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QyogenicUndergroundObservatory forRare Bvents
Primarily a search fareutrinolessdouble beta
decay fort30Te

Located at Hall A of Gran Sasso National Laboratory

~3600m.w.e of overburden, muon rate 6 orders of
magnitude less than surface, extensive shielding

130Te has & iQ-value 0f2527.5 keV

742 kgTeQ 206 kg'*Te B4%natural abundance)

Images courtesy of LNGBips://www.Ings.infn.it/en
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Beyond Standard Model phenomenon, can occur if neutrinos are Majorana particles
Lepton number violating process

Potentially impact understanding of origins of matter/antiatter asymmetry

Constrains neutrino mass hierarchy, scale (model dependent)
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Light neutrino exchange model




988 natural TeQcrystals

A5x5x5 cm, arranged in 19
towers

ASources and detectors
Tightly spaced crystals allow for

coincidences to be exploited for
background reduction
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988 TeQcrystals operated as bolometers;
energy deposited is registered as Heat Sink ———
temperature change

-¢— Copper Holder

_ Weak Thermal
A 'Read out by a NTINéutron Transmutation Coupling
Doped Ge thermometer
Signal strength and detector resolution  Absorber ! NTD Ge Sensor
RSLWSYR aiNery3aIteée 2y  So¥akISNI—Gd [_:_"_05@@1«@@)9&
Law) (TeO,)
R = R.exp(T./T)"?
A ce T3
Mass~750 g
A Detector operated at-10mK .
Incident
In CUORE, we observe an average Radiation
resolution of~8 keV FWHM at 2615 ke Schematioof a CUOREolometer
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Baryon Number Violation




Conservation of baryon number is not guaranteed by a
fundamental symmetry 5
Proposed to explain the stability of matter

Violation of baryon number conservation essential to
explain matter antmatter asymmetry (Sakharov
Conditions)

Best probe yet: Proton decay (Sug€rlG4yr)
HyperK will improve on this

Nucleon decay modes and neutramtineutron “ips: . SymineIvmegazine.oo/ariok/ocioper
oscillation are two promising ways search for baryon

number violation o PP — etntat
Will describe search for tnucleon decay, withYo o)
mm::::x::umme,c y y, and baryon asy y of the universe m % e+ 7r+ AB — 3

(Submitted 23 September 1966)
Pis'ma Zh. Eksp. Teor. Fiz. 5, 32-35 (1967) [JETP Lett. 5, 24-27 (1967).
AlsoS7, pp. 85-88]
Usp. Fiz. Nauk 161, 61-64 (May 1991)
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Literal translation: OutafS. Okubo'seffect
At high temperature
A fur coat is sewed for the Universe
Shaped for its crooked figure.
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Model proposed by K.S. Babu* utilizes anomaly frggis€rete symmetry in
the SMlagrangianwith the inclusion of righthanded neutrinos

TheZsymmetry has a natural embedding in the following U(1) gauge

symmetry:
I} + L+ L; — 2L
I3 =Y —-(B-1L)/2

L; : " family lepton number, i # j # k

Forbidsn . T mplk ¥R ydzOf S2y (RSkeep ggroupMBRomM&ya
free)
n. o I fta@#&ssperatord U K

*K.S. Babu et al.

https://doi.org/10.1016/j.physletb.2003.07.036
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Triproton decay in3°Te produces?’In, and charged patrticles carryiggy GeV
One can search for this process in two ways:

A Direct search: Look for decay energy deposited in the detector

A Indirect search: Look for decay signaturedh
Indirect search previously implemented by MAJORANA collabotatimhEXE200?
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1 https:/journals aps.org/prd/pd710.1103/PhysRevD.99.072004 2.1 GeV
2 https://journals.aps.org/prd/pdf/10.1103/PhysRevD.97.072007
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Direct search looks for energy deposition in multiple
crystals throughout the detector

A CNN based analysis to classify these with muon
events as background

Indirect search looks for decay signatures of daughter
nuclei at the origin of the trproton decay

&
\N_/

Indirect search of trproton decay via 1271




Primary backgroundviuons

PPP decay events characterized by diffuse
showers

A High multiplicity, high energy events

Muon events show tracks with relatively lower
multiplicity secondary events

Potential to discriminate between events
based on energy distribution and event
topology

Convolutional Neural Network good candidate
for classification algorithm

A EXxcellent at extracting spatial information
with translational invariance

: Muon Event

PPP Event




Simulated PPP decays and muon events in
CUORE geometry

A 200,000 events for each class :
PPP decays:

A Randomly spli.7 GeVamong the |

decay products
Muon events:

A Generated in MC on a 5 m hemisphe '2

with measured LNGS muon 2
distributions

response

CUORE Preliminary

Processed events with CUORE detector



Layer (type)

