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Outline

] This is a summary about areas where we apply ML in
collider physics.

[J This seminar is not about what is GNN/GAN

] The emphasis will be on latest architectures and SOTA
performances ( biased with CMS/ATLAS results )

] Will also have some discussion on open data which is
crucial for HEP-ML R&D
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The LHC data tlow-chain

ML can play a role at every

% Had. cal.

instance of this flow chain.
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Monte-Carlo modelling using ML
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ML based ME + PS
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Generative models in MC

EFT parameter fitting using Madminer
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PS + Hadronization with M

Ndo/dp?T

MC /Data

Phys.Lett.B 829 (2022) 137055
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Overall shape normalization from Hadronization can
be generated by generative models.
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The LHC data tlow-chain

ML can play a role at every

% Had. cal.

instance of this flow chain.
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Detector simulation using ML
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Detector simulation using ML
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The major gain
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The latest architectures
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The LHC data tlow-chain

ML can play a role at every

% Had. cal.

instance of this flow chain.
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Improving trigger using ML

1 kHz
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/7/ -
A 4 40 MHz ge‘ AA¢ e Offline
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J. Duarte et al 2018 JINST 13 P07027

» L1 Trigger (hardware: FPGAS)
- O(ps) hard latency. Typically coarse selection, BDT used for muon p; assignment

 HLT (software: CPUSs)

- O(100 ms) soft latency. More complex algorithms (full detector information
available), some BDTs and DNNs used hl
s 4 ml

« Offline (software: CPUSs)
- > 1 s latencies. Full event reconstruction, bulk of machine learning usage in CMS

Original slide
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https://indico.cern.ch/event/797510/contributions/3313676/attachments/1795772/2927344/irishep_dsr_hls4ml_13feb2019.pdf

Example of muon trigger
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https://iopscience.iop.org/article/10.1088/1748-0221/18/06/P06012/pdf

The LHC data tlow-chain

ML can play a role at every

% Had. cal.

instance of this flow chain.
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Tracking & ML 1\ . -:|-:|7L|K

An exponentially large edge finding problem
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Tracking & ML
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Tracking & ML
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= 1400 — —T — T T T 1 > 1400 C — — 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_ > 1 GeV ] § = 1200 [ fs=14TeV, ff, () = 200, primaries (tf and soft interactions) p_ > 1 GeV ] 09 3
L . T ; 0.98 & L . T - (o))
| using Module Map _ () | using Module Map | ho]
1000 _— FYI TV SCTRFRE] CRVT L TRRT VT TFTE T VYTV AV VERTIEWFT e SrE e —_ 097 g 1000 _— - PA Y AR A A A R T R P i A —_ 0 8 i’
- — e} - — . ()]
- | [ 10 —09 ¢ -0 S T o
800__ T TCI PR O LR TTNCE N ORI ETE PR e ] o) 800__ | I P ! R PTRTTUITE W PSS W N DI T e ! o : | Z
. | l 10095 = SEEEEE [E;'; 1 107 §
600 __ ST T T T T MY TR T T ] 0.94 % 600 __ l i % i i LR P i e B A L BT U R i £ i E | ]
400 :— TR L AL R T LT A A | i ! —: 0.93 400 :— ! i ! ! S AMMRALACIL - ® % T R R | ! I ! | —: 0.6
O S e 1092 EERIRREL “'r'}'iii'h—ﬁiﬁ'-.'l'“ AR AEE X
Ze i I I R RN T ) —y Y TI RN NN NN A 20007 3 0 0T R IR TRERE 4 PP e 1§ 4§ AEIRRR DR T 0§ T '
e R R AT = e
L R
_S00" 2000 1000 0 1000 2000 3000 °-° 8000 2000 =1000 0 1000 2000 3000 04
Z [mm] Z [mm]
55 1 .2 B I L | I LI | LI LI | | L I I L | L I | L LI _] 5 1 .4 _I LI | L I LI I L | L | L I L I L LI I_
S - ATLAS Simulation Preliminary B S - ATLAS Simulation Preliminary ]
2 1.15F 3 0 - =
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
()] — using Module Map T ()] [ 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]
g E ——&— Strict matching E g 1 . 1 n ——&— Strict matching ]
7] = . 7] N .
c 1 L ——t——— b —— b —,— e — ] c [ R ]
§ o —— V——————— " § 1?.0.,’0,4_—0— ' ]
< 0.95} — = » .
% A~ a A A AT A A N . % 0.9 }‘Nﬁh .
Yy p— £ s T ‘ :
z f R z 08¢ E
Z 0.85F = z - -
- ] 0.7 —
0 8 B 1 1 1 1 | 1 1 1 1 | 11 11 | | 1 1 | 1 11 1 | 1 1 1 | 1 1 1 | 11 1 1 ] I | [ 1 1 1 1 I 1 1 1 1 | | I I | | 1 1 1 1 | 1 1 1 1 I 1 1 1 1 | 1 1 1 1 | | I I | | L1 11—
=4 -3 -2 -1 0 1 2 3 4 O 10 20 30 40 50 60 70 80 90 100
n P, [GeV]
Sanmay Ganguly (II'T-Kanpur) ICHEPAP-2023 19



