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Syllabus A<,

National Taipei University

Week Date Subject/Topics

1 2026/02/24 Introduction to Artificial Intelligence in Finance and
Quantitative Analysis

2 2026/03/03 Al in FinTech: Metaverse, Web3, DeFi, NFT, Generative Al
and Agentic Al for Financial Innovation Applications

3 2026/03/10 Investing Psychology and Behavioral Finance

4 2026/03/17 Event Studies in Finance

52026/03/24 Case Study on Al in Finance and Quantitative Analysis |
6 2026/03/31 Finance Theory and Data-Driven Finance



Syllabus A\,

National Taipei University

Week Date Subject/Topics

8 2026/04/14 Midterm Project Report
9 2026/04/21 Financial Econometrics
10 2026/04/28 Al-First Finance

11 2026/05/05 Industry Practices of Al in Finance and
Quantitative Analysis

12 2026/05/12 Case Study on Al in Finance and Quantitative Analysis Il
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National Taipei University

Week Date Subject/Topics

13 2026/05/19 Deep Learning in Finance;
Reinforcement Learning in Finance;
Generative Al and Agentic Al in Finance

14 2026/05/26 Algorithmic Trading;
Risk Management;

Trading Bot and Event-Based Backtesting
15 2026/06/02 Final Project Report |

16 2026/06/09 Final Project Report Il
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Artificial Intelligence

(Al)



Al, Big Data, Cloud Computing
Evolution of Decision Support,

Business Intelligence, and Analytics
Al

Al Cloud Computing Big Data
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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 ) )




Al, ML, NN, DL

~
ARTIFICIAL INTELLIGENCE (Al)
~
MACHINE LEARNING (ML)
Human
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Al, ML, DL, Generative Al

ML

DL

Al

GAl

ASR/
NLP

Artificial Intelligence

Machine Learning

Automatic Speech Recognition,

Natural Language Processing

Generative Al
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Generative Al, Agentic Al, Physical Al

Perception Al

Speech recognition

Deep recommender systems
2012 AlexNet === Medical imaging

Deep learning breakthrough

Generative Al

Digital marketing
Content creation

/

f

Physical Al

Self-driving cars
General robotics

Agentic Al

Coding assistants
Customer service
Patient care

d

y 4
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Generative Al

Computing

Generative Al

Data Algorithms



Generative Al, Agentic Al, Physical Al

New Economic

Paradigm Shift:
From Creation
to Execution

Physical Al

(Actuation)
Real-world
Interaction & Execution

Autonomous
Synergy

Agentic Al
(Orchestration)
Workflow &
Decision
Automatio

Generative Al

(Creation)
Content & Idea
Synthesis
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The Future of Al

From Tools to Agents:
The Rise and Autonomy of Agentic Al

AGI

(Artificial General
Intelligence)

Narrow Al Agentic Al

(Autonomous
System)

(Tool)

Goal-Oriented Behavior,

) Autonomous Decision-Making,
Content Generation Multi-Step Workflows, to Future AGI

Executes Specific Tasks, Connecting Multimodal GenAl

Self-Improvement within Parameters



Modular Modalities

Where Can The Transformer it?

ANIMATION

MOLECULE

PROTEIN

PROTEIN

MOLECULE

ANIMATION
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From Generative Al to Agentic Al

Generative Al
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Generative Al (Gen Al)
Al Generated Content (AIGC)

Unimodal
( Data J
i Pre-train .
\/ \ Once upon a time,
Please write a Prompt . Decode there was a cat
Jessy....
Multimodal
D.escribe this ( Instruction I, [ Data J Result R, ] This is a cat.
v picture. %o I
% i Pre-train -
Draw a picture . . Prompt _ ,[
of a cat. (Unstruction I, } Generative Al Models Ll
|\
Q@&Q 4

write a song ( Instruction I, Result R, ) '|II||'|'

about a cat.
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Intelligent Agents Roadmap

AABAC—Action 1
AABAD—Action 2
BACAE—Action 3

-----------

.

l l 44 Large Model-based Agent

AGI Agent b b
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Al Agents

* Traditional Al Agents * Evolution of Al Agents
* Simple reflex agents * LLM-based Agents
 Model-based reflex agents * Multi-modal agents
* Goal-based agents * Embodied Al agents in

« Utility-based agents virtual environments

* Learning agents * Collaborative Al agents



Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“.. the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)



Artificial Intelligence

“... technology that
thinks and acts
like humans”



Artificial Intelligence

“... intelligence
exhibited by machines
or software”



4 Approaches of Al

Thinking Humanly

Thinking Rationally

Acting Humanly

Acting Rationally

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

3.
2. . .
Thinking Humanly: Thinking Rationally:
.. The “Laws of Thought”
The Cognitive Approach
Modeling Approach
1. 4.
Acting Humanly: Acting Rationally:
The Turing Test The Rational Agent
Approach s Approach

SSSSSS : Stuart Russell and Peter Norvig (2020), Artificia

IIIIIII igence: A Modern Approach, 4th Edition, Pearson
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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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Al and Big Data Analytics (BDA

The third generation BDA
o Brain-like intelligence model
Interpretable algorithms

Combining symbolism and
connectionism

Knowledge and big data

The second generation BDA

e High-quality big data

e Machine learning model

The first generation BDA : .
; ) e Deep learning algorithms
e Disordered internet data

o Simple statistic
algorithms

* |

2 2009:

) ImageNet:A Large-scale
--=°-° 4 Image Database

2} |

g 1950 1975:1" Genetic | 1997: il

i i 1975:1* Genetic 1987:F : Deep Belief

3 Test-can - Algorithm | jogiobased | Hybrid Al Net
b= Machine Think Al System :

= 1951: 1 A .

< . ‘ 1998: Since 2002:
- 15t Neuron I8 ANIN 1982:Hopfield  Gradient-based DNA

5] Computer Learning e ent- . :
g 1943 I [ ‘ — o

= z

5 i, ‘ 1986:

= Binary:ANN | g :

£ S 1976:MYCIN | B

= | ’ and start of DAT

= . |

bt I Learning

g | i

g - _ | AI Winter Al becomes a science |
2 I 1 ;
o 1950 1960 1970 1980 1990 2000 2010 Time

Source: Wang, Junliang, Chugiao Xu, Jie Zhang, and Ray Zhong (2022). "Big data analytics for intelligent manufacturing systems: A review." Journal of Manufacturing Systems 62 (2022): 738-752.
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FinTech



Financial Technology
FinTech

“providing
financial services
by making use of

software and
modern technology”



Financial
Technology




Financial
Services




FinTech: Financial Services Innovation

N\arket Provisioning

Crypto P2P FX
Currency

Emerging Payment Rails

Mobile Money

Artificial Streamlined
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' Machine Machine
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Leamning Readable News
1
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\
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Advanced
Algorithms
Cloud-

Computing  Capability

Sharing
Process

Externalisation

Automated Advice & Open Source
Management L
Empowered
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Social
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Retail Algorithmic
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FinTech:

Financial Services Innovation

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



FinTech: Payment

- -
-
—_

P2P FX

Crypto
Currency

Emerging Payment Rails

Mobile Money
N N
\
/, D \
/
/ lntgﬁhr:ted Mobile \\
& g Payments Sy
/ \
Cashless World i
Artificial Streamlined
" Intelligence / Payments
' Machine Machine , s
: Learning Readable News 3 /
()] = Strategic Rolel,
c Streamlined Smarter, Faster &) ;J)a g
c Infrastructure Machines 354
O \
Ty \ Social Sentiment Y
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FinTech: Insurance

Sharing  Autonomous
Economy  Vehicles

Insurance Disaggregation

| Digital -
Distribution Securitization \
| and Hedge .
| Funds \
Internet of Advanced " . q
‘ Things Sensors \‘
Niche,
i Connected Insurance “ Specialized
e Computers ¥ J \
N \ ; X
\ ' ! \
| v |
----- \
\
R . Virtual
| \ Technologies
| \
~ '\ Mobile

Source: http://www3.weforum.org/docs/WEF_The_future__of financial_services.pdf
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FinTech: Deposits & Lending

Funds \
Internet of Advanced
Things Sensors \
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FinTech: Capital Raising

I

Virtual Exchanges

\ LTHIUINY : Shiting
|\ Customer
|| Alternative : Preferences
' Adjudication \
' I
Reduced =--- 2 \ : Third-
Intermediation ~ 3 Party
/ \\ I Apl
|
| ! /
\ & Smart Contracts I ,/
BB /
B //
i ] . ‘
Crowdfunding LY 5 s
gl 5" !
Alternative Due " Customcr 7
Diligence ' ,/77/.>onverme/lt/
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FinTech: Investment Management