2 blocks of Conv3D + MaxPool3D Cinput_l (Inputlayer)  [(None, 10, 10, 13, 1)] 0
A 1st block: 16 filters, kernel size: 3x3x3 conv3d (Convap)

conv3d_1 (Conv3D)

A 2" block: 32 filters, kernel size: 3x3x3

. max_pooling3d (MaxPooling3D
A MaxPoolkernel size: 2x2x2 )

conv3d_2 (Conv3D)
2 layers of FC layers s 5 oy
A Dropout: 0-3 max_pooling3d 1 (MaxPoocling
. . 3D)

A RelLUnctivation

Output Layer: Sigmoid
Training parameters: dropout. (Dropout)
A Loss function: Binary cross entropy dense t (Derse)

. . dense_2 (Dense)
A Optimizer: Adam
A Early stopping, validation accuracy as moni e o2

HNon-trainable params: 8

global average pooling3d (G
lobalfveragePooling3D)

dense (Dense)

Output Shape

(None, 1@, 1@, 13, 16)
(None, 1@, 1@, 13, 16)

(None, 5, 5, 6, 16)

(None, 5, %, 6, 32)
(None, 5, 5, 6, 32)

(None, 2, 2, 3, 32)

(None, 32)

(None, 32)
(None, 32)
(None, 18)

(None, 1)

Param #
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Loss
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. CUORE Preliminary 015 e,
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Epochs

Epochs

80%20% split for training
and validation data

Training Accuracy: 93.4%
Validation Accuracy: 94.2%



Receiver Operating Characteristic (ROC) Curve
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Ensemble of models trained on differen O
samples of the MC training data
distribution

A Prepared by randomly selecting a
subsetwith replacement

Accuracy

For each bootstrap sample, a new mod
iteration trained

Models obtained benchmarked with
iIndependently prepared MC sample

Statistical uncertainty:
A PPP accuracy: 0.009
A Muon inaccuracy: 0.010
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Phase space calculation of-pnoton decay as 4 body decakiowssmall
preference towards e+ energy

Used ROOT clag&enPhaseSpace

3 X107 <107

% Entries 1000000 08 B T .
T Meanx  0.8057 % - .
= 235 Meany  (.8858 250
0 |
RMS x 0.462 0.04 " 04
RMSy 04678 B
# Integral 1 2
0.03 E 58
L5 1.5
0.02 02
1 1
05 0.01 0.5 0.1
0 SN 0 O0 0.005 0.01 0.015 002 0025 003 0.035 i
0 0.5 1 1.5 2 2.5 3 : : : , - : .
E(pi+) GeV E(127In) GeV



AFive batches of 10,008vents of
triple proton decay simulations “ Weighted standard
generated with e+ receiving " | CprEmO
fixed amount of initial energy

AEnergies chosen:
(703, 803, 903, 1003, 1103) Mev

Alnference performed using “
models prepared for
bootstrapping

ACalculated spread in accuracies
weighted with statistical
uncertaintes e oy (rew)




Higherdimensional operators (d > 6) violating baryon number by one unit induce
multibody nucleon decay channels

Plethora of potential BNV signals that have yet not been explored
A Some of the explored signals are decades old and worth revisiting

PHYSICAL REVIEW D 101, 015005 (2020)

Inclusive nucleon decay searches as a frontier of baryon number violation

Julian Heeck®"” and Volodymyr Takhistov*’ \
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Proton decay, and the decay of nucleons in general, cositutes oac of the most sensitive probes of high-
scale physics beyond the Standard Model. Most of the existing nucleon decay searches have focused
primarily on two-body decay channels, motivated by grand unified theories and supersymmetry. However.
many higher-dimensional operators violating baryon number by onc unit, AB = 1, induce multibody
nucleon decay channels, which have been only weakly consteained thus far. While direct searches for all
such possible channels are desirable, they are highly impeactical. In light of this, we argue that inclusive
nucleon decay searches, N — X + anything (where X is a light Standard Model particle with an unknown
encrgy disiribation), are particularty valuable, as are modekindependent and invisible nucleon decay
searches such a5 n — invisible. We comment on complementarity and opportuities for such searches in
the curment as well as upcoming large-scale experiments Super- Kamiokande, Hyper-Kamiokande, JUNO,
and DUNE. Similar arguments spply 10 AB > | processes, which kinematically allow for even more
involved final states and are esseatially unexplored experimentaly

