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Modeles de langue et |A générative
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Ecris un texte de 5 phrases sur Jian-Yun Nie @ OpenA|

Jian-Yun Nie est un chercheur et professeur émérite en informatique. Il est connu pour ses
contributions significatives dans le domaine du traitement de l'information et de la
recherche d'information. Ses travaux portent notamment sur I'exploration de textes, la
recherche d'informations multilingues et la fouille de données. En tant que chercheur de
renommée mondiale, Jian-Yun Nie a publié de nombreux articles scientifiques et a participé
a des conférences internationales. Ses recherches ont eu un impact important dans le

domaine de l'informatique et continuent d'influencer de nouvelles avancées technologiques.

Pour en avoir un apercu, voici l'extrait généré pour le prompt « bande sonore épique

4
(A A PP P 4 d

(¢) Prompt that does not exist in the dataset: “many pipes, no enemies, many blocks (//isant des instruments orchestraux. Le morceau fait monter la tension, crée un

sentiment d'urgence. Un chaeur a cappella chante a l'unisson, ce qui crée un

44
(f) Failure case: "Many pipes, no enemies, some blocks"

sentiment de puissance et de force » :

© openAl, Midjourney,

https://www.blogdumoderateur.com/musicim-
nouvel-outil-ia-google-generer-musigue/ P o004 3
And (Sudhakaran et al 2023)



https://www.blogdumoderateur.com/musiclm-nouvel-outil-ia-google-generer-musique/
https://www.blogdumoderateur.com/musiclm-nouvel-outil-ia-google-generer-musique/
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Principe :

- Modeliser la probabilité d’'une séquence xq, x5, ..., x_n
- Les items peuvent étre des mots, des caracteres, des ngrams/bouts de mots, etc

laitue Probabilité: 0.9
é tomates Probabilité: 0.85

Une salade est composée de —*| (Grand) modéle de langue Mais Probabilité: 0.6
Glace Probabilité: 0.001

Etant donné une séquence x4, x5, ..., Xx,,—1, quelle est la probabilité du prochain item x,,?
P(xnlle X2y wee xn—l)

Sémantique, representation, espace latent

A

@ Glace
@ Mais Salade =(0.3,0.2,0.45,-0.1,-0.3)
Laitue =(0.2, 0.1, 0.38, -0.5, -0.4)
@ Salade Glace = (-0.9, -0.3, -0.5, 0.8, 0.7)
@ Laitue

@® Tomates



Apprentissage de representations

"\ SCIENCES

SORBONNE
UNIVERSITE

- Algorithme Word2Vec

he curtains open and the
ars and the cold , close

moon shining in on the barely
on " . And neither of the w

>

A \ AN rough the night with the moon shining so brightly , it
happy temple made in the light of the It all boils down , wr
sofa / surely under a crescent on , thrilled by ice-white
night éar sun , the seasons of the on ? Home , alone , Jay pla
Id . m is dazzling snow , the on has risen full and cold
stars co cit
y shape un and the temple of the 1, driving out of the hug
t moon in the dark and now the n rises , full and amber a
oy toy/) bird on the shape of the moon over the trees in front
But I could n’t see the moon or the stars , only the
kitchen shining river rning , with a sliver of moon hanging among the stars
l \ they love the sun , the moon and the stars . None of
the light of an enormous The plash of flowing w
man ’'s first step on the 1 ; various exhibits , aer
the inevitable piece of n rock Housing The Airsh
oud obscured part of the The Allied guns behind
Modéle pionnier Word2Vec, Doc2Vec, Représentations contextuelles
de Bengio FastText, ... FastSent, ... Transformer networks

Bert, T5, GPT, ...
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Transformer (2017) Un encoder-decoder avec :
- Environ 65 millions de paramétres (maintenant
Pr(?blggikl:tties pI u S)
ﬁ - Plusieurs blocs successifs
| - Des tétes paralléles

— ... qui estime des representations contextuelles des
bl items avec I'attention propre
(CAdd&N z ) = N - a
733E Nom) MU""_H 90;: Layer: 5 s Attention:| Input - Input =
Feed Attention L-
Forward T 7 Nx The_ The_
Nx Add & Norm animal_ animal_
~{Add & Norm ) Masked didn_ didn_
Multi-Head Multi-Head . :
Attention Attention = o
1 A — t_ 1.
———] J —/ cross_ Cross_
Positional A Positional
Encoding D ¢ Encoding i the_
Input Output street_ street_
Embedding Embedding because_ because_
I ] it it_
Inputs Outputs
(shifted right) — S
too_ too_
- tire tire
d d

(Vaswini et al 2017)

Distinguer Washington/city de \Washington/man




Entrainer et utiliser les grands modeles de langue

Entrainer un transformer (e.g. GPT)

Algorithme de retro-propagation

Causal pretraining

Mise a jour des parameétres r
du modeéle en fonction de

I’erreur

Transformer
block

E’l
8]
3]
87
[7%]
[&
K

block

C&assive corpus :

www —> T % %3 T4 |S
E‘R [It's raining cats and dogs
ll\ll‘EDlA— 3% i

of the corpus

cats and

=0 @D
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dogs\

PT

Its raining It s raining cats

Inference = completion

1963, he was was assassinated in Dallas ...

\Most answer yellow, but orange or red ...

JFK died in

'What is the color of the sun?

}
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=> Exploiter les architectures précedentes pour écrire du texte

Il pleut e .
Token * (Génération mot a mot
orediction . Cgut’treg, |mport§nt
+ (Génération de faisceaux

hq ho

@ RNN/ || | RNNY

§. Trans Trans

>

a m (=

Q 3

Q o) S > | S —

(7)) o

Q o

) <

=\ /. Na

o

(@)

«©

w




Nouveau paradigme d’apprentissage
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1. Nouvelle tache 2.

