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1. Introduction to BCP

•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.

•Conformal prediction (CP)[1] builds prediction regions

Ccp(xn+1) = {y ∈ Y : s(xn+1, y) ≤ λcp}
that achieve the desired marginal coverage 1 − α criterion P[ytrue ∈ C(xnew)] ≥ 1−α
under nothing more than exchangeability assumption.

• [2] Theorem 2.10 implies that among all
valid predictors, there always exists a con-
formal predictor that achieves equal cov-
erage with smaller or equal prediction
regions. Hence, defining the efficiency of
prediction sets as |C(x)|.

•Conformal Bayesian Computation
(CB)[3] solves the vulnerability of Bayesian
prediction by guaranteeing coverage even
when the Bayesian model is wrong, but
off-the-shelf CP scores can be conservative,
leading to wide sets.

•Bayesian quadrature (BQ)
optimisation[4] provides a sample-efficient
estimator of expected prediction-set size, al-
lowing us to optimise the conformal thresh-
old.

BCP = CB + BQ

2. Bayesian non-conformity score

•Non-conformity score (posterior-predictive density)

s(x, y) = − log p̂(y | x,D)

is exchangeable across the augmented sample, so the usual rank test still guarantees
finite-sample coverage.

•AOI importance estimate (to avoid model re-training) for a candidate y:

w̃(t)(x, y) =
fθ(t)(y | x)∑T
t′=1 fθ(t′)(y | x)

p̂(y | x,Dtr) =

T∑
t=1

w̃(t)(x, y) fθ(t)(y | x)

3. Conformal prediction as a decision risk problem

•Let C(x;λ) denote the CP prediction set produced by a decision rule λ for input x and
define the loss for missing true label y as L(y, C(x;λ)) = I{y ̸∈ C(x;λ)}.

•Classical CP constructs a prediction set by tresholding a non-conformity score
s(x, y) that is fixed, i.e., independent of model parameters θ and decision vari-
able λ.

BCP seeks λ such that mis-coverage risk R(λ) = E [L(Y, C(X ;λ))] does not exceed
a user-specified α. Hence, leading to the constrained optimisation:

min
λ

EX[ |C(X ;λ)| ]
s.t. PD

[
P(X,Y )(Y /∈ C(X ;λ)) ≤ α

]
≥ 1− β

•To estimate EX [·], BQ is used: EX[|C(X ;λ)|] =
∫
|C(x;λ)| p(x) dx.

Therefore, enabling efficient optimisation of λ under posterior uncertainty.

•Trade-off between threshold and efficiency is illustrated below.

4. Regression and binary classification examples

•Dataset: Diabetes[5], n = 442, d = 10; all predictors and the response are standardised.

•Bayesian sparse linear regression model: fθ(y | x) = N (y | θ⊤x + θ0, τ
2).

•With hierarchical priors:
π(θj) = Laplace(0, b),
π(b) = Gamma(1, 1)
and π(τ ) = N+(0, c).

•Two priors on τ : c = 1.0 as well-
specified (realistic error rate) and c = 0.02
asmisspecified (overconfident error scale).

Method c Cov. (%) Width

Split-CP 1.0 78.75 1.80
Split-CP 0.02 78.75 1.81
BCI 1.0 78.47 1.77
BCI 0.02 49.17 1.00
CB 1.0 79.26 1.80
CB 0.02 79.20 1.80
BCP 1.0 81.25 1.92
BCP 0.02 80.83 1.90

•Dataset: Breast cancer[6], n = 569, d = 30, binary
labels (benign vs. malignant).

•Bayesian logistic model:
fθ(y=1 | x) =

(
1 + exp[−(θ⊤x + θ0)]

)−1

with standard Gaussian priors and target miscover-
age level α = 0.2.

Method Cov. (%) Avg. set size

Split CP 80.54 0.81
BCI 98.91 1.05
CB 80.34 0.81
BCP 81.94 0.82

5. High-dimensional categorical classification example

•Dataset: ImageNet-A out-of-distribution dataset[7].

•Model: ImageNet-pretrained ResNet-50 backbone without hyperparameter tuning.

Method Coverage (%) Cov. std Mean |C(x)| P95 |C(x)|
Split CP 77.78 0.4158 122.7 ± 5.1 138
CB 79.34 0.4147 123.1 ± 5.0 138
BCP 79.51 0.4108 125.3 ± 4.9 139
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