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It is estimated that the
High Luminosity LHC
will produce an order of

magnitude more data
than LHC

Simulated data will need

to be generated at a
similar quantity

Simulated data will be
more complex and
multimodal
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Markov Chain Monte Carlo

u| Markov chains are defined by
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Image from: Willy Herbert Karl Weber. “Walking with the Flow: Normalizing Flow enhanced MCMC Sampling in BAT.Journal”. Master’s thesis. 3
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Normalizing flows
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The two most common architectures for normalizing flows are

Coupling Autoregressive
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Images from: lvan Kobyzev, Simon J.D. Prince, and Marcus A. Brubaker. “Normalizing Flows: An Introduction and Review of Current
Methods”



Quantile Mapping Flows
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Masked Autoregressive Flows
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A mask is created to
enforce the autoregressive

architecture on a neural
network

Image from: George Papamakarios, Theo Pavlakou, and lain Murray. Masked Autoregressive Flow for Density Estimation



Importance sampling
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Z + 3 Jets scattering process
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has an unweighting efficiency of
about 0.6%
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Producing many
samples can still
lead to outliers
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After weight clipping the
accepted samples are
compatible with the jets
and leptonic
observables given by
pepper samples
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MCMC flow with pepper validation Pepper flow with MCMC validation
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32x32x32 Neural Network
unweighting efficiency: 19.6%
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The normalizing
flow appears to
best perform when
it uses a 32x32x32
neural network,
with a batch size of
500 and using an
earlystopper
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In the Z + 4 jets
case the efficiency
drops significantly
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Increasing the
training dataset
gives major gains
in performance but
it is expensive
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Thank you for your attention



