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Mixing of different v mass eigenstates leads to
— * .
va(t)) = . ;3 Uai [1i(t)) oscillation:
1=1,2,
_.Am%lL _,Am%lL
(Ve | ve(t)) = |{ve [ v1)|* + e 728 [(ve [1o)[* + €7 728 |(ve | vs)[?

|
describes the survival probability of v, as P(ve — ve) = |(ve | ve(t))]2.
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BBEBBA . :/ Slope tunnel 3
736.0m . 1265 m 4 42%
6x 2.9 GW,,, : ' &

a———

Jiangmen Underground Neutrino Observatory

Overburden
~650 m
(1800 m.w.e. )

Yangjiang

® 52.5km is the sweet spot for v oscillation.
® Detected via inverse 3 decay 7, +p — e’ +n.
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Sensitivity to v mass ordering

Exemplary spectrum, 6y
(10° events, 0,/E = 3%VE[MeV])

Reactor V. signal IBD event number (x10°)
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Ax? is the x? different between correct and wrong hypothesis.
30 determination in 6.5 years. Chin. Phys. C 49 033104

5/30



Cutting-Edge
Machine-
Learning

Advancements
at JUNO

JUNO design: a liquid scintillator detector

veto
detectors:
tracker, water

Ful

1

43212
r—-photomultiplier
| tubes

A
L 7AN

f 20kt

| \quuid

scintillator

43.5m

large exposure:
® proven technology to scale up.
® world's largest by 20x.
measurement of v energy;
® bright liquid scintillator.

® maximize the coverage of
photomultiplier tubes.

® > 1300 photo-electrons/MeV.
control of backgrounds.

o effective impurity removal:
filteration, distillation, absorption.

® active shield of water and u tracker.
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Replacing KamLAND as the world's largest liquid scintillator detector
KamLAND  JUNO KamLAND2

(reference) (future)
PE yield per MeV 250 ~ 1600 1200
Photocoverage/% 34 78 61
Light yield 1 15 1.4
PMT QE x CE/% 12 30 23

® 52.5km is the first minimal of (ve | 12).
¢ (ve|v3) oscillations 30 times faster.
® Requires energy resolution better than 3% at 1 MeV.
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Configuration of photo-multiplier tube array

supporting-bar

uu-_.z‘;,m R
—acrylic sphere

size type quantity detection dark noise  transit time
efficiency  rate/kHz spread 1o/ns

#50cm  micro-channel plate 15057 30% 31 7.0
dynode 4939 29% 17 1.3

Z7.6cm dynode 25600 25% 0.5 1.6

Eur. Phys. J. C 82 12, 1168(2022)
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Solvent: LAB
Linear Alkyl-Benzene
88% C +12% H

o Carefully designed liquid
scintillation cocktail.

e Efficienct transmission of
ionization energy to
scintillation photons.

NIM A 967, 163860 (2020)

Arbitrary Unit

Photon Detection Efficiency

Fluor:

5g/LPPO

Liquid scintillator

o

‘:"-{}sp

Wavelength
shifter:
3mg/L bis-MSB
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Construction

H e
(1

How to put an elephant into a fridge?
@ dig a experimental hall: 2015-2021;
® put a detector inside: 2021-2024,
© top out the water pool: 2024;

O official data taking: 2025.

=

Timeline

I

;._
Q ———
g
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Construction

Project Approved
and Funded!

E Civil Started

Milestones of JUNO

Civil Detector
completed | Const. Started

e

] 2021

NNVT PMTs
Delivered

2023-2024-2025
¥

Filling starting

Detector
completing,

August 2025
Data

Taking!
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Construction

® Stainless steel frame bottom-up, acrylic sphere top-down.

