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Week Date Subject/Topics

1 2024/09/11 Introduction Sustainability and ESG Data Analytics

2 2024/09/18 Environmental, Social, and Governance (ESG) in
Net-Zero Digital Transformation

3 2024/09/25 Data Science for Sustainability and ESG
4 2024/10/02 (Class Canceled due to Typhoon)

52024/10/09 (Self-Learning) Web 3.0 and Big Data Analysis in Fintech,
Green and Sustainable Finance

6 2024/10/16 Case Study on Sustainability and ESG Data Analytics |
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National Taipei University

Week Date Subject/Topics

7 2024/10/23 (Self-Learning) Task Force on Climate-Related Financial
Disclosures (TCFD) and En-Roads Interactive;
ESG Data Gathering, Analysis, and Visualization

8 2024/10/30 (Self-Learning)
9 2024/11/06 Self-Learning

10 2024/11/13 Midterm Project Report

11 2024/11/20 ESG Data Reporting; Corporate Sustainability Reports;
ESG Data Verification

12 2024/11/27 Case Study on Sustainability and ESG Data Analytics Il
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National Taipei University

Week Date Subject/Topics

13 2024/12/04 Artificial Intelligence of things (AloT) in
ESG and Sustainability Applications

14 2024/12/11 Generative Al for ESG Rating and Reporting Generation
15 2024/12/18 Final Project Report |
16 2024/12/25 Final Project Report li



Generative Al for ESG Rating
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* Generative Al
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Sherry Madera (2024),
Navigating Sustainability Data: How Organizations can use ESG
Data to Secure Their Future, Kogan Page

NAVIGATING
SUSTAINABILTY

v /é
N .\‘\_ W2}
i&”d@ﬁ'
.v ' /’
1 | N
@ v / Y

How organizations N
can use ESG data to
secure their future

https://www.amazon.com/Navigating-Sustainability-Data-Organizations-Secure/dp/139861224 3/
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Generative Al-Driven
ESG Report
Generation Technology

Industrial Technology Research Institute (ITRI),
Fintech and Green Finance Center (FGFC, NTPU),
NTPU-113A513E01, 2024/03/01~2024/12/31
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Generative Al
(Gen Al)

Al Generated Content

(AIGC)
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Generative Al (Gen Al) e
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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Al, ML, DL, Generative Al e

ML

DL

Al

GAl

ASR/
NLP

Artificial Intelligence

Machine Learning

Automatic Speech Recognition,
Natural Language Processing

Generative Al
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Comparison of Generative Al N
and Traditional Al

Feature Generative Al Traditional Al
Output type New content Classification/Prediction
Creativity  High Low

Interactivity Usually more natural Limited

13



* Generative Al: The Art of Creation
* Definition: Al systems capable of creating new content

* Characteristics: Creativity, interactivity
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Generative Al and
Large Language Models
(LLMs):

Popular Generative Al
Applications
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Generative Al
Large Language Models
(LLMs)

Foundation Models
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NVIDIA Developer Program

https://developer.nvidia.com/join-nvidia-developer-program

NVIDIA
Deep Learning Institute (DLI)

https://learn.nvidia.com/



https://developer.nvidia.com/join-nvidia-developer-program
https://learn.nvidia.com/

<A NVIDIA.

Join the
NVIDIA
Developer
Program

take one of the

complimentary

technical self-

paced courses
(worth up to $90)

Generative Al and LLMs

8 hours

Getting Started With Deep
Learning

Explore the fundamentals of deep learning by
training neural networks and using results to
improve performance and capabilities.

Graphics and Simulation Accelerated Computing

2 hours

Modeling Time-Series Data
With Recurrent Neural
Networks in Keras

Explore how to classify and forecast time-series
data using recurrent neural networks (RNNs), such
as modeling a patient’s health over time.

Data Science Deep Learning

4 hours

Deploying a Model for
Inference at Production Scale

Learn how to deploy your own machine learning
models on a GPU server.

8 hours

Building Real-Time Video Al
Applications

Gain the knowledge and skills needed to enable the
real-time transformation of raw video data from
widely deployed camera sensors into deep learning-
based insights.

2 hours

Introduction to Graph Neural
Networks

Learn the basic concepts, models, and applications
of graph neural networks.

4 hours

Introduction to Physics-
Informed Machine Learning
With Modulus

Learn the various building blocks of NVIDIA
Modulus, which turbocharges use cases by building
physics-based deep learning models that are
100,000X faster than traditional methods and
offers high-fidelity simulation results.

2 hours

Get Started With Highly
Accurate Custom ASR for
Speech Al

Learn to build, train, fine-tune, and deploy a GPU-
accelerated automatic speech recognition (ASR)
service with NVIDIA® Riva that includes customized

features.

2 hours

Integrating Sensors With
NVIDIA DRIVE

Find out how to integrate automotive sensors into
your applications using NVIDIA DRIVE®.

https://developer.nvidia.com/join-nvidia-developer-program
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Self-Paced Course

Generative Al Explained

Free
2 hours

Self-Paced Course

Building RAG Agents With
LLMs

Certificate available
Free
8 hours

https://www.nvidia.com/en-us/learn/learning-path/generative-ai-llm/

Self-Paced Course

Getting Started With Deep
Learning

Certificate available
$90
8 hours

Instructor-Led Workshop

Building RAG Agents With
LLMs

Certificate available
$500
8 hours

Instructor-Led Workshop

Fundamentals of Deep
Learning

Certificate available
$500
8 hours

Self-Paced Course

Generative Al with
Diffusion Models

Certificate available
$90
8 hours

@nVPA NVIDIA Deep Learning Institute (DLI)

Self-Paced Course

Introduction to Transformer-
Based Natural Language
Processing

Certificate available
$30
6 hours

Instructor-Led Workshop

Generative Al with
Diffusion Models

Certificate available
$500
8 hours

19


https://learn.nvidia.com/en-us/training/self-paced-courses

|NVIDIA.

NVIDIA Deep Learning Institute (DLI)

<\Z[n\I|D|A, Products Solutions Industries For You Shop Drivers Support Q Yo Register

Deep Learning Institute - Training Self Paced Courses Instructor-Led Workshops Educator Programs Enterprise Solutions Certification Resources

All Training Course Catalog Stay Informed

What do you want to learn today?

