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ABSTRACT: Local electronic structure in the ground state is essential for understanding the
stability and properties of materials. Core-loss spectroscopy using electron or X-ray provides
insights into the local electronic structure, but directly observable information is limited to the
partial density of state (PDOS) of the conduction band at the excited state. To overcome this

limitation, we developed a machine learning (ML) approach by creating a database of Si-K core-loss _ g £
. . 1. . . Excited ,/\\
spectra and corresponding ground-state PDOS for various silicon structures. Using this database, we stateall\ ).\~
constructed an ML model capable of predicting the atom-specific ground-state PDOS of the valence - band N\ /" b E
E

and conduction bands from Si-K edges. Our model demonstrated the ability of the ML to extract
the complex correlation between ground-state PDOS and Si-K edges. This study provides crucial
insights into achieving atomic-level analysis of ground-state electronic structures, paving the way for
a deeper understanding of stability and properties of materials.

B INTRODUCTION

Understanding the local electronic structure is essential for
comprehending the structures and properties of materials. One
of the approaches to access the local electronic structure is the
density functional theory (DFT)"* calculations, where we can
analyze the relationship between the atomic and electronic
structures in detail. Furthermore, by constructing machine
learning (ML) models on DFT data, we can rapidly predict
and analyze the electronic structure from the corresponding
atomic structures.” > For instance, the prediction of the
electronic structure of silicon from local structure has been
reported,” but when one wants to experimentally analyze the
electronic structure, it is difficult to fully determine the atomic
structure, making predictions based on the atomic structure
challenging. Moreover, it is desirable to directly extract
information about the electronic structure from the measure-
ment data without going through the process of structure
determination. Among various characterization techniques
promising for this purpose, core—electron spectroscopy,
specifically electron energy loss near edge structure (ELNES)
and X-ray absorption near-edge structure (XANES), stands out
as a powerful method.”” ELNES and XANES capture
transitions of core electrons to conduction bands, thereby
providing insights into the electronic states of specific atoms.
This enables the extraction of elemental and chemical
information on the atom through the spectrum analysis, such
as fingerprint verification and first-principles simulations based
on DFT.”™ Previous studies have utilized ELNES for atomic-
level elemental mapping, oxidization-state mapping, and
chemical-bonding mapping, establishing it as a powerful
analytical tool for characterizing local states.'’”"® Moreover,
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XANES provides exceptional detection sensitivity and
temporal resolution, enabling the investiﬁation of chemical
reactions in battery materials and beyond. "

On the other hand, the ELNES/XANES spectroscopic
method has a significant limitation. The ELNES/XANES
reflects the excitation of core electrons to the conduction
bands, which is a process that generates core holes and
consequently shifts electron orbitals toward lower energy
levels. This implies that the orbitals involved in transitions are
not in their ground state but in their excited state, making the
ELNES/XANES spectral shapes reflect the DOS of the
conduction band in the excited state. Furthermore, since the
electronic transition obeys the selection rule of dipole
transitions, the change in an orbital’s angular momentum
number is limited to Al = + 1. Therefore, the ELNES/XANES
does not provide information on all orbitals but yields only
limited PDOS related to the specific orbitals. In other words, it
is not possible to obtain the electronic structure of both the
valence and conduction bands for all orbitals in the ground
state directly from the ELNES/XANES, while the ground-state
electronic structure is more crucial for understanding the
stability and properties of the materials.

