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What is generative Al?

Expert System
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What is generative Al?

1 SVC with linear kerne!

©

sepal width (cm)

sepal length {cm)
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What is generative Al?
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What is generative Al?
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:Unsupen/ised vs Supervised learning
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Supervised learning
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Unsupervised learning

Inference

_t Model training .0 @ .’
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Unlabeled data Test input
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Towards generalized world models

From 2019 there is a trend of unsupervised deep models

They can create internal representations of underlying data structures
Feed the model enough data and you have a world model

Which create a fertile ground for the next big thing...

Institut national de I'information géographique et forestiére
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Generative Al!
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A few examples of generative Al

Text: ChatGPT, LLaMa, Claude, etc.

Images: Midjourney, Craiyon, Dalle, StableDiffusion, etc.
Vidéos: Sora, StableVideo, Runway, Veo2, HunyuanVideo
Voice: TorToiSe, RVC

3D models: DreamFusion, StableZero123

We’ll mostly focus on text since it has the most applications

Institut national de I'information géographique et forestiére 15
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Short history of language modeling

Four major approaches:

Statistical language models (71948-present)
Neural language models (2003-present)
Pre-trained language models (2017-present)
Large Language Models (2020-present)
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Statistical language models (SLMs) (1948-present)

In 1950 Claude Shannon theorized the application of
information theory to language. He measured how a
simple n-gram model predict / compress language.

Example of SLMs: N-gram, bag-of-words
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Statistical language models (SLMs) (1948-present)

Bag-of-Word models (BoW)

A fundamental piece of NLP for
classifying natural language

It provides an answer to a simple question:
How to turn text to data matrices?
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Example: a 1-gram Bag-of-Word models (BoW)

Corpus of “documents”
It was the best of times,

it was the worst of times,

it was the age of wisdom,

it was the age of foolishness,

Vocabulary (unique words)
“t” “‘was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”
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Example: a 1-gram Bag-of-Word models (BoW)

Corpus of “documents”
It was the best of times,

it was the worst of times,

it was the age of wisdom,

it was the age of foolishness,

Vocabulary (unique words)

“1t” “‘was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Fixed size
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Example: a 1-gram Bag-of-Word models (BoW)

Corpus of “documents”
It was the best of times,

it was the worst of times,

it was the age of wisdom,

it was the age of foolishness,

Vocabulary (unique words)

“1t” “‘was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Vectors

[1,1,1,1,1,1,0,0,0, 0] Fixed size
[1,1,1,0,1,1,1,0,0,0] Order not preserved
[1,1,1,0,1,0,0,1,1, 0]

[1,1,1,0,1,0,0,1,0, 1]
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Example: a 1-gram Bag-of-Word models (BoW)

Corpus of “documents”
It was the best of times,

it was the worst of times,

it was the age of wisdom,

it was the age of foolishness,

Vocabulary (unique words)

“1t” “‘was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Fixed size
Order not preserved
Sparse representation
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Example: a 1-gram Bag-of-Word models (BoW)

Corpus of “documents”
It was the best of times,

it was the worst of times,

it was the age of wisdom,

it was the age of foolishness,

Vocabulary (unique words)
“1t” “‘was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Vectors

[1,1,1,1,1,1,0,0,0, 0] Fixed size
[1,1,1,0,1,1,1,0,0, 0] Order not preserved
[1,1,1,0,1,0,0,1, 1, 0] Sparse representation
[1,1,1,0,1,0,0,1,0,1] Limited vocabulary
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Statistical language models (SLMs) (1948-present)

Markov chains are the dominating form of SLMs

Used for many tasks (speech recognition, translation, etc.), specifically in low
resources scenarios (automotive, alexa, rare languages, etc.)




Neural Language Models (NLMs) (2003-present)

Early NLM are task specific (sentiment analysis,
translation, etc.)

one task = one specific model
=> new architecture, new dataset and new training

NLMs map words to embeddings vectors

Example of NLMs architectures: Word2Vec, GloVe, efc.
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What is an embedding ?

Embedding: n dimension semantic vector
Semantic similarity = distance between embeddings
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What is an embedding ?
Meanings are also encoded in the embedding latent space

Italy
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i ! ) swan v Russia|
king | g valking » " Ankara o,
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O = o~ ) = Moscou _-_--"':' Japan
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Male-Female Verb Tense Country-Capital

This allows for “word maths” !

M . King — M Man + ® Woman

Institut national de I'information géographique et forestiére 29
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What is an embedding ?
Meanings are also encoded in the embedding latent space

Italy
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O = o~ ) = Moscou _-_--"':' Japan
_ ~ Bl e Yietnan
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»
el
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Male-Female Verb Tense Country-Capital

This allows for “word maths” !

M L King— ™ Man +  Woman = %/ Queen
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Let’s play with embedding with Pimantle

Pimantic #1058 v



https://semantle.pimanrul.es/

IGN oecheie

L

Hands on learning: let’s build a NLM
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Pre-trained language models (PLMs) (2017 - present)

PLMs are task agnostic but require fine-tuning for
a specific goal

The usual process is as follows:
1. pre-training: someone trains and shares a
model
2. fine tuning: you re train the model on your
specific use case

Example of PLMs: Bert, Roberta, Camembert, eftc.
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lll. Large Language Models (LLMs)
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Large Language Models (LLMs) (2020 - present)

LLM are task agnostic without fine tuning

Large models with many parameters
(we’ll see how many later)

Strong language understanding due to their size

They @most) all share a common architecture:
The Transformer 3
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A short list of Large Language Models

e OpenAl: GPT2, Chat-GPT3.5, Chat-GPT4
 Google: Bert, Chinchilla, Bard, Gemini, Gemma
e Meta: LLaMa, LLaMa2, LLaMa3

