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Historique rapide de l’IA
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Y. Lecun  
Automated
cheque reading

1941 1965196319581956

First
computer

Dartmouth
conference 
creation of IA

LISP Language 
Perceptron

DARPA 

1972

PROLOG 

1979

1st Neural  
Network

1986

Backpropagation

1950

Dynamic
programming

A. Turing

G. Hinton

19901987

DARPA 
MUC

1992 1993 1994 1997

C4.5 
Decision Tree

E. Dickmanns :
1000km in
autonomous vehicle

IBM Deeper Blue

DARPA  
TREC 

SVM

2/46



De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Historique rapide de l’IA

Emergence (ou refondation) des GAFAM

1994 200420011998 1999 2006200219971995 2005 2007
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Historique rapide de l’IA

Emergence (ou refondation) des GAFAM

1994 200420011998 1999 2006200219971995 2005 2007
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Historique rapide de l’IA

Formation d’une vague de l’Intelligence Artificielle
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Ingrédients de l’Intelligence Artificielle

Cadre  
logiciel

Données 
Capteurs

Stockage &
Calcul
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Intelligence Artificielle & Machine Learning

Artificial
Intelligence

       Machine
Learning

Deep  
Learning

IA : programmes informatiques qui
s’adonnent à des tâches qui sont, pour
l’instant, accomplies de façon plus
satisfaisante par des êtres humains car
elles demandent des processus
mentaux de haut niveau.

Marvin Lee Minsky, 1956

N-AI (Narrow Artificial
Intelligence), dédiée à une tâche

̸= G-AI (General AI) qui remplace
l’humain dans des systèmes complexes.

Andrew Ng, 2015

4/46



De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

L’IA et les données textuelles

TALN / NLP = plus grosse communauté scientifique de l’IA

Linguisitique [1960-2010]

Systèmes à base de règles:

*
{like, love, 

 appreciate} * #product

*
{like, love, 

 appreciate} * #product{didn't, not,  
doesn't, don't}

*
{hate, loathe,

detest} * #product

▶ Besoin de connaissance expert

▶ Extraction des règles ⇔
données très propres

▶ Très bonne précision

▶ Faible rappel

▶ Système interprétable
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L’IA et les données textuelles

TALN / NLP = plus grosse communauté scientifique de l’IA

Machine Learning [1990-2015]
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L’IA et les données textuelles

TALN / NLP = plus grosse communauté scientifique de l’IA

Linguisitique [1960-2010] Machine Learning [1990-2015]

▶ Besoin de connaissance expert

▶ Extraction des règles ⇔
données très propres

+ Système interprétable

+ Très bonne précision

− Faible rappel

▶ Peu de connaissance expert

▶ Extraction statistique ⇔
résiste aux données bruitées

≈ Système peu interprétable

− Précision faible

+ Meilleur rappel

Précision = critère d’acceptation par les industriels

→ Lien vers les métriques
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Deep learning et données textuelles: révolutionS 2010’

1. Des sacs de mots aux représentations vectorielles [2008, 2013, 2016]
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Deep learning et données textuelles: révolutionS 2010’

1. Des sacs de mots aux représentations vectorielles [2008, 2013, 2016]

Comment apprendre un tel espace?

night
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moon

shining

temple

cold
shape

toy

city

kitchen

car

happy

toy

sofa

river

Observations massives ⇒
successsion de petits mouvements
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Deep learning et données textuelles: révolutionS 2010’

1. Des sacs de mots aux représentations vectorielles [2008, 2013, 2016]
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Deep learning et données textuelles: révolutionS 2010’

1. Des sacs de mots aux représentations vectorielles [2008, 2013, 2016]

Des mots aux tokens

Machine-Learning

Espace vectoriel continu

Décomposition en groupes
de lettres fréquents

token
▶ Représentation des mots

inconnus

▶ Résistance aux fautes
d’orthographe
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Deep learning et données textuelles: révolutionS 2010’

2. Agrégation des représentations de mots [2014, 2017]

Il tombe des cordes Criterion 1: regenerating the sentence
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Deep learning et données textuelles: révolutionS 2010’

2. Agrégation des représentations de mots [2014, 2017]

Il tombe des cordes

It's raining cats and dogs

Criterion 1: regenerating the sentence

Criterion 1

Criterion 2:
Aligning sentence representations
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Deep learning et données textuelles: révolutionS 2010’

2. Agrégation des représentations de mots [2014, 2017]

Il tombe des cordes

It's raining cats and dogs

Criterion 1: regenerating the sentence

Criterion 1

Criterion 2:
Aligning sentence representations

Es regnet Bindfäden
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Deep learning et données textuelles: révolutionS 2010’

2. Agrégation des représentations de mots... V2 [2000, 2017-2023]

Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

It's raining cats and dogs

raining <=> docs

Words Interactions
=

Attention

new representation of dogs
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Deep learning et données textuelles: révolutionS 2010’

2. Agrégation des représentations de mots... V2 [2000, 2017-2023]

Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

It's raining cats and dogs

word 
representation
dimension

Transformer 
block

Transformer 
block

...

