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Introduction
Multi-gamma events

- Many pileups observed due to high-rate muon decay (3 — 5 x 107 u / sec)
* Current analysis consists of spatial search and temporal search

Current pileup analysis flow
P P y Sum waveform of the PMTs

) 3 Run 431101 721
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Differential waveform
 Trigger waveform
» Spatial search result



Introduction

Limitation of current analysis

Some hidden pileups are found in event judged as “no pileup”

100 Run 391657, event 1171
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Concept

New Approach: Machine Learning Approach

ML can effectively exploit spatial and temporal sensor correlations comprehensively

* Pileup separation is similar to object detection task

Object detection Pileup detection

P Photon 1,

Carl Car 2 Car3 g, | ——
i Photon 2

sl (1

 Challenge: simulation vs data discrepancy
» Simulation is not perfect - Good performance against simulation is not enough

* Despite its strong performance on MC validation samples, the model trained on MC data
exhibited a significant performance drop when evaluated on real data



Model Architecture
Model architecture

« Model developed based on
Object Detection Transformer
 Input: Sensor waveform
» Qutput: Variable number of photons
and their information

Variable number of prediction photons

{
Object query 1

|
Object query 2

(= Photon 1) ( = Photon 2)
Probability ~ 1 Probability ~ 1
time + time
# of p.e. for each * # of p.e. for each
sensor _/ \__sensor

/Object query 1 A
( = Null)

Probability ~ 0

T

[ Encoder H Decoder
| Feature extraction ]
4 ) Object query 1 Object query 1 Object query 1
2 E (random) (random) (random)
: ~) \ Y
. Sensor B o =
' Coordinate Sensor waveform Fixed number of object queries

_______________________________________________________

X 4760 sensor

(assumed maximum photons)



Model Architecture

Feature extraction by 1D CNN

* 1D CNN extracts a feature vector from the raw 512-bin waveform

* The waveform shape for a single gamma event varies sensor-by-sensor
 This was not modeled in the simulation, causing part of the data-simulation discrepancy
« The model corrects for this by also feeding a template waveform into the CNN

Raw waveform Template waveform
| |
[ 1D CNN (4 layers) ]

l

Feature vector (dim = 64)
v

To Transformer model



Training

Preparation of training samples

[mV]
»n

 Made from real data to avoid simulation-data
discrepancy
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* Mix events with high probability of being a
single gamma
* Single gamma selection ... By setting a stricter
cut on fit y? value than the usual threshold

+ Time shift
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 Enhancing difficult samples
+ Converted in deep region
« Small energy
* On-time with main
* Close to main
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Performance

Performance on artificial pileups
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Performance

Performance on real pileups
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Performance

Performance on real pileup
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Performance

Performance on real pileup
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Integration to the framework

Preliminary integration: ML outputs as fitting seed

* Current pileup analysis: Template fit of the sum waveform
* Number of fitted pulses and their amplitude & time are estimated before fitting (“seeds”)

Seed estimation source

» Peak search in light distribution

» Peak search in differential waveform
» Peak search in trigger waveform

Template fit of Main pulse
The sum waveform extraction

x®

- Adding ML prediction here is the easiest
ML prediction (new seed source) i ) .
integration to the existing framework

Expected effect

* Newly found pileup by ML improves fitting
» Accurate seeding by ML gives better convergence (even for the existing seeds)

12



Integration to the framework

Performance with the ML seed

Conventional: NoPL (chi2 = 4.6)
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Summary & Prospect

Summary

« Gamma-ray pileup occur frequently in MEG Il LXe detector
* Newly developed a Machine Learning model for pileup analysis

* Its performance seems promising
 Found pileups that conventional method could not find
* Improved fit quality by using as the fitting seed in conventional sum waveform fitting

Prospect

* Improve model performance
* Tune hyper-parameters
* Better consider event type fraction in the training model (maybe retry with MC)

» Establish validation method against real data
* Reduce computational time (currently consuming 10-20 sec / event)
* Develop an analysis algorithm that can fully utilize ML output

14
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Introduction

l/l — e)/ SearCh [ln’_‘\fnﬁ\ﬂﬁ

* u — ey: One of the Charged Lepton Flavor Violation (CLFV) e o -~
- Strongly suppressed in SM + neutrino oscillation (Br(u = ey) ~ 107>%)
* Measurable branching ratio predicted by many new physics (e.g., SUSY-seesaw, SUSY-GUT, ...)

