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INTRODUCTION



chatGPT Limits

Conclusion

A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems

Building an opinion mining system:
_ {like, love,
appreciate}

What would a linguist search for? =

17ze?
How to generalize: (didnt, not, _{like, love,

» — #product

Implement with fast regex * ™ doesn', don'tt  appreciate} —* — #product

m Gather documents
m Analyze *
m Count

{hate, loathe,
detest}

» — #product
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A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems
1980-2010 : How to learn directly from annotated data?
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1950-2022 : Al = Expert knowledge (& know-how) = automated systems
1980-2010 : How to learn directly from annotated data?
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chatGPT Limits Conclusion

A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems
1980-2010 : How to learn directly from annotated data?

This new iPhone, what a marvel

An iPhone, What a scam!

{Half the price is for the Iogo}

Apple once again proves that perfection can b%

How do we turn
his image into a {R =97, G =134, B=162}

table?

How do we turn
this text data into

2/60



Conclusion

Limits

chatGPT

A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems

1980-2010 : How to learn directly from annotated data?
1910-2015 : Representation learning = data in continuous latent space

di1

d2

Bag-of-Words
1 00 <., Lo
" o Similarity ++
H ::‘ .V
0 01 < <i}:::;] [::::{:> %:)
Distance ++
Same '“nm""m")C>
distance [ .
d3 0 10 ! Continuous Vector Space
~ A Q p~3 Q
o & & &3
$ & ¢
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chatGPT Limits Conclusion

A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems
1980-2010 : How to learn directly from annotated data?
1910-2015 : Representation learning =- data in continuous latent space

Word Piece statistical split

token
— .
'Machine-Learning .~ +

. J

0 o
0 o
...........

\4

Continuous Vector Space
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chatGPT Limits Conclusion

A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems
1980-2010 : How to learn directly from annotated data?
1910-2015 : Representation learning = data in continuous latent space

2015-... : Language models + pre-training

The fluffy cat napped lazily in the sunbeam.

T 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.

>
E I often find my cat perched on the windowsill, watching birds.
L e = She gently stroked her cat's fur as it purred contentedly.
Prediction _g lour neighbor's cat frequently visits our backyard.
Layer © The playful cat swatted at the dangling string with its paw.
Q My cat has a preference for fish flavored cat food.
g althily stalked a mouse in the garden.
other has a collection of porcelain cat figurines.
Corpus
Hidden
Layer Loss wrt
Y Ground Truth
Representation
Layer

Tha £1i11FFxr Aad+ nanrnrnad 2/60
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A very quick tour of NLP & machine-learning history

1950-2022 : Al = Expert knowledge (& know-how) = automated systems

1980-2010 : How to learn directly from annotated data?

1910-2015 : Representation learning = data in continuous latent space
2015-... : Language models + pre-training

2017-... : Transformer, multimodal foundation models
 [1000EDES
! 2 L
i = prediction B
Fully Connected transf. . Tasks
blocks
j0o0ne o —
/! — N
v; = E Q;jv; Data 6 o
7 - U] :
—/
— & G romin A
g . o o 2 6 = \
=== [{Saiatlention B ransformer . . Adaptation
‘‘‘‘‘ o
— Matrix g block i /4 =0 it & Loy
=1 A I (R | | O e v =
— o s word . oo —
— 2 cross-attn ) o~ Fe Recognition
S 30 signals quzm &
g head y *
s~ g stden
X 7} word otlowing]
Token Ui U U U U U = representation
embeddings dimension

it's raining cats and MASK| { It's raining cats and dogs } 2/60
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’/ Statistical Modeling of
Texts

Texts spliting = | lterative Process

tokens -—
- ~

ILarge Language Models (LLMs), such a4 GPT-3 and GPT-4, util Y}
1ze a process callpd tokenization. Tokenization involves br 1
eaking down text ipto smaller units, known as tokens, which

the model can process and understand. These tokens can rang I
e from individual [characters to entire words or even larger 1
chunks, depending pn the model. For GPT-3 and GPT-4, a Byte \
Pair Encoding (BPE) tokenizer is used. BPE is a subword tok \

0.02 \
0.01

Dictionary

| Startingtext |

Language

Model

| Token forecasting
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CHATGPT
NOVEMBER 30, 2022

1 MILLION USERS IN 5 DAYS
100 MILLION AT THE END OF JANUARY 2023
1.16 BILLION IN MARCH 2023
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The Ingredients of chatGPT

0. Transformer + massive data (GPT)

Huge Huge
+Filtered Transformer Causal pretraining
dataset architecture

Transformer ) K
block [1 963, he was was assassinated in Dallas ... }

~ [Most answer yellow, but orange or red ... }
BoHE E

Transformer
block
YikirEDiA= 3%

of the corpus
o o o b o

‘“d

GPT

[What is the color of the sun? J

m Grammatical skills: singular/plural agreement, tense concordance
m Knowledge: entities, names, dates, places

Language Models are Few-Shot Learners, Brown et al. 2020 4/60



Intro chatGPT o0eo0o000000 Limits

The Ingredients of chatGPT

1. More is better! (GPT)

+ more input words [500 = 2k, 32k, 100K]
+ more dimensions in the word space [500-2k = 12K]
+ more attention heads [12 = 96]
+ more blocks/layers [5-12 = 96]

175 Billion parameters... What does it mean?

m 1.75- 10" = 300 GB + 100 GB (data storage for
inference) ~ 400GB

m NVIDIA A100 GPU = 80GB of memory (=20k€)
m Cost for (1) training: 4.6 Million €

Conclusion

nb
transf.
blocks

() Transformer
block

Transformer
block

word
cross-attn
head

word
representation
dimension

[ It's raining cats and dogs J
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/=\ The Ingredients of chatGPT

2. Dialogue Tracking

Specific training

Dialogue follow-up

G PT Coreference resolution
Way of speaking

. —

-

Dialogue corpus

m Very clean data Data generated /validated /ranked by humans

6/60
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Limits

The Ingredients of chatGPT

3. Fine-tuning on different (£) complex reasoning tasks

Instruction finetuning

Please answer the following question

What is the boiling point of Nitrogen?
A

Chain-of-thought finetuning

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought 6 more,
how many apples do they have?

