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Fundamental Principles underlying 
Deep Representation Learning 

architectures



Symmetry



“Symmetry, as wide or as narrow as you may 
define its meaning, is one idea by which man 
through the ages has tried to comprehend and 
create order, beauty, and perfection”

H. Weyl 1952

H. Weyl



PlatoPlatonic solids J. Kepler

συμμετρία

“On the six-cornered 
snowflake”

~370 BC 1611



Euclid

“In a plane, given a line and a 
point not on it, at most one line 
parallel to the given line can be 
drawn through the point”

Euclidean geometry

~300 BC



End of Euclid’s Monopoly

J. V. Poncelet

1822
N. Lobachevsky

1826
C. F. Gauss J. Bolyai

1832 1856
B. Riemann



19th Century Zoo of Geometries



The Erlangen Programme

F. Klein

“Given a [homogeneous] 
manifold and a 
transformation group acting 
[transitively] on it, to 
investigate those properties of 
figures on that manifold 
which are invariant under 
transformations of that 
group” 1872



The Erlangen Programme

AffineEuclidean Projective

angle
distance

area
parallelism

intersection
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F. Klein

Group Theory

S. LieE. Galois

Mon cher ami — Galois’ last letter 
written on the night before his duel

1832



Noether’s Theorem

E. Noether

1918

“Every [differentiable] 
symmetry of the action of a 
physical system [with 
conservative forces] has a 
corresponding conservation 
law”



Gauge Invariance

H. Weyl

1929
R. L. Mills

1954
C. N. Yang





“It is only slightly overstating the case to say that 
Physics is the study of symmetry”

Anderson 1972

P. Anderson
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REVOLUTION IN DATA SCIENCE



20th Century Zoo of Neural Network Architectures



The Erlangen Programme of ML

Geometric Deep Learning





www.geometricdeeplearning.com



{cat,dog}

Supervised ML = Function Approximation



+

1 " = $%&'

$'
$(

$%

) = sign ./0

Perceptron: the simplest neural network
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Perceptrons
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Universal Approximation

Cybenko 1989; Hornik 1991; Barron 1993; Leshno et al 1993; Maiorov 1999; Pinkus 1999

“A 2-layer perceptron can approximate 
a continuous function to any desired 
accuracy”
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The Curse of Dimensionality
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2-dimensional

The Curse of Dimensionality



3-dimensional
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The Curse of Dimensionality
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The Curse of Dimensionality



input image input vector
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Computer Vision



must learn shift invariance from data!
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Computer Vision

input image input vector



Fukushima 1980

LeCun et al. 1989

Hubel, Wiesel 1962;              1981

Computer Vision



energy U = ?

Beyond Grids



energy U = ?

Beyond Grids



Social networks Interaction networks

Functional networksMeshes

Molecules
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Geometric Priors
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Geometric Priors
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Symmetry Prior
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Invariant functions: Image Classification
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Equivariant functions: Image Segmentation



Invariant Representations
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Problem with Invariant Representations

Original Rotate whole Rotate parts

Hinton et al. 2011
loose critical information!

To recognise whole we must recognize parts. Relative 
positions of parts are important.

—Hinton



Geometric Deep Learning Blueprint



Translation Equivariance in CNNs

⋆ =



Translation Equivariance in CNNs

⋆ =



Rotation Equivariance in CNNs

input feature map stabilised viewinput

no rotation equivariance!



Rotation Equivariance in Group CNNs

input feature map stabilised viewinput

rotation equivariance!



