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Some terminology

Assessments, evaluations, decisions, predictions
made by software tools

Artificial

Qtelligence /




Some terminology

/ ﬂ\/lachine learning \ \

The rules are learned from the data

Artificial
Qtelligence\ / /




Some terminology

/ ﬂ\/lachine learning \ \
( Deep Iearni@

The algorithms are based
on layers of artificial neurons

Artificial \ /
Qtelligence\ / /




Some terminology
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old what is correct or not
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Artificial \ The algorithms are told what )/ Supervised

is correct or not (incl.
\intelligence self-supervised)/




Some terminology
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/ Machine | : PCA \U nsuperwsm
: achine learning Clustering
( Deep Iearning\
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system RNN
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Why should we use machine learning?
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Distributed
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Unstructured ¢ Real/near-time
Multi-factor *  Processes
Probabilistic * Stream
Linked

Dynamic 5 V'5 Of

VERACITY Big Data VALUE

Trustworthiness Statistical
Authenticity * Events

Or\gln, !'gputat\on VARIABILITY + Correlatlo.ns
Availability *  Hypothetical
Accountability
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+ Changing data
+ Changing model
* Linkage

source: Moura, Serrdo. Security and Privacy Issues of Big Data.
doi:10.4018/978-1-4666-8505-5.ch002



Why should we use machine learning?

a residue index = 14 residue index = 28 residue index = 20 mean over residue indices
14 28 80 14 28 80 14 28 80 14 28

14
recycle = 0.2
layer = 0, 8
head =0

\ﬂ
vv | b residue index = 14 residue index = 28 residue index = 20 mean over residue indices

14 28 80 14 28 80 14 28 80 14 28 80

MAST3 S : ; .2 2 i

14
¢ recycle = 0,
& lo—~ layer = 2, *8
head = 2

@
RPP-16

A /.Q.

residue index = 14 residue index = 28 residue index = 20 mean over residue indices
14 2 80 14 28 80 14 28 80 14 28 80

VOLUME

55 Terabyte
Records/Arch

VARIETY Rl e VELOCITY
Distributed
Structured Batch
Unstructured .
Multi-factor .
Probabilistic
Linked

Dynamic 5V’s of
VERACITY Big Data

Trustworthiness Statistical
Authenticity * Events

Or\gln, !'gputat\on VARIABILITY + Correlatlr.tns
Availability *  Hypothetical
Accountability

Real/near-time
Processes
Stream

WGBS

Source: Jumper et al (2021). Highly accurate protein structure prediction with Alphafold
doi:10.1038/s41586-021-03819-2 supplementary information
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VALUE

+ Changing data
+ Changing model
* Linkage

source: Moura, Serrdo. Security and Privacy Issues of Big Data.
doi:10.4018/978-1-4666-8505-5.ch002



Some history

Rosenblatt Fukushima
McCullogh Perceptron CNN (neocognitron)
& L
Pitts | } m @ ---------.
Neurone e L N
artificiel .
Rumelhart et coll
Le Cun et al Qian & Sejnowski Rétropropagation
LeNet-5 1o NN préd prot struct
Y 4
‘--l--@--l 1988 -"
Oh & Jung @ Chimio:Bak
Utilisation imie:Baker,
Rost & Sander .
de GPUs PHD: NN en cascade L %’;’Hassabls, Jumper

Alphafold2
Krizhevsky et coll Alphafold2

Deep CNN @
- 9--0--0-0 0

AlphaGo Vaswani et coll ChatGPT
Transformer

Physique:
Hopfield, Hinton




Al in health, what for?

Predict J Prevent J

Y,

Classify J

(y understand |

4

Treat J u - Diagnose J




Which data for Al?

Genetic M From birth
Medical history o % f’s
Environment ™ @3 ﬁ) Accumulation

Lifestyle

Instantaneous

Clinical data Updated




What is an

artificial neuron ?
L]
Activation function
\i
> §
X, > >
y

Tn ;wzxz + b Yy = a(; w;x; + b)

McCulloch and Pitts (1943) A logical calculus of the ideas immanent in nervous activity. Bull Math Biophys 5:115-133
Rosenblatt (1958) The perceptron: a probabilistic model for information storage and organization in the brain. Psychol Rev 65(6):386-408
Widrow and Hoff (1960) Adaptive Switching circuits. WESCON Convention record part 1V: 96-104



What is an

artificial neuron ?
1 b

Activation function

~ \
A 1/~
xX; —» > i > Yy
y o *"‘/I\ 2
~ i
Zn:wia:i—l—b:z a(z) = L
Ln P 1+4+e%

NB: when the activation function is logistic (sigmoid), this is actually a logistic regression...



Impact of the weights and the bias

J ...... Py J ......
-10 10 -10 10

Successive _ _
nputs . =10.12345] b= —2.5




Successive
inputs

Impact of the weights and the bias

J ...... -
-10 — 9 10

=10,1,2,3,4,5]

b= —2.5

b=—2.5
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The magic happens with several neurons

_Hbo....$

4 7| -
Successwe:[o’l’2’3’4’5] bQ _ O | { g

inputs
| \A

by = —10

oo
~<




The multi-layer perceptron |



And then we add layers (the “Deep”)

o051

0 1,1 1

L1 % 01

1

0 1

Lm 0,1 bn
wn,m

L2
| 1 1,1 >
SR A b3
—> :1:} 5 bf
— > 1 3
Ly 1,2 bo

Wo n

Rosenblatt (1958) The perceptron: a probabilistic model for information storage and organization in the brain. Psychol Rev 65(6):386-408



