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Course Syllabus &
National Taipei University R
Academic Year 113, 2"9 Semester (Spring 2025)

* Course Title: Generative Al Innovative Applications
* Instructor: Min-Yuh Day
* Course Class: MBA, IM, NTPU (3 Credits, Elective)

e

* Details
* In-Class and Distance Learning EMI Course IEII' r)
(3 Credits, Elective, One Semester) (M6031) e
* Time & Place: Tue, 2, 3, 4, (9:10-12:00) (B3F17)
* Google Meet: https://meet.google.com/paj-zhhj-mya o0
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Course Objectives }

1. Understand the fundamental concepts and research
issues of Generative Al Innovative Applications..

2. Equip with Hands-on practices of Generative Al
Innovative Applications..

3. Conduct information systems research in the context of
Generative Al Innovative Applications.




Course Outline &

SR T
National Taipei University

* This course introduces the fundamental concepts, research issues, and
hands-on practices of Generative Al Innovative Applications.

* Topics include:
1. Introduction to Generative Al Innovative Applications
2. Transformers for Natural Language Processing and Computer Vision
Large Language Models (LLMs)
NVIDIA Building RAG Agents with LLMs
Generative Al for Multimodal Information Generation
NVIDIA Generative Al with Diffusion Models
Al Agents and Large Multimodal Agents (LMAs)
Case Study on Generative Al Innovative Applications
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Core Competence e

* Exploring new knowledge in information technology,
system development and application 80 %

* Internet marketing planning ability 10 %

* Thesis writing and independent research skills 10 %



Four Fundamental Qualities

Professionalism
* Creative thinking and Problem-solving 40 %
 Comprehensive Integration 40 %
Interpersonal Relationship
 Communication and Coordination 10 %
* Teamwork 5 %
Ethics
* Honesty and Integrity 0 %
* Self-Esteem and Self-reflection 0 %
International Vision
 Caring for Diversity 0 %
* Interdisciplinary Vision 5 %
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College Learning Goals e

*Ethics/Corporate Social Responsibility
*Global Knowledge/Awareness
*Communication

* Analytical and Critical Thinking



Department Learning Goals e

*Information Technologies and
System Development Capabilities

*Internet Marketing Management Capabilities
*Research capabilities
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Week Date Subject/Topics
1 2025/02/18 Introduction to Generative Al Innovative Applications

2 2025/02/25 Transformers for Natural Language Processing and
Computer Vision

3 2025/03/04 Large Language Models (LLMs),
NVIDIA Building RAG Agents with LLMs Part |

4 2025/03/11 Case Study on Generative Al Innovative Applications |
5 2025/03/18 NVIDIA Building RAG Agents with LLMs Part Il
6 2025/03/25 NVIDIA Building RAG Agents with LLMs Part lll

11
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National Taipei University

Week Date Subject/Topics

7 2025/04/01 Self-Learning

8 2025/04/08 Midterm Project Report

9 2025/04/15 Generative Al for Multimodal Information Generation
10 2025/04/22 NVIDIA Generative Al with Diffusion Models Part |

11 2025/04/29 NVIDIA Generative Al with Diffusion Models Part Il

12 2025/05/06 Case Study on Generative Al Innovative Applications Il

12
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Week Date Subject/Topics
13 2025/05/13 NVIDIA Generative Al with Diffusion Models Part Ill

14 2025/05/20 Al Agents and Large Multimodal Agents (LMAs)
15 2025/05/27 Final Project Report |

16 2025/06/03 Final Project Report Il

13
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Teaching Methods and Activities }

* Lecture
* Discussion

 Practicum

14



Evaluation Methods 2,

* Individual Presentation 60 %
* Group Presentation 10 %

* Case Report 10 %

* Class Participation 10 %

* Assignment 10 %



Required Texts

1. Numa Dhamani and Maggie Engler (2024),
Introduction to Generative Al, Manning

2. Denis Rothman (2024), Transformers for Natural
Language Processing and Computer Vision: Explore
Generative Al and Large Language Models with
Hugging Face, ChatGPT, GPT-4V, and DALL-E 3, 3"
Edition, Packt Publishing



References

NVIDIA DLI (2024), Building RAG Agents with LLMs, https://learn.nvidia.com/courses/course-
detail?course_id=course-v1:DLI+S-FX-15+V1

NVIDIA DLI (2024), Generative Al with Diffusion Models, https://learn.nvidia.com/courses/course-
detail?course_id=course-v1:DLI+S-FX-14+V1

Denis Rothman (2024), RAG-Driven Generative Al: Build custom retrieval augmented generation
pipelines with Llamalndex, Deep Lake, and Pinecone, Packt Publishing

Alammar and Maarten Grootendorst (2024), Hands-On Large Language Models: Language
Understanding and Generation, O'Reilly Media

Ben Auffarth (2023), Generative Al with LangChain: Build large language model (LLM) apps with
Python, ChatGPT and other LLMs, Packt Publishing

Chris Fregly, Antje Barth, and Shelbee Eigenbrode (2023), Generative Al on AWS: Building
Context-Aware Multimodal Reasoning Applications, O'Reilly Media

David Foster (2023), Generative Deep Learning: Teaching Machines to Paint, Write, Compose, and
Play, 2nd Edition, Oreilly & Associates Inc
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Numa Dhamani and Maggie Engler (2024),
Introduction to Generative Al,

Manning

Introduction to

Generative Al

Numa Dhamani « Magqie Engler
Torewosd by Sobar Massachi



https://www.amazon.com/Introduction-Generative-AI-Numa-Dhamani/dp/1633437191/

Denis Rothman (2024),

Transformers for Natural Language Processing and Computer Vision:

Explore Generative Al and Large Language Models with Hugging Face, ChatGPT, GPT-4V, and DALL-E 3,
3rd Edition, Packt Publishing

EXPERT INSIGHT

Transformers for Natural
Language Processing and
Computer Vision

Explore Generative Al and Large Language Models with
Hugging Face, ChatGPT, GPT-4V, and DALL-E3

Third Edition

Denis Rothman <packd

https://www.amazon.com/Transformers-Natural-Language-Processing-Computer/dp/1805128728
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Denis Rothman (2024),
RAG-Driven Generative Al:

Build custom retrieval augmented generation pipelines with Llamalndex, Deep Lake, and Pinecone,
Packt Publishing

EXPERT INSIGHT

RAG-Driven
Generative Al

In color

Denis Rothman

https://www.amazon.com/RAG-Driven-Generative-retrieval-generation-Llamalndex/dp/183620091 9/
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Jay Alammar and Maarten Grootendorst (2024),