Drogress
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Construction

Construction of acrylic sphere

Acrylic Sphere

N /Dlahi;tér and heaght change for each Iéyer of a ryI|c ondlng

e Construction layer by layer.
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Construction

Inspection of bonding lines.
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Construction

All the panels are welded together in situ.

er

15/30



of construction

Completion

)
_I
=
o
G

[e]

e14]
£
X

O

(9]

o

Q

(2]

c

(3
a

[ ]

Cutting-Edge
Machine-
Learning

Advancements
at JUNO

Construction



Cutting-Edge
Machine-
Learning

Advancements
at JUNO

Charged particles deposit
energy and produce
scintillation light

PE count and time

1

4
a

1BD signals
8

Water Cherenkov

effects

Photoelectric * L
0.6F

—

04F

02f

ok

0

Event
reconstruction

Event energy, vertex "

etc.

100 200 300 400 500 600 700 800 9001000
time [ns]

PE count and time
and other waveform
features

Reconstruction as inverse problems

Waveform
Q F |
a E |
< 160f :
Electronic 140} E
effects 120 '
AN i
60: |
4og«www mwwmwwv@
o@@m@@@ﬁ@@@
ime [ns_
Waveform
reconstruction
g — Waveform
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Reconstruction with pure water

Included
angle < 84°

Pattern recognition

® Inspired by SuperK NIM A 433 (1999) 240-246

Test grid point

® Narrow peak in residual time for vertex.

® Hough transformation for direction.

CD LPMTs Sphere

Likelihood estimator
® Inspired by £iTQun MiniBooNE and SuperK, but without Q.

L= H {exp [_UE)‘%E—to,Tj—to](F)] vER? (T; — to;f’)} X H exp [_UEAg,E—toT—to](F)] .
N;>0 N;Zo0

® 7 position (x,y, z) and momentum (pz, Py, p=)-
¢ Employ Markov Chain Monte Carlo (MCMC) to avoid local extrema.

® Simulated annealing is adopted to accelerate convergence.
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AlIC = -2InL + 2k

® £: The minimum likelihood of the event

® Use dA = AIC, — AIC; to decide
whether the event is a signal or
background.

® Dataset: Simulation

@ 2.2MeV gamma uniformly 0~025
distributed in the detector. :
@ Events triggered by dark noise.

H = 2.2MeV Gamma 1
1 Dark noise ]

=2
o
E

Probability[/2]

e
1=
]

® |t is possible to remove dark noise 200 -150 -0 S0 0 S
v 0
from 2.2 MeV gamma by AlC.
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Demonstrated low energy threshold in water phase

From AmBe calibration — 4.4 MeV ~;
From AmC calibration — 6.1 MeV ~;
Coincident analysis — 2.2 MeV ~;
nog: The total count of PE hits in

[-20,20]ns, primary measure of energy.

Demonstrates JUNO's low energy
threshold and clear neutron capture
detection with pure water.

I
=3
=

Probability

o
(=1
=

2

0.03

0.02

0.01

0.00

2.2MeV
4.4MeV
6.1MeV

H‘ bt

Vvv

125 150
n20
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Photon couting with time

Photon counting is chance to improve JUNO energy resolusion.

W o

voltage
voltage

timre time

Figure: Time helps recovering pulses from

Figure: Total charge from overlapping pulses.
fluctuation and noise.

Go directly from waveforms to event time, location and energy.
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Photon counting

Given a light curve ug(t — to) received photoelectron (PE), their times being
Z = (t1,t2, -+ ,tn). waveform J is a time series.

itg = 2 — W

351 . -
light curve —— origin waveform
250 -
30 — PE — PE
measure
Waveform 25 A % 200 A
f=
2 20
‘?)’ g 150 -
o <
& 154
o] 100 -
10 A
H 50 1
5 riconstructlon
0 0

180

190 200
time/ns

210 220

0

100

200 300 400 500
time/ns
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Photon counting
Given a light curve@(t — received photoelectron (PE), their times being

Z = (t1,t2, -+ ,tn). waveform J is a time series.
@) 7
359 light curve —— origin waveform
30 — PE 250 A — PE
measure
254 % 200 A
c
2
E 20 A o 1504
g 154 2
o] 100 -
10 A
5 riconstruction 307
01 0
1é0 léO 2(’)0 2i0 220 (’) 1(')0 2(’)0 360 4(')0 5(’)0
time/ns time/ns

fit _ analyze _,
@ 7

® overlapping pulses, cannot measure 2 precisely. Big challenge.
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at JUNO RawNet Traditional

