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Physics in Rare Event Search

Neutrinoless Double-Beta Decay (NLDBD) Dark Matiter (DM)

AL = 2 lepton number violation process Strong astrophysical evidence, no observation on earth
Prove that neutrinos are Majorana particle We don't know which particle makes up dark matter:
Explain the matter-antimatter asymmetry in our universe *Heavy, particle-ike DM candidate: WIMP
eLight, wave-like DM candidate: Axion
26 _
Has not been observed at 7 > 107yrs WIMP has not been observed at ¢ < 10™*cm?
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Rare Event Search in 2024

Double Beta Decay (2vpp) Nevutrinoless Double-Beta Decay (0uvBp)
First proposed by Maria Goeppert Mayer in 1935 AL = 2 lepton number violation process

First detection by Ellioft, Hahn, Moe, in 1987 Explain the matter-antimatter asymmetry in our universe

Decay half-life T% ~ 10 — 10%*yrs Changes our fundamental understanding of particle physics
Much longer than the age of universe! Has not been observed at T% > 10 yrs
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vent Search in 2024

Dark Matter

The evidence for the existence of dark matter has been plenty
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Rare Event Search in 2024

Dark Matter

The evidence for the existence of dark matter has been plenty

Many DM candidates have been proposed (WIMP, Axion, etc.)
None has been observed.

Dark Matter can feel like a zoo.
— Prof. Lindley Winslow
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What Makes Rare Event Search Hard?

It is exiremely rare! Using Ouvf3p as an example ...

« We have not seen OvP33 at half life of T% > 1()26yrs
« Next-generation experiments typically aims at T% > 1028yrs (X100 improvement)

* Correspond to 3-4 event after 10 years of data taking
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What Makes Rare Event Search Hard?

| eventevery 2.5-3.3 yedar, we need ultra-sensitive detector to capture every event

* As our detector gets more sensitive, we also collect lots of events that are not Ov3/WIMP DM

Search for needle in a haystack




The Rare Event Search Pipeline
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Model-Centric Al vs. Data-Centric Al

NeurlPS 2023 Word Cloud
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Model-Centric Al for KamLAND-Z

Monolithic Liquid Scintillator Detector for Ov33 Search
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KamLAND-Zen

Monolithic Liquid Scintillator Detector for Ovp3 Search

Y Wil TEEEE N Inner Detector PMTs

1325 17inch + 554 20inch

Liquid Scintillator
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KamLAND-Zen Data

1 110,000 photons
W \produced ...
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23% Quantum Efficiency

... 500 photons will produce a signal

(photoelectron).

22% Photocoverage

... 2,200 photons will
reach PMT ...
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KamLAND-Zen Data

Triggered PMT
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Spatiotemporal Data

A time series of 2D images, projected onto

sphere (A spherical video)
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Simulating Spatiotemporal Data

m Reahstlc KamLAND-Zen Hardware

100% PC, 100% QE_ 20% PC, 100% QE 100% PC, 23% QE 20% PC, 23% QE O | PPN

Computer simulation for neutrinoless double beta decay
signal and 1°C background events
Wrote PMT model that allows us to vary two Information
Parameters:

e Photocoverage (PC)

e Quantum Efficiency (QE)

Benchmark model performance

better detector, more information in data under different input conditions

Project network performance onto future experiments with better PC and QE




Convolutional Neural Network

Conventional CNN Information Parameter Map
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Photocoverage [%]
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QE [%]

At KamLAND-Zen hardware status, CNN rejects 61%
of background while retaining 90% of the signal

1.000

0.920;

0.840;

A. Li et al.,
DOI: 10.1016/j.nima.2019.162604

n Alarm 1: Background rejection performance
=== decrease as we increase information parameter!
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Alarm 2: Conventional CNN is not powerful

enough to harness all symmetries in
spatiotemporal datal



ConvLSTM
Convolutional Long-Short Term Memory (LSTM) Network
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Attention Mechanism
Produce context images & provide interpretability
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... Project onto A Sphere

Cohen, Taco et al. “Spherical Spherical CNN

CNNs.” ICLR 2018

\Z = SO(3) symmetry & rotational invariance
¢
P
A
¥y U y
o1 o




KamNet: An Integrated Spatiotemporal Neural Network

Spatiotemporal Data
A time series of images projected onto Sphere

it

A
AttentionConvLSTM

for Spatiotemporal symmetry

KamNet

Maximal Information Extraction in
KamLAND-Zen

[28, 38, 38]

Spherical CNN

SO(3) symmetry & rotational equivariance
t

Ak

l AttentionConvLSTM + Pooling

[22, 38, 38]

l S2_Conv + RelLU + Drop

o PP

[36, 28, 28, 28]

l S0O3_Conv + RelLU + Drop
[63, 20, 20, 20]

SO3_Conv + reLU +Drop

[74, 12, 12, 12]
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KamNet vs. CNN

Conventional CNN Information Parameter Map KamNet Information Parameter Map
1.000-
42.0 42.0
39.5 39.5; 0.920
'o\_ol 37.0 - 'OE' 370
Q345 . o> 34.5 0.840
© 0
g 32.0 > 32.0
S S
o 29.5 o 29.5 0.760
@) @
x 27.0 x 27.0
24.5 24.5 0.680
22.0 22.0
23.0 29.6 36.2 428 494 56.0 23.0 29.6 36.2 428 494 56.0
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Better Performance

Across entire map, 61% — /4% 10C rejection at
KamLAND-Zen hardware configuration

More Robust

Smoother transition from low to high information parameters
Every bit of additional information is absorbed by KamNet



KamNet-enabled Background Rejection

Monolithic LS detector has been at the heart of
many great discoveries in neutrino physics ...

