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Neutrinoless Double Beta Decay (0vS[)

Neutrinoless Double Beta Decay (0vSf) N
@Kamioka
Discovery of 0vf3f3 i
Majorana v

—> Verification of Majorana neutrino
Proof of beyond-Standard-Model physics
Elucidation of matter-dominated universe

KamLAND Detector

- High-sensitivity (energy resolution o: 4% (E = 2.5 MeV))
- Extremely low-radioactivity (U,Th < 10717 [g/g])

-> ldeal detector for rare decay search!

136Xe: Double beta decay source
- OvBpB Q-Value: 2.46MeV (below 2%8T| y BG)
- Long 2vf B half life
- (Relatively) easy to enrich/purify by distillation
- Dissolved into liquid scintillator (LS) at 3%
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[ (2) NO [ (b) 10 (c)

KamLAND-Zen Experiment

KamLAND-Zen experiment for OvS3[ search
= 136Xe + KamLAND

- Setting lower limit of half-life of 0vAp i

from the observation period and the amount of Xe
- Setting upper limit of effective Majorana mass

ovY L _ ~ovipov)2 2 ( ¢ :Phase space factor
(Tl/Z) =G M <mﬁﬁ> (|MOV|2:NucIear matrix element (NME))

=» Determination of neutrino mass ordering

Te

Ge

SOF ~~~':~:';:; A B) ()

Effective Majorana mass (m T Y (meV)

Result
I " My oest (meV)
2011~2015 A 2019~2024 Naw \2027~
KamLAND-Zen 400 [ KamLAND-Zen 800 |ypgatingn / KamLAND2-Zen

(Xe: 320~380 [kg]) | (Xe: 745 + 3 [kg]) (Xe: ~1,000 [kg])

Result(400+800): First in the world to reach 10 band Target: Covering most of |10
T, > 3.8 102 [years], Toward T}, = 2.0 X 10?7 [yesrs],
(mgp) < 28 — 122 meV (mgpg) = 15 meV
arXiv 2406.11438 (2024)
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Background in KamLAND-Zen

@Sl Daa — Tt gy oL UL
Major Background for 0vfSp 3 10 o i :“m
. ZV,BIB, SOlar Vv 2 TSDT;rneutrinoES+CC
- Distinguishable only by improved energy resolution : ~5 i
=>» Detector upgrade in progress (light yield x5) : ~ e 207 ;\4\ .
Visible Energy (MeV)

'long-lived 13®Xe spallation products via muon interaction (LL)
‘- / Inner Balloon containing?38U. %3?Th derived %!*Bi ( /Film-Bi)
' XeLS containing *C derived °C

- Reducible by improved energy/vertex resolution
developed analysis methods

=> Development of Machine Learning PID Methods (this talk)
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Particle Identification (PID)

er BG(LL, Bi,'°C)

only 5 decay f decay +

1 10"%—— (ex.) g;i:?
e ‘°J‘J ST L | T T Compton Scattering

~1 Cm 0o 10 2.0 30. 40 50 . 60 .7° = . g(c)le[<:n11]m) p omploffseatient ;:j? ~20Cm
%( ) Emission distribution iik ( )

(MC sim) ‘
I Tt

= . E |
Narrow width & Hittime 2 Wide width
T distribution =
Particle Identification (PID) Hitme [} Hitme [4
Input data Neural network .| Output data Score distribution .| Signal or BG
PMT Hit Map PID Score A : Identify
( = Spatiotemporal (Hit time x PMT position) data
= Tensor: 28 x (38x38))
» (0vBR like)
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- KamLAND-Zen experiment
- Particle identification (PID)

2. Datasets and models for PID

- Datasets
- KamNet / ViVIT/ KamNet-ViViT / S2ViViT

3. Development of integrated model
- KamNet vs. VIVIT
- Performance of KamNet-ViViT / S2ViViT

4. Summary and prospects

2025/10/28 JUN NAKANE - NPML 2025



. Datasets

Signal

BG

XelLS-FlatGamma

Train XeLS-FlatBeta  howsnsssmnssssnsssnsssosssmnson
(XeLS-
FlatBetaGamma)
C10
LL-ALL Nuclear
test XelLS-0vBp LL-ROI Nuclear

Bi214-XelLS, Bi214-Film
Bi214-Data

> BG for Training: Although FlatBetaGamma is simulation based on actual events,

FlatGamma yields improved rejection performance.

