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Outline of the talk

* |willtry to merge contributions received by various groups (ATLAS, CMS, LHCb, MEG)

* Ultra-fast inference and machine learning techniques are extremely active research field within hep-ex area in the dep, not limited
to what | will talk about today

* | willtry to provide general context, then go deeper into specific examples and state-of-the art techniques, | will then give some
personal outlook with some personal biases
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Part one;:

Machine learning for hep-ex status and prospects
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https://github.com/blaiszik/ml_publication_charts/blob/master/README.md

Introduction

* Particle physics experiments are based on hierarchical, factorized pipelines whose goal is to allow unbiased parameters inference.
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Jet Id e ntificatio N ATLAS-CMS FTAG florence, July 2026

How is it ML impacting hep-ex? In multiple ways, peraphs one of the clearest example comes from jet tagging
Opening new frontiers, e.g. can we measure Higgs-charm coupling at the (HL-)LHC?

Are we saturating?
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Review of architectures

* Taking a step-back on the algorithms used in exp. HEP to improve data analysis

* Avery large portion of problems are related to the more complex Set-to-Set category
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The state-of-the art now (meaning is old already)

* Ajetisasetofinputs, the pointis to represent a jet as a fixed size vector in high dimension efficiently

» State of the art flavour tagging algorithm. This start looking like a foundation model (yet a selected one)
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This is a general workflow: heterogeneous inputs

GNa3: Multi-task, Multi-modal Transformers for Jet Flavour Tagging in ATLAS
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Question of scale?

* Industry applications driven by large language model (LLM) studied in detail how these models ML scale

 Can predict expected improvements from data and model size. Compared to industry we are small, but is there room for
improvements? How much?

Scaling laws, DeepMind 2022
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Towards set-to-set problems

Tracking and global particle flow algorithms are major example of set-to-set problems , decay chain reconstruction is also an application
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Topology-agnostic, hierarchical graph network for event reconstruction



https://link.springer.com/article/10.1140/epjc/s10052-025-14443-z
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End-to-end algorithms?
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Will we ever reach this stage?

1. Dimensionality: need to probe from a space of around O(10"7)
dimensions.

1. Datainherently have structures (locality) that are essential reduce the
dimension of the problem as well as for generalization.

3. Thereis a problem of domain shift: we need a way to control mis-
modelling of the simulations we use to train our algorithms.

Henirich et al., Kagan et al, Rambelli et al
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MEG Il — application of a transformer for pattern recognition

Intensity frontier — searching for lepton flavour violation

Contineous stream of particle.. Tracking struggles at high pile-up

Pecularity here is there is no reliable simulations that can be used for target definitions
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Patte rn ReCO. |m p rOVGmentS [2512.19482] Transformer-Based Approach to Enhance Positron Tracking Performance in MEG I

Constrained by full reco on data

Two approaches investigated based on
Graph Nodes and Edges a GNN and a tranSfOI’mer
using different inputs
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Deployment
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Flash sim A. Rizzi CHEP

* Theincreasing volume of data demands a massive scale-up in
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Flash sim

 Testedin recent years first on toy datasets, recently on real CMS
simulation, and it works!

* (Good performance in a realistic H—pp analysis scenario and
versatility in producing very large simulated sample. Show promising
at trigger level as well!

* Large effort on inference infrastructures, long story short: speed
improvement is more than 3 orders of magnitude!
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Part two:

fast and ultra-past inference

: Low-level (hardware) trigger 2 .. Low-level objects
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Summary of the trigger systems of the Large Hadron Collider experiments ALICE, ATLAS, CMS and LHCb
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https://arxiv.org/abs/2408.03881

ATLAS tracking for software trigger at HL-LHC

ATLAS compared three strategies (tracking
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G080 as C230 but clustering is offloaded to GPU GBTS
G130 as G080 with GBTS seeding also offloaded to GPU GBTS
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The Retina Project at LHCb
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Retina core idea More Info

 Reconstruction complexity should be O(n”l), where lis the number of layers.

. Huge work to develop algorithms with lower time complexity. Many of them can
scale to O(n"2) time complexity.
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https://www.sciencedirect.com/science/article/abs/pii/S0168900200006768?via%3Dihub
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Retina - results F. Lazzari, CHEP
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https://indico.cern.ch/event/1338689/contributions/6015410/

Retina — applications

Can be creative with the new infrastructure:

Reconstruct T-tracks replacing HLT seeding algorithm

» Effect on Full HLT1 sequence, long tracks matching VELO tracks and T-tracks

* Execution time: Total: 7.2 ys; Seeding: 1.5 ys

* Execution time: Total: 5.2 ps; Primitives decoding and refitting: 0.06 us and negligible
overhead

Overall HLT1 throughput increased by 33%. Makes room for further HLT1 functionality.

