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The collider experimental program
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The CERN accelerator complex
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alternating

LHC - Large Hadron Collider // SPS - Super Proton Synchrotron // PS - Proton Synchrotron // AD - Antiproton Decelerator // CLEAR - CERN Linear !
gradientsynchrotron

Electron Accelerator for Research // AWAKE - Advanced WAKefield Experiment // ISOLDE - Isotope Separator OnlLine // REX/HIE-ISOLDE - Radioactive
EXperiment/High Intensity and Energy ISOLDE // MEDICIS // LEIR - Low Energy lon Ring // LINAC - LINear ACcelerator //
n_TOF - Neutrons Time Of Flight // HiRadMat - High-Radiation to Materials // Neutrino Platform

https://cds.cern.ch/images/CERN-GRAPHICS-2022-001-1 https://cerncourier.com/wp-content/uploads/2021/09/CCUSASupp21_EIC_fig1.jpg
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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, ) = L({0})
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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.
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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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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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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.
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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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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.
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Looking the problem through ML lens

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

Uncertainty Interpretability
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the data is drawn. e.g. VAE p(s-enriched)/p(s-depleted) many NP signals. labeled data. ’
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We have time for a coffee together
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There will be a decade of overlap
between LHC and EIC.

The probe of strong interaction

program will have overlapping physics

goals.

Through the ML lens the formulation

of the problems will be closer.

Critical
Decisions

https:/www.b

FY26  FY27 FY28 FY29

nl.gov/displays/images/slides/eic-table/SCH

FY30 FY3l  FY32 FY33 FY34

ED_Bullet1.png

Research &

Development

Accelerator
Systems

Detector

Infrastructure

Accelerator
Systems

Detector

Construction
& Installation

Infrastfucture [—J Conventional Construction l

v/ /7]

- - T T T
Acc: -’ngﬁg ’—‘—l Procurement, Fabrication, Installation & Test

Full RF Power Buildout

T T T T T
Detector ’—‘—l Procurement, Fabrication, Installation & Test
- T T T T

Commissioning
& Pre-Ops

(A) Actual - Completed l:l Planned

Level O
Milestones

Data
Date

Critical
Path

V Schedule
ﬂ Contingency

Sanmay Ganguly (II'TK)

QEICIII-2024



Sanmay Ganguly (II'TK) QEICIII-2024



Calorimetry + ML early

J Cogan et-al JHEP 02 (2015) 118
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A 3-D view

8 X 8 Low Res detector

The networks in general have good
noise removal abilities.

Towards a computer vision particle flow

Francesco Armando Di Bello, Sanmay Ganguly &, Eilam Gross, Marumi Kado, Michael

Pitt, Lorenzo Santi & Jonathan Shlomi

The European Physical Journal C 81, Article number: 107 (2021) \ Cite this article
1341 Accesses \ 13 Citations \ 11 Altmetric | Metrics
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When do intrinsic

calorimeter sizes

are limiting factors ?

Unmerged
hadronic top

Partially merged
hadronic top
(W jet + b jet)

Fully merged

m_}

" hadronic top jet

1”//@, + pT
< 200 GeV 200 - 350 GeV > 350 GeV
How to identify two or more % _____________
articles if they all land-upin | | """ __.e-7T
p y p S

the same cell ?

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

Sanmay Ganguly (II'TK) QEICIII-2024



The mass distribution

Invariant mass from
reconstructed 4-vectors.
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N. Akchurin (Texas Tech.), C. Cowden (Texas Tech.), J. Damgov (Texas Tech.), A. Hussain (Texas Tech.), S.
Kunori (Texas Tech.)
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Pion 1dentification within ATLAS

y
A classification & regression task is tested on ATLAS samples.
The calibrated topocluster cells are used to form images & P.C.
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P}on 1dentification within ATLAS

ATLAS Simulation Preliminary
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Pjon 1dentification within ATLAS
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Electron 1dentification within CMS