=> Peu de données

=> Choix de la taille des
modéles

Pretraining

cat dog

A

h1—>h2—>h3—>h4—

111

assive corpus Its raining MASK and PRED|

WWW T

= 3% ;

(o]

IKIPEDIA

Orpus

SORBONNE
UNIVERSITE

Modéle de langue 3. Adaptation pour une tache
=> Connaissances => Traduction
generales => Détection d’entités
nommees
-
Pretrained Language Model Finetuned Model
Word prediction; sentence completion; ...
T rAdapted Language
q Model
Decoder T
words & text f )
representations k1 hi hi Language Model

Encoder

1

your
% (small) +
text data

expected
target
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Causal pretraining

cats (and] d°95‘

- Etape 1: Pré-entrainement causal : * *

Its raining Its ralnlng cats ‘ It's raining cats and ‘

Transformer
block Inference = completion

NMassive corpus 4

N ——=—

NS

WWW Tl my T3 T4 i 1963, he was was assassinated in Dallas ... ‘
ERRA\A (1 reining cats and dogs|
. ) R | It's raining cats and dogs Most answer yellow, but orange or red ... l
YixireoiA= 3% e C )
of the corpus
JFK died in
What is the color of the sun? 9/20

10
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Plus... “ I

=> de mots en entrée [500 =>2k, 32K] g;f;iz :

=> de dimensions pour les mots [500-2k =>12K] Transformer
=> de tétes d'attention [12 => 96] [j block

=> de blocks/couches [5-12 => 96]

Transformer
block
Attn word
. . cross-attn
175 Milliards de parameétres... Ca fait quoi? head
m 1.75- 10 = 300 Go + 100 Go (stockage des données word
en |nférence) ~ 400G0 E| E| @ representation
dimension

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

m Coiit pour (1) entrainement: 4.6 Millions d'€ Its raining cats and dogs ]

11
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Causal pretraining

cats and dogs‘
- Etape 1: Pré-entrainement causal : * *
: It's raining J Ilsralnlng cats ‘Itsralmng cats and ‘

Transformer
block Inference = completion

4SS
Tl o 3 ®4d |8 1963 he was was assassinated in Dallas ..
w3 [ It's raining cats and dogs Most answer yellow, but orange or red .. l
wireniA= 3% )
of the corpus
JFK died in
What is the color of the sun? 9/20

- Etape 2: Suivi de dialogue - Etape 3: Alignement des réponses
avec le feedback humain (RLHF)

Specific training

.................

[ s

learning

1
ao (KB | I
= 6
s 2
I Chat GPT 2

i 1
: 1
() y 1 '
h | prediction 1 A3 .
N Q Score ' d !
N | 3 t (a0 &
i 1
\qj/ Dialog follow-up 2 [ m ! Muliple Scorng 1
GPT Coreference resolution @ ! generation :

A3 f
. . :
Way Of Speakmg @estion ‘ A ' Reinforcement :

)4 \

1

\

U
|

Dialog corpus
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Suivi de dialogue + taches specifiques S sgnaonnE

- Affinage en questions/réponses, raisonnements, ...

Instruction finetuning

Please answer the following question.

What is the boiling point of Nitrogen?
.

Chain-of-thought finetuning

Answer the following question by

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

originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
apples, so they have 3 + 6 = 9.

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

how many apples do they have? Language
~ / model
Multi-task instruction finetuning (1.8K tasks) / ;

t
Inference: generalization to unseen tasks / ’a
/ | [ Geoffrey Hinton is a British-Canadian

j / \ computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a 1 Washington died in 1799. Thus, they
conversation with George Washington? could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.

Importance du prompt

Les tdches FLAN 13
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Entrainement de ChatGPT S SCIENCES

Causal pretraining

cats and dogs‘
- Etape 1: Pré-entrainement causal : * *
: It's raining J Ilsralnlng cats ‘Itsralmng cats and ‘

Transformer
block Inference = completion

4SS
Tl o 3 ®4d |8 1963 he was was assassinated in Dallas ..
w3 [ It's raining cats and dogs Most answer yellow, but orange or red .. l
wireniA= 3% )
of the corpus
JFK died in
What is the color of the sun? 9/20

- Etape 2: Suivi de dialogue - Etape 3: Alignement des réponses
avec le feedback humain (RLHF)

Specific training

.................

[ s

learning

1
ao (KB | I
= 6
s 2
I Chat GPT 4

i 1
: 1
() y 1 '
h | prediction 1 A3 .
N Q Score ' d !
N | 3 t (a0 &
i 1
\qj/ Dialog follow-up 2 [ m ! Muliple Scorng 1
GPT Coreference resolution @ ! generation :

A3 f
. . :
Way Of Speakmg @estion ‘ A ' Reinforcement :

)4 \

1

\

U
|

Dialog corpus



Apprentissage en contexte
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- Apprentissage en context / In-context learning
- Mentionner des exemples dans le prompt

This person is
like &.

This person is
like ©@.

This person
is like

' | This was invented by - This was

Thomas Edison. Z:>1If!£; invented by

This was invented
by Zacharias
Janssen.

