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directly plug in private gradients to estimate the statistics ?
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How to effectively adapt to the geometry of gradients under DP?

directly plug in private gradients to estimate the statistics ?

first privatize the gradients

g < ‘;‘ (Z clip (gi”, C) + N (0,02C2)>

estimates can be very noisy!
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AdaDPS: Private Adaptive Optimization with Side Information

Convergence:

(informal) rate: O (\/}) + O (\/1? - [“«1’”@])

reduced DP noise when the gradients are sparse
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A encodes how predictive each coordinate is

preconditioning before privatizing the gradients
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Full paper:  arxiv.org/abs/2202.05963

Code:  github.com/litiang6/AdaDPS
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