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DONNÉES TEXTUELLES &
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Historique générale de l’Intelligence Artificielle

▶ Deux concepts distincts malgré les liens
▶ IA: Différentes Définitions
1956 N’importe quel algorithme / programme

1960-2012 Systèmes experts et raisonnement logique
2012- Données & réseaux de neurones

Numérique

IA

Données
Machine-Learning

Deep L.
Réseaux de 

Neurones

Ordinateur
A. Turing

1941 1986 2012

Y. Lecun

Réseaux de neurones

G. Hinton

Deep-learning

1956

Informatique IA: grande variété d'algorithme
Principalement : Système expert / raisonnement logique IA = réseaux de neurones
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Intelligence Artificielle & Machine 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
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Big Data (2001): Le défi des données
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Réseaux de neurones

Une fonction complexe & protéiforme ⇒ Adaptable à beaucoup de problèmes

(1) Initialisation aléatoire (& comportement aléatoire)
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Rouge
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Réseaux de neurones

Une fonction complexe & protéiforme ⇒ Adaptable à beaucoup de problèmes

(2) Entrainement lent, long & stochastique

...Im
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Verte

Rouge
1

0

Vérité terrain

𝛿

Retro-propagation du gradient
(1986)

5/73



Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Réseaux de neurones

Une fonction complexe & protéiforme ⇒ Adaptable à beaucoup de problèmes

(3) Inférence rapide

...

Rouge

Rouge
Verte
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Deep-Learning ⇒ Representation Learning

Enjeu: l’apprentissage de représentation

Comprendre comment des concepts complexes (mot/objet/image) se
positionnent les uns par rapport aux autres

voiture

automobile

chat

Corpus en sac de mots
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 D... ... ...

Mêmes
distances

Espace vectoriel continu

Similarité ++

Distance ++
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Fonctionnement type Word2Vec
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.

 0.1
-1.3
-0.6
 1.9
 0.3
...

cat

fluffy

vehicule

1

0

Même phrase

PAS même phrase

0

1
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Corpus
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Fonctionnement type Word2Vec

▶ Espace sémantique : signification proche ⇔ position proche
▶ Espace structuré : régularités grammaticales, logiques, ...

chat
chien

chats
chiens

bien

mauvais

meilleur

pire
Italie France

Allemagne

Rome Paris
Berlin

homme

femme
acteur

actrice
il

elle sien

sienne

tu

tien
roi

reine

Distributed representations of words and phrases and their compositionality, Mikolov et al. NeurIPS 2013
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Des mots aux tokens

▶ Problème de taille du dictionnaire / mots inconnus
▶ Résistance aux fautes d’orthographe

Machine-Learning

Espace vectoriel continu

Décomposition en groupes
de lettres fréquents

token

Enriching Word Vectors with Subword Information, Bojanowski et al. TACL 2017
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Vers les modèles de langue : Agrégation & Prédiction

▶ Nouvelle manière d’apprendre les positions des mots
▶ IA générative : traduction, résumé automatique

The fluffy cat napped lazily in the sunbeam.

Representation
Layer

Hidden
Layer

Prediction
Layer

Vo
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bu
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ry 0.0
0.1
0.6
0.0
0.1
...

Loss wrt
Ground Truth

idly
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ro
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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

Sequence to sequence learning with neural networksy, Sutskever et al. NeurIPS 2014 9/73
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Passage aux Transformers
Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

it's raining cats and dogs

Self-attention
Matrix

Fully Connected

Tr
an

sf
or

m
er

 L
ay

er

Token
embeddings

Attention is all you need, Vaswani et al. NeurIPS 2017
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Passage aux Transformers
Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

it's raining cats and MASK
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Attention is all you need, Vaswani et al. NeurIPS 2017
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Passage aux Transformers
Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

It's raining cats and dogs

Transformer
block

Transformer
block

...

Attn word
cross-attn
head

nb
transf.
blocks

Attention is all you need, Vaswani et al. NeurIPS 2017
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Passage aux Transformers
Recurrent Neural Network: Transformer:

ht+1 = htW1 + xt+1W2

It's raining cats and dogs

Attention is all you need, Vaswani et al. NeurIPS 2017
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Architectures génératives / encodeur-décodeur

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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Changement de paradigme: modèles pré-entrainés

Disponibilité, possibilité de fine-tuning

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

Deep contextualized word representations, Peters et al. NAACL 2018 12/73
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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 ...

Training language models to follow instructions with human feedback Ouyang et al. NeurIPS 2022 13/73
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Les ingrédients de chatGPT

1. Toujours plus! (GPT)

+ de mots en entrée [500 ⇒ 2k, 32k]

+ de dimensions (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?
▶ small 1.75 · 1011 ⇒ 300 Go + 100 Go (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. Suivi de dialogue

Dialog corpus

GPT

Specific training

Dialog follow-up
Coreference resolution
Way of speaking

▶ Données très propres Données générées/validées par des humains
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Les ingrédients de chatGPT

3. 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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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

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 17/73
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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 ⇒ opti. représentations de mots + analyse image
18/73
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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...
▶ Poser un contexte : cellule pour un biologiste /

assistant juridique

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

▶ Reformulation
▶ Explain like I’m 5, plus formel, à la manière 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 modèle = exemples dans le promt

20/73
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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 =
loin 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 ...

21/73
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IA Génératives: comment évaluer les performances?

Le point critique aujourd’hui

▶ Comment s’évaluer par rapport à une vérité terrain?

▶ Comment évaluer la confiance du système / vraisemblance de la génération ?

Published as a conference paper at ICLR 2019

(a) Train on FashionMNIST, Test on MNIST (b) Train on CIFAR-10, Test on SVHN

(c) Train on CelebA, Test on SVHN (d) Train on ImageNet,
Test on CIFAR-10 / CIFAR-100 / SVHN

Figure 2: Histogram of Glow log-likelihoods for FashionMNIST vs MNIST (a), CIFAR-10 vs SVHN
(b), CelebA vs SVHN (c), and ImageNet vs CIFAR-10 / CIFAR-100 / SVHN (d).

for these results. We report results only for Glow, but we observed the same behavior for RNVP
transforms (Dinh et al., 2017).

We next tested if the phenomenon occurs for other common deep generative models: PixelCNNs
and VAEs. We do not include GANs in the comparison since evaluating their likelihood is an open
problem. Figure 3 reports the same histograms as above for these models, showing the distribution of
log p(x) evaluations for FashionMNIST vs MNIST (a, b) and CIFAR-10 vs SVHN (c, d). The training
splits are again denoted with black bars, and the test splits with blue, and the out-of-distribution splits
with red. The red bars are shifted to the right in all four plots, signifying the behavior exists in spite
of the differences between model classes.

4 DIGGING DEEPER INTO THE FLOW-BASED MODEL

While we observed the out-of-distribution phenomenon for PixelCNN, VAE, and Glow, now we
narrow our investigation to just the class of invertible generative models. The rationale is that
they allow for better experimental control as, firstly, they can compute exact marginal likelihoods
(unlike VAEs), and secondly, the transforms used in flow-based models have Jacobian constraints
that simplify the analysis we present in Section 5. To further analyze the high likelihood of the
out-of-distribution (non-training) samples, we next report the contributions to the likelihood of each
term in the change-of-variables formula. At first this suggested the volume element was the primary
cause of SVHN’s high likelihood, but further experiments with constant-volume flows show the
problem exists with them as well.

Decomposing the change-of-variables objective. To further examine this curious phenomenon,
we inspect the change-of-variables objective itself, investigating if one or both terms give the out-
of-distribution data a higher value. We report the constituent log p(z) and log |@f�/@x| terms for
NVP-Glow in Figure 4, showing histograms for log p(z) in subfigure (a) and for log |@f�/@x| in
subfigure (b). We see that p(z) behaves mostly as expected. The red bars (SVHN) are clearly shifted
to the left, representing lower likelihoods under the latent distribution. Moving on to the volume
element, this term seems to cause SVHN’s higher likelihood. Subfigure (b) shows that all of the

5

Vraisemblance

Published as a conference paper at ICLR 2019

J SAMPLES

(a) MNIST samples (b) FashionMNIST samples

(c) CIFAR-10 samples (d) SVHN samples

Figure 13: Samples. Samples from CV-Glow models used for analysis.
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Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Stabilité/prédictibilité

▶ Difficile de borner un comportement

▶ Impossible de prédire les bonnes/mauvaises réponses

⇒ Peu/pas utilisé en jeux vidéo
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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

▶ prédictible & explicable

▶ Grande dimension

▶ Combin. non-linéaires complexes

▶ 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

Réseaux 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

▶ prédictible & explicable

▶ Grande dimension

▶ Combin. non-linéaires complexes

▶ non-prédictible & non-explicable
24/73
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Transparence

▶ Les poids du modèle (open-weight)... ⇒ mais pas que les poids
▶ Les données d’entrainement (BLOOM) + distribution + instructions
▶ Techniques d’apprentissage
▶ Evaluation

The Foundation Model Transparency Index
Rishi Bommasani*1 Kevin Klyman*1

Shayne Longpre2 Sayash Kapoor3 Nestor Maslej1 Betty Xiong1 Daniel Zhang1

Percy Liang1

1Stanford University
2Massachusetts Institute of Technology

3Princeton University

Stanford Center for Research on Foundation Models (CRFM)
Stanford Institute for Human-Centered Arti�cial Intelligence (HAI)

Foundation models have rapidly permeated society, catalyzing a wave of generative AI applications
spanning enterprise and consumer-facing contexts. While the societal impact of foundation models is
growing, transparency is on the decline, mirroring the opacity that has plagued past digital technologies
(e.g. social media). Reversing this trend is essential: transparency is a vital precondition for public
accountability, scienti�c innovation, and e�ective governance. To assess the transparency of the founda-
tion model ecosystem and help improve transparency over time, we introduce the Foundation Model
Transparency Index. The 2023 Foundation Model Transparency Index speci�es 100 �ne-grained
indicators that comprehensively codify transparency for foundation models, spanning the upstream
resources used to build a foundation model (e.g. data, labor, compute), details about the model itself
(e.g. size, capabilities, risks), and the downstream use (e.g. distribution channels, usage policies, a�ected
geographies). We score 10 major foundation model developers (e.g. OpenAI, Google, Meta) against the
100 indicators to assess their transparency. To facilitate and standardize assessment, we score developers
in relation to their practices for their �agship foundation model (e.g. GPT-4 for OpenAI, PaLM 2 for
Google, Llama 2 for Meta). We present 10 top-level �ndings about the foundation model ecosystem: for
example, no developer currently discloses signi�cant information about the downstream impact of its
�agship model, such as the number of users, a�ected market sectors, or how users can seek redress for
harm. Overall, the Foundation Model Transparency Index establishes the level of transparency today to
drive progress on foundation model governance via industry standards and regulatory intervention.
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Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Machine-learning & biais

Biais dans les données
▶ Biais dans les réponses

Oreilles pointues, 
moustaches, texture de poils

=
Chat

Homme blanc, +40ans, 
costume

=
Cadre supérieur

Le machine-learning est basé sur l’extraction de biais statistiques...
⇒ Lutter contre les biais = forcer l’algorithme à la main 26/73
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Machine-learning & biais

Biais dans les données
▶ Biais dans les réponses

The nurse and the doctor ⇒ L’infirmière et le docteur

▶ Choix du genre

▶ Couleur de peau

▶ Posture

▶ ...

