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Sherry Madera (2024),
Navigating Sustainability Data: How Organizations can use ESG
Data to Secure Their Future, Kogan Page
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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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Innovative Agentic Al
Technology for
Autonomous
ESG Report Generation

Industrial Technology Research Institute (ITRI),
Fintech and Green Finance Center (FGFC, NTPU),
NTPU-114A513E01, 2025/03/01~2025/12/31
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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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Agentic Al

Powering
Digital Sustainability
Innovation




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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https://www.youtube.com/watch?v=_waPvOwL9Z8

2017

2018

2019

2020

2021

2022

2023

2024

2025

Generative Al LLMs (2017-2025) G

.Transformer (Google)
"Attention Is All You Need"

GPT-1 (OpenAl)
"Improving Language Understanding by Generative Pre-Training"

BERT (Google)

"Pre-training of Deep Bidirectional Transformers"

GPT-2 (OpenAl)
"Language Models are Unsupervised Mul%ammlLM (NVIDIA)

"Training Multi-Billion Parameter Models"

® T5 (Google)
"Unified Text-to-Text Transformer"

GPT-3 (OpenAl)
"Language models are few-shot learners"

LaMDA (Google)
"Language Models for Dialog Applications" FLAN (Google)
"Finetuned Language Models are Zero-Shot Learners"

PaLM (Google)

‘"Scaling Language Modeling with Pathways" . .
® InstructGPT (OpenAl) BLOOM (BigScience)
"Training language models to follow instrai'mB-Parameter Open-Access Multilingual Model"
.OPT (Meta)
’LLaMA (Meta) "Open Pre-trained Transformer Language Models"
SPPoaOpERRT) "oundation Language Mpigfia 2 (Meta)
"'GPT-4 Technical Report" "Open Foundation and Fine-Tuned Chat Models"
.Mlstral 7B (Mistral Al)
® LLaMA 3 (Meta) .OidadEGMropid)ts model"
"The Llama 3 Herd of Models" "Opus, Sonnet, and Haiku models"
.Gemma (Google) .Gemml (Google)
"Open-weights, state-of-the-art models" "Google's largest and most capable Al model"
Qwen2.5 (Alibaba)
DeepSeek-R1 (DeepSeek) ‘Grok 3 (xAl)
"Incentivizing Reasoning Capability" "Advanced reasoning and multimodal capabilities"
Claude 3.7 (Anthropic) .Gemma 3 (Google)
"Claude 3.7 Sonnet and Claude Code" "The most capable lightweight open model"

[CE T

National Taipel University

Key Organizations

@® Google @ XxAl

@® OpenAl @ Anthropic
® Meta @ NVIDIA

@® Mistral Al @® BigScience
D Alibaba

Key Milestones

2017:

2018:
2020:
2022:
2023:
2024:

2025:

Transformer architecture

First-gen GPT, BERT

GPT-3 (175B parameters)

Emergent abilities, instruction tuning
GPT-4, multimodal models
Open-weights race, Mamba2
DeepSeek-R1, Grok 3

Claude 3.7, Gemma 3

13



LLM-powered Multimodal Agents &
Large Multimodal Agents (LMAs)

National Taipel University

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 ; Auto+Ul | Cola LLaVAtInteractive{ JARVIS-1 | Mobile-Agent
| | | | DiscussNav | i : | 0OS-Copilo
, 12 | : : ! : ' e ' B
3 (D Ko ® o A ¢ R N :

QoY © we' N\"N W ik e® ot o oV N\ \o©
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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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Short-term

Feed back

Agents

Memory

Memory Retrieval \l,

|_—l (D= — 5

Rethink

L

Observation
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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)
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Agentic Al Cloud Architecture

nnnnnnnnnnnnnnnnnnnnnnnn

Microservices and Serverless Architecture

Containers (Docker, Kubernetes)
Serverless platforms (AWS Lambda, Google Cloud Functions)

APIs and Tooling Integration via MCP

Agents access tools (e.g., databases, APls, CRMs, payment gateways)
using Model Context Protocol (MCP)
Enhances tool-using behavior of LLM agents

Tools and Frameworks
LangChain, AutoGen, CrewAl: for orchestrating LLM agents
Anthropic’s MCP, Google’s A2A: communication protocols
Vector DBs (Pinecone, Weaviate): for agent memory

19



Agent2Agent Protocol (A2A)

An open protocol enabling Agent-to-Agent interoperability,
bridging the gap between opaque agentic systems

Remote Agent

End-User Client

https://google.github.io/A2A/

20


https://google.github.io/A2A/

User

Web
Browser

A2A Demo Web App
Agents talking to other agents over A2A

Remote 2>
Agent 3 ®

i Front- Host Remote Q» |

i end Agent Agent 3 »

i Remote 2> |
Agent 3> |

i Demo App (mesop, Google ADK)

https://github.com/google/A2A/blob/main/demo/README.md

x |

< g LangGraph E

< 0 Agent |

s |

N emeeee————— |
| < & Google i
#»ﬁ 2 ADK !
5 »  Agent 5
o Crew Al :
[ rew ]
! 25 Agent E

21


https://github.com/google/A2A/blob/main/demo/README.md

AZA & Agent

(Agent2Agent

Protocol)
for agent-agent Local Agents
collaboration

13) Agent

Local Agents

< {A2A protocol - >

{ LLM

[ Vertex Al (Gemini API, 3P) }

sallepunoq [edibojouyoa) Jo jeuoneziuebiQ

Agent Development Kit Agent Framework
(ADK)
MCP i f
(Model Context __MCP__ . McP__

' ./

Protocol) . v .
for tools and APIs & Enterprise APIs & Enterprise
Applications Applications

resources

https://google.github.io/A2A/



https://google.github.io/A2A/

(.

Google A2A (Agent2Agent Protocol) =,
Agont
Seamless Agent .‘gy
Collaboration o ™o
Other
Agent
Simplifies EnterPrlse \= I = X
Agent Integration —
Supports Key
Enterprise Requirements Secure ek and Ux Capability
collaboration state mgmt negotiation discovery

https://google.github.io/A2A/ 23



https://google.github.io/A2A/

MCP (Model Context Protocol) AT

.

MCP is a open
protocol that
standardizes how
applications
provide context to
LLMs.

MCP: USB-C port

for Al applications.

Your Computer

MCP Protocol—» MCP Server A

aaaaaaaaaaaaaaaaaaaaaaaa

J Local

~

Host with MCP Client

<+«—MCP Protocol—» MCP Server B
(Claude, IDEs, Tools)

Data Source A

Local
Data Source B

A

>

S

MCP Protocol—» MCP Server C

https://modelcontextprotocol.io/introduction

<«—\Web APls

Internet

Remote
Service C

24


https://modelcontextprotocol.io/introduction

MCP and A2A >,

* MCP (Model Context Protocol) for tools and resources

* Connect agents to tools, APIs, and resources with structured
inputs/outputs.

* Google ADK supports MCP tools. Enabling wide range of MCP
servers to be used with agents.

* A2A (Agent2Agent Protocol) for agent-agent collaboration

* Dynamic, multimodal communication between different
agents without sharing memory, resources, and tools

* Open standard driven by community.
* Samples available using Google ADK, LangGraph, Crew.Al

https://google.github.io/A2A/



https://google.github.io/A2A/

Agentic
applications
require both

A2A and MCP

A2A allows agents to
connect with other agents
and collaborate in teams.

MCP provides agents with
access to tools

£ N
Agent2Agent Protocol layaet Baant
r D
Agent2Agent ‘:
Source Agent Protocol b >
r w . \ 4@»
S| - O -
€ - — — o < - — — 5
— == @
- J
< J
(" )
Model Context Protocol Tools
e N
Model context e
Source Agent Protocol (MCP) o
@ N s \ P
1 — e AR @VtDG
Q_J ector
u_ e
Jjoin.DailyDoseofDS.com Wl o)

https://blog.dailydoseofds.com/p/a-visual-guide-to-agent2agent-a2a

26


https://blog.dailydoseofds.com/p/a-visual-guide-to-agent2agent-a2a

MCP and A2A Protocol for Al Agents

MCP Host

Prompts

R _ _ Discovery via
esources Agent Cards
1

Tools

https://blog.dailydoseofds.com/p/a-visual-guide-to-agent2agent-a2a
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Generative Al
(Gen Al)

Al Generated Content

(AIGC)




. =
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.

29



Al, ML, DL, Generative Al e

ML

DL

Al

GAl

ASR/
NLP

Artificial Intelligence

Machine Learning

Automatic Speech Recognition,
Natural Language Processing

Generative Al

30
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Definition
of
Artificial Intelligence
(A.l.)