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.

Language

model
Multi-task instruction finetuning (1.8K tasks)

1
Inference: generalization to unseen tasks

| \ Geoffrey Hinton is a British-Canadian
- / \ computer scientist born in 1947. George
Q: Can Geoffrey Hinton have a \ 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”.

Scaling Instruction-Finetuned Language Models, Chung et al., JMLR 2024

7/60
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The Ingredients of chatGPT

4. Instructions + answer ranking

O 2 "
I’ A1 \
- ot I G - m :
prediction 1 A3 f
Score : ¢ :
A1 | [BIY ' A10 1
A2 1 Multiple coring
A2 a3 + n : generation E
s A3 ! 1
. A10 LY : Reinforcement :
1 A learning '
A10
;m (] !
1
\
Chat GPT
m Database created by humans m ... Also a way to avoid critical
m Response improvement topics = censorship

Training language models to follow instructions with human feedback, Ouyang et al., 2022 8/60



Intro
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Steps & Performance

Win rate against SFT 175B

0.6 -

Massive data = HQ data (dialogue) = Tasks = RLHF
STEP 3: Guide the model
with reinforcement

N STEP 1: Fine tuning on
high quality data
Model
=o- PPO-ptx

PPO
SFT

GPT (prompted)
GPT

N
STEP 0: Train on large
amount of data (world
a8 B 17 knowledge)
Model size

9/60
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A‘ Usage of chatGPT & Prompting

m Asking chatGPT = skill to acquire = prompting

m Asking a question well: ... in detail, ... step by step
m Specify number of elements, e.g. 3 qualities for ...

. . . . Ana‘toml/ of a
m Provide context: cell for a biologist / legal assistant

ChatGPT Mega-Prompt
m Don't stop at the first question = Sulote Persona

. .pe . Task
m Detail specific points
m Redirect the research

m Dialogue

m Rephrasing

m Explain like I'm 5, like a scientific article, bro style, ...  hps/ichalgpiorompis.gun/what-makes-a-good-chalgpt-prompy

m Summarize, extend
m Add mistakes (!)

= Need for practice [1 to 2 hours|, discuss with colleagues

10/60



Intro chatGPT ooocoo0o0e@o00 Limits Uses Risks Conclusion

A‘ Usage of chatGPT & Prompting

m Asking chatGPT = skill to acquire = prompting

m Asking a question well: ... in detail, ... step by step
m Specify number of elements, e.g. 3 qualities for ... Anactomy of o

m Prompt = specification document: long, detailed, designed to

= Don’ remove ambiguity about intended directions.
m m Prompting requires
m domain expertise >> general prompting knowledge. .-
||

m Reph —io0®

-chatgpt-prompt/

O&ce
- s@ﬂ“‘ﬁf‘:s:}
|

B ATT MISTaKeS ()

= Need for practice [1 to 2 hours|, discuss with colleagues

10/60
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GPT4 & Multimodality

Merging information from text & image. Learning to exploit information jointly

The example of VQA: visual question answering

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

1000

1024 1000

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

Convolution Layer
+ Non-Linearity

uzn
2X2X512 LSTM

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

“How many horses are in this image?”

1024

Pﬂif‘ti‘”isle Fully-Connected Softmax
multiplication

= Backpropagate the error = modify word representations + image analysis
VQA: Visual Question Answering, arXiv, 2016 , A. Agrawal et al.
11/60



Intro chatGPT oooo0o0o000e@ Limits Conclusion

Towards Larger Foundation Models?

m Let the modalities enrich each other

Tasks

Question 9

Answering ° O
Sentiment
. Analysis

i o <)
Text p
'*lJ G

Data

.

2avAV

r‘ } P /
| | S S Information
J/‘ S %r‘ ; Extraction N
- e Adaptation
Speech 4/% VT Fo:’lnddat:on -\»e Image
oage! | “  Captionin Z
%’ phening \\‘/
_ Structured
. Data
€ Object
= K -
3D Signals qgpy ‘;Ai“ ‘ Recognition
Instruction

i E\' Following

[\

On the Opportunities and Risks of Foundation Models, Tech. Report, Stanford, 2021
Bommasani et al. 12/60
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chatGPT and the relationship with truth

Likelihood = grammar, agreement, [1963, he was was assassinated in Dallas ...
tense concordance, logical sequences...
= Repeated knowledge

Predict the most plausible word...
= produces hallucinations

chatGPT # knowledge graphs Example: producing a bibliography

Can you give me a short bibliography on VAE for Time
Series?

recurrents.

Brilliant answers...

“Variational Recurrent Autoencoders" par Chung et al. (2016) - Cette étude introduit
une approche VAE pour la modélisation de séquences temporelles en utilisant des.