Attn word 
cross-attn 
head

nb
transf.
blocks
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Deep learning et données textuelles: révolutionS 2010’

3. Des modèles génératifs [2014, 2022]

It's raining cats and dogs

Encoder

RNN/ 
Trans

Token
prediction

Il

Il

pleut

RNN/ 
Trans

▶ Cout élevé (+beam search)
▶ 1 appel / token

▶ Génération au sens du maximum de
vraisemblance

▶ Principales tâches de NLP ⇔
reformulation en mode génératif
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Deep learning et données textuelles: révolutionS 2010’

4. Transfert & fine-tuning [2008, 2012, 2018]
⇒ L’émergence des modèles de langue (larges) –LLM–

cat dog

Encoder

Pretraining

text

Decoder

words & text
representations

Word prediction; sentence completion; ...

Pretrained Language Model Finetuned Model

Language Model

your
(small)
data

expected
target+

Adapted Language
Model

Massive corpus

= 3%  
   of the corpus

It's raining MASK and PRED
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Deep learning et données textuelles: révolutionS 2010’

4. Transfert & fine-tuning [2008, 2012, 2018]
⇒ L’émergence des modèles de langue (larges) –LLM–

cat dog

Encoder

Pretraining

text

Decoder

words & text
representations

Word prediction; sentence completion; ...

Pretrained Language Model

Massive corpus

= 3%  
   of the corpus

It's raining MASK and PRED

Language Model

Multi-task Language Model

Training on multiple NLP tasks 
(using labeled corpus)

Language Model

new task /
new data

0/few-shot learning

0-10
examples
( )

+

Performance
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chatGPT
30 novembre 2022

1 million d’utilisateurs en 5 jours

100 millions fin janvier 2023

1.16 milliards en mars 2023



De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Les ingrédients de chatGPT

0. Transformer + données massives (GPT)

Massive corpus

= 3%  
   of the corpus

It's raining cats and dogs

Transformer 
block

Transformer 
block
...

Causal pretraining

 It's raining 

GPT

cats

 It's raining cats

GPT

and

 It's raining cats and

GPT

dogs

Inference = completion

JFK died in 

GPT

1963, he was was assassinated in Dallas ...

What is the color of the sun?

GPT

Most answer yellow, but orange or red ...
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Les ingrédients de chatGPT

1. Toujours plus! (GPT)

+ de mots en entrée [500 ⇒ 2k, 32k]

+ de dimensions dans l’espace des mots [500-2k ⇒ 12k]

+ de têtes d’attention [12 ⇒ 96 (dim 128)]

+ de blocks/couches [5-12 ⇒ 96]

175 Milliards de paramètres... Ca fait quoi?

▶ 1.75 · 1011 ⇒ 300 Go + 100 Go (stockage des données
en inférence) ≈ 400Go

▶ GPU NVidia A100 = 80Go de mémoire (=20k€)

▶ Coût pour (1) entrainement: 4.6 Millions d’€

It's raining cats and dogs

word 
representation
dimension

Transformer 
block

Transformer 
block

...

Attn word 
cross-attn 
head

nb
transf.
blocks
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Les ingrédients de chatGPT

2. L’affinage sur différentes tâches de raisonnement (±) complexe

Scaling Instruction-Finetuned Language Models
Hyung Won Chung� Le Hou� Shayne Longpre� Barret Zoph† Yi Tay†

William Fedus† Yunxuan Li Xuezhi Wang Mostafa Dehghani Siddhartha Brahma
Albert Webson Shixiang Shane Gu Zhuyun Dai Mirac Suzgun Xinyun Chen

Aakanksha Chowdhery Alex Castro-Ros Marie Pellat Kevin Robinson
Dasha Valter Sharan Narang Gaurav Mishra Adams Yu Vincent Zhao

Yanping Huang Andrew Dai Hongkun Yu Slav Petrov Ed H. Chi
Je� Dean Jacob Devlin Adam Roberts Denny Zhou Quoc V. Le

Jason Wei⇤

Google

Abstract

Finetuning language models on a collection of datasets phrased as instructions has been shown to improve
model performance and generalization to unseen tasks. In this paper we explore instruction finetuning
with a particular focus on (1) scaling the number of tasks, (2) scaling the model size, and (3) finetuning on
chain-of-thought data. We find that instruction finetuning with the above aspects dramatically improves
performance on a variety of model classes (PaLM, T5, U-PaLM), prompting setups (zero-shot, few-shot, CoT),
and evaluation benchmarks (MMLU, BBH, TyDiQA, MGSM, open-ended generation, RealToxicityPrompts).
For instance, Flan-PaLM 540B instruction-finetuned on 1.8K tasks outperforms PaLM 540B by a large margin
(+9.4% on average). Flan-PaLM 540B achieves state-of-the-art performance on several benchmarks, such as
75.2% on five-shot MMLU. We also publicly release Flan-T5 checkpoints,1 which achieve strong few-shot
performance even compared to much larger models, such as PaLM 62B. Overall, instruction finetuning is a
general method for improving the performance and usability of pretrained language models.
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WļĄķòсķ²İāџòĊİķĬļÌķòĐĊџűĊÖķļĊòĊêџлαЛθOџķ²İāİм

Figure 1: We finetune various language models on 1.8K tasks phrased as instructions, and evaluate them on unseen tasks.
We finetune both with and without exemplars (i.e., zero-shot and few-shot) and with and without chain-of-thought,
enabling generalization across a range of evaluation scenarios.

