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Syllabus

Week Date Subject/Topics

1 2026/02/24 Introduction to Generative Al Innovative Applications

2 2026/03/03 Transformers for Natural Language Processing and
Computer Vision; Large Language Models (LLMs)

3 2026/03/10 NVIDIA Building RAG Agents with LLMs Part |

4 2026/03/17 Case Study on Generative Al Innovative Applications |
52026/03/24 NVIDIA Building RAG Agents with LLMs Part I

6 2026/03/31 NVIDIA Building RAG Agents with LLMs Part lll

7 2026/04/07 Make-up holiday for NTPU Sports Day (No Classes)

8 2026/04/14 Midterm Project Report
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Syllabus

Week Date Subject/Topics

9 2026/04/21 Generative Al for Multimodal Information Generation
10 2026/04/28 NVIDIA Generative Al with Diffusion Models Part |
11 2026/05/05 NVIDIA Generative Al with Diffusion Models Part Ii

12 2026/05/12 Case Study on Generative Al Innovative Applications Il
13 2026/05/19 NVIDIA Generative Al with Diffusion Models Part IlI

14 2026/05/26 Agentic Al and Large Multimodal Agents (LMAs)
15 2026/06/02 Final Project Report |

16 2026/06/09 Final Project Report I
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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-E 3

Third Edition

Denis Rothman <packh

https://www.amazon.com/Transformers-Natural-Language-Processing-Computer/dp/1805128728
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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

1.What Are Transformers?
2.Getting Started with the Architecture of the Transformer Model
3.Emergent vs Downstream Tasks: The Unseen Depths of Transformers
4.Advancements in Translations with Google Trax, Google Translate, and Gemini EXPERT INSIGHT
5.Diving into Fine-Tuning through BERT
6.Pretraining a Transformer from Scratch through RoBERTa
7.The Generative Al Revolution with ChatGPT Sl
8.Fine-Tuning OpenAl GPT Models Compyi’er Yision A
9.Shattering the Black Box with Interpretable Tools Hoggio Fe ChtGPT, GPT- 4%, and DALLES.
10.Investigating the Role of Tokenizers in Shaping Transformer Models
11.Leveraging LLM Embeddings as an Alternative to Fine-Tuning
12.Toward Syntax-Free Semantic Role Labeling with ChatGPT and GPT-4
13.Summarization with T5 and ChatGPT
14.Exploring Cutting-Edge LLMs with Vertex Al and PaLM 2
15.Guarding the Giants: Mitigating Risks in Large Language Models
16.Beyond Text: Vision Transformers in the Dawn of Revolutionary Al
17.Transcending the Image-Text Boundary with Stable Diffusion Denis Rothman <packt
18.Hugging Face AutoTrain: Training Vision Models without Coding
19.0n the Road to Functional AGI with HuggingGPT and its Peers
20.Beyond Human-Designed Prompts with Generative Ideation
https://github.com/Denis2054/Transformers-for-NLP-and-Computer-Vision-3rd-Edition

Transformers for Natural
Language Processing and

Third Edition
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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

Chapter Colab Kaggle Gradient StudioLab

Part | The Foundations of Transformer Models

EXPERT INSIGHT
Chapter 1: What are Transformers?

Transformers for Natural

o X0_1_and_Accelerators.ipynb 20 Openin ey €D Open  Studio Lab .
 ChatGPT_Plus_writes_and_explains_Alipynb Language Pl:o.cessmg and
Computer Vision

Getting started with DeepSeek-R1 Reasoning models. A A
3 a Explore Generative Al and Large Language Models with
Integrated into HuggingFace Hub and Together. Hugging Face, ChatGPT, GPT-4V, and DALL-E 3

» “IDeepSeek_Hugging_Face.ipynb O Run on Gradient &b Open_ Studio Lab Third Edition

Chapter 2: Getting Started with the Architecture of the
Transformer Model

o KMulti_Head_Attention_Sub_Layer.ipynb
« positional_encoding.ipynb O ruron Grodion
Chapter 3: Emergent vs Downstream Tasks: the Unseen
Depths of Transformers Denis Rothman <packt
e From_training_to_emergence.ipynb © Run on Gradiont
» Transformer_tasks_with_Hugging_Face.ipynb e el

https://github.com/Denis2054/Transformers-for-NLP-and-Computer-Vision-3rd-Edition
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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-Language-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 OREILLY
Chapter 3: Looking Inside Transformer LLMs Hands-On
Chapter 4: Text Classification Large Language
Chapter 5: Text Clustering and Topic Modeling !‘/!oculdeltsdg  ‘ :
Chapter 6: Prompt Engineering ndoenerion g

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

Jay Alammar &
Maarten Grootendorst

https://github.com/HandsOnLLM/Hands-On-Large-L anguage-Models
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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/1836200919/
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Thomas R. Caldwell (2025),
The Agentic Al Bible:

The Complete and Up-to-Date Guide to Design, Build, and Scale Goal-Driven,
LLM-Powered Agents that Think, Execute and Evolve,
Independently published

%

THE AGENTIC

A BIBLE

6%

ENVIRONMENT I PLANNING

e
B - @) - D
f Al AGENT N @OOLS
® ! S
GOALS OTHER Al AGENTS

MEMORY

STAY AHEAD, BECOME IRREPLACEABLE.