> Market Information
Platforms

New
Market Platforms
Automated Data

l Advanced
: Collection & Analysis Algorithms
: Cloud-
Automation of Computing Capability
High-Value ,~ PN Pl Sharing
Activities . =
- Externalisation
\
\
Automated Advice & Open Source
Management I
Empowered
Investors

Social
Trading

Retail Algorithmic
Trading
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FinTech: Market Provisioning

warket Provisioning

/

I
I
I
I

|
Streamlined

Artificial
Intelligence /
Machine
Learning

Infrastructure

Automation of
High-Value ,~
Activities

Market Information
Platforms
New
Market Platforms

Automated Data
Collection & Analysis

legrated  ope %
9 Payments ¥
\
Cashless World
Streamlined
Payments

Machine
Readable News

. /
N\ /

5 Strategic Role

Smarter, Faster of Dt

Machines
Social Sentiment e
Big Data

Advanced
Algorithms

Cloud-
Computing Capability

B < Sharing
‘ Process

Externalisation
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Deep learning for financial applications
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Deep learning for financial applications:
Topic-Feature Heatmap

price data -

technical indicator

index data

market characteristics
fundamental

market microstructure data
sentiment

text

news

company/personal financial data
macroeconomic data

risk measuring features
blockchain/cryptocurrency specific features
human inputs

35

Cll [ IGINIMIEDIE © © © m © O N~ ©® N O Ul

P NP B ODNPFEF O W

N
=

risk assessment -F=RN=JN IR N]

O O NN UL O N O WON O O O

fraud detection

IUIIANEREGEIGENIE © © © © VN © W © © N © © N &

=
(@]

asset pricing and
derivatives market

O 0O o0OoOoOKrHr OFrHr OO W uwvuoH®r

cryptocurrency and

O OO O OO O F P O OO &N

blockchain studies

financial sentiment

analysis

financial text mining LN I=I=R«RNN

-35

- 30

44



Deep learning for financial applications

Topic-Dataset Heatmap

Stock Data
Index/ETF Data -
Cryptocurrency

35

Forex Data
Commodity Data

Options Data
Transaction Data

News Text

Tweet/microblog

Credit Data
Financial Reports

Consumer Data
Macroeconomic Data
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Financial time series forecasting with deep learning
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Stock Market Movement Forecast:
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 i
Processing E>
Unstructured Inputs Decision Tree Fuzzy F-Measure
Economic Indicators ANN Genetic Algorithms
pCA Return
Market Information Rough Sets
Order Reduction

&

Technical Indicators

Structured Inputs
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COLLECTING DATA

Target Variables

= Total emissions

= Scopel, Scope?2 and
Scope 3 emissions

Predictors

= Scale of operations

= Businessmodel

= Technology
advancement

= Energy factors

= Environmentalfactors

Data source

= Thomson Reuters Eikon
= WorldBank

= |EA

PRE- PROCESSING DATA

Prefilter low quality data
= |Insufficient predictors
= Abnormaltrends

Data-transformation
= Log transformation

Outliers
= Remove outliers
= Winsorise outliers

Missing values

= List-wide deletion

= |mputationwith
historical dataand
peer groups

MODELEVALUATION

Hold-out folds . Training folds

Double 10-Fold
division for base-
learners and meta-
learners

00000
0000

PREDICTOR SELECTION
Classification

= GICS Sector

= GICS Group

= NAICS Sector

= Reclassified NAICS Sector
= Reclassified GICS Group
Firm characteristics

= GBB model

= GLS model

= Combined madel

= Extended model

= Step-wise model
Environmental factors

= Carbonlaw

= Countryincome group
Energy

Fiscal Years

0000
L ] JOX |
L JoI X

o X X

PREDICTION MODEL

BUILDING BASE-LEANERS
Linear models

= OLS

= ElasticNet

Non linear models
= Neural Network
= K Nearest Neighbours

Decisiontree ensembles
= Random Forests
= Extreme Gradient

Boosting

|

Modelling Strategy to Forecast Carbon Emissions with Al

BUILDING META-LEARNERS
Simple combination

= Arithmeticmean

= Median

Stacked generalization
= Meta OLS

= Meta ElasticNet

= Meta XGB

Hyper-parameter optimization metrics
= Mean Absolute Error (MAE)

Main Evaluation metrics:

= Mean Absolute Error (MAE)

= Wilcoxon Signed-Rank test
Robustness Tests

= Alternativemeasures (MAPE, PPAR)
= Testof percentileranking, mean difference and SP500

membership subgroup
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The Research Framework

Do clean energy indices outperform using contrarian strategies

(1)

Investing targets

(2)

Trading rules

S&P
clean energy index

SOl trading rules

(3)

Trading signals

NASDAQ
clean energy index

RSI trading rules

Oversold signals

(4)

Performance measured

Overall performance
- Short and long HPRs

BB trading rules

Overbought signals

Quarterly performance
- Short and long HPRs
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Metaverse
Web3
DeFi
NFT




Birth of the
Internet

S
&

in Snow Crash

Meta Platform
(formerly known
as Facebook)

2
0N

&

Microsoft
Mesh

Term "metaverse"

Metaverse Development
from 1991 to 2021

Proof of work

Virtual game with
training and
trading creatures

oy
XiE,

INFINITY

\1// seconp

\® LIFE

Z

Online virtual
world

Digital
Twins

-
T

Decentralized
Autonomous

m Organization

Multiplayer game DA
and social hub

Creative Blockchain
grame technology
D
Bitcoin 22@12
R.ILIX \®/
VR in novel @ Ready
player one
NFT - non- = ‘
fungible token =
Oculus - VR
hardware
° : Decentraland ‘

Pokemon GO @ Ethereum

network
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Web3: Decentralized Web
Internet Evolution

Web 1.0

1900s—-2000

Static read-only
web pages

a, T P
O—>Q<—O
of ! o
msnY’

A . &,
=
1990

Web 2.0 Web 3.0

2000s—-2020s 2020s-?
Information-centric User-centric,
and interactive decentralized, private,
and secure
NETFLIX
00 C e
Meta c L , CONSENSYS
-’-f:.'aﬁ azon b
1y wc!g'servi?es @ rave
2000 2020
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Metaverse Economy

|
|
|
| ¥ 4
I
|
|

I 1 Providing
Goods

. v
: _—
Property
Consumer >
*Manufacturer

Currency (e Digital
l Digital ) Asset
Currency
Assurance/ é Iy :
Supervision [ 5y Digital Market

Conventional Economy

Metaverse Economy /

53



Blockchain in the Metaverse

Data Privacy

L & @ £ ok

Authentication ~ Anonymity Anti-tempering  Audits Access Control

A
Third party applications ; TPrivate key & public key

Data Acquisition @) Data Inteoperability
e o g
: I I
m LA B
© i .
AR/.VR Haptic o Block chain Security Crosscham&T;chn(_)rlog); Payments
Devices Gloves & specific validatio \oohaniom
=
. S < 2 Metaverse ) "
() s 5 oD $J
e C 3 -----------
de— B oo 5 Diversified NFT
gy U=l 2 , £ % Programming &
Devices S Requires 3 Smart Contract /'-h
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| = g
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Smart loT Estate
Glasses Devices P
(] 0‘3
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Blockchain
for Key Enabling Technologies of the Metaverse

N—A» D Real-time sensory data
¥ ~——4 from different devices 8 =8
RAS
8=8
loT

Historical data, sensory

- ;' data, and models

User input, real-time and
historical data

&

Multiple data sources
. g8 "M &

Bi

Speech, eye tracking,
® gesture, VR/AR

Digital Twins

Immearuable
range of tasks .

Categorized data ’

Immersive
experience

(&)

Security

o

Traceability

> B3

' /I E Immutability
:I 0%¢c
0(;@00

(o]
Decentralized

- &

Metaverse

) 2
lockchain

’ \=
' 8:0
Smart contract
e

2 ‘A
Consensus
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Fusion of Al and Blockchain in Metaverse

Rospary

Virtual world
establishment

' { A N\
[ Digital Creation }[ Digital Asset }[ Digital Currency J[Digital Market}

/ Performing / \
analytics, making
decisions R

Artificial Intelligence : T —— Blockchain
G ~/  Privacy,and K >

Explainability

<= Enhance and Up;rade Cities

Authentication




DeAl:

Synthesizing On-device Al, Edge Al, and Cloud Al

e Tr AT Pipelining
Qrchestration Caching

Source: Cao, Longbing (2022). "Decentralized ai: Edge intelligence and smart blockchain, metaverse, web3, and desci." IEEE Intelligent Systems 37, no. 3: 6-19.
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Source: Cao, Longbing (2022). "Decentralized ai: Edge intelligence and smart blockchain, metaverse, web3, and desci." IEEE Intelligent Systems 37, no. 3: 6-19.



