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Abstract: This work investigates machine-learning approaches for predicting capture cross sections in heavy-ion
capture reactions. Three models are implemented: Tabular Prior-data Fitted Network (TabPFN), Gaussian Process
Regression (GPR), and Backpropagation Neural Network (BP). All models are trained and tested on capture-cross-
section data comprising 566 projectile-target combinations and 14 465 experimental data points. Two data-splitting
strategies are adopted: a point-wise random split (subscript P, for interpolation on known systems) and a system-
wise split (subscript S, for system-level test-set prediction), both with an 8:2 training-to-test ratio. Under point-wise-
split interpolation, TabPFN, achieves the lowest test-set MAE of 0.0720, outperforming GPRp, and BPp. Under the
more challenging system-wise-split protocol, TabPFN still yields the lowest test-set MAE of 0.1981, whereas GPRg
exhibits substantial performance degradation. We further perform leave-one-system-out cross-validation (LOSO-
CV) for TabPFNg, including ablation experiments that compare the 5-feature baseline with the full 13-feature model
to examine the utility of additional entrance-channel-related physical features. The statistics show that 96.1% of un-

seen projectile—target pairs satisfy MAE < 0.5. Binned-residual statistics are also computed to analyze residual distri-
butions across different relative-energy bins. For three fully external local in-distribution test cases involving unseen
projectile—target pairs, TabPFNg provides reasonable mean-point predictions together with physically plausible 95%
prediction bands. These results indicate that TabPFNg is a promising computational tool for predicting unseen reac-
tion pairs within the parameter domain covered by the training data, especially for systems that are experimentally

inaccessible or difficult to measure.
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I. INTRODUCTION

In nuclear physics research, the capture cross section
of heavy-ion capture reactions is regarded as a crucial ob-
servable for understanding the dynamics of nuclear inter-
actions [1—6]. Its accurate description is not only of fun-
damental importance for exploring non-equilibrium dy-
namical processes in quantum many-body systems but
also provides an indispensable theoretical basis for the
synthesis pathways of superheavy elements [7—10]. Fur-
thermore, in astrophysical environments [11—14], the pro-
duction rates of key nuclides are directly and signific-
antly influenced by capture cross sections in the relevant
energy regions. Consequently, as a bridge connecting mi-
croscopic nuclear structure with macroscopic reaction
phenomena, the systematic study of capture cross sec-
tions continuously promotes the coordinated develop-
ment of nuclear reaction theory and nuclear technology
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applications.

In recent years, systematic progress has been
achieved in both theoretical and experimental studies of
heavy-ion capture cross sections [15—17]. Existing theor-
etical models, such as the modified empirical barrier dis-
tribution (EBD) model [18], the coupled-channels (CC)
model [19, 20], the empirical coupled-channel (ECC)
model [21, 22], and the Wong formula [23], are gener-
ally capable of reproducing experimental cross sections
well in the near-barrier energy region. Meanwhile, the de-
velopment of the time-dependent Hartree-Fock method
[24—26] has enabled the prediction of capture cross sec-
tions without empirical parameters, significantly enhan-
cing the self-consistency and predictive power of theoret-
ical models. Furthermore, an important theoretical ad-
vance is the proposal of a new energy and cross section
scaling method [27], which eliminates the influence of
the Coulomb barrier and enables data from different
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heavy-ion fusion systems to be compared on the same
universal curve.

Experimentally, continuous improvements in detec-
tion techniques and beam quality have enabled precise
measurements in the deep sub-barrier energy region,
clearly revealing fusion hindrance [28, 29]. Experiments
using radioactive beams have directly observed the influ-
ence of loosely bound valence nucleons on cross sections,
offering key insights into the fusion dynamics of halo and
weakly bound systems [30, 31]. Together, these experi-
mental and theoretical efforts complement each other and
advance capture cross-section research toward greater ac-
curacy and consistency.

However, the theoretical description of capture cross
sections has long faced several major challenges. This
difficulty primarily stems from the fact that the fusion
process itself is an extremely complex quantum many-
body dynamical problem [32, 33], involving strong coup-
ling effects between nuclear structural degrees of free-
dom and relative motion. Moreover, substantial limita-
tions persist in the ability of traditional theoretical mod-
els to accurately describe the complex dependence of
sub-barrier fusion cross sections [34, 35] on entrance-
channel properties [36], such as mass asymmetry and
neutron asymmetry. In particular, when the sign of the re-
action Q-value changes [31, 37], the models often lack
sufficient precision in characterizing cross-section en-
hancement effects. Furthermore, their generalization cap-
ability to unmeasured projectile-target combinations re-
mains limited, hindering their predictive capacity in fron-
tier research areas such as superheavy element synthesis
and astrophysics.

Over the past decade, machine learning methods have
been extensively and successfully applied to data analys-
is in various branches of physics. In nuclear physics, they
have been employed to predict a wide range of nuclear
observables. These include ground-state properties such
as atomic masses [38—40] and binding energies [41], ra-
dioactive decay features including S-decay and a-decay
half-lives and energies [42—44], as well as theoretical
constructs and reaction channels such as the nuclear en-
ergy density functional [45] and evaporation residue cross
sections [46].

As machine learning techniques continue to advance
rapidly, novel approaches have emerged that further en-
hance predictive capabilities. Among them, Tabular Pri-
or-data Fitted Network (TabPFN) [47] stands out as a re-
cent innovation that enables physicists to obtain accurate
predictions rapidly, offering a distinct advantage for ana-
lyzing the small-sample data frequently encountered in
nuclear physics. In this paper, in addition to TabPFN, we
adopt two other machine learning methods, Gaussian Pro-
cess Regression (GPR) [48] and Backpropagation Neural
Network (BP) [49], to achieve predictions that align more
closely with experimental capture cross-section values.

These three methods are trained and tested on capture
cross sections from 566 projectile-target combinations,
enabling comprehensive and accurate calculations of cap-
ture cross sections for nuclear reactions across systems
ranging from light to superheavy nuclei. To thoroughly
assess generalization capability, we employ two distinct
data-splitting strategies: a point-wise random split (de-
noted by subscript P) and a system-wise split based on
projectile-target combinations (denoted by subscript S),
both with a training-to-test ratio of 8:2. Accordingly, each
of the three models yields two variants, resulting in a total
of six trained models.

