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DP-ERM (Chaudhuri et al., 2011);
ZZ w; d;) + P (w)

w” € arg min F'(w
welRP

Under (e, 5)—different|a|—pr|vacy

Where £(-, d;) is, for all w,v € R?,

» Convex: f(w;-) > l(v;-) + (VL(v;-),w
» Lipschitz: |V l(w;-)| < L;

» Smooth: |V {(w

and Y (w) =

— )

§:1 %’(wj) is convex, separable

DP-CD Algorithm

)= Vil(w +tej; )| < M; |t

Init. w'; o; >0, 1T, K >0; v >0

fort=0,...., 7 —1do
Qo—wt
for k=0,...., K —1do

g~UHL,...,p})
6),?“ - prOX’YﬂDj(QI; — (Vi f(0%) +n;))
with n; ~ N(0, 07)

W't =53 6

return 12" = ol

Privacy

Differentially Private Coordinate Descent
for Composite Empirical Risk Minimization

Paul Mangold!, Aurélien Bellet!, Joseph Salmon? and Marc Tommas:i

"lnria Lille,  ? Univ. Montpellier

Utility Results, with norm HXH?W_1 —

-1

P M:'X?
1=1""7 1

» Convex with R); = max(||w" — w*|| 1, F(w
3pR;

— F*),setT =1,K >0
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» Strongly-Convex (i.e., F(w) > F(v) + (VF(v),w
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sy ] < B, 12K105(1/0) LG _ 5 (fRM 2 )

—v[l},), set T >0, K = O(p/pu)
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Lower Bounds, assuming »

,]68

F(u") — Fw') 48T log(1/8) LI}y _ 5 ( pIILIG )

11 n2e2 11 n2e2

= Q(|| L") for any |S| > | %]

Convex:

[ F(whi) — F¥] = @(\/EHUJ*HZHLHQ)

Private Coordinate Descent Algorithm:

» Adapts to coordinate-wise regularity
» Works with privately estimated constants
» No amplification required

» Nearly matched lower bounds

Coordinate-wise Clipping

» Gaussian Mechanism (Dwork and Roth, 2013)

2
with 0% = 8TL»";§§2(1/5) RDP Composition

J

| | —

V. clipped __ — lin (V.4 dz (.
1) = 5 i (9w d).
where for X € R, clip(X, C;) = sign(X) min(| X |, C})

Guarantees |V, f(w
— choose (' = \/tr%%C' so that ||C}||,,-1 = C

)clipped | < Cj

i Priv _ F*| = ?2 pHLHg
| ' (wP™) | = T

Experiments (with e = 1,5 = 1/n?)

Strongly-Convex:
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Estimating Constants Privately

B.
M == Mj(t Lap (=2)
Z (e
For linear models, M;(-; d;) = XZQJ < B; for some B; > (

— clip to enforce a rough upper bound B; (known a priori)

) thus Mpm = M,
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