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0 Searching for 0v2[

hypothetical decay: (4,Z) - (A,Z + 2) + 2e~

¢ ¢ zvﬁﬁ - Majorana nature of the neutrino
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(own anti-particle)

¢ - Lepton number conservation violation
- Matter/antimatter asymmetry
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The rarest nuclear decay process of the Ov decay
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ROl is contaminated by the bkg:

U238 and Th232 decay chains:
- 2448 keVV gamma from Bi214
- 2615 keV gamma from TI1208

End of y
radioactivity

K- Panoel ﬂ‘ @
C PARTICLE AND ASTROPHYSICAL XENON TPC '
Xe136 pros:

-Noble gas (gaseous amplification) => Can be used in TPCs
- good natural abundance ~9%

Cons:

- Low Q-value (2457.83 keV) => Higher probability of a bkg
contamination

-=-232Th -.- Other Bkgds

238 136
U —""Xe0vs8 .
R < 136 y o 2,33 ROl in EXO-200
g For Xel36:
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Q value = 2457.83 keV

Energy [keV]

PhysRevLett.123.161802, Search for Ovg3 with the Complete EXO-200 Dataset (2019)




0 Xe136 gaseous TPC

Topological difference b/w
bkg and signal

&+ Geant4 simulation
Ed

Photoelectric electron

y background

* 2B signal
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Topological difference b/w

bkg and signal Characteristics of the double-beta decay events
. Coant sitnition Double-beta decay: 2 electrons — 2 Bragg peaks
4 Background gamma events: 1 electron — 1 Bragg peak
_ But very scattered tracks, recognition not always obvious
, G“‘B‘ié'éfé&%e&‘??& Also need to reconstruct precisely the deposited energy
* 2B signal 1% tri-methyl amine (TMA) in gas mixture helps a lot:

.Lower diffusion
.Better energy resolution
.Quencher for the gaseous amplification

.Suppress scintillatjon - Ofeouble et

/ \ decay at 10 bar
Amplltude a:f reaq out plane ~50cm drift
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Plot from T-REX project



0 Xe136 gaseous TPC

Topological difference b/w
bkg and signal

®s Geant4 simulation

2

Photoelectric electron

y background

* 2B signal

Schematics of the PandaX-Ill TPC geometry

/ Readout plane

120 cm

@ lonization electrons

10 bar Xe-136 + 1% TMA

Drift field: 1kV/cm

Cathode

/z-axis

J

Tao Li et al. “Reconstruction of the event vertex in the PandaX-IIl experiment with convolution neural

Characteristics of the double-beta decay events
Double-beta decay: 2 electrons — 2 Bragg peaks
Background gamma events: 1 electron — 1 Bragg peak
But very scattered tracks, recognition not always obvious
Also need to reconstruct precisely the deposited energy
1% tri-methyl amine (TMA) in gas mixture helps a lot:
.Lower diffusion
.Better energy resolution

.Quencher for the gaseous amplification

'SuPan'gg gmnh”m)\nrﬁplitude at read-out plane

MC of double-betz
decay at 10 bar
~5(5)Dcm drift
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0 Xe136 gaseous TPC

Topological difference b/w
bkg and signal 90% enriched Xe136 gas +1% TMA

Pressure: 10 bar
®+ Geant4 simulation Total gas mass: 140 kg (for the first module)
Goal : 5 x 200kg TPC modules in total

2

Photoelectric electron

y background

* 2B signal

1200mm

77

T

@ lonization electrons

120 cm

Drift field: 1kV/cm

10 bar Xe-136 + 1% TMA

o
%
©
N
& Cathode /
Ni Kaixiang’s thesis: “Searching for Neutrinoless double

beta decay of 136Xe in PandaX detectors”

7



0 Xe136 gaseous TPC

Topological difference b/w

Pressure: 10 bar
®+ Geant4 simulation Total gas mass: 140 kg (for the first module)

s Goal : 5 x 200kg TPC modules in total

Photoelectric electron

y background

* 2B signal

1200mm

T

@ lonization electrons

Cathode

Tiled kapton flexible PCB Field cage
Low radioactive material
10 bar Xe-136 + 1% TMA Built by TangChen (JUNO vendor)

(2]
X
©
Q Cathode / Tested successfully at 120kV voltage

Ni Kaixiang’s thesis: “Searching for Neutrinoless double
beta decay of 136Xe in PandaX detectors”