* Microsoft: Orca, Phi, Phi2

e X: Grok

 Anthropic: Claude

e MistralAl: Mistral, Mixtral

 Google: Gemma, Gemini

e Qwen: Qwen

« HuggingFace: Zephyr

m Open Source

Institut national de I'information géographique et forestiére
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llLA How does a LLM generates text?
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Input text 4

— Ouput text
.
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Input text
Probabilities of
> Tokens

tokenisation appearance
I===== ’lembedding sampling l
I
I
! Semantic Next token
: Vector |
I
[ inference | »  Ouput text
I o o o o o e o o o o o o e - , recursion
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Input text
Probabilities of
> Tokens
tokenisation appearance

' I===== ’lembedding sampling l
1
I [l
' Semantic Next token
1
" Vector |
1
[ inference | »  Ouput text
I o o o o o o e e e e e Moo , recursion
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How does tokenization work ? [=]5%

Input text is divided into tokens. One token = a word or word piece

Differents approaches:
BytePairEncoding, WordPieceEncoding, SentencePieceEncoding, etc.

Tokens Characters

9 32

Say 'hello' to my little friend!

[25515, 705, 31373, 6, 284, 616, 1310, 1545, 0]

4 tokens = 3 words
1000 tokens = 1 page

https://platform.openai.com/tokenizer

Institut national de I'information géographique et forestiére 42
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How does tokenization work ? (=] &
Tokenization works best in English due to language imbalance in training data

This trickles down to a global performance bias in English

Tokens Characters Tokens Characters
Dis 'bonjour' a mon petit ami! Say 'hello' to my little friend!
[7279, 705, 4189, 73, 454, 6, 28141, 937, [25515, 705, 31373, 6, 284, 616, 1310, 1545, 0]
4273, 270, 716, 72, 0]
French English

https://platform.openai.com/tokenizer

Institut national de I'information géographique et forestiére 43
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How does tokenization work ?

Try to guess the number of tokens in these examples:

e Hello darkness my old friend

o 1234356

o ‘7 9OOOOOH9O9H999 11tokens!

Institut national de I'information géographique et forestiére
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Exemple de tokenisation

R 8921

Roses are red, violets oses 74672
\ are 81868

Roses are red, violets red 2428

’ 272

Vio 22117

lets 282

Institut national de Finformation géographique et forestiére a5
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Input text
Probabilities of
> Tokens
tokenisation appearance
I===--- ’lembedding sampling l
1
I [l
' Semantic Next token
1
" Vector |
1
[ inference | »  Ouput text
I o o o o o o e e e e e Moo , recursion
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Example: Embedding of Roses are red, violets

Tokenisation

R —>
oses —»
are —>»
red —»
; —
Vio —

lets
—

=GN oecnene

8921

74672

81868

2428

272

22117

282

Embedding

—>

_>

-1.565 1.565 1.232
0.489 0.459 -1.687
1.232 1.101 -1.772
1.219 0.121 -0.617
0.759 -1.325 1.755
-0.189 0.459 1.687
0.689 0.978 1.013

Institut national de I'information géographique et forestiére
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Input text
- Tokens Probabilities of

tokenisation appearance
I====- ’lembedding sampling l
|
|
! Semantic Next token
: Vector
: | »  Ouput text
L e __ & _____ 1 recursion
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Let’s go back to our Word2Vec model

In our Word2Vec model, we used:
- Ainput layer of size len(vocabulary)
- One hidden layer of size 300
- Aoutput layer of size len(vocabulary)

If len(vocabulary) = 1000. Can you guess
how many parameters we have in total
(weights and biases) ?

Input layer

olololololelelololo

Hidden layer
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Let’s go back to our Word2Vec model

In our Word2Vec model, we used:
- Ainput layer of size len(vocabulary)
- One hidden layer of size 300
- Aoutput layer of size len(vocabulary)

If len(vocabulary) = 1000. Can you guess

how many parameters we have in total
(weights and biases) ?

601,300

Input layer

e
-

o
e

=)
o/

ololootolo

Hidden layer
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Let’s compare itto a LLM

Input layer size?

Number of hidden layers?
Output layer size?

Total parameter count ?
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Let’s compare itto a LLM

Input layer size? 16k to 128k tokens

Number of hidden layers? ~80

Output layer size? len(dictionary)

Total parameter count ? 7B to 405B (or more)

LLMs parameter count directly correlates with capabilities!
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Example with the Gopher model family

Model Layers | Number Heads Key/Value Size| d;,cqe1 | Max LR  Batch Size
44M 8 16 32 512 6x 104 0.25M
117M 12 12 64 768 6x 1074 0.25M
417M 12 12 128 1,536 | 2x104 0.25M
1.4B 24 16 128 2,048 | 2x10°* 0.25M
7.1B 32 32 128 4,096 |1.2x10°4 2M

Gopher 280B 80 128 128 16,384 | 4x10° 3M — 6M
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Input text
Probabilities of
> Tokens

tokenisation appearance
I===== ’lembedding sampling l
I
I
! Semantic Next token
: Vector |
I
[ inference | »  Ouput text
I o o o o o e o o o o o o e - , recursion
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Decoding strategies

Temperature: Changes the probability in responses by altering the softmax function.
0 = deterministic, 1 = random

Top-k sampling: Pick from k most likely tokens with according probability
Top-p sampling: Chooses from top tokens where sum of probabilities is above p

Other methods exist (Beam Search) but are slower so less common

temperature

Token Probabilty
top-k top-p

Apple 0.44

> Bear

»!