CMS Simulation Preliminary
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Electron 1dentification within CMS

CMS Simulation Preliminary
B N .
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Tracking & ML 1\ . -:|-:|7L|K

An exponentially large edge finding problem
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Map ° + Walkthrough
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Graph Edge Graph
Construction Labeling Segmentation
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Tracking & ML
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Tracking & ML : ATLAS
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o https://twiki.cern.ch/twiki/bin/view/CMSPublic/TrackingPOGRun3DeepCoreV2
Tracking & ML : CMS
g .
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Full ML driven PFlow :

Event as input set

= {x;}

I| CMS Simulation Preliminary
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Particle Flow reconstruction
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e St

CMS Simulation Preliminary

tt + PU, /s = 14 TeV
Machine-Learned Particle Flow re

Compest

HFEM

. Charged hadrons .
- Neutral hadrons —‘
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. HFHAD

Electrons

Muons

Jj

Target set Y = {y;}

x; = [type, pr: Egcars Eacars 1> @ Nouters Pouter 9> -+ -
= [PIDapT,E9n,¢7q9 ce

g B classification & regression B

MLPF

Event as graph
X={x},A= Aij

Transformed inputs
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PY Graph building Message passing
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..._’ SSHHEN ﬁ‘\r:_’-_’ .I

.' FX|w)=A CX,Alw) = .

Output set Y’ = {y } l

Decoding

elementwise
FFN

u Elementwise loss L(yj, yjf)

+—>

], 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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What’s the core data structure?

Truth particles Detector hits + tracks 'E%“:;‘,f}{&';’{:f
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What’s the core data structure?

Truth particles

Nodes
(Tracks, topoclusters)

/@\ Pflow particles
N 7
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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 Output set R Truth set T
cells & tracks message-passing score, position supervised clustering properties
node encoder
_ class
XTI Y, -
/T , > o7>y$<_ [ E truth particles
o A
condensation '
l points i A
- TSPN_SA predicted particles E
~E topological \
‘\‘o ' clustering cardinality initial set 5
\\\\\ * % . permutation-
—_— N —> —_— . — invariant
global * * % * * ; matching
rep. =
topoclusters
vy &dtracks v node rep. T l
¢
0 Z . performance
> " metrics
0 O cells HGPflow E
0 energy-weighted - cidence hyperedges properties predicted particles
sum :
u matrix \ class .
Iai . > Pt «
o© n, ¢ —
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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 B qark N ‘Ii?:oton §;ﬁoton
[102] (3.4) - . gluon -1.2 =" Charged Hadron X Charged Hadron
Neutral Hadron X Neutral Hadron
1 5 . L4 ECAL2 HCAL2
3.6 ] I — 1. X o
tracks - (3.6) P
(5.2) |__ : S : -1.5 %
' X
topoclusters | (0.9) HIl T e Y N SO s e | X
[10*1| (1.1) HI—— -2.1 1.7
1.7 1.8 1.9 2 1.7 1.8 1.9
graph edges | (2.4) (1] n n
[10%]| (2.7) 1] ECAL1 12  HCAL1 o
-1.2 ! | 0.08
hot . (2.4) j : ‘%.j”‘ . 0.07
photons 32) — 15 EH{:L 0-3?; ] 006§
S H% OGE L] O'OSE
adrone] 04 EF——— ~1.8 2 0.04 9
nu. hadrons 0.9) [l : 0.4 0.03
-2.1 0 0.02
, (3.8) 1 0.01
ch. particles -
(5.6) — 0 0
— N I S S ECAL2 HCAL2 0.7
(mean) 0.0 5.0 15.0 20.0 ’
-1.2 | 0.6
o 2.5
m 0.5
-1 : 3 o 3
. o s = ] B
HG-PFlow seems to be doing s i Ls 8 035
a better job among the compared 1
methOdS —2.1 0.5 0.1
1.5 1.8 2.1 24 1.5 1.8 2.1 2.4
n
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Data complexity & sample output

