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l Machine learning

* Data driven decisions
* Automated analysis

* Perform tasks without being

explicitly programmed to do so
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Basic building blocks of a neural network
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Fully connected (dense):
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Sigmoid Tabhh

Gy Gy 2

Gtep Function

a— VZ,
/I \a, 0/ AN
9 1 = tomin () 1 on
ReLU Goftsign ELU
_\eN @
V. d 4
o, R<O (1) %<0
'3 % % = _x = x %30
» %30 CARCHP
Leaky ReLU

Y=q." _sn(x)

= Y= mac(04% )

Convolutional:

9 1 4
4 4 6 12 3
2 9 2 X 417 (4
5113 2|51
4 8 5 Filter /
Kernel
Image
Softplus
%=[w(’l+¢")
Log of Sigmoid

Y =X (+ounin (s0FtPIUS ()

https://sefiks.com/2020/02/02/dance-moves-of-deep-learning-activation-functions/

51

Feature

max pooling
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Loss functions, optimizers...

Regression losses

Probabilistic losses

s MeanSquaredError class BinaryCrossentropy class
MeanAbsoluteError class
MeanAbsolutePercentageError class
MeanSquaredLogarithmicError class
CosineSimilarity class
mean_squared_error function
mean_absolute_error function
mean_absolute_percentage_error function
mean_squared_logarithmic_error function
cosine_similarity function

Huber class

huber function

LogCosh class

log_cosh function

Poisson class

Hinge losses for "maximum-margin" classification

» Hinge class
s SquaredHinge class
» CategoricalHinge class

Available optimizers

56D
RMSprop
Adam
Adadelta
Adagrad
Adamax
Nadam
Ftrl

CategoricalCrossentropy class
SparseCategoricalCrossentropy class

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53



l Example: FCNN

Simple classification

Input layer

Hidden _ Loss function

layer Backpropagation

Ly~ f(2))?, y— flz)] <6
O(ly — f(x)] = 56)




l Example: FCNN
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Centrality determination
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Hidden _ Loss function

layer Backpropagation

Ly~ f(2))?, y— f(z)] <6

(ly = f(@)| — 39)

PRC.53.2358 (1996), Bass, S. A.; Bischoff, A.; Maruhn, J. A.; Stocker, H.; Greiner, W.



l Popular architectures

Classifiers

AlexNet (Comm. ACM. 60 (6): 84-90, 2012)

VGG16 (138M parameters, 23 layers, arXiv:1409.1556)
ResNet (25M+ parameters, arXiv:1512.03385)

DenseNet (8M parameters, 121 layers, arXiv:1608.06993)

Object detection

* (Fast(er)) R-CNN (arXiv:1311.2524 arxiv:1504.08083, arXiv:1506.01497)
* YOLO (arxiv:1506.02640)

* Detectron (github.com/facebookresearch/detectron?)

Regression

Autonomous vehicles

Decision trees

Transformers

Generative adversarial networks (https://bitly/2YMCFdy)
(Variational) autoencoders




l 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: 629 references

Track reconstruction

Quark/gluon jet separation

et reconstruction

Tuning Monte Carlo event generators
GAN of detectors

+ Accelerated Charged Particie Tracking with Graph Neural Networks on FPGAS
+ Partice Track Reconstnuction using Geometric Desp Leaming

+ Jettagging in the Lund plane with graph networks [DOI]

+ Vertex and Energy Reconsinuction in JUNO with Machine Learing Methods

+ MLPF: Effcient machine-leamed particleflow

reconstruction using graph neural networks,
- 25t Internatianal Gonference on Computing in High-Energy and Nuciear Physics
+ 25t International Gonference on Computing in High-Energy and Nuckear Physics
- Graph Neural Network for Obiject Reconstruction in Liquid Argon Time Projection Chambers.

= Instance Segmentation GNNs for One-Shot Conformal Tracking at the LHC

» Gharged particls tracking via edge-classifying interaction networks
= Jet characterization in Heavy lon Collisions by QCD-Aware Graph Neural Networks

= Graph Generative Models for Fast Detector Simulations in High Energy Physics

- Segmentation of EM showers for neutrino experiments with deep graph neural networks

» Sets (point clouds)

= Energy Flow Networks: Deep Sets for Particle Jets [DOI]

= PartidleNet: Jet Tagging via Particie Clouds [DOI]

- ABCNet: An attention-based method for particie tagging [DOI]
» Secondary Vertex Finding in Jets with Neural Networks

- Equivariant Energy Flow Networks for Jet Tagging

= Permutationless Many-Jet Event Reconstructio

th Symmetry Preserving Attention Networks
+ Zero-Permutation Jet-Parton Assignment using a Seif-Attention Network

