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Abstract As one of research focuses of natural language processing, syntactic analysis has received much attention. Ai-
ming at low efficiency and mediocre accuracy of current syntactic analysis methods, we investigated a parallel method of
Chinese syntactic analysis on the cloud computing platform with the advantage of the computing power of cloud compu-
ting. We realized the parallel Chinese syntactic analysis on the built Hadoop cloud computing test platform with open

corpus and source parser. Both experimental results and theoretical analysis confirm the feasibility, effectiveness and
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stability of the proposed method of parallel parsing based on Hadoop platform.
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