Very recently, Bhat et al. [50] reported a machine-
learning study on heavy-ion capture cross-section predic-
tion, which also constructed physically motivated en-
trance-channel features and adopted Gaussian-process-
based uncertainty estimation. Nevertheless, all perform-
ance evaluations in their work rely exclusively on the
point-wise random-split protocol, in which different en-
ergy points belonging to the same projectile-target excita-
tion function can appear in both the training and test
partitions. Such an evaluation setup mainly probes inter-
polation performance for already-seen reaction systems.
In contrast, the present work emphasizes system-level
generalization assessment. We adopt both a system-wise
8:2 split and rigorous leave-one-system-out cross-vali-
dation (LOSO-CV), in which entire projectile-target
pairs are fully held out for testing without leaking any en-
ergy information from the test system into the training
set. This protocol enables a quantitative investigation of
model performance for fully unseen projectile-target
combinations, which constitutes the central novelty of our
study.

The article is organized as follows. In Sec. II, we give
a brief description of the theoretical framework. Results
and discussion are presented in Sec. III. A summary is
given in Sec. IV.

II. THEORETICAL FRAMEWORK

This section briefly introduces the three machine
learning methods employed in the calculations and the
dataset partitioning strategy.

A. Tabular Prior-data Fitted Network

Tabular Prior-data Fitted Network (TabPFN) is de-
signed specifically for tabular-data classification and re-
gression tasks. Based on the principle of in-context learn-
ing, this neural network uses a Bayesian inference mech-
anism in which pre-training on large synthetic datasets
enables Bayesian prior knowledge to be internalized in
the model parameters [47]. When applied to new real-
world datasets, the method performs approximate
Bayesian inference in a single forward pass, substantially
reducing training time. The robustness of TabPFN is at-
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tributed to its pre-training process on extensive synthetic
data. In its native design, TabPFN can filter irrelevant
features and autonomously handle missing-value entries.
In the present work, however, all samples with missing
derived physical features are excluded during dataset
cleaning; therefore, the native missing-value-handling
capability of TabPFN is not invoked in our inference
pipeline.

In our application, TabPFN uses the 13 input features
described in Sec. I1.D to predict the logarithmically trans-
formed capture cross section. It outputs both the predict-
ive mean and the lower and upper bounds of the predic-
tion interval, which quantify uncertainty and provide the
prediction intervals shown in Appendix A. TabPFN is
pre-trained on a large corpus of synthetic datasets gener-
ated via structural causal model priors, allowing the mod-
el to acquire general priors for tabular regression tasks.
Once applied to our dataset, it performs inference in a
single forward pass without iterative optimization.

For reproducibility, the exact software configuration
of TabPFN is documented here, following the original
TabPFN publication [47]. We adopt the official open-
source TabPFN v2 regression model together with its nat-
ive pre-trained regression checkpoint tabpfn-v2-
regressor.ckpt from the original publication [47]. This
checkpoint is pre-trained on approximately 1.3 x 10® syn-
thetic tabular datasets generated primarily via structural-
causal-model priors, consistent with the description in the
original Nature work. No additional fine-tuning of the
TabPFN neural-network weights is performed using our
heavy-ion capture-cross-section dataset; all predictions
are obtained solely through the in-context-learning
paradigm with a single forward pass.

Instead of merely outputting a scalar point prediction,
TabPFN regression natively yields a piecewise-constant
probability distribution for the target variable. Following
the native regression setup of the model, the boundaries
of the predictive distribution are determined from the
1/5000 quantiles of the pre-training target distribution.
All inference hyperparameters retain the official default
configuration, with softmax temperature 7 = 0.9. Neither
temperature rescaling nor post-hoc variance recalibration
is applied to the present dataset.

The nominal 95% prediction interval adopted in this
work is constructed directly from this native model out-
put. The reported 95% prediction interval is extracted by
taking the 2.5% and 97.5% quantiles from the native for-
ward-pass predictive distribution. No post-hoc correction
or recalibration of prediction intervals is performed using
ground-truth test-set values. We explicitly note that these
are nominal model-generated prediction intervals, and we
do not claim that they are empirically well calibrated for
held-out unseen projectile-target test systems. Rigorous
empirical coverage calibration is left for future research.

B. Gaussian Process Regression

Gaussian Process Regression (GPR) is a nonparamet-
ric Bayesian method that defines a prior distribution over
functions through a kernel function that measures simila-
rity between samples [48]. In nuclear physics research,
GPR provides an innovative methodology for predicting
capture cross sections. A probabilistic model describing
the evolution of cross sections with incident energy can
be constructed from limited experimental observations,
while reliable confidence intervals are generated simul-
taneously. By selecting appropriate kernel functions (such
as the squared exponential or Matérn kernels), resonance-
peak characteristics and smoothly varying regions in
cross-section curves can be accurately captured. Con-
sequently, this technique has significant applicability in
multiple domains, including nuclear database compila-
tion, theoretical model validation, and experimental
design optimization. For a new input point x,, the pre-
dictive mean and variance are given by:

Fx)=kx)T (K+a21) 7y, (1
V[f(r)] = k(x,x) —k(x)T (K+020) " k(x), ()

where K denotes the kernel matrix of the training
samples, k(x,) is the kernel vector between the test point
and all training points, o2 represents the noise variance,
and y is the target observation vector.

In this study, we employ the Matérn 5/2 kernel,
which provides a favorable balance between smoothness
and flexibility for describing capture cross-section excita-
tion functions. The kernel hyperparameters and noise
variance are optimized by maximizing the log-marginal
likelihood. The training dataset is used to construct the
kernel matrix K, and predictions at unobserved energy
points are computed using Eqgs. (1) and (2). This frame-
work yields both point estimates and corresponding un-
certainty bounds (confidence intervals) for capture cross
sections.

