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The path we will take

The supervised ML

Generative models

successful venture. O Different paradigms

Basic Motivation

O Tracking & O Few physics cases.

O Why are we doing Calorimetery

ML? O Interpretable ML &

O The Particle-Flow uncertainty estimation.

0 The basic LHC algorithm

operations with
ML.

O Synergies through
eye of ML.

\ The anomaly detection saga
THE ROAD MAP O The outliers & density estimate

0 How to translate this in new
signals?
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A broad strategy towards physics inference

1 d°N
Guess the Lagrangian — %
solving the inverse problem via ML Z dprdn

A

The physics at the core:

driven by the interaction Final Particles Detector output/Readout
y . Produced via hadronization Produced via hardware
between quantum fields, . o : : :
(no first principle analytic or simulation

computed via perturbative

or lattice techniques. techniques are available)

Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4 3



The collider program flow-chain
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The collider program flow-chain

ML can (and will) play a role at every instance of this flow chain.
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ML(@Colliders : what’s the broad task?

f{é’} (< ) — f{y@}_(X)

L(y,y) = L(10})
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ML(@Colliders : what’s the broad task?

1. Decide the right representation
of the data (images/graphs/trees..)

L(y, ) = L6}
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation
(CNN/GNN/) of the data (images/graphs/trees..)

f{é’} ( ) — fi}zm

L(y, ) = L6}
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

L(y,9) = L({0})
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

][{‘9} ( ) - f{e}_(X)

L(y,y) = LG0Y)

Variation in data
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) — fi}zm

L(y,$) = L{6})

Variation in data
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

L(y,§) = L({0})

-

-

-
-
-
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______

-
-
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Unsupervised Semi-supervised

No-labels, the task is to Noisy labels. estimate :
figure out p(x) from which

the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted)
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ML(@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

f{é’} ( ) - fi}zm

{
L(y,§) = L({0})

Varlatlon in data
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Unsupervised  Semi-supervised  Weakly-supervised

No-labels, the task is to Noisy labels. estimate : Partial labels. e.g.
figure out p(x) from which simulating : SM bkg vs
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals.
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ML@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.
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Varlatlon in data
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Unsupervised  Semi-supervised  Weakly-supervised Supervnsed
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g. .
figure out p(x) from which simulating : SM bkg vs lLei)al‘ln?g on all the well
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data.
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ML@Colliders : what’s the broad task?

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

A\

y —
figy (X)
10,9 = 10D

—_

Varlatlon in data

f --------------------------
' P e T x0T
Unsupervised  Semi-supervised  Weakly-supervised Supervnsed
No-labels, the task is to _ Noisy labels. estimate : P.artial l.abels. e.g. Learning on all the well
figure out p(x) from which simulating : SM bkg vs labeled d
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data.
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Looking the problem through ML lens

2. Choose a NN model ; 1' Pecide the right rcpreséhtaﬂou ! 3 With a defined learnihg task, |
| (CNN/6NN/) ‘ of the dafa (images/graphs/trees..) | chmpufe the loss function. t

Uncertainty nterpretablllty

f{H} ( ) f{e} )

L(y.y) = L(10})

¢l H H =H =H =H =H =H = =H H )
Il B I E E B B E =B E s

i Self-supervised
bl aahianst Varlatlon in data
A e T e
Unsuperwsed Semi- supervnsed Weakly supervised Supervnsed
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g. .
figure out p(x) from which iy b et simulating : SM bkg vs lu:rl“:in(gi on all the well
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data. ’

% Figure from : https:/atlas-public.web.cern.ch/

Muon Chambers Electromagnetic Calorimeters
Solenoid

End Cap Toroid
\ Forward Calorimeters

Barrel Toroid Inner Detector Hadronic Calorimeters
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The path we will take

The supervised ML

successful venture.

Basic Motivation

O Tracking &
Calorimetery

O Why are we doing

?
ML: O The Particle-Flow

0 The basic LHC algorithm

operations with
ML.

O Synergies through
eye of ML.

THE ROAD MAP

Generative models

O Different paradigms

O Few physics cases.

O Interpretable ML &
uncertainty estimation.

The anomaly detection saga

O The outliers & density estimate

0 How to translate this in new
signals?
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jet3 (@[mD | [CTW]Y jet2 10'm
LICICIREEIE TV |
HFDDD“EIIDDUI deposited energy:

P[Ile)| | 0] #HOEWY [§ hadronic
T T4f0] o] [[ Jo[ [§fB[eIa] Jo
[T\ [EEe] T o [o[ BH [T electromagnetic

e ceo | o lo o track hits

Detector

10 "m

mesons: ‘ i baryons: —
pions, ] protons,
kaons, neutrons,

etc. etc.

how do we define the inverse problem?

g = F‘1<{p1,pz, -.-,pn}) 7}

The Large Hadron Collider
Editors: Thomas Schorner-Sadenius
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https://link.springer.com/book/10.1007/978-3-319-15001-7#author-1-0

Early jet tagging

et-al JHEP 02 (2015) 118

J. Cogan
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The first paper to discuss

image pre-processing for jet physics
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(d) Average jet-image, prior to

rotation
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(c) Jet-image after projectio
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(e) Average jet-image, after pre
processing

82—

Similar methods were applied for particle identifications
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Different possible representations

The energy deposition pattern can be
thought as multi-layer image.

S. Qasim et-al EPJC 79 7 (2019) 608

Image from 1705.02355

Soon point-cloud based methods became more popular.
Large sparsity in calorimeter shower were more efficient to treat.

Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4 10



Data representation < NN correspondence

= {ptpl,...}

Ordered set
NN

quark jet

Grid
CNN

Particles

eeeeeeeeeee

{7 MM Latent Space

Unordered set
Deepest

Sequential data
RNN

7N
N
) S

.. B
= <

Tree structure
Deepset/GNN

~L)

°
hd .
The three “flavours” of GNN layers
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Object tagging

Particle Net : 1902.08570

o

/
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1ym -] l m 1) .-
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ar}(iv > ¢s > arXiv:1801.07829

Computer Science > Computer Vision and Pattern Recognition
[Submitted on 24 Jan 2018 (v1), last revised 11 _Jun 2019 (this version, v2)]

Dynamic Graph CNN for Learning on Point Clouds

Yue Wang, Yongbin Sun, Ziwei Liu, Sanjay E. Sarma, Michael M. Bronstein, Justin M. Solomon
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https://arxiv.org/search/hep-ph?searchtype=author&query=Qu,+H
https://arxiv.org/search/hep-ph?searchtype=author&query=Gouskos,+L

Machine learning on sets

LetX;,X,,...,XN € RK be n pieces of data. This forms a set of cardinality N.

https:/geometricdeeplearning.com/lectures/
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Machine learning on sets

LetX;,X,,...,XN € RK be n pieces of data. This forms a set of cardinality N.

Neural network on a set https:/geometricdeeplearning.com/lectures/
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Machine learning on sets

LetX;,X,,...,XN € RK be n pieces of data. This forms a set of cardinality N.
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Machine learning on sets

LetX;,X,,...,XN € RK be n pieces of data. This forms a set of cardinality N.

Neural network on a set https:/geometricdeeplearning.com/lectures/

Basic required property : permutation invariance
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Machine learning on sets

LetX;,X,,...,XN € RK be n pieces of data. This forms a set of cardinality N.

Neural network on a set https:/geometricdeeplearning.com/lectures/

Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4

13



How the P.I. 1s achieved?

Remember the permutation on a set? f<PX> ~ f(X>
i O 1 0 0 11— x] — ] — NG i

{0 0 0 1 — X3 — . | Xg —

Pea®=1 0 0 0| — x5 — | | — x —
i 0O 0 1 0 |l L— X4 — | = o — |

§b< Dicv V/(Xi)>

<
~
N
S
N—""
I

) G [ S > h,
X9 w ..................... > h2 https:/geometricdeeplearning.com/lectures/
-
X4 w ..................... > hy © =M+~ (117) for \,v € R.

s ' a
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What’s the basic criteria of a GNN?

https:/geometricdeeplearning.com/lectures/

X5
X2 _— _ X5 X4
X4
X3 X1 X3
X1 X9
—
f X5 \\ f e !
i \ X9 _ 5 ; _ / X5\X4
. X3 X1 X3

Invariance: f(PX PAPT) f(X A)
Equivariance: f(PX, PAPT) — Pf(X, A)
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General methods of GNN
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General methods of GNN

— — — — — — — — — — — — — — — — — — — — — — — — — — o— — — — — — — — — — ]

Inputs Latents

(X, A) (H, A)
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General methods of GNN
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General methods of GNN

~ | Node classification

Z; — f(hi)

Inputs Latents

(X, A) (H, A)
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General methods of GNN
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General methods of GNN

Node classification

Z; — f(hi)

Graph classification

zg = [ <@iev hi)

— e o T — — — — o - e - o - — o]

Inputs Latents

(X, A) (H,A)
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General methods of GNN
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General methods of GNN

o ) | T i st | i e el

Latents

(H, A)

Node classification

Z; — f(hi)

Graph classification

26 = [ (Biev Bi)

.| Link prediction

z;; = f(h;,h;,e;;)

Sanmay Ganguly (II'TK)
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The different flavors of MPN

The three “flavours” of GNN layers

Xeo Xq o Xa
\ 3
- \(;Cbl) %S\CED
Xb <€ Che XC T Xb ‘.g_.“‘"abcv ‘ XC
/ Chd Cbe\ ------ > Ap <" Odf\
X X, X "X, Xd
Convolutional Attentional

D

JEN;

D cijv(x)

JEN;

a(x;, Xf)¢(xf)>

h;=¢ (Xi: ) h; =¢ <Xi;

e,
‘.