And sil |y mistakes! e e e ar et L e ek e e eseioatios e s o e

pour la phase i Variational t d

“Generative Modeling for Time ! O Fabius, JR Van Amersfoort - arXiv proprint arXv:1412.6581, 2014,
por we

+ we cannot predict the errors st (o o . 7%

pour la modélisation de séries ti ¥ Enregi

urrent Auto-Encoder (VRAE). Such a model can be u
99 Citer Citg 302 fois Autres articles Los 2 vrsi

profonds, y compris les VAE
4. "Deep Variational Bayes Filters: Unsupervised Learning of State Space Models from

Unreliable uncertainty quantification P AN it e

13/60
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Generative Al: how to evaluate performance?

The critical point today

m How to evaluate against ground truth?
m How to evaluate system confidence / plausibility of generation?

m T retoa ot oo T, oy,
match

count(gram,)

reference text " / 3 100% |
: —= b reca
"the fox jumps" —> [the' 'fox 'jumps'] 3

The Ultimate Performance Metric in NLP, J. Briggs, Medium 2021

14/60
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A‘ Generative Al: how to evaluate performance?

The critical point today

m How to evaluate against ground truth?
m How to evaluate system confidence / plausibility of generation?

0.0020 2 | 1 i ' | | ' [
N FashionMNIST-TRAIN
B FashionMNIST-TEST

00015 - WM MNIST-TEST

0.0010 - -
0.0005 - -
0.0000 al | [ [ [ [ [ 1 r
—4000 —-3500 —3000 —2500 —2000 —-1500 —-1000 -500 0
log p(X)
Plausibility

Al Do Large Language Models Know What They Don't Know?, Yin et al. , ACL, 2023

Ea Do Deep Generative Models Know What They Don’t Know?, Nalisnick et al. , ICLR, 2019 14/60
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Stability /predictability

m Difficult to bound a behavior

m Impossible to predict good/bad answers

= Models that regularly discredit themselves
Little/no use in video games

= Impossible to certify these models for critical applications

how old is Obama

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

15/60



Intro chatGPT Limits 00®@00000 Conclusion

Stability /predictability

m Difficult to bound a behavior

m Impossible to predict good/bad answers

= Models that regularly discredit themselves
Little/no use in video games

= Impossible to certify these models for critical applications

how old is obama?

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

and today?

15/60
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Stability, explainability... And complexity

\] ok
7@at 9enfle, sea S
FIR 0oy, SO S
lag; O/'C/ob",
Vocabulary (huge) O?f%/
Sensor 1 [} Up/Down Aggregatlon )
Sensor2 |( ) Simple Flashing HH% 1010 4{ c : —»H
O rules light e (oo’
‘ 0 Word sequence -
Sensord |() (= combination) Word prediction
m Simple system m Large dimension
m Exhaustive testing of m Complex non-linear combinations
inputs/outputs m Non-predictable &

m Predictable & explainable non-explainable 16/60
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A‘ Stability, explainability... And complexity

Interpretability vs Post-hoc Explanation

Neural networks = non-interpretable (almost always)
too many combinations to anticipate

Neural networks = explainable a posteriori (almost always)

[Uber Accident, 2018]

m Simple system m Large dimension
m Exhaustive testing of m Complex non-linear combinations
inputs/outputs m Non-predictable &

m Predictable & explainable non-explainable 16/60
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Transparency: open source / open weight

m Can | modify it? Adaptation
m What training data was used? Data contamination / skills
m What editorial stance / censorship is involved? Access to information
m Why this answer? Explainability / interpretability

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

Source: 2023 Foundation Model Transparency Index

OOMeta (&) [ssséne @ Openal bilty.ai  Google ®cohere  Alllabs Inflection aMazon
Llama 2 BLOOMZ GPT-4  Stable Diffusion2 PaLM 2 Claude 2 Command Jurassic-2 Inflection-1 Titan Text Average

Data  40% 20%
Labor 29% 17%
Compute 57% 17%
> Methods 48%
]
& Model Basics 33% 63%
% Model Access 33% 33% 67% 33% - 33% 57%
L:; Capabilities 80% 80% 60% 60% 20% 62%
8 Risks 20% 20% 20% 20% 24%
2
ng° Mitigations 40% 40% 20% 20% 20% 26%
% Distribution 7% % 57% 7% % 57% 57% 43% 43% 43% 59%
2 UsagePolicy  40% 20% 80% 0% 60% 60% 0% 20% 60% 20% aa%
Feedback | 33% 33% 33% 3% 33% 33% 33% 33% 33% 30%
Impact 1%
Average 57% 52% 47% a7% 4% 39% 31% 20% 20% 13%

https://crfm.stanford.edu/fmti/May-2024/index.html 17/60
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Costs / Frugality

The Rise and Rise of A_I_ _ size =no. of parameters open-access
Large Language Models (LLMS)xe sssorsteatosive cracer

@ Amazon-owned @ Chinese  Google @ Meta/Facebook @ Microsoft @ OpenAl @ Other

° . s o e @ @ .
TOTS - BlenderBot! PLATO-XL mﬁg:gsaam: mmmg&z # Para m eters
billion parameters -

( \ GPT-4*

2o e 1998 LeNet-5 = 0.06M
( e e By 2011 Senna =7.3M
- @@ 2012 AlexNet = 60M

@ = Exapne @ sensecr @

@ T = b 2017 Transformer = 65M / 210M

... BLOOM

LA A 2018 BERT = 110M / 340M

(
LaMDA  FLAN
Galactica

ERRART T 2019 GPT2 = 1,500M

® cricia @ =
jarge talda aMa2 o

e o 2020 GPT3 — 175,000M

.
®emGPT  © oMT5e @ +Doly20  IntemiM

«

T epT2

. Codex o ) . e »
& . GPT-J ss o Alpaca Sail-7B
BERT TS5 Megatron-TiB weth GPTNeO  sijgg
pre-2020 2020 21 22 2023
David McCandless, Tom Evans, Paul Barton source: news reports, LifeArchitect ai
Information is Beautiful // UPDATED 2nd Nov 23 * = parameters undisclosed /[ see the data
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Different behaviors, different costs

H Mistral/Ministral

SEMI-OUVERT

8 MDS DE PARAMETRES ~ SORTIE 10/2024

Les IA sont démasquées !