Artificial Intelligence

“.. the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)
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Artificial Intelligence

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



:::::::
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Artificial Intelligence

“... intelligence
exhibited by machines
or software”



4 Approaches of Al
) 3.
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), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson

35



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

36



Al, ML, DL \T

aaaaaaaaaaaaaaaaaaaaaaaa

4 Artificial Intelligence (Al) A

Machine Learning (ML)

4 Y )

Supervised Unsupervised
Learning Learning

e

Deep Learning (DL)

\ CNN 4

RNN LSTM GRU
GAN

\. J

Semi-supervised l Reinforcement

§ Learning Learning ) )
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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

38



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

* Characteristics: Creativity, interactivity

39
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Generative Al
Large Language Models
(LLMs)

Foundation Models



Language
Models
Text
Image
Speech
Video
Models

Text To Image

Text To Image

Speech To Text

Text To Speech
O METHODOLOGY

Speech To Speech
S. Stable Diffusion

Video Generation

@ Playground

%

Ideogram

@ Leonardo.Ai Phoenix

& Janus Pro

byt Infinity

Gemini

Q

’ Reve

o SANA-Sprint

https://artificialanalysis.ai/

\‘(fm‘pu

Image generation models and API providers & ¥ o kP

National Taipel University

ALL MODELS IMAGE ARENA

© DALLE
Midjourney

aWs Amazon Titan

G Google Imagen

B Recraft

& Luma Labs

EJ MiniMax

@ OpenAl GPT

A\ FLUX

m HiDream

41


https://artificialanalysis.ai/

Generative Al (Gen Al) N

Al Generated Content (AIGC)

Image Generation

Figure 1 Figure 2

Instruction 1:
An astronaut riding a
horse in a photorealistic

Instruction 2:
Teddy bears working on
new Al research on the

moon in the 1980s.

style.

|

@ 0openAI DALLE2

42
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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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TEXT

AUDIO

IMAGE

3D

VIDEO

DNA

PROTEIN

MOLECULE

ANIMATION

Modular Modalities

Where Can The Transformer Fit?

ANIMATI'ON
MOLECULE
PROTEIN
DNA

VIDEO

3D

IMAGE
AUDIO

TEXT

Source: NVIDIA DLI (2025), Rapid Application Development with Large Language Models (LLMs), https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-26+V1

<SINVIDIA. I


https://learn.nvidia.com/courses/course-detail?course_id=course-v1:DLI+S-FX-26+V1

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

(

Q.
\ NTPU

S T
National Taipel University
CvV
DDPM
ViT
NLP MoCo
GPT-3 NLP
OPT |
BART |
I [
I I I
I
I
I
DALL-E
BLIP2
DALL-E 2
VL
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Categories of Vision Generative Models X&

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

(3) Normalizing flows

ooooooooooooooo ity

s Encoder , _ Decoder
ap(zlx) = "7 7 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 i
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

—_—

—|

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

Output

— [ Decoder ] —

Transformer —+ “This is a cat.”
Decoders

p—q
Vision Decoders e N
(GANSs, Diffusions)
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Artificial Analysis Text to Image Arena A<

CE T

National Taipel University

Artificial Analysis LANGUAGE MODELS v  SPEECH, IMAGE & VIDEO MODELS v  LEADERBOARDS v ‘¥ ARENAS v  ABOUT v

Arena Leaderboard Personal Leaderboard

TEXT TO IMAGE ARENA 2 + Submit prompt

13/30 to view your model preferences ¢ | Try the new 'lil Speech Arena

Which image best reflects this prompt?

Clumsy robot trying to cook in a cartoon kitchen

¢ e —

Q prefer (¢ Key) Q prefer (- Key)

https://artificialanalysis.ai/text-to-image/arena 48



https://artificialanalysis.ai/text-to-image/arena

cpe s : (=
Artificial Analysis Text to Speech Arena e

CE T

National Taipel University

Artificial Analysis LANGUAGE MODELS v  SPEECH, IMAGE & VIDEO MODELS v  LEADERBOARDS v ‘¥ ARENAS v  ABOUT v Newsletter Subscribe

Arena Leaderboard Personal Leaderboard

TEXT TO SPEECH ARENA API Performance & Price Analysis [(J

5/30 to view your model preferences
Which do you prefer?

Imagine this voice as a conversational Al assistant, customer support system or reading you an email

The ISS travels at approximately 17,500 miles per hour, orbiting Earth every 90 minutes and experiencing 16 sunrises and sunsets each day.

> 0:11/0:11 0 » 0:10/0:10 )

Notes:

Models compared: TTS-1, TTS-1 HD, Studio, Journey, Neural2, WaveNet, Standard, Polly Long-Form, Polly Neural, Polly Standard, Azure Neural, MetaVoice v1, XTTS v2, StyleTTS 2, OpenVoice v2, Sonic English (Oct '24), Turbo
v2.5, Multilingual v2, GPT-40 Realtime Preview, 3.0 mini, T2A-01-HD, T2A-01-Turbo, Zonos-v0.1, Kokoro 82M v1.0, Polly Generative, Flash v2.5, Fish Speech 1.5, Dialog, GPT-40 mini TTS, LMNT

Methodology: For further details, see our Speech to Text methodology page.

Other notable links: See also TTS-Arena on Hugging Face for another arena which includes more open-source models.
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Artificial Analysis Video Generation Model Arena

Artificial Analysis LANGUAGE MODELS v  SPEECH, IMAGE & VIDEO MODELS v  LEADERBOARDS v ‘¥ ARENAS v  ABOUT v Newslette Subscribe

Arena Leaderboard Personal Leaderboard

VIDEO GENERATION MODEL ARENA [ + Submit prompt

0/30 to view your model preferences ** Try the new 'l Speech Arena

Which video best reflects this prompt?

Clouds flow gently through the mountain valley, billowing and expanding as they move from left to right.

https://artificialanalysis.ai/text-to-video/arena
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(.

Jos.
\ NTPU
G T )

National Taipel University

Artificial Analysis Text to Image Leaderboard

Text to Image Al Model & Provider Leaderboard rogs frena

Contribute to the Quality ELO score and see your personal

Analysis and comparison of Text to Image generation models & API providers. Artificial Analysis has analyzed text to image models model ranking
and hosting providers across quality, generation time, and price. For further details, see our methodology page.

(&f 1mage Arena

Text to image models & providers compared: Phoenix 0.9 Ultra, Playground v2.5, Stable Diffusion 3 Medium, Stable Diffusion XL 1.0, SDXL Lightning, Stable Diffusion 1.5, Stable Diffusion 2.1, Amazon Titan G1 (Standard),
DALLE 2, DALLE 3 HD, DALLE 3, Midjourney v6, Stable Diffusion 1.6, Stable Diffusion 3 Large Turbo, Stable Diffusion 3 Large, Midjourney v6.1, Amazon Titan G1 v2 (Standard), Playground v3 (beta), Ideogram v2, FLUX.1
[pro], FLUX.1 [dev], Stable Diffusion 3.5 Medium, Ideogram v2 Turbo, Ideogram v1, FLUX1.1 [pro], Recraft 20B, FLUX.1 [schnell], Stable Diffusion 3.5 Large, Stable Diffusion 3.5 Large Turbo, Recraft V3, Luma Photon Flash,

Adobe Firefly 3, GPT-40, Janus Pro, Luma Photon, Lumina Image v2, Phoenix 1.0 Fast, Phoenix 1.0 Ultra, Image-01, Gemini 2.0 Flash Experimental, Reve Image (Halfmoon), Ideogram v2a, Ideogram v2a Turbo, Imagen 3 (v002),
Ideogram 3.0, Midjourney v7 Alpha, Sana Sprint 1.6B, HiDream-11-Dev, and Grok 2.

Highlights

QUALITY ELO GENERATION TIME PRICE

80 80 825
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Text to Speech (TTS) Al Model & Provider Leaderboard

Text to speech models & providers compared: TTS-1, TTS-1 HD, Studio, Journey, Neural2, WaveNet, Standard, Polly Long-
Form, Polly Neural, Polly Standard, Azure Neural, MetaVoice v1, XTTS v2, StyleTTS 2, OpenVoice v2, Sonic English (Oct

'24), 3.0 mini, Turbo v2.5, Multilingual v2, T2A-01-HD, T2A-01-Turbo, Zonos-v0.1, Kokoro 82M v1.0, Polly Generative,
Flash v2.5, Dialog, Murf Speech Gen 2, and Step TTS Mini.

