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Introduction

Social media 
content moderation



Embedding & Self-supervised Learning

I
NLP essentials



Using words as input to the model ?!
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Model[ 0.3, 0.8, 1.7 ] [ 0.1, 0.9 ] 

Model“I am Jojo !” ???? ? 



Using words as input to the model ?!
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“I am Jojo !” “i am <name>” [ “i”, “am”, ... ] 

“i” [ 0.18, 0.62, 0.12 ]

“am” [ 0.56, 0.27, 0.09 ]

...

“I am Jojo !” [[0.18, 0.62, 0.12 ], …]



Algorithmic solution 
(without machine learning)
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[ 3, 1, 2 ] [ 1, 2, 3 ] Sorting 
algorithm

? [ 0.1 ] 
Is a dog ?

Input Target

RGB Matrix



Different types of machine learning
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Input 1 Target 1

Supervised

Input 2 Target 2

Input 3 Target 3

Input 4 Target 4

Unsupervised

Input 1
Input 2

Input 3

Input 4



Self-supervised learning
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Model 1

“People drink a 
cup of coffee” Model 2drink

cup

people
E

Embedding



Word Embedding
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Not contextual 

● Word2Vect
● Glove
● FastText

Contextual

● ELMo
● BERT
● CoVe



The state of the art before the transformers

II
From RNN to Transformers



From RNN to Transformers
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From RNN to Transformers
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From RNN to Transformers
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From RNN to Transformers
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From RNN to Transformers
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Problems with RNNs

● Vanishing Gradient

● Problem with long sequences
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LSTM (1997) / GRU (2014)

Input Gate / Output Gate / Forget Gate

● Part of the memory to drop
● New information to add to the 

memory
● Define the hidden state (for next 

step)
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Limits of recurrent models

Difficult to parallelize on GPU Easy overfitting
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Attention is all you need !

III
Transformers



Global architecture
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Encoder-Decoder architecture



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Training example
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Image : https://jalammar.github.io/illustrated-transformer/



Positional encoding
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Attention mechanism
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“Joel loves a pigeon, he feeds it” 

“Joel aime un pigeon, il le nourrit” 



Self-Attention
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Linear Linear Linear

MatMul

Scale

Softmax

MatMul

Concat

Linear

Query Key Value

“Joel's red car”

Joel red car

Query ~ Word we want know Attention
Key ~ All others Words
Value ~ Focused words



Self-Attention
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Linear Linear

Query Key

Joel
red
car

@

Wk
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Self-Attention
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Self-Attention
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2.8 0.6 0.2

0.3 2.1 1.6

0.2 1.4 2.6

Linear Linear

MatMul

Scale

Query Key

re
d

ca
r

Jo
el

red
car

Joel
/  √(dk)

dk = the square root of the 
dimension of the key vectors

More stable gradients !



Self-Attention
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Self-Attention
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Multi-head Attention
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“Joel loves a pigeon, he feed it” 



Multi-head Attention
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Linear Linear Linear

MatMul

Scale

Softmax

MatMul

Concat

Query Key Value
Linear Linear Linear

MatMul

Scale

Softmax

MatMul

Query Key Value

...

Head 1 Head NWq1, Wk1, Wv1 WqN, WkN, WvN
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Z1

Multi-head Attention

Z2 Z3

For N=3 heads
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Masked Multi-head Attention
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Masking “future” 
values to avoid leaks

Joel red car Joel red car
Future !
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Hate Speech detection
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● Reddit Dataset: Jibes & 
Delights (2021)

● HateBERT



Dataset: Jibes & Delights (2021)
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ToastMe / FreeCompliments RoastMe



BERT / HateBERT / Roberta
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BERT
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Results
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Basic autocomplete
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Predict the most likely sequence of 
tokens given a preceding code context



Transformers for code generation
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BERT

Encoder
Classification

GTP

Decoder
Auto-complete

BART

Encoder + Decoder
Translate English-Code

T5



GPT (Generative Pre-Training)
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Decoder

Decoder

Decoder

Decoder

...

I am ...
Auto-complete

Jojo

I am <to_fr> je ...

Translation
suis

Bla bla bla <summarize> ...

Summarization
Bla



GTP
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IntelliCode

● Based on GTP-2
● 9 Languages
● Dataset : GitHub
● <CHAR_LIT>, 

<COMMENT>, ...
● Prefix Tree Caching

OpenAI Codex
(GitHub Copilot)

● Based on GTP-3
● 12 Languages
● 12B parameters 

(GPT-3 : 175B)
● Dataset : GitHub



code-T5
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Text-To-Text Transfer Transformer

https://bit.ly/lse-winter-transformers

https://bit.ly/lse-winter-transformers


Conclusion
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Thanks !
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