Activation functions can be (almost) anything

3 ©

Activations on a given layer are the same,
but can be different on different layers

Sigmoid 1

o(z) = H%

tanh :
tanh(z) "
RelLU w

max (0, x)

Leaky ReLU i
max(0.1z, x)

Maxout
max(w] z + by, w3 x + by)

ELU
x x>0
a(e®—1) z<0 - - o




And then the “Learning”

Update of

parameters R

% % % Minimising
loss function

4 )

training set
® 0 &
of[inputs
one set

outputs

A\ 4

comparison

Widrow and Hoff (1960) Adaptive Switching circuits. WESCON Convention record part IV: 96-104; S Amari (1967). A theory of adaptive
pattern classifier. IEEE Transactions. EC (16): 279-307; S Linnainmaa (1970-1976). The representation of the cumulative rounding error of an

algorithm as a Taylor expansion of the local rounding errors (Masters). University of Helsinki. p. 6—7; P Werbos (1971-1982) Applications of
advances in non-linear sensitivity analysis. LNCIS 38: 762-770

LeCun Y (1985) Une procédure d'apprentissage pour réseau a seuil asymeétrique. Proc Cognitiva 85, 599-604.
Rumelhart, Hinton, and Williams (1986) Learning representations by back-propagating errors." Nature 323(6088): 533-536.



Error backpropagation one layer at a time




Error backpropagation one layer at a time
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Let’s try to recognise the severity of a disease: MASLD

Kim et al (2021) Int. J. Mol. Sci., 22(9): 4495

B The progression of NAFLD/INASH to HCC

HCC with cirrhosis

A

« Type 2 diabetes & Obesity

HCC 1mthrr:tut cirrhosis

ey ‘I- l
LI|:||:‘glrm:|:||I

Normal liver MAFL NASH Cirrhosis
32.08
30.03
29.23
27.35
=, 24.73 2522 2574
@
9 2175
§ =
o
15% 15%
E
Z

2017 1990 ¢ 2017

1990 g :
2018 2000 2018

2000

2001 - 2002
2003 - 2004
2005 - 2006
2007 - 2008
2009 - 2010
2011 -2012
2013 -2014

<

ear

Kim et al (2022) Met. Target Organ Damage, 2: 19

50

40

30

20

Prévalence en
fonction de l'édge et du sexe

Hommes 25.8%

7% Ad2L

NALFD (now MASLD)

% Femmes 11.4%

10 6.8%
4%

&P 55 0P 98 &

NASH
(now MASH)

Répartition

par régions Paris MASH Meeting
(11-12 juillet 2019)

E l’@CiNASh
recherche hospitalo-universitaire,



ABOS and PreciNASH

Intervention:
Weight loss surgery 3 12 24 60
Baseline months months months months

»

L
L
N

I > r 4

ABOS subset: Only European
Phenotype: clinical and biological data ancestry and unrelated individuals

Plasma, serum and DNA (including GWAS)

Biological samples collection: RNA-Seo
Liver | Muscle ue (visceral
and subcutaneous) | Intestin CODE-Seq¢ EPIC 850K

ABOS (Biological Atlas of Severe Obesity)

All subjects had
bariatric surgery

PreciNASH
project

(+66 clinical and personal data
+1076 identified metabolites
in blood and liver)



Subject grouping

Scoring on liver biopsy with the method from Kleiner and Brunt 2005

Steatosis
Categorical [0-3] from
guantitative measurement

Final score:

:S=0,B=0,1=0 n=80

NAFL: S>1,

B= n=137
S>1,B>

I v

Ballooning
Categorical [0-2]
= {none, some, much}

0,l=1
1,1=0

NASH: S>0,B>0,1>0 n=83

Inflammation
Categorical [0-3] from
number of foci




Principal component analysis (PCA)

plot of Az
samples
in thg space 4,/;,«4((4#'"0
of features ////%ﬂ/{”»'""'/
W
).:‘ normalisation

loadings: impact

) loadings(U)
loadings(V) o
/gﬁ 2{ projection
- 3 o > (o
PCI

of features on components

variance

1 23 45
PCs

This is a
linear transformation!

(there are non-linear
versions, e.g. kernel PCA)
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severity

40
1

. ® NAFL
b L] @ NASH

20
.

PC424%

I L
a_inkans | i .

PC1 PC2 PC3 PC4 PCS PC6 PC7 PC8 PC9 PC10

Score based on PC3 2.8 %
gene expression
and gene “loadings”

0

(impact of a gene 2 i C
on a given principal i | 100+100 genes :
component) T ’
i
’ ]

healthy+NAFL vs NASH

Logistic regression

accuracy
60 70

: i
[
RNAseq Risk Score
10 20

1 1
‘\\'

I\

to find the thresholds : | e
best separating the 81 e
: i NASH o ot healthy vs NAFL+NASH
severity groups i s
(I) 1 (IJO 260 360 460 S(I)O (I) 5[0 1 60 1 \")0 260 2%0 360

number of loadings from each side Index
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Deep learning network reading clinical and omics data

Gene expression

Clinical data P

\ = 18 clinical 200 260
' ‘ Z variables transcripts CpGs

DNA methylation

3sm

healthy [ simple ][ steato- ]
liver steatosis || hepatitis

13 layers; 25 000 parameters



Deep learning network reading clinical and omics data

Gene expression

Clinical data P

\ = 18 clinical 200 260
' ‘ Z variables transcripts CpGs

DNA methylation

Sigmoid 3sm

4 ol o healthy simple steato-
4 033 yl — N Softmax . . .
cm_ M o7 ST ey liver steatosis J( hepatitis