Message-passing

h; =¢ (xi, @1/J(Xi» Xj))

JEN;
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The general GNN
O O

“VS k,"_>'\vrk‘."

arXiv : 1806.01261

Edge block Node block Global block
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The general GNN arXiv : 1806.01261
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Application of sets & graphs in HEP

1 Search...
aI X1V > hep-ex > arXiv:2203.12852 earo

High Energy Physics - Experiment

[Submitted on 23 Mar 2022 (v1), last revised 25 Mar 2022 (this version, v2)]

Graph Neural Networks in Particle Physics: Implementations, Innovations, and Challenges

Savannah Thais, Paolo Calafiura, Grigorios Chachamis, Gage DeZoort, Javier Duarte, Sanmay Ganguly, Michael Kagan, Daniel Murnane, Mark S.
Neubauer, Kazuhiro Terao

Qo *
a1V > hep-ph > arXiv:2012.01249 O—0—@ :0\ Q
High Energy Physics - Phenomenology ./ ( k ( f r
[Submitted on 2 Dec 2020 (v1), last revised 7 Dec 2020 (this version, v2)] 0_‘ ( ‘ ‘ ‘
Graph Neural Networks for Particle Tracking and Reconstruction ./ e L g R.

/7 ~ \ |
Javier Duarte, Jean-Roch Vlimant ./ y . N\\ [ . ( ( f

BI::/ 1V > hep-ex > arXiv:2007.13681 i : (
' N\ i o Q.
High Energy Physics - Experiment “\ NO S S o ,, Q\
[Submitted on 27 Jul 2020 (v1), last revised 21 Oct 2020 (this version, v2)] ‘ ‘\ \‘//, O o .§$
h I N ks in Particle Physi /
Grap Neura etworks In Particle YSICS ‘/ ‘\//
' |
Jonathan Shlomi, Peter Battaglia, Jean-Roch Vlimant b L >
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Object tagging

/ outgoing particles
o, |

See talk by Felix Ringer for ML based EIC

jet tagging

2400 - ® LLF taggers .PELICAN LorentzNet : k.
HLF taggers ® >~ \// 7
2000 - N v’
SN S S, W
ParticleNet ParT P uQ\J<$1 zZ ?
1600 A ® [ proton beams '/
)
o Disco-FFS on EFPs  ParticleNet-lite A v
o 1200 ® _ ResNeXt
TI’GQNI':FN CNN ® C collision event )—»Cjet reconstruction)—)( jet tagging )
8 Nsubg ®, DNNEFPse@
, EEN B L blocks Class token
400 A jinear EFPs TopoDNN & Partifcle Particle
LDA Particles | 3 Attention Attention
® E x? | Block ]T[ Block
"o o o Tos s
Interactions |3
Parameters &
A . 1
Accuracy AUC Rejsoo Rejz00 EET)
P-CNN 0.930 09803 201+4 759+ 24 '
PFN — 09819 24743 888 + 17 U—
ParticleNet 0.940 09858 39747 1615 + 93
JEDI-net (w/ >_ O) 0.930 0.9807 — 774.6 @
PCT 0940 09855 392+7 1533 +101 .
LGN 0.929 0.964 — 435 £+ 95 U
rPCN —_ 09845 364+9 1642 + 93 (Tinear ) (Linear ) (Tinear )
LorentzNet 0.942 0.9868 498 £ 18 2195+ 173 ‘
ParT 0.940 0.9858 413 +16 1602 + 81 ) T ’ 7
ParticleNet-f.t. 0.942 09866 487+9 1771 £ 80 x! Xiass X
ParT-f.t. 0.944 09877 691 +15 2766+ 130 (b) Particle Attention Block (c) Class Attention Block
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Different physics : same ML problems

arXiv : 2204.13713, Camel’s simulation

L(y,$) = L{6})
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Different physics : same ML problems

1. Decide the right representation
of the data (images/graphs/trees..)

arXiv : 2204.13713, Camel’s simulation

| L 25
AL "4 20

( '\r’#
’\};\
0 S y
_T:g‘*\fn e w0 y
{ } 7%y, F4] Z’ —
O 1oy (X)
0 \

L(y,9) = L({0})

22

Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4



Different physics : same ML problems

1. Decide the right representation

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

L 25
AL "4 20

( '\r’#
’\};‘
0 S y
_:g‘*\fv e w0 —_ y
{ } A ” ],
O Jioy (X)
0 \

L(y,9) = L({0})

22
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Different physics : same ML problems

3. With a defined learning task,

1. Decide the right representation
compute the loss function.

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

L 25
AL "4 20

¥4
AR Y
0 \

L(y,9) = L({0})

22
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Different physics : same ML problems

3. With a defined learning task,

1. Decide the right representation
compute the loss function.

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

L 25
L "4 20

¥4
’\};‘ 1
AR Y
0 \

L(y,9) = L({0})

Variation in data

22
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Different physics : same ML problems

3. With a defined learning task,

1. Decide the right representation
compute the loss function.

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

! L 25
I . P Tt 20
L A

P,
)i*;,&;%\ S~ r 15 _
‘(f \\&m W T S—
][{ (9 } ( gAY ) ’ y
figy (X)

L(y,9) = L({0})

Unsupervised

22
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Different physics : same ML problems

2. Choose a NN model
(CNN/GNN/)

arXiv : 2204.13713, Camel’s simulation

-~

{

-
} ;»’
}; va
q A
% ,
dl R . 1 f, % ~ = A ' 4 .
\_‘J , [g " /.,
7\\// . A7 ; - q - o
v & « ¢ - #Y
T: . SNy ) \1

Unsupervised Semi-supervised

1. Decide the right representation
of the data (images/graphs/trees..)

{
t 20
to15
t 10
L5
-0

25

3. With a defined learning task,
compute the loss function.

A\

) — 7
figy (X)
L(y,9) = L(16})

22
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Different physics : same ML problems

3. With a defined learning task,

1. Decide the right representation
compute the loss function.

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

}7 -+ ' L 25
i ve

- 20
| Va\

' ‘;& [ —
fioy (el )
{ } T4 “éi“ ' Jioy (X)

s L(y,§) = L({0})

25

~
~
~
~
~
~
~
~
~
~
~
~§
~

-
-
-
-
-
------
-
———————
-
-

< k’ P\
Unsupervised Semi-supervised  Weakly-supervised
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g.
figure out p(x) from which simulating : SM bkg vs
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals.
JET Physics + ML Lecture-4 22

Sanmay Ganguly (II'TK)



Different physics : same ML problems

3. With a defined learning task,

1. Decide the right representation
compute the loss function.

2. Choose a NN wmodel
of the data (images/graphs/trees..)

(CNN/GNN/)
arXiv : 2204.13713, Camel’s simulation

b 25

’ >
Unsupervised  Semi-supervised  Weakly-supervised Supervised
No-labels, the task is to Noisy labels. estimate : Partial labels. e.g. Learning on all the well
simulating : SM bkg vs labeled data

figure out p(x) from which

the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals.