1 quark

BN gluon —-1.2

—-1.5

-1.8

-2.1

Jets and HF Working Group Meeting

Thursday Jul 13,2023, 3:00 PM — 5:00 PM Us/Eastern

Description

cells| (3.0 —{T1 ’
[10%2]| (3.4) | T} |
(3.6) I
tracks
(5.2) +—
topoclusters | (0.9) HIF——
[10*1| (1.1) HI——
graph edges | (2.4) —{11 l
[10%1| 2.7) — Il |
(2.4)
photons -
(3.2)
had 0.4 [}——
nu. hadrons -
(0.9) [
. (3.8) I
ch. particles -
(5.6)
(mean) O.IO | 5:0 |

HG-PFlow seems to
a better job among
methods

— 3:05PM

— 3:45PM

- 4.05PM

- 4:25PM

— 4:45PM

Join ZoomGov Meeting

https://bnl.zoomgov.com/j/1603663395?pwd=RHpSY2RXSGNXL2J3V2VXZ2Q1ZmNXUT09

ECALA1

Meeting ID: 160 366 3395 Bring ML to this from early days

Passcode: 289483

https://bnl.zoomgov.com/rec/share/_ipKVOvIU6ryhT300GcVG-0tglQSDVzzwEtjdcfl0463s_xFGA6ZAiqWjSpGrh8B.HkWh2zEx-56wj8KU

Passcode: 6rts%D.v

Introduction

Particle Flow in CMS

Speakers: Brian Page (Brookhaven National Laboratory), Olga Evdokimov (uic)

PFCMS_MAN_2307...

PF implementation survey
Speaker: Derek Anderson (lowa S

EpicParticleFlow_S...

PF experience @ sPHENIX

Speaker: Antonio Carlos Oliveira da Silva (lowa State University)

ParticleFlow_ePIC_...

Benchmark Discussion

Speakers: Brian Page (Brookhaven National Laboratory), Olga Evdokimov (uic)

n

Truth Event

Jet

Photon

Charged Hadron
Neutral Hadron

Reco Event

3 Jet

X Photon

X Charged Hadron
X Neutral Hadron

ECAL2 HCAL2 L1
-1.4
1.5 %
| >< 1
S-
[ |
X o
X X
-1.7
1.7 1.8 1.9 2 1.7 1.8 1.9
n n
1.2 HCALA1
0.09
1 0.08
n 0.07
O'BE :| 0.06%
0.6 > |:| 0.05 5.
o 2
L%) o.o4§
0.4 0.03
0.02
0.2
0.01
0 0
HCAL2 0.7
3
| 0.6
2.5
0.5
2 3 i o
9, —| 0.4 9,
15 & ‘ &
T o 0.3 &
C cC
[1N] L
1 0.2
0.5 0.1
0 0

1.5 1.8

2.1 2.4
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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

-u=-l track hits

Detector

10 "m

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

etc. etc.

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

Object tagging

Particle Net : 1902.08570
Huilin Qu, Loukas Gouskos

~

Linear transformations ¢ - c{’-c® - c® Aggregation over k nearest neighbours Output features

f* Building block (

Input features Edge features

T -C ........................... C(")—2C ............ y B R g ST . : n (3) 3\ e e ( 3) .......................... ..

¢ (dimension G, ; fu_ s = 2 Cpis PP fis fis i . new features (dimension ) ¢ (dimension C0) H
- : : : G point size DE

o ol B B0 E o B o o e Dot T D

, o . o
O o e tructure the data, and *° **ssceeccccecscesecscscucssssassecacscetaasesanansssansecanssstansasannnasannsasannasaannnans®
double the feature dim:

%, = (% —3;)

