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ML already helping particle physics significantly: Jet tagging using transforrmers
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Quantum coherence vs Machine learning

Hadolon collider events are the result multiple particles interaction with

Color coherence, factorization, spin correlation, and entanglements.

How they affect training results?

Event generators

(O Hard Interaction
® Resonance Decays

B MECs, Matching & Merging
W FSR
W |SR*
QED
o Weak Showers

B Hard Onium
(O Multiparton Interactions

[0 Beam Remnants*

Strings

& Ministrings / Clusters
Colour Reconnections
String Interactions

Bose-Einstein & Fermi-Dirac
M Primary Hadrons
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In one way or another, this is how events are
modelled in all event generators.




Jet structures

quark and gluon jet Heavy particle decay
quark

Higgs. Z, W 3) ® |3%)

anti-quark

Parton shower

(angular ordering and pT ordering)

High pT H, Z, top
is important for BSM study
and they maybe highly boosted




Particle Theory in Deeplearning Era

'High scale physics QCD multiple interactions
connecting BSM to events
A i A
e == Madgraph: Automatic Amplitude calculation in NLO level
g BED correctith QCD aware definition of jets(fastjet)
T
i Matrix element and Parton shower matching
é Matching MLM, CKKW — 2007 Madgraph Sherpa
E angular order, pT order —Dipole shower
- ( Parton with NNLL correction. (Panscale:-*)
shower

Hadronisation : : :
Deep Learning require the theory applicable to
soft particles in the events.




Comparison to LEP data
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y23 (Durham)
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Colour is handled using the NODS scheme which gives full colour
accuracy at NLL for global observables (includes those shown)
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NNLL Parton Showers

Inclusion of NNLL potentially
resolves the issue of needing
an anomalously large value of
as(myz) to achieve good
agreement with LEP data.
(as(mz) = 0.137 in Pythia’s

Monash 13 tune *

arxiv:1404.5630, Skands, Carrazza,

Rojo )

Some caution needed as no
3-jet NLO matchine. which is

known to. be relevg PanScale shower reproducing

from the 2-jet regis

a(m,) at last!

A comprehensive study of
shower uncertainties is still to

be done.

BOOST 2024

https://gsalam.web.cern.ch/

panscales/
15 /30
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Attention 2
matrix

QKT

"PARTICLE TRANSFORMER” FOR JET IDENTIFICATION
d

QK"
Vg

Attention(Q, K, V') = softmax( )L

SETUP
- n( particles in the jet) x d(features)

- _n x n Attention matrix from Key K and

2 V Query Q
- Multiply Value V to get n x d output
- stack attention layers for X — X’—>X":--
Wy, with skip connection
£ . X =X 1R oX=A YV

jet constituents ) xd (features)




Particle Features for jet classification

Particle momentum

charge,particle ID

isplaced vertex

Category Variable Definition
An difference 1in pseudorapidity 1) between the particle and the jet axis
Ao difference in azimuthal angle ¢ between the particle and the jet axis
log pr logarithm of the particle’s transverse momentum pr
Kinematics log I/ logarithm of the particle’s energy
log pT]é.Tet) logarithm of the particle’s pr relative to the jet pr
log EGen) logarithm of the particle’s energy relative to the jet energy
AR angular separation between the particle and the jet axis (1/(An)2 + (A¢)2)
charge electric charge of the particle
Electron 1if the particle 1s an electron (| pid|==11)
Particle Muon if the particle 1s an muon (| pid|==13)
1dentification Photen if the particle 1s an photon (pid==22)
Ei if the particle 1s an charged hadron (| pid|==211 or 321 or 2212)
NH if the particle 1s an neutral hadron (| pid|==130 or 2112 or 0)
tanh d hyperbolic tangent of the transverse impact parameter value
Trajectory tanh d, hyperbolic tangent of the longitudinal impact parameter value
displacement g error of the measured transverse impact parameter
o4 error of the measured longitudinal impact parameter




0. INTERPRETATION

What type ot feature contributing to classification?




HL feature+MLP vs Transformer
Amon Furuichi, Sung Hak Lim, Mihoko M. Nojiri JHEP 07 (2024) 1406 JHEP 0/7(2025) 111

pt distribution of particles

Jet spectrum Subjet
two point Energy N Localized sampling
correlation momentum and counting
(unlocalized sampling ) for various angular sccale
= EFP with N=2 : R=0.1, 0.2, 0.3
52 ab(R) d:ef :>:pT,ipT]5(R Rzg)
1€a j€b

Minkowski Functionals

geometry of jet cosntituent
distribution with various energy
threshold




QCD jet (dijet) rejectrion tfactors for 50% top jet efficiency

Pythia(8.308 simple Herwig (7.2)
shower default

MLP using all HLF 85.7 61.3

el | 90.5 H 62.6

for 500GeV<PT<600GeV and 150 GeV<m|j<200GeV

The simulation dependence coming from modeling difference( parton shower and hadronization )

Accurate parton shower(dipole +NNLL) modeling will help to settle the difference?




