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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-E3

Third Edition

Denis Rothman <packd

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

Transformers for Natural
Language Processing and

: ) Computer Vision
8.Fine-Tuning OpenAl GPT Models . P - =
xplore Generative Al and Large Language Models wi
9.Shattering the Black Box with Interpretable Tools Hugging Face, ChatGPT, GPT-4V, and DALL-E 3
10.Investigating the Role of Tokenizers in Shaping Transformer Models Thicd Edision A

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



https://github.com/Denis2054/Transformers-for-NLP-and-Computer-Vision-3rd-Edition

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 StudiolLab

Part | The Foundations of Transformer Models

EXPERT INSIGHT
Chapter 1: What are Transformers?

Transformers for Natural

« %X0_1_and_Accelerators.ipynb [0 ooer e R Oven i s S studo Lab .
« ChatGPT_Plus_writes_and_explains_Al.ipynb = £0 open_ studo Lab Language Processing and
Computer Vision

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

» “9DeepSeek_Hugging_Face.ipynb | pen in Kaggle €D Open  studio Lab Third Edition

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

» “XMulti_Head_Attention_Sub_Layer.ipynb 20 Opmrin o €0 Open  Studio Lab
 positional_encoding.ipynb €0 Open  Studio Lab

Chapter 3: Emergent vs Downstream Tasks: the Unseen
Depths of Transformers Denis Rothman <packh

» From_training_to_emergence.ipynb k Open in Kaggie &0 open  Studio Lab
» Transformer_tasks_with_Hugging_Face.ipynb 20 openin i REEe o

https://qgithub.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-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

10
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Generative Al (Gen Al)
Al Generated Content (AIGC)

Unimodal
[ Data ]

I

| Pre-train .

4 Once upon a time,
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 [ Instruction I5
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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Al, ML, DL, Generative Al N\

Al Artificial Intelligence

ML Machine Learning

GAl  NLP

Automatic Speech Recognition,
Natural Language Processing

Generative Al

14
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Imarena.ai Chatbot Arena Leaderboard

Rank
(StyleCtrl)

1

NOoOoO JdWwooWw - W W

=
A W PR

=
N W

Model Arena

Score

chocolate (Early Grok-3) 1403
Gemini-2.0-Flash-Thinking-Exp-01-21 1385
Gemini-2.0-Pro-Exp-02-05 1380
ChatGPT-4o0-latest (2025-01-29) 1377
DeepSeek-R1 1362
Gemini-2.0-Flash-001 1358
01-2024-12-17 1352
ol-preview 1335
Qwen2.5-Max 1334
03-mini-high 1332
DeepSeek-V3 1318
Qwen-Plus-0125 1311
GLM-4-Plus-0111 1310
Gemini-2.0-Flash-Lite-Preview-02-05 1309
03-mini 1306

95% Cl Votes Organization

+6/-6

+4/-6
+5/-6

+5/-5
+7/-7
+7/-7
+5/-5
+3/-4
+5/-5
+5/-9
+4/-5
+9/-7
+6/-9

+6/-5
+5/-6

9992
15083
13000
13470

6581
10862
17248
33169
9282
5954
19461
5112
5134

10262
12179

XAl
Google
Google
OpenAl

DeepSeek
Google
OpenAl
OpenAl
Alibaba
OpenAl

DeepSeek
Alibaba

Zhipu
Google
OpenAl

https://huggingface.co/spaces/Imarena-ai/chatbot-arena-leaderboard

License

Proprietary
Proprietary
Proprietary
Proprietary

MIT
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary

DeepSeek
Proprietary
Proprietary

Proprietary
Proprietary
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https://x.com/lmarena_ai/status/1891706264800936307
https://aistudio.google.com/prompts/new_chat?model=gemini-2.0-flash-thinking-exp-01-21
https://aistudio.google.com/prompts/new_chat?model=gemini-2.0-pro-exp-02-05
https://help.openai.com/en/articles/9624314-model-release-notes
https://api-docs.deepseek.com/news/news250120
https://aistudio.google.com/app/prompts/new_chat?instructions=lmsys-1121&model=gemini-2.0-flash-001
https://openai.com/index/o1-and-new-tools-for-developers/
https://platform.openai.com/docs/models/o1
https://qwenlm.github.io/blog/qwen2.5-max/
https://platform.openai.com/docs/guides/reasoning
https://huggingface.co/deepseek-ai/DeepSeek-V3
https://www.alibabacloud.com/help/en/model-studio/developer-reference/what-is-qwen-llm
https://bigmodel.cn/dev/howuse/glm-4
https://aistudio.google.com/prompts/new_chat?model=gemini-2.0-flash-lite-preview-02-05
https://openai.com/index/openai-o3-mini/
https://huggingface.co/spaces/lmarena-ai/chatbot-arena-leaderboard

Imarena.ai Chatbot Arena Leaderboard

Confidence Intervals on Model Strength (via Bootstrapping)
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https://huggingface.co/spaces/lmarena-ai/chatbot-arena-leaderboard

Transformer (Attention is All You Need)

(Vaswani et al., 2017)

T ™y
| Add & Norm |<ﬁ

Qutput
Probabilities

Linear

~

Feed
Forward
7 \ Add & Norm
_ .
Add & Norm T
Feed Attention
Forward 7 ST, W ) Nx
S
Nix Add & Norm
f—>| Add & Norm | Ve
Multi-Head Multi-Head
Attention Attention
. I I L I, MY
= Y, - | —,
Positional D ¢ Positional
Encoding 1 ] Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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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.