Filters

+
Level Generative Al Q ‘ Sortby: | -- v
Format +

Showing 19 results

- == @enerative Al

_IDeep Learning

) Accelerated Computing All Courses

1 anmitana -

Generative Al/LLM
Graphics and Simulation Self-paced Self-paced Instructor-Led
OpenUSD Generative Al Explained Generative Al with Diffusion Generative Al with Diffusion
Models Models
Data Science
NIMS
NIM Free $90 08:00
02:00 08:00
_JRAPIDS
Free / Paid + Self-paced Self-paced Instructor-Led
Augment your LLM Using Introduction to Transformer- Rapid Application

https://learn.nvidia.com/en-us/training/find-training?qg=Generative+Al 20



https://learn.nvidia.com/my-learning

<A NVIDIA.

Generative Al Explained

(ﬁanV|DlA_ Products Solutions Industries For You Shop Drivers Support Q o Min-Yuh Day v

Deep Learning Institute

Self-paced Course

Generative Al Explained

In this no-coding course, learn Generative Al concepts and applications, as well as the challenges
and opportunities in this exciting field.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course Course Details

Generative Al describes technologies that are used to generate new content based on a variety of inputs. In recent time, Generative Al Duration: 02:00

involves the use of neural networks to identify patterns and structures within existing data to generate new content. In this course, you
will learn Generative Al concepts, applications, as well as the challenges and opportunities in this exciting field. Price: Free
Level: Technical - Beginner

Subject: Generative Al/LLM

Learning Objectives

Upon completion, you will have a basic understanding of Generative Al and be able to more effectively use the various tools built on this

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-15+V1

Language: English
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<X NVIDIA.

Introduction to Transformer-Based
Natural Language Processing

SANVIDIA. Products Solutions Industries For You

Deep Learning Institute

Self-paced Course

Introduction to Transformer-Based
Natural Language Processing

Learn how Transformers are used as the building blocks of modern large language models (LLMs).
You'll then use these models for various NLP tasks, including text classification, named-entity
recognition (NER), author attribution, and question answering.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course

Large Language Models (LLMs), or Transformers, have revolutionized the field of natural language processing (NLP). Driven by recent
advancements, applications of NLP and generative Al have exploded in the past decade. With the proliferation of applications like
chatbots and intelligent virtual assistants, organizations are infusing their businesses with more interactive human-machine
experiences. Understanding how Transformer-based large language models (LLMs) can be used to manipulate, analyze, and generate
text-based data is essential. Modern pre-trained LLMs can encapsulate the nuance, context, and sophistication of language, just as
humans do. When fine-tuned and deployed correctly, developers can use these LLMs to build powerful NLP applications that provide
natural and seamless human-computer interactions within chatbots, Al voice agents, and more. In this course, you'll learn how
Transformers are used as the building blocks of modern large language models (LLMs). You'll then use these models for various NLP

Shop Drivers Support Q ©

Course Details

Duration: 06:00

Price: $30

Level: Technical - Beginner
Subject: Generative Al/LLM

Language: English

https://learn.nvidia.com/courses/course-detail?course id=cou%se-;/1:DLI+S-FX-08+V1

Min-Yuh Day v
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<A NVIDIA.

Building RAG Agents with LLMs

@ANVIDIA. Products Solutions Industries For You

Deep Learning Institute Frind Training

Self-paced Course

Building RAG Agents with LLMs

Agents powered by large language models (LLMs) have shown great retrieval capability for using
tools, looking at documents, and plan their approaches. This course will show you how to deploy an
agent system in practice with the flexibility to scale up your system to meet the demands of users
and customers.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course

This course is free for a limited time.

The evolution and adoption of large language models (LLMs) have been nothing short of revolutionary, with retrieval-based systems at
the forefront of this technological leap. These models are not just tools for automation; they are partners in enhancing productivity,
capable of holding informed conversations by interacting with a vast array of tools and documents. This course is designed for those
eager to explore the potential of these systems, focusing on practical deployment and the efficient implementation required to
manage the considerable demands of both users and deep learning models. As we delve into the intricacies of LLMs, participants will
gain insights into advanced orchestration techniques that include internal reasoning, dialog management, and effective tooling
strategies.

Shop Drivers Support Q © Min-Yuh Day v

Course Details

Duration: 08:00

Price: Free

Level: Technical - Intermediate
Subject: Generative Al/LLM
Language: English

Course Prerequisites:
Introductory deep learning knowledge, with comfort

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-15+V1
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<A NVIDIA.

Generative Al with Diffusion Models

QEI’IVIDIA. Products Solutions Industries For You Shop Drivers Support Q Min-Yuh Day v

Deep Learning Institute

Self-paced Course

Generative Al with Diffusion Models

Take a deeper dive into denoising diffusion models, which are a popular choice for text-to-image
pipelines, with applications in creative content generation, data augmentation, simulation and
planning, anomaly detection, drug discovery, personalized recommendations, and more.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course Course Details

Thanks to improvements in computing power and scientific theory, generative Al is more accessible than ever before. Generative Al Duration: 08:00

plays a significant role across industries due to its numerous applications, such as creative content generation, data augmentation,

simulation and planning, anomaly detection, drug discovery, personalized recommendations, and more. In this course, learners will take Price: $90

a deeper dive into denoising diffusion models, which are a popular choice for text-to-image pipelines. Subject: Generative Al/LLM

Language: English

Lea rn i ng 0 bjectives Course Prerequisites:

A basic understanding of Deep Learning Concepts.

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-14+V1
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GMVIPA- Join the NVIDIA Developer Program

take one of the complimentary technical self-paced courses (worth up to $90)

QE“VlDlA,DEVELOPER Home Blog Forums Docs Downloads Training

Topics ¥ Platforms ¥ Industries ¥ Resources ~

Choose a Technical Training Course. It’s On Us.

Join the NVIDIA Developer Program and take one of the complimentary technical self-paced courses below (worth up to $90).