22
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Different physics : same ML problems

2. Choose a NN wmodel 1. Decide the right representation 3. With a defined learning task,
(CNN/GNN/) of the data (images/graphs/trees..) compute the loss function.

arXiv : 2204.13713, Camel’s simulation

b 25

| Self-supervised }

-
A et
L 4
1 L 4
L 4
L 4

: PRPEL L LT y T >
Unsupervised  Semi-supervised  Weakly-supervised Supervised
No-labels, the task is to . Noisy labels. estimate : P.artial l.abels. e.g. Learning on all the well
figure out p(x) from which simulating : SM bkg vs labeled d
the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. abeled data.
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A 3-D view

8 X 8 Low Res detector

for topoclusters only

32 X 32 High Res detector

. 3000 3000
The networks in genera] have g()()d ) — Binpred, u= 172, 0 - 548 — Binpred = -130, 0 = 3.69
14 7/ 2500 — Full range, u= 0.55, 0 = 6.41 2500 —— Full range, u=-0.50, 0 = 3.66
L 6
noise removal abilities 10 n*/n® Energy : 2-5 GeV n*/n® Energy : 5-10 GeV
. ’ 2000 2000
121 . 7 0
A +J
— . c
% 7 105 E 1500 1500
O 104 ¥ 1000 1000
=10 P
S Ry 4 104 © 500 500
iy 3 g
o ] kS =% 20 0 20 4o "= 30 o0 20 4o
5 103 5 Energy rel residuals [%] Energy rel residuals [%]
o o . g -g 3000 3000
—— Bin pred, u=-0.22, 0 = 3.22 —— Bin pred, u= 0.07, 0 = 2.90
Towards a computer vision particle flow s | Teseonmocan || et
[
. . . o 2 *Im® E :10-15 GeV *In® E : 15-20 GeV
Francesco Armando Di Bello, Sanmay Ganguly &, Eilam Gross, Marumi Kado, Michael % 10 2000 o Enery ¢ 2000 o Energy ¢
. . . Q ]
Pitt, Lorenzo Santi & Jonathan Shlomi e § 1500 1500
10! m
The European Physical Journal C 81, Article number: 107 (2021) | Cite this article 1000 1000
1341 Accesses \ 13 Citations \ 11 Altmetric | Metrics 500 500
. . . . . . 100
00 2 4 6 8 10 12 14 o o

Target neutral E.o [GeV]

-40 -20 O 20 40
Energy rel residuals [%]

-40 -20 O 20 40
Energy rel residuals [%]
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When do intrinsic calorimeter sizes
are limiting factors ?

Partially merged
hadronic top Fully merged

- (W jet + b jet) " hadronic top jet '.

m_}

Unmerged
hadronic top

1”//@, + pT
< 200 GeV 200 - 350 GeV > 350 GeV
>
How to identify two or more % ______________
particles if they all land-upin | | T——w=2"" L=
the same cell ? -
e
The intrinsic detector \\ ——————
. . . -
resolution is a blocker ®
'\ _____
\ ——————
- > \— --"
\ _____
\ ______
/ . -""
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An event display for super-res prediction

8 X 8 Layer Total 8 X 8 Layer Truth

0 7 0- 6
B 6% %
o EE ol | - 2
5 > : >
8 = B S 49
© 4 9 G 1 Q
J III B a4 &
| 38 >3
S - S)
61 23 61 123

— 1 —— L
0 2 0 2 4 6
X -axis
32 X 32 Layer Truth 32 X 32 Layer Predicted

5 4 55 5 4 N
z 2 5 > 2
104 4'; 10+ .y
2 e o) ) SUEEs = 4 o
s 15° = g w15° L @
! ] c 1 C
> 1 '3 wl > ] '3 L
204 = 20+ =
1 D) 1 ()
] o : 59
25+ 2o 257 o)
j O ] o

30 | 3O 71

0 10 20 30 0 10 20 30
X -axis X -axis
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The mass distribution

Invariant mass from
reconstructed 4-vectors.

o
1750 -==Truth low-res

—— Truth super-res
—— GNN (Nu+Ch+Noise)
GNN (Nu+Noise)

15001

1 O O O - On the use of neural networks for energy reconstruction in high-granularity

-+ ;
cC calorimeters  JINST 16 (2021) 12, P12036
w N. Akchurin (Texas Tech.), C. Cowden (Texas Tech.), J. Damgov (Texas Tech.), A. Hussain (Texas Tech.), S.

Kunori (Texas Tech.)

——

7 5 O " | How tan AN Hicher Tet Reanlytion
SciPost Phys. 13 (2022) 3, 064

Pierre Baldi', Lukas Blecher?, Anja Butter?, Julian Collado!, Jessica N. Howard?,
P Fabian Keilbach?, Tilman Plehn?, Gregor Kasieczka?, and Daniel Whiteson®

T — —

Higgs and top phvsics reconstruction challenaes and opportunities at FCC-ee
\ Eur.Phys.J.Plus 137 (2022) 1, 39
Patrizia Azzi (INFN, Padua and Padua U.), Loukas Gouskos (CERN), Michele Selvaggi (CERN), Frank Simon (Munich,

Max Planck Inst.)

T —————— e —————————
Test-beam and simulation studies towards RPWELL-based DHCAL o
—_—— . Dan Shaked-Renous (Weizmann Inst.), Fernando Domingues Amaro (Coimbra U.), Purba Bhattacharya (Weizmann Inst.), Amos
O .| ! — . Breskin (Weizmann Inst.), Maximilien Chefdeville (Annecy, LAPP) et al. (Aug 26, 2022) JINST 17 (2022) 12, P12008
T ——— e —

¥ - L]
0 100 200 300 : R r— a—
A high-granularity calorimeter insert based on SiPM-on-tile technology at the

Rec O n St ru Cte d M a S S [ M eV] future Electron-lon Collider Nucl.Instrum.Meth.A 1047 (2023) 167866

Miguel Arratia (UC, Riverside), Kenneth Barish (UC, Riverside), Liam Blanchard (UC, Riverside), Huan Z. Huang (Southern
California U.), Zhongling Ji (Southern California U.) et al. (Aug 10, 2022)
T —

T
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The mass distribution

Invariant mass from
reconstructed 4-vectors.

Let’s think how we can bring this in the collimated object
business.

o
1750 -==Truth low-res

—— Truth super-res
—— GNN (Nu+Ch+Noise)
GNN (Nu+Noise)

15001

1250+

T —
ml ) 1 O O O o On the use of neural networks for energy reconstruction in high-granularity
- calorimeters JINST 16 (2021) 12, P12036
N. Akchurin (Texas Tech.), C. Cowden (Texas Tech.), J. Damgov (Texas Tech.), A. Hussain (Texas Tech.), S.
w Kunori (Texas Tech.)
——
> ——
W 750+ — : .
— How ta (AN Hicher Tet Recnlyution
- SciPost Phys. 13 (2022) 3, 064
Pierre Baldi', Lukas Blecher?, Anja Butter?, Julian Collado!, Jessica N. Howard?,
—

Fabian Keilbach?, Tilman Plehn?, Gregor Kasieczka?, and Daniel Whiteson®
T — —

500+

- Higgs and top phvsics reconstruction challenaes and opportunities at FCC-ee
Eur.Phys.J.Plus 137 (2022) 1, 39

rr
‘ Patrizia Azzi (INFN, Padua and Padua U.), Loukas Gouskos (CERN), Michele Selvaggi (CERN), Frank Simon (Munich,
9 - Max Planck Inst.)
250 amd - R— —
T |
- . . . #13
.:' I Test-beam and simulation studies towards RPWELL-based DHCAL o
—

— — Dan Shaked-Renous (Weizmann Inst.), Fernando Domingues Amaro (Coimbra U.), Purba Bhattacharya (Weizmann Inst.), Amos

Breskin (Weizmann Inst.), Maximilien Chefdeville (Annecy, LAPP) et al. (Aug 26, 2022) JINST 17 (2022) 12, P12008
T ———— —

¥ — x
0 100 200 300 : R r— a—
A high-granularity calorimeter insert based on SiPM-on-tile technology at the

Rec O n St ru Cte d M a S S [ M eV] future Electron-lon Collider Nucl.Instrum.Meth.A 1047 (2023) 167866

Miguel Arratia (UC, Riverside), Kenneth Barish (UC, Riverside), Liam Blanchard (UC, Riverside), Huan Z. Huang (Southern
California U.), Zhongling Ji (Southern California U.) et al. (Aug 10, 2022)
T —

T
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Pion 1dentification within ATLAS

y

Start with a graph G having N nodes with
node-features h; on the i-th node.

h! = &(
hy > y
.S @W \
! .
h2“4' Nt
N @ h
¥, d
h) @ .. ¥ /
1 N‘ ﬁ. /

)
Q; = 0,1y
K; = O,(h)

-~/

Form the query, key and value features using
three MLP.

e’ i
V.e) @ D!
A

o Vi J| @)

“. !
~ei— Z elj"/j

JEN (D)

Perform the node aggregation through sum pooling
and compute the new node features h; .

-
.
-
.
L ]
.
Q.K,.V,
Q.K;.Vy

0,,0,,0;,® has trainable parameters KV

A classification & regression task is tested on ATLAS samples.
The calibrated topocluster cells are used to form images & P.C.

ATL-PHYS-PUB-2020-040

L = (1 — ) Lclassiﬁcation +a LRegression

(b) GNN Model

Q3,.K3,V; ~ (a) GNN Block
Bk \ —
v O~ N
,—-"r‘s. Q.K.,V,
N“ ) V i v Vi Globals (U) |
\V*: | =
® ™ / 5
N‘ 3. / CS
-7 Qu. Ky, Vy 2 \
= \
| I Edges (E) [—1+—>

_F‘.