QUALITY ELO

Arena ELO: Average ELO rating of the model, Higher
is better
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CHARACTERS PER SECOND

Characters processed per second: # of characters per
second of generation time, Higher is better
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PRICE

Price: USD per 1M characters of text, Lower 1is
better
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Text to Speech (TTS) Al Model & Provider Leaderboard

Quality vs. Speed
Arena ELO: Average ELO rating of the model, Characters processed per second: # of characters per second of
generation time

Most attractive quadrant
.‘Size represents Price: USD per 1M characters of text
@ TTS-1 @ TTS-1 HD @B Studio @B WaveNet W Polly Long-form @B Azure Neural @ MetaVoice v1, Replicate
@ OpenVoice v2, Replicate @B Sonic English (Oct '24), Cartesia M Multilingual v2 @B Zonos v0@.1, Zyphra
@ Kokoro 82M v1.0, Replicate @ Flash v2.5 @ Dialog @B Step TTS Mini @ PlayAI Dialog 1.0, Groq

1250 - 2\ Artificial Analysis

1200 — i i ‘ ‘ .
Sonic English (Oct '24), Cartesia !
g ( ) Kokoro 82M v1.0, Replicate s Ty

1150 —
‘_Multilingual v2 _Flash v2.5 .\.
1100 - & TTS-1

o
— __Polly Long-form
i 1050 - ‘ Y 9
«©
= [ 4 — Azure Neural
g 1000 — &g Studio
= SE D - Zonos vO0.1, Zyphra PlayAl Dialog 1.0, Groq
= Step TTS Mini
=S 900 - : -
o OpenVoice v2, Replicate @
850 - \
WaveNet
800
750 — MetaVoice v1, Replicate
700 = I I I I 1 I I 1 I I I I I
o 50 100 150 200 250 300 350 400 450 500 550 600 650

Characters Per Second

https://artificialanalysis.ai/text-to-speech
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Text to Speech (TTS) Al Model & Provider Leaderboard

Speed vs. Price
Characters processed per second: # of characters per second of generation time, Price: USD per 1M characters
of text

Most attractive quadrant
@T7TS-1 @ TTS-1 HD @ Studio @ WwaveNet [ Polly Long-form @@ Azure Neural @@ MetaVoice v1, Replicate
@ OpenVoice v2, Replicate @B Sonic English (Oct '24), Cartesia @ Multilingual v2 @8 Zonos v0.1, Zyphra
@ Kokoro 82M v1.0, Replicate M Flash v2.5 M@ Dialog @ Step TTS Mini @@ PlayAI Dialog 1.0, Grog

600 - /\ Artificial Analysis
550 -
K“ITSJ TTS-1 HD

500 -
©
5 450 - _WaveNet
& 400 -
u“) 350 - _Flash v2.5
&’ Azure Neural FQ J
g 300 K \Polly Long-form @
© 250 — \Kokoro 82M v1.0, Replicate \
5 PlayAl Dialog 1.0, Groq Studio
g 200 - Step TTS Mini 1 -

150 - Zonos v0.1, Zyphra

100 - penVoice v2, Replicate ‘/Dialog ®

50 - ® ‘Sonic English (Oct 24), Cartesia MetaVoice v1, Replicate Multilingual v2
0~ ‘ I I I I [ I ‘ 1 [ I I I
0 20 40 60 80 100 120 140 160 180 200 220
Price
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Text to Speech (TTS) Al Model & Provider Leaderboard

Quality vs. Price
Arena ELO: Average ELO rating of the model, Price: USD per 1M characters of text

Most attractive quadrant
Q.Size represents Characters processed per second: # of characters per second of generation time
@ T7TS-1 @@ TTS-1 HD @ Studio @ WaveNet [ Polly Long-form @@ Azure Neural @@ MetaVoice v1, Replicate
@ OpenVoice v2, Replicate @B Sonic English (Oct '24), Cartesia @ Multilingual v2 @B Zonos v0.1, Zyphra
@ Kokoro 82M v1.0, Replicate @ Flash v2.5 @ Dialog @ Step TTS Mini @ PlayAI Dialog 1.0, Grogq

1250 - /\ Artificial Analysis
Kokoro 82M v1.0, Replicate

1200 -
, Sonlc English (Oct '24), Cartesia
1150 -
o)
100 zure Neural .

(@) -
- Multilingual v2
w1050 - TS @ \Flash v2.5 @ Studio
©
E, 1000 - Polly Long-form .\
; - Step TTS Mini \PIayAI Dialog 1.0, Groq Dialog
b~ OpenVonce v2, Replicate
S 900 -
(] . Zonos v0.1, Zyphra

850 -

\WaveNet

800 -

750 - \MetaVoice v1, Replicate

700 = I I I I 1 1 1 1 I I I

(o] 20 40 60 80 100 120 140 160 180 200 220

Price
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Text to Speech (TTS) Al Model & Provider Leaderboard

Quality Arena ELO (Text to Speech Arena)

Arena ELO: Average ELO rating of the model, Higher is better
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Speech to Text (STT) Al Model & Provider Leaderboard

Speech-to-text models & providers compared: Whisper (L, v2), OpenAl, Universal-1, Standard, Whisper (L, v2), Azure, Enhanced, Nano, Wizper (L, v3), fal.ai, Incredibly Fast Whisper,
Replicate, Nova-2, Whisper (L, v2), Replicate, Whisper (L, v3), Replicate, Base, WhisperX, Replicate, Whisper (L v2), Deepgram, Gladia, Whisper (L, v3), Groq, Distil-Whisper, Groq,
Whisper (L, v3), fal.ai, Whisper (L, v3), Deepinfra, Whisper (L, v3, Turbo), Groq, Whisper (L, v3), Fireworks, Whisper (L, v3, Turbo), Fireworks, Universal-2, Amazon Transcribe, Fish
Speech to Text, Nova-3, Chirp, Chirp 2, Scribe, GPT-40 Transcribe, and GPT-4o0 Mini Transcribe.

Word Error Rate vs. Price
Word error rate: % of words transcribed incorrectly, Price: USD per 1000 minutes of audio

Most attractive quadrant
@ Whisper (L, v2), OpenAI @B Enhanced @ Wizper (L, v3), fal.ai @ Whisper (L, v3, Turbo), Groq
@ Whisper (L, v3), Fireworks @ Universal-2 Amazon Transcribe @ Nova-3 @ Chirp 2 @ Scribe
@ GPT-40 Transcribe @ GPT-40 Mini Transcribe

0.14 - GPT-40 Mini Transcribe /\ Artificial Analysis

013 - _Nova-3

_Whisper (L, v3; Turbo), Groq
012 - @  \hisper (L, v3), Fireworks

0.11 - .
Afmazon Transcribe

2 @ Wizper (L, v3), fal.ai % Chirp 2
o 0-1 - Whisper (L, v2), OpenAl 1
1
ug.l 0.09 - e_GPT-4o Transcribe
= 0.08 — \ /Scribe K
o WUniversal-2 Enhanced
= 0.07 -
0.06 -
0.05 -
0.04 -
0-03 | I | I I | ] I 1 | | | I |
) 2 4 6 8 10 12 14 16 18 20 22 24 26

Price
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Speech to Text (STT) Al Model & Provider Leaderboard

Speech-to-text models & providers compared: Whisper (L, v2), OpenAl, Universal-1, Standard, Whisper (L, v2), Azure, Enhanced, Nano, Wizper (L, v3), fal.ai, Incredibly Fast Whisper,
Replicate, Nova-2, Whisper (L, v2), Replicate, Whisper (L, v3), Replicate, Base, WhisperX, Replicate, Whisper (L v2), Deepgram, Gladia, Whisper (L, v3), Groq, Distil-Whisper, Groq,
Whisper (L, v3), fal.ai, Whisper (L, v3), Deepinfra, Whisper (L, v3, Turbo), Groq, Whisper (L, v3), Fireworks, Whisper (L, v3, Turbo), Fireworks, Universal-2, Amazon Transcribe, Fish
Speech to Text, Nova-3, Chirp, Chirp 2, Scribe, GPT-40 Transcribe, and GPT-4o0 Mini Transcribe.

