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Generative Models for the LHC
Part II



6Generative Models

GAN Art (2018) 
→ sold for $432,500

GAN Diffusion Models Transformer

State-of-the-art 
image generation

State-of-the-art 
text generation



What is a generative model?
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8What is a Generative Model?

We have: ptruth ≡ pdata(x) We want to generate new samples x ∼ pω(x) ≃ pdata(x)

The distribution  is usually given as:ptruth

- explicit as function (e.g. differential cross-section)dσ ∝

- implicit via a set of training data  {x} ∼ pdata(x)

In particle physics:

- Event generation

- Calorimeter simulation

- Unfolding

- Anomaly detection

- MEM (transfer function)

→ this is a stochastic (random) process (RNG)

→ needs “random” input
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Gω(z) = x

z ∼ platent(z) = 𝒩(0,1)

What is a Generative Model?

x ∼ pω(x) !≃ pdata(x)
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zx

Gω(z) = x

→ How to construct and train ?Gω(z)

z ∼ platent(z) = 𝒩(0,1)

What is a Generative Model?

x ∼ pω(x) !≃ pdata(x)
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zx

Gω(z) = x

→ How to construct and train ?Gω(z)

→ Multiple types of generative models

GAN

VAE

Flow

GPT

Diffusion

z ∼ platent(z) = 𝒩(0,1)

What is a Generative Model?

x ∼ pω(x) !≃ pdata(x)



Types of deep generative models
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What is a normalizing flow?
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forward G

Inverse  G−1 ≡ G

platent(z)p(x)

[1505.05770, 1908.09257]
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14Normalizing flow — Basics

p(x) dx = platent(z) dzConservation of probability: with z = Gω(x) x = Gω(z)

x z

forward G

Inverse  G−1 ≡ G

platent(z)

Change-of-variables formula:

p(x)

log pω(x) = log platent(z = Gω(x)) + log
∂Gω(x)

∂x

generation/sampling

density estimation

[1505.05770, 1908.09257]



How to train it?
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16Normalizing flow — Training

Kullback-Leibler divergence: KL(pdata(x) |pω(x)) = ∫ dx pdata(x) log
pdata(x)
pω(x)

= − ∫ dx pdata(x) log pω(x) + ∫ dx pdata(x) log pdata(x)

Negative log-likelihood loss: ℒNLL = − ∫ dx pdata(x) log pω(x) = ⟨−log pω(x)⟩x∼pdata

Match  with pω(x) pdata(x)

No   
dependence

ω

log pω(x) = log platent(z = Gω(x)) + log
∂Gω(x)

∂x
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log pω(x) = log platent(z = Gω(x)) + log
∂Gω(x)

∂x

In general:  is  matrixgω(x) =
∂Gω(x)

∂x
d × d Scales with 𝒪(d3) ☹

Solution: Autoregressive transformations z =
z1
⋮
zd

x =
x1
⋮
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z1 ≡ z1(x1)
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⋮
zd ≡ zd(x1, x2, …, xd)

Jij(x) =

∂z1

∂x1

∂z2
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…

∂zd

∂x1

0 ∂z2

∂x2
…
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⋮ ⋱ ⋮
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det J = ∏
i

Jii ∼ 𝒪(d) ☺

Requires tractable Jacobian!
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18Coupling block

zA = C(xA; fω(xB))
zB = xB

Forward pass:

Inverse pass: xA = C−1(zA; fω(zB))
xB = zB

xA

xB zB

zA

zx

C

fω

What is the function ?C
Jij(x) =

∂C
∂xA

∂C
∂fω

∂fω
∂xB

0 Im



19Coupling block

xA

xB zB

zA

zx

C

fω

Affine
[1605.08803]

CA = αω(xB) ⋅ xA + μω(xB)

parametrized by NN

zA = C(xA; fω(xB))
zB = xB

Forward pass:

Inverse pass: xA = C−1(zA; fω(zB))
xB = zB

Jij(x) =
∂C
∂xA

∂C
∂fω

∂fω
∂xB

0 Im



20Coupling block

xA

xB zB

zA

zx

C

fω

Affine
[1605.08803]

CA = αω(xB) ⋅ xA + μω(xB)
zA = C(xA; fω(xB))
zB = xB

Forward pass:

Inverse pass: xA = C−1(zA; fω(zB))
xB = zB

Jij(x) =
∂C
∂xA

∂C
∂fω

∂fω
∂xB

0 Im
Quadratic

Rational 
quadratic

[1808.03856]