120 cm

Drift field: 1kV/cm
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International collaboration:
China — 7 institutes (lead by SJTU)
France — CEA Saclay
Spain — Zaragoza
USA — BNL + Maryland University
Thailand — Nakhon Ratchasima

Laboratory
Jinping CJPL-Il underground laboratory (Sichuan, China)
One of the worldwide lowest muon flux
Large caverns, easy access to trucks
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International collaboration:
Shielding to reduce U (2"Bi) and Th (2°¢TI) China — 7 institutes (lead by SJTU)
contamination, gammas, neutrons, muons France — CEA Saclay
Espagne — Zaragoza
USA — BNL + Maryland University
Thailand — Nakhon Ratchasima
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0 Xe136 gaseous TPC
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2 x 2D readout plane

52 20x20 cm large
Micromegas, 3mm pitch

X and Y readout on same
board, 64 channels each
But not 3D, XZ and YZ read
independently

MM schematics

68

67

66

651

64-1

o 1 2 31 4 -K

Ni Kaixiang’s thesis: “Searching for Neutrinoless double
beta decay of 136Xe in PandaX detectors”



0 Xe136 gaseous TPC

Electrode de derive

V=-870V \ TPC volume 7

N

E=15kV/icm

Weak elec. field

V=—400V

Micromes
h

\ Read-out plane
rticule chargee

Thermal-bonded Micromegas lateral view

---------------------------- Mesh
Thermal bonding film i
Ge film

spacer ¢ Imm

Grounded pillar
< ¢} 0.5mm
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Charge readout with Micromegas

. Fast gaseous detector

. lonization and ampilification
decoupled

. Able to work in high pressure Xenon

Principle and advantages
Regular Micromegas with resistive Germanium layer

Mesh spacing by thermo-bonded polyester layer, placed
manually

robust

low radioactive material

sparks protection with resistive layer

good energy resolution expected ~15% at 5.9keV

Developed and built at USTC (Hefei, China), local
chinese production (not linked to CERN)



0 Xe136 gaseous TPC . PANDAH 2‘! a

¥ ‘ MM schematics

b Electrode de derive . -
Y: Signal output from the readout system
V=-870V R TPC volume 7

-
//

10i
E=15kV/icm 00

‘\ Weak elec. field

Amplitude [ADC units]

}‘ Each color corresponds
\ to a signal from a
separate channel
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XZ&YZ projections after data
processing of the detector output
Thermal-bonded Micromegas lateral view Evont D 31 Event 1D 31
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< ¢ 0.5mm PCB board 0L 2 blob charges a0t
ol il s
500:- lllllllll 500’-[ sl

P BRI R AT ETTIY FRRTY RV PRTTE v
60 40 490 480 470 460 450 -440 430
X-axis (mm) Y-axis (mm)



0 Problems with Micromegas C PANDA H 2‘! E

Example of missing channels

Gain map for one Micromegas module

= 100
E r
£ G0 9957 3879 3822 3680 3706 3707 3617 3655 3601 3699 3570 3554 3515 3526 3658 3825 3772 3688 9785 374G 3604 3603 3725 3725 3723 3819 3648 3969 3879 901 3980 £ o rl
£ 91 a4z 3489 3438 3373 461 3392 3362 3450 3957 3389 3418 3512 3468 3 08 3651 > r
g 3 0 : 250
> 60f
40p 200
20
ofF 150

Inhomogeneity of the Gain Missing channels cause
causes an incorrect energy loss of:

reconstruction; - Topology of the track
PandaX-lll prototype showing an / - Energy reconstruction info
inhomogeneity at a level of 6% /




0 Problems with Micromegas C PANDA H 2‘! a

Example of missing channels

of

Gain map for one Micromegas module
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Simulation:

~10 000 Onbb events of Xe136.
Q value = 2454 keV

ROI : [2357, 2553] keV

Ylélllévvl

-80f
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_19‘:'00-80—60—40—20 0 20 40 60 80 100
X [mm]

Energy spectrum of the reconstructed Ovgf events

-f‘;’ E 0 missing channels (93% in ROI)
" 500l 1 missing channel (86% in ROI)
Inhomogeneity of the Gain Missing channels cause - 2 missing channels (79% in ROI) :
causes an incorrect energy loss of: / 400 3 missing channels (73% in ROI) J [Ll
reconstruction; - Topology of the track n .
PandaX-lll prototype showing an - Energy reconstruction info 300[— | 21% of all the events in ROI
. . 0 I | are lost due to only 3 missing
inhomogeneity at a level of 6% * | channels per Micromegas
200~ | module on the Readout plane
100/— \f
- S
: rrJ“’ﬂ »’L\:ll" i
aLeco P HFT,

