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Data, data, and more data
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128 MB 128 GB

2020
1 TB

LHC numbers in 2013 vs. now:
Data: 15 PB/y   vs 200+ PB/y
Tape: 180 PB   vs 740+ PB 
Disk: 200 PB   vs 570+ PB
HS06 hours:  2M   vs 100+ B

Storing the data is not the only challange
→ analysis, simulation



Machine Learning in HEP

2021 May: 417 references
2021 November: 568 references

Today: 724 references
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● Track reconstruction
● Quark/gluon jet separation
● Jet reconstruction
● Tuning Monte Carlo event generators
● GAN of detectors
● ...

https://iml-wg.github.io/HEPML-LivingReview/

Matthew Feickert, Benjamin Nachman, arXiv:2102.02770

A Living Review of Machine Learning 
for Particle Physics

https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/search/hep-ph?searchtype=author&query=Feickert%2C+M
https://arxiv.org/search/hep-ph?searchtype=author&query=Nachman%2C+B


Nature Reviews Physics 3, 73 (2021)

1. Hard scattering
2. Parton shower

3. Hadronization

Hadron
Hadron

4. Underlying event

Parton shower and hadronization



The goal of this study
J.W. Monk: Deep Learning as a Parton Shower (arXiv:1807.03685)

Dataset:  500 000 QCD pp event @ 7 TeV, 
generated by Sherpa

Partons → hadrons
Non-perturbative process
Lund-fragmentation (Comput.Phys.Commun. 27 (1982) 243)

Hadronization
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ML: a great tool...



ML: a great tool...



“The nice thing about artificial intelligence is that at least it’s better 
than artificial stupidity.”
Terry Pratchett, Stephen Baxter: The Long War
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ML: a great tool...



Train and validation sets
Monte Carlo data: Pythia 8.303
Monash tune
Rescattering and decays turned off
ISR, FSR, MPI: turned on (*)
Selection: 
 All final particles with
 At least 2 jets

 Anti-kT
 R=0.4
 pT>40 GeV

Event number:
 Train: 750 000, √s = 7 TeV
 Validation and test: 100 000
 ~20 GB raw data

Input:
Parton level
Discretized in the           plane: pT, m, multiplicity 

32 bins
                  ,       32 bins

Hadron level output:

Eigenvalues:

Sphericity:

Transverse sphericity:

(Charged) event multiplicity, (tr-)sphericity, mean jet pT, -mass, -
width, -multiplicity
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Padding   38x38x3

7x7 conv. 19x19x48

Avg. pooling 2x2x192

Input        32x32x3

Flattening  1x768

Dense 1x256

ResNet Block 10x10x48

ResNet Block 10x10x48

ResNet Block 5x5x96 x2

ResNet Block 3x3x192 x2

Dense (output) 1x45

Padding   38x38x3

7x7 conv. 19x19x64

Avg. pooling 1x1x512

Input         32x32x3

Flattening 1x512 

Dense 1x512

ResNet Block 10x10x64

ResNet Block 10x10x64

ResNet Block 10x10x64

ResNet Block 5x5x128 x4

ResNet Block 3x3x256 x6

ResNet Block 2x2x512 x3

Dense (output) 1x45

Model S Model K
Trainable 

parameters 1.7 M 20 M

Used hardwares: Nvidia Tesla T4, GeForce GTX 1080 
@ Wigner Scientific Computing Laboratory

Framework: Tensorflow 2.4.1, Keras 2.4.0

Stacking more layers: solve complex problems more efficiently, get highly accurate results
BUT:
Vanishing/exploding gradients

Residual blocks with “skip connections”
ResNet:
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Models



Results



Proton-proton @ 7 TeV, Training + Validation
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Charged hadron multiplicity at various rapidity windows
Comparison to reference MC model
Good agreement for both models
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Proton-proton @ 7 TeV, Training + Validation

13

Charged hadron transverse momentum
0.1 GeV ≤ pT ≤ 50 GeV

Event transverse sphericity
The smaller model performs better



Proton-proton @ 7 TeV, Training + Validation
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Jets:
● Mean pT ≤ 400 GeV
● Mean mass pT ≤ 400 GeV
● Mean multiplicity
● Mean width

The smaller model 
performs better

https://news.fnal.gov/2014/05/what-is-a-jet/
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Proton-proton @ 7 TeV, Training + Validation
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(*) What about the partonic processes?

MPI
http://home.thep.lu.se/~torbjorn/talks/cern18cosmic.pdf

Qualitative agreement → the models adopted the hadronization properties
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Proton-proton @ 0.9-13 TeV, Predictions

● So far: everything at √s = 7 TeV → the ONLY energy,  where 
the models were trained
● Good agreement for all observable quantities as 

predictions for other LHC energies
● Multiplicity scaling?



Test of KNO-scaling for the predictions
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Scaling function for multiplicities at various energies:

Charged hadron multiplicities in jetty events: good overlap and agreement

Mean jet multiplicities: different scaling for the models 
Nucl.Phys.B Proc.Suppl. 92 (2001) 122-129 



Thank you for your attention!Thank you for your attention!
The research was supported by OTKA grants K135515, NKFIH 2019-2.1.6-NEMZKI-2019-00011, 
2020-2.1.1-ED-2021-00179, the Wigner Scientific Computating Laboratory (former Wigner GPU 
Laboratory) and RRF-2.3.1-21-2022-00004 within the framework of the Artificial Intelligence 
National Laboratory.

Prospects

Developed hadronization models with different complexities

Traditional computer vision algorithms capture the main features of high-energy event 
variables successfully → training only at a single c.m. energy, predictions at other energies

Generalization to other CM energies: KNO scaling in jetty events

Architecture variations (hyperparameter fine-tuning)
Heavy ion (centralities, collective effects)

   Summary



Dimensionality 
Input:
Parton level
Discretized in the           plane: pT,m, multiplicity 
                  ,   32 bins
                  ,   32 bins
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Total pixels 

vs
Pixels with information
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0.05 Average: 80.651Reduction with Singular Value Decomposition:

Data-Driven Science and Engineering (S. L. Brunton, J. N. Kutz)
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● Unitarity
● Ordered by importance
● Guaranteed to exist, unique

Reduce the input to 

https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1007%2FBF02288367


Dimensionality  (work in progress)
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Track reconstruction

https://www.kaggle.com/c/trackml-particle-identification

Machine Learning in HEP
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Quark/gluon jet separation

arXiv:1803.03589

https://doi.org/10.1007/JHEP01(2017)110

Machine Learning in HEP
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Jet reconstruction

https://doi.org/10.1103/PhysRevC.99.064904

https://doi.org/10.22323/1.364.0312

Machine Learning in HEP
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Tuning Monte Carlo event generators

https://doi.org/10.1103/PhysRevLett.120.042003

https://doi.org/10.1016/j.cpc.2021.107908

Machine Learning in HEP

Sampling the 
parameters

Run MC 
simulations

Parametrization
of the histograms,

χ2 miniization

Visualization,
validation
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