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Introduction
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Measurements: 
Values & Errors

Results: 
Values & Errors

S
tatistics

Data Uncertainty

The estimation of uncertainties is fundamental to 
Science (and HEP specifically).  
Both in experiment …

… and in evaluation.

Aleatoric  
Uncertainty

Epistemic  
Uncertainty
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Introduction
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Dataset  with 𝒟n n = 2000

x
̂y

σ ̂y

256 fc 
ReLU

256 fc 
ReLU

What about the uncertainty due to lack of knowledge, i.e. the epistemic uncertainty? 

Bayesian formula  Encoded in posterior  ⇒ p(θ |𝒟n)

Negative -Likelihood losslog

1000 epochs
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Deep Ensembles
Description (1612.01474): 
▪ Train multiple networks, here 50 
▪ Sample from the minima of the loss function rather than the 

posterior   
Pros & Cons: 

+Stable  
- Very slow 
- Does not sample the posterior 

Adaptations: 
▪ Change hyperparameters and network architecture 

(2006.08573) 
▪ Combine the ensemble in one network (2210.09767) 

p(θ |𝒟)

4

Time per sample (Nvidia Tesla P100):  
50.2 ± 2.9 s

https://arxiv.org/abs/1612.01474
https://arxiv.org/abs/2006.08573
https://arxiv.org/pdf/2210.09767
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Deep Ensembles
Description (1612.01474): 
▪ Train multiple networks, here 50 
▪ Sample from the minima of the loss function rather than the 

posterior   
Pros & Cons: 

+Stable  
- Very slow 
- Does not sample the posterior 

Adaptations: 
▪ Change hyperparameters and network architecture 

(2006.08573) 
▪ Combine the ensemble in one network (2210.09767) 

p(θ |𝒟)
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Time per sample (Nvidia Tesla P100):  
50.2 ± 2.9 s

Reliable Slow

https://arxiv.org/abs/1612.01474
https://arxiv.org/abs/2006.08573
https://arxiv.org/pdf/2210.09767
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Description (1505.05424): 

▪ Estimate the posterior  with a simpler distribution    
▪ Infer with gradient descent:

 

Pros & Cons: 
+Fast posterior sampling, active learning possible 

- Additional loss term with high variance  influences performance 
- Assumption: Posterior has uncorrelated Gaussian shape 
- Doubles the number of parameters 

Adaptations: 
▪ Noise-Contrastive Priors (1807.09289), Flipout Layers 

(1803.04386) 
▪ … next talk?

p(θ |𝒟) q(θ)

Ln( ̂fϑ; 𝒟n) = KL(p(θ |𝒟n) |q(θ)) = − ∫ dθ q(θ) log p(𝒟n |θ) + KL(q(θ) |p(θ))

→

6

Time per training (Nvidia Tesla P100):  
216 ± 15 s 

Time per sample (Nvidia Tesla P100):  
2.0 ± 0.1 ms

„Bayesian Neural Networks“  
Mean Field Gaussian Variational Inference

https://arxiv.org/abs/1505.05424
https://arxiv.org/abs/1807.09289
https://arxiv.org/abs/1803.04386
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Time per training (Nvidia Tesla P100):  
133 ± 2 s 

Time per sample (Nvidia Tesla P100):  
1.5 ± 0.1 ms

Description (1505.05424): 

▪ Estimate the posterior  with a simpler distribution    
▪ Infer with gradient descent:

 

Pros & Cons: 
+Fast posterior sampling, active learning possible 

- Additional loss term with high variance  influences performance 
- Assumption: Posterior has uncorrelated Gaussian shape 
- Doubles the number of parameters 

Adaptations: 
▪ Noise-Contrastive Priors (1807.09289), Flipout Layers 

(1803.04386) 
▪ … next talk?

p(θ |𝒟) q(θ)

Ln( ̂fϑ; 𝒟n) = KL(p(θ |𝒟n) |q(θ)) = − ∫ dθ q(θ) log p(𝒟n |θ) + KL(q(θ) |p(θ))

→

„Bayesian Neural Networks“  
Mean Field Gaussian Variational Inference

https://arxiv.org/abs/1505.05424
https://arxiv.org/abs/1807.09289
https://arxiv.org/abs/1803.04386
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Time per training (Nvidia Tesla P100):  
133 ± 2 s 

Time per sample (Nvidia Tesla P100):  
1.5 ± 0.1 ms

Description (1505.05424): 

▪ Estimate the posterior  with a simpler distribution    
▪ Infer with gradient descent:

 

