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Statistics are everywhere!
Algorithms | Systems | Analytic Pipelines
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SQLShare: Results from a Multi-Year SQL-as-a-Service Experiment  
Shrainik Jain, Dominik Moritz, Bill Howe, Ed Lazowska. SIGMOD 2016
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Repetition is everywhere - between 50% to 99%
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NumPy (Python) | ModelTools (R) | MonetDB
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Data

Existing systems always compute statistics from scratch
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Data Canopy
Statistical queries

Data

Library of building blocks

Avoid redundant data access to accelerate statistical analysis
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Data Canopy: Accelerating Exploratory Statistical Analysis

Data Canopy synthesizes statistics from basic ingredients

Statistics are everywhere! Repetitive statistics and data access
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daslab.seas.harvard.edu/

Thank You !
queriosity
data-canopy

mailto:awasay@seas.harvard.edu
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Leaves: basic aggregate on every chunk

f(⌧1) f(⌧2) f(⌧3) f(⌧4)

⌧i = {⌧(Xi)}
Xi

Chunk

Internal node: Aggregate function applied to its two children

f({f(⌧1), f(⌧2)}) f({f(⌧3), f(⌧4)})

f({f(⌧1), f(⌧2)}, {f(⌧3), f(⌧4)})

*f(X) = f({ f(X1), f(X2), … f(Xn) })

Segment Tree in Data Canopy
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