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Introduction 0000000 From Al to genAl Conclusion

Digital & Artificial Intelligence

m Two related but distinct concepts
m Al: Different Definitions
1956 Any algorithm / program
1960-2012 Expert systems and logical reasoning

2012- Data & neural networks
Data

Machine-Learning

Deep L.

G. Hinton Neural Net.

Y. Lecun

-
A. Turing Marvin Minsky

Computer Neural Networks Deep-learning

Lg LS LS
Computer- Al: wide variety of algorithms

Sciences Mainly : Expert System + Reasonning Al=Neural Networks
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From Al to genAl Conclusion

Al's Place in the Digital Domain

Digital

Al

Data
Machine-Learning

Deep L.
Neural Net.

Self-checkout at the supermarket,
Google drive, SAP (basis)

B Google Maps, Knowledge bases,
Expert systems
Predictive systems (e.g., real estate
market), recommendation

M Vision, chatbot, advanced systems

A lot of digital tools transform the job
market...

= A global view is required to
understand the transformation
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Artificial Intelligence & Machine Learning

Input (X) Output (Y) Application
email ——> gpam? (0/1) spam filtering
audio ———> text transeript speech recognition
English >  Chinese machine translation
ad, user info > click? (0/1) online advertising
image, radar info —= position of other cars self-driving car
image of phone —> defect? (0/1) visual inspection
Al: computer programs that engage in N-Al (Narrow Atrtificial
tasks which, for now, are more Intelligence), dedicated to a single
satisfactorily performed by humans task
because they require high-level mental £ G-Al (General Al), which replaces
processes. humans in complex systems.
Marvin Lee Minsky, 1956 Andrew Ng, 2015
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Supervised Processing Chain & Models

Dataset

\
:(> Green Inference

2
‘ :{> Red Classifier
é :{> Red
o

o

Green Red

\ Supervision

m Promise = building a model solely from observations
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Supervised Processing Chain & Models

~ > fErr) = pred

x e X yey

Feature Extraction

LTI T 1]

X

Features  Supervision

m Think about the feature space = observation description

m ... And about required supervision
5/82
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Conclusion

Supervised Processing Chain & Models

Naive Bayes Model

e N\
"'t‘.#,;: 4 pt hidden layers Margin __
.. = < M output /‘. Separating
e 1 Hyperplane
*ommet 7 7
o A ANAN; A\
o % @ *.b‘ . ' Target=Yes
e e ‘l' 0 LN .
o 0% oY, .
oo og .
e AR Lt
o ° o *
‘ o
o
£ ] Support Vectors
el F H b wiinall Instance
. LIE00 1 s Setos
Random Forest et | T
/"// | \\L_‘
L s Y T
N N N
= BN =
ébd » &k AN
Tree-1 Tree-2 Tree-n
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=\ Supervised Processing Chain & Models

Raw Image

Parameters W ‘

m Random initialization... And random decision-making (at first!)
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Supervised Processing Chain & Models

RawImage ©

m Updating the weights
m Epsilon-sized steps, many iterations over the data
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Supervised Processing Chain & Models

.
oLl

Red
Red

m Training is slow and costly

m Inference is (much) faster
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Supervised Processing Chain & Models

Clearly separate the different steps in machine-learning

- & o

Model Parameter tuning
selection Optimization Industrialization
. ' @

Best model

(% J U J

Model Training = Intensive Computing Model exploitation = limited Computing
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=\ What can we do with Al?

Applications

A

m Digital agriculture

m Design of Experiments Tf- ol

m Biodiversity measurements -

m Medical diagnosis

m Stock exchange prediction m Image, text, time-series, movies,
m Exploitation optimization maps

m .

m Table of data
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Conclusion

What is the cost to access Al (today)?

Adapt vision system

to detect objects Integrate LLMs in

processing chains

Learn machine AlphaFold exploitation
Use Chatbots learning models on | (structure / function Fintune LLM to
tabular data prediction) new tasks
Deep Vision

adaptation

% vorovs ~
Q) AlphaFold

™
O PyTorch_ ©
Tensor

Recommender
Systems training

G ol

Reinforcement

learning, robotics New deep-learning

architectures, new
In depth adaptation/SOTA | hypotheses, ...

to vision, language, time-
series, ...

Time-series analysis
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What is the cost to access Al (today)?

Adapt vision system

o detect objects Integrate LLMs in

processing chains

Learn machine AlphaFold exploitation
Use Chatbots learning models on | (structure / function Fintune LLM to
tabular data prediction) new tasks
Deep Vision
[Co— i
1 month adaptation

Time-series analysis

% voLovs v
Q) AlphaFold

i
O PyTorch_ ©
Tensor

Recommender
Systems training

G ol

Reinforcement
learning, robotics

New deep-learning

architectures, new
In depth adaptation/SOTA| hypotheses, ...

to vision, language, time-
series, ...
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el

: |
Training an LLM
Local plateform to

Sensor monitoring, Autonomous build & deploy Al Answering LLM Training a vision
basic decision driving system models calls system

[ —

‘0-10W‘ 20-150W} ‘0.2-1.5KW‘ 1-5kW 0.5-50 MW

m Electricity, water, rare-earth elements, CO, emissions, financing costs, etc.
= Most costs scale proportionally
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So, let's stop speaking of Al !

Machine-learning Deep-learning LLM
: m ML systems

m Easy to handle, cheap m Tailor made system / y ~ 1K params
to compute haute-couture for DL systems oc Fl)M

m Many (many) numerical data LLM systems oc 10°M
applications m Basic entry for .

) : m New applications,

m (often) Provide semantic data (text, ew interfaces to
strong system image, voice, users’ existing systems
optimization traces, ...) _ o

: m Major societal impact

m Should be part of the m Multi-modal systems, (education, jobs
curriculum for all new paradigm (e.g. market infvormation
engineering students self-training) '

access, ...)

