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• Challenge: we don’t observe  but observe  whereX̃1, …, X̃N X1, …, XN
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•  samples are from  

r
N − r P

Robustness parameter  is specified by the user depending on the applicationr
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We coin this as the “DC test”:
A permutation test under data corruption
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• Consistency: the DC test is consistent in the sense that

lim
N→∞

ℙP1(DC rejects ℋ0 | r corrupted data) = 1 for any fixed distribution P1 ∈ 𝒫1

whenever lim
N→∞

ℙP1(T(𝕏n) > T(𝕏π
n) + 4rΔT) = 1
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dcMMD Procedure

• Maximum Mean Discrepancy:
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2
mn
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∑
i=1

n

∑
j=1
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1
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k(Yj, Yj′￼
)
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dcMMD Experiments: Gaussian Mean Shift
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X̃1, …, X̃m
iid∼ IMDb(3330)

Ỹ1, …, Ỹn
iid∼ IMDb(3330)

• Generate two samples

• Corrupt one sample using 
Z1, …, Zk

iid∼ Geometric(3330)

Our proposal

Procedure via differential privacy (Kim & Schrab)

Standard non-robust MMD

Robustness parameter



Summary



Summary

• DC procedure: a general approach for constructing 
robust tests under data corruption

• Non-asymptotic validity and consistency under  data 
corruption

• Construct dcMMD and dcHSIC for two-sample and 
independence robust testing

• Prove that dcMMD/dcHSIC are minimax rate optimal

• Provide public implementations and illustrate the 
practicality

r
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