Generative Al and LLMs Graphics and Simulation Accelerated Computing Data Science Deep Learning
6 hours 3 hours
Introduction to Transformer- Prompt Engineering With
Based Natural Language Llama 2

Processing

Interact with and prompt engineer Llama 2 models
Learn how transformers are used as the building to analyze documents, generate text, and be an Al
blocks of modern large language models (LLMs). assistant.
Then use these models for various natural language

processing (NLP) tasks, including text

classification, named-entity recognition (NER),

author attribution, and question answering.

https://developer.nvidia.com/join-nvidia-developer-program

25


https://developer.nvidia.com/join-nvidia-developer-program

Transformer Models (&
Transformer )

Encoder Decoder

|

DistilBERT T5
|

BART
|

M2M-100
I

ALBERT BigBird GPT-Neo

|
ELECTRA mTO

21 ANE

BLOOMZ

DeBERTa ChatGPT

26



The Development of LM-based Dialogue Systems

1) Early Stage (1966 - 2015)

2) The Independent Development of TOD and ODD (2015 - 2019)

3) Fusions of Dialogue Systems (2019 - 2022)
4) LLM-based DS (2022 - Now)

______________________
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Major GenAl LLMs Research Milestones {ﬁ

TPU
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2017
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Multimodal Large Language Models (MLLM) G
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Multimodal Large Language Models (MLLM)

________________ et
Image Text
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Multimodal Large Language Model (MLLM) G

CE T
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AVERAGE (%)

100
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25

Multi-task Language Understanding on MMLU
GPT-4, Claude 3.5 Sonnet

Massive Multitask Language Understanding (MMLU)

GPT-4 (few-shot) Leeroo (5-shotlg ()
Fla"ﬂLM’s‘*OB Claude 3.5 Sonnet (5-shot): 88.700
Chinchﬁ‘QB.(S—sh‘dt) -— ,
Gopher 280B.(5<shot)
UnifiedQA 11B
RoBERTa<base 125M (fine-tuned)
./’
Jan 20 Jul 20 Jan 21 Jul 21 Jan 22 Jul '22 Jan 23 Jul '23 Jan 24 Jul 24

Other models  -o- Models with highest Average (%)

https://paperswithcode.com/sota/multi-task-language-understanding-on-mmlu
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LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)

Nov Mar May Jun Sep Oct Nov Jan
| | 5 | | | i ‘, . wmps |
| AudioGPT | M3 ControlLLM | —_ Dri'iyer MemoD:r0|d
| | MM-REACT | AutoDroid MusicAgenq  Chameleon | ; DroidBot-GPT
| | ChatVideo | ! | AVIS ‘Openagents | : | MLLM:-Tool

Visual{Programming :GPT4Tools | i i i LLaVAtPlus :EMMA DLAH

: ; 'HuggingGPT i Octopus| ‘ MM-Navigator |STEVE !
| | ; | : DEPS | WebWISE : = | Mulan
' \ ViperGPT i i AssistGPT i GRID | DDCoT Role of ECOT | AppAgent : :
: 'Visual ChatGPT ; AutorUl | Cola LLaVAtInteractive{ JARVIS-1 | Mobile-Agent
| | | | DiscussNav | i : | 0OS-Copilo
, 12 | : : ! : ' e ' B
3 (D Ko ® o A ¢ R N :

QoY © we' yl\'a\‘ W ik e® ot o Qov WO \o©

34



Four Paradigms in NLP (LM)

Paradigm Engineering Task Relation
CLS TAG
a. Fully Supervised Learning ieatli;zr didentitv. part-of-soeech H
(Non-Neural Network) & P P ’
sentence length)
| |GEN
CLS TAG
b. Fully Supervised Learning Architecture , 0 w [
N | Network (e.g. convolutional, recurrent,
(Neural Network) sell-allenlional)
| |GEN
Transfer Learning: Pre-training, Fine-Tuning (FT) CLS TAG
Objective . .M &
c. Pre-train, Fine-tune (e.g. masked language modeling, next N1
sentence prediction) l
-1 GEN
GAI: Pre-train, Prompt, and Predict (Prompting) CLS TAG
S
N

d. Pre-train, Prompt, Predict

Prompt (e.g. cloze, prefix)

1

— ~GEN

CE T

nnnnnnnnnnnnnnnnnnnnn ty
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Large Language Models (LLM) G

° ° ° CE T
Three typical learning paradigms
4 p 4 h
A) Pretrain-finetune
(A) > Flntetu:; on I Infetrer:(c: on
« Typically requires many s as
task-specific examples \_ ) \_ Y,
* One specialized model
for each task
N\ 4 )
Pretrained | (B) Prompting ,| Inference on
LM Few-shot prompting / prompt engineering L
/ o J
4 N )
(C) Instruction tuning Instruction-tune on > Inference on
Model learns to perform many tasks: B, C, D, ... unseen task A

many tasks via natural \_ J L )
language instructions
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Popular Generative Al i

OpenAl ChatGPT (GPT-01, GPT-40, GPT-4)
Claude.ai (Claude 3.5)

Google Gemini

Meta Llama 3.3, Llama 3.2 Vision

Mixtral Pixtral (mistral.ai)
Chat.LMSys.org (Imarena.ai)

Perplexity.ai

Stable Diffusion

Video: D-ID, Synthesia

Audio: Speechify
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LMSYS Chatbot Arena Leaderboard

Rank
(StyleCtrl)

. Model

Gemini-Exp-1206

A

(.

e
\ NTPU

CE T

National Taipel University

Organization License A

Proprietary

2 4 Gemini-Exp-1121 1364 +4/-5 15004 Google Proprietary

4 3 0l-preview 1334 +5/-4 30448 OpenAl Proprietary

5 7 ol-mini 1307 +4/-3 37176 OpenAl Proprietary

5 6 Gemini-1.5:Pro-002 1302 +5/-3 32758 Google Proprietary

7 10 Grok-2-08-13 1289 +3/-3 55616 xAI Proprietary

7 11 Yi-Lightning 1287 +4/-4 29193 01 AT Proprietary

7 6 GPT-40-2024-05-13 1285 +3/-3 116858 OpenAI Proprietary
Claude 3.5 {7 T i s ot s [ [ s ene | reoncisay |

g 1 17 Athene-va-Chat-728 1278 +6/-6 8700 NexusFlow  NexusFlow

11 16 GLM-4-Plus 1274 +4/-5 28006 Zhipu AI Proprietary

11 18 GPT-40-mini-2024-07-18 1273 +3/-3 54539 OpenAl Proprietary

11 21 Gemini-1.5:Flash-002 1271 +4/-4 26276 Google Proprietary

11 28 =hanas 3. Nemorron- 700 1269 +6/-6 7676 Nvidia Llama 3.1

Instruct

https://Imarena.ai/
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Claude 3.5 Sonnet state-of-the-art vision

