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Diversified Sampling?

Choose a representative subset

Several formal definitions - see our paper
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Roughly: Pick points from each cluster (class)




Metagenomic community profiling: Cluster = Species
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Disclaimer: Cluster model is for intuition only - real distributions are far more complex.



In bioinformatics, each point is a “read”
- B BN B B B B B B E B Pr
L J

T

"reads" ]




In bioinformatics, each point is a “read”

= B BEE BB B E B BE B B B BT
"reads" [T H

\



In bioinformatics, each point is a “read”

= B BEE BB B E B BE B B B BT
"reads" [T H I =

\ /



Why?

B 1 TB (hard drive)



Sequence Read Archive
~ 43 petabytes
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2021 - 2022

Sequence Read Archive
~ 43 petabytes
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Hard drive

Fast - one pass!

Diversified Samplin
Low memory



Diversified Sampling

Low memory
Fast - one pass!
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Our datasets
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Random sampling
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Random sampling
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What we want
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Inverse Propensity Sampling
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Inverse Propensity Sampling
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Inverse Propensity Sampling
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Inverse Propensity Sampling
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Our threshold-based approach
(it's cheaper, but equivalent)
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Inverse Propensity Sampling
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Inverse Propensity Sampling

KX
o060 Our threshold-based approach
Now we keep all classes
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How do we calculate propensity scores?

e We need a likelihood model
e \We estimate this with Kernel Density Estimation
e Density = sum of similarity kernels
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RACE Sketch for KDE

Genomic metric space: Jaccard string distance
Similarity kernel: MinHash Kernel
Cheap and small way to estimate the propensity
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