Layer Input Output shape 0.00 0.0 000 0.00 000 000 0.00 0.00
X X NA NA NA NA NA NA NA NA NA NA
Strided Conv(33,128) (128, 140) o o
B v BN
o 1 000 000 000 0.00 000 000 000 1 006 001 000 000 000 000 000 0.00
LeakyReLU
Conv(3,1,128) 2] 000 002 000 000 000 000 000 0.00 5] 000 017 003 001 001 000 000 0.0
LeakyReLU
Res block Conv(3,1.128) § x 2 (128, 46) 3 130CUNIO0U o Q) &b 05 34000 000 004 002 001 001 001
N
Leaky 3 44000 000 001 000 000 000| 3,l000 000 001 017 024 006 002 001 002
Max Pool 3) 8 k]
Conv(, 1,256) 2 5]oo 000 013 001 000 000| Z5 o000 000 000 001 0.17.025 008 003 005
BN
LeakyReLU
Res block Conv(3,1,256) § x 2 (256, 1) 6] 000 000 000 000 003 022 BEIS 016 0.02 0.00 64000 000 000 000 002 017 037 025 009 010
BN
LeakyReLU 7] 000 000 000 000 000 004 025 020 o001 7] 000 000 000 000 000 003 017 034 025 022
Max Pool (3)
GRU GRU(1024) (1024) 5] 000 000 000 000 000 001 005 027 [N 009 51000 000 000 000 000 000 003 016
Speaker FC(128) (28)
embedding 29/ 000 000 000 000 000 000 000 003 021 RN 9] 000 000 000 000 000 000 000 003
Output FC(10) 10)

8 =20 o 1 2 7

a5
Predicted label

Eur.Phys.J.C 85 (2025) 1, 69
T

i s
Predicted label

+ A customized RawNet model to predict the £ I ‘ E
probability of PE counts of each PMT. £ 09:; —ome  ~-penie E
+ Show improvement over traditional waveform 0:985 ) Zarmazsps —ormuznes g
reconstruction methods. N S — :

0.97
+ With the potential to further improve JUNO’s 096 ™~
energy resolution

|
I

0.95

8 9
£, [MeV]
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at JUNO Fake Waveform (9 PE)
4180 s
4160 4300?
42501
4120 E
4100 MSDE_ g ‘h "
4080 E n i L i L i L
0 200 0 E 0 7000 200 00 00 800 7000
Time (ns) Time (ns)
EE——
Waveform SPE waveform st Fake waveform
semble

* ML training with simulation datasets is
vulnerable to potential uncertainties in
waveform modeling.

10 15 20

=
Total PE - Reco
* Build “fake waveforms” from calibration data

from radioactive sources for a data-driven
ML training.

g -
10209546 5 0 5 10 15 20
Total PE - Reco
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at JUNO . .
. ., NPE is the uncertain count of elements
p(wlto. 1) = p(d|0)p(D]to. 11) in 7
—_—— .
no integral NPE = 2
—|—/ p(zﬁ|2)p(5|f<,//)d5 250 —— origin waveform
zZeT —— step:0
. > 200 A — PE
single integral
+ [[ p@2pE ez g
double integral 504
+ [[] @ 2p(t0 iz L
ZeTs 0 100 200 300 400 500
~ d time/ns

triple integral

® Use Markov chain, having z' jumping over different terms.
JINST 17 P06040, NIM A 1082(2026) 170986
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Waveforms to event time, location and energy

® Fusion of waveform analysis and event reconstruction.

dark noise

L{@}E, to,7) = H [@i| R (t; B, to, 7) Pbi)
) <——— total probability
waveform = H Zp Wi Z; p[z]L&(tE\to,) + b

all PE times (sampled)
SPE charge spectrum embedded

® The PEs on PMT i follow inhomogeneous Poisson process R;(t; E, to, 7). It

captures scintillation profile, time-of-flight, scattering, re-emission, etc.