Therefore, this talk shows results learned using FlatGamma.

Signal for test: Comparing Bi214-XelS and Bi214-Data allows us
to verify the practicality of the method.

- BG rejection efficiency: Rate of BG rejected by 10% signal rejection DN

MC simulation data

Real data (Selected by coincidence
for sequential decay)

Flat data: Uniform energy/vertex events
within XelLS

Nuclear data:

Each energy distribution/
uniform vertex events
within XeLS/on the IB surface




KamNet (based on CNN) por: 10.1103/PhysRevc.107.014323

KamNet: CNN model developed specifically for experiments using KamLAND

[28, 38, 38]

l ConvLSTM+Attention
[22, 38, 38]

l S2_Conv+ReLU+Drop

 [36, 28, 28, 28]

l SO3_Conv+ReLU+Drop
[63, 20, 20, 20]

l SO3_Conv+RelLU+Drop
| B HE [74, 12, 12, 12]
| s03_conv+ReLu

- [128, 4, 4, 4]
SO3_Integrate

[864, ]

FC+RelLU
[216, ]
FC+RelLU

(55,1

l FC+Sigmoid
(b) x [1,]

ConvLSTM

ﬁ@ﬁ Input Images (t,0,)
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+ Spherical symmetric CNN (S2CNN)
Consider spherical symmetry
of KamLAND

- Input data: PMT Hit Map

= Spatiotemporal
(Hit time x PMT position)

Normalized Amplitude

- CNN: Focusing on local features
Resistant to low-frequency noise
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https://doi.org/10.1103/PhysRevC.107.014323

Video Vision Transformer: VIVIT oo: 1o4ss50m52105.15601

Vision Transformer:
Image recognition model using attention mechanism < Features of KamNet

S : Limited to local features due to CNN
> VIVIT Model extended to video Vulnerability to high-frequency noise

-— output - Benefits of ViViT

Global feature extraction

__ Transformer|Encoder Focus on critical spatiotemporal domains
s P by AM
- | MLP |
f
| BN, S [ | SIS KamNet ViviT
& | el ) | | Architecture ConvLSTM Video Vision
Embedto |, @B ) | + S2CNN Transformer
tokens Dot-Product
[ Tit_l ] | Key Features Local pattern Global pattern
an ) Noise Resistance Low-frequency High-frequency
: Symmetry Explicitly consider  Implicit learning
spherical symmetry in AM
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https://doi.org/10.48550/arXiv.2103.15691

Development of Combined Model
- KamNet-ViViT = KamNet score + ViViT score

Scores generated by individual training and testing are added up event by event,
and rejection efficiency is calculated based on total score

KamNet
— KamNet process >
score | Output
Input
. ViViT PID score
VIVIT process .
score

- S2VIVIT = VIVIT + S2CNN

Model enhanced for spherical symmetry
by combining S2CNN layer after ViViT processing

Output
PID score

Input — ViViT process —— S2CNN layers —— fully-connected layer —
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Model Qutput Comparison: KamNet vs ViVIT (2D Histogram)
[ ]