Pros & Cons: 
+Fast posterior sampling, active learning possible 

- Additional loss term with high variance  influences performance 
- Assumption: Posterior has uncorrelated Gaussian shape 
- Doubles the number of parameters 

Adaptations: 
▪ Noise-Contrastive Priors (1807.09289), Flipout Layers 

(1803.04386) 
▪ … next talk?

p(θ |𝒟) q(θ)

Ln( ̂fϑ; 𝒟n) = KL(p(θ |𝒟n) |q(θ)) = − ∫ dθ q(θ) log p(𝒟n |θ) + KL(q(θ) |p(θ))

→
Slow Influences the fitting

„Bayesian Neural Networks“  
Mean Field Gaussian Variational Inference

https://arxiv.org/abs/1505.05424
https://arxiv.org/abs/1807.09289
https://arxiv.org/abs/1803.04386
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Laplace Approximation

9

Time per LA (Nvidia Tesla P100):  
84.1 ± 0.2 ms 

Time per sample (Nvidia Tesla P100):  
1.2 ± 0.2 ms

Description (2106.14806): 

▪ Estimate optimal network parmeters  

▪ LA of the posterior  using the Hessian matrix  

 

Pros & Cons: 
+FAST posterior sampling, active learning possible 
- Scales badly with network size depending on chosen 

approximation 
- Assumption: Posterior has correlated Gaussian shape 

Adaptations: 
▪ Kronecker-factored Approximate Curvature (1503.05671) 
▪ Other low rank approximations of the Hessian (2006.11631)

θ⋆

p(θ |𝒟)
p(θ |𝒟) ≈ 𝒩(θ⋆, Σ) with Σ = (∇2

θLNLL( ̂fθ; 𝒟) |θ⋆ )−1

https://arxiv.org/pdf/2106.14806.pdf
https://arxiv.org/abs/1505.05424
https://arxiv.org/pdf/2006.11631
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Laplace Approximation
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Time per LA (Nvidia Tesla P100):  
84.1 ± 0.2 ms 

Time per sample (Nvidia Tesla P100):  
1.2 ± 0.2 ms

Description (2106.14806): 

▪ Estimate optimal network parmeters  

▪ LA of the posterior  using the Hessian matrix  

 

Pros & Cons: 
+FAST posterior sampling, active learning possible 
- Scales badly with network size depending on chosen 

approximation 
- Assumption: Posterior has correlated Gaussian shape 

Adaptations: 
▪ Kronecker-factored Approximate Curvature (1503.05671) 
▪ Other low rank approximations of the Hessian (2006.11631)

θ⋆

p(θ |𝒟)
p(θ |𝒟) ≈ 𝒩(θ⋆, Σ) with Σ = (∇2

θLNLL( ̂fθ; 𝒟) |θ⋆ )−1

Fast Available on trained networks

https://arxiv.org/pdf/2106.14806.pdf
https://arxiv.org/abs/1505.05424
https://arxiv.org/pdf/2006.11631
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ML practitioners
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ML practitioners
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Cyclic sgLD
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Time per sample (Nvidia Tesla P100):  
112 ± 8 s

Description (1902.03932): 

▪ (Pretrain to optimal parameters ) 
▪ Construct a Markov-Chain with invariant distribution 

                      

▪ Stochastic Gradient Langevin Dynamics (sgLD): 

 

▪ Cyclic scheduling of stepsize  
Pros & Cons: 

+Exact sampling from the posterior 
+Good out-of-distribution detection 
- Slow mixing rates 
- Strongly dependent on the scheduling parameters 

Adaptations: 
▪ Hamiltonian Monte-Carlo (HMC) (1902.03932)

θ(0) = θ⋆

p(θ |𝒟) = exp (−λLDLNLL( ̂fθ; 𝒟))

θ(k+1) = θ(k) − ηk ∇θLNLL,n(θ(k)) +
2ηk

λLD
ϵk with ϵk ∼ 𝒩(0,1)

ηk

https://arxiv.org/pdf/1902.03932.pdf
https://arxiv.org/pdf/1902.03932.pdf
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Cyclic sgLD
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Time per sample (Nvidia Tesla P100):  
112 ± 8 s

Description (1902.03932): 

▪ (Pretrain to optimal parameters ) 
▪ Construct a Markov-Chain with invariant distribution 

                      

▪ Stochastic Gradient Langevin Dynamics (sgLD): 

 

▪ Cyclic scheduling of stepsize  
Pros & Cons: 

+Exact sampling from the posterior 
+Good out-of-distribution detection 
- Slow mixing rates 
- Strongly dependent on the scheduling parameters 

Adaptations: 
▪ Hamiltonian Monte-Carlo (HMC) (1902.03932)