�Equal contribution. Correspondence: lehou@google.com.
†Core contributor.
1Public checkpoints: https://github.com/google-research/t5x/blob/main/docs/models.md#flan-t5-checkpoints.
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Les ingrédients de chatGPT

2. L’affinage sur différentes tâches de raisonnement (±) complexe
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yļÖİķòĐĊњêÖĊÖĬ²ķòĐĊ
�ĄĐİÖÒмËĐĐāњy�
�ÒŏÖĬİ²Ĭò²Ąњy�
&ŕķĬ²ÌķòŏÖњy�
�òķĄÖЫÌĐĊķÖŕķњêÖĊÖĬ²ķòĐĊ
�ĐĩòÌњÌĄ²İİòűÌ²ķòĐĊ
~ķĬļÌķмķĐмķÖŕķ
К

εεџ"²ķ²İÖķİМџαδџ�²ķÖêĐĬòÖİМџ
αιγџ�²İāİ

WļūĊ
X²ķļĬ²ĄњĄ²Ċêļ²êÖњòĊéÖĬÖĊÌÖњњњњњњњњњњњњњњњњ�ĄĐİÖÒмËĐĐāњy�
�ĐÒÖњòĊİķĬļÌķòĐĊњêÖĊЖњњњњњњњњњњњњњњњњњњњњњњњњњњ�ĐĊŏÖĬİ²ķòĐĊ²Ąњy�њњњњњњњњ
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Figure 2: Our finetuning data comprises 473 datasets, 146 task categories, and 1,836 total tasks. Details for
the tasks used in this paper is given in Appendix F.

2 Flan Finetuning
We instruction-finetune on a collection of data sources (Figure 2) with a variety of instruction template
types (Figure 3). We call this finetuning procedure Flan (Finetuning language models; Wei et al., 2021) and
prepend “Flan” to the resulting finetuned models (e.g., Flan-PaLM).2 We show that Flan works across several
model sizes and architectures (Table 2).

2.1 Finetuning Data
Task mixtures. Prior literature has shown that increasing the number of tasks in finetuning with instructions
improves generalization to unseen tasks (Wei et al., 2021; Sanh et al., 2021, inter alia). In this paper we scale
to 1,836 finetuning tasks by combining four mixtures from prior work: Mu�n, T0-SF, NIV2, and CoT, as
summarized in Figure 2. Mu�n3 (80 tasks) comprises 62 tasks from Wei et al. (2021) and 26 new tasks that
we added in this work, including dialog data (Byrne et al., 2019; Anantha et al., 2021; Dai et al., 2022) and
program synthesis data (Yasunaga and Liang, 2020; Li et al., 2022). T0-SF (193 tasks) comprises tasks from
T0 (Sanh et al., 2021) that do not overlap with the data used in Mu�n (SF stands for “sans Flan”). NIV2
(1554 tasks) comprises tasks from Wang et al. (2022c).4

2We use “Flan” to refer to our finetuning procedure. “FLAN” is a model in Wei et al. (2021).
3Multi-task finetuning with instructions.
4We removed 44 tasks related to MMLU (Hendrycks et al., 2020), since MMLU is used for evaluation.
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Figure 2: Our finetuning data comprises 473 datasets, 146 task categories, and 1,836 total tasks. Details for
the tasks used in this paper is given in Appendix F.

2 Flan Finetuning
We instruction-finetune on a collection of data sources (Figure 2) with a variety of instruction template
types (Figure 3). We call this finetuning procedure Flan (Finetuning language models; Wei et al., 2021) and
prepend “Flan” to the resulting finetuned models (e.g., Flan-PaLM).2 We show that Flan works across several
model sizes and architectures (Table 2).

2.1 Finetuning Data
Task mixtures. Prior literature has shown that increasing the number of tasks in finetuning with instructions
improves generalization to unseen tasks (Wei et al., 2021; Sanh et al., 2021, inter alia). In this paper we scale
to 1,836 finetuning tasks by combining four mixtures from prior work: Mu�n, T0-SF, NIV2, and CoT, as
summarized in Figure 2. Mu�n3 (80 tasks) comprises 62 tasks from Wei et al. (2021) and 26 new tasks that
we added in this work, including dialog data (Byrne et al., 2019; Anantha et al., 2021; Dai et al., 2022) and
program synthesis data (Yasunaga and Liang, 2020; Li et al., 2022). T0-SF (193 tasks) comprises tasks from
T0 (Sanh et al., 2021) that do not overlap with the data used in Mu�n (SF stands for “sans Flan”). NIV2
(1554 tasks) comprises tasks from Wang et al. (2022c).4

2We use “Flan” to refer to our finetuning procedure. “FLAN” is a model in Wei et al. (2021).
3Multi-task finetuning with instructions.
4We removed 44 tasks related to MMLU (Hendrycks et al., 2020), since MMLU is used for evaluation.