GENERATOR COMPARISON USING ML

Amon Furuichi, Sung Hak Lim, Mihoko M. Nojiri JHEP 07 (2024) 1406 JHEP 0/7(2025) 111

Transtformer MLP(Analysis Model)
Gen 1 * Particles # High level variable
Gen 2 * Particles # High level variable

sgen(x)

Seen(X): generator classitier estimated probability ~ w =
output ratio ksos 40

Transformer: no human bias, but poor training stablity-MLP using highlevel input : stable prediction,
good for subtle generator comparison




AL(FDp) = (

goodness of the reweighiting of selected >3 point EFP distributions

NL(FD,,[HW; w)

NL (FDn|PY)

top jets (QCD-like s < 0.2)
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2. RESTRICTIVE TRANSFORMERS

TRANSFORMER USING
PRYSICS STRUCTURE




A. TRANSFORMER FOR PARTON SHOWER X HADRONIZATION
“Ahmed Hammad, & MN arXiv 2404 14677 JHEP 06 (2024) 176

- Hard Process = Partons(quarks and gluons) {y]}

. ajet: P(hadrons in jets | parton ~ jet ) = P({x.} | {y})

. Jet with substructure P{x}|{y,})

subjet

é radius R < radius R1<R

subjet

We need the network forcusing on partons(subjets/jets) vs hadrons




ATTENTION —CROSS Attention for P(h| subjets) estimation

Direct transformer networks to calculate attention between subjet vs particles

input X skip connection X=X+ O
Particles
) “ I multinead cross attention b o0
% ‘I I _# Q & Global MAX
i }I I MLP mixer i
. . —MLP
B | (Extract global information) ZW = A0y

Subijets (V, K)~ parton information




THE PERFORMANCE FOR TOP VS QCD CLASSIFICATION

Accuracy AUC 1/eg(es =0.5) 1/eg(es =0.3) Parameters

Lorentz invariance based networks

PELICAN|35] 0.9426 0.987 — 2080 & ) 208K
LorentzNet|70] 0.942 0.9868 498 + 18 2195~ 1 73 224K
L-GATr|71] 0.942 0.9870 540 + 20 2240 £ 70 —
Attention based networks

ParT|49 0.940 0.9858 413 + 6 1602 £+ &1 2.14M
MIParT 50| 0.942 0.9868 505 £+ 8 2010 £ 97 720.9K
Mixer|21] 0.940 0.9859 416 + 5 — 86.03K
OmnilLearn|72] 0.942 0.9872 H68 £ 9 2647 + 192 1.6M
Plain Transformer® 0.927 0.979 2062 F 7 780 £+ 73 1.7TM
IA Former*® 0.942 0.987 510 = 6 2012 + 30 211K

This shows “Simulated data” is build from parton->hadron picture




MLP MIXER CAN BE VERY SIMPLE

Skip-connections Skip-connections Mixer Layer :

particles l

MLP 2 JLP

feature

z ol o —( MLP | = MLP2 |—»
5 O % S| ¢

S Q < —("MLP 1 /T Z MLP 2

5 S Tat MLP1 )} » = | {™Mrp2

> PR, © N IR

= D S — (MLP 1 = MLP 2

— 7 | MLP>

MLP 1 : operate on features

MLP 2: operate on particles




B. GLOBAL EVENT ANALYSIS AND CROSS ATTENTION

X ) H H Phys. Rev. Lett. 132 (2024) 2313801
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Cross attention for 2 fatjet events

: . . : - v Hammad, Moretti, MN JHEP 03, 2024
jet constituent information IR b

gives extra weight to the . -
corresponding jets though
backward propagation

step 2 :multihead cross attention

transform jet kin by
cross Att. [substracture]x [jet kin]

CROSS ATTENTION

step 1 : multihead self attention

ADD [substructure ]x[substructure]
- o et kin]x [jet kin]
We canreplace  Transformer  Transformer
transformer to Transformer
“mixer+subjet” 1st Leading 2nd leading |
network i jet Jet

kinematics
k. >




IMPROVEMENT USING CROSS ATTENTION

factor 5 improvement at the same acceptance.