The difference between AR, MR, and VR
under the umbrella of XR

XR VR MR AR

Extended Reality
Virtual Reality
Entire experience Mixed Reality

sppctr?m ?’?Im fUHI)’ ~ User is completely Augmented Reality
virtual to tully rea immersed into a virtual ,
world Environment aware

2D/3D content is overlaid Non-environmgnt aware
onto the physical space 2D/3D content is overlaid

onto the physical space

) mBe=

OS5 B & , \ AR

mf@E @J ® an ., :‘ " T
ﬂ_ LVR 2 .,O‘E

® A T
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Computer vision in the metaverse

with scene understanding, object detection, and human action/activity recognition

Scene: garden human, watering
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A Blockchain-based loT Framework
with ML to enhance security and privacy

( B
N
25
< - User 1  User 2 Userk UserN Platform
£ T . e e ._) Real Time Data
£ § ; ol IE‘Z’E;J : Analytics | | Analytics
<& 2% _ '
© = | Smart Contract Server Chain Network |! \/
s : ..
i | e v Data Acquisition Layer
a9 ma ma - arket| |,
> . . .
3 ][Home][w"-ty][Comfo'][mace] | :
S 0 1 5 0 B S 2 Pre-processing
i — v
.d:) = l . Leo p’ ((( N ))) - Machine
52 - 5 Learning Model
) Smart Smart Smart Smart Smart 1
e} Phone Watch TV  Camera Sensor 18
1 - Import Trained Model to Cloud Evaluation Phase

2 - Trained Model for Access Layer .- 2 )



5G and beyond for Metaverse Services

Al with ML algorithms and DL models contribute in multi-level tasks

Network-level tasks
Routing
7o Handover
- o Network slicing

Central server

Centralized control plane
W

’/ ) ~
.............. P iy g g
] ~

’

) _ Optimize resource
Base station (BS) with caches

N and edge servers )
A A A
Y Y Y
4 .=~ User-level tasks
(’ @ @ Predict traffic
' \ L1yt / Q’@ Estimate mobility

i i : s Detect anomaly
Devices with processing capability

for users to experience in the
e metaverse P,

a3 "\ BS-evel tasks \
(€)40) (DRE) (@RE) | control user access PP '
Design scheduler K

o

ML algorithms /
DL architectures

<P 1
ol

7

S

» Learning models for
detection, classification,
and regression
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A Data-Driven Digital Twin Architecture

for intelligent healthcare systems using ML to process raw data of loMedicalThings devices

Digital Twin Architecture

¢ . Data
B > Z
Cleaning Preprocessing ATl s
A
A 4
: Machine
Representation —> :
& Iea'l“ng Smart System
Storage
Raw Data Resu:llt
Repository

Repository

A)
ck Gy,
Raw result - %es‘)\& s Feeo’b
Data < '90,(,
4 2N

N s
SE:R

@ Monitoring B T
i < > i 2 Digital twins
DEviEe Feedback =

loMT
) . Healthcare o ,
| Physical Twin | _ Professionals \Slmllar-case Patients
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Brain-Machine Interfaces (BMiIs)

for processing neural signals and responding neural stimulations

U20  Neural activity
@s generation
User in si
Brain signals
feedback / Stimulatioz\\

Neural data
licati acquisiton flow Data
Ag‘i’g;sit"gf @ acquisition &
c#.b Neural R, stimulation
stimulation flow
Acquisition Stimulation Firing Raw data
action action pattern
Stimulation
model o))
Data

AN Pattern — =M
&l/ recognition < Q‘n’ preprocessing

Fine data



Al for the Metaverse in the Application Aspects

healthcare, manufacturing, smart cities, gaming
E-commerce, human resources, real estate, and DeFi

E-commerce

Development of virtual stores

Shopping experience improvement
Personalizing customer experience

Shopping behavior analysis and understanding

Physical activity recognition

Sensor-based fall detection

Lesion segmentation in breast image
Non-rigid heart motion estimation

Living assistance and risk awareness
Virtual health centers and hospital
Treatment planning and educative training

Shortening product lifecycle

Machine condition supervision

Fault detection and diagnosis

Production line optimization
Manufacturing scalability and compatibility
Make-to-order manufacturing enterprise
virtual entities for operating transparency

DefFi Human Resource

Virtual job fairs

Immersive recruitment experience

Revolution of working style and workplace
Virtual meeting platform supporting metaverse

Cryptocurrency-based financial platform
Leaning, borrowing, farming, and staking
Decentralized exchange and application
Trading products and NFT using crypto

Metaverse's |
Applications

Console, mobile, and PC gaming platforms
Al-assisted game store telling

Procedural content creation

Tactical planning for Al agent

Immersive gamming experience evaluation
Al-aided gaming developing optimization
Realistic player-NPC interaction

Intelligent transport system

Smart community portal

Video-based surveillance system
Collaborative home appliances control
Smart environmental trackind and awareness
Sustainable green agriculture

Virtual replication in metaverse ecosystem

Real Estate

virtual land investment in the metaverse

Land and house for trading

NFT-associated real estate in virtual worlds

Cost-efficient marketing channel for real estate companies
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Blockchain-Registered:
Crypto, Collectables, and Art.

| Fungible | | Non-Fungible |
m Crypto Collectable Fine Art
.
Currencies
(/f"\\ |
w s Funds
Digital ‘
Artistic
A v\ Investment [~ "=~ Aesthetic
Y =X
W |

-

T CryptoPunks
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Combination of Web3 with other Technologies

Ny

Quantum

P—

Security

e ,
loT

. Web3 - Assisted loT

Security

Quantum
Secure loT

Quantum

Quantum - Inspired Al -Supported Secure Web3 Assisted loT
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Decentralized
Finance
(DeFi)

Block Chain FinTech




Decentralized Finance (DeFi)

* A global, open alternative to the current financial system.
* Products that let you borrow, save, invest, trade, and more.

* Based on open-source technology that anyone can program
with.
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Traditional Finance
Centralized Finance (CeFi)

* Some people aren't granted access to set up a bank account or use financial
services.

* Lack of access to financial services can prevent people from being employable.
* Financial services can block you from getting paid.

* A hidden charge of financial services is your personal data.

* Governments and centralized institutions can close down markets at will.

* Trading hours often limited to business hours of specific time zone.

* Money transfers can take days due to internal human processes.

* There's a premium to financial services because intermediary institutions need
their cut.
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DeFi vs. CeFi

Decentralized Finance (DeFi)

You hold your money.

You control where your money goes and how
it's spent.

Transfers of funds happen in minutes.

Transaction activity is pseudonymous.

DeFi is open to anyone.

The markets are always open.

It's built on transparency — anyone can look at a
product's data and inspect how the system
works.

Traditional Finance (Centralized Finance; CeFi)

Your money is held by companies.

You have to trust companies not to mismanage
your money, like lend to risky borrowers.

Payments can take days due to manual
processes.

Financial activity is tightly coupled with your
identity.

You must apply to use financial services.

Markets close because employees need breaks.

Financial institutions are closed books: you
can't ask to see their loan history, a record of
their managed assets, and so on.



(DeFi)
Decentralized Applications (Dapps)

* Ethereum-powered tools and services

* Dapps are a growing movement of applications that use
Ethereum to disrupt business models or invent new ones
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The Internet of Assets

* Ethereum isn't just for
digital money.

e Anything you can own can be
represented,
traded and
put to use as
non-fungible tokens (NFTs).

Source: https://ethereum.org/en/defi/
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Financial
Services




Technology
Innovation



FinTech Innovation
FinTech high-level classification

Lending

~N

-

Profile

~N

s

N

-

~N

-

Robo
Payments . Analytics Others
y Advisors Y
\\§ 4 \\ J \\§ 4 \\§
Advice Re-Balance Indexing
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Generative Al and
Agentic Al

for
Financial Innovation
Applications




Generative Al for Financial Innovation
Applications

*Security & Compliance
* Personalized Financial Services
*Trading & Investment

* Customer Service & Operations
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Technology-driven
Financial Industry
Development




FinBrain: when Finance meets Al 2.0

(Zheng et al.. 2019)

Wealth Smart customer

' Business securit ‘ Blockchain
Risk management y service

management

oo T o e e

TR NI et s

Financial
Intelligence
: Combinatorial : : " Face Speech
Algorithms - optimization recognition recognition
and models : :
Machine v Reinforcement Transfer Knowledge
learning P 9 learning learning graph
T
Financial
big data

Business platform (electricity | Government agencies (social security, Eandanatitons

Media websites : i = : : gy
! supplier, payment, financial |civil affairs, public security, industry and .
forums ... management ... ) commerce, taxation, court ...) (bank, insurance ...)

