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Introduction

1 Jiangmen Underground Neutrino Obser-
vatory (JUNO):
• multipurpose experiment;

• 53 km away from 8 reactor cores in China;

• ∼600-meter deep underground;

• data taking expected in ∼2023.

2 The main goals of JUNO:
• neutrino mass ordering (3σ in 6 years);
• precise measure of oscillation parameters
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3 The Central Detector:
• detection channel: νe+p → e++n;
• deposited energy converts to optical light.
• the largest liquid scintillator detector: 20 kt;
• 77.9% photo-coverage: 18k 20”, 26k 3”

photo-multiplier tubes (PMTs);
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Problem statement

LPMT_nPE LPMT_FHT Edep = 6.165 MeV
EvtID = 1135 ▼

Example of an event seen by 20” PMTs for a positron of 6.165 MeV deposited energy. The color represents
the accumulated charge in PMTs (left) and PMT activation time (right). The gray sphere: the primary vertex.

Avaliable information:

• Charge at each PMT;

• First Hit Time (FHT) at each PMT;

• PMT position.

We want to provide:

Deposited energy Edep with resolution 3% @ 1 MeV

Data description

To train model and to evaluate model performance we prepared two datasets generated by the full detector
Monte Carlo method using the official JUNO software:

1 Training dataset:
• 5 million positron events;

• uniformly distributed in kinetic energy Ekin;

• uniformly spread in the volume of the central de-
tector (in LS);

• Ekin ∈ [0,10] MeV. Edep = Ekin+1.022 MeV.

2 Testing dataset:
• subsets with discrete kinetic energies;
• 0 MeV, 0.1 MeV, 0.3 MeV, 0.6 MeV, 1 MeV, 2

MeV, ..., 10 MeV;
• uniform spatial distribution;
• each subset contains about 100 thousand events.

Aggregated features

We use 30 different aggregated features, which summarizing information from PMTs:

1 AccumCharge — the accumulated
charge on fired PMT (roughly propor-
tional to deposited energy);

2 nPMTs — the total number of fired
PMTs;

3 Rcc =
√

x2cc+ y 2cc+ z2cc;

4 Rcht =
√

x2cht+ y 2cht+ z2cht;

5 ρcc =
√

x2cc+ y 2cc;

6 ρcht =
√

x2cht+ y 2cht;

7 pe mean — mean of charge distribu-
tion (CD);

8 pe std — standard deviation of CD;

9 pe skew — skewness of CD;

10 pe kurtosis — kurtosis of CD;

11 Percentiles of FHT distribution: {2%, 5%, 10%, ..., 95%}.

Where (xcc, ycc, zcc) and (xcht, ycht, zcht) defined as follows:
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Examples of cumulative distribution functions and probability density functions for FHT distribution:
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(a) Ekin = 1 MeV, R varied.
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(b) R = 16 m, Ekin varied.

Dashes lines illustrate mean values.

Model description

Fully Connected Deep Neural Network (FCDNN):
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• Optimizer: adam;

• Training with early stopping;

• Validation dataset: 400k events;

• Learning rate scheduler: expon. decay.

Results

Metrics:
1 Defined by a Gaussian fit of

the Epredicted − Edep distribu-
tions;

2 Resolution: σ/Edep, where σ

— standard deviation of the
fit;

3 Bias µ/Edep, where µ —
mean of the fit.

Parameterization:
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The JUNO requirement to the determination of neutrino mass ordering could
be translated into a convenient requirement on an effective resolution ã as:

ã ≡
√

(a)2+(1.6×b)2+
( c

1.6

)2
≤ 3%
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Model a±∆a b±∆b c±∆c ã±∆ã
FCDNN 2.32 ± 0.14 0.83 ± 0.05 1.47 ± 0.29 2.82 ± 0.03

Summary

FCDNN with aggregated features:

• required ã ≤ 3% achieved;

• great computation speed.
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