KamNet ViViT 084 — :’E‘;atlhreshold: -0.90
[ C1l0p(0.424, 0.742)
0vBp 10% 10% "] wroesss e = ;
3] S B 2 : :
C1 O 424% 422% %0.5- [ Bi214-Data(0.358, 0.698) % '-E-.
% 044 \'d ] 'E
LL-ALL 38.6%  38.3% -, :;
LL-ROI 38.3%  38.8% * :
Bi214-XeLS 34.7%  35.0% L
Bi214-film 715.2% 70.5% viviT
104 Signal
. —— 90% threshold: -0.36
BI2 1 4-Data 35-8% 36.9% EI (Lili-lOAp”((rlzl%22823ZUUCC(:J7731?)
KamNet vs. ViViT: No significant difference | e e
2 [ Bi214ilm (rej:.l067§65‘,3auc:l0(.)877§;
Correlation coefficient between both scores: ~0.9 g M| PR e A e 0T
—> Extracting not completely identical information 2 oa
(using different feature extraction mechanisms)
= Investigation of combined model |

Performance improvement expected $TT T S . 5 2 1 0 1 3
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Performance of KamNet-ViVIT

KamNet-

KamNet VIViT (4:6) VIVIT g g v

0vBB 10% 10% 10% i
C10 42.4%  42.9% = 42.2% —

LL-ALL 38.6%  39.0%  383% | B
LL-ROI 38.3%  392%  38.8% | Ti,
Bi214-XeLS 34.7%  355%  350% [ )

Bi214-film  752%  73.9%  705% | ———gt———
Bi214-Data  35.8%  37.1%  36.9% .l I 1

KamNet Weight

* Optimal weight for maximum efficiency in each BG

Compared to KamNet/ViViT,
it achieved improvement in performance (=0.5%) (error: £0.3%)

=> Contributes to improved sensitivity
Increase in computer resources is within acceptable limits

JUN NAKANE - NPML 2025
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Performance of S2VIiViT

KamNet S2ViViT  ViViT
0vBp 10% 10% 10%

C10 42.4%  40.4%  42.2%
LL-ALL 38.6%  36.2%  38.3%
LL-ROI 38.3%  37.4% = 38.8%
Bi214-XelLS 34.7%  332%  35.0%
Bi214-film  752%  67.8%  70.5%
Bi214-Data 35.8%  34.4%  36.9%

Compared to KamNet/ViViT,

2.00 - Signal
—— 90% threshold: 0.26

1.75 4 [ Cl0p (0.404)
1 LL_All (0.362)
| =1 LL_ROI (0.374)
[ Bi214-XelLS (0.332)
| 1 Bi214-film (0.678)
1 Bi214-Data (0.344)

% of event/0.02 bins
= = =
o N} w1
o (¥, ] o

e
~
wu

o
(%]
o

-6 -5 -4 -3

it showed significant decrease in performance (=2%) (error: £0.3%)

Distinct peak appeared in BG
- Optimizing signal rejection rate should improve rejection efficiency

2025/10/28

(maximize FoM)
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Summary and prospects

- Objective of KamLAND-Zen: Observation of Ovf - Proof of Majorana Neutrino

- Hardware Improvements for Reducing BG: Updating KamLAND2 detector
Software Improvements : Developing PID using machine learning

- Evaluating CNN-based KamNet and Transformer-based ViViT
- Rejection efficiency is comparable in performance
Extracting not completely identical information (using different feature extraction)

- Development and Evaluation of Model Combining KamNet and ViViT
- + KamNet-ViViT shows slight improvement in performance (=0.5%)
- S2ViViT showed performance decline, but distinct peak appeared in BG

Prospects: Confirmation of uncertainty and statistical significance, Error assessment
Performance improvement by optimizing signal rejection rate
(maximizing FoM)
Consideration of new input data/models
(e.g., neutron distribution generated during nuclear fission/GNN)
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Data Set

Tra | n | n g d a'ta S e'tS For PID tasks, please use FlatBetaForAIBM as the signal

O o sample and FlatGammasForAIBM as the background.
A radius cut (e.g., R < 160 cm) should be applied.

