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Introduction to JUNO

Liquid Scintillator
20kton

Central Detector

ϤмтΣсмн нлέ ta¢ǎ
+ ϤнрΣслл оέ ta¢ǎ
+ ~78% coverage
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Top Tracker

Water Pool

ωJiangmen Underground Neutrino 

Observatory (JUNO):  

ω Determine the neutrino mass ordering 

εNMOζ

ω Measure neutrino oscillation 

parameters to sub-percent level

ω SuperNova, Solar, Geo., Atm. , etc.

ωConstruction done, full -LS data  taking 

has started since 26 Aug

The largest liquid scintillator 

detector ever built. 

For more details see talk by Zhiyuan Chen (Friday) 
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Why Atmospheric Neutrinos in JUNO?

Reactor neutrinos: 

Sensitivity to NMO via 

oscillation in vacuum 
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Why Atmospheric Neutrinos in JUNO?

ÅAtmospheric neutrinos provide independent sensitivity to NMO via matter effects.

ÅCombing reactor and atmospheric neutrino oscillations has the potential to maximize 

JUNOôs total sensitivity.

Atmospheric neutrinos:

Sensitivity to NMO via 

matter effects

Reactor neutrinos: 

Sensitivity to NMO via 

oscillation in vacuum 

This talk
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Differences between NO and IO in oscillation spectrum 
| H˒onda ̀ CC ( PNO -  PIO)|

Key Factors

ÅFlavor identification  is critical, including ’ vs ’. 

ÅOscillation probability P(L/E), L~cosɗ;

ÅNeutrino directionality  (cosɗ) is 

mandatory to the atmospheric neutrino 

oscillation measurement.

Earth
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ɜ
Cosmic Rays 

JUNO
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Differences between NO and IO in oscillation spectrum 
| H˒onda ̀ CC ( PNO -  PIO)|

Key Factors

ÅFlavor identification  is critical, including ’ vs ’. 

ÅOscillation probability P(L/E), L~cosɗ;

ÅNeutrino directionality  (cosɗ) is 

mandatory to the atmospheric neutrino 

oscillation measurement.

3



A Liquid Scintillator Detector for Atmospheric Neutrinos?

Daya Bay Kamland Borexino

ÅEnergy is not a problem, but

ÅNo direct tracking information.

ÅScintillation light is isotropic, Cherenkov 

light is only a few percent: no direct 

directional information.

ÅPID for neutrino interactions in GeV? 

ÅAtmospheric neutrino oscillation 

measurements in LS detectors have never 

been reported before. 

Typical LS detectors are designed with low-threshold, good energy resolution, ideal for low-energy neutrinos.

ɜ

H
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Scintillation light

e-

PMT
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Solution: Event Topology in PMT Waveforms

ɝὰP0 P1

ÅPMTs at different angles wrt the track see distinct shapes of nPE(t)

ÅExactly how nPE(t) looks depends on: 

ÅTrack direction;

ÅTrack starting and stopping points;

ÅTrack dE/dxé

ÅEvent topology information in the PMT waveform.
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ÅExactly how nPE(t) looks depends on: 

ÅTrack direction;

ÅTrack starting and stopping points;

ÅTrack dE/dxé

ÅEvent topology information in the PMT waveform.
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Solution: Event Topology in PMT Waveforms

ɝὰP0 P1

ÅPMTs at different angles wrt the track see distinct shapes of nPE(t)

ÅExactly how nPE(t) looks depends on: 

ÅTrack direction;

ÅTrack starting and stopping points;

ÅTrack dE/dxé

ÅEvent topology information in the PMT waveform.
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ÅPMTs at different angles wrt the track see distinct shapes of nPE(t)

ÅExactly how nPE(t) looks depends on: 

ÅTrack direction;

ÅTrack starting and stopping points;

ÅTrack dE/dxé

ÅEvent topology information in the PMT waveform.

If electron



Solution: Event Topology in PMT Waveforms

ÅPMTs at different angles wrt the track see distinct shapes of nPE(t)

ÅExactly how nPE(t) looks depends on: 

ÅTrack direction;

ÅTrack starting and stopping points;

ÅTrack dE/dxé

ÅEvent topology information in the PMT waveform.
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Directionality

PIDé

Energy
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Solution: Event Topology in PMT Waveforms

ɝὰP0 P1
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Solution: Event Topology in PMT Waveforms
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(1GeV Muon)
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Solution: Event Topology in PMT Waveforms
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Slope

Slope 

(1GeV Muon)

Slope 

(1GeV electron)

Åe-like vs ɛ-like vs NC identification based upon PMT features.

ɝὰP0 P1 ‘



A Multipurpose Machine Learning Solution
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PMT Waveforms



A Multipurpose Machine Learning Solution

FHT

Slope
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Pictures of PMT 

Features

FHT

Slope

PMT Waveforms
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A Multipurpose Machine Learning Solution

FHT

Slope

Machine Learning Models
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A Multipurpose Machine Learning Solution

Machine Learning ModelsPictures of PMT 

Features
PMT Waveforms

ÅModels are trained with large number of PMT feature pictures and learn to find 

direction/energy/flavor/vertex etc. from the feature patterns.