[1906.04032]

C = aω x2 + bω x + cω

C =
aω x2 + bω x + cω

dω x2 + eω x + fω
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Neural importance sampling with MadNIS
Example I

Heimel, RW, Butter, Isaacson, Krause, Maltoni, Mattelaer, Plehn [2212.06172] 
Heimel, Huetsch, Maltoni, Mattelaer, Plehn, RW [2311.01548] 

https://arxiv.org/abs/2212.06172
https://arxiv.org/abs/2311.01548
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Quantum 
Theory

ℒ Scattering 
Amplitudes

Detector 
simulation

Recon- 
struction

Event 
selection

2.1 Generative Modelling

MC 
sampler

Shower + 
hadron. 

simulattion

Event generation
Phase-space integration

Importance sampling 
BDT [1707.00028], NN [1810.11509, 2009.07819] 
NF [2001.05486, 2001.05478, 2001.10028, 2005.12719, 
2112.09145, 2212.06172, 2311.01548] 
Chili [2302.10449]



27Monte Carlo integration

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections
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Flat sampling: 
inefficient

I = ⟨ f(x)⟩x∼unif

27Monte Carlo integration

Importance sampling: 
find  close to p f

I = ⟨ f(x)
p(x) ⟩

x∼p(x)

Multi-channel: 
one map for each channel

I = ∑
i ⟨αi(x)

f(x)
pi(x) ⟩

x∼pi(x)

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections



28Event generation

I = ∑
i ⟨αi(x)

f(x)
pi(x) ⟩

x∼pi(x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Channel weights Channel mappings
MadGraph: use amplitude structure, … 
Analytic mappings + refine with VEGAS

MadGraph: dσ/dx
Integrand

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections

(factorized, histogram based 
importance sampling)



29Event generation + MadNIS

I = ∑
i ⟨αi(x)

f(x)
pω

i (x) ⟩
x∼pω

i (x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels
MadGraph: dσ/dx

Integrand

Learned channel mappings
MadGraph: use amplitude structure, … 
Analytic mappings + refine with VEGAS

refine with NF

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Channel weights

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections



30Event generation + MadNIS

I = ∑
i ⟨αξ

i (x)
f(x)

pω
i (x) ⟩

x∼pω
i (x)

MadGraph: build channels 
from Feynman diagrams

Sum over channels
MadGraph: dσ/dx

Integrand

Learned channel mappings
MadGraph: use amplitude structure, … 
Analytic mappings + refine with VEGAS

refine with NF

MadGraph: αMG
i (x) ∼ ∣Mi ∣2

Learned Channel weights

dσ =
1

flux
dxadxb f(xa)f(xb) dΦn ⟨ ∣Mλ,c,...(pa, pb ∣ p1, …, pn) ∣2 ⟩

Calculate (differential) cross sections

αi(x) → αξ
i (x) = αMG

i (x) ⋅ Kξ
i (x)

parametrize with NN
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2. Larger improvements for processes with large interference terms
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38Reminder — LHC analysis + ML
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39Community interest in AD

LHC Olympics
[Kasieczka et al: 2107.02821,  

2101.08320]

ADC2021
[Govorkova et al: 2107.02157]

Dark Machines
[Ostdiek et al: 2105.14027]

[CMS-PAS-EXO-22-026]



What is anomaly detection?



[2109.00546]
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Sideband SidebandSignal Region
D
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ty

MOther 

features

Data

SM Template

Goal: observe new 
physics signal…

…above the SM 
background

Neyman-Pearson Lemma

R =
pdata(x)
pbg(x)

Optimal 
hypothesis test

❖ Idealized anomaly detector (IAD)

ML

❖ Best you can do if… 
…you know  and pdata pbg

❖ Use  as cut discriminant 
→ 

R
R > Rc
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Instead of learning the  
likelihood ratio directly…

Classifier
If we have samples from  
data and SM background…

43How to get the optimal test statistic?