Word Error Rate vs. Price
Word error rate: % of words transcribed incorrectly, Price: USD per 1000 minutes of audio

Most attractive quadrant
@ Whisper (L, v2), OpenAI @B Enhanced @ Wizper (L, v3), fal.ai @ Whisper (L, v3, Turbo), Groq
@ Whisper (L, v3), Fireworks @ Universal-2 Amazon Transcribe @ Nova-3 @ Chirp 2 @ Scribe
@ GPT-40 Transcribe @ GPT-40 Mini Transcribe

0.14 - GPT-40 Mini Transcribe /\ Artificial Analysis

013 - _Nova-3

_Whisper (L, v3; Turbo), Groq
012 - @  \hisper (L, v3), Fireworks

0.11 - .
Afmazon Transcribe

2 @ Wizper (L, v3), fal.ai % Chirp 2
o 0-1 - Whisper (L, v2), OpenAl 1
1
ug.l 0.09 - e_GPT-4o Transcribe
= 0.08 — \ /Scribe K
o WUniversal-2 Enhanced
= 0.07 -
0.06 -
0.05 -
0.04 -
0-03 | I | I I | ] I 1 | | | I |
) 2 4 6 8 10 12 14 16 18 20 22 24 26

Price
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Artificial Analysis Text to Video Leaderboard

Text to Video

CREATOR

Google

Kuaishou

@ 08 @

OpenAl

L MiniMax

Pika Art

58 0O

Kuaishou

L' MiniMax

NAME

Veo 2

Kling 1.5 (Pro)

OpenAl Sora

T2V-01

Pika 2.0

Kling 1.6 (Standard)

T2V-01-Director

ARENA ELO

1124

1053

1049

1039

1038

1029

1022

Image to Video

95% ClI

-10/+10

-6/+6

-5/+5

-4/+4

-6/+6

-7/+6

-9/49

https://artificialanalysis.ai/text-to-video/arena?tab=Leaderboard&leaderboard tab=t2v

# APPEARANCES

6,452

20,631

23,649

43,450

20,432

13,607

7,765
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Artificial Analysis Image to Video Leaderboard

Text to Video Image to Video

CREATOR NAME ARENA ELO 95% ClI # APPEARANCES
I % Kuaishou Kling 1.6 (Pro) 1121 -17/+18 2,748
I (B Runway Runway Gen 4 1115 -14/+15 7,314
I G Google Veo 2 1113 -18/+17 2,770
I L MiniMax 12V-01-Director 1031 -15/+15 7,407

a Pika Art Pika 2.2 1001 -19/+17 2,740
I ¢ / Alibaba Wan 2.1 14B 1000 +0/+0 2,700
I Runway Runway Gen 3 Alpha Turbo 992 -15/+14 7,420
I (B Runway Runway Gen 3 Alpha 971 -18/+16 2,558
I @ OpenAl OpenAl Sora 960 -19/+18 2,552
H Tencen’ Tencent Hunyuan Video 922 -18/+17 2,535

https://artiticialanalysis.ai/text-to-video/arena’tab=Leaderboard&leaderboard tab=t2v
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Framework for Implementing Generative Al G
Services using RAG Model

-

PDF,
TXT,
WebURL,
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M S T
H E National Taipel University

<A NVIDIA.

University Ambassador

This certificate acknowledges that

Min-Yuh Day

has been certified to deliver NVIDIA instructor-led workshop for

academia

/%7/7 a -2

" /7
Greg Estes

Vice President, NVIDIA

Issue Date: : March 7, 2025
Ambassador Certification ID: cCFh1ZWWTvgKTq7dcKKEWw

https://learn.nvidia.com/certificates?id=cCFh1ZWWTvgKTq7dcKkEWw 63
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<A NVIDIA.

Certified Instructor

This certificate acknowledges that

Min-Yuh Day

has been certified to deliver the instructor-led workshop

Building RAG Agents with LLMs

/%7/7 a -2l

" 77
Greg Estes

Vice President, NVIDIA

Issue Date: : March 7, 2025
Certification ID: OVmqY4cSSyaOBdMQBWHxzw

https://learn.nvidia.com/certificates?id=0VmqY4cSSyaOBdMQBWHxzw

CE T

aaaaaaaaaaaaaaaaaaaaa ty
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(
<ANVIDIA. \(ﬁu

CE T

National Taipel University

Certificate of Completion

This certificate is awarded to

Min-Yuh Day

for successfully completing
Building RAG Agents with LLMs

/%07/7 a -2

7 77/
Greg Estes

Vice President, NVIDIA

Issue Date: : December 8, 2024
Certification ID: ed-qOCIMQaatzU8SNUNxgw |
https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzU8SNUNxgw/courses/course?course_id=course-v1:DLI+S-FX-15+V1

https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzUSSNUNxgw 65
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<2 NVIDIA.

Certificate of Competency

This certificate is awarded to

Min-Yuh Day

for demonstrating competence in the completion of

Generative Al with Diffusion Models

/%77 a -2

" /7
Greg Estes

Vice President, NVIDIA

Issue Date: : February 28, 2025
Certification ID: q300-0BhTQKtyCCote2E-Q

https://learn.nvidia.com/certificates?id=g300-0BhTQKtyCCote2E-Q
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NVIDIA

Certified
Instructors

(12 from Taiwan)

https://www.nvidia.com/en-us/training/instructor-directory/search/

<ANVIDIA >

Deep Learning Institute

Filters

Workshop Certification v Location [1]

Chi-Hung Chuang

Chung Yuan Christian
University

& in

Featured Workshop
Fundamentals of Deep Learning, Taiwanese

Chun-Yi Lee
National Taiwan University
(NTU)
- L]
< Platinum Instructor
" 4
Featured Workshop

Fundamentals of Deep Learning, Taiwanese

Min-Yuh Day

National Taipei University
(NTPU)

= in

Featured Workshop
Building RAG Agents with LLMs, English

Ping-Chun Hsieh

National Yang Ming Chiao
Tung University (NYCU)

Featured Workshop
Fundamentals of Deep Learning, English

Chia Yu Hsu

National Taiwan University of
Science and
Technology(NTUST)

Featured Workshop
Applications of Al for Predictive

shop Drivers  Support Q

Add to Calendar

Organization v Specialization v Reset filters

Sort by: Name A-Z

Chien-Yu Chen

National Taiwan University
(NTU)

Featured Workshop

Taiwanese

David Tseng

Featured Workshop

Getting Started with Al on Jetson Nano,
Taiwanese

Ming-Che Chen

Southern Taiwan University of
Science and
Technology(STUST)

. =

.-

A Ay

Featured Workshop

Getting Started with Al on Jetson Nano,
Taiwanese

Po-Chih Kuo

National Tsing Hua University
(NTHU)

& in

p ,.

Featured Workshop
Fundamentals of Deep Learning, English

of Deep Learning, Taiwanese

Hsinmin Lu

National Taiwan University
(NTU)

16
-

"y

Featured Workshop
Fundamentals of Deep Learning, English

MingChe Hu

Chung Yuan Christian

m University
®® =
Featured Workshop

Fundamentals of Deep Learning, Taiwanese

Shu-Kai Hsieh

National Taiwan University
(NTU)

& in

Featured Workshop
Fundamentals of Deep Learning, Taiwanese
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NVIDIA
Certified

Instructors

(14 from Taiwan)
(2 from NTPU)april 2025)

Filters

Workshop Certification v Locatien [1] v

Chi-Hung Chuang

Chung Yuan Christian
University

= in

Featured Workshop

Fundamentals of Deep Learning, Taiwanese

Chun-Yi Lee
J National Taiwan Unwersity
NTY)
- 7 -
(¥ Platinum Instructor
Y
Featured Workshop

Fundamentals of Deep Learning, Taiwanese

Hung-Wen Chen

J National Taing Hua University
ﬁ (NTHU)

> = in

\;

/‘1

Featured Workshop

Fundamentals of Deep Learning, Taiwanese

Ming-Che Chen

Scuthern Taman University of
Science and
TechnclogylSTUST)

=

Featured Workshop

Getting Started with Al an Je!

Taiwanese

Po-Chih Kuo
Natiansl Taing Hua University
(NTHU)

= = in
Featured Workshop

Fundamentals of Deep Learning, English

https://www.nvidia.com/en-us/training/instructor-directory/search/

Chia Yu Hsu

National Taiwan University of
Science and
TechnologyINTUST)

Featured Workshop
Appications of Al for Predictive
Maintenance, Taiwanese

David Tseng

| Cavecu
=
= Platinum instructor
\ <2

Featured Workshop

Buiding Transformer-Bazed Natural
Language Processing Applications,
Taiwanese

Ko-Chia Yu

National Taipel University
(NTPU)

= in

Featured Workshop
Building RAG Agents with LLMs, English

MingChe Hu

Chung Yuan Christian

Featured Workshop

Fundamentals of Deep Learning, Tatwanese

Shu-Kai Hsieh

Nationa! Taiwan University
NTU)

= in

Featured Workshop

Fundamentals of Deep Learning, Tatwanese

Organzation v | Specisization v | Reset filters

Sortby:NameAZ v

Chien-Yu Chen

Nationa! Taiwan University
1Y)

Featured Workshop
Fundamentals of Deep Learning, Taiwanese

Hsinmin Lu

National Taiwan University
(NTU)

-

o <M

Featured Workshop

Fundamentals of Deep Learning, English

Min-Yuh Day

Nationa! Taipel Universit
INTPU)

Buiding RAG Agents with LLMs, English

Ping-Chun Hsieh

] National Yang Ming Chiao

Tung University (NYCL)

Featured Workshop

Fundamentals of Deep Learning, Englizh
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<A NVIDIA. G
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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. (

Get NVIDIA DLI Certificate

* Step 1. Join NVIDIA Developer Program (Free)
https://developer.nvidia.com/join-nvidia-developer-program

* Step 2. Visit NVIDIA Deep Learning Institute (DLI)
https://learn.nvidia.com/

e Step 3. Enroll "Generative Al with Diffusion Models"
Self-Paced Course ($90)

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-14+V1
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<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

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

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

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
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NVIDIA.