C. Backpropagation Neural Network

A backpropagation neural network (BP) learns a map-
ping from input features to target values through iterative
forward and backward propagation [49]. During the for-
ward pass, the input x is transformed into a prediction.

y=F(Wx+b),

where W denotes the weight matrix, b is the bias vector,
and ¥ represents the activation function. The weights are
updated using gradient descent to minimize the loss func-
tion.
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In our implementation, the network architecture con-
sists of an input layer, two hidden layers, and an output
layer. The input layer contains 13 neurons corresponding
to the selected input features. The two hidden layers con-
tain 64 and 32 neurons, respectively, and both use the
ReLU activation function. The output layer contains a
single neuron with linear activation for regression tasks,
which outputs the logarithmically transformed capture
cross section 10g,, T pred-

D. Data Selection and Feature Engineering

The dataset used in this study comprises 566 pro-
jectile—target combinations, with a total of 14 465 experi-
mental data points. A complete machine-readable
metadata list covering all 566 projectile—target pairs, in-
cluding the reaction label, number of experimental data
points, experimental references, and cross-section units
for each system, is provided in the Supplementary Mater-
ial. To examine model performance under different gen-
eralization conditions, we employ two distinct data-split-
ting strategies: a random point-wise split (denoted by
subscript P) and a system-wise split based on projectile—
target combinations (denoted by subscript S), both with a
training-to-test ratio of approximately 8:2. For each of the
three machine learning methods (TabPFN, GPR, and BP),
we train two variants under these strategies, resulting in a
total of six trained models.

Previous studies [51] have shown that incorporating
physical quantities related to the physical model as in-
puts for machine learning significantly improves accur-
acy compared with results obtained without such inputs.
In this study, we use 13 input features: the proton num-
bers and mass numbers of the projectile and target nuclei
(Zp, Zr, Ap, Ar), the center-of-mass energy (E.. ), the
quadrupole and hexadecapole deformation parameters of
the projectile and target nuclei, the proton number, mass
number, and binding energy of the compound nucleus,
and the Bass barrier.

The nuclear quadrupole and hexadecapole deforma-
tion parameters, as well as the compound-nucleus bind-
ing energies, are extracted from the FRDM-95 nuclear
mass table. The Bass fusion barrier height for each pro-
jectile—target pair is calculated using a publicly available
Excel-based calculation tool widely used in heavy-ion fu-
sion studies. This Excel calculator file is provided as part
of the Supplementary Material to enhance reproducibility.

II. RESULTS AND DISCUSSION

A. Comparative fitting performance of three machine
learning models

In this study, a logarithmic transformation was ap-
plied to the capture cross-section values to compress their
large dynamic range [52]. The MAE was used as the met-

ric for comparing the performance of the three machine
learning models.

N
1
MAE = N Z | 10g10(0'pred) - 10g10(0'Exp.) . (3)

i=1

Here, N denotes the total number of data points in the
training or test set, and opq and ogy, denote the pre-
dicted and experimental capture cross sections, respect-
ively.

The MAESs of the training and test sets for the three
machine learning models under the two data-splitting
strategies are shown in Table 1, where the subscripts P
and S denote the point-wise random split and the system-
wise split based on projectile-target combinations, re-
spectively. Under the point-wise split (P), TabPFNp
achieves the lowest test MAE (0.0720), followed by
GPRp (0.0846) and BPp (0.1533), confirming its superior
interpolation capability within known systems. Under the
system-wise split (S), which evaluates extrapolation per-
formance for entirely unseen projectile-target combina-
tions, all models exhibit markedly larger test errors. Not-
ably, TabPFNg still yields the smallest test MAE
(0.1981), BPs is intermediate (0.2505), whereas GPRg
produces the largest error (0.7806). This indicates that the
system-wise split constitutes a far more challenging eval-
uation scenario. The substantial performance degradation
of GPRs originates mainly from limitations of the kernel
function: the fixed Matérn 5/2 kernel cannot adequately
capture the strong nonlinear behavior for entirely unseen
projectile-target pairs.

The distinct performance gaps among the six variants
can be attributed to their inherent architectures. TabPFN,
pretrained on massive synthetic tabular datasets, inherits
informative Bayesian priors that enable efficient one-shot
inference, making it resilient to both random data parti-
tioning and systematic extrapolation. The BP network
yields moderate errors but is sensitive to hyperparameter
tuning and struggles to capture subtle sub-barrier coup-
ling effects when experimental samples are limited. GPR,
despite its flexibility, relies on a fixed Matérn 5/2 kernel,

Table 1.
test sets of the three machine-learning models under two data-
splitting strategies (P: pointwise split; S: system-wise split).

Mean absolute errors (MAEs) for the training and

Model MAE(train) MAE(test)
TabPFNp 0.0624 0.0720
TabPFN; 0.0582 0.1981

GPRp 0.0547 0.0846

GPR; 0.0584 0.7806

BPp 0.1511 0.1533
BPs 0.1418 0.2505
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which fails to represent the strong nonlinearities (e.g., fu-
sion hindrance and exponential fall-off) in the deep sub-
barrier region. This deficiency is substantially amplified
in the system-wise split, where the kernel cannot general-
ize to unknown projectile-target combinations, resulting
in the highest test error among all models.

To rule out the possibility that the superior extrapola-
tion performance of TabPFNg arises from an accidental
choice of the training-test split, we repeated the model
training 100 times using different random seeds (1-100)
while keeping the 8:2 partitioning ratio under the system-
wise split scheme. In each repetition, random partition-
ing was performed over complete projectile-target com-
binations rather than over individual energy data points.
The resulting distribution of MAE values is shown in
Fig. 1. As shown in Fig. 1(a), the training MAE values
are tightly concentrated around a mean of 0.0613, and the
test MAE values are clustered around a mean of 0.1582,
with moderate scatter. Figure 1(b) further confirms this
stability, displaying a narrow unimodal histogram togeth-
er with a kernel-density curve for the test MAE (mean =
0.1582, n=100). Notably, the result obtained with the
single seed (seed 42) adopted in our main-text analysis
lies very close to the overall average of the 100 repeti-
tions, indicating that the reported performance is repres-
entative and not an outlier. These observations demon-
strate that TabPFNg is insensitive to the specific random
partition, thereby reinforcing the reliability of its advant-
age over the other models.

Train mean = 0.0613
Test mean = 0.1582

0.20

o
o
]

o
=

.
-0 - —

Test data (MAE)
1
3
s

0.14

_—— g

A . . . p-0613
0.054 0.056 0.058 0.060 0.062 0.064 0.066
Training data (MAE)

Fig. 1.

B. Reproduction of entrance-channel physical effects
by TabPFN

To systematically compare the predictive perform-
ance of different machine-learning approaches under both
point-wise interpolation and system-partitioned test-set
prediction conditions, we compare model predictions
with experimental capture-cross-section values for repres-
entative reaction systems.