Instanton

DOE 10.1103PhysRevD. 101015005

L INTRODUCTION

Baryon number B and lepton number L are seemingly
accidentally conserved in the Standard Model (SM), which
makes searches for their violation extremely important. So
far we have not observed any B or L violating processes
despite decades of experimental investigation, yet there are
many reasons 1o expect that these symmetries could be
broken. The lincar combination B+ L is in principle
already violated by 3 -+ 3 units within the SM itself through
nonperturbative instanton effects, albeit highly suppressed
(1. From a more fundamental top-down perspective, global
symmetries such as U/(1), and U(1), arc expected to be
violated at some level by quantum gravity effects [2,3],
which is however difficult to quantify. Furthermore, baryon
number violation is one of the key prerequisites for
successful baryogenesis [4]. which would address the
observed baryon-antibaryon asymmetry of our Universe.
Explicit B-violation and associaled proton decay is a
defining prediction of grand unified theories (GUTs)

lian. Heeok @ uci.cdu
Viakhist@ physics uck.edu

Published by the American Physical Society under the terms of
the Creative Commons Attribution 4.0 International license.
Further distribution of this work must maintain anribution to
the author(s) and the published article’s tile, journal citation,
and DOI. Funded by SCOAP’
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5.6) that unify the three forces of the SM into a single

ua
GUTS typically fead to effective dimension-six (d = 6)
operators with AB = AL = 1 that induce two-body nucleon
decays such as p = e2° and 5 — e*x", mediated by
heavy gauge bosons with family-universal couplings [7-9].

1t has to be stressed, however, that the significance of
nucleon decays stretches far beyond GUTs. AB # 0 proc-
esses generically appear in numerous theoretical extensions
of the SM. such as supersymmetry (SUSY) [8]. typically
mediated  the renormalizable level by leptoquarks
and diquarks [10-13]. A somewhat model-independent
approach to study AB # 0 operators is through the SM
effective field theory (SMEFT), neglecting model-depen-
dent_interference effects [14-18]. This allows one to
identify higher-dimensional operators with a flavor struc-
ture that can make rather unconventional nucleon decay
channels dominant. Further, higher-dimensional d > 6
operators typically induce nucleon decays with multibody
final states and even in simple UV-complete models one
can encounter more complicated nuclcon decay channcls
suchasn — e ep [19) or p — &7 5" -1 [12,16). Hence,
there is a vast landscape of possible motivated nucleon
decay modes of varying complexity.

Experimentally, an_extensive nucleon decay search
program has been carried out over multiple decades,
covering more than 60 decay channels [20]. The most

Published by the American Physical Seciety
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https://journals.aps.org/prd/pdf/10.1103/PhysRevD.101.015005

r—1

Channel |A(B — L)| 10903
p—e +7 0 41000 [72]
p—et +a° 0 16000 [24]
p—et+n 0 10000 [73]
p—et+p° 0 720 [73]
p—oet tw 0 1600 [73]
p—et + K° 0 1000 [74]
p—et + K*° 0 84 [65]
p—put 4y 0 21000 [72]
p—ut +x° 0 7700 [24]
p—ut+n 0 4700 [73]
p—ut 4 p° 0 570 [73]
p—ut +w 0 2800 [73]
p—ut 4+ K° 0 1600 [75]
p—ov+nt 0,2 390 [76]
p—v+pt 0,2 162 [65]
pov+ KT 0,2 5900 [77]

]

p—v+ K-t

e
bo

n—e +nt 2 65 [79] (5300* [73])
n—e +pt 2 62 [79] (217" [65])
n—e +K" 2 32 [62]
n—e + K"t 2

n—et 4 0 5300 [73]
n—et +p” 0 217 [65]
n—et + K~ 0 17 [65]
n—e + K 0

n—pu +7at 2 49 [79] (3500* [73])
n—pu +pt 2 7 [79] (228" [65])
n—pu +K* 2 57 [62]
n—ut 4 0 3500 [73]
n—ut+p 0 228[6]
n—p + K- 0 26 [65]
n—v4+-y 0,2 550 [28]
n— v+’ 0,2 1100 [76]
n—v+y 0,2 158 [65]
n— v+ p’ 0,2 9 [79]
n—v+w 0,2 108 [65]
n—v+K° 0,2 130 [7]
n— v+ K*° 0,2 ]
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p—=e +at+p°
p—=e +K"+4a
p—=e +2
p=e +a +at
p—=e +p +a
p—e +K 4+
p—=e+a +p
p—=e +a + K™
p—oe_+24t°
p—.e_+n°+?]'
p—re—+n°+pu
p—pE‘_+n°+|‘.tl
p—pE_+nD+KU
p—=y 422"
p=u +K +nat
p—ut+2y
p—=u+a +at
p=u 4+ K +xat
p=ut+a + K
p—ut+ 210

I p—out 424y

p—=ut+a"+K°
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Channel |A(B = L) TJ%
p—e +et+et 0 793 [46]
p—=e +et +ut 0 529 [46]
p—=e +et fpu 0 529* [46]
p—=e +u +u 0 6 [73] (359" [46])
p=e +u +u 0 359 [46]
p=u +ut4pt 0 675 [46]
p—oet+ 2 0,2 170 [81]
p=pt+ 0,2 220 [81]
p—e +2x" 2 30 [52] (82" [46])

