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I. What is generative AI?
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Machine Learning



AI
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Machine Learning

Neural Networks

perceptron
(neuron)

simple 
network



AI

What is generative AI?
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Machine Learning

Neural Networks

Deep
Learning



Unsupervised vs Supervised learning 

Supervised Unsupervised



Inference

cat

dog

Test input

Supervised learning
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Test input

Inference

Unsupervised learning
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Unlabeled data

Model training



Test input

Inference

Unsupervised learning
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Unlabeled data

Model training



Towards generalized world models
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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…



AI

Machine Learning

Neural Networks

Generative AI!
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Deep Learning

GenAI



A few examples of generative AI
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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



II. History of language modeling
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1957
Perceptron

1

2011
Deep Learning

3

2017
BERT

5

2017
Attention is

All You Need

4

1997
LSTM

2 6

2019
GPT3
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2022
ChatGPT

7

8

2023
GPT4

💥



Short history of language modeling

Four major approaches:

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

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?

Statistical language models (SLMs) (1948-present)



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)
“it” “was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Example: a 1-gram Bag-of-Word models (BoW)
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Fixed size
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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)
“it” “was” “the” “best” “of” “times” “worst” “age” “wisdom” “foolishness”

Vectors
[1, 1, 1, 1, 1, 1, 0, 0, 0, 0]
[1, 1, 1, 0, 1, 1, 1, 0, 0, 0]
[1, 1, 1, 0, 1, 0, 0, 1, 1, 0]
[1, 1, 1, 0, 1, 0, 0, 1, 0, 1]

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

Fixed size
Order not preserved
Sparse representation
Limited vocabulary



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.)

Statistical language models (SLMs) (1948-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, etc.

Neural Language Models (NLMs) (2003-present)
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Embedding: n dimension semantic vector
Semantic similarity = distance between embeddings

What is an embedding ?
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Meanings are also encoded in the embedding latent space
What is an embedding ?

This allows for “word maths” !

👨👑 King – 👨 Man + 👩 Woman 
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Meanings are also encoded in the embedding latent space
What is an embedding ?

This allows for “word maths” !

👨👑 King – 👨 Man + 👩 Woman = 👩👑Queen



Let’s play with embedding with Pimantle

https://semantle.pimanrul.es/


Hands on learning: let’s build a NLM



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, etc.

Pre-trained language models (PLMs) (2017 - present)



III. 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 (almost) all share a common architecture:
The Transformer 🤖
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A short list of Large Language Models

■ Open Source

• OpenAI: GPT2, Chat-GPT3.5, Chat-GPT4
• Google: Bert, Chinchilla, Bard, Gemini, Gemma
• Meta: LLaMa, LLaMa2, LLaMa3
• Microsoft: Orca, Phi, Phi2
• X: Grok
• Anthropic: Claude
• MistralAI: Mistral, Mixtral
• Google: Gemma, Gemini
• Qwen: Qwen
• HuggingFace: Zephyr





III.A How does a LLM generates text?
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Ouput text
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Vecteur 
sémantique

Probabilités 
d’apparitionTokens

Prochain 
token

GPT

Input text



Texte d’entrée

Institut national de l’information géographique et forestière 40

Semantic 
Vector

Probabilities of 
appearanceTokens

Next token

Texte de sortie

tokenisation

samplingembedding

inference
recursion

Input text

Ouput text



Texte d’entrée
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Semantic 
Vector

Probabilities of 
appearanceTokens

Next token
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GPT

tokenisation
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Input text

Ouput text
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How does tokenization work ?

4 tokens ≃ 3 words
1000 tokens ≃ 1 page

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

Differents approaches:
BytePairEncoding, WordPieceEncoding, SentencePieceEncoding, etc.

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

https://platform.openai.com/tokenizer

https://platform.openai.com/tokenizer
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Tokenization works best in English due to language imbalance in training data

This trickles down to a global performance bias in English

[25515, 705, 31373, 6, 284, 616, 1310, 1545, 0][7279, 705, 4189, 73, 454, 6, 28141, 937, 
4273, 270, 716, 72, 0]

French English

https://platform.openai.com/tokenizer

How does tokenization work ?

https://platform.openai.com/tokenizer


Institut national de l’information géographique et forestière 44

Try to guess the number of tokens in these examples:

● “Hello darkness my old friend”

● “123456”

● “”   11 tokens!

