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Time-based Local Collaborative Filtering Recommendation Algorithm on Tensor Factorization
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Abstract Traditional recommendation models are stationary with neglecting time factor. Some recommendation algo-
rithms take time factor into consideration, but what they do is using the latest data or reducing the weight of past data.
It may lead to the loss of some useful information. To solve the above problem,a time-based local low-rank tensor fac-
torization algorithm was proposed. In contract to standard collaborative filtering algorithms, our method does not as-
sume that the rating matrix is low-rank. We relaxed the assumption and assumed that the rating matrix is locally low-
rank. The algorithm takes time factor into consideration and views rating matrix as 3-dimensional sensor based on the

traditional recommendation algorithms which extend the traditional algorithms to tensor field, Experiments show that

the algorithm could improve the efficiency of ranking recommendation.
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