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Motivation



Motivation

o Current and future LHC runs rely on first principal based simulations

« Efficeny of Monte Carlo becomes a limitating factor

— Use neural networks (GANs, INNs) as generative models
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o Current and future LHC runs rely on first principal based simulations

« Efficeny of Monte Carlo becomes a limitating factor

— Use neural networks (GANs, INNs) as generative models

Two main goals
1. High precision

2. Uncertainty estimation



Invertible Neural Networks



Invertible Neural Networks

Target: learn phase space density px(x)
Invertible mapping between x € X and z € Zin the latent space through a map f
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Invertible Neural Networks

Target: learn phase space density px(x)
Invertible mapping between x € X and z € Zin the latent space through a map f
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Data set




Data Set
pp — prp” + njets
ne{1,2,3}
o Number of 1 jet-events 4 million
o Number of 2 jet-events 1.1 million

o Number of 3 jet-events 0.3 million
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« High precision at ~ 1%



Results INN Baseline
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« Peak structure and non-trivial phase space topologies pose a challange



Increasing the precision




Discriminator Training

Discriminator:

o Train the Discriminator by minimizing the cross entropy
« Extract probabilities D(x;) for an identified event (x;)
« Reweight the event weights with the Discriminator output

D(x;)

)



Discriminator Training

Results Discriminator Reweight
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« Close to perfect reweighting but left with weighted events




o Train INN and Discriminator parallel and give access to each other
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« Hyperparameter a determines the impact of the discriminator weights
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Results Discflow

Discflow
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+ Improved precision in the unweighted distribution
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Estimating Uncertainties with Bayesian

Invertible Neural Networks




Bayesian Neural Networks

| Basic NN

Input layer hidden layer
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putting BINNS to work

How to estimate Uncertainties

N 1 (e
£= > Qoglpal i) +logdet L 50 — k(g 0) 500)

1. Sample each 6; 50 times from the learned Normal Distribution 6; ~ N (u;, o)
2. Generate histograms for each sampled 6;

3. Calculate the mean value and standard deviation for each bin
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BINN Results

Z + 1 jet exclusive Z + 1 jet exclusive

0.2
B
= — True
<
50.1‘ —— BINN
=
0.0
glg 21 ! —_——
EE e —— =
SE1 ﬁ%_’:ﬁ —om|
o 0T SAFIPTIS
E 100 *1 Taisindates 573 4% . 1
) 10-1 t . l' I " : *
80 90 100 110
M, [GeV]

+ Increasing uncertainty in areas of lower statistics

« The lack of performance is not captured through increasing uncertainties
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Quantifying the Uncertainties




Effect of the generated statistic

Verify effect of number of generated events

ot = / 49 g(0) [(n%)o — (w3 + ((m)o — (m))?] = 0oen + TPreq -
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Effect of the generated statistic

Verify effect of number of generated events
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Effect of the training statistics
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+ The color encodes the size of the data set used for training

 The uncertainties decrease with a increasing number of training points 5




Systematic Uncertainties




Systematic uncertainties

Augmentation of the transverse momentum

pr=pr+ flpr)

(pr — 15GeV)?

=1 .
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Conditional training

 arandomly drawn for each event

« During event generation d’ is fixed
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Systematic uncertainties

-------- without conditioning
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« Size of augumentation has no effect on the relative uncertainty
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Systematic uncertainties
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« Size of augumentation has no effect on the relative uncertainty

+ Increasing uncertainties in prj, because of the additional source of correlations 17




Final Results

Z + 1 jet exclusive
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Final Results

Z + 1 jet exclusive
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