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Al and ML in High Energy Physics {2\ SITUPA

Number of HEP-ML Papers by Year
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Living Review of Machine Learning for Particle Physics
* 638 papers on the first page!
 Read them all, or, let Al do it for you ©

Impossible to cover everything in 20 minutes
« Highly selective and apologize for missing some
Important work, especially to our theory friends
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https://iml-wg.github.io/HEPML-LivingReview/

Al and ML in High Energy Physics §x ), SITUPA

v'Classifier (Supervised)

v'Self-guided Detection/Search (Weakly Supervised/Unsupervised)
v'Reconstruction

v'Simulation

v'Unfolding (Not covered)
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Smarter and More Sophisticated Classifier =/ .SIuPA
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Smarter and More Sophisticated Classifier #*/.S/TUPA
Recap: Series of GloParT tagger (v1-v3)

Sep 207"
' Initiated project: ParticleNet for H— VYV tagging for novel boosted H-WW sees _
JME presentations[22.01.11 by Cristina/Zichun][22.03.08 by Dawei][22.08.09 by Dawe| == = ==
ParticleNet ——
for HVV . S SR ]
[22.12.13 by Conggiao (JME)] GloParT vi: o o Global Particle Transformer
2022 . de to ParT hitect led GloParT v used in the following el I .
Sep upgrade to ParT architecture (so-called GloParT vi- ;i — . (GloParT) algorithm
+ propose: “large model for large-scale - Boosted bbWW search: i .,.. moae
GloParT classification” & subsequent fine-tuning CMS-PAS-HIG-23-012 -z
vi capabilities (concept of Global ParT) « HWW (0I/11/VH): HIG-24- =
008 ) . )
[23.02.22 by Conggiao (ML Forum)] \ X=*H(bb)Y(WW): B2G-23- — Transformer model is based
q the study of fine-tuning (f.t.) L on “self-attention” mechanism:
way 202 capabilities - first demonstration = e
_ = i Transfer model can focus on
—_ [23.07.24 by Conggiao IR zmmre e certain parts of the input
oPar BTV :e: . - : , .. i
» (B&ighificantly improve pre-training comprehensiveness o GloParT v2: dat a, giving more Welght to

(extend to 314+2 nodes)

[23.09.13 ML Town Hall] [23.12.05 ML Forum]
* re-studied f.t. capability with the stronger

P op:B2G24 o cial features and

» Bun-3 VHi(bbfcg) disregarding unimportant
(AK15): HIG-25-001

A model
202 ) * boosted W—cb ones.
July + study of f.t. for anomaly detection - Run-3 HH(4b)
[24.09.20 by Conggiao (BTV)] 4
GloParT * v3 enhencement + extend to 374+374+2 ]
v3 nnrac GIOParT V3.
[24.10.18 Cross-POG] - * Run-3 HH(4b)
A comprehensive review prepared for 2 - « (more to join)

- GloParTv3's integration into cmssw i . 4o
Q/\ L.Li, Al and Machine Learning Application in High Energy Physics @ Xinxiang, Henan oK BIR -2 ES 5% 2025.11.02
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Better and More Robust Performance 5%/ SITUPA

10° F a1LAS oo

§ [HErE-Isty GN2 calbrated
o AL L L L LB HLEL L 4000 % 104 -E-2D<pr<2SOGeV, |n)<2.5 DL1d 5
80 - ATLAS Pre"minary N & DL1d calibrated
ok Vs =13 TeV, pt €[85,110] GeV GN2 3500 = L
. (€52% = 74%) ] = ;
S 60 - c-jet rejection in simulated (Pythia8) top-pair events - 3000 =y )
L+ C-jet rejection in top-pair data events ] w 10 F
E E I?ght-J:et rej:ect?on ?n simtlllated (MadGraph) Z + jets events _: N
c 50 — i light-jet rejection in Z + jets data events + ] 2500 - Ol )
'-g 3 6.4 ] g 10
@ 40F Reco Software Update ® 72000 &
o : | ] O 10055 060 065 070 075 080 085 080 095
5 30 '_Fleference' DLAr E DL1d + B 1500 o b-jet efficiency
kIJ N " ata . : Edata = 75% 4.0 1 e | E | |
20 F dat?“ (e52ta = 750) i ( iH ) X 1000 =} § 10° FarLas &t -
(g5t = 77%) e | X2.0, 4 : B ko GN2 calibrated
10 ._._.+ x1.4x1.7 ! x1.5 500 *;:, - 20<py<250GeV,|n|<2.5 DL1d
| I | i I I | 0 DL1d calibrated |
0 2017 2018 2019 2020 2021 2022 2023 0 10 F E
Year of tagger deployment
10' F ]
v Significant improvement after years of development
v' Essential calibrations done for b-/c-jet and light jet flavors

v' Performance in data matches simulation after calibration 10055 060 065 070 075 080 085 090 095

b-jet efficiency
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Better and More Robust Performance