Source: Xiao-lin Zheng, Meng-ying Zhu, Qi-bing Li, Chao-chao Chen, and Yan-chao Tan (2019), "Finbrain: When finance meets Al 2.0."
Frontiers of Information Technology & Electronic Engineering 20, no. 7, pp. 914-924
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Al 2.0

a new generation of Al
based on the
novel information environment of
major changes and
the development of

hew goals.



Technology-driven
Financial Industry Development

Development | Driving Main landscape |Inclusive | Relationship

stage technology finance between
technology
and finance

Fintech 1.0 Computer Credit card, ATM, Low Technology as a

(financial IT) and CRMS tool

Fintech 2.0 Mobile Marketplace Medium Technology-

(Internet finance) Internet lending, third-party driven change

payment,

crowdfunding, and
Internet insurance

Fintech 3.0 Al, Big Data, Intelligent finance High Deep fusion
(financial Cloud
intelligence) Computing,

Blockchain



Artificial Intelligence in the Financial Markets

Big Financial
Payment Service
providers have
data

Credit scoring

for microfinance Banks have data

Analytics

Artificial
intelligence

Wealth
management
algorithms

Big technology
firms

for financial
markets

Have data and
analytics

Have data and
analytics

Niche Fintech
startups

Have analytics
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Al in Managerial Blind Spots:
Unknown Knowns and Unknown Unknowns

Do | know?

Yes

ERP, CRM, MIS,

Data Science &

Yes Transaction Business
Processing Systems Intelligence
Do | know
whether |
know?

Data Mining &
No Supervised
Machine Learning

Big Data &
Unsupervised
Machine Learning
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Generative Al for Financial Innovation

*Security & Compliance

* Fraud detection using synthetic data

* Al Risk Decisioning with knowledge fabric & natural
language interfaces

* Risk management through economic scenario
simulation

* Automated regulatory compliance monitoring
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Generative Al for Financial Innovation

* Personalized Financial Services

* Custom financial planning & investment
recommendations

* Intelligent budgeting with predictive expense analysis

* Lifestyle-based financial guidance
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Generative Al for Financial Innovation

*Trading & Investment
* Advanced algorithmic trading strategies
* Finance-specific Large Language Models (LLMs)

* Multi-agent frameworks with layered memories
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Generative Al for Financial Innovation

* Customer Service & Operations
« 24/7 Al chatbots and virtual assistants
* Automated financial reporting
* Earnings call analysis
* Data-driven market research

* Portfolio performance optimization
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Generative Al Financial Risk Agents

[1]

Generative Al for credit
evaluation

Al risk management
frameworks

Generative Al for
operational risk

20% reduction in
loan default rates

25%
improvement in
risk model
accuracy

30% reduction in
operational
inefficiencies

Limited
explainability of
models

Insufficient focus
on real-time risk
assessment

Lack of
generalization
across financial
domains

Develop
interpretable Al
models for credit
scoring

Real-time,
adaptive risk
frameworks

Cross-domain
adaptable risk
models

89



Generative Al Investment Risk Agents

Model/Approach Key Findings

: . ... Scalable Al
Collaborative Al-agent , , Limited scalability
15% increase in ROI frameworks for
framework for large datasets | .
big data
Lack of robustness Develop robust
Multi-agent stock 20% improvement in P
. . under market models for
prediction system prediction accuracy

volatility dynamic markets

Source: Satyadhar Joshi (2025), "A literature review of gen Al agents in financial applications: Models and implementations." Available at SSRN 5133985
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Generative Al Fraud Risk Agents

Model/Approach Key Findings

e A G el Oadeerse iy | (ST R pel

. » new fraud for evolving fraud
detection false positives .
patterns tactics
Al for SEC filing 92% accuracy in Over-reliance on Integrate real-

irregularities fraud detection historical data  time data sources

Source: Satyadhar Joshi (2025), "A literature review of gen Al agents in financial applications: Models and implementations." Available at SSRN 5133985 91



Generative Al Stock Market Agents

L Extend to small

Multimodal trading Al  12% increase in application to .
: . cap and emerging
agent profit margins small-cap
markets

markets

Focused oh Investigate multi-
Multi-agent market Price stabilization, . agent

single-agent

interactions in
real-time

model reduced volatility . .
interactions

Source: Satyadhar Joshi (2025), "A literature review of gen Al agents in financial applications: Models and implementations." Available at SSRN 5133985
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Generative Al Customer Support Agents

Limited Personalized
Generative Al-powered 35% reduction in personalization in support using
support agents response time customer customer

interactions behavioral data

: : A '
50% increase in et siEieEes

Executive strategies for Limited adoption for small and

customer : )
Al agents in SMEs medium

satisfaction .
enterprises

Source: Satyadhar Joshi (2025), "A literature review of gen Al agents in financial applications: Models and implementations." Available at SSRN 5133985
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Green Finance
and
Sustainable Finance




ToAplc

Evolution of Sustainable Finance Research

SDGs: SDGs

SUSta i na ble Develo pment Goa IS Innovative Financial Instrurr.\ent
Impact Investing

ESG: Environmental, Social, and Governance
CSR: Corporate Social Responsibility
Conscious Capitalism
Climate Financing
Carbon Financing
Green Financing
Ethical Investing
Socially Respcl)nsible Investing

1986

1995 2005 2015 2020
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Source: Folke, Carl, Reinette Biggs, Albert V. Norstrom, Belinda Reyers, and Johan Rockstrom. "Social-ecological resilience and biosphere-based sustainability science.”Ecology and Society 21, no. 3 (2016).
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ESG to 17 SDGs \"m
ENVIRONMENT SOCIAL GOVERNANCE
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Source: Henrik Skaug Szetra (2021) "A Framework for Evaluating and Disclosing the ESG Related Impacts of Al with the SDGs." Sustainability 13, no. 15 (2021): 8503. 98



ESG to 17 SDGs

B Environment ™ Social ™ Governance

1: End Poverty

2: Zero Hunger

3: Good Health and Well-Being

4: Quality Education

5: Gender Equality

6: Clean Water and Sanitation

7: Affordable and Clean Energy

8: Decent Work and Economic Growth

9: Industry, Innovation, and Infrastructure
10: Reduced Inequalities

11: Sustainable Cities and Communities
12: Responsible Consumption and Production
13: Climate Action

14: Life Below Water

15: Life on Land

16: Peace, Justice, and Strong Institutions
17: Partnerships for the Goals

Source: https://sustainometric.com/esg-to-sdgs-connected-paths-to-a-sustainable-future/
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EU Al Act’s obligations

Green FinTech Ecosystem

Prohibited
Al practices

Unacceptable
risk

Regulated high
risk Al systems

High

risk

Limited
risk

Transparency
obligations

No
obligations

Low and
minimal risk

> — —

Source: Lee, Haein, Jang Hyun Kim, and Hae Sun Jung. "Deep-learning-based stock market prediction incorporating ESG sentiment and technical indicators." Scientific Reports 14, no. 1 (2024): 10262.
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Education

The EU Al Act Regulatory Framework

Q00 60

Green FinTech Ecosystem

Al | ML| Big Data &
Deep Learning Blockchain Cloud Computing

®©066

Accelerator Public-Private

Requlations Initiatives Incentives
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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
human

Al System

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
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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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ESGReveal:
LLM for Data Analytics from ESG Reports

" ------------- \ ----------------------------------------------------------------- -~ 3
= ' i bt T vt | e N
: e 1 i \
E i Text Content : Ganarafion Text KnowledgeBase ; TopK E— l‘ \l ,E
i ) Content : | Contents 1 I
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: | . Doc Outline . | k
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Structure of ESG Metadata Module:
Entities, Extensions, and Expressions

lEE & 9

! - Retrieval  ESG
TCFD SASB GRI Interface Expertise

. I 1 | |

e R ! : :

v I I
C v o v o
Mei:gata = | <Aspect, KPIl, Topic, Quantity>§ + | <SearchTerm, Knowledge>§ + | PromptTemplates
\ Entities Extensions Expressions |

|

Please use the above information, do not deviate from the given material answer:
 In terms of [Aspect], extract the [KPI] of the last year with [Topic], and give [Quantity]. Return the answer in the
 following JSON format: {"KPI" : "<KPI>", "Topic" : "<topic>", "value" : "<value>", "Unit" : "<unit>"}