Figure 2 shows the calculated capture cross sections
for twelve '°O-induced projectile-target combinations,
with target nuclei ranging from Z =8 to Z = 92. This plot
adopts the point-wise random-split setup (subscript P): in-
dividual energy data points are randomly assigned to the
training or test sets. Four sets of predictions are shown,
namely TabPFNp, GPRp, BPp, and the analytical EBD 2.2
model (a revised analytical formula of EBD) [65]. The
EBD 2.2 analytical model is introduced here only for
qualitative visual comparison of excitation-function
shapes, particularly sub-barrier behaviour. All EBD 2.2
predictions are obtained from the public online calculator.
Under this point-wise interpolation-oriented condition,
both TabPFNp and EBD 2.2 reasonably reproduce the ex-
perimental capture-cross-section values. By contrast,
GPRp and BPp exhibit visible systematic deviations for
several systems. In particular, BPp tends to overestimate
sub-barrier capture cross sections for magic-nucleus sys-
tems such as 'O +%Ni and '°0 +** Pb. This overestima-
tion may indicate that BP has difficulty capturing struc-
ture-dependent fusion-hindrance suppression effects in

i
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(color online) Performance stability of TabPFNg across 100 independent random train—test splits under the system-wise split-

ting scheme with an 8:2 training-to-test ratio. (a) Scatter plot of training-set MAE versus test-set MAE for 100 independent runs with
random seeds from 1 to 100. Each random split partitions complete projectile—target combinations at the system level rather than shuff-
ling individual energy points. The top and right margins show marginal kernel-density estimates for the training and test MAE, respect-
ively. The blue dashed lines indicate the overall mean values (training mean = 0.0613; test mean = 0.1582). (b) Histogram with a ker-
nel-density curve showing the frequency distribution of the test-set MAE across the 100 splits. A narrow unimodal distribution is ob-

served, with mean = 0.1582 and n = 100 independent repetitions.
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(color online) Capture cross sections are compared with the available experimental data for the reactions °0 + 190 [53], '°0 +

O2Ni [54], 0 + ™Ge [55], '*O + Zr [56], '°0 + '2Cd [57], 'O + !12Sn [58], %O + 4Nd [59], '®O + 34Sm [60], '°O + '74Yb [61],
160 + 24P [62], 190 + 2Bi [63], and '°0 + 23U [64]. The solid black squares denote the experimental data. The cross-section values
predicted by different machine-learning models and an analytical formula are represented by lines: red for TabPFNp, blue for EBD 2.2,
green for GPRp, and purple for BPp. All machine-learning curves in this figure are generated using the point-wise random split (sub-

script P), in which individual energy data points are randomly assigned to the training or test sets. The proton numbers of the target
nuclei range from 8 to 92, covering light to heavy nuclei. The black arrow in the figure indicates the barrier height.

sub-barrier regimes. Analogous shell-induced fusion
hindrance has been reported for doubly magic systems
such as '°0+* Ca [66], in which both the projectile and
the target are doubly magic nuclei. At deep sub-barrier
energies, where the cross section falls below approxim-
ately 0.8 mb, the experimentally measured capture cross
sections begin to fall below the values predicted by stand-
ard coupled-channels theory. This deviation is under-
stood as a manifestation of fusion hindrance induced by
shell effects.

While Fig. 2 evaluates model performance under
point-wise interpolation, Fig. 3 further investigates mod-
el behaviour under the system-wise-split scheme (sub-
script S). In this scheme, the entire projectile-target com-
bination is treated as the basic partitioning unit; each
complete projectile-target pair is allocated either to the
training set or to the test set. The reaction systems dis-
played in Fig. 3 correspond to test-set projectile-target
pairs under this S-split protocol. This figure includes
twelve '80-induced reaction systems and displays predic-
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Fig. 3. (color online) Capture cross sections are compared with the available experimental data for the reactions '*0 + 12C [67], 130 +
27A1 [68], 180 + *Ca [69], 180 + #Ni [70], 180 + ™Ge [71], 'O + 2Mo [72], 80 + !16Sn [73], 80O + 48Nd [74], 180 + 18218W [75],
130 + 298pp [63], and '*O + *2Th [76]. Solid black squares denote the experimental data. Predicted cross sections from the different
machine-learning models and the analytical formula are shown as lines: red for TabPFNg, blue for EBD 2.2, green for GPRg, and
purple for BPg. The predictions shown here are obtained using the system-wise split (subscript S): each complete projectile-target com-
bination is used as the partitioning unit and is assigned entirely to either the training or the test set. The plotted systems correspond to
the test-set projectile-target pairs under this splitting protocol. The black arrow indicates the barrier height.

tions from TabPFNg, GPRg, BPg, and the EBD 2.2 ana- cross sections in the deep-sub-barrier region. This limita-

lytical model. Even in this more challenging system-par- tion is strongly amplified when predictions are made for
titioned test-set prediction scenario, TabPFNg yields the projectile-target pairs assigned to the test set under a sys-
most consistent agreement with experimental measure- tem-wise split. Meanwhile, BPg continues to show sys-
ments among the machine-learning models. In comparis- tematic deviations in several sub-barrier cases, consistent
on, the performance of GPRg deteriorates substantially with its limited ability to model subtle channel-coupling
for many systems. As discussed in Sec. III.A, GPR em- and nuclear-structure-related suppression effects.

ploysa fixed Matérn 5/2 kernel, which cannot ad- Taken together, the comparisons in Fig. 2 (point-
equately represent strong nonlinear behaviour such as fu- wise-split interpolation, P) and Fig. 3 (system-wise-split

sion hindrance and the exponential fall-off of capture test-set prediction, S) demonstrate that TabPFN achieves
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the best overall performance among the three machine-
learning models under both point-wise interpolation and
system-partitioned test-set prediction conditions. GPR
and BP show notable systematic errors in either or both
scenarios, arising from their respective model-architec-
ture limitations. For this reason, we omit GPR and BP
outputs in the subsequent figures and focus exclusively
on TabPFN predictions.

Given that TabPFN is selected as the primary model,
Fig. 4 and Fig. 5 show side-by-side comparisons with ex-
perimental capture-cross-section values for *’Ca-induced
and 3¥Ni-induced reactions, respectively. These pro-
jectile nuclei are either singly or doubly magic, provid-
ing useful test cases for investigating entrance-channel
physical effects. Plotting both variants in the same panel
enables a direct visual comparison between predictions
obtained from point-wise-split interpolation (TabPFNp,

red solid lines) and system-wise-split test-set prediction
(TabPFNg, blue solid lines) for identical projectile-target
combinations.