With one of these I
can drive around a
track, overtaking

other cars and taking
corners at speed

With one of these I can :
| take off from a city and \v T e O

fly across the sky to ; ‘w these T can
A

T g

somewhere on the other
side of the world

Multimodal few-shot learning with frozen language models, Tsimpoukelli et al. 2021

Model Completion

). <EO0S>

Model Completion

the Wright
brothers. <EO0S>

Model Completion

break into a secure
building, unlock the door
and walk right in <EOS>

15
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‘Apprentissage ‘ ‘Test/ inférence ‘ 0.0020 - |

EEE FashionMNIST-TRAIN
B FashionMNIST-TEST
0.0015 - HEE MNIST-TEST

=> Manque de véracité / fiabilité

= Veérité vs Vraisemblance -
Génération d'hallucinations

0.0010 -
0.0005 -

0.0000 Bl | ] | [ | 1 1 g
-4000 —-3500 —3000 —2500 —2000 —1500 -1000 -500 0

=> Incapacité a s’auto-évaluer log p(X)

—> Biais des données

=> Manque de
stabilité/prédictibilité
- How old is Obama VS how old
is Obama?

amazon

lon
GPT-4  Stabl n tion-1__ Titan Text _ Average
Data 40% 60% 20% 40% 20% 0% 20% 0% 0% 0% 20%
é M a n q u e Labor 29% 86% 14% 14% 0% 29% 0% 0% 0% 0% 17%
CCCCCCCCCC 14% 14% 57% 14% 0% 14% 0% 0% 0% 17%
’ L ] | ] | ] ' 4 | ] ' 4 L ] L ] r
d’explicabilité/interprétabilité o= N s R
p § Model Basics 100% 100% 50% 83% 67% 50% 33% 50% 33% 63%
? Mod 100% 100% 100% % % 67% 33% 0% 57%
% Capabmties 60% 80% 100% 40% 80% 80% 60% 60% 40% 20% 62%
H 0% 57% 14% 29% 29% 29% 29% 0% 0% 24%
£ 0% 0% 0 0% 0% 0% 26%
% Distribution 7% % 57% 7% % 57% 57% 43% 43% 43% 59%
é M d t Usage Policy 40% 20% 80% 40% 60% 60% 40% 20% % 44%
a n q u e e ra n s p a re n c e Feedback 33% 33% 33% 33% 33% 33% 33% 33% 33% 0% 30%
Impact | 14% 14% 14% 14% 14% 0% 14% 14% 14% 0% 1%

16



|A génerative et multimodalité
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— B CLIP objective img
- o encoder
“a corgi
playing a
flame |
throwing - e
" - ~ ;\, > \}
trumpet 00000 © 0
8-»@)-»
O O Q
---------------------------------------- — —O+>0O~>» - @ ©
Ramesh et al, Hierarchical Text-Conditional O O
Image Generation with CLIP Latents, 2023 P
prior decoder

il

[
y pipes, no enemies,

© Midjourney, (Sudhakaran et al 2023)

https://www.blogdumoderateur.com/musiclm-

Image Input

' Projection‘(-,“)_
i Audio Input
Audio io Inp
Projection 4.
HecHon dy
Video [ Video Input |~

7| Projection !,
| HgEEion )

More modalities

Midjourney '/

Image Output 3
Projection (‘,

Audio Output
Projection ("5

Video Output
Projection .

LLM-centric

Multimodal Input
Alignment

Encoding

nouvel-outil-ia-google-generer-musique/

Wu et al, NExT-GPT: Any-to-Any Multimodal Large Language Model, 2023

LLM-based Semantic Instruction-following ~ Multimodal Output
Understanding Alignment Generation

17
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(from) Data-to-text
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« Analyser le texte : sélectionner/extraire les informations reponse
Passage Sentence D D D H H D D H I D H D H
In meteorology, precipitation is any
product of the condensation of
atmospheric water vapor that falls
under gravity. T
Question Représentations
What causes precipitation to fall? contextualisées D D D H H D D H I D H D D H H
Answer Candidate
gravity When Sebastian Thrun resson = started at Google o | in [2007 osx | , few people outside of the company [ Modéle de langue ]

took him seriously. “I can tell you very senior CEOs of major

America m car companies would shake my
hand and turn away because | wasn't worth talking to,” said Thrun reson | now the co-founder and CEO of Représentations
online higher education startup Udacity, in an interview with 'Recode o~ 'earlier this week  o«- | . des tokens

’ How many ... have? <SEP> BERT-large ...

L—1 CLS

A little [less thanadecade later o« | , dozens of self-driving startups have cropped up while automakers

around the world clamor, wallet in hand, to secure their place in the fast-moving world of fully automated

* Formater le texte : mise en forme / interfagage avec I’lhumain

text

Maria no abofete¢ a la bruja verde 0

| N ’ | >< T Decoder

Maria did not slap the green witch

Va T ' words & text
arg1 relation arg2 F g A representations hy h1 hi
wid o |G- . -
Tabie Title: Cristhian Stuani \ == — Encoder
No. Date Veorue Opponent Rest
S
2 Nov?;:v;)u Stadium Jordan 50
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. 4 -

Analyser Formater
le texte le texte

Les deux faces d’'une méme piece ?
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i i Extraire les informations saillantes
Résumé de documents

Extraction d’informations

. 4 > |
.l_\‘

O L
-—| Analyser Formater
— [

Les deux faces d’'une méme piece ?
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Résumé de structures
complexes

o D L
— Formater g, s

} v

Rendre les informations lisibles

Les deux faces d’'une méme piece ?
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Cycle des données N B
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i i Extraire les informations saillantes
Résumé de structures

complexes

' 4 >

-— | Analyser Formater

} v

Rendre les informations lisibles

Les deux faces d’'une méme piece ?
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Cas des données financieres S sSneonne

