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Introduction

Machine learning-based XANES analysis for
predicting the local structure and valence in
amorphous silicon suboxides

© and Teruyasu Mizoguchi (22

Yu Fujikata, 2 *2° Hiroki Sugisawa
Silicon suboxide (SiO,, 0 < x < 2) has attracted considerable interest across various industrial fields due
to its tunable physical properties that are afforded by its compositional ratio. However, the quantitative
resolution of its atomistic structure—property correlations remains challenging using conventional
approaches. In this study, nine compositionally controlled amorphous SiO, networks were generated via
molecular dynamics simulations, and a comprehensive dataset of Si K-edge X-ray absorption near-edge
structure (XANES) spectra was constructed using first-principles calculations. Subsequently, a deep
neural network was trained to develop a model capable of directly predicting both the local silicon atom
valence state and the Si—O radial distribution function from single-site XANES spectra. Systematic sub-
window analysis revealed that features near the absorption edge and the main peak provided informa-
tion related to the valence state, whereas precise structural predictions required information from
higher-energy regions. The model trained solely on the site-resolved spectra maintained a high predic-
tive performance when applied to composition-averaged spectra, demonstrating robustness against the
diverse atomic environments encountered in experimental measurements. By enabling the direct extrac-
tion of electronic valence and local structural descriptors from a single, ensemble-averaged XANES
spectrum, this approach overcomes a key bottleneck in the atomistic analysis of amorphous materials.
Consequently, it offers a transferable and experimentally viable framework for quantitatively characteriz-
ing the composition—structure—property relationships of complex, multivalent, amorphous systems.
Moreover, this machine learning-based XANES approach provides a transferable framework for the
quantitative characterization of such systems and may facilitate the accelerated development of SiO,-
based functional materials.

specifically, in these applications, multilayer barrier coatings
containing SiO, serve as functional layers that combine a high

Silicon suboxide (SiO,, 0 < x < 2) is a non-stoichiometric
system in which Si-O-Si bridges and Si-Si bonds coexist.
Notably, this system is regarded as a critical material for
various applications, such as barrier coatings, electronic and
optical devices, and energy-storage electrodes.”” By adjusting
the oxygen ratio, it is possible to tune the band gap, electrical
conductivity, and refractive index of the suboxide, which is
difficult to achieve using either stoichiometric SiO, or elemen-
tal silicon alone.**

Owing to this unique property, SiO, has been utilized in
many industrial areas, such as in flexible organic light-emitting
diode displays, and in food- and medical-packaging films. More
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gas-barrier performance with an optical transparency and
mechanical flexibility.> ® Since the optical and electrical proper-
ties of SiO, can be readily tailored, this system has also been
employed as a transparent electrode for ultrathin photovoltaic
cells, and as a resistive-switching layer in non-volatile memory
applications.***® Recent studies have demonstrated that SiO,
retains part of the high theoretical capacity attributed to ele-
mental silicon (~4200 mA h g~ '), while acting as a mechanical
buffer to mitigate volume expansion, thereby affording an
improved cycling stability. Accordingly, intensive efforts are
underway to develop SiO, as a high-performance anode mate-
rial for next-generation lithium-ion batteries.’***

Despite such vast applications and the importance of SiO,,
the development of SiO, systems exhibiting specific desired
properties remains a significant challenge. For example, since
the structural tunability of SiO, originates from variations in
the bonding motifs and defect states, the material properties
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can fluctuate markedly with only minor changes in these
parameters, revealing an inherent vulnerability."®'” Conse-
quently, a quantitative, atom-level understanding of the com-
position-structure-property relationships existing in SiO,
compounds is therefore expected to accelerate the development
of innovative devices across the energy, semiconductor, and
environmental application fields.

