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| AI/ML in Particle Physics

« The ongoing revolution in the filed of Al/ML has significantly influenced
the particle physics community
* The applications include but not limited to

» Operation of accelerators and detector systems: beam monitoring, trigger, anomaly
detection, automatic shift, etc

» Improving sensitivity by extracting more information from data: simulation and
reconstruction

» Improving Monte Carlo calculations for lattice QCD
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JUNO Experiment

» The Jiangmen Underground Neutrino Observatory (JUNQO) is a large multi-purpose
experiment recently started data-taking
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v ~52.5 km from two major nuclear power plants (1 GW,;, ~ 2x10%° v./s)
v First commissioned “next-generation” neutrino experiment targeting v mass ordering

v'Unprecedented energy resolution of 3% at 1 MeV
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JUNO detector

» Key features of the detector
o High liquid scintillator transparency
o High PMT coverage
o High PMT quantum efficiency

=) High light yield: ~1600 PE/MeV for %8Ge

* 17,596 20-inch PMTs serve as the main
light-detection device
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I What data we got from the JUNO detector

A typical data processing pipeline:

waveform — charge/time — vertex, energy, track, etc
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Selected events energy and spatial distributions

JUNO Preliminary, June 2026
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| What Al can help for JUNO
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PMT waveform

Physics motivated
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| What Al can help for JUNO

Workflow motivated

“Agentic Al for software development in
JUNO and CEPC” by Tao Lin, Aug. 19
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I PMT Waveform Reconstruction

 Baseline
buffer

Integral interval

— R T Threshold
Baseline| A
buffer
5 ns continuously over threshold
to begin a pulse
o000 3 ns continuously below threshold
to end a pulse
« Simple integration to calculate charge * Pros: fast and robust, suitable for online

 Linear fit of the rising edge to obtain hit time processing

« Cons: limited charge resolution, difficult
to separate piled up hits
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PMT Waveform Reconstruction

« Input: pre-processed B
PMT waveform within e

420 ns signal window B
» Model: customized .

RawNet » :
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e It directly counts the
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Reconstruction
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I PMT Waveform
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Vertex and Energy Reconstruction

» Large number of PMTs installed on a sphere
o Each PMT as a pixel » JUNO as a camera

o Ensemble of PMTs charge/time form an image

* Image is highly vertex and energy dependent
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 Vertex/energy reconstruction — Image recognition
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Vertex and Energy Reconstruction

» Large number of PMTs installed on a sphere

 How to construct the inputs to ML models
o Method 1: projection to 2D plane — Plane CNN
o Method 2: HEALPIx ~ plane/spherical CNN

o Method 3: 3D models such as PointNet++/Transformer
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I Vertex and Energy Reconstruction
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H « Several ML methods have been
o C investigated for event vertex and energy
reconstruction on MC simulation data,
and achieved good performance

Ixl /

Dense

Ixl/

Flatten

Output
tng {P J

Need more studies on the applicability
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Muon Track Reconstruction

« 9Li/8He Background

® 9Li/8He'[:>16_ + n + daughter nuclei Z@ﬁ + delayed n@ Mimic IBD signals

o Muon-SPN correlations provide direct guidance to suppress this cosmogenic bkg.

H TT

(Top Tracker)

* Muon reconstruction

o CD & WCD: provide independent or joint _ Water
muon track reconstruction & N LS
) ) o . / A (Liquid Scintillator)
o TT: provides high-precision tracks (0.2° Wi ] Ry e < s | NN
angular resolution) as an internal reference O A — ||_(Cental Detector
« ML-based methods TN AT || water Cherenkov
WA oo lo/ b/ & ¢ =) Detector)
o Data-driven training with TT reference TR ——- e/l
tracks | ARGk Y o
iI ) 3 '/\‘ é\ :
i
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Muon Track Reconstruction

» Attention Mechanism-Based Event Reconstructor (Amber)

o Transformer-based model

o Input: fired PMT (t,q, X, V, z Input Position Multi-head . Output
P ( @ % Vs ) PMT hits Encoding Attention Aggregation Tracks

» Event reconstruction based on Deep-learning and Waveform INformation (Edwin)