Traditionally, to obtain information on the electronic states,
including both the valence and conduction bands at the
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ground state from ELNES/XANES, it has been necessary to
compare the experimental spectra with theoretically simulated
spectra or reference spectra followed by further analysis
through theoretical calculations. On the other hand, in recent
years, the effectiveness of employing ML techniques in
materials characterization has been demonstrated.'® ML has
also increasingly been utilized in extracting information from
ELNES/XANES spectra, with methods reported for directly
predicting atomic structure and material properties from
ELNES/XANES."”~*° Furthermore, it has recently been
reported that it is possible to predict the electronic structure
of organic molecules in their ground state from C-K edge
ELNES/XANES.*

Building upon prior research employing ML methods, we
aim to develop an ML-model to predict the atom-specific
electronic structure of all orbitals in their ground state for solid
materials from ELNES/XANES, toward the realization of
atomic-level analysis of ground-state electronic structures. In
this study, we focus on the Si-K edge of Si. Si is an
indispensable material in industrial applications despite its
simplicity, and understanding the electronic structure with a
high spatial resolution is of great importance. In Si, the
excitation energy of a core electron from the s orbital to the
conduction bands is large, and the Si-K edge is located around
1850 eV. It is known that the magnitude of excitation energy
correlates with the locality of the information obtained by
EELS, and higher excitation energy results in the higher spatial
resolution at which the signal can be acquired. Therefore,
compared to other typical edges that appear at lower energies,
such as the Si-L,; edge, the use of the Si-K edge is expected to
enable the atomic-level analysis of ground-state electronic
structures. In order to theoretically investigate the feasibility,
we constructed a database of Si-K ELNES/XANES and the
corresponding ground-state PDOS for various structures of Si
by using DFT simulations. Utilizing this database, we
developed an ML model based on a one-dimensional
convolutional neural network to predict the ground-state
PDOS from the Si-K edge. Si-K edge involves the excitation of
the 1s core electron to the p-orbitals of the conduction band,
thus providing the p-orbitals of the conduction band at the
excited state. We demonstrate that an ML model can capture
the complex correlation between Si-K edge and the ground-
state PDOS, thereby enabling the prediction of PDOS for not
only transition-allowed p-orbitals but also transition-prohibited
s-orbitals, not only of conduction band but also of the valence
band. Additionally, by conducting a comparison with template
matching, we demonstrate the utility of our ML based
approach.

B METHODOLOGY

The data sets for ELNES/XANES and the corresponding
ground-state PDOS were all %enerated using first-principles
calculations based on DFT."” First, we retrieved all the
structures of Si registered on the Materials Project,”” which
resulted in 41 structures. Using the “SpaceGroupAnalyzer”
class in the “pymatgen.symmetry” package,”® we searched for
the primitive cell across all these structures and then
enumerated all the inequivalent Si sites in all the Si structures,
identifying 655 Si sites. To address the scarcity of data, data
augmentation was conducted in an on-the-fly manner,
ultimately yielding data for 1,405 Si sites. Detailed procedure
for the data augmentation process is provided in the
Supporting Information B.

For all the Si sites, the Si-K edge and the corresponding
ground-state PDOS were calculated using the CASTEP”” code
and the OptaDOS™ code. For the relaxation of electronic
structures, the plane-wave basis pseudopotential method was
employed as implemented in the CASTEP code, and the
exchange-correlation interactions were approximated using
GGA-PBE.”" The cutoff-energy for the plane-wave expansion
was set to 500 eV. In the calculation of ELNES/XANES, the
core-hole effect was considered by generating the pseudopo-
tentials with a full core-hole, and the supercell approach was
employed to eliminate the influence of interactions between
core-holes.® Reflecting the bond distance between Si atoms,
supercells with lattice constants larger than 10 A were used for
the calculation of the Si-K edge. A k-point density of 0.03 A™!
was used for the calculation of both the Si-K ELNES/XANES
and the ground-state PDOS. The transition energy of Si-K
ELNES/XANES can be calculated separately based on the
total energy difference between the ground-state and excited-
state simulations, but for the prediction of the ground-state
PDOS in this study, all the spectra were shifted to their
spectral onset to be zero. In other words, the prediction was
conducted solely based on their spectral features.

All the calculated Si-K ELNES/XANES and ground-state
PDOS were broadened by a Gaussian function with a standard
deviation of 0.5 eV. The Si-K ELNES/XANES spectra were
compiled into the database as 200-dimensional vectors with a
resolution of 0.1 eV spanning from —1 to 19 eV relative to the
Fermi level, while the ground-state PDOS spectra were stored
in the database as 300-dimensional vectors with a resolution of
0.1 eV spanning from —15 to 15 eV.