Global MLP

Node MLP

v
(<]
ydexo pajepdn

)
J

Create edge data using
attention mechanism

N
oD \
v O8N
°
'S LT \A. Q;.K;.V;

3 Dense Layers of
64 Neurons

Dense Layer with
1 output Neuron

Output Neuron

Permutation-Invariant
Aggregation

Graph Concatenation

Globals Concatenation
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P}on 1dentification within ATLAS

ATLAS Simulation Preliminary

Classification of n* vs. 10
Single Pion MC, Topo-clusters

Inl< 0.7
3]
SCA
[0)
o EM
Ol-g 10! Peius
DeepSets/PFN
—— GNN
-+ CNN
100
[%2]
=210
o
2 5
o e L EEL LR —
I
o 8.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
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c 1.020— —
S A —— Transformer
3 i GNN (No edges) ]
= 1.01 5_' e GNIN 7
3 Z N - —= DNN '
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3 1.010ry Single * s~2"1
3 ) Regression Comparison o~/ ]
o I \ - —— 4 b
1.005¢ / < .
1.000¢ \/\%
0.995} :
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0.980 5= 503

100 A0

72
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g l L L l l L L L L l
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T 103 e~
o e
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Ty, . -y
LA ra . - \\
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LIRS LEP . \
] Ll
1 02 = \ - — y §§0
] —~. N |
" \\ ‘\ 1
\ ¢
N S 1
\ ‘- |
101 . All energies \ ',
F o = 50 < ESM, <500 GeV \, %
[ ssnns 10<¢EEM  <50Gev \ "
[ w w1 ¢ EEM <10 GeV \\
— EcI:EI'L\JAster < 1 Gev
100 i i i i 1 i i i i 1 i i 1 i i i i 1 i i i i
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Single n*
Regression Comparison

i

- '1'62 108
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Pjon 1dentification within ATLAS

70 Rejection

—_
o
—

ATLAS Simulation Preliminary

Classification of n* vs. 10
Single Pion MC, Topo-clusters

EM
73clus

DeepSets/PFN

—— GNN
—- CNN

—_
(@)
o

EM
clus
)

Ratio to P

Response Median

1 .OOOE
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0980 ygo———""qor —qz ol

065 070 075 080 085 090 095 100
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1.020—
1.015¢
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1.005¢

= Transformer
GNN (No edges) |
GNN ]
DNN

ATLAS Simulation Preliminary
Single n*
Regression Comparison

Median response with growing particle energy

Truth Particle Energy [GeV]

L} T T 5 ¥ . T T
ATLAS Simulation Preliminary
gk g GNN Classification of n* vs. n®
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N 6 [ ===+ Track Resolution ]
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Electron 1dentification within CMS

CMS Simulation Preliminary
B N .

CMS Simulation Preliminary
s s e s

0 T T =20 A B
s ECALBarrel | 2 | ] .
Wl 1.04f 4 = % ECAL Barrel | d o
] | Suafh : DRN is a dynamic GNN
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Electron 1dentification within CMS

CMS .lSimylgt{Ofv B2 ,fe,”mi?é?fy _ CMS Simulation Preliminary
s s e s
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Super-resolution T

10 ¢

.‘;;.“' e o il

I
N
1

I
N
|
OFR N WA
&

log1o®[dex—1Mpc—3]
|
(@)

log10[Mp/ Mg ]

SR wmodel is capable of generating '
merger histories that are solely dependent on
on time-consistent LR input

MNRAS 000, 000-000 (2022)

Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4



Sanmay Ganguly (II'TK) JET Physics + ML Lecture-4



Tracking & ML 1\ . -:|-:|7L|K

An exponentially large edge finding problem

]

/' //
Metric 2 e Sl LG ® o Connected
Learning \ f B .. “%m Components
or 3 — N\ > .y S = or

MOdUIe T o Cx/“»': €04 | ‘ ;.oa | 5 3 ‘ : ! ‘“2 Cf:::::::teen'dts

Map ° + Walkthrough
Hits Graph Edge Scores Track Candidates
Graph Edge Graph
Construction Labeling Segmentation
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Tracking & ML

150 A

100 4

-150 =100 =50 0 50 100
X [mm]

-1500 -1000 -500 0 500 1000 1500
Z [mm]

v/’ €f) (e

Interaction network

Edge

o — =
block

' = ¢ e, = (e, v. ., v -
e = Pi(er) e = Py(e vy, vy, v =@, ],v)) e = ¢5(e))

vi=|(v) & =pTE)

Edge

block

v}, &) (ef)
Interaction network
Node Edge -
block block } } }

ek - ¢2€ (ek9 vrk9 vsk)

k

vi=q,e,v,) e = py(e,v,, vy
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Tracking & ML : ATLAS

ATL-ITK-PROC-2022-006

'g' 1400 [ T T T T ] 1 > 'g' 1400 _ T T T T T ] 1 >
£ - ATLAS Slmulatlon Prel|m|nary . 0.99 % £ - ATLAS Slmulatlon PreI|m|nary ] 5
~ 1200 | {s=14TeV, tf, (u) = 200, primaries (tf and soft interactions) p,>1GeV ] E ~ 1200 [ Vs =14 TeV, tf, ()= 200, primaries (tf and soft interactions) p,>1GeV ] 0.9 g
[ using Module Map 7 0.98 [} [ using Module Map 7 -g
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- B l . - l i | ! l | 3 s
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200'! Tl riite—iytt 001§ 17 200‘! A I I I B T !”I‘HI—II“'I-H v ripLn ol 1] 0.5
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S - ATLAS Simulation Preliminary B S - ATLAS Simulation Preliminary ]
2 115F - 2 = =
é E Vs = 14 TeV, tf, (u) = 200, primaries (tf and soft interactions) P> 1 GeV E é 1.3 s =14TeV, tf, (u) = 200, primaries (tf and soft interactions) P> 1 GeV N
o — using Module Map ] ()} [ using Module Map ]
C 1.1 — . o 1.2 [ ]
;.g B Matching to truth particles without track fit: ] -,8 : Matching to truth particles without track fit: ]
O 1 05 —  ——4—— Standard matching ] O — ~——4—— Standard matching 7]
E : ——&— Strict matching 4 E 1 . 1 [ ——&— Strict matching ]
g L E g :
§ E’__‘__’__.__’_—’__.— A ’__.__‘__._—0; § 1 ?“009’0—+—_’_ # _
< 0.95 — — Ladday 7
= R 5 09 E
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o https://twiki.cern.ch/twiki/bin/view/CMSPublic/TrackingPOGRun3DeepCoreV2
Tracking & ML : CMS
g .

Tracking efficiency

_ CMS Simulation Preliminary 14 TeV _ CMS Simulation Preliminary 14 TeV CMS Simulation Preliminary 14 TeV CMS Simulation Preliminary 14 TeV
2’| Barrel Pixel Layer 1 Window | | ©'*| Barrel Pixel Layer 2 Window i '©'5| Barrel Pixel Layer 3 Window | s ©'s| Barrel Pixel Layer 4 Window | =%°
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track . 10 10
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Full ML driven PFlow :

Event as input set

I| CMS Simulation Preliminary
tt + PU, /s = 14 TeV
Particle Flow reconstruction

C——

. Charged hadrons -
. Neutral hadrons

HFEM
Electrons

Photons Muons

HFHAD

; CMS Simulation Preliminary
| tt+PU, /s = 14 TeV
Machine-Learned Particle Flow re

HFEM

. Charged hadrons .
- Neutral hadrons

Electrons

Photons Muons

HFHAD

Y=

x; = [type, pr: Egcars Eacars 1> @ Nouters Pouter 9> -+ -
[P]]),p'I‘7E9 na ¢7 q9 see

MLPF

Event as graph Transformed inputs

= {xi} X= {xi}’A =Al] H= {hz}
.: Graph building ‘\I: Message passing
P LK B LSH+KNN s —’-—’ I .
O
o FX|w)=A X, A|lw) = .
Target set Y = { yj} Output set Y’ = {)’ } l

Decoding

elementwise
FFN

u Elementwise loss L(yj, ny)

g B classification & regression B
+—>

], type € {track, cluster}

], PID € {none, charged hadron, neutral hadron, y, e*, u™*}
h. e R256

Trainable neural networks: %, &, 9

® - track, ' - calorimeter cluster, M - encoded element
" - target (predicted) particle, - no target (predicted) particle

MLPF
Eur. Phys. J. C (2021) 81: 381
J. Pata et. al.