Fund Benchmark Excess Allocation Selection | FXrates CGT Prov Residval
OFFICIAL PERFORMANCE (net) e -1,96%
OFFICIAL PERFORMANCE (gross) -1,86% MANAGEMENT EFFECTS -0.81% -1,42% 0 46% -0.01% -0 08%
INTERNAL PERFORMANCE -2,24%
Reference Benchmark _.;J_u_n'w' CLChina A NR
Report Currency EUR
SECURITY LEVEL - BIGGEST CONTRIBUTORS TO EXCESS RETURN SECURITY LEVEL - BIGGEST DETRACTORS FROM EXCESS RETURN
Company Name Grouping Perf Var(w) Effect Company Name Grouping Perf var(w) Effect
China Pacific Insu Finnaxsas 1343 315 025 Nari Tech Dev Co Ik astrdls -6,48 326 -0,39
Shanxi Lu'an Envir Eneny 1482 212 021 Shandong Denghal S Corrsumer Stxoles -832 176 -0,26
Anhui Conch Cement Mawra's 1341 2,56 020 Zte Corp Information Technoloy 9,38 165 -025
China Minsheng Ban Finnaials 1061 358 018 Mesnac Co.Ltd Ixastrdfs 917 154 -0,22
Jizhong Energy Res Erevy 1361 220 018 Yunnan Balyao Grp Haaith Care -6,82 170 -0,22
Jiangsu Yueda Inv Ixkastrale 1178 224 014 Jiangsu Aoyang Tec Marrals 1477 049 -0,22
Poly Real Estate G Finnwxsals 914 350 013 Fujian Septwolves Corxsurmer Drscrebonay -7.86 146 -020
Xinjiang Ba Yi Iro Marrals 1669 089 010 Tiangjin Tasly Phar Haaith Care 911 L0656 -017
China Nonferrous Maerra's 1384 096 008 Xi An Aero-Engine Iackactrale -310 183 -016
China Baoan Group lrxckastrals 17,34 06l 007 Ping An Insurance Firwxrdis 1327 -196 -015
SECTOR LEVEL - BEST ALLOCATION DECISIONS In January (30/12/2011 to 20/1/2012), Flexifund Equity
Grouping var(W) Segm.Perf  Effect China A rose in value by 3.48% compared to a gain of ft
Health Care 224 553 025 5.34% for its index in Euro terms. Both asset |
Consumer Discretionary -4 65 312 011 . . . S
Energy : ’61 973 S allocation and stock selection detracted from relative |,
Industrials 019 523 001 performance, as the market focused on oversold or |n
Utilicles 02 167 00 cyclical themes, due to better global risk appetite and |’
SECTOR LEVEL - BEST SELECTION DECISIONS more pOSItIVG €conomic news.
Grouping PF Perf  BM Perf Effect ) . rt
Fnancils 358 2 022 From a sector allocation perspective, [ ... ] —6
Infermation Technology -193 -2,63 007 Materials 7.37 11,15 -0,35
Telecommunication Services -089 -2,01 00l Consumer Discretionary -2,19 312 -0,28
Utilities 032 167 -0,04 Consumer Staples -459 -323 -012

Health Care -792 -553 -0,08 Energy 822 9,23 -010
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QlToronto RaEtors|(4-2)|

Player MIN ORTG USG% PTS FG 3PT FT OREB DREB TO AST BLK STL PF
Pascal Siakam F 46 132.0 20.4 26 10-17 3-6 3-4 2 8 2 3 1 1 2
Kawhi Leonard F 41 115.7 235 22 7-16 1-5 7-8 1 5 2 3 1 2 -
Marc Gasol C 27 93.3 12.8 3 0-5 0-2 3-4 3 6 1 - 0 0 4
[T S 2 B S TN IS RN S SO B 20 FURPRETN IETH RNV BET DAY,
Danny Green G 18 - 25 0 0-0 0-0 0-0 0 1 1 3 0 1 1
Fred VanVleet G 34 132.5 22.7 22 6-14 5-11 5- 1 1 1 0 0 1 1
Serge lbaka C 22 118.7 28.5 15 7-12 0-1 1-2 2 1 1 2 0 0 4
Norman Powell G 11 - 124 0 0-2 0-1 0-0 0 1 1 0 0 0 2
Game Total 240 - - 39-82 13-33 23-29 1" 28 12 25 2 8 23

i) IGoIden State Warriors|(2-4)

Player MIN ORTG USG% PTS FG 3PT FT OREB DREB TO AST BLK STL PF
Draymond Green F 44 92.9 19.0 11 5-10 -4 0-2 4 15 8 13 2 3 4
Andre lguodala F 32 117.1 25.0 22 9-15 3-6 1-5 0 2 1 2 1 0 3
Kevon Looney C 27 100.4 13.2 6 3-7 0-0 0-0 2 1 1 - 1 1 2
Stephen Curry G 42 113.3 23.7 21 6-17 3-11 6-6 1 2 3 7 1 2 3
Klay Thompson G 32 160.6 25.0 30 8-12 4-6 10-10 1 < 2 0 0 2 3
Dk‘b :z e e . “ The Toronto Raptors defeated the host Golden State
Shaun Livingston G 7

o s s = i Warrior, 114-110, in Game 6 of the NBA Finals at
1- - 0-

R e & L i s 2 2 = i ORACLE Arena on Thursday. [...]

Alfonzo McKinnie F 10 - 44 0 0-1 0-1 0-0

it = : : A o, b o The Raptors (4-2) were lead by Kyle Lowery, as he
b : . . ol . el i accrued 26 points, seven rebounds, 10 assists and
Game Total 240 ; ; 39-80 11-31 21-30 three steals. [...]

