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ABSTRACT: Supervised machine learning-enabled mapping of the X-ray
absorption near edge structure (XANES) spectra to local structural descriptors
offers new methods for understanding the structure and function of working
nanocatalysts. We briefly summarize a status of XANES analysis approaches by
supervised machine learning methods. We present an example of an
autoencoder-based, unsupervised machine learning approach for latent
representation learning of XANES spectra. This new approach produces a
lower-dimensional latent representation, which retains a spectrum−structure
relationship that can be eventually mapped to physicochemical properties. The
latent space of the autoencoder also provides a pathway to interpret the
information content “hidden” in the X-ray absorption coefficient. Our approach
(that we named latent space analysis of spectra, or LSAS) is demonstrated for
the supported Pd nanoparticle catalyst studied during the formation of Pd
hydride. By employing the low-dimensional representation of Pd K-edge
XANES, the LSAS method was able to isolate the key factors responsible for the observed spectral changes.

Supported nanoparticles (NPs) have been the focus of in-
depth research for developing catalysts that promote

sustainability1 because of their high surface-to-volume ratio
and tunable structural, morphological, electronic, and composi-
tional properties.2−6 Restructuring of catalysts in response to
pretreatment and activation and/or during catalysis has also
been heavily studied.7−9 To understand the structure−function
relationship in NP catalysts, it is therefore required to probe
their atomic and electronic structure in real time, during
operating conditions. A vast number of tools exist for carrying
out such investigations, ranging from spectroscopy10−13 to
scattering14,15 and imaging,16 that are compatible with the in
situ measurement mode, albeit with their own strengths and
weaknesses.17 For example, techniques sensitive to changes in
electronic structure, such as UV−vis absorption, fluorescence
spectroscopy, and X-ray photoelectron spectroscopy, can be
used to monitor charge transfer associated with metal−metal,
metal−adsorbate, and/or metal−support interactions. Techni-
ques sensitive to atomic-level configurational changes, such as
Raman spectroscopy, X-ray diffraction, transmission electron
microscopy, and scanning transmission electron microscopy,
can record the information on molecule structures, phase
changes, and changes in particle size and elemental
composition, which can be correlated with the catalytic
performance.18−20 Another technique, X-ray absorption fine
structure (XAFS) spectroscopy, is an element-specific
technique for probing the local structural, electronic, and
dynamic properties in NPs, and it is commonly used for in
situ/operando modes.21−23

In XAFS, X-ray photons of energy corresponding to that of
the core-level electron transition (K, L1, L2, L3, etc.) in atomic
species of interest are absorbed, causing an increase (known as
the absorption edge) of the X-ray absorption coefficient.24

When the absorption coefficient is measured as a function of
the X-ray energy in the region from ca. 200 eV below to ca.
1000−1500 eV above the absorption edge, the fine structure is
obtained in the near-edge and extended regions. The X-ray
absorption near edge structure (XANES) is dominated by
electronic transitions and multiple scattering processes in the
nearest environment to the absorber; thus, it encodes
information regarding local electronic and geometric informa-
tion.25−27 The extended X-ray absorption fine structure
(EXAFS) is due to the interference between the outgoing
and incoming photoelectron waves, scattered off neighboring
atoms.28 Because of the short lifetime of the excited state (ca. 1
fs) and finite mean free path of the photoelectron, XANES and
EXAFS probe the local environment around the absorbing
atoms within the first few coordination spheres only, thus
enabling the study of the dynamics of local atomic vibrations
and structure in a broad range of materials, from crystalline to
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amorphous to liquids.9,12,24,29−35 For decades, EXAFS has
been the primary source of quantitative information in terms of
structural descriptors such as coordination number (N),
interatomic distance (R), and mean squared deviation in the
interatomic distances (σ2) (the Debye−Waller factor),36

enabled by theoretical codes (e.g., FEFF37 and GNXAS38)
and readily available fitting software (e.g., IFEFFIT,39

Demeter,40 EXCURVE,41 and GNXAS38). XANES, on the
other hand, has been relatively less utilized for quantitative
structural studies, until recently invented applications of
machine learning (ML) methods for the “inversion” of
XANES.42−46

