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Historique générale de I'Intelligence Artificielle

» Deux concepts distincts malgré les liens
> |A: Différentes Définitions
1956 N'importe quel algorithme / programme
1960-2012 Systemes experts et raisonnement logique

2012- Données & réseaux de neurones
Données
Machine-Learning

Deep L.
Réseaux de
Neurones

G. Hinton

A~
A. Turing Marvin Minsky
Ordinateur Réseaux de neurones Deep-learning

J L
LS LS LS

IA: grande variété d'algorithme .
.. . N . . IA = réseaux de neurones
Principalement : Systéme expert / raisonnement logique 2/73

Informatique
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Intelligence Artificielle & Machine Learning

Input (X) Output (Y) Application
email —> gspam? (0/1) spam filtering
audio ——> text transeript speech recognition
English >  Chinese machine translation
ad, user info > click? (0/1) online advertising
image, radar info —= position of other cars self-driving car
image of phone —> defect? (0/1) visual inspection
IA : programmes informatiques qui
s'adonnent a des taches qui sont, pour N-Al (Narrow Artificial
I'instant, accomplies de facon plus Intelligence), dédiée a une tache
satisfaisante par des étres humains car ~ G-Al (General Al) qui remplace
elles demandent des processus I'humain dans des systemes complexes.
mentaux de haut niveau. Andrew Ng, 2015

Marvin Lee Minsky, 1956 3/73
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Big Data (2001): Le défi des données

Caractéristiques supervision

? R
(0]
: f d
5 |~ (O™ ) = pre
k= el
— Instance
L | Random Forest //,/'l‘ ‘\\\\\
P / -
- hidden layers Nl \ d /. % L\
\ \ @ u{\l])m Tree-1 Tree-2 Tree-n
D v
aepam‘ﬂng
iyperplane
4G
Target=Yes

Target=No

Support Vectors ™

Support Vector Machine

4/73



Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Introduction cooeoo0 o0

Réseaux de neurones

Une fonction complexe & protéiforme = Adaptable a beaucoup de problemes

(1) Initialisation aléatoire (& comportement aléatoire)

Rouge

Image brute

Verte

Paramétres de
combinaison
W

5/73
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Réseaux de neurones

Une fonction complexe & protéiforme = Adaptable a beaucoup de problemes

(2) Entrainement lent, long & stochastique

Retro-propagation du gradient
ceemmTIII (1986)

Image brute

5/73
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Réseaux de neurones

Une fonction complexe & protéiforme = Adaptable a beaucoup de problemes

(3) Inférence rapide

Y ol

4

Verte
Rouge

Rouge

5/73
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Deep-Learning = Representation Learning

Enjeu: I'apprentissage de représentation
Comprendre comment des concepts complexes (mot/objet/image) se
positionnent les uns par rapport aux autres

Corpus en sac de mots

| |

d1 1 0 0 <., s
) . . Similarité ++
voiture I
: I
d2 0 01 <: N |:> Q
a e Distance ++
Mémes ."'---............)O
distances S S
ds 0 1.0 Espace vectoriel continu
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Data-to-text Conclusion

grandmother
ocean l

umbrella
backyard keyboard fur
i bicycle
mouse plneapplngh blac% food
fluffy telesc?sgll,/" rainbow
astronaut garden i nfighbor
> vehicule
/ eyes cat v\‘* chase
birds nane guitar

=
C
=5
<
i
mo
woowH

cat o

The fluffy cat napped lazily in the sunbeam.

I adopted a stray cat from the shelter last week.

My cat loves to chase after toy mice.

The black cat stealthily crept through the dark alley.

I often find my cat perched on the windowsill, watching birds.
She gently stroked her cat's fur as it purred contentedly.

Our neighbor's cat frequently visits our backyard.

The playful cat swatted at the dangling string with its paw.
My cat has a preference for fish flavored cat food.

The cat stealthily stalked a mouse in the garden.

My grandmother has a collection of porcelain cat figurines.

Corpus

Méme phrase

PAS méme phrase

Méme phrase

PAS méme phrase

7/73
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Fonctionnement type Word2Vec

» Espace sémantique : signification proche <> position proche
» Espace structuré : régularités grammaticales, logiques, ...

A homme
chats / \
. femme
chiens acteur tu \
chat . i
hi tri I|\ tien
chien . actrice
roi i
ien
\ elle sie
reine .
Rome o .is _ sienne
Berlin
bien > meilleur
Italie
France .
Allemagne mauvais =—>» ;e

Y

Distributed representations of words and phrases and their compositionality, Mikolov et al. NeurlPS 2013 773
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Enjeux Cycle

Introduction oooooco e

Des mots aux tokens
» Probléme de taille du dictionnaire / mots inconnus

» Résistance aux fautes d'orthographe

Décomposition en groupes

de lettres fréquents
token A
O

—

\ 4

Espace vectoriel continu

Bojanowski et al. TACL 2017
8/73

Enriching Word Vectors with Subword Information,



DES MODELES DE LANGUE A
CHATGPT
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Introduction LLM eoo0000000000 Enjeu Cycle

» Nouvelle maniere d'apprendre les positions des mots
> |A générative : traduction, résumé automatique

The fluffy cat napped lazily in the sunbeam.
I adopted a stray cat from the shelter last week.

My cat loves to chase after toy mice.

The black cat stealthily crept through the dark alley.

>
‘“-j I often find my cat perched on the windowsill, watching birds.
- = - She gently stroked her cat's fur as it purred contentedly.
Prediction = ::> ldly Our neighbor's cat frequently visits our backyard.
La er [+ The playful cat swatted at the dangling string with its paw.
Y/ 8 My cat has a preference for fish flavored cat food.
>

The cat stealthily stalked a mouse in the garden.
My grandmother has a collection of porcelain cat figurines.

Corpus

Hidden
Layer

Loss wrt
Ground Truth

Representation
Layer

The fluffy cat napped

Sequence to sequence learning with neural networksy, Sutskever et al. NeurlPS 2014 9/73
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Cycle Extraction Data-to-text Généralisation Conclusion

Passage aux Transformers

Recurrent Neural Network:

hiy1 = heWi + x 1 Wh

h1—>h2—>h3—> —> S

14t

’It's raining cats and dogs |

8

Attention is all you need, Vaswani et al. NeurlPS 2017

Transformer:
+ 110000
/Fully Connected ™\

I
o=,

—/1

—/1 D

1 | Self-attention §'

— Matrix D

— £

Qaij S

—/1 2

4 c

C WL

Token UzHDDDDH

embeddings

’it‘s raining cats and dogs‘
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Passage aux Transformers

Recurrent Neural Network:

hey1 = he Wi + X i Wo

h1—>h2—>h3—> —>' S

14t

’It's raining cats and dogs |

8

Attention is all you need, Vaswani et al. NeurlPS 2017

Cycle Extraction Data-to-text Généralisation Conclusion

Transformer:

+ 0012

Fully Connected

I
v; = Z]: @ijv;

Word
prediction

Self-attention
Matrix

I

a,-j

N\

ez 11111

embeddings
’it's raining cats and MASK‘

Transformer Layer

|

10/73
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Passage aux Transformers

Recurrent Neural Network:

hiy1 = he Wi + xe i Wo

h1—>h2—>h3—> —>' S

14t

’It's raining cats and dogs |

8

Attention is all you need, Vaswani et al. NeurlPS 2017

Cycle Extraction Data-to-text Généralisation

Transformer:
)
nb
transf. _.“
blocks H

() Transformer
block

Transformer
block

word
cross-attn
head

{ It's raining cats and dogs J

Conclusion

10/73
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Passage aux Transformers

Recurrent Neural Network: Transformer:

Layer:| 5 $|Attention:| Input - Input %

The_ The
ht+1 = hW; + Xpi1 W, animal_ animal_
didn_ didn_
hi1—ho—>h3—> —>s t t_
cross_ Cross_
I the the_
street_ street_
because_ because_
L1 T2 L3 L4 L5 it_ it_
was_ was_
T T T T T too_ too_
‘It's raining cats and dogs ’ ?" .

Attention is all you need, Vaswani et al. NeurlPS 2017

10/73
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Architectures génératives / encodeur-décodeur

Token
prediction

h1 ho
> Cout élevé (+beam search)
> 1 appel / token
» Génération au sens du maximum de
vraisemblance

» Principales taches de NLP <
> reformulation en mode génératif

{sﬁop pue s1ed Bulurel s,u}
lapooug
T

11/73
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Architectures génératives / encodeur-décodeur

» Cout élevé (+beam search)

Token > 1 appel / token

rediction T .
P » Génération au sens du maximum de

hq ho vraisemblance

» Principales taches de NLP <
reformulation en mode génératif

[sﬁop pue sied buluiel s,u}
Japooug

11/73
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Changement de paradigme: modeles pré-entrainés

Disponibilité, possibilité de fine-tuning

Pretraining Pretrained Language Model Finetuned Model

Word prediction; sentence completion;

m T Adapted Language
Model
Decoder

hi—ho—>hs—>hy
words & text
representations ki ki hi Language Model

Encoder

assive corpus. It raining MASK and PRED | expected
A target
WWW

R
TR
mnmA OI’pUS

Deep contextualized word representations, Peters et al. NAACL 2018 12/73
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Les ingrédients de chatGPT

0. Transformer + données massives (GPT)

Causal pretraining

[j Transformer G PT

block
{It‘s raining } {It's raining cats } (It's raining cats and }
g
Transformer
block

Inference = completion

B [1963, he was was assassinated in Dallas ... J

[ It's raining cats and dogs]

{Most answer yellow, but orange or red ...
IKIPEDIA= 3%

of the corpus

GPT

[\Nhat is the color of the sun?
Training language models to follow instructions with human feedback Ouyang et al. NeurlPS 2022 13/73
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A‘ Les ingrédients de chatGPT