Hands-On Large Language Models:

Language Understanding and Generation,
O'Reilly Media

OREILLY

Hands-On

Large Language
Models s,

Language Understanding
and Generation

Jay Alammar &
Maarten Grootendorst

https://www.amazon.com/Hands-Large-Lanquage-Models-Understanding/dp/1098150961/
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Jay Alammar and Maarten Grootendorst (2024),

Hands-On Large Language Models:

Language Understanding and Generation,

O'Reilly Media
Chapter 1: Introduction to Language Models
Chapter 2: Tokens and Embeddings
Chapter 3: Looking Inside Transformer LLMs
Chapter 4: Text Classification
Chapter 5: Text Clustering and Topic Modeling
Chapter 6: Prompt Engineering
Chapter 7: Advanced Text Generation Techniques and Tools
Chapter 8: Semantic Search and Retrieval-Augmented Generation
Chapter 9: Multimodal Large Language Models
Chapter 10: Creating Text Embedding Models
Chapter 11: Fine-tuning Representation Models for Classification
Chapter 12: Fine-tuning Generation Models

https://github.com/HandsOnLLM/Hands-On-Large-Lanquage-Models

OREILLY

Hands-On
Large Language
Models s

Language Understanding 6>~
and Generation .‘

Jay Alammar &
Maarten Grootendorst
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Ben Auffarth (2023),

Generative Al with LangChain:

Build large language model (LLM) apps with Python, ChatGPT and other LLMs,
Packt Publishing.

EXPERT INSIGHT

Generative Al
with LangChain

Build large language model (LLM) apps with
Python, ChatGPT, and other LLMs

<packt> Ben Auffarth

https://www.amazon.com/Generative-Al-LangChain-language-ChatGPT/dp/1835083463

23


https://www.amazon.com/Generative-AI-LangChain-language-ChatGPT/dp/1835083463

Chris Fregly, Antje Barth, and Shelbee Eigenbrode (2023),
Generative Al on AWS:

Building Context-Aware Multimodal Reasoning Applications,
O'Reilly Media

O'REILLY

Generative Al
on AWS

Building Context-Aware
Multimodal Reasoning
Applications

Chris Fregly,
Antje Barth &
Shelbee Eigenbrode

https://www.amazon.com/Generative-AW S-Context-Aware-Multimodal-Applications/dp/1098159225/
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David Foster (2023),
Generative Deep Learning:

Teaching Machines to Paint, Write, Compose, and Play,
2nd Edition, Oreilly & Associates Inc

OREILLY" Q;”@

Generative
Deep Learning

Teaching Machines to Paint, Write,
Compose, and Play Voo ¥

RN

& David Foster
= Foreword by Karl Friston

https://www.amazon.com/Generative-Deep-Learning-Teaching-Machines/dp/1098134184/
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NVIDIA Developer Program

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

NVIDIA
Deep Learning Institute (DLI)

https://learn.nvidia.com/
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<2 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

28
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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

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

29
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Industries For You

NVIDIA Deep Learning Institute (DLI)

NVIDIA., Products Solutions

Shop Drivers Support Q T Register

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

All Training Course Catalog

Filters

Level

Format

Topics

[JDeep Learning

[JAccelerated Computing

[JGenerative Al/LLM

[JGraphics and Simulation

(JOpenusD
[JData Science
LJNIMS

LINIM

[JRAPIDS

Free [ Paid

I ammiiama

+

ot

Stay Informed

What do you want to learn today?

Generative Al

Q Sortby: - v

Showing 19 results

==z @enerative Al

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-

Instructor-Led

Generative Al with Diffusion
Models

08:00

Instructor-Led

Rapid Application

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

QanV“MA_ Products Solutions Industries For You Shop Drivers Support Q Min-Yuh Day v

Deep Learning Institute Find Trai

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

31
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<nvioia. |ntroduction to Transformer-Based
Natural Language Processing

@ANVIDIA. Products Solutions  Industries  For You Shop Drivers Support Q T Min-Yuh Day v

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

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 guestion answering.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course Course Details

Large Language Models (LLMs), or Transformers, have revolutionized the field of natural language processing (NLP). Driven by recent Duration: 06:00
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 Price: $30
experiences. Understanding how Transformer-based large language models (LLMs) can be used to manipulate, analyze, and generate Level: Technical - Beginner
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

Subject: Generative Al/LLM

Language: English
Transformers are used as the building blocks of modern large language models (LLMs). You'll then use these models for various NLP

https://learn.nvidia.com/courses/course-detail?course id=coque-;/1:DLI+S-FX-08+V1
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Building RAG Agents with LLMs

@Zn\IIDIA, Products Solutions Industries For You

Shop Drivers Support Q © Min-Yuh Day v

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

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 LLMSs, participants will
gain insights into advanced orchestration technigues that include internal reasoning, dialog management, and effective tooling
strategies.

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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Generative Al with Diffusion Models

@2“\I|D|A_ Products Solutions Industries For You Shop Drivers Support Q 9 Min-Yuh Day v

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

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 rning Objectives 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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"R Join the NVIDIA Developer Program

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

\fgn\"DlADEVELOPER 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

35
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NVIDIA.

Join the NVIDIA Developer Program

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

SANVIDIA.

Sign in or sign up with your email address

Email Address

uuuuu @domain.com

Privacy Policy | Legal Info | Contact Us

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

36
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<2 NVIDIA.

Join the NVIDIA Developer Program

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

Date of birth

‘ 1970-0/gmu

Select the images matching
the toy in the example image.

Ml If there are None, click Skip

Privacy Policy | Legal Info | Contact Us . English (US)

Copyright © 2024 NVIDIA Corporation

https://developer.nvidia.com/join-nvidia-developer-program
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SMIPA- Join the NVIDIA Developer Program

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

NVIDIA. DEVELOPER DEEP LEARNING INSTITUTE PROGRAM BENEFITS

SELECT YOUR FREE COURSE.

Thank you for your participation in the NVIDIA Developer Program. Please select your free DLI course below. English

Integrating Sensors with NVIDIA DRIVE® ) . . .
Generative Al with Diffusion Models

Getting Started with Deep Learning
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

Get Started with Highly Accurate Custom ASR for Speech Al recommendations. and mare.

Deploying a Model for Inference at Production Scale

Introduction to Graph Neural Networks @Certificate Available

Introduction to Transformer-Based Natural Language Processing o
Duration: 08:00

Prompt Engineering with LLaMA-2 (Access Expires Dec. 5th 2025)
Generative Al with Diffusion Models
Building Real-Time Video Al Applications

Introduction to Robotic Simulations in Isaac Sim

https://developer.nvidia.com/join-nvidia-developer-program 33
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<2 NVIDIA.