*;JnV|DlA, Products Solutions Industries For You

NVIDIA Deep Learning Institute (DLI)

Shop Drivers Support Q T Register 'wj{?j:ju

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

All Training Course Catalog Stay Informed

Filters

Level +
Format +
Topics -

UDeep Learning
(JAccelerated Computing
(JGenerative Al/LLM
(JGraphics and Simulation
(JOpenuUSD

(JData Science

CINIMS

CINIM

(JRAPIDS

Free / Paid +

I anmiiana -+

What do you want to learn today?

Generative Al

Q Sort by: | -- v

Showing 19 results

All Courses

Self-paced

Generative Al Explained

Free
02:00

Self-paced

Augment your LLM Using

Self-paced

Generative Al with Diffusion
Models

$90
08:00

Self-paced

Introduction to Transformer-

==z @Generative Al

Instructor-Led

Generative Al with Diffusion
Models

08:00

Instructor-Led

Rapid Application

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

\‘(ﬁu

RS PI.

National Taipel University
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Generative Al Explained

((’gnV|D|A, Products Solutions Industries For You Shop Drivers Support Q 9

Deep Learning Institute Find Training s Courses Instructor-Lec

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

Min-Yuh Day v

\‘(ﬁu

CE T

National Taipel University
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Building RAG Agents with LLMs {'

National Taipel University

@zn\"DlA' Products Solutions Industries For You Shop Drivers Support Q o Min-Yuh Day v

Deep Learning Institute Find Training Se s Ins or-Le ¢ Educator P ms Enter

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 Course Details

This course is free for a limited time. Duration: 08:00

The evolution and adoption of large language models (LLMs) have been nothing short of revolutionary, with retrieval-based systems at Price: Free
the forefront of this technological leap. These models are not just tools for automation; they are partners in enhancing productivity, Level: Technical - Intermediate
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 Subject: Generative Al/LLM
manage the considerable demands of both users and deep learning models. As we delve into the intricacies of LLMs, participants will Language: English
gain insights into advanced orchestration techniques that include internal reasoning, dialog management, and effective tooling

strategies. Course Prerequisites:

Introductory deep learning knowledge, with comfort

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-15+V1 75
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National Taipel University

@EHVIDIA. 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 o 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 76
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Deep Learning Institute

Self-paced Course
° Rapid Application Development with
Ra p [ d Large Language Models (LLMs)
Get started quickly in developing LLM-based applications by exploring the open-sourced
I e t e ecosystem including pretrained LLMs.
D e v e I O p m e n t About Course Objectives Topics Covered Course Outline Stay Informed Contact Us
. - -
W I t h L a r e About this Course Course Details

Recent advancements in both the techniques and accessibility of large language models (LLMs) have opened up unprecedented

Duration: 08:00

opportunities to help businesses streamline their operations, decrease expenses, and increase productivity at scale. Additionally,

enterprises can use LLM-powered apps to provide innovative and improved services to clients or strengthen customer relationships. Price: $90
L For example, enterprises could provide customer support via Al companions or use sentiment analysis apps to extract valuable Level: Technical - Beginner
n u a e customer insights. In this course you will gain a strong understanding and practical knowledge of LLM application development by . )
a g g exploring the open-sourced ecosystem including pretrained LLMs, enabling you to get started quickly in developing LLM-based Subject: Generative Al/LLM
applications. Language: English

. . - Course Prerequisites:
M O e S M S Lea rn I ng ObjeCtlves Introductory deep learning, with comfort with PyTorch
By participating in this course, you will: and transfer learning preferred. Content covered by

DLI's Getting Started with Deep Learning or

* Find, pull in, and experiment with the HuggingFace model repository and Transformers API. Fundamentals of Deep Learning courses, or similar

* Use encoder models for tasks like semantic analysis, embedding, question-answering, and zero-shot classification. experience is sufficient.

* Work with conditioned decoder-style models to take in and generate interesting data formats, styles, and modalities.

* Kickstart and guide generative Al solutions for safe, effective, and scalable natural data tasks. Intermediate Python experience, including object-

* Explore the use of LangChain for orchestrating data pipelines and environment-enabled agents. oriented programming and libraries. Content covered by

https://learn.nvidia.com/courses/course-detail?course id=course-v1:DLI+S-FX-26+V1 77
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<A NVIDIA.

QanV|D|A_ Products Solutions Industries For You

Deep Learning Institute Find Training Self Paced Course:s

Instructor-Led Workshops Educator Programs

Shop Drivers Support Q o

Enterprise Solutions Certification

Skills

Monthly Activity

Skill Points

Time Spent
Courses in Progress
Courses Completed
Watched Videos

Assessments

Completed Courses

Self-paced

Sizing LLM Inference Systems

Self-paced

Augment your LLM Using

Self-paced

Building RAG Agents with

Certificates

© [

Introduction to

Transformer- Building RAG

Based Natural Agents with
Language LLMs
Processing

i‘:
Accelerating
End-to-End Data

Science
Workflows

P

Generative Al
with Diffusion
Models

Self-paced

Generative Al Explained

Deep Learning Institute (DLI)

Min-Yuh Day v

Resources

o

Building RAG
Agents with
LLMs

o

Building Agentic
Al Applications
with LLMs

View more ( < >

Self-paced

Introduction to Transform
Based Natural Language
Processing

Retrieval Augmented LLMs

Generation
100% Completed 100% Completed 100% Completed 100% Completed
03:00 01:00 08:00 02:00

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

100% Completed
06:00

\((ﬁu

SR 3 T )

National Taipel University
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Certificate of Completion

This certificate is awarded to

Min-Yuh Day

for successfully completing
Building RAG Agents with LLMs

/%07/7 a -2

7 77/
Greg Estes

Vice President, NVIDIA

Issue Date: : December 8, 2024
Certification ID: ed-qOCIMQaatzU8SNUNxgw |
https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzU8SNUNxgw/courses/course?course_id=course-v1:DLI+S-FX-15+V1

https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzUSSNUNxgw 79
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<A NVIDIA.

Deep Learning Institute ri

Self-Paced Courses AllCourses  Free Courses  Benefits  Partners  Resources

All Self-Paced Courses

NVIDIA

Accelerated Computing Data Science Deep Learning Generative Al/LLM Graphics and Simulation Infrastructure

Share Generative Al/LLM Courses %

Deep
Learnin

Self-paced

Generative Al Explained

Self-paced

Introduction to NVIDIA NIM™
Microservices

Self-paced

Introduction to Deploying
RAG Pipelines for Production
at Scale

Self-paced

Generative Al with Diffusion
Models

Free Free $90 $90
02:00 02:00 03:00 08:00
[ )
n S t l t u t e Self-paced FMfzpaced Self-paced Self-paced

Techniques for Improving the
Effectiveness of RAG Systems

Introduction to Transformer-
Based Natural Language

Building LLM Applications
With Prompt Engineering

Synthetic Tabular Data
Generation Using

Processing Transformers
( D LI ) $30 $30 $90 $30
03:00 06:00 08:00 04:00

Self-paced

Sizing LLM Inference Systems

Self-paced

Building RAG Agents with

Self-paced

Augment your LLM Using

LLMs Retrieval Augmented
Generation
Free Free
03:00 01:00

https://learn.nvidia.com/en-us/training/self-paced-courses
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Building RAG Agents with LLMs G
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National Taipel University

NVIDIA. Products Solutions Industries For You Shop Drivers Support Q o Min-Yuh Day

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

Building RAG Agents with LLMs

Course Progress Bookmarks Updates

Building RAG Agents with LLMs Introduction Introduction

Building RAG Agents with LLMs
Next

Introduction

Environment and LLMs NVIDIA

LangChain

Documents and Embeddings

Gonerton Building RAG Agents with LLMs
Introduction

Next Steps

Feedback

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



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

NVIDIA.