Extensive experimental and theoretical studies have
established that heavy-ion fusion dynamics are governed
by the coupling of the relative motion of colliding nuclei
[89] to intrinsic nuclear degrees of freedom. Widely used
theoretical frameworks, including the modified EBD
model [18], empirical coupled-channel (ECC) model [21,
22], and Wong formula [23, 51], generally reproduce
near-barrier experimental capture cross sections well, but
may produce non-negligible overpredictions or under-
predictions for certain systems in the sub-barrier domain.
As shown in Fig. 4 and Fig. 5, TabPFN can satisfactorily
reproduce experimental capture-cross-section values even
at sub-barrier energies. We further utilise these datasets to
examine whether TabPFN can recover well-known en-
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Fig. 4.

(color online) Comparison of experimental capture cross-section measurements with predictions from the TabPFN model for

reactions induced by “°Ca projectiles. Solid black squares denote the experimental capture cross-section data, and solid red lines show
predictions from TabPFNp obtained under the pointwise random-split interpolation scheme, in which individual energy data points are
randomly assigned to the training or test sets. Solid blue lines correspond to TabPFNg results obtained under the system-wise-split pro-
tocol. In this protocol, each complete projectile-target combination is used as the partitioning unit and assigned in its entirety to either
the training set or the test set. The displayed curves correspond to predictions for test-set projectile-target pairs under this splitting
strategy. The plotted systems are *°Ca + **Ca [77], °Ca + “°Ti [78], °Ca + *Ni [79], °Ca + *°Zr [80], “°Ca + 24Sn [81], **Ca + %20s
[82], “°Ca + 4Pt [82], “°Ca + 7 Au [83], and “°Ca + 2%Pb [83]. The proton numbers of the target nuclei range from 20 to 82, spanning
light to heavy nuclei. The black arrow in the figure indicates the barrier height.
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Fig. 5. (color online) The same as in Fig. 4, but for the reactions **Ni + **Fe [84], ¥Ni + **Ni [85], *®Ni + ™Ge [86], **Ni + *°Zr [87],
and ¥Ni + °21%Mo [88]. The black arrow indicates the barrier height.

trance-channel-driven physical trends, particularly the in-
fluences of mass asymmetry and charge asymmetry on
sub-barrier capture cross sections.

The mass asymmetry, n,, and charge asymmetry, 7,
are defined as

_ |A, — Ay
A+ A,

_ |Z, - Z,]
Z+7Z

Na z 4

where A, and A,, and Z, and Z,, are the mass and atomic
numbers of the projectile and target nuclei, respectively.
Figure 6 presents the TabPFNg predictions and experi-

mental values of the capture cross sections for two com-
binations forming the same compound nucleus, '**Ba
(**S + %Zr and *Ni + %Ni), and two combinations form-
ing the same compound nucleus, **Sm (**S + %Pd and
4Ti + °0Zr). To distinguish above-barrier from below-
barrier energies, the horizontal axis represents the center-
of-mass energy relative to the barrier height; thus, 0 cor-
responds to the Bass barrier. Previous studies have shown
that, for different projectile—target combinations forming
the same compound nucleus, systems with larger mass
asymmetry may exhibit larger cross sections at sub-barri-
er energies because of enhanced coupling effects [94]. In
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Fig. 6.

(color online) The figure compares the TabPFNg-predicted theoretical capture cross sections with the corresponding experi-

mental values for two sets of entrance-channel systems leading to the same compound nucleus. The left panel shows systems forming
the compound nucleus '*Ba. Red open triangles and solid red lines represent the experimental cross sections and the TabPFNg-pre-
dicted theoretical values for 8 + %Zr [90], respectively, whereas blue open circles and solid blue lines represent those for *Ni + *Ni
[91]. The right panel shows systems forming the compound nucleus '**Sm. Red open triangles and solid red lines denote 32S + %Pd
[92], whereas blue open circles and solid blue lines denote *Ti + “Zr [93]. Notably, the systems 32S + %Zr and 32S + !%Pd exhibit
greater mass and charge asymmetries. The black arrow in the figure indicates the barrier height.
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the present cases, the combinations with greater mass
asymmetry, namely S + *Zr (, = 0.5) and **S + '%Pd
(n4 = 0.53), also have larger charge asymmetry (7, = 0.43
and 7, =0.48, respectively) than their less asymmetric
counterparts (*Ni + ®Ni: 1, =0, n,=0; “Ti + *Zr:
na =0.32, nz=0.29). The combined effects of mass and
charge asymmetry lead to stronger coupling to inelastic
excitations and transfer channels, thereby enhancing the
sub-barrier fusion probability. Consequently, these sys-
tems exhibit larger capture cross sections at below-barri-
er energies, indicating a higher tunneling probability
through the Coulomb barrier. The employed machine
learning method therefore yields results consistent with
the expected joint influence of mass and charge asym-
metry on the capture process.

To investigate another key entrance-channel factor,
we examine the influence of neutron asymmetry. The for-
mula for neutron asymmetry is given by

= U]\\? N 1|’ 5)
2+ Ny
where N, and N, are the neutron numbers of the pro-
jectile and target nuclei, respectively. Figure 7 presents
the TabPFNg predictions together with the theoretical and
experimental capture cross-section values for two pairs of
projectile—target combinations that form the same com-
pound nuclei: '**Sn + *Ca and '**Sn + “°Ca both lead to
172Yb, whereas '°0 + 7°Ge and 0 + "*Ge both lead to
927r. In the sub-barrier region, the capture cross-section
curves for the two combinations forming *Zr essentially
overlap despite their different neutron asymmetries. Not-
ably, the difference in u values between these two sys-

tems is relatively small, which may partly account for the
negligible influence of neutron asymmetry in this case.
For the two combinations forming '">Yb, the system with
the higher neutron asymmetry u, '*2Sn + °Ca, exhibits a
significantly larger capture cross section. These observa-
tions suggest that the effect of neutron asymmetry on sub-
barrier fusion may be system-dependent. Although a lar-
ger difference in u appears to correlate with enhanced fu-
sion in the '7Yb case, the overlapping curves for the 2Zr
case indicate that this effect is not universal. Because
only one pair shows a clear difference, we refrain from
drawing a definitive conclusion and emphasize that fur-
ther systematic studies with more projectile—target com-
binations are needed to clarify the role of neutron asym-
metry.

