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Abstract
Nuclear 𝛽 decay, as the typical decay process of unstable nuclei, is the key
process for producing heavy elements in the universe. In this study, neural net-
works are employed to predict 𝛽-decay half-lives and for the first time to iden-
tify anomalous trends in nuclear 𝛽-decay half-lives based on deviations between
experimental values and neural network predictions. Nuclei with anomalous
increases, abrupt peaks, sharp decreases, abnormal odd-even oscillations, and
excessively large experimental errors in their 𝛽-decay half-lives, which deviate
from systematic patterns, are identified through such deviations. It is found
that these anomalous phenomena might be associated with shell effects, shape
coexistence, or discrepancies in experimental data. The discovery and analysis
of these abnormal nuclei provide a valuable reference for further investigations
with sophisticated microscopic theories, which may offer insights for uncovering
new physics from the studies of nuclear 𝛽-decay half-lives.
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Nuclear 𝛽 decay, as the typical decay process of unstable nuclei, is the key
process for producing heavy elements in the universe. In this study, neural net-
works are employed to predict 𝛽-decay half-lives and for the first time to select
the abnormal trend in nuclear 𝛽-decay half-lives based on deviations between
experimental values and the predictions of neural network. The nuclei with
anomalous increases, abrupt peaks, sharp decreases, abnormal odd-even oscilla-
tions, and excessively large experimental errors in their 𝛽-decay half-lives, which
deviate from systematic patterns, are identified through deviations. It is found
that these anomalous phenomena might be associated with shell effects, shape
coexistence, or discrepancies in experimental data. The discovery and analysis
of these abnormal nuclei provide a valuable reference for further investigations
with sophisticated microscopic theories, which may offer insights for uncovering
new physics from the studies of nuclear 𝛽-decay half-lives.
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Introduction
“How were the elements from iron to uranium made?” This is a highly fasci-
nating question and it has been listed in “Connecting Quarks with the Cosmos:
Eleven Science Questions for the New Century” [?]. The rapid neutron capture
process (r-process) is responsible for producing roughly half of these heavy ele-
ments [?, ?], and it is the only mechanism for synthesizing elements heavier than
bismuth [?]. One of the challenges in studying the r-process is obtaining precise
nuclear physics inputs, such as nuclear mass, 𝛽-decay half-lives, neutron-capture
cross sections and fission rates [?]. 𝛽 decay, as the primary decay mode for most
nuclei, plays a crucial role in determining the timescale of the r-process. It is
predicted there are 9035 bound nuclides with proton numbers between 8 and
120 [?]. However, only about 3,000 nuclides have now been observed [?].

Particularly for the nuclei far from the 𝛽-stability line, which are relevant to the
r-process, current experimental data remain limited. Theoretical calculations
not only guide experimental observations but also provide explanations for exist-
ing experiments, thereby advancing deeper understanding of the essence of mat-
ter and the laws of nature. Nevertheless, providing a precise description of the
𝛽-decay half-lives of nuclei is a great challenge because of the non-perturbative
nature of nuclear forces and the complexity of quantum many-body problems.

Theoretical research on the 𝛽-decay half-lives can be broadly classified into em-
pirical formulas, gross theory and microscopic theory. Empirical formulas are
more appropriate for fitting experimental data and calculating various 𝛽-decay
half-lives on a large scale [?, ?]. Compared to empirical formulas, gross theory
can handle more complex situations and has broader applicability [?]. Micro-
scopic theory includes the shell model [?] and the quasiparticle random phase
approximation (QRPA) model [?]. The shell model provides reliable predictions
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for 𝛽-decay half-lives, particularly for nuclei in the light nuclear region and near
magic numbers, but shell model calculations become increasingly challenging
as the number of valence nucleons increases. QRPA can calculate the 𝛽-decay
properties of the vast majority of nuclei on the nuclear chart, except for a few
light nuclei. Currently, when dealing with nuclei lacking experimental data,
researchers often employ the predictions of QRPA based on the finite-range
droplet model (FRDM+QRPA) [?] to provide inputs for r-process simulations.

In recent years, with the rapid progress of artificial intelligence, machine learning
provides researchers with new approaches. Now the application of machine
learning in the field of nuclear physics has become increasingly prominent [?],
with applications in various areas, including making nuclear mass predictions
[?], investigating charge radii [?], predicting the distribution of fission fragment
yields in nuclei [?, ?], studying giant dipole resonances [?, ?], exploring excited
states [?, ?] and other relevant topics [?].