Information Extraction:
Unstructured to Structured for ESG Reports

/ NLP technique based ESG extraction model \

PDF parsing: Parse PDF files into text

Data collection

Locating ESG-related paragraphs based on the e
keywords associatedwith each SGX metric Objective 1

Information extraction: Use the extraction model to

\ extract ESG information within the paragraph /
g
/ The ESG disclosure dataset of real estate industry \

covering 50 companies listed in SGX

Manual data cleaning
\ Manual data standardization /

I

Evaluate ESG scores based on the structured data obtained

Data preparation

Data analysis -——- Descriptive analysis on the disclosure level of each

Objective 2
company based on the number of metrics disclosed
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SGX Suggested ESG Metrics

Environmental

Social

Governance

Total GHG absolute emissions
GHG Emission intensities
Total energy consumption
Energy intensity consumption
Total water consumption
Water consumption intensity
Total waste generated

Current employees by gender

New hires by gender

Turnover by gender

Current employees by age groups
New hires by age groups

Turnover by age groups

Total turnover

Total number of employees

Average training hours per employee
Average training hours per employee
by gender

Fatalities

High-consequence injuries
Recordable injuries

Recordable work-related ill health

cases

Board independence

Women on the board

Women in the management team
Anti-corruption disclosures
Anti-corruption training for
employees

List of relevant certifications
Alignment with frameworks and
disclosure practices

Assurance of sustainability report




Al and Sustainability Development Goals (SDGs)

SDGs 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17
N o » 0] ® 5 5 0 Q 5 =
g | B (8Q| 2|9 |82/35|8F(32| % (82|23 2|5 |5 |2¢|3%
° S |29 | & S |20 |89 (|SQ|8c| & |32 @ | 3 =0 | o3
o Q Q = Q D> |l@ag|a®|aw c 30 T8 o) o o c 2|83
< 2 > < | 8 |25 |<e|32|55| 8 |E5|8S| 7@ | 2|2 (22|22
@ S ® ® o o ;é, S |=s5|&§-* n SO Ao °) T 9% |79
2 | @ ® | o | § [ = o |95 |25 5 |FE2|s5T5| a 2 > |26 =}
S S| § | 5 S 8|S233| 2 (8|25 5 | £ | @ = B
& O ® 3|0 ®o | o o | o 9 S 8
8 = | & = Qs g s | & = (38| > @ )
al| S Q Q [Fa 2 2 & 7 - S o
2 8 S| & ® c e
LA = o | @ 3 g =
1 5 g 3
Economic 8 ® ® o e
Ecological o o) o o e ° ®
Social e ® ° ® ® ® ® ® ® e
POSitive 0 0 0 v) v) [v) 1Y) 0 [v) [v) 0 0 v) v) v) 0, V)
impact of Al* 100%| 76% | 69% |10%0| 56% [100% |100% | 92% |(100% | 90% [100% | 82% | 80% | 90% [100% | 58% | 26%

Note: e adopted from Vinuesa et al. (2020), o added based on our analysis.
*The assessment of Al’s possible positive impact is based on a consensus-based expert elicitation process (Vinuesa et al., 2020).
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Dimension Code characteristics
Primary Develop new (Al) Compare (Al) Apply (Al) Develop new Other objective
objective1 methods (717/95) | methods (39/95) | methods (63/95) system (20/95) (4/95)
Sustainability . . .
A I dimension Economic (23/95) Ecological (17/95) Social (72/95)
Sustainable SDG 1 SDG 2 SDG 3 SDG 4 SDG 5 SDG 6
Development (0/95) (2/95) (55/95) (6/95) (0/95) (0/95)
fo r Goals SDG 7 SDG 8 SDG 9 SDG 10 SDG 11 SDG 12
( s) (9/95) (7/95) (8/95) (1/95) (9/95) (8/95)
® om e SDG 13 SDG 14 SDG 15 SDG 16 SDG 17
Sustainabilit o o = g o
y Data source Reviews Social media/ Health records Environment/ Energy
Online forums Weather
(12/95) (31/95) (21/95) (10/95) (5/95)
‘E’Iit;"stiurce Single source (50/95) Multiple sources (44/95) N/A (1/95)
Data sensitivity Publicly available
data (64/95) Internal data (716/95) Other (11/95) N/A (9/95)
Manual labeling Yes (32/95) No (63/95)
Technology ML (91/95) NLP (42/95) CV (12/95) Other (21/95)
Type of learning . . . .
for ML approach Supervised learning (85/95) Unsupervised learning (23/95)
Neural vs. .
non-neural Non-neural (45/95) Neural (560/95) Deep learning (38/95)
Evaluation Technical evaluation (83/95) Domain evaluation (25/95)
Paradigm DSR/ADR (30/95) Non-DSR/ADR (64/95)
0-9 10-29 30-54 55-69 70-95
Notes: Code dimensions are not mutually exclusive; one article can be classified into one or more code characteristics; ' Compare’
does include ‘apply’.
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Sustainable Productivity:

Finance ESG

PRODUCTION

SUSTAINABLE  _ F
PRODUCTIVITY INANCE

DEVELOPMENT

F i Financial result

INANCE Financial expense

E Positive environmental contribution
NVIRONMENT Environmental impact

S Positive social contribution
CIAL Social burden

Positive governance contribution

G OVERNANCE

Governance expense

Return on sales, profit,
return on equity, ...

Management of energy,
waste, pollution water, ...

Equal opportunity,
collaboration & safety, ...

Compliance, shareholder

structure, innovation contribution, ...

G OVERNANCE
Use

Marketing & Product SCM & Production A : Quality :
. e Logistics Production Service
sales development purchasing planning assurance
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Sustainable Resilient Manufacturing
ESG

et of Prodycy;
FINANCE e Uct/o,’ ENVIRONMENTAL
€ N sales Equity Emissions —] Reuse
snl ] revenue ratio r impact = quota
{é@ Value creation Compensation
=0 [ per employee measures
GOVERNANCE =+~ SOCIAL
&Y. Innovation 1P  Renumeration 91P  Gender Long-term
" capability @ structures @ equality db view

Integration &

3 Working conditions in the
value chain [%T-’[% collaboration

Source: Huang, Ziqi, Yang Shen, Jiayi Li, Marcel Fey, and Christian Brecher (2021). "A survey on Al-driven digital twins in Industry 4.0: Smart manufacturing and advanced robotics." Sensors 21, no. 19: 6340. 115



ESG Indexes

*MSCI ESG Index
*Dow Jones Sustainability Indices (DJSI)
*FTSE ESG Index



MSCI ESG Rating Framework

@@ DATA

1,000+ data points on ESG policies, programs, and performance;

Data on 100,000 individual directors; up to 20 years of shareholder meeting
results

DI] EXPOSURE METRICS |MANAGEMENT METRICS

How exposed is the company How is the company managing
to each material issue? each material issue?

