Conformal Prediction with Missing Values
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Popular strategy: imputation. ¢ denotes an imputation function (e.g. 2w [ 1| . PI'OpOSlthIl: Bayes-con51stency of lmpute-then-QR

replaces VA by a constant, the empirical mean, etc).
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For almost all imputation functions ¢ € C*, g; » © ¢ 1s Bayes optimal for
the pinball-risk of level 0.

Theorem (informal): CQR-MDA is MCV

If M I (X,Y) and the data is exchangeable, for almost all imputation This result is an extension of [2].
function, CQR-MDA is Mask-Conditionally-Valid (MCV).

A universally consistent learner trained on deterministically imputed data

CQR-MDA-Exact COR-MDA-Nested set will be Bayes optimal.

Impute-then-CQR is Marginally Valid (MV).
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