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Research on multi—query optimization problem in knowledge graph

GUO Xintong, GAO Hong
(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] Multi-query optimization (MQO) aims to identify common sub—expressions of a set of queries, cache their results,
and assemble queries’ final results to avoid redundant computation. Due to the NP-hardness of MQO in knowledge graph, existing
methods could not detect common subquery gracefully and cannot assure the runtime reduction after optimization,either. This paper
presents Leon, a distributed in—memory knowledge graph query engine, to address the MQO problem. Leon applies a characteristic
—set—based indexing and partitioning scheme, which is simple but time —saving. This paper proposes a novel MQO algorithm
targeting the high complexity of common sub—expression detection. It uses characteristic sets to filter out the non—promising queries
and then discover the high—quality common subquery in the remaining ones. The extensive experiments prove that Leon outperforms

10x faster over the baseline method.
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