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Study on Parallel K-means Algorithm Based on CUDA
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Abstract When k-means algorithm is confronted with large dataset,the computation time will grow exponentially with
the increase of the dataset. In order to improve the computational performance of this algorithm, this paper designed a
parallel k-means algorithm based on CUDA (Compute Unified Device Architecture) programming model, called GS_k-
means. According to the parallel analysis of k-means algorithm, the global selection is used to determine whether the
cluster of data is changed before distance calculation, thus reducing redundant computation. The calculation speed is ac-
celerated by using the universal matrix multiplication in distance calculation. When the cluster center is updated.all data
are grouped by cluster tag,and the data in the group are simply added,thus reducing the atomic memory operation and
improving the overall performance. The experimental results on KDDCUP99 dataset show that on the condition of ensu-

ring the accuracy of the experimental results,the improved algorithm the calculation speed and is five times faster than

the classical GPUMiner algorithm.
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