® |nterfacing with trans-dimensional Z space allow full propagation of
uncertainty.
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'RESNET-J
D IE |E . B__L [ R NIMA 1010 (2021) 165527
o A =2 ¥ i DNN
LAY = 309, § eoT
o "‘ + ResNet-)
fasy T I veey
§ % i GNNJ
220 z
& 3
15 .
e % s
1.0
12
Nside =4 N.
- 211
[ v’ v L A
A6 128 - input layer * s H X
h FCDNN ... .. s A 1
i 5
MaxPoling Layer + BatchNorm  Global Aveage Poling . N i B s
R Y %A'x\' b 3 2 & T e o
Max
@ -

1 2 3 4 5 6 7 8 9
Visible energy, MeV

0%atres

NSk - N2 @

NuclSciTech, 33 2022) 7,93

+ Multiple ML models explored for the energy and vertex reconstruction for reactor neutrinos.
(NIMA 1010 (2021) 165527, Eur.Phys.J.C 82 (2022) 11, 1021, Nucl.Sci.Tech. 33 (2022) 7, 93)
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Charged lepton

Reconstructed
v direction

P

............... I SR

Scintillation light photon distribution from a charged particle

track in space and time is not isotropic Hadrons

+ PMTs at different angles wrt the track see distinct shapes of R(t)
« Exactly how R(t) looks depends on: . . .
« Track direction; Directionality
« Track starting and stopping points;]—» Energy
+ Track dE/dx... PID...
® Machine learning for GeV atmospheric ¥ — Milo Charavet'’s talk
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Conclusion

Probablistic machine learning

® Recent break-throughs e.g. diffusion model are synergy between probability,
neutral network and physics.

Table: table of synonyms

Statistics Computer Science Physics
estimation learning determinate
classification supervised learning

clustering unsupervised learning

data training sample

covariates features

guess estimate

® Wasserman, Larry. All of Statistics: A Concise Course in Statistical Inference. Springer, 2003.

® James, Frederick. Statistical Methods In Experimental Physics. 2nd edition. Wspc, 2006.
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Conclusion

Conclusion

Personal vision on v experiments

® an inner machine learning and outer statistical approach.

® the statistical part captures well-understood distributions.
® the machine learning part handles complexity of the reality.

® — Andrea Serafini’s talk on calibration and detector surrogates.
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Conclusion

Conclusion

Personal vision on v experiments

® an inner machine learning and outer statistical approach.

® the statistical part captures well-understood distributions.
® the machine learning part handles complexity of the reality.

® — Andrea Serafini’s talk on calibration and detector surrogates.

Summary

® v mass ordering motivate JUNO and machine learning studies.
® JUNO represents state-of-the-art of liquid scintillator detector.
e Liquid scintillator filling completed and data taking started.

® Expecting much excitement in physics!

JUNO collaboration since 2014

17 countries/regions, 74 institutes, >700 people.
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backup

Charge, Time, Maximum
Likelihood Estimation

PE, Time, Maximum Likelihood

Estimation

Charge,Probability, Time,
Maximum Likelihood Estimation

Charge,PE, Time, Maximum
Likelihood Estimation

Charge,Confusion Matrix, Time,
Maximum Likelihood Estimation

Algo. Name |Observable |Likelihood: k < K; |Likelihood: x > K

QTMLE g (charge)
(reference)

PETMLE k (true PEs)
(ideal)

QPTMLE {pi}, @
(realistic)

QPETMLE k(pe=1), g
(100% accuracy)

QCTMLE K (p,:max), q

where y; is the expected nPEs for the i-th PMT, P(k, 1) is just,
the Poission probability of observing k p.e. given u; and Py(qlk)

Ledders of likelihood

Ligiw) = Z Po(gilk)P(k, )
k=1
Lkilu) = P(ki, i)
9
LApiH) = Y, ReephPlk i),
k=0
Lkiluy) = Pki, i) L@lu) = ), PotaloPik,p)
k=1