75 [46]
100 [82] (793" [46])
82 [46]

75" [46]

75* [46]
147 [46]

17 [52] (133* [46])
245 [46)
529+ [46]

133 [46]
245" [46]
245* [46]
101 [46]

Channel |A(B-L)| e
novte +et 0.2 257 [46]
n—ov+e +ut 0.2 83 [46]
n—v+et +pu 0.2 83* [46]
n— vt 4t 0.2 79 [46]

n— 3y 0.2.4 0.58 [83]
n—e +at+a 2 29 [52] (52* [46])

n—e +x +n

n—e 4+nx+p"
n—e +a 4w
n—e +at+ K"
n—»e‘+p‘+.wu'
n—e +Kt+a°
n—et4a +a°
n—et4+a4n

n—et+a +p°
n—et4+x 4w
n—et +a +K°
n—et+p +a
n—et + K +a°
n—p +xt+n°
n=u +xt+4n

n—u +at+K°
n—u + K+
n—ut+a +a°
n—=u"+a 4+

n—l-p_+1r+K":'
n—=pu" +K +a°

i o T o B e B L S = - e e e L A I S I ]

52 [46]

18 [82]

34 [52] (74" [46])

74 [46]
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Trinucleon decay search in CUORE demonstrates capability to detect high energy, h
multiplicity events based on event topology

A Analysis also demonstrates effectiveness of DL methods for topological searches

Limits on many multibody nucleon decays remain unexplored or can be updated

A Signals of interest can be rapidly simulated for the CUORE detector array to short
most viable signal candidates

A Signal topology, kinematics and compatibility with delayed signal will determine
detection power

A Signals could be prioritized on theoretical grounds
A More sophisticated tools like GNNs can improve analyses
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2
Experimental observable is 1 _ Go(Q 885 Z)| ng|2 < Mpg >
decay rate T 0vBp / \ mg
A Depends on effective Majorana 1/2 Phase space Nuclear
mass(m; ) factor Matrix
A Directly related to absolute Elements
neutrino mass scale
Add|t|ona|dependency on rEnf;z(;tlve Ma@‘na o Majorana phases
various nuclear and atomic mpg = IZ |Uei ||
effects.

=1
Limit on (m ) can help rule out [ \

Inverted Hierarchy (model PMNS matrix ~ Individual neutrino
dependent) masses



Experimental observable is 1
decay rate T ) S st B .
A Depends on effective Majorana _ e I
mass(m; ) w) Bgewe | e ml],
A Directly related to absolute _
neutrino mass scale £  [—_—
Additionaldependency on 5
various nuclear and atomic
effects. [
Limit on (m ) can help rule out e
Inverted Hierarchy (model o ~ o T —
dependent) Mt (mEV) Atomic number

Jqithut . I



n W 1signal is the summed electron energy at
Q-value

A Exceptional resolutioressential to differentiate
between then ian jand 2V 1 spectra

A High Qvaluefor practically observable halife and
avoiding gammaay backgrounds

Low backgroundequired for a detectable

signal, going underground is necessary to
avoid cosmic raipkg

Exposureneeds to be maximized
A Large detector mass
A Efficient duty cycle to lengthdivetime

Choice of isotopeshould be compatible with
detector technigue

Counts

2038

0B Ty, Q7

Q{:‘_:I‘

Total electron energy

Detector Livetime

Isotopic abundance mass

aeN om mt
Ty5(10) = In(2) w \ AE

1-sigma sensitivity Bkglrate/ \
energy/mass

Energy

Efficiency Resolution




Operating temperature o015 mKis achieved via
multistage cryogesree dilution refrigerator

A Precooling performed by pulse tube cryocoolers
A Multistage design shields from thermal radiation

Cooling power of ~5 pW at 16K
A Experimental volume of 1 fiand payload of 1.5onne
A Demonstrated stability over years of data taking

‘Aha..A.“.. " & wels
e ” Smane L]

AT/T (%)
o -
y =
.3
i
3
$
X
+

e
5
3

1 n 1 " 1 L 1 L 1 L 1 . 1

Apr 2019 Jul 2019 Oct 2019 Jan 2020 Apr 2020 Jul 2020 Sep 2020

+CUORE collaboration CUORE relatlve temperature
https:/www.nature.com/articles/s4158622044974.pdf  fluctuation over time*

&7 Pulse tubes

I Dilution unit j I l

Modern
lead

Detector

Roman
lead

The CUORE cryostat*
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Experimental setup shielded from radiation

by multiple layers

Neutron background:

A Lateral 18 cm polyethylene layer with 2
cm thick HBO,panels

A 20 cm thick borated polyethylene at the
bottom

Gamma background:

A 30 cm external, lateral lead shield

A 30 cminternal lead shield above the
detector volume

A 6 cm thick internal lead{’Pb free) on
the side and below the detector volume

Y-beam
Vibration isolation

Main support plate

Cryostat

Concrete beams H3;BO; panels

Sand-filled columns Lead

Polyethylene
Concrete walls —»

Screw jacks Borated polyethylene

Movable platform

Seismic isolation ————»

External structure of CUORE




Detectormass
Isotopic abundance

AN /—Tf
Ov B aeN4n mt

1-sigma sensitivity

Active Mass: 742 kg TeO
Isotopic abundance: 34%, 206 K@le




Livetime

aeNyn [ mit
14 bAE

Tlﬂ/g(la) = In(2)

1-sigma sensitivity

Greater than 90% duty cycle

Cryogenfree cryostat (No regular downtime for invasive cryogel
maintenance)




aeNsm | mt
14 bAE

1-sigma sensitivity l
Bkgrate/energy/mass

T1U/I§(1U) = In(2)

Radiopurity controls on materials and assembly
~3600m.w.eoverburden
Extensive shielding
Bl: ~1& counts keVtkg! yrt
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1-sigma sensitivity \4

Energy
Resolution

Crystals operated at 1inK
Denoising techniques
Q ;relative energy resolution: 0.3%
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Efficiency

) multi-site (background-like)

y yi'z 2 Fevemtshoccur in a single crystal

Source = Detector
88% containment efficiency
96% data quality cut efficiency




Data Processing




Denoising

=== ==/~

A Multivariate noise cancelling algorithm
to improve detector performance*

A Uses data from auxiliary devices:
Microphones, accelerometers,
seismometers

 CUORE

L preliminany o b £ -

. | —Before Denoising
- |—After Denoising

10" 10°

UCUORE collaboration
hitos ol .

Frequency [Hz]



https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
https://doi.org/10.1140/epjc/s10052-024-12595-y
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g 2ol 3keV signal i
: : Q 1 )
Optimum Trigger o of ot £
A Triggers on pulses after filtering = 200 | |
waveform -
. . . 40—
A Matched filter to maximize signal tc :
i 60 —raw
n0|.se : _ _ - - - filtered
A Adjusts for baseline drifts and nois  -80-
A Lowers energy detection threshold -100- JINST 6 (2011) P02007
PR T AT T N S N NN T R SN T MO T S N SO ST AN N MO SO S N
0 100 200 300 400 500 600

sample index



N EEEEEEN

Amplitude Evaluation
A Using optimum waveform filter to estimate amplitude of pulses
A Transfer function of each channel evaluated using average pulse and average no

pOWGI‘ SpeCtrum *(/)v Average Pulse
: S Wk
H(wy) oc etmee —— =L p(4)
N (wk) Average Noise Power
Spectrum
5 B ~ 10?
: 1= Average Pulse 'E" 10
é 0.8 ;_ Filtered Average Pulse E 10‘E
E' 0.6f - § }g-s
- <10
o4E 107
- 10°
021~ 107
- -8
0 :/\ W }g—g -
- N 10710 Average Noise PS
_02k 10-1 Filtered Average Noise PS
=TT T E T S S S S N S S S SN SR SR 10712 Ll Ll Ll L0 el L
0 2 4 i 8 10" 1 10 10°

Time (5) Frequency (Hz)




Gain Stabilization .

-64000-

A Minimizing gain dependence
on temperature using

PR R S S
4] 2000 4000 6000 8000 10000
Time [ms]

eriodically injected pulses 2 sk - 1050 3
5] - 1 O
g 2010 - Stab. Amplitude 5030 E
e F Hs020 £
22905 3 E
- —5010 £
2900 Hs000 7
2895 —{4990
2800 —{4980
ssask —4970
Sj - © 4960
I 28809—, . . oy
-5800 -5600 -5400 -5200 -5000 4950
H e a‘te r Baseline (mV)
Amplitude
Stabilized Amplitude = 5000 x
P StabPulser Amplitude
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Calibration . S

A First 3 datasets used intern&#Th o A COORBIEIMIY
source -

A Later datasets calibrated with 10" -
external?3?Th-%0Cosource -

A lIterative calibration algorithm

A lterative seeding for crystal ball fits

A Decision between gaussian and
crystal ball fits based on various fit
quallty metrics B N T T T TR

. . . . Energy (keV)
A Tools to monitor fit quality ey

232-Th internal calibration (dataset 2)

— 232Th-60Co external calibration (dataset 14) !
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Calibration

A First 3 datasets used intern&¥Th
source

A Later datasets calibrated with 7
external?3?Th-*°Co source

A lIterative calibration algorithm

A lterative seeding for crystal ball fits -

A Decision between gaussian and

crystal ball fits based on various fit . e »
' ' A calibration peak fit with default seeds (left), ai
quahty metrics A calibration peak fit with default seeds (left), and