@ DeepSeek/DeepSeek v3

SEMI-OUVERT 671 MDS DE PARAMETRES SORTIE 12/2024

Sorti en décembre 2024, le modeéle DeepSeek V3 posséde une architecture Mixture-of-

Optimisé pour un temps de réaction rapide, ce modle est idéal pour des applications
Experts qui Ui permet d'étre d'une trés grande taille en diminuant les codts d'inférence.

nécessitant des réponses immeédiates et peut supporter plus de 100 langues. Sorti en

octobre 2024.

Impact énergétique de la discussion

Impact énergétique de la discussion
671 miliards param. © 225 wokens  © _ 4 6wh

8 milliards param.
taille du modele
Ce qui correspond a:

0.30g

CO; émis

@

taille du texte énergie conso.

128 cokens ~ © 4 0.30wn °© taille du modele

taille du texte énergie conso

Ce qui correspond a:
6g e 2h e g 12min
vidéos en ligne

® €O, émis ampoule LED

Smin °© 33s

vidéos en ligne

ampoule LED

19/60



Intro chatGPT Limits 000000@0

Different behaviors, different costs

Different costs for different users/languages

Pour un texte significatif en Francais

and the same in English

TOKENS CHARACTERS

<s> Pour un texte significatif en Francais

and the same in English

Conclusion

R
nb
transf. |
blocks H
() Transformer
block
—/

Transformer
block

word
cross-attn
head

[ It's raining cats and dogs }
19/60
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Different behaviors, different costs

Different costs for different users/languages

The Tokenizer Playground

Experiment with different tokenizers (running locally in your browser).

gpt-4 [ gpt-3.5-turbo | text-embedding-ada-002

124578 % 963

TOKENS CHARACTERS

5 12

124578 * 963

@ Text () Token IDs () Hide

nb
transf.
blocks

Conclusion

Transformer
block

Transformer
block

word
cross-attn
head

[ It's raining cats and dogs }

19/60
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A‘ Everything beyond the LLM's capabilities/training

ATARI 2600 SCORES STUNNING
m Simple calculations VICTORY OVER CI'ITT

ChatGPT 4o v

(multiplication, division)

m Generating n-syllable animal names
(in progress)
m Playing chess

m Following (complex) causal
reason i ng Do you want to play a game of chess?

... WHEN YOU UNDERESTIMATE A 1977 CHESS ENGINE...
AND IT HUMBLES YOU IN FRONT OF THE WHOLE INTERNET

20/60
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Intro chatGPT Limits Uses €000000000000000
Three questions to frame the use cases

Rephrasing vs Creating

Creating vs Extracting

From LLMs to Agents

21/60
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(1) Rephrasing vs creating content

Rephrasing | bring the content Creating  the model brings the content
m Translating/Proofreading a m Finding inspiration [blank page]
paragraph m Suggesting a plan, an angle, an
m Rephrasing: style, tone, 10% shorter acronym
m A paragraph from my bullet points m Answering a question | cannot answer
m Meeting minutes from my notes m Testing an idea, listing weak points
m Cover letter from a CV + job offer m Writing a paragraph on a topic | give

] but do not detail
m Table formatting, OCR, IATEX/Excel

m Writing a review, a related-work

m The abstract of my own paper section

22/60
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Rephrasing: examples

Building a recommendation letter

Prompt
[Tache] 0
Etudiant rencontré...
qualités ...
résultats marquant
LLM —
\ =
Sujet . .
) Meeting minutes
@ Transcription Résumé/CR
3?% o o > —

23/60
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Ethical questions

Rephrasing Creating
The content is mine. The model touches The content comes from the model, i.e.
the form. from a corpus | did not choose.
— Am | still the author? yes — Am | still the-auther responsible? yes
— Do I have to disclose it? — Who do | cite?
like a spell-checker? a translator? the model has no source
— Real risk = silent distortion — Real risk = hallucination
a nuance lost, a hedge removed plausible, well written, false
— Real risk = confidentiality — Real risk = uniformity of thought
unpublished text sent to a server the most likely idea, not the best one

= Same tool, same prompt box, two completely different debates.

24/60
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(2) Creating ex-nihilo vs extracting information

Ex-nihilo parametric memory  Extraction the document is given

m The answer is in the input

m The answer is in the weights m The model /ocates, it does not invent

m JFK died in... = probabilistic answer a The source is known by construction

m No source, no traceability m Up to date = as fresh as the document

m Frozen at training time = verifiable (faithfulness measurement)

= hallucination (factuality measurement)
Passage Sentence

[1 963, he was was assassinated in Dallas ... } In meteorology, precipitation is any
product of the condensation of

0 atmospheric water vapor that falls
under gravity.
GPT Question
‘Whmcmwapmdmmﬁmuohu? ‘
{JFK died in ] Answer Candidate
‘ gravity ‘

= Same question, same interface... but only one of them can be checked.
25/60
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LLMs = RAG: memory vs information extraction

m Asking ChatGPT questions... A surprising use case!

m But is it reasonable? [A true open question (!)]
%
) g [ 2
N

_— What is the color of the sun?

