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Problem Statement Reminder: General Utility Lower Bounds |[3]
DP-ERM [1]: find (€, 0)-DP approximation of » Convex loss
. (")~ f(w) = 0 (L2 Ll ']
w" € arg min {f(w) = —Zf(w; d,-)}
weR! s » Strongly-Convex loss (i.e., when f — 5 |-||5 is convex)
Where /(-, d;) is, for all w, v € RP, T )
()~ f(w) = 0 (B ILE)
» Convex: £(w;-) > L(v; )+ (VLl(v;-),w — v) H
» Lipschitz: |V l(w;-)| < L; Problem: dependence on dimension p is high
> Smooth: [Vl(w;-)=Vl(w + te;; )| < Mt Idea: exploit structure to outperform lower bounds!

Notation: Lmin = mi L', Lmax — L; f Mminy Mmax . ° g
OHaHon s max L; (same for ) Algorithm: Private Greedy Coordinate Descent

Initialization w® =0, T > 0, Vi = 1

J

Private Greedy Coordinate Selection

Report-noisy-max [2]: add noise and select largest entry for t = 0to T — 1 do
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—> and noise scale does not depend on the dimension! return w .

Private greedy coordinate descent naturally exploits problem structure

to achieve near dimension independent utility in DP-ERM.

General Utility Results Better Utility in (Quasi) Sparse Problems
P g 1 (v, 7)-quasi-sparse solution: at most 7 values greater than «
Scaled norm ||w — v||,, .= (Z M?|w; — vj|q>q, for g € {1,2} _ o .
q P J With « small enough, assuming iterates remain (0, s)-sparse:
With ility 1 — (:
Ié proba;b' 'ty G f(WT) — f(w*) =0 (s + 7-)2 log(2p/() ngax
» Lonvex |oss n2¢2 Miinfim 2
og(p/¢) Rupalma
T *\ M,1=max . : - : : : _
flw') —f(w*) =0 FTCE R DP-GCD is fast in first iterations [4| = iterates remain sparse
Proximal Variant for Composite Problems
where Ry 1 = max min {HW w¥pyq | Flw) < f(w )}
welRP w*e)YV* 1

Initialization w® =0, T > 0, Vi = ir
fort=0to T —1do

. ,UM q
» Strongly-Convex loss (i.e., when f IS convex .
g y ( 7 H || M ,d ) J — arg max { m|n { ‘v f + XJ _I_ §J| }} X}/N Lap(SLﬂ/TnLog(l/é))
J€lp] e (wy) ~ VM
2 t+1 /T log(1/9)
T % log(p/C) Lmax W = proxfyj@bj(w — VJ(va( ) + 77j)) )} ~ Lap( "V 2E00)
flw?) = f(w) =0 e M., return w'
mm,u M.1 -
Works in practice, but analysis is an open problem!
Experiments (with e = 1,5 = 1/n?) References
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