* FlatBetaForAIBM: Single beta decay events with flat energy distribution (0.5-8.5 MeV).

* FlatGammasForAIBM: Multi-gamma decay based on gamma multiplicity of Xe spallation products (~1000 nuclei),
total energy uniformly distributed (0.5-8.5 MeV), each gamma randomly distributed.

* FlatBetaGammaForAIBM: Mixed multi-beta and gamma decay based on multiplicity of Xe spallation products.

Gamma Multiplicity Beta (e-) vs Gamma Multiplicity
@ = n[_iammaMuIt > nE_!etaGamma
= 10° = Mntrles 2821;23 S . Elntrles 98[?3?(5}
= E ean & §_ 14 ean X _
L E StdDev  1.194 = Xe spallation products Meany 05951
3 B 5 i 2 b i StdDevx 05301
2 10t X e SPa”aﬁOH Proa{uc:fj £ L+ ~-> + <4 gammals + a pLra [SwdDevy 1.138
= = +
< F 3 10
- 2+ -> +2 gammas © 10
10° =
E 10°
2
10 10
-I_I 1 I 1 1 1 | 1 1 1 | 1 1 1 | 1 1 1 I 1 1 | 1 1 1 I 1 1 1 1
0 2 4 6 8 10 12 14 16 6 7
Multiplicity Beta multiplicity

4
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Data Set

Validation datasets
o O

¢ RealData-Bi214: Real data with 250 cm fiducial volume cut.

* XelLS-Bi214m: Optimal for PID performance evaluation and data-MC agreement checks.
* XelLS-C10p: Optimal for O-Ps validation; real data may be provided soon (coming soon)
e XelLS-C11p: Optimal for low-energy PID performance evaluation

* XeLS-LLmixROIForAIBM: Major 32 Xe spallation isotopes with energy deposition in ROI. An
0-Ps (orthopositronium) model is implemented based on recent measurements in XelS
(Funahashi, Master’s thesis). For simplicity, a positron is modeled as an electron with energy
deposited at T=0, and a positron without energy at T=T_life.

e XeLS-LLmixAllForAIBM: Xe spallation isotopes with energy deposition 20.5 MeV, mix ratio

based on FLUKA and Geant4 RadioactiveDecay’s rate predictions.

5
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Validity of rejection efficiency
Signal: Onu Solar

Energy-dependent Rejection Efficiency (Global 90% threshold) and Signal Event Count (0.1 MeV bins) Energy-dependent Rejection Efficiency and Signal Event Count (0.1 MeV bins)
Global 90% threshold: 0.2278 . 3300
—e— Cl0p Signal events
—e— ClOp Signal events —e—Cllp
Lol o clp L0 oL Al
T —e— LL_AI —e— LL ROI I 3000
—e— LL_ROI L 20000 —e— Bi214-XelLS
- —e— Bi214-XelS —e— Bi214-film
2 —e— Bi214-film ~e— Bi214-Data
£ —eo— Bi214-Data 0.8 T L2500
g 0.8+
.
=
£
X L 15000 = O =
3 £ 5 3
o s 2 F2000 §
o — O ¢ 067 - S
° £ W o
° g ¢ » &
a E 8 1500E
S o 2 .:’7 Iy
@ =3 ke,
U = (2]
£ o .\\'-__"_‘._‘ ~ = B . wn 0.4
i _ -—
c e e o
o - > F 1000
-t - -
o
w
[
o

=
¥

500

1

0.0 - ! - e e e e s -l h - 0

2.4 2.6 2.8 3.0
Energy (MeV) Energy (MeV)

In the case of Onu, the full range of BG rejection efficiency is calculated with 90% signal
acceptance within a limited range. - Not calculating the correct efficiency