Le machine-learning est basé sur l’extraction de biais statistiques...
⇒ Lutter contre les biais = forcer l’algorithme à la main 26/73
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Correction des biais & ligne éditoriale

Correction des biais:
▶ Sélection de données spécifiques, ré-équilibrage

▶ Censure de certaines informations

▶ Censure des résultats de l’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?
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Risques/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

traçables
Droit 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?
29/73
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Génération de texte
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Cycle de l’information entre l’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

Données sémantiques

Extraction
d'information Data-to-TextKnowledge Graph

BD
Ontologies

30/73



Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Enrichir les bases de connaissances

Données structurées,
indexées

Données sémantiques

Extraction
d'information Data-to-TextKnowledge Graph

BD
Ontologies

Extrapoler des informations à
l'intérieur du graphe

Knowledge Graph
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Enjeux autour des bases de connaissances

▶ Construire des bases de
connaissances

▶ Raisonner: règles + inférence
logique, ontologies, systèmes
experts

▶ Connexions w/ Machine Learning
▶ Alignement / fusion
▶ Plongement / TransE
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Enjeux autour des bases de connaissances

▶ Construire des bases de
connaissances

▶ Raisonner: règles + inférence
logique, ontologies, systèmes
experts

▶ Connexions w/ Machine Learning
▶ Alignement / fusion
▶ Plongement / TransE

1

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

▶ Construire des bases de
connaissances

▶ Raisonner: règles + inférence
logique, ontologies, systèmes
experts

▶ Connexions w/ Machine Learning
▶ Alignement / fusion
▶ Plongement / TransE 1

1 Antoine Bordes et al. (2013). “Translating embeddings for modeling multi-relational data”. In: NeurIPS
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Du texte au connaissances structurées

Données structurées,
indexées

Données sémantiques

Extraction
d'information Data-to-TextKnowledge Graph

BD
Ontologies
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Challenges autour de l’extraction d’information
Founder

PER ORG LOC

Physical Location

Steve Jobs founded Apple in San Francisco .
▶ Segmenter les entités

▶ Identifier et/ou typer les entités

▶ Identifier + classer les liens

▶ Défi de la segmentation: e.g. New York Times
▶ Polysémie
▶ Fautes d’orthographe ⇒ Morphologie + sémantique + contexte

Washington PhiladelphiaBoston
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Extraction des entités nommées

IOBES :  O = Other (not in an entity)
B = Beginning I = Inside E = End S = Single

Steve Jobs founded Apple in San Francisco .

B-PER E-PER O S-ORG O B-LOC E-LOC O

2

Révolutions successives: représentation des mots & contextualisation

§ Pretrained word embeddings
(Huang 2015) SENNA

§ Character-levelword embeddings
(Lample 2016) SENNA + char-BiLSTM

§ Contextualized embeddings
(Peters 2018) ELMo
(Akbik 2018) Flair
(Devlin 2019) BERT

2 Bruno Taillé (2022). “Contextualization and Generalization in Entity and Relation Extraction”.
PhD thesis. Sorbonne Université 35/73
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Extraction des entités nommées

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

CoNLL03 Test Set (F1)

92.8(Devlin 2019)BERTLARGE

92.2(Peters 2018)ELMo

92.0*(Akbik 2018)Flair

91.9(Peters 2017)TagLM (SENNA + LM)

90.9(Lample 2016)SENNA + char BiLSTM

88.8(Huang 2015)SENNA

ELMo (Peters 2018)
§ char-CNN word representation (ELMo[0])
§ BiLSTM LM at a word level
§ Weighted sum fusion (learned weights)

Flair (Akbik 2018)
§ BiLSTM LM at a character level
§ Word represented with the concatenation of its ends

BERT (Devlin 2019)
§ Transformer LM at a subword level (WordPiece)
§ Masked LM and Next Sentence Prediction
§ BERTLARGE  feature-based = frozen LM

Une tâche résolue?
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Superposition lexicale: apprentissage vs test

Proportion of mentions in test set are seen during training.

3 types of mentions :

Exact match Mention seen with the same type

Partial match At least one non stop-word seen in a 
mention of same type

New All non stop-words are new

Train : Georges Washington (PER)
Barack Obama (PER)

Test :  Donald Trump (PER)
Barack Obama (PER)
Georges Bush (PER)
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

7%

42%

69%

52%

15%

12%

28%

20%

20%

78%

88%

30%

11%

28%

WNUT* / 
CONLL03

WNUT*

ON* / CONLL03

ONTONOTES*

CONLL03

EXACT PARTIAL NEW

ONTONOTES*

WNUT*

Training on 
CoNLL03

Training on 
CoNLL03
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Séparation des performances: les résultats

0
10
20
30
40
50
60
70
80
90
100

EM PM New All
0
10
20
30
40
50
60
70
80
90
100

EM PM New All

CLM +18.4 %

CNER +5.0 %
CNER + CLM + 14.5 %

OntoNotes* WNUT*

CLM +9.6 %

CNER +7.3 %
CNER + CLM + 11.2 %
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Extraction de relation: pipeline & piecewise pooling

Founder

PER ORG LOC

Physical Location

Steve Jobs founded Apple in San Francisco .

Steve Jobs founded Apple in San Francisco .

Founded by

Steve Jobs Apple

Object

e2

Ø

founded in San Francisco .

Left Subject RightMiddle

Ø

MLP
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Superposition des ensembles d’apprentissage & test

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

RE Exact Match Triple (head, predicate, tail) exactly seen during training
Partial Match (head, predicate, …) or (…, predicate, tail) seen during training
New Otherwise

0
10
20
30
40
50
60
70
80
90
100

ACE05 CoNLL04 SciERC

Test Mentions

Seen Unseen

0
10
20
30
40
50
60
70
80
90
100

ACE05 CoNLL04 SciERC

Test Relations

Exact Partial New

Relation Extraction vs End-to-end Relation Extraction
39/73
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Superposition des ensembles d’apprentissage & test

0
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NER RE Boundaries

ACE 05

heuristic EntSpERT SpERT TABTO PURE
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heuristic EntSpERT SpERT TABTO PURE

Relation Extraction vs End-to-end Relation Extraction
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De nombreux défis autour de l’extraction d’information

▶ Extraction des entités & des relations [Thèse de B. Taillé]

▶ Etiquetage distant / auto-supervision des modèles [Thèse de M. Sahraoui]

▶ Reconnaissance d’entité dynamique (dont la classe change)
[Thèse de T. Luiggi]

▶ Contextualisation des entités / désambiguisation
[Thèse de T. Luiggi/T. Herserant]

▶ Exploitation des IA Générative pour la tâche / mesure de performances
[Thèse de T. Luiggi/T. Herserant]

⇒ Une problématique très ouverte

Extensions

40/73
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Un processus complexe en plusieurs étapes

Données structurées,
indexées

Données sémantiques

Extraction
d'information Data-to-TextKnowledge Graph

BD
Ontologies

1. Représentation du tableau
2. Sélection des information
3. Planification
4. Mise en forme du texte
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Exemple (1)

A Hierarchical Model for
Data-to-Text Generation
(Rebuffel et al.) will be

published at ECIR 2020

1

2

4
3

▶ Content Selection
▶ Macro-planning
▶ Surface realisation
▶ Sentence aggregation
▶ Data abstraction/interpretation
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Exemple (2)

In January (30/12/2011 to 20/1/2012), Flexifund Equity
China A rose in value by 3.48% compared to a gain of
5.34% for its index in Euro terms. Both asset
allocation and stock selection detracted from relative
performance, as the market focused on oversold or
cyclical themes, due to better global risk appetite and
more positive economic news.

From a sector allocation perspective, [ … ]

43/73
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Exemple (3)

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

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

[...] 44/73
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Comment aborder les données structurées ?

FDW GRJ

(QFRGHU

3UHWUDLQLQJ

WH[W

'HFRGHU

ZRUGV�	�WH[W
UHSUHVHQWDWLRQV

:RUG�SUHGLFWLRQ��VHQWHQFH�FRPSOHWLRQ�����

3UHWUDLQHG�/DQJXDJH�0RGHO )LQHWXQHG�0RGHO

/DQJXDJH�0RGHO

\RXU
�VPDOO�
GDWD

H[SHFWHG
WDUJHW�

$GDSWHG�/DQJXDJH
0RGHO

0DVVLYH�FRUSXV

 �����
¬�¬RI�WKH�FRUSXV

,W
V�UDLQLQJ�0$6.�DQG�35('

text

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

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

[...]