= )" Cua X Plh, )
k

Kr.
Rix =) Cie
*x=0

confusion matrix Cye
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| Lesring v detection with inverse beta decay (IBD)
at JUNO
- T
backup Vg +p——e¢e" +n f ' ---- Emitted spectrum
----- Cross-section
// % PP —— Detected spectrum
7 -7 \ @ 7
n, / delayed \ _. —‘ E
o ~200 ps K > /
o > v g \ //l
s S - o 4
v, ® o — v (2.2 MeV) =

.
p N ~few ns
\\

N

v (511 keV)« - - .‘.+. -~ 57 (511 keV)
€

et /v scintillation light are collected by photomultipliers.
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Reactor Supernovae Atmosphere Earth Interior

backup

Neutrino source Expected signal Energy Region

Reactor 45 evts / day I
Supernova burst 104 evts at 10 kpc _
Diffuse supernova background 2-4 evts/ year - ‘
Sun 8B ("Be) 16 (490) / day @
Atmosphere 100+ / year —
Earth crust & mantle 400 / year _ ‘ : ‘ :

61 1 10 102 103 104 Me’V
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pgicarming Precision Measurement of Oscillation Parameters
=t JUNO Sensitive to mass differences Amgl, Am%l and mixing angles 612, 013.
3
e |(ve | v1)| = cos B3 cos O12 Non-unitarity Z [(Ve | I/i>]2 < 1 indicates the
|(Ve | v2)| = cos B3 sin 019 _ =1
|(Ve | 3)| = sin 613 existance of Ng and (v | Nr) > 0.

100 days

102

-
<

Relative Precision [%]
=
o

2
® Amg
« sin%6p

—— Stat.+syst.
----- Stat. only

* Am3;
R sin%613 |

PDG JUNO

2024 6 years
sin?0;3 3.2% 12%
sin?612 42% 0.5%
Am3,  24% 0.3%
Am3,  11% 0.2%

Chin. Phys. C46 12, 1230001 (2022)

10
JUNO Data Taking Time [days]
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backup

Underwater electronics system

Front-end bellows and
cables (1.5m)

The 1F3 system cases Splitter, HV FEC, ADC, GCU&FPGA underwater boxes

Two cable supply low voltage DC power, timing signal and data transfer
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backup

112406,01381,(2024) 4"

Yy

Liquid scintillator handling system

5000 m® LAB (partofithe)
storage tank purification plant

monitor

pre-detector

e —

® Attenuation length >20m
* U/Th<1x10g/g

procedures

® Al,O; for transperancy.
® \Water extraction.

® Rn and O, gas stripping.
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<+ Average radon and cleanliness:
> Radon concentration: ~160 Bg/m? in the EH, ~140 Bg/m? in the LS hall

backup X
> Cleanliness: class 20,000
450,
Regi Level T Typhoon| \owerCut 4 Main hall
E +- LShal
Class ‘5‘ |EH average: 158
100,000 E
Class 5 = w?f'f'
10,000 £ il
4 LS average: 137

Class 1000 20238 20239 " 202310 202311 2023-12 2024-1 2024-2

Water pool

10 Average: 2.1

Cleanliness (w.r.t class 10,000)

Radon concentration 2023-09 2023-10 2023-11 202312 2024-01 2024-02
in air: < 200 Bg/m3
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backup

Removal of radio-purity preserving paper film

{084

Water washing with hand picking.
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backup

Automatic Calibration Unit (ACU)

x
5
At %, '11,7,]0
2 oy ¥ Qe gy
o (o by,
= g .