Thomas R, Caldwell
https://www.amazon.com/Agentic-Bible-Up-Date-Goal-Driven/dp/BOFL21R86Q
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Generative Al
Large Language Models
(LLMs)

Foundation Models
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Generative Al
(Gen Al)

Al Generated Content
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Artificial Intelligence

(Al)



Al, ML, DL, Generative Al

ML

DL

Al

GAl

ASR/
NLP

Artificial Intelligence

Machine Learning

Automatic Speech Recognition,

Natural Language Processing

Generative Al
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Generative Al, Agentic Al, Physical Al

Perception Al

Speech recognition

Deep recommender systems
2012 AlexNet === Medical imaging

Deep learning breakthrough

Generative Al

Digital marketing
Content creation

/

f

Physical Al

Self-driving cars
General robotics

Agentic Al

Coding assistants
Customer service
Patient care

d

y 4
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Generative Al

Computing

Generative Al

Data Algorithms



Generative Al, Agentic Al, Physical Al

New Economic

Paradigm Shift:
From Creation
to Execution

Physical Al

(Actuation)
Real-world
Interaction & Execution

Autonomous
Synergy

Agentic Al
(Orchestration)
Workflow &
Decision
Automatio

Generative Al

(Creation)
Content & Idea
Synthesis

17



The Future of Al

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

AGI

(Artificial General
Intelligence)

Narrow Al Agentic Al

(Autonomous
System)

(Tool)

Goal-Oriented Behavior,

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

Executes Specific Tasks, Connecting Multimodal GenAl

Self-Improvement within Parameters



Modular Modalities

Where Can The Transformer it?

ANIMATION

MOLECULE

PROTEIN

PROTEIN

MOLECULE

ANIMATION
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From Generative Al to Agentic Al

Generative Al
Prompt
ee 9 e /
QO XXX X o’@
90 CX o ® 6 /’é p %
> €85 (o) Reinforcement Learnin
P S5 &
" 1 Output Input
romp Promp‘t Tools’ Memory State Reward
Reasoning ° ’ ’ e X X N J 512512 =
(Planning, WS X EE X XXX : §[_h= T
Reflection) é : : : : > é : :: : > ﬂﬁ An
® e o 2 %
e.g. ain-of-thought oS -
Stflf‘-l(‘{::ﬁne T, Action
Output Outp ut e.g., Toolformer, RAG
Agentic Al
Input
@ Tools, Memory State, Reward
(¥ Reasoning 2229 sizz| [=
o (Planning, XXX = |§= i
Definition Reflection) o (=D B
(Profile, Goals, — 6o '
Constraints) “ETonTe - -
Action
Output
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Agentic Coding Software Development Lifecycle

1. Requirements

1. Express intent

and planning .
A (Days-Weeks) / (Minutes)
cycle repeats cycle repeats —
4 >
8. Feedback and iteration 2. System design 8. Learn and iterate 2. Agent understands
(Continuous) (Weeks) (Ongoing) Do (Seconds)
7\ X 7\ POIORA000T00T auto fix 2o e reeenneenennsen, 5 \/
7. Monitoring and Traditional SDLC 3. Implementation Transformation 7. Monitoring and - -
observability Weeks-Month I and coding N observability AgenticSDLC 3. Agent implements
(Ongoing) eeks-ionths per cycle > (Weeks-Months) (Continuous) Hours-Days per cycle (Minutes)

J . A A
Hs0c000an000000a incidents -ccceeceeveciaciannanes & S GReenenenoant S
A S s \ /

6. Deploy and release : 4. Testing and QA 6. Deploy and ship : 4. Agent tests + docs
(Days) changes (Days-Weeks) (Minutes) qU'Ck.ref'“e (Minutes)
5. Code review 5. Human review
(Days) (Min-Hours)
4 )
Key differences

Sequential handoffs }—) [ Fluid agent flow I

Human codes everything ]—) [ Human guides, agent executes ]

Docs as afterthought ]—) [ Docs generated inline ]

l

[

[

[ Manvual incident response ]—)[ Agent-assisted remediation ]
. J

21

Source: Anthropic (2026), 2026 Agentic CodingTrends Report: How coding agents are reshaping software development, https://resources.anthropic.com/hubfs/2026%20Agentic%20Coding%20Trends%20Report.pdf



Agentic Coding Software Development Lifecycle

1. Express intent

(Minutes)
cycle repeats TS
8.Learn and iterate 2. Agent understands
(Ongoing) - (Seconds)

7\ e auto fix:-- e reeeeeennnan, : \/

7. Monitoring and : 5 :
observabiﬁty Agent|c SDLC 3. Agent implements
(Continuous) Hours-Days percycle (Minutes)

6. Deploy and ship : 4. Agent tests + docs
(Minutes) qunck.reflne (Minutes)

5. Human review
(Min-Hours)

Source: Anthropic (2026), 2026 Agentic CodingTrends Report: How coding agents are reshaping software development, https://resources.anthropic.com/hubfs/2026%20Agentic%20Coding%20Trends%20Report.pdf
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Single agent architecture

~

| Developer I

Single agent

One context window
Sequential processing
All tasks in one thread

Characteristics
e Linear task execution
e Single perspective
e Context limits scope
e Minutes to hours

Coding Agent Architectures:
From Single Agents to Coordinated Teams

Multi-agent hierarchical architecture

Evolution

J

rd
Task horizons
expand from
minutes to weeks

7

Developer

Orchestrator agent

Task decomposition
Work distribution
Result synthesis

Quality control

\ J

X

[ Integrated output ]

Characteristics
e Parallel tast execution
e Diverse perspectives
e Multiple context windows
e Hours to days/weeks

-

Context 3

s 7 . p )
NI
Specialist A Specialist B Specialist C Specialist D
Architecture and Implementation and Testing and validation Review and docs
design coding
.............................. = e o s
Context 2

Source: Anthropic (2026), 2026 Agentic CodingTrends Report: How coding agents are reshaping software development, https://resources.anthropic.com/hubfs/2026%20Agentic%20Coding%20Trends%20Report.pdf
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Coding Agent Architectures:
Single Agent to Multi-Agent Teams
Performance Impact

Single agent

] [ Multi-agent teams

Sequential bottlenecks

—> ’ Parallel processing

— [ Diverse views catch issues

Context window limits scope

— ’ Distributed context capacity

General-purpose reasoning

—> ’ Role-specific specialties

[
|
| Single perspective, blind spots
[
|
|

Minutes-to-hours tasks

—> ’ Days-to-weeks projects

Source: Anthropic (2026), 2026 Agentic CodingTrends Report: How coding agents are reshaping software development, https://resources.anthropic.com/hubfs/2026%20Agentic%20Coding%20Trends%20Report.pdf
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Agentic Al



Autonomy

Minimal human
Intervention

Al Agents
Al Agents

Task-Specificity

Narrow, well-
defined tasks

Xa

Reactivity

Responding
to changes

26



Latest Al news?

