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1. Introduction to BCP 4. Regression and binary classification examples

e Bayesian prediction (further BCI) can be highly informative and well-calibrated when
the model is correct, but its coverage can break down under model misspecification.
An example is demonstrated below.

e Dataset: Diabetes|5|, n = 442, d = 10; all predictors and the response are standardised.

e Bayesian sparse linear regression model: fy(y | z) = N(y | 0"z + 0y, 7°).
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e AOI importance estimate (to avoid model re-training) for a candidate y:
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e Dataset: ImageNet-A out-of-distribution dataset|7].

3. Conformal prediction as a decision risk problem e Model: ImageNet-pretrained ResNet-50 backbone without hyperparameter tuning.
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BCP seeks A such that mis-coverage risk R(A) = E [L(Y,C(X; \))| does not exceed

a user-specified a. Hence, leading to the constrained optimisation:
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Therefore, enabling efficient optimisation of A\ under posterior uncertainty.
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