[.]
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A Hierarchical Model for Datd 1
Text Generation

B S A hierarchical Model for Data-To-Text
Length 12 . .
Ae": _ pageSR — (@ Generation (Rebuffel et al.) will be
(Authors ement Rebuffel; Laure ;
Soulier; Geoffrey Scoutheeten; pUthhed at ECIR 2020
\ Patrick Gallinari
(Published 14 April 2020 4
Conference 42nd European Conferenc(:é/
Information Retrieval

Content selection Macro-planning Surface Realisation

Sentence aggregation Data abstraction/interpretation
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Data-to-text : genérer du texte a partir de données structuréeSS SORBONNE
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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. [...]

Decoder I

words & text P(R|T,0) = Hp(yi|y<i7T7 0)
$

[.]

representations 1 hy hy i—1

Encoder

)

@ Toronto Raptors (4-2)

Player MIN ORTG USG% PTS FG 3T T OREB DREB T0 AST BLK STL PF
Pascal Siakam F 46 1320 204 2% 1047 36 34 2 8 2 3 1 1 2
Kawhi Leonard F 4 157 25 2 M6 1-5 78 1 5 2 3 1 2 4
Marc Gasol C 2 933 128 3 05 02 6 il 4 0 0 4
Kyle Lowry G 4 1373 232 2% 916 47 46 5 3 10 0 3 5
Danny Green G 18 . 25 0 00 00 00 0 | 1 3 0 1 1
Fred VanVeet G £ 1325 27 2 614 511 55 1 1 1 0 0 1 1
S 1" 8.5 15 1 01 2 2 1 1 2 0 0 4
Norman Powell G " - 124 0 0-2 01 0-0 0 1 1 0 0 0 2
Game Total 240 5 3 14 3982 1333 2329 1" 28 12 2 2 8 2



Encodage des donnees structurées : linearisation WS
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Country PTS

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

20 (fh(‘r—
6{\“—"’ '(’u,.
Input: A ( birthPlace F ( country G ) ) ( birthDate
birthDate @ . s G
E ) ( mission B ( operator D ) ( crewMember C) )
61}’6
e,

(Narayan and Gardent et al. 2020) Deep Learning Approaches to Text Production
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Encodage des données structurees : linearisation

Udinese
Calcio .
(3\0 <S> Serie A <P> champions <0> Juventus F.C.
o, o"oQ <5> ;uciano Spalletti <P> club <O> Udines§
6 4\@(‘ Calcio <S> A.S. Roma <P> manager <O0> Luciano
Serie A \,\50 Spalletti <S> A.S. Roma <P> league <0O> Serie A
7] % o
'c‘S; %\909 §, """"""""""""""""""""""""""""""""""""""""
5 5
5 E AS Roma play in the Serie A league where Juventus FC are
the champions. Their manager is Luciano Spalletti who has
s been associated with Udinese Calcio.
Juventus FC A.S. Roma
train inform arriveby = 11:51 | train request
Domain train people = ?
Inform o e IR | G RGeS e D D O L D O G D O G GO CER T Lo S LU
The closest arrival time i can give you is 11:51 , is that
fees JeTEpocDe ok ? And how many tickets wguld ;ou like ? '
<page title> Cristhian Stuani </page title>
<section_title> International goals </section_title>
Table Title: Cristhian Stuani <table> <cell> 2. <col_header> No. </col_header> </cel
Section Title: International goals ‘ <cell> 13 November 2013 <col_header> Date </col_header
T </cell> <cell> Amman International Stadium, Amman,
No. Date | Venue ‘Opponent Result Jordan <cecl_header> Venue </col_header> </cell> <cell>
frmer Jordan <col header> Opponent </col header> </cell>
13 International <cell> 5-0 <col_header> Result </col_header> </cell>
G el R </ coble>

Amman, Jordan

On 13 November 2013 Cristhian Stuani netted the second in a 5-0 win
in Jordan.

(Kale 2021) Text-to-Text Pre-Training for Data-to-Text Tasks

text

f

Decoder

words & text
representations hi hi b1

Encoder




"\ SCIENCES

Encodage base sur la structure S SSREouNE
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e Attention duale :
o Scores d'attention sur les mots et les champs de la table

vector

George  Mikell is an  Australian actor _'_"_p_“Ef_°l'§6__ D D D '''''' [:] D D
_ i dual attention' 4
) ]

v
v

HT T NI

-7 Dual attention

__l______
[I
__-m‘
T\

<sos> George Mikell an : Emb‘admg.f
Description Decoder : ! for ‘Austrahan}' [®

TIiIoIr

Word level attention

1
: Field level attention
1

(name, (name, (birthname, (known for, (known for, (known for
1,2) 2,1) 1,2) 5,3) 6,2) 7,1)

Field-gating Table encoder

(Liu et al. 2018) Table-to-text Generation by Structure-aware Seq2seq Learning



Encodage base sur la structure "\ SCIENCES

SORBONNE

[Rebuffel et al., ECIR 2021] N VAL

e Encodage hiérarchique :
o Encodage d'une case du tableau
o Encodage d’'une ligne du tableau (token [ENT])
o Encodage du tableau