Understanding the composition-structure-property rela-
tionships of SiO, compounds requires quantitative measure-
ments of their microscopic chemical states (e.g., degree of Si-O
bridging, oxygen-vacancy concentration, and defect distribu-
tion), since these states are closely related to the resulting
dielectric and electronic transport properties. However, such
measurements remain challenging, even using state-of-the-art
instrumentation. For instance, conventional X-ray diffractome-
try yields only averaged structural information due to the fact
that amorphous SiO, lacks long-range order, thereby hindering
the capture of local structures.'®'® Although X-ray photoelec-
tron spectroscopy (XPS) and solid-state nuclear magnetic reso-
nance (NMR) spectroscopy can selectively probe specific
chemical bonds, they are not necessarily sufficient for compre-
hensively evaluating the full compositional range of the SiO,
structure, in which diverse bonding motifs are known to
coexist.**>* Additionally, the use of transmission electron
microscopy (TEM) also presents limitations, such as the projec-
tion of column-averaged structures, beam-induced damage,
and thin specimens that do not represent the bulk state,
thereby reducing its reliability.'>>*

In this context, X-ray absorption spectroscopy (XAS) has
been widely employed for the analysis of amorphous
materials.>® In particular, the X-ray absorption near-edge struc-
ture (XANES) technique is well suited to SiO, because the edge
chemical shift and intensity sensitively reflect changes in the
oxidation state and coordination environment.?*>*"2° However,
interpreting the complex spectral shapes, including multiple
scatterings, relies heavily on researcher expertise, and conven-
tional fingerprint matching or parametric fitting approaches
have so far been insufficient for the quantification of mixed
valence states and defect distributions.****

Recent advances in this field have focused on the integration
of machine learning (ML) with large libraries of first-principles
XANES calculations (ML-XAS).>**® Several studies have demon-
strated that ML models trained on theoretical spectra can extract
meaningful structural descriptors. For example, S. Kiyohara
showed that the radial distribution function of amorphous SiO,
can be predicted directly from Si K-edge XANES.** W. Jeong
applied ML-XAS to carbon nitride materials and demonstrated
that XANES contains sufficient information to recover local
coordination environments in these systems.** H. Hirai developed
an ML approach capable of predicting Si K-edge XANES spectra of
amorphous SiO and explored the spectral sensitivity to local
structural motifs.*® These studies collectively indicate that ML
models can learn subtle spectral variations and capture statistical
features associated with changes in bonding environments.

Although these contributions provide important founda-
tions for ML-XAS, the practical methodology for applying such
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models to technologically relevant multivalent systems remains
underdeveloped. In particular, SiO, exhibits a wide distribution
of Si-O coordination numbers, continuous valence variations,
and substantial amorphous structural disorder, making it
significantly more complex than the systems investigated in
previous ML-XAS studies. A systematic assessment is therefore
lacking regarding the extent to which ML-XAS can generalize
across the full compositional range of SiO, and how these
models can be utilized as a practical workflow for the structural
analysis of SiO, across different local environments.

The current study therefore aims to elucidate the
composition-dependent structures of amorphous SiO, by inte-
grating ML into XANES analysis, thereby providing a systematical
knowledge to facilitate material design. For this purpose, nine
amorphous SiO, networks with compositions ranging from
x = 0-2.0 (0.25 increments) are generated via molecular dynamics
(MD) simulations, and the corresponding high-precision Si
K-edge XANES spectra are obtained for each Si site using first-
principles calculations. Subsequently, deep NNs are constructed
to regress the RDF (reflecting the local structure) and the Bader
charge (representing the local valence environment which corre-
lates with the dielectric and electronic transport properties).
Finally, the model robustness is evaluated under experimental
constraints by restricting the spectral window and by using
system-averaged spectra that spatially average the site-resolved
spectra. These numerical experiments aim to evaluate the feasi-
bility of performing the quantitative atomistic and electronic
structural analysis of amorphous SiO, using ML-XAS.

