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What is an
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All inputs can be independent and everything connected to everything

Multi-Layer Perceptrons (MLP)
or Dense neural networks (DNN)
made of Fully Connected layers (FC)




Learning with
backpropagation R
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We can detect local features by linking neighbouring inputs
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Encoder networks can embed information in a latent space
Decoder networks can reconstruct the information from it
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AutoEncoders can train themselves unsupervised
Variational AutoEncoders learn mean and std distributions
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Generative Adversarial Networks learn by trying to deceive themselves

Latent space

o y Generated fake
o samples
o =] H\ 1
L] y | i Is D
2 Generator(G) g Wegt
" Discriminator(D)
Real 'II'
samples

Fine-tuning




Time series and sequences of variable lengths
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Time series and sequences of variable lengths

i - “The quick brown fox jumped
: R
Speech recognition W over the lazy dog.”

. . @ _. 5 | I
Music generation — ‘1‘_‘{_'_

R""--—--'_?_

: e ; “There is nothing to like
Sentiment classification in this movie. WY

DNA sequence analysis  AGCCCCTGTGAGGAACTAG — AGCCCCTGTGAGGAACTAG

Machine translation Voulez-vous chanter avee _— Do vou want to sing with
moi? me?
i i i 3 -3 TN L " .
Video activity recognition —_— Running
Name Ent-it"f I'Eﬂﬂgl'lit.lﬂn Yesterday, Harry Potter — Yesterday, Harry Potter
met Hermione Granger. met Hermione Granger.

Andrew Ng



Recurrent Neural Networks: successive inputs are not independent
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RNN: 1 cell (here, 1 neuron)
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RNN: 1 cell - unfolding

y(1) y(z) y(g) We can output
another series, e.g,

transcription,
_‘ —‘ —‘ translation,

conversion.
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RNN: 1 cell - unfolding

No feedback
y( ) to the model y(2) y(g)
h<1> h(z) h<3>

@* @* @*

x(l) $(2) 5’7(3)



RNN: 1 cell - unfolding

Y(3)
We can predict only the last output, A
e.g., plug an MLP for a classification
based on a whole series.




Stacked RNNSs
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Stacked RNN
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Several RNNs may learn different patterns in parallel
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Learning by backpropagation in time
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Current Opinion in Neurobiology

Lillicrap and Santaro (2019) Backpropagation through time and the brain. Curr Op Neurobiol, 55:81-89




Exploding and vanishing gradients

E.g.: activation function = ReLU
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Solution: Long Short-Term Memory (LSTM)

Hadamard product

Memory 4 i@ R C
Cy_ -© - -
t—1 3 @ Next time-point
For?et I"pt": Candidate Output
9: e 9? memory 1 gate
- o 2 o E tanh O: o Next ti int
: ext time-poin
Hidden state J j J J "t H p
H r t
\_ o
| v
Input X, H,; Nextlayer

Hochreiter and Schmidhuber (1997) Long short-term memory. Neur Comput, 9(8):1735-1780

Source: Ottavio Calzone (2002) An Intuitive Explanation of LSTM. https://medium.com/@ottaviocalzone



Solution: Long Short-Term Memory (LSTM)
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Solution: Long Short-Term Memory (LSTM)
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Solution: Long Short-Term Memory (LSTM)

Memory
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Solution: Long Short-Term Memory (LSTM)
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LSTMSs for Encoder-Decoder
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Example in bioinformatics

Briefings in Bioinformatics, 22(6), 2021, 1-9

https://doi.org/10.1093/bib/bbab228
Problem Solving Protocel

LSTM-PHYV: prediction of human-virus protein-protein
interactions by LSTM with word2vec

Sho Tsukiyama, Md Mehedi Hasan, Satoshi Fujii and Hiroyuki Kurata
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Example in clinical setting

