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Inductive bias

Example: learn force field between two charged particles
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Inductive bias

Example: learn force field between two charged particles
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Inductive bias

Equivariance
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Broken equivariance

Example: anisotropic potential
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Approximate symmetry

Prior work

Boundary conditions Omitted context

External forces flgx) # gf(x)
f(gx, gc) = gf(x, ¢)

Noise
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Inductive bias
What is the right amount?

Flexible Uniform Bias Flexible Soft Bias Restriction Bias

A

7] Good Generalization N\ Overfitting

A. G. Wilson, “Deep Learning is Not So Mysterious or Different”, arXiv:2503.02113



Geometric inductive bias

Clifford algebra neural networks

—--m--- Baseline L) —-4-- Baseline
107 1 = ——e—— Equivariant \\\ —-4-— Data augmentation
pm——————— N e ————— N A N —=e— Equivariant
{ 1 ‘ 1 : 10—3_
| I | 1 u
I Embedin ! ! B |
o/ I o1 1 from 1
—> —> geometric —> GATr .1
| algebra : : geometric : @
© | ) 1 algebra 3
' ! 1 1 1074
Geometric t es\ ------- ’ Multivector & Multivector & S==----- ’
P scalar inputs scalar outputs
calar Vector x Vector y
- A | N 1o 107> A
g:: . ey " y‘)"/’ ’7- _.”(( !0‘5 | . . | | | | . [
= *!é'- A {7 f ',i’l 1016 10%7 10'8 10%° 108 107 108 10° 10%° 101!
5 00 Training compute [nominal FLOPs] Training dataset size [tokens]
° " ". ’ " 2 ioo
A G S~ I Brehmer, Johann, Sénke Behrends, Pim de Haan, and Taco Cohen. “Does Equivariance Matter at Scale?” TMLR, arXiv:2410.23179
. 3
Z | 3 .-? 0.5 H I n H ”
& [ | e | Brehmer, Johann, Pim De Haan, Sonke Behrends, and Taco S. Cohen. "Geometric algebra transformer.” NeurlPS 2023

—— C(lifford-steerable ResNet (Ours) basic ResNet ———  Steerable ResNet —— C(lifford ResNet

1072 1o | 107% o
. Navier-Stokes, 2D 4 x 1073 3\ Maxwell, 3D “~o_ Maxwell, 2D+1 .— 3-107° O(2)
\ y NS ~
3 X 10_3 AN \\\ \\~
- .‘\ SN ~®. . ““““
t .- 2% 1073 e -3 e .' 6107
EJ/ .\\. Bl SELLLLE TLL C e ."‘-——:::. 107
%P ‘s\
e VOIS o-- 0.93
= ! SO N Y Y P e ey Rk @-==—1—— C
o. “&-----o--- e 107 o
1073 H—s~gror e S o 107" @ @ --=—m=== o o
6 x 1074
0 2000 4000 200 400 200 400 107° 1072 10V
Number of training trajectories Equivariance error

Zhdanov, Maksim, David Ruhe, Maurice Weiler, Ana Lucic, Johannes Brandstetter, and Patrick Forré. "Clifford-steerable convolutional neural networks.” ICML 2024



Geometric inductive bias

Clifford algebra / Geometric algebra
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Geometric inductive bias

Clifford algebra neural networks
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Geometric inductive bias

Clifford algebra: implementation
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Object centric dynamics

charged particles



Object centric dynamics

charged particles
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Object centric dynamics

charged particles
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Broken equivariance

charged particles
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Broken equivariance

charged particles

—— Ground truth A + charge ¥V - charge



Results

charged particles with broken equivariance

autoregressive rollout RMSE
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Results

charged particles: data scale with unbroken symmetry
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Results

charged particles: rollouts with unbroken symmetry

Ground truth E-Clifford S-Clifford




Results

charged particles: rollouts with broken symmetry
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Results
2d rigid body dynamics (Kinetix)




Results
2d rigid body dynamics (Kinetix)
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Results
2d rigid body dynamics (Kinetix)

Prediction Simulation

E-Clifford

S-Clifford

Transformer



Results
2d multi-agent trajectory prediction (WOMD)
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Results
2d multi-agent trajectory prediction (WOMD)

WOMD: 8 s displacement error vs training-set size
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Outlook
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