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Data representation < NN correspondence
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Object tagging

Particle Net : 1902.08570
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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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Jet images & ML4Jets
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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/

Basic required property : permutation invariance
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Machine learning on sets
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How the P.I. 1s achieved?

Remember the permutation on a set?
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https:/geometricdeeplearning.com/lectures/

The permutation equivariant operation :

© =M+~ (117) for \,v € R.
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Example of deep-sets in HEP  xivisiossies
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https://arxiv.org/abs/1810.05165

What’s the basic criteria of a GNN?

https:/geometricdeeplearning.com/lectures/
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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
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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)
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(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)
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.| Link prediction
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The different flavors of MPN

The three “flavours” of GNN layers
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The general GNN

Attributes

PR (o o
) OEE = B
:"if-s;,:ﬁ»::ir—,«‘,;: [ ] [ ]

arXiv : 1806.01261

Edge block Node block

Global block
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The general GNN
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An example GNN 1n use

https://arxiv.org/pd{/1902.08570
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Object tagging

/ outgoing particles
‘ i "f‘/ l/
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Particle Transformer :

A modern classifier : ParT

Class token
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Particle Transformer :

A modern classifier : ParT

Class token
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A modern classifier : ParT
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Particle Transformer :

A modern classifier : ParT
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tanh d hyperbolic tangent of the transverse impact parameter value v — — —
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Physics motivated ML: B- taggmg

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

arXiv:1109.6831

b-hadron

~ Agep ~ 107 se
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Are all these usetul ?

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

nature > nature communications > articles > article

Article Open access Published: 14 January 2026

Transforming jet flavour tagging at ATLAS

The ATLAS Collaboration S. Ganguly et al

Nature Communications 17, Article number: 541 (2026) | Cite this article
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https://link.springer.com/article/10.1140/epjc/s10052-021-09342-y
https://www.nature.com/articles/s41467-025-65059-6
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Direct physics application of the taggers

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

Phys. Rev. Lett. 131 (2023) 061801
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Same architecture in Heavy Ion

Description

Charged-particle jet transverse momentum
Jet pseudorapidity

Jet azimuthal angle

Jet invariant mass

Description

Track transverse momentum

Track pseudorapidity

Track azimuthal angle

Track charge

Signed transverse impact parameter
Signed longitudinal impact parameter

~ 10°F ' ' ' ' E Jet input
g f —4— _
\2/ _ + 4 PT, jet
10¢ 41,7 E Miet
; | ; ¢jet
16 = Mjet
- AMPT, Pb—Pb |5y = 5.02 TeV - Track input
o _ AR <0.4(jn | <0.5) _ DT
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Centrality ¢
q
Ay
d,
Track origin Description
Background Background particles from AMPT
FromC Charm quark or hadron decay
FromB Beauty quark or hadron decay
Primary Primary vertex except for c¢/b origins

OtherSecondary Secondary vertices except for ¢/b origins

arXiv:2506.22691
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Same architecture in Heavy Ion
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Classification performance at EIC

(o uvs. d jets
P 1.0 —
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Even more grand : GloParT

Final state/
heavy flavour | # of classes
prongness
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Even more grand : GloParT

H—-V\
(full-hadrc

H—>W\
(semi-lept:

H—qc

H—-T11

t—bw
(hadron

t—=bW
(leptoni

QCD

Variable Definition
charged PF candidates
log pr logarithm of the particle py
log E logarithm of the particle energy
A (jet) difference in pseudorapidity between the particle and the jet axis
A¢(jet) difference in azimuthal angle between the particle and the jet axis
7] absolute value of the particle pseudorapidity
q electric charge of the particle
isMuon true if the particle is identified as a muon
isElectron true if the particle is identified as an electron
isChargedHadron true if the particle is identified as a charged hadron