Building RAG Agents with LLMs G
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Deep Learning Institute Find Training Self Paced Courses Instructor-Led Workshops Educator Programs Enterprise Solutions Certification

Building RAG Agents with LLMs

Course Progress Bookmarks Updates

Building RAG Agents with LLMs Environment and LLMs Environment [0, 1, 2]

Building RAG Agents with LLMs
Previous Next

Introduction
vveicome TO Bulaing KAWL AgENnTs WITN LLMIS. IN TNIS TIrST SEeCTion, we will get INTroaucea to TNe overall Course environment, LLIVI Services, ana
Introduction recommended workflows!

Course Slides This tab contains the course environment for this section, which will contain the notebooks for the next two videos! Please click through the videos

in the remaining tabs to watch the material and work through the exercises!

Environment and LLMs

Environment [0, 1, 2]
Please click the "Start" button to start up your own private server for hands-on coding practice. |t will take a few minutes to start up, so go ahead and

Part 1: Course Environment click it now and then proceed to the next video! After a few minutes when the server has loaded, click "Launch" to access the code labs.

Part 2: LLM Services

LangChain
¥, DEEP ThisLab 0:01:06/2:00:00
. 22 CEarning > .
Environment [3, 4] NVIDIA. INSTITUTE Course 13:45:51/32:00:00 LAUNCH STOP TASK
Part 3: LangChain
g 82
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Deep Learning Institute Find Training Self Paced Courses Instructor-Led Workshops Educator Programs Enterprise Solutions  Certification Resources

Course Progress Bookmarks Updates

Building RAG Agents with LLMs Retrieval-Augmented Generation Environment [7, 8, Assessment]

Building RAG Agents with LLMs
Previous Next

Introduction

. [d Bookmark this page
Environment and LLMs

LangChain In this section, we will combine all of our prior efforts to integrate and evaluate retrieval-augmented generation pipelines! Along the way, you will also get the
opportunity to work through the assessment, which will involve Gradio, LangServe, FAISS, RAG, and Evaluation! Good Luck!

Documents and Embeddings . . . . . . o
Please click the "Start" button to start up your own private server for hands-on coding practice. It will take a few minutes to start up, so go ahead and click it now

. and then proceed to the next video! After a few minutes when the server has loaded, click "Launch" to access the code labs.
Environment [5, 6]

Part 5: Documents

Part 6: Embeddings
g DEEP ThisLab 0:15:39/4:00:00 > . v

LEARNING
Retrieval-Augmented NVIDIA. INSTITUTE Course

Generation

14:12:18/32:00:00 LAUNCH STOP TASK ASSESS TASK

Environment [7, 8,
Assessment]

Part 7: Vector Stores

Part 8: Evaluation

Next Steps
83
https://learn.nvidia.com/courses/course?course id=course-v1:DLI+S-FX-15+V1
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. BExFaex®
& > C A NotSecure 34.227.20.149/lab/lab/tree/08_evaluation.ipynb ¢ 3 ¢ NetioneiTeipelUnhversity
: File Edit View Run Kernel Tabs Settings Help
- c Blex | Fote | FO® | F01® | [Fo:®  [Ho® 0@ [FO® | FOo® N0 Ho® 6o Foe |+ o
B + XO [ » ®m C » Markdown v # Python 3 (ipykernel) O
Filter files by name Q
o . BV E TN >
= Name -~ Last Modified D E E P
" m chatbot yesterday «D
* 8 composer yesterday L E A R N | N G
oo NVIDIA.  INSTITUTE
8 frontend yesterday ‘
8 imgs yesterday
B lim_client yesterday
8 slides yesterday
8 solutions yesterday
e (A 00_jupyterlab.ipynb yesterday .
&1 1. riorosersicessibyrib vesiorday Notebook 8 [Assessment]: RAG Evaluation
e [A] 02_lims.ipynb yesterday
e [W] 03_langchain_intro.ipynb yesterday . . .
o o7 ) _ 3 Welcome to the last notebook of the course! In the previous notebook, you integrated a vector store solution
[ )
—funning_state.ipyn YoStoRaay into a RAG pipeline! In this notebook, you will take that same pipeline and evaluate it using numerical RAG
® (A 05_documents.ipynb yesterday evaluation techniques incorporating LLM-as-a-Judge metrics!
e (M| 06_embeddings.ipynb yesterday
e [M| 07_vectorstores.ipynb yesterday
o [W] 08_evaluation.ipynb yesterday
e (W] 09_langserve.ipynb yesterday Learmng ObleCtlveS:
* (%] 64_guardrails.ipynb yesterday ¢ Learn how to integrate the techniques from prior notebooks to numerically approximate the goodness of
e [A] 99_table_of_contents.ipynb yesterday your RAG pipeline.
Simple 0 12 {8+ Python 3 (ipykernel) | Idle Mode: Command & Ln1, Col1 08_evaluation.ipynb 1 Q
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https://learn.nvidia.com/courses/course?course id=course-v1:DLI+S-FX-15+V1



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

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

1986

| 1 >

1995 2005 2015 2020



NO ZERO GOOD HEALTH QUALITY GENDER CLEAN WATER
POVERTY HUNGER AND WELL-BEING EDUCATION EQUALITY AND SANITATION

Tdil & N

DECENT WORK AND INDUSTRY, INNOVATION 1 REDUCED 1 SUSTAINABLE CITIES 12 RESPONSIBLE
ECONOMIC GROWTH AND INFRASTRUCTURE INEQUALITIES AND COMMUNITIES CONSUMPTION

/‘/" < E 4 )

1 CLIMATE 1 LIFE 15 LIFE 1 6 PEACE, JUSTICE 1 PARTNERSHIPS
ACTION BELOW WATER ON LAND AND STRONG FOR THE GOALS

INSTITUTIONS

Y. SUS | ABLE
@ .! @ DEVELOPMENT
2 G %'u\sALS

A 4

Source: https://sdgs.un.org/goals


https://sdgs.un.org/goals

o X T
National T

nal Talpel University

Partnership
Peace
Prosperity
People

Planet

90
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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/ 94
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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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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.
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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.

100



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 \=
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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) e

CE T

National Taipel University

How to use the Reporting Public policy & About PR
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/ 105
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CDP (Carbon Disclosure Project) \&

CE T

National Taipel University

Guidance & questionnaires Contact Regional websites Langu

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/ 106
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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/ 107
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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/ 108
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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: A\

Finance ESG

CE T

National Taipel University

SUSTAINABLE ~ _ F X E X S X G
PRODUCTIVITY INANCE NVIRONMENT OCIAL OVERNANCE
UsEe

DEVELOPMENT

PRODUCTION

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

F i Financial result

INANCE Financial expense

E Positive environmental contribution
NVIRONMENT Environmental impact

S Positive social contribution
CIAL Social burden

G Positive governance contribution
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, ...
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Sustainable Resilient Manufacturing {'
ESG

National Taipel University

FINANCE \(\\emet of PrOduCtiOn ENVIRONMENTAL

j‘ | Emissions ~—1 Reuse
—lll r impact = quota

SUSTAINABLE

PRODUCTIVITY

Compensation
- measures
DEVE P USE
GOVERNANCE "o Cvae o SOCIAL

.‘ : '— H Q ? 0 ] 0 ?p
(&)- Innovation . Renumeration R Gender Long-term
" capability @ structures @ equality ® view

Integration &

& Working conditions in the
» value chain T—’[% collaboration
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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

(

PammES
\ NTPU

CE T

National Taipel University
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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

CE T

National Taipel University
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MSCI Hierarchy of ESG Scores G

CE T
(AAA-CCC)

National Taipel University

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+

Questions

Ave.
S&P GLOBAL 30+

ESG SCORE Criteria scores

(

e
\ NTPU

CE T

National Taipel University

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\

(

Q.
\ NTPU

o X T

National Taipel University
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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,

* Agentic Al is transforming ESG analytics and
sustainability innovation.