 Current upper limit: Set by the MEG Il experiment @ PSI
- Br (u - ey) < 1.5x10713 (90 % C.L.) with 2020-2021 data

. 52.8 MeV
180//,_\\\ 0 /\% Ye . Accidental
/J// vy coincidence
| M
7

52.8 MeV

8 9




Introduction

MEG Il experiment

* Searches u — ey with world’s highest sensitivity
* High intensity DC muon beam at PSI x Detectors with high resolution

« DAQ continues until the end of this month
- Target sensitivity: 6x1071* (90 % C.L.)

Liquid xenon detector
(LXe)

COBRA

superc?ucting ma

View from downstream

Pixelated timing counter
(pTC)
Muon stopping target 3

; Cylindrical drift chamber
Radiative decay counter (CDCH) 0/\1 ¢
(RDC) z x




Introduction

LXe gamma-ray detector

» C-shaped homogeneous calorimeter
» Scintillation light detected by
* 4092 SiPM (Inner face) + 668 PMTs (other faces)

Typical event display
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Model Architecture

Model architecture

Model developed based on Object Detection Transformer

Dot product

& softplus
Photon probability Photon time R ® —— Sensor-to-photon Npp,
Linear Linear Linear
& RelU & RelU inea
Refined object queries g’ - ® - Refined sensor representation h’
Ccocog
Number of model

parameters : 17 M
K Add &lNorm Je Add &INorm \

X 4760

-

Input £

Sensor waveform
(4760 sensors x 512 bins)

L L I
-600 —-400 -200

-

For each object queries,
* Photon probability

/

( « Sensor-to-photon # of photoelectrons

/ . [ Feed Forward ] [ Feed Forward ] K e Photon time

( Add&Norm Je

[ PR ] ( Add & Norm Je ( Add &INorm

Masked Mult-H d] mas Multi-Head i
[ * :ttenl';lloln+ = i [ A:tgntiZi ] Ob-JeCt query
S ! S T » Fixed number of vectors, each representing photon slot
Multi H d ( Add & Norm Joe—
[ &fﬁ ] [ Mult-Head ] T .
) Q&qtﬂ * Initialized randomly and input to decoder
ca Learnable
xNenc\ t /® \ @posmon encoding /4Ndec .
[ wow | LS Goooo * Photon probability ~ 1 — Represents photon
f postion encodng e e .. Enable prediction of variable # of objects (photons)

Sensor waveforms h (initialized uniformly at coordinates within the detector volume)



Model Architecture

Feature extraction by 1D-CNN

Template waveform Raw waveform

—\ £ EE;A.A,,,J\A‘_.
- \ b
\ B Lyt
2 WY

\ y

v

Matched filter correlation

l
ConvlD (k=7,s=1, p=3) + GroupNorm + GELU

ConvlD (k=5,s =2, p =2) + GroupNorm + GELU

'
'

ConvlD (k=5,s =2, p=2) + GroupNorm + GELU

'

ConvlD (k=3,s =2, p=1) + GroupNorm + GELU

!

Ch = 64, Length = 256

Ch = 64, Length = 256

FiLM modulation

Ch = 128, Length = 128

Ch = 128, Length = 64

Dilated block x5
Receptive field: 27-523

Ch =128, Length = 64

AvgPoollD + Flatten + Linear + LayerNorm

|
h(dim = 64)

Matched filter correlation

Standard convs only combine channels linearly and cannot perform
element-wise multiplication raw(t) xtemplate(t).
This product is thus precomputed and passed as an extra input channel.

template

V filp
—_

raw waveform l Use as kernel

Correlation

—» ConvlD (k = 128, S = 1, p= 64) (Length 512)

E = 200 o

FiLM modulation

Modulates a feature map with a scale (y) and shift (8) generated from template
waveform, applying an affine transform per channel

ConvlD (k=7,8s=1,p=3)

—> _> ’
template + GELU + AvgPool1D + Linear v f
Input h — Output=y-h+p
Dilated block
Expand receptive field without changing shape
Ch =128 Ch =128
Length = 64 S Length = 64
ConvlD(k = 3, p = d, dilation = d
Input —>» onviD( P llation = d) — @& —» Output

+ GroupNorm + GELU




Model Architecture

Feature extraction by 1D-CNN

1D CNN for 1 sensor

Template waveform Raw waveform
jfﬂ ! Template waveform input
[ \ = I“m““ . .
\ A Waveform shapes against single gamma vary sensor by sensor
. \R — Give typical template waveform per sensor
I « Take correlation between template and raw waveform