▶ R Resume

▶ T Table

P(R | T , θ) =
ℓ∏

i=1

P (yi | y<i ,T , θ)

Comment encoder la table?
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Linéarisation de table & pre-training

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

46/73
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Linéarisation de table & pre-training

FDW GRJ

(QFRGHU

3UHWUDLQLQJ
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'HFRGHU

ZRUGV�	�WH[W
UHSUHVHQWDWLRQV

:RUG�SUHGLFWLRQ��VHQWHQFH�FRPSOHWLRQ�����

3UHWUDLQHG�/DQJXDJH�0RGHO )LQHWXQHG�0RGHO

/DQJXDJH�0RGHO

\RXU
�VPDOO�
GDWD

H[SHFWHG
WDUJHW�

$GDSWHG�/DQJXDJH
0RGHO

0DVVLYH�FRUSXV

 �����
¬�¬RI�WKH�FRUSXV

,W
V�UDLQLQJ�0$6.�DQG�35('

text
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Amélioration: encoder & sélectionner les valeurs du tableau

▶ Scores d’attention sur les mots et les champs de la table
⇒ Apprendre à encoder + sélectionner les informations

(Liu et al. 2018) Table-to-text Generation by Structure-aware Seq2seq Learning
47/73
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Amélioration: encoder & sélectionner hiérarchiquement

r1 ENT

EN
T

Transformer encoder

EN
T

EN
T

EN
T

entity 2 entity 2 entity n

Transformer encoder

EN
T

EN
T

EN
T

EN
T

low-level 
encoder

high-level 
encoder

Record Embedding Layer

k
v

concatenation

mlp r

r2 rJ

A

B

▶ 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?

▶ T5: un modèle tout en un dédié aux traduction des données structurées
▶ Passage D2T et T2D possible avec le même modèle

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

Semantic Parsing 49/73
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Grandes pathologies de la génération de texte

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

▶ Contenu attendu mais manquant
dans le texte généré

▶ Texte généré contient du texte
divergent de la table

▶ Textes de références souvent
divergents

▶ Des connaissances issues du LLM interfèrent
▶ 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

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

2 Génération du texte final

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

(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

51/73
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Optimiser directement la génération

1 Trouver la bonne métrique:
PARENT
métrique d’appariement
entre le texte généré et les
données structurées
(n-grams, co-occurrences)

2 Optimiser la métrique non
dérivable

⇒ Apprentissage par
renforcement

RL loss based on PARENTCross-Entropy
loss

FDW GRJ

(QFRGHU

3UHWUDLQLQJ

WH[W

'HFRGHU

ZRUGV�	�WH[W
UHSUHVHQWDWLRQV

:RUG�SUHGLFWLRQ��VHQWHQFH�FRPSOHWLRQ�����

3UHWUDLQHG�/DQJXDJH�0RGHO )LQHWXQHG�0RGHO

/DQJXDJH�0RGHO

\RXU
�VPDOO�
GDWD

H[SHFWHG
WDUJHW�

$GDSWHG�/DQJXDJH
0RGHO

0DVVLYH�FRUSXV

 �����
¬�¬RI�WKH�FRUSXV

,W
V�UDLQLQJ�0$6.�DQG�35('

text

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

Pathological Behaviors in Data-to-Text Generation, INLG 2020
52/73
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Distinguer les hallucinations lors du décodage

table
Encoder

Content-
focused 
decoder

Hallucination 
decoder

W
ei

gh
te

d
su

m

next 

word

Fluency-
aware

decoder

Architecture multi-branches

▶ Supervision très 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
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Apprentissage contrastif

Lutter contre les hallucinations en Question-Answering

1 Modèle conditionné à la table et la question

2 Modèle simple (conditionné par la question seule)

Texte bruitéTexte attendu Donnée structurée (entrée)

The AIc Matador is a Spanish
bourgeois coupe.

The AMC Matador's body style 
is Coupé

<H> AMC_Matador <R> 
bodyStyle <T> Coupé

Cats and coffee shop, and the 
fast food place, Clowns, is
located near Clare Hall. It is in 
the riverside area. It has a high
customer rating.

Clowns is a coffee shop which
offers fast food and has high
customer ratings, and may be
found near Clare Hall in the 
riverside area

name[Clowns]
eatType[coffee shop]
food[Fast food]
customer rating[high]
area[riverside]
near[Clare Hall]

⇒ Apprendre à éliminer les hallucunations = cout contrastif entre générations

⇒ PPO/DPO pour l’apprentissage

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

54/73
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Usage en accès à l’information

Internet

Indexation

Requête

Résultats sourcés

Graphe de
connaissances

vérifiées

Processus dynamique,
nombreuses MAJ, suivi

des actualités

55/73
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Usage en accès à l’information

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

LLM

Requête

Modèle hors ligne,
pas de source

Most answer yellow, but orange or red ...

What is the color of the sun?

Génération mot à mot
= suite logique/vraisemblable de la requête

Internet

Pas de garantie,
pas de source

▶ LLM limité en connaissances
▶ Risque d’hallucination à la génération 55/73
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Usage en accès à l’information

LLM Requête

Most answer yellow, but orange or red ...

What is the color of the sun?

+ Fourniture documents /
paragraphes

Approche en extraction
d'information

▶ Requête web + analyse, résumé automatique, reformulation, compte-rendus
de réunion...

▶ Limite (actuelle) sur la taille des entrées (2k puis 32k puis 100k tokens)
55/73



Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Usage en accès à l’information

LLM

Requête

Most answer yellow, but orange or red ...

What is the color of the sun?

Génération en mode extraction d'information

Intranet /
Internet

+ sourcing façon QA

▶ RAG: Retrieval Augmented Generation
▶ Limite (actuelle) sur la taille des entrées (2k puis 32k puis 100k tokens)

55/73
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L’état de l’art en RAG

LLM

Requête

Most answer yellow, but orange or red ...

What is the color of the sun?
Intranet /
Internet

Question Answering
Information Retrieval

Scaling

Réponse

[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

Retrieval-Augmented Generation
(RAG) [1]

Improve performance on knowledge
intensive task (question answering)

Retrieval-Augmented Language
Model (REALM) [2]

Integrate retrieval augmented into
the pre-training

Retrieval-Enhanced
Transformer (RETRO) [3]

Scale generation to large number
of retrieved documents

56/73
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Multiplier les outils: le LLM / couteau Suisse

▶ Apprendre au LLM à appeler (balise) des outils externes

LLM

Requêtes

Réponse = fusion d'informations

What is the color of the sun?

Intranet /
Internet

34*72
Calculatrice

Calendrier

Interpréteur de code

API

Quand mettre la réunion la semaine
prochaine avec XXX et YYY?

Quel temps est-il prévu aujourd'hui?

Outils

(Schick et al. 2023), Toolformer: Language Models Can Teach Themselves to Use Tools 57/73
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Multiplier les outils: le LLM / couteau Suisse

▶ Apprendre au LLM à appeler (balise) des outils externes

LLM

Requêtes

Réponse = fusion d'informations

What is the color of the sun?

Intranet /
Internet

34*72
Calculatrice

Calendrier

Interpréteur de code

API

Quand mettre la réunion la semaine
prochaine avec XXX et YYY?

Quel temps est-il prévu aujourd'hui?

Outils

(Schick et al. 2023), Toolformer: Language Models Can Teach Themselves to Use Tools
57/73



Introduction LLM Enjeux Cycle Extraction Data-to-text Généralisation Conclusion

Optimiser le cout des outils

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

Formalisation

Coût de l’appel au moteur 
de recherche

Coût de l’erreur de génération

LL
MQuestion

Correct 
Answer

Search

Wrong Answer

▶ Toolsformer appelle le moteur de recherche dans 99% des cas
▶ Peut-on faire la balance avec les connaissances du LLM?

(Erbacher et al. 2023) Navigating Uncertainty: Optimizing API Dependency for Hallucination

Reduction in Closed-Book QA, ECIR 2023

58/73
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Optimiser le cout des outils

Apprendre une fonction de 
filtrage qui : 

● Laisse inchangé
les

● Masque les
avec 

Wrong Answer
Search

Correct Answer

43

Etape 1: Adaptation sur une tâche de QA

LM
Questi

on

Réponse correcte

Prédictions 

Etape 2: Nouveau label “Search”

LM
Questi

on

Réponse 
correcte

Réponse 
incorrecte Search

Evaluate prediction Nouveaux labels

Réponse 
correcte

Etape 3: Adaptation du modèle aux nouveaux labels

LM
Questi

on

Nouveaux labels

Prédictions 

(Erbacher et al. 2023) Navigating Uncertainty: Optimizing API Dependency for Hallucination

Reduction in Closed-Book QA, ECIR 2023 58/73
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Le SQL: un outil comme les autres?

▶ TableQA: schema + question ⇒ SQL
▶ Comprendre ce qui est facile ou dur

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

Parsing and Text-to-SQL Task

59/73
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Le SQL: un outil comme les autres?

▶ 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
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Le SQL: un outil comme les autres?

▶ Apprendre à raisonner numériquement à partir d’une base étiquetée en SQL
▶ Le LLM apprend à évaluer les requêtes SQL

(Mouravieff et al. 2024), Training Table Question Answering via SQL Query Decomposition

59/73
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Sous quelle forme stocker les connaissances?

Language Models as Knowledge Bases?