1. Toujours plus! (GPT)

-+ de mots en entrée [500 = 2k, 32k] =

+ de dimensions (mots) [500-2k = 12k] | blocks

+ de tétes d’'attention [12 = 96 (dim 128)] [:]Sg:fmrmer
+ de blocks/couches [5-12 = 96]

Transformer
block

175 Milliards de parametres... Ca fait quoi?

> small 1.75 - 10" = 300 Go + 100 Go (inférence) ~
400Go

word
cross-attn
head

word
representation
dimension

» GPU NVidia A100 = 80Go de mémoire (=20k€)
» Colit pour (1) entrainement: 4.6 Millions d'€

[ It's raining cats and dogs }

14/73
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Les ingrédients de chatGPT

2. Suivi de dialogue

Specific training

/
_/ .
Dialog follow-up
GPT Coreference resolution
Way of speaking
o ‘/ﬁ
A

Dialog corpus

» Données tres propres Données générées/validées par des humains

15/73
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A‘ Les ingrédien

3. L'affinage sur différentes taches de raisonnement () complexe

Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?
-

Chain-of-thought finetuning

Answer the following question by

reasoning step-by-step. The cafeteria had 23 apples

originally. They used 20 to
Z make lunch. So they had 23 -

/ 20 = 3. They bought 6 more

apples, so they have 3 + 6 = 9.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,

how many apples do they have? Language

model

Multi-task instruction finetuning (1.8K tasks)

Inference: generalization to unseen tasks
Geoffrey Hinton is a British-Canadian
computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

Q: Can Geoffrey Hinton have a
conversation with George Washington?

Give the rationale before answering.

16/73
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Les ingrédients de chatGPT

4. Suivi de dialogue & amélioration des réponses

@ ’ 3
! A1 \
‘ Score 1 A2 —_— :
prediction 1 A3 1
1 &
Score ' ¢ :
Al 10 : A10 .
Al ! i Scorin :
A2 [6 i Multiple 9 !
A2 1 eneration
A3 + ' g 1
A3 ' :
1
A10 Al 1 Reinforcement :
¥/ ! learning '
A10 - 1
1
L\

[} £
N Question a @
s ~
"""""" Chat GPT

» BD faite par des humains
» Amélioration des réponses
» ... Aussi une maniéere d'éviter les sujets critiques 1773
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GPT4 & la multimodalité

Fusionner les informations issues du texte et de I'image.
Apprendre a exploiter les informations conjointement
L'exemple du VQA: visual question answering

4096 output units from last hidden layer 1024
(VGGNet, Normalized)

1024 1000 1000

" = Fully-Connected
Convolution Layer Fully-Connected MLP
Pooling Layer  + Non-Linearity Pooling Layer

Convolution Layer
+ Non-Linearity

112 »

2X2X512 LSTM

.
I ‘I ‘I ‘I |
> > > >
Fully-Connected

“How many horses are in this image?”

1024

Pﬂif‘ti‘”isle Fully-Connected Softmax
multiplication

Rétro-propager I'erreur = opti. représentations de mots + analyse image s



Conclusion
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A‘ Usage de chatGPT & Prompting

» Interroger chatGPT... Ca s'apprend! = prompting
> Bien poser une question: ... en détails, ... step by step
> Spécifier nb elts e.g. : 3 qualités pour ..., 5 éléments
pour... _ _ P
> Poser un contexte : cellule pour un biologiste / ChatGPT Mega-Prompt
assistant juridique R

Simulate Persona

Task

» Ne pas s'arréter a la premiere question

> Détailler des points particuliers
> réorienter la recherche

Steps to complete task

» Reformulation
> Explain like I'm 5, plus formel, a la maniere d'un
article scientifique, bro style, ...
» Résumer, étendre
> Ajouter des fautes (!)

https://chatgptprompts.guru/what-makes-a-good-chatgpt-prompt/

19/73
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Vers du few-shot learning

» Apprendre sans modifier le modele = exemples dans le promt

Few-shot Prompt

Classify these conversations:

Text: My service was awesome.
Label: | positive /

Text: My order never arrived.
Label: [ positive. )(

Text: Thanks for great service!
Label: | positive

Text: Horrible customer service!

Label: <= x

S J

20/73
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chatGPT et le rapport a la vérité

Vraisemblance = grammaire, accords,
concordance des temps,
enchainements logiques...
= Connaissances répétées
/2 grammaire

{1 963, he was was assassinated in Dallas ... ]

Prédire le mot le plus vraisemblable...

= produit des hallucinations "
~¢ /7\.
. . e To, paris ¢/ LA A4
Fonctionnement hors-ligne e ;
n Yitey Mice =
chatGPT =
Place Bil{ \ pona -
loin des graphes de connaissances LIPS
grap @ @@ _
Des réponses brillantes... @ U\‘

Et des erreurs bétes!
-+ on ne sait pas prédire les erreurs 21/73
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|A Génératives: comment évaluer les performances?

Le point critique aujourd’hui

» Comment s'évaluer par rapport a une vérité terrain?

» Comment évaluer la confiance du systéme / vraisemblance de la génération 7

0.0020 2 I 1 | 1 1 I 1 [
I FashionMNIST-TRAIN
B FashionMNIST-TEST

0.0015 - WM MNIST-TEST

0.0010 -
0.0005 -

0.0000 -, ! " ] | | ] 0
-4000 —-3500 —3000 —2500 —2000 —1500 —1000 -500

log p(X)

Vraisemblance

22/73
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Stabilité/prédictibilité

» Difficile de borner un comportement

» Impossible de prédire les bonnes/mauvaises réponses

= Peu/pas utilisé en jeux vidéo

how old is Obama

Barack Obama was born on August 4, 1961, making him 61 years old as of February 2,
2023.

23/73
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Stabilité/prédictibilité

» Difficile de borner un comportement
» Impossible de prédire les bonnes/mauvaises réponses

= Peu/pas utilisé en jeux vidéo

how old is obama?

As of 2021, Barack Obama was born on August 4, 1961, so he is 60 years old.

and today?

G| As alanguage model Al, | don't have real-time access to current dates. However, Barack 23/73



Introduction Enjeux ©0o0o0®000OO0OO

Stabilité, explicabilité...

Cycle Extraction Data-to-text

Et complexité

th cahl
An?“Sand Betie
: g m N
S S/r X S
/ady

Pight

Vocabulary (huge)

énéralisation

Conclusion

sensor1 [ Up/Down it's raining cats| Aggregation and dogs
Sensor 2 Simple ‘ Flashing Lyl 81888
rules ‘ light 8
0 Word sequence

Sensord | ()

(= combination)

Word prediction

» Systeme simple » Grande dimension

> Test exhaustif des entrées/sorties » Combin. non-linéaires complexes

> prédictible & explicable » non-prédictible & non-explicable

24/73
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A‘ Stabilité, explicabilité... Et complexité

Interprétabilité vs Explication post'hoc

Réseaux de neurones = non interprétable (presque toujours)
trop de combinaisons pour anticiper
Réseaux de neurones = explicable a posteriori (presque toujours)
roles des entrées dans une décision sur un exemple

[Accident Uber, 2018]
» Systeme simple » Grande dimension
> Test exhaustif des entrées/sorties » Combin. non-linéaires complexes

> prédictible & explicable > non-prédictible & non—explicablgm
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Transparence

» Les poids du modele (open-weight)... = mais pas que les poids

» Les données d'entrainement (BLOOM) + distribution + instructions
» Techniques d'apprentissage

» Evaluation

Foundation Model Transparency Index Scores by Major Dimensions of Transparency, 2023

Source: 2023 Foundation Model Transparency Index

OOMeta (&) [sssdene  @)OpenAl  stability.ai  (GO0gle  anthromc  ®cohere  AlRflabs Inflection @Mazon

Llama 2 BLOOMZ GPT-4  Stable Diffusion2 PaLM 2 Claude 2 Command Jurassic-2 Inflection-1 Titan Text Average

Data  40% 60% 20% 40% 20% 20% 20%

Labor 29% 17%

Compute 57% 7%

5 Methods 8%

§ Model Basics 63%
§
g

£ Model Access 7%
d

% Capabilities 62%

K Risks 24%
§

£ Mitigations 26%

5 Distribution 59%
§
s

Usage Policy 40% 20% 80% 40% 60% 60% 40% 20% 60% 20% 44%

Feedback | 33% 33% 33% 3% 33% 33% 33% 33% 33% 30%

Impact 1%

Average 57% 52% 47% a47% % 39% 31% 20% 20% 13%

25/73
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Biais dans les données

» Biais dans les réponses

Oreilles pointues, Homme blanc, +40ans,
moustaches, texture de poils costume
Chat Cadre supérieur

Le machine-learning est basé sur |'extraction de biais statistiques...
= Lutter contre les biais = forcer I'algorithme a la main 273
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A‘ Machine-learning & biais

Biais dans les données

» Biais dans les réponses

The nurse and the doctor = L'infirmiere et le docteur

» Choix du genre
» Couleur de peau

» Posture
> .

Le machine-learning est basé sur I'extraction de biais statistiques...
= Lutter contre les biais = forcer I'algorithme a la main 2673
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Correction des biais & ligne éditoriale

Correction des biais: VAN N
» Sélection de données spécifiques, ré-équilibrage éﬁ '
» Censure de certaines informations FAIRNESS
» Censure des résultats de I'algorithme =

= Travail éditorial...
Effectué par qui?

» Experts métiers / cahier des charges ‘

» Ingénieurs, lors de la conception des algorithmes
» Groupe éthique, lors de la validation des résultats

» Groupe communication / réaction aux utilisateurs

= Quelle légitimité? Quelle transparence? Quelle efficacité?

