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GPU-based parallel collaborative filtering algorithm
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Abstract: In order to improve the scalability of collaborative filtering algorithm, this paper provided an algorithm of GPU
based parallel collaborative filtering. GPU used single instruction multiple data (SIMD) , and was proper for calculating weak
logic and large amount data, which was exactly the features of collaborative filtering. It designed the whole procedure of the
GPU based parallel collaborative filtering and implemented it using CUDA. The experimental results show the algorithm is very
efficient to process the large-scale datasets with good accuracy.
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