Fabio Petroni1 Tim Rocktäschel1,2 Patrick Lewis1,2 Anton Bakhtin1

Yuxiang Wu1,2 Alexander H. Miller1 Sebastian Riedel1,2

1Facebook AI Research
2University College London

{fabiopetroni, rockt, plewis, yolo, yuxiangwu, ahm, sriedel}@fb.com

Abstract

Recent progress in pretraining language mod-
els on large textual corpora led to a surge
of improvements for downstream NLP tasks.
Whilst learning linguistic knowledge, these
models may also be storing relational knowl-
edge present in the training data, and may
be able to answer queries structured as “fill-
in-the-blank” cloze statements. Language
models have many advantages over structured
knowledge bases: they require no schema en-
gineering, allow practitioners to query about
an open class of relations, are easy to extend to
more data, and require no human supervision
to train. We present an in-depth analysis of the
relational knowledge already present (without
fine-tuning) in a wide range of state-of-the-
art pretrained language models. We find that
(i) without fine-tuning, BERT contains rela-
tional knowledge competitive with traditional
NLP methods that have some access to ora-
cle knowledge, (ii) BERT also does remark-
ably well on open-domain question answer-
ing against a supervised baseline, and (iii) cer-
tain types of factual knowledge are learned
much more readily than others by standard lan-
guage model pretraining approaches. The sur-
prisingly strong ability of these models to re-
call factual knowledge without any fine-tuning
demonstrates their potential as unsupervised
open-domain QA systems. The code to re-
produce our analysis is available at https:
//github.com/facebookresearch/LAMA.

1 Introduction

Recently, pretrained high-capacity language mod-
els such as ELMo (Peters et al., 2018a) and BERT
(Devlin et al., 2018a) have become increasingly
important in NLP. They are optimised to either
predict the next word in a sequence or some
masked word anywhere in a given sequence (e.g.
“Dante was born in [Mask] in the year 1265.”).
The parameters of these models appear to store

Memory Query Answer

Symbolic
Memory Access

Neural LM
Memory Access

(Dante, born-in, X)

“Dante was born in [Mask].”

Dante

Florence

born-in

Florence

Florence

KG

LM

e.g. ELMo/BERT

Figure 1: Querying knowledge bases (KB) and lan-
guage models (LM) for factual knowledge.

vast amounts of linguistic knowledge (Peters et al.,
2018b; Goldberg, 2019; Tenney et al., 2019) use-
ful for downstream tasks. This knowledge is
usually accessed either by conditioning on latent
context representations produced by the original
model or by using the original model weights to
initialize a task-specific model which is then fur-
ther fine-tuned. This type of knowledge transfer
is crucial for current state-of-the-art results on a
wide range of tasks.

In contrast, knowledge bases are e↵ective so-
lutions for accessing annotated gold-standard re-
lational data by enabling queries such as (Dante,
born-in, X). However, in practice we often need
to extract relational data from text or other modal-
ities to populate these knowledge bases. This
requires complex NLP pipelines involving entity
extraction, coreference resolution, entity linking
and relation extraction (Surdeanu and Ji, 2014)—
components that often need supervised data and
fixed schemas. Moreover, errors can easily prop-
agate and accumulate throughout the pipeline. In-
stead, we could attempt to query neural language
models for relational data by asking them to fill in
masked tokens in sequences like “Dante was born

ar
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▶ Exhaustivité?
▶ Fiabilité?
2 Fabio Petroni et al. (2019). “Language Models as Knowledge Bases?” In: EMNLP. Association for

Computational Linguistics 60/73
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Comment évaluer les modèles de langue?

Comment évaluer la qualité d’un texte ou d’une image générée ?

61/73
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Conclusion et perspective

▶ LLM + Instruction = le début d’un mouvement
▶ Objet de recherche dépassé par les usages

▶ Des technologies chères (mais un coût en baisse)
▶ Ressources disponibles: Jean Zay

▶ Des limites critiques:
▶ Evaluation
▶ Controle / garantie sur la génération

62/73
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Extraction Ext.

Résoudre l’annotation: auto-supervision (ex-distillation)

Processus NER standard

1 Liste d’entités

2 Etiquetage automatique du corpus
regex

3 Inférence sur le test

4 Ré-apprentissage
Teacher-student

ID Sentence
1 ͞/ƚ appears that August is showing an economy

again reversing ĐŽƵƌƐĞ͕͞ �ƐĂŝĚ�ĞĐŽŶŽŵŝƐƚ Lynn
Reaser of Barnett Banks Inc. in Jacksonville.

2 Adilson Varela, commonly known as Cabral, is a
footballer from Switzerland who plays as
midfielder for FC Basel.

͙ ͙

Unlabeled 
Training Data

Knowledge Bases Multi-source
Gazetteers

Lynn Reaser
Adilson Valera

Jacksonville

PER
PER
LOC

Barnett Banks Inc
Cabral

FC Basel

ORG
PER
ORG

Generate Distantly Labeled Data Training Instances

Adilson Varela, commonly 
ŬŶŽǁŶ�ĂƐ��ĂďƌĂů͕�͙

BERT

Classification Head
Distant 
Labels

Stage I: BERT-Assisted Distantly Supervised Learning with Early Stopping

Training Instances

Adilson Varela, commonly 
ŬŶŽǁŶ�ĂƐ��ĂďƌĂů͕�͙

BERT

Classification Head

BERT

Classification Head

Iteratively Update

initialization Student Model Teacher Model

Pseudo
Label

B-PER  I-PER    O        O O B-PER ͙�

Stage II: Self-training

Pseudo
Labels

Figure 1: The two-stage BOND framework. In Stage I, the pre-trained BERT is adapted to the distantly supervised NER task
with early stopping. In Stage II, a student model and a teacher model are �rst initialized from the model learned in Stage
I. Then the student model is trained using pseudo-labels generated by the teacher model. Meanwhile, the teacher model is
iteratively updated by the early-stopped student.

Figure 2: Illustration of matching entities from Wikidata

BERT

MLM Classification Head

͙��ĞĐŽŶŽŵŝƐƚ���<MASK> <MASK> ŽĨ��������ĂƌŶĞƚƚ��͙

Lynn      Reaser

BERT

NER Classification Head

͙��ĞĐŽŶŽŵŝƐƚ����Lynn      Reaser ŽĨ��������ĂƌŶĞƚƚ��͙

͙���������K������<B-PER>  <I-PER> O      <B-ORG>  ͙

TransferPre-trained Model NER Model

Figure 3: Pre-trained Mask Language Model vs. NER Model

of the pre-trained BERT if without any intervention. Early stop-
ping essentially serves as a strong regularization to prevent such
over�tting and improves generalization ability to unseen data.
Remark 1. Stage I addresses both of the two major challenges in
distantly supervised NER tasks: noisy annotation and incomplete
annotation. As the semantic knowledge in the pre-trained BERT is
transferred to the NER model, the noise is suppressed such that the
prediction precision is improved. Moreover, early stopping prevents
the model from over�tting the incomplete annotated labels and
further improves the recall.

Embedding 
Space

Positive

Negative

True

False

Distant
True

Distant
False

Model

Ideal

Model OutputSample Point

Model Output

Embedding 
Space

Positive

Negative

Embedding 
Space

Positive

Negative

Pre-trained
BERT
Embedding

Early Stopping

Overfitting

Figure 4: Illustration of Stage I. Top) The pre-trained se-
mantic knowledge is transferred to the NER task; Middle)
Early stopping leverages the pre-trained knowledge and
yields better prediction; Bottom) Without early stopping,
the model over�ts the noise. The token embeddings are
evolving, as we update the pre-trained BERT layers.

3.2 Stage II: Self-Training
We �rst describe a teacher-student framework of self-training to im-
prove the model �tting, and then we propose to use high-con�dence
soft labels to further improve the self-training.

3.2.1 The Teacher-student Framework. We use 5 (·;\tea) and 5 (·;\stu)
to denote teacher and student models, respectively. Given the model
learned in Stage I, 5 (·; b\ ), one option is to initialize the teacher
model and the student model as:

\
(0)
tea = \

(0)
stu = b\,

Research Track Paper KDD '20, August 23–27, 2020, Virtual Event, USA

1057

3

3 Chen Liang et al. (2020). “Bond: Bert-assisted open-domain named entity recognition with distant
supervision”. In: ACM SIGKDD 63/73
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Application à l’analyse des descriptions de flores

Extraction d’Information ⇒ Clé-valeur

Structured knowledge extraction from species
descriptions

1st Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

2nd Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

3rd Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

4th Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

5th Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

6th Given Name Surname
dept. name of organization (of Aff.)

name of organization (of Aff.)
City, Country

email address or ORCID

Abstract—The morphological features of species are crucially
important, and their descriptions contain significant information
about them. However, extracting structured knowledge from
these descriptions can be a time-consuming process. In this
regard, we introduce a text-to-graph model that is specifically
designed for species descriptions and employs weakly supervised
Named Entity Recognition (NER). Our approach involves the ex-
traction of named entities, which are then utilized to reconstruct
triplets using dependency rules, resulting in a graph representa-
tion. This method allows for comparing different species based on
their morphological characteristics and enables linking various
data sources. The results of our study focus on our NER model
and demonstrate that it outperforms baseline models and offers
a valuable tool for the ecology and biodiversity community.

Index Terms—Named entity recognition, Distant supervision,
Knowledge-graphs.

I. INTRODUCTION

Species descriptions are a crucial source of information for
biodiversity studies and species identification. They provide
detailed information on the morpho-anatomical characteristics
of a given species, which are essential to distinguish one
species from another. These descriptions are usually written
in text form in scientific journals, books or databases.
To facilitate the study and comparison of different species,
species descriptions are often represented as knowledge
graphs that are used to identify relationships between
different species and model species evolution.
However, extracting this information from species descriptions
can be a time-consuming and laborious task, usually performed
by experts [1]. Automating this process is therefore a challenge
for researchers in this community.
Deep learning models have shown remarkable performance
in knowledge extraction tasks [2]. However, these models are
heavy and require a large amount of annotated data in the
target domain to achieve high accuracy, which is very costly.
We thus focus on Named Entity Recognition (NER)
approaches under the assumption that the particular domain

of the targeted documents will allow us to create the specific
labels for the subjects –textitorgans– and the predicates
–textittypes of descriptors–. The fact that the attributes are
identified with their nature allows the reconstruction of the
triplet as in the example:

�25*$1!�)ORZHUV���25*$1!���PHURXV��&DO\[�DHVWLYDWLRQ
YDOYDWH��FDPSDQXODWH�������PP�ORQJ�¬DED[LDOO\¬�

�'(6&�685)$&(!�JODEURXV���'(6&�685)$&(! )ORZHUV *ODEURXV
VXUIDFH

Most annotated corpora and pre-trained models in NER are
designed for general data (e.g. wikipedia). Moreover, transfer
between domains is difficult. With the exception of financial
or biomedical documents [3], few specific domains are
affordable by exploiting only available academic resources.
Therefore, this paper’s challenge is to propose a global
methodology for information extraction in the domain of
species description.