C. Quantitative and case verification of TabPFN’s
generalization capability toward unseen
projectile-target pairs

Based on the preceding analysis of how entrance-
channel effects, such as mass asymmetry # and neutron
asymmetry u, influence the capture cross section, we fur-
ther extend the discussion to the extrapolation of cross-
section data. In nuclear reaction research, experimental
measurements are often confined to specific energy re-
gions and nuclear combinations. However, in many im-
portant contexts—such as the synthesis of key nuclides in
astrophysical environments, the estimation of cross sec-
tions for producing superheavy elements, and the explor-
ation of nuclear-structure effects under extreme condi-
tions—reliable extrapolation of cross sections into un-
measured regions is essential. The accuracy of such extra-
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Fig. 7. (color online) The figure compares the TabPFNg-predicted theoretical capture cross sections with the corresponding experi-
mental values for two sets of entrance-channel systems leading to the same compound nucleus. The left panel shows systems forming
the compound nucleus '7>Yb. The red hollow triangles and solid red lines represent the experimental cross sections and the TabPFNg-
predicted theoretical values, respectively, for '32Sn + “°Ca [95], whereas the blue hollow circles and solid blue lines represent the cor-
responding results for '2*Sn + *8Ca [95]. The right panel shows systems forming the compound nucleus °2Zr. Using the same conven-
tion, the red hollow triangles and solid red lines denote '°O + 7°Ge [55], and the blue hollow circles and solid blue lines denote '30 +
74Ge [55]. The neutron asymmetry values for each reaction are indicated in parentheses. The black arrow in the figure marks the barri-

er height.
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polation directly affects the credibility of theoretical pre-
dictions. Therefore, developing predictive methods with
robust extrapolation capabilities is crucial for expanding
the applicability of nuclear reaction data and reducing
prediction uncertainties.

The point-wise random splitting strategy adopted
above distributes energy points belonging to the same re-
action system across the training and test sets. Although
this scheme can characterize interpolation accuracy, it
does not quantitatively evaluate the genuine extrapola-
tion performance of the model for fully unknown pro-
jectile-target pairs. To address this limitation and rigor-
ously examine the in-distribution generalization capacity
of the model, we perform leave-one-system-out cross-val-
idation (LOSO-CV). Using an identical LOSO-CV pro-
tocol, ablation experiments are carried out to compare the
baseline 5-feature TabPFN model—that is, using only the
proton numbers and mass numbers of the projectile and
target nuclei (Zp, Zr, Ap, Ar) and the center-of-mass en-
ergy (E.n) as inputs —with the full-input 13-feature
TabPFN model that incorporates entrance-channel-re-
lated physical quantities. In this validation scheme, one
complete projectile-target combination is excluded as the
test set in each iteration, and all remaining systems are
used for training. The group-wise mean absolute error
(MAE) for each projectile-target system is calculated fol-
lowing Eq. (3) and is defined as the arithmetic average of
the absolute errors over all data points within a single re-
action system, yielding independent extrapolation-error
measurements for every investigated reaction system.

We further clarify the data-processing pipeline within
each fold of the leave-one-system-out cross-validation
(LOSO-CV).

(1) Missing-feature handling: After dataset cleaning,
the 13 selected input features contain no missing values
for all retained samples. Raw entries with any missing de-
rived physical quantities were completely excluded in the
preprocessing stage before model training; therefore, no
imputation step is required in the model pipeline.

(2) Fold-level independent normalization: Within
each LOSO-CV fold, the mean and standard deviation for
z-score standardization are calculated only from the train-
ing subset of that specific fold. The held-out test samples
are transformed using these training-set-derived statistics.
Global dataset-wide normalization is never performed be-
fore cross-validation, strictly avoiding test-set informa-
tion leakage.

(3) No additional filtering within folds: No addi-
tional sample-level or feature-level filtering is executed
within individual LOSO-CV validation folds. All filter-
ing operations are completed during the dataset-cleaning
phase before any cross-validation run.

The statistical distributions of the group-wise MAE
for the 5-feature and 13-feature models are displayed in
Fig. 8 and Fig. 9, respectively. As illustrated in Fig. 8 for

the 5-feature baseline model, the median MAE over all
566 systems is 0.108, with an overall mean MAE of
0.159 and a maximum of 1.857. For the 13-feature full-
input model shown in Fig. 9, the median MAE across all
566 systems is 0.107, with an overall mean MAE of
0.157 and a maximum of 2.066. For both models, the
mean value is considerably higher than the median, indic-
ating a distinctly right-skewed error distribution. A small
subset of systems exhibits relatively large group-wise
MAE values. These challenging reaction systems are fur-
ther analysed in Table A1 in Appendix A, and the corres-
ponding excitation-function comparison plots for the
most difficult cases (MAE > 1) are provided in Fig. Al in
Appendix A. After excluding the most challenging high-
MAE systems, the main distributions in Fig. 8(b) and
Fig. 9(b) show that extrapolation errors for the vast ma-
jority of systems are concentrated within the low-error in-
terval of 0—0.25; only a small fraction of systems show
notable prediction deviations. According to the interval
statistics from Fig. 8(c) and Fig. 9(c), 46.8% of reaction
systems achieve MAE < 0.1 for the 5-feature model, com-
pared with 46.6% for the 13-feature model. In total,
95.6% of systems (541) for the 5-feature model and
96.1% of systems (544) for the 13-feature model satisfy
MAE < 0.5. In addition, only 3 systems (0.5%) in the 13-
feature model exhibit MAE > 1.

It is noteworthy that most high-MAE systems listed in
Table Al in Appendix A are constrained by relatively
sparse experimental measurements. These 22 systems
have a median of 11.5 experimental data points, and 10 of
them contain no more than 10 measured points. Several
of these challenging systems also exhibit pronounced en-
trance-channel mass asymmetry. Figure Al in Appendix
A provides excitation-function comparisons between ex-
perimental observations and model predictions for sys-
tems with MAE > 0.75, allowing detailed inspection of
these difficult cases.

The ablation comparison demonstrates that adding
eight supplementary entrance-channel-related physical
features does not yield a prominent reduction in the glob-
al overall MAE relative to the 5-feature baseline. Never-
theless, the 13-feature model explicitly encodes entrance-
channel-relevant physical observables as model inputs.
As presented in Sec. II1.B, the 13-feature TabPFN is cap-
able of reproducing well-known physical trends induced
by mass and charge asymmetry in sub-barrier capture re-
actions.

