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Neutrino
Experiment with a

* Next-WHITE (NEW) operating a 5 kg-scale demonstrator at the Canfranc
Underground Laboratory (LSC)
* To be commissioned in 2020: 100 kg Xe, enriched to 136 Xe (90%)



Neutrinoless double beta decay

0.6

e 0.4}
@ =

0.2}
. 0'%.0 0|.5 1|.0 1I.5 2.0 2|.5 3.0
Essential: E (MeV)
1. Good energy
resolution



Neutrinoless double beta decay

W- @ e

() —®

Essential:
1. Good energy
resolution

2. Good background

Identification

Rate (Hz/keV)

Data/MC

® Data: 0.840.02 mHz
——— BFMC: ¢*=135.5427
BFE “Co: 0.2940.12 mHz
10°® B BF “K: 0.1340.02 mHz
BF 2Bi: 0.2240.04 mHz
BF **TI: 0.2740.02 mHz
B 1 BF "*Xe: 0.00+0.00 mHz
107 =
' [
B
10 " T
- 1 1 -
ol ] L ]
15
¢ .
1\'#.. x
0.5 ® #

2000 2500 3000
Energy (keV)
arXiv:1905.13625



Background identification
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At the end of the track the deposition of the energy increases - Bragg peak (blob):
 Signal : 2 blobs
* Background : 1 blob



Background identification
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At the end of the track the deposition of the energy increases - Bragg peak (blob):
 Signal : 2 blobs
* Background : 1 blob



Previous study

Initial Monte Carlo-based study: arXiv:1609.06202

Classification (DNN)

3.23x10" 3.67x10"

Signal Events BG Events (2%TI) BG Events (*Bi)
Cut 2x2x2 10x10x5 | 2x2x2 10x10x5| 2x2x2 10x10x35
(Initial events) 1.0 1.0 1.0 1.0 1.0 1.0
Energy 7.59x1070  7.59%x10°0 | 2.27x107 2.27x107° | 1.42x107*  1.42x107*
Fiducial 6.71x1071  6.68x107" | 1.19x1073  1.17x1073 | 8.62x10™  8.54x107
Single-Track | 3.75x10°1  4.79x107" | 7.90x10®  1.81x10™ | 3.84x107°  8.75x107
- Classification® | 3.23x10°"  3.67x10°" | 7.70x107" 2.41x10°® | 2.90x10™" " 9.59x1077:

But now we have the data measured in our detector



Data energy spectrum

104; ___17Cs photopeak 208T|] e*e~ double-escape
= 1.33; ; / 208T| photopeak
a 5 \

g
= lﬂjg
S :
lﬂlg
100
0 500 1000 1500 2000 2500
E (keV)

arXiv:1905.13110 (2019)

Calibration with ¥’Cs and %?®Th sources
Achieved <1% Resolution at FWHM near QBB



Proof-of-concept with e*e” track
Y 26145 kev

( from 208T|

Of course no OV events but ete-

pair leaves similar topological T .
signature (we can test our model): =
* Signal : e*e track ’75 _
e Background : single e track ©

Can calculate ratio of the signal (gaussian)
and the background (exponential)

104 137Cs photopeak ’/ 208T| e*e~ double-escape
€103 208T| photopeak
8
s
c 102-

S

S
101 _
1009

0 500 1000 1500 2000 2500
E (keV) 10



NEW : simulation and reconstruction

ENERGY PLANE (PMTs)
TRACKING PLANE (SiPMs)

® 6 ¢ ¢ © & & & O o o o o
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NEW : simulation and reconstruction

Interaction of particles with the Xe gas (hits) :
NEXUS (the Geant4 based simulation)
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NEW : simulation and reconstruction

RECO: simulation of electrons and light propagation,
detectors responses
and reconstructions of hits

-
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NEW : simulation and reconstruction

-

DATA - reconstruction
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NEW : simulation and reconstruction

= it
TS L Ll
L——_L___ I e, —~— 11 L1 L1
LLL:]L;M?“‘“'HH’:: g
0 5
Sl

Reconstruct hits, grid detector to obtain 3d pixels (voxels)
where voxel intensity is sum of deposited energy inside

each voxel ,



Reconstructed hits

Event example
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Classical approach

1. Find the track based on graph theory
2. ldentify track extremes
3. Calculate energy inside the blobs

—1 40000

- 35000

- 30000
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o
o
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15000

10000

5000

17
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Classical approach
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Geant4 Monte Carlo:

(left) 2.44 MeV gammas from 2!4Bi decay, (right) OvRR[ events
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JHEP 01, 104 (2016) [arXiv:1507.05902]

18

SUEAB JO

N2 uoljedljisse|)



DNN approach

Feed Voxels directly to a Neural Network!