18



DistilBERT

Transformer Models
Transformer

Encoder B Decoer

|
TS

BART
|

M2M-100
|

ALBERT BigBird

|

ELECTRA mTO

RoBERTa

DeBERTa

ChatGPT

BLOOMZ
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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

ﬁp Mask LM Maﬁ LM \ /M@D Start/End Span\
® -

290 90—
L) Gl ) (W) B BfMea B
- | (. >t
Bl e a5 o {--p
BEF i R ale o w|a]s = ’ BERT
[fem [ B |- [ E || Esen [ E/ ] EE} L& || Eaml[ &0 |- [&]
(=) (o) () () . () -E o) () (=) . (ome)
Masked Sentence A P Masked Sentence B Question P Paragraph
Unlabeled Sentence A and B Pair Question Answer Pair
Pre-training Fine-Tuning



Fine-tuning BERT on Different Tasks

Class
Label

— =
O DS E. BB

BERT

Lol & J [ ][ e[ & ] [&0]

G G L i

—
@l ':" m [SEP] || | - Tx‘

Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,

RTE, SWAG
Start/End Span
29—
CIC] - Gl (]
BERT
[ L& | (& || Eoon [ & ] [&]

Class

Label

- L) -
BERT

Ep.sl E: Ez

He -

i o
[CcLS] Tok 1 | Tok 2 | Tok N
|
|

Single Sentence

(b) Single Sentence Classification Tasks:

— e

G—-
\_'_l [

Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

SST-2, ColLA
o) B-PER o)
* <
BERT
E|cn.sl E, E; Eq
P P g
RIS - o

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Sentiment Analysis:
Single Sentence Classification

Class
Label

[CLS]) Tok 1 Tok 2

Single Sentence

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

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 22



Fine-tuning BERT on
Question Answering (QA)

Start/End Span

[ < § =, = ESE™ RS

BERT
E. E[SEP] E,
(mﬂf*zl*l-- F Wrseﬂf“"ﬂ
I l
Question Paragraph

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

Class
Label

-
e ] = ] = |

[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

0

f

=X = )] - =

[CLS] Tok 1 Tok 2 . Tok N

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.

26



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.

27



Tokens in NLP (Text Processing)

. .. Splitting text into meaningful units
Tokenization P & 5
(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.
: : Identifies sentence structure by assigning roles to
Semantic Role Labeling (SRL) . . Y SHNG
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
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Tokens in CV (Image Processing)

T S

Vision Transformers (ViT) split an image into small patches
HEELL S (e.g., 16x16 pixels), treating them as tokens.

Since images lack inherent sequence order like text,
ST EIR S (161 [: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
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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

SEHGLEN L T-F8 Needed to retain word order MG WOl e
information
Example Models BERT, GPT, T5, RAG ViT, DINOv2, CLIP

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

Text-based tasks (chatbots,

Use Case 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 30
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Attention in NLP (Text Processing)
 Aspet | 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 decoder attends to encoder outputs in seq-to-seq
Cross-Attention ] .
_tasks like translation (e.g., T5, BART).
Retrieval-Augmented 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 S

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 Vision gl (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

01 e aad=iile)3l] Captures long-range dependencies . .
P g-rans 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 33



Single-layer Transformer

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

Output Vectors
[ R S |

Transformer
Layer

Residual
Connection

Residual
Connection

1
Feedforward
—TTITT

Pt ft |

Self-Attention

T

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\{erb Proiloun PastTenseVerb Deteniliner N(iun
Feedforward Feedforward Feedforward Feedforward Feedforward
A A [ | A A
Transformer Layer
A | [ A /
Transformer Layer
' 5 A [ I § I §
Transformer Layer
| 3 ' A A
Positional Positional Positional Positional Positional
Embedding 1| |[Embedding2|( [Embedding3| |[Embedding 4| [Embedding 5
+ + + + +
Embedding Embedding Embedding Embedding Embedding
lookup lookup lookup lookup lookup

Yesterday they cut the rope
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Transformer (Attention is All You Need)

(Vaswani et al., 2017)

T ™y
| Add & Norm |<ﬁ

Qutput
Probabilities

Linear

~

Feed
Forward
7 \ Add & Norm
_ .
Add & Norm T
Feed Attention
Forward 7 ST, W ) Nx
S
Nix Add & Norm
f—>| Add & Norm | Ve
Multi-Head Multi-Head
Attention Attention
. I I L I, MY
= Y, - | —,
Positional D ¢ Positional
Encoding 1 ] Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Transformer

INPUT

[Je Suis étudiant]—b

= Tl

OUTPUT

THE

TRANSFORMER —P[I am a student]

http://jalammar.github.io/illustrated-transformer/
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http://jalammar.github.io/illustrated-transformer/

Transformer

Encoder Decoder

fr

OUTPUT [ | am a student]
A
EMCODERS * DECODERS

—

=

http://jalammar.github.io/illustrated-trans

forme

r/



http://jalammar.github.io/illustrated-transformer/

Transformer
Encoder Decoder Stack

OUTPUT[I am a student]

(‘r 1
ENCODER DECODER
.
4 [
p
ENCODER DECODER
.
4 [}
p
ENCODER DECODER
e
4 [
p
ENCODER DECODER
.
[ [
p
ENCODER DECODER
.
4 [
p
ENCODER DECODER
.
b 1
INPUT [Je suis étudiant]

http://jalammar.github.io/illustrated-transformer/
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Transformer

