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Deep Matrix Factorization Recommendation Algorithm

TIAN Zhen!, PAN La-Mei!, YINPu!, WANG Rui'?
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?(shunde Graduate School, University of Science and Technology Beijing, Foshan 528300, China)

Abstract: Matrix factorization in collaborative filtering recommendation algorithms is widely used because of its simplicity and facility
of implementation, but matrix factorization utilizes a simple linear inner product to model the non-linear interaction between the user and
the item, which limits the model's expressive power. He et al. proposed a generalized matrix factorization model, which extended the
matrix factorization to the generalized matrix factorization through a non-linear activation function and connection weights, and gave the
model the ability to model second-order non-linear interactions between users and items. Nevertheless, the generalized matrix
factorization model is a shallow model and does not model the high-order interaction between users and items, which may affect the
performance of the model to a certain extent. Inspired by the generalized matrix factorization model, this study proposes a deep matrix
factorization model, abbreviated as DMF. Based on the generalized matrix factorization model, a hidden layer is introduced, and a deep
neural network is used to learn the higher-order interaction between users and items. The deep matrix factorization model, which has a
good expression ability, not only solves the linear problem of simple inner product, but also models high-order interactions between users
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and items. In addition, a lot of rich comparative experiments are performed on two datasets, MovieLens and Anime, and the results
confirm its feasibility and effectiveness. Meanwhile the optimal parameters of the model were determined through experiments.
Key words: collaborative filtering; linear inner product; generalized matrix factorization; hidden layers; high-order interaction
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Table 3 Performance comparison of deep matrix factorization andbaselines
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Fig.2 HR@lO and NDCG@10 of models with different potential vector dimension in MovieLens
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Fig.3 HR@10 and NDCG@10 of models with different potential vector dimension in Anime
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Fig.4 HR@10 and NDCG@10 of models with different number of negative samples collected in MovieLens
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Fig.5 HR@10 and NDCG@10 of models with different number of negative samples collected in Anime
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Table 4 HR@10 of models with different layers in MovieLens
F 4 MovieLens ¥4 £ T AN JZHIHA K HR@10

WAE I YR GMF DMF-1 DMF-2 DMF-3 DMF-4
10 06541 0.6549 06533 06550 0.654 3
20 0.6841 0.6913 06922 06997 0.7000
40 07012 07023 07050 0.7071 0.7038
80 0.694 1 0.700 07015 07030 0.696 7

Table 5 NDCG@10 of models with different layers in MovielLens
% 5 MovieLens #i 4 T A [l |2 £t 65 5L ) NDCG@10

WEALE ) Y GMF DMF-1 DMF-2 DMF-3 DMF-4
10 03783 03786 0.3792 03798 0.4195
20 04171 04189 04195 04225 0.4388
40 04234 04314 04294 04432 04507

80 0.422 1 0.422 4 0.423 8 0.4358 0.436 0
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Table 6 HR@10 of models with different layers in Anime
%6 Anime ¥ifi 4 AR A2 SRR ) HR@10
WIEM %Y GMF  DMF-1 DMF-2 DMF-3 DMF-4

10 0.6762 0.6808 0.6823 0.6859 0.6892
20 0.7110 07300 0.7312 0.7324 0.7349
40 0.7397 07626 0.7739 0.7853 0.767 8
80 0.7365 0.7723 0.7729 0.7744 0.7711

Table 7 NDCG@10 of models with different layers in MovieLens
F 7 Anime HHRE T AR ZEMATE T NDCG@10

WAL ) Y )E GMF DMF-1 DMF-2 DMF-3 DMF-4
10 04105 04149 04162 04235 0.4296
20 04422 04637 04622 04606  0.4652
40 04712 05005 04967 05321  0.4922
80 04698 05085 05158 05184 05088
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