PF lepton, hadron, photon = Fpp (track hits + calo cells)
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Combining track + calo for PFlow

[
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]
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o
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— no

o
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Run 3 (14 TeV)
— 1 ]
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oA —+y by
BIERS —+ et t e* .
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L |
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50

' ] L
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l 1
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200
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CMS Simulation Preliminary
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T T

QbD events - ]
A PF

MLPF
arXiv : 2203.00330
J. Pata et. al.

= <
2 109 MLPF 1 200 MLPF |
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What’s the core data structure?

Truth particles

Detector hits + tracks 'E%“é’;‘.f}?&'ﬂ:f

Sanmay Ganguly (II'TK)
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What’s the core data structure?

Nodes
(Tracks, topoclusters)

Truth particles Pflow particles

https:/www.mdpi.com/2072-4292/9/5/506

e Ve e, | e, | &
l,' /” ”\\ /' v 1 O O
\ ! \ 1
\, \\Yl 'l,' v3 . ”\“(//
e Vs, 1 0 0
PNy v, | 1| 1] o
Learl}lng quw is essentlally. .v4 y v, | o 1 1
learning the incidence matrix of IANA ; 5 5 :
Vs e 5
a Hypergraph. \ @ V@ |
\ ; | 0 0 1
——— \ @ 6
\\ 3 V7. !
v, | © 0 1
(a) Simple graph (b) Hypergraph G (¢) Incidence matrix H
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The new networks we tried

Node .
representation Eur. Phys. J. C (2023) 83:596
SG et al
Pooling MLP
— @D — [T h]
Global Cardinality
representation
kinematics
T SPN S A Concatenated g
- e with the global
PFlow initialization Updated PFlow R
(Embedding) representatlon representation W
MLP
—_—
—.
W s  Class
Slot Attention (x3) '
[
1]
Correction to
HG_PF Hyperedges proxy kinematics
Conditional 0O 0O O Proxy kinematics
node (ICs, tracks) O O from nodes
representation and |nC|dence
O 0 Recursive learning @) (Freeze)
= @ > @ 9 = —_—
(x16) Class
O @ k—J [ I
Concatenate B
Nodes (Tracks/TCs) Learned Hyperedges Incidence matrix =
(Pflow objects)
N J g J
Incidence prediction Particle property prediction
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The network flow comparisons

Input set D Object Condensation Outputset R : TruthsetT
cells & tracks message-passing score, position supervised clustering properties I
node encoder
- class
XTI ¥ -
v e > o7>,$<_ [ E truth particles
® 5 A
condensation '
l points E A
. TSPN-SA predicted particles E
! ; topological \
‘9 gy clustering cardinality initial se S
‘o * % . permutation-
—_ N —> —> * — invariant
global * * % * ' matching
rep. =
topoclusters
Z & tracks v node rep. T l
0 Z performance
EE—— metrics
O 0 O cells HGPflow
. properties predicted particles
energy-weighted incidence hyperedges
sum

matrix \ class .
ly, — ﬁ -_— Pt «
o9 7, ¢ —
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Design of the performance metrics

— Efficiency and fake rate

— Classification purity

— Particle angular and momentum resolution
— Jet-level quantities

Che efficiency and fake rate are defined as follows:

Set-to-set matching is done using the
Hungarian distance :

\/ ¢, (Apr/pF"™)? + C,r(AR)

_ N(matched pred) _ N(unmatched pred)
N(targ) = N(pred)
Gluon Jet R Truth
25007 | PPflow
—— HGPflow
2000+ N TSPN-SA
“w o P . modified OC
C 1500 1
)
>
L
10001
500 1
O ! ! ! I-—'_'I'_'. : ;
0 5 10 15 20 25 30
Jet nConstituents
0.351 B —— HGPflow
......... TSPN_SA
0.301 o
————— modified OC
0.25 1
= Il
c
20.15
©
0.101
0.051
0.001
-04 -03 -02 01 O 01 0.2 03 04

Neutral Particles An

arb. unit

arb. unit

0.161
0.14 4
0.12
0.101
0.08 1
0.06 1
0.04 4
0.02 1

0.00

0.20

0.15

0.10

0.05 1

0.00 1

Lyung (A, B) = frnellgl d(a;, b
a; EA

Gluon Jet

ad

PPflow
u=0.0,0=0.17

HGPflow
u=0.0,0=0.12

TSPN-SA

u=0.0,0=0.23

modified OC
u=0.0,0=0.26

0.5 0 0.5 1
. res. Cal. Jet pr

—— HGPflow
TSPN-SA
modified OC

il

0.4 -03 -02 -0.1 O

01 02 0.3 04

Neutral Particles A¢
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Data complexity & sample output

Truth Event Reco Event
cells | (3.0) Dj E :quaor: 1o %itoton X g’itoton
2 —1. : Charged Hadron X Charged Hadron
[10 ] (3.4) - Neit?; Ha:ror? X Nejt?ael Hajror?
1 5 . L4 ECAL2 HCAL2
3.6 I—| | I — 1. X o
tracks - (3.6) P
(5.2) |__ : S : -1.5 X><
Bl
=y <
topoclusters | (0.9) HP—71 0 T e X %
[10*1| (1.1) HI—— -2.1 1.7
1.7 1.8 1.9 1.7 1.8 1.9
n n
graph edges | (2-4) (1]
1103] (2.7) - ECALA1 1.2 HCALA1 008
-1.2 ! | 0.08
hot . (2.4) j : ‘%.j”‘ . 0.07
photons 32) — 15 EH]E# o.sé N 006%
S H% OGE L] O'OSE
0.4) O—— ~1.8 g 0.04 2
nu. hadrons 0.9) [l : 0.4 W 003"
-2.1 0 0.02
, (3.8) 1 0.01
ch. particles -
(5.6) — 0 0
M S S S - — ECAL2 ; HCAL2 0.7
(mean) 0.0 5.0 15.0 20.0 1 | 06
= 2.5
mana 0.5
15 B * 3 o 3
. o i: :] : —| 0-4.%.
HG-PFlow seems to be doing s ﬂﬁ{ o8
a better job among the compared 1
methOdS —2.1 0.5 0.1
1.5 1.8 ’ 1.5 1.8 2.1 2.4
n
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Physics motivated ML: B- taggmg

--------------- »  The causal direction ccccccccccccccccacanaaaa)y

arXiv:1109.6831

b-hadron

~ Agep ~ 107 se

46
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Set2Graph proposal for flavor-tagging

P— —
Input Target Regular Article - Experimental Physics | Open Access | Published: 23 June 2021
Primary [ I .. 8 3 g Secondary vertex finding in jets with neural
vertex N —— an networks
]
S d - olo Jonathan Shlomi ™, Sanmay Ganguly, Eilam Gross, Kyle Cranmer, Yaron Lipman,
CCOrl’z a - _ 010 Hadar Serviansky, Haggai Maron & Nimrod Segol
vertex L [ D
The European Physical Journal C 81, Article number: 540 (2021) | Cite this article
n X ( Jet + track ) Piracks X (ntracks o 1)
tracks © Meatures  features

edges — ——

Edge . _— Partition
classification

Jet
== ~\
{

=

Hldden. Miracks (Miracks — 1) - (n ~1)2
Piracks * Dinput representation Track pairs tracks \"*tracks
’ X d Edge scores
Miracks * @hidden (edges)
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https://link.springer.com/article/10.1140/epjc/s10052-021-09342-y

S4et2

Illlllllll]llllll]lllllll]

del within ATLAS oo

c 10° e
.S [ ATLAS Simulation Preliminary pbidi:  70F LT, A T T T T T
8 [ Y5=13Tev, PFlow jets — N1 ] = ATLAS Simulation Preliminary anz 12
O 10°F tt,20<pr<250 GeV — GN2 o : — i
E T |: eop VS=13TeV :
< 11 90F ] O
Cc;é ‘:\ '“:::: .... :é i i : ..5
10'F — SR 113 40F | Run 3 reco 11500
F—— Lightdets——.___ eSS o | GN1 ] =
o| == brets ' 30 :_ i | 2
° S’T 5 oL i DL1d -1000 fg)
’E E 20 - DL1 ' E : —!
o | : i 1500
. N3 i 34
© - ; 2017 2018 2019 2020 2021 2022 2023
8 f ; Year
< f 9.
) B e it it i il R | i i il e it [
0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 !
C-jet efficiency *
ATLAS Simulation Preliminary
Vs =13 TeV Truth Labels GN1 Prediction @ Truth
. . tt | @ i
Sizable improvement jots e ] K Fredcted
over the current DL1r Truth brjet | RS | O EEEEE @ Pieup
algorithm. pr=i3adGel - © Fake
x ¥ © Primary
pp = 0.995 ég 1 Cjij ] @ FromB
pc=0.005 I ] lllllll-- O FromBC
) ) ) pu = 0.000 ] ]
For a c-tagging working point ] ] Ok O FromC
0 o o o i @ | i @ FromTau
~30%, a significant gain in ] e ] ] O OtherSecondary
Rejection rate is obtained.
Ntrack Ntrack
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

Direct physics application of the taggers

Eur. Phys. J. C (2022) 82:717

ATLAS I = 1o

Vs=13 TeV, 139 fb’! =2
e Expected
VH,H —ct —— Observed

0 lepton

Exp.= 40 x SM
Obs.=35 x SM

1 lepton

Exp.= 60 x SM
Obs.=50 x SM

2 lepton

Exp.=51x SM
Obs.=49 x SM

Combination
Exp.=31x SM
Obs.= 26 x SM

0 20 40 60 80 100
DLI1r based taggers 95% CL limit on M e

cC
Future iteration will use GN2

ATLAS bound : |x.| < 8.5
CMS bound : 1.1< |k, | <5.5

Future direction of tagger improvement:

Explainable taggers on heterogeneous pc
A systematic uncertainty extraction.
How much universal taggers can be
made across topologies?

