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Motivation

A standard prediction. A predictor ŷ :
X → Y is a function from examples to a label.

Uncertainty is implicit.

Aprediction set. Aprediction set Ĉ : X →
2Y is a set-valued function from examples to a

subset of labels (e.g., Wilks (1941); Vovk et al.

(2005)). The size represents uncertainty.
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
 =

{
b̂rain,

sea turtle

}

PAC prediction sets. Consider a prediction set Ĉ that satisfies the PAC guarantee, i.e.,

P
S∼P m

[
P

(x,y)∼P

[
y /∈ Ĉ(x; S)

]
≤ ε

]
≥ 1 − δ.

PAC prediction sets algorithm (Park et al., 2020a). Consider a scalar-parameter predic-

tion set Ĉτ (x) := {y | f̂ (x, y) ≥ τ}, where a score function f̂ : X → R≥0 is given. The following

minimizes the expected prediction set size while satisfying the PAC guarantee.
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Assumption for PAC prediction sets. Assume training and test distributions are identical

(i.e., the i.i.d. assumption)
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Covariate shift. Consider training and test covariate distributions can be different.
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How to achieve the PAC guarantee under covariate shift?

Problem: PAC Prediction Sets under Covariate Shift

Find a probably approximately correct (PAC) prediction set Ĉ , while ensuring its size is small—i.e.,

min
Ĉ

E
x∼QX

[
size(Ĉ(x))

]
subj. to P

(S,T )∼P m,Qn
X

[
P

(x,y)∼Q

[
y /∈ Ĉ(x; S, T )

]
≤ ε

]
≥ 1 − δ.
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Closely Related Work: Conformal Prediction under Covariate Shift (Tibshirani et al., 2019) con-

siders fully-unconditional validity, while we consider training-conditional validity.

Existing Approach: Use the Standard PAC Prediction Sets

Main idea. Ignore unlabeled examples from a test distribution, and simply run the standard PAC

prediction set algorithm.

Limitation. The standard algorithm assumes i.i.d. labeled examples, thus the algorithm is not

PAC for the target distribution.

training

distribution

test

distribution

PAC prediction set

algorithm
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Ours Part 1: Use Rejection Sampling + Exact IWs

Main idea. Use rejection sampling (von Neumann, 1951) to generate target labeled examples

from source labeled examples by leveraging true IWs.

Limitation. The true IWs are not known in general.
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Theorem
We have P

[
LQ(Cτ ) ≤ ε

]
≥ 1 − δ for any τ ≤ τ̂ .

Note that the probability is taken over labeled examples and the randomness of rejection sampling.

Ours Part 2: Use Rejection Sampling + IW Intervals

Main idea. Use IW intervals instead of the true IWs.
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Theorem
We have P[LQ(Cτ ) ≤ ε] ≥ 1 − δC − δw for any τ ≤ τ̂ .

Note that the probability is taken over labeled and unlabeled examples and the randomness of

rejection sampling; the PAC guarantee accounts for the uncertainty of IW intervals.

Estimate IW intervals. Please check out our paper!

Experiments on Natural Shift

Natural Shift via DomainNet. We evaluate our approach over the DomainNet dataset (Peng

et al., 2019). Parameters are m = 50, 000, ε = 0.1, and δ = 10−5.
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Qualitative Results. The comparison between the standard PAC prediction set ĈPS and the

proposed approach ĈPs-W. The green label is the true label and the label with the hat is the

predicted label. The proposed prediction sets include true labels.

Example x ĈPS(x) ĈPS-W(x)
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Example x ĈPS(x) ĈPS-W(x)
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Experiments on 9 Shifts

PS-W satisfies the PAC guarantee, while producing the smallest prediction sets over 9 shifts.
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