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Data, data, and more data
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Machine Learning in HEP

A Living Review of Machine Learning
for Particle Physics |
https://iml-wg.github.io/HEPML-LivingReview/

Matthew Feickert, Benjamin Nachman, arXiv:2102.02770

2021 May: 417 references
2021 November: 568 references

Today: 724 references

» Track reconstruction

Quark/gluon jet separation

Jet reconstruction

Tuning Monte Carlo event generators
GAN of detectors



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

Parton shower and hadronization

2. Parton shower

1. Hard scattering
\

3. Hadronization

Hadron

Nature Reviews Physics 3, 73 (2021)
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JW. Monk: Deep Learning as a Parton Shower (arXiv:1807.03685)

Dataset: 500 000 QCD pp event @ 7 TeV,
e concaiodipiaSianna

[ ] (]
Hadronization
Partons - hadrons
Non-perturbative process

Lund- fragmentahon (Comput Phys.Commun. 27 (1982) 243)
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ML: a great tool...



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

WhvMvbqWNYo

https://www.youtube.com/watch?v



Train and validation

Monte Carlo data: Pythia 8.303 Input:
Monash tune Parton level
Eeécgie’miiﬂ?ndezcgf(igmed off Discretized in the (y,. ¢) plane: p,, m, multiplicity x/s/1GeV
Selection: yielmin]  eolviins
* All final particles with |y| <« wE %, 22 bl
o /'fnftkz Jets Hadron level output:
S L (Charged) event multiplicity, (tr-)sphericity, mean jet pr, -mass, -

width, -multiplicity

e pT>4O GeV piz pmipyi PziPzi
Event number: Mxyz =3 Zz (pyip:ri pgzﬂ‘ pyipzi)
* Train: 750 000, Vs = 7 TeV R

* Validation and test: 100 000

* ~20 GB raw data Eigenvalues: dest T ey
\“...aa Sphericity: St T
/ A ‘;fun\\ ' 2( )
W Transverse sphericity: S1 = Afiig

S=3/4 A=0 S=1 A=1/2 9



Models

Stacking more layers: solve complex problems more efficiently, get highly accurate results

BUT:
Vanishing/exploding gradients

ResNet:

Residual blocks with “skip connections”

clRNRa

+

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

Framework: Tensorflow 2.4.1, Keras 2.4.0

Trainable
parameters

Model S

17 M

Model K

20 M

[ Input v32x32x3 |
| Padding 38x38x3 |
v
[ 7x7 conv. 19x19x48 |

[ResNet Block 10x10x48]

[ResNet Block 10x10x48]

: ¥
[[ResNet Block 5x5x96 2]

[ Input

32x32x3 |

v

| Padding 38x38x3 |
v

| 7x7 conv. 19x19x64 |

[ResNet Block 10x10x64|

[ResNet Block 10x10x64]

[ResNet Block 10x10x64 |

. L 3
[ [ResNet Block 5x5x128 |x4|

[ L 2
[ [ResNet Block 3x3x256 |x6|

I K 2
[ [ResNet Block 3x3x192 |x2|

[ Avg. pooling 2x2x192 |

| Flattening 1x768 |

| Dense 1x256 |

v
[ Dense (output) 1x45 |

. 3
[[ResNet Block 2x2x512 ] x|

v
|_Avg. pooling 1x1x512 |
v

| Flattening 1x512 |

| Dense 1x512 |

| Dense (output) 1x45 |

10




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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Event transverse sphericity
The smaller model performs better
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P TeV, T

iming + Validati

[ ]
(*) What about the partonic processes?  « V5 = 7.TaV, h* (partonic off
thia e <0.5 (x10°
= = gdyc:del—L ; —— IC{IS<|y|<(1.5 ](x101]
- e B Model-S O e 15<|y|<2.5 (x102)
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Qualitative agreement - the models adopted the hadronization properties
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P = n -13 TeV, P In
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” Q oadel-
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o O --- 5.02 TeV (x10%)
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* Good agreement for all observable quantities as ’,
predictions for other LHC energies - i

* Multiplicity scaling?




