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Motivation - Monte Carlo Event Generators (MCEQ)
Standard Model

There is a huge gap between a one-line formula of a fundamental theory, like

the Lagrangian of the SM, and the experimental reality that it implies

Theory Experiment
Standard Model Lagrangian LHC event
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Data makes you smarter
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Richard P. Feynman
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Motivation - Monte Carlo Event Generators (MCEQ)
Standard Model

There is a huge gap between a one-line formula of a fundamental theory, like

the Lagrangian of the SM, and the experimental reality that it implies

Theory Experiment
Standard Model Lagrangian LHC event

-

e MC event generators are designed to bridge that gap
e “Virtual collider” = Direct comparison with data

U

Almost all HEP measurements and discoveries in the modern era have relied on MCEG, most
notably the discovery of the Higgs boson.

Published papers by ATLAS, CMS, LHCb: 2252
Citing at least 1 of 3 existing MCEG: 1888 (84%)
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Motivation - Monte Carlo Event Generators (MCEQ)

QCD correctly describes strong interactions in each energy range but its complex mathematical structure
makes it very difficult to obtain precise predictions (Millennium Prize Problem $1,000,000)

High energy Low energy
e perturbative QCD e non-perturbative QCD
e in theory we know what to do e we don't know what to do
e in practice very difficult e phenomenological models

(with many free parameters)

Stefan Gieseke ™
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High energy Low energy
e perturbative QCD e non-perturbative QCD
e in theory we know what to do e we don't know what to do
e in practice very difficult e phenomenological models

(with many free parameters)

Stefan Gieseke'\Y

Hadronization;
one of the least understood elements of MCEG
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Non-perturbative QCD

Hadronization:

STRING Hadronization CLUSTER Hadronization
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- Increased control of perturbative corrections = more often the precision of LHC

measurements is limited by MCEG'’s non-perturbative components, such as hadronization

-> Hadronization (phenomenological models with many free parameters ~ 30 parameters)
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Non-perturbative QCD

Hadronization:

Early 1980's Early 2020'’s
(since then very little development)

(lot of progress in ML)
STRING Hadronization
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CLUSTER Hadronization
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ML

Idea of using Machine Learning (ML) to improve hadronization.
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Cluster hadronization model

The philosophy of the model: use information from perturbative QCD as an input for hadronization.

QCD pre-confinement discovered by Amati & Veneziano:

e QCD provide pre-confinement of colour
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Cluster hadronization model

The philosophy of the model: use information from perturbative QCD as an input for hadronization.

QCD pre-confinement discovered by Amati & Veneziano:

e QCD provide pre-confinement of colour

e Colour-singlet pair end up close in phase space and
form highly excited hadronic states, the clusters
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Cluster hadronization model

The philosophy of the model: use information from perturbative QCD as an input for hadronization.

QCD pre-confinement discovered by Amati & Veneziano:

e QCD provide pre-confinement of colour
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Cluster hadronization model

The philosophy of the model: use information from perturbative QCD as an input for hadronization.

QCD pre-confinement discovered by Amati & Veneziano:

e QCD provide pre-confinement of colour

e Colour-singlet pair end up close in phase space and
form highly excited hadronic states, the clusters

e Pre-confinement states that the spectra of clusters
are independent of the hard process and energy of
the collision

e Peaked at low mass (1-10 GeV) typically decay into 2
hadrons
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Cluster hadronization model

The philosophy of the model: use information from perturbative QCD as an input for hadronization.

QCD pre-confinement discovered by Amati & Veneziano:

e QCD provide pre-confinement of colour

e Colour-singlet pair end up close in phase space and
form highly excited hadronic states, the clusters

e Pre-confinement states that the spectra of clusters
are independent of the hard process and energy of
the collision

e Peaked at low mass (1-10 GeV) typically decay into 2
hadrons

e ML hadronization
1st step: generate kinematics of a cluster decay:
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Towards a Deep Learning Model for Hadronization

ML hadronization

1st step: generate kinematics of a cluster decay to 2 hadrons

How?