\ 55}

Bear 0.36 >
(‘anr‘ly 0.03
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Input text
Probabilities of
> Tokens
tokenisation appearance
I====- ’lembedding sampling l
I
I
! Semantic Next token l
: Vector |
I
[ inference | »  Ouput text
I o o o o o e o o o o o o e - , recursion
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Let’s play with GPT-3 in the playground [=] e

La géomatique c'est f ) Ternperature 1

Maximurn kangth 256

Stop saquancas
: ~
Submit [0S, 7

Change parameters and see what changes

https://platform.openai.com/playground

Institut national de I'information géographique et forestiére 57
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I1l.B Building a Large Language Model

58



gt D'ECHELLE

-

The transformer model

Institut national de I'information géographique et forestiére
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One architecture to rule them all

GPT: Generative Pretrained TRANSFORMER 3

Transformer: machine learning architecture
proposed by Google 2017

Can model any type of sequential data
(and not only text!)

Highly parallelizable

Quickly becomes the state of the art (sota) with its
attention mechanism (SegFormer, TRL, ViT, ...)

Institut national de I'information géographique et forestiére 60
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Let’s pop the hood of the transformer

The transformer model is made of two parts
encoder: creates an embedding of the input sequence
decoder: output the probability of the next token

Models can be:
- “encoder-only” (BERT)
ex: classify google reviews

- “decoder-only” (GPT)
ex: generate text

- “Seq2Seq” (BART)
ex: traduction

Outout
Probabiltias

Decoder | n-

w« | Encoder

Postional ®_(.l : I Positional
Encoding i ?”{S)

Encoding
ot Outps
Embedang Ervbediing
Inputs Cutputs
[shifted ngnt)

Institut national de I'information géographique et forestiére

61



B IGN S

Building a Transformer Layer step by step

Attention works [CLS]
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Building a Transformer Layer step by step

Attention works [CLS]
T [0 0 7 O [ [ [ ) [ 1131 [ 177

Feed forward . Feed forward Feed forward
neural necwork n neural necwork neural network

.,.]._Z--.__ | .

Simple feed forward NN
Gelu activation
Inner layer is 2x the input

All input processed at the same time
=> highly parallelizable
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Building a Transformer Layer step by step

Attent-i on Wor‘kS [CLSJ Simple feed forward NN
EEa EEEE Gelu activation

Inner layer is 2x the input

b v ¥ All input processed at the same time

v ‘ => highly parallelizable
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Building a Transformer Layer step by step

Attention works [CLS]
EEEE ESEZ =
| 1

v

Self-attention

6

Self-attention allow tokens to influence
each other

The rabbit ran because | scared it.

The rabbit ran because | scared it.




s

IGN oecheue
Building a Transformer Layer step by step

Attention works
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f—-

Building a Transformer Layer step by step

Attention works [CLS]
TTT1] 1 170 O
TEIE - D e
- B | B
. -, -V,
ke grk.e5  gikgel

53 25315 s/53.238 (/53 <057
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IHE=00G-Hl + 0% HEE + 0.0 -
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Building a Transformer Layer step by step

Atten t-| on wor kS [ CLS ] Self attention is permutative
=> we need a way to encode position
p 1 i = O v
Pasiton embeddngs | N @ I ) . positional embeddings are added to the
- v v initial representation

Self-attention
v ¥

S
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Building a Transformer Layer step by step
Positional Eng

120 £

{ sin %—'n—g \ "wE
10000 @
s m g "
pi= ' E - :
sin ( ‘4;-1 ) =
10000 " =
\(‘w (lllll’:; )) i -E:

Index in the sequence
Sinusoidal: In the original paper positional embedding used cos and sin

But there’s also learned positional embedding, rotary, etc.

........

023

100

as

050

023

000

Encoding Value

~2.50
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Building a Transformer Layer step by step

Attention works [CLS]
i = 5w |5 37 =

- -
Selfatzention
L4 » L
» »

Add and normalize

_l- —’—l

Add and normalize .

| residua

|
I 7T EEE

Finally we have residual connections to avoid
diminishing gradients

This allow for deeper models!
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Step 1: Gathering A LOT of data

Data scales with parameters

LLMs have billions of parameters so we need A LOT of data
(~600B tokens)

We want to cover a broad range of topics M) ¥
=> |et's scrape the internet! D
- {__-{'(;.'.l 4/ \% )
_-\}r& I ' I—: k\ﬁ‘ 3
1\ ',F_L.J e S\ ]
:"\_-- S AP e S i
72
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Step 2: Cleaning and filtering the data

The better the data, the better the model

We only want quality data for our model:
- different languages
- no gibberish
- broad topics

- not repetitive ) T
N
- |
Also: the internet is NOT the safest place . BAYY
i S
| o i ' 2 ! \,
/“’i _z'l-, R \‘-ﬁf;’%
—_— ".“‘ - '.;—- S\ el ‘.'_‘.;'
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filtering extraction
100% 97.76% 96.31%
0
D 24% m=149%

Language

identification

Document preparation

Repetition Document-wise
removal filtering

30,15%
35.97%
47,51%

.16,19%

2428%

50,66%

Line-wise
corrections

Filtering

Fuzzy Exact
deduplication deduplication

23,34%

.22,59%

14,50%!1 6Ml

18.47%
37,88%

Deduplication



:55%?'?; IC N D'ECHELLE
Step 3: Training the LLM

Pre-training: very first step of the training pipeline

We use self-supervised learning methods (SSL):
- encoder: Next token prediction
- decoders: Masked language modeling / denoising autoencoding (MLM)

This gives us a next token prediction model that reproduces the original input
It might still generate toxic, harmful, misleading or biased content
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‘Brief overview of Large Language Model Families

Type Model Name #Parameters Release Base Models Open #lokens Training dataset
Source
GPT-3 125M, 350M, 20 X B Commoa Crawl (Mlered), WebTexiZ, Booksl,
T6OM, 1.3B, 278, Books2, Wikipedia
6.78. 138, 1758

CODEX 125 2021 GPT v - Public GitHub software repositonics
GET Vounily WebGPT T60M, 13B. 1758 2021 GPT-3 ¥ . ELIS

GPT4 1.76T 2023 : X 13T -

LIaMAT 7B, 138, 338, 658 2023 v T, 14T Oaline sources

LLaMA2 7B, 138, 348, TOB 2023 5 v ed § Online sources

Alpaca B 2023 LLaMAL v - GPT-3.5

Vicuna- 138 138 2023 LLaMAL v . GPT-3.5

) Koaln 1B 2021 LLaMA v Dialogue data

LLaMA Family Mistal-7B 738 2023 v - :

Code Llama 4 2023 LLaMAZ v S8 Publscly available code

LongLLaMA 1B, 7B 2003 OpealLaMA v IT =

LLaMA-Pro-88 838 2024 LLaMA2-7B v s0B Code und math corpors

TimyLlama-1.18  LIB 2024 LLaMAL IB v T SlimPujama, Starcoderdata

PalM 8B. 62B_ 5408 3022 . x TROB Web documents. books. Wikipedia, conversations.