We constructed an ML model using the database built
through DFT simulations to predict atomic-level ground-state
PDOS of a Si atom, including both valence and conduction
bands, from the input Si-K ELNES/XANES. Given the
difficulty in determining the absolute intensity of ELNES/
XANES spectra in actual experiments, we normalized each
input Si-K ELNES/XANES spectrum to have a maximum
intensity of 1.0. The ML model is based on a one-dimensional
convolutional neural network, designed to directly predict the
ground-state PDOS about s- and p-orbitals separately from the
output layer using the Si-K ELNES/XANES as the input. The
detailed model architecture is described in Supporting
Information C. The data was split into training, validation,
and test sets with a ratio of 6:2:2.

B RESULTS

In Figure 1, we show the result of the prediction for Si with a
diamond-type structure, which is a representative crystal
structure of Si. Here, the data for the diamond-type Si has
been allocated to the test data set. Figure 1a shows the DFT-
simulated ground-state PDOS of the Si atom in the diamond-
type Si, where the gray dotted line corresponds to the PDOS
related to the s-orbitals and the gray solid line corresponds to
that about p-orbitals. The yellow solid line represents the sum
of them. In the valence band, three main peaks can be
observed. The peak highlighted with a yellow background on
the lowest energy side is primarily composed of s-orbitals. The
second peak consists of hybridized s- and p-orbitals, and the
third peak is primarily composed of p-orbitals. In the
conduction band, a strong peak composed of p- and s-orbitals
can be observed at the onset.

Figure 1b shows the DFT-simulated Si-K edge for a Si atom
in diamond-type Si. Since the Si-K edge corresponds to the
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Figure 1. (a) Ground-state PDOS of the valence and conduction (d) ol Calculated
bands of Si in diamond-type Si calculated by DFT simulation. (b) - Predicted
DFT-simulated Si-K edge in diamond-type Si, where two main peaks z 08r
can be observed. (c) Result of predicting the ground-state PDOS 5 o6} &
o e
including both the valence band (VB) and conduction band (CB) of 5 4l Sl
Si atom from the Si-K edge. Fermi level (E;) was aligned to be 0 eV. g ."..
g o2 M
o - .,
transitions of core electrons to the p-orbitals of the conduction 00— < 10"“‘
band in the excited state due to the electric dipole selection E—E: (eV)
rule, the spectral shape of the Si-K edge is believed to reflect © .,
the PDOS associated with p-orbitals of the conduction band in N gzz:;:zd
the excited state. Generally, in the case of the Si-K edge, two 7 08/
prominent peaks can be observed: a strong peak near the onset 5 o6t
o of
and another peak around 13 eV, as indicated by blue hatches in 5l A
Figure 1b. § A
Figure 1lc shows the predicted ground state PDOS from the @ 02 Jow o
Si-K edge, where the yellow solid line represents the ground- 00— 5 5 -
truth ground-state PDOS and the black dotted line represents E—Ef (eV)

the predicted PDOS by the ML model. Despite the Si-K edge
reflecting the p-PDOS of the conduction band in the excited
state, PDOS in the ground state was accurately predicted by
the model. Furthermore, the valence band PDOS about s-
orbitals in the ground state (yellow hatched area), which is
considered to have little relevance to the conduction band p-
orbitals, was also predicted successfully.