3

Mots-clés = tâches ⇒ apprendre à structurer les réponses
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De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Les ingrédients de chatGPT

3. Suivi de dialogue

Dialog corpus

GPT

Specific training

Dialog follow-up
Coreference resolution
Way of speaking

Reasoning (?)
Censorship / editorial line

▶ Données très propres
(validation des utilisateurs + données générées par des humains)
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Les ingrédients de chatGPT

4. Suivi de dialogue & amélioration des réponses

Question?

 A1
 A2

 A3

 A10

...

PPO

Question

 A1

 A2

 A3

 A10

Score
10

Score
prediction

 A1

6

9

1

Question?

GPT

 A1
 A2

 A3

 A10

...

Multiple
generation

PPO

Scoring

Reinforcement
learning

▶ BD faite par des humains
▶ Amélioration des réponses
▶ ... Aussi une manière d’éviter les sujets critiques
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NLP: Etat de l’art vs few-shot learning

cat dog

Encoder

Pretraining

text

Decoder

words & text
representations

Word prediction; sentence completion; ...

Pretrained Language Model

Massive corpus

= 3%  
   of the corpus

It's raining MASK and PRED

Language Model

Multi-task Language Model

Training on multiple NLP tasks 
(using labeled corpus)

Language Model

new task /
new data

0/few-shot learning

0-10
examples
( )

+

Performance

▶ GPT = le meilleur en 0/few-shot... Mais pas en multi-task !

▶ Les approches multi-task / finetuning sont l’état de l’art (aujourd’hui)
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De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

GPT4 & la multimodalité

Fusionner les informations issues du texte et de l’image. Apprendre à exploiter les
informations conjointement

L’exemple du VQA: visual question answering

⇒ Rétro-propager l’erreur ⇒ modifier les représentations de mots + analyse de l’image
→ + de détails
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De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Limites générales de chatGPT

▶ Manque de véracité / fiabilité
Excellentes performances en moyenne... Mais des erreurs bêtes.

Quelle chance de faire une erreur sur la prochaine question?
Vérité ̸= Vraisemblance – Génération d’hallucinations

▶ Manque de stabilité/prédictibilité
IA des jeux vidéo ̸= machine learning

how old is Obama VS how old is Obama?

▶ Manque d’explicabilité/interprétabilité
Pourquoi cette réponse?

Pourquoi n’a-t-il pas mis de négation dans la phrase?

▶ Manque de transparence
Code privé, pas encore d’article scientifique

▶ Limite dans la dimension des textes
Limite à 2000 mots en entrée (32000 avec GPT-4)
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chatGPT et le rapport à la vérité

1 Vraisemblance = grammaire, accords,
concordance des temps,

enchâınements logiques...
⇒ Connaissances répétées

≈ grammaire

2 Prédire le mot le plus vraisemblable...
⇒ produit des hallucinations

3 Fonctionnement hors-ligne

4 chatGPT = très éloigné des graphes
de connaissances

5 Des réponses brillantes...
Et des erreurs bêtes!

+ on ne sait pas prédire les erreurs
JFK died in 

GPT

1963, he was was assassinated in Dallas ...
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chatGPT et le rapport à la vérité

1 Vraisemblance = grammaire, accords,
concordance des temps,

enchâınements logiques...
⇒ Connaissances répétées

≈ grammaire

2 Prédire le mot le plus vraisemblable...
⇒ produit des hallucinations

3 Fonctionnement hors-ligne

4 chatGPT = très éloigné des graphes
de connaissances

5 Des réponses brillantes...
Et des erreurs bêtes!

+ on ne sait pas prédire les erreurs

Fréquence d'apparition des
connaissances

R
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e 

d'
ha

llu
ci
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n

chatGPT

BERT

JFK died in 

GPT

1963, he was was assassinated in Dallas ...
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De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Stabilité/prédictibilité

▶ Difficile de borner un comportement

▶ Impossible de prédire les bonnes/mauvaises
réponses

⇒ Peu/pas utilisé en jeux vidéo

⇒ ̸= système expert
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Stabilité, explicabilité... Et complexité

Sensor 1

Simple
rules

Sensor 2

Sensor d

Up/Down

Flashing
light

0

...

