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Kernel Density Estimation

Problem: Given a dataset x, ..., x,, € R%,

estimate density at a query point y € R,

Method: Define a similarity measure

(“kernel”): k: R*xR% — [0,1]

Define the Kernel Density Estimation as:
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KDEx(y) == ) k(x;y)
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Examples of popular kernels:
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“Exponential”: k(x,y) = exp (—
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“Laplacian”: k(x,y) = exp (—
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“Gaussian”: k(x,y) = exp (— -
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“Cauchy”: k(x,y) =

Methods for fast KDE

Goal: Compute a (1 + €) approximation of KDEy (y).

Assumption: KDEy(y) = 7 forsomet > 0. (i.e.: Query not too unrelated to dataset)

Method Query time

Exact computation O(n)

Space usage & preprocessing time

None
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Vanilla uniform sampling
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Hashing-based estimators (HBE)
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Best of both

worlds

This work (modified HBE)
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HBE [CS'17]: Use Locality-Sensitive Hashing (LSH) in

Our space-efficient HBE: Introduce

preprocessing for importance sampling in querying.
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random drop-out in the hashing step.
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