Figure 2 shows the prediction results for the entire test data
set. In Figure 2a, all of the test data were sorted with the mean
squared error (MSE) between the ground-truth PDOS and the
ML-predicted PDOS. Figure 2b shows the prediction result for
the data indicated by ‘A’ in Figure 2a, which corresponds to the
data showing the best prediction accuracy among the entire
test data, and the local coordination environment around the

Figure 2. Result of prediction for the entire test data set. (a) Sorted
mean squared error (MSE) for all the test data. (b) Result exhibiting
the highest prediction accuracy among the test data and
corresponding local coordination environment around the excited
atom (gold). (c) Result corresponding to the top 33% prediction
accuracy among the entire test data. (d) Result with top 67%
prediction accuracy and (e) worst prediction accuracy.

corresponding excited atom. Here, the yellow solid line
represents the ground-truth PDOS, while the black dotted
line represents the predicted PDOS. Additionally, in the
illustration depicting the local coordination environment, the
excited Si atoms are colored gold, while the surrounding Si
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atoms are shown in white. The results corresponding to the
top 33%, 67%, and the worst predictions are shown in Figure
2c—e, respectively.

The data set includes various crystal structures of Si besides
diamond-type Si, resulting in a variety of spectral shapes for the
Si-K edge and the corresponding ground-state PDOS. From
the results in Figure 2b—e, it can be observed that the ground-
state PDOS of both valence and conduction bands, including
the spectral shapes near the Fermi level, were generally
predicted. In the results of Figure 2e, the MSE is large, which is
caused by the similarity in the shape of the Si-K edge, while the
shape of the ground state PDOS differs. The details of the
result with low accuracy are described in Supporting
Information A.

B DISCUSSION

We have confirmed the ability to predict ground state PDOS
from the Si-K edge across the entire test data set. To explore
which regions of the Si-K edge, namely, how large energy range
from the spectral threshold, are crucial for achieving high
predictability, we assessed the accuracy of predicting ground-
state PDOS while varying the range of the Si-K edge used as
input. The results are listed in Figure 3. As depicted in Figure
3a, the range of Si-K edge from —1 to 19 eV was initially
divided into four sections with 5 eV windows: —1 to 4, 4 to 9,
9 to 14, and 14 to 19 eV. The 0 eV corresponds to the spectral
onset for each spectrum. Subsequently, we examined the
change in the prediction accuracy of the ground state PDOS
when incrementally expanding the input Si-K region by S eV.
Resulting changes in the prediction accuracy are shown in
Figure 3b. Here, the observation that the MSE of p-PDOS is
consistently larger than that of s-PDOS can be attributed to the
ground-state PDOS exhibiting a larger component of p-orbitals
than s-orbitals, as can be found in Figure la. From Figure 3b, it
can be observed that progressively expanding the input Si-K
edge region results in a decrease in the MSE for both s-PDOS
and p-PDOS, indicating an enhancement in predictability.
However, it can also be observed that additionally including
the spectral region from 14 to 19 eV as input does not
contribute to the improvement in prediction accuracy. This
means that, when predicting the ground-state PDOS in the
range of —15—15 eV with respect to the Fermi level, the region
from the onset of the Si-K edge to 14 eV is more critical. It has
been known that the excited electronic structure tends to be
localized to the excited atom, resulting in a shift of PDOS
toward the lower energy sides compared to the ground state
due to the formation of a core-hole. Therefore, it is reasonable
that the spectral feature in the lower energy part of ELNES/
XANES is more important for PDOS prediction.

As mentioned above, we observed a trend of improved
prediction accuracy with an increasing input range. To
investigate how each region of the Si-K edge contributes to
this improvement, we examined the prediction accuracy of the
ground-state PDOS when each 5 eV region of the Si-K edge
was used as an independent input. The results are shown in
Figure 3c. From these results, it is evident that higher
prediction accuracy in terms of MSE is achieved when using
the 4—14 eV region rather than the rising region of the Si-K
edge for both s-PDOS and p-PDOS predictions. Furthermore,
the highest prediction accuracy for p-PDOS was observed
when utilizing the 4—9 eV region, while the highest prediction
accuracy for s-PDOS was achieved with the 9—14 eV region.
As explained in more detail later, the Si-K edge in the region of
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Figure 3. (a) Input Si-K edge spectrum, which covers a region of 20
€V, was divided into four sections, each with a range of S eV. (b)
Change in the MSE as the input region is progressively increased by
increments of S eV. (c) Variation in the MSE when each S eV region
is used as an independent input.

