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ABSTRACT

Collaborative filtering (CF) is a system that interprets the relationship between a user and a product and recommends the product
tfo a specific user. The CF model is advantageous in that it can recommend products to users with only rating data without any
additional information such as contentfs. However, there are many cases where a user does not give a rafing even affer consuming
the product as well as consuming only a small portion of the total product. This means that the number of ratings observed is very
small and the user rating matrix is very sparse. The sparsity of this rafing data poses a problem in raising CF performance. In this paper,
we concenfrate on raising the performance of lafent factor model (especially SVD). We propose a new model that includes product
similarity information and co  occurrence information in SVD. The similarity and concurrence information obtained from the rating data
increased the expressiveness of the latent space in terms of latent factors. Thus, Recall increased by 16% and Precision and NDCG
increased by 8% and 7%, respectively. The proposed method of the paper will show better performance than the existing method when
combined with other recommender systems in the future.
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(Table 1) Parameter setting
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(E 2) Recall, Precision, NDCG
(Table 2) Recall, Precision, NDCG
Recall

@5 @10 @15 @20 @25 @30

SVD 0.053 0.086 0.113 0.138 0.16 0.18
SVD+S 0.058 0.092 0.121 0.146 0.169 0.19

SVD+C 0.061 0.096 0.123 0.148 0.17 0.19
SVD+CS 0.064 0.102 0.132 0.157 0.182 0.205
Precision

@5 @10 @15 @20 @25 @30
SVD 0.112 0.093 0.083 0.076 0.071 0.068
SVD+S 0.117 0.096 0.086 0.079 0.074 0.07
SVD+C 0.122 0.099 0.087 0.08 0.074 0.07
SVD+CS 0.123 0.101 0.09 0.082 0.077 0.072
NDCG

@5 @10 @15 @20 @25 @30
SVD 0.215 0.226 0.228 0.229 023 0.23
SVD+S 0.225 0.231 0.232 0.234 0.234 0.234
SVD+C 0.233 0.235 0.233 0.237 0.236 0.234
SVD+CS 0.239 0.24 0.243 0.242 0.244 0.244
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(Figure 1) Recall
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