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Research on Shortest Path in Dual Parallel Environment

Sun Yugiang, Li Yinyin, Gu Yuwan

(School of Information Science &. Engineering, Changzhou University, Changzhou

213164, China)

Abstract: Parallel problem and shortest path problem has become a hot research topic, traditional shortest path algorithm cannot meet

the demand of the explosive growth of the data processing, especially when the network size is large, the computation time and storage space

required is greatly increased. The emergence of MapReduce model, brings a new solution to solve the shortest path. GPU has powerful par-

allel computing capability and storage bandwidth, and CPU has obvious advantages. By studying MapReduce model and GPU implementation

process analysis, pointed out the shortest path parallel method based on MapReduce model alone existing problems, and reduce the perform-

ance of the system. The innovation of this paper is combine MapReduce and GPU to form double parallel model, parallel preprocessing data,

the data transfer and synchronization overhead for the shortest patht, increase data dynamic processor. Compared with the average speedup

of performance evaluation index of parallel algorithm, the results show that the computation of the shortest path in double parallel environ-

ment improves the speedup.
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