For example, the use of neural networks (NNs) to invert the
XANES (and, as recently demonstrated, EXAFS)47,48 spectral
features was used to successfully obtain coordination numbers
and distances from the XANES of monometallic42,46 and
bimetallic45 nanoparticles and the metal component of oxide
clusters.44 Zheng et al. and Torrisi et al. used another approach,
a random forest ML model, to analyze transition-metal K-
edges, to elucidate the local coordination environment of
transition-metal oxides in terms of coordination motifs,49

coordination numbers, distances, and Bader charges.50 Work
has also been done for the analysis of XANES from the oxygen
K-edge (O K-edge). Mizoguchi et al. combined the decision
trees with a neural network to interpret the hidden structural
information from the O K-edge XANES of silica polymorphs.51

Li et al. found a neural network model was able to extract the
O−Fe coordination number from O K-edge XANES of
Li3FeO3.5.

52 Kiyohara et al. were able to obtain the radial
distribution function from the O K-edge XANES of α-quartz
with the assistance of neural networks.53

The models summarized above are discriminative by nature
and are trained on a labeled data set (constructed from spectra
generated theoretically) to identify features which can be
further mapped to specific descriptors. While feature engineer-
ing is an area where human experts are often needed, in order
for the ML methods to fundamentally understand the
spectrum−structure relationship, the ML model needs to be
able to learn to identify and disentangle the underlying
explanatory factors hidden in the data. We note that ensemble
methods such as random forests, which have built-in feature
importance as an interpretable criterion,54 and other
approaches55 are being developed to make machine learning
models inherently interpretable. Ideally, an interpretable model
should have learned structure and parameters which reflect the
true causal structure to enable causal interpretations in
science.56 In this regard, unsupervised training or self-
supervised training, which are not biased toward specific
labels, can provide several additional advantages: better
generalization outside training examples, encoding of specific
spectral features, and ability to extrapolate between training
distributions.57 Unlike a supervised approach, which is limited
by our a priori assumptions about the system (i.e., which
physical factors or descriptors we believe change as a response
to environmental and operating conditions), the unsupervised
approach can yield a latent space that contains information
about the physically relevant factors without explicitly limiting
that space to the known or assumed factors only. Furthermore,
as we show in this Perspective, the low-dimensional latent
representation learnt by adopting an unsupervised approach
can be mapped to important physicochemical properties, such
as interatomic distances, coordination numbers, and other
structural and electronic descriptors of working catalysts. As a

proof of a concept, we use experimental XAFS data obtained in
a prototypical catalytic system, namely, supported Pd NPs,
undergoing structural and electronic changes under exposure
to hydrogen. We performed the unsupervised identification of
the important factors which drive the variations in the recorded
XAFS spectra during a catalytic reaction. To achieve this
objective, we developed a latent space analysis of spectra
(LSAS) approach, which aims to develop a low-dimensional
representation of input data and characterize the latent space
dimensions that are sufficient for recreating the original
spectra. We demonstrate the LSAS approach using examples
ranging from theoretically generated to the experimentally
measured data. In the next section, we provide a brief review of
ML methods for physical chemistry applications, and among its
many benefits, we highlight their efficacy to extract most
important features with relevant signals for classification or
descriptor extraction.

In supervised ML, the goal is to find a function that maps
the feature space to a label space, which could be either
structural descriptors or categorical variables for identification
of different phases or materials. Typical examples for tasks in
supervised learning are classification and regression, where the
loss function (usually mean squared error or cross entropy)
between true labels (or descriptors) and observed estimates is
minimized. While the universal approximation theorem of
neural networks supports that NNs with one hidden layer and
a large enough number of nodes can be approximated to any
nonlinear continuous function,58,59 in practice often powerful
variants such as convolutional neural network (CNN) or
recurrent neural network (RNN) are used in order to obtain
optimal performance.60 For the ML-assisted XANES and
EXAFS data analysis methods, our prior work44,45,61 has
utilized a multilayer perceptron (MLP) to link the data (a
spectrum) to structural descriptors (coordination numbers,
bond lengths, and/or pair distribution functions) using
supervised learning.44,45