=» When developing the model, use solar as a flat beta signal
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VIVIT (rejection efficiency depending on training dataset)

y - _ N

+1 +1 +Charge +Charge
Gamma BetaGamma Gamma BetaGamma

Onu 90% 90% 90% 90%

C10 39.2% 35.1% 36.1% 33.0%
C11 47.1% 34.7% 40.6% 25.2%
LL-ALL 62.0% 55.1% 55.4% 41.6%
LL-ROI 39.8% 35.3% 36.3% 31.3%
Bi214-XelLS 32.6% 28.7% 30.2% 25.3%
Bi214-film 63.8% 56.5% 58.4% 50.0%
Bi214-Data 31.6% | 27.2% 24.0% 21.4%

— —

Best rejection efficiency

+1Gamma gives the best rejection efficiency (- Reason is currently under investigation)
- When developing the model, use +1Gamma
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T—=3LIN

C EFNCEHCH DR BRI B RDICHERT —IBNRLS

> FBFEINEHBLEF B FE AT —YE%ER (~15 minutes/epoch)
- FREEAIES D0vELIEROI(2.35~2.7 MeV)DH AR MhdrB.

> HREEFABGZROIDHHY b
- ARIRILF—7R15(0.0~0.5 MeV ) DRI BE D NFEES (LY

= KIRIF-DT - INFEBCREZEZSZI TS
> ZEAES/BGND0.0~0.5 MeVDAAR> by b
Energy: 0.(_)_-0.5 MeV 2.35-2.7 MeV

T T
B Signal (n=53711) 1 W signal (n=42994) I
—— 90% threshold: -3.86 | —— 90% threshold: -0.51 H
0.6 4 1 LL_AIl (n=70492, rej=0.015) I [ C10p (n=170370, rej=0.411) 1
[ LL_ROI (n=12664, rej=0.008) : 1 LL_All (n=49884, rej=0.383) :
1 Bi214-XelS (n=17783, rej=0.105) I 0.8 1 1 LL_ROI(n=123508, rej=0.391) I
[ Bi214-film (n=17061, rej=0.173) 4 [ Bi214-XeLS (n=115201, rej=0.364) :
0.5 —~ Global 90% threshold: -0.63 [ Bi214-film (n=138192, rej=0.738) |
[ Bi214-Data (n=46641, rej=0.374) 1
— — Global 90% threshold: -0.63 :
€ I= 1
3 0.4+ 3 0.6+ 1
[v] (] 1
e kel 1
Q @ 1
N N 1
2 0 : :
_ (= 0 4 - 1
<] o 1
=4 = |
0.2 4
0.21
0.1
00 - 0.0 T T T T T
-6 -5 -4 -3 =2 -1 0 1
alVIVIT output SphericalViViT output
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Increasing the Amount of Training Data

ViViT ViViT KamNet Transformer (ViViT) requires more data
to train than CNN (KamNet)
data set +1Gamma +1Gamma +1Gamma
X Aligning the amount of data
[events] 150k — 1M 150k v Aligning the calculation times

Solar (Flat 3) 90% 90% 90% (~15 minutes/epoch)
C10 32.7% 37.8% 36.5%
C11 25.2%  32.6%  28.5%  Rejection efficiency: the same or improved
LL-ALL 424%  325%  35.4% (except for LL-ALL)
LL-ROI 31.3% 33.9% 33.2%
Bi214- 23.9%  271%  26.3%  Both KamNet and ViViT may be able to
XelLS improve their efficiency by increasing the
Bi214-film 54.4% 615% 62.4%  amountof data.
Bi214-Data 23.4%  27.7%  26.6% ~ Verification is required.