2 8 E = E =
2 5 z Z| e z
< 5
A A A A
'T """""""""""""""""""""""" “ high-level
ransformerencoder B | encoder
= =
...... Z Z
=1 [ -1 R -1 A z
low-level I I
encoder : entity 2 entity 2 entity n
LA Transformerencoder '
-------------- N -
------ R

entity 1
Rebuffel et al. A Hierarchical Model for Data-to-Text Generation, ECIR 2021
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Dualité des modeéeles Transformers S SoREONNE

e Passage D2T et T2D possible avec le méme modeéle
o T5 pré-entrainé + affiné sur la tache
o Sérialisation des triplets : <S> Sujet <R> Relation <O> Object
o Concaténation des triplets dans I'ordre d’apparition

g ]
|
Generate in English: | :
<S> T e <P> f 1 o <> 1913-01- | i 5 :
_S ,:‘::" :: ;‘:’;‘ljl:;g "(iz)lftlr(l)amll“s i | : Trane, which was founded on January 1st 1913 in La Crosse,
< > e <P> location <> Irels
: _ ) "1 ] T L e . ) "
<S> Trane <P> foundation place <O> La Crosse, Wisconsin : l Wisconsin, is based in Ireland. It has 29,000 employees.
<8> Trane <P> number of employees <O= 29000 | :
' 1
' I
Generate in Russian: : |
s <P> founding date <O> 1913-01-01 | : Komnanua "Tpane", ochosannaa 1 aneapa 1913 200a &
e <P> location <O> Ireland —’: | Jla-Kpocce & wmame Buckoncun, naxooumcs 6
e <P> foundation place <O> La Crosse, Wisconsin I : Hpnanouu. B komnanuu pabomaiom 29 meicau uenosex.
s <P> number of employees <O> 29000 : |
|
: T5 |
I
|
|
: I <S> Trane <P> founding date <0> 1913-01-01
Trane, which was founded on January Ist 1913 in La Crosse, | II <S> Trane <P> location <O> Ireland
Wisconsin, is based in Ireland. It has 29,000 employees. : I <S> Trane <P> foundation place <O> La Crosse, Wisconsin
I : <S> Trane <P> number of employees <0> 29000
' I
' I
' |
Komnanua "Tpane”, ocnosannan 1 aneaps 1913 200a 6 | | P ,l,mm _,P_, 'Oum.j'"gfh}“ 0> 1913-01-01
lTa-Kpocce 6 wmame Buckoxcun, haxooumcs 6 : ! S e e
}I / B = ’ "9 ) —‘: " <S> Trane <P> foundation place <O> La Crosse, Wisconsin
ipranoun. B komnanuu pabomaiom 29 meicau uenogex. I : <8> Trane <P> number of employees <O> 29000
|
|
I ________ -

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



Génération en DTT: "™ SCIENCES

SORBONNE

cas des omissions & des hallucinations O iRNERsTE

e Deux catégories de pathologies en DTT

Attribute | Value
Birthplace | Utah, America
Position forward (soccer player)

Omissions Hallucinations

Contenu attendu mais manquant dans le

texte généré e Texte généré contient du texte divergent

de la table
e Textes de références souvent divergents

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

e Explication :
Procédure d’apprentissage force le modeéle a copier les « comportements » des données
d’entrainement

e ) @ =) e

(Liu et al. 2019) Example from Towards Comprehensive Description Generation from Factual Attribute-value Tables




Ameéliorer le decodage avec la planification

"\ SCIENCES

SORBONNE
UNIVERSITE

e Deux étapes de décodage
o Génération d’un plan
(séquence ordonnée de
clés-valeurs)
o Génération du texte final

Variante : génération séquentielle
d'un €lément du plan et de la
phrase associee

Text
Decoder

Content
Planning
Network

v
Col1 Col2 Record &
Row1 ¢ . Record v
Row2 & v Record m

Pgen (ValT,2,¥<4)
i) ) V3 Y2 W
Peory Oulr.2.7<1) | R n on &
Plan t t
ttention
€, um €3
- 4 -
CS)
I3 ﬁﬂ o’

h 4

The Rhusion Rockeat
(3-3) stuned the

Los Ange ks Clippevs
(3-3) Thursday in
Game 6 atthe

s csl .cs
Q
P T3 e rlrl EOS

@ Encoder B Decoder [l Vector © Content Selection Gate

(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

ﬂgﬁg---ﬂw—mm
R A

Staples Canter ..

Text
Generation Q
=
p—
ContentPlan |
Encoding E
~
=
Content W,
Selection & a
Planning




.1 , : "\ SCIENCES
Améliorer le décodage par apprentissage par renforcement S ORBONNE

[Rebuffel et al., INLG 2020] L

e Injecter une métrique dans I'apprentissage du modele

RL loss based on PARENT Cross-Entropy loss

’
L

.
U
¢

L = VJETZ + (1 — W)E,,\,;l

PARENT : métrique d’appariement \ Decoder /
entre le texte généré et les données words & text
structurées (n-grams, co-occurrences) representations k1 hi B

/ Encoder \

$—
AR

Rebuffel et al. PARENTing via Model-Agnostic Reinforcement Learning to Correct Pathological Behaviors in Data-to-Text Generation, INLG 2020




Ameélioration du décodage par des facteurs .\ SCIENCES

SORBONNE

[Rebuffel et al., DMKD 2022] D LRNERSE

e Intuitions
o Un mot : associé soit a du contenu, soit a de I'hallucination
o Pour chaque mot, on peut controler différents facteurs via une
architecture multi-branches

df .= RNNY(df |, [ye-1,c4))

F
Content-focused di=) wid]

decoder f=1
=
7
table W )

Encoder 2 next word
) : g

Ko
()
<

» Entrainement : chaque mot est associé a la branche correcte (contenu ou hallucination)
» Génération : 'humain contréle le niveau des facteurs

Rebuffel et al. Controlling hallucinations at word level in data-to-text generation, DMKD 2022



Amelioration du décodage par debruitage

[Le Bronnec et al., en cours]

e Construire des données bruitées
o Hallucination (texte non référence)
o Absence de factualité sur des valeurs
o Ajouts d'attributs

Donnée structurée (entrée) Texte attendu

<H> AMC_Matador <R> The AMC Matador's body style
bodyStyle <T> Coupé is Coupé

name[Clowns] Clowns is a coffee shop which
eatType|[coffee shop] offers fast food and has high
food[Fast food] customer ratings, and may be
customer rating[high] found near Clare Hall in the
arealriverside] riverside area

near[Clare Hall]

e Apprentissage contrastif
o Maximiser la probabilité du texte attendu
o Minimiser la probabilité du texte bruité

"\ SCIENCES
SORBONNE
UNIVERSITE

Texte bruité

The Alc Matador is a Spanish
bourgeois coupe.