(o Ay )
1600 1800 2000 2200
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: The problem of missing channels should be addressed:
O Proposition to use Machine Learning techniques
PyTorch * P . T 3 34
. (Convolutional Neural Network in particular) to reconstruct missing energy

3* 2 - 3 Loss: estimate of an error
b/w label and predicted f(¥i; ¥:)

2 fc_3 fc_4
INPUT ¢ LABEL yz PREDICTION y'l Rillv:Connschid Fiills-Connected . .
% avcmsss  smomsst Backpropagation algorithm
comoastion Cosvongion feladiaton ) (computing gradient of the
(5x5) kernel Max-Pooling (5x5) kernel Max-Pooling (with loss wrt welg hts and
valid padding 2x2) valid padding (2x2) dioRoi) i p
biases) — updating

@0 \eights and biases —
. 1 rninimi—/inm lnce

‘ 2 1x1 ]s(J 1x1 0/0
; oJ1/1]1[o] [2
: 00,1, 1]1
INPUT _ nlchannels nl channels n2 channels n2 channels S " 9 0(0|1(1|0
(28x28x1) (24 x 24 xn1) (12x12 xn1) (8x8xn2) (4x4xn2) /‘ P 0(1|1(0]|0 Comoived
Image

n3 units Feature



0 Preliminary event selection C. PANDAH 2‘! cea

Monte-Carlo simulations in REST software:
. Electrons (1 e- per event) generated in Gas volume of the PandaX-lll 140kg

setup
. Energy range: [500 ; 3500] keV

. Isotropic angular distribution
Primary: initial energy of the electron

Detected: total registered energy of the event by the readout system
without missing channels including detection effects (gain fluctuations)
Z_distance: perpendicular distance from the electron generation vertex in

the gas volume to the readout plane

Data selection:
. Electron events registered only by one MM

module
. (spatial selection)
. Energy cut for residual b/w primary & detected E

-+ EepppyE = [-142, 178] keV)

nergy cut to REHovEBvents with gamma generation
during electron propagation(Bremsstrahlung, Excitation)




0 Preliminary event selection C. PANDAH 2‘! cea

Monte-Carlo simulations in REST software:
. Electrons (1 e- per event) generated in Gas volume of the PandaX-lll 140kg

setup
. Ener yrange [500 3500] keV

P"!g%{*gng Hgﬁered&gnergy e event by the readout system

(without missing channels)
Z_distance: perpendicular distance from the electron generation vertex in

the gas volume to the readout plane . 5 SR P ;
/ \ A portion of the ionization electrons will be
Readout plane reabsorbed due to the gas impurities

Registered track 4 , -
e a ! £ during the drifting
: > — “electron attachment effect”
,Z 5 characterized by the electron lifetime
. Initial track = — WOrsens energy resolution
PP AW,
N Cathode = = - -
! / Estimation of Z from electron diffusion
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DATA

Converted into XZ and YZ 2D arrays

Signal from the readout system . Time bins rebinned by the factor of 4
Event ID 7 Concatenated into one array of shape (128, 128)

o keV
8 22002—
S 2000
E‘ 18003— 2
< =

1600:— 30

1400 4

1200; i ke

1000 — 403) 6 N

C £

800:— l =

600 ”], 8

400

05 100 200 3 405 '50:0ir;elbm Hdl

oU
channels



0 INPUT & Panoay ?‘!

DATA

3 missing channels per
MM module

Total N events: 360 000

mask images with missing channels

30

25

time bins
time bins

20

15

10

60 80 100
channels

0 20 40 60

channels

60% - Training

20% -

Validation _

20% - Test Concatenated: array (128, 128, 2)

80 100 120
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Loss function: Mean Squared Error MSE = iz (yi — 9:)°

N i=1
Flattening
Convolution cfivation .
operation _ ; MaxPooI|ng= B, B g @
T N AR NSTAC)
Yo oD €7€7 7
Y e 5 ’v”@ Detected

(6 H—/‘—v—‘
% 64, 32) Primary

25 28 32) (128 128 5 Convolution ~ Convolutio
W 92 2J block #2 block #3
— ocC OUTPUT
Convolution block #1

(128, 128, 2)

Dense
(32768)




0 Visual Geometry Group (VGG)

1.ple=2 AE Predicted&Label(Detected)