Join the NVIDIA Developer Program

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

NVIDIA. DEVELOPER DEEP LEARNING INSTITUTE PROGRAM BENEFITS

SELECT YOUR FREE COURSE.

Thank you for your participation in the NVIDIA Developer Program. Please select your free DLI course below. English

Modeling Time Series Data with Recurrent Neural Networks in Keras (Access

ends 10/16/2024) Getting Started with Deep Learning

Learn how deep learning works through hands-on exercises in computer vision and

Optimizing CUDA Machine Learning Codes With Nsight Profiling Tools
natural language processing.

Getting Started with Accelerated Computing in CUDA C/C++ @
%% Certificate Available
Fundamentals of Accelerated Computing with CUDA Python
(©Duration: 08:00
Fundamentals of Accelerated Computing with OpenACC
Integrating Sensors with NVIDIA DRIVE®
Getting Started with Deep Learning

Deploying a Model for Inference at Production Scale

Get Started with Highly Accurate Custom ASR for Speech Al

https://developer.nvidia.com/join-nvidia-developer-program
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SMIPA- Join the NVIDIA Developer Program

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

NVIDIA. DEVELOPER DEEP LEARNING INSTITUTE PROGRAM BENEFITS

SELECT YOUR FREE COURSE.

Thank you for your participation in the NVIDIA Developer Program. Please select your free DLI course below. English

Get Started with Highly Accurate Custom ASR for Speech Al

Generative Al with Diffusion Models

Introduction to Graph Neural Networks
Take a deeper dive into denoising diffusion models, which are a popular choice for text-

Introduction to Transformer-Based Natural Language Processing to-image pipelines, with applications in creative content generation, data augmentation,
simulation and planning, anomaly detection, drug discovery, personalized

Prompt Engineering with LLaMA-2 (Access Expires Dec. 5th 2025) i
recommendations, and more.

Generative Al with Diffusion Models OC tificate Availabl
w2 Certificate Available

Building Real-Time Video Al Applications
(ODburation: 08:00
Introduction to Robotic Simulations in Isaac Sim
Introduction to Physics-informed Machine Learning with Modulus

Essentials of USD in Omniverse: Access Expires 09/18/2025

Synthetic Data Generation for Training Computer Vision Models

https://developer.nvidia.com/join-nvidia-developer-program 40
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NVIDIA.

NVIDIA Deep Learning Institute (DLI)

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

Monthly Activity

Skill Points

Time Spent
Courses in Progress
Courses Completed
Watched Videos

Assessments

Courses in Progress

Self-paced

Generative Al with Diffusion
Models

0% Completed
08:00

Skills Certificates

=

1 e
No Certificates
You don't have any certificates yet.

https://learn.nvidia.com/my-learning a1
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NVIDIA.

NVIDIA Deep Learning Institute (DLI)

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

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

Generative Al with Diffusion Models

Course Progress Bookmarks Updates

Generative Al with Diffusion Models » StartHere » 0:Server Access

Generative Al with Diffusion

Models Next
Start Here
(=] | | [ [ ] | |
Next Steps
Feedback 0: Server Access

[1 Bookmark this page

Welcome to Generative Al with Diffusion Models. Please click "Next" below to get started.

Underneath each video is a link to start your own private server for hands-on coding practice. Click the "Start" button to boot up the server. In a few
minutes after the server is done loading, click "Launch" to access the code labs.

1: From U-Nets to Diffusion

Theory

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



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

NVIDIA.

Deep Learning Institute (DLI)

NVIDIA. Products Solutions Industries For You Shop Drivers Support Q 9 Min-Yuh Day v

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

Search Q
Monthly Activity Skills Certificates
Skill Points 0
Time Spent el
Introduction to - -
Courses in Progress 9 Transformer- Building RAG Building RAG
Based Natural Agents with Agents with
Language LLMs LLMs
Courses Completed 8 Processing
Completed Courses View more
Self-paced Self-paced Self-paced Self-paced Self-paced
Sizing LLM Inference Systems Augment your LLM Using Building RAG Agents with Generative Al Explained Introduction to Transform
Retrieval Augmented LLMs Based Natural Language
Generation Processing
100% Completed 100% Completed 100% Completed 100% Completed 100% Completed
03:00 01:00 08:00 02:00 06:00

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



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

NVIDIA. Products Solutions Industries For You Shop Drivers Suppert O 5 Min-Yuh Day v

NVIDIA.

Deep Learning Institute rind Trai

Self-Paced Courses All Courses Free Courses Benefits Partners Resources

All Self-Paced Courses

NVIDIA

Accelerated Computing Data Science Deep Learning Graphics and Simulation Infrastructure

Deep
Learnin
Institute

(DLI)

Self-paced

Generative Al Explained

Free

02:00

Self-paced

Techniques for Improving the
Effectiveness of RAG Systems

i d
w
(=]

03:.00

Self-paced

Sizing LLM Inference Systems

Free

03:00

Self-paced

Introduction to NVIDIA NIM™
Microservices

02:00

Self-paced

Introduction to Transformer-
Based Natural Language
Processing

$30
06:00

Self-paced

LLMs

08:00

Building RAG Agents with

Self-paced

Introduction to Deploying
RAG Pipelines for Production
at Scale

$90
03:00

Self-paced

Building LLM Applications
With Prompt Engineering

$90
08:00

Self-paced

Share Generative AlfLLM Courses

Self-paced

Generative Al with Diffusion
Models

$90
08:00

Self-paced

Synthetic Tabular Data
Generation Using
Transformers

$30
04:00

Augment your LLM Using

Retrieval Augmented

Generation

01:00

https://learn.nvidia.com/en-us/training/self-paced-courses
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<2 NVIDIA.

Certificate of Competency

This certificate is awarded to

Min-Yuh Day

for demonstrating competence in the completion of

Introduction to Transformer-Based Natural Language Processing

/%@/7 a -2

Greg Estes
Vice President, NVIDIA

Issue Date: : December 5, 2024
Certification ID: twpWsrB4TDCQOErgAoEt6w |
https://learn.nvidia.com/certificates?id=twpWsrB4TDCQOErgAoEt6w/courses/course?course_id=course-v1:DLI+S-FX-08+V 1

https://learn.nvidia.com/certificates?id=twpWsrB4TDCQOErgAoEt6w
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https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzU8SNUNxgw

< NVIDIA.