2025/10/28
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Data Select

Enerqy:

Normalized count

VIiVIT 150k

VIVIT 1M

KamNet 150k

1.6 Signal 0.8+ Signal Solar Neutrino
[ C10p (rej: 0.327, auc: 0.756) 1 C10p (rej: 0.378, auc: 0.761) [ C10p(0.365, 0.750)
1.44 1 Cllp (rej: 0.252, auc: 0.807) 0.74 £ C11p (rej: 0.326, auc: 0.785) 0.4 ! C11p(0.285, 0.772)
[ LL_AIll (rej: 0.424, auc: 0.817) [ LL_AIll (rej: 0.325, auc: 0.778) [ LL_AII{0.354, 0.776)
1.2 4 [ LL_ROI (rej: 0.313, auc: 0.746) 0.6 CJ LL_ROI (rej: 0.339, auc: 0.746) [ LL_ROI(0.332, 0.734)
g [ Bi214-XelS (rej: 0.239, auc: 0.729) E [ Bi214-XelS (rej: 0.271, auc: 0.714) 2 [ Bi214-XelLS(0.263, 0.700)
. ) ) o
ﬁ 1.0 1 Bi214-film (rej: 0.544, auc: 0.850) ~ 0.54 1 Bi214-film (rej: 0.615, auc: 0.859) 2 0.6 1 1 Bi214-film(0.624, 0.842)
g ] Bi214-Data (rej: 0.234, auc: 0.727) g [ Bi214-Data (rej: 0.277, auc: 0.718) g [1 Bi214-Data(0.266, 0.707)
= S, =
S 0.8 £ 04 <
> > >
C L v 0.4
s 0.6 4 S 0.3 ‘G
ES S B
0.4 1 0.2 1
0.2 A
0.2 1 0.1 i
0.0 T E“_ T — 0.0 T T T T T T T L T 0.0 T T T = . L T
-6 -5 -4 -3 -2 -1 0 2 -6 -5 -4 -3 -2 -1 0 1 2 -12.5 =100 =75 -5.0 -2.5 0.0 2.5
SphericalViViT output SphericalViViT output KamNet output
0.0-0.5 MeV 0.5-1.0 MeV 1.5-2.0 MeV 2.5-3.0 MeV
Energy: 0.2 MeV (0.0-0.5) Energy: 0.8 MeV (0.5-1.0) Energy: 1.8 MeV (1.5-2.0) Energy: 2.8 MeV (2.5-3.0)
T T T
I Signal (n=53711) 1 I Signal (n=50447) I Signal (n=47058) ]I - Signal (n=42994) I
—— 90% threshold: -3.86 | 1.24 — 90% threshold: -0.66 —— 90% threshold: -0.53 : —— 90% threshold: -0.51 :
0.6 1 1 LL_AIl (n=70492, rej=0.015) 1 [ Cllp (n=79341, rej=0.255) 1.0 C— C10p (n=146700, rej=0.411) 1 [ C10p (n=170370, rej=0.411) 1
[ LL_ROI (n=12664, rej=0.008) ! [ LL_AIl (n=229617, rej=0.180) [ Cllp (n=80770, rej=0.380) ! 1 LL_All (n=49884, rej=0.383) |
[ Bi214-XelS (n=17783, rej=0.105) 1 [ LL_ROI (n=36555, rej=0.227) ] LL_All (n=65129, rej=0.337) 1 0.8 [ LL_ROI (n=123508, rej=0.391) 1
[ Bi214-film (n=17061, rej=0.173) 4 1.04 [ Bi214-XelS (n=26413, rej=0.092) [ LL_ROI (n=106551, rej=0.348) 1 [ Bi214-XelS (n=115201, rej=0.364) :
059 —= Global 90% threshold: -0.63 [ Bi214-film (n=25504, rej=0.336) [ Bi214-XelS (n=157869, rej=0.262) : [ Bi214-film (n=138192, rej=0.738) I
[1 Bi214-Data (n=8983, rej=0.098) 0.89 — Bi214-film (n=137958, rej=0.580) I [ Bi214-Data (n=46641, rej=0.374) 1
— = Global 90% threshold: -0.63 ] Bi214-Data (n=55581, rej=0.279) : - == Global 90% threshold: -0.63 :
€ 084 € ~— Global 90% threshold: -0.63 ] c i
5 0. S 1 > 0.61 I
=] [=] (=]
[v] v} 1 o I
o o 0.6 1 ° !
I [ 1 ] I
N N I N 1
£ E : E :
5 5 : g 044 i
=z Z 0.4+ =z ]
0.4+
0.24
0.2 A
0.24
0.0 T 1 T T T 0.0 0.0 . r T
-6 -5 -4 -3 -2 -1 0 1 2 -6 -5 -4 -3 -2 -1 0 1 2 -6 1 2 -6 -5 -4 -3 =2 -1 0 1
SphericalViVIiT output SphericalViViT output SphericalViViT output SphericalViViT output
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Energy Cut: > 0.5 MeV (1M events)