Graduate level
reasoning

GPQA (Diamond)

Undergraduate
level knowledge

MMILU Pro

Code
HumanEval

Math
problem-solving

MATH

High school math
competition
AIME 2024

Visual Q/A
MMMU

Agentic coding
SWE-bench Verified

Agentic tool use
TAU-bench

7~

Claude 3.5
Sonnet (new)

65.0%
O-shot CoT

78.0%
O-shot CoT

93.7%
O-shot

78.3%
O-shot CoT

16.0%
O-shot CoT

70.4%
O-shot CoT

49.0%

Retail
69.2%

Airline

46.0%

Claude 3.5
Haiku

41.6%
O-shot CoT

65.0%
O-shot CoT

88.1%
O-shot

69.2%
O-shot CoT

5.3%
O-shot CoT

40.6%

Retail
51.0%

Airline

22.8%

J

Claude 3.5
Sonnet

59.4%
O-shot CoT

751%
0O-shot CoT

92.0%
O-shot

71.1%
0O-shot CoT

9.6%
O-shot CoT

68.3%
O-shot CoT

33.4%

Retail
62.6%

Airline

36.0%

GPT-40*

53.6%
O-shot CoT

90.2%
O-shot

76.6%
0O-shot CoT

9.3%
O-shot CoT

692.1%
O-shot CoT

GPT-40
mini*

40.2%
O-shot CoT

87.2%
O-shot

70.2%
O-shot CoT

59.4%
O-shot CoT

Gemini 1.5

Pro

591%
O-shot CoT

75.8%
0O-shot CoT

86.5%
4-shot CoT

65.9%
O-shot CoT

Gemini 1.5
Flash

51.0%
O-shot CoT

67.3%
O-shot CoT

77.9%
4-shot CoT

62.3%
O-shot CoT

* Our evaluation tables exclude OpenAl’s o1 model family as they depend on extensive pre-response computation time,
unlike typical models. This fundamental difference makes performance comparisons difficult.

https://www.anthropic.com/news/3-5-models-and-computer-use

o X T

National Taipel University
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Llama 3.2 90B vision LLMs G

National Taipel University

Modality Benchmark Llama 3.211B 1 Llama 3.2 90B I Claude 3 - Haiku GPT-40-mini
i 1
MMMU o, 6 oot cor 50.7 : 60.3 : 50.2 59.4
i 1
1 1
MMMU-Pro, Standard (o cpte. st 33.0 1 45.2 i 27.3 423
1 1
1 ]
1
MMMU-Pro, Vision et 23.7 : 33.8 1 201 36.5
1 1
1 |
MathVista e 51.5 : 57.3 : 46.4 56.7
Image Chart - jerstand ! :
ChartQA (test. 0-shot CoT relaxed accuracy)® 83.4 1 85.5 | 81.7 —
i 1
I |
|
AIl2 Diagram e-o- 911 : 92.3 1 86.7 _
1 1
1 1
DOCcVQA (eet, anier 88.4 | 901 : 88.8 —
|
i 1
eral V Question Answering I I
VQAV2 e 75.2 I 781 i — —
1 1
. I :
MMLU o wroe, cor 73.0 : 86.0 I 752 82.0
1 1
. i |
MATH . 51.9 : 68.0 : 389 70.2
Text - 1 :
Reasor g I
GPQA (oo cc 32.8 1 46.7 i 333 40.2
i 1
1 |
It ja I
MGSM © ot cor 68.9 : 86.9 I 751 87.0
1 1

[ ———————————_

https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/ 40
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Llama 3.3 70B instruction-tuned

Category
Benchmark

General
MMLU Chat (O-shot, CoT)

MMLU PRO (5-shot, CoT)

Instruction Following
IFEval

Code
HumanEval (O-shot)

MBPP EvalPlus (base) (O-shot)

Math
MATH (O-sho, CoT)

Reasoning
GPQA Diamond (0O-shot, CoT)

Tool use
BFCL v2 (O-shot)

Long context
NIH/Multi-needle

Multilingual
Multilingual MGSM (O-shot)

Pricing*
1M Input (Cheapest among
tokens providers)*

1M Output (Cheapest among
tokens providers)*

Llama 3.170B

86.0

66.4

87.5

80.5

86.0

67.8

48.0

77.5

7S

86.9

$01

$0.4

(----------

Llama 3.3 70B

86.0

68.9

921

88.4

87.6

77.0

S50.5

77.3

97.5

911

$01

$0.4

N -

Amazon Nova
Pro

921

89.0

76.6

$0.80

$3.20

Llama 3.14058B

88.6

73.4

88.6

89.0

88.6

73.9

49.0

811

981

$1.0

$1.8

https://www.llama.com/

Gemini Pro
1.5

871

761

89.0

87.8

82.9

53.5

80.3

94.7

89.6

$1.30

$5.0

GPT-40

87.5

73.8

84.6

86.0

83.9

76.9

47.5

74.0

90.6

2.5%

10.0%

Claude 3.5
Sonnet

88.9

77.8

89.3

93.7

86.8

78.3

65.0

79.3

99.4

92.8

$3.0

$15.0
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Mistral Pixtral Large (124B)

(.

e
\ NTPU

. . % ac
Frontier-class multimodal performance BRI
Model Mathvista MMMU ChartQA DocVQA  VQAv2 Al2D MM
(CoT) (CoT) (CoT) (ANLS) (VQA Match) (BBox) MT-Bench
{_m_\
: Pixtral Large (124B) 69.4 64.0 88.1 93.3 80.9 93.8 7.4 :
I
: Open :
: Weights Llama-3.2 90B (measured) 491 53.7 70.8 85.7 67.0 - 5.5 :
- I
: Llama-3.2 90B (reported) 57.3 60.3 85.8 90.1 80.2 92.3 :
‘ﬁm—l
Gemini-1.5 Pro (measured) 67.8 66.3 83.8 92.3 70.6 94.6 6.8
Gemini-1.5 Pro (reported) 68.1 65.9
GPT-40 (measured) 65.4 68.6 85.2 88.5 76.4 93.2 6.7
Closed
GPT-40 (reported) 63.8 69.1 85.7 92.8
Claude-3.5 Sonnet (measured) 67.1 68.4 89.1 88.6 69.5 76.9 7.3
Claude-3.5 Sonnet (reported) 70.7 70.4 90.8 94,2 95.3
Llama-3.1 505B (reported) 64.5 85.8 92.6 80.2 94.1
Unreleased
Grok-2 (reported) 69.0 66.1 - 93.6
Specific model versions evaluated: Claude-3.5 Sonnet (new) [Oct 24], Gemini-1.5 Pro (002) [Sep 24], GPT-40 (2024-08-06) [Aug 24]
https://mistral.ai/news/pixtral-large/ 42
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Mistral Pixtral 12B