13 layers; 25 000 parameters




Deep learning network reading clinical and omics data

Gene expression

DNA methylation

Clinical data
\ = 18 clinical 200 260
' ‘ Z variables transcripts CpGs

- 50
! Sigmoid 3sm
y= 1+e 7 9

12

steato-
hepatitis

--0.27
--0.47

o & A Do N A

: e healthy [ simple
| B S P et liver steatosis

13 layers; 25 000 parameters

2x100 expressions [T
Dropout 20%
Normalisation [T

50 tanh (I
Dropout 50% (I
Batch normalisation (I
10 tanh (I
Dropout 50% (LI
Batch normalisation (I
5 sigmoid M




Training, testing, and validation sets

“validation” (never seen)
Same for all model instances
Used to assess the model at the end

Training set: used to learn

“test” set: used to assess the model
during the learning phase Random
Different for each model instance Test samples

K-fold
validation

Beware: “validation” and “test” are used the other way
around a lot in deep learning, at the opposite of all other
fields of machine learning, or even life science in general




Evaluating a model’s performance

Accuracy = (TP+TN)/(TP+FN+TN+FP)

Predicted
|
J \
Positive Negative Precision = TP/(TP+FP)
_ p g
retual Posiivo. | ][ e Sensitivity (true positive rate) = TP/(TP+FN)
.

Specificity (true negative rate) = TN/(TN+FP)

>
Negative| _Faise True
< positive negative

\\




Evaluating a model’s performance

Accuracy = (TP+TN)/(TP+FN+TN+FP)

Predicted
|
| \
Positive Negative PrECiSiOn - TP/(TP+FP)
_ p "
Positive | e }[ e it Sensitivity (true positive rate) = TP/(TP+FN)
Actual 3 y
n c < g ) _
N—— pzz!ts_ee }[ ne;,:t?ve Specificity (true nega:ftlve rate) = TN/(TN+FP)
v t
. N y 1 Oc.laessi?‘?er ROC curve

Receiver operating characteristic (ROC) curve

sensitivity
o
(6]

o
o

0.0 05 1.0
1-specificity



How good is the model to distinguish NAFL and NASH?

1.00 1.00
] I.I.I_L_LLI
0.90 0.90 5
|
0.75 I |J 0.75 -
c -
2> 5 ] S |
= 5 | @ L
E g AUC £ AUC
‘0 .jajoso = modell 0.914 2 050 | | = model1 0.918
c g — — model2 0.836 'g — — model2 0.909
e} = — model3 0.903 a — model3 0.92
n 2 — model4 0.928 e — model4 0.921
— model5 0.956 [ m — model5 0.92
0.25 - = NAFL_mean 0.914 0.25 — NASH mean 0.93
0.10 0.10
0.00 0.00
000 010 0.25 0.50 0.75 090 1.00 0.00 010 0.25 0.50 0.75 090 1.00
False positive fraction False positive fraction
1 - specificity 1 - specificity

On the validation set, never seen by the model and the modeller during training



Al models are not (always) black boxes

18 clinical 200 260
variables transcripts CpGs
" 501 501 The weights reading the RNAseq module
10 10 .
50 50 50 are larger — most impact on output
—
3om model #1 #2  #3  #4  #5
r\ 1 1.0
_ : , 5 Clinical _E,: .
f0|_e steéatose steato- > data ] ;.-
sain [ simple ][ hépatite ] © = - 0.0
S 3 | L os
© RNAseq | - - -1.0
c -
9 T ] F—1.5
S 1 L] 2.0
S Methylation 1_3, N | I -2.5
O 141 IEI |
s L 8 0l | W

12345 12345 12345 12345 12345 Weights

First merging layer



Al models are not (always) black boxes

— healthy liver simple steatosis
il e - and simple steatosis and steatohepatitis
pts CpGs
50t 50t
- 10t 10t X N
5 5 steatohepatitis
o /0 p
50
3sm
foie [ stéatose ][ stéato- severity activations
sain simple hépatite
healthy 1
liver
Ifﬂ
simple ] =D
steatosis o)
steafo- gy 7
hepatitis




Exploring latent spaces

ALT

Clinical data module RNA-seq module DNA methvlation module
i i
HbAlc LDL Activations g H
-1 - - g E
= =
| " - =
Severity c =
2 :
[0 H
T — Age Healthy NAFL NASH a &
Raverdy (2025) clusters
|
BMI
Cardiometabolic
Liver-specific
100
: *kk
*kk .
$
75 4 T |
*kk
g *kk . *khk - UMAP
g 01 | severity
=
‘ 1
o = ﬁ@ S
1 2 3 4 5 6
Clinical data: several populations
See Raverdy et al. Nat Med 30:3624-3633 (2024)  umapP
Raverdy
RNA-seq: recognises the 3 conditions clusters )
] ‘ %
. . . ' L g % I o
Methylation: continuum of severity N ‘-"S o] 'ﬁ;:w.- e ‘ o Sa A
o MORY 7] . o 0o NV o




What are the genes taken into account by the models?

| - .

