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e Does the distribution satisfy a postulated hypothesis?
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Modern Challenges

Large domain, small samples

e Distributions over large domains/high dimensions
e Expensive data

e Sample complexity
Privacy

e Samples contain sensitive information

e Perform hypothesis testing while preserving privacy
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S(IT)=© (\/E/oﬂ) .



Differential Privacy (DP) [Dwork et al., 2006]

A randomized algorithm A : X" — S is e-differentially private if
VS C S and VX", Y™ with dy(X",Y") <1, we have

Pr(A(X") € S) < e -Pr(A(Y") €S).
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’ What is the sample complexity of identity testing? ‘
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New algorithms for achieving upper bounds
New methodology to prove lower bounds for hypothesis testing



Upper Bound

Privatizing the statistic used by [Diakonikolas et al., 2017], which
is sample optimal in the non-private case.

Independent work of [Aliakbarpour et al., 2017] gives a different
upper bound.



Lower Bound - Coupling Lemma

Lemma

Suppose there is a coupling between p and q over X", such that
E[dy(X", Y] <D
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Lemma
Suppose there is a coupling between p and q over X", such that

E[dy(X", Y] <D

Then, any e-differentially private hypothesis testing algorithm must

satisfy
1
- =
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Use LeCam's two-point method.
Construct two hypotheses and a coupling between them with small

expected Hamming distance.
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