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Goal: iteratively update node features to obtain 
useful hidden representations h ∈ ℝCh
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• Aggregate + node updates
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“Condition” messages on geometry

Message passing layer:(Point convolutions, ):X = ℝdSpecial case (Point convolutions , ):1,2 X = ℝd

mij = ϕm(fi, fj, aij)

Schütt, K., Kindermans, P. J., Sauceda Felix, H. E., Chmiela, S., Tkatchenko, A., & Müller, K. R. (2017). 
Schnet: A continuous-fi
Wu, W., Qi, Z., & Fuxin, L. (2019). Pointconv: Deep convolutional networks on 3d point clouds. CVPR

1

2
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“Condition” messages on geometry

Message passing layer:(Point convolutions, ):X = ℝdSpecial case (EGNN , ):1 X = ℝd

• Messages (non-linear transformations)

mij = ϕm(fi, fj, ∥xj − xi∥)

• Aggregate + node updates

f′￼i = ϕf(fi, ∑
j∈𝒩(i)

mij)

Satorras, V. G., Hoogeboom, E., & Welling, M. (2021, July). E (n) equivariant graph neural networks. In 
International Conference on Machine Learning (pp. 9323-9332). PMLR.
1

   x′￼i = xi +C∑
j≠i

(xj − xi)ϕx(mij)

The Geometric Message Passing Framework: Special cases

mij = ϕm(fi, fj, aij)
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The Geometric Message Passing Framework: Special cases

f′￼i = ϕf( ∑
j∈𝒩(i)

k((xj − xi))fj )

Point convolutions 
Translation equivariant, but not rotation equivariant

..........

..........
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Scalar field

..........

fi =

xj

fj =
xi

Point-cloud 
on ℝd
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Fourier 
transformation

̂f′￼i

f′￼i = ϕf( ∑
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k((xj − xi))fj )

Point convolutions 
Translation equivariant, but not rotation equivariant

Regular group convolution (Lecture 1)

Rotation equivariant, but requires grid on SO(d)

Steerable group convolution (Lecture 2)

Rotation equivariant, requires no grid on SO(d)
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. . f .

....................

.......
. . f .
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Goal: iteratively update node features to obtain 
useful hidden representations h ∈ ℝCh

• Messages

• Aggregate + node updates

f′￼  
𝒩



Graph  

• nodes  with node feature  and position 

• edges  with edge attribute 

𝒢  𝒱
vi ∈ 𝒱 fi ∈ ℝCv xi ∈ X
eij ∈ ℰ aij ∈ ℝCe

“Condition” messages on geometry

Message passing layer:(Point convolutions, ):X = ℝdSpecial case (Lie group convolutions , ):1,2 X = G

• Messages (linear transformations based on kernel)

mij = ϕm(fi, fj, g−1
j gi)

= k(Log(g−1
i gj))fj

• Aggregate + node updates (convolution + activation fn)

f′￼i = ϕf( ∑
j∈𝒩(i)

k(Log(g−1
i gj))fj )

(k ⋆G f )(gi)

. . . . . . . . . . . . .

mij = ϕm(fi, fj, aij)

Bekkers, E. J. (2019, September). B-Spline CNNs on Lie groups. ICLR

Finzi, M., Stanton, S., Izmailov, P., & Wilson, A. G. (2020, November). Generalizing convolutional neural 

networks for equivariance to lie groups on arbitrary continuous data. ICML

1

2

The Geometric Message Passing Framework: Special cases
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“Condition” messages on geometry

Message passing layer:(Point convolutions, ):X = ℝdSpecial case (Steerable group convolutions , ):1 X = ℝd

• Messages (linear transformations based on kernel)

m̂ij = ̂ϕm( ̂fi, ̂fj, xj − xi)

• Aggregate + node updates (convolution + activation fn)

 ̂f′￼i = ϕf( ∑
j∈𝒩(i)

̂k(xj − xi) ̂fj )

( ̂k ⋆ ̂f )(xi)

. . . . . . . . . . . . .

mij = ϕm(fi, fj, aij)

Brandstetter, J., Hesselink, R., van der Pol, E., Bekkers, E., & Welling, M. (2021). Geometric and 
Physical Quantities improve E (3) Equivariant Message Passing. In ICLR 2022
1

= ̂fj ⊗ŵ(
cg

∥xj−xi∥)Y(xj − xi)

Lecture 2

The Geometric Message Passing Framework: Special cases
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Linear vs non-linear (group) convolutions

20

Message passing NNs mij = ϕm(fi, fj, aij)

f′￼i = ϕf fi, ∑
j∈𝒩(i)

mij

Compute messages:

Aggregate and update:
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Message passing NNs mij = ϕm(fi, fj, aij)

f′￼i = ϕf fi, ∑
j∈𝒩(i)

mij

Classic point convolutions

mij = W(∥xj − xi∥)fj

mij = W(g−1
i gj)fj

Compute messages:

Aggregate and update:

(Lecture 1.7: regular g-convs on homogeneous spaces)



Linear vs non-linear (group) convolutions
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mij

Classic point convolutions

mij = W(∥xj − xi∥)fj

mij = W(g−1
i gj)fj

Steerable G-CNNs

mij = Wâij
(∥xj − xi∥) ̂fj

:= ̂fj ⊗W(∥xj−xi∥)
cg âij

Compute messages:

Aggregate and update:

(Lecture 1.7: regular g-convs on homogeneous spaces)

(Lecture 2: steerable g-convs)
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