27/73
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Enjeux

0000000 @O0

Cycle Extraction Data-to-text Conclusion

Risques/Questions juridiques

AT
Documents,
données
personnelles,

3 médicales, ... )

Droit d'auteur, droit des

bases de données

Lecture, collecte,
mise en forme

Apprentissage d'un

Modeéle appris =
modeéle i

‘onction mathématique ’ EleS ‘

QOO0O
QOOOO

N
O
O X
O
O

RLRREP

{ Stockage

(temporaire ou définitif)

Droit de collecte,
droit de copie,
consentement

E © Générationde
commandes,
diagnostics, textes,

codes images

\

%

Reproductions
Droit d'utiliser les ot d'extraits non
données dans un Analytica. tragables
algorithme ) ]
Clearview.ai Régulation des
usages
Modele = émanation //—\
des données ? S 'é\ ’§ 5 Responsabilité en
‘U cas d'erreur

28/73
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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?

Google Knowledge Graph aurait causé une baisse
du trafic de Wikipedia en 2013

stats wikimedia o

ﬁ- Sutaume Balfiars . m"gf;r‘f;‘;n milien  Page Views on English Wikipedia (x 1000,000) Jan 2008 Dec 2013
— nan moabile
10000 | | == maobile
— total N__/ ,\-\__,_
8000 /\\,v,/‘ ~— | /\,\
5000 BN LN
4000
2000 L —
|
e
[

z008 2008 2010 2011 2012 2013 2014
netrics have heen normalized to manths of 30 days (Jan®20/31, Fab®(29{301/28, Mar®30/31, atc

= Quel modele économique pour les sources d’information avec chatGPT? o



CYCLE DES DONNEES:
EXTRACTION

D’ INFORMATION
GENERATION DE TEXTE
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Cycle de l'information entre |'humain et la machine

Humain et machine: des modalités différentes, quel traducteur?

» Extraction d'information: actif depuis les années 80 [regex, pattern, etc...]
= révolutionné depuis 2012
> Génération de textes: idéal ancien, possibilités récentes [2014]

Données structurées, @
indexées S
- o B N\
am
i Ontologles
FXtraCtlo_n 4owledge Graph Data-to Text
d'information | ‘

&\] @ oA

(" Données sémantiques

e~

30/73
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Enrichir les bases de connaissances

Données structurées, @

Extraction /[

d'information | Extrapoler des informations &

l'intérieur du graphe

- -
|| \
L

Knowledge Graph

31/73
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Enjeux autour des bases de connaissances

Steve Jobs

» Construire des bases de
connaissances

» Raisonner: regles + inférence
logique, ontologies, systemes
experts

Spouses)

Partner(s)

32/73
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Enjeux autour des bases de connaissances

Source Target
» Construire des bases de Ontology Ontology
connaissances
» Raisonner: régles + inférence o
Iogiquev ont0|ogiesy SySt\emes icla mean of thransport
experts ortot
P - f C

[ winged vehicle ]—I [ wheeled vehicie Ja-#-{ wheeled | [ unwheeled |
‘ =R S
is a

is a is a

» Connexions w/ Machine Learning

> Alignement / fusion
> Plongement / TransE

1 Xiaojing Wu, Xingsi Xue, and Wenyu Hu (2021). “Argumentation Based Ontology Alignment Extraction”.
In: Advanced Machine Learning Technologies and Applications. 1SBN: 978-3-030-69717-4
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» Construire des bases de
connaissances

» Raisonner: regles + inférence
logique, ontologies, systemes
experts

» Connexions w/ Machine Learning

> Alignement / fusion
> Plongement / Transk

1 Antoine Bordes et al. (2013). “Translating embeddings for modeling multi-relational data”. In: NeurlPS

C
ouniry
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Du texte au connaissances structurées

Données structurées
indexées S

>

Ontologies \ \

/ \
Knowledge Graph ‘ Data-to- Text

//

o

(" Deiinées sémantiques
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Conclusion

Challenges autour de |'extraction d’information

Founder

N > Segmenter les entités

Steve Jobs founded Applein San Francisco . > |dentifier et/ou typer les entités
PER ORG Loc

w » |dentifier 4 classer les liens

Physical Location

» Défi de la segmentation: e.g. New York Times
> Polysémie
» Fautes d'orthographe = Morphologie + sémantique + contexte

Boston

»

Philadelphia

?"’(ﬁ&}j}m

»
‘““\DElpmA

34/73



Introduction Enjeux Cycle Extraction 00®00000 Data-to-text énéralisation Conclusion

Extraction des entités nommées

(steve ][ obs | [founded | [ apple ][ in ][ san | [ancisco | [ . ]
(Bper J (P J( o ][ sors |[ o [ Btoc J[ Etoc |[ o |

I0BES: O = Other (notin an entity)
B = Beginning | = Inside E=End S =Single

Révolutions successives: représentation des mots & contextualisation

T = Pretrained word embeddings
é é) o A) (Huang 2015) SENNA
L S

. — ) —’—{ = Character-level word embeddings

g‘LL%ﬂ: ﬁ )< )i o ],‘[ tn Jet{ tsan Jef{(trancene ) (Lample 2016) SENNA + char-BiLSTM

[ 'Y
((Tsee Jo[ s }[»[ hounssa (Vg ]I—[ J{ }I—[ ][ * Contextualized embeddings
[ LCXS L@S Lé Eg [N 4}5 (Peters 2018) ELMo
(Akbik 2018) Flair

\,‘:mf? ) @ ) @ ] (Devlin 2019) BERT

Embeddings Steve Jobs  founded Apple in San  Francisco

2 Bruno Taill¢ (2022). “Contextualization and Generalization in Entity and Relation Extraction”.
PhD thesis. Sorbonne Université 35/73



Introduction Enjeux Cycle Extraction 00®00000 X Conclusion

. char-CNN word representation (ELMo[0]) ]
. BiLSTM LM ata word level BERT.ance (Deviin 2019) 928
. Weighted sum fusion (learned weights)
ELMo (Peters 2018) 92.2
. . Flair (Akbik 2018) 92.0*
Flair (Akbik 2018)
" BiLSTM LM ata character level TagLM (SENNA +LM) (Peters 2017) 91.9
Ll Word represented with the concatenation of its ends
SENNA + char BiLSTM (Lample 2016) 90.9
BERT (Devlin 2019) SENNA (Huang 2015) 88.8
. Transformer LM at a subword level (WordPiece)
. Masked LM and Next Sentence Prediction
. BERT agrce feature-based = frozen LM

(Peters 2018) Deep contextualized word representations, NAACL-HLT 2018
(Akbik 2018) Contextual String Embeddings for Sequence Labeling, COLING 2018
(Devlin 2019) BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, NAACL-HLT 2019

Une tache résolue?
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Superposition lexicale: apprentissage vs test

Proportion of mentionsin test set are seen duringtraining.

3 types of mentions: ) )
Train: Georges Washington (PER)

Exact match Mention seen with the same type Barack Obama (PER)
Partial match At least one non stop-word seen in a Test: Donald Trump (PER)
mention of same type Barack Obama (PER)

Georges Bush (PER)

New All non stop-words are new Washington DC. (Loc)
Obama (PER)

(Augenstein 2017) Generalisation in named entity recognition: A quantitative analysis, CSL 2017
(Moosavi2017) Lexical Features in Coreference Resolution: To be Used With Caution, ACL 2017
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Superposition lexicale: apprentissage vs test

B EXACT M PARTIAL NEW

52% 20% 28%

ONTONOTES* \ 69% 20% 11%

CoNLLO3

ONTONOTES* ‘ 22% 28% 30%
Training on

CoNLLO3

WNUT* 88%
WNUT* 7% 15% 78%
raining on

CoNLLO3
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Séparation des performances: les résultats

OntoNotes* WNUT*

CLM +9.6 % CLM +18.4 %

CNER +7.3 % CNER +5.0 %
100 100

90 _ CNER +CLM +11.2% % CNER+CLM +145%
80 80
70 — M 70
60 60
50 50
40 40
30 30
20 20
10 10

0 0 |- - E-. -
EM PM New All EM PM New All

OMap + ELMo[0] ®mMap+ELMo mBILSTM+ELMo[0] mBiLSTM + ELMo
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Founder

N

Steve Jobs founded Applein San Francisco .
PER ORG LocC

'\/

Physical Location

[0 [0 [ ey = e e = [

[ @ ] [Stevelobs ] [ founded ][ Apple ]

Left Object Middle Subject Right

| MLP I

Founded by
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Superposition des ensembles d'apprentissage & test

NER Seen Exact Match with the same type
(Augenstein 2017, Taillé 2020)

RE Exact Match Triple (head, predicate, tail) exactly seen during training
Partial Match (head, predicate, ...) or (..., predicate, tail) seen during training
Otherwise
Test Mentions Test Relations
100 100
90 90
80 80
70 70
60 60

50 50

40 40

30 30

20 20

: E = =
0 0

ACEO5 CoNLLO4 SciERC ACEO5 CoNLLO4 SciERC

mSeen mUnseen W Exact M Partial = New

Relation Extraction vs End-to-end Relation Extraction /s
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Superposition des ensembles d'apprentissage & test

ACE 05 CoNLLO4
100 100
90 90 i
80 80
70 70 i
60 1 60 i
50 50
40 40
30 30
20 20
10 I 10
0 0
Seen Unseen Exact Partial Seen Unseen Exact Partial All
NER RE Boundaries NER RE Boundaries
mheuristic ™ EntSpERT = SpERT = TABTO = PURE Bheuristic WENtSPERT MSpERT mTABTO M PURE

Relation Extraction vs End-to-end Relation Extraction
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De nombreux défis autour de I'extraction d'information

v

Extraction des entités & des relations [These de B. Taillé]