Direction

Energy

Flavor

Track

Vertex

FHT

Slope
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Directionality Reconstruction

ÅCross-checked with different ML models.

ÅBetter than ρπᶼzenith angle resolution for Ὁ σGeV for both ϳ’ ’ and ϳ’ ’ CC events.
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Z Yang et, al. Phys. Rev. D 109, 052005 (2024)



Charged lepton

Hadrons

ɜ

ɜ

Hadrons

Charged lepton

Reconstructed 

ɜ direction

ÅBoth lepton and hadron informations are used in the directionality reconstruction.

ÅLow-threshold in LS detectors allows for more information from hadrons.

ÅThe reconstructed neutrino direction is less smeared from true neutrino direction compared with 

the charged lepton direction. 

ÅAn advantage for an LS detector with this method for atmospheric neutrino oscillation 

measurements.
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Energy Reconstruction
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Work in progress
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ÅStrategy 1: Reconstruct the visible energy  

(after quenching in the LS).
ÅStrategy 2: Reconstruct the neutrino energy  

ÅFor fully-contained CC events only.

ÅTwo possible strategies on energy reconstruction:

ML result with PMT features and 

summed nPE(t) information
ML result with PMT features

ÅDetailed study is on-going on their impact on oscillation analysis.

11



Neutrino vs Anti -neutrino

Primary 

Trigger
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ÅIt is possible to statistically separate ’ and ’ with neutron-capture informations.
J Liu et, al. Phys. Rev. D 112, 012018 (2025)
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Neutrino vs Anti -neutrino

Primary 

Trigger

Secondary 

Trigger 1
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ÅIt is possible to statistically separate ’ and ’ with neutron-capture informations.
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Neutrino vs Anti -neutrino

Primary 

Trigger

Secondary 

Trigger 1

Secondary

 Trigger 2
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Flavor Identification Strategies

Primary 

Trigger

Secondary 

Triggers
é
é

Neutrino 

Interaction

Secondary 

Triggers
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Feature Extraction

Neutron Candidate 

Trigger Selection
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PMT Features 
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é
é

13



Flavor Identification Strategies

Primary 

Trigger

Secondary 

Triggers
é
é

Neutrino 

Interaction

Feature Extraction

Neutron Candidate 

Trigger Selection

Event

Direction, 

Vertexé

Secondary 

Triggers

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPEé)

Neutron 

Capture 

position

Neutron 

Capture 

position
é
é

é
é

13



Flavor Identification Strategies

Primary 

Trigger

Secondary 

Triggers
é
é

Neutrino 

Interaction

Feature Extraction

Neutron Candidate 

Trigger Selection

Event

Direction, 

Vertexé

Secondary 

Triggers

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPEé)

Neutron 

Capture 

position

Neutron 

Capture 

position
é
é

é
é

Event 

Level 

Features

13



Flavor Identification Strategies

Primary 

Trigger

Secondary 

Triggers
é
é

Neutrino 

Interaction

Feature Extraction

Neutron Candidate 

Trigger Selection

Event

Direction, 

Vertexé Event ID:

’Ⱦ’Ⱦ’Ⱦ’Ⱦὔὅ

Secondary 

Triggers

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPE)

PMT Features 

(FHT, nPEé)

Neutron 

Capture 

position

Neutron 

Capture 

position
é
é

é
é

Event 

Level 

Features

Machine 

Learning 

Model

ÅStrategy 1 : Combine the PMT-level 

features with event-level features 

(neutron-multiplicity, relative positions of 

neutrons to event vertex/directions, etc. ).
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Flavor Identification Strategies

Primary 

Trigger

Secondary 

Triggers

Neutrino 

Interaction
PMT Features 

(FHT, nPEé)

Machine 

Learning 

Model

Event ID:

’Ⱦ’Ⱦ’Ⱦ’Ⱦὔὅ

Secondary 

Triggers

PMT Features 

(FHT, nPE)

Feature Extraction

é
é

Neutron Candidate 

Trigger Selection

Merging Neutron 

Candidate Triggers

ÅStrategy 2: Directly input PMT features from multiple triggers into ML. 
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Flavor Identification Performances

15

3 label (e, mu, NC) score



Flavor Identification Performances

15

3 label (e, mu, NC) ROC curve



Flavor Identification Performances
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Flavor Identification Performances
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Systematic Uncertainties

Number of events

(Observables)
Neutrino Flux

Oscillation 

Probability

Cross -

sections
Detector response
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Systematic Uncertainties

Different generators and models 

(GENIE, NuWro , GiBUU, NEUT)

And ReWeight
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Differences between GENIE and NuWro 

in „  by different ML models.
ÅA dedicated group is established to study the 

neutrino interactions for JUNOôs atmospheric 
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Well tested generators to produce 

uncertainty estimation

Our nominal model
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