4—9 eV contains the most useful information for predicting the
p-PDOS near the Fermi level, while the Si-K edge in the region
of 9—14 eV contains the most beneficial information for
predicting valence-band s-PDOS. In the regions on the lower
energy side of 14—19 eV, higher prediction accuracy was
obtained regardless of which region is used, and there is no
significant change in MSE when using the Si-K edge of each
region. On the other hand, as can be seen from Figure 3b, the
MSE significantly decreased by expanding the region. This
suggests that each region of the Si-K edge contains information
on different characteristics.

To investigate how each region of the Si-K edge contributes
to the decrease in the MSE of the ground-state PDOS, the
ground state PDOS was divided into four regions after
predicting the PDOS across the entire region from the Si-K
edge, and the prediction accuracy for each region was
examined. As illustrated in Figure 4a, the 30 eV region from
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response to the variation in the input Si-K edge spectral region. (c)
Result for the ground-state PDOS about p-orbitals.

—15 to 15 eV was divided into four regions, each spanning 7.5
eV. Here, regions 1 and 2 correspond to the valence band,
while regions 3 and 4 correspond to the conduction band.
Although the data set used in this work includes PDOSs with
various spectral shapes, as an overall trend, characteristic peaks
of s-PDOS can be observed in region below —7.5 eV (region
1) and that of p-PDOS can be observed in region from —7.5 to
7.5 eV (regions 2 and 3).

Figure 4b,c shows the relationship between the input range
of Si-K edge and the prediction accuracy for each region of s-
PDOS and p-PDOS, respectively. The s-PDOS mainly consists
of valence band contributions, i.e., regions 1 and 2, and its
direct information should be absent in the Si-K edge due to the

selection rule. It can be observed that the prediction accuracy
of such s-PDOS is slightly changed by the spectral region, and
the highest accuracy for these regions is achieved when using
the Si-K edge from 9 to 14 eV. As previously mentioned in
Figure 3c, the highest prediction accuracy for the s-PDOS was
achieved by utilizing the Si-K edge in the 9—14 eV. Those two
results indicate that the 9 to 14 eV region encompasses
valuable information for predicting s-orbitals throughout the
entire valence band. At the present time, the underlying reason
for this cannot be elucidated. However, as discussed in Figure
1b, there are two peaks at the Si-K edge, and it is implied that
the second peak around 13 eV may contain valuable
information beneficial for predicting the s-orbital in the ground
state.

The prediction accuracy for the p-PDOS across the different
regions differs from that for the s-PDOS. The p-PDOS
primarily exhibits high electronic density of states at the upper
edge of the valence band, namely, region 2, and at the lower
edge of the conduction band, namely, region 3. Focusing on
region 3, which is the lower edge of the conduction band, it is
confirmed that high prediction accuracy can be achieved when
using the Si-K edge with —1 to 9 eV. This seems natural when
considering that Si-K edge reflects the p-orbitals of the
conduction band in excited states, and there exists at least
some correlation with the p-orbitals of the conduction band in
the ground state. In contrast, for region 2, similar to the case
with the s-PDOS, it is found that the highest prediction
accuracy is also achieved when using the Si-K edge with 9 to 14
eV. This implies that the information related to the
hybridization of s- and p-orbitals is primarily contained within
the 9 to 14 eV range. Upon a comprehensive examination of all
regions, it can be found that the Si-K edge in the energy range
of 4—9 eV provides high prediction accuracy for p-PDOS in
both region 2 and region 3.

The Si-K edge is thought to reflect the p-orbital PDOS of
the conduction band in the excited state. Since the electronic
structures of Si atoms are affected by the hybridization of s-
and p-orbitals, the Si-K edge is considered to contain
information related to the hybridization to some extent. The
results shown in Figure 4 suggest the existence of energy bands
containing information related to hybridization and that the
ML model successfully extracts information related to the
hybridization, allowing the prediction of not only the p-orbitals
in the conduction band but also s-orbitals in the valence band.