ROI: [2364.74, 2552.66]
AE Predicted&Label(Detected) total: mae = 0.013 (Entries: 70758)
I AE Predicted&Label(Detected) in ROI: mae = 0.014 (Entries: 4414)
1.07 --- Norm fit: y = — 18.984, 0=61.140
~=== Norm fitin ROI: u= —18.219, 0= 69.265

o
©

o =61 keV
o_ROI =69 keV

Entries/N
o
[«)]

o
>

0.2

0.0

—600 -400

AE, keV

Entries/N

1.2

1.0

0.8

o
o

e
'S

0.2

0.0

2, ® EEEIIII
é’ raoat E
PARTICLE AND ASTROPHYSICAL XENON TPC '

le—2 AE Predicted&Label(Primary)

ROI: [2364.74, 2552.66]
AE Predicted&Label(Primary) total: mae = 0.015 (Entries: 70758)
W AE Predicted&Label(Primary) in ROI: mae = 0.018 (Entries: 4347)
=== Norm fit: y= = 19.422, 0=70.935
=== Norm fitin ROl: y= —=21.360, o=79.151

G =71keV
o ROl = 79 keV

—600 -400 )



0 Visual Geometry Group (VGG) &, PANDAY H a

Predictions for Detected and Primary energies in ROI

Events with labels in the £15 keV region around Qbb for Xe136 — to imitate ONDBD
Efficiency computed regarding these events: Predicted in ROI / Labels in ROI * 100%

Prediction: Detected Prediction: Primary
le-3 Predicted E :IJ= 2445530, 0=68.388 le-3 Predicted E : = 2445.802, 0=79.521

ROI: [2364.74, 2552.66], efficiency: 0.87 61 ROI: [2364.74, 2552.66], efficiency: 0.794
B Predicted Xe-136 NLDBD (Entries: 718) msm Predicted Xe-136 NLDBD (Entries: 676)

51 Efficiency: 87% Efficiency: 79%

z4 z
] D
5 53
S 3 &
2
2.
1 *
A 0
9000 2100 2200 2300 2400 2500 2600 2100 2200 2300 2400 2500 2600
E, keV E, kev




0 CNN ResNet with Convolution block as skip connection C PANDA K E‘a a

Loss function: LogCosh loss L (y, y?) = Zn: log(cosh(yf - )

i=1
uti Flattening
Convolution Convolution

block #2 block #3

Convolution block #1

A

-

(128, 128, 2)
OUTPUT

Convolution block
(skip connection)

D Convolution . Activation . Normalization D MaxPool . Dense




0 CNN ResNet with Convolution block as skip connection C PANDA H ﬂ cea

Loss (Det + Prim)

== t/raaliiZation
1074
This training is
unstable and cannot
be reproduced
& 1072
ks
1073
Epoch #499 was
considered for
prediction




0 CNN ResNet with Convolution block as skip connection C PANDAH E‘a @

1.2 le-2

AE Predicted&La bel(DetecLed)

ROI: [2364.74, 2552.66]
mmm AE Predicted&Label(Detected) total: mae = 0.009 (Entries: 70778)
! AE Predicted&Label(Detected) in ROI: mae = 0.010 (Entries: 4547)
1.01 --- Norm fit: u = - 15.323, 0 =45.158
=== Norm fitin ROl: u= —16.480, o0=50.127

o
®

o =45 keV
o_ROI =50 keV

Entries/N
o
[«)]

o
>

0.2

0'0—500 -400 -300 -200 -100

AE, keV

Entries/N

1.2

1.0

o
©

o
o

°
>

0.2

0.0

le—2 AE Predicted&Label(Primary)

ROI: [2364.74, 2552.66]
mmm AE Predicted&Label(Primary) total: mae = 0.012 (Entries: 70778)
I AE Predicted&Label(Primary) in ROI: mae = 0.014 (Entries: 4469)
=== Norm fit: y = —9.077, 0=57.653
~== Norm fitin ROI: y= —18.979, o= 64.509

o = 57 keV
o_ROI = 64 keV

=500 -400 -300

200

-100
AE, keV



0 CNN ResNet with Convolution block as skip connection C PANDAH 2‘! @

Prediction: Detected Prediction: Primary
1e-2 Predicted E (Detected) : u=2444.384, 0=51.059 , le-3  Predicted E (Primary) : y=2444.828, o= 59.359
1.21 Rol: [2364.74, 2552.66], efficiency: 0.926 ’ ROI: [2364.74, 2552.66], efficiency: 0.881
Predicted(Detected) Xe-136 NLDBD (Entries: 689) 8 Predicted(Primary) Xe-136 NLDBD (Entries: 654)
1.0 |7
| . s Efficiency: 88%
°8 Efficiency: 92%
z z>
0 0
5 0.6 54
c &
. ROI ROI
0.4 e
2
0.2 .
e 2200 2300 2400 2500 2600 270 2200 2300 2400 2500 2600
E, keV E, keV



