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NNs are a more efficient 
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Motivation
Inference with Conditional Generative Neural Networks

Generative Unfolding
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Generative                  
Matrix Element Method
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Motivation
Generative Neural Networks

Normalizing Flows

GANs

Diffusion Models

Autoregressive Transformers
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Autoregressive  
Transformers



Autoregressive Transformer
Generating Events

p(x1, x2⋯xn) = p(x1) p(x2 |x1) ⋯ p(xn |x1⋯xn−1)
= p(x1 |ω(0)) p(x2 |ω(1)) ⋯ p(xn |ω(n−1))

Autoregression
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Autoregressive Transformer
(Fast) Density Estimation
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Autoregressive Transformer
(Slow) Sampling
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Autoregressive Transformer
Transformer Architecture 1/3
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Transformer Architecture 2/3
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Autoregressive Transformer
Transformer Architecture 3/3
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Autoregressive Transformer
Transformer Architecture 3/3
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Generating  
LHC Events



• MadGraph + Pythia


• Events with 3-5 jets (3j: 5M, 4j: 1M, 5j: 200k)


• Autoregressive Ordering:

20

Generating LHC Events
Dataset: Z(μμ) + jets
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{mj, η, pT, ϕ, mμμ}{mμμ, ϕ, pT, η, mj}

Generating LHC Events
Autoregressive Ordering
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{mj, η, pT, ϕ, mμμ}{mμμ, ϕ, pT, η, mj}

Generating LHC Events
Autoregressive Ordering
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Joint Training on 3j-5jTraining on 5j only

Generating LHC Events
Joint Training
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Joint Training on 3j-5jTraining on 5j only

Generating LHC Events
Joint Training



Classifier  
Reweighting



Classifier Reweighting
Likelihood Ratio Trick
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ℒBCE = − ⟨log D(x)⟩x∼pdata
− ⟨log(1 − D(x))⟩x∼pmodel

= − ∫ dx pdata log D − ∫ dx pmodel log(1 − D)

0 =
δℒBCE

δD
= −

pdata

D
+

pmodel

1 − D

pdata

pmodel
=

D
1 − D

Minimisation
Classification

Reweighting

w(x) =
pdata(x)

pmodel(x)

pdata = pmodel ×
pdata

pmodel
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pdata(x)

pmodel(x)
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Overcome the limitations
Classifier Reweighting pdata = pmodel ×

pdata

pmodel



• Neural Networks can generate LHC events with 
percent-level accuracy


• Autoregressive ordering as powerful handle to 
provide implicit bias


• Transformers can be trained jointly on high-
multiplicity datasets


• Neural Classifiers can find and reweight 
remaining discrepancies

Conclusions



Backup



Generating LHC Events
Preprocessing
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