+ Learning to Isalate Muons

+ Point Cloud Transformers appiied to Collder Physics

= Physics-inspired basis

- Automating the Construction of Jet Observabie:

with Machine Learning [DOF]

= How Much Information is in a Jet? [DOI]

= Novel Jot Observables from Machine Learning [DOI]

= Energy flow polynomials: A complete linear basis for jet substructure [DOI]
» Deepleamed Top Tagging with a Lorentz Layer [DOI]

- Resurrecting Sbibar(5}n$ with kinematic shapes.
= SWIZS tagging

- Jetimages — deep leaming edition [DOI]

» Parton Shower Uncertainties in Jet Substructure Analyses with Deep Neural Networks [DOT]

= QCD-Aware Recursive Neural Networks for Jet Physics [DOI]

= Identification of heavy, energetic, hadronically decaying particles using machine-learning techniques [DOI]
- Boosted SWS and $7 tagging w

ih et charge and deep leaming [DOT]
= Supenvised Jet Clustering with Graph Neural Networks for Lorentz Boosted Bosons [DOI]
» Jettagging in the Lund planc with graph networks [DOI]

= ASWMpmS polarization analyzer from Deep Neural Networks

= SHrightamow bibar(bs)

Automating the Construction of Jet Observables with Machine Leaming [DOR]

Boosting $Ho bibar bS with Machine Leaming [DO1]

= Interaction networks for the identification of boosted SH \rightarrow bloverline(b)$ decays [DOI]

Interpretable deep leaming for two-prong jet classification with jet spectra [DOI]

= Identification of heavy, energetic, hadronically decaying particles using machine-iearning techniques [DOI]

Disentangling Boosted Higgs Beson Production Modes with Machine Learning

- Benchmarking Machine Learning Techniques with Di-Higgs Production at the LHC.

The Boosted Higgs Jet Reconstruction via Graph Neural Network

Extracting Signals of Higgs Boson From Background Noise Using Deep Neural Networks

Learning to increase matching efficiency in identifying additional b-jets in the Sitext{U\bar{text{itext{bhbarext{bhS
process

- quarks and gluons.

Quark versus Gluon Jet Tagging Using Jet Images with the ATLAS Detector

= Deep leaming in color: towards automated quarkigluon [DOI]

Recursive Neural Networks in Quark/Gluon Tagging [DO1]

= Deeplet: Generic physics object based jet multiclass classification for LHC experiments

Probing heavy ion collisions using quark and gluon jet substructure

= JEDLnet: a et identiication algorithm based on interaction networks [DOI]

Quark-Gluon Tagging: Machine Learning vs Detector [DOI]
= Towards Machine Leaming Analytics for Jet Substructure [DOI]

= Ouark Glunn et Discriminafion with Weaklv Sunervisad | aarmina IDON

Classification

Parameterized classifiers

= Parameterized neural networks for high-energy physics [DO1]

» Approximating Likelinood Ratios with Gallbrated Discriminative Classifiers

» EPluribus Unum Ex Machina: Learning from Many Collider Events at Once

» Jetimages

How to tell quark jets from gluon jets
Jetimages: Computer Vision Inspired Techniques for Jet Tagging [DOI]
Playing Tag

ith ANN: Boosted Top Identification with Patte Recognition [DOI]

Jetimages — deep leamning edition [DOI]

Quark versus Giuon Jet Tagging Using Jet Images with the ATLAS Detector
Boosting $Hiio bibar bS with Machine Leaming [DOI]

Learning to classify from impure samples with high-dimensional data [DOI]
Parton Shower Uncertainties in Jet Substructure Analyses with Deep Neural Networks [DOI]
Deep learning in color: towards automated quark/aluon [DO1]

Deep-learning Top Taggers or The End of QCD? [DOI]

Puling Out All the Tops with Computer Vision and Deep Learning [DOI]
Reconstructing boosted Higos jets from event image segmentation

An Attention Based Neural Network for Jet Tagging

Quark-Gluon Jet Discrimination Using Gonvolutional Neural Networks [DOI]
Learning to Isolate Muons

Desp learning jet modfications in heavy-ion collisions

= Eventimages

Topology classification with deep leaming to improve reak-time event selection at the LHG [DOI]
Convalutional Neural Networks with Event Images for Pileup Mitigation
bbar b$ with Machine Leaming [DOI]

h the ATLAS Detector
Boosting $Hiio

End-to-End Physics Event Classification with the CMS Open Data: Applying Image-based Deep Learning on Detector

Data to Directly Classify Gollision Events at the LHG [DOI]
Disentangling Boosted Higgs Boson Production Modes with Machine Leaming

Identifying the nature of the QCD transition in relativistic collision of heavy nuciei with deep leaming [DOI]

