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Research on approximate aggregation query

processing based on random sampling: A literature review
HU Huan, LI Jianzhong
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[ Abstract] An aggregation query is a SQL query that returns one or more aggregate values. Aggregation query processing is a basic

component of online analytical query processing (OLAP) , and it is widely used in decision—support systems in order to help the

company make commercial decisions. When data cardinality is high, random sampling is often adopted to accelerate aggregation
=
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query processing. Random sampling—based approximate aggregation query can be classified into two categories, which are online

random sampling—based approximate aggregation query and offline random sampling—based approximate aggregation query. They

have different application scenarios. This paper covers the research background and related works on them as well as the existing
error estimation methods. Finally, the paper is concluded with the challenges for the current research.
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