9 SJTUPA

LiEsRiE K F IR S KR

Process
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v' Highly granular multi-classifier gives 6-20 fold
Improvement in background rejection rate on
H-WW* —4j vs. QCD/top jets
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« Compared with early DeepAK8-MD tagger

guark sub-jet
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v' Challenge for tagger calibrations

Hard to find SM events in similar topology
New technique uses Lund jet plane
Effectively measure scale factors per

2025.11.02


https://cds.cern.ch/record/2939451/files/JME-25-001-pas.pdf

Impact on Physics
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High-mass resonances in H/Z(bb)+y final state

GN2 alone brings
20% improvement for
HH — bbyy analysis

arXiv:2507.03495
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95% CL upper limit on a(pp —» Z' — Hy) (fb)
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v' GloParT V2 used for X->bb tagger
« H/Z->bb vs. QCD jets
v__Most stringent limits for both channels
K BRIR -2 I’ 2025.11.02


https://arxiv.org/abs/2507.03495

Impact on Physics g} SITUPA
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PRL 132, 221802 (2024)

Jet Origin ID:

« 11 categories (5 quarks + 5 anti quarks + gluon) identification, realized at Full Simulated di-jet
events at CEPC CDR baseline with Arbor + ParticleNet (GNN).

« Jet flavor tagging efficiencies ranging from 67% to 92% for b-, c-, and s-quarks and jet charge flip
rates of 7%—24% for all quark species. Higgs decay BRs range from 2 x 10™4to 1 x 1073 (95% C.L.).
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Let’s Go Even Bigger: Event-Level Foundation Model =

Core Idea: One strong body + many small heads Classification

& Decoder — Discriminative Heads: * Multi-Class event classifiers (with regression)
Segmentation Assignment

* Inspired by * Symmetry-aware mapping of objects to truth partons

requires known | _
* The model performs set prediction (queries = predict (requires known decay topology)

class & mask), preserving permutation symmetry. * High accuracy for well-defined processes, but rigid,

. : costly, not generalizable.
* Naturally extendable from objects to substituents Y &

without changing the model design.

@ Input Representation Task: Classification Task: Assignment Task: Segmentation
R ance Il Learnable quires
« X particle Cloud (Up to 18 Particles per Event): (GElvgnllTokfflt) . . . .
joDbal conte: esonance
* Each particle is encoded with 7 features: 4- Detection Token  Resonance | i y ,’i"?m‘*m“‘“’“
ap jets to queries
momentum, isbJet, isLepton, and charge. Assignment
I : Matrix P ‘\ } ’
« & Global Features / Event Observables: ’ . — e | Masked Decoder o
T — @ = (Cross attentions + c
* Missing transverse energy g M % — Self attentions) i n
- 3 — =
* Number of leptons, number of jets SRER 2 2| o— |
o— P 7]
* Invariant mass of visible objects \ . . . —MLP ‘ |
. i Physics Objects
Scalar sums like HT, ST, etc. Physics Process Rl S— o ysics Obj
Classification D::::;:: ¢ Illi Mapping MLR Resonance
Classification for . Classification
underlying physics process Prob. of existence :\gggnjggi‘éodi%ea(;ﬂc I

Class for each queries
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Decoder (Head) .
' ‘

Jawlojsues|

EveNet: Event-Level Foundation Model 4% SITUPA

Core Idea: One strong body + many small heads

,' Task: Supervised Generation L 4 DECOder - Generaﬁon Head .

