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Recap - Neural networks in particle physics

Different architectures for classification in HEP:
@ CNN for jet classification
® Graph networks & Particle Net

® Autoencoders for anomaly detection
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Paradigm shift

Given data — find label
Given data — generate new data

What do we generate in high energy physics?
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First principle based event generation

©

Matrix element

Parton shower

Hadronization

Detector simulation

a sherpa artist
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Why do we need machine learning for data simulation?

precision
event generation

detailed
detector simulation

limited computing ressources

more events
/ — -
Speed = Precision
higher order

Use NN to try out new approaches!
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Neural network based generative networks
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Neural network based generative networks
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Neural network based generative networks
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From autoencoders to variational autoencoders

encode sampling decode

encoder decoder , "o
AE: x z x" Lae=(x—x)

VAE encoder n sample decoder , r r r
X z X = +
o N () VAE AE lat
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From autoencoders to variational autoencoders

encode sampling decode

encoder decoder , "o
AE: x z x" Lae=(x—x)

VAE encoder n sample decoder , r r r
X z X = +
o N () VAE AE lat

Loss enforces Gaussian latent space

Lvae = Lae + B - KL(gx(z)|N(0,1)) <+ similarity measure
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ete” — Z — |7/~ with VAE

[1901.00875] S. Otten et al.
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naive VAE fails to reproduce distributions

Why? — latent space not perfectly Gaussian
Fix: insert information buffer to sample from real latent distribution
— B-VAE shows excellent performance
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Generative Adversarial Networks

Training set A V

Random

=

/ I Discriminator

Generator

Discriminator

Lp=(—log D(x)>XNPM + ( —log(1 — D(x)))XNPGen

Generator

Le = (—log D(X)>XNPGen

Fake image

Real
Fake
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Training the Discriminator

Discriminator loss
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Minimize Lp = < — log D(X)>x~PT + < — log(1 — D(X))>X~PG
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Training the Generator

Generator loss
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Training the Generator

Generator loss
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Regularization

@t =ty dt=t
[1801.04406]
Adding gradient penalty
D(x) ¢ 1 1 oD
=log ———2— T = e ———
)=l =p5 T ax  D)1-D(x) ox

Lp — Lp + Ap( (1 — D(x))* |Vo[?) +Ap(D(x)? |Vo[?)

XNPT XNPG
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How to GAN LHC events

[1907.03764] AB, T. Plehn, R. Winterhalder

® tt — 6 quarks
® 18 dim output

® external masses fixed
® no momentum conservation

+ Flat observables v

— Systematic undershoot in tails
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How to GAN LHC events

[1907.03764] AB, T. Plehn, R. Winterhalder

® tt — 6 quarks
® 18 dim output

® external masses fixed
® no momentum conservation

+ Flat observables v

— Systematic undershoot in tails
— improve network (3. lecture) v/

0 50 100
prj [GeV]
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Generating the high-dim. difference of distributions
[1912.08824] AB, T. Plehn, R. Winterhalder

® Necessary to include negative events

® Beat bin-induced uncertainty
Ag_s > max(AB,As)

® Applications:
- Background subtraction, soft-collinear subtraction, ...
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Generative background subtraction

® Training data:
® pp—e'e
® pp—y—ete”

® Generated events: Z-Pole + interference

x 10!

GAN vs Truth

[pb/GeV]
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Generative background subtraction

® Training data:
® pp—e'e
® pp—y—eTe

® Generated events: Z-Pole + interference
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CaloGAN for detector simulation
[1712.10321] M. Paganini, L. Oliveira, B. Nachman

3D response of an electromagnetic calorimeter for a e™
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Normalizing flow

Transform input distribution into target distribution via invertible layers

Josec o"@“‘ -8

2o ~ po(2o) i Nm(h) ZK NPK(ZK)

https: //lilianweng.github.io/lil-log /2018 /10/13 /flow-based-deep-generative-models.html

Invertible layer

u; 1 Vi
input { >— output
o =

Features:
+ tractable Jacobian
— we can compute the density of the target distribution
+ invertible
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Inverting a simulation
[2006.06685] M. Bellagente et al.
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Summary

@ Linear models for regression and classification
® Introduction to neural networks

©® How to train better networks

O Neural networks for particle physics problems

© Generative networks for particle physics
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Now it's your turn N



