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6Deep Generative Models

GAN Art (2018) 
→ sold for $432,500

GAN Diffusion Models Transformer

State-of-the-art 
image generation

State-of-the-art 
text generation
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The distribution  is usually given as:ptruth
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- implicit via a set of training data  {x} ∼ pdata(x)

In particle physics:
- Event generation

- Calorimeter simulation

- Unfolding

- MEM (transfer function)

→ Multiple types of generative models
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GPT
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11Deep generative models

Diffusion Model

Maximum-likelihood 
Models

Normalizing Flow

Diffusion Probabilistic 
Model

Conditional Flow 
Matching

Continuous NFs

Score-matching 
Model

Autoregessive Transfomer (GPT)

⊖ Reduced flexibility and expressivity

⊕ Fast training and evaluation
⊕ Tractable and fast likelihoods

⊖ Slow likelihood estimation

⊕ State-of-the-art in precision
⊕ Fast and stable training

Application 
dependent



12LHC analysis + DGMs

Quantum 
Theory

ℒ

Nature

Recon- 
struction

Event 
selection

Pattern 
recognition

MC 
sampler

Shower + 
hadron. 

simulattion

Detector 
simulation

Recon- 
struction

Event 
selection

Scattering 
Amplitudes

Detector

Figure adopted from [2405.14806]

Normalizing 
Flow

MadNIS



13MADNIS — Neural importance sampling

[2212.06172, 2311.01548, 2408.01486]

Flat sampling Importance Sampling Multi-channel

I = ∑
i ⟨αi(x)

f(x)
gi(x) ⟩

x∼gi(x)

Parametrize with  
Normalizing FlowParametrize with NN

0.5

1.0

1.5

2.0

2.5

re
la

tiv
e

st
d

de
v

æ
/I

uc ! W+W+ds (@13 TeV)

VE
G

A
S

fix
ed

Æ

tr
ai

ne
d

Æ

VE
G

A
S-

in
it

fix
ed

Æ
VE

G
A

S-
in

it
tr

ai
ne

d
Æ

st
ra

tifi
ed

fix
ed

Æ
st

ra
tifi

ed
tr

ai
ne

d
Æ

C
ha

nn
el

dr
op

pi
ng

bu
ff

er
ed

R
@

=
3

bu
ff

er
ed

R
@

=
5

5

10

15

im
pr

ov
em

en
t

w
rt

.V
EG

A
S

0

5

10

15

20

un
w

ei
gh

tin
g

ef
fic

ie
nc

y
≤
[%

]

M
G

5

1
MADNIS

excellent results with all features1



13MADNIS — Neural importance sampling

[2212.06172, 2311.01548, 2408.01486]

Flat sampling Importance Sampling Multi-channel

I = ∑
i ⟨αi(x)

f(x)
gi(x) ⟩

x∼gi(x)

Parametrize with  
Normalizing FlowParametrize with NN

0.5

1.0

1.5

2.0

2.5

re
la

tiv
e

st
d

de
v

æ
/I

uc ! W+W+ds (@13 TeV)

VE
G

A
S

fix
ed

Æ

tr
ai

ne
d

Æ

VE
G

A
S-

in
it

fix
ed

Æ
VE

G
A

S-
in

it
tr

ai
ne

d
Æ

st
ra

tifi
ed

fix
ed

Æ
st

ra
tifi

ed
tr

ai
ne

d
Æ

C
ha

nn
el

dr
op

pi
ng

bu
ff

er
ed

R
@

=
3

bu
ff

er
ed

R
@

=
5

5

10

15

im
pr

ov
em

en
t

w
rt

.V
EG

A
S

0

5

10

15

20

un
w

ei
gh

tin
g

ef
fic

ie
nc

y
≤
[%

]

M
G

5

1
MADNIS

excellent results with all features1

Fully differentiable version available



14LHC analysis + DGMs

Quantum 
Theory

ℒ

Nature

Recon- 
struction

Event 
selection

Pattern 
recognition

MC 
sampler

Shower + 
hadron. 