Vocabulary (huge)

Word sequence  
(= combination)

Aggregation

Word prediction

it's raining cats and dogs

▶ Système simple

▶ Test exhaustif des entrées/sorties

▶ Comportement prédictible &
explicable

▶ Grande dimension

▶ Combinaisons non-linéaires complexes

▶ Comportement non-prédictible &
non-explicable
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Stabilité, explicabilité... Et complexité

Interprétabilité vs Explication post’hoc

Réseaux de neurones = non interprétable (presque toujours)
trop de combinaisons pour anticiper

Réseau de neurones = explicable a posteriori (presque toujours)
roles des entrées dans une décision sur un exemple

[Accident Uber, 2018]

▶ Système simple

▶ Test exhaustif des entrées/sorties

▶ Comportement prédictible &
explicable

▶ Grande dimension

▶ Combinaisons non-linéaires complexes

▶ Comportement non-prédictible &
non-explicable
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Usage en accès à l’information

▶ Demander des informations à chatGPT... Un usage étonnant !

Données / corpus / internet 1 document

Recherche
d'information

Indexation

Requête

Résultats sourcés

Détection
d'opinion

Classification
de documents

Traduction

Extraction
d'entités

nommées

Résumé
automatique

Question
Answering

Knowledge
graph

22/46



De l’IA au machine-learning Deep learning & NLP chatGPT Limites Usages & risques

Usages

Une fois admis le besoin de relecture, comment exploiter l’outil?

1 Développement argumentaire (et recherche de contradiction) [Brainstorming]

Mettre en forme des idées [Consuting, Compte rendu]
▶ Proposition de motivation sur un sujet [Projet de recherche]
▶ Reformulation de paragraphe

2 Assistant pour le développement informatique
▶ Génération de code, recherche d’erreur, ...

3 Assistant personnel
▶ Courrier standard, lettres de recommandation, de motivations, de résiliation...

4 Assistant pédagogique
▶ Wikipedia ++, Proposition de plan pour des dissertations, Explication de code

5 Assistant pédagogique (coté enseignant)
▶ Génération de quizz, plan de cours, ...

6 Analyse de documents
▶ Extraction d’information, question answering, ...
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Usage de chatGPT & Prompting

▶ Interroger chatGPT... Ca s’apprend! = prompting
▶ Bien/mieux poser une question: ... en détails, ... step

by step, ... as a python list
▶ Demander un nombre d’éléments e.g. : 3 qualités pour

..., 5 éléments importants pour...

▶ Ne pas s’arrêter à la première question
▶ Détailler des points particuliers
▶ Résumer, étendre
▶ réorienter la recherche

▶ Reformulation
▶ Explain like I’m 5, plus formel, à la manière d’un article

scientifique, bro style, ...
▶ Ajouter des fautes (!)
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chatGPT: deux manières de gérer/interroger les connaissances

1 Connaissances intrinsèque du modèle
▶ e.g. JFK est mort en...

La réponse est probabiliste, elle est
issue des informations encodées dans
le réseau

▶ Question de la fiabilité, hallucination

2 Analyse de documents externes
▶ Entrée: chatGPT :

document (=contexte) + question
▶ Sortie: réponse attendue
▶ Usage: requête web + analyse,

résumé automatique, reformulation,
compte-rendus...

JFK died in 

GPT

1963, he was was assassinated in Dallas ...
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Typologie des risques de l’IA en TAL (L. Weidinger)
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Quelques risques d’usages de chatGPT

Accès à l’information

▶ Construire une bombe, technique de hacking, ...

▶ Réponses d’examen, ...

⇒ comme wikipedia ou
internet, plus ou moins

▶ Accéder à des informations personnelles relativement inaccessibles

▶ Remise en cause du droit à l’oubli

Génération en masse
▶ Fabrication de fausses informations ⇒ deepfake en version industrielle

▶ Harcellement en ligne

▶ Automatisation de la rédaction de rapport pour les étudiants
▶ Reformulation chatGPT de wikipedia = peu détéctable

▶ Dead-bot / Usurpation d’identité ⇒ Apprendre à parler comme quelqu’un;
Assimiler les données des réseaux sociaux d’une personnne

Biais dans les données et les réponses
▶ Biais dans les réponses 27/46
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Détection des textes issus de chatGPT

▶ Classifieur de texte (comme pour n’importe quel auteur)
▶ Détection des biais dans le choix des mots / tournure de phrases

▶ Caractérisation de la vraisemblance des textes (OpenAI, GPTZero)
▶ Hyper-fluidité des phrases, sur-abondance de connecteurs logiques
▶ Modèle de langue = statistique ⇒ mesure entre distribution (perplexité)

▶ δ-vraisemblance sur des textes perturbés (DetectGPT)

▶ Evaluation vs estimation de la vraisemblance

▶ chatGPT devrait rapidement intégrer des empreintes dans les textes générés

Détecteurs ⇒ < 100% de détection

+ niveau de confiance dans la détection

− depend de la longueur du texte et des modificaitons apportées

≈ détecte des bouts de wikipedia (chatGPT = stochastic parrot)
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Questions juridiques

Lecture, collecte,
mise en forme

Stockage 
(temporaire ou définitif)

Documents, 
données

personnelles,
médicales, ...