Our approach is based on 3 steps: (1) Segment the text by
organ description using rules; (2) Identify organs and descrip-
tors by named entity extraction; (3) Reconstruct triplets using
rules. This article mainly describes the process of step (2)
which is itself decomposed into different steps: (a) Retrieving
a glossary (keywords and classes) from domain experts; (b)
Exploiting the terms of the glossary to annotate the corpus
distantly; (c) Training a first NER model; (d) Improving the
model (teacher-student self-training). The application contribu-
tion of this paper is to study a specific use case of named entity
extraction in distant supervision with state-of-the-art tools.

II. RELATED WORK

Knowledge representation is an important issue for the
study of species in biology. Current systems rely mainly on
experts [?], which is very interesting for targeted studies but
does not allow large processing of the available literature.
The challenge is to find the right tools in the literature to
address this challenge. Deep learning models have shown
remarkable performance in knowledge extraction tasks but

Fig. 1. The proposed architecture for distantly supervised Named Entity Recognition: Distant annotation based on manual annotation of an existing glossary
is used to create the training set for self-training while the unlabeled species descriptions are used to pre-train the language model.

Fig. 2. Sample of the corpus Flora Neotropica containing the description of
the species Disterigma agathosmoides

Y1 ={Color, Disposition, Form,

Position, Surface-texture} (3)

Note : In the following, the y will in fact denote vectors
of scores on the C classes (y 2 RC). In the initial version, y
takes the form of a one-hot on the targeted class. In the rest
of the article, for simplicity, we will speak of class y whereas

formally, the class would be rather argmax(y). This subtlety is
important to be able to introduce the self-training mechanisms
in the following.

Distant annotation process. After applying the above-
mentioned schemes, we consider the corpus as a set of
sentences S = {s0, s1, ..., sM}, each sentence sm =
{w0, w1, ..., wNm} being a set of words wn.

The w words from the S corpus and the G glossary are
lemmatized and then compared: each match annotates a wn

word with the y label from the glossary. Unrecognized words
are assigned to the O class.

We thus obtain a set of sequences of labels L =
{`1, . . . , `M}, `m = {y1, . . . , yNm

} aligned with the corpus
of sentences S. The statistics of the glossary and its projection
on the corpus are given in the table I.

B. Proposed Named Entity Recognition method

The extraction of named entities is a difficult task, so
the development of such an approach from data with distant
annotations is a scientific challenge. The very question of
evaluation in such a framework is non-trivial, we will come
back to it later in this study.

To solve this problem, we adopted self-training, a technique
that iteratively integrates the most reliable predictions of the
model into the ground truth to progressively improve the
model coverage.

TABLE I
STATISTICS ON THE DATASET : CLASSES, NUMBER OR DISTINCT WORDS

IN EACH CLASS AND NUMBER OF OCCURRENCES IN THE CORPUS.

Set Class Occurrences Number of words

Y0

Flower 22890 23
Fruit 4968 10
Habit 1920 3
Leaf 4364 5
Part-of 23849 25
Stem-root 3296 7

Y1

Color 18342 15
Disposition 8405 21
Form 24816 64
Position 10936 13
Surface-texture 18325 23

Fig. 3. Triplet extraction process from an organ-centered sentence

The second challenge we faced was the specificity of the
vocabulary and sentence structures associated with such a
sharp domain. As shown in Figure 2, the distribution of
vocabulary and the organization of word sequences differ too
much from usual natural language to benefit from the input
of pre-trained language models. We investigated two strategies
to overcome this problem : (1) using a pre-trained language
model, relying on its robustness, and (2) refining the pre-
trained language model by re-predicting hidden words on
documents from the flora.

After tokenization, the subwords of each word are assigned
to a specific class. In the inference process, the model com-
putes a confidence score for each class assignment. To obtain
the final class of each word, we choose the class with the
highest confidence score among all of its subwords. This is
because a word can be split into multiple subwords, each of
which may be assigned a different class, but ultimately we
want to assign a single class to the entire word. By selecting
the most confident class of each subword and assigning it to
the entire word, we can ensure that our NER model produces
accurate and consistent results.

Architecture. The named entity recognition model is
based on a pre-trained BERT encoder with a fully connected
layer for keyword classification. We denote this model by f✓,
where ✓ represents the set of parameters (language model and
classification layer). For each sequence sm, f✓(sm) 2 RC⇥Nm

is an estimate of p(Yj = c|sm) for all words wj in s and for the
C classes considered. We will denote f✓,j,c(wj) the prediction
associated with word j and class c. The training of the model
is performed on pairs of aligned sequences (sm, `m). The loss
function is classically a cross-entropy :

L = �
X

(s,`)2S,L

X

(wj ,yj)2(s,`)

CX

c=0

yj,c log
exp(f✓,j,c(s))PC

c0=1 exp(f✓,j,c0(s))

(4)
Reminder: As mentioned in Section III, the variable y

represents the score vectors for the different classes. Therefore,
yj,c denotes the score of the word j for the class c. In this
initial phase, yj,c is set to 1 for the class corresponding to the
annotation of wj and 0 for all other classes.

Re-training of all layers of the model. During the learning
process, we update all layers of the end-to-end model: the
encoder layers are not fixed. This approach improves the
quality of the results and the learning efficiency by modifying
the last layers of the encoder to adapt them to the classification
task.

Pre-training the language model. Pre-training the BERT
encoder on the unsupervised hidden word prediction task can
significantly improve the quality of the learned representations
when the textual domain is very particular, as is the case in
our application.

Therefore, we set up a procedure by training a word
classifier g✓0 on a large and diversified corpus of biological
texts, particularly on species description data (same corpus
used for the NER). After a few iterations, the parameters of
the classification layer are removed and the parameters of the
language model ✓0 are transferred to the initialization of the
NER model which becomes f✓0 . This procedure allows the
NER model to benefit from pre-training.

C. Self-training

The self-training procedure is an iterative approach. We use
the strategy described in [19].

Initializing the teacher. Let us first define a reference
NER model fT

✓ trained on our dataset: this model is called
teacher (T). At iteration 1, f

(T )
✓ generates a list of predictions

Ŷ = Softmax(f
(T )
✓ (S))) associated with the sentences of the

corpus. Predictions whose confidence score exceeds a fixed
threshold � are used to correct the Y labels. We denote this
new labeling Y (1).

8j, y
(1)
j =

8
<
:

yj if argmax(ŷj) = argmax(yj)
ŷj if max(ŷj) > � et argmax(yj) = 0
yj else

(5)
Initialisation of the student. The model student f

(S)
✓0 is

learned on this set of corrected data. By taking the equa-
tion (4), the interest of the procedure is clearer: considering
the distribution of the scores on yj allows to avoid too abrupt
changes in the labeling and to stabilize the evolution of the
models. This is one of the variants studied in [19], it proved
to be the most efficient on our data.

Iterations of the student. The model f
(S)
✓0 successively

predicts new labels Y (t), according to the procedure described
in equation (5), and then updates its weights Y (t).

4
4 Maya Sahraoui et al. (2022). “NEARSIDE: Structured kNowledge Extraction frAmework from SpecIes

DEscriptions”. In: Biodiversity Information Science and Standards
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Application à l’analyse des descriptions de flores

TABLE II
NUMBER OF OCCURRENCES OF THE CLASSES ON THE TEST SET X , Xc (OUT OF DISTRIBUTION) AND ON THE TRAINING SET

Set Class X Xc Train set

Y1

Flower 1143 272 4076
Fruit 435 0 1456
Habit 184 0 767
Leaf 887 0 2713
Part-of 1414 252 4790
Stem-root 363 0 1362

Y2

Color 1760 5174 6536
Disposition 449 136 1544
Form 1976 90 6792
Position 664 0 2344
Surface-texture 1174 57 4201

TABLE III
ABILITY OF THE MODEL TO DETECT AND CLASSIFY ENTITIES SEEN IN THE TRAINING PHASE IN A NEW CONTEXT ( DETECTION/CLASSIFICATION

SCORES)

Models Precision Recall Score F1

Baseline 100/93.83 75.74/70.82 86.19/79.26

Baseline w/ lm 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

in classification. These results indicate that pre-training the
language model in an unsupervised manner on the same
monographs that were used for named entity recognition is
a promising method for improving the performance of the
NER model on closed-domain data, as is the case for species
descriptions.

Our experiments on the effect of self-training also yielded
encouraging results. Our self-trained model achieved an F1
score of 86.22%, outperforming the F1 score of the reference
model by 6.96%. These results highlight the effectiveness
of self-training in overcoming the negative impact of distant
annotation (noise and silence on labels). We can conclude that
self-training is a useful technique to improve the performance
of NER models in scenarios where labeled data is sparse or
of poor quality.

Experiences were also conducted on the effect of self-
training and pre-training of the language model, however,
these two methods combined do not seem to bring any
significant gain on detection and classification performances.
One possible explanation is that the combination of the two
algorithms leads to an over-fitting of the data, nevertheless,
more specific experiences must be conducted in order to have
a precise conclusion on this matter.

We note a significant gap between detection and
classification in all the experiments. We attribute this
discrepancy to the lack of labeled data but we are convinced
that it could be solved by using for example data augmentation.
This is an interesting perspective for this work.

In particular, the confusion matrix in Figure 4 shows mis-

Fig. 4. Confusion matrix of the model with self-training on the test set X

classifications for the class Disposition, which has the most
false negatives. This class is often confused with the O class,
which is the most represented class in the training dataset,
as well as the Form class, which is the most represented
among the feature classes. However, it is important to note
that the confusions between descriptor classes and feature
classes are very low, indicating that the model has successfully
assimilated these notions. This last point is crucial for the
quality of the extracted triples later on.