A Performance / MM-MT-Bench

Best performance/cost ratio
6 e - ® Qwen-2-VL 728 1100
Pixtral 12B 1075 1
6.0 b
1050
55 ® a
Qwen-2-VL 7B
Llama-3.2 90B 1025 |
5.0 o
o LLaVA-OneVision 72B 1000
Llama-3.2 11B
4.5
975
@ LLaVA-OneVision 7B
4.0 950 -
® Molmo-D 7B
3.5 ® Molmo 72B 925
20 40 60 80 100 >

Cost / Number of Parameters (B)

(=
\ NTPU
CE T
A Performance / LMSys-Vision ELO
| Best performance/cost ratio o Qwen-2-VL 72B
Pixtral 12B
b
)
Llama-3.2 90B
® Qwen-2-VL 7B
“Llama-3.2 11B
®LLaVvA-1.6 34B
0
LLaVA-OneVision 72B
Phi-3.5-Vision
o
20 40 60 80 100 >

Cost / Number of Parameters (B)
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Large Language Models (LLMs)
Artificial Analysis Quality Index

44
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Large Language Models (LLMs)
Quality vs. Price

Artificial Analysis Quality Index, Price: USD per 1M Tokens

Most attractive quadrant
@ ol-preview B ol-mini @ GPT-40 (Aug '24) BB GPT-40 mini @ GPT-40 (Nov '24) @B Llama 3.1 405B

@ Llama

3.2 99B (Vision) @Llama 3.1 70B @ Llama 3.1 8B B Gemini 1.5 Pro (Sep)

M Gemini 1.5 Flash (Sep) M Claude 3.5 Sonnet (Oct) M Claude 3.5 Haiku B Mistral Large 2 (Nov '24)

@ Jamba

S0
85
80
75
70
65
60

55

Artificial Analysis Quality Index

50

45

1.5 Large
) o1-mini /\ Artificial Analysis
Gemini 1.5 Pro|(Sep)
- GPT-40 (Aug '24)
- /,Claude 3.5 Sonnet (Oct) %01 -preview
GPT-4&hini ‘/ﬁlistral Large 2 (Nov '24)
_ _—
@ @ GPT-40 (Nov '24)

< _Llama 3.2 98B (Vision)

N Llama 3.1 405B

Claud®B.5 Haiku
-Llama 3.1 70B \.Jamba 1.5 Large

Gemini 1.5 Flash (Sep)

@)
- \Llama 3.1 8B

I 1 I 1 I I ] I I I I I 1 I I I

$0.00 $2.00 $4.00 $6.00 $8.00 $10.00 $12.00 $14.00 $16.00 $18.00 $20.00 $22.00 $24.00 $26.00 $28.00 $30.00

Price (USD per M Tokens)
https://artificialanalysis.ai/ 45



https://artificialanalysis.ai/

Chat
with
Open
Large
Language
Models:
Chatbot
Arena

Large Language Models for Data Science (

4 Expand to see the descriptions of 72 models

llama-3.2-vision-90b-instruct

“reer Tlama 3.2

Large Language Models for Data Science

I

Step 1: Introduction to Large Language Models

Large Language Models (LLMs) are a type of artificial
intelligence (Al) designed to process and understand human
language. They are trained on vast amounts of text data,
enabling them to learn patterns, relationships, and context
within language. LLMs have become increasingly popularin
recent years due to their ability to generate human-like text,

answer questions, and even create content.
Step 2: Applications of Large Language Models in Data Science

LLMs have numerous applications in data science, including:

o Text Analysis: LLMs can be used to analyze large datasets of
text, such as customer reviews or social media posts, to extract
insights and sentiment.

© Natural Language Processing (NLP): LLMs can be used for
NLP tasks like text classification, named entity recognition, and

| PRI RS PR R

~= Ais better < Bis better

& Enter your prompt and press ENTER

https://Imarena.ai/

PammES
\ NTPU

CE T

National Taipel University

<

claude-3-5-sonnet-20241022 -

“ret claude 3.5 sonnet

Large Language Models for Data Science

-

Let me provide a comprehensive overview of how Large

Language Models (LLMs) can be used in Data Science:

Key Applications of LLMs in Data Science:

1. Data Analysis & Exploration

© Natural language queries to databases

o Data summarization and insights generation

o Exploratory data analysis assistance

© Pattern recognition and trend identification

2. Code Generation & Assistance

o Writing data processing scripts

© Generating SQL queries

© Creating data visualization code

o Debugging and code optimization

3. Data Preprocessing

© Feature engineering suggestions

< Tie < Both are bad

Send
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Perplexity.ai

R perplexity
Large Language Models for Data Science

New Thread ® K
Q Home ‘S Sources
- What Is a Large Language What are Large Language Catch Up On Large ® = X

© Discover Model and What Can.. Models? | NVIDIA Language Models | by.. ’

) Lib © snowflake - 1 & nvidia - 2 @ towardsdatascien.. -+ 3 View 3 more

| ibrary

+a) el = Answer
Large Language Models (LLMs) are advanced Al systems designed to understand human

Sian U g guag VA g
ign o . , . .
gn Up language intricacies and generate intelligent, creative responses to queries '.They are deep

learning algorithms that can recognize, summarize, translate, predict, and generate content
using very large datasets ?.LLMs are trained on enormous data sets typically measured in
petabytes, sourced from books, articles, websites, and other text-based sources . They are
dynamic tools that are continuously updated and refined as new data becomes available .

Try Pro In the field of data science, LLMs can potentially transform how teams source, manage, and

Upgrade to Claude-2 or analyze data '.They are used in numerous data science applications, and their ability to

GPdT'4’Ib°33t COpf'_'lot uses, process and interpret vast amounts of text data has made them an indispensable part of

anda uplioada more Tlies. B . - S .

