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Problem Statement

DP-ERM [1]: find (ε, δ)-DP approximation of

w∗ ∈ arg min
w∈Rp

{
f (w) :=

1

n

n∑
i=1

`(w ; di)

}
Where `(·, di) is, for all w , v ∈ Rp,

IConvex: `(w ; ·) ≥ `(v ; ·) + 〈∇`(v ; ·),w − v〉
ILipschitz: |∇j`(w ; ·)| ≤ Lj

ISmooth: |∇j`(w ; ·)−∇j`(w + tej; ·)| ≤ Mj |t|
Notation: Lmin = min Lj, Lmax = max Lj (same for Mmin, Mmax)

Private Greedy Coordinate Selection

Report-noisy-max [2]: add noise and select largest entry

⇒ and noise scale does not depend on the dimension!

Reminder: General Utility Lower Bounds [3]

IConvex loss

f (wT)− f (w∗) = O

(√
p

nε
‖L‖2 ‖w∗‖

)
IStrongly-Convex loss (i.e., when f − µ

2 ‖·‖
2
2 is convex)

f (wT)− f (w∗) = O

(
p

µn2ε2
‖L‖2

2

)
Problem: dependence on dimension p is high

Idea: exploit structure to outperform lower bounds!

Algorithm: Private Greedy Coordinate Descent

Initialization w 0 = 0, T > 0, γj = 1
Mj

for t = 0 to T − 1 do

j = arg max
j ′∈[p]

{
1√
Mj ′

∣∣∇j ′f (w t) + χt
j ′
∣∣} χt

j ′ ∼ Lap(
8Lj
√

T log(1/δ)

nε )

w t+1
j = w t

j − γj(∇jf (w t) + ηtj ) ηtj ∼ Lap(
8Lj
√

T log(1/δ)

nε )

return wT .

Private greedy coordinate descent naturally exploits problem structure
to achieve near dimension independent utility in DP-ERM.

General Utility Results

Scaled norm ‖w − v‖M ,q =
( p∑

j=1

M
q
2
j |wj − vj|q

)1
q
, for q ∈ {1, 2}

With probability 1− ζ:

IConvex loss

f (wT)− f (w∗) = O

log(p/ζ)

n2/3ε2/3
·
R

4/3
M ,1L

2/3
max

M
1/3
min


where RM ,1 = max

w∈Rp
min

w∗∈W∗

{
‖w − w∗‖M ,1 | f (w) ≤ f (w 0)

}
IStrongly-Convex loss (i.e., when f − µM ,q

2 ‖·‖
2
M ,q is convex)

f (wT)− f (w∗) = O

(
log(p/ζ)

n2ε2
· L2

max

Mminµ2
M ,1

)

Better Utility in (Quasi) Sparse Problems

(α, τ )-quasi-sparse solution: at most τ values greater than α

With α small enough, assuming iterates remain (0, s)-sparse:

f (wT)− f (w∗) = O

(
(s + τ )2 log(2p/ζ)

n2ε2

L2
max

MminµM ,2

)
DP-GCD is fast in first iterations [4] ⇒ iterates remain sparse

Proximal Variant for Composite Problems

Initialization w 0 = 0, T > 0, γj = 1
Mj

for t = 0 to T − 1 do
j = arg max

j∈[p]

{
min

ξj∈∂ψj(wj)

{
1√
Mj

∣∣∇jf (w t) + χt
j + ξj

∣∣ }} χt
j ′ ∼ Lap(

8Lj
√

T log(1/δ)

nε )

w t+1
j = proxγjψj

(w t − γj(∇jf (w t) + ηtj )) ηtj ′ ∼ Lap(
8Lj
√

T log(1/δ)

nε )

return wT .

Works in practice, but analysis is an open problem!

Experiments (with ε = 1, δ = 1/n2)
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