5
%
o

Gamma
source

Neutron
source

JUNO detector
central axis

Guide Tube Calibration
System(GTCS)

Calibration system

e Contmlcable

.\ﬂwl r I Spool drive

\\Sxdc cable

) Ay
GICS \\\ /
source B %
—

O Complementary for covering

entire energy range of

reactor neutrinos and full-
volume position coverage
inside JUNO central detector

‘Water Line

pulley

Cable Loop System (CLS)

Side cable
Centrol cable

Remotely Operated -
under-liquid-scintillator
Vehicles (ROV)

9/23



Cutting-Edge
Machine-
Learning

Advancements

at JUNO

theta

backup

150

Water phase: stopping muon

RUN.3639.JUNODAQ.WaterFull.ds-2.global_trigger.20250207170922.010.dat
id: 4629, timestamp: 1738919396.668489648, trigger: CD, start: 0

135°,
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RUN.3639.JUNODAQ WaterFullds-3.mm_trigger.20250207170920.004.dat 135 45
id: 31755, timestamp: 248465.526773024, trigger: MM, start: 0

theta

backup

150
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backup

Status of the detector

PMTs
® Gains are stable.
¢ 8 are dead, about 200 are unstable. (out of 17596)

Radiopurity
e 214Bj/21%pg from 238U chain and 2'2Bi/?'2Po from 232Th chain
o 238 /232Th less than 1 x 10~ g/g
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backup

Water phase comparison with SK

® The fitted light-yield in water phase is 14.0 £ 0.1MeV ™!

Higher PMT PDE than SK~(16 %)

Higher PMT coverage rate than SK~(40 %)
Smaller size of detector than SK

The light of SK is around 10MeV !
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up to 10 kpc. supernova at the local cluster.
® supernovae observer

backup ® pre-supernova alert
T> 100k . Core-collapse supernova
o [ |
v | of 30 Mg @ 10 kpc
o ! —= IBD,I0 = IBD, NO
ul - = eES, 10 ~ eES, NO
TZ\J 10°F -= pES,I0 =—— pES, NO
2 E

JCAP 01 (2024) 057

102

1077 TR0 T T T o T T e
Eyis [MeV]
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Supernova relic neutrinos

® Discriminate against atmospheric neutrino background;
® 50 discovery potential with reference model.

Sensitivity [o]

14

12

—
(=]

= === R (0)=0.5%107 yr! Mpc™
—_— Rgy(0) = 1x10™ yr'! Mpc™
— R (0) = 2x10 yr! Mpe™

Byt 50%—30%

. 5, 30%—20%

4

2 4 6 8§ 10 12 14 16 18 20
Running time [yr]
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Solar fusion process

e JUNO is an solar neutrino detector by elastic scattering on the electrons.

predictions of solar neutrino flux

e fusion cross sections are critical inputs

® together with the abundance, temperature and gravity-radiation presure equation

constitutes the standard solar model.

Cleanness of the detector
Solar sensitivity study.
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B — ®Be* + e + 1,

backup
g =525x105cm=2s™1  Am3, =7.5x 1075 eV? 5in?612 = 0.307
e capable to detect ®B in a model v} N # ?
independent way.
® combination of charged and neutral
on 13C. £ N —
BCtv, — BN te” 5%y

-10% 0 10% 30% 0 30% 0% 0 10%
Relative ®B flux uncertainty Relative Am2; uncertainty  Relative 5in?612 uncertainty

® measurement of 615 and Am?,.
Astrophys. J. 965.2: 122 (2024)
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e pep and "Be neutrinos
at JUNO
Be+e — Li+ur,
backup

p+e_+p—>2H+Ve

® better than Borexino (state of the art) in 2 years.

Exposure [kton y] Exposure [kton y]
510205 ' zlo ’ 4‘0 ‘ GP ‘ 8\0 ‘ 1?0 : §100 i 2|0 i 4|0 i GP ‘ SP .190 — ngh bkg 10-15 g/g
i pep | = Borexing  /Be | — Mediumbkg. 10"° g/g
% N \\L Borexinol é """"""""""""""""""" Low bkg. 10-17g/g
L e L) e B e
Time [y]
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at JUNO

13N 13C + e—l— + v,
backup 150 — 15N _|_ e+ _|_ v
TP — O +et +v

® better than Borexino (state of the art) in 6 years.

e

e

Exposure [kton y]

i Q40 e & 1w — Highbkg. 107'5g/g
[ With pep-v constraint ] — Medlum bkg. 10-16 g/g
Low bkg. 10" g/g