LOTTZ—"AuC (Jets only (Self—attentlon)) /A | AT
S —— AUC (Kinematics only (self-attention))= 91.6%
= U8 AUC (Jets+Kinematics (self-attention))=95.0% /[
; AUC (Jets+Kinematics (cross-attention))=,98.8%
T e e s e
= :
2= i
= i
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qu 02 """ fmmmmmmmmmmmmm e G R L E P R i -i __________________ dommme
. — ———7
0.0 0.2 0.4 0.6 1.0

Cross attention improves the rejection Signal efﬁciency
efficiency significantly




JET SHAPE DEPENDENCE OF THE RESULTS
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Decay correlation is important
because background is correlated
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event color structure
QCD background signal
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For QCD and top event, fatjets are likely |

color connected to Higgs bosons are color isolated.
the other activities of the event




3-1. Improvement of attention matrix.

original input for attention a = softmax(QK")

particle information

=B —p,, 0y D . particle 4-momentum
- Ay =10 T . pseudorapidity difference
- AQ = ¢ — Djet . azimuthal angle difference

SR — \/ (An)? + (A¢)? : angular distance from jet axis

- log(pr) . transverse momentum (GeV)
- log(F) . energy (GeV)
- log =L : normalized pr (GeV)
ijjet
b
- log ( = ) : normalized energy (GeV)
jet

C. IAFormer (=InterAction transFormer)

Esmail, Hammad, Nojiri 2025.03258

>

IAFormer attention a = softmax(.7;)

jij:W‘Iij

I;; pairwize and boost invariant quantity

- (p, + p1,)/PT,
g (Ea - Eb)/Ej

- A = /(0 = m)? + (6 — 60)?
- kr = min(pr,,p1,) - A

= = min(pTa7pr)/pTa —I_pr
= m2 — (ECL —|— Eb)2 B ‘Pa _I_ pb|2




Structure of the IA-Former and results

X; is updated by /;; (cross attention)

I, X; are both updated by transtformer.

Top vs QCD classitfication

rejection efficience at
50% acceptance

JAFormer 510 +/- 20 Tshi work

ParT 505 +/- 8 Base line

L-GATr 540 +/-20 Full Lorentz covariant




Learning pattern (CKA similarity )

d event-two layer output X,(d x ) and X (d x k) — dxd matrix M = X,X{,N = X,X;. Then

SoUg T HSIC(M,N) = ~Tr(MHNH) = %

CKA(M,N ,
b /HSIC(M,M)HSIC(N,N) (d—1) Z 4

It CKA~1, two layers are equivalent—and not needed.

Plain Transformer

|AFormer(e,(50%) = 510) ParT ¢,(50%) = 413 €,(50%) = 360

CKA - Transformer+1; ;

1.0

CKA - IAFormer

ﬁ 0.7 08 08 08 08 08 09

CKA - Plain Transformer
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Differential attention(see arXiv:2410.05258 )

o a = softmax(.%) — aV) = softmax(./ (f)) — ﬁ(i)softmax(@

A

cancel the irrelevant information

s g | FO 5@ | 70 g0

fixed sparse attention

' Each layer built different
filters dynamically




STABILITY OF THE TRAINING—SPARSE ATTENTION

» Sparse attention: a rule to use only part of attention
matrix for quick convergence and reasonings Band Attention

» static attention—use “fixed patterns” to filter
attention

* This is probably very important for Language model
but does not looks right for particle physics.

Dilated Attention

+ band attention “XE7ED AT big apple” “7rL)
DA redapple”

- Dilated attention RWHAZ H EEL D%
& 71c (I saw a red apple falling )

https://developers.agirobots.com/jp/sparse-attention/




BEHAVIOR OF SPASE ATTENTION DYNAMIC FILTERS

filtered information

Increase linearly max Networks minimize finite
. e e i B positive . We need filters

__________________________________________________________________________

______________________________________________________________________________________________

last g is large

———————————————————————————————————————————————————————————————————————————————————————————————————————

2720 s AUC = 098678 | collapse!
0f1- Y e AUC = 098645 N — higher network performance
i i ;—*—AUC—098642; ; ; ;
0.2 /8 OSSN0 0000000000000 0 B N MOV

B B B B B B B B s o Bu Ba

start from

small beta




TAKE AWAY MESSAGE

1. fast, lightweight, while keeping performance

: : RESPCETING QCD
2. Incorporate physics picture
3. Jet analysis — event analysis.(H—hh)

4. Respect symmetry Replacing “attention from generic features”

—“pairwise boost invariant information “ (IAFormer)
5. Reduce valiance in training Improved stability within DL

©. Identify the key parameters for classifications

ldentity Important variables in DL era
Improving MC simulation




