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Survey of Data Management Techniques Powered by Artificial Intelligence

SUN Lu-Ming', ZHANG Shao-Min', JITao', LI Cui-Ping', CHEN Hong'
!(School of Information, Renmin University of China, Beijing 100872, China)

Abstract: Traditional database systems and data management techniques are facing great challenge due to the 3V’s in Big Data. The
development of artificial intelligence provides a brand-new opportunity for database management systems with its power in learning,
reasoning and planning. Through learning from data distribution, query workload and query execution performance, the systems powered
by artificial intelligence are able to forecast future workload, tune database configurations, partition data blocks, index on proper columns,
estimate selectivity, optimize query plan and control query concurrency automatically. Also, some machine learning models can replace
core components of a database such as index structures. In this paper, we introduce new research on database systems with artificial
intelligence and state the existing problems and potential solutions. In the end, we propose the future research directions.
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Fig.1 Roadmap of the contents of this survey
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Table 1 The comparison of different auto-tuning systems
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Table 2 The comparison of different partitioning methods
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Fig.2 The development process of index recommendation
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Fig.3 Classification of cardinality estimation methods based on artificial intelligence
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Fig.4 Classification of cost estimation methods based on artificial intelligence
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Fig.5 Process of query optimization using artificial intelligence
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