
Michael Bronstein
Geometric Deep Learning: Quo Vadimus?

University of Oxford & AITHYRA



Weyl 1952

H. Weyl

“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”



Portrait: Ihor Gorskyi

Plato
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XIX century





The Erlangen Programme

Klein 1872

Geometry = space + transformation group 1872
F. Klein
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Poincaré 1904; Noether 1918; Weyl 1929; Yang & Mills 1954; Portraits: Ihor Gorskyi



External symmetry Internal symmetry



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

 — More is different

Anderson 1972

P. Anderson





Geometric Deep 
Learning



{cat,dog}

Supervised ML = Function Approximation



+

1
𝑏 = 𝑤!"#

𝑤#
𝑤$

𝑤!

𝑥#
𝑥$

𝑥!

Perceptron
1957

Rosenblatt 1957; Portrait: Ihor Gorskyi

F. Rosenblatt

Supervised ML = Function Approximation

{cat,dog}



Multi-layer 
Perceptron

𝑥#
𝑥$

𝑥!

Universal Approximation: Hilbert’s 13th problem 1900; Kolmogorov 1956; Arnold 1957; Cybenko 1989; Hornik 1991; Barron 1993; Leshno et al 1993; 
Maiorov 1999; Pinkus 1999
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Universal Approximation

“2-layer perceptron 
can approximate a 
continuous function 
to any desired 
accuracy”
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𝑦𝑥 𝑓
2-dimensional



3-dimensional

𝑓 𝑦𝑥
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Curse of dimensionality



𝑓 𝑦𝑥

Geometric priors
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Geometric priors



Domain Ω

Signals 𝒳 Ω

𝑓𝑥 𝑢 𝑦𝑥

Geometric priors

𝑢



Domain Ω

Signals 𝒳 Ω

𝑓 𝑦𝑥

Geometric priors

𝐺

𝑥 𝑢

Group 𝑢𝑔



Domain Ω

Signals 𝒳 Ω

𝑓

Geometric priors

𝑔.𝜌 𝐺

𝐺

Rep.

Group

𝑥
𝑢𝑔

𝑥 𝑔%#𝑢 𝑦

“How f interacts with the group G?”



Domain Ω

Signals 𝒳 Ω

𝑓 “cat”

Geometric priors: Invariance

𝜌 𝐺

𝐺

𝑔.𝑥

𝑓 𝜌 𝑔 𝑥 = 𝑓 𝑥 	 ∀𝑔 ∈ 𝐺



Symmetries of the Label Function
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First “geometric” machine learning

S. Papert

1969

Minsky, Papert 1969

M. Minsky



First “geometric” machine learning

Minsky, Papert 1969

Group Invariance Theorem: ”if a 
neural network is invariant to a group, 
then its output can be expressed as 
functions of the orbits of the group”

S. PapertM. Minsky

1969



Canonisation

Mikolajczyk, Schmid 2004



Canonisation

canonisation



Canonisation

“Jennifer”



“Jennifer”

Canonisation



Canonisation

“Jennifer” ?



Picasso (Guggenheim Museum)



Domain Ω

Signals 𝒳 Ω

𝑓

Geometric priors: Equivariance

𝜌 𝐺

𝐺

𝑔.𝑥

𝑓 𝜌 𝑔 𝑥 = 𝜌 𝑔 𝑓 𝑥 	
                      ∀𝑔 ∈ 𝐺

Domain Ω
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𝜌 𝐺

𝐺

𝑔.𝑦



Equivariance = Symmetry-consistent generalisation

𝑓AA

A
A

A 𝑓 𝜌! 𝑔 A = 𝜌" 𝑔 	𝑓 A  
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?
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input space

feature space

=

𝑓 𝜌! 𝑔 A = 𝜌" 𝑔 	𝑓 A  



Equivariance = Symmetry-consistent generalisation

𝑓AA

A
A

A 𝑓 𝜌! 𝑔 A = 𝜌" 𝑔 	𝑓 A  

𝜌! 𝑔 A
𝜌! 𝑔 A

input space

feature space

=

𝑓 𝜌! 𝑔 A = 𝜌" 𝑔 	𝑓 A  
𝜌" 𝑔 A
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Hubel, Wiesel 1959, 1962; Portraits: Ihor Gorskyi