The use of machine learning to study 𝛽-decay half-lives has also attracted
widespread attention in recent years, and the predictive accuracy for 𝛽-decay
half-lives has been continually improving [?]. Recently the machine learning
predictions for the 𝛽-decay half-lives deviate from experimental values by only
2.24 times for nuclei with half-lives shorter than 106 seconds [?]. In this work, we
propose a new application of neural network, with which the nuclei with devia-
tions from the systematic behavior in 𝛽-decay half-lives are identified. For those
nuclei, machine learning cannot accurately describe the 𝛽-decay half-lives. Fur-
thermore, theoretical models such as FRDM+QRPA [?, ?], relativistic Hartree-
Bogoliubov + quasiparticle random phase approximation (RHB+QRPA) [?],
gross theory based on WS4 mass model (WS4+GT) [?], and Skyrme-Hartree-
Fock-Bogoliubov with the finite amplitude method (SHFB+FAM) [?] also en-
countered difficulties when attempting to describe these specific nuclei. After
predicting 𝛽-decay half-lives and selecting these specific nuclei based on the
deviations between experimental values and the predictions of neural network,
we analyzed the reasons for the challenges of neural network in describing the
abnormal nuclei and explored the potential underlying physics.

II. Neural Network Model
In this study, the neural network employed (Z, N, Q𝛽) as the inputs to predict
𝛽-decay half-lives and select the abnormal nuclei through deviations between
experimental values and the predictions of neural network, where Z, N, Q𝛽
represent the proton number, the neutron number, and the 𝛽-decay energy,
respectively. Q𝛽 can be calculated from nuclear masses, which are taken from
the Bayesian Machine Learning (BML) model [?], since the root mean square
error (RMSE) of the BML mass and the experimental values is only 84 keV.
The output of neural network represents the logarithm of the 𝛽-decay half-life
(log10 T1/2).

A total of 1072 nuclei from NUBASE2020 [?] were selected with Z ≥ 8 and
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N ≥ 8, 𝛽-decay half-lives less than 106 seconds and 𝛽-decay branching ratios
greater than 10%. Therefore, the 𝛽-decay half-lives predicted by the neural
network are less than 106 seconds. The experimental values for the majority
of these 1072 nuclei are sufficiently precise. For example, the RMSE between
the upper limits of the experimental values and their means was calculated
to be only 0.056 orders of magnitude, which is significantly lower than the
deviations in neural network and theoretical models. Therefore, it is observed
that the larger deviations are isolated instances in a few specific nuclei, which
require more precise measurements in future experiments. Similar to five-fold
cross validation, the acquired data were randomly shuffled and divided into 5
parts, each containing 214, 214, 214, 214, and 216 nuclei, respectively. The
first part of the data was used as the validation set, while the remaining parts
served as the training set. Subsequently, the second part was employed as
the validation set, and this process was iteratively repeated for the subsequent
parts. This iterative process ensured that each nucleus was equally represented
in both the training and validation sets, which differs from the neural networks
employed in [?]. In this way, five sets of data were generated. Each of the
five datasets was trained for 20,000 iterations, selecting the best 20 models per
dataset, resulting in a total of 100 models. In the 20000 training iterations,
different weight matrices were selected from a truncated normal distribution
N(0, √(2/(h�� + h���))), where h�� and h��� represent the number of neurons on
either end of the weight matrix [?]. Each training session used a different initial
weight matrix and was iterated 50,000 times. The uncertainties of the neural
network predictions were attributed to variations in the initial weight matrices.
Subsequently, the mean of these 100 sets of predictions is denoted as the result of
ANN1, with the standard deviation representing the uncertainties of the neural
network predictions.

Furthermore, guided by the Bayesian neural network (BNN) approach, un-
equally weighted uncertainties of the predictions also can be supplied, with
only slight differences from the uncertainties discussed in this study. This small
modification in uncertainties cannot affect our main conclusions. The 𝜎���(log10
T1/2) for ANN1 was calculated across various half-life intervals:

𝜎rms(log10 𝑇1/2) = √
𝑛

∑
𝑖=1

(log10 𝑇 Exp
1/2 − log10 𝑇 ANN1

1/2 )2

To select the abnormal nuclei in the neural network, the nuclei across different
magnitude levels of half-lives were selected where the neural network predictions
deviate from experimental values by more than 1.96 times (95% confidence
interval) the 𝜎���(log10 T1/2). Through this approach, 70 abnormal nuclei were
selected. These abnormal nuclei were then excluded, and the same procedure
of five-fold cross validation as adopted for ANN1 was applied to the remaining
1002 nuclei to obtain the results for ANN2.

