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Query feedback to the rescue

Patterns in estimation errors Estimation error stats from query feedback Future work
Predicate: (columnA, operator, {columnB, value}) Selectivity estimation is executed thousands of - Evaluate impact on performance for OLTP and OLAP
times per second: calculations need to be fast workloads

Hypothesis: predicates involving two correlated

columns will show patterns in selectivity error
For each predicate, store: » Extend stats collection and selectivity adjustment to

. number of executions n pairs of (columnA, operator, value) predicates

average
* sum of selectivity errors sum(e.)
* sum of squared errors sum(e.2) _ o o

- Automate refreshing the data distribution statistics
Jariance Separate over- and under-estimation stats: finer when they are detected stale
/ distribution approximation, better decisions
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