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Recommendation & Matrix Completion

N E T F L I X Row graph + Column graph -> Multi-Graph Convolution!
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Multi-Graph Convolutional Neural Network (MGCNN)

_ 1-Dimensional 2-Dimensional
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Convolution Operation X*xY =0, (Xo¥)d!
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I',1 : input / output channel
¢ . nonlinearity function
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Recurrent MGCNN (RMGCNN)
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Learning Complexity : O(mn) !
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Learning Complexity : O(n + m)

Matrix Diffusion :
Make small changes for each step
Smoothness on

Loss : column-graph
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Smoothness on Error on labeled data

row-graph

Matrix Factorization :
X=WHT :nxm
W:nxr, H:mxr (r K n,m)
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Experimental Results
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. Method Params Architecture RMSE
. Synthet|c Data MGCNN3yew 0K IMGC32, 32MGC10, IOMGCI 00116
MGCNNywern 53K IMGC32, 32MGC32 x 2, 32MGC1  0.0073
MGCNNswere 78K IMGC32, 32MGC32 x 3, 32MGC1  0.0074
MGCNNgers 104K IMGC32, 32MGC32 x 4, 32MGC1  0.0064
RMGOCNN 9K IMGC32 + LSTM 0.0053
* MovielLens Dataset METHOD RMSE
GLOBAL MEAN 1.154
USER MEAN 1.063
MOVIE MEAN 1.033
MC [9] 0.973
IMC [17.142] 1.653
GMC [19] 0.996
GRALS [33] 0.945
SRMGCNN 0.929
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Conclusion
« 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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