Offline model, ;
no index/no sourcing
w {Most answer yellow, but orange or red ... J

Word-by-word Generation

No Guarantee,
No Sourcing

26/60
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LLMs = RAG: memory vs information extraction

Intranet /

Internet

What is the color of the sun?

Q:/

Most answer yellow, but orange or red .. }

4
@
o,

Mix Extraction/Generation

+ sourcing as in QA

m RAG: Retrieval-Augmented Generation
m Current limit on input size (2k, 32k, 200k tokens)

26/60
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Risks Conclusion

In a scientific context

m RAG in a scientific context
should be called bibliography!
m Consensus, Scopus.ai, opscidia, ...
= great summary + analysis... On which articles?
m NotebookLM: choose your articles (up to 50)...
Then start the discussion
= analysis, topic clustering, comparison, ...

m If you want to dialogue with a manuscript...
It is too long for an LLM
= RAG again!

Can | be a (good) scientist without Al watch?
Is my job at risk?

™ Consensus

SCOpUS’AI

Change the way you view knowledge

0P DIA

The value of knowledge

A NotebookLM

Think Smarter,
Not Harder

27/60
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=\ (3) From LLMs to agents

LLM a tool | hold  Agent a system that acts
m One question — one answer m One goal — a chain of actions
m | read, I judge, 1 keep or discard m The model calls tools, loops, retries
m The model produces text m The model produces actions
m No effect on the world queries, files, emails, code run
m Efficient on small tasks m Effects on the world
= human validation at every step = human validation at the end, if at all

= The error rate did not change.
What changed is that errors now compose, and nobody reads the intermediate
steps.
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Toolformer [2023]: When the LLM calls upon tools

The New England Journal of Medicine is a registered

trademark of [QA(“Who is the publisher of The New

England Journal of Medicine?”) — Massachusetts
The LLM: Medical Society] the MMS.

Identifies its own weaknesses

. Out of 1400 participants, 400 (or [Calculator(400 / 1400
Calls tools/APlIs to provide better o participarts, 40 (or Y

— 0.29] 29%) passed the test.

answers
The name derives from “la tortuga”, the Spanish word for
= Controlled data sources (SQL, [MT(“tortuga”) — turtle] turtle.
Wikipedia) = RAG++; Calculator;
Translator; Specialized compute engine The Brown Act is California’s law [WikiSearch(“Brown
Act”) — The Ralph M. Brown Act is an act of the
LLM at the heart of the system California State Legislature that guarantees the public's

right to attend and participate in meetings of local
legislative bodies.| that requires legislative bodies, like
city councils, to hold their meetings open to the public.
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MCP Protocol

g m Interfacing with LLMs (remote
o or local)

Sales

m Link with applications (emails,

o —~& Q) websites, messaging, calendar)
o Mep
"Send Holiday . .
Q 0. = LLM Interfacing = the technical
[

0 foundation for agents... and many
other applications

HR

Model Context Protocol INSTRUCTA.AI
_ a © -~

MCP = using an API in natural

language
Openclaw: wrap many computer anN:lAw

functions in an LLM callable API ma|I

browser, console, ...)
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Integration into a Complex System

WwWWwW
DataBases

G) =L
WNFACTIRNG  (B) Do ahE e
0st Y

Prospecting

m Prospect list

PROFITABILITY [«# \/
@ ) s
; ; ) )
Mg m Email processing, needs
Order M

o o 5
e @ N identification
‘ %@5 - @ m ERP interaction =
ERP(s) Torgoted Marketing proposal databases
5 B f ! m Pricing
i m Drafting a commercial

“——% proposal
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From Chain-of- Thought to Actions

Chain-of-Thought / Toolformer

et ]
Question :[...] + P
; (wece@
think step by step o° Og. =
(/j\e“\"‘:a\-\o“ % ég%
4 O o0
. v Question : ... ™ = g?? 5
Scheduling :
. step 1 +step2 + ... /
Answer: ‘ [
Answer : |
[-.] . [..] <CALC> 40 * 12%
g </CALC>[...]

=
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From Chain-of- Thought to Actions

Chain-of-Thought / Toolformer
From text answers to structured information

$0°
Question : [...] + 0% et L
o o® S c
answer = JSON format o e " (Num)
+ specifications og -

o
@ |
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From Chain-of- Thought to Actions

Chain-of-Thought / Toolformer
From text answers to structured information
LLM as a judge / reflexivity + improvement loop

Question : [...]

%

. Answer: [...]

weaknesses, rating, ... ’
g /4
, 32/60

Check : strengths,
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From Chain-of- Thought to Actions

Chain-of-Thought / Toolformer
From text answers to structured information

LLM as a judge / reflexivity + improvement loop
Parallelism

Question : assess
all files according
to this eval. grid

. Scheduling :

Answer 1 0 0O

Answer 2

Answer n

"} QR
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From Chain-of- Thought to Actions

Chain-of-Thought / Toolformer

From text answers to structured information
LLM as a judge / reflexivity + improvement loop
Parallelism Files
MCP / actions wais
/// Terminal g

Question : [...] Assessment
. Scheduling :
- Ressources
[..] BD
Check |~ Specific
specifications sources

Multi-Turn
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Systems vs Tasks... For a student

2005 Wikipedia
m A much-criticized source that is gradually gaining
respect
m First digital fraud detection systems

2010 Moodle
m Generalization of digital resources

2022 chatGPT

m Answer more & more questions...
m ... As a teacher available 24/7 ... Or as a magic
solution finder

2023-24 NotebookLM / image input capability

m More & more opportunities
m ... For better or for worse

Risks Conclusion

NotebookLM
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Systems vs Tasks... For a researcher