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

* Agentic Al to build a sustainable future.
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Summary

1. Agentic Al
2. ESG Data Analytics
3. Digital Sustainability Innovation
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NTC"R IMNTPU at the NTCIR-16 FinNum-3 Task: A.Ac!a \((ﬁ?u

N TC I R_ 1 6 Data Augmentation for Financial Numclaim Classification “~~
HAzeals

[ J
FInNum-3
Yung-Wei Teng !, Pei-Tz Chiu?, Ting-Yun Hsiao !, Mike Tian-Jian Jiang 2 and Min-Yuh Day **

1Information Management, National Taipei University, New Taipei City, Taiwan
2Zeals Co., Ltd. Tokyo, Japan
* myday@gm.ntpu.edu.tw
This paper provides a detailed description of IMNTPU team at the NTCIR-16 FinNum-3 shared task in formal financial documents. We
proposed the use of the XLM-RoBERTa-based model with two different approaches on data augmentation to perform the binary
classification task in FinNum-3. The first run (i.e., IMNTPU-1) is our baseline through the fine-tuning of the XLM-RoBERTa without data

t ", we that pr ing different data i may imp the task performance because of the
imbalance in the dataset. Accordingly, we pr d double redaction and lati hod on data aug ion in the d
(IMNTPU-2) and third (IMNTPU- 3) runs, respectively. The best macro-F1 scores obtained by our team in the Chinese and English datasets
are 93.18% and 89.86%, respectively. The major contribution in this study provide a new i ding toward data augmentation
pp! h for the imbal d d: which may help reduce the imbalanced situation in the Chinese and English datasets.
’( Research Architecture and Proposed Method )“ — Translation Approach '
IMNTPU1: We adopted XLM- [ Traditional \ ( Enolish ‘_ | Simpliied
Data Augmentation RoBERTa Model without data (__Chinese ) " o + Chiness
1 as our baseli
Demstle Redacbion Traralaton X 5 _ The tax procesds were
[ In MNTPU2 ][ In MNTPU ] model. R@RE 90 A% o REIHAN 981
IMNTPU2: We adopt Double +YoY+36.36% - R ZI5T - YoY+36.36%

R

§ Redaction approach for data 6 weompm T WSR2 BE
Fined-tuning augmentation  and  XLM- .- prrcent, heher SN umitHOwR - -
- Baseline in IMNTPU-1 ROBERTa Model. wpecied.”
T IMNTPU3: We adopt the
Iranslation approach
fordacs Performance

augmentation and  XLM-
XLM-RoBERTa .
RoBERTa Model. Chinese Dataset English Dataset
Dev Set Test Set Dev Set Test Set
Tokenization Tricks Run FiScore | FlScore | FiScore | Fl-Score
(%) (%) (%) (%)
Input: GoodA day and welcome to ‘the Apple Inc. Third IMNTPUL 90.51 93.18 8713 88.39
Quarter Fiscal Year 2018 Earnings Conference Call.
Today's call is being recorded. IMNTPU2 88.65 91.64 88.82 89.86
XLM-RoBERTa lTokenlzer Double lkedacﬂon IMNTPU3 92.16 91.64 5

Output: <s> Good day and Output: <s> <mask> Good [\ ———————

welcome to the Apple day and <mask> to the
Inc. Third Quarter Apple  <mask>  Third Conclusions and Contributions

Fiscal Year xxnum 2018 Quarter Fiscal Year xxnum

Earnings Conference 2018 Earnings Conference Conclusions:

Call. Today's call is Call. Today's call is . o

being recorded. DIEE B acorded. TR The performance with data augmentation method (Double

Redaction) in English dataset is superior than without data

augmentation.
{ Algorithm of Double Redaction ) Contributions:
1 Shuffle the tokens in sentence * The major contribution of the research is that data
> Delete the duplicated tokens in sentence augmentation approach may help reduce imbalanced
3 Copy the remaining tokens as PR
« SETtheSand y situation.
s ecific toke: J
for. B :’ gl * We have developed a novel method for data
& if yless than & then i g Sh
’ Replace original token with <usk> token augmentation technique, which is double redaction
v else and translation approach, and can decrease the issue
0 Cover original token as <mask> token of imbalanced dataset
w o endif z
1w end for
12 while True do ACKNOWLEDGMENTS
1" Model predict the original token of <usk> and <mask> This research was supported in part by the Ministry of Science and Technology (MOST), Taiwan
1 end while under grant number 110-2410-H-305-013-MY2, and National Taipel University (NTPU) under grant

number 110-NTPU-ORDA-F-001, 111-NTPU-ORDA-F-001, and 111-NTPU-ORDA-F-003.

Management, NationalNaipEiUnIVErSILy SRS 'FY PHFY 0
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NTCIR IMNTPU at the NTCIR-17 FinArg-1 A\
Argument-based Sentiment Analysis and Identifying Attack and 252
Support Argumentative Relations in Social Media Discussion Threads Hzeals

P 8 92 @ ©

Chia-Tung Tsai!, Wen-Hsuan Liao?, Hsiao-Chuan Liu?, Vidhya Nataraj?, Tzu-Yu Liu3, Mike Tian-Jian Jiang® and Min-Yuh Day* *
*myday@gm.ntpu.edu.tw
linformation Management, 2Smart Healthcare M 3Busi Administration,
National Taipei University, New Taipei City, Taiwan
4Zeals Co., Ltd. Tokyo, Japan

In recent years, there has been a surge of interest in based i lysis and the identification of argumentative
relationships in social media. These tasks i lysis of premises and claims, as well as the classification of
ar ive relationships. Within these tasks, we have developed a fine-tuning method for transformer models. To evaluate and
h this pt, we blished a prehensive fi k to test and display the performance of BERT, RoBERTa, FinBERT,
ALBERT, and GPT 3.5-turbo models on financial data and social media texts. Ulti ly, the exper | results of these sub-tasks
lidate the effecti of our str: ies. The primary contribution of our research is our proposal of two key elements: fine-tuning
predominantly with BERT models and employing GPT for g ive classification, aiming to enhance the identification of argumentative
classifications. Through fine-tuning techniques, the state-of-the-art models can achieve better performance than the baseline.
”( IMNTPU Research Architecture ) ( Hyperparameter Settings )
NTCIR-17 FinArg-1 Hy, Settings
[ Transformer-Based === 108 505
Pretrained Model Max Length 128,256
Batch Size 8,16
Epochs 3,4,5

Fine-tuning Techniques

'_( Performance )“

_ NTCIR-17 FinArg-1 Argument Unit Classification

Model Micro-F1 Macro-F1 Weight-F1 Accuracy
IMNTPU-1
(BERT-base) 75.44% 75.31% 75.40% 74.82%
IM"‘."{.Z 3 76.06% 76.05% 76.07% 75.64%
)
IMNTPU-3
56.97% 56.82% 56.70% 55.08%
”( Fine-tuning Techniques ) _(GPT 3.5-turbo)
NTCIR-17 Fi -1 it Relation Detection and Classification
+  Our research in Natural Language Processing (NLP) explores deep Model Micro-F1 Macro-F1 Weight-F1 Accuracy
learning models like BERT, ALBERT, and RoBERTa for sentence IMNTPU-1 78.99% 47.36% 76.54% 78.55%
classification. ROBERTa, in particular, shows superior performance in NLP (RoBERTa-base)
tasks due to more data and extended training, refining BERT's original IMNTPU-2 82.61% 52.97% 82.14% 79.13%
training approach. The study used RobertaTokenizer for tokenization and I(:'"l::u";
RobertaForSequenceClassification for training and evaluation. 2 80.72% 50.73% 79.67% 78.55%
[BERT-uncased|
+ ASfoldc i ique was employed to fi and {6eRTuncased)
assess model performance, involving dividing the dataset into five parts NTCIR-17 FinArg-1 Identifying Attack and Support Argumentative Relations in
and using each in turn for validation. This ensures a stable and reliable Social Media Discussion Threads
performance evaluation. The study also adjusted hyperparameters such Model Micro-F1 Macro-F1 Weight-F1
as sentence length, batch size, and training epochs to improve learning WMNTPU-1 52.88% WI7% 28.73%

efficiency. For fair comparison, the same settings were applied to both ("""““"’“““m

INTPU-2

RoBERTa and BERT models during fine-tuning. ROBERTa-Large] 48.71% 24.64% 40.50%
GPT Generation Strategies and Optimization
( g8 pd ) Conclusions and Contributions -
+ Inour study, we demonstrate the application of OpenAl’s ChatGPT «  We combined fine-tuning BERT and ROBERTa with the innovative use of GPT
AP, integrating deep learning with Natural Language Processing 3.5 Turbo, effectively capturing subtle nuances in conversational texts while
(NLP) for detailed text analysis. The technology is finely tuned to ing signil in ive tasks.
classify sentences accurately as either “claim” or “premise”, aiding *  Our study offers a comprehensive solution to the Argument Unit Classification
e e e sprs e i R R
S 5 SRR ’ i ulti- i i iment is,
reasons. This is part ofa P process, with revealed deeper semantic aspects of texts by analyzing inter-sentential
specific sentiment labels providing clear targets for the model. relationships.
« The distinction between "claim" and "premise” is vital for

under ing ar and their justifications. N , the ACKNOWLEDGMENTS
method's scalability and adaptability make it versatile, suitable for This research was supported in part by the National Science and Technology Counil (NSTC),
not only basic sentiment analysis but also for more complex text Taiwan, under grants MOST 1. 05-013-MY2, NSTC 11 05-002-, and NSTC 112-

is with additional classification labels. 2627-M-038-001-, and National Taipei University (NTPU), Taiwan under grants 112-NTPU-ORDA--
analysis with a d 003, 112- NTPU-ORDA-F-004, USTP-NTPU-TMU-112:01, NTPU-112A413€01, and NTPU-112A513€01.

