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History,

1950: Alan Turing creates the “Turing Test”

1957: Frank Rosenblatt: the first neural network for computers
(the perceptron), which simulate the thought processes of the
human brain.

1959: Arthur Samuel, IBM: Machine Learning

1967: The first general, working learning algorithm for
supervised, deep, feedforward, multilayer perceptrons by A. G.
lvakhnenko and V. G. Lapa

1986: First mention of Deep Learning by Rina Dechter (Learning
While Searching in Constraint-Satisfaction Problems)

1989: Yann LeCun et al: standard backpropagation algorithm for
recognizing handwritten ZIP codes on mail

1997: “A computer program is said to learn from experience E
with respect to some class of tasks T and performance
measure P if its performance at tasks in T, as measured by P,
improves with experience E." - Tom M. Mitchell: Machine
Learning

1997: IBM's Deep Blue beats Garri Kaszparov (the world
champion at chess). Computing capacity: 11.38 GFLOPS, TOP500:
259" (comparison: Nvidia RTX 4090: 82.6 TFLOPS)

https://researcher.watson.ibm.com/researcher/view_page.php?id=6814

Machine Learning Arxiv Papers per Year

ML Arxiv Papers

= ML Arxiv Papers

Moore's Law growth rate ( year

~100 new ML
papers
every day!

Relative to 2009 ML Arxiv Papers



History,

2009: ImageNet by prof. Fei-Fei Li a database of 14 million
labeled images in 2009
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2011: IBM’s Watson: winner of game show Jeopardy!
2011: Google Brain: cats in Youtube videos

2012: AlexNet by Alex Krizhevsky: first CNN
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2013: Word2vec algorithms: foundations for language models ,- e : ¢t Google DeepMind

Challenge Match

2014: DeepFace by Facebook

2014: Generative adversarial networks (GAN) by lan Goodfellow
2016: AlphaGo by Deepmind

2016: Face2Face (baseline for ‘DeepFake’)

2017: Waymo: first self-driving car company to operate without
human intervention

2018: AlphaFold by Deepmind

2020: GPT-3 by OpenAl to generate human-like text. Trainable
parameters: 175 billion

Wikipedia




History,

CNN (image classification, object detection, recommender
systems)...

Recurrent/recursive  neural networks (RNNs): Sequence
modeling, next word prediction, translating sounds to words,
human language translation...

Generative models: anomaly detection, pattern recognition,
reinforced learning

Various frameworks for training and inference:
ONNX

¢ RUNTIME ©
© Caffe?
D Caﬂez Real images Sample
O PyTorch /
% Tensor \ O PyTorch L \

& ONNX M % Tensor

K | Kerasj
@Xnet . Keras

sso|
1ojeujwLos|q

Sample

sS0|
Jojelauan

Random input
[~
=

o
Microsoft .
CNTK l
CNTK
https://towardsdatascience.com/onnx-preventing-framework-lock-in-9a798fb34c92 ll'



Motivaton-'data) data;moreidata

Autonomous driving
Medical imaging
Predictive maintenance

Anomaly detection, fake news detection

Search of BSM physics

Stock price prediction

Natural Language Processing

Virtual Assistants

Virtual reality

Colorization of Black and White Images

Content generation, examples:
https://infiniteconversation.com/

https://huggingface.co/spaces/stabilityai/stable-diffusion /
Robotics

Preventive Predictive
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https://infiniteconversation.com/
https://huggingface.co/spaces/stabilityai/stable-diffusion

Motivaton - data, data, more/datal |

LHC in numbers: 2013 and now:
Data: 15 PB/year vs 200+ PB/year

Tape: 180 PB vs 740+ PB
Disk: 200 PB vs 570+ PB
HS06: 2M vs 100+ B

Storing and distributing the data is only one side
of the challange

- analysis, simulations
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Approaches

Classification

Clustering

Semi-supervised
classification

Meaningful
Compression

Structure Image

) i Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

e i Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularicy
Prediction

Learning Learning Weather

Forecasting
-*
M ac h I n e Population

Growth
Prediction

e G Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a. r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning
Robot Navigation Skill Acquisition