L_,

Al Agents

é Al Agent

( Al news B

Tech company
unveils...

~

WWW

NEWS

ications and challenges." arXiv preprint arXiv:2505.10468 (2025

27



Comparison of Generative Al
and Traditional Al

Feature Generative Al Traditional Al

Output type New content Classification/Prediction
Creativity  High Low

Interactivity Usually more natural Limited

28



Al Agent / Agentic Al, Generative Al, Traditional Al

m Al Agent / Agentic Al Generative Al Traditional Al

Core Concept

Primary Function

Key Characteristic

To autonomously perceive its

environment, make decisions, and

take actions to achieve specific
goals.

Action & Goal Achievement.
Executes a series of tasks to

complete an objective (e.g., "Book
me a flight to Taipei next Tuesday.").

Based on a continuous loop:

Perceive -> Plan -> Act. It reasons
about its goal, breaks it down, and

executes steps.

Autonomous & Goal-Oriented.
Proactively takes steps and can
adapt its plan based on new
information.

To create new, original content
(text, images, code, etc.) that
resembles its training data.

Creation & Synthesis. Creates
novel outputs in response to a
prompt (e.g., "Write a poem
about rain.").

Based on probabilistic patterns
learned from massive,
unstructured datasets. It
predicts the next most likely
word, pixel, or note.

Creative & Probabilistic. Can
produce a wide variety of
unique outputs from the same
prompt.

To execute specific tasks
based on pre-programmed
rules or statistical patterns.

Classification & Prediction.
Answers questions with a
known range of outcomes
(e.g., "Is this spam?").

Based on explicitly
programmed logic (if-then
rules) or learned patterns
from structured data.

Deterministic & Logic-Based.
Given the same input, it will
almost always produce the
same output.

29



Al Agent / Agentic Al, Generative Al, Traditional Al
Feature | AlAgent/AgenticAl | GenerativeAl | Traditional Al

Proactive & Interactive. Actively = Responsive. Engagesin a
observes its environment (digital dialogue or responds to a
or physical) and takes actionsto  user's prompt to generate

Reactive. Responds to a
direct input or query. It
doesn't act on its own.

change it. content.

Architectural frameworks like Large Language Models (LLMs) Expert systems, decision
ReAct (Reason + Act), and systems like GPT-4, Diffusion Models trees, linear regression,
that combine LLMs with tools and (for images), Generative traditional machine learning
memory. Adversarial Networks (GANs). (ML) models.

Self-driving cars, autonomous ChatGPT, Google Gemini, Spam filters, chess engines,
trading bots, smart assistants that Midjourney (image recommendation systems
manage calendars, customer generation), Copilot (code (e.g., Netflix), credit scoring,
service agents that process generation), music medical diagnosis from
refunds. composition. scans.

An architecture or system that L The foundation for modern

reasoning engine for an Al
Agent, enabling it to
understand, plan, and
generate actions.

often uses Generative Al to reason
and Traditional Al for specific sub-
tasks to accomplish a goal.

Al. Its techniques can be
components within larger Al
systems.




Al Agents vs Agentic Al

Feature

Definition

Autonomy Level

Task Complexity
Collaboration

Learning and Adaptation

Applications

Al Agents Agentic Al

Autonomous software programs that Systems of multiple Al agents
perform specific tasks. collaborating to achieve complex goals.

Broad level of autonomy with the ability to
High autonomy within specific tasks. manage multi-step, complex tasks and
systems.

Handle complex, multi-step tasks requiring

Typically handle singl ifi ks. L
ypically handle single, specific tasks coordination.

Involve multi-agent information sharing,

Operate independently. . .
P P Y collaboration and cooperation.

Learn and adapt within their specific Learn and adapt across a wider range of
domain. tasks and environments.

Supply chain management, business
process optimization, virtual project
managers.

Customer service chatbots, virtual
assistants, automated workflows.



Al Agents vs Agentic Al

Al Agents

©,

Perception

)

7

)

Reasoning
\

7

€3

Action

N

Architectural

Evolution

.

”

Agentic Al

oL o
;TS 4

Specialized Advanced
Agents Reasoning &
Multi-Agent Planning

Collaboration

=

Persistent
Memory
Shared Context

Task-Decomposition

Orchestration
System Coordination

32



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

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

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

about a cat.
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Transformer (Attention is All You Need)

Positional D
Encoding

(Vaswani et al., 2017)
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Multi-Head
Attention

¥ S W
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 S——

Add & Norm

Multi-Head

Attention
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\_

J

I

Add & Norm

Masked
Multi-Head
Attention

A

=
\_ —

Input

Embedding

T

Inputs

E_

Output
Embedding

I

Outputs
(shifted right)

Positional
Encoding
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Transformer (Attention is All You Need)

(Vaswani et al., 2017)

* A Transformer is a type of deep learning model
introduced in the paper "Attention Is All You Need"
(Vaswani et al., 2017).

