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» World’s largest liquid-
scintillator detector

» Central Detector: 20kton LS,
17°612 20” PMTs and 25’600 3”
PMTs

» Unprecedented energy
resolution 3% @1MeV e ‘ I

> Main physics goal: I T R
determination of neutrino
mass ordering (NMO)
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» Energy resolution is crucial for NMO sensitivity in JUNO
» PMT charge smearing is one of the dominant factors

Work in progress Work in progress

Table 2: Modified RawNet architecture. For convolutional layers, numbers in- o SR 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
side parentheses refer to filter length, stride size, and number of filters. For

gated recurrent unit (GRU) and fully-connected layers, numbers inside the 1 0.01 JOEEN 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 006 ISR 009 001 000
parentheses indicate the number of nodes. 1 ' ’ ' '

Layer Input Output shape 10.00 003 0'02 000 0.00° 0.00 0.00 0.00 0.00 | 000 012 0.17 0.03 001 001 000 0.00 O.

Strided Conv(3,3,128) ] 0.00 0.00 0.07 0.06 0.00 0.00 0.00 0.00 0.00 s 0.15ﬂ0.22 Y 00> 001 ool o
BN (128, 140)

-conv
LeakyReLU 1 0-00 0.000.00 0'130'09 B 0% 080 0co 54000 000 001 017 024 006 002 001 O

( Conv(3,1,128) )
BN

LeakyReLLU 1000 0.00 000 0.00 0.03 mEs 016 0.02 0.00 1000 000 000 000 002 017 037 025 009 O.

Res block { Conv(3,1,128) (128, 46)

4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 o0.00 :

0.00 0.00 0.00 0.00 :

True label

4 0.00 0.00 0.00 0.01 0.18ﬁ0.13 0.01 0.00 0.00 g 0.00 0.00 0.00 001 0.17 ~ 041 025 0.08 0.03

{0.00 0.00 0.00 0.00 0.00 0.04 0.25 20:50° 0.20 0.01 1000 000 000 000 000 003 017 034 025 O.

. . ‘ ‘ LeakyReLU 1000 000 0.00 000 000 001 005 027 0.09 ] 0.00 000 000 000 000 000 003 016 031 HO)
0~ 100 200 300 400 500 600 700 800 900 1000 | Moxbool) =

time/ns {000 000 0.00 0.00 0.00 0.0 0.00 003 021 WW3 |1 000 000 000 000 000 000 000 003 015 H
( Conv(3,1,256) )

BN 0 1 2 3 4 5 6 7 8 >9 0 1 > 3 4 5 6 E

> Input: pre-processed PMT LeakyReLU

waveform within 420ns signal Resblocke ) Comts.1,250) (2561 » Left: Confusion matrix of RawNet
window e > 99% (95%, 87%) accuracy for 1PE (2PEs, 3PEs)

. MaxPool(3) )
» Model: Customized RawNet GRU GRU(1024) (1024,) » Accuracy decreases rapidly as nPEs increases

> Output: {p,} the probability for  cmvedine FC(128) (128) » Right: Confusion matrix based on charge classification

oredicting (k=0,1, ... >9) PEs Output FC(10) (10, » The accuracy is markedly inferior to that of RawNet

Energy Reconstruction Energy Resolution Performance
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» Using the photon counting information for PMTs with (k<K-)
L) = ) Cu, X Pk, ) PEs can improve the energy resolution
, , B o » The improvement becomes smaller as K; increases due to
where y; 1s the expected nPEs for the 1-th PMT, P(k, u;) 1s just,

the Poission probability of observing k p.e. given u; and Py(g;lk) Rk = ), Cre the dropping accuracy for high PEs

is the charge pdf for k p.e. T » Additional checks were done to validate the results
confusion matrix Cy

Summary

» Energy resolution is crucial for the NMO sensitivity in JUNO, while PMT charge smear is one of the dominant factors

» A Machine Learning based photon counting method was developed for PMT waveforms, which can achieve high accuracy at low PEs

» Integration of the photon counting information in the energy reconstruction can partially mitigate the impact of PMT charge
smearing, leading to 2% to 2.8% relative improvement on the energy resolution
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