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.

37



Augmenter les modeles de langue
avec des outils externes
pour ameliorer la factualite



Générer avec des LLMs : le dilemme de la factualité e sciences

SORBONNE

et des connaissances parametriques N VAL

Aztec cuisine
Aztec cuisine was the cuisine of the

coo Aztec Empire and the Nahua peoples
— Mode|e de |Gngue ——p of the Valley of Amgrica prior to
Eurcpean context in 1492, It was
(LM) discovered by Christophe

Columbus. The Aztec staple foods
included maize, beans and squash...

« Génération dépendante de la formulation de la requéte
« (Génération dépendante des connaissances parameétriques du modele

39



Génération assistée par la recherche d’information ™ SCIENCES

SORBONNE
UNIVERSITE

(RAG : retrieval-augmented generation)

Q Question
= ——\ Retriever | -—HN
| LM
|- — —_ = e — \
N iy & /144 7 7277 »
kiger Question
Retrieval-Augmented Generation Retrieval-Augmented Language Retrieval-Enhanced Transformer
(RAG) [1] Model (REALM) [2] (RETRO) [3]
Ameliorer les connaissances en Intégrer I'ordonnancement dans le Scalabilité & un grand nombre de
fournissant des documents en entrée pré-entrainement du LLM

documents (chunck-based attention)

« Comment contraindre le LLM a extraire le contenu des documents ?
« Est-ce nécessaire d’utiliser le moteur de recherche a chaque question ?

[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

40



Contraindre le RAG par la planification ™ SCIENCES

[Djeddal et al., ECIR 2022] ) BT

Planification de la structure de la réponse (~ planification du Data-to-text)

Etape 1 : Génération d’'un plan intermédiaire a partir des documents
Etape 2 : Génération de la réponse a partir du plan

aztec cuisine
Aztec cuisine was the cuisine of the Aztec Empire and the Nahua

°Oo [h ,] ] M ea I 3 F:f]p'{jz;)lfst[r;i;lalley of Mexico prior to European contact in 1519. [...
Most sources describe two meals per day, though there is an account
[h2] FeOtS laborers getting three meals, one at dawn, another one at around 9 [.
7 y . , , . [h2] Feasts [h2]
Generatlon du plan de [h1] FOOG{ Generat'on de |a Manyac::Linstsexist of Aztec feasts and banquets and the ceremony
5 repa < [ Food preparation (hi]
Ia reponse p reponse The main method of preparation was boiling or steaming in two-
[h 1 ] FOOC{S handled clay pots or jars called xoctli in Nahuatl and translated into
Spanish as olla ("pot"). [...]
[h2] Cereals [h1] Foods [h1]
. The Aztec staple foods included maize, beans and squash to which we
\ [hz] SpICeS often added chilis, nopales and tomatoes, all prominent parts of the
;‘" Me»)ficrfm diet _tofhi§ day.
L«\ Ipl 1h;l |a
Eplanning(qvp) p|(I7 | | I I P Jklh] <k, C]» q + ‘Ca'n.swer(qy a,p) — P(“lq» p, Dq) — H (ak|a<k» q,p, D
j=1k=1 / \ T
. requéte documents
requéte documents 9
pertinents plan pertinents

41

Djeddal et al., Does Structure Matter? Leveraging Data-to-Text Generation for Answering Complex Information Needs, ECIR 2022



Apprendre a s’auto-évaluer ™ SCIENCES

SORBONNE
[Erbacher et al., ECIR 2023] 5 A
ObjeCtlf Standard LLM LLM with HMM (our model)
Apprendre & générer le token . .
<SEARCH> lorsque cela est nécessaire wnatis e capicas @8 What is the capital (€I
of France? of France?
‘
Let me check
Who designed the ? Who designed the © ©) *
Palais du Louvre? Palais du Louvre? %
Formalisation ( Correct Answer > I

< _ Wrong Answer > l
Question
\C Search > ﬁ

argmln H = (search)|0’,q) + AP(a ¢ A|0',q)]
S \ v J

Cout de I'erreur de génération

Erbacher et al. Navigating Uncertainty: Optimizing APl Dependency for Hallucination Reduction in Closed-Book QA, ECIR 2023 42



Apprendre a s’auto-évaluer ™ SCIENCES

[Erbacher et al., ECIR 2023]

SORBONNE
UNIVERSITE

Apprendre une fonction de
filtrage qui :

e Laisse inchange
les Correct Answer

L Masque les  Wrong Answer
avec Search

Etape 1: Adaptation sur une tache de %A )
Réponse correcte

Lo ‘/_ T
Question Prédictions /\
Etape 2: Nouveau label “Search” . N\
Evaluate prediction LRI
Réponse g Réponse
correcte correcte
Question e
éponse
incorrecte K Search j

Etape 3: Adaptation du modéle aux nouveaux labels

L <« Nouveaux labels
ﬁﬁ' A/_ T

Question Prédictions _/\_

43

Erbacher et al. Navigating Uncertainty: Optimizing APl Dependency for Hallucination Reduction in Closed-Book QA, ECIR 2023



Cas geneérique du RAG
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Apprendre aux LLMs a appeler des outils externes

User

Question @ ﬁ/’mewer

Varrious API; LM <:> Scrotch
3 Pad
\)0<‘\
\X
o
"¢ i -
o0 7
6 Code ‘
7 h | in+erpre+er‘ ‘
earcl / / |
LEngme

Calculator

Ex+ernal
Memory

Calendar

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

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga®, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [WikiSearch(“Brown

\Cl ) 1Ne rkaipn wi. orown ACt IS an act or ine

right to attend and participate in meetings of lo
odies.| that requires leglslatlve bodies, like
C|ty councils, to hold their meetings open to the public.

