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National Taipei University

Week Date Subject/Topics
1 2024/09/10 Introduction to Artificial Intelligence

3 2024/09/24 Artificial Intelligence and Intelligent Agents; Problem Solving

4 2024/10/01 Knowledge, Reasoning and Knowledge Representation;
Uncertain Knowledge and Reasoning

52024/10/08 Case Study on Artificial Intelligence |
6 2024/10/15 Machine Learning: Supervised and Unsupervised Learning



Syllabus A\,

National Taipei University

Week Date Subject/Topics

7 2024/10/22 The Theory of Learning and Ensemble Learning
8 2024/10/29 Midterm Project Report

10 2024/11/12 Deep Learning and Reinforcement Learning
11 2024/11/19 Case Study on Artificial Intelligence Il

12 2024/11/26 Deep Learning for Natural Language Processing



Syllabus A\,

National Taipei University

Week Date Subject/Topics

13 2024/12/03 Computer Vision and Robotics

14 2024/12/10 Generative Al,
Philosophy and Ethics of Al and the Future of Al

15 2024/12/17 Final Project Report |
16 2024/12/24 Final Project Report I
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Outline
 Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
* State of the art (SOTA)



Stuart Russell and Peter Norvig (2020),
Artificial Intelligence: A Modern Approach,

4th Edition, Pearson

Russell BAFTicIal Intelligence
Norvig A Modern Approach

P Fourth Edition

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
https://www.amazon.com/Artificial-Intelligence-A-Modern-Approach/dp/0134610997/



https://www.amazon.com/Artificial-Intelligence-A-Modern-Approach/dp/0134610997/
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Artificial Intelligence:
A Modern Approach

. Artificial Intelligence

. Problem Solving

. Knowledge and Reasoning

. Uncertain Knowledge and Reasoning

. Machine Learning

. Communicating, Perceiving, and Acting
. Philosophy and Ethics of Al



Artificial Intelligence:
Communicating,
perceiving,
and acting

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



Artificial Intelligence:
6. Communicating, Perceiving, and Acting

* Natural Language Processing
* Deep Learning for Natural Language Processing
* Computer Vision

* Robotics

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Artificial Intelligence:
Natural Language Processing

* Language Models

* Grammar

* Parsing

* Augmented Grammars

* Complications of Real Natural Language

* Natural Language Tasks
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Artificial Intelligence:
Deep Learning for
Natural Language Processing

* Word Embeddings

* Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models

* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)

12



Reinforcement Learning (DL)

Agent

{ EnvironmentJ




Reinforcement Learning (DL)

1 observation 2 action
Agent

3 reward T

Environment
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Reinforcement Learning (DL)
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Agents interact with environments
through sensors and actuators

/Px gent Sensors s

' Percepts

?

' Actions

\ Actuators -
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Al Acting Humanly:

The Turing Test Approach
(Alan Turing, 1950)

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

SSSSSS : Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Al for Text Analytics
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Source: Ramesh Sharda, Dursun Delen, and Efraim Turban (2017), Business Intelligence, Analytics, and Data Science: A Managerial Perspective, 4th Edition, Pearson
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FOUNDATIONS % % ° /,"%’_'

Covered in -
— Data Multlilingual Text
Chapters 1 to 3 MLFfor NLP NLPPipelines . iparing NLP  Representation

O'REILLY

Practical CORE TASKS o &% E i 0

Natural anguage Covered in Text Information Conversational Information Question

H Chapters 3 to 7 Classification  Extraction Agents Retrieval Answering
Processing

A Comprehensive Guide to Building

Real-World NLP Systems GENERAL A B :’ (Weiw] I
APPLICATIONS = it & Q. JEOPARDY!
Covered in Spam Calendar Event  Personal Search Jeopardy!
Chapters4to 7 Classification  Extracton Assistants Engines
INDUSTRY N | @ i ()
SPECIFIC @é = 15 4L
Covered in Social Media Retail Data Health Records Financial Legal Entity
Chapters 8 to 10 Analysis Extraction Analysis Analysis Extraction
— Sowmzdo vOjjglo, pp— o
. isattwa Majumder, A JECT £ D
Ant GUptO & Harshit Surana PLAYBOOK @ ‘ > :'J:_g
Covered in Project Best Model MLO Al Teams
Chapters 2 & 11 Processes Practices Iterations S & Hiring

Source: Sowmya Vajjala, Bodhisattwa Majumder, Anuj Gupta (2020), Practical Natural Language Processing: A Comprehensive Guide to Building Real-World NLP Systems, O'Reilly Media.
https://www.amazon.com/Practical-Natural-Language-Processing-Pragmatic/dp/1492054054 20



https://www.amazon.com/Practical-Natural-Language-Processing-Pragmatic/dp/1492054054

NLP with Transformers Github Notebooks

Running on a cloud platform

OREILLY’

To run these notebooks on a cloud platform, just click on one of the badges in the table below:

N atu ra ' La n g u a g e Chapter Colab Kaggle Gradient Studio Lab
P . -th Introduction
roceSSI ng Wl Text Classification
Tra nSfO rl I |ers Transformer Anatomy < open_ Studio Lab
Buiding Language Applications Mulilingual Named Entity
with Hugging Face Recognition
Text Generation
Summarization
Question Answering
ifkino ensromner=tincieatin
Production
Dealing with Few to No Labels
Training Transformers from Scratch
N Future Directions
’
Leandro von Werra ' o '
& Thomas Wolf Nowadays, the GPUs on Colab tend to be K80s (which have limited memory), so we recommend using Kaggle,
Gradient, or SageMaker Studio Lab. These platforms tend to provide more performant GPUs like P100s, all for
free!

https://github.com/nlp-with-transformers/notebooks
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https://github.com/nlp-with-transformers/notebooks

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

22


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

Ben Auffarth (2023),

Generative Al with LangChain:

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

EXPERT INSIGHT

Generative Al
with LangChain

Build large language model (LLM) apps with

Python, ChatGPT, and other LLMs
p Y P V71 ge
(a3 - i o ) ']
o\:'b SN Y = G :
. 5 -
o 7 ; 3
. !

<packt> Ben Auffarth

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

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

Gradient Descent
how neural networks learn

Average cost of What’s the “cos©®
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https://www.youtube.com/watch?v=IHZwWFHWa-w



https://www.youtube.com/watch?v=IHZwWFHWa-w

Backpropagation
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https://www.youtube.com/watch?v=Ilg3gGewQ5U



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

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

xxxxxxx

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

Large Language Models
(LLMs)
Foundation Models




Transformer Models (&
Transformer )

Encoder Decoder
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DeBERTa ChatGPT
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GPT-4

ChatGPT

InstructGPT

CodeX

GPT-3

GPT-2

GPT-1

Large Language Models (LLMs)

Orca WEXUILWE pyising

TN (eaicon] Guerilla

[ Flan PaLM | OPT-IML |
(Minerva | Gallactica
[PaLM | GPT-NeoX
LaMDA OPT
GLaM MT-NLG GPT-J
GPT-Neo
XLNet

Jurassic-2 Claude

Anthropic

LM_v4-s3

\ Chinchilla

YaLM

GoPher

. AnthropicLM
Jurassic-1

(.

S
\ NTPU

o X T

National Taipel University

Red Pajama

BLOOMZ

BLOOM

Google
Meta

OpenAl

ElutherAl

Anthropic

A121

DeepMind .
BigScience '

Microsoft-
NVIDIA

YCombinator O
Startups

Universities
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Large Language Models (LLMS) (arger than 108) G
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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)

______________________

) GLM

o~ PalLM / UL2 / Flan-
T5 / Flan-PaLM

(OX) OPT / Galatica

.‘ ! [ p— | A —~ A mT5 / LaMDA A -
ASK p ' o uer
il Eliza: ALICE | @ sii 7% 'Seq2Seq @ ° O sroom
i i A TTTRTTTT i 2ing Dong 3AAL Cparo
2016 | ... 2019 2020 | - | .

2021 2022 2023

| A\ | Anthropic

2015 12016-2018

Chinchilla | ChatGLM

S T o~ . ~ r

e s ] | WATSON Xiaoice (5 Google Assistant {5 BERT {3 Meena w R / Sparrow i

o o | | =TS ms Microsoft a Alexa Price @ GPT (X) Blender " InstructGPT

= | 2 Pangu-a / ChatGPT & Bard
Gus K @ crrs | B P : G Bar
................. | Y £2 PLUG v * v 0Q LLaMA
e P ———————— > - — = P —— >
Early Stage: TOD Seq2Seq TOD and ODD PLM Different Fusions LLM LLM-based DS

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

JUBRES
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Major GenAl LLMs Research Milestones {ﬁ

TPU

(2017-2024) B ot

. - -

Foundation Scaling & Advanced Capabilities Instruction &

Architecture Reasoning
2017

2018 2019 2020 2021

[ R —
R i ——
[ i —_
R a——
[ [ ———
R N———

Attention Is All You
Need (Google)

GPT 2.0 (OpenAl) Scaling Laws Switch Transformers Chain-of-Thought
: ; (OpenAl) (Google) (Google)

BERT (Googl tron-LM
W' omoomn  ewomn RS
I (OpenAl} '
PaLM(Google} - -

‘l- N

E T5 (Google) E Foundation Models

' - ' (Stanford)

1 1

: ZeRO (Microsoft) i

‘ ' FLAN (Google) Chinchilla

: : : _ (Deephind) : :
\ v v v \ v v

Source: https://github.com/Hannibal046/Awesome-LLM 36



AVERAGE (%)

100

75

50

25

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

Massive Multitask Language Understanding (MMLU)

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

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

https://paperswithcode.com/sota/multi-task-language-understanding-on-mmlu

37
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LLM Capabilities
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LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)

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

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

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

QoY © we' yl\'a\‘ W ik e® ot o Qov WO \o©
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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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Typical Data Preprocessing Pipeline for k

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

Pre-training Large Language Models (LLMs)

Raw Corpus Quality Filtering De-duplication Privacy Reduction Tokenization ;:?tdr);it:’
+ Language Filtering + Sentence-level « Detect Personality + Reuse Existing ) =
a l * Metric Filtering * Document-level Idennﬁalfle A ' .
Y Information (PI1) « SentencePiece
i stic Filteri om
+ Statistic Filtering o Set-level —
+ Remove PII + Byte-level BPE .
+ Keyword Filtering
N | | e e e T S

» Encode (' [Somebody] is

E Alice is writing a paper about | ' Replace ('Alice') is :
writing a paper about LLMs.")

| LLMs. #$4& Alice is writing E 'LLMs.menﬂngepaperE ;wntmgapapcrabout LLMs. i :
Eapaper about LLMs. E : i B

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

41



Popular Generative Al i

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

Google Gemini

Meta Llama 3.2

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

Stable Diffusion

Video: D-ID, Synthesia

Audio: Speechify
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LMSYS Chatbot Arena Leaderboard G

CEX TN, ]

National Taipel University

Rank*x (UB) » ?:ztlectrl) 4+ Model A 223:: 4 95% CI +~ Votes 4 Organization License A
1 2 Gemini-Exp-1121 1365 +8/-6 5625 Google Proprietary
GPT-40 (4 ChatoPT:de-latest (2024:11:20) 1361 +4/-5 10658 OpenAL  Proprictary |
o o S R SN N R S R SN NN NN SN N NN SN RN SN NN RN SN N BN SN N BN SN NN SN NN N SN NN BN SN N BN SN RN SN SN NN SN N NN SN N SN SN R SN NN R SN NN NN SN N BN SN N BN SN NN SN SN N SN N NN SN N S
3 5 Gemini-Exp-1114 1344 +4/-5 12778 Google Proprietary
4 2 0l-preview 1334 +4/-4 27835 OpenAI Proprietary
5 7 ol-mini 1308 +3/-4 31992 OpenAI Proprietary
5 5 Gemini-1.5:-Pro-002 1301 +5/-3 27336 Google Proprietary
7 10 Grok-2-08-13 1289 +4/-3 52102 xAI Proprietary
7 12 Yi-Lightning 1287 +4/-3 29336 01 AI Proprietary
7 5 GPT-40-2024-05-13 1285 +2/-2 111745 OpenAI Proprietary
Claude 3.5 | "s"""'"Z""""'cEa'uEe'S.'s's'o'mTeTCz._.EzZ.Z@TzE""158'2""'147.'3""'23&,2""Z&FIZE;"'FIEEIZ&Z&"‘:
ST e T T T T T T T T T T T T AthenevaChatoT2h o aZ7a Tiele a4 NexusFlow | NexusFlow
1 18 GLM-4-Plus 1274 +5/-4 28133 Zhipu AI Proprietary
11 19 GPT-40-mini-2024-07-18 1273 +3/-3 51690 OpenAl Proprietary
11 20 Gemini-1.5-Flash-002 1271 +4/-4 21071 Google Proprietary
11 27 Llama-3.1-Nemotron-70B-Instruct 1269 +5/-6 7270 Nvidia Llama 3.1
11 7 Claude. 3.5.50nnet.. (20240620). 1268 +2/-3 86632 Anthropic Proprietary

https://Imarena.ai/ 43



https://lmarena.ai/

Claude 3.5 Sonnet state-of-the-art vision

Graduate level
reasoning

GPQA (Diamond)

Undergraduate
level knowledge

MMILU Pro

Code
HumanEval

Math
problem-solving

MATH

High school math
competition
AIME 2024

Visual Q/A
MMMU

Agentic coding
SWE-bench Verified

Agentic tool use
TAU-bench

7~

Claude 3.5
Sonnet (new)

65.0%
O-shot CoT

78.0%
O-shot CoT

93.7%
O-shot

78.3%
O-shot CoT

16.0%
O-shot CoT

70.4%
O-shot CoT

49.0%

Retail
69.2%

Airline

46.0%

Claude 3.5
Haiku

41.6%
O-shot CoT

65.0%
O-shot CoT

88.1%
O-shot

69.2%
O-shot CoT

5.3%
O-shot CoT

40.6%

Retail
51.0%

Airline

22.8%

J

Claude 3.5
Sonnet

59.4%
O-shot CoT

751%
0O-shot CoT

92.0%
O-shot

71.1%
0O-shot CoT

9.6%
O-shot CoT

68.3%
O-shot CoT

33.4%

Retail
62.6%

Airline

36.0%

GPT-40*

53.6%
O-shot CoT

90.2%
O-shot

76.6%
0O-shot CoT

9.3%
O-shot CoT

692.1%
O-shot CoT

GPT-40
mini*

40.2%
O-shot CoT

87.2%
O-shot

70.2%
O-shot CoT

59.4%
O-shot CoT

Gemini 1.5

Pro

591%
O-shot CoT

75.8%
0O-shot CoT

86.5%
4-shot CoT

65.9%
O-shot CoT

Gemini 1.5
Flash

51.0%
O-shot CoT

67.3%
O-shot CoT

77.9%
4-shot CoT

62.3%
O-shot CoT

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

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

o X T

National Taipel University
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Llama 3.2 90B vision LLMs G