Unsupervised ML is a class of learning algorithms which do
not require labeled data. The goal of these learning algorithms
is to recover some underlying structure in the data set. A
typical example is data clustering where input data are assigned
into groups in such a way that each group has some common
properties. Such clusters can sometimes provide interpretable
ways of classifying data when subgroups can be linked to those
properties. Basic tools of unsupervised learning such as
principal component analysis (PCA), independent component
analysis (ICA), matrix completion, etc. have been used
regularly in physical sciences to identify independent
species.60,62 However, predicting physicochemical properties
has been difficult using these unsupervised learning methods,

The low-dimensional latent rep-
resentation learned by adopting
an unsupervised approach can be
mapped to important physico-
chemical properties, such as in-
teratomic distances, coordination
numbers, and other structural
and electronic descriptors of

working catalysts.
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and the experimental collection of a large number of data sets
is cumbersome for supervised learning.62 Autoencoders, on the
other hand, have been shown to be a versatile NN architecture
to create compressed latent representations with low
dimensionality. Autoencoders use input data also as the output
for training a reconstruction task, while passing the information
through a bottleneck layer. Such modern unsupervised and
generative models allow for learning latent variables as well as
the probability distributions from which new examples can be
generated. The goal of generative modeling is to represent,
learn, and sample from high-dimensional probability distribu-
tions.63 A variational autoencoder extends the application of an
autoencoder using variational inference and a bayesian
approach while performing dimensionality reduction from
input space into the latent space.64 Very often different
dimensions in the latent space acquire semantic meaning. Such
low-dimensional representations have been shown to encode

features which are a direct representation of identifiable
attributes of input data, e.g., slanted digits and presence/
absence of facial hair, in the standard training data set.65 As a
result, arithmetic operations in the latent space can interpolate
between physically measurable descriptors. Such an approach
of representation learning using deterministic or stochastic
autoencoders would be an alternative approach to better
established ML methods of XANES analysis by keeping all the
features of the nanomaterials that affect the XANES spectrum
(and not only selected and arbitrarily chosen descriptors) in
the low-dimensional representation where the correlation
between the latent features and structural descriptors can be
more easily created and interpreted.66 We hypothesize that
low-dimensional latent representations allow the exploration of
underlying generative factors, and using this approach, the
catalyst’s structural and electronic properties can be directly
linked to the values encoded in the disentangled latent space

Figure 1. Schematic of the LSAS approach. The autoencoder is trained using theoretical data with known generative factors to learn the low-
dimensional latent space in an unsupervised manner. Latent space can be used to (1) analyze the information content and (2) map to physical
descriptors.

Figure 2. Autoencoder network with one node in bottleneck layer for reconstruction task of reproducing theoretical XANES of Pd atomic clusters:
original (a and c) and reconstructed (b and d). The color scale denotes the known interatomic distance used to generate the training data.
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for which the traditional analysis can hardly provide such
information. The condensed representation of the nanoparticle
information can also expedite the discovery of new materials by
correlating the latent features directly with the reaction activity
of the materials.67

In the next section, we demonstrate an autoencoder-based
representation learning approach for characterizing nano-
catalysts using their X-ray absorption spectra. A schematic of
our overall approach is shown in the Figure 1, which highlights
the process of obtaining low-dimensional latent representa-
tions of X-ray absorption spectra. This autoencoder is trained
using a larger set of theoretical spectra with known generative
factors. During the training, the encoder and decoder
parameters are learned using a reconstruction task of input
data without any labels. This trained network can now be used
to generate a latent representation of new theoretical as well as
experimental data. As highlighted in the schematic (Figure 1),
such a low-dimensional representation can be used for two
different tasks: (1) analysis and (2) mapping. In the absence of
the a priori information about generative factors, this latent
representation can be used to conduct correlative analysis on
the collection of spectra to uncover underlying factors
responsible for the observed changes. However, such study
would also require the latent representation to produce
unentangled components. We propose applying PCA for this
purpose, which would produce a linear transformation of latent
space (LTLS). Furthermore, with this knowledge of generative
factors, we can train a neural network with latent space as the
input layer to map it to the desired descriptors.
We illustrate our approach by using the example of 2.1 ± 0.4

nm Pd nanoparticles supported on Al2O3 support (Pd/Al2O3)
under H2 and He atmospheres, which was previously analyzed
using EXAFS.68 Pd bulk and nanoparticles readily dissociate
H2, leading to the formation of Pd hydride in fully Pd-
coordinated octahedral sites.27,68,69 The Pd hydride formation
is accompanied by up to a 3.9% increase in the lattice
parameter of Pd (for the maximum amount of Pd hydride
formation in the β phase of bulk Pd: PdH0.72)

