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Introduction
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• Group Conv is an equivariant framework popular for "functional data" (images), where the data can be treated as 

"functions“; transformations act on the domain of these functions, which is not the implicit input to the network.

• For "geometric data", e.g., point clouds or molecular structures that can be viewed as a set of "points/nodes" with 

coordinate information; transformations act on the input coordinates directly. 

• Geometric GNNs are often employed to process geometric data.

See previous notes on group conv and (constrained) geometric GNNs



Unconstrained Geometric GNNs
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(Constrained) Geometric GNNs enforce symmetries directly into the architecture.

➢ Restricting its set of possible operations or representations.

➢ Hindering network capacity to fully express the intricacies of the data.

➢ Computational inefficient.

➢ For large pretrained models, such as GPT, we cannot alter their network designs to ensure equivariance!

➢ Alternative Approach: Group/Frame Averaging

Does enforcing equivariance/symmetries as 

an inductive bias truly offset a potential 

reduction in optimization diversity within 

the constrained learning spaces?

Caveat: GA/FA are not magic; they have their own issues, such as 

breaking the continuity of the underlying function.
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Definition: Group Averaging
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Intuition: Group Averaging
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Expressive Power: Group Averaging

Image Credit: Frame Averaging for Invariant and Equivariant Network Design. Omri Puny et al.
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Connections between GA and G-Conv
Recall that in Group Conv, a rotation to the input will result in planar rotation + periodic shifting for the output feature map. If 

we average over the feature maps to get a single feature map, the result is still equivariant to rotations, i.e., a rotation 

in the input will result in a rotation in the output feature map.
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Recall the definition of lifting layer:

Make cross-correlation to be the backbone for group averaging:

A feature map after lifting

Sum over all feature maps

Here, we have the “correction term”, but in group convolutions, we do 

not have the “correction term”. This is the result of moving the rotation 

from the image to the kernel. We'll demonstrate this in the next slide.
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Connections between GA and G-Conv
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Motivating Example: Pre-processing
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Definition: Frame Averaging
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Frame Averaging: Practical Usage in Geometric GNNs
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Frame Averaging: Practical Instantiation for E(3)
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Frame Averaging: Practical Instantiation for E(3)

Image Credit: Frame Averaging for Invariant and Equivariant Network Design. Omri Puny et al.
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Intuition: Frame Averaging

Mapping the input to a set of 

“coordinate systems” that 

respects transformations on 

the input.

Just synchronize over all possible 

such “coordinate systems”.

Image Credit: Frame Averaging for Invariant and Equivariant Network Design. Omri Puny et al.
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