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Abstract: In recent years, the personalized context-aware recommendation is the rub and hotness in the
research of recommendation system, and the data sparseness is the main problem faced by the current
recommendation systems. In the setting of music recommendation, the representing method of varieties of
situational information is improved. A model of TFPMF is proposed, which combines the model of
RR-PMF with the tensor decomposition. TFPMF is optimized by alternative least squares (ALS). By the
simulation experiments in the last.fm dataset, we got the TOP-N recommended list through the simulation
program. The simulation results show that the proposed algorithm has great advantages in the evaluation
index of Precision, Recall and NDCG, and the algorithm can effectively alleviate the data sparsity
problem.
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Fig. 4 Precision comparison of different iteration steps
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Tab. 2 Comparison of results of different algorithms

M % Precision@10 I %%  Recall@10  2TH%/% NDCG@10  2F+%/%
Pre-RR-PMF 0.021 58 82.53 0.01301 82.55 0.024 46 84.10
306 TFMAP 0.022 75 73.14 0.013 72 73.10 0.025 86 74.13
TFPMF 0.039 39 0.023 75 0.045 03
Pre-RR-PMF 0.022 75 63.43 0.013 89 61.84 0.026 17 63.13
844 TFMAP 0.02176 70.86 0.01316 70.82 0.024 74 72.55
TFPMF 0.037 18 0.022 48 0.042 69
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Tab. 3 Iteration time of single step in different algorithms
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