International Journal of Infectious Diseases

Contents lists available at ScienceDirect

INTERNATIONAL
SOCIETY

FOR INFECTIOUS
DISEASES

journal homepage: www.elsevier.com/locate/ijid

Long-short-term memory machine learning of longitudinal clinical )

data accurately predicts acute kidney injury onset in COVID-19: a

two-center study
Justin Y. Lu, Joanna Zhu, Jocelyn Zhu, Tim Q Duong*

Department of Radiclogy, Montefiore Medical Center, Albert Einstein College of Medicine, New York, USA A
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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 network architecture, the Transformer,
based solely on attention mechanisms. dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models o
be superior in quality while being more parallelizable and reguiring significantly
time to traim. Our model achieves 28.4 BLEL on the WMT 2014 English-
jerman translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 hnﬁ!h‘-h to-French translation I..L‘-L.
our model establishes a new single-model state-of-the-art BLEU score of
wraining for 3.5 days on eight GFUs, a small fraction of the training costs
best nmd.cl_-. rom the literature.

1 Introduction

Recurrent neural networks, long short-term memory [12] and gated recurrent (7] neural networks
in particular, have been firmly C‘l.lh]l‘.hcd as state of the art approaches in sequence modeling and
transduction probl such a: ling and machine translation h Numerous
effarts have ﬂmc 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-atention 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 work. Noam proposed scaled dot-product sttention, multi-head
attention and the Free position ,. n 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 umnh p.mn:l .u\d
implementing tensorMensor, replacing our earlier codebase, greatly imyg results and i
our research.

"Work performed while at Google Brain.

FWork performed while i Google Research.

3lst Conference on Neural Information Processing Systems (WIFS 2017), Long Beach, CA, USA.

The paper that changed everything:
the Transfomer
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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
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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 seguen,
transduction problems such as langu; and machine translation [29 Numerous
efforts have since continued to push the bound of recurrent language models and encoder-decoder
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The Transformer: Memory + context = attention
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The Transformer: Memory + context = attention

Residual connections
and layer normalizatjon _
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Attention In the Transformer
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Attention In the Transformer

Scaled Dot-Product Attention
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Attention In the Transformer

Scaled Dot-Product Attention
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d = dimension
of embeddings

n = #tokens

Attention In the Transformer
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Attention In the Transformer

Y1 | Y2

Y3

P Wyt —DL V1

—‘Am A1

LER

p Wy = V2

—-A12 [ A22

A32

P Wy3 —D‘- V3

—TA1.3 A3

A3z

X1 == W1 = Kj

| sol’?ax |

.—iEm E2 1

E3 1

X2 F— Wg2 9 K

—p-E12 [ E22

E32

Self-Attention Layer
Input vectors: X (shape Nx x Dyx)
Key matrix: (Shape Dy x Dg)
Value matrix: Wy (Shape Dy x Dy)
Query matrix: W (Shape Dy x Dg)

Query vectors: () = X1V, (Shape Nx x Dg)

Key vectors: i = X (Shape Nx x Dg)

Value vectors: IV = X TV (Shape Nx x Dy)

Similarity Function: scaled dot product

Similarities: £ = @) (shape Nx x Nx), E;j = Q; - /\/Dfﬂ?
Attention weights: A = softmax(E, dim = 1) (shape Nx x Nx)
Output: V" = AV (shape Nx x Dy)where ), = Zj(Ag,j, Vi)

X3 p=—p Wg3 = K3

B33

—LE: E23
- 4

Q1| Q2
R
Wq1 Wgq2
A A

Q3

-

WQ3
A

t

\
The attention of all token embeddings

on all token embeddings

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

Source: https://erdem.pl/2021/05/introduction-to-attention-mechanism




Self versus cross-attention
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Self versus cross-attention
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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.
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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.