In this study, a double-hidden-layer neural network was employed, which can
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be described by the following formula:

ℎ[1]
𝑗 = softsign(∑

𝑖
𝜔[1]

𝑖𝑗 𝑥𝑖 + 𝑏[1]
𝑗 )

ℎ[2]
𝑘 = softsign(∑

𝑗
𝜔[2]

𝑗𝑘ℎ[1]
𝑗 + 𝑏[2]

𝑘 )

𝑦 = 6 × tanh(∑
𝑘

𝜔[3]
𝑘 ℎ[2]

𝑘 + 𝑏[3])

Here, x represents the inputs; 𝜔 and b represent the weight matrix and bias term;
h indicates the hidden layer matrix; H1 = 29 and H2 = 2 signify the number of
neurons in the first and second hidden layers; y represents the outputs. Since the
FRDM+QRPA, RHB+QRPA, SHFB+FAM, andWS4+GTmodels predict half-
lives greater than 10−4 seconds for all nuclei, in order to broaden the predictive
range of the neural network, the predictions of the 𝛽-decay half-lives are set to
be greater than 10−6 seconds.

After obtaining each value of y, the loss function Loss can be calculated:

Loss =
𝑚

∑
𝑖=1

(𝑦Exp
𝑖 − 𝑦Pre

𝑖 )2 + 𝜆 ∑
𝜃

𝜃2

where yExp represents the experimental value from NUBASE2020; yPre repre-
sents the predictions of the neural network; � represents the parameters of the
neural network, including 𝜔 and b; m represents the number of data points in
the training set, and 𝜆 is the hyperparameter for L2 regularization (Tikhonov
regularization [?, ?]), which can prevent neural network from overfitting and
this is also an improvement compared to [?].

III. Results and Discussion
[Figure 1: see original paper] shows the RMSE of predictions from both the
ANN1 and ANN2 models across different half-life ranges. To allow for a clearer
comparison of the predictions from ANN1 and ANN2, the RMSE values for
ANN1, with abnormal nuclei excluded, are presented. It clearly shows that in
most cases, the difference between the performances of both neural networks
on the training and validation sets is generally small, indicating that neither
model exhibits overfitting. Additionally, [Figure 1: see original paper] reveals
that as nuclear half-lives decrease, the predictive accuracy of the neural network
gradually improves, except for the nuclei with half-lives from the range of 10−2

� 10−1 seconds to 10−3 � 10−2 seconds. ANN1, when excluding the selected 70
abnormal nuclei, exhibits prediction accuracy similar to ANN2, indicating that
the selected nuclei behave differently from other nuclei.
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[Figure 2: see original paper] shows typical abnormal nuclei picked up by the
neural networks. The prediction of 𝛽-decay half-lives for nuclei in isotopic chains
shows a smooth decrease as they move further from the 𝛽-stability line, which
is consistent with experimental data. To better describe 𝛽-decay half-lives, in
addition to the inputs (Z, N, Q𝛽), physical parameters such as the odd-even
information 𝛿 (𝛿 = (−1)^(Z/2) + (−1)^(N/2)), the deformation parameter 𝛽2
and the variable related to the magic numbers P (P = ����/(�� + ��) where ��
and �� are the differences between Z, N and the nearest magic numbers) were
introduced as inputs. However, incorporating these parameters did not signifi-
cantly improve the predictions of the abnormal nuclei, and the extrapolations
were worse than the presented results. From [Figure 2: see original paper], it
is evident that these nuclei display various anomalous behaviors, such as: (1)
Anomalous increases: as the neutron number increases, there is a notable in-
crease in certain nuclear half-lives, particularly among nuclei ranging from 32Al
to 36Al. (2) Sharp decreases: compared to surrounding nuclei, some nuclei dis-
play sharp decreases in their half-lives, such as 64Co and 98Zr. (3) Excessively
large experimental errors: for some nuclei, experimental measurements of their
half-lives come with relatively large errors, such as 36Al and 74Fe. (4) Abnor-
mal odd-even oscillations: for specific nuclei, their 𝛽-decay half-lives exhibit
odd-even oscillations distinct from typical patterns, such as 104Tc. (5) Abrupt
peaks: some nuclei display abrupt peaks in their behavior, setting them apart
from the others, such as 70Co and 36Al. While the predictions of ANN1 for
nuclei such as 28Al, 106Tc, and 47Ca also exhibit significant deviations, this is
due to the higher RMSE of ANN1 for nuclei with longer half-lives. However, the
deviations between these predictions and the experimental values remain within
1.96 times RMSE for their intervals, and thus these nuclei were not classified as
abnormal nuclei.

