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Locally Private Sampling with Public Data

Contributions

« We Introduce a locally private sampler that leverages public
Information within the minimax privacy-utility tradeoff framework.
 For discrete distributions, we fully characterize the privacy-utility

tradeoff and propose an algorithm that achieves it.

« We demonstrate the significantly improved performance of our
approach through comprehensive benchmarks against the baseline
method proposed by [1], using both synthetic and real-world
datasets.
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Definition. The sampler is said to be -LDP if

VP and P’ € A(X) : Sup. 3}3 ((i))
event !

LDP Samplers through Relative Mollifiers [1]

Pick and arbitrary distribution, g, as a reference point and:

M 4 = {g c A(X) : sup max{ q(z) q(fc)} < 65/2}

reX (.’L‘) q(m)
Objective: Q% := argmin KL(P|P")
Op | _ PeM:q4
Solution:
Q% (z) = min { max q,@} P(z) e %q(x)
es/2’ rp

where rp is the normalizing constant.

Minimax Optimal Samplers [2]
Objective: inf  sup D¢ (p||@p)
@ peA(X)
Solution (non-linear sampler):
Qp(x) = max (L P(z), k=)

where k is the support size and rp is the normalizing constant.

Solution (linear sampler):
Qp(z) = 2517 P(e) + 555U ()

where k Is the support size of the P and U is the uniform distribution.

Observation: If LDP sampler is linear in P, then it can be characterized as a
classical LDP mechanism K.
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Question. Given public prior F,,, on individuals and linear samplers,
how to design a sampler that doesn't perturb P if P ~ Fp"?

PpubK Ppub

Find Kp,,, . that solves:

Ff(ppumg) — INf | Sup Df(PHPK)
with fixed point B, PEAR)
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Theorem. Define a := mlgPpub Then
Tc

1 —« £(0) + ef o f(BECE—Fl—CE).

efa+1—« efa+1—a e o

I'r(g,e) =

Sketch of Proof. Follows from the joint convexity of f-divergences and the fact
that the supremum is attained at Dirac distributions.

Lemma. Take P, ~ Ber(a) with a < %, then:
K B 1 e° o 11—«
Fuo,e = (ef —Da+1—al"

Algorithm 1 K_with_prior: Algorithm to compute the optimal mechanism K, .

Require: q - Increasingly Sorted Public Prior, € - Privacy Parameter
Ensure: -LDP mechanism K, . with ¢K, . = ¢
1: n < length of ¢

2: if n = 2 then

3:  return The optimal binary mechanism

4: else —

5: Kg.e < zeros(n,n)

6: d + ( len +1— Qmin)

I (Kq} )11 — —L 1

8: for z<—2t0nd0 q= - [Q’E:----Q’n]
9: (Kq,,r-:)z'l — % Ziz? q:

10: end for
1 g s (g, 0]

. . _ >_

12: Kz « K_with_prior(g, ¢) T g a2 .
13 m <_ ]_ - Gmin EI:L}MAQTLHI-.. ‘dmin €*gmin+1=gmin & grrin+ 1 —gmin

. €% Giin+ 1 = Grnin
14 Kyel2: (n),2: (n)] - m-Kge| Moo= |7 K,
15 for 1 <+ 2tondo s

. L= min Hrmin

16: (Kq,f-:)li — %‘1’

17: end for
18:  return K, .
19: end if

Theorem. The mechanism described by Algorithm 1
is an e-LDP mechanism with fixed point Pyyp and is
iIndependent of the selected f-divergence.
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Figure 1. Comparison of our approach with the RM framework when

P=[p'(1-p")/n,(1-p")/n,...,(1—p")/nwith Pyp(z) < U(0,1) and € = 8.
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* Private distribution: Each user’s rating
history per genre in (MovieLens 1M)with at
least 20 ratings.

» Private distribution: Each user’s click-rate
history per website with at least 100 clicks
within anonymous category C18.

* Public prior: (MovieLens 100K) is used to

» Public prior: Average of users’ private ) ,
infer users’ popular genre by age range.

distributions in each subcategory.

[1]. Park, Asoodeh, and Lee Exactly Minimax-Optimal Locally Differentially Private Sampling, Neurips 2024
[2] Husain, Balle, Cranko, Nok., Local Differential Privacy for Sampling, AISTATS 2020




	Slide 1

