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Major equivariant GNNs Paradigm

Common ways to improve equivariant GNNs’ 
expressiveness:
 Increase Body Order

 Increase Represetation Degree

 Increase Model Layer Body Order ++ (e.g. ACE, MACE)

Represetation Degree ++ (e.g.TFN, SEGNN, HEGNN)

Model Layer ++
(e.g. GWL test)



Rethinking from Basis Construction

 Expanding from single-particle functions to multi-particle

functions

 Extensions between function bases require tensor products

 Requires extremely high order and model layers to improve 

expressiveness

 Extremely computationally expensive

 Complete under ideal (but completely unrealistic) 

circumstances



Reformulating from Output Space

 Is it possible, and under what conditions, to achieve 

completeness (universal approximation)?

 How can the required complete scalar function be efficiently 

implemented?

 How can the corresponding full-rank basis functions be 

obtained?



Geo. Iso. & Canonical Form

 Transform the problem of complete scalar functions into determining geometric graph isomorphism.

 Further recast determining geometric graph isomorphism as constructing a canonical form for geometric 

graphs.



Construct Canonical Form



A Faster Method

Using virtual nodes to bypass quadratic traversal, where the virtual nodes could be generated via models 
like FastEGNN.



Expressive Experiments

Expressive Experiments of GWL-test and IASR test, together with the ability to determine chirality. 



Synthetic Dataset

A dataset with graph-level target (Tetrahedron Center Prediction) & A dataset with node-level target (5-body).



Large-scale & Real-world Dataset

 Large-scale Dataset: 100-body, Water-3D-mini 
(>8,000 nodes)

 Real-world Dataset: MD-17, Water-3D-mini
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