Encoder Self-Attention

ENCODER ¢

Feed Forward Neural Network

t

Self-Attention
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http://jalammar.github.io/illustrated-transformer/

Transformer
Decoder

DECODER ?
-
Feed Forward
ENCODER A \_
i 'y
rr _‘l-\l 4
Feed Forward Encoder-Decoder Attention
e Y v, \_
—
4 ' 4 4
Self-Attention Self-Attention
Lb'“ J \_

t

g t

http://jalammar.github.io/illustrated-transformer/
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Transformer
Encoder with Tensors

EEEEEEE

étudiant

http://jalammar.github.io/illustrated-transformer



http://jalammar.github.io/illustrated-transformer/

Transformer
Self-Attention Visualization

Layer: | 5 4| Attention: | Input - Input %

_ B

The_ The_
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Cross_ Cross_
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http://jalammar.github.io/illustrated-transformer/

Transformer

Positional Encoding Vectors

(

ENCODER #1

' ' ' DECODER #1

!
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ENCODER #0
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\J

1
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EMBEDDING
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http://jalammar.github.io/illustrated-transformer/

44


http://jalammar.github.io/illustrated-transformer/

Transformer

Input

Embedding

Queries

Keys

Values

Score

Divide by 8 ( vdy. )

Softmax

Softmax
X
Value

Sum

Self-Attention Softmax Output

Thinking
x+ [
a [T
« [
vi T
q1ck1=
v [
2 [T

Machines
x; ]
q: LI
[
v. [T
q1ck2=
Va2
2z [T

http://jalammar.github.io/illustrated-transformer/
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Training Contextual Representations
using a left-to-right Language Model

Contextual
representations
(RNN output)

Non-contextual
representations
(word embeddings)

rfid c?r ifS b;g <eos>
Feedforward | | Feedforward | | Feedforward | | Feedforward | | Feedforward

|
|

|
|

|
|

|
|

RNN ——RNN ——| RNN ———{RNN —RNN

|
|

t 1 f f f
Embedding | | Embedding | [ Embedding | | Embedding | | Embedding
lookup lookup lookup lookup lookup
1 1 T T 1
The red car is big




Masked Language Modeling:

Pretrain a Bidirectional Model

rosc

?

Feedforward

f

MLM

embedding

f
RNN < RNN [ RNN [ RNN [ RNN
f 1 f f f
RNN [ RNN [ RNN [ RNN [ RNN

! 1

Embedding | [Embedding
lookup lookup

f 1

The river

A

[masked]

! !

Embedding Embedding
lookup lookup

1 f

five feet
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lllustrated BERT

1 - Semi-supervised training on large amounts 2 - Supervised training on a specific task with a
of text (books, wikipedia..etc). labeled dataset.
The model is trained on a certain task that enables it to grasp Supervised Learning Step
patterns in language. By the end of the training process, —— e e o s .
BERT has language-processing abilities capable of empowering ”
many models we later need to build and train in a supervised way. 75% | Spam
' Classifier —_—
Semi-supervised Learning Step 25% | Not Spam

- 1
[ >

I Model:

=

I Model:
(pre-trained

I in step #1) Ox BERT
|

C— BERT
| Y,
l

_J

3

5-. I Email message Class

Dataset: 5 )
"*.-'_’ Buy these pills Spam
WIKIPEDIA : '
Die freie Enzyblopidie I Dataset: Win cash prizes Spam

. . Predict the masked word Dear Mr. Atreides, please find attached... Not Spam
Objective: :
\ (langauge modeling) \ /

http://jalammar.github.io/illustrated-bert/
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BERT Classification Input Output

Input

Features

Help Prince Mayuko Transfer

Huge Inheritance

BERT

é )

Classifier
(Feed-forward
neural network +
softmax)

\_ J

http://jalammar.github.io/illustrated-bert/

Output

Prediction

85% | Spam
—_ | _
15% | Not Spam
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BERT Encoder Input

12 [ ENCODER ]

LN ]
( )
2 ENCODER
\ /
| | | | 1
( )
1 ENCODER
\ /
| | | | |
W 21 3| 4 0o 512
[CLS] Help  Prince Mayuko
BERT

http://jalammar.github.io/illustrated-bert/
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BERT Classifier
] sper

15% Not Spam

T

Classifier
(Feed-forward neural network + softmax)

—11
4 )

BERT

o _J

T4

[CLS] Help Prince Mayuko

Source: Jay Alammar (2019), The lllustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning),
http://jalammar.github.io/illustrated-bert/
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Sentiment Analysis:
Single Sentence Classification

Class
Label

[CLS]) Tok 1 Tok 2

Single Sentence

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

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 52



A Visual Guide to
Using BERT for the First Time

(Jay Alammar, 2019)
= "!S”"’T"y stunnm% That’s a positive thing to say
rumination on love
Reviewer #1 ! = X
//// \\."‘,
;'f . . V\l‘l'n

|

|

That’s negative

“reassembled from the cutting room
floor of any given daytime soap”

Reviewer #2

53


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Sentiment Classification: SST2
Sentences from movie reviews

sentence

a stirring , funny and finally transporting re imagining of beauty and the beast
and 1930s horror films

apparently reassembled from the cutting room floor of any given daytime soap

they presume their audience won't sit still for a sociology lesson

this is a visually stunning rumination on love , memory, history and the war
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern
office anomie films

label
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Movie Review Sentiment Classifier

|

“a visually stunning
rumination on love”

] .

Movie Review
Sentiment Classifier

— positive
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Movie Review Sentiment Classifier

|

“a visually stunning
rumination on love”

] .