Methods

Construction of amorphous SiO, structures

The initial SiO, network structures were generated from a
4 x 4 x 4 supercell of cubic SiO, (384 atoms, ~15 A per side)
by randomly removing Si and/or O atoms to achieve the target
compositions (i.e., x = 0, 0.25, 0.50, 0.75, 1.00, 1.25, 1.50, 1.75,
and 2.00), yielding Sijeo, Si18004s, Si150075, Si120000, Si1000100,
Si10001255 SigsO144, SigoO140, and Siz»0144, respectively. To mini-
mize the dependence on the starting configuration, five distinct
initial structures were prepared for each of the nine composi-
tions. MD simulations were carried out with LAMMPS (large-
scale atomic/molecular massively parallel simulator)*” with the
Tersoff potential.*® Three-dimensional periodic boundary con-
ditions were imposed; each system was heated to 5000 K in an
atmospheric pressure NPT ensemble, held for 1 ns to promote
complete melting, and then linearly cooled to 0 K over 3 ns to
quench the structure below the glass transition temperature.
Notably, the Tersoff potential has long been applied to SiO,
systems and is known to reproduce experimental atomic den-
sities and structural features across the composition range
of x = 0-2.%°

First-principles calculation of Si K-Edge XANES spectra

For each Si site in the investigated structures, Si K-edge (1s —
vacant orbital) XANES spectra were calculated using the

Phys. Chem. Chem. Phys., 2026, 28, 3682-3692 | 3683


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cp03408f

Open Access Article. Published on 23 January 2026. Downloaded on 4/8/2026 9:38:53 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PCCP

XSPECTRA*>*' module implemented in Quantum Espresso
(QE).**** To account for core-hole effects, a reconstructed
pseudopotential was automatically generated from a projector
augmented wave (PAW) pseudopotential with one 1s electron
removed. For this purpose, the GGA-PBE (generalized gradient
approximation-Perdew-Burke-Ernzerhof)  exchange-correla-
tion functional** was employed. The plane-wave cut-off energy
was set to 50 Ry. In addition, the self-consistent-field calcula-
tions employed a 1 x 1 Xx 1 k-point mesh, whereas the
transition-probability calculations employed a 2 x 2 x 2 mesh,
with the energy up to +50 eV above the absorption edge. The
resulting transition intensities were convoluted with a Lorent-
zian broadening of y = 0.8 eV to match the experimental
resolution, and the transition energies were corrected using
the total-energy difference between the excited and ground
states.”> All calculated spectra were shifted by the same con-
stant to ensure that the main peak of a-quartz coincided with
the experimental value.

To verify the computational accuracy of the developed
approach, the calculated Si K-edge XANES spectra were com-
pared with the experimental data (EXP), as shown in Fig. S1.
Experimentally, the SiO, polymorph exhibits a sharp peak at
~1846 eV, whereas the metallic Si shows a weaker signal at
~1840 eV. Using this characteristic edge shift and peak shape
as metrics, several codes were evaluated, namely QE-
XSPEXTRA, CASTEP*® (first-principles pseudopotential), and
VASP*™* (first-principles PAW). Additionally, the CASTEP tran-
sition energies were evaluated using a procedure analogous to
that employed in QE-XSPEXTRA, while VASP used the energies
that were directly output by the code. QE-XSPEXTRA repro-
duced the overall spectral shape, including the main peak
intensity and post-edge peak structure, together with an
absorption-edge separation between metallic Si and SiO, that
closely matched the experimental width. Although CASTEP
captured the peak shapes well, the metallic/oxide energy shift
was underestimated by >1 eV, thereby limiting its quantitative
reliability for chemical-shift analysis. Furthermore, VASP
yielded peak-intensity distributions that deviated markedly
from the experimental values, and the onset energies for Si
and SiO, almost overlapped, effectively eliminating the shift
that is essential for distinguishing between the chemical states.

Based on these results, QE-XSPEXTRA was selected to per-
form the first-principles Si K-edge XANES calculations in the
current study, since it can simultaneously reproduce the spec-
tral shapes and chemical shifts with sufficient accuracy for the
ML training data described below.