National Taipel University

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

[ ———————————_

https://ai.meta.com/blog/llama-3-2-connect-2024-vision-edge-mobile-devices/ 45
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Mistral Pixtral Large (124B)

(.

e
\ NTPU

. . % ac
Frontier-class multimodal performance BRI
Model Mathvista MMMU ChartQA DocVQA  VQAv2 Al2D MM
(CoT) (CoT) (CoT) (ANLS) (VQA Match) (BBox) MT-Bench
{_m_\
: Pixtral Large (124B) 69.4 64.0 88.1 93.3 80.9 93.8 7.4 :
I
: Open :
: Weights Llama-3.2 90B (measured) 491 53.7 70.8 85.7 67.0 - 5.5 :
- I
: Llama-3.2 90B (reported) 57.3 60.3 85.8 90.1 80.2 92.3 :
‘ﬁm—l
Gemini-1.5 Pro (measured) 67.8 66.3 83.8 92.3 70.6 94.6 6.8
Gemini-1.5 Pro (reported) 68.1 65.9
GPT-40 (measured) 65.4 68.6 85.2 88.5 76.4 93.2 6.7
Closed
GPT-40 (reported) 63.8 69.1 85.7 92.8
Claude-3.5 Sonnet (measured) 67.1 68.4 89.1 88.6 69.5 76.9 7.3
Claude-3.5 Sonnet (reported) 70.7 70.4 90.8 94,2 95.3
Llama-3.1 505B (reported) 64.5 85.8 92.6 80.2 94.1
Unreleased
Grok-2 (reported) 69.0 66.1 - 93.6
Specific model versions evaluated: Claude-3.5 Sonnet (new) [Oct 24], Gemini-1.5 Pro (002) [Sep 24], GPT-40 (2024-08-06) [Aug 24]
https://mistral.ai/news/pixtral-large/ 46
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Mistral Pixtral 12B

A Performance / MM-MT-Bench

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

Cost / Number of Parameters (B)

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

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

48
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Large Language Models (LLMs)
Quality vs. Price

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

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

@ Llama

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

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

@ Jamba

S0
85
80
75
70
65
60

55

Artificial Analysis Quality Index

50

45

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

< _Llama 3.2 98B (Vision)

N Llama 3.1 405B

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

Gemini 1.5 Flash (Sep)

@)
- \Llama 3.1 8B

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

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

Price (USD per M Tokens)
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Chat
with
Open
Large
Language
Models:
Chatbot
Arena

Large Language Models for Data Science (

4 Expand to see the descriptions of 72 models

llama-3.2-vision-90b-instruct

“reer Tlama 3.2

Large Language Models for Data Science

I

Step 1: Introduction to Large Language Models

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

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

LLMs have numerous applications in data science, including:

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

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

| PRI RS PR R

~= Ais better < Bis better

& Enter your prompt and press ENTER

https://Imarena.ai/

PammES
\ NTPU

CE T

National Taipel University

<

claude-3-5-sonnet-20241022 -

“ret claude 3.5 sonnet

Large Language Models for Data Science

-

Let me provide a comprehensive overview of how Large

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

Key Applications of LLMs in Data Science:

1. Data Analysis & Exploration

© Natural language queries to databases

o Data summarization and insights generation

o Exploratory data analysis assistance

© Pattern recognition and trend identification

2. Code Generation & Assistance

o Writing data processing scripts

© Generating SQL queries

© Creating data visualization code

o Debugging and code optimization

3. Data Preprocessing

© Feature engineering suggestions

< Tie < Both are bad

Send

50


https://lmarena.ai/

Perplexity.ai

R perplexity
Large Language Models for Data Science

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

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

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

| ibrary

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

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

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

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

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

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

anda uplioada more Tlies. B . - S .

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

https://www.perplexity.ai/

(.

e
\ NTPU

CE T

National Taipel University
ii Anonymous < Like

51


https://www.perplexity.ai/

Generative Al (Gen Al)

Al Generated Content (AIGC)
Image Generation

Instruction 1: Instruction 2:

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

| |

[ @ 0openAI DALLE2




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

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

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

about a cat.
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The history of Generative Al

Unimodal- CV & NLP

in CV, NLP and VL

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

Multimodal - Vision Language

Cv

StyleGAN
BigBiGAN

Visual BERT
VILBERT
UNITER

VL

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

\ 4



#Parameters

1T

100B

10B

1B

100M

9x

Tx

5x

3x

1x

Generative Al
Foundation Models

t Training Speed (based on V100 16G)

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

PaLM

O BLOOM ChatGPT
O O

pp— DALBH?%H
O O

2018

2019 RTX RTX

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

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

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

(3) Normalizing flows

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

(2) Variational autoencoders

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

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

Reverse: p(x¢—1|x¢)

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

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

Encoder-
Decoder

— [ Encoder J—’ :_

> ‘ VL Pre-trained
To-text 3 Encoders

“Generate a [ VL Pre-trained

To-image cartoon cat.” Encoders

Representation

Representation

 —

Representation

—_—

—|

— [ Decoder ] —

Transformer
Decoders

Vision Decoders
(GANS, Diffusions)

J_,

Output

[0\,
$

J — “This 1s a cat.”

P
33
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Two Types of Vision Language Encoders:
Concatenated Encoders and Cross-alighed Encoders

Objective 1 e ObjeCtiVC 2  umses Cross
T T Output Text Output Image Output

r f t f 1 1 1 P

Transformer Self-Attention Encoder Cross-Modal Cross-Modal
Transformer Transformer
[CLS] This 1S a [MASK] . [SEP] [IMG]
T t Text Encoder Image Encoder
s g 5 Feature
This is a cat. ﬂ—‘[ Ertacior ] T T
“This is a cat.”

(a) Concatenated Encoder (b) Cross-aligned Encoder
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Two Types of to-language Decoder Models:
Jointly-trained Models and Frozen Models

Prompt

“This 1s a cat with “What is this?” — Embedd"’]g —_— LLMs

black background.”
Pre-train T

“This is a cat.” — Embedding

— Pre- tramed ‘_, Decoder & : [ Image Encoder This is a cat with §
Encoder | : black background.

(a) Jointly-trained Models (b) Frozen Models
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Technological Integration for Multimodal Al

Video content analysis
Video captioning

Video indexing @ cG»)){_:]
—[Ed
]

Video Audio
Multimodal
Al
LO®
@ Human
computer Image

interactions
(@7

Facial expression

=
Touch sensing N

Biometric recognition

Speech recognition
Audio captioning

Content-based audio retrieval

Al

Visual recognition
Image captioning
Image based search
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Trustworthy Al: Interplay of Various Factors

Trustworthy Al

v

Social considerations Ethical considerations

Computing techniques

' \

v

Ethical decision-making Ethics of algorithms

and human-centered design Upgraded technological and data
advancements
4 4
/ Legal and Ethics of practice \
regulatory ethics and accountability
Consent Transparency
Machine learning/Artificial Intelligence
/deep learning/neural network
Reliability l Explainable
Quality control
Feedback and

Accountability

Reporting

\f/

User privacy
and data security

Robustness and safety

Reproducibility

Fairness




- Text
- Speech
- Vision

NLG from a Multilingual,
Multimodal and Multi-task perspective

Multf(Natural Language) Generation

2
3
S
s ¢
\‘g\\«o - Recognize and transcribe speech (ASR)

- Translate from one language to another (MT)
- Describe, ask or answer questions or converse about

visual objects (Captioning, VQA, Visual Dialogue, ...)

(M)Language
(natural languages and varieties)
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Multimodal Pipeline

that includes three different modalities (Image, Text. Audio)

ZINFOET_ s

Multimodal datasets
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Audio

Video and Audio Multimodal Fusion

Fusion Fingl

operation

\ Audio description

Multimodal fusion —> prediction
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Visual and Textual Representation

Image

Visual representations (Dense)

Text
his is the oldest and most important defensive work 1o .
ave bean bt along the North African coastine by the Textual representations (Sparse)
ab conquerors in the early days of Islam. Founded in EEEE IEEE NS EEEm B
96, this building underwent several modifications during EEEE DEEE BEEE EEEE B
e medieval period. Initially, it formed a quadrilateral —rETTIETTTTT e
nd then was composed of four buildings giving onto two
ner courtyards.




Hybrid Multimodal Data Fusion

Text

Audio

Image

Text
Speech

Video

Classifier 1

Classifier 2

Classifier 3

»

Classifier

usion
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Multimodal Transfer Learning

Domain 1/ Modality 1

& 2
Source: large-scale dataset GI-HRiecimoce] —

Training —){Transfer learning

\/

Source domain

Prediction Fine-tuned model 1

Domain 2 / Modality 2 l

Fusion
— Transfer learning

A

Fine-tuned model 2

!

Transfer learning
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CLIP: Learning Transferable Visual Models
From Natural Language Supervision

(1) Contrastive pre-training

Pepper the
aussie pup

-

(2) Create dataset classifier from label text

A photo of

a {object}.

‘\\\\;;;:\\\l

Y

Y

Y

Y

pla
car
dc
\ 4 4 4 \ 4
TR T N TP i
bi
Iy LT | I'Ty | I1'Ts I1'Ty
I LT | IryTy | IrT; LTy
I3 I3yT) | 13T, | I3Ty I3 Ty
IN INTy | INTy | INT3 INTN

(3) Use for zero-shot prediction

=

'//jififfi//J

\ 4 \ 4 \ 4 \ 4
T, T, T; N
L LTy | Ty [ LTy | L [Ty
4
A photo of

a dog.
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VILT: Vision-and-Language Transformer
Without Convolution or Region Supervision

Modality
Interaction

C

D)

Textual
Embed

—

Visual
Embed

\_ W,

f

Text

(a) VE > TE > MI

?

Image

Modality
Interaction

—1
[ N

Textual
Embed

N

~

Visual
Embed

D
*

__

t

Text

(b) VE = TE > MI

?

Image

~
Modality
{ Interaction
—
‘ Visual
Textual | Embed
Embed
- J
1
Text Image

(c) VE > MI > TE

Modality
Interaction

|

Textual Visual
Embed Embed

. _OC_ D
1

Text Image

(d)MI > VE = TE
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wav2vec 2.0:
A framework for self-supervised learning of speech representations

Contrastive loss

L
f
Context
repre::nte:tions C , ﬁ 3 * T

Transformer

Masked

Quantized
representations Q

Latent speech Z
representations

raw waveform X




Whisper:

Robust Speech Recognition via Large-Scale Weak Supervision

Multitask training data (680k hours)

English transcription
‘ “Ask not what your country can do for ---"
D Ask not what your country can do for ---

Any-to-English speech translation

‘ “El répido zorro marrén salta sobre ---*

D The quick brown fox jumps over -
Non-English transcription

& oo g0 22 Yot e YR ¥D Yo

EF o ol g2t eicte o 4oy g2 ge -
No speech

(n (background music playing)

Bl

‘ EN |Gase | 0.0 | The |quickbrown| ...
A
next-token
prediction

Sequence-to-sequence learning

F

Transformer

Encoder Blocks

-

Sinusoidal

Positional

Encoding

2 x Conv1D + GELU

: Log-Mel Spectrogram

s

-

Multitask training format

identification Transcription

Language X=X

cross attention

— =

Y

self attention

@ Transformer
Decoder Blocks

self attention

Y

R

G )
Learned

E)(—% Positional

A Encoding

0.0 | The |quick| ...

TRANS-
CRIBE

‘SOT‘ EN

Tokens in Multitask Training Format

Time-aligned transcription

i

i i

LANGUAGE

) 3 z
TAG TRANSCRIBE - I':Iemg: J text tokens :r:i 000 t:le"g: text tokens :

previous START OF
e ik text tokens TRANSCRIPT

T

Custom vocabulary /
prompting

special text timestamp )
tokens tokens tokens

NO NO
SPEECH } (AL J TIMESTAMPSH b v
Vc:c;eitcig‘:ty >_(r - EINgHSh Text-only transcription
(VAD) ranslation (allows dataset-specific fine-tuning)
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LLM-powered Multimodal Agents
Large Multimodal Agents (LMAs)

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

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

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

QoY © we' yl\'a\‘ W ik e® ot o Qov WO \o©
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Large Language Model (LLM) Based Agents

[ Perception ]

fa
ﬁ B ey
% ﬁ Brain

l e Storage

[ Environment ]

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

Q brella t | |
>< umbrella to me. ‘ ‘

/ Reasoning from .' '. 4‘1\ N ——

4
the current weather | E( Summary "Recall Learn
conditions and the }

Memory

G

Knpwledge

;i!)mg

/ Transfer

Retrieve
y

-

Decision Making

eather reports on

- it i Planning
the internet, it is ent I : :
llkely to rain 9 Ag ‘ ACﬁOll / Reasonlng

b=
Gene

tomorrow. Here is |
\ your umbrella. O “.,\ OO0 Calling API ...

sool g =R
. { Embodiment H
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Taxonomy on LLM-Agent planning

4% @
Q o,
® g
o Yo 0
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Taxonomy on LLM-Agent planning

Method Idea LLM’s task Formulation Representative works
Task Divide and Task decomposition | [gi] = decompose(E, g; ©,P); | CoT [2022], ReAct [2022],
Decomposition ICC At MO Subtask planning | p' = sub-plan(E, g;;0,P) HuggingGPT [2023]
Multi-plan | Generate multiple plans | Plans generation P =plan(E, ¢;0,P); ToT [2023], GoT (2023],
Selection | and select the optimal | Plans evaluation | p* = select(E, g, P; 0, F) CoT-SC [2022b]
External Formalize tasks and | 0 oo v | RS formalize(E, g; 0, P); LLM+P [2023al,
Planner-aided | utilize external planner p = plan(E, g, h; ®) LLM+PDDL [2023]
. . Plan generation = plan(E, g; 0, P); Reflexion [2023],
&%egéﬁzm Reilcrslcdt f:ﬁ:ép 612 relrslces Reflection r; = reflect(E, g,pi; 0, P); CRITIC [2023],
P Refinement | pi+1 = refine(E, g, pi, ri;0,P) Self-Refine [2023]
Memory-aided |  Leverage memory Plan generation m = retrieve(E, g; M); REMEMBER [2023a],
Planning to aid planning Memory extraction | p = plan(E, g, m; 0, P) MemoryBank [2023]
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Large Multimodal Agents (LMAs)

(a) Type I: Closed-source LLMs as Planners w/o Longterm Memory.