0 CNN ResNet with Z distance prediction & PANDAH E‘a E

n
Loss function: LogCosh loss  L(y, y?) = ), log(cosh(yf - )
l=1 Flattening

Convolution  Convolution
block #2 block #3

Convolution block #1

A

Detected

4 \

Primary

(128, 128, 2)

Skip connection

Z_distance

OUTPUT

[_] Convolution 2] Activation [] AveragePooling ] Dense




0 CNN ResNet with Z distance prediction & Panoay 2‘! @

AEdet AEprim
0 P
g [ Q -
£ aso0f hl_draw £ 3000F— _h1_draw
G F | Entries 72000 W | Entries 72000
3000:_— Mean -14.13 2500:_ Mean -2.573
- | stdDev  47.90 u=-14.1 keV - | Std Dev 58.29 u=-2.6 keV
2500— - | Y2 / ndf 4667 / 135
- | X2/ ndf 3554 /119 o =48 keV 2000—| X o = 58.3 keV
2000{—| Constant 3238 = Constant 2671
= Mean -9.315 1500/— Mean 4258
1500;— Sigma 39,36 - | Sigma 46.93
1000 1000}
5001 soof—
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E_det, keV E_prim, keV



0 CNN ResNet with Z distance prediction & Panoay 2‘! @

E,.predicted in ROI Eprimpredicted in ROI
)] w0 [
e 2 50—
e [ c F
W go[— Data o 45:_ Data
[~ Fit: y =2471.97, 0 =53.25 402_ Fit: p = 2464.59, ¢ = 49.88
~ [___] ROI:[2364.74, 2552.66] =[] ROI: [2364.74, 2552.66]
40— 35—
- Efficiency NN: 0.88 302— Efficiency NN: 0.89
S 25
- 20E-
20— —
~ 15—
10— 10;—
L =
_|1|1|1|1n|ln—m AR i A 0:||||||||1|nm11 | P VR Ll
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0 CNN ResNet with Z distance prediction

AZ correlation map

E 400
- ~- e —40
N 300 2 ‘3_ o0 e
< -EE %
-'- d;_ .": - - —135
200 e ";-,;?. -_r" :.IEEE rle .
Fwen -
H —130
100 o
0
-100f-+
_draw
Entries 72000
-200 Mean x 593.0( :=-gz =it P e
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hl_draw
Entries 72000
Mean -7.553
Std Dev 73.99
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Mean -7.273 £ 0.262
Sigma 69.49 + 0.24
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0 Conclusion and Prospects
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PARTICLE AND ASTROPHYSICAL XENON TPC '

O Detected | OROI(Detected) | Efficiencypeiected

OPrimary | OROI(Primary) | Efficiencyp ;.. -
Vi SV 072
ONN VGG MV | v | o
CNN + ResNet (UNSTABLE) ﬁl); iﬁt gg tzy gﬁﬁiﬁ
CNN + ResNet with Z e | Zig:




0 Conclusion and Prospects

The work is still in progress and results are preliminary

. Ongoing process to find the most optimal architecture and appropriate
configuration of hyper-parameters

. Classification of the event type (ONDBD/gamma) to improve bkg/signal
discrimination is under way

. Reconstruction of the absolute Z position is ongoing, yet already promising

. Events registered by multiple Micromegas will be added as inputs

. Inhomogeneous gain of the micromegas will be simulated
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- a
For a single weight (w_jk)~l, the gradient is: m @

oC  oC oz

[ [ [ chain rule
dwj 0 dw

m

[ _ 1 0=1 4 3l e
Z = Q) Wy +b by definition
k=1
m — number of neurons in [ —1 layer
azjl I=1 . & o . ; s
— by differentiation (calculating derivative)
oWy
aC aC ,
= == final value
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Similar set of equations can be applied to (b_j)~L:

aC  oC 0z .
— chain rule
db} 0zj’ dbj’
dzj’
@ = ] by differentiation (calculating derivative)
J
oC oC _
= 1 final value
ob! oz

Equations for derivative of C in a single bias (b_j)"
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my = Bime—1 + (1 — B1) gt

vt = Bovs—1 + (1 — Bo)g?

where m is the decaying average of past gradients and v is the decaying

Adam (Adaptive Moment Estimation):

Or = 011 —

average of past squared gradients.

