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We draw posterior samples from linear models with 
millions of parameters and millions of observations 
and apply it to obtain uncertainty estimates for NNs.

2. Scalable Sampling Inference
E-step: minibatchable sample-then-optimise
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αnew =
𝔼[ζTΦTBΦζ]
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3. Demonstration

CIFAR100 + 
ResNet18 

(n=50k, m=100, 
d=11M)

Imagenet + ResNet50 
(n=1.1M, m=1000, d=25M)

∥Φz − ϵnoise∥2
B + ∥z − θprior∥2

ANaive StO

ζ = argminz∥Φz∥2
B + ∥z − θ0∥2

A

θ0 ∼ 𝒩(0, A−1 + A−1ΦTBΦA−1){
Comparison:

1. Motivation
• Linearised Laplace turns Neural Nets 

into Linear Gaussian Models 

• Linear model inference is  or   𝒪(m3n3) 𝒪(d3)

y = Φθ + ϵ
θ ∼ 𝒩(0, A−1)
ϵ ∼ 𝒩(0, B−1)
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A = αI

Computed Tomography + U-Net       
(n=1, m=15k, d=2M)