/

k

(Action

O O
AL

>

ExecuteT lResuIt

L

Plan
IR

Result
_

<

Generate @ Perception

||

Planner

\

4

Act
Result

Task
Feedback

Environment

Multi-Modality

ad -

o,

AR

(>

Use prompt techniques
to guide closed-source
LLMs in decision-
making

and planning to
complete tasks without
long memory.
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Large Multimodal Agents (LMAs)

(b) Type llI: Finetuned LLMs as Planners w/o long-term Memory.

/ " Action
D»O.

_eRF
(DR

D

Planner
Execute PIanV
\ @Perceptlon j
Task
Result Feedback
. Multi-Modality
Environment ~IE s

Use action-related data
to finetune existing
open-source large
models,

enabling them to achieve
decision-making,
planning, and tool
invocation capabilities
comparable

to closed-source LLMs
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Large Multimodal Agents (LMAs)

(c) Type llI: Planners with Indirect Long-term Memory

/

\_

(Actlon

oo

.

ExecuteT lResuIt

Result
.@EP. AN

Save

Long Memory

—_—
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Plan Generate ..,
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_ Multi-Modality
Environment ~

AR

=<, &

|

Introduce indirect
long-term memory
functions,

further enhancing their
generalization and
adaptation abilities in
environments closer to
the real world.
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Large Multimodal Agents (LMAs)

(d) Type IV: Planners with Native Long-term Memory
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further enhancing their
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the real world.
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Multi-Agent Frameworks
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Applications of Large Multimodal Agents (LMAs)
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— m— = Audio
e TR e Editing&Generation
b | | o — . MusicAgent
S e 4 ot 1 ot Complex Visual Wav. Joﬁgmey
T T T v R;asoning Tasks Copilot U
e ———— Wovicicior e JPEIGHT AudioGPT o
Visual Chatgpt Gpra740s
HuggingGPT Llava-plus
MM-BEACE S A SSistGPT Embodied Al
:\:nhanr\;le;? onl M3 &Robotics
chAe. | bpcoy STEVE EMMA
Garma e CLOVA Octopus GRID
‘ JARVIS-1 MP5 DEPS
il Video DiscussNav
.SMARTPLAY . Visual Generation
VisualWebArena .. Understanding & Editing
posisionT / LLaVA-Interactive
DORAEMONGPT MM-ReAct
ChatVideo
Autonomous = Mutan
Driving o BT Ul-assistants
GPT-Driver - ENTAes Mobile-Agent
DLAH . @ MM-Navigator ASSISTGUI
- r* ~| WebWISE DroidBot-GPT
=m .eé AutoDroid Auto-UlI
B % AppAgent Os-copilo

s gt b ) e 87 s

MemoDroid Openagents '
GPT-4V-Act
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How LLMs Are Built?

« Data Filtering
o Removing Noise
o Handling Outliers
o Addressing Imbalances

o Text Preprocessing
+ Deduplication

Absolute Positional Embeddings
Relative Positional Embeddings
Rotary Position Embeddings
Relative Positional Bias

(1]!

Data Cleaning

" + BytePairEncoding
Tokenizations r- + WordPieceEncoding
+ SentencePieceEncoding

(3,

Positional Encoding

4,

| Encoder-Only
LLM Architectures L

Decoder-Only
Encoder-Decoder

|
B
| \
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How LLMs Are Built?
i . 0O,

Masked Language Modeling :
Causal Language Modeling o o ‘
Next Sentence Prediction e
Mixture of Experts

@ ‘ Supervised Fine-tuning
\

* « General Fine-tuning
« Multi-turn Instructions
« Instruction Following

Fine-tuning and Instruction Tuning —

Supervised learning 6

.
« Reinforcement Learning from Human Feedback 2
« Direct Preference Optimization B SURRTR
« Kahneman-Tversky Optimization
: |« Greedy Search
Decoding Strategies .+ Beam Search
|« Top-k Sampling
\ « Top-p Sampling
« Optimized Training 9
o Zero Redundancy Optimizer ; ‘
o Receptance Weighted Key Value __ Cost-Effective Training/Inference,
« Low-Rank Adaption Adaptation & Compression

« Knowledge Distillation
« Quantization



How LLMs Are Used and Augmented

\ s p
av e, ‘ « Statistical Metrics

| 1
! * Automated metrics * |E-Based Metrics :
: « Hallucination + Model-Based Metrics 41 « QA-Based Metrics |
w I * NLI-Based Metrics |
| I
| |
| I

+ Hallucination Quantification .
» Scoring
. Humanjudgment-{

* Comparative Analysis

| ALLMimitatons |\ ;

Prompt Design and Engineering

PROMPT

\
| |
I I
: 1) Chain of Thought 2) Tree of Thought 5) Expert Prompting 7) Rails 8) Automatic Prompt Engineering |
I
ENGINEERING : + Zero-Shot CoT 3) Self-Consistency 6) Chains * Topical Rails * Prompt Generation :
i « Manual CoT » Fact-Checking Rails » Prompt Scoring i
. I 4) Reflection « Jailbreaking Rails * Refinement and Iteration
B) Using LLMs \ ) 5 /‘

! \ / \ ! \

5 | Components of a RAG | I RAG Tools 1 1 a) RAG-aware prompting techniques |

~ | I I I

¢ : « Retrieval T ) P :

S | « Generation ] | « LangChain + Meltano ' ] :

g | « Augmentation | I + Llamalndex * Cohere Coral 1 1 |

| 1 | * HayStack + Flowise Al ! ! !

B) Augmenting LLMs through I | l\ ! .\ /'
\ /

external knowledge - RAG N % ~ - e e -

i
~ a) Tool-aware prompting techniques

C) Using External Tools )

Prompt engineering techniques for agents

+ Decision Making

]

|

I

I + Tool Access and Utilization
|

! « Dialog-Enabled Resolving Agents
|

|

[ \
| I
|

: * Reasoning without Observation |
I+ Reason and Act !
| I
| |
| I
/!

D) LLM Agents \




12x -

GPT Pretraining, and Fine-tuning Steps

Pr::;o\n, Classification

Feed Forward

Text & Position Embed

Entailment

Similarity

Multiple Choice

Start Text Extract }’ Transformer |+ Linear

Start Premise Delim | Hypothesis | Extract Transformer Linear
Start Text1 Delim Text 2 Extract Transformer

- E-}- Linear

Start Text 2 Delim Text1l Extract Transformer

Start Context Delim | Answer1 | Extract Transformer

Start Context Delim | Answer2 | Extract Transformer

Start Context Delim | Answer N | Extract Transformer

L
i
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1

Synthesizing RAG with LLMs for
Question Answering Application

Prompt

Query

pr—
Search Relevant ] > Knowledge
Information J % Sources

Relevant
Information

3 for
— P Enhanced
Context

Generated
Text
Response

Prompt I
+
4 ) Query
R >
Enhanced

Context Large Language Model EndPoint

2 ) Query
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Synthesizing the KG as a Retriever with LLMs

3

Q: Which country o
is Obama from?

(" A

Knowledge
Retriever

—> :
k(Honolqu, LocatedIn, USA)}

Retrieved Facts

f(Obama, Bornin, Honolulu):

R

Backpropagation

LLMs

—» A: USA

' ]
------------------------------------------- L------------‘

87



LLM-based Agent for
Conversational Information Seeking

LLM-Augmenter
: : Utility |
| ' [ '
; : (utility score & feedback) | :
i E f E
5 E Policy .. Working | | |
: w*l (action selection) - Memory :
i aE . :
: Knowledge —‘——* - Knowledge Consolidator |+ :
; (e.g., news, wiki, : - Prompt Engine E
I proprietary ' ¢ :
i databases) : L |
I : LLM :
. Environment | | (e-g., ChatGPT) Al Agent



Data Gathering and Pre-training for LLMs

-[ Pre-Training }7 _.I 00;?:;'_‘T3g;”:;ﬁc }

.

L Y

N -2 X ™ ¥ N 7T \
Random Mode! Pra.-Training Data | Pre-Trained Model in-Domain Data Fine-Tuned Model
e A EP L emprg Gl Lep Longunps W ae
Lo e — | S— /-\ Sty
e i i
\ — S— \ sous r e -
N\ J'./ \\ / \¥ £ \ / '\ /’
Y
- |
)
3
=
3
Q

In-Context
Learning




Pre-train,
Prompt, and Predict:
Prompting Methods

in Natural Language Processing
(LLMs)



Instance Formatting and Two Different Methods
for Constructing the
Instruction-formatted Instances

—

Instance

Task description

Please translate the French to English:

—/

Optional
Demonstrations

fr: Reprise de la session

en: Resumption of the session

fr: Il s'agit du cas d'Alexandre Nikitin.
en: It is the case of Alexander Nikitin.

Input

fr: Nous ne savons pas ce qui se passe.

Output

en: We do not know what is happening.

>

(a) Instance format

Human-written

.......

>

NLP Datasets

Question
Answering

Sentence
Composition

Textual

Entailment Paraphra

: sin
Sentiment g
Analysis .
y Misc.
Question

Text NLI :
Generation

to

Code Translation

Task description

Please answer this question:

- Demonstrations

Q: Where is the capital of France?
A: Paris.

Q: Where is the capital of Brazil?
A: Brasilia

Input . Output |

Q: Where is the capital of China?
A: Beijing.

(b) Formatting existing datasets

API collection

Human-written:

@f@

. Task description

Can you recommend some ways

to lose weight?

Desired output written by human

v

Output
Here are some ways to lose weight:

1. Eat a healthy diet: Focus on ...
2. Increase physical activity: Engage ...

(c) Formatting human needs
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In-context Learning (ICL) and
Chain-of-thought (CoT) Prompting

In-Context Learning Chain-of-Thought Prompting
Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
how many candies do you have left? what is the perimeter of the rectangle?
- Th is 8. i N S I S TR O R
NX - . If . aniwerllsh fenthoE6 A oEs NX- A: ' Forarectangle, add up the length and width and double it. |
0: SRR e e ' So, the perimeter of this rectangle is (6 + 3)x2=18 cm.
what is the perimeter of the rectangle? S - D P '
A: The answer is 18 cm. L The answer is 18 om.
Q: Sam has 12 marbles. He gives 1/4 of them to his sister. Q: Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left? How many marbles does Sam have left?

A: He gives (1 /4) x 12 = 3 marbles.
A: The answer is 9. — LLM — So Sam is left with 12 — 3 =9 marbles.

The answer is 9.

: Task description : Demonstration : Chain-of-Thought : Query
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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
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Framework for Implementing Generative Al
Services using RAG Model

Orchestration Framework

s W 4’ LangChain ~

. chroma Predefined 4 \
PDF O System Prompt ©openAr
TXT, 5
WebURL, Vector | . ,l 5—_" B P o LLM
Youtube Database =
Relevant
N /2 T R S SR v S N O chunks \ GPT4All
Source Data GPT4AIl Search
Smaller chunks T —— R OIS :
. 5 . u |
. CMbeddings' s “Answer
@ 0openAl T

Data Data Splitting . Vector Prompt & .
Gathering > Extraction > e >Embeddlngs > Stors >Search >Generatlor>
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Maximizing LLM Performance

The optimization flow

All of the above

Add HyDE retrieval + I - [l AddRAG content to
fact-checking step training examples

Bl Fine-tune model

Add simple retrieval ] —

Context
optimization

Try something else

What the model Prompt engineering Fine-tuning
B Add few shot

needs to know
/ Evaluate

B Prompt

Try something

——%
LLM optimization

How the model needs to act

https://www.youtube.com/watch?v=ahnGLM-RC1Y



https://www.youtube.com/watch?v=ahnGLM-RC1Y

Prompt Engineering, Fine-tuning, and RAG

Connect external
data sources

Easy to work with

Limited
to context
window

Dynamic knowledge

Fast prototyping in the prompt

Prompt Engineering RAG

Intuitive Real-time

Better
outputs

Apply data
& domain
knowledge

Steer
behavior

Narrows model’s behavior
More predictable outputs
Bakes in style/tone/format

Fine-tuning

https://www.entrypointai.com/blog/approaches-to-ai-prompt-engineering-embeddings-or-fine-tuning/
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Typology of Prompting Methods

Prompting
Method

1

Pre-trained
LMs (Appendix)

Left-to-Right LM )— GPT [105]; GPT-2 [106]; GPT-3 [10]

Prompt

Masked LM }— BERT [21]; RoBERTa [80]
Prefix LM }— UniLM1 [23]; UniLM2 [5]
Encoder-Decoder }—  T5 [107]; MASS [130]; BART [70]
Prompt
Template Shape Cloze )— LAMA [101]; TemplateNER [18]
Engineering & - ) )
Section 3 Prefix-Tuning [72]; PromptTuning [68]
Human Effort Hand-crafted )7 LAMA [101]; GPT-3 [10]
Automated Discrete )— AutoPrompt [126]; LM-BFF [33]
Prefix-Tuning [72]

LAMA [101]; WARP [41]

Answer

Shape ]—-[ Span )— PET-GLUE [121]; X-FACTR [51]

Engineering
Section 4

GPT-3 [10]; Prefix-Tuning [72]

Multi-Prompt
Learning Section 5

Human Effort )——( Hand-crafted )— PET-GLUE [121]
H{ Automated Discrete | — LM-BFF [33]
WARP [41]
- Prompt Ensemble | — LPAQA [53]; PET-TC [118]; BARTScore [149]
—( Prompt Augmentation )— GPT-3 [10]; KATE [75]; LM-BFF [33]
}~—( Prompt Composition )— PTR [42]
—[ Prompt Decomposition)— TemplateNER [18]
—[ Prompt Sharing )— Example Figure 3

—( Promptless Fine-tuning )— BERT [21]; RoBERTa [80]
{ Tuning-free Prompting )7 GPT-3 [10]; BARTScore [149]

1

Prompt-based Training
Strategies Section 6

]—( Parameter Updating )——(Fixed-LM Prompt Tuning)— Prefix-Tuning [72]

—(Fixed-prompt LM Tuning)— T5 [107]; PET-TC [121]
—( Prompt+LM Tuning )— P-Tuning [78]; PTR [42]
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Different Multi-Prompt Learning Strategies

~— Input Subject: China; Relation: isCapital

-

-

PR1| China’s capital is [MASK].
PR2| [MASK] is the capital of China.