Input space

Equivariance as Symmetry-Consistent Generalisation
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Feature space

Input space

This cannot happen!
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Equivariance as Symmetry-Consistent Generalisation
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Feature space

Input space

Equivariance as Symmetry-Consistent Generalisation
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no global translation!
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Aut Ω

(

shift

distortion
automorphisms 

= bijections on Ω

translations

Geometric Stability



! "#$ − ! $

“Dirichlet energy”

“deformation insensitivity”

stability under 
deformation

≤ ' ∇) * $

Geometric Stability

Bruna, Mallat 2012



generalization of shift invariance

! "#$ − ! $ = 0
Shift ( ) = ) − *
∇( = 0

Geometric Stability

Bruna, Mallat 2012



Ω

" Ω

# $%
" &Ω

coarse 
graining

'

&Ω

(#)% )$

Scale Separation Prior
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Scale Separation Prior

coarse 
graining



Geometric Deep Learning Blueprint



Groups GraphsGrids Geodesics & 
Gauges

The “5G” of Geometric Deep Learning



Homogeneous 
spaces

Graphs & SetsImages & 
Sequences

Manifolds, Meshes & 
Geometric graphs

The “5G” of Geometric Deep Learning



Perceptrons
Function regularity

CNNs
Translation

Group-CNNs
Translation+Rotation, 

Global groups

GNNs
Permutation

Intrinsic CNNs
Isometry / Gauge choice

DeepSets / Transformers
Permutation

LSTMs
Time warping



Popular architectures as instances of GDL Blueprint

Architecture Domain Ω Symmetry Group "
CNN Grid Translation
Spherical CNN Sphere / SO(3) Rotation SO(3)
Intrinsic / Mesh CNN Manifold Isometry Iso(Ω) /

Gauge Symmetry SO(2)
GNN Graph Permutation Σ-
Deep Sets Set Permutation Σ-
Transformer Complete Graph Permutation Σ-
LSTM 1D Grid Time warping



GRAPHS



Social networksMolecules Interactomes

Graphs = Systems of Relations and Interactions



social network

Graphs



social network

node   !

edge !~#

#

graph

Graphs
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node feature $%

graph

Graphs
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node feature $%

graph
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arbitrary ordering of nodes

Key Structural Properties of Graphs
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Key Structural Properties of Graphs
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Feature 
matrix "×$

arbitrary ordering of nodes
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Adjacency 
matrix "×"

1

Key Structural Properties of Graphs
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Adjacency 
matrix /×/

Feature 
matrix /×1

arbitrary ordering of nodes

Key Structural Properties of Graphs
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Feature 
matrix /×1

Adjacency 
matrix /×/

arbitrary ordering of nodes
/! permutations

Key Structural Properties of Graphs
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+ ,, .graph function

Invariant Graph Functions
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Invariant Graph Functions
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permutation-invariant
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Invariant Graph Functions
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+ ,, .node function

Equivariant Graph Functions
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+ ,, .node function

Equivariant Graph Functions
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Equivariant Graph Functions



Graph Neural Networks



Graph Neural Networks



History of Graph Neural Networks according to Machine Learners

M. Gori

Graph Neural Networks

2005, 2008

A. Sperduti

Labeling RAAM

1994

C. Goller

Backprop through structure

1996

A. Küchler F. Scarselli

Gated GNN

2015

Y. Li



History of Graph Neural Networks according to Graph Theorists

K. Xu

GIN

N. Shervashidze

Weisfeiler-Lehman kernels

2009

K. Borgwardt C. Morris

k-GNN

2019
Provably powerful GNN

H. Maron



Weisfeiler, Lehman 1968; Ponomarenko 2018 (history)

Weisfeiler-Lehman Test

B. Weisfeiler

1968

A. Lehman



History of Graph Neural Networks according to Chemists

D. Duvenaud

Molecular fingerprints

2015

D. Kireev

ChemNet

1995

I. Baskin

Neural descriptors

1997

C. Merkwirth J. Gilmer

MPNNs

2017
Molecular graph net

2005
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A General Blueprint for Constructing Graph Functions



!" = $: &~$ or $~&
neighbourhood

*+∈!-.!- = *+∈!-

&multiset of 
neighbour features

A General Blueprint for Constructing Graph Functions
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(multiset of 
neighbour features
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ϕ

local function

A General Blueprint for Constructing Graph Functions
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local function

A General Blueprint for Constructing Graph Functions
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permutation invariant

local function

A General Blueprint for Constructing Graph Functions



permutation invariant
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local function
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A General Blueprint for Constructing Graph Functions
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permutation equivariant