Based on over 80 business 150 policy/program metrics, 20
and geographic segment performance metrics;
metrics 100+ Governance Key Metrics

D
INSIGHT

Specialized ESG research
team provides additional

SOURCES

100+ specialized datasets
(government, NGO, models)

Company disclosure (10K, insight through:
sustainability report, proxy report) Company reports
3,400+ media sources monitored Industry reports
daily (global and local news Thematic reports

sources, governments, NGOs)

MONITORING &

QUALITY REVIEW

Systematic, ongoing daily monitoring of
controversies and governance events
In-depth quality review processes at all
stages of rating, including formal
committee review

Analyst calls & webinars

DATA OUTPUTS ||=§

Access to selected underlying data

Ratings, scores, and weights on
680,000 securities

17 years of history
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MSCI ESG Key Issue Hierarchy

3 Pillars

Environment

10 Themes
Climate Change

35 ESG Key Issues

Carbon Emissions

Product Carbon Footprint

Financing Environmental Impact

Climate Change Vulnerability

Natural Capital

Water Stress
Biodiversity & Land Use

Raw Material Sourcing

Pollution & Toxic Emissions & Waste Electronic Waste
Waste Packaging Material & Waste
Environmental Opportunities in Clean Tech Opportunities in Renewable

Opportunities

Opportunities in Green Building

Energy

Social Human Capital Labor Management Human Capital Development
Health & Safety Supply Chain Labor Standards
Product Liability Product Safety & Quality Privacy & Data Security
Chemical Safety Responsible Investment
Consumer Financial Protection Health & Demographic Risk
Stakeholder Controversial Sourcing
Opposition Community Relations
Social Access to Communications Access to Health Care
Opportunities Access to Finance Opportunities in Nutrition &
Health
Governance Corporate Ownership & Control Pay
Governance Board Accounting
Corporate Business Ethics
Behavior Tax Transparency
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MSCI Governance Model Structure

Governance
Corporate Governance Corporate
Behavior
=" =

Data

<5
o .=
:Q—'
o
= 5
=8
o
5 O
= 2
o ©
= 3
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O ®
==
QA
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>
L O
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MSCI Hierarchy of ESG Scores

ESG Letter Rating

(AAA-CCC)

Pre-set score-to-letter-rating matrix

Final Industry
Adjusted Score (0-10)

Adjusted relative to Industry Peers, Exceptional overrides

Weighted Average Key
Issue Score (0-10)

Weighted average of underlying pillar scores

Environment Pillar Social Pillar
Score (0-10)

Governance Pillar
Score (0-10)

Score (0-10)
Each pillar is organized into underlying themes;
Environmental and Social Pillar and Theme Scores derive from Deduction-based scoring
the weighted average of underlying Issue scores model applied

Environmental Key Social Key Issue
Issue Scores (0-10)

Governance Key Issue

Scores (0-10) Scores (0-10)

Key Metrics:

Indicators: Indicators: Indicators: Indicators: Ownership Characteristics;

Business Strategy Business Strategy Board & Committee
Segments; Programs & Segments; Programs & Composition;
Geographic Initiatives Geographic Initiatives Pay Figures;
Segments; Performance Segments; Performance Accounting Metrics;
Co-specific Controversies Co-specific Controversies Policies & Practices
indicators indicators Business & Geographic

Segments; Controversies

Raw Data
Company financial and sustainability disclosure, specialized government & academic data sets, media searches, etc.
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DJSI S&P Global ESG Score

8,000

Companies

90%

Global market
capitalization

\W
@%‘ i ¢ QO

340,000+

Current Research Universe
and Active Securities

§

@& S&P GLOBAL
% ESG SCORE
W

SociaL \

Approx.

1,000

Datapoints

130+
30+

Criteria scores

Assessed values, text,
checkboxes, documents

Sources: Web-based questionnaire

and company documents

Weighted
data point scores

Up to 50% industry-specific

Weighted
question scores
61industry specific approaches,

with tailored questions, criteria
and related weightings

3

Dimension scores

Weighted
criteria scores

Adjusted for corporate ESG
controversies where applicable

S&P Global
ESG Score

Sum of weighted
dimension scores
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FTSE Russell ESG Ratings

Tax
Transparency
Biodiversity
Risk
Management

Corporate Pollution &
Governance Resources

Corruption Security

Customer
Standards Responsibility

Human Rights
& Community

SUpp,y Chain: Soc\a\
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wmames Sustainalytics
ESG Risk Ratings

Sustainalytics’ ESG Risk Ratings measure a company’s
exposure to industry-specific material ESG risks and
how well a company is managing those risks.

Negligible Low Medium High Severe

0-10 10 - 20 20 - 30 30-40 40+
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TruValue Labs i o-base
FACTSET Truvalue
ESG Ranks

* Truvalue Labs applies Al to analyze over 100,000 sources and uncover
ESG risks and opportunities hidden in unstructured text.

* The ESG Ranks data service produces an overall company rank based on
industry percentile leveraging the 26 ESG categories defined by the
Sustainability Accounting Standards Board (SASB).

* The data feed covers 20,000+ companies with more than 13 years of
history.
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Analyst-driven vs. Al-driven ESG

Analyst-driven ESG research
Derives ratings in a structured data model

Sustainalytics

Analyst role at the end of
Collect Process Analyze Generate th I
data data data score/rating = p i o?e.ss QHOWS
subjectivity to color
| ' ) Y ' results

DATA MINERS & TECHNOLOGY ANALYSTS

Al-driven ESG research
Derives signals from unstructured data Truvalue LabS

Develop Extract Analyze Generate
algorithms signals data score/rating
\ J |\ )
I ||

ANALYSTS & ENGINEERS TECHNOLOGY

Analyst expertise at the
beginning of the process
produces consistent
results
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A n a IySt b a Se d Analyst Based ESG Research

E S G R I Collect Data Analyze Data Generate score rating
N J N
Y

Y
Raw data sources Analysts

and tools

Applying Al to ESG Research

A I b a S e d Analyze data and Review and

Develop algorithms Extract signals uncover material determine
impact investment decision
ESG Research * - ;N /
Y Y Y
Analysts and Technology Analysts
Engineers

It would take an analyst over 5 years to do what our Al can in 1 week
Combining analysts with Al creates gives you the full picture

>

ANALYTICS

Invest where it matters.
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Native RAG Advanced RAG, Agentic RAG

2 [®

User Query

R

Documents

-
9 Vector

= Database
~

l

[:] Related Document Chunks

J/

B - &

Prompt LLM

Native RAG

User Query Documents
1
f Doc t
- umen
p C Chunks
o Fine-grained Dats Cleaning
i el BN |
* Add Fie Structure
* Query Rewrite/Clarihcation
o Retriever Router Vector
. Pre-Retrieval == Database

T 1

[j Related Document Chunks

New Modules

( Criticize J

_-==1 Retrieve i»- -

e - -
Ll T

L ———— ( Reflect } ---------- =z

v

R = ffl
Rerank  Filter  Prompt Compression
Post-Petrieval )

¥

B - &

Prompt LLM

Advanced RAG

g = G [?,ol‘:?) \

Memory structuere

wio feedback
» Umificd momery Fhiing » zﬂ(*ﬂ » Explosston)
» Mybod memory 2 Seayicpath reasominy # Commuecaton
» Mﬁm ) f » WM A“.-*h
7 Socul miomuatos lemory ! » Exsornal planser » Meomory recoliocton
: 7 Lepuapes  » Databascs » Pln Following
Gencration strategy » Emboddmps » Lists Planning w/ feedback Acth
7 Mandorating method "ﬁ-om Y > Took » Sclf-Knowhedge
LM Generaton method Memory reading s feodbeck Action impact
: Datasct Alignmces method > Mamoty wiiting ’ ”MIW » Emvirenments > New actioos
» Memory reflecbon £ » Intormal States

Yy $

Modular + Agentic RAG

127



Modular + Age

New Modules

— — —

[ Criticize J

P..-.---.--.--

,'-—L Retrieve j--~\

r
( Rewrite j

ntic RAG

—————

A\l

v

\

HandcrafMing owcthod
LM Goncratson mocthod
Dastasct Alsgrerscen mncthsod

> EFEmboddwmpgs » Livs
Moemory oporation

> Mormory writsang

Flanning w o feedback
» Sagic-path roasoming:

Planning w/ feedback

» FEovewoameont foodbeck
» Huervan foodback
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LLM Prompt, RAG, Agent, Fine tuning

A

High

Knowledge

optimization
What the model
needs to know

Fine tuning
- Parameter-efficient Fine-tuning

Prefix/prompt tuning

Adapter-tuning

Low-Rank Adaptation (LoRa)

Representation Fine-Tuning (ReFT)
Reinforcement Learning with Human feedback

v

oW LLM Optimization High

How the model needs to act

Source: Jun Xu (2024). "GenAl and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118. 129



LLM Decision Path for Suitable Techniques

Apply or augment

Complex tasks & LM
multi-steps with
existing
- systems/tools > Sufficient fund
| Prompt engineering

Check the gap

between current

Training from scratch

| performance and
Tools objective
P— . - E——

Short-term memory: - g ;

: Y No sufficient domain Long-term memory:
temporarily use embed specific
) ) . knowledge into the
information for query | same domain LLM for query, e.g.,
without changing the | structure, style or
LLM

format

Mixed long-short-term memories

with long contextual capability

E external and specific knowledge in the Different domain
E Advantage of tools, actions,

memories, planning, etc

-------------------------------------------- Hybrid Integration
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LLM Stack