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

Run 3 (14 TeV)
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J. Phys.: Conf. Ser. 2438,

012100 (2023)
J. Pata et. al.
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Attempt for higher order correlation

Eur. Phys. J. C (2023) 83:596

Node
representation
S.G. et al
Pooling MLP
— @D — [1TT1T]
Global Cardinality
representation
kinematics
T SPN S A Concatenated
PFlow initialization :2;2;2;?;2?: Updated PFlow L g
(Embedding) representation \)
MLP
o
—.
W s  Class
Slot Attention (x3) '
[ B
1]
Correction to
HG_PF Hyperedges proxy kinematics
Conditional N Proxy kinematics
node (ICs, tracks) O from nodes
representation and |nC|dence
O Recursive learnin
g (Freeze)
= @ o > @ ® =
(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,
0 — o7>,$<_ [ truth particles
® A
condensation
l points A
.. TSPN_SA predicted particles
’ ~E topological \
‘\‘o ' clustering cardinality initial set 5
Nty * % . permutation-
s N — —_ = — invariant
global * * % * * ; matching
rep. =
topoclusters
v &tracks v node rep. T l
¢
0 Z performance
EE—— metrics
O O cells HGPflow
0 energy-weighted - cidence hyperedges properties predicted particles
sum :
matrix \ class o
Iai . > Pt «
o© 7, ¢ —
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Comparison of the three networks

Gluon Jet - Truth
2500 1 | PPflow
—— HGPflow
2000 1 e TSPN-SA
w T modified OC
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Object tagging
Particle Net : 1902.08570

~

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

f* Building block (

Input features Edge features
e, e e R— etribas s o e S PR 7 —
; [ V=2, s 4G G G ) new features (dimension C9)

oo . B H o iHH | i | gyl — . Blre N
S = % e .~ ;::Elg—'; = ’1’%1'@* = Q\-@* = P;::;Ql-@"g’f“‘% S 7 T = %

N\ Lessremrmmmssssseenereeaa ..
2 i i (3) 3
: (dimension C[r: ) s

> .
e RO FBE)  ERE0  EDer |2
F )2 P
point size : point size point size point m y
............................................. e ieideiassesedsesassaransasunsassasansansssaransasannanaan  restructure the data, and P S N J e etnsssssssssssasssssssnannnnannnnnnnnannnn®
double the feature dim:

%~ (%= %)

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

Input coordinates

o Architecture

(oo )

1D CN .
._-..C:l."....;g....l.\.l...........C.‘ ..... ;.2. ........ fGIobaI average poohna Fu”y

JRE— . = s d
: Input f f o —H c’ 11 C] connecte
H Admmm A R b
: features‘:?i ﬁl vvvvvvv . ﬁﬁl 2 EdgeConv EdgeConv \ (256) Output
= S S Gy D T L s faoeieot sl 27

Input (16, (64, 64, 64)) (16, (256, 256, 256)) 1O

\ 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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Object tagging

outgoing particles
e L
—— ParticleNet 2
o H n
Top tagging landscape : ;reil'\' ')':'t O\ ,
— - esNe \.\'\.\.\.\ .y A \\\‘ ’,‘, /”
10% 1902.09914 PEN b\ 4 =
—— CNN G toy K/ ~: < w 2
CO111510Nn po1n 4 &,
——— NSub(8) et b \\4 X
LBN proton beams
e e N N S N BT LR NSub(6) : t 9
c P-CNN An
£ 10%; - Lola !
g)—). —-= EFN C collision event )—»Cjet reconstruction)—)( jet tagging )
-; : nsub+m
§ —— EFP L blocks Class token i
. A
= . —== TopoDNN ~ s
% ) e ~. S . _:S: Particle Particle Particle Clas.s Clas.s
L‘g 107 - . L N Particles =>»| 3 Attention Attention | = === = -. Attention Att(lantll?n Attclantll?n
'E XO Block X1 Block XL_1 Block e Ll
% A A
g
Interactions —>» § v _J @) . —_—
&) (a) Particle Transformer  Particle Transformer :
101 - ’
2202.03772 "o
00 01 02 03 04 05 0.6 07 08 09 1.0
Signal efficiency &5
Accuracy AUC Rejs5q0 Rejsq0
P-CNN 0.930 0.9803 201 +4 759 + 24
PFN — 0.9819 247+ 3 888 £ 17
ParticleNet 0.940 0.9858 3977 1615 4+ 93
JEDI-net (w/ > O) 0.930 0.9807 — 774.6 MHA
PCT 0.940 0.9855 392+ 7 1533 + 101 1
LGN 0.929 0.964 — 435 4+ 95 LN
rPCN — 0.9845 364+9 1642 + 93 . J
LorentzNet 0.942 0.9868 498 +18 21954+ 173 M
ParT 0.940 09858 413 +16 1602 + 81 -1 Xy xL
ParticleNet-f.t. 0942 09866 487+9  1771+80 . . o .
ParT-fi. 0.944 09877 691 +15 2766+ 130 (b) Particle Attention Block (c) Class Attention Block
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Set2Graph proposal for flavor-tagging