Apprentissage d'un
modèle

Modèle appris =
fonction mathématique

Génération de
commandes,

diagnostics, textes,
codes images

Inférence

Responsabilité en
cas d'erreur

Reproductions
d'extraits non

traçablesDroit d'utiliser les
données dans un

algorithme Régulation des
usages

Droit de collecte,
droit de copie, 
consentement

Modèle = émanation
des données ?

Droit d'auteur, droit des
bases de données
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Questions économiques

Financement des sources d’information = publicité

▶ Publicité ⇔ visites des internautes
▶ Google knowledge graph (2012) ⇒ − de visites, − de revenu
▶ chatGPT = encodage des informations du web... ⇒ beaucoup moins de visites?

⇒ Quel modèle économique pour les sources d’information avec chatGPT?
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chatGPT: une simple étape

▶ Cout d’entrainement & réglages
4-5 Million d’euros / apprentissage ⇒ chatGPT est mal appris !

▶ Efficacité sur les données
chatGPT > 1000x les lectures d’un homme dans une vie

▶ Repérer les entités, citer les sources
Ancrage des réponses dans les bases de connaissances

Ancrage des réponses dans des sources

L’IA dans notre pédagogie ・Université Paris-Saclay

Accélération de la diffusion au grand public

11

▶ Multiplication des initiatives: GPT,
LaMBDA, PaLM, BARD, BLOOM,
Gopher, Megatron, OPT, Ernie,
Galactica...

▶ Implication du public,
impact sur l’accès à l’information

31/46



Exemples



Exemples NLP vs Génératif Métrique GPT-4

Encyclopédie statique (+recherche avancée !) [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Encyclopédie statique • manuel de cours

19
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Encyclopédie statique (+recherche avancée !) [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Encyclopédie personnalisée
Restitution de connaissances en réponse à une question

20

Définitions « simples » 

Réponse à la question  
spécifique

Question de comparaison

32/46



Exemples NLP vs Génératif Métrique GPT-4

Encyclopédie statique (+recherche avancée !) [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Encyclopédie personnalisée

21

Définition « simple » 

Réponse personnalisée, qui 
traite la problématique dans la 

question

Question problématisée
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Pédagogie [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Code en R

23
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Pédagogie [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay 37

Définition

Reformulation 
complète du titre


(d’ailleurs fausse en 
partie)
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Détection du plagiat [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Plagiat

16

Définition de Wikipedia

Reformulation par chatGPT
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Hallucination

▶ Souvent sur des connaissances rares ⇒ difficile à mémoriser
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Prise en compte du contexte

28

!
Cet email va être 

adapté à l’interlocuteur 
si on indique un autre 

contexte
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Prise en compte du contexte

29

! "
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay 25

36/46



Exemples NLP vs Génératif Métrique GPT-4

Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay 26
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Des titres (avec contraintes)

30
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay 31

Enchaînement à partir du 
résultat précédent
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay 32

Prompt en language naturel
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Assistant personnel intelligent [S. Pajak]

L’IA dans notre pédagogie ・Université Paris-Saclay

Manipuler des données non-structurées

49
36/46
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Extraction de connaissances

the cat sat on the mat

C
LS

BERT

Token  
embeddings

MLP

IOBES

MLP

Sentence level
classification

Contextualized 
embeddings

▶ Etat de l’art en NER

▶ Efficace sur l’extraction de relation
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Extraction de connaissances
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Extraction de connaissances
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Exemples NLP vs Génératif Métrique GPT-4

Question Answering

Les modèles de langue savent répondre aux questions... Dans un certain contexte :)

▶ Est-il possible/facile d’extraire des
passages avec un moteur de
recherche?

▶ Est-ce une alternative aux bases de
connaissances?

▶ Quelles différences avec chatGPT?

Rajpurkar et al., ACL 2018
Know What You Don’t Know: Unanswerable Questions for SQuAD
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Question Answering & chatGPT
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Question Answering & chatGPT
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Précision et rappel

▶ Précision ↗ = ne pas dire de bêtise

▶ Rappel ↗ = couvrir les informations
pertinentes

▶ F1 = moyenne (harmonique) de la précision et
du rappel
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Modèle multi-modaux
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Mieux comprendre les images, mieux modéliser le texte

Visual Grounding

Comprendre les éléments d’une image
Intégrer du bon sens (common sense reasonning) Modéliser le contexte des mots

41/46



Exemples NLP vs Génératif Métrique GPT-4

Apprendre un système multimodal

L’exemple du VQA: visual question answering

⇒ Rétro-propager l’erreur ⇒ modifier les représentations de mots + analyse de l’image

Compréhension globale / approfondie
Risque de spécialisation /
Oubli de la connaissance générale 42/46



Exemples NLP vs Génératif Métrique GPT-4

Processus de fusion multi-modale

▶ Simple multiplication terme à terme des représentations latentes

▶ Concaténation et mixture complexe

Multiplication
terme à terme
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Processus de fusion multi-modale

▶ Simple multiplication terme à terme des représentations latentes

▶ Concaténation et mixture complexe

Figure 2: MUTAN fusion scheme for global Visual QA. The prediction is modeled as a bilinear interaction between visual
and linguistic features, parametrized by the tensor T . In MUTAN, we factorise the tensor T using a Tucker decomposition,
resulting in an architecture with three intra-modal matrices Wq , Wv and Wo, and a smaller tensor T c. The complexity of
T c is controlled via a structured sparsity constraint on the slice matrices of the tensor.

