Let us revisit the single message construction in
equivariant graph neural networks:
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There exist two main limitations:

1. The CG transform layer scales as 0(n),
where n is the number of neighbouring atoms
for a given atom. One cannot arbitrarily
remove calculations for a specific neighboring

2. The design space is limited for maintaining
permutation equivariance. In the above
equation, formulation and the parameters of
R should be the same across different
neighboring atoms, thus forbidding the design
for complicated CG transform layers.

atom for the sake of permutation equivariance.
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Methods

Given a CG layer h,
h(x) = B (hy (x), hz(x), ...),
we utilize the invariance transivity

trick:

1 (ha (Px(9)x), ha (Px (9)%), ..)
= Pr(e)R'(hi(x), hy (%), ...),

if we force each h, to be a
permutation invariant function,
then h is naturally a permutation
invariant function.

Thus, the key is to design each k.,
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upon which, we can also freely
construct CG layer h.
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aggregate into
abstract edges
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VisNet.

Abstract Edges (functions h,) Designs of the Function h

Group CG transform. We divide the abstract
edges into different groups. The group CG
transform decreases the time complexity from
0(TH)to 0 (%2), where T and G numbers of
abstract edges, and groups, respectively.
Abstract edges shuffling. Inspired by
ShuffleNet, we further shuffle the abstract
edges to better mix the information.

Sparse Path. Only a limited number of weight-
parity pairs is permitted to achieve O(3)
equivariance, while decreasing the complexity
to be even lower than cheaper SO(3).

Check out our paper for details
and more experimental results:
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