F. Lazzari, CHEP, Proposal for FPGA-based tracking in the LHCb downstream region

Luminosity LHCb Proliminary Monitoring
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:.‘;,> 0.10F ¢ E_ata it ] 'E' 021 —— Monitored -]
- . — Linear fi L i .
= 0.09F [ Quadratic term +1o ] = Estimated :
Q 0.08f : g Olf g
s T LHCb p-scan b=
[ 0.07F : &, y
= : = 0.0 -]
0.06 E T B N BT PRI SR B BRI
0055_ 1 _ SN L DL L I L L L I:
: 0.1F B
0.04F E E 1
2 3 =
0.03 g"? = (-0.36 £0.20)% / i g oo .
0026 " 0 L & [ —— Monitored N
© 001 2: _0.1L — Estimated ]
S 0,00} e e o T
-0_0.01_ . p 1 1 1 1 1 1 1 11 1 1 1 1 1 11 1 1 1 1 1 1 1 1 1
= 2 4 6 8 L T (- T T O S I B
7] 't . . . o . . . .
8 : LCLE LN LA SR N SR SR AN
& Pile-up measured by PLUME Time

A FPGA-Based Architecture for Real-Time Cluster Finding in the LHCb Silicon Pixel Detector

Upstream track
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LHCb interaction
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Conclusions

* Above overoptimism from the community, Al is having a real
impact to the physics outcome of our experiments. | think most of
the road is still unexplored.

* Hep-ex groups at UniPi strongly involved, | only scratched the
surface! e.g. declarative assisted analysis

* |think next years will be devoted to further understanding of
transformers, and their usage in set-to-set algorithms potentially
in end-to-end hybrid approaches. Calibration technques also a
big deal, i.e. how do we ensure a mismodeled feature is not

?
learned? | >
- - - Sempre idé’he arlodilMLE
* Fastand Ultra-fast inference is also a strong area of expertise. P &Nep

,A:‘(\

e ltis acrucial time for LHC experiments... HL-LHC is very close!

F. Dyson “new directions in science are launched by new tools more often than by new concepts. The effect of a
concept-driven revolution is to explain old things in new ways. The effect of a tool-driven revolution is to discover
new things that have to be explained.”
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Flash sim

* We are not yet saturating yet...

I;(data)

Object identification

¢, w,n = argminq&,w,fqﬁ(ypred@w,.qa ytruth)

T, o I4(data)

Trigger definition

ypred,w, " = 01} o Tw— ol ¢(data,)

Event classifier
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Flash sim

Traditional ML based Novel ML hierarchical
reconstruction reconstruction
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Flash sim

* We are not yet saturating yet...
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The state-of-the art now

» State of the art flavour tagging algorithm. This start looking like a foundation model (yet a selected one)

m Jet inputs

n Pooled graph
¥ representatian
£ |et Hlavour
< i — b
Track inputs ! Combined Inputs Initial _ — '.;_ @ orediction
- representations
Conditional
representations Jetp
= T
/ x § —= @ egression
— | & .
= 7 .
\ >
Muracks X Ny Miracks X (Njg + Nyy) g Y.
N7
2t g — Track origin
Pflow inputs . Combined Inputs prediction
® . - |2
(," A é.
£ ® 5
L ‘ - 3 P Track paftnde D
Y 2 prediction
Transformer
Nptlaws X Mot Nplows X (Njf + Ngyy)
x
9ol Vertex
% H prediction
o
wa
z

Energy regression to correct for jet momentum embedded into the model.
Does it still make sense to do tau- and b-tagging separately? ML helps not only performance but also to streamline workflow



Jet identification

Primary vertex
y Two tracks

from the B

) . . decay
ATLAS Simulation Preliminar

Vs =13TeV

tt jets

Truth Labels

Truth b-jet
pr=32.2 GeV

pp =0.997
pc=0.003
pu=0.000

/

GN1 successfully
predicts jet flavour

Ntrack
Ntrack

Ntrack \

Two tracks from
the B — C decay

Aux. tasks helps both performance and intepretability
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predicts the
primary vertex
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Jet identification

Inputs are recontructed low-level object: no vertex information

Hidden dim. h is O(100)

Combined
Inputs

Input space

@;"l

Track
Initialiser

_.-._.-

Intial track
representation

Hidden space

A set of particle encoded into an high dimensional fixed size space

u,dors jet

corb jet

pileup jet

.