- m
vV Ut 1€ t

Thus we work on these biases by computing bias-corrected terms:

N |
me =
L~ 1-4%
5 — Ut
Ut = 1-p8
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Unscaled input variables can result in a slow or unstable learning process,
whereas unscaled target variables on regression problems can result in
exploding gradients causing the learning process to fail.

Input arrays and labels are normalized
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the distribution of the inputs to layers deep in the network may change after each mini-batch when the
weights are updated. This can cause the learning algorithm to forever chase a moving target. This change
in the distribution of inputs to layers in the network is referred to the technical name “internal covariate
shift.”

Batch normalization is a technique used in neural networks to standardize the input data of each layer. It
involves adjusting and scaling the activations of the previous layer by subtracting the mean and dividing by
the standard deviation of the batch of data being processed. This helps to alleviate issues with internal
covariate shift and allows the model to converge more quickly during training. Additionally, it has been
shown to improve the generalization of the model by reducing overfitting. Batch normalization is commonly
used in deep neural networks and is often applied after convolutional or fully connected layers.




0 Preliminary event selection C. PANDAH 2‘! cea

Simulations in REST (v2.3.12):
. Electrons generated in Gas volume of the PandaX-Ill 140kg setup

. Isotropic angular distribution
Primary: initial energy of the electron in restG4

Primary energy distribution [500, 3500] keV

Inverted distribution

hinverted

Data selection:
voan. 2803 . Electron events registered
e only by one MM module
. (spatial selection)
. Energy cut for residual b/w
primary & detected E
. (AE =[-142, 178] keV)

Energy cut to remove events with
gamma generation during electron
8o — 000 l15100l = l20100l = l25100l == l30100l — 3800 propagation(Bremsstrahlung,

keV Excitation)

35000

30000

25000

20000

15000

10000

5000

o



0 Preliminary event selection C. PANDAH 2‘! cea

Simulations in REST (v2.3.12):
. Electrons generated in Gas volume of the PandaX-Ill 140kg

setup
. Isotropic angular distribution Energy spectrum after selection
Prlmary energy dlstrlbutlon [500, 3500] kev rawSigDatColl_totalEregisteredByMM {rawSigDatColl_type_event==2}
Inverted distribution ~
250 —
- htemp
E hinverted B Entries 13851
35000 |— | Entries 759246 B Mean 2078
C [ Mean 2803 200+ Std Dev 870.4
C [ Std Dev 690.9 L
30000 - -
25000 — 150—
20000 - B
B 100
15000 - -
10000 |- sol_
5000 — -
g()-Ol T R 1 S L0 00_' 000500 2000 2500 5000 5500

keV rawSigDatColl_totalEregisteredByMM



0 Visual Geometry Group (VGG)

Loss function: Mean Squared Error

input_1 | InputLayer

conv2d | Conv2D

4

activation | Activation

| J

batch normalization | BatchNormalization

A

max_pooling2d | MaxPooling2D

N

, 1 A\
MSE = N Z (yi — Ui)

=1

#1 Convolution block

L]
conv2d_1 | Conv2D
#2 COﬂVO|UtI0n flatten | Flatten
A
block
activation_1 | Activation
dense | Dense
A
batch_normalization_1 | BatchNormalization
activation_3 | Activation
y
max_pooling2d_1 | MaxPooling2D
batch_normalization_3 | BatchNormalization
conv2d_2 | Conv2D y
#3 Convolution | dropout | Dropout
A
activation_2 | Activation bIOCk
dense_1 | Dense
A
batch_normalization_2 | BatchNormalization / \
: Detected | Dense Primary | Dense
max_pooling2d_2 | MaxPooling2D
|

Two outputs
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Label: Detected energies

AE Labels(Detected)&Predicted wrt Labels

300 le-2 AE Predicted&Label(Detected)

ROI: [2364.74, 2552.66]
AE Predicted&Label(Detected) total: mae = 0.013 (Entries: 70758)
AE Predicted&Label(Detected) in ROI: mae = 0.014 (Entries: 4414)
1.0 --- Norm fit: y = — 18.984, 0 =61.140
=== Norm fitin ROl: y= —-18.219, o= 69.265

1.2

200

0.8
100§
3 :
- 206 o =61keV
c
© o . o_ROI = 69 keV
0.4
-100
0.2
=200 500 1000 1500 2000 2500 3000 3500 0.0* -600 -400 2-(.)(_)_
Labels, keV AE, keV
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Label: Primary energies

