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Recommender System using Image shape Feature for CNN
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PMF (Probabilistic Matrix Factorization) is a well-known approach of recommending systems. It has achieved wide use not
only in research but also in industry. In recent years, this algorithm has been combined with some side information, and the
accuracy of recommendation has been improved. In this paper, we propose a novel probabilistic model using image shape
features that integrates convolutional neural network (CNN) into probabilistic matrix factorization (PMF)
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datasets Users Items Ratings density
M1 94562 22027 105994 0.0051%
M2 8222 8513 19654 0.0281%
M3 1796 4148 6802 0.0913%
RABETNORHERIENST A =X
models M2 M3
Ay Ay Ay Ay
PMF 0.1 0.1 1 0.1
ConvMF 1 10 10 0.1
ISFMF 1 0.1 1 0.1
K3 T AT —ZDRMSE
datasets PMF ConvMF ISFMF
M2(70%3)If# 7 —4) 1.64 1.33 1.27
M2(80%lllfi 7 —4) 1.60 1.26 1.21
M3(70%3)If# T —4) 1.76 1.27 1.18
M3(80%If#T —%) 1.59 1.29 1.26




