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Exploratory Workloads Exhibit Repetition G
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How Do Existing Tools Perform?

NumPy (Python) | ModelTools (R) | MonetDB
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Q1- Mean

Q2- Var.
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How Do Existing Tools Perform?
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Statistical queries
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Library of building blocks
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Q: Monthly Variance

Chunk size: 7 (a week)
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Q: Monthly Variance (%ZXZ)—(%ZXY
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Var (first week) S X (2 X)) Reuse between ranges

Monthly mean 27 2 X Reuse between statistics

Mean (first week) % DX Mixed

Chunk size: 7 (a week)
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Var (first week) % > Xi - (% > Xi)’ Reuse between ranges

Monthly mean 37 2 X Reuse between statistics

Mean (first week) % DX Mixed

Chunk size: 7 (a week)
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Var (first week) % > Xi - (% > Xi)’ Reuse between ranges

Monthly mean 37 2 X Reuse between statistics

Mean (first week) =) X Mixed

Chunk size: 7 (a week)
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One segment tree per basic aggregate per column r‘
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One segment tree per basic aggregate per column r‘
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Calculate variance|in temperature pbetween May 15 and Oct. 15
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Segment tree traversal

O(log(n/c))
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Segment tree traversal

O(log(n/c)) 0(c)

Residual range scan
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Segment tree traversal

Total cost = O(log(n/c) +c)
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Total cost = O(log(n/c) + c)
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Total cost = O(log(n/c) + c)
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Accelerate
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hints

Data Canopy daslab.seas.harvard.edu/queriosity




DATA SYSTEMS. | ACO=ATORY

@ Harnvard School of Engineering and Applied Sciences

Designing data systems for the big data era

data-canopy . e.

daslab.seas.harvard.edu/ queriosity ./

Thank You !
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Segment Tree in Data Canopy

Cfﬁ) Cfﬂ Cfﬂ oy

T = {7(X;)} ﬁ____|

X;

T Ol

Leaves: basic aggregate on every chunk

Internal node: Aggregate function applied to its two children
*1(X) = 1({ 1(X1), 1(X2), ... {(Xn) })
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Handling Memory Pressure
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Memory Feasibility — 8GB
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Scaling with Queries
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Selecting the Chunk Size
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