18 clinical
variables

200
transcripts

260
CpGs

200 genes

foie
sain

50t
10t
50

[

stéatose
simple

I

stéato-
hépatite

)

SDHAP2

Known involvment New

“synaptic weights” N o]
ynap 9 |Weight| in fatty liver genes
50 neurons 1 2 3 4 5
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= e g = ANKRDT  akR1B10
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The paper that changed everything:

the Transfomer

Attention Is All You Need

Ashish Vaswani® Noam Shazeer” Niki Parmar® Jakob Uszkoreit™
Google Brain Google Brain Google Research Google Rescarch
avaswaniligoogle.com noam@google.com nikiplgoogle.com usz@google.com
Llion Jones® Aidan N, Gomez™ ' Lukasz Kaiser®
Google Research University of Toronto Google Brain
1lion@google. com aidanlcs . teronte. edu lukaszkaizerfgoogle.com

1llia Polosukhin® ¥
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple n:twurk architecture, thc Transformer,
based solely on attention mechanisms, di with lutions
entirely. Experiments on two machine translation tasks show Ih:sc models to
be superior in quality while being more parallelizable and reguiring significantly
less time to tram. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLELU. On the WMT 2014 English-to-French translation task,
our model establishes a new singl del state-of-the-art BLEL score of 4 1.0 after
training for 3.5 days on elgllt GI-'U-. a small fraction of the training costs of the
best models from the literature.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [[7)] neural networks
in particular, have been firmly established as state of the art approaches in I‘CHCC maodeling and

transduction probl such as | deling and hine translation El[E. Numerous
efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31][Z1][13].

“Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and staned
he effort 1 evaluate this idea. Ashish, with Hlia, designed and implemented the first Transformes models and
has been crucially involved in every aspect of this wmt Noam proposed scaled dot-product sttention. multi-bead
attention and the Free position and became the other person involved in nearly every
detail. Niki designed, implemented., wned and evaluated countless model variants in owr original codebase and
tensor2tensor. Llion alse experimented with novel model variants, was responsible for our initial codebase. and
efficient inference and visualizations. Lukasz and Aidan s.pcmcoumlc:-. long days designing \-.mm-. par(s. of.md
implementing tensorensor, replacing our earlier codebase, greatly img g results and massi
our research.

"Wark performed while at Google Brain.
Work performed while at Google Research.

lsr Conference on Meural Information Processing Systems (NIPS 2017). Long Beach, CA. USA.
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple n:twurk architecture, thc Transformer,
based solely on attention mechanisms, di with lutions
entirely. Experiments on two machine translation tasks show Ih:\c models to
be superior in quality while being more parallelizable and reguiring significantly
less time to tram. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLELU, On the WMT 2014 English-to-French translation task,
our model establishes a new singl del state-of-the-art BLEL score of 4 1.0 after
training for 3.5 days on elgllt GI-'U-. a small fraction of the training costs of the
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1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [[7)] neural networks

“Equal contribution. Listing order is random.

“Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and staned
he effort 1 evaluate this idea. Ashish, with Hlia, designed and implemented the first Transformes models and
has been crucially involved in every aspect of this work. Noam proposed scaled dot-product sttention, multi-head
attention and the Free position ion and became the other person involved in nearly every
detail. Niki designed, implemented., wned and evaluated countless model variants in owr original codebase and
tensor2tensor. Llion alse experimented with novel model variants, was responsible for our initial codebase. and
efficient inference and visualizations. Lukasz and Aidan s.p:mconmlh-. long days designing various par(s. of.md
implementing tensor2ensor, replacing our earli
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose 4 new simple network architecture, the Transformer,
based solely on attention mechanisms. dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models 1o
be superior in quality while being more parallelizable and reguiring significantly
less time to tram. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEL Un th: WMT 2014 English-to-French translation tusk,
our model establishes a new s del state-of-the-art BLEL score of 4 1.0 after
training for 3.5 days on eight GPU!.‘ a :u'ma]] fraction of the training costs of the
best models from the literature.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent [[7)] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction probl such as | deling and hine translation b Numerous
efforts have since continued to push the boundaries of recurrent language models and encoder-decoder
architectures [31][Z1][13].

“Equal contribution. Listing order is random. Jakob proposed replacing RNNs with self-attention and staned
the effort te evaluate this idea. Ashish, with Dlia, designed and implemented the first Transformer models and
has been crucially involved in every aspect of this wolt Noam proposed scaled dot-product attention, multi-head
attention and the Free position and became the other person involved in nearly every
detail. Miki designed, implemented, tned and evaluated countless model variants in our original codebase and
tensor2ensor. Llion also experimented with novel model variants, was responsible for our initial codebase, and
efficient inference and visualizations. Lukasz and Aidan spent countless long days designing unmh ]\amof.md

implementing tensorMensor, replacing our earlier codebase, greatly imyg results and
our research.
"Wark performed 1 Google Brain.

FWork performed while i Google Research.

3lse Conference on Neural Information Processing Systems (NIPS 2017). Long Beach, CA, USA_




The Transformer: Memory + context = attention

Encoder | Decoder |

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

!

Decoder-encoder attention:
target token looks at the source

queries — from decoder states; keys
and values from encoder states

T

Decoder self-attention (masked):
tokens look at the previous tokens

queries, keys, values are computed
from decoder states

Qutput
Probabilities
. :
Residual connections
and layer normalization _
\ N M
VL s
\ N
ol S Feed ¥
Y \ b Forward
Feed-forward network: § T .
. . . N R
after taking information from t\ 1 \ Add & Norm /
~—>{_Add & Norm —
other tokens, take a moment to Multi-Head | .41
. . . ™| Feed Attention
think and process this information v |_Forward 77 Nx
\
f T - —
iz Y Add & Norm
"’ inA- > Add & Norm J Masked
Encoder self-attention: ~—|, Vorres MutiHeed | <
tokens look at each other Attention Attention
: W e
queries, keys, values (— ) L )
are computed from Positional 5 ¢ Positional
encoder states Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