EdgeConv block (k (C), C2, C)) J

Input coordinates

o Architecture

- s ~
._--E‘!".Q.;Q.N.I.\.I...........C.‘ ..... ;.2. ........ fGIobaI average poohna Fu”y
JEE— i ons - : q
i Input f / =t C’ 13- C] connecte
features‘:?i ﬁl ------- ﬁﬁl® EdgeConv EdgeConv \ (256) Output
O S S S Concat)—»| LI LT 5 | - | dropout p=0.1 |__3).@)» .
Input (16, (64, 64, 64)) (16, (256, 256, 256)) 1T3-O

\ 4

(on dimension C) |_ 1 - -
i e SO -0
I dbo C =256
................ 2

> J \ )

i coordinates

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

Object tagging

/ outgoing particles
o, |

See talk by Felix Ringer for ML based EIC

jet tagging

2400 A ® LLF taggers .PELICAN LorentzNet : k.
HLF taggers ® >~ e Z
2000 - N v’
SN S S, w2
ParticleNet ParT P uQ\Q zZ ?
1600 A ® [ proton beams '/
)
o Disco-FFS on EFPs  ParticleNet-lite X 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
" Tor T Tor Ao | ]
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 ) (Tinear ) (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 = Xiass X
ParT-f.t. 0.944 0.9877 691 + 15 2766 + 130 (b) Particle Attention Block (¢) Class Attention Block
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Anatomy of heavy-quark hadronization

--------------- »  The causal direction

arXiv:1109.6831

b-hadron
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Set2Graph proposal for flavor-tagging

—7 4—
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
RS} F ATLAS Simulation Preliminary pbidi:  70F LT, A T T T T T
8 [ Vs=13TeV,PFlowjets — N1 ] - ATLAS Simulation Preliminary 2500
O 10°L tf, 20 < pr< 250 GeV — GN2 4 60: VS =13 TeV GN2
O i - i
S 1 [ FHE — 0 I
3 . 1 : tt jets, ey =70% 12000
S - 11 90 ] O
(0] “~o . Ne) L , i wfd
o . b L i i O
1015 SR 1:9Q 40F i Run 3 reco 11500 .%
F—— Lightdets——.___ eSS ot i GN1 ] =
o| == brets ' 30 :_ i | 2
3 %) DL J1o00 £
. 20F o DLir 1 5
o : : i 1500
TR i |
. N3 i 34
© - : 2017 2018 2019 2020 2021 2022 2023
8 f ; Year
< f 9.
) B e it it i il R | T,
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 S A S @ FromB
pc=0.005 = - = lllllll-- O FromBC
. . . pu = 0.000 ] ]
For a c-tagging working point ] ] Ok O FromC
0/ . .f. t o o i o] | i @ FromTau
~ 30%, a significant gain in ] [® ] | O OtherSscondary
Rejection rate is obtained.
Ntrack Ntrack
Sanmay Ganguly (II'TK) QEICIII-2024 35


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
N LT T Expected
VH, H—cC —— 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

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

DLI1r bz.lsed t.agger.s 95% CL limit on Mo o5% CLimiton v, _
Future iteration will use GN2 (13 TeV)
> ~
3 g
_5 R CMS DeepAK15
ATLAS bound : |x,| < 8.5 S [ Simulation - PartileNet
g 1 §_ anti-k, R =1.5 jets
CMS bound:1.1< |x.|<S5.5 S [ p,>300GeV, <24
(@)
5 |
o 107'F ’
@ = e
m S
Future direction of tagger improvement: : o
102
Explainable taggers on heterogeneous pc
A systematic uncertainty extraction. A H-cC vs. H-bb
How much universal taggers can be 10°F — Hcevs. Vijets
ies? E L T T T T RS T R T
made across topologies? : == = 5= 53 1
Signal efficiency
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Detector simulation using ML

1:1-F
o &

CaloGAN 1705.02355
Michela Paganini, Luke de Oliveira, Benjamin Nachman

GAN

INPUTS

.\OUTPUTS OUTPU-I-S%Concatenation
—/ I T

Combination real

L [ o wxzj:ll /1
= : e

solute
f \ l Difference
m ng T L
!.u. —> / LA>e?
| g S g —— A reco. \ [y
| / 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

rrgnL(G) = %Ez~pz(z)[(D(G(z)) - 1)2]