Y

Supervised Generation

Y4

4
|
e ! X o :
@ ' N 3 i , : : .
g% - d | . * Use known objects as input to predict missing ones
== o =] i 5
05 5 i z (
58 3 sc m 2 ; e.g., neutrinos).
§ % = : s % g--go ™ i i i - _’.“T. * Invisible particle 2 ’
2 = " gg § = i i i - B . ‘. generation g . ) . ) )
aw 9 . =7 33 | Difusion vectors for '« Diffusion models capture high-dimensional
25 9 i diffuse back il 1 oG oy . -
§§. 3 90: : (generation) ; probability densities & predict the most likely
o il
3 a (7)) i . .
§ g Task: Self-Supervised Generation : kinematics.
LA 1
o = ° . [ 0
i g o _ . s ' Self-supervised Generation
R f - - 9 I
= o 2 o, .
g z 3 . o 1 Mask part/all of the inputs and reconstruct them
g 5 ' = g —— : P
2 T — R — el s : with a diffusion model.
o Diffusion vectors for [ | . . L.
i 8 . | diffuse back masked objects !+ Learns underlying event structure without requiring
= L} 5
X \\ (generation) ',I |abe|S.

@ L.Li, Al and Machine Learning Application in High Energy Physics @ Xinxiang, Henan oK BIR -2 (5% 2025.11.02

]
i



Weakly Supervised: Search for Exotic Higgs Decay
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BEAFYIES XILFR

v' Jointly trained on the Assignment and Classification tasks

* Signal: H — aa — bbbb
(ma = 30,4‘0, 60 GeV)
* QCD: bbbb, bbbj, bbjj

* Reference Network:
(same hidden dim)

Classification

1. Inversed ROC

2. Bkgd. Rejection rate @ signal
efficiency of 25%

= 25%
w
=}
=

250

Bkgd Rej. Rate @ £siq

Ratio vs SpaNet
o @ Bo

N

10°

Bkgd Rej. Rate

20

=

»

CRCRCRC I

model training
SpaNet —— wcl
EveNet-scratch e w Cls+5eg

EveNet-f.L.(Cls+Seg+Gen)
EveNet-fL.(SSL)
EveNet-f.t.(Cls+Gen)

-+ w Cls+Assign
—— w Cls+Assign+Seg

Dataset Size

model training
SpaNet —— wCls
EveNet-scratch —»— w Cls+Assign+5Seg
EveNet f..(Cls+Seg+Gen) e w Cls+Seg
EveNet-ft.(S5L) —+- w Cls+Assign
EveMet-f.t.(Cls+Gen)

2-15x improvement on bkgd. rejection

=25%
= o
i} 5]
= s

Bkgd Rej. Rate @ £y
-
5
g

o
o

o

Ratio vs SpaNet
N oW e o

10°

10

Bkgd Rej. Rate

@

Ratio vs SpaNet
IS

N

model training
SpaNet —— wils
EveNet-scratch
EveNet-f.t.(Cls+Seg+Gen)
EveNet-fL.(S5L)
EveNet-fL.(Cls+Gen)

- W Cls+5eg
-+ w Cls+Assign

—w— w Cls+Assign+Seg

Dataset Size

model training
®  SpaNet
* EveNet-scratch
#  EveNet-ft.(Cls+Seg+Gen)
®  EveNet-fiL(S5L)
* EveNet-ft.(Cls+Gen)

—— wCls

—»%— w Cls+Assign+Seg
e W Cls+5eg

=+ w Cls+Assign
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model training
SpaNet —— wCk
EveNet-scratch | e w Cls+Seg

EveNet-f.L.(Cls+5Seg+Gen)
EveMet-fL.(SSL)
EveNet-f.L.(Cls+Gen)

-+ w Cls+Assign
—— w Cls+Assign+Seg

Dataset Size

model training
SpaNet —— wCls
EveNet-scratch —»— w Cls+Assign+5eg
EveNet f..(Cls+Seg+Gen) e w Cls+Seg
EveNet-f1.(55L) —+- w Cls+Assign
EveNet-f.t.(Cls+Gen)
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Self-Supervised: Anomaly Detection r2/.2000°%0

* Reference paper: 2502.14036 (To test EveNet’s generative capability, we extend an existing anomaly detection
method using normalizing flows by replacing it with diffusion-based generation of full 4-momentum)

* Dataset: CMS Open Data (2016 DoubleMu primary dataset) targeting Y resonances in di-muon final states.