AE Labels(Primary)&Predicted wrt Labels

300 1.9 le=2 AE Predicted&Label(Primary)

ROI: [2364.74, 2552.66]
AE Predicted&Label(Primary) total: mae = 0.015 (Entries: 70758)
AE Predicted&Label(Primary) in ROI: mae = 0.018 (Entries: 4347)
1.09 ——= Norm fit: p= —19.422, 0=70.935
=== Norm fitin ROl: y= —=21.360, 0= 79.151

200

o
o

100 pu— 60

o =71keV
o ROl = 79 keV

AE, keV
Entries/N
o
()]

0 -40
0.4
-100
0.2
= 1000 1500 2000 2500 3000 o -600 —400 _ -200 0 200
Labels, keV AE, keV



0 CNN ResNet with Convolution block as skip connection C PANDAH 2‘! @

n
Loss function: LogCosh loss  L(y, y?) = ), log(cosh(yf - )
£t

activation | Activation

act_regr3 | Activation

Conv2D

| conv_skip

Skip
/ | connection

batch_normalization ‘ BatchNormalization ‘ | act_skip ‘ Activation

| | Convolution

| max_pooling2d | MaxPooling2D | | pool_skip ‘ MaxPooling2D I Iaye r

#2 Conv

b | O C k | batch_normalization_1 | BatchNormalization

! Two outputs with
’ max_pooling2d_1 ‘ MaxPooling2D | dense outl_2 | Dense dense out2_2 | Dense add Itlonal de nse

2
Detected | Dense Primary | Dense

I batch_normalization_2 | BatchNormalization

#1 Conv )
block

pool_regr | MaxPooling2D ‘

flatten | Flatten

g

dense_out2_1

A
f

dense_outl_1 | Dense Dense

/ \

batch_2

BatchNormalization BatchNormalization

batch_1

\ g

#3 Conv
block

y

J




0 CNN ResNet with Convolution block as skip connection C PANDA H ﬂ cea

Label: Detected energies

300 AE Labels(Detected)&Predicted wrt Labels

le-2 AE Predicted&Label(Detected)

ROI: [2364.74, 2552.66]
W AE Predicted&Label(Detected) total: mae = 0.009 (Entries: 70778)
AE Predicted&Label(Detected) in ROI: mae = 0.010 (Entries: 4547)
1.0{ --- Norm fit: y = — 15.323, 0 =45.158
=== Norm fitin ROl: y= —16.480, 0=50.127

200

0.8 ,:'/
100 -
3 . | o0=45keV :
~ 2z
: £”" 0_ROI =50 keV
0
0.4
-100 0.2
0.0~ —
~200 -500 -400 -300 -200 -100 200
500 1000 1500 2000 2500 3000 3500 AE, keV

Labels, keV



0 CNN ResNet with Convolution block as skip connection & Paoax ﬂ cea

Label: Primary energies

AE Labels(Primary)&Predicted wrt Labels

300

1le=2 AE Predicted&Label(Primary)

ROI: [2364.74, 2552.66]
mmm  AE Predicted&Label(Primary) total: mae = 0.012 (Entries: 70778)
AE Predicted&Label(Primary) in ROI: mae = 0.014 (Entries: 4469)
1.01 ——- Norm fit: y = - 9.077, 0="57.653
80 -== Norm fitin ROI: y= —18.979, o =64.509

100

200

o
©

o = 57 keV

¢ 60 =
v = h
E %... 0 _ROI=64keV
w 8 il
X &
: 40
0.4
- 20 0.2
-20 5 907500 ——400 -300 -200 -100 0 100 bt
800 1000 1500 2000 2500 3000 =

Labels, keV



0 CNN ResNet with Average Pooling
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a
L/

clone | input [ (128, 64, 64, 64) Corvad | input: | (128, 64, 64, 64)
depth:l [ eoit: | (128, 64, 64, 64) depth’l ' out: | (128, 64, 64, 64)
¥
- Rely | input | (128,64, 64, 64)
input-tensor &
depth:o | (128-2.128.128) depth:l [0 tput: [ (128, 64, 64, 64)
convad | input | (128, 2,128, 128) AvgPool2d input: | (128, 64, 64, 64) A‘é%p°°'2d input: | (128, 64, 64, 64)
depth:1 [ eout: | (128, 64, 128, 128) epthl [0 tout: | (128, 64, 16, 16) pthil o out: | (128, 64, 32, 32)
Rew | input | (128, 64, 128, 128) Convad | input: | (128, 64, 32, 32)
depth:1 5 enut: [ (128, 64, 128, 128) depth:l [oimut: | (128, 64, 32, 32)
AvgPool2d | input | (128,64, 128, 128) rew | input | (128,64, 32, 32)
epthl  [Soaeoe T (128, o4, 64, 64) depth:1 [ eput: | (128, 64, 32, 32)
Avapoolzd | inPut: | (128, 64, 32, 32)
pthil ot | (128, 64, 16, 16)

