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Uncertainty in Machine Learning

• How confident is a ML model when making an specific prediction? 


• Quite relevant in many domains. 
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Image from: Yingzhen Li. An Introduction to Bayesian Neural Networks. ProbAI 2023
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Bayesian in Machine Learning
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Bayesian Linear Regression
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θMAP = arg max
θ

p(D |θ) θi ∼ p(θ |D)θMAP = arg max
θ

p(θ |D)

Image from:  Langseth et al. Variational Inference and Optimization. ProbAI 2023
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Bayesian Neural Networks
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p(θ |D)θMAP
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Bayesian Neural Networks
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θi ∼ p(θ |D)

p(y |x, θ1) p(y |x, θ2) p(y |x, θ3)

p(θ |D)

p(y |x, D)

θMAP
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Main Focus of Bayesian Machine Learning

• The main problem is how to compute the Bayesian posterior


• Intractable for models with a large number of parameters.


• There exist many approximate inference schemes. 
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Do Bayesian NNs have 
better performance? 

The answer is “not yet”.  
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Cold Posterior Effect (Wenzel et al., 2020)
• Tempered Posteriors: 

• T=1 corresponds to the Bayesian posterior.


• T=1 should be optimal for predictive performance.  
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pT(θ |D) ∝ (P(D |θ)π(θ))1/T
pT(θ |D)

θMAP

• Why do Cold Posteriors perform better?  

• Approximate inference methods (Izmailov et al., 2021). 


• Model Misspecification issue (Aitchison, 2021; Kapoor et al., 2022; Fortuin et al., 2022).


• Underfitting issue (Zhang et al. 2023).
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Model Selection

• Which model should we choose?
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p1(y |x, θ) = 𝒩(θ0 + θ1x, σ) p2(y |x, θ) = 𝒩(
3

∑
j=0

θix, σ) p3(y |x, θ) = 𝒩(
104

∑
j=0

θix, σ)

Image from:  Andrew G. Wilson.  Bayesian Deep Learning and a Probabilistic Perspective of Model Construction.  ICML 2020.
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Bayesian Model Selection (Mackay, 2003)
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p1(y |x, θ) = 𝒩(θ0 + θ1x, σ) p2(y |x, θ) = 𝒩(
3

∑
j=0

θix, σ) p3(y |x, θ) = 𝒩(
104

∑
j=0

θix, σ)

p2(D)

p1(D)

p3(D)

• Marginal Likelihood

pk(D) = ∫ pk(D |θ)πk(θ)dθ



Does Marginal Likelihood 
work for NNs? 

The answer is “not yet”.  
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Marginal Likelihood in NNs (Lotfi et al. 2023)

• Marginal Likelihood is poorly correlated with generalisation
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pT(θ |D)



PAC-Bayesian Analysis 

A Generalisation Analysis of Bayesian 
Machine Learning
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PAC-Bayesian Bounds
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θ ∼ ρ(θ)

(Alquier et al. 2016, Germain et al. 2016, Masegosa 2020)
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PAC-Bayesian Bounds
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Cold Posterior Effect

(Zhang et al. 2023)

(Alquier et al. 2016, Germain et al. 2016, Masegosa 2020)
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Marginal Likelihood and Generalization
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LML vs Generalisation
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Model Misspecification (Masegosa, 2020)
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The Bayesian Posterior is not optimal under model misspecification   
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Bayesian Learning under Model Misspecification
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PAC-Bayesian Bounds
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θ ∼ p(θ |D)