EnzBERT

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
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For embedding
at position
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N
—
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[
0 MSMQEKIMRE LHVKPSIDPK QEIEDRVNFL KQYVKKTGAK GFVLGISHEEQ ESTLAGRLAQ LAVESIREEG GDAQFIAVRL PHGTQQDEDD AQLALKFIKP

Aggregated attention
for each token (amino acid)

L
1 DKSWKFDIKS TVSAFSDQYQ QETGDQLTDF NKGNVKARTR MIAQYAIGGQ EGLLVLINNEE MABAVTGFFT KYGDGGADLL PLTGLTKRQG RTLLKELGAP

2 ERLYLKEPTA DLLDEKPQQS DETELGISHD EIDDYLEGKE VSAKVSEALE KRYSMTEHKR QVPASMFDDW WK



Input single-cell data

Cell2Sentence

Cell2Sentence and LLM fine-tuning

Levine et al (2024). Cell2Sentence:
Teaching Large Language Models

the Language of Biology. BioRxiv
https://doi.org/10.1101/2023.09.11.557287

"CD4+ T-cell in Human PBMC CD3E CD4 IL2RA ...

"CD8+ T-cell in Breast Cancer CD8A GZMB PRF1 ...

IFNG [MASK]"
PD1 [MASK]"

"Monocyte in Lupus CD14 CCR2 TNF ... IL6 [MASK]"

"Hepatocyte in liver tissue ALB CYP3A4 CYP2ET ...

AFP [MASK]"

"Beta Cell in Type 1 Diabetes INS PDX1 GCK ... GLUT2 [MASK]"

/Slngle cells & multi- cells\

@®®
©0®
OJIIC)

\ 800+ datasets, 57+ million cells /

@

(® cps+Tcell }
% Lung tissue
\

Biological annotations

=

Drug
perturbation

/

Textual information

_BBaBE

=

Generate cell sentences via prompting Generated single-cell data

Model Input: "T-cell in multiple sclerosis"

Model Output: "CD3E CD4 IL17A IFNG
—» TNF RORCTBX21 CCR6 CXCR3 STAT3
STAT4 FOXP3 GATA3 TIGIT PD1 CTLA4
ICOS CD28 CD25 CD127 IL2 IL7R IL12RB1
IL23R CD69 CD44 .."

—>

[ Cell generation

Single-cell

@ IGKV4 MALAT ...
NS

: Multiple cells
1
|

©0@®

J

Label prediction
@ Most probable cell type : Monocyte

4 Perturbation prediction

Based on control cell @ , perturbed
cell expression will be:

@ CD74 MALAT1 MT-CO1...

N\

( Generate insights

(N

‘Q‘ This single-cell data likely represents...

7




Vision Transformer

Z4
Classifier 1 MLP
¥ i,:[rar'ns.fnrmer Encoder Modul-ﬂ
{ } L [ Layer Norm (LN) ]
Patch + position embedding F
z Multi-Head Self
gonsos s =soslas) I~
1+ 1
Linear projection of flattened patches
Layer Norm (LN}
| | 1
[ Embedded patches
(Zy)

Published as a conference paper at [CLR 2021

AN IMAGE 1S WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE

Alexey Dosovitskiy™!, Lucas Beyer”, Al K
Xiaohua Zhai*, Thomas Unterthiner, M fa Dehghani, M
Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil Houlshy*:!

*equal technical contribution, fequal advising

*, Dirk Wei n°,

CNN = local features
VIiT = relations between distant features

Google Research, Brain Team
{adusuvltskiy, nellhoulsby}@qoogla .com

-~

FC ]
i
[ GeLU } 2 :

; Scale I

& & F 1 3 F 9 & & r
Linear Linear Linear MatMul
F 3 F 3 L F 5 T t
o Q K V 3
\_Q 5 b F

source: https://doi.org/10.1155/2022/3454167



Patches are embedded by CNNs
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Krizhevsky A, Sutskever |, Hinton GE (2012)

ImageNet Classification with Deep

Convolutional Neural Networks

https://proceedings.neurips.cc/paper/2012/file/
€399862d3b9d6b76c8436e924a68c45b-Paper.pdf input