pvAssociationQuality

flag related to the association of the track to the primary vertices

lostInnerHits quality flag of the track related to missing hits on the pixel layers
x%/dof x? value of the trajectory fit normalized to the number of degrees of freedom
qualityMask quality flag of the track
d, longitudinal impact parameter of the track
d,/oy significance of the longitudinal impact parameter
dyy transverse impact parameter of the track
dy,/ %, significance of the transverse impact parameter
Mrel pseudorapidity of the track relative to the jet axis
PTrel Tatio track momentum perpendicular to the jet axis, divided by the magnitude of the track momentum
Ppar,rel Tatio track momentum parallel to the jet axis divided by the magnitude of the track momentum
dsp signed 3D impact parameter of the track
dsp/o3p signed 3D impact parameter significance of the track
trackDistance distance between the track and the jet axis at their point of closest approach
Neutral PF candidates
log pr logarithm of the particles pr
log E logarithm of the particles energy
Az (jet) difference in pseudorapidity between the particle and the jet axis
A¢(jet) difference in azimuthal angle between the particle and the jet axis
7| absolute value of the particle pseudorapidity
isPhoton true if the particle is identified as a photon
isNeutralHadron true if the particle is identified as a neutral hadron
For SVs within the jet cone
log pr logarithm of the SV pr
Mgy invariant mass of the tracks associated with the SV
Ay (jet) difference in pseudorapidity between the SV and the jet axis
Ag(jet) difference in azimuthal angle between the SV and the jet axis
7] absolute value of the SV pseudorapidity
Niracks number of tracks associated with the SV
x%/dof X2 value of the SV fit normalized to the number of degrees of freedom
dyp signed 2D impact parameter (i.e., in the transverse plane) of the SV
dop/ oop signed 2D impact parameter significance of the SV
dsp signed 3D impact parameter of the SV
dsp/03p signed 3D impact parameter significance of the SV

QR QI

Sy RNRQ

4
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Even more grand : GloParT

H—-V\
(full-hadrc

H—>W\
(semi-lept:

One ca

H—qc

H—-T11

t—=bW
(hadron

t—=bW
(leptoni

QCD

Variable Definition
charged PF candidates
log pr logarithm of the particle py
log E logarithm of the particle energy
A (jet) difference in pseudorapidity between the particle and the jet axis
A¢(jet) difference in azimuthal angle between the particle and the jet axis
7] absolute value of the particle pseudorapidity
q electric charge of the particle
isMuon true if the particle is identified as a muon
isElectron true if the particle is identified as an electron
isChargedHadron true if the particle is identified as a charged hadron

pvAssociationQuality flag related to the association of the track to the primary vertices

lostInnerHits

quality flag of the track related to missing hits on the pixel layers

h-de both: ¢lassification & régression

ongitudinal impact parameter of the trac

d,/oy significance of the longitudinal impact parameter
dyy transverse impact parameter of the track
dy,/ %, significance of the transverse impact parameter
Mrel pseudorapidity of the track relative to the jet axis
PTrel Tatio track momentum perpendicular to the jet axis, divided by the magnitude of the track momentum
Ppar,rel Tatio track momentum parallel to the jet axis divided by the magnitude of the track momentum
dsp signed 3D impact parameter of the track
dsp/o3p signed 3D impact parameter significance of the track
trackDistance distance between the track and the jet axis at their point of closest approach
Neutral PF candidates
log pr logarithm of the particles pr
log E logarithm of the particles energy
Az (jet) difference in pseudorapidity between the particle and the jet axis
A¢(jet) difference in azimuthal angle between the particle and the jet axis
7| absolute value of the particle pseudorapidity
isPhoton true if the particle is identified as a photon
isNeutralHadron true if the particle is identified as a neutral hadron
For SVs within the jet cone
log pr logarithm of the SV pr
Mgy invariant mass of the tracks associated with the SV
Ay (jet) difference in pseudorapidity between the SV and the jet axis
Ag(jet) difference in azimuthal angle between the SV and the jet axis
7] absolute value of the SV pseudorapidity
Niracks number of tracks associated with the SV
x%/dof X2 value of the SV fit normalized to the number of degrees of freedom
dyp signed 2D impact parameter (i.e., in the transverse plane) of the SV
dop/ oop signed 2D impact parameter significance of the SV
dsp signed 3D impact parameter of the SV
dsp/03p signed 3D impact parameter significance of the SV
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Particle-Flow
event reconstruction
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Full ML driven PFlow :

Event as input set

= {x;}

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

——

/
7 // .
'/ ;’/ ;,/,/ 7 /

. Charged hadrons - HFEM
. Neutral hadrons *|
. Photons .
. HFHAD

/

Electrons

Muons

e St

CMS Simulation Preliminary

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

Compest

HFEM

. Charged hadrons .
- Neutral hadrons —‘
- Photons .
. 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
H= {hi}

PY Graph building Message passing

|
..._’ 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

[
o
]

[y
o
(o))

Total number of particles / bin

CMS Simulation Preliminary _

Run 3 (14 TeV)
— 1 ]

tt events
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ch.had
n.had
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+ HFEM
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G

Total number of particles / bin

CMS Simuiation Preliminary _

Run 3 (14 TeV)
— 1 ]

_QbD events | PF MLPF
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k‘ n.had n.had MLPF
L [ HFHAD HFHAD -

arXiv : 2203.00330
J. Pata et. al.
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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?