70 and for lesser
degrees in nanoparticles, depending on the NP size, shape,
temperature, and H2 pressure.

27,68,71,72 The Pd/Al2O3 NPs had
narrow size distribution and were collected at 20, 110, and 210
°C under 1 atm of H2 and 20, 110, and 210 °C under 1 atm of
He to determine the amount of Pd hydride as a function of
temperature. This data is a perfect test case for the new
method because we know, independently, their structural
changes from prior EXAFS analysis.

We first turn our attention to a model system of atomic
clusters of Pd composed of 2, 3, 4, and 5 atoms (Figures S1
and 2a−d) in which interatomic distances were varied for
generating (using FEFF9) the series of XANES spectra
averaged over all absorbers in the cluster. A similar theoretical
XANES data set was developed for larger Pd nanoparticles,
which were composed of Pd atoms ranging from 6 to 165,
along with multiple variations (shape, size, interatomic
distance, and hydrogen fraction) in their structure (see the
Supporting Information for more details).
Low-Dimensional Representation Learning of Theoretical

Spectra. In order to reduce the dimensionality and learn latent
representations, we train the autoencoder with a reconstruc-
tion task. The number of nodes in the bottleneck layer defines
the dimensionality of latent representation. Recently, it has
been asserted that the number of independent nodes in latent
representation is equal to the degree of freedom of the training
data.73 However, in the machine learning literature, the
question of the optimal number of nodes required to
reconstruct the original spectra is not clearly addressed, and
the most common latent space dimension is chosen on an ad
hoc basis.
We systematically probed the reconstruction loss, measured

using mean squared error (MSE) loss between original spectra
and reconstructed spectra, with a varying number of nodes in
the latent space. As intuitively expected, we observed a
decrease and subsequent stabilization in the reconstruction loss
with increase in latent space dimensions (number of nodes in
the bottleneck). We observe that for the simulated XANES of
simple atomic clusters, encoder and decoder can be trained to
reconstruct the spectra with the bottleneck layer composed of
as low as 1 node (see Figures 2 and S2 for reconstructed
spectra). However, for the case of simulated XANES spectra of
Pd nanoparticles (Figure 3a,b) the number of nodes needed in
the bottleneck is at least 6 nodes (vide inf ra) as inferred from a
minimum in the MSE loss shown in Figures 3c and S3. A
crossover between the two trends in reconstruction loss
provides not only the approximate dimension of latent space
needed for reconstruction but also the approximate number of
“hidden” physicochemical factors which can explain the
variation in the data, providing us with an estimate of
information content.
Exploration of Latent Space in Model Pd Atomic Cluster. In

order to determine whether the latent representation obtained
by unsupervised training encodes physical factors (in general,
these are not known a priori), we have to first find a way to

Figure 3. Autoencoder network with six nodes in the bottleneck layer for reconstruction task of reproducing theoretical XANES of Pd
nanoparticles: original (a) and reconstructed (b). Color scale denotes the known interatomic distance used to generate the training data. (c)
Reconstruction loss (MSE loss) for autoencoder network with increasing number of nodes in bottleneck layer. The box-whisker plot of MSE loss
also denotes the median, interquartile range, along with maximum and minimum values. Outliers are plotted as dots. The test data set included
9400 spectra. A semilog plot of MSE loss is shown in Figure S3 of the Supporting Information.
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interpret the latent space after unsupervised training. One way
to do this is to study the correlation between each latent space
dimension and the real space descriptors (bond lengths,
coordination numbers, etc.) of the theoretically generated
XANES spectra used in unsupervised training. In doing so, we
observe a high degree of correlations (Figure 4) between the

latent node encoding and average interatomic distance, where
indeed, interatomic distance is the generative factor behind the
distributions of data for each Pd atomic cluster. We see the
trend continued in Figure 4 for all four model Pd atomic
clusters. This provides us with evidence that variation in
generative factors can be thus encoded in the latent space.
Exploration of Latent Space in Theoretical XANES of Pd