* It revolutionized Natural Language Processing (NLP)
by replacing traditional sequence models
like RNNs and LSTMs with a self-attention mechanism
that enables highly parallelizable training.
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Transformer Models
Transformer

Encoder Decoder

|

DistilBERT TS5
|

BART
|

M2M-100
I

ALBERT BigBird GPT-Neo

|
ELECTRA mTO

21 ANE

BLOOMZ

DeBERTa ChatGPT
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Large Language Models (LLMs)

Orca MAELULW Vicuna

LLaMA Falcon Guerilla Jurassic-2 Claude Red Pajama
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ChatGPT  ___[FlanPalM]) [OPT-ML] Anthropic  BLOOMZ
Lidinerva Gallactica
(PalM |1 GPT-NeoX s BLOOM
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CodeX GLaM | MT-NLG ePT-J = . AnthropicLM M
GPT-Neo Jurassic-1 OpenAl
ElutherAl
Anthropic
GPT-3 w2
DeepMind
BigScience
GPT-2 XLNet Microsoft-
NVIDIA
YCombinator
GPT-1 Startups
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BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding

BERT (Bidirectional Encoder Representations from Transformers)

Overall pre-training and fine-tuning procedures for BERT

Ksp
" .

Mask LM
*

Start/End Spax

- BERT

00—

v ()G ) - ()

Ce )] e - (W]
lemfl & |- |8 || Ceem]| & |- [B]
e e u pEmmm s “
@m___ [T«N][ [SEP) ][Tolﬂ]_” [TokM]
\_'_l

Masked Sentence A

*
Unlabeled Sentence A and B Pair

Masked Sentence B

Pre-training

EIE L [ e [ & ] [E]

L . L. L. _ B

-! EEER[ESR

Question Paragraph
*
Question Answer Pair

Fine-Tuning




Class
Label

— =
B BPMmBa B

BERT

Lol & J - [ ][ e[ & ] [o ]

G G - . .

ﬁ_

Sentence 1 Sentence 2

(@) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

Start/End Span
L N mm wm
LG Cllee)])- ()
BERT
L]l & ] [ |[Een [ & |- [&0]

Fine-tuning BERT on Different Tasks

Class

Label

c 1 l i |
BERT

E]a.sl Ei Ez

Ey

.
icts) || Tok1 ] Tok2
I
[

Single Sentence

(b) Single Sentence Classification Tasks:

SST-2, ColLA
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o
@l e . m (s€P) I e .. K I
\_'_| [ |

Question Paragraph

(c) Question Answering Tasks:
SQuUAD v1.1

o) B-PER o)
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BERT
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S . py
[ [cLs) ][ Tok 1 [ Tok 2 ] Tok N

Single Sentence

(d) Single Sentence Tagging Tasks:
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Sentiment Analysis:
Single Sentence Classification

Class
Label

(e = I =]

BERT

[CLS] Tok 1 Tok 2

Single Sentence

(b)) Single Sentence Classification Tasks:
SST-2, CoLA

Source: Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova (2018).

"BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding." arXiv preprint arXiv:1810.04805 40



Fine-tuning BERT on
Question Answering (QA)

Start/End Span

Le (=)~ [ )lreem -

BERT
E[CLS] E1 = EN E[SEP] E1’ ot EM’
-y .
(e ] [ ][ e= ][]
[ | |
I I
Question Paragraph

(c) Question Answering Tasks:
SQuUAD v1.1
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Fine-tuning BERT on Dialogue
Intent Detection (ID; Classification)

Class
Label

-
l e ] = J = |

[CLS] Tok 1 Tok 2

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColLA



Fine-tuning BERT on Dialogue
Slot Filling (SF)

O B-PER

< r

= = = =
L= 1= § = |

[CLS] Tok 1 Tok 2

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Key Features of the Transformer Model

 Self-Attention Mechanism: Allows the model to weigh the importance of different
words in a sentence, regardless of their position.

* Positional Encoding: Since Transformers don’t use recurrence (like RNNs), positional
encodings are added to input embeddings to retain word order information.

* Multi-Head Attention: The model attends to different words simultaneously in multiple
ways, capturing various relationships.

* Feed-Forward Layers: After attention, the output passes through dense layers for
further transformation.

* Layer Normalization & Residual Connections: Improve gradient flow and training
stability.
* Encoder-Decoder Architecture:
* Encoder: Processes input text and converts it into contextual embeddings.

* Decoder: Generates output text, often used in translation or text generation tasks.
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Popular Transformer-Based Models

* BERT (Bidirectional Encoder Representations from
Transformers)

* Used for tasks like classification and question answering.

* GPT (Generative Pre-trained Transformer)

* Generates text based on input prompts.
* T5 (Text-To-Text Transfer Transformer)

* Converts all NLP tasks into a text-to-text format.
* ViT (Vision Transformer)

* Applies Transformer architecture to computer vision.
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Tokens in NLP (Text Processing)

. .. Splitting text into meaningful units
Tokenization P 8 8
(words, subwords, or characters).

Methods like Byte Pair Encoding (BPE) and
Subword Tokens WordPiece break words into reusable subunits
(e.g., "unhappiness" = ["un", "happiness"]).

Embeddings Converts tokens into numerical vectors for processing.
: : |ldentifies sentence structure by assigning roles to
Semantic Role Labeling (SRL) . . y AL
tokens (e.g., subject, object).

Special Tokens [CLS], [SEP]

Source : 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



Tokens in CV (Image Processing)

T T

Patch Tokens Vision Transfqrmers (V|T)- split an image into small patches
(e.g., 16x16 pixels), treating them as tokens.

Since images lack inherent sequence order like text,
LG EIR (Lo [ :88 positional embeddings help ViTs understand spatial
structure.

Midjourney’s Al processes text prompts into image tokens,
converting descriptions into Al-generated art.

Midjourney API Tokens

OpenAl’s CLIP model tokenizes both text and images,
CLIP Tokens allowing cross-modal understanding (e.g., “dog” matches a
picture of a dog).