PR3| The capital of China is [MASK].

=

J

(a) Prompt Ensembling.

Input (X) | Google became a subsidiary of Alphabet.

v

PR

[X] The [MASK] Google [MASK] the [MASK] Alphabet. —»

s : =)
Sub-PR1 | [X] The [MASK] Google. |
Sub-PR2 | [X] The [MASK] Alphabet. |
Sub-PR3 | [X] Google [MASK] Alphabet. |

\_ ‘ Y,

v

(c) Prompt Composition.

v

~— Input (X) = Mike went to New York yesterday.

~— Input | Add up two numbers: 6, 8 ’

( ‘
Ans-PRI' | 1+1=2

~

)

v
\—| Ans-PR2 [2+5=7

)

LopR 648 = pvask] =
‘ »

(b) Prompt Augmentation.

PR

| [X] Mike is [MASK] entity type,
New York is [MASK] entity type.

A 4

-

N

Sub-PR1 | [X] Mike is [MASK] entity type.

Sub-PR2 | [X] New York is [MASK] entity type.

A\ 4

5

(d) Prompt Decomposition.

v
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Examples of Input, Template, and Answer for Different Tasks

Type Task Example Input ([X]) Template Answer ([Z])
great
Sentiment I'love this movie. [X] The movie is [Z]. fantastic
. . sports
Text Classification Topics He prompted the LM. [X] The text is about [Z]. science
quantity
Intention What is taxi fare to Denver? [X] The question is about [Z]. city
Bad
Text-span Classification Aspect Sentiment Poor service but good food.  [X] What about service? [Z]. Terrible
[X1]: An old man with ... Yes
Text-pair Classification ~ Natural Language Inference [X2]: A man walks ... [X11? [Z], [X2] No
[X1]: Mike went to Paris. organization
Tagging Named Entity Recognition = [X2]: Paris [X11[X2] is a [Z] entity. location
The victim ...
Summarization Las Vegas police ... [X] TL;DR: [Z] A woman ...
Text Generation
I love you.
Translation Je vous aime. French: [X] English: [Z] I fancy you.
[X1]: A man is smoking. Yes

Regression Textual Similarity [X2]: A man is skating. [X1] [Z], [X2] No




Characteristics of Different Tuning Strategies

Strategy

LM Params

Prompt Params

Additional Tuned

Example

Promptless Fine-tuning Tuned - ELMo [97], BERT [20], BART [69]
Tuning-free Prompting Frozen X X GPT-3[9], AutoPrompt [125], LAMA [100]
Fixed-LM Prompt Tuning ~ Frozen / Tuned Prefix-Tuning [71], Prompt-Tuning [67]
Fixed-prompt LM Tuning ~ Tuned X X PET-TC[117], PET-Gen [118], LM-BFF [32]
Prompt+LM Fine-tuning ~ Tuned / Tuned PADA [5], P-Tuning [77], PTR [41]
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Multi-prompt Learning for
Multi-task, Multi-domain,
or Multi-lingual Learning

Movie Review (X1) | Really awesome movie! }

1

Template | [Domain_name]: This is [MASK]. }—;

r |

Product Review (X2) | It’s very easy to use! )

[
Prompt 1

Prompt 2

\—

" Movie: [X1] This is [MASK]. |

| Product: [X2] This is [MASK]. ‘
k J
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GPT Prompt Engineering for
Question Answering

* Find the answer to the question from the given context.

* When the question cannot be answered with the given context,
say 'unanswerable”.

* Just say the answer without repeating the question.
* Context: {context}
* Question:{question}

* Answer:
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Prompts and QA Inference For FLAN T5
Question Answering

* Prompts and QA Inference For FLAN T5, we follow [41] and use
the following prompt:

* Context: {context}\nQuestion: {question}\nAnswer:

* Context: {context}
* Question: {question}

* Answer:
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Prompt Engineering

* Prompts For FLAN models

* Longpre, S., Hou, L., Vu, T., Webson, A., Chung, H. W., Tay, Y., ... & Roberts,
A. (2023). The flan collection: Designing data and methods for effective
Instruction tuning. arXiv preprint arXiv:2301.13688.

* MNLI, NLI-FEVER, VitaminC:

* "Premise: {premise}\n\nHypothesis: {hypothesis}\n\nDoes the premise entail the
hypothesis?\n\nA yes\nB it is not possible to tell\nC no"

* ANLI:

» "{context}\n\nBased on the paragraph above can we conclude
that\"{hypothesis}\"?\n\nA Yes\nB It’s impossible to say\nC No"

* SNLI:

* "If \"{premise}\", does this mean that \"{hypothesis}\"?\n\nA yes\nB it is not
possible to tell\nC no"
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Prompt Engineering with ChatGPT for NLP

Prompt

Task Description This is a move review sentiment classifier.

| loved this movie!

Example 1
This review is: Positive
What a waste of time.
Example 2

This review is: Negative

| enjoyed this movie.

Current Input

This review is: (D

Completion

Positive

Output

Language

Model
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Hugging Face Tasks
Natural Language Processing

Text
Classification

3345 models

D

Summarization

323 models

0O cp O
Do 29
Token Question
Classification Answering
1492 models 1140 models

»

Text Generation Fill-Mask

3959 models 2453 models

https://huggingface.co/tasks

Xp

Translation

1467 models

~l0

Sentence
Similarity

352 models
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Transformer (Attention is All You Need)

Positional D
Encoding

(Vaswani et al., 2017)

4 )
Add & Norm

Feed
Forward

( R
Add & Norm

Output
Probabilities

Linear

Feed
Forward

I

Add & Norm

Multi-Head
Attention

¥ S W

3

 S——

Add & Norm

Multi-Head

Attention

U, T

\_

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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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

ﬁ' Mask LM Ma% LM \ /@ MAD Start/End Spax
" *

20 90—
L] Gl () L) e ()
S8 = == e >
m '.. .............. . .- ..h .. . BERT
I_Egll S | | e EIE e [ Esm |l & | [Ew |
ENE . e . @ E@E). EAEE). o
Masked Sentence A Masked Sentence B

Question Paragraph
. 2 . 2
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training

Fine-Tuning
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Fine-tuning BERT on Different Tasks

Class lase

Lo Label

—* —_

[T][ T ] [ Ty ][ T|ssp;l 1 ] [TM' ] (o] 1 l T, |
BERT BERT

eI e N E = N

o o T e T e

= —

Sentence 1 Sentence 2 Single Sentence
(@) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColLA
RTE, SWAG
Start/End Span o] B-PER 0
L N mm wm r_]jtj S <k
O OEE @G o [ Jn]) -
BERT BERT
L]l & ] [ |[Een [ & |- [&0] B | & || = | - €,
— N B N

LJ N p

G—
@m m@m m [(CLS]][TOIH [TokZ] Tok N

Question Paragraph Single Sentence
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
SQUAD v1.1 CoNLL-2003 NER
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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 110



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
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Fine-tuning BERT on Dialogue
Slot Filling (SF)

O B-PER

= = = =
L= 1= § = |

< r

[CLS] Tok 1 Tok 2

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER
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Task-Oriented Dialogue (ToD) System
Speech, Text, NLP

“Book me a cab to Russell Square*

- inform(service=taxi, - (7
Speech Language dest=Russell Square) ‘
Recognition Understanding :

speech text senm

. : Third
Dialogue : Party
Management : APls

speech _ text _ seW
Speech Response

Synthesis Generation request(depart_time)

“When do you want to leave?”
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Conversational Al

to deliver contextual and personal experience to users

Automated Speech
Recognition
: 1 Sure, | need your
Hi, | need :0 | ID to check the
access a_wr ua » acCcess
meeting. DlalOg Natual L?nguage permission?
P Management _, Generation
s Forming Response  Offering response

Natual Language
Understanding J

; ; ; t ;

Machine Learning and Deep Neural Networks
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Fine-tuning LLM for
Dialogue System

Reinforcement Learning from
Human Feedback (RLHF)

ChatGPT:
Optimizing Language Models for Dialogue



Reinforcement Learning

from Human Feedback
(RLHF)



Step 1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used to
fine-tune GPT-3.5
with supervised
learning.

~
L

Explain reinforcement

learning to a 6 year old.

¢
o)

A4

We give treats and

punishments to teach...

Step 2

Collect comparison data and

train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks the
outputs from best
to worst.

This data is used
to train our
reward model.

r N

x./
Explain reinforcement
learning to a 6 year old.

o
0-0-0-0

Step 3

ChatGPT: Optimizing Language Models for Dialogue

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is
sampled from
the dataset.

The PPO modelis
initialized from the
supervised policy.

The policy generates

an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPQO.

https://openai.com/blog/chatgpt/

A=

Write a story
about otters.

J

PPO



https://openai.com/blog/chatgpt/

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

|
\J

(e}

V4

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

o o

Explain gravity... Explain war...

[C] (0]

Moon is natural People went to
satellite of... the moon...

. Y J
O

0-0-0-0

Step 3

Training language models to follow instructions with human feedback
InstructGPT and GPT 3.5

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs
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Reinforcement Learning from Human Feedback
(RLHF)

1. Pretraining a Language Model (LM)
2. Gathering Data and Training a Reward Model

3. Fine-tuning the LM with Reinforcement Learning

https://huggingface.co/blog/rlhf



https://huggingface.co/blog/rlhf

Reinforcement
Learning
from Human
Feedback (RLHF)

Step 1. Pretraining
a Language Model
(LM)

Prompts & Text Dataset

Human Augmented
Text (Optional)

https://huggingface.co/blog/rlhf

Train Language Model

Initial Language Model
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Reinforcement
Learning
from Human
Feedback (RLHF)

Step 2. Gathering
Data and
Training a

Reward Model

Prompts Dataset

Sample many prompts

(

Initial Language Model

Train on

{sample, reward} pairs

text

Reward (Preference)
Model

Lorem ipsum dolor
sit amet, consectef
adipiscing elit. Aen
Donec quam felis
vulputate eget, arc
Nam quam nunc
eros faucibus tincig

luctus pulvinar, her

!

Human Scoring

Outputs are ranked
(relative, ELO, etc.)

Generated text

https://huggingface.co/blog/rlhf

JTVRN

— I
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Reinforcement
Learning
from Human
Feedback (RLHF)

Step 3. Fine-tuning
the LM with
Reinforcement
Learning

Prompts Dataset

7

Initial Language Model

Base Text 0000

®® ©®

y: a furry mammal

N2 x: A dog is...

A4

/" Tuned Language

Model (RL Policy)

RLHF PO®®
Tuned Text ®®®®

y: man’s best friend

~\

Reinforcement Learning
Update (e.g. PPO)

N

\

1
"4

— kL DKL (7TPPO (ylz) || Thase (y|m))
KL prediction shift penalty

0« 60 + VoJ(6)

/N

R

\

eward (Preference)

https://huggingface.co/blog/rlhf
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Llama-2-chat uses RLHF to ensure safety and helpfulness

HUMAN
FEEDBACK
FINE-TUNING

Y

O : Safety Reward Model
Rejection Proximal Policy
Sampling Optimization
v
==
RLHF
Human preference data Helpful Reward Model

PRETRAINING

Supervised 8'\ 0
Ceea O lama2chat

Self-supervised
learning

Pretraining data

124



QLoRA: Efficient Finetuning of Quantized LLMs

Optimizer
State
(32 bit)

Adapters
(16 bit)

Base
Model

Full Finetuning
(No Adapters)

LoRA

J U L

ll ll'l ll
7T
I

|

16-bit Transformer

QLoRA

llllllllllllllll




QLoRA: Efficient Finetuning of Quantized LLMs

QLoRA reduces the average memory requirements of finetuning
a 65B parameter model from >780GB of GPU memory to <48GB

Model Size Elo
GPT-4 - 1348 + 1
Guanaco65B 41 GB 1022 +1
Guanaco 33B 21 GB 992 + 1
Vicuna 13B 26 GB 974 + 1
ChatGPT - 966 + 1
Guanaco 13B 10 GB 916 £ 1
Bard 902 + 1
1

Guanaco 7B 6 GB 879 -
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QLoRA: Efficient Finetuning of Quantized LLMs

Model / Dataset Params Model bits Memory ChatGPT vs Sys Sys vs ChatGPT Mean 95% CI

GPT-4 - - - 119.4% 110.1% 114.5% 2.6%
Bard - - - 93.2% 96.4% 94.8% 4.1%
Guanaco 65B 4-bit 41 GB 96.7% 101.9% 99.3% 4.4%
Alpaca 65B 4-bit 41 GB 63.0% 77.9% 70.7% 4.3%
FLAN v2 65B 4-bit 41 GB 37.0% 59.6% 48.4% 4.6%
Guanaco 33B 4-bit 21 GB 96.5% 99.2% 97.8% 4.4%
Open Assistant 33B 16-bit 66 GB 91.2% 98.7% 94.9% 4.5%
Alpaca 33B 4-bit 21 GB 67.2% 79.7% 73.6% 4.2%
FLAN v2 33B 4-bit 21 GB 26.3% 49.7% 38.0% 3.9%
Vicuna 13B 16-bit 26 GB 91.2% 98.7% 94.9% 4.5%
Guanaco 13B 4-bit 10 GB 87.3% 93.4% 90.4% 5.2%
Alpaca 13B 4-bit 10 GB 63.8% 76.7% 69.4% 4.2%
HH-RLHF 13B 4-bit 10 GB 55.5% 69.1% 62.5% 4.7%
Unnatural Instr. 13B 4-bit 10 GB 50.6% 69.8% 60.5% 4.2%
Chip2 13B 4-bit 10 GB 49.2% 69.3% 59.5% 4.7%
Longform 13B 4-bit 10 GB 44.9% 62.0% 53.6% 5.2%
Self-Instruct 13B 4-bit 10 GB 38.0% 60.5% 49.1% 4.6%
FLAN v2 13B 4-bit 10 GB 32.4% 61.2% 47.0% 3.6%
Guanaco 7B 4-bit 5GB 84.1% 89.8% 87.0% 5.4%
Alpaca 7B 4-bit 5 GB 57.3% 71.2% 64.4% 5.0%

FLAN v2 7B 4-bit 5GB 33.3% 56.1% 44.8% 4.0%
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Prompt Engineering with ChatGPT for NLP

Prompt

Task Description This is a move review sentiment classifier.

| loved this movie!