Movie Review Sentiment Classifier

\\

DIStIBERT

/ Logistic

Regression

@ feale.

N

\\

=7,

— positive
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Movie Review Sentiment Classifier
Model Training

Movie Review Sentiment Classifier

/K DistiiBERT N /" Logistic \\

Regression

Already (pre-)trained We will train in this tutorial

——
L

\ha,
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Step # 1 Use distilBERT to
Generate Sentence Embeddings

Step #1: Use DistiBERT to embed all the sentences

Sentence Emk}eddings label
Sentence label
0 1 . 767
a stirring , funny and finally o
9 |transporting re imagining of 1 DIStI|BERT 0 | -0.215 |-0.1402| . 0.201
beauty and the beast and 19305
apparently reassembled from the .
1 |cutting room floor of any given | @ Already (pre-Jtrained 1 | -0.172| -0.144 | . |@311 @
daytime soap
— - —
—
LN ]
the movie is undone by a ST M _ .
1,999 filmmaking methodology that 's | 1 \\) U 1,999 0.124 [ 0.014 . 0274

just experimental enough _ K j
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Step #2:Test/Train Split for
Model #2, Logistic Regression

Step #2: Test/Train Split for model #2, logistic regression

) Sentence Embeddings label
Sentence Embeddings label 0 1 ~ 767
] 1 767 _
— 4] B.215 B.1482 8.201 1
] -@.215 |-08.1402 9.2081 1
1
1
2
‘ 3
3 Training set ;
75% of examples
E 5
>
5 6
6
- 1,499
8
- Sentence Embeddings label
9
Testing set 0 1 - 767
25% of examples
1,500
1,999 0.124 | 0.014 0.274 1 \

1,999 | 9.124 | 9.914 8.274 1



http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Step #3 Train the logistic regression
model using the training set

Step #3: Train the logistic regression model using the training set

Sentence Eml}eddings lLabel
4] 1 167
f.215 |=-0.1482 8.2081 1
| | | Model f Logistic \
Training Regression
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Tokenization

[CLS] a visually stunning rum ##ination on love [SEP]
a visually stunning rumination on love

00000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

[CLS] a visually stunning rum ##ination on love [SEP]
Tokenization

DistilBertTokenizer .

T2) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

T Tokenize

“a visually stunning rumination on love”
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Tokenization

tokenizer.encode ("a visually stunning rumination on love",

add special tokens=True)

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

101 1037 17453 14726 19379 12758 2006 2293 102
T 3) substitute tokens with their ids

[CLS] a visually stunning rum ##ination on love [SEP]
Tokenization

DistilBertTokenizer .

T2) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

T Tokenize

“a visually stunning rumination on love”
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Tokenization for BERT Model

DistilBERT

—
L]

g

oooooooooooooooooooooooooooooooooooooooooooo

101 1037 17453 14726 19379 12758 2006 2293 102

T 3) substitute tokens with their ids
Tokenization

DistilBertTokenizer . [CLS] a visually stunning rum ##ination on love [SEP]
Tz) Add [CLS] and [SEP] tokens
1) Break words into tokens

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

T Tokenize

“a visually stunning rumination on love”
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Flowing Through DistilBERT
(768 features)

768
Number of hidden

Model
Outputs
DistiBERT
—
L 3
"I"'::l'ﬁ' 101 1037 17453 14726 19379 12758 2006 2293 102

[CLS] a visually stunning rum ##ination on love [SEP]
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Model #1 Output Class vector as
Model #2 Input

15% | 0 (negative) Model #2 Output

> 1

85% 1 (positive) (positive)

|

Logistic Regression
Model #2 ° an

f
rr r t 1t 1t 1 1 1

DistiBERT

Model #1 a

. :

Model #1 Input 101 1037 17453 14726 19379 12758 2006 2293 102

Model #2 Input
Model #1 Output

[CLS] a visually stunning rum ##ination on love [SEP]
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Fine-tuning BERT on
Single Sentence Classification Tasks

Class
Label
2
(e ]
BERT
E[CLS] E1 E E
e sy
[CLS] Tok 1 Tok 2 Tok N

Single Sentence
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Model #1 Output Class vector as
Model #2 Input

15% | 0 (negative) Model #2 Output
>
1 (positive) (oositive)

I

Logistic Regression
Model #2 .an

I

Model #2 Input
Model #1 Output
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Logistic Regression Model to

classify Class vector

|

“a visually stunning
rumination on love”

]_..

/ DistiBERT \ f Logistic \\
= - Regression
& — e

\ Y

)/
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df = pd.read csv('https://github.com/clairett/pytorch-
sentiment-classification/raw/master/data/SST2/train.tsv’,
delimiter='\t', header=None)

df .head ()

0O 1
0 a stirring , funny and finally transporting re... 1
1 apparently reassembled from the cutting roomf... 0
2 they presume their audience wo n't sit still f... 0
3 this is a visually stunning rumination on love... 1

4 jonathan parker 's bartleby should have beent... 1

69


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

tokenized = df[0] .apply ((lambda x:
add special tokens=

Raw Dataset

0o

a stirring , funny and finally transporting re...
apparently reassembled from the cutting room f...
they presume their audience wo n't sit still f...

this is a visually stunning rumination on love...

jonathan parker 's bartleby should have been t...