Dataset

A total of 45 configurations obtained from the MD simulations
were analyzed. As described below, the validity of each structure
was confirmed by its density and local bonding environment.
Although the number of Si atoms varies among these config-
urations, two physicochemical quantities were defined as pre-
diction targets for each Si atom, namely the Bader charge and
the RDF. More specifically, in terms of the Bader charge, the
ground-state electron densities were computed using QE, and
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the ionicity was defined according to modified Bader code
(v1.05) described by Henkelman et al.”° Subsequently, a charge
was assigned to each Si atom. With regard to the RDF, for each
absorbing Si atom, all Si and O atoms located within a distance
of 5.0 A were counted to construct the RDF. The radial dis-
tribution function g(R) was defined as

1 dN(R)
8R) = 1R, AR

where N(R) is the number of atoms found in a spherical shell of
thickness dR at distance R, and p denotes the total atomic
number density of the unit cell. These procedures yielded 5290
spectrum-target (Bader charge or RDF) pairs, which were
randomly shuffled and split into a training/validation set
(80%, 4232 pairs) and a test set (20%, 1058 pairs) for the final
evaluation.

Neural-network architecture and training

Two NNs were constructed to regress distinct target properties
from the computed spectra (1830-1880 €V, 256 energy points).
One network predicts a scalar Bader charge, while the other
predicts a 256-dimensional RDF. The charge model comprises
three hidden layers of 256 nodes, each with leaky-ReLU activa-
tion, whereas the RDF model employs three hidden layers of
512 nodes with ReLU activation. Optimization was performed
using the Adam algorithm,>' employing an initial learning rate
of 1 x 107% and a batch size of 128. Hyperparameters were
tuned by five-fold cross-validation, and the configuration yield-
ing the lowest root mean square error (RMSE) was adopted as
the final model. Training was carried out on a single NVIDIA
GeForce RT™ 4090 (24 GB). Consequently, the charge network
converged in 271 epochs, while the RDF network converged in
583 epochs. In both cases, the loss function was represented by
the mean squared error (MSE).

Results
Composition dependence of the amorphous network

Fig. 1 shows representative amorphous SiO, models for each of
the nine compositions (x = 0-2, 0.25 increments) generated by
the MD simulations. No macroscopic defects (e.g., crystalline
clusters or large voids) were observed for any of the models, and
in each case, a uniformly distributed network was formed
within the periodic cell. The calculated bulk densities at x = 0
and 2 were determined to be 2.25 g cm™® (amorphous Si) and
2.30 g cm ™ (amorphous Si0,), respectively, which are in good
agreement with reported experimental values of 2.29 and 2.20 g
cm?, respectively.’>>* These results indicate that the present
models serve as reasonable representations of the glassy net-
works in the real systems.

To examine the local environment around Si in each com-
position, histograms were constructed for the different coordi-
nation types, classified according to the numbers of Si-Si and
Si-O bonds (Fig. S2). In the case of SiO,, the tetrahedral [SiO,4]
unit containing four O neighbors dominates, yielding a highly
uniform structure; an equally uniform configuration can be
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SiO,,
Fig. 1 Representative atomic configurations of amorphous SiO, obtained
from melt-quench molecular-dynamics simulations for nine compositions

(x =0-2in 0.25 increments). Blue and red spheres denote Si and O atoms,
respectively; gray lines indicate the periodic simulation cell.

observed for elemental Si at x = 0. However, upon reducing the
oxygen content below x = 2, diverse coordination environments
emerged. For instance, in the case of the SiO, ,5 system, lower-
order species such as [SiSi,O,] become prominent, which
contain two or three Si-Si bonds. Additionally, at intermediate
compositions (x ~ 1), triangular and tetrahedral units contain-
ing mixed Si-O and Si-Si bonds connect randomly, producing
the greatest degree of network heterogeneity. These coordina-
tion distributions capture the composition-dependent variation
in the local environments, and provide essential context for the
valence fluctuations and medium-range order discussed later
with regard to the XANES and RDF analyses.

The composition dependence of the XANES spectra was also
considered. More specifically, Fig. 2 shows the calculated Si
K-edge XANES spectra for all 45 amorphous SiO, species
(x = 0-2, 0.25 increments), wherein each spectrum is color-
coded according to the composition. The spectra were com-
puted for all Si sites within each structure and subsequently
averaged, as shown in Fig. S3. In the case of the SiO, system, a
sharp main peak was observed at ~ 1846 eV, similar to the case
of bulk a-quartz. Upon reducing the oxygen content, the peak
energy remained unchanged down to x = 1.5, although its
intensity markedly decreased. For structures were x < 1.5,
the main peak shifted continuously toward a lower energy
and its intensity further decreased, although this decrease
occurred more gradually. Such behavior was attributed to a
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Fig. 2 Calculated Si K-edge XANES spectra for amorphous SiO, (x = 0-2,
step = 0.25). The line color denotes the composition, and five spectra are
plotted for each composition, corresponding to the five MD-generated
configurations. The energy windows a to h correspond to that in Fig. 5.