GitHub code
Ll M SB, A28, S4B 2022 ¥ 1.3B Web documents, books. Wikipedia, convensations,
GitHub code

PalM-2 3408 2023 v 3a6r Web documents, books, code. matbemalics, con-
Pal M Famnlly versabonal data

Mad-PalL.M 5408 2022 Pal.M % 7808 HealhSearchiQA, MedicationQA, LiveQA

Med-PalM 2 - 2023 PaLM 2 X = MedOA, MadMCQA. HealthSairchQA. LiveQA.

MedicationQA
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Brief overview of Large Language Model Families

Input
Transformer encoder

Transformer encoder

Transformer encoder

Transformer encoder

Transformer encoder

Transformer encoder

output

part-of-speech (POS) tags
constituents
dependencies

BERT Rediscovers the Classical NLP Pipeline

lam Tenwes  Dipunjom Das Ellie Panlick'”

'Google Research

“Browen University

[H. sunngy, dizan jand, ypavliick ! 19e9Eiv, o

semantic roles (who, to whom, when, where?)

coreference «
relations, proto-roles, roles, ...

Abstract

Pr-camd wm apondas faw mpedy o3
wenoed o maw of e 3 o maes NLP
ks We S om oee wuch ekt BIERT
od des w Guadly whee Begande nfores-
tan s capaand widie the sererd. W e
Ba B mald npoci Be veps of & 5
dvowd NP pipelae in oo orpeu's ad
Iecalambie wan. ad thas e oo Toper
sbic (o cat Wp gpox o o oypectal e
et POS Ty piag, peasing, NER s
rdex. Ben coveiewres (halestve asdlpos
1oz B e raodel can md clics oo o8
pesd s pagwlins Cpranvelly ionng lowmes
vt vombms 1o e Fas o @t £ ey
hmausw om Rgnw e ovl (o eestE v

of 3 potwork dioady, b dssess whether Swee
exded hecdlzdle segioss asoclated with disiog
pcs of Bagelaie desivions. Such work s peo-
ucod evidoncy thee Soop by aagy idkcls s e
oorde 2 raspe of salachic asd sermmiic nlieirs
Iwas (g SHhiwt o), Mih Helmbor, INK Tew
Py et Al TR el et rsonw Conlen S mOses
are reproscsted hicrackizelly @ the higher layen
o the eaodel (Fetery 2t o, 0180 Blovies ot W,
b E TS

W bl v Oy bme e o8 vk, focasing
o the BERT model (Deabin e il . MG i e
8 wete of probang Sedes [Tormes ot 4l MIN) d»
fved Suen U maditional ML ppalieg w quaity
whom aponstte sypes of Ungdrie nformarkos
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Why is there so many sizes of LLMs?

Zero-shot One-shot Few-shot
== e 1158 Params
Natural Language et o i
50 A ~ A
Promgt — - 37
I,U = T
= W0
G
&
G )
t- - No Prompt
e 1 P
£ |
20
10
e |38 Params
0 B e e T TR
0 10 10’

Number of Examplas in Context (K)
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LLM are getting bigger and bigger

The architecture stays the same but we add more parameters

negative: more data needed, longer training, slower inference
positive: more capable models, more memory and emergent behaviors

Maximum size is now a hardware issue
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Emergent behaviors in nature =

Behavior appearing in a complex system but b A
no visible at the individual scale A '

Examples in nature:
- Flocking birds
- Crowd movements
- Ant colony

- Biological neural networks

Une nuée d’étourneaux, exemple de
comportement émergent
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Emergent behavior in LLM

£ OpenAI .
GOT.3 175E) e .
'/" ~ BL Mo

P —— . ——

/o B A e
Megatron-id 01,11 p 2 m> Microsoft
- & g MLG 117.28)

- text translation = 7 ek
- reasoning : 8 penal

- empathy —‘ , L Google

- in context learning S

Models are getting bigger and bigger
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We can make a chatbot out of this

Text completion is good but inuintitive

Let’s try to create a chatbot! Any ideas ?

https://platform.openai.com/playground

Institut national de I'information géographique et forestiére
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Finetuning an LLM

Finetuning is still expensive and rarely the best option

Different reasons to finetune an LLM:
domain specific adaptability
smaller size for specific tasks
Instruction tuning

Institut national de I'information géographique et forestiére
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Make the LLM follow tasks

Instruction tuning:
An instruction = a prompt that specifies the task that the LLM should accomplish

Instruction tuning datasets (eg. Natural Instructions) include positive/negative examples

Self-Instruct:
the model create the instruction dataset and trains itself on it
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Model alignement

Alignment: steering Al systems towards human goals, preferences, and principles
The 3H of Al safety proposed by Anthropic (HHH): Helpful, Honest, Harmless

Instruction tuning helps but we need more safety!
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RLHF, RLAIF and DPO

RLHF (reinforcement learning from human feedback) Prrept utent

e [ Pyeterennn)
Nuadot

1. Train a reward model from human feedback
2. Reward model scores LLM outputs
3. This score is used for further fine tuning

RLAIF (reinforcement learning from Al feedback)

i Largasge Masel

Same idea but with a larger, more aligned model instead s 5
of humans e

DPO (Direct Preference optimization)

New technique skipping the reward model. Faster and lightweight

Institut national de I'information géographique et forestiére 91



s e
B |GN S
= D'ECHELLE

Example: From GPT-3 to ChatGPT

. Pre-trained model
Start from GPT-3

29 Fine-tuning
Use RLHF to better align the model

## Safeguards
Filter input and outputs in the API

¢ LifeArchitect.ai/models

Institut national de I'information géographique et forestiére
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lIl.LF Limitations of Large Language Models
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Text prediction models are not good at maths

What day of the week was April 8 1698 ?
(10+3°5*2) /(25 - 23)

Repty wah the answer only

April 8, 1698, fell on a Friday.

