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Recommendation System Research Based on Hierarchical
Context Factorization Machines

QIN Dalu, LI Xiaoyu

(Information Engineering College, Zhengzhou University, Zhengzhou 450001, China)

Abstract: In the recommender systems based on collaborative filtering, the factorization machines model (FM) is a gen-
eralized model based on matrix factorization method which needs no specific support vectors. It can be applied in regression and
classification and process sparse matrix exactly. By modifying FM it's possible to consider the context and implement hierarchi-
cal processing the context without improving the time complexity. Experiments on two group of real data have been done under

different indices. Its proved that the modified model is better than the previous models in accuracy rate and learning speed.

Keywords: recommended system; collaborative filtering; matrix factorization; context; factorization machines