Tokenization

True)) )

Tokenize
—_—

[101,
(101,
(101,
(101,
(101,

tokenizer.encode (X,

Sequences of Token IDs

1037, 18385,
4593, 2128,
2027, 3653,
2023, 2003,
5655, 6262,

1010, 6057, 1998, 2633, 182..
27241, 23931, 2013, 1996, 62..
23545, 2037, 4378, 24185, 10..
1037, 17453, 14726, 19379, 1..
1005, 1055, 12075, 2571, 376..
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BERT Input Tensor

BERT/DistilBERT Input Tensor

Tokens in each sequence

0 1 = 66
0 101 1037 . 0
1 101 2027 . 0

Input sequences
(reviews)

1,999 101 1996 . 0
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Processing with DistilBERT

input 1ds = torch.tensor (np.array (padded))
model (1nput 1ds)

last hidden states

Raw text dataset Tokenized input

tensor
4] 1 - 66

o

(4] 101 1037 o 4}
a stirring , funny and finally transporting re...

apparently reassembled from the cutting room f... 1 181 2027 1]
they presume their audience wo n't sit still ...

this is a visually stunning rumination on love... -
jonathan parker 's bartleby should have been t... 1,999 101 1996 . )]

/?;,

DistiiBERT

—
L

)

~

)

\S

BERT Output
Tensor/predictions

72


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

Unpacking the BERT output tensor

last _hidden_states[0]
BERT Output Tensor/predictions

66
Tokens 1n each sequence

Z,0008
OQutput rows
(one per
sequence)

768
Mumber of hlidden
Units
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Sentence to last_hidden_ state[0]

input_ids last_hidden_states[0]
0 1 66
o 101 1037 | .. 0 ( DiSt”BERT\ o
1 — |
1,999 k§\j LL% [
Batch

Tokenize all 2,000 sentences
Put each sentence in its own row

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

101 1037 17453 14726 19379 12758 2006 2293 102 - [}
[cLs] a wisually  stunning rum #ination on love [SEP] PAD
oooooooooooooooooooooooooooooooooooooooooooooooooooooooooo
Tokenize

“a visually stunning rumination on love”
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BERT’s output for the [CLS] tokens

# Slice the output for the first position for all the
sequences, take all hidden unit outputs
features = last hidden states([0][:,0,:].numpy ()

only the first position: [CLS]

!

last_hidden_states[0] last_hidden_states[0][:,0,:]
N\

all hidden
unit outputs

BERT Qutput Tensor/predictions

all sentences

66
Positions/tokens in each sequence

#.201

-0.1402

-8.215 4}
2,000 2,000 1
Output rows Output rows
(one per (one per A
sequence) sequence) ) 1° c@§
. 3
4,124 768 1,999 A .\} 0
Number of hidden : N
units [CLS] A
B 1 . 6 ‘&
Position
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The tensor sliced from BERT's output
Sentence Embeddings

Sentence Embeddings label
0 1 = 767

L4} -0.215 |-0.1482 = 09.201 1

2,000
Output rows
(one per
sequence)

2,000 4

Qutput rows

(one per B

> sequence)

Is the same as

1,999

1,999 0.124 0.014 = 0.274 1
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Dataset for Logistic Regression
(768 Features)

The features are the output vectors of BERT for the [CLS] token (position #0)

Teatures

] 1 — 767 label

77


http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/

labels = df[1]
train features, test features, train labels, test labels =
train test split(features, labels)

Step #2: Test/Train Split for model #2, logistic regression

) Sentence Embeddings label
Sentence Embeddings label 0 1 767
0 1 767 ) _ _ _
- a @.215 (-B.1482 B.201 1
() 0.215 | -0.1402 0.201 1
1
1
2
2
3
3 Training set ,
75% of examples
4 I 5
5 6
6
. 1,499
8
- Sentence Embeddings label
. .
Testing set 0 1 767
25% of examples
1,500
1,999| 0.124 | 0.014 0.274 | 1 \
1,999 [ 0.124 | 0.014 | .. |0.274| 1
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Score Benchmarks
Logistic Regression Model
on SST-2 Dataset

# Training
lr clf = LogisticRegression()
lr clf.fit(train features, train labels)

#Testing
lr clf.score(test features, test labels)

# Accuracy: 81%

# Highest accuracy: 96.8%

# Fine-tuned DistilBERT: 90.7%
# Full size BERT model: 94.9%
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Sentiment Classification: SST2
Sentences from movie reviews

sentence

a stirring , funny and finally transporting re imagining of beauty and the beast
and 1930s horror films

apparently reassembled from the cutting room floor of any given daytime soap

they presume their audience won't sit still for a sociology lesson

this is a visually stunning rumination on love , memory, history and the war
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern
office anomie films

label
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<>

A Visual Notebook to
Using BERT for the First Time

() A Visual Notebook to Using BERT for the First Time.ipynb & Sas 0
File Edit View Insert Runtime Tools Help Lastedited on Nov 26,2019

+ Code + Text # Copy to Drive Connect ~ 2" Editing

~ A Visual Notebook to Using BERT for the First TIme.ipynb

“a visually stunnin a :
—d g That’s a positive thing to say
rumination on love
Reviewer #1
A
o o

“reassembled from the cutting room ; ;
; : - That’s negative
floor of any given daytime soap

Reviewer #2

https://colab.research.google.com/github/jalammar/jalammar.github.io/blob/master/notebooks/bert/A_Visual Notebook_to
Using BERT for the First Time.ipynb
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Definition
of

Artificial Intelligence
(A.l.)