Example 1
This review is: Positive
What a waste of time.
Example 2

This review is: Negative

| enjoyed this movie.

Current Input

This review is: (D

Completion

Positive

Output

Language

Model
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Generative Al
Tech Stack

C.\O’D . Apps
Users . Models
t @ nfrastructure

Apps
End-user facing B2B and B2C applications
without proprietary models

Examples: Jasper, Github Copilot

End-to-End
nd-to-End Apps Model Hubs

End-user facing Closed-Solrce Platforms to share and host models

applications with .
proprietary models Foundation Modeils Examples: Hugging Face, Replicate
Large-scale, pre-

trained models
exposed via APIs

Examples: Midjourney,
Runway
Open-Source

Examples: GPT-3 Foundation Models

(OpenAl) Models released as trained weights

Examples: Stable Diffusion (Stability)

Cloud Platforms
Compute hardware exposed to developers in a cloud deployment mode/

Examples: AWS, GCP, Azure, Coreweave

Compute Hardware

Accelerator chips optimized for model training and inference workloads

Examples: GPUs (Nvidia), TPUs (Google)
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Generative Al Software and Business Factors

Business S ¥ | T | R .
« Distribution .+ ProprietaryData 1 Domain Expertise 1 s ‘
Factors o E . P J
N
{ Application A product utilizing and managing model inputs and outputs
y
Y
[ Models Large language models, image generation, or other ML models
Software <
( Data Labeling, evaluation) { I\/II_Ops Model management, tracking
J
<
{ Cloud Platform Hosting, compute, model deployment and monitoring
)

130



Generative Al
1. Pre-training Foundation (Pre-trained) Model
2. Fine-turning Custom (Fine-tuned) Model

1- Pre-training Foundation 2- Fine-tuning Custom
Untrained . .
MOdeI ............................ (Pre_tralned) ............................ (Flne_tuned)
Model Model
f [
Much
Smaller,
Massive Specialized
Internet-scale i Dataset |

Dataset

= =
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Generative Al
Fine-tune Custom Models using Proprietary Data

s R R R

2) Observe usage patterns,
collect feedback

Collection of prompts

-
3) Source

high-quality
| generations
_

J

Application
Custom
Models Custom°ModeI vi r
Models 1) Fing-tune a custom model using
proprietary data
Default
Models Default Model ] \_
Data [ Proprietary Data vi ]

Collection of prompts and high quality
generations
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Fine-tune Custom Models using Proprietary Data
Users R 8 R

Application

Models

Data

Custom
Models

Default
Models

Generative Al

Custom Model vi ]

[ Default Model ]

[ Proprietary Data v1 ]

Collection of prompts

Custom Model v2

Collection of prompts and high quality

generations

—_—

P o
€ Gr—
- ——

1"‘
d ¢}

Y

5) Fine-tune a new
version of your model

[ Proprietary Data v2 ]

%

.

4) Add to to your
dataset creating a
new version
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Pipeline of Instruction Tuning LLMs

Training cost:
Ctrain
Evaluation

Instruction-Tuned Models ‘
: Evaluation cost: Nl
A 'S BSA . = N\ el

ﬂ» APIl-based Human PandalLM
Data leakage Time consuming Reproducible -
Alpaca Vicuna BELLE Access limit Expensive Open source

Unreproducible Inconsistent Safe&Efficient..’

1st iteration of Instruction-tuning pipeline

. .
. .
- .
oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

. .
. .
ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo
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Available Task Collections for Instruction Tuning

Collections Time  #Task types #Tasks #Examples
Nat. Inst. [193] Apr-2021 6 61 193K
CrossFit [194] Apr-2021 13 160 7.1IM
FLAN [62] Sep-2021 12 62 4.4M
P3 [195] Oct-2021 13 267 12.1M
ExMix [196] Nov-2021 11 107 18M
UnifiedSKG [197] Jan-2022 6 21 812K
Super Nat. Inst. [78] Apr-2022 76 1616 5M
MVPCorpus [198]  Jun-2022 11 77 41M
xP3 [84] Nov-2022 17 85 81M

o1G™* Mar-2023 : : 43M
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Instance Formatting and Two Different Methods
for Constructing the
Instruction-formatted Instances

—

Instance

Task description

Please translate the French to English:

—/

Optional
Demonstrations

fr: Reprise de la session

en: Resumption of the session

fr: Il s'agit du cas d'Alexandre Nikitin.
en: It is the case of Alexander Nikitin.

Input

fr: Nous ne savons pas ce qui se passe.

Output

en: We do not know what is happening.

>

(a) Instance format

Human-written

.......

>

NLP Datasets

Question
Answering

Sentence
Composition

Textual

Entailment Paraphra

: sin
Sentiment g
Analysis .
y Misc.
Question

Text NLI :
Generation

to

Code Translation

Task description

Please answer this question:

- Demonstrations

Q: Where is the capital of France?
A: Paris.

Q: Where is the capital of Brazil?
A: Brasilia

Input . Output |

Q: Where is the capital of China?
A: Beijing.

(b) Formatting existing datasets

API collection

Human-written:

@f@

. Task description

Can you recommend some ways

to lose weight?

Desired output written by human

v

Output
Here are some ways to lose weight:

1. Eat a healthy diet: Focus on ...
2. Increase physical activity: Engage ...

(c) Formatting human needs
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In-context Learning (ICL) and
Chain-of-thought (CoT) Prompting

In-Context Learning Chain-of-Thought Prompting
Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
how many candies do you have left? what is the perimeter of the rectangle?
- Th is 8. i N S I S TR O R
NX - . If . aniwerllsh fenthoE6 A oEs NX- A: ' Forarectangle, add up the length and width and double it. |
0: SRR e e ' So, the perimeter of this rectangle is (6 + 3)x2=18 cm.
what is the perimeter of the rectangle? S - D P '
A: The answer is 18 cm. L The answer is 18 om.
Q: Sam has 12 marbles. He gives 1/4 of them to his sister. Q: Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles does Sam have left? How many marbles does Sam have left?

A: He gives (1 /4) x 12 = 3 marbles.
A: The answer is 9. — LLM — So Sam is left with 12 — 3 =9 marbles.

The answer is 9.

: Task description : Demonstration : Chain-of-Thought : Query
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Pre-train,
Prompt, and Predict:
Prompting Methods

in Natural Language Processing
(LLMs)



Four Paradigms in NLP

Paradigm Engineering Task Relation
CLS TAG
Feature ] m []

a. Fully Supervised Learning

g d identit t-of- h
(Non-Neural Network) (e.g. word identity, part-of-speech,

sentence length)

| |GEN
CLS TAG
b. Fully Supervised Learning Architecture . 0w [
(e.g. convolutional, recurrent,
(Neural Network) _ :
sell-allenlional)
| |GEN
CLS TAG
Objective :,\LM /:
c. Pre-train, Fine-tune (e.g. masked language modeling, next
sentence prediction) l
GEN
cLS TAG
So LM S
. . Ny
d. Pre-train, Prompt, Predict Prompt (e.g. cloze, prefix)

|

> GEN
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Typology of Prompting Methods

Prompting
Method

1

Pre-trained
LMs (Appendix)

Left-to-Right LM )— GPT [105]; GPT-2 [106]; GPT-3 [10]

Prompt

Masked LM }— BERT [21]; RoBERTa [80]
Prefix LM }— UniLM1 [23]; UniLM2 [5]
Encoder-Decoder }—  T5 [107]; MASS [130]; BART [70]
Prompt
Template Shape Cloze )— LAMA [101]; TemplateNER [18]
Engineering & - ) )
Section 3 Prefix-Tuning [72]; PromptTuning [68]
Human Effort Hand-crafted )7 LAMA [101]; GPT-3 [10]
Automated Discrete )— AutoPrompt [126]; LM-BFF [33]
Prefix-Tuning [72]

LAMA [101]; WARP [41]

Answer

Shape ]—-[ Span )— PET-GLUE [121]; X-FACTR [51]

Engineering
Section 4

GPT-3 [10]; Prefix-Tuning [72]

Multi-Prompt
Learning Section 5

Human Effort )——( Hand-crafted )— PET-GLUE [121]
H{ Automated Discrete | — LM-BFF [33]
WARP [41]
- Prompt Ensemble | — LPAQA [53]; PET-TC [118]; BARTScore [149]
—( Prompt Augmentation )— GPT-3 [10]; KATE [75]; LM-BFF [33]
}~—( Prompt Composition )— PTR [42]
—[ Prompt Decomposition)— TemplateNER [18]
—[ Prompt Sharing )— Example Figure 3

—( Promptless Fine-tuning )— BERT [21]; RoBERTa [80]
{ Tuning-free Prompting )7 GPT-3 [10]; BARTScore [149]

1

Prompt-based Training
Strategies Section 6

]—( Parameter Updating )——(Fixed-LM Prompt Tuning)— Prefix-Tuning [72]

—(Fixed-prompt LM Tuning)— T5 [107]; PET-TC [121]
—( Prompt+LM Tuning )— P-Tuning [78]; PTR [42]
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Different Multi-Prompt Learning Strategies

~— Input Subject: China; Relation: isCapital

-

-

PR1| China’s capital is [MASK].
PR2| [MASK] is the capital of China.

PR3| The capital of China is [MASK].

=

J

(a) Prompt Ensembling.

Input (X) | Google became a subsidiary of Alphabet.

v

PR

[X] The [MASK] Google [MASK] the [MASK] Alphabet. —»

s : =)
Sub-PR1 | [X] The [MASK] Google. |
Sub-PR2 | [X] The [MASK] Alphabet. |
Sub-PR3 | [X] Google [MASK] Alphabet. |

\_ ‘ Y,

v

(c) Prompt Composition.

v

~— Input (X) = Mike went to New York yesterday.

~— Input | Add up two numbers: 6, 8 ’

( ‘
Ans-PRI' | 1+1=2

~

)

v
\—| Ans-PR2 [2+5=7

)

LopR 648 = pvask] =
‘ »

(b) Prompt Augmentation.

PR

| [X] Mike is [MASK] entity type,
New York is [MASK] entity type.

A 4

-

N

Sub-PR1 | [X] Mike is [MASK] entity type.

Sub-PR2 | [X] New York is [MASK] entity type.

A\ 4

5

(d) Prompt Decomposition.

v
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Examples of Input, Template, and Answer for Different Tasks

Type Task Example Input ([X]) Template Answer ([Z])
great
Sentiment I'love this movie. [X] The movie is [Z]. fantastic
. . sports
Text Classification Topics He prompted the LM. [X] The text is about [Z]. science
quantity
Intention What is taxi fare to Denver? [X] The question is about [Z]. city
Bad
Text-span Classification Aspect Sentiment Poor service but good food.  [X] What about service? [Z]. Terrible
[X1]: An old man with ... Yes
Text-pair Classification ~ Natural Language Inference [X2]: A man walks ... [X11? [Z], [X2] No
[X1]: Mike went to Paris. organization
Tagging Named Entity Recognition = [X2]: Paris [X11[X2] is a [Z] entity. location
The victim ...
Summarization Las Vegas police ... [X] TL;DR: [Z] A woman ...
Text Generation
I love you.
Translation Je vous aime. French: [X] English: [Z] I fancy you.
[X1]: A man is smoking. Yes
Regression Textual Similarity [X2]: A man is skating. [X1] [Z], [X2] No
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Characteristics of Different Tuning Strategies

Strategy

LM Params

Prompt Params

Additional Tuned

Example

Promptless Fine-tuning Tuned - ELMo [97], BERT [20], BART [69]
Tuning-free Prompting Frozen X X GPT-3[9], AutoPrompt [125], LAMA [100]
Fixed-LM Prompt Tuning ~ Frozen / Tuned Prefix-Tuning [71], Prompt-Tuning [67]
Fixed-prompt LM Tuning ~ Tuned X X PET-TC[117], PET-Gen [118], LM-BFF [32]
Prompt+LM Fine-tuning ~ Tuned / Tuned PADA [5], P-Tuning [77], PTR [41]
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Multi-prompt Learning for
Multi-task, Multi-domain,
or Multi-lingual Learning

Movie Review (X1) | Really awesome movie! }

1

Template | [Domain_name]: This is [MASK]. }—;

r |

Product Review (X2) | It’s very easy to use! )

[
Prompt 1

Prompt 2

\—

" Movie: [X1] This is [MASK]. |

| Product: [X2] This is [MASK]. ‘
k J
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Prompt Engineering

* Prompts For FLAN models

* Longpre, S., Hou, L., Vu, T., Webson, A., Chung, H. W., Tay, Y., ... & Roberts,
A. (2023). The flan collection: Designing data and methods for effective
Instruction tuning. arXiv preprint arXiv:2301.13688.

* MNLI, NLI-FEVER, VitaminC:

* "Premise: {premise}\n\nHypothesis: {hypothesis}\n\nDoes the premise entail the
hypothesis?\n\nA yes\nB it is not possible to tell\nC no"

* ANLI:

» "{context}\n\nBased on the paragraph above can we conclude
that\"{hypothesis}\"?\n\nA Yes\nB It’s impossible to say\nC No"

* SNLI:

* "If \"{premise}\", does this mean that \"{hypothesis}\"?\n\nA yes\nB it is not
possible to tell\nC no"
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Framework for Implementing Generative Al G
Services using RAG Model

-

PDF,
TXT,
WebURL,
Youtube

L =

Source Data

W /4’ LangChain

Orchestration Framework

Smaller chunks preensesnnenndenaeaans

Vector
Database

GPT4AIl Search

Predefined r N
System Prompt @ODGHAI

Relevant
chunks

User

~» LLM

~

GPT4AIl

Data
Gathering

D

Data
Extraction

)

Splitting
Chunks

D

Prompt &
Search

>Generatior>
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Factuality Enhancement of

(.

g
\ NTPU

Large Language Models (LLMs)
e T e e e e e n

/ /7 Standalone LLMs
Supervised Finetuning

Continual SFT | Model Editing

Pretraining-based

/ Retrieval Augmented Generation\
Normal RAG Setting

Post-editing
Interactive Retrieval

/ Domain Factuality Enhancement\
Domain enhancement techniques

Initial Continual
Pretraining Pretraining

Prompt Engineering
Multi-A gent

Inference and

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

\ :
\\ Decoding /

Retrieval on External Memory

\ Retrieval on KGs/Databases /

Continue-SFT Contzfzu'e
Pretraining
Train From External
Scratch Knowledge
Domains
Healthcare and Finance and
medicine Ecommerce
Legallay Geosc:ien ce and
Environment
Food Home

\Educatzon Industry Renovatioﬂ/ /

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

[ Perception }

[ Environment J

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

{Inputs }—

0000

.