INPUT
32x32

C1: feature maps

6@28x28

C3: 1. maps 16@10x10

52: f. maps
6@14x14

S54: f. maps 16@5x5

Input: black and white image

Applying feature map

Output: convoluted feature

Convolutions Subsampling Convolutions
© 00 00O0O0 13 1 o ™M ™ ™ g 0 0
0111100 3 2 3 0o ® ™ ™ 3 0 0
0 100100 1 31 o ™ ™ ™ 3 0 0
0 11 1 1 0 o fetwem 011110 0
0 100 10 0 0100 10 0
0 11110 0 0 111 10 0
‘0 0000 0O 0000000

Subsampling

|

Full mnAectinn | Gaussian connections
Full connection

Original Image published in [LeCun et al., 1998]
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DNN detalls

o) © 5
5 5 2
= = ‘
(- C
S S [ |8 3x3x3 conv
> % = O 5 (@]
et -
5 ks = O = c relu
c > >
2 "5 "5 -5 8-5 '8 R-2-5
—_ (& ] -
prd (&) pd (&) P
& 2 & 2 & =2
& 3 2 ResNet block

arXiv:1512.03385

We use random rotations and shifting on-the-fly to avoid overfitting, as well
as well L1 weight regularization and dropout.

The network runs around 20 epochs.

Software : Keras with Tensorflow backend.

20


https://ui.adsabs.harvard.edu/link_gateway/2015arXiv151203385H/arxiv:1512.03385

Dataset for training

Construction of MC training sample:
1) NEXUS - ‘true’ Geant4 hits
2) RECO — reconstructed hits

3) FRAMING and VOXELIZATION : voxels of dimension 5x5x5 mm?

the center of the image is the barycenter of the event

4) Event energy normalized to 1 (the network has no information of the

event energy)

5) Around 60 000 balanced signal/background events

21



Evaluation metrics

1. AUC-ROC* : Degree of distinguishability between classes — higher is better

rejected background
total background

True Negative rate (

VS
N (accepted signal
True Positive rate total signal

€sig

2. Figure of merit : N higher is better

The sensitivity to the half-life of the 3(30v decay is proportional to f.o.m
In background-limited experiments (arXiv:1010.5112v4)

22



RESULTS MC .

We use true nexus
Information to evaluate the
performance of the
network.

True labels

NEXUS vs RECO efficiency

[
o

i =
= o

Signal efficiency

<
N

1 —— NEXUS
— RECO

o
o

0.0 0.2 04 06 0.8 1.0
Background rejection

92% signal efficiency; 8% background acceptance

90% signal efficiency; 10% background acceptance
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RESULTS MC:
Gaussian signal + exponential background
model

BOD + Msignal 1192 600 4 M signal 873

bout 0.0 N backround 394 bout 0.8 M backround 36
500 4 a 500 4
400 - 400 -
3-':":' 7 3D|:| 4
200 4 200 1
100 1Mo »!nﬂ L 100 A

whally LT - _h

o "l!‘;.l'#'.r | ]| “i'rﬂli'#ll..%lﬁnle‘l'il“_:' Y \
Q- ! ! ! J 1, ! ! ! ! 0 L et e -
1400 1450 1500 1550 16000 1650 1700 17500 1300 1400 1450 1500 1550 16{”} IESD 1]"{II] 1]"50 IECID

1. Fit the histogram to gaussian (signal) and exponential (background)
2. Integrate to calculate total number of signal and background N(?Ck;, Ngzg

3. Apply i*" cut on DNN prediction and calculate Nyer N;fzg

N, €’ .