)

Combined
Expected 7.60
Observed 14.4

Merged-jet
Expected 8.75
Observed 16.9

Resolved-jet

Expected 19.0
Observed 13.9

oL
Expected 12.6
Observed 18.3

1L
Expected 11.5
Observed 19.1

2L
Expected 14.3
Observed 20.4

Phys. Rev. Lett. 131 (2023) 061801
T I T T T T I T T T T I T T T T I T T T 1I3|8I flb:1 I(1|3I IT?\I/)
—e— Observed ~ ----- Median expected

I 68% expected
----- 95% expected

L _

CMS

0 5 10 15 20 25

30 35 40

95% CL limit on w _
VH(H — cT)
(13 TeV)
o F
GC) : CMS DeepAK15
2 - Simulation —— ParticleNet
g 1 §_ anti-k, R =1.5 jets
2 -
8 - P> 300 GeV, Inl <2.4
XB) -
o 107'F -
@® P
m e
102 .’x‘
S e H—cC vs. H—bb
107 — H—ccC vs. V+jets

o ruu{,___

0.2 0.4 0.6 0.8 1
Signal efficiency
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http://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-21-008/
https://link.springer.com/article/10.1140/epjc/s10052-022-10588-3

Some other examples of physics 1njection

Elf;(iv > hep-ph > arXiv:2204.12231

High Energy Physics - Phenomenology

[Submitted on 26 Apr 2022 (v1), last revised 31 Jul 2022 (this ion, v2)]

IRC-safe Graph Autoencoder for unsupervised anomaly detection
Oliver Atkinson, Akanksha Bhardwaj, Christoph Englert, Partha Konar, Vishal S. Ngairangbam, Michael Spannowsky

WM $O) (5,

pg) = w1 @10 (p,

7137“) + W,gN[Z]) (i)(O) (ﬁuﬁs) -

Encoder Decoder
___________ h —_—— e — e — .
An; | | l,,\ f \
Ag; | I L7 : s I |
AR | &-------9 —> | -|——> IRC safe node Loss
- byt 0 | |
Node features | s : ’ . I
— e —_ th —_—— . — . —. —
Latent node representation
i |
g8=) Zha
>
J

1.0

Accuracy

—}— Fully-connected network
-} - Fully-connected network (augmented)
-+{-+ Lorentz Group Network

0.5 - - . .
0.0 0.2 0.4 0.6 0.8

B

1.0

Graph Readout

arXiv:2006.04780 : A Bogatskiy et al

arXiv:2203.06153 : SG et al

)

mg=%0¢@wmd—éW»wwa

hé-l-l hl + ¢

E wmm

JE[N]
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https://arxiv.org/abs/2203.06153
https://arxiv.org/abs/2006.04780

The path we will take

The supervised ML

Generative models

successful venture. O Different paradigms
Basic Motivation

O Tracking & O Few physics cases.

O Why are we doing Calorimetery

ML? O Interpretable ML &

O The Particle-Flow uncertainty estimation.

0 The basic LHC algorithm

operations with
ML.

O Synergies through

eye of ML.
\ The anomaly detection saga
THE ROAD MAP O The outliers & density estimate

0 How to translate this in new
signals?
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Generative models : what are they?

Training data Sampling
(e.g. 64x64x3=12K dims)
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Generative models : what are they?

Training data Sampling
(e.g. 64x64x3=12K dims)

Real
Samples
l | ‘— Learn how to tell apart
Latent ‘ fake data from true data
Space
] Learn data

distribution D O oo

\‘ | Discriminato h d
G x

Generated
Fake
x Samples

Generator

! Fine Tune Training
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Generative models : what are they?

Tra !'V\I'V\.g data Sam p{ {y\g Training data

(e.g. 64x64x3=12K dims) m gm
m | cat

L— Condition ¢

real/fake?
é=dog/ cat?

Discriminator
Classifier

Generator

Latent vector z

min max []Emdit (z) log Dy, (z) + E,p(-) log (1 — Dy, (G()g (z)))]

0, 0Oa
T —
Real
Samples
I ‘— Learn how to tell apart
Latent fake data from true data
Space
= Learn data :
D D , Is D \
distribution { Correct?
\* | Discriminato
G i
—r— :

Generated
Fake
Y\ Samples

Generator

Fine Tune Training
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Generative models : what are they?

Training data
(e.g. 64x64x3=12K dims)

Sampling

va(z) 108 Do, (z) + E, p(2) log (1 — Doy, (Gog (z)))]

Real
Samples

Learn data
distribution

[,

Learn how to tell apart
fake data from true data

D

G

Generator

Generated

Discriminato

Fake

Y\ Samples

Fine Tune Training

...........................................................................

cat |

Training data

maw

I%in Inéa'x LGN (99, 04 )
g d

L— Condition ¢

Generator

Latent vector z

Discriminator

real/fake?
é=dog/ cat?

Classifier

= I%in Inei;l.x [Ec,xNPdm(c,m) log Dy, (¢, z) + E e piaa(c),z~p. (z) 108 (1 — Dy, (c, Go, (c, z)))}
9

P IsD N
.. Correct? -
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Generative models : what are they?

Training data
(e.g. 64x64x3=12K dims)

Sampling

va(z) 108 Do, (z) + E, p(2) log (1 — Doy, (Gog (z)))]

Real
Samples

Fﬁ
Latent

Learn data
distribution

G

Generator

Generated
Fake
Y\ Samples

Learn how to tell apart
fake data from true data

IsD

D

Discriminato

Fine Tune Training

................................................................

cat

Training data

maw

I%in n%)a.x ECGAN (99, 0d)
g d

L— Condition ¢

Generator

Latent vector z

Discriminator

real/fake?
é=dog/ cat?

Classifier

= I%in Inei;l.x [Ec,x~pdam(c,a:) log Dy, (¢, z) + E e piaa(c),z~p. (z) 108 (1 — Dy, (c, Go, (c, z)))}
9

‘. Correct?

http:/www.lherranz.org/2018/08/07/imagetranslation/
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Generative models : what are they?

Tra !'V\I'V\g data Samp [ {y\g Training data

(e.g. 64x64x3=12K dims) _|40g mﬁ QW

cat

real/fake?
é=dog/ cat?

Discriminator
Classifier

L Condition ¢

Generator
Latent vector z

Hbin moa.x EcGAN (99, ad) = I%in Inoa.x []Ec,x,\,pdam(c,z) log ng (c, :E) + ]ECNI,dam(c),szz(z) log (1 - ng (c, Ggg (c, z)))}
g d 9 d

http:/www.lherranz.org/2018/08/07/imagetranslation/

min max [Ewwpdm(m) log Dy, (z) + E,p(;) log (1 — D, (G(?g (z)))}

0y 0a Input <---------ooo Ideally they are/identical. —————————————————— B Recoi:itl:;lcted
Real X R X
Samples
Bottleneck!
" Encod Decoder
S Learn how to tell apart X . ";‘;e' - 1 5!
Latent . fake data from true data
Space
] Learn data \ An compressed low dimensional
el D IsD . representation of the input.
m distribution ¢ Correct?
Discriminato :

G ted :
Generator er;g;aee 5 Z(x f6(9¢ )))2

Y\ Samples

Fine Tune Training
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Generative models : what are they?

Tm{m'ng data Saw\p{ {y\g Trar'm'ng data
(e.g. 64x64x3=12K dims)

cat §

real/fake?
é=dog/ cat?