Generative Adversarial
s Network
rns

Samples

]
Conditional

Parameters

*f..+ D |

: Correct?
g v Discrwmmato4
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Generator

Generated
Fake
Samples

Fine Tune Training

Noise

€

Training data:

ris

e~ collisions at

Vs = 91.2

GeV

"’TO(E’ pl‘t py- pZ)

Cluster (E, pz, py, D=)
qTO(E’ p:L'e py« pZ)

Pert = O/1 memory of quarks direction
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Architecture: conditional GAN

Generator and the Discriminator are composed of two-layer perceptron
(each a fully connected, hidden size 256, a batch normalization layer, LeakyRelLU activation function)

W,,b,

Input layer -+ Output layer

Generator

Hidden layer 1 Hidden layer 2

Input

Cluster (E, pz, py, p-) and 10 noise features sampled from a Gaussian distribution

Output (in the cluster frame)

¢ ) pglar angle we reconstruct the four vectors of
¢ - azimuthalangle the two outgoing hadrons
Discriminator
Input

d) and @ labeled as signal (generated by Herwig) or background (generated by Generator)

Output

Score that is higher for events from Herwig and lower for events from the Generator
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e Data normalization:
cluster’s four vector and angular variables are scaled to be between -1 and 1
(tanh activation function as the last layer of the Generator)

e Discriminator and the Generator are trained separately and alternately by two
independent Adam optimizers with a learning rate of 1074, for 1000 epochs

—— Discriminator Loss /2 [0.6
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e The best model for events with partons of Pert = O, is found at the epoch
849 with a total Wasserstein distance of 0.0228.
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Integration into Herwig

Training Event generation
N Ny

¥ rs

C

@ python

ONNX
RUNTIME
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Low-level Validation o
(similar to training data) m
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Pert = 0 (no memory of quark kinematics)
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Low-level Validation
(similar to training data)
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Low-level Validation

o)
(beyond training data different energy) m
ete” collisions at
V5 =192 GeV 3
il

Pseudorapidity distribution of 77~ and n° multiplicity, Pert=0
=~ o8 pFT T T | T T T T I T T T T I T T T I LI I B |
?: 07 —— Hy, 192 GeV =
= - —t+— Hy+HADML, 192 GeV3
5 06— ]
(@) = E =
n RE E
+ 04 -
3 03 F- E
02 3
o1 3
0 E 1 1 | | l 1 1 1 Il 3
0 4 5
Ul

Pseudorapidity distribution of 77~ and ° multiplicity, Pert=1
= = | T T T | T T T T | T T T T | T T T T | T T T I =
I = =
5 197 —+— Hy, 192 GeV =
e i B —+— Hy+HADML, 192 GeV]
B F |
— w05 B =
I o4 | =
ot E ]
@ 03 =
Q 02 f- 3
0.1 f— —f
0 E 1 1 ‘J 4 d | - 3
0 4 5
7

1/0, do/dpy

1/, do/dpr

10

10

10

10

10

10

10

10

N

w

TT ||Il|l|

w

R IIIHlI

qr° kinematic variables

‘TTO

o gia g 0
Transverse momentum distribution 71", Pert=0

T T T T T T T T I T T T T [ T T T T l T T T T

—— Hy, 192 GeV
—+— Hy+HADML, 192 GeV

T T T AT
11

I

TT HHIW

TT lIIlHl

1 lllll]ll 1 llllllll 1 Illlllll Ll

TT IHllll

)

AL SR, 0
Transverse momentum distribution 77, Pert=1

T T | T T T T | T T T T \ T T T T | T T T T

—— Hy, 192 GeV
—+— Hy+HADML, 192 GeV

O,I

50
PT [GCV]

5th Inter-experiment Machine Learning Workshop



Low-level Validation
(beyond training data different hadrons)
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Full-event Validation
(Full events using HADML integrated into Herwig 7)
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Summary and Outlook

Summary
e We presented first step on the path towards a neural network-based hadronization model

e We emulated cluster hadronization model from Herwig with a GAN (HADML) 0

T
e HADML is designed to reproduce the two-body decay of clusters into pions
e The kinematic properties of other hadrons are emulated using

the pion model and conservation of energy. e

e HADML is able to reproduce Herwig’s light cluster decays

e Integrated with the full Herwig simulation is able to reproduce results from LEP data

Outlook

e The ultimate goal of is to train the ML model directly on data to improve hadronization models
e Number of technical and methodological step needed:

Directly accommodate multiple hadron species with their relative probabilities

Heavy cluster decays

Hyperparameter optimization, including the investigation of alternative generative models
Methodological innovation is required to explore how to tune the model to data

Early 1980's Early 2020's

STRING Hadronization CLUSTER Hadronization
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Advertisement

2 postdoc in ML/HEP positions openings

JAGIELLONIAN UNIVERSITY
IN KRAKOW

Nicolaus Copernicus
XVI w. - w zbiorach Collegium Maiu

If you are interested please contact me:
andrzej@cern.ch
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