] . . fit with iterative algorithm (right)
A Tools to monitor fit quality

511.00 keV, 925 events, y%/dof = 24.14, ¢ = 4.00 511.00 keV, 356 events, ?/dof = 0.79, ¢ = 3.01




DATAPROCESSING €3
FEEE=EE=SN

Calibration
A FII’St 3 dataSEtS used Intern%h : 1173.24 keV, 7 events, y%/dof = 3.90, 6 = 1.82 o 1173.24 keV, 71 events, y¥/dof = 0.95, ¢ = 2.61
source N ﬂ

external?32Th-5%Co source

A Later datasets calibrated with % il
7

A lterative calibration algorithm I
A lterative seeding for crystal ball fite st o
A Decision between gaussian and
Crystal ba” fltS based on Various flt Acalibratiqn pez_ik fit-bv cr\(stal ball function (Ieft)_,
qua” ty me triCS and gaussian ( nthzr,] :Iggtr;(t;rgtchose the gaussian

A Tools to monitor fit quality
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Calibration

A First 3 datasets used intern&¥Th
source

A Later datasets calibrated with
external?3?Th-50Co source

A lIterative calibration algorithm
A lterative seeding for crystal ball fits

A Decision between Gaussian and
crystal ball fits based on various fit
guality metrics

A Tools to monitor fit quality

width

Distribution of fit parameters for a dataset
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Pulse Shape Discrimination

A Using PCA (Principal Component Analysis) to eliminate pulses matfr@hysical

shape

A Extract salient features of pulses to calculate reconstruction error for pulse shape

discrimination
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Reconstruction Error

10
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Effective threenucleon operator in Oxygen nucleus

Q%d<'t  B(1+ D+ F)
Al V2 [ AN

(mnnpe)

Threenucleon overlap probability

P~ %fj/%d (%) d (%) d (?) (Sin (4?’"1) sin (47?2) sin (47?3))2 ~0.0253 .

PNN decay lifetime

167 f2A?2 RS
T ~ .
*K.S. Babu et al. P256M3H

https://doi.org/10.1016/j.physleth.2003.07.036



https://doi.org/10.1016/j.physletb.2003.07.036

Dedicated clustering algorithm developed

by CUORE collaboration for high

multiplicity analyses

A Based on a matched filter, identifies ¢
high multiplicity event based on the
signal rate in the CUORE detector
array

A Time window to cluster events
tuneableparameter

Independently identified muons used to
tune time window

A Time distribution of events occurring
within a wide vicinity of each muon
cluster was studied

Counts

~
(=
(=}

iﬁlllll[lll||III‘IIII|IIII|IIII’IIII[
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Cluster Time Distribution
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Artificial neural networks commonly used to
classify visual data

Involves convolution of the input array with filters
to abstract distinguishing features
A Elements of filters are trainable parameters

Commonly followed by fully connected
neuralnetwork to perform classification

Commonly used layers
A Convolution Generating feature maps

A Pooling Downsamplindeature maps,
Introduces translational invariance, increase
receptive field

Distribution
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Artificial neural networks commonly used to
classify visual data

Involves convolution of the input array with filters
to abstract distinguishing features

A Elements of filters are trainable parameters
Commonly followed by fully connected

neuralnetwork to perform classification S e

Commonly used layers e et s

A Convolution Generating feature maps T o [0 ommee a2 lo [0 oo

A Pooling Downsamplindeature maps, o -
introduces translational invariance, increase
receptive field
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Mapped events to 3D arrays (10x10x13)

Pre-processing |
A Energies capped tb5 MeVto simulate I

I s 2

—

saturation (loss of information) I
A Individual energy threshol®50 keV H
A Events with number of depositions > 1( [2%]
A Energies scaled to [0,1] range to boray

facilitate efficient backpropagation 1=

A Accounted for "bad intervals" and data [ |
guality cuts (96%efficiency)

Top down view of CUORE array




Phase space calculation of-pnoton decay as 4 body decakiowssmall
preference towards e+ energy

Used ROOT clag&enPhaseSpace

3 X107 <107

% Entries 1000000 08 B T .
T Meanx  0.8057 % - .
= 235 Meany  (.8858 250
0 |
RMS x 0.462 0.04 " 04
RMSy 04678 B
# Integral 1 2
0.03 E 58
L5 1.5
0.02 02
1 1
05 0.01 0.5 0.1
0 SN 0 O0 0.005 0.01 0.015 002 0025 003 0.035 i
0 0.5 1 1.5 2 2.5 3 : : : , - : .
E(pi+) GeV E(127In) GeV