Discriminator
Classifier

L Condition ¢

Generator

Latent vector z

Hbin moa.x EcGAN (99, ad) = I%in Inaa.x []Ec,xNI,dam(c,z) log ng (c, :I}) + ]ECNPdam(c),Zsz(z) log (1 - ng (c, G()g (c, z)))}
g d 9 d

http:/www.lherranz.org/2018/08/07/imagetranslation/

min max [Ewwpdm(m) log Dy, (z) + E,p(z) log (1 — D, (GGg (z)))}

0y 0a Input <---------ooo Ideally they are identical. ------------------ B Recoi:itl:;lcted
T — ————— ~ ’
Real X R X
Samples
Bottleneck!
' Encod Decoder
_ Learn how to tell apart X . ";‘; o - 1
Latent | . fake data from true data
Space
] Learn data \ An compressed low dimensional
el D IsD - representation of the input.
m distribution ¢ Correct?

Discriminato

__’ G G d ‘ 1 "
Generator er;e[(ate E La=(6 — (4) _ (1)1))2
4 Sa:\p?es AE( ’¢) n ;(x f9(g¢(x )))

Fine Tune Training

ttps:/lilianweng.github.io/posts/
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https://lilianweng.github.io/posts/

Learn the PDF through bijections
1(2o) fi(2zi—1) fit1(2i)
®E () Ok

z ~ m(z),x = f(z),z = f_l(x) pi(2:) :pi—l(fi_ (2:)) |det d;z:

d df !
p(x) = m(s) [det = | = (£~ (x)) |det, 2T  pe1(ae) et

— pz’—l(zi—l)
df;

log p;(z;) = log pi—1(z;—1) — log |det
dz;_1

X =2k = fxko fk_10---0 fi(2o)

d
logp(x) =logmk(zx) = logmx-1(Z2x—1) — log |det T

= logmxg_2(Zx_2) — log |det

= log mo(2o) — Zlog det
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How about create some noise & do 1t?

Use variational lower bound

----------------------------------

N-———’

----------------------------------

Forward diffusion

q(xt|xt_1) = N(xt; \V, 1— /tht—l)ﬁt]:) Q(X1:T|X0) —

Reverse diffusion

po(x0.7) = p(xT) HP()(Xt—1|Xt) Po(Xs—1]%) = N (x¢-15 po(xs, t), Zo(x¢, t))

t=1
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Generative models : the popular species

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Discriminator

Generator

G(2)

Decoder

Po(x|z)

Inverse

Z

* b

x L, Encoder ~
q¢(z]x)

x| Flow I
f(x)

X — X1 X2 g

f~(2)

Fig from : https:/lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Detector simulation using ML

1:1-F
o &

CaloGAN 1705.02355
Michela Paganini, Luke de Oliveira, Benjamin Nachman

>
w

GAN

INPUTS -\OUTPUTS OUTPU-I-S%Concatenation
] e —/ HEl I
' Sca esize Linear .
multiplicati C°mbT“°" real
| : l -
aten [ [ W
1(L4 Ispt:ct: — i o ! LCN.—> ’_V1V13:: J—ﬂ
z = Linear .
l Resize\ . Combination Absolute
A \ l Difference
o Wa, : L
— A ?
g Lo W} N | =
| / energy | \_ !

Generator Discriminator
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https://arxiv.org/search/hep-ex?searchtype=author&query=Paganini,+M
https://arxiv.org/search/hep-ex?searchtype=author&query=de+Oliveira,+L
https://arxiv.org/search/hep-ex?searchtype=author&query=Nachman,+B

Detector simulation using ML

[ > 1% (e 20 — [
8 1 8 11N
N’

5 : poll IR B

- — -': g

2 D @ p > = -] = - Real / Fake
- @ > / L e e
RS — oo

Q, - # SAHE:

o O | [rini0)= 2B ol @0 - 17T+ SEay, ) [DGEDY,
+ L L min L(G) = %]EZNPZ(,)[(D(G(Z)) -17%1.

g DT
i —{ ¢t ——)
E2=

©

EPiC-GAN : SciPost Phys. 15, 130 (2023) Erik Buhmann, Gregor Kasieczka, Jesse Thaler

point-wise noise
©,
) = =

DV (O
out Q
M N § Number of particles randomly
p S . . (- p @ ] samples fr_om re;\udi:tr;buuon
¢ o > o out +‘ g MP(-LFC) Generator V= Rk
> > g
Iz @ Y] > @
¢1n 6 r 6 out
S
- — - — Masks assigned to ﬂrs.t N
Q. O g s
3 LI LI
£ g
O
(@]
Real Particle
o MPGAN :
2305.10475 arXiv:2106.11535

Generated —
Particle Cloud

R. Kansal et al

Jet Diffusion versus JetGPT — Modern Networks for the LHC

MP Discriminator

Anja Butter’?, Nathan Huetsch!, Sofia Palacios Schweitzer?,

Tilman Plehn', Peter Sorrenson®, and Jonas Spinner1
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The major gain
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arXiv : 2109.02551

particles

particle angle ¢
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particles
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A generative model for Particle-flow

Mach. Learn.: Sci. Technol. 4 (2023) 045036

Proton collisions Truth particles, T’ SG et al

-cr— O

O Detector simulation
> o

(H|T)

A

R Reconstructed particles, R Computationally expensive
5 . O /
> <
Reconstruction
> O e p(R|H)

Statistical analysis

R~ p(RIT) = [ aH S(R(H) ~ R)psn(H|T).
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The task of constrained set generation

i Truth particle Encoded particle
qe(R | T) ~ qgl(N R | T)QQZ(R | N R> T) I features T features
0
: oL EE
0 Set
0
i - :
0 Prlor .
T =f(T) \ I Reconstructed i 2GIT) : FastSim
Truth particles MPNN (x4) Updated rep. : particles R’ v . v particles R
T={t} T" = {t} . ) (R
MLP I 9e(z| R, T) D apR|z,T) | ¢
- - i (—
0
) . : C-VAE
4WRIT) Global | |
Cardinality N, [T T T] <«—— @D Truth rep. !
MLP T il B = §H =N = =N = = =N =N =N N =N =N N =N BN = »
o G _/
( q(RlNR9 T’) l ™
Concagenalltid 1F astSim Final FastSim
Noise {¢;} FastSim and global1cp artlcle features
i€ [N, initialization tcatlf, TG]} = {r}
GNN+SA Slot Attention (x3)
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The task of constrained set generation

The ¢VAE training is done by optimizing 2
negative evidence lower bound (ELBO) 4
loss : |
- ap(R|z, T)qp(z|T)
L= —]ET,RE ~ R.T log
z~qe (z|R,T) gE(z|R,T) 3 )
= —ErrE; loggp(R|z,T) + Dx1(qe(zR, T)l|qp(z|T)) g 1=
— 21

For GNN+SA, we try a regular Hungarian loss and also

MMD (maximum mean discrepancy) : 1

MMD? = ]E(xwp,x’rvp) [k(xax,)] + IE(xrvq,x’rvq) [k(xax/)] - 2E(x~q,x’~p) [k(xax/)] 0- -0

0 25 50 75 100
epoch
10714 [ Target = 0.2
1 cVAE L
2 _—

10-2 1 GNN+SA 0 f al
5 5
o, : s 0.1

10-3 0.11 -

1074 0.0 E]i 0.0

) o 2 o 2

4‘3 -0 e °.o o8 8 °.® 4(3 2% 3-8 0-9 30090990 0_g oo -9 0-0 -9 B

= ¢ goes s testes g e tvedey : -3 C = 3 s g :

© ° , © ’

£ % 20 40 60 80 S 0 > S 0 >

Ptrans. [GEV] n ¢
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Generating smooth backgrounds

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2019-29/

Apply

How do we want to learn?

Pap = WX) - pyp(X), X € R4

Can we learn w(x) using a flow method?

% 3500 l L L L I T 1 I LI I l L L L I L L I 1 L I LI L
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To) AN - = | | eweight ata 3
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c = ggF CR1 -
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Major thrust in immediate future : Interpretability

GNN model training and predictions Explaning GNN'’s predictions
“Basketball”

7; = “Basketball” y; = “Sailing”

GNNEXxplainer

N —)
7 P ray,

“Sailing” /—~—==

Interpretability is a key issue and efforts are ongoing to map the NN
explainability to first principle physics intuition
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Interpretability . an example attempt

R(l) Z Z

R(z+1) 3)

where R;l) represent the R-scores of the features of node j at layer [, while the quantity x; A
models the extent to which node j at layer /, with activation x ;, contributes to the relevance of node

k atlayer [ + 1, where A is the adjacency matrix.

MLP layer

Node aggregation layer MLP layer

Figure 1: The flow of R-scores of node 1 across the different layers in MLPFE. For MLP layers, the
redistribution of R-scores follows the standard LRP rules [35,36]. For the aggregation step in the
message passing layer, the redistribution follows Equation 3. We only show three nodes for simplicity.