(presenting AlexNet, the first Deep Convolutional Network) Image 1



https://proceedings.neurips.cc/paper/2012/file/

VITs are replacing vanilla CNNs

Meningioma
Glioma - « MLP
Pituitary Tumor

brain cancer

AAAAAAAAA

Patch + Position
Embedding

... Linear Projection of Flattened Patches
T 1 EENNEANEN

Class e Vision Transformer (ViT) i
LUAD _— 7 ;
s lung cancer
1

MEnieddng Hllllllllll

[ —— J :

Vision Transformer (ViT) '
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Non invasive # Step 5 i

Normal I
Transformer Encoder Ste'la 4

I
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lung cancer 11 ljmrm?!:dt 111
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MLP: Multilayer Perceptron
F: Flatten layer
BN: Batch Normalization layer
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§ different clases
\
Transfonmer Encoder
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Graph Neural Networks (GNNSs)

source: https://blogs.nvidia.com/blog/what-are-graph-neural-networks/

7

1. Sample neighborhood 2. Aggregate feature information 3. Predict graph context and label
from neighbors using aggregated information

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



GNN can be heterogeneous

L blocks :
- Explanation subgraph centered
|npUtS are gene eXpreSSIOnS o VB el \a’ief—- ” ot on the most important genes and
098" i “qo\\;}_‘:g-é'bo\-\ W\ Mg Reaﬁo__ their influential neighbors
el Q=" cot= Yo e

Prediction

B 3 " .

Gene ontology O
_.—Pathways A
& \r
=~
Auxili by hi .
?- i
x : T ; . g 3 . }'\J"jnt‘“ {U} ;
“_ ‘_ . : : S -t_ i lT'.\
N, F : L0 ) 14
: i =1 CG-GO )
+1 .1..
:.. ,:l“ target node
el ¢ . g ) BRI
Central subgraph Niwralv) © hy' W, g

BioHAN: a Knowledge-based Heterogeneous Graph
Neural Network for precision medicine on
transcriptomic data
Victoria Bourgeais, Farida Zehraoui, Blaise Hanczar https://hal.science/hal-04092210/
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Many different ways to update GNNs

Convolutional

X

source: https://blogs.nvidia.com/blog/what-are-graph-neural-networks/

Attentional
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m
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Example of GNN convolution

A B C D
e /C\ _2 0 O 0_ A _O 1 1 0- 2
0 2 0 0| B 1 0 1 0 —1
— — I, =
;X \ P=10 0 3 olc 7|1 1 0 1 —1
& 00 0 1]D 00 1 0 0
Degree matrix Adjacency matrix

2 -1
-1 3

Laplacian matrix

NB: undirected graph - all matrices are symmetric

This could be different for a directed graph

Convolutional Neural Networks on Graphs
with Fast Localized Spectral Filtering

Michaél Defferrard Xavier Bresson Pierre Vandergheynst

EPFL, Lausanne, Switzerland
{michael.defferrard,xavier.bresson, pierre. vandergheynst}@epfl. ch

30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.




Example of GNN convolution

A B C D L=D-A
YR _2 0 O 0_ A _O 1 1 0- 2 _1 _1 O
B—C lozooe ,[to1o p_|-1 2 -1 o0
j\ |10 0 2 ofc |1 1 01 -1 -1 3 -1
@ U 000 1]D 0 0 1 0 0 0
Degree matrix Adjacency matrix Laplacian matrix
identity matrix influence from influence from neighbours and

no influence from neighbours  immediate neighbours

v

Convolutional Neural Networks on Graphs

with Fast Localized Spectral Filtering /
' = py(L)x
Michaél Defferrard Xavier Bresson Pierre Vandergheynst
EPFL, Lausanne, Switzerland w — [wo ) wl ) w2 9 seey wk]

{michael.defferrard,xa\rier.bressan,pierre.vandergheynst}@epfl. ch
30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

neighbours of neighbours
Pw(L) = wol +wy L + wol? + ... + wp LF

kernel de convolution
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layer 1

Example of GNN convolution

D only influences C
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w =[1,0.1,0.01] 1{

layer 1

N

Example of GNN convolution
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Graph Neural Networks (GNNSs)