Conditional track
representation

4
\

Main task
Pooled graph
representation X
Jet flavour
g g prediction
33
Track origin
E % predictions
=
e
= ; Vertex
= g predictions

Aux. Task

Liotal = Ljet + @ Lyertex + S Ltrack
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LHCDb

Tracking: Vertex Locator - UT + magnet + SciFi

Magnet

Particle ID: Cherenkov (RICH) - Calorimeters - Muon chambers
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Domain shifts: calibrations

« How do we know itis well modeled in data?  Peaiib(z]0) = /dR' dRdAH dT dzd(z — Q(R'))Es(R' = T(R))]5(R(H) — R) psim (H|2)pgen(2]0) -

Calibrated performance
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On Set-to-vector and symmetries

* From experience, nowadays set-to-vector is mostly just some variation of pure transformers.

* Embeding symmetries into the model (e.g. Lorentz) still needs some work

Performance

/’ Transformers
e
*‘@/’ Lorentz
& Loren R,y = f(Rx)
QP L° invariant
g Graphs
CNN
MLPs

Number of parameters

Deeplearning. EUCAIFCon_Amsterdam_2024_v2
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https://indico.nikhef.nl/event/4875/contributions/21153/attachments/8264/11798/DeepLearning_EUCAIFCon_Amsterdam_2024_v2.pdf

Domain shift: calibrating ML algorithms

A question rises naturally: if we train on simulation and correct them to look like the data, are we at the optimal performance in the data?

Clearly not in general...

Simulation Data

loss

Calibration

\ 4

network parameters

This is an active area of developements, still no clear strategy available.
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Jet identification — scaling up the models

* We are not yet saturating yet...

* Main improvements from:
* Larger architecture and data sample
* Additional inputs (calo+soft leptons)

Where is the limit? Where is double-descent? Generalization?

1.5 —
(a) B Training Error (Eirain) il ]
®  Test Error (Eeq) ," H !
B
[ =Y IU — ,,r i |I‘
po ] \
P e VAR
g e, T, » A .
i S pad SRR o ! % Interpolation
0.5F ", ! w  Threshold
i
i
1
i
2 p gl 1
0.0 10T .50 T

Parameters/Data «,

[2509.01397] L. Henirich et al.

Background rejection

Ratio to GN2

106 T T T T I T T T T I T T T T I T T T T I T T I T T T T I T T T T I T T T T
ATLAS Simulatiorl Preliminar e GN2
5 V5 =13.6 TeV, tt events = GN3PflowMuonsV00
10 £ 20<pr <250 GeV, |n| <2.5
) labels matched
10 =LITN
3 o
10 §_ ..........
E.'l.-.. ........
102 a -.-...:::--,__.-.; ............ e
E St L T e, ee o
i F 'ﬁ.h:-.-.-: Trea,, e L
10 BRI T
E l~-h:=.-..-..:=:i-. 3
- TR N
0 i
10 E_I 1 1 1 I L L L 1 I L L L 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 Iul
— M I ] == == ] o
- T —— == C-jets
151 e Tt ]
i TS, 1
1.0 e omp e ey oy s ey e s s e o e g Y
= |l 1 T I T T T T I Ll T T T I T T T L I T T T I T T T T I L T T T I T T T T
i —— Light-jets ]
2 - —
1 - 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 |
7.5 _I T T T ! T T T L ! T T T T ! T T T L ! T T T I T T T T ! T T T T I T II T T
;'.."q ------------------ T-Jets ]
50 » .O.tp--" --------- PETTLTTT Clks Sttea, 'l.... -
25F RRECIN
epopeqenrofoopepegeqedenmopapeyodeganrrpnpapoyaqenznpapapayeqgeneefonpepryogadanzopapey

0.60 0.65 0.70 0.75

0.80

085 090 095  1.00
b-jet efficiency

GN3, ATLAS plots

33


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2025-01/
https://arxiv.org/abs/2509.01397

Dimensionality reduction

* Machine learning helps to solve problems with high dimensionality

« Can’tdo science in high dimensions, we must find good low-dimensional representations of the data
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Retina

A complete Retina demonstrator was installed and tested at
the LHCb TestBed facility. Succesfully!
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Detector layers

1\1 F Detector input
Distribution network. Custom

switch to route signal and
optimal communication to
exchange across boards

PP

Distribution network
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Cell
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primitive in specific region
ll To DAQ
AR 222

Achieved 20 MHz event rate (LHCb rate ~27 MHz). No buffering, sub-ps latency. Low power consumption 550 W .



Particle-Flow reconstruction

Particle flow can be phrased as follows:

Given the set of detector outputs, reconstuct the set of particles (and their properties) that generated them. This is in inverse problem.

Particle signatures Detector output Solving the inverse problem
P
/‘ Truth Event Reco Event
. O Jet <3 Jet
- b - © Photon X Photon
N © Charged Hadron X Charged Hadron
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' .\ SN ‘/;5, - et
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