A General Blueprint for Constructing Graph Functions



permutation-invariant 
aggregation operator, e.g. sum

learnable 
functions

! "# =

new feature of 
node %

ϕ "#, (#)ψ ")ψ ")
+ ∈ -#

”Flavours” of Graph Neural Networks



“convolutional”

ϕ "#, %#&ψ "&
( ∈ *#

importance of node ( to
the representation of +

, "# =

Defferard et al. 2016; Kipf, Welling 2016 (GCN)

”Flavours” of Graph Neural Networks



“attentional”

! ∈ #$
ϕ &$, ( &$, &) ψ &)+ &$ =

Monti et al. 2017; Veličković et al. 2018 (GAT)

”Flavours” of Graph Neural Networks



“message passing”
! ∈ #$

ϕ &$, ψ &$, &)* &$ =

Gilmer et al. 2017 (MPNN); Battaglia et al 2018; Wang et al. 2018

Message Passing



“message passing”
! ∈ #$

ϕ &$, ψ &$, &)* &$ =

Gilmer et al. 2017 (MPNN); Battaglia et al 2018; Wang et al. 2018

Message Passing
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graph

Special Cases of GNNs



node   !

edge !~#

graph

#

set

Special Cases of GNNs
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DeepSets

Zaheer et al 2017; Qi et al 2017
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complete graph

Transformers
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! = 1
ϕ %&, ( %&, %) ψ %)

+
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Transformers

Vaswani et al. 2017



! = 1
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positional encoding

&

Transformers

Vaswani et al. 2017

ϕ (), + (), (,, -), -, ψ (,



ϕ "#, ψ "#, "&, '#ψ "#, "&, '#
( ∈ *#

structural encoding

+ 2 triangles

,1 triangle

1 4-clique

0 4-cliques

Graph Substructure Network

Bouritsas, Frasca et B 2020



Molecule of caffeine

Molecule property prediction on ZINC 
using GSN with k-cycles 

Graph Substructure Network

Bouritsas, Frasca et B 2020



ϕ "#, ψ "#, "&, '#

(

ψ "#, "&
) ∈ +#

,

decouple computational graph
from the input graph 

new graph

sampling

rewiring

multi-hop 
filters

Hamilton et al 2017; Klicpera et al. 2019; Alon & Yahav 2020; Frasca, Rossi et B 2020



learnable task-
specific graph

Wang et B 2018; Franceschi et al. 2019; Kipf et al. 2020; Kazi, Cosmo et B 2020; Cranmer et al. 2020

Latent Graph Learning



learnable task-
specific graph

graph computed on 
the fly & updated 

between layers

layer 1 layer L

Wang et B 2018; Franceschi et al. 2019; Kipf et al. 2020; Kazi, Cosmo et B 2020; Cranmer et al. 2020

Dynamic Graph CNN



Supervision 
signal

geometric
(local structure)

semantic

Wang et B 2018



intrinsically low-dimensional 
data in a high-dimensional space

Manifold Learning



1. Represent data 
structure as a graph

2. Compute low-
dimensional embedding

3. Apply ML

intrinsically low-dimensional 
data in a high-dimensional space

Manifold Learning



intrinsically low-dimensional 
data in a high-dimensional space

1. Represent data 
structure as a graph

2. Compute low-
dimensional embedding

3. Apply ML1. Represent data structure 
as a graph apply ML 
directly on the graph

Manifold Learning 2.0



GRIDS



grid = ring graph periodic b.c.

Grids vs Graphs



fixed neighbourhood structure

! !+1!-1

Grids vs Graphs



! !+1!-1

fixed neighbourhood structure

Grids vs Graphs



!"#$, !"&$

' '+1'-1

local aggregation function

) !" = ϕ !", !"#$, !"&$

Grids vs Graphs



! !+1!-1

# $% = ϕ $%(), $%, $%+)
local aggregation function

Grids vs Graphs



! !+1!-1

linear local aggregation function

# $% = '$%() + +$% + ,$%-)

Grids vs Graphs



circulant matrix = convolution
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Deriving Convolution from Symmetry
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Deriving Convolution from Symmetry
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Deriving Convolution from Symmetry
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shift-equivariant⟺
convolution emerges from translation symmetry

Deriving Convolution from Symmetry
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. . .

commuting matrices are jointly

*)*' ⋯

*'∗

*)∗
⋮

diagonalisable

same eigenbasis for all 
convolutions

different eigenvalues 
for each convolution

by eigenvectors of .

