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Query Optimization of Data Based on Window Function and
Distributed Cluster in Visual Academic Search System
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Shanghai 200240, China)

Abstract: In order to address the issue of the poor performance of traditional MySQIL database in
application scenarios of densely analytical query requests and massive data processing, we proposed an
approach based on window functions for analytical SQL query optimization. The approach replaces the
fundamental grouping operation by the partitioning operation. In addition, we also designed distributed
clusters based method for massive data query optimization, the method utilizes the in-memory columnar
storage technology and Spark cluster’s distributed computation to lift the query performance. Meanwhile,
the validity of the proposed approaches has been verified by typical analytical SQL queries. Experimental
results show that the proposed methods have improved the query performance significantly, as the query
optimization based on SparkSQL has reduced the execution time by a wide margin compared to traditional
relational database MySQIL. These proved the effectiveness when the methods are applied in AceMap, a
visual academic search system.
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