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 hypergraph network

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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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

I ‘— Learn how to tell apart

Latent fake data from true data
Space
] Learn data D -
. , s N
distribution { Correct?
\‘ | Discriminato - a
A
R G ;

Generated
Fake
7y Samples

Generator

! Fine Tune Training
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Generative models : what are they?

Tr aim’ng data Sam p{ !'V\g Training data
(e.g. 64x64x3=12K dims)

maw

cat |

real/fake?
é=dog/ cat?

Discriminator
Classifier

L— Condition ¢

Generator

Latent vector z

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

Real
Samples
' I ‘— Learn how to tell apart
Latent fake data from true data
Space
] Learn data g

distribution D O ooy

f | Discriminato h d

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

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

—H
wo(z)108 Do, () + E,p) log (1 — Dy, (Go, (2)))]
Real
Samples
I &
' — Learn how to tell apart
Latent fake data from true data
Space
] Learn data g
distribution D O oo
f | Discriminato -
G A
Generator Ger;:ul'(aeted .
x Samples
— i FineTuneTraining
Noise
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Generative models : what are they?

TV‘a!'V\l'V\g data Sam }0{ {y\g Training data
(e.g. 64x64x3=12K dims)

maw

cat

real/fake?
é=dog/ cat?

Discriminator
Classifier

L— Condition ¢

Generator

Latent vector z

min max Lecan (04,60q) = min max [Ecompae (c2) 108 Do, (€, &) + B (¢),2~p.(2) 108 (1 — Do, (¢, Gy, (¢, 2)))]
g d 9 d

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

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

Real
Samples

=
. _— Learn how to tell apart

Latent L fake data from true data

Learn data
distribution

G

Generator

p IsD -
‘. Correct?

D

Discriminato

Generated
Fake
A 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
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

Generator

Generated n

Fake

Lan(6,9) = — (< — fo(gy(x))?

i x Samples i=1

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
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

Generator

Generated n

Fake Lr(0, ) = %Z(X(i) — fo(ge(x™)))?

. Samples =

Fine Tune Training

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

Learn the PDF through bijections

/jl(zo) @ fi(zil)/,@fﬂ(zi)
, . RN

z ~ 7(2z),x = f(z),2

dz

p(x) = n(z) |det == | = (/"

x =7k = fx 0 fx_10---

log p(x) = log Tk (2 k)

- 1)

(x)) |det dﬁ:

o f1(2o)

= logmk_1(2zx-1) — log |det

= logmxg_2(Zx_2) — log |det

lOg 0 Z())

Z log |det

dfx

df; !

pi(2z:) = pi—1(f; ' (2;)) |det iz

= pi—1(2i—1) |det

— pz’—l(zi—l)
df;

log p;(z;) = log pi—1(z;—1) — log |det
le 1
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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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31



Generative models : the popular species

GAN: Adversarial < | Discriminator ” Generator -
training D(x) G(z)
VAE: maximize <. Encoder 7 Decoder B
variational lower bound (I¢(Z|x) po(x|z)
Flow-based models: X |—» Flow B Y > Inl/frse | X
Invertible transform of f (x) f(2)
distributions
Diffusion models:. X0 X1 Xo . J z
Gradually add Gaussian - - - - *-------- 0 TR EEE *--------
noise and then reverse
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

GAN

INPUTS

.\OUTPUTS OUTPU-I-S[Concatenation
] T

Combination real

L [ o wxzj:ll /1
= : e

solute
g \ l Difference
Wa, : —
— “A>g?
{ :ne W} /] — :
B! / 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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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

pH|T)
® O \ ?