Time Projection Chamber
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KamNet-enabled Background Rejection

0.141 (214B| Attention Score
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efficiently reject most backgrounds in KamLAND-Zen!
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0.4 -

Normalized Amplitude

KamNet-enabled Background Rejection

While accepting 90% of 0up
XelS backgrounds anc

KamNet is independe!

and multiplicati

3 events, KamNet rejects ~27% of
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KamNet-enabled New Search

Exposure Before KamNet:
2.097 ton-yr

Apply KamNet to High-Background
Period Only:

e (Conservative use of KamNet
® \/eto critical backgrounds that passes
all traditional methods

Previous KamLAND-Zen 800 Limit:

Y7 >2.0x10%yr (90%C.L.)

American Physical Society
2023 Dissertation Awards
In Nuclear Physics

[28, 38, 38]
l AttentionConvLSTM + Pooling
[22, 38, 38]

l S2_Conv + RelLU + Drop
[36, 28, 28, 28]

l S0O3_Conv + RelLU + Drop
[63, 20, 20, 20]
SO3_Conv + reLU +Drop

[74, 12, 12, 12]

[128, 4, 4, 4]
SO3_Integrate

l S0O3_Conv + RelLU
()
O,

NP7
ANV ‘« ‘

»g’;:;,é%é:?&f‘f FC + ReLU+Norm+Drop
RS

'I/}:f'

a9, .’Q

FC + ReLU

[55,1]
l FC + Sigmoid

X [1,]

Exposure After KamNet:

0 453 tonyr T

OvBp Half-life Lower Limit with
Complete KamLAND-Zen Dataset:

TP > 27 % 10%°

T/ > 3.8 x10%°yr (90%C.L.)

Apply KamNet to All Data:

1/2 yr (90%C.L.) +35%



World-leading Ouvp3 Results

This Xe 0Ovpp search represents

| 2. 0 . s .
(T?/UQ) =G |M™| ur; ' (a) NO the worlds most stringent limit
T{)/vzﬁﬂ > 3.8 % 1026yr R - Shell Model on the effective Majorana mass
(mgg) < 23-122 meV > 150~ QRPA |
g  — EDF KamLAND-Zen Collaboration
~ -IBM ArXiv: 2406.11438
Q
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£ 100f Phys. Rev. Lett. 130, 051801
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ThlS Sea rCh reaCheS the inverted O ol v v vl bl vl el i (b) T Asak.a' PhYS. Lett.B 811, 135956
mass ordering region below 50 meV 1 10 10’ 1 10 10° ) Asal, Furo-Phye A 80, 76
with half of the phenomenological Myjontest (MEV)

NME calculations!



KamLAND-Zen Data as Point Cloud

Z. Fu et al.,
Eur. Phys. J. C 84, 651 (2024)
https://doi.org/10.1140/epjc/s10052-024-12980-7
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https://doi.org/10.1140/epjc/s10052-024-12980-7

PointNet-VAE Model for Event Generation

Z. Fu et al.,
Eur. Phys. J. C 84, 651 (2024)
https://doi.org/10.1140/epjc/s10052-024-12980-7
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https://doi.org/10.1140/epjc/s10052-024-12980-7

Normalized Bin count [arp. units)

Normalized Bin Count [arb. units]
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P-value: 86.1%
sim-KLZ800 Dataset
[ VAE-Generated Dataset

https://doi.or

Z. Fu et al.

’

Eur. Phys. J. C 84, 651 (2024)

10.1140/epjc/s10052-024-12980-7

Reconstruction Parameters
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Model-Centric Al vs. Data-Centric Al
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Y. Kahn, B. R. Safdi, and J. Thaler, J. L. Quellet et al.
Phys. Rev. Lett. 117, 141801

2 e [Re, e, 122, 12102 [20119),

Broadband AX|on Dark Matter Search with Toroidal Magnet

C. P. Salemi et al.
Phys. Rev. Lett. 127, 081801 (2021)

Frequency Spectrum
Axion-Modified Maxwell’s Equation: Broadband Search for axion DM
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TIDMAD: Time Series Dataset for Discovering Dark Matter with Al Denoising

©® Open Data

Release dark matter detector data for Al/ML
algorithms

TIDMAD: Time Series Dataset for Discovering Dark
Matter with Al Denoising
©® Easy Benchmarking

Design a quantitative benchmarking score to
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© Al for Science

Enables core Al algorithms to extract the signal
and produce real physics results thereby
advancing fundamental science
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New Electronics for KamLAND-Zen

16-channel prototype for Kaml AND2-Zen
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Summary

“Al and Data Science has shaped rare event search, it’s
an accelerator for new physics results”

e KamLAND-Zen: KamNet, PointNet-VAE
 ABRACADABRA: TIDMAD Data Set

“It will continue to evolve and foster discovery In next-
generation experiments”

e Al for Rare Event Lab: https://aobol.github.io/AobolLi/
e Email: aol002@ucsd.edu
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