How does tokenization work ?

https://emojipedia.org/man-scientist-dark-skin-tone


Exemple de tokenisation

R

 oses

are

red

,

 vio

lets

8921

74672

81868

2428

272

22117

282

Roses are red, violets 

Roses are red, violets
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Texte d’entrée
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Semantic 
Vector

Probabilities of 
appearanceTokens

Next token

Texte de sortie

GPT

tokenisation

samplingembedding

inference
recursion

Input text

Ouput text



Example: Embedding of Roses are red, violets

R

oses

 are

 red

,

vio

lets

-1.565 1.565 1.232

0.489 0.459 -1.687

1.219 0.121 -0.617

0.759 -1.325 1.755

-0.189 0.459 1.687

0.689 0.978 1.013

1.232 1.101 -1.772

…

…

…

…

…

…

…

8921

74672

81868

2428

272

22117

282

Tokenisation Embedding
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Texte d’entrée
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Semantic 
Vector

Probabilities of 
appearanceTokens

Next token

Texte de sortie

GPT

tokenisation

samplingembedding

inference
recursion

Input text

Ouput text



Let’s go back to our Word2Vec model

In our Word2Vec model, we used:
- A input layer of size len(vocabulary)
- One hidden layer of size 300
- A output layer of size len(vocabulary)

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



Let’s go back to our Word2Vec model

In our Word2Vec model, we used:
- A input layer of size len(vocabulary)
- One hidden layer of size 300
- A output layer of size len(vocabulary)

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

601,300



Let’s compare it to a LLM

Input layer size?
Number of hidden layers?
Output layer size?
Total parameter count ? ?



Let’s compare it to 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!



Example with the Gopher model family



Texte d’entrée
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Semantic 
Vector

Probabilities of 
appearanceTokens

Next token

Texte de sortie

GPT

tokenisation

samplingembedding

inference
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Input text

Ouput text
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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 

Token Probabilty

Apple 0.44

Bear 0.36

Candy 0.03

temperature

top-k top-p

Bear 🥇

…



Texte d’entrée
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Semantic 
Vector

Probabilities of 
appearanceTokens

Next token

Texte de sortie

GPT

tokenisation

samplingembedding

inference
recursion

Input text

Ouput text



Let’s play with GPT-3 in the playground

https://platform.openai.com/playground

Change parameters and see what changes
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https://platform.openai.com/playground


III.B Building a Large Language Model
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The transformer model
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GPT: Generative Pretrained TRANSFORMER 🤖

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, …)

One architecture to rule them all
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The transformer model is made of two parts
encoder: creates an embedding of the input sequence
decoder: output the probability of the next token

Let’s pop the hood of the transformer

Models can be:
- “encoder-only” (BERT)

ex: classify google reviews

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

- “Seq2Seq” (BART)
ex: traduction

Encoder

Decoder



Building a Transformer Layer step by step



Building a Transformer Layer step by step

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

All input processed at the same time
=> highly parallelizable



Building a Transformer Layer step by step

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

All input processed at the same time 
thanks to weight sharing

=> highly parallelizable



Building a Transformer Layer step by step

Self-attention allow tokens to influence 
each other



Building a Transformer Layer step by step



Building a Transformer Layer step by step



Building a Transformer Layer step by step

Self attention is permutative
=> we need a way to encode position

positional embeddings are added to the 
initial representation



Building a Transformer Layer step by step

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

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



Building a Transformer Layer step by step

Finally we have residual connections to avoid 
diminishing gradients

This allow for deeper models!



III.C How to train your LLM
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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
=> Let’s scrape the internet!
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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

Also: the internet is NOT the safest place
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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

76

Step 3: Training the LLM
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Brief overview of Large Language Model Families
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Brief overview of Large Language Model Families
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Why is there so many sizes of LLMs?



III.D Scale and capabilities
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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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LLM are getting bigger and bigger
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Behavior appearing in a complex system but 
no visible at the individual scale

Emergent behaviors in nature

Examples in nature:
- Flocking birds
- Crowd movements
- Ant colony
- Biological neural networks Une nuée d’étourneaux, exemple de 

comportement émergent



- text translation
- reasoning
- empathy
- in context learning
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Emergent behavior in LLM

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

https://platform.openai.com/playground


III.E Fine-tuning and Instruction Tuning
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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

Finetuning an LLM
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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

Make the LLM follow tasks
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Alignment: steering AI systems towards human goals, preferences, and principles
The 3H of AI safety proposed by Anthropic (HHH): Helpful, Honest, Harmless 

Instruction tuning helps but we need more safety!

