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An Efficient Data Partitioning Method Based Cell Partitioning
Parallel Hierarchical Agglomerative Clustering
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ABSTRACT

In today’s growth in CPU-based parallel and distributed computing fields, general-purpose graphics processing
unit(GPGPU) has shown tremendous success in computing speeds. Data partitioning is a very important task in
applications in the field of data mining with various domains. In addition, hierarchical agglomerative clustering is
a useful method of identifying the number and pattern of clusters using the clustering hierarchy. The traditional
hierarchical agglomerative clustering repeatedly searches for the closest cluster pair until all clusters belong to a
single cluster. This task increases complexity of time and memory, to solve this problem, Shalom et al. described
and implemented an efficient cell partitioning partially overlapping hierarchical agglomerative clustering. In this
paper, we propose a cell partitioning parallel hierarchical agglomerative method by improving the cell partitioning
partially overlapping hierarchical agglomerative clustering method proposed by Shalom et al. Experimental results

show that the proposed method improves about 2~10 times than traditional hierarchical agglomerative clustering.
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