Certificate of Completion

This certificate is awarded to

Min-Yuh Day

for successfully completing
Building RAG Agents with LLMs

Aoy 4

s 7/
Greg Estes

Vice President, NVIDIA

Issue Date: : December 8, 2024
Certification ID: ed-gOCIMQaatzU8SNUNxgw |
https://learn.nvidia.com/certificates?id=ed-qOCIMQaatzUBSNUNxgw/courses/course?course_id=course-v1:DLI+S-FX-15+V1

https://learn.nvidia.com/certificates?id=ed-qgOCIMQaatzUSSNUNxgw 46
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<A NVIDIA.

Al Virtual Assistant for Customer Service

Al Virtual Assistant to reduce handling time, boost customer satisfaction

Benefits

* Personalized Responses: Handles structured and
unstructured customer queries (e.g., order details,
spending history).

* Multi-Turn Dialogue: Offers context-aware, seamless
interactions across multiple questions.

» Custom Conversation Style: Adapts text responses to
reflect corporate branding and tone.

» Sentiment Analysis: Analyzes real-time customer
interactions to gauge sentiment and adjust responses.

* Multi-Session Support: Allows for multiple user sessions
with conversation history and summaries.

 Data Privacy: Integrates with on-premises or cloud-
hosted knowledge bases to protect sensitive data.

Ingest

Load, -
Customer Profiles, v
Order History ‘

Structured Data SQL
Database -
N
( zégj
NA
- Ingest, i
A Product Manuals, Retngver
Product Catalog, Embedding NIM
FAQ
———n
U db Text Retriever Milviis Vector
nstructured Data i i
Microservice DB (cuVs) r//\
t:d
N
N7
Retriever
Reranking NIM
Virtual Assistant
c i ]
User Feedback - +
Authenticated User Al Virtual Assistant Agent SQL Database
User Interface Retriever
(PandasAl)
Microservice
s B
eeeeeeeeeeeeeeeeee Persistent
Conversatiof Memory (Historical)
Feedback Conversaf
l PN
E v r/ : \/(‘
XX
Redis Cache SQL SQL
Database = Database LLM NIM
Customer Service Operations
Admin Query
« Sentiment
T ﬂ
« Chat History
+ Feedback
Authenticated Admin Console Analytics Microservices

Admin
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<A NVIDIA.

Digital Humans for Customer Service
S125B market for digital human economy by 2035

Web Front End

Text Prompt
. I <— Audio In > HE @ > L[| _>
— e o Ot S < ® LIS
Text Response
User Audio Video Audio/Video ACE Agent RAG
Streaming Application

Digital Human
AVO

m
[0
&

am
2
2

Benefits

o%
=]
o
=

* Increases engagement and
satisfaction for user-facing

Audio In =’ " Re:;::\se
applications ‘ g [ 1
Omniverse
* Creates a lifelike 3D digital Renderer

human with accurate skin, hair, @ <« o
animation, and speech

3D Animation Pipeline Audio Pipeline

@<
1
L
f
:
e

Animation Graph Audio2Face Elevenlabs TTS
» Enables natural conversations v
with enterprise applications E ’
and data Feedback Data
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<A NVIDIA.

Multimodal PDF Data Extraction for Enterprise RAG

Unlocks Knowledge from trillions of PDFs

Query
H— 0 —B— s —
\/

Response

User Front End NeMo Retriever Vector NeMo Retriever
Embedding Database Reranking
On Response E Q 4 N
Feedback Data NeMo Retriever
Retrieval Pipeline Embedding
Benefits
*  Unlocks the next level Ingestion Pipeline Chart Extraction

of indexable enterprise data
from text to images and

charts Charts as $ @ $
Images
* High-accuracy extraction \/ v \/ 1
and responses VLM Chart Element Detector OCR
DePlot CACHED PaddleOCR Text
* Enterprise-scale Pages as $ —_—
PDF ingestion ( Images -» \/
If_.l Object Detection Tables as
D,
EE' —> _T YoLOX ~ e > $ — Text —_—
Documents PDF Parser Table Extraction Post-Process Chunking/Ingestion
PaddieOCR Filtering Logic

Text Content and Metadata




Artificial Intelligence

(Al)



Al, ML, DL, Generative Al

Al Artificial Intelligence

ML Machine Learning

ASR/ Deep Learning

o GAl NLP

Automatic Speech Recognition,

Natural Language Processing

Generative Al
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Generative Al,
Agentic Al,
Al Agent,
RAG LLM
for
QA and Dialogue Systems




Chatbot

Dialogue System
Intelligent Agent
Conversational Al



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)

______________________

f ! [ o— ! A A T5/LaMDA A ..
' ALICE ' | | €7 Xiao Mi G VEAN ) oLm
| SK | *. | o0
-, : ’ \ . Duer BLOOM #~ PalLM / UL2 / Flan-
Mlil Eliza; ALICE © @I sii” " Seq2Seq | @ S 7 T5 / Flan-PaLM
Rttt ’ Bl ’ .., Ding Dong 3AAI )
sz CPM-2 () OPT / Galatica @ GPTot
2016 | - 2019 2020 | - | e

2015 12016-2018 2021 2022 2023
A\ Anthropic
________________ . o o~ Chinchill i:x ChatGLM
o ———— | WATSON Xiaoice G Google Assistant G BERT (9 Meena / Snc ta
B e T T "  ERNIE-3.0 e "+ ERNIE Bot
a3 %E";:;:ﬂ.ﬂfmm.wu E === i Microsoft - & pjexa Price @ GPT (X) Blender o InstructGPT ~
1 o' P -0 / ChatGPT Bard
: GUS : * @ GPTs | St angu a W Bar
LT ! VY £) PLUG v * v (Q LLaMA
———— P ——————————— > —————— e ——— +>
Early Stage: TOD Seq2Seq TOD and ODD PLM Different Fusions LLM LLM-based DS

Task-oriented DS (TOD), Open-domain DS (ODD)
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Intelligent Agents Roadmap

ArBAC—Action 1 ____C___
AABAD—>Action 2 :
BACAE—Action 3 :‘@‘ :

B e s :

l »®» Learning-based Agent 1

-----------

.........

MB
9
7
@ [
T
v
@ I

...........

LMM-based Agent LLM-based Agent

l l 44 Large Model-based Agent

AGI Agent P b
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Al Agents

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

- Utility-based agents virtual environments

» Learning agents * Collaborative Al agents



Reinforcement Learning (DL)

Agent

[ Environment}




Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment
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Reinforcement Learning (DL)

1 observation 2 action
Agent x
t

O
3 reward TRt

Environment
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Large Language Model (LLM) based Agents

[ Perception ]

| Environment ]

Look at the sky,

do you think it

will rain tomorrow?