<

add input:

2x (128, 64, 16, 16)

depth:l output:

(128, 64, 16, 16)

I

Rety | input: | (128, 64, 16, 16)
depth:l [ mut: | (128, 64, 16, 16)
view | input: [ (128, 64,16, 16)
depth:l [Coimut: | (128, 16384)
done | input: | (128, 16384) clone | input: [ (128, 16384) lone | input: [ (128, 16384)
depth:l Foumue: | (128, 16384) depth:l [oieput: | (128, 16384) depthid [oueput: | (128, 16384)
y
Linear | input: | (128, 16384) Linear | input | (128, 16384) Linear | input: | (128,16384)
depth:l [imue | (128, 64) depth:l o enie | (128, 64) depthil [oout: | (128, 64)
ReLU input: | (128, 64) RelU input: | (128, 64) Rell input: | (128, 64)
depth:1 (oo 128, 62) depth:l ['enit: [ (128, 64) depth:1 [ eoue: [ (128, 64)
Linear | input | (128, 64) Linear | input: | (128, 64) Linear | input: | (128, 64)
depthil [oo T (156, 76) depth:1 [ ot: | (128, 16) depth:l o tput: | (128, 16)
Y l
Linear | 'PPUt (128, 16) Linear | put: (128, 16) Linear | input: (128, 16)
depth:l [ (128, 1) depth:1 [0 ot | (128, 1) depth’l [ put | (128, 1)

T

/

input:

3x (128,1)

cat
depth:1 output:

(128,3)

output-tensor

depth:0
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AEdet AEdet
> 300 —55 2 =
- - : = 35001
s = s — c -
W 200f- gu ToE i =5 iE h1_draw
E fy ‘ —1{45 3000— Entries 72000
100E= _lao - Mean -14.13
= 2500f— Std Dev 47.90
0 = X2 / ndf 3554 1 119
- 2000 :— Constant 3238
- :_ = Mean -9.315
200F 1500f— Sigma 39.36
- [Ermes 7000 - - B e T 1000f—
300 |Meanx  2077| - . % e ceRm, Wi =
~ |Meany -14.13 = & - 500f—
-400}— | Std Dev x 869.0 —
— | StdDevy 47.90 —
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500 1000 1500 2000 2500 3000 3500
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0 CNN ResNet with Average Pooling & Panoay 2‘! @

AEp”m AEprim
300, 0 —
e ey § = B0 S E LE
W 200 5 BN (o n i BT _ls5 & 3000 h1l_draw
< = | = Entries 72000
= 50 = Mean -2.573
100 . 2500 Std Dev  58.29
9E- 2000[—
-100F— -
= 1500f—
-200F— =
— [Entries 72000 SR Ty 1000}—
-300}— | Mean x 2087 - - T SRS W N e sl B2
~ |Meany -2.597 : ®oowe Tlep ey S ~
_400—_ Std Devx 874.0 = g - & S 500}—
— | Std Devy 58.38 ) =
_500:||||||||||||||||||||||||||'|||||||| O_IIJlLLu ] I A T S IO L O S ol R O O

500 1000 1500 2000 2500 3000 3500
E_prim, keV

'
ey
(=]
o
1
W
o
o

-200 -100 0 100 _% i ke??o
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ANZ NZ
400
£ 2 —
E g S1 o it L i h1_draw
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E,..without missing in ROI

& [ l
E 50— Eita:t?1=2453.04,o=46.58 []
[~ [ ROI: [2364.74, 2552.66]
11, 1 O8O 4o Efficiency: 0.93
OxO 1x1 1x0 1 0 4 :
0x1 Oxo 1x1 1 1 30—_
0|0f(1|1(0 —
0|1(1|0(0 ol
Image Convolved -
& Feature [
10—
_llllll[lllllll ll‘ I Jusepsca):

2500 2600 2700

2000 2100 2200 2300 2400
Eqer, k€V



