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Privacy Amplification
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IConvergence Optimality
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Proof for regular PGD
w't aurgEein Uw

2 KeyQuantities

Claim Measure of progress I
ExcessRisk Distan

wt L wit s M 119th tow
It 11 11 HEHE'T

Excess Risk
Reduction on Squared distances

Proof for id FIE we
By Jensen Inequality for convex function

lait I
hi

compare w Te wit Llwt 1Gt w wt

Lfo L w't s E Unt uw D use ProgressClaim

E Ia may 119th t Hwa wHi Hwa WHY

E't G t fun with

EEG I GLI
27T DT

Sety
Equalize Rey



Noisy 1Private PGD
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