Deriving Fourier Transform from Symmetry
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# . .

. &θ( .

. . &θ)

. . &θ*
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Fourier basis

Fourier transform
/0 = 1∗0

by Fourier Transform

0

+2 =
1
4

1
56
)7
* 2
⋮

56
)7
* *8( 2

commuting matrices are jointly
diagonalisable

Deriving Fourier Transform from Symmetry
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Circulant matrix

Element-wise product

DFT
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IDFT
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Reminder: Euclidean case

• Convolutions commute

• Commuting matrices are jointly diagonalizable (“have same eigenvectors”)

• Pick up the shift operator to show eigenvectors = DFT ⟹ convolutions are 
diagonalised by the Fourier transform
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Reminder: Euclidean case

• Convolutions commute

• Commuting matrices are jointly diagonalizable (“have same eigenvectors”)

• Pick up the Laplacian operator whose eigenvectors are the DFT ⟹ convolutions are 
diagonalised by the Fourier transform
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Laplacian Operator

• Fourier basis functions = Laplacian eigenfunctions

∆e#$%&= −)*e#$%&

• Fourier basis = orthogonal basis minimising the Dirichlet energy

φ,#- = argmin
4

5
67

#7
∇φ, 9 *d9 s. t. φ = 1 and φ, φ@ = 0 where D = 1, … F

• “smoothest orthogonal basis”

• ”local difference from neighbours” GH6- GH GH#-

GH6- + GH#- − 2GH



Graph Laplacian

!" # = %
&∈()

*#& "# − "&
*#&

= ,#"# − %
&∈()

*#&"&

• Linear local permutation-invariant aggregator ϕ "#, /()
• Node-wise permutation-equivariant linear function 0 / = !/

"1
"&

"2

"#

= ϕ "#, /()



Graph Fourier Transform & Convolution

On undirected graph, the Graph Laplacian is a symmetric matrix admitting an 
orthogonal eigendecomposition ! = #$#% with #%# = &
• Graph Fourier Transform: '( = #%( O *+ complexity

• Inverse Graph Fourier Transform: ( = #'( O *+ complexity

• Spectral Convolution: ( ⋆ - = # #%( . #%-
= # diag 3- '( O *+ complexity



ChebNet

• Polynomial spectral filter "̂ # = ∑&'() *&#& applied to the Graph Laplacian

"̂ + = ,"̂ - ,. = ,/
&'(

)
*& -& ,. = /

&'(

)

*& +&

Defferrard et al. 2016



ChebNet

• Polynomial spectral filter "̂ # = ∑&'() *&#& applied to the Graph Laplacian

"̂ + = ,"̂ - ,. =/
&'(

)
*& ,-&,. = /

&'(

)

*& +&

• No explicit eigendecomposition!

• Apply powers of the Graph Laplacian – complexity O 1|ℰ| ~O 5
• Stable under graph deformations

• ”Spectral” filter boils down to simple local averaging – “convolutional flavor” of GNN

Defferrard et al. 2016



Spectral vs Spatial Filters

"̂ ∆ $ % = '
()*

"̂ +( $, -( -( %

.$(/0(

+1 +2 +3 +4 +50

"̂ +

spectral transfer function
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position-dependent spatial kernel

Stable Spectral Filters

&̂ ∆ ( " = *
+,-

&̂ .+ (, /+ /+ "

= 0
1
( " *

+,-
&̂ .+ /+ 2 /+ " d2

! ", 2
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position-dependent spatial kernel