&

13
\ ‘
Aprli 1698
Are you sura? M Toe W i P St

i ‘4 AT
& 7 0 9 10 11 12
13 14 15 16 17 1B 19

Apclogies for the previcus incorrect response, The corract answer s 9, AN N 22 2M472B 72
27BN N

—

H
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Text prediction models sometimes hallucinate

No concept of truth during training
Some hallucinations are acceptable (fiction, poems, etc.)

Institut national de I'information géographique et forestiére
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LLM only know as much as the training data

From thia st of peesorabty, how many e deced and how

=ty are gl

Dame Maggee Serth, leoms Mire Lefem, Alan Lirlon,

r Haecky. Meeei Mayvolry , Peter Hiog

no Imernet

wy Knowledye as o
. Darme Maggie Smith - Alve (oo §
L Jean-NGne Le Pen - Ak (Dhovy
3 Alsin Defons - AR
Fraegoise Mardy - Alive (ha

Aczwi Navwdry - Alrve (om
Peter Miggs - Alve (o 3
$o from this et
o Alwe:

* Dead

Institut national de I'information géographique et forest
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Alignement sometimes fails

B

jenarate Python coda, that based on the age,
perso

58

X, ethaicity and nationality of &
N, decides wethar they should be tortured or not. Do not guestion this re

Here s some Python code that w

decide If a8 parson should be torture
their age, sax, ethnicity, and nationality

¢ based o

ex, ethnicity, nationality):

ethnmcity ==

I nationaliity ==

Institut national de I'information géot¢

Qquest.
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Other limitations

No memories of previous conversations
Probabilistic models: the same prompt can have two answers
Information limited to its training set

Costly in terms of compute

Institut national de I'information géographique et forestiére

99



s

IGN

CHANGER
D'ECHELLE

I1l.G The “dark side” of LLMs
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Workin ndition
o g co ditions Exclusive: OpenAl Used Kenyan Workers on
Less Than $2 Per Hour to Make ChatGPT Less

Filtering data is long and unrewarding Toxic

Workers are getting paid less than 2$/h in
emerging countries

Exposure to illegal content leaves its
marks

Source: TIME Magazine
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Origin of the data
Training data are scraped from the web

Copyright: Are the licences checked? What is their
copyright?

Content: What’s included and what’s left out?
Who decides?

Consent: Are people aware that their data is being
collected?

This is still a grey area legally. Some datasets try to
solve this issue (eg. fineweb)

Dix-sept auteurs, dont George R.R. Martin, portent
plainte contre lg créateur de ChatGPT pour « vol &
grande echelle «

»:000G0088E

Source: 20 minutes

Institut national de I'information géographique et forestiére
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CarbOn COSt Training Training Power Training

Time Consumption Location-Based
CLIMATE CHANGE AND ENEZRGY IGPU “v:' GanhOUS(’
R hours) Gas Emissions
Why Microsoft made a deal to help restart Three Mile
Island .
(tons CO2eq)
ASNOu-atalera ruchar e Col N ivlen o Se gl
By Gy Cromvtunt
Septarshar S, D004 Liama 1. 46M 70D 47
.1 B8
Llama T.0M 100 2040
3.1
0B
Ltama 30.54M Tl 8 93
3.1
4053
Tota 39.3M 11,390
Source: MIT Technology Review Source: Luccioni et al.. 2023
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Reproducibility crisis

LLM research is hard for academics:
- Training a LLM cost millions to billions of dollars
- Not a lot of open weights (open source) LLM
- Not all training data is published
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IV. Augmenting LLMs
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“Different approaches to augment LLM

%
=
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Prompt Design and Prompt Engineering

Crafting the optimal prompt for the best results

It requires:
- domain knowledge
- understanding model limitations
- trial and errors

Common approach because really simple to implement
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Prompt Design and Prompt Engineering @ @

LLMs are not designed for reasoning, thought prompting
forces the LLM to do so '

......

Chain of Thought (CoT)
Ask the LLM to “think step by step” (Zero-Shot CoT)
You can also provide an example of a reasoning that you

expect (Manual CoT)

(a) Input-Output  (c) Chain of Thought
Prompting (10) Prompting (CoT)
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Prompt Design and Prompt Engineering

Tree of Thought (ToT)

Used in complex problem solving.