2000 Internet, emails, personal web pages

m Faster communication
m Paper diffusion

2010 GitHub
2015 Microsoft Academic research
m then Google Scholar
2015 Google Translate (v2)
m then DeepL...
2020 Al for science
m data availability, software maturity
2022 ChatGPT

m new bibliography tools
m then Agentic Al

Risks Conclusion

Google
Translate

Al4Science
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Systems vs Tasks... For a programmer

2000 IDE / Completion / UML to code

. eclipse
m Environment to code faster

2020 1st version of codex / copilot
m Advanced code writing: algo/function level
2022 chatGPT

m Tutorials

m Debugging

m Advanced+ code writing: multi-function level

= Expert users have to watch specifications +
architecture

2025 Claude Code

m Dialogue on the architecture (= advanced planning)
m Code writing at the project level
m User interaction to check detailed specifications

= Low-code / no-code is a reality (Sept. 2025)

e Qb

0
0
Q
@
X

e
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Systems vs Tasks... For everybody

m Translators, interpreters
m Journalists
m Consultants

36/60
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Risk topology

Economical risks

New

@ tools :
Fairness +
/ Privacy l

Education & sciences

Victim of automated

Bias

Personalization

Information access

Sourcing Unequal access to
‘Q Transparency tools
Opinion polarization
VOTE pinion p Bubbles
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(1) Access to Information

m Access to dangerous/forbidden information

m +Personal data

m Right to be forgotten (GDPR)

m Efficiently deal with huge amounts of
personal data

m Information authorities

m Nature: unconsciously, image = truth

m Source: newspapers, social media, ...

m Volume: number of variants, citations
(pagerank)

= A huge risk for democracy
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Profiling / personalization to information access

m A good way to face Information overload

m Personal filter / agent
m Proactive system: watch agent + notifications

m Information bubbles = cluster in social networks

m Uniform point of view (tunnel vision)
m Consensus illusion
m Notion of Opinion leader

m Group polarization

m emotional reinforcement
m Confirmation bias & " 7
m Disinformation rapid diffusion

[Cambridge Analytica]
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Machine Learning & Bias

Mustache, Triangular Ears, Fur Over 40 years old, white,
Texture clean-shaven, suit
Cat Senior Executive

Bias in the data = bias in the responses

Machine learning is based on extracting statistical biases...
= Fighting bias = manually adjusting the algorithm
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YA Texte M Images B Documents BD Sites Web

Détecter la langue Anglais Frangai v Ping Frangais Anglais Arabe v

The nurse and the docto] X Linfirmiére et le médecin

m Gender choice
m Skin color

m Posture

Stereotypes from Pleated Jeans -

Bias in the data = bias in the responses

Machine learning is based on extracting statistical biases...
= Fighting bias = manually adjusting the algorithm
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Bias Correction & Editorial Line

Bias Correction: S i
m Selection of specific data, rebalancing éﬁ '
m Censorship of certain information FAIRNESS

m Censorship of algorithm results

= Editorial work... Done by whom?

m Domain experts / specifications
m Engineers, during algorithm design
m Ethics group, during result validation
m Communication group / user response
= What legitimacy? What transparency? What
effectiveness?
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Machine learning is never neutral

Data selection
m Sources, balance, filtering

Data transformation
m Information selection, combination

Prior knowledge
m Balance, loss, a priori, operator choices...

Output filtering

m Post-processing
m Censorship, redirection, ...

= Choices that influence algorithm results

42/60



Intro chatGPT Limits Risks 0o0o0o000@000000000

(Human) Bias facing Al-Proposed Solutions

Cognitive Bias Effect on the User Generative Al Al & Med. Diag-
nosis
Automation bias Passive acceptance of results (re- | High Very high
duced verification)
Authority bias Overestimation of Al authority (and | Very high High
reliability)
Overconfidence / Miscali- | Inappropriate use of Al in situations | Very high Moderate
bration of trust where it is unreliable
Confirmation bias Reinforcement of erroneous hy- | Moderate High

potheses and reduced exploration of
alternatives

Cognitive offloading Decrease in critical analysis and | Very high Very high
metacognition

Framing effect. Illusion of | Biased interpretation of the level of | Very high Moderate

explanatory depth certainty or risk (response style, pre-

sentation of numbers)

Anthropomorphism bias Attribution of human capabilities | Very high Moderate
(increased trust)
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Personal data & the right to be forgotten

m GDPR art. 17: right to erasure
designed for databases: one row, one delete

m But an LLM is not a database

m the information is diluted over 10! weights
m machine unlearning = open research problem
m retraining from scratch = several M€

m What was scraped is already in the weights

m a forum post from 2009, a leaked file, an old
article
m membership inference / training-data extraction

m Who is the data controller?
the scraper? the trainer? the deployer?

= On a RAG, deletion works (remove the document).

= On parametric memory, it does not. Same question, two architectures. -
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(2) Data Leak(s): different security levels

@ Query (& documents)

What is the color of the sun?

chatGPT

L US Server — 4

N\

Recording ) j ﬁ\/lost answer yellow, but orange or red ... }
Query + documents + M
\ user feedback )
\77//\\ -

Future Optimization

m Transfer of sensitive data
m Exploitation of data by OpenAl (or others)

m Data leakage in future models
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(2) Data Leak(s): different security levels

'(00\‘5 00’@

Any document

Commercial tools,free to use
Variable licence

Commercial tools, E|§ Personal
Paid licence nformation

more guaranties vs patriot

Commercial tools, m @

Paid licence + option Ongoing
e.g. European servers project D
Institutional LLMs aWS

deployed within a
controlled perimeter

Medical N
records g

Local use LI
pre-trained/finetuned models - <\/7
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Security Issues: Attacking computers

Malware
Direct access to the
core of the system

Plug-ins / openclaw / MCP
= Often significant security vulnerabilities for users

m Email access / transfer of sensitive information etc...