Stable Spectral Filters

&̂ ∆ ( " = *
+,-

&̂ .+ (, /+ /+ "

= 0
1
( " *

+,-
&̂ .+ /+ 2 /+ " d2

! ", 2
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position-dependent spatial kernel

Stable Spectral Filters

&̂ ∆ ( " = *
+,-

&̂ .+ (, /+ /+ "

= 0
1
( " *

+,-
&̂ .+ /+ 2 /+ " d2

! ", 2



Sanity Check

"̂ ∆ $ % = '
()*

"̂ +( $, -( -( %

= .
/0

10
$ % '

()*
"̂ 2 e/4(5e14(6 d8

9 % − 8

standard convolution in the Euclidean case



“Spectral GNNs”

• Spectral mesh filters [Taubin et al. 1996; Karni, Gotsman 2000]

• Graph Signal Processing [Shuman et al. 2013; Sandryhaila, Moura 2013]

• Graph Fourier Transform [Bruna et al. 2013] 

• Revival of the interest in Graph Neural Networks

• High complexity – O "#

• Graph FT unstable under perturbations 

• Polynomial spectral filters a.k.a. ChebNet [Defferrard et al. 2016]:   %̂ & = ∑)*+, -)&)

• Rational spectral filters a.k.a. CayleyNet [Levie et al. 2018]

• Spectral filter stability results [Gama et al. 2019; Levie et al. 2019; Kenlay et al. 2021]



GROUPS



Convolution, revisited



! ⋆ # $ = !, '(# =)
*+

,+
! - # $ − - d-

shift operatorshift vector

convolution = matching shifted filter

domain Ω = symmetry group 1

Convolution, revisited



!, # $ % =

group representationgroup element

! ⋆ % $ = (
)

.
! + % $,-+ d+

Group Convolution

convolution = matching transformed filter



sphere Ω = #$

spherical signal %
rotation group & = SO 3

Convolution on the Sphere

Cohen, Welling 2016



!

sphere Ω = $%

spherical signal &
rotation group ' = SO 3

+!

& ⋆ - + = .
$/

.
& ! - +12! d!

signal on SO 3 rotation 
transformation

Convolution on the Sphere

Cohen, Welling 2016



! ⋆ # ⋆ $ % = '
() *

.
! ⋆ # , $ %-., d,

spherical signal !

Convolution on 
SO 3

Ω = 4 = SO 3

5

%5

rotation 
transformation

Convolution on the Sphere

Cohen, Welling 2016
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(

)(global symmetry group

Homogeneous Spaces



GEODESICS & GAUGES



Why manifolds?

More efficient representation: no “waste” 
for internal structures

Natural model for 
deformable shapes



Why manifolds?

In protein modeling, 
abstract out internal 
structure that is irrelevant 
for interactions + allow 
some conformation 
changes



!

"

#

global symmetry group
∃# ∈ & s.t. #! = "

Homogeneous Spaces

!

"

no global symmetry group



Euclidean space: Transport the filter around the domain

Euclidean Convolution

Figure: M. Weiler et al. 2021



Manifold: Result of transport is path dependent

Non-Euclidean Convolution

Figure: M. Weiler et al. 2021



Manifold: Result of transport is path dependent

Non-Euclidean Convolution

Figure: M. Weiler et al. 2021



Fixed path

Non-Euclidean Convolution Recipes

“Group pooling” Isotropic filter
(spectral)

Gauge-equivariant 
filter

Fixed gauge



tangent space 
!"Ω ≅ ℝ&

'

manifold Ω

manifold = locally Euclidean space

Riemannian metric = local 
length/direction

Isometry = metric-preserving 
deformation

Manifolds



intrinsic filter = invariant to isometry group 
Iso Ω of metric-preserving deformations

manifold Ω
isometry group Iso Ω

% ⋆ ' ( = *
+,-

.
' / % exp3/ d/

(

Geodesic CNNs

Masci et al. 2015; Boscaini et al. 2016; Monti et al. 2017

Exponential map
exp3: 63Ω → Ω



manifold Ω

" ⋆ $ % = '
ℝ)