CEX TN, ]

National Taipel University

If so, give the
umbrella to me.

)
i

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

Reasoning from ¢ ' l ¢ e
the current weather ’

el ]

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

{ Embodiment H

Lo® -
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summary
— (@ — ]

Short-term

Feed back

Agents

Memory

Memory Retrieval \l,

|_—l (D= — 5

Rethink

L

Observation

22

Reward
I

Environment

Long-term

<

Objective

LLM-based Agents

Action

r 1

- - o

Computer Game

A

Code

Simulation

S &

Real-Word

A\ 4

Impact

Tools

On)
(M

Chat

A

Machine

00

APls

IT¢

Crawler

\((ﬁu

SR 3 T )

National Taipel University
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Large Multimodal Agents (LMA)

/

D,

ExecuteT "Result

\

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

)

Environment

Multi-Modality

& (=3 «d, )

(a)

/

Save Long Mmory
— = [E2
Recall ==
SO Result
A
s — Planner
Generate .. .
AEL <S>Perception
4
Act Task
J Result Feedback

)

Multi-Modality

Environment

~IEEN A - ] ©)

(©)

]

Planner «—

Gene[ate -@-

\

Execute A
\ <S>Perception /
A
Act Task
Result | | Feedback
A Multi-Modality
Environment Y ('J;

]

(b)

)

Long Memory

v

ExecuteT Result

-

e
-
=

Recall l T Save

Result
—_—

\

— Planner
Generate .. =
\ Plan <S> Perception /
4
Act Task
J Result Feedback
Multi-Modality
Environment < oo, m

]

(d)

(.

g
\ NTPU

CE T

National Taipel University
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.....................

\

<:‘:’?Perception

@Perception \

@Perceptlon O

N

N
|

jon | ' @ Q Long Memory
~ = —_ _J‘i' : E
bg @ —’IDI — 5 — || :a
- «— | Plan
?SQ e Ag_entl Agent 2 ﬁbu e Agent2
© :
\ / 1% Perception / T ©Percept|on
@Perception é G ©Perceptlon é
| Agent4  Agent3 / \ Agent 4 Agent 3 /
l Act Task Task
Result Feedback Feedback
. Multi-Modality . Multi-Modality
Environment
ﬂ.d ﬂ J [ Environment W"J, E s J
(a) (b)
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NLP

Documents

Classical NLP

Pre-processing

Modeling

Feature Modeling
Extraction (EN) (English)

Inference

Documents

Dense Embeddings

obtained via word2vec,
doc2vec, GloVe, etc.

Deep Learning-based NLP

i

Hidden Layers

Output Units

Output

Sentiment

Classification

Entity

Translation

r Topic Modelling

Extraction

AYLIEN
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Modern NLP Pipeline

Pre-processing

- Pre-processed
Documents Documents

Task / Output

pritlneibamiming

| Classification

Bag-of-Words
&
Vectorization

| Sentiment Analysis

— Entity Extraction
Word Embeddings

|
[ e |
" Dociiaits | === | |
| _ | |L Similarity ¥
l___J S,

Topic Modeling

Source: https://github.com/fortiema/talks/blob/master/opendata2016sh/pragmatic-nlp-opendata2016sh.pdf
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1

Documents

Modern NLP Pipeline

Modeling

Modeling

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/

Task | Output

‘Entity Extraction

Topic Modeling
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Deep Learning NLP

Task / Output

Documents Pre-generated Lookup
OR
Generated in 1st level
of NeuralNet

Sentiment Analysis

Entity Extraction

Topic Modeling

Source: http://mattfortier.me/2017/01/31/nlp-intro-pt-1-overview/
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Natural Language Processing (NLP)
and Text Mining

Raw text ‘

Sentence Segmentation

Tokenization

|
|
Part-of-Speech (POS) ‘
|

word’s stem word’s lemma
am = am am =2 be
having =2 hav  having = have

Stemming / Lemmatization

Dependency Parser ‘

|
|
|
|
| Stop word removal
|
|
|

String Metrics & Matching ‘
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Outline
* Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)



One-hot encoding

'The mouse ran up the clock’ =

The

N M IF — 0

mouse
ran
up
the
clock
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Word embedding

GloVe (trained on 6 billion words of text)

100-dimensional word vectors are projected down onto two dimensions

france
® ‘greece

erman
g s b/

car .
. bicycle
@ 5 )

etruck
1

I

nephew.
@
uncle
banana .,
.apple

|

|

niece
)

@
aunt

Source: Stuart Russell and Peter Norvig (2020), Artificial Intelligence: A Modern Approach, 4th Edition, Pearson
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Word Embedding model

answer the question “Ais to B as C is to [what]?”

A B
Athens Greece
Astana Kazakhstan
Angola kwanza
copper Cu

Microsoft Windows
New York New York Times
Berlusconi Silvio
Switzerland Swiss
Einstein scientist
brother sister
Chicago Illinois
possibly impossibly
mouse mice
easy easiest
walking walked

C

Oslo
Harare
Iran
gold
Google
Baltimore
Obama
Cambodia
Picasso
grandson
Stockton
ethical
dollar
lucky

swimming

D=C+ (B— A) Relationship

Norway
Zimbabwe
rial
Au
Android

Baltimore Sun

Barack
Cambodian
painter
granddaughter
California
unethical
dollars
luckiest
swam

Capital

Capital
Currency
Atomic Symbol
Operating System
Newspaper
First name
Nationality
Occupation
Family Relation
State

Negative

Plural
Superlative
Past tense
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man
.‘\\ woman
-*.
.~ = it b~
king “\;.
queen

/\>

Male-Female

Word embeddings

walked
- ’v.
o} swam
walking ,
/ O/
swimming
Verb Tense

Italy
Canada Spain ) @
@ @ ‘x ’
Turk;y .‘ .‘ Rome
Ottawa Madrid Germany
@ . )
Ankara .Ru331a .‘
Moscoz‘(//////// Japan
Vietnam O
() .’ China

¢ S 7
Tokyo .}

Hanoi

Beijing

Country-Capital

Source: https://developers.google.com/machine-learning/guides/text-classification/step-3
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Word embeddings

= [[0.236, -0.141, 0.000, 0.045],
the |1 I [0.006, 0.652, 0.270, -0.556],
T::’S“:;i 12,34 1 5 £ [0.305, 0.569, -0.028, 0.496],
Poak| | mouse | 2 [ Eh &S S ST o 10,421, 0,195, 40,058, 0.477),
& [0.236, -0.141, 0.000, 0.045],
ran | 3 o [0.844, -0.001, 0.763, 0.201]]
]
up 4 §
clock | 5 = [[0.236, -0.141, 0.000, 0.045],
The mouse o w236 e § | [0.006, 0.652, 0.270, -0.556],
randown| | down | 6 Pe - [0.305, 0.569, -0.028, 0.496],
= [0.466, -0.326, 0.884, 0.007]]
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part-of-speech (POS) tagging model

Feedforward

Class = PastTenseVerb

OutptIt Layer
HidderI Layer 2
HidderI Layer 1
Embefdding Embetdding Embetdding Embetdding Embetdding
lookup lookup lookup lookup lookup
Yestlrday thtey CIlt tlIe rotpe
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Universal Sentence Encoder (USE)

* The Universal Sentence Encoder
encodes text into high-dimensional vectors that
can be used for
text classification,
semantic similarity,
clustering and
other natural language tasks.

 The universal-sentence-encoder model is trained
with a deep averaging network (DAN) encoder.

https://tfhub.dev/google/universal-sentence-encoder/4 164
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Universal Sentence Encoder (USE)
Semantic Similarity

Semantic Textual Simlarity

. How old are you?
"How old are you?" 93,02, .
Wha s your age?
?u '
"hat 1s your age’ 9201 . -
My phone ls gOOd 0°9l 0'61 '“: Your celiphong looks great
' Y §
@

Source: https://tfhub.dev/google/universal-sentence-encoder/4
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Universal Sentence Encoder (USE)
Classification

Confidence s a question
(96%) "How old are you?

(9%) "What is your age?

Hon ola are you?”

"lhat 1 your age?”

y pone s gt (78] "Ny phone 15 good,"

Source: https://tfhub.dev/google/universal-sentence-encoder/4 166
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Universal Sentence Encoder (USE)

import tensorflow_hub as hub

embed = hub.Module ("https://tfhub.dev/google/"
"universal-sentence-encoder/1")

embedding = embed(]|
"The quick brown fox jumps over the lazy dog."])
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Multilingual
Universal Sentence Encoder
(MUSE)

import tensorflow_hub as hub

module = hub.Module ("https://tfhub.dev/google/"
"universal-sentence-encoder-multilingual/1")

multilingual_embeddings = module ([
"Hola Mundo!", "Bonjour le monde!", "Ciao mondo!"
"Hello World!", "Hallo Welt!", "Hallo Wereld!",

"R L, "TIpuser, Mup!", "!eIlatl L po"])
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTuniMgf2RkCrT

cO & python10lipynb

File Edit View Insert Runtime Tools Help All changes saved

B Comment 2% Share £ o

RAM I

= Table of contents o Wil v Disk mm— ~ | Ediing | A
o Text Clustering
semantic Analysisand Named  + Deep Learning and Universal Sentence-Embedding Models
- Entity Recognition (NER)
Semantic Analysis rvooB/SE
gy iy Recoantion— + Universal Sentence Encoder (USE)
Sentiment Analysis » Source: Universal Sentence Encoder: https://tfhub.dev/google/universal-sentence-encoder/4

Sentiment Analysis -
Unsupervised Lexical

[ 1] 1 import tensorflow as tf
Sentiment Analysis - 2 import tensorflow_hub as hub
Supervised Machine 3 import numpy as np
Learning 4 import pandas as pd
Sentiment Analysis - 5 import os
Supervised Deep Learning 6 import re
Models 7 import matplotlib.pyplot as plt
. . 8 import seaborn as sns
Sentiment Analysis - 9

Advanced Deep Learning

10 module_url = "https://tfhub.dev/google/universal-sentence-encoder/4"
Deep Learning and Universal 11 #"https://tfhub.dev/google/universal-sentence-encoder-large/5"
Sentence-Embedding Models 12 model = hub.load(module url)

13 int ("module %s loaded" % 1l 5
Universal Sentence Encoder BE-nt ( mo,“ S zodu’e )
(USE) 14 def embed(input):

15 return model (input)
Universal Sentence Encoder

Multilingual (USEM) [> module https://tfhub.dev/google/universal-sentence-encoder/4 loaded

Data Visualization

) a1 1 word = "Elephant"
Section 2 sentence = "I am a sentence for which I would like to get its embedding."

https://tinyurl.com/aintpupython101 169
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https://tinyurl.com/aintpupython101

Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTuniMgf2RkCrT

1.0
0.8
0.6

Semantic Textual Similarity

| like my phone

My phone is not good.

Your cellphone looks great.

Will it snow tomorrow?

Recently a lot of hurricanes have hit the US

Global warming is real

An apple a day, keeps the doctors away 0.4
Eating strawberries is healthy

Is paleo better than keto? -02
How old are you?
what is your age?

-0.0

?

?

| like my phone

My phone is not good

Your cellphone looks great
Will it show tomorrow

Global warming is real

Eating strawberries is healthy
Is paleo better than keto

How old are you?

what is your age?

Recently a lot of hurricanes have hit the US
An apple a day, keeps the doctors away

https://tinyurl.com/aintpupython101 170
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Outline
 Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
* State of the art (SOTA)
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RNN

Y \ ) Y3
I wz, y sz, y ‘ WZ»)-’
E— Z; E— Z, E— Z;
W W, W
e e e
X) X> X3
(b)
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Bidirectional RNN network
for POS tagging

Class = Class = Class = Class = Class =
Adverb Pronoun PastTenseVerb Determiner N(}un
Feedforward Feedforward Feedforward Feedforward Feedforward
} { } } {
| | | ] | ] | ] | ]

} { } } {
RNN |= RNN = RNN = RNN = RNN
A A A A A
RNN = RNN = RNN = RNN = RNN
| * | ’ | ’ | f | *
Embedding Embedding Embedding Embedding Embedding
lookup lookup lookup lookup lookup
Yesterday they cut the rope
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LSTM Recurrent Neural Network

one to one one to many many to one many to many many to many

Traditional Music Sentiment Name Machine
Neural Generation Classification Entity Translation
Network Recognition
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Outline
* Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)
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Sequence-to-Sequence

model
El hombre es alto <end>
f } } i }
Source | [Source | |Source | |Source| | Target | | Target | | Target | | Target | | Target
LSTM| [LSTM| [LSTM | [ LSTM | [LSTM | |LSTM | |LSTM| |LSTM | |LSTM
1 1 f f 1 f f 1 f
The man 1S tall <start> El hombre es alto
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Attentional Sequence-to-Sequence
model
for English-to-Spanish translation

Lta pu?rta
Target Target
Attentional Attentional
LSTM LSTM
//, 1 /7 \ 1
,  <start> " ‘\ La
4 4 1
Source|_|Source || Source [_[Source|_|Source
LSTM| |LSTM| |LSTM| |[LSTM| |[LSTM
The front door 18 red

(2)

Source: Stuart Russell and Peter Norvig (2020), Artific

front

door

1S

red

La puerta de entrada es roja

The -

(b)

ial Intelligence: A Modern Approach, 4th Edition, Pearson
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The Sequence to Sequence model (seq2seq)

ENCODER

D\ [ N\ (G
X +
dant
X X
o] o] [tanh | o]
)\ I /B

I

Are

I

you

free

|

tomorrow?

