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Motivation
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A standard prediction. A predictor § : A prediction set. Apredictionset ¢ : X —

X — Vis a function from examples to a label. 2% is a set-valued function from examples to a

Uncertainty is implicit. subset of labels (e.g., Wilks (1941); Vovk et al.
(2005)). The size represents uncertainty.
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PAC prediction sets. Consider a prediction set C that satisfies the PAC guarantee, i.e.,

= brain

P P {y%é(x;S)}ge >1—0.
SmP | (2P _

PAC prediction sets algorithm (Park et al., 2020a). Consider a scalar-parameter predic-
tion set Cr(z) = {y | f(z,y) > 7}, where a score function f : X — R~ 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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How to achieve the PAC guarantee under covariate shift?

Problem: PAC Prediction Sets under Covariate Shift

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

min  E {Size(é(aj))} subj. to P P {y ¢ C(x; S, T)} <e|l >1-0.
C x~Qx (S, T)~P".Q% | (z,y)~Q ]
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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.
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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.
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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 I\Ws are not known in general.
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We have P [LQ(CT) <e|>1-4foranyr <7

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 I\WVs.
Our algorithm PS-W
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We have P|Lg(Cr) <¢e > 1—6c — oy forany r < 7.

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 W intervals.

Estimate IW intervals. Please check out our paper!
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PENN RESEARCH IN EMBEDDED COMPUTING AND INTEGRATED SYSTEMS ENGINEERING

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, e = 0.1, and § = 107°.
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Qualitative Resul’gs. The comparison between the standard PAC prediction set épg and the
proposed approach Cpc.\y. The green label is the true label and the label with the hat is the
predicted label. The proposed prediction sets include true labels.
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Experiments on 9 Shifts

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

Baselines Ablations Ours

Shift PS WSCI PS-C PS-R PS-M PS-W
CITOr S1Z¢€ |CITOr S1Z€ |eIrror S1ZE CITOr S1Z2€ |eITOor S1Z€ ||CITOr S1ZE
All m.ﬁ;@ 10.5 (n.n/%zr@; 9.5 m/%) 10.7 m;;m 10.6 m‘-;]_fm 10.8 mﬂm 17.0
Sketch ok 131 X 186 m_({z , 1417 w}é} L 282 | X261 {Uﬂ/? . 403
Painting (U‘f]‘;% 15.4 {U’]‘m 30.0 mfzi) 125.4 mv”;m 37.7 (U,ﬁm 34.5 mfm 52.8

Quickdraw (Uf({ﬁg} 597 38 m_({z 238 || V43 m_{{g L 42 {Ufﬁ ﬂ
Real (Mﬁg_} 8.7 / o 12 mﬂz} 47.8 mv*;m 8.7 m.?];v:. 7.1 m_;; o 118
Clipart mﬁm 102, )‘ 10.9 {U_ﬁj , 3450 {U_U-/B , 194 (U_U/S , 148 {u‘u/ﬁm 25.7
Infograph m{;ﬂ} 36.4 m)‘ 165.1 m_;’}; , 3450 m*; , 2026 m_ﬁm 177.4 {ﬂ}; , 2164
ImageNet-PGD (0_0"; ) 53 {/ o 47 (M/D , 1000.0 mfm) 1000.0 mﬁ, . 78 {D_‘[ﬁ 5 139
ImageNet-C13 (U_fm 9.3 m{‘m 67.0 m;;m) 1000.0 m;{ », 1000.0 mﬁ;ﬁ} 15.9 mﬂﬁ” 35.8
mean normalized size — - 0.0338 0.0257 — 0.0047
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