Artificial Intelligence

“..the science and

engineering
of
making

intelligent machines”
(John McCarthy, 1955)

National Talpel University
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National Talpel University

Artificial Intelligence

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



xxxxxxx

National Talpel University

Artificial Intelligence

“... iIntelligence
exhibited by machines
or software”



4 Approaches of Al
5 3.
Thinking Humanly: Thinking Rationally:
.. The “Laws of Thought”
The Cognitive
. Approach
Modeling Approach
1. 4.
Acting Humanly: Acting Rationally:
The Turing Test The Rational Agent
Approach s Approach

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

| Intelligence : A Modern Approach , 4th Edition, Pearson

National Talpel University
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Al Acting Humanly: G

The Turing Test Approach
(Alan Turing, 1950)

* Knowledge Representation
* Automated Reasoning
* Machine Learning (ML)
* Deep Learning (DL)
* Computer Vision (Image, Video)
* Natural Language Processing (NLP)
* Robotics

National Talpel University



Al, ML, DL

4 Artificial Intelligence (Al) h

Machine Learning (ML)

Supervised Unsupervised
Learning Learning

e

Deep Learning (DL)

\ CNN 4

RNN LSTM GRU
GAN

Semi-supervised L Reinforcement

| L Learning Learning ) )

llllllllllllllllllllll
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Comparison of Generative Al A\
and Traditional Al

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

Interactivity Usually more natural Limited

90



Generative Al

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

* Characteristics: Creativity, interactivity
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Neural Network and Deep Learning

28 X 28 = 784

YOO 000000
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https://www.youtube.com/watch?v=aircAruvnKk
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Gradient Descent
how neural networks learn

Average cost of What’s the “cos@®
all training data... of this difference?

OO0
@)
02
Os

AR ) (I )
{ |
I‘ ‘i‘ ( -
( P i J. . ;
( L) Hl g ‘ Q'_'b
1) 30 () ()() ¢ O)
X () L))
.t
)

Utter trash §

https://www.youtube.com/watch?v=IHZwWWFHWa-w
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Backpropagation
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https://www.youtube.com/watch?v=Ilg3gGewQ5U
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Transformers (how LLMs work)

Behold, a wild pi creature,

foraging in its native habitat of

mathematical formulas and

computer code! With its infinite e
digits and irrational dear [] 4%
tendencies, this strange as | o%
creature is beloved by oh |o%
mathematicians and tech this | 0%
enthusiasts alike. Approach with gentle | 0%
caution, for attempting to Transformer =» brave | 0%
calculate its exact value may lead fellow | 0%
to madness! But do not be afraid, little | 0%

for G P TB curious | 0%

the |0%
young | 0%

‘D 2:41/27:13 - Predict, sample, repeat ° cc) 0

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

Value

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

Query

1,572,864 19,988

Key 12,288 {
1,572,864 S

16:48 / 26:09 + Counting parameters >

://www.youtube.com/watch?v=eMIx5fFNoYc
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How might LLMs store facts

@ GPT-3 Total weights: @
‘ 175,181,291,520

Embedding d_embed * n_vocab = 617,558,016

128 12,288 96 96

Key d _query *d_embed * n_heads * n_layers 14,495,514,624

128 12,288 96 96

Query d query *d embed * n_heads * n_ layers 14,495,514,624

128 12,288 96 96

Value d_value * d_embed * n_heads * n_ layers 14,495,514,624

12,288 128 96 96

Output d embed * d value * n heads * n_layers 14,495,514,624

. 49,152 12,288 96

Up-projection n neurons *d embed * n layers 57,982,058,496

o 12,288 49,152 96

Down-projection | d embed * n_neurons * n_layers
N o 50,257 12,288

UILICHIDCUULLTE n_vocab ™ d_embed | 0,

ld P P| o) 16:51/22:42 - Counting parameters > =

://www.youtube.com/watch?v=9-JI0dxWQs8
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Large Language Models explained briefly

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

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

ATl Assistant: Sure,

Language
Model

i >l ) 1:49/8:47 - What are large language models? > ° [GE| *

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

Knpwledge

F
)

"

eralize / Transfer

Decision Making
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

Geneu:ate -@-

>

\

-
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
-@- eSS
= «

\

/

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

Multi-Modality

SERA - o] )

]

(d)
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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

ﬂ.f‘ E\\D\\

~IERS - (D

()

(b)
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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)
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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 112



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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gleq

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

| |
= i
| |
| 1
 wuv S k. SN
| 1
e s
: :
1 1

|
1
|
1
1
|
|
|
|
Add & Norm [
|
|
|
|
1
1
1
1
|

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

117



Nov Mar

Visual

S

Programmirg

LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)

v
v

May Jun Sep Oct Nov Jan

= | i ! ': =. | MP5 |

| | ! ‘. | | ' MemoDroid
AudioGPT | 1 i M3 . Controll LM 4 o Driver e
MM-REACT! . AutoDroid iMusicAgeny  — ATCRRC =. DroidBot-GPT
Chatideo | PT4Tool | AvIs Openagents| LLaVAIi Pl EEMMA e

| 10018 | | i | -Plus | DLAH

| Hu ggmgGPT | g%gléusu WebWISE MM-Nagvigator 5 STEVE

' | Assi ' | - Role of COT AppA Mulan
iperGPT | {AssIStGET | GRID | DDCoT sy AppAgent :
isual ChatGPT E Auto:Ul l, Cola LLaVA!Interactive JARVIS-1 | Mobile-Agent

| : DiscissNav i | - . OS-Copilo
? 5 I! ? ‘0 i A | 1> | V> 5\1 7 ":;’1'&
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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
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 (& J
'z N )
(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
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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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Claude 3.5 Sonnet state-of-the-art vision G