KNO scaled multiplicity N KNO scaled jet multiplicity
109 EEN Pythian O — 0.9 TeV 35 0 B Pythia O — 0.9 TeV
B Model-S O --- 5.02 TeV 10%4 B Model-S O --- 5.02 TeV
El Model-L | o - 7 TeV HEl Model-L: © - 7 TeV
O == 13 TeV O == 13 TeV
lyl<3
10—1d
10—2_
u'l it TIN | 10_3 +
G () e ] e e S () g es 0.0
z=n/(n)
Scaling function for multiplicities at various energies: D n
o Y

(n) (n)
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 17



Summary

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

Prospects

Architecture variations (hyperparameter fine-tuning)

Heavy ion (centralities, collective effects)
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The research was supported by OTKA grants K135515, NKFIH 2019-2.1.6-NEMZKI-2019-00011,
NKFIH 2019-2111-TET-2019-00078, 2020-211-ED-2021-00179, the Wigner Scientific Computating
Laboratory (former Wigner GPU Laboratory) and RRF-2.31-21-2022-00004 within the
framework of the Artificial Intelligence National Laboratory.



Dimensionality

Input:
Parton level

Discretized in the (¥, @) plane: p,m, multiplicity
U E o] 22 0ins
¢ € [0,27], 32 bins

Reduction with Singular Value Decomposition:

Mnxm =3 UanEnXmVn{Xm
e Unitarity

e Ordered by importance

e Guaranteed to exist, unique

i

M = ouvl + O(e), 7 < min{n,m}
i=1

>

Reduce the inputto 0(10?)

Data-Driven Science and Engineering (S. L. Brunton. J. N. Kutz)

> O(10% — 10*) Total pixels

vs O(10?%)

Pixels with information

0.05

0.04 A

0.03

0.02 A

0.01 -

0.00 =

Average: 80.651 +*+

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

Particle Track Reconstruction with Deep Learning

Steven Farrell, Paolo Calafiura, Mayur Mudigonda, Prabhat
Lawrence Berkeley National Laborato
{SFarrell,PCalafiura ,Mudigonda,Prabhat}@1bl.gov

Dustin Anderson, Josh Bendavid, Maria Spiropoulou,
an-Roch Vliimant, Stephan Zheng
California Institute of Technology
{dustinandersoniil, joshbendavid,maria.spiropulu,
jeanroch.vlimant,st.t.zhengl@®gmail.com

Giuseppe Cerati, Lindsey Gray. Keshay Kapoor, Jim Kowalkowski,
Panagiotis Spentzouris, Aristeidis Tsaris, Daniel Zurawski
Fermi National Accelerator Laboratory
{cerati,lagray,kkapoor, jbk,spentz,
atsaris,zurawskil}@fnal .gov
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Figure 1: Distribution of particle spacepoints in a particle collision event in a generic simulated
HL-LHC tracking detector.

iayer_ig
Yerad

12

10

~20g,

~S0p

21




Frequency

Frequency

JEWEL+PYTHIA [2.76 TeV] JEWEL+PYTHIA [2.76 TeV]
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Probing hcavy ion collisions using quark and gluon jet

substructure

———— et substructure ———

Yang-Ting Chien @ and Raghav Kunnawalkam Elayavall

“ Center for Theoretical Fhusics stk s 1 AN e i jts i AR

Wayne State University, Detroit, MI 45201
© Department of Physics and Astronomy
Rutgers, the State University of New Jerscy, New Drunswick, NI 08901

arXiv:1803.03589

Quark/gluon jet separation

P. Baldi, K. Bauer, C. Eng, P. Sadowski, and D. Whiteson, Jet Substructure Classification
in High-Energy Physics with Deep Neural Networks, Phys. Rev. D93 (2016), no. 9 094034,
[arXiv:1603.09349).

D. Guest, J. Collado, P. Baldi, S.-C. Hsu, G. Urban, and D. Whiteson, Jet Flavor
Classification in High-Energy Physics with Deep Neural Networks, arXiv: 160708633,
J.S. Conway, R. Bhaskar, R. D. Erbacher, and J. Pilot, Identification of High-Momentum
Top Quarks, Higgs Bosons, and W and Z Bosons Using Boosted Event Shapes,
arXiv:1606.06859.

J. Barnard, B. N. Dawe, M. J. Dolan, and N. Rajcic, Parton Shower Uncertainties in Jet
Substructure Analyses it Deep Neural Networks, arXiv:1609.00607.

Deep learning in color: towards automated quark/gluon
jet discrimination

pre-process
Patrick T. Komiske.” Eric M. Metodiev.” and Matthew D. Schwartz’

@ Center for Theoretical Physics, Massachusetts Institute of Technology, Cambridge, MA 02139, USA
*Department of Physics, Harvard University, Cambridge, MA 02138, USA

B-mail: proniskeenit. odu, netodiovemit. odu,

schwartz@physics.harvard.edu

dense layer

2 quark jet

o S

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

E ta Deep CNN match or outperform
max-pooling = gluon jet traditional jet observables.