The Transformer: Memory + context = attention

Residual connections
and layer n\ormalizati\on N

Qutput
Probabilities

| love Al

Feed-forward network:
after taking information from
other tokens, take a moment to

think and process this information

\ \\ " Feed T
' \ . Forward
Feed-forward network: v | . —_— o -
after taking information from t\ —f— m‘ﬁ« / ecoger-encoder attention:
other tokens, take a moment to q&?.?ﬂ] Mut-Head | H target token looks at the source
" - . ee .
think and process this information ||| Foward )Aﬁe}”t"’“ Nax queries - from decoder states; keys
T U |_%: and values from encoder states
fifis Y Add & Norm T
. Add & Norm 5
Encoder self-attention: —__| e Msked
o Multi-Head Multi-Head | ¢ - i -
tokens look at each other [ Attention el Decoder self attentlo_n (masked):
. X ) X ) tokens look at the previous tokens
queries, keys, values \—] ) U — :
queries, keys, values are computed
el sl S re0 D ¢ Postional from decoder states
encoder states Encoding Encoding
Input Output
Embedding Embedding
J'adore I'lA  nputs ouputs ~<start> | love

(shifted right)




Embedding, context and decision?

Transformation of each element of
a sequence (a token) into a vector
representing its position in the structured
space of possible. Think non-linear PCA

Quiput
Probabilities
-
Add & Norm )
Feed
Forward
s | ~\ | Add & Norm |<_:
~>{ Add & Norm | Mutti-Head
Feed Attention
Forward ) Nx
| ——
Nix Add & Norm
—{_Add & Norm | R
Multi-Head Multi-Head
Attention Attention
—t L
e J — )
Positional o @ Positional
Encoding ; Encoding
Input Qutput
Embedding Embedding
Inputs Outputs

(shifted right)

Takes a decision based on the attentions
attached to each token

— Foundational models;

To reuse a model, just replace

the prediction head and retrain

the feed forward blocks

Learned context. Provide attentions
attached to each token in a sequence



Embeddings (“plongement”)

Values in reference frame A
m vectors from a dictionary of n
(i.e. n coordinates)

Embedding from a space with n dimensions
iInto a space of o dimensions

Values in reference frame B
m’ vectors from a dictionary of o
(i.e. o coordinates)



Embeddings (“plongement”)

Magic (PCA, MLP, CNN, ...)

Dictionary (initial space) Semantics (Embedding space)
Sy P S o N

S & & «® C & & & S & > < A
& & <\'§ &\&0 é‘é\ é‘& «'560 \\'Z’é &oé\ W& @‘Q& «o&o bﬂ& é&o& Q\y
1/0(0(0l0|O0O|0O0O|0O0]|O bunny 09 | 07 | -01 | 01 | 02 | -03
o|ojlo|jO0O|jOlO|21|O]|0O rabbit 09 | 08 | 01 | -01 | 04 | -01
olo0ol1/]0]0|0|0O0]0O0]O hamster 09 | o6 | 07 | 03 | 04 | -04
Ol0|lO0|l21010101010O0 hutches 09 | 03 | -01 | 09 | 00 0.9
Oo|0|l0O0O]O0O|O|1]0|0]O0 mother 09 | o1 | o1 | 02 | o8 | -07
0 o(ojojo|jojoj|o 09 | 02 | o1 | o2 | -08 | -07
Oo/0|0|0|O0O|O0O|O0O|O0O0] woman 09 | 08 | 09 | 09 | o8 | -08
o,0j0|0(2]0|0|0]0O - 09 | 08 | -07 | o9 | -08 | -08

Word
Vector Embedding

Dimensionality
Reduction

hutches
bunny
o
.rahbit
@ hamster
woman
| J
. mother
man
@)

Dimensionality

2D Visualization

Mikolov et al (2015) Linguistic Regularities in Continuous Space Word Representations In Proceedings of NAACL-HLT, pp 746—

751, Atlanta, Georgia.




Embeddings (“plongement”)

Magic (PCA, MLP, CNN, ...)

Dictionary (initial space)

& P S S
0‘}0& & ¢ &\é& v&&e & @éo@ «'590\ \\'2’6’\0& &é&
1/,0{0|0|lO|O|O|O]O
ojojojfojo|jo0j1j0]oO0
ojoj1(0{0|0j0]O0]O
ojojof1j010(0j0]O
ojojo0ojO0fjO0Oj1|0]0O0]|O
0 oOo|0j0|O0O|O]O]|O
o{0|j]0j]O0O|O0O]O0O|O0]O0]1
ojojo0ojO0f1|]0|0]O0]|O

Semantics (Embedding space)

bunny
rabbit

hamster

hutches

mother

woman

man

Word

In the embedding space, the vector going from woman to

plus the vector going from woman to mother, i.e. (replacing by the coordinates),

& & <
AN & O Va2 N S
> & ) N & Q
hutches
0.9 07 -01 -01 0.2 -0.3
0.9 0.8 -0.1 -01 04 -01 bunny °
[ Je
09 | o6 | 07 | -03 | 04 | -04 rabbit
@ hamster
09 | -03 -0.1 -0.9 0.0 0.9
Dimensionality
Reduction

woman
0.9 01 01 0.2 0.8 -07
0.9 0.2 0.1 0.2 .08 | -07 4 mother
0.9 0.8 -0.9 0.9 0.8 -0.8
0.9 0.8 -07 0.9 -08 | -08

Vector Embedding Dimensionality 2D Visualization

is equal to the vector going from woman to man

= mother — woman + man




MLPs create embeddings (latent space coordinates)