> Etiquetage distant / auto-supervision des modeles [Theése de M. Sahraoui]

v

Reconnaissance d'entité dynamique (dont la classe change)
[These de T. Luiggi]

> Contextualisation des entités / désambiguisation
[These de T. Luiggi/T. Herserant]

» Exploitation des IA Générative pour la tdche / mesure de performances
[These de T. Luiggi/T. Herserant]

= Une problématique tres ouverte
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Un processus complexe en plusieurs étapes

Données structurées, ﬁh
indexées o

—___ XX
- _ 4 (1 - )\ —
Extraction ’// /’ % ontologies \\\\ ( E .
5 . |/ Knowledge Graph V) {Data.to.Text - —
_d'information | | | N ) \\
AN 4 1. Représentation du tableau ' |
T @ — & 2. Selection des information | |
NN 3. Planification I
(- Données sémantiqles 4. Mise en forme du texte
/)

@ Q,ifj/
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Exemple (1)

A Hierarchical Model for Data-to-
Text Generation

®

Type Long Paper A Hierarchical Model for

|,  Data-to-Text Generation
Soulier; Geoffrey Scouthesten: @ (RebUffel et al) will be
— published at ECIR 2020

Published 14 April 2020

Conference 42nd European Conference on
Information Retrieval

©@®

Content Selection
Macro-planning

Surface realisation

Sentence aggregation

Data abstraction/interpretation

VVYVYVYY

42/73



Introduction Enjeux Cycle Extraction Data-to-textoO®# 00000000000 ralisation Conclusion

Exemple (2)

Fund  Benchmark Excess Allocation Selection | FXrates CGT Prov  Residual
OFFICIAL PERFORMANCE (net) 196%
OFFICIAL PERFORMANCE (gross) -195% MANAGEMENT EFFECTS -081% -142% 045% 0.01% -0.08%
INTERNAL PERFORMANCE -2.2

Reference Benchmark
Repart Currency

SECURITY LEVEL - BIGGEST CONTRIBUTORS TO EXCESS RETURN SECURITY LEVEL - BIGGEST DETRACTORS FROM EXCESS RETURN

Ceomparyy Name Grouping Perf Var(w) Effect Comparny Name Grouping Perf var(w)

China Pacfic Insu Finewale 1343 315 025 Nan Tech Dev Co bakartnale 6548 326

Shanw Lu'an Envir Enerpy 1482 212 Shandong Dengha S Consemer Stxes 4N L76

Anhul Conch Cement Mutrr oz 1341 2% Z1e Corp vt Tadrolyy 4938 168

China Minsheng Ban Finaosle 1061 i Mesnac Coltd akarriale 917 154

nzreng [ne'gv Res Enevgp 1361 220 Yunnan Bayao Grp Flah Lave 68 L70

llangsu Yueda nv Aoty 1178 224 Jangw Aoyang Tec AMawnns -1477 e

Poly Real Estate G Finawsls 914 1% Fujian Septwolves Coreurner Dkecrodonary 766 146 020

Xingang 8a 1 Iro Aass 16689 o Tiangin Tasly Phar Hooth) Core 911 L06 017

China Nonfemous st 1384 0% XI A0 pero-Engine Sxkarnaie 310 L8 -018

China Baoan Group Ittt 1734 061 Ping An Insurance Finaxssls 1327 -196 015

SECTOR LEVEL - BEST ALLOCATION DECISIONS In January (30/12/2011 to 20/1/2012), Flexifund Equity

Grouping Var(W) Segm Perf  Effect China A rose in value by 3.48% compared to a gain of fu

Health Care 224 553 025 5.34% for its index in Euro terms. Both asset |2
cnsumer Discretic -85 12 . . N

E::‘;‘: RUCEIE ,‘,: 275 E:: allocation and stock selection detracted from relative |°

Industrials 019 sn a0l performance, as the market focused on oversold or |

Utties Lr] 167 001 cyclical themes, due to better global risk appetite and |’

SECTOR LEVEL - BEST SELECTION DECISIONS more posmve economicnews.

Grouping PF Per]  BM Perf . . a

oy 353 T From a sector allocation perspective, | ... ] 5

Information Technology 193 263 Matenals 737 1115 03

o 201 Consumer Discretionasy 219 V) 02  43/73
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Exemple (3)
i)

Player MIN ORTG usG% PTS G 3PT T OREB DRES 10 AST BLK STL PF

Pascal Siakam 45

Kawhi Leonard F 41

Mare Gasal

Kyle Lowry

Danny Green 5

= 22 6.4 %1 1 1 o o
P ns. 15 1 v Z < 1 1 i v L B
G 1 0« o2 P 0 1 1 0 2 0 2
Game Tatal 240 - - @ 3982 1333 " 28 12 25 2 8 23
® (Golden state warriord2-4)
Player MIN ORTG USG% PTS FG T T OREB DREB TO AST BLK STL PF
Draymond Gruwn 44 7.9 12.0 11 2 o7 2 . 2 12 9 3 i
Andre Iguodalo + n n.a 2 3 > g r 1 2 1 o -
Kevon Looney © 27 1094 132 £ 00 %) 2 1 1 4 1 1 2
Stephun Curry G 42 1133 237 21 617 31 5 1 2 3 7 1 2 3
Klay Thompson 22 1908 30 212 010 1 2 2 /] g rd 2
i e 9 “7 The Toronto Raptors defeated the host Golden State
> . 83 o 20 Warrior, 114-110, in Game 6 of the NBA Finals at
: o A__ oA e na ORACLE Arena on Thursday.[...]
0 a4 [ (X 1 ]
3 L L The Raptors (4-2) were lead by Kyle Lowery, as he
0 Lo o0 accrued 26 points, seven rebounds, 10 assists and
Game Total 240 3920 na 2120 three Stea|S []

[.] 4473
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Comment aborder les données structurées ?

The Toronto Raptors defeated the host Golden State
Warrior, 114-110, in Game 6 of the NBA Finals at
ORACLE Arenaon Thursday.[...]

The Raptors (4-2) were lead by Kyle Lowery, as he
accrued 26 points, seven rebounds, 10 assists and
three steals.[..]]

> R Resume
1\ > T Table

[.]

Decoder
words & text ¢
representations 1 hi 1 H P(R ’ T, (9) = H P ()/i | y<is T, ‘9)
i=1
Encoder
ol O —— Comment encoder la table?
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Linéarisation de table & pre-training

Country PTS
Germany 2 [(0, Country, Germany), (0, PTS, 2), (1, Country, Argentina), (1, PTS, 0)]
Argentina 0

chmbcr —@

%iﬂhl}uc @ \<® Input: A ( birthPlace F ( country G ) ) ( birthDate

E ) ( mission B ( operator D ) ( crewMember C) )

(Narayan and Gardent et al. 2020) Deep Learning Approaches to Text Production
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Enjeux Cycle Extraction

Introduction

Linéarisation de table & pre-training

ralisation Conclusion

Udinese
Caicio 3
e changions <0x Juventus F.C.
% o lletti <p> club <0> Udinese
\\ < a‘o " mAnAger NCEAnG
Sere A \ R4 > league <0> 3erie A
~ -~
g o, &
2 NG i AS Roma play in the Sesie A league where Juventus FC are T
N the champions. Their manager is Lucano Spallett who has
5 been associated with Udinese Cakio. Decoder
Juventus FC A.S. Roma
words & text
train infor r | train request i
= = i representations
o QMWD =181 | eeeeeeeeeeeseeeeeeeesseesees s
The dlosest arrival time | can give you is 11:51 , is that En r
e Lol ok 7 And how many tickets would you like ? code
Table Title: Crigthian Stuani text
Section Title: Intemational goals
MNa. Date Venue ‘Oppawm Aosult
oy "‘"'“7":“
nbernalio
2 November Stagium, Jordan 50

13 Amenan, Jordan

On 13 November 2013 Cristhian Stuani netled Lhe second in @ 5-0 win
In Jordan.
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Amélioration: encoder & sélectionner les valeurs du tableau

George  Mikell is an  Australian actor -'_"_pPEfP_'Eﬁ__ U U U ______ D D ]
-dual attentlon' 4
)

'
vector '
'
V
1

[ DY I I I I PP B N N
<os> Gedrge Mikell is an :Australlad .Embﬁdmg’f - Dual attention
Description Decoder

|
|

'

et - '
: ' 1
i <41~k
'

EEN-- HEE

Word level attention

BEER-- BEERR
Field level attention

[name, {rame, (birthname, {known for, (<nown for, (known for
12) 21) 1,2) 5,3) 6,2) 71)
Field-gating Table encoder

» Scores d'attention sur les mots et les champs de la table
= Apprendre a encoder + sélectionner les informations

(Liu et al. 2018) Table-to-text Generation by Structure-aware Seq2seq Learning /73
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Amélioration: encoder & sélectionner hiérarchiquement

KD
129000
ENT
ENT
ENT
ENT

g™
< E
{ Transformer encoder (B Monewel
\’A”’”"""”"”"”"”"”"’A ””””””””””” AT
...... & A |
w w
low-level
encoder entity 2 entity n
l Transformer encoder
””””””” ;’”"”;’”"”"”"”"”’"r"”"r"’"
"""

» Encodage hiérarchique sur Rotowire (stats des joueurs match basket):
» Encodage d'une case du tableau - ref. colonne
> Encodage d'une ligne du tableau (token [ENT]) - ensemble du joueur
» Encodage du tableau

(Rebuffel et al. 2021) A Hierarchical Model for Data-to-Text Generation, ECIR 2021 48/73
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Et au bout du compte?