Graduate level
reasoning

GPQA (Diamonc)

Undergraduate
level knowledge

MMLU Pro

Code
HumanEval

Math
problem-solving

MATH

High school math
competition
AIME 2024

Visual Q/A
MMMU

Agentic coding
SWE-bench Verified

Agentic tool use
TAU-bernch

SIS T
National Talpel University
é ™
Claude 3.5 Claude 3.5 Claude 3.5 GPT-40* GPT-40 Gemini 1.5 Gemini 1.5
Sonnet (new) Haiku Sonnet mini* Pro Flash
65.0% 41.6% 59.4% 53.6% 40.2% 59.1% 51.0%
0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT
78.0% 65.0% 75.1% _ _ 75.8% 67.3%
0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT 0-shot CoT
93.7% 88.1% 92.0% 90.2% 87.2% _ _
0-shot 0O-shot 0-shot 0-shot 0-shot
78.3% 69.2% 71.1% 76.6% 70.2% 86.5% 77.9%
0O-shot CoT 0O-shot CoT 0-shot CoT 0-shot CoT 0O-shot CoT 4-shot CoT 4-shot CoT
16.0% 5.3% 9.6% 9.3% _ _ _
0-shot CoT 0-shot CoT 0-shot CoT 0O-shot CoT
70.4% _ 68.3% 69.1% 59.4% 65.9% 62.3%
0O-shot CoT 0-shot CoT 0O-shot CoT 0O-shot CoT 0-shot CoT 0-shot CoT
49.0% 40.6% 33.4% —_ —_ —_ —_
Retail Retail Retail
69.2% 51.0% 62.6%
Airline Airline Adrline o o o o
46.0% 22.8% 36.0%

r

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

https://www.anthropic.com/news/3-5-models-and-computer-use 122
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Llama 3.2 90B vision LLMs \&

SIS T

National Talpel University

— ( \
Modality Benchmark Llama 3.211B 1 Llama 3.2 90B | Claude 3 - Haiku GPT-40-mini
I 1
College-leve .t : 1 |
MMMU (ol 0-chot cot, micre o) 50.7 : 60.3 : 50.2 59.4
I 1
I |
MMMU-Pro, Standard 115 coie. e 33.0 1 45,2 | 27.3 42.3
I |
I 1]
|
MMMU-Pro, Vision i..u 23.7 : 33.8 1 20.1 36.5
1 |
I |
MathVista esiminn 51.5 | 57.3 : 46.4 56.7
|
ChartQA (test, 0-shot CoT relaxed accuracy)” 83.4 I 85.5 1 81.7 —
I 1
I |
|
Al2 Diagram ree- 911 : 92.3 1 86.7 _
I 1
I |
DocVQA (oo anLs): 88.4 | 20.1 : 88.8 —
|
I 1
aral v 3l Question Answering I I
VQAV2 (rea 75.2 I 781 | — —_
I |
1 i
|
MMLU G oo, com 73.0 : 86.0 I 75,2 82.0
I |
. 1 |
MATH . 51.9 | 68.0 : 38.9 70.2
|
Text . | :
GPQA (0ot co 32.8 1 46.7 | 33.3 40.2
I 1
I :
MGSM (5-chor, com) 68.9 : 86.9 i 75.1 87.0
i |

[ ————————

https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/ 123
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Llama 3.3 70B instruction-tuned

Category
Benchmark

General

MMLU Chat (O-shot, CoT)

MMLU PRO (5-shot, CoT)

Instruction Following

IFEwal

Code
HumanEwal (O-shot)

MBPP EvalPlus (base) (O-shot)

Math
MATH (O-sho, CoT)

Reasoning
GPQA Diamond (0O-shot, CaT)

Tool use
BFCL v2 (O-shot)

Long context

MIH/Multi-needle

Multilingual
Multilingual MGSM (O-shot)

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

1M Output (Cheapest among
tokens providers)*

Llama 3.1708B

86.0

66.4

87.5

80.5

86.0

67.8

48.0

FI5

97.5

B86.9

$0:1

$0.4

(----------

Llama 3.3 7OB

86.0

68.9

921

88.4

87.6

77.0

50.5

773

97.5

911

$0:1

$0.4

N NN BN NS BN BN NN NN NN NN NN BN BN BN BN BN BN BN BN BN BN BN NN BN NN BN BN BN BN BN BN BN BN BN BN BN NN NN BN BN BN BN BN BN BN B B
. N NN NN NN NN NN EEN NS NN SN SN SN SN SN SN SN SN SN SN SN SN SN SN SN S SN S SN SN SN SN SN SN SN SN SN SN SN SN SN S SN S S S S