If so, give the

}'J< umbrella to me.

. @
oy L ]
e !
Sy : >
/ Reasoning from .| ! .
the current weather . Summary| | Recall Learn FREH‘IEVE
conditions and the '

Decision Making

Knpwledge

F
)

"

eralize / Transfer

eather reports on

; it i Plannin
the internet, it is m g_
likely to rain l Action I / Reasoning
tomortow: Here s _jy?

k your umbrella. o Calling API ...

. Embodiment
* }

Lo¥ -

Gen
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LLM-based Agents

.'-'"-_é
Feedback

L]
-’

V4

Rethink

T

Observation

25

Reward

s

Agents

Memory

= [

Short-term

/ Memory Retrieval \l,

9 —— Planning —>

LLM

Environment

Long-term

<

Objective

O

A\

Action

r 1

Computer Game

Code

Simulation

3 A )
= S B

Real-Word

A 4

Impact

Tools

On)
-

Chat

A

Machine

00'

APIls

T

Crawler
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Large Multimodal Agents (LMA)

/

(=}

\

Planner
Generate <S> Perception
Act Task
J Result Feedback

(— )

Environment

Multi-Modality

~IERS

(a)

)

Save Long Memory

o
— — 3
Recall =5

Result
—

.4

= B — Planner
Generate ... -
i <S> Perception
A
Act Task
J Result Feedback

Environment

Multi-Modality

~IERA - 5] <)

]

(©)

[ Environment
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>

\

-
Planner T— Plan
= Ex
\ <S>Perception S /
A
Act Task
Result W Feedback
. Multi-Modality
Environment ) ('J;

(b)

/ ieizleln Long Memor
OO i
Fx

ExecuteT Result

Recall l T Save

e Result
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= «

\

/

Generate . -
\ Risn <S> Perception
A
Act Task
J Result Feedback

Multi-Modality

SERA - o] )

]
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Large Multimodal Agents (LMA)

—

\

J

N
|

<ié::’Perr:eption , @PMEF’”U“ \ / @Perception @Perceptlon ¢
ction I @ . Action R R Long Meorv
202 78 2w o) 00 20 ) 3 B
Agent 1 l / ?g) ' Agent 1 g
\ \;PEI‘CEDUOH / T @Perceptmn
OPerception é — " @Perceptlon é
| pgentd  Agent3 )\ Agent 4 Agent 3
l Act Task l Act Task
Result Feedback Result Feedback
Multi-Modality Multi-Modality

Environment

8 ] [ Environment
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~IERS - (D
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(b)
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DistilBERT

Transformer Models
Transformer

Encoder B Decoer

|
TS

BART
|

M2M-100
|

ALBERT BigBird

|

ELECTRA mTO

RoBERTa

DeBERTa

ChatGPT

BLOOMZ
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The Development of LM-based Dialogue Systems L

1) Early Stage (1966 -2015) T ’
2) The Independent Development of TOD and ODD (2015 - 2019)
3) Fusions of Dialogue Systems (2019 - 2022)
4) LLM-based DS (2022 - Now)

______________________

f ! [ o ! A A T5/LaMDA A
' ALICE ' | | €7 Xiao Mi G VEAN ) oLm
| SK | *. | o0
= - . | . P, j | Duer BLOOM #~ Pal.M / UL2 / Flan-
Mlil Eliza; ALICE © @I sii” " Seq2Seq | @ S 7 T5 / Flan-PaLM
Rttt Bl ’ .., Ding Dong 3AAI )
sz CPM-2 () OPT / Galatica @ GPTot
2016 | - 2019 2020 | |

2015 12016-2018 2021 2022 2023
A\ Anthropic
________________ . o o~ Chinchill i:x ChatGLM
o ———— | WATSON Xiaoice G Google Assistant G BERT (9 Meena / Snc ta -
B e T T "  ERNIE-3.0 e "+ ERNIE Bot
a3 %E";:;:ﬂ.ﬂfmm.wu E === i Microsoft - & pjexa Price @ GPT (X) Blender o InstructGPT ~
1 o' P -0 / ChatGPT Bard
: GUS : * @ GPTs | St angu a W Bar
LT ! VY £) PLUG v * v (Q LLaMA
———— P ——————————— > —————— e ——— +>
Early Stage: TOD Seq2Seq TOD and ODD PLM Different Fusions LLM LLM-based DS

Task-oriented DS (TOD), Open-domain DS (ODD)

65



Major GenAl LLMs Research Milestones {{

TPU

(2017-2024) s

- - o = - -

Foundation Scaling & Advanced Capabilities Instruction &

Architecture Reasoning
2017 2018

Attention Is All You GPT 1.0 {OpenAl) GPT 2.0 (OpenAl) Scaling Laws Switch Transformers Chain-of-Thought
Need (Google) . ) (OpenAl) [Gougle] (Gnogle}
BERT {Google atron-LM l
Migrwlnm} GPT 3.0 (OpenAl) Codex (OpenAl) InstructGPT
. {UPEMI}

T5 {Google) Foundation Models
[Stanford] PalLM {Gmgle}

FLAN (Google) Chinchilla

ZeRO (Microsoft)

{DeepMind)

= —mm mmm e —————————— =
B T
q-.—-—--.—-—--.—-

:
:
\

\

1
:
\

I —
IS p——

Source: https://github.com/Hannibal046/Awesome-LLM 66



Multimodal Large Language Models (MLLM)

CIE T
Publicly Fuyu-8B aceet Ve SPHINX = MoE-LLaVA [%@é'; Qwen-VL-Max 2
Available/Unavailable MobileVLM =@ Vary [[EQ]] Monkey (= TextMonkey (= Mobile-Agent
ImageBind-LLM DreamLLM (@) M1 o 13 —
] 2
MMICL Ii@l Xcomposer ~-.° NExT-GPT Fﬁ 1012 2024 @ Gemini
AnyMAL O = © Woodpecker
Video-LLaMA ¢ 3D-LLM ® GPT-4v <2 QwenVL| .
‘% Video-LLaVA
Kosmos2 E° Lynx i\ GPT4Rol BF 8. Pointlim @) AsM 8 LLaMAVID
vischM ® Lisa
Pengi & Chameleon &~ @ LanguageBIND
DetGPT [j VisionLLM () T otter 2%  LLaVA-Med LLaVA-1.5
LaVIN () MultiModal-GPT == = o Shikra ¢} MotionGPT ) CogVLM
VN,
~ / gﬁz;ﬁgﬁg Emu e+ Ferret
PaLM-E 9 LLaMA-Adapter @ .
45 LLaVA @) VideoChat o GlalM
Kosmos-1 @&t ‘(‘%’O =~
= i O
VIMA < Flamingo ) <> MiniGPT-4 @® InstructBLIP
VR 13
N e— ® P2 2*  Huggi B i
o i ggingGPT LTU &) EmbodiedGPT
2023
2022 55 MM-REACT % ViperGPT GPT4Tools +7 mPLUG-Ow
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Multimodal Large Language Models (MLLM) \ &