Learning Tasks



Mainlingredients

Perceptrons: -
* Input value(s) wi
* Weight: the connection between the units
o o o 2 o X1 W2
* Bias: the intercept added in a linear equation \ - 1,if ) wx+b>0
. . . (wixi)+bias ). flx)= _} =
* Activation Function y z 0, ifi wx+b<0 y
Gigmoid Tanh Gtep Function Softplus X1 =1
= —Pr ;
. 0, x<n }{] Z
Y e Yty b 3= 4nte€) Summation
Inputs  Weights : Activation Output
ReLO gofesign Log of Sigmoid P 9 and Bias P
N iaw il | BE
/ D \\\ D D 1 1 2 9 2 X 47 4 =
0, %<0 (1) 2O \\ y
e (’I+|x.|) ) e %:tm(qu) Y] \\ (<=} 73513 2 5 1
\\ 2 3 4 8 5 Filter / Feature
Kernel
Sinc LeakyReLLU Mish D D Image
({
% Other important components: pooling layers, regularization and
: normalization, recurrent layers...
sm(x) y= max(odx %) Y =% (rowndn (s0FEDIUS ()

https://sefiks.com/2020/02/02/dance moves-of-deep-learning-activation-functions/ 8



Mainlingredients




Mainlingredients

The learning part: optimizing “somehow” the weights (Curse of dimensionality)
1 1
Loss function: ~ £=—= Y (yi — f(x:))? := - > (yi — (mx; +b))?

n

2

The gradient descent method:
1) Start with random weights
2) Evaluate the loss

3) Figure out which direction the loss function steeps downward the most (with
respect to changing the parameters)

4) Repeat from 2)

Gradient of the loss function with respect to all of the parameters
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Populararchitectures

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

BUT:

Vanishing/exploding gradients

ResNet: Residual blocks with “skip connections” (SOTA image classifier of 2015)

\

| 3x3conv. Ne |
Batch norm.§  RelLU

| 3x3conv. N:
Batch norm.

32x32x3 |
| Padding 38x38x3 |
v

[ Input

[ 7x7 conv. 19x19x64 |

[ResNet Block 10x10x64|

[ResNet Block 10x10x64|

[ResNet Block 10x10x64|

. ¥
[[ResNet Block 5x5x128 |x4|

. 3
[[ResNet Block 3x3x256 6]

r L2
| [ResNet Block 2x2x512 |x3|

| Avg. pooling 1x1x512 |
v

[ Flattening 1x512 |

| Dense 1x512 |
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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

2022 October: 724 references

Today: 759 references

* Track reconstruction

Quark/gluon jet separation

Jet reconstruction

Tuning Monte Carlo event generators
GAN of detectors 12



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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Partons = hadrons

Non-perturbative process .
Lund-fragmentation (Comput.Phys.Commun. 27 (1982) 243) f(z)=-(1—2)% "=

@

Parton level Lund or Hadron level
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JW. Monk: Deep Learning as a Parton Shower (arXiv:1807.03685)

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

model ko

model k3

parameter
Kernel size, k 2 3
Input image size, N 64 81
Size of filter bank, F 9 7
Levels of decomposition 5 3
Regularisation, A 500 300
Learning rate 5 x 107 1< 1077
Loss weight un 5 4
Loss weight ws 2 2
Loss weight wg 1 1
72 126

Total number of trained weights

Filter mask. Encodes which
filter had largest output
(random if
none active) -
Filter mask activates
T Filter only one filter per
mask - output pixel
Inpurt MaxPool across Output
event F filvers Compressed event
- x
Bank of Downsample
F ConvaD by spatial MaxPool Upsample by repeated
fGlters application of a bank of F
Conv2aDTranspose filters

Repeat
convolution using
sarme bank of ConvaD filters

— 10
- anti-k,, B = 0.4, pr > 40 GeV
— Sherpa shower
"; —— MEcnly
] - == ME + CNN kq
— ——e ME + CNN ks
= &
==
|_"=. 110
=

5 % 10! 102

Jet pr [GeV]

5 x 10°
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Rescattering and decays turned off

(] (]
Train and vall
Monte Carlo data: Pythia 8.303

Monash tune

ISR, FSR, MPI: turned on (*)
Selection:
* All final particles with |y| <7

At least 2 jets
« Anti-k;

