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Sublinear-time DP Clustering Results

Assuming a DP (α, γ)-factor approx. k-median (or k-means) 
algorithm that runs in time 𝑻 𝒏 we can draw a sample 𝑺 of 
size s = 𝒑𝒐𝒍𝒚 α, 𝒌, 𝒍𝒏 𝒏 and obtain a k-median (or k-means) 
clustering ො𝒄𝑺 in time 𝑻 𝒔 such that with high probability 

𝒂𝒗𝒈 − 𝒄𝒐𝒔𝒕 ො𝒄𝑺 ≤ 𝜶 ⋅ 𝒂𝒗𝒈 − 𝒄𝒐𝒔𝒕 𝒄𝑫 + 𝜸 + 𝝐

Where 𝒄𝑫 is the optimum k-median (or k-means) clustering of 
input set 𝑫.

Framework for Sublinear-time ClusteringDP Clustering Motivation
Cat Lovers Society wants to open some Cat Café centers close to its 
members. 
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Group Privacy

K-median clustering. Input is set of member locations 𝑫, Output is cat 
cafes 𝑐1, 𝑐2, … , 𝑐𝑘 such that σ𝑥 𝜖𝐷min

𝑖
𝑑(𝑥, 𝑐𝑖)

DP Motivation. Alice is a closet cat lover. Her partner Eve is a cat hater. 
Alice being a member of Cat Lovers Society is sensitive information. 
DP Clustering  

Framework for Sublinear-time DP Clustering

Challenges. 
(1) Need to sample without replacement to preserve DP.  
(2) DP Clustering algorithms are (𝛼, 𝛾)-approximate where 𝛾 ≠ 0.

[MOP2001; CS2004] showed that for a small sample size. 
Average cost of clustering on the sample S ≈ Average cost of clustering on 
the entire input set D

Stronger Group Privacy for Sampling Algorithms

An algorithm that runs an 𝜀, 0 -DP mechanism on a subsample 
(each item sampled w.p. 𝜉) is (𝑇𝜀, δ𝑇,ξ,𝑔)-group DP for groups of 

size g.

where 𝑇 ∈ 0, 𝑔 is a threshold, and 
δ𝑇,ξ,𝑔:= Pr[ #𝑠𝑎𝑚𝑝𝑙𝑒𝑠 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑔𝑟𝑜𝑢𝑝 > 𝑇 ].

𝛿𝑇,𝜉,𝑔is often negligible even for T ≪ 𝑔. 

The guarantee of (𝑻𝜺, 𝜹𝑻,𝝃,𝒈)-group DP is then much stronger 

than the naive bound of (𝒈𝜺, 𝟎)-group DP .
Pr 𝐴 𝐷1 ϵ ≤ eε Pr[𝐴 𝐷2 ϵ ] + δ

(Naïve bound) An 𝜀, 0 -DP mechanism guarantees (𝑔𝜀, 0)-group DP for 
group of size g elements.