In this study, we employed an ML model to predict the
ground-state PDOS from the Si-K edge. To verify the
effectiveness of using ML models, a comparison was conducted
with an alternative method, which is template matching. In
template matching, given a specific Si-K edge, the method
involves searching the training data for the Si-K edge that is
closest to the given one. The ground state PDOS
corresponding to the spectrum of the closest match is then
utilized as the prediction result. The comparison of the results
from predictions made by the ML model and those made
through template matching is shown in Figure S. Here, in this
study, MSE is used as the metric for measuring the similarity of
the Si-K edge in template matching,

In Figure Sb, the values on the horizontal axis correspond to
the MSE between the target Si-K edge and the Si-K edge,
matched by template matching. Also, the value on the vertical
axis represents the difference between MSE:

AMSE = MSE(Matched) — MSE(ML predicted)
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Figure S. Comparison of predictions using ML vs. template matching.
The values on the horizontal axis correspond to the MSE between the
original ELNES/XANES and the ELNES/XANES matched by
template matching, which is denoted as MSE (ELNES/XANES).
(a) Cases where ML performed better compared to template
matching are shown in the purple histogram, while the cases where
template matching exhibits better accuracy are represented by the
orange histogram. (b) Relationship between the differences in MSE of
PDOS prediction by ML and MSE of PDOS prediction by template
matching, and MSE (ELNES/XANES). The purple dots indicate that
predictions made by ML exhibited higher prediction accuracy, while
the orange dots signify those predictions made through template
matching showed higher prediction accuracy.

where MSE (Matched) represents the MSE between the
ground-truth PDOS and the PDOS predicted by templated-
matching, and the MSE (ML predicted) represents the MSE
between the ground-truth PDOS and that predicted by the
ML. When AMSE values are positive, indicating higher
prediction accuracy achieved with ML, they are represented
by purple dotes. Conversely, when AMSE values are negative,
indicating higher prediction accuracy achieved with template-
matching, they are represented by orange dots. In addition,
histograms are displayed in the Figure Sa.

The histogram in Figure Sa reveals that in a large portion of
cases AMSE is positive, revealing that higher prediction
accuracy is achieved with the ML model. Furthermore, two
points can be found from Figure Sb. First, the absolute value of
AMSE tends to be smaller when it is negative, whereas the
larger absolute value is often obtained when AMSE is positive,
indicating that while template matching can be alternative to
ML models in some cases, ML generally leads to higher
prediction accuracy than the template matching. The second
point is that when the MSE of the Si-K edge is large, indicating
that it is difficult to find spectra with similar shapes within the
database, the AMSE tends to be positive. This clearly indicates
that the ML becomes more effective when there are no similar
spectra in the database. Thus, compared to template matching,
the utilization of ML models has generally been shown to be
effective.

Finally, to investigate the applicability of our approach to
experimental spectra, we input the experimental Si-K edge of
diamond-type Si into the ML model. Figure 6a shows the
DFT-calculated Si-K edge of diamond-type Si, and Figure 6b
shows the corresponding DFT-calculated ground-state PDOS.
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Figure 6. (a) DFT-calculated Si-K edge of diamond-type Si. (b) DFT-
calculated ground-state PDOS of Si in diamond-type Si. (c)
Experimentally obtained Si-K edge of diamond-type Si. (d)
Ground-state PDOS predicted from the experimental Si-K edge of
diamond-type Si. (e) Smoothed experimental Si-K edge of diamond-
type Si. (f) Ground-state PDOS predicted from the smoothed
experimental Si-K edge of diamond-type Si.