ViViT ViViT Output distribution (0.0-0.5 MeV)
Full range > (0.5 MeV
data Set +1Gamma +1Gamma Energy: 0.2 MeV (0.0-0.5) Energy: 0.2 MeV (0.0-0.5)
[events] 1M 1M ' ' '
Energy Cut Fullrange > 0.5 MeV
Solar (Flat ) 90% 90%
C10 37.8% 48.2% “’
C11 32.6% 39.5%
LL-ALL 32.5% 26.8%
LL-ROI 33.9% 40.6% _ o .

_ Improved identification ability for low energy
Bi214- 27.1% 35.1% (0.0-0.5
XelLS MeV)

Bi214-film 61.5% 68.5% Rejection efficiency is the improved,

Bi214-Data 27.7%  36.5% except for LL-ALL
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KamNet vs VIVIT

Model Output Comparison: KamNet vs ViViT (2D Histogram)

Signal

LL_All

1.0
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KamNet-VIVIT (Parallel integration of temporal features)

KamNet Signa Lof — Sona VIiVIiT
0.8 —— 90% threshold: -0.90 " | —— 90% threshold: -0.36
[ C10p(0.424, 0.742) [ C10p (rej: 0.422, auc: 0.738)
0.74 [ LL _All(0.386, 0.719) 1 LL_AIll (rej: 0.383, auc: 0.714)
[ LL_ROI(0.383, 0.716) 081 — LL_ROI (re}: 0.388, auc: 0.716)
2 0.64 [ Bi214-XeLS(0.347, 0.689) Z [ Bi214-XeLS (rej: 0.350, auc: 0.688)
2 [ Bi214-film(0.752, 0.884) = [ Bi214-film (rej: 0.705, auc: 0.872)
S 0.51 7 Bi214-Data(0.358, 0.698) S 0.6 [ Bi214-Data (rej: 0.369, auc: 0.707)
= I
Q0.4 g
[} [
G G 0.4
® 0.31 5
0.2
0.2
0.1
0.0 . 0.0 — . T . . . ; : .
2 -6 -5 -4 -3 -2 -1 0 1 2
KamNet output SphericalViViT output
Signal } .
€10p(0.429, 0.744) i 2.00 4 Slgnal
= LL_AeAl0 393, 6721 3 —— 90% threshold: 0.26
081/ B21enmi0. 745,083 3 1.75 1 =1 C10p (0.404)
Bi}ld-Pala{O.EBg,O.Tuﬁ) } D LL_A" (0-362)
-=- 90% Signal Threshold: -0.62 i 1504 LL_RO| (0374)
! 2 [ Bi214-XelS (0.332)
- [ Q . _fi
gos 1 N 125 — 3!214 film (0.678)
z : pc [1 Bi214-Data (0.344)
£ i =
3 : é 1.00
® ! ]
g 04 1‘ ua
2 ! - 0.75 4
Frlr 0.50
0.2 e H-'":':;[ﬁ:'"';
T A : 0.25 A
T ”_,-F':"rh i
. e NSy : 0.00 +— . . : . . : .
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Ensemble Output (Loaits) Model output

KamNet-ViViT S2ViViT
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