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Problems & Ideas

* Problems of geometric Graph Neural Networks (GNNs):

— Geometric graphs often exhibit physical symmetries, including translations, rotations, and
reflections.

— To effectively capture both the geometry and topology of these graphs, models must incorporate
invariant or equivariant properties, leading to the development of geometric GNNs.

* |deas: We provide a comprehensive survey of data structures, models, and

Data Structures P Models
f":\ 3 Geometric Graph = I - ‘ I
L G —@L B¢ o 25 Geometric 5
s 0 el = % =
. : \ S ') : Re@NE M Massage Passing @& hi
N-body Protein 3 I T
= \ 3 8 20— 1 )
e & T ./(
odgliye° k. erO Ll 1© l
¢ e (&) B o
o ot
...... Molecule  Crystal i e
Applications
A
e I i
Rigid Body i Chemical 3 R 5 5 ‘ J
e : i ' Pocket-Based M(:l Sampling Antibody Design Peptide Design
o P | N« =
Q { 0% | g . \g W - = A
g \--Q v Q99 : Yoi = {%s - TEny -~ b X ’,‘v\; X ¥
s =t ) Fhe o | - | - p S O AN
z j i 5 =, =, # e
—_ == | (e o e i i 4
= I e . Ligand Binding Protein-Ligand Protein-Protein | Relaxed Energy
E} | R Affinity Docking Docking | _ Prediction
= Physical Dynamics | ,,gl} VIl T — |
imulation 1 7 ‘LWI %& b, i
! -\ - 0 R s O B e I
L4 L2 e
N DA™ | :
________ e Bttt
| PRy Molecular | Binding Site Protein ! Crystal
: Prediction Generation : Prediction Co-Design : Generation
® S ol | : :
Q I A g~ momo 2 s Perplexity 7o 1 o ®
2 - ;9 4 B e [ = | SRS Recovery Ly | &
s Particle Trajectory | © & & < oo 1 R S H
2 Prediction : G ~ po(@) : G~ po(Q) I G~p(l.X.H
1
E ) i Molecular Molecular Dynamics | Protein Protein Folding | RNA Structure
B0 ( - - i F 2 ! Prediction
=l f ] 2% $ Y 1 9l Z 1 BB @R
g | ©C A ~% | : | S o
1 S 1 1 J0eed 2 1 Y Wy
¥ . 3 2 H (59 » @, 25 Ranking
- I [y b 4 L i 3 1 33 g
1 B o ® J 1 2 b iy 1 4 P
= 1 ’ -
i : : >
1
Particle | Small Molecule ' Protein ' Others




Main Contributions

e Contributions:

— Overall, the authors review over 300 references, present three geometric GNNs models,
discuss methodologies for 23 tasks on scientific data such as particles, molecules, and
proteins, and compile more than 50 evaluation datasets.

— The authors categorize geometric graph neural networks into three main types: invariant
models, equivariant models, and geometric graph transformers. Furthermore, the
equivariant models are subdivided into scalarization-based models and high-degree
steerable models based on spherical harmonics. Following these classifications, the
paper systematically collects and categorizes the prominent geometric graph neural
network models from recent years.
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Fig. 4 The taxonomy of geometric GNNs introduced in § 4.