= Choose your keywords more carefully!
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ARTIFICIAL INTELLIGENCE
TO DEEP-LEARNING &
GENERATIVE Al



Great opportunity of Machine-Learning

Numerous opportunities

& m Experimental design
g :Df(Djjjj) = pred m Biological interaction prediction
= x€X yey m Nutritional value prediction for
u animal feed
X Y m Medical diagnosis
Features Supervision " ...
Requirements: what you observe, what you expect
m X : Observations m Historical data + perimeter (= what do we need to observe)
m Variations
m Y : Targets m Historical + Synchronized with observations

Various questions: is it possible/easy for a human to make the prediction? Can

you explain the reasoning? What format is the data in?
10/82
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Recent evolution in Machine-Learning

w‘m Data
Sensors
o B amazon
_ N webservices
Jupyter \

e thon™ Y= [ Storage & | Wl \/crosoft
PY Software \\ Computing ‘.- Azure

<ANVIDIA
we™ CUDA
Tensor! Spaﬂ( 0 Models B 3 Google Cloud
GitHub (2

O PyTorCi Z ¥ HuggingFace  NVIDIA.
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Machine-learning Limitations

Performance ambiguity
m 90% recognition : great, interesting... or unusable?
m Performance on the end-user task... Or on a specific domain?

Range of validity (Climate change, patient change, location shift...)
Operational integration (UX, ergonomics, training requirement)
How to represent complex input in a table?

[This new iPhone, what a marvel]

How do we turn
his image into a
table?

{R=97, G =134, B=162}

How do we turn
this text data into
a table?

{An iPhone, What a scam!]

{Half the price is for the Iogo}

Apple once again proves that perfection can be sold J |
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Al + Textual Data: Natural Language Processing (NLP)

NLP = largest scientific community in Al
Linguistics [1960-2010]
Rule-based Systems:

{like, love,

. R _ —+ > #product m Requires expert knowledge
appreciate} m Rule extraction <
L df)dlgn't’ ggt,'t}H {like, Igv?,} —+ — #product | ve.r)-/ clean data
esnt, donty appreciate m Very high precision
X {haétzt;c;?;he, —+ > #product m Low recall
m Interpretable system
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+ Textual Data: Natural Language Processing (NLP)

NLP = largest scientific community in Al

Machine Learning [1990-2015]

. ) > @
Bag of Words N S & -
I. g J (Q."Zr & @ _\‘C‘ RS é;i':r Supervision
1 1 1 1 1 0 0 S[periiee
This new iPhone, g%b _
what a marvel ‘wthlg.} 0 0 0 1 1 1 1 -1 = negative
f\\‘
I
An iPhone? What | [ c&®
a scam! 'PRPnB
) an Vhgy, X Y
‘ ‘ |Tra|n|ngamode|| f E w;T ;A Y
+=+] [+ ][+=+]) = = [=][=
w
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Al + Textual Data: Natural Language Processing (NLP)

NLP = largest scientific community in Al

Linguistics [1960-2010] Machine Learning [1990-2015]
m Requires expert knowledge m Little expert knowledge needed
m Rule extraction < m Statistical extraction <
very clean data robust to noisy data
+ Interpretable system ~ Less interpretable system
-+ Very high precision — Lower precision
— Low recall + Better recall

Precision = criterion for acceptance by industry

— Link to metrics
13/82



Uses Conclusion

From Al to genAl 0000®0000000000000

A Introduction
Deep-learning = representation learning

m 1item = 1 vector z = [z, ..., z4]
m 2d illustration... But high dim. in reality (100 < d < 100, 000)
Bag-of-Words
Similarity ++

d1 1

RETH
. '

0 0 1 ( &= ca O
:. . Distance ++

Same
distance
> cat

0
o
o

d2

Continuous Vector Space

d3 0 1

14/82
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LeCun, Y., Bengio, Y., Hinton, G. (2015). Deep learning. Nature, 521(7553), 436-444.



Deep-learning = representation learning

R —
[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.

_?; My cat has a preference for fish flavored cat food.
fluffy -0:6 The cat stealthily stalked a mouse in the garden.
1.9 My grandmother has a collection of porcelain cat figurines.
03 The cat napped peacefully in the warm sunlight.
05 ) 0 A
0.4 ) (0]
cat ?.1 <:::> Same grandmother
09 . N Sentence l / /
1.4 ) umbrella
| oo mouse keyboard fluffy
04 \ fish / bicycle
: -1.3 pineapple
vehicle |, food
?g - ~ \ napped telescope /
0.3 - (/) 1 NOT astronaut guitar =¥
<:Z:> Same eyes —>» cat '\(\ garden
B : - C\) ) Sentence ocean night rainbow\)
- Vs birds
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Deep-learning = representation learning

A man
cats a

AN

actor m Semantic Space:
d ou .. .
°9 \ Y N similar meanings

c

king actress he \ your =
his close positions
she
Roma queen
Paris Berl h
erlin er m Structured Space:
good ~— grammatical regularities,
taly  Erance bad better —> best basic knowledge, ...
Germany

worse —» worst

3
>

Distributed representations of words and phrases and their compositionality, Mikolov et al. NeurlPS 2013
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/=\ Deep-learning = representation learning

From Words to Tokens

Word Piece statistical split
m Representation of

rﬁ‘& o unknown words
'Machine-Learning o e m Adaptation to technical
. T ? 9 domains

e : m Resistance to spelling

>

errors
Continuous Vector Space

Enriching word vectors with subword information. Bojanowski et al. TACL 2017.
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Introduction From Al to genAl 00000@#000000000000
Image representation

D — BICYCLE

- FuLLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONMNECTED SOFTMAX
LY
Wi Y e
dia FEATURE LEARNING CLASSIFICATION
Convolution
Sliding filters

m Few parameter (relatevly frugal)
m Pattern extraction

m Hierarchical information
extraction /aggregation
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Time-series representation

Any dynamical system prediction

m Plant/animal growth
/ m Various possible 2(t)

m Stock market .
architecture

m Temperature evolution

m Pattern extraction 0 P
u ...

Once again :
time series = vector representation
m Distance / similarity

m Integration with other data




=\ Time-series representation

Any dynamical system prediction

m Plant/animal growth _ ) 2(t)
m Various possible
m Stock market )
o architecture
m Temperature evolution : R
P m Pattern extraction 0 t
"
5

t+1
—*C
t

-1

8)

=

+

=
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Introduction

=\ Time-series representation

Any dynamical system prediction

m Plant/animal growth _ ) 2(t)
m Various possible
m Stock market )
o architecture
m Temperature evolution : R
P m Pattern extraction 0 t
"
5

A TN

z(t+2)

16/82



Deep-learning = taylor made solutions

Combining different objectives at different scales

m Triplet loss

m Self supervision / masking _
N o ) Taylor made = more expensive
m Profiling to tackle missing information