>
>

= i J
Generate in English: <S> Trane <P> founding date ! |
20> 1913-01-01 <S> Trane <P=> location <O= Ireland ! | Trane, which was founded on January 1st 1913 in
|<”83 Trar_1e <P> foundation place <=0O> La Crosse, H }_. La Crosse, Wisconsin, is based in Ireland. It has
Wisconsin <S> Trane <P> number of employees <0> : I 29,000 employees.
29000 ! )
1 I
. i I
Generate in Russian: <5= Trane <P= founding date : I Komnakua "Tpake”, ochosarwas 1 aHeapa 1913
<0> 1913-01-01 <5> Trane <P> localion <O> Ireland [ i rona & Nla-Kpocee B Wrare BUCHOHCHH, HAXOAWTER
<S> Trane <P> foundation place <O= La Crosse, ] 1 " a Wpnanamn. B komnasun pabotamnt 29 Teicad
Wisconsin <S> Trane <P= number of employees <0= i ! YENOBEK.
29000 | T5 base |
i I
I
i :
Trane, which was founded on January 1st 1913 in La ! ' ‘g’ Irane ‘E’ lfoum?hng dc?tel ‘?’ ;9183‘?‘01
, lEEGrai § in Ireland, It i I <S> Trane <P=> location <O> Ireland <5= Trane
c 09’159' Wiscongin, is based in Ireland. It has 29,000 ]I | *| <P= foundation place <0> La Crosse, Wisconsin
SMPIoYeas. : : <85> Trane <P> number of employees <O> 29000
i I
- - !
Komnanuwa "Tpane”, ocvosaHHan 1 aveapa 1913 ropa } : <5= Trane <P> founding date <O> 1913-01-01
8 Jla-Kpocce B wrare BUCKOHCWH, HAXOOWTCA B : I <S> Trane <P> location <O= Ireland <S= Trane
VpnaHamK. B koWnaiiu paboTaioT 20 ThicRd i I <P= foundation place <0> La Crosse, Wisconsin
YEMOBEK. ! | <35> Trane <P> number of employees <Q= 29000
]

T5: un modele tout en un dédié aux traduction des données structurées
Passage D2T et T2D possible avec le méme modele

(Agarwal et al. 2020) Machine Translation Aided Bilingual Data-to-Text generation and

Semantic Parsing
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Grandes pathologies de la génération de texte

Attribute | Value
Birthplace | Utah, America

Position Jforward (soccer player)
Omission Hallucination
A soccer player, who plays as a forward. A Utah forward, from the national team.

> Texte généré contient du texte

» Contenu attendu mais manquant divergent de la table
dans le texte généré > Textes de références souvent
divergents

» Des connaissances issues du LLM interferent
» Sur-apprentissage de pattern de sélection de la base d'apprentissage

(Liu et al. 2019) Example from Towards Comprehensive Description Generation from Factual

Attribute-value Tables
50/73
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Améliorer la génération par la planification

» Guidage = lutte contre les
hallucinations

Génération d'un plan
(séquence ordonnées de
clés-valeurs)

Génération du texte final

Variante : génération
séquentielle d'un élément du
plan et de la phrase associée

Content
Planning Text
Network Decoder
Col1 Col2 Record # e Hhuson Rockers
Row1 +¢ u Record v Lﬁfﬁ";ﬁ,ﬂ?ﬁs
Row2 & v Record m s mi g;e::e

Pgen (a7, 2,¥<4)

Peopy 047, 2,¥<4) m 7
Plan
ttention

ﬁgﬁﬁ
99 EEE

®Encoder I Decoder Ml Vector © Content Selection Gate

i B
©

. Ty £0s

Text
Generation

ContentPlan

Content
Selection &
Planning

(Puduppully et al. 2018) Data-to-Text Generation with Content Selection and planning.

(Puduppully et al. 2022) Data-to-text Generation with Variational Sequential Planning

p(yIr.z)

Encoding J

Généralisation Conclusion

p(z|r)
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Optimiser directement la génération

Trouver la bonne métrique:

PARENT

métrique d'appariement
entre le texte généré et les
données structurées
(n-grams, co-occurrences)

Optimiser la métrique non
dérivable

= Apprentissage par
renforcement

(Rebuffel et al. 2020) PARENTing via Model-Agnostic Reinforcement Learning to Correct

[ P

.

Cross-Entropy

RL loss l‘?‘ased on PARENT, ‘

L =L+ (1 =) Lo

2]

—_
Decoder
words & text
representations b1 hi b1 H
—\
// Encoder \\
/ \

eessce

52/73
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Distinguer les hallucinations lors du décodage

df =RNN'(d! |, [pe-1,2))
Content- 5o
d = Z wid!
focused =
decoder

Encoder

—next

word

Weighted sum

Architecture multi-branches

» Supervision trés fine des phrases générées
» Séparation des différents générateurs (RNN) + Scores
»> Balance lors de la génération

(Rebuffel et al. 2022) Controlling hallucinations at word level in data-to-text generation,
DMKD 2022 53/73



Introduction Enjeux Cycle Extraction Data-to-texto 000000000000 ® énéralisation Conclusion

Apprentissage contrastif

Lutter contre les hallucinations en Question-Answering

Modele conditionné a la table et la question

Modele simple (conditionné par la question seule)

Donnée structurée (entrée) Texte attendu Texte bruité

<H> AMC_Matador <R> The AMC Matador's body style | The Alc Matadoris a Spanish
bodyStyle <T> Coupé is Coupé bourgeois coupe.
name[Clowns] Clowns is a coffee shop which | Cats and coffee shop, and the
eatType[coffee shop] offers fast food and has high fast food place, Clowns, is
food[Fast food] customer ratings, and may be located near Clare Hall. Itis in
customer rating[high] found near Clare Hall in the the riverside area. It has a high
area(riverside] riverside area customerrating.

near[Clare Hall]

= Apprendre a éliminer les hallucunations = cout contrastif entre générations
= PPO/DPO pour I'apprentissage

(LeBronnec et al. 2024) Rédaction en cours :)

54/73
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Usage en acces a l'information

Google information x @ Q
s @ Actusiés s Mives @videos iPus ouss

10000000 résuitats (0.30 secondes)

* information
1. Action diinformer quelqu'un, un groupe, de le tenir au courant des
n événements : La presse est un moyen diinformation. 2. Indication,
Requéte i écision que I que fon obtient sur
quelqu'un ou quelqy : Manquer les causes
d'un accident.
- information, informations - Dictionnaire de frangais Larousse

Processus dynamique, © Auors o o B o
nombreuses MAJ, suivi i
des actualités

Franceinfo - Actualités en temps réel et info en direct

Pour savoir c@ qui se passe maintanant - Toutes les infos réos minute par minute parla
rédaction de Franceinfo. Photos, vidéos, tweets ot vos

sultats sourcés
R

20 Minutes - Toute Iactualité en direct et les demniéres infos en
Suivez Tactualté dufour sur 20 Minutes, média grauit et indépendant, Poliaue, Sport, Cutre,

Indexation

TAVIN

2 iy Graphe de
& @ connaissances
@€\ Toy, paris ¢/ M oS
@ i 6 @ vérifiées
gy Bice
e Vi )
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Usage en acces a l'information

» Demander des informations a chatGPT... Un usage étonnant !

[

M \What is the color of the sun?

Modele hors ligne,

pas de source
&D ﬁ\/lost answer yellow, but orange or red ... }

Génération mot a mot
= suite logique/vraisemblable de la requéte

Pas de garantie,
pas de source

» LLM limité en connaissances
» Risque d'hallucination a la génération 55/73
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Usage en acces a l'information

[What is the color of the sun? }

Requéte I 'ro miture documents /
. paragraphes

Approche en extraction
d'information

» Requéte web + analyse, résumé automatique, reformulation, compte-rendus
de réunion...
> Limite (actuelle) sur la taille des entrées (2k puis 32k puis 100k tokens)

55/73
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Usage en acces a l'information

Intranet /
Internet
= =
LLM .

’What is the color of the sun? ‘

| &
s

Génération en mode extraction d'information

ost answer yellow, but orange or red ... J

+ sourcing fagon QA

» RAG: Retrieval Augmented Generation
> Limite (actuelle) sur la taille des entrées (2k puis 32k puis 100k tokens)
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Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation

A‘ L'état de I'art en RAG

Question Answering
Information Retrieval
[ ) /> =
LLM ad /
[What is the color of the sun? J E—
/ ) Intranet /
e z —/
A Y,
§ {Most answer yellow, but orange or red ... J
Scaling
Retrieval-Augmented Generation Retrieval-Augmented Language Retrieval-Enhanced
(RAG) [1] Model (REALM) [2] Transformer (RETRO) [3]
Improve performance on knowledge Integrate retrieval augmented into Scale generation to larae number
intensive task (question answering) the pre-training 9 9

of retrieved documents

[1] Guu et al (2020), REALM: Retrieval-Augmented Language Model Pre-Training
[2] Lewis et al (2020) Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks
[3] Borgeaud et al (2022) Improving Language Models by Retrieving from Trillions of Tokens 56/73



Introduction Enjeux Cycle Extraction Data-to-text Généralisation

Multiplier les outils: le LLM / couteau Suisse

» Apprendre au LLM a appeler (balise) des outils externes

Outils
. LLM Intranet /
ad i Internet
What is the color of the sun?
i Calculatrice
34*72 §
Quand mettre la réunion la semaine Calendrier
prochaine avec XXX et YYY? ;
Quel temps est-il prévu aujourd'hui? | Interpréteur de code

Réponse = fusion d'informations

(Schick et al. 2023), Toolformer: Language Models Can Teach Themselves to Use Tools
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Introduction Enjeux Cycle Extraction Data-to-text Généralisation

Multiplier les outils: le LLM / couteau Suisse

» Apprendre au LLM a appeler (balise) des outils externes

The New England Journal of Medicine is a registered
trademark of [QA("Who is the publisher of The New
England Journal of Medicine?") — Massachusetts
Medical Society] the MMS