3. MUTAN Model

Our method deals with the problem of Visual Question
Answering (VQA). In VQA, one is given a question q ∈ Q
about an image v ∈ I, and the goal is to provide a mean-
ingful answer. During training, we aim at learning a model
such that the predicted answer â matches the correct one a!.
More formally, denoting as Θ the whole set of parameters
of the model, the predicted output â can be written as:

â = arg max
a∈A

pΘ (a|v, q) (1)

The general architecture of the proposed approach is
shown in Figure 2. As commonly done in VQA, images
v and questions q are firstly embedded into vectors and
the output is represented as a classification vector y . In
this work, we use a fully convolutional neural network [6]
(ResNet-152) to describe the image content, and a GRU re-
current network [11, 4] for the question, yielding represen-
tations v ∈ Rdv for the image and q ∈ Rdq for the question.
Vision and language representations v and q are then fused
using the operator T (explained below) to produce a vector
y, providing (through a softmax function) the final answer
in Eq. (1). This global merging scheme is also embedded
into a visual attention-based mechanism [8] to provide our
final MUTAN architecture.

Fusion and Bilinear models The issue of merging visual
and linguistic information is crucial in VQA. Complex and
high-level interactions between textual meaning in the ques-
tion and visual concepts in the image have to be extracted
to provide a meaningful answer.

Bilinear models [5, 8] are recent powerful solutions to
the fusion problem, since they encode fully-parametrized
bilinear interactions between the vectors q and v:

y = (T ×1 q) ×2 v (2)

with the full tensor T ∈ Rdq×dv×|A|, and the operator ×i

designing the i-mode product between a tensor and a matrix
(here a vector).

Despite their appealing modeling power, fully-
parametrized bilinear interactions quickly become
intractable in VQA, because the size of the full tensor
is prohibitive using common dimensions for textual, visual
and output spaces. For example, with dv ≈ dq ≈ 2048 and
|A| ≈ 2000, the number of free parameters in the tensor
T is ∼ 1010. Such a huge number of free parameters
is a problem both for learning and for GPU memory
consumption1.

In MUTAN, we factorize the full tensor T using a
Tucker decomposition. We also propose to complete our
decomposition by structuring the second tensor T c (see
gray box in Fig. 2) in order to keep flexibility over the in-
put/output dimensions while keeping the number of param-
eters tractable.

3.1. Tucker decomposition

The Tucker decomposition [24] of a 3-way tensor
T ∈ Rdq×dv×|A| expresses T as a tensor product between
factor matrices Wq, Wv and Wo, and a core tensor T c in
such a way that:

T = ((T c ×1 Wq) ×2 Wv) ×3 Wo (3)

with Wq ∈ Rdq×tq , Wv ∈ Rdv×tv and Wo ∈ R|A|×to ,
and T c ∈ Rtq×tv×to . Interestingly, Eq. (3) states that the
weights in T are functions of a restricted number of param-
eters ∀i ∈ [1, dq], j ∈ [1, dv], k ∈ [1, do]:

T [i, j, k] =
∑

l∈[1,tq ],m∈[1,tv ],n∈[1,to]

T c[l, m, n]Wq[i, l]Wv[j, m]Wo[k, n]

T is usually summarized as T = !T c; Wq, Wv, Wo".
A comprehensive discussion on Tucker decomposition and
tensor analysis may be found in [12].

1A tensor with 8 billion float32 scalars approximately needs 32Go to
be stored, while top-grade GPUs hold about 24Go each.
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such that the predicted answer â matches the correct one a!.
More formally, denoting as Θ the whole set of parameters
of the model, the predicted output â can be written as:

â = arg max
a∈A

pΘ (a|v, q) (1)

The general architecture of the proposed approach is
shown in Figure 2. As commonly done in VQA, images
v and questions q are firstly embedded into vectors and
the output is represented as a classification vector y . In
this work, we use a fully convolutional neural network [6]
(ResNet-152) to describe the image content, and a GRU re-
current network [11, 4] for the question, yielding represen-
tations v ∈ Rdv for the image and q ∈ Rdq for the question.
Vision and language representations v and q are then fused
using the operator T (explained below) to produce a vector
y, providing (through a softmax function) the final answer
in Eq. (1). This global merging scheme is also embedded
into a visual attention-based mechanism [8] to provide our
final MUTAN architecture.

Fusion and Bilinear models The issue of merging visual
and linguistic information is crucial in VQA. Complex and
high-level interactions between textual meaning in the ques-
tion and visual concepts in the image have to be extracted
to provide a meaningful answer.