R =
pdata(x)
pbg(x)

…an optimal classifier yields

f(x) =
pdata(x)

pdata(x) + pbg(x)

❖ Get  and  from 
MC simulations

x ∼ pdata x ∼ pbg

…use a density estimator to learn

pω(x |SR) ≃ pdata(x |SR)

pω(x |SB) ≃ pbg(x)

❖ Estimate samples from data:

x ∼ pdata(x |SR)

x ∼ pdata(x |SB) ≈ pbg(x)

❖ Then calculate  directly from 
the individual likelihoods

R



CWoLa Hunting
Example I

Metodiev, Nachman, Thaler [1708.02949]
Collins, Howe, Nachman [1805.02664]
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Classifier

Signal

Background

Goal: learn the signal to  
background ratio

An optimal classifier yields the  
likelihood ratio

Roptimal =
f(x)

1 − f(x)
=

psig(x)
pbg(x)

⊕ Can be approximated with a 
supervised classifier (ML)

⊖ Labels are not available in 
experimental data
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Metodiev, Nachman, Thaler [1708.02949]

Classifier

Signal

Background

Two mixed datasets with signal fractions wi

pi(x) = wi psig(x) + (1 − wi) pbg(x)

Rmixed =
w1 Roptimal(x) + (1 − w1)
w2 Roptimal(x) + (1 − w2)

Classifier gives likelihood ratio

⊕ Monotonic function 
→ optimal on mixed = optimal on pure sample

→ Basis of weak supervised classification
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Signal

Background

Classifier

SignalBackground

Classifier

Data in SRBg. Template

Rsupervised =
psig(x)
pbg(x)

RIAD =
pdata(x)
pbg(x)

= ϵ Rsupervised + (1 − ϵ)
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49CWoLa Hunting

RCWoLa =
pdata(x |SR)
pbg(x |SB)

x = {mX, mY, Δmj, τ(1)
21 , τ(2)

21 }
Other 
features

Resonant  
observable mjj = mZ′ 

> mX, mY

pbg(x |mjj ∈ SR) ≈ pbg(x |mjj ∈ SB) ≈ pbg(x)
[1902.02634]

CWoLa Likelihood estimate

≈
pdata(x |SR)
pbg(x |SR)



Can we do better?



ANOmaly detection with Density Estimation (ANODE)

Example II

Nachman, Shih [2001.04990]
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[2001.04990]

RCWoLa =
pdata(x |SR)
pbg(x |SB)

CWoLa Likelihood estimate

Interpolate
The ANODE method

pω1
(x |m) ≃ pdata(x |m)

pω0
(x |m) ≃ pbg(x |m)

NF

NF

RANODE =
pω1

(x |SR)
pω0

(x |SR)

ANODE Likelihood estimate

≃
pdata(x |SR)
pbg(x |SR)

Trained in m ∈ SB

Trained in m ∈ SR



Are we already happy?
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54CWoLA versus ANODE

[2001.04990]

RCWoLa =
pdata(x |SR)
pbg(x |SB)

CWoLa Likelihood estimate

RANODE =
pω1

(x |SR)
pω0

(x |SR)

ANODE Likelihood estimate

[1902.02634]

Pros and cons: Pros and cons:

⊕ Classification is easy and precise

⊖ Sensitive to correlations between 
 and other features mjj x

⊕ Robust against correlations

⊖ Less powerful and sensitive 
than classification



Can we get the best of both worlds?



Classifying Anomalies THrough Outer Density Estimation (CATHODE)

Example III

Hallin, Isaacson, Kasieczka, Krause, Nachman, Quadfasel, Schlaffer, Shih, Sommerhalder [2109.00546]
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The CATHODE method

pω1
(x |m) ≃ pdata(x |m)
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pdata(x |SR)
pω0

(x |SR)

CATHODE Likelihood estimate

≃
pdata(x |SR)
pbg(x |SR)

Trained in m ∈ SB

Interpolate
̂xbg ∼ pω0

(x |m ∈ SR) ≃ pbg(x |SR)

1. Interpolate SM background template 
to SR and sample:

pω0
(x |m) ≃ pbg(x |m)

2. Then train classifier between 
 and  as in CWoLÂxbg x ∼ pdata(x |SR)



How do they compare?



59How to quantify improvement?

Sideband SidebandSignal Region

Data
B

S

S

B

S ⋅ ϵS

B ⋅ ϵB
=

S

B
⋅Statistical  

significance:
AD ϵS

ϵB

Improvement 
factor
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Are there other ways?
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Summary and Outlook

• ML beneficial in every step of the  
simulation and analysis chain

• We find both proof-of-concepts as well as 
established use cases (→ AD, MadNIS,…)

• Interesting interplay between physics and ML
    → Physics provides ~infinite data for ML

  → Physics requirements (precision, symmertries,…) 
       different than industry applications

Future exercises

• Full integration of ML-based methods into 
standard tools → Taggers, MadGraph,….

• Make everything run on GPUs and  
make it differentiable

• Foster deeper collaboration between  
theory, experiment, and ML community
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