GNNM Layer GNN Layer
o s e = Ty
@ @
o @ —p  ®
xv . X . | »
@ ®
Input : Du_l_put Layer g Output

@ o e ﬁ.u.cﬁ'n.-'alif.‘l:n .Pu;cti'l.ratio\n 5 1\\\ - i
* | e -
Y & .'—I‘: 'I . 4.{_/-—'- ._... /:_._'"_._ \:/:,:?E _-__'- @ ® .
@ | A % } : /J;) : Tl
e @
3 e .--"‘;. .I\,__ _../'.I

N

NB: GNNs generally comprise 3 embeddings that are updated at each iteration,
I.e nodes (vertices), edges, and graph



.

Node classification

Toxic

Graph

classification Node clustering

Link prediction

Influence maximisation | )

GNNs: What can we do?

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/

Both by Google Research teams



AlphaFold2
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| Pair Pair | 3D struct
@—b || representation, —= — _ | |representation | ——p RPN
; {r.re) (r.r.c) |
b 4 e
database
search
Templates
{ « Recycling (three times)
Highly accurate protein structure prediction
with AlphaFold
https://doi.org/101038/s41586-021-03819-2  John Jumper'**, Rlchard Evans', Alexander Pr|i§zel“,Tim Gl;e‘en"‘, Michael Fig:rnov"‘, ~903 m||||0n param eters (We|ghts+b| ases)
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AlphaFold2: evoformer

48 blocks (no shared weights)

MSA

@[
% \ representation
R

(s.r,c)

/

between residues

of one sequence

attention
with pair

bias \
A

MSA

sition

Transformers+GNNSs

between sequences
of the MSA

Triangle Triangle

self-

Triangle Triangle

Pair update u -
. y, P : pqate attention Tran-
representation using using o
(r,r,c) outgoing incoming el sl
i s s starting ending
\ = 9 node node
Pair representation Corresponding edges Triangle multiplicative update Triangle multiplicative update Triangle self-attention around Triangle self-attention around
{rr.c) in a graph using ‘outgoing’ edges using ‘incoming’ edges starting node ending node
LS 1/ ”
| ; =)
i - ij \
e (4{ 3} 2 L
a

see also: https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

representation
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Pair
—  representation
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Row-wise attention: between residues of a sequence

Pair Rowwise Attention: CASP14 target T1082

Layer O = local contacts

a residue index = 14 residue index = 28 residue index = 20 mean over residue indices d Predicted CA-CA distances
14 28 80 14 28 80 14 28 80 14 28 80 14 28 80
—0.25
14 S

recycle = 0, 0.20
layer = 0, 28 015
head = 0 e
0.10
80 0.05

Head 2 of layer 2 - o o -y
. . . residue index = 14 residue index = 28 residue index = 20 mean over residue indices

recognlses d|SU|ph|de 14 28 80 : 14 28 80 14 28 80 ; 14 28 80

bonds recycle = O,;:

layer = 2,
head = 2

80

At layer 11, heads

recog N |Se c lrﬁsi_g;;e index = ég lrisizc:;e index = ;‘g {gsigge index = gg e e residue iggices
distant contacts & '
recycle = 0,
layer = 11, %8
head =1
Source:
80

AlphaFold2 paper
supplementary info




RNNs are back. Rise of the Mamba

“Attention” = embedding size x input length
— linear growth with input length
(not quadratic like transformers)

Prediction/classification

e -l
! wWeight

.....

g====, tis

Element-wise
multiply

(@) Non-linearity

SSM = State Space Model

Gu and Dao (2023) arXiv:2312.00752:
Schiff et al (2024) arXiv:2403.03234

ACCCTACCATATCCATAACCTCACTCAT...

CJ

Sagquence
transform

Linear
proi.

The model
learns about
variants’
Interactions

— Reusable
foundation
model
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Hauts-de-France Functional (Epi) ics and Mechanisms of Type 2 Diab
and Related Diseases
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