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Recommender systems, estimating rating matrix X

Geometric structure on the rows and columns(row graph, column
graph)

An extension of CNNs to graphs

Learning parameters by using LSTM

Estimating rating Matirx / latent parameters (RMGCNN, sRMGCNN)
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Matrix completion problem
in 1X]l + 2190 (X — V)2
min |IX]. + 20 (X - v)I2
Geometric structure on the rows and columns
— Column, row graph G, = (1, ... m,E,, W,), Gc = (1,...,n, Ec, W,)
— Graph Laplacian A =1— D 12WD~Y2 D = diag(zi# w;jf)
— Dirichlet norm ||X||Z_ = trace(XTA:X), | X||3 = trace(XT A, X)
Geometric matrix completion(RMGCNN)

, [
min [IX[§, + X, + 5120 (X = Y)IIF
Factorized models(sRMGCNN)

: 0
min [ W3, + [HI3, + 5190 (WHT - Y)|2
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@ CNNs formulated in the spectral domain
- A =0oAOT
@ Spectral Convolution
- XxY =0,(Xo V)0, X =d.X0T
- XxY —T()\C,)\ )X,
— Yk’k/ = 7(Ac,ks A, ), using Chevychev polynomial filters of degree p
— 10(Ac; Ar) = Zﬁj' 0y TJ():C)TJ’():r)
- Ac=21A -1, A, =2) LA, 1
- Ae =207 —L A, =207 1A, — 1
@ A multi-graph convolutional Iayer(q/ input, q output)
— X =¢ (27,_1 Xy * Y,,,>

= 5 ( I_l ZP —0 _]_// I// T(ANC)X// TII(AN,«)> ’/: 17 ceey q

— input (m x nx q'), output (m x n x q), € is non-linearity
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@ Separable convolution (factorized version X = WTT)
— =Y 0 T(Aw By =30 0 Ti(A)h , 1=1,..., r
- Wy = s(z;’ DO T m) = (Th, 6T c)h/)
@ Loss function (LSTM)

. T T T
1(0,0) = min [|XS D112, + 1XST)112, + f||Qo(X£,J ~Y)|2

. T T H T
min [Wi D113, + IH5 13 + S 1920 (Wi (HE)T = v)IiE
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