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[ Abstract] In order to solve the problem that the collaborative filtering algorithm has low recommendation efficiency
when processing a large amount of data, an adaptive hybrid collaborative recommendation algorithm is proposed. The
algorithm adjusts the weight of the model based on the to-be-recommended user activity and the freshness of target items.
The similarity between items is calculated based on the tensor decomposition. The prediction result is generated based on
short path enumeration superposition. Experimental results show that compared with the CBCF algorithm, the proposed
algorithm improves the recommendation accuracy by 28.6% .
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