Feature correlation for
top tagging.

arXiv 2210.04371
Avush Khot, Mark S. Neubauer, Avik Roy
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Explainability for MLPF
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https://arxiv.org/search/hep-ex?searchtype=author&query=Khot,+A
https://arxiv.org/search/hep-ex?searchtype=author&query=Neubauer,+M+S
https://arxiv.org/search/hep-ex?searchtype=author&query=Roy,+A

Major thrust in immediate future : Uncertainty

g

(TL, /87 77 RO)

Reliable uncertainty estimation on ML based predictions are crucial for HEP
Only few Bayesian methods have been tested naively.

Can we decompose and correlate the aleatoric and epistemic uncertainties
with the underlying physics?
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Major thrust in immediate future : Uncertainty

e Gradient Metrices'

e Additional Network
for Uncertainty?

e Distance to Training

Data’

arXiv:2107.03342

e Augmentation
Policies?

e Prior Networks*

e Evidential Neural
Networks®
o Gradient penalties’

e Sub-Ensembles®*
e Batch-Ensembles??

p
e Application of
Variational Inference?®
e Stochastic Variational
Inference’
e Normalizing flows'’
e Monte-Carlo
\ Dropout!!

e Model Pruning?!
e Distillation??

e Original works!? e Diagonal Information

e Stochastic MCMC!?
e Theoretic Advances!*

Matrix "

e Kronecker-
Factorization'®

e Sparse Information

s 17
L Matrix

J

e Random Initialization/
Data Shuffling!®

e Bagging/ Boosting!®

e Single Training Run®
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https://arxiv.org/abs/2107.03342

The path we will take

The supervised ML

Generative models

successful venture. O Different paradigms

Basic Motivation

O Tracking & O Few physics cases.

O Why are we doing Calorimetery

ML? O Interpretable ML &

O The Particle-Flow uncertainty estimation.

0 The basic LHC algorithm

operations with
ML.

O Synergies through

eye of ML.
\ The anomaly detection saga
THE ROAD MAP O The outliers & density estimate

0 How to translate this in new
signals?
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Anomaly detection : the general types

a. Outlier detection (“point anomalies”) b. Overdensity detection (“group anomalies”)
i
T % T |
OUTLIERS _} .
o -3_“.3’? e | . 2% :-;.::..:
) ° ;?4.;’::‘::. i . "::“‘.:
® : oo o l )
"X
@ ® o > E >
: pdata(‘x)
low p(x) high
pbg(x)
Autoencoders Data vs bg test statistic
Farina, Nakai & DS 1808.08992 D’Agnolo et al 1806.02350,1912.12155, 2111.13633
Heimel et al 1808.08979
Cerri et al 1811.10276 Enhanced bump hunts
CWoLa Hunting [Collins, Howe & Nachman 1805.02664, 1902.02634]
Density estimation ANODE [Nachman & DS 2001.04990]
Caron, Hendriks, Verheyen 2106.10164 CATHODE [DS+ Hallin et al 2109.00546, 2210.14924]

CURTAINS [Raine et al 2203.09470]

Slide taken from David Shih
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CWolLa : a weakly supervised method

Mixed Sample 1

feerece)
OOOO®
OOIGIGLE)
OeOO®
GlO]6]616)

Mixed Sample 2

©OOO®

OO0
®@e®®®
©eO®®G
®@eO®O®

0 1
Classifier

oA S N R B E ]
E= a5F ' ATLAS E
-0 FvV ' Vs =13TeV, 139 fb-! 7
[ | i
ke C? 30 | €=0.1,ma =3000 GeV —
73)?: 25F . = Observed =
x - ' --- Expected =
L - | 7
] @ 205 vV Vv w10 .
(g © 15[ . +2 0 —
> - : T 2 -
g)o 10 . I | A Dijet ((p—"T“)<O.4)_:
- A . o' V Diet((&2)>0.4) -
ECIS - ' X Diboson Search
a | | | | ! -
15, (%, (%, 12 12, & (mg,mc) [GeV]

00 00 > 00 00 o

"2, Y, S S, O
%, %,%0 0,0 Y

I _pvmy fips+ (11— fi)p
M1 /M2 — —
pM,  fops+ (1— f2)pB
2
OLs/p Ly, = (F1 — f2)/(feLsyp — f2+ 1)
arXiv:1708.02949
- 40
== 40T | I ]
EZ2 3s5f ! ! " ATLAS E
20 kv VS =13TeV, 139 fo1 ]
o m 30 I €=0.01,ma =3000 GeV—
@ T E arXivi2005.02983 ' e
3?: 25— , = Observed —
x - ' - - - Expected =
L il [ 7
a8 205 vV Vv 10 .
O% 15 | +20 =
3 1oE- . 4 Diet (<§_;"><0.4)_§
@ - A A4 L, V Diet(Z")>04) -
5:____ - ' X Diboson Search -
T % x E
/7, % (mg,mc) [GeV]

fiLsp+ (1 - f1)

/0/

o, (g, (D, 12
0000 %% %
%0, % <0, % Y

) &

* S

~ foLgp+ (11— f2)
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ABCD background estimation with ML

> hep-ph > arXiv:2007.14400 NA)£ — Ne Pr(f Z fC and g Z gC g)
e Npg= N, Pr(f > f. and g < g.[¢)
ABCDisCo: Automating the ABCD Method with Machine Learning

ieczka, Benjamin Nachman, Matthew D. Schwartz, David Shih NCE — Ne PI‘(f < fC aIld g Z gC 6)
No N Npg= Ng Pr(f < f. and g < g.|f),

Npredlcted B,atVC,a

ND d Find a ML driven way to find the variables f & g
Single DisCo

LIf(X)] = Latassitier[f(X), y] + AdCorry_o[f(X), Xo]

Double DisCo

[’[fv g] — ['classiﬁer [f(X)7 y] Lclassiﬁer [g(X)7 y] A dCOI‘I':z:O [f (X)a g(X)]

dCov’[f, g]
dCOV[f f]dCovlg, g]
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Anomaly detection with density estimation

o : S | i . . . . pdata(x )
A | S | o Main goal : find R(z) =
au.4_ : in the signal region, estimating from SB.
. | 2109.00546
‘\N\L Train two NF separately in SR and SB to
THTSS learn pg,,(X|m € SR) and p,(x|m € SB)
-
This is ANODE method. On top of this add
, , > CWoal.a to create CATHODE.
SB ; SR ; SB m

Pdata(z|m € SB) Pdata(z|m € SB)

Pdata (x|m S SR)

= ppg(z|m € SB) = Ppg(z|m € SB)
30 30
= Random = Random
FETA FETA
25 CATHODE 25 CATHODE 2307. 1 1 1 57
CURTAINs CURTAINSs
SALAD SALAD
20 H#  Combined (Events) 20t HHH# Combined (Events)
Nsig = 750 . Combined (Scores) Combined (Scores) — Tisig = 750

S/B = 0.47%

Fully Supervised

Fully Supervised S / B = 047%

[y
Ut

e

------

-------------
--------------

"
......
e

—_
o

-----
------

--------

lllll

------
g

------
----------
ETNISY

Ut

Significance Improvement Characteristic
Significance Improvement Characteristic

\

0.0 02 04 0.6 08 10 @ 101 107 107 107 10°
Signal Efficiency (True Positive Rate) Rejection (1 / False Positive Rate)
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Open datasets for testing your 1dea!

https://zenodo.org/records/3547722
https://lhco2020.github.io/homepage/

LHC Olympics
29 e front view
Calo Challenge
An) Al https://calochallenge.github.io/homepage/

A
CERN Open Data Portal
| About
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https://zenodo.org/records/3547722

An example of next frontiers

https:/pyt-team.github.io/toponetx/

Traditional Discrete Domains General Topological Domains
O
oo o° o
" iy v
O O L’
Simplicial  Cellular Combinatorial

Set Graph complex complex complex Hypergraph
No Pairwise Part-Whole Set-Type

Relation Relations Relations Relations

O :Nodes \ : Edges \ is part of v . not necessarily part of '
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Let’s formulate the questions e

M ML is here to stay with HEP.
M When looked through the lens of ML, what’s are the core questions to answer for these soft signals?
[ Interpretability and uncertainty estimation is a corner stone which we should emphasize.

M The collider community should talk with mathematicians/comp-sc and other branches of natural science
who are using the similar methods and exchange ideas.

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

~-------------------------
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Let’s formulate the questions e

M ML is here to stay with HEP.
M When looked through the lens of ML, what’s are the core questions to answer for these soft signals?
[ Interpretability and uncertainty estimation is a corner stone which we should emphasize.

M The collider community should talk with mathematicians/comp-sc and other branches of natural science
who are using the similar methods and exchange ideas.

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

~-------------------------

THANK YOU
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