§
~ Ny
N} & S
QL $ S
N & 3

(:) Loss
function

17/82



Deep-learning = taylor made solutions

Combining different objectives at different scales

m Triplet loss
m Self supervision / masking

. oL , Taylor made = more expensive
m Profiling to tackle missing information

3
N

‘/"'\‘ Q

T Y ~ ﬁ
Y2 Y2
N function

I Same intermediate
representation

17/82




Deep-learning = taylor made solutions

Combining different objectives at different scales

m Triplet loss

m Self supervision / masking _
N o ) Taylor made = more expensive
m Profiling to tackle missing information

u ...
O Auto-encoding loss
Oz
S ked
S $
S & SES
O ¢ &S
~ Q
O & Y1
b - O i —
T N H
—~ Y2 Y2
- Y Loss
function

I Same intermediate
representation 17/82



Deep-learning = taylor made solutions

Combining different objectives at different scales

m Triplet loss

m Self supervision / masking _
N o ) Taylor made = more expensive
m Profiling to tackle missing information

Realistic ‘ Monotony constraint
daily weight gain

‘ Error minimization

17/82



Deep-learning = deal with different modalities

Vector
representations

E align the
embeddings
AN .

m Aligning languages (translation), aligning modalities
m New applications: image description, handwritten transcription,

18/82



Word, music, speech, image, user embeddings

m User embedding = recommender system
m Knowledge embedding = neuro-symbolic architecture

Knowledge
Base

‘
"

Zucchini:
... Carbohydrate
... Lipid

. kJ

[m, Recipies Ingredients

A
_ | o
Aftinity [...] slice the tomatoes, sauté the onions [...] ‘ o
{ ) o

EET
F &
<L int S
I I <

Warning: each arrow = aligned dataset required ! 19/82
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Physics Informed Machine-Learning (PIML / PINNs)

m Historically, two very different approaches
m Huge ambiguity about modeling !

‘ Mechanistic model / simulation ‘

o J(r,v,) e K|
1o 2 CPS, Aoa CEak D, i ko dt
K] s,

Pz «
i Bum = o> = ) &
= @wu —- A 4T et Fowuin

)
5 o

e

4T
o

20/82



Physics Informed Machine-Learning (PIML / PINNs)

m Physics Informed Neural Networks
= integrating ODE/PDE inside NN architecture
m e.g. (1) temperature estimation (with NN), (2) heat diffusion (ODE)

Physical constraints
Differential equation modeling
inside neural architecture

30N April 97 _
- Automatic
g Deep Neural Network Dittarentiation
E
Z s
i Inputs P
205 Physics
s -
1906 160F 180 160w 160W 120M 100w 80w
longitude du  du  u
ta—+b==0
- ar dx dx
kLU ay 97
208
o 10N
-]
E
=

BC and IC Loss

228 o

MA0E T6OF 180 TBOW WAOW 120W 100w 80w
longitude

Residual Loss
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Physics Informed Machine-Learning (PIML / PINNs)

m Surrogate model
m " speed, “\, input req., new calibration options,

‘ Mechanistic model / simulation ‘

Slow / costly Fast

Accurate Approximation
Interpretable PP

Model : data
generation %2

urrogate model

DATA
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Aggregating word representations: towards generative Al

m Generation & Representation
m New way of learning word positions

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.

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

The cat stealthily stalked a mouse in the garden.

VRN My grandmother has a collection of porcelain cat figurines.
\OQ Corpus
<
@
&
; Q
Hidden 9
Q
Layer ¥ Loss wrt
v Ground Truth
4 A @
Representation
Layer

vV
The fluffy cat napped

Sequence to Sequence Learning with Neural Networks, Sutskever et al. NeurlPS 2014 21/82
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Inference & Beam Search

m High cost & 1 call / token

M m Max. likelih rincipl
Token a .e .oodp ciple
prediction m NLP historical task =
b . m specific classif./scoring archi.
. . m constraint and/or post
processing on generative archi.
RNN/
Trans
A
m
=}
3 s -) n —>
)

= Temperature setting

22/82



/=\ The additional ingredients of chatGPT

Dialogue Tracking

Specific training

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

Dialog corpus

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

23/82



Introduction From Al to genAl 0000000000000®0000 Conclusion

The additional ingredients of chatGPT

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
Z 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)

Inference: generalization to unseen tasks
Geoffrey Hinton is a British-Canadian

computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

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

Give the rationale before answering.

Scaling Instruction-Finetuned Language Models, Chung et al., JMLR 2024 23/82



The additional ingredients of chatGPT

Instructions + answer ranking

I’ \\

I' Al \

o I G - m :

prediction 1 A3 N

Score : :

A1 [0 : A10 '

1

Al 1 .

A2 ' Multiple Scoring !

A2 I + n : generation :

A3 ' :

A10 : Reinforcement !

. J/ 1 A learning :
P at0) B '
1
1
AY

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 23/82



DNA: yet another language?

Méthodes _ Prédicti
- rédictions
i expérimentales )
Fonction | physiques et
statistiques
Quignot, Postic, Bret et al.
1ers réseaux Bioinformatics, 2021

convolutifs pour les
protéines

Structure

v
AlphaFold2
Prix Nobel de Chimie 2024
Jumper et al. Nature 2021

Séquence

3 24/82



Image generation

m Learning to remove noise from images
m + Aligning image representation to textual prompt

Denoising Diffusion Probabilist
~A  Models, NeurlPS, 2020
Ho, J., Jain, A., & Abbeel, P.

Hierarchical Text-Conditional
= Image Generation with CLIP
Latents, arXiv, 2022

“a corgi
playing a o0 Ramesh et al.
flame Q O lole)
h . 8+8+ — 8-><C3+
t rowmg” 93
trumpet

25/82



ChatGPT: theory & uses

_ Statistical Modeling of )

L Texts
Texts spliting = | lterative Process
tokens - -
4 - =~ ~
ILarge Language Models (LLMs), such a4 GPT-3 and GPT-4, util Y Large | 0.02 \
ize a process callpd tokenization. Tokenization involves br 1 entire 0.01
eaking down text ipto smaller units, known as tokens, which FW
the model can process and understand. These tokens can rang I units
e from individual [characters to entire words or even larger 1 Eén
chunks, depending pn the model. For GPT-3 and GPT-4, a Byte 1 may

Pair Encoding (BPE) tokenizer is used. BPE is a subword tok

-

Dictionary

| Startingtext |

Language

Model

| Token forecasting

26/82



Conclusion

m Some systems are already fully available (0-shot)

m chatbot, AlphaFold, ...
= Let's try it, integrate it in processing chains

m Some systems are cheap to develop
m Fine-tuning vision / LLM
m Machine-Learning & tabular data
= Let's focus on application (before data)

m Some systems are more expensive to develop

m Advanced time-series, specific language/vision model, heterogeneous data
integration...
= Require PhD grant / research project

27/82



WHAT CAN WE DO WITH
LLMS (CHATBOTS)?