Activations

-1 . 1

Severity

Healthy NAFL NASH

Raverdy (2025) clusters
|

Cardiometabolic

Liver-specific

activations =
latent space coordinates

UMAP
severity

UMAP
Raverdy
clusters

Clinical data module

I

1‘0 L0 LT L LTACOUTHTE T T T iy Ty T iy Ji

RNA-seq module

>

‘‘‘‘‘

10
N

-5
L

rd ;
..*

DNA methvlation module




Attention in the Transformer

Multi-Head Attention

Linear

Concat
ﬁ

Scaled Dot-Product

Attention
-
Linear Linear Linear

A
i K Q

Q = query, K = key, V = value

P

Qutput
Probabilities
-
Add & Norm )
Feed
Forward
' 1\ Add & Norm
Sl L Multi-Head
Feed Attention
Forward D) Nx
| S——
N Add & Norm
>Q| Add & Norm | yEEE
Multi-Head Multi-Head
Attention Attention
/ W, t
4 J — )
itional o @ Positional
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)



Attention in the Transformer

Scaled Dot-Product Attention

Multi-Head Attention

Linear

Concat
;f

Scaled Dot-Product
Attention ~

1
pr=
Lin

ear Linear inear

Q = query, K = key, V = value

P

Qutput
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-
Add & Norm )
Feed
Forward
' 1\ Add & Norm
Sl L Multi-Head
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Forward D) Nx
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>Q| Add & Norm | yEEE
Multi-Head Multi-Head
Attention Attention
/ W, t
4 J — )
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(shifted right)



@

The model learned
the impact of
MacBeth’s speeches
on others

His current line
becomes Q

and puts

the spotlight

on Lady MacBeth

A drama analogy?

@ The spotlight represents the intensity of the responses from Lady MacBeth to MacBeth’s current line

The public did not attract focus from MacBeth
and do not affect the rest of his speech

@

The model learned

Lady MacBeth'’ reactions
to MacBeth's speeches
His current line becomes
Lady MacBeth's
reactions

O,

Lady MacBeth's
illuminated emotional
presence and cue
send back reactions V
to MacBeth




Attention in the Transformer

Values associated with
relevant attentions

Attentions of all tokens

l

on all tokens

A1,1

A2,1

A3,1

A1 2

A2,2

A3,2

Wy st Vs
— W, >V
AWy >PVE
Wy | K
W = K,
Wi > Ks

A1 3

A2,3

A3,3

r 1 1

softmax

Ez2i

Es

E2,2

E3,2

Eas

Esz X is entered

Wo, Wy, and W, are learned
Everything else is computed

The dot product between Q and KT
compute how aligned are the vectors

encoding two tokens (~cosine similarity)



Attention in the Transformer

LJ
® MSMQEKIMRE LHVKPSIDPK QEIEDRVNFL KQYVKKTGAK GFVLGISHEQ ISTL‘AGRU\Q LAVESIREEG GDAQFIAVRL PHGTQQDEDD AQLALKFIKP

°
1 DKSWKFDIKS TVSAFSDQYQ QETGDQLTDF NKGNVKARTR MIAQYAIGGQ i(jLL‘;‘L- AAI.A“JT&FFT KYGDGGADLL PLTGLTKRQG RTLLKELGAP

2 ERLYLKEPTA DLLDEKPQQS DETELGISHD EIDDYLEGKE VSAKVSEALE KRYSMTEHKR QVPASMFDDW WK

Values associated with _——

relevant attentions

Y

Yz

Y3

v,

-V,

L \‘/3

A

Attentions of all tokens

l

Predicting enzymatic function of protein sequences
with attention 3

Nicolas Buton &, Francois Coste, Yann Le Cunff

Bioinformatics, Volume 39, Issue 10, October 2023, btad620, https://doi.org/10.1093/
bicinformatics/btad620

Wy 1 K
Wi = Ky
Wi > Ks

softmax

E1

Es

E2,2

E3,2

Eas

E3,3

on all tokens

H
=
_

w
For embedding
at position
w

IS
-
~

X is entered
Wo, Wy, and W, are learned
Everything else is computed

The dot product between Q and KT
compute how aligned are the vectors

encoding two tokens (~cosine similarity)



EnzBERT: amino-acids as tokens

Nh(3)-dependent nad(+) synthetase
Predicting enzymatic function of protein sequences
with attention 3

Nicolas Buton &, Frangois Coste, Yann Le Cunff

Bioinformatics, Volume 39, Issue 10, October 2023, btad620, https://doi.org/10.1093/
bioinformatics/btad620

-
=
—

w
For embedding
at position
w

N
—
N

®
H 0 MSMQEKIMRE LHVKPSIDPK QEIEDRVNFL KQYVKKTGAK GFVLGISSEQ BSTLAGRLAQ LAVESIREEG GDAQFIAVRL PHGTQQDEDD AQLALKFIKP
Aggregated attention o :
H H 1 DKSWKFDIKS TVSAFSDQYQ QETGDQLTDF NKGNVKARTR MIAQYAIGGQ EGLLVL] AARAVTGFFT KYGDGGADLL PLTGLTKRQG RTLLKELGAP
for each token (amino acid) B VB

