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Context: sketched learning Privacy formalism: Differential Privacy (DP)
A framework to learn from compressed datasets [2], made of two steps: Question: how to protect sensitive datasets when learning?
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Learning tasks that can (currently) be solved with sketching: k-means clustering, GMM fitting, PCA.

Contribution: private sketching for (e.g.) k-means clustering
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sketching in formal privacy guarantees. .I .
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Idea: construct private sketch s, using two privacy-inducing elements: - Learning N
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The noisy sketch s, can be released publicly without harming the privacy of users in X.

Experimental results: solving Compressive k-Means (CKM) on the private sketch s,

Problem: k-means clustering

Privacy-utility tradeoff (k = d = 10, n = 107, synthetic data, medians/50 trials.)
Input: X = {x,,...,x,} C R? a set of n d-dimensional points. 1004
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» The bounds are actually tight (a bit trickier to show).
SNR = = where «

a
Z"Zl Var((sy);)  1— a|z]? + 390’ R > Guaran.tees for PCA as \{vell.
» Extension to other learning tasks.
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