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Class of Queries

Definition (Statistical Query)
Given some data domain X , a statistical query φ is a function φ : X →
[0, 1].

Definition (c-sensitive Query)
A query q : X n → R has sensitivity c if for all x1, x2, . . . , xn ∈ X , all
indices i , and all x ′i ∈ X :

|q(x1, . . . , xn)− q(x1, . . . , xi−1, x ′i , xi+1 . . . , xn)| ≤ c

• statistical queries are c-sensitive for c = 1/n
• Generalized Transcript Compressibility Transfer Theorem for 1/n-

sensitive queries
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Postprocessing for Transcript Compressibility

Theorem (Postprocessing)
Suppose O : Q → R is b-transcript compressible. Let be f : Q∪R →
Q∪R an arbitrary stateful algorithm. Then (f ◦O) is also b-transcript
compressible.
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Composition for Transcript Compressibility
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Composition for Transcript Compressibility

Theorem (Composition)
Suppose O1 : Q → R is transcript compressible to b1(n, k1) bits, and
O2 : Q → R is transcript compressible to b2(n, k2) bits. Then the
composition (O1,O2) is transcript compressible to b(n, k1 + k2) =
b1(n, k1) + b2(n, k2) bits.
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Trivial estimator

Definition (b-bit truncated estimator)
Given a dataset S, the b-bit truncated estimator OT

b (q) returns q(S)
truncated to b bits of binary precision.

• on a single query OT
b is transcript compressible to b bits

• for k queries:
⇒ b(n, k)-transcript compressible for b(n, k) = b · k.

• OT
b is (1/2b, 0)-sample accurate
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Trivial estimator

Theorem (Accuracy of the b-bit truncated estimator)
Fix any k < n and δ > 0. When b = log

√
n
k , the b-bit truncated

estimator OT
b is (ε, δ)-accurate for k 1/n-sensitive queries, where

ε =

√
k
n +

√√√√(k · log
√

n
k + 1)ln(2) + ln(k/δ)

2n = Õ

√k + ln(1/δ)
n
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Subroutine AboveThreshold

Lemma (Compressibility of AboveThreshold )
For any Threshold T , AboveThreshold(T ) is transcript compressible
to b(n, k) bits, where b(n, k) = log(k + 1).
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Ladder Mechanism

• leader query is a 1/n-sensitive query

|Oberseminar über Differential Privacy|21th Mai 2019 10/11



  

Ladder Mechanism

Theorem
Setting η =

(
log(k/δ)

n

)1/3
, for any δ > 0, Ladder is (ε, δ)-accurate for

any set of k leader queries, where

ε = O
(( log(k/δ)

n

)1/3)
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