2 ERLYLKEPTA DLLDEKPQQS DETELGISHD EIDDYLEGKE VSAKVSEALE KRYSMTEHKR QVPASMFDDW WK



AttOmics: Omics values as tokens

Outputs

Normalization

Uy"-’jn‘ﬁ FCN
l \ \L * Predictor
[ Mathtul ] ™ . ¥ - m - m e A . \
i - ! Normalization "~ -
™ i 1 1 1] '
SoftMa o o i . Xy Hpy Xya| coo A | XL
‘v"' ] - ] [] ] [] ] [] ] []
Scal s, Te | - FCN FCM ¢ FCN FCN
cale N i .
i . — ooo
_ Mathul | : MHSA ¥
LY T 1 T
P - i T T
! w@xlwk xwl ,.‘ LT - ! Xgy | Xgg | Xgg 10001 Xg Xa
LA G vy . ! EFCH : i | ] |
o e e— o o
L . g
\ Encoder

Grouping | Random, GO BP, MSigDB hallmarks, Clustering

X Gene expression, methylation, siRNA, etc.
e.g., TCGA cervical cancers

Beaude, A., Rafiee Vahid, M., Augé, F., Zehraoui, F., & Hanczar, B. (2023).
AttOmics: attention-based architecture for diagnosis and prognosis from omics data. Bioinformatics, 39(Supplement_1), i94-i102.



AttOmics: Omics values as tokens

ADIPOGENESIS
ALLOGRAFT REJECTION
ANDROGEN RESPONSE
ANGIOGENESIS - 0.040
APICAL JUNCTION
APICAL SURFACE
APOPTOSIS
ACID METABOLISM
SIS

BILE
CHOLESTEROL HOMEQSTA!
el

Normalization

- 0.035 I

| FCN |

'\__ # Predicto _r_j

EZF TARGI
EPITHELIAL MESENCHYMAL TRANSITION
13

N E
TTY ACID METABOLISM
G2M CHECKPOIN
GLYCOLYSIS
—— P> HEDGEHOG SIGNALING
HEME METABOLISM

HYPOXIA
IL2 STATS SIGNALING

0.030

INTE!
INTER

Attention weights

MYC TARGETS V2
MYOGENESIS

NOTCH SIGNALING

OXIDATIVE PHOSPHORYLATION
P53 PATHWAY

PANCREAS BETA CELLS
PEROXISOME

PI3K AKT MTOR SIGNALING
PROTEIN SECRETION
REACTIVE OXYGEN SPECIES PATHWAY
SPERMATOGENESIS.

TGF BETA SIGNALING

TNFA SIGNALING VIA NFKB
UNFOLDED PROTEIN RESPONSE
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i -~ Xy Ha Fia < o | Xa
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i

£
=

Xg

MYOGENESIS
NOTCH SIGNALING
[w]
[w]
[m]
be
=

OXIDATIVE PHOSPHORYLATION
PEROXISOME

PI3K AKT MTOR SIGNALING

REACTIVE OXYGEN SPECIES PATHWAY

P53 PATHWAY

ADIPOGENESIS
PANCREAS BETA CELLS

ALLOGRAFT REJECTION

MITOTIC SPINDLE

MTORC1 SIGNALING

MYC TARGETS V1

MYC TARGETS V2

UV RESPONSE DN

UV RESPONSE UP

WNT BETA CATENIN SIGNALING

IL2 STATS SIGNALING

IL6 JAK STAT3 SIGNALING
INFLAMMATORY RESPONSE
KRAS SIGNALING DN

KRAS SIGNALING UP

BILE ACID METABOLISM
CHOLESTEROL HOMEOSTASIS
ESTROGEN RESPONSE LATE
FATTY ACID METABOLISM
ERFEROM ALPHA RESPONSE
RFERON GAMMA RESPONSE
XENOBIOTIC METABOLISM

Encoder

ESTROGEN RESPONSE EARLY

UNFOLDED PROTEIN RESPONSE

EPITHELIAL MESENCHYMAL TRANSITION

Grouping | Random, GO BP, MSigDB hallmarks, Clustering

Pathways affected in cervical cancer X Gene expression, methylation, siRNA, etc.
e.g., TCGA cervical cancers

Beaude, A., Rafiee Vahid, M., Augé, F., Zehraoui, F., & Hanczar, B. (2023).
AttOmics: attention-based architecture for diagnosis and prognosis from omics data. Bioinformatics, 39(Supplement_1), i94-i102.



CrossAttomics: Feeding the model all omics at once

UC

CrossAttention g/A=amdes
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Beaude, A., Augé, F., Zehraoui, F., & Hanczar, B. (2025).
CrossAttOmics: multiomics data integration with cross-attention. Bioinformatics, 41 (6): btaf30239.



Cell2Sentence: gene names as token

Input single-cell data Cell2Sentence and LLM fine-tuning Generate cell sentences via prompting Generated single-cell data
-
285 L ?= ’..: atts
.'-:.-.‘ﬁ%:' L] . 2unte "CD4+ T-cell in Human PBMC CD3E CD4 IL2RA ... IFNG [MASK]" Model Input: "T-cell in multiple sclerosis"
e » i "CD8+ T-cell in Breast Cancer CD8A GZMB PRF1 ... PD1 [MASK]" Mo CD3E CDA IL17A NG
" . " odel Output: "
Monocyte in Lupus CD14 CCR2 TNF ... IL6 [MASK] —» TNF RORC TBX21 CCR6 CXCR3 STAT3 5
"Hepatocyte in liver tissue ALB CYP3A4 CYP2ET ... AFP [MASK]" STAT4 FOXP3 GATA3 TIGIT PD1 CTLAZ
i ICOS CD28 CD25 CD127 IL2 IL7R IL12RB1
"Beta Cell in Type 1 Diabetes INS PDX1 GCK ... GLUT2 [MASK]" IL23R CD69 CD44 ..