Incoming Email

( thought vector |

Reply
Yes, __  what's ___ up? <END>
AEALEAR?
o J ) J
<START>

DECODER
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Sequence to Sequence
(Seq2Seq)

13 ! = 7 & <end>

l l l l

e

gl
Encoder € |/ €4 ’ —_—] 62 |/ 63 |/ ( €4 \ —_— l € |/ | ©6
| ] —

Decoder do _ ds —— dz = da

| | l l
Knowledge IS power

Source: https://google.github.io/seq2seq/ 179



Outline
* Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)
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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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Transformer (Attention is All You Need)

(Vaswani et al., 2017)

Output
Probabilities
Linear
( )
Add & Norm
Feed
Forward
r ) Add & Norm
_ :
Add & Norm Muli-Hoad
Feed Attention
Forward ¥ N W) Nx
_k
Nix Add & Norm
f"' Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
. O ATHEASE.
—— J ——,
Positional D ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)
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Transformer

INPUT OUTPUT

THE
TRANSFORMER

[Je suis étudiant]—> —>[I am a student]

S S

_J

http://jalammar.github.io/illustrated-transformer/ 184
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Transformer
Encoder Decoder

OUTPUT[I am a student}

A

@ N O )

ENCODERS —> DECODERS
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Transformer

Encoder Decoder Stack

OUTPUT[I am a student]

*
| |
G \
ENCODER DECODER
L J
A A
4 )
ENCODER DECODER
L J
4 4
- )
ENCODER DECODER
L J
A A
4 )
ENCODER DECODER
L J
A L)
4 )
ENCODER DECODER
L J
4 4
4 )
ENCODER DECODER
L _J
N 1 v,
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

()

)
)

t

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

sformer
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Transformer
Decoder

DECODER 1
4 )
Feed Forward
ENCODER A _ _J
( L ) A
4 ) (" )
Feed Forward Encoder-Decoder Attention
\_ w, _ y
A — A
( o . N
Self-Attention Self-Attention
\8 J, . y

T 1

http://jalammar.github.io/illustrated-transformer/ 188
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Transformer
Encoder with Tensors
Word Embeddings

EEEEEEE A
1

f( j
t t t
LT 1] 2 [ T] LT T T]
t t t
\[ ))

étudiant
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Transformer
Self-Attention Visualization

Layer:| 5 4| Attention:| Input - Input 3|

E

The_ The_
animal_ animal_
didn_ didn_
= L
Cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ N it
was_ was_
too_ too_
tire tire

d d

http://jalammar.github.io/illustrated-transformer/ 190
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Transformer
Positional Encoding Vectors

C ENCODER #1 ' ' ' DECODER #1

1 1 |

C ENCODER #0

N T T

DECODER #0

EMBEDDING
WITH TIME
SIGNAL x| | | [ | xe[ ] [ || xs [ [ ]
POSITIONAL ] L[] to 1]
+ + +
EMBEDDINGS  x; [ [ x. [ x; [N
INPUT Je suis étudiant

http://jalammar.github.io/illustrated-transformer/ 191
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Transformer
Self-Attention Softmax Output

Input Thinking Machines
Embedding X1 |:|:|:|:| X2 |:|:|:|:|
Queries q1 D:l:] q2 |:D:|
Keys ki [T ke O
Values V1 D:D V2 [Dj
Score gie ki=112 qi * k2 =9€

Divide by 8 (Vd; ) 14 12

Softmax .88 J. 12
Softmax
X vi [T V2
Value
Sum z LT z [T

http://jalammar.github.io/illustrated-transformer/ 192
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Outline
* Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)
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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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lllustrated BERT

1 - Semi-supervised training on large amounts
of text (books, wikipedia..etc).

The model is trained on a certain task that enables it to grasp
patterns in language. By the end of the training process,

BERT has language-processing abilities capable of empowering
many models we later need to build and train in a supervised way.

Semi-supervised Learning Step

’——————_

N\

| [—
o o |I

I Model:

I Dataset:

WIKIPEDIA |
Dic freie Enzyklopidie
Predict the masked word

Objective: (langauge modeling) ,

N\

2 - Supervised training on a specific task with a
labeled dataset.

Supervised Learning Step

1 75% | Spam \
' Classifier >

J 25% | Not Spam
[SS—
I Model: ®_ o

(pre-trained

I in step #1) O/ BERT
I

A

J

I Email message Class

Buy these pills Spam

I Dataset: Win cash prizes Spam
Dear Mr. Atreides, please find attached... Not Spam

\ /

‘______—

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

Input

Features

|

Help Prince Mayuko Transfer
Huge Inheritance

|-

BERT

R

Classifier
(Feed-forward
neural network +
softmax)

Output

Prediction

85% Spam

\___

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

>
15%  Not Spam
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BERT Encoder Input

12 ( ENCODER )

XX
[ A
2 ENCODER
\ J
] I I I I
(" R
1 ENCODER
\ J
| | | | I
1 ‘ 2| 3| 4 0o 512
[CLS]  Help Prince Mayuko
BERT

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

86% Spam

15% Not Spam

!

Classifier
(Feed-forward neural network + softmax)

—1I
( )

BERT

. J

TR

[CLS] Help  Prince Mayuko

Source: Jay Alammar (2019), The Illustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning),
http://jalammar.github.io/illustrated-bert/ 199
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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 200



A Visual Guide to
Using BERT for the First Time

(Jay Alammar, 2019)
= v!suglly stunnm% That’s a positive thing to say
rumination on love
Reviewer #1
4-\
o o

YT

[“reassembled from the cutting room}

floor of any given daytime soap” That’s negative

Reviewer #2

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 201
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Sentiment Classification: SST2
Sentences from movie reviews

sentence label

a stirring , funny and finally transporting re imagining of beauty and the beast

and 1930s horror films 1
apparently reassembled from the cutting room floor of any given daytime soap 0
they presume their audience won't sit still for a sociology lesson 0
this is a visually stunning rumination on love , memory, history and the war 1
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern 1

office anomie films

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 202
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Movie Review Sentiment Classifier

— positive

“a visually stunning Movie Review
rumination on love” Sentiment Classifier

= J

203
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Movie Review Sentiment Classifier

Movie Review Sentiment Classifier

|

“a visually stunning

rumination on love”

]_.

ff DIStIBERT

.

K Logistic

Regression

—~ o

\\

)

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

— positive
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Movie Review Sentiment Classifier
Model Training

Movie Review Sentiment Classifier

ff DistilBERT \ f Logistic \\

Regression

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

205
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Step # 1 Use distilBERT to
Generate Sentence Embeddings

Step #1: Use DistiBERT to embed all the sentences

Sentence

a stirring , funny and finally
0 [transporting re imagining of
beauty and the beast and 19305

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

the movie is undone by a
1,999 |filmmaking methodology that 's
just experimental enough

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

label

[ DistiBERT \

Already (pre-Jtrained

L]
D

o
_

—

0 | -0.215 -0.1402

1 |-0.172 | -0.144

1,999| 0.124

Sentence Embeddings

|

0.014

167

0.201

0.371

0.274

label
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PRI

Step #2:Test/Train Split for

Model #2, Logistic Regression

Sentence Embeddings label

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

Sentence Embeddings

0
o e el - (%] -0.215
-0.215 |-0.1402 0.201 1
1
2
3
Training set .
75% of examples
5
>
6
1,499
Testing set 0
25% of examples
1,500
0.124 | 0.014 0.274 1 \

1
-0.1402

!

1,999 | 0.124 | 0.014

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

-

-

767
0.201

Sentence Embeddings

767

0.274

label

label

1
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Step #3 Train the logistic regression
model using the training set

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

Sentence Embeddings label
0 1 - 767
0 |-0.215(-0.1402| .. 0.201 | 1
1 | | Model f Logistic \
2 | Training Regression
: /‘\
| O,
| Nl
6
1,499 k J

208
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Tokenization

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

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

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

DistilBertTokenizer .

TZ) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

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

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)

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

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 .

TZ) Add [CLS] and [SEP] tokens

a visually stunning rum ##ination on love

T 1) Break words into tokens

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

T Tokenize

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

DistiBERT

—
e o

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

101 1037 17453 14726 19379 12758 2006 2293 102

T 3) substitute tokens with their ids
Tokenization

PistilBertTokenizer . [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”

211

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



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

Flowing Through DistilBERT
(768 features)

768

Number of hidden
units
Model ‘ | ‘ ‘
Outputs |
DistiiBERT
—

Model 101 1037 17453 14726 19379 12758 2006 2293 102
Input

[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

>

85% 1 (positive) (positive)

1

Logistic Regression

@ o

Model #2

Model #2 Input
Model #1 Output I:Dj

r t 1t 1 1 1t t f

DistilBERT

—

Model #1 a

' |
YT

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

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

Class
Label
—
(e [ )
BERT
= Ex E E
A =
[CLS] Tok 1 Tok 2 Tok N

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

0 (negative) Model #2 Output

> 1

':'é'il_'_rnljz;,"‘;‘.‘: 1 ( poSs itive ) (pOS |t|Ve)

Logistic Regression
Model #2 ' an

1

Model #2 Input
Model #1 Output

Source :Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,
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Logistic Regression Model to

classify Class vector

|

“a visually stunning
rumination on love”

]_,

f DistiiBERT

4

=
1
K

Regression

«

K Logistic \\

ol

=,

http://jalammar.github.io/a-visual-guide-to-using

-bert-for-the-first-time

/
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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
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Tokenization

tokenized = df[0].apply((lambda x: tokenizer.encode(x,
add special tokens=True)))

Raw Dataset Sequences of Token IDs

0

a stirring , funny and finally transporting re... [101, 1037, 18385, 1010, 6057, 1998, 2633, 182...
Tokenize (101, 4593, 2128, 27241, 23931, 2013, :1996,. 62...

[101; 2027; 3653; 23545; 2037; ‘4378 .24185; .10
they presume their audience wo n't sit still f... —_— [101, 2023, 2003, 1037, 17453, 14726, 19379, 1...

this is a visually stunning rumination on love... [101, 5655, 6262, 1005, 1055, 12075, 2571, 376...

apparently reassembled from the cutting room f...

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

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

input i1ds = torch.tensor(np.array(padded))
last hidden states = model(input 1ids)

Raw text dataset

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 bartieby should have been t...

=

Tokenized input

tensor
: y ) o DistiiBERT
[} 101 1037 (] ey,
1 101 2027 (] v
— ~ 1 — O
- . . . W
1,999 101 1996 (%] % Q

D

\=

=N

v

y

BERT Output
Tensor/predictions

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

last_hidden_states[0]
BERT Output Tensor/predictions

66
Tokens 1n each seqguence

2,000
Output rows
(one per
sequence)

768
Number of hidden
unlits
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Sentence to last_hidden_state[0]

input_ids last_hidden_states[0]
0 1 66 r—\
o 101 1037 .. 0 DistiiBERT
1 —
-——> L N -—}
1,999 k\\\i\j l//@
Batch

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

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

101 1037 17453 14726 19379 12758 2006 2293 102 0
[cLs] a visually stunning rum ##ination on love [SEP] PAD
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()

last_hidden_states[0]
BERT Qutput Tensor/predictions

66
Positions/tokens in each sequence

0.201

-0.1402

-8.215

2,000
Output rows
(one per
sequence)
0.124 768
Number of hidden
units

only the first position: [CLS]

f
last_hidden_states[0][:,0,:]

/N

all hidden

all sentences unit outputs

0
2,000 1
Qutput rows

(one per
sequence)

1,999

[CLS]
0 1 - 65
Position

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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The tensor sliced from BERT's output
Sentence Embeddings

Sentence Embeddings label
0 1 — 767

0 -0.215 | -0.1402 —= 0.201 1

2,000
Qutput rows
(one per
sequence)

2,000 4

Qutput rows
Is the same as (one per 5

@\3& > sequence)

1,999

1,999 0.124 0.014 - 0.274 1

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Dataset for Logistic Regression
(768 Features)

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

features
0 1 - 767 label
(%] 1
1 0
1,999 1

Source: Jay Alammar (2019), A Visual Guide to Using BERT for the First Time,

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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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
! g — 0 0.215 [-0.1402 0.201
Training set ‘
"7 . . 4
75% of examples
ﬁ 3
6
1,499
- Sentence Embeddings label
Testing set 0 1 767
1,500
1,999 | 0.124 | 0.014 0.274

,,,,,

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

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/
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Sentiment Classification: SST2
Sentences from movie reviews

sentence label

a stirring , funny and finally transporting re imagining of beauty and the beast

and 1930s horror films 1
apparently reassembled from the cutting room floor of any given daytime soap 0
they presume their audience won't sit still for a sociology lesson 0
this is a visually stunning rumination on love , memory, history and the war 1
between art and commerce

jonathan parker 's bartleby should have been the be all end all of the modern 1

office anomie films

http://jalammar.github.io/a-visual-guide-to-using-bert-for-the-first-time/ 228
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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 & Sae W
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 s )
e g That’s a positive thing to say
rumination on love
Reviewer #1
—
® o

LY

“reassembled from the cutting room

floor of any given daytime soap” That’s negative

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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Outline
 Word Embeddings

 Recurrent Neural Networks for NLP
* Sequence-to-Sequence Models
* The Transformer Architecture

* Pretraining and Transfer Learning
e State of the art (SOTA)
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LMSYS Chatbot Arena Leaderboard G

CEX TN, ]