Nanoparticles. For the case of Pd nanoparticles, multiple
generative factors were used in combination to obtain a large
collection of training data set (see the Supporting Information
for more details on training data) to approximate a more
realistic situation. Among the physical factors, coordination
number (N) and interatomic distance (R) are seen as the most
important generative factors encoded in the latent space, based
on their relatively localized correlations. Figure 5 visualizes this
correlation. Because we aimed to demonstrate our method
with Pd NPs in a H2 environment, we also include variations in
hydrogen fraction (H), which is defined as the ratio of Pd
octahedral sites which are occupied by hydrogen atoms for a
given model. The correlation between H and any given latent
space dimension was weak compared to that of N and R, and
therefore, changes in H are relatively more distributed over the
latent space dimensions.
In general, for a latent space with a dimension greater than 1,

we see that the information associated with the physical factors
is found to be distributed over multiple nodes and may also be
considered entangled with other information, as seen in Figure

5. While additional conditions on the encoded information in
the bottleneck layer can be imposed during autoencoder
training (such as VAE with independent Gaussian distribu-
tion)64 by adding constraints on the loss function to produce a
disentangled latent space, we show that a linear transformation
of latent space, such as using PCA, can partially help
disentangle the information content. PCA of the latent
representations resulted in linear transformation of latent
space and provided orthonormal axes which are found to be
independently correlated with physical descriptors, as shown in
Figure 5 for our theoretical data set. Latent space analysis,
when applied on a collection of XANES spectra, provides more
clear interpretation of the factors contributing to the changes
observed in a set of XANES spectra.
While the transformed latent space is found to be correlated

with the physical descriptors, there is still no way to use PCA
to extract the values of the descriptors for individual spectrum,
and the correlation can be obtained only if the descriptors are
known or assumed a priori. Instead of using LSAS for only
qualitative analysis, we can use a nonlinear mapping approach
(using a neural network) to map the low-dimensional latent
representation to the physical descriptors. Figure 6 shows the
prediction of coordination number, interatomic distance, and
fraction of occupied octahedral sites by hydrogen atoms.
Finally, because we are confident that unsupervised training

results in a latent space that encodes generative factors, we use
the above method to train an autoencoder which produces a
low-dimensional representation for experimentally acquired
data for analysis and prediction of structural and phys-
icochemical properties.
Analyzing Experimentally Obtained XANES Data in Pd

Nanoparticles. In order to obtain a low-dimensional represen-
tation of experimentally obtained XANES, we utilized the same
approach of reconstruction as a task on the training data using
an autoencoder. The encoder and decoder parameters
pretrained with a theoretical XANES data set perform
reasonably well on the reconstruction task of experimentally
obtained XANES despite the slight discrepancy in the
theoretical and experimental spectra. Reconstruction perform-
ance can be improved further by using convolutional layers in
the encoder and decoder and using experimental data during
the model selection step as described in our previous work.42

To analyze the information content, we trained autoen-
coders with varied dimensions of latent space during the
reconstruction task and observed a minimum reconstruction

Figure 4. True R(Pd−Pd) Å versus the latent variables in the
bottleneck layer. The histogram of residuals between true and
reconstructed spectra exhibits the performance of our autoencoders.
The values for the Pearson correlation coefficient are shown near each
atomic cluster. The color of the dots denotes the data points with
varying quality of reconstruction distributed randomly in the whole
range of R(Pd−Pd) and indicating that the reconstruction error has
no correlation with the R(Pd−Pd).