<3

Figure 2: An illustration of the deep convolutional neural network architecture. The first
layer is the input jet image, followed by three convolutional layers, a dense layer and an
output layer.
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Machine Learning based jet momentum reconstruction in heavy-ion collisions

Riidiger Haake! and Constantin Loizides®
'Yale University, Wright Laboratery, New Haven, CT, USA
SORNL, Physics Divivion, Oak Ridge, TN, I'SA
(Drated: June 24, 2019)

Jet reconstruction

% 10k HIIING PbPb, 276 TeV =
: Pr\ou>58GeVic, 0< b<36im
£ Charged anti-ky jots A = 0.4 - Feature Score |Feature Score
g— s e Jet pr (no corr.) 01355 pl . 0.0012
=" : -4 3 Jet mass 0.0007 | 7 e 0-0039
3 Jet area 0.0005 | 3 .. 0.0015
é 10 Jet pr (area-based corr.) 0.7876 P":r. cons '0-0011
- frea-based method :;;?Jb 0.0004 !}T’ cona 0-0009
Handom forest = ial momel_n . 0.0005 ;I_ cons0-0009
L[ = Lipearragression . Momentum dispersion  0.0007 | p}. ... 0.0008
o 3 Number of constituents 0.0008 p.'}_ conse0-0007
% 10, st . . Mean of const. pr 0.0585 | py . 0.0006
£, S e = = Median of const. pr  0.0023|pi®. " 0.0007
s
210 =) 30 =) =7 55 =

0
P, [GeVic)

FIG. 9. Reconstructed charged jet spectra in HITING events and the
ratio to (Neu-scaled) PYTHIA jet spectra.

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

Machine Learning based jet momentum
reconstruction in Pb—Pb collisions measured with
the ALICE detector

ROdiger Haake* for the ALICE Collaboration
Yale University, Wright Laboratory, New Haven, CT, USA

E-mail: ¢ ¥
& 25
016 = PYTHIA + Pb-Pb 5.02 TeV
2 PYTHIA + Pb-Pb 5.02 TeV, 0-10% < Charged jets, anti-ky, |17, | <0.9- R
8 .14/ Charged jets, anti-k;, A = 0.4, |5, J<05 = ALICE Performance
= ALICE Performance it S 20 0.10% central
£ o1o [IML-based (o = 4.8 GeVic) 8 B ML-based
g [ Area-based (o = 11 GeV/c) 2 Bl Area-based
o 5 15/ 30-50% central
& == ML-based
B Area-based

0.04 H
0.02
[ o
20 10 0 10 20 0.2 0.4 06
p, (GeVic) Jet resolution parameter A

Figure 1: Residual prp-distributions of embedded jet probes of known transverse momentum.

https://doi.org/10.22323/1.364.0312
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Tuning Monte Carlo event generators —

Parameter 3

Parameter 1

Parameter 3

Sampling the
parameters

Parameter 1

Parameter 1 Parameter 1 Parameter 2

. . . Parameter 3 Parameter 3 T
Visualization, Run MC
validation simulations Figure 1: An illustration of the parametrisation of the generator Figure 2: An illustration of the Inverse Model strategy.
response as implemented in the Per Bin Model.

Parametrization
f the histograms
X2 miniization

MCNNTUNES: tuning Shower Mounte Carlo generators with machine learning

Marco Lazzarin®, Simone Alioli®, Stefano Carrazza®

*TIF Lab, D di Fisica, U sita degli Studi di Milano and INFN Sezione di Milano, Milan, Italy.
di Fisica, Uni o degli Studi di Milano Bicocca and INFN Sezione di Milano Bicocca, Milan, Italy.

Neural Networks for Full Phase-space Reweighting and Parameter Tuning

Anders Andreassen' 2 * and Benjamin Nachman?» f

s, University of California, Berkeley, CA 94720, USA
Berkeley National Laboratory, Berkeley, CA 94720, USA

! Department of Physi
2 Physics Division, Lawre:

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

Loss
= Starting point 8 ;rllg
= 08 === Gradient descent path 0.690 Accelerating Science with Generative Adversarial Networks:
T 't 1 8 = - - - - -
g T Tacget value 0680 An Application to 3D Particle Showers in Multi-Layer Calorimeters
0.7
& 0.670 Michela Paganini,'** * Luke de Oliveira,'"! and Benjamin Nachman'-?
“ 0 1 Lowrence Berkeley National Leboratory, Berkele CA 94720
2 Yale Universily, New Haven, OT 0 7]
0.669
0.11 0.12 0.13 0.11 5
TimeShower:alphaSvalue Y . 10.1103/P R 120.042003
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