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Recommendation & Matrix Completion
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Multi-Graph Convolutional Neural Network (MGCNN)
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1-Dimensional 2-Dimensional

Graph Laplacian

∆= ΦΛΦT

Λ = diag λ1, ⋯ , λn
Φ ∶ eigenvector matrix

∆c= ΦcΛcΦc
T,

∆r= ΦrΛrΦr
T

Fourier Transform ෡X = ΦTX ෡X = Φr
TXΦc

Convolution Operation
X ∗ Y = Φ ΦTX ∘ ΦTY

= Φ ෡X ∘ ෡Y
X ∗ Y = Φr

෡X ∘ ෡Y Φc
T

Chebychev Polynomial 

Filter

τθ λ =෍

j=0

p

θjTj ෨λ ,

෨λ ∈ −1,1

τΘ λc, λr = ෍

j,j′=0

p

θj,j′Tj ෨λc Tj′ ෨λr

Graph CNN

෩Xl = ξ ෍

l′=1

q′

෍

j=0

p

θj,ll′Tj ෨∆ Xl

𝑙′, 𝑙 : input / output channel

𝜉 : nonlinearity function

෩Xl = ξ ෍

l′=1

q′

෍

j,j′=0

p

θjj′,ll′Tj ෨∆r Xl′Tj′ ෨∆c
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Recurrent MGCNN (RMGCNN)
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Matrix Diffusion :

Make small changes for each step

Loss :
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Matrix Factorization : 

𝑋 = 𝑊𝐻𝑇 ∶ 𝑛 × 𝑚
𝑊 ∶ 𝑛 × 𝑟,  𝐻 ∶ 𝑚 × 𝑟 𝑟 ≪ 𝑛,𝑚

Loss :
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𝑛 movies

𝑚 users

Learning Complexity : 𝑂(𝑚𝑛) !

Learning Complexity : 𝑂(𝑛 +𝑚)

Smoothness on
row-graph

Smoothness on
column-graph

Error on labeled data

Separable RMGCNN
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Experimental Results
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Conclusion
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• Generalize a graph convolutional network into 
a multi-graph convolutional network

• Handle the matrix completion problem with 
multi-graph CNN + matrix diffusion using RNN structure

• Simple & efficient algorithm, 
seems to be practical to apply on various large-scale applications.
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Thank You
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