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Algorithmic acceleration of matrix factorization based recommendation system
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and Optoelectronic Chips, Shenzhen Technology University, Shenzhen 518118, Guangdong, China)

Abstract; In order to reduce the training time of matrix factorization (MF) based recommendation system, specifically considering
the fine-grained structured sparsity of the decomposed matrices, which caused unnecessary multiplications and increased the overall
time of training process, an algorithmic acceleration method, based on joint sparsity of the decomposed matrices and approximate
matrix multiplications, was proposed. According to an observation that the trends of sparsity on all latent vectors generally hold, an
algorithm to rearrange the feature matrices during the first a few training epochs, based on joint sparsity, was proposed. An early
stop algorithm was applied to eliminate unnecessary multiplications during the training process. The experimental results showed the
total number of multiplications could be reduced by up to 28.41%, and the correlation between the predicted ratings produced by the
conventional and proposed methods was around 0.95. The acceleration method could greatly reduce the total number of
multiplications during MF training process, causing a minimal error, and more multiplications were expected to be eliminated for the
recommendation systems with larger scales.
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