TABLE IV
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/ lm 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

Fig. 5. Probability distribution of the reference model and the model with self-training for the detection of a named-entity that belongs to the class Part-of.
Dataset Xc

Fig. 6. Baseline model Fig. 7. Model with self-training

Fig. 8. Sample of Flora Neotropica containing the description of the species Burmannia Tenella and the graph extracted by our model for this species, with
a focus on one sample sentence
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Figure 1: The architecture of ITA. ITA aligns an image into object tags, image captions and texts from OCR.
ITA takes them as visual contexts and then feeds them together with the input texts into the transformer-based
embeddings. In the cross-view alignment module, ITA minimizes the distance between the output distribution of
cross-modal inputs and textual inputs.

input views during training. The architecture of our
framework is shown in Figure 1.

2.1 NER Model Architecture
We use a neural model with a linear-chain CRF
layer, a widely used approach for the sequence la-
beling problem (Huang et al., 2015; Akbik et al.,
2018; Devlin et al., 2019). The input is fed
into a transformer-based pretrained textual embed-
dings model and the output token representations
{r1, · · · , rn} are fed into the CRF layer:

p✓(y|w) =

nQ
i=1

 (yi�1, yi, ri)

P
y02Y(w)

nQ
i=1

 (y0i�1, y
0
i, ri)

where ✓ is the model parameters, Y(w) is the set
of all possible label sequences given the input w.
Given the gold label sequence ŷ in the training
data, the objective function of the model for the T
input view is:

LT(✓) = � log p✓(ŷ|w) (1)

The loss can be calculated using Forward algo-
rithm.

2.2 Image-text Alignments
The transformer-based pretrained textual embed-
dings have strong representations over texts. There-
fore, ITA converts the image information into tex-
tual space through generating texts from the im-
age so that the learning of the self-attention in the

transformer-based model can be significantly eased
compared with simply using image features from
an object detector. We propose a local (LA), a
global (GA) and an optical character alignment
(OCA) approaches for alignments.

Object Tags as Local Alignment Given an im-
age, the image information can be decomposed into
a set of objects in local regions. The object tags of
each region textually describe the local information
in the image. To extract the objects, we use an ob-
ject detector OD to identify and locate the objects
in the image:

a, o = OD(I); where

a = {a1, a2, · · · , al} and o = {o1, o2, · · · , ol}

The attribute predictions from the object detector
contain multiple attribute tags ai for each object
oi. We linearize and sort the objects in a descend-
ing order based on the confidences of the detection
model. For each object, we heuristically keep 0 to
3 attributes with confidence scores above a thresh-
old m. We linearize the attributes and put the at-
tributes before the corresponding objects since the
attributes are the adjectives describing the object
tags. As a result, we take the predicted l object tags
o and their attribute tags a from the object detector
as the locally aligned visual contexts wLA:

wLA = {a1, o1, a2, o2, · · · , al, ol}

Image Captions as Global Alignment Though
the local alignment can localize the image into

3178

4

4 Xinyu Wang et al. (2022). “ITA: Image-Text Alignments for Multi-Modal Named Entity Recognition”. In:
NAACL
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Fig. 1. The proposed architecture for distantly supervised Named Entity Recognition: Distant annotation based on manual annotation of an existing glossary
is used to create the training set for self-training while the unlabeled species descriptions are used to pre-train the language model.

Fig. 2. Sample of the corpus Flora Neotropica containing the description of
the species Disterigma agathosmoides

Y1 ={Color, Disposition, Form,

Position, Surface-texture} (3)

Note : In the following, the y will in fact denote vectors
of scores on the C classes (y 2 RC). In the initial version, y
takes the form of a one-hot on the targeted class. In the rest
of the article, for simplicity, we will speak of class y whereas

formally, the class would be rather argmax(y). This subtlety is
important to be able to introduce the self-training mechanisms
in the following.

Distant annotation process. After applying the above-
mentioned schemes, we consider the corpus as a set of
sentences S = {s0, s1, ..., sM}, each sentence sm =
{w0, w1, ..., wNm} being a set of words wn.

The w words from the S corpus and the G glossary are
lemmatized and then compared: each match annotates a wn

word with the y label from the glossary. Unrecognized words
are assigned to the O class.

We thus obtain a set of sequences of labels L =
{`1, . . . , `M}, `m = {y1, . . . , yNm

} aligned with the corpus
of sentences S. The statistics of the glossary and its projection
on the corpus are given in the table I.

B. Proposed Named Entity Recognition method

The extraction of named entities is a difficult task, so
the development of such an approach from data with distant
annotations is a scientific challenge. The very question of
evaluation in such a framework is non-trivial, we will come
back to it later in this study.

To solve this problem, we adopted self-training, a technique
that iteratively integrates the most reliable predictions of the
model into the ground truth to progressively improve the
model coverage.

⇒ Construire des systèmes pédagogiques pour l’identification de taxons
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Dynamic NER

Cas extrême où les entités changent de type tout le temps!

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

Context Problematic Contribution Experiments & Results Conclusion References

DNER datasets

To implement the task we created two datasets : DNER-RotoWire and DNER-IMDb

DNER-RotoWire: From NBA match summaries, the goal is to identify players
and determine if they are winning or losing

DNER-IMDb: From movie synopses, the goal is to identify actors and categorize
them according to their ranking in the credit.

Figure 5: DNER-rotoWire sample

8/16

4

4 Tristan Luiggi et al. (2023). “Dynamic Named Entity Recognition”. In: ACM SAC
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Models Set
RotoWire IMDb

DNET DNER Entity DNET DNER Entity

BERT-Linear
Seen 0.81 0.66 0.86 0.67 0.36 0.58

Seen/Unseen 0.81 0.65 0.85 - - -
Unseen 0.80 0.63 0.81 0.45 0.31 0.56

BERT-CLS
Seen 0.81 0.67 0.88 0.69 0.37 0.60

Seen/Unseen 0.81 0.68 0.87 - - -
Unseen 0.80 0.67 0.85 0.46 0.32 0.58

BERT-CRF
Seen - 0.67 0.90 - 0.60 0.94

Seen/Unseen - 0.67 0.88 - - -
Unseen - 0.66 0.87 - 0.52 0.92

BERT-CLS-CRF
Seen - 0.61 0.82 - 0.56 0.90

Seen/Unseen - 0.61 0.81 - - -
Unseen - 0.60 0.79 - 0.48 0.88

Table 5: Experiment results. The `�1 score is reported for both datasets and tasks.

RotoWire IMDb
Model Set GT All W L GT All 1 2 3 4

Bert-Linear
S 5.44% 17.69% 14.61% 21.87% 0% 7.24% 4.47% 6.27% 11.11% 9.92%

S/U 4.64% 20.88% 17.52% 26.15% - - - - - -
U 2.63 % 20.54% 17.96% 26.31% 0.31% 8.64% 5.59% 10.05% 12.02% 9.20%

Bert-CLS
S 5.44% 13.27% 9.23% 18.75% 0% 5.01% 3.68% 3.76% 7.20% 7.14%

S/U 4.64% 18.27% 13.40% 25.92% - - - - - -
U 2.63% 10.81% 7.81% 17.54% 0.31% 5.68% 4.58% 6.41% 6.43% 6.25%

Table 6: Inconsistency analysis statistics. Entity with a single mention are ignored. S stands for the seen test set, S/U for the
seen/unseen test set and U for the unseen
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Figure 6: Baseline architectures

To measure the entity consistency (challenges in Section 3.2),
we design the inconsistency metric. It compares the labels of all
mentions of the same entity within a sample. If an entity obtains
the same label for all its mentions, the incoherence metric is equal
to 0. Otherwise, its value is 1. This metric is then aggregated over
all multi-mentioned entities4 of all samples.

7 BENCHMARK RESULTS
RotoWire - DNET. In this experiment, the goal is to classify

player contextualized representations within two categories: winner
and loser. Results are shown in Table 5 (left).

We logically observe a decrease in performance when the di�-
culty increases from Seen to Unseen. Even if the di�erence is limited,
4For clarity, all entities that are mentioned only once are removed from the calculations.

it is easier for a model to decide if some properties of the context
have already been seen during training. Our two baselines perform
similarly. We can observe in Table 6 (left) the label inconsistency
metric. The e�ect of remote supervision is visible on the ground
truth with an inconsistency that varies from 2.63% to 5.44%. This
error is ampli�ed by the model whose inconsistencies rise to 20.54%
(unseen test set) for BERT-Linear. This indicates that the consis-
tency challenge is di�cult to meet without explicit modeling of
team membership constraints. It is interesting to note that the intro-
duction of a general context (CLS) enables the model to signi�cantly
reduce inconsistencies (10.81% for the unseen test set).

RotoWire - DNER. All DNER results are shown in table 5 (right).
The �rst conclusion from this table is that the CLS token provides a
performance gain compared to the baseline Bert-Linear architecture.
This is consistent with the experiments with DNET, where the CLS
token exhibited better robustness to inconsistency. This e�ect could
be of greater magnitude due to the IOBES scheme, which requires
the classi�cation of a larger number of classes. BERT-CRF performs
better in entity recognition, which is easily explained by the CRF
layer e�ectively maintaining label coherence. This suggests that the
CRF helps in maintaining such a factor, but is not able to correctly
analyze a context. The combination of the CLS token and the CRF
layer generally performs well, but the added complexity could
trigger an over�tting e�ect. This con�rms our suspicions about the
added di�culty of our proposed task.

The best baseline (BERT-CLS) proposes an average F1 perfor-
mance of 0.67, mainly due to errors in typing and precision issues;
although interesting, it is clear that the many challenges mentioned
in Section 3.2 must be addressed in a speci�c way to cope with the
di�culty of the DNER task.

