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Background: Kernel Density Estimators
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Background: Kernel Density Estimators for Multi-
Dimensional Selectivity Estimation [1]

The bandwidth matrix H controls the smoothing applied on the
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* Range selections over base tables
* Bandwidth optimization based on the estimation error
e Easy model maintenance

[1] Self-Tuning, GPU-Accelerated Kernel Density Models for Multidimensional Selectivity Estimation, SIGMOD’15



The Problem:
Multi-Dimensional Join Selectivity Estimation
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* and generalization to multiple joins

* Databases: Independence Assumption

* Often violated
* Introduce large errors, potentially bad query plans

» Research: Various Methods (e.g. Sampling, Sketches)
* Our Approach: Kernel Density Estimators



Why KDEs for Join Selectivities?

* Multivariate Estimator
* No independence assumption

* Hybrid between samples and histograms
* Small bandwidth: Sample evaluation
* Increasing bandwidth: More smoothing, increasing bucket sizes
* Bandwidth optimization selects proper bandwidth



The Approach: Join and Base Table Models
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Table Model: Computation Components
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Table Model: Sample Pruning
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Table Model: Cross Pruning
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Evaluation: Scaling the Model Size
(Postgres)
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Evaluation: Scaling the Model Size
(Table Sample)
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Evaluation: Scaling the Model Size
(Correlated Sample)
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Evaluation: Scaling the Model Size

(AGMS Sketch)
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Evaluation: Scaling the Model Size
(Join Sample)
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Evaluation: Scaling the Model Size
(Join Sample + KDE)
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Evaluation: Scaling the Model Size
(Table Sample + KDE)
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Runtime: CPU vs GPU
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Conclusion

KDE models for join selectivity estimation

“Getting most out of your sample”

Based on join or base table KDE models

Learning hybrid between histograms and samples
GPU-acceleration possible

Experiments, data, and code online

“Estimating Join Selectivities using Bandwidth-
Optimized Kernel Density Models”, PVLDB 17

github.com/martinkiefer/join-kde
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