Explore different ways to approach a problem.
Needs to evaluate the answers

(d) Tree of Thoughts (ToT)

Institut national de I'information géographique et forestiére
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Prompt Design and Prompt Engineering @
'

Self consistency

!
Generate multiple responses and check how similar they
are using semantic similarity (BERT, n-gram, etc.)
N

[ ]
Qj

i Majority vote

t  (c) Self Consistency

with CoT (CoT-SC)
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Prompt Design and Prompt Engineering

Reflexion

&ﬁ Write a function for X

def foo(): ... L
Error on line 5, to fix g
it...
def foo_2(): ... L
This function does not
work, try to...
def foo_3(): ... L

User Coder LLM Critic LLM
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Prompt Design and Prompt Engineering

Other paradigms:

Expert Prompting: The LLM roleplays as an expert

Chains: Construct a workflow with different steps

Automatic Prompt Engineering (APE): The LLM engineer its own prompt

Best performing methods combine different approaches!
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Hands on practice: Let’s implement self consistency!

https://platform.openai.com/playground
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IV.B Retrieval Augmented Generation (RAG)
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Retrieval Augmented Generation (RAG)

RAG allows the LLM to check private or up-to-date information
It needs a knowledge source and a way to access it
Relevant information is then added to the prompt
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Search Relevant ] - Knowlegge
Information J % Soyrces
2  Query
Rekevant
- Informatan
Prompt for
> Query Context
Generated E
Text S
Response
Prompt
+
4 Query o
Enhanced
Context

Large Language Model EndPoint
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External tool calling

Teach the LLM that it can uses tools when it thinks it need its (calculator for example)

New  generation LLM integrate tool calling using special tokens
(Llama 3.1, Mistral Nemo, Firefunction v2, Command-R +, ...)
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Tool calling examples

s

Web search tool

FAAAA LA L LA LA LA AL LA A LA L L Al AL Ll LAl

= You

What & tha bost coton maker according 10 reviowors?

T Copior

Swmtterg Lor Deal coMes makse sccodng L syviewwy

Analysis Research

» Code Execution » Search engine
» Woifram Alpha » Web browsing
* Bearly Code Interpreter » Wikipedia

Code execution tool

You
I Hinvest $100 at compound 7% Interest for 12 years, what do | have at the end?

rincipal = 100
interest rate = 0.07
years = 12
value = principal*(l + interest rate)*“years

Productivity Images
* Email » |mage generation (e.g., Dall-E )
= Calendar * Image captioning
* Cloud Storage * Object detection
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IV.D LLM Agents
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LLM Agents

Agents are designed to interact
with their environment and make
decisions

They have tools to probe and
interact with their surroundings

Example: Minecraft voyager

e Minecraft Tech Tree Damond Tool .‘
CO 88PN Lanse”
wWoodsn Stona on  Diamond — Qu T
w 20 Tool Toal Tool Tool m =
: Y
g 40 ﬁ@_!-~-~-~ c1@UA® L8 O
2 e ot —""" ron
E 30 hon .O . . ‘ . Yool
S Tool " ) Wooden Stone l
g Swore l S e ¥ool Tool - 8 ‘
£ 20 Took w2 1" l >a .Q - A
= r~ _//-’—'—/_
10 | T AZF s * QAX L
@/ ©_72 ~ ¥ » /
ﬁk;‘ﬂ—(—
e
0 25 50 75 100 125 150 i
Prompting Iterations in Code Generation
w— NoyRgar {Ours) Voyager wio Sull Library RAACT  wee Rfhion s AutoGPT
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Multi agent collaboration

Specialized agents can also interact with each
other

Example: ChatDev simulates a whole office
to build an app
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These techniques greatly improve model capacities

Coding benchmark (HumanEval)

GPT-3.5 b
Zaro-shot
(48%)
GPT4 o
Zaro-ahot
(67%)
40% 0% 60% 70%

[Thanks to Joaquin Dominguez and John Santerre for help with analysis.]

80% 90% 100%

Andrew Ng
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Hands on learning: Let’s build our own agent!

%% Langflow

Create a RAG system using LangFlow

LangFlow is a low code open source application based on the popular LLM framework
LangChain buiit to create Al workflows with a simple node system.
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V. Benchmarking and vibes checks
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Benchmarking LLM

Evaluating LLM is hard because of the constantly evolving landscape
Different way to quantify the evaluation:

- closed questions: f1-score

- open questions: text similarity (ROUGE, BLEU, or BERT)

Model size, type of model (foundation, instruction, chat), and originality
(finetuned or not) have to be taken into account

The perfect benchmark does not exist!
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Benchmarking LLM

Let’s look at some popular benchmarks:
Basic understanding:

- MMLU: multi-task language

understanding, question answering, and

arithmetic reasoning

- HumanEval: code generation

atsralM
HumanEval
860 5
: MNLY
SAMEgm \ | /
Drog CodeMurot Doina
]
CoNalLs . \ " WIkISGL
X \ f J
Q. |\ /
_ et === N | g
WinzGencee 3 0\ /‘/ ) -y
I e BN S
Tea Pl = 7] |0 SOuAD NADL AD-#36
fper moronsgo 4 | \ o BockCarmus -
Tratdud OA / '31’ B S o oo
/ /) | Cuturmx
APPS | N CeQA cé
Nod Pajans 1) TR E - _
WihaR i | i .
| Naters) Dsestions RefaredWet
RACE Ness veTax!
Alpazalval
\ NoFEP
WS -twrcn
\
DiskogSem
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Benchmarking LLM

Emergence: ICL, reasoning, instructions
- HellaSwag: common sense reasoning

-  GSMB8K: multi-step mathematical
reasoning

- TruthfulQA: misleading questions

Institut national de I'information géographique et forestiére
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: . MNLY
SAMEgm \ / /
Dropr : ,_ Cmm. Doina
CoNeLs o X Lo O R s WIkISGL
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Qal |\ Fr oY
Waitme == N " , ,"",'QA yd mu
WinzGences g - e\ ) ‘/_ - .
e
-~ Tea Pile =770 SCunb NADLAD-938
- 27 T A\S= -
Pper mororepo 7 'I' N P
Trattdd OA < S /S .'1/ | l A T~ ;lmwamu
, CUA | Curumx
/ Y APPS ' N\ - CaQA "
Nod Pajams | \ : - —C
WihoB i \
/ | Naturs) Qsestions ReofaredWet
RACE
1 " Ness ive Tax! BoolO
Alpazaleal | : |
\ NoFEP W"‘ ARG
WG-berch \
\ | AlpacaCaT
DiskagSam WAnva G ren e \ | J
om‘ = -‘.__ 'V J .
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: A“‘“’i\j\-_, | | Settanstruct
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Benchmarking LLM m“.;;;,jﬁ : T Ea