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) " features T features
0
: vep fl
l Set
I
i : -
0 Prlor .
T =f(T) \ I Reconstructed i 2GIT) : FastSim
Truth particles MPNN (x4) Updated rep. " particles R’ v . v particles R
—_— iy / |
T = {t;} T" = {t} . — (C—
MLP I " 9eZ|R,T) D apR|z,T)|
- - i (—
I
) . : C-VAE
N, |T N -
(AW l Global |
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Sanmay Ganguly (II'TK) ICTS-2026 38



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
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In the direction of interpretation

/
t — by t — bqq H — 4q
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arXiv:2412.03673 A :charged hadron
For leptonic top decay, the attention score is more on lepton. Y- neutral hadron
For hadronic top decay, the attention score is more on subjets equally. o: photon
+: electron
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Fast ML for jets

Compute
Latency

1ns 1 s 1T ms 1s

O(1) kHz

0(100) kHz O(1) MB/evt
— )

< \
0%° 7}7'6 o, Offline

Each collision produces O(103) particles FPGAs

Challenges:

The detectors have O(108) sensors

Exabyte-scale
Extreme data rates of O(100 TB/s)

datasets
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The hard part for fast ML

» Reconstruct all events and reject 98% of them in O(10) us

» Algorithms have to be <1 us and process new events every 25 ns
» Latency necessitates all FPGA design
» Algorithms have to fit on <1 FPGA

» How can we satisfy these constraints?

Latency ~ 10 ps

. L1 TRIGGER ALGORITHMS m
Event 2 . L1 TRIGGER ALGORITHMS FAIL
. L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns

Event 1

Event 3
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The hard part for fast ML

» Codesign: intrinsic development
loop between ML design, training, ,
and implementation |

» Pruning

» Maintain high performance while
removing redundant operations

» Quantization

» Reduce precision from 32-bit
floating point to 16-bit, 8-bit, ...

» Parallelization

» Balance parallelization (how fast) g
with resources needed (how costly) %
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Deploy an ML on FPGA

CMS Phase 2 Simulation Preliminary PU 200 (14 TeV)
: R [ o e e e T e e e e = =
16 x PUPPI Candidates = [ — ¢ (AUC = 0.73) T3, (AUC = 0.93) ]
m 3 h
Pr sorted C M S_ D P_2025_032 o [ = light (AUC = 0.80) — T, (AUC = 0.93) /
ConviD ConviD [®)) | = b (AUC = 0.82) —— Electron (AUC = 0.98)
10 channels 10 channels S L — gluon (AUC = 0.85) Muon (AUC = 1.00)
n
=
G_) _’ pgen/p%lT
vy o
1 S g
o = o} 10~ -
= 3 C n
Z g > L E
) = >
3 o 8 Jet
® —» Classification
scores
10 r
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0.0 0.2 0.4 0.6 0.8 1.0

Signal Efficiency
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Deploy an ML on FPGA

: (O]

16 x PUPPI Candidates —
(9]

storted CMS_DP_2025_032 o - — light (AUC =0.80)  — 1; (AUC = 0.93)
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10 channels 10 channels S - = gluon (AUC =0.85) . Muon (AUC = 1.00)
(2}
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oi=M=Mh{

PU 200 (14 TeV)
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Bl Regression
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HEP and Jet foundation model?

https://blogs.nvidia.com/blog/what-are-foundation-models/

Data

Text I { l

r?‘)/ Images

w’d

S
, ‘P‘ A
ﬁ | Adaptation'

Tasks
Question ’?
% Answering /'
: Sentiment
14’4;' J Analysis
@
c %.k' Information )

- Extraction

Speech/\/\/\/\l\ g 3 Foundation = Image
/4 Model %ﬁ‘; Captioning Q
_ Structured §
S Data
. | ﬁgt Object -
3D Signals 6 gg‘:u : Recognition
& Instruction
%i;i Following .
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HEP and Jet foundation model?

CMS Experiment at the LHC, CERN
Data recorded: 2016-Aug-13 16:51:13.749568 GMT TaSks
Run / Event / LS: 278803 / 465417690 / 259 Data ' /

Q)

\\ 7S
(ISR :
C=z3)| JetTagging
A,
Jet Energy
Correction
Particle-Flow |&
Reconstruction |

