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Motivating Uncertainty and BNN's

Neural Network architecture + 
𝑃(𝐵|𝐴) 𝑃(𝐴)

𝑃(𝐵)
= Bayesian Neural Network(BNN)



Bayesian NNs

•Learn a single point estimate of the 

parameter.

Regular NNs

•Learn the probability density over a 

parameter space.

Source: https://sanjaykthakur.com/2018/12/05/the-very-basics-of-bayesian-neural-networks/



Challenges with BNN‘s

Trouble with many parameters (usually really big NN‘s)

Too many data points

Very expensive



Ensembling (Unbayesian approach)

Bunch of independently trained models & form a mixture of models – ensemble

Source: https:https://builtin.com/machine-learning/ensemble-model



Ensembling



Anchored Ensembling
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Anchored Ensembling



Randomised MAP sampling

Maximum a posteriori (MAP) estimate

Adding a regularisation term to loss function returns a MAP estimate of the posterior (point estimate)

Add noise and sample



RMS for NN‘s

𝜃𝑀𝐴𝑃 = argmax𝜃𝑃 𝜃|𝒟

𝜃𝑀𝐴𝑃 = argmax𝜃𝑃𝒟 𝒟|𝜃 𝑃 𝜃

𝜃𝑀𝐴𝑃 = argmax𝜃 log 𝑃𝒟 𝒟 𝜃 + log(𝑃 𝜃 )

Assume 𝑃 𝜃 = 𝒩(𝜇, Σ), we get, 

𝜃𝑀𝐴𝑃 = argmax𝜃 log 𝑃𝒟 𝒟 𝜃 −
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Now, for RMS, replace 𝜇𝑝𝑟𝑖𝑜𝑟 with 𝜃𝑎𝑛𝑐

𝒇𝑀𝐴𝑃 𝜃𝑎𝑛𝑐 = argmax𝜃 log 𝑃𝒟 𝒟 𝜃 −
1
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Challenge: choosing a distribution for 𝜃𝑎𝑛𝑐 such that 𝑃 𝒇𝑀𝐴𝑃 𝜃𝑎𝑛𝑐 = 𝑃 𝜃|𝒟

Regression:     𝐿𝑜𝑠𝑠𝑗 =
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RMS for NN‘s

Assume 𝑃𝜃(𝒟|𝜃) ∝ 𝒩(𝜇𝑙𝑖𝑘𝑒, Σ𝑙𝑖𝑘𝑒)

𝑃 𝜃𝑎𝑛𝑐 = 𝒩(𝜇𝑎𝑛𝑐 , Σ𝑎𝑛𝑐) where, 𝜇𝑎𝑛𝑐 = 𝜇𝑝𝑟𝑖𝑜𝑟; Σ𝑎𝑛𝑐 = Σ𝑝𝑟𝑖𝑜𝑟 + Σ𝑝𝑟𝑖𝑜𝑟Σ𝑙𝑖𝑘𝑒
−1Σ𝑝𝑟𝑖𝑜𝑟

Practical workaround: Set Σ𝑎𝑛𝑐 = Σ𝑝𝑟𝑖𝑜𝑟

𝑃 𝜃𝑎𝑛𝑐 = 𝒩(𝜇𝑎𝑛𝑐 , Σ𝑎𝑛𝑐) with 𝜇𝑎𝑛𝑐 = 𝜇𝑝𝑟𝑖𝑜𝑟; Σ𝑎𝑛𝑐 = Σ𝑝𝑟𝑖𝑜𝑟