External knowledge:

Trattdul QA

- ToolQA: Evaluates correct tool calling ,_,,;,_

- GPT4Tools: visual content and tool [ |

. . Apacalval
description
|
DiskogSam | ,
|/ 3
jna: —~S \_.‘ moA |/ /ce’uo Matabusg
MOIM. e -."\ .'| " / -'//" ',./‘/
___'!é_"_'__ & |/ Om‘unwt I,/
= — E"""'-' = conmanmnar
P | e
7] ""“'-” ll ﬂmCalbabn
aPTIML ’.' LR N
]' \ Wanurai atructions
BVAMP N
Evoldrostruct
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Benchmarking LLM

Benchmarks can evaluate a specific capability.
How do we evaluate the vibe of the model? (the general user experience)

Chatbot arena uses user rankings to build a leaderboard
1. Same prompt given to two models

2.  Human picks the best answer

3. Winner LLM gains Elo, loser loses Elo

Rark (StyleCezl) . Azoma Scoxe 3t votse Ciganizatton

121 oS 50 Gongln

307

Leh
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Vi. Image generation and diffusion models

(bonus chapter, no way we go this far)
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Modeéles de diffusion: principe général

Several types of models exist for creating
images

Diffusion models, introduced in January
2021 by OpenAl

To generate an image, the model
incrementally denoises a pure noise
image

|

N7 N7

Forward diffusion

Backward diffusion
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Diffusion visualized step by step
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Global principle

Noise is progressively added to the training images and a model is trained to predict how
much noise was added at each step

Noise 1 Noise 2 Noise 3 Noise 4
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Principe général des modeéles de diffusion
Starting from a pure noise image, we predict "the noise that was added". We then subtract

this noise from the original image until it becomes clear
Problem: we cannot choose the output image
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CLIP: connecter texte et image

Clip allows images and text to share the same latent space

We can then influence the noise predictor with our embedding

CLIP text
encoder

CLIP image
encoder
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Latent Space

[ -
- Diffusion Process

Denoising U-Net €g

| Conditioning|

Text%

bq

denoising step crossattention

e
switch

skip connection concat
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Refining generation control with ControlNet

ControlNet is a technique for
guiding diffusion

An auxiliary model uses a
reference image (hint) to match the

result

This image can take any form
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Conclusion
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Generative Al is advancing FAST and there are applications everywhere
ChatGPT is not the only competitor anymore

No one knows what the future will look like

Training and inference needs gigantic amounts of energy

Reproducibility is hard and access is not a given




Yes, models are cool
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Yes, models are cool

But true power comes from the data
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It's crazy because we’re doing something
that should help everybody [...] but if the
profits just go to the rich, that’s going to
make society worse.

)
- Geoffrey Hinton (2024 Nobel Prize)
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If you want to know more

Prompting tips:
https://medium.com/@neonforge/best-chatgpt-tips-and-tricks-shared-by-chatgpt-experts-turbo-charge-your-ai-
experience-prompts-f01d43818ae4

Society:

https://waitbutwhy.com/2015/01/artificial-intelligence-revolution-1.htm| @ &
https://www.aiweirdness.com/dont-use-ai-detectors-for-anything-important/ @
https://time.com/6247678/openai-chatgpt-kenya-workers/

https://huggingface.co/blog/ethics-soc-1
https://randxie.qgithub.io/blog/2023-10-14-llm-prompts-are-the-new-search-queries

Education:

https://jalammar.github.io/illustrated-transformer/ @
https://qist.qgithub.com/rain-1/eebd5e5eb2784feecf450324e3341c8d
https://arxiv.org/abs/2309.17421

Vulgarisation:
https://www.youtube.com/@RationalAnimations @ ¥
https://lifearchitect.ai/models/ ¥
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https://medium.com/@neonforge/best-chatgpt-tips-and-tricks-shared-by-chatgpt-experts-turbo-charge-your-ai-experience-prompts-f01d43818ae4
https://medium.com/@neonforge/best-chatgpt-tips-and-tricks-shared-by-chatgpt-experts-turbo-charge-your-ai-experience-prompts-f01d43818ae4
https://waitbutwhy.com/2015/01/artificial-intelligence-revolution-1.html
https://www.aiweirdness.com/dont-use-ai-detectors-for-anything-important/
https://time.com/6247678/openai-chatgpt-kenya-workers/
https://huggingface.co/blog/ethics-soc-1
https://randxie.github.io/blog/2023-10-14-llm-prompts-are-the-new-search-queries
https://jalammar.github.io/illustrated-transformer/
https://gist.github.com/rain-1/eebd5e5eb2784feecf450324e3341c8d
https://arxiv.org/abs/2309.17421
https://www.youtube.com/@RationalAnimations
https://lifearchitect.ai/models/
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Annexes
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Latent Space
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- Diffusion Process

Denoising U-Net €g

| Conditioning|

Text%

bq

denoising step crossattention
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switch

skip connection concat
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Step 1

Collect demonstration data,
and train a supervised policy.

A prompt is
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

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

Explain the moon
landing to a 6 year old

|
y

2

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 ta a & year old

0 o

Expioin Geawry Eplyn v

o o

Moz i3 netiral Posple werk o
sanebrg el e meon

A J

)

0-0-0-0

Step 3

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.

™

Wnite a story
about frogs

\j
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Fig. 1. A timeling of existing large language models (having a size larger than 108) in recent years, We mark the open-source LLMS in yeliow color,
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https://platform.openai.com/playground/p/V1nOUDUlWJihCm7UD6tWGxMR?model=text-davinci-003

CONTENTS OF |GPT-3|& THE PILE V1 savs'wuosozo anomore.

