Geometric And Physical Quantities Improve E(3) Equivariant Message Passing

ploit, embed, or learn geometric/physical cues!
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Vector-valued information

Vector valued quantities are abundant in natural sciences. Let’s ex-

Erik Bekkers?

2Johannes Kepler University Linz

Elise van der Pol?

Rob Hesselink™ 1

tUniversity of Amsterdam

X
Max Welling® L;%I J ¥ U

JOHANNES KEPLER
UNIVERSITY LINZ

Steerable E(3) Equivariant Graph Neural Networks (SEGNNSs) New steerable activation functions

- Extend E(3) equivariance towards vector-valued quantities, e.g.
force or velocity.

o N . Framing message passing as non-linear convolution allows us to see
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- £E(3) equivariance = equivariance with respect to rotations,
translation, reflections, (and permutations,). & 2 & \

~

h, /

Activation function as non-linear MLPs, which are applied node-wise.
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- Augment message and node update networks with vector-valuea h" (output representation)

quantities. Message (¢,,) and node update (¢ ) networks as CG tensor prod- Performance and applicability
ucts interleaved with non-linearities: , . . ,
- ( \ SEGNNs work especially well when there is physical and geometrical
information available:
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- Enrich (steer) messages via relative position, relative forces, dipole

homogeneous spaces is a group convolution”

- Steerable vs regular convolution

- It X = G/H: kernel has symmetry constraints

moments, ...
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