1959

T. WieselD. Hubel

Early Geometric Architectures



Hubel, Wiesel 1959, 1962; Fukushima 1980; Portraits: Ihor Gorskyi

1959

T. WieselD. Hubel

1980
K. Fukushima

Early Geometric Architectures



1959

T. WieselD. Hubel Y. LeCun

1989

Hubel, Wiesel 1959, 1962; Fukushima 1980; LeCun et al. 1989; Portraits: Ihor Gorskyi

1980
K. Fukushima

Early Geometric Architectures



LeCun et al. 1989

Convolutional Neural Networks



LeCun et al. 1989

Convolutional Neural Networks



LeCun et al. 1989

Locality + Shared parameters

Σ

Convolutional Neural Networks



LeCun et al. 1989

Locality + Shared parameters

Convolutional Neural Networks

Σ

weight matrix



Convolutional Neural Networks

Translation group 𝑇 2 Shift operator 𝑆

𝑆,𝑥 𝑢 = 𝑥 𝑢 − 𝑣

Convolution
𝑆𝑥 ⋆ 𝑦 = 𝑆 𝑥 ⋆ 𝑦

⋆

Plane ℝ" Images 𝒳 ℝ" Functions ℱ 𝒳 ℝ"
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“properties of a molecule do not change if we reorder the atoms”

Permutation Invariance
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Locality + Shared parameters

Graph Neural Networks
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Permutation-
equivariant layer
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equivariant layer

Graph Neural Networks
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invariant readout

Graph Neural Networks
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Graph Neural Networks
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Graph Neural Networks

𝐏𝐗 = 𝑥-!" . ,0 𝐅 𝐏𝐗, 𝐏𝐀𝐏⊤ = 𝐏𝐅 𝐗, 𝐀

Permutation group 𝑆1 Permutation matrix 𝐏 Message passing

𝐅

Graph 𝐺 = 𝑉, 𝐸 Node features 𝒳 𝐺 Functions ℱ 𝒳 𝐺



PermutationTranslation Local Rotation

GraphsGrids Meshes



B et al 2017; 2021

𝑇 2 =  CNN+



B et al 2017; 2021
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B et al 2017; 2021
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B et al 2017; 2021

+ SO 2 = MeshCNN



Euclidean (extrinsic) 
convolution

Geometric (intrinsic) 
convolution

Masci et B 2015; Monti et B 2017



Kulon et B 2020





MaSIF: Geometric ML for Protein Function Prediction & Design

Gainza et B, Correia 2020





Perceptrons
Function regularity

CNNs
Translation

Group-CNNs
Translation+Rotation, 

Global groups

GNNs
 Permutation

Intrinsic CNNs
Isometry / Gauge choice

DeepSets / Transformers
Permutation

LSTMs
Time warping



ANY NN
ARCHITECTURE

GEOMETRICDEEP LEARNING



External symmetry Internal symmetry



R

“properties of a molecule do not change if we rotate it”

x, y, z

SO 3 -invariance



Geometric (“Equivariant”) Graph Neural Networks

𝐅

Geometric Graph 𝐺 Node features 𝒳 𝐺 Functions ℱ 𝒳 𝐺

Rotation 𝐑 
“data symmetry”

“domain symmetry”
Geometric message passing

𝐅 𝐏𝐗𝐑, 𝐏𝐀𝐏⊤ = 𝐏𝐅 𝐗, 𝐀 𝐑

Permutation matrix 𝐏Permutation group 𝑆1



Revolution in Structural Biology 

Baek et al. 2021

RosettaFold
SE 3 -equivariant 

Transformer

Jumper et al. 2021

AlphaFold	2
“Invariant point 

attention”



2024 Nobel Prize in Chemistry
for computational protein design





Benaich et al., State of AI report 2024



Wang, Elhag et al. 2023 Elhag et B, 2024



Quo vadimus?