* R=04

* p,>40 GeV

Event number:
* Train: 750 000, Vs =7 TeV
* Validation and test: 100 000

~20 GB raw data

‘ \\‘ fl'/

S=3/4 A=0

W

S=1A=1/2

Input:
Parton level
Discretized in the (y, ¢) plane: p, m, multiplicity x./s/1GeV
y € [m, 7] 32 bins
¢ €10,27], 32 bins
Hadron level output:

(Charged) event multiplicity, (tr-)sphericity, mean jet pr, -mass, -
width, -multiplicity
Ma:yz — Zz (pyipxi pgz/i pyipzi)
PziPxi  PziPyi pgi

Eigenvalues: A1 > A2 > A3 YooAi=1
Sphericity: S = %(A2+>\3)
Transverse sphericity: S, = Afi’;g

17



Models

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

BUT:
Vanishing/exploding gradients

ResNet:

Residual blocks with “skip connections”

RN

+

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

Framework: Tensorflow 2.41, Keras 2.4.0

Trainable
parameters 1.7 M 20 M

[ Input 32x32x3 |
| Padding 38x38x3 |
v
[ 7x7 conv. 19x19x48 |

[ResNet Block 10x10x48]

[ResNet Block 10x10x48|

] L 2
|__ResNet Block 5x5x96 |x2|

32x32x3 |

v

| Padding 38x38x3 |
v

[ 7x7 conv. 19x19x64 |

[ Input

[ResNet Block 10x10x64|
v

[ResNet Block 10x10x64|

[ResNet Block 10x10x64|

[ResNet Block 5x5x128 ]x4|

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

: 3
[ResNet Block 3x3x192 ] 2|

[ Avg. pooling 2x2x192 |

[ Flattening 1x768 |

| Dense 1x256 |

v
[ Dense (output) 1x45 |

. 7
[ [ResNet Block 2x2x512 |x3|

v
| Avg. pooling 1x1x512 |

[ Flattening 1x512 |

| Dense 1x512 |

| Dense (output) 1x45 |

18




Results



Proton-proton @ 7 TeV, Training + Validation

; o Vs =7 TeV, h*
@ Bl Pythia o — |y|<0.5 (x109
0 .
10y v BB Model-L O --=-= 05<|y|<15 (x10%
| ¥ EEE Model-S W il
| ¥ “Pe oder @ 1.5<|y|<2.5 (x10?)

10-17

10_2'5

0 10 20 30 40 50 60 70 80

Charged hadron multiplicity at various rapidity windows
Comparison to reference MC model
Good agreement for both models



Vs =7TeV, h*
BN Pythia
[ Model L
1004 R !__M_Qﬂ‘?_l_ff _____________
10—1 ___________________________________________________________________________
T RN
T 1
pr (GeV)

Charged hadron transverse momentum
0.1 GeV < pr <50 GeV

TeV, Training + Validation

P(S7)

\/'E =7 TieV h*

1 , | Bl Pythia

100 4o T gy EEE Model-L—————

] | ' BE Model-S
10—1 ..............
10—2 .........

1 0—3 ___________
00 02 04 06 08 1.0
St

Event transverse sphericity
The smaller model performs better
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~
Q Vs =7 TeV
2 ‘b‘ B Pythia
= % m. Modol S
= —4 A -
% 10 Q‘.
-6 €
10 &Q
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10781 \\\. ®
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10%g Y
i e
; \@
101 \.\0
\°
1024 o~
\ .'Q‘\ - \
1073
R=0.4, pr=40 GeV| ! mf*?*+
02 04 06

PJ

TeV, Training + Vali

Jets:
Mean p_< 400 GeV

Mean mass p, < 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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n-
(*) What about the partonic processes’

MPI

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

< 100 J =N . £e\
Q vSs =/ eV (partoniC OII)
/ I Pythia
1071} /oTye. - mm Moaars
b W
10204 A\ °
I e
I \ e
1073 :
I \ \_\.
1074 \ye
VA
5] R=04,pr=40GY{P
10 5T %
10 20 30
n