National Taipel University

Rank*x (UB) » ?:ztlectrl) 4+ Model A 223:: 4 95% CI +~ Votes 4 Organization License A
1 2 Gemini-Exp-1121 1365 +8/-6 5625 Google Proprietary
GPT-40 (4 ChatoPT:de-latest (2024:11:20) 1361 +4/-5 10658 OpenAL  Proprictary |
o o S R SN N R S R SN NN NN SN N NN SN RN SN NN RN SN N BN SN N BN SN NN SN NN N SN NN BN SN N BN SN RN SN SN NN SN N NN SN N SN SN R SN NN R SN NN NN SN N BN SN N BN SN NN SN SN N SN N NN SN N S
3 5 Gemini-Exp-1114 1344 +4/-5 12778 Google Proprietary
4 2 0l-preview 1334 +4/-4 27835 OpenAI Proprietary
5 7 ol-mini 1308 +3/-4 31992 OpenAI Proprietary
5 5 Gemini-1.5:-Pro-002 1301 +5/-3 27336 Google Proprietary
7 10 Grok-2-08-13 1289 +4/-3 52102 xAI Proprietary
7 12 Yi-Lightning 1287 +4/-3 29336 01 AI Proprietary
7 5 GPT-40-2024-05-13 1285 +2/-2 111745 OpenAI Proprietary
Claude 3.5 | "s"""'"Z""""'cEa'uEe'S.'s's'o'mTeTCz._.EzZ.Z@TzE""158'2""'147.'3""'23&,2""Z&FIZE;"'FIEEIZ&Z&"‘:
ST e T T T T T T T T T T T T AthenevaChatoT2h o aZ7a Tiele a4 NexusFlow | NexusFlow
1 18 GLM-4-Plus 1274 +5/-4 28133 Zhipu AI Proprietary
11 19 GPT-40-mini-2024-07-18 1273 +3/-3 51690 OpenAl Proprietary
11 20 Gemini-1.5-Flash-002 1271 +4/-4 21071 Google Proprietary
11 27 Llama-3.1-Nemotron-70B-Instruct 1269 +5/-6 7270 Nvidia Llama 3.1
11 7 Claude. 3.5.50nnet.. (20240620). 1268 +2/-3 86632 Anthropic Proprietary

https://Imarena.ai/ 231
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Large Language Models (LLMs)
Artificial Analysis Quality Index
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NLP with Transformers Github Notebooks

Running on a cloud platform

OREILLY’

To run these notebooks on a cloud platform, just click on one of the badges in the table below:

N atu ra ' La n g u a g e Chapter Colab Kaggle Gradient Studio Lab
P . -th Introduction
roceSSI ng Wl Text Classification
Tra nSfO rl I |ers Transformer Anatomy < open_ Studio Lab
Buiding Language Applications Mulilingual Named Entity
with Hugging Face Recognition
Text Generation
Summarization
Question Answering
ifkino ensromner=tincieatin
Production
Dealing with Few to No Labels
Training Transformers from Scratch
N Future Directions
’
Leandro von Werra ' o '
& Thomas Wolf Nowadays, the GPUs on Colab tend to be K80s (which have limited memory), so we recommend using Kaggle,
Gradient, or SageMaker Studio Lab. These platforms tend to provide more performant GPUs like P100s, all for
free!

https://github.com/nlp-with-transformers/notebooks 533
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Hugging Face Tasks
Natural Language Processing

Text
Classification

3345 models

D

Summarization

323 models

0O cp O
Do 29
Token Question
Classification Answering
1492 models 1140 models

»

Text Generation Fill-Mask

3959 models 2453 models

https://huggingface.co/tasks

Xp

Translation

1467 models

~l0

Sentence
Similarity

352 models
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Python in Google Colab (Python101)

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTuniMgf2RkCrT

& python101.ipynb

File Edit View Insert R:r;;time Tools Help ~All changes saved NLP With TranSfo rmers B comment 2 shae & (@)

RAM

Table of contents O X * Code = Text V' Disk mm v 4 Editing A
~ Natural Language Processing with Transformers PV eoB /P W

Natural Language Processing

with Transformers
 Source: Lewis Tunstall, Leandro von Werra, and Thomas Wolf (2022), Natural Language Processing with Transformers: Building Language

Applications with Hugging Face, O'Reilly Media.
« Github: https:/github.com/nlp-with-transformers/notebooks

Text Clssification

Named Entity Recognition

Question Answering

Summarization v B !git clone https://github.com/nlp-with-transformers/notebooks.git
$cd notebooks
from install import *

install_requirements()

Translation

=W N -

Text Generation

Al in Finance

S
©
e

from utils import *
setup_chapter()

Normative Finance and
Financial Theories

N

Uncertainty and Risk

J Utility Th ¥ [12] 1 text = """Dear Amazon, last week I ordered an Optimus Prime action figure \

fég?;te Utility Theory 2 from your online store in Germany. Unfortunately, when I opened the package, \
3 I discovered to my horror that I had been sent an action figure of Megatron \

Mean-Variance Portfolio 4 instead! As a lifelong enemy of the Decepticons, I hope you can understand my \
Theory (MVPT) 5 dilemma. To resolve the issue, I demand an exchange of Megatron for the \
Capital Asset Pricing 6 Optimus Prime figure I ordered. Enclosed are copies of my records concerning \
Model (CAPM) 7 this purchase. I expect to hear from you soon. Sincerely, Bumblebee.
Arbitrage Pricing Theory
(4PT) ~ Text Clssification

Data Driven Finance

Financial Econometrics and

Regression v I[13] 1 from transformers import pipeline

2 classifier = pipeline("text-classification")
Data Availability

Normative Theories Revisited [14] 1 import pandas as pd

Mean-Variance Portfolio 2 outputs = classifier(text)
Theory 3 pd.DataFrame(outputs)

https://tinyurl.com/aintpupython101 235
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NLP with Transformers

'git clone https://github.com/nlp-with-transformers/notebooks.git
3cd notebooks
from install import *

install requirements ()

from utils import *
setup chapter ()

https://github.com/nlp-with-transformers/notebooks 236



https://github.com/nlp-with-transformers/notebooks

Text Classification

text = """Dear Amazon, last week I ordered an Optimus Prime action figure \
from your online store in Germany. Unfortunately, when I opened the package, \
I discovered to my horror that I had been sent an action figure of Megatron \
instead! As a lifelong enemy of the Decepticons, I hope you can understand my \
dilemma. To resolve the issue, I demand an exchange of Megatron for the \
Optimus Prime figure I ordered. Enclosed are copies of my records concerning \
this purchase. I expect to hear from you soon. Sincerely, Bumblebee.'"""

https://github.com/nlp-with-transformers/notebooks 237
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Text Classification

text = """Dear Amazon, last week I ordered an Optimus Prime action figure \
from your online store in Germany. Unfortunately, when I opened the package, \
I discovered to my horror that I had been sent an action figure of Megatron \
instead! As a lifelong enemy of the Decepticons, I hope you can understand my \
dilemma. To resolve the issue, I demand an exchange of Megatron for the \
Optimus Prime figure I ordered. Enclosed are copies of my records concerning \
this purchase. I expect to hear from you soon. Sincerely, Bumblebee."""

from transformers import pipeline
classifier = pipeline("text-classification")
import pandas as pd

outputs = classifier (text)
pd.DataFrame (outputs)

label score
0 NEGATIVE 0.901546

https://github.com/nlp-with-transformers/notebooks
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Text Classification

from transformers import pipeline
classifier = pipeline("text-classification")

import pandas as pd
outputs = classifier (text)
pd.DataFrame (outputs)

label score
0 NEGATIVE 0.901546

https://github.com/nlp-with-transformers/notebooks 239
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Named Entity Recognition

ner tagger = pipeline("ner", aggregation strategy="simple")

outputs = ner tagger (text)

pd.DataFrame (outputs)

entity_group

0 ORG
1 MISC
2 LOC
3 MISC
4 PER
5 ORG
6 MISC
7 MISC
8 MISC

9 PER

score

0.879010

0.990859

0.999755

0.556570

0.590256

0.669692

0.498349

0.775362

0.987854

0.812096

word start

Amazon
Optimus Prime
Germany
Mega

##tron

Decept
##icons
Megatron
Optimus Prime

Bumblebee

5
36
90

208
212
253
259
350
367

502

https://github.com/nlp-with-transformers/notebooks

end

11

49

97

212

216

259

264

358

380

511
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Question Answering

reader = pipeline('"question-answering")

question = "What does the customer want?"
outputs = reader (question=question, context=text)
pd.DataFrame ( [outputs])

score start end answer
0 0.631292 335 358 an exchange of Megatron

https://github.com/nlp-with-transformers/notebooks 241
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Summarization

summarizer = pipeline("summarization")
outputs = summarizer (text, max length=45, clean up tokenization spaces=True)
print (outputs[0] [ 'summary text'])

Bumblebee ordered an Optimus Prime action figure
from your online store in Germany. Unfortunately,
when I opened the package, I discovered to my horror
that I had been sent an action figure of Megatron
instead.

https://github.com/nlp-with-transformers/notebooks 242
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Text Summarization

text = """Dear Amazon, last week I ordered an Optimus Prime action figure \
from your online store in Germany. Unfortunately, when I opened the package, \
I discovered to my horror that I had been sent an action figure of Megatron \
instead! As a lifelong enemy of the Decepticons, I hope you can understand my \
dilemma. To resolve the issue, I demand an exchange of Megatron for the \
Optimus Prime figure I ordered. Enclosed are copies of my records concerning \
this purchase. I expect to hear from you soon. Sincerely, Bumblebee.'"""

from transformers import pipeline

summarizer = pipeline("summarization")

outputs = summarizer (text, max length=45, clean up tokenization spaces=True)
print (outputs[0] [ 'summary text'])

Bumblebee ordered an Optimus Prime action figure from your
online store in Germany. Unfortunately, when I opened the
package, I discovered to my horror that I had been sent an
action figure of Megatron instead.

https://tinyurl.com/aintpupython101 243
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Translation

translator = pipeline("translation en to de",
model="Helsinki- NLP/opus -mt-en-de")

outputs = translator (text, clean up tokenization spaces=True, m1n_length=100)
print (outputs[0] ['translation text'])

Sehr geehrter Amazon, letzte Woche habe ich eine Optimus Prime Action Figur aus
Ihrem Online-Shop in Deutschland bestellt. Leider, als ich das Paket offnete,
entdeckte ich zu meinem Entsetzen, dass ich stattdessen eine Action Figur von
Megatron geschickt worden war! Als lebenslanger Feind der Decepticons, Ich
hoffe, Sie konnen mein Dilemma verstehen. Um das Problem zu ldsen, Ich fordere

einen Austausch von Megatron fur die Optimus Prime Figur habe ich bestellt.
Anbei sind Kopien meiner Aufzeichnungen uber diesen Kauf. Ich erwarte, bald von

Ihnen zu horen. Aufrichtig, Bumblebee.
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Text Generation

from transformers import set seed
set seed(42) # Set the seed to get reproducible results

generator = pipeline ("text-generation")
response = '"Dear Bumblebee, I am sorry to hear that your order was mixed up."

prompt = text + "\n\nCustomer service response:\n" + response
outputs = generator (prompt, max length=200)
print (outputs[0] [ 'generated text'])

Customer service response:

Dear Bumblebee, I am sorry to hear that your order was mixed up. The
order was completely mislabeled, which is very common in our online
store, but I can appreciate it because it was my understanding from this
site and our customer service of the previous day that your order was
not made correct in our mind and that we are in a process of resolving
this matter. We can assure you that your order

https://github.com/nlp-with-transformers/notebooks 245
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Text Generation

Dear Amazon, last week I ordered an Optimus Prime action figure from
your online store in Germany. Unfortunately, when I opened the package,
I discovered to my horror that I had been sent an action figure of
Megatron instead! As a lifelong enemy of the Decepticons, I hope you can
understand my dilemma. To resolve the issue, I demand an exchange of
Megatron for the Optimus Prime figure I ordered. Enclosed are copies of
my records concerning this purchase. I expect to hear from you soon.
Sincerely, Bumblebee.

Customer service response:

Dear Bumblebee, I am sorry to hear that your order was mixed up. The
order was completely mislabeled, which is very common in our online
store, but I can appreciate it because it was my understanding from this
site and our customer service of the previous day that your order was
not made correct in our mind and that we are in a process of resolving
this matter. We can assure you that your order

https://github.com/nlp-with-transformers/notebooks 246
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Question Answering

'pip install transformers

from transformers import pipeline

gamodel = pipeline ("question-answering'")

question = "Where do I live?"

context = "My name is Michael and I live in Taipei."
gamodel (question = question, context = context)

{'answer': 'Taipei', 'end': 39, 'score': 0.9730741381645203, 'start': 33}

https://tinyurl.com/aintpupython101 247
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Question Answering

from transformers import pipeline
gamodel = pipeline ("question-answering", model ='deepset/roberta-base-squad2')

question = "Where do I live?"
context = "My name is Michael and I live in Taipei."

output = gamodel (question = question, context = context)
print (output|['answer’])

Taipeil

248
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Text Generation with LLM (zephyr-7b-beta)

# Install transformers from source - only needed for versions <= v4.34
'pip install git+https://github.com/huggingface/transformers.git
'pip install accelerate

https://huggingface.co/HuggingFaceH4/zephyr-7b-beta 249
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Text Generation with LLM

import torch
from transformers 1mport pipeline

plpe = plpeliline ("text-generation",
model="HuggingFaceH4/zephyr-7b-beta",
torch dtype=torch.bfloatlo,

device map="auto")

https://huggingface.co/HuggingFaceH4/zephyr-7b-beta 250
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Text Generation with LLM

# We use the tokenizer's chat template to format each message - see
https://huggingface.co/docs/transformers/main/en/chat templating
messages = |

{

"role": "system",

" w. w . . . "
content": You are a friendly chatbot who always responds in the style of a pirate ,

I

{ "]fOle" & "User" / "CO].’ltel’lt" & "How many helicopters can a human eat in one sitting? " } /

]
prompt = pipe.tokenlzer.apply chat template (messages,

tokenize=False, add generation prompt=True)

outputs = pilpe (prompt, max new tokens=250,
do sample=True, temperature=0.7, top k=50, top p=0.95)
print (outputs[0] ["generated text"])

https://huggingface.co/HuggingFaceH4/zephyr-7b-beta
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Text Generation with LLM

import torch
from transformers import pipeline

pipe = pipeline ("text—-generation", model="HuggingFaceH4/zephyr-T7b-beta",
torch dtype=torch.bfloatl6, device map="auto")

# We use the tokenizer's chat template to format each message - see
https://huggingface.co/docs/transformers/main/en/chat templating

messages = |

{

"role": "system",

"content": "vou are a friendly chatbot who always responds in the style of a pirate",

I

1] " . 1] 1] 1] "o, 1] , o 1]
{ rOle . user / CO].’lte].’lt . How many helicopters can a human eat in one sitting? } /

]
prompt = pipe.tokenizer.apply chat template (messages, tokenize=False,
add generation prompt=True)
outguts = pipe?prompt, max new_ tokens=256, do sample=True, temperature=0.7,
top k=50, top p=0.95)
print (outputs[0] ["generated text"])

https://huggingface.co/HuggingFaceH4/zephyr-7b-beta 252
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