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First of all...

Why reconstruct hadrons in EM calorimeters
when dedicated hadronic calorimeters exist...?
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The reason

@® Calorimeters in HEP experiments have two types EM shower Hadronic shower
 Electromagnetic type (ECAL) for detecting photons & electrons primary Y
« Hadronic type (HCAL) for detecting neutral hadrons '
* Hardware & software optimized for different shower mechanisms
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The issue

@ Direct reconstruction of neutral hadrons in ECAL is highly challenging Tracking  Electromagnetic Muon
. . . . . hamb calorimeter chamber
- Size & material hinder full containment of hadronic showers —— '
. photons
* Recorded energy deposits are weak, sparse, non-local =
€t
muons
(] L] L] (]
@® Conventional reconstruction methods are ineffective * p
—_— >
* Momentum magnitude is unknown n
—

* Sizable energy leakage Innermost Layer... —  ————3 ...Outermost Layer

« Position is imprecise
* Sparse & highly random hit clusters Only a small fraction of

+ |dentification is not perfect shower energy is recorded

* Can be confused with photon / beam background / detector noise

«  Simulation is biased

* Lack of experimental calibration
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The payoff

Study of A - ny at BESIII Study of ete™ - nn at BESIII

@ Solving this issue has significant physics impact PRL 129, 212002 (2022) Nature Phys. 17, 1200-1204 (2021)

* Neural hadrons are important probes for GeV-scale physics
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The ML solution

Data pattern
hard to
describe

analytically

AI4HEP
Representation study

learning

@ Learn representations of neutral-hadron energy deposition patterns in ECAL

@ Use neural networks to infer neutral hadron properties
* e.g., particle type, momentum direction, momentum magnitude
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Our first attempt (l)

@® Neutron identification with Graph Neural Networks
* Inspired by ParticleNet for jet tagging @ LHC
* Represent ECAL energy deposits as a point cloud
- Distinguish single-neutron patterns from photon-accompanied ones (e.g., A — nr°)
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Our first attempt (l1)

@ Applied to BESIII physics analysis

 Enable first observation of charmed baryon decay A} — netv,

+ Significance improved from < 3¢ to > 100, facilitating examination for many theoretical models
« Use data-driven methods for model calibration & uncertainty quantification
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Moving forward
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@ Full kinematic reconstruction is desired beyond identification

Predict

Momentum information is essential for precise measurements

Point-cloud model fail to learn stable momentum mapping

CMS Simulation
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New representations & networks should be designed;
What clues can guide them?
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GNN result:
Predictions collapse
toward the mean,
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minimum of the loss



Clues I: physics priors in data patterns

@® Atsingle-event level: @® At event-averaged level:
* Sparse (~3% of ECAL cells are activated) * Central concentration around incident point
* Highly stochastic & non-local « Radial, diffusion-like attenuation
P(1)=0.455 GeV
E e . - j t P(n)=1.066 GeV ",
1 P(M)=0.758 GeV —1 :
L g ot - i Mean
NS . . -
05‘ 3? P(n)=0.345 GeV ] . L . .. ] ‘::’ .
| P(n)=0.353 GeV =Lt " . . E
5 3 - r ﬂ,‘Lk L | E
_ : e ok i ] B i L 1 ’ ’ vant

Direct consequences of hadronic shower mechanism;
difficult to calculate analytically,
but can be used as priors in model design
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Clues ll: tradeoffs among representations
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IENEN

Image
Intuitive
Capture local spatial context
Projection compresses high-
dimensional features
Low computational efficiency for
sparse images

Combine multiple representations in a single model to

E=5.37e —4GeV,¢p = —51.01°,0 = 20.93°
E=2.11e — 2 GeV,¢p = —13.53°,0 = 88.45°
E =9.85e —1GeV,¢p =7.55° 60 =100.81°

E=1.18e —3 GeV,¢p = 67.57°,0 = 35.24°

E=17.21e —4GeV,¢p = —1.59°,0 = 144.76°

Sequence
v/ High information density
v/ Capture long-range correlations
X Require imposed ordering

leverage their complementary strengths
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The discrete point cloud The graph structure of point cloud

Graph / point cloud

Retain complete high-dimensional
information

Order-invariant

Difficult to scale up
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0 Anti-neutron in ECAL ) @ Energy deposit patterns -) 9 Representation branches ™ @ Model outputs

Energy Individual event: _ . Particle identity

deposition sparse, stochastic Sequentlal representation — )
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Microscopic hadronic shower mechanism centrality, diffusion