Qualitative agreement - the models adopted the hadronization properties

de/PpoT
—_
()
~

H
9
(=2

10-8

TeV, Tr. |n|n + Vali

R=0.4, pr=40 GeV

102

o 101 Vs =7 TeV, h* (partonic off)
I Pythia o — lyl<05 (x10%
: E Model-L o --- 05<[y|<1.5 (x10%)
109 i E Model-S 9 e 15<|y|<2.5 (x10%)
101
——
! —.-v—.—<
10-2 “!“_iﬁ —o—
-,
- ‘\\ H —= ‘:‘""? ——
1073 N —I—;_'_ ——
\\ia/\\ :
20 25 30
n
E 102 r
5
S 10!
3 100
100
-1 Qo
10 10—1 \Q‘; ,,,,,,,
1072 * : + : } °
Vs =7 TeV, h* (partonic of Vs =7 TeV, h* (partonic off d
I Pythi ]
11 10731 . Mygdg-L O\ 10-2 { . M(ET%L
.*ﬁﬁ* W Model-S B Model-S \
10-! 100 101 0.0 0.2 0.4 0.6 0.8 1:0
pr (GeV) pr (GeV) St
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B rl= 0 -13 TeV, Prediction

S 10 B Pythia
Ih~< 0.5 n B Model L
odel-L a 103 B Model-S
pdel-S e PO 0 —— 0.9 TeV (x10°)
0.9 TeV (x109) 102 1 O --- 5.02 TeV (x10%)
©5.02 TeV (x101) § 0 == 13 TeV (x10?)
13-TeV (x102) i i
10!
1004 = "0 000pe, s ey -
10-1
o ® 10-2
60 30 0.0 0.2 0.4 0.6 0.8 1.0
n St

* So far: everything at Vs =7 TeV - the ONLY energy, where
the models were trained

* Good agreement for all observable quantities as
predictions for other LHC energies

« Multiplicity scaling?

dN/prdpr

10°

103

10!

h *
1 _Pythia

Il Model-L
I Model-S

U9 Tev X
--- 5.02 TeV (x10%)
—-— 13 TeV (x102)

101
pr (GeV)

I Pythia
Il Model-L
I Model-S

o.—— 0.9 TeV_(x10°)

O --- 5.02 TeV (x101)
O —.— 13 TeV (x102)
R=0.4, pr =40 GeV




KNO-scalin

The collapse of multiplicity distributions P,
onto a universal scaling curve:

_ 1 n_
= <n>‘1’(<n>)

The scale parameters governed by leading
particle effects and the growth of average
multiplicity

Violation of the scaling at high CM energies:

not fully understood (relation to MPI?)

P, (s)

L rescaling

v (2)

all s

—
-

z

Nuclear Physics B 40 (1972), 317-334.
(Nucl. Phys. B Proc. Suppl. 92 (2001). 122-129)
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f KNO-scaling for th iction

g‘, 10¢ KNO scaled multiplicity g KNO scaled jet multiplicity
I Pvthi — 0.9 TeV I Pvthi 0 —— 0.9 TeV
-] My(;EdIeEll-S 0 - 502Tev 109 - Iv%gdleall-s O —om 502 TeV
B Model-L © = 7 TeV I Model-L @ e 7 TeV
O == 13 TeV O == 13 TeV
lyl<3
10—1 ]
10—2_
‘I i IN I 1077 +
00 05 1.0 15 20 25 30 3.5 0.0
z=n/{n)

Scaling function for multiplicities at various energies: P,
Charged hadron multiplicities in jetty events: good overlap

Mean jet multiplicities: different scaling for the models

Nucl.Phys.B Proc.Suppl. 92 (2001) 122-129 206



Heavy

A NEW GENERATION OF HEAVY-ION MONTE CARLO

ion
let "Nuclear change theory”; Book of Changes, "Originally a divination manual in the Western
e Zhou period (1000-750 BC)”
INteraction Z"ou period (1000750 BC)
G First, FORTRAN version: 1991, X.N. Wang, M. Gyulassy, Phys. Rev. D 44, (1991) 3501.
enerator Computational challenge: more than 600 million collision in each second - HiLumiLHC:
(C++ version) even more
% é Requirements for a new version: multithreaded mode, maintainability, intuitive usage
[ He —yi —Jlng ]
FORTRAN
HIJING HIJING++v3.0 HIJING++ v3.1