Source : 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 47



Tokens in NLP vs CV

NLP Tokens CV Tokens

Image patches
(e.g., 16x16 pixel grids)
Tokenized using BPE, Tokenized as patch
WordPiece, SentencePiece embeddings

Words, subwords, or characters

Processing

oS EIRS (LT #88 Needed to retain word order !\Ieeded FO TR SEER
information
Example Models BERT, GPT, T5, RAG ViT, DINOv2, CLIP

Vision-based tasks (image
classification, Al art
generation)

Text-based tasks (chatbots,
summarization, RAG)

ooooo : 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 48
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Attention in NLP (Text Processing)
. Aspect | Descripton

Each token attends to every other token in a sentence,
capturing dependencies across long text sequences.

Self-Attention

Computes attention scores using query (Q), key (K), and

Scaled Dot-Product Attention
value (V) vectors.

Improves attention by using multiple attention heads that
learn different relationships.

Causal Attention (Decoder- Restricts attention to past tokens only, enabling text

Only Models) generation without looking ahead.

The dgcoder atte.nds to encoder outputs in seq-to-seq
tasks like translation (e.g., T5, BART).

Fetches external knowledge before generating a response

Attention (RAG models).

oooooooooo thman (2024), Transformers for Natural Language Pro ng and Computer Vision: Explore Generative Al and Large Language Models with Hugging Face, ChatGPT, GPT-4V, and DALL-E 3, 3rd Edition, Packt Publishing

Multi-Head Attention (MHA)




Attention in CV (Vision Processing)

T T

Treats images as a sequence of patches (like words in text)

Self-Attention in ViTs ) , : : :
and applies attention to learn spatial relationships.

Similar to NLP, multiple attention heads capture different

Multi-Head Attention in ViTs B
visual features.

Since images lack inherent order, positional embeddings
help maintain spatial structure.

Positional Encoding in Vision

Cross-Attention in Used in models like CLIP and Midjourney, where text
Multimodal Al descriptions attend to visual features.

Heatmaps showing which image regions the model focuses

Attention Maps in Visi inabili
ention viaps In Vision on (e.g., for explainability).

Source : 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
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Attention in NLP vs CV

m NLP Attention (Text) CV Attention (Images)

Tokenized text sequences Image patches

Words/subwords Pixels/patches

Learns spatial & contextual

L) e d=hidle)s| Captures long-range dependencies : .
P &rang P relationships

Sequential No, operates on full input

. . No, processes patches like text
Processing? (parallelizable) P P

Model Examples BERT, GPT, T5, RAG ViT, CLIP, Midjourney

Source : 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 51



Single-layer Transformer

consists of self-attention,
a feedforward network, and residual connection

Output Vectors
| N W W N
Transformer -
Layer t T 1
Residual
Connection Feedforward
=
+
4 i
Pt 1
Residual .
Connection Self-Attention
Input Vectors

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

Class = Class = Class = Class = Class =
Ad\tlerb Pro?oun PastTeltlseVerb Deterriliner N(iun
Feedforward Feedforward Feedforward Feedforward Feedforward
A A A i |
Transformer Layer
A | A A A
Transformer Layer
' § A / A
Transformer Layer
A [ A |
Positional Positional Positional Positional Positional
Embedding 1| [Embedding 2| |Embedding3| |Embedding 4| [Embedding 5
+ + + + +
Embedding Embedding Embedding Embedding Embedding
lookup lookup lookup lookup lookup

Yesterday they cut the rope
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Training Contextual Representations
using a left-to-right Language Model

Contextual
representations
(RNN output)

red car 1S big <eos>
Feedforward | | Feedforward | | Feedforward | | Feedforward | | Feedforward

|
|

|
|

|
|

|
|

RNN ——RNN ——{RNN ———| RNN——|RNN

|
|

romcones! [ Embedding | [ Embedding | [ Embedding | [ Embedding | [ Embedding
(word embeddings) 1"0;‘“1’ IOO;CUP loo;cup loo;cup loo;cup
The red car is big
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Masked Language Modeling:

Pretrain a Bidirectional Model

rosc

1

Feedforward

f

MLM

embedding

t
RNN [ RNN [ RNN <4 RNN [ RNN
| | ! | !
RNN < RNN = RNN [ RNN = RNN

! !

Embedding | |Embedding
lookup lookup

1 1

The river

[masked]

! !

Embedding Embedding
lookup lookup

1 1

five feet
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Neural Network and Deep Learning
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https://www.youtube.com/watch?v=aircAruvnKk

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

Transformers (how LLMs work)

Behold, a wild pi creature,

foraging in its native habitat of
mathematical formulas and

computer code! With its infinite
digits and irrational I %
tendencies, this strange as | o%
creature is beloved by oh |0%
mathematicians and tech this | 0%
enthusiasts alike. Approach with gentle | 0%
caution, for attempting to Transtormer brave | 0%
calculate its exact value may lead fellow | 0%
to madness! But do not be afraid, little | 0%

for G P T 3 curious | 0%

the |0%
young | o%

‘)) 2:41 / 27:13 - Predict, sample, repeat > o m *

https://www.youtube.com/watch?v=wjZofJX0v4M


https://www.youtube.com/watch?v=wjZofJX0v4M

Attention in Transformers

Value

12,288 x 12,288 =150,994,944

Query
1,572,864

ey 12,288 ¢
1,572,864 B

16:48 / 26:09 + Counting parameters >



https://www.youtube.com/watch?v=eMlx5fFNoYc

How might LLMs store facts
& cpT-3

Embedding

Key

Query

Value

Output
Up-projection
Down-projection

T " 3 3
U IIEILIUULlUJllb‘

< » >l ©

12,288 50,257

d _embed * n_vocab

128 12,288 96 96

d _query *d embed * n_heads * n_ layers

128 12,288 96 96

d query *d embed * n_heads * n_ layers

128 12,288 96 96

d value *d embed * n_heads * n_layers

12,288 128 96 96

d embed *d value * n heads * n_layers

49,152 12,288 96

n neurons * d embed * n layers

12,288 49,152 96

d embed * n neurons * n_layers
00,257 12,288

n_vocab ™ d__embed

16:51 / 22:42 - Counting parameters >

://www.youtube.com/watch?v=9-JI0dxWQs8

Total weights:

175,181,291,520

= 617,558,016
14,495,514,624
14,495,514,624
= 14,495,514,624
14,495,514,624
57,982.058,496

57.982.058,496

= 017,558,016



https://www.youtube.com/watch?v=9-Jl0dxWQs8
https://www.youtube.com/watch?v=9-Jl0dxWQs8
https://www.youtube.com/watch?v=9-Jl0dxWQs8

Large Language Models explained briefly

What follows is a conversation
between a user and a helpful, very
knowledgeable Al assistant.