"""""" Qut of 1400 participants, 400 (or [Calculator(400 / 1400)
[ ntranef 1 + 0. %) passed th
s Lm 0.29] 29%) passed the test
Whatis the color of the sun? | | <#\
m #> \ A The name derives from “la tortuga”, the Spanish word for
prochaine avec XXX et YYY? ‘ \'L§ [MT("torluga") _ lurtle] IUf“e
| Quel tomps estil prévu aujourdhui? | \ ‘

\

\

\#> Réponse = fusion diinformations

The Brown Act is California’s law [Wik

2alt

jislat | that requires legislative bodies, like
city councils, to hold their meetings open to the public
57/73



— Introduction Enjeux Cycle Extraction Data-to-text Généralisation (eXoXeX Yol

Optimiser le cout des outils

Objectif : Apprendre a générer le token
<SEARCH?> lorsque cela est nécessaire

ANSWE
. Wrong Answer 1
. Search ﬂ
argmin H [P(a = (search)|€,q) + AP(a ¢ A|#',q)]
é

qeQ %—/

CoUt de I'erreur de génération

» Toolsformer appelle le moteur de recherche dans 99% des cas

» Peut-on faire la balance avec les connaissances du LLM? 55/73



Introduction Enjeux Cycle Extraction Data-to-text Généralisation

Optimiser le cout des outils

Etape 1: Adaptation sur une tache de %A -
Tt

Questi Prédictions _/\
on

Apprendre une fonction de
i i- Etape 2: Nouveau label “Search”
flltrage qui : Bl predlician Nouveaux labels

Réponse | Réponse

° Laisse inchangé Questi correcte correcte
les Correct Answer on Réponse
incorrecte Search

e Masque les  wrong Answer

avec Search _ .
Etape 3: Adaptation du modéle aux nouveaux labels

e £ <« Nouveaux labels

Q‘;‘ff“ — Prédictions’_

(Erbacher et al. 2023) Navigating Uncertainty: Optimizing API Dependency for Hallucination
Reduction in Closed-Book QA, ECIR 2023 58/73



Introduction Enjeux Cycle Extraction

Data-to-text

Généralisation

Le SQL: un outil comme les autres?

Annotators check database schema (e.g., database: college)

Table name Columns
3 S
r 3

Table1 instructor I-.

Table2 department

Table n

Annotators create:

Complex What are the name and budget of the departments
question  With average instructor salary greater than the
overall average?

Complex sgLECT T2.name, T2.budget
SQL FROM instructor as Tl JOIN department as
T2 ON Tl.department_id = T2.id
GROUP BY Tl.department_id
HAVING avg(Tl.salary) >
(SELECT avg(salary) FROM instructor)

» TableQA: schema + question = SQL
» Comprendre ce qui est facile ou dur

Easy
What is the number of cars with more than 4 cylinders?

Meidum

For each stadium, how many concerts are there?

Hard

Which countries in Europe have at least 3 car
manufacturers?

GROUP BY
HAVING COU
Extra Hard

Whatis the average life expectancy in the countries
where English is not the official language?

(life_expectancy

FROM country AS T1 JOIN

country_language AS T2

ON T1.code = T2.country_code

WHERE T2.language = "English"
AND T2.is_official = "T")

Figure 3: SQL query examples in 4 hardness levels.

(Yu et al. 2018) Spider: A Large-Scale Human-Labeled Dataset for Complex and Cross-Domain Semantic

Conclusion
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Introduction

Le SQL: un outil comme les autres?

Enjeux

Cycle Extraction

Data-to-text

Généralisation

Conclusion

-- Translate natural
language question
8 §| into squ Query

.§ -~ Example
== NL: What ...
SELECT ...

+

-- Example

--NL: How many
students in the
class are between 20
and 30 years old?

Task Input

Generate @

@

E

SELECT name FROM students
where age > 20 AND age < 30

SELECT COUNT(name) FROM student
where age > 20 AND age < 3@

SELECT COUNT(*) FROM students
where age < 30 AND age > 20

SELECT student_num FROM students!

where age_interval = “20-30”

—_—

Execute

-

I

Generation Prob.

Err: No
column.. Code

Figure 1: The illustration of LEVER using text-to-SQL as an example. It consists of three steps: 1) Generation: sample
programs from code LLMs based on the task input and few-shot exemplars; 2) Execution: obtain the execution results with
program executors; 3) Verification: using a learned verifier to output the probability of the program being correct based on
the NL, program and execution results.

» Prédire les bonnes et les mauvaises réponses
» Plus de feedback pour mieux apprendre

(Ni et al. 2023), LEVER: Learning to Verify Language-to-Code Generation with Execution

59/73



Introduction Enjeux Cycle Extraction Data-to-text Généralisation

! Question : The player's carcer spanned less than 20§ (a) Extractive (b) SQL-Queries (c) Direct Answer Generation
s years ? H

' Date Games Yards Team |  Column cells Aggregations  SQL Generation

: Tos Angels | ¢ select ( select max ( Date ) - min ( Date ) from

E 1983 16 1,808 E Mt w)<20

Pl 1084 16 2,105 i

E : Answer : 1993 x Answer : None x Answer : False x
E 1993 4 ol Atlanta . Error Explanation Error Explanation Error Explanation

H Icons | 2 :

' ebus Struggles with Complex, foes i Limited Numerical

S Career 146 13,256 H multi-aggregation AL DL SYIRER Sor Reasoning in

4 : . type integer: 'Career’ a ;

: : querics. Transformers

+ Logical Form answer

d) Partial execution
(ours)

Table ——|

clean data
during

decoding

Encoder

query ———»

<20 - || max | | || min E

» Apprendre a raisonner numériquement a partir d'une base étiquetée en SQL
» Le LLM apprend a évaluer les requétes SQL

(Mouravieff et al. 2024), Training Table Question Answering via SQL Query Decomposition
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Introduction Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Sous quelle forme stocker les connaissances?

Memory Query Answer

(DANTE, born-in, X)

Y
Symbolic
KG DANTE Y = F'LORENCE
Memory Access
born-in
FLORENCE

“Dante was born in [MASK].”
> A VY 2

Neural LM
—_— = Florence
Memory Access

» Exhaustivité?
> Fiabilits?

2 Fabio Petroni et al. (2019). “Language Models as Knowledge Bases?” In: EMNLP. Association for
Computational Linguistics 60/73



Introduction Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Comment évaluer les modeles de langue?
mm hello a cat dog {3

reference text :
"the fox jumps" —> ['the', 'fox', 'jumps']

> count,,,(gram,)

count(gram,)

—— =43% precision

Contextual Pairwise Cosine Maximum Similarity Importance Weighting
Embedding Similarity (Optional)
Reference I ) the {RERI0 "onuo-ue .7
the weather is — o5 — weather 10462 0.393) 0,326, |7.94
cold today e s mom‘ . R _ (0.713x%1.27)+(0.515x 7.94) +..
) old 0479 0 454 LREMo 343 | 7.90 P RBERT = 5 2717.0441.5247.00+8 88
Candidate:i: =, today {0.347 0.361 0307 ERIR | 808
it is freezing today \‘\.g; SO

& € weights
Candidate

Comment évaluer la qualité d’'un texte ou d’'une image générée ?
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- Introduction Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Conclusion et perspective

» LLM + Instruction = le début d'un mouvement
> Objet de recherche dépassé par les usages

» Des technologies chéres (mais un cofiit en baisse)
> Ressources disponibles: Jean Zay

» Des limites critiques:

> Evaluation
> Controle / garantie sur la génération
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EXTRACTION
D’ INFORMATION:
LES NOMBREUX DEFIS



Résoudre I'annotation: auto-supervision (ex-distillation)

Processus NER standard

Liste d'entités Inférence sur le test
Etiquetage automatique du corpus Ré-apprentissage

regex Teacher-student
Stage I: BERT-Assisted Distantly Supervised Learning with Early Stopping Stage Il: Self-training
”””” Bases | |  Multisource |
'ln Do : . =
PO =%
WIKIDATA | !
SPARQL | ©\ |
B U NN 92 ; :
— Lynn Reaser == PER Barnett Banks Inc ms Pseudo - -
— Adilson Valera = PER Cabral = PER { Labels — i g P
= Jacksonville = (OC FCBasel = ORG | Classification Head | Classification Head | | Classification Head |
=) —— 7 Distant Pseudo
— s L —t ﬁ ] ﬁ Labe|
Unlabeled D | Sentgnce’ i labels [ i -

again réversing course”, said economist lynn
Reaser bf Barnett Banks Jfc. in Jacksonyjille.

Training Data | 1 "II?ppfarstha[Augu;Ev{shp’vg\[\ganemnomy % | BERT | I::>| BERT | | BERT |

initaliation ¢, qent Model

eacher Model

2| Adilson Varela, commohly known as Cabral, is a
footballer from Switzgtland who plays as 7, Update
midfielder for FC Basel.