I JPTIE.

e oo, E=m okt
: A l \
| Text é — > —b
Audio I
[t . - LM 7[5
i Video ; i.;
@ —> I;ﬂ::;lii;g: Connector . Generator @
s s o o
. ! ] i .
4 N o N\
| 5 .
Multimodall LLM H -.*.. | 0
Three types of connectors: || ! — W1 { | « || ‘QMH":‘(“" .
. . : ! ; Pl | A
1. projection-based i 1 HE Q-Former [ e
I MLP | >
2. query-based o 1 IR x L
3. fusion-based connectors |i__j ) (Ml f e ]
| Sl F
I Learnable queries | .
. I I J
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Multimodal Large Language Model (MLLM) G

Entity-ba sed Extraction Featu re—based Extraction

°c .2 e e S JeTapey

or Vision Question Answering
r-—-—=—777 A . T T . T T T T T T T T T T T L e I
! -®@- Conventional Deep Learning i ’:‘?' Multimodal Large Language Model ,
= ! . . !
: Conventional One-hop Multi-hop ! Chain-of-thought LLM-aided & Multi-agent I
1! I
: : : [ Action ] [ Memory :I :
: [ SPARQL queries SPARQL, Memory, p 1 Think Step: by step 4I. + |
N Dense Passage Graph, I : Step 1: Think xxxx 1
i ; 1
! [ KB query triplet Retrieval (DPR), Implicit,... : 1 Step 2: Consider LLM Control Center I
: ...... p ! HHHHK |
1 1
1 : P + !
" 1! I
' 1 ! |
1 . |

Q. Conventional Deep Learning @M ultimodal Large Language Model

Deep learning GNN-based Transformer Instruction I Bromobt 1 I eree i e 1
[ Comcat ] [ Add &fNorm ]4— tuning P Learning
T T [ Feed Forward ] ¢ ¢
LSTM H LSTM ( 4
T 1
[ Concat ] [ Multi-head self-att ]
| |

Image-Text Alignment
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1 1

|
1
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1
1
|
|
|
|
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Image Encoder Text Query

= What is the person doing? '-
A. Eating. B. Sleeping.
C. Dancing. D. Singing. Video

Audio
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AVERAGE (%)

100

75

i
o

25

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

Massive Multitask Language Understanding (MMLU)

GPT-4 (few-shot) Leeroo (5-shot)g O
Flan-U-PaLM~-540B _ .
o i Claude 3.5 Sonnet (5-shot): 88.700
Chinchilla 70B.(5-shot) — :
Gopher 280B.(5shot)
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 (%)
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https://paperswithcode.com/sota/multi-task-language-understanding-on-mmlu

Summarization}.,

Multi choice QA [ r--. .

.I‘

L ITH

.

_.++=7| Simplification

+* Reading Comprehension

[ Comprehension

Wiiprda QA . e roon

LLM Capabilities

| Arithmetic
| Logical

Reasoning

W i " solving
_____ % .+ (Task definition

ymbollc Physical acting

= Virtual acting
learning
with users

e H

[ Emerging ] Augmented

\

{ LLM Capabilities J

Lo++*| Self-refinement
Self-cirtisim [-., .

|59If-lmp|-'ovemsnt]

.+ Tool planning
decomposition | . : Knowledge base
IR T utilization

Tool
utilization
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LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)
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Four Paradigms in NLP (LM)

Paradigm Engineering Task Relation
CLS TAG
a. Fully Supervised Learning ieah;rrzrd entite oart-of-coeech o [
(Non-Neural Network) & P P ’
sentence length)
. |GEN
CLS TAG
b. Fully Supervised Learning Architecture ) | v B
N | Network (e.g. convolutional, recurrent,
(Neural Network) self-allentlional)
. |GEN
Transfer Learning: Pre-training, Fine-Tuning (FT) CLS TAG
Objective :]\LM /,:
c. Pre-train, Fine-tune (e.g. masked language modeling, next
sentence prediction) l
- 1GEN
GAIl: Pre-train, Prompt, and Predict (Prompting) CLS TAG
= M ==
d. Pre-train, Prompt, Predict Prompt (e.g. cloze, prefix) o T o
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Large Language Models (LLM) G

Three typical learning paradigms B
4 N 4 N
A) Pretrain-finetune
(A) > Flnt‘:t:l?i on l Infs:rerll(c: on
« Typically requires many as
task-specific examples \_ Y, \_ )
* One specialized model
for each task
N g ™\
Pretrained (B) Prompting »| Inference on
LM Few-shot prompting / prompt engineering L
) & J
-z N O I
(C) Instruction tuning Instruction-tune on Y Inference on
> many tasks: B, C, D, ... unseen task A

Model learns to perform
many tasks via natural \_ J J
language instructions




Popular Generative Al e

llllllllllllllllllllllll

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)
DeepSeek

Chat.LMSys.org (Imarena.ai)
Perplexity.ai

Stable Diffusion

Video: D-ID, Synthesia

Audio: Speechify
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Chat

Large Language Models for Data Science (=
\ NTPU

& Expand to see the descriptions of 72 models

with
Open
Large
Language
Models:
Chatbot
Arena

) Model A

llama-3.2-vision-90b-instruct

llama 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:

©  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

| [P [FRPUSAPRRY PRS- .

-~ Ais better = Bis better

Enter your prompt and press ENTER

https://Imarena.ai/

= Model B

SIS T

National Talpel University

<

claude-3-5-sonnet-20241022 -

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

© Data summarization and insights generation

o Exploratory data analysis assistance

© Pattern recognition and trend identification

2. Code Generation & Assistance

©  Writing data processing scripts

o Generating SQL queries

© Creating data visualization code

©  Debugging and code optimization

3. Data Preprocessing

o Feature engineering suggestions

< Tie -~ Both are bad

Send
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https://lmarena.ai/

Perplexity.ai

7K perplexity
Large Language Models for Data Science

New Thread ® K
Q_Home ‘S Sources
q What Is a Large Language What are Large Language Catch Up On Large @ o X
@ Discover Model and What Can... Models? | NVIDIA Language Models | by..
i O snowflake - 1 &3 nvidia - 2 @ towardsdatascien.. - 3 View 3 more
] Library
<) Login = Answer
F— Large Language Models (LLMs) are advanced Al systems designed to understand human
ign e . . . .
gn tp language intricacies and generate intelligent, creative responses to queries ' . They are deep
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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.

| |

[ @OpenAI DALL-E 2




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

Unimodal
[ Data ]

1
i Pre-train .
Once upon a time,

A 4

there was a cat

p . Decod
ompt -( Generative Al Models ) ——{(_ResultR; ) pamed

Please write a
story about a cat.