User: Give me some ideas for what
to do when visiting Santiago.

e

AT Assistant: Sure, B

ALanguage' 4
Model

} P> ) 1:49/8:47 - What are large language models? > o [ce] Q

https://www.youtube.com/watch?v=LPZh9BOikQs


https://www.youtube.com/watch?v=LPZh9BOjkQs

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)

______________________

( : [ ! A A T5 / LaMDA A -
. ALICE ! I | €2 Xiao Mi G riaN &) eLM
. ASK | * | o9
T - | ’ | | Duer BLOOM o~ PalLM / UL2 / Flan-
I'lil Eliza: ALICE | (U siri” | Seq2Seq | @ O 7 T5/ Flan-PaLM
N e et e e ’ NS T ’ ' Di D
[ TRE0Ne 2ane  CPM-2 (0X) OPT / Galatica @ —
2016 | - 2019 2020 | - | e

2015 12016-2018 2021 2022 2023
A\ | Anthropic L 5

________________ " o el Chinchill =+ ChatGLM
 Prm— ' WATSON Xiaoice G Google Assistant G BERT G Meena / S:acrrlov:

¢ %’.'.Ei":u:.ﬂf.wmwu ! ====7E mm Microsoft a Alexa Price @ GPT (X) Blender W InstructGPT s

! e P -a / ChatGPT
| GUuUS : * @ GPTog | #owe =208 a <7 Bard
STt S | Y £2 PLUG v * v 0Q LLaMA
- — P —————————— e P ———————————————— — >
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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Multimodal Large Language Models (MLLM) G
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Intelligent Agents Roadmap

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

-----------

.

l l 44 Large Model-based Agent

AGI Agent b b
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Al Agents

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

« Utility-based agents virtual environments

* Learning agents * Collaborative Al agents



Reinforcement Learning (DL)

Agent

{ EnvironmentJ




Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment
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Reinforcement Learning (DL)

Agent

0,
3 reward TRt

Environment

1 observation 2 action
A

t
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Large Language Model (LLM) based Agents
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LLM-based Agents
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Large Multimodal Agents (LMA)
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Large Multimodal Agents (LMA)
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Vision-Language-Action (VLA) Models for Robotics

Challenges of VLA

Section II)

~ >

& Transition
Section

g

N
Design Strategy Vision-Language-Action Model
i

Architecture

Data Modality

Section I\J

Training Strategy
Section

J

_J

£3
@ @)
=

&

Data Collection
Dataset

Augmentation
Section VI

Robot
Evaluation

Application
Section VII

[
(

Recommendation for Practitioners

Section VIID
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Large VLM-based Vision-Language-Action Models
for Robotic Manipulation
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Reasoning over Complex )-_h Integrated Understanding
Instruction A across Diverse Modalities
/4 what . J‘\ = S [ tmage || Audio || Text
- Ry e ' = By - -
| How to . || where...? g ‘G) = Z33 4 [ veAa ]
L4 $ L8 o - e 3
i L P } 1= 1 [ | video | Force State
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Large VLM-based Vision-Language-Action Models
for Robotic Manlpulatlon

7.1 Real-world Robot
Datasets

‘7.2 Simulation Datasets and |
i Benchmarks

o

A

7.3 Human Behavior
Datasets

' 7.4 Embodied Datasets and |
Benchmarks

. 4

rtreem | MT-EQA: no.. th dr :h
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Large VLM-based Vision-Language-Action Models

for Robotic Manipulation (Timeline)
Monolithic models and Hierarchical Models
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Multimodal Large Language Models (MLLM)

________________ et
Image Text
: A [\
. Text é — > —>
Audio I
"”'""i L LLM -|||||-|-
. Video : E :.i
@ —> ZA::;:Z): Connector . Generator @
Aol . o
: 1] .
4 - 1 ~
. || i o
Multimodall LLM | HE NN | L
Three types of connectors: | ' — @il | « 4 | MH-Attn
. : — A | AQ AK AV
1. projection-based | 1 HE Q-Former | A—“
B MLP o | | | >
2. query-based o 1 I v X B
3. fusion-based connectors [ ) (Ml E s L ) :
| S C
I Learnable queries | o .
. I I J
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COICTEN]

buipugjsiapun

gleq

Multimodal Large Language Model (MLLM) G

CE T

for Vision Question Answering

-@' Conventional Deep Learning Q‘?’ Multimodal Large Language Model

[ [

: : [ 1
g ! . . 1

: Conventional One-hop Multi-hop 1 : Chain-of-thought LLM-aided & Multi-agent 1
1 1

: I : [ Action ] [ Memory ] :
1 [ SPARQL queries SPARQL, Memory, P Think Step by step i
: Dense Passage Graph, 1 : Step 1: Think xxxx : 1
. - 1

I [ e Retrieval (DPR), Implicit, ... : I Step 2: Consider LLM Control Center -
: ...... il XXXXX 1
[ 1

I : B ([ a s I
I ) " i Step n: Check xxxx A I
: Entlty-based Extraction Feature—based Extraction |,: Agent Agent Bent !
1 1