Model alignement
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RLHF (reinforcement learning from human feedback)

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 AI feedback)

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

DPO (Direct Preference optimization)

New technique skipping the reward model. Faster and lightweight

RLHF, RLAIF and DPO



🧠Pre-trained model
Start from GPT-3

👥 Fine-tuning
Use RLHF to better align the model

🚧 Safeguards
Filter input and outputs in the API
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Example: From GPT-3 to ChatGPT



Example: From GPT-3 to ChatGPT



III.F Limitations of Large Language Models
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Text prediction models are not good at maths
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Text prediction models sometimes hallucinate

No concept of truth during training
Some hallucinations are acceptable (fiction, poems, etc.)
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LLM only know as much as the training data
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Alignement sometimes fails
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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



III.G The “dark side” of LLMs
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Working conditions

Filtering data is long and unrewarding

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

Exposure to illegal content leaves its 
marks

Source: TIME Magazine

https://time.com/6247678/openai-chatgpt-kenya-workers/


Origin of the data

Source: 20 minutes

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)
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https://www.20minutes.fr/arts-stars/people/4054323-20230922-dix-sept-auteurs-dont-george-r-r-martin-portent-plainte-contre-createur-chatgpt-vol-grande-echelle


Carbon cost

Source: Luccioni et al., 2023
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Source: MIT Technology Review

https://arxiv.org/abs/2302.08476
https://www.technologyreview.com/2024/09/26/1104516/three-mile-island-microsoft/


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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Reproducibility crisis



IV. Augmenting LLMs
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Different approaches to augment LLM



IV.A Prompt Design and Prompt Engineering
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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)
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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
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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.)
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Prompt Design and Prompt Engineering



Write a function for X

��
��

def foo(): …

��def foo_2(): …

��def foo_3(): …

Error on line 5, to fix 
it…

��This function does not 
work, try to…

Coder LLM Critic LLMUser

Prompt Design and Prompt Engineering

Reflexion



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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Prompt Design and Prompt Engineering
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Hands on practice: Let’s implement self consistency!

https://platform.openai.com/playground

https://platform.openai.com/playground


IV.B Retrieval Augmented Generation (RAG)
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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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Retrieval Augmented Generation (RAG)



117



IV.C External tool calling
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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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External tool calling



Tool calling examples



IV.D LLM Agents
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Agents are designed to interact 
with their environment and make 
decisions

They have tools to probe and 
interact with their surroundings

Example: Minecraft voyager
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LLM Agents



Multi agent collaboration

Specialized agents can also interact with each 
other

Example: ChatDev simulates a whole office 
to build an app



These techniques greatly improve model capacities



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



V. Benchmarking and vibes checks

126
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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!



Institut national de l’information géographique et forestière 128

Benchmarking LLM

Let’s look at some popular benchmarks:

Basic understanding:

- MMLU: multi-task language 
understanding, question answering, and 
arithmetic reasoning

- HumanEval: code generation
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Emergence: ICL, reasoning, instructions

- HellaSwag: common sense reasoning

- GSM8K: multi-step mathematical 
reasoning

- TruthfulQA: misleading questions

Benchmarking LLM
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Benchmarking LLM

External knowledge:

- ToolQA: Evaluates correct tool calling

- GPT4Tools: visual content and tool 
description
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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



VI. Image generation and diffusion models

(bonus chapter, no way we go this far)
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Several types of models exist for creating 
images

Diffusion models, introduced in January 
2021 by OpenAI

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

Backward diffusion

Modèles de diffusion: principe général



Diffusion visualized step by step



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

Global principle



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

Principe général des modèles de diffusion



CLIP text 
encoder

CLIP image
encoder

Clairière entourée de forêt [0.5,1.15,-1.151,…]

[0.5,1.15,-1.151,…]

Clip allows images and text to share the same latent space

We can then influence the noise predictor with our embedding

CLIP: connecter texte et image





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



Conclusion
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● Generative AI 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



Yes, models are cool

But true power comes from the data



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)
”

“ 



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.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

Education:
https://jalammar.github.io/illustrated-transformer/ ❤
https://gist.github.com/rain-1/eebd5e5eb2784feecf450324e3341c8d
https://arxiv.org/abs/2309.17421

Vulgarisation:
https://www.youtube.com/@RationalAnimations ❤❤
https://lifearchitect.ai/models/ ❤

If you want to know more
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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/


-



Annexes
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Demo
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https://platform.openai.com/playground/p/V1nOUDUlWJihCm7UD6tWGxMR?model=text-davinci-003
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