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Introduction

Measurements:

Values & Errors

Results:

Values & Errors

S
tatistics

Measurement

The estimation of uncertainties is fundamental to 
Science (and HEP specifically). 

Both in experiment …

… and in evaluation.

Systematic

Uncertainty

Statistical 

Uncertainty

Aleatoric 

Uncertainty

Epistemic 

Uncertainty

„Data-distribution“

Uncertainty from 

using a ML model
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„Bayesian Neural Networks“ 

Mean Field Gaussian Variational Inference

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)


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))

→

taken from 

Blundell, Charles, et al. "Weight uncertainty in neural network." 
International conference on machine learning. PMLR, 2015.

θ
posterior 

distributionp(θ |𝒟)

̂̂

https://arxiv.org/abs/1505.05424
https://arxiv.org/abs/1807.09289
https://arxiv.org/abs/1803.04386
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Cyclic sgLD
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

θ
posterior 

distributionp(θ |𝒟)

̂̂

taken from 

Blundell, Charles, et al. "Weight uncertainty in neural network." 
International conference on machine learning. PMLR, 2015.

https://arxiv.org/pdf/1902.03932.pdf
https://arxiv.org/pdf/1902.03932.pdf
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 Corrected Stochastic Metropolis Adjusted 
Langevin Algorithm

Xi YiY = f(X) + ϵ with 𝔼(ϵ |X) = 0

̂fθ(X)

loss function 

 

insert arbitrary loss function here

Ln( ̂fθ) =
1
N

N

∑
i=1

(Yi − ̂fθ(Xi))2

data Dn

propose new weight values 
τi ∼ q( ⋅ |θi) = 𝒩(θ̃i+1, σ21)

accept new weight values with probability 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

α 1 − α

θi+1 = τi θi+1 = θi

(stochastic) gradient descent 
 

insert arbitrary optimization step here
θ̃i+1 = θi − γ∇θ Ln( ̂fθi

)
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 Corrected Stochastic Metropolis Adjusted 
Langevin Algorithm

Xi YiY = f(X) + ϵ with 𝔼(ϵ |X) = 0

̂fθ(X)

loss function 

 

insert arbitrary loss function here

Ln( ̂fθ) =
1
N

N

∑
i=1

(Yi − ̂fθ(Xi))2

data Dn

propose new weight values 
τi ∼ q( ⋅ |θi) = 𝒩(θ̃i+1, σ21)

accept new weight values with probability 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

α 1 − α

θi+1 = τi θi+1 = θi

(stochastic) gradient descent 
 

insert arbitrary optimization step here
θ̃i+1 = θi − γ∇θ Ln( ̂fθi

)

Need to evaluate loss on the whole 
dataset


Can we use a stochastic estimate?

Bernoulli ρ

all data
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 Corrected Stochastic Metropolis Adjusted 
Langevin Algorithm

all data

Xi YiY = f(X) + ϵ with 𝔼(ϵ |X) = 0

̂fθ(X)

loss function 

 

insert arbitrary loss function here

Ln( ̂fθ) =
1
N

N

∑
i=1

(Yi − ̂fθ(Xi))2 + log(ρ)N

data Dn

propose new weight values 
τi ∼ q( ⋅ |θi) = 𝒩(θ̃i+1, σ21)

accept new weight values with probability 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

α 1 − α

θi+1 = τi θi+1 = θi

(stochastic) gradient descent 
 

insert arbitrary optimization step here
θ̃i+1 = θi − γ∇θ Ln( ̂fθi

)

Bernoulli ρ

Need to evaluate Loss on the whole 
dataset


Can we use a stochastic estimate?
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Fits with Stochastic Gradient MALA
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Adam-MCMC

11

all data

Xi YiY = f(X) + ϵ with 𝔼(ϵ |X) = 0

̂fθ(X)

loss function 

 

insert arbitrary loss function here

Ln( ̂fθ) =
1
N

N

∑
i=1

(Yi − ̂fθ(Xi))2

data Dn

propose new weight values 
τi ∼ q( ⋅ |θi) = 𝒩(θ̃i+1, σ21 + (θ̃i+1 − θi)(θ̃i+1 − θi)⊤)

accept new weight values with probability 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