Per-channel Bundled Significance

. . . . 8 BN EveNet-f.t.(Cls+Gen)
Final Significance (¥-reweighting) W EveNet-ft.(Cls+Gen+Assign)
! I EveNet-f.t.(SSL)
® paper: 6 4-0' 6 [ EveN(?t-scratch
Uncalibrated
5 == Calibrated

* EveNet-Pretrain: 7.50
+_EveNet-Serateh- 2 (mass sculpting X)

H

w

N

Median significance + 68% CL

Note: the energy regime here is even different
from the main samples in pretrain

=

. . P O
1o improvement on significance  «°
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Reconstruction: PID SJTUPA

a. ITS SPD (Pixel)
b. ITS SDD (Drift)
c. ITS SSD (Strip)
d. VOand TO

e. FMD

» Transformer for particle ID in ALICE THE ALICE DETECTOR
can result in higher purity and efficiency than

standard methods IR Ui B
gf EE?, 0, VO i
@ @ 4. TRD
» Use domain adversarial neural networks PR -~
7. EMCal
. [ B . . 50 ESSIS,C;V
. L3 Magni
to mitigate data-simulation differences fie
13. Muon Wall
Embedding A“S:;:;on Classifier 18 Wuon Tower. ‘, t
16, PMD
— 18,25
19. ACORDE
InputSet Pre::eion
— T (T —>| Softmax —)¢—> e
: ‘* : o P (8] [g] [2]
| T H L
Proton PID Results Feature mapping >8> §~>© Particle label
Model Precision Recall m ,§ § é § §
g 8 = B =
Standard ~ 99.40 + 0.01 59.72 + 0.03  74.61 + 1.88 gl e it
5 5 — M
Ensemble  97.16 + 0.46  93.74 + 0.30  95.42 + 0.12 £ £ B 8 8
: 2 2
Mean 97.85 £ 041  93.34 £0.32  95.54 % 0.06 - 3 3 —»O Domain label
g s ©
Transformer  Proposed ~ 97.80 + 0.44  93.86 + 0.27 95.79 + 0.07 E £ £

Regression  97.38 £ 0.40 93.67 £+ 0.38 95.49 £ 0.15
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Reconstruction: Tau ID 4% SITUPA
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7" JINST 17 (2022) P07023

CMS DeepTau: multi-class tau identification

algorithm based on CNN ::> Forward Pass

* v2.5 adds domain adaptation subnetwork Back :
with adversarial training to deal with MC <::’ Ackpropagation —
mismodelling in the high-purity region ’

Ers

mE g

' 5 convolution

_,

£l
f
[

om 11 = 11
E single cell

/ N

"
-

Pt

concatenated
[_Z00 noddes |

8L, /00 Ii

1
!

 Better data handling e
* Feature standardization, hyperparameter
optimization
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Jet mis-id probability

100 CMS Simulation Preliminary (13 TeV)
—— DeepTau (v2.1) vs jet
DeepTau (v2.5) vs jet
10-1 pr<100 GeV >
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DeepTau v2.5 significant improvement compared to v2.1

Tau 1D efficiency

Reconstruction: Tau ID

100 CMS Simulation Preliminary (13 TeV)
— DeepTau (v2.1) vs jet
DeepTau (v2.5) vs jet
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30% decrease in the background
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Minimizing dependence on MC mismodelling
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https://cds.cern.ch/record/2904699/files/DP2024_063.pdf

TRIDENT Experiment g} SITUPA

TRIDENT: TRoplcal DEep-sea Neutrino Telescope.

A multi-cubic-kilometre neutrino telescope in the western Pacific Ocean. Nat Astron (2023).
To be located in the South China Sea.

Penrose tiling structure with 2000m radius, 700m height (8.7 km?3). 3500m deep under
sea level. hDOM

24220 hybrld Dlgltal Optlcal Module(hDOM). o 2%

Depth ~ 3500 m

2000 <1000 0 1000 2000 3000 4000 (m)
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https://doi.org/10.1038/s41550-023-02087-6

TRIDENT: Neutrino Reconstruction 4%\ SITUPA

ROV path

Top view of TRIDENT
Detector
DOM-,
DOM DOM4
7 /
N DOM
DOM, y
)( DOMz
DOMg__ DOM DOM5
’ \ | /
VvV,
i, DOM;
/ Water sphere

/
/

Preliminary earth model ) _
Use point cloud to represent neutrino events:

Neutrino event generator Based on CORSIKAS8 . Triggered DOMs - Nodes of point cloud
Detector simulation based on Geant4 * Location of DOMs - Coordinate of nodes, pos;.
* DOM-measured time -> Features of nodes, x;.
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TRIDENT: Neutrino Reconstruction 4%\ SITUPA

 GNN is built based on EdgeConv block: modified block as in ParticleNet

* Both graph-level and node-level target can be predicted.

u X pos
__i ¢ ¢ X u Pis
EdgeConv Block ) K-NN
Y v
( MLP )1—( Pooling )4-—| edges
'

— x' pos' |
| + ‘ P (u, xi , xj —xi)
( EdgeConv Block ) *N-1

( M‘[',L H Pooling )4.‘

]
==

graph-level node-level
prediction prediction

Network Structure
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TRIDENT: Neutrino Reconstruction 4%\ SITUPA

Vy Direction reconstruction

train : validation : =900k : 70k :
* Input features: location ﬁi, first photon arrival time T'; and DOM, (D;, T))
number of photo hits 7;.
v T
* To make full use of the geometric feature of track-like events, - g

. . g (X ty, )
the network is trained to predict r'; for each DOM Momn‘;nﬁﬁggﬁm boM,

* Linear fit on the predicted 7°; to reconstructs n,.

wlz

* Loss function: mean square error (MSE) with weight
proportional to n;:

> 2
Loss = Zini X |0Utpll,ti — Fll /Zini G

* Hybrid-GNN models: LITE, LARGE Track ke event disply
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Normalized Counts
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TRIDENT: Neutrino Reconstruction 4%\ SITUPA

i 1 Model: LARGE 102¢ 95% Angular Error Band —— LARGE
i --- peak: 12.50 68% Angular Error Band — LITE
' --- median: 30.00 —}— Median Angular Error (stat. unc.) — full GNN
! — —— likelihood
101} g
e T 107
5 e
E 100} %
— B <
",j 2
I ?:;: 1071 é
e : :
i = 1071}
! 1072}
r i L L . L . L . L 2 ‘3 l4 5
0 50 100 150 200 0 50 100 150 200 10 10 10 10
number of triggered hDOMs number of triggered hDOMs Eu [GeV]
TABLE I. Mean run-time cost per inference.
Method Time (0.1-1 TeV) (ms) Time (1-10 TeV) (ms) Time (10-100 TeV) (ms) PhyS. Rev. D 112, 072012
Likelihood 1552.30 1259.86 019.14
GNN light (GPU) 0.19 0.21 0.29
GNN large (GPU) 0.38 0.78 2.37
GNN light (CPU) 5.05 12.53 30.44
GNN large (CPU) 54.71 152.48 181.80

« Median angular error decreases from 1 degree to 0.1 degree as the energy of v, increases
« Light hybrid-GNN model (LITE) runs 0.19-0.29 ms per event on GPUs, 1000 times faster than

traditional likelihood fitting method --- real time processing
« Large hybrid-GNN model (LARGE) takes longer but with more precision --- offline processing
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Faster Simulation: Photon Showers 4%\ SITUPA

Cells in Layer 3 )
AdxAN = 0.0245%0.05 Latent space (5 dim.)
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"Lﬂm st 310°FATLAS Smulation |+ Gesntad & 10°FATLASSimulation 4 Geantd 3

T Enad 0025w0.1 @ Y E=65GeV,020<|n <025 gz VAE 1 [ V.E=262GeV,020<|n <025 %% VAE 1

A 210 s GAN ;3:104— S8 GAN

5] 2 ]

Use Variational autoencoders (VAE) and generative £10° T 1 &

adversarial networks (GAN) to simulation ATLAS photon Bl
showers
 VAE/GAN: x100 faster than GEANT4 full simulation 4_

« Good agreement between GAN/VAE and Geant4 for EM

showers of different energies _
 GAN needs improvement in the longitudinal shower 75 60 625 65 675 70
ower energy [GeV]

developPment
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Conclusion and Outlook £# 7} SITUPA

v The field of high energy physics is rapidly adopting ML and Al techniques

leading to real impact on physics results

v Diversified use case: classification with both supervised and

weakly/self-supervised scheme, reconstruction, simulation and more
v Trend: bigger and more sophisticated, more generalized
v Foundation model + fine tuning seems to be the next direction

v Human insight and expertise remain essential to success in the

foreseeable future
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