D E |

P J—

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

— Sm—
a (P1 > ¢F - . 2 . Pin o s
e £ — ~
-'é > = ¢p > SR I R - 8 > Real / Fake
£ (P > ¢ @ 2 in > >, =
P ) p HOS T — o6
O : e
o O | Kot = 55enpy ol 171+ 2B, [ (OGP,
Ll LLl
> S
),

global
attributes
O,
\ 4

J

? i > out 8 —
2 ou [}
) =
c ﬁ M 3 Number of particles randomly
(0] p — samples from real distribution S ‘%
0 ¢' + L ---’--- P p UC) N=Zmasks O@ L
2 1n () o out S MP(-LFC) Generator W
L@ S S Ere ¢ =) ==
o . —>— - - Mediate oot
1n Satyreg
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oints, sorted in point
q) & & ) . eature s BCCp yg
§ - LU
— . - .> -
s G4 (%
° 5/
o ?
- J
Message Passing
Real Particle
Cloud ~ M PGAN :
L arXiv : 2106.11535
Particle Cloud R. Kansal et al
MP Discriminator

Sanmay Ganguly (II'TK) QEICIII-2024 39


https://arxiv.org/search/hep-ph?searchtype=author&query=Buhmann,+E
https://arxiv.org/search/hep-ph?searchtype=author&query=Kasieczka,+G
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The major gain
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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| ) ) QE(Z|R7T) >\3- A
= —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
MMD2 — IE(xrvp,x’rvp) [k(xax,)] + IE(xrvq,x’rvq) [k(xax/)] - 2IE(xrvq,x’rvp) [k(xax/)] 0- -0
0 25 50 75 100
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10714 [ Target = 0.2
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5 5
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= ¢ goelgdidesesssgatre tveted < . : -3 s < 3 3 s-o-g s
© © .. © ’
£ % 20 40 60 80 S 0 > S 0 >
¢

Ptrans. [GEV] n
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Major thrust in immediate future : Interpretability

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

y; = “Basketball” y; = “Sailing”

T Rayy

“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.
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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

Differential programming in HEP

calorimeter
geometry

calorimeter
technology

optimization

RECO
algorithm

procedure

e ™~
f * b JE(NAAc i Third MODE Workshop on
‘ Differentiable

M\ 1S Programming for
MODE @ hep ‘N’ Experiment Design

- ~ propagator to calorimeter physics signal Y = Princeton University
reference calorimeter J [ FE response ] [ RECO \ 7\ APPEC Ee )
signal sample i -
- Y, / \ Q
reference
background calorimeter calorimeter quality
___sample SIM response RECO metrics
beam &
bench tests
le-22 e*te -Higgs—ZZ-4l le—23 enerate >t t7, t > b udsc udscx , t~ > b~ udsc udscx
g pp
2.50 - M2 output madjax generated_ttbar
2 25 i High Energy Physics - Phenomenology
" . [Submitted on 28 Feb 2022]
-0.2 2. Evaluation: Differentiable Matrix Elements with MadJax
2 00 - . . Lukas Heinrich, Michael Kagan
' import madjax
~ 175 - —0.4 & mj = madjax.MadJax('generated_ttbar')
s _06 2 E_cm = 14000 #GeV
Ng 1.50 - ' N process = 'Matrix_1_gg ttx_t_budx_tx_bxdux'
o _08 " matrix_element = mj.matrix_element (E_cm,process)
1.25 A
L 1.0 parameters = ('mass',6): 173.0 #set top mass
1.00 1 phasespace_coords = [0.1]*14 #1/D phasespace
0.75 - —1.2
' val, grad = matrix_element (parameters,phasespace_coords)
80 100 120 140 grad[('mass', 6)] #gradient wrt top mass
MZ (GEV)
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Symmetry equivariant networks

arXiv:2203.06153 : SG et al

Invariance Equivariance
f(pg(x)) = f(x) fpg(x)) = pg (f(x))

pg (f (X))
Y () Y )