— Very low bkg. 10° g/g

I

CNO-v rate relative uncertainty [%

Time [v] 19/23
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» Water Cherenkov + Top tracker ‘ NIMA 1057 (2023) 168680
* Water Cherenkov detector
— 35 kton water to shield backgrounds from the rock
— Instrumented w/ 2400 20-inch PMTs on SS
structure
— Water pool lining: 5mm HDPE (black) to keep the
clean water and to stop Rn from the rock, covered
w/ tyvek
— 100 ton/h pure water system
Requirement: U/Th/K<10-'4 g/g and Rn<10
mBg/m3, attenuation length>40 m, temperature
controlled to (21+1) °C
* Top tracker
— Refurbished OPERA scintillators

— 3 layers, ~60% coverage on the top
— A6 ~0.2°, AD~20 cm
« Earth Magnetic Field compensation coil
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Non-zero m,, is established as a solution to the solar neutrino problem.

backup
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Cutting-Edge

Machine-

i Non-zero v mass beyond the standard model
at JUNO (BSM)
Non-zero m,, is established as a solution to the solar neutrino problem.
backup
Indicates the existance of right-handed ur, — UR
counterparts: dL C— dR
® | orentz: try travel faster than a v|. .
® Higgs: right-handed v to have mass. L — NR ?f;gina
(BIJ —) (EI{

1 — _
L= EZ]Vf}¢]\G§]\ﬁQ +Y, HL Nr+---+h.c

My > m,, is the mass of majorana right-handed v.
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Cutting-Edge

Machine-

i Non-zero v mass beyond the standard model
at JUNO (BSM)
Non-zero m,, is established as a solution to the solar neutrino problem.
backup
Indicates the existance of right-handed ur, — UR
counterparts: dL C— dR
® | orentz: try travel faster than a v|. .
® Higgs: right-handed v to have mass. L — NR ?1322“3
@L —) eR

j — —
L= iMNNF%NR +Y, HL Nr+---+h.c
My > m,, is the mass of majorana right-handed v.
The standard solar model defeated standard model of particle physics.

® Solar physicists won the battle against their particle colleagues;

® Particle physicists are excited to lose! 2123
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The inevitable majorana term and seesaw
mechanism

R .
£ = SMyNgNg + Y, HL(Ng + - + hec.

Seesaw mechanism m,, o< 1/My is a minimal extension to the standard model.
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The inevitable majorana term and seesaw
mechanism

1 — .
L= iMNNﬁNR +Y,HL Nr+: -+ h.c

Seesaw mechanism m,, o< 1/My is a minimal extension to the standard model.

Clues to the difficult problems of physics, astronomy and cosmology:

® How v have mass and why the m,, is so small (< 1eV).

@® If lepton number is violated i.e. if there are majorana fermions in nature.

© If leptogensis created the matter-antimatter asymmetry.
— the origin of matter preluding nucleosynthesis.

O 1R is among the dark matter candidates.
— gravitational evolution of galaxies.
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The inevitable majorana term and seesaw
mechanism

1 — .
L= iMNNﬁNR +Y,HL Nr+: -+ h.c

Seesaw mechanism m,, o< 1/My is a minimal extension to the standard model.

Clues to the difficult problems of physics, astronomy and cosmology:

® How v have mass and why the m,, is so small (< 1eV).

@® If lepton number is violated i.e. if there are majorana fermions in nature.

© If leptogensis created the matter-antimatter asymmetry.
— the origin of matter preluding nucleosynthesis.

O 1R is among the dark matter candidates.
— gravitational evolution of galaxies.

JUNO is the next milestone
to measure the v mass spectra and falsify v -INg mixing.
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End of water More calibration, Expected end
filling radiopurity monitoring Gl

'y

Calibration Feb 8, 2025

Dec 18, 2024 Summer|2025

Test runs Water Phase
Feb 1, 2025

Start of LS
filling

Height(m)
Stage

During water filling Dec 22, 2024

Ls:4391m

WP Water: 42.46 m
Vis: 151097 m? Y

WaterOut: 6.94 m’h
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