P -
2 Learn More .
® Ask follow-up.. Copilot
B Download X @ social media posts or customer reviews, to determine whether the overall sentiment is

https://www.perplexity.ai/

(.

e
\ NTPU

CE T

National Taipel University
ii Anonymous < Like
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Generative Al (Gen Al)

Al Generated Content (AIGC)
Image Generation

Instruction 1: Instruction 2:

An astronaut riding a Teddy bears working on
horse in a photorealistic new Al research on the
style. moon in the 1980s.

| |

[ @ 0openAI DALLE2




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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The history of Generative Al

Unimodal- CV & NLP

in CV, NLP and VL

CV cv
LE BiGAN
VAE RevNet
Flow ENNG NLP
I I
ELMO
NLP NLP I NLP I =
N-Gram LSTM/GRU | Transformer : GPT-2
| | : i |
| | I
ot+o—o0—b—1F00—90 |
2014I 2016 | 2018
I I |
I I |
Show-Tell ) StyleNet CAVP
StackGAN DMGAN
VL VQ-VAE
VL
VL

Multimodal - Vision Language

Cv

StyleGAN
BigBiGAN

Visual BERT
VILBERT
UNITER

VL

CvV
DDPM
ViT
NLP MoCo
GPT-3 NLP
OPT |
BART I Sparrow
I [
I I I
I
I
I
DALL-E
BLIP2
DALL-E 2
VL

\ 4



#Parameters

1T

100B

10B

1B

100M

9x

Tx

5x

3x

1x

Generative Al
Foundation Models

t Training Speed (based on V100 16G)

Switch
@)
GPT-3
@)
T5 DALL-E
O Megatron O
O
GPT-2
@)
ROXEﬂ? I5‘BERIT3ART
ERNIE O O CLIP
O O

PaLM

O BLOOM ChatGPT
O O

pp— DALBH?%H
O O

2018

2019 RTX RTX

2020 A100 A100 2021 H100
3090 4090 40G 80G 80G Gen5

>
2022 H100 2023
80G SXM5
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Categories of Vision Generative Models

Real Data N
Space AN Real
Discriminator
D(x) NEqk
Generator 2| A s
Z > G(2) P X
(1) Generative adversarial networks
Flow Inverse
X > Z —> _ o
f(x) (2

(3) Normalizing flows

o Encoder = Decoder
qq (z|x) pe(x|2)

(2) Variational autoencoders

Forward: q(x;|x;-1)

"
> > > B> > >
Xo X1 © X1 X z
oo ¢ <o & < &
S

Reverse: p(x¢—1|x¢)

(4) Diffusion models
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The General Structure of
Generative Vision Language

-----------------

Encoder-
Decoder

— [ Encoder J—’ :_

> ‘ VL Pre-trained
To-text 3 Encoders

“Generate a [ VL Pre-trained

To-image cartoon cat.” Encoders

Representation

Representation

 —

Representation

—_—

—|

— [ Decoder ] —

Transformer
Decoders

Vision Decoders
(GANS, Diffusions)

J_,

Output

[0\,
$

J — “This 1s a cat.”

P
33
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Framework for Implementing Generative Al G
Services using RAG Model

-

PDF,
TXT,
WebURL,
Youtube

L =

Source Data

W /4’ LangChain

Orchestration Framework

Smaller chunks preensesnnenndenaeaans

Vector
Database

GPT4AIl Search

Predefined r N
System Prompt @ODGHAI

Relevant
chunks

User

~» LLM

~

GPT4AIl

Data
Gathering

D

Data
Extraction

)

Splitting
Chunks

D

Prompt &
Search

>Generatior>
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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
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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

High

Knowledge

optimization
What the model
needs to know

low

4

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

LLM Optimization

How the model needs to act

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

High
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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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Factuality Enhancement of
Large Language Models (LLMs)

— — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — —

4 Factuality Enhancement of Large Language Models

/ /7 Standalone LLMs
Supervised Finetuning

Continual SFT | Model Editing

Pretraining-based

/ Retrieval Augmented Generation\
Normal RAG Setting

Post-editing
Interactive Retrieval

(.

g
\ NTPU

CE T

nnnnnnnnnnnnnnnnnnnnn

/ Domain Factuality Enhancement\

Initial Continual
Pretraining Pretraining

Prompt Engineering
Multi-A gent

Inference and

CoT-based Agent-based
Retrieval Retrieval
Retrieval Adaption
Prompt- SFT-
i § RLHF-based

\ :
\\ Decoding /

Retrieval on External Memory

\ Retrieval on KGs/Databases /

\Educatzon Fdis,

Domain enhancement techniques
, Continue
Continue-SFT ..
Pretraining
Train From External
Scratch Knowledge
Domains
Healthcare and Finance and
medicine Ecommerce
Geoscience and
Legal/Law :
Environment
Food Home

Renovatioﬂ/ 4

s e " — — — — —— e s 7 s s s s e e s s s ™ e —— — - e e e s 7 s e s S s e e e o e s s S s e s — s e e S
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Large Language Model (LLM) based Agents

[ Perception }

[ Environment J

Look at the sky,
do you think it
will rain tomorrow?

{Inputs }—

0000

.

CEX TN, ]

National Taipel University

If so, give the
umbrella to me.

)
i

conditions and the
eather reports on
the internet, it is
likely to rain
tomorrow. Here is |
your umbrella. \

Reasoning from ¢ ' l ¢ e
the current weather ’

el ]

Brain
Storage
Memory ! Knpwledge
4 '
e 1 —
G SO =
g *
t A A
_gCSummary Recall Learn| |Retrieve
— A4 v
‘ § Decision Making
L .
&) Planning
Action ] / Reasoning
Calling API ...

{ Embodiment H

Lo® -
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summary
— (@ — ]

Short-term

Feed back

Agents

Memory

Memory Retrieval \l,

|_—l (D= — 5

Rethink

L

Observation

22

Reward
I

Environment

Long-term

<

Objective

LLM-based Agents

Action

r 1

- - o

Computer Game

A

Code

Simulation

S &

Real-Word

A\ 4

Impact

Tools

On)
(M

Chat

A

Machine

00

APls

IT¢

Crawler

\((ﬁu

SR 3 T )

National Taipel University
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Large Multimodal Agents (LMA)

/

D,

ExecuteT "Result

\

S i Result "
-@- S
= Planner
Plan .
Generate <S> Perception
Act Task
J Result Feedback

)

Environment

Multi-Modality

& (=3 «d, )

(a)

/

Save Long Mmory
— = [E2
Recall ==
SO Result
A
s — Planner
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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)




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

Chatbots & Qe o A weti
Virtual Assistants 2 9




Financial LLM Agent

- e ~
AAAAA
/ N

Investment Market
and Trading ~ Simulator

/
/
/
/
/
!
!

