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Spark Based Large-scale Semantic Data Distributed Reasoning Framework
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Abstract With the emergence of large-scale semantic data, the study of efficient parallel semantic reasoning has already

become a hot topic. In terms of scalability . most of the existing reasoning frameworks still have deficiencies,so it is hard

to meet the needs of large-scale semantic data. To solve this problem,a distributed reasoning framework for large-scale

semantic data based on Spark was proposed in this paper,which is composed of 3 modules,including semantic modeling,

rule extraction and Spark-based parallel reasoning. The result of the process analysis and reasoning instance reveals that

computing performance of the proposed distributed parallel reasoning (T(n) =0O(log;n)) is far better than that of se-

quential reasoning (T'(n)=0(n)).
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