Bilinear models [5, 8] are recent powerful solutions to
the fusion problem, since they encode fully-parametrized
bilinear interactions between the vectors q and v:

y = (T ×1 q) ×2 v (2)

with the full tensor T ∈ Rdq×dv×|A|, and the operator ×i

designing the i-mode product between a tensor and a matrix
(here a vector).

Despite their appealing modeling power, fully-
parametrized bilinear interactions quickly become
intractable in VQA, because the size of the full tensor
is prohibitive using common dimensions for textual, visual
and output spaces. For example, with dv ≈ dq ≈ 2048 and
|A| ≈ 2000, the number of free parameters in the tensor
T is ∼ 1010. Such a huge number of free parameters
is a problem both for learning and for GPU memory
consumption1.

In MUTAN, we factorize the full tensor T using a
Tucker decomposition. We also propose to complete our
decomposition by structuring the second tensor T c (see
gray box in Fig. 2) in order to keep flexibility over the in-
put/output dimensions while keeping the number of param-
eters tractable.

3.1. Tucker decomposition

The Tucker decomposition [24] of a 3-way tensor
T ∈ Rdq×dv×|A| expresses T as a tensor product between
factor matrices Wq, Wv and Wo, and a core tensor T c in
such a way that:

T = ((T c ×1 Wq) ×2 Wv) ×3 Wo (3)

with Wq ∈ Rdq×tq , Wv ∈ Rdv×tv and Wo ∈ R|A|×to ,
and T c ∈ Rtq×tv×to . Interestingly, Eq. (3) states that the
weights in T are functions of a restricted number of param-
eters ∀i ∈ [1, dq], j ∈ [1, dv], k ∈ [1, do]:

T [i, j, k] =
∑

l∈[1,tq ],m∈[1,tv ],n∈[1,to]

T c[l, m, n]Wq[i, l]Wv[j, m]Wo[k, n]

T is usually summarized as T = !T c; Wq, Wv, Wo".
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tensor analysis may be found in [12].
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Apport de l’architecture transformer en vision

1. Convolution

Filtre d’analyse

▶ Peu de paramètres

▶ Apprentissage des motifs à extraire

▶ Agrégation progressive des échelles
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Exemples NLP vs Génératif Métrique GPT-4

Apport de l’architecture transformer en vision

2. Transformer

▶ Apprentissage des motifs (locaux) à extraire
▶ Analyse des interactions entre les portions d’images

Published as a conference paper at ICLR 2021

Transformer Encoder

MLP 
Head

Vision Transformer  (ViT)

*

Linear Projection of Flattened Patches
*  Extra learnable

     [ c l ass]  embedding

1 2 3 4 5 6 7 8 90Patch + Position 
Embedding

Class
Bird
Ball
Car
...

Embedded 
Patches

Multi-Head 
Attention

Norm

MLP

Norm

+L x

+

Transformer  Encoder

Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).

3 METHOD

In model design we follow the original Transformer (Vaswani et al., 2017) as closely as possible.
An advantage of this intentionally simple setup is that scalable NLP Transformer architectures – and
their efficient implementations – can be used almost out of the box.

3.1 VISION TRANSFORMER (VIT)

An overview of the model is depicted in Figure 1. The standard Transformer receives as input a 1D
sequence of token embeddings. To handle 2D images, we reshape the image x 2 RH⇥W⇥C into a
sequence of flattened 2D patches xp 2 RN⇥(P 2·C), where (H, W ) is the resolution of the original
image, C is the number of channels, (P, P ) is the resolution of each image patch, and N = HW/P 2

is the resulting number of patches, which also serves as the effective input sequence length for the
Transformer. The Transformer uses constant latent vector size D through all of its layers, so we
flatten the patches and map to D dimensions with a trainable linear projection (Eq. 1). We refer to
the output of this projection as the patch embeddings.

Similar to BERT’s [class] token, we prepend a learnable embedding to the sequence of embed-
ded patches (z0

0 = xclass), whose state at the output of the Transformer encoder (z0
L) serves as the

image representation y (Eq. 4). Both during pre-training and fine-tuning, a classification head is at-
tached to z0

L. The classification head is implemented by a MLP with one hidden layer at pre-training
time and by a single linear layer at fine-tuning time.

Position embeddings are added to the patch embeddings to retain positional information. We use
standard learnable 1D position embeddings, since we have not observed significant performance
gains from using more advanced 2D-aware position embeddings (Appendix D.4). The resulting
sequence of embedding vectors serves as input to the encoder.

The Transformer encoder (Vaswani et al., 2017) consists of alternating layers of multiheaded self-
attention (MSA, see Appendix A) and MLP blocks (Eq. 2, 3). Layernorm (LN) is applied before
every block, and residual connections after every block (Wang et al., 2019; Baevski & Auli, 2019).

3
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Opportunité multi-modale

Attention multi-modale:
Mot / Portion d’image

⇒ Modélisation fine

⇒ Distinction éléments /
background

Illustration = encodeur seul (compréhension)

⇒ La même architecture permet d’obtenir du texte ou des images en sortie
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