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BACKGROUND

• Gradient perturbation:

• ෤𝑔 = 𝑔 + 𝑧,  𝑔 ∈ ℝ𝑝 and 𝑧 ∼ 𝑁 0, 𝜎2𝐼𝑝×𝑝 .

• The curse of dimensionality:

• The intensity of the added noise scales with 𝑝.



MOTIVATION

• Gradients have low stable rank!

• Energy concentrates on low-dimensional subspace.

• To reduce the influence of noise:

• Find a proper subspace for projection,

• Deal with the projection error.



• Flow chart of Gradient Embedding Perturbation (GEP):

METHODOLOGY OVERVIEW



• Compared with GP, the output of GEP 

• has smaller variance because we use low-dimensional noise for gradient embeddings,

• is an unbiased estimator because of the residual gradients (if without clipping).

ANALYSIS OF GEP

• For convex DP-ERM, we show
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, where 𝑘 is the projection dimension and ҧ𝑟 denotes the norm of residual gradients. 



EXPERIMENTS
GP: standard gradient perturbation. 

PATE: private learning with ensemble of teachers.

B-GEP: Biased-GEP, GEP without residual gradients.