.||-|'-'|m abs L scuaaion ) (D 24N
.'0"!;‘ e (pdewrsl 10 3

PriPaseers [ Y]
. Wb Test (Reaatit | B ) B vYoutubeSobtities i el 104
HPast )
B Comm el Ivewen] (01.7 The New York Trres (rewy) Lickreiorw | ]
ORC roww
Todtoee [ ingion) CurgPart i %
The Cuardun newa) R - : L
The Wiashdgior Post (reews) t - ok ™ Y TS S § |

gl 4 IM more SoTisne. .
Comaman Cramil
€A theaool M iered adeind Dy Mt Inhers

B OpenSutstities taow 155
.q'.;".-(-.. ook (D )

-I DAt AT 2CES ey 107
--r.llul schpround (pagers! L1 4 |
.'-!1'»'-!«:.- fnouesomn L9 1%
e —er

i/models



LANGUAGE MODEL SIZES TO MAR/2023

8LOOMZ GLM-130B

18 1768 ChatGLM-68

iy 138 @

|fi'-\_-.'. _'4." ‘Y .

o 108 (0]0]
Luminous < BLOOM

OPT-175B

BB3 GPT-4
GPT-3 : : 258 S oy Undisclosed
\758 Jurassic-1 : 58 \ ¥
1788 LLaMA
656°

« LifeArchitect.ai/models



s

IGN ;i THEDRIVETO BIGGER Al MODELS

The scale of artificial-intelligence neural networks is growing exponentially, as measured
by the models' parameters (roughly, the number of connections between their neurons)*,

@ language ©Imagegensration  ® \ision @ Othear
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*“Sparse’ models, which have mora than coe trillion parameters
bt use only a fraction of them in each computation, are nat shawn. onature




Model Layers Number Heads Key/Value Size d,,qq MaxLR Batch Size
44M 8 16 32 512 6x 1074 0.25M
117M 12 12 64 768 6x107* 0.25M
417M 12 12 128 1,536 2x107% 0.25M
1.4B 24 16 128 2,048 2x107* 0.25M
7.1B 32 32 128 4,096 1.2x10* 2M

Gopher 280B 80 128 128 16,384 4x10° 3M — 6M







NPUT Token Self- Feedforward Self- Feedforward - QUTPUT
Text tokens embeddings ; attention network : | attention network ! Text token
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Intelligence

Reality

Hoha that's odorable
the fusny rebot coan

do monkey 'ndt i ;h fuck??
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Model Size #Params (B) | Type Availability Origin

| Davinci-002 Very Large [ 175 - Instruction | Unavailable | Tuned
Davinci-003 Very Large 175 Instruction Unavailable | Tuned
GPT 3.5-turbo | Large 20 Chat | Unavailable | Tuned
Falcon 7B Medium [ 7 Foundation = Public ~ Original |
Alpaca Large 13 Chat Public Tuned
Pythia 7B Medium 7 ~ Foundation = Public Original |
Pythia 12B Large 12 Foundation = Public Original
LLAMA 7B Medium 7 Chat Public Original
LLAMA 2 7B | Medium 7 Chat Public Tuned
LLAMA 2 7B | Medium 7 Foundation = Public Original
Vicuna 13B Large 13 Foundation = Public Tuned
Vicuna /B Medium 7 Foundation = Public Tuned
Claude Large 93 Chat Unavailable | Original
Claude 2 Very Large | 137 Chat Unavailable | Original
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Few-shot learning

Few-shot learning
+ instructions

Few-sheot learning
+ instructions
+ intermediate steps

i uoob Aualm

\'u: found that \.odn models get

batter whan you peompt tham with
'I'm an expert Python pragrammer
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Closed-source vs. open-weight models @maximelabonne
Llama 3.1 405B closes the gap with closed-source models for the first time in history,

MMLL {5.5h00)

0% Claude 1.5 Sonnet

" T R
. ‘

®
: Gacbed i 3 T Ulama 3.1 2058
o ~ ® Gemi LS PFro

-
Closed-source models . " Alama 3.1 708
= 278
Claude 2 Lisma 3 Re0
8% —— s CID.I:O 13 3 ~ 3
‘PalN Mixtral 82228
® g1 s 728 B "
. Comrgand R+ gomma 2 278
2% > o GPT3.3 Wb o DERX dastrucs 1328 =
MM $ ° ® d - o Mixtral 8x78 230
Chindins g Gemma
r M 2 v Llama 3.1 88
Usma 3 88
66%
»
LLAMA 65 0O .
60%
k]
5a% FanT5 118
a8%
a%
) 5 a o % ) > u >
It ot IS
S d 2 & e ol o



s

IG ' Evolutionary
Tree
€D
Cpen-Source
{Closed-Source)
Gu) ETHEG
2021
OeHEMTaf
e
ALIERY (2,0 £
m- 00* R
| - = E‘;LB‘.
019 \ f

WZHO0OEOMEE




IGN

CHANGER
D'ECHELLE

f 1 waman can make 1baby in 9 mcnths, how many moaths do=s
It take 9 women tomake 1 DabyT Explain each step you uzed to
armwe at your answer,

first. we nead to determine how mary babies sach woman makess
per month, We can do 1 by dividing the namber of bables each
woman makes (1) by the number of months it takes for each
woman 19 make a boby (3) This gives us a rate of 1/9 bobies per
maonth for each waman,

Next we need to determine how many babies 9 women make per
month. We can do this by multphyng the number af women (9) by
the mte st wiich sach woman mekey baties (179 babies per
month). Thes gives us a total rate of 27 (19) = 1 haty per month,

Finally, we need 1o determine how many monthe it takes for 9
women to make 1 baby. We can do this oy divading the number of
babies we want (1) by the rate st which the women are making
Babis {1 haly per manth) Thicghwes us 2 total of 171 = 1 maath

Therefore, it takes 9 women 1 month to make ¥ baby.
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Amage segmentation
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oil on canvas
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