Layer Sub-layer
Application

Orchestration

LLM

Data

Infrastructure

Back-end service Input handler output handler Response formation
Deployment Governance service Monitoring and logging Cl/CD
service integration reporting service service pipeline
template service Validation hub
service service service service cache | memor
LLM API gateway External LLM gateway Internal LLM gateway Application unified gateway
Data Analytics KG / semantic Vector Application
Feat t
) ) A o Data Quality control & | Privacy & Data asset (active
SCLCEYUEE g ACCESS CONtro processing review securit metadata
Data provision Data lakehouse Data lake In-memory storage
v R p——rr

Source: Jun Xu (2024). "GenAl and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118.
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o [ ] o
LLM Functionalities

Configuration Task creation Metadata/ Collaborati  Content Prompt Agent Tool Security/pers  Monitoring audi
Service data on moderation studio / studio / manageme  ona Auth [Logging / cost ¢
management Knowledge Application annotation recipe template  nt reporting trail
management management ; : " )
Data Security and privacy: NLP recipe  Safety and compliance ) o )
pipeline Automated test mining & PIl detection & masking guardrails Validation evaluation
il Qc AP| gateway
Prompt engineering RAG engineering Agent engineering . . —
. Fine-tuning engineering
Zero-short/ few- Chain/tree/grap  Query Routing  Rerank ReAct self- memory —
short h-of-thought rewriting criticism LoRa / quantizati  SFT/
¢ i s QLoRa on RLHF
Engineering  pattern-based  self-criticism / Auto- Recursive  Hybrid tooling planning  decision s r
template: co- role-playin t i istillation ReFT Adaptor
star7automate Sl HICTens fusion workflow collaborat p
compression Dense x io PEFT ZeRo /DeepSpeed
OpenAl Gemini/  Claudra FinGPT Langchain Lammaindex pinecore  Chroma  pgvector
emma .
Technology 8 Bert/ FinBert M3E / ERNIE GPTflow graphGPT Faiss Milvus Qdrant

ChatGLM  Llama Mistral /

foundation : : A

Phi-MoE  Yi/Qwen WizardtM  Context fusion ~ memory Langroid Haystack Feathr Databricks  Feast

deepseek  Kimi Blossom multimodal Long context Vertex AIFS Hopsworks  AWS FS
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Domain-Specific Language Model (DSLM) for ESG

Model
Architecture

ClimateBERT

ESG-BERT

SusGen-GPT

ClimateChat

Base Model

DistilRoBERTa

BERT-Base

Llama/Mistral

Llama 2 (tuned)

Parameter Training Focus

Count

~82M

~110M

/B - 8B

7B+

Climate news, science,
& corporate reports

Sustainable investing
corpora

SusGen-30K (Financial
+ ESG tasks)

ClimateChat-Corpus
(Q&A pairs)

Primary Use Case

Fact-checking, Climate
Specific Classification

Sentiment Analysis,
Category Classification

TCFD Report
Generation, Relation
Extraction

Climate Science Q&A,
Policy Analysis

Key Performance Metric

48% improvement in
domain MLM tasks
(Webersinke et al., 2021)

F1-score of 0.90 on ESG
text mining (Mehra et al,,
2022)

~2% performance gap to
GPT-4 on specialized tasks
(Wu et al., 2024)

Improved accuracy on
scientific discovery tasks
(ClimateChat Team, 2025)
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Dataset Name

SusGen-30K

ClimateChat-Corpus

A3CG

ESG-Activities

FinRpt

GenAl in ESG Datasets

Size / Composition

30,000 samples; 7 financial/ESG tasks.
Sourced from TCFDHub & Hugging Face.

Instruction-tuned Q&A pairs derived
from scientific docs and web scraping.

1,679 sustainability reports (SGX
companies); Annotated Aspect-Action
pairs.

1,325 labeled text segments classified by
EU ESG taxonomy.

Chinese & English Equity Research
Reports.

Primary Application

Training SusGen-GPT; Balancing
financial NLP with ESG reporting
tasks.

Fine-tuning conversational agents
for climate science.

Greenwashing detection; Cross-
category generalization testing.

Benchmarking LLM performance on
granular ESG activity identification.

Source

Wu et al.
(2024)

ClimateChat
Team (2025)

Ong et al.
(2025)

Intelligent ESG
Evaluation
Team (2025)

Evaluating automated generation of Li et al. (2025)

comprehensive financial reports.
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...............

Financial Large Language Models (Fin LLMs)

Greed | H " :
{ Lama ' SilverSight
PloutosGPT | { FinLlama ! {  FinTral
2024 ____________________________________________________________________________'_____:_________:_________:__:-:-:-:-::-:-:-_‘ _______________________
InvestLM
(" Instruct-
______ FinGPT
""""""""""" Y { H
FinMA | | DISC-FinLLM |
r \ II :
| Xuanvuan 2.0 | { Fin-Llama ;| L crum
; - 7 Y . :
BBT-FinT5 | { BloombergGPT P Cotr;:?,,c::em i} FinGPT | {__FinvIs-GPT |
2023 - ___"TEUNUTRRTIRRY. SEESSSSRes S e IO
1 { FLANG
2022 - o e
{ Mengzi- i
i BERTbase-fin !
{  FinBERT-21 |
2021 ------me-mee- B o o R o e R e e e s me e
I {  FinBERT-20
2020 === e e
I {  FinBERT-19
2019 === e s oo

(@GP series | [ S BeRT || 515

| l I

[ (X Llama Series [ Many Others ]

Large Language
Model (LLM)
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Financial Reasoning Tasks

/ Planning i Recommendation \

g 0 fI.EN A @ @ f‘
i :: Wit

Personal Finance Corporate Business Investment  Regulation & Ethics Trading
- Financial AV Simreges |
o , Reasonin , ,
Support Decision-making ‘ Real-time Reasoning

= ()

Financial Auditing & Fraud Detection & Risk
Regulatory Compliance Management

® &
20 —
£ /1
Chatbots & : :
Virtual Assistants Q“es’"°""""swe”y
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Financial LLM Agent

- e ~
AAAAA
/ N

Investment Market

, Fnvironment ‘ and Trading ~ Simulator
e R LLM Agent

i : .I".. l The e Yo T g -
1 ey g r “,'1. Tﬂ 9

| W“\- ' e B ! Downstream

" ﬂ B Interaction > Automated  Multi-agent
,,,,,, Applications Process System

Other 88 @0

Systems :’ 0! | ﬁ |

g-d 6-0

’
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ESG Agent and ESG Benchmark
ESG Agent

(= \ )
B & & @

CORvErTER Python Deep Deep
Interpreter Researcher  Analyzer

La (G
?@ ol =
\ Retriever Plotter  Report tool j

ESG Benchmark /®\
\ 4 Egvironment_ .

/
{; D AN .. ii Evaluation <o
Q- il ™M Ix
% - — M & Feedback Social Governance
Designed Benchmark P
\_ Challenge/Standard ) a i __ -
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ESG Agent Overall Architecture and Workflow