Joshi 2021



𝑦𝑥 𝑓

“How f interacts with the group G acting on x?”
𝑓 𝑔. 𝑥 = 𝑓 𝑥 	



𝑦𝑓
𝜃
𝑥

“How f interacts with the group G acting on x?”
𝑓 𝑔. 𝑥 = 𝑓 𝑥 	



𝑦𝑓
𝜃

𝑥

“How f interacts with the group G acting on x and H acting on 𝜃?”
𝑓 𝑔. 𝑥, ℎ. 𝜃 = 𝑓 𝑥, 𝜃 	
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Symmetries of the Weights
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Symmetries of the Weights
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Symmetries of the Weights
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Symmetries of the Weights
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Symmetries of the Weights

𝜎 .	
𝐱

𝐖
𝐕

𝐲 = 𝚷𝚷#

⋮

𝑥!

𝑥"

𝑥#

𝑤$#

𝑤#!
𝑤$!

𝑤##

𝑤#$
𝑤$$

ℎ!

ℎ" ⋮

𝑦!

𝑦"

𝑦#&

𝑣!!

𝑣"!
𝑣#&"

𝑣#&!

𝑣""
𝑣!"



Symmetries of the Weights

• 𝐿-layer neural network with weights 𝛉 = 𝐖! , 𝐛! , … ,𝐖$ , 𝐛$

• Parameter space symmetry 𝐺 = S#'×⋯×S#(

    such that 𝑓 G, 𝑔𝛉 = 𝑓 G, 𝛉 	

𝐖!
% = 𝚷!&𝐖!      𝐛!% = 𝚷!&𝐛!

𝐖'
% = 𝚷'

&𝐖'𝚷'(!     𝐛'% = 𝚷'
&𝐛'

⋮        ⋮

𝐖$
% = 𝐖$𝚷$(!     𝐛$% = 𝐛$



Gelberg et B, Maron 2025
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:
𝐱,𝐲 ∈ℬ

ℓ 𝑓 𝐱, 𝛉 , 𝐲
ℒ 𝐱,𝐲

Symmetries in the Gradient Space

where 𝐠) =
*ℓ , 𝐱,𝛉 ,𝐲

*𝐮!

∇𝐖!ℒ 𝐱,𝐲 = 𝐠)𝐚)0!#

∇𝐛!ℒ 𝐱,𝐲 = 𝐠)
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Symmetries in the Gradient Space



Gelberg et B, Maron 2025

ℒℬ =
1
ℬ

:
𝐱,𝐲 ∈ℬ

ℓ 𝑓 𝐱, 𝛉 , 𝐲

Symmetries in the Gradient Space
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S ℬ
S#)*' 



Gelberg et B, Maron 2025

ℒℬ =
1
ℬ

:
𝐱,𝐲 ∈ℬ

ℓ 𝑓 𝐱, 𝛉 , 𝐲

Symmetries in the Gradient Space

𝛄) 	 =

S ℬ
S#) 

𝐚! 𝐠!

𝐺2 = S ℬ ×S3"×⋯×S3#

∇𝐖! 	 =

S#) 

S ℬ
S#)*' 



Gelberg et B, Maron 2025

GradMetaNet

→ model optimisation

→ model editing

→ model analysis



Gelberg et B, Maron 2025

GradMetaNet: Learning Optimisation



Gelberg et B, Maron 2025

GradMetaNet: Learning Optimisation



Low-Rank Adaptors (LoRA)
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Low-Rank Adaptors (LoRA)
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Low-Rank Adaptors (LoRA)

𝑛 𝐖

𝑚
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❄ 🔥

🔥



Low-Rank Adaptors (LoRA)

𝑛 𝐖

𝑚

+
❄

𝐔

𝑟

🔥

𝐕#
𝑚

🔥𝐑	𝐑0!

LoRA 𝐔, 𝐕  defined up to GL 𝑟   
Putterman, Lim, Gelberg et B 2025



Learning on LoRAs (LOL)

Putterman, Lim, Gelberg et B 2025



Horwitz et al. 2025



Learning on LoRAs (LOL)

Putterman, Lim, Gelberg et B 2025



Learning on LoRAs (LOL)

Putterman, Lim, Gelberg et B 2025



Learning on LoRAs (LOL)

Putterman, Lim, Gelberg et B 2025

Using LoL models to predict CelebA attributes (left) and Imagenette classes (right) 
of the finetuning data of diffusion models, given only the LoRA weights. 



Liang, Tang, Zhou et B 2025

Drag-and-Drop LLMs



Liang, Tang, Zhou et B 2025

Drag-and-Drop LLMs



THE STORY CONTINUES
IN THE WEIGHT SPACE





Thank you!


