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Data Release
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Synthetic Data Generation




Differential Privacy




Data Generation via Kernel Mean
Embedding

Privatization via perturbation
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Approximations of Gaussian
Kernel
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1. Random Features (Harder et al. 2021): k(x, y) ~ 7 Z cos(w,;x)cos(w;y) for

i=1

1
w; ~ N(0,1) U =— 2 [cos(w;x), ..., cos(w x)]
m
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2. Hermite Features (DP-HP): k(x,y) ~ = Z Bde(x)e—axZ[_]d(y)e—o:y2 for d-th
i=1
Hermite polynomials H,( - )
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== Z VBae ™ [H (%), ..., Hy(x)]
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Representation Dimension vs.
Perturbation Effect
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Representation Dimension vs.
Approximation Power

error from RF approximation




accuracy

Experiments

Digit MNIST downstream accuracy under subsampling
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real data

ful MMD € =
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