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Recommendation Algorithm of Euclidean Embedding Based on Deep Learning

YU Yonghong', YIN Kaiyu', WANG Qiang', ZHANG Wenbiao', ZHAO Weibin'*
(1. Tongda College, Nanjing University of Posts and Telecommunications, Yangzhou, 225127, China;
2. State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing, 210023, China)

Abstract: Recommender systems can effectively reduce the information overload by recommending items that
users may be interested in. Euclidean-embedding-based collaborative filtering methods map users and items to
a unified latent space, which is one of the most important methods to build a recommender system. However,
traditional Euclidean-embedding-based collaborative filtering methods only consider the low-order interaction
between user latent feature vectors and item latent feature vectors, and cannot efficiently model the complex
interaction behavior between users and items in the real world. In this paper, we propose a deep~Euclidean-
embedding-based collaborative filtering algorithm, which utilizes deep learning technology to learn the high-
order and nonlinear interaction function between user latent feature vectors and item latent feature vectors.
This can model the complex interaction behavior between users and items. Experimental results on real-world
datasets show that our proposed algorithm outperforms traditional collaborative filtering algorithms.

Key words: recommendation algorithm; collaborative filtering; Euclidean embedding; deep learning
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Table 1 RMSE comparison on MovieLens100K

Algorithm RMSE

K=28 K=16

UserKNN 0.963 767
MF 1.149 126 1.142 656
PMF 0.966 922 1.050 630
U-AutoRec 0.972 055 0.959 055
EE 0.955 314 0.988 065
DEE 0.939 286 0.939 490

%2 7£MovieLens100K ¥ #E % F# MAE X bt
Table 2 MAE comparison on MovieLens100K
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%3 7ZEFilmTrust ##E % £ & RMSE Xttt
Table 3 RMSE comparison on FilmTrust

Algorithm RMSE
K=38§ K =16
UserKNN 0.841 072
MF 1.974 924 1.903 592
PMF 1.042 606 1.126 781
U-AutoRec 1.002 370 1.027 592
EE 0.813 190 0.826 568
DEE 0.806 536 0.807 158

®4 FEFilmTrust B #E &£ L MAE 3 bt
Table 4 MAE comparison on FilmTrust
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