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An optimized algorithm of K-means based on
data set partition on CMP systems
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Abstract: The traditional K-means clustering algorithm is not designed to focus on parallelization, which can not
make use of the multi-core computing capability of the modern CPU. Therefore, the clustering efficiency of the tra-
ditional K-means for massive data set should be further improved. In this paper, a novel algorithm named Multi-core
K-means ( MC-K-means) after redesigning the original K-means that focuses on parallelization in a chip multi-pro-
cessor CMP environment is proposed. In order to utilize the multi-core computing capability of the modern CPU,
MC-K-means partitions the clustering tasks into some independent and balanced subtasks and distributes these sub-
tasks to the threads to execute parallel. The experimental results showed that the MC-K-means algorithm received
the relatively higher speedup rate compared to the K-means algorithm, which improves the handling capacity for
massive data set.
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Table 1 Speedup rate details of different data sizes

Data Set MC-K- PKMeans_ PKMeans_
Size/x10°  means MT MR
180 3.6 3.1 2.52
360 3.62 3.11 2.51
540 3.64 3.14 2.53
720 3.68 3.15 2.54
900 3.68 3.15 2.53
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Table 2 Speedup rate details of different data size

Data Set MC-K- PKMeans_ PKMeans_
Size/x10° means MT MR
180 3.71 3.16 2.52
360 3.73 3.23 2.53
540 3.75 3.27 2.54
720 3.76 3.29 2.53
900 3.75 3.29 2.54
250
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