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Classification with . Anomaly detection: . Health care: 7'19%
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Non-parametric hypothesis
test with unbalanced and

limited data

- empirical distribution may
not have common support

- no possible to use likelihood
ratio: by well-known
Neyman-Pearson.
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Hypothesis test using Wasserstein uncertainty sets
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Main results

Distributionally robust

Computationally efficient

nearly-optimal detector

. Thk()eoregl: Generﬁl distrilolutionallyI * Tractable convex reformulation
robust detector has nearly-optima . Complexity independent of
detegtoi has risk bounded by small dime?msionglity se:alable to large
constan ’
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Figure Jogging vs. Walking, the average is taken over 100 sequences of data.