Adilson Varela, commonly/ Adilson Varela, commonly/

known as Cabral, known as Cabral,

Generate Distantly Labeled Data Training Instances Training Instances 3

3 Chen Liang et al. (2020). “Bond: Bert-assisted open-domain named entity recognition with distant

supervision”. In: ACM SIGKDD 63/73



Application a I'analyse des descriptions de flores

Extraction d'Information = Clé-valeur

<ORGAN> Flowers </ORGAN> 4-merous. Calyx aestivation

valvate, campanulate, 2-3.6mm long, abaxially surface
<DESC-SURFACE> glabrous </DESC-SURFACE> Flowers Glabrous

solitary flowers; bracts 4-8, chartaceous, ovate or TABLE 1

transverse-elliptic, 0.4—1.6 x 0.4—1.5 mm, marginally STATISTICS ON THE DATASET : CLASSES, NUMBER OR DISTINCT WORDS
ciliolate with eglandular hairs, apically obtuse, obtuse IN EACH CLASS AND NUMBER OF OCCURRENCES IN THE CORPUS.
and cuspidate, or acute, abaxia.lly glabrous; pedi.cel Soi Class Occumences  Number of words
1-1.2 mm long, reduced and hidden by overlapping Flower 37890 33

bracts, glabrate with eglandular hairs; differentiated Fruit 4968 10

apical bracteoles 2, distinct, chartaceous, partially en- ¥y Habit 1920 3

veloping calyx lobes, covering 50-67% of calyx, O Leaf 4364 5

ovate, 1.5-2(~2.5) x 1.6-3 mm, marginally ciliolate Part-of 23849 25

or ciliate with eglandular hairs, apically obtuse and g‘el‘“'“’"f f@ﬁz 175

cuspi'date or less of‘ten acuminate, the surface smooth, Dios;(l;sition 8405 21

abaxially and adaxially glabrous. Flowers 4-merous. Form 24816 64

Calyx aestivation valvate, campanulate, (2-)2.4-3.3 Y1 position 10936 13

mm long; tube slightly angled, 0.8-1.3 mm long, Surface-texture 18325 23

4 Maya Sahraoui et al. (2022). “NEARSIDE: Structured kNowledge Extraction frAmework from Specles
DEscriptions”. In: Biodiversity Information Science and Standards
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Application a I'analyse des descriptions de flores

Models Precision Recall Score F1
Baseline 100/93.83 75.74/70.82 86.19/79.26
Baseline w/ Im 100/95.15 85.28/80.82 92.05/86.54
Baseline w/self-train 100/94.42 84.29/80.15 91.47/86.22

MODEL’S ABILITY TO DETECT AND CLASSIFY NEW ENTITIES, OUT OF THE TRAIN SET’S DISTRIBUTION. (DETECTION/CLASSIFICATION SCORES)

Models Precision Recall Score F1
Baseline 100/92.33 64.78/54.52 78.62/62.76
Baseline w/ Im 100/89.88 69.21/57.73 81.80/65.17
Baseline w/self-train 100/90.76 68.95/57.82 81.62/64.90

4. Burmannia tenella Bentham, Hooker’s J. Bot. Kew Gard. Misc. 7: 12. 1855; ovary broadly obovoid to globose,
lmc Ak Bot. 26A: 20, 1934;Jonker, Monog:. Burman, 7. 1938

mazonas: “In sylvis arenosis fl. Vaupés,” Jan 1853, 1 (1:3)1.6-3.1x 1.2-2.5 mm. [} ®
SoreseTsy ﬂmlmype, 0. I could ot b amertained whethr Sprice ;
2835 (B, BM, BR, C, CA, E, G, GH, K, LE, MG, NY, OXF, P, W), : 2 .
Iabeed “oe 1535-an 1855 Brope Banuté (-Ipanorey st b cont -
sidered as isotypes of this species. Fig. 18. Tor e .

‘Burmannia amazonica Schlechter, Verh. Bot. Vereins Prov. Brandenburg 47: 102. 1905. Type. N L]
i Amasoras: Ko Marmelos, el Kio adi, i 6124 (rloupe, ;e 3 \ Vet

Saprophytic herbs, 8-23 cm high. Stems white, branched or not. Leaves white, . ’
ovate 10 narrowly triangular-ovate, 1-3.6(-6) mm long, (0.4-)0.6-1.3 mm wide, :
apex acute to acuminate. Inflorescence a bifurcate cincinnus, cincinni 2-5(-8)-
Sowered, and 5-11(-30) mm long,flowers 25-8 mm apart, or the plant baving
a solitary terminal flower only. Bracts narrowly ovate(-triangular), 1.2-3.3 mi H
Jong,0.4-0.9 mum wide, apex acute o mosty acuminate. Pdicels (-)0.8-1.5 mm o
long,cntrl (besal) lower mostysessile. Flowers tubular, white 0 pale bl with g
yellowish tepals, 4.5-7 mm long. Outer tepals deliate 10 broadly angular-ovate, ; ~ /
1-1.4(-1.6) mm long, 0.8-1.2 mm wide, inner side papillate. Inner tepals very \ ‘@
broadly ovatetriangular, 0.1-0.3 mm long, 0.1-0.4 mum wide, fieshy. Floral tube fom \/ v

1.7-2.8 mm long, 0.5-1.2 mm diam. Wings running from the top of the floral - | L3
tube down to the base of the ovary, (broadly) semicordate to semiobovate, 2-3.5 < - o Y
mm long, 0.6-2.3 mm wide. Connective bearing apically two and basally one - [
appendage. Sty 1.8-2.6 mm long, branches 04-0.7 mm long, Ovary broadly - N AN
obovoid to globose, (1.3-)1.6-3.1 x 1.2-2.5 mm. Capsule white to yellow, broad- P
N TSy g s e e B WML P bt i ssep il - I a
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o /

Perspective: extension vers la multimodalité

Extraction Ext. 0O®00000000

= Retrouver les entités dans les images a partir d'approche texte/image

i
smiling=man
"BUT | DON'T NEED THE

’
pa(ylw, w)) /
'

whitewritingr CONTRACT.
FWANT THAT BIG

Pa(ylw)
I ||
Cross-View !
I —— 2 Alignment <« (] i
a1 . / |, _SHINY [WORLD SERIES)
Y 4 BL  TROPHY AT THE END.
| / WE HAVE THE TEAM
‘ w4 | TO DO THAT. | DON'T
WANT THE PAYDAY.
1 WANT THE
CELEBRATION.”

=CHRIS SALE

smiling man - a baseball player "BUT | DON'T
white jersey wearing a white I;lE(f([;E?;E
[ ] [ Visual Contexts ] white writing || uniform and a hat . ) CONTRACT. T
I 1~ R (S - abaseball player is WANT THAT BIG
— T T T T T T T T A standing on a field . SHINY [WORLD
w: RT @whitesox : Chris Sale w': smiling man white jersey ... [X] +, SERIES] ...
has his eyes on the prize . a baseball player is standingona Object Tags Image Captions OCR Text
field ... [X] "BUT | DON'T NEED N
THE BIGGEST CONTRACT .. LA GA oca 4
i ition". In:

“ITA: Image-Text Alignments for Multi-Modal Named Entity Recognition
65/73

4 Xinyu Wang et al. (2022).
NAACL



solitary flowers; bracts 4-8, chartaceous, ovate or
transverse-elliptic, 0.4-1.6 x 0.4—1.5 mm, marginally
ciliolate with eglandular hairs, apically obtuse, obtuse
and cuspidate, or acute, abaxially glabrous; pedicel
1-1.2 mm long, reduced and hidden by overlapping
bracts, glabrate with eglandular hairs; differentiated
apical bracteoles 2, distinct, chartaceous, partially en-
veloping calyx lobes, covering 50-67% of calyx,
ovate, 1.5-2(-2.5) x 1.6-3 mm, marginally ciliolate
or ciliate with eglandular hairs, apically obtuse and
cuspidate or less often acuminate, the surface smooth,
abaxially and adaxially glabrous. Flowers 4-merous.
Calyx aestivation valvate, campanulate, (2-)2.4-3.3
mm long; tube slightly angled, 0.8-1.3 mm long,

= Construire des systemes pédagogiques pour |'identification de taxons
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Dynamic NER

Cas extréme ou les entités changent de type tout le temps!

Exemple: détecter les joueurs de NBA... Avec le résultat du match:
victoire/défaite

A trio of 20 - point - plus efforts and a 17 - rebound night helped hand the Cavs a surprising home loss , their first defeat of the season
overall . Dennis Schroder ' s season - high 28 points led the way , while Kent Bazemore put together a stellar 25 - point tally while often
going up against LeBron James ' typically stingy defense . Dwight Howard dominated down low with 17 boards , 15 of them on the
defensive glass . Atlanta managed a strong 51 percent success rate from the field , helping to key the victory . Kyrie Irving posted 29
points , which came on a season - high 27 shot attempts . Kevin Love ' s 24 - point , 12 - rebound double - double was next , while
LeBron James|posted 23 points . Poor shooting was Cleveland ' s undoing , as they posted a 37 percent success rate from the field ,

_ and 26 percent on 42 shot attempts from beyond the arc .
Same entity

Different context
Different Label

LeBron James|and Kyrie Irving stepped up for a second straight night in Kevin Love ' s absence , combining for 60 points on 23 - of -
41 shooting . Irving added a career - high 13 assists , six rebounds and a steal , while James posted nine rebounds and six assists .
Richard Jefferson supplied 10 points in Love ' s stead , and Tristan Thompson hauled in 15 rebounds . A pair of 10 - point efforts from
Channing Frye and Iman Shumpert paced the second unit . Giannis Antetokounmpo ' s 28 points led Milwaukee , and Jabari Parker
was right behind him with 27 points , as the duo tried to keep pace with Cleveland ' s Big Two . However , John Henson , Tony Snell ,
and Matthew Dellavedova , the remaining members of the first unit , could only combine for nine points between them . Malcolm
Brodgon supplied 11 points off the bench as the only other double - digit scorer . 4

4 Tristan Luiggi et al. (2023). “Dynamic Named Entity Recognition”. In: ACM SAC
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» Proposition de nouvelle ressource

RotoWire
Models Set DNET | DNER | Entity
Seen 0.81 0.66 0.86 Loser
2.0 Winner
BERT-Linear Seen/Unseen 0.81 0.65 0.85
Unseen 0.80 0.63 0.81 15
Seen 0.81 0.67 0.88 %
Seen/Unseen 0.81 0.68 0.87 3
* 1.0
BERT-CLS Unseen 080 | 067 | 085 °
Seen - 0.67 0.90 0s
Seen/Unseen - 0.67 0.88 '
BERT-CRF Unseen - 0.66 0.87 00
Seen - 0.61 0.82 ©o00 0.2 0.4 0.6 0.8 1.0
Relative position
Seen/Unseen - 0.61 0.81
BERT-CLS-CRF Unseen - 0.60 0.79

> Analyse de I'intérét de la couche CRF
» Distinction in-domain / ood
= Des perspectives vers |'encodage de la position des mots
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Détection des entités dans un document structuré

Encodage de la position dans les documents:

Output
Probabilities

Add & Norm
Feed
Forward
((Add & Norm Je«~

Multi-Head
Attention

075

Add & Norm

050

025

Nx
)

Add & Norm

Masked
Multi-Head Multi-Head
Attention Attention
A 7 A )

_ I

Positional A Positional
Encoding by Encoding

Add & Norm

Input Output
Embedding Embedding

! !