® A sequential branch aggregates dispersed hit tokens
@® A visual branch encodes the averaged spatial prior using a diffusion operator

@® The fused representations jointly reconstruct particle properties
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Sequential representation branch

@® Input: hit-token sequence containing (E, ¢, 0) features + learnable momentum token
« Data augmentation to mitigate sorting order

®

Network: Transformer encoder & decoder

®

Outputs: internal voting for incident position and momentum

®

Pretraining: position-cloze learning with informative hit tokens masked
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Visual representation branch

@ Input: (¢, 8) projection image
* Map log-scaled energy to RGB channels

@® Network: visual object detector
* RetinaNet with a feature pyramid
« Add a physics-inspired diffusion operator to encode centrality and radial attenuation

@® Outputs: pseudo bounding boxes around incident point
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Branch fusion

@ Objection-detection style outputs @® Fusion of visual & sequential branches
* A list of neutral-hadron candidates * Independent candidate lists from two branches
* Ranked by a confidence score « Calibrate confidence scores
* Each with particle type, position, momentum * Match candidate pairs according to angular

- - SN :
30 . ).5 \m
' = \ S '
yi 233 :
. “AG- 243497
1% :ﬁkik\\

29.9 FPS
latency: 0.05484 sec

More flexible than event-level classification/regression
in real experimental scenarios

separation and confidence

Fuse position & momentum estimates using
confidence-based weights

Retain unmatched pairs
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Real-data benchmark

@ Importance

+  Geant4-based simulation is known to be biased

Prove the robustness of network under complex experimental conditions

@ Large & diverse anti-neutron sample from BESIII Take anti-neutron as the starting point:

* 3 energy points, 36 decay channels, 5.3M events siniilrilziion procl.ces comparatwely
large energy deposits
* Broad kinematic coverage and diverse background environments

* Truth labels inferred from reconstructed recoil system
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Single-particle reconstruction

Yangu Li

@ Directional precision nearly doubles from conventional
method

Mean angular bias decreases from 23.2° to 11.8°,
corresponding to 96% precision improvement

Advantage persists across the efficiency range
Mixed representation outperforms either branch alone
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@® Achieve direct momentum measurement for the first

time

* Nearly linear & unbiased predictions over broad
momentum region

* Momentum resolution reaches 17.6% @ 1 GeV/c
« Dedicated HCALs at LHC typically ~50% /VE
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Multi-particle reconstruction

Anti-neutron

Photon

—eo— \/isual repr.
—e— Sequential repr.
—e— Mixed repr.
—#— Conventional
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@ In a more complex & realistic environment
* Simultaneous reconstruction for anti-neutron & photon
* Anti-neutron performance remains stable

Rate (%)

* Photon performance remains competitive
« Support particle-level identification & event-level classification
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Application to physics analysis

@® Reconstruct resonances decaying to anti-neutron

« A->an% 3t > ant, X" > an~,J/Y - pan”, etc.

13

13

. . . . . o . .
* Combine model-predicted anti-neutron 4-momentum with standard reconstructions for remaining particles
. . . . . . .
« Obtain invariant mass peaks with unbiased centroids and well-controlled widths
* Averaged mass resolution ~3%
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Summary

@® Neutral hadron reconstruction in ECALs is a long-standing issue in GeV-scale experiments
* Detector hardware was not designed/optimized for this task
* Machine learning can substantially mitigate this limitation

@ We develop a physics-aligned mixed-representation network
* A sequential branch aggregates dispersed energy deposits
» A visual branch encodes averaged spatial prior using a diffusion operator

@ Model is extensively evaluated on real-data benchmarks
* Directional precision improved by up to 96%
* Realize momentum measurement capability for the first time
* Robust performance retained under complex experimental conditions
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Outlook (I)

@ An expandable framework for end-to-end particle reconstruction
* To more neutral particles: neutron, KLO meson, ...
* To more detectors: time-of-flight detector, muon counter, ...

* To more experiment settings: other flavor facilities, ..., neutrino & astroparticle experiments with similar data patterns
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Outlook (Il)

@ Implications for running experiments like BESIII
* Purely offline algorithm, no need for hardware upgrade or operation interruption
* Expand the scientific reach at negligible cost
* Some physics analyses are ongoing

@® A new direction for future detector design
« Hardware limitations can be mitigated by Al-powered software
* Why not jointly optimize hardware & software in an Al-native framework?
* e.g., a more capable yet less expensive calorimeter that reconstructs both EM and hadronic showers...

Thank ntion!
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