Sanmay Ganguly (II'TK) QEICIII-2024


https://arxiv.org/abs/2203.06153

Symmetry equivariant networks

Accuracy

—}— Fully-connected network

-+{-- Lorentz Group Network

-}~ Fully-connected network (augmented)

1.0

hé-l-l hl + QS

0.5 - - ' |
0.0 0.2 0.4 0.6 0.8
B
il!‘ 103--‘-
" ";‘ ..... LGN t
4 ‘:.i‘\“\‘::i'-. ~7- P-CAN :
107 13k —-- PFN
B
-,:_\ ‘_\,:, ------ ParticleNet
ale :"‘-\':‘L\'-:"‘ \ x ResNeXt s
5 e = 1EGHN s 10"
o 103/ RNARRNN, —— LorentzNet IS
L o)
bt —
5 e
c C
3 3
5 102 %
Aé 10 % 101_
S (O
S m
101 4
0

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Signal efficiency €5

..... LGN

- P-CNN

PFN
ParticleNet
ResNeXt
EGNN
LorentzNet

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Signal efficiency €5

arXiv:2006.04780 : A Bogatskiy et al

arXiv:2203.06153 : SG et al

= . (hé,hg,¢<||xé - x§-||2>,¢<<xi,x§>>)

E wmm

JE[N]

LG equivariant GNN :
arXiv 2201.08187
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https://arxiv.org/abs/2203.06153
https://arxiv.org/abs/2006.04780

ML on FPGA

arXiv : 1804.06913

Keras

TensorFlow
PyTorch

"o
0
eee .
0
0
.
.
)
N

compressed

model HLS
conversion

Usual machine learning
software workflow

his 4 ml

it

Co-processing kernel

Custom firmware
design

tune configuration

m I T T T I T T T I T T T I T T T I T T T I T T T I T T T I
A a precision
= 6~ — reuse/pipeline
5~ -
I - . AUC
r = Architecture Constituents Parameters FLOPs  Accuracy
L q w Z t
4— LT - MLP 26,826 53,162 64.6+0.1% 0.84 0.88 0.90 0.88 0.92
r aerV * 2402.01876 - DS 8 3,461 36,805 64.0+0.3% 0.84 0.88 0.90 0.88 0.92
: : IN 3,347 37,232 64.9+02% 0.84 0.88 0.91 0.89 0.92
L . MLP 20,245 40,485 68.4+0.3% 0.87 0.89 091 0.90 0.94
3 — MLP _ ps 16 3,461 71,109 69.440.2% 0.87 0.89 0.93 0.92 0.94
- - IN 3,347 140,432 70.8+0.2% 0.88 0.90 0.94 0.92 0.94
i DS ° MLP 24,101 48,197 66.2+0.2% 0.90 0.89 0.89 0.88 0.94
: DS 32 3,461 139,717 75.94+0.1% 0.91 0.91 0.96 0.95 0.95
o - [N _ IN 7,400 109,556 75.8+0.3% 0.91 091 0.96 0.95 0.95
I I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 I 1 1 1 Ij
2 4 6 8 10 12 14 16
bitwidth
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Take away

M ML is here to stay with HEP.
' When looked through the lens of ML, LHC and EIC are not that far.

M Interpretability and uncertainty estimations are two key aspects where
we the HEP-ML people need to emphasize.

M Need to keep a close connection with the comp-sc/math community with the latest developments and
contribute if possible.

M Symmetry equivariance and geometric DL methods might play a key role in this field.

M Didn’t want to talk about an elephant entering the room : QML ( but should track it ).

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

~-------------------------
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Take away

M ML is here to stay with HEP.
' When looked through the lens of ML, LHC and EIC are not that far.