Introduction From Al to genAl @©0000000000000000
Key uses in 5 pictures

Reformulation

Information access
Brainstorming

%

28/82



Introduction From Al to genAl Uses 0®#000000000000000

(1) Formatting information

LNo ew ideas
D
A fantastic tool for QOD =
formatting (2 S
XY

{ Formatting, language, ... }

m Personal assistant

m Standard letters, recommendation letters, cover letters, termination letters
m Translations

m Meeting reports
m Formatting notes
m Writing scientific articles
m Writing ideas, in French, in English

= No new information, just writting, cleaning up, ...

29/82



— Introduction From Al to genAl Uses 00®#00000000000000

=\ (1) Examples of Data Formatting

Building a recommendation letter

Prompt
[Tache] B
Etudiant rencontré...
qualités ...
résultats marquant
Cv | —
Sujet ] .
) Meeting minutes
@ Transcription Résumé/CR
L
_0%7_ - — ) —

30/82
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(1) Writting a scientific article

m Writing a paragraph from a bullet point list
m Translating a paragraph
m Rephrasing a paragraph

m Improving the style, testing multiple formulations

m Saving 10% of words in a paragraph

= If you haven't already, you should give it a try!

m Generating the abstract
m Formatting a table, adding a column (in a latex tabular !)

= Pure surface change... [we will also explore other usages in the next slides]

31/82
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=\ (1) Nutrition use : Input standardization

= opportunity to fuse heterogeneous information

.
| I |Or| I ”tOI Ia"“" Era (D
]
La porte soure pour un Lt
Cutwvgesporive Séchage naturel & parfat

—
Créez 3 linfini avec
+de 20 apps
Creative <|ouf

=
HEI

Creative Cloud w

INCA2 Individual ?E
national study of —_—
food consumption in

France Database
ad nseg

ARTICLE OPEN
FoodOn: a harmonized food ontology
traceabﬂlty, quality control and data ir

=@ O P J. Griffiths®®, Gurinder S. Gosal', Pier L. Buttigieg®, Ro

3rinkman? and William W. L. Hsiao ("7

32/82



Introduction From Al to genAl Uses 00000@#00000000000

m Find inspiration [writer's block syndrome]
m Organize ideas quickly
m Avoid omissions / increase confidency

m Search in a targeted way, adapted to one’s needs

= Impressive answers, sometimes incomplete or partially
incorrect... But often useful

3 reference articles on the use of transformers in recommendation systems
What is the purpose of the log-normal Poisson law?
Propose 10 sections for a course on Transformers in Al

m In which areas are LLMs reliable?
m What are the risks for primary information sources?

m What societal risks for information?
33/82
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(2) In a scientific context: a new research partner

m Testing an idea (strength, weakness, required experiments, ...)
m Be careful not to mistake LLM flattery for validation!
m Proposing different schedules
m Searching for an attracting acronym with specific words
m Asking for weak point, asking for questions a reviewer would write...
= Try it on a paragraph or a section

m Ask for a whole review, ask for weak and strong point...

Check how you paper is seen by a chatbot

34/82
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(2) Internal knowledge exploitation for nutrition

m Brainstorming in the kitchen: which application for cooking?

m Ingredient substitution... At every scale: Ingredient, Food, Dish

Corpus
A
. 7 . O
[...] slice the tomatoes, sauté the onions [...]} 0 5
O oo
<& :30\3 o Ly Zucchini
‘o‘(\o >

35/82
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(2) Internal knowledge exploitation for nutrition

m Brainstorming in the kitchen: which application for cooking?
m Ingredient substitution... At every scale: Ingredient, Food, Dish
m ++ Upgrade by contextualization

Corpus

[...] slice the tomatoes, sauté the onions [...]J

%,
)
]
]
I
]
]
]

o Bell peppers
( Transformer J o
o %
o :j\j Y §
RS \ L Zucchini |
A

RS
P Q}{\O >

Tomatoes 35/82
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(2) Internal knowledge exploitation for nutrition

m Brainstorming in the kitchen: which application for cooking?

m Ingredient substitution... At every scale: Ingredient, Food, Dish
m ++ Upgrade by contextualization

m Interoperability and ontologies

INCAZ2 Individual

national study of ARTICLE  OPEN
jon i 00dOn: a harmonized food ontology
food consumption in FoodOn: a harmonized food ontology
France Database traceability, quality control and data ir
~ x . & % -, ::;ilr;der . Gosal', Pler L. Buttigleg”, Ro
- \ ane filliam W. L. Hsiao ('

Food Cantaner or Wrapsing

Food Packing ecum partof Panto Animal

Multilingual alignment

35/82
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(3) Coding: Different Tools, Different Levels

Providing solutions to exercises k?
Learning to code or getting back into it .
GitHub

Copilot

m New languages, new approaches (ML?7)
m Benefit from explanations...
But how to handle mistakes?

Help with a library [getting started)]

Faster coding

m What about copyrights?

m What impact on future code processing?

How to adapt teaching methods?

How many calls are needed for code completion?
What about the carbon footprint?

m What is the risk of error propagation?
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(3) Issues: Scope & Integration

Script de tirage aléatoire + génération LaTeX

Principe
¢ Lecture du fichier GIFT
« Tirage N questions aléatoirement

. . . . « Conversion vers un environnement enumerate LaTeX
m Classic question, coding-oriented,

discovery, how-to...

m Validation on existing code Exemple de script Python (fonctionnel)

python (3 Copier le code

m Reasoned response + code!

import re
import random

=> ldeal for learning,
fixing small bugs,
proposing basic solutions

N = 10 bre de esti

with open("banque.gift") as f:

content = f.read()

questions = re.findall(
renoxk?ii\sk(k?)\n\{\s* (. x?)\}",

37/82
content
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(3) Issues: Scope & Integration

Js calculator; s calculatortestjs M X

ulator’) c

o el G describe(
GItHUb / 489ms > describe('subtract', () => {
) Copilot -

I have found the bug in the code. The e subtract method in the el Calculator class is
multiply

ilure incorrectly implemented. It currently adds the two numbers instead of subtracting them.
M M M M divide Here is the proposed code ch e
Chatbot integration within the e S

Js calculatorjs N W
IDE (desktop development v

environment) o I

Apply and Rerun

= Coding faster for S — .
developers ("

buld sub t nu

& Claude 35 Sonnet (.. v

expect (calculator. subtract(5, 3)).to.equal(2);

37/82
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A‘ (3) Issues: Scope & Integration

Mitigation :

* Mettre a jour utils/test data.py avec bonsimports
» Tester flask init-test-data aprés migration

Risque 3 : Instance db dupliquée
Mitigation :

« TOUS les modeles doivent importer : from core.database import db
« Vérifier qu'aucun fichier ne contient db = SQLAlchemy ()

Ordre d'Exécution (Important !)