>

EM Clusters 35

@ , - WW

Had. Clusters R~ ~ 125GeV
T ~‘: Analysis o

\’ Foundation o

Model A Anomaly

Detection
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Omniyjet - alpha

( o )
y Jet tokenization y %
ﬁl token 1 1.;’1
— s
P2 VQ-VAE token 2 VQ-VAE 5 -
14 o encoder —> —> decoder — >
/ = i) By roken ® B, ./ Jetuw = 7,75 1)
x  Bi=(pr, 7™, ¢™) T pi = (pr, 0™, ¢")
\_ W,
Jet generation Yy
|I Autoregressive next-token generation ‘I -
: : token 1 P1
'l Transformer Next-token ' token 2 VQ-VAE p2
start-token —» | backbone prediction head |, — % —> decoder —> 4
I
\ ' token n R /
B e I)n Jetgl'u — {ﬁlvﬁ?x'-',«ﬁn}
€T — rel ;rel
Pa‘=(PT$7I N )
\_ ),
a )
Yy Jet classification
15 1 token 1
P2 VQ-VAE token 2 Transf .
; —p [ encoder —> —p bar(l:(t())(;r:eer Classification head —Pp  Jet type prediction
o , — token n
Jetoriging = {P1,P2,---:Pn} Pn
T ﬁx’ — (P'l'e nrel‘érél)
\_ J
Mach. Learn.: Sci. Technol. 5 (2024) 035031
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Mach. Learn.: Sci. Technol. 5 (2024) 035031

Omniyjet - alpha

Omnidet-a [1] uses next token prediction as a pre-training task for a jet tagger

Jet = {ﬁl)ﬁ% e 7ﬁn}
pi = (PT, An, Agb) \ Constituents are tokenized with a VQ-VAE [2-4]
> Jet = {start-token, token,,...,token,, end-token}
m /
Self-supervised pre-training of transformer _ _ o
backbone on generative task (next token prediction) Fine-tuning to classification task:
\ Swap model head and use pre-trained backbone

token; = integer value € [1,...,8192]

Autoregressive next-token generation
start-token

start-token token;
Transformer Next-token toienl tokeny Transformer || Classification Jet type
a oken —> — > 0
start-token —p backbone prediction head —> 2 e backbone head predlC“On

token,,
end-token

token,,
end-token
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Mach. Learn.: Sci. Technol. 5 (2024) 035031

Omniyjet - alpha

Omnidet-a [1] uses next token prediction as a pre-training task for a jet tagger

Jet = {ﬁl)ﬁ% e 7ﬁn}
pi = (PT, An, Agb) \ Constituents are tokenized with a VQ-VAE [2-4]
> Jet = {start-token, token,,...,token,, end-token}
m /
Self-supervised pre-training of transformer _ _ o
backbone on generative task (next token prediction) Fine-tuning to classification task:
\ Swap model head and use pre-trained backbone

token; = integer value € [1,...,8192]

Autoregressive next-token generation
start-token

start-token token;
Transformer Next-token toienl tokeny Transformer || Classification Jet type
a oken —> — > 0
start-token —p backbone prediction head —> 2 e backbone head predlC“On

token,,
voken,, end-token
end-token
1.0 - Omnijet-a transfer learning Omnijet-a transfer learning
0.9 - >
0.9 - > '
= o
-)
< o 0.8 -
<
0.8 - —e— Fine-tuning —e— Fine-tuning
Fine-tuning Fine-tuning
(backbone fixed) 0.7 - (backbone fixed)
0.7 —e— From scratch —e— From scratch
102 103 104 10° 10° 107 103 104 10° 10°
Number of training jets Number of training jets
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[Let’s have more fun with ML + Jets

Image: FermilLab

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.

[ Future collider program will depend heavily on all the ML methods we discussed + future R&D.

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 have more fun with ML + Jets

Image: FermilLab

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.

[ Future collider program will depend heavily on all the ML methods we discussed + future R&D.

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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The annual HEP-

STATISTICAL METHODS AND MACHINE LEARNING
IN HIGH ENERGY PHYSICS '

Today, High Energy Physics (HEP) researchiis at a crossroads.

While the Large Hadron Collider (LHC) keeps accumulating data to
establish the Standard Model on a solid footing, compelling theoretical
underpinnings point to the existence of new physics at higher energy
scales. In the future, the High Luminosity LHC will precisely measure the
properties of the Higgs boson, using a few thousand petabytes of data.
Many other precision experiments in HEP are under construction or
going to start soon. Hence, the future course of the field will be largely
data-driven.

Machine Learning techniques will be heavily employed in analyzing this
humongous data for possible hints of new physics. Already, remarkable
progress has been achieved in developing different classification,
identification, characterization; and estimation strategies for use.in the
searches performed-at LHC.

