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O 1 Motivation: How to Test under Dataset Uncertainty?

Precise Testing: Compare Aleatoric Uncertainty
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Main Research Question: Can we still reason statistically about P, and P, in light of Dataset Uncertainty?

Credal Testing: Compare Epistemic Uncertainty
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Turning Physical Probabilities into Belief Probabillities
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-Specification: Testing finite mixtures, Credal predictor
calibration, Credal set verification...

-Championed by Imprecise Probabilists, Quasi-

Bayesian Decision Theorists, Robust Bayesians, Formal

-Inclusion: Uncertainty comparison...
-Equality: Testing treatment effect under ambiguity...

Epistemologists

- Plausibility: Distributionally robust two-sample test...

04 How do We Do 1t? (Specification)
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Notice Py eCy < dny€A,_4, Py =
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and testing based on ratio p.
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“%.Sample pseudo observations: 171:,1 ~ ff)TP
5.Perform a kernel two-sample test on X,.,Y;...
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Fixed sample splitting —> Inflated Type | control
(Invalid testing procedure)

105 What's wrong & How to fix 1t?

Asymptotic Validity under Adaptive Splitting

Under Hy c and regularity assumptions, when n Is large,
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Therefore, If p Is chosen such that
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that Is, the same Iimiting dlstrlbu’uon as If No estima-
tion has happened. Furthermore, under Hy
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-Intuition: As n grows, estimation error decreases, but
tests get more powerful.

-Solution: Set the "right" balance between estimation
accuracy and test power with adaptive splitting, e.q.
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06 Experiments with MNIST data

Spemﬂcahon Test
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Adaptive splitting strategy vields valid test procedures

Power
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Equality Test
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Check out more!
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Bayesian test?
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