Thinking at the project level

1. M Créer nouvelle structure (dossiers, fichiers vides)
2. W Copier modeles vers blueprints (garder anciens pour l'instant)

m m Architecture proposal,
3. W Mettre a jour TOUS les imports en une passe

4. ¥ Tester que I'app démarre

5. M Supprimer anciens fichiers seult ] M et hOdOIOgy va I |d at'on

6. M Rebuild Docker et tester .

m Code suggestions... +
Validation Finale . . .
validation interface

Lapplication démarre sans erre
Aucun import depuis ‘models_*

. Allow this bash d?
Aucun doublon de fichiers ow fhis hash comman

. o docker rm -f myisir-app 2>/dev/null; docker-compose up -d 261 | tail -20
Services organisés dans servi

SErAGES OIGATSES 018 S8 s = The developer lets the
Chaque bucprinta cesprores [ chatbot write the code but
locker-compose up ftonction

s validates it as they go
Connexion admin fonctionne

Yes, and don't ask again
Page de login accessible
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No-Code

Pre-defined patterns/templates for: websites
(various), basic applications, ...

Promises that are (mostly) effective, but in
fairly limited use cases

Exemple de script Python (fonctionnel) Low_code
python (@ Copier le code

LLM requests for code generation

import re

import random + Fast |ntegrat|0n Wlth I|tt|e to no
N =10 i L verification
with open("bangue.gift") as f: Speed & impression of mastery... But

content = f.read() . . .
_ _ taking risks with development reliability
questions = re.findall(

rrrok?in\sx (k) \n\{\sk(.x?)\}",

content,
38/82
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No-Code

Pre-defined patterns/templates for: websites

(various). basic applications. ... :
Just remember that a prompt is a specification document

EI’-O:‘I = Users who know what they want will (often) obtain it
airt. Wrong/incomplete specifications = Off topic

l — o©
Exemple '-'ﬁ\c ‘&\\O

python C) ]

Sl —==
_ S9
import
import

S ——

0= verification
with open("banque. gift") as f: Speed & impression of mastery... But

content = f.read()
» _ taking risks with development reliability
questions = re.findall(

o2\ sk (k2 AN\ (\sk (L x?)\ 3",

content,
38/82
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(4) Document Analysis

Summarizing documents / articles
Dialoguing with a document database

Assistance in writing reviews

FAQs, internal support services within
companies

A NotebookLM

Think irter,
Not Harder

Technology watch

Generating quizzes from lecture notes

Try HaotebookLM

m Will articles still be read in the future?
m Should we make our articles NotebookLM-proof?

m How to save time while remaining honest and ethical?

39/82
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(4) Information Extraction in Nutrition

m Ontology enrichment/building (mostly textual data)

40/82
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Conclusion

m Ontology enrichment/building (mostly textual data)
m Image analysis (new UX opportunities)

Before Meal Peach Ketchup Coke Milk

& Vi

Extract Hamburger French Fries Sugar Cookie
——— i

@ . Food Intake
Comparison
—_

}

.

An Overview of The Technology Assisted Dietary Assessment Project at Purdue University.,
Khanna et al. , 2010

m Food recognition
m Segmentation

= m Estimation of quantities

40/82
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m Ontology enrichment/building (mostly textual data)
m Image analysis (new UX opportunities)
m Multimodal analysis + algorithmic process

ingredients-encoder concatenation

LSTM LSTM LSTM N\ R
A triplet loss ResNet-50

\

\

ingr, ingr, ingr,

Rectipe

i i image
instructions-encoder

LSTM—> LSTM—> + —> LSTM —>

I !
&

[ 0 [
A A A
inst; inst, inst,

== Images & Recipes: Retrieval in the cooking context, SIGIR 2018
Carvalho et al.

40/82
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(4) Information Extraction in Nutrition

Conclusion

m Ontology enrichment/building (mostly textual data)
m Image analysis (new UX opportunities)
m Multimodal analysis + algorithmic process

Pizza

Pecan Pie

ingr (ingredients)

1) pizza dough

2) hummus

3) arugula

4) cherry / grape tomatoes
5) pitted greek olives

6) crumbled feta cheese

1) unsalted butter
2) eggs

3) condensed milk
4) sugar

5) vanilla extract
6) chopped pecans
7) chocolate chips

£

instr (cooking instructions)

Cut the dough into two S-ounce sized pieces.

Roll the ends under to create round balls.

Then using a well-floured rolling pin, roll the dough out
into 12-inch circles.

Place the dough circles on sheets of parchment paper.

Preheat the oven to 375 degrees F.

In a large bowl, whisk together the melted butter and
eggs until combined.

Whisk in the sweetened condensed milk, sugar, vanilla,
pecans, chocolate chips, butterscotch chips, and co-
conut.

Images & Recipes: Retrieval in the cooking context, SIGIR 2018

Carvalho et al.

40/82
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(4) Information Extraction in Nutrition

m Ontology enrichment/building (mostly textual data)
m Image analysis (new UX opportunities)
m Multimodal analysis + algorithmic process

Top 2 Top 3 Top 4
T 2 ==

recipe-to-recipe recipe-to-image image-to-recipe image-to-image

== Images & Recipes: Retrieval in the cooking context, SIGIR 2018
Carvalho et al. 40/82
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(4) Chat & RAG : a new way to access information

vocabulary

A
A\ 4

Metrics
(e.g. BM25)

100100 | <: Query

Heading A

Loreolor sit amet,
consectetur adipisicing elit,
sed do eiusmod tempor
incididunt ut labore et Index Ranked list
dolore magna aliqua. of docs

IS

41/82
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Latent space
< > Metrics
(e.g. cosine)

0% 7517 58050 ] <):| [[03 -09 12 -0.7 0.6 0.1]
| Lo
Heading M
ﬁ

Lorem ipsum dolor sit amet,

consectetur adipisicing elit, Continuous
sed do eiusmod tempor

incididunt ut labore et Index

dolore magna aliqua. Ranked list
of docs

41/82
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(4) Chat & RAG : a new way to access information

-
[

- %Q — ad

‘What is the color of the sun?