reduction in the average Si valence and an increased prevalence
of coordinations containing Si-Si bonds, which together shifted the
absorption edge to lower energy. The spectral evolution in Fig. 2
therefore reflects the composition-dependent changes in the
local coordination and valence state, confirming the high
sensitivity of the valence-estimation model introduced in the
following section.

Prediction accuracy

Initially, the ability of the NN model to infer the silicon valence
state and RDF from Si K-edge XANES spectra was evaluated. In
principle, direct extraction of these descriptors should allow
rational tuning of the dielectric constant, oxygen-vacancy con-
tent, and local structure, thereby supporting optimization of
the conduction pathways, band gap, optical constants, and
volumetric expansion in both electronic and photonic devices.

Considering a site-by-site analysis, the spectra simulated for
individual Si atoms were used to predict their corresponding
Bader charges and RDFs. Although XAFS lacks site-by-site
information, and atomic-resolution scanning transmission
electron microscopy-electron energy loss spectroscopy is diffi-
cult to apply to these glassy networks (despite its atomic
resolution), this test quantitatively establishes the amount of
information that a single spectrum carries regarding its corres-
ponding electronic and structural descriptors. Thus, the results
obtained from the composition-averaged spectra, which are
more relevant to the experimental results, are presented later.

Fig. 3 compares the Si valence values predicted by the NN
model (vertical axis) with reference values obtained from Bader-
charge analysis (horizontal axis). Local spectra for each Si atom
in the dataset were supplied to the model, and both the
training data (blue) and test data (orange) are plotted. In both
cases, the points cluster densely along the diagonal. In the case
of the test data, the RMSE was calculated to be 0.110, while the
coefficient of determination (R*) was 0.991, thereby indicating
that the model reproduces the valence within an average of
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Fig. 3 Parity plot of the neural network-predicted Si valence against
Bader-charge reference values. Gray dots represent training atoms. Test
atoms are color-coded according to their formal valence states: blue, Si®*;
orange, Si*; green, Si?*; red, Si**; and purple, Si**. Each valence category
corresponds to the number of O neighbors in the first coordination shell
(0-4).

~0.11 e . Due to the fact that XANES is highly sensitive to the
edge shifts and white-line intensity changes that are associated
with variations in the oxidation state, this model is expected to
capture the subtle spectral differences that encode the valence
information.>* Color mapping revealed that the test data seg-
regate into five well-defined clusters, each corresponding to a
distinct Si-O coordination number. This partitioning confirms
that the overall Si valence is dictated primarily by the number
of first-shell oxygen ligands, and demonstrates that the NN
reproduces this cluster structure with high fidelity. However,
within each coordination class, the valence displays a finite
spread, as captured by the model. Overall, these results demon-
strate that the Si K-edge XANES spectra are sensitive not only to
the nearest-neighbor geometry, but also to subtler electronic
variations, thereby underscoring the ability of the NN to
correlate spectral features with the electronic structure.

To benchmark the advantage of the present approach, we
additionally performed a linear regression using three intuitive
spectral descriptors, namely the white-line intensity, the inte-
grated white-line intensity, and the edge position (Fig. S4).
While this simple model captured the qualitative trend of the
valence, the resulting RMSE was 0.311, considerably higher
than that of the NN model, indicating that these heuristic
descriptors alone are insufficient for achieving comparable
accuracy.