Environment

| =Y . .

ER 0L T Bger o
=y | b
L W o | T ®

i o ” f”- H*‘Iu - i / # ﬂ -

' W“\- o e 4 Downstream

{ v‘+‘—' “ pvarnmandll Interaction > Automated Muh‘i-agenf
; llllll i Applications Process Sysfem
Other -8 070
Systems ! @l | ﬁ |

g-d 6-0

’
.
.........................................

69



xxxxxxx
versity

Digital Sustainability
Transformation
ESG Data Analytics




Environmental
Social

Governa nce



xxxxxxx

......................

CSR:
Corporate
Social
Responsibility




ToAplc

Evolution of Sustainable Finance Research G

aaaaaaaaaaaaaaaaaaaaaaaa

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
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(

ESG to 17 SDGs \"m
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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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Net-Zero Transformation X7
 Ambition * Supply chains
* Aligned to achieving global net * Transformed net zero supply chains
zero by no later than 2050 & to * Innovation
limit warming to 1.5° C * Developed innovation and
* Governance technologies to deliver net zero
* Accountability driven from the top * Finance
* Strategy * Financing the net zero
* Embedded and aligned net zero transformation
into company strategy * Transparency
* Enterprise  Communicating action
* Key operating model changes in o Engagement
support of transformation * Enhancing the pace and scale of net

zero action

https://www.pwc.com/us/en/services/esg/library/building-blocks-for-net-zero-transformation.html
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: (=
Net-Zero Transformation Enablers ..

National Taipel University

Net-zero industry performance Net-zero industry readiness
The four drivers of industry net The five enabling dimensions of
greenhouse gas (GHG) emissions: industry net-zero transformation:

How it is produced:
What is produced: Production process emission and

Industry production volume and mix energy intensity Technology

to decarbonize
production processes

Infrastructure
to enable low-emission
production

Capital
to transform industry

asset base {:j %

Technology

2

Net GHG
emissions

Net-zero
transformation
enablers

What it contributes to:
Scope 3 emissions and offsets

Demand
to buy low-emission
products at a premium price

Policies
to support low-emission
business models

What energy is used:
Types of energy sources consumed

Source: https://www.weforum.org/agenda/2022/07/net-zero-tracker/ 79
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Digital Transformation

CE T

Dimensions

Categories

A. BUSINESS MODELS

Business Process Innovation
Business Strategy

B. DIGITAL BUSINESS

Digital Culture, Literacy and Skills
Digital Economy

InNnovation and Socio-technical Shared Values

C. TECHNOLOGIES

Technology and Innovation VManagement
Artificial Intelligence

Big Data

Internet of Things

Industrv 4.0

D. SUSTAINABILITY

Sustainable Business

Sustainable Competitive Advantage
Sustainable Development
Sustainable Innovation

{
1
1

E. HUMAN RESOURCES

Employee Experience
Career Dynamics

F. SMART CITIES

Sustainable Smart Manufacturing
Digital Manufacturing

Taipel University
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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.

IV 343 JO [9A3] YSHI pay1Iuap|
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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

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
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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
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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




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




ESG Challenges and Opportunities

* Challenges
* Fragmented and unstructured ESG data.
* Lack of standardization and transparency.
* Timeliness of data availability.

* Opportunities
* Rising demand for actionable ESG insights.
* Innovation in sustainable solutions and policies.
* Generative Al as a tool for transformation.



Sustamablllty and ESG Data Analytlcs
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Generative Al for ESG Data Analytics {'

‘alpel University

* Data Integration and Enrichment:
* Synthesizing structured and unstructured ESG data.

 Automated Reporting and Insight Generation:

* Tailored ESG reports and insights for stakeholders.
* Scenario Modeling and Forecasting:

* Simulating potential risks and opportunities.

* Addressing Bias and Ensuring Accountability:
* Transparent, fair, and ethical Al deployment.
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Generative Al and LLMs for Sustainability and
ESG Data Analytics




Sustainability Innovation G
with Generative Al

* Sustainable Product Design:

* Eco-friendly designs minimizing waste and energy.
* Policy Formulation and Implementation:

* Al-driven simulations for effective policies.
* Stakeholder Engagement and Awareness:

* Communicating ESG strategies with compelling Al-driven
visuals.
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Generative Al for ESG Rating and Reporting \=
Generation
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Mapping the ESG Standards Landscape

* The most prevalent ESG reporting frameworks

* GRI (Global Report Initiative)

* CDP (Carbon Disclosure Project)

* SASB (Sustainability Accounting Standards Board

* ISSB (International Sustainability Standards Board)

* TCFD (Task Force on Climate-related Financial Disclosures
* How companies choose

* Materiality, industry-specific standards, investor alignment
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GRI (Global Report Initiative)
How to use the Reporting Public policy & About ;
Standards v oo e dode Y support ¥ partnerships v Grl Y Newsv Goals and targets database & Sign In Donate Now

The global leader for
impact reporting

Welcome to GRI. For over 25 years, we have developed and delivered
the global best practice for how organizations communicate and
demonstrate accountability for their impacts on the environment,
economy and people.

We provide the world's most widely used sustainability reporting
standards, which cover topics that range from biodiversity to tax, waste
to emissions, diversity and equality to health and safety. As such, GRI
reporting is the enabler for transparency and dialogue between
companies and their stakeholders.

Access the GRI Standards >

https://www.globalreporting.org/ 102
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CDP (Carbon Disclosure Project)

Guidance & questionnaires Contact Regional websites Language

SN'CDP

; P Sign in
DISCLOSURE INSIGHT ACTION About us Our work Why disclose? Become a member Data and insights L

a—

We focus investors, companies, cities and
governments on building a sustainable

economy by:measuring and acting on
their environmental impact.