) s1g bck s1qg
€ €l f.oom =
szg 0 bck — -
Nsig Nk V €bek



Signal efficiency

RESULTS MC:
Gaussian signal + exponential background

1.0 = +
0.8 g
¥
0.6
[ |
0.4
0.27 __ MC e+e- true
G- _MCigauss $iexpo Not quite matching...
0.0 0.2 0.4 0.6 0.8 1.0

Background rejection
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RESULTS MC:
Gaussian signal + exponential background

model

all events
g+e- pair
B c+e- pair peak

1400 1450 1500 1550 1600 1650 1700 1750 1800

y

E (keV)
Y \
_cPe Compton

Solution:

Training a network where
signal is a positron-electron
pair with the energy ~ 1.59
MeV

label RECO peak

7'\/\
e+
v
Sé' -
e .
Photoelectric
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RESULTS MC:
Gaussian signal + exponential background
model

Distribution of predicted signal (threshold cut 0.8)

500 4 all events .
wem predicted e+e- Solution:
mmm predicted e+e- peak Training a network where
400 4

signal is a positron-electron
pair with the energy ~ 1.59
MeV

1400 1450 1500 1850 1600 1650 17000 1750 1800
E (keV)

The network cut out some of the higher energy events;
probably similar to one track cut of classical analysis.
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RESULTS MC:
Gaussian signal + exponential background

1.0{ = g 85% signal efficiency;
15% background acceptance
0.8 1
o
T
2 0.6
2
Q
3 0.41 — MC e+e- true
o —— MC e+e- peak true
0.2 %4 MC gauss + expo peak
MC gauss + expo
G5l g p
0.0 0.2 0.4 0.6 0.8 1.0

Background rejection

READY FOR THE DATA
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o

<
-

Signal efficiency

0.0 1

RESULTS DATAvs MC

o
o

0= +—+—*++1|¢*”*|"
: A
[
B
| |
]
% MC gauss + expo peak
% data gauss + expo peak =
0.0 0.2 0.4 0.6 0.8 1.0

Background rejection

85% signal efficiency; 15% background acceptance

84% signal efficiency; 16% background acceptance

f.o.m

2.501
2.25 1
2.00 1
1.751
1.50

1.251

1.00 1

ii**i

itiii

® MC gauss + expo peak

¢

?
d

'
:

}
o

+
5

!

!

® data gauss + expo peak

0.0

0.2

0.4
Threshold

0.6

0.8
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Signal efficiency

=
o

o
Co

o
o

o
=

o
~J

o
o

RESULTS DATA vs MC

Different networks comparison

e

)

MC gauss + expo peak
MC gauss + expo

data gauss + expo peak
data gauss + expo

b
¥
L}

0.0

0.2 0.4 0.6

0.8

Background rejection

Data only slightly improved with different labeling...

1.0

2.50+

2.25 1

2.00 -

T.0.m
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1.25-

1.00 -

1.75-
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A -
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L |

- -
= - --u—
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—i-

MC gauss + expo peak
data gauss + expo peak

— F il
- =-—u

—i- B—i
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data gauss + expo
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'

3
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0.4
Threshold

0.6
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Signal efficiency

1.0 A1

o
oo

o
o

<
I
1

=
(N

0.0 1

RESULTS DNN vs Classical

# MC DNN
4 data DNN

MC classical

data classical -
0.0 0.2 0.4 0.6 0.8 1.0

Background rejection

Significant improvement!

++:i'*¢i
HLkh y

B MC gauss + expo peak
B data gauss + expo peak

MC classical

data classical
0.0 0.2 0.4 0.6 0.8 1.0

Threshold

arXiv:1905.13141 (2019)
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Just for fun: t-SNE

t-Distributed Stochastic Neighbor Embedding (t-SNE) is a non-

linear technique for dimensionality reduction, it preserves local
distances.

Journal of Machine Learning Research 9 (2008) 2579-2605

MC backgrouncd
200 - 200 + MC signal
100 - 100 4
CN D- CN u_
2 S
0 n
© © —100
£-100 c
© S
500 - —200
s oo T e m ~200 ~100 0 100 200
dimension, dimension,
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Next steps

Use similar analysis on NEXT-100 simmulations.

Try SparseConvNets :
PyTorch SparseConvNet library by Facebook: arXiv:1706.01307v1

Try DNN for reconstruction?

Look for double escape peak close to Qg peak

Understand differences between MC and data!
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Next steps

Use similar analysis on NEXT-100 simmulations.

Try SparseConvNets :
PyTorch SparseConvNet library by Facebook: arXiv:1706.01307v1

Try DNN for reconstruction?

Look for double escape peak close to Qg peak

Understand differences between MC and data!

Thank you!
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