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Bayesian inference with sources of uncertainty (SoU)
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From Bayesian inference to SoU inference
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Bayesian inference as an optimisation problem
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SoU inference as an optimisation problem

(Black-Box Generalised Variational Inference (BBGVI) algorithm of Knoblauch et al., 2022)
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Example: exponential family

Bayes

(Diaconis & Ylvisaker, 1979)
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Bayes N -N , varying (μ, σ2) (0,σ2
0) σ0
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SoU N -N , varying (μ, σ2) (0,σ2
0) γμ
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Theoretical results
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Two-block case

http://www.julyanarbel.com


Julyan Arbel, Inria Grenoble

Selective limits I
 hyperparameter block 
 target parameter block 

Set : standard Bayesian treatment 

θ1
θ2

γ2 = 1

Take :γ1 → 0

That’s empirical Bayes 
(Carlin, Louis, 2000)
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Selective limits II
 target parameter block 
 nuisance parameter block 

Set : standard Bayesian treatment 

θ1
θ2

γ1 = 1

Take :γ2 → 0

That’s a profiled likelihood 
(Murphy and van der Vaart, 2000)
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Selective limits
SoU relaxes homogeneity, making selective collapse possible
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Choosing confidence I
Predictive calibration.

PPD

Estimated predictive score: 
held-out data or cross-validation
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Choosing confidence II
Uncertainty calibration.

 target block,                     
 source to be calibrated,  

θt γt = 1
θs γs = γ

Posterior credible region:

Choose  such that it induces correct freq. coverage: 
(in practice eg by bootstrap)

γ

Focus is SoU posterior on :θt
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Choosing confidence III
Information matching.

Matching asymptotic information of SoU posterior to a reference distribution. 
Homogeneous-confidence case (Lyddon et al. 2019).

Expected loss minimiser:

Generalised posterior & loss-likelihood bootstrap are asymptotically Gaussian:

Matching Fisher information numbers:
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Global-local shrinkage priors
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Logistic regression: sparse coefficient maps
MNIST classification: one-vs-rest logistic regression for digits 0, . . . , 9.
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Toy BNN: uncertainty and pruning
Toy regression data: y = sin(x) + ε, ε ∼ N(0, 0.22).
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MNIST BNN: compact architectures
2-layer neural networks trained with varying initial widths
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CNN with SoU regularized horseshoe
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CNN with SoU regularized horseshoe
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Takeaways
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