A\ L L L L L L LT

Amazon Nova

Pro

221

89.0

76.6

$0.80

$3.20

Llama 3.1 4058B

88.6

73.4

88.6

89.0

88.6

73.9

49.0

811

28.1

$1.0

$1.8

https://www.llama.com/

Gemini Pro

1.5

871

761

89.0

87.8

82.9

535

80.3

94.7

B89.6

$1.30

$5.0

GPT-40

87.5

73.8

84.6

86.0

83.9

76.9

475

74.0

90.6

2.5%

10.0%

Claude 3.5

Sonnet

88.9

778

89.3

93.7

86.8

78.3

65.0

79.3

29.4

92.8

$3.0

$15.0
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o ——

Mistral Pixtral Large (124B) G

° ° :!::":
Frontier-class multimodal performance BRI
Model Mathvista MMMU ChartQA DocVQA VQAv2 Al2D MM
(CoT) (CaT) (CoT) (ANLS) (VQA Match) (BBox) MT-Bench
m—\
Pixtral Large (124B) 69.4 64.0 88.1 93.3 80.9 93.8 7.4 :
I
Open :
Weights Llama-3.2 90B (measured) 49.1 53.7 70.8 85.7 67.0 - 5.5 :
]
Llama-3.2 90B (reported) 57.3 60.3 85.8 90.1 80.2 92.3 :
um—/
Gemini-1.5 Pro (measured) 67.8 66.3 83.8 92.3 70.6 94.6 6.8
Gemini-1.5 Pro (reported) 68.1 65.9 - - - -
GPT-40 (measured) 65.4 68.6 85.2 88.5 76.4 93.2 6.7
Closed
GPT-40 (reported) 63.8 69.1 85.7 92.8 - - -
Claude-3.5 Sonnet (measured) 67.1 68.4 89.1 88.6 69.5 76.9 7.3
Claude-3.5 Sonnet (reported) 70.7 70.4 90.8 94.2 - 95.3 -
Llama-3.1 505B (reported) - 64.5 85.8 92.6 80.2 94.1 -
Unreleased
Grok-2 (reported) 69.0 66.1 - 93.6 - - -

Specific model versions evaluated: Claude-3.5 Sonnet (new) [Oct 24], Gemini-1.5 Pro (002) [Sep 24], GPT-40 (2024-08-086) [Aug 24]

https://mistral.ai/news/pixtral-large/ 125
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Mistral Pixtral 12B

A Performance / MM-MT-Bench

6.5 ® Qwen-2-VL 72B 1100
Pixtral 12B -
6.0 b
1050
551 o .
Qwen-2-VL 7B
Llama-3.2 90B —
5.0 .
®lama-3.2 11B LLaVA-OneVision 72B 1000 1
4.5
a75
% LLaVA-OneVision 7B
0 950 -
® Molmo-D 7B
3.3 ® Molmo 728 925
20 40 60 80 o0 >

Cost / Number of Parameters (B)

(Z
\ NTPU
R Ty
National Talpel University
A Performance / LMSys-Vision ELO
] “Qwen-2-VL 72B
Pixgral 12B
ks
[ ]
Llama-3.2 90B
®* Qwen-2-VL 7B
®lLlama-3.2 11B
®| LavA-1.6 34B
]
LLaVA-OneVision 72B
Phi-3.5-Vision
[
20 40 60 80 100 >

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

127
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Large Language Models (LLMs)
Quality vs. Price

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

Most attractive quadrant
Bol-preview B ol-mini @ GPT-40 (Aug '24) B GPT-40 mini @ GPT-40 (Nov '24) @ Llama 3.1 405B
@Llama 3.2 90B (Vision) @ Llama 3.1 76B @ Llama 3.1 88 B Gemini 1.5 Pro (Sep)
M Gemini 1.5 Flash (Sep) B Claude 3.5 Sonnet (Oct) @ Claude 3.5 Haiku B Mistral Large 2 (Nov '24)
@ Jamba 1.5 Large

o1-mini

80 - I\ Artificial Analysis
Gemini 1.5 Pro|(Sep)

5 85 - /GPT-40 (Aug '24)

-E 60 - P _Claude 3.5 Sonnet (Oct) o1-preview

= GPT-40Wini .{Knisnal Large 2 (Nov '24)

= 75 — _~

g - — _GPT-40 (Nov '24)

@ 70 & _Llama 3.23& (Vision)

w ‘H—""

= & = Llama 3.1 405B

© 5 - - :

= Claude®3.5 Haiku

'Eu s0 - ldma 3.1 70B \Jamba 1.5 Large

© Gemini 1.5 Flash (Sep)

] 55 —

=

= o

50 - \Llama 3.1 8B

45 —
1 I I 1 | | 1 I I I I 1 I I I I

$0.00 $2.00 $4.00 $6.00 $8.00 $10.00 $12.00 $14.00 $16.00 $18.00 $20.00 $22.00 $24.00 $26.00 $28.00 $30.00
Price (USD per M Tokens)

https://artificialanalysis.ai/ 128
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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
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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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using very large datasets 2. LLMs are trained on enormous data sets typically measured in
petabytes, sourced from books, articles, websites, and other text-based sources ' . They are
dynamic tools that are continuously updated and refined as new data becomes available .
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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
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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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The history of Generative Al
in CV, NLP and VL
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Generative Al
Foundation Models
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Categories of Vision Generative Models

Real Data N
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The General Structure of
Generative Vision Language
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2024

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
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Synthesizing RAG with LLMs
for Question Answering Application

J—,
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Information
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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
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HuggingGPT:

An agent-based approach to use tools and planning

{ Y

(6] x ¥ HuggingGPT
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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.

|
|
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A LLM-based Agent for

Conversational Information Seekmg

External
Knowledge

proprietary
databases)

: Environment

LLM-Augmenter

Utility
(utility score & feedback)

$

Policy
(action selection)

-

(e.g., news, wiki,

Action Executor

- Knowledge Consolidator |+

- Prompt Engine

Working
Memory

LLM
(e.g., ChatGPT)
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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
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iy

Graph Database & G-Indexing

-]

W =

=) 0
Open Knowledge Self-Constructed
Graphs Graph Data
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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
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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
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|
)
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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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