» Sequences

Jet Flavor Classification in High-Eneray Physics with Deep Neural Networks [DOI]
Topology classification with deep leaming to improve real-time event selection at the LHG [DOI]
Jet Flavour Clas

ication Using DespJet [DOI]
Development of a Vertex Finding Algorithm using Recurrent Neural Network

Sequence-based Machine Leaming Models in Jet Physics

. Trees

QCD-Aware Recursive Neural Networks for Jet Physics [DOI]
Recursive Neural Networks in Quark/Gluon Tagging [DO1]

» Graphs

Neural Message Passing for Jet Physics

Graph Neural Networks for Particle Reconstruction in High Energy Physics detectors

Probing stop pair production at the LHG with graph neural networks [DO1]
Pileup mitigation at the Large Hadron Gollider with graph neural networks [DOI]
Unveiling CP property of top-Higgs coupling with graph neural netwarks at the LHC [DOI]

JEDInet: a jet identification aigorithm based on interaction networks [DOI]

Learning representations of irregular parficle-detector geometry with distance-weighted graph networks [DO1]

Interpretable desp learning for

jo-prong jet classfication with jet spectra [DOI]

Neural Network-based Top Tagger with Two-Point Energy Correlations and Geomelry of Soft Emissiens [DOI]

Probing triple Higgs coupling with machine leaming at the LHC

Gasting a graph net o catch dark showers [DOI]

Graph neural networks in particie physics [DOI]

Distance-Weighted Graph Neural Networks on FPGAS for Real-Time Particle Reconstruction in High Energy Physics

otel]
Supenvised Jet Clustering with Graph Neural Networks for Lorentz Boosted Bosons [DOI]

Track Seeding and Labeliing with Embedded-space Graph Neural Networks

Graph neural network for 3D classification of ambiguities and optical crosstalk in scintilator-based neutrino detectors

[poi]


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



l The goal of this study

L d L]
) ° — 107 T
JW. Monk: Deep Learning as a Parton Shower (arXiv:1807.03685) |- : b, =77 > 0 GeV |
- Nhe rpa shaower '
Dataset: 500 000 QCD t@ 7 TeV 5 | ThTten |
- ME + CNN & k
ataset: pp event @ 7 TeV, S e
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File sk. Encodes which | &
ﬁljtterrh::l-l:arge::uu::n‘l © ge n e rate d by S h e rp a parameter model k2 | model k3 :‘::“
(random if - = 10
none active) . Kernel size, k 2 3 ~=
Filter mask activates . . . .
A Filter only one filter per Input image size, N 64 81
mask output pixel .. . . -
. Size of filter bank, F 9 [
Input MaxPool across Output Levels of decomposition 5 3
event F filters Compressed event m . . - .
event Regularisation, A 500 300 105
- . D Learning rate 5x107°% [ 1x107°
Loss weight w 5 I
Bank of Downsample
F ConvaD by spatial MaxPool Upsample by repeated Loss weight wy 2 2 |
filters application of a bank of F - 1 3 - ]
ConvaDTranspose filters Loss weight wy 1 1 ) x 10 10 R .l.ll
Repeat . ) . . - . Je 1 h '1.
convolution using lotal number of trained weights 72 126 Jet P1 ( e\ ]

same bank of Conv2D filters

Hadronization ‘
Partons - hadrons

Non-perturbative process
Lund-fragmentation (Comput.Phys.Commun. 27 (1982) 243) Qb

string fragments Y

hadrons right-to-left
string fragmentation

17




l Train and validation sets

Monte Carlo data: Pythia 8.303 Input:
Parton level

Monash tune
Discretized in the (y, ¢) plane: p, D, P, £, m, multiplicity

Selection: .
* All final particles with |y| < 7 y € [m, 7] 62bins
' Atleast 2ets $ € [0,2x] 31 bins
e Anti-K
« R=06 T Hadron level output:
« p>40 GeV (Charged) event multiplicity, (tr-)sphericity, jet pr, -mass,

-width, -multiplicity
Fvent number:
* Train: 150 000 ~

L 4

* Validation: 150 000 Py p:mg?yi DPziPzi
* ~20 GB raw data Ma:yz = ZZ PyiDxi DPy; PyiDzi
S=A=0 PziPxi PziPyi pgi
%V Eigenvalues: A > Ao > )3 SN =
/ A ’;1.;.& '
W Sphericity: S =3+ A3)

S=3/4 A=0 S=1A=1/2 Transverse sphericity: §, = AQiQA 29
1 2



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

BUT:

Vanishing/exploding gradients (not to confuse with overfitting)

ResNet

Residual blocks with “skip connections”