For these nuclei, the predictions of machine learning models show significant
discrepancies compared to experimental data. However, accurately describing
these isotopes remains quite challenging even when employing other theoretical
models. For Al isotopes, FRDM+QRPA can accurately predict the 𝛽-decay half-
lives of 31Al and 32Al, but it shows significant predictive deviation in the 𝛽-decay
half-lives from 33Al to 36Al compared to experiment. Conversely, RHB+QRPA
can provide more accurate predictions for the 𝛽-decay half-lives from 34Al to
36Al, but it shows notable disagreements in predicting the 𝛽-decay half-lives
of other nuclei within the isotopes. Both models fail to reproduce the ob-
served trend of anomalous increases in 𝛽-decay half-lives from 32Al to 36Al.
For the Co isotopes, compared to neural networks, RHB+QRPA provides bet-
ter 𝛽-decay half-life predictions for 70Co; however, for other nuclei within this
isotopic chain, its predictive accuracy is not as good as that of neural networks.
For FRDM+QRPA, it demonstrates better agreement with experiment for nu-
clei lighter than 66Co compared to neural networks, but for nuclei heavier than
67Co, its predictive accuracy is worse than that of neural networks. Moreover,
predicting the 𝛽-decay half-life of 70Co with FRDM+QRPA is particularly chal-
lenging. Both models also struggle to reliably predict all nuclei in the Co isotopic
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chain. For the other isotopes selected in [Figure 2: see original paper], neither
the FRDM+QRPA nor the RHB+QRPA models can accurately reproduce the
𝛽-decay half-lives of the abnormal nuclei or their neighboring nuclei.

[Figure 3: see original paper] presents the extrapolation results of two models,
accompanied by the 1𝜎 (68% confidence interval) error bands. From [Figure
3: see original paper], for nuclei with measured half-lives, it is found that the
error bands of the neural network are small, indicating good agreement with
the experimental data. For the nuclei selected by the neural network based on
deviations between experimental values and the predictions of neural network,
both neural network models offer consistent results. Benefiting from training
on the abnormal dataset, ANN1 achieves slightly improved predictive perfor-
mance. However, neither model is capable of providing precise descriptions of
these abnormal nuclei. For nuclei without experimental values, ANN1 exhibits
larger error bands. For all nuclei, it was found that the RMS between the
means/upper bound/lower bound of ANN1 and ANN2 was 0.115/0.196/0.162
orders of magnitude; both models offer predictions that are very close, while
the predictions of ANN1 are slightly shorter than the predictions of ANN2 for
some cases.

[Figure 4: see original paper] provides a comparison between 𝛽-decay half-lives
of isotones from ANN2 and other theoretical models. For nuclei with experi-
mental data, the predictions of the neural network show better agreement with
experimental results compared to those of other theoretical models. For the
selected dataset of 1072 nuclei, the RMSE between the predictions of ANN1
and experimental values is 0.437, whereas the FRDM+QRPA shows an RMSE
of 0.806 for these nuclei. Since the predictions of RHB+QRPA for some of the
1072 nuclei are stable, the predictions of RHB+QRPA for nuclei with half-lives
shorter than 106s are compared, with an RMSE of 1.025 for 920 nuclei in this
subset. Compared to those theoretical models, the neural network demonstrates
higher predictive accuracy for 𝛽-decay half-lives. The neural network predicts
shorter half-lives compared to other theoretical models in the neutron-rich re-
gion of N = 50 isotones. However, in the neutron-rich region of N = 82 and 126
isotones, the predictions from the neural network align more closely with those
of other theoretical models, showing less disagreement.

[Figure 5: see original paper] shows the logarithmic differences between the
𝛽-decay half-lives predicted by ANN1 and the experimental values from
NUBASE2020 for the 1072 nuclei selected in the dataset. The figure indicates
that nuclei with significant deviations between the predictions of ANN1 and
experimental values are concentrated near the 𝛽-stability line. For most nuclei
(75.2%), the deviation between the predictions of ANN1 and experimental
values is within 0.4 orders of magnitude. Among the 1072 nuclei 𝛽-decay
half-lives, 548 (51.1%) were overestimated and 524 (48.9%) were underesti-
mated by ANN1. ANN1 exhibited block alternations of overestimations and
underestimations in predicting the 𝛽-decay half-lives of nuclei, accompanied by
a certain degree of randomness. Neural networks tend to underestimate the
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𝛽-decay half-lives of nuclei with magic numbers. For nuclei with magic numbers
of protons or neutrons, 52 (58.4%) were underestimated and 37 (41.6%) were
overestimated by ANN1. This suggests that the greater stability of magic
nuclei presents additional challenges for neural networks in predicting their
𝛽-decay half-lives.