Offline model,
no index/no sourcing

{Most answer yellow, but orange or red ... J

Word-by-word Generation

No Guarantee,
No Sourcing

41/82
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(4) Chat & RAG : a new way to access information

Intranet /

Internet
%>

[What is the color of the sun? ‘

—

Most answer yellow, but orange or red .. J

Mix Extraction/Generation
+ sourcing as in QA

= A way to build a reliable chatbot to advise users?

m Parametric memory vs Information Retrieval : opposite objectives? e
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=\ (4) In a scientific context

™ Consensus

m RAG in a scientific context
should be called bibliography !

m Consensus, Scopus.ai, opscidia, ... SCO pUSAI

= 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 dialog with a manuscript... ()P SCI ])IA
It is too long for an LLM

Change the way you view knowledge

The value of knowledge

= RAG again !

A NotebookLM

Vet o Think Smarter,
? ,
Can | be a (good) scientist without Al watch? Not Harder

Is my job at risk?

42/82
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Module 1 Module 3

Run LLM locally

Extract knowledge Module 2
Sort documents / generate summaries < >

Generate examples to train a model
[Teacher/student - distillation]

Generate variants of examples * 7 increase
dataset size

[Data augmentation]

= Integrate the LLM into a processing pipeline
= little/less supervision = Agentic Al

m Can | train models on generated data?
m How much does it cost? ($ + CO;) Need for GPUs?
m How good are open-weight models?

43/82
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(5) LLM in a Production Pipeline / Agentic Al

WWW-

Module 3

Run LLM

[
m Extract kr
[
[

||| DataBases

AN ACTURNG

s S ¢
&) e vwim SPETTTION

PROFITABILITY

Sort docul

Generate ¢

Ny
VRKI/OUAUW

ety et customer ol
Generate \ B e

dataset siz ey N
&5

= Integrate 1

POSITIONNG [o4

Targeted Marketing

o3 ¥ i ot
‘ i ollama run 1lamad
By D

43/82
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m How gc




Introduction

From Al to genAl Uses 0000000000000000@

(5) What about Recommender System in Nutrition?

Profiling is roughly everywhere in Information Retrieval

Information
Retrival

Ranked list
of docs

Tastes

Social connexions

f /

/

Profile
[ 0.3 -0.9 1.2 -0.7 0.6 0.1]

Reranklng

44/82
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(5) What about Recommender System in Nutrition?

Opportunities in nutrition : modeling user preferences

Knowledge
Base

3 Zucchini:
‘. .. ... Carbohydrate
Sl i

. kd

[ Sala
F &
y Il NN s
L

[m, Recipies Ingredients
A
_ | o
Aftinity [...] slice the tomatoes, sauté the onions [...] ‘ o
/ o

44/82
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R =+ Sequence learning

Meal e

records Set prediction baseline
— Contraintes user 45
User@ Personalized Meal Generation 5 -

<eos> | 0
= 03 Pl L - - - pomme éyahoun 012
- [ 0.38
<sos> )é tomate [ 0 —)[ tomate pain | 8620 [5¢>» an
poulet | 820 \ 0.2

e o P 50 o

constraint

grillés

=/=| Personalized Sequence Generation in Food Recommender Systems, SAC 2026

Combeau et al.
44/82
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LLMs/ML and the relationship with truth

Likelyhood — grammatr, agreement, {1963, he was was assassinated in Dallas ... ]
tense concordance, logical sequences...
= Repeated knowledge

Predict the most plausible word...
= produces hallucinations

Offline functioning Example: producing a bibliography

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

recurrens.
C h a t G P T # k n OWIGdge gra p h S "Variational Recurrent Autoencoders” par Chung et al. (2016) - Cette étude introduit

une approche VAE pour la modélisation de séquences temporelles en utilisant des.

réseaux de neurones récurrents et une méthode de maximisation de la vraisemblance

pour la phase d

Variational 1t aut d
oF: roprint arXiv:1412 6581, 2014

"Generative Modeling for Time !
Bao et al. (2017) - Cette étude ¢ yu,
pour la modélisation de séries ti ¥t

And silly mistakes!

4. "Deep Variational Bayes Filters: Unsupervised Learning of State Space Models from

+ we cannot predict the errors P 0t

Brilliant answers...

for (VRAE). Such a model can be u
2fois Autres aricles  Les 2 versi

45/82
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Introduction

Stability, explainability...

Conclusion

And complexity

Agoregaton

Sensor 1 |() Up/Down
Sensor 2 Simple Flashing 26 o> | —>
rules light olle! k

0

Sensord |()

Word sequence
(= combination)

Word prediction

m Simple system m Large dimension

m Exhaustive testing of m Complex non-linear combinations
inputs/outputs

m Predictable & explainable

m Non-predictable &
non-explainable 46/82
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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 46/82
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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

47/82
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Introduction From Al to genAl

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

Sterreotypes 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

47/82
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Bias Correction & Editorial Line

Bias Correction:
m Selection of specific data, rebalancing
m Censorship of certain information

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?

‘

48/82
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Data Leak(s): different security levels

\/ @ Query (& documents)

chatGPT

"What is the color of the sun? ‘

Recording | [Most answer yellow, but orange or red ...
\ Query + documents +
\\ user feedback )

Future Optimization

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

m Data leakage in future models
49/82
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Data Leak(s): different security levels

o®

Any document

Commercial tools,free to use
Variable licence

Commercial tools, E|§ Personal

Paid llcence_ . information
more guaranties vs patriot

||
Commercial tools, n
Paid licence + option Ongoing
e.g. European servers project \
Institutional LLMs aWS Medical

deployed within a records
controlled perimeter

Local use e
pre-trained/finetuned models () v

49/82
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Conclusion

m Many opportunities (ML/DL):
m user profiling, experimental design, BD completion
m Frugal (or very frugal) systems
m Easy to handle

m Many opportunities (generative Al):
m unifying different systems (knowledge bases, user interactions, images,

texts),
m developing new interfaces (UX),
m new applications

50/82



CHATGPT
NOVEMBER 30, 2022

1 MILLION USERS IN 5 DAYS
100 MILLION BY THE END OF JANUARY 2023
1.16 BILLION BY MARCH 2023



chatGP T #00:3.0000:3.0

The Ingredients of chatGPT

0. Transformer + massive data (GPT)

Huge Huge
+Filtered Transformer Causal pretraining
dataset architecture
Transformer
block [1 963, he was was assassinated in Dallas ... }
@ [Most answer yellow, but orange or red ... }
1 3 L4
Transformer
block
- GPT
KirEDIA= 3%
of the corpus
ZR2R200
[What is the color of the sun? }

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

Language Models are Few-Shot Learners, Brown et al. 2020 51/82
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A‘ 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 €

nb
transf.
blocks

Transformer
block

Transformer
block

word
cross-attn
head

word
representation
dimension

[ It's raining cats and dogs }

52/82



The Ingredients of chatGPT

2. Dialogue Tracking

Specific training

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

Dialog corpus

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

53/82
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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
Z 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)

Inference: generalization to unseen tasks
Geoffrey Hinton is a British-Canadian

computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation
together. So the answer is “no”.