CDP is a not-for-profit charity that runs the global disclosure system for investors, companies, cities, states and
regions to manage their environmental impacts. Over the past 20 years we have created a system that has
resulted in unparalleled engagement on environmental issues worldwide. Find out more about how we work.

https://www.cdp.net/ 103
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SASB (Sustainability Accounting Standards Board)

IFRS Foundation Other Resources: The ISSB Integrated Reporting Framework

SASB
STANDARDS

9 Subscribe ¥ Download Standards
Now part of IFRS Foundation

About SASB Standards Using the SASB Standards Pathway to ISSB Education Membership @)

SASB Standards: Your
pathway to ISSB

https://sasb.org/ 104
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ISSB (International Sustainability Standards Board)
B3 IFRS 2 Q

ABOUT US IFRS ACCOUNTING IFRS SUSTAINABILITY

Home International Sustainability Standards Board

International Sustainability Standards Board

ABOUT MEMBERS MEETINGS RESOURCES NEWS

About the International Sustainability Standards Board
Related information

The Trustees of the IFRS Foundation announced the formation of the International Sustainability ) .
Sustainability FAQs

Standards Board (ISSB) on 3 November 2021 at COP26 in Glasgow, following strong market demand for
its establishment. The ISSB is developing—in the public interest—standards that will result in a high-
quality, comprehensive global baseline of sustainability disclosures focused on the needs of investors
and the financial markets.

General Sustainability-related Disclosures
project

. : ; ; g ; Climate-related Disclosures project
Sustainability factors are becoming a mainstream part of investment decision-making. There are prol

increasing calls for companies to provide high-quality, globally comparable information on sustainability-
related risks and opportunities. as indicated by feedback from many consultations with market

https://www.ifrs.org/groups/international-sustainability-standards-board/ 105
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TCFD

(Task Force on Climate-related Financial Disclosures)
B3 FRS https://www.ifrs.org/sustainability/tcfd/ 2 Q

ABOUT US IFRS ACCOUNTING  IFRS SUSTAINABILITY

Home ISSB and TCFD

ISSB and TCFD

The Financial Stability Board has announced that the work of the TCFD has been completed, with the
ISSB's Standards marking the 'culmination of the work of the TCFD'.

Companies applying IFRS S1 General Requirements for Disclosure of Sustainability-related Financial
Information and IFRS S2 Climate-related Disclosures will meet the TCFD recommendations as the
recommendations are fully incorporated into the ISSB's Standards.

Companies can continue to use the TCFD recommendations should they choose to do so, and some
companies may still be required to use the TCFD recommendations. Using the recommendations is a
good entry point for companies as they move to use the ISSB's Standards.

The IFRS Foundation has published a comparison of the requirements in IFRS S2 and the TCFD
recommendations.

https://www.fsb-tcfd.org/

Related Information

IFRS Foundation welcomes culmination of
TCFD work and transfer of TCFD monitoring
responsibilities to ISSB from 2024

Comparison: IFRS S2 Climate-related
Disclosures with the TCFD Recommendations

Resource: Making the transition from TCFD to
ISSB

IFRS Sustainability Standards Navigator
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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. 108



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
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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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8,000

Companies

90%

Global market
capitalization

340,000+

Current Research Universe
and Active Securities

DJSI S&P Global ESG Score

Approx.

1,000

Datapoints

130+
30+

Criteria scores

S&P GLOBAL
ESG SCORE

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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SUSTAINALYTICS S u St 3 i Nna Iyt i CS Eﬂ

a Morningstar company

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

FACTSET Truvalue G

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 Sustainalytics

Derives ratings in a structured data model

Analyst role at the end of
Collect Process Analyze Generate th I
data data data score/rating € pr oc‘:ecss QHOWS
subjectivity to color
\ J \ )
I ||

results

DATA MINERS & TECHNOLOGY ANALYSTS

Al-driven ESG research
Derives signals from unstructured data

Analyst expertise at the
Develop Extract Analyze Generate baaiant fth
algorithms signals data score/rating CYUINGG O IEPIOCERS
produces consistent
\ J |\ )
I |

Truvalue Labs

results
ANALYSTS & ENGINEERS TECHNOLOGY
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Analyst based
ESG Research

Al based
ESG Research

(.

e
\ NTPU

CE T
Analyst Based ESG Research Nationl Taipet niversty
Collect Data Analyze Data Generate score rating
u J N J
Y Y
Raw data sources Analysts

and tools

Applying Al to ESG Research

Analyze data and Review and
Develop algorithms Extract signals uncover material determine
impact investment decision
\ J \ J 1\ J
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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ESG Analytics: NLP Taxonomy

ESG Analytics
Master View

ANALYTICS

—4) Environmental

®  ® socal

—4@ Governance

—. Climate Change
——. Sustainability

—. Biodiversity & Water

. Community

Responsibility

Human Rights

Leadership &
Management

e
—
Business
] S Innovation
o
o

Qutside Activities

Business Ethics

@ 5 subtopics
@ 3 subtopics

@ 3 subtopics

@ :subtopics
@ 5 subtopics

@ 7 subtopics
@ 5 subtopics

@ 4 subtopics
@ 3 subtopics

@ 4 subtopics
@ 4 subtopics
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Top
ESG Reporting
Software

Environmental, Social and
Governance (ESG) Reporting
software or Sustainability
software helps organizations
manage their operational
data, evaluate their impact on
the environment and provide
reporting to perform audits.

9.4

PRODUCT FEATURES AND SATISFACTION

70

C B T
ational Taipel iversity
@ EMITWISE
— EHS INSIGHT
ENERGYCAP ‘
FIGBYTES
ENVIZI
envizi o [r—
SERVICENOW ESG MANAGEMENT
DILIGENT SUSTAINABILITY REPORTING SOFTWARE
w
WORKIVA ESG

ES? BENCHMARK ESG REPORTING

~ ESP CSR

&

ECOMETRICA SUSTAINABILITY REPORTING

VENDOR EXPERIENCE AND CAPABILITIES
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Future Directions

* Integrating blockchain, 10T, and digital twins.
* Democratizing Al tools for all stakeholders.

* Promoting collaboration among experts and
communities.
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Conclusion N,

* Generative Al is transforming ESG analytics and
sustainability innovation.

* Collaboration among researchers, policymakers, and
innovators is key.

* Generative Al to build a sustainable future.

123



Summary

* Generative Al
* ESG Rating
* ESG Reporting Generation
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