The primary purpose of this meeting is humian resol elopment 2 X

and capacity buildirig in frameworks related to deep machine learning
and artificial intelligence for HEP. The programme will begin with a set of
pedagogical lectures, tu and hands-on coding sessions to bring

- the introductory group of participarits (mostly. students and post-does) -

is workshop to be thé first of a , bringing |

together different experts on a common platform to exchange ideas,
start joint projecfs. and develop a cooperative training program for
young professionals in this field:

ML4HEP V3 Important Dates Registration Pre-School Main School

ML4HEP V3

ORGAN‘I ZERS

Sunanda Banerjee University of Wi
SatyakiBhattacharya  SINPnd

Indumathi D IMSc, India

Bhawna Gomber University of Hyderabad,India
Partha Konar PRL India

Aruna Kumar Nayak 0P8 India

Ritesh Kumar Singh IISER Kolkata, India

DATE
28 August 2023- 8 S‘eptember 2023

VENUE

Ramanujan Lecture Hall and online

CONTACTUS

ml4hep@icts.rés.in +

PRbGRAM LINK -

ML4HEP

1078 2024

ML4HEP 2024

Today, Artificial Intelligence and Machine Learning techniques
have wide applications. The application of machine learning
techniques is gaining momentum in the research field of high
energy physics (HEP) and astroparticle physics. The experiments
at large hadron collider (LHC) as well as several other collider-
based and astroparticle experiments are accumulating large
amounts of data for the precision measurement of parameters of
the Standard Model of particle physics and to search for exis-
tence of beyond Standard Model physics at higher energy scale
for which there are compelling theoretical and experimental rea-
sons. In the future, the high luminosity LHC is expected to deliver
ten times more data than what is available till date. Already, re-
markable progress has been achieved in the application of ma-
chine learning in HEP, in terms of developing event classification,
object identification, and estimation strategies. ML methods are
eexpected to be heavily employed in future data analysis.

The primary objective of this school-cum-workshop is develop-
ment of human resources and capacity building in frameworks
related to deep machine learning and artificial intelligence for
high energy and astroparticle physics. The programme consists
of two parts: a preschool (online) to prepare the students and an
in-person school-cum-workshop. The programme will begin with
a set of pedagogical lectures, tutorials and hands-on coding
sessions to train the introductory group of participants (mostly
students and post-docs). The second part will be a working-
group style workshop, with well-spaced brainstorming sessions
seeding possible collaborative activities.

We invite applications from interested students and post-docs in
the area of high energy physics and astroparticle physics. The
senior (faculty) participants for the workshop will be on invitation
only.

The previous workshop in this series was held at ICTS, Bengalu-
ru: J

Topics

Statistical methods for particle physics:
Basics of statistics, error propagation, density functions, point
estimation, chi-square and likelihood method, interval estima-
tion, hypothesis testing, goodness of fit.

Python,

Basics of Neural Network, Deep Learning, Convolutional Neural
Network (CNN)

Keras/Tensorflow and PyTorch

Sequential models (RNN, LSTM, GRU), Autoencoders, Variational
Autoencoders (VAE) Generative Adversarial Networks (GANSs),
Graph neural networks (GNNs), transformers etc. with ap-
plications in HEP

Differential programming

Deploying NN onto an FPGA

Committes  Sp

Local Organisers

Aruna Kumar Nayak, Debottam Das, Kirtiman Ghosh,

Manimala Mitra, Sanjib Kumar Agarwalla

National Advisory
Satyaki Bhattacharya SINP, Kolkata
Partha Konar, PRL, Ahmedabad
Ritesh Singh IISER, Kolkata

‘Sanmay Ganguly IIT, Kanpur

Date
1 July 2024 - 13th July 2024

Venue

Institute of Physics Bhubaneswar and Online

Contact Us

mihep@iopb.res.in

Website
in/mi4hep/index.ph|

Speakers
‘Subir Sarkar (SINP, Kolkata)
Satyaki Bhattacharya (SINP, Kolkata)
Partha Konar (PRL, Ahmedabad)
Ritesh Singh (IISER, Kolkata)
‘Sanmay Ganguly (IIT, Kanpur)
Rajdeep Chatterjee (TIFR, Mumbai)
‘Swagata Mukherijee (IIT, Kanpur)
Amit Chakraborty (SRM Amaravati)
Shilpi Jain (TIFR, Mumbai)
Tanmay Modak (IISER, Berhampur)
Vishal Ngairangbam (Durham)

ML schools

Machine Learning for Particle and Astroparticle Physics

This year the venue is TIFR, Mumbai

IISER Kolkata

School and workshop on Statistical Methods and Deep Machine Learning in High Energy Physics

and Astrophysics
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