.
$ + " exp/0/+ d+

0/%

gauge

Geodesic CNNs

Masci et al. 2015; Boscaini et al. 2016; Monti et al. 2017

local reference frame
0/:ℝ3 → 5/Ω

intrinsic filter = invariant to isometry group 
Iso Ω of metric-preserving deformations

isometry group Iso Ω
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Cohen et al. 2019; Weiler et al. 2021
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Gauge-equivariant CNNs

Gauge defined up to gauge transformation

-: Ω → )



Structure Group

A gauge is defined up to a gauge transformation !: Ω → %

• “Naked” manifold GL s invertible matrices

• Manifold+orientation GL) s invertible matrices with det>0

• Manifold+volume SL s matrices with det=1

• Manifold+metric O s orthogonal matrices

• Manifold+metric+orientation SO s orthogonal matrices with det=1

• Manifold+frame field {id} identity (no ambiguity)

Weiler et al. 2021



Structure Group

Weiler et al. 2021

rotation
SO 2

reflection
R

fixed gauge
{id}



Structure Group

A gauge is defined up to a gauge transformation !: Ω → %

• “Naked” manifold GL s invertible matrices

• Manifold+orientation GL) s invertible matrices with det>0

• Manifold+volume SL s matrices with det=1

• Manifold+metric O s orthogonal matrices

• Manifold+metric+orientation SO s orthogonal matrices with det=1

• Manifold+frame field {id} identity (no ambiguity)

Weiler et al. 2021
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Cohen et al. 2019
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Gauge-equivariant CNNs

Gauge defined up to gauge transformation

*: Ω → SO 2

= SO 2



Two Types of Symmetry

Local gauge 
transformation



Two Types of Symmetry

Local gauge 
transformation

Global
deformation



Euclidean (extrinsic) 
convolution

Geometric (intrinsic) 
convolution



Monti et al. 2017

Applications in Computer Graphics

Correspondence of deformable 3D shapes



Wild zoo of Applications!

Chip design

Drug discoveryProtein science

NavigationSelf-driving cars

Particle physics



3D VISION & GRAPHICS



Geometric Data

Point cloudVolumetricImage-based Mesh-based





Self-Driving Cars

Casas et al. 2020 (from Raquel Urtasun’s talk) 



FaceShift 2015



3D Avatars

Litany et B 2018 Bahri et B 2020



3D Hand Reconstruction

Kulon et B 2020



Kulon et B 2020





Face from DNA

collaboration with P. Claes



PHYSICS



“It has been amazing to see how in the last two years 
Graph ML has become very popular in the field of 
physics.”

—Kyle Cranmer (NYU) 
one of the discoverers of the Higgs boson







Particle Jet Reconstruction & Segmentation

Serviansky et al. 2020

Set2graph architecture for 
partitioning observed particles 

based on their point of origin 





Detector Modeling

Choma et B B 2018

Light deposition for a high-energy 
single muon in IceCube detector



SOCIAL NETWORKS



Recommender Systems



Recommender Systems

AliGraph (Zhu et al. 2019)



Vosoghi et al. 2018 Monti et B 2019



Acquired by Twitter in 2019



STRUCTURAL BIOLOGY



“In 2020, exciting progress has been made in protein 
structure prediction, a key problem in bioinformatics. 
Yet, ultimately the chemical and geometric pattern 
displayed at the surface of these molecules are critical 
for protein function.”