Ch = 2, Length = 512

 Intermediate modulation by template information
ConvlD (k=7,s=1, p=3) + GroupNorm + GELU

ConvlD (k=5, s =2, p=2) + GroupNorm + GELU
> FiLM modulation Example of one element of feature vector h (Original light distribution)
ConvlD (k=5,s=2, p=2) + GroupNorm + GELU " sesecaas munl
ConvlD (k=3,s =2, p=1) + GroupNorm + GELU Ch = 128, Length = 64 0
Dilated block x5
Receptive field: 27-523
AvgPoollD + Flatten + Linear + LayerNorm -m-
' X4760 sensors

h(dim = 64) - » To Transformer




Training

Training

Elapsed Time from Step 0 (hours)
0.0h 11.7h 30.8h 41.9h 52.8h 57.2h 61.9h 66.4h 71.2h 76.9h

500 1

400 A

300 A

Training loss

200 4

100 4

®
)

Epoch

No Pileup Off-time pileup On-time pileup

No mix mix at rate 2 gammamix 2gammamix 3 gammamix 2gammamix 2gammamix 3 gamma mix
(Difficult) (Difficult)

0.090M  0.060 M 0.039 M 0.240 M 0.044 M 0.087 M 0.104 0.022 04 M




Performance

Performance on real pileup

‘no pileup”
In conventional
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Concept

Machine Learning Approach

Machine learning can used to comprehensively handle the space & time correlations of sensors

* Pileup detection is similar to object detection in computer vision
+ Treat photosensor as pixel, photon as object

Pileup detection

Object detection

<8 & 8 8 3

8

Pileup 2

Car 2 Car3

Seees setstc e

https://openaccess.thecvf.com/content_CVPR_2019/papers/Kirillov_Panoptic_Segmentation_CVPR_2019_paper.pdf

+ Usual CNN-based model is difficult to apply on LXe — Use Transformer
 Transformer: utilize Attention mechanism (widely used in LLM , such as ChatGPT)
« Sensors’ 3D absolute coordinates can be directly given via positional encoding



Limitation of the current method

- Events with large y? value in template fit are

making high-energy tail

* Some of them seems to be pileups,
even though they were judged as “No pileup”

- Z

20000000000008 sssesssee
XXX ceecsccae
20008800088 & sssssssse
sssssssssses eseesssee
s sesessssse
ssesssase
'R ™
- a8 L]
sesee ™
sesssee
. ssses g o o
s008888800s
s0 0 ceee?
LR FTTITE R R
sessssssas
ssssese
sssssssee
XEEEEE
sresese
YRR
sevae s e
* * ]
a00e
. see

—— NoPileup and x2< 1

—————— NoPileup and %> 1

50 52 54 56 58 60
E, [MeV]

Needs improvements



Concept

Challenge in ML development on LXe detector

MC vs data discrepancy

When trained with simulation data,

» High accuracy achieved on MC validation samples

» Performance degrades significantly
on real experimental data

Estimated causes in MC

Waveform variation:
sensor-by-sensor differences are not
modeled

Light propagation:
LXe optical processes may be imperfectly
simulated

Possible solutions

Provide waveform features to model

Feed typical sensor-specific waveforms
directly into input features

Train directly on real data samples

Construct training data from real
experiments to eliminate simulation bias

Update MC model

(Long-term) Improve simulation for LXe
light propagation and sensor response




Training
Training loss
L= aclchls + atimeLtime + anpheanhe + ashapeLshape + apostos + asumLsum + Xempty Lempty

Matching between truth and query

Class loss Lqs  Binary Cross Entropy
Queries (Q = 8) Time loss Liime Huber loss
= loss L MSE of _/nyne relative to truth,
Truths (K) "tphe nphe phe

for matched queries
Shape loss Lshape Dice loss of /mype

Calculate cost matrix C;; = L;; for each (query i, truth j)

Position loss Lpos  Huber loss of nyp. -weighted centroid
&.}..... Nphe SUM loss Ly, Huber loss of total nyp,
Find pairs to minimize the cost (Hungarian algorithm) Empty loss Lempty MSE of \/nppe relative to 0,

for unmatched queries

Loss calculation & back propagation Acls  Xtime ®nphe ®shape pos Xsum  Xempty

300 10 200 100 2 0.1 35



Performance

Performance on real pileup

‘no pileup”
In conventional
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