Inputs Outputs
(shifted right)

5A Kazemnejad (2019). Transformer Architecture: The Positional Encoding.
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Tax Invoice Invoice Number

Invoice Date

Ship To

05823 Anderson Fall, Gisiasonfurt, T
017714402

Shipping Address

Customer Name » TeXte
Billing Address

To: [Stefan Rice

Apt 887 7977 Guillermo Brook, New.
650

Yackoport, ME 93

»> Image

FLUOUROOUTL

Quantity
.
R e SKE » Coordonnées des mots
Netso ‘ J— L
Description
TR p— e o [
& | s || wws Unit Price
Total Puiser dans les modalités pour
.
Balance Bue améliorer les performances

5 Yiheng Xu et al. (2020). “Layoutlm: Pre-training of text and layout for document image understanding”.
In: ACM SIGKDD
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Détection des entités dans un document structuré

Ty T, Unaligned Aligned
Pre-training T T
Objectiv cf [ MLM Head WPA Head J
i i i i
) ) () (2 (n ]

[ Multimodal Transformer ]
fl;:::t;::; [Segp,m] [Seg1 ] [Seg1 ] [Segz ] [Seg3 ] [Segp,m] [PatchpAD] [Patchl] [Patchz] [Patch;] [Patch4]
o (G () () (G () (50 (0 6 (50 0 @0
‘]*’;If;"({d‘]::: [cLs] | [maski] [mask| [ PIENEEES [[MASK]] [[MASK]]

(Ty) (T2) [ (Unaligned) ============-= i(V2) (V)
(Aligned)

Word
Embedding

OCR Parser
Masking

— S Masking i
Document Image: |:, |:| 5

Image Patches

= A quel moment souhaite-t-on mélanger les modalités?
5 Yupan Huang et al. (2022). “LayoutLMv3: Pre-training for Document Al with Unified Text and Image 68/73




A‘ Optimisation robuste pour la généralisation

Optimisation de sous-espaces

Standard Training O/—\

(o)

Création de régions homogénes
dans |'espace de représentation

Learning a Line = Améliorer |'espace de

, ,

o— ¢ représentation
O Midpoint \_)"

() Models near endpoints

6

6 Mitchell Wortsman et al. (2021). Learning Neural Network Subspaces.
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Extraction Ext. 0000000 ®000

Prédiction
sur le mot

» |Impossible de maintenir plusieurs
versions des parametres d'un LLM

» Possible de travailler sur des Transformer
approches parcimonieuses

= Amélioration dans diverses taches
GLUE... Mais pas encore en NER’

block

It's raining cats and dogs

Tache =
trouver le type
des mots

Prédiction

sur le mot

Transformer
block

It's raining cats and dogs

7 Louis Falissard, Vincent Guigue, and Laure Soulier (2023). “Improving generalization in large language

models by learning prefix subspaces”. In: EMNLP
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Contextualisation des phrases a analyser

Erreurs en NER = probleme de contextualisation?

Comment analyser la phrase suivante?

Azawad reprend les armes

71/73



Contextualisation des phrases a analyser

Erreurs en NER = probléme de contextualisation?

En allant chercher du contexte sur internet (ou ailleurs):

Azawad reprend les armes
Le Mouvement national de 1’Azawad (MNA), créé en novembre 2010
Le secrétaire général du mouvement est Ahmed Ould Sidi Mohamed
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Contextualisation des phrases a analyser

Erreurs en NER = probleme de contextualisation?

Input Sentence: Retrieved Texts:

senate democrats—eliminated+tPresident Obama called for eliminating the
the nuclear joption when they || legislative filibuster last month , which
had the majority a few years||could occur if -Democrats retake the

ago ) over ate . Some say it * s time
objections to undo ommitted by Reid .

¢ are considering using
nuclgar option ” to end a potential

Democrafic filibuster and confirm Neil
to the Supreme Court . Senate
deployed the *“ nuclear option ’

on dnesday to drastically reduce the

ILabe' N°"E""‘Y|La°e‘ G'°“P it takes to confirm hundreds of
’'s nominees .

”»

8 Xinyu Wang et al. (2021). “Improving Named Entity Recognition by External Context Retrieving and
Cooperative Learning”. In: ACL
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Contextualisation des phrases a analyser

Erreurs en NER = probléme de contextualisation?

Re-ranking . v} 1 v} PeOILE)  peGI®)
l()ucrykcp ”Rclnc\cd lmucp.l lS:urcI [T 1T |LC,__,_z [TTT1] [ |LCL,KL .:l]
(I ooEm O T e = (| (T = = =

L o (T11] (3510 1 1 (.

o ! W T S A

Djj] Function - [

0!
ol O |
1
T | 0
1
(O bt
Re-rank |
' !
|Rclmchcxls | |Exlcrnal Contexts ¥ | :;] ::
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Extraction Ext. 00000000 ®00

Contextualisation des phrases a analyser

Erreurs en NER = probleme de contextualisation?

Amélioration des performances: significatives... Mais décevantes

Social Media News Biomedical E-commer
WNUT-16 WNUT-17 | CONLL-03 CoNLL++ | BCSCDR NCBI | -commerce

Evaluation: W/ CONTEXT

w/ CONTEXT 57.43F 60.20° 93.27F 94.56" 90.76"  89.017 83.157
CL-Lo 58.61° 60.26" 93.47f 94.62F 90.99"  89.22f 83.87"
CL-KL 58.98" 60.451 93.56" 94.81° 90.93"  88.96" 83997 g

8 Xinyu Wang et al. (2021). “Improving Named Entity Recognition by External Context Retrieving and
Cooperative Learning”. In: ACL
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Contextualisation et modeles de langue

» Modele de langue = sélection des documents du contexte (BERT-Score)
» Contextualisation directe possible avec un modele de langue

» Quverture: reformulation de phrase

» ... Voire recherche directe des entités

Expériences préliminaires: recherche de prompts

Example of prompt Persona | Reflection pattern | Answer format

Could you provide more information about the entities in the provided text.

Act as an expert linguist.
Could you provide more information about the entities in the provided text. \/
Provide outputs that an expert linguist would create.

Could you provide more information about the entities in the provided text.
Moreover, Please address any p i iguities or limitations in /
your answer in order to provide a more complete and accurate response.
Could you provide more information about the entities in the provided text. \/
You should enumerate your answers as a list of propositions prefixed by a number.

You act as an expert linguist, Could you provide more information about the entities in the provided text.
Provide outputs that an expert linguist would create.

Morcover, Please address any i iguities or limitati \/ \/ \/
in your answer in order to provide a more complete and accurate response.
Provide outputs that an expert linguist would create.

= Dépassement des résultats de CL-NER®

9Herserant et al. 2024. En soumission
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Contextualisation et modeles de langue

» Modele de langue = sélection des documents du contexte (BERT-Score)
» Contextualisation directe possible avec un modele de langue

» Quverture: reformulation de phrase

» ... Voire recherche directe des entités

Expériences préliminaires: premiers problemes

Task Variation Empty Denied Fail Correct

Classic 214 (6.31%) | 374 (11.02%) | 441 (12.99%) | 2365 (69.68%)

Persona 215 (6.33%) | 257 (7.57%) | 262 (7.72%) | 2660 (78.37%)

Reformulation Reflexion pattern | 209 (6.16%) | 433 (12.76%) | 216 (6.36%) | 2536 (74.72%)
Answer format - - - -

All 118 (3.48%) | 310 (9.13%) | 103 (3.03%) | 2863 (84.35%)

Classic 214(6.31%) | 313 (9.22%) | 484 (14.26%) | 2383 (70.21%)

Persona 225 (6.63%) | 222 (6.54%) | 320 (9.43%) | 2627 (77.40%)

Named Entity Recognition | Reflexion pattern | 221 (6.51%) | 328 (9.66%) | 273 (8.04%) | 2572 (75.78%)
Answer format - - - -

All 134 (3.95% | 258 (7.60%) | 109 (3.21%) | 2893 (85.24%)

Classic 237 (6.98%) | 347 (10.22%) | 415 (12.23%) | 2395 (70.57%)

Persona 221 (6.51%) | 285 (8.40%) | 256 (7.54%) | 2632 (77.55%)

Context Variation Reflexion pattern | 209 (6.16%) | 338 (9.96%) | 215 (6.33%) | 2632 (77.55%)
Answer format - - - -

All 136 (4.01%) | 292 (8.60%) | 91 (2.68%) 2875 (84.71%)
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Extraction Ext. 0000000000 @

Auto-supervision

Multi-modalité

Dynamicité + encodage de la position
Technique d'optimisation

vV vYvyyVvyy

Contextualisation

» Gangner en performances en NER est difficile
Et publier en NER est encore plus difficile!

» 100% de performance n'est pas un objectif réaliste
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