α 1 − α

θi+1 = τi θi+1 = θi

(stochastic) gradient descent 
θ̃i+1 = Adam(θi, Ln( ̂fθi

))

allows efficient convergence

high acceptance rates

batches
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Adam-MCMC

12

- Convergence -

- Invariant distribution -
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Physics Use-case
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Measurement

Hard scattering

Parton Shower

Hadronization

Detector Effects

Jet Clustering
Neural Network Tagger

Cuts & Data-Processing

Signal & Background

Classification Surrogates

https://cds.cern.ch/record/2814439
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Measurement

Signal & Background Exclusion Limits, etc.

Cuts & Data-Processing

Neural Network Tagger

Classification Surrogates

Hard scattering

Parton Shower

Hadronization

Detector Effects

Jet Clustering

https://cds.cern.ch/record/2814439
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Measurement

Signal & Background Exclusion Limits, etc.

Cuts & Data-Processing

Neural Network Tagger

Classification Surrogates

Hard scattering

Parton Shower

Hadronization

Detector Effects

Jet Clustering

Is this evaluation also sensitive to 
X  Y + Z?→

https://cds.cern.ch/record/2814439


01.12.2023 Sebastian Bieringer Efficient Posterior Sampling

internal
public

17

Measurement

Signal & Background Exclusion Limits, etc.

Cuts & Data-Processing

Neural Network Tagger

Classification Surrogates

Hard scattering

Parton Shower

Hadronization

Detector Effects

Jet Clustering

Is this evaluation also sensitive to 
X  Y + Z?→

Generative Model 

(Classification Surrogate)

No, its not!

https://cds.cern.ch/record/2814439
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MADGRAPH5 aMC@NLO:

 hadronic and tt̄ Z

PYTHIA

DELPHES: CMS card

Particle Transformer (ParT)

(2202.03772)

p(top jet)

The Toy Setup

anti-  clusteringkT

JETCLASS

Generative Model 

(Classification Surrogate)

 GeV    
pseudorapidity 
pT ∈ [500,1000]

|η | < 2

pT, η, ϕ, Ejet, njet

truth info

For every particle of the jet:

kinematics, particle identification,


 trajectory displacement

https://arxiv.org/pdf/2202.03772
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Detector Smearing Distribution
- pick a jet event

- select the 100 events with  closestpT, η, ϕ, Ejet, njet

ParT(events)
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Detector Smearing Distribution
- pick a jet event

- select the 100 events with  closestpT, η, ϕ, Ejet, njet

(ParT(events))
sig−1
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The Generative Model

Conditional Flow Matching 
(CFM) [1,2] + Bayesian [3,4]

pT, η, ϕ, Ejet, njet

truth info

z ∝ 𝒩(0,1) p(top jet)

http://%5B2%5D%20https://gist.github.com/francois-rozet/fd6a820e052157f8ac6e2aa39e16c1aa
https://arxiv.org/pdf/2210.02747
http://%5B4%5D%20https://github.com/IntelLabs/bayesian-torch
http://%5B5%5D%20https://arxiv.org/pdf/2305.10475
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Variational Inference Bayesian CFM
Continuous Normalizing Flow:


- Flow  defined via 





- solve the ODE to train and sample

- linear trajectory

- transforms probability distributions


ϕ : [0,1] × ℝd → ℝd

d
dt

ϕt(x) = vt(ϕt(x)) = ṽt(x, θ)

pt(x) = p0 (ϕ−1
t (x)) det [ ∂ϕ−1

t

∂x
(x)]

Conditional Flow Matching:

- loss that does not ODE solving





- by choice of  and  





- not a -Likelihood loss


ℒFM(θ) = 𝔼t,pt(x) vt(x) − ṽt(x, θ))
2

pt vt

ℒCFM(θ) = 𝔼t,pt(x),ϵ [ṽt ((1 − t)x0 + tϵ, θ) − (ϵ − x0)]
2

log

Variational Inference Bayesian Conditional Flow Matching:


- Bayesian loss 


- connect both , with  uncorrelated Gaussian shape

ℒBNN = KL [q(θ), p (θ ∣ x)] = − ∫ dθ q(θ) log p (x ∣ θ) + KL[q(θ), p(θ)] +  const.