AR RRIRRRRRRN RN RNRRRRRNRNTy,

™
J

. What cell is this:
Levine et al (2024). Cell2Sentence: Cell Type Ge:e'l%e:\ye&eclisenelg

Teaching Large Language Models - Prediction | Genew GeneD GeneP ..
the Language of Biology. BioRxiv .
https://doi.org/10.1101/2023.09.11.557287
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Perturbation | How will this cell respond ' GeneQ GeneX GeneW ° DS
aft :

; e
response to anti-PD-17 E—— P N
Sradiction {;/”;} @ GeneS GeneD ... Q(ﬁ%lg
@ L&\,_——\ . 7 B
Congglilcmal ggréirgrti:”-pancreatlc C 2 S _‘/. gzg:ﬂ%ir:_l?EGeneF Gen/e_\
Rizvi et al (2025). Scaling large language models Generation ﬂ | )]
for next-generation single-cell analysis. BioRxiv J

https://doi.org/10.1101/2025.04.14.648850

Question | GeneT GeneA GeneS ...
Answering | Q: How are tissue-resident

ij 3 memory CD8+ T cells

A: Tissue-resident memory
CD8+ T cells in the gut express
GeneS, GeneM, and GeneA,
allowing them to adapt to the
intestinal microenvironment.

%

A

= adapted by the intestinal
(== sl

—=" | environment?

(RTRTIR LRI R RRTE TR ]




Graph neural networks |



G0:0008150

biological process

[ boosser |

cellular process

T

metabolic process

G0:0009058

biosynthetic process

G0:0044281

small molecule
metabolic process

G0:0044238

primary metabolic
process

G0:0044283

small molecule

GO0:0016051

carbohydrate

G0:0005975

carbohydrate
metabolic process

G0:0005996

monosaccharide

process|

process|

process

Most biological knowledge comes as graphs
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Graph Neural Networks (GNNSs)

Convolutional
Neural Networks
(image recognition)

(7 \Q

-

O
3 /Q
O0O0COC

number of neighbours)
Homogeneous kernels

IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 20, NO. |, JANUARY 2009 6l

The Graph Neural Network Model

Franco Scarselli, Marco Gori, Fellow, IEEE, Ah Chung Tsoi, Markus Hagenbuchner, Member, IEEE, and
Gabriele Monfardini

«——— ‘Node’ or ‘vertex’

“ ‘Link’ or ‘arc’

Any number of neighbours
Information passed from
neighbours depends on contexts
and positions.



GNN can be heterogeneous

Building Training Explanation

Genotypes Methylomes
GWAS ]
Catalog Transcriptomes
EFO KEGG STRING
MONDO Reactome T2D
Obesity

MASLD




GNN insights can be subgraphs

)

Insights from GNN

— cluster-specific
molecular and ontology
subgraphs

)

Training objective
- disease clusters




Many different ways to update GNNs

Can be message passing (MLP)




Many different ways to update GNNs

Can be message passing (MLP),
attention-based




Many different ways to update GNNs

Can be message passing (MLP),
attention-based, convolutions, etc.




What can we do with GNN?

Toxic

Graph

Node classification | classification

Node clustering l

Source: Understanding Convolutions on Graphs
https://distill.pub/2021/understanding-gnns/

See also: A Gentle Introduction to Graph Neural Networks
https://distill.pub/2021/gnn-intro/

Link prediction | Influence maximisation | ) Both by Google Research teams




Metabolites-disease association

Briefings in Bioinformatics, 2022, 23(4), 1-11

https://doi.org/10.1093/bib/bbac266
OXFORD Advance access publication date: 12 July 2022

Problem Solving Protocol

A deep learning method for predicting
metabolite-disease associations via graph neural
network

Feiyue Sun, Jianqiang Sun and Qi Zhao@
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Gene-disease associations

Bioinformatics, 2023, 39(8), btad482
https://doi.org/10.1093/bioinformatic s/btad482
Advance access publication 2 August 2023

Original Paper
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Systems biology

XGDAG: explainable gene-disease associations

via graph neural networks

Andrea Mastropietro © *, Gianluca De Carlo ® , Aris Anagnostopoulos
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Gene expression data are graph signals of the molecular network
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Explaining decisions of graph
convolutional neural networks: patient-
specific molecular subnetworks responsible
for metastasis prediction in breast cancer

Hryhorii Chereda', Annalen Bleckmann?, Kerstin Menck?, Julia Perera-Bel3, Philip Stegmaier?
Florian Auer®, Frank Kramer®, Andreas Leha® and Tim BeiBbarth!”” ®

,

Genome Medicine

Open Access



[ Some warnings J




Al is not infallible

Generative Al systems hallucinate;
a consequence of their very versatility.

Al models are not perfect;
training sets are incomplete,
biased, contextualised — poor generalisation

Apprentissage Génération
855 82.93 m Online
T 8 = Local
w0 82.44 I 7027 7951 19.02 mm Both %
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Training sets
contain mistakes



Al can be biased

The learning sets are

unbalanced
(How can obesity be easily
predicted with 90% accuracy?)

Learning sets are not
representative
of the real-world context




Equity of access to healthcare

Models may not Using models
be available for all can be costly

Model usage and

_ _ interpretation of results
Models may require data that is may depend on context

difficult to collect e.g. practitioners



Al Is a fantastic tool that improves
on existing approaches and
opens up new avenues for

the prediction, screening, diagnosis,
and treatment of various conditions.

However, it must be used
In a controlled and careful manner...

...Just like all other healthcare tools!
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