Extraction of fissile isotope antineutrino
spectra using deep learning




* Background:

Double Chooz, RENO, Daya Bay, and NEOS confirmed reactor
antineutrino anomaly (RAA) and the 5 MeV bump.

© New physics such as sterile neutrinos (rejected by STEREO
at 95% CL, Nature 613 (2023) 7943, 257-261).

@® Model predictions are inaccurate.

e Motivation:

The precise fissile 1sotope antineutrino spectra are crucial for
addressing the RAA problem, studying neutrino physics,
and refining test nuclear databases.

e Solution:

Decomposing the neutrino spectrum to extract the fissile isotope
antineutrino spectra.

2024/8/15

C
2 11
O
2
§_ 1
o
s 09F
s 6F Phys.Rev.lett.123 ... [
9 2? (2019) 11, 111801 2 MeV Windows
-4 \
O34 5 6 7 8
Prompt Energy / MeV
400 oS — 7.5
350} < 0.80 — B8y 6.0 —
S 239py, g
£ 0.60 241pyy 4.5 3
> 3001 G X
= £ 1305
S 250f ‘qs) 5
S £ 15 %
% 200 <
0 0.0
% 150+
[a)
£ 100}
50+
O0 10




5t liquid scintillator

Energy resolution: 8% @ 1 MeV
Detection efficiency: 50%

Data acquisition time: 1800 days

29GW

72t initial U fuel
30 m

the CNN method (2023), Nucl.Sci.Tech. 34 (2023) 5, 79

the FNN method (2024), arxiv: 2407.05834

Figure 1. Configuration of a virtual experiment.

Inverse 3 decay (IBD) yield:

The expected reconstructed prompt energy spectrum [M] can be expressed as

Ek+1

rec

My = 47rL2

Tpag  Einnr

Convert it into the following matrix language form

MixnNg,,, = Xix4 * S4xNg,

= Xix4 - S4><NEV
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Figure 2. The evolution of fissile fractions for the i . Mg, ™y b (w(D))
four main isotopes in a reactor core as a function of N !
operation day. N h :
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* Myxn,, - the binned reconstructed prompt energy spectrum;

» X4 the scaled reactor evolution information,;

: PO-RNEVXNEreC’ - PaRNEuXNErec

cross-section, and detector effects.

* S4x Ny, - the binned antineutrino neutrino spectra for the four isotopes;
: the composed of neutrino oscillation probability, IBD reaction
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https://link.springer.com/article/10.1007/s41365-023-01229-9
https://arxiv.org/abs/2407.05834
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« The FNN model not only converges faster but also better than the y> minimization method.
* The FNN model constrained the relative errors of all isotopic antineutrino spectra in the 2 — 8 MeV range to

within 1%.
Outlooks:

* Implementing this model in high-precision experiments like TAO would be an excellent match.
* We can further investigate a broader range of physics topics using this model and its variants, including
unfolding, neutrino oscillation parameter measurements, sterile neutrino searches, etc.
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Table 1. Key fitting settings of the FNN model and the traditional method.

Fitting approach FNN model x? minimization method |
Software platform PyTorch ROOT
A server with two 28-core
Hareware platform | NVIDIA GeForce RTX 3060 Ti | Intel(R) Xeon(R) Gold 6330
CPUs @ 2.00 GHz
Training strategy | Short-epoch| Long-epoch
Epoch 2e3 2e6 Auto
Optimizer AdamW Adam TMinuit2 library
Loss function X3 S ONP = Dosm1 i o [MSkl ySk(WQ(I))P
3/ | sty Dy
Initial fitting values Huber-Mueller model

The partitions of
the hidden layer
The learning rates for
the hidden layer
The weight decay rates for [7.418e-3, 7.748e-3, 4.155¢-3,
the hidden layer 9.999¢-3, 0]
The learning rate for

[1], (1, 180], (180, 225], (225, 303], (303, 401]

[3.4892¢-4, 9.9485¢-4, 2.754e-4, 1.8272¢-4, 0]

[0, 0, 0, 0, O]

the output layer

The weight decay for
the output layer

ReduceLROnPlateau
(factor = 0.32, patience = le4)
& epoch > 2eb

ReduceLROnPlateau

Learning rate schedul
earning rate scheduler (factor = 0.32, patience = le2)
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Batch size 30