simulattion

Detector 
simulation

Recon- 
struction

Event 
selection

Scattering 
Amplitudes

Detector

Figure adopted from [2405.14806]

MadNIS

SBI & MEM

Unfolding

Calo[…]



14LHC analysis + DGMs

Quantum 
Theory

ℒ

Nature

Recon- 
struction

Event 
selection

Pattern 
recognition

MC 
sampler

Shower + 
hadron. 

simulattion

Detector 
simulation

Recon- 
struction

Event 
selection

Scattering 
Amplitudes

Detector

Figure adopted from [2405.14806]

MadNIS

SBI & MEM

Unfolding

Calo[…]

⚠ Requires uncertainty 
treatment



15Uncertainty Estimation

Introduction 
& Definition

Classifier test 
& reweighting

Data 
Amplification?

Uncertainty 
Estimation

Strengths & 
Weaknesses

Open 
Discussion

?! …



16What we have vs what we want

So far: fixed input xNNs are deterministic fixed output y

However, in particle physics:
→ we are not only interested in results, but also in errorbars

y ∼ p(y |x)We need: fixed input x probabilistic output ⟨y⟩ ± σy

How do we achieve this?
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Neural network

!

p(
!
)

!0

Network weights are  
deterministic

ω = ω0

Bayesian Neural network

!

p(
!
)

�!

!0

Network weights are  
drawn from distribution

ω ∼ p(ω)
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DGM output
Intractable ☹

→ e.g. Gaussian with • Approximate posterior: p(ω |x) ≃ qα(ω |x) ≈ qα(ω) α = (μ, σ)

Average over posterior



18BNN loss function

• Predictive distribution in DGMs: p(y |x) = ∫ dω p(y |ω, x) p(ω |x)

DGM output
Intractable ☹

→ e.g. Gaussian with • Approximate posterior: p(ω |x) ≃ qα(ω |x) ≈ qα(ω) α = (μ, σ)

Average over posterior

ℒBNN = − ⟨log p(x |ω)⟩qα(ω) + KL(qα(ω), p(ω))
1 2

• BNN loss function
1

2

Neg log-likelihood averaged over qα

 shoud not deviate too much from prior!qα

• Variational inference: find  that minimizesα KL(qα(x), p(ω |x))
Bayes’ Theorem

p(ω |x) =
p(x |ω) p(ω)

p(x)
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MEM
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Known from 
theory

Theory 
parameter 

θ

Reconstructed 
momenta 

xreco

Likelihood intractable 
→ learn with neural network

Inference — Matrix element method

Transfer function
density estimation:
Normalizing Flow 

+ Transformer

Acceptance function

learn with simple
classifier network

Theory knowledge
diff. cross-section

1
σ(α)

dσ(α)
dxhard

Efficient MC integration
importance sampling:

Normalizing Flow
xhard ∼ p(xhard |xreco, θ)

ℒ
Theory Shower EventsHard process Hadronization Detectors

Forward

Inverse

p(xreco |θ) = ∫ dxhard p(xhard |θ) p(xreco |xhard) ϵ(xhard)
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23Reweighting and refinement
DCTRGAN

⊕ Additional classifier improves precision
DCTRGAN [1907.08209, 2009.03796],  
LASER [2106.00792, 2305.07696]

[2009.03796] Classifier

If we have samples from  
data and DGM…

…an optimal classifier yields

f(x) =
pdata(x)

pdata(x) + pG(x)

w(x) =
pdata(x)
pG(x)

=
f(x)

1 − f(x)

and defines weight



24Reweighting and refinement
DCTRGAN

⊕ Additional classifier improves precision
DCTRGAN [1907.08209, 2009.03796],  
LASER [2106.00792, 2305.07696]

[2009.03796]
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25Classifier test
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Given  training samples, how many more events  can 
the DGM generate that can effectively increase the statistics?

N Ng > N

Discussion Topic
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→ works for different DGMs
→ More details and link to BNNs, see talk from G.Kasieczka and [2408.00838]
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