Input
Primary [ 0
vertex ! [ B
N ——

Secondary| [ T
vertex - [
jet track
X +
Pusacks * (features T features’

Miracks X

d.

mput

Target

O.l
o ©
(==} Be)
o ©

Miracks X (ntracks o 1)
edges

Hidden
representation

Miracks X dhidden

Regular Article - Experimental Physics | Open Access | Published: 23 June 2021

Secondary vertex finding in jets with neural
networks

Jonathan Shlomi ™, Sanmay Ganguly, Eilam Gross, Kyle Cranmer, Yaron Lipman,

Hadar Serviansky, Haggai Maron & Nimrod Segol

The European Physical Journal C 81, Article number: 540 (2021) | Cite this article

e —

Edge . — Partition
classification

~\

0

=

Miracks (ntracks. o 1)
Track pairs

(edges)

Piracks (ntracks —1)/2
Edge scores

—7 4—
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https://link.springer.com/article/10.1140/epjc/s10052-021-09342-y
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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
N LT T Expected
VH, H—cC —— Observed
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Exp.= 40 x SM
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Phys. Rev. Lett. 131 (2023) 061801
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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

The LHC data tlow-chain

ML can play a role at every

% Had. cal.

instance of this flow chain.
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Event construction using NN
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NN’s are handy for searching NP
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Anomaly detection using NN
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Future Directions
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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

Ak I+1
R(_l) — LjAj R( +1)
! ; Zm wmAmk : (3)

where Rg-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 at layer [ + 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.

Explainability for MLPF

Neur IPS 2021. F. Mokhtar, R. Kansal et al
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Differential programming in HEP

-
reference

~

signal sample
o _J

calorimeter
geometry

propagator to
calorimeter

calorimeter

technology

FE response

calorimeter ]

optimization

procedure

4 ™

RECO | * b JENAA ~~~  Third MODE Workshop on \
algorithm ‘ Differentiable

(" D) iris Programming for
MODE @ hep ‘N’ Experiment Design

thSiCS S|gna| \/ APPL, \ Princeton University

\ 2 W 24-26 July, 2023 |

:
/

\

reference \ /
ba;:grg];qrolund [ calorimeter J [ calorimeter J quality
q ple  J SIM response RECO metrics
beam &
bench tests
le-22 ete -Higgs—~ZZ-4l le-23 generate pp >t t~, t > b udsc udscx , t~ > b~ udsc udscx
2.50 - — MJ? output madjax generated_ttbar -
2.25-
-0.2 2. Evaluation: Differentiable Matrix Elements with MadJax
2.00 - . . Lukas Heinrich, Michael Kagan
import madjax
~ 1.75 - —0.4 > mj = madjax.MadJax('generated_ttbar')
§, 062 E_cm = 14000 #GeV
S 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
- 1.0 parameters = ('mass',6): 173.0 #set top mass
1.00 1 phasespace_coords = [0.1]*14 #1/D phasespace
- —1.2
0.751 val, grad = matrix_element (parameters,phasespace_coords)
80 100 120 140 N grad[('mass', 6)] #gradient wrt top mass
Mz (GeV)
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Open data for ML R&D at colliders

Track-ML challenge :
https://sites.google.com/site/trackmlparticle/home

Calo-ML challenge :
https:/sites.google.com/site/trackmlparticle/home

front view https://github.com/rkansal47/JetNet

JetN /

3d view

A¢ |
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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

Track emulation
F=qgvXB
+ smearing

true particlesi

-

.

Simulation
GEANT4 H = {hgy...hy }
- H

cell energiesl

r

.

Digitization
noise only D = {dy...dy,}
w

!

[Topo-clustering]

SNR:4.6-2-0

extrapolated
to calorimeter

trajectories l clustered cells
l ¢

Graph creation

"

Jet clustering

COnfigurable CalOrimeter simulation for AI nearest "eig:b":s FastJet
A complete hermetic geometry with full GEANT simulation. ji ™ Ou:pUt topocf]ii :ri;:fti-cle
>
MPYTHIA-8 based ME/PS & Hadronization > ROOT, hd£5 —
MFASTJET integration is inbuilt. oeare, event es | l ..................... _
M Comes with an ATLAS style pPFlow. Evigiedrilsiglay ML algorithms
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Take away

M ML is here to stay with HEP.
['We can’t blindly do a plug & play of the available NN.

[ 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-s¢/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 Many important application of ML are happening in hep-lat and hep-th community as well
( See talk by P. Konar )

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

'
i
. https:/iris-hep.org/ :

Sanmay Ganguly (II'T-Kanpur) ICHEPAP-2023

40