AFive batches of 10,008vents of
triple proton decay simulations “ Weighted standard
generated with e+ receiving " | CprEmO
fixed amount of initial energy

AEnergies chosen:
(703, 803, 903, 1003, 1103) Mev

Alnference performed using “
models prepared for
bootstrapping

ACalculated spread in accuracies
weighted with statistical
uncertaintes e oy (rew)




Alnjectedppp signal in muon N
only MC, both Poisson LL s I
fluctuated

APerformed CNN inference on
prepared sample (10k toys for: -
each injected value) :

ABayesian inference to get
distribution of mode for toys

AFit to mean of distribution
shows no bias

of mode

140

120

100 120 140 160 180 200
Injected ppp signal
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Splits the dataset into k subsets, or folds, while
maintaining the same proportion of classes in
each fold as the original dataset.

Each fold serves as a validation set while the
remaining kil folds are used for training.

This process is repeated k times, allowing
every data point to be part of the

validation set exactly once.

Final evaluation is an average of the results
obtained from all k folds, helping to detect

potential overfitting.

Robust technique for evaluating the
performance of machine learning models.

A Ensures an unbiased assessment, avoids

over-optimistic estimates

Stratified k-Fold
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e Train

The Whole Dataset

\4

Test


https://doi.org/10.1111/mice.12517

Splits the dataset into k subsets, or folds, while
maintaining the same proportion of classes in
each fold as the original dataset.

Each fold serves as a validation set while the
remaining kil folds are used for training.

This process is repeated k times, allowing
every data point to be part of the
validation set exactly once.

Final evaluation is an average of the results
obtained from all k folds, helping to detect
potential overfitting.

Robust technique for evaluating the
performance of machine learning models.

A Ensures an unbiased assessment, avoids
over-optimistic estimates

Accuracy

0.9450

0.9425

0.9400

0.9375

0.9350

0.9325

0.9300

0.9275

0.9250

Kfold Cross Validation

|
=8 Training Accuracy
| —®— Validation Accuracy

=== Average Training Accuracy: 0.940 + 0.003
=== Average Validation Accuracy: 0.932 + 0.003

Fold

10
PRELIMINARY



EXG200 (Parent nucleuss®Xe)
4 133SDh: 3.3 x 183yr (ppp)
a 135Te: 1.9 x 18yr (npp)

MAJORANA (Parent nucletfsse)
A SCu: 4.9 x 19 vyr (ppp)
A 3Zn: 4.7 X 12yr (npp)




Decay of daughter nucleus could be an additional delayed signal
If signal efficiency is high enough, could lead to further reduction of backgrounds

B 6510 keV 77%
tl,ﬂ = 1.00s

——)

A 3201 keV 91%
ti2 = 4.13m v 490.6 keV (97%)

—) ——>

y 1597.43 keV (64%)

——>

J \
! !

1587 keV< for E<1607 keV 470 keV< For E<500 keV




Once candidat@ppdecays are tagged,
Important to identify decay origin to minimize
background

A High multiplicity-> More channels to search
-> Higher background

Model can help narrow down candidate origin
channels for 1271In decay tagging

A Pixel(Crystal) level classification

A Currently testindJNetlike architectures to
perform semantic segmentation
A Classification with discrete labels
A Regression with Gaussian scoring

http://dx.doi.org/10.1007/978-3-319-245744_28




127n is a shoHived nuclei (1,= 1.1 s)

Decays to an excited state 8fSn which
decays td**’Sb via two decay pathways

One of them involves a metastable state
which decays with a halife of 4.1 m

The metastable route is well suited for a
delayed coincidence search

A Haltlife short enough to control accidentab:'etfjalble stat
backgrounds, and long enough to work ~ {vZ *+™
with CUORE timing resolution

Ground state
(tu2= 2.1 h)



Probability_of occupying _metas_table state 81% as enery spectum (4): garTe (- o ke V. 819
calculated in a Geant4 simulation | overall
o branching
. . ! . @ ratio
The primary signal for this search would be a time =
coincidence between the prompt and delayed ni
events with energy cuts 3
- PRELIMINARY
n;i .ll“.,..l..,.I....I....I....I....
500 1000 1500 2000 2S00 3000 3500 4000
[keV]

Geant4 simulation of thé*In decay chain

57 3201 keV 91%
fuz = 413]]1

——)

B 6510 keV 7T7%

i'”g = 1. ElEl 5 ".I" 1597.43 ke“'.f (64%}

v 490.6 keV (97%)

J
Y \

Energy cut 1 Time cut: n X4, Energy cut 2




Simulated 101%/In nuclei in a Geantbased CUORE geometry and detector response
simulation .