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

Give the rationale before answering.

Scaling Instruction-Finetuned Language Models, Chung et al., JMLR 2024 54/82
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‘ .
’ AN
! A1 \
prediction 1 A3 '
Score : :
A1 | B ! A10 '
1
Al a2 n : Multiple Scoring :
A2 I + : generation :
A3 . !
A10 : Reinforcement :
. e 1 A learning '
P INON '
1
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 55/82



chatGPT 0000080000

Steps & Performance

Win rate against SFT 175B

0.6

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

\

STEP 1: Fine tuning on
high quality data

Mode

-o— PPO-ptx

PPO
SFT

GPT (prompted)
GPT

N
STEP 0: Train on large
amount of data (world
1.3B . 6 ‘ — 1758 knowledge)
Model size

56/82



Steps & Performance

Massive data = HQ data (dialogue) = Tasks = RLHF

STEP 3: Guide the model
with reinforcement
Warning about emergent capabilities

i LLMs do gain capabilities as they scale up in size
= but they are still specifically trained on all the tasks
translation summarization, reasoning programming etc.

GPT (prompted)
] TEP 0: Train on large
amount of data (world

176B knowledge)

©
>

f\

Win rate agains'
o
o

0o

Model&ze
56,/82
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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 ... Anotoms of o

m Provide context : cell for a biologist / legal assistant ChatGPT MZga—Prompt
m Don't stop at the first question (o 1 Swuote Persoma

m Detail specific points i

m Redirect the research
m Dialogue

Steps to complete task

m Rephrasing

m Explain like I'm 5, like a scientific article, bro style, ... ~ "s/chatgpiorompts.gun/whatmakes-a-good-chalgpt-prompy

m Summarize, extend
m Add mistakes (!)

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

57/82
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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 ... Anotoms of o

. m Prompt = specification document: long, detailed, designed to pt
= Don’ remove ambiguity about intended directions. =

m m Prompting requires

lete task

L domain expertise >> general prompting knowledge.
||
m Reph l '.':Q‘A\.:O‘\S
u %QQC\E: |-chatgpt-prompt/
|

B AQO MISTaKes (')
= Need for practice [1 to 2 hours|, discuss with colleagues

57/82
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Towards few-shot learning

m Learning without modifying the model = examples in the prompt

Few-shot Prompt
(Classify these conversations: | =
Text: My service was awesome.
Label: | positive \/

Text: My order never arrived.
Label: | negative x

Text: Thanks for great service!
Label: | positive

Text: Horrible customer service!

Label: <= x

S J

58/82
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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.

59/82
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m Let the modalities enrich each other

Data

Text l

J/‘ Images

Speech /\/\m\}

. Structured
* . Data

3D Signals é

[\

Bommasani et al.

£

h’!ﬁ :

Training Foundation
Model

Adaptation

Tasks

R Question 9
% Answering * .

D Sentiment
o ’ Analysis

<
@

Extraction

2w, Image
%ﬁ Captioning \/\Q/
Object

; .Recognition

Instruction

A,

AV

s
Sin

%' Following .. ]

On the Opportunities and Risks of Foundation Models, Tech. Report, Stanford, 202if

%ib Information V)\‘

60/82



(MAIN) RISKS
DERIVED FROM ML & LLM



chatGPT Risksooooooooooooooooooooo.

Risk topology

Economical risks

New y
models

) Victim of automated
Bias

tools
Personalization ( )
Fairness +
Privacy l

Information access

Sourcing Unequal access to

K Transparency
= W tools

Bubbles

VOTE ‘ Opinion polarization

61/82
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Access to Information

m Access to dangerous/forbidden information
m +Personal data
m Right to be forgotten (GDPR)
m Efficiently deal with huge amount 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

m Risk of anthropomorphizing the algorithm
m Distinguishing human from machine
m Critical in the medical domain (i.e.
robot-assisted therapy for autism)

62/82
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Profiling / personalization to information access

m A good way to face Information overload

m Personal filter / agent
m Pro-active system : watch agent + notifications

m Information bubbles = cluster in social networks

m Uniform point of view (tunnel vision)
m Consensus illusion

m Group polarization
m emotional reinforcement

m Confirmation bias & 7 7

m Disinformation rapid diffusion

63/82
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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

64/82
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chatGPT

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

Sterreotypes 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

64/82
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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?

65/82
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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
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Bias consequences (& exploitation)

Risksooooooooooooooooooooo.

m People medical insurance cancelling (companies
minimizing the risks)
m Automated (?) exclusion of
certain categories of people from
m a job offer,
m social assistance,
m housing,
m credit, ...
m Targeted information stream
m possibly without user consent (e.g. Google search
portal)
= Create / Reinforce information bubble

Multiplication of Al uses = multiplication of the risks

World is biased

Observations
are biased
Algorithms
QQ are biased

Automated

= system
—‘ g
[

Biases have
consequences
in real life

-

[ -]
*],
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(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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Unequal access to Al

—>

{

| AGE & TECH
EXPERIENCE

GENDER
STEREOTYPES

DISCRIMINATION

A

— i ECONOMIC

COoSsT

y TERRITORIAL

= CONNECTIVITY

GEOPOLITICAL| {{fr®

WORLD ACCESS

> > - 2]

CULTURAL
LANGUAGE

GEOPOLITICAL

i WORLD ACCESS

Age gap
m well-known for digital service
m Mitigated through new user-friendly interfaces (?)

Gender gap (toward computer science in general)

Social gap
m Access cost (especially since sept. 2025)
m Educational ways to handle new tools
the good, the bad, the ugly

Territory gap

m Internet access required
m + information feedback, sensors density, POI, ...