Reformulation

cJ)
Management issues for companies =<_, <

m Securing (very) large files Malware = signature

Different signatures

Increased opportunities for malware signatures

Malware

m = software rephrasing generaon

New problems!

m Direct malware generation

Multiplication of security breach discoveries
m Claude Code mythos, ...
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Attacking people: impersonation & phishing

m ldentity falsification
m Voice/text impersonation
m Fake authority impersonation (boss, teacher,
lawyer, doctor)

m Social engineering at scale
m Phishing messages that are highly personalized ‘
= the spelling mistakes that used to betray them areJ\QSZ’S:a\
gone 00 et

m Informational harms
m Misinformation & disinformation
m Decision sabotage (finance, health, safety)
m Integrity attacks (e.g. scientific, journalistic)
m Pornographic Deepfake diffusion
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(3) Economic Questions

m Funding/Advertising < visits by internet users
m Google knowledge graph (2012) = fewer visits, less revenue
m chatGPT = encoding web information... = far fewer visits?

= What business model for information sources with chatGPT?

Google’s Knowledge Graph Boxes:
killing Wikipedia?

by Gregory Kohs o ;',':"2:'1'; Treoomiien  Page Views on English Wikipedia (x 1000,000) 1:':;:;:'3'.:":';;2
— non mobile
10000 = maobile

8000 I L s TN

4000

2000

L et
—

L'
2008 2009
metrics have

2010 2011 2012 2013 2014
been normalized to manths of 30 days (Jan"30/3 1, Feb*(29)300128, Mar*30/31, etc

= Who does benefit from the feedback? [Stack Overflow]
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The chain of risks & responsibilities

Reading, collection, e Trained model = [
formatting fLziningjmece Math function } L Inference J

(0]0]0]6]6)
QOO0

s
s
s

)
3

g

VvV

> [
® Storage <[>
\ (temporary ou permanent) L ot
Documents, o Generate commands,

DX

Iy

[ ]
personal data, - diagnostics, texts,
medicine data, ... image, codes

Reproductions o
untraceable

Right to collect, Right to use data in

%nggggé ?:v(: right to copy, an algorithm - -
consent Optout
Clearview.ai Usage regulation
Model = 7 N\
emanation of data? % A Responsibility for
YA Fesponsiviity

errors

(
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(4) Educational Challenges

Risks

m Redefine our educational priorities,

subject by subject,

as we did with Wikipedia/calculator/...
m Accept the decline of certain skills

m Train students in the use of LLMs, while
managing to temporarily prohibit their use

4 at
um
@__
N | oz
P_‘_J

m Learn to recognize LLM-generated content

m Do not underestimate the psychological aspects

0000000000000 e00

R
DRSS
TR

S

e

e R
T e
maﬁﬁgﬁﬁﬁ%ﬁ

L

Conclusion
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Cheating: detection of texts generated by chatGPT

Risks o0o0o0o0000OOOOOOO®O

Reformulation par chatGPT

Tout cocher *

E Plagiat Def2 #44a3en
(3 07/01/2023 19:18 parvous | 122 mots | 19,47 ko

E Plagiat Def 1 #2073
£ 07/01/2023 19:16 par vous | 135mots | 16,78 ko

Trier les documents par  Date de dépot I

1-2s0r2
Plus d'infos S e ¢ Rapport

-
Plus d'infos Sx @100% _

Définition de Wikipedia

Crédit: S.
Pajak

Conclusion
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Cheating: detection of texts generated by chatGPT

Chat GPT
GPTZero G @

Detect Al Plagiarism. Accurately ORIGINALITY Al . Al Detector

m Text classifier (like for any author)
m Detection of biases in word choice / phrasing
m Characterization of text plausibility (OpenAl, GPTZero)
m Hyper-fluency of sentences, over-abundance of logical connectors
m Language model = statistical = measurement between distributions
(perplexity)
m J-plausibility on perturbed texts (DetectGPT)
m chatGPT should quickly integrate fingerprints in generated texts

Detectors = < 100% detection

-+ confidence level in detection 5160
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Decline / Evolution of Cognitive skills

Our brain will evolve with these new tools...
What is the scope of these transformations? What will be the consequences?

m Education sciences and psychology had conjectured it...
cognitive sciences have measured it

e
more

o G 1 significant

QG

ces _ros

="  pvalues I

less
significant

Your Brain on ChatGPT: Accumulation of Cognitive Debt when Using an Al Assistant for Essay Writing Task, N. Kosmyna et al. arXiv 2025 52/60
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Intro chatGPT

Limits

Representations of Artificial Intelligence

Conclusion ©@0000000 .

Schrodinger's cat

3 laws of robotics (Asimov)
\ \ \

q " Maxwell's deamon |} €
A = = | b ofo—=0°"
0 0] O i
o ?\O\OL A oy o: 5 00
<<]>\ o s o\l‘ <o -~
l o o 28t || 2 o 58
=3 P P

Turing test
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Upcoming Challenges

m What about hallucinations?
m Should we try to reduce them or learn to live with them?
m Will LLMs improve? In what directions?
m Do LLMs make us lose our connection to truth? To verification?

m Do we need small or large language models?
m How much does it cost? Is it sustainable?
m With or without fine-tuning?
m What does frugality mean in the world of LLMs?

m When others use them... What impact does it have on me?
m Productivity (fellow researchers, coders, reviewers, ...)
m Education: managing / training tech-savvy students

m Data protection... Mine and others’
m Is it reasonable to train LLMs on GitHub, Wikipedia, scientific papers, news
outlets, etc.?
m How important is privacy? What are the risks when using an LLM?