CD charge

Input channels

AAAAA

o HEALPix-based spherical GNN
with rotation-equivariant graph
convolutions

o Input: extracted spatial
features from PMT waveforms
(only (fht, g) for now)
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Muon Track Reconstruction
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I Atmospheric Neutrino Measurement

« Atmospheric v provide independent sensitivity to NMO via matter effects
« Atmospheric v is a background to other physics such as DSNB, etc

 Very challenging task in a LS detector
o Neutrino directionality

: T Oscillation probability P(L/E), L~cos@
o Flavor identification P y P(L/E)
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Atmospheric Neutrino Measurement

* The success of muon track reconstruction in real data provides evidence
that PMTs at different angles w.r.t the track see different shapes of nPE(t)

« PMT waveforms depend on track direction, track starting and stopping
points, track dE/dx, etc
/ nergy

K Flavor
Track

Vertex

HlllllH‘HHZ‘HH‘IHIlIIIIlHH‘HH‘

£ AN
550 600

Time (ns) —

PMT Waveforms
(After deconvolution
and noise-removing)

Pictures of PMT Machine Learning Models Outputs
Features
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I Atmospheric Neutrino Measurement

virecuion Heconstruction rerrormance

PHYS. REV. D 109, 052005 (2024)
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Flavor identification

Neutrino flavors are reflected in the flavor of outgoing charged leptons in CC
interactions, leading to different waveform features

PHYS. REV. D 112, 012018 (2025)
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It is possible to statistically . 104 . v
separate v and v with helps from ;;w ;m
+ Hadronic energy fraction 5 H
(reflected in waveform features);, ;. o
* neutron-capture informations. PRy ra—ya—— o_lo 0z o4 o6 o8 1o

Strategy 14, vs 7, Score Strategy 1 v, v i, Score

* The performance is promising on MC simulation

« Stay tuned for the real data performance on reconstruction and PID of
atmospheric neutrinos in a LS detector!
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I LLM Agents for Scientific Workflow (Dr. Sai)

(" PHASE 1:

SETUP
TEST ENV

N

( PHASE 2:
EQUIVALENT
REFACTOR

[ PHASE 3:
PROFILE &
ANALYZE

o

prreerresreng,
PHASE 4:
OPTIMIZE &
ITERATE
f =y
¥ ==

C

-
ITERATION
NGl

 Dr. Sai pioneers autonomous
—rTy physics discovery at BESIII (and
beyond) through tic Al
ﬁ; e.yon ) throug age.n IC
g * |t integrates LLMs with
JUNO/HEP environments
i

SYSTEM ENGINEERING APPROACH

(ROOT, SNiPER, HTCondor)

» Optimize the heavily CPU-intensive likelihood reconstruction OMILREC

« Demonstrated 5x speedup via agent-guided C++ profiling and refactoring,
reducing the human bottleneck in physics optimization
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I LLM Agents for Scientific Workflow

Event selection of high-level

4 N . .
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Summary

« With O(10%) PMTs, and large-scale dataset, JUNO provides a good
playground for machine learning applications

« A few examples were presented
o MeV region: PMT waveform/vertex/energy reco.
o GeV region: muon and atmospheric neutrino reco.
o Agentic workflow in physics analysis and data production

» More efforts are ongoing to adapt MC-based experience to real data

* ML can enhance the capability of the detector, yielding faster, better
results

Thank you!
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Backup
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Calibration System

* 1D (ACU, z-axis): 13/Cs, °*Mn, 49K, %8Ge,
60Co, Am-C, Am-Be, laser

15
« 2D (CLS, z-y plane) : Am-C, %8Ge, 137Cs
10
« 2D (GT, boundary) : Am-Be
5
Source | Energy | System
Gamma Sources 'g‘
58Ge 0.511 x 2 MeV ACU = 0
137C 0.662 MeV ACU N
54Mn 0.835 MeV ACU
40K 1.460 MeV ACU -5
60Co 1.1734+1.333 MeV ACU
Neutron Sources
neutron + 6.13 MeV (160*) -10
241 .. 13 (n,y)p 2.223 MeV ACU
Am=C V20 4.94 MeV CLS
(n,7)%%Fe 7.63 MeV, etc. -15
241 5. O neutron + 4.43 MeV (12C*)
Am-"Be (n,7)p 2.22 MeV GT
Optical Calibration
Optical pulses
Laser (420 nm and 266 nm) ACU
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