Tagged?’In-1?’Sb coincidences in two ways: -
Narrow cut approach: Tag M2 events with a tight cut to only account for gamma pe:

Broad cut approach: Tag M2 events for prompt and delayed events with cuts accou
for both gamma and beta decays

B~ 3201 keV 91%
t12 =413 m vy 490.6 keV (97%)

——) E——)

A 6510 keV T7%
tlfﬂ = lﬂ!} s

——

~ 1597.43 keV (64%)

E——)

J \
| |

1587 keV< for <1607 keV Narrow cut tagging 470 keV< Bor BE<500 keV




Simulated 101%/In nuclei in a Geantbased CUORE geometry and detector response

simulation .

Tagged?’In-1?’Sb coincidences in two ways: -
Narrow cut approach: Tag M2 events with a tight cut to only account Tor gamma pe:
Broad cut approach: Tag M2 events for prompt and delayed events with cuts accou
for both gamma and beta decays

A 6510 keV 77%
tl,ﬂ = lﬂ!}s

—

+ 1597.43 keV (64%)

E—)

|

B~ 3201 keV 91%
tl,ﬂ = 413 m

—

|

v 490.6 keV (97%)

E—)

|

400 keV<E,; <3200 keV

1500 keV ;<6500 keV Broad cut tagging




Tagged 2% df'In primaries (16) in CUORE geometry

Sanity Checks:

PromptDelayed energy and time distribution consistent with literature input

Delayed energy vs Prompt energy [ Eairies ™ st |
Mean « 1598
‘ Mean y 47
| RMSx 34
B | RMSy 3544
g | tetogral 1 98hca 04
| 2 fod 810/ 366
o | po 264 22748
= — “ p! 1595 2 002535
o [ 3422 £ 001988
3004~ PRELIMINARY o 0% = Da263s
| o TS | ps __Asir00269
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PRELIMINARY

Simulated halife: 4.13 m
Reconstructed halfife: 4.16+ 0.03 m

Entries 19864
Mean 348.5
RMS 331.1

Integral 1.986e+04
¥ /ndf  2362/118
p0 831.6 8.6
T(min) 6.013 +£0.047

0

o

Ti meielayedc Ti 1451 mpt< 7.kt(ll2)

1000 1200 1400 1600 1800
Delayed Time - Prompt Time [s]



Tagging efficiency increases significantly (18%), but backgrounds increase as well

This approach lets us leverage prompt/delayed energy distributions for a likelihood ane
to optimize sensitivity

Delayed energy vs Prompt energy Delayed Time - Prompt Time
53500 Entries 237942 £ 8000f— Entries 237942
5 3000 Mean y 1476 700 7000 — RMS 441.1
i RMS x 1099 - Integral 2.379¢+05
8 RMS y 613.9 600 6000 x* / ndf 206.8/116
§ 2500 Integral 2.379e+05 - po 7803 £32.6
500 5000 = T(min)  6.016 +0.033
— 2 430.1+£5.1
2000 4000 — . . £
400 = Simulated halfife: 4.13 m
1500 200 3000 E— Reconstructed haifife: 4.17+0.02 m
200 2000 —
1000 -
100 1000 |— ~
500 = [P RS B I I I I
0

0 200 400 600 800 1000 1200 1400 1600 1800

Delayed Time - Prompt Time [s]

1500 2000 2500 3000 3500 4000 4500 5000 5500 6000 6500
Prompt Energy [keV]



Removing tags associated with known decays significantly reduces background
A Negligible effect on signal efficiency (2%)

Currently investigating distribution of these tags to better understand background

U238 prompt energy tags

Background type | Narrow cut Broad Cut Broad cut (with Broad cut

additional cuts) reduction

Distribution for 222Rn
e | PR |
22 4018 70%
MR -
|

_ 238UBulk 13381
& 232ThBulk 0 22985 3568 85%
g
238USurface 39 4623267 237043 95%
PRELIMINARY 232ThSurface 0 716266 254029 65%




Potential backgrounds comprise of:
A Accidental coincidences

A Coincidences correlated in time from major backgroul
sources

Uncorrelated background can be estimated fromr
the CUORE background model*

A Probability of coincidence calculated assuming promg
and delayed events are independent

A With an exposure of 1038ldy.yr.

A Narrow cut accidentdbkgevents:55
A Broad cut accidentdlkgevents:56 x 10

Counts keV-1kg1yrl

BM M2 spectrum

3000
PRELIMINARY
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S I_—_J,
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T O sh 0 g o MLy o
1 4 7!
0 000 000 3000 000 L 5000 : 6000 000

Prompt Delayed Energy [keV]
energy cut energy cut

Rate of coincidence = 7prompt X (1 — €ZP(—Tdelayed * teoine))

Probability of no
coincidences



https://journals.aps.org/prl/pdf/10.1103/PhysRevLett.1%2026.171801

Background Estimates

CUORE

Correlated backgrounds are estimated by tagging on background model output with <
energy and time cuts
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