Q Conventional Deep Learning @M ultimodal Large Language Model

- 1, 1
I L 1
1 1 1
: Deep learning GNN-based Transformer : : Instruction p In-context :
. . rompt > ;
: Concat ] ( Add & Norm | . tuning Learning |
* 1, ¢ 1
: T T [ Feed Forward ] 1, ¢ 1
] t 1 1 1
LSTM H LSTM i & ) -
' f (_addanom J—ii @ uM & gl . | [
1 1 1 = 1
I [ Concat [ Multi-head self-att ] : 1 :
[ | 1
! ! EE—— A 3 - : Image-Text Alignment :
i o i = e e " 1y 1
. 1 1
; 1, 1
I I 1

Image Encoder Text Query

What is the person doing? " -l||||-l-

A. Eating. B. Sleeping.

C. Dancing. D. Singing. Video Rudic
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Four Paradigms in NLP (LM)

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

d. Pre-train, Prompt, Predict

Prompt (e.g. cloze, prefix)

1

— ~GEN

CE T

nnnnnnnnnnnnnnnnnnnnn ty
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Large Language Models (LLM) G

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

many tasks via natural \_ J L )
language instructions
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Generative Al (Gen Al)

Al Generated Content (AIGC)
Image Generation

Instruction 1: Instruction 2:

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

| |

[ @ 0openAI DALLE2




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

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

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

about a cat.

85



The history of Generative Al

Unimodal- CV & NLP

in CV, NLP and VL

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

Multimodal - Vision Language

Cv

StyleGAN
BigBiGAN

Visual BERT
VILBERT
UNITER

VL

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

1T

100B

10B

1B

100M

9x

Tx

5x

3x

1x

Generative Al
Foundation Models

t Training Speed (based on V100 16G)

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

PaLM

O BLOOM ChatGPT
O O

pp— DALBH?%H
O O

2018

2019 RTX RTX

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

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

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

(3) Normalizing flows

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

(2) Variational autoencoders

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

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

Reverse: p(x¢—1|x¢)

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

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

Encoder-
Decoder

— [ Encoder J—’ :_

> ‘ VL Pre-trained
To-text 3 Encoders

“Generate a [ VL Pre-trained

To-image cartoon cat.” Encoders

Representation

Representation

 —

Representation

—_—

—|

— [ Decoder ] —

Transformer
Decoders

Vision Decoders
(GANS, Diffusions)

J_,

Output

[0\,
$

J — “This 1s a cat.”

P
33
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RAG LLM
Dialogue Systems



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

Inference

Flne—tunlng G-Retriever HARW
~Retrieve

Pre-training RAPTOR
CRAG

UniMS-RAG

2024

IAG

DRAGON-AI

FILCO PaperQA
CREA-ICL
ARM-RAG . '/
PRCA ) 1-PAGER ToC
Dual-Feedback-ToD Self-RAG Token-Elimination FABULA

ouh InstructRetro QLM-Doc-ranking
MK-ToD LM-Indexer KALMV SKR
RAG_Robust , DI ITRG Recomp
 w—
Retrieve-and-Sample ,
RGE \ KnowledGPT
LLM-R /

SANTA

SUGRE

\
RRR AAR
Self—Mom\ FLARE

e
R-GQ RAG-e2e

Zemi
Atlas

ITER-RETGEN

i/ IRCOT
PGRA
‘ PKG_

CO? SCM4LLMs

LLM-E Filter-Reranker
ICRALM
DSP l RePLUG
GenRead

Retro++

2023

>

PROMPTAGATOR

, RAG

RECITE

2020

Augmentation Stage

— ine-tuning
[ Pro-training ]
Retrieval—Augmented Generation [ intorence ]



Framework for Implementing Generative Al G
Services using RAG Model

-

PDF,
TXT,
WebURL,
Youtube

L =

Source Data

W /4’ LangChain

Orchestration Framework

Smaller chunks preensesnnenndenaeaans

Vector
Database

GPT4AIl Search

Predefined r N
System Prompt @ODGHAI

Relevant
chunks

User

~» LLM

~

GPT4AIl

Data
Gathering

D

Data
Extraction

)

Splitting
Chunks

D

Prompt &
Search

>Generatior>
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Retrieval-Augmented Generation (RAG)
for Large Language Models (LLMs)

Indexing

Hﬁﬂﬂ

I

E How do you evaluate the fact

: that OpenAl's CEO, Sam Altman,
i went through a sudden dismissal
s by the board in just three days
I '

OUtpUt . and then was rehired by the
I
1

Documents )

@ B

Y

Chunks|Vectors

Y (embeddings)

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

Retrieval

Q

[ Relevant Documents ]

...l am unable to provide comments on

future events. Currently, | do not have

any information regarding the dismissal giﬁ LLM Generatio

and rehiring of OpenAl's CEO ... S ST IS SRS e L TOTITITIER 3 A e i et e >
Question :

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

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

...... This suggests significant internal
disagreements within OpenAl regarding

S At based on the following information :
the company's future direction and

I

I

I

I

:

I

1 Please answer the above questions
I

: Chunk 2: "The Drama Concludes? Sam
I

|

I

I

|

strategic decisions. All of these twists gm:lr:t 12 Altman to Return as CEO of OpenAl,
and turns reflect power struggles and Chunk 3 : 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

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

Text | | Code | |Image | {Audio | | 3D
Video | iKnowledge | | Science | | ... |
Modalities
Input
DD o -  Transformer | &) yygging Face
&Index  [g===) | | {0
& MF ° .‘::::::::::I:_:§:.'T:.'I¥I::::::::::: G opena
Data J N  Diffusion _ ; Gemini
_______________________________ c GAN . stability.ai
Sparse E é Dense Others ‘“"""""::::-: ............ '::.3':' NudElSEan
Retnevep Retnever ---------------------------------
Retriever Generator

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

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

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

Knowledge |
)
L — J ..... 3D ......
Result
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A LLM-based Agent for
Conversational Information Seeking

LLM-Augmenter
: L Utility |
| oy Zao -~ 1
; o (utility score & feedback) :
5 2 3 ;
' N N Policy ., Working :
: - (action selection) Memory :
5 o . :
: External - Action Executor E
: Knowledge E ~+» - Knowledge Consolidator |« :
' | (e.g, news, wiki, | ! - Prompt Engine |
l proprietary L 1 |
| databases) o y |
: - ;S 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 Q
of the 19th century impact the
development of modern art in

the 20th century? Retriever

\

1. Impressionist artists like
Claude Monet introduced new
techniques that revolutionized
the depiction of light and color.
\4 2. The Impressionist techniques
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? Retl;ever

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

v light and color)

- (Impressionist techniques) -

LLMs <4 [influenced] - (later art
movements)
- (Pablo Picasso) - [pioneered] >
(Cubism)
- (Cubism) - [emerged in] = (early
20th century)

% 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?