Subsequently, the RDFs were predicted using the NN based
on the Si-K edge XANES results for the respective Si sites.
Fig. 4(a) shows the RMSE for each RDF in the test set, ranking
from smallest to largest. For the optimal case, the RMSE was
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~ 0.1, while the largest error was ~ 0.5, thereby confirming the
good structural predictive power of the developed model across
diverse chemical environments. Fig. 4(b) compares the NN-
predicted RDFs (dark red) with the reference RDFs (light red)
for the six representative points (A-F) indicated in Fig. 4(a). It
can be seen that the most accurate case, corresponding to point
A (Si0,), and the next most accurate case, corresponding to
point B (metallic Si), both reproduce all peak positions and
intensities almost perfectly. For the intermediate-valence cases,

(a)

F =
0.5t
=
S 0.4}
£
2
W 0.31
=
°a
0.2t
0.1 . . . . .
0 200 400 600 800 1000
Sorted Index
(b) —— predicted
correct
6 6
A B
B (in SiO,) . (in Si)
g
2
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2 3 4 5
RTAI
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C D
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1 2 3 4 5 2 3 4 5
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2 4 5 2 4 5

3 3
R [A] R [A]
Fig. 4 (a) RMSEs of the neural network-predicted RDFs for all test
structures, shown in ascending order. The arrows denote six representa-
tive cases (A)—(F). (b) Predicted (dark red) and reference (light red) RDFs for
samples A-F, as identified in panel (a).
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namely points C-F, the peaks within the first to third coordina-
tion shells (R < 3 A) were well reproduced, whereas the
intensities of the peaks corresponding to R = 3-5 A were
underestimated or exhibited slight shifts. These discrepancies
likely arise because XANES is primarily sensitive to the local
structure around the absorbing atom, and contributions
beyond the third shell carry relatively little information.>

Overall, these results indicate that the NN accurately predicts
the valence state along with short-to-medium-range (<3 A)
structural information over the full composition range from
metallic Si to SiO, (i.e., SiO,, x = 0-2). To capture the details of
longer-range coordination more precisely, a multimodal learning
approach that integrates XANES with techniques possessing
greater long-range sensitivity (e.g., neutron diffraction or diffuse
scattering) would be advantageous.

View Article Online
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Discussion
Relationship between the spectra and the properties

The trained model was subsequently analyzed in detail to
explore the means by which it can provide guidelines for
optimizing XANES measurements and improve the model
interpretability. For this purpose, the full Si K-edge XANES
range (1830-1880 eV) was divided into eight sub-windows of
6.25 eV, and the prediction accuracy obtained from spectra
within each energy window was examined.

Fig. 5 summarizes the valence-charge prediction accuracy for
each sub-window (identified as a-h in Fig. 2); for comparison,
the result obtained over the full energy range (i.e., 1830-1880 eV)
is also shown in the lower-right corner of the figure. It can be
seen that the two windows spanning 1836.25-1842.50 eV

(a) 1830.00 ~ 1836.25 eV (b) 1836.25 ~ 1842.50 eV (c) 1842.50 ~ 1848.75 eV
4 4 4
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Fig. 5 Parity plots comparing the neural network-predicted Si valences with

Bader Charge Valence

Bader Charge Valence

the Bader-charge references for eight models trained on individual 6.25 eV

sub-windows of the Si K-edge XANES spectrum (panels a—h; the corresponding energy ranges are defined in Fig. 2). The lower-right plot corresponds to
a model based on the full 1830-1880 eV range. Blue and orange markers denote the training and test data, respectively.

This journal is © the Owner Societies 2026

Phys. Chem. Chem. Phys., 2026, 28, 3682-3692 | 3687


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d5cp03408f

Open Access Article. Published on 23 January 2026. Downloaded on 4/8/2026 9:38:53 AM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PCCP

(Fig. 5(b)) and 1842.50-1848.75 eV (Fig. 5(c)), which cover the
rising edge and apex of the main peak, yield the highest
accuracies, with RMSE values of 0.196 and 0.222 and R> values
of 0.971 and 0.963, respectively, for the test set. This superior
performance is likely due to the pronounced edge shifts and
peak intensity variations captured in these regions, features that
are closely associated with changes in the oxidation state and
which therefore carry the richest charge information. However,
the prediction presented in Fig. 5(b) is less accurate for the
highest-valence Si atoms (i.e., SiO,), whereas the accuracy for the
lower-valence species is high; the same trend can be observed
more clearly in Fig. 5(a). In these energy windows, the spectra for
the low-valence Si species include the onset of the main peak,
while spectra for the high-valence Si species are shifted to higher
energies and lack this feature, leading to a reduced accuracy as
shown in Fig. 2.