M Interpretability and uncertainty estimations are two key aspects where
we the HEP-ML people need to emphasize.

M Need to keep a close connection with the comp-sc/math community with the latest developments and
contribute if possible.

M Symmetry equivariance and geometric DL methods might play a key role in this field.

M Didn’t want to talk about an elephant entering the room : QML ( but should track it ).

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

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

THANK YOU
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The general worktlow

2301
Inference

Encoder

Updated cell

Cell features representation Conditional

MPNN (x4) Conditional

node (cell, tracks) node (TC, tracks)
representation

Node (cell, track)
representatlon representation
Sum cell representations e~
D
Updated track belonging to the -
Track features representatlon same TC
J

MLP
IIII-———»IIIIII
Additional step for

TSPN-SA, and Hypergraph
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The COCOA

Mach. Learn.: Sci. Technol. 4 035042

https:/cocoa-hep.readthedocs.io/en/latest/

Generation
PYTHIA T = {1y...15.}

\ 4

true particlesi

[ )

Simulation

GEANT4 H=1{h,...h
- J {0 NH}

cell energiesl

a )
Digitization
noise only D = {d,...dy }
w

.

Track emulation
F=qgvXB
+ smearing

!

[Topo-clustering]

SNR:4.6-2-0

tr?jectc:ri;asd clustered cells :
tgxc;?(g:i)rﬁe?er l l v
Graph creation Jet clustering
COnfigurable CalOrimeter simulation for Al nearest neighbors FastJet
edge lists topocluster true-
M A complete hermetic geometry with full GEANT simulation. -, - : : oS || Rartcle
> utpu —
MPYTHIA-8 based ME/PS & Hadronization > ROOT, hdf5 —
geometry, event files
MFASTJET integration is inbuilt. l l .....................
Event display : :
M Comes with an ATLAS style pPFlow. Phoenix ML algorithms :
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Event construction using NN

+

g i ‘H<t o717 = 22. 5+ 4 (stat) T +4 6 2 (syst) fb=22.5" + fb.
* > t 1 t
OO0 ——<——¢ «—i Eur. Phys. J. C 83 (2023) 496
Operators | Expected C;/A? [TeV 2] Observed C;/A? [TeV ~2] 8 ZI I,¢I\:r|l_|,¢\lsII S ; E)Ialtgl o I;;{Itfl o IE
Op0 [-2.4,3.0] [3.5,4.1] 2 10°E s =13 TeV, 140 o [ItEW Wtz =
0}, [-2.5, 2.0] [-3.5, 3.0] 2 [ SR M ttH JQmisiD 3
Oy, [-1.1, 1.3] 17, 1.9] © [ Postfi EMat Conv. [HFe -
0}, [-4.2, 4.8] [-6.2, 6.9] L = MLowm,. WHFp 3
u [ Others [ttt ]
— o T T T T —~ 102 72 Uncertainty ----Pre-Fit_;
B [ ATLAS — 68%CL(Obs.) 1 _|g & E
= [ Vs=13TeV, 140" —95% CL(Obs) ] _|g 51 i
E 2 B ttH parametrised - --68% CL (Exp.) - 7 ' 10
= - - -95% CL (Exp.) - 2
1.5 X SM + 160 :
L + Best Fit 1 15 -
- 4 = | | =
. 3 5 E!!!!,!!!!,!!!!,!!!!,!!!!,"!"!-!!,!!!!,!!!!,!!!!
- O 21
J 42 £ =t T E—
§ R 1 STEL &y SR WA I O K
: 1 E 07 ;_ -5 9’9//‘)‘ y';( fs*ﬁ/t/‘#ﬁ/f »#ﬁ%////‘*//# *///i&/ﬁ////&//
Loy 1] 0 (© O: ............................................
2 2.5 QO 01 02 03 04 05 06 07 08 09 1
| ; cos(at)| GNN score
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