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Why does Pheno care about ML?

simulation and modeling, lead to new discoveries, 
and foster cross-disciplinary collaboration
“ Pheno cares about machine learning 

because it can improve data analysis,

ChatGPT
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Increasing interest

ML is fun!

Future of HEP?
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LHC analysis + ML

Fundamental Theory

Simulation

Detector-level  
observables

Nature

Experiment

Detector-level  
observables

Pattern 
recogniton

Fast 
simulation

Experimental 
design

Online 
processing/ 
triggering

Data 
curation

New Physics?

calibration 
clustering 
tracking 

particle identification 
…

Optimal 
observables

Parameter  
estimation/ 
unfolding

Signal vs. 
Background
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Deep generative models



Forward zx Inverse x′￼

f(x) f −1(z)

Generator0/1Discriminator x′￼zx′￼ x
D(x) G(z)

x Encoder x′￼
Decoderzqϕ(z |x) pθ(x |z)

Generative 
Adversarial 
Network

Variational  
Auto- 
Encoder

Normalizing  
Flow

Deep generative models



New kids in town

x0 x1 x2 x3 ⋯⋯ z
Diffusion 
Probabilistic  
Model

Generative 
Pretrained 
Transformer

LinearEmbeddingx Transformer ω p(x |ω)
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Analyses & Unfolding

ℒ
Theory Shower EventsHard process Hadronization Detectors

Precise Simulations1 Forward

Inverse 2

ML improved simulations

Phase-space generation

BDT [1707.00028, …], NN [1810.11509, 2009.07819, …]

NF [2001.05486, 2001.05478, 2001.10028, 2005.12719, 2112.09145, 2212.06172, …]



Details in talk by T. Heimel

MADNIS — Neural importance sampling

HD/Louvain [2212.06172]

Flat sampling Importance Sampling Multi-channel

I = ∑
i ⟨αi(x)

f(x)
gi(x) ⟩

x∼gi(x)
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Analyses & Unfolding

ℒ
Theory Shower EventsHard process Hadronization Detectors

Precise Simulations1 Forward

Inverse 2

End-to-end generation

End-to-end generation

VAE [2101.08944, …], NF [ 2011.13445, 2110.13632, …]  
GAN [1901.00875, 1901.05282, 1903.02433,1907.03764, 1912.02748, 2001.11103, …] 



⊕⊕ Sub-percent precision in bulk region

Precision generation

Z + jets production:

Parametrize with NF

pp → Z + {1, 2, 3} jets
→ μ+μ− + {1, 2, 3} jets
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Precision generation

Z + jets production: pp → Z + {1, 2, 3} jets
→ μ+μ− + {1, 2, 3} jets
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⊕ LASER gives unweighted events
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Pushing limits in the precision era?
New kids in town

x0 x1 x2 x3 ⋯⋯ z

LinearEmbeddingx Transformer ω p(x |ω)

Credits to Nathan Huetsch, Sofia Schweitzer, Peter Sorrenson and Jonas Spinner



xT ≥ N (0, 1)

DDPMt = T ‘◊ xT≠1 = 1Ô
1≠—T
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Diffusion probabilistic model

Denoising diffusion probabilistic model
DGM — New Kids in Town

x0 x1 x2 x3 ⋯⋯ z
Diffusion 
Probabilistic 
Model

Generative 
Pretrained 
Transformer

LinearEmbeddingx Transformer ω p(x |ω)

Parametrize with DDPM

• Discrete diffusion time steps T

• Invert each step iteratively

⊖ Requires T network evaluations

⊕ State-of-the-art image generation



⊖ Solving ODE numerically is slow 
and requires multiple network evals

Diffusion probabilistic model

Conditional flow matching
DGM — New Kids in Town

x0 x1 x2 x3 ⋯⋯ z
Diffusion 
Probabilistic 
Model

Generative 
Pretrained 
Transformer

LinearEmbeddingx Transformer ω p(x |ω)

Parametrize with CFM

• Continuous time evolution

• Solve ODE numerically

⊕ No fine tuning of finite time steps

d
dt

x(t) = vθ(x(t), t)

t ≥ U([0, 1])

x0 ≥ pdata(x0), ‘ ≥ N (0, 1) x(t|x0) = (1 ≠ t)x0 + t‘ CFM

L =
3
v◊ ≠ (‘ ≠ x0)

42 v◊



x0 AT Ê(0) pmodel(x1|Ê(0))

x1 AT Ê(0)

Ê(1) pmodel(x2|Ê(1))

x2...
xn≠1

. . .

AT
Ê(0)

...
Ê(n≠1) pmodel(xn|Ê(n≠1))

...

xn
⊕ State-of-the-art text generation
⊖ Requires L network evaluations

Generative (pre-trained) transformer

Autoregressive transformer

Parametrize with AT

• Autoregressive sampling

• Self-attention for complicated 
correlations and combinatorics

DGM — New Kids in Town

x0 x1 x2 x3 ⋯⋯ z
Diffusion 
Probabilistic 
Model

Generative 
Pretrained 
Transformer

LinearEmbeddingx Transformer ω p(x |ω)

⊕ Arbitrary input length L



DDPM CFM AT

— Jet separation —
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New kids in town — Future?

