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Why Event Generation?
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Vast amount of data collected by 
collider experiments 

Standard Model is probed

Theoretical predictions (simulation) 
need to match experimental 

statistics
 

5  ❓σ



Why ML Event Generation?
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After high luminosity runs  ~ 20 times 
as much data

Theoretical predictions needs to be even 
more precise (include higher correction 

terms) 

→

Figure from https://web.archive.org/web/20220706170326/https://lhc-commissioning.web.cern.ch/schedule/images/LHC-nominal-lumi-projection.png



Why ML Event Generation?
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After high luminosity runs  ~ 20 times 
as much data

Theoretical predictions needs to be even 
more precise (include higher correction 

terms) 

→

Figure from https://web.archive.org/web/20220706170326/https://lhc-commissioning.web.cern.ch/schedule/images/LHC-nominal-lumi-projection.png

But: Currently computationally 
expensive



Diffusion Models (CFM)

5

Latent Space

x1 ∼ p1(x1)( = 𝒩(0,1))

Phase Space

x0 ∼ p0(x0)

⏰

tContinuous time evolution

Evolution governed by  v ≡
dx
dt

Figure from J.Ho et al.: arXiv:2006.11239
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Diffusion Models (CFM)
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t ⇠ U([0, 1])

x0 ⇠ p(x0), x1 ⇠ N (0, 1) x(t|x0) = (1� t)x0 + tx1 CFM

L =
�
v✓ � (x1 � x0)

�2 v✓



Raising Awareness for Uncertainties
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5  ❓σ

Statistical Uncertainties Systematic Uncertainties 

Being precise = estimating 
uncertainties 

 



Raising Awareness for Uncertainties
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5  ❓σ

Statistical Uncertainties Systematic Uncertainties 

Being precise = estimating 
uncertainties 

 

How can we account for network 
uncertainties? 

 



What about uncertainties?

9

Input Output

y12

y13

y12

y21

y23

y22

⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x ⟨ ⃗z⟩ =
1
N ∑

i

⃗zi

σ2
pred =

1
N

N

∑
i=1

(⟨ ⃗z⟩ − ⃗zi)2



Input Output

y12

y13

y12

y21

y23

y22

⃗y 1 = W1 ⃗x ⃗y 2 = W2 ⃗y 1

⃗z = W3 ⃗y2⃗x

How to Bayesianize - CFM

10

ℒCFM = (vθ − (x1 − x0))2

No Likelihood Loss 

❓❓❓➕
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ℒCFM = ⟨(vθ − (x1 − x0))2⟩θ∼q(θ)

No Likelihood Loss 

➕ c ⋅ 𝒟KL(q(θ), p(θ))

Hyperparameter



Concrete Application — End-to-End LHC
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To be precise 
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Percent level precision (comparable to 
statistical uncertainty)
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To be precise 
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Percent level precision (comparable to 
statistical uncertainty)

Uncertainty well-defined

Surpasses INN precision (A. Butter et 
al.: arXiv:2110.13632)
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Concrete Application — Off-Shell processes
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Leptonic ttbar-decay
Precise simulation of ttbar decays critical 

for LHC analyses 



Concrete Application — Off-Shell processes
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Need to account for off shell processes

Including off-shell processes 
= extremely costly

Off-Shell processes
Precise simulation of ttbar decays critical 

for LHC analyses 



Concrete Application — Off-Shell processes
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➕

Need: Fast event generator 

Problem: Multiresonant phase 
space in 24 dimensions



What’s the problem? 
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What’s the problem? 
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learn 

correction?



How to not learn correction 
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How to not learn correction 
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How to not learn correction 
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generative 
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Method à la 
generative 
unfolding?X

How to not learn correction 
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Diffusion Models (CFM) — revisit
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Latent Space

x1 ∼ p1(x1)

Phase Space

x0 ∼ p0(x0)

⏰

tContinuous time evolution

Evolution governed by  v ≡
dx
dt

Figure adapted from J.Ho et al.: arXiv:2006.11239
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Diffusion Models (CFM)
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t ⇠ U([0, 1])

x0 ⇠ po↵(x0), x1 ⇠ pon(x1) x(t|x0) = (1� t)x0 + tx1 CFM

L =
�
v✓ � (x1 � x0)

�2 v✓



Direct Diffusion (DiDi) 
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Direct Diffusion (DiDi) — Tails
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Direct Diffusion (DiDi) 

28

10�5

10�4

10�3

10�2

10�1

N
or

m
al

iz
ed

Off
DiDi
On

0.75
1.00
1.25

D
iD

i
Tr

ut
h

50 100 150
ml⌫ [GeV]

0.1
1.0

10.0

�
[%
]

Multiresonant structure taken into 
account

Reconstructed tbar mass learned to 
 - 𝒪(1%) 𝒪(10%)Reconstructed tbar mass learned to 
 - 

Truth value within our uncertainties

𝒪(1%) 𝒪(10%)

Also true for tails, with very little 
training statistic



Direct Diffusion (DiDi) — Migration
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Direct Diffusion (DiDi) — Staying put
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Understanding our Shortcomings
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Understanding our Shortcomings
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Understanding our Shortcomings
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Summary
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And now what?
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Generative ML shows great potential to speed-up LHC event generation

For end-to-end generation the CFM reaches state-of-the art precision

Bayesian Versions seems to estimate training uncertainty correctly

Direct Diffusion allows to morph two unknown, intractable distributions onto each 
other 

Successfully applied to generate full off-shell distributions from on-shell distributions