Precision simple double double
Pythia version 53 82 82+
(n)PDF GRV98lo LHAPDF6.2 LHAPDFG.2+
Jet quenching (v) (v) (v)
Multithreading X X v
Analysis interface X X v
Module management X X v
Dependencies, Makefile  Makefile CMake
build system




10°4 KNO scaled multiplicity KNO scaled jet multiplicity
. hi I Pythi
— Rt 1094 T Hijing s+
= i = it
10714 . R =0.4, pr, = 40 GeV/c
1075 vl <3
10_2' { 10—2_
| i
! i
10734 i 10—3- 'ig
} g—g.gz’r%\/ 0 0--- 502Tev
——— 5 eV , . e
} Q eeeenn 7 TeV oo 7 TeV
| o—- 13 TeV ! © —-— 13 TeV
10_4_ i kB 10_4
00 05 10 15 20 25 3.0 3.5 00 05 1.0 15 2.0
z=n/{n)
Scaling function for multiplicities at various energies: p _ _1 ( n
n (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
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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

Valuable input for MC developments

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

The research was supported by OTKA grants K135515, NKFIH 2019-2.1.6-NEMZKI-2019-00011, 2019-2.111-TET-2019-00078, 2019-2111-TET-2019-00050,
2020-2.11-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.



Populararchitectures

U-Net: biomedical image segmentation

64 64
128 64 64 2
input
ima%e > >l output
. segmentation
tile S EEER
o
wn

SOl o
ofl ol @
[aV] eV N

=» conv 3x3, RelLU
copy and crop

1402

¥ max pool 2x2
4 up-conv 2x2
=» conv 1x1
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Populararchitectures

(Conditional (Variational)) autoencoders

encoder

training
process e

Dimension reduction eSS =

Denoising data

g::::::m“ sampler H decoded content
1t 1 (reconstructed input /
Latent Space CO nd Itlon I ng led t generated content)
samp vector
(from latent space)
Genera ted
concrete
formula
Strength —— T

Environmental
impact
predictor

Generator gl

Fig. 4. Generating new concrete formulas and evaluating their properties

https://arxiv.org/pdf/2204.05397.pdf




Populararchitectures

Diffusion models: https://huggingface.co/spaces/stabilityai/stable-diffusion
Gradually perturbate he input data over several steps by adding Gaussian noise

) Latent Space Condiilonlna
THE *-‘I Diffusion Process ——)I Eemam@
a
Denoising U-Net €g Text
««««« Repres
n entations
~ Q Images
<D g
"‘3 KV K ‘V V K V
2 |zr— t
Pixel Space
]
denoising step crossattention swnt:h skip connection concat A e

‘A street sign that reads

“Latent Diffusion™ '

‘A zambie in the ‘An image of an animal ‘An illustration of a slightly

stvle af Picasso’ half mouse half octopus’ conscious neural network’

i LAT NT

DIFFUSION
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Populararchitectures

GAN: data generation via competing generator-discriminator

Generator

S
:
3 o
a @
Leyc -’ g
Generator / %
A Gsw
Generator

on  —>

= ! Leye
< Generator
Gsw ‘- —’ >

Discriminator

Jojeunuiiasiq



Populararchitectures

GAN: data generation via competing generator-discriminator

34



Populararchitectures

[ ]
Attentlon and Output Multi-head attention

Transformers: Probabilties

A revolution in
natural language

4
Feed -
p ro CeSS I n g Forward Scaled Dot-Product h .
Attention 2 Scaled dot-product attention
Add & Norm l 1
r->| Add & Norm l ’ -— -— —
Multi-Head : : ;
Foad Attention | | [ Lmear]J[ Llnear]J[ Lmear]J
Forward T 7 Nx
| ——
Nix Add & Norm
~—>{_Add & Norm ] Vaskod V K Q
Multi-Head Multi-Head
Attention Attention
At 2 L )
— J —
Positiqnal o @ Positional
Encoding Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
(shifted right)

https://arxiv.org/abs/1706.03762
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Populararchitectures