Schick et al., Toolformer: Language Models Can Teach Themselves to Use Tools, 2023 44



Vers les systemes d’information : text-to-SQL

"\ SCIENCES
SORBONNE
UNIVERSITE

Les bases de données parmi les outils externes possibles

« (Générer des requétes SQL a partir de questions

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

Table name Columns
G
F_H . B

Table1 instructor id|name| department id |salary|....

foreign key

Table2 department id| name | building | budget | .......

primary
key

Table n

Annotators create:

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

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

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

SELECT COUNT (*)
FROM cars_data
WHERE cylinders > 4

Meidum
For each stadium, how many concerts are there?

SELECT T2.name, COUNT (*)

FROM concert AS Tl JOIN stadium AS T2
ON Tl.stadium_id = T2.stadium id
GROUP BY Tl.stadium id

Hard

Which countries in Europe have at least 3 car
manufacturers?

SELECT Tl.country name

FROM countries AS Tl JOIN continents
AS T2 ON Tl.continent = T2.cont_id
JOIN car_makers AS T3 ON
Tl.country_id = T3.country

WHERE T2.continent = 'Europe'

GROUP BY Tl.country name

HAVING COUNT (*) >= 3

Extra Hard

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

SELECT AVG(life_expectancy)

FROM country

WHERE name NOT IN
(SELECT T1.name
FROM country AS T1l JOIN
country language AS T2
ON Tl.code = T2.country_code
WHERE T2.language = "English"

AND T2.is_official = "T")

Figure 3: SQL query examples in 4 hardness levels.

Yu et al. Spider: A Large-Scale Human-Labeled Dataset for Complex and Cross-Domain Semantic Parsing and Text-to-SQL Task, EMNLP 2018
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UNIVERSITE

Les bases de données parmi les outils externes possibles

» (Générer plusieurs requétes SQL
« Estimer la probabilité du programme en fonction de la tache et de I'exécution
« Trier les requétes SQL

Generation Prob.

M — E—— = ——
-- Translate natural . = -
o SELECT name FROM students ] S = o
s o | [ - .o
- 0 Z.language question a = where age > 20 AND age < 30 .35 i 3 2l = T2
© | into SQL Query ] i = (5
ﬁ A I_M ~— .. H E el v -f- — |
L€ S — R, xecutor —— erifier
Q| __ . 1 4
e x5 Example w | SELECT COUNT(name) FROM students! ! : =] |5 o
-- NL: What ... ol 10.27 RIS ]
a where age > 20 AND age < 30 ' ' >_ Q > £
SELECT ' = =
“oe \ S '_______:
- — e ——— —
+ " |® | SELECT COUNT(*) FROM students : " 5 ; 5 o
Generate a ®| where age < 30 AND age > 20 Sis Execute ﬁ Ziie Ve”fy > g_.-
« | -- Example e e — e with h—
3 s
Bl ~ el e (3
x ) e w | SELECT student_num FROM studentsi . i £ _|Err: No 2 o i
(L slabe i bzaiody e S~ where age_interval = “20-30”  0.11 34 g ~ column Code S g !
and 30 years old? & ge_ = ! 1 = " o ¥
I N | ________ : 1 .| IR e

Final Score

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

Ni et al., LEVER: Learning to Verify Language-to-Code Generation with Execution, ICML 2023 46
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Les bases de données parmi les outils externes possibles

 Le LLM géneére la réponse a partir de la requéte SQL
« Deécomposition de la requéte

« « Exécution hybride » : 1) auto-évaluation de la capacité de répondre sur des
parties du graphe, 2) exécution SQL des parties non répondues

i Question : The player's career spanned less than 20 1 (a) Extractive (b) SQL-Queries (c) Direct Answer Generation
years ? i
Dot G Nards Toam E Column cells femmrer T SQL Generation
Selection
Los Angels | select ( select max ( Date ) - min ( Date ) from
% o 1808 Rams | ¢ [1993] . Jios Max w)<20
1984 16 plibs, |“ezoneds| .
’ Rams E Answer : 1993 X Answer : None x Answer : False X
— i o1 Atlanta E Error Explanation Error Explanation Error Explanation
Valeons ' struggles with Complex, vl f Limited Numerical
Career 146 13,256 ' multi-aggregation LAl CApREsa or Reasoning in
' . type integer: 'Career’
queries. Transformers
Answer : True

d) Partial execution N\ N R I L L P PP PR

i cleandata ' Logical Form answer Pl ; i Graph Answer i
during i : 1 I
Table ——> decoding E ( ) E ; ‘ > . ‘ T
Encoder | [Decoder ——» <20 || - || max || B [|min H ' i—) s
' [ : 5 | |

uery ———» ; I
q TJ : :

'
- v/ N J T '

Mouravieff et al., Training Table Question Answering via SQL Query Decomposition, 2024 47



Conclusion
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Deux themes clés b SORBONNE

- Représentation des connaissances
- Limite des LLMs par rapport aux connaissances parametriques
- Besoin de spécialiser/contréler les LLMs pour une tache dédiée
- Emergence de la construction de systéemes de systemes ?

- (Génération texte : champ applicatif énorme
- De nombreuses taches sont abordées avec des LLMs
- Mais auto-évaluation encore difficile
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