To further quantitatively investigate how prediction
performance varies with collision energy under in-distri-
bution generalization conditions, we analyse residuals ob-
tained from LOSO-CV predictions of the 13-feature
TabPFN across all 566 projectile-target combinations, as
shown in Fig. 10. The dataset is divided into five bins ac-
cording to the relative energy E.. —V,, where V, de-
notes the Bass Coulomb barrier height, and the binning
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(color online) Group-wise MAE distribution from leave-one-system-out cross-validation for the 5-feature TabPFN model

across 566 projectile-target systems. (a) Sorted MAE values for all systems, with inset statistics: median 0.108, mean 0.159, and max-
imum 1.857. A small subset of systems exhibits comparatively large group-wise MAE values, corresponding to challenging reaction
systems. (b) Histogram and kernel-density estimate of the group-wise MAE within the 99% data range after excluding the most chal-
lenging high-MAE systems. The blue dashed line denotes the median MAE, and the blue dotted line denotes the mean MAE; the distri-
bution exhibits pronounced right skewness. (c) Bar chart showing the fraction of reaction systems within each MAE interval (left ver-
tical axis), with the solid blue curve denoting the total number of data samples within each interval (right vertical axis). A total of

95.6% of systems achieve MAE < 0.5.

scheme is summarised in Table 2. Each bin is character-
ised by the median value of E., -V, for the contained
samples.

Figure 10(a) presents the binned mean absolute error
(MAE, unit: dex) for each energy bin, with error bars
representing the 68% cluster-bootstrap confidence inter-
val. These confidence intervals are estimated by drawing
10 000 bootstrap resamples with replacement at the full
projectile-target-system level to account for intra-system
correlation. The number of data points in each bin is an-
notated. Figure 10(b) shows the median signed residuals
r =10g,0 Texp — 108, O prea, together with the P16-P84 per-
centile range describing residual dispersion. Figure 10(c)
shows the empirical coverage corresponding to TabPFN's
native 2.5%—-97.5% quantile prediction intervals. The
coverage values for bins 1-5 are 94.6%, 93.9%, 91.1%,
93.3%, and 91.9%, respectively. The prediction intervals
therefore exhibit slight undercoverage in most energy re-
gions. This result is consistent with the fact that the repor-
ted intervals are native model-generated quantile inter-

vals without post-hoc empirical calibration.

After data correction and canonicalization, the binned
statistics show that the deep-sub-barrier bin (E., -V, <
—10 MeV) has the largest binned mean absolute error. Be-
cause this bin contains only 166 data points and corres-
ponds to a highly heterogeneous subset of reaction sys-
tems, this result should be interpreted as reduced predic-
tion accuracy for the present audited dataset rather than as
a universal inherent defect of the model. The median
signed residuals for all five bins remain close to zero, in-
dicating no global systematic over- or under-prediction.
The full-dataset binned analysis quantitatively corrobor-
ates the energy-dependent difficulty of heavy-ion cap-
ture-cross-section prediction.

Figure 11 compares experimental capture-cross-sec-
tion measurements with predictions obtained from the
fully trained 13-feature TabPFNg model for three reac-
tion systems: °0+28Pb, 60+2*Pu, and 'O+ W,
These predictions are generated from a single 8:2 system-
wise split partition. The three projectile-target combina-
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FN model across 566 projectile—target systems. (a) Sorted MAE values for all systems, with inset statistics showing a median of 0.107,
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achieve MAE < 0.5.

tions are fully external samples excluded from both the
training set and the test set of this specific partition, and
they are independent of the LOSO-CV calculations
presented above. They constitute local, independent, in-
distribution external test cases for unseen projectile-tar-
get pairs.

The red solid lines denote the mean point predictions,
while the orange shaded bands correspond to the 95%
prediction intervals produced by TabPFNg. As illustrated
in Fig. 11 (a) and Fig. 11 (c), the model's prediction inter-
vals reproduce the overall trend of the experimental data
(gray triangular symbols) reasonably well. Even in en-
ergy domains where training-sample coverage is sparse,
the shaded prediction bands remain within physically
plausible magnitude ranges. Figure 11(b) displays the
predictive performance for the heavy system '°0 +2* Pu.
Here, the model generalizes physical patterns learned
from related projectile-target pairs in the training dataset
to a heavier compound-nucleus system. Even for this
challenging case, the 95% prediction interval of TabP.
FNg shows satisfactory consistency with the available ex-
perimental capture-cross-section data.

These results indicate that TabPFNg not only has
good fitting capabilities on known systems but also ex-
hibits reasonable robustness for in-distribution generaliz-
ation. This capability offers a useful computational tool
for estimating unknown capture cross sections for reac-
tion pairs within experimentally covered domains, espe-
cially for systems in superheavy nucleus synthesis that
are challenging to measure experimentally. Future re-
search could further explore the correspondence between
model prediction uncertainty and physical mechanisms,
thereby promoting deeper integration between data-driv-
en methods and theoretical models.

IV. SUMMARY

This work systematically assesses three machine-
learning models (TabPFN, GPR, and BP) for predicting
heavy-ion capture cross sections using a dataset compris-
ing 566 projectile-target combinations and 14 465 experi-
mental data points. Logarithmically transformed capture-
cross-section values are used, and the mean absolute er-
ror (MAE) serves as the evaluation metric. Two distinct
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Fig. 10. (color online) Energy-binned statistical analysis of the LOSO-CV predictions of the 13-feature TabPFN model for 566 pro-
jectile—target systems, comprising 14 465 experimental data points. The bins are defined by E.,, —V,, as specified in Table 2, and each
bin is plotted at the median value of E,,, —V,. (a) Binned mean absolute error (MAE; in dex). Error bars denote the 68% cluster-boot-
strap confidence intervals obtained by resampling at the projectile—target-system level; the number of data points in each bin is annot-
ated. (b) Median signed residual, r = 10g,,0exp — 108, 0prea- Error bars indicate the P16-P84 percentile range, and the horizontal dashed
line marks zero residual. (c) Empirical coverage of the nominal 95% prediction intervals in each energy bin. Error bars denote the 95%
confidence intervals for the estimated coverage, and the horizontal dashed line indicates the nominal 95% coverage level.