T :
Information M : e T
m Natiomal Taipei University
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Model Approach to Adverse Drug Event Detection from 24 e
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@ HOoaee

Hsiao-Chuan Liu?, Vidhya Nataraj?, Chia-Tung Tsai!, Wen-Hsuan Liao?, Tzu-Yu Liu?, Mike Tian-Jian® Jiang and Min-Yuh Day* *

*myday@gm.ntpu.edu.tw

lInformation Management, 2Smart Healthcare Management, >Business Administration,
National Taipei University, New Taipei City, Taiwan

4Zeals Co., Ltd. Tokyo, Japan
The IMNTPU team engaged in the NTCIR-17 RealMedNLP task, specifically focusing on Subtaskl: Adverse Dmg Event
detection (ADE) and the challenge of identifying related radiology reports. This task is centered on har i dologi
that offer significant aid in real-world medical services, especially when training resources are limited. In our approach we
harnessed the power of pre-trained language models (PLMs), particularly leveraging models like the BERT transformer, to
understand both sentence and document structures. Our experimentation with diverse network designs based on PLMs

paved !he way for an enlightening p i is. N y, BioBERT-Base emerged as a superior contender,
dable accuracy relative to its peers. Furthermore, our investigation made strides in the realm of one-
shot learnlng for multiclass labeling, specifically with the GPT fi k. The insights gathered emphasized the y for

more specialized strategies, suggesting avenues for future research in multiclass labeling tasks.

’C Research Architecture ) P( Performance )"‘

Exact Accuracy of Test Dataset and Devel nt Dataset

Models .152) Test Dataset (¥1,993)
BioBERT-Base
(Submission Run 1) 0% 082
Roberta-Base 0.76 -
Roberta-large
(Submission Run 2) o st
GPT3.5
Rin3) 072 069
GPT4.0 062 -
Subtask 1-SM-ADE-EN Binary and Per Label Metrics
Precision Recall F1 Score
LIS EE0 ADE NOADE ADE NOADE ADE NOADE
BiOBERT-  Binary 074 091 078 08 076 00
Base Per label 0.72 1.00 0.76 0.99 0.74 0.99
( Prompt Engineer MW} RoBERTa-  Binary 073 093 083 088 078 090
Large Perfabel 071 100 077 099 074 099
" Binary 047 o.47 020 091 028 082
One-shot Learning Hyperparameters GPT3S  oibel 042 018 100 025 099
* Analysis showed reduced *  Fine-tuned for multi-label text Subtask 1-SM-ADE-EN Binary ma Per Label Performance Metrics in
n inei : D ment Dataset
accuracy in unsagt.\t extraction dassification = T Nl O
from short, ambiguous tweets. *  MaxEpochs: 10 e ZE0 ADE NOADE ADE NOADE ADE NOADE
*  GPT models often over-labeled: *  MaxSequence Length: 512 BioBERT- Binary 090 097 093 09 092 097
. : 7 Base Perlabel 091 097 093 09 092 097
GPT-3.5 labeled 929 instances, [ *  LeamingRate:Se-5 ROBERTa-  Binary 089 083 059 097 071 090
GPT-4.0 labeled 789, while the *  BatchSize:16 Base Per label 085 099 049 100 062 099

actual ground truth was 400.
Prompt

«  LossFunc.: BCEWithLogitsLoss ROBERTa-  Binary 087 093 085 094 08 093
Large Perlabel 084 099 077 100 081 100

GPT3S Binary 0.72 08 053 0.90 0.61 0.85

You are a medical expert analyzinq tweets to check whether the Per label 0.62 099 057 099 060 099
user suffers adverse drug events GPT4.0 Binary 052 0.96 0.95 0.61 0.67 0.75

B A aLnal VRV LAk ig A ’ Perlabel 048 100 092 098 063 099
are shor ease consider S situation and annotate e
text with proper labels to check whether the user suffers A mew Dataset
adverse drug events. For instance, users list the adverse drug Models Accuracy Accuracy
effects rather than express personal experiences of adverse ROBERTa-Base 0.86 Gp‘|’35 1- gm 0.54
Yo amiotating steps are as follows: &+ RoBERTa-Large 087 GPT3.5-scenario 069
1. Check whether the user lists the adverse drug effects BioBERT-Base 0.85 GPT4.0-1-shot 0.61
rather than expressing personal experiences of adverse BioBERT-Large 0.86 GPT4.0-scenario 0.70
reactions.
2, Check whether this tweet's user suffers from adverse drug GPT3.5-fintune 0.85
ev
2. Cncck thc tomh;“ig acﬁ g.s ioﬂb ll;tcd l:ele‘»l

on sl owing forma

1. '! Lhe uf(c: suffers from the .weet s 8 tom instead o c° c°
}xstinq the adverse drug events, output wy': the corre‘,po'dan C nCIUSlons and ntﬂbUtlons

abe
2. If the user

with GPT-: 35boostsRoB€RTaaowracv 0.76100.86.
output with \"None
i tom Labels**

suffer from the symptom in the tweet,

nausea, diarrhea, .. , rash, stomatitis

**Here is some annotate example for you to base on.** WewoposedtwoamlelememPWEm\eerandFme-Tm

Text: I finished C due to side effects of the contrast dye. I GPT-4.

was feeling kind of sick and nausea was getting worse, so I

vfhouth it would be ;ou h, bur.lr.hxs mrmnghmy ﬁh?st hurts. MKNOWLEDGMENT
m going to go to t hospit. tomorrow, tho 2 anxio 5 o P . . i

O I e xS OUGh T A Lo This research was supported in part by the National Science and Technology Council (NSTC),
Label: nausea, pain Taiwan, under grants MOST 110-2410-H-305-013-MY2, NSTC 112- 2425-H-305-002-, and NSTC 112-

r 22 samples for to know. 2627-M-038-001-, and National Taipei University (NTPU), Taiwan under grants 112-NTPU-ORDA-F-

003, 112- NTPU-ORDA-F-004, USTP-NTPU-TMU-112-01, NTPU-112A413£01, and NTPU-112A513€01.

\agement, NationalfaiperfUniversity: G mEEaxy

Taipel University
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1. Fintech Green Finance for Carbon Market Index, Corporate Finance, and Environmental Policies.

Carbon Emission Sentiment Index with Al Text Analytics
* NTPU, 113-NTPU_ORDA-F-003, 2023/01/01~2024/12/31
2. Innovative Agentic Al Technology for Autonomous ESG Report Generation
* Industrial Technology Research Institute (ITRI), Fintech and Green Finance Center (FGFC, NTPU), NTPU-114A513E01, 2025/03/01~2025/12/31
3. Development of a Deep Learning for Dental Implant Detection in Panoramic Radiographs
University System of Taipei Joint Research Program (NTPU, TMU), USTP-NTPU-TMU-114-02, 2025/01/01~2025/12/31
4. Digital Support, Unimpeded Communication: The Development, Support and Promotion of Al-assisted
Communication Assistive Devices for Speech Impairment (2/3).
Multimodal Cross-lingual Task-Oriented Dialogue System for Inclusive Communication Support
* NSTC 113-2425-H-305-002-, 3 Years (2023/05/01-2026/04/30) Year 1: 2024/05/01~2025/04/30
5. Research on speech processing, synthesis, recognition, and sentence construction of people with language
disabilities. Multimodal Cross-lingual Task-Oriented Dialogue System
 NTPU, 113-NTPU_ORDA-F-004, 2023/01/01~2025/12/31
6. Metaverse Al Multimodal Cross-Language Task-Oriented Dialogue System
* ATEC Group, Fintech and Green Finance Center (FGFC, NTPU), NTPU-112A413EO01, 3 Years (2023/05/01~2026/04/30)
7. Establishment and Implement of Smart Assistive Technology for Dementia Care and Its Socio-Economic Impacts
(3/3). Intelligent, individualized and precise care with smart AT and system integration
* NSTC, 113-2627-M-038-001-, 2024/08/01~2025/07/31
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