Hypergraph Neural Networks
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Features for Structure

Feature GVCNN MVCNN GVCNN+MVCNN
GCN | HGNN | GCN | HGNN | GCN | HGNN
GVCNN ((Feng et al. 2018)) | 78.8% | 82.5% | 78.8% | 79.1% | 75.9% 84.2%
MVCNN ((Su et al. 2015)) | 74.0% | 77.2% | 71.3% | 75.6% | 73.2% 83.6%
GVCNN+MVCNN — — — — 76.1% 84.2%

Table 5: Comparison between GCN and HGNN on the NTU dataset.



Graph Signal Processing
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fTLf=fTDf - fTWf=> Dyff=> fifiWi;
i=1 i,]

_ %(Z Diif? =235 fifsWi; + 3 Djif?)
i=1 j=1

i=1 j=1

= SO Wil - 1)) 20

i=1 j=1

Normalized Laplacian

=T — 4

L=D'?LD'? =1— D'?WD™'/?,

Incidence Matrix V |E| x |V]

V;; = —1 if v; is the initial vertex of edge e;
Vi =1 if v; is the terminal vertex of edge of e;
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 Graph Fourier Transform
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* Spatial K-Localization
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* ChebNet
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Spectral CNN versus ChebNet
Eigenvector computation is time-consuming.
Learnable parameters need attention.

Laplace matrix maybe not eigen-decomposed.
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* GCN
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Hypergraph Laplacian
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Hypergraph Signal Variance
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* HyperGNN
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