θ(0) = θ⋆

p(θ |𝒟) = exp (−λLDLNLL( ̂fθ; 𝒟))

θ(k+1) = θ(k) − ηk ∇θLNLL,n(θ(k)) +
2ηk

λLD
ϵk with ϵk ∼ 𝒩(0,1)

ηk

Slow Available on trained networks 
Good epistemic uncertainties

https://arxiv.org/pdf/1902.03932.pdf
https://arxiv.org/pdf/1902.03932.pdf
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Cyclic Stochastic Gradient  
Metropolis-Hastings
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Time per sample (Nvidia Tesla P100):  
16.7 ± 1.1 s

Description (2204.12392): 

▪ Accept  where 

     

with (stochastic) acceptance probability   

  

to correct the invariant distribution 

▪ Allows the use of ADAM in  
Pros & Cons: 

+Exact sampling from the posterior 
+Good out-of-distribution detection 
+Fast and stable uncertainty quantification on existing NN 

Adaptations: 
▪ Full-loss, other optimizers, etc.

θ(k+1) = τ(k)

τ(k) ∼ q( ⋅ |θ(k)) = 𝒩 θ(k) − ηk ∇θLNLL,n(θ(k)),
2ηk

λLD

α(τ(k), θ(k)) = min (
exp (−λLNLL,n(τ(k))) q(θ(k) |τ(k))

exp (−λLNLL,n(θ(k))) q(τ(k) |θ(k))
, 1)

q( ⋅ |θ(k))

https://arxiv.org/abs/2204.12392
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cycSGMH
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Figure 2: Flow diagram of the cyclic stochastic gradient
Metropolis-Hastings sampler. The loop features a pre-
training step (green), stochastic gradient descent using an
arbitrary optimizer (here Adam) and dynamic scaling of the
noise during sampling. The standard deviation of the noise,
is not only determined by the length of the optimizer step,
but also by a factor rk that is high during exploration phase
(blue) and decays exponentially shortly before including
the MH acceptance step during sampling phase (blue &
red) and saving the factor network parameters. To further
speed up computation we only sample a new batch after a
parameter update has been accepted.

Thus, we scale the standard deviation

�k =
rk
##

���#̃(k+1) � #(k)
���
2

of the proposals with the `2-norm of the update step length.
Additionally, we include a cyclic factor rk at MCMC step
k. Compared to a stochastic gradient LD update step

#(k+1) = #(k) � ↵kr#Ln(#
(k)) +

r
2↵k

�LD
✏k,

this can be interpreted as the inverse temperature

�LD =
##2

2↵kr2k |r#Ln(#)|22
of the Langevin chain. To enable the random walk to trans-
fer between separated modes of the posterior distribution
efficiently, we introduce a cyclic scaling factor. We choose
a large constant rk that decays exponentially at the end of
the exploration phase. In particular, we choose

rk = r0 · 0.99max(0,kmod c�c+400),

with gap length c = 1500 and r0 = 5000 resp. 7000 for
training with 100 and 500 resp. 2000 and 10000 points.
During the exploration stage the high noise level, leads to
a high acceptance probability. Thus we do not calculate a
MH step for rk > 10. To provide an efficient acceptance
step, we stop adapting the scaling factor once the accep-
tance probability has reached 1/3 and calculate 200 steps
at an inverse temperature of � = 1 from there. In practise,
this did not seem to change the performance, other than the
needed computation, considerably.

5 EXPERIMENTS

5.1 Setup

To gauge the performance of the cycSGMH algorithm, we
compare to three commonly applied techniques for epis-
temic uncertainty quantification in a regression setup. Pub-
lications comparing the predictive uncertainty quantifica-
tion of different probabilistic deep learning models include
Ovadia et al. (2019); Band et al. (2021)

We define the experimental setup in analogy to Hafner et al.
(2020) with data Dn = {(x1, y1), (x2, y2), ..., (xn, yn)}
generated as

x ⇠ {�1, 1}⇥ uniform(0.2, 1)

y ⇠ N (µ = sin(25x),� = max(10�3, 0.2(x+ 1))),

defining out-of-distribution (OOD) areas between �0.2
and 0.2, as well as above 1 and below �1. As the data fea-
tures Gaussian noise, we train to estimate this aleatoric un-
certainty by fitting a Gaussian distribution to the data likeli-
hood. The network thus has two output nodes, the first f̂#,1

Time per sample (Nvidia Tesla P100):  
16.7 ± 1.1 s

Cyclic Stochastic Gradient  
Metropolis-Hastings

Details: 
▪ Scale noise with update 

step length and time 
▪ Omit acceptance step at 

high noise levels 
Technical aspects: 
▪ Stochastic acceptance step 
▪ Invariant distribution of the 

