scratch.

BASE_PATH: '/tmp/colab_dope_run'

Create a completely new agent from

scratch. . .
GAME: 'Asterix

Train StickyAgent.

Load the training logs. [ 1 Load baseline data

https://colab.research.google.com/github/google/dopamine/blob/master/dopamine/colab/agents.ipynb 226
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RLlib:

Scalable Reinforcement Learning

Examples
Tune API Reference

Contributing to Tune

RLLIB

RLIlib: Scalable Reinforcement
Learning

RLIib Table of Contents
RLIlib Training APIs
RLIib Environments

RLlib Models, Preprocessors, and
Action Distributions

RLIib Algorithms

RLlib Sample Collection and
Trajectory Views

RLIlib Offline Datasets

RLIib Concepts and Custom
Algorithms

RLIib Examples
RLlib Package Reference

Contributing to RLIib

RAY SGD

RaySGD: Distributed Training

¢« N )

RLlib: Scalable Reinforcement Learning

RLIlib is an open-source library for reinforcement learning that offers both high scalability and a
unified API for a variety of applications. RLIlib natively supports TensorFlow, TensorFlow Eager, and
PyTorch, but most of its internals are framework agnostic.

OpenAl Multi-Agent / Policy Offline —
Gym Hierarchical Serving Data } (1) Application Support
Custom Algorithms RLIib Algorithms

(2) Abstractions for RL

To get started, take a look over the custom env example and the APl documentation. If you're
looking to develop custom algorithms with RLIib, also check out concepts and custom algorithms.

RLIib in 60 seconds

The following is a whirlwind overview of RLIib. For a more in-depth guide, see also the full table of
contents and RLIib blog posts. You may also want to skim the list of built-in algorithms. Look out for
the 1F and O icons to see which algorithms are available for each framework.

https://docs.ray.io/en/master/rllib.html

Contents

RLIib in 60 seconds

Running RLIib
Policies

Sample Batches
Training
Application Support

Customization
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Hands-On Machine Learning with
Scikit-Learn, Keras, and TensorFlow

Notebooks

1.The Machine Learning landscape

2.End-to-end Machine Learning project

3.Classification

4.Training Models

5.Support Vector Machines

6.Decision Trees

7.Ensemble Learning and Random Forests
8.Dimensionality Reduction

9.Unsupervised Learning Techniques

10.Artificial Neural Nets with Keras

11.Training Deep Neural Networks

12.Custom Models and Training with TensorFlow
13.Loading and Preprocessing Data

14.Deep Computer Vision Using Convolutional Neural Networks
15.Processing Sequences Using RNNs and CNNs
16.Natural Language Processing with RNNs and Attention
17.Autoencoders, GANs, and Diffusion Models
18.Reinforcement Learning

19.Training and Deploying TensorFlow Models at Scale
https://github.com/ageron/handson-mli3

OREILLY’ &%

Hands-On Y
Machine Learning
with Scikit-Learn,
Keras & TensorFlow

Concepts, Tools, and Techniques
to Build Intelligent Systems

........
e

Aurélien Géron
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https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/02_end_to_end_machine_learning_project.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/03_classification.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/04_training_linear_models.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/05_support_vector_machines.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/06_decision_trees.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/07_ensemble_learning_and_random_forests.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/08_dimensionality_reduction.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/09_unsupervised_learning.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/10_neural_nets_with_keras.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/11_training_deep_neural_networks.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/12_custom_models_and_training_with_tensorflow.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/13_loading_and_preprocessing_data.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/14_deep_computer_vision_with_cnns.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/15_processing_sequences_using_rnns_and_cnns.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/16_nlp_with_rnns_and_attention.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/17_autoencoders_gans_and_diffusion_models.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/18_reinforcement_learning.ipynb
https://github.com/ageron/handson-ml3/blob/9bd4f4c23a55a50f3f4b511158ac257e477343fd/19_training_and_deploying_at_scale.ipynb
https://github.com/ageron/handson-ml3

Papers with Code
State-of-the-Art (SOTA)

[|||||] Search for papers, code and tasks "\ |22 Browse State-of-the-Art %W Follow 4 Discuss Trends About Log In/Register

Browse State-of-the-Art

122 1509 leaderboards « 1327 tasks « 1347 datasets « 17810 papers with code

Follow on W Twitter for updates

Computer Vision
X (sl .
Semantic ‘,:,',:‘52 Image " Object Image Pose
Segmentation e — Classification Detection Generation & Estimation
&2 33 leaderboards &2 52 leaderboards 122 54 leaderboards &2 51 leaderboards &2 40 leaderboards
667 papers with code 564 papers with code 467 papers with code 231 papers with code 231 papers with code

» See all 707 tasks

Natural Language Processing

Machine Language Question Sentiment =——— Iext
Translation Modelling Answering Analysis E Generation

https://paperswithcode.com/sota
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Summary

* Deep Learning (DL)
* Neural Networks (NN)
* Convolutional Neural Networks (CNN)
* Recurrent Neural Networks (RNN)
* Reinforcement Learning (RL)
* Markov Decision Processes (MDP)
* Deep Reinforcement Learning (DRL) Algorithms
* SARSA
* Q-Learning
 DQN, A3C, Rainbow
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