data-partitioning schemes are employed: the point-wise interpolation, TabPFNj achieves the lowest test-set MAE.
random split (P) for interpolation assessment and the pro- Under the more demanding system-wise-split condition,
jectile-target-level system-wise split (S) for evaluating all models exhibit substantially increased test errors;
system-level predictive capability. Under point-wise-split however, TabPFNg still achieves the lowest test MAE.
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Table 2. Definition of energy bins based on the relative energy E.,, — V.
Bin Energy range/MeV Median E_,, -V, Number of data points
Bin 1 Ecm—=V,<-10 —12.08 166
Bin 2 —10<E.n—-V,<0 -2.69 2521
Bin 3 0<E.m-V,<10 4.09 6588
Bin 4 10< Eo — V<20 14.00 3012
Bin 5 Ecm =V, 220 30.04 2178
104 : : 3
103 A 110
(2) (b) 2
102} 1107 10
= 10
2 s Exp. Ll 10
v% , TabPFNg 100
o 107 prediction interval} |
160+208pp, 1107 160 1244py 1107}
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Fig. 11.  (color online) A comparison is presented between theoretical predictions and experimental capture cross sections for the

three reaction systems: 90 + 2%6Pb [96], 10 + 2*Pu [97], and 8O + W [75]. Gray triangles represent experimental data, and the red
solid line shows the mean prediction obtained from TabPFNg. The orange shaded region corresponds to the nominal 95% prediction in-

terval produced by TabPFN. These intervals are nominal model-generated intervals without empirical coverage calibration. These three

systems serve as local, independent, in-distribution external test cases for unseen projectile-target pairs.

Repeated training with 100 random seeds further con-
firms that the performance of TabPFNg is not dominated
by a favorable single data partition.

Comparisons of capture cross sections for representat-
ive projectile-target systems demonstrate that the 13-fea-
ture model can partially reproduce the physical trends of
sub-barrier capture cross sections induced by mass and
charge asymmetry. The neutron-asymmetry effect exhib-
its evident system dependence, which requires further
validation with larger datasets. Leave-one-system-out
cross-validation (LOSO-CV) is performed for TabPFNg
to assess the model's in-distribution predictive behavior
for fully unseen projectile-target pairs. Ablation experi-
ments comparing the 5-feature baseline model with the
full 13-feature model are conducted to investigate the in-
fluence of incorporating entrance-channel-related physic-
al features on model outputs. The statistics show that
96.1% of unseen projectile-target pairs satisfy MAE <
0.5, and the overall distribution of group-wise MAE is
obtained. We also perform binned-residual statistics to
extract residual information across different relative-en-
ergy bins. Three fully external reaction systems, com-
pletely excluded from the training and test datasets, are
used as independent local in-distribution test cases for un-
seen projectile-target pairs. TabPFNg provides reason-
able pointwise mean predictions together with physically
consistent 95% prediction intervals.

Collectively, our results demonstrate that TabPFNg
exhibits promising potential for in-distribution-generaliz-

ation-oriented prediction of heavy-ion capture cross sec-
tions for unseen projectile-target pairs. Within the scope
of the available experimental data, it achieves both quant-
itative prediction accuracy and partial physical consist-
ency. Further investigations are required to disentangle
the correspondence between model-output prediction un-
certainty and the underlying microscopic physical mech-
anisms of nuclear reactions. Expanding datasets and com-
bining machine-learning approaches with conventional
nuclear-reaction theoretical models will help improve
prediction reliability for unexplored domains of the nuc-
lear-reaction landscape in future studies.

APPENDIX A: HIGH-MAE SYSTEMS AND COM-
PARISON PLOTS OF EXPERIMENTAL AND PRE-
DICTED CAPTURE-CROSS-SECTION VALUES

This appendix provides supplementary information
for the LOSO-CV analysis presented in Sec. III.C. Table
Al summarizes the 22 projectile-target combinations
with a group-wise MAE greater than 0.5 dex. For each
system, we list the number of experimental data points,
the group-wise MAE, the mean signed residual (Bias),
and the entrance-channel mass asymmetry 7,. Excitation-
function comparison plots for the seven projectile-target
combinations with group-wise MAE > 0.75 are shown in
Fig. A1 of this appendix.
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TabPFNg predictions (red solid lines) for the seven high-MAE projectile—target combinations with group-wise MAE > 0.75 from
LOSO-CV. These seven systems correspond to Nos. 1-7 listed in Table Al. Each subpanel shows the measured and predicted capture
cross sections as a function of the center-of-mass energy E., .

Table Al.

High-MAE projectile—target systems obtained with the 13-feature TabPFN model using LOSO-CV. The table lists the 22

projectile-target systems with group-wise MAE strictly greater than 0.5 dex. N, denotes the number of experimental data points.
MAE and Bias denote the mean absolute residual and mean signed residual, respectively, where r =10g,,0exp =108, Oprea- 74 denotes
the entrance-channel mass asymmetry.

No. Reaction system Nexp MAE (dex) Bias (dex) un
1 N7Zr+%Mo 8 2.066 -2.066 0.022
2 28+%Mo 9 1.559 1.551 0.492
3 3CI+9%Zn 2 1.041 -1.041 0.295
4 BCa+10Ry 5 0.997 -0.994 0.56
5 BCa+168Ey 7 0.913 -0.909 0.556
6 SON;+83Y 11 0.873 -0.863 0.195
7 SIBr+1%Ry 11 0.763 0.668 0.124
8 N7r+907r 53 0.747 0.145 0
9 OLi+5*Ni 30 0.721 0.713 0.829
10 7T AI+*Sc 16 0.671 -0.669 0.25
11 9Be+’Be 25 0.643 0.643 0
12 84Kr+19Ho 2 0.636 0.636 0.325
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Table Al-continued from previous page

No. Reaction system Nexp MAE (dex) Bias (dex) un
13 160+667 9 0.617 0.617 0.61
14 150+170 25 0.573 0.573 0.03
15 1804232 6 0.546 0.546 0.856
16 “BCat+?¥U 18 0.544 —-0.308 0.664
17 HNj+%Ni 79 0.543 0.243 0
18 64Ni+'328n 26 0.542 0.456 0.347
19 BSi+I104Er 6 0.538 —-0.493 0.708
20 967r+1328n 7 0.537 0.375 0.158
1 160)4-204py, 12 0.522 —0.433 0.855
22 160+%Co 12 0.502 0.451 0.573
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