Language / culture gap
m Tools are mainly adapted to english
+ american culture
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Educational Challenges

m Redefine our educational priorities,

subject by subject,

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

R
DRSS
TR

S

0
A

o\
e

D
whe
e

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

Teacher 24/7
P
T

@__

m Learn to recognize LLM-generated content

EEESESRENRRN
Bl dulBe ol
mﬁ%%%&%%%‘a%%‘?

L

m Do not underestimate the psychological aspects
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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

significant

P valuesl

Your Brain on ChatGPT: Accumulation of Cognitive Debt when Using an Al Assistant for Essay Writing Task, N. Kosmyna et al. arXiv 2025 71/82
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chatGPT

Human Ressources

to

m Applications rely more & more on Al
= new emerging objectives (i.e. not to be mistaken with Al)
What do you think of an job-searching-agent?
Am | going to disappear behind massive data?

Application

&

in&

m HR systems rely more & more on Al
m Matching objectives (=~ recommender systems) - job center
m Filtering application - employer

Headhunter

s

m Many risks
m Bias risks (Amazon example, EU regulations, ...) = Fairness

m Unethical/Inefficient/illegal automatic filtering

m But, biases are often related to preferences
(e.g. diff. average expectations from men & women) '"”31'9‘”

m Privacy / who access to sensitive data, which archive policy?
Right to be forgotten (GDPR): which guarantees?
72/82
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Detection of texts generated by chatGPT

Reformulation par chatGPT

Tout cocher * Trier les documents par  Date de dépét F 1-2sur2
. .

Plagiat Def 2 #4483et - .

= 0% R re H

h (2 07/01/2023 19:18 par vous | 122mots | 1947ko | Plus d'infos Sx @0 +< Rappo H
N o

Plagiat Def 1 #/30i73 - _ - .

= 100 7 R rt H

h £ 07/01/2023 19:16 par vous | 135mots | 1678ko | Plus d'infos Sx  @100% _'PF"’ d

Définition de Wikipedia

Crédit: S.
Pajak
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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 /e
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Detection of texts used by chatGPT

Likelihood

o [am
Word
Sequence

m Closed corpora = challenge of detection of texts used in training

m Detection of likelihood/surprise of observed word sequences
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Data Leak(s): different security levels

\/ @ Query (& documents)

chatGPT

"What is the color of the sun? ‘

Recording | [Most answer yellow, but orange or red ...
\ Query + documents +
\\ user feedback )

Future Optimization

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

m Data leakage in future models o0
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Data Leak(s): different security levels

o®

Any document

Commercial tools,free to use
Variable licence

Commercial tools, E|§ Personal

Paid llcence_ . information
more guaranties vs patriot

||
Commercial tools, n
Paid licence + option Ongoing
e.g. European servers project \
Institutional LLMs aWS Medical

deployed within a records
controlled perimeter

Local use e
pre-trained/finetuned models () v
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Security Issues : Attacking computers

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

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

Reformulation

&)
Management issues for companies E<_, <

m Securing (very) large files Malware = signature

Different signatures

Increased opportunities for malware signatures

Malware

m = software rephrasing goneraon

New problems!
m Direct malware generation

Multiplication of security breach discovery

m Claude code mythos, ...
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Attacking people & institutions

m Harassment & abuse

m Cheap massive campaign (Scalable bullying,
automated “pile-ons”)

m Non-consensual sexual content generation
(deepfake pornography)

m Doxxing and sensitive data inference + publication

m Identity falsification
m Voice/text impersonation
m Fake authority impersonation (boss, teacher,
lawyer, doctor) ot
m Social engineering at scale
m Phishing messages that are highly personalized

m Informational harms

m Misinformation & disinformation
m Decision sabotage (finance, health, safety)

m Integrity attacks (e.g. scientific, journalist)
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Economic Questions

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

= What business model for information sources with chatGPT?

Google’s Knowledge Graph Boxes:
killing Wikipedia?

by Gragory Kohs i r_':‘ﬁﬂfr'f:;n milien  Page Views on English wikipedia (x 1000,000) 1‘,‘,:’,?;;?:1’;’;.’2
— non mabile
10000 | | — maobile
— total ,\/_/
8000 %b/\/\ /\./—-fr\
6000 LA PRENEEL Znt
4000
2000 L
|
=]
0
2008 2008 2010 2011 2012 2013 2014
et have been normalized to months of 30 days (Jan®20/31, Feb®(28]300/28, Mar® 30731, ot

= Who does benefit from the feedback? [StackOverFlow]
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Legal Risks/Questions

Risksooooooooooooooooooooo.

Reading, co_IIectlon, Training model Trained model = }
formatting

Math function ‘ Inference ‘

od

s
d : 9
0

.|
(0

=
K
B

=7
</ > { Storage }

p . (temporary ou permanent) ) )
Y ——

Documents, ° Generate commands,

personal data, - diagnostics, texts,
medicine data, ... @ image, codes |
N\ J N
[ 5P

Reproductions o
Right to collect,

Copyright and
database law

Right to use data in untraceable
an algorithm extracts
Optout

Clearview.ai Usage regulation
Model = /\

emanation of data?

right to copy,
consent

W Responsibility for
0‘5\\\__'6/’0 errors
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Attacking the algorithm

Risksooooooooooooooooooooo.

If an algorithm takes critical decision, it can be attacked !

+.007 % =
%
v Sien(Val (0.2.9))  (ion(v,7(0, 2,y)
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Explaining and Harnessing Adversarial Examples, ICLR 2015, Goodfellow et al.
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Attacking the algorithm

If an algorithm takes critical decision, it can be attacked !

Justin Johnson, Stanford CS231n
r r
: 80/82
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Attacking the algorithm

If an algorithm takes critical decision, it can be attacked !

A typology to attack ML algorithms

Poison Poisoning
- Training -
|Detectlon Data Evaluation
i Inference 1 1
Adversarial e renee Attacking data / diag
Training i .
Knowing the model / gradient /

I Evasion Input 4 nothing
Detection .

Sutput Extraction How to protect?

Evaluation
Machine Learning
Model

Evasion

Evaluation

Sumit Singh, 2024 80/82
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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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Risks of Al Generalization

Writing,
reflection,
outline, ideas ;. 1 Al usage
s verification
Al everywhere = |
/ 1 -
loss of meaning? e —Q.

m In the educational domain A

m Transposition to HR

. . Automated
m To project-based funding \ evaluation,
A\ summary, ...
systems
Outline, quiz,
illustrations ‘
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