—Bruno Correia (EPFL Lab of Protein Design) 



“Central Dogma”





R1

R2

R3

R4

R5

R6

R7

…

Protein folding

Tertiary protein 
structure

Primary protein 
structure

Protein Folding



“[protein folding] is determined by […] the aminoacid
sequence in a given environment”

—Christian Anfinsen (1972 Nobel Laureate in Chemistry) 



“ImageNet Moment” of Structural Biology



AlphaFold 2

Invariant Point Attention
Jumper et al. 2021



Recurrent Geometric Network

Single sequence protein structure prediction
Chowdhury et al. 2021



Defense (antibody)

Structure (collagen)Catalysis (enzyme)

Transport (calcium pump)

Communication (insulin)

Storage (haemoglobin)



drug molecule

pocket in
protein surface

Small Molecule Drugs



PD-L1 protein

Protein-Protein Interactions

drug molecule

pocket in
protein surface



Lock-Key Metaphor

Emil Fischer “Schlüssel-Schloss-Prinzip” 1894



PD-L1 binds to PD-1 and inhibits 
T-cell killing of tumor cell

Blocking PD-L1 or PD-1 allows   
T-cell killing of tumor cell

2018 Nobel Prize
PD-proteins role in 

immunotherapy



R1

R2

R3

R4

R5

R6

R7

…

Protein folding

Tertiary protein 
structure

Primary protein 
structure

Protein design

Protein Design = “Inverse Folding”



Sequence Structure Function



MaSIF: Protein Function Prediction

Gainza, Sverrisson et B 2020



MaSIF: Protein Function Prediction

Gainza, Sverrisson et B 2020

interface score

groundtruth



Binding site identification + designed binders 
for the oncological target PD-L1

De novo Protein Design

Gainza, Sverrisson et B 2020; Sverrisson, Feydy et B 2021



CHEMISTRY & DRUG DESIGN



Drug Discovery & Design



Lab

Graph NN
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Synthesizable molecules

“Computational funnel”

DFT

QD

Virtual Drug Screening

Duvenaud et al. 2015; Gilmer et al. 2017; Jin et al. 2020



History of Graph Neural Networks according to Chemists

D. Duvenaud

Molecular fingerprints

2015

D. Kireev

ChemNet

1995

I. Baskin

Neural descriptors

1997

C. Merkwirth J. Gilmer

MPNNs

2017
Molecular graph net

2005



New Antibiotic Discovery

Stokes et al. 2020
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Drug repositioning & Combinatorial therapy

Zitnik et al. 2018





Veselkov et B 2019



Veselkov et B 2019
Veselkov et B 2019

Hyperfoods



Veselkov et B 2019



Veselkov et B 2019

Hyperfoods



Video: Vodafone Foundation / Recipes: Bruno Barbieri
Based on Laponogov et B 2020



WHAT’S NEXT?





“2020 saw the field of Graph ML come to terms with 
the fundamental limitations of the message-passing 
paradigm.”

—Will Hamilton (Mila)



Bodnar et B 2021

Beyond Traditional Message Passing

• Weisfeiler-Lehman-like schemes for higher order structures (simplicial/cell complexes)

• Strictly more powerful than MPNNs

• Links to computational topology

• Promising results in chemistry



Learning equations of motion using 
GNN to learn a predictor for a 
dynamical systems + symbolic 

regression on the messages sent along 
the edges. Extracted symbolic equations 

re-introduced into the GNN, replacing 
the original learned components

Cranmer et al. 2020

”Explainable” GNNs



Velickovic et al. 2021

Algorithmic Reasoning



Causal Inference

Belyaeva et al. 2020

Difference gene regulatory networkGene expressions

healthy diseased

gene

sa
m

pl
e



Knowledge Graphs



“One particularly noteworthy trend in the Graph ML 
community since the recent widespread adoption of 
GNN-based models is the separation of computation 
structure from the data structure.”

—Thomas Kipf (Google)



Data vs Computational Graphs: “Graph Rewiring”

Klicpera et al. 2019



“Network Geometry”

Boguna et al. 2020



Chamberlain et B 2021

Neural PDEs

• GNNs are discretised diffusion PDEs

• Use efficient numerical schemes

• Deep links to differential geometry



Dynamic Graphs

Rossi et B 2021



Generative Models



Generative Models for Graphs

Jin et al. 2018



Standardised Benchmarks



Industrial Applications

Slide: Xavier Bresson



New Hardware: Beyond GPUs

Hardware Lottery: the phenomenon when certain algorithms win not because they are 
ideally suited to solve a certain problem, but because they run well on existing hardware 



Thank you!


