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Motivation

Inference with Generative Neural Networks
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Motivation

Generative Neural Networks
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Autoregressive Transformer

Generating Events

Autoregression
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Autoregressive Transformer

Generating Events

Autoregression Gaussian Mixture Model
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Autoregressive Transformer

Slow Sampling
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Autoregressive Transformer

Fast Training
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Generating LHC Events

Dataset: Z(uu) + jets

« MadGraph + Pythia

. Events with 3-5 jets (5M, 1M, 200k)

* Autoregressive Ordering:

Normalized
o o

{m29 ¢'9 ;/]] ’ ¢Za 7]Z9pT9 m]}

AR;

O[%] JetGPT
Test




Normalized
o o o

1072 4
) ]
Q
N 1073 5
o 5
= :
5 o
_5 -
1.1 1

3| HﬁfTﬁﬁj@TThﬁ Sill




Generating LHC Events

Joint Training helps

Naive Training (5] only) Joint Training (3j-5j)
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Classifier Reweighting
Likelihood Ratio Trick
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Classification
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Track the limitations
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Conclusions

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

* Neural Network Classifiers can find and reweight
remaining discrepancies

* Transformers can be trained jointly on high-
multiplicity datasets

* Autoregressive ordering as powerful handle to
provide Implicit bias




,v \i

[\




Autoregressive Transformer

Transformer Architecture
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Autoregressive Transformer

Transformer Architecture
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