G-Retrieval
o
k1
-
[T)
o
Query Knowledge
Enhancements Enhancements

cfin

Graph Database & G-Indexing

---l

W

Open Knowledge
Graphs

Coas)

Self-Constructed
Graph Data

S

Retrieval
Results

Nodes

Triplets

Paths

Subgraphs

Hybrid

Graph Format

Adjacency/Edge Table

Natural Language

q

E> Code-Like Forms
D ﬁ

232

Syntax Tree

D=0~
" and
MO

Node Sequence

acoo
oc oo
ocoa
Juug

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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Components Deployment

Architecture

LangChain Architecture

LangGraph Cloud

Integrations

LangChain

LangSmith

Debugging

(COMMERCIAL )

Playground
Prompt Management
Annotation
Testing

LangGraph

Monitoring

(COMMERCIAL )

https://www.langchain.com/
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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 Embedding Answer

@

Raw
Table + Text

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

Multi-vector retriever @ ~ Answer

’ : Option 3:
Summarize + Text Embedding Summary Retrieve via image summary, pass
Text | Summary raw image to LLM for synthesis

@ Table Summary
/ Text Summary Raw Table —

Documents

Vet Bearanien Tomeme

Answer

Raw Text ! E Summary

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



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

Evaluating RAG with Ragas Metrics
ragas score

generation

faithfulness

how factually acurate is
the generated answer

answer relevancy

how relevant is the generated
answer to the question

https://blog.langchain.dev/evaluating-rag-pipelines

retrieval

context precision

the signal to noise ratio of retrieved
context

context recall

can it retrieve all the relevant information
required to answer the question

-with-ragas-langsmith/

100


https://blog.langchain.dev/evaluating-rag-pipelines-with-ragas-langsmith/
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Native RAG Advanced RAG, Agentic RAG

2 [®

User Query

R

Documents

-
9 Vector

= Database
~

l

[:] Related Document Chunks

J/

B - &

Prompt LLM

Native RAG

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

T 1

[j Related Document Chunks

New Modules

( Criticize J

_-==1 Retrieve i»- -

e - -
Ll T

L ———— ( Reflect } ---------- =z

v

R = ffl
Rerank  Filter  Prompt Compression
Post-Petrieval )

¥

B - &

Prompt LLM

Advanced RAG

g = G [?,ol‘:?) \

Memory structuere

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

Yy $

Modular + Agentic RAG
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Modular + Age

New Modules

— — —

[ Criticize J

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

,'-—L Retrieve j--~\

r
( Rewrite j

ntic RAG

—————

A\l

v

\

HandcrafMing owcthod
LM Goncratson mocthod
Dastasct Alsgrerscen mncthsod

> EFEmboddwmpgs » Livs
Moemory oporation

> Mormory writsang

Flanning w o feedback
» Sagic-path roasoming:

Planning w/ feedback

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

A

High

Knowledge

optimization
What the model
needs to know

Fine tuning
- Parameter-efficient Fine-tuning

Prefix/prompt tuning

Adapter-tuning

Low-Rank Adaptation (LoRa)

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

v

oW LLM Optimization High

How the model needs to act

Source: Jun Xu (2024). "GenAl and LLM for Financial Institutions: A Corporate Strategic Survey." Available at SSRN 4988118. 103



LLM Decision Path for Suitable Techniques

Apply or augment

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

Check the gap

between current

Training from scratch

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

Short-term memory: - g ;

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

format

Mixed long-short-term memories

with long contextual capability

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

memories, planning, etc

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

Layer Sub-layer
Application

Orchestration

LLM

Data

Infrastructure

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

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

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

ChatGLM  Llama Mistral /

foundation : : A

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

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

Model
Architecture

ClimateBERT

ESG-BERT

SusGen-GPT

ClimateChat

Base Model

DistilRoBERTa

BERT-Base

Llama/Mistral

Llama 2 (tuned)

Parameter Training Focus

Count

~82M

~110M

/B - 8B

7B+

Climate news, science,
& corporate reports

Sustainable investing
corpora

SusGen-30K (Financial
+ ESG tasks)

ClimateChat-Corpus
(Q&A pairs)

Primary Use Case

Fact-checking, Climate
Specific Classification

Sentiment Analysis,
Category Classification

TCFD Report
Generation, Relation
Extraction

Climate Science Q&A,
Policy Analysis

Key Performance Metric

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

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

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

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

SusGen-30K

ClimateChat-Corpus

A3CG

ESG-Activities

FinRpt

GenAl in ESG Datasets

Size / Composition

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

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

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

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

Chinese & English Equity Research
Reports.

Primary Application

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

Fine-tuning conversational agents
for climate science.

Greenwashing detection; Cross-
category generalization testing.

Benchmarking LLM performance on
granular ESG activity identification.

Source

Wu et al.
(2024)

ClimateChat
Team (2025)

Ong et al.
(2025)

Intelligent ESG
Evaluation
Team (2025)

Evaluating automated generation of Li et al. (2025)

comprehensive financial reports.
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ESG Agent and ESG Benchmark
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ESG Agent Overall Architecture and Workflow
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