Here, calculated spectra were broadened by a Gaussian
function with a standard deviation of 1.2 eV to match the
energy resolution of the experimentally obtained spectrum.
The experimental spectrum was obtained using an aberration
corrected STEM (JEOL ARM200CF) with a cold-type field
emission electron source operated at 200 kV, with an EELS
spectrometer (Gatan Quantum system) with an energy
dispersion of 0.25 eV/channel. The spectrum was obtained
from a single crystal of [110] oriented pure Si. In Figure 6c, we
show the experimentally obtained Si-K edge of diamond-type
Si. Compared to the DFT-calculated Si-K edge, it can be found
that the experimental spectrum contains noise, and the second
peak around 10—15 eV is obscured and cannot be observed.
Figure 6d shows the result of prediction from the Si-K edge.
Here, the yellow solid line corresponds to the DFT-calculated
ground-state PDOS of diamond-type Si and the black dotted
line corresponds to the ground-state PDOS predicted by the
ML model trained using the spectra with the broadening width
of 1.2 eV. The overall shapes of the two PDOSs are similar, but
there are differences in the DOS especially near the Fermi
level. Figure 6e shows the experimental Si-K edge in Figure 6¢
smoothed using a Savitzky-Golay filter with a filter window size
of 40 and a polynomial order of 3, and Figure 6f shows the
ground-state PDOS predicted from the smoothed spectrum.
Compared to the case using an unsmoothed spectrum, there is
a slight change in the spectral shape, but the spectral feature
near the Fermi level still differs from the DFT-calculated
ground-state PDOS. These results suggest that whether peaks
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are properly observed in the spectrum has a greater impact on
the validity of prediction rather than whether noise smoothing
has been performed. Therefore, to better apply to experimental
spectra, it is considered necessary to address the factors that
contribute to peak obscuration and to improve the energy
resolution of Si-K edge observations.

In this study, we theoretically examined the predictability of
the atomic-level electronic structures at the ground state from
ELNES/XANES, focusing on the Si-K edge of Si. It was
suggested that by training an ML model to learn the
correlation between ELNES/XANES and the PDOS of the
valence and conduction bands at the ground state, it is possible
to predict the electronic structure at the ground state including
the valence band from ELNES/XANES. The insights obtained
in this study are expected to be in part transferable to the K
edges of elements with electronic structure similar to Si, such
as the C-K edge. As in the case of Si, C tends to form
hybridized orbitals, and it is expected that the ground-state
PDOS, including not only p-orbitals but also s-orbitals, can be
predicted from the C-K edge. On the other hand, oxides tend
to form more ionic bonds, and the PDOS of O in oxides,
unlike in the case of Si and C, has a larger DOS only in valence
band. Investigating the applicability of this approach to systems
where the correlation between the valence and conduction
bands is less apparent is an interesting direction for future
research.

B CONCLUSIONS

In conclusion, we have developed an ML model capable of
predicting atom-specific ground-state PDOS of a Si atom from
the corresponding Si-K ELNES/XANES. This demonstration
has shown the feasibility of predicting PDOS for both the
valence and conduction bands, including both s- and p- orbitals
in the ground state of silicon atoms, from the Si-K edge, which
is traditionally thought to reflect the conduction band PDOS
of p-orbitals in the excited state. We discovered that the
information within the energy region of the Si-K edge varies,
with the area near the rising edge being particularly effective
for predicting p-orbitals of the conduction band, which is
believed to be directly correlated with the Si-K edge.
Additionally, the energy region just beyond the rising edge
was proved to be effective for predicting the s- and p-orbitals of
the valence band in the ground state. This region is considered
to contain information related to the hybridization of s- and p-
orbitals, suggesting that ML models can capture such complex
correlations.

Finally, the effectiveness of ML models was confirmed
through comparison with template matching. Consequently,
the ML models are confirmed to be particularly advantageous
over template matching when the database lacks similar shapes
of the Si-K edge.

Through this study, we have demonstrated the prediction of
atom-specific ground-state PDOS from ELNES/XANES with a
focus on silicon. Expanding this technique to encompass more
complex materials and experimental spectra is anticipated to
not only facilitate the realization of atomic-level analysis of
ground-state electronic structures but also to deepen our
understanding on the stability and properties of materials.
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