W £ \ eoe ~ AAPL's E50 performance ~ 4561 Characters & 35 0
uel ’ ESG Age nt yaay  67OSS Emissions (Millon Metric et Emissions (Milon Metric
. H . Tons $CO_2e$) Tons $CO_2e$)
Evaluate AAPL's environmental Information Sources Analytical Engines pevew e =
b “ R 6 e — ; A ' |
sustainability performance from - ! web search :.l multi-dimensional insight generation 2019 251 251
2015 to 2023 based on the [y Y f-" s 2023 161 156
: e Deep Researcher Tool - 3 S Deep Ana]yzer Tool| G )
provided corpus. Your response Qs G 1o dh — 5 g ; g ’ Apple 2030 vs. Industry Peers
. A : - e g O : = — : g ' poal i 3
Should IﬂClUde a quantltat've Deep A b @ E : Deep =0 v A':‘Pl:s Aplple 203;){1’()goa(|1 5:9 :sj-nca:bon ney(ral ac;:)ss |t2soe1r;t;re vlalue chain by 2030,
d f s I e d EResearcherOPtimize Search and F : Analyzer Integrate multi- Multi-turn reason : which involves a reduction in gross emissions from evels.
tren 0 ESG ratlng ana ySIS an queries Extract source info and summarize Comparative Insight: Compared to the IPCC recommendation of reaching net zero
i sl : : — . : by 2050, Apple's target is 20 years ahead of global benchmarks. While peers like
at IeaSt one compa ratlve InSIght Python (/) —> Ercaeny file chunks and texts and analyzmg : Microsoft have set ambitious 'carbon negative’ targets by 2030, Apple's focus on a
rega rdlng the|r Carbon neutralitv Interpreter Code Exéciitecade —> —> 75% abso.lule. reduction in gross e.emcssmns highlights a rigorous approach to physical
goa|s Formu |ate your f|nd ings L ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, J £ lethon Calculation Generate Code Execute code decarbonization rather than relying solely on offsets. [30, 31, 36]
. : : Interpreter ; pens . : e :
PREARGR local knowledge DB retrieval | | | """ Sl i s A ||| vevisualsing the 56 Evolution
. . . The following visualizations track Apple's ESG performance metrics and the strategic
StI'UCtU e iy MUItImOdaI |nf0 EXtraCtlon W J pivotin 2019 where environmental performance became a primary driver of the
— : L) e : . - ' N overall score
| text : =
H i ( hnowmdg@) : 1 Note: The chart highlights the significant improvement in Environmental and Social scores
. i\ h -+ image_’ ¢ draph : ( OUtp Ut Dellverables over the nine-year period, alongside the stability of Governance ratings. [36]
E?ggfe'gge"ta' : | Corporate & table § ‘-f visualization C report generation
Report ESG reports @[ﬂvectorDBEag e PI T I W -’ R T I W ) Apple Inc. (AAPL) ESG Rating Trends: 2015-2023
. "- BT T T P LT TP TP PPN . l._ ,,,,, Ottel" oo ..... .: g eport oo _______ ': e "
B i : i | | Content 1 g S e
s Retriever Too| . g @ Fetchdata | : %e;__ = chunks from tools 1|
= &m“- ° Initial retrieval of AAPL's ESG ratings 5 6 | s content, summary y
g : : oose plot : - : ‘ ¢
= : % AAPL's environmental metrics (2016-2023) % ld IL” CJ ‘ : Beferences id, brief description, as
Optimize queries —» Get top-k contents B Generate & = PR ™
: o Aentiyname: ANPL — relationship = Execucute Code’ : 5 I QR AP e o s s
Global : @ /o Description: Leading tech entity with : : o3 A
sl 0] high materiality in renewable energy. I - : . S : ) . ; | : | : | lwe Coveance
Initiative uG reasoning —> Analyze and Summarizejf L " L or pdf format J 2018 2016 2017 2010 2; 2020 2021 2022 2023
J Chart: AAPL ESG Score Breakdown (2015-2023). Note the 2019 inflection point in
J
Environmental scoring corresponding to 100% renewable energy achievement for global
’ T4l ol
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Innovation



Innovation:
a hew idea,
method, or

device



Innovation:

something
new



Novelty :

something new or unusual

the novelty of a self-driving car



Creativity is not a
nhew ldea.
Creativity Is
an old belief
you leave behind



Innovation

“a process of
searching and recombining
existing knowledge
elements”



Search and recombination process to innovate:
A review of the empirical evidence and a research agenda

Research Policy
Strategic Management Journal 7

The Journal of Product Innovation Management
Technovation
Management Science

Academy of Management Journal
Administrative Science Quarterly i
R&D Management

Industrial and Corporate Change
Organization Science ]

Long Range Planning
Organization Studies i

Journal of Small Business Management
Journal of Management Studies ]
Journal of Information Technology ]
The Academy of Management Perspectives l
Strategic Organization i
Management Decision i
Journal of Management
Journal of International Management
Journal of International Business Studies

Business Strategy and the Environment

14
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Innovation Research

in
Economics,
Sociology and
Technology Management



Innovation Research in Economics,
Sociology and Technology Management

Stage of process Level of study Type of innovation
Economists Generation Industry Product and process
Idea generation Only technical
Project definition Only radical
Technologists
Contextual technologists Generation Innovation (in the Product and process
Commercialization and industry context) Only technical
marketing Radical and incremental
Diffusion
Organizational technologists Generation Organizational Product and process
Idea generation Sub-system Only technical
Problem solving adoption Radical and incremental
Adoption
Initiation
Sociologists
Variance sociologists Adoption Organization Product and process
Initiation Technical and administrative
Implementation Radical and incremental
Process sociologists Adoption Innovation (at the Product and process
Initiation organizational level) Technical and administrative

Implementation Radical and incremental
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Business,
Innovation,
and
Knowledge
Ecosystems



Business, Innovation, and Knowledge Ecosystems

Innovation Ecosystems

integrate exploration {knowledge}

and exploitation (business)
ECosysteEms

. Business Ecosystems

focus on creating
Focal customer value

Knowledge Ecosystems [REllElL
focus on generating or
new knowledge and Platform

technologies
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Innovation Ecosystems
Characteristics

Business Ecosystems Innovation Ecosystems Knowledge Ecosystems

Baseline of Resource exploitation for Co-creation of .
. . Knowledge exploration
Ecosystem customer value innovation

Relationships Gjobal business relationships Geographically clustered actors, Decentralized and disturbed
and both competitive and co- different levels of collaboration knowledge nodes, synergies
Connectivity operative and openness through knowledge exchange

Innovation policymakers,

Actors and Suppliers, customers, and focal local intermediators, Research institutes, innovators, and

companies as a core, other

. . technology entrepreneurs serve as
Roles . innovation brokers, and
actors more loosely involved ] o knowledge nodes
funding organizations
A main actor that operates as
) P . . A large number of actors that are
a platform sharing resources, Geographically proximate actors roubed around knowledee
Logic of assets, and benefits or interacting around hubs group 8
i aggregates other actors facilitated by intermediating SENETER ©F & CEmiE) Men-
Action . proprietary resource for the benefit
together in the networked actors
) . of all actors
business operations
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Innovation
(Diffusion of Innovation)

1. Relative advantage
2. Compatibility

3. Complexity

4. Trialability

5. Observability



Diffusion of Innovation

100
75
=
Q
%
L]
50 o
-y
Q
®
0
25
| 0

Innovators Early Early Late Laggards
2.5 % Adopters Majority Majority 16 %
13.5% 34 % 34 %
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Innovation Adoption Process

Source: Pichlak, Magdalena.
"The innovation adoption process: A multidimensional approach." Journal of Management and Organization 22, no. 4 (2016): 476. 155



Innovation Adoption Process

N o —— e —— —— - N o -

~ e e e e . —m—m—————

TAM

Technology

DOI =

RBV=

Acceptance
Model

Diffusion of Innovation Theory
"The innovation adoption process: A multidimensional approach." Journal of Management and Organization 22, no. 4 (2016): 476.

Resource-Based View

Source: Pichlak, Magdalena.
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Innovation Adoption Process

1
| INNOVATION ADOPTION PROCESS E
! INITIATION IMPLEMENTATION E
E """"" R ecogmtzonofaneed -------- ADOPTION DECISION Innovation modification i :
' S T T : B A |
! ' Knowledge acquisition Lk '\)> L_______éfi_o_l_’_tf?%;{(f?_l‘f{?_n_ ________ i I '\{3 . Trials for confirmation i :
! /N L V4 e T T N [ V20 /A :
: : Initial attit;ydefonnation | i Strategic, financial and i E User accg)tance : |
! : W 3 i technological evaluation | e \V i
--------------------------------------- , e e e T P e e 1
E Innovation selection : General use of innovation : '
' R ——— e P NN | I
! |

|ENVIRONMENTAL | | ORGANIZATIONAL | | TOPMANAGERS | ! INNOVATION : USER ACCEPTANCE:
'CHARACTERISTICS! | CHARACTERISTICS ! 'CHARACTERISTICS; \ _CHARACTERISTICS : | ATTRIBUTES .
i Dynamism l E i ’ Specialization ‘ E E Attitudes toward i : ‘ Relative advantage li E : ’ Usefulness ‘ :
' b ! o innovation | : — AR %
! Hostility ‘ I § ! ‘ Horizontal differentiation ‘ o ! ! ‘ Compatibility ‘. = : ’ Ease of use ‘ !
1 : E : - - - - : : Demographic : H: - : """" |';';';"_":';';';';';';"_"'_"'_"'_'"_'"_"'_'T:
i Complexity ‘ ! 8 : ‘ Vertical differentiation ‘ v characteristics ! 8: ‘ Complexity ‘ '
[ ! 1 ! e e e e e ! ! :
E :’ Centralization ‘ | | ‘ Trialability ‘:i
7 ! : i
! ’ Formalization ‘ | i ’ Observability ‘ '
> i’ Human resources ‘ E ------------------------
Q| :
~ ! ’ Financial resources ‘ !
"""" e e e ;"_"'_”'_'"
TAM=
RBV= DOI = Technology
Resource-Based View Diffusion of Innovation Theory Acceptance
Model
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The Quant Finance PyData Stack
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