+

o R

Q-F@Q‘F*
Element-wise addition

Model 1 Parton image Model 2
4 31x62x6 v
~ 3x3conv. Ng v ~ 3x3conv. Ne
V¥ RelLU Nb X Block ¥ RelLU
~ 3x3conv. N¢ 31x62x32 ~ 3x3conv. Ng
V * Downsample v
~ 3x3 ccglv. RI;ILFU No x Block - ~ 3x3 cgw. RNLFU
e
Trainable ~ 3x3conv. N¢ SISl ~ 3x3conv. Ne
parameters 113 M 190 M v ¥ Downsample v
~ 3x3conv. Ng No x Block ~ 3x3conv. Ng
v RelL U 8x16x128 v RelLU
~ 3x3conv. Ng v ~ 3x3conv. Ne
v Avg. pooling v
1x2x128 ~ 3x3 covnv. Nk :
RelLU
N FIatthin ~ 3x3conv. Ng
Used hardwares: Nvidia Tesla T4, GeForce GTX 1080, GeForce e v
GTX 980 @ Wigner Scientific Computational Laboratory - 33 ¥ RelU >
Dense (output) ~ 3x3conv. Ne
1x174 Y23

Framework: Tensorflow 2471, Keras 2.4.0




Results



l Proto

n-proton @ 7 TeV, Training + Validation
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parameters
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l Center-of-mass energy scaling

Trainable
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l Prediction at other CM energies
s =13 TeV
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How to do it more effectively?
(WIP)



l Dimensionality

Input:
Parton level

Discretized in the (y, @) plane: p, p, p, E m, multiplicity L O (107 — 10%) Total pixels

y € |m, 7|, 62 bins v Vs

¢ € 10,27] 31bins 1 O(10?)Pixels with information
Reduction with Singular Value Decomposition: 21 | oosd e st
MnXm — ananmeerm g 0.04 1 d +

e Unitarity
e Ordered by importance . -

0.02 A1

e Guaranteed to exist, unique .

0.01 + =

M =~ Y ouvl +O(e), r<min{n,m} - -

1=1 0.004 - e

:> Reduce the input to () ( 102 )

Data-Driven Science and Engineering (S. L. Brunton, J. N. Kutz)
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https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1007%2FBF02288367

l Dimensionality (work in progress)
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l Summary

Traditional computer vision algorithms capture the main features of high-energy event
variables successfully

Generalization to other CM energies: multiplicity scaling

Prospects
Dimensional reduction
Various architectures (hyperparameter fine-tuning)

Other observables (p., rapidity, particle species)

Heavy ion (centralities, collective effects)

Thank you for your attention!
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l Prediction at other CM energies
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l Prediction at other CM energies
s = 5.02 TeV
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\\\\‘\\\\‘\\\\‘\\\\‘\\\
—#— Pythia
—+— Model 1
—+ Model 2

251#/\\\11

o 100 200 300

\\‘\\\\‘\\\\7
400 500

600
N, ch

/s = 5.02 TeV, Event multiplicity, |y| < 7

AN

100 200 300 400 500  goo

P(s)

Ratio

P(St)

Ratio

/s = 5.02 TeV, Sphericity

—4— Pythia

10~

L

—+— Model 1
&9 Model 2
%00
™

0.1

/s = 5.02 TeV, Transverse sphericity

02 03 04 05 o6 07 08 09

© o

(]
.0

o 0.1

02 03 04 05 o6 07 08 09

v
Lo N Tu‘m‘m‘m m‘m‘m‘m

Ratio

AN/dM;

Ratio

/s = 5.02 TeV, Jet multiplicity, R=0.6, pr > 40 GeV

T T T T T T ‘ T T T ‘ T T T ‘ T T T
—#— Pythia
—+— Model 1

—+— Model 2

100
Jet multiplicity

/s =5.02 TeV, Jet mass, R=0.6, pr > 40 GeV

T T T T T1TT ‘
Pythia

Model 1
odel 2

102
Mj (GeV)

10"

Ratio

AN /dpy

Ratio

/s =5.02 TeV, Jet width, R=0.6, pr > 40 GeV

\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\\\‘\\
—#— Pythia
—+— Model 1
a—+— Model 2

IV T T

; Ll ‘ LIl ‘ L1l ‘ L1l ‘ L1l ‘ L1l ‘ L1l ‘ LR ‘ L1l ‘ L1 E
0 01 02 03 04 05 g6 07 08 09 1
ey

/s =5.02 TeV, Jet pr, R=0.6, pr > 40 GeV
E T T T T T ‘ T T E
= —#— Pythia =
F —+— Model 1 B
E —+ Model 2 E
i +
: JE
M = j_ E
? L Ll ‘ L 3

102

pr (GeV)

35



	Slide 1
	Slide 2
	Slide 3
	Slide 5
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 16
	Slide 17
	Slide 22
	Slide 23
	Slide 24
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35

