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Research on cardinality estimation based on
multi-head self-attention mechanism

WANG Yan, CHEN Shanshan

('School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

[ Abstract] Cardinality estimation is a key step in database query for that the query optimizer of the database will select the final
plan to be executed from multiple physical execution plans according to the expected result obtained from the cardinality estimation.
Aiming at the problem that the traditional cardinality estimation method does not consider the possible logical relationship between
the various columns of the data, and the problem of low estimation accuracy in the case of huge amount of data, this paper proposes
a multi-—head attention based neural network. The cardinality estimation model with the mechanism uses the logical relationship
between data columns to improve the extraction efficiency of SQL feature relationships. And by targeting different components of the
sentence, a variety of finer—grained encoding methods are used to effectively extract the logical features between the data. The multi
—head self—attention mechanism is used on the feature data, which finally improves the prediction accuracy of the model in the
cardinality estimation. The experimental results on the IMDb ( Internet Movie Database) dataset show that this model can effectively
improve the accuracy of cardinality estimation.
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Fig. 1 Machine learning based cardinality estimation model

framework
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Fig. 2 Join coding process example
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Fig. 4 Scaled dot—product attention mechanism
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Fig. 5 Multi—head self-attention mechanism
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Tab. 1 Experimental configuration
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Tab. 2 Comparison with the other four methods

WIS LR 90th 95th 99th FoRME FHE
MySQL 2.45 25.03 56.47 627.00 494 235 352.00
PostgreSQL 1.87 12.80 28.10 492.00 387 445 140.00
IBJS 1.11 10.37 44.60 300.00 267 239 124.08
MSCN 1.48 8.32 14.32 56.37 1614 5.12
AR5k 1.62 15.40 13.69 53.95 1 603 4.80
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