It was also found that the prediction accuracy deteriorated
in the high-energy windows (>1861 eV). For example, the
1861.25-1867.50 eV window (Fig. 5(f)) gave an RMSE of 0.572
and an R* value of 0.750, presumably because the spectral
features flatten with an increasing energy separation from the
edge. When two adjacent sub-windows were merged into wider
25 eV bands (Fig. S5), the low-energy window (i.e., 1830.00-
1855.00 eV) achieved an RMSE of 0.157 and an R* value of
0.981, which were comparable to the results obtained for the
full-range model. In contrast, the high-energy window (i.e.,
1855.00-1880.00 eV) exhibited only a modest improvement
(RMSE = 0.268, R> = 0.945) but still contributed measurably to
the charge prediction.

Fig. 6 assesses RDF prediction accuracy for each Si atom as a
function of the sub-window. More specifically, from Fig. 6(a), it
can be seen that as in the case of the valence estimation, the
1836.25-1842.50 and 1842.50-1848.75 eV windows yield super-
ior accuracies, and each sub-window curve lies above the full-
range curve (yellow line), thereby indicating that wide-range
information is indispensable for reproducing the RDFs.
Although the accuracy was found to decline markedly in the
mid- to high-energy windows (>1861 eV), the RMSE values
generally remained <1.0, indicating that broad, low-intensity
features far from the edge carry complementary structural
information. In the highest energy window (Fig. 5(h)), the
RMSE decreased relative to that in the preceding windows
(i.e., Fig. 5(f) and (g)). This improvement was attributed to
the onset of the EXAFS region, where oscillations that strongly
encode structural details become visible. When the windows
were merged into 25 eV bands (Fig. S6), the low- and high-
energy regions provided almost identical accuracies, which
contrasts to the behavior observed for the valence estimations.

These analyses reveal that different portions of the Si K-edge
XANES spectrum correlate more strongly with specific proper-
ties, and illustrate how ML models can provide guidance for
designing more informed measurement strategies while offer-
ing physical insights into the investigated systems. In terms of
the valence (charge), the edge shift and the main peak intensity
constitute the principal information sources, and the spectra
confined to this region delivered an accuracy comparable to
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energy ranges defined in Fig. 2) and by a model using the full
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0 200

that of the full spectrum. With regard to the RDF, although the
same region remains important, higher-energy features were
found to lower the degree of error, thereby suggesting that
structural information is distributed across the entire
spectrum.

Generalization to averaged spectra

In an actual XANES experiment, the signal detected corre-
sponds to an averaged spectrum arising from numerous Si
atoms. Consequently, before applying the NN model to experi-
mental data, it is necessary to verify that a network trained
exclusively on single-site spectra can also make reliable predic-
tions from such averaged spectra. Thus, as presented in Fig. 7,
using the NN trained on individual Si spectra (i.e., the same
model used in Fig. 3), the mean valences were predicted from
the sample-averaged spectra (shown in Fig. 2) of the 45 systems
spanning nine Si/O ratios from SiO, to SiO, (red dots). For
comparison, valence predictions obtained from individual Si
spectra (gray dots, identical to the Fig. 3 test set) are also
displayed.

Although the NN had been trained only on single-atom
spectra, the predictions based on the ensemble spectra retained
high degrees of accuracy (RMSE = 0.105, R* = 0.989), indicating
that the model had successfully learned statistically robust
valence-dependent features. Notably, a slight underestimation
was observed for the SiO, ;5-SiO; ,5 compositions, where low-,
intermediate-, and high-valence Si atoms coexist. In this range,
the overlap of the respective spectral signatures broadened the
averaged spectrum and shifted it toward features characteristic
of a lower valence. Nevertheless, the deviation remained

This journal is © the Owner Societies 2026
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<0.2 e, thereby confirming that the mean valence can be
retrieved with practical accuracy.