ℒB−CFM = ⟨ℒCFM⟩θ∼q(θ)
+ cKL[q(θ), p(θ)] q(θ)
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Adam-MCMC Bayesian CFM
Continuous Normalizing Flow:


- Flow  defined via 





- solve the ODE to train and sample

- linear trajectory

- transforms probability distributions


ϕ : [0,1] × ℝd → ℝd

d
dt

ϕt(x) = vt(ϕt(x)) = ṽt(x, θ)

pt(x) = p0 (ϕ−1
t (x)) det [ ∂ϕ−1

t

∂x
(x)]

Conditional Flow Matching:

- loss that does not ODE solving





- by choice of  and  





- not a -Likelihood loss


ℒFM(θ) = 𝔼t,pt(x) vt(x) − ṽt(x, θ))
2

pt vt

ℒCFM(θ) = 𝔼t,pt(x),ϵ [ṽt ((1 − t)x0 + tϵ, θ) − (ϵ − x0)]
2

log

Adam-MCMC Bayesian Conditional Flow Matching:

- train the network with CFM

- start Markov Chain from this point (independent of starting point):


- 1D problem: Solve ODE to get -Likelihood of batch for update steps and acceptance rateslog
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Learned Detector Smearing Distribution

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Learned Detector Smearing Distribution

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Learned Detector Smearing Distribution

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Predicted ROC

27
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Unphysical Inputs

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Unphysical Inputs

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Unphysical Inputs

Conditional Flow Matching (CFM) 
+ Variational Inference Bayes

1

z ∝ 𝒩(0,1)

Conditional Flow Matching (CFM) 
+ AdamMCMCz ∝ 𝒩(0,1)

1
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Conclusion
▪ Adam-MCMC can provide improved error 

estimates over more common Bayesian 
architectures


▪ CFM model can can predict the in-
distribution behavior of a large classifier well

▪ Independent of detector-level data

▪ Can be shared with analysis

31
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Effects of the Prior Parameter c

32

Bayesian Conditional Flow Matching:


- Bayesian loss 


- connect both , with  uncorrelated Gaussian shape

ℒBNN = KL [q(θ), p (θ ∣ x)] = − ∫ dθ q(θ) log p (x ∣ θ) + KL[q(θ), p(θ)] +  const.

ℒB−CFM = ⟨ℒCFM⟩θ∼q(θ)
+ cKL[q(θ), p(θ)] q(θ)

c = 100c = 1c = 0.01
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Effects of high inverse temperature λ

33

Adam-MCMC Bayesian Conditional Flow Matching:


- Metropolis-Hastings correction: Accept new weight values with probability 


-  gives the inverse temperature of a tempered Gibbs-Posterior 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

λ pλ(ϑ |Dn) ∝ exp(−λLn(ϑ)) p(ϑ)

λ = 50 λ = 100 λ = 250 λ = 500λ = 1
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Effects of low inverse temperature λ

34

Adam-MCMC Bayesian Conditional Flow Matching:


- Metropolis-Hastings correction: Accept new weight values with probability 


-  gives the inverse temperature of a tempered Gibbs-Posterior 

α =
exp (−λLn(τi)) q(θi |τi)

exp (−λLn(θi)) q(τi |θi)

λ pλ(ϑ |Dn) ∝ exp(−λLn(ϑ)) p(ϑ)

λ = 0.01 λ = 0.1 λ = 1
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What if only trained on truth?

35

top jets

not top jets

obviously the same for 
events of the same class