Graph Neural Networks

Molecule to Graph Neural Network Graph to Network for )
. - 138 odor descriptors
graph layers vector operation  prediction
: foreachnode: ©>Q>see>0O p3{(e) citrus
F‘)J ’{-'; baked spicy
. O ces odorless
7 E= O_};r( : j clean alcoholic beefy
AR v 1 fruity
El:l} fm | o—d ruity
= Embedding space
Graph
embeddings
O 1
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Track reconstruction

Particle Track Reconstruction with Deep Learning

Steven Farrell, Paolo Calafiura, Mayur Mudigonda, Prabhat
Lawrence Berkeley Mational Laboratory
{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
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Figure 1: Distribution of particle spacepoints in a particle collision event in a generic simulated
HL-LHC tracking detector.

ayer_ia
Yerad

12

10

~20g,

~S0p

37




Frequency

Frequency

JEWEL+PYTHIA [2.76 TeV]

JEWEL+PYTHIA [2.76 Tev]
0101 pp QUARK QUARK
GLUON Z 10 PP GLUON
" 53
0.05 PF> 100 [(GeVic) g p¥ > 100 [GeVic]
et g s
P> 50 [GeVic] = | I ‘ Pl > 50 [Gevrc)
0.00 N k [t
o 10 20 30 40 s0 00 01 0.2 0.3 04 0s
0.06  PLPb (0 —20%) QUARK 7.5 PBPD (0 — 20%) QUARK
GLUON z GLUON
0.04 v.jet < s
1nl 1s gs0 Inlvet <15
Ay jec>2% /3 g
0.02 £2s J | By.joc>2% I3
ool Lis
o 10 20 30 40 50 0.0 01 02 03 os
Jet Mass [GeVic?) First Radial Moment (girth)
. JEWEL+PYTHIA [2.76 TeV] JEWEL+PYTHIA [2.76 TeV]
»p QUARK 34 wp QUARK
Za GLUON z GLUON
H ¥>100 [GeVvr g 24 .
B P [Geviel 5 Pt > 50 [GeV/c]
£2 ‘ P> 50 [GeVic] £14 | | p¥ > 100 [GeVic]
. J o . - [
00 01 02 03 04 05 06 07 08 00 02 04 06 08 10 12 14
41 PbPb 0 —20%) QUARK 31 Pbeb (0 - 20%) QUARK
z GLUON = GLUON
g 221
g, |l <15 g Inlriet <15
g g >2+
£ ‘ | | O £.] [ | ‘ ] A
o [ & ] [
00 01 02 03 04 O 06 07 o8 02 04 06 .8 10 12 14
0.5 Radial Moment Jet p2
Probing heavy ion collisions using quark and gluon jet
substructure —
————— Jet sulstructure —s 2
& qurk s gy 4+ glun tsn p
K4
Yang-Ting Chien * and Raghav Kunnawalkam Elayavall \;‘ ) v
“ Center for Theorctical Physics T u T ks i AA g i A
Massachuactts Institute of Technology, Cambridge, MA 02139 W L e
* Department of Physics and Astronomy !
Wa te University, Detroit, MI 45201
< Dep nt of Physics and Astronomy

Jersey, New Brunswick. NJ 08901

Rutgers, the State University of New

arXiv:1803.03589

Quark/gluon jet separation

convolutional layer

pre-process

=3

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-Encrgy Physics with Deep Neural Networks, arXiv: 1607 .08633.

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, E. N. Dawe, M. J. Dolan, and N. Rajcic, Parton Shower Uncertainties in Jet
Substructure Analyses with Deep Neural Networks, arXiv: 1608 .0060T.

Deep ing in color: quark /gluon

jet discrimination

Patrick T. Kemiske, Eric M. Metodiev.* and Matthw D. Schwartz’
* Genter for Theoretical Phyeics, Motsochusets Insita of Tectmology, Cembridge, MA 02138, USA
*Degartment of Phyeres, Haroerd University, Cambridoe, MA 08138, U5
E-mait: plont skeGmit. eds, setodievasit. edu,
dense layer schwartzophysics.harvard. edu
= quark jet
= @
: = https://doi.org/10.1007/JHEP01(2017)110

o

= - Deep CNN match or outperform

- B - .

= gluen jeb traditional jet observables.
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