In [Figure 6: see original paper], a concise analysis is provided to elucidate why
the neural network encounters challenges in predicting certain nuclei. For 52Ca,
both the predictions of the WS4 model and the experimental values reveal a
significant Δ2� (Δ2� = S2�(Z, N) − S2�(Z, N+2), where S2� is the two-neutron
separation energy) value for this nucleus, providing evidence of shell effects.
A recent article has also indicated that N = 32 is a new magicity [?]. How-
ever, our neural network model does not incorporate this information, leading
to reduced predictive accuracy for nuclei in this particular region. For 112Zr, ex-
perimental measurements of its half-life come with relatively large uncertainties,
which give different results when treating the error bar differently. For example,
NUBASE2020 reports a half-life of 43 ± 21 ms by taking a symmetric error bar.
However, the original experimental measurement of the 𝛽-decay half-life for this
nucleus is 30+20�10 ms [?]. Future experimental measurements on the 𝛽-decay
half-life of this nucleus with smaller error bars will help us understand this is-
sue. For 97Zr, 98Zr, and 104Tc, the 𝛽2 data provided by the FRDM+QRPA
and WS4 models [?] for nuclei in their vicinity show notable discrepancies. This
divergence suggests possible shape coexistence in these nuclei, which may help
explain the difficulties our neural network encounters when predicting nuclei in
this particular region. The 𝛽-decay half-lives of these abnormal nuclei deviating
from systematic patterns may be better understood through in-depth investiga-
tions by more sophisticated models in the future. Such studies could contribute
to uncovering new physics and thereby advancing our understanding of nuclear
𝛽 decay.

The selected nuclei have been listed in along with their experimental half-lives
and the predictions from ANN1 and ANN2. The abnormal nuclei include 32
odd-odd nuclei, 26 odd-A nuclei, and only 12 even-even nuclei. Due to the
presence of unpaired nucleons in odd nuclei, they exhibit more complex energy
level structures, vibrational modes, and other properties, making theoretical
descriptions more challenging. For neural networks, although these methods
are superior to traditional nuclear models in terms of representation capabilities,
their performance is somewhat worse when dealing with odd nuclei compared
to even ones. This also shows the vital importance of physics in enhancing the
performance of machine learning algorithms.

IV. Summary and Outlook
In this work, a neural network was employed to predict 𝛽-decay half-lives and
identify the nuclei whose 𝛽-decay half-lives deviate from systematic patterns
based on deviations between experimental values and the predictions of neural
network. After excluding this subset of data, the models were retrained. Both
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neural network models exhibited similar 𝜎���(log10 T1/2), but the model trained
on the original dataset displayed slightly larger error bands when extrapolating
into the region of lighter nuclei. A brief analysis was also conducted to inves-
tigate the factors contributing to the challenges in predicting the half-lives of
the selected nuclei. It appears that this challenge may be associated with the
structural information of the nuclei that our neural network did not take into
consideration. In the future, more sophisticated microscopic theoretical studies
can help us comprehend the deeper physics within these abnormal nuclei, fur-
ther advancing our understanding of 𝛽-decay. The neural network integrating
more suitable input parameters may enhance our capability to describe 𝛽-decay
half-lives more effectively. It is also a good idea to sample the experimental
values using the probability distribution function from the training dataset. Al-
though this method was not employed in this study due to the high precision
of the experimental measurements of 𝛽-decay half-lives, we hope it will be em-
ployed in future nuclear physics research. Neural networks were employed to
directly learn the experimental values of nuclear 𝛽-decay half-lives by taking
the known variables related to 𝛽-decay half-lives (Z, N, Q𝛽) as inputs. High
prediction accuracy for 𝛽-decay half-lives has been achieved by this approach
without considering other theoretical factors. The 𝛽-decay half-life anomalies
identified through the neural network method represent currently unexplained
information about 𝛽-decay, which may offer insights for discovering new physics
in the future. Machine learning methods such as Density-Based Spatial Cluster-
ing of Applications with Noise (DBSCAN), K-Nearest Neighbors (KNN), and
other algorithms also can be employed to identify abnormal nuclei, potentially
offering new insights into anomalous phenomena in nuclear 𝛽-decay half-lives.
We hope that in the future, more suitable machine learning methods would be
used to identify abnormal nuclei.
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