IMDb - DNET. On these data, the scores are globally worse than
on RotoWire (Table 5 (right)). This is easily explained by a change
from 2 to 4 classes. The loss of performance by going from seen

Context Problematic Contribution Experiments & Results Conclusion References

Dataset Analysis

Figure 6: Credit order statistics w.r.t.
popularity. Popular actors tend to take first
and second place in the credit while being
less expected to be in third and fourth.

Figure 7: Actor relative position distribution
according to their labels. First credited actors
tend to be cited more often earlier in the
summary.

Figure 8: Winning statistics w.r.t. popularity.
The quartile of most popular players tends to
win more frequently.

Figure 9: Player relative position distribution
according to their labels. Winning players tend
to be mentioned earlier. 10/16

▶ Analyse de l’intérêt de la couche CRF
▶ Distinction in-domain / ood

⇒ Des perspectives vers l’encodage de la position des mots
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Encodage de la position dans les documents:

5

5 A. Kazemnejad (2019). Transformer Architecture: The Positional Encoding. 68/73
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Détection des entités dans un document structuré

5

▶ Texte

▶ Image

▶ Coordonnées des mots

Puiser dans les modalités pour
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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Figure 3: The architecture and pre-training objectives of LayoutLMv3. LayoutLMv3 is a pre-trained multimodal Transformer
for Document AI with uni�ed text and image masking objectives. Given an input document image and its corresponding text
and layout position information, the model takes the linear projection of patches and word tokens as inputs and encodes them
into contextualized vector representations. LayoutLMv3 is pre-trained with discrete token reconstructive objectives of Masked
Language Modeling (MLM) and Masked Image Modeling (MIM). Additionally, LayoutLMv3 is pre-trained with a Word-Patch
Alignment (WPA) objective to learn cross-modal alignment by predicting whether the corresponding image patch of a text
word is masked. “Seg” denotes segment-level positions. “[CLS]”, “[MASK]”, “[SEP]” and “[SPE]” are special tokens.

sequence. Following the LayoutLM, we normalize all coordinates
by the size of images, and use embedding layers to embed x-axis,
y-axis, width and height features separately [54]. The LayoutLM
and LayoutLMv2 adopt word-level layout positions, where each
word has its positions. Instead, we adopt segment-level layout posi-
tions that words in a segment share the same 2D position since the
words usually express the same semantic meaning [28].
Image Embedding. Existing multimodal models in Document AI
either extract CNN grid features [2, 56] or rely on an object detector
like Faster R-CNN [44] to extract region features [14, 31, 40, 54]
for image embeddings, which accounts for heavy computation
bottleneck or require region supervision. Inspired by ViT [11] and
ViLT [22], we represent document images with linear projection
features of image patches before feeding them into the multimodal
Transformer. Speci�cally, we resize a document image into � ⇥,
and denote the image with I 2 R⇠⇥�⇥, , where⇠ , � and, are the
channel size, width and height of the image respectively. We then
split the image into a sequence of uniform % ⇥ % patches, linearly
project the image patches to ⇡ dimensions and �atten them into
a sequence of vectors, which length is " = �, /%2. Then we add

learnable 1D position embeddings to each patch since we have
not observed improvements from using 2D position embeddings in
our preliminary experiments. LayoutLMv3 is the �rst multimodal
model in Document AI that does not rely on CNNs to extract image
features, which is vital to Document AI models to reduce parameters
or remove complex pre-processing steps.

We insert semantic 1D relative position and spatial 2D relative
position as bias terms in self-attention networks for text and image
modalities following LayoutLMv2[56].

2.2 Pre-training Objectives
LayoutLMv3 is pre-trained with the MLM, MIM, and WPA objec-
tives to learn multimodal representation in a self-supervised learn-
ing manner. Full pre-training objectives of LayoutLMv3 is de�ned
as ! = !"!" + !"�" + !,%� .
Objective I: Masked Language Modeling (MLM). For the lan-
guage side, our MLM is inspired by the masked language mod-
eling in BERT [9] and masked visual-language modeling in Lay-
outLM [54] and LayoutLMv2 [56]. We mask 30% of text tokens with

5

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

Masking”. In: ACM International Conference on Multimedia
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Optimisation robuste pour la généralisation

Optimisation de sous-espaces

6

Création de régions homogènes
dans l’espace de représentation

⇒ Améliorer l’espace de
représentation

6 Mitchell Wortsman et al. (2021). Learning Neural Network Subspaces.
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Prefix-tuning & optimisation

▶ Impossible de maintenir plusieurs
versions des paramètres d’un LLM

▶ Possible de travailler sur des
approches parcimonieuses

⇒ Amélioration dans diverses tâches
GLUE... Mais pas encore en NER7

It's raining cats and dogs

Transformer
block

Transformer
block

...

Attn

MLP

Prédiction
sur le mot

It's raining cats and dogs

Transformer
block

...

Attn

MLP

Prédiction
sur le mot

Tâche =
trouver le type

des mots

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 à analyser

Erreurs en NER = problème de contextualisation?

Comment analyser la phrase suivante?

Azawad reprend les armes
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Contextualisation des phrases à analyser

Erreurs en NER = problème de contextualisation?

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

Azawad reprend les armes
Le Mouvement national de l’Azawad (MNA), créé en novembre 2010

Le secrétaire général du mouvement est Ahmed Ould Sidi Mohamed
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Contextualisation des phrases à analyser

Erreurs en NER = problème de contextualisation?

Improving Named Entity Recognition by
External Context Retrieving and Cooperative Learning

Xinyu Wang⇧‡, Yong Jiang†⇤, Nguyen Bach†, Tao Wang†,
Zhongqiang Huang†, Fei Huang†, Kewei Tu⇧⇤

⇧School of Information Science and Technology, ShanghaiTech University
Shanghai Engineering Research Center of Intelligent Vision and Imaging

Shanghai Institute of Microsystem and Information Technology, Chinese Academy of Sciences
University of Chinese Academy of Sciences

†DAMO Academy, Alibaba Group
{wangxy1,tukw}@shanghaitech.edu.cn, yongjiang.jy@alibaba-inc.com

{nguyen.bach,leeo.wangt,z.huang,f.huang}@alibaba-inc.com

Abstract
Recent advances in Named Entity Recogni-
tion (NER) show that document-level contexts
can significantly improve model performance.
In many application scenarios, however, such
contexts are not available. In this paper, we
propose to find external contexts of a sentence
by retrieving and selecting a set of semanti-
cally relevant texts through a search engine,
with the original sentence as the query. We
find empirically that the contextual represen-
tations computed on the retrieval-based input
view, constructed through the concatenation
of a sentence and its external contexts, can
achieve significantly improved performance
compared to the original input view based only
on the sentence. Furthermore, we can improve
the model performance of both input views
by Cooperative Learning, a training method
that encourages the two input views to pro-
duce similar contextual representations or out-
put label distributions. Experiments show that
our approach can achieve new state-of-the-art
performance on 8 NER data sets across 5 do-
mains.1

1 Introduction

Pretrained contextual embeddings such as ELMo
(Peters et al., 2018), Flair (Akbik et al., 2018) and
BERT (Devlin et al., 2019) have significantly im-
proved the accuracy of Named Entity Recognition
(NER) models. Recent work (Devlin et al., 2019;
Yu et al., 2020; Yamada et al., 2020) found that
including document-level contexts of the target sen-
tence in the input of contextual embeddings meth-
ods can further boost the accuracy of NER models.

⇤Yong Jiang and Kewei Tu are the corresponding authors.
‡: This work was conducted when Xinyu Wang was interning
at Alibaba DAMO Academy.

1Our newest code is publicly available at
https://github.com/modelscope/AdaSeq/
tree/master/examples/RaNER. The older version:
https://github.com/Alibaba-NLP/CLNER.

senate democrats eliminated
the nuclear option when they
had the majority a few years
ago , over republican
objections .

President Obama called for eliminating the
legislative filibuster last month , which
could occur if Democrats retake the
Senate . Some Republicans say it ¶ s time
to undo a wrong committed by Reid .
Senate Republicans are considering using
the ³ nuclear option ´ to end a potential
Democratic filibuster and confirm Neil
Gorsuch to the Supreme Court . Senate
Republicans deployed the ³ nuclear option ´
on Wednesday to drastically reduce the
time it takes to confirm hundreds of
President Trump ¶ s nominees .

Label: GroupLabel: Non Entity

Input Sentence: Retrieved Texts:

ĸ
灅灅

ĸ

Figure 1: A motivating example from WNUT-17
dataset. The retrieved texts help the model to correctly
predict the named entities of “democrats” and “republi-
can”.

However, there are a lot of application scenarios
in which document-level contexts are unavailable
in practice. For example, there are sometimes no
available contexts in users’ search queries, tweets
and short comments in various domains such as
social media and E-commerce domains. When pro-
fessional annotators annotate ambiguous named
entities in such cases, they usually rely on domain
knowledge for disambiguation. This kind of knowl-
edge can often be found through a search engine.
Moreover, when the annotators are not sure about
a certain entity, they are usually encouraged to find
related knowledge through a search engine (Wang
et al., 2019). Therefore, we believe that NER mod-
els can benefit from such a process as well.

In this paper, we propose to improve NER mod-
els by retrieving texts related to the input sentence
by an off-the-shelf search engine. We re-rank the re-
trieved texts according to their semantic relevance
to the input sentence and select several top-ranking
texts as the external contexts. Consequently, we
concatenate the input sentence and external con-
texts together as a new retrieval-based input view
and feed it to the pretrained contextual embedding
module, so that the resulting semantic representa-
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8 Xinyu Wang et al. (2021). “Improving Named Entity Recognition by External Context Retrieving and
Cooperative Learning”. In: ACL
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Erreurs en NER = problème de contextualisation?
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Figure 2: The architecture of our framework. An input sentence x is fed into a search engine to get k related
texts. The related texts are then fed into the re-ranking module. The framework selects l highest ranking related
texts output from the re-ranking module and feeds the texts to a transformer-based model together with the input
sentence. Finally, we calculate the negative likelihood loss LNLL and LNLL-EXT together with the CL loss (either
LCL-L2

or LCL-KL).

ternal contexts:

x̃ = [sep_token; x̂1; · · · ; x̂l]

where sep_token is a special token representing
a separate of sentences in the transformer-based
pretrained contextual embeddings (for example,
“[SEP]” in BERT).