Monte-Carlo chain

16
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Cyclic Stochastic Gradient  
Metropolis-Hastings
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Time per sample (Nvidia Tesla P100):  
16.7 ± 1.1 s

Description (2204.12392): 

▪ Accept  where 

     

with (stochastic) acceptance probability   

  

to correct the invariant distribution 

▪ Allows the use of ADAM in  
Pros & Cons: 

+Exact sampling from the posterior 
+Good out-of-distribution detection 
+Fast and stable uncertainty quantification on existing NN 

Adaptations: 
▪ Full-loss, other optimizers, etc.

θ(k+1) = τ(k)

τ(k) ∼ q( ⋅ |θ(k)) = 𝒩 θ(k) − ηk ∇θLNLL,n(θ(k)),
2ηk

λLD

α(τ(k), θ(k)) = min (
exp (−λLNLL,n(τ(k))) q(θ(k) |τ(k))

exp (−λLNLL,n(θ(k))) q(τ(k) |θ(k))
, 1)

q( ⋅ |θ(k))

Faster Available on trained networks 
Good epistemic uncertainties

https://arxiv.org/abs/2204.12392
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Scaling behavior with the training set size
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Scaling behavior with the training set size
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 competitive credible sets can be regained by 
adapting the batchsize

⟹
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Conclusion
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Deep  
Ensembles

VI LA MCMC

Active Learning Yes Yes Yes No 

Available for trained Network No, but 
hyperparameters 

can be reused

No Yes Yes

Posterior Approximation Set of maxima Uncorrelated 
Gaussian 

Correlated 
Gaussian

Exact

Reliable out-of-Distribution (OOD) 
detection

For large 
datasets

No No Yes

Speed  - training 
             - posterior sampling Very slow

Slow 
Fast

Fast 
Fast Slow

Cost scaling with dataset size Linear Linear Linear Constant 
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Deep  
Ensembles

VI LA MCMC csgMH

Active Learning Yes Yes Yes No No 

Available for trained Network No, but 
hyperparameters 

can be reused

No Yes Yes Yes

Posterior Approximation Set of maxima Uncorrelated 
Gaussian 

Correlated 
Gaussian

Exact Exact

Reliable out-of-Distribution (OOD) 
detection

For large 
datasets

No No Yes Yes

Speed  - training 
             - posterior sampling Very slow

Slow 
Fast

Fast 
Fast Slow Tolerable

Cost scaling with dataset size Linear Linear Linear Constant Linear 
(csgMH with 
optimal alea. 

unc.)

Conclusion

21
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Bonus: Further methods for uncertainty 
estimation

• Dropout MC (1506.02142) 
• Contour SGLD (2202.09867) 
• Last-layer Implementations (1802.09127) 
• Techniques based on out-of distribution detection, often for labeled data

22

https://arxiv.org/abs/1506.02142v6
https://arxiv.org/abs/2202.09867
https://arxiv.org/pdf/1802.09127
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Bonus: Code
List of Code recommondations, used for this study: 
▪ Variational Inference: BLITZ, bayesian-torch for Flipout 
▪ Laplace Approximation: Laplace 
▪ MCMC methods: cycSGHMC, cycSGMH (ours, TBA), Interacting 

ContourSGLD

23

https://github.com/piEsposito/blitz-bayesian-deep-learning/
https://doi.org/10.5281/zenodo.5908307
https://github.com/AlexImmer/Laplace
https://github.com/ruqizhang/csgmcmc
https://github.com/WayneDW/Interacting-Contour-Stochastic-Gradient-Langevin-Dynamics
https://github.com/WayneDW/Interacting-Contour-Stochastic-Gradient-Langevin-Dynamics
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Bonus: Cyclic sgHMC
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Time per sample (Nvidia Tesla P100):  
127 ± 6 s

Description (1902.03932): 
▪ Stochastic Gradient Hamiltonian Monte Carlo 

(sgHMC)  with
 

• `LD with momentum term´ 
Pros & Cons: 
- Better convergence than sgLD 

θk = θk−1 + vk−1
vk = vk−1 − αk ∇U (θk) − ηvk−1 + 2(η − ̂γ)αkϵk

https://arxiv.org/pdf/1902.03932.pdf
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Bonus: Function clouds

• Sampling from the cycSGMH chain returns one Gaussian fit 
• Multiple samples can estimate multimodal likelihood densities or such with 

tails 

25
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Bonus: Full vs stochastic acceptance 
probability

26