[ Instruction I; ]
Jessy....

Multimodal
; Describe this .
picture. [ Instruction [,

Draw a picture [ . I )
of a cat.

[ Data J Result R, This is a cat.

| Pre-train
h 4
Generative Al Models '[ Result R3 J E

Result R, J 'lIIlI'Il

Write a song [ Instruction 4
about a cat.
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Unimodal- CV & NLP

The history of Generative Al

in CV, NLP and VL
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Multimodal - Vision Language
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Generative Al
Foundation Models

#Parameters 1 Training Speed (based on V100 16G)

1T | 9x

100B | 7x

10B | 5x

1B | 3x

100M | 1x
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Categories of Vision Generative Models

Real Data N
Space \u

Discriminator

D(x)
Generator | A
A @ > X
(1) Generative adversarial networks
. Flow 3 . Inverse

(3) Normalizing flows

NFake

f@ U7 e

A Encoder - Decoder
qe (z|x) pe(x|2)

(2) Variational autoencoders

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

Reverse: p(x;—1|x¢)

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

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

Encoder-
Decoder

_— [ Encoder J—" I_

‘ - VL Pre-trained
To-text . Encoders

To-image
& cartoon cat.” Encoders

Representation

Representation

Representation
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—|

Output

— [ Decoder J —

Transformer
Decoders

Vision Decoders
(GAN:Ss, Diffusions)

] — “This 1s a cat.”
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RAG LLM
Dialogue Systems



Technology Tree of RAG Research
Retrieval-Augmented Generation (RAG) for Large Language Models (LLMs)
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Retrieval-Augmented Generation (RAG)
for Large Language Models (LLMs)

Indexing

Hﬁﬂﬂ

I
E How do you evaluate the fact Documents %
User 2 ° that OpenAl's CEO, Sam Altman, 5t A
Ay Chunks|Vectors
went through a sudden dismissal
by the board in just three days,
Output .
y | embeddings

company, resembling a real-life
version of "Game of Thrones" in
terms of power dynamics?

Retrieval

I
I
I
:
,  and then was rehired by the
|
1
|
I
I
I
1

Q

[ Relevant Documents J

...l am unable to provide comments on

future events. Currently, | do not have

any information regarding the dismissal * LLM Generatio

and rehiring of OpenAl's CEO ... A e T e s L S i [ R B .
Question :

Chunk 1: "Sam Altman Returns to
OpenAl as CEOQ, Silicon Valley Drama
Resembles the 'Zhen Huan' Comedy"

How do you evaluate the fact that the
OpenAls CEQ, ... ... dynamics?

Please answer the above questions
based on the following information :

...... This suggests significant internal
disagreements within OpenAl regarding
the company's future direction and

Chunk 2: "The Drama Concludes? Sam

strategic decisions. All of these twists 8232E ; Altman to Return as CEO Qf QpenAl,
and turns reflect power struggles and Chunk 8 Board to Undergo Restructuring

corporate governance issues within
OpenAl...

Chunk 3: "The Personnel Turmoil at
OpenAl Comes to an End: Who Won
and Who Lost?"

Combine Context
and Prompts
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Retrieval-Augmented Generation (RAG) Architecture

Modalities

Input

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

Encode
& Index

Others

Retriever

. Transformer :

Diffusion
. GAN |

= Hugging Face
& Openal
Gemini

stability.ai

Ly ModelScope

Generator
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Synthesizing RAG with LLMs
for Question Answering Application

J—,
Search Relevant 1 > Knowledge
Information J % Sources

Relevant
Information

Prompt for
Context

Query
Generated
Text 5
Response

Prompt T
+
4  Query
+ >
Enhanced

Context Large Language Model EndPoint

2 ) Query
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Svynthesizing the KG as a Retriever with LLMs

[Kes]

Q: Which country _
is Obama from?

Y

(& S

Knowledge
Retriever

—>

Retrieved Facts

'(Obama, Bornin, Honolulu)\

J
........................................... L------------‘

((Honolulu, LocatedIn, USA)\

Backpropagation

LLMs
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HuggingGPT:

An agent-based approach to use tools and planning

{ Y

(6] x ¥ HuggingGPT

f
|
|
|
|
|
|

LLM as Controller

Can you describe what this picture depicts
and count how many objects in the picture?

A text can describe the given image: a herd of
giraffes and zebras grazing in a fields. In
addition, there are five detected objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. | have generated bounding boxes as above
image. | performed image classification, object
detection and image captain on this image. Combining
the predictions of '~ nlpconnet/vit-gpt2-image-
captioning, /¥ facebook/detr-resnet-101 and I+

google/vit models, | get the results for you.

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|

<«

|
|
|
|
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I Task
Planing

II Model w

S . A - ————— . ————— . ————————————

~ HuggingFace

l. ot W) ——ge cot lmrben

Aggregation

~ facebook/
detr-resnet-101 l

i ‘ )

»| III Task Execution

Scheduling)

IV Summary
& Response

Aggregation
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A LLM-based Agent for
Conversational Information Seekmg

| LLM-Augmenter :
| - Utility :
i o - - i
! P (utility score & feedback) !
i | f :
i 1' BN Policy ., Working |
: SR e (action selection) Memory :
i 5 _— K
! External ! Action Executor P
: Knowledge —++# - Knowledge Consolidator |«* :
| (e.g., news, wiki, | ! | - Prompt Engine :
: proprietary . l
E databases) = :
] ! LLM :
! Environment | | (e-g., ChatGPT) Al Agent |



Direct LLM, RAG, and GraphRAG

Query

How did the artistic movements
of the 19th century impact the
development of modern art in
the 20th century?