54/60



Intro chatGPT Limits Conclusion 0O®@000000

Upcoming Challenges

m What about hallucinations?
m Should we try to reduce them or learn to live with them?
m Will LLMs improve? In what directions?
m Do LLMs make us lose our connection to truth? To verification?

m Do we need small or large language models?

" GThe smartphone has made me an augmented human...

: v Will the LLM make me an augmented researcher?
= Still, have a look at NotebookLM
| ] When ULIITID UudDT LIICIIl... vVvviialuv IIIIPGLL UUCD IL 1iavec Uil 1lic

m Productivity (fellow researchers, coders, reviewers, ...)
m Education: managing / training tech-savvy students

m Data protection... Mine and others’
m Is it reasonable to train LLMs on GitHub, Wikipedia, scientific papers, news
outlets, etc.?
m How important is privacy? What are the risks when using an LLM?
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Levels of Access to Artificial Intelligence

User via an interface: chatGPT
m Some training is still required (2—4h)

Using Python libraries
m Basics on protocols

m Standard processing chains
m Training: 1 week to 3 months (ML/DL)

Tool developer
m Adapt tools to a specific case
m Integrate business constraints
m Build hybrid systems (mechanistic / symbolic)
m Mix text and images
m Training: > 1 year
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A‘ Digital Sovereignty:

Limits

the Entire Chain

Conclusion

O00O@e000O0 .

Pre-trained model construction

! \

Training
- Computation power
(x1000 GPU)
- Architecture ML

Data Mastery
- Collection/balance
- Cleaning

NMassive corpus
N——rs

of the corpus

JFK died in $

‘ Model Fine-Tuning ‘

Data Mastery & Construction
- Human interactions +++
- Dataset cost
- Domain adaptation

(
Dialogue \

Structuration [T—=

) -

LLM

Hard )

Question? question 7

Model exploitation

l

Optimization / Cost reduction
- MLOps skills
- Local deployment

Industrialization

Deployment
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Multitude of Professions

Data architect / manager

» Data management & hardware devices (storage, network, ...)

Conclusion

O000O@00O0

3
a

Data Engineer —l

[iiry)
w

» Update & Query on the data

Data Analyst -

+ DPO :
Data Protection Officer

+ Data visualization (chart, indicators, ...)
« Statistical trends

Prompt Engineer

* Query on LM/foundation models with "prompts"

Data Scientist

* Query the data / critical selection & balance
« Algorithm development / adaptation / evaluation
» Advanced data visualization

O O

MLOps Engineer

« Algorithm optimization
* Industrialize software solutions
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How to approach the ethics question?

Medicine

B BB N

B B &

Autonomy: the patient must be able to make
informed decisions.

Beneficence: obiligation to do good, in the
interest of patients.

Non-maleficence: avoid causing harm, assess
risks and benefits.

Equality: fairness in the distribution of health
resources and care.

Confidentiality: confidentiality of patient
information.

Truth and transparency: provide honest,

complete, and understandable information.

Informed consent: obtain the free and
informed consent of patients.

Respect for human dignity: treat all
patients with respect and dignity.

Artificial Intelligence

B D=

(o[ =~

[~ [

Autonomy: Humans control the process
Beneficence: in the interest of whom? User +
GAFAM...

Non-maleficence: Humans + environment /
sustainability / malicious uses

Equality: access to Al and equal opportunities

Confidentiality: what about the
Google/Facebook business model?

Truth and transparency: the tragedy of
modern Al

Informed consent: from cookies to
algorithms, knowing when interacting with an Al

Respect for human dignity: harassment

behavior / human-machine distinction
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Non-maleficence: avoid causing harm, assess
risks and benefits.

Equality: fairness in the distribution of health
resources and care.

Confidentiality: confidentiality of patient
information.

Truth and transparency: provide honest,

complete, and understandable information.

Informed consent: obtain the free and
informed consent of patients.

Respect for human dignity: treat all
patients with respect and dignity.

Artificial Intelligence

B D=

(o[ =~

[~ [

Autonomy: Humans control the process
Beneficence: in the interest of whom? User +
GAFAM...

Non-maleficence: Humans + environment /
sustainability / malicious uses

Equality: access to Al and equal opportunities

Confidentiality: what about the
Google/Facebook business model?

Truth and transparency: the tragedy of
modern Al

Informed consent: from cookies to
algorithms, knowing when interacting with an Al

Respect for human dignity: harassment

behavior / human-machine distinction
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Factors of Acceptability for Generative Al

Utilitarianism:

m Performance (acceptance factor of chatGPT)
m Reliability / self-assessment

Non-dangerousness: ‘ Unacceptable risk

4. soclscaing
m Bias / correction °

m Transparency (editorial line, human/machine )
confusion) O
Reliable implementation

Sovereignty (7)
Regulation (Al Act)

m Avoid dangerous applications

High risk

Know-how:
m Training (usage / development)
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Why So Much Controversy?

m New tool [December 2022]
m + Unprecedented adoption speed [IM users in 5 days|

m Strengths and weaknesses... Poorly understood by users
m Significant productivity gains
m Surprising / sometimes absurd uses
m Bias / dangerous uses / risks
m Misinterpreted feedback
m Anthropomorphization of the algorithm and its errors

m Prohibitive cost: what economic, ecological, and societal model?
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