Figure 5. Correlation between the latent space before and after PCA
analysis (LTLS) with the descriptors: N(Pd−Pd), R(Pd−Pd), and H,
the hydrogen fraction. The values for the Pearson correlation
coefficient are shown in each box.
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loss with around 7 nodes for the experimental data set (Figure
7). The autoencoder architecture is described in Figure S4.
This low-dimensional representation encompasses all of the
information needed to reconstruct the experimental XANES
using the decoder, as depicted by pairwise comparison in
Figures 7a,b and 7d,e, and exhibits very good agreement across
various temperatures in both hydrogen and helium atmos-
pheres. The application of PCA (Figure 8a) on the complete
set of experimental data elucidates that there are at least two
components required to explain the variance observed in the
latent space representation.
Given the orthonormal transformation provided by PCA, we

conclude that there are at least two independent underlying
factors which give rise to the variation in the experimental
XANES. The correlation of the first principal component with
interatomic distance (Figure 8a) confirms our hypothesis that
latent space captures the primary underlying generative factor.
The second principal component of latent space shows weak

correlation with the fraction of octahedral sites occupied by
hydrogen. Because the absorbed fraction (H/Pd) of hydrogen
in bulk and nanoscale Pd hydride is known to have a one-to-
one correspondence with the interatomic Pd−Pd distance,74

we interpret the nonzero second principal component to be
not directly related to the hydrogen absorption effect. It can
reflect, for example, the effect of increased bond length
disorder due to the increased bond vibration amplitude at
elevated temperature and requires further investigation.
The overall utility of our approach lies in the ease of

extraction of physical parameters which have been verified by
analyzing the latent space. With this analysis, we have observed
a strong correlation between latent space and a known causal
factor which supports the body of conclusive evidence that
interatomic distance is indeed a primary factor for the observed
variation in the analyzed set of experimental XANES.
Furthermore, we mapped this low-dimensional latent repre-
sentation to physical factors using a multilayered perceptron

Figure 6. Predicted vs ground truth values of physical factors: (a) coordination number (N), (b) interatomic distance (R), and (c) fraction of
occupied octahedral sites by hydrogen atom (H) in Pd nanoparticles. Color scale denotes relative error between the ground truth and the predicted
values. The details of the theoretical XANES for Pd nanoparticles are described in section S2 of the Supporting Information.

Figure 7. Experimentally obtained XANES (a and d) of Pd nanoparticles supported on Al2O3 and its reconstruction (b and e) using autoencoder at
various temperature and atmospheric conditions. (c and f) Change in reconstruction loss with varying number of nodes in latent space for
theoretical and experimental XANES, respectively. Pd foil spectrum, collected at the same time as the experiment, is plotted in (a, b, d, e) with a
gray dashed curve.
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and compare it with descriptors obtained by traditional EXAFS
analysis. Figure 8b shows excellent agreement between
predicted and ground truth (analyzed by EXAFS) interatomic
distances. The parameters of the MLP used for this mapping
are described in Figure S5.
Our LSAS approach provides a transparent way to analyze

and interpret the mapping of experimentally obtained XANES
to the interatomic Pd−Pd distances and hence offers a
complementary and perhaps powerful alternative to EXAFS
analysis. This method can be extended to inversion of XANES
to various other descriptors such as coordination number and
particle sizes which may be difficult to obtain with EXAFS
analysis. Moreover, with the advantage of reduced dimension-
ality and inversion capability, this method can be used to
observe dynamic changes in the catalytic process at different
temperatures which could be advantageous for in situ methods.
As part of the concluding remarks, we note that representa-

tional learning has shown to be a significant milestone in the
machine learning community, especially for imaging data. We
attempted to translate these recent developments in ML
applications for the problems relevant for physical chemistry,
such as structural and mechanistic studies of nanocatalysts. We
have shown that exploring low-dimensional representation of
XANES spectra in nanocatalysts can be a valuable tool for
analyzing information content in the XANES signal. We have
also shown the ability to extract the descriptors from the
XANES spectrum using an autoencoder approach coupled
with the neural network analysis of latent space. In the
examples shown in this Perspective, we have focused only on
the deterministic layers of the encoder and decoder blocks.
However, the method can be improved drastically with the
careful use of stochastic autoencoders as well. This low-
dimensional latent space can be further dimensionally reduced
to visualize and observe the clustering of input data (that signal
the same physicochemical properties) for further analysis,

based on the known or assumed structures or other
interpretable generative factors.
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