LLMs

Response

The artistic movements of
the 19th century influenced
modern art in the 20th
century by encouraging
experimentation with color,
form, and subject matter.
These movements paved
the way for abstraction,
expressionism, and other

innovative. x

Query

How did the artistic movements @
of the 19th century impact the
development of modern art in

the 20th century? Retriever

\

1. Impressionist artists like
Claude Monet introduced new
technigues that revolutionized
the depiction of light and color.
\d 2. The Impressionist technigues
influenced later art movements.
LLMs <« 3.Pablo Picasso pioneered
Cubism, which radically
transformed the approach to
visual representation.
4. Cubism emerged in the early
20th century and challenged
traditional perspectives on art.

Retrieved Text

\ Response

Impressionist artists like Claude Monet in the 19th
century introduced new techniques that influence
later art movements. Pablo Picasso pioneered
Cubism relativity in the early 20th century. x

Query

How did the artistic movements @

of the 19th century impact the
development of modern art in .

the 20th century? FIeTever

- (Claude Monet) - [introduced] -
(new technigues)
- [new techniques) —
[revolutionized] - (depiction of

\d light and color)

- (Impressionist technigues) -

LLMs <« [influenced] - (laterart
movements)
- (Pablo Picasso) - [pioneered] =
(Cubism)
- (Cubism) - [emerged in] = (early
20th century)

.}é Retrieved Triplets

v Response

Monet introduced new techniques that revolutionized
the depiction of light and color. His Impressionist
techniques influenced later art movements, including
Picasso's Cubism, which emerged in the early 20th
century. This influence helped shape Picasso's
innovative approach to fragmented perspectives.
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GraphRAG Framework for Question Answering

Input Query

How did the artistic movements of the 19th century impact the development of modern art in the 20th century?

A

G-Retrieval
o
>
2
—
Q
o
Query Knowledge
Enhancements Enhancements

iy

Graph Database & G-Indexing

-]

W =

=) 0
Open Knowledge Self-Constructed
Graphs Graph Data

o

Retrieval
Results

Nodes

Triplets

Paths

Subgraphs

Hybrid

Graph Format

Adjacency/Edge Table
- #

Syntax Tree
Dm0
o’
O

Node Sequence

Graph Embedding

Pre-Generation
Enhancements

Mid-Generation
Enhancements

Post-Generation
Enhancements

G-Generation
Generator —
Generator ——
Generator ——

Output

Response

Monet introduced new techniques that

revolutionized the depiction of light and
color. His Impressionist techniques ...
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LangChain Architecture

LangGraph Cloud LangSmith

Deployment

Debugging

(COMMERCIAL )

Playground
" Integrations
+ Prompt Management
=
o
Q
: _—
O nnotation

Testing
LangChain LangGraph
Monitoring

Architecture

(COMMERCIAL )



https://www.langchain.com/

Multimodal LLM RAG
Multi-Vector Retriever for RAG

Option 1:
Retrieve raw and text image via
Vectorstore w/ multimodal embeddings multimodal embeddings

Multimodal 'n
LLM :
)

@g&\; - Answer

Multimodal Embedding

@

-
7’
/
\
N

Table + Text

=
8
z

Raw
Table + Text

Option 2:
Retrieve image summary and pass this
text to LLM for synthesis

Documents
5 LLM

@ ~ Answer
Raw
Tables Q Table + Text
Br—

Vot Bearasbos Tamsmy

S Teenr e Multi-vector retriever

|
1

Option 3:
Retrieve via image summary, pass
raw image to LLM for synthesis

- - e = -y

Summarize + Text Embedding

ry
Text Image Summary

@ Table Summary
) Text Summary Raw Table Summary

Raw Text ! .E Summary

| S ——

Multimodal
LLM

Answer

Raw
Table + Text

|
)



https://blog.langchain.dev/deconstructing-rag/

Evaluating RAG with Ragas Metrics
ragas score

generation retrieval

faithfulness context precision

how factually acurate is the signal to noise ratio of retrieved
the generated answer context

answer relevancy context recall

how relevant is the generated can it retrieve all the relevant information
answer to the question required to answer the question
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\ & Teaching

S 3 JFTIC.

National Taipei University

* Generative Al Innovative Applications
* Spring 2025

* Artificial Intelligence in Finance and Quantitative
* Fall 2021, Fall 2022, Fall 2023, Spring 2025

Software Engineering
* Fall 2020, Fall, 2021, Spring 2022, Spring 2023, Spring 2024, Spring 2025

Artificial Intelligence
* Spring 2021, Fall 2022, Fall 2024

Sustainability and ESG Data Analytics
* Spring 2024, Fall 2024

* Big Data Analytics

* Fall 2020, Spring 2023, Spring 2024
 Artificial Intelligence for Text Analytics

* Spring 2022, Fall 2023
* Python for Accounting Applications

* Fall 2023, Fall 2024

* Foundation of Business Cloud Computing

e Spring 2021, Spring 2022, Spring 2023, Spring 2024
https://web.ntpu.edu.tw/~myday/teaching.htm 97
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(= ,
N Research Projects

National Taipei University

1.

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

Research on speech processing, synthesis, recognition, and sentence construction of people with

language disabilities. Multimodal Cross-lingual Task-Oriented Dialogue System

 NTPU, 114-NTPU_ORDA-F-004, 2023/01/01~2025/12/31

Development of a Deep Learning for Dental Implant Detection in Panoramic Radiographs,

e USTP-NTPU-TMU-114-02, 2025/01/01~2025/12/31

Metaverse Al Multimodal Cross-Language Task-Oriented Dialogue System

e ATEC Group, Fintech and Green Finance Center (FGFC, NTPU), NTPU-112A413E0Q1, 2 Years
(2023/05/01~2025/04/30)

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

https://web.ntpu.edu.tw/~myday/cindex.htm#projects 98
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Summary G

SR T
National Taipei University

* This course introduces the fundamental concepts, research issues, and
hands-on practices of Generative Al Innovative Applications.

* Topics include:
1. Introduction to Generative Al Innovative Applications
2. Transformers for Natural Language Processing and Computer Vision
Large Language Models (LLMs)
NVIDIA Building RAG Agents with LLMs
Generative Al for Multimodal Information Generation
NVIDIA Generative Al with Diffusion Models
Al Agents and Large Multimodal Agents (LMAs)
Case Study on Generative Al Innovative Applications

0O N U AW
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Generative Al X/
Innovative Applications m kg

National Taipei Un

Contact Information

Min-Yuh Day, Ph.D.
Professor

Institute of Information Management, National Taipei University

Tel: 02-86741111 ext. 66873

Office: B8F12

Address: 151, University Rd., San Shia District, New Taipei City, 23741 Taiwan
Email: myday@gm.ntpu.edu.tw

Web: http://web.ntpu.edu.tw/~myday/ [m] 5[]
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