2.2 NER Model
We solve the NER task as a sequence labeling prob-
lem. We apply a neural model with a CRF layer,
which is one of the most popular state-of-the-art
approaches to the task (Lample et al., 2016; Ma
and Hovy, 2016; Akbik et al., 2019). In the se-
quence labeling model, the input sentence x is fed
into a transformer-based pretrained contextual em-
beddings model to get the token representations
{v1, · · · , vn} by vi=embedi(x). The token rep-
resentations are fed into a CRF layer to get the
conditional probability p✓(y|x):

 (y0, y, vi) = exp(WT
y vi + by0,y) (1)

p✓(y|x) =

nQ
i=1

 (yi�1, yi, vi)

P
y02Y(x)

nQ
i=1

 (y0i�1, y
0
i, vi)

where  is the potential function and ✓ represents
the model parameters. Y(x) denotes the set of all
possible label sequences given x. y0 is defined
to be a special start symbol. WT 2 Rt⇥d and
b 2 Rt⇥t are parameters computing emission and
transition scores respectively. d is the hidden size
of v and t is the size of the label set. During train-
ing, the negative log-likelihood loss for the input
sequence with gold labels y⇤ is defined by:

LNLL(✓) = � log p✓(y
⇤|x) (2)

In our approach, we concatenate the external
contexts x̃ at the end of the input sentence x to
form the retrieval-based input view. The token
representations are now given by:

{v0
1, · · · , v0

n, · · · } = embed([x; x̃])

The architecture of our NER model is shown in
Figure 3. Now the conditional probability p✓(y|x)
becomes p✓(y|x, x̃). The loss function in Eq. 2
becomes:

LNLL-EXT(✓) = � log p✓(y
⇤|x, x̃) (3)

2.3 Cooperative Learning
In practice, there are two application scenarios for
the NER model: 1) offline prediction, which re-
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Amélioration des performances: significatives... Mais décevantes

1806

Social Media News Biomedical E-commerceWNUT-16 WNUT-17 CoNLL-03 CoNLL++ BC5CDR NCBI
Zhou et al. (2019) 55.43 42.83 - - - - -
Nguyen et al. (2020) 52.10 56.50 - - - - -
Nie et al. (2020) 55.01 50.36 - - - - -
Baevski et al. (2019) - - 93.50 - - - -
Wang et al. (2019) - - 93.43 94.28 - - -
Li et al. (2020) - - 93.33 - - - -
Nooralahzadeh et al. (2019) - - - - 89.93 - -
Bio-Flair (2019) - - - - 89.42 88.85 -
Bio-BERT (2020) - - - - - 87.70 -

Evaluation: W/O CONTEXT
LUKE (2020) 54.04 55.22 92.42 93.99 89.18 87.62 77.64
W/O CONTEXT 56.04 57.86 93.03 94.20 90.52 88.65 81.47
CL-L2 57.35† 58.68† 93.08 94.38† 90.70† 89.20† 82.43†

CL-KL 58.14† 59.33† 93.21† 94.55† 90.73† 89.24† 82.31†

Evaluation: W/ CONTEXT
W/ CONTEXT 57.43† 60.20† 93.27† 94.56† 90.76† 89.01† 83.15†

CL-L2 58.61† 60.26† 93.47† 94.62† 90.99† 89.22† 83.87†

CL-KL 58.98† 60.45† 93.56† 94.81† 90.93† 88.96† 83.99†

Table 2: A comparison among recent state-of-the-art models, the baseline and our approaches. † represents the
model is significantly stronger than the baseline model (W/O CONTEXT) with p < 0.05 on Student’s T test.

Evaluation
Science and Technology

Approach W/O CONTEXT W/ CONTEXT

Jia et al. (2019) 73.59 -
W/O CONTEXT 75.87 75.74
W/ CONTEXT 75.72 75.94
CL-L2 76.16 76.10
CL-KL 76.37 76.38

Table 3: A comparison of different approaches in trans-
fer learning. The models are trained on the CoNLL-03
dataset.

Evaluation
Approach W/O CONTEXT W/ CONTEXT

CL-L2 82.43 83.87
CL-KL 82.31 83.99
CL–L2+SEMI 82.88† 83.92
CL-KL+SEMI 82.58† 84.10

Table 4: A comparison between of CL approaches
with and without semi-supervised learning. SEMI rep-
resents the approaches with semi-supervised learning.
† represents the approach is significantly (p < 0.05)
stronger than the approach without semi-supervised
learning with the same input view.

ple. Results in Table 4 show that the accuracy of
both input views can be improved especially for the
input without external contexts, which shows the
effectiveness of CL in semi-supervised learning.

4 Analysis

We use the WNUT-17 dataset in the analysis.

SE FM BS BS+tf-idf
AVG. 59.95 59.54 60.20 59.71
BEST 61.79 60.89 62.29 60.96

Table 5: A comparison of different re-ranking ap-
proaches by the F1 scores on WNUT-17. SE: Search
engine. FM: Fuzzy match score. BS: BERTScore.

4.1 Comparison of Re-ranking Approaches

Various re-ranking approaches may affect the to-
ken representations of the model. We compare our
approach with three other re-ranking approaches.
The first is the ranking from the search engine with-
out any re-ranking approaches. The second is re-
ranking through a fuzzy match score. The approach
has been widely applied in a lot of previous work
(Gu et al., 2018; Zhang et al., 2018; Hayati et al.,
2018; Xu et al., 2020). The third is BERTScore
with tf-idf importance weighting which makes rare
words more indicative than common words in scor-
ing. We train our models (W/ CONTEXT) with
external contexts from these re-ranking approaches
and report the averaged and best results on WNUT-
17 in Table 5. Our results show that re-ranking with
BERTScore performs the best, which shows the se-
mantic relevance is helpful for the performance.
However, for BERTScore with the tf-idf weighting,
the accuracy of the model drops significantly (with
p < 0.05). The possible reason might be that the
tf-idf weighting gives high weights to irrelevant
texts with rare words during re-ranking.
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Various re-ranking approaches may affect the to-
ken representations of the model. We compare our
approach with three other re-ranking approaches.
The first is the ranking from the search engine with-
out any re-ranking approaches. The second is re-
ranking through a fuzzy match score. The approach
has been widely applied in a lot of previous work
(Gu et al., 2018; Zhang et al., 2018; Hayati et al.,
2018; Xu et al., 2020). The third is BERTScore
with tf-idf importance weighting which makes rare
words more indicative than common words in scor-
ing. We train our models (W/ CONTEXT) with
external contexts from these re-ranking approaches
and report the averaged and best results on WNUT-
17 in Table 5. Our results show that re-ranking with
BERTScore performs the best, which shows the se-
mantic relevance is helpful for the performance.
However, for BERTScore with the tf-idf weighting,
the accuracy of the model drops significantly (with
p < 0.05). The possible reason might be that the
tf-idf weighting gives high weights to irrelevant
texts with rare words during re-ranking.

8

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 modèles de langue

▶ Modèle de langue = sélection des documents du contexte (BERT-Score)
▶ Contextualisation directe possible avec un modèle de langue
▶ Ouverture: reformulation de phrase
▶ ... Voire recherche directe des entités

Expériences préliminaires: recherche de prompts

0RGHO���SURPSW�HQJLQHHULQJ

�

$QVZHU�IRUPDW�

ż ZH�H[SOLFLWO\�UHTXHVW�WKH�
PRGLILFDWLRQ�RI�WKH�RXWSXW

ż 5HTXHVWLQJ�RXWSXW�LQ�OLVW�IRUP�
SUREDEO\�PHDQV�\RX�JHW�
RXWSXW�ZLWK�OHVV�QRLVH�DQG�LQ�D�
PRUH�FRQFLVH�IRUPDW�

3HUVRQD�

ż *LYH�D�UROH�LQ�WKH�SURPSW�
WR�PRGLI\�WKH�//0�RXWSXW��

ż 7KH�RXWSXW�PRGLILFDWLRQ�LV�
QRW�SUHFLVHO\�JLYHQ��EXW�WKH�
UROH�ZLOO�IRUPDW�LW�

5HIOHFWLRQ�3DWWHUQ�

ż ZDV�RULJLQDOO\�FUHDWHG�WR�
DYRLG�IDOVH��LQFRUUHFW�RU�
DPELJXRXV�DQVZHUV

ż ZH�XVH�LW�WR�HQDEOH�//0�WR�
GLVDPELJXDWH�WKH�
VHQWHQFHV�SURGXFHG�

⇒ Dépassement des résultats de CL-NER9

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

▶ Modèle de langue = sélection des documents du contexte (BERT-Score)
▶ Contextualisation directe possible avec un modèle de langue
▶ Ouverture: reformulation de phrase
▶ ... Voire recherche directe des entités

Expériences préliminaires: premiers problèmes

([SpULPHQWDWLRQ���3URPSW�$QDO\VLV

Ɣ 2QO\�$//�UHGXFH�(PSW\�
SURPSWV�DQG�UHGXFH�D�ORW�
RQ�)DLO�JHQHUDWLRQ

Ɣ 3HUVRQD�KHOSV�WR�UHGXFH�
'HQLHG�RXWSXW

�

(PSW\��QR�JHQHUDWLRQ���'HQLHG��1R�JHQHUDWLRQ�SURYLGHG�GXH�WR�HWKLFDO�UHDVRQV���)DLO��JHQHUDWLRQ�GRHV�QRW�PDNH�VHQVH��DQG�
&RUUHFW��JHQHUDWLRQ�LV�H[SORLWDEOH�

� � � �

� � � �

� � � �
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Conclusion

▶ Auto-supervision

▶ Multi-modalité

▶ Dynamicité + encodage de la position

▶ Technique d’optimisation

▶ 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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