Fig. 8 assesses the accuracy with which the same ensemble
spectra reproduce the mean RDF. According to the RMSE dis-
tribution presented in Fig. 8(a), the best agreement can be
observed for metallic Si, followed by SiO,s; however, even the
largest RMSE (i.e., for SiOy,s) does not exceed ~0.23. Notably,
this is comparable to the top 10% of single-atom RDF predic-
tions. In the case where the largest RMSE was observed (Fig. 8(b)),
the NN reproduces both the positions and the intensities of peaks
within the first to third coordination shells (R < 3 A) and matches
the medium-range peaks at 3-5 A reasonably well. These results
imply that, during training on individual spectra, the NN cap-
tured not only the local structural motifs, but also their statistical
fluctuations, thereby acquiring the capacity to infer average
structures from ensemble-averaged spectra.

While the present study demonstrates that our model can
reliably recover ensemble-averaged valence and RDF from
simulated sample-averaged Si K-edge XANES spectra, extending
this capability to experimental spectra remains an important
direction for future work. In particular, the overall performance
will ultimately be limited by the accuracy of first-principles
XANES calculations for amorphous SiO,, and further theoreti-
cal advances in excited-state electronic structure and core-hole
treatments will be required before truly quantitative experi-
ment-theory consistency can be assumed.

A promising route toward experimental applicability is to
combine large-scale training on simulated spectra with transfer-
learning or domain-adaptation schemes that fine-tune the model
on a comparatively small set of experimental XANES data with
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independently characterized structures and oxidation states. In
some XAS studies, models trained on theory-based spectra have
already been applied to experimental XANES/EXAFS data,>*”°
and related spectroscopies such as Raman have reported suc-
cessful examples of transfer learning,”” suggesting that similar
sim-to-real strategies are feasible in this context. In this sense,
our results should be viewed as a proof of concept on simulated
data that outlines a concrete pathway toward an experiment-
ready framework once improved theoretical spectra and carefully
curated experimental benchmarks become available.

Conclusions

In this study, the composition-dependent structure of amor-
phous SiO, (0 < x < 2) was systematically clarified at the
atomic scale by integrating machine learning (ML) into Si
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K-edge X-ray absorption near-edge structure (XANES) analysis.
Nine compositions, spaced by x intervals of 0.25, were gener-
ated using molecular dynamics simulations, yielding a total of
45 network models. Using the XSPECTRA module of Quantum
Espresso (QE), high-precision spectra were calculated for each
Si site, establishing a database that demonstrated the ability of
QE-XSPECTRA to accurately reproduce both the SiO,/Si edge
shift and the overall spectral shape. Additionally, using deep
neural networks, two target properties were regressed from the
XANES inputs corresponding to 256 energy points, namely the
Bader valence (root mean squared error, RMSE = 0.117; coeffi-
cient of determination, R> = 0.990) and the radial distribution
function (RDF) to a distance of 5 A (RMSE < 0.5). The valence
model also distinguished discrete Si-O coordination numbers
(0-4), indicating its suitability for application with mixed-
valence systems. Furthermore, sub-spectrum analysis revealed
that the edge-onset to the main peak region (1836-1849 eV)
contained the greatest amount of valence information, whereas
an accurate RDF prediction required a wider energy range,
including high-energy features. Notably, the network trained
solely on single-site spectra reproduced the mean valence and
mean RDF from ensemble-averaged spectra with practical accu-
racy, providing a proof of concept for applying this approach to
experimental XANES data in future studies. These results
demonstrate that ML combined with X-ray absorption spectro-
scopy can simultaneously quantify the valence, local structure,
and medium-range order across the continuous composition
space of SiO,, while also providing guidance for high-throughput
analysis and for optimizing the measurement energy ranges.
Looking ahead, an important direction will be to develop
transfer-learning strategies that adapt models trained on large-
scale simulated XANES datasets to experimental spectra using a
comparatively small number of well-characterized reference
samples. Such sim-to-real transfer has the potential to make
the present framework applicable to quantitative interpretation
and high-throughput screening of experimental XANES data for
amorphous functional materials, including SiO,.
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