DDPM CFM AT

— Invariant lepton mass —
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Soon to be published [2305.xxxx]



ℒ
Theory Shower EventsHard process Hadronization Detectors

Inverting the simulation chain

Precise Simulations1 Forward

Inverse 2Analyses & Unfolding



Analyses & Unfolding

ℒ
Theory Shower EventsHard process Hadronization Detectors

Precise Simulations1 Forward

Inverse 2

Inverting the simulation chain

Unfolding to  
parton level

More in talk by R. Barman

Unfolding 
detector effects

Classifier based aproach 
OmniFold [1911.09107], Profiled Unfolding [2302.05390]


Density based approach 
FCGAN [1912.00477], cINN [2006.06685],  
IcINN [2212.08674], OTUS [2101.08944]



Analyses & Unfolding

ℒ
Theory Shower EventsHard process Hadronization Detectors

Precise Simulations1 Forward

Inverse 2

Inverting the simulation chain

Parameter inference 
MEM

Historically → Tevatron 
Top mass: D0 (98’, 04’), CDF 06’, Fiedler et al. [1003.1316] 
Single-top: Review [1710.10699]



Inference with normalizing flows

ℒ
Theory Shower EventsHard process Hadronization Detectors

Theory 
parameter 

α

Known from 
theory 

Reconstructed 
momenta 

xreco

Likelihood intractable 
→ parametrize with NF 

p(xreco |α) = ∫ dxhard p(xhard |α) p(xreco |xhard)MEM master formula:



Inference with normalizing flows

ℒ
Theory Shower EventsHard process Hadronization Detectors

Theory 
parameter 

α

Known from 
theory 

Reconstructed 
momenta 

xreco

Likelihood intractable 
→ parametrize with NF 

In practice → perform integral numerically

parametrize with  
additional NF

Talk by T. Heimel

MEM master formula: p(xreco |α) = ∫ dxhard p(xhard |α) p(xreco |xhard)



Matrix element method
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2
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pp → tH j
→ (bW) (γγ) j

tHj production:

Anomalous coupling 
with CP-angle α
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https://arxiv.org/abs/2210.00019
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Around SM ( ):α = 0
⊖ low total cross section (few events)

⊖ low variation of rate 
⊕ kinematics sensitive ideal use case for MEM
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Uncertainties from training of neural network? 
→ Bayesian neural networks

Result from 
MEM

ℒtt̄H = −
yt

2 [cos α t̄t +
2
3

i sin α t̄γ5t]H

pp → tH j
→ (bW) (γγ) j

tHj production:

Anomalous coupling 
with CP-angle α

Matrix element method
Heidelberg/Louvain [2210.00019, 23XX.xxxxx]

https://arxiv.org/abs/2210.00019


ℒtt̄H = −
yt

2 [cos α t̄t +
2
3

i sin α t̄γ5t]H

pp → tH j
→ (bW) (γγ) j

tHj production:

Anomalous coupling 
with CP-angle α

40 45 50
CP-angle Æ [°]

0

2

4

6

8

10
°

2
lo

g
L

(Æ
)

hadronic, Æ = 45±, 400 events

hard

reco

Hard scattering 
truth for 

comparison

Statistical 
uncertainty

40 45 50
CP-angle Æ [°]

0

2

4

6

8

10

°
2

lo
g

L
(Æ

)

hadronic, Æ = 45±, 400 events

hard

reco

Uncertainties from training of neural network? 
→ Bayesian neural networks

Systematic 
uncertainty 

from training

Result from 
MEM

Matrix element method
Heidelberg/Louvain [2210.00019, 23XX.xxxxx]

https://arxiv.org/abs/2210.00019


• Flows (+ Transformers) provide statistically 
well-defined likelihoods for inference

Summary

Summary and Outlook

• DGMs provide fast and precise simulations

Outlook

• Account for uncertainties with 
Bayesian neural networks

• Full integration of DGMs into standard tools

ℒ
Theory Shower EventsHard process Hadronization Detectors

• Make everything run on the GPU and 
differentiable (MadJax - Heinrich et al. [2203.00057])

5@

https://arxiv.org/abs/2203.00057


• Flows (+ Transformers) provide statistically 
well-defined likelihoods for inference

Summary

Summary and Outlook

• DGMs provide fast and precise simulations

Outlook

• Account for uncertainties with 
Bayesian neural networks

• Full integration of DGMs into standard tools

ℒ
Theory Shower EventsHard process Hadronization Detectors

• Make everything run on the GPU and 
differentiable (MadJax - Heinrich et al. [2203.00057])

• More details in our Snowmass report

• Stay tuned for many other ML4HEP applications
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